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Abstract

Understanding idiomatic and figurative lan-
guage in images remains a fundamental chal-
lenge for vision–language models, as it requires
reasoning beyond literal image–text alignment.
Although large pretrained models such as CLIP
and BLIP-2 perform well on literal recognition,
they consistently fail on multimodal figurative
benchmarks, often favoring visually salient but
semantically literal interpretations. We show
that this failure arises from a systematic lit-
eral alignment bias rather than limited model
capacity. Motivated by this observation, we
reformulate multimodal figurative understand-
ing as a contrastive semantic deviation prob-
lem, where figurative images must be distin-
guished from visually plausible literal alter-
natives. We introduce a parameter-efficient
adaptation of CLIP using Low-Rank Adapta-
tion (LoRA) with hard literal negative mining,
achieving targeted reshaping of multimodal rep-
resentations without full fine-tuning. Experi-
ments on the IRFL benchmark across idioms,
metaphors, and similes demonstrate substan-
tial improvements over zero-shot CLIP, BLIP-
2, ensemble-based, and knowledge-augmented
baselines. Finally, we introduce FIGMENT,
a multilingual figurative grounding evaluation
spanning five idiom-rich languages, and show
that the adapted model generalizes across lan-
guages despite being trained exclusively on En-
glish supervision.

1 Introduction

Figurative language including idioms, metaphors,
and similes conveys meaning that cannot be derived
from literal word interpretation alone and plays a
central role in human communication and language
understanding (Fass, 1991; Birke and Sarkar, 2006).
In contemporary visual media such as memes, ad-
vertisements, and social platforms, figurative mean-
ing is increasingly expressed through text–image
combinations, requiring models to reason jointly
over visual and linguistic signals. This has given

rise to growing interest in multimodal figurative
language understanding, where systems must go
beyond surface-level alignment to capture abstract
and contextual meaning.

Recent vision–language models such as CLIP
(Radford et al., 2021) and BLIP-2 (Li et al., 2023)
align image and text representations through large-
scale contrastive pretraining and achieve strong
zero-shot generalization on a wide range of literal
tasks. However, multiple studies show that these
models struggle with figurative language. For ex-
ample, CLIP achieves only 22% accuracy on the
IRFL benchmark (Yosef et al., 2023), whereas hu-
man performance on the same task is near perfect.
We observe similarly low zero-shot performance
for BLIP-2 on figurative idioms, suggesting that
increased model capacity alone does not resolve
this challenge.

A key reason for this failure lies in how figura-
tive meaning is represented. Figurative meaning is
not an intrinsic property of an image–text pair, but
instead emerges relative to plausible literal inter-
pretations. In datasets such as IRFL (Yosef et al.,
2023), models are required to distinguish figura-
tive images from visually compelling literal alter-
natives that strongly align with surface semantics.
Similarity-based scoring and binary classification
approaches therefore tend to favor literal interpre-
tations, even when they are semantically incorrect
(Li et al., 2024).

This observation motivates the perspective that
rather than treating figurative understanding as ab-
solute classification, it should be modeled as a prob-
lem of semantic deviation from literal grounding.
Under this view, successful figurative reasoning
requires explicitly suppressing strong literal con-
founders in favor of abstract, non-literal interpre-
tations. In the following sections, we formalize
this intuition and show how it can be operational-
ized through contrastive training with hard literal
negatives and parameter-efficient adaptation.
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Figure 1: Literal and figurative visual interpretations
of the idiom “break the ice”. The figurative image de-
picts social interaction and reduced interpersonal ten-
sion, while the literal image depicts physical ice being
broken. In our evaluation, models must associate the
idiom with the figurative image rather than the literal
distractor.

