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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'¢uk, 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 MWE:s, 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 verbal MWEs (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 MWE:s 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).! 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-

'MWE examples follow the PMWE conventions (Markan-
tonatou et al., 2021), enriched with colors and brackets.
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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 (DiIMSUM) 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 2 MWE 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 to mul-
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 O 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
Barancikova and Kettnerova (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.> As output,
they must group the tokens that belong to MWEs,
assigning them a single label. For instance :

*https://universaldependencies.org/format
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(1) En plus, ca fait partie du (fr)
In plus, it does part of.the centre city

‘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 (¢a 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-
Jjours 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 da unsfat, sfaturiau fost date (ro)
to give an advice, advices have been given
(3) temos; 2 um plano; et uma intencdo;  (pt)

have.rL a and an intention

‘We have a plan and an intention’

4 ZoM#E & Wl B % (o
this problem about breakfast before be

plan

lit. “This problem is before breakfast.’
‘This problem is very easy.’

(5) Wk #1285 (ja)
breakfast before LOC meet
‘We meet before breakfast.’

The corpora are provided in CUPT format.’
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

*https://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: MWE Paraphrasing 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.* 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 point de vue de la réalisatrice ... (fr)
the point of vue of the director

‘the director’s point of view ...’

(7) la perspective dela réalisatrice ... (fr)
the perspective of the director

‘the director’s perspective ...’

(8) la visiondu  metteur en scéne ... (fr)
the vision of .the putter in scene ...

‘the stage director’s vision ...’

Additionally, to facilitate automatic evaluation, at
least one of the lemmas of the original MWE should

“VID, 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 a causer la mort de la personne ‘punishment
causing the death of the person’. We allow para-
phrases to use MWE:s, provided that they are differ-
ent from the original one, as in (9)—(10).

(9) Dlanich $wiat stanal w miejscu. (pD)
For them world stood in place.

‘For them the world stands still.’

(10) Dlanich $wiat przestal si¢ rozwijaé.  (pl)
For them world stopped itself unroll.

‘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 O to 3
for keeping: (i) the sense of the removed MWE,
(i1) 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 and manual 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-
teve 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.> 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 deparei] [cara a cara] com... (pt)
Myself appeared face to face with...

‘I found myself faced with...’

(12) [ ]: fiquei [cara a cara]... (pt)
Myself gave bad: got face to face...

‘I was in a bad situation: I was facing...’

(13)

Vendo a carado pai, [fez carafeia] (pt)
Seeing the face of father, made face ugly

‘Seeing her father’s face, she frowned’

Suppose that system 57 identified all these 6 ex-
pressions, i.e. 4 categories, 5 elements (true posi-
tives), and one false positive (ignored by diversity
scores). System So, in turn, identified only the 3
categories and 3 elements from examples (12) and
(13). We have Ng, =4 and Ng, = 3, the number of
categories of each system. As a measure of variety,
we use richness, i.e. Ng. According to this measure,
the predictions of S; are richer than those of .S5.

To assess balance, we use Shannon evenness
(Smith and Wilson, 1996) defined by equation (14):

SWEg

B = ()

(14)

where SW Eg is the Shannon-Weaver entropy:

Ng
SWES = — sz‘ * 1n(pz-)

=1

(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 p; is the frequency of the ith category.® For S,
(p1,p2,p3,p1) = (£, 2,4, %) and SWEg, =1.33,
while for Sa, (p1,p2,p3) = (3, 3, %) and SWEg,
=1.1. In eq. (14), entropy SW FE is divided by its
maximum value In(N), so we have SEg, = 135 =
0.96 and SEg, = % = 1.0. Thus, the predictions
of Sy are more balanced than those of S7.

Our last diversity measure is Shannon- Weaver en-
tropy itself, from eq. (15). When not normalized,
SW Eg is actually a hybrid metric, accounting for
both variety and balance. Accordingto SW E g, the
predictions of .S are more diverse than those of Ss.

