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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
(MWE?5) 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 MWESs: (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, Torunoglu-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.'

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-

'The 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

mildly figurative

mildly literal

strongly literal distractor

(a) The image depicts an
elderly man engaged in
gardening activities. He
is crouching down next
to a small garden bed...

(b) The image depicts
an elderly man with
gray hair and a
mustache, wearing a

dark pants...

(c) The image depicts a (d) The image depicts a
close-up of a human
hand with the palm
facing upwards and

light-colored shirt and  fingers slightly curled...

(e) The image depicts
cartoon-style illustration an elderly man playing
of a young girl with  the piano. He is seated
brown hair tied back in  on a black stool with
a ponytail... orange accents...

Figure 1: Data example for green fingers. Images generated using Midjourney. Captions are displayed partially.
(Torunoglu-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, €, ].
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) (Jarvelin and Kekildinen,
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

l;
DCG, T iy
nDCG = DCG = n rel*.,
1 n Zi/ZI logQ(i’zH)

where n is the number of items considered, rel; is
the relevance score (gain) of the ¢-th item in the
system’s ranking, rel*;: 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*;;) 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 competitions”> 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.

2 Available at https://www.codabench.org/
competitions/10547/ and https://www.codabench.
org/competitions/10548/
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Top-1 Accuracy nDCG Score
Team Rank
Overall Literal Idiomatic Overall Literal Idiomatic

ITUNLP 1 0.60 +o0.1 0.67 + o2 0.55 +o.1 0.85 +o.1 0.88 £ 0.1 0.83 + 00
DCSN-NLP 2 0.53 +o.1 0.62 +02 0.46 +o.1 0.81 +00 0.85 +o.1 0.77 00
ITUNLP2 3 0.52 +03 0.53 +03 0.52 +03 0.70 £ 04 0.70 + 04 0.70 + 04
tiberiucarp 4 0.50 + 0.1 0.54 +o2 0.46 +o0.1 0.80 + 00 0.84 + 0.1 0.78 0.0
PolyFrame 5 0.35 + 01 0.57 01 0.16 0.0 0.73 + 00 0.85 + 00 0.62 +0.0
VisAffect 6 0.33 + 00 0.13 £ o1 0.47 + 01 0.72 £ 00 0.59 +o00 0.81 + 00
IdiomRanker-X 7 0.30 02 0.48 +03 0.13 £ 01 0.58 £03 0.69 + 04 0.49 +o03
3K2T 8 0.13 +o2 0.13 +o2 0.13 +o2 0.21 04 0.21 04 0.21 +o04

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.

Top-1 Accuracy nDCG Score
Team Rank
Overall Literal Idiomatic Overall Literal Idiomatic
ITUNLP 1 0.56 0.1 0.61 +02 0.51 £ o1 0.83 +00 0.86 + 0.1 0.81 +00
LST 2 0.41 +o0.1 0.58 +o.1 0.28 + 0.1 0.76 +0.0 0.85 +o0.1 0.68 +00
alexandru412 3 0.32 +o02 0.33 +o02 0.29 +03 0.59 +03 0.60 +03 0.57 +03
PolyFrame 4 0.32 +ou 0.48 +o.1 0.19 +o.1 0.71 00 0.81 +o. 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 Sencey-
lan, 2026), IdiomRanker-X (Colak, 2026), and
alexandru412 (Alexandru-Marian, 2026) (12 lan-
guages), and 3K2T (Komiircii 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 language’. Detailed performance figures by
language can be seen in the Appendix.

31SO 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-40 and GPT-
5; OpenAl, 2024, 2025), Qwen (versions 2.5 and 3)
(Bai et al., 2023), DeepSeek models (DeepSeek-Al,
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 (Cotiga 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-
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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 Sigl.IP2 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-40) 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, Sigl.IP2)
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-
1iomatic—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 LLLMs 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.

Al 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
ITUNLP2 1 0.88 0.96
ITUNLP 2 0.86 0.94
Team Rank | Top-1 Acc. nDCG DCSN-NLP 3 0.80 0.91
ITUNLP 1 0.64 0.87 tiberiucarp 4 0.67 0.88
DCSN-NLP 2 0.57 0.84 PolyFrame 5 0.46 0.77
tiberiucarp 3 0.54 0.83 IdiomRanker-X 6 0.34 0.73
PolyFrame 4 0.36 0.72 VisAffect 7 0.30 0.71
IdiomRanker-X 5 0.34 0.72
VisAffect 6 027 0.69 Table 9: Braz. Portuguese (PT-BR) — Image and Text

