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Introduction

The 22nd Workshop on Multiword Expressions (MWE 2026) took place on 28th March 2026, in Rabat,
Marocco, collocated with the 19th Conference of the European Chapter of the Association for Compu-
tational Linguistics (EACL 2026).
MWE 2026 is supported by the Special Interest Group on the Lexicon (SIGLEX) of the Association
for Computational Linguistics (ACL), SIGLEX’s Multiword Expressions Section (SIGLEX-MWE), and
UniDive COST Action CA21167.
The notion of multiword expressions (MWEs) encompasses a range of closely related phenomena: id-
ioms, compounds, light-verb constructions, phrasal verbs, rhetorical figures, collocations, institutional-
ized phrases, etc. They exhibit lexical, syntactic, semantic, pragmatic, and/or statistical idiosyncrasies.
Given their irregular nature, MWEs often pose complex problems in various natural language processing
(NLP) tasks such as language understanding and machine translation, hence still represent an open issue
for computational linguistics.
For the 22nd edition of the workshop, our call for papers focused particularly on the following topics:

• Annotation (expert, crowdsourcing, automatic) and representation in resources such as corpora,
treebanks, e-lexicons, WordNets, constructions (also for low-resource languages);

• Processing in syntactic and semantic frameworks (e.g. CCG, CxG, HPSG, LFG, TAG, UD, etc.);

• Evaluation of annotation and processing techniques;

• Discovery and identification methods, including for specialized languages and domains such as
clinical or biomedical NLP;

• Interpretation of MWEs and understanding of text containing them;

• Language acquisition, language learning, and non-standard language (e.g. tweets, speech);

• Computationally-applicable theoretical work in psycholinguistics and corpus linguistics;

• Processing for end-user applications (e.g. MT, NLU, summarisation, language learning, etc.);

• Implicit and explicit representation in pre-trained language models and end-user applications;

• Evaluation and probing of pre-trained language models;

• Resources and tools (e.g. lexicons, identifiers) and their integration into end-user applications;

• Adaptation and transfer of annotations and related resources to new languages and domains in-
cluding low-resource ones.

For this edition, 75% of the submitted papers were accepted.
The dominating trend in MWE research presented at the workshop focuses on large language models,
particularly examining their capabilities and limitations across diverse tasks. Multiple studies compare
performance of task-specific fine-tuned models to general-purpose generative LLMs on MWE identifica-
tion tasks. Domain-specific applications (in the technical domain, bioinformatics, etc.) reveal how MWE
extraction methods can be tailored to specialised contexts. Several papers identify systematic features
that current LLMs fail to capture with respect to MWEs: cognitive studies reveal distinct processing
signatures for different MWE types that computational models miss, while semantic interpretation tasks
expose fundamental limitations in achieving fine-grained understanding of compound meaning and im-
plicit relations between constituents.
The workshop demonstrates substantial multilingual coverage, addressing languages generally under-
represented in MWE research and exposing cross-linguistic variation in MWE behavior. Papers present
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research on Swedish, Ukrainian, Romanian, Galician, Marathi, Turkish, Korean, Sinhala, and Chinese.
Several studies explicitly employ the PARSEME annotation framework to enable cross-linguistic com-
parison, discussing the methodological challenges in ensuring annotation consistency and inter-annotator
agreement across languages.
Research focuses on language-specific phenomena that challenge existing annotation schemes and iden-
tification methodologies, particularly in morphologically complex and typologically distinct languages.
Studies on agglutinative and postpositional languages identify constructions that are difficult to cat-
egorise within existing frameworks. Low-resource language studies discuss limitations in handling
culturally-specific phenomena, rare expressions and MWEs absent in training corpora, a challenge that
persists despite advances in LLMs.
The MWE 2026 Workshop hosted two shared tasks: PARSEME 2.0, whose objective is to identify and
paraphrase MWEs in written text, and AdMIRe 2 (Advancing Multimodal Idiomaticity Representation),
which explores the comprehension ability of multimodal models for MWEs in a variety of languages.

Verginica Barbu Mititelu, Mathieu Constant, A. Seza Doğruöz, Atul Kr. Ojha, Alexandre Rademaker,
Ivelina Stoyanova (MWE-2026 Organizers and Co-Chairs)
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Barış Bilen, Istanbul Technical University
Beata Trawinski, Leibniz Institute for the German Language
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Gülşen Eryiğit, Istanbul Technical University
Irina Lobzhanidze, Ilia Chavchavadze State University
Irina Moise, University of Bucharest
Ismail El Maarouf, Imprevicible
Ivelina Stoyanova, Deaf Studies Institute
Jan Odijk, Utrecht University
John Philip McCrae, University of Galway
Kenneth Church, Northeastern University
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Abstract

Noun compounds are generally considered an
open challenge for NLP systems, given to the
difficulty of interpreting the implicit semantic
relation between modifier and head, although
the advent of Large Language Models (LLMs)
recently led to remarkable performance leaps.
However, most evaluations have been carried
out on English benchmarks.

In our work, we test LLMs on compound se-
mantics understanding in Chinese, adopting
two different evaluation scenarios: an extrin-
sic evaluation in a Natural Language Inference
task, and an intrinsic evaluation in which mod-
els are directly asked to predict the semantic
relation linking the two constituents.

Our results show that the bigger and more re-
cent LLMs are able to surpass supervised base-
lines in the inference task, especially when
tested under the few-shot setting. In the more
challenging task of selecting the correct in-
terpretation of the compounds out of a fine-
grained typology of semantic relations between
head and modifier, the best Chinese LLM
(Qwen-plus) manages to select the correct op-
tion in about one third of the cases.

1 Introduction

Noun-noun compounds are ubiquitous in natural
languages, and they notoriously represent a chal-
lenge for NLP applications due to the ambiguity of
the implicit semantic relation linking the two nouns,
the modifier and the head (Nakov, 2008b; Libben,
2014). The correct interpretation of a compound
may be essential for the correct understanding of
the semantics of a sentence, and for the appropriate-
ness of an automatic translation: when an English
speaker hears about a carrot cake, s/he should un-
derstand that the cake is made of carrot; when a Chi-
nese speaker hears about a 爱情故事 (love story),
s/he should understand that the story is about love.
Significantly, native speakers are able to identify

similar relationships even in compounds that have
never been met before (Van Jaarsveld and Rattink,
1988), with entities having similar semantic fea-
tures, which explains why compounding is a very
productive mechanism for creating novel words.
NLP evaluation generally focused on eliciting a
plausible paraphrasing of a noun compound from
the models, typically in the form of a verb phrase
(e.g. flu virus → virus that causes flu) (Nakov,
2008a; Butnariu et al., 2009; Hendrickx et al., 2013;
Shwartz and Waterson, 2018; Shwartz, 2019; Coil
and Shwartz, 2023; Rambelli et al., 2024), and
mainly using English as the language of study.

In our work, we test the understanding of Chi-
nese noun compound semantics in current LLMs.
Our evaluation is first carried out in an extrinsic
task, where models are required to grasp the mean-
ing of the compound to perform natural language
inference (NLI) (Bowman et al., 2015); and then
in an intrinsic task, where they are asked to select
a semantic relation from a limited inventory, rep-
resenting the link between modifier and head. We
observed that, while the best Chinese LLMs and
GPT-4 perform similarly for the NLI task (even
beating supervised models when prompted with
few-shots), the former are more accurate in select-
ing specific, human-like semantic interpretations,
with Qwen-plus achieving the top performance. 1

2 Related Work

Some studies in the Chinese NLP literature tack-
led the challenge of interpreting noun compounds
(Wang et al., 2010; Gu et al., 2016; Wang et al.,
2016), but they share the main limitation that their
evaluation datasets were not made available. The
study of Liu et al. (2022) adopted a hybrid approach
to the interpretation problem, first employing a clas-
sifier to identify the relations of compound nouns,

1Code and data are available at https://github.com/
Laniqiu/zh.
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and later utilized a paraphrasing model to inter-
pret those that were labeled with an arbitrary unde-
fined relation. Liu and colleagues did release their
benchmark, a dataset in the life service domain
containing 1,478 compounds with annotated rela-
tion labels. However, the number includes different
types of compounds, such as for example adjective-
noun compounds, so that the total number of actual
noun-noun compounds available for evaluation is
relatively small. Moreover, the labels in the dataset
refer to the type of meaning carried by the modifier,
rather than to the relationship between the modifier
and the head: for example, in生日礼服 (birthday
dress), the labeled relation is time, as the modifier
indicates the occasion on which the dress is worn.

Using the noun compounds in Liu and col-
leagues’ data, Zhou et al. (2024) adopted a
template-based approach to generate a NLI dataset,
where the premise always contains a noun com-
pound and the hypothesis label (entailment,
neutral or contradiction) depends on the cor-
rect understanding of the compound meaning. Us-
ing a total of 66 templates on 625 of the compounds
from Liu et al. (2022), they obtained an evaluation
dataset of 3,740 premise-hypothesis pairs. Some
examples of the dataset items are shown below:

(1) 前提: 运动员有一个不锈钢饭盒。
假设: 不锈钢是饭盒的制作材料。
类别: 蕴含
Premise: The athlete has a stainless steel
lunch box.
Hypothesis: Stainless steel is the material
that the lunch box is made of.
Category: Entailment

(2) 前提: 清洁工昨天吃了巧克力蛋糕。
假设: 清洁工吃的蛋糕里没有巧克力。
类别: 矛盾
Premise: The janitor ate chocolate cake
yesterday.
Hypothesis: There was no chocolate in the
cake that the janitor ate.
Category: Contradiction

Although their study only tested relatively small
models (i.e. Qwen and Chinese Alpaca in their
7B parameter versions), they found that such mod-
els already perform competitively with fine-tuned
encoders (i.e. BERT and RoBERTa).

3 Experimental Settings

3.1 Evaluation Datasets

We ran our LLM evaluation on two datasets. The
first one is NCNLI, a NLI dataset introduced by
Zhou et al. (2024): it includes 3,740 premise-
hypothesis pairs, 1,564 labeled as ‘entailment’,
1,092 as ‘contradiction’ and 1,084 as ‘neutral’.

The second one is a newly-constructed dataset
for noun compound interpretation in Chinese. The
data are noun compounds extracted from the New
Era People’s Daily Corpus (Huang and Wang,
2019), after applying POS Tagging with Jieba.
By definition, a noun-noun compound consists of
two nouns standing next to each other. A prelim-
inary list of such compounds was automatically
extracted, and then filtered by one of the authors
(a native speaker of Mandarin Chinese with a PhD
in Computational Linguistics) to exclude cases of
POS ambiguity and tagger error. This left us with
2,083 compounds in total. Henceforth we refer
to this dataset as NEPD, to indicate the original
source of the data.

To determine the compounding relation of each
word, we recruited three graduate students in Chi-
nese linguistics for the annotation. Specifically, we
predefined 11 semantic categories of compounding
relations: CAUSE, MAKE, HAVE, USE, BE, IN,
FOR, FROM, ABOUT, AND, OR2, using the hierar-
chy constructed by Liu and Liu (2019). Prior to an-
notation, annotators received training on the guide-
lines and examples. Each annotator was asked
to assign one or more semantic relations to each
compound. If none of the predefined categories
were deemed as appropriate, the annotators were
instructed to select the OTHER label.

Each compound was annotated by three anno-
tators, and their input was reviewed by a more
experienced linguist and annotator (one of the au-
thors of this study) for additional quality checking.
We assigned each compound the majority relation,
that is, the relation on which at least two of the
annotators agreed. To assess consistency between
annotations, we used the Jaccard similarity coef-
ficient to measure the overlap between pairs of
annotators: this metric calculates the percentage of
labels selected by both annotators out of all labels
selected by either one of them. On average, we
obtained a coefficient value of 0.412, indicating a
moderate level of agreement in the task.

2Definition for each category will be given in the prompt.
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Compounds for which no dominant relation
could be identified (i.e. those for which the three
annotators chose three different relations) were dis-
carded. As a result, the final dataset comprised
1,514 compounds. Some examples are in Table 1,
while relation frequencies can be seen in Table 2.

Compounds Relation (s)

岛国 (island country),水草
(water plant)

IN

风雨 (wind and rain), 书画
(painting and calligraphy)

AND

中国画 (Chinese painting),
民间舞 (folk dance)

FROM, ABOUT

Table 1: Example compounds with full agreement (first
2 rows) and partial agreement (the last row). Agreement
statistics can be found in Table 6 of the Appendix.

Relation Frequency Majority

CAUSE 133 30
MAKE 454 116
HAVE 774 162
USE 137 27
BE 476 79
IN 679 178

FOR 1501 430
FROM 367 71

ABOUT 1327 356
AND 193 56
OR 76 9

OTHER 212 24

Table 2: Frequency of semantic relations in the NEPD
data (note that compounds can be annotated with multi-
ple relations) and their frequency as majority relation.

3.2 Models and Settings

We tested a pool of smaller (i.e. around a 7 billion
parameter size) and larger Chinese LLMs on both
task: Qwen-7B (Bai et al., 2023), Chinese Alpaca
7B (Cui et al., 2023), DeepSeek-7B (Bi et al., 2024)
and Qwen2.5-7B (Yang et al., 2024) (all of them
in their instruction-tuned versions) were tested on
our server, while Qwen-plus and DeepSeek-chat
were queried via the online interfaces. Addition-
ally, GPT-4o-mini3 for the sake of comparison
with one of the most capable and popular Western
models. The prompts we crafted can be found in
the Appendix.

For comparison with pretrained supervised mod-
els on the NLI task, we reimplement the Chinese

3https://platform.openai.com/docs/models/
gpt-4o-mini.

BERT- (Devlin et al., 2019; Cui et al., 2019, 2020)
and RoBERTa-based (Liu et al., 2019; Cui et al.,
2019, 2020) baselines from Zhou et al. (2024).

3.3 Metrics

For the NLI task, we evaluate models in terms of
standard Accuracy and F1-Macro score. For com-
pound interpretation, we use both Accuracy (the
number of times the model output exactly the ma-
jority relation for the target compound, divided
by the total number of samples) and R- Rank
(Camacho-Collados et al., 2018), defined as:

R− rank =
1

n

n∑

i=1

ranki (1)

where n is the total number of samples, while
ranki is the rank of the majority relation for the
i-th compound sample. Since the correct relation
may not always appear in the prediction list, we add
Hit Ratio (Alsini et al., 2020) as a supplementary
metric. Hit@k (or hit ratio @k) is the proportion of
test cases in which the correct item appears within
the top k positions in the model ranking.

4 Results

A general summary of the results can be seen in
Table 3, including both the scores for the LLMs on
the two datasets (3a) and the performance of the
fine-tuned baselines on the NCNLI data (3b). On
NCNLI, the best LLMs in a zero-shot setting are
close to the fine-tuned RoBERTa baseline: only the
more recent models of the Qwen family are able
to consistently surpass it. Perhaps surprisingly, the
smaller Qwen2.5-7B model is the one getting the
highest accuracy and F1-score in this setting. A dif-
ferent trend becomes visible under the a few-shot
setting: while smaller models seem to be incon-
sistent, bigger LLMs show clear gains from expo-
sure to task examples. GPT-4o-mini, Qwen-plus
and DeepSeek-chat all see noticeable boosts, and
particularly GPT-4o-mini, which achieves the best
score overall. Among the small models, Qwen2.5-
7B keeps being competitive, but does not have any
gain from few shots. In other words, only bigger
models seem to be able to consistently perform
in-context learning from the additional examples.

The interpretation task, as expected, is more chal-
lenging, given the high number of semantic rela-
tions to choose from and the subtle nature of the
compound intepretation. A noticeable figure is the

3
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NCNLI, 0-shot NLI, 3-shot NEPD
Acc F1 Acc F1 Acc R-rank Hit@5

Alpaca 7B 71.35 64.54 52.14 42.00 2.01 8.29 18.54
Qwen 7B 64.15 51.44 64.74 56.05 6.74 11.08 2.03
DeepSeek-7B 55.98 45.73 63.84 50.57 9.91 7.97 38.78
Qwen2.5-7B 77.90 78.26 76.52 77.17 13.28 10.25 15.17

GPT-4o-mini 68.29 69.35 80.41 80.24 8.23 5.08 69.22
DeepSeek-chat 71.00 70.58 74.64 74.59 23.38 5.83 60.74
Qwen-plus 76.67 76.91 79.03 79.67 36.13 4.42 73.34

(a) Results with LLM prompting.

Acc F1

BERT 57.70 52.59
RoBERTa 72.94 71.49

(b) NCNLI results with base-
lines from Zhou et al. (2024),
fine-tuned on 50k examples
from the OCNLI dataset (Hu
et al., 2020).

Table 3: Evaluation results. Only valid outputs counted for the metrics.4All scores are reported as the average of 3
runs and reported in %, except for R-rank. Best scores on each dataset are in bold.

value of the hit ratio@5: it is clear that small mod-
els have a hard time in this task, as they all fall short
of ranking the correct semantic relation in the top
5 in most cases, and have accuracy scores mostly
in single digits (notice that a random baseline with
uniform probability distribution would get around
8.3% of correct answers). A remarkable improve-
ment in the hit ratio can be seen with bigger models,
but with an important distinction: while GPT-4o-
mini manages to include the right answers at the
top of the rank in most cases (over 69%), its ac-
curacy and R-rank are not significantly better than
those of the smaller models. This suggests that,
while GPT-4o-mini does a better job in selecting
plausible semantic relations for the intepretation
of a compound, it still struggles in identifying the
correct ones within a pool of plausible options.

On the other hand, the two Chinese competitors
achieve better scores for those metrics. Qwen-plus
is particularly impressive, managing to align with
humans on the most plausible relation in about one
third of the cases and to achieve a very low R-rank
value, suggesting that the correct option is almost
always close to the top of the rank. If we consider
smaller and bigger models separately, it is interest-
ing to notice that in both "categories" a model of
the Qwen family emerges as the best performing
one across the two tasks. As it can be seen from Ta-
ble 4, bigger models tend to predict more frequent
semantic relations more accurately, with weak-to-
moderate positive correlations between accuracy
and relation frequency; two relatively rare relations
such as OR and FROM are more challenging for
most LLMs (average accuracy < 3%, cf. Table 5).

4For the NLI task, Alpaca 7B rejected 11.41% of sam-
ples in both settings, Qwen 7B rejected 0.09% (zero-shot) and
0.02% (few-shot); others showed no rejections. For relation in-
terpretation, rejection rates were 1.43% for Alpaca 7B, 0.48%
for Qwen 7B, and 0.07% for Qwen-plus, and none for others.

Model Correlation

Alpaca 7B -0.30
Qwen 7B 0.12
DeepSeek-7B -0.03
Qwen2.5-7B 0.20

GPT-4o-mini 0.19
DeepSeek-chat 0.39
Qwen-plus 0.41

Table 4: Spearman correlation index between relation
frequency (as majority relation) and accuracy.

Relation Average Performance
Acc R-rank Hit@5

CAUSE, MAKE > 40% < 2 > 60%

OR, FROM < 3% ≈ 4 < 15%

Table 5: Hardest (top) and easiest (bottom) relation
categories on average.

5 Conclusions

In our work, we evaluated LLMs on noun com-
pounds semantics using two different tasks: a NLI
task where the understanding of the inference de-
pends on the correct interpretation of the com-
pound, and a task focusing on identifying the spe-
cific semantic relation existing between modifier
and head, for which we collected a new dataset.

As for NLI, we found LLMs to be already im-
proving over the performance of pretrained mod-
els, with larger LLMs taking the most advantage
from task examples in the few-shot setting. Select-
ing the correct relation in the interpretation task
is more challenging, given the ambiguity of noun
compounds and the greater number of classes to
choose from. As in the NLI task, we observed the
most consistent performance from Qwen models,
with Qwen-plus being the most aligned with human
intuitions of compound semantics.
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Limitations

An important limitation of the study lies in our
dataset for compound interpretation, since we
aimed at recruiting annotators with a high level
of expertise (PhD students in linguistics) and, as
a consequence, we had a relatively low number of
annotators (3) for each dataset instance. Although
the annotations were quality checked by one of
the authors, who has expert level knowledge of
the subject, our choice might have favored some
idiosyncratic interpretation of the compounds.

As a term of comparison for Western LLMs
we used GPT-4o-mini, which proved to be a cost-
efficient and performance-effective option. How-
ever, we did not have the time to test more recently-
released models, such as GPT-5.
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Appendix

Prompts

5.0.1 NCNLI
For the NLI task, the prompt follows a fixed tem-
plate for both settings:

请将下面前提（P）和假设（H）之
间存在的逻辑推理关系分为以下类别
之一：蕴含,矛盾或中立。只需回答
类别。
P: xxx H: xxx

Please identify the semantic relation be-
tween the premise (P) and the hypothe-
sis (H) and respond with one of the fol-
lowing semantic relations: Entailment,
Contradiction or Neutral. Return their
relation only.
P: xxx H: xxx

In the few-shot setting, we concatenate a repre-
sentative example for each category to the template
above, while ensuring that none of them overlaps
with the evaluation set.

前提:运动员有一个不锈钢饭盒。
假设: 不锈钢是饭盒的制作材料。
输出: 蕴含

P: The athlete has a stainless steel lunch
box.
H: Stainless steel is the material that the
lunch box is made of.
Output: Entailment

前提:清洁工昨天吃了巧克力蛋糕。
假设: 清洁工吃的蛋糕里没有巧克
力。
输出: 矛盾

P: The janitor ate chocolate cake yester-
day.
H: There was no chocolate in the cake
that the janitor ate.
Output: Contradiction

前提:科学家最喜欢的是椒盐牛蛙。
假设: 科学家只吃过椒盐口味的牛
蛙。
输出: 中立

P: The scientist’s favorite is salt-and-
pepper bullfrogs.
H: The scientist has only eaten bullfrogs
with a salt-and-pepper flavor.
Output: Neutral

5.0.2 NEPD
For the NEPD task, the prompt is derived from a
concise summarization of the guidelines and in-
structions we provided to human annotators.

给定一个中文复合词语，该词
语由两个名词复合构成，请对
其名词成分之间的语义关系进
行分类，共11个预定义类别，
分 别 为 ：CAUSE（ 表 示 因 果 关
系）、MAKE（表示组成）、HAVE
（表示拥有、具备）、USE（表示
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使用、利用工具或手段）、BE（表
示说明和补充）、IN（表示空
间上的包含关系）、FOR（表示
目的、用途）、FROM（表示来
源）、ABOUT（表示主题或相关
内容）、AND（表示并列、组合
关系）、OR（表示选择或替代关
系）。请仅返回最可能的类别名
称，并按可能性从高到低排序。若
该词语不属于上述任何类别，请返
回OTHER。
复合词: xx

Given a Chinese compound word formed
by two nouns, classify the semantic
relationship between its noun compo-
nents into one of 11 predefined cate-
gories: CAUSE (indicating causal rela-
tion), MAKE (indicating composition),
HAVE (indicating possession or having),
USE (indicating usage or utilization of
tools or means), BE (indicating explana-
tion or description), IN (indicating spa-
tial inclusion), FOR (indicating purpose
or function), FROM (indicating source,
origin, or starting point), ABOUT (in-
dicating topic or related content), AND
(indicating coordination or combination),
OR (indicating choice or alternative).
Please return only the most likely cat-
egory names, ordered from highest to
lowest likelihood. If the compound word
does not belong to any of the above cate-
gories, return OTHER.
Compound: xx

Dataset Statistics

Count

Fully agreed 458
Partially agreed 1,056
Tied 569

Total 2,083

Table 6: Annotation agreement statistics.

We categorized the annotation results into three
groups based on the level of inter-annotator agree-
ment among three annotators for each compound.
‘Fully agreed’ indicates consensus among all three
annotators; ‘partially agreed’ indicates consensus
between two annotators with the third disagreeing;

and ‘tied’ indicates three distinct judgement with
no agreement between any pair. In addition, we
calculated that each annotator provided an average
of 2.10 relations, indicating that the annotation task
involves a considerable level of difficulty.
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Abstract

Figures of Speech (FoS) consist of multi-word
phrases that are deeply intertwined with culture.
While Neural Machine Translation (NMT) per-
forms relatively well with the figurative expres-
sions of high-resource languages, it often faces
challenges when dealing with low-resource lan-
guages like Sinhala due to limited available
data. To address this limitation, we introduce
SINFOS, a dataset of 2,344 Sinhala figures of
speech with cultural and cross-lingual anno-
tations. We examine this dataset to classify
the cultural origins of the FoS and to identify
their cross-lingual equivalents. Additionally,
we have developed a binary classifier to differ-
entiate between two types of FoS in the dataset,
achieving an accuracy rate of approximately
92%. We also evaluate the performance of ex-
isting LLMs on this dataset. Our findings reveal
significant shortcomings in the current capabil-
ities of LLMs, as these models often struggle
to accurately convey idiomatic meanings. By
making this dataset publicly available, we offer
a crucial benchmark for future research in low-
resource NLP and culturally aware machine
translation.

1 Introduction

Language and culture are deeply interrelated and
significant mutual influence in multiple ways
(Hamidi, 2023). FoS are the tools that make lan-
guage expression more vivid, attractive, and ef-
fective (Regmi, 2015). They are built through
a small set of meaning-construction mechanisms
where speakers reuse familiar knowledge structures
in new contexts (Dancygier and Sweetser, 2014).
Speakers utilise various figurative forms, such as
exaggeration and idioms, as they often achieve dis-
course goals more effectively than literal words
(Roberts and Kreuz, 1994). While idioms are uni-
versal, each language features unique expressions
with specific meanings, complicating the transla-
tion process and creating a sophisticated challenge

(Medagama, 2021).
The Sinhala language is part of the Indo-Aryan

branch of the Indo-European language family with
a rich and diverse literary heritage that has evolved
over several millennia. It uses a unique script that is
derived from the ancient Indian Brahmi script (Jay-
atilleke and de Silva, 2025b). The origins of Sin-
hala can be traced back to between the 3rd and 2nd
centuries BCE. Sinhala is the primary language of
the Sinhalese people, who make up the largest eth-
nic group in Sri Lanka, and it is recognised as the
first language (L1) for approximately 16 million in-
dividuals (De Silva, 2025; Jayatilleke and de Silva,
2025a). According to the criteria established by
Ranathunga and de Silva (2022), Sinhala is classi-
fied as a lower-resourced language (Category 2).

Sinhala has a long and well-documented tradi-
tion of FoS (භාෂා අලංකාර \bʰɑːʃɑː ʌlʌnkʌrʌ) that
appears in both literary and everyday communica-
tion (Senaveratna, 2005). They emerged gradually
as Sinhala speakers and writers needed brief ways
to support religious, educational, and courtly objec-
tives, communicate indirectly and memorably in
everyday conversation, and enhance the aesthetic
quality of their poetry (Nawaz et al., 2025; Mieder,
1997). Currently, Sinhala FoS are mainly preserved
in collections such as books and dictionaries, with
many manuscripts held by national institutions and
temples (Mieder, 1997). In this study, we present
SINFOS 1, the first Sinhala dataset of its kind with
essential data to support the task of machine trans-
lation (target language: English).

2 Related Works

A substantial body of research has examined
FoS, including idioms (Sporleder et al., 2010),
metaphors (Dodge et al., 2015), proverbs (Bonin
et al., 2017), and other forms of figurative language
(Kabra et al., 2023).

1
https://huggingface.co/datasets/SloppyCalculator/SinFoS
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2.1 Existing FoS Corpora
Resources are predominantly English-focused,
whereas a smaller subset provides broader mul-
tilingual coverage, including European Portuguese,
Danish, Chinese, and multi-language compilations
such as MABL and ID10M. (Kabra et al., 2023;
Tedeschi et al., 2022). The datasets ranged in size
from moderate idiom/proverb collections, small
lexicons (hundreds to 1,000 items) (Zhou et al.,
2021; Moussallem et al., 2018), to (1̃,000–10,000)
(Stowe et al., 2022; Reddy et al., 2011), with
a few large-scale corpora (tens of thousands of
instances/pairs or even larger textual corpora)
(Zheng et al., 2019; Krennmayr and Steen, 2017).
Moreover, a limited number of datasets, such as
Adewumi et al. (2022), have a multi-phenomenon
architecture that covers a greater variety of figura-
tive categories, whereas many datasets are single-
phenomenon resources that primarily target idioms
or metaphors (Sporleder et al., 2010; Dodge et al.,
2015; Prochnow et al., 2024; Shaikh et al., 2024).

Shaikh et al. (2024) introduce KonIdioms2, an
annotated Konkani idiom corpus (4,332 sentences
and 817 potentially idiomatic expressions) de-
signed to support automatic idiom identification
and evaluation for this low-resource language. Fur-
thermore, the PARSEME 3 dataset release 1.3 pro-
vides multilingual annotations of Verbal Multiword
Expressions (VMWEs) across Arabic, Bulgarian,
Chinese, Croatian, Greek, Hebrew, Hindi, Irish,
Latvian, Lithuanian, Maltese, Slovene, and Turkish
languages, including a dedicated category for ver-
bal idioms alongside other VMWEs types (Savary
et al., 2023). In contrast, the SemEval-2022 Task
2 dataset4 by Tayyar Madabushi et al. (2022)
focuses on idiomaticity-related modelling through
sentence-level evaluation in English, Portuguese,
and Galician, supporting tasks such as idiom de-
tection and representation learning. Addition-
ally, IMIL5introduces an Idiom Mapping for In-
dian Languages resource that links idioms across
Bengali, Gujarati, Hindi, Marathi, Punjabi, Tamil,
and Urdu (with English mappings), enabling cross-
lingual comparison and transfer for idiom process-
ing (Agrawal et al., 2018).

It is clear that datasets related to FoS are a
significant area of focus for researchers in the
field, including languages like Konkani (Shaikh

2
https://bit.ly/3Y4LGd3

3
http://hdl.handle.net/11372/LRT-5124

4
https://bit.ly/4s8k4Bt

5
https://bit.ly/4p4SUsC

et al., 2024), which falls under the same lan-
guage resource category (Category 2) as Sin-
hala (Ranathunga and de Silva, 2022). We have
also discussed various existing FoS datasets for
different languages in detail in Appendix A.

2.2 Classification of FoS
Many studies have classified FoS into multi-
ple categories, each supported by explicit defini-
tions (Banou et al., 2025). Jang et al. (2023) cat-
egorised the FLUTE 6 dataset into four categories,
such as sarcasm, similes, idioms, and metaphors.
Early work, such as the SemEval-2015 Task 11 by
Ghosh et al. (2015) and the discourse-oriented anal-
ysis by Musolff (2017), primarily focused on the in-
terplay between sentiment and specific tropes, par-
ticularly irony, sarcasm, and metaphor, in social me-
dia and public discourse. Moreover, Chakrabarty
et al. (2021a) redefined figurative language data
as instances of Recognising Textual Entailment
(RTE), structuring sentence pairs that comprise a
premise and a hypothesis with an associated en-
tailment label, by drawing on five pre-existing
datasets (Figurative-NLI7 (Chakrabarty et al.,
2020), datasets on irony compiled by Van Hee
et al. (2018)8 and Ghosh et al. (2020)9, Sarcasm
SIGN10 (Peled and Reichart, 2017), a metaphor
dataset11 by Chakrabarty et al. (2021b)) annotated
for simile, metaphor, and irony, thereby construct-
ing a corpus of more than 12,500 RTE examples.
Hayani (2016) has classified the figurative texts
into 12 categories, such as metaphor, personifica-
tion, hyperbole, simile, metonymy, synecdoche,
irony, antithesis, symbolism, and paradox.

2.3 LLMs based Machine Translations
As mentioned by Pramodya (2023), NMT systems
for low-resource, morphologically rich languages
such as Sinhala increasingly adopts transfer learn-
ing and fine-tuning of multilingual sequence-to-
sequence LLMs rather than SMT. As mentioned by
Thillainathan et al. (2025), systematic pretraining
on monolingual data followed by intermediate-task
transfer provides better results than conventional
single-stage fine-tuning of multilingual LLM-based
MT systems in Sinhala-to-English translation. De-
spite these advancements, translating figurative lan-

6
https://huggingface.co/datasets/ColumbiaNLP/FLUTE

7
https://github.com/tuhinjubcse/Figurative-NLI

8
https://competitions.codalab.org/competitions/17468

9
https://bit.ly/44D3O1q

10
https://github.com/lotemp/SarcasmSIGN

11
https://bit.ly/4rfWrGc
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guage remains a challenging task. While retrieval-
augmented prompting can improve the translation
of idioms by offering helpful definitions or con-
text (Donthi et al., 2025), comparative analyses
show that, compared to human translations, out-
puts from LLMs often lack cultural nuance and
tend to simplify creative metaphors (Sahari et al.,
2024; Karakanta et al., 2025).

Based on existing studies, it is evident that Sin-
hala figurative language is underexplored in the
field of computational linguistics. Incorporating
this resource by identifying the dominant semantic
and cultural domains reflected in Sinhala figurative
language, along with translating these data from
Sinhala to English, will be significant for future
research. Therefore, the purpose of this work is
to present a dataset of Sinhala figurative language,
capture its cultural nuances, and provide an essen-
tial resource for the task of machine translation
from Sinhala to English.

3 Data Collection and Annotation

The SINFOS dataset consists of 2,344 unique FoS
and was compiled from a carefully curated selec-
tion of authoritative resources, including various
Sinhala literary works and selected Wikipedia en-
tries. This section provides a detailed overview
of the processes involved in assembling, annotat-
ing, and preprocessing the data. An example of a
record from the dataset that underwent these steps
is illustrated in Figure 4 in Appendix D.

3.1 Data Assembly

A significant portion of the data, approximately
65%, was sourced from the prominent Sinhala
books in this field. වාග්සම්ප්‍රදා \vagsʌmprʌðʌ

- Idioms (Department of Official Languages),
අතීත වාක්‍ය දීපනිය \ ʌθiːθʌ vɑːkyʌ ðiːpʌnɪjʌ - Atheetha
Wakya Deepanya (Senanayaka, 1880), and the Dic-
tionary of Proverbs of the Sinhalese (Senaveratna,
2005), while the remaining 35% was extracted
from Wikipedia 12.To ensure high fidelity to the
source material, the core Sinhala expression was
collected as the primary data entry. This is a foun-
dational practice validated by benchmarks like the
IDIX (Sporleder et al., 2010) and the ChID (Zheng
et al., 2019) corpora, which rely on the collection
of specific linguistic expressions as the base unit
for identification.

12
https://bit.ly/4qdZyO8

3.2 Annotation Process

To ensure the accuracy of the sources, the annota-
tion process closely followed the resources outlined
in subsection 3.1 and was carried out by native Sin-
hala speakers. Importantly, when primary sources
lacked the expected information related to transla-
tions (although the attributes Literal / Visual Image
and Type of FoS involved some human annotation
as detailed in subsections 3.2.1 and 3.2.2), the an-
notators refrained from using personal knowledge
to avoid potential subjective interpretations. In-
stead, they strictly drew from previously verified
resources. For example, What it really implies was
derived directly from the Corresponding FoS in En-
glish found in the source books, utilising standard
references such as Merriam-Webster (Dictionary,
2002) and the Cambridge Dictionary (Brown et al.,
2013) for validation. Similarly, missing Literal Im-
age entries were translated strictly from the FoS
text, while Type of FoS categories were assigned
based solely on the logical frameworks outlined
in subsection 4.1 and Appendices B, C. A final
comprehensive review confirmed that all entries
were grounded in these external standards, ensur-
ing high data integrity. As a result of the procedures
followed, certain records did not include some at-
tributes, as shown in Table 1.

Attribute Count
Sinhala (සිංහල \ sɪŋhʌlʌ) 2344
Type of FoS 2344
Literal / visual image 2344
Corresponding FoS in English 1571
What it really implies 2059
Additional Context 125

Table 1: Distribution of annotated fields in the dataset.

3.2.1 Type of FoS
To clarify the figurative language associated with
each record, the dataset includes a “Type of FoS” at-
tribute. This granularity was essential for determin-
ing the distinct processing strategies required for
different figurative types, a necessity highlighted by
the PIE corpus (Adewumi et al., 2022), which clas-
sifies data into specific types like metaphors and
similes, and the IMPLI study (Stowe et al., 2022),
which demonstrates that models process idioms
and metaphors differently.

The entries are organised into five main cate-
gories, as detailed in Table 2. Most of the idioms
were obtained from (Department of Official Lan-
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Type of FoS Number of Entries

Proverbs (ප්‍රස්තාපිරුළු \prʌsθapɪrulu) 988
Idioms (වාග්සම්ප්‍රදා \vagsʌmprʌðʌ) 1319
Adages (ආප්තෝපදේශ \ɑːpθɔːpʌðe:ʒʌ) 15
Idiosyncratic (පුද්ගලික \pʊðgʌlɪkʌ:ʒʌ) 11
Sayings (කියමන් \kɪjʌmʌn) 11

Table 2: Distribution of Entries by Figure of Speech
Type.

guages), while the majority of the proverbs were
gathered from (Senaveratna, 2005). For certain
FoS, specific types of FoS annotations were readily
available, allowing us to directly categorise them
within our classification strategy and document
them accordingly. The remaining FoS were an-
notated based on the criteria outlined in subsec-
tion 4.1. The guidelines provided in Appendix C
were used to distinguish between proverbs and id-
ioms. Additionally, proverbs were categorised into
three subcategories based on their intent, origin,
and conclusion. These annotations were performed
according to the criteria in Appendix B. Proverbs
were assigned tags corresponding to the three cate-
gories mentioned earlier, while the other types of
figurative speech were labelled directly, using their
Sinhala names.

3.2.2 Literal / Visual Image
SINFOS uses a “Literal / Visual Image” annota-
tion for each entry to provide a visual reference
for non-native speakers by eliminating all abstract
concepts, emotions, and symbolism. Document-
ing the literal imagery aligned with psycholinguis-
tic research on imageability and methodologies
for testing compositionality. Since the majority
of these expressions are figurative, capturing the
mental image was highly necessary. Furthermore,
the inclusion of the implied meaning provided the
ground truth required to test a model’s ability to
transcend surface definitions, mirroring the “real
vs. false definition” methodology of the Danish
Idiom Dataset (Sørensen et al., 2025).

Majority of the annotation was done using the
above given sources as the relevant visual details
were provided by them, whilst the others were
annotated by translating the Sinhala FoS, word
by word (e.g.,එක හඬින‍් \ ɛkʌ hʌndɪn as “With one
voice”). The annotation process adhered to precise
guidelines for aligning words, ensuring direct
correspondence between the nouns and verbs in the
original Sinhala text and their English descriptions.
To maintain a “Semantic Ground Truth” and avoid

introducing an outside context, only tangible
objects and specific actions were documented.
Furthermore, non-translatable “cultural objects”
were preserved in their original form. For example
වැඩි පද ගහන‍්ෙන‍් ෙතාවිෙල කැතෙවන‍්නයි \vædɪ pʌðʌ
gʌhʌnneː θɒvɪleː kæθʌvɛnnʌj was annotated as “Too
much tom-toming means that the tovila is going to
be spoilt”, retaining the word “ෙතාවිෙල \ θɒvɪlɛ -
Tovila (devil-ceremony, exorcism)”. This method
helps prevent “translation loss” and ensures that
the dataset’s literal accuracy is preserved, avoiding
misleading interpretations that could arise from
forced or inaccurate translations of culturally
specific items.

3.2.3 Corresponding FoS in English
The attribute “Corresponding FoS in English”
refers to the equivalent English figurative expres-
sion (FoS) for its Sinhala counterpart. One of the
techniques explored by translators is direct substitu-
tion, which effectively facilitates the understanding
of figurative language across different languages,
even without explicit meanings (Adelnia and Dast-
jerdi, 2011). This process further enabled the iden-
tification of cross-lingual equivalence and cultural
parallels, a parallel alignment approach that was
validated through the cross-linguistic mapping of
proverbs in PROMETHEUS (Özbal et al., 2016)
and the alignment protocols of ParaDiom (Donaj
and Antloga, 2023).

The FoS obtained from Department of Official
Languages included corresponding English FoS for
all entries, whereas Senaveratna (2005) provided
corresponding English FoS for only some entries,
which were used for annotation. Additionally, the
process of annotating this data also aided in de-
termining the “What it really implies” aspect for
certain FoS.

3.2.4 What it really implies
The “What it really implies” column was estab-
lished to clearly explain Sinhala figurative phrases
in English, capturing their deeper meaning. It
translates each Sinhala figurative expression into a
shared human experience. Given that recognition
of FoS is highly context-dependent, additional con-
text is included to assist in disambiguation and cul-
tural grounding. This field captures terms specific
to Sinhalese culture, regional variations, and the
folklore or stories behind specific figures of speech,
ensuring the dataset serves as a comprehensive re-
source for understanding the “naked truth” behind
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the language. This is supported by the context-
dependent annotation standards of EPIE (Saxena
and Paul, 2020) and the cultural analysis frame-
works of PROMETHEUS (Özbal et al., 2016).

To maintain clarity in the data and prevent
lengthy explanations, the annotation process pri-
oritised brevity over excessive detail. Only essen-
tial translations were included, omitting additional
context or details that could complicate data anal-
ysis. Most implications in the expressions were
derived directly from primary reference sources
mentioned in the subsection 3.1. However, when
a corresponding English equivalent was identified,
the meaning was modified to align with the com-
mon interpretation of that English idiom. To guar-
antee reliable data, entries lacking a source-based
explanation or an English equivalent were excluded.
This mitigates the risk of inaccuracies or subjec-
tive misinterpretations. The annotations adhere to
a specific format to aid in computational modelling.
Behavioural advice and actions are expressed in the
infinitive form. Character types or scenarios are de-
scribed in formal terms. By eliminating secondary
imagery and metaphorical elements, this approach
clarifies the meaning for non-native speakers. It
offers a clear “ground truth ” for comparing the
literal interpretation of a phrase with its actual sig-
nificance.

3.3 Data Pre-processing

During the pre-processing stage, meticulous atten-
tion was devoted to punctuation, particularly in the
context of FoS. The retention of punctuation marks
in these instances is crucial, as they play a signifi-
cant role in determining both prosody and syntactic
structure, which are essential for achieving accu-
rate processing. To ensure this dataset does not leak
important information about figurative language,
no further word-level or sentence-level filtration
was conducted on any records, including those con-
taining stereotypes, to facilitate authentic cultural
analysis and the study of historical societal norms.

4 Analysis of SINFOS

The SINFOS dataset comprises 2,344 FoS, totalling
8,903 words. The literal image section includes
14,383 words, while the “What it really implies”
section has 19,386 words. On average, each Sin-
hala FoS consists of 3.798 words. A brief overview
of the dataset statistics is shown in Table 3.

Category N Mean Median Max Total

Sinhala FoS 2344 3.80 3 24 8903
Literal / visual image 2344 6.14 5 38 14383
What it really implies 2059 9.41 8 56 19366
Corresponding FoS in English 1571 3.44 3 21 5401

Table 3: Summary statistics of word counts across dif-
ferent categories.

Figure 1: Summary of Sinhala FoS Dataset Classifica-
tion

4.1 Classification of FoS

The classification of Sinhala FoS
(භාෂා අලංකාර \bʰɑːʃɑː ʌlʌnkʌrʌ ) is com-
plex due to the fluidity of the language and its
deep rooting in oral tradition. As mentioned in the
subsection 3.2.1, this study classified Sinhala FoS
into five main categories. The etymological roots
of these terms provide a necessary framework for
understanding their usage.

වාග්සම්ප්‍රදා \vagsʌmprʌðʌ (Sinhala id-
ioms): Derived from the Sanskrit roots
“ වාග්/වාක් \vɑːg/vɑːk ” (speech/word) and
“ සම්ප්‍රදාය \ sʌmprʌðɑ:jʌ ” (tradition/heritage), this
term refers to speech patterns established by long-
standing usage. Unlike proverbs, which are often
wisdom-based, these are usage-based constructs
where the meaning transcends the literal defini-
tions of the individual words. These are typically
incomplete phrases or fragments, often ending in a
verb. For example ආවාට ගියාට \ ɑːvɑːtʌ gɪjɑːtʌ
literally translates to “For coming and going”
while it actually means “not friendly, and showing
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little interest in other people in a way that seems
slightly rude”.

ප්‍රස්තාපිරුළු \prʌsθapɪrulu (Sinhala proverbs):
This is a compound of “ ප්‍රස්තා \prʌsθa: ” denoting
a specific occasion, moment, or opportunity,
and “ පිරුළු \pɪrulu ” referring to a simile, reply,
or adage. Consequently, this functions as a
“situational simile”, a pre-packaged linguistic unit
invoked to address a specific incident by comparing
it to a known truth. In contrast to Sinhala idioms,
Sinhala proverbs are syntactically complete sen-
tences or clauses that can stand alone. For example
ඉඟුරු දීලා මිරිස් ගත්තා වගෙයි \ ɪngʊrʊ ði:lɑː mɪrɪs

gʌθθɑː vʌgɛj (Like exchanging ginger for chili).
To provide a granular analysis, Sinhala proverbs
were further classified based on the nature of the
message, the source of the background, and the
grammatical ending as mentioned in Appendix B.

ආප්තෝපදේශ \ɑːpθɔːpʌðe:ʒʌ (Sinhala adages):
Unlike figurative proverbs, these are literal
directives. They represent the prescriptive
aspect of the language (what one should do),
distinct from the descriptive nature of id-
ioms. An example of adages in SINFOS is
ඉගෙනීම නොනැසෙන ධනයකි \ɪgʌniːmʌ nɒnæsɛnʌ

ðʰʌnʌjʌkɪ (Education is an indestructible form of
wealth).

පුද්ගලික \pʊðgʌlɪkʌ:ʒʌ (Idiosyncratic): These
are hyper-local sayings used by individuals
or small groups. While not yet FoS in the
public domain (Crocker, 1977), they repre-
sent the genesis point of language evolution,
where personal metaphors potentially graduate
into public idioms over time. Slang also falls
under this category. For example the phrase
අභිධර‍්ම මුදලාලිෙග ෙහෝටෙල‍් වෙග‍් \ ʌbʰɪðʰʌrmʌ mʊ-
ðʌlɑːlɪgeː hɔːtʌleː vʌgeː (Like Abhidharma mudalali’s
hotel) would be well understood by the people
living in the surroundings but not by everyone.

කියමන් \kɪjʌmʌn (Sinhala sayings): Concise
verbal phrases are commonly used in daily
conversation to express a thought, comment, or
observation. In contrast to proverbs or idioms,
these do not inherently possess a moral lesson, uni-
versal truth, or established figurative interpretation
recognised by a large group. As an exam-
ple මරැවා ආ දාට බාදා නැතිලු \ mʌruːvɑː ɑː ðɑːtʌ
bɑːðɑː næθɪluː (When death comes, there is no let
or hindrance).

The dataset primarily consists of Sinhalese

Model Vectorization Accuracy P-Rec. I-Rec.
Gaussian Naive-Bayes Word2Vec 90.34% 92% 89%
LinearSVC Word2Vec 90.34% 90% 91%
Random Forets TF-IDF (Char 3) 89.27% 83% 94%
XG-Boost TF-IDF (Char 3) 90.13% 86% 93%
Ensemble (SVC+RFM+XGB) TF-IDF (Char 3) 90.56% 85% 95%
Bi-LSTM - 91.63% 86% 96%
Deep NN - 92.7% 94% 92%

Table 4: Model Performance Comparison. Further de-
tails in Appendix F. *Note that P-Rec = Recall for
Proverbs and I-Rec = Recall for Idioms.

proverbs and idioms, leading to the creation of
a binary classification model aimed at distinguish-
ing between proverbs and idioms. A Voting En-
semble model, incorporating Support Vector Ma-
chines (SVM), Random Forest, and XGBoost with
TF-IDF Character 3-Gram vectorisation, achieved
an impressive accuracy of 90.56%. This ap-
proach, based on character-level processing, ef-
fectively tackled the intricacies of Sinhala mor-
phology (Priyanga et al., 2017) by detecting sub-
word elements rather than relying solely on exact
phrases. The implementation of Word2Vec em-
beddings significantly improved performance com-
pared to experiments based on TF-IDF (sparse vec-
tor representation). This includes the accuracy of
the TF-IDF Character 3-Gram in both the Gaussian
Naive Bayes and Linear SVC models, achieving an
accuracy of 90.34% in each case. The analysis in-
dicated that specific verb endings served as strong
indicators of idiomatic expressions, while compara-
tive particles and rhythmic consonant clusters were
associated with proverbs. Incorporating 3-gram TF-
IDF was used to leverage the identified patterns,
resulting in models with these embeddings perform-
ing better than their word-level counterparts. The
semantic understanding provided by dense embed-
dings, such as Word2Vec, also proved effective
in recognising these patterns. Ultimately, utilis-
ing a Deep Feed Forward Neural Network (Deep
NN), which offers superior semantic understand-
ing, achieved the highest overall accuracy of 92.7%
and the best recall for proverbs at 94%. The embed-
dings for the LSTM and Deep NN models are not
specified in Table 8, as they relied on the standard
TensorFlow Keras embeddings that learned directly
from the training data.

4.2 Cultural Analysis

This research employed a hybrid methodological
approach that combined both inductive and deduc-
tive thematic analysis to explore the relationship
between physical imagery and cultural significance
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in Sinhala FoS. This computational analysis was
conducted on English translations of the dataset.
The analysis identified two main aspects of the
FoS: “Literal / Visual Image” (Source Domain),
which consists of the tangible visual components
that make up the figure of speech, and “What it
Really Implies” (Target Theme), which signifies
the deeper abstract or cultural meanings conveyed
by the text. To minimise researcher bias and en-
sure that the coding frameworks were derived from
raw data rather than from preconceived notions,
we emphasised a bottom-up discovery phase. This
inductive stage employed unsupervised machine
learning methods to uncover naturally occurring
patterns. Specifically, we applied TF-IDF vectori-
sation (using unigrams and a maximum of 2,000
features) along with K-Means clustering (k=5) to
analyse the “What it Really Implies” dimension
and uncover hidden linguistic clusters.

Additionally, we conducted a frequency analysis
using a Bag-of-Words (BoW) model for both the
“Literal / Visual Image” and “What it Really Implies”
dimensions. This analysis allowed us to identify
the most frequent and significant terms in each
cluster, categorising specific words under different
themes and establishing a data-driven basis for the
theoretical coding frameworks. After completion
of the exploratory phase, the recognised patterns
were compiled into an organised dictionary for the
deductive phase. We employed a rule-based classi-
fication system, using the specific keywords iden-
tified in the earlier phase as indicators of broader
cultural categories. The algorithm compared the
text against this predefined dictionary; if a keyword
associated with a certain category was found, that
category was assigned to the entry. This approach
enabled multi-label classification, assuming that
the subject matter remained consistent across the
figurative language, thereby confirming that the de-
tected keywords were suitable representations of
the main concepts.

Lastly, a bivariate cross-tabulation was per-
formed to quantitatively evaluate the connections
and dependencies between the identified Source
Domains and Target Themes. The findings reveal
that Somatic (Body) and Agrarian (Nature) imagery
are the most prevalent source domains, with no-
table mentions of the hand (n=56), water (n=46),
and trees (n=43). The most frequently encountered
themes are Ethics & Moral Character (n=162) and
Karma & Consequence (n=127). This suggests a
distinct metaphorical framework in which nature-

related metaphors primarily promote moral con-
duct (n=20), while physical imagery specifically
illustrates the tangible repercussions of karmic con-
sequences (n=14). The distribution of literal source
domains and abstract cultural themes observed in
SINFOS is summarised in Table 7 in Appendix E.
This implies that these FOS primarily serve as
mechanisms for reinforcing social norms rather
than simply providing descriptive observations.

4.3 Cross-Lingual Equivalence Analysis

This study investigates a collection of 1,571 Sinhala
phrases that have English “Literal/ Visual Image”
translations. This sample is derived from the initial
dataset of 2,344 phrases, as the remaining 773 lack
direct English equivalents. The findings indicate a
notable cultural divergence, demonstrated by a sym-
bolic overlap score of merely 0.05 using the Jaccard
Index and a lexical similarity score of 0.32. The
lexical similarity was calculated using the sequence
matcher in the difflib 13 library, which employs
the Ratcliff/Obershelp Algorithm (Ratcliff and Met-
zener, 1988). This implies that although the func-
tional meanings align, the underlying metaphors
originate from distinct contexts.

For example, Sinhala employs the expression
“exchanging ginger for chilli,” while English
phrases refer to “jumping out of the frying pan
into the fire.” In terms of structure, 93.3% of the
phrases retain their original form, while 4.9% tran-
sition from Sinhala similes into English metaphors.
An illustration is “Like the eye,” which transforms
into “Apple of one’s eye.”

Furthermore, expressions in Sinhala are, on av-
erage, 32% longer than their English counterparts,
yielding a ratio of 1.32. This distinction is effec-
tively showcased by the English phrase “red her-
ring,” which in Sinhala translates to an elaborate
depiction where "the fox conceals the fowl in the
forest and scurries about, swinging a coconut husk
from its mouth."

5 Benchmarking on LLMs

In this section, we use SINFOS as a benchmark
to evaluate the performance of selected LLMs
and Small Language Models (SLMs) in translat-
ing these complex expressions. A subset of 499
FoS was curated based on specific criteria: they
represent diverse categories and possess intricate
meanings that are particularly challenging for mod-

13
https://bit.ly/4p48y7o
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System/Context:

You are an expert linguist specialising in Sinhala (Sri
Lanka) language and folklore.

Task:

I will provide a list of Sinhala Figures of Speech. For each
item, provide only the English Figurative Meaning (what
it really implies in a specific context). Do not translate
literally. Do not explain the literal words.

Figure 2: Prompt used to generate responses from LMs.

els to interpret (Tayyar Madabushi et al., 2022). To
ensure a comprehensive evaluation, we employed
stratified sampling, purposefully oversampling rare
categories, such as adages (11), “private” expres-
sions (10), and sayings (3), which are often over-
shadowed by dominant idioms (190) and proverbs
(285). This approach allows for a robust assessment
of model capabilities across the full spectrum of
figurative language, prioritising interpretative diffi-
culty to test the distinction between literal cues and
cultural nuances (Tayyar Madabushi et al., 2022).
Furthermore, proverbs were broken down into their
core elements (story, nature, and literature) to better
analyse the depth of cultural understanding.

We used the same prompt for all models to es-
tablish a consistent evaluation baseline. Figure 2
shows the prompt provided to the Language Mod-
els (LMs) to elicit the meanings of the FoS. This
method helps avoid prompt-induced bias, as small
variations in wording could unintentionally favour
one LM over another, ensuring that the responses
are directly comparable.

Model Cosine Fidelity
Similarity Scores

Gemini 3 Pro 0.6678 0.3117
Llama 4 Maverick 0.6400 0.2351
Grok 4.1 0.6354 0.2361
GPT 5.2 0.6221 0.2090
DeepSeek-V3.2 0.6126 0.2052
Claude Sonnet 4 0.5972 0.1628
Gemma 0.6024 0.1914
GPT 4.1 mini 0.5816 0.1300
Qwen 3 0.5596 0.1247

Table 5: Performance of language models on Sinhala
FoS.

To evaluate how effectively LMs grasp FoS in
Sinhala, this research employs a dual framework
that examines both context retrieval and logical
comprehension. This method reflects the two-step
process of theme identification and truth condition
mapping by Reimers and Gurevych (2019). The
initial phase utilises a bi-encoder architecture with
FlagEmbedding (specifically the BAAI/bge-large-

en-v1.5 14 model) to calculate Cosine Similarity
between the outputs of the model and the meanings
annotated in the dataset. This model was selected
for its state-of-the-art performance on the Massive
Text Embedding Benchmark (MTEB), ensuring pre-
cise high-dimensional mapping that outperforms
standard baselines in capturing “Semantic Related-
ness” (Chen et al., 2024; Tayyar Madabushi et al.,
2022).

Although this segment efficiently penalises
thematic discrepancies, such as mixing “betrayal”
with “love,” it may be influenced by the “Keyword
Bag” problem, in which comparable terms obscure
gaps in logical coherence. For example, the idiom
ෙකාෙහාඹ ගහට කරවිල වැල ගියා වෙගයි \ kɒhɒ-
mbʌ gʌhʌtʌ kʌrʌvɪlʌ vælʌ gɪjɑː vʌgeː which implies
the compatible union of two negative forces (literal
image: ‘like the karawila creeper twining round
the kohomba tree’) received a high similarity
score of 0.805 for the DeepSeek V3 translation, ’a
mismatched or absurd pairing’, despite the model’s
output conveying the exact opposite meaning.

To tackle this issue, the second segment mea-
sures the Fidelity Score, which implements a Cross-
encoder (stsb-roberta-large) to evaluate intricate
dependencies by analysing sentences concurrently
(Reimers and Gurevych, 2019). In this context, Fi-
delity represents the semantic faithfulness of the
model’s output to the ground truth. This functions
as a replacement for “Semantic Entailment,” aid-
ing in the differentiation between sentences that
share similar phrasing but convey distinct mean-
ings, such as “the dog bit the man” versus “the
man bit the dog” (Li et al., 2024). By utilising the
full self-attention mechanism of the Cross-encoder,
the framework captures the syntactic nuances often
missed by Bi-encoder models. Integrating this Fi-
delity Score with the first segment provides robust
safeguards against “Low-Resource Hallucination,”
enabling a comprehensive assessment of Language
Models in the Sinhala language (Benkirane et al.,
2024).

At the same time, the Fidelity scores strug-
gle with something known as the “Hyper-
Literal” problem, where creative paraphrasing
could be penalised. For example, the phrase
බුරන බල‍්ෙලෝ හපාකන‍්ෙන‍් නැහැ \ bʊrʌnʌ bʌllɔː hʌpɑː
kʌnneː næhæ is directly translated as “Barking
dogs don’t bite” by DeepSeek V3. In the case
of translating FoS, substitution with a valid FoS

14
https://huggingface.co/BAAI/bge-large-en-v1.5
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(b) Fidelity Score Comparison for Selected Categories

Figure 3: Benchmarking LLM Performance: (a) Cosine Similarity and (b) Fidelity Score. Information on all LLM
performances could be found in Appendix G.

is considered to be a valid form of translation
(Adelnia and Dastjerdi, 2011), but Fidelity gives it
a modest score of 0.0089, as both phrases do not
have lexical overlap. Relying only on one of these
metrics can cause blind spots and skew evaluation
results.

Therefore, by including both metrics, we can bet-
ter assess the model’s performance. This method
identifies “hallucinated relevance,” where high Co-
sine scores suggest understanding, but low Fidelity
scores indicate a lack of grasp on underlying in-
tent. This helps benchmark true understanding
over mere statistical matching. Table 5 displays
the average Cosine Similarity Scores and average
Fidelity Scores obtained by each of these models
across all the FoS available on the stratified sample
obtained on the dataset based on the types of FoS,
difficulty and figurativeness.

The assessment of nine advanced models reveals
that Gemini stands out in its ability to analyse Sin-
hala FoS, achieving the top scores in Cosine Sim-
ilarity and Fidelity. The success of the smaller
Gemma model indicates that cultural relevance takes
precedence over the model size. Nonetheless, there
is an issue known as the “illusion of competence.”
Some models can effectively retrieve context but
falter in logical comprehension. As a result, they
may identify the correct domain but often misin-
terpret the meanings. Conventional metrics, such
as BLEU, do not adequately address this challenge.
Furthermore, models such as GPT-4o mini and
Qwen exhibit “broken figurative triggers,” offering
literal interpretations instead of figurative ones for
specific expressions. While most models perform

well with sayings that align with Western proverbs,
they tend to struggle with distinct and folklore-
inspired proverbs. This stems from their literal
approach to translation, which neglects the cultural
context needed to understand nuances.

6 Conclusion

This study introduces SINFOS, a dataset containing
2,344 Sinhala FoS accompanied by expert-verified
explanations. The annotation process is compre-
hensively explained in the paper. The available
details were entered into the dataset, and the miss-
ing details were handled in a manner consistent
with the structure of the entered details to ensure
the dataset’s accuracy and validity.

The analysis of the dataset emphasises a signifi-
cant disparity in meaning between Sinhala idioms
and their English equivalents. The cross-linguistic
examination revealed the disparities among the lan-
guages, while the cultural analysis showcased the
distinct culture reflected in the FoS, emphasising
the challenges of translation. While LLMs can
effectively handle FoS with direct English transla-
tions, they often struggle with culturally specific
terminology. This can result in inaccuracies or lit-
eral conversions. Future research should focus on
improving the verification of these results by imple-
menting ablation studies and presenting statistical
significance. Consequently, SINFOS serves as a vi-
tal resource for developing novel approaches in Ma-
chine Translation and modelling frameworks that
seek to integrate cultural insights into languages
with fewer resources.
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Limitations

Sinhala meaning unavailability: A key limita-
tion of this study is the incomplete availability of
English meanings for some Sinhala FoS. In sev-
eral cases, authoritative definitions or consensus
interpretations were not available in accessible ref-
erence sources, which constrained some of the anal-
ysis, such as where cross-lingual analysis could not
be performed across all the FoS, and the domains
spoken by these FoS could not be analysed in the
cultural analysis.

Meaning loss in English rendering: Some
Sinhala FoS are highly culture-bound, context-
dependent, or rely on implicit background knowl-
edge, making direct English rendering difficult and
increasing the risk of ambiguity or meaning loss.
As a result, a portion of the dataset may contain
paraphrased or approximate meanings rather than
fully equivalent English interpretations, which can
affect translation quality and downstream classifi-
cation performance.

Class imbalance in පුද්ගලික \pʊðgʌlɪkʌ:ʒʌ and
කියමන් \kɪjʌmʌn categories: The dataset ex-
hibits class imbalance, particularly within the
පුද්ගලික \pʊðgʌlɪkʌ:ʒʌ and කියමන් \kɪjʌmʌn

categories, where only 11 instances were available
for both categories. Therefore, the analysis done
was heavily influenced by the dominant idioms
and proverbs. A classification model could not be
trained to classify all FoS due to the class imbal-
ance.

References
Amineh Adelnia and Hossein Vahid Dastjerdi. 2011.

Translation of idioms: A hard task for the translator.
Theory and Practice in Language Studies, 1(7):879–
883.

Tosin Adewumi, Roshanak Vadoodi, Aparajita Tripathy,
Konstantina Nikolaido, Foteini Liwicki, and Mar-
cus Liwicki. 2022. Potential idiomatic expression
(PIE)-English: Corpus for classes of idioms. In Pro-
ceedings of the Thirteenth Language Resources and
Evaluation Conference, pages 689–696, Marseille,
France. European Language Resources Association.

Ruchit Agrawal, Vighnesh Chenthil Kumar, Vignesh-
waran Muralidharan, and Dipti Sharma. 2018. No
more beating about the bush : A step towards idiom
handling for Indian language NLP. In Proceedings of
the Eleventh International Conference on Language
Resources and Evaluation (LREC 2018), Miyazaki,
Japan. European Language Resources Association
(ELRA).

Katsiaryna Aharodnik, Anna Feldman, and Jing Peng.
2018. Designing a Russian idiom-annotated cor-
pus. In Proceedings of the Eleventh International
Conference on Language Resources and Evaluation
(LREC 2018), Miyazaki, Japan. European Language
Resources Association (ELRA).

Israa Alsiyat, Scott Piao, and Mansour Almansour. 2023.
Arabic metaphor corpus (amc) with semantic and sen-
timent annotation. page 1. The twelfth International
Corpus Linguistics Conference, CL2023 ; Confer-
ence date: 03-07-2023 Through 06-07-2023.

David Antunes, Jorge Baptista, and Nuno J. Mamede.
2025. A European Portuguese corpus annotated for
verbal idioms. In Proceedings of the 21st Workshop
on Multiword Expressions (MWE 2025), pages 58–
66, Albuquerque, New Mexico, U.S.A. Association
for Computational Linguistics.

Zouheir Banou, Sanaa El Filali, El Habib Benlahmar,
Fatima-Zahra Alaoui, Laila El Jiani, and Hasnae
Sakhi. 2025. A systematic review of figurative lan-
guage detection: Methods, challenges, and multi-
lingual perspectives. Natural Language Processing
Journal, 13:100192.

Kenza Benkirane, Laura Gongas, Shahar Pelles, Naomi
Fuchs, Joshua Darmon, Pontus Stenetorp, David Ife-
oluwa Adelani, and Eduardo Sánchez. 2024. Ma-
chine translation hallucination detection for low and
high resource languages using large language models.
In Findings of the Association for Computational
Linguistics: EMNLP 2024, pages 9647–9665, Mi-
ami, Florida, USA. Association for Computational
Linguistics.

Patrick Bonin, Alain Méot, Jean-Michel Boucheix, and
Aurélia Bugaiska. 2017. Psycholinguistic norms for
320 fixed expressions (idioms and proverbs) in french.
The Quarterly Journal of Experimental Psychology,
71:1–37.

Edward Keith Brown, James Edward Miller, and
James Edward Miller. 2013. The Cambridge dic-
tionary of linguistics. Cambridge University Press.

Tuhin Chakrabarty, Debanjan Ghosh, Adam Poliak,
and Smaranda Muresan. 2021a. Figurative language
in recognizing textual entailment. In Findings of
the Association for Computational Linguistics: ACL-
IJCNLP 2021, pages 3354–3361, Online. Association
for Computational Linguistics.

Tuhin Chakrabarty, Smaranda Muresan, and Nanyun
Peng. 2020. Generating similes effortlessly like a
pro: A style transfer approach for simile generation.
In Proceedings of the 2020 Conference on Empirical
Methods in Natural Language Processing (EMNLP),
pages 6455–6469, Online. Association for Computa-
tional Linguistics.

Tuhin Chakrabarty, Xurui Zhang, Smaranda Muresan,
and Nanyun Peng. 2021b. MERMAID: Metaphor
generation with symbolism and discriminative de-
coding. In Proceedings of the 2021 Conference of

17

https://doi.org/10.4304/tpls.1.7.879-883
https://aclanthology.org/2022.lrec-1.72/
https://aclanthology.org/2022.lrec-1.72/
https://aclanthology.org/L18-1048/
https://aclanthology.org/L18-1048/
https://aclanthology.org/L18-1048/
https://aclanthology.org/L18-1402/
https://aclanthology.org/L18-1402/
https://eprints.lancs.ac.uk/id/eprint/195302/
https://eprints.lancs.ac.uk/id/eprint/195302/
https://doi.org/10.18653/v1/2025.mwe-1.7
https://doi.org/10.18653/v1/2025.mwe-1.7
https://doi.org/10.1016/j.nlp.2025.100192
https://doi.org/10.1016/j.nlp.2025.100192
https://doi.org/10.1016/j.nlp.2025.100192
https://doi.org/10.18653/v1/2024.findings-emnlp.564
https://doi.org/10.18653/v1/2024.findings-emnlp.564
https://doi.org/10.18653/v1/2024.findings-emnlp.564
https://doi.org/10.1080/17470218.2017.1310269
https://doi.org/10.1080/17470218.2017.1310269
https://www.cambridge.org/core/books/cambridge-dictionary-of-linguistics/020FAAA378FE9F40D98488118A0C2187
https://www.cambridge.org/core/books/cambridge-dictionary-of-linguistics/020FAAA378FE9F40D98488118A0C2187
https://doi.org/10.18653/v1/2021.findings-acl.297
https://doi.org/10.18653/v1/2021.findings-acl.297
https://doi.org/10.18653/v1/2020.emnlp-main.524
https://doi.org/10.18653/v1/2020.emnlp-main.524
https://doi.org/10.18653/v1/2021.naacl-main.336
https://doi.org/10.18653/v1/2021.naacl-main.336
https://doi.org/10.18653/v1/2021.naacl-main.336


the North American Chapter of the Association for
Computational Linguistics: Human Language Tech-
nologies, pages 4250–4261, Online. Association for
Computational Linguistics.

Jianlyu Chen, Shitao Xiao, Peitian Zhang, Kun
Luo, Defu Lian, and Zheng Liu. 2024. M3-
embedding: Multi-linguality, multi-functionality,
multi-granularity text embeddings through self-
knowledge distillation. In Findings of the Asso-
ciation for Computational Linguistics: ACL 2024,
pages 2318–2335, Bangkok, Thailand. Association
for Computational Linguistics.

Silvio Cordeiro, Aline Villavicencio, Marco Idiart, and
Carlos Ramisch. 2019. Unsupervised compositional-
ity prediction of nominal compounds. Computational
Linguistics, 45(1):1–57.

J Christopher Crocker. 1977. The social functions of
rhetorical forms. The social use of metaphor: Essays
on the anthropology of rhetoric, 2:33–66.

Barbara Dancygier and Eve Sweetser. 2014. Figura-
tive Language. Cambridge Textbooks in Linguistics.
Cambridge University Press, New York, NY, USA.
Also available as paperback ISBN 978-0-521-18473-
1 and PDF ISBN 978-1-107-77687-6.

Nisansa De Silva. 2025. Survey on publicly avail-
able sinhala natural language processing tools and
research. arXiv preprint arXiv:1906.02358.

Department of Official Languages. Idioms. Depart-
ment of Official Languages, Sri Lanka, Colombo, Sri
Lanka.

Merriam-Webster Dictionary. 2002. Merriam-webster.
On-line at http://www. mw. com/home. htm, 8(2):23.

Ellen Dodge, Jisup Hong, and Elise Stickles. 2015.
MetaNet: Deep semantic automatic metaphor anal-
ysis. In Proceedings of the Third Workshop on
Metaphor in NLP, pages 40–49, Denver, Colorado.
Association for Computational Linguistics.

Gregor Donaj and Špela Antloga. 2023. ParaDiom: A
parallel corpus of idiomatic texts. In Text, Speech,
and Dialogue, page 147–158.

Sundesh Donthi, Maximilian Spencer, Om B. Patel,
Joon Doh, and Eid Rodan. 2025. Improving llm abili-
ties in idiomatic translation. In Proceedings of the 1st
Workshop on Language-Oriented Research in SLMs
(LoResLM). Also available as arXiv:2407.16470.

Marzieh Fadaee, Arianna Bisazza, and Christof Monz.
2018. Examining the tip of the iceberg: A data set for
idiom translation. In Proceedings of the Eleventh In-
ternational Conference on Language Resources and
Evaluation (LREC 2018), Miyazaki, Japan. European
Language Resources Association (ELRA).

Eirini Florou, Konstantinos Perifanos, and Dionysis
Goutsos. 2018. Neural embeddings for metaphor

detection in a corpus of Greek texts. In 2018 9th In-
ternational Conference on Information, Intelligence,
Systems and Applications (IISA), pages 1–4.

Marcos Garcia, Tiago Kramer Vieira, Carolina Scarton,
Marco Idiart, and Aline Villavicencio. 2021. Probing
for idiomaticity in vector space models. In Proceed-
ings of the 16th Conference of the European Chap-
ter of the Association for Computational Linguistics:
Main Volume, pages 3551–3564, Online. Association
for Computational Linguistics.

Aniruddha Ghosh, Guofu Li, Tony Veale, Paolo Rosso,
Ekaterina Shutova, John Barnden, and Antonio
Reyes. 2015. SemEval-2015 task 11: Sentiment anal-
ysis of figurative language in Twitter. In Proceedings
of the 9th International Workshop on Semantic Eval-
uation (SemEval 2015), pages 470–478, Denver, Col-
orado. Association for Computational Linguistics.

Debanjan Ghosh, Elena Musi, and Smaranda Muresan.
2020. Interpreting verbal irony: Linguistic strategies
and the connection to theType of semantic incon-
gruity. In Proceedings of the Society for Computa-
tion in Linguistics 2020, pages 82–93, New York,
New York. Association for Computational Linguis-
tics.

Sayan Ghosh and Shashank Srivastava. 2022. ePiC:
Employing proverbs in context as a benchmark for
abstract language understanding. In Proceedings
of the 60th Annual Meeting of the Association for
Computational Linguistics (Volume 1: Long Papers),
pages 3989–4004, Dublin, Ireland. Association for
Computational Linguistics.

Hessel Haagsma, Johan Bos, and Malvina Nissim. 2020.
MAGPIE: A large corpus of potentially idiomatic
expressions. In Proceedings of the Twelfth Lan-
guage Resources and Evaluation Conference, pages
279–287, Marseille, France. European Language Re-
sources Association.

Souad Hamidi. 2023. The relationship between lan-
guage, culture, and identity and their influence on
one another. 3.

Adi Haviv, Ido Cohen, Jacob Gidron, Roei Schuster,
Yoav Goldberg, and Mor Geva. 2023. Understand-
ing transformer memorization recall through idioms.
In Proceedings of the 17th Conference of the Euro-
pean Chapter of the Association for Computational
Linguistics, pages 248–264, Dubrovnik, Croatia. As-
sociation for Computational Linguistics.

Risma Hayani. 2016. Figurative language on Maya
Angelou selected poetries. Script Journal: Journal
of Linguistic and English Teaching, 1:131.

Yusuke Ide, Joshua Tanner, Adam Nohejl, Jacob Hoff-
man, Justin Vasselli, Hidetaka Kamigaito, and Taro
Watanabe. 2025. CoAM: Corpus of all-type multi-
word expressions. In Proceedings of the 63rd An-
nual Meeting of the Association for Computational
Linguistics (Volume 1: Long Papers), pages 27004–
27021, Vienna, Austria. Association for Computa-
tional Linguistics.

18

https://doi.org/10.18653/v1/2024.findings-acl.137
https://doi.org/10.18653/v1/2024.findings-acl.137
https://doi.org/10.18653/v1/2024.findings-acl.137
https://doi.org/10.18653/v1/2024.findings-acl.137
https://doi.org/10.1162/coli_a_00341
https://doi.org/10.1162/coli_a_00341
https://www.degruyterbrill.com/document/doi/10.9783/9781512806632/html
https://www.degruyterbrill.com/document/doi/10.9783/9781512806632/html
https://books.google.lk/books/about/Figurative_Language.html?hl=fr&id=hdTSAgAAQBAJ&redir_esc=y
https://books.google.lk/books/about/Figurative_Language.html?hl=fr&id=hdTSAgAAQBAJ&redir_esc=y
https://arxiv.org/pdf/1906.02358
https://arxiv.org/pdf/1906.02358
https://arxiv.org/pdf/1906.02358
https://www.languagesdept.gov.lk/web/images/e-book/idioms_book.pdf
https://www.merriam-webster.com/
https://doi.org/10.3115/v1/W15-1405
https://doi.org/10.3115/v1/W15-1405
https://doi.org/10.1007/978-3-031-40498-6_13
https://doi.org/10.1007/978-3-031-40498-6_13
https://aclanthology.org/2025.loreslm-1/
https://aclanthology.org/2025.loreslm-1/
https://aclanthology.org/L18-1148/
https://aclanthology.org/L18-1148/
https://doi.org/10.1109/IISA.2018.8633668
https://doi.org/10.1109/IISA.2018.8633668
https://doi.org/10.18653/v1/2021.eacl-main.310
https://doi.org/10.18653/v1/2021.eacl-main.310
https://doi.org/10.18653/v1/S15-2080
https://doi.org/10.18653/v1/S15-2080
https://aclanthology.org/2020.scil-1.10/
https://aclanthology.org/2020.scil-1.10/
https://aclanthology.org/2020.scil-1.10/
https://doi.org/10.18653/v1/2022.acl-long.276
https://doi.org/10.18653/v1/2022.acl-long.276
https://doi.org/10.18653/v1/2022.acl-long.276
https://aclanthology.org/2020.lrec-1.35/
https://aclanthology.org/2020.lrec-1.35/
https://pandilen.bartin.edu.tr/conference-book.html
https://pandilen.bartin.edu.tr/conference-book.html
https://pandilen.bartin.edu.tr/conference-book.html
https://doi.org/10.18653/v1/2023.eacl-main.19
https://doi.org/10.18653/v1/2023.eacl-main.19
https://doi.org/10.24903/sj.v1i2.30
https://doi.org/10.24903/sj.v1i2.30
https://doi.org/10.18653/v1/2025.acl-long.1311
https://doi.org/10.18653/v1/2025.acl-long.1311


Hyewon Jang, Qi Yu, and Diego Frassinelli. 2023. Figu-
rative language processing: A linguistically informed
feature analysis of the behavior of language models
and humans. In Findings of the Association for Com-
putational Linguistics: ACL 2023, pages 9816–9832,
Toronto, Canada. Association for Computational Lin-
guistics.

Nevidu Jayatilleke and Nisansa de Silva. 2025a.
Sidiac: Sinhala diachronic corpus. arXiv preprint
arXiv:2509.17912.

Nevidu Jayatilleke and Nisansa de Silva. 2025b. Zero-
shot OCR accuracy of low-resourced languages: A
comparative analysis on Sinhala and Tamil. In Pro-
ceedings of the 15th International Conference on
Recent Advances in Natural Language Processing -
Natural Language Processing in the Generative AI
Era, pages 471–480, Varna, Bulgaria. INCOMA Ltd.,
Shoumen, Bulgaria.

Zhiying Jiang, Boliang Zhang, Lifu Huang, and Heng
Ji. 2018. Chengyu cloze test. In Proceedings of the
Thirteenth Workshop on Innovative Use of NLP for
Building Educational Applications, pages 154–158,
New Orleans, Louisiana. Association for Computa-
tional Linguistics.

Charles Jochim, Francesca Bonin, Roy Bar-Haim, and
Noam Slonim. 2018. Slide - a sentiment lexicon
of common idioms. In International Conference on
Language Resources and Evaluation.

Anubha Kabra, Emmy Liu, Simran Khanuja, Alham
Aji, Genta Winata, Samuel Cahyawijaya, A. Aremu,
Perez Ogayo, and Graham Neubig. 2023. Multi-
lingual and multi-cultural figurative language under-
standing. pages 8269–8284.

Alina Karakanta, Mayra Nas, and Aletta G. Dorst.
2025. Metaphors in literary machine translation:
Close but no cigar? In Proceedings of Machine
Translation Summit XX: Volume 1, pages 276–286,
Geneva, Switzerland. European Association for Ma-
chine Translation.

Muhammad Farmal Khan and Mousumi Akter. 2025.
Evaluating large language models on Urdu idiom
translation. Preprint, arXiv:2510.17460.

Ioannis Korkontzelos, Torsten Zesch, Fabio Massimo
Zanzotto, and Chris Biemann. 2013. SemEval-2013
task 5: Evaluating phrasal semantics. In Second Joint
Conference on Lexical and Computational Semantics
(*SEM), Volume 2: Proceedings of the Seventh Inter-
national Workshop on Semantic Evaluation (SemEval
2013), pages 39–47, Atlanta, Georgia, USA. Associ-
ation for Computational Linguistics.

Tina Krennmayr and Gerard Steen. 2017. VU Amster-
dam Metaphor Corpus, pages 1053–1071. Springer
Netherlands, Dordrecht.

Murathan Kurfalı, Robert Östling, Johan Sjons, and
Mats Wirén. 2020. A multi-word expression dataset

for Swedish. In Proceedings of the Twelfth Lan-
guage Resources and Evaluation Conference, pages
4402–4409, Marseille, France. European Language
Resources Association.

Shuang Li, Jiangjie Chen, Siyu Yuan, Xinyi Wu, Hao
Yang, Shimin Tao, and Yanghua Xiao. 2024. Trans-
late meanings, not just words: Idiomkb’s role in opti-
mizing idiomatic translation with language models.
In Proceedings of the AAAI Conference on Artificial
Intelligence, volume 38, pages 18601–18609.

Chaya Liebeskind and Yaakov HaCohen-Kerner. 2016.
A lexical resource of Hebrew verb-noun multi-word
expressions. In Proceedings of the Tenth Interna-
tional Conference on Language Resources and Evalu-
ation (LREC’16), pages 522–527, Portorož, Slovenia.
European Language Resources Association (ELRA).

Changsheng Liu and Rebecca Hwa. 2017. Represen-
tations of context in recognizing the figurative and
literal usages of idioms. Proceedings of the AAAI
Conference on Artificial Intelligence, 31.

Thisiri Medagama. 2021. Idiomatic language complexi-
ties in translation with special reference to sinhalese
and english. Journal of Research in Humanities and
Social Science.

Wolfgang Mieder. 1997. Modern paremiology in retro-
spect and prospect. Paremia, 6:399–416.

Diego Moussallem, Mohamed Ahmed Sherif, Diego
Esteves, Marcos Zampieri, and Axel-Cyrille Ngonga
Ngomo. 2018. Lidioms: A multilingual linked id-
ioms data set. Preprint, arXiv:1802.08148.

Andreas Musolff. 2017. Metaphor, irony and sarcasm
in public discourse. Journal of Pragmatics, 109:95–
104.

Farzana Nawaz, Tahira Jabeen, and Sadia Rather. 2025.
The power of language and religious thoughts: A
pragma-rhetorical analysis of israr ahmed’s speech.
AGATHOS, 16(2):167–182. Issue 31.

Gözde Özbal, Carlo Strapparava, and Serra Sinem
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A Existing Datasets Utilised

A.1 Germanic-Language Corpora

Sporleder et al. (2010) have introduced IDIX
dataset which contains English idioms. In there,
they have mentioned idioms as a contextual disam-
biguation problem. Rather than focusing on token-
level labels, Haagsma et al. (2020) emphasises an
inventory of potentially idiomatic expression types
in English, that may be idiomatic depending on
usage. The PIE dataset presented by Zhou et al.
(2021) has been constructed to aid in the analy-
sis of idiom paraphrasing by connecting idiomatic
statements to alternatives that preserve meaning.
PIE dataset by Adewumi et al. (2022), constructed
from BNC and UKWaC, provides an additional com-
prehensive English-only structure where instances
are labelled across different FoS, such as metaphor,
simile, euphemism, and irony, alongside literal ex-
amples. This extends beyond a binary idiom/literal
structure to facilitate fine-grained multi-class cate-
gorisation of figurative language.

The VU Amsterdam Metaphor Corpus by Kren-
nmayr and Steen (2017) provides extensive man-
ually annotated text that allows metaphor recogni-
tion in natural language for metaphor processing
in English. It is frequently used to assess and train
systems that need to recognise metaphorical us-
age on a large scale. Moreover, Saxena and Paul
(2020) presented a more condensed English idiom-
oriented dataset with an emphasis on modelling
idiomatic phrases as evaluative targets. It is typi-
cally employed to determine whether representa-
tions capture the conventionalised meanings under-
lying idioms or address them compositionally. The
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benchmark in Stowe et al. (2022) utilises paired
instances to recast figurative understanding into
a controlled evaluation format through the com-
bination of a large semi-automatic section with a
smaller manually selected gold set. Instead of fo-
cusing on the use of surface-level clues, it is meant
to assess how effectively models handle figurative
meaning, such as idioms and metaphors.

The dataset by Reddy et al. (2011) provides
human judgments on the transparency of a com-
pound’s meaning and the strength of its compo-
nents’ contributions. This dataset serves as a com-
mon baseline for forecasting noun compounds’ lev-
els of (non-)compositionality. Liu and Hwa (2017)
presents evaluation material for phrase-level robust-
ness and rewriting where systems have to main-
tain meaning despite phrase replacements. This is
helpful for evaluating phrase semantics and idiom-
aware paraphrasing. In addition, CoAM by Ide et al.
(2025) focuses on the behaviour of multiword ex-
pressions in English and supports identification
studies in which Multi-word Expressions (MWEs)
need to be regarded as single lexicalised compo-
nents instead of distinct words. Furthermore, a
number of English-only idiom benchmarks focus
specifically on evaluating idiom competence rather
than building linked lexical resources. Notable ex-
amples include IDEM by Prochnow et al. (2024),
IDIOMEM by Haviv et al. (2023), and SLIDE by
Jochim et al. (2018). With the objective to facilitate
benchmarking and descriptive linguistic analysis
in Danish, The Danish Idiom Dataset provides
a selective collection of idioms and fixed expres-
sions (Sørensen et al., 2025). Swedish resources
enhance this idiom-specific focus by extending cov-
erage to MWEs more broadly. This allows for
wider-coverage modelling of formulaic language
and provides annotated material for recognising
lexicalised MWEs beyond idioms (Kurfalı et al.,
2020). Furthermore, Germanic-language research
frequently interacts with translation evaluation, es-
pecially in English-German contexts where specific
idiom translation data allows for the methodical
evaluation of MT/LLM errors such as literaliza-
tion, semantic drift, and attenuation of figurative
meaning during translation (Fadaee et al., 2018).

A.2 Indic-Language Corpora
The Idiom Handling Dataset for Indian
Languages by Agrawal et al. (2018) provides id-
iom processing across several Indic languages such
as Hindi, Urdu, Bengali, Tamil, Gujarati, Malay-

alam, Telugu, and typically includes mappings that
enable cross-lingual handling, extending the cover-
age in Indic languages. In low-resource contexts,
multilingual assessment and comparative analysis
are enabled by (Agrawal et al., 2018).

In addition, the dataset presented by (Singh et al.,
2016) focuses on Hindi and Marathi idioms/MWEs
within Indic languages, offering annotated con-
tent for MWE/idiom recognition and mode ling
in these languages. Konidiom by(Shaikh et al.,
2024) provides idiom data for Konkani, a smaller,
language-specific idiom resource that supports id-
iom research and resource development in a low-
resource environment.

Khan and Akter (2025)’s dataset for Urdu fo-
cuses on translating idioms from Urdu and Ro-
man Urdu, utilising idiom-focused test material
to assess whether modern structures can preserve
idiomatic meaning across script and language di-
versity. This is primarily an evaluation resource for
translation behaviour under idiomaticity.

A.3 Romance-Language Corpora
Romance-language resources support a coherent
discussion of how figurative meaning is repre-
sented within closely related languages and how
well models transfer across them. By provid-
ing naturally grounded instances that allow idiom
detection and interpretation in practical circum-
stances, VIDiom-PT supports this viewpoint for
European Portuguese (Antunes et al., 2025). In
contrast, Prometheus emphasises meaning recov-
ery at the discourse level and is proverb-oriented,
making it simpler to comprehend multilingual
proverbs through English–Italian data. By allow-
ing systematic comparison between related Ro-
mance languages, standardised multilingual as-
sessment strengthens these language-specific tech-
niques. SemEval-2022 Task 2 provides a com-
mon benchmark for English, Portuguese, and Gali-
cian in similar language circumstances, allowing
for controlled assessment of cross-lingual generali-
sation and transfer (Tayyar Madabushi et al., 2022).

A.4 Cross-Lingual Figurative Language
Corpora

The large-scale cloze benchmark ChID by Zheng
et al. (2019) is employed to evaluate idiom compre-
hension in Chinese resources. It requires models to
select a suitable idiom to fill in a passage’s blank.
In addition to testing contextual idiom understand-
ing through blank-filling. In addition to assessing
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contextual idiom comprehending by blank-filling,
the Chengyu Cloze Test Dataset by Jiang et al.
(2018) emphasises semantic fit and discourse com-
patibility and delivers an invaluable, nearly equiva-
lent evaluation environment.

Moreover, PETCI by (Tang, 2022) provides Chi-
nese idioms related to English translations, facili-
tating the assessment of whether MT/LLM systems
retain idiomatic meaning instead of generating lit-
eral, word-by-word renditions. Given this, it is
extremely beneficial for controlled idiom transla-
tion testing. By enabling idiom identification as
well as analysis in morphosyntactically rich con-
texts, where inflexion and flexible surface forms
can complicate detection and interpretation, Slavic-
language corpora expand figurative language study
beyond English (Aharodnik et al., 2018; Donaj
and Antloga, 2023). In order to allow both proverb
retrieval/analysis and computational metaphor iden-
tification in a non-English setting, Greek corpora
usually integrate structured proverb repositories
with metaphor-annotated datasets (Pavlopoulos
et al., 2024; Garcia et al., 2021). Through He-
brew and Arabic resources which facilitate MWE
identification and metaphor detection in domain-
specific contexts, including historically and stylis-
tically unique texts that present additional model
transfer challenges, Semitic corpora broaden cover-
age (Liebeskind and HaCohen-Kerner, 2016; Toker
et al., 2024; Alsiyat et al., 2023).

As a way to improve cross-lingual mapping
and interoperability, multilingual linked idiom re-
sources represent idioms as interconnected lexical
entities across languages and link them to exter-
nal lexical-semantic inventories (Moussallem et al.,
2018). Furthermore, multilingual shared bench-
marks support systematic analysis of cross-lingual
generalisation and provide consistent comparison
of systems on MWEs, idiomaticity, and phrase-
level semantics through providing standardised an-
notation guidelines and evaluation protocols across
various languages (Savary et al., 2023; Korkontze-
los et al., 2013; Tayyar Madabushi et al., 2022;
Tedeschi et al., 2022). A summary of existing cor-
pora, indicating the languages covered and the FoS
addressed in the above studies, is shown in Table 6.

B Classification of Sinhalese Proverbs

Here we discuss the classification of Sinhalese
proverbs based on different criteria as given below.

B.1 By the Nature of the Message (The Shape
of the Message)

උපදේශ \ʊpʌðeːʒʌ : Proverbs that contain a moral
lesson or advice. While not all proverbs are adages,
some are interchangeably used to provide direct
guidance, such as “Don’t burn your hand while the
tongs are there”.

විශ්වාස \vɪʒvɑːsʌ: Proverbs that express a com-
monly accepted social truth or collective belief
rather than a direct instruction. These are some-
times referred to as “Truth-principle proverbs”
(Sathyadharma Pirulu). Examples include “A bark-
ing dog does not bite” or “Like eating the ear while
sitting on the horn”.

B.2 By Background Source (The Origin)

උපමා\ʊpʌmʌ : Ends in comparative markers.
(
වගේ\vʌge:, සේ\se:, මෙන්\mɛn , වැනි\vænɪ ).

වාර්තා\vɑːrθɑː: Ends in hearsay markers (
ලූ\lu:).

ප්‍රශ්න\prʌʒnʌ : Ends in interrogative mark-
ers ( ද\ðʌ ), often acting as rhetori-
cal devices to prompt self-reflection
(e.g.,“ සිත ඇත්නම් පත කුඩා ද? \ sɪθʌ æθnʌm pʌθʌ

kʊdɑː ðʌ?”
නිශේධ\nɪʒe:ðʰʌ (Negative): Ends in negation.

( නැහැ\næhæ,බෑ\bae:,නෑ\nae:).

B.3 By Grammatical Ending (The Marker)

කතා \ kʌθɑː (Story-based): These proverbs
rely on shared cultural memory. They are
often unintelligible without knowledge of
the specific folktale or historical event (e.g.,
“අන්දරේ සීනි කෑවා\ ʌnðʌre: siːnɪ kæːvɑː vʌgɛj ” - Like
Andare eating sugar).

ප්‍රපංච \ prpʌŋtʃʌ (Phenomenon-based): These
are derived from empirical observations of the
agrarian environment, nature, or daily life (e.g.,
“පිණි දිය දැක නොතලන් නෙලා පලා\pɪnɪ ðɪjʌ ðækʌ

nɒθʌlʌn nɛlɑː pʌlɑː ” - Do not crush the greens,
seeing the dew).

සාහිත්‍ය \ sɑːhɪθjʌ (Literature-based): These
originate from classical texts such as the
පන්සිය පනස් ජාතක\ pʌnsɪjʌ pʌnʌs dʒɑːθʌkʌ or
සුභාශිතය\sʊbʰɑːʒɪθʌjʌ, reflecting the influence of
Buddhism and literacy on folk speech.

Among these, උපමා \ʊpʌmʌ (Simile) sub-category
is the most prevalent. This indicates that analogi-
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Dataset Languages FOS Explored

IDIX (Sporleder et al., 2010) English Idioms

MAGPIE(Haagsma et al., 2020) English
Potentially Idiomatic

Expressions
PIE (Zhou et al., 2021) English Idiomatic Expressions (IE)

PIE(BNC and UKWaC) (Adewumi et al., 2022) English

Metaphor, simile, euphemism,
parallelism, personification,

oxymoron, paradox, hyperbole,
irony, and literal

MABL (Kabra et al., 2023)
Hindi, Indonesian, Javanese,

Kannada, Sundanese, Swahili
and Yoruba

Figurative language

VIDiom-PT (Antunes et al., 2025) European Portuguese Verbal Idioms

The Danish Idiom Dataset (Sørensen et al., 2025) Danish
Idiomatic expressions and fixed

expressions
LIDIOMS, DBnary,BabelNet (Moussallem et al.,
2018)

English, German, Italian,
Portuguese, and Russian

Idioms

Prometheus (Özbal et al., 2016) English, Italian Proverbs
VU Amsterdam Metaphor Corpus (Krennmayr and
Steen, 2017)

English Metaphors

MetaNet (Dodge et al., 2015)
English, Russian, Mexican

Spanish, Iranian Farsi
Metaphors

EPIE (Saxena and Paul, 2020) English Idiomatic Expressions
IMPLI (Stowe et al., 2022) English Idiom, Metaphor
ePiC (Ghosh and Srivastava, 2022) English Proverbs
ChID (Zheng et al., 2019) Chinese Metaphor, Near-synonymy
UPD*(Reddy et al., 2011) English Compound Nouns
SemEval-2013 Task 5 Dataset (Korkontzelos et al.,
2013)

English, German, Italian Phrases

IdiomKB (Li et al., 2024) English, Chinese, Japanese Idioms
IDEM (Prochnow et al., 2024) English Idioms
IDIOMEM. (Haviv et al., 2023) English Idioms

ID10M (Tedeschi et al., 2022)
English, Chinese, Spanish,

Dutch, French, German, Italian,
Japanese, Polish, Portuguese

Idioms

PETCI (Tang, 2022) Chinese, English Idioms
AStitchInLanguageModels
Dataset (Tayyar Madabushi et al., 2021)

English, Portuguese Idioms

UPD* (Garcia et al., 2021) English Idioms
UPD* (Cordeiro et al., 2019) English Nominal Compounds
SLIDE (Jochim et al., 2018) English Idioms
Russian Idiom-Annotated Corpus (Aharodnik et al.,
2018)

Russian Idiom

UPD*(Fadaee et al., 2018) English, German
Idioms,Idiom Translation

Dataset

Idiom Handling Dataset for Indian
Languages (Agrawal et al., 2018)

English, Hindi, Urdu, Bengali,
Tamil, Gujarati, Malayalam,

Telugu
Idioms

Chengyu Cloze Test Dataset (Jiang et al., 2018) Chinese Idioms
Multilingual Lexicon of Nominal Compound
Compositionality (Ramisch et al., 2016)

English, French, Portuguese Nominal Compounds

UPD* (Pershina et al., 2015) English,Idioms Idiom Paraphrase Dataset
Phrasal Substitution Dataset (Liu and Hwa, 2017) English Idiomatic Expressions
CoAM (Ide et al., 2025) English MWEs
ParaDiom (Donaj and Antloga, 2023) Slovene, English Idiomatic Texts
Konidioms Corpus (Shaikh et al., 2024) Konkani Idioms
Multi-word Expression Dataset for Swedish (Kurfalı
et al., 2020)

Swedish Multi-word Expression

PARSEME Corpus Release 1.3 (VMWEs) (Savary
et al., 2023)

Arabic, Bulgarian, Chinese,
Croatian, Greek, Hebrew, Hindi,

Irish, Latvian, Lithuanian,
Maltese, Slovene, Turkish

Idioms, multiword expressions
(verbal MWEs)

SemEval-2022 Task 2 Dataset (Tayyar Madabushi
et al., 2022)

English, Portuguese, Galician Idioms

UPD*(Singh et al., 2016) Hindi, Marathi Idioms, MWEs

UPD* (Liebeskind and HaCohen-Kerner, 2016) Hebrew
MWEs (incl. idiom-like fixed

expressions)
Greek Proverb Atlas(Pavlopoulos et al., 2024) Greek Proverbs
UPD* (Florou et al., 2018) Greek Metaphor
UPD* (Toker et al., 2024) Hebrew Metaphor
UPD* (Khan and Akter, 2025) Urdu, Roman Urdu Idioms
AMC (Alsiyat et al., 2023) Arabic Metaphor

Table 6: Existing Datasets Summary. *Corpora named ‘UPD’ represent the Unnamed Primary Dataset(s), which
includes papers that have released/utilised datasets without specific names.

cal reasoning, understanding one concept in terms
of another, is the primary cognitive tool used in
Sinhala folk wisdom. වාර්තා \vɑːrθɑː (Report) cat-
egory is the second most common proverb structure.
The prevalence of the particle ලූ \ lu: (it is said)
underscores the importance of oral tradition and
collective knowledge in Sri Lankan culture, wis-
dom is validated not by the speaker’s authority, but

by the fact that “it has been said” by ancestors.

C Sinhala Proverbs vs Sinhala Idioms

The Dichotomy of Sinhala Proverbs and Sinhala
Idioms: While both categories function as figura-
tive devices, they are distinguishable through three
primary dimensions: Syntactic Structure, Semantic
Deductibility, and Pragmatic Function.
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Sinhala (සිංහල \ sɪŋhʌlʌ) : ඉත‍්තෑවෙග‍් ගුෙල‍් කබල‍්ලෑව වැදී
"මුත‍්තාපා කීවත‍් යන‍්ෙන‍් නෑ" කිව‍්වාලු \ ɪθθæːvʌgeː gʊleː kʌbʌl-
læːvʌ vʌðiː mʊθθɑːpɑː kiːvʌθ jʌnneː næː kɪvvɑːlʊ
Type of FOS : [විශ‍්වාස][කතා][උපමා] \ [vɪʒvɑːsʌ][kʌθɑː][ʊpʌmɑː]
Literal / visual image : The ant-eater, who forcibly occupied the por-
cupine’s hole, swore by his forbears that he would never leave it.

Corresponding FOS in English : Possession is nine-tenths of the law.

What it really implies : Taking possession of other people’s property
through deceit.

Additional Context : In a certain forest, a porcupine lived inside a cave.
One day, an anteater, who had lost his way while traveling, came across
this cave and asked the porcupine if he could stay there for shelter. The
porcupine kindly agreed and allowed the anteater to stay inside. How-
ever, the next morning, the anteater showed no sign of leaving. Since
the cave was too small for both of them to live together, the porcupine
politely requested the anteater to leave. “If you don’t like it, then you
can go and find another place. I’m quite comfortable here,” the anteater
replied. Angered, the porcupine raised his sharp quills and attacked the
anteater. But the anteater’s body was covered in thick, coarse hide, so
the porcupine’s blows had no effect. The anteater remained in the cave,
while the porcupine was forced to leave and find another shelter.

Figure 4: An example of a record on the dataset.

Semantic Deductibility (Opacity vs. Trans-
parency): Idioms in Sinhala often exhibit high
semantic opacity; a learner cannot easily deduce
that “ කහ \kʌhʌ” in “ ඌරන්ට කහ \uːrʌntʌ kʌhʌ”
implies “wasting resources.” However, Proverbs
are often semantically translucent. Even a
first-time listener can deduce the meaning
of “ ගහ දන්න අයට කොළ කඩා පානවා \gʌhʌ ðʌnnʌ

ʌjʌtʌ kɒlʌ kʌdɑː pɑːnʌvɑː” (Showing leaves to
those who know the tree) based on the imagery
of deception and expertise.

Pragmatic Function: ප්‍රස්තාපිරුළු \prʌsθapɪrulu

are didactic; they convey general truths, so-
cial beliefs, or moral advice ( උපදේශ \ʊpʌðeːʒʌ).
වාග්සම්ප්‍රදා \vɑːg sʌmprʌðɑ: are descriptive; they cat-
egorise a state of being or an action without neces-
sarily offering a moral judgment.

Dominance of Idioms: වාග්සම්ප්‍රදා \vɑːg sʌmprʌðɑ:

constitute the overwhelming majority of the dataset.
This quantitative dominance suggests that Sinhala
speakers prioritise “descriptive efficiency” in daily
language, using short, culturally loaded phrases to
quickly describe complex situations, over the more
formal, structured wisdom of proverbs.

D Dataset Annotation

The dataset was annotated by filling in the fields.
Not all fields were filled in for all records, as shown
in Table 1. Figure 4 contains an example of a record
in the dataset.

E Cultural Analysis

The Source Domain explores the abstract imagery
and objects used in the FoS to deliver the message,
whilst the target theme is used to identify the mes-
sages delivered by the various FoS.

E.1 Specific Cultural Codes
Certain symbols carry specific, unchangeable
meanings in the Sinhala cultural lexicon. The fol-
lowing are some of the examples utilised in Sinhala
FoS.

The Elephant (Power & Scale): The elephant is
the cultural yardstick for greatness. It is used to
contrast “the great” with “the small.” It represents
forces that are often too big to manage or criticise.

The Dog (Low Status): In contrast to the elephant,
the dog is consistently used to represent unworthi-
ness or low social status. It serves as a warning of
what happens when one lacks dignity.

The Tree (Character): Trees are almost always
metaphors for moral character. A person is judged
like a tree, by their “fruit” (utility to society) or
their “wood” (strength/weakness).

E.2 Emotional Landscape
The sentiment analysis shows that the vast majority
of FoS (83% of the data) are Neutral. They are not
optimistic or pessimistic; they are descriptive. The
culture does not say “Life is good” or “Life is bad”;
it says, “If you take this action, the corresponding
outcome will occur inevitably.” It values truth over
comfort.

Table 7 provides a comprehensive overview of
the cultural analysis, summarising the frequency of
literal imagery and the specific thematic domains
explored within the SINFOS dataset.

Category No. of Occurrences
Source Domain (Literal Imagery)
Body & Senses (Somatic) 242
Nature & Agriculture 194
Animals (Fauna) 148
Household & Daily Life 144
Target Theme (Cultural Meaning)
Ethics & Moral Character 162
Karma & Consequence 127
Impermanence & Uncertainty 121
Social Status & Hierarchy 73
Human Relations & Conflict 64

Table 7: Distribution of literal source domains and ab-
stract cultural themes observed in the SINFOS dataset
via hybrid thematic analysis.
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F Model Classification

The results of classifying proverbs and idioms are
summarised in Table 8. Word2Vec showed the best
performance for Naive-Bayes and Linear SVC in
terms of recall and accuracy. In contrast, TF-IDF
3-gram vectorisation excelled with Random For-
est, XGBoost, and the ensemble model combining
these with Linear SVC.

Experiments Acc. P-Rec. I-Rec.
TF-IDF (Unigram)
Multimodal Naive-
Bayes

0.7167 0.59 0.81

TF-IDF (Char 3-gram)
Multimodal Naive-
Bayes

0.8348 0.79 0.87

Gaussian Naive-Bayes
Word2Vec

0.9034 0.92 0.89

TF-IDF (Unigram) Lin-
ear SVC

0.7639 0.64 0.86

TF-IDF (Char 3-gram)
Linear SVC

0.8712 0.81 0.92

Linear SVC Word2Vec 0.9034 0.90 0.91
Random Forest
(tuning) TF-IDF (Uni-
gram)

0.8026 0.66 0.91

Random Forest (tun-
ing) TF-IDF (Char 3-
gram)

0.8927 0.83 0.94

Random Forest (tun-
ing) Word2Vec

0.8755 0.81 0.93

XGBoost (tuning) TF-
IDF (Unigram)

0.8090 0.65 0.93

XGBoost (tuning) TF-
IDF (Char 3-gram)

0.9013 0.86 0.93

XGBoost (tuning)
Word2Vec

0.8690 0.83 0.90

TF-IDF (Char 3-gram)
Voting Ensemble

0.9056 0.85 0.95

Voting Ensemble
Word2Vec

0.8884 0.85 0.92

Bi-LSTM 0.9163 0.86 0.96
Deep NN 0.9270 0.94 0.92

Table 8: Model Performance: Accuracy, Proverbs Re-
call (P-Rec.), and Idioms Recall (I-Rec.).

G Performance of all LLMs

A brief overview of each metric’s blind spots and
how each metric mitigates the other’s is provided
in Table 9.

Metric Blind Spot Mitigation Strategy
Cosine
Similarity

The “Keyword Bag”
Problem: the model
may achieve high
scores by guessing
relevant keywords even
if the grammatical
structure is flawed.

Fidelity acts as a
“Logic Gate,” requiring
semantic validity rather
than just keyword
overlap.

Fidelity
Score

The “Hyper-Literal”
Problem: creative para-
phrases with different
structures might be
penalised.

Cosine Similarity per-
mits creative phrasing;
high similarity with
low fidelity suggests
a valid non-standard
translation.

Table 9: Evaluation Metrics and Mitigation of their
Blind Spots

The Figures 5 and 6 represent the Cosine Sim-

ilarity scores and Fidelity Scores of all the mod-
els across seven different categories. Along with
ආප්තෝපදේශ \ɑːpθɔːpʌðe:ʒʌ, the models seem to
have decent performances for proverbs associ-
ated with nature as they seem to be able to de-
cipher the meaning using the phenomenon. In the
case of කියමන් \kɪjʌmʌn though, as in proverbs
based on folklore, the language models seem
to struggle. This is tied with the fact that un-
like ආප්තෝපදේශ \ɑːpθɔːpʌðe:ʒʌ, කියමන් \kɪjʌmʌn

are more specific to the language.

Figure 5: Benchmarking LLM Performance: Cosine
Similarity.

Figure 6: Benchmarking LLM Performance: Fidelity
Scores.
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Abstract

We present the annotation of Swedish multi-
word expressions under the PARSEME anno-
tation scheme, including a new release and a
historical overview of previous releases. We
provide an overview of the evolution of the
Swedish datasets and of inter-annotator agree-
ment. We discuss general guidelines and the
development of Swedish-specific guidelines for
particle verbs and multiword tokens, as well as
additional challenges for the Swedish annota-
tion. We also conduct an initial comparison of
Swedish and other Germanic languages, identi-
fying aspects where the PARSEME guidelines
require revision to ensure better consistency
across languages.

1 Introduction

Multi-word expressions (MWEs) are non-
compositional expressions like hålla ett öga på
(‘keep an eye on’) or ge upp (‘give up’), where
the meaning of the full expression cannot be
directly inferred from the meaning of its parts.
MWEs are challenging for many NLP applications,
due to their irregularities, and have been called
“a pain in the neck for NLP” (Sag et al., 2002;
Shwartz and Dagan, 2019). The processing of
MWEs is challenging for classical NLP, both for
MWE-centered tasks, such as MWE discovery and
identification, and for handling MWEs in other
tasks, such as parsing and machine translation
Constant et al. (2017). MWEs remain challenging
for LLMs; for instance, Miletić and Schulte im
Walde (2024) find that transformer models struggle
with MWEs, largely relying on surface patterns
and memorized information.

PARSEME1 is an initiative that provides univer-
sal guidelines for consistent annotation of MWEs
across languages. Their first iteration, version 1,
only covered verbal MWEs (VMWEs), but since

1https://gitlab.com/parseme/corpora/

version 2.0, the coverage has been extended to all
types of MWEs. PARSEME is based on general
MWE categories, present across languages, with an
annotation framework based on decision diagrams
for annotation. In some cases, language-specific
rules are added as a complement.

In this paper, we focus on Swedish and de-
scribe the evolution of Swedish MWE resources in
PARSEME. We give an overview of the Swedish
resources in the existing PARSEME releases and
describe the work on a coming release, which we
refer to as release 2.1. We discuss the annotation
process, inter-annotator agreement, and MWE dis-
tribution, as well as Swedish-specific guidelines
and challenges, related to phenomena such as mul-
tiword tokens and particle verbs. Finally, we com-
pare the MWE distribution for the Germanic lan-
guages available in PARSEME.

2 Related work

In this section, we describe the PARSEME frame-
work for MWE annotation, followed by a discus-
sion of other work on MWE resources for Swedish
and other languages.

