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Abstract

Vision-language models (VLMs) demonstrate
strong performance across compositional rea-
soning benchmarks, which require reasoning
over semantic perturbations of objects, at-
tributes, relations, and their interactions. How-
ever, our controlled analysis reveals that ex-
isting compositionality-aware VLMs exhibit
element-specific biases, often underperforming
vanilla CLIP on certain compositional elements.
To address this, we propose Compositional
Scene Graph-guided CLIP (CS-CLIP), which
uses scene graphs to identify compositional el-
ements and construct structured negatives via
selective masking. We further retain negatives
that are most contradictory to the original cap-
tion, forcing the model to rely on composi-
tional structure rather than surface cues. CS-
CLIP achieves state-of-the-art compositional
reasoning with robust performance across com-
positional elements. It also preserves gen-
eral vision-language capabilities such as cross-
modal retrieval and downstream visual reason-
ing, while requiring fewer training samples
than prior methods.

1 Introduction

Vision-language models (VLMs) (e.g., CLIP (Rad-
ford et al., 2021)) learn transferable multimodal
representations that serve as effective foundations.
With this advancement, compositionality-aware
VLMs (Yuksekgonul et al., 2022; Huang et al.,
2024; Patel et al., 2024) have emerged, enabling
models to reason over compositional elements and
their interactions by incorporating hard negative
captions into contrastive training to improve com-
positional reasoning.

Despite their reported gains on compositional
benchmarks (Yuksekgonul et al., 2022; Hsieh et al.,
2023; Dumpala et al., 2024), it remains unclear how
well such methods handle individual compositional
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Figure 1: Average performance versus type-wise de-
viation on SugarCrepe. CS-CLIP (Ours) achieves the
highest SugarCrepe average with the lowest standard
deviation across reasoning types, indicating more robust
compositional reasoning.

elements. Evaluating element-specific behavior
requires test cases that isolate the targeted com-
positional element from other cues. We construct
such controlled test cases by fixing the perturba-
tion template and substitute vocabulary, isolating
a single compositional element per instance. We
measure both accuracy and sensitivity to evaluate
whether models can confidently capture changes in
compositional elements. Our results reveal that ex-
isting compositionality-aware VLMs fail to demon-
strate clear improvements over the vanilla CLIP
backbone; in fact, they frequently underperform it
across different element changes. This indicates a
significant deficiency and bias in existing VLMs,
which have not surfaced in previous benchmarks.
To address this, we propose Compositional
Scene Graph-guided CLIP (CS-CLIP), which gen-
erates hard negatives that explicitly target individ-
ual compositional elements. CS-CLIP parses cap-
tions into scene graphs (Johnson et al., 2015; Wu
et al., 2019) to localize objects, attributes, and
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relations, and applies a diverse set of perturba-
tions—replacement, addition, and swapping—to
each element independently, ensuring that supervi-
sion covers every element type. To produce neg-
atives that are distinguishable from the positive
only through compositional reasoning, we adopt
a generate-and-rank strategy: a masked language
model (MLM) (Devlin et al., 2019) generates flu-
ent candidates, and a natural language inference
model (NLI) (Liu et al., 2019) selects those that se-
mantically contradict the original caption. Training
on these element-targeted hard negatives directly
addresses the biases identified above, encouraging
the model to reason over compositional structure
rather than rely on superficial cues.

On compositional reasoning benchmarks (Hsieh
et al., 2023; Yuksekgonul et al., 2022), CS-CLIP
achieves state-of-the-art average performance with
the lowest type-wise deviation, indicating robust
compositional reasoning (Figure 1). CS-CLIP
also preserves competitive cross-modal retrieval
on COCO (Lin et al., 2014), transfers to zero-
shot visual reasoning on GQA (Hudson and Man-
ning, 2019), and achieves its compositional gains
with substantially fewer training samples than prior
methods.

Our contributions are threefold:

* We reveal element-specific biases in existing
compositionality-aware VLMs, which even
underperform vanilla CLIP on certain ele-
ments, through our controlled test cases.

* We propose CS-CLIP, which constructs
element-targeted hard negatives via scene
graph parsing and a generate-and-rank
pipeline ensuring fluency and semantic con-
tradiction.

* CS-CLIP achieves state-of-the-art composi-
tional reasoning, mitigating element-specific
biases while preserving general vision-
language capabilities with substantially fewer
training samples.

2 Related Work

Vision-Language Models. Vision-language mod-
els (VLMs) trained via large-scale contrastive learn-
ing (Radford et al., 2021; Jia et al., 2021; Li et al.,
2021, 2022, 2023) align image and text representa-
tions into a shared embedding space, demonstrating
strong generalization across various downstream

tasks (Lin et al., 2014; Plummer et al., 2015; Deng
et al., 2009; Song et al., 2022; Rombach et al.,
2022; Zhou et al., 2023). However, these models
often exhibit bag-of-words behavior (Yuksekgonul
et al., 2022; Thrush et al., 2022), prioritizing salient
keywords over fine-grained compositional struc-
ture (Zhao et al., 2022; Hsieh et al., 2023), which
limits their compositional reasoning across objects,
attributes, and relations.