2 Related Work

2.1 Multimodal Figurative Language

Recent work has begun to explore figurative
language in multimodal contexts, extending be-
yond text-only analysis to settings where meaning
emerges from the interaction of visual and linguis-
tic cues. The IRFL benchmark (Yosef et al., 2023)
is a key evaluation dataset for multimodal figurative
language, containing English idioms, metaphors,
and similes paired with both figurative and literal
images. In this benchmark, models are tasked with
selecting which image best represents the figurative
meaning of a given phrase, requiring discrimina-
tion between visually plausible literal interpreta-
tions and the intended figurative meaning. Datasets
such as V-FLUTE (Saakyan et al., 2025) provide
similar multimodal figurative evaluation, along-
side related efforts in multimodal metaphor, hu-
mor, and meme understanding (Hasan et al., 2019).
Baseline approaches on these benchmarks typically
rely on similarity-based scoring with pretrained
vision–language models or frame figurative under-
standing as a binary classification problem. While
these methods provide a useful starting point, they
consistently exhibit large gaps to human perfor-
mance, reflecting broader limitations of current
vision–language models in abstract and non-literal
reasoning.

2.2 Vision–Language Models

Large pretrained vision–language models such as
CLIP (Radford et al., 2021), ALIGN (Jia et al.,
2021), and BLIP-2 (Li et al., 2023) learn joint
representations through contrastive pretraining on
large-scale image–text data. These models demon-
strate strong zero-shot generalization on a wide
range of recognition and retrieval tasks. However,

several studies have shown that they struggle with
abstract reasoning, non-literal language, and cultur-
ally grounded semantics. Our findings align with
this line of work, showing that even advanced mod-
els such as BLIP-2 fail on multimodal figurative
benchmarks, indicating that the challenge lies be-
yond model capacity.

2.3 Parameter-Efficient Adaptation
Parameter-efficient fine-tuning methods, including
adapters, prefix tuning, and Low-Rank Adaptation
(LoRA), have emerged as effective techniques for
specializing large pretrained models with minimal
additional parameters (Hu et al., 2022; Houlsby
et al., 2019; Li and Liang, 2021). LoRA has been
successfully applied to both language models and
vision–language architectures, enabling task adap-
tation without full fine-tuning. Prior work has pri-
marily used such methods for efficiency or domain
adaptation. In contrast, we leverage LoRA as a
mechanism to reshape multimodal representations
under a contrastive semantic deviation objective,
rather than as a standalone solution.

2.4 Contrastive Learning with Hard Negative
Mining

Hard negative mining has long been used in metric
learning and contrastive representation learning to
improve discriminative power by focusing on con-
fusable examples (Schroff et al., 2015). In vision–
language settings, contrastive objectives typically
sample negatives randomly or within batches (Chen
et al., 2020). Recent work has shown that incorpo-
rating carefully selected hard negatives can substan-
tially improve multimodal representation learning
(Radenovic et al., 2023). We build on this idea
by explicitly mining hard literal negatives—literal
images that strongly align with figurative phrases
under pretrained models—to model semantic de-
viation. Unlike prior work, our approach targets
the specific failure mode of literal alignment bias
in multimodal figurative understanding.

3 Methodology

We develop our approach by first analyzing why
pretrained vision–language models fail at multi-
modal figurative understanding, and then introduc-
ing a targeted adaptation strategy to address this
failure mode. In particular, we show that methods
which operate primarily through representation ag-
gregation or textual enrichment largely preserve
a strong bias toward literal image–text alignment
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Categories Idiom Metaphor Simile

Cl. Op.

CLIP-ViT-B/16 17 25 52 40
CLIP-ViT-B/32 16 23 45 38
CLIP-RN50 14 27 47 35
CLIP-RN50x64 22 30 52 41
BLIP2 19 19 57 40

Table 1: Zero-shot accuracy (%) on the IRFL figurative
language benchmark across three figurative categories:
idioms, metaphors, and similes (both closed-form Cl.
and open-form Op. variants). Values show the per-
formance of different CLIP architectures and BLIP-2
without any adaptation.

(Yosef et al., 2023; Li et al., 2023). Motivated by
this analysis, we reformulate figurative understand-
ing as a problem of semantic deviation from literal
grounding and introduce a parameter-efficient con-
trastive adaptation strategy based on hard literal
negatives.