2.1 PARSEME

The PARSEME scientific network has produced
guidelines and corpora for the annotation of MWEs
since 2017 (Savary et al., 2017; Ramisch et al.,
2018, 2020; Savary et al., 2023a, 2026). In ver-
sion 1, the resources covered only verbal MWEs,
but since version 2, all types of MWEs are cov-
ered.2 The VMWE guidelines are thus tested in
several iterations, whereas the extended guidelines
for other MWE types are currently in their first iter-
ation. Most PARSEME releases have been tied to a
shared task on MWE identification (e.g. Scholivet
et al., 2026), but version 1.3 was released inde-

2https://parsemefr.lis-lab.fr/
parseme-st-guidelines/2.0/
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VID verbal idiom att träda i kraft (lit. ‘to step in force’) ‘to come into effect’
LVC.full light-verb construction; bleached verb att hålla tal (lit. ‘to hold speech’) ‘to make a speech’
LVC.cause light-verb construction; causal verb att väcka hopp (lit. ‘to wake hope’) ‘to inspire hope’
IRV inherently reflexive verb att gifta sig (lit. ‘to marry oneself’) ‘to get married’
IVPC.full idiomatic verb-particle construction att höra till (lit. ‘to hear to’) ‘to belong’
IVPC.semi semi-idiomatic verb-particle constr. att fråga ut (lit. ‘to ask out’) ‘to interrogate / to invite out’
MVC multi-verb construction No instances found in the Swedish data
IAV inherently adpositional verb att bero på ‘to depend on’ (Optional and experimental MWE category

not annotated in Swedish)

N
M

W
E NID nominal idiom flod|häst (lit. ‘river horse’) ‘hippopotamus’

PronID pronominal idiom en del (lit. ‘a part’) ‘some’
NV deverbal nominal MWE ut|gåva (lit. ‘out-gift’) ‘edition’ (cf. att ge ut (lit. ‘give out’) ‘publish’)

A
M

W
E AdjID adjectival idiom så kallad ‘so-called’

AdvID adverbial idiom över huvud taget (lit. ‘over head taken’) ‘at all, even’
AV deverbal adjectival/adverbial MWE igen|känd (lit. ‘again known’) ‘recognized’ (cf. att känna igen

(lit. ‘know again’) ‘recognize’)

Fu
nc

M
W

E DetID determiner idiom ett par (lit. ‘a pair’) ‘a couple of’
AdpID adpositional idiom i och med (lit. ‘in and with’) ‘due to, because of’
ConjID conjunction idiom såväl som ‘as well as’
IntjID interjection idiom oj då (lit. ‘oh then’) ‘oh dear / ouch’ (No instances found in the Swedish

data)

Table 1: PARSEME typology of MWEs with Swedish examples.

pendently. Overall, the PARSEME corpora cover
33 languages, but the language coverage varies be-
tween releases. Release 1.3 includes 26 languages,
and release 2.0 includes 17 languages.

The main MWE categories are verbal, nominal,
adjectival/adverbial, and functional MWEs, each
of which has several subtypes. Table 1 provides
an overview of all MWE categories, accompanied
by Swedish examples. The verbal category has
six main categories: verbal idioms, VID, light
verb constructions, LVC, inherently reflexive verbs,
IRV, idiomatic verb-particle constructions, IVPC3,
multi-verb constructions, MVC, and inherently ad-
positional verbs, IAV. IAV is an optional and ex-
perimental category that has not been included in
any of the Swedish releases. Nominal MWEs are
split into nominal, NID, and pronominal, PronID
idioms; adjectival/adverbial MWEs into adjectival,
AdjID, and adverbial, AdvID, idioms; and func-
tional MWEs into determiner, DetID, adpositional,
AdpID, conjunctional, ConjID, and interjection,
IntjID, idioms. Nominal and adjectival/adverbial
MWEs further have a deverbal category, for expres-
sions that can be rephrased into a verbal expression
that passes the verbal MWE tests. These are fur-
ther subcategorized into the verbal subtypes, but
in this paper, we group them into the main classes:
deverbal nominal and deverbal adjectival/adverbial.
Some meaning-preserving variants that were an-
notated as VMWEs prior to release 2.0, are now
instead considered deverbal.

3IVPC was called VPC in releases prior to 2.0. We will
consistently use the term IVPC even for earlier releases.

The PARSEME guidelines are organized as
a decision tree, where the first question con-
cerns the distribution of the candidate expres-
sion, specifically whether it is verbal, nominal,
adjectival/adverbial, or functional. This is fol-
lowed by a specific decision tree for each MWE
subtype, which includes several tests to deter-
mine whether a candidate meets the MWE criteria.
The goal is to annotate expressions that are non-
compositional. Since it is hard to directly judge
the semantic idiomacity or non-compositionality
of expressions, the tests are based on the fact that
non-compositionality correlates with syntactic and
morphological inflexibility (Sag et al., 2002). The
rules thus test aspects such as whether a regular
syntactic or morphological change leads to unex-
pected meaning change, whether a cranberry word
is present, or whether the internal syntactic struc-
ture of the expression is irregular. MWE candi-
dates must consist of multiple tokens, but they
can also be multiword tokens (MWTs), i.e., cases
where one token contains several words, such as
compounds (e.g. sky|skrapa ‘skyscraper’),4 particle
verbs (e.g. in|gripa (lit. ‘in seize’) ‘intervene’), and
contractions (e.g. ‘don’t’). MWTs are common
in Germanic languages, which are compounding
languages, except for English.

MWEs are annotated using the FLAT annotation
tool.5 Annotators first identify MWE candidate
expressions, and then label them as MWEs if they

4Vertical bars are used to indicate token boundaries in
MWTs; they are not part of the Swedish orthography.

5https://github.com/proycon/flat
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pass the tests in the PARSEME decision trees. In
most cases, a file is annotated by a single anno-
tator due to annotator availability; however, inter-
annotator checks are regularly performed (Ramisch
et al., 2018, 2020). To further improve the qual-
ity, the PARSEME protocol of annotation includes
a consistency-check step, where all annotations
are reconsidered across files (Savary et al., 2017).
Inconsistencies can be identified by the use of a
custom tool that highlights examples of potential
MWEs across all texts, based on lemmas, by search-
ing for all MWEs that have been annotated at least
once. A single annotator can then change incon-
sistently annotated examples, or add/remove exam-
ples that have been missed or erroneously anno-
tated. This process resolves many inconsistencies
between annotators.

PARSEME annotations use a format called
CUPT (Ramisch et al., 2018), which is an ex-
tension of the ConllU format from the Universal
Dependencies (UD) initiative (Nivre et al., 2020;
de Marneffe et al., 2021), adding a column with
MWE annotations. UD is another cross-linguistic
initiative for morphosyntactic annotation, focus-
ing on lemmas, morphology, part-of-speech tags,
and dependency annotations. PARSEME corpora,
from release 1.1, include UD annotations, either
by annotating MWEs on top of existing UD tree-
banks, as for Swedish, or by parsing other corpora
into the UD format. Discussions on how to fur-
ther unify PARSEME and UD are ongoing (Savary
et al., 2023b).

2.2 PARSEME MWE Annotations in Other
Languages

The annotation of VMWEs for the Turkish
PARSEME corpus posed problems due to the ag-
glutinative nature of the language (Ozturk et al.,
2022). Specifically, the automatic lemmatization
of the Turkish corpus was often incorrect, with suf-
fixes being incorrectly or insufficiently stripped,
causing inconsistencies in the finalized corpus, as
a single MWE type is represented by a sequence of
included lemmas.

Hadj Mohamed et al. (2025) note that since Ara-
bic is an agglutinative language, with many MWTs,
only parts of an MWT may belong to an MWE.
They also note that Arabic has a high rate of dis-
continuous MWEs. Walsh et al. (2020) note several
issues, including the difficulty of distinguishing be-
tween particle verbs and inherently adpositional
verbs, where particles often are homonymous with

prepositions. They note that language-specific tests
for this issue are needed for Irish.

2.3 MWE Annotations Beyond PARSEME

There are many datasets available for MWEs for
a single language, sometimes focusing on specific
types of MWEs only, such as Estonian particle
verbs (Kaalep and Muischnek, 2006) or French ad-
verbial MWEs (Laporte et al., 2008). Datasets cov-
ering many languages are not as common. ID10M
contains annotations of idioms for 10 languages,
created automatically based on Wiktionary entries
marked as idiomatic or literal, with matching occur-
rences from Wikipedia text, and a manual curation
for four languages (Tedeschi et al., 2022). Other
multilingual resources of MWEs are often created
for specific tasks in a few languages, such as multi-
modal MWE comprehension in English and Turk-
ish (Pickard et al., 2025) or idiomaticity and se-
mantic text similarity for English, Portuguese, and
Galician (Tayyar Madabushi et al., 2022).

2.3.1 Work on Swedish MWEs
The Swedish lexicon resource SALDO (Svenskt
associationslexikon 2, Borin et al., 2013) con-
tains some lexicalized multiword and compound
word entries. When describing SALDO, Borin
et al. (2013) discuss the frequent compounding in
Swedish, and state that a single token often cor-
responds to an MWE in other languages. Such
lexicalized compound words often have a compo-
sitional sense that differs from the literal reading;
a trait that is emphasized in the PARSEME guide-
lines. For instance, the noun compound husbil
(hus+bil) means ‘camper’ or ‘trailer’, but the literal
meaning reading is ‘house car’.

Kurfalı et al. (2020) form a dataset of 96 Swedish
verbal, nominal, and prepositional MWEs from
SALDO paired with human-judged scores for de-
gree of compositionality. They compare the human
judgment with scores from computational vector
models, and find that these agree poorly. Further-
more, Tiedemann et al. (2022, 2024) attempt to
relate MWEs extracted from SALDO to the lan-
guage proficiency levels of the Common European
Framework of Reference (CEFR). They compare
difficulty rankings of MWEs by L2 learners and
teachers of Swedish to frequencies in course books
and learner-produced texts at different proficiency
levels. Tiedemann et al. (2024) also suggest that
more transparent MWEs with a lower composition-
ality are easier for L2 speakers to learn, whereas
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less transparent MWEs are more difficult.

3 Corpus Description

In this section, we give an overview of the Swedish
PARSEME releases, including our latest annota-
tions, and discuss inter-annotator agreement.

3.1 Swedish PARSEME Releases

Swedish was present in the first PARSEME release,
version 1.0 (Savary et al., 2017), with a very small
dataset covering 200 sentences, sampled from the
Swedish Newspaper Göteborgsposten (GP). Three
annotators were involved in this release. Swedish
was not part of release 1.1 (Ramisch et al., 2018).

From release 1.2 (Ramisch et al., 2020), Swedish
was added again, now with considerably larger
corpora. From this release, the data to annotate
was taken from the Swedish Universal Dependen-
cies treebanks Talbanken6 and PUD7, containing
human-annotated morphosyntactic information and
lemmas. This data was annotated for MWEs by
a group of six annotators, covering the training
section of Talbanken. Release 1.3 (Savary et al.,
2023a) was an extension of 1.2, annotated by two
annotators from release 1.2, covering all of Tal-
banken. Up to release 1.3, only VMWEs were
annotated. The annotation group from releases 1.2
and 1.3 received initial training, followed by regu-
lar email discussions about borderline cases.

Release 2.0 covered all MWE types, and was
annotated by a team of five annotators, partially
overlapping with the team from version 1.2/1.3.
Most of the previously annotated data from Tal-
banken were reannotated with the new guidelines.
In addition, all data in the PUD treebank was an-
notated from scratch. The annotator team received
initial training, followed by regular meetings to
discuss annotation guidelines and tricky cases.

In this paper, we also describe a new annotation
effort, which we will tentatively refer to as release
2.1, where the annotations from release 2.0 are
revisited, and the remaining part of Talbanken is
added. In this annotation phase, two annotators
from release 2.0 participated. These annotators
held discussions to resolve disagreements over the
interpretation of the guidelines from version 2.0.

6https://github.com/UniversalDependencies/UD_
Swedish-Talbanken/blob/master

7https://github.com/UniversalDependencies/UD_
Swedish-PUD/tree/master

3.2 Corpus Statistics
Table 2 gives an overview of all Swedish
PARSEME releases, and the distribution of
VMWEs. Table 3 gives further details on the MWE
distribution for the two releases that contain all
MWE types. Percent distributions of the MWE
categories are shown in Tables 6 and 7. Except for
release 1.0, all releases are reasonably sized, cov-
ering at least 4,000 sentences, and range between
1,991 and 4,904 MWEs. Among the verbal cate-
gories, it is clear that IVPCs are the most common
type, followed by LVCs and VIDs. The only rare
category is LVC.cause; all other categories have
close to or over 100 instances in our latest release.

Among the new MWE types added in release 2.0,
AdvID is by far the most common type, followed
by NID and NV. The AdvID category largely con-
sists of prepositions followed by nouns for which
a morphological inflection would lead to ungram-
maticality or an unexpected change in meaning. In
many cases, the noun can only take the indefinite
singular form, as in (1). In other cases, the noun is
always in the definite form instead, as in (2).

(1) till
to

exempel
example

‘for example’

(2) i
in

onödan
non-necessity.DEF

‘unnecessarily’

We note that in all releases, except 1.0, that do not
cover them, multiword tokens are common. One
clear distinction between the releases is the propor-
tion of multiword tokens (%MWT). The guidelines
for when to consider a token as an MWT changed
between release 1.3 and 2.0, as described in Sec-
tion 4.2, resulting in a decrease in the proportion
of verbal MWTs from approximately 50% in re-
leases 1.2 and 1.3 to under 30% in releases 2.0 and
2.1. This change especially affected IVPCs, with
a much lower proportion in releases 2.0/2.1. This
change is also reflected in the number of MWEs per
sentence. The MWT rate is overall high in releases
2.0 and 2.1, though, to a high extent due to new
categories with a very high proportion of MWEs,
such as NID (97%), NV (100%), and AV (100%).
Another notable change is the increase of ConjID
from release 2.0 to 2.1, which is mainly caused by
a changed decision for common correlative con-
junctions like varken . . . eller ‘neither . . . nor’ and
både . . . och ‘both . . . and’, which are considered
as MWEs in release 2.1, but not in 2.0.
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Release Text source Sent. Tokens VMWE VID IRV LVC LVC IVPC IVPC
Total %MWT Per sent. full cause full semi

SV 1.0 News (GP) 200 3,376 56 0 0.28 9 3 13 31
SV 1.2 Talbanken 4,304 65,482 1,991 48.6 0.46 291 115 279 11 871 424
SV 1.3 Talbanken 6,026 96,820 3,155 51.2 0.52 441 237 417 10 1461 589
SV 2.0 Talbanken, PUD 5,553 90,392 1,779 27.9 0.32 396 186 389 19 494 294
SV 2.1 Talbanken, PUD 7,026 115,944 2,275 27.7 0.32 480 295 500 29 580 391

Table 2: Corpus overview and distribution of verbal MWEs for the Swedish PARSEME releases. Note that no
distinction was made between subtypes of LVC and VPC in release 1.0.

Release MWE Verbal Nominal Adjectival/adverbial Functional
Total %MWT Per sent. Total NID PronID NV AdjID AdvID AV AdpID ConjID DetID

SV 2.0 3,678 58.0 0.66 1,779 331 91 232 76 775 84 127 91 94
SV 2.1 4,904 53.7 0.70 2,275 492 111 318 98 929 116 187 222 156

Table 3: Overview and distribution of MWEs in editions that annotate all MWE types. For verbal distribution, see
Table 2.

F1-score
Sent. VMWE All MWE

SV 1.2 700 73.4 –
SV 2.0 500 46.3 47.0
SV 2.1 300 88.4 54.0

Table 4: Inter-annotator agreement as F1-score across
two annotators for three versions of the Swedish
PARSEME corpus.

3.3 Corpus Quality

For three of the PARSEME releases, we performed
double annotation to assess inter-annotator agree-
ment. For version 1.2, two annotators annotated the
same 700 sentences for VMWEs. In version 2.0,
the first version to contain MWEs beyond VMWEs,
500 sentences were annotated by a different set of
two annotators from scratch. For version 2.1, we
had no completely fresh data, so two annotators
separately annotated on top of the VMWE anno-
tations from version 1.3. Note, however, that the
guidelines for MWTs, as well as some guideline
interpretations, had changed between these two it-
erations, which affected a relatively large number
of VMWE instances.

To calculate agreement, we followed Savary et al.
(2026), and used the F1-score between the two
annotations, since calculating chance agreement,
which is needed for most agreement measures, is
challenging in cases like these, where relatively
few words in a text are annotated. Table 4 pro-
vides an overview of the results, reported both for
the full annotations and for the subset of version
2 annotations that are VMWEs. We note that the
agreement decreased from version 1.2 to 2.0, pos-
sibly due to the much more diverse sets of MWEs
being annotated, and new MWT guidelines being

developed during the course of the annotation (see
Section 4.2). Between releases 2.0 and 2.1, the two
annotators had a discussion about disagreements,
borderline cases, and the interpretation of the guide-
lines in release 2.0, which led to a higher level of
agreement in version 2.1. We especially note that,
although the annotations for verbal MWEs were
performed on version 1.3, the agreement scores are
higher for VMWEs than for version 1.2.

While the agreement scores for non-verbal cate-
gories are low, the consistency of the final dataset
is improved by the use of consistency checks
across files (see Section 2.1), where one annota-
tor goes through all annotations across files be-
fore each release. To give an indication of the
proportion of changed decisions, Table 5 shows the
F1-score of comparing the annotations before and
after consistency-checking for the top categories
of MWEs. For categories with subcategories, we
report macro F1-scores. Overall, VMWEs show
relatively few changes, with scores over 90 for
all types, further supporting that the annotation of
these categories is more consistent than for other
categories. Nominals, conjunctions, and deverbals
have considerably lower scores, between 62 and 84.
For conjunctions, this can mostly be attributed to
the decision to include correlative conjunctions as
MWEs (see Section 3.2).

As a further point of comparison, across lan-
guages for version 2.0, the average inter-annotator
agreement F1-score was 60.6, with scores ranging
from 20 to 99 (Savary et al., 2026). For 7 of the
14 languages for which inter-annotator agreement
was calculated, the F-score was below 65. This
warrants a detailed cross-lingual investigation into
agreement across PARSEME languages to deter-
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VID IRV LVC IVPC AV AdjID AdpID AdviD ConjID DetID NID NV
92 97 97 94 78 90 89 90 62 76 84 81

Table 5: F-scores per category when comparing corpus release 2.1 before and after consistency checks. For IVPC,
LVC, and deverbal categories, results are macro-averaged across subclasses.

mine whether the widespread low agreement scores
are primarily due to the new MWE categories in
other languages than Swedish as well. In addition,
a more detailed investigation of which categories
pose problems is needed. Such an investigation
could feed into a new, improved version of the
PARSEME guidelines.

3.4 Releases

Versions 1.0 to 2.0 described in this paper are al-
ready released, as part of multilingual PARSEME
releases. For the latest annotations, we plan to
release them in two ways: as part of the next
PARSEME release, 2.1 (which is currently not yet
scheduled), and as part of the next UD release, by
adding the PARSEME annotations to Talbanken
and PUD. The release of UD version 2.18 is sched-
uled for May 2026. Both releases will be under
permissive licenses.

4 Swedish-Specific Considerations

In this section, we discuss considerations for the
Swedish PARSEME annotation, first by describing
Swedish language-specific guidelines, and then by
discussing issues encountered during annotation.
While our discussion is based on a Swedish per-
spective, several issues are also relevant to other
languages, and we include some comparisons to
other Germanic languages.

4.1 Swedish-specific PARSEME Guidelines

The PARSEME guidelines include language-
specific tests that may relate to language-specific
MWE categories, more specific tests for some
MWE types, or elementary language features.
Swedish has language-specific tests for two issues
of the latter category, particles and MWTs.

4.1.1 Particles versus Prepositions
Particle verbs or phrasal verbs are pervasive in the
Germanic languages, and idiomatic uses of them
are covered by the IVPC category in PARSEME. In
many cases, particles are homonymous with prepo-
sitions in prepositional complements or verb pre-
fixes, and there is thus a need to be able to dis-
tinguish these cases. Language-specific rules cur-

rently exist for Swedish, English, and German,8,
but the need is also noted for languages from other
families, like Irish (Walsh et al., 2020). Exam-
ple (3) shows an ambiguous sentence in Swedish,
where a particle verb reading corresponds to the
English translation ‘visits’, whereas a prepositional
reading translates into ‘greets’. The main way to
distinguish particles and prepositions in Swedish is
through stress patterns, where particle verbs have
the primary stress on the particle, whereas preposi-
tional verbs have the main stress on the verb, with
an unstressed preposition (Svenonius, 2003). Thus,
the stress pattern is the basis of the decision rule
for Swedish in PARSEME.

(3) Hon
She

hälsar
greets

på
on

oss.
us

‘She visits/greets us.’

This rule contrasts with the English and German
rules, which are based on tests of movement and
insertion. In both English and German, the par-
ticle can be placed at the end of the sentence, as
in ‘she takes her clients in’, whereas in Swedish it
cannot. Additionally, English has a test based on
adjunct insertion, and German has a test for sep-
arable verb prefixes, which are not applicable to
Swedish; in contrast to German, where separated
and compounded forms of particle verbs are gov-
erned syntactically, Swedish particle verbs occur
either in a separated or compounded form based on
the expression, where some expressions can occur
in both forms, but sometimes with shifted seman-
tics between the forms (Norén, 1995). There could
be a possibility of a syntactic test for Swedish,
based on topicalizing the prepositional object, as
in (4), which is not possible with a particle read-
ing. However, this test can be challenging to apply
in certain cases (Svenonius, 2003), so even if it
were added as an additional test for particles in
Swedish, we still believe the test for stress patterns
is necessary.

8https://parsemefr.lis-lab.fr/
parseme-st-guidelines/2.0/?page=060_
Language-specific_tests/010_Particles,
_prepositions,_prefixes
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(4) På
On

oss
us

hälsar
greets

hon.
she

‘Us, she greets. *Us, she visits’

4.2 Multiword Tokens

To unambiguously identify multiword tokens
(MWTs) is crucial for identifying MWE candidates.
However, so far, Swedish is the only PARSEME
language with language-specific rules for MWTs.
We believe such rules should be added for other
languages as well, including German and Dutch,
which have a similar structure to Swedish regarding
MWTs.

For Swedish, there have been two iterations of
rules for MWTs, one for releases 1.2–1.3, and one
from release 2.0 forward. The first set of rules
was part of releases that covered only VMWEs,
meaning the rules for MWTs also covered only
verbal expressions. Thus, there was a first rule for
testing whether the expression was verbal. The
second rule, splittable, states that the expression is
an MWT if it can be used in its split form, with the
same or slightly shifted semantics. The third rule
is very permissive, and states that an expression is
an MWT if all of its components can be used as
standalone words with the same part-of-speech as
in the full token.

As discussed in Section 3.2, these rules have a
considerable impact on the number of MWTs and
thus also on the number of MWEs, especially for
IVPCs, where the first set of MWT rules is highly
permissive. They lead to many instances of MWTs
that passed the MWE guidelines but did not align
with the annotators’ intuition. Additionally, the
MWT rules needed to be extended to cover non-
verbal expressions for release 2.0. Keeping these
rules would have led to inconsistencies, such as:
not considering the verb för|lora (lit. ‘for LORA’)
‘lose’ an MWT, but considering the related noun
för|lust (lit. ‘for lust’) ‘loss’ an MWT and also an
MWE, since ‘lust’ but not ‘lora’ happens to be a
stand-alone word. These issues caused discussions
among the annotators of the 2.0 corpus version,
leading us to revise the rules before finalizing the
annotations for the release.

The rules for release 2.0/2.1 first test whether
the expression is a noun-noun compound (NNC).
Noun-noun compounding is very frequent in
Swedish, and it is ungrammatical to directly split
an NNC into separate graphical tokens, while some
NNCs can be split using prepositional comple-
ments. We still wanted to consider all NNCs as

MWTs to achieve a better cross-lingual compar-
ison with the many languages where NNCs are
written as graphically distinct words, such as in En-
glish, and thus are considered MWE candidates
in those languages. This means that an NNC
like bergs|kedja (lit. ‘mountain chain’) ‘mountain
range’ would be considered an MWT and thus it
can also be an MWE as can its English counterpart.

For any remaining MWT candidates, we keep
the splittable rule from before. We also note that
many nominal, adjectival, or adverbial expressions
that are deverbal could be split in their verbal form,
but not in their original form. We thus add a third
rule: if a non-verbal expression has a correspond-
ing verbal form that can be split with the same or
slightly changed semantics, it should be considered
an MWT, but only the tests for the deverbal classes
NV or AV should be considered. For examples of
deverbals, see NV and AV in Table 1.

As a result of the updated MWT rules, candi-
dates like genom|snitt (lit. ‘through incision’) ‘av-
erage’, där|för (lit. ‘there fore’) ‘because’, and
för|lust (lit. ‘for lust’) ‘loss’ are no longer consid-
ered as MWTs, whereas all NNCs are considered
as MWTs, so that those that fill the criteria for NID
are annotated as such. In addition, we now cover
the quite common class of deverbal MWTs.

The change in MWT guidelines affects the an-
notation of phrasal verbs (IVPC.full/semi), includ-
ing deverbal IVPCs. Swedish phrasal verbs that
have a split form, such as att hälsa på (lit. ‘to
greet on’) ‘to visit’ and att fråga ut (lit. ‘to ask
out’) ‘to interrogate’, can often be compounded
into particle+verb. Deverbal forms of phrasal
verbs are commonly compounded in such a way,
for example på|hälsad (lit. ‘on greeted’) ‘visited’
(AV.IVPC.full) and ut|frågning (lit. ‘out asking’)
‘interrogation’ (NV.IVPC.semi). There are many
cases of deverbal particle+verb compounds, such
as ut|bildad (lit. ‘out educated’) ‘educated’ (from
ut|bilda (lit. ‘out educate’) ‘educate’), where the
split verbal version is either not possible (*bilda ut)
or has a completely different sense from the com-
pounded verb. According to the previous MWT
guidelines, such cases would be annotated as de-
verbal IVPCs as long as the particle has primary
stress. With the new guidelines, however, such
words are not considered MWTs and are therefore
not annotated as MWEs.
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4.3 Issues for Swedish MWE Annotation
4.3.1 MWEs as Part of a Token
Due to frequent compounding in Swedish, the cor-
pus contains instances in which only part of a graph-
ical token belongs to an MWE, while other parts do
not. One example is the LVC.full in (5), where only
part of the compound word is a part of the LVC. In
other cases, an MWE can be embedded within an
MWT, such as the NV.IVPC.semi till|syn (lit. ‘to
see’) ‘supervision’ in (6) which has the verbal cor-
respondent se till (lit. ‘see to’) ‘look after’. With
the current PARSEME annotation framework, it is
not possible to annotate subtokens, which would
be preferable in this case, and thus, the full token
is annotated as an MWE. This issue has previously
been discussed with a proposed solution (Savary
et al., 2023b), but it has not yet been implemented,
as it requires changes to the entire annotation pro-
cess, including the ability to mark subtokens in the
annotation tool, process them during consistency
checking, and update the CUPT format.

(5) att
to

ha
have

vårdnads|rätt
custody-right

‘to have right to custody’

(6) barntillsynsproblem
barn
child

till|syns
supervision

problem
problem

‘child supervision issue’

4.3.2 Reflexive Particle Verbs
PARSEME recognizes several subtypes of
VMWEs, including idiomatic particle verbs
(IVPCs) and inherently reflective verbs (IRVs). In
Swedish, it is common for verbs to take both a
particle and a reflexive, as in (7) and (8). However,
there is no specific category for this combined
category; they thus need to be annotated as verbal
idioms (VIDs), which is the only possible category
for verbs with more than one argument. We
would advocate for the inclusion of an IVPC-IRV
category for these cases in PARSEME. This issue
would also need to be discussed in connection with
inherently adpositional verbs (IAVs), currently
experimental and not annotated for Swedish, since
they can also be combined with reflexives and
particles, as in slå sig ihop med (lit. ‘hit oneself
together with’) ‘gang up with’.

(7) att
to

bry
care

sig
oneself

om
about

‘to care about’

(8) att
to

ta
take

med
with

sig
oneself

‘to bring’

4.3.3 Splittability of Multiword Tokens
The updated guidelines for determining whether a
compound word is an MWE candidate (see Section
4.2) build on splittability, but it is not always clear if
a certain compound token is splittable or not. Many
compounds, especially adverbial compounds, orig-
inate from a co-occurrence of two separate tokens
that develop a new, compositional sense, and are
accordingly written together as one token more
frequently. For instance, över|allt (lit. ‘over every-
thing’) ‘everywhere’ originates from the two words
‘över allt’, but it cannot be used in a split form
anymore, and it is thus not an MWT according to
release 2.0 guidelines. In other cases, as with i|dag
(lit. ‘in day’) ‘today’ the compositional sense ‘to-
day’ can correctly be written also as two separate
tokens, ‘i dag’, which means that the form ‘idag’
is considered an MWT, according to the splittable
rule.

5 Comparison of Germanic Language
MWEs

To further contextualize the Swedish MWE anno-
tations, we compare the MWE distribution across
MWE types with that of other Germanic languages.
Since not all languages are available in each re-
lease, we select the latest release for each Germanic
language present in PARSEME: English 1.2, Ger-
man 1.3, and Dutch 2.0. We compare this with
the two largest Swedish releases, 1.3 and 2.1. Ta-
ble 6 contains an overview of this comparison for
verbal MWEs, and Table 7 contains an overview
for Swedish 2.1 and Dutch 2.0, which also contain
other MWE types. Some languages annotated the
experimental IAV category (Dutch, 80 instances;
English, 71 instances), which are not present in the
other treebanks. For better comparability, these are
excluded from the tables and analysis.

For all languages except English, as expected,
the proportion of MWTs is quite high, around 30%.
We note that our Swedish guidelines from release
2.1 give an MWT proportion that is more similar to
German and Dutch than the permissive rules from
release 1.3. We also note that the MWT propor-
tion for types other than VMWEs is considerably
higher for Swedish than for Dutch, with a large
difference for many categories , such as NIDs (97%
versus 13%) and AVs (100% versus 11%). This
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Total %MWT IRV IVPC.full IVPC.semi LVC.full LVC.cause MVC VID
Swedish 1.3 3155 51.2 7.5 46.3 18.7 13.2 0.3 0.0 14.0
Swedish 2.1 2275 27.7 13.0 25.5 17.2 22.0 1.3 0.0 21.1
Dutch 2.0 251 26.9 6.0 36.7 3.6 12.7 1.2 0.8 39.0
German 1.2 4041 30.7 8.0 43.2 4.8 7.7 0.8 0.0 35.6
English 1.3 1043 0.35 0.0 35.3 5.1 31.9 4.9 4.9 17.9

Table 6: Distribution of VMWEs for Germanic language releases in PARSEME and proportion of MWTs.

Total %MWT AV AdjID AdpID AdviD ConjID DetID IntjID NID NV Verbal
Swedish 2.1 4793 53.7 2.4 2.0 3.9 19.4 4.6 3.3 0.0 10.3 6.6 47.5
Dutch 2.0 527 25.6 2.8 1.3 3.1 20.1 1.5 4.4 0.4 6.8 4.6 54.5

Table 7: Distribution of MWEs for Germanic language releases in PARSEME and proportion of MWTs.

discrepancy calls for the synchronization of MWT
guidelines across the Germanic languages.

Among the non-verbal categories, there are no
major differences in distribution between Dutch
and Swedish, except that ConjID and NID are
more common in Swedish, which may interact
with the MWT decisions. For the distribution of
VMWEs, English, as expected, stands out from
the other Germanic languages, with no IRVs and a
high number of LVCs. Compared to Dutch and
German, Swedish release 2.1 has a higher pro-
portion of IVPC.semi and IRV, and a lower pro-
portion of IVPC.full. We believe that this is par-
tially due to guideline interpretations, which war-
rant a more in-depth comparison and discussion
for the coming releases. A notable difference be-
tween the languages is that Dutch and English have
annotated MVCs, whereas Swedish and German
do not. This is mainly due to the annotation of
expressions with (en) ‘let’/ (nl) ‘laten’, as in to
let someone know. While this construction exists
in Swedish (‘låta’) and German (‘lassen’), it has
not been considered an MVC for those languages.
The PARSEME guidelines currently have detailed
language-specific MVC rules for Hindi and Chi-
nese, with only a single rule on lexical inflexibility
applicable to other languages. Our interpretation is
that the let construction does not pass this rule and
should be treated as a regular syntactic construc-
tion; however, this needs to be revisited in future
guideline discussions. English also includes ‘get
rid’ and ‘cross examine’ as MVCs.

6 Recommendations

Here, we summarize issues that we recommend
the PARSEME community to address in order to
strengthen the annotation framework.
Agreement Perform an in-depth analysis of the

inter-annotator agreement across languages in

release 2.0, to see if there are general difficul-
ties across languages, and update the guide-
lines to address these issues.

Subtoken annotation Update the PARSEME
framework so that subtoken annotation can
be used for MWEs that include only a part
of a graphical word (See also Savary et al.,
2023b).

IVPC-IRV Create joint categories of VMWE
types that can co-occur, such as reflexives and
particles, and investigate how these classes
interact with the IAV class.

MWTs and particles To determine whether a to-
ken is an MWT or not, and to distinguish
particles from prepositions, create language-
specific rules where needed, and synchronize
these rules across languages.

Synchronize guidelines Synchronize the guide-
lines for Germanic languages, especially for
IVPCs and IRVs.

MVCs Improve the language-independent guide-
lines for MVCs and discuss the status of the
let construction.

7 Conclusion

We discuss the Swedish PARSEME corpus ver-
sion 2.1, and give a historical overview of previ-
ous Swedish PARSEME releases. We present an
overview of the Swedish annotations and discuss
Swedish-specific considerations, such as the han-
dling of particle verbs and multiword tokens. We
also provide an initial comparison of the annota-
tion of Swedish and other Germanic languages, re-
vealing some inconsistencies. The inter-annotator
agreement for Swedish is good for verbal MWEs,
but quite low for other types, which were recently
added to PARSEME. There is thus a need for a
renewed overview of the PARSEME guidelines for
Swedish as well as for other Germanic languages.
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Abstract

This paper presents the development of a
corpus of annotated multiword expressions
(MWEs) for Ukrainian. The resource covers
four major categories of MWEs: verbal, nom-
inal, adjectival/adverbial, and functional. We
describe the methodology used for data selec-
tion, the annotation scheme, and the procedures
employed during annotation. In addition, the
paper discusses some specific types of MWE
constructions, illustrating their usage with nu-
merous examples and addressing complex and
borderline cases. The resulting corpus is an
important resource for linguistic studies and
NLP tasks involving MWEs, and is publicly
accessible here.

1 Introduction

Multiword expressions (MWEs) – such as idioms,
light verb constructions, and collocations – play
a crucial role in both linguistic theory and natu-
ral language processing (NLP) (Constant et al.,
2017; Giouli and Barbu Mititelu, 2024). They
represent combinations of words whose meaning
cannot always be reasoned from their components
(non-compositional), and they are essential for ac-
curate parsing, translation, and lexical semantics.
The identification and correct processing of MWEs
have been shown to improve performance across a
wide range of NLP tasks, including machine trans-
lation, information extraction, and language mod-
eling. Therefore, the availability of high-quality
MWE-annotated corpora is very important for the
development of language technologies that can han-
dle idiomatic and non-compositional constructions
effectively (Savary et al., 2017).

For the Ukrainian language, MWE research con-
tinues to be fairly underexplored. However, despite
recent progress in Ukrainian NLP, there is still a
lack of systematically annotated data that repre-
sent the diversity and complexity of MWEs. This
gap is partly due to the linguistic characteristics

of Ukrainian – a morphologically rich and syntac-
tically flexible language, where free word order,
inflectional variation, and the presence of MWE
variants make automatic identification of MWEs
particularly challenging. Moreover, the lack of ex-
isting linguistic resources limits the ability to train
and evaluate computational models for Ukrainian
MWE detection.

In this article, we describe our experience in cre-
ating, annotating, and analyzing a new corpus of
Ukrainian multi-word expressions as part of the
multilingual PARSEME shared task1. The cor-
pus includes manually annotated MWEs and is
designed to support both linguistic research and
computational modeling.

This article is structured as follows. Section 2
discusses how phenomena corresponding to mul-
tiword expressions in the PARSEME framework
are treated within different areas of traditional
Ukrainian linguistics, including phraseology, and
different branches of grammar. Section 3 describes
the corpus structure and data sources. Section 4
outlines the annotation scheme and process, as well
as the types of MWEs, with examples. Section 5
addresses complex and borderline cases, includ-
ing specific constructions not fully covered by the
PARSEME scheme, such as multiword particles,
challenging instances of inherently adpositional
verbs, multiword adpositions, and the variation ob-
served within MWEs, based on the results of the
corpus analysis. Section 6 concludes the article and
outlines plans.

2 Multiword Expressions in Ukrainian
Linguistics

In Ukrainian linguistics, the term MWE is still not
widely used. Different types of MWEs are studied
within both phraseology and grammar.

Firstly, Ukrainian phraseology traditionally ap-

1https://gitlab.com/parseme/corpora/-/wikis/home
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plies a narrow approach to fixed expressions,
which includes only phraseologisms proper (id-
ioms). Proverbs and sayings, language clichés,
etiquette formulas, phraseme-like constructions,
and other fixed expressions are not included in this
analysis (Alefirenko, 1988; Bilonozhenko et al.,
1993; Uzhchenko and Uzhchenko, 2005). Accord-
ingly, well-known Ukrainian phraseological dictio-
naries contain only idioms (Bilonozhenko et al.,
2003, 1993), while proverbs and sayings are com-
piled separately (Nomys, 1993). Under this tra-
ditional approach, most types of MWEs are not
represented in lexicographic resources and are not
considered in the development of computational
tools.

Secondly, various types of MWEs are partially
described across separate branches of Ukrainian
grammar under different terminological labels. For
example, light verb constructions (LVC) corre-
spond to periphrastic verb-noun constructions or
periphrastic predicates, studied within functional-
communicative or semantic syntax (Zahnitko,
2001; Sytar, 2010). The term adposition idiom
(AdpID) corresponds to what is called a sec-
ondary compound preposition in Ukrainian gram-
mar (Vykhovanets’, 1980; Vykhovanets’ et al.,
2017), or alternatively prepositional equivalent or
prepositional analogue (Luchyk, 2006; Zahnitko
et al., 2007; Kushch, 2008; Zahnitko et al., 2009).
Conjunction idioms (ConjID), known as secondary
compound conjunctions, are recognized as a dis-
tinct structural type of conjunctions (Vykhovanets’
et al., 2017) and are described lexicographically in
(Horodens’ka, 2007; Luchyk, 2006).

The definition of inherently adpositional verbs
(IAV) is closely related to the well-developed con-
cept of verbal valency in Ukrainian grammar, in-
cluding valency-determined obligatory argument
positions of the verbal predicate (Vykhovanets’,
1988; Zahnitko, 1996; Masyts’ka, 1998) and the
concept of verbal government, which has also been
lexicographically documented (Kolibaba and Fursa,
2025).

3 Corpus Design and Data Sources

Research on multiword expressions has attracted
increasing attention in recent decades, with multi-
lingual NLP initiatives – such as the PARSEME
shared tasks (Savary et al., 2017; Ramisch et al.,
2020) – establishing common typologies and anno-
tation standards for over 30 languages. These ef-

forts have produced multilingual corpora that now
serve as essential benchmarks for automatic MWE
processing.

For Slavic languages, existing resources (e.g.,
for Polish, Czech, and Bulgarian) demonstrate that
rich morphology and flexible syntax consistently
complicate both annotation and automatic detec-
tion (Savary and Waszczuk, 2020; Stoyanova et al.,
2016; Pala et al., 2008). Until now, Ukrainian has
lacked a fully comprehensive systematically an-
notated MWE corpus. UD_Ukrainian-ParlaMint
(Shvedova et al., 2025) contains MWE informa-
tion partially through fixed dependency relations,
with heads annotated using ExtPos tags (exter-
nal POS feature indicating the effective part of
speech of an expression); however, this annota-
tion covers only two PARSEME categories (adjec-
tival/adverbial MWEs and functional MWEs)2.

3.1 Data Sources

All annotated data originate from the General Re-
gionally Annotated Corpus of Ukrainian (GRAC)3

(Shvedova, 2020). The selected texts come from
the Ukrainian Week newspaper (2013-2016), and
the data type is interview. Initially, the cor-
pus was automatically annotated using the UD-
Pipe 2 model for Ukrainian (ukrainian-iu-ud-2.15-
241121)4(Straka, 2018), providing lemmas, UPOS
and XPOS tags, and morphological features in
accordance with Universal Dependencies conven-
tions. Multiword expressions were then manually
annotated with the FoLiA Linguistic Annotation
Tool (FLAT)5, following the PARSEME MWE 2.0
guidelines.

3.2 Corpus Statistics

The current version of the corpus contains 12,078
sentences with a total of 198,555 tokens, includ-
ing 5,993 annotated multiword expressions. Each
document is enriched with metadata detailing its
source, genre, and publication year. Annotations
are provided in CoNLL-U format, ensuring com-
patibility with Universal Dependencies resources
and other corpus analysis tools.

The annotated MWEs are categorized as follows:
verbal – 2,804, nominal – 818, adjectival and ad-
verbial – 1,017, functional – 1,354, deverbal nouns
– 345, and idioms – 1,134.

2https://universaldependencies.org/uk/feat/ExtPos.html
3https://uacorpus.org/
4https://ufal.mff.cuni.cz/udpipe/2/models
5https://flat.readthedocs.io/
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It is important that our data consists of contempo-
rary journalistic texts containing newly emerging
multiword expressions that have not been docu-
mented in phraseological dictionaries. Ukrainian
phraseological dictionaries were compiled in the
late 20th and early 21st centuries, with their
primary sources being folklore and works of
Ukrainian literature from the 19th to 20th centuries.
Examples of such new expressions include vnu-
trišn’o peremiščena osoba ‘internally displaced per-
son’, tymčasovo okupovana terytorija ‘temporarily
occupied territory’, zeleni čolovičky ‘little green
men’ (unmarked soldiers), hlyboka sturbovanist’
‘deep concern’ (diplomatic formality masking inac-
tion).

The corpus also contains colloquial variants
of fixed expressions, e.g., vymušenyj pereselenec’
‘forced migrant’, povna majačnja ‘complete non-
sense’, vse po fen-šuju ‘everything as it should
be’ (lit. ‘everything according to Feng Shui’), vid-
pravyty na try litery ‘tell someone to go to hell’ (lit.
‘send to three letters’).

At the same time, the annotated MWE set in-
cludes prepositional units that have not previously
been described in Ukrainian grammars or dictio-
naries, such as komitet u spravax nacional’nostej
‘committee on nationalities’; na moment svoho
vidkryttja ‘at the time of its opening’; Riven’ ïï
pidtrymky kolyvajet’sja v korydori 60-70% ‘its sup-
port level fluctuates between 60 and 70%’.

Additionally, cases have been observed where
the meaning of well-known idioms has shifted; e.g.,
imperija zla ‘evil empire’, a phrase used by Ronald
Reagan in a 1983 speech to refer to the USSR, is
used in Ukrainian texts of recent years to denote
Russia as a country that continues the totalitarian
and imperial policies of the Soviet Union: – Why
do so few Russians sympathize with the Maidan?
– Because Russia is an empire. An evil empire.
A fragment of the Soviet Union, not yet ready for
something different. They want to rule over others;
the empire is still coursing through their blood.
(Ukrainian Week, 2014; our transl. from Ukr.)

Therefore, the created corpus can partly compen-
sate for the incompleteness of existing phraseologi-
cal and grammatical dictionaries of Ukrainian and
serve as a valuable resource for addressing various
NLP tasks.

4 Annotation Scheme

The annotation scheme for the Ukrainian MWE cor-
pus follows the general principles of the PARSEME
Shared Task 2.0 guidelines6, with adaptations that
reflect the specific grammatical and lexical prop-
erties of Ukrainian. The goal of the scheme is to
maintain cross-linguistic compatibility while ac-
curately capturing constructions characteristic of
Ukrainian. Figure 1 presents an example of an
output file from our corpus and illustrates the cor-
responding format.

The Ukrainian MWE corpus is distributed in the
standard .cupt format. The linguistic annotation fol-
lows the cupt column structure. Lemmas (column
3), UPOS tags (column 4), XPOS tags (column
5), morphological features (column 6), as well as
syntactic heads and dependency relations (columns
7-8), are automatically generated using UDPipe 2.
The UPOS and FEATS columns follow the Uni-
versal Dependencies tagsets, while XPOS is likely
based on the AnCora tagset. Additional metadata
in the MISC column (column 10) is also automat-
ically provided. The PARSEME:MWE column
(column 11) contains manually assigned labels for
multiword expression categories, including VID,
LVC.full, LVC.cause, IRV, and the experimentally
annotated IAV category. All automatic annotations
were produced using the UDPipe 2 model7.

In the following, we describe the main MWE
categories and subcategories, together with rep-
resentative examples of multiword expressions in
Ukrainian.

4.1 MWE Types

The top-level categories cover all syntactic types
of MWEs and include verbal MWEs (VMWEs),
nominal MWEs (NMWEs), adjectival and adver-
bial MWEs (AMWEs), and functional MWEs
(FuncMWEs). This comprehensive classification is
introduced in version 2.0 of the annotation guide-
lines, extending earlier versions of PARSEME that
covered verbal MWEs only.

During manual annotation, candidate multiword
expressions are classified using category-specific
decision diagrams. The annotation scheme distin-
guishes four major MWE classes: verbal, nominal,
adjectival/adverbial, and functional.

Verbal MWEs (VMWEs) are subdivided into
universal, quasi-universal, language-specific, and

6https://parsemefr.lis-lab.fr/parseme-st-guidelines/2.0/
7https://ufal.mff.cuni.cz/udpipe/2/models
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Figure 1: The output format of the Ukrainian MWE corpus is illustrated below using a sample sentence: U toj samyj
čas naša demokratija rozpadajet’sja na druzky. ‘At the same time, our democracy is falling apart.’ In this example,
the multi-word expressions toj samyj ‘the same’ (DetID) and rozpadajet’sja na druzky ‘falling apart’ (VID) are
annotated (MWEs are in red blocks).

an optional experimental category. Universal
VMWEs include light verb constructions and
verbal idioms, while quasi-universal categories
cover inherently reflexive verbs, idiomatic verb-
particle constructions, and multi-verb construc-
tions. Language-specific categories are defined
separately for each language, and an experimental
category is introduced for inherently adpositional
verbs.

Nominal MWEs (NMWEs) comprise nominal
idioms, pronominal idioms, and deverbal nominal
MWEs derived from verbal MWEs, inheriting their
subcategorization.

Adjectival and adverbial MWEs (AMWEs)
include adjectival idioms, adverbial idioms, and
deverbal MWEs derived from verbal constructions.

Finally, functional MWEs (FuncMWEs) form
a universal class and include determiner, adposition,
conjunction, and interjection idioms.

More details about the MWE subtypes and ex-
amples can be seen in Table 1.

This typology ensures comprehensive coverage
of syntactic and functional MWE types, providing
a consistent framework for manual annotation and
supporting subsequent computational processing.

Fig. 2 shows the distribution of Ukrainian multi-
word expression types by frequency. The vertical
axis lists the MWE types, while the horizontal axis
represents the number of occurrences of each type
in the corpus.

The distribution is uneven and highly skewed.
The most frequent type is IAV, which clearly dom-
inates all other categories with more than 1,200
instances. Other high-frequency types include
LVC.full, AdpID, and AdvID, each represented
by several hundred occurrences.

A noticeable but lower frequency is observed for
VID and NID, which form a medium-frequency
group. In contrast, many MWE types (such as
AV.LVC.cause, IVPC.full, MVC, and NV.VID) are

represented by only a few instances.
Overall, the diagram demonstrates a long-tail dis-

tribution typical of linguistic data: a small number
of MWE types account for the majority of occur-
rences, while most types occur rarely.

4.2 Annotation Process

Annotation was performed manually by two lin-
guists using the FLAT annotation platform8. The
annotators followed detailed written guidelines de-
rived from the PARSEME framework9. Ambigu-
ous cases and borderline expressions were dis-
cussed collaboratively to ensure consistency.

4.3 Quality Control and Agreement

To assess annotation reliability, a subset of 20 files
was independently annotated by two researchers.
Inter-annotator agreement (IAA) was calculated
using the MWE-based F-measure (Savary et al.,
2017), resulting in an MWE-based F-score of 54.
Disagreements were resolved through discussion
and guideline analysis.

The evaluation of MWE annotation shows sig-
nificant variation across categories, with functional
expressions showing the highest reliability. AdpID
and AdvID achieved the most robust results, with
F1-scores of 0.845 and 0.754 respectively, suggest-
ing that adpositional and adverbial idioms are more
easily identifiable in Ukrainian. Conversely, verbal
constructions such as IAV and LVC.cause suffer
from a severe recall gap (0.158 and 0.156), where
high precision indicates that while annotations are
accurate, a vast majority of instances remain unde-
tected. More detailed information about the eval-
uation scores for each MWE class can be seen in
Figure 3.

8https://flat.readthedocs.io/en
9https://parsemefr.lis-lab.fr/parseme-st-guidelines/2.0/
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Type / Subtype Examples / Description
LVC.full Semantically bleached verb (e.g., vyslovyty zaperečennja ‘to raise an objection’)
LVC.cause Verb adds causative meaning (e.g., spryčynyty rujnuvannja ‘to cause destruc-

tion’)
VID Verbal idioms (e.g., skakaty v hrečku ‘to commit adultery’, lit. ‘to jump into

buckwheat’)
IRV Inherently reflexive verbs (e.g., dozvolyty sobi ‘to afford’, lit. ‘to allow oneself’)
IVPC.full /
IVPC.semi MVC

Multi-verb constructions (e.g., daty (komus’) zrozumity ‘let someone know /
make clear’)

IAV (experimental) Inherently adpositional verbs (e.g., vplyvaty na ‘influence smth.’)
NID Nominal idioms (e.g., prymxa doli ‘whim of fate’)
PronID Pronominal idioms (e.g., odyn odnoho ‘one another’)
NV Deverbal nominal MWEs derived from VMWEs (e.g., znjattja sankcij ‘lifting

of sanctions’)
AdjID Adjectival idioms (e.g., tak zvanyj ‘so-called’)
AdvID Adverbial idioms (e.g., ostannim časom ‘recently’, lit. ‘in recent times’)
AV Deverbal AMWEs derived from VMWEs (e.g., ozbrojenyj do zubiv ‘heavily

armed’, lit. ‘armed to the teeth’)
DetID Determiner idioms (e.g., toj čy inšyj ‘a particular’, lit. ‘one or another’)
AdpID Adposition idioms (e.g., pid čas ‘during’, lit. ‘under time’)
ConjID Conjunction idioms (e.g., dlja toho, ščob ‘in order to’ lit. ‘for that to’)
IntjID Interjection idioms (e.g., Slava Bohu! ‘Thank God!’)

Table 1: Classification of multiword expression types with their main categories and examples.

5 Discussion

In this section, we discuss several notable features
and challenges encountered during the annotation
of Ukrainian MWEs, highlighting patterns that may
be relevant for other Slavic languages and suggest-
ing potential extensions to the existing classifica-
tion framework.

5.1 Particle Idioms

Our annotation experience with Ukrainian MWEs
suggests that the current classification employed
in the project would benefit from the inclusion of
an additional type, Particle Idioms (PartID). The
news corpus contains a considerable number of
multiword particles that, during annotation, were
assigned to the Other category: vse ž taky ‘after all
/ still / nevertheless’, navrjad čy ‘hardly / unlikely’,
xiba ščo ‘unless / except perhaps’, xoč by ‘at least’,
xoča b ‘at least’, etc.

We assume that multicomponent (compound)
particles are not specific to Ukrainian alone (Zah-
nitko and Karataieva, 2012), but are also charac-
teristic of other Slavic languages; cf. Czech kéž
by ‘if only / I wish’, ještě aby ‘as if (. . . were to)’:
Czech.: Kéž by se mu to povedlo! ‘May he succeed
in this!’ Ještě aby si stěžoval! Lit. ‘As if he were

to complain!’; idiomatic meaning: ‘He has no right
to complain.’ Polish: Trzeba próbować, a nuż się
uda? ‘You should try, what if it works?’ Płowa
zwierzyna to bądź co bądź zwierzyna szlachetna.
‘An ungulate is, after all, a noble animal’, lit. bądź
co bądź ‘be what be’.

During annotation, cases were found where
combinations such as particle+preposition, pro-
noun+preposition, etc. are used as compound parti-
cles, i.e., in contemporary Ukrainian, they function
as Particle Idiom (PartID): Jakščo ljudyna xoče
provezty vodu, ščodennyky, olivci, to do čoho tut
Služba bezpeky? ‘If a person wants to transport wa-
ter, diaries, pencils, what does the Security Service
have to do with it?’ Ščo za dyvyna taka xova-
jet’sja za cym terminom, my šče pohovorymo nyžče.
‘What kind of wonder lies behind this term, we
will discuss below.’ Novyny ne dyvljusja – ščos’
meni ne do nyx. ‘I don’t watch the news – I am not
in the mood for it’.

These cases are a zone of intersection between
MWEs and phraseme constructions. In the COST
Action CA2211510 Memorandum is indicated that
phraseme construction (PhraCons) is a construc-
tion that "consist of one or more lexically fixed

10https://www.phraconrep.com/
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Figure 2: Distribution of Ukrainian MWE types by frequency.

element/s (=anchor/s) and one or more open slot/s
(Dobrovol’skij, 2011). The slots must be filled
by lexical elements (=fillers) according to lexical,
grammatical, communicative, stylistic and into-
national rules. Although PhraCons are partially
schematic, they have an abstract overall meaning
that is usually idiomatic, which means it cannot be
attained simply by adding up the meanings of its
constituents". This specific type of construction
is the focus of COST Action CA22115 - A Multi-
lingual Repository of Phraseme Constructions in
Central and Eastern European Languages (Phra-
ConRep) (Braxatorisová, 2024), where Ukrainian
is among the 15 languages under study. The
structural, semantic, and pragmatic properties of
phraseme constructions in Ukrainian from the per-
spective of construction grammar are described in
(Sytar, 2017). It should be noted that in such con-
texts the phraseme construction is broader than the
MWE: the phraseme construction corresponds to
the pattern Ndat ne do Ngen (Meni ne do novyn. ‘I
am not in the mood for news.’), whereas the MWE
is limited to ne do.

5.2 Inherently Adpositional Verb (IAV)

As shown in Figure 2, our text corpus revealed
1,209 contexts of inherently adpositional verbs
(IAVs), which constitutes the absolute majority,
exceeding the predictably frequent nominal, adver-
bial, and verbal idioms (912, 815, and 523, respec-
tively). Cases of special optional and experimen-
tal inherently adpositional verbs (or prepositional
verbs) caused the greatest difficulties and required
discussion and agreement among annotators.

According to the project documentation, this
MWE type encompasses two groups of cases: "It
consists of a verb or VMWE and an idiomatic se-
lected preposition or postposition that is either al-
ways required or, if absent, changes the meaning of
the verb or VMWE significantly."11 Both subtypes
are present in Ukrainian:

a) verbs with mandatory postverbal prepositional
complement: asocijuvatysja z+Ins ’to be asso-
ciated with smth.’, vplyvaty na +Acc ‘to influ-
ence smth.’, gruntuvatysja na+Dat ‘to be based
on smth.’, naražatysja na+Acc ‘to face smth.’.

b) polysemous verbs, which have different mean-
ings with and without a prepositional complement:

11https://parsemefr.lis-lab.fr/parseme-st-
guidelines/2.0/index.php?page=iav#iav
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Figure 3: Precision, Recall, and F1-score across Ukrainian MWE classes.

rozraxovuvaty+Acc ‘to calculate smth.’ vs. rozrax-
ovuvaty na+Acc ‘to count on smth.’, zvil’nytysja
‘to become vacant’ vs. zvil’nytysja vid+Gen ‘to get
rid of smth.’.

Moreover, in the Ukrainian material we can iden-
tify polysemous verbs that occur both without a
prepositional complement and with different prepo-
sitional complements in different meanings, cf.:
tjažity ‘to gravitate’, tjažity nad+Ins ‘to weigh upon
smth.’, tjažity do+Gen ‘to gravitate towards smth.’

Finally, the theoretically well-developed con-
cepts of valency-predicted obligatory position and
valency-predicted optional position (Vykhovanets’,
1993; Zahnitko, 2001) proved difficult to differen-
tiate in practice. Firstly, this is due to the possibil-
ity of ellipsis – the omission of certain structural
components in a sentence, including prepositions,
which can be easily recovered from context, cf.:
Firmy konkurujut’, ščob prodaty teplo v merežu.
‘Companies are competing for the right to sell heat
to the network.’ (i.e. Firmy konkurujut’ odna z
odnoju ‘Companies compete with one another’ =
Firmy konkurujut’ miž soboju ‘Companies com-
pete among themselves’). Secondly, in colloquial
speech and social media posts, verbs may be used
without their prepositional complements in non-
normative way, cf.: To zaležyt’ vid bahat’ox čyn-
nykiv. ‘It depends on many factors.’ (normative)
vs. To zaležyt’. ‘It depends’ (colloquial). To za-
ležyt’ vid toho, jak pytaty. ‘It depends on how
you ask.’ (normative) vs. To zaležyt’, jak pytaty.
(Twitter 2017; colloquial, prepositional comple-

ment omitted).

5.3 Adposition idiom (AdpID)

A distinctive feature of Ukrainian MWEs is the
significant number of secondary multi-component
(compound) prepositions (Adposition idiom (Ad-
pID)): u mežax spravy ’within the scope of pro-
ceedings’, za pidsumkamy vizytu ‘based on the
results of the visit’. This is the third most common
class of MWEs, comprising 865 units (see Figure
2). Such units reflect the processes of grammati-
calization and phraseologization that are ongoing
in the current stage of Ukrainian language develop-
ment. For more information on the expansion of the
group of secondary prepositions in Ukrainian, see
(Zahnitko et al., 2007; Sytar and Zahnitko, 2025).

Similar processes within the prepositional and
conjunctional subsystems of Ukrainian are note-
worthy, and one can conclude that these units com-
pete, cf.: nezvažajučy na partiju ‘regardless of
party’ (preposition) vs. nezvažajučy na te, xto
do jakoï partiï naležyt’ ‘regardless of who be-
longs to which party’ (conjunction); nezaležno vid
rivnja osvity ‘regardless of education level’ (prepo-
sition) vs. nezaležno vid toho, jakyj riven’ osvity
vin maje ‘regardless of what education level he
has’ (conjunction); vidpovidno do real’nyx doxodiv
‘according to actual income’ (preposition) vs. vid-
povidno do toho, jaki ïx real’ni doxody ‘according
to what their actual income is’ (conjunction), etc.
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5.4 Variants of Idioms

Despite the fact that one of the characteristics of
MWEs is their fixedness or limited flexibility, vari-
ants of idioms that are easily identified by native
speakers and do not alter the holistic meaning of
MWEs have proven to be characteristic of contem-
porary Ukrainian. However, this very variability of
MWEs can complicate their automatic identifica-
tion in text and the performance of other NLP tasks.
According to our observations, idiom variants arise
through the following transformations:

a) constructions with zero copula, typical of
Ukrainian and other East Slavic languages: Istyna
zavždy poseredyni. ‘The truth always lies in the
middle.’ U straxu velyki oči. ‘Fear has big eyes.’
We classified such cases as verbal MWEs despite
the formal absence of the verb.

b) introduction of additional components into
MWEs: verbal phrase prolyty svitlo ‘to shed light’
modified by the adverbial particle troxy ‘a lit-
tle’: U rozmovi vin prolyv troxy svitla na per-
spektyvy ukraïns’kyx bankiv ‘In conversation, he
shed some light on the prospects for Ukrainian
banks.’ The verbal phrase povernutysja na Olimp
‘return to Olympus’ is modified by the introduc-
tion of the possessive adjective kyïvs’kyj: povernu-
tysja na kyïvs’kyj Olimp ‘return to the Kyiv Olym-
pus’. Common nominal idioms krok upered ‘step
forward’ and krok nazad ‘step back’: Te, ščo my
robymo, - krok upered, try vbik, potim odyn nazad.
‘What we are doing is one step forward, three
steps to the side, then one step back.’

c) replacement of components: the biblical ex-
pression prodaty za mysku sočevyčnoï jušky ‘to
sell (something) for a bowl of lentil stew’ is trans-
formed into prodaty za tarilku boršču ‘to sell
(something) for a plate of borshch’ (a traditional
Ukrainian dish): Such propaganda exploits the
servile mentality of the “nostalgic Soviet type”,
who is willing to sell freedom for a plate of borshch
(Ukrainian Week, 2014; our transl. from Ukr.).

d) omission of components: In the verbal phrase
zaxyščaty čest’ [svoho] mundyra ‘to defend the
honor of [one’s] uniform’, the noun for ‘honor’ is
omitted in the interview text: Vony [pracivnyky
sylovyx struktur] duže zaxyščajut’ svij mundyr.
‘They [law enforcement officers] strongly defend
their uniform’.

Special attention was required during annotation
for cases in which multiple types of MWEs were
combined: Amerykans’ka delehacija vxodyt’ do

skladu Parlaments’koï asambleï ‘The American
delegation forms part of the Parliamentary Assem-
bly.’: vxodyt’ do+Gen ‘to be part of smth.’ is an
inherently adpositional verb, and do skladu+Gen
is an adposition idiom, ‘in smth.’, lit. ‘into the
composition of smth.’. Centr protydiï teroryzmu
ta hibrydnym zahrozam sprjamovuje svoï zusyllja
na vidbyttja kiberatak ‘The Center for Countering
Terrorism and Hybrid Threats directs its efforts to-
ward repelling cyberattacks.’: sprjamovuje zusyllja
‘directs efforts’ is a light verb constructions, and
sprjamovuje na ‘directs toward’ is an inherently
adpositional verb.

These observations highlight the complexity of
MWE phenomena in Ukrainian and point to areas
requiring further investigation and annotation im-
provement. Currently, the annotation scheme does
not provide a mechanism to link the variants as al-
ternative forms of the same multiword expression.
In future work, it would be beneficial to incorporate
this functionality into the annotation framework.

6 Conclusions and Future Plans

The obtained results show an imbalance in the dis-
tribution of MWE types in Ukrainian interview
texts. On the one hand, this imbalance highlights
specific features of Ukrainian phraseology and
grammar. On the other hand, these findings require
further validation on a larger corpus and through
the inclusion of data from other text styles.

The analysis of Ukrainian data also indicates
the need to refine the existing MWE classification.
In particular, we propose introducing a separate
category within functional MWEs, namely Particle
Idioms.

As a direction for future research, we plan to
identify and analyze cases involving overlaps be-
tween different MWE types, which will contribute
to a more precise and comprehensive description
of multiword expressions in Ukrainian.

These findings and future research directions are
enabled by the creation of a dedicated Ukrainian
MWE resource. With the expansion of PARSEME
in 2025 to include additional MWE types and
languages, Ukrainian became part of the shared
task for the first time. Supported by the UniDive
project12, we successfully integrated Ukrainian into
this international initiative. Based on established
annotation guidelines and previous linguistic re-
search, the resulting resource represents the first

12https://unidive.lisn.upsaclay.fr/
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comprehensive corpus of Ukrainian multiword ex-
pressions and supports both theoretical research
and computational modeling.

Limitations

The presented resource has several limitations that
should be mentioned. First, the size of the corpus is
still relatively small compared to MWE datasets for
Romanian, Hebrew, and Polish languages (more
than 13,000 MWEs). Although it is useful for ini-
tial research, some rare constructions may not be
well represented. In the future, the corpus should
be expanded to include more text types and topics.

Second, even though the annotation scheme fol-
lows the PARSEME Shared Task 2.0 guidelines,
some Ukrainian-specific constructions do not fit
perfectly into the existing categories. In such cases,
annotators had to rely on internal decisions, which
may lead to small inconsistencies or unclear bor-
derline cases.

Third, the automatic linguistic annotation pro-
duced by UDPipe 2 (such as tokenisation, lemmas,
POS tags, or dependencies) may contain errors.
While MWEs were annotated manually and inde-
pendently of these layers, such automatic mistakes
can still influence how some expressions are inter-
preted.

Finally, the annotation was carried out by a small
group of annotators. Although they worked to-
gether and discussed difficult cases to ensure con-
sistent decisions, involving more annotators and
calculating formal inter-annotator agreement in fu-
ture work would further increase the reliability of
the resource.

These limitations point to several directions for
improvement, such as extending the corpus, re-
fining annotation rules, and adding more quality-
control procedures.
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Abstract
This study investigates whether eye-tracking
measures predict if a word is the final token
of a multi-word expression (MWE), focusing
on two understudied MWE types: fixed ex-
pressions (e.g., due to) and phrasal verbs (e.g.,
turn out). Using mixed-effects logistic regres-
sion, we compared tokens in MWE contexts
with the same tokens in non-MWE contexts.
Results reveal a clear difference in processing.
For fixed expressions, reading-time measures
significantly predict MWEhood. In contrast,
phrasal verbs show no consistent predictive ef-
fects. Additionally, we compared the reading-
time models to models that included GPT-2
surprisal as a predictor. While surprisal does
predict MWEhood, it fails to capture the dis-
tinction between types. These findings high-
light the need to consider MWE typology in
models of formulaic language processing.

1 Introduction

Across languages, certain word combinations,
known as multi-word expressions (MWEs), are
conventional patterns associated with specific
meanings or connotations. MWEs take diverse
forms, ranging from structurally fixed idioms with
figurative meanings (e.g., break the ice), to com-
pounds (e.g., sea water), which vary in composi-
tionality, and phrasal verbs (e.g., carry out), which
can be either compositional or idiomatic and are of-
ten lexically productive (Avgustinova and Iomdin,
2019).

MWEs are ubiquitous because they enhance lan-
guage efficiency through predictable transitions be-
tween words. Highly conventionalised MWEs can
be retrieved holistically from the lexicon rather
than incrementally processed, providing a process-
ing advantage over novel sequences (Siyanova-
Chanturia et al., 2017). From a communicative
perspective, MWEs reduce cognitive load for lan-
guage users, serving as devices that streamline pro-
cessing and facilitate comprehension (Conklin and

Schmitt, 2012). Many studies have demonstrated
the processing advantages of MWEs using eye-
tracking and event-related potentials (ERP). These
studies show that MWEs are generally read and pro-
cessed more efficiently than novel sequences, with
facilitation influenced by factors such as frequency,
predictability, familiarity, and type-specific prop-
erties (e.g., Siyanova (2010); Carrol and Conklin
(2020); Kessler et al. (2021)).

As shown by Carrol and Conklin (2020), dif-
ferent types of MWEs exhibit different cognitive
processing patterns. In the present study, we fo-
cus on two types: fixed expressions (e.g., due to,
out of ) and phrasal verbs (e.g., turn out, rush in).
These small lexical units have been understudied in
research on MWE processing. Our analysis focuses
on the final token of each sequence because MWEs
are characterized by highly predictable transitions
between constituent tokens. This predictability ad-
vantage is expected to manifest most clearly at the
final token, which is processed more rapidly when
it completes an MWE than when the same token
appears in a non-MWE context. To do this, we
compare tokens appearing in MWEs with the same
tokens when they occur in non-MWE contexts. Ad-
ditionally, we compare the results obtained using
reading-time predictors with models based on sur-
prisal estimates from a large language model, to
examine whether the surprisal behaviour of the fi-
nal token also differs according to MWE type.

2 Related Work

Eye-tracking studies have long shown that gaze
patterns are sensitive to linguistic and contextual
factors, including lexical frequency, verb complex-
ity, and ambiguity (Rayner (1975); Rayner and
Duffy (1986); Rayner et al. (2012)), providing a
foundation for understanding real-time processing
of multi-word expressions (MWEs) and formulaic
language.
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Frequency strongly influences MWE processing.
Siyanova (2010) found that high-frequency MWEs
are processed more efficiently by native speakers,
whereas non-native speakers benefit mainly from
very high-frequency items. Conklin and Schmitt
(2012) review evidence that MWEs are generally
read faster than novel sequences, with speed modu-
lated by frequency, predictability, and transparency.
Pellicer-Sánchez and Perez (2024) similarly high-
light frequency, familiarity, predictability, and de-
composability as robust predictors of processing
ease, especially for L1 readers.

Different MWE types exhibit distinct patterns.
Carrol and Conklin (2020) reported a general pro-
cessing advantage for idioms, binomials, and col-
locations, with type-specific effects: idioms were
sensitive to frequency, familiarity, and decompos-
ability; binomials to predictability and semantic
association; collocations to mutual information.
Kessler et al. (2021) extended this to spoken idioms,
showing listeners fixate predicted completions and
early semantic associates, with ERP data indicating
facilitated processing for correct completions.

Late gaze measures, including regressions and
re-reading, reliably distinguish MWEs from novel
sequences. Rohanian et al. (2017) showed that
combining gaze features with part-of-speech and
frequency enables computational models to predict
MWEs, consistent with findings that early gaze
measures are less informative (Siyanova-Chanturia,
2013).

The predictability of a final MWE element can
also be formalized with surprisal, the negative log
probability of an event (Shannon (1948)), with
higher surprisal leading to longer fixations. Onnis
and Huettig (2021) applied this to MWEs, showing
that frequent and predictable sequences are easier
to integrate, whether stored as chunks or composed.
Moreover, Alves et al. (2025) show that the nega-
tive surprisal slope over token sequences is a strong
predictor of MWEhood.

In this study, we focus on two under-studied
MWE types, using regression models to examine
whether reading-time measures predict MWEhood.
We also compare these effects with surprisal esti-
mates from a large language model, which have
been shown to predict reading times (Wilcox et al.,
2023).

3 Methodology

3.1 Data

We used two eye-tracking corpora: UCL (Frank
et al., 2013) and Provo (Luke and Christianson,
2018).

The UCL dataset includes self-paced reading
times and eye-tracking data from 361 English sen-
tences drawn from three novels. The participants
were native speakers and first-year psychology stu-
dents (104 self-paced readers and 42 eye-tracking
participants; mostly native speakers). Reading-
time measures include word-by-word response
times, first-fixation, first-pass gaze duration, and
total fixation.

The Provo Corpus contains eye-tracking data
from 84 native English-speaking adults reading
55 short passages (134 sentences, 2,745 words)
from news, fiction, and popular-science texts. Mea-
sures include fixation durations, number of fixa-
tions, skipping, regressions, and cloze-based pre-
dictability norms. Unlike isolated sentence corpora,
Provo captures more naturalistic, continuous read-
ing, making it particularly suitable for studies of
predictive processing.

Sentences from both corpora were automati-
cally annotated using the Universal Dependencies
framework with Stanza (Qi et al., 2020) and the
combined English model. Fixed expressions and
phrasal verbs were identified from tokens labeled
as fixed and compound:prt, respectively, and as-
signed a value of 1 (MWE), while tokens with
the same surface form but different labels were
assigned 0 (non-MWE).

3.2 Reading-time Measures and Surprisal

In this study, we focus on three widely used
reading-time measures (Rayner, 1998). First fix-
ation duration refers to the duration of the initial
fixation on a word during first-pass reading. Gaze
duration is the sum of all first-pass fixations on a
word, while total fixation duration represents the
total time spent fixating on a word, including re-
gressions.

First fixation duration reflects early lexical ac-
cess, gaze duration captures lexical and syntactic
processing during initial reading, and total fixation
duration indexes later comprehension stages such
as reanalysis and integration difficulties (Rayner,
1998).

For the comparison of reading-time measures
with surprisal, we estimated the surprisal of each
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word using the smallest GPT-2 model1 (Radford
et al., 2019). We use GPT-2 because prior work
has shown that surprisal estimates from larger
transformer-based language models often provide
a poorer fit to human reading times than smaller
models, likely because increased capacity leads
to representations that diverge from human incre-
mental processing (Oh and Schuler, 2023). Sur-
prisal values were extracted using the surprisal2

Python library. Word-level surprisal was computed
by summing the surprisal values of the constituent
subword tokens.

3.3 Regression Models

We performed logistic mixed-effects regression
analyses in R, using lme4 library (Bates et al.,
2015), to examine whether reading-time (RT) mea-
sures, tested one at a time, predict the likelihood
that a word is part of a multi-word expression
(MWEhood). Our analysis focusses specifically
on the final tokens that occur either in fixed expres-
sions or in phrasal verbs, comparing their behaviour
when they appear in MWE contexts versus non-
MWE contexts. For each token, we fitted a logistic
mixed-effects model with predictors including the
current word’s RT, word length, their interaction,
spillover RTs and word lengths of the two preced-
ing words, and random intercepts for participants
(Equation 1).

MWEhoodij ∼ RTij × WordLengthij
+RTi,j−1 + RTi,j−2 + WordLengthi,j−1

+WordLengthi,j−2 + (1 | Subjecti)

(1)

The same type of regression was conducted in
a second step, replacing the reading-time measure
with surprisal estimates derived from a GPT-2 lan-
guage model for the occurrences of the MWEs in
the Brown corpus (Francis, 1965).

Finally, to complement our analysis, we calcu-
lated the pointwise mutual information (PMI) for
each fixed expression and phrasal verb identified
in the corpora3. The idea is to test whether PMI
values can account for the differences observed be-
tween the reading-time models and the surprisal
models.

1https://huggingface.co/openai-community/gpt2
2https://pypi.org/project/surprisal/
3All MWEs extracted from the corpora for this study were

bigrams.

4 Results

4.1 MWE Identification

From the parsed sentences of both corpora, we
extracted several MWEs. In the case of fixed ex-
pressions, six were identified in the UCL corpus;
however, for four of these, the final token did not
appear in a non-MWE context (e.g., at least, in
order). Consequently, only instead of and out of
were considered, with the preposition of as the
analyzed token. In the Provo corpus, nine fixed
expressions were identified, but only due to and out
of had final tokens that also occurred in non-MWE
contexts.

Regarding phrasal verbs, seventy were extracted
from the UCL corpus. The ones retained for our
analysis included three with the particle on (knock
on, go on, and caught on), six with in (e.g., fill
in, step in), and seventeen with out (e.g., let out,
knock out). In the Provo corpus, fifteen phrasal
verbs were extracted, of which one had the particle
in (rush in) and five had out (turned out, help out,
dig out, built out, looked out).

4.2 Reading Time as MWEhood Predictor

Table 1 shows the significance and AIC values of
first fixation, gaze, and total fixation for the final
tokens of fixed expressions and phrasal verbs in the
UCL and Provo corpora, in predicting whether a
token is part of an MWE. Stars indicate statistical
significance (* p < 0.05, ** p < 0.01, *** p <
0.001, ns = not significant), and numbers in the
adjacent column represent the corresponding AIC
values of the regression models.

It is can be observed that reading-time measures
are statistically significant predictors of MWEhood
for fixed expressions in both corpora. The coeffi-
cients indicate, consistent with previous work, that
tokens are read faster when they form part of an
MWE. However, in contrast to earlier findings (cf.
Siyanova-Chanturia (2013)), we also find signifi-
cant and consistent effects for first-fixation dura-
tion, suggesting that MWE processing advantages
can emerge at earlier stages of lexical access than
previously reported.

On the other hand, for phrasal verbs, we ob-
served no significant effects (with the exception
of the particle out in the Provo corpus). Al-
though Kissane et al. (2024) reported that phrasal-
verb particles tend to be read more rapidly than
verb–preposition bundles, our results align with the
findings of Yaneva et al. (2017), who showed that
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Corpus Token MWE Type First Fix. AIC Gaze AIC Total Fix. AIC
Provo to Fixed Expression ** 294 * 294 *** 1959

of Fixed Expression * 107 ns 113 ns 491
UCL of Fixed Expression ** 522 ** 525 ns 531
Provo in Phrasal Verb ns 57 ns 57 ns 508

out Phrasal Verb ns 230 * 224 ns 1045
UCL on Phrasal Verb ns 513 ns 493 ns 504

in Phrasal Verb ns 655 ns 658 ns 661
out Phrasal Verb ns 806 ns 805 ns 805

Table 1: Significance and AIC values of reading-time measures for fixed expressions and phrasal verbs across
corpora. Stars indicate statistical significance (* p < 0.05, ** p < 0.01, *** p < 0.001, ns = not significant).

the final word in verb–particle combinations does
not differ in processing between MWEs and con-
trol phrases for either native or non-native speakers.
This is likely because readers often extract suffi-
cient information about particles before directly
fixating on them, resulting in high skipping rates.

In terms of AIC, models trained on the Provo
data show better predictive accuracy compared to
UCL models for first fixation and gaze duration.
However, when total fixation duration is used as a
predictor, the Provo-based models are less predic-
tive of MWEhood, suggesting that the status of the
token as part of an MWE has a stronger influence
during earlier stages of cognitive processing.

When replacing the reading-time measures in
equation 1 with surprisal estimates from GPT-2
(also for the previous tokens), we observe a signif-
icant effect (*** p < 0.001) for all tokens except
in. This suggests that surprisal does not distinguish
between MWE types in a way that reflects the cog-
nitive patterns observed in the eye-tracking data.
Additionally, the AIC values for models using sur-
prisal as a predictor are relatively high, over 3,000
for fixed expressions and over 1,200 for phrasal
verbs, indicating lower predictive accuracy com-
pared to models using reading-time measures as
predictors.

The differences observed in the reading-time
models may be due to structural differences be-
tween fixed expressions and phrasal verbs. While
the former function as grammatical units, the latter
behave as lexical items, which entails differences
in their overall cognitive processing. Moreover,
reading time reflects multiple stages of processing
such as lexical access, syntactic integration, and
comprehension, whereas surprisal is more limited,
capturing only how predictable a token is given the
preceding context. Table 2 presents the mean PMI

values for the fixed expressions and phrasal-verb
particles included in our analysis.

Token MWE Type Mean PMI
to fixed 2.53
of fixed 3.81
on PV 3.42
in PV 1.65
out PV 3.94

Table 2: Mean PMI values for fixed expressions and
phrasal verbs.

Analysing the PMI values of the fixed expres-
sions and phrasal verbs shows that fixed expres-
sions and verb–particle combinations with out and
on generally show the highest PMI scores, although
some variability is evident (e.g., the low PMI of not
to, 0.81). In contrast, phrasal verbs with in show
the lowest PMI values, which may help explain the
lack of significant effects when using surprisal as a
predictor. Overall, these results indicate that PMI
alone cannot account for the differences observed
in the cognitive processing of fixed expressions and
phrasal verbs.

5 Conclusion and Future Work

This study examined whether eye-tracking mea-
sures predict whether a word is the final token of a
multi-word expression (MWE), focusing on fixed
expressions (e.g., due to) and phrasal verbs (e.g.,
go out). Logistic mixed-effects regression analyses
were used to compare reading-time measures for
tokens appearing in MWEs versus the same tokens
in non-MWE contexts.

The results reveal a clear processing distinc-
tion between these MWE types. For fixed expres-
sions, reading times, including early measures such
as first-fixation duration, significantly predicted
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MWEhood. In contrast, phrasal verbs showed no
consistent reading-time differences. Additionally,
while surprisal estimates from GPT-2 generally pre-
dicted MWEhood, they did not capture this type-
specific distinction, and PMI values also failed to
account for the observed processing differences.

These findings highlight that MWE type matters:
fixed expressions, which function as grammatical
units, and phrasal verbs, which behave as lexical
items, engage distinct cognitive mechanisms de-
spite both being formulaic.

Although the present study focuses specific
classes of English MWEs, the proposed approach
is not inherently language-specific. It could be
extended to other languages by leveraging tokens
labelled as fixed in the Universal Dependencies
(UD) framework, which capture a wide range of
multiword expressions cross-linguistically. More-
over, while phrasal verbs are characteristic of En-
glish, the same methodology could be applied to
other MWE types, such as light verb constructions,
which are prominent in many languages.

Future work should extend this investigation to
additional eye-tracking corpora and other types of
MWEs not included in the present study.

Limitations

The findings of this study should be considered
in light of its limitations. First, the analysis re-
lies on data from only two eye-tracking corpora
(UCL and Provo), which constrains the number
and variety of multi-word expressions (MWEs)
available for examination. Consequently, many
fixed expressions and phrasal verbs were excluded
because their final tokens did not appear in com-
parable non-MWE contexts, reducing statistical
power and generalisability. Second, the findings
are specific to two MWE types (fixed expressions
and phrasal verbs); other important categories were
not tested with the same regression approach. Con-
sequently, idiomaticity, transparency, and semantic
compositionality are not examined in this paper.
Ideally, future eye-tracking experiments would in-
clude compounds in both compositional and non-
compositional contexts, enabling direct comparison
of reading-time measures.
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Abstract
In recent years, language models, both encoder-
only and generative, have been applied to a
variety of downstream NLP tasks, including
sequence labeling tasks like automatic multi-
word expression identification (MWEI). Mul-
tiple studies show that, in general, fine-tuned
encoder-only models like BERT tend to out-
perform pretrained generative LLMs on down-
stream tasks (Arzideh et al., 2025; Ochoa et al.,
2025; Bucher and Martini, 2024; Sebők et al.,
2025). However, such comparisons are sparse
for MWEI, in particular for French, in part
due to the lack of comprehensive gold-standard
datasets. In this study, we address this research
gap by comparing CamemBERT with gpt-oss
and Qwen3 for MWEI, using the French subcor-
pus of the newly released PARSEME dataset.
CamemBERT outperforms both LLMs by large
margins in precision, recall, and F1. We com-
plement this numerical evaluation with a quali-
tative analysis of prediction errors.

1 Introduction

Multi-word expressions (MWEs) are prefabricated
sequences of words that tend to be stored and
processed as whole units in memory, rather than
composed online from their individual components
(e.g. briser la glace (break the ice), lors de (at the
time of), poser [une] question (ask [a] question)
(Siyanova-Chanturia, 2013; Siyanova-Chanturia
et al., 2017). MWEs are ubiquitous in language and
are widely attested in different text types, making
automatic MWE identification (MWEI) a crucial
task in many natural language processing (NLP)
applications. At the same time, MWEI remains
a challenging problem due to the structural diver-
sity, variability, as well as semantic and syntactic
idiosyncrasies of MWEs.

In recent years, transformer-based encoder-only
language models have achieved strong performance
across a wide range of downstream NLP tasks, in-
cluding sequence labeling tasks like MWEI (Bello

et al., 2023; Garrido-Merchan et al., 2023; Bui
and Savary, 2024; Labusch et al., 2019). In paral-
lel, generative large language models (LLMs) have
gained increasing attention since 2022 and are now
widely used by scholars for diverse NLP tasks, of-
ten in zero-shot or few-shot settings (Gilardi et al.,
2023; Törnberg, 2023).

Despite this progress, systematic comparisons
between fine-tuned pretrained models and gener-
ative LLMs for MWEI remain limited, particu-
larly for languages other than English. This pa-
per addresses this gap by comparing a fine-tuned
CamemBERT model (Martin et al., 2019) with two
open-source LLMs, gpt-oss-20b (OpenAI, 2025)
and Qwen3-32B-AWQ (QwenTeam, 2025), provid-
ing a focused evaluation in the context of automatic
identification of French MWEs.

2 Related Work

Since the introduction of transformers technology
in 2017, pretrained encoder-only models like BERT
have proven to be powerful and versatile tools that
found their applications for MWEI as well. Fine-
tuned on gold-standard datasets, they show excel-
lent performance, achieving state-of-the art results
(Gombert and Bartsch, 2020; Premasiri and Ranas-
inghe, 2022). More recently, autoregressive LLMs
like GPT or Qwen also started to be used for non-
generative tasks, and researchers explored their ca-
pability to detect MWEs (Hashiloni et al., 2025;
Ide et al., 2025).

However, many endeavors in this field are only
tailored to detect MWEs in English (e.g., Schneider
et al. (2016)), which has much more training data
available in comparison to other languages. Ap-
proaches developed as part of PARSEME shared
tasks (Savary et al., 2017; Ramisch et al., 2020)
or using PARSEME data (Savary et al., 2023) do
foster multi-linguality and often consider French
MWEs (Bui and Savary, 2024). But PARSEME
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data released before 2025 only focused on verbal
MWEs, limiting considerably the scope of extrac-
tion.

For this reason, the recent publication of the
new PARSEME 2.0 corpora,1 which extend MWE
annotation to all grammatical categories, is an im-
portant milestone in the MWEI task. Using the
French subcorpus of this dataset, we aim to address
the existing research gap in the analysis of perfor-
mance of masked models and LLMs in identifying
French MWEs of all types.

3 Data and Models

3.1 Data

We use the updated French subset of the newly
released data for PARSEME 2.0 shared task. In
comparison to the previous releases, which covered
only verbal MWEs, this dataset includes MWEs of
all structural types. Since annotated test data was
not available at the time this study was carried out,
we use the train split for fine-tuning and extrac-
tion of few-shot examples and subsequently test the
models on the dev split. Table 1 below summarizes
some statistics about the data, and Table 6 provided
in Appendix B gives an overview of MWE classes
represented in the dataset.

Split Sentences Tokens MWEs MWE Classes

train 3,357 80,559 4,604 16
dev 373 9,353 531 13

Table 1: Data overview.

3.2 Models

We use the large version of CamemBERT2 (Martin
et al., 2019) as our main model for MWEI task.
CamemBERT is based on RoBERTa and has been
specifically trained on French data, making it ideal
for working with French MWEs. We further fine-
tune it for token classification using the train split
of the French PARSEME dataset. PARSEME an-
notations are converted to BIO format, preserving
the original tokenization, including split French
contractions. Table 3 illustrates how BIO annota-
tion was implemented. Fine-tuning is performed
for three epochs using the transformers3 Python

1https://gitlab.com/parseme/sharedtask-data/-/
tree/master/2.0/subtask1?ref_type=heads

2https://huggingface.co/almanach/
camembert-large

3https://pypi.org/project/transformers/

library, with the best hyperparameters selected via
grid search: a learning rate of 5e-05 and a batch
size of 16 (see Table 2).

LR BS Precision Recall F1

2e-05 16 .76 .79 .78
2e-05 32 .69 .73 .71
3e-05 16 .78 .83 .80
3e-05 32 .74 .78 .76
5e-05 16 .79 .82 .81
5e-05 32 .78 .82 .80

Table 2: Grid search results.

Additionally, we use two open-source LLMs
for prompt-based MWEI: gpt-oss-20b4 (OpenAI,
2025) and Qwen3-32B-AWQ (QwenTeam, 2025),5

which we will refer to as gpt-oss and Qwen for
brevity. Both models have strong multilingual ca-
pabilities, including in French. For instance, Qwen
shows similar performance on MMLU (Hendrycks
et al., 2021) and MMMLU6 benchmarks, which
test models’ multitask language understanding in
English (MMLU) and other languages (MMMLU).
On MMMLU, Qwen outperforms other models of
similar size (QwenTeam, 2025). While gpt-oss
performs slightly worse on MMMLU in compari-
son to MMLU, it achieves one of the highest scores
in French among languages other than English
(OpenAI, 2025).

We prompt both models via the transformers
library using the text generation pipeline and set-
ting the temperature to 0.2 for more deterministic
responses. Qwen was prompted both with and with-
out reasoning, while for gpt-oss the reasoning was
set to medium. The prompt consisted of a system
message and a user message. The system message
described the models’ role, defined the MWEI task,
and provided examples (at least three per MWE
type). The user message included the instruction
to identify MWEs in the provided target sentence.
We tested two versions of the prompt: in the first
one, the models were required to return MWEs as
pipe-separated strings, while in the second one the
models were prompted to annotate each sentence
token following the BIO scheme. For the final ex-
periment, we chose the former because the latter
resulted in an extremely high proportion of invalid
responses. The full final prompt is provided in
Appendix A.

4https://huggingface.co/openai/gpt-oss-20b
5https://huggingface.co/Qwen/Qwen3-32B-AWQ
6https://huggingface.co/datasets/openai/MMMLU/

viewer/default
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Tokens À le delà de cette querelle , l’ affaire est triste .
PARSEME 1:AdvID 1 1 * * * * * * * * *

BIO B I I O O O O O O O O O

Table 3: Example of BIO labels compared to PARSEME labels. Original tokenization
is preserved. English translation of the example: Beyond this quarrel, the matter is sad.

4 Results

4.1 MWE Identification

We evaluate the models on MWE level with a
conservative procedure (i.e. full match with true
MWEs required), considering both macro and
category-specific performance. As shown in Ta-
ble 4, CamemBERT outperforms by large both LLMs,
achieving an F1-score of 0.74. Open AI’s gpt-oss
ranks higher than Qwen in terms of precision, how-
ever achieves considerably lower recall. This may
be due to a high proportion of invalid responses
delivered by this model. In 128 cases out of 373,
it either produced endless repetitions or generated
irrelevant text output. For comparison, the propor-
tion of invalid responses by Qwen is notably lower:
nine in the run without reasoning and 36 in the run
with reasoning. As expected, enabling the reason-
ing for Qwen improves the performance, albeit only
in terms of precision.

Model Precision Recall F1

CamemBERT .73 .75 .74
gpt-oss .29 .21 .24
Qwen (no reasoning) .13 .36 .19
Qwen (with reasoning) .21 .36 .27

Table 4: Model performance on MWE level (macro).

For the more fine-grained analysis across MWE
classes, we grouped subcategories of the same
class into a single category. For example, light-
verb constructions with semantically bleached
verbs (LVC.full) and light-verb constructions with
causative meaning (LVC.cause) were both aggre-
gated under the category of light-verb construc-
tions. Since the task focused on identifying MWEs
without assigning specific class labels, we report
only recall, computed based on the labels provided
in the dataset.

As shown in Figure 1, CamemBERT achieves its
highest performance (over 0.8) for adpositional
MWEs (AdpID), complex conjunctions (ConjID),
deverbal nominal MWEs (NV), and pronominal
MWEs (PronID). Performance decreases notably
for light-verb constructions (LVC) and verbal id-

ioms (VID), dropping to 0.62 and 0.56, respec-
tively.
Qwen with reasoning enabled performs compa-

rably to CamemBERT in identifying ConjIDs and
NVs. Interestingly, the version with reasoning dis-
abled outperforms the reasoning-enabled variant
for all verbal MWEs, as well as for AdpIDs and
PronIDs. In general, Qwen achieves better results
than gpt-oss in all but one MWE category.

4.2 Qualitative Error Analysis

In this section, we conduct an error analysis, fo-
cusing on false positives, i.e. cases where word
sequences identified as MWEs by the models are
not considered as such in the dataset. For Qwen, we
consider only the results produced with reasoning
enabled.

When considering the false positives common to
gpt-oss and Qwen, a total of 143 cases is identified.
Of these, 70 token sequences are partial matches,
usually containing more tokens than those specified
in the PARSEME annotations (e.g., faire confiance
à (to trust + adposition) instead of faire confiance
(to trust)). In a few cases, both models identified
single tokens as MWEs (e.g., Ajaccio (Ajaccio),
contenu (content)), as well as single tokens fol-
lowed by punctuation (e.g., comment? (how?)).

By contrast, CamemBERT false positives, when
partially matching PARSEME MWEs, tend to con-
tain fewer tokens than required by the annotation
(e.g., sur la table (on the table) instead of être sur
la table (to be on the table)).

The FPs from gpt-oss and Qwen which are not
partial matches mainly fall into a small number of
recurrent categories (see Table 5). Most of them
are noun phrases (NPs), including fixed expres-
sions, domain-specific terminology, institutional
names, and proper nouns that do not correspond
to PARSEME MWEs. Verb phrases (VPs) and
prepositional phrases (PPs) form another important
group, typically involving frequent and formulaic
constructions. Less frequent false positives include
adverbial phrases (AdvPs), conjunctive phrases
(ConjPs), and discourse expressions, as well as
a small set of miscellaneous cases related to tok-
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Figure 1: Model recall performance across MWE classes.

FP Class Examples
NP prison ferme, durée de conservation, Royaume-Uni, Conseil supérieur de la

magistrature
VP faire aboutir, se focaliser sur, nous contenter de, se concentrer sur
PP sur le fondement de, sur le thème de, non loin de, en faveur de
AdvP une nouvelle fois, dans son ensemble, fort heureusement, mercredi soir
ConjP c’est pourquoi, ni l’un ni l’autre
DiscE voir aussi, chers collègues, monsieur le président
Other de le, eu/1/04/289/001, comment ?

Table 5: Main categories of false positives produced by GPT and Qwen, with represen-
tative examples for each class.

enization or metadata.
When restricting the analysis to CamemBERT false

positives that are not partial matches, most errors
correspond to isolated lexical units or complete but
non-idiomatic phrases. A large share consists of
noun phrases, including abstract nouns, technical
terms, and institutional or domain-specific expres-
sions (e.g., secteur économique (economic sector),
aide sociale (social assistance), gouvernement fan-
tôme (shadow government)). Another common
type consists of prepositional or adverbial phrases
that are syntactically well-formed collocations but
are not considered MWEs under the PARSEME
framework (e.g., en fuite (on the run), dans les
délais (on time / within the deadline), non loin
de (not far from)). CamemBERT also predicts single
verbs or function words and truncated elements that
do not constitute MWEs (e.g., laisser (to let), par-
lez (speak / talk [imperative or plural]) , il (he/it),
de (of/from), s’ (oneself / reflexive clitic)).

5 Discussion

Our findings confirm the initial expectation that
fine-tuned encoder-only language models outper-
form pretrained LLMs on the MWEI task. No-

tably, even fine-tuning LLMs or employing com-
plex prompting setups, such as chain-of-thought
reasoning, are unlikely to achieve performance
comparable to that of encoder-only models (see,
for example, the scores reported by Hashiloni et al.
(2025) on the CoAM dataset, which is similar to
PARSEME corpus). Besides, it is worth noting
that our fine-tuning approach was rather straight-
forward; more sophisticated strategies could poten-
tially result in even higher performance (cf. Bui
and Savary (2024)).

As shown in the previous section, all models are
better in identifying AdpID, ConjID, and NVs.
The first two of these classes are arguably the most
highly grammaticalized MWEs, which likely facili-
tates recognition by models. In contrast, the lowest
performance is observed for verbal MWEs (VID
and LVC), which show greater variability and are
frequently realized in discontinuous forms, posing
a substantial challenge for MWEI systems (cf. Bui
and Savary (2024); Constant et al. (2017)).

The error analysis of false positives reveals that,
due to the large number of partial matches, one of
the main challenges lies in correctly defining MWE
boundaries. Moreover, the presence of discontinu-
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ous forms may also explain the substantial number
of false positives consisting of single tokens.

6 Conclusion and Future Work

In this study, we compared the performance of fine-
tuned CamemBERT with two LLMs (gpt-oss-20b
and Qwen3-32B-AWQ) in the task of automatic iden-
tification of French MWEs. Our results show that
the fine-tuned model outperforms both LLMs by a
large margin, although Qwen shows comparable per-
formance in the identification of some MWE types.
Our error analysis reveals that CamemBERT tends
to underpredict MWE tokens, while both LLMs
generally return longer MWE sequences, often in-
cluding function words in MWEs. Future work
will incorporate multi-lingual masked models and
a wider selection of LLMs, including LLMs pre-
dominantly trained on French data. Additionally,
we will explore if using more fine-grained label
schemes can improve model performance.

Limitations

This study is subject to some limitations that should
be taken into account. First, our evaluations were
based on the dev data split due to the unavailability
of annotated test data. Second, this study used
a conservative evaluation strategy requiring a full
match between a true MWE and model predictions,
which penalises model performance. Nevertheless,
while a token-based evaluation will yield higher
scores, the margin is likely to remain in favour of
CamemBERT. Third, LLMs were prompted only in a
few-shot setting. Testing other prompting strategies
would give a more complete understanding of LLM
capabilities for the identification of French MWEs.
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A LLM Prompt

System message:
#Role
You are a professional annotator with strong lin-

guistic background. Your area of specialization is
multi-word expressions (MWEs).

#Task
MWEs are sequencies of at least two words that

show some degree of orthographic, morphological,
syntactic and/or semantic idiosyncrasy with respect
to what is considered general grammar rules of a
language. Your task will be to identify MWEs in
French texts.

#Input
You will be provided with a sentence in French

that may or may not contain MWEs.
#Instructions
Extract MWEs detected in the sentence if any.

If more than one MWE is detected, separate the
MWEs with a pipe (|). MWEs can be discontinous,
i.e. contain optional tokens that are not part of an
MWE. Do not extract such tokens.

#Output
Return the extracted MWEs. If no MWEs de-

tected, return the original sentence. Do not include
any additional text or comments.

#Examples
FEW-SHOT EXAMPLES
User message:
Identify MWEs in the following sentence: TAR-

GET SENTENCE
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B MWE Classes

MWE Class Description Examples
LVC.cause Causative light-verb con-

structions
susciter intérêt, entraîner réduction, apporter cohérence

LVC.full Light-verb constructions
with bleached verbs

avoir droit, faire appel, donner instructions

VID Verbal idioms venir en aide, donner un blanc-seing, avoir lieu
IRV Inherently reflexive verbs s’apparenter, se trouver, se rendre
MVC Multi-verb constructions faire valoir, laisser faire, entendre parler
NID Nominal idioms homme d’affaires, chaîne de radio, droit de vote
NV.VID Deverbal nominal MWEs

stemming from a VID
mise au point, retour à la normale, entrée en vigueur

NV.MVC Deverbal nominal MWEs
stemming from an MVC

savoir-faire

NV.LVC.full Deverbal nominal MWEs
stemming from an
LVC.full

ayant droit, prises de position

AdjID Adjectival idioms à part entière, en désaccord, de premier plan
AdvID Adverbial idioms en même temps, en principe, c’est-à-dire
AdpID Adposition idioms grâce à, lors de, aux termes de
ConjID Conjunction idioms parce que, à moins que, ou bien
DetID Determiner idioms plein de, majorité de, un peu de
IntjID Interjection idioms eh bien, bonne chance
PronID Pronominal idioms elle-même, tout le monde, quelque chose

Table 6: MWE classes in French PARSEME data.
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Abstract

IT-systems generate log messages contain-
ing important information about the system’s
health. To gather information about sys-
tem entities, we extract multi-word expres-
sions (MWEs) representing technical terms and
proper nouns from a wide range of log mes-
sages from 16 different real systems. We apply
Gries’ information-theoretic approach which
iteratively calculates the best MWE candidates
using an eight-dimensional ranking method.
These candidates are evaluated in an annota-
tion study, achieving a precision of 66 %. This
value is significantly higher than evaluations
on general-purpose texts, demonstrating the
higher occurrence of compound technical terms
and proper nouns in log messages. The MWEs
found can be used to reduce the number of
nodes in a system behavior graph while increas-
ing the information density of the nodes.

1 Introduction

Every computer system generates log messages.
Analyzing and interpreting these messages allows
conclusions to be drawn about the health of the sys-
tem and possible cyberattacks. Log messages are
intended to be read by developers who are familiar
with the computer domain and therefore contain
names of system parts, numbers, dates, memory
addresses, etc. Logs are often short incomplete
sentences (e.g. in most cases the subject is missing)
with few or no verbs but many technical terms (see
Listing 1 for examples). Thus, multi-word expres-
sions (MWEs) make up a larger proportion than in
general English texts.

This work forms the basis for our subsequent
research, in which we construct a behavior graph
from log messages. In the first modeling step, each
token represents a node in the graph, resulting in
large graphs. The more nodes we can eliminate
from this point onwards while retaining all relevant
information, the more efficiently the downstream

graph neural network (GNN) can work, since there
will be fewer nodes and higher information density.

Established methods for finding MWEs can help,
as several tokens can be merged into one that
is more descriptive. Technical terms and proper
nouns in log messages are valuable because they
describe or reference an entity in the system. This
allows us to reduce the number of tokens as well
as specify the systems entities more precisely.

The concepts of log parsing and current work in
the applications of NLP on log messages as well as
MWE extraction methods are described in Section 2.
Section 3 shows how we process log messages and
extract MWEs as technical terms and proper nouns.
The results of our annotation study are presented
in Section 4. Finally, we conclude our findings in
Section 5.

2 Related Work

Listing 1: Example log lines from the Linux dataset con-
taining month, date, time, log level, logging component
and the log message (bold).
Oct 23 12:40:02 combo cups -lpd [22514]:
↪→ Unable to get command line from client!

Oct 25 10:08:47 combo kernel:
↪→ Inode-cache cache hash table entries: 16384 (order: 4,
↪→ 65536 bytes)

Nov 22 14:31:58 combo kernel:
↪→ httpd: page allocation failure. order:0, mode:0x1d2

Nov 22 14:32:24 combo kernel:
↪→ sendmail: page allocation failure. order:0, mode:0x1d2

Dec 6 12:22:57 combo kernel:
↪→ PID hash table entries: 512 (order: 9, 4096 bytes)

2.1 Log Parsing
System logs are notoriously unstructured and often
include metadata such as timestamps, log levels,
or logging components. Parsing these raw logs
into their building blocks, metadata, and log tem-
plates by identifying static and variable parts is
a common method. Zhu et al. (2019) provide an
open-source toolkit to compare the accuracy of 13
different log parsers on a benchmark dataset, which
was later published independently as Loghub (Zhu
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Figure 1: Our automated data processing pipeline applying Gries’ MWE extraction method.

et al., 2023). The aim is to correctly assign each
log message to the corresponding template.

Listing 1 shows some example lines of the Linux
dataset with metadata, the message itself is high-
lighted. Splitting metadata and messages from
Listing 1 and parsing them leads to the templates
shown in Listing 2, where each variable part was re-
placed by <*>. Large amounts of log messages can
be reduced to a small number of templates. E.g.,
the Linux dataset consists of 25,000 log messages,
which result in 488 templates (Zhu et al., 2019).

Listing 2: Templates resulting from Listing 1. Under-
lined parts indicate the desired MWEs.
Unable to get command line from client!
<*> hash table entries: <*> (order <*>: <*> bytes)
<*>: page allocation failure. order:<*>, mode:<*>

2.2 NLP on Log Messages

NLP techniques are increasingly being used in log
parsing. PosParser (Jiang et al., 2024) uses PoS
tags to identify variable and static parts of log mes-
sages and thus infer the corresponding template.
The sequence of all verbs and the first noun play a
key role here. A similar approach is that of NLog
(Pi et al., 2019) in which all nouns are selected
as key candidates and filtered by frequency in the
dataset. The tool NERLogParser (Studiawan et al.,
2018) uses deep learning techniques to identify and
extract named entities from log messages. Shikha
and Timalsina (2022) use a similar deep learning
based named entity recognition (NER) method to
find templates in log messages.

Lv et al. (2021) use PoS tags to remove unnec-
essary words, and apply a multi-layer LSTM to
the embeddings of the remaining words to detect
anomalies. Li et al. (2022) use PoS tagging and
NER to generate a template vector again using
Word2vec that is used as input to a deep neural
network to find anomalies.

2.3 MWE Extraction

EXTERLOG is a tool for terminology extraction
from log files (Saneifar et al., 2009a,b). Co-

occurrences are extracted using PoS tags and the
resulting syntactic patterns. Pointwise mutual in-
formation (PMI) and the Dice coefficient are used
as ranking metrics. Gries (2022) uses 8 dimensions,
representing different, most information theoretic
properties of MWEs, in an iterative apporach.

Ben Youssef (2024) evaluated resulting MWE

candidates and reported a precision of 48% on En-
glish texts. Bagdasarov and Teich (2025) demon-
strate that Gries’ method can be transferred to Ger-
man and report a precision of 61 %.

3 From Logs to MWE Candidates

We use the 16 datasets from Loghub. They rep-
resent a wide range of software systems, such as
distributed systems, supercomputers, operating sys-
tems, mobile systems, server applications, and stan-
dalone software. In total, these datasets contain
over 400 million log lines.

We sampled 100,000 random lines from each of
the 16 datasets resulting in a total of 1.6 million log
messages. To achieve a sample that is diverse and
does not have many repetitions of almost identical
log lines, we used the established log parser Drain
(He et al., 2017) to extract log templates. For each
unique template we select one random example log
message. This prevents frequent templates from
being given excessive importance. After sampling
we have 10,631 log messages consisting of 121,310
tokens (see Figure 1).

To target technical terms, we pre-filter relevant
word types. Saneifar et al. (2009b) achieved better
results when they pre-filtered according to syntac-
tic patterns of PoS. With POSLOG (Dangendorf
et al., 2025), we have a tool that was developed
specifically for tagging log messages1. POSLOG

tags in Universal PoS-tags with 17 tags (Petrov
et al., 2012; Nivre et al., 2016).

For technical terms and proper nouns, nouns,
proper nouns, adjectives and adverbs are of special

1POSLOG also comes with a tokenizer that specializes in
log messages, which we have also used here.
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interest2. We mask tokens of other PoS so as not
to destroy the sentence structure. When forming
bigrams, masked tokens are skipped. For the MWE

extraction, 44,030 tokens remain unchanged.

3.1 Identifying MWE Candidates

To extract the MWEs, we use the method of Gries
(2022). This involves ranking all bigrams in several
iterations, with the best candidates being merged
into one token before the next iteration starts. This
way, even long MWEs are found if they achieve a
high ranking. For the ranking, an 8-dimensional
vector is generated for each bigram ab:

Frequency (1) is the overall occurrence of the
bigram, logarithmically dampened.

Dispersion (2) states how much the distribution
of the bigram across the 16 datasets deviates from
the distribution of the proportions of the respective
datasets using Kullback-Leibler divergence (KLD).

Type Frequency (3 & 4) counts how many dif-
ferent types follow a and precede b, dampened
logarithmically.

Entropy (5 & 6) calculates the normalized en-
tropy after a and before b. Similar to dimensions
3 and 4, but here the frequency distribution of the
following/preceding types is taken into account.

Association (7 & 8) gives the degree to which a
attracts b and b attracts a (calculated by KLD).

If not already normalized, these dimension val-
ues are min/max normalized to the interval [0;1]
for each iteration n. The dimensions are designed
in such a way that good MWE candidates generate
high values. In each iteration, the Euclidean dis-
tance to the origin of the hypercube is calculated.
The k MWE candidates with the highest distance
are selected as MWEs from the iteration and are
merged. For our experiment, we choose n=400 iter-
ations and k=5 and we get 2,000 MWE candidates.

Referring to the initial example in Listing 2, hash
table was found in iteration 22 and hash table en-
tries in iteration 47, page allocation in iteration
64 and page allocation failure in iteration 77, and
command line in iteration 159.

3.2 Post-Filter

We dropped MWE candidates based on three rules:
First, we filter out candidates whose tokens con-
tain punctuation characters like URLs, paths and
other tokens that are atypical for words (e.g.,

2A technical term built from adjective and noun would be
public key for example.

Table 1: Proportions of successful and unsuccessful
MWE candidates with majority vote.

MWE Candidates Count Rel.
Unsuccessful 253 34 %
Successful 492 66 %
Total 745 100 %

ccfile::copyfile, krbtgt/#24#@#24#). Sec-
ond, we filter out words with more than 15 char-
acters3 (e.g., ksserverupdaterequestdelegate).
Third, we exclude candidates whose last token does
not have the PoS tag NOUN or PROPN (e.g., too many,
so far). After filtering, we have 745 candidates.

4 Results

Three computer scientists annotated these 745 can-
didates. They annotated the extracted candidates as
being perceived as a technical term in the domain
of the dataset or not being a typical term in that
domain. The annotators agreed on 486 candidates:
346 accepted and 140 rejected. This results in a
Fleiss’ kappa for all annotators of 0.49, which is
in the middle range of moderate agreement. The
deviation in the annotation can be explained by
the fact that log messages are application-specific,
and each annotator has a different background of
experience. Additionally some phrases can be inter-
preted in multiple ways. The most common reason
for agreement deviation were noun phrases con-
sisting of adjective and noun. For example, public
key, floating point, and local host are established
terms in computer science and definitely belong to-
gether. Uncertain candidates include, for example
real time, excessive wakeups, read-only filesystem,
and remote host, where the annotators disagreed.

In the following we use the majority vote as gold
standard. For 66 % of the extracted MWEs (see
Table 1) the majority perceived the candidate as a
real technical term or proper noun, which proves
the effectiveness of the extraction method.

4.1 Classification

The annotators’ second task was to classify the
successful candidates, distinguishing between tech-
nical terms and proper nouns. The results can be
found in Table 2. A total of 424 technical terms and

3An analysis of over one million English words found
136 words longer or equal to 15 characters. We therefore
choose a limit of 15 characters to exclude long tokens
that are unlikely to be words. Archived link: https:
//web.archive.org/web/20090427054251/http://www.
maltron.com/words/words-longest-modern.html
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30 proper nouns were identified. The proportion of
proper nouns may seem small at first glance. How-
ever, we are dealing with MWEs, so single-token
proper nouns such as Linux or Google are not in-
cluded. The extracted proper nouns can be divided
into three subclasses: We found red hat linux in the
Thunderbird dataset as an example for a company,
dave jones in the Linux dataset as an example for
a person, and internet systems consortium in the
Thunderbird dataset as an example for a group.

Table 2: Classification results on successful MWE can-
didates with majority vote. Parity arises when two an-
notators voted for successful, but different classes.