Compositional Reasoning Benchmarks. Several
benchmarks have been proposed to assess compo-
sitional reasoning in VLMs (Yuksekgonul et al.,
2022; Thrush et al., 2022; Zhao et al., 2022; Hsieh
et al., 2023; Dumpala et al., 2024). Early bench-
marks such as VL-Checklist (Zhao et al., 2022) and
ARO (Yuksekgonul et al., 2022) construct hard neg-
atives via rule-based perturbations, which can in-
troduce artifacts that language-only models exploit
through text-only plausibility cues (Hsieh et al.,
2023). SugarCrepe (Hsieh et al., 2023) and Sug-
arCrepe++ (Dumpala et al., 2024) address this by
generating fluent and plausible negatives via LLMs,
yet these samples are not explicitly controlled at the
level of individual compositional elements, mak-
ing it difficult to diagnose which element a model
actually struggles with.

Hard Negatives for Compositional Reasoning.
Several methods improve compositional reason-
ing by augmenting contrastive training with hard
negatives. NegCLIP (Yuksekgonul et al., 2022)
constructs hard negatives by perturbing word order
and attribute bindings. StructureCLIP (Huang et al.,
2024) generates semantic negatives via structure-
guided word swapping and extends the model ar-
chitecture to incorporate an additional scene graph
input. TripletCLIP (Patel et al., 2024) adopts LLM-
generated contradictory captions and synthesized
negative images (Sauer et al., 2024), but does not
explicitly control which compositional element is
modified. As a result, these methods provide un-
even supervision across compositional elements,
leading to element-specific biases that hinder bal-
anced compositional reasoning.

3 Controlled Analysis

3.1 Construction of Test Cases

We construct test cases from VG-Relation and VG-
Attribute (Yuksekgonul et al., 2022), targeting three
compositional elements: objects, attributes, and
relations. For each dataset, we extract global vo-
cabularies of objects, relations, and attributes from
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Figure 2: Results of our controlled evaluation. We illustrate the accuracy and sensitivity metrics for each element
(top) and present representative cases of positive and hard negative captions (bottom).

the scene graph annotations, defining the candidate
spaces for controlled perturbations.

For each positive caption, we generate a hard
negative by modifying exactly one compositional
element at a time. For VG-Relation, positives fol-
low the template “{subject} is {relation} {object}”;
we replace either the relation or the object by sam-
pling from the corresponding vocabulary, yielding
the Relation and Object subsets. For VG-Attribute,
positives follow “the {attribute; } {object; } and the
{attributes} {objecta}”’; we substitute one attribute
by sampling from the attribute vocabulary, yielding
the Attribute subset. We use random sampling to
avoid biasing the evaluation toward any specific
hard negative generation method. We manually
filter synonyms and near-duplicates to reduce am-
biguous negatives. Illustrative examples are shown
at the bottom of Figure 2, and further construction
details are provided in Appendix C.

3.2 Evaluating Discriminative Confidence

We consider two qualities: accuracy and sensitivity.
Accuracy is the proportion of cases where a model
assigns a higher score to the positive caption than
to its negative counterpart. Sensitivity captures
how confidently the model separates positives from
negatives, measured by Cohen’s d (Cohen, 2013):

d= (:UJpOS - Nneg)/spooleda (D

where fipos and finee are the mean similarity scores
for positive and negative captions and spoleq 1S the
pooled standard deviation. Robust VLLMs should

achieve both high accuracy and high sensitivity
(i.e.,, high Cohen’s d) consistently across all com-
positional elements, indicating confident discrim-
ination on each element rather than gains concen-
trated on a few.

3.3 Results on our Test Cases

In Figure 2 (top), we evaluate vanilla CLIP (Rad-
ford et al., 2021) and three compositionality-aware
VLMs: NegCLIP (Yuksekgonul et al., 2022), Struc-
tureCLIP (Huang et al., 2024), and TripletCLIP (Pa-
tel et al., 2024), and report their performance across
compositional element changes.

While most VLMs demonstrate improved ac-
curacy over CLIP, this does not necessarily in-
dicate robust compositional reasoning. For in-
stance, StructureCLIP outperforms CLIP for object
changes with substantially low sensitivity. More
importantly, VLMs fail to demonstrate consistent
improvements across element changes. Specif-
ically, they marginally exceed CLIP for object
changes; however, they often underperform it for
attribute and relation changes. Notably, NegCLIP
significantly underperforms CLIP (63.6 — 54.4)
with substantially lower sensitivity.