3.1 Ensemble-Based CLIP Baselines
A natural baseline for improving figurative image
understanding is to leverage architectural diversity
through ensembling pretrained CLIP variants. Let
vi ∈ Rd and ti ∈ Rd denote the image and text
embeddings produced by the i-th CLIP variant,
where i ∈ {1, . . . , 4} indexes ViT-B/32, ViT-B/16,
RN50, and RN50×64. For each variant, cosine
similarity is computed as:

si(x, y) =
vi(x) · ti(y)

∥vi(x)∥∥ti(y)∥
. (1)

Weighted Similarity Averaging. We combine
similarity scores via a convex combination:

Sens(x, y) =
4∑

i=1

wi si(x, y),
4∑

i=1

wi = 1, wi ≥ 0,

(2)

Ensemble Weights Idiom Detection

B/32 B/16 RN50 50x64 Phrase + Def

0.1 0.1 0.2 0.6 18 19
0.1 0.2 0.3 0.4 17 17
0.2 0.1 0.4 0.3 16 16
0.5 0.1 0.2 0.2 18 18

Table 2: Sampled ensemble weight configurations and
their accuracy (%) on IRFL idiom detection. Multiple
weight combinations were tested on validation data; the
presented rows show representative configurations. Ab-
breviations: B/32 = CLIP-ViT-B/32, B/16 = CLIP-ViT-
B/16, RN50 = CLIP-RN50, 50x64 = CLIP-RN50x64.

Model Idioms Metaphors Similes

CLIP (IRFL Zero Shot) 22 30 44
Ours: Weighted Ens. 22 25 44
Ours: Supervised MLP 48 – –
Ours: LoRA-CLIP 72 48 62

Human (IRFL) 97 99.7 100

Table 3: Performance of methods on the IRFL “mixed”
multimodal figurative language detection task. Human
scores are reported from the IRFL paper.

where the weights wi are tuned on validation data
(Dietterich, 2000). This approach aims to exploit
complementary inductive biases across CLIP back-
bones.

While ensembling yields modest improvements
over single-model baselines, we observe that it
largely preserves the same failure patterns. In par-
ticular, images that strongly align with the surface
semantics of a phrase continue to dominate predic-
tions, even when they correspond to literal rather
than figurative interpretations. This indicates that
aggregation alone cannot overcome the literal align-
ment bias inherent in pretrained embeddings.

Learned Fusion via MLP. To allow for nonlin-
ear interactions between models, we also explore
learned fusion using a multilayer perceptron (MLP).
Image and text embeddings from all CLIP variants
are concatenated,

h = [v1, t1, . . . ,v4, t4] ∈ R8d, (3)

and mapped to a scalar score through a three-layer
feedforward network. Despite this increased flex-
ibility, empirical results show that learned fusion
does not substantially outperform simpler ensemble
averaging, suggesting that nonlinear aggregation
alone is insufficient to induce figurative abstraction.

spill the beans
(spill the beans, Synonym, confess)
(spill, RelatedTo, reveal) (beans, UsedFor, food)

cold feet
(cold feet, RelatedTo, nervous)
(cold, Antonym, hot) (feet, PartOf, body)

break the ice
(break the ice, Synonym, introduce)
(break, Causes, pieces) (ice, RelatedTo, cold)

Table 4: Examples of ConceptNet augmentation for
idiomatic expressions. Figurative relations were con-
catenated in the text encoder to enrich embeddings.
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Figure 2: Grid search over CLIP ensemble weight con-
figurations. The parallel-coordinates plot shows accu-
racy across different weight combinations, where each
line represents a different weighting of the four CLIP
variants (ViT-B/32, ViT-B/16, RN50, RN50×64). No
consistent improvement is achieved over the strongest
single CLIP backbone (RN50×64), highlighting the
limitations of representation aggregation for figurative
understanding.

