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Abstract

Vision-language models (VLMs) have achieved remark-
able success in zero-shot recognition tasks, yet their ability
to perform compositional reasoning—understanding rela-
tionships between objects, attributes, and spatial configu-
rations—remains limited. While various fine-tuning meth-
ods have been proposed to address this shortcoming, we
find that performance gains in current state-of-the-art ap-
proaches often arise from exploiting simplistic negative
captions rather than fostering genuine compositional rea-
soning. We introduce High-quality Targeted Caption Gen-
eration, a fine-tuning framework that employs semantically
coherent positive and negative captions to instill true com-
positional reasoning abilities in VLMs. We demonstrate that
our method improves performance on challenging composi-
tional reasoning benchmarks, highlighting the critical role
of caption quality and offering a promising path toward
more robust, reasoning-capable VLMs.

1. Introduction

Vision-language models (VLMs) such as CLIP and BLIP
[9, 15] have revolutionized multimodal AI by aligning
visual and textual representations in a shared embedding
space. These models excel at a range of vision-language
tasks, including object recognition and visual question
answering. However, they still struggle with compositional
reasoning—the ability to understand complex relationships
between objects, attributes, and actions. This limitation
poses challenges for real-world applications requiring fine-
grained visio-linguistic understanding, such as autonomous
systems and assistive technologies.

In this work, we analyze state-of-the-art fine-tuning
strategies aimed at improving compositional reasoning in
VLMs. Specifically, we focus our efforts on the recently
proposed DAC-SAM [3], as this method yields the best
performance in average across 12 compositional reasoning
benchmarks [13]. Our analysis, however, reveals that DAC-
SAM’s rule-based caption negation used for fine-tuning

(a) A white cat is to the
left of a black vase

(b) A black cat is to the left of
a white vase

(a) A person sits and a dog (b) A person stands and a

stands dog sits

Figure 1. Examples from compositional reasoning benchmarks.

encourages the model to simply identify nonsensical cap-
tions as negatives—Ileading to inflated performance on eas-
ily “hackable” benchmarks such as CREPE and ARO [5].
To this end, we propose High-quality Targeted Caption
Generation (HTCG), a fine-tuning framework that leverages
visually-aligned positive captions and coherent, but com-
positionally distinct negative captions. We summarize our
main findings:
* Analogy-style evaluations in a VLM’s embedding space
do not reliably measure compositional reasoning ability.
* DAC-SAM overfits to its rule-based caption negation
which often results in incoherent negative captions, limit-
ing its ability to generalize to challenging compositional
benchmarks.
* High-quality targeted caption generation promotes robust
compositional reasoning in VLMs.

2. Related Work

VLMs and Compositional Reasoning. Vision-language
models (VLMs) such as CLIP [15] have achieved impres-
sive results by aligning visual and textual modalities in a
shared embedding space using contrastive learning on web-
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Figure 2. Overview of our proposed approach. We first generate high-quality captions for 1.7M images from the Open Images dataset
[8]. Positive captions are generated using BLIP-2-6.7b [10] to ensure alignment with the visual content (Section 3.3.1), while negative
captions are generated by Mistral-7B-Instruct-v(.3 [6] to be compositionally distinct from the positive caption while remaining semantically
coherent (Section 3.3.2). The generated captions are then used to fine-tune the base ViT-B-32 model [15] (Section 3.3.3).

scale datasets. More recent models, like BLIP [9], in-
troduce task-specific objectives and cross-attention mech-
anisms to improve modality interaction. Despite these ad-
vances, benchmarks such as Winoground [17], SugarCrepe
[5], and ColorSwap [1] consistently show that pre-trained
VLMs struggle with compositional reasoning, often behav-
ing more akin to bags-of-words models [18].

Improving Compositional Reasoning. Numerous ap-
proaches have been proposed to improve compositional rea-
soning in VLMs, which can be broadly categorized into
pre-training, fine-tuning, and training-free methods. Our
work falls under the fine-tuning category. Early fine-tuning
approaches such as NegCLIP and TSVLC [4, 18] gener-
ate hard-negative captions using rule-based augmentations.
Subsequent methods like CLoVe and DAC-SAM [2, 3] also
generate positive captions for each image to ensure align-
ment with its visual content. DAC-SAM further incorpo-
rates Multiple Instance Learning (MIL) to leverage several
positive and negative captions for each image. More re-
cent techniques, such as GNM-CLIP [16], introduce nega-
tive images during fine-tuning to provide stronger supervi-
sion in the visual space. Similar to these works, our method
generates both positive and negative captions for each im-
age; however, we employ a large language model (LLM) to
generate semantically coherent and targeted negative cap-
tions.