As previously discussed, these deficiencies have
not been exposed in existing benchmarks. This sug-
gests that current compositionality-aware VLMs
may rely on superficial cues or shortcut correlations
rather than genuine compositional reasoning.
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Figure 3: Overview of CS-CLIP. Our framework generates hard negatives in three steps: (1) identifying composi-
tional elements via scene graph parsing, (2) generating candidates with an MLM, and (3) selecting contradictory

captions using an NLI model.

4 Method

To address the element-specific biases identified
in our analysis, we propose Compositional Scene
Graph-guided CLIP (CS-CLIP). CS-CLIP con-
structs hard negatives that (i) target every composi-
tional element with element-level precision, and (ii)
differ from the positive only in the targeted element,
without spurious differences such as grammatical
artifacts or semantic equivalence. As illustrated
in Figure 3, each component of CS-CLIP is cho-
sen to satisfy one of these requirements: scene
graph parsing for element-level targeting (i), and
a generate-and-rank pipeline combining MLM for
fluency and NLI for semantic contradiction (ii).

4.1 Hard Negative Augmentation

Scene Graph Parsing. To enable element-level
control, we parse each caption 7" into a scene graph
G = (O, R, A) using an off-the-shelf parser (Wu
et al., 2019), where O, R, A denote the sets of
objects, relations, and attributes. The graph local-
izes each compositional element to its span in 7',
which serves as the target for the generate-and-rank
process below.

Candidate Generation via MLM. To prevent
grammatical artifacts that allow models to by-
pass compositional reasoning, we use a pre-trained
MLM (Devlin et al., 2019) to generate fluent candi-
date tokens for the target span. Given a target span
in 7', we mask the span to form 7},askeq and obtain
the top- K candidate tokens (K = 16):

Ccand = Top'KwEV (PMLM(w ‘ Tmasked)) ) (2)

where V is the filtered MLM vocabulary. We fil-
ter VV to remove sub-word artifacts (e.g., “##ing”)
and to retain only words matching the grammatical
category (noun, verb, adjective) of the target span,
using WordNet (Miller, 1995) for validation.

Semantic Ranking via NLI. MLM candidates may
include words that preserve the original meaning
(e.g., synonyms), yielding semantically equivalent
paraphrases rather than true contradictions. To fil-
ter these out, we use a pre-trained NLI model (Liu
et al., 2019) to select the candidate that semanti-
cally contradicts the original caption. Treating T'
as the premise and each candidate 7, € Ccang as the
hypothesis, the NLI model assigns a contradiction
score Seontra(T, T1,), and the final hard negative is



selected as:

T = argimax Scontra(Ta Tc/) &)
Téeccand

Augmentation Types. We instantiate the above
pipeline as several augmentation types, each per-
turbing a compositional element in a distinct way:

* Replace (Object, Attribute, Relation):
We mask and replace the span of an ob-
ject, attribute, or relation identified by the
scene graph, using the full generate-and-rank
pipeline.

¢ Add (Object, Attribute): We insert “and
[MASK]” next to an existing object or at-
tribute and fill the mask via the generate-and-
rank pipeline, introducing an additional ele-
ment to the caption.

Swap (Object, Attribute): We swap two
spans of the same element type within the
caption via a rule-based procedure. Unlike Re-
place and Add, Swap does not require MLM
or NLI since it operates by rearranging exist-
ing words.

For each positive caption, we generate one hard
negative per applicable type, skipping types whose
target elements are absent from the scene graph
(e.g., no Add-Attribute negative when the caption
has no attribute span).

4.2 Contrastive Learning Objectives

We adopt CLIP (Radford et al., 2021) as our back-
bone, consisting of a visual encoder and a textual
encoder that project images and captions into a
shared embedding space. We integrate our hard
negatives into training as follows.

Training instances. Let (v, c) denote a positive
image-caption pair and ¢~ the embedding of one
of its hard negatives. Since each caption can have
multiple hard negatives (one per applicable type),
we treat each (v, ¢, ¢™) triplet as an independent
training instance within the batch.

Loss functions. We use the standard InfoNCE
loss (Oord et al., 2018) over a batch of B instances,
where the contrast is taken across positive image-
caption pairs (i.e., other captions in the batch serve
as in-batch negatives):

B

1 exp(sim(v;, ¢;))
L =—= lo
feNCE TR ; S8 explsim(vi, c;))

N

where sim(-, -) is cosine similarity.

To leverage the hard negatives, we additionally
apply a hinge loss (Huang et al., 2024) on each
triplet:

B
1 . . _
Lhinge = B E max (0, w — sim(vi, ¢;) + sim(vs, ¢; ),
i=1

)
where w is the margin hyper-parameter, which we
set to 0.1. The hinge loss enforces that the positive
caption is more similar to the image than its hard
negative by at least w, providing element-targeted
supervision that the InfoNCE term alone does not
provide.