3.2 ConceptNet Knowledge Augmentation

Another commonly adopted strategy for figura-
tive understanding is to enrich textual represen-
tations with external commonsense knowledge.
We augment idiomatic definitions using Concept-
Net (Speer et al., 2017), with phrases as demon-
strated by examples in Table 4. For a phrase def-
inition y, we retrieve a set of related concepts
C(y) = {c1, . . . , ck} and construct an augmented
input:

y′ = y ⊕ {c1, . . . , ck}, (4)

where ⊕ denotes concatenation. The resulting text
embedding ti(y

′) is then used in ensemble scoring.
Although ConceptNet augmentation occasion-

ally improves performance for certain idioms, its
effects are inconsistent across figurative categories.
Crucially, enriching text alone does not modify the
visual representation space: visually salient literal
images continue to receive high similarity scores.
This further suggests that multimodal figurative un-
derstanding requires altering how visual and textual
representations interact, rather than adding external
knowledge at the text level.

3.3 Contrastive Semantic Deviation with
LoRA

The limitations of ensemble fusion and knowledge
augmentation motivate a more direct intervention:
explicitly reshaping the joint image–text embed-

ding space to distinguish figurative interpretations
from visually plausible literal alternatives. We
therefore formalize multimodal figurative under-
standing as a contrastive semantic deviation prob-
lem.

Let f I
θ (·) and fT

θ (·) denote the image and text
encoders of a pretrained vision–language model
with parameters θ. Given a figurative phrase p and
an image I , the model assigns a similarity score

s(p, I) = cos
(
fT
θ (p), f

I
θ (I)

)
. (5)

In pretrained models, literal images I lit often
achieve higher similarity than the intended figu-
rative image Ifig, yielding

s(p, I lit) ≥ s(p, Ifig), (6)

which we identify as literal alignment bias.
We seek to learn a parameter update ∆θ such

that figurative images are ranked above their lit-
eral counterparts while preserving general visual–
semantic alignment. To this end, we define a con-
trastive objective over triples (p, Ifig, I lit):

Ldev = − log
es(p,I

fig)/τ

es(p,Ifig)/τ + es(p,I lit)/τ
, (7)

which can be equivalently formulated as maximiz-
ing the margin m = s(p, Ifig)− s(p, I lit), where τ
is a temperature parameter. This objective explic-
itly enforces semantic deviation by increasing the
similarity difference between figurative and literal
images.

To efficiently optimize this objective without
full fine-tuning, we apply Low-Rank Adaptation
(LoRA) to a frozen CLIP backbone. For a pre-
trained weight matrix W0 ∈ Rd×k, LoRA parame-
terizes the update as

W = W0 + αAB, (8)

where A ∈ Rd×r, B ∈ Rr×k, and r ≪ min(d, k)
(i.e., the rank r is much smaller than both the input
and output dimensions). During training, only A
and B are optimized, while W0 remains fixed. This
constrains learning to a low-dimensional subspace,
enabling targeted reshaping of the embedding ge-
ometry rather than wholesale reparameterization.

We pair LoRA adaptation with hard literal neg-
ative mining (Radenovic et al., 2023). For each
phrase p, we identify literal images I lit that maxi-
mize s(p, I) under the frozen base model and use
them as negatives during training. This focuses
learning on confusable literal cases that expose rep-
resentational bias, rather than easy or randomly
sampled negatives.
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Task Single CLIP Simple Weighted Max-Sim

Idioms 22 22 22 21
Metaphors 23 25 25 27
Similes 45 44 44 41

Table 5: Accuracy (%) of CLIP ensemble variants with
ConceptNet augmentation across figurative categories.

4 Experimental Setup

4.1 Dataset and Task

We evaluate all methods on the IRFL dataset
(Yosef et al., 2023), which contains English idioms,
metaphors, and similes paired with both figurative
and literal images. Given a figurative phrase and
a set of candidate images, the task is to select the
image that best represents the figurative meaning of
the phrase. This formulation naturally reflects the
relative nature of figurative understanding, where
models must prefer figurative interpretations over
visually plausible literal alternatives.

We follow the IRFL train, validation, and test
splits provided with the dataset and report results
separately for idioms, metaphors, and similes.

4.2 Baselines

We compare our approach against several base-
lines designed to probe the limitations of pretrained
vision–language models under figurative reason-
ing:

Zero-shot CLIP. We evaluate CLIP in a zero-
shot setting using cosine similarity between image
and text embeddings.