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 S5 and 5S4 produced the outputs (7)
and (8), then Ng, = 1 (new words: perspective)
and Ng, = 5 (new words: vision, du, metteur, en,
scéne), SI/VES3 =0, SWES4 = 1.61, SE53: 0,
and SEg,= 1. Thus, S3 has less diverse predictions
than Sy 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
(Iv), 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).”
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) — AN HH £ (lit.
‘one-person sumo’) ‘wrestling with oneself’;
* adjectival idioms (AdjID): (sr) mpmae nujan
(lit. ‘dead drunk’) ‘extremely drunk’;

®E.g. for Sy predictions, p; is the frequency of the category
me deparei, p2 the frequency of cara a cara, ...

"https://parsemefr.lis-lab.fr/parseme-st-g
uidelines/2.0

* conjunctive idioms (ConjID): (It) ka art (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 MWESs. As a result the test
data for subtask 1 contains between 300 and 1,900
sentences per language.® 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.® 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 mdsuri ‘take action’, (ro) in
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.

Egyptian 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.

258


https://parsemefr.lis-lab.fr/parseme-st-guidelines/2.0
https://parsemefr.lis-lab.fr/parseme-st-guidelines/2.0

(16) bgemolynmgds PDPA-3 3mddgegdedo

The.government PDPA  in.action

dmoygobs Limgnsmolig o eaols

brought socialist of .the.day
Valogo. (ka)
order.

‘The PDPA government put into action a
socialist agenda.’

(17)  bgmolygmgds PDPA-3 dmddgegdedo
The.government PDPA  in.action
dmoygobs LmgosmolignMo agads. (ka)
brought socialist plan.
‘The PDPA government brought into action
a socialist plan.’

(18)  Legosmolignto Fymdols Bgoemodgds
socialist set.up realization
ba@oligengos PDPA-3 9mddgegosdo
the.government PDPA  in.action
dmobgmbe. (ka)
succeeded.

‘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
MWE:s 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 infrastructure!® and in public
Gitlab repositories.!! The most recent versions of
the data being annotated have regularly been up-
loaded to public Gitlab language repositories, and

E g http://hdl.handle.net/11372/LRT-5124
"https://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 Al
companies. Their bots scan the Internet, strongly
targeting open source community infrastructures, '
ignoring conventions such as robots . txt files.'?

The PARSEME infrastructure is also concerned.
Particularly intrusive is GPTBot, which scrapes data
to train OpenAlI’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. OpenAl
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

Phttps://next.ink/186593/les-crawlers-des-i
a-menacent-les-sites-scientifiques

Phttps://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.'* 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.'> 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.'® 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

'4Subtask 1: https://www.codabench.org/competit
ions/12003/, subtask 2: https://www.codabench.org/
competitions/12002/

5Subtask 1: https://www.codabench.org/competit
ions/13186/, subtask 2: https://www.codabench.org/
competitions/13192/

https://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
(Hiilsing et al., 2026) applies instruction fine-tuning
to Qwen3-32B, while MorphoFiltered-Gemini
(Moise and Nisioi, 2026) relies on gemini-2.0-
flash-1ite 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-40
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 Barrén-Cedefio, 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 L1ama-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
prompts!” 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=F"1=0. Systems are ranked by
decreasing F-scores. Phenomenon- and language-
specific results are shown in App. A .

According to both MWE-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.

"https://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 in MWE 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. '3

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 performed manual 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 o Artstein
and Poesio (2008) well suited for numerical scores,

180ne 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 5475 61.65 1
Sahara-Tokenizers 17/17 4577 51.33  48.39 2 6153 57.12 59.24 2
IPN 17/17 21.37 4232 2840 3 2632 56.66 3594 3
BeeParser 6/17 26.62 25.84 2622 4 2926 27.03 28.10 6
baseline-gpt-oss-120b 17/17 17.44 3486 23.25 5 2359 5293 3264 4
bert-multilingual-trial 6/17 21.69 2030 2097 6 2678 2326 2490 7
MorphoFiltered-Gemini 17/17 2095 1450 17.14 7 3414 2420 2832 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 om-BS AH;ZEL'
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-As Ai-Ad) As-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 «, interval difference): pair-
wise scores between annotators (A1, As) and adjudicator
(Adj). Values multiplied by 100 for better readability.