The final loss combines both:

L= EInfoNCE + chinge- (6)

S Experiments

5.1 Experimental Setup

Baselines. We consider two different types of
VLM, including standard VLMs: CLIP (Radford
et al.,, 2021) and BLIP-2 (Li et al., 2023), and
compositionality-aware VLMs: NegCLIP (Yuksek-
gonul et al., 2022), StructureCLIP (Huang et al.,
2024), and TripletCLIP (Patel et al., 2024). We use
their publicly available checkpoints' and provide
details for each baseline in Appendix A.
Benchmarks. We evaluate compositional reason-
ing on three benchmarks: SugarCrepe (Hsieh et al.,
2023), VG-Relation, and VG-Attribute (Yuksek-
gonul et al., 2022). SugarCrepe covers seven rea-
soning types through LLM-generated hard nega-
tives, providing a broad assessment of composi-
tional reasoning. VG-Relation and VG-Attribute
specifically target relation and attribute understand-
ing through hard negatives that swap individual
compositional elements. Further benchmark de-
tails are provided in Appendix B.

Evaluation metrics. We report accuracy for all
three compositional reasoning benchmarks, mea-
sured as the proportion of cases where a model
assigns a higher similarity score to the positive
caption than to its hard negative. We additionally
evaluate on the COCO 5K split (Lin et al., 2014;
Karpathy and Fei-Fei, 2015) for image-to-text re-
trieval (I2T) and text-to-image retrieval (T2I), re-
porting Recall@1.

'Since StructureCLIP does not release a public checkpoint,
we reproduce it using the official implementation.



Method Replace Swap Add Avel  Std |
Rel. Obj. Att. Obj. Att. Obj. Att.

Standard VLMs

CLIP 68.9 90.9 80.0 61.3 63.6 76.8 68.3 76.3 9.6

BLIP-2 64.2 94.0 74.4 53.6 51.0 85.8 74.5 77.2 14.7

Compositionality-aware VLMs

NegCLIP 76.4 92.6 85.9 75.0 75.2 88.7 82.8 84.8 6.5

StructureCLIP 73.8 93.5 85.6 70.3 80.4 85.4 82.6 83.8 7.2

TripletCLIP 82.7 94.4 86.5 67.4 72.6 87.3 85.6 85.8 8.6

CS-CLIP (Ours) 84.1+05 94.1+04 88.4+04 76.7+12 81.0+09 91.0+12 89.4+03 88.6+02 5.6+04

Table 1: Results on SugarCrepe. We report accuracy (%) for each subtype and the average score (Avg) across all
samples from the seven subsets. We additionally report the standard deviation (Std) of the seven subset accuracies

as a diagnostic for uniformity across reasoning types;

a lower Std indicates smaller type-wise deviation when

conditioned on comparable Avg. For CS-CLIP, we report the mean and standard deviation over three random seeds;

baselines are evaluated from their public checkpoints.

Method VG Ccoco

Rel. Att. I2T@1 T2I@1
Standard VLMs
CLIP 58.8 60.2  50.0 30.4
BLIP-2 425 69.0 415 30.0
Compositionality-aware VLMs
NegCLIP 789 70.8  56.2 41.5
StructureCLIP 81.8 77.6 555 414
TripletCLIP 51.6 60.1 39.7 333
CS-CLIP (Ours) 859 773 532 4.1

Table 2: Results on VG-Relation, VG-Attribute, and
COCO. We report accuracy (%) for VG and Recall@1
(%) for retrieval tasks in COCQO. CS-CLIP achieves the
highest accuracy on VG-Relation while remaining com-
petitive on VG-Attribute, and preserves cross-modal
retrieval capability on COCO.

Implementation details. We use CLIP (ViT-B/32)
as our backbone for fair comparison with the base-
lines. Hard negatives are generated from the COCO
training set (Lin et al., 2014), yielding approx-
imately 2M training instances. Unlike Triplet-
CLIP, which uses additional pre-training data from
CC12M (Changpinyo et al., 2021), we train only on
COCO. Negative generation takes approximately
35 hours on a single NVIDIA RTX A6000 48GB
GPU. We train for 2 epochs with a batch size of
128, using AdamW with an initial learning rate of
1075 and cosine decay schedule. Training takes
approximately 3 hours on the same hardware.

5.2 Main Results

Robust compositional reasoning across element
changes. We examine whether CS-CLIP addresses
the element-specific biases identified in Section 3.

Method Accuracy
CLIP 58.1
TripletCLIP 51.9
NegCLIP 65.9
StructureCLIP 69.1
CS-CLIP (Ours) 71.3

Table 3: Zero-shot image-to-text retrieval accuracy
on GQA validation split. CS-CLIP achieves the high-
est accuracy among all baselines.

As shown in Figure 2 (top), CS-CLIP achieves
the highest accuracy and sensitivity across all
three compositional elements, while baselines
underperform vanilla CLIP on relations. Table 2
shows the same pattern on VG, where CS-CLIP
reaches state-of-the-art on VG-Relation and
remains competitive on VG-Attribute. These
results suggest that CS-CLIP provides balanced
supervision across compositional elements,
mitigating the element-specific biases in existing
VLMs.

