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Abstract

Multiword expressions (MWEs), particu-
larly idioms, pose persistent challenges
for vision-language systems due to their
non-compositional semantics and culturally
grounded meanings. This paper presents
GLIMMER, a three-stage hybrid ranking sys-
tem that evaluates how well images express
the intended meaning of MWEs across 15 lan-
guages. Our approach uses LLM-generated
semantic glosses as multilingual meaning an-
chors, combined with dual-path embedding
scoring (textual captions and visual features),
and LLM-based semantic verification. Evalu-
ated on the ADMIRE shared task benchmark,
GLIMMER achieves competitive performance
across diverse languages without relying on
parallel training data or language-specific re-
sources. The results show that using glosses
to anchor meaning helps match idioms with
images across languages and modalities, and
that combining retrieval with reasoning is more
robust than using embeddings alone.

1 Introduction

Multiword expressions (MWEs), such as idioms,
convey meanings that cannot be derived compo-
sitionally from their constituent words. Although
large language models (LLMs) have shown im-
proved handling of idiomaticity in text-only set-
tings (Tayyar Madabushi et al., 2022; Tedeschi
et al., 2022; Tian et al., 2023), multimodal un-
derstanding of idioms remains an open challenge.
Vision-language models (VLMs) excel in literal
and compositional grounding, but often fail when
figurative meanings diverge from surface-level vi-
sual cues (Yuksekgonul et al., 2022; Akula et al.,
2023).

This work, introduces GLIMMER (GLoss-based
Image Multiword Meaning Expression Ranker), a
hybrid system developed for the ADMIRE shared
task (Arslan et al., 2026), which focuses on ranking

images according to how well they express the in-
tended (idiomatic or literal) meaning of an MWE in
context. GLIMMER is designed around the obser-
vation that idioms are meaning-level units, and that
explicit semantic representations can serve as sta-
ble anchors across modalities and languages. Our
key contributions are:

1. Gloss-based semantic anchoring using
LLM-generated contextual definitions as mul-
tilingual meaning pivots

2. Hybrid retrieval-reasoning architecture
combining embedding-based similarity with
LLM-based semantic verification

3. Dual-modality scoring using both image cap-
tions and raw visual features

GLIMMER was evaluated on the ADMIRE
shared task benchmark (Torunoglu-Selamet et al.,
2026) and performs competitively in 15 typologi-
cally diverse languages without requiring parallel
data or task-specific training, highlighting the effec-
tiveness of gloss-centered multimodal reasoning.

The paper is structured as follows: Section 2 re-
views related work; Section 3 describes the method-
ology; Section 4 presents the experimental setup;
Section 5 reports the results and analysis; and Sec-
tions 6 and 7 discuss the limitations and conclu-
sions, respectively.

2 Related Work

The detection of multilingual idiomaticity has
emerged as a key challenge in NLP (Tayyar Mad-
abushi et al., 2022; Tedeschi et al., 2022). While
Transformer models encode idiomatic meanings
differently from literal phrases (Tian et al., 2023),
recent evaluations show that even LLMs strug-
gle without explicit semantic cues (Phelps et al.,
2024). In the visual domain, early vision—language
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models (Li et al., 2023a; Huang et al., 2023) ex-
cel at compositional tasks but often fail on figura-
tive grounding (Yuksekgonul et al., 2022; Akula
et al., 2023; Saakyan et al., 2025). However, recent
work demonstrates that textual explanations can
act as semantic bridges for non-literal matching
(Chakrabarty et al., 2023), motivating our gloss-
based design.

Our architecture adapts retrieval-augmented gen-
eration (Borgeaud et al., 2022; Izacard et al., 2023)
to the multimodal idiom domain. Hybrid pipelines
combining dense retrieval with neural reasoning
have proven effective for complex semantics (Ni
et al., 2025; Mao et al., 2021). To enable zero-
shot transfer, we leverage advances in multilingual
sentence embeddings (Muennighoff et al., 2023;
Li et al., 2023b; Duquenne, 2024). Finally, our
approach aligns with findings in multimodal chain-
of-thought reasoning (Achiam et al., 2023; Zhang
et al., 2023), utilizing LLM-generated glosses as
explicit semantic anchors to resolve ambiguity.