Class Count Rel.
Technical Terms 424 86 %
Proper Nouns 30 6 %
Majority Vote 454 93 %
Parity 38 8 %
Total 492 100 %

4.2 Most Widely Spread Examples

The term file descriptor appears scattered across
most datasets: five times in four datasets in total.
Spread across three datasets each there are the fol-
lowing exemplary terms: configuration file appears
seven times, network connection six times, exit
status also six times, and lock file three times.

The low number of the same technical terms
across multiple datasets indicates that the language
used in the respective systems is largely indepen-
dent domain-specific terminology.

4.3 Occurrence in the Datasets

We found at least one MWE in every dataset sample.
In total, we found 454 technical terms and proper
nouns in 1,513 of the 10,631 (14.2 %) messages.

Combining these MWE tokens into one token
saves 1,859 of the 121,310 total tokens. This corre-
sponds to a savings rate of 1.5 %. The distribution
across the datasets is shown in Table 3. While the
Thunderbird dataset provides about a quarter of the
MWEs in this work, only one MWE was found in
the Apache dataset.

4.4 Longest Terms

The distribution of the successful MWEs candidates
by their count of tokens can be found in Table 4. Al-
most 80 % of MWEs consist of two tokens, 15.6 %
of three tokens, and 2.9 % of four. MWEs consist-
ing of five or more tokens make up the remaining
1.3 %. Examples are pci hot plug pci core from

Table 3: Token replacement counts per dataset. For ex-
ample, with the help of the successful MWE candidates,
490 tokens could be reduced in the Thunderbird dataset.

Dataset Count Rel. Dataset Count Rel.
Thunderbird 490 26.36 % OpenSSH 16 0.86 %
Android 361 19.42 % HPC 13 0.70 %
BGL 342 18.40 % Zookeeper 10 0.54 %
Mac 305 16.41 % Proxifier 5 0.27 %
Linux 168 9.04 % OpenStack 4 0.22 %
Hadoop 70 3.77 % HDFS 3 0.16 %
Windows 52 2.80 % HealthApp 2 0.11 %
Spark 17 0.91 % Apache 1 0.05 %

Total 1,859 100 %

Linux and google software update installer from
Mac. The longest technical terms we found con-
sist of six tokens coming from Thunderbird: usb
universal host controller interface driver.

Table 4: Distribution of successful MWE candidates by
their length in tokens.

Tokens Count Rel.
2 362 79.7 %
3 71 15.6 %
4 13 2.9 %
5 5 1.1 %
6 1 0.2 %

Total 454 100.0 %

5 Conclusion

Applying Gries’ method on log messages results in
a precision of 66 % for automatically finding tech-
nical terms and proper nouns, exceeding related
work and indicating more MWEs in log messages.

Limiting the results to these two classes reduces
the overall quality of finding MWEs in this evalu-
ation. Without pre- and post-filtering this method
also finds useful MWEs such as no such file or
directory, too many open files, or file not found.

As only very few MWEs appear in more than
three datasets, we conclude that logs use highly
domain-specific terminology. In other words, it
is to be expected that only a few of the MWEs
extracted here will appear in a new dataset.

Through multiple iterations, MWEs consisting
of up to six tokens were found. By combining
all successful MWEs candidates in the entire data
selection, we can reduce the number of tokens by
1.5 %. It should be noted that we have sampled
the data by templates, so this value may vary when
counted across all messages. However, this takes
us a step closer to our goal of reducing the number
of tokens and specifying the system entities more
precisely.
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Abstract

This paper presents an enhanced version of the
Romanian corpus previously annotated only for
verbal multiword expressions. The new release
extends the annotation to multiword expres-
sions of other parts of speech, following version
2.0 of the PARSEME guidelines. The corpus
has been expanded, its new part was automati-
cally morpho-syntactically annotated based on
the Universal Dependencies framework, fol-
lowed by extensive semi-automatic annotation
of multiword expressions across all morpholog-
ical categories. The paper also reports quantita-
tive data on the updated corpus and discusses
the distribution and characteristics of Roma-
nian multiword expressions. We also highlight
language-specific annotation challenges and is-
sues arising from the PARSEME 2.0 guide-
lines.

1 Introduction

Multiword expressions (MWEs) are everywhere,
yet notoriously slippery to define and analyze.
From idioms like go bananas to collocations such
as rancid butter and phrasal verbs like put up with,
these fixed or semi-fixed combinations of words
play a key role in how meaning is packaged and
conveyed. Understanding how MWEs function is
easier said than done, as their meaning often goes
beyond the sum of their parts. However, besides the
semantic non-compositionality, MWEs also exhibit
idiosyncrasies at other linguistic levels (Baldwin
and Kim, 2010): lexical, syntactic, pragmatic and
even statistical.

We present below the process of quantitatively
and qualitatively enriching the Romanian compo-
nent of the PARSEME corpus (Savary et al., 2023).
Its initial version (Barbu Mititelu et al., 2019) con-
tained annotations of only verbal MWEs, while
now MWE of all parts of speech have been anno-
tated. Another contribution of this paper is that
of offering feedback regarding the PARSEME 2.0

guidelines1 that were observed during the annota-
tion.

The paper is structured as follows: Section 2
presents the current work concerning MWEs both
within Romanian linguistics and in an international
context. In Section 3 statistics of the enriched cor-
pus is given. The types of MWEs annotated in
the data are inventoried in Section 4, alongside the
challenges their identification raises. We describe
our work methodology in Section 5 and make some
remarks on the frequency and variety of MWEs in
this corpus in Section 6. The issues we had in the
application of the decision trees of the PARSEME
guidelines 2.0 are presented in Section 7, before
concluding the paper.

2 Related Work

Related work concerns, on the one hand, the cur-
rent situation of research on MWE in the Romanian
language and, on the other hand, the larger inter-
national background against which our work has
been carried out.

The systematic study of MWEs in Romanian lin-
guistics dates back to the 1950s (Ioaniţescu, 1956),
with early focus on verbal MWEs (Dimitrescu,
1958). Over time, scholars have used varied termi-
nology and offered differing views on their defini-
tion, classification, and structure (Căpăt,ână, 2007).
A recent contribution to this field (Pană Dindelegan
et al., 2025) provides a detailed overview of Roma-
nian MWEs, covering theoretical issues (concepts,
delimitation criteria, graduality, and terminology)
and practical aspects (types, analysis methods, and
exercises). Aimed primarily at educational and
applied purposes, it offers representative invento-
ries and solutions to common difficulties, making
it a useful resource for students, teachers, and re-
searchers of Romanian grammar.

1https://parsemefr.lis-lab.fr/
parseme-st-guidelines/2.0/
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In recent years, there has been growing interest
in the computational analysis of Romanian MWEs
(for a larger context, see (Barbu Mititelu et al.,
2025)). A corpus annotated with verbal MWEs
is already mentioned above and was developed
within PARSEME COST Action2. The lexicon
of Romanian verbal MWEs (Leseva et al., 2024)
provides uniform descriptions of such MWEs at
several linguistic levels (lexical, morphologic, syn-
tactic, semantic, stylistic) (and in comparison with
a language historically in contact with Romanian,
i.e. Bulgarian, and with English). Additionally,
the Romanian Reference Treebank (Barbu Mititelu,
2013) has been annotated with multiword conjunc-
tions (Barbu Mititelu and Voicu, 2024) which were
assigned Penn Discourse Treebank relations (Web-
ber et al., 2019), facilitating deeper insights into
their syntactic and semantic roles.

Besides developing language resources (a cor-
pus and a lexicon), researchers have also been inter-
ested in developing systems dedicated to the task
of identifying MWEs in Romanian corpora (Boros
et al., 2017; Avram et al., 2023).

PARSEME has conducted a series of multilin-
gual annotation campaigns and shared tasks dedi-
cated to MWEs. Corpora for 20+ languages were
annotated with verbal MWEs and further used as
training, tuning and testing data for systems in three
shared tasks for automatic MWE identification in
corpora. One factor that made this effort even more
valuable was the annotation of MWEs observing
common guidelines developed with an eye to uni-
versality: a common typology of MWEs was cre-
ated for and tested on all languages involved, at
the same time making space for any particular lan-
guage specificity, i.e. language specific MWE types
were accepted and described.

The PARSEME annotation framework formal-
ized a consistent procedure for identifying MWEs
across languages, combining a decision-tree ap-
proach with cross-lingual validation and language-
specific clarifications (Savary et al., 2018). This
approach has been crucial for ensuring both com-
parability and adaptability across typologically di-
verse languages. With PARSEME 1.3 (Savary et al.,
2023), the multilingual corpus expanded to 26 lan-
guages, was aligned with Universal Dependencies
v.2, and further enhanced its linguistic coverage,
consolidating its position as a major resource for
multilingual MWE research.

2https://typo.uni-konstanz.de/parseme/

3 The Corpus

The PARSEME-Ro corpus consists exclusively of
journalistic texts published between 2003 and 2017,
and includes 56,703 sentences totaling 1,015,623
tokens (i.e. syntactic words and punctuation). In
this annotation campaign, we expanded the cor-
pus with 14,517 sentences (407,801 tokens), also
drawn from journalistic sources, in order to main-
tain genre homogeneity throughout the corpus. Ta-
ble 1 shows that the newly added data contains
longer sentences and represents about a third of the
final corpus.

The number and proportion of MWEs of differ-
ent parts of speech annotated in the corpus are ren-
dered in Table 2. We can see that functional MWEs
are the most frequent in the corpus. It is a closed
morphological class but indispensable in rendering
logical connection between syntactic units in sen-
tences. The ratio token/MWE is 22 (i.e., there is
an average frequency of one MWE per 22 tokens ),
which, correlated with the average sentence length
(20 tokens, see Table 1), means that each sentence
contains an average of 1.1 MWEs.

4 MWEs in Romanian

4.1 Types of MWEs occurring in Romanian
The types of MWEs currently represented in the
Romanian corpus follow the PARSEME guidelines
2.0 and are as follows:

• Verbal

– Verbal Idioms (VID): avea de gând
(‘have of thought’ “intend”), da viat,ă
(‘bring life’ “bring to life”)

– Light Verb Constructions (LVC)

* full: avea grijă (‘have care’ “take
care”), da citire (‘give reading’
“read”)

* cause: da asigurare (‘give assurance’
“assure”), pune la dispozit,ie (‘put at
disposal’ “provide”)

– Reflexive Verbs (IRV): se gândi
(“think”), se abt,ine (“refrain”)

– Inherently Adpositional Verbs (IAV):
conta pe (“count on”), depinde de (“de-
pend on”)

• Nominal

– Nominal Idioms (NID): bani gheat,ă
(‘money ice’ “cash”), bătaie de cap
(‘beating of head’ “trouble, nuisance”)
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Older data New data TOTAL data
sentences 56703 14517 71220
tokens 1015623 407801 1423424
tokens/sentence 18 28 20

Table 1: Statistics of the PARSEME-Ro 2.0.

MWE PoS # %
verbal 18084 28
nominal 8752 13
adjective/adverb 14672 23
functional 23093 36
TOTAL 64601

Table 2: Statistics on MWEs in PARSEME-Ro 2.0.

– Pronominal Idioms (PronID): câte ceva
(“something”), Excelent,a Sa (“His Ex-
cellency”)

– Deverbal Nominal MWEs (NV): aduc-
ere aminte (‘bringing to memory’ “mem-
ory, remembrance”), băgare de seamă
(‘putting of notice’ “attention, observa-
tion”)

• Modifier

– Adjectival Idioms (AdjID): cât un purice
(‘as big as a flea’ “very small”), de vină
(‘of guilt’ “guilty”)

– Adverbial Idioms (AdvID): de asemenea
(‘of the same’ “also, likewise”), s, i as, a
mai departe (‘and thus further’ “and so
on”)

– Deverbal adjectival / adverbial MWEs
(AV): cu luare aminte (‘with taking no-
tice’ “attentively”), avut în vedere (‘had
in view’ “considered, took into account”)

• Functional

– Determiner Idioms (DetID): tot felul de
(“all kinds of”), ca atare (“as such”)

– Adposition Idioms (AdpID): în legătură
cu (‘in connection with’ “regarding”), cu
except,ia (‘with the exception’ “except
for”)

– Conjunction Idioms (ConjID): astfel
încât (“so that”), pentru că (‘for that’
“because”)

– Interjection Idioms (IntjID): as, a să fie
(“so be it, amen”), nici vorbă (‘no word’
“no way, not a chance”)

4.2 Challenges in MWE Identification in
Romanian

As mentioned above, the MWE status is decided
based on the battery of tests organized as a decision
tree in the PARSEME annotation guidelines. Inher-
ent difficulties are detailed in the annotation guide-
lines (see Section 3 therein, e.g., the solutions pro-
vided for problematic reflexive expressions). Be-
yond these general challenges, MWE identification
in Romanian faces additional difficulties stemming
from the language’s specific lexico-grammatical
features.

Romanian is a language with rich morphology
(Pană Dindelegan, 2013), where some grammatical
categories have analytical expression. There are
specific word strings that warrant examination at
the morphology-lexicon interface. This concerns
primarily grammatical categories (e.g., the compar-
ative of superiority) and morpho-lexical (sub)types
(e.g., the supine, ordinal numerals, distributive nu-
merals, etc.). Some of these analytic forms may
acquire a specific, idiosyncratic meaning distinct
from the compositional meaning specific to their
paradigm. These sequences with a fixed idiosyn-
cratic meaning have been treated as MWEs (not as
converted analytical forms): e.g., the expression of
comparison (Mîrzea Vasile, 2012, 32-33) and in-
tensity (mai ales “especially”, mai curând “rather”,
mai mult “more”, mai put,in “except for”, cel mai
tare “especially”, etc.).

The supine is a non-finite verb form contain-
ing a grammaticalized functional preposition (de
“of”) and a deverbal abstract noun (Pană Dindel-
egan, 2013, 233-243). Supine forms with an id-
iosyncratic meaning were considered MWEs in
our annotation (AdvIDs or AdjIDs, e.g., de îm-
prumut “borrowed, unfitting”, de neuitat “unforget-
table”, de neînchipuit “unimaginable”), while those
in free syntactic configurations were omitted (e.g.,
termină de scris “finishes writing”, instrument de
scris “writing instrument”, apă bună de băut “wa-
ter good for drinking”, De băut, am băut. “As for
drinking, I drank.”).

Another characteristic of Romanian is the con-
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version (or zero-derivation) of adjectives into ad-
verbs. The few dozen adverbs suffixed with -es, te in
contemporary Romanian are most frequently used
in fixed expressions: a împărt,i frăt,es, te “to share
fraternally”, a fi răsplătit reges, te “to be rewarded
royally”, etc. (Mîrzea Vasile, 2012, 91-128).3

There are also many compositional adverbials with
quite regular structures, which were not considered
MWEs; e.g., în mod ‘in manner’ + adjective: în
mod special “in a special manner”, în mod necinstit
“in a dishonest manner”; cu/fără “with/without” +
abstract quality noun: cu prietenie “with friend-
ship”, cu dragoste “with love”, fără plăcere “with-
out pleasure”, fără frică “without fear”. The ex-
pressions that we retained are those which passed
the PARSEME tests: Cu plăcere! “My pleasure!”
(adverbial used as IntjID), fără seamăn “peerless,
incomparably” (AdjID/AdvID containing the cran-
berry old noun seamăn “resemblance”, cf. current
equivalent asemănare “resemblance”), fără stare
“restless, agitated” (AdjID, in which the noun stare
has a special meaning, “calm, tranquility”), etc.

In Romanian, there are the variable elements al
and cel, with semi-functional or functional status
depending on the context: e.g., al can be an oblig-
atory unbound possessive morpheme in contexts
of non-adjacency with the definite enclitic article,
and can function as a pronoun that cannot appear
independently; cel is a morpheme of the relative su-
perlative degree, but can also have a status similar
to that of a pronoun, etc. (Pană Dindelegan, 2013,
265-267, 309-318). Compositional constructions
with these elements were omitted, and those which
have developed a special meaning were annotated
as MWEs; e.g., ai mei “my folks” (but not ai mei
“mine” from: Pantofii tăi sunt curat,i, ai mei nu sunt.
“Your shoes are clean, mine are not.”), Cel de Sus
(please notice the capitalized words) “God” (but
not cel de sus “the above one”: El culege mărul
de jos, nu pe cel de sus. “He picks the apple from
below, not the one from above”).

5 Work Methodology

Our objective in this annotation campaign was to
automate part of the workflow to optimize the over-
all process. The main motivations for introducing
automation were the significantly larger number of
non-verbal MWEs targeted for annotation and the
inherent redundancy of functional MWEs, which
makes them particularly amenable to automatic

3Such examples do not occur in the corpus.

processing. All automatically generated annota-
tions were manually validated and, when necessary,
corrected, given that, as previously noted, the accu-
rate identification and labeling of MWEs remains
a challenging task. The following subsections out-
line the steps undertaken in the annotation process
of the PARSEME-Ro corpus in its 2.0 version.

5.1 Automatic Retrieval of MWEs from
Dictionaries

The automatic annotation approach was a resource-
based one, involving Romanian idioms and expres-
sions dictionaries. In selecting these linguistic re-
sources, we restricted our focus to dictionaries that
were already digitised, available online or in stan-
dard digital formats (e.g., .DOCX, .XLS, .PDF),
enabling automatic processing and eliminating the
need for manual scanning and subsequent OCR
processing.

Using dedicated scripts, information was ex-
tracted from PDF files in the case of three dic-
tionaries: DELS (Mărănduc, 2010), Dict,ionar de
expresii românes, ti în contexte, Vol. 1-4 (Dictio-
nary of Romanian Expressions in Context, (Ilincan,
2015)) and Dict,ionar frazeologic al limbii române
(Phraseological Dictionary of the Romanian Lan-
guage, (Tomici, 2009)). Through a combination
of automatic and manual processing, the result-
ing TXT files were parsed and curated to: (i) ex-
clude verbal expressions (as already annotated in
the previous versions of the corpus), (ii) remove
definitions, examples, usage notes, variants, lexico-
graphic cross-references, etc., (iii) expand expres-
sions in case of variants rendered as alternations
(e.g., the unique entry Majestatea Ta/Sa/Voastră
was split into three different PronIDs, namely Ma-
jestatea Ta “Your Majesty” (2nd person singular),
Majestatea Sa “His/Her Majesty” (3rd person sin-
gular) and Majestatea Voastră “Your Majesty” (2nd
person plural)), (iv) correct errors arising from the
automatic content extraction from PDFs (such as
end-of-line word segmentation, diacritics misen-
coding), and (v) format candidate MWEs as lists
with one entry per line.

The online dictionary Dict,ionarul ortografic, or-
toepic s, i morfologic al limbii române4 (DOOM,
The Orthographic, Orthoepic, and Morphological
Dictionary of the Romanian Language) offers the
possibility to retrieve and download lists of id-
iomatic expressions through queries targeting a

4https://doom.lingv.ro/
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specific part of speech. The online version of
Dict,ionarul explicativ al limbii române5 (DEX,
The Explanatory Dictionary of the Romanian Lan-
guage) was not downloaded, but it is a comprehen-
sive resource that was manually consulted at all
stages of human validation and annotation.

The MWEs extracted from the aforementioned
dictionaries were consolidated into a single inven-
tory after duplicate entries were removed. This
inventory was then automatically matched to the
corpus at the word-form level, and the resulting list
of matched MWEs (2,034 unique occurrences) was
carried forward to the next annotation stage.

5.2 Curation of the List of MWEs Extracted
from Dictionaries

The automatically matched MWEs list was manu-
ally validated and labeled with PARSEME MWE
categories by a team of six linguists, following a
two-step procedure to allow cross-validation. Each
expression was assigned one or more labels from
the label set in the PARSEME guidelines version
2.0, applying the test battery therein. Some of these
expressions were clearly erroneous, arising from er-
rors in the automatic extraction process, while oth-
ers were plausible MWEs but failed the PARSEME
tests corresponding to their specific part of speech.
All such expressions were subsequently labeled as
NOT MWE.

Entries that could be assigned two different parts
of speech given their possible distributions, and
consequently two distinct MWE labels, were ex-
panded into separate corresponding entries. For
example, the entry de mână (‘by hand’) was split
into de mână (AdjID), as in scris de mână (‘writing
of hand’ “handwriting”) (i.e., when having a noun
as its syntactic head), and de mână (AdvID), as in
scrie de mână (‘writes by hand’) (i.e., when hav-
ing a verb as its syntactic head). This duplication
procedure was not applied to MWEs exhibiting pol-
ysemy and, thus, occurring with the same part of
speech (e.g., în parte, labeled as AdvID, has the
meanings “partially” (Ai dreptate, în parte. “You
are right, partially.”), but also “separately, one by
one” (El răspunde la fiecare întrebare în parte. “He
answers each question separately.”).

Cross-validation was conducted, with each en-
try being independently validated by two annota-
tors. The overall inter-annotator agreement rate
was 57.9% (1,178 out of 2,034 total entries). A

5https://dexonline.ro/

third round of validation, carried out by a linguist,
was performed on the consensus dataset, while the
disagreement dataset was analysed in expert team
meetings until a consensus was reached. In certain
cases, conflicting annotations were both retained,
particularly when one of the annotators had ex-
panded an entry to account for two possible part of
speech labels. This is the case of the expression de
mână discussed above. In most cases, only one of
the competing labels was selected as correct, the
other(s) being annotation errors. In other cases,
the expression was reclassified as NOT MWE for
failing to pass the PARSEME tests battery, in spite
of being considered MWEs by the authors of the
dictionary from which they were automatically ex-
tracted, which once again shows that there is no
universally accepted definition of MWEs. For ex-
ample, fără risipă (“without waste”), initially la-
beled as AdjID, was ultimately retained as NOT
MWE, while cu judecată (“with judgment, ratio-
nally”), initially tagged as AdvID and AdjID, was
similarly reclassified as NOT MWE in the third
validation round (see Subsection 4.2 above).

Overall, 46.9% of the agreed-upon and 30.8% of
the disagreed-upon expressions (816 in total) were
classified as NOT MWE for failing the PARSEME
tests and were, consequently, excluded. The final
dataset, after expanding homonymous entries, com-
prised 2,010 MWEs.

5.3 Automatic MWE Annotation
The manually validated resulting list was used to
automatically annotate the PARSEME-Ro corpus,
by performing word-form level matching. When
identifying an expression for annotation, a win-
dow of up to two intervening tokens was permitted
between any of its components, accommodating
insertions typical of some MWEs. Although this
approach does not ensure full recall, it offers a
practical trade-off with precision, since the likeli-
hood of false positives increases with the number
of allowed intervening words.

5.4 Manual Correction of the Automatic
Annotation

A dedicated FLAT platform instance, configured
for the PARSEME project and providing individual
accounts for each annotator, was used for manual
validation of the automatically annotated corpus.
The same team of six linguists participated in this
stage, which involved: (i) removing one of the two
annotations in cases of homonymous expressions
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bearing two possible labels that could only be dis-
ambiguated in context: see the expression de mână
explained in subsection 5.2; (ii) correct the MWE
type label when a wrong one was automatically
assigned; (iii) adding or removing components of
an expression and (iv) deleting an annotation in
case of false positives resulting either from the al-
lowance of intervening tokens or from instances
with a compositional meaning. For example, the
construction de pret, ‘of price’ “precious” is consid-
ered AdjID only in contexts such as Am amintiri
de pret, din acel concediu. (‘Have-I memories of
price from that vacation’ “I have precious memo-
ries from that vacation.”). However, the automatic
annotation marked de pret, as AdjID even in con-
texts such as Marcatorul de pret, este un aparat
care. . . (‘Marker of price is a device that. . . ’ “A
labelling system is a device that. . . ”), in which case
the annotator removed the label.

At the same time, expressions that were not au-
tomatically detected required manual annotation.
This occurred primarily for three reasons:

• the list of manually validated MWEs was not
exhaustive and therefore did not include some
expressions that occur in our corpus. Such ex-
amples include expressions referring to mete-
orological warnings and alerts (cod portocaliu
“orange code”, cod ros, u “red code”), which
were classified as NIDs;

• the number of intervening words between the
components of an expression exceed the pre-
defined limit of two, e.g. Ei pun, fără nicio
îndoială, bazele statului modern. (‘They put,
without any doubt, the foundations of the mod-
ern state.’ “They are undoubtedly laying the
foundations for the modern state.”); a few
functional MWEs also allow for this: e.g.,
Au act,ionat fără ca măcăr atunci, în ultimul
ceas, să le pese de ce simt ceilalt,i. “They have
acted without at least then, in the last hour, to
care about what others feel.”;

• the notion of MWE sometimes cover more
than what is traditionally called expression
(see the case of terms that observe the
PARSEME definition of a NID), e.g., date
personale “personal data”.

As shown in Table 3, the automation of the proce-
dure significantly reduced the number of required
manual operations (see the great number of auto-
matically annotated MWEs left unchanged after

Operations #
Insertions 4579
Deletions 5177
Modifications 1474
Unchanged 24844
MWEs after manual correction phase 36074
Existing verbal MWEs 5891
Unchanged minus verbal MWEs 18953

Table 3: Operations done in the manual correction of
the automatic annotation step.

manual correction: 18,953). When counting un-
changed MWEs, verbal expressions annotated in
previous stages of the project were not taken into
account, but any insertion, deletion or modification
of verbal MWE was counted.

Unfortunately, due to time constraints and re-
duced number of staff, the files of the corpus were
manually checked only by one linguist. However,
in order to understand the extent to which the team
of annotators agree in their evaluation, a part of
the corpus was doubly annotated: 2000 sentences
were randomly selected from the automatically an-
notated ones and four pairs of annotators manually
checked them. We calculated the inter-annotator
agreement score using the scripts made available
by the PARSEME team (see (Savary et al., 2017)).
Its value is 0.78, which shows high consistency
among the annotators in our team.

5.5 Ensuring Annotation Consistency
A methodology to ensure consistency in the
PARSEME annotation, implemented at the project
level through a suite of Python libraries, reflects the
initiative’s commitment to producing high-quality
datasets. All annotations in the corpus are automati-
cally extracted and grouped according to the unique
MWE they pertain to, alongside occurrences of the
same sequences that were skipped during the au-
tomatic or manual annotation stages. This setup
allows human validators to examine all contexts of
a given word sequence and assess the MWE status
and assign a label for each occurrence. By present-
ing the user with MWEs in contexts, both similar
and divergent ones together, the process facilitates
more accurate and consistent annotation of MWEs.

When the manual consistency check was over,
the F-measure between the manual annotations and
the outcomes of the consistency check was calcu-
lated and its value is 86, which is indicative of a
fairly consistent corpus.
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6 Remarks on the Frequency and Variety
of MWEs in the PARSEME-Ro Corpus

As shown in Section 3, Table 2, functional MWEs
constitute the most frequent category (36% of to-
tal MWEs), followed by verbal MWEs (28%), ad-
jectival and adverbial MWEs (23%), and nominal
MWEs (13%). Within these main categories, the
distribution of subtypes exhibits varying degrees of
asymmetry: major imbalances (e.g., PronIDs are
significantly less frequent than fully lexical nomi-
nal MWEs; DetIDs are extremely underrepresented
compared to other functional MWEs), moderate im-
balances (AdpIDs show the highest frequency, yet
ConjIDs still register a substantial number of oc-
currences), or balanced distributions (AdjIDs and
AdvIDs).

As expected, the content categories (nominal,
verbal, adjectival, and adverbial expressions) ex-
hibit greater variety in the corpus compared to func-
tional ones (prepositional and conjunctional): e.g.,
the expressions (NIDs) amor propriu “self-esteem”,
cotă de piat,ă “market share”, (AdjIDs) în putere
“in force, powerful”, la cheie “turnkey”, (AdvIDs)
an de an “year after year”, cu zâmbetul pe buze
“with a smile on one’s face”, (VIDs) a sări în ochi
“to catch the eye”, a aduce pe lume “to bring into the
world, to give birth” have fewer than 5 occurrences
each, whereas functional ones (ConjIDs) pentru că
“because”, după ce “after”, după cum “as”, (Ad-
pIDs) în cazul “in the case of”, fat,ă de “compared
to” have between 200 and 500 occurrences each.

Also as expected, the list of MWEs from dic-
tionaries is only partially found in the corpus
(see Section 5.1); conversely, new MWEs not
recorded in dictionaries were identified. Thus,
of the 94 forms of polite pronominal expressions
listed in DOOM (grouped into 70 separate dictio-
nary entries), the corpus contains only scattered
occurrences of fewer than 10 distinct PronIDs
(Majestatea Sa “His/Her Majesty”, Sanctitatea
Sa “His/Her Holiness”, Preasfint,ia Sa “His/Her
Grace”, etc.). Therefore, the vast majority of polite
pronominal expressions included in the contem-
porary prescriptive dictionary DOOM (Luminarea
Voastră “Your Reverence”, Panevghenia Ta “Your
Eminence”, Preacucernicia Sa “Your Piety”, etc.)
seem not to be in current use. Manually identified
MWEs that are not included in consulted dictionar-
ies (i.e. 53% of the all unique MWEs annotated in
the corpus) include AdjIDs (e.g., de tristă amintire
“of bitter memory” (from the communist period in

Romania), NIDs (e.g., cod galben “yellow code”,
chestiune arzătoare “a burning issue”), AdpIDs
(e.g., funct,ie de “depending on”), etc.

As in other languages, some MWEs have been
borrowed or partially or totally loan-translated.
During the decision tree application process, we
observed that certain diagnostic features of these
expressions are due to the source language. For
example, the plural form fort,e “forces” in fort,ele
armate “armed forces” (NID) is borrowed through
translation from Fr. forces armées; the definite ar-
ticulated form of the noun in cu fort,a “by force”
can be similarly explained, cf. Fr. avec la force; in
contrast, the noun in cu putere “forcefully” lacks
an article. Some MWE elements have meanings
difficult to grasp outside these expressions; e.g., the
terminological senses of expressions containing the
noun fond (e.g., instant,ă de fond “court of first in-
stance” (cf. Fr. juridiction de fond), zgomot de fond
“background noise” (cf. Fr. bruit de fond), a judeca
pe fond “to judge on the merits” (cf. Fr. juger sur
le fond)); in the NID fond de rulment “working
capital” (cf. Fr. fonds de roulement), rulment is a
cranberry word — it does not occur independently
in Romanian nor in other expressions (it may be
mistaken for its homonym denoting a ball bearing).

Some MWEs, particularly those fixed in spe-
cialized registers, exhibit pleonastic features; e.g.,
funct,ionar public (NID) “civil servant” (by defini-
tion, see DEX, such employees work exclusively
in the public sector), drept pentru care (ConjID)
“wherefore, because” (both prepositions drept and
pentru express causality, the former being archaic).

7 Issues in Tests Application

In assigning the MWE status, as defined in the
project, the application of the proposed tests may
encounter several issues, a situation potentially ap-
plicable to other languages, not only Romanian.
Among these issues, three are particularly notewor-
thy:

• The cranberry status of a component within
an expression, a strong diagnostic test for all
MWE types, is sometimes difficult to deter-
mine, as it involves relatively subjective eval-
uations of (i) whether an element is archaic or
obsolete (no strict delimitation exists: some
outdated lexemes remain familiar to certain
speakers through literature, historical texts,
etc.), and (ii) the size of the closed set of con-
texts in which it still occurs. For example, the
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conjunction necum ’not-how’ is perceived as
archaic both when used independently (Ea nu
a văzut arma nici măcar în poze, necum în
realitate. “She hasn’t seen the weapon even in
pictures, let alone in reality.”) and when it ap-
pears in two other MWEs: necum să “so much
the less” (ConjID) and cum-necum “one way
or another” (AdvID); the stand-alone noun
preajmă is out of use and appears in two Ad-
pIDs: în preajma “in the vicinity of” and din
preajma “from the vicinity of”.

• The morphological inflexibility test is inopera-
tive for expressions containing generic nouns
or other types of defective forms, as morpho-
logical non-prototypicality in such cases has
internal semantic constraints. For example,
abstract nouns such as plac “liking”, libertate
“freedom”, dispozit,ie “mood”, pace “peace”,
sigurant,ă “safety” are inherently morphologi-
cally restricted as singularia tantum, and this
restriction carries over into expressions: pe
plac “to one’s liking” (AdvID), în libertate
“free(ly)” (AdvID/AdjID), s, i pace! “and that’s
it!” (IntjID), etc. Furthermore, in Romanian,
expressive or intensifying shifts between num-
ber values sometimes occur, as in la început
(sg.) → la începuturi (pl.) “at the begin-
ning” or fără margini “boundless” (pl.) →
fără margine (sg.) “without limit(s)”.

• In Romanian, the prohibited modification test
(available for NIDs, AdvIDs, AdjIDs, De-
tIDs), like the morpho-syntactic inflexibility
test, fails to determine the MWE status for
specialized terms when relative adjectives are
present (e.g., persoană fizică “natural person”,
placă turnantă “turntable”, politică externă
“foreign policy”, relat,ii publice “public rela-
tions”), as this class systematically blocks gra-
dation (*persoană foarte fizică ‘person very
physical’) and anteposition (*fizică persoană
‘physical person’, (Pană Dindelegan, 2013,
418-419)).

The annotation team discussed these issues and
established consistent guidelines.

8 Conclusions and Future Work

We presented here the most recent work for en-
larging and enhancing the Romanian corpus anno-
tated with MWEs, namely PARSEME-Ro. It is a

resource that will be coupled with an electronic lex-
icon of MWEs for Romanian (Leseva et al., 2024),
so that the linguistic description of the MWEs gets
more detailed.

Besides its importance for shared tasks and eval-
uation campaigns (the annotated corpus was used
in the PARSEME 2.0 shared task6), the corpus can
also serve as a resource for language learning, es-
pecially second language learning, as foreigners
can find here various contexts for a large number
of expressions.

The corpus is also relevant for the language spe-
cialists, who can find here a current snapshot of the
number, frequency, and inventory of MWEs in the
journalistic genre. When compared with existing
dictionaries, this can show the tendency of some
MWEs to become obsolete, as well as the appear-
ance of new ones. Of course, they need to take
this with a grain of salt, given that our corpus is
not representative of the whole journalistic writing,
let alone of the language in general. We are also
interested in extending the analysis of MWEs by
adding new text genres to the corpus and then no-
tice similarities and differences between them and
the journalistic one.
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Abstract

This paper explores the behavior of neural
machine translation models on two newly in-
troduced datasets containing noun-adjective
MWEs with different degrees of semantic am-
biguity and compositionality. We compare
general-domain machine translation systems
with fine-tuned models exposed to small sub-
sets of the target MWEs. By assessing the ef-
fects of the learning steps and corpus size, we
found that carefully designed fine-tuned may
improve MWE handling while mitigating catas-
trophic forgetting. However, our error analy-
sis reveals that models still struggle in several
scenarios, particularly when translating MWEs
with idiomatic meanings. Both the datasets and
the experiments focus on translation involving
Galician, English, and Spanish.

1 Introduction

In the last decade, Neural Machine Translation
(NMT) evolved from recurrent networks (Kalch-
brenner and Blunsom, 2013; Bahdanau et al.,
2015) to Transformer-based sequence-to-sequence
(seq2seq) architectures (Vaswani et al., 2017).
More recently, the use of Large Language Models
(LLMs) as translation engines has gained popular-
ity, especially due to their impressive performance
in high-resource languages (Zhu et al., 2024). How-
ever, the performance of seq2seq models in low-
resource languages remains competitive with cur-
rent LLMs (Robinson et al., 2023; Gibert et al.,
2025), while also providing other advantages such
as faster inference and lower computational energy
costs.

In either approach, incorporating new lexicon,
contexts, or textual domains in a Machine Trans-
lation (MT) system can be challenging. On the
one hand, training a model from scratch and ex-
ploring different hyperparameter configurations in-
curs substantial computational costs. On the other
hand, fine-tuning (FT) an existing model with new

datasets risks catastrophic forgetting, where gains
on the new data can lead to reduced performance
on previously learned contexts or domains (Mc-
Closkey and Cohen, 1989; Gu and Feng, 2020).

One particular challenge that NMT systems of-
ten struggle with is the accurate translation of Mul-
tiword Expressions (MWEs). In addition to being
pervasive across all languages (Ramisch, 2023),
MWEs present ambiguities at multiple levels. First,
from the perspective of semantic compositionality,
MWEs exhibit varying degrees of idiomaticity (e.g.,
the compositional apple tree, or red herring mean-
ing a ‘misleading clue’ idiomatically). Second, at
the level of individual components, some words
within MWEs have high degrees of polysemy (e.g.,
green bank where ‘bank’ may refer to a financial in-
stitution or to a river bank, while ‘green’ may also
have multiple senses). Finally, like single words,
MWEs can convey different meanings depending
on the context (e.g., glass ceiling as an ‘invisible
barrier’ or as a physical structure). Among other
factors, these make MWEs particularly challenging
to model, not only for NMT but also for neural
causal language modeling (Dankers et al., 2022;
Liu et al., 2025; He et al., 2025).

This paper investigates continual learning ap-
proaches for integrating MWEs into NMT models,
and evaluates their performance on such expres-
sions. We focus on the translation from Galician
(GL) to two languages: English (EN) —as an ex-
ample of a distant language— and Spanish (ES)
—a related language that exerts influence on Gali-
cian. Specifically, we present i) two new parallel
datasets (Galician-English and Galician-Spanish)
composed of sentences with MWEs with different
types of ambiguity;1 ii) an extensive set of experi-
ments assessing the influence of learning steps and

1The dataset is available at https://github.com/
marcospln/parallel_noun-adj_gl-en-es/. A subset of
manually created sentences is kept private to prevent data
contamination in future research.
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size of the training corpus; iii) quantitative analy-
ses comparing base and fine-tuned models; and iv)
a qualitative error analysis showing the effects of
the compositionality and frequency levels of the
MWEs on their translations.

Our findings show that i) the degree of overlap
in MWE composition seems to be a function of lin-
guistic proximity (i.e., Galician-Spanish MWEs are
more similar than Galician-English equivalents),
and this crucially affects translation performance;
ii) targeted fine-tuning can be an effective and effi-
cient strategy for enhancing MWE translation, al-
though only in some cases; iii) NMT still struggles
to translate MWEs, primarily due to idiomaticity,
with factors such as frequency and linguistic dis-
tance also contributing to the difficulty.

2 Related work

Recent studies in low-resource NMT demonstrate
that combining multilingual pre-trained models
with synthetic corpora can achieve strong trans-
lation performance even when high-quality parallel
data is scarce (Sant et al., 2024). Fine-tuning self-
supervised multilingual models such as mBART
on small parallel corpora has proven effective for
adapting to new language pairs (Thillainathan et al.,
2021). A key challenge in continual training is
catastrophic forgetting (McCloskey and Cohen,
1989). Several works analyze forgetting at both
module and parameter levels, showing that ex-
cessive parameter drift during domain adaptation
can degrade general-domain performance (Gu and
Feng, 2020). Complementary research highlights
that the extent of forgetting is related to the proper-
ties of the adaptation data, such as the introduction
of new target vocabulary (Saunders and DeNeefe,
2024). These findings suggest that careful, targeted
fine-tuning is less likely to harm overall translation
quality than broad domain shifts or large, uncon-
trolled adaptation datasets.

Instruction-based fine-tuning, originally devel-
oped for LLMs, has also been adapted to tradi-
tional encoder-decoder NMT systems. Such meth-
ods allow models to learn multiple translation
customization tasks jointly through compact fine-
tuning stages, demonstrating that specialized be-
haviors can be efficiently acquired without full re-
training (Raunak et al., 2024). According to recent
reviews, multilingual pre-training on generic lan-
guage tasks allows models to internalize shared
structures across languages. This shared knowl-

edge helps compensate for the lack of parallel data
during fine-tuning for translation (Ataman et al.,
2025).

In the context of MWEs and idiomaticity, early
work demonstrated the benefits of detecting and
specially handling phrasal verbs, which signifi-
cantly improved translation consistency and flu-
ency (Kordoni and Simova, 2014). In the same line,
MWE-aware NMT approaches using annotation
and data augmentation with external linguistic re-
sources have shown substantial improvements (Za-
ninello and Birch, 2020). More recent research on
Transformer-based NMT demonstrates that these
systems exhibit an excessive bias toward composi-
tionality, leading to systematic difficulties in model-
ing non-compositional expressions (Dankers et al.,
2022; Liu et al., 2025)

Several datasets have been released aimed at
evaluating the performance of NMT and other mod-
els on MWEs with different degrees of idiomatic-
ity, such as the English-based MAGPIE (Haagsma
et al., 2020), MultiMWE, including Chinese, En-
glish, and German (Han et al., 2020b), or the
also multilingual AlphaMWE —with the same lan-
guages and Polish— (Han et al., 2020a), recently
expanded to other varieties including Italian and
Arabic (Han et al., 2025).

Regarding NMT for Galician, the Proxecto Nós
(Nós Project) recently released state-of-the-art
models2, and its research reported benefits from ar-
chitectural adaptations such as smaller BPE vocab-
ularies, which consistently improve performance
across data scales (Outeirinho et al., 2024). New re-
sources, including the CorpusNÓS (de Dios-Flores
et al., 2024) and parallel datasets3, provide large-
scale training material for both NMT and LLM-
based translation models enabling improved trans-
lation quality in low-resource settings.

To the best of our knowledge, there is currently
no parallel MWE dataset for Galician that provides
manually curated translations together with annota-
tions for idiomaticity class, sense, and frequency.
Moreover, no prior work has specifically investi-
gated continual learning strategies for NMT with
a focus on MWEs including Galician. Our work
directly addresses these gaps.

2https://nos.gal/gl/proxecto-nos
3https://github.com/proxectonos/corpora#

traducion-automatica
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3 New parallel corpus of noun-adjective
MWEs

This section introduces two new parallel corpora
(Galician-Spanish and Galician-English) composed
of sentences containing fine-grained annotation of
noun-adjective MWEs.

Source data: The source data is the dataset pre-
sented by Castro et al. (2025), which comprises
240 noun-adjective MWEs in Galician conveying
322 different senses. Each of these senses is con-
textualized in up to 6 sentences, totaling 1,858 ex-
amples (average of 5.77 per sense). The initial
identification of the 240 MWEs was performed
using i) a dependency-based approach, i.e., extract-
ing contiguous and non-contiguous noun adjective
pairs linked by a dependency relation, and ii) a
frequency-based criterion, selecting expressions
from two ranges: high and low frequency.

MWEs’ properties: At the token-level, each con-
textualized MWE is classified according to its com-
positionality class in the given context as idiomatic
(e.g. obra morta, ‘freeboard’, literally ‘death job’),
compositional (e.g. centro comercial, ‘shopping
center’), or partial (e.g. campo magnético, ‘mag-
netic field’). At the type-level, MWEs that may
have different compositionality scales depending
on the context are marked as potentially idiomatic
expressions (e.g. montaña rusa, literally ‘Russian
mountain’ which can refer idiomatically to a roller
coaster or to an actual mountain in Russia).

Translations: Each of the 1,858 sentences was
manually translated into Spanish and English by
a professional translator, and then reviewed by a
second one, ensuring the quality of the parallel
resource. The translators were asked to perform
an adequate translation taking into account both
the meaning of the MWE and of the whole sen-
tence, so that the original MWEs (in Galician) were
not always translated by a MWE in the target lan-
guages (e.g. fondo mariño, literally ‘sea bottom’,
translated as ‘seabed’). During this process, the
translators also identified those elements in the new
sentences conveying the meaning of the original
MWE, allowing for further qualitative analyses.
The final resources are two parallel corpus com-
posed of bilingual pairs of 1,858 sentences. Table 1
includes some examples of the original sentences
and their English translations.

Semantic phenomena: The dataset contains
three main types of linguistic phenomena that may
challenge language modeling in general and NMT
in particular: i) compositionality class, including
idiomatic, partially idiomatic, and compositional
expressions (see examples above); ii) ambiguity
of the components: a component of the MWE,
namely the head, may have different meanings:
e.g., número enteiro, where número (‘number’)
may have the following three senses and corre-
sponding translations: mathematical (‘integer’),
graphical (e.g., ‘whole number’), journalistic (‘full
issue’, as in the complete volumes of a journal);
iii) ambiguity of the whole MWE, e.g., auga doce
(literally ‘sweet water’) which may refer to ‘fresh
water’ (vs. ‘salty water’), or to ‘sweetened water’
(i.e., with sugar). It is worth mentioning that the
former ambiguities (at the word and at the MWE
level) may occur in the same compositionality class
or across different scales.

Note that the degree of semantic divergence is
considerably smaller between Galician and Span-
ish than between Galician and English. For many
MWEs, a literal, word-for-word translation from
Galician into Spanish is often accurate and pre-
serves both meaning and structure, whereas this is
not the case for Galician-English. This contrast fur-
ther motivates the use of GL-EN MWEs as a chal-
lenging evaluation setting, since the model must
resolve non-literal correspondences that are not pre-
dictable from morphology or word-level semantics
alone.

4 Materials and methods

Models: All experiments are based on the NMT
models developed within the Proxecto Nós, pub-
licly available through HuggingFace.4 These mod-
els are implemented using the OpenNMT frame-
work (Klein et al., 2017) and follow a Transformer-
based encoder-decoder architecture. They repre-
sent state-of-the-art systems for Galician-centric
MT (Buján et al., 2025).

Fine-tuning data: We use the new MWE
datasets (§ 3) to both fine-tune and evaluate the per-
formance of the NMT models. As mentioned, each
parallel corpus is composed of up to 6 sentences
for each of the 322 MWE senses. We first select
two sets of 322 sentences, using one for fine-tuning
and the other for evaluation. We then increase the

4https://huggingface.co/collections/
proxectonos/mt
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MWE Sentence (GL) Sentence (EN)

fonte principal . . . a principal fonte da cidade. . . . . . the main fountain of the city. . .
fonte principal . . . eran a fonte principal de recruta-

mento das súas tropas.
. . . and they were also the main source
of recruitment for their troops.

zona húmida As zonas máis húmidas son as rexións
occidental e central. . .

The western and central regions are the
most humid areas. . .

zona húmida . . . das zonas húmidas europeas foron
totalmente destruídos.

. . . of European wetlands were totally
destroyed.

centro comercial É o principal centro comercial e indus-
trial do estado. . .

It is the main commercial and industrial
hub in the state. . .

centro comercial O centro comercial tiña no seu proxecto
inicial. . .

The initial design for the shopping mall
included. . .

Table 1: Examples of the original MWEs and sentences in Galician and their English translations.

training data with more sets to analyze the impact
of the amount of learning data.5

Evaluation sets: We assess the impact of fine-
tuning in both generic parallel corpus and in a sub-
set of the MWE dataset for each pair of languages.
As standard datasets, we use parallel sentences
from Flores (Goyal et al., 2022), Tatoeba (Tiede-
mann, 2020), and from the Nós Project, which
contain generic datasets and a detailed test-suite fo-
cused on particular linguistic phenomena.6 Table 2
shows the size of each of the evaluation sets. These
test sets allow us to measure both general MT per-
formance and improvements on targeted MWEs,
providing a balanced evaluation of fine-tuning ef-
fects and potential catastrophic forgetting.

Dataset GL–EN GL–ES
Flores 1,012 1,012
Tatoeba 1,018 3,131
Nós_MT_Gold_1 1,777 1,998
Nós_MT_Gold_2 1,777 1,998
Nós_MT_Test-suite 364 334
MWE dataset 322 322

Table 2: Size (in number of sentences) of the test sets.

Evaluation metrics: For general translation qual-
ity, we use the standard BLEU and TER metrics.7

The results on the general MT corpora are reported
using the micro-average across the five datasets

5Some of the final sets contain slightly fewer than 322
sentences, particularly for low-frequency senses.

6https://github.com/proxectonos/corpora
7We also computed ChrF, BERTScore, and METEOR, but

we mostly rely on BLEU to discuss the results as in general
all of these metrics correlate in our experiments.

(Table 2). Besides, during experimentation, model
selection is guided by Score_mwe, a metric pro-
posed by Zaninello and Birch (2020). This metric
is specifically designed to evaluate how accurately
MT systems render MWEs, without relying on ex-
plicit phrase alignment. It operates at the sentence
level by comparing each word of the reference
translation of a source-side MWE with the clos-
est matching word in the system hypothesis, using
a character-based Levenshtein distance.

5 Experiments

All experiments were conducted using the Open-
NMT framework.8 Fine-tuning was performed on
a single NVIDIA Tesla V100S GPU (32GB) on
an HPC cluster. All models share the same archi-
tecture and base training configuration (detailed
in Appendix A). Fine-tuning experiments use the
hyperparameter settings of the original models, and
differ only in the number of FT steps and the size
of the MWE corpus.

As the fine-tuning datasets were designed us-
ing Galician MWEs as source, our analyses focus
on NMT systems from Galician, although we also
refer to the other translation directions when neces-
sary.

Experiment 1. Learning steps: We conducted a
series of experiments varying the number of fine-
tuning steps, using values from 100 to 2,000 in
increments of 100. For each translation direction
we used one set of 322 sentences for fine-tuning,
and the other for evaluating.9

8https://opennmt.net
9To ensure that the results do not depend on the sets used,

we also reverse their role for training and testing, with almost
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Experiment 2. Corpus size: To assess the im-
pact of the number of examples used for continual
learning, we incrementally fine-tuned the model
with additional sets of ≈322 sentence pairs (from 1
to 5 sets), until reaching 1,536 instances, i.e., the
full dataset except for the held-out set. In each
case, we fine-tuned the models during 600 and
1,200 steps.

6 Results and discussion

Experiment 1. Number of Fine-Tuning Steps:
Figure 1 displays the BLEU learning curves of
GL-EN and GL-ES from 0 (original model) to
2,000 fine-tuning steps. Figure 1a shows the micro-
average in the general corpora and in the MWE
test sets, while Figure 1b plots the results of the
Score_mwe metric. In GL→EN, as fine-tuning pro-
gresses, average scores steadily decline in BLEU,
indicating gradual drops in overall translation qual-
ity. Meanwhile, MWE evaluations show small
gains in BLEU and Score_mwe early on, but the im-
provements do not hold and drop rapidly, showing
that targeted MWE updates offer limited benefits
and cannot compensate for the declining general
performance. In GL→ES, average scores remain
stable throughout fine-tuning, with BLEU around
56 and consistent general translation quality. MWE
evaluations show strong and sustained improve-
ments, reaching Score_mwe above 0.98. In this
respect, it is worth recalling that, due to the linguis-
tic similarity between the two languages, MWEs
in Galician can be translated literally into Spanish
in most cases (see § 3).

In general, the number of fine-tuning steps in-
fluences both overall translation quality and MWE
learning. Early steps primarily stabilize general per-
formance, while moderate fine-tuning (600–1000
steps, depending on the translation direction) tends
to maximize MWE gains without significantly
destabilizing the model. However, excessive fine-
tuning steps can lead to overfitting or gradual drops
in general BLEU scores, showing the need for care-
ful step selection to balance MWE learning with
overall translation quality.

In sum, the results of this set of experiments sug-
gest that continual learning of MWEs, especially
for a distant linguistic variety and with limited data
(just 322 sentence pairs) is a hard task that requires
careful analysis of the trade-off between learning
new expressions and overall performance of the

identical results.

(a) BLEU scores GL→EN, GL→ES

(b) Score_mwe GL→EN, GL→ES

Figure 1: Effect of varying fine-tuning steps on BLEU
and Score_mwe across different translation directions.

NMT systems. In the next experiment, we explore
whether more training data enables improvements
in the performance of the models.

Experiment 2. Corpus Size: In GL-EN, increas-
ing the MWE learning data involves a gradual loss
in overall translation quality, although with modest
gains in the performance on the MWE dataset (left
column of Figure 2). In GL-ES, more training data
also generally improves the quality of MWE trans-
lations while maintaining competitive results in the
general domain, although the BLEU in the MWE
dataset was high in the original model (Figure 2,
right column).

Overall, the impact of increasing the MWE fine-
tuning corpus size is highly direction-dependent.
While larger data can substantially improve MWE
translation, these gains are not always aligned with
improvements in general translation quality. Taken
together, these results show that scaling MWE fine-
tuning data is more effective when combined with
moderate fine-tuning steps and when the translation
direction exhibits inherent robustness to domain-
specific updates.

Best model selection: The best-performing mod-
els for each translation direction were selected
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(a) BLEU scores

(b) Score_mwe

(A) GL→EN translation vs. MWE corpus size.

(c) BLEU scores

(d) Score_mwe

(B) GL→ES translation vs. MWE corpus size.

Figure 2: Translation performance as a function of MWE corpus size for GL→EN and GL→ES.

based on a balanced evaluation of general-domain
translation quality and MWE-specific performance.
In particular, model selection aimed to maxi-
mize improvements in MWE translation accuracy
while preserving performance on general test sets,
thereby minimizing the risk of catastrophic forget-
ting. This selection criterion ensures that improve-
ments in MWE handling are not obtained at the
expense of overall translation quality.

For each of the four translation directions, we
compare the original baseline model with its fine-
tuned counterpart. General translation quality is
assessed using standard MT metrics (BLEU and
TER) computed over multiple general-domain test
sets and aggregated using micro-averaging. In par-
allel, MWE-specific performance is evaluated on
a dedicated MWE test set using the same metrics,
together with the value of the Score_mwe. Table 3
summarizes the results for the models (original
and fine-tuned versions), reporting micro-average
BLEU and TER scores on the general-domain test
sets alongside the corresponding scores on the
MWE test set. Although they are not the focus
of this analysis, we include the results of the mod-
els from English and Spanish to Galician.

Model General MWE
BLEU TER BLEU TER

GL→EN B 44.6 40.4 36.9 46.5
GL→EN FT 43.6 40.6 36.9 46.3
EN→GL B 38.6 45.9 37.9 47.7
EN→GL FT 38.9 45.1 40.2 45.5
GL→ES B 56.5 33.2 84.9 8.8
GL→ES FT 56.6 32.7 86.3 7.9
ES→GL B 52.3 36.3 83.7 9.2
ES→GL FT 51.6 36.1 83.4 9.0

Table 3: Summary of best models (Base and Fined-
Tuned) for all translation directions. Results are general-
domain and MWE-specific micro-averaged BLEU and
TER. Numbers in bold are FT models with better results.

7 Qualitative Analysis

To complement the quantitative results, we use the
best-performing models to carry out a series of
qualitative analyses of the MWE translations from
Galician to EN and ES. This analysis also allows
us to gain a finer-grained understanding of how
fine-tuning affects the translation of noun–adjective
MWEs with different semantic properties.
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MWE (GL) Base model output Fine-tuned model output
zona húmida wet zone wetland
liña férrea iron line railway line
montaña rusa mountain of Russian rollercoaster
réxime franquista Franco regime Francoist regime
banda estadounidense band American band

Table 4: Examples of MWE translations improved after fine-tuning (GL→EN)

To do so, a language expert manually classified
each MWE translation in the test sets as Correct,
Variant, and Incorrect.10 An instance was labeled
as Correct when the MWE was translated with the
same expression as the reference. Variant labels
were assigned to meaning-preserving alternatives
that differed lexically or stylistically from the refer-
ence. Incorrect cases were subsequently classified
as i) inadequate literal translations, ii) wrong sense
disambiguation, iii) partial or full omission of the
MWE, and iv) other errors (e.g., spelling errors,
untranslated source-language words, or otherwise
unintelligible outputs).

MWE translation accuracy: The first analysis
examined the influence of the reference sentences
on the quantitative results by computing accuracy
under two evaluation criteria: (i) only Correct in-
stances are counted as correct, and (ii) both Correct
and Variant instances are treated as adequate trans-
lations: For GL-ES, the results were very similar
(accuracies around 0.97 in every case), while for
GL-EN the results increased from 0.62 (original
and fine-tuned models in the first scenario) to 0.77
(both models in the second evaluation). These re-
sults reinforce the need for qualitative evaluation
of MT systems.

The manual review of all translation allowed
us to observe MWE translation differences be-
tween the original and the fine-tuned models.
In this regard, in some GL-EN cases, FT en-
abled the model to correctly translate several
MWEs that were previously mistranslated by the
base model. These include cases involving non-
compositional meaning or strong sense shifts, such
as zona húmida (wet zone→wetland) or the id-
iomatic montaña rusa (Russian mountain→roller
coaster). Additional improvements were observed
in cases where the fine-tuned model selected a
more idiomatic or semantically precise variant
(e.g. Franco regime→Francoist regime; harsh

10In a first step, we included the category Doubt reserved for
borderline cases, which were solved before the final analysis.

blow→hard blow). Table 4 highlights cases where
fine-tuning successfully corrected MWE transla-
tions that were previously incorrect in the base
model. At the same time, a small number of MWEs
that were correctly translated by the base model be-
came incorrect after fine-tuning. These regressions
typically involved increased literalness or minor
lexical degradation, such as main fountain being
rendered as main source, or reduced lexical realiza-
tion (e.g. Olympic gold medals → Olympic golds).
Although these cases are relatively few, they illus-
trate the delicate balance between specialization
and generalization in continual learning. Table 5
presents representative examples of observed error
types from the GL→EN experiments.

Despite the high performance of the original
GL-ES model, fine-tuning still leads to targeted
improvements. Several MWEs previously mis-
translated by the base model are correctly han-
dled after adaptation (e.g., yacimiento→yacimiento
arqueológico, piedra filosofalda→piedra filoso-
fal, pescado azul→pez azul). Improvements
also occur in stylistic variants (e.g., pariente cer-
cano→pariente próximo). Some representative
GL-ES error examples can be seen in Table 6.

Error types: Table 7 shows the distribution of
the translation error types of the MWEs. In every
case, wrong sense disambiguation and wrong lit-
eral translations account for the majority of errors,
confirming the difficulty of resolving meaning for
non-compositional MWEs. While in GL-ES there
are no significant differences between the base and
fine-tuned models, in GL-EN, the fine-tuned mod-
els seem to perform better semantic disambigua-
tion, but also produce more (inadequate) literal
translations.

Frequency effects: We take advantage of the
MWE frequency classification included in the orig-
inal dataset to observe if it has any effect in the
quality of the translation. The results (Table 8) in-
dicate that in most cases high-frequency MWEs
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Error type MWE (GL) System output (EN) Reference (EN)
Literal translation xénero musical musical gender music genre
Wrong sense disamb. montaña rusa Russian mountain roller coaster
Omission terra firme land dry land
Others fosa común mass mass mass grave

Table 5: Representative error types in GL→EN MWE translation

Error type MWE (GL) System output (ES) Reference (ES)
Literal translation letra grosa letra gruesa letra negrita
Wrong sense disambiguation peixe azul pescado azul pez azul
Spelling error cambio climático cambio climatico cambio climático
Untranslated words xogador novo jugadoras novas jugadoras jóvenes
Others pedra filosofal piedra filosofalda piedra filosofal

Table 6: Representative error types in GL→ES MWE translation

Error type GL-EN GL-ES
Base FT Base FT

Literal trans. 0.41 0.44 0.38 0.38
Wrong sense dis. 0.53 0.48 0.25 0.24
Omission 0.05 0.07 0.12 0.00
Others 0.01 0.01 0.25 0.38

Table 7: Percentage of MWE translation error types.

are more easily translated than low frequency ones.
While in GL–ES the translation accuracy of fre-
quent MWEs is, on average, less than 1% higher
than that of low-frequency MWEs, in GN–EN the
gap is much more pronounced, reaching almost
10% on average.

Pair Frequency Base FT

GL-EN
High 81.53% 82.16%
Low 72.73% 71.51%
Overall 77.02% 76.71%

GL-ES
High 98.09% 97.45%
Low 96.97% 97.57%
Overall 97.51% 97.51%

Table 8: Percentage accuracy of MWE translation by
frequency.

Compositionality effects: However, because
MWEs can display different contextual senses inde-
pendently of their frequency, we additionally exam-
ine translation performance across token-level com-
positionality classes. The results in Table 9 show
that, namely in GL-EN (as in the previous analy-
ses), idiomatic expressions remain challenging for
NMT, both for generic systems and for FT models

trained with examples of the target MWEs, yield-
ing the lowest average accuracy (54%). By con-
trast, performance is substantially higher for par-
tial MWEs (77%) and fully compositional MWEs
(82.5%), confirming a clear correlation between de-
gree of compositionality and translation accuracy.

Pair Comp. class Base FT

GL-EN
Idiomatic 56.25% 52.08%
Partial 76.47% 77.65%
Compositional 82.54% 82.54%

GL-ES
Idiomatic 93.75% 95.83%
Partial 96.47% 95.29%
Compositional 98.94% 98.94%

Table 9: Percentage accuracy of MWE translation by
compositionality class.

8 Conclusions and further work

This study explored the effects of targeted fine-
tuning on MWE translation in Galician-English
and Galician-Spanish, systematically analyzing the
impact of both the number of learning steps and the
size of MWE corpora. We release two new man-
ually created datasets composed of pairs of 1,858
sentences with detailed annotation of the MWEs.

The results of systematic evaluations suggest that
moderate FT (around 600–1000 steps) generally
provides the best balance between general transla-
tion quality and MWE-specific improvements, but
this depends on the language pair under evaluation.
In this regard, for similar varieties where the seman-
tics of MWEs may be less divergent (Galician and
Spanish vs. Galician and English), the performance
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of the original models is competitive.
Regarding the datasets, increasing the size of

the MWE fine-tuning corpus does not always guar-
antee improvements. GL→EN models show lim-
ited sensitivity, and ES→GL only exhibits mod-
est gains, indicating again that language-specific
characteristics influence how effectively additional
MWE data can be leveraged.

A qualitative analysis allowed us to observe that
high-frequency MWEs are generally easier to trans-
late, and that idiomatic ones are harder to translate
than compositional MWEs, indicating that non-
compositional meaning remains difficult to capture.

Building on the insights from this study, several
directions for future research are suggested: First,
to explore adaptive FT methods that adjust the num-
ber of steps or learning rate based on model perfor-
mance on both general and MWE-specific valida-
tion sets. Second, to experiment with synthetic or
automatically extracted MWE corpora to increase
coverage of rare and idiomatic expressions, and
assess their impact on model robustness and gener-
alization. Finally, we plan to extend the proposed
FT approach to types of MWEs (e.g., verb–object
constructions) and semantic phenomena (e.g., vari-
ous types of lexical ambiguity).

Limitations

This study presents a controlled analysis of targeted
fine-tuning for MWE translation. However, several
limitations should be acknowledged.

First, the size of the manually curated MWE
datasets is relatively small. Although the corpora
were carefully constructed and translated to ensure
high linguistic quality, the limited number of sen-
tences per MWE sense restricts the statistical power
of the results and may limit their generalizability
to broader domains or unseen MWE types.

Second, the experiments focus on a restricted set
of MWE categories, noun-adjective pairs. Other
types of MWEs are not covered, and as a result, the
conclusions may not directly transfer to all forms
of non-compositional language.

Third, the analysis is limited to four translation
directions involving Galician, English, and Spanish,
with a primary focus on translations from Galician.
While these directions offer valuable insights into
low-resource and asymmetric translation settings,
the findings may not generalize to languages with
different typological properties. Furthermore, the
original MWEs were compiled in only one of the

languages (Galician).
Finally, fine-tuning was performed under con-

trolled experimental conditions using fixed archi-
tectures and hyperparameters. Alternative model
architectures, parameter-efficient fine-tuning meth-
ods, or dynamic training strategies were not ex-
plored and could lead to different trade-offs be-
tween MWE performance and general translation
quality.
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Appendix

A Training and Fine-Tuning
Hyperparameters

Table 10 summarizes the architecture and train-
ing hyperparameters used for both base training
and continual fine-tuning of the Seq2Seq Trans-
former models. All models were trained using the
OpenNMT framework, using the same configura-
tion across all translation directions.

Parameter Value
Model architecture
Encoder layers 12
Decoder layers 12
Attention heads 16
Hidden size 512
Feed-forward size 2048
Dropout 0.1
Label smoothing 0.1
Position encoding Enabled
Training and fine-tuning
Optimizer Adam
β2 0.998
Learning rate 2
Warmup steps 8,000
Batch size 4,096 tokens
Gradient accumulation 4 steps
Maximum sequence length 150 tokens
Training precision FP32

Table 10: Model architecture and training hyperparame-
ters
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Abstract

Multiword Expressions (MWEs) are pervasive
in scientific writing, and in specialized do-
mains they include both multiword terminol-
ogy (e.g., noun compounds) and recurrent aca-
demic phrasing. This study profiles MWEs in a
large corpus of bioinformatics research articles
segmented by IMRaD sections. Building on
recent multi-method approaches to scientific
MWE identification, we extract MWEs using
complementary automated strategies (seman-
tic matching, dependency parsing, controlled
vocabularies, and academic formula lists) and
compare the resulting inventories by size, form,
and IMRaD section distribution. We further
quantify cross-document dispersion using doc-
ument frequency and Gries’ DP to distinguish
widely reused expressions from items concen-
trated in a small subset of articles. Results show
that bioinformatics MWEs are predominantly
short and nominal, but that extraction meth-
ods differ in the extent to which they recover
discourse and reporting phraseology. Disper-
sion is strongly long-tailed across sections with
most MWEs being document-specific, while a
smaller recurrent core aligns with section func-
tion and is enriched for conventional templates
and standardized multiword terms. Overall, the
findings argue for combining complementary
identification methods with dispersion profiling
to characterize domain “multiwordness” in a
principled and section-sensitive way.

1 Introduction and Background

Multiword Expressions (MWEs) refer to a broad
class of linguistic forms that span conventional
word boundaries, consisting of two or more words
that function as a single unit with semantic, syn-
tactic, and/or lexical properties (Constant et al.,
2017; Sag et al., 2002). They encompass a hetero-
geneous set of items including idioms, collocations,
phrasal verbs, fixed or semi-fixed phrases, lexi-
calized compounds, and institutionalized expres-
sions, which appear across languages with vary-

ing degrees of compositionality and predictability
(Villavicencio et al., 2005; Constant et al., 2017;
Masini, 2019). MWEs are not just a feature of
general language: they are central to specialized
discourse and scientific writing, with prior work ap-
plying MWE extraction in scientific corpora (Kim
et al., 2018; Premasiri et al., 2023; Alves et al.,
2024; Bagdasarov and Teich, 2024; Alves et al.,
2025; Florescu and Ohniwa, 2025). Scientific re-
search articles, in particular, make extensive use of
dense nominal style and increasingly complex noun
phrases to pack information efficiently (Biber and
Gray, 2016; Degaetano-Ortlieb and Teich, 2018;
Bagdasarov and Teich, 2024). MWEs often corre-
spond to key domain concepts (e.g., gene expres-
sion profile) or conventional academic phrases (e.g.,
in this study). This tendency is especially salient in
bioinformatics, an interdisciplinary field that sits at
the crossroads of biology, biomedical science, and
computer science (Nakaya, 2021) with a rapidly
evolving terminology.

Research articles also exhibit systematic vari-
ation across sections. The IMRaD convention
(Introduction–Methods–Results–Discussion), now
widely adopted in the biomedical sciences, reflects
distinct communicative purposes and is associ-
ated with measurable differences in rhetorical and
lexico-grammatical choices (Sollaci and Pereira,
2004; Wu, 2011). A section-aware perspective
is therefore valuable for locating where domain-
specific terminology concentrates (e.g., procedu-
ral labels in Methods) and where formulaic dis-
course markers cluster (e.g., result-reporting pat-
terns) (Sollaci and Pereira, 2004; Wu, 2011; Hy-
land, 2012).

Beyond identifying MWEs, it is also impor-
tant to determine whether they constitute broadly
shared phraseological resources or remain local-
ized to specific papers. Dispersion profiling pro-
vides this functional perspective by quantifying
how evenly an expression is distributed across doc-
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uments within a corpus or subcorpus (Gries, 2021).
In corpus linguistics, dispersion measures comple-
ment frequency by distinguishing items that are fre-
quent because they recur widely from items that are
frequent but concentrated in a small subset of texts
(Gries, 2021). This distinction is particularly rele-
vant for scientific MWEs as some are productive
and topic- or dataset-contingent (e.g., novel noun
compounds), while others behave like reusable tem-
plates (e.g., reporting or framing formulas), and
these differences are expected to vary by IMRaD
section.

To support section-aware analyses of bioinfor-
matics phraseology, we compiled BIOMONO_EN,
a large English corpus of open-access bioinfor-
matics research articles. Using complementary
MWE identification strategies (lexicon-based se-
mantic tagging, dependency-based extraction, on-
tology matching, and academic formula lists), we
characterize bioinformatics MWEs across IMRaD
sections and profile their dispersion using docu-
ment frequency and Gries’ DP (Gries, 2021). We
show that (i) nominal multiword terminology dom-
inates, with noun compounds accounting for the
majority of dependency-derived MWEs; (ii) formu-
laic academic expressions are widely attested and
contribute to the most evenly dispersed MWEs;
and (iii) dispersion is strongly long-tailed, with
most MWEs occurring in single documents while
a smaller recurrent core is shaped by section func-
tion and enriched for multi-source overlaps and
standardized terminology.

2 Methods and Materials

2.1 Corpus Compilation and IMRaD
Subcorpora

To study bioinformatics MWEs in natural text, we
compiled a large in-domain corpus of English re-
search articles, named BIOMONO_EN. We lever-
aged the ALLOFPLOS1 collection, a repository of
∼200k open-access articles from PLOS journals
(Seiver et al., 2018). We filtered this collection
by subject area metadata to retrieve articles clas-
sified under “bioinformatics”. This yielded 4,707
full-text articles from journals such as PLOS One
and PLOS Computational Biology, totaling approx-
imately 24,234,000 words.

Each article was partitioned into its main sec-
tions according to the IMRaD structure (following
each article’s XML section tags). We extracted six

1https://plos.org/text-and-data-mining/

section-based subcorpora: Abstracts, Introductions,
Methods (including Materials), Results, Discus-
sions, and Conclusions. This stratification enables
analysis of MWEs in different communicative con-
texts.

Table 1 summarizes the size of each subcorpus
in number of words.

Section Word count
Abstracts 1,047,099
Introductions 3,289,196
Methods 5,770,217
Results 7,685,586
Discussions 5,941,263
Conclusions 500,764

Table 1: BIOMONO_EN corpus statistics: total words
per IMRaD section.

2.2 MWE Identification Techniques
Following multi-method approaches to scien-
tific MWE extraction (Alves et al., 2024), we
used complementary automated strategies de-
signed to capture different facets of multiword-
ness: (i) lexicon-based semantic matching (USAS),
(ii) dependency-linked constructions (UD), (iii)
controlled-vocabulary terminology (MeSH), and
(iv) list-based academic formulas (AFL/ARTES).
We treat these outputs as partially overlapping
views rather than interchangeable inventories.

Lexicon-based semantic matching (USAS). We
used the UCREL Semantic Analysis System
(USAS), which supports multiword matching via
lexical resources and disambiguation (Piao et al.,
2003; Rayson et al., 2004). Tagging and extraction
were carried out using PyMUSAS2

Dependency-based extraction (UD). We ap-
plied UD dependency parsing and extracted MWEs
as sequences connected by relations commonly
associated with multiword constructions, follow-
ing Alves et al. (2024): compound, compound:prt,
fixed, flat, and flat:foreign. Parsing was per-
formed with Stanza (de Marneffe et al., 2021; Qi
et al., 2020).

Ontology term matching (MeSH). To isolate
standardized domain terminology, we performed
string matching against Medical Subject Headings
(MeSH)3. This provides high-precision matches to

2https://ucrel.github.io/pymusas/
3https://www.nlm.nih.gov/mesh/meshhome.html
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controlled-vocabulary terms but does not capture
novel terms absent from the ontology.

Academic formula lists (AFL/ARTES). To cap-
ture conventional academic and scientific phrase-
ology, we matched expressions from the Aca-
demic Formulas List (AFL) (Simpson-Vlach and
Ellis, 2010) and the ARTES scientific phraseology
database (Kübler and Pecman, 2011). List match-
ing estimates coverage of known formulas and com-
plements open-ended extraction approaches. From
AFL, we took the “core” list of 207 expressions
(frequent in both spoken and written academia) and
the “written” list of 200 expressions (specific to aca-
demic writing). From ARTES, we extracted 830
English expressions from the scientific dictionary
and 420 from the cross-disciplinary dictionary.

2.3 Dispersion Analysis
To complement frequency-based profiling, we an-
alyzed how evenly MWEs are distributed across
documents within each IMRaD subcorpus. For
each section, we treated each article section in-
stance (e.g., one abstract, one introduction) as a
separate document and computed two dispersion
indicators for every attested MWE type. First, we
calculated document frequency (DF), i.e., the num-
ber of documents in which an MWE occurs at least
once, reported both as a count and as a percent-
age of documents (DF%). Second, we computed
Gries’ DP (Gries, 2021), a dispersion coefficient
that quantifies the deviation of an item’s observed
distribution across corpus parts from an equal-share
baseline. DP approaches 0 when an MWE is dis-
tributed relatively evenly across documents and
approaches 1 when it is concentrated in a small
subset of documents. We report DP alongside oc-
currences and DF/DF% to distinguish MWEs that
are frequent because they recur broadly from those
that are frequent but locally concentrated. Disper-
sion statistics were computed separately per section
and stratified by MWE source (UD, USAS, MeSH,
formula lists, and their overlaps) to characterize
how extraction strategies differ in the degree to
which they capture section-general phraseological
templates versus document-specific constructions.

3 Results

3.1 MWE Extraction Results
Table 2 summarizes total and unique
MWEs/entities extracted by USAS and UD,
along with MeSH matches, across sections.

Because sections differ in size (Table 1), raw
totals partially reflect section length. To control
for this, Table 3 reports rates per million words,
revealing differences in extraction density that
are not visible from raw counts alone. Notably,
sections that are largest in raw totals (e.g., Results
and Discussions) are not necessarily the highest in
per-word MWE yield, underscoring the importance
of normalization for section-wise comparison.

USAS method
The USAS method identified substantial invento-
ries of MWEs across sections (Table 2). In raw
terms, the largest sections contain the most MWEs.
However, the contrast between raw and normal-
ized counts is particularly informative. Although
Results has the largest raw USAS total (Table 2),
Methods has the highest USAS density once nor-
malized (75,767 total USAS MWEs per million
words in Methods vs. 57,119 in Results; Table 3).
Similarly, Abstracts show the highest rate of unique
USAS MWEs per million words (41,766), indicat-
ing comparatively high type diversity per unit of
text despite being much smaller in raw size.

Figure 1a displays MWE lengths across
BIOMONO_EN sections. The majority of USAS-
extracted MWEs are two-word MWEs, with
59.94% for abstracts, 54.34% for introductions,
60.56% for methods, 61.15% for results, 56.31%
for discussions, and 58.04% for conclusions. Three-
word MWEs also represent a large proportion of ex-
tracted MWEs above 30% for each section, notably
37.77% for introductions, 35.66% for discussions,
and 33.07% for conclusions.

We also quantified the prevalence of nominal
MWEs in the USAS-derived inventories (Table 4).
Nominal MWEs constitute a majority of unique
USAS MWEs in all sections, but the proportion
varies with Abstracts (86.39%), Methods (84.01%),
and Discussions (84.08%) showing high nominal
shares, whereas Results is notably lower (58.14%).
This variability suggests that lexicon-recognized
MWEs in Results include a larger proportion of
non-nominal phraseology.

UD method
The dependency-based UD method produced a
larger inventory of MWEs than the USAS method
in all sections (Table 2). This is consistent with the
productivity of compound formation and the broad
coverage of dependency relations used to encode
multiword constructions. Figure 1b shows that, as
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Section USAS MWEs UD MWEs MeSH entities
Total Unique Total Unique Total Unique

Abstracts 67,448 43,733 134,817 77,006 86,669 5,226
Introductions 197,897 107,321 370,386 172,427 264,580 8,310
Methods 437,194 185,414 879,530 350,688 346,715 6,655
Results 438,990 180,405 1,310,774 372,933 421,019 7,239
Discussions 397,563 191,049 1,353,212 285,419 374,720 8,239
Conclusions 29,810 18,797 53,760 31,450 31,433 2,617

Table 2: Raw counts of total (instances) and unique MWEs/entities by section.

Section USAS (per million words) UD (per million words) MeSH (per million words)
Total Unique Total Unique Total Unique

Abstracts 64,414 41,766 128,753 73,542 82,771 4,991
Introductions 60,166 32,628 112,607 52,422 80,439 2,526
Methods 75,767 32,133 152,426 60,776 60,087 1,153
Results 57,119 23,473 170,550 48,524 54,780 942
Discussions 66,916 32,156 227,765 48,040 63,071 1,387
Conclusions 59,529 37,537 107,356 62,804 62,770 5,226

Table 3: Length-normalized counts (per million words) of total (instances) and unique MWEs/entities by section,
computed from Tables 1 and 2.

Section Nominal USAS MWEs

Abstracts n=
%

37,782
86.39%

Introductions n=
%

72,494
67.55%

Methods n=
%

155,768
84.01%

Results n=
%

104,895
58.14%

Discussions n=
%

160,630
84.08%

Conclusions n=
%

14,859
79.05%

Table 4: Number and percentage of unique nominal
MWEs as extracted by the USAS method.

with USAS, two-word sequences dominate the UD-
derived inventories, reflecting the prominence of
binary compounds and short fixed constructions.

Normalization also changes how section differ-
ences are interpreted for UD MWEs. In raw terms,
Discussions and Results dominate because they are
long sections (Table 2). However, per-million rates
show that Discussions is the densest site of UD
MWEs (227,765 per million words), exceeding Re-
sults (170,550) and Methods (152,426) (Table 3).

To examine what kinds of dependency-linked
constructions dominate, Table 5 reports the distri-
bution of unique UD MWEs by relation category.
More than 90% of unique MWEs extracted across
BIOMONO_EN sections belong to the compound
category. flat is also the second most promi-
nent category, with for instance 8.07% of extracted
MWEs from the Methods section belonging to that
category, and 8.04% for the Results section. Meth-

ods and Results are the only two sections contain-
ing flat:foreign MWEs, although in very small
number.

MeSH method

MeSH matching yields fewer unique items than the
open-ended UD and USAS inventories (Table 2),
as expected for a controlled vocabulary. However,
the matches are domain-relevant by construction
and provide a high-precision view of standardized
terminology. For MeSH, normalized rates high-
light a different profile from raw totals. Abstracts
and Introductions show the highest MeSH token
density (82,771 and 80,439 per million words, re-
spectively), even though they do not contain the
most raw MeSH matches (Table 3). Conversely,
Methods and Results exhibit much lower unique
MeSH rates per million words (1,153 and 942),
suggesting heavier repetition of a narrower stan-
dardized vocabulary within those sections, whereas
Conclusions show a comparatively high unique
MeSH density given their short length (Table 3).

MeSH entities also vary in length from single-
word entities to MWEs up to five-word long and
more, as seen in Figure 1c. Single-word enti-
ties are the majority in every section: 59.70% of
unique MeSH entities in Abstracts are single-word
terms, 55.52% in Introductions, 59.61% in Meth-
ods, 59.19% in Results, 57.24% in Discussions,
and 68.32% in Conclusions. The remaining entities
are MWEs, among which two-word terms are most
prevalent, and longer terms occur up to five words
and beyond. This pattern indicates that controlled-
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(a) Distributions of unique USAS MWEs found
across BIOMONO_EN sections by length (in words).

(b) Distributions of unique UD MWEs found
across BIOMONO_EN sections by length (in words).

(c) Distributions of unique MeSH entities found across
BIOMONO_EN sections by length (in words).

Figure 1: Length distribution of MWEs across extraction techniques.

vocabulary terminology in bioinformatics is partly
multiword and that a substantial share of standard-
ized concepts may be missed by analyses limited
to single-word types.

Academic formulaic expressions method
Table 6 presents the number and percentage
of unique MWEs found in each section of the
BIOMONO_EN corpus across MWE lists. The
AFL lists (core and written) show near-complete
coverage across all sections, with high percentages
overall (82.5–100%), reaching 100% in several sec-
tions. In contrast, the ARTES lists (scientific and
cross) show lower coverage, with percentages rang-
ing between approximately 29% and 52%. Notably,
the Results and Discussions sections consistently
contain the highest proportion of MWEs across all
lists, particularly for the ARTES lists.

3.2 Dispersion results

Dispersion is dominated by a pronounced long tail,
as seen in Figure 2. The median MWE occurs once
and appears in exactly one document in every sec-
tion (median DF% ≈ 0.02–0.06%, depending on
section size). Consequently, most MWEs are maxi-

mally clustered, with median DP values close to 1
throughout (≈ 0.9990–0.9998). The proportion of
MWEs attested in a single document is very high
across the board (83.7% in Abstracts, 80.4% in In-
troductions, 75.4% in Methods, 81.6% in Results,
82.9% in Discussions, and 87.0% in Conclusions),
rising to ≥89.5% in all sections when considering
MWEs occurring in at most two documents. This
pattern indicates that the MWE inventory is over-
whelmingly driven by low-frequency, document-
specific units, with only a small minority recurring
across texts.

Type inventories are dominated by UD-
only (53.1–62.3%) and USAS-only (25.9–32.8%)
MWEs, with a stable UD+USAS overlap (10.9–
13.0%). MeSH is rare (0.61–1.99%) and Formulas
rarer (0.17–0.63%; Conclusions: 1.50%). Source
behavior separates the long tail from the core: UD-
only/USAS-only MWEs are the most document-
specific (singletons: 81.2–88.5% / 77.1–90.3%),
whereas overlap MWEs recur more broadly (sin-
gletons: 60.5% in Methods; 71.2% in Results).
MeSH units are fewer but less singleton-heavy
(53.3–67.2%), and MeSH+UD+USAS shows the
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Section compound compound:prt fixed flat flat:foreign

Abstracts n=
%

73,807
(95.85%)

132
(0.17%)

102
(0.13%)

2,965
(3.85%) -

Introductions n=
%

162,188
(94.06%)

441
(0.26%)

327
(0.19%)

9,471
(5.49%) -

Methods n=
%

321,370
(91.64%)

650
(0.19%)

367
(0.10%)

28,291
(8.07%)

10
(0.003%)

Results n=
%

341,773
(91.67%)

679
(0.18%)

397
(0.11%)

29,983
(8.04%)

1
(<0.001%)

Discussions n=
%

265,856
(93.15%)

605
(0.21%)

434
(0.15%)

18,524
(6.49%) -

Conclusions n=
%

30,014
(95.43%)

137
(0.44%)

87
(0.28%)

1,212
(3.85%) -

Table 5: Frequency and percentage of UD relation categories across the different sections of BIOMONO_EN based
on unique UD MWEs.

Abstracts Introductions Methods Results Discussions Conclusions
ARTES

scientific
n= 250 343 277 342 397 240
% 30.86% 42.35% 34.20% 42.22% 49.01% 29.63%

ARTES
cross

n= 123 203 159 183 216 125
% 29.71% 49.03% 38.41% 44.20% 52.17% 30.20%

AFL
core

n= 189 205 200 204 205 189
% 91.30% 99.03% 96.62% 98.56% 99.03% 91.30%

AFL
written

n= 165 199 195 200 200 189
% 82.50% 99.50% 97.50% 100% 100% 94.50%

Table 6: Number of unique MWEs found in BIOMONO_EN sections across MWE lists. Percentages are calculated
against the total number of unique MWEs in each list.

strongest terminological stability (singletons ∼20–
33% in Abstracts–Discussions; 47% in Conclu-
sions). Finally, Formulas behave most “core-like”
(singletons: 8.9–17.8%) and are over-represented
among the most evenly dispersed MWEs (share
in the 500 lowest-DP MWEs: 28.0% Abstracts,
40.0% Introductions, 13.2% Methods, 24.4% Re-
sults, 37.2% Discussions, 46.4% Conclusions).

Overall, dispersion reflects a two-layered struc-
ture with a large extractor-driven long tail
(UD/USAS-only) and a smaller, section-shaped re-
current core enriched for Formulas, overlap MWEs,
and MeSH-overlap terminology.

4 Discussion

Across methods, our results highlight the centrality
of multiwordness in bioinformatics discourse, but
they also show that “MWE dominance” depends
on the extraction method. The UD-based inven-
tories are overwhelmingly compound-dominated
(Table 5), confirming that noun-compound forma-
tion is a primary structural resource for express-
ing domain concepts succinctly. This is consistent
with long-standing accounts of scientific prose as a
“compressed code” that favors dense noun phrase
packaging over more clausal, elaborated alterna-
tives (Biber and Gray, 2016). This pattern also

closely aligns with recent computational evidence
that (i) compounds constitute the dominant UD
MWE class in scientific writing overall and exhibit
a clear increase over time (cf. compounds at 80.2%
of UD MWEs; Alves et al., 2024), and (ii) biomedi-
cal abstracts are likewise strongly compound-heavy
in UD-based inventories, with Bagdasarov and Te-
ich (2024) reporting compound shares above 90%.
For Natural Language Processing (NLP), this un-
derscores that a large portion of domain “terminol-
ogy” is not a closed list but a productive construc-
tional space.

The lexicon-based USAS inventories also con-
tain a large proportion of nominal MWEs in most
sections (Table 4), but the proportion is notably
lower in Results. This divergence is informative be-
cause lexicon-based approaches recover a broader
mix of discourse and reporting phraseology, and
Results is precisely the section where comparison
and evidential framing are most prominent. Practi-
cally, this indicates that MWE resources for domain
NLP should be section-aware, as the phraseolog-
ical targets relevant to information extraction or
summarization are not uniform across IMRaD.

MeSH matching provides a complementary view
of standardized terminology. While most unique
MeSH entities are single-word terms, a substan-
tial fraction are multiword (Figure 1c), demonstrat-
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(a) Abstracts (b) Introductions

(c) Methods (d) Results

(e) Discussions (f) Conclusions

Figure 2: Frequency–dispersion profiles (occurrences vs. Gries’ DP) of MWEs in BIOMONO_EN by IMRaD
section. Each point corresponds to one MWE type; DP values closer to 0 indicate more even dispersion across
documents, while values closer to 1 indicate stronger clustering. Points are colored by MWE source (UD, USAS,
MeSH, and formulas).
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ing that controlled-vocabulary terminology is not
reducible to single-word naming. The elevated
unique MeSH rate in Abstracts and Conclusions
(Table 3) further suggests that summary sections
foreground canonical entity naming, even when
the running text is shorter. For downstream ap-
plications (e.g., normalization, retrieval, and MT
terminology control), these multiword entities con-
stitute high-value targets that are easy to miss under
unigram-centric preprocessing.

Finally, list-based formula coverage indicates
that bioinformatics writing draws broadly on gen-
eral academic formulas (AFL) and on a sizeable
subset of scientific phraseology documented in
ARTES (Table 6). This signals substantial transfer-
ability of general scientific phraseology resources
to bioinformatics, while dispersion results clarify
where these templates function as shared scaffold-
ing versus local phrasing.

Dispersion profiling adds a functional perspec-
tive on these inventories. Across IMRaD, MWE
types exhibit a strongly long-tailed distribution:
most occur in a single document, while a much
smaller set forms a recurrent “core” whose com-
position shifts by section. This pattern is expected
when dispersion is assessed over many documents
and is captured by Gries’ DP, which explicitly dis-
tinguishes frequency from distributional evenness
(Gries, 2021). Importantly, the long tail should not
be interpreted as a lack of phraseological structure:
many UD MWEs are productively constructed (e.g.,
novel or dataset-contingent compounds) rather than
retrieved as fixed strings, increasing type counts
while limiting cross-document recurrence (Biber
and Gray, 2016). For MWE research, this rein-
forces the need to separate productive constructions
from reusable templates. For NLP, it suggests that
robust domain handling requires both (i) mecha-
nisms for generalizing over productive compounds
and (ii) explicit modeling of recurrent templates
that shape section-level discourse.

Source-specific dispersion further clarifies what
constitutes the recurrent backbone. UD-only
and USAS-only MWEs contribute most of the
document-specific tail, whereas overlap MWEs
(UD+USAS) recur more broadly, suggesting that
multi-method confirmation captures sequences that
are simultaneously structurally cohesive and func-
tionally salient. The strongest “core-like” behavior
is observed for list-derived formulas, which are rare
as types yet disproportionately represented among
the most evenly dispersed MWEs. This aligns with

corpus work showing that recurrent MWEs and
formulaic sequences function as register-specific
building blocks in academic discourse (Biber et al.,
2004; Hyland, 2008; Wray, 2002). MeSH matching
complements this picture by isolating a compact set
of standardized multiword terms that recur across
documents when they are also recoverable by gen-
eral extraction, consistent with the stabilizing role
of controlled vocabularies in scientific naming.

5 Conclusion

Using complementary MWE identification strate-
gies and dispersion profiling, this study maps bioin-
formatics “multiwordness” across IMRaD sections.
MWEs are predominantly short and nominal, re-
flecting compound-heavy phrasal compression in
scientific prose (Biber and Gray, 2016; Alves et al.,
2024), while other extraction methods recover ad-
ditional reporting and procedural templates. Dis-
persion is strongly long-tailed: most MWEs are
document-specific, but a smaller recurrent core
aligns with section function and is enriched for con-
ventional templates and standardized multiword
terminology. For NLP and MWE research, the
main implication is that domain phraseology is
best operationalized as a two-layer system (pro-
ductive constructions plus reusable templates) and
that combining multi-method identification with
dispersion analysis provides a principled way to
prioritize MWEs for domain-adapted preprocess-
ing and downstream applications.

6 Limitations and Future Work

This study relies on automated MWE identification
and therefore inherits method-specific biases, such
as parsing sensitivity, tokenization, disambiguation,
and vocabulary coverage.

A priority next step is to build a small, section-
stratified manually verified subset to quantify
boundary errors, false positives/negatives, and over-
lap reliability, enabling precision-oriented report-
ing in addition to coverage. Beyond validation, two
extensions are particularly relevant: (i) multilin-
gual replication to test whether the same section-
conditioned multiword patterns hold under dif-
ferent morphosyntactic systems, and (ii) down-
stream evaluation to assess whether MWE-aware
resources improve domain tasks such as termi-
nology normalization, information extraction, re-
trieval, or domain-specific Machine Translation.
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Abstract

Multiword expressions are an important area
of study in linguistics and natural language
processing as they represent combination of
words that function as a single unit, and dis-
play properties that cannot be predicated fully
from their individual components. This pa-
per describes annotated corpora of about 3000
multiword expressions across syntactic cate-
gories in Marathi. This is the first exhaus-
tive resource for Marathi which includes both
verbal and non-verbal multiwords. In order
to develop the guidelines for annotation, we
have used the existing literature on the identi-
fication and classification of these expressions.
Following the PARSEME 2.0 guidelines, we
discuss the categories of multiwords and their
behaviour in the corpus. Throughout the an-
notation process, we encounter variability in
compositionality and syntactic realization and
discuss our design decisions during annotation.
Such a dataset will further our understand-
ing of how grammatical structure can be inte-
grated with lexically stored multiword units in
Marathi.

1 Introduction

Multiword expressions (MWEs) are a pervasive
and heterogeneous class of linguistic units that
are central to research in linguistics and natural
language processing. Linguistically, these con-
structions challenge the notions of composition-
ality, argument structure, and the division of la-
bor between syntax and lexicon. Efficient han-
dling of MWEs would prove beneficial for natu-
ral language processing tasks like machine trans-
lation (Constant et al., 2017), semantic process-
ing (Korkontzelos, 2010), information extraction,
word sense disambiguation (Singh et al., 2016);
and psycholinguistic studies like MWE represen-
tation and processing (Wittenberg and Piñango,
2011; Nenonen et al., 2002), etc.

Previous attempts to annotate Marathi MWEs
restrict themselves to compound nouns and light
verb constructions alone (Singh et al., 2016). In
this paper, we describe our effort at creation
of a more comprehensive database of MWEs
in Marathi under the PARSEME project (Savary
et al., submitted).1 The annotation tags, annota-
tion platform, and annotation schema strictly ad-
here to the guidelines of the PARSEME project
(Savary et al., submitted). As a result, we do not re-
visit these details here. Instead, we primarily focus
on reporting the methodological decisions adopted
during the process of annotation, and the linguistic
and empirical challenges encountered during the
process.

2 Corpora and Annotation

The corpora needs to be representative and bal-
anced (Pustejovsky and Stubbs, 2012) in order to
capture the entire range of MWEs in Marathi. This
is achieved by carefully determining the genre of
the data. Ozarkar (2014) observes that Marathi
light verb constructions may have originated in
informal contexts. Keeping this in mind, we
have chosen Marathi UD Treebank (Ravishankar,
2017), and Anuvaad (Tiedemann, 2012) corpora,
primarily comprising stories from Wikisource and
the lifestyle genre, respectively. Additionally, we
have web-crawled children’s stories that are ran-
domly sampled from different sources. Table 1 re-
ports the number of tokens in each type of corpus
in this dataset.

Marathi UD Treebank (Ravishankar, 2017) is al-
ready annotated with gold standard POS tags, syn-
tactic structures, and semantic relations in ConLL-
U format. The remaining two corpora are raw.
For the Anuvaad corpus and the children’s sto-
ries, we used UDPipe for parsing and tagging the

1The data will be released under the PARSEME 2.0
(Savary et al., submitted) initiative.
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Corpora Tokens
Marathi UD Treebank 3849
Anuvaad Corpus 27956
Children’s Stories 4287

Table 1: Tokens in corpora chosen

raw Marathi text (Straka and Straková, 2017). We
found that UDPipe (Straka and Straková, 2017)
for Marathi is not very accurate, and we find er-
rors for POS tagging and sentence segmentation.
The Anuvaad (Tiedemann, 2012) corpus, and chil-
dren’s stories contain only ‘silver standard’ tags
and sentence segments. For this present work, we
have prioritized the annotation of MWEs by not
letting the errors influence the annotations.

The annotation task is carried out by a single
annotator. Hence, we are unable to calculate inter-
annotator agreement.

The upcoming sections discuss all possible
MWEs in Marathi. Based on (Savary et al., submit-
ted) guidelines, we broadly classify them into two
categories: verbal MWEs and non-verbal MWEs.
The latter is a broader class comprising nominal,
adjectival, and adverbial MWEs.

3 Verbal MWEs

Structurally, verbal MWEs in Marathi are broadly
classified into verb-verb and preverb-verb con-
structions in the literature. PARSEME 2.0 (Savary
et al., submitted) refers to these constructions as
multi-verb constructions, and light verb construc-
tions respectively. This section presents the cate-
gories incorporated by these constructions, their
identification along with the semantics they ren-
der.

3.1 Multi-Verb Constructions

PARSEME 2.0 (Savary et al., submitted) identifies
multi-verb constructions (MVCs) as a sequence of
two verbs functioning as a single predicate, having
the same subject. referring to a single event, and
denoting a single tense, aspect and polarity value.
These characteristics are identified using Ozarkar
(2014)’s classification of multi-verbs. The con-
structions below are annotated as MVCs in the cor-
pus following her classification:

1. Complex predicates (CPs): monoclausal
and monoeventual sequences like basun
rahïe ‘sit stay’

2. Factor verbs: expressions stored in the men-
tal lexicon as a single unit or a set formula.
Example: nighun dzaïe | lit. ‘emerge go’ (‘de-
part’)

3. Manner-adverbial CPs: sequences like
d”haw@t”jeïe ‘run come’. The author notes that
Marathi, unlike Hindi, does not give a serial
reading for such constructions.

The MVCs usually occur in two forms in
Marathi. Firstly, we have verb-verb sequences con-
joined by the conjunctive particle (-un). Secondly,
there are verb-verb sequences conjoined by an im-
perfective marker (-@t”).

Ozarkar (2014) identifies a list of verbs con-
joined by the conjunctive particle (-un). It in-
cludes dzaïe ‘go’, jeïe ‘come’, d”eïe ‘give’, gheïe
‘take’, úakïe ‘throw’, úhewïe ‘keep’, b@sïe ‘sit’,
kaãhïe ‘draw out’, and rahïe ‘stay’ as light verbs.
Pardeshi et al. (2006) add ghalïe ‘put’, p@ãïe
‘fall’, and aïïe ‘bring’ to the list.

On the other hand, for the imperfective marker
(-@t”), Ozarkar (2014) observes that light verbs
like b@sïe ‘sit’, suúïe ‘be released’, ţalïe ‘walk’,
dzaïe ‘go’, jeïe ‘come’, and rahïe ‘stay’ can be
found. Kume (2011) mentions that certain percep-
tion verbs like pahïe ‘see’ also function as light
verbs.

We use the verb list for MVCs mentioned in
the literature, and empirically investigate the oc-
currences of these verbs in the corpora. We have
identified thirteen verbs functioning as light in the
verb-verb sequence. Figure 1 shows the verbs with
the highest frequencies in the corpora. These verbs
are followed by d”eïe ‘give’, úakïe ‘throw’, kaãhïe
‘draw out’, b@sïe ‘sit’, ţalïe ‘walk’ and pahïe
‘see’. Light verbs with the lowest frequencies are
suúïe ‘be released’ and aïïe ‘bring’.

Verbal reduplication is also attested in the cor-
pus in a few rare examples. Instances like ţal@t”
ţal@t” ‘walk walk’ are considered as MVCs as the
entire verb is reduplicated to form a verb-verb se-
quence.

It should be noted that not all verbs mentioned
above function as light verbs in all contexts when
they appear as a second verb in the verb-verb se-
quence. Verbs like dzaïe ‘go’ and jeïe ‘come’
can also function as passive markers. The passive
constructions are not MVCs. Similarly, modals
and auxiliaries do not constitute MVCs. Accord-
ingly, passives, auxiliaries, modals, permissives,
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Figure 1: Distribution of verbs functioning as light in
the MVC class. The figure illustrates top five light
verbs with the highest frequencies amongst the thirteen
light verbs identified.

other such seemingly similar structures are care-
fully separated from the actual MVCs during the
annotation process.

3.2 Light Verb Constructions

PARSEME 2.0 (Savary et al., submitted) defines
light verb constructions (LVCs) as expressions
formed by a verb, and a wide range of preverbs
like nouns, adjectives, prepositions, etc (Family,
2014). Similar to Hindi, Marathi has nouns and
adjectives as preverbs. There is also evidence of
adverbs as preverbs in the database. In this subsec-
tion, we talk about the characteristics of these pre-
verbs, and also discuss their identification strate-
gies.

Literature on LVCs in Marathi is rather sparse,
though Kulkarni (2019) and Hook and Pardeshi
(2009) touch upon marïe ‘hit’ and khaïe ‘eat’ ex-
pressions briefly. Family (2014)’s identification of
Persian light verbs under this category can be ex-
tended to Marathi for the purposes of annotation.
These light verbs include k@rïe ‘do’, p@ãïe ‘fall’,
hoïe or b@nïe ‘become’, miíïe ‘get’, aïïe ‘bring’,
dzaïe ‘go’, and jeïe ‘come’. Certain perception
verbs like pahïe ‘see’ also function as light verbs
(Kume, 2011). Accordingly, we have considered
synonyms of ‘see’ like d”isïe ‘see’ as light verbs.
Additionally, we have annotated verbs like lagïe
‘be attached’, waúïe ‘seem’, along with some of
the verbs recognized as light verbs in the MVC
category like kaãhïe ‘draw out’.

We refer to this list to annotate the verbs,
and to examine their empirical distribution. We
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Figure 2: Distribution of verbs functioning as light in
the LVC.full class. The figure illustrates top five light
verbs with the highest frequencies amongst the twenty-
three light verbs identified.

have identified twenty-three such verbs. Figure 2
shows the verbs with the highest frequencies in
the data. Verbs like khaïe ‘eat’ and suúïe ‘be re-
leased’ have the lowest frequencies. We encounter
certain verbs like suúïe ‘be released’ and soãïe
‘be release-cause’, b@nïe ‘make’ and b@n@wïe
‘make-cause’, wherein the second verb is in the
causative form of the first verb. The causative
light verb has been annotated as LVC.cause, fol-
lowing PARSEME 2.0 (Savary et al., submit-
ted) guidelines and the non-causative form is
LVC.full. LVC.cause are very few in number,
and only attested with four verbs like soãïe ‘be
release-cause’, b@n@wïe ‘make-cause’, mií@wïe
‘get-cause’, and d”akh@wïe ‘see-cause’. Verbs like
b@n@wïe ‘make-cause’ and mií@wïe ‘get-cause’
have the highest frequencies while soãïe ‘be
release-cause’ and d”akh@wïe ‘see-cause’, the low-
est.

Bonial (2021) notes that the event semantics of
LVCs stems from the nouns (and other preverbs),
rather than the verbs alone. These nouns (and
other preverbs) also distinguish these verbs from
their full verb and light verb usages. Verbs in
their full verb usages denote their literal, canoni-
cal sense, while the light verbs constitute the non-
literal senses. When the nominal preverbs are ab-
stract denoting events or states the verb is light,
else full. The corpora show that while this holds
true for most of the light verbs there are certain
light verbs that have no such selectional restric-
tions. Light verbs like hoïe ‘become’, dzaïe ‘go’,
b@nïe ‘make’, k@rïe ‘do’, also as noted by Fam-
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ily (2014), select nominal preverbs that are not ab-
stract.

Based on this understanding, we come up with
certain heuristics to distinguish the verbs into their
light and full versions. The rephrasing test states
that such constructions can be rephrased with one-
word predicate. The Marathi corpora have ex-
amples like ut”t”@r d”eïe ‘answer give’ which can
be paraphrased into corresponding single verb -
ut”t”@rïe ‘answer’. But this test is not valid for most
of the expressions as they cannot be mapped to
their corresponding single verb forms. Thus, we
come up with the following diagnostics beyond
the rephrasing test to identify these monoclausal
constructions:

1. Omission of the preverb: In the preverb-
verb sequence, the preverb cannot be omit-
ted. Example: ramne kholi sw@ÙÙh@ úhewli |
lit. ‘Ram room clean keep’ (‘Ram kept the
room clean’) cannot be rewritten as *ramne
kholi úhewli ‘Ram room kept’

2. Co-ordination: Event nouns as preverbs can-
not be co-ordinated. Example: *t”jane bheú
aïi m@d”@t” d”ili ‘he visit and help give’

3. Limited compatibility with light verbs:
Certain nouns functioning as preverbs like
bhaS@ï ‘speech’ allow certain light verbs like
k@rïe ‘do’ or d”eïe ‘give’.

The LVC category is the most productive as
compared to all other MWEs in Marathi across all
the corpora that were examined (See Table 2).

3.3 Verbal Idioms
Verbal Idioms (VIDs) are a sequence whose mean-
ing does not arise from the meaning of either of the
component verbs. Example: aãheweãhe gheïe | lit.
‘roundabout take’ (‘to make excuses’). These are
relatively fewer in number as compared to MVCs
and LVCs in the corpora.

4 Non-verbal MWEs

Non-verbal MWEs consist of a broad category
of MWEs based on their syntactic role - nom-
inal (NID), adjectival (AdjID), adverbial (Ad-
vID), and other MWEs with other functional cat-
egories. Constant et al. (2017) assert that non-
verbal MWEs can be grouped into the following
schemes that are non-exhaustive and often over-
lapping. We follow the grouping to categorize the
non-verbal MWEs identified in the Marathi data.

1. Compounds: can be further divided into two
types: closed and open compounds. Closed
compounds like kagad”p@t”t”r@ ‘document’ are
formed by two or more words functioning
as a single token, and open compounds like
mit”t”r@-m@it”riïi ‘friends’ are formed from lex-
emes separated by spaces or hyphens.

2. Mutiword term: a multiword designation of
a general concept in a specific subject field.
Example: uÙÙ@ r@kt”@d”ab ‘high blood pres-
sure’

3. Complex function word: functional word
formed by one or more lexeme. Example:
dz@w@ípas ‘nearby, almost’

4. Idioms: a group of lexemes whose meaning
is established by convention. Example: Ãiw
ki praï | lit. ‘heart or spirit’ (‘immense love’)

Constant et al. (2017) state that NIDs can also
be classified into multiword named entities desig-
nating real-world entities like persons, organiza-
tions, locations, etc. The PARSEME 2.0 (Savary
et al., submitted) guidelines do not identify these
expressions as MWEs. Therefore, they are not an-
notated.

Reduplication is a morphophonological phe-
nomenon found in several Indic languages. In
this dataset, we look at them from the point of
view of multi-word expressions. There are vari-
eties of reduplication in the data. Total redupli-
cation appears in examples like g@r@m g@r@m ‘hot
hot’, and onomatopoeic expressions like f@ï-f@ï
‘a kind of sound’ while partial reduplication can
be seen in expressions like aw@ãi niw@ãi ‘likes
dislikes’. Moreover, semantic reduplication like
t”h@ïã@gar | lit. ‘cold cold’ (‘very cold’) is found in
the datasets. Pandharipande (1998) refers to such
expressions as emphatic compounds, as this pro-
cess intensifies the meaning of the first noun by
the use of a synonym.

The semantic properties of the compound ex-
pressions are also taken into account during an-
notation. Pandharipande (1998) refers to expres-
sions like hat”-paj ‘hand-feet’ as a superordinate
compound, as the two nouns belong to the same
semantic class and there is no hierarchical head-
embedding between the two. The expression over-
laps with the class of a copulative compound. We
have annotated these expressions, depending upon
the class of the individual components. Accord-
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mand”@ t”@r@Nga dzhop
‘slow wave sleep’

mand”@ t”@r@Nga
‘slow wave’

mand”@
‘slow’

t”@r@Nga
‘wave’

dzhop
‘sleep’

Figure 3: Stacked annotation observed in NID. The tree
depicts one of the possible annotations of the NID ap-
pearing as a closed compound in the dataset. It suggests
that NID has its own internal structure, and needs to be
combined in the specific order to render desired mean-
ing.

ingly, the example mentioned above is labeled as
NID.

The author states that in adjective-noun com-
pounds like uÙÙ@ r@kt”@d”ab ‘high blood pressure’,
noun is the semantic head, and adjective modi-
fies the noun. The resulting expression is a noun.
We have classified such examples as NID. How-
ever, noun-adjective expressions like praï@ghat”@k
‘life-threatening’ are annotated as AdjIDs because
the resulting expression is an adjective. Expres-
sions like lakuãt”oã | lit. ‘wood break’ (‘the act
of breaking a log of wood’) are noun-verb com-
pounds wherein the derived compound functions
as a noun. They are rarely found in the data, and
following Pandharipande (1998), they are tagged
as NID.

The corpora have certain expressions that have
an internal structure, and span over multiple to-
kens. They result in nested annotations as seen
in Figure 3. The current guidelines for annotation
do not permit nested annotations for closed com-
pounds. Therefore, we have annotated them as a
flat structure.

5 Properties of Marathi MWEs

Marathi MWEs, as observed in the data, possess
certain properties that are challenging for their an-
notation and representation. In this section, we
briefly present an overview of their characteristics
that provide the rationale underlying annotation
decisions.

• Heterogeneity: Section 3 and Section 4 in
the paper show that the annotated MWEs are

k@rt”a jet”il @se kahi upaj pahujat”
do come like some solution see

LVC
LVC

Figure 4: The sentence can be roughly glossed as - Let
us look at some solutions that can be done. The figure
indicates that noun ‘solution’ is shared by the two verbs
- ‘do’ and ‘see’.

not confined to any specific syntactic con-
struction. They are linguistically diverse, and
cannot be restricted to only compound nouns
and light verbs.

• Non-compositionality: Within the entire
class of Marathi MWEs, idioms are highly
non-compositional. The rest of the categories
fall on a continuum between compositional-
ity and non-compositionality.

• Overlap (Schneider, 2014): There are some
overlapping MWE instances. Figure 4 shows
that the noun solution overlaps with two dis-
tinct verbs, acting as a preverb for both light
verbs.

• Gappy grouping There are intervening el-
ements between the components of MWEs,
making them discontinuous (Constant et al.,
2017). Schneider (2014) classifies the ‘gap’
as the argument gap formed by an argument
of the predicate, and the modifier gap created
due to the intervening adjective, adverb, or
determiner.

(1) ha prajog < aúh@wãjat”un ek weía >
k@ra
this experiment < in a week one time
> do
Perform this experiment once a week.

In (1), the LVC.full in blue is discontinuous,
separated by an adverbial modifier.