Ensemble-Based CLIP. We evaluate multiple
CLIP variants using simple averaging, weighted
similarity averaging, and max-similarity aggrega-
tion. These baselines test whether architectural
diversity alone can mitigate literal alignment bias.

ConceptNet-Augmented CLIP. We addition-
ally augment phrase definitions with external com-
monsense knowledge from ConceptNet and evalu-
ate ensemble-based variants using the augmented
text representations. These baselines test whether
enriching textual semantics is sufficient for multi-
modal figurative understanding.

Across these baselines, performance typically
ranges between 14–27% accuracy, consistent with
prior findings on the difficulty of multimodal figura-
tive language understanding (Saakyan et al., 2025).

4.3 Training Details

For all CLIP-based methods, we use publicly avail-
able pretrained checkpoints and ℓ2-normalize im-
age and text embeddings prior to similarity com-
putation. Ensemble weights are tuned on valida-
tion data. Learned fusion models are trained using
Adam optimizer with a learning rate of 10−4 and
early stopping.

For LoRA-based adaptation, we fine-tune the
ViT-B/32 CLIP backbone for 10 epochs using a
learning rate of 10−5. We implement LoRA using
the PEFT library (Mangrulkar et al., 2022), keeping
all base CLIP parameters frozen.

To analyze where parameter-efficient adaptation
is most effective, we evaluate LoRA applied to
different CLIP subcomponents and layers. Table
6 reports accuracy across idioms, metaphors, and
similes for various configurations.

5 Results

5.1 Ensemble Strategies
We first examine whether architectural diversity im-
proves multimodal figurative understanding. Sim-
ple aggregation of similarity scores across CLIP
variants yields modest robustness gains, consistent
with standard ensemble learning approaches (Diet-
terich, 2000). However, grid search over ensemble
weights (Figure 2) shows that re-weighting CLIP
backbones does not surpass the strongest individual
model (RN50×64).

Across idioms, ensemble accuracy remains in
the 16–19% range, regardless of whether phrase
definitions are included. Learned fusion using mul-
tilayer perceptrons similarly provides limited ben-
efit. These findings indicate that architectural di-
versity alone largely amplifies existing literal align-
ment biases rather than inducing figurative abstrac-
tion. While ensembling improves robustness for lit-
eral recognition tasks, it does not substitute for tar-
geted modification of multimodal representations.

5.2 ConceptNet-Based Knowledge
Augmentation

Table 5 reports performance for CLIP backbones
and ensemble variants augmented with external
commonsense knowledge from ConceptNet. Zero-
shot CLIP achieves only 22% accuracy on idioms
and 23% on metaphors, consistent with prior obser-
vations that figurative meaning is poorly captured
in pretrained multimodal embeddings (Yosef et al.,
2023).
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Configuration Idioms Metaphors Similes

Phr + Def Cl. Op.

text_projection + vision_projection 69 69 31 64 53

LoRA applied on layer i = 11
text_attention only 63 65 33 64 56
vision_attention only 70 71 38 66 60
text_attention + text_projection 67 66 40 66 59
vision_attention + vision_projection 71 70 42 61 53

LoRA applied on layers i ∈ {9, 10, 11}
text_attention only 68 69 31 63 56
vision_attention only 70 71 45 68 62
text_attention + text_projection 69 70 42 65 58
vision_attention + vision_projection 68 68 46 63 55
(text + vision)_attention + (text + vision)_projection 72 72 48 64 60

Table 6: LoRA-adapted fine-tuning accuracy (%) on the IRFL dataset when applied to different CLIP ViT-B/32
subcomponents. Rows show different LoRA configurations: “Projections only” adapts only the projection layers;
“Text/Vision attention only” adapts attention heads; “Text + text_projection” and “Vision + vision_projection” adapt
attention and projection layers together. Columns report performance across idioms, metaphors (Metaphors), and
simile subtypes (Closed Cl. and Open Op.). The best configurations achieve substantial gains when LoRA is applied
to vision attention layers, especially across layers {9, 10, 11}.