3 Methodology

3.1 Problem Formulation

Given a multiword expression e, con-
text sentence s indicating usage type
t € {idiomatic,literal}, and a set of candi-
date images Z = {(I1,c1),...,(In,c,)} where
I; is an image and ¢; its caption, our goal is to
rank images by how well they express the intended
meaning of e in context s.

3.2 Three-Stage Pipeline

Stage 1: Gloss Generation We generate a con-
textual semantic gloss for each MWE using an
instruction-tuned LLM (OpenAl GPT-5.1):

Given the expression “{e}” used in: “{s}”
Is this idiomatic or literal usage?
Provide a concise gloss explaining the meaning.

The gloss g serves as a language-independent se-
mantic anchor, cached for efficiency. For unlabeled
test data, we infer usage type ¢ via prompting. De-
spite potential generation noise, g provides a trans-
parent intermediate representation that enhances
downstream alignment.

Stage 2: Dual Embedding Scoring For each
candidate (I;, ¢;), we compute two complementary
similarity scores:

Text Path:
lingual sentence

multi-
transformer

Using
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(paraphrase-multilingual-mpnet-base-v2)
(Reimers and Gurevych, 2020):

Simuext (1) = cos(embed(c;),embed(g)) (1)
Vision Path: Using CLIP ViT-B-32 (Radford
et al., 2021):

stMelip (1) = cos(CLIPimg(1;), CLIPwxi(g9)) (2)

Combined embedding score:

5COoT€embed (1) = 0.6 - simMuex (1) + 0.4 - simeciip(7)

3

Stage 3: LLM Semantic Verification
Embedding-based similarity alone may con-
flate literal and idiomatic interpretations. We
therefore use an LLM (OpenAl GPT-5.1) to
perform fine-grained semantic verification, scor-
ing whether a caption describes an image that
expresses the gloss meaning:

Gloss: “{g}”

Caption: “{c_i}”

Does this caption match the gloss meaning?
Rate 0-100.

This yields scoreym(i) € [0,100]. Although
this step relies on a proprietary LLM, the prompts
are deterministic, and the gloss representations
reusable, mitigating variability. We normalize and
fuse the scores:

scoreqm (i)

100
“)

The final ranking orders the images by descend-
ing scorefin,.

Figure 1 presents how a semantic gloss is gen-
erated to anchor the meaning (Stage 1), followed
by dual-path embedding scoring (Stage 2) and fine-
grained LLM verification (Stage 3).

scorefinal (i) = 0.4-scoreemped(i)+0.6-

3.3 Design Rationale

Why glosses? Glosses externalize meaning to
enable zero-shot cross-lingual transfer without par-
allel data. They provide explicit semantic context
for evaluation, serving as anchors for non-literal
matching as validated in recent visual metaphor
research (Chakrabarty et al., 2023).
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Figure 1: The GLIMMER architecture.

Why hybrid scoring? Fusion combines efficient
embedding-based retrieval with precise LLM veri-
fication to balance scalability and reasoning depth
(Ni et al., 2025). This approach mitigates the
tendency of embeddings to conflate literal and
idiomatic meanings while avoiding the computa-
tional costs of pure LLM scoring.

Why dual modality? Combining captions and
images improves ranking robustness. This ap-
proach compensates for captions that omit visual
cues and raw images that lack linguistic grounding,
yielding more reliable retrieval.

Weight tuning We set Text/CLIP weights (60/40)
to prioritize captions for abstract semantic clarity.
Conversely, Embed/LLM weights (40/60) favor
LLM verification to leverage nuanced reasoning
for figurative language. These parameters were em-
pirically validated via grid search on development
data.