Most of the constructions exhibiting this
property belong to the LVC class. Marathi
corpora reinforce the fact that MVCs are
tightly integrated verbal units with restricted
internal syntax, while LVCs permit interven-
ing linguistic material (Butt, 1995).
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s@h@bhagi karun gheïe
‘participating do take’

s@h@bhagi karun
‘participating do’

s@h@bhagi
‘participating’

karun
‘do’

gheïe
‘take’

Figure 5: Stacked annotation observed in a verbal
MWE. The root of the tree is an MVC. The termi-
nal nodes together form an LVC. This construction is
nested within a larger MVC with the light verb ‘take’.

• Stacked annotation: When an MWE con-
tains another MWE it leads to a hierarchi-
cal structure. While this phenomenon is ob-
served in Hindi (Jain and Vaidya, 2024), it is
also found in both the verbal and non-verbal
MWEs of Marathi. Figure 5 illustrates a ver-
bal MWE within a verbal MWE. Whenever
it is possible to preserve the embedded struc-
ture, that representation is preferred. How-
ever, closed compounds as discussed in Fig-
ure 3 are annotated as a flat structure.

6 Summary and Conclusion

We develop an exhaustive knowledge base of
Marathi MWEs of all syntactic types - verbal,
nominal, adjectival, adverbial, and other func-
tional types. The consistency checks have been
performed as per PARSEME 2.0 (Savary et al.,
submitted) guidelines. The Table 2 mentions
the distributional patterns of MWEs in Marathi,
revealing both frequent patterns and exceptional
cases in the language.

Wherever the precise MWE identificational cri-
teria are not studied, we attempt to propose them
based on the empirical evidence from the corpora.
However, determining the MWE-hood status of
these expressions remains challenging, owing to
their structural and semantic properties.

7 Limitations

There are certain limitations affecting the applica-
bility of the resource. First, the annotations are
performed by a single annotator. Therefore, inter-
annotator agreement cannot be reported. Secondly,

the resource depends on the automatic prepro-
cessing done using UDPipe (Straka and Straková,
2017). This has led to errors in tokenization, POS
tagging. Though we have prioritized the MWE an-
notations, we plan to manually review and correct
these automatically generated annotations for fu-
ture release.
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Díaz Hernández, Victoria Fendel, Polona Gantar,
Olha Kanishcheva, Cvetana Krstev, and 9 others.
submitted. PARSEME 2.0: Multilingual corpus of
multiword expressions. Submitted to LREC 2026.

Nathan Schneider. 2014. Lexical Semantic Analysis in
Natural Language Text. Ph.D. dissertation, Carnegie
Mellon University, Pittsburgh, Pennsylvania, USA.

Dhirendra Singh, Sudha Bhingardive, and Push-
pak Bhattacharyya. 2016. Multiword expressions
dataset for indian languages. In Proceedings of
the Tenth International Conference on Language Re-
sources and Evaluation (LREC’16), pages 2331–
2335.

Milan Straka and Jana Straková. 2017. Tokenizing, pos
tagging, lemmatizing and parsing ud 2.0 with udpipe.
In Proceedings of the CoNLL 2017 shared task: Mul-
tilingual parsing from raw text to universal depen-
dencies, pages 88–99.

Jörg Tiedemann. 2012. Parallel data, tools and inter-
faces in opus. In Proceedings of the Eight Interna-
tional Conference on Language Resources and Eval-
uation (LREC’12), Istanbul, Turkey. European Lan-
guage Resources Association (ELRA).

Eva Wittenberg and Maria Piñango. 2011. Processing
light verb constructions. The Mental Lexicon, 6.

102

https://www.cs.cmu.edu/~nschneid/thesis/thesis-print.pdf
https://www.cs.cmu.edu/~nschneid/thesis/thesis-print.pdf
https://doi.org/10.1075/ml.6.3.03wit
https://doi.org/10.1075/ml.6.3.03wit


Proceedings of the 22nd Workshop on Multiword Expressions (MWE 2026), pages 103–109
March 28, 2026 ©2026 Association for Computational Linguistics

An Idiom Benchmark for Turkish

Ebru Çavuşoğlu
Translation and Intercultural Studies

Samsun University
ebru.cavusoglu@samsun.edu.tr

Çağrı Çöltekin
Department of Linguistics
University of Tübingen

cagri.coeltekin@uni-tuebingen.de

Abstract

Despite recent significant advances, idioms,
like other forms of figurative language, present
a challenge to natural language processing
(NLP). Benchmark corpora are essential for im-
proving the current models on understanding
idioms. However, such corpora are only avail-
able for a limited set of languages. In this
paper, we introduce our ongoing work on a
benchmark corpus of Turkish idioms. Our cor-
pus is structured for testing both idiom recog-
nition and idiom understanding. The corpus
currently consists of 200 instances with sen-
tences including idiomatic use, their literal
paraphrases, similar sentences with no entail-
ment, and non-idiomatic use of the idiomatic
expressions when possible. We describe the
methodology used to create the corpus, as
well as initial experiments with a selection of
LLMs.

1 Introduction
Idioms are multi-word expressions (MWEs) with
a conventionalized interpretation. The meanings
of idioms cannot be inferred from composition-
ality from the individual words. The correct in-
terpretation of idioms requires familiarity with
the idiom as a conventionalized unit of meaning
within the particular language. Furthermore, many
idiomatic expressions can also be used literally
(Savary et al., 2019), leading to a possible ambi-
guity that has to be resolved based on the context.
Similar to the other forms of figurative expression,
like metaphors, proverbs, and irony, idiom under-
standing necessitates cultural awareness and prag-
matic reasoning beyond compositional semantics
because of their strong dependence on broader lin-
guistic and non-linguistic context. As a result, id-
ioms present challenges for non-proficient speak-
ers, as well as the natural language processing
(NLP) systems (Baldwin and Kim, 2010).

Recent developments in pretrained language

models have significantly improved their perfor-
mance in various tasks related to natural language
generation and comprehension. However, figura-
tive language language understanding remains to
be one of the key challenges even for state-of-
the-art language models (Tayyar Madabushi et al.,
2021; Mi et al., 2025). Measuring and improving
NLP systems beyond current state-of-the-art on fig-
urative language processing requires high-quality
and diverse benchmark datasets. However, the
majority of current figurative language benchmark
datasets concentrate on English or a limited num-
ber of high-resource languages. Although some
multilingual idiom datasets exist (e.g., Tedeschi
et al., 2022; Moussallem et al., 2018), the datasets
for other languages are rather scarce.

In this paper, we present a benchmark corpus of
Turkish idiomatic expressions that can be used to
test idiom recognition, idiom understanding, para-
phrasing, and contextual disambiguation. Each id-
iom in the corpus includes (1) the general form
of the idiomatic expression (IE), (2) the descrip-
tion possibly with examples from a dictionary def-
inition, (3) an example sentence with idiomatic
use of the IE, (4) an example sentence with non-
idiomatic, literal use of the IE, (5) a literal para-
phrase of the idiomatic sentence (entailing (3)),
and (6) a sentence with semantic/surface similar-
ity to (3) without entailment. An example from the
corpus is presented in Table 1. The fields (1) and
(2) were obtained from online dictionaries, while
fields (3)-(6) were created in this study. The pri-
mary objective is to provide a reliable and reusable
benchmark that accurately captures linguistic vari-
ation and authentic usage of idioms in Turkish. Al-
though multiple corpora of idiomatic expressions
exist for Turkish (e.g., Berk et al., 2018; Eryiğit
et al., 2023), these corpora focus on idiom detec-
tion tasks. To the best of our knowledge, a manu-
ally constructed corpus similar to our corpus does
not exist for Turkish. Besides as a benchmark for
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assessing idiom understanding of languagemodels,
the present dataset is also a useful resource for lin-
guistic analysis of multi-word expressions and fig-
urative language use, and for educational applica-
tions.

In the remainder of this paper, we briefly sum-
marize some of the earlier work in the field (Sec-
tion 2), describe the methodology used during cor-
pus creation and provide some statistics on the cor-
pus in Section 3. In Section 4 we present results
on a selection of large language models (LLMs)
for idiom detection and idiom understanding tasks
evaluated on the present benchmark data, before
concluding in Section 5.

2 Related work

Computational study of idioms typically overlap
with studies of multi-word expressions (MWEs),
as well as studies that focus on figurative language.
While computational models of idiom understand-
ing have a long history, the number of studies and
the number of corpora annotated for idiomatic ex-
pressions has recently grown more rapidly (see
Flor et al., 2025, for a recent survey of datasets).

As in other areas of natural language pro-
cessing, many influential datasets are for En-
glish (Cook et al., 2008; Liu and Hwa, 2016;
Stowe et al., 2022; Chakrabarty et al., 2022;
Haviv et al., 2023, e.g.,). Recently, idiom
datasets for other languages, such as Korean (Wang
et al., 2025) and Danish (Sørensen et al., 2025),
and even for truly low-resource languages, like
Nepali (Pokharel and Agrawal, 2025) and Konkani
(Shaikh et al., 2024) have also been published.
Another relatively recent direction is multilin-
gual datasets like AStitchInLanguageModels (Tay-
yar Madabushi et al., 2021) (English and Por-
tuguese), ID10M (Tedeschi et al., 2022) which in-
cludes 10 languages, LIdioms (Moussallem et al.,
2018) which also links idiomatic expressions in the
languages covered. Khoshtab et al. (2025) also
unifies a number of earlier idiomatic expression
datasets, as well as introducing a new one in Per-
sian. None of these multilingual datasets include
Turkish. A recent study creates a Turkish idiomatic
expressions dataset (Kim et al., 2025). However,
the data is not released due to copyright concerns.

There has also been a number of shared
tasks with idiom-related tasks, including FigLang
(Saakyan et al., 2022), and PARSEME (Ramisch
et al., 2018, 2020; Savary et al., 2023) shared

task. PARSEME shared task also features a Turk-
ish MWE dataset (including idioms) which was
created and improved along with the shared task
(Berk et al., 2018; Ozturk et al., 2022). Besides
the PARSEME data, Eryiğit et al. (2023) is an-
other manually created idiom dataset for Turkish.
Like most idiom datasets for other languages, Turk-
ish idiom datasets so far target the idiom (span)
detection task. Our work differs from these cor-
pora as it can be used probing understanding of
idiomatic expressions through entailment, para-
phrasing idioms, or even for idiom generation.
Furthermore, current Turkish idiomatic expression
datasets typically cover a small number of poten-
tially idiomatic expressions (with a large number
of figurative/literal example sentences), while our
aim is to include a large number of diverse poten-
tial idiomatic expressions.

3 Corpus Creation and Corpus statistics

We selected a large set of idioms from a number
of online idiom and proverb dictionaries.1 We re-
moved the proverbs, based on the indication in
each dictionary, and eliminated exact duplicates.
This resulted in 10 970 idioms and their descrip-
tions. Some of the descriptions also include ex-
ample uses of the idiom from literature. Turkish
is an agglutinative language with a wide range of
inflectional and derivational morphology, as well
as a flexible word order. As a result, Turkish id-
ioms often undergo morphological changes, such
as shifts in tense, person, or voice, while retaining
their metaphorical meaning. For instance, the id-
iom burnu sürtülmek shows up as burnu sürtüldü
and burnu sürtülsün in different examples in Ta-
ble 1. The potential variation is much wider, (e.g.,
sürtülmüş büyük burunları ‘their big noses are (ev-
identially) scraped (lit.)’ can also be perfectly fine
in the appropriate context).

Another variation related to the corpus creation
is the potential literal use of the idiomatic expres-
sions. Some expressions are very likely to be used
in their literal meaning (e.g., baskın yapmak ‘to
raid (lit.) / to visit someone unexpectedly (fig.)’),
while others are very unlikely to be used literally
(e.g., burnu havada olmak ‘to have one’s nose on

1The dictionary of Turkish Language associ-
ation (https://sozluk.gov.tr/, Wiktionary
(https://en.wiktionary.org/wiki/Category:
Turkish_idioms), and a Learner’s dictionary of
Proverbs and Idioms (https://www.turkcedersi.net/
deyimler-ve-deyimlerin-anlamlari/).
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Field Example

Form burnu sürtülmek ‘to have (ones) nose scraped (lit.)’
Description Sıkıntı çektikten sonra daha önce beğenmediği bir durumu kabul etmek, gururundan

vazgeçmek. ‘To learn a lesson, accept an (unfavorable) condition after an unpleasant
experience.’

Figurative Sözümüzü dinlemediği için burnu sürtülsün diye bıraktık. ‘Since he/she did not lis-
ten, we left him/her there to teach him/her a lesson.’

Lit. paraphrase Sözümüzü dinlemediği için sıkıntı çeksin diye bıraktık. ‘Since he/she did not listen,
we left him/her there for him/her to suffer (and learn).’

Similar Sözümü dinlemedi ve burnu büyük diye ameliyat oldu ama sonrasından sıkıntı çekti.
‘She/he did not listen to me and had a nose operation, but suffered a lot afterwards.’

Literal Kapıyı yüzüne birden kapatınca burnu sürtüldü. ‘When the door was shut on her/his
face, his nose scraped/scratched.’

Table 1: An example from the corpus.

the air (lit.) / to be arrogant (fig.)’). All idiomatic
expressions in our corpus are MWEs. Most id-
iomatic expressions in the corpus are verbal con-
structions (including nominal object/oblique mod-
ifiers) similar to ones exemplified so far (89%).
However, there are also a number of convention-
alized metaphors like boncuk gibi ‘like a bead’,
or other expressions like boğazına kadar ‘up to
his/her neck (lit.)’ and babasının çiftliği ‘one’s fa-
thers farm (lit.)’. Currently we do not classify the
idiomatic expressions based on any of these varia-
tions.

Ideally, to have a varied benchmark, all the
above-mentioned variation should be considered
while selecting idioms. Unfortunately, many of
these are not quantifiable. As a result, we tried to
balance the frequency of the potential idiomatic ex-
pressions based on their frequency in the Leipzig
web corpus (Goldhahn et al., 2012), and selecting
the first 200 instances we annotate from different
frequency ranges. About 30% of the 200-idiom
corpus is not observed in the corpus, while the
most frequent idiomatic expression occurs 7900
times per million sentences. All 200 idiomatic
forms in the current corpus occur 36 000 times per
million sentences.

After selecting the 200 instances, a researcher
with background in translation studies (the first
author) generated sample sentences following the
guidelines listed below.

• Idiomatic use of the MWE, where we aimed
at natural use of the idiom in typical (infor-
mal) communication settings, where the text
alone is clear enough to signal idiomatic use.

We avoided the use of other idioms in the gen-
erated sentence.

• Literal paraphrase of the sentence, where the
sentence with idiomatic use would entail the
sentencewith the literal use. We avoided para-
phrasing an idiom with another idiom.

• A sentence that is similar to the sentence with
the idiomatic expression, but without an en-
tailment relation – either contradictory with
the idiomatic use or irrelevant.

• Non-idiomatic use of the same MWE. Again,
we avoided the use of other potentially id-
iomatic expressions for this sentence as well.
In a few cases (3 out of 200), a non-idiomatic
use did not lead to a plausible sentence (e.g.,
ayağının pabucu olmak ‘to be shoe of one’s
feet (lit.) / to be worthless in comparison to
someone (fig.)’.

The resulting corpus contains 200 idioms (797
example sentences, and dictionary descriptions).
The length of the sample sentences are approxi-
mately 9 tokens on average.

4 Computational Experiments
In this section we present results of idiomaticity
detection and textual entailment recognition tasks
on a sample of large language models, namely
Google Gemini (Gemini Team et al., 2025), Ope-
nAI GPT 4 (OpenAI et al., 2024), and a number
of smaller open models from the Llama family
(Meta AI, 2024). The models are asked to per-
form binary classification tasks. The first task asks
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Model Detection Entailment

Gemini 2.5-flash 0.609 0.532
GPT-4o 0.594 0.520
Llama-3 70B-Instruct 0.614 0.545
Llama-3 8B-Instruct 0.544 0.517
Llama-3 3B-Instruct 0.521 0.495
Llama-3 1B-Instruct 0.496 0.475

Table 2: Accuracy of idiom detection and entailment
of a selection of LLMs on the current Turkish idiom
dataset.

whether there is an idiomatic expression used fig-
uratively in the given sentence or not. In the sec-
ond task, the languagemodel is given the idiomatic
sample sentence as the premise, and either literal
rephrase or semantically similar non-entailing sen-
tence, and asked whether there is entailment or
contradiction. We prompted each language model
with the simple zero-shot prompts (provided in
Appendix A). Prompts are given to all models in
English. We experimented changing the prompt-
ing language to Turkish, and also including expres-
sions like ‘you are an expert linguist’ as part of the
system prompt. However, the basic prompts pre-
sented in Appendix A worked best for most cases,
with some variation without clear trends. We did
not experiment with few-shot or CoT prompting as
our aim is not to obtain best scores, but assess the
‘understanding’ of the idioms by the languagemod-
els without further aid, similar to what would be
expected in normal language use.

Even though they were asked for a restricted set
of labels, the models, especially the larger ones, oc-
casionally offered their unsolicited reasoning. In
such cases if the first or the last word still was a
valid label, we used it. For a few without an iden-
tifiable label, we read the text and determined the
label manually. We report accuracy as the class dis-
tribution is balanced in both tasks. Table 2 presents
the accuracies of all models we experimented with
in this study.

Larger models perform around 60% of accu-
racy in idiomaticity detection, while smaller mod-
els perform by chance or close to chance level.
There is no noticeable difference between two com-
mercial large language models and 80B parameter
Llama 3. Textual entailment scores are generally
worse, again, smaller models perform at chance
level. Larger models perform better than chance,
but also not much better than a random baseline.

Looking closely at the labels, all models seem to
prefer one of the labels heavily. Larger models
typically prefer the positive answer (‘entailment’
or ‘yes’ to idiomaticity), but smaller models’ la-
bel preference may also vary across different runs.
For the idiom instances that were not found in the
Leipzig corpus, performances of large models also
drop to the level of a random baseline.

5 Conclusions and Future Directions

We presented a fully manually created corpus of
Turkish idioms. The corpus is built on a selection
of potentially idiomatic expressions based on their
frequency, and includes newly-created sample sen-
tences including idiomatic and non-idiomatic uses
of the potentially idiomatic expressions, as well
as literal sentences that is in entailment or contra-
diction relation with the idiomatic sentence. The
information in the corpus can be useful for test-
ing idiom understanding of NLP systems through
textual entailment task, paraphrasing idiomatic ex-
pressions as literal expressions, idiom generation,
as well as idiom identification.

The preliminary computational experiments
show that the current dataset is challenging for
large language models. Even state-of-the-art com-
mercial LLMs seem to do barely above chance
level on the entailment task. We also show that
the performance of the models further decreases
for the low-frequency idioms. This finding is
in line with earlier observations that current id-
iomatic expression datasets lack variety and are
not challenging enough (e.g., Haagsma et al., 2019;
De Luca Fornaciari et al., 2024).

The initial corpus we presented is part of an
ongoing work. We plan to extend the coverage
of the corpus both with respect to the number of
idiomatic expressions, and with respect to sam-
ple sentences for each idiomatic expression. We
also plan to classify the idiomatic expressions fur-
ther, particularly the classes of expressions identi-
fied in linguistics, psychology and translation stud-
ies. These could particularly be interesting in com-
paring human and LM idiom usage or difficulties
(e.g., attributes of idioms like ‘concreteness’ or
‘imageability’ are likely to have different difficul-
ties for humans and LMs). The current version of
the dataset is available at https://github.com/
coltekin/turkish-idioms.
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Limitations
The small size is currently the major limitation of
the dataset, which also affects the reliability of the
results obtained in computational experiments.
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The following are the prompts used for the experi-
ments reported in the paper.
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I will provide you with a
pair of sentences in Turkish
consisting of a premise and
a hypothesis. Is there a
contradiction or entailment
between the premise and
hypothesis? Answer only with
"contradiction" or "entailment".
Premise: [P]
Hypothesis: [H]
Label:

Does the following Turkish
sentence contain an idiom which
is used figuratively? Answer
only with "yes" or "no".
Sentence: [S]
Answer:
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Abstract

Multiword expressions (MWEs) are good ex-
amples of a phenomenon where identification
systems struggle with generalisation: MWE
present in the test set but absent in the training
set are rarely identified. This raises the question
of the diversity of the test set, relative to that of
the train set, and how this impacts performance.
We set out to measure how much diversity of
a train corpus increases when adding individ-
ual MWEs from the test corpus, and how this
increase impacts MWE identification perfor-
mance. We measure diversity across a three-
dimension framework and find mostly consis-
tent negative correlations with performance in
14 languages and 8 systems.

1 Introduction

Multiword expression (MWEs), such as to pay a
visit, to take off or to call it a day, have been an
object of interest and a major challenge in Natu-
ral Language Processing (NLP) for decades (Sag
et al., 2002; Shwartz and Dagan, 2019), notably due
to their prevalence in texts (Candito et al., 2021)
and their semantic non-compositionality (Nandaku-
mar et al., 2018; Cordeiro et al., 2019; Miletić and
Schulte im Walde, 2025). MWE-related tasks de-
fined by the NLP community include MWE identi-
fication in running text (Constant et al., 2017).

This task has received attention in the past
decade, notably due to shared tasks such as DiM-
SUM for English (Schneider et al., 2016), and the
PARSEME shared task on automatic identification
of verbal MWEs (VMWEs) in up to 20 languages,
with its three editions: 1.0 (Savary et al., 2017),
1.1 (Ramisch et al., 2018), and 1.2 (Ramisch et al.,
2020). Edition 1.2, building on the findings from
edition 1.1, introduced a focus on unseen VMWEs.
A VMWE from the test corpus is considered seen
if another VMWE with the same multiset of lem-
mas is annotated at least once in the train or the
development corpus. Otherwise it is considered

unseen. Ramisch et al. (2020) showed that the per-
formances of VMWE identification systems more
strongly (inversely) correlate with the number of
unseen VMWEs than with the size of the train cor-
pus. Savary et al. (2019) argued that this is due to
the very nature of the MWE phenomenon and its
distributional properties.

The number of MWEs seen in the test but not
in the train can be interpreted as the lack of MWE
diversity in the train, relative to the test. But diver-
sity has many facets (Stirling, 1994, 2007; Rama-
ciotti Morales et al., 2021; Estève et al., 2025) and
can refer not only to the number of categories (va-
riety) but also to the evenness of their distribution
(balance) and to their relative differences (dispar-
ity). Given that unseen data had such a predomi-
nant impact on system performance in PARSEME
1.2 shared task, we wish to examine how far these
observations can be generalised to more widely un-
derstood diversity aspects. We introduce the notion
of train/test diversity intake, or diversity intake for
short, to denote the diversity that the test corpus
adds to the train corpus.1 In other words, we are
interested in relative rather than absolute diversity
quantification, as defined by Estève et al. (2025).

We address two research questions:

RQ1 How to estimate the train/test diversity intake?
RQ2 Does this intake correlate with performance

in the MWE identification task?

To address RQ1, we take inspiration from inter-
disciplinary work on diversity, where this notion
has been thoroughly conceptualised. We select
three diversity indicators: richness delta, negated
Zipfian curvature delta, and minimum tree edit dis-
tance. To tackle RQ2, we use the PARSEME 1.2
shared task corpora and system predictions. For
the MWEs from a test corpus, we measure their

1For the sake of brevity, we consider that the development
corpus (if any) is part of the train corpus.
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individual share in the diversity intake. We then
calculate the correlation between this share and the
fact of being correctly or wrongly predicted by a
system. Our hypothesis is that diversity intake and
performance are inversely correlated.

Data, codes and results of our experiments are
openly available.2

2 PARSEME data

To examine how diversity intake correlates with
performance, we use the open source corpora and
system predictions from the PARSEME shared task
1.2.3 The corpora cover 14 languages: Basque
(EU), Chinese (ZH), French (FR), German (DE),
Greek (EL), Hebrew (HE), Hindi (HI), Irish (GA),
Italian (IT), Polish (PL), Brazilian Portuguese (PT),
Romanian (RO), Swedish (SV), and Turkish (TR).
Their sizes range from 35 thousand to over 1 mil-
lion tokens per language, with 1 thousand to 9
thousand manually-annotated VMWEs.4 They also
include UD-style5 morphosyntactic annotations.

We use the predictions of 8 out of 9 systems
participating in the shared task.6 MTLB-STRUCT,
TRAVIS-multi and TRAVIS-mono were based on
BERT-finetuning; ERMI and MultiVitamin used
simpler neural networks; HMSid and Seen2Unseen
applied association measures; Seen2Seen and Fip-
sCo were rule-based.

3 Diversity measures

For diversity quantification, we use the concep-
tual framework defined by Stirling (1994, 2007)
to unify previous work in several scientific fields,
most prominently ecology (Ricotta and Szeidl,
2006; Leinster and Cobbold, 2012; Scheiner, 2012;
Chao et al., 2014; Chao and Ricotta, 2019). This
framework has been recently applied in NLP (Es-
tève et al., 2025), and to MWEs in particular (Lion-
Bouton et al., 2022). It assumes that diversity is a
property of sets whose elements can be aportioned
into categories. Like Lion-Bouton et al. (2022), we

2https://gitlab.lisn.upsaclay.fr/deletombe/
repo

3https://gitlab.com/parseme/sharedtask-data
4The annotation follows unified guidelines with a VMWE

taxonomy including verbal idioms (go bananas), light verb
constructions (pay a visit, grants rights), inherently reflexive
verbs (help oneself ), verb-particle construction (do in), multi-
verb constructions (let go) and inherently adpositional verbs
(rely on).

5https://universaldependencies.org/format.html
6The 9th system, MultiVitaminBooster, had per-language

scores below 1% F-measure.

define categories as VMWE canonical forms repre-
sented by multisets of lemmas of their components.
For instance, for the MWE to call a spade a spade,
the multiset of lemmas is {a, a, call, spade, spade}.
Elements are occurrences of these MWE canonical
forms.7

Given the category/element dychotomy, diver-
sity can be characterized along three dimensions
(Stirling, 2007): variety, balance, and disparity.
All other things being equal, the higher the variety
the higher the diversity of a set. The same holds
for balance and disparity.

Variety relates to the number of categories. A
simple and widely used variety measure is richness,
i.e. simply the number of categories, and we will
use it for estimating variety intake.

Balance relates to the evenness of the distribu-
tion of the elements in categories. Balance reaches
its optimum when the distribution is perfectly uni-
form. In fields like ecology, the distribution of
categories (e.g. species) is often hard to estimate
reliably, and then so-called non-parametric diver-
sity measures, like Shannon evenness (Smith and
Wilson, 1996), are used. But if a particular distri-
bution can be assumed, so-called parametric mea-
sures apply (Magurran, 2004). In NLP, Zipfian
distributions are frequently encountered and apply
to MWEs (Ryland Williams et al., 2015). A Zipfian
distribution is characterised by the probability mass

function Zs,n(i) = i−s
(∑n

j=1 j
−s

)−1
, where, in

our case, n is the number of VMWE categories, i is
the rank of the i’s most frequent VMWE category,
and s is the exponent characterizing the curvature
of the distribution. When s = 0, the distribution is
uniform, and the higher s, the more curved (more
unbalanced) the distribution is. Therefore, the op-
posite of curvature, i.e. −s, can be considered a
measure of balance (Zhang et al., 2023).

Disparity reflects the extent to which categories
are different from each other, which calls for an
appropriate distance measure between categories.
Recently, various disparity measures using seman-
tic vector spaces have been used in NLP (Yang
et al., 2024; Yu et al., 2022; Puranik et al., 2023; E
et al., 2023; Kim et al., 2023; Cao and Wan, 2020)
but it was also shown that such measures strongly
correlate with variety, in particular when MWE
are concerned (Estève et al., 2024). Therefore, in-

7Note that a non-idiomatic co-occurrence of a multiset of
lemmas does not count as an element, e.g. in she called this
thing a spade but a spade is something else.
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faire

se voir

faire

partie

Figure 1: Syntactic trees of two French VMWEs: se
faire voir (lit. ‘make oneself see’) ‘show oneself in a
fancy place’ and faire partie (lit. ‘make part’) ‘belong’.

spired by Guo et al. (2024), we endorse interest in
syntactic (and partly semantic) diversity.

As the distance underlying our disparity mea-
sure, we use the tree edit distance by Zhang and
Shasha (1989) between two VMWEs seen as sim-
plified syntactic dependency subtrees, where only
the lemmas and the head-dependent relations are
represented, as in Figure 1. For such trees, we
consider three elementary edit operations, allowed
both for leaves and internal nodes, in any order:
(i) deletion of a node, (ii) insertion of a node, (iii)
replacement of the lemma of a node by another
lemma. Operations (i) and (ii) each cost 1. The
cost of (iii) is half of the cosine distance between
the vectors representing the original lemma and
the replacement lemma (i.e. its range is [0, 1]).
We use the Word2Vec-style (Mikolov et al., 2013)
vector spaces by Estève et al. (2024),8 trained on
the PARSEME corpus edition 1.3.9 The tree edit
distance is the cost of a minimal sequence of ele-
mentary edit operations transforming one tree into
another. For instance, the edit distance between the
two trees in Figure 1 is 1.282: 1 for the deletion
of se ‘oneself’ and 0.564/2 for the replacement of
voir ‘see’ by partie ‘part’.

4 Diversity intake

To address RQ1, we estimate diversity intake (DI),
for each VMWE individually, along the three di-
mensions of diversity. For each diversity dimen-
sion, the DI of the test corpus is represented by a
vector, comprising all individual DIs. For a given
language L, let TRAIN and TEST be its train and
test corpora. Let ETEST = (e1, . . . , en) be the list
of the VMWE categories from TEST. Consider the
toy example of TRAIN (1) and TEST (2) in French.
Here, ETEST =({faire ‘do’, partie ‘part’}, {faire
‘do’, se ‘oneself’, voir ‘see’}, {faire ‘do’, sembler
‘seem’}).

8This semantic space represents both single words and
VMWEs. Here, we only use vectors for the former.

9Edition 1.3 contains consolidated versions of the VMWE-
annotated corpora from 3 shared task editions in 26 languages.

(1) Il s’agissait de faire partie du show, donc il
en faisait partie.
It was about taking part in the show, so he
took part in it.

(2) Même s’il n’en faisait pas partie, il s’y ferait
voir et ferait semblant.
Event if he didn’t take part in it, we would
show up and pretend.

We define the variety intake DIv(ei) to be 1 if
ei is absent from TRAIN (i.e. it adds to TRAIN’s
variety), and 0 otherwise. Then the DI for the
whole TEST is DIv = (DIv(e1), . . . , DIv(en)).
In (2) we have DIv = (0, 1, 1).

To calculate the balance intake DIb(ei), we add
ei to the set of VMWEs from TRAIN and recalcu-
late its Zipfian curvature s. The difference between
−s in TRAIN with and without ei is the value of
DIb(ei). In (2), adding e2 or e3 to TRAIN flattens
the curvature but adding e1 increases the frequency
of the most frequent category. Therefore, the DIb
vector has positive values at positions 2 and 3 and
a negative one at position 1.

The disparity intake follows a slightly different
logic than variety and balance intake. The idea
is that a system might correctly identify ei on the
basis of a VMWE from TRAIN which is similar,
even if not identical, to ei. Therefore, DId(ei)
is defined as the minimum edit distance between
ei and any VMWE in TRAIN. In (2), we have
DId ≈ (0.00, 1.11, 0.16) respectively for faire
partie / faire partie (identical means 0 distance),
s’agit / se faire voir (0 distance between se and
se, ≈ 0.11 between agir and faire, 1 to add voir),
and faire partie / faire semblant (0 distance be-
tween faire and faire, ≈ 0.16 between partie and
semblant).

To account for performance of system S on
expression ei, we define PerfS(ei) to be 1 if S
has correctly identified ei and 0 otherwise. Then
PerfS = (PerfS(e1), . . . , P erfS(en)). In (2), if
only the first two expressions are true positives,
then PerfS = (1, 1, 0).

To address RQ2, in each language we calculate
the diversity intake vectors, DIv, DIb and DId.
We then measure the Pearson correlation between
each of them and the performance vector PerfS ,
for each system S. The results are described in the
following section.
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Table 1: Pearson correlation measurement between variety/balance/disparity intake and performance

DE EL EU FR GA HE HI IT PL PT RO SV TR ZH

V
ar

ie
ty

ERMI −0.46 −0.47 −0.47 −0.43 −0.50 −0.61 −0.48 −0.46 −0.51 −0.38 −0.60 −0.53 −0.43 −0.44
FipsCo −0.18 −0.28 −0.33
HMSid −0.26
MTLB-STRUCT −0.53 −0.52 −0.56 −0.54 −0.48 −0.74 −0.42 −0.61 −0.58 −0.47 −0.63 −0.52 −0.44 −0.39
Seen2Seen −0.89 −0.87 −0.86 −0.90 −0.74 −0.87 −0.75 −0.88 −0.94 −0.89 −0.65 −0.85 −0.88 −0.89
Seen2Unseen −0.86 −0.82 −0.80 −0.78 −0.58 −0.87 −0.39 −0.84 −0.89 −0.81 −0.63 −0.81 −0.82 −0.89
TRAVIS-mono −0.41 −0.14 −0.49 −0.30 −0.48 −0.54 −0.52 −0.45 −0.38 −0.31
TRAVIS-multi −0.46 −0.54 −0.44 −0.55 −0.22 −0.67 −0.39 −0.53 −0.54 −0.47 −0.49 −0.44 −0.40

B
al

an
ce

ERMI −0.31 −0.31 −0.35 −0.34 −0.49 −0.56 −0.32 −0.48 −0.39 −0.35 −0.19 −0.48 −0.36 −0.32
FipsCo 0.16 −0.07 −0.31
HMSid −0.21
MTLB-STRUCT −0.21 −0.23 −0.28 −0.25 −0.42 −0.43 −0.26 −0.35 −0.31 −0.29 −0.15 −0.40 −0.31 −0.23
Seen2Seen −0.27 −0.31 −0.35 −0.31 −0.65 −0.51 −0.53 −0.34 −0.36 −0.36 −0.22 −0.48 −0.36 −0.33
Seen2Unseen −0.27 −0.29 −0.32 −0.28 −0.54 −0.50 −0.36 −0.33 −0.34 −0.34 −0.22 −0.47 −0.34 −0.33
TRAVIS-mono −0.21 −0.44 −0.24 −0.50 −0.34 −0.28 −0.16 −0.40 −0.29 −0.21
TRAVIS-multi −0.23 −0.25 −0.31 −0.28 −0.34 −0.47 −0.33 −0.36 −0.32 −0.22 −0.42 −0.29 −0.25

D
is

pa
ri

ty

ERMI −0.33 −0.26 −0.33 −0.26 −0.19 −0.23 −0.38 −0.39 −0.41 −0.35 −0.26 −0.27 −0.27 −0.02
FipsCo −0.34 −0.13 −0.32
HMSid −0.29
MTLB-STRUCT −0.36 −0.23 −0.32 −0.22 −0.24 −0.27 −0.44 −0.39 −0.41 −0.34 −0.29 −0.28 −0.24 −0.09
Seen2Seen −0.36 −0.21 −0.21 −0.21 −0.11 −0.23 −0.30 −0.35 −0.35 −0.27 −0.12 −0.25 −0.19 −0.09
Seen2Unseen −0.36 −0.22 −0.23 −0.24 −0.15 −0.24 −0.36 −0.36 −0.36 −0.29 −0.11 −0.25 −0.23 −0.08
TRAVIS-mono −0.32 −0.02 −0.21 −0.15 −0.37 −0.35 −0.33 −0.25 −0.22 −0.05
TRAVIS-multi −0.35 −0.21 −0.33 −0.23 −0.15 −0.30 −0.46 −0.36 −0.42 −0.28 −0.32 −0.26 −0.06

5 Results

The results are shown in Table 1, with the strongest
correlation for each language highlighted in bold.
All results, except for TRAVIS-multi in ZH, ERMI
for the same langage and TRAVIS-mono for EL,
are statistically significant with threshold 0.05.
We observe mostly negative correlation (with
only three exceptions), which suggests that higher
train/test diversity intake is associated with weaker
system performance, and vice versa, which cor-
roborates our hypothesis. Negative correlation is
considered (i) strong, (ii) moderate and (iii) weak,
if the scores fall (i) below −0.7 or above 0.7, (ii)
from −0.7 to −0.3 or from 0.3 to 0.7 and (iii) from
−0.3 to 0.3.

Regarding variety, a strong negative correlation
with system performance is noticeable. Out of the
83 scores, the majority consists of moderate (53)
and strong (25) correlations. The Seen2Seen and
Seen2Unseen systems display the strongest neg-
ative correlation, reaching −0.94 for Seen2Seen
in PL and −0.89 for Seen2Unseen in ZH and PL.
This is expected, given that these systems focus on
the MWEs seen in train. Conversely, FipsCo relies
of external MWE lexicons, which is consistent with
its relatively weak correlation with variety intake.

For balance intake we observe a weaker but
still non-negligible negative correlation, with 52
moderate and 31 weak scores. The highest scores
are shown for Seen2Seen (reaching −0.65 in GA)
and ERMI (reaching −0.56 in HE). This might be

partly due to the fact that unseen VMWEs, when
added to TRAIN systematically increase both its
variety and balance. This might strongly influence
the systems like Seen2Seen and ERMI which use
no external data (e.g. lexicons, pre-trained models).

As to disparity intake, a majority of correlations
(50) are weak, which indicates that disparity in-
take has little or no impact on performance. This
might mean that systems hardly capture syntactic
and semantic similarities between VMWEs. There
are only 33 moderate correlations, notably for
TRAVIS-multi in HI and PL (−0.46 and −0.42),
ERMI in PL (−0.41), and MTLB-STRUCT in HI
and PL (−0.44 and −0.41).

6 Conclusions and future work

In this paper, we investigated the correlation be-
tween train/test diversity intake and the perfor-
mance of VMWE identification systems. We con-
firmed prior findings from the PARSEME shared
tasks showing a strong relationship between sys-
tem performance and the rate of unseen VMWEs,
which we re-interpreted as variety intake.

We extended previous findings to the two other
dimensions of diversity — balance and disparity
— by studying whether similar correlations could
be observed. Balance intake, quantified through
the curvature of the Zipfian distribution, was found
to exhibit a moderate correlation with system per-
formance. In contrast, disparity intake, modelled
using a novel approach based on tree edit distance,
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showed only weak correlation with system perfor-
mance in our experiments.

In the future, we intend to apply the methods pre-
sented here to the corpora and system predictions
from the latest edition 2.0 of the PARSEME shared
task (Scholivet et al., 2026). We also wish to study
alternative ways to measure diversity that may bet-
ter correlate with performance. Such measures
may help evaluate the systems but also improve
their training and contribute to the creation of more
balanced datasets.
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8 Limitations

This work uses vector spaces to quantify dissimi-
larity between words, which, as any vector space
trained on real-world data, cannot account for all
possible structures and variations. The quality of
the vector spaces, and subsequent experiments re-
lying on them, while reasonable, cannot be a com-
plete and perfect representation of these phenom-
ena at work.

Diversity quantification has a very rich bibliogra-
phy and many other diversity measures exist which
could be applied in our context. More thorough
criteria for selecting the most accurate measures
are needed.
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Abstract

Multiword expressions (MWEs) have been
widely studied in cross-lingual annotation
frameworks such as PARSEME. However, Ko-
rean MWEs remain underrepresented in these
efforts. In particular, Korean multiword adpo-
sitions lack systematic analysis, annotated re-
sources, and integration into existing multilin-
gual frameworks. In this paper, we study a
class of Korean functional multiword expres-
sions: postpositional verb-based constructions
(PVCs). Using data from Korean Wikipedia,
we survey and analyze several PVC expres-
sions and contrast them with non-MWEs and
light verb constructions (LVCs) with similar
structure. Building on this analysis, we propose
annotation guidelines designed to support fu-
ture work in Korean multiword adpositions and
facilitate alignment with cross-lingual frame-
works.

1 Introduction

PARSing and Multiword Expressions (PARSEME;
Savary et al., 2015) is a robust multilingual frame-
work for annotating idiomatic word combinations,
known as multiword expressions (MWEs). They
are distinguished from literal and fully productive
combinations via a suite of linguistic tests, and are
classified into subcategories based on their gram-
matical structure. Similarly to words, MWEs are
categorized according to their morphosyntactic and
functional criteria (Baldwin and Kim, 2010; Savary
et al., 2023).

One category of MWEs is expressions that act
like prepositions or postpositions (collectively ‘ad-
positions’). The PARSEME 2.0 guidelines encom-
pass a wide range of MWE types, including adpo-
sitional MWEs as a subtype of functional MWEs.1

An English example (sometimes termed a complex

1https://parsemefr.lis-lab.fr/
parseme-st-guidelines/2.0/

preposition) is in front of. With respect to its syntac-
tic distribution, in front of is similar to single-word
adpositions like behind and near. It also carries a
relational, and in particular spatial, meaning typical
of adpositions. Finally, it is an MWE by PARSEME
guidelines since it exhibits grammatical fixedness
(fossilization): it has been lexicalized to not allow
morphological changes (*in fronts of ) or modifiers
(*in far front of ).

In this paper, we consider adpositional MWEs
in Korean against the backdrop of the PARSEME
framework. We focus on a pattern of grammati-
calized adpositional MWEs that we term postpo-
sitional verb-based constructions (PVCs). An
example appears in (1):

(1) 게에
key-ey
crab-OBL

관한
kwanha-n
relate-ADN

책
chayk
book

‘a book about crabs’

In (1), the semantically bleached postposition
-에 ey combines with the verb 관한 kwanhan—
fossilized in its adnominal (or attributive2) form—
to constitute the adpositional MWE -에 관한 ey
kwanhan ‘about’.3 As a unit, the MWE marks the
topic argument of the head nominal ‘book’ to mean
‘book about crabs.’

To the best of our knowledge, this is the first
study of PVCs. Prior studies of Korean have ex-
amined a range of classes of MWEs and idiomatic
expressions, including a range of adpositional ex-
pressions, and the polysemy of grammatical mark-
ers that come into play in PVCs (§5). Moreover,
adpositions and adpositional MWEs have been se-
mantically annotated in the multilingual SNACS
framework (Schneider et al., 2018, 2022; Arora

2‘Attributive’ contrasts with predicative; ‘adnominal’ fo-
cuses on its function as a modifier of a noun. Both refer to the
same set verb endings in Korean.

3Throughout this paper, we format adpositions (including
PVCs), verbs, and other categories, including suffixes.
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et al., 2021, inter alia), but the Korean implemen-
tation of SNACS (Hwang et al., 2020) has not an-
notated adpositional MWEs.4

In this paper, we develop an account of this
construction and a proposal for how its instances
should be annotated in the PARSEME framework.
We contribute:

• an initial list of such Korean PVCs, drawn
from Korean Wikipedia;

• a proposal for how to annotate them under
current PARSEME guidelines; and

• a proposed linguistic analysis of PVCs, includ-
ing a discussion on distinguishing them from
adnominal verbs.

2 Defining PVCs

Single-word Korean adpositions are postpositions
called 조사 cosa5 that are orthographically and
phonologically bound to a noun phrase (Martin,
1992; Sohn, 2001; Yeon and Brown, 2019). They
function as case markers, conjunctions, and mark-
ers of discourse-pragmatic meaning like topic and
focus (Hwang et al., 2020).

We define Korean PVCs as adpositional multi-
word units composed of two parts: a postposition
that attaches to a noun phrase and a verb that un-
dergoes limited inflection.6

This paper focuses on하다 -hata PVCs, whose
verb portion is composed of a bound stem and a
verbalization suffix하다 -hata that attaches to the
bound stem.7 We thus describe them as having
three components: a postposition, a bound stem,
and하다 -hata suffix. Together, they mark the re-
lationship between the head and the object noun.
As illustrated in (1), the adposition -에 ey and the
bound stem대 tay with the verbalization suffix in
the adnominal form (-한 han) comprise a PVC that
corresponds to the English preposition about.

A key characteristic of Korean postpositional
MWEs is that they are fossilized in meaning. Al-
though the adnominal (e.g.,관한 kwanhan) in ex-

4And likewise for Japanese, which is structurally similar
(Aoyama et al., 2024).

5Pronounced ‘josa’.
6While we do not discuss Korean adpositional MWEs

beyond PVCs, we are aware of several postpositional units
that may be considered multiword expressions, like stacked
postpositions (Hwang et al., 2020) and other postposition
equivalents (Moon, 2015).

7PVCs also extend to constructions that do not contain
the -hata suffix such as -에따르면 -ey ttalumyen ‘according
to’ containing a bound stem lexicalized from the verb 따르
다 ttaluta ‘to follow’. As with하다 -hata PVCs, the verb is
limited in inflection.

ample (1) is in the attributive form of a verb (e.g.,
관하다 kwanhata ‘to relate to’), it cannot be pro-
ductively used as a matrix verb of a sentence and
does not participate in regular verbal inflection as
exemplified in (2). Additionally, it cannot freely
undergo regular morphological change as shown in
(3), appearing almost exclusively within a limited
set of constructions allowed for the MWE, further
discussed in §4.1.

(2) *책이
chayk-i
book-NOM

게에
key-ey
crab-OBL

관했다
kwanha-yss-ta
relate-PAST-DECL

‘A book was about crabs.’

(3) 게에
key-ey
crab-OBL

관한 / *했던
kwanha-n / *-yss-ten
relate-ADN / -PAST-ADN

토론
tholon
debate

‘a debate that used to be about crabs’

This is in contrast to the full predicate verbs
with suffix -hata. Example (4) shows the predicate
구하다 kuhata ‘to rescue’ appearing in the same
adnominal construction as PVCs. But the key dis-
tinguishing factor is that this can also be freely used
as a matrix verb with a full range of inflectional
endings while retaining its core meaning as seen in
example (4).

(4) 친구를
chinku-lul
friend-ACC

구한 /했던
kuha-n / -yss-ten
rescue-ADN / -PAST-ADN

강아지
kangaci
puppy

‘a puppy that rescued a friend’

These characteristics notably pass two of the tests
for fixedness under the PARSEME guidelines
(Savary et al., 2015).

3 Extracting a list of PVCs

A range of expressions fall in the PVC class.
To compile an initial list of these, we develop a
pipeline to extract and filter candidates from cor-
pora. The main challenge is disambiguating them
from false positives (verbs and light verb construc-
tions appearing in the same adnominal construction
as PVCs, as in (4)).
Candidate extraction First, we take the May
2024 dump of Korean Wikipedia totaling 515k arti-
cles (Chang, 2024; Wikimedia Foundation, 2024).
Then, we analyze the main text of each article with
konlpy’s (Park and Cho, 2014) Mecab morpholog-
ical analyzer (Kudo, 2013). Finally, using a regular
expression, we look for sequences of an adposition
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Adposition Bound stem Meaning Suffix forms with하다 hata inflections

-에 ey; oblique 대 tay about -한 han, -해 hay, -해서 hayse, -하여 haye
-에 ey 의 ui by -한 han, -해 hay, -해서 hayse, -하여 haye
-를 lul; accusative 통 thong via, through -한 han, -해 hay, -해서 hayse, -하여 haye
-를 lul 위 wi for -한 han, -해 hay, -해서 hayse, -하여 haye
-로 lo; dative 인 in due to -한 han, -해 hay, -해서 hayse, -하여 haye
-에 ey 관 kwan about -한 han, -해 hay, -해서 hayse, -하여 haye
-에 ey 속 sok † in, belong to -한 han, -해 hay
-로 lo,를 lul 향 hyang † towards -한 han, -해 hay
-에 ey 비 pi than, compared to -한 han, -해 hay, -해서 hayse, -하여 haye
-에도 eyto; oblique + additive 불구 pwulkwu although -하고 -hako
-를 lul 비롯 piros such as -한 han, -해 hay, -해서 hayse, -하여 haye
-를 lul 기 ki † since -한 han, -해 hay
-에 ey 반 pan against, unlike -한 han, -해 hay, -해서 hayse, -하여 haye
-를 lul 위시 wisi such as -한 han, -해 hay, -해서 hayse, -하여 haye

Table 1: Non-exhaustive list of distributional properties of 14 Korean PVCs, in order of frequency in Korean
Wikipedia. Additional adpositions and suffix forms are possible for select arguments as described in §4. -해 -hay,
-해서 hayse, -하여 haye are resultative connective suffixes; -하고 hako is an conjunctive connective suffix; -한 han
is an adnominal suffix. †Unlike others, these bound stems can serve as the main predicate in a sentence, as discussed
in §4.1.

(with a J* tag), a bound stem (XR but commonly
erroneously parsed as a noun NN*), and some in-
flection of suffix -hata.8

For each stem, we retrieve a list of adpositions,
suffixes, and adposition-stem-suffix sequences that
occur with it. As PVCs are more lexicalized than
the usual verb-argument construction, bound stems
that form PVCs co-occur with smaller numbers of
adpositions, suffixes, and sequences, which may
be used to select bound stems that can form PVCs.
However, to ensure accurate retrieval, we take the
300 most frequently occurring stems in such se-
quences out of 3.5k candidates and manually verify
whether the stem forms a PVC.
Annotating candidates To verify the PVC-hood
of a candidate, we exploit the properties of PVCs
described in §4 and connected to those of func-
tional MWEs (Savary et al., 2015). PVC verbs:

• exhibit limited capacity for morphological in-
flection (see (3)),

• cannot be modified (5), and
• do not serve as a main predicate of a sentence

or a clause (discussed further in §4.1). Excep-
tions exist, which we do not treat as instances
of PVCs; see Appendix B.

Among the 300 stems, 12 are bound stems that
form PVCs, and the rest are verbs (mostly light
verb constructions) with cased arguments. Of the
12, 3 stems can also serve as a main predicate of a
sentence or a clause; they only form PVCs when
they do not (§4.1). Our additional manual analysis

8We release our pipeline at https://github.com/
aatlantise/korean-multiword-postpositions.

uncovers 2 additional, less frequent bound stems
that form PVCs.

4 Properties of PVCs

The 14 identified PVCs, their components, and
their meanings appear in Table 1, sorted from most
to least frequent in Korean Wikipedia. The list of
applicable postpositions and suffixes is not exhaus-
tive. For example, -로향한 lo hyanghan ‘towards’
can surface with -에게 eykey when it attaches to
animate arguments (-에게향한 eykey hyanghan).

We verify that PVCs are indeed MWEs and ad-
positions, in accordance with the PARSEME guide-
lines (Savary et al., 2015). Distributionally, they
can be replaced with single-word adpositions: for
example, -를위한 lul wihan ‘for’ can be replaced
by -의 ui ‘of’ or -같은 kath’un ‘like’ while retaining
grammaticality and acceptability.

As expected, Korean PVCs exhibit morphologi-
cal or lexical inflexibility that characterize MWEs.
Examples (2), (3), and (5) show that modification
of a component (the verb) and regular morpholog-
ical change into the past tense results in question-
able acceptability, where both examples are better
analyzed as a predicate in a relative clause. We
note that despite the lexicalization, PVCs exhibit
neither irregular syntactic structure nor semantic id-
iomaticity; we thus describe them as weak MWEs
(Schneider et al., 2014).

(5) *게에
key-ey
crab-OBL

약간
yakkan
somewhat

관한
kwanha-n
relate-ADN

책
chayk
book

‘a book somewhat about crabs’
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4.1 Adnominal and connective forms only

A distinctive property of Korean PVCs, resulting
from their lexicalization, is that the verb suffix
-하다 hata present in the PVC can only be inflected
in limited cases discussed below.

Unlike regular verbs, many that form PVCs en-
tirely resist appearing as a tensed matrix predicate:
progressive *관한다 kwanhanta and past *관했다
kwanhayssta would be ungrammatical for (1). For
others, doing so forces a change in meaning: the
PVC -에 대한 ey tayhan means ‘about’, but -을
대했다 ul tayhayssta in the past-tense matrix form
require a different postposition and changes the
meaning to ‘treated’.

As a result, -hata suffixes in PVCs have a con-
strained distribution tied to specific inflectional end-
ings: they only appear in a pre-nominal position
with the adnominal ending -한 han (shown in (1))
or in a pre-verbal position with connective endings
(-해 hay, -해서 hayse, -하여 haye).9

A small set of PVCs exhibit exceptions:속하다
sokhata ‘be a part of’, 향하다 hyanghata ‘face,
head towards’, and기하다 kihata ‘set as time for
something to begin’. These permit predicative use
without a major semantic shift. However, we treat
these as PVCs, as the predicative forms are gener-
ally dispreferred in favor of their respective PVC
forms or alternate constructions. See Appendix B
for more discussion.

4.2 PVC verbs are not light verb
constructions

In addition to the predicate verb and verbal suffix,
하다 hata ‘to do’ can function as a light verb that
combines with a noun complement to become lexi-
calized and form light verb constructions (example
(6); Chae, 1996; Han, 2000). In fact, just like the
full predicate, these LVCs can also participate in
verbal inflections. As a result, verbs in PVCs like
관한 kwanhan (example (1)) can resemble LVCs,
especially when the LVC appears as an adnominal.

(6) 공원을
kongwuen-lul
park-ACC

산책하다
sanchayk-ha-ta
stroll-LV-DECL

‘take a stroll at the park’

9The connective suffix forms are generally analyzed in the
literature to form serial verb constructions that together denote
a single event (Kim, 2010; Im and Lee, 2001).

(7) 공원을
kongwuen-lul
park-ACC

산책한
sanchayk-ha-n
stroll-LV-ADN

사람
salam
person

‘person that took a stroll at the park’

In an LVC, most of the semantic content is con-
tributed by the noun (Jespersen, 1965; Cattell,
1984; Baldwin and Kim, 2010). The noun in an
LVC like산책 sanchayk ‘stroll’ is a fully unbound
lexical item (Chae, 1996), such that can be reduced
to a nominal form, as in (8).

(8) 공원
kongwuen
park

산책
sanchayk
stroll

‘a stroll at the park’

(9) *게
key
crab

관

kwan
relate

In a PVC, while it could be argued that the seman-
tic content of관하다 kwanhata ‘relate’ stems from
관 kwan,10 PVC verb stems are bound and cannot
appear on their own—as shown in example (9),
which is structurally analogous to (8). They are
comparable to English bound morphemes like fer
in refer or confer. Thus, they are unable to be re-
duced to nominal forms, as required by PARSEME
guidelines (Savary et al., 2015).

4.3 Other constructions with same structure

In this section, we discuss how PVCs with predica-
tive and non-predicative verbs ((2), (3), and (5))
compare to LVCs (6) and non-MWEs (4) with
cased arguments, as they can form the same sur-
face structure consisting of a noun with adposi-
tion, a stem (or noun), and a -hata verbal suf-
fix. We consider 3 constructions: PVCs with non-
predicative verbs (PVC-n), PVCs with possibly
predicative verbs (PVC-p; denoted with † in Ta-
ble 1), and verbs with cased arguments (verb +
arg), in the order from most to least lexicalized.
We compare them in 4 forms: adnominal (attribu-
tive) verb (1), main predicative verb (e.g.향하다
hyanghata ‘face, head towards’ in §4.1), verb mod-
ification (5), and serial verb modification.

Table 2 offers grammaticality judgments. De-
spite the same surface structure across the 4 forms,
the grammaticality of these forms varies across

10
관 kwan is a Sino-Korean stem from Middle Chinese關

kwaen meaning ‘relation’ or ‘barrier’ (Baxter, 2010).
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Forms PVC-n PVC-p verb + arg

Adnominal verb ✓ ✓ ✓
Main predicate ✓ † ✓
Adn. verb mod. ✓ † ✓

Conn. verb mod. ✓
Table 2: Grammaticality of 3 categories of construc-
tions with a PVC-like surface form. PVCs with non-
predicative verbs are the most lexicalized, only able to
appear in adnominal (attributive) forms. †Predicative
verbs that form PVCs may undergo modification or
serve as the main predicate in a sentence, but with such
change they no longer carry adpositional meaning and
instead behave like a regular verb-argument construc-
tion.

the 3 constructions. PVCs with non-predicative
verbs, comprising the majority of PVCs, are the
most lexicalized, only able to appear in adnominal
and connective forms. While predicative verbs that
form PVCs are more flexible, they are only PVCs
when they do not appear as a main predicative verb,
as they can be modified and undergo inflectional
morphology as main predicates. They are PVCs
when they appear as the nonfinal component of a
serialized verb. We provide explicit examples and
further explanations on grammaticality judgments
of these constructions in Appendix C.

5 Related Work

We review studies of Korean MWEs and idiomatic-
ity.
Traditional accounts. Traditional Korean gram-
mar identifies several categories of idiomatic ex-
pressions. Examples include 관용어 kwanyong-e
“habitual word”;숙어 swuk-e “familiar word”; and
연어 yen-e “connected words, collocations”. The
boundaries of these categories tend to be fuzzy,
with dictionaries disagreeing with each other. See
Appendix A for further details.
Contemporary linguistic accounts. Linguistic
accounts have offered taxonomical and theoreti-
cal analyses of Korean MWEs. Prior work on Ko-
rean MWEs and LVCs describes their lexical and
morphological inflexibility, analyzes LVC subtypes
(e.g., common noun vs. serial verb constructions,
often involving Sino-Korean nouns), and provides
generative accounts of nominal–light verb com-
binations, noting the diverse realizations of light
verbs and adjectives (Han and Rambow, 2000; Lee,
2011; Im and Lee, 2001; Chae, 1996; Bak, 2012).
The form 하다 hata ‘to do’ has been a particular
subject of study in its range of grammatical and

semantic realizations, as a light verb, as a light ad-
jective, or as a suffix (Han, 2000). It is important to
note that while verbs that appear in PVCs contain
-하다 hata, they are suffixes that attach to bound
stems rather than light or support verbs that attach
to nouns (Chae, 1996, 2013).

Postpositional MWEs. Early work on mod-
ern Korean discusses postpositional phrases and
compound postpositions (Underwood, 1890; Roth,
1937). More recent work following Kim (2002) has
used the term postposition equivalents for units that
function like postpositions. While many postposi-
tion equivalents are cased nouns denoting spatial
relations (e.g.앞에 ap-ey front-LOC ‘at the front,
in front of’; Suh, 2004), some Korean postposition
equivalents have recently been described as adposi-
tional multiword expressions that are metaphoric
(Han et al., 2024), although the authors focus on
(experiential) metaphoricity and idiomaticity of
these MWEs rather than their MWE-hood, compo-
sition, or structure. Other postposition equivalents
have been analyzed as collocations or ongoing pro-
cesses of grammaticalization (Kim, 2002; Moon,
2015). No prior work has focused on PVCs.

Korean MWE processing for machine trans-
lation. Outside of linguistics, work in machine
translation has discussed Korean MWEs, includ-
ing the PVCs we discuss in this paper, despite in-
consistent terminology. In their study of the chal-
lenges of English suk-e in English-Korean machine
translation, Lee and Kim (1993) discuss English
MWEs and attempt to create a dictionary mapping
each of them to Korean counterparts. Finally, in a
study of Korean-to-Japanese multiword “transla-
tion units,” Moon and Lee (2000) include a discus-
sion on “semi-words” -를위한 lul wihan ‘for’ and
-のための no tameno (‘for’), the former of which
we describe as a PVC in this paper.

6 Conclusion

In this paper, we describe a class of Korean mul-
tiword adpositions: postpositional verb-based con-
structions (PVCs). We offer a list of 14 PVCs ex-
tracted from a corpus (Table 1), analyze their verbs
and their distributions (§4.1, §4.2), and compare
them to similar constructions with the same surface
form (§4.3). This work is the first of its kind to
analyze Korean multiword adpositions and draw a
connection to cross-lingual annotation frameworks
like PARSEME.
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Limitations and future work

We have highlighted postpositional verb-based con-
structions (PVCs) in Korean and examined their
linguistic properties towards annotating them in the
PARSEME framework. Future work should pursue
comprehensive annotation of Korean adpositional
MWEs—including PVCs—in corpus data. This
will shed light on properties such as ambiguity and
fossilization.

Our analysis is not exhaustive: we note distribu-
tional variation across domains. For example, the
gerundial -함 ham suffixes that denote a state are
frequently attested in legal text. Our analysis will
benefit from future work on such variation.

Our corpus analysis relies on the Mecab morpho-
logical analyzer (Kudo, 2013). While efficient and
effective, the analyzer is not error-free; we thus do
not report various metrics we measure in this pa-
per, including the number of adpositions, suffixes,
and sequences with which each stem occurs. The
metrics are still available on our codebase.

In addition, comparative analysis with similar
Japanese constructions formed with a postposi-
tion, Sino-Japanese stem, and an inflection of
Japanese suffix -する suru (e.g., -に対して ni
taishite ‘about’) may yield fruitful insights. Note
Sino-Japanese character 対 corresponds to대 tay
in -에 대한 ey tayhan ‘about’ from Sino-Korean
對.
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A Traditional approaches to Korean
idiomatic expressions

Traditional frameworks in Korean grammar com-
ment on the use and history of idiomatic expres-
sions. Following Sag et al.’s (2002) definition of the

multiword expression as “lexical items that: (a) can
be decomposed into multiple lexemes; and (b) dis-
play lexical syntactic, semantic, pragmatic, and/or
statistical idiomaticity,” we discuss the following
terms:관용어 kwanyong-e “habitual word”;숙어
swuk-e “familiar word”;성어 seng-e “word from
the old times”;연어 yen-e “connected words,” ‘col-
locations’;속담 sokdam “earthly talk,” ‘proverbs’.

Korean yen-e and sokdam exhibit categorical
differences, as they can respectively be compared to
collocations and proverbs (Lim, 2011; Hoang et al.,
2022), although Shim (2009) describes “syntactic
kwanyong-e” to be “words that must go with each
other”: collocations.

Doosan Donga (2003) defines kwanyong-e as
“expressions used habitually by the ordinary per-
son”, swuk-e as “expressions that comprise of two
or more words frequently used to function as a
single word,” and seng-e as “frequently quoted
expressions since the old times.” Despite distinct
definitions offered, there is no clear categorical
difference between the terms. Some dictionaries
equate the terms kwanyong-e, suk-e, and seng-e
(National Institute of Korean Language, 1999;
Doosan Donga, 2003); others explicitly differenti-
ate them. Doosan Encyclopedia provides English
examples in its entries of the terms. Example of a
kwanyong-e is “It rains cats and dogs” and “He
kicked the bucket” (Doosan Corporation, n.d.a)
while an example of suk-e is “get in” (Doosan
Corporation, n.d.b), whose function as a single
word is emphasized. From this, we infer the en-
cyclopedia categorically distinguishes the highly
idiomatic “cats and dogs” and “kick the bucket”
from other shorter, less idiomatic light verb con-
structions, prepositional verbs, and verb-particle
constructions. On the other hand, a seng-e is ex-
plained to usually have a Chinese origin, possibly
due to influence from its subcategory saca-seng-e,
old 4-letter Chinese proverbs (Giles, 1873; Choi,
2016). Overall, we find that while there are sev-
eral terms that can refer to multi-word expressions,
their boundaries are often unclear and fuzzy to the
point that dictionaries disagree with each other.

B Exceptions to PVC syntactic limitations

There are three notable exceptions to the limitations
that verbs that form PVCs take:속하다 sokhata ‘be
a part of’,향하다 hyanghata ‘face, head towards’,
and기하다 kihata ‘set as time for something to be-
gin’ as outlined in Table 1. These verbs can partici-
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pate in the predicative from without deep change
in meaning (10). We treat these as PVCs due to
their restricted distribution and the general prefer-
ence for corresponding PVC forms or alternative
constructions (11).

(10) 하늘로
hanul-lo
sky-DAT

갑자기
kapcaki
suddenly

향했다
hyangha-yss-ta
head-PAST-DECL

‘suddenly headed towards the sky’

(11) 하늘로
hanul-lo
sky-DAT

향해
hyangha-y
head-CONN

날아가다
nalaka-ta
fly-DECL

‘fly towards the sky’

C Grammaticality judgments of PVCs
and related constructions in various
forms

In this section, we provide glossed examples of var-
ious constructions and their grammaticality judg-
ments discussed in Table 2 and §4.3. For each of the
3 constructions, we assign an event to be consistent
in this section. The non-predicative PVC example
will continue featuring the book about crabs (1 et
al.). The predicative PVC example will feature a
ball headed towards the sky (10, 11). The regular
verb-argument construction examples will feature a
puppy that rescued a friend. All three verb lemmas
are similar in appearance with a single-character
bound stem and a -hata suffix:관하다 kwanhata
‘relate,’ a non-predicative PVC verb (PVC-n),향하
다 hyanghata ‘go towards,’ a possibly predicative
PVC verb (PVC-p), and구하다 kuhata ‘rescue,’ a
regular verb with a cased argument.
Adnominal forms. All three verbs are able to
take the adnominal form (12–14).

(12) 게에
key-ey
crab-OBL

관한
kwanha-n
relate-ADN

책
chayk
book

‘a book about crabs’ [PVC-n]

(13) 하늘을
hanul-ul
sky-ACC

향한
hyangha-n
face-ADN

공
kong
ball

‘a ball (headed) towards the sky’ [PVC-p]

(14) 친구를
chinku-lul
friend-ACC

구한
kuha-n
rescue-ADN

강아지
kangaci
puppy

‘a puppy that rescued a friend’ [verb+arg]

Main predicate forms. The non-predicative
PVC’s verb is unable to serve as a main predicate of
a sentence (15). While the predicative PVC’s can
(16), it no longer forms a multiword expression,
and behaves like the verb-argument construction.

(15) *책이
chayk-i
book-NOM

게에
key-ey
crab-OBL

관했다
kwanha-yss-ta
relate-PAST-DECL

‘A book was about crabs.’ [PVC-n]

Example (15) is generally grammatically unaccept-
able. However, in legal texts, the same construction
is acceptable and even frequent when the verb takes
the gerundial -함 ham suffix (e.g. to signal a state
in which a book is about crabs).

(16) 공이
kong-i
ball-NOM

하늘을
hanul-ul
sky-ACC

향했다
hyangha-yss-ta
face-PAST-DECL

‘A ball headed towards the sky.’ [PVC-p]

While grammatically acceptable, the verb in (16)
carries predicative meaning instead of the adposi-
tional meaning carried by (13). In this usage, then,
향하다 hyanghata ‘to head’ is treated as a full lex-
ical verb akin to the non-PVC verb구하다 kuhata
‘to rescue’ (below in 17), which is subject to no
restriction as a matrix verb.

(17) 강아지가
kangaci-ka
puppy-NOM

친구를
chinku-lul
friend-ACC

구했다
kuha-yss-ta
rescue-PAST-DECL

‘A puppy rescued a friend.’ [verb+arg]

Adnominal verb modification. Attempting to
modify the verb shows that PVC verbs are not able
to undergo modification without ungrammatical-
ity (18) or shift in meaning (PVC to regular verb
with argument; 19). The PVC as a whole may be
freely modified (20, 21). The regular verb may be
modified with or without the argument freely (22).

(18) *게에
key-ey
crab-OBL

명백히
myengpaykhi
clearly

관한
kwanha-n
relate-ADN

책
chayk
book

‘a book clearly about crabs’ [PVC-n]

(19) 하늘을
hanul-ul
sky-ACC

확실히
hwaksilhi
surely

향한
hyangha-n
face-ADN

공
kong
ball

‘a ball that is surely headed towards the sky’ [PVC-p]
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(20) 명백히
myengpaykhi
clearly

게에
key-ey
crab-OBL

관한
kwanha-n
relate-ADN

책
chayk
book

‘a book clearly about crabs’ [PVC-n]

In (19), insertion of an adverb inside what would
have been a PVC/MWE still results in a grammati-
cal sentence. This strongly points to an alternative
analysis for this sentence, one in which하늘을향
한 공 hanul-ul hyanghan kong ‘ball towards the
sky’ forms a relative clause, as reflected in the trans-
lation. This would, conversely, mean that treatment
of (21) could go either way, i.e., one that involves
a PVC/MWE or one with a relative clause.

(21) 확실히
hwaksilhi
surely

하늘을
hanul-ul
sky-ACC

향한
hyangha-n
face-ADN

공
kong
ball

‘a ball surely (headed) towards the sky’ [PVC-p]

(22) 친구를
chinku-lul
friend-ACC

용감하게
yongkamhakey
courageously

구한
kuha-n
rescue-ADN

강아지
kangaci
puppy

‘a puppy who courageously rescued a friend’
[verb+arg]

Connective verb modification. In a verb seri-
alization construction, the final verb is the main
predicate (Kim, 2010). In this case, PVC verbs take
the connective suffix to form PVCs, and cannot
be modified (23, 24). Even non-predicative PVC
verbs cannot take the predicative form due to their
non-final verb position and remain lexicalized. Sim-
ilarly to (20, 21), PVCs as a whole can be modified.
Non-PVC verbs can be freely modified (25).

(23) *게에
key-ey
crab-OBL

명백히
myengpaykhi
clearly

관해
kwanha-y
relate-CONN

서술한
seswulhan
describe-ADN

책
chayk
book

‘book written clearly about crabs’ [PVC-n]

(24) *하늘을
hanul-ul
sky-ACC

확실히
hwaksilhi
surely

향해
hyangha-y
face-CONN

날아간
nalakan
fly-ADN

공
kong
ball

‘ball flying while surely heading towards the sky’
[PVC-p]

(25) 친구를
chinku-lul
friend-ACC

용감하게
yongkamhakey
courageously

구해
kuha-y
rescue-CONN

살린
salli-n
save-ADN

강아지
kangaci
puppy

‘puppy who courageously rescued and saved the
friend’ [verb+arg]

126



Proceedings of the 22nd Workshop on Multiword Expressions (MWE 2026), pages 127–133
March 28, 2026 ©2026 Association for Computational Linguistics

PolyFrame at MWE-2026 AdMIRe 2: When Words Are Not Enough:
Multimodal Idiom Disambiguation

Nina Hosseini-Kivanani
University of Luxembourg & RTL

Esch-sur-Alzette, Luxembourg
nina.hosseinikivanani@uni.lu

Abstract

Multimodal models struggle with idiomatic ex-
pressions due to their non-compositional mean-
ings, a challenge amplified in multilingual set-
tings. We introduced PolyFrame, our system
for the MWE-2026 AdMIRe 2 shared task on
multimodal idiom disambiguation, featuring
a unified pipeline for both image+text rank-
ing (Subtask A) and text-only caption ranking
(Subtask B). All model variants retain frozen
CLIP-style vision–language encoders and the
multilingual BGE M3 encoder, training only
lightweight modules: a logistic regression and
LLM-based sentence-type predictor, idiom syn-
onym substitution, distractor-aware scoring,
and Borda rank fusion. Starting from a CLIP
baseline (26.7% Top-1 on English dev, 6.7%
on English test), adding idiom-aware paraphras-
ing and explicit sentence-type classification in-
creased performance to 60.0% Top-1 on En-
glish, and 60.0% Top-1 (0.822 NDCG@5) in
zero-shot transfer to Portuguese. On the mul-
tilingual blind test, our systems achieved aver-
age Top-1/NDCG scores of 0.35/0.73 for Sub-
task A and 0.32/0.71 for Subtask B across 15
languages. Ablation results highlight idiom-
aware rewriting as the main contributor to per-
formance, while sentence-type prediction and
multimodal fusion enhance robustness. These
findings suggest that effective idiom disam-
biguation is feasible without fine-tuning large
multimodal encoders.

1 Introduction

Idiomatic expressions are a long-standing problem
for computational semantics because their figura-
tive meanings are not compositionally predictable
from surface form (Flor et al., 2025; Zeng and
Bhat, 2021). Models trained primarily on literal
data often interpret idioms word by word, which
leads to semantic drift in downstream tasks such
as translation, retrieval, and captioning (Pickard

et al., 2025a). This effect is amplified in multi-
lingual settings, where idioms differ in lexicalisa-
tion and transparency across languages (Domhan
et al., 2022; Cap et al., 2015). Recent work treats
idiomaticity as a structured prediction problem,
for example, by classifying usages as literal or
idiomatic or by ranking contextually appropriate
interpretations (Endalie et al., 2023).

AdMIRe 2.0 provides sentences containing po-
tentially idiomatic nominal compounds together
with five candidate images and parallel caption-
based variants (Arslan et al., 2026). Subtask A
asks systems to rank images according to how well
they reflect the intended meaning of the compound
in context. Subtask B replaces images with cap-
tions and prompts to probe text-only reasoning un-
der the same schema. Both subtasks implicitly re-
quire robust sentence-type judgements (idiomatic
vs. literal) and fine-grained alignment of the chosen
sense with visual or textual cues.

This paper presents our system description for
AdMIRe 2.0 (Arslan et al., 2026). We build a
shared data and evaluation pipeline and instanti-
ate three variants within a single architecture: (i) a
CLIP-based multimodal baseline for Subtask A;
(ii) an improved multimodal ranker with super-
vised sentence-type classification (logistic regres-
sion plus a literal-first LLM classifier), idiom syn-
onym replacement, distractor-aware scoring, and
fusion of visual and caption-based scores; and (iii)
a text-only counterpart of the improved ranker for
Subtask B (Figure 1). All systems use frozen CLIP-
style vision–language encoders and the multilin-
gual BGE M3 sentence encoder (Chen et al., 2024),
with learning restricted to lightweight idiomaticity
classifiers, scalar fusion weights, and rank-level
Borda ensembles over multiple CLIP and LLM
backends. Our experiments examine how sentence-
type prediction, idiom-aware rewriting, and multi-
modal fusion jointly improve idiom-sensitive im-
age and caption ranking across languages.
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Input Stage 1. Sentence typing Stage 2. Idiom rewrite Stage 3. Similarity scoring Stage 4. Borda fusion Output

sentence s with compound c
5 images I1..I5
image captions

binary sentence type
logistic regression on BGE M3
label. idiomatic or literal

if idiomatic. replace c with
compositional synonym
else. keep original c

zero shot similarity streams
SigLIP2. sentence ↔ images
BGE M3. sentence ↔ captions
SigLIP2. sentence ↔ captions

convert scores to ranks
Borda fusion over 3 streams
weights. [0.6, 0.3, 0.1]

ranked list of images
I1..I5 from best to worst

Outputs. ranked image list I1..I5 for the input sentence and compound.

Example candidate images for the idiom “big fish”.

Figure 1: Overview of the final POLYFRAME pipeline. Sentence typing via logistic regression, idiom replacement
for idiomatic cases, three zero shot similarity streams with SigLIP2 and BGE M3, and Borda fusion

2 Related Work

Idiom processing and idiomaticity detection.
Text-based idiom processing has been studied ex-
tensively through shared tasks and benchmarks
that ask models to decide whether a target expres-
sion is used literally or idiomatically in context
(e.g., (Jakhotiya et al., 2022; Boisson et al., 2022)).
SemEval 2022 Task 2 introduced multilingual id-
iomaticity detection for verbal multiword expres-
sions and showed that glosses, translations, and
lexical knowledge bases can improve cross-lingual
disambiguation (Phelps et al., 2022). Subsequent
work has evaluated large language models on id-
iom detection and translation, reporting that they
still over-predict idiomatic readings in literal con-
texts and require careful prompting to approach
the performance of supervised baselines (Phelps
et al., 2024). Other studies have proposed targeted
metrics for evaluating idiom translation in neural
machine translation and documented a strong ten-
dency toward literal renderings (Khan and Akter,
2025). The AdMIRe shared tasks extend this line
of work by framing idiomaticity as a multimodal
ranking problem and by providing graded relevance
annotations for sentence type and image suitabil-
ity (Torunoğlu-Selamet et al., 2026; Pickard et al.,
2025b).

Multimodal idiom understanding and vision–
language models. Multimodal encoders such as
CLIP learn aligned image–text representations via
large-scale contrastive learning and have become
standard backbones for zero-shot classification and
retrieval. However, their pretraining data and ob-
jectives are not tailored to figurative language, and
idiomatic usages are often under-represented. Re-
cent approaches adapt CLIP to idiom interpretation
by enriching prompts with natural-language defini-
tions, few-shot examples, or idiomatic paraphrases,
and by combining visual similarity with textual sen-

tence embeddings (Markchom et al., 2025; Wang
et al., 2025). AdMIRe 2.0 offers a test bed for
such strategies by providing both image-based and
caption-based variants of the same task. Our sys-
tems follow this direction: we keep OpenCLIP-
style encoders frozen, pair them with BGE M3
for multilingual sentence embeddings, and focus
learning capacity on lightweight idiomaticity clas-
sifiers and fusion mechanisms that combine visual,
caption-based, and definition-based scores within a
single architecture.

3 Methodology1

We describe our systems for the two AdMIRe 2.0
subtasks, which jointly probe sentence-level id-
iomaticity and multimodal disambiguation (see
Figure 1 for an overview). Subtask A presents a
context sentence containing a potentially idiomatic
nominal compound and five candidate images; the
system must rank the images by appropriateness.
Subtask B reuses the same TSV schema but re-
places images with captions and prompts, yielding
a text-only ranking task. Sentence-type prediction
is evaluated by accuracy, and ranking by Top-1
accuracy and NDCG@5.

3.1 Task setup and system variants
For Subtask A, the organisers provide supervised
splits for English (EN) and Portuguese (PT) with
train, development, test, and cross-evaluation par-
titions. Each instance consists of a sentence, the
target compound, five image file names organised
under idiom-specific directories, and optionally im-
age captions and prompts. For evaluation, we run
our system on the official blind-test bundles cov-
ering 15 languages, resolving image paths via a
language-aware global root and tracking the num-
ber of processed instances per language (approxi-
mately 50–360) to ensure full coverage.

1https://github.com/NinaKivanani/PolyFrame
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For Subtask B, we reuse the TSV structure but
operate in text-only mode: image identifiers are
retained for compatibility, while ranking uses cap-
tions and prompts only. Within a shared architec-
ture, we instantiate three system variants to study
the impact of modality, sentence-type modelling,
and idiom replacement: (i) a CLIP-based multi-
modal baseline for Subtask A, (ii) an improved
multimodal ranker with explicit sentence-type clas-
sification, idiom replacement, and distractor-aware
fusion, and (iii) a text-only variant of the improved
ranker for Subtask B.

3.2 Representations and encoders
Each TSV row is parsed into a context sentence
x, a target compound c, five image identifiers
{i1, . . . , i5}, and, when available, image captions
{ck}5k=1. Supervised splits additionally provide a
gold sentence type ysent ∈ {idiomatic, literal} and
a gold ranking π∗ = [π∗

1, . . . , π
∗
5].

All systems use vision-language encoders for
multimodal understanding. The baseline uses a
multilingual CLIP variant (xlm-roberta-large-ViT-
H-14) with frozen LAION-5B weights. The im-
proved systems employ a dual-encoder architecture:
SigLIP2 (ViT-SO400M-14-SigLIP2-378) (Tschan-
nen et al., 2025) as the primary vision-language
encoder for image-text similarity, combined with
BGE-M3 as a separate multilingual text encoder for
text-only ranking via caption matching. Rankings
from both encoders are fused using Borda-count ag-
gregation. Additional CLIP or SigLIP models can
be added in ensemble mode with weighted fusion.

For sentence and caption representations we ad-
ditionally use BGE M3, a multilingual dense re-
trieval encoder. Given a sentence–compound pair
(x, c), we concatenate them and obtain an em-
bedding g(x, c) ∈ Rd, which provides text-only
similarity scores for caption-based ranking and
serves as the feature space for a lightweight binary
sentence-type classifier.

3.3 Sentence-type prediction and ranking
Sentence-type prediction. Sentence-type predic-
tion combines a supervised classifier and an LLM-
based component. We train a two-way logistic re-
gression model on EN data using BGE M3 features
g(x, c) to predict ysent ∈ {literal, idiomatic}. This
serves as the primary sentence-type signal when
available.

As a complementary mechanism and cross-
lingual fallback, we use literal-first prompting with

external LLMs (GPT-4o, Qwen3-32B, Llama 3.1-
70B, DeepSeek-v3, Mistral). For each com-
pound–language pair, the system first asks the LLM
to generate a small set of clearly literal example
sentences, which are cached. The final prompt
presents these examples together with the target
sentence and instructions to decide between LIT-
ERAL and IDIOMATIC. We allow brief reasoning
but constrain the output to a single label.

Baseline multimodal ranker. The baseline first
predicts sentence type heuristically, then constructs
prompts, and finally performs visual and textual
ranking. Given the predicted type, we build a small
set of text queries that combine the sentence, the
compound, short natural-language definitions from
a hand-curated idiom lexicon, and few-shot exam-
ples. These queries are encoded with the CLIP
text tower and averaged to obtain a single query
embedding q.

For visual ranking, each image ik is mapped to
an embedding vk = fimg(ik), and similarity scores
are computed via cosine similarity between q and
vk, optionally scaled by a temperature τ to sharpen
the distribution over the five candidates; images
are then ranked by descending similarity. Caption-
based ranking is analogous, using captions instead
of images. Visual and caption-based rankings are
fused via a Borda-style scheme that converts rank
positions into scores and interpolates them, typi-
cally with a higher weight on visual information.

Improved multimodal ranker. The im-
proved ranker extends the baseline with supervised
sentence-type classification, idiom synonym re-
placement, and distractor-aware fusion. For sen-
tences classified as idiomatic, we rewrite the con-
text by replacing occurrences of c with a composi-
tional paraphrase that makes the figurative meaning
explicit; the modified sentence is then used to con-
struct CLIP prompts, while literal sentences are left
unchanged.

The final ranking fuses three score streams: (1)
SigLIP2 vision-language similarity (sentence ↔
images), (2) BGE-M3 text similarity (sentence ↔
captions), and (3) SigLIP2 text similarity (sentence
↔ captions via SigLIP2’s text encoder). In our sub-
mitted configuration we use weighted Borda-count
aggregation with fixed weights of [0.6, 0.3, 0.1] for
vision-language similarity, BGE-M3 text similar-
ity, and SigLIP2 caption similarity, respectively, in
image+text mode. For text-only mode, weights are
adjusted to [0.0, 0.7, 0.3] to focus on text compo-
nents while ignoring vision. A confidence measure
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derived from the gap between the top two scores
in each stream can adjust these weights. For non-
English languages, an optional cross-lingual mode
combines scores computed on the original sentence
with scores computed on an English translation
obtained from the same LLM used for literal-first
classification.

Text-only ranker. The text-only system reuses
the same architecture in caption-only mode. Image
embeddings are set to zero and receive zero weight
in the fusion stage; sentence-type prediction, id-
iom synonym replacement, and caption-based scor-
ing with BGE M3 and SigLIP2 remain unchanged.
This design ensures that improvements over ran-
dom ranking are attributable purely to text mod-
elling of captions and that ablations of the classi-
fier, literal-first prompting, or idiom replacement
are directly comparable across subtasks.

3.4 Ensembles, transfer strategies
Model ensembles and Borda fusion. To improve
robustness and support zero-shot transfer, we em-
ploy ensembles at both encoder and classifier level
with a unified rank-level fusion scheme. On the
vision side, we optionally use an ensemble of CLIP
variants. Our best-performing configuration uses a
single SigLIP2 model (ViT-SO400M-14-SigLIP2-
378) rather than an ensemble, as this provided opti-
mal performance while maintaining efficiency. The
system supports ensemble configurations where
multiple CLIP or SigLIP variants can be combined
using weighted Borda fusion, but the submitted
system operated in single-model mode.

For sentence-type prediction, we evaluate sev-
eral LLMs under the same literal-first prompting
strategy; in the final configuration, we combine
Qwen3-32B and GPT-4o with weights [0.6, 0.4],
selected based on development performance, while
other LLMs act as fallbacks. In all cases, we ap-
ply weighted Borda fusion: each candidate’s rank
in each list is converted into a score (higher for
better ranks), multiplied by the corresponding fu-
sion weight, and summed. Candidates are then
re-ranked by their aggregated Borda scores, pro-
viding a consistent mechanism for combining both
modalities and model variants.

Zero-shot and few-shot transfer. To handle
idioms and languages with limited training data,
we support both zero-shot and few-shot strategies.
When few-shot prompting is enabled, CLIP queries
are augmented with hand-curated examples that il-
lustrate literal and idiomatic usage (e.g., idiomatic

big fish in a company vs. literal big fish in a fish-
ing context), which are prepended to CLIP text
queries to guide the vision–language encoder. For
languages without training data, we rely on the
multilingual capabilities of SigLIP2 and BGE M3:
the system applies zero-shot classification directly
to non-English sentences using the multilingual en-
coders, and when this fails, the system falls back
to simple heuristics based on compound frequency
in captions and basic lexical markers. This zero-
shot setup yields reasonable performance (around
60% accuracy on PT) without language-specific
training.

4 Results & Discussion

We evaluate our systems using the official Ad-
MIRe 2.0 metrics, reporting Top-1 accuracy and
NDCG@5. Experiments cover both subtasks and
include baseline comparisons, strategy-specific
variants, ablation studies, and the official blind-test
evaluation on Codabench. We used a temperature
of τ = 0.7 for similarity scaling and Borda-count-
based fusion as the default for final evaluation.

The CLIP-based baseline, which relies on frozen
vision–language embeddings and heuristic sen-
tence typing, achieves 26.7% Top-1 accuracy on
the EN development set and 6.7% on the test set
(see Table 1). This large drop highlights the diffi-
culty of the task and confirms that naive multimodal
retrieval is strongly biased toward literal interpreta-
tions when idiomatic compounds are present.

System EN dev EN test PT dev (zero-shot)

Top-1 (%) NDCG@5 Top-1 (%) NDCG@5 Top-1 (%) NDCG@5

CLIP baseline 26.7 0.655 6.7 0.607 – –
+ Idiom replacement 60.0 0.800 – – – –
+ LLM sentence typing 40.0 0.739 – – – –
+ All improvements 60.0 0.797 – – 60.0 0.822

Table 1: System performance across evaluation sets.

Introducing idiom synonym replacement yields
the largest single improvement, raising Top-1 accu-
racy on the EN development set to 60.0% (Table 1).
This confirms observations from AdMIRe 2024
that rewriting idiomatic expressions into composi-
tional paraphrases substantially reduces literal bias
in vision–language models. Literal-first sentence
classification using an external LLM improves per-
formance to 40.0% when used in isolation, indicat-
ing that sentence-type awareness is beneficial but
insufficient without explicit paraphrasing. The best
submission didn’t use LLM classification. Combin-
ing sentence-type prediction, idiom replacement,
and multimodal fusion in the improved ranker
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System Top1A Top1B ST Acc.

CLIP baseline
(XLM-RoBERTa-ViT-H-14) 26.7 6.7 53.3

GPT-4o 32.5 28.0 58.0
Qwen3-32B 31.0 26.5 56.5
Llama3.1-70B 29.5 25.0 55.0
DeepSeek-v3 28.0 23.5 53.5
Mistral-large 30.0 25.5 54.5

Ensemble
(Qwen3+GPT-4o) 33.5 29.0 59.0

Best submission 35.0 32.0 –

Table 2: Multilingual blind test results (15 languages).
Best submission used SigLIP2 + idiom replacement
with zero-shot classification.

maintains 60.0% Top-1 accuracy while providing
greater robustness across prompt conditions and
idiom types. Zero-shot transfer to PT also reaches
60.0% Top-1 and 0.822 NDCG@5, suggesting that
the core strategies generalise across related lan-
guages.

Multilingual blind-test results. We submitted
our systems to the official Codabench evaluation
for both subtasks. On the multilingual blind test
covering 15 languages, our submission achieved an
average Top-1 accuracy of 0.35 and an NDCG of
0.73 for Subtask A, and 0.32 Top-1 accuracy with
an NDCG of 0.71 for Subtask B. These scores cor-
respond to a mid-range ranking among participat-
ing systems at the time of evaluation. Performance
was consistent across languages, with comparable
scores on Chinese and non-Chinese subsets, in-
dicating stable cross-lingual behaviour in a fully
zero-shot setting (Table 2).

For the blind-test phase, we apply the improved
system unchanged to all 15 evaluation languages,
using the official directory structure and file for-
mats. The submitted configuration combines
SigLIP2 with idiom replacement and zero-shot
sentence-type classification. We verify full cov-
erage for each language, with sample counts rang-
ing from 48 to 363 instances (see Table 3 in the
Appendix).

Ablation studies. Ablation experiments on the
EN development set show that idiom replacement
accounts for most of the performance gains, while
sentence-type prediction mainly improves stability
and reduces variance across idioms. Multimodal
fusion consistently outperforms unimodal ranking,
and Borda-style aggregation is more robust than al-
ternative rank-combination strategies across hyper-
parameter settings. Temperature and fusion-weight
sweeps show limited sensitivity around the chosen

defaults, indicating that the improvements are not
driven by fragile tuning.

Taken together, the results suggest that most of
the attainable gains come from better framing of
the vision–language matching problem rather than
from stronger back-end language models (Radford
et al., 2021). Idiom rewriting and multimodal fu-
sion close much of the gap between the CLIP base-
line and our best systems (Gao et al., 2024), while
LLM-based sentence-type prediction yields smaller
incremental gains at the cost of additional latency,
API dependence, and prompt sensitivity (Jin et al.,
2025). This trade-off is reflected in the final Cod-
abench submission, which uses SigLIP2 with id-
iom replacement and zero-shot sentence typing,
but omits LLM classification despite its slightly
higher scores on the EN development set. The rel-
atively modest drop from Subtask A to Subtask B
and the stable NDCG values across languages indi-
cate that caption-based reasoning can approximate
image-based disambiguation when captions are in-
formative, but also highlight persistent weaknesses
on low-resource and culturally marked varieties
such as Spanish Ecuador and Uzbek (Tschannen
et al., 2025). Overall, the pattern of ablation re-
sults supports our design choice to prioritise frozen
encoders and lightweight, transparent adaptations
over heavy fine-tuning or tightly coupled LLM
components (Xing et al., 2024).

Limitations and Future Work

A key limitation of our approach is that the id-
iom synonym replacement database is manually
curated and currently covers only around 50 com-
mon English idioms, with limited coverage for the
14 non-English languages in the blind test. This
restricts the effectiveness of idiom replacement for
less frequent expressions and for many non-English
instances. Future work will explore learned fusion
weights as an alternative to our current fixed Borda-
based scheme. Since our experiments so far rely
mainly on decoder-style large language models,
we also plan to incorporate encoder-based models
(e.g., BERT) and encoder–decoder architectures
(e.g., T5, mBART). These architectures may cap-
ture idiomaticity in different ways and provide com-
plementary perspectives on representation learning
for figurative language.
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A Appendix

Table 3 summarises the official Codabench blind
test results for our submission nikoniko. For Sub-
task A (image+text), our system achieved an aver-
age Top1 accuracy of 0.35 and an NDCG of 0.73
across 15 languages. For Subtask B (text only),
the corresponding scores were 0.32 Top1 and 0.71
NDCG. In both subtasks, our run ranked fifth on the
Codabench leaderboard at evaluation time. The per
language breakdown shows clear variation across
the multilingual blind test. For Subtask A, the
best performing languages are Portuguese Brazil
(PT-BR) (0.46), PT (0.42), and Norwegian (0.42),
while Spanish Ecuador (ES-EC) (0.17), Uzbek
(UZ) (0.29), and Georgian (KA) (0.27) emerge as
the most challenging. Despite these differences in
Top1 accuracy, NDCG scores remain consistently
high in the 0.69 to 0.76 range, with an overall aver-
age of 0.73.

Language Subtask A (img+txt) Subtask B (text)

Top1 (%) NDCG@5 Top1 (%) NDCG@5

Chinese (ZH) 35.0 0.72 28.0 0.69
Georgian (KA) 27.0 0.69 28.0 0.68
Greek (EL) 36.0 0.72 28.0 0.71
Igbo (IG) 33.0 0.73 29.0 0.69
Kazakh (KK) 33.0 0.74 28.0 0.72
Norwegian (NO) 42.0 0.75 41.0 0.75
Portuguese BR (PT-BR) 46.0 0.76 37.0 0.75
Portuguese (PT) 42.0 0.75 37.0 0.73
Russian (RU) 40.0 0.73 39.0 0.74
Serbian (SR) 39.0 0.74 31.0 0.71
Slovak (SK) 38.0 0.73 35.0 0.73
Slovenian (SL) 40.0 0.75 37.0 0.74
Spanish EC (ES-EC) 17.0 0.66 19.0 0.67
Turkish (TR) 34.0 0.71 32.0 0.70
Uzbek (UZ) 29.0 0.71 32.0 0.71

Macro average 35.4 0.72 32.1 0.72

Table 3: Per language performance on the multilingual
blind test. Subtask A uses images and captions; Sub-
task B is text only.
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Abstract

This paper describes the system submitted for
the MWE 2026 Shared Task (AdMIRe 2.0
Subtask A). The submission focused on a text-
centric approach, reframing the idiom-image
alignment task as a sentence-pair classification
problem using mBERT (Multilingual BERT).
The submitted system relied on full fine-tuning
using only the English training data, achieving
a Top-1 Accuracy of approximately 0.30 on the
blind test set.

Following the evaluation phase, significant lim-
itations were identified in the cross-lingual
generalization of the base model. In a post-
evaluation study, the backbone was upgraded
to XLM-RoBERTa-Large-XNLI, incorporat-
ing Low-Rank Adaptation (LoRA) and uti-
lizing the full multilingual dataset with hard
negative mining. These improvements boosted
the accuracy to 0.41, demonstrating the neces-
sity of NLI-specific pre-training and parameter-
efficient tuning for MWE-aware multimodal
tasks.

1 Introduction

Idiomatic expressions—fixed phrases such as “turn
over a new leaf” or “spill the beans”, or in Turkish,

“çürük elma” (which corresponds to the English id-
iom “bad apple”)—pose a persistent challenge
for Natural Language Processing (NLP) systems.
Their meaning is often non-compositional, mean-
ing it cannot be directly inferred from the sum of
their constituent words (Pickard et al., 2025; Bo-
brow and Bell, 1973). While humans naturally
integrate cultural knowledge and context to resolve
this ambiguity, computational models frequently
struggle, defaulting to literal interpretations that
fail to capture the intended figurative semantics
(Pan et al., 2025).

This limitation is particularly acute in current
state-of-the-art Large Language Models (LLMs)
and Vision-Language Models (VLMs). Despite

their success on general benchmarks, these mod-
els exhibit a significant “literal bias,” often failing
to grasp the figurative nuance required for tasks
like sentiment analysis, machine translation, and
multimodal understanding (Mi et al., 2024; Phelps
et al., 2024). For instance, a VLM prompted with

“eager beaver” is more likely to generate or retrieve
an image of an enthusiastic animal rather than an
industrious person (Pickard et al., 2025).

To address this, the MWE 2026 Shared Task:
AdMIRe 2.0 was established to evaluate and im-
prove the ability of models to interpret idioms in
multimodal contexts (Arslan et al., 2026). The
task utilizes a new parallel cross-lingual bench-
mark (Torunoğlu-Selamet et al., 2026) to shift the
focus from simple classification to semantic align-
ment, requiring systems to rank images based on
their relevance to a specific idiomatic sense within
a context sentence.

1.1 Related Work

Text-Based Idiom Processing Early computa-
tional approaches to idiomaticity focused on super-
vised binary classification to distinguish between
literal and figurative usage, often relying on syntac-
tic patterns and lexical co-occurrences (Fazly et al.,
2009). Subsequent research utilized word embed-
dings to predict compositionality, leading to bench-
marks such as SemEval-2022 Task 2, which eval-
uated multilingual idiomaticity detection and sen-
tence embedding (Tayyar Madabushi et al., 2022).
However, concerns have been raised that text-only
benchmarks may contain artifacts that allow mod-
els to perform well without achieving true semantic
understanding (Boisson et al., 2023).

The Shift to Multimodal Representation Re-
cent work has introduced the visual modality as
a more rigorous test of semantic comprehension.
Datasets like those introduced in the original Ad-
MIRe (1.0) task build upon previous studies on
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noun compound interpretation and paraphrase, in-
corporating both static images (Subtask A) and
visual-temporal sequences (Subtask B) to capture
the dynamic nature of certain expressions (Pickard
et al., 2025). This multimodal setting has proven
challenging for standard VLMs to handle, confirm-
ing the complexity of cross-modal idiomatic align-
ment (Yosef et al., 2023).

Approaches in Previous Iterations Participants
in the previous AdMIRe shared task (SemEval-
2025) explored various architectures to bridge the
semantic gap. A common strategy involved mul-
timodal pipelines, where visual features from Vi-
sion Transformers (ViTs) were fused with textual
embeddings from models like BERT or XLM-
RoBERTa to predict image relevance (Pan et al.,
2025).

Alternative approaches leveraged the in-context
learning capabilities of Generative LLMs (e.g.,
Llama-3, GPT-4). For example, Pan et al. (2025)
demonstrated that while LLMs can achieve high
performance in English through zero-shot prompt-
ing, alignment in lower-resource settings like Por-
tuguese often benefits more from specialized fine-
tuned encoders like XLM-RoBERTa combined
with vision encoders. These findings highlight
that while LLMs are powerful, they often require
sophisticated prompting strategies or ensemble
methods—such as Mixture-of-Experts (MoE)—to
smooth over their inherent inconsistency in repre-
senting idiomaticity (Pickard et al., 2025).

2 Task Description and Dataset

The AdMIRe 2.0 Subtask A focuses on the chal-
lenge of Multimodal Idiom Alignment. The ob-
jective is to rank a set of candidate images based
on their semantic correspondence to a specific ex-
pression within a context sentence. This requires
the model to first implicitly determine whether the
target phrase is being used in its idiomatic (figura-
tive) sense or its literal (compositional) sense, and
then select the visual representation that matches
that specific meaning.

For example, consider the input sentence: “The
place got quite lively at one stage as a hen party
moved in, with the bride-to-be in fancy dress with
large balloons tied onto her.” Here, the phrase
fancy dress functions as a Multiword Expression
(MWE) referring to a costume, rather than a lit-
eral ”formal dress” that is ”fancy.” The model must
detect this non-compositional usage and prioritize

images depicting costumes over those depicting
formal evening wear. Figure 1 illustrates a sample
prediction where the proposed system successfully
identifies the correct figurative context.

Figure 1: Sample output generated by the proposed
system. The model correctly ranks the image corre-
sponding to the idiomatic meaning higher than the lit-
eral distractors.

To facilitate model development, the organizers
provided official training and development datasets
via the CodaBench platform. For Subtask A, these
datasets include paired examples in both English
and Portuguese, covering two distinct classes:

• Idiomatic: Sentences where the MWE con-
veys a figurative meaning.

• Literal: Contrastive sentences where the
same words are used in their literal, dictio-
nary sense.

The system described in this paper utilizes these
provided sets as the foundation for the ”All-In”
training strategy described in Section 3.

3 System Overview

3.1 Model Architecture
The system utilized mBERT
(bert-base-multilingual-cased)
(Devlin et al., 2019) as the backbone encoder. This
model was selected for its widespread use as a
baseline in multilingual tasks. The idiom-image
alignment task was formulated as a binary
classification problem (predicting a relevance
score), where the model takes a sentence-caption
pair and outputs a scalar logit indicating the degree
of entailment.

3.2 Input Representation
Unlike later iterations, the submitted system did not
employ special prompting or key-phrase injection.
The input sequence S was constructed using the
standard BERT separator tokens to concatenate the
context sentence and the candidate image caption:

S = [CLS] Context [SEP] Caption [SEP]
(1)
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The final hidden state of the [CLS] token was
passed through a linear classification head to com-
pute the relevance score.

3.3 Training Strategy

Due to the constraints during the competition phase,
the system was trained using Full Fine-Tuning
(updating all 170M parameters). The training was
conducted exclusively on the English portion of
the provided dataset (approximately 85 examples).
The system relied entirely on mBERT’s pre-trained
cross-lingual representations to zero-shot transfer
to the other target languages (Portuguese, etc.) dur-
ing the test phase. No parameter-efficient tech-
niques (such as LoRA) or data augmentation strate-
gies were employed in this version of the system.

4 Methodology

4.1 Training Objective

The problem is treated as a learning-to-rank task.
The system minimizes the Pairwise Margin Rank-
ing Loss. For each training step, the model com-
putes the relevance score for the correct idiom-
image pair (spos) and a randomly selected negative
distractor image (sneg). The loss is defined as:

L(θ) =
1

N

∑

i

max(0,−(s(i)pos − s(i)neg) + α) (2)

Where α = 0.5 is the margin. This objective
forces the model to assign a score to the correct
image that is at least 0.5 points higher than the
incorrect one. Unlike later iterations, this version
utilized random negative sampling rather than hard
negative mining.

4.2 Optimization Setup

The model was optimized using the AdamW opti-
mizer with a learning rate of 2× 10−5 and a batch
size of 8. Since the mBERT backbone was fully
fine-tuned (updating all 170M parameters), a linear
warmup scheduler was employed for the first 10%
of training steps to stabilize the weights, followed
by a linear decay.

4.3 Ensemble Inference Strategy

To improve stability given the small dataset size, a
K-Fold Cross-Validation strategy (K = 5) was
employed during the training phase. The available
English training data was split into 5 random folds.

Five independent mBERT models were trained,
each on a different 80% of the data.

During inference, a Soft Voting (Mean Aggrega-
tion) strategy was used. For a given image-sentence
pair, the final relevance score Sfinal is computed
as the arithmetic mean of the raw logits from all 5
models. This architecture is illustrated in Figure 2.

English Training Data

Fold 3Fold 2Fold 1 Fold 4 Fold 5

5-Fold Split

Model 1
(mBERT)

Model 2
(mBERT)

Model 3
(mBERT)

Model 4
(mBERT)

Model 5
(mBERT)

Unseen Test Input

Mean Score Voting

Final Ranking
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Figure 2: Visual representation of the 5-Fold Ensemble
strategy used in the submitted system. The system trains
5 independent fully fine-tuned mBERT models on splits
of the English data and averages their predictions during
inference.

5 Experimental Setup

• Batch Size: 4 (Accumulation steps: 4)

• Learning Rate: 1e−4

• Optimizer: AdamW

• Max Sequence Length: 160 tokens

• Hardware: Single NVIDIA RTX 4070 Super
GPU

6 Results and Further Improvements

Following the official submission, a comprehensive
ablation study was conducted to address the limita-
tions of the initial mBERT-based system. This sec-
tion details the architectural upgrades and presents
a comparative analysis of the performance gains.
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6.1 Post-Evaluation Enhancements
To overcome the ”literal bias” and catastrophic
overfitting observed in the submitted system, four
major modifications were introduced in the im-
proved iteration:

1. Backbone Upgrade (mBERT → XLM-
RoBERTa): The encoder was switched from
bert-base-multilingual-cased to
xlm-roberta-large-xnli. The XNLI-
finetuned version was selected specifically
for its pre-trained ability to perform natural
language inference (NLI), aligning with the
task’s requirement to determine entailment be-
tween idioms and captions.

2. Low-Rank Adaptation (LoRA): Instead of
full fine-tuning (which proved unstable on the
small dataset), LoRA adapters (r = 16, α =
32) were injected into the query, key, value,
and dense layers. This reduced the trainable
parameter count to < 1%, acting as a regular-
izer.

3. ”All-In” Data Strategy: The training data
was augmented by merging the standard
Train/Dev splits with the ”Extended” (Inverse-
Sense) datasets. This increased the effective
training size from 85 to 282 examples and
provided critical contrastive signals.

4. Hard Negative Mining: A dynamic loss
mechanism was implemented to identify and
penalize the ”hardest” distractor (the incor-
rect image with the highest score) during each
training step, rather than using random nega-
tives.

6.2 Comparative Results
Table 1 compares the performance of the Submit-
ted System (mBERT, Full FT, English-Only Data)
against the Improved System (XLM-R, LoRA,
All-In Data).

The architectural changes resulted in a substan-
tial performance increase, raising the Average Top-
1 Accuracy from 0.30 to 0.41. The improved model
demonstrated superior zero-shot transfer capabil-
ities, with the most significant gains observed in
Russian (+0.16), Chinese (+0.13), and Norwe-
gian (+0.12). This confirms that the NLI-based
formulation combined with parameter-efficient tun-
ing allows for robust cross-lingual generalization
even with minimal training data.

Language Code Submitted Improved
(mBERT) (XLM-R)

Greek EL 0.34 0.44
Spanish (Ecuador) ES-EC 0.23 0.27
Igbo IG 0.22 0.35
Georgian KA 0.27 0.36
Kazakh KK 0.28 0.38
Norwegian NO 0.38 0.50
Portuguese (BR) PT-BR 0.34 0.47
Portuguese (PT) PT-PT 0.30 0.44
Russian RU 0.35 0.51
Slovak SK 0.31 0.39
Slovenian SL 0.36 0.45
Serbian SR 0.31 0.42
Turkish TR 0.29 0.36
Uzbek UZ 0.31 0.39
Chinese ZH 0.28 0.41

Average ALL 0.30 0.41

Table 1: Comparison of Top-1 Accuracy between the
submitted mBERT system and the improved XLM-
RoBERTa + LoRA system on the blind test set.

Lang Acc Lang Acc

Russian (RU) 0.51 Slovak (SK) 0.39
Norwegian (NO) 0.50 Uzbek (UZ) 0.39
Portuguese (BR) 0.47 Kazakh (KK) 0.38
Slovenian (SL) 0.45 Turkish (TR) 0.36
Greek (EL) 0.44 Georgian (KA) 0.36
Portuguese (PT) 0.44 Igbo (IG) 0.35
Serbian (SR) 0.42 Spanish (EC) 0.27
Chinese (ZH) 0.41

Average (All): 0.41

Table 2: Official Top-1 Accuracy results on the AdMIRe
2.0 Blind Test Set. The data is split into two columns
for compactness.

6.3 Ablation Study
I observed that the K-Fold Ensemble strategy im-
proved stability significantly. Compared to a single-
fold baseline, the ensemble approach reduced the
variance in predictions for low-resource languages,
improving the mean accuracy by approximately
4%. Furthermore, the inclusion of the extended
evaluation datasets (Inverse-Sense) during training
was crucial for generalizing to unseen idioms in the
test phase, as it forced the model to learn both the
literal and figurative representations of the same
phrase.

7 Conclusion

In this paper, a text-only, cross-lingual approach
to idiom-image alignment was presented for the
MWE 2026 Shared Task. By leveraging the strong
Natural Language Inference (NLI) capabilities of
XLM-RoBERTa and the parameter efficiency of
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Low-Rank Adaptation (LoRA), the improved sys-
tem achieved an average accuracy of 0.41 despite
the limited training data. The results highlight that
while cross-lingual transfer is highly effective for
Slavic and Germanic languages (e.g., Russian, Nor-
wegian), more specialized fine-tuning or data aug-
mentation may be required for specific Romance
dialects like Ecuadorian Spanish.
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Abstract

This paper presents the system developed
by team alexandru412 for the AdMIRe 2.0
Shared Task. We participated in the Text-Only
track, ranking images based on idiomatic us-
age without accessing pixel data. Our approach
combines a strict list-wise ranking strategy with
systematic test-time augmentation. We fine-
tuned a Large Language Model (LLM) on En-
glish and Portuguese data and relied on zero-
shot transfer for other languages. Our system
achieved the 3rd place in the Text-Only track.

1 Introduction

Idiomatic expressions (e.g., “spill the beans” or
“quebrar o galho”) constitute a fundamental chal-
lenge in Natural Language Processing (NLP). Un-
like literal language, the semantics of an idiom
cannot be derived compositionally from its con-
stituent parts but are instead shaped by specific
cultural, historical, and visual contexts (Pickard
et al., 2025). For Large Language Models (LLMs),
distinguishing between the literal and figurative
senses of a phrase—and visualizing the correspond-
ing imagery—remains a complex reasoning task,
particularly in multilingual settings.

The AdMIRe 2.0 Shared Task addresses this gap
by benchmarking models on their ability to link id-
iomatic expressions to visual representations across
15 diverse languages. While the task encourages
multimodal approaches that process both text and
images, we propose a divergent hypothesis: that
the reasoning capabilities of state-of-the-art text-
only models have advanced sufficiently to solve
this problem using captions alone. If a model truly
“understands” the semantics of an idiom, it should
be able to infer the visual characteristics of a scene
described in text without needing to process pixel
data.

In this paper, we present the system developed
by team alexandru412 for the AdMIRe 2.0 Text-

Only track. We propose a resource-efficient frame-
work that leverages cross-lingual transfer and ro-
bust prompt engineering. Our primary strategy
leverages multilingual supervision: unlike base-
lines that may train only on English, we incorporate
both the English and Portuguese training data to
ground the model in multiple linguistic topologies.
Our analysis reveals the limitations of this text-
centric approach, specifically a performance degra-
dation in linguistically distant language families,
which we characterize as the “Linguistic Family
Performance Disparity.”