with disagreements between s and s weighted pro-
portionally to (s; — 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 A; and As. Agreement
between A1 and A, 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 between MWE-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 MWE:s 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/subtaskl/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 Fl Rank P R  Fl 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 2991 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 4.62 375 4.14 6| 546 492 5.18 8
pmi-mwe-scorer 16/17 0.03 0.10 0.05 71 171 298 217 10
MorphoFiltered-Gemini 17/17 0.00 0.00 0.00 8 1 20.95 16.93 18.73 7
Pattern-Based-MWE-Id. 16/17 0.00 0.00 0.00 8 | 2.25 1456 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 Fl Rank P R Fl 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 6591 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 ~ 6/17 859 9.21 8.89 7 | 27.93 24.72 26.23 7
romanian-bert 1/17 0.74 131 0.95 8| 571 489 527 9
pmi-mwe-scorer 16/17 0.54 372 0.94 916166 215 4.16 10
Pattern-Based-MWE-Id. 16/17 026 2.72 047 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 1591 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 1717 5.16 331 4.03 9| 577 513 543 9
pmi-mwe-scorer 16/17 | 4391 1.62 3.12 10 | 72.46 227 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 51 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| 0.66 157 0.93 10
Pattern-Based-MWE-Id. 16/17 098 11.83 1.81 9] 6.58 11.52 8.38 8
romanian-bert 1/17 049 196 078 10| 549 477 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| 253 4 17.00 31 0.89 3
MTLB-STRUCT 31.07 12.80 18.13 2 | 45.11 15.92 23.53 3| 245 5 16.00 410.88 4
MorphoFiltered-Gemini | 12.00 3.60 5.54 311579 4.60 7.13 6| 2.55 2 14.00 51097 1
baseline-gpt-oss-120b 3.60 620 4.56 41 7.89 13.71 10.02 5| 254 3 18.00 21 0.88 4
IPN 2.53 8.00 3.85 5| 10.36 32.02 15.65 41 299 1 24.00 1094 2
Pattern-Based-MWE-Id. | 1.98 8.20 3.19 6 | 19.28 40.46 26.11 1] 203 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 () and Spearman (p) correlation between global MWE-based F-score and SWE: (r = —0.03, p = —0.03);
Richness: (r = —0.03, p = 0.09); SE: (r = —0.21, p = 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 3 103.00 410.85 5
Sahara-Tokenizers 36.86 37.60 37.23 2 | 55.89 40.93 47.25 2| 391 4 104.00 31084 6
IPN 15.77 35.80 21.90 3| 21.97 56.06 31.57 41 451 2 130.00 21093 3
MorphoFiltered-Gemini | 20.34 19.40 19.86 4 | 32.69 34.58 33.61 3| 451 2 93.00 51 1.00 1
baseline-gpt-oss-120b 12.76 36.00 18.84 51 17.03 52.40 25.70 5| 474 1 139.00 110.96 2
pmi-mwe-scorer 047 240 0.78 6| 6.17 2343 9.77 7| 248 5 12.00 6| 1.00 1
Pattern-Based-MWE-Id. | 0.28 2.80 0.50 71 6.86 38.57 11.64 6| 197 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 () and Spearman (p) correlation between global MWE-based F-score and SWE: (r = 0.58, p = 0.34);
Richness: (r = 0.66, p = 0.50); SE: (r = —0.63, p = —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 1098 2
BeeParser 79.64 78.69 79.16 2 | 86.51 84.99 85.75 2| 5.62 2 307.00 21098 2
Sahara-Tokenizers 70.67 77.29 73.83 3| 83.77 83.68 83.73 3] 5.61 3 306.00 31098 2
IPN 37.52 41.04 39.20 4 | 46.32 57.94 51.48 4| 5.14 4 180.00 41 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 51098 2
MorphoFiltered-Gemini | 41.54 22.51 29.20 6 | 57.97 39.43 46.94 6| 4.58 6 102.00 6| 099 1
Pattern-Based-MWE-Id. | 8.19 16.33 10.91 7 | 33.26 52.03 40.58 7| 4.11 7 65.00 71 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 81 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 () and Spearman (p) correlation between global MWE-based F-score and SWE: (r = 0.93, p = 1.00);
Richness: (r = 0.99, p = 1.00); SE: (r = —0.52, p = —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| 534 1 226.00 1| 0.98 3
Sahara-Tokenizers 52.60 50.50 51.53 2| 75.76 58.33 6591 2| 528 2 212.00 21098 3
IPN 37.74 4271 40.07 3 | 48.43 58.00 52.79 31 514 3 184.00 310.99 2
baseline-gpt-oss-120b 32.03 32.73 32.38 4 | 4292 53.08 47.47 4| 491 4 144.00 4 10.99 2
MorphoFiltered-Gemini | 14.17 6.99 9.36 5| 35.36 18.42 24.22 51 3.26 5 29.00 51097 4
Pattern-Based-MWE-Id. 1.11 479 1.80 6 | 15.22 51.08 23.46 6| 3.06 6 22.00 6 | 0.99 2
pmi-mwe-scorer 048 1.00 0.64 7 | 14.64 22.83 17.84 71 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 (p) correlation between global MWE-based F-score and SWE: (r = 0.92, p = 1.00); Richness:
(r =0.99, p = 1.00); SE: (r = —0.32, p = —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 21 59.09 498 9.19 41 210 4 9.00 41 0.95 4
Sahara-Tokenizers 8.81 6.01 7.14 3] 1419 8.17 10.37 31 245 3 14.00 31093 5
IPN 395 691 5.02 4| 7.42 20.82 10.94 2| 3.01 2 21.00 21099 1
MTLB-STRUCT 331 120 1.76 5| 9.87 3.83 552 6| 0.56 6 2.00 6 | 0.81 6
pmi-mwe-scorer 0.74 1.80 1.05 6| 545 1201 7.49 5] 1.56 5 5.00 51097 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 (p) correlation between global MWE-based F-score and SWE: (r = 0.81, p = 0.71);
Richness: (r = 0.83, p = 0.71); SE: (r = 0.36, p = —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 11097 3
Sahara-Tokenizers 52.89 60.28 56.34 2 | 57.93 60.23 59.06 21 520 2 214.00 21097 3
IPN 14.36 40.52 21.20 3 | 15.75 46.56 23.54 41 5.02 3 170.00 31098 2
baseline-gpt-oss-120b 14.64 34.53 20.56 4| 17.53 42.51 24.82 31 479 4 135.00 41 0.98 2
MorphoFiltered-Gemini | 12.42 3.79 5.81 51 17.67 471 7.44 7| 2.80 6 17.00 6099 1
Pattern-Based-MWE-I1d. 1.28 10.78 2.29 6 | 9.24 54.85 15.81 51 3.71 5 46.00 51097 3
pmi-mwe-scorer 0.22 220 0.39 7 4254213 7.72 6| 227 7 10.00 71099 1

