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Abstract

Multimodal models struggle with idiomatic ex-
pressions due to their non-compositional mean-
ings, a challenge amplified in multilingual set-
tings. We introduced PolyFrame, our system
for the MWE-2026 AdMIRe 2 shared task on
multimodal idiom disambiguation, featuring
a unified pipeline for both image+text rank-
ing (Subtask A) and text-only caption ranking
(Subtask B). All model variants retain frozen
CLIP-style vision—language encoders and the
multilingual BGE M3 encoder, training only
lightweight modules: a logistic regression and
LLM-based sentence-type predictor, idiom syn-
onym substitution, distractor-aware scoring,
and Borda rank fusion. Starting from a CLIP
baseline (26.7% Top-1 on English dev, 6.7%
on English test), adding idiom-aware paraphras-
ing and explicit sentence-type classification in-
creased performance to 60.0% Top-1 on En-
glish, and 60.0% Top-1 (0.822 NDCG@5) in
zero-shot transfer to Portuguese. On the mul-
tilingual blind test, our systems achieved aver-
age Top-1/NDCG scores of 0.35/0.73 for Sub-
task A and 0.32/0.71 for Subtask B across 15
languages. Ablation results highlight idiom-
aware rewriting as the main contributor to per-
formance, while sentence-type prediction and
multimodal fusion enhance robustness. These
findings suggest that effective idiom disam-
biguation is feasible without fine-tuning large
multimodal encoders.

1 Introduction

Idiomatic expressions are a long-standing problem
for computational semantics because their figura-
tive meanings are not compositionally predictable
from surface form (Flor et al., 2025; Zeng and
Bhat, 2021). Models trained primarily on literal
data often interpret idioms word by word, which
leads to semantic drift in downstream tasks such
as translation, retrieval, and captioning (Pickard

et al., 2025a). This effect is amplified in multi-
lingual settings, where idioms differ in lexicalisa-
tion and transparency across languages (Domhan
et al., 2022; Cap et al., 2015). Recent work treats
idiomaticity as a structured prediction problem,
for example, by classifying usages as literal or
idiomatic or by ranking contextually appropriate
interpretations (Endalie et al., 2023).

AdMIRe 2.0 provides sentences containing po-
tentially idiomatic nominal compounds together
with five candidate images and parallel caption-
based variants (Arslan et al., 2026). Subtask A
asks systems to rank images according to how well
they reflect the intended meaning of the compound
in context. Subtask B replaces images with cap-
tions and prompts to probe text-only reasoning un-
der the same schema. Both subtasks implicitly re-
quire robust sentence-type judgements (idiomatic
vs. literal) and fine-grained alignment of the chosen
sense with visual or textual cues.

This paper presents our system description for
AdMIRe 2.0 (Arslan et al., 2026). We build a
shared data and evaluation pipeline and instanti-
ate three variants within a single architecture: (i) a
CLIP-based multimodal baseline for Subtask A;
(i) an improved multimodal ranker with super-
vised sentence-type classification (logistic regres-
sion plus a literal-first LLM classifier), idiom syn-
onym replacement, distractor-aware scoring, and
fusion of visual and caption-based scores; and (iii)
a text-only counterpart of the improved ranker for
Subtask B (Figure 1). All systems use frozen CLIP-
style vision—language encoders and the multilin-
gual BGE M3 sentence encoder (Chen et al., 2024),
with learning restricted to lightweight idiomaticity
classifiers, scalar fusion weights, and rank-level
Borda ensembles over multiple CLIP and LLM
backends. Our experiments examine how sentence-
type prediction, idiom-aware rewriting, and multi-
modal fusion jointly improve idiom-sensitive im-
age and caption ranking across languages.
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Figure 1: Overview of the final POLYFRAME pipeline. Sentence typing via logistic regression, idiom replacement
for idiomatic cases, three zero shot similarity streams with SigL.IP2 and BGE M3, and Borda fusion

2 Related Work

Idiom processing and idiomaticity detection.
Text-based idiom processing has been studied ex-
tensively through shared tasks and benchmarks
that ask models to decide whether a target expres-
sion is used literally or idiomatically in context
(e.g., (Jakhotiya et al., 2022; Boisson et al., 2022)).
SemEval 2022 Task 2 introduced multilingual id-
iomaticity detection for verbal multiword expres-
sions and showed that glosses, translations, and
lexical knowledge bases can improve cross-lingual
disambiguation (Phelps et al., 2022). Subsequent
work has evaluated large language models on id-
iom detection and translation, reporting that they
still over-predict idiomatic readings in literal con-
texts and require careful prompting to approach
the performance of supervised baselines (Phelps
et al., 2024). Other studies have proposed targeted
metrics for evaluating idiom translation in neural
machine translation and documented a strong ten-
dency toward literal renderings (Khan and Akter,
2025). The AdMIRe shared tasks extend this line
of work by framing idiomaticity as a multimodal
ranking problem and by providing graded relevance
annotations for sentence type and image suitabil-
ity (Torunoglu-Selamet et al., 2026; Pickard et al.,
2025b).

