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Abstract

Vision-Language Models (VLMs), such as CLIP, exhibit
strong image-text comprehension abilities, facilitating ad-
vances in several downstream tasks such as zero-shot image
classification, image-text retrieval, and text-to-image gen-
eration. However, the compositional reasoning abilities of
existing VLMs remains subpar. The root of this limitation
lies in the inadequate alignment between the images and cap-
tions in the pretraining datasets. Additionally, the current
contrastive learning objective fails to focus on fine-grained
grounding components like relations, actions, and attributes,
resulting in "bag-of-words" representations. We introduce a
simple and effective method to improve compositional rea-
soning in VLMs. Our method better leverages available
datasets by refining and expanding the standard image-text
contrastive learning framework. Our approach does not
require specific annotations and does not incur extra pa-
rameters. When integrated with CLIP, our technique yields
notable improvement over state-of-the-art baselines across
five vision-language compositional benchmarks. '

1. Introduction

The field of vision-language research has experienced re-
markable progress over recent years, thanks to the intro-
duction of vast datasets [14, 56], the adaptation of atten-
tion mechanism, and the pioneering objectives such as con-
trastive learning. Impressively, these models demonstrate
a notable capability in zero-shot generalization, as seen in
areas like Visual Question Answering (VQA) [18], caption-
ing [1, 33, 42], and image-text retrieval [52, 62, 71]. Strong
Vision-Language Models (VLMs), such as CLIP [52], are
even pushing the boundaries in text-to-image generation
(CLIP is used to guide image generation given the input
prompt) [50, 53, 55]. However, despite these advances, a no-

'We open-source our code at https://github.com/lezhang7/
Enhance-FineGrained.
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Figure 1. Models trained with standard image-text contrastive
learning lack sufficient compositional reasoning abilities. Our
method teaches the model to better differentiate between similar
captions and learn fine-grained alignment between images and text
to improve compositional reasoning.

table limitation persists: these models often miss the intricate
compositional nuances of relationships, attributes, objects,
and actions [63, 70]. A clear manifestation of this shortcom-
ing is their difficulty in distinguishing between captions with
the same set of words but composed differently like “Horse
is eating the grass” and “Grass is eating the horse” [70] when
paired with relevant images. Such compositional understand-
ing remains a critical frontier for continued advancement in
vision-language integration.

A primary factor impeding compositional understanding
in current VLMs stems from their learning methodology and
training dataset. These models are usually trained on huge
image-text pairs crawled from the web using contrastive
learning [52]. The caption is short and noisy; the image-
text contrastive objective optimizes the model to distinguish
between correct image-text pairs and a vast array of incor-
rect ones. However, because the incorrect pairs are often
markedly distinct, the model primarily distinguishes them
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through simple object recognition, without needing to com-
prehend fine-grained details such as attributes and relations.
Fig. 1 depicts a scenario where CLIP struggles with the
compositional reasoning of “left” and “right” concepts.

Earlier studies, including NegCLIP [70], have employed
phrase swapping to produce additional captions for train-
ing. This underscores the importance of incorporating hard
negatives in vision-language contrastive learning. However,
simply incorporating additional samples into standard image-
text contrastive learning does not fully leverage hard neg-
atives. In this work, we refine and expand the contrastive
learning objective for hard negative captions (see Fig. 1),
which vary in semantics like relations, attributes, actions,
and objects. We focus on two dimensions. First, we advo-
cate for a clearer distinction in the representations of positive
and hard-negative captions, aiming to boost the model’s
ability to recognize nuanced semantic variations. Second,
we maintain a minimum similarity gap between authentic
image-text pairs and their challenging hard-negative coun-
terparts to encourage the learning of fine-grained image-text
alignment. Consequently, we propose two objectives: i)
intra-modal contrast, and ii) cross-modal rank, built on the
hinge loss [9] approach. The latter incorporates an adaptive
threshold during the fine-tuning phase. This means as the
model becomes more adept, the threshold increases, reflect-
ing both the growing difficulty of the task and the model’s
increasing competency. This approach not only resonates
with curriculum learning principles but also ensures a more
stable training process.