Table 5: Greek (EL) — Image and Text

Team Rank | Top-1 Acc. nDCG
ITUNLP2 1 0.72 0.91
Team Rank | Top-1 Acc. nDCG ITUNLP 2 0.64 0.86
ITUNLP2 1 0.56 0.84 DCSN-NLP 3 0.57 0.81
ITUNLP 2 0.43 0.78 tiberiucarp 4 0.55 0.83
3K2T 3 0.41 0.76 PolyFrame 5 0.43 0.76
DCSN-NLP 4 0.39 0.74 VisAffect 6 0.30 0.71
tiberiucarp 5 0.37 0.74 IdiomRanker-X 7 0.30 0.72
PolyFrame 6 0.33 0.73
VisAffect 7 030 073 Table 10: Euro. Portuguese (PT-PT) — Image and Text
IdiomRanker-X 8 0.22 0.69
Table 6: Igbo (IG) — Image and Text Team Rank | Top-1 Acc. nDCG
ITUNLP2 1 0.71 0.91
ITUNLP 2 0.69 0.89
Team Rank | Top-1 Acc. nDCG DCSN-NLP 3 0.68 0.87
ITUNLP2 1 0.70 0.89 tiberiucarp 4 0.63 0.85
ITUNLP 2 0.61 0.84 PolyFrame 5 0.40 0.73
3K2T 3 0.56 0.84 VisAffect 6 0.36 0.73
DCSN-NLP 4 0.53 0.80 IdiomRanker-X 7 0.35 0.74
tiberiucarp 5 0.51 0.81
VisAffect 6 0.40 074 Table 11: RU — Image and Text
PolyFrame 7 0.33 0.74
IdiomRanker-X 8 0.28 0.71
Team Rank | Top-1 Acc. nDCG
Table 7: Kazakh (KK) — Image and Text ITUNLP 1 0.62 0.84
tiberiucarp 2 0.48 0.78
DCSN-NLP 3 0.45 0.76
Team Rank | Top-1 Acc. nDCG PolyFrame 4 0.39 0.74
ITUNLP2 1 0.82 0.94 VisAffect 5 0.36 0.72
ITUNLP 2 0.67 0.88 IdiomRanker-X 6 0.31 0.71
DCSN-NLP 3 0.52 0.80 .
tiberiucarp 4 0.51 0.80 Table 12: Serbian (SR) — Image and Text
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
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Team Rank | Top-1 Acc. nDCG Team Rank | Top-1 Acc. nDCG
ITUNLP 1 0.60 0.85 ITUNLP 1 0.52 0.83
tiberiucarp 2 0.51 0.82 ITUNLP2 2 0.52 0.83
DCSN-NLP 3 0.48 0.78 tiberiucarp 3 0.42 0.77
PolyFrame 4 0.38 0.73 VisAffect 4 0.42 0.75
VisAffect 5 0.34 0.72 3K2T 5 0.41 0.78
IdiomRanker-X 6 0.31 0.72 DCSN-NLP 6 0.33 0.74

PolyFrame 7 0.32 0.72

Table 13: Slovak (SK) — Image and Text IdiomRanker-X ] 031 071

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

B Text-only Results

Table 17: Uzbek (UZ) — Image and Text

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
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Team Rank | Top-1 Acc. nDCG Team Rank | Top-1 Acc. nDCG
ITUNLP 1 0.60 0.84 alexandru412 1 0.56 0.80
LST 2 0.42 0.76 ITUNLP 2 0.54 0.84
alexandru412 3 0.33 0.71 LST 3 0.44 0.78
PolyFrame 4 0.28 0.72 PolyFrame 4 0.35 0.73

Table 22: Kazakh (KK) — Text Only Table 28: Slovak (SK) — Text Only

Team Rank | Top-1 Acc. nDCG Team Rank | Top-1 Acc. nDCG
ITUNLP 1 0.61 0.85 ITUNLP 1 0.72 0.89
alexandru412 2 0.52 0.80 LST 2 0.45 0.78
LST 3 0.43 0.77 PolyFrame 3 0.37 0.74
PolyFrame 4 0.41 0.75

Table 29: Slovenian (SL) — Text Only
Table 23: Norwegian (NO) — Text Only

Team Rank | Top-1 Acc. nDCG
Team Rank | Top-1 Acc. nDCG LST 1 0.35 0.73
ITUNLP 1 0.79 0.92 ITUNLP 2 0.25 0.72
LST 2 0.53 0.81 PolyFrame 3 0.19 0.67
PolyFrame 3 0.37 0.75 alexandru412 4 0.10 0.61
Table 24: Brazilian Portuguese (PT-BR) — Text Only Table 30: Ecuadorian Spanish (ES-EC) — Text Only
Team Rank | Top-1 Acc. nDCG Team Rank | Top-1 Acc. nDCG
alexandru412 1 0.64 0.85 ITUNLP 1 0.51 0.82
ITUNLP 2 0.62 0.86 LST 2 0.40 0.74
LST 3 0.45 0.77 alexandru412 3 0.40 0.75
PolyFrame 4 0.37 0.73 PolyFrame 4 0.32 0.70
Table 25: European Portuguese (PT-PT) — Text Only Table 31: Turkish (TR) — Text Only
Team Rank | Top-1 Acc. nDCG Team Rank | Top-1 Acc. nDCG
ITUNLP 1 0.65 0.87 ITUNLP 1 0.50 0.82
LST 2 0.51 0.79 alexandru412 2 0.34 0.71
alexandru412 3 0.47 0.77 LST 3 0.32 0.73
PolyFrame 4 0.39 0.74 PolyFrame 4 0.32 0.71
Table 26: RU — Text Only Table 32: Uzbek (UZ) — 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
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