Table 13: Hebrew (he) 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
() and Spearman (p) correlation between global MWE-based F-score and SWE: (r = 0.80, p = 0.96); Richness:
(r =0.92, p = 0.96); SE: (r = —0.66, p = —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 1097 3
MTLB-STRUCT 80.36 63.00 70.63 2 | 84.32 58.44 69.03 31 540 2 252.00 31098 2
bert-multilingual-trial 74.64 63.00 68.33 31 82.30 61.25 70.23 21 539 3 253.00 21097 3
BeeParser 69.25 59.00 63.71 4 | 78.14 58.06 66.62 4| 5.31 4 235.00 41 0.97 3
IPN 31.05 46.20 37.14 5| 32.89 57.16 41.76 51 519 5 200.00 51098 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 71 4.01 7 64.00 7 1 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 91 2.83 9 18.00 91098 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 () and Spearman (p) correlation between global MWE-based F-score and SWE: (r = 0.89, p = 1.00);
Richness: (r = 0.98, p = 0.98); SE: (r = —0.38, p = —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 31074 6
Sahara-Tokenizers 26.17 69.40 38.01 2 | 28.88 70.14 40.91 2| 327 3 76.00 11]0.76 5
MorphoFiltered-Gemini | 2.64 34.00 4.90 3| 3.00 3596 5.54 3| 3.40 1 62.00 21082 2
baseline-gpt-oss-120b 0.68 36.20 1.33 4| 0.67 40.85 1.32 5] 332 2 60.00 4 0.81 3
Pattern-Based-MWE-Id. | 0.42 36.40 0.83 5| 140 61.78 2.73 4| 224 6 33.00 6| 0.64 7
IPN 0.29 26.00 0.57 6| 040 3624 0.79 6| 3.23 4 56.00 51 0.80 4
pmi-mwe-scorer 0.01 1.80 0.02 7| 0.16 26.38 0.31 71 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 () and Spearman (p) correlation between global MWE-based F-score and SWE: (r = 0.29, p = 0.46);
Richness: (r = 0.53, p = 0.86); SE: (r = —0.30, p = —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| 459 3 151.00 21091 3
bert-multilingual-trial 73.27 61.52 66.88 2 | 84.79 62.99 72.28 2| 457 4 149.00 31091 3
Sahara-Tokenizers 64.69 59.12 61.78 3] 75.25 60.71 67.20 3| 452 5 143.00 41091 3
baseline-gpt-oss-120b 12.39 58.52 20.45 4| 13.53 67.82 22.57 5| 4.66 2 163.00 11091 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 71 479 1 149.00 31 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 51091 3
pmi-mwe-scorer 037 321 0.67 8| 3.25 27.62 5.82 8| 2.69 8 15.00 7 1 0.99 1