2 Related Work

Idiomatic expressions are a core component of nat-
ural language, posing significant challenges for
both human cognition and computational model-
ing. Early research by Lakoff and Johnson (1980)
highlighted that idioms often carry conceptual
metaphors that extend beyond their literal inter-
pretations, embedding deep cultural context that is
difficult to parse syntactically.

Traditionally, NLP models struggled with id-
iomaticity due to their reliance on surface-level
word embeddings, often failing to distinguish
between compositional and non-compositional
phrases. Recent advancements in deep learning
have improved detection capabilities; models like
BERT (Devlin et al., 2019) and RoBERTa have
shown progress by leveraging large-scale contex-
tual embeddings to identify non-literal usage (Tay-
yar Madabushi et al., 2021; Zeng and Bhat, 2022).
However, Boisson et al. (2023) argue that many ex-
isting datasets contain artifacts that allow models to
perform well on classification without developing
high-quality semantic representations of the idioms
themselves.

Currently, generative models such as the GPT
series (Brown et al., 2020) and open-weights mod-
els like Qwen (Group, 2024) have demonstrated
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remarkable abilities in interpreting figurative lan-
guage. Our work contributes to this landscape by
rigorously testing the limits of text-only reasoning
in this multimodal domain, specifically exploring
how techniques like option shuffling and translation
can augment model performance.

3 Methodology

To address the challenges of positional bias and
cross-lingual drift, we implemented a series of
methodological interventions during both training
and inference.

3.1 List-wise Prompting

We formulated the ranking task as a list-wise gener-
ation problem rather than a pair-wise classification
task. This encourages the model to compare all
five options simultaneously in its attention window.
The specific instruction provided to the model was:

Task: Rank the 5 image options based
on how well they represent the phrase
"{compound}" in the following context.
Context: "{sentence}"
Options:
1: {caption_1}
...
5: {caption_5}
Rank the options from best to worst using
numbers 1-5.

This structure forces the model to attend to the
nuanced relationship between the figurative mean-
ing of the compound in context and the visual se-
mantics described in the captions.

3.2 Option Shuffling

Deep learning models often exhibit positional bias,
preferring options that appear earlier in the con-
text window. To mitigate this, we implemented a
stochastic Option Shuffling mechanism (Fan et al.,
2025). For every training and test sample, we ran-
domly permuted the order of the five image cap-
tions before feeding them into the prompt. The
model’s output ranking (e.g., “3, 1, 5, 2, 4”) was
then mapped back to the original image IDs. This
forces the model to rely strictly on semantic align-
ment rather than learning spurious positional corre-
lations.

3.3 Test-Time Translation

While our base model is multilingual, its perfor-
mance is strongest in English. For low-resource lan-
guages (e.g., Uzbek, Igbo), direct inference often

yields suboptimal results due to tokenization frag-
mentation. To mitigate this, we employed a Test-
Time Translation strategy. For non-English inputs,
we automatically translated the context sentences
into English before inference. This allowed us to
ground the ranking task in the model’s strongest
latent space. We observed that this significantly im-
proved the model’s ability to detect the “idiomatic
flag” in the sentence, preventing it from defaulting
to literal interpretation.

4 Experimental Setup and Results

4.1 Model Architecture
We selected Qwen-2.5-7B-Instruct (Group, 2024)
as our backbone model. Qwen was chosen over
other 7B models (like Llama 3 or Mistral) due to
its superior multilingual reasoning capabilities and
larger pre-training corpus in diverse languages.

To maintain computational efficiency, we uti-
lized Low-Rank Adaptation (LoRA) (Hu et al.,
2021). Instead of updating all 7 billion parame-
ters, we froze the model weights and injected train-
able low-rank matrices into the attention layers
(Wq,Wk,Wv,Wo). This allowed us to adapt the
model using a single GPU while retaining its gen-
eralist knowledge.

4.2 Training Strategy
Crucially, we trained on both the English and Por-
tuguese training datasets for 3 epochs. This pro-
vided the model with supervised signals in two dis-
tinct language families (Germanic and Romance),
creating a more robust embedding space for cross-
lingual transfer than English-only training. We did
not train on the other 13 languages; inference on
those was performed zero-shot using the methodol-
ogy described in Section 3.

4.3 Main Results
We report our performance on all 15 languages
evaluated in the task. Table 1 compares our system
against the top two text-only leaderboard partici-
pants.

5 Analysis

5.1 The English Pivot Trade-off
Our system’s reliance on Test-Time Translation
(Section 3.3) raises a conceptual question regard-
ing true multilingual understanding. We charac-
terize our approach as an English-centered rea-
soning engine that uses English as a semantic
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Language Ours (Top-1) Ours (nDCG) ITUNLP (#1) lanileqiu (#2)

ZH 0.408 0.756 0.460 0.410
KA 0.460 0.768 0.510 0.360
EL 0.635 0.837 0.590 0.430
IG 0.194 0.626 0.480 0.330
KK 0.333 0.706 0.600 0.420
NO 0.525 0.798 0.610 0.430
PT-BR 0.614 0.838 0.790 0.530
PT-PT 0.640 0.848 0.620 0.450
RU 0.471 0.771 0.650 0.510
SR 0.485 0.771 0.550 0.400
SK 0.556 0.800 0.540 0.440
SL 0.550 0.793 0.720 0.450
ES-EC 0.104 0.612 0.250 0.350
TR 0.400 0.749 0.510 0.400
UZ 0.342 0.713 0.500 0.320

Table 1: Comprehensive results for all 15 languages. Scores for our system are derived from official scoring logs
alongside the top two competing participants.

pivot. By mapping diverse linguistic inputs into the
model’s high-resource latent space, we maximize
the LLM’s figurative reasoning capabilities. How-
ever, this strategy is inherently limited by the qual-
ity of the translation API. The poor performance
in languages such as Igbo (14.2%) and Ecuado-
rian Spanish (10.4%) likely stems from translation
artifacts where unique cultural metaphors are re-
duced to literal descriptions, stripping away the
“idiomatic flag” necessary for correct ranking.

5.2 Comparative Performance

The empirical results in Table 1 indicate that
our proposed architecture demonstrates compet-
itive performance relative to established baselines.
Specifically, our system shows a consistent perfor-
mance margin over the lanileqiu baseline across
several language pairs. This trend is particularly ev-
ident in high-resource European languages such as
Portuguese and Slovak, suggesting that the integra-
tion of EN+PT training data successfully enhances
the model’s cross-lingual idiomatic grounding.

5.3 Linguistic Family Performance Disparity

We observed a sharp degradation in performance
when moving from Indo-European to Turkic lan-
guages (Turkish, Uzbek, Kazakh). While we still
matched the baseline in these languages, we failed
to achieve the high scores seen in Portuguese. This
“Linguistic Family Performance Disparity” sug-
gests that idioms in Turkic languages rely on dis-
tinct cultural metaphors that do not map cleanly to
English or Portuguese, even with translation.

6 Ablation Study

To isolate the impact of our methodological
choices, we conducted a three-part ablation study
focusing on model fine-tuning, test-time transla-
tion, and the option shuffling mechanism.

6.1 Impact of Fine-Tuning and Translation
Table 2 compares our full fine-tuned system against
a Zero-Shot baseline (raw Qwen-2.5-7B) and a
version without test-time translation. The Zero-
Shot baseline (Table 3) highlights the significant
gain provided by our adaptation stage.

Configuration UZ IG

Full Pipeline (FT) 0.342 0.194
w/o Translation 0.271 0.142

Table 2: Ablation results for fine-tuning and translation.

Language FT Zero-Shot

ZH 0.408 0.316
KA 0.460 0.168
EL 0.635 0.355
IG 0.194 0.141
KK 0.333 0.185
NO 0.525 0.340
PT-BR 0.614 0.365
PT-PT 0.640 0.361
RU 0.471 0.290
SR 0.485 0.310
SK 0.556 0.273
SL 0.550 0.320
ES-EC 0.104 0.104
TR 0.400 0.223
UZ 0.342 0.280

Table 3: Full comparison: Fine-Tuned (FT) vs Zero-
Shot baseline across 15 languages.
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6.2 Impact of Option Shuffling
We evaluated the impact of stochastic option shuf-
fling to quantify positional bias. As shown in Table
4, removing shuffling leads to a significant perfor-
mance drop, particularly in high-resource families.

Language Full No-Shuff

PT-PT 0.640 0.455
SK 0.556 0.353
NO 0.525 0.363
SR 0.485 0.319
TR 0.400 0.274
ZH 0.408 0.333
KK 0.333 0.237
IG 0.194 0.184
KA 0.460 0.196
ES-EC 0.104 0.103
SL 0.550 0.370
EL 0.635 0.389
PT-BR 0.614 0.376
RU 0.471 0.302
UZ 0.342 0.250

Table 4: Comparison of Full Pipeline vs. No-Shuffling.
Values represent Top-1 Accuracy.

7 Conclusion

In this paper, we presented the system developed
by team alexandru412 for the AdMIRe 2.0 Shared
Task. By fine-tuning a Qwen-2.5-7B model exclu-
sively on English and Portuguese data, we demon-
strated that a text-only approach can achieve com-
petitive results, securing 3rd place in the track.
Our ablation studies prove that the combination
of cross-lingual fine-tuning, test-time translation,
and positional debiasing via shuffling is essential
for robust performance. However, the significant
performance drop observed in Turkic languages
reveals the limitations of zero-shot transfer for cul-
turally distant idioms.
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Reproducibility Details

To facilitate the reproduction of our results, we pro-
vide the specific hyperparameter configurations and
experimental settings used in our final submission.

Hyper-parameter Configuration
We fine-tuned the model using the following set-
tings:

• LoRA Rank (r): 32

• LoRA Alpha (α): 64

• LoRA Dropout: 0.05

• Learning Rate: 1e-5

• Batch Size: 1 (with gradient accumulation
steps = 4)

• Optimizer: AdamW

• Scheduler: Cosine with warmup

• Max Sequence Length: 1024 tokens

• Epochs: 2

• Seed: 42

Implementation Details
• Prompt Templates: Full prompt specifica-

tions for the list-wise ranking strategy are de-
tailed in Section 3.1.

• Hardware: All experiments were conducted
on NVIDIA T4 GPUs via the Kaggle plat-
form.

• Preprocessing: Input captions were shuffled
as described in Section 3.2. Context sen-
tences for non-English languages were trans-
lated into English using the Google Cloud
Translation API v3 (Advanced) on December
26, 2025, utilizing the official Python client
library (v3.24.0).
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Abstract

This paper describes a multilingual system
for automatic multiword expression identifica-
tion for PARSEME 2.0 Subtask 1. We formu-
late MWE identification as a token-level se-
quence labeling problem using a BIO tagging
scheme and fine-tune XLM-RoBERTa-base on
PARSEME 2.0. We mainly investigate cross-
lingual interactions on language pairs, and test
hypotheses whether using a given language pair
for training improves MWE detection perfor-
mance on both or one of the languages. Then,
we apply selected successful language pairs on
PARSEME 2.0 MWE Identification task. Ex-
periments are conducted independently for a
subset of the languages given in PARSEME
2.0, for a total of 8 languages. Our approach
achieves strong token-based and span-based
F1 scores across diverse languages, and we
observe that training with even distant lan-
guage pairs may result in improvement on at
least one of the languages. We publish our
code at https://github.com/ahmeterdem1/
parseme-blg505

1 Introduction

Multiword expressions (MWEs), such as idioms,
light verb constructions, and verbal compounds,
constitute a linguistically challenging phenomenon
in natural language. Their syntactic and semantic
behavior makes them difficult to detect automati-
cally, especially in multilingual settings where an-
notation resources and linguistic realizations vary
widely (Sag et al., 2002). As a result, robust MWE
identification remains an important problem for
downstream natural language processing applica-
tions, including parsing, machine translation, and
semantic analysis (Constant et al., 2017).

The PARSEME shared tasks have played a cen-
tral role in advancing research on MWE identi-
fication by providing standardized multilingual

*Equal contribution.

benchmarks and evaluation protocols (Savary et al.,
2018; Scholivet et al., 2025). In this work, we par-
ticipate in PARSEME 2.0, Subtask 1 (Scholivet
et al., 2026), which focuses on the identification
of MWEs in raw text. The task requires systems
to predict MWE spans and also types at the token
level across 17 languages, covering a diverse set of
typologically distinct language families.

Our system addresses these challenges by lever-
aging a multilingual pre-trained language model,
specifically XLM-RoBERTa (Conneau et al., 2020).
We fine-tune RoBERTa on the PARSEME 2.0 train-
ing data using a sequence labeling formulation of
the task. Beyond monolingual fine-tuning, we ex-
plore joint training on selected pairs of languages,
motivated by the hypothesis that related or com-
plementary languages can provide useful transfer
learning and improve generalization. Our exper-
iments show that training certain language pairs,
even distant ones, can yield consistent performance
gains compared to purely monolingual models,
highlighting the benefits of multilingual transfer
in MWE detection.

2 Related Works

Early approaches to multiword expression (MWE)
identification relied on rule-based methods and
feature-rich statistical models (Baldwin and Kim,
2010). More recently, neural sequence labeling
models have become an important paradigm, lever-
aging distributed representations to better capture
contextual and syntactic variability. In particular,
transformer-based language models such as BERT
(Devlin et al., 2019) have shown strong perfor-
mance on a wide range of sequence tagging tasks,
including MWE identification.

Several works have demonstrated that contextu-
alized embeddings substantially improve MWE de-
tection by modeling long-range dependencies and
capturing lexical idiosyncrasies inherent to MWEs

144

https://github.com/ahmeterdem1/parseme-blg505
https://github.com/ahmeterdem1/parseme-blg505


(Baldwin and Kim, 2010; Constant et al., 2017).
Multilingual variants of BERT further extend these
benefits by learning shared representations across
languages, enabling effective transfer in multilin-
gual and low-resource settings.

Joint fine-tuning on data from multiple lan-
guages has been shown to further improve down-
stream performance by exploiting cross-lingual reg-
ularities. Prior work demonstrates that multilin-
gual fine-tuning can yield substantial gains over
monolingual training, particularly for low-resource
languages and structurally similar language pairs
(Wu and Dredze, 2019; Pires et al., 2019). Such
cross-lingual transfer has been successfully ap-
plied across tasks including part-of-speech tagging,
named entity recognition, parsing, and natural lan-
guage inference (Conneau et al., 2018).

Following prior work on showing improvements
arise by multilingual training, our work aims to
provide an analysis of which languages positively
or negatively affect which other languages within
the PARSEME 2.0 Shared task.

3 Method

We consider the task as a sequence labeling prob-
lem, where each token is assigned a BIO tag en-
coding whether it begins an MWE, continues an
MWE, or does not belong to any MWE. We use
XLM-RoBERTa-base to perform sequence label-
ing. We fine-tune the model for sequence labeling,
adding a linear classification head on top of the
encoder outputs to predict BIO labels.

We design BIO labels by directly basing them
on provided MWE annotations (e.g. 1:TYPE, 1,
1;2:TYPE) by converting annotations to BIO tags.
To ensure a single label is given to a token at any
time, when multiple tags are encountered in the
dataset (separated by ";"), we only consider the first
one. We train and evaluate separate monolingual
and bilingual models for selected languages using
the official PARSEME 2.0 datasets. The languages
included in our experiments are Farsi, Japanese,
Polish, Romanian, Serbian, Swedish, Latvian and
Slovenian. Except for Farsi and Sewdish, we report
results augmented with bilingual training for all
listed languages.

We evaluate the model at the end of each train-
ing epoch on the development set and select the
best-performing checkpoint based on the overall
F1 score. Training hyperparameters can be seen in
Table 1.

Component Setting
Optimizer AdamW
Learning rate 5× 10−5

Batch size 8
Maximum number of epochs 5
Maximum sequence length 256

Table 1: Core training hyperparameters used for fine-
tuning XLM-RoBERTa-base.

Our experiments are conducted in a 2-stage
setup. In the first stage, the primary objective is to
determine whether training a model on a language
pair (X,Y ) yields improvements in F1 scores com-
pared to a baseline trained exclusively on language
X or Y . In the second stage, we leverage the im-
provements observed on the first stage and apply
selected training setups to PARSEME 2.0 Subtask
1. This latter section is based on the assumption
that improvements observed on development par-
titions on MWE detection task, will transfer to
improvements on blind test partitions on MWE
identification task, where each MWE should also
be given a type.

In the first stage of experiments, we selected
five language pairs to represent a spectrum of
geographic and linguistic distances. Our selec-
tion is also based on the amount of training
data that exists within PARSEME 2.0 dataset for
each language. In accordance with these points,
we have randomly selected the following lan-
guage pairs: Polish-Serbian, Slovenian-Serbian
Polish-Japanese, Polish-Latvian, and Slovenian-
Romanian. This set of language pairs also consists
of 2 "pivot" languages following a star-topology,
where a given language l ∈ L is found within at
least a pair and there are no language pairs (l1, l2)
such that l1, l2 ̸∈ L (L is Polish and Slovenian in
our work). This is done to simplify experimental
analysis.

We have initially conducted baseline measure-
ments on selected languages, as monolingual train-
ing for MWE detection. These tests are to provide
a baseline to compare multilingual MWE detection
tests, and to test whether a language pair is benefi-
cial for one or both of the selected languages. The
results of said experiments are given in Table 2.

The bilingual results are presented in Table 3,
to be compared with monolingual results. To en-
sure the robustness of comparisons, we have also
applied Welch’s t-test to assess the statistical sig-
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nificance of the performance differences between
monolingual and bilingual setups. The performed
analysis revealed several important insights that
informed our final system design:

• Asymmetric Transfer: Linguistic relation
was not a consistent predictor of improve-
ment. For instance, Japanese MWE detection
performance improved significantly when co-
trained with Polish, yet Polish performance
conversely degraded when Japanese data was
added.

• Proximity Limitations: Geographically or
linguistically (relatively) closer languages did
not necessarily benefit one another. No sig-
nificant improvements were observed for the
Polish–Serbian or Slovenian–Romanian pairs,
though Slovenian showed a marginal signifi-
cance when trained with Serbian (p ≈ 0.07).

• Metric Consistency: We observed that span-
based and token-based F1 scores followed a
similar ordering across languages; high perfor-
mance in one metric consistently paired with
high performance in the other.

These findings of first stage experiments suggest
that cross-lingual transfer in MWE detection is
highly language-specific and often non-reciprocal.
Consequently, our final system employs a per-
language optimized configuration, where we select
the specific training setup (either monolingual or
a specific duo-lingual pair) that yielded the high-
est performance for each target language in our
preliminary tests. This approach allows us to miti-
gate potential negative interference while leverag-
ing beneficial transfers where they occur.

Language Span based F1 Token based F1
Serbian 0.7867±0.0133 0.8431±0.0031

Polish 0.8385±0.0081 0.8706±0.0057

Japanese 0.6630±0.0143 0.6850±0.0228

Latvian 0.7550±0.0079 0.7962±0.0025

Slovenian 0.6796±0.0101 0.7486±0.0039

Romanian 0.9007±0.0020 0.9381±0.0003

Table 2: F1 scores on monolingual MWE detection with
XLM-Roberta-base

In the second stage of our experiments, we eval-
uate our system on the official PARSEME 2.0 blind
test sets using the shared task evaluation script
provided on Codabench. Performance is reported

using the official span-based and token-based F1
scores, which measure the correctness of predicted
MWE spans and token-level labels, respectively.
Notably, in this stage, we have trained the model
monolinugally by default. For Japanese and Slove-
nian, we have utilized the discovered improvements
in the first stage experiments. We have obtained
the Japanese results by training the model on both
Japanese and Polish, we have obtained the Slove-
nian results by training the model on both Slove-
nian and Serbian.

Table 4 presents the results for all evaluated lan-
guages. The system achieves consistently strong
performance across diverse languages, with partic-
ularly high scores for Polish and Romanian. Token-
based F1 scores are generally higher than span-
based F1, reflecting the additional difficulty of pre-
dicting exact MWE boundaries.

4 Discussion

The results demonstrate that fine-tuning XLM-
RoBERTa-base as a token-level sequence labeling
model is an effective and robust approach for mul-
tilingual MWE identification. The model general-
izes well across languages with diverse morpho-
logical and syntactic properties, without relying on
external linguistic resources. One strength of the
proposed system is its simplicity and reproducibil-
ity: a single architecture and training setup are ap-
plied uniformly across all languages. This makes
the approach easily extensible to new languages
supported by the PARSEME framework. We also
leverage cross lingual interactions heavily, by first
showing that training with certain language pairs
may improve MWE detection scores in at least one
of the languages. We recognize that, in such con-
ditions, language selection provides a bias. The
specific languages selected may result in higher
or lower F1 scores. Our monolingual and bilin-
gual comparisons shed light on how language se-
lection affects MWE detection performances. We
observe that even distant languages such as Pol-
ish and Japanese, when trained together, may yield
higher performance. However, in bilingual training,
either with relatively closer or further languages we
observe that when one language improves the other
degrades. Due to said observations, we recognize
the possibility that the measured improvements in
Japanese and Slovenian be artifacts of either the
dataset or the BERT model used. We argue that ab-
lations to confirm or reject the possibilities of such
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Training Language Evaluated Language Span based F1 Token based F1
Polish & Serbian Serbian 0.7911±0.0011 0.8429±0.0021

Polish & Serbian Polish 0.8366±0.0046 0.8684±0.006

Polish & Serbian Polish & Serbian 0.8169±0.0021 0.8573±0.0034

Polish & Japanese Japanese 0.7455±0.0189 0.7667±0.0148

Polish & Japanese Polish 0.8259±0.0044 0.8639±0.0035

Polish & Japanese Polish & Japanese 0.813±0.0066 0.8512±0.0043

Slovenian & Serbian Serbian 0.7743±0.0051 0.8283±0.004

Slovenian & Serbian Slovenian 0.6991±0.0027 0.7549±0.0026

Slovenian & Serbian Slovenian & Serbian 0.7435±0.0041 0.8±0.003

Polish & Latvian Latvian 0.7549±0.0043 0.7969±0.0056

Polish & Latvian Polish 0.7017±0.0075 0.7585±0.0066

Polish & Latvian Polish & Latvian 0.7158±0.0042 0.7701±0.0046

Romanian & Slovenian Romanian 0.8994±0.0023 0.9369±0.0013

Romanian & Slovenian Slovenian 0.4496±0.0070 0.5200±0.0136

Romanian & Slovenian Romanian & Slovenian 0.8511±0.0029 0.9007±0.0011

Table 3: F1 scores on PARSEME 2.0 Subtask 1 Dev partitions multilingual MWE detection with XLM-Roberta-base

Language Span-based F1 Token-based F1
Farsi 0.7916 0.8575
Japanese 0.6833 0.7023
Polish 0.8367 0.8596
Romanian 0.8360 0.8863
Serbian 0.7478 0.7919
Swedish 0.6448 0.7309
Latvian 0.6688 0.7228
Slovenian 0.7199 0.7893

Table 4: Official PARSEME 2.0 blind test results on
Codabench (Global F1 scores per language). Submis-
sion model names BeeParser and bert-multilingual-
trial. Best of both is shown.

artifacts are valuable further research directions.

5 Conclusion

We propose a multilingual system for PARSEME
2.0 Subtask 1 that formulates MWE identification
as a token-level sequence labeling problem using
XLM-RoBERTa-base, and extensively leverages
cross-lingual transfers. The system achieves strong
results on the blind test sets across multiple lan-
guages.

We show that bilingual training can improve
MWE detection performance on at least one of
the languages, and leverage this observation to im-
plement our system on MWE identification. We
argue that geographic and linguistic proximities
of languages are not the sole factor in language
selection for such bilingual systems, as we have

observed improvements even in distant language
pairs.

6 Limitations

Our system is a token classifier model for MWE
identification, and as such, it inherits the inher-
ent limitations of sequence labeling architectures.
Specifically, the model is highly sensitive to the
distribution of MWE types within the provided
datasets. Without specialized regularization or pre-
vention techniques, our system is prone to the class
imbalance observed in the training data. This is
further reflected in our detailed evaluation, which
shows that the system is significantly less success-
ful at identifying unseen MWE types compared to
those encountered during training. We also observe
that the model does not consistently identify all
possible MWE types for a given language, with per-
formance variations occurring even among MWE
types that are detectable by the system.

Furthermore, while bilingual training can be ben-
eficial, it introduces risks of "negative transfer". For
example, Slovenian performance collapsed from a
monolingual Span-based F1 of 0.6796 to 0.4496 in
the bilingual setup. The exact mechanism behind
this degradation remains an open research ques-
tion. Future research should evaluate whether re-
balancing techniques such as oversampling (John-
son et al., 2017) or temperature-based sampling
(Arivazhagan et al., 2019) can effectively mitigate
the unequal performance in imbalanced bilingual
pairs.
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During the BIO tagging phase our system, if en-
countered, only considers the first MWE label of
given multiple labels. This is done to simplify the
supervised learning process of our system. How-
ever, doing so loses information. The effects of
such an information loss on our system should also
be considered in further works.

The language selection process of our method-
ology did not contain all possible language pairs,
nor have we followed a strict rule. Our selection
process was to first define a number of pivot lan-
guages depending on the availability of compu-
tational resources, and then to couple these lan-
guages with other languages by randomly hand
picking geographically close/distant, linguistically
close/distant languages. The reasons for applying
such a process are (1) limited computational re-
sources, (2) the amount of training data is very
scarce for certain languages in PARSEME 2.0
dataset (for example, PARSEME 2.0 Subtask 1
training data for Dutch consists of 90 sentences
and 95 MWEs). Future work should consider these
points, and potentially include all possible lan-
guage pairs for testing.
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Abstract

We address AdMIRe 2.0, a static image rank-
ing task where a sentence containing a po-
tentially idiomatic expression is paired with
five image–caption candidates, and the goal
is to rank the candidates by semantic compat-
ibility with the intended idiomatic or literal
meaning. We propose IMMCAN, which keeps
XLM-R and Jina-CLIP-v2 frozen and learns
a lightweight two-stage cross-attention fusion,
caption–image grounding followed by idiom-
to-multimodal conditioning, to predict a com-
patibility score per candidate. We also evaluate
caption-only augmentation via back-translation
and synonym substitution, and compare regres-
sion and rank-class formulations. On AdMIRe
1.0, text-only achieves higher test top-image
accuracy than VLM-grounded modeling. In
contrast, on AdMIRe 2.0 zero-shot, adding vi-
sual patch grounding improves both accuracy
and NDCG indicating better cross-lingual rank-
ing transfer. Github.com/AliAZ98/IMMCAN

1 Introduction

Idiomatic expressions are central to natural
language, yet their meanings are often non-
compositional and cannot be inferred from the lit-
eral meanings of their component words, which
makes them difficult for both human learners
and natural language processing (NLP) systems,
especially in multilingual and cross-lingual set-
tings (Villavicencio et al., 2005; Zeng and Bhat,
2022; Madabushi et al., 2022). The AdMIRe 2.0
shared task (Arslan et al., 2026; Torunoğlu-Selamet
et al., 2026) addresses this in a multimodal setup:
given a context sentence containing a potentially
idiomatic expression (PIE) and five candidate im-
ages with captions, systems must rank the images
by how well they reflect the idiomatic or literal
meaning intended in that sentence, with supervi-
sion provided as a relative ordering rather than a

*These authors contributed equally.

single gold image, capturing the graded nature of
idiom–image compatibility (Pickard et al., 2025).
This setting is challenging because idiomaticity is
highly context-dependent, i.e., the same expres-
sion can be idiomatic in one sentence and literal in
another (Madabushi et al., 2022; Haagsma et al.,
2020). The task is multilingual and largely zero-
shot beyond English, requiring transferable cross-
lingual representations without language-specific
supervision (Conneau et al., 2019; Madabushi et al.,
2022). In addition, models must integrate textual
and visual information. They align the sentence–
idiom meaning with both the image content and
the accompanying captions. The system then ranks
fine-grained candidates (idiomatic, literal, related,
and distractor). Because supervised data is lim-
ited, the risk of overfitting increases. Therefore,
effective use of pretrained language and vision–
language models is essential (Radford et al., 2021).

In this work, we present a multimodal system
for AdMIRe 2.0 with three core contributions: (i) a
multilingual XLM-RoBERTa idiomaticity detector
trained on MAGPIE dataset where we tested on Ad-
MIRe 1.0 English and Portuguese, (ii) we propose
the Idiom Multimodal Cross-Attention Network
(IMMCAN), which fuses frozen XLM-R idiom em-
beddings and frozen Jina-CLIP-v2 image–caption
features via two-stage cross-attention to score and
rank candidates, and (iii) caption-only augmenta-
tion (back-translation and synonym substitution),
with zero-shot results showing consistent improve-
ments of the multimodal model over text-only base-
lines in top-image accuracy and NDCG.

2 Related Work

Pickard et al. (Pickard et al., 2025) introduced the
AdMIRe (SemEval-2025) shared task, which pro-
vides a multilingual dataset of English and Por-
tuguese sentences labeled as idiomatic or literal
and paired with multiple candidate images. Par-
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ticipants are asked to rank the images according
to how well they match the intended idiomatic or
literal meaning of the sentence, a setting that is
very close to our task. Within this framework, Pan
et al. (Pan et al., 2025) propose a multimodal id-
iom ranking system that combines pretrained text
encoders such as BERT or XLM-RoBERTa with
a Vision Transformer for images, and then trains
a regression model to rank images by semantic
alignment with the idiomatic context. Khatoon
et al. (Khatoon et al., 2025) also participate in Ad-
MIRe and focus on vision–language modeling; they
introduce an “Idiom Visual Understanding Dataset”
and show that a CLIP-based model, which jointly
embeds images and text, clearly outperforms text-
only baselines for ranking images by idiomatic
meaning. Their findings support the idea that inte-
grating visual information with text can improve
idiom interpretation, which aligns with our multi-
modal design.

Beyond AdMIRe, several works address id-
iomaticity from a mainly textual perspective. Chu
et al. (Chu et al., 2022) treat idiom identification as
a sentence-level classification problem and fine-
tune a pretrained language model on sentences
containing target multiword expressions, deciding
whether each expression is used idiomatically or
literally. Oh (Oh, 2022) proposes NEAMER, a
model that exploits the similarity between idioms
and named entities; which uses XLM-RoBERTa
enriched with additional surface features and trans-
fer learning from a named entity recognition (NER)
task, and achieves strong multilingual idiom clas-
sification performance. At the benchmark level,
Madabushi et al. (Madabushi et al., 2022) introduce
SemEval-2022 Task 2, a multilingual idiomaticity
task that includes English, Portuguese, and Gali-
cian data, with subtasks on idiom detection and
semantic similarity in context. This line of work
shows that multilingual encoders such as XLM-R
can generalize idiom recognition across languages
and provides an important foundation for our use of
XLM-R-based components in a multimodal idiom-
understanding setting.

3 System Overview

This work targets the AdMIRe 2.0 multimodal
idiom task by scoring how well each of five im-
age–caption options matches the idiomatic or literal
meaning of a sentence that contains a compound
idiom. Each dataset example includes the idiom,

Figure 1: Overall representation of proposed IMMCAN

a sentence labeled as idiomatic or literal, and an
expected ranking of the five images; the label is
based on their relative semantic fit to the sentence
meaning, not on visual correctness alone, so our
dataloader turns each example into five text–image
pairs and assigns numeric targets from this order.
Our system uses a multimodal model with two
frozen encoders: XLM-R produces contextual em-
beddings for the idiom in its sentence, and Jina-
CLIP-v2 encodes each image with its caption into
text tokens and visual patch features. We com-
bine these signals with a two-step attention design:
TextImageCoAttention links caption text to image
features, and IMMCAN updates the idiom repre-
sentation using this fused multimodal information.
Finally, we pool the idiom-aware representation
and use a regression or classification head to output
the prediction per image, allowing the model to
learn the fine-grained relationship between idiom
meaning and the visual–textual candidates.

3.1 VLM Model
Our vision–language module uses Jina-CLIP-
v2 (Koukounas et al., 2024), a multilingual dual-
encoder that learns shared text–image representa-
tions by pairing a Jina XLM-RoBERTa text encoder
(561M) with an EVA02-L/14 ViT vision encoder
(304M), totaling 865M parameters. It supports 89
languages and long text inputs (up to 8,192 tokens)
and processes images up to 512 × 512 using ro-
tary positional embeddings and efficient attention.
Both encoders produce 1024-d embeddings trained
with a multi-task contrastive objective over text–
text and text–image pairs, and we use the resulting
token-level and global features in a frozen manner.

3.2 Idiomaticity Detection
A binary XLM-RoBERTa (Conneau et al., 2019)
classifier has been trained to predict whether an ex-
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pression is used idiomatically or literally, choosing
XLM-R because its multilingual representations
support zero-shot transfer to other languages even
when training is done only on English. The model
is trained on the MAGPIE dataset (Haagsma et al.,
2020) using sentence–idiom pairs, where the full
sentence and the target phrase are provided as sep-
arate segments to explicitly model idiom–context
interaction. After training, we evaluate on the Ad-
MIRe 1.0 English, Portuguese, and combined test
sets (Table 1), and the strong Portuguese accuracy
without additional supervision indicates meaning-
ful zero-shot generalization for idiomaticity detec-
tion.

Lang. Accuracy Macro F1 Weighted F1
EN 0.7647 0.7607 0.7632
PT 0.6000 0.5746 0.5908
EN+PT 0.7077 0.7077 0.7077

Table 1: Model accuracy for English, Portuguese and
combined on AdMIRe 1.0 dataset

3.3 IMMCAN

Figure 1 represents the proposed IMMCAN, which
combines a pretrained language model and a pre-
trained vision–language model to build a multi-
modal representation for idiom understanding. The
IdiomEmbedder (XLM-R) and JinaCLIPEmbedder
are fully frozen and used only as feature extractors:
XLM-R produces contextual idiom–sentence token
embeddings, while the VLM provides caption to-
kens and image patch tokens from its transformer.
These frozen features are fed to a small set of train-
able modules, allowing us to leverage strong lan-
guage and vision priors while updating few parame-
ters. Fusion is performed with a two-step attention
pipeline: TextImageCoAttention cross-attends be-
tween caption tokens and image tokens to form
grounded multimodal features, which are pooled
into global text and image vectors and concate-
nated. IMMCAN then conditions idiom tokens on
this multimodal vector. Finally, a masked-mean
pool produces a fixed-size embedding that an MLP
head predicts the rank.

3.4 Data Augmentation

Data augmentation is used to improve robustness
and reduce overfitting, but to keep idioms consis-
tent we do not modify the idioms or their context
sentences. Instead, we augment only the image
captions using two methods, back-translation and
synonym substitution.

Model Setup Val Test
TT-Reg-Base 0.4400 0.2143
TT-Reg-Aug 0.3600 0.3929
TT-Cla-Base 0.4800 0.4643
TT-Cla-Aug 0.6400 0.6786
VTT-Reg-Base 0.4000 0.2857
VTT-Reg-Aug 0.1200 0.1429
VTT-Cla-Base 0.3600 0.2500
VTT-Cla-Aug 0.0800 0.0714

Table 2: Validation and test performance of different
models

For back-translation, each example’s five
captions are translated to an intermediate
language and then translated back, using
English→French→English for English captions
and Portuguese→English→Portuguese for Por-
tuguese captions, which varies syntax while
keeping meaning. For synonym substitution, we
rewrite captions by replacing randomly selected
words at about a 15% rate, selecting candidate
words by simple token filtering, e.g., minimum
length, and retrieving English and Portuguese
synonyms from WordNet.

4 Experimental Setup

AdMIRe 2.0 is a static image ranking task where
each example provides a context sentence with
a potentially idiomatic expression (PIE) and five
image–caption candidates, and the system must
rank the images by how well they match the in-
tended meaning. For supervised learning, we use
AdMIRe 1 (English and Portuguese) and expand
each instance into five text–image candidates so
the model outputs one score per candidate and re-
covers a full ranking at inference. Since labels
are given as an ordering, we map them to either
regression targets {1.0, 0.75, 0.50, 0.25, 0.0} or
classification labels {0, 1, 2, 3, 4}, and we evaluate
with top image accuracy and NDCG@5 using rel-
evance weights [3, 1, 0, 0, 0]. In the AdMiRe 1.0
dataset, there are 70 training, 15 validation, and 15
test samples in total. We do not use any AdMIRe
2.0 training or validation labels. All hyperparame-
ters are tuned on AdMIRe 1.0 only, and AdMIRe
2.0 is used strictly for zero-shot evaluation.

We evaluate two variants under the same fusion
design. The Vision-Text-Text (VTT) setting uses
both VLM caption tokens and image patch tokens
together with the idiom text stream, while Text-
Text (TT) removes image patches and applies cross-
attention only between caption tokens and idiom
tokens to isolate the effect of visual grounding.
For both settings, we compare a regression head
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Lang. TT-based VTT-based
Reg-Base Reg-Aug Cla-Base Cla-Aug Reg-Base Reg-Aug Cla-Base Cla-Aug

KA 0.283 (0.696) 0.327 (0.703) 0.310 (0.705) 0.248 (0.669) 0.336 (0.717) 0.106 (0.580) 0.407 (0.747) 0.381 (0.743)
PT-BR 0.298 (0.699) 0.303 (0.703) 0.307 (0.712) 0.237 (0.672) 0.298 (0.706) 0.044 (0.571) 0.342 (0.724) 0.395 (0.738)
UZ 0.325 (0.712) 0.250 (0.692) 0.258 (0.691) 0.233 (0.672) 0.417 (0.749) 0.117 (0.573) 0.342 (0.723) 0.383 (0.729)
ES-EC 0.167 (0.628) 0.167 (0.626) 0.229 (0.658) 0.188 (0.642) 0.333 (0.695) 0.188 (0.636) 0.333 (0.727) 0.333 (0.716)
NO 0.262 (0.689) 0.302 (0.707) 0.257 (0.705) 0.198 (0.665) 0.287 (0.698) 0.129 (0.606) 0.287 (0.705) 0.277 (0.706)
IG 0.322 (0.742) 0.374 (0.750) 0.383 (0.739) 0.296 (0.695) 0.296 (0.725) 0.035 (0.537) 0.365 (0.752) 0.339 (0.748)
SK 0.305 (0.712) 0.278 (0.704) 0.278 (0.706) 0.192 (0.656) 0.338 (0.723) 0.093 (0.579) 0.411 (0.742) 0.325 (0.716)
TR 0.313 (0.714) 0.308 (0.719) 0.269 (0.702) 0.264 (0.686) 0.308 (0.720) 0.099 (0.576) 0.308 (0.725) 0.280 (0.711)
RU 0.336 (0.721) 0.350 (0.725) 0.386 (0.746) 0.279 (0.673) 0.364 (0.732) 0.057 (0.572) 0.400 (0.745) 0.379 (0.731)
EL 0.250 (0.687) 0.245 (0.689) 0.260 (0.691) 0.236 (0.671) 0.274 (0.685) 0.120 (0.604) 0.327 (0.712) 0.269 (0.693)
SR 0.256 (0.695) 0.240 (0.690) 0.284 (0.703) 0.196 (0.666) 0.355 (0.718) 0.094 (0.583) 0.333 (0.722) 0.358 (0.717)
ZH 0.246 (0.678) 0.201 (0.661) 0.246 (0.685) 0.190 (0.640) 0.302 (0.714) 0.067 (0.580) 0.363 (0.735) 0.324 (0.719)
PT-PT 0.255 (0.691) 0.277 (0.694) 0.268 (0.691) 0.236 (0.674) 0.300 (0.706) 0.068 (0.576) 0.277 (0.696) 0.318 (0.712)
SL 0.246 (0.686) 0.254 (0.687) 0.300 (0.725) 0.238 (0.668) 0.283 (0.700) 0.083 (0.579) 0.350 (0.726) 0.329 (0.715)
KK 0.282 (0.706) 0.289 (0.709) 0.282 (0.705) 0.231 (0.671) 0.397 (0.739) 0.077 (0.565) 0.417 (0.752) 0.442 (0.770)
ALL 0.276 (0.697) 0.278 (0.697) 0.288 (0.704) 0.231 (0.668) 0.326 (0.715) 0.091 (0.578) 0.350 (0.727) 0.336 (0.721)

Table 3: AdMIRe Subtask A zero-shot results across TT-based and VTT-based models. Each cell reports Acc
(NDCG).

(Reg) that predicts a scalar compatibility score and
a classification head (Cla) that predicts rank classes,
and we test two data conditions, Base captions
and Aug captions generated with the method in
Section 3.4.

For training, we use SmoothL1Loss with β =
1.5 for regression to reduce sensitivity to large er-
rors, label-smoothed cross-entropy with ϵ = 0.3
for VTT classification to avoid overconfident rank
predictions, and a ListNet-style KL loss for TT to
learn rankings in a list-wise manner. All models
are trained with SGD (learning rate 0.003, weight
decay 0.001), batch size 4, and an exponential
learning-rate scheduler. Experiments are run on
an NVIDIA RTX 3080 Ti GPU.

5 Results

Performance on AdMIRe 1.0 and multilingual zero-
shot transfer results on AdMIRe 2.0 have been
summarized here.

5.1 Test Results

The AdMIRe 1.0 validation/test split (see Table 2)
indicated that the most reliable improvements have
been obtained with the text-only classification. The
highest test score has been achieved by TT-Cla-Aug
implying that caption augmentation has been ben-
eficial when a discrete rank-class target has been
learned. For the multimodal variant, the best test
result has been observed with VTT-Reg-Base, and
performance has dropped sharply for augmented
VTT configurations, which has shown that the cur-
rent caption augmentation has not remained com-
patible with the visual-token fusion.

5.2 Zero-Shot Results

Zero-shot transfer results across AdMIRe 2.0 lan-
guages are summarized in Table 3: TT variants
remain unchanged across settings, suggesting that
text-only pairing provides limited cross-lingual
transfer in our current setup, whereas VLM-based
variants yield clearer gains across multiple lan-
guages, e.g., KA, UZ, RU, KK, indicating that
explicit visual grounding improves both top-image
selection and overall ranking quality. Caption aug-
mentation shows mixed effects in zero-shot transfer,
with Cla-Aug staying competitive and improving
several languages, while Reg-Aug consistently de-
grades, which suggests that paraphrastic caption
changes may add noise that harms regression-style
scoring. Finally, we find that top image accuracy
can be low while NDCG@5 remains high. This
indicates that the model often places a highly rele-
vant image near the top, even when it does not rank
the single best image first. Because NDCG rewards
near-correct ordering under graded relevance, it is
less sensitive than top accuracy to swaps between
the best and second-best candidates.

6 Conclusion

We presented IMMCAN for multimodal idiom un-
derstanding in AdMIRe 2.0, combining a zero-shot
XLM-R idiomaticity detector with a lightweight
fusion module over frozen XLM-R and Jina-CLIP-
v2 features. Our results indicate that explicit visual
grounding yields clearer gains in zero-shot transfer
than text-only pairing, improving both top-image
selection and NDCG@5 across several languages.
We also found that caption augmentation has mixed
effects: it tends to help when learning discrete rank
classes, but it can degrade regression-based scor-
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ing, likely due to added paraphrastic noise. Future
work includes designing augmentation methods
that preserve fine-grained ranking signals, explor-
ing stronger list-wise objectives for multimodal
settings, and training or adapting the fusion lay-
ers with more multilingual supervision to further
improve cross-lingual generalization.
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Abstract

Multi-Word Expressions (MWEs) pose a sig-
nificant challenge for natural language process-
ing systems due to their idiosyncratic semantic
and syntactic properties. This paper describes
our system for the PARSEME 2.0 Shared Task
on automatic identification of verbal MWEs
across 17 typologically diverse languages. Our
approach combines multilingual BERT with
explicit Part-of-Speech (POS) feature injection
through a dual-head architecture that jointly
performs BIO-based identification and cate-
gory classification. We further investigate ex-
tensions, including Conditional Random Field
(CRF) decoding for structured prediction, focal
loss for addressing class imbalance, and model
ensembling for improving discontinuous MWE
detection. Our official submission achieves a
global MWE-based F1 score of 48.39%, se-
curing second place in the shared task. Abla-
tion studies reveal a strong synergy between
POS features and CRF decoding, with the com-
bined approach yielding the best single-model
performance. Furthermore, ensembling mod-
els trained with different objectives improves
both overall F1 score and discontinuous MWE
scores, demonstrating the importance of train-
ing diversity for capturing non-adjacent syntac-
tic patterns.

1 Introduction

Multi-Word Expressions (MWEs) are idiosyncratic
lexical units whose automatic identification is cru-
cial for downstream NLP tasks (Baldwin and Kim,
2010). The PARSEME shared task series (Savary
et al., 2017; Ramisch et al., 2020) addresses the
core challenges of MWE detection: handling dis-
continuous surface realizations, managing severe
class imbalance, and generalizing across typologi-
cally diverse languages.

In this work, we present a system for PARSEME
2.0 (Subtask 1) (Scholivet et al., 2026), which ad-
dresses the joint identification and classification
of verbal MWEs. Our system is based on mul-
tilingual BERT (Devlin et al., 2019) augmented
with explicit Part-of-Speech (POS) features. This
approach employs a multi-task formulation with
dual prediction heads for joint boundary identifi-
cation (BIO) and category classification. Beyond
the official submission, we investigate architectural
extensions including Conditional Random Fields
(CRF) for structured decoding, Focal Loss (Lin
et al., 2017) for mitigating imbalance, and diverse
ensembling strategies.

Our main contributions are as follows:

• We demonstrate that POS feature injection
improves recall by 2.78 points, with strong
gains on seen expressions (+1.64% F1).

• We identify a critical synergy between POS
features and CRF decoding: while POS injec-
tion alone yields marginal gains, coupling it
with structural constraints produces our best
single-model result (70.60% F1).

• We show that ensembling models trained with
diverse objectives (Cross-Entropy and Focal
Loss) improves discontinuous MWE detection
(+2.33 F1 in French).

• Our official submission achieves 48.39%
global F1, ranking second in the Shared Task.

2 Related Work

Automatic identification of Multi-Word Expres-
sions (MWEs) remains a core challenge in mul-
tilingual NLP due to their idiomaticity, non-
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compositional semantics, discontinuity, and annota-
tion sparsity. Foundational linguistic characterisa-
tion and formal language perspectives on alternat-
ing sequence computation and structured labeling
complexity trace back to early formal studies such
as alternation theory and lexical systematisation,
which later informed NLP-oriented taxonomies for
MWEs and decoding principles (Chandra et al.,
1981; Baldwin and Kim, 2010). A broad survey
of MWE processing highlights persistent issues,
including sparse observations, idiomaticity, discon-
tinuity, and cross-lingual variation, motivating ar-
chitectures that combine contextual representations
with explicit linguistic inductive biases.

A large body of work formulates MWE identi-
fication as structured sequence labeling, adopting
token-level tagging schemes (e.g., BIO/BILOU)
and log-linear structured decoders. BiLSTM-CRF
models established strong baselines for enforcing
tag consistency and segment boundaries in linear-
chain CRF formulations with Viterbi/Viterbi-style
inference (Lample et al., 2016; Ma and Hovy, 2016;
Lafferty et al., 2001). Contextualized Transformer
encoders, especially BERT, have since become the
dominant representation backbone for sequence la-
beling tasks, including MWEs (Devlin et al., 2019).
However, even with contextual encoders, tagging
systems remain sensitive to (i) extreme class imbal-
ance (most tokens are O), (ii) discontinuous MWEs,
and (iii) recall and generalization to unseen expres-
sions, particularly in multilingual blind-test scenar-
ios.

The PARSEME shared task series created stan-
dardized multilingual corpora, annotation guide-
lines, and evaluation protocols for verbal MWEs
(VMWEs), foregrounding both continuous and dis-
continuous expressions and enabling systematic
cross-lingual evaluation (Savary et al., 2017). Later
task editions emphasised generalization to unseen
VMWEs through carefully constructed blind-test
splits containing expressions not observed during
training (Ramisch et al., 2020). Competitive neural
systems commonly augment taggers with linguistic
or structural signals: ERMI injects POS and de-
pendency features in a BiLSTM–CRF architecture
(Yirmibeşoğlu and Güngör, 2020), while MTLB-
STRUCT frames VMWE identification under a
multi-task paradigm by incorporating auxiliary syn-
tactic structure and using a dual tagging head on
multilingual BERT with CRF decoding, analyzing
imbalance-aware objectives such as focal loss and
the role of structured decoders for improved dis-

continuity resolution and unseen-expression recall
(Taslimipoor et al., 2020). Explicit long-range re-
lation modelling for bridging syntactic gaps was
studied in discontinuity-focused settings (Rohanian
et al., 2019), motivating dependency-based syn-
tactic path reasoning to connect separated MWE
components. Relational syntactic inference in mul-
tilingual pipelines was further shaped by determin-
istic and biaffine dependency parsers and bench-
marks, along with trainable parsing frameworks
such as UDPipe (Nivre, 2008; Dozat and Man-
ning, 2017; Straka et al., 2016). Beyond syntactic
biasing, contrastive and self-supervised sequence
objectives such as those introduced by (Jaiswal
et al., 2021; Gao et al., 2021) strengthened general
sequence representations and multi-task optimisa-
tion dynamics were later systematized in predic-
tive structure learning and representation surveys
(Ando and Zhang, 2005; Ruder, 2017).

Our system aligns with the Transformer-based
sequence labeling framework, enhanced by POS
injection for syntactic bias, CRF decoding for struc-
tural consistency, and Focal Loss to mitigate class
imbalance. Additionally, we leverage ensembling
to capture diverse error profiles, which is crucial for
robust discontinuous and unseen MWE detection.

3 Methodology

We frame MWE identification as a sequence label-
ing problem requiring the detection of continuous
and discontinuous expressions under heavy class
imbalance. Our approach utilizes a multi-task ar-
chitecture predicting both identification (BIO) and
classification (Category) labels.

3.1 Submitted System

Our official submission employs
bert-base-multilingual-cased as a shared
encoder. We derive two aligned supervision
signals: (1) BIO tags for identification (B, I, O),
and (2) MWE categories for classification.

POS Injection and Dual-Head. We augment
contextual embeddings by concatenating them with
learned POS tag embeddings. As shown in Figure
1, this fused representation h̃i feeds into two paral-
lel linear heads. The BIO head predicts identifica-
tion tags, while the Category head assigns MWE
types.
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Figure 1: Architecture at a single time-step i. POS
embeddings are concatenated with mBERT output to
feed dual prediction heads.

3.2 Extensions

To improve robustness against multilingual inter-
ference and label imbalance, we investigate the
following extensions.

3.2.1 CRF Decoding
To enforce valid label transitions, we replace the
token-wise softmax with a Linear-Chain CRF. The
model maximizes the score of the correct BIO se-
quence y, as defined in Equation 1.

Score(y) =
n∑

i=1

(
Ayi−1,yi + sbioi,yi

)
, (1)

where A represents transition parameters. Infer-
ence is performed via Viterbi decoding.

3.2.2 Consistency via Masking
To align the two heads, we compute category loss
only for tokens predicted as MWEs by the identi-
fication head. We apply a mask mi = I(ŷbioi ̸= O)
to the category loss, ensuring that the classifier fo-
cuses only on valid MWE candidates and ignores
the majority O class.

3.2.3 Focal Loss
To address the dominance of non-MWE tokens, we
employ Focal Loss (FL) to down-weight easy nega-
tives and focus training on hard examples, utilizing

the formulation in Equation 2.

FL(pt) = −α(1− pt)
γ log(pt). (2)

We compare FL against standard Cross-Entropy
(CE) to evaluate its impact on recall.

3.2.4 Ensemble Strategy

We construct ensembles by aggregating predictions
from K diverse models (Base, POS-injected, and
Focal Loss variants). For category classification,
we simply average the probability distributions ac-
cording to Equation 3.

p̄cati =
1

K

K∑

k=1

pcati,k . (3)

For BIO identification, we use a hybrid scheme:
standard softmax models use probability averaging,
while CRF-based models use majority voting on
Viterbi sequences to preserve structural validity.
This strategy combines the high recall of Focal
Loss with the precision of standard baselines.

4 Experimental Results

We evaluate our proposed system on the
PARSEME 2.0 blind test set, analyzing global met-
rics, language-specific performance, and error cate-
gories.

4.1 Submitted System Results

Table 1 compares our system against the multilin-
gual BERT baseline.

Impact of POS Injection. Injecting POS fea-
tures improved Global F1 to 48.39%, driven by a
gain in Recall (+2.78 points). This indicates that
explicit morphosyntactic information aids in recog-
nizing valid candidates missed by the baseline.

Generalization & Memorization. We observe
a performance disparity between Seen and Unseen
MWEs. The POS-enhanced model excelled at Seen
MWEs (73.70% F1, +1.64% gain), suggesting that
POS tags reinforce confidence in learned syntac-
tic templates (e.g., Verb+Noun). However, perfor-
mance on Unseen MWEs remained low (∼20%),
indicating that while explicit syntax aids pattern
matching for known expressions, it offers limited
benefit for zero-shot generalization.
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Configuration Global MWE-based Global Token-based Generalization (F1)
Prec. Rec. F1 Prec. Rec. F1 Seen Unseen

Base BERT 46.49 48.55 47.50 61.95 53.83 57.61 72.06 20.23
POS Features + BERT 45.77 51.33 48.39 61.53 57.12 59.24 73.70 19.98

Table 1: Blind test set results. POS injection improves Global F1 and Recall, particularly for Seen MWEs.

Lang Family P R F1
High Performance
FA Indo-Iranian 70.67 77.29 73.83
JA Japonic 75.92 70.00 72.84
RO Romance 61.98 71.12 66.23
Mid Performance
PL Slavic 51.84 64.80 57.60
HE Semitic 52.89 60.28 56.34
FR Romance 52.60 50.50 51.53
Low Performance
KA Kartvelian 26.17 69.40 38.01
EGY Semitic 33.67 13.20 18.97
GRC Hellenic 8.81 6.01 7.14

Table 2: MWE-based F1 scores for representative lan-
guages.

4.1.1 Language-Specific Analysis
Table 2 details performance across diverse lan-
guage families. High-resource languages with dis-
tinct syntactic markers (FA, JA) achieved the high-
est scores (> 72% F1). Conversely, low-resource
or ancient languages (GRC, EGY) suffered from
data sparsity. Notably, Georgian (KA) exhibited
high recall but low precision (26.17%), suggesting
systematic over-prediction likely driven by severe
class imbalance and language-specific noise.

4.2 Ablation Studies: Extensions

We analyze extensions on the development set us-
ing a 90/10 split, focusing on two setups: Monolin-
gual (French only) and Multi-5 (FR, SV, EL, FA,
JA).

4.2.1 Monolingual Case Study (French)
Table 3 highlights the interaction between linguistic
features and decoding strategies.

Configuration Global F1 Disc. F1
Single Models
Base (mBERT) 67.59 55.65
pos 67.43 51.98
pos_crf 69.28 55.32
crf 68.06 52.94
crf_focal 67.61 53.28
pos_crf_focal 69.16 56.41
Ensemble Models
base+pos_crf+crf_focal 69.50 54.55
base+pos_crf+pos_crf_focal 69.92 57.98

Table 3: Ablation on French (FR) development set.

Configuration Global F1 Disc. F1
Single Models
Base (mBERT) 69.84 47.16
pos 69.22 47.16
pos_crf 70.60 47.67
crf 69.45 45.29
crf_focal 69.39 46.19
pos_crf_focal 69.18 46.37
Ensemble Models
base+pos_crf+crf_focal 70.73 48.88
base+pos_crf+pos_crf_focal 70.22 48.06

Table 4: Ablation on Multi-5 (FR, SV, EL, FA, JA) set.

POS-CRF Synergy. Injecting POS tags alone
(pos) slightly degraded performance. However,
coupling POS with CRF decoding (pos_crf)
yielded the best single-model result (69.28%). This
indicates that while POS tags provide valuable sig-
nals, the model requires the structured transition
constraints of a CRF to utilize them effectively
without overfitting.

Discontinuity via Ensembling. Single models
struggled with discontinuous MWEs. However, the
ensemble approach achieved a Discontinuous F1
of 57.98% (+2.33 points over baseline). Averaging
probability distributions from diverse models (Base
+ POS + Focal) effectively bridges syntactic gaps
that single architectures miss.

4.2.2 Multilingual Analysis (Multi-5)

Table 4 summarizes the multilingual ablation re-
sults.

Synergy Consistency. Consistent with monolin-
gual findings, pos_crf achieved the highest single-
model F1 (70.60%), reversing the degradation seen
with POS alone. This confirms that CRF con-
straints are essential for leveraging morphosyntac-
tic cues across diverse languages.

Focal Loss & Diversity. While Focal Loss mod-
els underperformed in isolation, they were critical
for the ensemble. The best system (Base + POS +
Focal) reached 70.73% Global F1 and the highest
Discontinuous F1 (48.88%), confirming that di-
verse training objectives capture "hard" examples
that standard models fail to detect.
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5 Conclusion

We presented a multilingual MWE identification
architecture combining mBERT with explicit POS
features, which ranked second in the PARSEME
2.0 Shared Task (48.39% F1). Our experiments
demonstrate a critical synergy between morphosyn-
tactic features and structured decoding: while POS
injection alone yields marginal gains, coupling it
with a CRF layer effectively constrains the out-
put space, achieving our best single-model perfor-
mance. Furthermore, addressing the challenge of
discontinuity, we showed that ensembling models
trained with Focal Loss improves recall on non-
adjacent expressions. Future work will further ex-
plore the integration of linguistic constraints into
end-to-end training.

Limitations

Our study has several limitations that are important
for interpreting the results and for guiding future
improvements.

Reliance on POS quality. POS feature injection
is beneficial when tags are accurate and consis-
tent across languages; however, in low-resource
or morphologically complex languages, tagging er-
rors may propagate into MWE predictions and lead
to unstable precision/recall trade-offs.

Unseen MWE generalization remains difficult.
While our approach improves recall for seen expres-
sions, performance on unseen MWEs remains a ma-
jor bottleneck, suggesting the model still relies on
distributional regularities observed during training
rather than type-level constraints or composition-
aware cues.

Token-level formulation and discontinuity. We
use token-level BIO supervision and CRF decoding,
which enforces local label consistency, but we do
not explicitly model expression-level completeness
or gap-aware structure. This can yield fragmented
boundaries, particularly for discontinuous MWEs,
where explicit gap modeling or syntactic integra-
tion may be necessary.

Compute and deployment cost. Ensembling im-
proves robustness and discontinuous detection, yet
increases inference time and memory. Distilla-
tion or lightweight diversity-preserving alternatives
could make the approach more deployable.
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Abstract

Idiomatic expressions pose a fundamental chal-
lenge for multimodal understanding due to
their non-compositional semantics, while pre-
trained vision–language models tend to over-
rely on literal visual alignments. We address
this issue in the context of the AdMIRe 2.0 mul-
timodal idiomatic image ranking task (Arslan
et al., 2026) by introducing CARIM (Category-
Aware Reasoning for Idiomatic Multimodal-
ity), an inference-time framework that in-
jects structured semantic reasoning without
end-to-end retraining.Experiments on the offi-
cial Codabench leaderboard demonstrate that
CARIM achieves competitive Top-1 Accuracy
and nDCG across multiple languages. Ad-
ditional post-competition evaluation on the
released test annotations further shows that
CARIM maintains robust multilingual per-
formance, highlighting the effectiveness of
inference-time category-aware reasoning for
multimodal idiomatic grounding.

1 Introduction

Idiomatic expressions are pervasive in natural
language and pose a fundamental challenge for
natural language processing due to their non-
compositional semantics, where the figurative
meaning cannot be inferred from the meanings
of individual words. Correctly interpreting id-
ioms is essential for downstream tasks such as ma-
chine translation, visual-language understanding,
and language grounding.

While recent contextualized language models
have improved idiom detection and interpretation
by leveraging surrounding context, they remain
largely text-centric and often struggle to distin-
guish figurative meaning from literal interpreta-
tions in ambiguous settings(Shwartz and Dagan,
2019; Garcia and García-Serrano, 2018). This lim-
itation becomes more evident in multimodal sce-
narios, where models must associate an idiomatic

expression with a visual representation that reflects
its figurative meaning rather than its literal con-
stituents (Liu et al., 2022; Ma et al., 2023).

Motivated by the strong imagery evoked by
idiomatic language, recent work has explored
grounding idioms in visual space using vision-
language models (Liu et al., 2022). However,
models pretrained on large-scale literal image–text
pairs tend to align idioms with literal visual con-
cepts, leading to incorrect or ambiguous mappings.
This highlights the need for learning objectives that
explicitly separate idiomatic and literal meanings
across modalities (Ma et al., 2023).

In this work, we study idiom understanding from
a multimodal perspective and formulate idiom-
image association as an image-text ranking prob-
lem and our contributions are:

• We introduce CARIM, an inference-time
category-aware framework for multimodal
idiom–image ranking that separates literal
and idiomatic visual evidence without retrain-
ing.

• We propose a structured category model and
category-conditioned ranking rules that pe-
nalize misleading literal visual evidence un-
der idiomatic usage.

• We evaluate CARIM on the AdMIRe 2.0
shared task and through a post-competition
multilingual analysis, demonstrating robust
performance across diverse languages.

2 Related Work
Idiomatic expressions pose a challenge for NLP
due to their non-compositional semantics (Sag
et al., 2002). Early work relied on lexical re-
sources and rule-based identification of multiword
expressions (Baldwin and Kim, 2010), but these
approaches struggled with contextual variability.

Distributional methods showed that standard
word embeddings are biased toward literal mean-
ings and insufficient for modeling idioms (Salehi
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et al., 2015). Contextualized language models
such as BERT significantly improved idiom under-
standing by leveraging context, commonly fram-
ing the task as idiom detection or literal–figurative
classification (Shwartz and Dagan, 2019; Garcia
and García-Serrano, 2018). Several studies fur-
ther explored idiom representation learning and
paraphrase-based supervision (King and Cook,
2016; Peng and Feldman, 2018).

More recently, idiom learning has been ex-
tended to multimodal settings, motivated by the
strong imagery associated with figurative language.
Vision–language models have been used to align
idiomatic expressions with figurative images while
contrasting them against literal visual interpreta-
tions (Liu et al., 2022; Ma et al., 2023). These
works typically formulate the problem as image–
text ranking or contrastive learning, demonstrating
that visual grounding provides complementary se-
mantic signals beyond text-only models.

3 Methodology
In this section, we introduce CARIM, our
inference-time category-aware reasoning model
for multimodal idiomatic ranking.

3.1 CARIM Overview
At inference time, our system performs category-
aware image ranking conditioned on the contextual
usage of a compound expression. While the overall
framework may incorporate learned components in
earlier stages, the method described in this section
operates exclusively at prediction time and does
not update model parameters. Instead, it applies
a structured reasoning procedure that encodes do-
main knowledge about idiomatic image categories
directly into the inference process.

Given a compound expression c, a context sen-
tence s, and a set of candidate images I =
{I1, . . . , I5} (with optional captions), the infer-
ence module outputs (i) a ranked list over the im-
ages and (ii) a compound-type label indicating
whether c is used literally or idiomatically.

Inference Decomposition: The inference proce-
dure is decomposed into two sequential steps:

1. Compound-type inference, which deter-
mines whether the compound is used literally
or idiomatically in context.

2. Category-aware image ranking, which ap-
plies expert-defined ranking rules condi-
tioned on the inferred sentence type.

This decomposition explicitly models the depen-
dency between contextual meaning and visual rele-
vance, reducing ambiguity compared to single-step
ranking.

Sentence-Type Inference: In the first step, the
model infers a sentence-type label

y ∈ {LITERAL, IDIOMATIC}

for the compound expression c as used in sentence
s. A LITERAL usage denotes reference to the phys-
ical objects or properties described by the compo-
nent words of c, whereas an IDIOMATIC usage de-
notes a figurative meaning that cannot be derived
compositionally from the literal referents.

This decision is produced at inference time via
a constrained prediction that conditions on c and
s, and serves as a control signal for the subsequent
ranking step.

Category Model: The ranking strategy is
grounded in a category model that reflects a
consistent structure in the candidate image sets.
Each image is assumed to fall into one of five
semantic categories relative to the compound
expression:

1. Literal (L): depicts the literal referents of the
component words of c.

2. Literal-related (LR): partially matches the
literal meaning.

3. Idiomatic (I): directly depicts the figurative
meaning of c.

4. Idiomatic-related (IR): loosely supports the
figurative meaning.

5. Distractor (D): superficially related but in-
correct for the intended meaning.

Literal object detection: To support category
assignment, the compound is decomposed into its
component words

c → {w1, . . . , wm}.

At inference time, the Chatgpt 5.1 evaluates
whether an image contains salient visual evidence
corresponding to these literal referents. This sig-
nal is used differently depending on the inferred
sentence type.

Category-Aware Ranking Rules: The final
ranking is produced by applying deterministic
rules conditioned on y.
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Figure 1: Overview of the proposed inference-time category-aware ranking framework, CARIM. Given a context
sentence and a compound expression, the system first infers whether the expression is used literally or idiomatically.
Based on this decision, candidate images are categorized into semantic types (L, LR, I, IR, D) and ranked using
category-conditioned rules that penalize misleading literal visual evidence under idiomatic usage.

Literal usage. If y = LITERAL, images are
ranked according to:

L ≻ LR ≻ IR ≻ I ≻ D.

Images depicting the literal referents are pre-
ferred, while purely idiomatic depictions are down-
ranked.

Idiomatic usage: If y = IDIOMATIC, the ranking
order is:

I ≻ IR ≻ LR ≻ L ≻ D.

Crucially, images with strong literal evidence (L)
are explicitly penalized under idiomatic usage, as
they typically correspond to incorrect surface-level
interpretations.

Inference-Time Composition: The inference
module combines the two steps as:

y = finfer(c, s), π = frank(c, s, I | y),

where finfer denotes sentence-type inference and
frank denotes category-aware ranking. Although
parameter learning may occur elsewhere in the
system, this module performs structured reason-
ing exclusively at inference time, interpretable and
context-sensitive image ranking.

Illustrative Examples: For the compound bad
apple, literal usage prioritizes images depicting
a spoiled apple, whereas idiomatic usage priori-
tizes images depicting a corrupting individual and
penalizes literal apples. Similarly, for green fin-
gers, idiomatic usage favors gardening-related im-
agery while down-ranking images that merely de-
pict green-colored fingers.

4 Results

We evaluate CARIM using the official Codabench
leaderboard of the AdMIRe 2.0 shared task. Re-
sults are reported in terms of Top-1 Accuracy
and nDCG, following the task evaluation proto-
col. Since our submission was evaluated on a sub-
set of languages, we report results for Igbo (IG),
Kazakh (KK), Turkish (TR), and Uzbek (UZ), to-
gether with the average across these languages.
Full leaderboard results are shown in Table 1.

Overall, our system,CARIM achieves compet-
itive performance across all evaluated languages
without relying on additional end-to-end training
or task-specific fine-tuning. This suggests that
structured inference-time reasoning can be effec-
tive for multimodal idiomatic ranking even when
operating on frozen backbone models.

Following the AdMIRe 2.0 shared task, we con-
ducted a post-competition evaluation using the re-
leased test annotations to assess multilingual gen-
eralization. As shown in Table 2, CARIM achieves
a macro-average Top-1 Accuracy of 57.2% and
an average nDCG of %83.5 across all evaluated
languages, without additional fine-tuning. These
results demonstrate consistent multilingual perfor-
mance of inference-time category-aware reasoning
beyond the competitive setting.

4.1 Language-Specific Performance
As shown in Table 1, the proposed method per-
forms strongest on Kazakh (KK), achieving its
highest Top-1 Accuracy and nDCG among the eval-
uated languages. This indicates that the category-
aware ranking strategy is particularly effective in
settings where literal visual cues act as strong dis-
tractors, and where explicit penalization of literal
imagery under idiomatic usage provides clearer
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Participant AVG IG KK TR UZ
Acc. nDCG Acc. nDCG Acc. nDCG Acc. nDCG Acc. nDCG

ozgeumut 0.6075 0.86 0.56 0.84 0.70 0.89 0.65 0.88 0.52 0.83
ITUNLP 0.56 0.8375 0.43 0.78 0.61 0.84 0.68 0.90 0.52 0.83
kkkomurcu 0.48 0.8025 0.41 0.76 0.56 0.84 0.54 0.83 0.41 0.78
davidcotiga 0.4675 0.78 0.39 0.74 0.53 0.80 0.62 0.84 0.33 0.74
tiberiucarp 0.445 0.78 0.37 0.74 0.51 0.81 0.48 0.80 0.42 0.77
bilenbaris 0.3575 0.735 0.30 0.73 0.40 0.74 0.31 0.72 0.42 0.75
nikoniko 0.3225 0.7225 0.33 0.73 0.33 0.74 0.34 0.71 0.29 0.71
utkucolakitu 0.275 0.7025 0.22 0.69 0.28 0.71 0.29 0.70 0.31 0.71
akkurt_buzlu 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Table 1: Official Codabench leaderboard results for AdMIRe 2.0. Scores are reported as Top-1 Accuracy and nDCG,
averaged across four evaluated languages (AVG) and for individual languages IG, KK, TR, and UZ .

Language Acc. nDCG
ZH 0.497 0.792
KA 0.531 0.808
EL 0.639 0.868
IG 0.409 0.761
KK 0.564 0.838
NO 0.644 0.873
PT-BR 0.864 0.942
PT-PT 0.636 0.866
RU 0.714 0.893
SR 0.579 0.826
SK 0.556 0.833
SL 0.708 0.887
ES-EC 0.292 0.727
TR 0.538 0.833
UZ 0.408 0.782
Average 0.572 0.835

Table 2: Top-1 Accuracy and nDCG scores of CARIM
across languages on the AdMIRe 2.0 evaluation set
(Torunoğlu-Selamet et al., 2026). The last row reports
the macro-average over all languages.

separation.
Performance on TR, IG, and UZ language dat-

sets remain competitive relative to other submis-
sions on the leaderboard. While absolute scores
vary across languages, the consistency between
Top-1 Accuracy and nDCG suggests stable ranking
behavior rather than isolated correct predictions.
This aligns with the design goal of producing co-
herent, context-sensitive rankings instead of opti-
mizing solely for the top-ranked image.

Notably, these results are obtained without mod-
ifying model parameters at inference time. In con-
trast to approaches that rely on contrastive retrain-
ing or language-specific adaptation, our method in-
corporates task knowledge through an explicit cat-
egory model and deterministic ranking rules. This
allows the system to systematically down-rank lit-
eral visual interpretations when idiomatic usage is

inferred, addressing a common failure mode of pre-
trained vision-language models.

5 Conclusion

We presented an inference-time, category-aware
ranking approach,CARIM for multimodal id-
iomatic understanding, motivated by the tendency
of pretrained vision–language models to favor lit-
eral visual alignments. By explicitly decompos-
ing inference into sentence-type prediction and
category-conditioned image ranking, our method
injects structured task knowledge without requir-
ing end-to-end retraining or parameter updates.
This design enables interpretable control over rank-
ing behavior and directly addresses literal bias in
idiom–image association.

Evaluation on the AdMIRe 2.0 Codabench
leaderboard demonstrates that this lightweight rea-
soning framework achieves competitive perfor-
mance across multiple languages, despite operat-
ing on frozen backbone models and limited super-
vision. The results suggest that explicit category
reasoning at inference time can serve as an effec-
tive complement to learned multimodal represen-
tations, particularly in figurative language settings
where surface-level visual similarity is misleading.
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Abstract

Multi-word expressions (MWEs) remain a chal-
lenge for NLP systems due to their syntac-
tic variability and non-compositional seman-
tics, that is why this issue was proposed as
shared task within Unidive organization. With
increasing popularity of large language models
(LLM), it is important to continue researching
alternative solutions. One of the classical ap-
proaches for identifying MWEs is calculating
Pointwise Mutual Information (PMI), but this
is a purely statistical approach that cannot re-
veal the links between words in natural text. To
fix this issue, we propose this paper with a sim-
ple syntax-aware PMI method that leverages
Universal Dependency (UD) trees (Nivre et al.,
2016) to model co-occurrence between syntac-
tically related words. By computing PMI over
dependency-linked word pairs and aggregating
these scores, we aim to improve surface-based
methods. Unlike expectations, our experiment
shows that the classical statistical approach gets
better results in partially identifying MWEs.
Still, this approach is aimed to find a balance
between lightweight calculations as opposed to
LLMs and precision in results.

1 Introduction

Multi-word expressions (MWEs), such as in
spite of, take place, or make sense, are pervasive
in natural language and pose long-standing
challenges for NLP systems. Their meaning does
not equal to the sum of meanings of its elements,
and their surface forms may vary syntactically,
making them difficult to identify using purely
lexical or contextual cues.

PMI is calculated for each pair of adjacent words,
which is not suitable for this kind of task because
parts of multiword expressions can be located far
away from each other in a sentence. It is possible
to use a skip-gram, but if we have a look at an
example sentence:

(1) She turned the proposal that had been de-
bated for months by several committees down.

we would see that the phrasal verb and its parti-
cle are located 11 words away from each other, and
classical PMI would not identify an MWE in this
example sentence.

To deal with this issue as part of our participation
in the shared task, we propose using dependency
analysis based on Universal Dependencies (UD) as
a basis for calculating the PMI score. As opposed
to classical PMI, two words are considered a pair
not if they are adjacent in a sentence, but only if
they are connected by an edge of any type. In this
scenario, turned and down form a pair because the
particle depends on its verb.

UD provides cross-linguistically consistent de-
pendency relations that explicitly encode syntac-
tic relationships independent of surface adjacency.
Furthermore, UD is language-independent. To mit-
igate unnecessary variability in PMI pairs for lan-
guages with rich morphology, we utilize UD lem-
mas rather than surface forms. In conclusion, our
research provides insights into

• Analysis of the impact of UD on MWE detec-
tion precision

• Computation complexity difference between
adjacency based PMI and UD-based PMI scor-
ing.

2 Method

Our approach extends traditional PMI-based MWE
identification by redefining word co-occurrence in
terms of syntactic dependency relations rather than
linear adjacency. While classical PMI relies on sur-
face proximity to approximate lexical association,
such an assumption is often violated by multi-word
expressions whose components may be syntacti-
cally related but linearly distant. To address this
limitation, we exploit Universal Dependency (UD)
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parsers to define co-occurrence over syntactic struc-
ture instead of surface order, while preserving the
lightweight and language-independent nature of
PMI-based methods.

2.1 Pointwise Mutual Information

Pointwise Mutual Information (PMI) is a widely
used association measure that quantifies the
strength of co-occurrence between two lexical
items relative to their independent occurrence prob-
abilities. Formally, PMI between two words w1

and w2 is defined as:

PMI(w1, w2) = log
P (w1, w2)

P (w1)P (w2)

where P (w1, w2) denotes the joint probability of
the two words co-occurring under a given definition
of co-occurrence, and P (w1) and P (w2) are their
individual probabilities.

To mitigate sparsity and avoid undefined val-
ues caused by zero-frequency events (Jurafsky and
Martin, 2025), we apply Laplace smoothing to all
probability estimates, resulting in the following
formulation:

log
P (w1, w2) + 1

(P (w1) + 1)(P (w2) + 1)

All counts are computed over lemmatized to-
kens in order to reduce morphological variation
across languages. Punctuation symbols and stop-
words are excluded from the computation, as they
are unlikely to contribute to the identification of
meaningful lexicalized expressions. We assume
that few or no MWEs contain stop-words; thus,
their exclusion results in a negligible number of
false negatives.

2.2 Surface PMI Baseline

As a baseline, we compute PMI for adjacent word
pairs occurring within a fixed window of size two.
Under this setting, two lemmas are considered to
co-occur if they appear consecutively in the cor-
pus, and wheneer two lemmas appear together, the
counter increments.

2.3 Dependency-Based PMI

In the dependency-based variant, the PMI for-
mula remains unchanged, but the definition of co-
occurrence is altered. Two lemmas are considered
to form a co-occurring pair if they are directly con-
nected by an edge in the Universal Dependency

representation of a sentence, regardless of their
linear distance.

In this manner, syntactically related words may
form a pair even when separated by multiple inter-
vening tokens. All dependency relations are treated
uniformly, without restricting the computation to
specific relation types.

Both the proposed method and classical
PMI approaches are language-agnostic, but the
dependency-based approach is considered to be
more linguistically aware.

2.4 MWE Identification

To identify MWEs, all word pairs are ranked ac-
cording to their PMI scores. Pairs exceeding a pre-
defined threshold are marked as potential MWEs.
Determining an optimal threshold is a significant
challenge, as PMI values are not directly compara-
ble across languages or datasets and are sensitive
to corpus size and distributional properties. Rather
than imposing a single threshold, we report results
for multiple percentile thresholds.

3 Experimental Setup

3.1 Dataset

We evaluate our approach on a dataset provided by
shared task organisers (Savary et al., 2023).

3.2 Evaluation Metrics

To evaluate our system, we adopted the official
metrics of the original shared task.

The performance is assessed in terms of preci-
sion, recall, and F1-score at both the MWE level
(exact match) and the token level (allowing partial
matches). Diversity is measured through richness,
Shannon evenness, and Shannon–Weaver entropy
to capture the variety and balance of the identified
MWE types. For each language, a distinct set of
values is provided. In this study, we focus on the
macro-averaged F1-score as our primary evaluation
metric.

3.3 Baselines

We compare two PMI-based baselines that differ
exclusively in how word co-occurrence is defined,
while sharing the same scoring function, prepro-
cessing pipeline, and thresholding strategy. This
design allows us to isolate the effect of syntactic
information on MWE identification, independently
of other modeling choices.
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4 Results and Analysis

The following are two tables Table 1 and Table
2 with F1 scores for every language for different
thresholds. The first table contains scores for PMI
approach enchanced with UD, and the second table
presents scores for classical PMI.

Lang Type 50 75 90 95 99

UK MWE-based 0.0062 0.0046 0.0014 0.0003 0.0000
Token-based 0.1173 0.0915 0.0500 0.0302 0.0055

EGY MWE-based 0.0000 0.0000 0.0000 0.0000 0.0000
Token-based 0.1006 0.0533 0.0155 0.0000 0.0000

EL MWE-based 0.0089 0.0043 0.0022 0.0000 0.0000
Token-based 0.0803 0.0594 0.0364 0.0302 0.0097

FA MWE-based 0.0511 0.0446 0.0387 0.0288 0.0053
Token-based 0.2062 0.1397 0.0771 0.0427 0.0041

FR MWE-based 0.0108 0.0077 0.0033 0.0032 0.0013
Token-based 0.1970 0.1231 0.0519 0.0257 0.0011

HE MWE-based 0.0036 0.0022 0.0012 0.0004 0.0000
Token-based 0.0916 0.0594 0.0330 0.0200 0.0051

JA MWE-based 0.0714 0.0598 0.0387 0.0277 0.0081
Token-based 0.2682 0.1844 0.0943 0.0534 0.0077

LV MWE-based 0.0034 0.0021 0.0013 0.0011 0.0000
Token-based 0.0394 0.0280 0.0199 0.0164 0.0056

NL MWE-based 0.0730 0.0773 0.0000 0.0000 0.0000
Token-based 0.2588 0.1939 0.0319 0.0089 0.0000

PL MWE-based 0.0025 0.0017 0.0007 0.0003 0.0004
Token-based 0.0879 0.0640 0.0415 0.0355 0.0288

PT MWE-based 0.0033 0.0000 0.0000 0.0000 0.0000
Token-based 0.0945 0.0693 0.0432 0.0107 0.0000

RO MWE-based 0.0029 0.0020 0.0014 0.0009 0.0000
Token-based 0.0885 0.0460 0.0134 0.0047 0.0014

SV MWE-based 0.0015 0.0006 0.0000 0.0000 0.0000
Token-based 0.0740 0.0481 0.0200 0.0091 0.0014

SR MWE-based 0.0297 0.0160 0.0075 0.0034 0.0000
Token-based 0.1781 0.1209 0.0633 0.0328 0.0046

KA MWE-based 0.0443 0.0480 0.0265 0.0138 0.0027
Token-based 0.1417 0.0960 0.0371 0.0161 0.0023

Table 1: F1 scores of the UD-based PMI approach
across different thresholds for MWE-based and token-
based evaluation.

From Tables 1 and 2 we suggest 3 observations:

• Scores for full MWE matches are extremely
low for both approaches

• MWE-based results are slightly, but insignifi-
cantly better in UD approach

• Token-based results are better with lower
threshold percentiles in classical PMI ap-
proach.

From observations above we can interfere the
following:

• This suggests that while UD features may pro-
vide some benefit in helping capture MWEs,
they do not dramatically improve full match
accuracy. This could imply that syntactic in-
formation alone might not be sufficient to
solve the full match problem and other fac-
tors might need to be considered.

• Stronger performance of classical PMI ap-
proach on lower thresholds suggests that raw
statistics favour word pairs that overlap with
MWEs, even if they do not recover the full
expression.

As for the time consumed, on average for differ-
ent languages UD approach takes 7% time more on
the same machine. We expected UD approach to
have drastically higher timings, and we are pleased
to find that the increase in computing time is in-
significant. Still, the results in UD approach did
not pay off the time consumed.

5 Related Work

The identification of multi-word expressions
(MWEs) has evolved from purely statistical associ-
ation measures to complex neural architectures.

Statistical and Association Measures Tradi-
tional unsupervised methods rely on association
measures (AMs) such as PMI or log-likelihood
(Gries, 2018) to quantify lexical affinity. Ev-
ert (2005) provides a comprehensive foundational
framework for these measures, noting their effec-
tiveness for adjacent co-occurrences. However,
Pecina (2008) demonstrated that no single AM
is universal, suggesting that ranking performance
varies significantly depending on the MWE cate-
gory and language. While these methods are in-
terpretable and cross-linguistic, they often fail to
capture rare or syntactically flexible MWEs—a lim-
itation we aim to address using syntactic graphs.

Syntax-aware Identification The transition
from surface-based windows to syntactic adjacency
was extensively explored by Seretan (2011), who
argued that MWEs are primarily syntactic units and
should be extracted from parsed corpora. By lever-
aging the Universal Dependencies (UD) framework
(Nivre et al., 2016), researchers have sought to
create cross-linguistically consistent identification
pipelines. This is particularly relevant for shared
tasks like PARSEME (Savary et al., 2023; Ramisch
et al., 2018), where verbal MWEs often exhibit
long-distance dependencies and interleaving com-
ponents. To ensure high-quality syntactic input,
modern pipelines often rely on robust parsers such
as UDPipe 2.0 (Straka, 2018).

Neural and Hybrid Methods Contemporary re-
search heavily utilizes Transformer-based models
and contextual embeddings, such as Multilingual
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Lang Type 50 75 90 95 99

UK MWE-based 0.0103 0.0057 0.0041 0.0035 0.0033
Token-based 0.1279 0.1342 0.1376 0.1392 0.1406

EGY MWE-based 0.0018 0.0000 0.0000 0.0000 0.0000
Token-based 0.0986 0.0915 0.0911 0.0915 0.0919

EL MWE-based 0.0049 0.0045 0.0027 0.0017 0.0011
Token-based 0.0852 0.0903 0.0917 0.0915 0.0922

FA MWE-based 0.0519 0.0478 0.0471 0.0470 0.0467
Token-based 0.2571 0.2465 0.2433 0.2427 0.2419

FR MWE-based 0.0188 0.0160 0.0151 0.0148 0.0146
Token-based 0.2213 0.2207 0.2225 0.2229 0.2232

HE MWE-based 0.0047 0.0029 0.0025 0.0024 0.0024
Token-based 0.1196 0.1206 0.1217 0.1220 0.1223

JA MWE-based 0.0287 0.0287 0.0306 0.0314 0.0313
Token-based 0.2008 0.2017 0.2013 0.2007 0.1976

LV MWE-based 0.0056 0.0022 0.0012 0.0012 0.0011
Token-based 0.0627 0.0643 0.0696 0.0717 0.0731

NL MWE-based 0.0457 0.0539 0.0435 0.0437 0.0506
Token-based 0.2460 0.2624 0.2525 0.2566 0.2610

PL MWE-based 0.0045 0.0033 0.0031 0.0031 0.0031
Token-based 0.1200 0.1247 0.1277 0.1291 0.1305

PT MWE-based 0.0154 0.0092 0.0083 0.0083 0.0083
Token-based 0.0909 0.0876 0.0885 0.0890 0.0892

RO MWE-based 0.0051 0.0031 0.0029 0.0028 0.0028
Token-based 0.1490 0.1485 0.1490 0.1490 0.1490

SV MWE-based 0.0269 0.0166 0.0079 0.0054 0.0036
Token-based 0.1830 0.1806 0.1747 0.1724 0.1710

SR MWE-based 0.0371 0.0401 0.0383 0.0374 0.0372
Token-based 0.1534 0.1613 0.1656 0.1681 0.1711

KA MWE-based 0.0011 0.0008 0.0007 0.0007 0.0007
Token-based 0.0151 0.0128 0.0127 0.0128 0.0129

Table 2: F1 scores of the classical PMI approach (without UD) across different thresholds for MWE-based and
token-based evaluation.

BERT (Avram et al., 2023), to capture semantic and
contextual nuances. While these neural methods
achieve high performance, Taslimipoor and Roha-
nian (2019) noted that they come with significant
computational costs and a lack of interpretability
compared to traditional statistical approaches.

Rule and Lexicon-Based Approaches Other
paradigms include rule-based approaches
(Cordeiro et al., 2016), which provide high
precision for well-defined patterns but suffer from
low recall and require intensive manual effort.
Similarly, lexicon-based approaches (Mititelu
et al., 2024) ensure reliable detection of known
expressions by checking against idiom dictionaries,
though their coverage is naturally limited by the
dictionaries in use. Our work seeks a middle
ground, maintaining the lightweight nature of
PMI while introducing the linguistic awareness
provided by UD trees.

6 Limitations

The approach relies heavily on the accuracy of
dependency parsing. Parsing errors directly affect
PMI estimates.

7 Conclusion

We presented a simple syntax-aware PMI method
for MWE identification that leverages Universal

Dependency trees. By redefining co-occurrence in
terms of syntactic relations, our approach is meant
to capture non-adjacent and syntactically flexible
MWEs that surface-based methods miss. Despite
the idea, in practice no significant difference was
found.

In the future this work could be complemented
with mixture of other approaches, for example rat-
ing PMI score higher if MWE follows a rule from
rule-based approach or appears in a dictionary from
lexicon-based approach
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Abstract

Multiword expressions (MWEs), particu-
larly idioms, pose persistent challenges
for vision-language systems due to their
non-compositional semantics and culturally
grounded meanings. This paper presents
GLIMMER, a three-stage hybrid ranking sys-
tem that evaluates how well images express
the intended meaning of MWEs across 15 lan-
guages. Our approach uses LLM-generated
semantic glosses as multilingual meaning an-
chors, combined with dual-path embedding
scoring (textual captions and visual features),
and LLM-based semantic verification. Evalu-
ated on the ADMIRE shared task benchmark,
GLIMMER achieves competitive performance
across diverse languages without relying on
parallel training data or language-specific re-
sources. The results show that using glosses
to anchor meaning helps match idioms with
images across languages and modalities, and
that combining retrieval with reasoning is more
robust than using embeddings alone.

1 Introduction

Multiword expressions (MWEs), such as idioms,
convey meanings that cannot be derived compo-
sitionally from their constituent words. Although
large language models (LLMs) have shown im-
proved handling of idiomaticity in text-only set-
tings (Tayyar Madabushi et al., 2022; Tedeschi
et al., 2022; Tian et al., 2023), multimodal un-
derstanding of idioms remains an open challenge.
Vision-language models (VLMs) excel in literal
and compositional grounding, but often fail when
figurative meanings diverge from surface-level vi-
sual cues (Yuksekgonul et al., 2022; Akula et al.,
2023).

This work, introduces GLIMMER (GLoss-based
Image Multiword Meaning Expression Ranker), a
hybrid system developed for the ADMIRE shared
task (Arslan et al., 2026), which focuses on ranking

images according to how well they express the in-
tended (idiomatic or literal) meaning of an MWE in
context. GLIMMER is designed around the obser-
vation that idioms are meaning-level units, and that
explicit semantic representations can serve as sta-
ble anchors across modalities and languages. Our
key contributions are:

1. Gloss-based semantic anchoring using
LLM-generated contextual definitions as mul-
tilingual meaning pivots

2. Hybrid retrieval-reasoning architecture
combining embedding-based similarity with
LLM-based semantic verification

3. Dual-modality scoring using both image cap-
tions and raw visual features

GLIMMER was evaluated on the ADMIRE
shared task benchmark (Torunoğlu-Selamet et al.,
2026) and performs competitively in 15 typologi-
cally diverse languages without requiring parallel
data or task-specific training, highlighting the effec-
tiveness of gloss-centered multimodal reasoning.

The paper is structured as follows: Section 2 re-
views related work; Section 3 describes the method-
ology; Section 4 presents the experimental setup;
Section 5 reports the results and analysis; and Sec-
tions 6 and 7 discuss the limitations and conclu-
sions, respectively.

2 Related Work

The detection of multilingual idiomaticity has
emerged as a key challenge in NLP (Tayyar Mad-
abushi et al., 2022; Tedeschi et al., 2022). While
Transformer models encode idiomatic meanings
differently from literal phrases (Tian et al., 2023),
recent evaluations show that even LLMs strug-
gle without explicit semantic cues (Phelps et al.,
2024). In the visual domain, early vision–language
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models (Li et al., 2023a; Huang et al., 2023) ex-
cel at compositional tasks but often fail on figura-
tive grounding (Yuksekgonul et al., 2022; Akula
et al., 2023; Saakyan et al., 2025). However, recent
work demonstrates that textual explanations can
act as semantic bridges for non-literal matching
(Chakrabarty et al., 2023), motivating our gloss-
based design.

Our architecture adapts retrieval-augmented gen-
eration (Borgeaud et al., 2022; Izacard et al., 2023)
to the multimodal idiom domain. Hybrid pipelines
combining dense retrieval with neural reasoning
have proven effective for complex semantics (Ni
et al., 2025; Mao et al., 2021). To enable zero-
shot transfer, we leverage advances in multilingual
sentence embeddings (Muennighoff et al., 2023;
Li et al., 2023b; Duquenne, 2024). Finally, our
approach aligns with findings in multimodal chain-
of-thought reasoning (Achiam et al., 2023; Zhang
et al., 2023), utilizing LLM-generated glosses as
explicit semantic anchors to resolve ambiguity.

3 Methodology

3.1 Problem Formulation
Given a multiword expression e, con-
text sentence s indicating usage type
t ∈ {idiomatic, literal}, and a set of candi-
date images I = {(I1, c1), . . . , (In, cn)} where
Ii is an image and ci its caption, our goal is to
rank images by how well they express the intended
meaning of e in context s.

3.2 Three-Stage Pipeline
Stage 1: Gloss Generation We generate a con-
textual semantic gloss for each MWE using an
instruction-tuned LLM (OpenAI GPT-5.1):

Given the expression “{e}” used in: “{s}”
Is this idiomatic or literal usage?
Provide a concise gloss explaining the meaning.

The gloss g serves as a language-independent se-
mantic anchor, cached for efficiency. For unlabeled
test data, we infer usage type t via prompting. De-
spite potential generation noise, g provides a trans-
parent intermediate representation that enhances
downstream alignment.

Stage 2: Dual Embedding Scoring For each
candidate (Ii, ci), we compute two complementary
similarity scores:

Text Path: Using multi-
lingual sentence transformer

(paraphrase-multilingual-mpnet-base-v2)
(Reimers and Gurevych, 2020):

simtext(i) = cos(embed(ci), embed(g)) (1)

Vision Path: Using CLIP ViT-B-32 (Radford
et al., 2021):

simclip(i) = cos(CLIPimg(Ii),CLIPtext(g)) (2)

Combined embedding score:

scoreembed(i) = 0.6 · simtext(i) + 0.4 · simclip(i)
(3)

Stage 3: LLM Semantic Verification
Embedding-based similarity alone may con-
flate literal and idiomatic interpretations. We
therefore use an LLM (OpenAI GPT-5.1) to
perform fine-grained semantic verification, scor-
ing whether a caption describes an image that
expresses the gloss meaning:

Gloss: “{g}”
Caption: “{c_i}”
Does this caption match the gloss meaning?
Rate 0-100.

This yields scorellm(i) ∈ [0, 100]. Although
this step relies on a proprietary LLM, the prompts
are deterministic, and the gloss representations
reusable, mitigating variability. We normalize and
fuse the scores:

scorefinal(i) = 0.4·scoreembed(i)+0.6·scorellm(i)

100
(4)

The final ranking orders the images by descend-
ing scorefinal.

Figure 1 presents how a semantic gloss is gen-
erated to anchor the meaning (Stage 1), followed
by dual-path embedding scoring (Stage 2) and fine-
grained LLM verification (Stage 3).

3.3 Design Rationale

Why glosses? Glosses externalize meaning to
enable zero-shot cross-lingual transfer without par-
allel data. They provide explicit semantic context
for evaluation, serving as anchors for non-literal
matching as validated in recent visual metaphor
research (Chakrabarty et al., 2023).
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Figure 1: The GLIMMER architecture.

Why hybrid scoring? Fusion combines efficient
embedding-based retrieval with precise LLM veri-
fication to balance scalability and reasoning depth
(Ni et al., 2025). This approach mitigates the
tendency of embeddings to conflate literal and
idiomatic meanings while avoiding the computa-
tional costs of pure LLM scoring.

Why dual modality? Combining captions and
images improves ranking robustness. This ap-
proach compensates for captions that omit visual
cues and raw images that lack linguistic grounding,
yielding more reliable retrieval.

Weight tuning We set Text/CLIP weights (60/40)
to prioritize captions for abstract semantic clarity.
Conversely, Embed/LLM weights (40/60) favor
LLM verification to leverage nuanced reasoning
for figurative language. These parameters were em-
pirically validated via grid search on development
data.

4 Experimental Setup

4.1 Dataset
We evaluate on the ADMIRE shared task dataset
(Pickard et al., 2025), covering 15 languages:
Chinese (ZH), Georgian (KA), Greek (EL), Igbo
(IG), Kazakh (KK), Norwegian (NO), Portuguese-
Brazil (PT-BR), Portuguese-Portugal (PT-PT), Rus-
sian (RU), Serbian (SR), Slovak (SK), Slovenian
(SL), Spanish-Ecuador (ES-EC), Turkish (TR), and
Uzbek (UZ).

For each language, the dataset provides:

• Multiword expressions with context sentences

• Sets of 5 candidate images per expression

• Image captions in the target language

• Usage type labels (idiomatic/literal) for train-
ing only

The test set contains expressions without us-
age type labels, requiring automatic inference.
The evaluation metrics used are: Accuracy (Acc),
Spearman Correlation, and Normalized Discounted
Cumulative Gain (nDCG).

Metrics are computed per usage type (id-
iomatic/literal) and aggregated across languages.

4.2 Implementation
Our system is implemented in Python using Sen-
tenceTransformers and OpenAI libraries, with the
following configuration:

• LLM: OpenAI GPT-5.1 via Responses API
(temperature 0.7 for glosses, 0.0 for scoring)

• Sentence Encoder: paraphrase-multilingual-
mpnet-base-v2

• CLIP: OpenAI ViT-B-32 with default prepro-
cessing

• Weight Parameters: Text/CLIP α = 0.6,
Embedding/LLM α = 0.4

• Gloss Caching: Enabled to reduce API calls
(same expression → same gloss)
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• Text Normalization: Language-specific han-
dling (e.g., Uzbek apostrophe normalization)

The code is available at https://github.com/
harapalb66/GLimmer.

5 Results and Analysis

5.1 Results

Table 1 shows aggregate results across all 15 lan-
guages. GLIMMER achieves 50.2% overall accu-
racy with strong ranking quality (nDCG: 0.804),
placing fourth in the ADMIRE shared task compe-
tition (Pickard et al., 2025). Performance is higher
for literal expressions (54.4%) than for idiomatic
ones (46.3%), which is expected given that literal
meanings are more directly grounded in visual evi-
dence.

System Acc ↑ ρ ↑ nDCG ↑
Shared Task Winner
ITUNLP 0.600 — 0.850

GLIMMER (Our System)
Overall 0.502 0.191 0.804

Idiomatic 0.463 0.187 0.778
Literal 0.544 0.194 0.835

Table 1: Aggregate results across 15 languages com-
pared to the shared task winner.

Table 2 shows per-language performance.
Portuguese-Brazil (66.7%), Russian (62.9%), and
Slovenian (58.8%) achieve the highest accuracy,
while Spanish-Ecuador (33.3%) and Igbo (37.4%)
are most challenging.

Language Acc ρ nDCG

Chinese 0.436 0.131 0.769
Georgian 0.496 0.135 0.791
Greek 0.543 0.310 0.831
Igbo 0.374 0.032 0.740
Kazakh 0.506 0.292 0.815
Norwegian 0.510 0.161 0.804
PT-BR 0.667 0.261 0.876
PT-PT 0.545 0.197 0.828
Russian 0.629 0.309 0.851
Serbian 0.479 0.161 0.784
Slovak 0.510 0.216 0.815
Slovenian 0.588 0.227 0.839
ES-EC 0.333 0.029 0.745
Turkish 0.484 0.118 0.800
Uzbek 0.425 0.289 0.774

Table 2: Per-language overall results. Best accuracy in
bold.

5.2 Ablation Study
To assess the contribution of each component, we
evaluate three variants on development data:

1. Embed-only: score = scoreembed (no LLM
verification)

2. Text-only: scoreembed = simtext (no CLIP)

3. LLM-only: Direct image-expression match-
ing without gloss (no embeddings)

The following trends are observed across lan-
guages:

• CLIP vision path improves performance on
visually distinctive cases

• LLM verification corrects embedding errors
in subtle semantic distinctions

• Gloss-based grounding outperforms direct
matching

Hyperparameter Tuning To determine the opti-
mal fusion weights, we evaluated multiple configu-
rations on development data. We found that assign-
ing higher importance to textual captions (α = 0.6)
over visual features provided better semantic dis-
crimination for abstract concepts. Similarly, prior-
itizing the LLM verification score (β = 0.6) over
embedding similarity yielded the highest correla-
tion across languages, as the reasoning capabilities
of the LLM were crucial for correcting misalign-
ments where embeddings conflated literal and id-
iomatic meanings.

5.3 Cross-Lingual Performance
We analyze performance across language families:

• Romance (PT-BR, PT-PT, ES-EC): Wide vari-
ance (33.3%-66.7%). Portuguese variants ex-
cel while Spanish-Ecuador struggles, possibly
due to regional expression variations.

• Slavic (RU, SR, SK, SL): Strong overall
(47.9%-62.9%), with Russian achieving the
second-best accuracy. High Spearman corre-
lations suggest good ranking quality.

• Turkic (KK, TR, UZ): Mixed results (42.5%-
50.6%). Despite lower accuracy, Kazakh and
Uzbek show surprisingly high correlations
(0.289-0.292), indicating good relative rank-
ing.
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• Other (ZH, KA, EL, IG, NO): Greek per-
forms exceptionally well (ρ=0.310, highest
correlation), while Igbo is most challenging
(37.4%), likely due to sparse representation in
LLM pretraining corpora and culturally spe-
cific expressions with limited web image cov-
erage.

The high nDCG scores (>0.74 across all lan-
guages), as computed via the official Codabench
evaluation, demonstrate that GLIMMER produces
reasonable rankings even when top-1 accuracy is
modest, a valuable property for retrieval applica-
tions.

5.4 Error analysis
We examine a representative failure involving the
Chinese compound黑箱 (“black box”):

缺乏严格的程序性审查，导致很多加分通过
黑箱操作等不正当的手段来获取。

“Lack of procedural review leads to bonus points
obtained through black box operations and other
improper means.”

Despite explicit corruption markers (不正当的手
段, “improper means”), our system ranked images
as shown in Table 3.

Table 3: Ranking failure for idiomatic

Image System Expected

Circuit cube 1st –
Businessmen 5th 1st

Root cause: The LLM-generated gloss (“opaque
operations”) captured abstract semantics but
missed pragmatic entailments: human agency, insti-
tutional corruption, illicit gain. This caused embed-
dings to prefer visually complex objects (circuits)
over contextually appropriate scenes (businesspeo-
ple).

The businessmen image shows no lexical overlap
with “opaque operations,” yielding low text sim-
ilarity and low CLIP similarity. Although LLM
scoring (60% weight) recognized contextual fit,
embedding scores (40%) had already created an
insurmountable gap.

6 Limitations and Broader Impact

6.1 Limitations
Our approach depends on LLM-based gloss gen-
eration and verification. While gloss caching im-
proves efficiency, future work will explore distill-
ing gloss generation into smaller or open models.

Additionally, gloss quality may vary for culturally
specific idioms, and errors at this stage can prop-
agate through the pipeline. Incorporating explicit
uncertainty quantification mechanisms could im-
prove system transparency and reliability (Ni et al.,
2025). The dual-modality architecture requires
both captions and images, limiting applicability
to caption-free scenarios.

6.2 Broader Impact
Improved idiom grounding benefits multilingual
retrieval, education, and cross-cultural communi-
cation tools. However, biases present in web im-
agery or LLM training data may influence rank-
ings, particularly for under-resourced languages.
Our system reflects patterns learned from existing
data, which may not capture the full diversity of
idiomatic usage across cultures.

7 Conclusion

We presented GLIMMER, a hybrid system for rank-
ing images by multiword expression fit across 15
languages. Our gloss-based architecture provides
a stable semantic anchor enabling cross-lingual
transfer, while hybrid retrieval-reasoning scoring
balances efficiency and semantic precision. Key
findings indicate that i) gloss-based representations
enable multilingual transfer without parallel data,
ii) hybrid retrieval-reasoning architectures outper-
form embedding-only approaches, and iii) the inte-
gration of textual and visual modalities improves
robustness to caption quality.

GLIMMER achieves 50.2% overall accuracy
with strong ranking quality (nDCG: 0.804) across
15 typologically diverse languages, demonstrating
that explicit semantic anchoring is an effective strat-
egy for multimodal idiom understanding.
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Torunoğlu-Selamet, Thomas Pickard, Aline Villavi-
cencio, Adriana S. Pagano, and Gülşen Eryiğit. 2026.
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Abstract

We present IPN, our system for Subtask 1 of the
PARSEME 2.0 Shared Task, which targets the
identification of MWEs in 17 languages. Over-
all, IPN outperformed a much larger-parameter
baseline model, yet a performance gap to the
top-performing systems remains. To better un-
derstand these results, we investigate QWEN3-
32B’s suitability for mono-, cross- and multi-
lingual MWE identification. We also explore
whether this model benefits from prepending
automatically generated thinking data to the
gold label during instruction-tuning. We find
that target language data is vital for instruction-
tuning. Prepending generated thinking data to
a subset of the training data slightly improves
performance for two out of three languages, but
more detailed evaluation is required.

1 Introduction

This paper describes IPN, our system for Subtask 1
in the PARSEME 2.0 Shared Task (Scholivet et al.,
2026), focusing on the identification of multiword
expressions (MWEs) in 17 languages. An MWE
is a combination of at least two lexemes that ex-
hibits varying degrees of idiosyncrasy at least one
linguistic level. Representative examples are to
pay a visit (verbal MWE), larger than life (adjec-
tival/adverbial), hot dog (nominal), or every other
(as in every other day, functional).

In our system, we build upon recent develop-
ments in MWE detection by Ide et al. (2025) and
use an open-weight model from the QWEN3 family
(Qwen Team, 2025). We aim to maximize lexi-
cal diversity by sampling as many different MWE
types as possible, and try to automatically enhance
our training data to support the model’s thinking
process. For instruction-tuning, we use training
data from multiple languages.

In this report, we describe our data preprocess-
ing in Section 3 and our model in Section 4. We
evaluate our experimental choices in Section 5 by

addressing (1) the influence of the usage of syn-
thetic thinking data for instruction-tuning and (2)
the influence of the language(s) used for instruction-
tuning on model performance. We do this by com-
paring four training data conditions: target lan-
guage data, data only from languages related to
the target language, data only from unrelated lan-
guages, and target data plus data from related lan-
guages.1

2 Background & Related Work

Instruction-Tuning. Savary et al. (2019) observe
that unseen MWEs constitute the main source of
errors and thus argue that MWE identification can
be enhanced by large-coverage MWE lexicons. In
a similar vein, Überrück-Fries et al. (2024) train
a rule-based system that exploits MWEs extracted
from a large online lexicon, and Tanner and Hoff-
man (2023) leverage encodings of WordNet sense
definitions (Miller, 1994) in a BERT-based word-
sense-disambiguation approach adapted to English
MWE identification. However, Ide et al. (2025) out-
perform the system by Tanner and Hoffman (2023)
by instruction-tuning QWEN2 on as little as 780
English training sentences. We examine whether
QWEN is also effective for non-English languages.

Relatedness. Phylogenetic relatedness and ge-
ographical or cultural proximity are known to
promote the sharing of MWEs across languages
(Gluski, 1971; Strauss, 1994; Colson, 2008; Perepa-
dia and Malakhova, 2023), although many expres-
sions transcend these boundaries (Piirainen, 2012).
This suggests potential for cross-lingual transfer.
Swaminathan and Cook (2023) fine-tune BERT-
based models on English and Portuguese and eval-
uate on Galician data from SemEval-2022 (Tay-
yar Madabushi et al., 2022). They find that fine-
tuning on English does not surpass a majority-class

1The source code is available at https://github.com/
AnHu2410/PARSEME_2_ipn.
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baseline, whereas fine-tuning on Portuguese – an
Ibero-Romance language like Galician – does. Mo-
tivated by these findings, we examine how the re-
latedness of instruction-tuning data to the target
language affects QWEN3’s performance.

Thinking. Wang et al. (2025b) elicit critique
from a teacher model for math problem solving
and use this critique to fine-tune a student model,
thereby improving its mathematical reasoning be-
yond standard SFT. Zhang et al. (2025) elicit expla-
nations of why prompts are adversarial or benign
and use these explanations to fine-tune a second
model, achieving better adversarial-prompt classifi-
cation. Similarly, we generate rule-based “thinking”
data and use them to enhance MWE identification
via instruction-tuning.

3 Data

To perform instruction-tuning efficiently while pre-
serving as much coverage as possible, we apply
the following filtering steps to reduce the size of
the PARSEME 2.0 Shared Task training data: First,
we collect all MWE types as sets of their lemmas.
Then, for each MWE type we select one training
sentence that contains it, while allowing a single
sentence to serve as the representative example for
multiple MWE types. This way, we sample all
MWE types that occur in the training data at least
once. Some occur more than once, if they happen
to appear in sentences that were actually sampled
for a different MWE. Additionally, we add up to 20
sentences that do not contain an MWE. The type-
token ratio in the training datasets as well as the
number of sentences that resulted from our filtering
step is shown in Table 1. As for some languages
there are substantially fewer sentences than for oth-
ers, we decided to use the entire training data for
languages where the filtering resulted in less than
400 sentences (EGY, EL, NL, PT).

4 Model

Ide et al. (2025) have demonstrated the effec-
tiveness of instruction-tuning QWEN-2.5-72B-
INSTRUCT for English MWE identification. We
build on and extend their work by resorting to the
more recent QWEN3 family, which covers 119 lan-
guages and dialects (Qwen Team, 2025; it is not
mentioned which ones exactly). More precisely,
we select QWEN3-32B, because in preliminary ex-
periments this dense variant performed best under
our computational constraints (one NVIDIA H100

Language Tokens Types Sentences

EGY 117 66 79 (431)
EL 670 417 355 (1380)
FA 4415 1939 1010
FR 4604 2042 1230
HE 12286 4327 3480
JA 2664 1626 854
KA 1517 432 433
LV 2436 770 698
NL 95 88 75 (90)
PL 11946 3219 2915
PT 167 134 128 (421)
RO 57609 3263 2624
SL 5481 2027 1730
SR 8094 3457 2621
SV 2876 1118 957
UK 4929 2428 2021

Table 1: Number of MWE tokens, MWE types and num-
ber of sentences after filtering PARSEME 2.0 training
data per language. For very small datasets, we used the
entire training data (numbers of sentences in brackets).
Included in Sentences are the sentences we added that
did not contain MWEs.

with 18432 CUDA cores, 80GB GPU memory and
2.0TB/s memory bandwidth).