Augmenting phrase definitions with ConceptNet
relations yields small but consistent gains, with
max-similarity ensembles reaching up to 27% ac-
curacy on metaphors. However, improvements on
idioms and similes remain marginal. These results
suggest that while external knowledge can enrich
textual semantics, it does not address the core chal-
lenge of multimodal figurative understanding: visu-
ally salient literal interpretations continue to domi-
nate similarity-based scoring. Enriching text alone
is therefore insufficient without modifying how vi-
sual representations are aligned.

5.3 LoRA Fine-Tuning and Contrastive
Adaptation

Table 6 shows that LoRA-based adaptation under
the proposed contrastive semantic deviation objec-
tive substantially outperforms both ensemble meth-
ods and knowledge augmentation across all figu-
rative categories. The best configurations achieve
up to 72% accuracy on idioms, representing a large
absolute improvement over zero-shot CLIP and in-
dicating a successful reversal of literal alignment
bias.

Across categories, vision-side adaptation consis-
tently yields larger gains than text-side adaptation,
particularly when LoRA is applied to attention lay-
ers in higher transformer blocks. This pattern sug-
gests that figurative grounding depends critically
on reshaping abstract visual representations and
their interaction with language, rather than mod-
ifying surface-level textual semantics. In terms

of the deviation objective, vision-layer adaptation
most effectively increases the similarity margin
s(p, Ifig)− s(p, I lit), directly enforcing the desired
ranking between figurative and literal images.

Text-side adaptation benefits idiomatic expres-
sions when phrase definitions are included, indi-
cating that explicit semantic grounding can assist
language representations when paired with con-
trastive deviation training. However, these effects
are weaker and less consistent for metaphors and
similes, where visual context and relational struc-
ture play a more dominant role. This asymmetry
highlights the central role of visual abstraction in
multimodal non-literal reasoning.

For metaphors, LoRA improves performance
to approximately 48% accuracy, while simile un-
derstanding benefits most from multi-layer vision
adaptation, reaching 68% accuracy in closed set-
tings and 62% in open settings. Despite these gains,
a substantial gap remains to human-level perfor-
mance on idioms (97%), indicating that figurative
understanding remains a challenging open problem
even under targeted adaptation.

Overall, these results provide empirical sup-
port for our contrastive semantic deviation for-
mulation: explicitly reshaping high-level vision–
language representations is necessary to suppress
literal alignment and promote figurative interpre-
tation. Parameter-efficient adaptation via LoRA
enables this reshaping in a controlled and computa-
tionally lightweight manner.
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Language Idioms Images % of Dataset

Hindi 70 140 28.1
Arabic 47 94 18.9
French 49 98 19.7
Chinese 44 88 17.7
Spanish 39 78 15.7

Total 249 498 100.0

Table 7: Language-wise distribution of idioms and im-
ages in FIGMENT. Each idiom is paired with one lit-
eral and one figurative image.

6 FIGMENT: Figurative Idiom
Grounding in Multilingual
Environments

We introduce FIGMENT, a multilingual evalua-
tion framework for multimodal figurative ground-
ing spanning five idiom-rich languages: Hindi,
French, Chinese, Spanish, and Arabic. Using FIG-
MENT, we evaluate figurative grounding under
systematic cross-lingual distribution shift, examin-
ing whether the literal alignment bias observed in
English benchmarks persists across languages and
whether semantic deviation learned from English
supervision transfers to linguistically and culturally
diverse contexts. Table 7 summarizes the language
distribution.

6.1 Dataset Construction

FIGMENT is constructed using a controlled, semi-
automated multi-agent pipeline designed to obtain
visually grounded literal and figurative representa-
tions of idiomatic expressions. For each idiom, an
initial agent generates a concise English gloss cap-
turing the idiomatic meaning. A second agent con-
verts this representation into two concrete, image-
searchable prompts corresponding to the literal and
figurative interpretations.