Table 16: Latvian (Iv) 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 (p) correlation between global MWE-based F-score and SWE: (r = 0.54, p = 0.50); Richness:
(r =0.62, p = 0.67); SE: (r = —0.62, p = —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| 478 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| 448 2 94.00 31099 2
MTLB-STRUCT 36.79 17.97 24.15 3| 67.86 20.63 31.64 51 4.11 3 68.00 410.98 3
Sahara-Tokenizers 19.02 26.04 21.98 4| 51.29 41.04 45.60 1| 448 2 95.00 21 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 1.19 230 1.57 7 112,40 19.54 15.17 7| 230 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
() and Spearman (p) correlation between global MWE-based F-score and SWE: (r = 0.97, p = 0.90); Richness:

(r =0.95, p = 0.86); SE: (r = 0.27, p = —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] 549 1 286.00 11097 4
MTLB-STRUCT 83.65 79.80 81.68 2 | 86.86 80.93 83.79 3| 542 3 268.00 31097 4
BeeParser 80.51 82.60 81.54 3 | 84.86 84.54 84.70 2| 544 2 276.00 21097 4
Sahara-Tokenizers 51.84 64.80 57.60 4 | 75.36 74.57 74.96 41 521 4 220.00 51097 4
IPN 28.58 72.20 40.95 51 29.74 79.60 43.30 51 542 3 260.00 41 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 6097 4
MorphoFiltered-Gemini | 22.07 18.80 20.30 7 | 35.22 30.65 32.78 71 432 6 80.00 7 1 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 0.29 140 048 9| 5.50 20.87 8.70 91 195 8 7.00 9 1 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
() and Spearman (p) correlation between global MWE-based F-score and SWE: (r = 0.78, p = 0.95); Richness:
(r=10.93, p=0.97); SE: (r = —0.75, p = —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 31095 4
MTLB-STRUCT 50.17 30.20 37.70 2 | 64.22 31.42 42.19 2| 4.13 4 88.00 41092 5
IPN 17.74 52.20 26.48 3| 23.79 69.92 35.50 3| 498 2 182.00 21096 3
baseline-gpt-oss-120b 15.93 51.60 24.34 4 1 19.96 76.50 31.66 41 5.06 1 192.00 110.96 3
MorphoFiltered-Gemini 8.37 13.80 10.42 51 19.45 26.50 22.43 51 392 5 56.00 51097 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 022 1.20 0.38 71 4931792 7.73 71 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 () and Spearman (p) correlation between global MWE-based F-score and SWE: (r