Gains across reasoning and element types. Ta-
ble 1 shows that CS-CLIP achieves the highest av-
erage accuracy and the lowest type-wise standard
deviation (Std) on SugarCrepe. A lower Std indi-
cates more uniform performance across the seven
reasoning types. Notably, TripletCLIP achieves
a strong average yet shows a deviation nearly un-
changed from vanilla CLIP, indicating that its gains
do not translate into robust reasoning across types.
NegCLIP and StructureCLIP show similarly un-
even patterns. CS-CLIP, in contrast, performs best
or second-best on every reasoning type, suggest-



Variant Replace Swap Add Avg?  Std]
Rel Obj Att Obj Att Obj Att
Pipeline ablation
CLIP 689 909 80.0 613 636 768 683 763 9.6
SG + Random 76.1 940 84.8 720 73.1 920 80.2 853 8.2
SG + MLM 763 932 852 772 80.1 905 80.6 856 6.1
SG + MLLM + NLI 83.7 943 879 780 819 908 89.0 885 5.2
Component leave-one-out
w/o Object negatives 83.8 924 89.7 732 80.6 90.3 883 879 63
w/o Attribute negatives 83.4 94.1 84.1 79.7 73.6 919 84.0 872 64
w/o Relation negatives  77.7 943 882 752 824 904 899 874 6.6

Table 4: Ablation study on SugarCrepe. We report pipeline and component-level ablations along with element-wise
standard deviation (Std). Underlined values indicate the subtypes directly affected by removing the corresponding

component-specific negatives.

Variant Placement

CS-CLIP-noSG
CS-CLIP (Ours)

Avg

Random position 85.9
SG-guided target span  88.5

Table 5: Effect of structural placement on Sugar-
Crepe. Both variants share the same vocabulary pro-
duced by our pipeline and differ only in placement.

ing that its average gain reflects robust composi-
tional reasoning rather than improvement on certain

types.

Generalization beyond Compositional Bench-
marks. We evaluate whether CS-CLIP’s composi-
tional improvements preserve general representa-
tion capabilities and transfer to downstream tasks.
On COCO cross-modal retrieval (Table 2), CS-
CLIP achieves competitive performance on both
text-to-image and image-to-text retrieval, while
TripletCLIP degrades substantially despite its com-
positional gains. To further assess downstream
transferability, we construct a zero-shot retrieval
task on the GQA validation split (Hudson and Man-
ning, 2019). For each of 10,000 image-question-
answer triples, we construct a positive text by con-
catenating the question and the correct answer, and
a negative text by replacing the correct answer
with another object or attribute from the image’s
scene graph annotation. The model selects the text
with higher similarity to the image embedding (Ap-
pendix D). As shown in Table 3, CS-CLIP achieves
the highest accuracy among all baselines. These re-
sults indicate that CS-CLIP preserves cross-modal

alignment and transfers to downstream visual rea-
soning.

5.3 Analysis

Effect of Each Pipeline Stage. Table 4 (top) re-
ports a pipeline ablation. Starting from CLIP, we
sequentially add scene graph-guided target spans,
MLM-based candidate generation, and NLI-based
ranking, with average accuracy rising from 76.3 to
88.5 and type-wise std dropping from 9.6 to 5.2.
Scene graph guidance drives the largest accuracy
gain, while MLLM and NLI further refine the neg-
atives, each contributing additional reductions in
type-wise deviation.

Component-Level Contributions. Table 4 (bot-
tom) reports a leave-one-out ablation where we
remove the hard negatives corresponding to one
compositional element at a time. Removing any
element type degrades performance, but the drop is
concentrated on the subtypes directly involving that
element (underlined). For example, removing Re-
lation negatives causes the largest drop on Replace-
Relation, while removing Attribute negatives most
affects Replace- and Swap-Attribute. This pattern
indicates that element-targeted supervision directly
determines element-wise performance, supporting
our design choice of generating hard negatives for
every compositional element.

Vocabulary Diversity vs. Structural Placement.
To test whether CS-CLIP’s gains come from the
diverse vocabulary produced by our pipeline or
from where the perturbation is placed, we compare
two variants with the same vocabulary but differ-



Relation (stands — lies)
A brown horse lies beside a
resting calf in a grassy field.

Object (calf — lamb)
A brown horse stands beside a
resting lamb in a grassy field.

Positive Caption
A brown horse stands beside
a resting calf in a grassy field.