3. Methods

3.1. Effect of incoherent negative captions

Among existing fine-tuning methods, DAC-SAM achieves
the highest average performance across the 12 benchmarks
evaluated in Oh et al. [13]. However, these gains are
disproportionately concentrated on benchmarks suscepti-

ble to superficial cues—e.g., a >25% improvement on
CREPE—while performance on more robust benchmarks
such as Winoground remains unchanged (i.e., +0%). We
hypothesize that this discrepancy arises from the rule-
based caption negator used during DAC-SAM’s fine-tuning,
which frequently generates grammatically incorrect or se-
mantically incoherent captions. This study examines that
hypothesis and quantifies the negator’s influence on model
behavior.

The DAC-SAM negator generates negative captions by
altering object attributes, relations, or states in the original
descriptions, aiming to promote compositional reasoning.
Yet prior work [5] suggests these synthetic negatives often
reduce to linguistic shortcuts, producing implausible cap-
tions that models can reject without true semantic under-
standing.

To evaluate this, we apply DAC-SAM’s negator to gen-
erate alternative negative captions for existing benchmarks
(we drop the original negative captions) and report the per-
formance gain from the alternative negative captions com-
pared to the original captions (Table 1). First, the perfor-
mance gain for the base ViT-B-32 model reflects the extent
to which each benchmark becomes easier when using the
negator-generated negative captions. We find that, across
all benchmarks, the negator consistently produces lower-
quality captions than the original ones found in the bench-
marks. Second, we define A as the difference between the
ViT-B-32 gain and the DAC-SAM gain. A large A in-
dicates that DAC-SAM had already captured most of the
performance gains associated with exploiting low-quality
captions present in the original benchmark—particularly in
CREPE and ARO. Conversely, negative A values on Col-
orSwap and Winoground suggest that DAC-SAM fails to
identify incoherent captions in these higher-quality bench-
marks, only improving when such captions are artificially



introduced through our intervention.

In sum, our findings indicate that DAC-SAM’s fine-
tuning process, driven by a flawed negator, biases the model
toward detecting incoherent captions rather than learning
genuine compositional reasoning. This yields strong results
on benchmarks susceptible to such shortcuts, but limited
gains on more rigorous evaluations.

3.2. Probing embedding quality

To further explore whether DAC-SAM exhibits true compo-
sitional understanding, we follow the analysis from [7] and
evaluate whether the text and image encoders exhibit lin-
ear analogies in their embedding space. Specifically, we
select 13 objects which are placed around a table in the
What’sUp benchmark [7]. We then evaluate, for exam-
ple, whether I (banana on table) — I (banana under table) +
I(cup under table) is the closest to I(cup on table), com-
pared to I(cup left/right/under table), where I(-) is the
text/image encoder. Given 13 objects and 4 prepositions,
there are 468 such analogies, and we report accuracy as the
percentage of analogies where the condition holds. For ref-
erence, we also evaluate the base ViT-B-32 and BLIP. Re-
sults are shown in Table 2.

While all models exhibit a performance gap between the
text and image embedding spaces, DAC-SAM shows the
most noticeable divergence. Its text encoder achieves near-
perfect analogy accuracy (99.8%), a substantial improve-
ment over ViT-B-32 (90.6%) and BLIP (80.9%). However,
its image encoder collapses to just 1.3% accuracy compared
to ViT-B-32’s 7.2% and BLIP’s 5.9%. This result suggests
that DAC-SAM’s fine-tuning process strongly overfits to
textual patterns, likely due to rule-based caption negation,
while severely degrading visual grounding. These findings
are consistent with our observations that DAC-SAM’s im-
provements are concentrated on benchmarks with hackable
linguistic shortcuts.