p = 0.64); Richness: (r = 0.72, p = 0.68); SE: (r = 0.10, p = —0.41).

= 0.80,

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 21 539 2 275.00 2 10.96 4
BeeParser 84.98 82.27 83.60 2 192.36 85.19 88.63 1| 543 1 280.00 11 0.96 4
MTLB-STRUCT 83.71 80.88 82.27 319197 83.76 87.68 31 539 2 272.00 310.96 4
Sahara-Tokenizers 61.98 71.12 66.23 4 | 84.06 79.48 81.71 41 523 3 236.00 4 10.96 4
IPN 37.12 50.80 42.89 5 | 42.83 62.09 50.69 51 5.05 4 187.00 51097 3
baseline-gpt-oss-120b 26.09 38.25 31.02 6 | 34.87 60.84 44.33 6| 4.82 5 145.00 6097 3
MorphoFiltered-Gemini | 27.02 15.34 19.57 7 | 42.82 26.58 32.80 71 417 6 68.00 7 1 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 0.12 040 0.19 9| 7.63 22.48 11.39 91 0.69 8 2.00 9 1 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 (p) correlation between global MWE-based F-score and SWE: (r = 0.78, p = 0.97);
Richness: (r = 0.98, p = 0.98); SE: (r = —0.55, p = —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 31095 4
bert-multilingual-trial 71.15 72.85 71.99 2 | 80.95 77.00 78.93 1| 5.06 2 205.00 11095 4
Sahara-Tokenizers 4472 53.29 48.63 3 | 73.07 64.40 68.46 3| 4.84 4 159.00 41095 4
IPN 21.70 62.67 32.24 4 12441 72.95 36.58 41 510 1 202.00 21096 3
baseline-gpt-oss-120b 14.67 42.71 21.84 5 | 18.12 58.60 27.68 6| 4.74 5 138.00 51096 3
MorphoFiltered-Gemini | 24.67 14.97 18.63 6 | 38.95 23.83 29.57 5| 4.02 6 61.00 6098 2
Pattern-Based-MWE-Id. 1.51 12.38 2.69 7 | 10.88 65.13 18.65 7| 3.58 7 41.00 71 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 () and Spearman (p) correlation between global MWE-based F-score and SWE: (r = 0.71, p = 0.83);
Richness: (r = 0.86, p = 0.88); SE: (r = —0.73, p = —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 11098 2
MTLB-STRUCT 71.89 76.20 73.98 2 | 76.35 77.58 76.96 2| 5.61 2 308.00 21098 2
Sahara-Tokenizers 53.46 63.40 58.01 3| 70.03 68.97 69.49 3| 543 3 258.00 31098 2
IPN 35.99 57.80 44.36 4 | 37.88 64.90 47.84 41 540 4 247.00 41098 2
baseline-gpt-oss-120b 20.36 34.00 25.47 5 127.00 52.32 35.62 6| 491 5 147.00 51098 2
MorphoFiltered-Gemini | 19.70 8.00 11.38 6 | 30.62 13.53 18.77 8| 345 8 34.00 71098 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| 349 7 37.00 6097 3
bert-multilingual-trial 0.35 0.60 0.44 9 | 44.36 38.69 41.33 5| L.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 (p) correlation between global MWE-based F-score and SWE: (r = 0.84, p = 0.95); Richness:
(r=10.98, p = 0.95); SE: (r = —0.38, p = —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 11 0.96 3
MTLB-STRUCT 67.19 60.04 63.41 2 1 73.96 67.52 70.60 31 513 2 204.00 21097 2
BeeParser 65.35 59.84 62.47 3 176.62 67.30 71.66 21 514 1 204.00 21097 2
Sahara-Tokenizers 47.18 55.42 50.97 4 | 64.89 66.41 65.64 4| 5.07 3 191.00 31097 2
IPN 21.16 45.38 28.86 5| 24.65 64.40 35.65 51 501 4 176.00 41097 2
MorphoFiltered-Gemini | 20.17 34.14 25.35 6 | 26.00 50.56 34.34 6| 472 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 51097 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 10.97 2
pmi-mwe-scorer 1.39 6.22 227 91 499 2299 8.21 9| 3.34 8 29.00 81 0.99 1