Images are retrieved from public web image
search APIs using only the top-ranked result per
prompt to simulate realistic, weakly supervised
data collection (Schuhmann et al., 2022; Radford
et al., 2021). To ensure visual grounding quality, a
final validation stage filters out text-heavy or meme-
style images using OCR-based text detection (Li
et al., 2020), and rejected images are re-queried
with disambiguated prompts. Approximately 15%
of images required manual replacement due to per-
sistent retrieval or validation failures. All remain-
ing examples are manually verified for correctness
and visual distinctness. FIGMENT is not used
for training and is intended solely for diagnostic

evaluation of figurative grounding behavior.

6.2 Models and Metrics
We compare three classes of models: (i) zero-shot
multilingual CLIP (mCLIP; Chen et al., 2023),
(ii) zero-shot BLIP-2, and (iii) our LoRA-adapted
model trained exclusively on English IRFL data.
All models are evaluated in a binary forced-choice
setting, where the objective is to rank the figurative
image above a visually plausible literal alternative.

In addition to accuracy (Precision@1), we re-
port two diagnostic metrics that capture figura-
tive grounding behavior. We define the similar-
ity margin as s(p, Ifig)− s(p, I lit), measuring the
difference between figurative and literal image sim-
ilarity scores, with positive values indicating suc-
cessful semantic deviation, following standard con-
trastive learning formulations (van den Oord et al.,
2018). The literal bias rate measures the percent-
age of cases in which the literal image is ranked
higher than the figurative image, directly reflecting
a model’s tendency to favor literal interpretations.

6.3 Quantitative Results Overview
Table 8 summarizes multilingual figurative ground-
ing performance across all five languages. Zero-
shot mCLIP performs far below the random base-
line (50%), with accuracies ranging from 4% to
28%. This failure is accompanied by strongly neg-
ative similarity margins and extreme literal bias
(up to 96%), indicating a systematic preference
for visually plausible literal interpretations despite
multilingual pretraining.

BLIP-2 exhibits modest improvements over
mCLIP in some languages, but remains near chance
overall. Similarity margins are clustered around
zero, and literal bias remains substantial. These re-
sults suggest that generative vision–language mod-
els do not inherently resolve multimodal figurative
grounding when deployed in zero-shot retrieval set-
tings.

6.4 Effect of Contrastive Adaptation
In contrast, our LoRA-adapted model achieves con-
sistent gains across all five languages, with accura-
cies ranging from 68% to 85%. Importantly, simi-
larity margins are uniformly positive and literal bias
is reduced by more than two-fold compared to both
mCLIP and BLIP-2. Since the model is trained
exclusively on English idioms, these results indi-
cate that contrastive semantic deviation operates on
language-agnostic representational structure rather
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Language Model Acc (%) Margin LitBias (%)

French mCLIP 4.1 −0.060 95.9
BLIP-2 46.9 −0.011 53.1

Ours 73.5 +1.564 26.5

Chinese mCLIP 20.5 −0.040 79.5
BLIP-2 36.4 −0.043 63.6

Ours 72.7 +1.143 27.3

Spanish mCLIP 18.0 −0.047 82.1
BLIP-2 43.6 −0.024 56.4

Ours 84.6 +2.047 15.4

Hindi mCLIP 28.8 −0.028 71.2
BLIP-2 53.7 +0.000 46.3

Ours 68.7 +1.286 31.3

Arabic mCLIP 23.4 −0.040 76.6
BLIP-2 57.5 +0.001 42.6

Ours 72.3 +1.345 27.7

Table 8: Accuracy, similarity margin, and literal align-
ment bias across five languages of FIGMENT dataset.

than surface-level lexical alignment (Feng et al.,
2022).

6.5 Margin–Bias Relationship and
Cross-Lingual Generalization

Figure 3 provides quantitative evidence that the
similarity margin–bias relationship underlies ro-
bust figurative grounding. Zero-shot CLIP vari-
ants exhibit near-zero or negative margins (−0.09
to −0.03), corresponding to substantial literal
bias (53–96%), whereas the LoRA-adapted model
achieves positive margins (avg. +1.14) with sub-
stantially reduced bias (15–31%).