Attribute (brown — green)
A green horse stands beside a
resting calf in a grassy field.
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Figure 4: Qualitative analysis. We present an image with its corresponding positive and negative captions, along
with prediction probabilities across models. v~ (blue) and x (red) denote correct and incorrect answers, respectively.
Compared to CLIP and TripletCLIP, CS-CLIP demonstrates a clearer margin in distinguishing compositional

element changes and selects the correct answers.
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Figure 5: Sample efficiency of CS-CLIP on Sugar-
Crepe. CS-CLIP is trained across data scales from 1K
to 1M hard negatives. Baseline checkpoints are placed
at their reported training scales.

ent placements (Table 5). CS-CLIP-noSG places
perturbations at random positions, while CS-CLIP
places them at scene graph-guided spans. The struc-
tural placement yields a substantial gain, suggest-
ing that the benefit comes primarily from precise
element-level control rather than vocabulary alone.

Sample Efficiency. We train CS-CLIP across data
scales from 1K to 1M hard negatives sampled
from our generated pool, providing a controlled
within-method scaling experiment (Figure 5). Base-
line checkpoints are plotted at their publicly re-
ported training scales; since these methods differ
in training data and implementation, the baseline
points serve as descriptive context rather than a
controlled cross-method comparison. The within-
method curve shows that CS-CLIP maintains its
performance with substantially fewer hard nega-
tives, reaching strong accuracy well before the
largest scale. This suggests that the gains of CS-

CLIP stem from the quality and targeting of its hard
negatives rather than data scale.

5.4 Qualitative Analysis

Figure 4 illustrates how models handle individ-
ual compositional element changes. For Object
changes, all models distinguish positive and neg-
ative captions. On Relation cases (e.g., “stands”
replaced with “lies”), CLIP and TripletCLIP assign
higher scores to the negative, while CS-CLIP cor-
rectly identifies the positive. On Attribute cases
(e.g., “brown horse” replaced with “green horse™),
baselines are misled by background colors such as
a green grass field, suggesting reliance on global
color cues rather than the targeted object. CS-CLIP
remains confident in the correct attribute, indicat-
ing that its training successfully grounds attributes
to their corresponding objects.

6 Conclusion

We revealed that existing compositionality-aware
VLMs suffer from element-specific biases, indicat-
ing a lack of robust compositional reasoning. To
address this, we proposed CS-CLIP, which con-
structs element-targeted hard negatives through
scene graph parsing combined with masked lan-
guage modeling and natural language inference.
By explicitly targeting each compositional element
and ensuring that hard negatives are fluent yet se-
mantically contradictory to the positive, CS-CLIP
forces the model to rely on compositional reasoning
rather than superficial cues or shortcut correlations.
Across compositional reasoning benchmarks, CS-
CLIP achieves robust performance across reason-
ing types, preserves cross-modal capability, and



transfers to downstream visual reasoning, with
strong sample efficiency. We will release our code
and trained models to facilitate future research.

7 Limitations

While our study demonstrates the effectiveness of
CS-CLIP, we acknowledge several limitations. Our
framework relies on an off-the-shelf scene graph
parser, MLM and NLI modules, meaning any in-
herent linguistic biases in these modules may prop-
agate to the generated negatives. However, this
modularity allows CS-CLIP to scale with future
advancements in these modules, improving per-
formance without requiring architectural changes.
Our negative generation relies solely on original
captions. Since these captions describe the visual
content, the derived negatives remain visually rel-
evant. While incorporating visual features could
further refine this process, our current approach
serves as an efficient and effective alternative.

8 Ethical Considerations

Our research utilizes publicly available datasets,
including Visual Genome and COCO, and follows
their respective terms of use. The proposed CS-
CLIP framework aims to improve the composi-
tional reasoning capabilities of vision-language
models. However, like other models derived from
CLIP, CS-CLIP may inherit societal, racial, or gen-
der biases present in large-scale web-crawled train-
ing data. While our approach focuses on improving
compositional accuracy, it does not explicitly fil-
ter or mitigate these underlying biases. Therefore,
caution should be exercised when deploying this
model in sensitive real-world applications. No per-
sonal or private data was collected or used during
this study.
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A Baseline Details

We compare CS-CLIP against two representative
vision-language models (VLMs), CLIP and BLIP-
2, as well as three state-of-the-art compositionality-
aware VLMs: NegCLIP, StructureCLIP, and
TripletCLIP. We report results using publicly re-
leased checkpoints and the official code provided
by the authors.

CLIP (Radford et al., 2021): A contrastive
vision-language pre-training method that aligns im-
age and text representations by predicting cross-
modal correspondences. We use the official Ope-
nAl CLIP (ViT-B/32) checkpoint.

BLIP-2 (Li et al., 2023): An efficient strategy
that bootstraps from frozen image encoders and
large language models via a Querying Transformer
(Q-Former). BLIP-2 was pre-trained on the same
large-scale datasets as its predecessor, BLIP (Li
et al., 2022), totaling approximately 129 million
image-text pairs. We use the publicly released
BLIP-2 checkpoint.

NegCLIP (Yuksekgonul et al., 2022): A CLIP
variant that utilizes composition-aware hard nega-
tive mining (e.g., perturbing word order or attribute
bindings) during training to reduce “bag-of-words”
behavior. NegCLIP is trained on the COCO train-
ing dataset (Lin et al., 2014).