4 Experimental Setup

4.1 Dataset

We evaluate on the ADMIRE shared task dataset
(Pickard et al., 2025), covering 15 languages:
Chinese (ZH), Georgian (KA), Greek (EL), Igbo
(IG), Kazakh (KK), Norwegian (NO), Portuguese-
Brazil (PT-BR), Portuguese-Portugal (PT-PT), Rus-
sian (RU), Serbian (SR), Slovak (SK), Slovenian
(SL), Spanish-Ecuador (ES-EC), Turkish (TR), and
Uzbek (UZ).
For each language, the dataset provides:

* Multiword expressions with context sentences
* Sets of 5 candidate images per expression
* Image captions in the target language

» Usage type labels (idiomatic/literal) for train-
ing only

The test set contains expressions without us-
age type labels, requiring automatic inference.
The evaluation metrics used are: Accuracy (Acc),
Spearman Correlation, and Normalized Discounted
Cumulative Gain (nDCG).

Metrics are computed per usage type (id-
iomatic/literal) and aggregated across languages.

4.2 Implementation

Our system is implemented in Python using Sen-
tenceTransformers and OpenAl libraries, with the
following configuration:

* LLM: OpenAl GPT-5.1 via Responses API
(temperature 0.7 for glosses, 0.0 for scoring)

* Sentence Encoder: paraphrase-multilingual-
mpnet-base-v2

e CLIP: OpenAl ViT-B-32 with default prepro-
cessing

* Weight Parameters: Text/CLIP o = 0.6,
Embedding/LILM o = 0.4

* Gloss Caching: Enabled to reduce API calls
(same expression — same gloss)
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» Text Normalization: Language-specific han-
dling (e.g., Uzbek apostrophe normalization)

The code is available at https://github.com/
harapalb66/GLimmer.

5 Results and Analysis

5.1 Results

Table 1 shows aggregate results across all 15 lan-
guages. GLIMMER achieves 50.2% overall accu-
racy with strong ranking quality (nDCG: 0.804),
placing fourth in the ADMIRE shared task compe-
tition (Pickard et al., 2025). Performance is higher
for literal expressions (54.4%) than for idiomatic
ones (46.3%), which is expected given that literal
meanings are more directly grounded in visual evi-
dence.

System Acc T p1 nDCG 1

Shared Task Winner

ITUNLP 0.600 — 0.850

GLIMMER (Our System)

Overall 0.502 0.191 0.804
Idiomatic  0.463  0.187 0.778
Literal 0.544 0.194 0.835

Table 1: Aggregate results across 15 languages com-
pared to the shared task winner.

Table 2 shows per-language performance.
Portuguese-Brazil (66.7%), Russian (62.9%), and
Slovenian (58.8%) achieve the highest accuracy,
while Spanish-Ecuador (33.3%) and Igbo (37.4%)
are most challenging.

Language Acc p nDCG
Chinese 0.436 0.131  0.769
Georgian 0.496 0.135 0.791
Greek 0.543 0.310 0.831
Igbo 0.374 0.032  0.740
Kazakh 0.506 0.292  0.815
Norwegian 0.510 0.161  0.804
PT-BR 0.667 0.261  0.876
PT-PT 0.545 0.197  0.828
Russian 0.629 0.309 0.851
Serbian 0479 0.161 0.784
Slovak 0.510 0.216 0.815
Slovenian 0.588 0.227  0.839
ES-EC 0333 0.029 0.745
Turkish 0484 0.118  0.800
Uzbek 0.425 0.289 0.774

Table 2: Per-language overall results. Best accuracy in
bold.

5.2 Ablation Study

To assess the contribution of each component, we
evaluate three variants on development data:

1. Embed-only: score = scoreemped (no LLM
verification)

2. Text-only: scoreemped = SiMiext (N0 CLIP)

3. LLM-only: Direct image-expression match-
ing without gloss (no embeddings)

The following trends are observed across lan-
guages:

» CLIP vision path improves performance on
visually distinctive cases

* LLM verification corrects embedding errors
in subtle semantic distinctions

* Gloss-based grounding outperforms direct
matching

Hyperparameter Tuning To determine the opti-
mal fusion weights, we evaluated multiple configu-
rations on development data. We found that assign-
ing higher importance to textual captions (o = 0.6)
over visual features provided better semantic dis-
crimination for abstract concepts. Similarly, prior-
itizing the LLM verification score (5 = 0.6) over
embedding similarity yielded the highest correla-
tion across languages, as the reasoning capabilities
of the LLM were crucial for correcting misalign-
ments where embeddings conflated literal and id-
iomatic meanings.