Multimodal idiom understanding and vision—
language models. Multimodal encoders such as
CLIP learn aligned image—text representations via
large-scale contrastive learning and have become
standard backbones for zero-shot classification and
retrieval. However, their pretraining data and ob-
jectives are not tailored to figurative language, and
idiomatic usages are often under-represented. Re-
cent approaches adapt CLIP to idiom interpretation
by enriching prompts with natural-language defini-
tions, few-shot examples, or idiomatic paraphrases,
and by combining visual similarity with textual sen-

tence embeddings (Markchom et al., 2025; Wang
et al., 2025). AdMIRe 2.0 offers a test bed for
such strategies by providing both image-based and
caption-based variants of the same task. Our sys-
tems follow this direction: we keep OpenCLIP-
style encoders frozen, pair them with BGE M3
for multilingual sentence embeddings, and focus
learning capacity on lightweight idiomaticity clas-
sifiers and fusion mechanisms that combine visual,
caption-based, and definition-based scores within a
single architecture.

3 Methodology'

We describe our systems for the two AdMIRe 2.0
subtasks, which jointly probe sentence-level id-
iomaticity and multimodal disambiguation (see
Figure 1 for an overview). Subtask A presents a
context sentence containing a potentially idiomatic
nominal compound and five candidate images; the
system must rank the images by appropriateness.
Subtask B reuses the same TSV schema but re-
places images with captions and prompts, yielding
a text-only ranking task. Sentence-type prediction
is evaluated by accuracy, and ranking by Top-1
accuracy and NDCG@5.

3.1 Task setup and system variants

For Subtask A, the organisers provide supervised
splits for English (EN) and Portuguese (PT) with
train, development, test, and cross-evaluation par-
titions. Each instance consists of a sentence, the
target compound, five image file names organised
under idiom-specific directories, and optionally im-
age captions and prompts. For evaluation, we run
our system on the official blind-test bundles cov-
ering 15 languages, resolving image paths via a
language-aware global root and tracking the num-
ber of processed instances per language (approxi-
mately 50-360) to ensure full coverage.

"https://github.com/NinaKivanani/PolyFrame
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For Subtask B, we reuse the TSV structure but
operate in text-only mode: image identifiers are
retained for compatibility, while ranking uses cap-
tions and prompts only. Within a shared architec-
ture, we instantiate three system variants to study
the impact of modality, sentence-type modelling,
and idiom replacement: (i) a CLIP-based multi-
modal baseline for Subtask A, (ii) an improved
multimodal ranker with explicit sentence-type clas-
sification, idiom replacement, and distractor-aware
fusion, and (iii) a text-only variant of the improved
ranker for Subtask B.

3.2 Representations and encoders

Each TSV row is parsed into a context sentence
x, a target compound c, five image identifiers
{i1,...,i5}, and, when available, image captions
{ck}3_,. Supervised splits additionally provide a
gold sentence type ysent € {idiomatic, literal} and
a gold ranking 7* = [n], ..., 7]

All systems use vision-language encoders for
multimodal understanding. The baseline uses a
multilingual CLIP variant (xlm-roberta-large-ViT-
H-14) with frozen LAION-5B weights. The im-
proved systems employ a dual-encoder architecture:
SigLIP2 (ViT-SO400M-14-SigLIP2-378) (Tschan-
nen et al., 2025) as the primary vision-language
encoder for image-text similarity, combined with
BGE-M3 as a separate multilingual text encoder for
text-only ranking via caption matching. Rankings
from both encoders are fused using Borda-count ag-
gregation. Additional CLIP or SigL.IP models can
be added in ensemble mode with weighted fusion.

For sentence and caption representations we ad-
ditionally use BGE M3, a multilingual dense re-
trieval encoder. Given a sentence—compound pair
(z,c), we concatenate them and obtain an em-
bedding g(z,c) € R?, which provides text-only
similarity scores for caption-based ranking and
serves as the feature space for a lightweight binary
sentence-type classifier.