4.1 Model Input

Model input consists of the prompt in combina-
tion with one of the sentences from the filtered
training data (see Table 1). The prompt is adapted
from Ide et al. (2025), and consists of the follow-
ing building blocks: a definition of what MWEs
are, a congruency pointer instructing the model to
make use of congruent MWEs (i.e. MWEs whose
lexemes are one-to-one literal translations across
two languages), and a format pointer. Each one
of these blocks includes a reference example to
guide the model (see complete prompt in Appendix
A.1). The definition block differs slightly from the
prompt from Ide et al. (2025). In particular, we re-
moved the sentence “In other words, a semantically
idiomatic [MWE] takes on a meaning that is unique
to that combination of words”, because we consider
uniqueness of meaning to be a general property of
lexical items and regard strict synonymy as rare.
As the original prompt from Ide et al. (2025) was
intended for MWE identification in English, we
added the congruency pointer to exploit the poten-
tial of cross-lingually congruent MWEs. Finally,
we opted for a lexeme-index format, e.g. “to and
fro; 7,8,9 | break up; 12, 13”. We deemed this to be
more token-efficient than the format employed by
Ide et al. (2025). The prompt-sentence combina-
tion was used as input for both instruction-tuning
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Figure 1: Overview over instruction-tuning procedure.

and inference.

4.2 Gold Thinking Content and Answer
Since QWEN3-32B supports thinking mode, we
sought to exploit – or at least preserve – it’s think-
ing capabilities by providing thinking content in
the gold data used for instruction-tuning. To avoid
the very time-consuming manual creation of think-
ing data, we employed a rule-based procedure to
generate gold thinking content for each sentence
in the filtered training data. We based this proce-
dure on the thinking data that the model produced
correctly without instruction-tuning (see Table 6 in
Appendix A.2). Here, we identified the following
Elements: 1) parsing of the sentence, 2) repetition
of the MWE definition provided in the prompt, 3)
discussion of potential MWE expressions, 4) repe-
tition of the indices, and 5) declaration of the final
answer.

Then, we mimicked the thinking of the non-
instruction-tuned model for any given sentence in
the training data: As a first step, we repeated the
words and their indices from the gold data. In do-
ing so, we combined the parsing of the sentence
and the repetition of the indices (see Element 1
and 4). Secondly, we repeated the MWE definition
from the prompt (see Element 2). As a third step,
we discussed each MWE. To do this, we used a
dictionary that we had constructed from all MWE
categories occurring in the training data across all
languages. For each category (e.g. AdvID), the dic-
tionary stores a short paraphrase derived from the
broad definitions in the PARSEME guidelines2. Ex-
amples of these paraphrases are given in Appendix
A.5, Table 8. For each sentence, we retrieved the
MWE category from the gold standard and, instead
of providing a free-form explanation of why the
expression is an MWE, we concatenated the lem-
mas of the MWE with the stored paraphrase of its

2Version 2.0: https://PARSEMEfr.lis-lab.fr/
PARSEME-st-guidelines/2.0/ , accessed 20.11.2025

category. After discussing all MWEs in the sen-
tence we added the declaration of the final answer
(Element 5). The complete thinking content was
prepended to the gold answer, using QWEN3’s for-
matting with thinking tags (<think> and </think>).
For an example, see Appendix A.2.

This approach shows four main differences com-
pared to the original thinking that would likely
be avoided under manual annotation but arise in
our automatic generation setup: Firstly, instead of
mentioning which specific lexemes are e.g. non-
compositional, the generated thinking mentions
parts of speech such as “the verb is used non-
compositionally”. Secondly, our thinking does not
explicitly refer to congruent MWEs; instead it gives
examples of English MWEs of the same category
from the PARSEME guidelines. These two differ-
ences could be optimized in a more elaborate setup.
Thirdly, we do not discuss why certain words are
not an MWE. As recall is often a problem with
MWE identification (Ide et al., 2025), we deemed
this acceptable. Fourthly, we did not include think-
ing tokens such as “Wait” as well as thought steps
that are not needed for reaching the correct con-
clusion, as it was shown that these do not improve
performance (Wang et al., 2025a; Li et al., 2025).

4.3 Instruction-tuning and Inference

Instruction tuning is a form of fine-tuning where,
instead of optimizing on input–output pairs, one
optimizes on instruction–input–output triples, so
the model learns to respond to instructions rather
than just map inputs to outputs. Figure 1 sum-
marizes this triple – instruction (prompt), input
(training data), and output (gold answer) – as used
in our experiments and as described in the pre-
ceding sections. We instruction-tuned QWEN3-
32B using LoRA adapters under 4-bit quantization.
With the Unsloth library (Daniel Han and Unsloth
Team, 2023), processing 100 sentences took ap-
proximately 3 minutes for the non-thinking and
4 minutes for the thinking variant. For VRAM-
efficient inference, we used an 8-bit quantized ver-
sion of QWEN3-32B. Inference for 100 sentences
took approximately 30 minutes for the thinking
variant and 3 minutes for the non-thinking variant.
Inference with the non-instruction-tuned model
took about 40 minutes for 100 sentences. Hyperpa-
rameters are shown in Appendix A.3.
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4.4 Postprocessing Model Output

During inference, the model mostly followed the
format that we asked for in the prompt. However, in
some cases, it made slight changes, such as adding
newlines to its prediction. Also, in rare cases, the
thinking exceeded our token limit, and thus no
prediction was generated. Therefore, we deleted
noise such as line breaks and replaced all unfin-
ished thinking by None. As the indices were not
always correct, we align each predicted item to the
original CUPT file as follows: If the lexeme occurs
only once, we directly tag this lexeme in the input
cupt file. If it occurs multiple times, we select the
index closest to the predicted one. The resulting
indices are used to map the predicted MWEs to
lexemes in the CUPT file.

5 Experiments and Results

For our PARSEME 2.0 submission, we used the
thinking variant for all languages except those with
the largest blind test sets (KA and LV), for which
we employed the non-thinking variant to maintain
feasible inference times. Moreover, for languages
belonging to the same branch of a language fam-
ily, we jointly trained a single model on all its
languages (Germanic, Slavic, Romance); for all
other languages we trained one model per language.
In order to validate these methods, we performed
two experiments: Firstly, we investigated whether
instruction-tuning the model with automatically
generated thinking content in addition to the gold
answer boosts performance. Secondly, we explored
how MWE identification performance on a target
language varies when training on target-language
data only, on same-branch data, on data from unre-
lated languages, and on target+branch data.

Influence of Generated Thinking: For gauging
the influence of thinking content on our model’s
performance, we instruction-tune three models. For
the first one, the gold answer consists only of the
tokens annotated as being part of an MWE in the
training data plus their indices (non-thinking vari-
ant). For the second one this gold answer was
appended to automatically generated thinking con-
tent (thinking variant, see Section 4.2). For the
third one, 20% of the gold answers were presented
in the thinking and 80% in the non-thinking vari-
ant (20/80-variant), in an attempt to mitigate po-
tential overfitting to the wording of the thinking
content. As test languages, we selected Romanian,
Slovene, and Swedish because they represent differ-

ent branches of the Indo-European language family
(Romance, Slavic, and Germanic branch). Again,
we jointly instruction-tuned a single model for all
languages of each branch.

Evaluation was carried out on the PARSEME 2.0
dev sets, where the dev set for Romanian was cut
to 2,500 sentences to maintain feasible inference
times. To account for variability in model outputs
arising from hardware differences and from the use
of a non-zero temperature (required for optimal
thinking), we trained two models with different
random seeds and report the mean and standard
deviation (SD) across inference runs (see Table 2).
For Romanian, the non-thinking variant shows the
best performance, while for Slovene and Swedish
the 20/80-variant shows the best performance. The
second best performance differs across languages,
suggesting that the relative effectiveness of think-
ing varies in a language-specific manner. A limited
amount of generated thinking appears beneficial
for this task, whereas fully thinking-augmented
instruction-tuning does not outperform either the
non-thinking or the 20/80 configuration. Since
these experiments were conducted after the Shared
Task, the official results could, in principle, be
improved by using either the 20/80 or the non-
thinking variant.

thinking 20/80 non-thinking

RO 30.3 (± 0.9) 32.95 (± 0.85) 35.8 (±0.3)
SL 23.0 (± 2.3) 25.6 (± 1.0) 19.1 (±2.1)
SV 22.9 (± 1.0) 24.7 (± 1.65) 24.4 (±0.5)

Table 2: Mean MWE-based F1 scores (± SD) for think-
ing, non-thinking and a mixed training regime per lan-
guage (Romanian, Slovene, and Swedish).

Influence of Relatedness: We next examined
how performance on a target language degrades
when instruction-tuning is performed only on
target-language data, which in our exemplary cases
is Romanian and Slovene (target), on data from
other languages in the respective language family
branch (Romance, Slavic; branch), on data from
unrelated languages (unrelated), and on data from
the target language plus data from the same branch
(target+), with evaluation always on the target lan-
guage.3 For the first three scenarios, we instruction-
tuned on 1500 sentences that we randomly selected

3We did not consider the Germanic branch as PARSEME
2.0 only covers Swedish and Dutch, with Dutch including only
90 training and 10 dev sentences. This renders a meaningful
comparison with other language families impossible. For all
other targets, there was only a single language per branch.
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RO SL

train precision recall F1 precision recall F1

target 20.6 (±0.3) 41.2 (±0.7) 27.4 (±0.1) 12.7 (±1.9) 34.5 (±6.3) 18.6 (±2.9)
branch 13.1 (±0.5) 22.6 (±0.3) 16.6 (±0.5) 7.7 (±0.6) 26.4 (±1.3) 11.9 (±0.9)
unrelated 11.1 (±0.3) 20.4 (±0.6) 14.4 (±0.4) 8.0 (±0.1) 22.3 (±4.3) 11.7 (±0.5)
target+ 24.5 (±1.6) 40.2 (±2.9) 30.4 (±0.4) 12.6 (±0.1) 34.4 (±4.3) 18.4 (±1.2)
none 32.6 (±0.0) 22.1 (±0.0) 26.3 (±0.0) 15.8 (±0.0) 19.1 (±0.0) 17.3 (±0.0)

Table 3: Mean MWE-based precision, recall, and F1 (± standard deviation) for Romanian (RO) and Slovene (SL)
under different instruction-tuning data conditions.

from our filtered datasets (see Table 1). For tar-
get+, we combined 1500 sentences from target
and 1500 from branch. The exact numbers for
each scenario are found in Appendix A.4. We per-
form these experiments in the non-thinking vari-
ant, as inference times are reduced and thinking
does not seem to introduce an unmitigated ben-
efit. Again, we train two models with different
random seeds and report mean and SD, and eval-
uate on the PARSEME 2.0 dev set (we reduce the
Romanian dev set to 2,500 sentences). In addi-
tion, we report the scores of the non-instruction-
tuned model (none; we ran the same model twice,
which resulted in the same scores). The results are
shown in Table 3. Instruction-tuning on target- plus
branch-language data yields the best F1 for Roma-
nian and the second-highest F1 for Slovene; only
0.2 points below the target model. Given the rel-
atively large standard deviations, the two Slovene
results are likely not meaningfully different. These
findings corroborate the method employed for the
Shared Task. The worst performance is seen when
instruction-tuning on unrelated languages, as ex-
pected. Instruction-tuning on non-target language
data shows a worse performance than using the
untuned model, which highlights the necessity of
target language data for instruction-tuning.

5.1 Results in the Overall PARSEME 2.0
Context

In the official PARSEME 2.0 ranking, IPN ranked
third overall with an MWE-based mean F1-score
of 28.4 across all 17 languages tested in the blind
scenario. However, this score is clearly below the
scores obtained by the two top-performing systems
(MTLB-STRUCT: F1=48.4; Sahara-Tokenizers:
F1=57.3). Except for Egyptian, Ancient Greek,
Georgian, and Latvian, IPN outperforms the GPT-
OSS-120B baseline in MWE-based F1 for all lan-
guages. This suggests that, in medium- to high-
resource settings, instruction-tuning reverses the

performance gap between the 32B and 120B mod-
els for this task. The four underperforming lan-
guages are used by 0.1% or less of the websites as
content language, which shows that even though
the QWEN3 family covers 119 languages and di-
alects, low-resource languages still pose a prob-
lem.4 Our model is marked by a high recall, which
is often competitive with the top-performing mod-
els (e.g. in the mean global token-based setting, re-
call is less than one point below the top-performing
system), but also by low precision. The high re-
call is induced by instruction-tuning: as Table 3
shows, recall consistently improves when perform-
ing instruction-tuning (the only exception being
RO, where recall decreases when instruction-tuning
on unrelated languages), while precision declines.

6 Conclusion

We draw two main conclusions from our experi-
ments. First, prepending generated thinking to the
gold answer appears helpful for two out of three
languages, and only when applied to a subset of
training instances, rather than uniformly to all ex-
amples. At the same time, the thinking variant
requires roughly an order of magnitude more infer-
ence time than the non-thinking model, yielding a
poor cost–benefit ratio. Future work should evalu-
ate the thinking variant more deeply, e.g. by investi-
gating different settings (80/20, 50/50), and by con-
ducting ablation studies to test whether removing
specific components of the thinking data improves
performance. Second, only instruction-tuning on
data containing target-language data (target or tar-
get+) reliably outperforms the untuned baseline,
underscoring the importance of in-language super-
vision for MWE identification with QWEN3. For
most languages, IPN outperformed a much larger-
parameter baseline model, yet a substantial perfor-
mance gap to the top-performing systems remains.

4https://w3techs.com/technologies/overview/
content_language; date of access: February 2, 2026.
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Limitations

With QWEN3 being an open-weight but not an
open-source model, code and pretraining data can-
not be accessed. This means that we do not know
whether the data was obtained in an ethically re-
sponsible way. Also, potential biases in the model
cannot easily be detected and remedied.
In both the Shared Task and our subsequent ex-
periments, the system prompt was included in the
user prompt rather than being provided in a dedi-
cated system role; this was discovered only after
the Shared Task, so our reported results may under-
estimate the performance of a correct system–user
prompt configuration.
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A Appendix

A.1 Prompt

Table 4 shows the complete prompt used in our ex-
periments. Appended to the prompt is an example
sentence from the training data.

A.2 Example for Original and Generated
Thinking

Table 5 shows a complete example of the gold an-
swer used for instruction-tuning in our thinking-
variant, which consists of the automatically gener-
ated thinking and the solution. For the non-thinking
variant, only the solution was shown to the model
during instruction-tuning, and for the 20/80-variant,
20% of all instances were presentend with and 80%
without the automatically generated thinking con-
tent.

Table 6 presents the original thinking for the
sentence from Tables 4 and 5 of the pretrained,
but non-instruction-tuned model. The following
elements are found in both the original and the gen-
erated thinking: 1) parsing of the sentence and/or
repetition of the indices ⃝ , 2) repetition of the
MWE definition provided in the prompt △, 3) dis-
cussion of potential MWE expressions □, and 4)
declaration of the final answer ⊞.

A.3 Hyperparameters

LoRA adapters were applied with rank r=16, α=32,
and dropout set to 0. Inference was then carried
out with the default hyperparameters (Qwen Team,
2025) for thinking mode (temperature: 0.6, top-p
value: 0.95), and for non-thinking mode (temper-
ature: 0.7, top-p value: 0.8, presence penalty:1.5),

each with a top-k value of 20 and a maximum of
5000 tokens using VLLM (Kwon et al., 2023).

A.4 Relatedness: Numbers of Training
Sentences

Instruction-tuning was conducted under four data
conditions, with the first three of them comprising
1500 sentences and the last one comprising 3000
sentences. The sources and compositions of the
training data are summarized in Table 7.

A.5 MWE Description Dictionary
Table 8 shows three examples of MWE categories,
how they are described in the PARSEME anno-
tation guidelines (https://PARSEMEfr.lis-lab.
fr/PARSEME-st-guidelines/2.0, date of access:
November 20th, 2025), and how they were trans-
formed into paraphrases. The paraphrases were
used as building blocks for the thinking content,
more precisely for the discussion of potential MWE
expressions (see □ in Table 5).
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definition You are a helpful system for identifying multiple-word expressions (MWEs). Identify all MWEs in the given
sentence, and output their surface forms. Each sentence is a string of words delimited by”. An MWE is defined
as a sequence that satisfies the following three conditions. 1. It consists of multiple words that are always realized
by the same lexemes. The individual lexemes cannot be replaced by synonyms without distorting the meaning
of the expression as a whole or violating language conventions. 2. It displays semantic, lexical, or syntactic
idiomaticity. Semantic idiomaticity occurs when the meaning of an expression cannot be explicitly derived from
its components. Lexical idiomaticity occurs when one or more components of an expression are not used as
stand-alone words in standard English. Syntactic idiomaticity occurs when the grammar of an expression cannot
be derived directly from that of its components. For example, semantically idiomatic MWEs include ’break up’,
the lexically idiomatic include ’to and fro’, and syntactically idiomatic MWEs include ’long time no see’. 3. It is
not a multi-word named entity, i.e., a specific name of a person, facility, etc.

congruency pointer Remember that you can identify congruent MWEs across different languages. For example, you can identify
the Romanian MWE ’pur s, i simplu’ because you know the English MWE ’pure and simple’. Similarly, the
Portuguese MWE ’ter lugar’ is easy to identify because of the English MWE ’take place’. And the French MWE
’feu de circulation’ is easy to identify, because it is almost congruent to the English MWE ’traffic lights’.

format pointer Respond by providing all tokens of the MWE, and their indices. If no MWE occurs, output ’None’. If there are
multiple MWEs, separate them by |, for example ’to and fro; 7,8,9 | break up; 12, 13’. Sentence: Macron planeja
implementar a reforma por meio de decreto presidencial, o que significa que vai saltar os legisladores.

Table 4: Prompt used in our experiments with example sentence from Portuguese training data. The English
translation of the sentence is: “Macron plans to implement the reform by means of a presidential decree, which
means he will bypass lawmakers.”

thinking <think> ⃝ Okay, let’s tackle this query. The user wants me to identify all multiple-word expressions (MWEs) in
the given sentence. The sentence is split into words by newlines, so first I need to parse each line as a token.
Let me list them out with their indices to keep track. The words are: 1 Macron 2 planeja 3 implementar 4 a 5
reforma 6 por 7 meio 8 de 9 decreto 10 presidencial 11 , 12 o 13 que 14 significa 15 que 16 vai 17 saltar 18 os
19 legisladores 20 . △ Now we apply the MWE criteria. The first condition is that the expression consists of
multiple words that are always realized by the same lexemes. The individual lexemes cannot be replaced by
synonyms without distorting the meaning of the expression as a whole or violating language conventions. The
second condition is that it displays semantic, lexical, or syntactic idiomaticity. Semantic idiomaticity occurs
when the meaning of an expression cannot be explicitly derived from its components. Lexical idiomaticity
occurs when one or more components of an expression are not used as stand-alone words in standard English.
Syntactic idiomaticity occurs when the grammar of an expression cannot be derived directly from that of its
components. For example, semantically idiomatic MWEs include ’break up’, the lexically idiomatic include ’to
and fro’, and syntactically idiomatic MWEs include ’long time no see’. The third condition is that it is not a
multi-word named entity. □ Looking at the words, let’s check for possible MWEs. por meio de is a multiword
expression. More precisely, it is a conjunction idiom or ConjID. It is comparable to the English ConjID "in that"
in the following sentence: "she was fortunate in that she had friends to help her". The words cannot be realized
by synonymous lexemes without altering the meaning of the construction as a whole, which satisfies condition 1.
The given expression fulfills condition 2, as the expression displays syntactic idiomaticity. Also, the meaning of
the expression is non-compositional. The expression is a conjunction and therefore does not refer to a person or
place, so it also meets condition 3. ⊞ After considering all possibilities, my final answer is: por meio de; 6,7,8
</think>

solution por meio de; 6,7,8

Table 5: Example for automatically generated thinking data for the sentence shown and translated in Table 4, and
the gold solution.
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original
thinking <think> ⃝ Okay, let’s tackle this query. The user wants me to identify all MWEs in the given sentence. The

sentence is in Portuguese, and the example mentions that MWEs can be identified across languages if they are
congruent with English ones.
First, I need to parse the sentence. The words are: Macron, planeja, implementar, a, reforma, por, meio, de,
decreto, presidencial, , , o, que, significa, que, vai, saltar, os, legisladores, . Looking at each word, I need to
check if any sequences meet the three conditions of MWEs.
△ Let’s go through the conditions again.
Condition 1: The MWE must consist of multiple words that are always realized by the same lexemes. They can’t
be replaced by synonyms without changing the meaning or violating conventions.
Condition 2: It has semantic, lexical, or syntactic idiomaticity. Semantic idioms can’t be derived from their
components. Lexical idioms have components not used as standalone words. Syntactic idioms have grammar not
derived from components.
Condition 3: Not a named entity.
□ Now, checking the Portuguese words. Let’s see if any phrases are known MWEs. For example, "por meio de"
is a common phrase in Portuguese, meaning "by means of." In English, it’s "by means of" or "through," so that’s
a congruent MWE. Let’s check if "por meio de" is a fixed expression. Yes, it’s a prepositional phrase that’s used
as a single unit. The individual words "por" and "meio" can be standalone, but together they form an MWE.
However, does it have semantic idiomaticity? The meaning of "por meio de" is "by means of," which is the same
as the literal translation. So maybe not semantic idiomaticity. But syntactically, maybe? Wait, the structure "por
meio de" is a fixed prepositional phrase. In Portuguese, it’s a common collocation, so it might be considered an
MWE. However, the user’s example for English includes "take place" as a syntactically idiomatic MWE. But in
this case, "por meio de" is a standard prepositional phrase. Hmm.
Another possible MWE is "saltar os legisladores." Wait, "saltar" can mean "to jump over" or "to skip." But "saltar
os legisladores" might be a specific expression. However, I’m not sure if that’s a standard MWE. Alternatively,
"vai saltar os legisladores" – does that mean skipping the legislators? Not sure. Maybe not a standard MWE.
What about "decreto presidencial"? That’s a noun phrase meaning "presidential decree." Each word is standard,
so probably not an MWE.
Looking for other possibilities. "por meio de" is a common phrase, but I’m not sure if it’s an MWE here. The
user’s example for "take place" is a syntactically idiomatic MWE. But "por meio de" is a standard prepositional
phrase, so maybe not. Alternatively, maybe "por meio de" is considered an MWE because it’s a fixed collocation.
But I need to check if the components can be replaced by synonyms. If you say "por meio de" vs. "por meio de"
– replacing with synonyms might not be possible without changing meaning. However, in Portuguese, "por meio
de" is a fixed expression, so maybe it’s an MWE.
Another possibility is "o que significa que" – but that’s a common structure, not an MWE. "O que significa que"
is like "which means that" in English. But it’s a standard grammatical structure, not an idiom.
⃝ So, the only possible MWE here might be "por meio de" (indices 6,7,8). Let me check the indices again. The
words are: 1: Macron 2: planeja 3: implementar 4: a 5: reforma 6: por 7: meio 8: de 9: decreto 10: presidencial
11: , 12: o 13: que 14: significa 15: que 16: vai 17: saltar 18: os 19: legisladores 20: .
So "por meio de" is at positions 6,7,8. If that’s an MWE, then that’s the only one. But I need to confirm if it’s
considered an MWE. Since the user’s example included "take place" as an MWE, which is a congruent phrase
with "ter lugar" in Portuguese, which is "take place" in English. So "por meio de" is congruent with "by means
of" in English, which is a standard MWE. Therefore, "por meio de" is an MWE here.
Another possible MWE could be "saltar os legisladores," but I don’t think that’s a standard MWE. "Saltar" in this
context might mean "to skip over," but without more context, it’s hard to tell. However, "saltar" as a verb can be
used in different ways, so it’s not a fixed expression. ⊞ So the answer would be "por meio de; 6,7,8". </think>

Table 6: Example for original thinking data for the sentence shown and translated in Table 4 generated by non-
instruction-tuned QWEN3-32B.
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Lang. Condition Training data

RO target 1,500 Romanian sentences.
branch 1,500 Romance sentences (1,079 French + 421 Portuguese).
unrelated 1,500 sentences from Swedish, Dutch, Egyptian, Modern Greek, Farsi, Hebrew,

Japanese, Georgian, Latvian, Ukrainian, Serbian, Slovene, and Polish; per-
language contributions capped at ≈117–118 sentences, Dutch contributing its
full 90.

target+branch 3,000 sentences: 1,500 Romanian (as in target) + 1,500 Romance (as in branch).

SL target 1,500 Slovene sentences.
branch 1,500 Slavic sentences (500 Ukrainian + 500 Serbian + 500 Polish).
unrelated 1,500 sentences from Romanian, French, Portuguese, Swedish, Dutch, Egyptian,

Modern Greek, Farsi, Hebrew, Japanese, Georgian, and Latvian; per-language
contributions capped at ≈128–129 sentences, Dutch contributing its full 90.

target+branch 3,000 sentences: 1,500 Slovene (as in target) + 1,500 Slavic (as in branch).

Table 7: Instruction-tuning data conditions for Romanian (RO) and Slovene (SL).

Type Guideline Description Building Block
LVC.full LVCs in which the verb is semanti-

cally totally bleached, EN: to give a
lecture.

<MWE lemmas> is a multiword expression. More precisely, it is a
full light verb construction (LVC.full) because it is formed by a verb
and a noun, where the verb is semantically fully bleached. A similar
bleaching occurs in the English MWE (to) give (a) lecture. The
words cannot be realized by synonymous lexemes without altering
the meaning of the construction as a whole, which satisfies condi-
tion 1. The given expression fulfills condition 2, as the verb displays
semantic idiomaticity: the verb does not have its original meaning
anymore, instead the meaning is fully bleached. The expression does
not refer to a specific person or place, so it also meets condition 3.

NV.LVC.full Deverbal nominal stemming from
an LVC.full (NV.LVC.full), EN: a
decision maker - deriving from the
LVC.full to make a decision.

<MWE lemmas> is a multiword expression. More precisely, it is
a deverbal nominal stemming from a full light verb construction
(NV.LVC.full). NV describes the fact that a noun (N) is derived from
a verb (V), whereas LVC.full refers to the full light verb construction
which is the basis for this multiword expression. An English example
is decision maker, which stems from the LVC.full (to) make (a)
decision. The words cannot be realized by synonymous lexemes
without altering the meaning of the construction as a whole, which
satisfies condition 1. The given expression fulfills condition 2, as the
verb displays semantic idiomaticity: the deverbal noun does not have
its original meaning anymore, instead the meaning is fully bleached.
The expression does not refer to a specific person or place, so it also
meets condition 3.

AdvID Adverbial idiom (AdvID) – a univer-
sal category, caracterized by lexical,
morphological or syntactic irregular-
ity, EN: by and large.

<MWE lemmas> is a multiword expression. More precisely, it is
an adverbial idiom (AdvID), a universal category characterized by
lexical, morphological, or syntactic irregularity. It is comparable
to English AdvIDs such as “on the whole” or “by and large.” The
lexemes and order are fixed; substituting synonyms disrupts accept-
ability or the idiomatic meaning, which satisfies condition 1. It
fulfills condition 2 through semantic idiomaticity (the expression
is non-compositional). The expression does not denote a specific
named entity, so it also meets condition 3.

Table 8: Broad MWE category descriptions for three exemplary MWE categories from the PARSEME 2.0 guidelines,
and the building blocks made out of the descriptions for the generation of thinking content.
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Abstract
This paper describes the system submitted
by Semantic Stars Team for Subtask 2 of
the PARSEME 2.0 shared task (Paraphrasing
Multiword Expressions). Our approach ad-
dresses the challenge of paraphrasing sentences
containing MWEs such that the MWE is re-
moved while the original meaning and gram-
matical structure are preserved. The paper
describes multiple distinct approaches pow-
ered by open-weight Large Language Mod-
els (LLMs), each employing a combination of
different techniques such as prompting, multi-
agent pipelines and classical NLP methods.
Four distinct methods are tested on the test
data in French, including a fifth one combining
the results from the first four. We tested with
several different open-weight LLMs including
Llama3.1:8b, Qwen3:8b and gpt-oss-120b and
were able to achieve significant improvements
over the baseline, securing the first place on the
shared task leader board.

1 Introduction

Automatic paraphrasing of Multi-Word Expres-
sions (MWEs), is a challenging task in Natural Lan-
guage Processing (NLP). MWEs require precise
identification of idiomatic boundaries (Savary et al.,
2017) and the generation of semantic equivalents
that preserve meaning and grammatical closeness.
In French, with its discontinuous dependencies and
strict morphological constraints, purely stochastic
approaches often struggle to maintain grammatical
and semantic integrity.

In this paper, we explore multiple paraphras-
ing methods to address these challenges within
the PARSEME 2.0 shared task (Scholivet et al.,
2026). We test different approaches, including de-
tailed descriptive paraphrasing (Approach 1), mini-
mal replacements (Approach 2), multi-stage LLM
pipelines (Approach 3), and neuro-symbolic hybrid
systems (Approach 4). Each method leverages dis-
tinct strategies to tackle the task, from rule-based

validation to advanced LLM-driven generation. Ad-
ditionally, we experimented with a combined ap-
proach that selects the best output from these meth-
ods, although it did not outperform the individual
approaches. The results can be seen in Table 1. The
following sections detail the architecture of each
method and their respective performances.

2 Related Works

Multiword Expression (MWE) processing is a long-
standing yet prevalent field in NLP. MWE process-
ing encompasses challenging tasks such as discov-
ery, identification, and paraphrasing of MWEs. It
is clear that the academic literature on NLP has a
continued interest in this topic. Surveys and review
studies were conducted to explore the challenges,
discover subtasks related to MWE processing and
examine methods developed for modeling MWEs
(Constant et al., 2017; Sag et al., 2002; Villavicen-
cio and Idiart, 2019).

MWE paraphrasing, which is our focus, remains
one of the most important tasks within the scope
of MWE processing. For instance, Yimam et al.
(2016) aimed to examine the importance of con-
text for the paraphrase ranking task using a binary
classification approach with K-Nearest Neighbors
(kNN) and a learning-to-rank approach with the
LambdaMART algorithm. Barančíková and Ket-
tnerová (2018) used word embeddings to para-
phrase Czech verbal MWEs using single verbs.
A machine translation experiment was conducted
comparing sentences from both versions, and the re-
sults showed that the performance of the approach
is promising. Zhou et al. (2022) proposed an ap-
proach for the Idiomatic Sentence Paraphrasing
(ISP) task without strong supervision. This study
addressed the challenge of data scarcity in the
MWE paraphrasing domain. Wada et al. (2023)
proposed an unsupervised approach to MWE para-
phrasing, which includes clustering sentences that
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contain MWEs using the DBSCAN algorithm and
utilizing pre-trained LLMs to generate paraphrases
for MWEs. Barreiro and Mota (2023) addressed
the problem of multilingual paraphrasing of MWEs
and developed a tool named CLUE-Aligner to fa-
cilitate the alignment of non-contiguous multiword
units. Liu et al. (2025) addressed the impact of
MWEs on machine translation quality. Their re-
sults showed that the presence of MWEs negatively
affects translation performance. To mitigate this,
they proposed an LLM-based system that para-
phrases MWEs into their literal counterparts using
few-shot prompting before performing the machine
translation task.

Ultimately, MWE paraphrasing for a wide range
of languages remains a current and significant
challenge in NLP. Following the objectives of the
PARSEME 2.0 shared task, this study aims to de-
velop a methodology to improve the MWE para-
phrasing performance in French sentences.

3 Methodology

We developed 4 different methods to paraphrase
the expressions. Here, we describe the two that
achieved the highest BERTScores during auto-
mated evaluation, since these were the only ones
submitted to the official leader board (Manon Scho-
livet, 2025). The other two are briefly mentioned in
section 3.3. We also developed a fifth (combined)
approach aimed at combining the best results from
each of the methods.

3.1 Paraphraser 1

This approach addresses the challenge of remov-
ing idiomaticity while preserving meaning through
a multi-agent pipeline powered by open-weight
Local LLMs. The system employs a “Generate-
Validate-Fix” architecture. It first generates a can-
didate paraphrase, then subjects it to a rigorous
hybrid evaluation consisting of deterministic string-
matching constraints and a semantic LLM judge.
If a candidate fails, a specialized “Fixer” agent is
activated.

We benchmarked several local models (includ-
ing Llama3.2:3b, Gemma3:4b, Qwen3:8b and
DeepSeek-r1:7b) and selected Qwen3:8b for its
optimal balance of reasoning capability and re-
source efficiency as well as its multilingual abilities
(Grattafiori et al., 2024; Team et al., 2025; Yang
et al., 2025; Guo et al., 2025) .

The system moves beyond simple prompting by

using an agentic workflow implemented in Python
using the Ollama framework(Ollama Team) and
LangChain Library(LangChain Team). The archi-
tecture consists of three distinct phases.

3.1.1 Phase 1: Initial Generation
The first stage employs a standard LLM agent
prompted with strict constraints. We utilize a zero-
shot prompting strategy. The prompt explicitly
instructs the model to replace the MWE while keep-
ing the rest of the sentence structure as close to the
original as possible.

3.1.2 Phase 2: Hybrid Validation
Prior work has demonstrated that large language
models often fail to follow negated instructions
(e.g., “do not use word X”) or strict negative con-
straints (Jang et al., 2023). Although LLMs excel
at judging semantic content, we observed that they
may still produce exactly the expression they are
instructed to avoid. Therefore, we implement a
hybrid validator:

Deterministic Validator (Classical NLP) We
use Python-based string manipulation to enforce
the “Elimination” criterion. We normalize both the
MWE and the candidate prediction (lowercasing,
punctuation removal). If the target MWE tokens ap-
pear in the prediction or if the prediction is identical
to the source, the candidate is immediately marked
as a failure (Score = 0) without consuming GPU
resources for semantic checking.

Semantic Judge (LLM Agent) If the determin-
istic checks pass, a second LLM agent evaluates
the candidate. This agent uses chain-of-thought
and few-shot techniques to judge the results from
the previous step. It is prompted to act as a “Lin-
guistic Evaluator” checking two specific criteria:
1. Meaning Preservation: Does the paraphrase
convey the exact sense of the original? 2. Gram-
matical Closeness: Does the paraphrase maintain
the original morphological features (tense, num-
ber)?

3.1.3 Phase 3: The Fixer
If a candidate fails validation, it is passed to a
“Fixer” agent. Unlike the initial generator, the
Fixer receives the specific reason for failure (e.g.,

“Failure: MWE (multiword expression) tokens still
present”). The Fixer uses detailed instructions as
well as the data from the previous steps to correct
the errors in the paraphrased sentence.
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Example Expression Corrected by the Fixer
While the original sentence was (fra) Le point de
vue de le réalisateur (lit. ’The point of view of the
director’), the initial generator produced a gram-
matically and idiomatically flawed substitute: (fra)
La vue de le réalisateur (lit. ’The view of the direc-
tor’). This was flagged by the Semantic Judge since,
the use of vue (physical sight) is a non-idiomatic
calque for "opinion" in this context. The Fixer
agent successfully resolved the issue producing:
(fra) La vision du réalisateur (lit. ’The vision of
the director’). This result is more correct as it se-
lects a semantically appropriate synonym (vision)
and restores grammatical validity.

3.1.4 Design Decisions: Explainer Tool

We also experimented with a Retrieval Augmented
Generation (RAG) approach using Wikipedia defi-
nitions, but it often introduced noise such as disam-
biguation errors. We found that 7B+ models per-
formed better with internal knowledge. Although,
there is potential to improve the RAG approach
in future work, we chose to replace it with an in-
ternal "Explainer" mechanism in the Judge Agent
(Section 3.1.2).

3.1.5 Parallelization

To optimize the performance, we imple-
mented a thread-based parallelization strategy.
We enabled concurrent request processing
(OLLAMA_NUM_PARALLEL=2) and managed VRAM
usage by dynamically limiting the context window.

The next approach consists of three main phases:
MWE extraction, semantic replacement generation
with similarity validation, and sentence transforma-
tion. We employ a pipeline that leverages LLMs
( Qwen3:8b, gpt-oss-120b (OpenAI et al., 2025))
for linguistic processing and embedding models for
semantic similarity verification.

3.1.6 Phase 1: MWE Extraction

The first phase involves identifying and extracting
the target MWE from the input sentence. In the
provided dataset, MWEs are marked using dou-
ble square brackets (e.g., [[expression here]]).
We employ regular expression pattern matching
to extract these marked expressions from the raw
text. This extraction step isolates the multiword
expression that will subsequently be replaced with
a semantically equivalent shorter form.

3.1.7 Phase 2: Single-Word Equivalent
Generation with Semantic Validation

The second phase constitutes the core of our
methodology: generating a semantically appro-
priate single-word replacement for the extracted
MWE. This phase employs an iterative refinement
process guided by semantic similarity measures.

Initial Replacement Generation We prompt the
LLM to generate a single-word French equiva-
lent for the given MWE. The model is instructed
through a system prompt to analyze the multiword
expression and output only a single-word replace-
ment that preserves the original meaning. Few-shot
examples are provided to guide the model’s behav-
ior.

Semantic Similarity Verification To ensure that
the generated replacement maintains semantic
closeness to the original MWE, we employ cosine
similarity as our semantic equivalence metric. This
verification step is crucial for filtering out replace-
ments that, while grammatically valid, may drift
from the intended meaning of the original expres-
sion.

Cosine Similarity Computation. We compute
the cosine similarity between two vectors as:

sim(emwe, erep) =
emwe · erep

∥emwe∥ × ∥erep∥
(1)

This score ranges from −1 to 1, with higher
values indicating greater similarity.

Threshold-Based Validation. We establish an
empirically determined similarity threshold of τ =
0.50 to determine whether a proposed replacement
is semantically acceptable. If sim(emwe, erep) ≥ τ ,
the replacement is accepted. Otherwise, the system
initiates the iterative refinement process described
in the following paragraph. This threshold was
chosen empirically, taking into account the typical
length of a multi-word expression relative to the
surrounding sentence and the fact that BERTScore
will be used for evaluation. Since BERTScore com-
pares predictions to both a “minimal” (close to the
source) and a “creative” (more divergent) reference
and selects the closest match, using cosine simi-
larity in our system primarily ensures that replace-
ments stay close to the minimal reference, with
iterative refinement applied only when similarity
falls below the threshold.
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Table 1: Automated & Manual evaluation scores for PARSEME 2.0 Subtask 2 French Test Set.

Approach Ave. BERTScore Manual Score Diversity of New Words

Richness Evenness Entropy

Paraphraser 2 93.90 64.82 236 0.83 4.54
Paraphraser 1 89.46 79.25 456 0.90 5.48
Paraphraser 4 88.76 – 345 0.91 5.33
Combined 87.10 – 415 0.94 5.64
Paraphraser 3 85.72 – 399 0.95 5.72

Baseline 77.55 72.70 326 0.92 5.33

Note: The baseline model is gpt-oss-120b. Evenness and Entropy refer to Shannon Evenness and Shannon-Weaver Entropy,
respectively. Manual evaluation was omitted for three approaches as they were not officially submitted to the leaderboard.

Iterative Refinement Process If the initial sim-
ilarity score falls below the threshold, we initiate
an iterative refinement process. The system main-
tains a blacklist of previously rejected candidates
along with their similarity scores. In subsequent
iterations, the LLM is prompted to generate al-
ternative replacements while explicitly excluding
blacklisted expressions. This process continues for
a maximum of three iterations. Throughout this
process, we track the best candidate encountered
(i.e., the one with the highest similarity score). If
no candidate exceeds the threshold after all itera-
tions, we select the best candidate observed during
the refinement process.

3.1.8 Phase 3: Sentence Transformation
The final phase transforms the original sentence
by substituting the MWE with the validated single-
word equivalent. We leverage the LLM, providing
it with:

• The original sentence containing the MWE

• The identified multiword expression

• The validated single-word replacement

The model is instructed to perform the sub-
stitution while maintaining grammatical correct-
ness. The prompt explicitly requests only the trans-
formed sentence without additional explanations or
formatting.

3.2 Combined Approach

Paraphrasers 3 and 4 utilize different strategies
for paraphrasing. Approach 3 is a multi-stage
LLM-based pipeline that combines prompt engi-
neering, POS-based constraints, and rule-based val-
idation to generate and score paraphrase candidates.
Approach 4 integrates morpho-syntactic analysis

and semantic enrichment with LLM generation and
post-processing to preserve grammatical structure
and figurative meaning.

In addition to these methods, we implemented
a combined approach that aimed to leverage the
strengths of each strategy. This approach used an
LLM (gpt-oss-120b) as a selector to choose the
optimal output from the candidates generated by
the other methods. However, despite this, the com-
bined approach performed worse, revealing some
biases in the selection process (such as favoring
or punishing approaches, depending on the order
in which they are presented in the prompt). This
suggests that the selection mechanism has room for
improvement.

4 Results

We evaluated our system using the official
PARSEME 2.0 metrics alongside a manual evalua-
tion by language experts. The automated metrics
include BERTScore (Zhang et al., 2019), Richness,
Shannon Evenness, and Shannon-Weaver Entropy
for diversity.

As we can see in Table 1, all of our experimen-
tal alternatives exceeded the BERTScore baseline
of 77.55. On the official PARSEME 2.0 shared
task leaderboard for French, our Paraphraser 2 ap-
proach (93.90) ranked first among all participants
in the automated evaluation, while our Paraphraser
1 approach (79.25) secured first place overall in
the manual scoring track. This divergence between
automated and manual success is one of the key
findings of our study, highlighting the importance
of metric sensitivity in MWE paraphrasing.

Qualitative Analysis and Strategy Divergence
Through manual inspection, we found that this
divergence is rooted in the distinct paraphrasing
strategies employed. Paraphraser 2 (Minimal) ex-
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cels at lexical compression and identifying direct
synonyms, which yields a high BERTScore due to
its proximity to the source text. However, despite
utilizing a much larger 120B parameter backbone
(gpt − oss − 120), it is prone to contextual over-
generalization, for instance, reducing the techni-
cal NMWE système d’information (lit.’information
system’) to the overly broad informatique (lit.’IT’).

In contrast, Paraphraser 1 (Explanatory) utilizes
a multi-agent pipeline powered by a smaller 8B
model (Qwen3) to generate descriptive, context-
aware expansions. While this strategy results in
a slightly lower BERTScore and higher verbosity,
manual evaluation confirms it is superior in the ma-
jority of the complex cases. It preserves domain-
specific precision and idiomaticity (e.g., année
dédiée à l’international (lit.’the international ded-
icated year’)) where the Minimal approach often
produces literal calques or incorrect substitutions.

These empirical findings, further illustrated via
comparative traces in Appendices B–E, suggest
that the Explanatory approach is better suited for
maintaining the semantic non-compositionality in-
herent in complex MWEs. Although our initial at-
tempts at a combined ensemble did not yield imme-
diate performance gains, the complementary nature
of these strategies(lexical brevity versus semantic
precision) suggests that a more refined categorical
selection process based on MWE type remains a
promising area for future optimization.

5 Conclusion

We presented several strategies for the PARSEME
2.0 French paraphrasing task, each integrating ex-
ternal validation—such as string matching and rule-
based filtering—to overcome the limitations of
LLMs in adhering to strict linguistic constraints.
This hybrid approach, merging generative power
with symbolic verification, proved essential for
maintaining semantic precision and output qual-
ity.

Paraphraser 2 ranked first in automated scoring
(93.90), yet Paraphraser 1 secured first place in the
manual track (79.25). This "metric sensitivity gap"
indicates that while automated scores favor lexical
compression, human experts prioritize the seman-
tic precision and explanatory depth necessary for
non-compositional MWEs. The superior manual
performance of the 8B approach over the 120B
model suggests that targeted multi-agent architec-
tures outperform raw parameter scale for complex

linguistic tasks.
Although our evaluation focused on French, the

majority of our pipeline components are language-
agnostic, suggesting potential applicability to other
languages addressed by the PARSEME 2.0 shared
task. Future work could explore the cross-lingual
transfer of these methods.

Discussion

Recent mechanistic studies have identified an
"ironic rebound" effect in LLMs, where explic-
itly naming a forbidden word paradoxically primes
the model to generate that very token (Mann et al.,
2025). This phenomenon (where the instruction’s
activation of a concept is systematically stronger
than its suppression signal) is a primary cause of
negative constraint failure (Rana, 2026). While
our methodology naming the target MWE within
prompt delimiters (e.g., [[...]]) theoretically risks
this priming, our system mitigates this through ex-
ternal string-matching constraints and iterative ver-
ification.

Furthermore, the task of paraphrasing itself
may offer a generalizable solution to the ironic
rebound problem. Future work could explore
whether paraphrasing architectures such as ours
could provide a generalizable solution to the ironic
rebound problem. By transforming a negative con-
straint into a positive generative goal (a "generative
pivot"), hybrid pipelines that combine neural gen-
eration with classical NLP methods may offer a
robust pathway for bypassing the internal priming
failures inherent in current LLM architectures.

Limitations

The combined approach underperformed due to
biases in the LLM selection process, affecting its
ability to consistently choose the best paraphrase.
Additionally, the LLM-based multi-agent frame-
work, unlike traditional rule-based NLP methods,
can struggle with stability and precision, as it relies
on the quality of underlying models, which may
introduce errors or inconsistencies.
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A System Trace Example

The following trace demonstrates Paraphraser 1
(“Generate-Validate-Fix”) resolving a combined
lexical and grammatical failure.

Original Sentence: (fra) Le point de vue de le
réalisateur
(lit. ’The point of view of the director’)
’The director’s perspective’.

Initial Prediction: (fra) La vue de le réalisateur
(lit. ’The view of the director’).

Validator Feedback:“Failure: The prediction
contains a grammatical error in ’de le réal-
isateur’ which should be ’du réalisateur’. Ad-
ditionally, ’vue’ is non-idiomatic for this con-
text.”

Final Prediction: (fra) La vision du réalisateur
(lit. ’The vision of the director’)
’The director’s vision’.

B Comparative Trace: Expansion vs.
Overgeneralization

This example illustrates the risk of overgeneral-
ization in the minimalist approach (Approach 2)
compared to the context-aware generation of Ap-
proach 1.

Original Sentence: (fra) Malone L’ année 1996 a
été... d’ année internationale pour...
(lit. ’...of the international year for...’)

Paraphraser 1 (Explanatory): (fra) ...d’année
dédiée à l’international pour... (lit. ’...of the
international dedicated year for...’)
Verdict: Passed first try. The agent expanded
the MWE into an idiomatic descriptive phrase
that preserves the UN’s formal register.

Paraphraser 2 (Minimal): (fra)
...d’Internationalisation pour...
(lit. ’...of internationalization for...’)

Verdict: Semantic failure. International-
isation is a process, not a designation for
a specific year, leading to a loss of core
meaning.

C Comparative Trace: Stylistic
Convergence

This example demonstrates a case where both the
Minimalist and Explanatory approaches produce
semantically accurate and idiomatic results.

Original Sentence: (fra) ...avec comme person-
nage principal le meilleur matador...
(lit. ’...with as main character the best mata-
dor...’)

Paraphraser 1 (Explanatory): (fra) ...avec
comme figure centrale le meilleur matador...
(lit. ’...with the best matador as the central
figure...’)
Verdict: High semantic similarity. The
choice of figure centrale is idiomatic and
provides a smooth, literary flow.

Paraphraser 2 (Minimal): (fra) ...avec comme
protagoniste le meilleur matador...
(lit. ’...with as protagonist the best matador...’)
Verdict: High semantic similarity. This
shows the strength of Paraphraser 2’s iterative
search when a direct, single-word synonym is
available. Note: capitalization was manually
corrected from the system output.

D Comparative Trace: Granularity and
Specificity

This case illustrates the difference between descrip-
tive expansion and collective abstraction.

Original Sentence: (fra) ...issus de les familles
nobles de la ville.
(lit. ’...descended from the noble families of
the city.’)

Paraphraser 1 (Explanatory): (fra) ...issus des
familles de la noblesse de la ville. (lit. ’...de-
scended from the noble families (or families
of the nobility) of the city.’)
Verdict: High similarity. It maintains the plu-
ral focus on family units.

Paraphraser 2 (Minimal): (fra) ...issus de la No-
blesse de la ville.
(lit. ’...descended from the Nobility of the
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city.’)
Verdict: Highly idiomatic but less specific.
By substituting a collective noun for a plu-
ral MWE, it shifts the focus from individual
families to the social class as a whole.

E Comparative Trace: Technical and
Domain-Specific Precision

This trace demonstrates the failure of minimalist
constraints when handling specialized terminology.

Original Sentence: (fra) Le Forbin a été équipé d’
un système d’ information...
(lit. ’The Forbin was equipped with an infor-
mation system...’)

Paraphraser 1 (Explanatory): (fra) ...équipé
d’un système de gestion d’information... (lit.
’...equipped with an information management
system...’)
Verdict: High semantic closeness. While
slightly more descriptive than the original,
it preserves the technical and operational
register required for the maritime context.

Paraphraser 2 (Minimal): (fra) ...équipé
d’Informatique...
(lit. ’...equipped with IT...’)
Verdict: Low semantic closeness. Infor-
matique is too broad; it fails to capture the
notion of a specific operational management
system, rendering the sentence vague and
non-idiomatic.

F Prompt Templates

This appendix provides the prompt templates used
for Methods 1 and 2.

Paraphraser 1
Paraphraser 1 utilizes a multi-agent approach to
ensure semantic depth and grammatical correctness
through a feedback loop.
generation_template

"""
You are a linguistic expert.
Task: Paraphrase the sentence to remove the

idiomatic nature of the specified
expression.

Input Sentence: "{sentence}"
Expression to replace: "{mwe}"

Instructions:
1. Replace the expression ’{mwe}’ with a

literal, non-idiomatic equivalent.

2. Keep the rest of the sentence structure as
close to the original as possible.

3. Ensure the output is in the SAME LANGUAGE as
the input.

4. Output ONLY the new sentence text with no
introduction or quotes.

"""

judge_template

"""
You are a Linguistic Evaluator.
Task: Evaluate a Paraphrase based on strict

criteria.

Original: "{original}"
Prediction: "{prediction}"
MWE Removed: "{mwe}"

Evaluate against these criteria:
1. MEANING: What is the meaning of the

multiword expression (MWE) in the sentence?
Is the sense preserved?

2. GRAMMATICALITY: Is the prediction
grammatically correct (no spelling/grammar
errors)?

3. GRAMMATICAL CLOSENESS: Does it keep the
exact Tense, Mood, and Number of the
original?

- Example Fail: Original is "He was walking"
(Past Continuous), Prediction is "He walks
" (Present). -> FAIL.

Respond in JSON only.
{format_instructions}
"""

fixer_template

"""
You are a Linguistic Correction Expert.
A system attempted to paraphrase a sentence but

failed evaluation.

Data:
- Original Sentence: "{original}"
- MWE to Remove: "{mwe}"
- Failed Prediction: "{prediction}"
- Failure Reason: "{reason}"

Instructions:
1. Write a NEW paraphrase.
2. ELIMINATION: Do NOT use the MWE "{mwe}".
3. MEANING: Keep the exact meaning.
4. GRAMMATICAL CLOSENESS: You MUST match the

Tense, Mood, and Number of the original
sentence.

5. You MUST preserve the exact meaning of the
original

6. Output ONLY the new sentence.
7. Original sentence MUST BE PRESERVED other

than PARAPHRASING of the indicated MWE (
multi word expression).

"""

Paraphraser 2
Paraphraser 2 focuses on high-precision lexical substitution
using a larger model and an iterative blacklist mechanism.
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FRENCH_MWE_TRANSLATION

"""
You are a tool that converts French multiword

expressions into single-word equivalents.
Briefly analyze the multiword expression

and convert them into a single word. You should
ONLY OUTPUT THE NEW EXPRESSION. NOTHING
ELSE. Here are some examples:

Input: Gravir les chelons
Output: Progresser

Input: Faire attention
Output: Surveiller

DO NOT RETURN THE INPUT ITSELF! YOU SHOULD GIVE
A NEW EXPRESSION THAT HAS THE SAME MEANING
AS THE ORIGINAL ONE. IT SHOULD BE A SINGLE
WORD

"""

new_mwe_prompt

def new_mwe_prompt(blacklist: dict):
blacklist_str = ""

for word, similarity in blacklist.items():
blacklist_str += f"\n- {word}"

return f"""
You are a tool that converts French
multiword expressions into single-word
equivalents. Briefly analyze the multiword
expression
and convert them into a single word
expression. You should ONLY OUTPUT THE NEW
EXPRESSION. NOTHING ELSE. Here are some
examples:

Input: Gravir les chelons
Output: Progresser

Input: Faire attention
Output: Surveiller

DO NOT RETURN THESE EXPRESSIONS:
{blacklist_str}
"""

minimal_sentence_prompt

def minimal_sentence_prompt(sentence, mwe,
new_exp):
return f"""

You are a French text transformation tool. Your
task is to replace a multiword expression
in a sentence with a new expression.

INSTRUCTIONS:
- Replace the specified multiword expression

with the new expression
- Keep the grammer correctly.
- Output ONLY the transformed sentence
- Do not include explanations, quotes, or

additional text

EXAMPLE:
Sentence: Les lves de la classe de CE1 de l’

cole Notre-Dame ont pris part les

festivits.
Multiword expression: pris part
New expression: particip
Output: Les lves de la classe de CE1 de l’cole

Notre-Dame ont particip aux festivits.

YOUR TASK:
Sentence: {sentence}
Multiword expression: {mwe}
New expression: {new_exp}

JUST OUTPUT THE TRANSFORMED SENTENCE ONLY:
"""
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Abstract
This paper describes MorphoFiltered-Gemini,
a system submitted to the PARSEME 2.0
Shared Task (Scholivet et al., 2025), subtask 1
on MWE identification, covering all 17 target
languages. The system combines LLM-based
predictions generated via the Gemini API with
a morphological post-filter designed to re-
duce false positives. Rather than optimizing
peak performance on individual languages, our
approach prioritizes cross-lingual stability and
precision. As a result, the system exhibits a
balanced performance across languages and
MWE categories, achieving the highest Sha-
nnon evenness score among all submissions.

1 Introduction

Multiword expressions (MWEs) are "word com-
binations that exhibit lexical, syntactic, semantic,
pragmatic, and/or statistical idiosyncrasies" (Bald-
win and Kim, 2010) . For example, a big fish refers
to an important person. Similar phenomena appear
across languages, including light verb construc-
tions (to grant rights), adjectival idioms (to be on
cloud nine), fixed adpositional phrases (on behalf
of ), pronoun idioms (each other) and many others.
The constituent words of multi-word expressions
are common, and their combination behaves as a
single unit.

PARSEME 2.0 addresses the automatic identi-
fication of MWEs in running text in a multilin-
gual setting. Unlike previous PARSEME shared
tasks, which focused only on verbal MWEs, this
edition (Savary and Ramisch, 2025) extends the
task to all syntactic types (verbal; nominal; adjecti-
val and adverbial; functional). Systems must iden-
tify MWEs across 17 languages: Dutch, Egyptian
(ca. 2700-2000 BC), French, Georgian, Greek (An-
cient), Greek (Modern), Hebrew, Japanese, Latvian,
Persian, Polish, Brazilian Portuguese, Romanian,
Serbian, Slovene, Swedish, and Ukrainian.

*Corresponding authors.

MWEs may be continuous or discontinuous, and
they can overlap, further complicating automatic
detection. Systems are evaluated both at the token
level and at the MWE level, where a correct pre-
diction requires identifying all components of an
expression. As a result, partial matches are pena-
lized, making the task sensitive to recall and span
boundary errors.

While morphologically constrained approaches
often achieve high precision, they typically suffer
from poor recall and limited generalization. In
contrast, large language models generalize well
but tend to accept too many candidates, leading to
many false positives.

In this work, we explore a hybrid approach
that combines the strengths of both paradigms.
MorphoFiltered-Gemini1 relies on Gemini 2.0
Flash-Lite (DeepMind, 2025) to generate MWE
predictions using prompting, followed by morpho-
logical post-processing, applied selectively. The
goal is not to maximize performance on specific
languages, but to study whether minimal linguistic
constraints can stabilize LLM behavior.

Our contributions are threefold: (i) we pro-
pose a LLM-based pipeline for multilingual MWE
identification, (ii) we investigate the effects of
few-shot prompting across diverse languages, and
(iii) we introduce a morphological filtering strat-
egy that improves precision without relying on
language-specific training.

2 Experiments

We evaluated several strategies to understand the
trade-offs between recall-oriented LLM predictions
and precision-oriented filtering.

As an initial baseline, we implemented a
purely rule-based system relying on morphologi-
cal patterns. Although this approach achieved a
token-based F1 of 0.152 and performed reasonably

1https://github.com/irinamoise/PARSEME
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well for a small number of languages (e.g. Roma-
nian and Persian), it failed to generalize, yielding
extremely low scores for others such as Georgian.
This confirmed the poor recall of rule-based meth-
ods in a multilingual setting.

We then applied Gemini as a post-processing va-
lidator on those candidates. Although the LLM con-
sistently rejected around 30% of proposed MWEs,
this strategy led to negligible improvements. Due
to the very low recall of the rule-based system, only
a small fraction of true MWEs were ever presented
to the LLM, making it impossible to recover miss-
ing predictions.

Subsequently, Gemini was adopted as the pri-
mary predictor. Using separate prompts for detec-
tion and classification improved recall. Few-shot
prompting with examples from the training sets and
negative constraints yielded substantial gains for
some languages, but caused severe degradation for
others, including complete failure for Egyptian.

Finally, we introduced a lightweight morphologi-
cal post-filter applied to LLM-generated predic-
tions. This filter consistently lowers the number
of false positives and leads to more stable perfor-
mance across languages.

3 System Architecture and Methodology

The overall architecture of our system is illustrated
in Figure 1 (see Appendix A).

The system follows a five-stage pipeline:

1. Preprocessing: Conversion of PARSEME
CUPT annotations to BIO tags.

2. MWE Detection: Span prediction using
Gemini 2.0 Flash Lite via batch prompting.

3. MWE Classification: Assignment of MWE
categories to detected spans.

4. Morphological Post-Processing: Removal
of unlikely or low-confidence MWEs using
POS-based and single-token filters.

5. Format Conversion: Reconstruction of
CUPT-formatted outputs from BIO predic-
tions.

3.1 Preprocessing and BIO Representation
PARSEME annotations are provided in the CUPT
format (Ramisch, 2018), an extension of Universal
Dependencies (UD) (Nivre, 2020). While CUPT
offers rich annotation capabilities, it is not directly

suitable for LLM-based processing. We therefore
convert annotations into standard BIO tags, which
provide a simplified, token-level representation of
MWE spans. This conversion simplifies span re-
construction from LLM outputs.

A limitation of this representation is that it does
not adequately capture discontinuous MWEs or
cases where tokens participate in multiple overla-
pping MWEs. As a consequence, such expressions
are often misinterpreted or collapsed into incom-
plete spans during BIO-based processing, which
leads to zero scores for discontinuous MWEs in
the official evaluation. These structural conflicts,
including overlapping and discontinuous configu-
rations, are not yet resolved in the current system.

3.2 LLM-based MWE Detection and
Classification

Batch Prompting for Detection MWE detec-
tion is performed using Gemini 2.0 Flash-Lite in
batches of ten sentences. The prompt includes
a general definition of MWEs, language-specific
examples, and token-indexed sentences to ensure
span identification (see appendix B.1). For a sub-
set of languages (EL, FA, FR, SV), the prompts
uses an improved strategy: the dictionary exem-
ples are substituted by 10 full phrases with MWE
examples extracted from the training data. An addi-
tional prompt containing negative constraints (anti-
examples) explicitly defines undesirable outputs,
thereby narrowing the solution space and ensuring
the model adheres to specific stylistic and structural
boundaries.

The output format is strictly constrained to token
indices corresponding to predicted MWE spans, or
a special NONE marker when no MWE is detected.

MWE Category Classification Detected MWEs
are passed to a second prompt that assigns MWE
categories based on generic category descriptions
(see appendix B.2). Separating detection and clas-
sification makes the model focus on span identifi-
cation independently of category semantics, which
improved the results.

Few-Shot Prompting Strategies We experi-
mented with few-shot prompting (Brown et al.,
2020) using 4-5 examples of MWEs from a small
dictionary and with full sentences from the train-
ing sets that contained MWEs (see appendix B.3).
While the second strategy produced good results
for a few languages, it led to severe degradation
for others. These observations motivated the final
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system design, which applies the last method selec-
tively rather than uniformly across all languages.

3.3 Morphological Post-Processing
POS Pattern Filtering LLM predictions fre-
quently include false positives. To adjust this ef-
fect, we applied a morphological filter that removes
unlikely POS patterns, such as (DET, NOUN) or
(ADJ, NOUN), while preserving high-precision
constructions such as (VERB, NOUN), (ADP,
NOUN). See appendix C and D.

This filter is applied to 11 languages (EGY, EL,
FA, FR, GRC, NL, PL, RO, SR, SV, UK) for which
empirical evaluation showed consistent precision
gains (see appendix F).

Single-Token MWE Filtering Gemini occasion-
ally predicts single tokens as MWEs, despite
PARSEME annotations treating most single-token
expressions as non-MWEs. To address this issue,
we introduced a single-token filter that removes
isolated MWE predictions (see appendix E). This
filter proved beneficial for EL, FA, GRC, KA, and
LV, and was therefore retained for these languages
in the final system.

Language-Specific Exclusions For Hebrew,
Japanese, and Slovene, morphological filtering con-
sistently degraded performance. These languages
were therefore excluded from postprocessing. This
suggests that POS-based constraints are less reli-
able for languages with complex morphology, logo-
graphic writing systems, or ambiguous UD tagsets.

3.4 Caching and Seen/Unseen Analysis
To reduce redundant LLM calls, the system imple-
ments a caching mechanism that stores previously
predicted MWE spans. This mechanism primarily
benefits MWEs that appear multiple times across
training and development data.

Evaluation results confirm a substantial per-
formance gap between MWEs seen during
training/development and unseen expressions.
For MWEs identical to those in the train-
ing/development data, the system achieves high
precision (P=75.06, R=15.91, F1=26.25). Variant
forms of seen MWEs also benefit from caching
and contextual similarity (P=54.54, R=12.00,
F1=19.67). In contrast, unseen MWEs exhibit
much lower scores (P=8.59, R=9.21, F1=8.89).
When aggregating all seen-in-traindev MWEs, per-
formance remains substantially higher (P=73.08,
R=14.86, F1=24.70), highlighting the role of

memorization and context reuse in LLM-based sys-
tems.

4 Results

Overall Performance In the official evaluation
(Ramisch, 2025), MorphoFiltered-Gemini was
submitted for all 17 languages. The system did not
achieve top overall F1 scores, but it ranks third in
token-based precision and exhibited a clear gap be-
tween token-based and MWE-based performance,
as shown in Table 1. This discrepancy reflects
the conservative behavior induced by morpholog-
ical filtering and the strict nature of MWE-level
evaluation, where partially correct predictions are
penalized.

Token-Based vs MWE-Based Evaluation High
token-based precision indicates accurate boundary
detection for individual tokens, even when full
MWEs are not perfectly reconstructed. In con-
trast, MWE-based evaluation requires exact span
matches, penalizing conservative systems and those
unable to represent discontinuous expressions.

Diversity Metrics The system achieves the high-
est Shannon evenness score among all submissions,
as shown in Table 2, indicating balanced perfor-
mance across languages and MWE categories. Un-
like systems exhibiting strong performance peaks
for a small subset of languages, MorphoFiltered-
Gemini avoids extreme failures and maintains a
stable cross-lingual behavior.

4.1 Error Samples

We discuss a few prediction errors in French, Por-
tuguese and Romanian with the goal of presenting
the current limitations of our system.

In French, the system frequently misses light
verb constructions (LVC.full) when they are dis-
continuous. For example, in "Éric Halphen reçoit à
son cabinet un coup de fil anonyme"(Éric Halphen
receives an anonymous phone call at his office ),
the MWE reçoit . . . coup de fil is not detected be-
cause the verb and the noun are separated by other
words. Similar issues occur for adverbial idioms
(AdvID) like avec vigueur in "avec une vigueur
accrue"(with increased vigor), which are often in-
terpreted as free prepositional phrases.

False positives mostly involve grammatical con-
structions that resemble MWEs but are actually
compositional. In Romanian, a peposition and an
infinitive marker de a are incorrectly predicted as
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System #Langs Global MWE-based Global Token-based

P R F1 Rank P R F1 Rank

MorphoFiltered-Gemini 17/17 20.95 14.50 17.14 7 34.14 24.20 28.32 5

Table 1: General Ranking

System #Langs Richness Shannon-Weaver Entropy Shannon-Evenness

Value Rank Value Rank Value Rank

MorphoFiltered-Gemini 17/17 56.53 7 3.71 5 0.97 1

Table 2: Diversity Ranking

an AdpID in "s, ansa de a vedea clar" (the chance to
see clearly), although it is just a syntactic pattern.
In Portuguese, standard contractions such as de o
(of the) and em o (usually in the, here meaning at
the) are over-generated as MWEs , as in "No final
do quarto ano" (At the end of the fourth year), even
though they reflect regular morphology rather than
idiomatic usage. All in all, false positives tend to
arise from surface patterns that look fixed, while
false negatives are mainly caused by discontinuity,
reflexive clitics, and complex adpositional struc-
tures.

5 Conclusion

The results suggest that combining general-purpose
LLM predictions with minimal linguistic post-
processing yields balanced evaluation outcomes,
but with limitations. Future work includes ex-
tending the representation to support discontinuous
MWEs and exploring adaptive filtering strategies
that better balance recall and precision across lan-
guages.
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A System Pipeline

Figure 1: Detailed MWE Prediction Pipeline

B Prompting

B.1 Detailed MWE Detection Prompt
You are an expert annotator for the PARSEME
shared task on multiword expression (MWE) iden-
tification. {strategy_note}

Task: Extract multiword expressions (MWEs)
from sentences in {lang_info[’name’]}.

A MWE is a sequence of 2+ tokens that form a
linguistic unit. Include:

- verbal MWEs
- nominal MWEs
- adjectival and adverbial MWEs
- functional MWEs

{few_shot_text}
{negative_examples}

CRITICAL SPAN RULES (follow exactly):

1. Be MINIMAL: prefer SHORTER spans over
longer ones.

2. For IAV: ONLY verb + preposition, NEVER
include objects.
CORRECT: "depend on" | WRONG: "depend
on him"

3. For VPC: ONLY verb + particle, NEVER in-
clude objects.
CORRECT: "give up" | WRONG: "give up
hope"

4. DROP trailing punctuation ALWAYS.
CORRECT: "look up" | WRONG: "look up ."

5. Use EXACT surface forms from input (copy
verbatim).

Format: [N]: MWE1 | MWE2 | NONE
Now analyze these NEW sentences:

Data Serialization and Batching Strategy:
Sentences are processed in batches of 10 to ensure
contextual consistency. Each sentence is serialized
as a space-separated string of tokens, prefixed by a
unique numerical identifier [i]. Then, the prompt
concludes with a structural constraint:"Output (one
line per sentence, list only MWE surface forms
separated by |)".

B.2 MWE Category Classification Prompt
Classify the category of this multiword expression
(MWE) in {language}.

MWE: "{mwe_text}"

Categories (choose the MOST specific match):

VERBAL CATEGORIES (verb is present):

- VID: Verbal Idiom - idiomatic/figurative mean-
ing
- LVC.full: Full Light Verb Construction - verb
has little meaning, noun carries semantics
- LVC.cause: Causative Light Verb - causes
state/action
- IAV: Inherently Adpositional Verb - verb RE-
QUIRES preposition/particle (VERB+PREP
only, 2-3 tokens)
- IRV: Inherently Reflexive Verb
- VPC.full/cause/semi: Verb-Particle Construc-
tions
- MVC: Multi-Verb Construction

NON-VERBAL ID CATEGORIES (no verb):

- NID: Nominal Idiom
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- AdvID: Adverbial Idiom (HINT: If single com-
pound word functioning as adverb → AdvID)
- AdjID: Adjectival Idiom

FUNCTIONAL MWES:

- AdpID: Prepositional Idiom
- DetID: Determiner Idiom
- ConjID
- PronID, IntjID: Other idiom types

COMPOSITE (mix of categories):

- NV.VID: Nominal + Verbal Idiom
- AV.*: Adverbial + Verbal constructions

Respond with ONLY the category code (e.g.,
"VID", "LVC.full", "IAV", "AdvID"). Use low-
ercase for compound categories: "LVC.full" not
"LVC.FULL".

B.3 Contextual Guidance: Few-Shot and
Language Examples

To stabilize the LLM’s predictions across diverse
languages, the system injects language-specific ex-
amples and negative constraints into the prompt.

B.3.1 Positive Few-Shot Examples from
Training Sets

For selected languages (SV, EL, FA, FR), the
prompt includes full-sentence examples to illus-
trate span boundaries and category assignments.
Examples:

Swedish (SV):
Sentence: Disibodenbergklostret upplöstes och
förföll i ruiner till följd av reformationen .
MWEs: upplöstes | till följd av
Categories: VPC.semi, AdpID

Portuguese (PT):*
Sentence: A relatoria caiu com o ministro Gilmar
Mendes , por meio de sorteio eletrônico .
MWEs: por meio de
Categories: AdpID
*Note: While PT did not use the full "improved"
strategy in the final submission, it served as a
development baseline.

B.3.2 Negative Constraints (Anti-Examples)
To combat over-generation and the LLM’s ten-
dency to label compositional phrases as MWEs,
the following explicit exclusions are included in
the prompt:

IMPORTANT - NOT MWEs (do NOT extract
these):

Simple noun phrases: "the book", "big house",
"my friend"
Adjective + noun (compositional): "red car",
"happy person"
Verb + full object: "read the book", "eat an
apple"
Preposition + full noun phrase: "in the morn-
ing", "on the table"
Determiner + noun: "a cat", "the dog"

B.3.3 Language-Specific Prototype Examples
A small dictionary with a few examples for almost
every language was created. For languages where
full few-shot sentences were not used, the system
provides prototypical MWE examples from that
dictionary:
Dutch (NL):

"plaats vinden" (to take place) – light verb construc-
tion
"van tevoren" (beforehand) – fixed adverbial
"in orde" (in order) – fixed expression
"op de hoogte" (informed) – idiomatic phrase

Romanian (RO):
"de asemenea" (also/furthermore) – fixed adverbial
"în sfârs, it" (finally) – temporal idiomatic expression
"cu toate că" (although) – compound conjunction
"a avea loc" (to take place) – verb with participle
"pe de altă parte" (on the other hand) – adverbial
phrase

C Universal POS Filtering Patterns

The following POS-based constraints are applied
to the LLM outputs to eliminate sequences that are
unlikely to be Multiword Expressions. These rules
prioritize precision by filtering common composi-
tional or functional patterns:
(DET, NOUN / ADJ / VERB): Filters standard noun

phrases and nominalized adjectives (e.g., "the house").

(ADJ, NOUN / NOUN, ADJ): Eliminates simple composi-
tional adjective-noun combinations unless previously
seen as lexicalized.

(DET, NUM / NUM, DET): Removes articles combined with
cardinal numbers.

(PRON, VERB / VERB, PRON): Filters subject-verb or verb-
object pairs lacking idiomatic or reflexive properties.

(CCONJ, NOUN / VERB): Prunes spans starting or ending
with coordinating conjunctions.

(PUNCT, ANY / ANY, PUNCT): Removes spans containing
leading or trailing punctuation noise.

(AUX, NOUN / ADJ): Eliminates copular constructions
(e.g., "is good") that do not constitute MWEs.

D High-Precision Preservation Patterns

To maintain recall for core MWE categories, the
filter is configured to bypass ("whitelist") the fol-
lowing high-confidence linguistic structures:
(ADP, NOUN) and (ADP, DET, NOUN) : Reliable preposi-

tional idioms.

(NOUN, ADP, NOUN) : Common nominal compounds (e.g.,
"horário de folga").

(VERB, NOUN / ADP) : Core verbal MWE types such as
Light Verb Constructions (LVCs) and Inherently Adposi-
tional Verbs (IAVs).

(ADV, ADV / ADP) : Multi-word adverbs and compound
prepositions.
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E Structural Pruning Rules

In addition to POS tagging, the system enforces
three rigid structural constraints to refine the span
boundaries:

1. Length Check: Predictions with fewer than 2 tokens are
discarded (unless cached).

2. Punctuation Only: Spans consisting solely of non-
alphanumeric characters are removed.

3. Lexical Density: Spans composed entirely of function
words (DET, PRON) are eliminated.

F Ablation Study: Impact of
Morphological Filtering

To quantify the impact of the POS-based con-
straints and single-token filters, we conducted an
ablation study the development data at some point.
We have since fixed some logic errors, therefore
some languages who had bad scores are now bene-
fiting from morphological filtering and vice versa.
We compare the Baseline LLM Pipeline (prompting
only) against the Filtered Pipeline (LLM + Mor-
phological Post-processing).

LLM Filtered Pipeline
Lang MWE-F1 Token-F1 MWE-F1 Token-F1
EGY 0.1053 0.1026 0.1053 0.1026
EL 0.1452 0.3183 0.2222 0.3170
FA 0.1831 0.2898 0.3470 0.4855
FR 0.1056 0.1794 0.0594 0.1283
HE 0.0101 0.0134 0.0058 0.0095
JA 0.0603 0.2700 0.0571 0.2657
KA 0.0362 0.0531 0.0285 0.0488
NL 0.1721 0.3048 0.3636 0.4762
PL 0.0451 0.0584 0.0452 0.0586
PT 0.0857 0.1500 0.0896 0.1558
RO 0.0149 0.0218 0.0146 0.0215
SL 0.0431 0.0849 0.0370 0.0819
SR 0.0382 0.0525 0.0382 0.0525
SV 0.1792 0.2992 0.1821 0.3002
UK 0.0795 0.1026 0.0794 0.1027

Table 3: Scores of the filtering strategy

Analysis of Results:
A delicate aspect of our final system configuration
was deciding to apply morphological filtering even
to languages with marginal performance decreases
during the abation study. The peformance is highly
sensitive to the outputs of the LLM for that particu-
lar run (identical prompts can yeld varying levels
of noise across different executions. We believe
linguistic stability provided by the filters is more
valuable for overall system robustness than hyper-
optimizing for a limited data set.

202



Proceedings of the 22nd Workshop on Multiword Expressions (MWE 2026), pages 203–207
March 28, 2026 ©2026 Association for Computational Linguistics

LST at MWE-2026 AdMIRe 2: Advancing Multimodal Idiomaticity
Representation

Le QIU and Yu-Yin HSU and Emmanuele CHERSONI
The Hong Kong Polytechnic University

11 Yuk Choi Rd, Hung Hom, Hong Kong SAR

Abstract

This paper presents our methods for the Ad-
MIRe 2.0 shared task, which addresses multi-
lingual and multimodal idiom understanding.
Our submission focuses on the text-only track.
Specifically, we employ an ensemble of three
large language models (LLMs) to directly per-
form the presented image ranking task. Each
model independently produces a ranking of
the candidate images, and we aggregate their
outputs using a hard voting strategy to deter-
mine the final prediction. This ensemble learn-
ing framework, by leveraging the complemen-
tary strengths of different LLMs, provides a
training-free and robust solution to the AdMIRe
2.0 task and places our method in the second
position on the leaderboard.

1 Introduction

The AdMIRe 2.0 Shared Task (Arslan et al., 2026;
Torunoğlu-Selamet et al., 2026) is an expanded con-
tinuation of its precedent, Subtask A of SemEval-
2025 Task 1: AdMIRe – Advancing Multimodal Id-
iomaticity Representation (referred to as AdMIRe
1.0 for distinction). In AdMIRe 1.0, Subtask A is
formulated as a static image ranking task (Pickard
et al., 2025): Given a Potentially Idiomatic Expres-
sion (PIE), specifically a nominal compound (NC),
its surrounding context sentence, and a set of five
images each accompanied by a descriptive caption,
the system is required to rank the images according
to how accurately they depict the meaning of the
NC in the provided context. A mono-modal track
of the task allows participants to perform the rank-
ing using only the textual captions. The images are
not randomly generated; rather, each is deliberately
associated with the PIE either figuratively or liter-
ally, with the fifth a distractor. A demonstration
is provided in Figure 1. AdMIRe 1.0 covers two
languages: English and Portuguese. Building upon
this, AdMIRe 2.0 broadens the scope of the task by
extending the dataset to a substantially larger set

of 15 languages. Importantly, during the training
phase, only the AdMIRe 1.0 data (in English and
Portuguese) are available, and participants are not
informed of which additional languages will appear
in the evaluation. The specific test languages be-
come known only when the test phase begins and
the test data are released, with no labeled training
data provided for those languages.

Based on the observations from the AdMIRe 1.0
system reports, where the top-performing submis-
sions consistently relied on large language models
(LLMs) — for instance, You et al. (2025) in the
bimdoal track and Fan et al. (2025) in the text-
only track —- we adopted a similar strategy for
AdMIRe 2.0. For better performance, robutness
and to reduce model-specific biases, we employed
multiple LLMs and aggregated their predictions
through a hard voting scheme, which formed our
final submission for the text-only track.

Although our official submission focuses solely
on the text-only setting — and can be viewed as a
relatively direct, shortcut-style application of LLM
capabilities — it nevertheless achieved a strong
result, ranking second on the official leaderboard.

2 Methods and Results

Our method, which is entirely based on prompting,
is motivated by both empirical observations from
AdMIRe 1.0 and practical considerations specific
to AdMIRe 2.0. Given the limited amount of avail-
able data2, the restricted development time, and
the fact that AdMIRe 2.0 spans a wide range of
languages—including several low-resource ones
such as Georgian, Igbo, Kazakh, and Uzbek —
we aimed to approach the task in a training-free,
zero-shot manner. This was one of the primary
motivations for relying on LLMs.

1Example source: https://semeval2025-task1.
github.io/

2Subtask A in AdMIRe 1.0 provides only 70 training in-
stances in English and 32 in Portuguese.
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Figure 1: Illustration of the Static Image Ranking Task. Consider the NC bad apple as in We have to recognize that
this is not the occasional bad apple but a structural, sector-wide problem, the expected ordering should be (a), (b),
(e), (d), and (c).1

Our final submission is therefore based en-
tirely on prompting and ensemble learning: we di-
rectly provided the textual captions to each model,
asked them to perform the ranking, and then com-
bined the predictions from the three LLMs using
a hard voting strategy. The captions are cleaned,
re-indexed, and concatenated with the prompt pre-
fix below before being fed into the chatbots.

Consider the expression [NC] in the
[LANG] language, and its meaning in
context [SENT]. Rank the following cap-
tions based on how well they reflect that
meaning. Return only a list of reordered
indices, e.g., [1, 3, 2, 4, 5], from most to
least similar. Do not include any expla-
nation.

We found that explicitly indicating the language
category in the prompt (i.e., [LANG]) has the poten-
tial to improve accuracy. This is probably because
LLMs internally maintain separate multilingual se-
mantic subspaces. Providing the language label
helps the model activate the correct linguistic and
cultural knowledge and constrains the reasoning
space, thereby improving zero-shot predictions.

Our ensemble consists of three LLMs —
GPT-4o (Achiam et al., 2023), Qwen-Plus (Team,
2025), and DeepSeek (Liu et al., 2024). The first
two models were selected in that we conducted
preliminary experiments on AdMIRe 1.0 Subtask
A using a similar prompting strategy and found
that their performance was close to that of the top
systems reported (see Table 1). A third model was

included to facilitates a stable majority-vote ensem-
ble. Also, these models have been referred to in
AdMIRe 1.0 system reports, are currently among
the most capable and popular multilingual LLMs,
and, due to their scale and training diversity, are
more likely to provide broad language coverage —
probably including for the low-resource languages
present in AdMIRe 2.0. The results across all lan-
guages are presented in Table 2, which place us in
the second position on the leaderboard.

Also, we explored whether incorporating type in-
formation (see Table 1 for reference) could provide
additional benefits to the final results. To this, we
adopted a simple bubble-sorting procedure. Since
a PIE used idiomatically in the given context has
the opposite usage type of literal, and vice versawe
first perform pairwise comparisons to identify the
caption most similar to the target usage, followed
by the second most likely one. We then conduct an-
other round of pairwise comparisons to determine
the caption most similar to the opposite usage and
the second most likely one. The remaining cap-
tion is treated as the distractor, composing the final
ranking.

Due to resource constraints, we only experi-
mented on the Chinese subset using a prompt prefix
below:

The expression [NC] can be used id-
iomatically or literally in the LANG lan-
guage. You are provided with 2 captions,
each describing an image that may or
may not be related to this expression. De-
cide which caption most likely relate to
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Test Set Extended Evaluation Set

Top 1 Acc DCG Type Acc Top 1 Acc DCG Type Acc

English
CTYUN-AI 0.64 3.10 0.87 3.51
DeepSeek 0.58 3.07 0.89 0.73 3.24 0.80
GPT-4o 0.59 3.03 0.76 0.60 3.07 0.80

Portuguese
CTYUN-AI 0.92 3.43 0.56 2.97
DeepSeek 0.77 3.31 0.77 0.64 3.07 0.76
GPT-4o 0.77 3.35 0.54 0.42 2.77 0.76

Table 1: Results on the test set and the extended evaluation set of AdMIRe 1.0 Subtask A (text-only track), compared
with the best-performing team — CTYUN-AI. Although not required for submission, the AdMIRe tasks expect
systems to predict the usage type of a given PIE in its context sentence (idiomatic vs. literal). Taking the instance
in Figure 1 as an example, the system is expected to predict that the PIE bad apple in the given sentence is used
idiomatically. We therefore also report the type prediction accuracy as Type Acc in addition to Top 1 Acc (Top Image
Accuracy) and DCG (NDCG@5). All scores are reported on a scale of 1.

Top 1 Acc DCG

Chinese 0.36 0.74
Georgian 0.4 0.74
Greek 0.43 0.76
Igbo 0.33 0.71
Kazakh 0.42 0.76
Norwegian 0.43 0.77
Portuguese-Brazil 0.53 0.81
Portuguese-Portugal 0.45 0.77
Russian 0.51 0.79
Serbian 0.40 0.74
Slovak 0.44 0.78
Slovenian 0.45 0.78
Spanish-Ecuador 0.35 0.73
Turkish 0.40 0.74
Uzbek 0.32 0.73

Table 2: Official results on the test set of AdMIRe 2.0.

the [TYPE] meaning or use of this ex-
pression. Only output the chosen caption
name, such as (A) or (B), do not include
any analysis.

The type information (i.e., [TYPE]) is also ob-
tained using a hard-voting strategy. The results
are shown in Table 3. Overall, incorporating type
information as guidance leads to a slight decrease
in performance compared with directly ranking
captions using the LLMs (see Table 2). The Top
Image Accuracy remains unchanged, while the
DCG score drops by 0.01. A closer look at the
type-specific scores reveals that performance on
literal metrics decreases while on idiomatic met-

rics improves. This outcome is likely due to the
fact that idiomatic usage tends to be more abstract
linguistically. Providing explicit type information
may therefore help the model identify relevant cues
in the captions and align them with the intended us-
age, therefore improving the accuracy. In contrast,
literal interpretations could depend more on visual
grounding (again, the bad apple example), which
is unavailable in the text-only track.

3 Related Work

Studies have shown that language models — rang-
ing from basic BERT to larger generative models
such as ChatGPT — continue to exhibit limita-
tions in interpreting idiomatic expressions (IEs)
(Shwartz and Dagan, 2019; Wu et al., 2024; Rau-
nak et al., 2023).

Typical solutions to IE representation learns
phrase embedding directly from contextual
co-occurrence (Mikolov, 2013; Yin and Schütze,
2014, 2016). This is effective for frequent expres-
sions but struggles with sparse IEs. Alternatively,
compositional approaches derive phrase embed-
dings by combining the embeddings of individ-
ual components (Mitchell and Lapata, 2010; Yu
and Dredze, 2015), but they often fail to capture
the semantic opacity characteristic of IEs. More
recent work leverages pre-trained language mod-
els (PLMs) for IE representation through adaptive
modules and contrastive learning, such as Zeng and
Bhat (2022); He et al. (2024); Wu et al. (2024). It
has also been found that external knowledge, such
as synonyms and definitions can enhance model
performance (Long et al., 2020; Wang et al., 2020;
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Top 1 Acc DCG Literal Acc Idiomatic Acc Literal DCG Idiomatic DCG

1 0.36 0.74 0.46 0.29 0.78 0.70
2 0.36 (0) 0.73 (-0.01) 0.41 (-0.05) 0.33 (+0.04) 0.75 (-0.03) 0.87 (+0.17)

Table 3: Results on the Chinese subset. The first row reports the ranking results obtained directly from LLMs, and
the second row presents the results produced by incorporating type information through pairwise comparison. In
addition to the overall Top 1 ACC and DCG scores, we also report type-specific performance (literal vs. idiomatic).
The values in parentheses in the second row indicate the increments relative to the first row.

Sha et al., 2023).
Such modelling stratgies have also been noticed

in the AdMIRe shared task (1.0), although partic-
ipation in the text-only track has been relatively
limited, likely because images provide stronger
cues for the ranking task. Nonetheless, Petersen
et al. (2025) fine-tuned SBERT for the task and aug-
mented captions using GPT-4-generated descrip-
tions. The top-performing team (Fan et al., 2025)
also applied extensive data augmentation — includ-
ing synonym substitution and back-translation —
for the multilingual setting, and fine-tuned Qwen
(Team, 2025) models for the task.

4 Conclusion

This report presents our work on the ADMIRE
2.0 task under the text-only setting. We adopt an
ensemble learning framework for the caption rank-
ing task, which places our methods in the second
position on the leaderboard. Nevertheless, the re-
sults clearly show that ADMIRE 2.0 is substantially
more challenging than ADMIRE 1.0, with notice-
ably lower scores. Even strong LLMs struggle to
reliably distinguish literal from idiomatic represen-
tations.

Limitations

First, we experimented with only a small subset of
available LLMs, which restricts the breadth of our
evaluation. Second, our approach relies solely on
zero-shot inference combined with a hard-voting
ensemble, without exploring more sophisticated or
innovative modeling strategies. Due to time and
resource constraints, we were unable to investi-
gate alternative architectures, training paradigms,
or more creative methods that might further im-
prove performance. We leave these directions for
future work.
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Abstract

This paper describes MISP (Multilingual Id-
iomatic Sentence Paraphrasing), a system sub-
mitted to the PARSEME 2.0 Multilingual
Shared Task on Identification and Paraphras-
ing of Multiword Expressions (MWEs). We
participated in Subtask 2 on MWE para-
phrasing and developed our system based on
Qwen3-4B-Instruct fine-tuned on synthetic
Portuguese MWE paraphrases. We applied
MISP not only to Portuguese, but also to French
and Romanian, aiming to leverage cross-lingual
transfer within related languages, with ours be-
ing the only submission for Portuguese. Our
results indicate that MISP struggles to generate
paraphrases that both rephrase and preserve the
original meaning of the MWE. Additionally,
instruction fine-tuning does not appear to im-
prove performance. Overall, our findings high-
light the challenges of paraphrasing MWEs,
particularly in a cross-lingual setting.1

1 Introduction

Multiword expressions (MWEs) are a major area
of interest within the field of natural language pro-
cessing (NLP). Different definitions have been pro-
posed that emphasise either their formulaic na-
ture (Wray, 2002) or their treatment as units rather
than as sequences of individual words (Calzolari
et al., 2002; Sag et al., 2002). Other definitions
highlight the idiosyncratic nature of MWEs on dif-
ferent levels (Baldwin and Kim, 2010; Calzolari
et al., 2002). We adhere to the definition provided
by Baldwin and Kim (2010, p. 269), which is the
one adopted by the PARSEME 2.0 Multilingual
Shared Task on Identification and Paraphrasing of
Multiword Expressions. MWEs are described as
“lexical items that: (a) can be decomposed into mul-
tiple lexemes; and (b) display lexical, syntactic,
semantic, pragmatic and/or statistical idiomaticity”.

1The implementation and dataset of MISP are available at
https://github.com/TinfFoil/unibo-misp/.

This definition does not equal idiomaticity to non-
compositionality (as traditionally argued), but to
“markedness” or “deviation” from the features of
the MWE’s components.

MWEs constitute a large part of language and
are estimated to be comparable in number to single
words in a speaker’s lexicon (Jackendoff, 1997).
They also come in different forms and exhibit a
high level of heterogeneity. MWEs can be placed
on an idiomaticity continuum, from highly id-
iomatic to more compositional expressions (Moon,
1998), as well as on a fixedness continuum, span-
ning from fixed expressions to flexible combina-
tions (Sag et al., 2002). Additionally, MWEs are
attested in a wide range of languages, in which they
are constructed differently (Baldwin et al., 2004).

The processing of MWEs is central to the de-
velopment of more linguistically precise NLP sys-
tems. Efficiently handling MWEs can have great
utility for various downstream tasks, such as pars-
ing, machine translation, information extraction
and sentiment analysis (Mititelu et al., 2025).

The PARSEME 2.0 Shared Task2 (Scholivet
et al., 2026), organised within the “Universality,
diversity and idiosyncrasy in language technology”
(UniDive) CA21167 COST Action3, focuses on the
identification (Subtask 1) and paraphrasing (Sub-
task 2) of MWEs. Both subtasks adopt a multilin-
gual perspective and involve 17 and 14 languages,
respectively.

We focused on Subtask 2 and developed MISP
(Multilingual Idiomatic Sentence Paraphrasing),
a system for MWE paraphrasing in French (fr),
Georgian (ka), Portuguese (pt), and Romanian (ro).
For this task, based on a sentence containing a
MWE, the system should generate a paraphrase
that (i) completely or partially removes the MWE,

2https://unidive.lisn.upsaclay.fr/doku.php?id=
other-events%3Aparseme-admire-st-call#call_for_
participation

3https://unidive.lisn.upsaclay.fr
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(ii) preserves the original meaning, and (iii) ex-
hibits linguistic diversity. In this paper, we de-
scribe our approach for three Romance languages
—French, Portuguese, and Romanian— based on
cross-lingual transfer. We selected languages from
the same language subgroup to assess whether
their linguistic kinship could be leveraged to ben-
efit cross-lingual transfer. We instruction-tuned
Qwen3-4B-Instruct-2507 (Qwen Team, 2025)4

on a dataset of synthetically generated paraphrases
in Portuguese created from the AStitchInLanguage-
Models dataset (Tayyar Madabushi et al., 2021).
The results, presented in Section 4, suggest that
MISP is not capable of generating paraphrases that
rephrase the MWE of the original sentence and
that retain its original meaning. Instruction fine-
tuning does not necessarily improve the model’s
performance, and the effects of cross-lingual trans-
fer appear limited or even negative.

The rest of the paper is distributed as follows.
Section 2 provides an overview of previous studies
and existing datasets for MWE paraphrasing. Sec-
tion 3 describes the experimental setup, from data
creation to fine-tuning. Then, Section 4 presents
the results and discussion of the experiments, while
Section 5 draws some conclusions and underscore
possible future developments.

2 Related Work

NLP applications have been focusing on two major
issues associated with MWEs: identification and
interpretation (Baldwin and Kim, 2010). These is-
sues are related to the idiomaticity or markedness
characterising MWEs, which calls for the need to
disentangle their intrinsic ambiguity, especially on
the semantic and the syntactic levels. Multilin-
guality adds another layer of complexity since lan-
guages license different ways of creating MWEs,
and the criteria to define them can vary based on
language (Villavicencio et al., 2004). As exempli-
fied by Baldwin et al. (2004), while in English only
expressions made of multiple whitespace-delimited
lexemes are considered, in German this criterion
is more flexible, since the language is rich in com-
pound nouns. While multilinguality introduces a
great degree of variability, it can also serve as an
aid for identifying MWEs by examining transla-
tions between languages (Melamed, 1997). For
instance, the lexemes balance and sheet are most

4https://huggingface.co/Qwen/
Qwen3-4B-Instruct-2507

often translated as équilibre and feuille in French,
while the expression balance sheet is translated as
bilan, which might indicate that balance sheet is
semantically idiomatic (Baldwin and Kim, 2010).

Since MWEs constitute a major interest in NLP,
various tasks have been explored. For example,
Zhou et al. (2021a) introduce the task of idiomatic
sentence paraphrasing (ISP), consisting in para-
phrasing a sentence containing an idiomatic expres-
sion by replacing them with their literal meaning.
As they point out, ISP aims to improve the read-
ability of an idiomatic sentence, possibly having
benefits on tasks such as machine translation. For
this purpose, they release the Parallel Idiomatic
Expression (PIE) dataset, which includes sentence-
level mappings between idiomatic sentences and
their paraphrases, and BIO tags to signal the MWE.
PIE is the first parallel dataset of idiomatic sen-
tence paraphrases and represents a significant con-
tribution to the study of MWEs in NLP. However,
datasets to address ISP remain relatively scarce,
even more so for other languages.

Tayyar Madabushi et al. (2021) release an an-
notated idiom-related dataset in English and Por-
tuguese, which is further extended with Galician
in the SemEval2022 Task 2 dataset (Tayyar Mad-
abushi et al., 2022). Given the scarcity of data,
studies have attempted to develop unsupervised or
weakly supervised systems, such as those by Zhou
et al. (2021b), who propose an unsupervised sys-
tem that leverages the meaning and the POS tags
of an idiomatic expression to generate an accurate
paraphrase of the whole sentence. Yet this system
is outperformed by their weakly supervised method
based on a high-quality parallel dataset and which
draws on back translation.

Considering the limited data for ISP, we devel-
oped a system based on the synthetic generation
of paraphrases from existing data in Portuguese,
and we attempted to exploit cross-lingual trans-
fer between Portuguese, French, and Romanian to
leverage their common genealogical root.

3 Experiments

3.1 Creation of Synthetic Data in Portuguese

To carry out the instruction fine-tuning, we first
needed paraphrases of sentences containing MWEs.
To this end, we used AStitchinLanguageMod-
els (Tayyar Madabushi et al., 2021), a dataset of nat-
urally occurring sentences containing potentially
idiomatic MWEs in both English and Portuguese.
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This dataset provides different annotations of the
MWEs, including whether their usage is literal
or idiomatic and a paraphrase for both meanings.
For example, the expression big fish is associ-
ated with the paraphrases “large fish” (literal) and
“important person” (idiomatic). We used the Por-
tuguese subset and extracted (i) the MWEs, (ii) the
sentences with an idiomatic usage of MWEs, and
(iii) the corresponding paraphrases.

Based on these, we synthetically generated three
paraphrases of each sentence through prompts
entirely written in Portuguese, following exist-
ing findings suggesting that instructions in En-
glish do not necessarily yield better results (e.g.,
Enomoto et al., 2025; Phelps et al., 2024). We
used Apertus-8B-Instruct-2509 (Hernández-
Cano et al., 2025)5 for the generation. Appendix A
shows an example of the prompts and the para-
phrases generated by the model. The prompt is
designed to provide the model with the meaning of
the MWE extracted from the dataset: in the exam-
ple from Appendix A, the MWE mercado negro
(black market) is defined as mercado ilegal (ille-
gal market), which gives the model extra informa-
tion about the meaning of the MWE. Additionally,
the prompt comprises practical guidelines to gen-
erate a paraphrase to help the model better follow
the instruction. Since the model is asked to follow
a specific output format, we were able to extract
the paraphrase from the whole model’s response by
using regular expressions.

We also attempted to filter the data based on
the BERTScore (Zhang et al., 2019) between origi-
nal and the paraphrased sentence. Synthetic para-
phrases having a BERTScore lower than 0.7 were
filtered out. However, since the filtered dataset ex-
hibited a significant drop in terms of diversity, the
filtering stage was omitted.

Following this methodology, we created a
dataset of 3,537 synthetic paraphrases in Por-
tuguese, which we used in the fine-tuning.

3.2 Instruction Fine-Tuning
Based on these generated data, we conducted
the instruction fine-tuning on Qwen3-4B-Instruct.
We used QLoRA (Quantized Low-Rank Adapta-
tion) (Dettmers et al., 2023), which combines 4-
bit quantization with LoRA (Hu et al., 2021) to
save computational resources while maintaining
model performance. The training process runs for

5https://huggingface.co/swiss-ai/
Apertus-8B-Instruct-2509

5 epochs using a batch size of 4 and the 8-bit paged
AdamW optimizer.

4 Results and Discussion

After fine-tuning, we applied the model to the test
data in Portuguese, French and Romanian. The test
sets comprise 158 sentences in Portuguese, 95 in
French and 138 in Romanian. We used prompts
entirely written in the target language, consistently
with the approach adopted during fine-tuning.

4.1 Automatic Evaluation

We carried out the automatic evaluation of our sys-
tem following the shared task’s approach. First,
BERTScore is computed only for the predictions
completely or partially deleting the MWE. This
score is designed to assess the semantic similar-
ity between such predictions and two manually
crafted paraphrases: a “minimal” one, which is
closer to the source sentence, and a “creative” one,
which greatly differs. Out of these two scores,
the higher one is chosen as the final BERTScore.
BERTScore is not computed on the original sen-
tence, but on gold standard paraphrases, since it
might struggle to capture the original idiomatic,
non-compositional semantics and give inaccurate
scores. Besides semantic similarity, the linguistic
diversity of the system’s paraphrasing is assessed
through three metrics, namely richness, Shannon
evenness, and Shannon–Weaver entropy (Shannon,
1948). Richness measures how varied the system’s
linguistic choices are, indicating the diversity of its
vocabulary for expressing similar meanings, with-
out resorting to the same patterns. Shannon even-
ness captures how balanced these choices are in
the system’s output, ensuring that all are equally
opted for. Finally, Shannon–Weaver entropy is
computed to measure the unpredictability of the
system’s paraphrasing behaviour.

Table 1 shows the obtained results. Baseline re-
sults are generated with gpt-oss-120b6 (OpenAI,
2025), a 117-billion parameter open-weight model
released by OpenAI in 2025. Qwen3-4B-Instruct
results reflect the performance of the model prior
to fine-tuning, whereas MISP indicates the perfor-
mance of the fine-tuned model. For comparison,
we include the scores obtained by the top partici-
pants of the shared task for French and Romanian
(ours is the only run submitted for Portuguese).

6https://huggingface.co/openai/gpt-oss-120b
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BERTScore Richness Evenness Entropy
French
gpt-oss-120b 77.55 326 0.92 5.33
Top PARSEME 93.90 236 0.83 4.54
Qwen3-4B-Instruct 48.31 630 0.91 5.88
MISP 49.53 564 0.93 5.89
Portuguese
gpt-oss-120b 80.21 619 0.92 5.93
Top PARSEME∗ – – – –
Qwen3-4B-Instruct 66.16 1,048 0.91 6.34
MISP 58.59 789 0.93 6.20
Romanian
gpt-oss-120b 74.74 742 0.93 6.14
Top PARSEME 89.25 235 0.98 5.36
Qwen3-4B-Instruct 67.68 1,148 0.91 6.42
MISP 57.01 1,096 0.91 6.36
∗ No other team submitted runs for Portuguese

Table 1: BERTScores, richness, evenness, and entropy for baseline, Qwen3-4B-Instruct, and MISP in French,
Portuguese, and Romanian. For comparison, the scores obtained by the top participant of the shared task are
included. Best values in bold.

As far as the BERTScore is concerned, MISP is
generally outperformed by the other models. Our
model fails to approximate the baseline across all
three languages. While for Portuguese and Ro-
manian the difference reaches approximately 20
points, for French the gap between baseline and
MISP is nearly 30 points. This gap widens when
considering the top participant’s scores for French
and Romanian: 93.90 and 89.25, respectively. This
suggests that these models are substantially more
capable of generating paraphrases that retain the
meaning of the original sentence. By contrast, MISP
appears to struggle to preserve the sense of the orig-
inal sentence across all three languages. Its highest
BERTScore is observed for Portuguese (58.59) but
is still relatively low.

Focusing on the effectiveness of instruction fine-
tuning, the findings show that for Portuguese and
Romanian fine-tuning does not lead to significant
improvements but instead results in poorer perfor-
mance, with BERTScores approximately 10 points
lower. This suggests that instruction fine-tuning not
only degraded performance in Romanian but also
in Portuguese, the language used for fine-tuning.
Further, the results might indicate that cross-lingual
transfer between these two languages did not oc-
cur or had a negative impact on the model’s per-
formance. For French, fine-tuning does not lead
to a deterioration in performance and yields a

BERTScore that is approximately 1-point higher.
Although this improvement is modest, it may in-
dicate that fine-tuning on Portuguese had a small
beneficial effect on French data, suggesting that
cross-lingual transfer might have taken place at
some degree.

When interpreting these results, however, we
need to consider that gpt-oss-120b is much larger
in size than Qwen3-4B-Instruct, which might par-
tially explain the difference in performance. Ad-
ditionally, our fine-tuning approach presents two
notable limitations. First, it relies on synthetically
generated data, which might be noisy and of vari-
able quality. Second, the size of the training dataset
is relatively small.

As for linguistic diversity, the baseline is gen-
erally outperformed by both MISP and the other
models across all languages and metrics. The
most notable difference is observed for richness,
which reaches a value of 1,148 for Romanian
with Qwen3-4B-Instruct. Additionally, both
Qwen3-4B-Instruct and MISP outperform the top
participant’s models across all three metrics (with
the exception of “richness” for Romanian). The
results suggest that both Qwen3-4B-Instruct and
MISP employ a more diverse and balanced vocabu-
lary when generating paraphrases and avoid using
the same repetitive patterns. However, it should be
noted that BERTScores remain relatively modest,
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and a manual evaluation would be necessary to de-
termine if the increased linguistic diversity reflects
correct and appropriate paraphrases. The findings
in Table 1 might indicate that striking a balance
between meaning preservation and diversity is a
true challenge.

4.2 Error Analysis on French

In addition, we conducted an error analysis of the
paraphrases generated by MISP for French. We fol-
lowed the scheme adopted by the shared task for the
manual evaluation of the submitted systems’ pre-
dictions. Five criteria are evaluated. (i) Elimination
indicates whether the MWE has been partially or
completely removed and replaced by a paraphrase.
(ii) Meaning assesses whether the original mean-
ing is preserved. (iii) Grammaticality checks for
spelling or grammar errors. (iv) Grammatical close-
ness evaluates whether grammatical features such
as time, mood, and number are retained. (v) Other
includes additional aspects such as naturalness and
register. Criteria (ii) to (v) are only assessed for
paraphrases where the MWE has been eliminated.

We compared 95 paraphrases in French against
the original sentences. The error analysis shows
that the model managed to completely or partially
remove the MWE in only 39 out of 95 cases.
Among these 39 cases, the meaning is preserved
in 21 sentences (54%), while in others the model
fails to retain it. As for grammaticality, correctness
is preserved in 37 paraphrases, and grammatical
closeness is retained in 35 cases. Finally, in 3 cases
the paraphrases are correct both in meaning and
grammar, but lack naturalness. Some examples of
each error type are provided in Table 2, while the
corresponding translations into English and some
statistics are reported in Appendix B.

The error analysis suggests that MISP struggles
to paraphrase the MWE contained in the original
sentence and retains it in the majority of cases.
Similarly, it often fails to generate paraphrases that
maintain the meaning of the original sentence. In
contrast, only minor issues emerge regarding lan-
guage quality.

5 Conclusions

In this paper, we described MISP, a multilingual sys-
tem for MWE paraphrasing submitted to Subtask
2 of the PARSEME 2.0 Shared Task. We reported
the findings related to three Romance languages:
French, Portuguese, and Romanian. Our analy-

Elimination – MWE not deleted
O Une déviation en voie rapide a été inaugurée en 1993.
P Une modification sur la voie rapide a été mise en place en

1993
Meaning – original meaning not preserved

O Effets négatifs de la rétention d’information
P Les effets néfastes de la conservation d’information

Grammaticality – contains a grammar error
O Après quelques années passées à Ringerike, ils s’installent

dans le quartier Nordstrand d’Oslo, où ils reprennent un
bed and breakfast.

P Après quelques années de résidence à Ringerike, ils
s’installent dans le quartier Nordstrand d’Oslo, où ils
reprendent une auberge de jeunesse
Grammatical Closeness – change in mood, time, number

O Nelson Downs n’a jamais pris de cours de magie, il était
autodidacte et très jeune il développa une remarquable
habileté pour la manipulation de cartes et de pièces.

P Nelson Downs n’a jamais suivi de cours de magie, il était
autodidacte et, très jeune, il a développé une remarquable
capacité à manipuler des cartes et des pièces
Other – issues with naturalness, register, other

O Entre 2005 et 2007, il joue pour l’équipe réserve du Saturn
Ramenskoïe en troisième division.

P De 2005 à 2007, il participe à l’équipe de réserve du Sat-
urn Ramenskoïe, qui compétitionne en troisième division

Table 2: Examples of Original and Paraphrase evalua-
tion errors in different categories. MWEs are shown in
italics, while errors are highlighted in bold.

sis suggests that the baseline from gpt-oss-120b
achieves significantly higher BERTScores across
all languages, whereas MISP often fails to preserve
the original meaning. Instruction fine-tuning on
Portuguese and Romanian did not yield improve-
ments, and in some cases it led to degraded per-
formance, suggesting limited or negative cross-
lingual transfer. However, MISP’s performance
on French appears slightly improved compared
to Qwen3-4B-Instruct, which may indicate that
fine-tuning was beneficial and that some degree
of cross-lingual transfer took place and helped
the model better perform on French data. On the
other hand, Qwen3-4B-Instruct and its fine-tuned
version, MISP, appear more able to generate para-
phrases that exhibit higher linguistic diversity.

Error analysis in French shows that MISP often
fails to rephrase MWEs and confirms that it strug-
gles to maintain meaning, although grammatical
correctness and closeness are generally preserved.
Overall, our findings highlight the intrinsic diffi-
culty of paraphrasing MWEs across languages and
underscore the need for task-specific multilingual
data.
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Limitations

Our study has limitations that might account for
the observed results. First, the fine-tuning dataset
is relatively small, which may not help the model
learn effective paraphrasing in a significant way.
Second, the dataset used for the fine-tuning is syn-
thetically generated, introducing potential noise
and variability that could have negatively affected
the model’s performance. As for the error analy-
sis for French, it was conducted by a non-native
speaker, which may have reduced the reliability of
some judgments.

Ethics Statement

In this paper, we deliberately employ two relatively
small language models (8B and 4B parameters).
This choice was partly driven by practical con-
straints, such as available hardware resources. Ad-
ditionally, the use of smaller models reflects an
ethical consideration regarding the more resource
efficiency of such models, with the aim of support-
ing more sustainable as well as reproducible NLP
practices.
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A Prompt for the Synthetic Data Generation of Data and Prompt for Instruction
Fine-tuning

Table 3 shows an example of the prompt used to synthetically generate paraphrases in Portuguese, while
Table 4 illustrates the prompt used for the instruction fine-tuning.

Prompt
### Instruções: Você é falante nativo de português brasileiro. A frase a seguir contém a ex-
pressão composta "mercado negro", que significa "mercado ilegal". Elabore 3 reformulações
da frase seguindo os passos abaixo:
- Leia a frase atentamente e certifique-se de compreender todo o seu significado.
- Escreva a ideia principal da frase com suas próprias palavras: use sinônimos, altere a
estrutura da frase e a estrutura gramatical.
- Compare sua reformulação com a frase original para garantir que o significado foi preser-
vado.
Formate sua resposta desta maneira:
As paráfrases são:
1)
2)
3)
### Frase: Os medicamentos estão sendo vendidos no mercado negro e os resultados dos
testes estão demorando dias.
### Resposta:
Synthetically Generated Paraphrases
1) Os medicamentos estão sendo comercializados ilegalmente e os resultados dos exames
estão levando dias para serem divulgados.
2) Medicamentos estão sendo vendidos no mercado ilegal, e os resultados dos testes estão
demorando dias para serem apresentados.
3) Os medicamentos estão sendo vendidos no mercado clandestino e os resultados dos
exames estão levando dias para serem divulgados.

Table 3: Example of prompt in Portuguese and the three paraphrases generated by the model according to the
instructions.