5.3 Cross-Lingual Performance

We analyze performance across language families:

* Romance (PT-BR, PT-PT, ES-EC): Wide vari-
ance (33.3%-66.7%). Portuguese variants ex-
cel while Spanish-Ecuador struggles, possibly
due to regional expression variations.

* Slavic (RU, SR, SK, SL): Strong overall
(47.9%-62.9%), with Russian achieving the
second-best accuracy. High Spearman corre-
lations suggest good ranking quality.

e Turkic (KK, TR, UZ): Mixed results (42.5%-
50.6%). Despite lower accuracy, Kazakh and
Uzbek show surprisingly high correlations
(0.289-0.292), indicating good relative rank-
ing.
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e Other (ZH, KA, EL, IG, NO): Greek per-
forms exceptionally well (p=0.310, highest
correlation), while Igbo is most challenging
(37.4%), likely due to sparse representation in
LLM pretraining corpora and culturally spe-
cific expressions with limited web image cov-
erage.

The high nDCG scores (>0.74 across all lan-
guages), as computed via the official Codabench
evaluation, demonstrate that GLIMMER produces
reasonable rankings even when top-1 accuracy is
modest, a valuable property for retrieval applica-
tions.

5.4 Error analysis

We examine a representative failure involving the
Chinese compound 24 (“black box”):
BRZ PRSI PR S, SEUREINE
BRI SAE S T BRI A
“Lack of procedural review leads to bonus points

obtained through black box operations and other
improper means.”

Despite explicit corruption markers (A~ 1E 2 i)+
B, “improper means”), our system ranked images
as shown in Table 3.

Table 3: Ranking failure for idiomatic

Image System  Expected

Circuit cube Ist -
Businessmen 5th 1st

Root cause: The LLM-generated gloss (“opaque
operations”) captured abstract semantics but
missed pragmatic entailments: human agency, insti-
tutional corruption, illicit gain. This caused embed-
dings to prefer visually complex objects (circuits)
over contextually appropriate scenes (businesspeo-
ple).

The businessmen image shows no lexical overlap
with “opaque operations,” yielding low text sim-
ilarity and low CLIP similarity. Although LLM
scoring (60% weight) recognized contextual fit,
embedding scores (40%) had already created an
insurmountable gap.

6 Limitations and Broader Impact

6.1 Limitations

Our approach depends on LLM-based gloss gen-
eration and verification. While gloss caching im-
proves efficiency, future work will explore distill-
ing gloss generation into smaller or open models.

Additionally, gloss quality may vary for culturally
specific idioms, and errors at this stage can prop-
agate through the pipeline. Incorporating explicit
uncertainty quantification mechanisms could im-
prove system transparency and reliability (Ni et al.,
2025). The dual-modality architecture requires
both captions and images, limiting applicability
to caption-free scenarios.

6.2 Broader Impact

Improved idiom grounding benefits multilingual
retrieval, education, and cross-cultural communi-
cation tools. However, biases present in web im-
agery or LLM training data may influence rank-
ings, particularly for under-resourced languages.
Our system reflects patterns learned from existing
data, which may not capture the full diversity of
idiomatic usage across cultures.

7 Conclusion

We presented GLIMMER, a hybrid system for rank-
ing images by multiword expression fit across 15
languages. Our gloss-based architecture provides
a stable semantic anchor enabling cross-lingual
transfer, while hybrid retrieval-reasoning scoring
balances efficiency and semantic precision. Key
findings indicate that i) gloss-based representations
enable multilingual transfer without parallel data,
ii) hybrid retrieval-reasoning architectures outper-
form embedding-only approaches, and iii) the inte-
gration of textual and visual modalities improves
robustness to caption quality.

GLIMMER achieves 50.2% overall accuracy
with strong ranking quality (nDCG: 0.804) across
15 typologically diverse languages, demonstrating
that explicit semantic anchoring is an effective strat-
egy for multimodal idiom understanding.
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