This margin–bias relationship holds consistently
across all five languages (French, Chinese, Spanish,
Hindi, and Arabic), demonstrating strong cross-
lingual generalization and highlighting explicit
suppression of literal bias as central to figurative
grounding.

6.6 Accuracy Across Languages
This section compares figurative grounding accu-
racy across languages for all three models. While
mCLIP and BLIP-2 fluctuate around chance per-
formance, our LoRA-adapted model consistently
achieves high accuracy across all five languages,
demonstrating robust cross-lingual generalization.

Figure 4 provides a mechanistic explanation for
these accuracy trends by relating figurative ground-
ing performance to the similarity margin between
figurative and literal images. Across all five lan-
guages, zero-shot CLIP variants cluster around zero
or negative margins, corresponding to strong literal
alignment bias and low accuracy. BLIP-2 shows

Figure 3: Figurative grounding accuracy across five
languages on FIGMENT for zero-shot mCLIP, zero-
shot BLIP-2, and our LoRA-adapted model.

Figure 4: Similarity margin vs. literal alignment bias
across CLIP variants and five languages. Negative
or near-zero margins correspond to strong literal bias,
while positive margins achieved by our LoRA-adapted
model reduce literal bias and improve figurative ground-
ing.

slightly reduced bias but remains near zero mar-
gin, explaining its near-chance performance. In
contrast, our LoRA-adapted model consistently
achieves positive semantic margins, explicitly sep-
arating figurative images from literal alternatives
in the embedding space. This shift is accompanied
by substantially higher accuracy across languages,
indicating that robust figurative grounding emerges
only once literal alignment is actively suppressed.

7 Conclusion

This work studies multimodal figurative language
understanding through the lens of semantic devi-
ation, highlighting the difficulty of separating fig-
urative meanings from visually plausible literal
interpretations. We show that pretrained vision–
language models strongly favor literal image–text
alignment, and that common techniques such as en-
sembling and knowledge augmentation yield only
limited gains, as they largely preserve the original
representations.

In contrast, parameter-efficient adaptation with
LoRA, combined with contrastive training against
hard literal negatives, substantially improves fig-
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urative grounding across idioms, metaphors, and
similes. Gains are strongest when adapting higher-
level visual attention layers, suggesting that figu-
rative meaning relies on abstract visual representa-
tions. Text-side adaptation helps for idioms when
definitions are available, but visual adaptation is
more consistently effective. Evaluations on FIG-
MENT, a multilingual benchmark introduced here,
show that semantic deviation learned from English
generalizes across multiple languages. While a
gap to human performance remains, our results
demonstrate that targeted, lightweight adaptation
can meaningfully advance multimodal non-literal
understanding.

Limitations

While the proposed approach shows consistent im-
provements in multimodal figurative grounding,
these limitations highlight promising directions for
future work.

First, although contrastive semantic deviation
effectively reduces literal alignment bias, perfor-
mance on idioms remains below human-level ac-
curacy. This suggests that fully capturing figura-
tive meaning may benefit from richer contextual,
cultural, or pragmatic cues, which are not explic-
itly modeled in current vision–language represen-
tations (Alhamoud et al., 2025).

Second, our method relies on supervised figura-
tive datasets in which figurative images are paired
with visually plausible literal alternatives. While
this setup is well suited for diagnosing and cor-
recting the bias, extending the approach to more
weakly supervised or open-world settings remains
an interesting engineering challenge.

Third, cross-lingual generalization is evaluated
on a fixed set of five languages in the FIGMENT
benchmark. Although the results indicate encour-
aging transfer, future work could explore a broader
range of languages and figurative expressions, in-
cluding cases that are more abstract or less visually
grounded.

Finally, our experiments focus on CLIP-based ar-
chitectures adapted using parameter-efficient LoRA
fine-tuning. While this choice enables controlled
analysis of representational bias, it would be valu-
able to investigate how the proposed semantic devi-
ation objective interacts with other vision–language
architectures or large generative models in future
studies (Li et al., 2024).
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