3.3 Sentence-type prediction and ranking

Sentence-type prediction. Sentence-type predic-
tion combines a supervised classifier and an LLM-
based component. We train a two-way logistic re-
gression model on EN data using BGE M3 features
g(z, c) to predict ysene € {literal, idiomatic}. This
serves as the primary sentence-type signal when
available.

As a complementary mechanism and cross-
lingual fallback, we use literal-first prompting with

external LLMs (GPT-40, Qwen3-32B, Llama 3.1-
70B, DeepSeek-v3, Mistral). For each com-
pound-language pair, the system first asks the LLM
to generate a small set of clearly literal example
sentences, which are cached. The final prompt
presents these examples together with the target
sentence and instructions to decide between LIT-
ERAL and IDIOMATIC. We allow brief reasoning
but constrain the output to a single label.

Baseline multimodal ranker. The baseline first
predicts sentence type heuristically, then constructs
prompts, and finally performs visual and textual
ranking. Given the predicted type, we build a small
set of text queries that combine the sentence, the
compound, short natural-language definitions from
a hand-curated idiom lexicon, and few-shot exam-
ples. These queries are encoded with the CLIP
text tower and averaged to obtain a single query
embedding q.

For visual ranking, each image i is mapped to
an embedding v, = fimg(ix), and similarity scores
are computed via cosine similarity between ¢ and
vk, optionally scaled by a temperature 7 to sharpen
the distribution over the five candidates; images
are then ranked by descending similarity. Caption-
based ranking is analogous, using captions instead
of images. Visual and caption-based rankings are
fused via a Borda-style scheme that converts rank
positions into scores and interpolates them, typi-
cally with a higher weight on visual information.

Improved multimodal ranker. The im-
proved ranker extends the baseline with supervised
sentence-type classification, idiom synonym re-
placement, and distractor-aware fusion. For sen-
tences classified as idiomatic, we rewrite the con-
text by replacing occurrences of ¢ with a composi-
tional paraphrase that makes the figurative meaning
explicit; the modified sentence is then used to con-
struct CLIP prompts, while literal sentences are left
unchanged.

The final ranking fuses three score streams: (1)
SigLIP2 vision-language similarity (sentence <>
images), (2) BGE-M3 text similarity (sentence <>
captions), and (3) SigL.IP2 text similarity (sentence
> captions via SigL.IP2’s text encoder). In our sub-
mitted configuration we use weighted Borda-count
aggregation with fixed weights of [0.6, 0.3, 0.1] for
vision-language similarity, BGE-M3 text similar-
ity, and SigLIP2 caption similarity, respectively, in
image-+text mode. For text-only mode, weights are
adjusted to [0.0, 0.7, 0.3] to focus on text compo-
nents while ignoring vision. A confidence measure
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derived from the gap between the top two scores
in each stream can adjust these weights. For non-
English languages, an optional cross-lingual mode
combines scores computed on the original sentence
with scores computed on an English translation
obtained from the same LLM used for literal-first
classification.

Text-only ranker. The text-only system reuses
the same architecture in caption-only mode. Image
embeddings are set to zero and receive zero weight
in the fusion stage; sentence-type prediction, id-
iom synonym replacement, and caption-based scor-
ing with BGE M3 and SigL.IP2 remain unchanged.
This design ensures that improvements over ran-
dom ranking are attributable purely to text mod-
elling of captions and that ablations of the classi-
fier, literal-first prompting, or idiom replacement
are directly comparable across subtasks.

3.4 Ensembles, transfer strategies

Model ensembles and Borda fusion. To improve
robustness and support zero-shot transfer, we em-
ploy ensembles at both encoder and classifier level
with a unified rank-level fusion scheme. On the
vision side, we optionally use an ensemble of CLIP
variants. Our best-performing configuration uses a
single SigL.IP2 model (ViT-SO400M-14-SigLIP2-
378) rather than an ensemble, as this provided opti-
mal performance while maintaining efficiency. The
system supports ensemble configurations where
multiple CLIP or SigLIP variants can be combined
using weighted Borda fusion, but the submitted
system operated in single-model mode.

For sentence-type prediction, we evaluate sev-
eral LLMs under the same literal-first prompting
strategy; in the final configuration, we combine
Qwen3-32B and GPT-40 with weights [0.6,0.4],
selected based on development performance, while
other LLMs act as fallbacks. In all cases, we ap-
ply weighted Borda fusion: each candidate’s rank
in each list is converted into a score (higher for
better ranks), multiplied by the corresponding fu-
sion weight, and summed. Candidates are then
re-ranked by their aggregated Borda scores, pro-
viding a consistent mechanism for combining both
modalities and model variants.