Prompt
### Instruções:
Você é falante nativo de português brasileiro. A frase a seguir contém a expressão composta
"{idiom}". Elabore uma reformulação da frase seguindo os passos abaixo:
- Leia a frase atentamente e certifique-se de compreender todo o seu significado.
- Escreva a ideia principal da frase com suas próprias palavras: use sinônimos, altere a
estrutura da frase e a estrutura gramatical.
- Compare sua reformulação com a frase original para garantir que o significado foi preser-
vado.
Formate sua resposta desta maneira:
A paráfrase é:
1)
### Frase: {sentence}.
### Resposta:
1) {paraphrase}

Table 4: Prompt in Portuguese for the instruction fine-tuning.
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B Results of Error Analysis

Table 5 shows the English translations of the error examples reported in Section 4.2. Table 6 shows the
statistics related to the error types occurring in MISP generated paraphrases.

Elimination – the MWE was not deleted

O A deviation to the fast track was inaugurated in 1993.
P A change to the fast track was implemented in 1993

Meaning – the original meaning was not preserved

O Negative effects of information retention.
P The adverse effects of information conservation
Grammaticality – the paraphrase contains a grammar error

O After a few years in Ringerike, they moved to the Nordstrand district of Oslo,
where they took over a bed and breakfast.

P After living in Ringerike for a few years, they moved to the Nordstrand district
of Oslo, where they took over a youth hostel.

Grammatical Closeness – the paraphrase contains a change in mood, time or number

O Nelson Downs never took magic lessons; he was self-taught and, at a very
young age, developed remarkable skills in manipulating cards and coins.

P Nelson Downs never had magic lessons; he was self-taught and, at a very young
age, has developed remarkable skills in manipulating cards and coins.

Other – the paraphrase has issues regarding naturalness, register or other aspects

O Between 2005 and 2007, he played for Saturn Ramenskoye’s reserve team in
the third division.

P From 2005 to 2007, he took part in Saturn Ramenskoye’s reserve team, which
competed in the third division.

Table 5: English translations of examples of Original and Paraphrase evaluation errors in different categories.
MWEs are shown in italics, while errors are highlighted in bold.

Meaning Retained Not Retained
54% 46%

Grammaticality Correct Incorrect
95% 5%

Grammatical Closeness Retained Not Retained
90% 10%

Other No Issues Issues
95% 5%

Table 6: Percentages of paraphrases with retained meaning, correct grammaticality, and retained grammatical
closeness.
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Abstract

This paper presents our system for the MWE-
2026 AdMIRe 2.0 shared task, which aimed
to advance multimodal idiomatic understand-
ing across 15 languages. We address the task
of selecting, from a set of five images, the
one that best represents either the literal or
idiomatic meaning of a given compound in
context. Our approach follows a multi-step
pipeline: a large language model (LLM) first
determines whether the compound is used lit-
erally or idiomatically and generates auxiliary
text, consisting of an idiomatic meaning expla-
nation and a visual description of the literal
meaning. An ensemble of three CLIP models
then identifies the two images most semanti-
cally similar to the appropriate generated text
via a voting mechanism. Finally, the LLM se-
lects the best image from these two candidates.

1 Introduction

Idiomatic expressions pose a fundamental chal-
lenge for language understanding systems because
their meanings are not compositionally derivable
from their constituent words (Dankers et al., 2022).
Rather than being inferable from surface lexi-
cal cues, idioms often encode abstract, culturally
grounded semantics that require contextual reason-
ing and access to shared world knowledge (Sag
et al., 2002).

For large language models (LLMs), this diffi-
culty is further amplified by inherent ambiguity
and distributional bias in training data. Because
many idioms occur predominantly in their figu-
rative sense, models tend to strongly associate a
given compound with its idiomatic meaning, often
underrepresenting or overlooking its literal inter-
pretation.

For example, when prompting GPT-5 (Singh
et al., 2025) with the sentence “Some cat’s eyes
were installed on the newly built road for the safety

*Corresponding authors.

of the drivers” and asking whether “cat’s eyes” is
used literally or idiomatically, the model incor-
rectly interprets it as literal, despite the term’s
metaphorical usage referring to reflective road
studs.

The AdMIRe 2.0 task is designed to test these
limitations by evaluating models’ ability to under-
stand idiomatic expressions across both linguistic
and visual modalities. Given an idiomatic com-
pound, a contextual sentence, and a set of candidate
images, systems must identify the image that best
matches the intended interpretation of the expres-
sion (Arslan et al., 2026).

To address this challenge, we propose a multi-
step multimodal disambiguation pipeline that com-
bines linguistic reasoning with structured visual
grounding. At a high level, our approach first deter-
mines whether an expression is used idiomatically
or literally in context, then leverages contrastive
text–image representations to progressively narrow
the space of candidate interpretations before mak-
ing a final decision.

2 Task and Dataset

The first edition of the task (Pickard et al., 2025)
evaluated systems on a dataset comprising two lan-
guages: English and Brazilian Portuguese. The
second edition significantly expands this scope,
introducing a substantially larger multilingual
dataset covering 15 different languages (Torunoğlu-
Selamet et al., 2026) which are composed as shown
in Appendix C.

Our pipeline was originally developed and vali-
dated using the English subset from the first edition.
Additionally, at the time of writing, ground-truth
annotations for the second edition dataset have not
yet been released. For these reasons, we restrict
our experiments to the English dataset and focus
exclusively on this language for the remainder of
the paper.
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The English dataset is divided into training, de-
velopment, test, and extended evaluation subsets, as
shown in Table 1. The extended evaluation subset
is formed by concatenating the 3 subsets previously
mentioned, using different contextual sentences.

Data # instances
English Train 70
English Dev 15
English Test 15
English Extended 100

Table 1: Dataset statistics for the English language

For each item, the system receives an idiomatic
expression (e.g. “bad apple”), a contextual sen-
tence (e.g.“The team’s efforts were spoiled by one
bad apple”) and a set of five images (see Figure 1).
The system must choose the image which best rep-
resents the literal or the idiomatic meaning, de-
pending on which is used in the contextual sen-
tence. In this example, the expected response is
the first image. Each set of five images is con-
structed according to a fixed blueprint: one image
that strongly reflects the idiomatic meaning, one
that weakly reflects the idiomatic meaning, one im-
age that strongly reflects the literal meaning, one
that weakly reflects the literal meaning, and one
image that is unrelated to either interpretation. In
what follows, these images are referred to as strong
idiomatic, weak idiomatic, strong literal, weak lit-
eral, and distractor, respectively.

3 Pipeline Overview

This section provides a high-level overview of
the proposed multimodal disambiguation pipeline.
First, a LLM is provided with a compound expres-
sion and its surrounding sentence and tasked with
classifying the usage as either idiomatic or literal.
Next, for each compound, two textual representa-
tions are generated: one explicitly describing the
idiomatic meaning, and another describing the lit-
eral meaning in visual terms (e.g., for “love trian-
gle”: “three hearts connected at the corners, form-
ing a triangle”).

These textual descriptions, together with the set
of five candidate images, are then processed by
three distinct CLIP-based models (Radford et al.,
2021) to produce joint text–image embeddings. For
each image, similarity scores with respect to both
textual descriptions are computed, and an ensem-
ble voting mechanism selects the two most seman-

tically aligned candidates. Finally, the LLM per-
forms a comparison between these two finalists and
makes the ultimate disambiguation decision (see
Figure 2).

Conceptually, our system can be viewed as a hier-
archy in which the LLM serves as the final decision-
maker, while the preceding multimodal stages act
as a structured filtering process that progressively
reduces the ambiguity space to a minimal set of
competing interpretations.

4 System Description

4.1 Baselines

First, it is important to acknowledge both the capa-
bilities and limitations of large language models in
the context of multimodal idiomatic understanding.
When prompted (see Appendix A) to directly se-
lect the correct image from a set of five candidates,
OpenAI’s GPT-4o (OpenAI et al., 2024) achieves
an accuracy of approximately 75%. These findings
align with results presented in the first edition of
the task (Alfter, 2025), where an accuracy of up to
81% was obtained using an LLM-only approach
augmented with additional idiom detection and ex-
planation steps.

When it comes to human evaluation, the paper
describing the first edition of the task mentions
the performance and evaluation method of human
annotators, who averaged a precision of 71%, with
the best scoring individual obtaining a score of
86%.

4.2 Binary Classification

As a first step, we use the LLM to classify each
expression-context pair as either idiomatic or lit-
eral. We employ a reasoning-oriented prompting
strategy that provides the model with specific eval-
uation criteria to ground its decision, while strictly
constraining the generated output to a single bi-
nary label. (The exact prompts are presented in
Appendix A). This step is critical, as the resulting
classification determines which textual representa-
tion is used in the subsequent multimodal similarity
stages.

Table 2 reports the classification accuracies ob-
tained using two large language models, GPT-5
and GPT-4o, under two prompting strategies: sim-
ple prompting and the reasoning-oriented prompt-
ing strategy. For the stronger model (GPT-5), this
prompting strategy yields only a modest improve-
ment, as the model already performs near ceiling

218



Strongly idiomatic Weakly idiomatic Distractor Weakly literal Strongly literal

Figure 1: Data example for bad apple

Test Data Idiomatic/Literal
Classification

Idiom 
Explanation

Visual
Descriptor

CLIP Ensemble
(3 models)

LLM Final
Image Selection

Best 2
Images

Figure 2: Overview of the proposed multimodal pipeline.

with simple prompting (96%), reaching 99% when
guided reasoning is encouraged. In contrast, for the
less capable GPT-4o model, the same prompting
strategy produces a substantial performance gain,
increasing accuracy from 91% to 99%. This effec-
tively brings GPT-4o to near-perfect performance
and largely closes the performance gap to GPT-5.

Model Reasoning Simple

gpt-5 99% 96%
gpt-4o 99% 91%

Table 2: Performance comparison between Reasoning-
Oriented and Simple prompting.

4.3 Auxiliary Text

Certain compounds (e.g., “love triangle”, “eye
candy”) are overwhelmingly used in idiomatic con-
texts and rarely occur with a literal interpretation
in either natural language or visual data. Conse-
quently, multimodal models such as CLIP, which
are trained on large-scale web corpora, tend to en-
code these expressions primarily according to their
idiomatic meaning. To ease the burden on the en-
coding models and encourage more interpretable
representations, we generate two auxiliary textual
descriptions: one explaining the idiomatic meaning
and another providing a visual description of the
literal interpretation. In what follows, we will refer
to these as “synonym” and “visual”, respectively.
Also, we will refer to the original expression as

“compound”. Such examples are presented in the
appendix (Table 6).

Table 3 illustrates the issue discussed above us-
ing the love triangle example (see Figure 3): the
three encoding models assign a higher average sim-
ilarity score to the strongly idiomatic image rather
than to the strongly literal one. The visual descrip-
tor used for the literal interpretation: “three hearts
connected at the corners, forming a triangle” does
not exactly match the image; nevertheless, it guides
the models toward a more faithful representation
of the intended literal meaning.

Image Category Compound Synonym Visual

Strong Literal 0.169 0.207 0.187
Distractor 0.072 0.137 0.015
Weak Idiomatic 0.135 0.211 0.086
Weak Literal 0.107 0.097 0.091
Strong Idiomatic 0.188 0.256 0.079

Table 3: Average cosine similarity scores between the
three text types (Compound, Synonym, Visual) and the
five image categories. The highest score per column is
bolded.

However, the outputs of the LLM when used
with the default temperature vary considerably.
Lower decoding temperatures reduce variability by
producing more concentrated token distributions
and more deterministic outputs. While this can im-
prove consistency, it also limits exploration of alter-
native reasoning paths, making the generation more
sensitive to early token choices and increasing the
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Setting 1st run 2nd run 3rd run

Temp 1.0 82% 90% 87%
Temp 0.3 84% 83% 84%
MBR 0.7 88% 90% 91%
MBR 1.0 90% 88% 89%

Table 4: Performance comparison across text generating
strategies.

likelihood that initial errors influence subsequent
reasoning.

Minimum Bayes Risk (MBR) decoding explic-
itly explores multiple plausible generations and
selects the solution that is consistent across sam-
ples. This allows MBR to recover from individ-
ual generation errors and better approximate the
model’s underlying posterior, resulting in improved
performance despite higher computational cost. Re-
cent work has shown that MBR-style decoding can
substantially improve robustness by selecting out-
puts that minimize disagreement across multiple
generations rather than relying on a single sample
(Heineman et al., 2024).

In our implementation, we apply MBR decod-
ing by generating 20 independent responses at a
temperature of 1.0 and 0.7, respectively, for each in-
put. Each response is embedded using a Sentence-
Transformers model (all-mpnet-base-v2) (Reimers
and Gurevych, 2019). The final prediction is se-
lected as the one whose embedding exhibits min-
imal average distance to the others, effectively
choosing the most representative or consensus so-
lution among the candidates. As shown in Table 4,
this strategy consistently outperforms both default-
temperature decoding and low-temperature decod-
ing across all evaluated metrics, confirming that in-
creased diversity combined with consensus-based
selection yields better performance than increased
determinism alone.

4.4 CLIP Ensemble

To encode both images and text, we use an en-
semble of vision–language models. Table 5 re-
ports results for seven models released by LAION
(Schuhmann et al., 2022), Google (Zhai et al.,
2023), and OpenAI (Radford et al., 2021), evalu-
ated under ground-truth idiomaticity classification,
thereby isolating the image–text matching perfor-
mance from upstream classification errors. The
three selected models are highlighted in the table.

We report performance using six metrics. Top-

1 (T1) and Top-2 (T2) accuracy measure whether
the correct image is ranked first or among the top
two candidates, respectively. Evaluation is con-
ducted over three complementary sub-tasks: Syn,
which assesses idiomatic cases by matching im-
ages against the synonym-based generated text; Lit,
which evaluates literal cases using the original com-
pound expression; and Vis, which measures perfor-
mance on literal cases using the visual descriptor
of the compound.

As part of the candidate selection process, we
introduce an exclusion step in which the image
whose embedding is closest to the visual descriptor
is removed from consideration. This is intended to
prevent this image from being selected as a final-
ist. Without this exclusion, the system achieves an
average accuracy of 83%.

The performance gain introduced by this step is
observed exclusively in idiomatic cases, as literal
interpretations are generally easier for the models
to detect. Applying the same exclusion strategy
to literal cases—by removing the most idiomati-
cally aligned image—leads instead to a decrease in
overall accuracy.

4.5 LLM Final Choice
For literal and idiomatic interpretations, the dis-
tinction between the image that best represents the
meaning and the one that more vaguely resembles
it is often subtle and can exceed the discrimina-
tive capacity of vision–language embedding mod-
els alone. The following example illustrates this,
as the synonym text generated for “piece of cake”
(“Something that is very easy to do or accomplish,
often used to describe a task or activity that requires
little effort or skill.”) produced an embedding more
similar to the weak idiomatic, instead of the ex-
pected image (see Table 7).

In such cases, similarity-based ranking may fail
to reliably separate near-identical candidates. To
address this limitation, we introduce a final LLM-
based decision stage.

After the CLIP ensemble reduces the candidate
pool to the two most semantically aligned images,
the LLM is prompted to perform a direct compar-
ison between these finalists, conditioned on the
original compound, its context sentence, and the
relevant auxiliary text.

Empirically, this final decision step yields a sub-
stantial improvement in accuracy, increasing perfor-
mance from 74% achieved by the CLIP ensemble
alone, to 90%. This result highlights the comple-
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Model Syn T1 Syn T2 Lit T1 Lit T2 Vis T1 Vis T2

google/siglip-so400m-patch14-384 61 82 77 92 88 98
laion/CLIP-ViT-H-14-laion2B-s32B-b79K 68 83 81 94 83 96
openai/clip-vit-large-patch14 70 85 83 98 77 96
laion/CLIP-ViT-g-14-laion2B-s12B-b42K 72 87 81 98 84 100
google/siglip-large-patch16-384 4 32 26 51 22 52
laion/CLIP-ViT-B-32-laion2B-s34B-b79K 55 78 81 96 81 96
google/siglip-base-patch16-256 25 44 34 62 30 54

Table 5: Performance comparison of CLIP and SigLIP models.

mentary strengths of embedding-based retrieval
and generative reasoning: while the former effec-
tively narrows the search space, the latter excels at
fine-grained semantic discrimination.

5 Results

The model accurately predicted the correct image
in 53% of tests across all 15 languages, achiev-
ing second place in the overall ranking for the im-
age and text subtrack. The exact results for each
language are displayed in the appendix. On the
English dataset, which was not part of the official
evaluation, it achieved an accuracy of around 90%
on average. The observed discrepancy between
performance on the English subset and the multi-
lingual dataset may be attributed to several factors,
including differences in data availability, language-
specific idiomatic usage, and the predominantly
English-centric training and prompting of the un-
derlying models, as well as a possible difference in
the quality of the data.

Considering the variant that was used in the of-
ficial evaluation and which is described in this pa-
per: there are sources of error at each step of the
pipeline, from the binary classification to the final
LLM choice. The testing data, once augmented
and published, will be a valuable asset that could
further improve the system, especially by enabling
development focused on multiple languages.

6 Conclusion

In this paper, we presented a multi-step,
multimodal system for the MWE-2026 AdMIRe
2.0 shared task. Our approach combines auxiliary
text generation, a CLIP model ensemble, and a
final LLM-based decision stage to address the chal-
lenges of multimodal idiomatic understanding.

Our analysis shows that auxiliary textual repre-
sentations significantly improve image–text align-

ment, that Minimum Bayes Risk decoding yields
more robust generations than temperature-based
control, and that LLMs are most effective when
used as high-level decision-makers rather than di-
rect classifiers. Despite the increased computa-
tional cost, the resulting gains justify the design
choices in settings where accuracy is critical. Be-
cause the system relies heavily on LLM-based rea-
soning, model selection directly impacts both per-
formance and cost. Stronger models improve ac-
curacy but introduce significant computational and
economic overhead, necessitating a trade-off be-
tween effectiveness and efficiency.

Future work includes extending the system
to additional languages, exploring fine-tuned
multimodal encoders, and investigating more prin-
cipled risk functions for MBR decoding. We hope
our findings contribute to a deeper understanding
of idiomaticity in multimodal language processing.

7 Limitations

We identify several limitations that warrant further
investigation:

• The experiments were conducted exclusively
on the English language; therefore, the results
are strongly influenced by the quality of the
models in multilingual settings.

• A more extensive ablation study would be nec-
essary to fully understand the contribution of
each component; at present, each component
yields a direct and gradual increase in accu-
racy.

• A more in-depth analysis of the models’ fa-
miliarity with Brazilian Portuguese data is
needed, as it may indicate potential data con-
tamination from the first edition of the task.
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A LLM Prompts

Baseline Prompt
You are given 5 images, the compound
’{compound}’ and the context: {sentence}.
If the compound is used in the context id-
iomatically, choose the image that best rep-
resents the IDIOMATIC MEANING, and if it
is used literally, choose the image that best rep-
resents the LITERAL MEANING. Respond
with ONLY "1", "2", "3", "4" or "5" - nothing
else.

Reasoning-Oriented Prompt for Classifica-
tion
Here is the idiom: {compound} Although this
idiom is usually used idiomatically, it can
be used, in rare cases, literally. Think about
such an example, then look at this sentence:
{sentence} Think about both possible inter-
pretations: literal and idiomatic. Then decide
which meaning matches the compound in this
sentence. Your response must be exactly one
word: literal OR idiomatic

Simple Prompt for Classification
In the following sentence, is the compound
{compound} used idiomatically or literally:
{sentence} Your response must be exactly
one word: literal OR idiomatic.

Prompt for Synonym Text Generation
Define this idiom in 30-40 words, as it would
appear in a dictionary: {compound} Write
ONLY the definition itself in english. Do NOT
include the idiom phrase in your response.
Start directly with the meaning, like: “Dishon-
est or mischievous behavior...” not “Monkey
business means...”

Prompt for Visual Description Text Gener-
ation
Generate a generic, SHORT visual description
for the literal meaning of: {compound} Write
ONLY the visual description itself in english.
Do NOT include the compound phrase in your
response. Start directly with the meaning, like:
“Multiple hens having a party...” not “Women
having a party...” for hen party and “Very
angry aunt...” NOT “Caring woman send-
ing letters...” for “agony aunt” REMEMBER:
I WANT THE LITERAL MEANING, NOT
IDIOMATIC OR METAPHORICAL

Prompt for Final 2-Candidate Choice
Choose which image better shows the
{LITERAL/IDIOMATIC} meaning of:
{compound} Respond only with 1 or
2.

B Examples

Type Generated Text

Compound: Ghost town

Synonym A deserted town or area that was
once populated or active, often
characterized by abandoned build-
ings and a lack of human activity,
typically resulting from economic
decline or natural disasters.

Visual A spectral figure wandering
through deserted streets and empty
buildings.

Table 6: Examples of generated auxiliary text for the
compound “Ghost town”.

Image Category Avg. Similarity

Strong Idiomatic 0.155
Weak Idiomatic 0.197
Distractor 0.095
Weak Literal 0.101
Strong Literal 0.093

Table 7: Average cosine similarity scores between the
5 images and the synonym text, for the “piece of cake”
example
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Strongly idiomatic Weakly idiomatic Distractor Weakly literal Strongly literal

Figure 3: Data example for love triangle

Strongly idiomatic Weakly idiomatic

Figure 4: Data example for piece of cake

C Test Data

Language # Records # Compounds

Chinese 179 57
Georgian 113 32
Greek 208 52
Igbo 115 42
Kazakh 156 51
Norwegian 202 51
Portuguese
(Brazil)

228 57

Portuguese (Por-
tugal)

220 58

Russian 140 39
Serbian 363 95
Slovak 151 42
Slovenian 240 60
Spanish
(Ecuador)

48 13

Turkish 180 54
Uzbek 120 42

Table 8: Dataset composition by language. #Records
denotes the total number of instances (rows) available
for each language, while #Compounds indicates the
number of distinct idiomatic expressions.
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Language Accall Acclit Accid Corrall Corrlit Corrid DCGall DCGlit DCGid

Brazilian Portuguese 0.80 0.89 0.71 0.19 0.23 0.15 0.91 0.95 0.87
Russian 0.68 0.90 0.50 0.24 0.59 -0.03 0.87 0.95 0.82
Slovenian 0.67 0.77 0.58 0.23 0.27 0.20 0.87 0.91 0.83
Turkish 0.62 0.75 0.53 0.15 0.24 0.08 0.84 0.90 0.81
European Portuguese 0.57 0.68 0.46 0.12 0.17 0.07 0.81 0.86 0.77
Greek 0.57 0.67 0.46 0.20 0.29 0.10 0.84 0.89 0.80
Kazakh 0.53 0.70 0.44 0.04 0.21 -0.05 0.80 0.89 0.75
Norwegian 0.52 0.72 0.32 0.13 0.30 -0.04 0.80 0.89 0.71
Slovak 0.48 0.54 0.42 0.19 0.21 0.17 0.78 0.80 0.77
Georgian 0.47 0.50 0.44 0.18 0.27 0.10 0.75 0.77 0.74
Chinese 0.45 0.43 0.47 0.11 0.21 0.03 0.76 0.74 0.77
Serbian 0.45 0.55 0.36 0.10 0.14 0.06 0.76 0.81 0.72
Ecuadorian Spanish 0.42 0.18 0.62 0.16 0.16 0.17 0.81 0.78 0.84
Igbo 0.39 0.55 0.33 -0.01 0.00 -0.01 0.74 0.80 0.72
Uzbek 0.33 0.47 0.26 -0.00 0.25 -0.11 0.74 0.80 0.71

Table 9: Per-language evaluation results for AdMIRe 2.0 Subtask A, sorted by decreasing overall accuracy (Accall).
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Department of Artificial Intelligence and Data Engineering

Istanbul Technical University
{site21, arslanog20, gulsenc}@itu.edu.tr

Abstract

This paper presents our system for AdMIRe
2 (Advancing Multimodal Idiomaticity Repre-
sentation), a shared task on multilingual multi-
modal idiom understanding. The task focuses
on ranking images according to how well they
depict the literal or idiomatic usage of poten-
tially idiomatic expressions (PIEs) in context,
across 15 languages and two tracks: a text-only
track, and a multimodal track that uses both
images and captions. To tackle both tracks, we
propose a hybrid zero-shot pipeline built on
large vision–language models (LVLMs). Our
system employs a chain-of-thought prompting
scheme that first classifies each PIE usage as
literal or idiomatic and then ranks candidate
images by their alignment with the inferred
meaning. A primary–fallback routing mech-
anism increases robustness to safety-filter re-
fusals, while lightweight post-processing recov-
ers consistent rankings from imperfect model
outputs. Without any task-specific fine-tuning,
our approach achieves 55.9% Top-1 Accuracy
in the text-only track and 60.1% in the multi-
modal (text+image) track, ranking first overall
on the official leaderboard. These results sug-
gest that carefully designed zero-shot LVLM
pipelines can provide strong baselines for mul-
tilingual multimodal idiomaticity benchmarks.

1 Introduction

Idioms constitute a subclass of multi-word expres-
sions (MWEs) and remain a challenging problem
even for state-of-the-art large language models
(LLMs). The core difficulty stems from the fact
that idiomatic meaning is non-compositional and
often unpredictable from the constituent words;
that is, it cannot be reliably inferred by composing
the semantics of the individual words. For instance,
the expression "bad apple" rarely refers to a de-
fective piece of fruit; instead, it typically denotes
a person whose negative behavior can corrupt or

*Corresponding author.

undermine a group. Idioms can also introduce am-
biguity between a literal reading suggested by their
surface form and the intended idiomatic interpre-
tation. These properties make idioms a valuable
probing ground for examining how NLP models
represent and compose meaning.

In recent years, progress has been made toward
modeling idiomatic meaning (Umut et al., 2025;
Kim et al., 2025; Khoshtab et al., 2025). Neverthe-
less, language models still struggle with figurative
and abstract meaning, often failing to go beyond
surface-level lexical cues and relying on shallow
lexical associations (Mi et al., 2025; Leon et al.,
2025). This weakness has practical implications
for downstream tasks that require meaning beyond
straightforward compositional semantics. In par-
ticular, failures in idiom understanding can lead to
incorrect reasoning in natural language inference
(Stowe et al., 2022), mismatches in retrieval and se-
mantic similarity (Tayyar Madabushi et al., 2022),
and erroneous decisions in question-answering sys-
tems (Rakshit and Flanigan, 2022). Improving id-
iom understanding is therefore an important step to-
ward more robust language understanding, motivat-
ing targeted benchmarks and analyses of idiomatic
language to better assess model generalization.

Idiom processing has been evaluated with idiom-
specific datasets and benchmarks at both token
and sentence level, covering idiomaticity detec-
tion and representation learning (Cook et al., 2008;
Haagsma et al., 2020; Saxena and Paul, 2020; Tay-
yar Madabushi et al., 2022; Tedeschi et al., 2022).
More recently, some datasets have incorporated vi-
sual information to create multimodal evaluation
settings, revealing that grounded figurative and id-
iomatic understanding can be substantially more
challenging for LVLMs than text-only benchmarks
(Saakyan et al., 2025; Yosef et al., 2023). SemEval-
2025 Task 1 (AdMIRe: Advancing Multimodal
Idiomaticity Representation) frames idiomaticity
through image-based meaning representation and
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prediction, providing a benchmark for grounding
idiom interpretation beyond text-only cues (Pickard
et al., 2025). Building on this foundation, AdMIRe
2 further expands the evaluation to a broader multi-
lingual and multimodal setting centered on poten-
tially idiomatic expressions (PIEs). The shared task
is run in two tracks, a text-only track and an im-
age+text track, which enables direct measurement
of how visual grounding affects literal–idiomatic
disambiguation (Arslan et al., 2026).

In this paper, we propose a hybrid zero-shot
system for both tracks that combines two LVLMs
through a primary–fallback mechanism and uses
efficient prompting strategies to produce robust im-
age rankings.

We show that our proposed system ranks first on
the official leaderboard in terms of average perfor-
mance across tracks. Our pipeline achieves 55.9%
accuracy in the text-only track and 60.1% accu-
racy in the multimodal (text+image) track, without
requiring any task-specific fine-tuning.

All the code is available on our GitHub1.

2 Background

This section reviews prior work on LLMs and
LVLMs, with a particular focus on their applica-
tions to idiom processing and figurative language
understanding.

Early work on idioms and PIEs predates large-
scale LLMs and focuses on building dedicated
resources and supervised models. Classical id-
iom datasets target token-level usage labeling and
sentence-level idiomaticity, and have shown that
idioms are systematically harder for distributional
models than compositional expressions (Cook et al.,
2008; Saxena and Paul, 2020). More recent cor-
pora such as MAGPIE scale this line of work up to
large, annotated collections of PIEs drawn from
the British National Corpus, with tens of thou-
sands of instances labeled as literal or idiomatic
across more than 1,700 expressions (Haagsma et al.,
2020). Other idiom-focused resources extend this
direction to naturally occurring English and Por-
tuguese sentences containing multiword expres-
sions, annotated with fine-grained sense labels to
evaluate idiom usage detection and sentence-level
representation learning (Madabushi et al., 2021).
SemEval-2022 Task 2 further consolidates this di-
rection by casting multilingual idiomaticity detec-
tion and idiom-aware sentence embeddings as a

1https://github.com/oguzaliarslan/idiom-nlp

shared task in English, Portuguese, and Galician,
and by providing a common evaluation protocol
for idiom-sensitive representations (Tayyar Mad-
abushi et al., 2022). In parallel, large language
models have also been explored as tools for idiom
corpus construction, generating synthetic idiom
corpora across multiple languages and assessing
their value for idiomaticity detection (Arslan et al.,
2025). Taken together, these efforts establish id-
iom and PIE processing primarily as a supervised,
text-only classification and representation problem,
and highlight both the usefulness of idiom-focused
resources and the difficulty of encoding idiomatic
meaning even for strong pretrained transformers.

With the emergence of LLMs, idiom processing
has increasingly been revisited through prompt-
based evaluation, particularly in zero-shot and
few-shot settings. Recent work constructs con-
trolled contrastive datasets of minimal sentence
pairs where the same idiom is used in either a literal
or a figurative context, and shows that LLMs often
fail precisely when disambiguation requires careful
use of contextual cues rather than surface-level as-
sociations (Mi et al., 2025). Another line of work
investigates LLMs as classifiers for multiword ex-
pressions and PIEs, finding that carefully engi-
neered prompts can match supervised baselines on
some idiom and MWE identification benchmarks,
but that performance does not generalize reliably
across datasets and is highly sensitive to annota-
tion choices (Hashiloni et al., 2025). Complemen-
tary work evaluates conversational LLMs on chal-
lenging idiom detection test suites and reports sys-
tematic errors, including over-predicting idiomatic
readings in literal contexts and difficulty dealing
with polysemous expressions (De Luca Fornaciari
et al., 2024). Overall, these studies show that, de-
spite notable progress, state-of-the-art LLMs still
rely on shallow lexical cues and frequency statistics
when processing idioms and PIEs, and often fail to
recover the intended non-compositional meaning
from context.

Figurative language has also been studied more
broadly, beyond idioms, as a testbed for LLMs’
semantic and reasoning capabilities. A natural
language inference benchmark for figurative lan-
guage frames the task as recognizing entailment
between around nine thousand premise–hypothesis
pairs covering various figurative phenomena, each
annotated with an entailment label and a human-
written explanation (Chakrabarty et al., 2022). Ex-
periments on such benchmarks show that even
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strong sequence-to-sequence models fine-tuned on
the data exhibit substantial gaps in both prediction
accuracy and explanation quality, indicating that
figurative language remains challenging even in
text-only settings.

More recently, research has begun to explore
figurative language in multimodal settings, where
images provide additional grounding. The IRFL
dataset pairs idioms, metaphors and similes with
both figurative and literal candidate images and de-
fines recognition tasks that require models to iden-
tify which image best reflects the figurative mean-
ing (Yosef et al., 2023). State-of-the-art LVLMs
achieve only around 22% accuracy on IRFL, com-
pared to 97% for humans, underscoring the diffi-
culty of multimodal figurative understanding. V-
FLUTE extends this direction by framing visual
figurative language understanding as an explain-
able visual entailment task, covering metaphors,
similes, idioms, sarcasm, and humor. Given an
image and a caption, a model must decide whether
the image entails the caption and provide a textual
explanation (Saakyan et al., 2025). Experiments on
V-FLUTE reveal that LVLMs struggle to general-
ize from literal to figurative meaning, particularly
when figurative cues are primarily present in the
visual modality, and often produce hallucinated or
incomplete explanations.

Within this broader figurative-language land-
scape, multimodal idiom understanding has only re-
cently become a dedicated research focus. IRFL in-
cludes an idiom subset, but treats idioms alongside
other figurative phenomena in a unified recognition
setting, without explicitly modeling potentially id-
iomatic expressions or literal–idiomatic ambiguity.
In contrast, SemEval-2025 Task 1: AdMIRe (Ad-
vancing Multimodal Idiomaticity Representation)
offers a more targeted benchmark centered on id-
ioms and PIEs in multilingual, multimodal contexts
(Pickard et al., 2025). AdMIRe introduces datasets
where nominal compounds with both literal and
idiomatic readings are embedded in context sen-
tences and paired with images generated to depict
either the literal or idiomatic interpretation, across
English and Brazilian Portuguese. The task descrip-
tion reports that the strongest participating systems
rely on mixtures of pre-trained LLMs and LVLMs,
multi-query prompting, and reranking strategies,
yet performance still varies considerably across lan-
guages, idiom types and sense (literal vs idiomatic),
indicating that robust multimodal idiom grounding
remains an open challenge.

Participant papers from AdMIRe and related
multimodal shared tasks broadly converge on a
similar pattern: rather than training models from
scratch, systems typically start from powerful pro-
prietary or open-source LVLMs and focus on de-
signing task-specific prompts, scoring functions
and ensembling schemes for each benchmark (You
et al., 2025). This line of work demonstrates that
careful prompt engineering can substantially im-
prove idiom-related performance, but it also high-
lights the engineering cost and limited generality of
heavily task-tuned pipelines. Based on these stud-
ies, our work investigates how far a purely zero-
shot LVLM-based system can go on AdMIRe 2,
using efficient prompting strategies to address both
the text-only and image+text tracks. By directly
comparing performance across tracks in a shared
multilingual PIE setting, we provide complemen-
tary evidence on the strengths and remaining limi-
tations of LVLMs for grounded idiomaticity.

3 Methodology

3.1 Proposed Architecture

We propose a zero-shot inference pipeline designed
to rank associated images based on the literal
or idiomatic usage of PIEs. Our approach uti-
lizes the reasoning capabilities of the state-of-the-
art LVLMs through a structured chain-of-thought
(CoT) prompting strategy.

As depicted in Figure 1, our architecture lever-
ages both candidate images and their captions to
support two tracks: text-only and multimodal (im-
age + text). In the text-only track, captions proxy
visual content, whereas the multimodal track addi-
tionally allows reasoning over visual cues absent
from text.

3.2 Chain-of-Thought Prompting

Our system employs a five-step CoT prompting
strategy2 that guides the model through explicit
reasoning stages before producing a final image
ranking.

Step 1: Usage Type Classification First, we an-
alyze the context sentence to determine whether
the PIE is used literally or idiomatically. To
achieve this, we provide explicit definitions for
both categories: literal usage describes physical,
photographable scenarios, whereas idiomatic us-

2Complete prompt templates for each step are provided in
Appendix A.
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Figure 1: Overview of the proposed system. The system takes a PIE, context sentence, and five candidate images
(with captions) as input. A chain-of-thought prompting strategy guides the model through usage classification,
image evaluation, and ranking stages to produce the final output.

age conveys figurative meaning distinct from the
surface-level interpretation.

Step 2: Reviewing Images and Captions The
model examines the five candidate images to un-
derstand what each represents. For the text-only
track, we analyze the provided image captions to
interpret the scenery. In the multimodal track, both
the raw images and their corresponding captions
are passed to the model.

Step 3: Image Evaluation Following the review
of images and captions, the model evaluates how
well each of the five candidate images represents
the usage type (literal or idiomatic) identified in
Step 1. A critical design choice is to prioritize
evaluation of how well each image represents the
expression’s literal or idiomatic meaning, rather
than how closely it matches the context sentence.
For instance, if the expression ”night owl” is used
idiomatically in the context sentence, the model
is instructed to prefer images that depict the figu-
rative meaning over images that match the literal
description of the PIE. For each candidate image,
the model generates a quality rating, supported by
a rationale that quotes the cues and information
utilized for the inference.

Step 4: Image Ranking Based on the evalua-
tions from Step 3, the model ranks all five candidate
images from best to worst according to how well
they represent the identified meaning of the PIE.
We instruct the model to compare lower-ranked can-
didates with higher-ranked ones, using the ratings
from Step 3, to ensure that the ranking is grounded
in the preceding analysis rather than generated ar-
bitrarily.

Step 5: Output Generation Finally, the model
produces a structured JSON output containing all
components of its analysis. The output includes
the identified usage type, the reasoning behind this
classification, evaluations for each candidate image,
and the final ranking of the candidate images with
supporting statements.

3.3 Model Inference Logic

Our inference pipeline implements a hybrid LVLM
architecture that routes instances between two mod-
els via a primary-fallback mechanism. We use
Gemini 2.5 Pro (Comanici et al., 2025) as our pri-
mary model and GPT-5.1 (OpenAI, 2025) as the
fallback.

For each PIE in the dataset, we construct the
CoT prompt and send it to the primary model. A
major challenge while processing PIEs across dif-
ferent languages is that certain expressions can be
flagged by the API’s safety filters, particularly id-
ioms involving sensitive terms. We monitor API
responses for refusal signals and route to a fall-
back model when the primary model refuses. This
ensures valid rankings for every instance without
manual intervention.

3.4 Post Processing

In this stage, we parse the model’s JSON output
directly, with a regex-based fallback to extract rank-
ings when parsing fails due to syntax errors. This
ensures valid rankings even from malformed out-
puts.
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3.5 Evaluation

The system’s performance on both tracks was eval-
uated using two official metrics: Top-1 Accuracy,
measuring whether the gold-standard best image is
ranked first, and NDCG@5 with relevance weights
[3, 1, 0, 0, 0], capturing overall ranking quality.
Leaderboard rankings were determined by average
Top-1 Accuracy across languages.

4 Experiments

4.1 Dataset

The AdMIRe 2 shared task provides a dataset cov-
ering PIEs across 15 diverse languages, listed in
Table 2. The construction and statistics of this mul-
tilingual resource are described in the accompany-
ing dataset paper (Torunoğlu-Selamet et al., 2026).
Each data instance consists of a PIE, a context sen-
tence in which the PIE is used, and five candidate
images along with their generated captions.

4.2 Text-only Track

For the text-only track, Table 1 presents our sys-
tem’s performance across all 15 languages. Our
approach achieves 55.9% average Top-1 accuracy,
with a NDCG@5 of 0.831. Brazilian Portuguese
leads with 78.9% accuracy, followed by Slove-
nian 72.5% and Russian 65.0%, while Ecuadorian
Spanish presents the most challenging case at only
25.0% accuracy.

4.3 Multimodal Track

The right half of Table 1 presents our hybrid sys-
tem’s performance on the multimodal track for all
languages. Incorporating images leads to clear
gains: average Top-1 Accuracy improves to 60.1%
and NDCG@5 increases to 0.849. Overall, our sys-
tem shows 4.2% better performance on multimodal
track.

The benefit of visual information is especially
observed in several languages. Turkish shows the
largest improvement, from 50.5% to 67.8%, fol-
lowed by Brazilian Portuguese, Serbian, Norwe-
gian, Slovak, and Slovenian. Even for the hard-
est language, Ecuadorian Spanish, multimodality
yields a modest gain.

4.4 Literal vs. Idiomatic Asymmetry

Across both tracks, we observe a consistent asym-
metry between literal and idiomatic usages. In the
text-only setting, our system attains 61.1% aver-
age accuracy on literal uses, compared to 51.3%

on idiomatic ones, indicating that idiomatic read-
ings are substantially harder to capture. When im-
ages are added, overall performance improves for
both usage types: average accuracy increases to
66.9% for literal cases and 54.8% for idiomatic
ones. However, the literal–idiomatic gap does not
disappear; in fact, it slightly widens, suggesting
that current LVLMs leverage visual cues more ef-
fectively for concrete, photographable meanings
than for abstract figurative interpretations. This
pattern is particularly evident in languages such
as Greek and Norwegian, where literal cases con-
sistently dominate idiomatic ones, and aligns with
prior findings that idioms remain challenging even
for strong multimodal models.

4.5 Comparison between Text-only and
Multimodal Track

Comparing columns in Table 1, 14 out of 15 lan-
guages benefit from adding images, confirming that
visual grounding generally helps the model align
PIE interpretations with the correct image. Notably,
Igbo is the only exception where text-only setting
outperforms the multimodal setting by 4%, which
may be due to noisier captions or weaker image-
text alignment for this language. This suggests that
while multimodal information is beneficial in most
cases, its impact can be uneven across languages
and data conditions.

4.6 Model Comparison
To understand the contribution and performance
of the underlying LVLMs, we analyze the perfor-
mance of our primary model against the fallback
model. Detailed breakdowns are provided in Ta-
ble 3 (text-only) and Table 4 (text + image) in the
Appendix.

Gemini 2.5 Pro outperforms GPT-5.1 across both
tracks, achieving 55.9% vs. 55.0% on text-only
and 59.8% vs. 57.3% on the multimodal track. In
the text-only track, the two models perform sim-
ilarly, with less than one percentage point differ-
ence, demonstrating the strong linguistic capabil-
ities of both models. However, the gap widens
considerably when images are included, showing
Gemini 2.5 Pro’s stronger vision-language capacity.
Gemini gains 3.9% points when moving from text-
only to text+image, compared to GPT-5.1’s 2.3%
improvement. This disparity is most pronounced
in Turkish, where Gemini’s accuracy jumps from
50.5% to 67.6% while GPT-5.1 shows a more mod-
est increase from 52.7% to 58.2%.
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Text-Only Track Multimodal Track

Accuracy NDCG@5 Accuracy NDCG@5

Language All Lit Id All Lit Id All Lit Id All Lit Id

Chinese .458 .556 .378 .774 .806 .749 .497 .568 .439 .799 .811 .789
Georgian .513 .600 .444 .791 .828 .762 .531 .620 .460 .808 .840 .783
Greek .591 .702 .481 .856 .917 .795 .639 .740 .538 .874 .925 .822
Igbo .478 .606 .427 .784 .836 .764 .435 .545 .390 .777 .843 .751
Kazakh .603 .593 .608 .838 .849 .833 .609 .667 .578 .844 .879 .825
Norwegian .614 .780 .451 .853 .909 .799 .673 .790 .559 .881 .922 .841
Portuguese (Brazil) .789 .860 .719 .917 .951 .884 .855 .868 .842 .939 .956 .922
Portuguese (Portugal) .618 .670 .570 .863 .872 .855 .641 .717 .570 .865 .882 .848
Russian .650 .742 .577 .871 .903 .846 .686 .855 .551 .891 .947 .846
Serbian .551 .599 .505 .819 .849 .792 .617 .740 .500 .837 .897 .779
Slovak .543 .691 .422 .836 .889 .793 .596 .721 .494 .854 .902 .815
Slovenian .725 .792 .658 .893 .925 .860 .779 .833 .725 .911 .940 .882
Spanish (Ecuador) .250 .045 .423 .723 .658 .777 .271 .091 .423 .726 .650 .791
Turkish .505 .514 .500 .823 .826 .821 .676 .722 .645 .895 .912 .884
Uzbek .500 .417 .536 .816 .811 .818 .517 .556 .500 .834 .855 .824

Average .559 .611 .513 .831 .855 .810 .601 .669 .548 .849 .877 .827

Table 1: Results across both tracks for 15 languages. Accuracy and NDCG@5 are reported for all instances
(All), literal usage (Lit), and idiomatic usage (Id). The multimodal track outperforms text-only by 4.2% in overall
accuracy.

5 Conclusion

In this paper, we presented the solution developed
by the ITUNLP group for the AdMIRe 2 shared
task on multilingual multimodal idiom understand-
ing. The proposed approach tackles the task in
a purely zero-shot setting. Our system yields
promising results, achieving 1st place on the of-
ficial leaderboard in terms of average performance
across both tracks.

For future work, we plan to evaluate open-source
LVLMs within our proposed system to gain a
broader perspective on model performance. Fur-
thermore, since the AdMIRe 2 dataset currently
covers only 15 languages, we aim to apply our sys-
tem to additional languages and datasets, further
expanding its applicability and testing its robust-
ness.
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Appendix

A Generation Prompts

A.1 Task Setup and Context

Research Context & Task

You are an expert linguist conducting academic research on potentially idiomatic expressions
(PIEs) for a linguistic analysis study. This is a scholarly research task analyzing language usage
patterns.
Research Context: Academic linguistic analysis of expression usage patterns.
Expression: {compound}
Context Sentence: {sentence}
Research Task:

1. Determine if {compound} is used LITERALLY or IDIOMATICALLY in this sentence.

2. Rank 5 images by how well they represent the LITERAL MEANING or IDIOMATIC
MEANING of {compound} (based on Step 1).

CRITICAL: Rank by how well images represent the literal/idiomatic MEANING of the expression,
NOT by how well they match the specific context sentence. If it’s literal, rank images closest to
the literal meaning highest. If it’s idiomatic, rank images closest to the idiomatic meaning highest.
You must work through this problem step-by-step. Complete each step fully before moving to the
next.

A.2 Chain-of-Thought Reasoning Steps

Step 1: Analyze Context and Determine Usage Type

Determine whether {compound} is used LITERALLY or IDIOMATICALLY in this sentence.

• LITERAL: Words describe their actual physical meaning; you could photograph exactly
what they describe (e.g., "night owl" = actual owl).

• IDIOMATIC: Expression has figurative meaning different from literal interpretation; de-
scribes abstract concepts (e.g., "night owl" = person who stays up late).

Output: State "LITERAL" or "IDIOMATIC" with 2-3 sentence reasoning referencing specific
context clues.

Step 2: Review Image Captions

Below are the 5 image captions. Examine the caption text to understand what each image represents:
[System Note: Image captions inserted here dynamically]

• Image 1 ({img_name}): Caption: "{caption}"

• ...

Note what each caption describes and how it relates to literal vs figurative representation.
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Step 3: Evaluate Each Image Against Usage Type

For each image (based on its caption), evaluate how well it represents the LITERAL MEANING
or IDIOMATIC MEANING of {compound} (based on Step 1).
CRITICAL: Evaluate how well the image (based on its caption) represents the literal/idiomatic
MEANING of the expression, NOT how well it matches the specific context sentence.
Evaluation criteria:

• If LITERAL: Does the caption suggest the image shows the physical/literal meaning of
{compound}? Rank images that best represent what {compound} literally means (the actual
physical thing/action), regardless of whether they match the specific context scene.

• If IDIOMATIC: Does the caption suggest the image represents the figurative/idiomatic
meaning of {compound}? Rank images that best represent the idiomatic meaning (the abstract
concept), regardless of whether they match the specific context.

For each image (4-5 sentences):

• Quote specific caption phrases

• Explain how well the caption suggests the image represents the literal/idiomatic MEANING
of {compound}

• Do NOT evaluate based on context matching - only evaluate meaning representation

• Match quality: EXCELLENT / GOOD / MODERATE / POOR / VERY POOR

Step 4: Rank Images

Rank all 5 images from BEST to WORST based on how well their captions suggest they represent
the literal/idiomatic MEANING of {compound}.
CRITICAL RANKING RULE: Rank by meaning representation, NOT context matching:

• If LITERAL: Rank images that best represent the LITERAL MEANING of {compound}
highest (captions suggesting the actual physical thing/action). The top 2 images should be
closest to the literal meaning, regardless of context.

• If IDIOMATIC: Rank images that best represent the IDIOMATIC MEANING of {compound}
highest (captions suggesting the figurative/abstract concept). The top 2 images should be
closest to the idiomatic meaning, regardless of context.

For #1 image (5-6 sentences):

• Start by restating WHY the expression is literal/idiomatic (from Step 1)

• Quote caption phrases

• Explain why this image’s caption best represents the literal/idiomatic MEANING of
{compound}

• Focus on meaning representation, NOT context matching

• Briefly compare to lower-ranked images
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A.3 Final Output Specification

Step 5: Final Output (JSON)

Provide your complete analysis as VALID JSON. Ensure all 5 images are included in the ranking.
CRITICAL: Use the ACTUAL image filenames listed above, NOT placeholder names like
"image1.png".
JSON structure (use actual filenames from the images listed above):
{
"usage_type": "literal" or "idiomatic",
"usage_reasoning": "2-3 sentences with context clues",
"image_evaluations": {

"{image_names[0]}": "EXCELLENT - quote caption...",
"{image_names[1]}": "GOOD - quote caption...",
"{image_names[2]}": "MODERATE - quote caption",
"{image_names[3]}": "POOR - quote caption",
"{image_names[4]}": "VERY POOR - quote caption"

},
"reasoning": "5-6 sentences: restate WHY literal/idiomatic...",
"ranking": ["{image_names[0]}", "{image_names[1]}", "{image_names[2]}",

"{image_names[3]}", "{image_names[4]}"]
}

Requirements:

• Use the EXACT image filenames from Step 2 (e.g., {image_names[0]})

• Quote captions, connect to usage type

• Escape quotes as
" in JSON strings

• Output ONLY JSON.

B Language Codes

Table 2: List of languages and their corresponding codes.

Language Code Language Code

Chinese zh Russian ru
Georgian ka Serbian sr
Greek el Slovak sk
Igbo ig Slovenian sl
Kazakh kk Spanish (Ecuador) es-EC
Norwegian no Turkish tr
Portuguese (Brazil) pt-BR Uzbek uz
Portuguese (Port.) pt-PT

C Detailed Per-Language Results on Text-Only and Multimodal Tracks

D Inference Parameters
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Gemini 2.5 Pro GPT 5.1

Accuracy NDCG@5 Accuracy NDCG@5

Language All Lit Id All Lit Id All Lit Id All Lit Id

Chinese .458 .556 .378 .774 .806 .749 .436 .444 .429 .776 .774 .778
Georgian .513 .600 .444 .791 .828 .762 .531 .600 .476 .804 .834 .781
Greek .591 .702 .481 .856 .917 .795 .591 .673 .510 .848 .896 .800
Igbo .478 .606 .427 .784 .836 .764 .391 .454 .365 .766 .824 .742
Kazakh .603 .593 .608 .838 .849 .833 .577 .630 .549 .850 .880 .834
Norwegian .614 .780 .451 .853 .909 .799 .554 .700 .412 .838 .892 .785
Portuguese (Brazil) .789 .860 .719 .917 .951 .884 .741 .816 .667 .905 .946 .865
Portuguese (Portugal) .618 .670 .570 .863 .872 .855 .595 .717 .482 .849 .902 .800
Russian .650 .742 .577 .871 .903 .846 .664 .758 .590 .876 .913 .848
Serbian .551 .599 .505 .819 .849 .792 .543 .588 .500 .809 .842 .777
Slovak .543 .691 .422 .836 .889 .793 .530 .574 .494 .824 .840 .811
Slovenian .725 .792 .658 .893 .925 .860 .704 .742 .667 .894 .915 .873
Spanish (Ecuador) .250 .045 .423 .723 .658 .777 .354 .090 .576 .739 .661 .806
Turkish .505 .514 .500 .823 .826 .821 .527 .556 .509 .826 .831 .823
Uzbek .500 .417 .536 .816 .811 .818 .508 .417 .548 .816 .803 .822

Average .559 .611 .513 .831 .855 .810 .550 .584 .518 .829 .855 .817

Table 3: Detailed performance comparison of Gemini 2.5 Pro and GPT 5.1 on the text only track. Accuracy and
NDCG@5 are reported for all instances (All), literal usage (Lit), and idiomatic usage (Id).

Gemini 2.5 Pro GPT 5.1

Accuracy NDCG@5 Accuracy NDCG@5

Language All Lit Id All Lit Id All Lit Id All Lit Id

Chinese .480 .617 .367 .789 .825 .759 .497 .568 .439 .799 .811 .789
Georgian .531 .620 .460 .808 .840 .783 .469 .560 .397 .792 .835 .757
Greek .639 .740 .538 .874 .925 .822 .635 .760 .510 .868 .930 .807
Igbo .426 .485 .402 .777 .828 .757 .435 .545 .390 .777 .843 .751
Kazakh .609 .667 .578 .844 .879 .825 .564 .722 .480 .838 .915 .797
Norwegian .673 .790 .559 .881 .922 .841 .658 .770 .549 .874 .906 .844
Portuguese (Brazil) .855 .868 .842 .939 .956 .922 .855 .921 .789 .938 .969 .907
Portuguese (Portugal) .641 .717 .570 .865 .882 .848 .614 .708 .526 .856 .893 .822
Russian .686 .855 .551 .891 .947 .846 .650 .790 .538 .871 .931 .823
Serbian .595 .661 .532 .829 .867 .792 .617 .740 .500 .837 .897 .779
Slovak .596 .721 .494 .854 .902 .815 .583 .676 .506 .844 .897 .800
Slovenian .779 .833 .725 .911 .940 .882 .758 .817 .700 .907 .933 .880
Spanish (Ecuador) .271 .091 .423 .726 .650 .791 .208 .045 .346 .721 .649 .782
Turkish .676 .722 .645 .895 .912 .884 .582 .681 .518 .835 .874 .810
Uzbek .517 .556 .500 .834 .855 .824 .475 .444 .488 .815 .824 .811

Average .598 .663 .539 .848 .875 .826 .573 .650 .512 .838 .874 .811

Table 4: Detailed performance comparison of Gemini 2.5 Pro and GPT 5.1 on the text+image track. Accuracy and
NDCG@5 are reported for all instances (All), literal usage (Lit), and idiomatic usage (Id).

Model Max Output Tokens Temperature Reasoning Effort

Gemini 2.5 Pro 8,192 1.0 Default
GPT-5.1 (fallback) 2,500 Default Medium

Table 5: Inference parameters used for the primary and fallback models.
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Abstract

This paper presents our approach to the
PARSEME 2.0 Shared Task on Romanian, cov-
ering both Identification (Subtask 1) and Para-
phrasing (Subtask 2). While Large Language
Models (LLMs) excel at semantic generation,
we hypothesize that they lack the structural pre-
cision required for MWE identification, leading
to “boundary hallucinations” that compromise
downstream simplification. Our Rank 1 results
on Romanian confirm this: a specialized en-
coder (RoBERT) using standard sequence la-
beling outperforms both few-shot LLMs and
complex structural parsers (MTLB-STRUCT).
This justifies our proposed pipeline: using en-
coders as precise “pointers” to guide the gener-
ative power of LLMs.

1 Introduction

Text Simplification (TS) aims to reduce the linguis-
tic complexity of text to make it more accessible
to diverse audiences, including non-native speak-
ers (Bunparit and Riabroi, 2025) and individuals
with cognitive impairments (Guidroz et al., 2025).
Although modern TS approaches have achieved
significant success (Alva-Manchego et al., 2025),
Multiword Expressions (MWEs) pose persistent
challenges (Barbu Mititelu et al., 2025). A TS
system that fails to identify them correctly may
simplify them literally, compromising the original
meaning (Agrawal and Carpuat, 2024).

However, performance drops substantially in
low-to-medium resource settings (Zhong et al.,
2026). Languages like Romanian expose the limi-
tations of massively multilingual models, where
the scarcity of native supervision amplifies An-
glocentric inductive biases. Despite their scale,
such architectures often “think in English” (Etxaniz
et al., 2024), effectively overriding local morpho-
syntactic constraints with dominant English pat-
terns.

*Corresponding authors.

Emerging benchmarks for Romanian (Anghel
et al., 2025) reveal a critical trend: linguistically
grounded baselines consistently outperform purely
generative models, which struggle with morpholog-
ical precision.

We hypothesize that reliable MWE paraphras-
ing is currently suboptimal when performed end-
to-end, particularly in low-resource languages. It
requires the decoupling of two distinct capabilities:
precise structural analysis to anchor the expression,
and context-aware generation to rewrite it. We val-
idate this modular architecture within the context
of the PARSEME 2.0 Shared Task (Scholivet et al.,
2026), proposing a pipeline where Subtask 1 serves
as the structural scaffolding for Subtask 2:

• Subtask 1 (Identification): we utilize a
fine-tuned encoder (RoBERT-base) to strictly
localize expressions. we demonstrate that
encoder-only architectures offer the bound-
ary precision necessary to prevent the “over-
simplification” of surrounding context a preci-
sion that generative models currently lack in
Romanian.

• Subtask 2 (Paraphrasing): we leverage the
Few-shot capabilities of GPT-4o, but strictly
constrain its input to the spans identified by
the encoder. This hybrid approach ensures
that the LLM’s creativity is channeled exclu-
sively into the MWE’s simplification, mini-
mizing hallucinations and preserving the sen-
tence’s original meaning.

This approach highlights that effective TS isn’t
about massive scale, but about using specialized
encoders to guide the generative power of LLMs.

2 Related Work

MWEs have famously been characterized as a “pain
in the neck” for Natural Language Processing (Sag
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et al., 2002). Particularly idioms, these construc-
tions pose longstanding challenges due to their id-
iosyncrasy and non-compositionality, functioning
as single semantic units despite their variable syn-
tax (Baldwin and Kim, 2010). Fixed phrases like
the Romanian “a spăla putina” (lit. to wash the
barrel → to run away) exemplify this strict non-
compositionality, rendering literal interpretation
strategies entirely ineffective.

Following the inclusion of Romanian in the inau-
gural PARSEME Shared Task (Savary et al., 2017),
Barbu Mititelu et al. (2019) consolidated these ef-
forts into the first large-scale, open-access corpus
of Romanian Verbal MWEs. This work highlighted
the language’s specific challenges: high morpho-
logical richness and relatively free word order.

While the global PARSEME leaderboards have
historically been dominated by massive multi-
lingual architectures such as MTLB-STRUCT
(Taslimipoor et al., 2020), which leverage cross-
lingual transfer to mitigate data scarcity, this
paradigm has shown limitations for Romanian. Re-
cent retrospective studies (Avram et al., 2023) chal-
lenged this multilingual dominance, demonstrat-
ing that a standard, fine-tuned monolingual RoBERT
model significantly outperforms complex multilin-
gual baselines (including MTLB-STRUCT) by bet-
ter capturing the language-specific morphosyntac-
tic nuances required for resolving discontinuity.

This syntactic flexibility makes Romanian
MWEs significantly more elusive. Unlike fixed
English idioms (e.g., kick the bucket), Romanian
expressions exhibit extreme morphosyntactic elas-
ticity, allowing for extensive interpolation that de-
fies the contiguity biases of Anglocentric models.

Even within the Romance family, Romanian dis-
plays a higher degree of word order freedom, allow-
ing components to be separated by arbitrarily long
sequences (e.g., “o luase [fără să se uite înapoi]
la sănătoasa” – lit. “he took it [without looking
back] to the healthy”, meaning “he fled”). Conse-
quently, transfer learning from high-resource lan-
guages often fails to capture these specific disconti-
nuity patterns, necessitating dedicated monolingual
architectures.

3 Task Description

The PARSEME 2.0 Shared Task addresses the end-
to-end processing of MWEs.

Subtask 1: Identification and Categorization
Systems are required to detect MWE spans and

assign them fine-grained categories. The taxonomy
covers a broad spectrum of expressions, ranging
from Verbal MWEs (e.g., Idioms – VID, Light Verb
Constructions – LVC) to Nominal (NID), Adjecti-
val (AdjID), and Adverbial (AdvID) constructions.
The primary challenge in Romanian is handling
discontinuity and nesting. Due to the relatively
free word order of Romanian, MWE components
are frequently separated by intervening tokens of
arbitrary length.

Subtask 2: Paraphrasing This subtask targets
the semantic substitution of MWEs. Systems
must replace the identified spans with semantically
equivalent words or phrases, regardless of whether
the output remains idiomatic or becomes literal.

4 System Description

Our experiments are conducted on the Romanian
corpus1 provided by the PARSEME 2.0 Shared
Task, distributed in the .cupt format (an extension
of CoNLL-U). The dataset contains annotations
for various categories of MWEs, adhering to the
universal guidelines of the PARSEME network.

Our approach is grounded in the observation
that MWE identification and MWE paraphrasing
require fundamentally different processing capabil-
ities. Consequently, we treat Subtask 1 as a strictly
structural sequence labeling problem, while Sub-
task 2 is treated as a semantic generation problem.

4.1 MWE Identification (Subtask 1)

We frame MWE identification as a sequence label-
ing task. The training data provided in the CUPT
format contains complex, often nested annotations.
To make this compatible with standard transformer-
based classifiers, we linearized the structures using
the BIO (Begin, Inside, Outside) tagging scheme.

Formally, for a sentence S = {w1, w2, ..., wn},
each token wi is assigned a label yi ∈ L, where L
represents the set of MWE categories prefixed with
positional tags: specifically, the scheme assigns
B-CAT to the initial token of a category CAT (e.g.,
B-VID), I-CAT to subsequent components within
the expression, and O to all tokens outside any
MWE.

Preprocessing: we addressed the legacy encod-
ing inconsistencies common in Romanian by nor-
malizing all diacritics to the standard comma-below

1https://parsemefr.lis-lab.fr/
parseme-st-guidelines/2.0/
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form (s, , t,) prior to tokenization, ensuring vocabu-
lary alignment with the pre-trained models.

We evaluated five Transformer-based
architectures divided into two cate-
gories: Multilingual Models, includ-
ing bert-base-multilingual-cased,
xlm-roberta-base, and mdeberta-v3-base;
and Romanian Monolingual Mod-
els, specifically RoBERT-base and
bert-base-romanian-cased-v1.

LLM Benchmarking Setup: since fine-tuned
encoders already handle standard cases efficiently,
demonstrating that a computationally expensive
LLM can replicate this performance offers no prac-
tical added value. Therefore, we designed a tar-
geted stress test focused exclusively on the en-
coders’ known failure modes (e.g., rare or unseen
MWEs). Our goal was to determine if GPT-4o pro-
vides genuine gains in these “hard” scenarios where
the baseline struggles, rather than redundantly eval-
uating it on easy instances.

4.2 LLMs vs Encoders
To construct a representative evaluation subset
(N = 170), we implemented a deterministic sam-
pling script that filters the validation data through a
hierarchical cascade. We enforced strict quotas to
mitigate frequency bias and ensure balanced cover-
age of structural complexity.

We categorized MWE types into three priority
tiers based on preliminary RoBERT-base F1 scores
as detailed in Appendix Table 5: Rare/Hard (F1 <
0.75), Medium (0.75 ≤ F1 ≤ 0.89), and Frequent
(F1 > 0.89).

1. Rare/Hard Instances (50): High-priority cat-
egories (e.g., NV.VID).

2. Structural Complexity (40): Discontinuous
MWEs selected from the remaining pool, ex-
plicitly sorting to prioritize Rare/Medium
types over frequent ones.

3. Density Stress-Test (20): The remaining
sentences with the highest expression count
(≥ 3).

4. Balanced Baseline (60): A random sample
from the final remainder to complete the set.

To accommodate the boundary inconsistencies
typical of generative models, we employed two
scoring levels based on token index set operations.

Note that for GPT-4o, which outputs raw text, we
implemented a heuristic alignment step to map gen-
erated phrases back to source token indices before
evaluation. Let Pindices denote the set of token in-
dices predicted by the system and Gindices the set
of ground truth indices.

• Strict F1: Enforces a rigid criterion where
both the MWE category and the set of to-
ken indices must exactly match (Pindices =
Gindices).

• Soft F1: Adopts a relaxed matching strategy
to account for “boundary hallucinations”. A
prediction is considered a true positive if the
category matches and the predicted span has
a non-empty intersection with the gold span
(Pindices ∩Gindices ̸= ∅).

To investigate whether LLMs can be leveraged
to bridge the coverage gaps of supervised encoders
on novel data, we constructed a second evaluation
subset (N = 85) consisting exclusively of Unseen
MWEs. Our objective was to determine if the exten-
sive pre-training of LLMs enables them to resolve
idiomatic instances that are entirely absent from
the fine-tuning curriculum.

We define an MWE as “unseen” if its
lexical signature is entirely absent from the
training partition. The selection process
involved a strict set-difference operation be-
tween the validation and training lexicons:
Sunseen = {(L,C) | (L,C) ∈ Ddev ∧ (L,C) /∈ Dtrain}
where Dtrain and Ddev denote the sets of unique
MWE instances found in the training and devel-
opment partitions respectively, C is the MWE
category, and L represents the set of component
lemmas.

Crucially, our extraction algorithm utilizes order-
agnostic lemma matching. By representing each
MWE as a sorted tuple of lemmas ((e.g., <“a”,

“decizie”, “lua”> for the canonical expression “a
lua o decizie” – lit. “to make a decision”), we en-
sure that syntactic variations of training examples
are not mistakenly classified as novel. This subset,
therefore, tests the model’s true few-shot capability
on new idiomatic combinations.

4.3 MWE Paraphrasing (Subtask 2)
We frame paraphrasing as a two-stage pipeline to
mitigate the target ambiguity inherent in uncon-
strained generation. We observed that without ex-
plicit span boundaries, LLMs frequently target in-
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cidental collocations rather than the ground truth,
causing unintended text modifications.

To prevent this, RoBERT-base acts as a target an-
chor, strictly localizing GPT-4o’s input to the identi-
fied span. Subsequently, a Category-Aware Prompt-
ing strategy ensures the paraphrase preserves the
syntactic structure dictated by the encoder’s pre-
dicted category.

Specifically, we leverage the fine-grained cate-
gory predicted by the encoder to construct dynamic
Few-Shot Prompts tailored to each MWE type (VID,
NID, AdjID). This categorization enables us to re-
trieve and inject contextually relevant examples,
demonstrating, for instance, how to preserve tense
in verbal idioms versus how to handle gender agree-
ment in adjectival constructions. This optimization
is intrinsically dependent on the structural scaffold-
ing provided by Subtask 1; without the encoder’s
precise categorization, the system would be forced
to rely on generic instructions, effectively forfeiting
the performance gains derived from grammatically
targeted demonstrations.

To emulate the semantic flexibility inherent in
human paraphrasing, and drawing from the anno-
tation guidelines, we designed two distinct prompt
variants for each MWE category. The Minimal
Strategy enforces strict lexical substitution to main-
tain the original sentence structure and semantic
fidelity, whereas the Creative Strategy encourages
broader structural reformulations to explore the
model’s generative flexibility beyond simple lexi-
cal substitution. The prompts were engineered in
Romanian to minimize cross-lingual interference
(see Appendix C for the complete list).

5 Results

We present the evaluation of our system in three
phases: (1) a comparative benchmark of Trans-
former encoders to select the optimal backbone for
Subtask 1, (2) a focused investigation into the ca-
pabilities of LLMs versus specialized encoders and
(3) the official results obtained on the blind test set
for both Identification and Paraphrasing.

5.1 Encoder Selection

Our initial experiments on the validation set com-
pared five Transformer architectures to determine
the optimal backbone for sequence labeling. Fig-
ure 1 presents the comparative results sorted by F1
score.
RoBERT-base secured the top F1 (0.903), vali-
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Figure 1: Comparative results of Transformer encoders
sorted by F1 score

dating monolingual specialization for Romanian.
However, unlike older baselines like XLM-RoBERTa
(0.890) which lagged significantly, the modern
mDeBERTa-v3 effectively closed the performance
gap (F1: 0.901). As detailed in Figure 1,
mDeBERTa-v3 achieved the benchmark’s highest
Recall (0.919), demonstrating that modern archi-
tectural advancements can compensate for the lack
of language specificity.

5.2 Few-Shot LLM vs. Fine-Tuned Encoders
(Stratified Subset)

We evaluated the models on the stratified subset
(N = 170) designed to stress-test specific linguis-
tic phenomena. As detailed in Appendix Table 5,
the specialized encoders consistently outperformed
the few-shot LLM approach.

Fine-tuned encoders consistently dominated the
benchmark, with all evaluated architectures achiev-
ing Soft F1 scores exceeding 54.4%, significantly
surpassing GPT-4o’s 31.3%. The gap is even more
pronounced in the Strict evaluation, where every en-
coder maintained performance above 17.2% com-
pared to the LLM’s 7.0%. This disparity confirms
that while the LLM captures the underlying se-
mantics, it lacks the precision required for exact
token-level extraction.

Memorization vs. Generalization The break-
down by category reveals a critical limitation of the
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LLM. On “Rare” idioms (e.g., LVC.cause), GPT-4o
failed completely (F1: 0.0%), whereas encoders
maintained a baseline capability (F1: 10.0%). GPT-
4o’s performance spiked only on “Frequent” ex-
pressions (F1: 40.5%), suggesting it relies on mem-
orizing common collocations rather than detecting
the underlying syntactic structure of the MWE.

5.3 Unseen Test Set
The system’s generalization capability was vali-
dated on our internal unseen subset (N = 85), as
shown in Figure 2.

Consistent with the stratified analysis, the
fine-tuned encoders maintained their superior-
ity. Under the Soft evaluation, mDeBERTa-v3 and
RoBERT-base achieved F1 scores of 46.9% and
46.5% respectively, whereas GPT-4o trailed signif-
icantly at 32.9%.

The breakdown in Figure 2 indicates that the
LLM’s primary weakness lies in Recall (27.6%
Soft), missing less salient MWEs. However, its
Precision remains competitive (40.7%), suggesting
that identified expressions are generally correct,
albeit with imprecise boundaries.

5.4 Official Shared Task Results
Although our system was specialized exclusively
for Romanian, it was evaluated in the global
PARSEME 2.0 leaderboard alongside massive mul-
tilingual systems. We focus our analysis on the Ro-
manian language track, where our approach demon-
strated decisive superiority.

State-of-the-Art on Romanian As presented in
Table 1, our system (romanian-bert) secured the
Rank 1 position for Romanian, achieving a Global
MWE-based F1 score of 85.65%. We outper-
formed complex multilingual architectures such as
BeeParser (F1: 83.60%) and MTLB-STRUCT (F1:
82.27%). This result serves as a strong validation
for language-specific pretraining, confirming that
a classic, fine-tuned Romanian encoder is suffi-
cient to outperform highly engineered multilingual
parsers without the need for structural complexity.

Handling Discontinuity A major challenge in
Romanian is the high frequency of discontinu-
ous expressions (e.g., intervening syntactic con-
stituents). Our BIO-based linearization strategy
proved highly effective for this structural complex-
ity. In the global rankings, our system placed higher
on Discontinuous MWEs (Rank 6) than on Contin-
uous MWEs (Rank 8) relative to other participants.

This suggests that explicit boundary encoding (B/I-
tags) is particularly adept at bridging long-distance
dependencies, a capability often diluted in general-
ist multilingual parsers.

Generalization to Unseen Data Crucially, our
system also secured Rank 1 on the “Unseen” sub-
set for Romanian (F1: 16.00%), significantly sur-
passing the next best BeeParse (F1: 9.88%), and
MTLB-STRUCT (F1: 4.82). This validates that the
model learned compositional patterns rather than
merely memorizing the training lexicon.

Table 2 shows the trade-off between semantic
adherence and lexical novelty.

The Minimal strategy validated its role for strict
simplification, achieving the highest Semantic Fi-
delity (Avg. BERTScore: 89.25).

In contrast, the Creative strategy successfully
induced stylistic variation, evidenced by a massive
surge in Richness (+167% unique terms) and higher
Entropy (6.13). This confirms that the model gener-
ated more diverse and unpredictable formulations.
However, this freedom comes with a trade-off: a
4.5-point drop in BERTScore, reflecting the natural
semantic drift inherent in structural reformulation.

6 Conclusion

This paper presented the “Archaeology” system
for PARSEME 2.0, focusing on the processing of
MWEs in Romanian. Our work highlights a funda-
mental dichotomy in NLP architecture: the need for
structural rigidity in identification versus semantic
fluidity in paraphrasing.

For Subtask 1, we demonstrated that fine-tuned
Transformer encoders remain the optimal solu-
tion for token-level extraction. Our specialized
monolingual model (RoBERT-base) achieved the
top rank for Romanian (F1: 85.65%), proving par-
ticularly effective at resolving discontinuous depen-
dencies where generative baselines struggled. Fur-
thermore, our benchmarks reveal that while mod-
ern multilingual encoders like mDeBERTa-v3 are
effectively closing the performance gap, few-shot
LLM prompting still lacks the precision required
for strict boundary detection.

For Subtask 2, we showed that LLMs (GPT-
4o) can be effectively harnessed through a con-
strained pipeline. By anchoring generation to
encoder-predicted spans and employing a multi-
tiered prompting strategy, we successfully balanced
semantic fidelity with lexical diversity.
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System P R F1 Rank

Ours (RoBERT-base) 91.03 80.88 85.65 1
BeeParser 84.98 82.27 83.60 2
MTLB-STRUCT 83.71 80.88 82.27 3
Sahara-Tokenizers 61.98 71.12 66.23 4

Table 1: Official results on the Romanian test set on Subtask 1(Global MWE-based)

Semantic Fidelity Lexical Diversity
Prompt Strategy Avg. BERTScore Richness Evenness Entropy

GPT-Minimal 89.25 235 0.98 5.36
GPT-Creative 84.73 628 0.95 6.13

Table 2: Official results on the Romanian test set on Subtask 2

Limitations and Ethical Considerations

While our hybrid architecture establishes a new
state-of-the-art for Romanian, we acknowledge spe-
cific constraints. Structurally, the sequence labeling
component exhibits a performance gap in detecting
Single-Token MWEs. We attribute this to a combi-
nation of factors: the loss of lexical co-occurrence
signals (which reduces the task to unassisted Word
Sense Disambiguation) and a frequency bias inher-
ent in the training distribution, where multi-token
spans are overwhelmingly dominant. Furthermore,
the system suffers from acute data sparsity in long-
tail categories, where the encoder lacks sufficient
supervision to generalize beyond memorized in-
stances (see Appendix 6).

Ethically, we recognize the environmental costs
and reproducibility challenges associated with
large proprietary models like GPT-4o. However,
our experimental design deliberately utilized GPT-
4o solely to establish a theoretical upper bound for
identification, demonstrating that even massive ar-
chitectures fail at structural precision without guid-
ance. Crucially, our proposed decoupling of identi-
fication from generation effectively lowers the rea-
soning barrier for the paraphrasing subtask. By of-
floading the structural heavy lifting to a lightweight
encoder, our pipeline enables the future deploy-
ment of smaller, open-source, and environmentally
efficient models for generation. Thus, the system is
designed to reduce reliance on massive compute, as
it no longer requires the LLM to function as a struc-
tural parser, but merely as a controlled rewriter.
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A Experimental Setup

Subtask 1 We fine-tuned the pre-trained encoder
models using the Hugging Face library. Given the
structural complexity of the task specifically the
need to resolve discontinuous MWEs via BIO tag-
ging we adopted a training horizon of 10 epochs.
This extended schedule, coupled with a linear learn-
ing rate decay, allowed the model to converge on
low-frequency MWE classes that typically require
more gradient updates than standard continuous
entities.

We utilized a batch size of 16 and a learning
rate of 2× 10−5 with a 10% warmup period. The
optimization was performed using AdamW. The
complete set of hyperparameters is detailed in Ta-
ble 3.

Hyperparameter Value

Encoder Architecture RoBERT-base
Optimizer AdamW
Learning Rate 2× 10−5

LR Scheduler Linear Decay
Batch Size 16
Training Epochs 10
Warmup Ratio 0.1
Max Sequence Length 256

Table 3: Hyperparameters used for fine-tuning the se-
quence labeling models (Subtask 1)

Subtask 2 For the generation phase, we utilized
the GPT-4o model via the OpenAI API, specifically
targeting the snapshot gpt-4o-2024-08-06 to en-
sure reproducibility. We fixed the sampling temper-
ature at τ = 0.6. We employed the ‘system‘ role
to enforce the linguistic persona constraints. The
configuration details are summarized in Table 4.
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Parameter Value

Model ID gpt-4o-2024-08-06

API Endpoint Chat Completions
Temperature (τ ) 0.6
Top-p 1.0 (default)
Frequency Penalty 0.0 (default)
System Prompt Enabled

Table 4: Configuration details for the Generative Com-
ponent (Subtask 2)

B Discussion and Error Analysis

Our decision to prioritize a standard RoBERT-base
architecture is empirically supported by Avram
et al. (2023). They demonstrated that for Romanian
MWEs, specialized monolingual fine-tuning out-
performs complex techniques like multilingual ad-
versarial training. However, our experiments with
mDeBERTa-v3 add a modern nuance to this find-
ing. While previous multilingual baselines (e.g.,
XLM-R) lagged behind, we observe that modern
architectures have effectively closed the specializa-
tion gap, achieving performance nearly identical
to RoBERT-base without requiring auxiliary losses.
Consequently, we directed our efforts towards in-
tegrating these robust detectors into a generative
pipeline for Subtask 2.

The discrepancy between our top-tier perfor-
mance on discontinuous MWEs and lower perfor-
mance on specific sub-categories warrants a deeper
analysis of the underlying data distribution and tag-
ging limitations.

The Single-Token Bottleneck. While the BIO
scheme excelled at capturing multi-token spans,
it showed limitations when predicting isolated id-
iomatic tokens (Global Rank 10). This suggests
that the model relies heavily on the “contextual
width” of an expression. In the absence of a multi-
token span, the encoder loses the strong structural
signal usually provided by the attention mechanism
across multiple phrase components.

This is best exemplified by the token “varză” (lit.
cabbage). When part of a longer idiom (e.g., “a
face varză” - to mess up), the verb face acts as
a contextual anchor. However, when “varză” ap-
pears alone (meaning chaotic), the model must rely
purely on subtle semantic cues. Without structural
reinforcement, the distinction between the literal
and idiomatic senses becomes blurry for the en-
coder.

Impact of Data Scarcity A granular analysis of
the Romanian test results reveals that errors are
heavily concentrated in “long-tail” categories. For
instance, the model achieved 0.0 F1 on NV.VID.
This correlates directly with extreme data scarcity:
NV.VID appears only 98 times in the entire training
corpus of 1.27 million tokens (approx. 0.007%
frequency). In contrast, frequent categories like
AdpID (16,509 training examples) were detected
with 90.0% F1. This confirms that the encoder’s
performance is strictly bounded by the density of
category representation in the fine-tuning data.

We propose that future research should explic-
itly prioritize discontinuous MWEs and unseen ex-
pressions, identifying them as the primary barriers
currently limiting system robustness. Mastering
the syntactic elasticity of discontinuous structures
and the compositional reasoning required for un-
seen data rather than optimizing for memorized,
continuous spans is the necessary step to bridge
the gap between simple sequence labeling and true
language understanding.

Table 7 presents the exact templates used for the
Minimal and Creative strategies across different
MWE categories.

Due to space constraints, we present the struc-
tural template common to all prompts and contrast
the specific instructions used for the two paraphras-
ing strategies. The full prompts for all categories
(VID, NID, AdjID) follow this architectural pat-
tern.

Data Usage Our experiments rely exclusively on
the PARSEME 2.0 Shared Task dataset, which is
a publicly available, anonymized corpus. No pri-
vate or personally identifiable information was pro-
cessed or generated during this study.

C Prompt Templates

Although the experiments were conducted using
prompts strictly engineered in Romanian (to pre-
vent cross-lingual artifacts), we present here the
English translations of the structural templates and
key instructions for clarity.

C.1 The Anatomy of a Prompt

To ensure consistent parsing and minimize hallu-
cinations, all prompts share a rigid architectural
skeleton comprising five enforced components:

1. Persona Definition: Establishes the role of
an expert linguist specialized in semantics.
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2. Task Specification: Defines the specific
MWE category (VID/NID/AdjID) and input
format markers (double brackets).

3. Strategy Constraints: Specific rules for the
paraphrasing style. This block controls the
divergence between system behaviors (as de-
tailed in Table 7).

4. Negative Constraints (Critical): Explicit
penalties for hallucinating boundaries or re-
taining original tokens (e.g., “If ALL brack-
eted tokens appear in output → Score 0”).

5. Few-Shot Examples: A set of 4-5 input-
output pairs demonstrating the desired trans-
formation logic.

C.2 Strategy Differentiation
While the skeleton remains constant, the diver-
gence between the Minimal and Creative behaviors
is controlled exclusively via the instruction block
(Component 3). The contrasting instructions are
presented in Table 7.

Few-Shot Formatting Example To guide the
model’s reasoning, we provided examples follow-
ing a specific “Input → Token Identification → Out-
put” format. To ensure clarity for non-Romanian
speakers, English translations are provided below
in parentheses.

Ex. 1 (VID Minimal):
Input: Ion [[a dat ortul popii]] ieri
dimineat, ă.
(En: Ion [[kicked the bucket]] yester-
day morning.)
Tokens MWE: {a, dat, ortul, popii}
Parafraza: Ion a murit ieri dimineat, ă.
(En: Ion died yesterday morning.)

Ex. 2 (AdjID Creative):
Input: Fratele meu este mereu [[cu
capul în nori]].
(En: My brother is always [[with his
head in the clouds]].)
Tokens MWE: {cu, capul, în, nori}
Parafraza: Fratele meu este mereu
dus cu pluta, parcă trăies, te pe altă
planetă.
(En: My brother is always spaced out,
as if he lives on another planet.)
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Overall Rare Medium Frequent Discont Dense
Model Strict Soft Strict Soft Strict Soft Strict Soft Strict Soft Strict Soft

Fine-tuned Encoders

RoBERT-base 17.5 55.6 6.7 10.0 12.5 22.7 19.4 66.5 0.4 16.1 17.3 58.3

Romanian BERT 17.4 55.8 6.7 10.0 12.6 22.8 19.2 66.6 0.4 16.1 17.2 58.6

mBERT 17.2 55.0 6.7 10.0 11.7 21.1 19.3 66.3 0.5 17.0 17.0 57.5

XLM-R 17.2 55.2 6.7 10.0 11.6 21.6 19.3 66.3 0.4 16.3 17.1 58.0

mDeBERTa-v3 17.6 54.4 6.7 10.0 11.5 20.7 19.9 65.7 0.4 16.4 17.6 57.1

Generative LLM (Few-shot)

GPT-4o 7.0 31.3 0.0 0.0 0.8 13.1 9.8 40.5 0.6 11.3 7.0 33.8

Table 5: Complete performance breakdown on the Stratified Stress Test (N=170). Scores are reported as F1 (%).
The Strict metric requires exact boundary matching, while Soft allows for partial overlap. Fine-tuned encoders
demonstrate significantly higher recall on specific MWE categories, whereas the LLM struggles with Rare and
Medium idioms in Romanian.

MWE-based Token-based
MWE Category P R F1 P R F1

AV.IAV 100.0 66.67 80.00 100.0 66.67 80.00
AdjID 100.0 79.25 88.42 100.0 79.82 88.78
AdpID 97.30 83.72 90.00 98.05 84.83 90.96
AdvID 80.95 76.12 78.46 81.94 76.13 78.93
ConjID 84.38 93.10 88.52 87.14 93.85 90.37
DetID 100.0 100.0 100.0 100.0 100.0 100.0
IAV 86.49 57.14 68.82 94.59 54.69 69.31
IRV 84.00 85.71 84.85 86.00 86.87 86.43
IntjID 100.0 100.0 100.0 100.0 100.0 100.0
LVC.full 75.00 60.00 66.67 100.0 70.00 82.35
NID 95.00 88.79 91.79 96.14 89.96 92.95
NV.LVC.cause 100.0 100.0 100.0 100.0 100.0 100.0
NV.VID 0.00 0.00 0.00 0.00 0.00 0.00
PronID 100.0 100.0 100.0 100.0 100.0 100.0
VID 90.91 75.00 82.19 97.53 75.24 84.95

Table 6: Official evaluation results for the Shared Task on the blind test set. The table reports Precision (P), Recall
(R), and F1-scores for both MWE-based (strict per-expression) and Token-based (per-token) evaluation metrics
across all MWE categories.

Minimal Strategy (Translation) Creative Strategy (Translation)

• Modify as few words as possible outside the MWE span. • Reorganize the sentence structure completely (e.g., active
↔ passive).

• Strictly preserve verb tense, person, number, and voice. • Use distinct metaphors or idioms if contextually appropriate.
• Do NOT use Light Verb Constructions (LVCs) as replace-
ments.

• Change the narrative perspective or add explanatory context.

• Constraint: Do not replace the MWE with another MWE. • Goal: Maximize lexical diversity and structural novelty.

Table 7: Contrastive instructions injected into the system prompt. The Minimal set enforces substitution, while the
Creative set encourages rewriting.
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Figure 2: Global performance on our internal unseen subset (N=85). (a) Shows metrics under the Strict evaluation
scenario (exact match), where all models struggle significantly. (b) Shows metrics under the Soft evaluation
scenario, where fine-tuned encoders (like mDeBERTa and RoBERT) clearly outperform the few-shot GPT-4o
baseline, particularly in Recall.
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Abstract

We describe a zero-shot system for AdMIRe
2, a shared task on multimodal understanding
of potentially idiomatic expressions (PIEs) (Ar-
slan et al., 2026). Given a context sentence with
a PIE and five candidate images, the system pre-
dicts whether the usage is literal or idiomatic
and ranks the images based on how well they
match the intended meaning. We use closed-
source large multimodal models and compare
prompting pipelines from direct one-step rank-
ing to modular multi-step pipelines that sep-
arate sense prediction, PIE-focused image se-
mantics, and final ranking. All steps produce
constrained JSON outputs to enable determin-
istic parsing and composition. In the official
AdMIRe 2 evaluation on CodaBench, our best
pipeline achieves an average Top-1 accuracy of
0.52 and an average nDCG score of 0.70 across
the 12 languages we submitted. We obtain the
best score among submitted systems in 10 of
these languages (cod, 2026).

1 Introduction

Idioms are hard because the intended meaning is
often not compositional. In AdMIRe 2, each ex-
ample provides a context sentence containing a
potentially idiomatic expression (PIE) and five can-
didate images; systems must decide whether the
PIE is literal or idiomatic and rank the images by
semantic match (Arslan et al., 2026). This setting
links sense disambiguation to grounded retrieval,
and errors can come from either the meaning de-
cision or the fine-grained ordering among several
plausible images.

Recent prompting work shows that forcing in-
termediate steps can improve reliability on tasks
that require multi-step reasoning (Wei et al., 2022;
Kojima et al., 2022), and similar ideas have been
applied to multimodal reasoning (Zhang et al.,
2023). Following this direction, we build mod-
ular pipelines where the model first commits to

a PIE sense, then produces PIE-centered image
semantics, and only then produces a final rank-
ing. We evaluate multiple pipeline variants with
OpenAI-o3 and Gemini-3-pro-preview, and we an-
alyze when ordering is the main remaining failure
mode. Complete code for our pipeline variants is
publicly available 1 .

Our contributions are:

• a set of zero-shot modular pipelines for mul-
timodal idiom grounding, implemented with
structured JSON interfaces;

• an ablation-style comparison across pipeline
depths and aggregation strategies;

• official multi-language evaluation results from
the AdMIRe 2 CodaBench phase (cod, 2026).

2 Related Work

Idiomaticity has been studied widely in text-only
settings, including idiom corpus construction tasks
(Eryigit et al., 2021), (Arslan et al., 2025) and mul-
tilingual idiom detection shared tasks (Tayyar Mad-
abushi et al., 2022). AdMIRe extends this line by
requiring multimodal grounding: a PIE in context
must be matched to images that represent either
idiomatic or literal meaning (Pickard et al., 2025),
and many strong systems use multi-stage designs
rather than a single direct ranking.

Several AdMIRe system papers explicitly sep-
arate sense disambiguation from visual ranking.
AlexUNLP-NB predicts literal vs. idiomatic usage,
derives a literalized meaning signal, and then per-
forms retrieval-style ranking (Badran et al., 2025).
PALI-NLP refines image descriptions with PIE-
relevant details and applies a revision step be-
fore ranking (You et al., 2025). Other approaches
strengthen the retrieval backbone with fine-tuning

1GitHub repository for pipeline codes
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or ensembling (Wang et al., 2025). For the vision–
language similarity component, CLIP (Radford
et al., 2021) and newer contrastive objectives such
as SigLIP (Zhai et al., 2023) are common choices,
but performance still depends strongly on the text
representation used for matching. Our work stays
in a training-free setting and focuses on how step-
wise prompting and intermediate semantic signals
affect ranking quality.

3 Methodology

3.1 Dataset

To design and evaluate our pipelines, we used the
SemEval-2025 Task 1 (AdMIRe) dataset (Pickard
et al., 2025) which includes examples in both En-
glish and Portuguese. Each example consists of a
context sentence containing a potentially idiomatic
expression (PIE) and 5 candidate images encom-
passing : Idiomatic Synonym, Idiomatic Related,
Literal Synonym, Literal Related and a Distrac-
tor. The English subset comprises 200 sentences
covering 100 unique PIEs, while the Portuguese
subset contains 110 sentences with 55 unique PIEs.
After finalizing the pipeline, final evaluation was
conducted using the AdMIRe 2 blind test set via
CodaBench (cod, 2026), which extends the task
to 15 diverse languages (Torunoğlu-Selamet et al.,
2026).

3.2 System Overview

For addressing the challenge of ranking images
based on their relevance to a context sentence con-
taining a PIE, we employed a zero-shot frame-
work. Analysis of earlier SemEval-2025 Task
1: AdMIRe - Advancing Multimodal Idiomaticity
Representation results indicated that closed-source
multimodal models demonstrated strong perfor-
mance. Therefore, we used Gemini-3-pro-preview
and OpenAI-o3 for our experiments. As it was
demonstrated in recent research into Large Multi-
modal Models (LMMs) (Khot et al., 2023; Khan
et al., 2023), decomposing complex tasks into mod-
ular sub-tasks significantly improves performance
in both text-only and vision-language settings. Con-
sistent with these studies, most participating sys-
tems in SemEval Task 1 adopted multi-step reason-
ing pipelines. Our methodology builds upon this
principle of modular reasoning by decomposing
the reasoning process of the models into discrete,
structured steps iteratively, improving image-text
matching accuracy. We developed and evaluated

seven distinct pipelines, progressively increasing
the granularity of the reasoning process. For each
step of the pipelines, all model outputs were con-
strained to JSON format with pre-defined fields
depending on its sub-task to ensure reproducible
data extraction and pipeline integration. Addition-
ally, for each sub-step, models were prompted to
provide explanations of its reasoning for analytical
purposes. The explanation of each pipeline is given
below:

3.2.1 Pipeline A: One Step Direct Ranking
(Baseline)

In this single-step approach, the model is given the
context sentence, the PIE, and the five candidate
images simultaneously and asked to directly output
a ranked list and an explanation of its reasoning.
The results of this pipeline are utilized to assess
the impact of breaking the task into sub-tasks on
performance.

3.2.2 Pipeline B: Two-step (Sense Prediction +
Ranking)

We next introduce a two-step pipeline to explicitly
see how model interprets the PIE in the context
sentence. In the first step model is asked to predict
whether the PIE is used literally or idiomatically
in the given context sentence. In the second step,
model is asked to rank the images utilizing the
predicted sense from step 1. In each step model
is prompted to provide a brief explanation on its
reasoning.

When these explanations are inspected in de-
tail, it was noticed that during image interpretation,
models tend to over-analyze other aspects of the
sentence, rather than PIE itself. For example, in the
sentence “Lyn says that her relationship with Paul
is ancient history, but Steph thinks that she should
go and see him to give him a chance to apologize",
the model ranked an image depicting a couple hold-
ing hands last (as distractor), justifying the decision
by noting that it showed an ongoing relationship.
This reasoning reflects that model paid attention
to the general relationship theme more than PIE
"ancient history". To mitigate this, we introduced
next three-stage modular pipeline:

3.2.3 Pipeline C: Three-step (Sense Prediction
+ Image Semantics + Ranking)

As in pipeline B, the model was asked to identify
literal or idiomatic usage. In step 2, with the aim of
the model to focus only on the PIE, given each im-
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age and their captions, we ask the model to catego-
rize them into five predefined categories: Idiomatic
Synonym, Idiomatic Related, Literal Synonym, Lit-
eral Related, Distractor; provided only the PIE, not
the context sentence. In the third step the model
receives the outputs from steps 1 and 2 and asked
to produce the final ranking. This stage acts as
an aggregator, weighing the specific PIE-to-image
classification against the broader sentence context.

3.2.4 Pipeline D: Three-step 2 (Sense
Prediction + Image Semantics + Manual
Ranking)

This pipeline extends the three-step approach by
replacing model-based ranking with a rule-based
manual ranking strategy in the final stage. The
first and second steps are the same as the previous
pipeline, in the third step images are ranked deter-
ministically based on following rule: If the sen-
tence is predicted as literal, images are ordered as:
literal synonym, literal related, idiomatic related,
idiomatic synonym, distractor. If the sentence is
predicted as idiomatic, images are ordered as: id-
iomatic synonym, idiomatic related, literal related,
literal synonym, distractor. The objective of this
pipeline is to determine whether aggregating the
outputs of the first two steps using explicit rule
yields better performance than relying on an LLM
to perform the final ranking.

3.2.5 Pipeline E: Four-Step 1 (Caption
Refinement and Extension)

This pipeline introduces an explicit image caption
refinement stage prior to image classification step
to test whether richer visual descriptions improve
the image semantic classification. Models were
asked to expand the original caption into a more
detailed description and add concrete visual details.
The rest of the steps are the same as pipeline C.

3.2.6 Pipeline F: Four-Step 2 (Explicit
PIE–Image Grounding)

This pipeline focuses on strengthening explicit se-
mantic grounding between the PIE and each image
before ranking. In step 1, model is asked to predict
whether the PIE is used literally or idiomatically,
in step 2 model explicitly explains the relation be-
tween the PIE and each image, in step 3, using the
explanations generated in the previous step, each
image is assigned to its semantic category. In the
last step, the model is asked to rank the images
based on the information from previous steps.

3.2.7 Pipeline G: Four-Step 3 (Explicit
Grounding + Manual Ranking)

This pipeline mirrors the previous four-step ap-
proach but replaces model-based ranking with man-
ual rule-based aggregation as described in pipeline
D.

3.3 Evaluation Metrics

Each pipeline is evaluated using Top-1 Accuracy,
Exact Match Accuracy, Top-2 Accuracy and Dis-
counted Cumulative Gain (DCG) (Järvelin and
Kekäläinen, 2002). Top-1 Accuracy measures the
proportion of instances in which the most relevant
image is predicted correctly, Top-2 Accuracy mea-
sures how often the images predicted in the first
and second positions are correct. Exact-Match Ac-
curacy requires the entire predicted ranking of im-
ages to exactly match the ground-truth order. It
measures how well the model orders all images cor-
rectly. Normalized Discounted Cumulative Gain
used with weights: [3, 1, 0, 0, 0] to assess overall
ranking quality and break ties.

4 Results

The experimental results for our different pipeline
configurations in the English portion of the
SemEval-2025 Task 1 (AdMIRe) dataset (Pickard
et al., 2025) with OpenAI-o3 and Gemini-3-pro-
preview are summarized in Tables 1 and 2. Over-
all, the results show that multi-step pipelines con-
sistently outperform simpler 1-step and 2-step ap-
proaches, supporting the previous research demon-
strating decomposing complex tasks into modular
sub-tasks significantly improves performance in
vision-language settings.

OpenAI-o3 Results: For the OpenAI-o3 model
(Table 1), the 1-step baseline (Pipeline A) achieved
a Top-1 Accuracy of 0.82. This was exceeded by
all modular pipelines, with the Pipeline F: 4-step
2 approach reaching the highest Top-1 score of
0.90, followed closely by Pipeline C: 3-step 1 at
0.89. A similar trend appeared in the Discounted
Cumulative Gain (DCG) scores, which rose from
2.83 (Pipeline A: 1-step) to a peak of 3.16 (Pipeline
C: 3-step 1).

Due to the small performance difference be-
tween the 3-step and 4-step pipelines, and consider-
ing the significantly higher computational cost and
latency of 4-step pipelines, we focused our exper-
iments with Gemini-3-pro-preview on 1-step and
3-step configurations.
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Table 1: Zero-Shot Evaluation Results for OpenAI-o3 Model

Metric Pipeline A Pipeline B Pipeline C Pipeline D Pipeline E Pipeline F Pipeline G
Top-1 Acc. 0.82 0.83 0.89 0.84 0.88 0.90 0.87
Exact-Match Acc 0.09 0.09 0.235 0.63 0.21 0.14 0.61
Top-2 Acc. 0.60 0.60 0.76 0.75 0.74 0.72 0.75
Average DCG 2.83 2.87 3.16 2.99 3.11 3.15 3.06

Gemini-3-pro-preview Results: As shown in
Table 2, the performance improvements from multi-
step decomposition are even more pronounced for
Gemini than for OpenAI-o3; the Pipeline C: 3-step
1 configuration improved Top-1 Accuracy from
0.81 to 0.92. Overall, Gemini outperformed o3 in
most metrics, except for exact-match accuracy in
specific 3-step settings.

Table 2: Zero-Shot Evaluation Results for Gemini-3-
pro-preview

Metric Pipeline A Pipeline C Pipeline D
Top-1 Acc. 0.81 0.92 0.91
Exact-Match Acc. 0.08 0.04 0.75
Top-2 Acc. 0.60 0.78 0.83
Avg. DCG 2.79 3.26 3.27

Hybrid Evaluation: To investigate whether the
two models provide complementary strengths, we
also evaluated a hybrid zero-shot configuration (Ta-
ble 3), using Gemini-3-pro-preview for sense pre-
diction and image classification and OpenAI-o3 for
final ranking. While this achieved a competitive
Top-1 Accuracy of 0.904, it did not outperform the
standalone Gemini 3-step pipeline.

Table 3: Hybrid Zero-Shot Results (Gemini + o3)

Metric Score
Top-1 Acc. 0.90
Exact-Match Acc. 0.20
Top-2 Acc. 0.72
Avg. DCG 3.17

Cross-Lingual Transfer: To assess cross-
lingual generalization, we applied the same 3-step
pipeline to a Portuguese language split without
modifying the overall approach. As shown in Ta-
ble 4, Gemini again achieves higher Top-1 accu-
racy and DCG, while OpenAI-o3 performs slightly
better on exact-match accuracy. The overall gap
between models is relatively small, suggesting that
ranking quality, rather than language-specific un-
derstanding, remains the primary issue.

The "Ordering" Challenge: Model vs.
Heuristic Ranking: When overall results were

Table 4: Zero-Shot Pipeline C: 3 step 1 Results on
Portuguese Data

Metric Gemini o3
Top-1 Acc. 0.88 0.84
Exact-Match Acc. 0.05 0.11
Top-2 Acc. 0.62 0.49
Avg. DCG 3.06 2.86

analyzed for both models, it is observed that the
exact-match accuracy is the most challenging met-
ric across all experiments, as it requires the entire
image ranking to be correct. In fully model-driven
pipelines, exact-match remains low for both mod-
els. However, when manual rule-based ranking
is introduced (Pipeline D: 3-step 2 and Pipeline
G: 4-step 3), exact-match accuracy increases sub-
stantially. For example, OpenAI-o3 improves from
0.09 in the 1-step baseline to 0.63 in the 3-step 2
pipeline, while Gemini reaches 0.75 in the same set-
ting. This sharp improvement indicates that many
remaining errors arise not from incorrect PIE inter-
pretation or image classification, but from ordering
decisions among multiple partially relevant images.

Final System Selection: Based on these find-
ings, we selected Gemini-3-pro-preview with the
Pipeline C: 3-step 1 pipeline as our final system
for generating predictions on the AdMIRe 2 com-
petition test set via CodaBench. This configura-
tion offered the best trade-off between performance
and computational cost. In our official submission,
we evaluated 12 languages; Greek, Serbian, and
Slovak were not included because our final three-
step setup requires three separate LLM calls per
instance, and completing the full blind test across
all 15 languages was not feasible within the sub-
mission deadline given API latency and rate limits.
Our final submission achieved 3rd place overall in
the competition and ranked 1st in 10 out of the 12
languages we participated in, indicating that the
proposed modular reasoning setup performs reli-
ably across languages. The complete results are
presented in Table 5. Performance varies notably
across languages. The system performs strongest
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Table 5: Competition Results Across Languages

Metric AVG ZH KA IG KK NO PT-BR PT-PT RU SL ES-EC TR UZ
Top-1 Accuracy 0.52 0.53 0.56 0.56 0.70 0.82 0.88 0.72 0.71 0.82 0.40 0.65 0.52
nDCG Score 0.70 0.81 0.82 0.84 0.89 0.94 0.96 0.91 0.91 0.94 0.79 0.88 0.83

on Brazilian Portuguese (PT-BR), Norwegian (NO),
Slovenian (SL), where both Top-1 accuracy and
nDCG exceed 0.80, suggesting robust cross-lingual
generalization for these languages. In particular,
PT-BR achieves the highest scores (Top-1: 0.88,
nDCG: 0.96), indicating effective semantic align-
ment in this language. Worst performance is ob-
served in Ecuadorian Spanish (ES-EC). The limited
data for this language with fewer than 50 samples
may explain its position as the lowest performer in
the dataset.

5 Conclusion

We presented a zero-shot, modular prompting sys-
tem for multimodal idiom grounding in AdMIRe
2 (Arslan et al., 2026). Across two closed-source
multimodal models, multi-step pipelines improve
Top-1 accuracy and ranking quality compared to
direct one-step ranking. Manual aggregation ex-
periments show that a large part of the remaining
gap comes from ordering decisions among partially
relevant images, not only from sense disambigua-
tion. In the official evaluation phase on CodaBench,
the selected pipeline obtained strong cross-lingual
results across the 12 languages we entered (cod,
2026).

Limitations

Our approach relies entirely on closed-source large
multimodal models in a zero-shot setting. As a
result, the reproducibility of our pipelines depend
on the availability, behavior, and pricing policies
of external APIs. Differences in model versions,
hidden system prompts, or parameter updates may
affect performance over time.

The modular design increases the number of
calls per instance. This improves performance in
our experiments, but it also increases cost and la-
tency, and it becomes harder to run large batches
under API rate limits. For the official evaluation,
these constraints affected our submission, and we
evaluated 12 languages instead of all 15.
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Abstract
Multiword expressions (MWEs) have been a
major challenge in NLP for decades, and
research on MWEs was driven notably by
shared tasks, including those organized by the
PARSEME community. We report the organ-
isation and the results of edition 2.0 of the
PARSEME shared task. For the first time, all
syntactic categories are covered: verbal, nom-
inal, adjectival, adverbial and functional. We
rely on edition 2.0 of the PARSEME corpus, an-
notated for all these categories in 17 languages.
We create a new dataset with paraphrases of sen-
tences containing idioms in 14 languages, and
define a new subtask dedicated to MWE para-
phrasing. We extend our evaluation protocol
by measuring both performance and diversity
of systems, and including manual evaluation in
paraphrasing. Ten systems participated in the
MWE identification subtask and five in the para-
phrasing subtask (baselines included). Results
are promising, but known MWE identification
challenges remain unsolved. Performance cor-
relates positively with diversity in MWE identi-
fication, and negatively in MWE paraphrasing.

1 Introduction
Multiword expressions (MWEs) have been a ma-
jor challenge in NLP for decades (Sag et al., 2002;
Shwartz and Dagan, 2019). This is notably due
to their prevalence in texts (Gross and Senellart,
1998; Candito et al., 2021), their partly regular
and partly idiosyncratic behaviour (Gross, 1986,
1988; Savary et al., 2020), and their semantic non-
compositionality (Mel’čuk, 2010). Many MWE
tasks were addressed (Constant et al., 2017) and re-
search has been boosted by SemEval shared tasks
(Schneider et al., 2016; Tayyar Madabushi et al.,
2022; Pickard et al., 2025; Arslan et al., 2026).
In this landscape, the PARSEME community has

been carrying on long-standing efforts towards mul-
tilingual modelling of verbal MWEs, particularly
challenging due to their morphosyntactic flexibility.

The major outcomes have been verbal MWE anno-
tation guidelines unified across 26 languages, man-
ually annotated corpora for these languages (Savary
et al., 2018, 2023) and 3 editions of a shared task
on automatic identification of verbalMWEs (Savary
et al., 2017; Ramisch et al., 2018, 2020).
However, MWEs come in all shapes and sizes

(Baldwin and Kim, 2010). Beyond verbal MWEs
(to pull one’s leg, to pay a visit), there are numer-
ous MWEs of other syntactic categories: functional
(by and large, in that, in spite of), adjectival (crys-
tal clear) adverbial (by and large) and nominal (hot
dog).1 Recently, PARSEME extended the scope of
its guidelines to all these categories in the context of
the UniDive COST Action (Savary et al., 2024).
This paper presents edition 2.0 of the PARSEME

shared task building on these assets. It features
two subtasks and represents a substantial extension
of previous editions. The original contributions of
this edition can be summarised as follows. First,
the PARSEME 2.0 guidelines allowed the creation
of MWE-annotated corpora in 17 languages, then
used to evaluate systems on the identification of
MWEs of all categories (subtask 1). Second, a cor-
pus of sentences with idiomatic MWEs and their
paraphrases has been created in 14 languages, allow-
ing the evaluation of paraphrasing systems on verbal,
nominal and adjectival idioms (subtask 2). Third,
we propose metrics to assess the diversity of sys-
tem results in both subtasks. Fourth, we rely on the
Codabench platform to centralise evaluation. In this
paper, we discuss related work (§2), the subtasks
(§3), the underlying data (§4), the organisation (§5-
6), the results (§7-8), and conclusions (§10).

2 Related Work

MWE Shared Tasks PARSEME 1.0 covered
18 languages and introduced the task of token-

1MWE examples follow the PMWE conventions (Markan-
tonatou et al., 2021), enriched with colors and brackets.

254



level MWE identification. PARSEME 1.1 cov-
ered 20 languages, introduced the CUPT for-
mat and phenomenon-oriented evaluation metrics.
PARSEME 1.2 covered 14 languages and focused
on unseen MWEs, with controlled splits, full UD
integration, and companion raw corpora. The three
previous editions only cover verbal MWEs. In addi-
tion to these PARSEME shared tasks, other evalua-
tion campaigns covered idiomaticity and MWEs.
The SemEval-2016 Task 10 (DiMSUM) for En-

glish tested the detection of minimal semantic units,
including MWEs, and their meanings (Schneider
et al., 2016). The underlying corpus contained on-
line customer reviews, tweets, and TED talks, and
was notably annotated for 2MWE classes: strong or
weak, according to their degree of idiomaticity.

In SemEval-2022 Task 2 for English, Portuguese,
and Galician, systems competed for two tasks (Tay-
yar Madabushi et al., 2022). In task A, given a sen-
tence containing a potentially idiomatic expression
and its span, systems should decide if the expression
was used idiomatically or literally, both in zero- and
one-shot settings. In Task B, given a sentence with a
MWE and two other sentences in which the MWE
was replaced by its paraphrase and by a distractor
(formally close but semantically distant), systems
had to decide which pair of sentences was closest
in meaning.
Finally, SemEval-2025 Task 1 (AdMIRe) for En-

glish and Brazilian Portuguese was dedicated tomul-
timodal idiomaticity representation (Pickard et al.,
2025). The task’s goal was to align images depict-
ing MWEs having more or less figurative meanings
with sentences containing the same expressions used
literally or idiomatically. The task was extended to
15 languages in AdMIRe 2 (Arslan et al., 2026), co-
organised by UniDive jointly with our shared task.