Table 23: Swedish (sv) 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 (p) correlation between global MWE-based F-score and SWE: (r = 0.86, p = 0.95); Richness:
(r=10.93, p = 0.98); SE: (r = —0.61, p = —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 31097 3
Sahara-Tokenizers 37.60 45.53 41.19 2 | 58.67 54.53 56.52 2| 5.04 4 174.00 41098 2
IPN 25.97 60.04 36.25 3 132.39 73.69 45.00 31 539 1 241.00 11098 2
baseline-gpt-oss-120b 22.43 45.53 30.05 4 | 28.95 60.63 39.19 41 513 2 185.00 21098 2
MorphoFiltered-Gemini | 29.37 14.71 19.60 5 | 45.54 22.21 29.86 51 4.23 5 70.00 51 1.00 1
Pattern-Based-MWE-Id. | 2.44 1590 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 71 7.50 2692 11.73 71 248 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 (p) correlation between global MWE-based F-score and SWE: (r = 0.82, p = 0.71);
Richness: (r = 0.84, p = 0.71); SE: (r = —0.70, p = —0.78).

274



SWEr SWEp Richnessr Richnessp SEr SEp

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 0.71 036 -0.09
Hebrew (HE) 0.80 0.96 0.92 096 -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 -043
Latvian (LV) 0.54 0.50 0.62 0.67 -0.62 -0.67
Dutch (NL) 0.97 0.90 0.95 086 027 -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 -041
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 0.93 098 -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 (p) correlations between Global MWE-based F1 score and diversity
of systems’ true positives — SWE: Shannon-Weaver entropy, SE: Shannon evenness.

Performance Diversity (of new vocabulary)
System Automatic eval. Manual eval. Variety Balance Var.-bal.
egmBS  Rank | Manual score Rank | Richness Rank ‘ SE Rank | SWE Rank
Star-Paraphraser-Cosine 93.90 1 64.82 3 236.00 410.83 4| 454 4
Star-Paraphraser-Multiagent | 89.46 2 79.25 1 456.00 21090 3| 548 2
baseline-gpt-oss-120b 71.55 3 72.70 2 326.00 31092 2| 533 3
MISP 49.53 4 29.25 4 564.00 11093 1| 589 1

Table 26: French (fr) subtask 2 results — gm-BS: global masked BERT-score, SWE: Shannon-Weaver entropy, SE:
Shannon evenness.

Performance Diversity (of new vocabulary)
System 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 2 098 1 654 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.

Performance Diversity (of new vocabulary)
System 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 21092 2| 593 2
MISP 58.59 2 38.23 2 798.00 1] 093 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.

Performance Diversity (of new vocabulary)
System 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 31098 1| 536 3
baseline-gpt-oss-120b | 74.74 2 46.17 2 742.00 21093 2| 6.14 2
MISP 57.01 3 22.66 3| 1096.00 1]091 3] 636 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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