StructureCLIP (Huang et al., 2024): A frame-
work that integrates explicit scene graph knowledge
(objects, attributes, relations) to generate structured
negatives. It employs a knowledge-enhanced en-
coder to refine multimodal representations. We
reproduced this model using the official implemen-
tation.

TripletCLIP (Patel et al., 2024): A strategy that
augments data with synthetic hard negative cap-
tions (via in-context learning) and images (via text-
to-image models) and uses an alternating triplet-
style contrastive objective. It is pre-trained on
CC12M (Changpinyo et al., 2021) and fine-tuned
on the COCO training dataset.

B Benchmark Details

SugarCrepe (Hsieh et al., 2023). SugarCrepe is a
vision-language compositionality benchmark for-
mulated as a binary image-to-text retrieval test. For
each image, the model must choose the positive
caption that correctly describes the image over a
minimally perturbed hard negative caption. The
hard negative differs only by small compositional
changes. SugarCrepe is constructed from COCO

image-text pairs and generates hard negatives via
an LLM-based rewriting procedure, followed by
human validation to remove false negatives and
an adversarial refinement step to reduce text-only
artifacts. The benchmark covers multiple fine-
grained hard-negative families, including Replace
(object/attribute/relation), Swap (object/attribute),
and Add (object/attribute).

VG-Relation (Yuksekgonul et al., 2022). VG-
Relation is part of the Attribution—Relation—Order
(ARO) benchmark built from Visual Genome an-
notations (Krishna et al., 2017). Each test instance
contains a cropped image region tightly covering
two salient objects and a pair of candidate captions
of the form “X relation Y versus the swapped-
order caption “Y relation X (e.g., “the horse is
eating the grass” vs. “the grass is eating the horse”).
The benchmark spans a diverse set of relations (in-
cluding spatial prepositions and verb relations).

VG-Attribute (Yuksekgonul et al., 2022). VG-
Attribute evaluates whether a model correctly binds
object properties to the right entities. Each test
instance is a cropped region containing two objects
and two candidate captions that swap the attributes
between the objects (e.g., “the crouched cat and
the open door” vs. “the open cat and the crouched
door™).

COCO Retrieval (Lin et al., 2014). For stan-
dard MSCOCO image-text retrieval, we follow the
widely adopted Karpathy split (Karpathy and Fei-
Fei, 2015): 113,287 images for training, 5,000 for
validation, and 5,000 for testing, with each image
paired with five reference captions. We evaluate
both text-to-image retrieval (T2I) and image-to-text
retrieval (I2T) on the Karpathy test split. We report
Recall@1, defined as the proportion of queries for
which at least one ground-truth match appears in
the top-1 retrieved results.

C Test Cases Details

Our controlled test cases are constructed from the
densely structured scene graph annotations of the
Visual Genome (VG) dataset, which provide ob-
ject, relation, and attribute information for each
image. Specifically, we utilize the VG-Relation
and VG-Attribute subsets, and generate negative
captions by modifying only a single compositional
element of the original positive captions (i.e. ob-
ject, relation, or attribute). To support systematic
replacement, we build global vocabularies for each
compositional element. The object vocabulary is



collected from scene graph object annotations and
contains 899 unique objects, while the attribute vo-
cabulary is compiled separately and includes 541
unique attributes. In addition, following the same
procedure, we construct a relation vocabulary con-
sisting of 91 unique relations. We manually filter
synonyms and near-duplicates from each vocab-
ulary to ensure that sampled substitutes produce
semantically distinct negatives.

Relation: In the VG-Relation dataset (Yuksek-
gonul et al., 2022), positive captions follow the
template “subject is relation object.” We replace the
target relation with a randomly sampled substitute
from the relation vocabulary. This yields 13,595
pairs in which discrimination depends solely on the
relation (e.g., changing “man is riding horse” to
“man is standing next to horse”™).

Object: Similarly derived from the VG-Relation
dataset using the same template, we replace the
target object with a substitute sampled from the ob-
ject vocabulary. This yields 23,937 pairs in which
discrimination depends solely on the object (e.g.,
changing “man is riding horse” to “man is riding
car”).

Attribute: In the VG-Attribute dataset (Yuk-
sekgonul et al., 2022), positive captions follow
the template “the {attribute;} {object;} and the
{attributes} {objecta}.” We replace the target at-
tribute with a randomly sampled substitute from
the attribute vocabulary while keeping the remain-
ing context unchanged. This process yields 28,748
pairs in which discrimination depends solely on the
attribute (e.g., changing “the brown giraffe and the
green tree” to “the blue giraffe and the green tree”).

D Details of the GQA Downstream
Evaluation

We build a zero-shot image-to-text retrieval bench-
mark on the GQA balanced validation split (Hud-
son and Manning, 2019) to test whether a model
grounds a scene-consistent answer over a fluent but
visually-incorrect distractor.