Paraphrasing Shared Tasks Automatic pro-
cessing of paraphrase also has a rich state of the art.
Butnariu et al. (2009) test systems for accurate scor-
ing of alignments between English noun compounds
and their potential paraphrases, e.g. sleeping pill vs.
pill that induces sleeping. Hendrickx et al. (2013)
extend the previous task to automatically produce a
ranked list of paraphrases for a given English noun
compound, e.g. air filter → filter for air, filter that
cleans the air. Evaluation measures are based on
approximate n-gram matching between the system-
generated paraphrases and those produced by hu-
man experts, with rank-based scaling.
Later, the scope of paraphrasing was extended to

whole sentences, with 3 subtasks. Paraphrase iden-
tification consists in binary classification of pairs
of sentences as being paraphrases or not (Xu et al.,
2015; Lan et al., 2017). Semantic textual similar-
ity is defined as assigning sentence pairs a similarity
score from 0 to 1 (Agirre et al., 2015; Xu et al.,
2015). Finally, paraphrase generation consists in
reformulating a sentence to use a different word-
ing or structure but preserve the original meaning
(Zhou and Bhat, 2021). Evaluation relies on mea-
sures from machine translation (ROUGE, BLEU,
METEOR or TER) or human scoring along multi-
ple dimensions such as similarity, clarity, or fluency.
MWE Paraphrasing MWEs are particularly
challenging for paraphrasing due to their non-
compositional semantics. In related work, one of
the motivations behind paraphrasing MWEs with
their literal equivalents is eliminating idiomaticity
prior to machine translation, as done by Santing
et al. (2022) for English-German MT. Dedicated
MWE-aware paraphrase datasets were built upon
MWE definitions in lexicons (Pershina et al., 2015;
Liu and Hwa, 2016), collected by crowdsourcing
(Yimam et al., 2016), for English in both cases, or
relied on machine (back-)translation (Qiang et al.,
2023), for Chinese. Many verbal MWEs can
be paraphrased by a single verb, as shown by
Barančíková and Kettnerová (2018) for Czech. Tan
and Jiang (2021) adapt paraphrase identification to
idioms, a task similar to disambiguating literal from
idiomatic MWE uses. Zhou et al. (2021) intro-
duce 2 tasks: idiomatic sentence generation trans-
forms a literal sentence into a sentence involving
idioms; and idiomatic sentence paraphrasing sim-
plifies sentences so as to replace idioms with literal
expressions. In the latter, the aim is to paraphrase
only the MWE, leaving the rest of the sentence un-
changed (Wada et al., 2023; Qiang et al., 2023).
Evaluation metrics include ROUGE, BLEU, ME-
TEOR, GRUEN, BERT perplexity, as well as hu-
man judgements on semantics and fluency.

3 Task Definition and Metrics
Subtask 1: MWE Identification This historical
PARSEME task focuses on token-level MWE iden-
tification in running text, as in previous editions.
Systems are given as input a morphosyntactically
analysed sentence in CoNLL-U format.2 As output,
they must group the tokens that belong to MWEs,
assigning them a single label. For instance :

2https://universaldependencies.org/format
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(1) En
In

plus,
plus,

ça
it
fait
does

partie
part

du
of.the

centre
centre

ville
city

(fr)

‘Moreover, it is part of the city centre.’

In the sentence above, the tokens belonging to the
three MWEs (in bold) should be assigned unique la-
bels, e.g. 1: (En plus), 2: (fait partie) and 3: (cen-
tre ville). Those not belonging to any MWE (ça and
du) should not be assigned any label. Systems solv-
ing this task must address several challenges (Con-
stant et al., 2017): discontinuities e.g. (fr) fait tou-
jours partie ‘is still part’, morphological and syntac-
tic variability as in (2), overlapping or nesting,as in
(3), and idiomatic-literal ambiguity as in (4) vs. (5).

(2) a
to
da
give

un
an

sfat,
advice,

sfaturi
advices

au
have

fost
been

date
given

(ro)

(3) temos1,2
have.PL

um
a

plano1
plan

et
and

uma
an

intenção2
intention

(pt)

‘We have a plan and an intention’

(4) この
this

問題
problem

は
about

朝飯
breakfast

前
before

だ
be

(ja)

lit. ‘This problem is before breakfast.’
‘This problem is very easy.’

(5) 朝飯
breakfast

前
before

に
LOC

会う
meet

(ja)

‘We meet before breakfast.’

The corpora are provided in CUPT format.3
They are split into training, development, and test
sets. The latter are available only during the eval-
uation phase (about 1 week) and gold annotations
are not disclosed. Test corpora are completely new
with respect to previous editions to prevent LLM-
contamination (§ 5).
Annotated MWEs are assigned category labels

(e.g. NID for nominal idiom, MVC for multi-verb
construction). While previous editions covered only
verbal MWE categories, the current edition covers
all MWE categories, including nominal, verbal, ad-
jectival, adverbial, and functional MWEs (see § 4).
These category labels can guide system develop-
ment, but they are not taken into account in eval-
uation metrics. Thus, systems need to group tokens
belonging to the same MWE, but they do not have
to tag the resulting MWE with a specific category.
The evaluation of this subtask is performed us-

ing two standard F-score variants: MWE-based
and token-based (Savary et al., 2017). The former
accounts for exact matches between all tokens of

3https://gitlab.com/parseme/corpora/-/wikis/
CUPT-format

the predicted MWE and of the reference MWE,
whereas the latter rewards partial matches, cover-
ing only part of the tokens. In addition, we report
phenomenon-specific F-scores, focusing on discon-
tinuous, single-token, variant and unseen MWEs
(Ramisch et al., 2018). Edition 1.2 focused on un-
seen MWEs, that is, those whose multi-set of lem-
mas are annotated as MWEs at least once in the test
corpus, but never in the training or development cor-
pus (Ramisch et al., 2020). In the current edition,
we propose and analyse diversity scores that also
partly account for unseen/novel identified MWEs.

Subtask 2: MWEParaphrasing This novel sub-
task is motivated by recent advances in text genera-
tion. We wish to challenge modern generative sys-
tems with idiomaticity-related problems in more ad-
vanced scenarios than done so far (§ 2). Paraphras-
ing may be a useful method for testing the ability
of models to grasp the meaning of an MWE (Tay-
yar Madabushi et al., 2022; He et al., 2025). MWE
paraphrasing may also help for text simplification.
First, we address paraphrase generation rather

than binary detection or similarity scoring. Second,
paraphrasing is not restricted to the MWE itself but,
conversely, reformulation of other parts of the sen-
tence is encouraged and rewarded by diversity met-
rics. Third, our gold paraphrases are produced by
native speakers along unified guidelines for an un-
precedented number of 14 languages. Finally, we
use LM-driven evaluation (BERT-score) and show
its good correlation with human evaluation.
The input for this task is a raw sentence contain-

ing exactly one verbal, nominal or adjectival idiom,
not explicitly marked in text.4 Systems must para-
phrase the sentence so that the original MWE no
longer occurs, but the meaning is kept. For instance,
sentence (6) could be paraphrased as (7) or as (8).

(6) le
the

point
point

de
of

vue
vue

de
of

la
the

réalisatrice
director

…
…

(fr)

‘the director’s point of view …’

(7) la
the

perspective
perspective

de
of

la
the

réalisatrice
director

…
…

(fr)

‘the director’s perspective …’

(8) la
the

vision
vision

du
of.the

metteur
putter

en
in

scène
scene

…
…

(fr)

‘the stage director’s vision …’

Additionally, to facilitate automatic evaluation, at
least one of the lemmas of the original MWE should

4VID, NID or AdjID in the PARSEME typology (see § 4).
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be totally absent from the paraphrase. For instance,
(fr) peine de mort (lit. ‘punishment of death’) ‘death
penalty’ should not be paraphrased as peine consis-
tant à causer la mort de la personne ‘punishment
causing the death of the person’. We allow para-
phrases to use MWEs, provided that they are differ-
ent from the original one, as in (9)–(10).

(9) Dla
For

nich
them

świat
world

stanął
stood

w
in
miejscu.
place.

(pl)

‘For them the world stands still.’

(10) Dla
For

nich
them

świat
world

przestał
stopped

się
itself

rozwijać.
unroll.

(pl)

‘For them the world stopped developing.’

In subtask 2, only trial data in English and French
is provided, but no training nor development data.
The test data contains between 66 and 150 sentences
per language. Like for subtask 1, the blind test data
are made available to system authors for a week, and
gold annotations are not disclosed. All test files are
distributed in .json format.
Two evaluation measures are used. Masked

BERT-score first checks if at least one of the MWE
components was removed. If not, the score as-
signed to the paraphrase is 0. Otherwise, BERT-
score (Zhang et al., 2020) is calculated between
the system-generated paraphrase and up to two ref-
erence paraphrases: a minimal and a creative one
(§ 4). The maximum of the two scores is retained.
The second measure is manual score. For each sen-
tence, native or near-native speakers are presented
the paraphrases submitted by systems. In addition,
annotators also see up to 2 reference paraphrases
(minimal and creative), without knowing whether
the paraphrase was generated by systems or by hu-
mans. This allows us to verify the quality of ref-
erence paraphrases with respect to system outputs.
Annotators assign score 0 if the MWE is not re-
moved, and, otherwise, three scores from 0 to 3
for keeping: (i) the sense of the removed MWE,
(ii) the sense of the rest of the sentence, and (iii)
grammaticality and naturalness. The final manual
score is a weighted average of these 3 scores, with
score (i) doubled, normalized to [0, 100]. Both
masked BERT-score andmanual score are averaged
across all sentences, then macro-averaged across
languages.

Diversity Metrics A novel evaluation dimension
in this shared task is diversity. The idea is that the
quality of a system’s results should possibly go hand
in hand with their diversity. In general, diversity is

modelled as a property of sets whose elements can
be apportioned into categories. It is here evaluated
along two main dimensions: variety and balance
(Stirling, 2007; Ramaciotti Morales et al., 2021; Es-
tève et al., 2025). Variety relates to the number of
categories, and balance to the evenness of the distri-
bution of elements into categories. All other things
being equal, the higher the variety, the higher the
diversity, and the same holds for balance.
In our case, the sets evaluated for diversity are

systems’ predictions. In subtask 1, we follow
Lion-Bouton et al. (2022), defining categories as
MWE types and elements as their occurrences in
text.5 Only MWEs correctly identified by a system
(i.e. true positives) are considered. Consider the toy
test corpus (11)-(13), where MWE categories are
boldfaced and bracketed, and a wrongly identified
MWE (i.e. a false positive) is underlined:

(11) [Me
Myself

deparei]
appeared

[cara
face

a
to
cara]
face

com…
with…

(pt)

‘I found myself faced with…’

(12) [Me
Myself

dei
gave

mal]:
bad:

fiquei
got

[cara
face

a
to
cara]…
face…

(pt)

‘I was in a bad situation: I was facing…’

(13) Vendo
Seeing

a
the

cara
face

do
of

pai,
father,

[fez
made

cara
face

feia]
ugly

(pt)

‘Seeing her father’s face, she frowned’

Suppose that system S1 identified all these 6 ex-
pressions, i.e. 4 categories, 5 elements (true posi-
tives), and one false positive (ignored by diversity
scores). System S2, in turn, identified only the 3
categories and 3 elements from examples (12) and
(13). We haveNS1 = 4 andNS2 = 3, the number of
categories of each system. As a measure of variety,
we use richness, i.e.NS . According to this measure,
the predictions of S1 are richer than those of S2.
To assess balance, we use Shannon evenness

(Smith and Wilson, 1996) defined by equation (14):

SES =
SWES

ln(NS)
(14)

where SWES is the Shannon-Weaver entropy:

SWES = −
NS∑

i=1

pi ∗ ln(pi) (15)

5A MWE type is represented by the multiset of its compo-
nents’ lemmas. For instance, given the MWE (pt) cara a cara
(lit. ‘face to face’) ‘(suddenly) facing’, its multiset of lemmas,
in lexicographic order, is {a ‘to’, cara ‘face’, cara ‘face’}.
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and pi is the frequency of the ith category.6 For S1,
(p1, p2, p3, p4) = (15 ,

2
5 ,

1
5 ,

1
5) and SWES1 = 1.33,

while for S2, (p1, p2, p3) = (13 ,
1
3 ,

1
3) and SWES2

= 1.1. In eq. (14), entropy SWE is divided by its
maximum value ln(NS), so we have SES1 = 1.33

1.39 =
0.96 and SES2 = 1.1

1.1 = 1.0. Thus, the predictions
of S2 are more balanced than those of S1.
Our last diversity measure is Shannon-Weaver en-

tropy itself, from eq. (15). When not normalized,
SWES is actually a hybrid metric, accounting for
both variety and balance. According toSWES , the
predictions of S1 are more diverse than those of S2.
For subtask 2, the same diversity measures are

adapted by redefining categories as unique word
types generated by a system and not present in
the original sentence. For instance, given sentence
(6), if systems S3 and S4 produced the outputs (7)
and (8), then NS3 = 1 (new words: perspective)
and NS4 = 5 (new words: vision, du, metteur, en,
scène), SWES3 = 0, SWES4 = 1.61, SES3= 0,
and SES4= 1. Thus, S3 has less diverse predictions
than S4 according to the 3 measures.

4 Provided Data
Subtask 1. The dataset is a fruit of the PARSEME
annotation campaign in which 17 teams took part,
covering 10 previously covered languages – Mod-
ern Greek (el), Persian (fa), French (fr), Hebrew
(he), Polish (pl), Portuguese (pt), Romanian (ro),
Slovene (sl), Swedish (sv), Serbian (sr) – and 7 new
ones – Egyptian (egy, ca. 2700-2000 BC), Ancient
Greek (grc), Japanese (ja), Georgian (ka), Latvian
(lv), Dutch (nl) and Ukrainian (uk). Human an-
notators worked on the corpus according to cross-
linguistically unified guidelines composed of deci-
sion trees over elementary morphological, syntactic
or distributional tests (Savary et al., 2026).7
Previous versions of the PARSEME corpora

treated only verbal MWEs. Version 2.0 covers
all MWE categories: verbal, nominal, adjectival-
adverbial and functional. Some of those are subdi-
vided into subcategories, such as:

• verbal idioms (VID): (nl) ijs breken ‘break the
ice’;

• nominal idioms (NID): (ja) 一人相撲 (lit.
‘one-person sumo’) ‘wrestling with oneself’;

• adjectival idioms (AdjID): (sr) мртав пијан
(lit. ‘dead drunk’) ‘extremely drunk’;

6E.g. for S1 predictions, p1 is the frequency of the category
me deparei, p2 the frequency of cara a cara, …

7https://parsemefr.lis-lab.fr/parseme-st-g
uidelines/2.0

• conjunctive idioms (ConjID): (lt) kā arī (lit.
‘as also’) ‘as well as’.

The test data have been synchronised between
task 1 and 2. First, we identified all “unseen” sen-
tences, e.g. those that have never been annotated
in previous PARSEME editions (even partially), to
avoid contamination (§5). Out of those, up to 150
sentences per language were randomly selected to
meet the criteria for subtask 2, i.e. containing a sin-
gle MWE (of category VID, NID or AdjID). For
subtask 1, they were then completed with other ran-
domly selected “unseen” sentences so as to reach
roughly 500 annotated MWEs. As a result the test
data for subtask 1 contains between 300 and 1,900
sentences per language.8 The remaining sentences
were split randomly (90%-10%) to create the train-
ing and development sets, which were provided to
the participants, except in Ancient Greek, where
not enough annotated data were available and only
a test set exists.

Subtask 2. The dataset for subtask 2 is totally
new and provided for 14 languages: the same as
in subtask 1, except Egyptian, Ancient Greek, and
Dutch.9 Based on the test set of subtask 1, we
extracted up to 150 sentences, as described above,
meeting the criteria for subtask 2. We selected sen-
tences containing only 1 MWE to simplify the def-
inition and evaluation of subtask 2. We focus on
VID, NID and AdjID because their degree of non-
compositionality seems overall the highest, avoiding
notoriously hard discussions about partial composi-
tionality, as in (ro) ia măsuri ‘take action’, (ro) în
cadrul (lit. ‘in frame’) ‘in the framework (of)’.
Given a sentence with a highlighted idiom, na-

tive human experts were to provide at least one
of two paraphrases: a minimal and a creative one.
The former was obtained by modifying as few to-
kens as possible among those that do not belong
to the MWE. When creating the latter, conversely,
significant changes were encouraged, both lexical
(adding, deleting or replacing words) and grammat-
ical (e.g. changing the word order or transforming
active to passive voice), as long as the meaning of
the original sentence was maintained. For example,
sentence (16) received the minimal paraphrase (17)
and the creative one (18):

8With one outlier, Georgian, having around 40K sentences.
9Egyptian and Ancient Greek are skipped because they are

non-spoken languages, while paraphrasing can be performed
reliably only by native speakers. Dutch is skipped due to the
unavailability of the annotators at the time of the paraphrase
corpus construction.
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(16) ხელისუფლება
The.government

PDPA-მ
PDPA

მოქმედებაში
in.action

მოიყვანა
brought

სოციალისტური
socialist

დღის
of.the.day

წესრიგი.
order.

(ka)

‘The PDPA government put into action a
socialist agenda.’

(17) ხელისუფლება
The.government

PDPA-მ
PDPA

მოქმედებაში
in.action

მოიყვანა
brought

სოციალისტური
socialist

გეგმა.
plan.

(ka)

‘The PDPA government brought into action
a socialist plan.’

(18) სოციალისტური
socialist

წყობის
set.up

რეალიზება
realization

ხელისუფლება
the.government

PDPA-მ
PDPA

მოქმედებაში
in.action

მოახერხა.
succeeded.

(ka)

‘The PDPA government managed to realize
a socialist set-up.’

In each paraphrase, we asked annotators to re-
move at least one component of the MWE. New
MWEs were allowed in the creative paraphrase, but
not in the minimal one. The use of LLMs was pro-
hibited for annotators, but online dictionaries and
synonym lists were allowed. It was possible to pro-
vide more than two paraphrases, and then the two
best ones had to be indicated (for system evalua-
tion). Occasionally, it happened that a minimal or a
creative paraphrase was not possible, then only one
paraphrase was given. In rare problematic cases, the
original sentence was totally discarded.
The resulting dataset contains from 66 (Swedish)

to 150 (Georgian) original sentences per language.
In total, there are 1,742 original sentences, with 726
VIDs, 863 NIDs and 153 AdjIDs, as well as 1,670
minimal and 1,618 creative paraphrases.

5 Running a Shared Task in the LLM era
So far, the PARSEME corpus in all 4 versions,
as well as the system results from editions 1.1.
and 1.2 of the PARSEME shared tasks, have been
made publicly available under open licenses on the
CLARIN/LINDAT infrastructure10 and in public
Gitlab repositories.11 The most recent versions of
the data being annotated have regularly been up-
loaded to public Gitlab language repositories, and

10E.g. http://hdl.handle.net/11372/LRT-5124
11https://gitlab.com/parseme/sharedtask-data

made available by consistency checking web pages,
to the best benefit of the research community.
Most of these practices have recently been jeop-

ardised by aggressive scraping policies of some AI
companies. Their bots scan the Internet, strongly
targeting open source community infrastructures,12
ignoring conventions such as robots.txt files.13
The PARSEME infrastructure is also concerned.

Particularly intrusive is GPTBot, which scrapes data
to train OpenAI’s products. For instance, it sent al-
most 3 million queries in April–December 2025 to
two of our servers, with up to 14,000 queries per
day per server, likely acting in “distributed denial
of service” mode to remain anonymous. OpenAI
is known to violate the licenses under which data
and software are distributed (Mueller, 2025). Last
but not least, data contamination (Deng et al., 2024),
particularly frequent due to LLMs, occurs when test
data are included in the training phase, which leads
to inflated performance scores.
This last risk drove major challenges in our data

annotation and publication policy. Texts previously
published with MWE annotations could no longer
be used as test data. Thus, for languages from
previous PARSEME corpus editions, we had to
add significant amounts of new data annotated for
all MWE categories from scratch. This prevented
us from applying random or custom train/dev/test
splits, used for estimating performance, notably on
unseen MWEs (Ramisch et al., 2020). We also had
to make private our public git repositories, used for
everyday corpus development, and to hide consis-
tency checking pages behind secret URLs, burden-
ing legitimate users with new procedures. Even so,
these changes do not preclude data contamination,
since corpus or system developers may inadvertently
store copies of test data in their own public spaces.

6 Implementation on Codabench
For the first time, the participants’ submissions to
PARSEME shared tasks were evaluated on the Cod-
abench platform, an online framework designed
for running machine learning competitions (Xu
et al., 2022). Codabench allows benchmarks to
run in a stable and a less error-prone environment
based on docker, not subject to library version
changes. Benchmarks are easily reproducible, and

12https://next.ink/186593/les-crawlers-des-i
a-menacent-les-sites-scientifiques

13https://arstechnica.com/ai/2025/03/devs-s
ay-ai-crawlers-dominate-traffic-forcing-block
s-on-entire-countries/
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their scores are available online for participants
right away. They occur on the leaderboard, which
provides permanent links for lasting access.
Two competitions were established, each corre-

sponding to a specific subtask.14 A comprehensive
bundle was prepared and uploaded to the platform
to calculate the scores of the submissions. The bun-
dle comprises gold data, the scoring tool and its de-
pendencies, as well as the participant instructions
that elucidate the competition’s goals and the sub-
mission process. The bundle also includes a config-
uration file that specifies the paths of all the data,
the docker container image, start and end dates of
the competitions, and the maximum number of sub-
missions per participant (here: 10).
During the competition, participants submitted

a zip file with one directory per language, each
containing their system’s predictions. The scoring
program returned numerical scores, displayed on
the leaderboard, where the performances of partic-
ipants were compared. For subtask 1, the leader-
board ranking was based on the global MWE-based
F-score, but global and token-based precision and
recall were also displayed, with an additional link
to detailed results per language. For subtask 2, the
ranking was based on average masked BERT-score.
The competitions and the results are now frozen,

but a copy was created so that new participants can
continuously propose new solutions.15 They will no
longer have to wait for a new evaluation to quickly
and accurately assess their systems under the same
conditions as in the shared task.

7 Systems

Subtask 1. This subtask features 10 participating
systems: 9 submissions plus the baseline (Tab. 1).
Among them, 5 are based on pre-trained encoder
transformer models, fine-tuned for the task using
BIO-style tags. MTLB-STRUCT relies on bert-
base-multilingual-cased (Taslimipoor et al.,
2020), with no auxiliary parsing task.16 Sahara-
Tokenizers (Karatepe et al., 2026) relies on the
same pre-trained model, but introduces (a) ex-
plicit part-of-speech injection and (b) multi-task
objective for joint BIO-style tagging and category

14Subtask 1: https://www.codabench.org/competit
ions/12003/, subtask 2: https://www.codabench.org/
competitions/12002/

15Subtask 1: https://www.codabench.org/competit
ions/13186/, subtask 2: https://www.codabench.org/
competitions/13192/

16https://github.com/shivaat/MTLB-STRUCT/

classification. Bert-multilingual-trial and
BeeParser (Erdem and Karaarslan, 2026) fine-
tune XLM-RoBERTa-base on single languages, but
also on language pairs, studying cross-lingual trans-
fer. Finally, romanian-bert (Roscan and Ni-
sioi, 2026) fine-tunes the language-specific RoBERT-
base model after after comparing several models
on challenging data subsets. One system, pmi-mwe-
scorer (Bogdanova and Bucur, 2026), proposes
a method based on syntax-aware pointwise mutual
information (PMI) that leverages UD trees. Two
systems rely on generative language models: IPN
(Hülsing et al., 2026) applies instruction fine-tuning
to Qwen3-32B, while MorphoFiltered-Gemini
(Moise and Nisioi, 2026) relies on gemini-2.0-
flash-lite with a lightweight morphological filter
to remove unlikely outputs.

Subtask 2. We received 5 submissions listed in
Tab. 2, including the baseline. All of them are
based on LLMs: GPT-CREATIVE (Roscan and Ni-
sioi, 2026) relies on prior MWE identification (with
romanian-bert of subtask 1) followed by GPT-4o
queries using category-oriented prompts. Star-
Paraphrasing-Cosine (Bayraktar et al., 2026)
and Multiagent are variants: Cosine tries to
substitute a pre-identified MWE by single-word
alternatives weighted by cosine similarity, while
Multiagent is based on a combination of LLMs
that generate, validate, and fix the paraphrase. Fi-
nally, MISP (Ciminari and Barrón-Cedeño, 2026)
relies on Qwen3-4B-Instruct and cross-lingual
transfer, fine-tuning the model on synthetic MWE
paraphrases in Portuguese.

Baselines The baseline was implemented in Java
as an API client for LLMs. It allows communica-
tion with both cloud-based APIs and locally hosted
LLMs. To produce the baseline results for the test
sets, we used the gpt-oss-20b model through a lo-
cal Ollama installation. This prevented data leakage
to cloud-based solutions (§ 5). The baseline system
allows specifying a dataset and custom templates to
be used as the system and user prompts. Each sam-
ple in the dataset is converted into a LLM call by
filling the prompt templates. Templates indicate to
the LLM the need to produce output that can be
parsed by the system. For the first subtask, the LLM
identifies MWEs at the entire sentence level, which
are then mapped back into the tokenized form. For
the second subtask, the LLM directly produces the
new sentence. We also conducted preliminary ex-
periments with Llama-4-Scout and gpt-oss-20b
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however, gpt-oss-20b consistently achieved bet-
ter performance than the other two models. The
prompts17 used for both subtasks were intentionally
simple and served only to guide the model toward
the expected output format. Aiming at a baseline
contribution, we did not focus on heavily refining
the prompts in order to obtain highly competitive
results with language-specific elements.

8 Performance Results

Subtask 1. Out of the 10 participating systems, 5
systems cover all 17 languages for which data were
available, 2 systems cover 16 languages, 2 systems
cover 6 languages, and 1 system covers only one lan-
guage (Romanian). In this section, systems are re-
ferred to by their names on the leaderboard.
Tab. 1 presents the general ranking of subtask 1,

including the baseline. The number of languages
covered by each system is shown in column #Langs.
Then, we report the global MWE-based and token-
based precision (P), recall (R) and F-scores (F1),
with results macro-averaged over languages. Macro-
average calculation ranges over all 17 languages. If
a system did not submit results for a given language,
this language is included in macro-average calcula-
tion as having P=R=F1=0. Systems are ranked by
decreasing F-scores. Phenomenon- and language-
specific results are shown in App. A .
According to bothMWE-based and Token-based

F1, the top-3 systems are MTLB-STRUCT, Sahara-
Tokenizers and IPN. In terms of MWE-based F1,
the best system MTLB-STRUCT beats the second best
Sahara-Tokenizers by almost 9 points. The dif-
ference between the second and third ranks is even
larger, reaching 19.9 MWE-based F1 points and
23.3 Token-based F1 points. MTLB-STRUCT favours
precision, whereas the two other systems favour re-
call. On the other hand, while 4 systems overcome
the baseline, 5 of them fail to do so, among which
3 cover between 16 and 17 languages.
These average results ignore inter-language vari-

ability. For instance, romanian-bert is the best
system for Romanian, reaching 85.65 MWE-based
F1. MTLB-STRUCT has the highest MWE-based F1
for 8 languages, but Sahara-Tokenizers beats it
in 3 languages, while bert-multilingual-trial
is the best in 2 languages, IPN is the best for Dutch,
BeeParser is the best for Serbian, and the baseline
has the highest MWE-based F1 on Ancient Greek.

17https://github.com/racai-ai/mwe_baseline/t
ree/master/templates

The best language-specific scores are reached
in Farsi, Japanese, Romanian, and Polish (MWE-
based F1≥ 80), followed by Serbian, Slovenian and
Latvian (MWE-based F1≥ 70). In Egyptian, An-
cient Greek, and Dutch, the best systems reach the
lowest scores (MWE-based F1< 30). No train-
ing or development data was provided for Ancient
Greek, while Egyptian and Dutch have the small-
est training and development corpora, with 103 and
133 annotated MWEs in total.

Phenomenon-specific scores (App. A, Tab. 4-7)
confirm that the main challenges inMWE identifica-
tion, studied since edition 1.1, remain unsolved, es-
pecially for unseen MWEs. We emphasize that the
best system from edition 1.2, MTLB-STRUCT, still
gains the upper hand, suggesting that little progress
is achieved in modern LLMs concerning MWE
identification, despite their progress in other tasks.18

Subtask 2. Four teams submitted predictions of
5 systems (including the baseline), shown in Tab. 2,
together with their global macro-average scores
and ranks for the automatic (global masked BERT-
score) evaluation. Only the baseline covered all 14
languages. The 4 other systems jointly covered 4
languages: French (fr), Georgian (ka), Portuguese
(pt) and Romanian (ro). We performedmanual eval-
uation only for these 4 languages, therefore we do
not report the respective global ranking. The cov-
erage of a low number of languages explains the
low scores for the 4 last systems. This is why per-
language scores, given in App. A are more interest-
ing to analyse. Tab. 26–29 show that automatic eval-
uation (with masked BERT-score) nicely correlates
with manual evaluation. More precisely, Pearson
and Spearman correlation between the automatic
and the manual scores for these 4 languages amount
to 0.92 and 0.90, respectively. This indicates that
(masked) BERT-score is a promising measure for
MWE paraphrasing, despite its known weaknesses
(Hanna and Bojar, 2021; Sun et al., 2022).

Tab. 26 and 29 in App. A show that systems spe-
cialised in one language (Star-Paraphraser in
French, GPT-CREATIVE in Romanian) largely out-
perform the baseline. In French, Star-Paraphra-
ser-Cosine has a high automatic score, but the
manual score downgrades it to the third position.
Tab. 3 shows inter-annotator agreement for man-

ual evaluation. We use Krippendorff’s α Artstein
and Poesio (2008) well suited for numerical scores,

18One caveat is that the shared task’s particularly tight sched-
ule may have prevented the development of complex systems.
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System #Langs Global MWE-based Global Token-based
P R F1 rank P R F1 rank

MTLB-STRUCT 17/17 62.21 53.09 57.29 1 70.55 54.75 61.65 1
Sahara-Tokenizers 17/17 45.77 51.33 48.39 2 61.53 57.12 59.24 2
IPN 17/17 21.37 42.32 28.40 3 26.32 56.66 35.94 3
BeeParser 6/17 26.62 25.84 26.22 4 29.26 27.03 28.10 6
baseline-gpt-oss-120b 17/17 17.44 34.86 23.25 5 23.59 52.93 32.64 4
bert-multilingual-trial 6/17 21.69 20.30 20.97 6 26.78 23.26 24.90 7
MorphoFiltered-Gemini 17/17 20.95 14.50 17.14 7 34.14 24.20 28.32 5
romanian-bert 1/17 5.35 4.76 5.04 8 5.55 4.82 5.16 10
Pattern-Based-MWE-Identifier 16/17 2.25 12.69 3.82 9 13.15 50.07 20.83 8
pmi-mwe-scorer 16/17 0.97 2.59 1.41 10 7.15 22.66 10.87 9

Table 1: Subtask 1 results – number of languages covered by systems (#Langs); then macro-averaged MWE-based
(exact match) and token-based (partial match) scores: precision (P), recall (R), F-score (F1) and F1-based ranks.

System #Langs Autom.
gm-BS rank

baseline-gpt-oss-120b 14/14 71.62 1
MISP 4/14 14.21 2
Star-Par.-Cosine 1/14 6.71 3
Star-Par.-Multiagent 1/14 6.39 4
GPT-CREATIVE 1/14 6.38 5

Table 2: Subtask 2 results – number of languages covered
by systems (#Langs); global masked BERT-score (gm-
BS) and the associated rank.

Language A1-A2 A1-Adj A2-Adj

French (fr) – 96.50 97.37
Portuguese (pt) 80.30 87.56 91.14
Romanian (ro) 75.99 90.37 87.42

Table 3: Manual evaluation of subtask 2, inter-annotator
agreement (Krippendorff’s α, interval difference): pair-
wise scores between annotators (A1,A2) and adjudicator
(Adj). Values multiplied by 100 for better readability.

with disagreements between s1 and s2 weighted pro-
portionally to (s1 − s2)

2. Georgian is omitted be-
cause there was only one annotator. For the other
3 languages, a third adjudicator Adj unified annota-
tions, which were then used to assess system’s per-
formances. For French there were no overlapping
items between annotators A1 and A2. Agreement
between A1 and A2 ranges from 75 to 80, whereas
it is greater than 85 with respect to Adj. Thus, our
evaluation protocol seems reproducible, although
assessing meaning similarity is usually a hard task.

9 Diversity Results
Subtask 1. Previous editions of PARSEME have
shown a strong correlation between the number of
unseen MWEs in the test sets and the overall per-
formance of systems. The diversity measures we
propose in this new edition are a continuation of

these reflections. We therefore began by measur-
ing the correlation between the performance scores
of systems and their diversity scores. Detailed di-
versity scores are available in App. A. We calcu-
lated a correlation score for each language, which
we then averaged to obtain an overall view (Tab. 25).
This gave us a Pearson correlation of 0.72 and a
Spearman correlation of 0.76 betweenMWE-based
F1 and the hybrid variety-balance measure. These
results, confirming those obtained by Lion-Bouton
et al. (2022), once again highlight the importance
of predicting diverse MWEs in order to obtain high-
quality predictions.
However, when we look at the correlation be-

tween performance and not entropy, but variety and
balance individually, we see a significant differ-
ence in behaviour. Variety is correlated with per-
formance at 0.81 (Pearson and Spearman), while
balance is correlated at -0.39 (Pearson) and -0.46
(Spearman). It would therefore appear that entropy
is more impacted by variety than by balance, and
that a more balanced system would have a negative
impact on performance, unlike a varied system.

Subtask 2. Per-language diversity scores are re-
ported in App. A. Conversely to subtask 1, we
see the so-called performance-diversity trade-off
typical for generation scenarios (Ippolito et al.,
2019; Zhang et al., 2021). For instance in French
(Tab. 26), the higher the performance, i.e. the qual-
ity of the generated paraphrases, the lower the di-
versity, and vice-versa. One exception is Star-Para-
phraser-Cosine. It has the lowest diversity, which
is likely why it obtains high BERT-scores (the gen-
erated paraphrases resemble the original sentence).
However, it does not achieve the highest manual
score, which means that in reality it does not per-
form particularly well. Notable is also MISP in Ro-
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manian (Tab. 29), which shows a particularly high
lexical creativity (richness), but low manual scores.
Overall, balance scores are rather high across

both subtasks. In subtask 1, this might result from
a high number of infrequent MWEs. In subtask 2,
the newly introduced vocabulary items (not appear-
ing in the original sentence) might also often be ha-
paxes. More insight into these results will be gained
from future analyses, and from new editions of the
shared task, with more systems and languages.

10 Conclusions and Future Work

The data and systems discussed here are only the
beginning of a deeper study of MWE identification
and paraphrasing in the LLM era. In addition to tra-
ditional metrics, human evaluation (subtask 2) and
diversity scores provide complementary views on
the results. The overall trend in subtask 1 indicates
that pre-trained encoder models and BIO encoding
are still competitive. The results of subtask 2 are
an initial step towards MWE paraphrasing, that we
intend to generalise cross-lingually.

Limitations

The use of a baseline based on an LLM entails
very large processing costs in subtask 1, especially
in Georgian (including times and machine require-
ments).
The Georgian (ka) dataset is extremely large com-

pared to other languages, and is very sparse, con-
taining few annotations. This raises questions about
the guidelines and its interpretation, which may vary
depending on the language. The size of the Geor-
gian corpus therefore involves very long processing
times.
The amount of data for all languages is not bal-

anced. Some languages have small training corpora
(e.g. Dutch) and in particular Ancient Greek (grc)
has no training nor development data available.
The use of BERT-score for automatic evaluation

is known to have numerous weaknesses (Hanna and
Bojar, 2021; Sun et al., 2022), sometimes ranking
participants imperfectly compared to manual evalu-
ation.
We do not calculate nor report statistical signifi-

cance in the rankings: some small observed differ-
ences may be due to chance. Further analyses such
as bootstrapped p-values are required to establish
the robustness of our results (Ramisch et al., 2023).

Ethical Considerations

Despite the concerns raised in Section 5, the base-
line for the shared task is based on an LLM. Al-
though we chose to use the one with the highest level
of openness available to us, the model is not com-
pletely open source, as the weights of the model are
available, but we do not know the exact training cor-
pus used to train this LLM.
Furthermore, the languages participating in the

shared task are predominantly Indo-European lan-
guages, which are not particularly low resourced.
The addressed languages do not include the 3 lowest
levels of the Joshi et al. (2020) resourcedness scale.
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A Detailed shared task results
This appendix presents detailed results for sub-
tasks 1 and 2: cross-lingual macro-averages per phe-
nomenon (subtask 1) and per-language results, in-
cluding diversity scores per language.
In the phenomenon-specific rankings of sub-

task 1, a MWE is considered seen if a MWE with
the same multi-set of lemmas was annotated at
least once in the training corpus or in the develop-
ment corpus. This definition impacts four MWE-
based evaluation metrics and rankings: unseen-in-
traindev, seen-in-traindev, variant-of-traindev and
identical-to-traindev.
Please, interpret cross-lingual macro-averages

carefully, as some scores depend on the dataset size,
and the size of the underlying datasets varies across
languages. These results are also published on the
shared task git repository:

• Subtask 1: https://gitlab.com/parseme
/sharedtask-data/-/blob/master/2.
0/subtask1/Detailed_results.md

• Subtask 2: https://gitlab.com/parseme
/sharedtask-data/-/blob/master/2.
0/subtask2/Detailed_results.md
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Performance
System #Langs Discontinuous MWE-based Continuous MWE-based

P R F1 Rank P R F1 Rank
MTLB-STRUCT 17/17 45.57 32.46 37.91 1 63.35 55.25 59.02 1
BeeParser 6/17 20.62 21.31 20.96 2 27.11 26.18 26.64 4
bert-multilingual-trial 6/17 15.83 15.46 15.64 3 22.00 20.58 21.27 6
IPN 17/17 12.70 20.01 15.54 4 22.27 45.53 29.91 3
baseline-gpt-oss-120b 17/17 12.68 4.08 6.17 5 17.42 40.32 24.33 5
romanian-bert 1/17 4.62 3.75 4.14 6 5.46 4.92 5.18 8
pmi-mwe-scorer 16/17 0.03 0.10 0.05 7 1.71 2.98 2.17 10
MorphoFiltered-Gemini 17/17 0.00 0.00 0.00 8 20.95 16.93 18.73 7
Pattern-Based-MWE-Id. 16/17 0.00 0.00 0.00 8 2.25 14.56 3.90 9
Sahara-Tokenizers 17/17 0.00 0.00 0.00 8 45.78 59.63 51.80 2

Table 4: Subtask 1 results – phenomenon-specific scores for discontinuous vs. continuous. Macro-averaged MWE-
based (exact match) scores: precision (P), recall (R), F-score (F1) and F1-based ranks.

Performance
System #Langs Unseen-in-traindev MWE-based Seen-in-traindev MWE-based

P R F1 Rank P R F1 Rank
MTLB-STRUCT 17/17 26.72 21.38 23.75 1 84.25 71.74 77.49 1
Sahara-Tokenizers 17/17 16.68 24.92 19.98 2 83.57 65.91 73.70 2
IPN 17/17 9.62 36.14 15.20 3 76.16 44.71 56.34 3
baseline-gpt-oss-120b 17/17 7.99 29.15 12.54 4 76.72 35.23 48.29 4
BeeParser 6/17 11.13 14.01 12.41 5 34.13 29.64 31.73 5
MorphoFiltered-Gemini 17/17 9.83 11.18 10.46 6 73.08 14.86 24.70 8
bert-multilingual-trial 6/17 8.59 9.21 8.89 7 27.93 24.72 26.23 7
romanian-bert 1/17 0.74 1.31 0.95 8 5.71 4.89 5.27 9
pmi-mwe-scorer 16/17 0.54 3.72 0.94 9 61.66 2.15 4.16 10
Pattern-Based-MWE-Id. 16/17 0.26 2.72 0.47 10 60.75 19.98 30.07 6

Table 5: Subtask 1 results – phenomenon-specific scores for unseen-in-traindev vs. seen-in-traindev. Macro-averaged
MWE-based (exact match) scores: precision (P), recall (R), F-score (F1) and F1-based ranks.

Performance
System #Langs Variant-of-traindev MWE-based Identical-to-traindev MWE-based

P R F1 Rank P R F1 Rank
MTLB-STRUCT 17/17 79.35 53.68 64.04 1 85.22 77.84 81.36 1
Sahara-Tokenizers 17/17 77.16 40.15 52.82 2 85.01 76.55 80.56 2
IPN 17/17 61.65 37.94 46.97 3 82.56 46.83 59.76 3
baseline-gpt-oss-120b 17/17 58.31 21.04 30.92 4 80.81 41.22 54.59 4
BeeParser 6/17 32.84 26.52 29.34 5 34.52 31.05 32.69 6
bert-multilingual-trial 6/17 27.26 21.05 23.76 6 28.19 26.40 27.27 7
MorphoFiltered-Gemini 17/17 54.54 12.00 19.67 7 75.06 15.91 26.25 8
Pattern-Based-MWE-Id. 16/17 40.13 12.73 19.33 8 72.43 22.54 34.38 5
romanian-bert 1/17 5.16 3.31 4.03 9 5.77 5.13 5.43 9
pmi-mwe-scorer 16/17 43.91 1.62 3.12 10 72.46 2.27 4.40 10

Table 6: Subtask 1 results – phenomenon-specific scores for variant-of-traindev vs. identical-to-traindev. Macro-
averaged MWE-based (exact match) scores: precision (P), recall (R), F-score (F1) and F1-based ranks.
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Performance
System #Langs Single-token MWE-based Multi-token MWE-based

P R F1 Rank P R F1 Rank
MTLB-STRUCT 17/17 24.89 49.32 33.08 1 64.93 51.30 57.32 1
IPN 17/17 15.49 35.60 21.59 2 20.44 42.37 27.58 3
Sahara-Tokenizers 17/17 12.53 52.91 20.26 3 62.06 49.96 55.36 2
BeeParser 6/17 12.64 19.79 15.43 4 27.29 24.81 25.99 4
bert-multilingual-trial 6/17 8.77 20.04 12.20 5 22.63 19.05 20.69 6
baseline-gpt-oss-120b 17/17 10.68 8.81 9.66 6 16.99 38.03 23.49 5
MorphoFiltered-Gemini 17/17 6.13 2.14 3.17 7 21.56 15.99 18.36 7
pmi-mwe-scorer 16/17 1.38 12.17 2.48 8 0.66 1.57 0.93 10
Pattern-Based-MWE-Id. 16/17 0.98 11.83 1.81 9 6.58 11.52 8.38 8
romanian-bert 1/17 0.49 1.96 0.78 10 5.49 4.77 5.10 9

Table 7: Subtask 1 results – phenomenon-specific scores for single-token vs. multi-token. Macro-averaged MWE-
based (exact match) scores: precision (P), recall (R), F-score (F1) and F1-based ranks.

Performance Diversity (of identified MWEs)
System Global MWE-based Global Token-based Var.-bal. Variety Balance

P R F Rank P R F Rank SWE Rank Richness Rank SE Rank
Sahara-Tokenizers 33.67 13.20 18.97 1 47.40 17.45 25.51 2 2.53 4 17.00 3 0.89 3
MTLB-STRUCT 31.07 12.80 18.13 2 45.11 15.92 23.53 3 2.45 5 16.00 4 0.88 4
MorphoFiltered-Gemini 12.00 3.60 5.54 3 15.79 4.60 7.13 6 2.55 2 14.00 5 0.97 1
baseline-gpt-oss-120b 3.60 6.20 4.56 4 7.89 13.71 10.02 5 2.54 3 18.00 2 0.88 4
IPN 2.53 8.00 3.85 5 10.36 32.02 15.65 4 2.99 1 24.00 1 0.94 2
Pattern-Based-MWE-Id. 1.98 8.20 3.19 6 19.28 40.46 26.11 1 2.03 6 11.00 6 0.85 5

Table 8: Egyptian (egy) subtask 1 results – MWE-based (exact match) and token-based (partial match) scores: pre-
cision (P), recall (R), F-score (F1) and F1-based ranks. SWE: Shannon-Weaver entropy, SE: Shannon evenness –
Pearson (r) and Spearman (ρ) correlation between global MWE-based F-score and SWE: (r = −0.03, ρ = −0.03);
Richness: (r = −0.03, ρ = 0.09); SE: (r = −0.21, ρ = 0.32).

Performance Diversity (of identified MWEs)
System Global MWE-based Global Token-based Var.-bal. Variety Balance

P R F Rank P R F Rank SWE Rank Richness Rank SE Rank
MTLB-STRUCT 67.70 39.40 49.81 1 74.10 37.02 49.38 1 3.92 3 103.00 4 0.85 5
Sahara-Tokenizers 36.86 37.60 37.23 2 55.89 40.93 47.25 2 3.91 4 104.00 3 0.84 6
IPN 15.77 35.80 21.90 3 21.97 56.06 31.57 4 4.51 2 130.00 2 0.93 3
MorphoFiltered-Gemini 20.34 19.40 19.86 4 32.69 34.58 33.61 3 4.51 2 93.00 5 1.00 1
baseline-gpt-oss-120b 12.76 36.00 18.84 5 17.03 52.40 25.70 5 4.74 1 139.00 1 0.96 2
pmi-mwe-scorer 0.47 2.40 0.78 6 6.17 23.43 9.77 7 2.48 5 12.00 6 1.00 1
Pattern-Based-MWE-Id. 0.28 2.80 0.50 7 6.86 38.57 11.64 6 1.97 6 9.00 7 0.89 4

Table 9: Modern Greek (el) subtask 1 results – MWE-based (exact match) and token-based (partial match) scores:
precision (P), recall (R), F-score (F1) and F1-based ranks. SWE: Shannon-Weaver entropy, SE: Shannon evenness
– Pearson (r) and Spearman (ρ) correlation between global MWE-based F-score and SWE: (r = 0.58, ρ = 0.34);
Richness: (r = 0.66, ρ = 0.50); SE: (r = −0.63, ρ = −0.54).
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Performance Diversity (of identified MWEs)
System Global MWE-based Global Token-based Var.-bal. Variety Balance

P R F Rank P R F Rank SWE Rank Richness Rank SE Rank
MTLB-STRUCT 83.57 82.07 82.81 1 87.97 84.88 86.40 1 5.65 1 320.00 1 0.98 2
BeeParser 79.64 78.69 79.16 2 86.51 84.99 85.75 2 5.62 2 307.00 2 0.98 2
Sahara-Tokenizers 70.67 77.29 73.83 3 83.77 83.68 83.73 3 5.61 3 306.00 3 0.98 2
IPN 37.52 41.04 39.20 4 46.32 57.94 51.48 4 5.14 4 180.00 4 0.99 1
baseline-gpt-oss-120b 32.00 30.28 31.12 5 42.48 53.23 47.25 5 4.69 5 121.00 5 0.98 2
MorphoFiltered-Gemini 41.54 22.51 29.20 6 57.97 39.43 46.94 6 4.58 6 102.00 6 0.99 1
Pattern-Based-MWE-Id. 8.19 16.33 10.91 7 33.26 52.03 40.58 7 4.11 7 65.00 7 0.98 2
pmi-mwe-scorer 4.67 5.58 5.09 8 14.65 16.43 15.49 8 3.23 8 26.00 8 0.99 1

Table 10: Persian (Farsi) (fa) subtask 1 results – MWE-based (exact match) and token-based (partial match) scores:
precision (P), recall (R), F-score (F1) and F1-based ranks. SWE: Shannon-Weaver entropy, SE: Shannon evenness
– Pearson (r) and Spearman (ρ) correlation between global MWE-based F-score and SWE: (r = 0.93, ρ = 1.00);
Richness: (r = 0.99, ρ = 1.00); SE: (r = −0.52, ρ = −0.51).

Performance Diversity (of identified MWEs)
System Global MWE-based Global Token-based Var.-bal. Variety Balance

P R F Rank P R F Rank SWE Rank Richness Rank SE Rank
MTLB-STRUCT 73.55 53.29 61.81 1 83.82 57.42 68.15 1 5.34 1 226.00 1 0.98 3
Sahara-Tokenizers 52.60 50.50 51.53 2 75.76 58.33 65.91 2 5.28 2 212.00 2 0.98 3
IPN 37.74 42.71 40.07 3 48.43 58.00 52.79 3 5.14 3 184.00 3 0.99 2
baseline-gpt-oss-120b 32.03 32.73 32.38 4 42.92 53.08 47.47 4 4.91 4 144.00 4 0.99 2
MorphoFiltered-Gemini 14.17 6.99 9.36 5 35.36 18.42 24.22 5 3.26 5 29.00 5 0.97 4
Pattern-Based-MWE-Id. 1.11 4.79 1.80 6 15.22 51.08 23.46 6 3.06 6 22.00 6 0.99 2
pmi-mwe-scorer 0.48 1.00 0.64 7 14.64 22.83 17.84 7 1.61 7 5.00 7 1.00 1

Table 11: French (fr) subtask 1 results – MWE-based (exact match) and token-based (partial match) scores: precision
(P), recall (R), F-score (F1) and F1-based ranks. SWE: Shannon-Weaver entropy, SE: Shannon evenness – Pearson
(r) and Spearman (ρ) correlation between global MWE-based F-score and SWE: (r = 0.92, ρ = 1.00); Richness:
(r = 0.99, ρ = 1.00); SE: (r = −0.32, ρ = −0.54).

Performance Diversity (of identified MWEs)
System Global MWE-based Global Token-based Var.-bal. Variety Balance

P R F Rank P R F Rank SWE Rank Richness Rank SE Rank
baseline-gpt-oss-120b 8.55 15.92 11.12 1 15.23 29.89 20.18 1 3.41 1 35.00 1 0.96 3
MorphoFiltered-Gemini 43.33 3.90 7.16 2 59.09 4.98 9.19 4 2.10 4 9.00 4 0.95 4
Sahara-Tokenizers 8.81 6.01 7.14 3 14.19 8.17 10.37 3 2.45 3 14.00 3 0.93 5
IPN 3.95 6.91 5.02 4 7.42 20.82 10.94 2 3.01 2 21.00 2 0.99 1
MTLB-STRUCT 3.31 1.20 1.76 5 9.87 3.83 5.52 6 0.56 6 2.00 6 0.81 6
pmi-mwe-scorer 0.74 1.80 1.05 6 5.45 12.01 7.49 5 1.56 5 5.00 5 0.97 2

Table 12: Ancient Greek (grc) subtask 1 results – MWE-based (exact match) and token-based (partial match) scores:
precision (P), recall (R), F-score (F1) and F1-based ranks. SWE: Shannon-Weaver entropy, SE: Shannon evenness
– Pearson (r) and Spearman (ρ) correlation between global MWE-based F-score and SWE: (r = 0.81, ρ = 0.71);
Richness: (r = 0.83, ρ = 0.71); SE: (r = 0.36, ρ = −0.09).
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Performance Diversity (of identified MWEs)
System Global MWE-based Global Token-based Var.-bal. Variety Balance

P R F Rank P R F Rank SWE Rank Richness Rank SE Rank
MTLB-STRUCT 67.38 62.67 64.94 1 69.68 61.73 65.47 1 5.26 1 226.00 1 0.97 3
Sahara-Tokenizers 52.89 60.28 56.34 2 57.93 60.23 59.06 2 5.20 2 214.00 2 0.97 3
IPN 14.36 40.52 21.20 3 15.75 46.56 23.54 4 5.02 3 170.00 3 0.98 2
baseline-gpt-oss-120b 14.64 34.53 20.56 4 17.53 42.51 24.82 3 4.79 4 135.00 4 0.98 2
MorphoFiltered-Gemini 12.42 3.79 5.81 5 17.67 4.71 7.44 7 2.80 6 17.00 6 0.99 1
Pattern-Based-MWE-Id. 1.28 10.78 2.29 6 9.24 54.85 15.81 5 3.71 5 46.00 5 0.97 3
pmi-mwe-scorer 0.22 2.20 0.39 7 4.25 42.13 7.72 6 2.27 7 10.00 7 0.99 1

Table 13: Hebrew (he) subtask 1 results –MWE-based (exactmatch) and token-based (partial match) scores: precision
(P), recall (R), F-score (F1) and F1-based ranks. SWE: Shannon-Weaver entropy, SE: Shannon evenness – Pearson
(r) and Spearman (ρ) correlation between global MWE-based F-score and SWE: (r = 0.80, ρ = 0.96); Richness:
(r = 0.92, ρ = 0.96); SE: (r = −0.66, ρ = −0.59).

Performance Diversity (of identified MWEs)
System Global MWE-based Global Token-based Var.-bal. Variety Balance

P R F Rank P R F Rank SWE Rank Richness Rank SE Rank
Sahara-Tokenizers 75.92 70.00 72.84 1 79.03 68.41 73.34 1 5.50 1 281.00 1 0.97 3
MTLB-STRUCT 80.36 63.00 70.63 2 84.32 58.44 69.03 3 5.40 2 252.00 3 0.98 2
bert-multilingual-trial 74.64 63.00 68.33 3 82.30 61.25 70.23 2 5.39 3 253.00 2 0.97 3
BeeParser 69.25 59.00 63.71 4 78.14 58.06 66.62 4 5.31 4 235.00 4 0.97 3
IPN 31.05 46.20 37.14 5 32.89 57.16 41.76 5 5.19 5 200.00 5 0.98 2
baseline-gpt-oss-120b 20.97 26.80 23.53 6 29.60 55.37 38.57 6 4.85 6 129.00 6 1.00 1
Pattern-Based-MWE-Id. 6.77 18.20 9.86 7 21.67 48.21 29.90 7 4.01 7 64.00 7 0.96 4
MorphoFiltered-Gemini 14.22 6.20 8.64 8 32.44 24.81 28.12 8 3.39 8 30.00 8 1.00 1
pmi-mwe-scorer 3.58 4.00 3.78 9 15.58 28.77 20.22 9 2.83 9 18.00 9 0.98 2

Table 14: Japanese (ja) subtask 1 results – MWE-based (exact match) and token-based (partial match) scores: pre-
cision (P), recall (R), F-score (F1) and F1-based ranks. SWE: Shannon-Weaver entropy, SE: Shannon evenness –
Pearson (r) and Spearman (ρ) correlation between global MWE-based F-score and SWE: (r = 0.89, ρ = 1.00);
Richness: (r = 0.98, ρ = 0.98); SE: (r = −0.38, ρ = −0.36).

Performance Diversity (of identified MWEs)
System Global MWE-based Global Token-based Var.-bal. Variety Balance

P R F Rank P R F Rank SWE Rank Richness Rank SE Rank
MTLB-STRUCT 39.08 63.00 48.24 1 42.18 63.29 50.62 1 3.05 5 61.00 3 0.74 6
Sahara-Tokenizers 26.17 69.40 38.01 2 28.88 70.14 40.91 2 3.27 3 76.00 1 0.76 5
MorphoFiltered-Gemini 2.64 34.00 4.90 3 3.00 35.96 5.54 3 3.40 1 62.00 2 0.82 2
baseline-gpt-oss-120b 0.68 36.20 1.33 4 0.67 40.85 1.32 5 3.32 2 60.00 4 0.81 3
Pattern-Based-MWE-Id. 0.42 36.40 0.83 5 1.40 61.78 2.73 4 2.24 6 33.00 6 0.64 7
IPN 0.29 26.00 0.57 6 0.40 36.24 0.79 6 3.23 4 56.00 5 0.80 4
pmi-mwe-scorer 0.01 1.80 0.02 7 0.16 26.38 0.31 7 2.20 7 9.00 7 1.00 1

Table 15: Georgian (ka) subtask 1 results – MWE-based (exact match) and token-based (partial match) scores: pre-
cision (P), recall (R), F-score (F1) and F1-based ranks. SWE: Shannon-Weaver entropy, SE: Shannon evenness –
Pearson (r) and Spearman (ρ) correlation between global MWE-based F-score and SWE: (r = 0.29, ρ = 0.46);
Richness: (r = 0.53, ρ = 0.86); SE: (r = −0.30, ρ = −0.43).
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Performance Diversity (of identified MWEs)
System Global MWE-based Global Token-based Var.-bal. Variety Balance

P R F Rank P R F Rank SWE Rank Richness Rank SE Rank
MTLB-STRUCT 81.89 62.53 70.91 1 87.69 61.71 72.45 1 4.59 3 151.00 2 0.91 3
bert-multilingual-trial 73.27 61.52 66.88 2 84.79 62.99 72.28 2 4.57 4 149.00 3 0.91 3
Sahara-Tokenizers 64.69 59.12 61.78 3 75.25 60.71 67.20 3 4.52 5 143.00 4 0.91 3
baseline-gpt-oss-120b 12.39 58.52 20.45 4 13.53 67.82 22.57 5 4.66 2 163.00 1 0.91 3
MorphoFiltered-Gemini 23.40 17.64 20.11 5 29.87 22.79 25.85 4 4.03 6 67.00 6 0.96 2
IPN 7.00 40.68 11.94 6 9.52 57.61 16.34 7 4.79 1 149.00 3 0.96 2
Pattern-Based-MWE-Id. 2.58 28.46 4.73 7 9.45 63.90 16.46 6 3.98 7 79.00 5 0.91 3
pmi-mwe-scorer 0.37 3.21 0.67 8 3.25 27.62 5.82 8 2.69 8 15.00 7 0.99 1

Table 16: Latvian (lv) subtask 1 results –MWE-based (exact match) and token-based (partial match) scores: precision
(P), recall (R), F-score (F1) and F1-based ranks. SWE: Shannon-Weaver entropy, SE: Shannon evenness – Pearson
(r) and Spearman (ρ) correlation between global MWE-based F-score and SWE: (r = 0.54, ρ = 0.50); Richness:
(r = 0.62, ρ = 0.67); SE: (r = −0.62, ρ = −0.67).

Performance Diversity (of identified MWEs)
System Global MWE-based Global Token-based Var.-bal. Variety Balance

P R F Rank P R F Rank SWE Rank Richness Rank SE Rank
IPN 24.81 30.41 27.33 1 38.61 53.20 44.75 2 4.78 1 123.00 1 0.99 2
baseline-gpt-oss-120b 23.94 24.65 24.29 2 38.13 50.38 43.41 3 4.48 2 94.00 3 0.99 2
MTLB-STRUCT 36.79 17.97 24.15 3 67.86 20.63 31.64 5 4.11 3 68.00 4 0.98 3
Sahara-Tokenizers 19.02 26.04 21.98 4 51.29 41.04 45.60 1 4.48 2 95.00 2 0.98 3
MorphoFiltered-Gemini 20.65 8.76 12.30 5 57.97 27.25 37.08 4 3.64 4 38.00 5 1.00 1
Pattern-Based-MWE-Id. 1.88 4.38 2.63 6 18.35 24.43 20.96 6 2.06 6 9.00 7 0.94 4
pmi-mwe-scorer 1.19 2.30 1.57 7 12.40 19.54 15.17 7 2.30 5 10.00 6 1.00 1

Table 17: Dutch (nl) subtask 1 results – MWE-based (exact match) and token-based (partial match) scores: precision
(P), recall (R), F-score (F1) and F1-based ranks. SWE: Shannon-Weaver entropy, SE: Shannon evenness – Pearson
(r) and Spearman (ρ) correlation between global MWE-based F-score and SWE: (r = 0.97, ρ = 0.90); Richness:
(r = 0.95, ρ = 0.86); SE: (r = 0.27, ρ = −0.11).

Performance Diversity (of identified MWEs)
System Global MWE-based Global Token-based Var.-bal. Variety Balance

P R F Rank P R F Rank SWE Rank Richness Rank SE Rank
bert-multilingual-trial 83.33 84.00 83.67 1 87.13 84.82 85.96 1 5.49 1 286.00 1 0.97 4
MTLB-STRUCT 83.65 79.80 81.68 2 86.86 80.93 83.79 3 5.42 3 268.00 3 0.97 4
BeeParser 80.51 82.60 81.54 3 84.86 84.54 84.70 2 5.44 2 276.00 2 0.97 4
Sahara-Tokenizers 51.84 64.80 57.60 4 75.36 74.57 74.96 4 5.21 4 220.00 5 0.97 4
IPN 28.58 72.20 40.95 5 29.74 79.60 43.30 5 5.42 3 260.00 4 0.98 3
baseline-gpt-oss-120b 18.15 38.80 24.73 6 25.22 61.76 35.82 6 4.84 5 146.00 6 0.97 4
MorphoFiltered-Gemini 22.07 18.80 20.30 7 35.22 30.65 32.78 7 4.32 6 80.00 7 0.99 2
Pattern-Based-MWE-Id. 2.83 17.40 4.87 8 14.63 70.40 24.23 8 4.17 7 70.00 8 0.98 3
pmi-mwe-scorer 0.29 1.40 0.48 9 5.50 20.87 8.70 9 1.95 8 7.00 9 1.00 1

Table 18: Polish (pl) subtask 1 results – MWE-based (exact match) and token-based (partial match) scores: precision
(P), recall (R), F-score (F1) and F1-based ranks. SWE: Shannon-Weaver entropy, SE: Shannon evenness – Pearson
(r) and Spearman (ρ) correlation between global MWE-based F-score and SWE: (r = 0.78, ρ = 0.95); Richness:
(r = 0.93, ρ = 0.97); SE: (r = −0.75, ρ = −0.82).
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Performance Diversity (of identified MWEs)
System Global MWE-based Global Token-based Var.-bal. Variety Balance

P R F Rank P R F Rank SWE Rank Richness Rank SE Rank
Sahara-Tokenizers 40.00 49.60 44.29 1 50.51 53.67 52.04 1 4.73 3 147.00 3 0.95 4
MTLB-STRUCT 50.17 30.20 37.70 2 64.22 31.42 42.19 2 4.13 4 88.00 4 0.92 5
IPN 17.74 52.20 26.48 3 23.79 69.92 35.50 3 4.98 2 182.00 2 0.96 3
baseline-gpt-oss-120b 15.93 51.60 24.34 4 19.96 76.50 31.66 4 5.06 1 192.00 1 0.96 3
MorphoFiltered-Gemini 8.37 13.80 10.42 5 19.45 26.50 22.43 5 3.92 5 56.00 5 0.97 2
Pattern-Based-MWE-Id. 0.61 7.00 1.13 6 6.73 43.00 11.63 6 1.74 7 8.00 6 0.84 6
pmi-mwe-scorer 0.22 1.20 0.38 7 4.93 17.92 7.73 7 1.79 6 6.00 7 1.00 1

Table 19: Brazilian Portuguese (pt) subtask 1 results – MWE-based (exact match) and token-based (partial match)
scores: precision (P), recall (R), F-score (F1) and F1-based ranks. SWE: Shannon-Weaver entropy, SE: Shannon
evenness – Pearson (r) and Spearman (ρ) correlation between global MWE-based F-score and SWE: (r = 0.80,
ρ = 0.64); Richness: (r = 0.72, ρ = 0.68); SE: (r = 0.10, ρ = −0.41).

Performance Diversity (of identified MWEs)
System Global MWE-based Global Token-based Var.-bal. Variety Balance

P R F Rank P R F Rank SWE Rank Richness Rank SE Rank
romanian-bert 91.03 80.88 85.65 1 94.35 81.98 87.73 2 5.39 2 275.00 2 0.96 4
BeeParser 84.98 82.27 83.60 2 92.36 85.19 88.63 1 5.43 1 280.00 1 0.96 4
MTLB-STRUCT 83.71 80.88 82.27 3 91.97 83.76 87.68 3 5.39 2 272.00 3 0.96 4
Sahara-Tokenizers 61.98 71.12 66.23 4 84.06 79.48 81.71 4 5.23 3 236.00 4 0.96 4
IPN 37.12 50.80 42.89 5 42.83 62.09 50.69 5 5.05 4 187.00 5 0.97 3
baseline-gpt-oss-120b 26.09 38.25 31.02 6 34.87 60.84 44.33 6 4.82 5 145.00 6 0.97 3
MorphoFiltered-Gemini 27.02 15.34 19.57 7 42.82 26.58 32.80 7 4.17 6 68.00 7 0.99 2
Pattern-Based-MWE-Id. 3.06 14.34 5.05 8 18.15 68.69 28.71 8 3.77 7 54.00 8 0.95 5
pmi-mwe-scorer 0.12 0.40 0.19 9 7.63 22.48 11.39 9 0.69 8 2.00 9 1.00 1

Table 20: Romanian (ro) subtask 1 results – MWE-based (exact match) and token-based (partial match) scores:
precision (P), recall (R), F-score (F1) and F1-based ranks. SWE: Shannon-Weaver entropy, SE: Shannon evenness
– Pearson (r) and Spearman (ρ) correlation between global MWE-based F-score and SWE: (r = 0.78, ρ = 0.97);
Richness: (r = 0.98, ρ = 0.98); SE: (r = −0.55, ρ = −0.46).

Performance Diversity (of identified MWEs)
System Global MWE-based Global Token-based Var.-bal. Variety Balance

P R F Rank P R F Rank SWE Rank Richness Rank SE Rank
MTLB-STRUCT 76.98 68.06 72.25 1 83.88 70.84 76.81 2 5.00 3 193.00 3 0.95 4
bert-multilingual-trial 71.15 72.85 71.99 2 80.95 77.00 78.93 1 5.06 2 205.00 1 0.95 4
Sahara-Tokenizers 44.72 53.29 48.63 3 73.07 64.40 68.46 3 4.84 4 159.00 4 0.95 4
IPN 21.70 62.67 32.24 4 24.41 72.95 36.58 4 5.10 1 202.00 2 0.96 3
baseline-gpt-oss-120b 14.67 42.71 21.84 5 18.12 58.60 27.68 6 4.74 5 138.00 5 0.96 3
MorphoFiltered-Gemini 24.67 14.97 18.63 6 38.95 23.83 29.57 5 4.02 6 61.00 6 0.98 2
Pattern-Based-MWE-Id. 1.51 12.38 2.69 7 10.88 65.13 18.65 7 3.58 7 41.00 7 0.96 3
pmi-mwe-scorer 0.09 0.60 0.16 8 3.33 17.30 5.58 8 1.10 8 3.00 8 1.00 1

Table 21: Slovenian (sl) subtask 1 results – MWE-based (exact match) and token-based (partial match) scores: pre-
cision (P), recall (R), F-score (F1) and F1-based ranks. SWE: Shannon-Weaver entropy, SE: Shannon evenness –
Pearson (r) and Spearman (ρ) correlation between global MWE-based F-score and SWE: (r = 0.71, ρ = 0.83);
Richness: (r = 0.86, ρ = 0.88); SE: (r = −0.73, ρ = −0.90).
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Performance Diversity (of identified MWEs)
System Global MWE-based Global Token-based Var.-bal. Variety Balance

P R F Rank P R F Rank SWE Rank Richness Rank SE Rank
BeeParser 72.87 76.80 74.78 1 79.00 79.38 79.19 1 5.62 1 312.00 1 0.98 2
MTLB-STRUCT 71.89 76.20 73.98 2 76.35 77.58 76.96 2 5.61 2 308.00 2 0.98 2
Sahara-Tokenizers 53.46 63.40 58.01 3 70.03 68.97 69.49 3 5.43 3 258.00 3 0.98 2
IPN 35.99 57.80 44.36 4 37.88 64.90 47.84 4 5.40 4 247.00 4 0.98 2
baseline-gpt-oss-120b 20.36 34.00 25.47 5 27.00 52.32 35.62 6 4.91 5 147.00 5 0.98 2
MorphoFiltered-Gemini 19.70 8.00 11.38 6 30.62 13.53 18.77 8 3.45 8 34.00 7 0.98 2
pmi-mwe-scorer 2.08 7.60 3.27 7 11.12 37.56 17.16 9 3.60 6 37.00 6 1.00 1
Pattern-Based-MWE-Id. 1.84 9.40 3.08 8 13.96 61.49 22.76 7 3.49 7 37.00 6 0.97 3
bert-multilingual-trial 0.35 0.60 0.44 9 44.36 38.69 41.33 5 1.10 9 3.00 8 1.00 1

Table 22: Serbian (sr) subtask 1 results –MWE-based (exact match) and token-based (partial match) scores: precision
(P), recall (R), F-score (F1) and F1-based ranks. SWE: Shannon-Weaver entropy, SE: Shannon evenness – Pearson
(r) and Spearman (ρ) correlation between global MWE-based F-score and SWE: (r = 0.84, ρ = 0.95); Richness:
(r = 0.98, ρ = 0.95); SE: (r = −0.38, ρ = −0.27).

Performance Diversity (of identified MWEs)
System Global MWE-based Global Token-based Var.-bal. Variety Balance

P R F Rank P R F Rank SWE Rank Richness Rank SE Rank
bert-multilingual-trial 65.97 63.05 64.48 1 75.72 70.65 73.09 1 5.14 1 207.00 1 0.96 3
MTLB-STRUCT 67.19 60.04 63.41 2 73.96 67.52 70.60 3 5.13 2 204.00 2 0.97 2
BeeParser 65.35 59.84 62.47 3 76.62 67.30 71.66 2 5.14 1 204.00 2 0.97 2
Sahara-Tokenizers 47.18 55.42 50.97 4 64.89 66.41 65.64 4 5.07 3 191.00 3 0.97 2
IPN 21.16 45.38 28.86 5 24.65 64.40 35.65 5 5.01 4 176.00 4 0.97 2
MorphoFiltered-Gemini 20.17 34.14 25.35 6 26.00 50.56 34.34 6 4.72 6 131.00 6 0.97 2
baseline-gpt-oss-120b 17.27 39.96 24.12 7 21.90 69.87 33.34 7 4.81 5 144.00 5 0.97 2
Pattern-Based-MWE-Id. 1.53 9.04 2.62 8 11.10 49.33 18.12 8 3.47 7 36.00 7 0.97 2
pmi-mwe-scorer 1.39 6.22 2.27 9 4.99 22.99 8.21 9 3.34 8 29.00 8 0.99 1

Table 23: Swedish (sv) subtask 1 results –MWE-based (exactmatch) and token-based (partial match) scores: precision
(P), recall (R), F-score (F1) and F1-based ranks. SWE: Shannon-Weaver entropy, SE: Shannon evenness – Pearson
(r) and Spearman (ρ) correlation between global MWE-based F-score and SWE: (r = 0.86, ρ = 0.95); Richness:
(r = 0.93, ρ = 0.98); SE: (r = −0.61, ρ = −0.73).

Performance Diversity (of identified MWEs)
System Global MWE-based Global Token-based Var.-bal. Variety Balance

P R F Rank P R F Rank SWE Rank Richness Rank SE Rank
MTLB-STRUCT 59.29 49.50 53.95 1 69.44 53.83 60.65 1 5.05 3 179.00 3 0.97 3
Sahara-Tokenizers 37.60 45.53 41.19 2 58.67 54.53 56.52 2 5.04 4 174.00 4 0.98 2
IPN 25.97 60.04 36.25 3 32.39 73.69 45.00 3 5.39 1 241.00 1 0.98 2
baseline-gpt-oss-120b 22.43 45.53 30.05 4 28.95 60.63 39.19 4 5.13 2 185.00 2 0.98 2
MorphoFiltered-Gemini 29.37 14.71 19.60 5 45.54 22.21 29.86 5 4.23 5 70.00 5 1.00 1
Pattern-Based-MWE-Id. 2.44 15.90 4.23 6 13.35 57.84 21.70 6 4.08 6 65.00 6 0.98 2
pmi-mwe-scorer 0.54 2.39 0.88 7 7.50 26.92 11.73 7 2.48 7 12.00 7 1.00 1

Table 24: Ukrainian (uk) subtask 1 results – MWE-based (exact match) and token-based (partial match) scores:
precision (P), recall (R), F-score (F1) and F1-based ranks. SWE: Shannon-Weaver entropy, SE: Shannon evenness
– Pearson (r) and Spearman (ρ) correlation between global MWE-based F-score and SWE: (r = 0.82, ρ = 0.71);
Richness: (r = 0.84, ρ = 0.71); SE: (r = −0.70, ρ = −0.78).
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SWE r SWE ρ Richness r Richness ρ SE r SE ρ

Egyptian (EGY) -0.03 -0.03 -0.03 0.09 -0.21 0.32
Modern Greek (EL) 0.58 0.34 0.66 0.50 -0.63 -0.54
Persian (Farsi) (FA) 0.93 1.00 0.99 1.00 -0.52 -0.51
French (FR) 0.92 1.00 0.99 1.00 -0.32 -0.54
Ancient Greek (GRC) 0.81 0.71 0.83 0.71 0.36 -0.09
Hebrew (HE) 0.80 0.96 0.92 0.96 -0.66 -0.59
Japanese (JA) 0.89 1.00 0.98 0.98 -0.38 -0.36
Georgian (KA) 0.29 0.46 0.53 0.86 -0.30 -0.43
Latvian (LV) 0.54 0.50 0.62 0.67 -0.62 -0.67
Dutch (NL) 0.97 0.90 0.95 0.86 0.27 -0.11
Polish (PL) 0.78 0.95 0.93 0.97 -0.75 -0.82
Brazilian Portuguese (PT) 0.80 0.64 0.72 0.68 0.10 -0.41
Romanian (RO) 0.78 0.97 0.98 0.98 -0.55 -0.46
Slovenian (SL) 0.71 0.83 0.86 0.88 -0.73 -0.90
Serbian (SR) 0.84 0.95 0.98 0.95 -0.38 -0.27
Swedish (SV) 0.86 0.95 0.93 0.98 -0.61 -0.73
Ukrainian (UK) 0.82 0.71 0.84 0.71 -0.70 -0.78
Mean 0.72 0.76 0.81 0.81 -0.39 -0.46

Table 25: Subtask 1 – Pearson (r) and Spearman (ρ) correlations between Global MWE-based F1 score and diversity
of systems’ true positives – SWE: Shannon-Weaver entropy, SE: Shannon evenness.

System
Performance Diversity (of new vocabulary)

Automatic eval. Manual eval. Variety Balance Var.-bal.
gmBS Rank Manual score Rank Richness Rank SE Rank SWE Rank

Star-Paraphraser-Cosine 93.90 1 64.82 3 236.00 4 0.83 4 4.54 4
Star-Paraphraser-Multiagent 89.46 2 79.25 1 456.00 2 0.90 3 5.48 2
baseline-gpt-oss-120b 77.55 3 72.70 2 326.00 3 0.92 2 5.33 3
MISP 49.53 4 29.25 4 564.00 1 0.93 1 5.89 1

Table 26: French (fr) subtask 2 results – gm-BS: global masked BERT-score, SWE: Shannon-Weaver entropy, SE:
Shannon evenness.

System
Performance Diversity (of new vocabulary)

Automatic eval. Manual eval. Variety Balance Var.-bal.
gmBS Rank Manual score Rank Richness Rank SE Rank SWE Rank

baseline-gpt-oss-120b 63.99 1 24.22 1 804.00 2 0.98 1 6.54 1
MISP 33.75 2 3.39 2 971.00 1 0.89 2 6.08 2

Table 27: Georgian (ka) subtask 2 results – gm-BS: global masked BERT-score, SWE: Shannon-Weaver entropy, SE:
Shannon evenness.

System
Performance Diversity (of new vocabulary)

Automatic eval. Manual eval. Variety Balance Var.-bal.
gmBS Rank Manual score Rank Richness Rank SE Rank SWE Rank

baseline-gpt-oss-120b 80.21 1 55.88 1 619.00 2 0.92 2 5.93 2
MISP 58.59 2 38.23 2 798.00 1 0.93 1 6.20 1

Table 28: Brazilian Portuguese (pt) subtask 2 results – gm-BS: global masked BERT-score, SWE: Shannon-Weaver
entropy, SE: Shannon evenness.

System
Performance Diversity (of new vocabulary)

Automatic eval. Manual eval. Variety Balance Var.-bal.
gmBS Rank Manual score Rank Richness Rank SE Rank SWE Rank

GPT-CREATIVE 89.25 1 77.31 1 235.00 3 0.98 1 5.36 3
baseline-gpt-oss-120b 74.74 2 46.17 2 742.00 2 0.93 2 6.14 2
MISP 57.01 3 22.66 3 1096.00 1 0.91 3 6.36 1

Table 29: Romanian (ro) subtask 2 results – gm-BS: global masked BERT-score, SWE: Shannon-Weaver entropy,
SE: Shannon evenness.
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Abstract
Idiomatic expressions present a unique chal-
lenge in NLP, as their meanings are often not
directly inferable from their constituent words.
Despite recent advancements in large language
models, idiomaticity remains a significant ob-
stacle to robust semantic representation. We
present datasets and task results for MWE-
2026 Shared Task 2: Advancing Multimodal
Idiomaticity Representation 2 (AdMIRe 2),
which challenges the community to assess and
improve models’ ability to interpret idiomatic
expressions in multimodal contexts across mul-
tiple languages. Participants competed in an
image ranking task in which, for each item,
systems receive a context sentence containing
a potentially idiomatic expression (PIE) and
five candidate images. Participating systems
are required to predict the sentence type (i.e.,
idiomatic vs. literal) for the given context and
rank the images by how well they depict the in-
tended meaning in that context. Among the par-
ticipating systems the most effective methods
include pipelines utilizing closed-source com-
mercial models such as Gemini 2.5 and GPT-
5, and employing chain-of-thought reasoning
strategies. Methods to mitigate language mod-
els’ bias towards literal interpretations and en-
sembles to smooth out variance were common.

1 Introduction

Idioms constitute a class of multiword expressions
(MWEs) that remains challenging for state-of-the-
art language models, as their meanings are often
not predictable from the meanings of their con-
stituent words (Dankers et al., 2022; Villavicencio
et al., 2005). For instance, the expression devil’s
advocate is not typically used with literal denota-
tion derived from its component words, but rather
construes the meaning of someone who presents
a contentious opinion in order to test an opposing
argument or provoke debate. Idiomatic expressions
may further give rise to ambiguity between a lit-
eral, compositional interpretation and an idiomatic,

non-compositional one (He et al., 2024). These
characteristics make idioms a particularly informa-
tive testbed for investigating how current language
models represent and process meaning. While large
language models (LLMs) perform well on general
benchmarks, it is still unclear to what extent they
consistently exhibit good understanding of figura-
tive language (Mi et al., 2025; Phelps et al., 2024),
even for well-resourced languages such as English.

These challenges have recently been highlighted
in shared evaluations. For instance, the first edi-
tion of this task (SemEval-2025 Task 1: AdMIRe;
Pickard et al., 2025) focused on two languages,
English and Portuguese, to assess models’ ability
to interpret idiomatic expressions in multimodal
contexts and the PARSEME 2.0 shared task (Scho-
livet et al., 2026) proposed two multilingual chal-
lenges targetting MWEs: (a) their identification
and (b) their paraphrasing. In addition, there
are several benchmark datasets dedicated to the
processing of idiomatic expressions in text (e.g.
Chakrabarty et al., 2022; Haagsma et al., 2020;
Tedeschi et al., 2022; Tayyar Madabushi et al.,
2021; Garcia et al., 2021; Mi et al., 2025; Arslan
et al., 2025). While current models may display
competitive performance on some of these datasets,
it is unclear to what extent they actually require
that language models possess good representations
of idiom meaning (Boisson et al., 2023; He et al.,
2024), or whether models are benefiting from other
artifacts to address these tasks.

Moreover, even if the addition of a visual modal-
ity (alongside text) to idiom processing could lead
to more informative clues being available to dis-
ambiguate and interpret potentially idiomatic ex-
pressions, it is not certain whether models benefit
from the additional information. Indeed, perfor-
mance on datasets like IRFL (Yosef et al., 2023)
and V-FLUTE (Saakyan et al., 2025) indicates that
idiomaticity processing is more difficult for vision-
language models (VLMs) to perform.
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In this edition of the AdMIRe shared task, in
an attempt to determine the multilingual coverage
and generalizability of the results obtained by avail-
able models, we expand the number of languages,
adding new evaluation instances for Chinese, Geor-
gian, Greek, Igbo, Kazakh, Norwegian, Portuguese
(Portugal), Portuguese (Brazil), Russian, Serbian,
Slovak, Slovenian, Spanish (Ecuador), Turkish,
and Uzbek to the existing English and Portuguese
(Brazil) training data. These languages provide
variation in terms of language families and scripts,
and also in terms of NLP resources. Two variants
of one of the languages are also included: Brazilian
Portuguese and European Portuguese. We incor-
porate visual (§2) modalities for all 15 languages
in an effort to promote the construction of higher-
quality semantic representations of idioms. Our
dataset incorporates items in both English (EN) and
Brazilian Portuguese (PT-BR) as part of the train-
ing data, while the other languages are available
only at test time, as unseen items. As in AdMIRe 1,
we use nominal compounds and verbal idioms hav-
ing interpretations in literal and idiomatic senses
which are both plausible and imageable. This pa-
per presents the task (§3), participating systems
and results (§4) and finishes with discussions (§5)
conclusions, limitations and future work (§6).

2 Dataset

Following the first edition of the AdMIRe shared
task, Torunoğlu-Selamet et al. (2026) recently in-
troduced a cross-lingual benchmark for multimodal
idiomaticity understanding, as an initiative under
the UniDive COST Action (Savary et al., 2024).
The paper followed the same data creation strategy
from Pickard et al. (2025) and introduced data for
a large number of languages.1

For each language, the dataset contains around
60 potentially idiomatic expressions (PIEs), expres-
sions that can be interpreted idiomatically, whether
or not they are used that way in context. Annotators
select a subset of the English PIEs from the dataset
used in first version of the AdMIRe shared task and
provide their counterparts in each target language.
For the text modality, each of these is provided with
at least two context sentences where the PIE is used
with either its idiomatic or literal meaning. This al-

1The full resource contains data for 34 different languages;
however, due to the strict and unified formatting requirements
for the shared task, only 15 languages were fully prepared at
the time of the AdMIRe 2 shared task data release and were
included in the evaluation.

lows verifying how well and how consistently mod-
els can distinguish these two uses for each of the
target languages. The context sentences originate
from diverse sources, including naturally occurring
corpus data and sentences produced through expert
construction or large language models. In addi-
tion, for the visual part, 5 images were machine-
generated using manually-written prompts and vali-
dated by the language experts. These images cover
a spectrum from fully literal to fully idiomatic in-
terpretations of the expression, along with a seman-
tically unrelated distractor (i.e., strongly figurative,
mildly figurative, mildly literal, strongly literal, and
distractor). Figure 1 provides an example set of im-
ages for the expression green fingers. Additionally,
auto-generated captions are provided for each im-
age in the text-only track and as part of the textual
information available to the models. That means
that for each language and for each PIE the models
have available:

• 2 manually validated context sentences (one
literal, one idiomatic)

• 5 automatically generated then manually vali-
dated images

• 5 automatically generated captions

3 Task Description

Given a context sentence containing a PIE and a set
of five images, the task is to rank the images based
on how well they depict the meaning of the PIE
used in that sentence. A variation of the task (i.e.,
text-only) also allows for unimodal settings, where
given a sentence and five text captions (each de-
scribing the content of one of the images) the goal
is to rank the image captions on how accurately
they capture the meaning of the PIE.

Publicly available training data from the first
edition of the task was provided to shared-task
participants for English and Brazilian Portuguese
only, while no training data was released for the
remaining languages. AdMIRe 2 excluded English
from the set of test languages and introduced newly-
created test sets for Portuguese, enabling evaluation
across two language variants: a new unseen set for
Brazilian Portuguese and a new set for European
Portuguese.

3.1 Evaluation
We set an expected rank ordering of the 5 images
following the sense in which the expression is used
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strongly figurative

(a) The image depicts an
elderly man engaged in
gardening activities. He
is crouching down next
to a small garden bed...

mildly figurative

(b) The image depicts
an elderly man with

gray hair and a
mustache, wearing a

light-colored shirt and
dark pants...

mildly literal

(c) The image depicts a
close-up of a human
hand with the palm
facing upwards and

fingers slightly curled...

strongly literal

(d) The image depicts a
cartoon-style illustration

of a young girl with
brown hair tied back in

a ponytail...

distractor

(e) The image depicts
an elderly man playing
the piano. He is seated
on a black stool with

orange accents...

Figure 1: Data example for green fingers. Images generated using Midjourney. Captions are displayed partially.
(Torunoğlu-Selamet et al., 2026)

in the context sentence. The image strongly associ-
ated with the target sense is expected to be ranked
first, followed by the mildly associated one. The im-
ages for the other senses and the ‘distractor’ image
can follow interchangeably. For instance, for an
idiomatic use of green fingers in a context sentence,
strongly figurative and mildly figurative are ex-
pected to be ranked first. For the images in Figure
1, this would produce, for instance, [a, b, d, e, c].

Performance for the task is assessed with two
key metrics: a) Top-1 Image Accuracy, which mea-
sures only the correct identification of the most rep-
resentative image and b) Normalized Discounted
Cumulative Gain (nDCG) (Järvelin and Kekäläinen,
2002), which was also adopted in the first edition
of AdMIRe, as it is an established information re-
trieval metric that not only captures the fraction of
retrieved relevant information but also takes into
account their correct ordering.
Normalized Discounted Cumulative Gain (nDCG)
is defined as

nDCG =
DCGn

iDCGn
=

∑n
i=1

reli
log2(i+1)∑n

i′=1
rel∗i′

log2(i
′+1)

,

where n is the number of items considered, reli is
the relevance score (gain) of the i-th item in the
system’s ranking, rel∗i′ is the relevance score of
the i′-th item in the ideal ranking, and iDCG is
DCG of the ideal ordering of results.

Because our expected order of images is some-
what arbitrary (for a literal instance of a given ex-
pression, the idiomatic depictions are essentially
no more relevant than the distractor), after exper-
imentation we adopt relevance scores (rel∗i′) of
[3, 1, 0, 0, 0] for the five image positions; this al-

lows the metric to capture some of the relevant
semantics beyond the top image accuracy without
penalising systems which permute the order of the
low-relevance images. The maximum (ideal) DCG
score obtainable is therefore 3.631 and nDCG is
bounded between 0 and 1, with higher values re-
flecting better ranking quality.

Competition rankings for the task are based on
top image accuracy, with nDCG breaking ties.

4 Participating Systems and Results

The AdMIRe shared task competitions2 were con-
figured using the Codabench platform (Xu et al.,
2022), attracting 27 registered participants in the
images & text track and 22 registered participants
in the text-only track. Users were allowed to sub-
mit multiple times during the competition, and their
best result was used for evaluation. Submissions
during the test phase (which determined the final
leaderboard position) were limited to 10 in order
to discourage ‘gaming’ the system while allowing
participants to evaluate more than one approach if
desired.

Once the competition ended, teams were asked
to complete a brief questionnaire outlining their
approach and enabling us to link CodaBench user-
names with team names in their system descrip-
tion papers. Only teams who submitted a system
description paper are included in the official task
leaderboards. A total of 10 official team submis-
sions were received.

2Available at https://www.codabench.org/
competitions/10547/ and https://www.codabench.
org/competitions/10548/
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Team Rank
Top-1 Accuracy nDCG Score

Overall Literal Idiomatic Overall Literal Idiomatic
ITUNLP 1 0.60 ± 0.1 0.67 ± 0.2 0.55 ± 0.1 0.85 ± 0.1 0.88 ± 0.1 0.83 ± 0.0

DCSN-NLP 2 0.53 ± 0.1 0.62 ± 0.2 0.46 ± 0.1 0.81 ± 0.0 0.85 ± 0.1 0.77 ± 0.0

ITUNLP2 3 0.52 ± 0.3 0.53 ± 0.3 0.52 ± 0.3 0.70 ± 0.4 0.70 ± 0.4 0.70 ± 0.4

tiberiucarp 4 0.50 ± 0.1 0.54 ± 0.2 0.46 ± 0.1 0.80 ± 0.0 0.84 ± 0.1 0.78 ± 0.0

PolyFrame 5 0.35 ± 0.1 0.57 ± 0.1 0.16 ± 0.0 0.73 ± 0.0 0.85 ± 0.0 0.62 ± 0.0

VisAffect 6 0.33 ± 0.0 0.13 ± 0.1 0.47 ± 0.1 0.72 ± 0.0 0.59 ± 0.0 0.81 ± 0.0

IdiomRanker-X 7 0.30 ± 0.2 0.48 ± 0.3 0.13 ± 0.1 0.58 ± 0.3 0.69 ± 0.4 0.49 ± 0.3

3K2T 8 0.13 ± 0.2 0.13 ± 0.2 0.13 ± 0.2 0.21 ± 0.4 0.21 ± 0.4 0.21 ± 0.4

Table 1: Leaderboard results for the image and text track. Macro-averaged Top-1 Accuracy and nDCG scores are
reported overall and separately for literal and idiomatic sentences, together with their standard deviations. Teams
are ranked by overall Top-1 Accuracy.

Team Rank
Top-1 Accuracy nDCG Score

Overall Literal Idiomatic Overall Literal Idiomatic
ITUNLP 1 0.56 ± 0.1 0.61 ± 0.2 0.51 ± 0.1 0.83 ± 0.0 0.86 ± 0.1 0.81 ± 0.0

LST 2 0.41 ± 0.1 0.58 ± 0.1 0.28 ± 0.1 0.76 ± 0.0 0.85 ± 0.1 0.68 ± 0.0

alexandru412 3 0.32 ± 0.2 0.33 ± 0.2 0.29 ± 0.3 0.59 ± 0.3 0.60 ± 0.3 0.57 ± 0.3

PolyFrame 4 0.32 ± 0.1 0.48 ± 0.1 0.19 ± 0.1 0.71 ± 0.0 0.81 ± 0.1 0.63 ± 0.0

Table 2: Leaderboard results for the text-only track. Macro-averaged Top-1 Accuracy and nDCG scores are reported
overall and separately for literal and idiomatic sentences, together with their standard deviations. Teams are ranked
by overall Top-1 Accuracy.

4.1 Results

The team’s ranking is shown in Tables 1 and 2,
where the former includes both modality types and
the latter only text. The tables report the macro-
averaged mean and standard deviation of accuracy
and nDCG scores for literal and idiomatic items,
as well as the overall performance. Systems that
do not support a given language are assigned a
score of zero for that language when computing the
macro-average.

In this version of the AdMIRe shared task,
teams were challenged with 15 different lan-
guages. Most teams tested their solutions in 15
languages, except ITUNLP2 (Umut and Şencey-
lan, 2026), IdiomRanker-X (Çolak, 2026), and
alexandru412 (Alexandru-Marian, 2026) (12 lan-
guages), and 3K2T (Kömürcü and Temel, 2026)
(3 languages). Although we observe performance
variation across the different languages, in general,
performance within each language is fairly consis-
tent, as illustrated in Figure 2, which shows the
average performance and standard deviation for
each language3. Detailed performance figures by
language can be seen in the Appendix.

3ISO 639-1 codes have been used to represent languages.

Finally, the overall results obtained by the par-
ticipating teams consistently display better accu-
racy for literal than for idiomatic items (Tables
1 and 2). The exception is the system by VisAf-
fect (Bilen et al., 2026), which got better accuracy
for idiomatic items in both Image and Text and
Text only tracks.

4.2 Popular Approaches

Model Types Participating teams employed a va-
riety of approaches to the AdMIRe 2 task, predomi-
nantly relying on large generative language models
(LLMs) and vision-language models (VLMs). For
text generation and reasoning, teams frequently uti-
lized the GPT series (specifically GPT-4o and GPT-
5; OpenAI, 2024, 2025), Qwen (versions 2.5 and 3)
(Bai et al., 2023), DeepSeek models (DeepSeek-AI,
2025) and Gemini 2.5 Pro (Google, 2025) and 3
Pro Preview (DeepMind, 2025). For embeddings
and vision-language alignment, there was a shift
towards newer architectures; while standard CLIP
(Radford et al., 2021) variants remained popular
(used by DCSN-NLP (Cotigă and Nisioi, 2026) and
tiberiucarp (Carp, 2026)), some teams also adopted
SigLIP2 (Tschannen et al., 2025) and Jina-CLIP-v2
(Koukounas et al., 2024); i.e. PolyFrame (Hosseini-

279



Figure 2: Average (and standard deviation) of evaluation metrics by language

Kivanani, 2026) and VisAffect (Bilen et al., 2026)
respectively. Dense retrieval models like BGE-M3
(Chen et al., 2024) and multilingual encoders like
XLM-RoBERTa (Conneau et al., 2020) were also
widely used for text-specific ranking components.

Pipeline components Most teams implemented
multi-stage pipelines rather than end-to-end so-
lutions. A dominant pattern involved an initial
binary classification of the context sentence as
literal or idiomatic, triggering specialized down-
stream processing. To bridge the modality gap,
several teams used LLMs to generate auxiliary
text—such as semantic glosses or visual descrip-
tions—to better guide the vision models, while
others employed hybrid architectures that fused
scores from direct vision-language matching and
text-caption retrieval.

Ensembles and Fusion Robustness was often
achieved through ensemble techniques. DCSN-
NLP utilized a voting mechanism across an ensem-
ble of three CLIP models (ViT-H-14, ViT-L-14,
ViT-g-14). Polyframe adopted weighted Borda
rank aggregation to fuse outputs from vision and
text streams. LST (QIU et al., 2026) employed a
large-model ensemble, aggregating outputs from
GPT-4, Qwen-Plus, and DeepSeek-V3 prompting
strategies.

Bias Mitigation Teams actively addressed the
“literal bias” of LLMs (Phelps et al., 2024; Mi et al.,
2025). PolyFrame implemented “idiom synonym
replacement” for idiomatic instances, replacing the
target expression with a non-figurative synonym to

prevent the model from grounding visual features
in the literal constituent words. Alexandru412
introduced stochastic option shuffling during infer-
ence to mitigate positional bias in multiple-choice
ranking.

Data Augmentation and Cross-Lingual Strate-
gies Zero-shot transfer was critical for handling
the 15 target languages. alexandru412 utilized a
test-time translation strategy (converting context
sentences to English) to leverage an English-fine-
tuned Qwen model. IdiomRanker-X employed
dynamic prompting with "focus markers" to guide
attention. PolyFrame relied on the inherent mul-
tilingual capabilities of SigLIP2 and BGE-M3 for
zero-shot ranking without language-specific fine-
tuning.

4.3 Most Effective Approaches

4.3.1 Text & Images Methods

The top-performing system from ITUNLP (Site
et al., 2026) achieved the highest accuracy across
both the Multimodal (Text + Image) and Text-Only
leaderboards. Their approach leveraged a “hybrid
LVLM pipeline” that combined the reasoning capa-
bilities of GPT-5.1 with the multimodal understand-
ing of Gemini 2.5 Pro. By delegating the initial
semantic analysis to a strong reasoning model and
the visual grounding to a specialized VLM, they
effectively mitigated the noise often seen in end-to-
end zero-shot inference.

The second-placed team, DCSN-NLP , in-
troduced a “Hierarchical Multimodal Reasoning”
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strategy to align abstract idioms with visual fea-
tures. Instead of matching images directly to the
idiomatic expression, their pipeline first used an
LLM (such as GPT-5 or GPT-4o) to generate auxil-
iary text—specifically, a visual description of the
literal meaning and an explanation of the idiomatic
meaning. These generated descriptions were then
used to query an ensemble of three CLIP models.
While a voting mechanism was used to narrow the
selection to the top two candidates, the final selec-
tion was performed by the LLM, which compared
the finalists to make the ultimate decision.

As mentioned in the previous section, to address
the “literal bias” present in vision-language mod-
els, PolyFrame (rank 5) implemented a targeted
transformation step. For sentences classified as id-
iomatic, they replaced the target expression with a
non-figurative synonym before passing the text to
the vision encoder. This simple yet effective sub-
stitution prevents the VLM (in their case, SigLIP2)
from grounding the literal objects and focuses the
ranking on the semantic payload of the expression.

4.3.2 Text-Only Methods

The Text-Only track demonstrated that strong lan-
guage models can rival multimodal systems by ex-
ploiting caption semantics. LST secured second
place (Top-1 Accuracy: 0.41) using an ensemble
of GPT-4, Qwen-Plus, and DeepSeek, effectively
reasoning over captions without accessing pixel
data. For teams participating in both tracks, the
contribution of the visual modality varied. The
winning team, ITUNLP, saw a drop in accuracy
(0.60 to 0.56) when removing images, confirm-
ing the value of their VLM pipeline. Furthermore,
PolyFrame observed a minimal performance gap
(0.35 vs. 0.32) as well.

5 Discussion

We were pleased to see that most teams covered
all 15 languages in the shared task. The results
obtained confirm that idiomatic processing is still
challenging for models, and that they are still more
accurate when processing literal than idiomatic in-
stances. Moreover, visual data seems to be helping
disambiguation for both literal and idiomatic items.
However, more in-depth analyses of the specific
causes of error in each of the languages is still
needed, and will be left for future work.

6 Conclusions

The AdMIRe tasks provide a particularly original
approach to assessing models’ idiom understand-
ing by grounding figurative meaning in both tex-
tual and visual contexts. AdMIRe 2 establishes
a challenging and carefully designed benchmark
for multilingual and multimodal idiomaticity un-
derstanding. By combining textual contexts with
visually grounded representations that span the id-
iomatic–literal continuum, the task enables a fine-
grained evaluation of models’ ability to disam-
biguate figurative language across languages and
modalities. This shared task paves the way for fur-
ther cross-lingual analyses and provides a valuable
benchmark for systematically assessing the capabil-
ities of large language models and vision–language
models in idiom understanding. While the top-
performing system attains an nDCG score of 85%,
the task remains challenging for today’s systems,
leaving clear room for improvement.

Limitations

Zero-shot setting In AdMIRe 2, while training
data was provided for English and Portuguese (in-
herited from the previous iteration; Pickard et al.,
2025), the shared task introduced additional lan-
guages for which no labelled training examples
were released. This experimental design forced
systems to rely on zero-shot cross-lingual transfer
or static pretrained knowledge rather than learning
from task-specific examples. Consequently, mod-
els could not be fine-tuned to capture the specific
cultural and linguistic nuances of idioms in these
new set of languages, making performance heavily
dependent on the coverage and biases of the under-
lying LLMs or VLMs rather than their ability to
adapt to the specific task distribution.

Cultural background The datasets were con-
structed by creators who work in academic settings,
and who are native speakers of the language that
they study. The second edition replicates some of
the limitations of the first edition, simply by means
of adopting the same protocol. The language ex-
perts worked independently on their languages, and
the examples they selected are also impacted by the
constraints of the shared task and the parallel effort.
Although the language specific examples have been
carefully curated by these language experts, a sub-
sequent independent crosslingual validation would
require native speaker knowledge of the target lan-
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guages and is left for future work. Our backgrounds
and experiences will certainly have influenced the
idiomatic expressions and context sentences we se-
lected, the visual representations we favoured and
so on.

AI tools used As for the first edition, the datasets
are likely to reflect biases and limitations present
in the tools used to construct them, especially the
image generation and captioning models. For in-
stance, efforts to introduce diversity in the images
depicted depended on the quality of the image gen-
eration tools employed, and were not always suc-
cessfully achieved.
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Appendix

A Image & Text Results

Team Rank Top-1 Acc. nDCG
ITUNLP2 1 0.53 0.81

ITUNLP 2 0.50 0.80

DCSN-NLP 3 0.45 0.76

tiberiucarp 4 0.44 0.77

PolyFrame 5 0.35 0.72

VisAffect 6 0.30 0.71

IdiomRanker-X 7 0.28 0.70

Table 3: Chinese (ZH) – Image and Text
Team Rank Top-1 Acc. nDCG

ITUNLP2 1 0.56 0.82

ITUNLP 2 0.53 0.81

tiberiucarp 3 0.50 0.79

DCSN-NLP 4 0.47 0.75

VisAffect 5 0.34 0.72

PolyFrame 6 0.27 0.69

IdiomRanker-X 7 0.27 0.70
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Table 4: Georgian (KA) – Image and Text

Team Rank Top-1 Acc. nDCG
ITUNLP 1 0.64 0.87

DCSN-NLP 2 0.57 0.84

tiberiucarp 3 0.54 0.83

PolyFrame 4 0.36 0.72

IdiomRanker-X 5 0.34 0.72

VisAffect 6 0.27 0.69

Table 5: Greek (EL) – Image and Text

Team Rank Top-1 Acc. nDCG
ITUNLP2 1 0.56 0.84

ITUNLP 2 0.43 0.78

3K2T 3 0.41 0.76

DCSN-NLP 4 0.39 0.74

tiberiucarp 5 0.37 0.74

PolyFrame 6 0.33 0.73

VisAffect 7 0.30 0.73

IdiomRanker-X 8 0.22 0.69

Table 6: Igbo (IG) – Image and Text

Team Rank Top-1 Acc. nDCG
ITUNLP2 1 0.70 0.89

ITUNLP 2 0.61 0.84

3K2T 3 0.56 0.84

DCSN-NLP 4 0.53 0.80

tiberiucarp 5 0.51 0.81

VisAffect 6 0.40 0.74

PolyFrame 7 0.33 0.74

IdiomRanker-X 8 0.28 0.71

Table 7: Kazakh (KK) – Image and Text

Team Rank Top-1 Acc. nDCG
ITUNLP2 1 0.82 0.94

ITUNLP 2 0.67 0.88

DCSN-NLP 3 0.52 0.80

tiberiucarp 4 0.51 0.80

PolyFrame 5 0.42 0.75

IdiomRanker-X 6 0.38 0.74

VisAffect 7 0.29 0.70

Table 8: Norwegian (NO) – Image and Text

Team Rank Top-1 Acc. nDCG
ITUNLP2 1 0.88 0.96

ITUNLP 2 0.86 0.94

DCSN-NLP 3 0.80 0.91

tiberiucarp 4 0.67 0.88

PolyFrame 5 0.46 0.77

IdiomRanker-X 6 0.34 0.73

VisAffect 7 0.30 0.71

Table 9: Braz. Portuguese (PT-BR) – Image and Text

Team Rank Top-1 Acc. nDCG
ITUNLP2 1 0.72 0.91

ITUNLP 2 0.64 0.86

DCSN-NLP 3 0.57 0.81

tiberiucarp 4 0.55 0.83

PolyFrame 5 0.43 0.76

VisAffect 6 0.30 0.71

IdiomRanker-X 7 0.30 0.72

Table 10: Euro. Portuguese (PT-PT) – Image and Text

Team Rank Top-1 Acc. nDCG
ITUNLP2 1 0.71 0.91

ITUNLP 2 0.69 0.89

DCSN-NLP 3 0.68 0.87

tiberiucarp 4 0.63 0.85

PolyFrame 5 0.40 0.73

VisAffect 6 0.36 0.73

IdiomRanker-X 7 0.35 0.74

Table 11: RU – Image and Text

Team Rank Top-1 Acc. nDCG
ITUNLP 1 0.62 0.84

tiberiucarp 2 0.48 0.78

DCSN-NLP 3 0.45 0.76

PolyFrame 4 0.39 0.74

VisAffect 5 0.36 0.72

IdiomRanker-X 6 0.31 0.71

Table 12: Serbian (SR) – Image and Text
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Team Rank Top-1 Acc. nDCG
ITUNLP 1 0.60 0.85

tiberiucarp 2 0.51 0.82

DCSN-NLP 3 0.48 0.78

PolyFrame 4 0.38 0.73

VisAffect 5 0.34 0.72

IdiomRanker-X 6 0.31 0.72

Table 13: Slovak (SK) – Image and Text

Team Rank Top-1 Acc. nDCG
ITUNLP2 1 0.82 0.94

ITUNLP 2 0.78 0.91

DCSN-NLP 3 0.67 0.87

tiberiucarp 4 0.59 0.84

PolyFrame 5 0.41 0.75

IdiomRanker-X 6 0.36 0.75

VisAffect 7 0.28 0.70

Table 14: Slovenian (SL) – Image and Text

Team Rank Top-1 Acc. nDCG
DCSN-NLP 1 0.42 0.81

ITUNLP2 2 0.40 0.79

tiberiucarp 3 0.33 0.74

VisAffect 4 0.33 0.69

ITUNLP 5 0.27 0.73

IdiomRanker-X 6 0.23 0.69

PolyFrame 7 0.17 0.66

Table 15: Ecuadorian Spanish (ES-EC) – Image and
Text

Team Rank Top-1 Acc. nDCG
ITUNLP 1 0.68 0.90

ITUNLP2 2 0.65 0.88

DCSN-NLP 3 0.62 0.84

3K2T 4 0.54 0.83

tiberiucarp 5 0.48 0.80

PolyFrame 6 0.34 0.71

VisAffect 7 0.31 0.72

IdiomRanker-X 8 0.29 0.70

Table 16: Turkish (TR) – Image and Text

Team Rank Top-1 Acc. nDCG
ITUNLP 1 0.52 0.83

ITUNLP2 2 0.52 0.83

tiberiucarp 3 0.42 0.77

VisAffect 4 0.42 0.75

3K2T 5 0.41 0.78

DCSN-NLP 6 0.33 0.74

PolyFrame 7 0.32 0.72

IdiomRanker-X 8 0.31 0.71

Table 17: Uzbek (UZ) – Image and Text

B Text-only Results

Team Rank Top-1 Acc. nDCG
ITUNLP 1 0.46 0.77

alexandru412 2 0.41 0.76

LST 3 0.36 0.74

PolyFrame 4 0.28 0.69

Table 18: Chinese (ZH) – Text Only

Team Rank Top-1 Acc. nDCG
ITUNLP 1 0.51 0.79

alexandru412 2 0.46 0.77

LST 3 0.40 0.74

PolyFrame 4 0.28 0.68

Table 19: Georgian (KA) – Text Only

Team Rank Top-1 Acc. nDCG
ITUNLP 1 0.59 0.86

LST 2 0.43 0.76

PolyFrame 3 0.31 0.71

Table 20: Greek (EL) – Text Only

Team Rank Top-1 Acc. nDCG
ITUNLP 1 0.48 0.78

LST 2 0.33 0.71

PolyFrame 3 0.29 0.69

alexandru412 4 0.14 0.63

Table 21: Igbo (IG) – Text Only
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Team Rank Top-1 Acc. nDCG
ITUNLP 1 0.60 0.84

LST 2 0.42 0.76

alexandru412 3 0.33 0.71

PolyFrame 4 0.28 0.72

Table 22: Kazakh (KK) – Text Only

Team Rank Top-1 Acc. nDCG
ITUNLP 1 0.61 0.85

alexandru412 2 0.52 0.80

LST 3 0.43 0.77

PolyFrame 4 0.41 0.75

Table 23: Norwegian (NO) – Text Only

Team Rank Top-1 Acc. nDCG
ITUNLP 1 0.79 0.92

LST 2 0.53 0.81

PolyFrame 3 0.37 0.75

Table 24: Brazilian Portuguese (PT-BR) – Text Only

Team Rank Top-1 Acc. nDCG
alexandru412 1 0.64 0.85

ITUNLP 2 0.62 0.86

LST 3 0.45 0.77

PolyFrame 4 0.37 0.73

Table 25: European Portuguese (PT-PT) – Text Only

Team Rank Top-1 Acc. nDCG
ITUNLP 1 0.65 0.87

LST 2 0.51 0.79

alexandru412 3 0.47 0.77

PolyFrame 4 0.39 0.74

Table 26: RU – Text Only

Team Rank Top-1 Acc. nDCG
ITUNLP 1 0.55 0.82

alexandru412 2 0.48 0.77

LST 3 0.40 0.74

PolyFrame 4 0.31 0.71

Table 27: Serbian (SR) – Text Only

Team Rank Top-1 Acc. nDCG
alexandru412 1 0.56 0.80

ITUNLP 2 0.54 0.84

LST 3 0.44 0.78

PolyFrame 4 0.35 0.73

Table 28: Slovak (SK) – Text Only

Team Rank Top-1 Acc. nDCG
ITUNLP 1 0.72 0.89

LST 2 0.45 0.78

PolyFrame 3 0.37 0.74

Table 29: Slovenian (SL) – Text Only

Team Rank Top-1 Acc. nDCG
LST 1 0.35 0.73

ITUNLP 2 0.25 0.72

PolyFrame 3 0.19 0.67

alexandru412 4 0.10 0.61

Table 30: Ecuadorian Spanish (ES-EC) – Text Only

Team Rank Top-1 Acc. nDCG
ITUNLP 1 0.51 0.82

LST 2 0.40 0.74

alexandru412 3 0.40 0.75

PolyFrame 4 0.32 0.70

Table 31: Turkish (TR) – Text Only

Team Rank Top-1 Acc. nDCG
ITUNLP 1 0.50 0.82

alexandru412 2 0.34 0.71

LST 3 0.32 0.73

PolyFrame 4 0.32 0.71

Table 32: Uzbek (UZ) – Text Only
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Gümüş, Muhammed Abdullah, 187

Han, Na-Rae, 117
He, Wei, 276
Heine, Felix, 61
Horbach, Andrea, 177
Hosseini-Kivanani, Nina, 127
Hsu, Yu-Yin, 1, 203
Hwang, Jena D., 117
Hänsel, Sven-Ove, 61
Hülsing, Anna, 177

Ingelstam, Astrid Berntsson, 27
Irimia, Elena, 66

Jayatilleke, Nevidu, 8

Kanishcheva, Olha, 38
Karaarslan, Oguzhan, 144
Karatepe, Yunus, 154
Kleiner, Carsten, 61
Kose, Hatice, 149
Kömürcü, Kubilay Kağan, 160
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