However, we are careful not to over-interpret embed-
ding analogy results as definitive evidence of composi-
tional understanding. For instance, BLIP underperforms
on this analogy task despite greatly outperforming ViT-B-
32 (+75%) on harder compositional benchmarks like Col-
orSwap [1]. This discrepancy highlights a limitation of
this analysis as it assumes semantic and compositional re-
lationships are captured linearly in the embedding space,
which may not be a well-founded assumption. Another
limitation of this analysis is that contrasting images in
the What’sUp dataset are often globally very similar. As
a result, a common failure case arises when, for exam-
ple, I(banana on table) — I (banana under table) = 0, since
only a small local feature—namely, the position of the ba-
nana—differs between the two images. This minimal visual
difference leads to nearly identical embeddings, and we sus-
pect this to be the primary reason why all three models per-

Benchmark
Model CREPE ARO ColorSwap SugarCrepe Winoground
BLIP +4.8 +10.0 -12.3 -15.3 +1.1
ViT-B-32 +16.7  +29.1 +24.1 +4.8 +24.0
DAC-SAM +3.3 +3.3 +38.4 +4.2 +60.7
A +134 495 -14.3 +0.6 -36.7

Table 1. One-way text score gain (%) with DAC-SAM negator
over ground-truth negative caption. A indicates the difference in
gain between ViT-B-32 and DAC-SAM.

Model Text  Image
ViT-B-32 0.906  0.072
BLIP 0.809 0.059

DAC-SAM 0998 0.013

Table 2. Accuracy on compositional embedding analogies in text
and image space

form significantly worse in the image space on this task.

3.3. TCG: Targeted Caption Generation

To address the limitations of previous approaches, we con-
struct a new fine-tuning dataset using 1.7M images from
the Open Images V7 training split [8]. For each image, we
generate one positive caption that is closely aligned with
its visual content, and one negative caption that introduces
a minimal compositional contradiction. Examples from our
fine-tuning dataset are shown in Figure 2. To train the model
to distinguish between these paired captions, we modify the
standard InfoNCE loss for hard negative fine-tuning [18].

3.3.1. Image-Aligned Positive Captions

Following previous works [2, 3], we note that captions in
web-scraped datasets are often noisy or weakly aligned with
the image. Therefore, the goal of generating positive cap-
tions is to provide accurate, visually grounded descriptions
that reflect the content of the image. To achieve this, we
caption each image using BLIP-2-6.7b [10]. Unlike DAC-
SAM, we only generate one positive caption per image.

3.3.2. Plausible Hard Negative Captions

The goal of the negative captions is to be linguistically co-
herent while remaining compositionally distinct from the
image and its corresponding positive caption. To achieve
this, similar to [14], we prompt Mistral-7B-Instruct-v0.3
[6] with the positive caption and instruct it to generate a
minimally modified alternative that could not possibly de-
scribe the same image (i.e., by swapping objects, attributes,
or relations). We use a small number of few-shot exam-
ples to guide the generation process and encourage consis-
tency. Leveraging a powerful LLM ensures that the gen-
erated hard negatives are both compositionally distinct and



Challenging Benchmarks ‘ Hackable Benchmarks
Model ColorSwap SugarCrepe  Winoground ‘ ARO CREPE
ViT-B-32%[15] 0.137 0.765 0.080 0.588 0.648
NegCLIP' [18] 0.183 0.837 0.080 0.801 0.303
CLoVe' [2] 0.186 0.845 0.065 0.829 0.416
CE-CLIP [19] 0.133 0.856 0.0525 0.763 0.346
GNM-CLIP' [16] 0.126 0.787 0.103 0.571 0.173
TSVLCT [4] 0.107 0.769 0.0675 0.835 0.359
DAC-SAM [3] 0.122 0.866 0.080 0.725 0.902
HTCG (ours) 0.159 0.897 0.070 0.666 0.777

Table 3. Comparison of fine-tuning methods on challenging benchmarks and hackable benchmarks. All methods are applied to the pre-
trained OpenAl CLIP ViT-B-32 [15]. For ARO, CREPE, and SugarCrepe we report text score. For ColorSwap and Winoground we report

group score. "Numbers taken from [13] tOur implementation.

semantically meaningful, mitigating the grammatical arti-
facts that can make synthetic negatives easy to detect.
3.3.3. Hard Negative Fine-tuning

To incorporate hard negative captions during fine-tuning,
we modify the standard InfoNCE loss by extending the
image-text contrastive term to include the negative captions:
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Indeed, this encourages the model to distinguish the cor-
rect caption not only from other positive samples in the
batch, but also from semantically and compositionally sim-
ilar yet incorrect (i.e., hard negative) captions.