D.1 Constructing the Two-Choice Set

Each instance is a triplet (image, t*, t~) in which
the model must select the positive text ¢t over
the negative text ¢t~. Both texts are prefixed with
the question so the two choices differ only in the

Positive text ¢ Negative text ¢~

The boy in the bed is looking
at what animal? The boy is
looking at the cat.

The boy in the bed is looking
at what animal? The boy is
looking at the sky.

What vegetable is in the
pasta that is in the top? The
vegetable is broccoli.

What vegetable is in the
pasta that is in the top? The
vegetable is peas.

Table 6: Examples of the constructed two-choice in-
stances.

answer content:

tt=1[ql f], 7
t™=[qll fl, (8)

where ¢ is the question, f is the gold fullAnswer,
and f replaces the gold answer span in f with a
different entity drawn from the same image’s scene
graph. The replacement is sampled from object
names and attributes present in the scene graph,
excluding the objects referenced by the question
and answer annotations. This keeps ¢~ linguisti-
cally plausible yet visually false, so the model must
rely on fine-grained grounding rather than language
priors.

D.2 Quality Filtering

We discard yes/no answers, since a binary flip is
trivially separable. We reject a replacement whose
character-level similarity to the gold answer ex-
ceeds 0.85, or that is a substring of the gold answer
with a length difference of at most two characters,
removing near-duplicates such as singular/plural
variants. We reject a negative sentence whose simi-
larity to the positive sentence exceeds 0.9, ensuring
the two choices describe different content. After fil-
tering, we randomly sample 10,000 instances with
a fixed seed for reproducibility.

D.3 Evaluation Protocol

For each instance we encode the image and both
texts, £o-normalize the embeddings, and compute
cosine similarities s* = (Zimg,2;+) and s~ =
(%img, z- ). The instance is correct if s* > s7,
and we report accuracy:

N
1 _
Acc = N ;:1%[3; >s; ], N =10,000,

)
where chance is 50%. No GQA data is used for
training.
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Positive caption: A fork sticking through a chunk Positive caption: A large boat with bicycles loaded on
of cake on top of a green plate. its bow carries passengers over the water.
Negative caption: A fork sticking around a chunk Negative caption: A large crane with bicycles loaded
| of cake on top of a green plate. on its bow carries passengers over the water.
Type: REPLACE-REL Type: REPLACE-OBJ
V2 - _J
" o . . ) f(\umi[mi;u | " . . )
Positive caption: Household kitchen area with Positive caption: two black horses pulling a red
food items being prepared on stove. v carraige around a fence
Negative caption: Household kitchen area and a Negative caption: two red horses pulling a black
table with food items being prepared on stove. carraige around a fence
Type: ADD-OBJ Type: SWAP-ATT
yp ) _J
~
Positive caption: A red motorcycle pulling a trailer Positive caption: A plastic container filled with a
that looks like a car is parked on the side of the road. sandwich and fruit.
Negative caption: A trailer pulling a red motorcycle Negative caption: A metal container filled with a
that looks like a car is parked on the side of the road. sandwich and fruit.
Type: SWAP-OBJ Type: REPLACE-ATT

Positive caption: Three young people play tennis at
sundown in a suburban setting.

Negative caption: Three young and elderly people
play tennis at sundown in a suburban setting.

Type: ADD-ATT

Figure 6: Examples of CS-CLIP’s Hard Negatives.

E Effectiveness on Different Backbones

To evaluate the generalizability of our approach,
we additionally apply our hard negative augmen-
tation to StructureCLIP (Huang et al., 2024) as a
backbone. StructureCLIP incorporates a graph en-
coder that takes scene graphs as input. We adopt
its architecture but train it using our hard negatives.

Backbone Ours Replace Swap Add Avg 1
Rel Obj Att Obj Att Obj Att
CLIP - 689 909 80.0 613 636 768 683 763
v 837 943 879 780 819 90.8 89.0 885
StructureCLIP 738 935 856 703 804 854 826 838

833 940 883 788 809 903 862 88.0

Table 7: Effectiveness across different backbones. We
apply our hard negative augmentation to both CLIP and
StructureCLIP backbones. Our augmentation consis-
tently improves performance on both backbones.

As shown in Table 7, applying our hard nega-
tives improves the average accuracy of CLIP from
76.3% to 88.5% and StructureCLIP from 83.8% to
88.0%. This indicates that our augmentation pro-
vides consistent supervision across different back-
bone architectures, and the benefits of CS-CLIP are
not tied to a specific encoder design.

F Examples of CS-CLIP’s Hard Negatives

Figure 6 shows representative examples of hard
negatives generated by CS-CLIP across all seven

augmentation types. Each negative caption differs
from the positive only in the targeted compositional
element (e.g., Replace-Relation changes “through”
to “around”), while preserving fluency and the rest
of the sentence structure.
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