Zero-shot and few-shot transfer. To handle
idioms and languages with limited training data,
we support both zero-shot and few-shot strategies.
When few-shot prompting is enabled, CLIP queries
are augmented with hand-curated examples that il-
lustrate literal and idiomatic usage (e.g., idiomatic

big fish in a company vs. literal big fish in a fish-
ing context), which are prepended to CLIP text
queries to guide the vision—language encoder. For
languages without training data, we rely on the
multilingual capabilities of SigL.IP2 and BGE M3:
the system applies zero-shot classification directly
to non-English sentences using the multilingual en-
coders, and when this fails, the system falls back
to simple heuristics based on compound frequency
in captions and basic lexical markers. This zero-
shot setup yields reasonable performance (around
60% accuracy on PT) without language-specific
training.

4 Results & Discussion

We evaluate our systems using the official Ad-
MIRe 2.0 metrics, reporting Top-1 accuracy and
NDCG@5. Experiments cover both subtasks and
include baseline comparisons, strategy-specific
variants, ablation studies, and the official blind-test
evaluation on Codabench. We used a temperature
of 7 = 0.7 for similarity scaling and Borda-count-
based fusion as the default for final evaluation.
The CLIP-based baseline, which relies on frozen
vision—language embeddings and heuristic sen-
tence typing, achieves 26.7% Top-1 accuracy on
the EN development set and 6.7% on the test set
(see Table 1). This large drop highlights the diffi-
culty of the task and confirms that naive multimodal
retrieval is strongly biased toward literal interpreta-
tions when idiomatic compounds are present.

EN dev EN test PT dev (zero-shot)
Top-1(%) NDCG@5 Top-1(%) NDCG@5 Top-1(%) NDCG@5
CLIP baseline 26.7 0.655 6.7 0.607 - -
+ Idiom replacement 60.0 0.800 - - - -
+ LLM sentence typing 40.0 0.739 - - -
+ All improvements 60.0 0.797 - - 60.0 0.822

System

Table 1: System performance across evaluation sets.

Introducing idiom synonym replacement yields
the largest single improvement, raising Top-1 accu-
racy on the EN development set to 60.0% (Table 1).
This confirms observations from AdMIRe 2024
that rewriting idiomatic expressions into composi-
tional paraphrases substantially reduces literal bias
in vision—language models. Literal-first sentence
classification using an external LLM improves per-
formance to 40.0% when used in isolation, indicat-
ing that sentence-type awareness is beneficial but
insufficient without explicit paraphrasing. The best
submission didn’t use LLM classification. Combin-
ing sentence-type prediction, idiom replacement,
and multimodal fusion in the improved ranker
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System Top1 A Top: B ST Acc.
CLIP baseline

(XLM-RoBERTa-ViT-H-14) 207 6.7 533
GPT-40 32.5 28.0 58.0
Qwen3-32B 31.0 26.5 56.5
Llama3.1-70B 29.5 25.0 55.0
DeepSeek-v3 28.0 23.5 53.5
Mistral-large 30.0 25.5 54.5
Ensemble

(Qwen3+GPT-do) 33.5 29.0 59.0
Best submission 35.0 32.0 -

Table 2: Multilingual blind test results (15 languages).
Best submission used SigLIP2 + idiom replacement
with zero-shot classification.

maintains 60.0% Top-1 accuracy while providing
greater robustness across prompt conditions and
idiom types. Zero-shot transfer to PT also reaches
60.0% Top-1 and 0.822 NDCG @5, suggesting that
the core strategies generalise across related lan-
guages.

Multilingual blind-test results. We submitted
our systems to the official Codabench evaluation
for both subtasks. On the multilingual blind test
covering 15 languages, our submission achieved an
average Top-1 accuracy of 0.35 and an NDCG of
0.73 for Subtask A, and 0.32 Top-1 accuracy with
an NDCG of 0.71 for Subtask B. These scores cor-
respond to a mid-range ranking among participat-
ing systems at the time of evaluation. Performance
was consistent across languages, with comparable
scores on Chinese and non-Chinese subsets, in-
dicating stable cross-lingual behaviour in a fully
zero-shot setting (Table 2).

For the blind-test phase, we apply the improved
system unchanged to all 15 evaluation languages,
using the official directory structure and file for-
mats. The submitted configuration combines
SigL.IP2 with idiom replacement and zero-shot
sentence-type classification. We verify full cov-
erage for each language, with sample counts rang-
ing from 48 to 363 instances (see Table 3 in the
Appendix).