4. Experiments

Training. To evaluate our approach, we fine-tune the base
ViT-B-32 model on our constructed dataset for 3 epochs
with a batch size of 32 using the AdamW optimizer. The
maximum learning rate is set to 5Se-4, and we use a linear
warmup over the first 2,000 steps followed by cosine decay.
To preserve the general utility of the base model, the pre-
trained model weights are kept frozen, and we apply LoRA
adapters (r = 4, a = 8) to each attention layer in both
the text and vision towers. Training takes approximately 4
hours on a single A100 GPU.

Benchmarks and Baselines. We evaluate the base model,
our fine-tuning method, and six previously proposed fine-
tuning methods across five benchmarks: CREPE [12] and

ARO [18], classified as hackable by Hsieh et al. [5], and
ColorSwap [ 1], Winoground [17], and SugarCrepe [5], gen-
erally considered more challenging and robust.

Results & Analysis. Table 3 reports the performance
of the base ViT-B-32 model alongside various fine-tuning
methods across multiple benchmarks.

First, our model improves upon the base model on
all benchmarks except Winoground, where no fine-tuning
method yields significant gains. This suggests that our ap-
proach effectively enhances the base model’s compositional
reasoning capabilities.

Second, our model outperforms DAC-SAM—the cur-
rent state-of-the-art in average performance across com-
positional benchmarks [13]—on two challenging datasets,
ColorSwap and Winoground, while underperforming on
more easily exploitable benchmarks. As discussed in Sec-
tion 3.1, this is likely because DAC-SAM relies on detecting
incoherent captions rather than true multimodal reasoning.

Finally, our model sets a new state-of-the-art on Sugar-
Crepe, highlighting the effectiveness of our fine-tuning ap-
proach relative to existing methods. Notably, both NegCLIP
and CE-CLIP are fine-tuned on the COCO dataset, from
which SugarCrepe’s data is curated [5, 11]. In contrast,
our model is trained without any exposure to COCO, thus
operating under a greater domain shift—yet still achieving
superior performance.

Limitations. We identify failure cases in our LLM-based
caption generation. In some instances, the negative cap-
tion does not meaningfully differ from the positive one (e.g.,
“the ocean and beach in Miami” vs. “the beach and ocean
in Miami”), while in others, the semantic shift is too large
to constitute a hard negative (e.g., “a young boy in a green
hoodie and black pants standing on a sidewalk” vs. “an old
man in a red hoodie and white pants sitting on a grassy



hill”). These issues could likely be mitigated through im-
proved prompting strategies or by employing more capable
language models.

Additionally, while all fine-tuning methods are applied
to the same base model to ensure comparability, they rely
on different fine-tuning datasets that vary in both size and
origin. Understanding how performance is affected by the
choice of fine-tuning data would be highly informative. For
instance, it remains an open question to what extent our
performance gains on SugarCrepe might be driven by our
choice of fine-tuning data.

5. Conclusion

In conclusion, our work revisits the challenge of improv-
ing compositional reasoning in vision-language models.
We show that current state-of-the-art methods like DAC-
SAM achieve strong benchmark performance by exploit-
ing grammatical irregularities in negative captions, rather
than by learning genuine compositional structure. To ad-
dress this, we propose High-quality Targeted Caption Gen-
eration (HTCGQG), a fine-tuning framework that pairs visu-
ally aligned positive captions from a captioning model with
high-quality, semantically coherent negative captions gen-
erated by a large language model. This approach is gen-
eral and can be applied to any image dataset. Our experi-
ments show that HTCG enhances compositional reasoning,
particularly on challenging and less hackable benchmarks.
These results underscore the importance of caption quality
in fine-tuning and suggest that careful data curation is cru-
cial to instilling genuine reasoning capabilities in vision-
language models.

6. Team Member Contributions

All team members contributed to writing the report. Addi-
tional team member contributions are as follows:

1. Arjun — Conducted embedding analogies experiment
(Section 3.2), generated negative captions (Section
3.3.2), and implemented fine-tuning (Section 4). Ex-
plored style-transfer as a strategy to address distribution
shifts in synthetic data (direction dropped).

2. Patrick — Conducted DAC-SAM negator experiment
(Section 3.1), generated positive captions (Section
3.3.1), constructed the codebase, and benchmarked the
models (Table 3).

3. Advik — Benchmarked ViT-B-32 on What’sUp preposi-
tions.
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