Ablation studies. Ablation experiments on the
EN development set show that idiom replacement
accounts for most of the performance gains, while
sentence-type prediction mainly improves stability
and reduces variance across idioms. Multimodal
fusion consistently outperforms unimodal ranking,
and Borda-style aggregation is more robust than al-
ternative rank-combination strategies across hyper-
parameter settings. Temperature and fusion-weight
sweeps show limited sensitivity around the chosen
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defaults, indicating that the improvements are not
driven by fragile tuning.

Taken together, the results suggest that most of
the attainable gains come from better framing of
the vision—language matching problem rather than
from stronger back-end language models (Radford
et al., 2021). Idiom rewriting and multimodal fu-
sion close much of the gap between the CLIP base-
line and our best systems (Gao et al., 2024), while
LLM-based sentence-type prediction yields smaller
incremental gains at the cost of additional latency,
API dependence, and prompt sensitivity (Jin et al.,
2025). This trade-off is reflected in the final Cod-
abench submission, which uses SigL.IP2 with id-
iom replacement and zero-shot sentence typing,
but omits LLM classification despite its slightly
higher scores on the EN development set. The rel-
atively modest drop from Subtask A to Subtask B
and the stable NDCG values across languages indi-
cate that caption-based reasoning can approximate
image-based disambiguation when captions are in-
formative, but also highlight persistent weaknesses
on low-resource and culturally marked varieties
such as Spanish Ecuador and Uzbek (Tschannen
et al., 2025). Overall, the pattern of ablation re-
sults supports our design choice to prioritise frozen
encoders and lightweight, transparent adaptations
over heavy fine-tuning or tightly coupled LLM
components (Xing et al., 2024).

Limitations and Future Work

A key limitation of our approach is that the id-
iom synonym replacement database is manually
curated and currently covers only around 50 com-
mon English idioms, with limited coverage for the
14 non-English languages in the blind test. This
restricts the effectiveness of idiom replacement for
less frequent expressions and for many non-English
instances. Future work will explore learned fusion
weights as an alternative to our current fixed Borda-
based scheme. Since our experiments so far rely
mainly on decoder-style large language models,
we also plan to incorporate encoder-based models
(e.g., BERT) and encoder—decoder architectures
(e.g., TS, mBART). These architectures may cap-
ture idiomaticity in different ways and provide com-
plementary perspectives on representation learning
for figurative language.
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A Appendix

Table 3 summarises the official Codabench blind
test results for our submission nikoniko. For Sub-
task A (image+text), our system achieved an aver-
age Top; accuracy of 0.35 and an NDCG of 0.73
across 15 languages. For Subtask B (text only),
the corresponding scores were 0.32 Top; and 0.71
NDCG. In both subtasks, our run ranked fifth on the
Codabench leaderboard at evaluation time. The per
language breakdown shows clear variation across
the multilingual blind test. For Subtask A, the
best performing languages are Portuguese Brazil
(PT-BR) (0.46), PT (0.42), and Norwegian (0.42),
while Spanish Ecuador (ES-EC) (0.17), Uzbek
(UZ) (0.29), and Georgian (KA) (0.27) emerge as
the most challenging. Despite these differences in
Top; accuracy, NDCG scores remain consistently
high in the 0.69 to 0.76 range, with an overall aver-
age of 0.73.

Subtask A (img+txt) Subtask B (text)

Language
Top1 (%) NDCG@5 Top; (%) NDCG@5

Chinese (ZH) 35.0 0.72 28.0 0.69
Georgian (KA) 27.0 0.69 28.0 0.68
Greek (EL) 36.0 0.72 28.0 0.71
Igbo (IG) 33.0 0.73 29.0 0.69
Kazakh (KK) 33.0 0.74 28.0 0.72
Norwegian (NO) 42.0 0.75 41.0 0.75
Portuguese BR (PT-BR)  46.0 0.76 37.0 0.75
Portuguese (PT) 42.0 0.75 37.0 0.73
Russian (RU) 40.0 0.73 39.0 0.74
Serbian (SR) 39.0 0.74 31.0 0.71
Slovak (SK) 38.0 0.73 35.0 0.73
Slovenian (SL) 40.0 0.75 37.0 0.74
Spanish EC (ES-EC) 17.0 0.66 19.0 0.67
Turkish (TR) 34.0 0.71 32.0 0.70
Uzbek (UZ) 29.0 0.71 32.0 0.71
Macro average 354 0.72 32.1 0.72

Table 3: Per language performance on the multilingual
blind test. Subtask A uses images and captions; Sub-
task B is text only.
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