To validate the effectiveness, we conduct experiments
on two models: the versatile CLIP and the strong X-VLM
[71]. Our evaluation across various compositional datasets
consistently reveals performance enhancements, establish-
ing our method as a new state-of-the-art across all assessed
benchmarks. Specifically, training CLIP with our method on
the COCO dataset leads to an improvement of 23.7% and
13.5% respectively on the Relation and Attribution splits
of the ARO benchmark [70], 7.2% on the VALSE bench-
mark [49], 5.9% on the VL-CheckList benchmark [74], and
a significant improvement of 12.1% on the recently devel-
oped SugarCrepe benchmark [24]. We also achieve modest
improvements of 0.5%, 2.5% respectively on the ARO Re-
lation and Attribution splits, 1.3% on VALSE and 2.1% on
VL-CheckList on top of the already strong X-VLM model
upon application of our method. Finally we also evaluate our
method on the conventional image-text retrieval and image
classification benchmarks, resulting in 7.5% improvement
in image-text retrieval and a small 1.6% decrease in image
classification.

To summarize, we present three key contributions: (1)
We propose a simple yet effective solution to better leverage
available image-text datasets to improve VLMs’ compo-
sitional understanding without introducing any additional

parameters. This is achieved by extending the contrastive
learning framework: introducing intra-modal contrast and
cross-modal rank objectives. (2) Our adaptive threshold strat-
egy induces curriculum learning during fine-tuning, leading
to improved results and stable training without the need for
labour-some and time-consuming parameter tuning. (3) We
demonstrate the effectiveness of our approach through its
state-of-the-art performance on five benchmarks. Further-
more, we conduct a thorough analysis of each component
of our model, providing insights for future research and a
deeper understanding of our methodology through extensive
experiments.

2. Related Work

Contrastive Vision-Language Models Vision-language
models have garnered remarkable success in both the vi-
sion and multimodal domains. Modern VLMs are pre-
trained on large and noisy multi-modal datasets [56, 57]
and then applied to downstream tasks in a zero-shot man-
ner. Among them, CLIP [52] stands out, employing a con-
trastive learning method for pretraining. Our reasons to
focus on CLIP are twofold: firstly, image-text contrastive
learning has become a prevalent strategy for VLM pretrain-
ing [25, 59, 61, 69, 71, 72]; secondly, CLIP boasts extensive
applicability, spanning various domains. This includes zero-
shot image classification [15, 44, 47, 77], object detection
[45], semantic segmentation [64, 68, 76, 78], text-image
retrieval, evaluation of text-image alignment [8, 22], and
text-to-image generation [50, 53, 55]. Furthermore, the vi-
sion encoder from CLIP can serve as a strong backbone for
generative vision-language models [2, 33, 37, 80]. Therefore,
enhancements on CLIP can effectively radiate to a broader
range of vision-language applications.

Vision-Language Compositionality While Vision-
Language Models exhibit remarkable strength in handling
multimodal data, recent investigations suggest that these
models tend to learn a “bag of words” representation,
which hampers their compositional understanding [12, 70].
A number of benchmarks have emerged to evaluate the
performance of VLMs, focusing on various dimensions like
relations, attributes, objects, among others. For instance,
ARO [70] emphasizes the understanding of attributes
and relations, while VL-checklist [74] drills down into
finer subcategories such as size, color, action, and spatial
relations. VALSE [49] targets linguistic phenomena like
existence, counting, plurality, and coreference, whereas
Winoground [63] delves into complex reasoning, encom-
passing commonsense and external knowledge. SugarCrepe
[24] aims to address the hackability issue where pure-text
models without image information can outshine robust
VLMs on several compositional benchmarks, attributing
to a significant distribution gap between positive and hard
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Figure 2. (Top) An overview of our method’s pipeline and hard negative generation examples. Losses are applied on the shaded boxes.

negative captions. All these benchmarks are structured as
cross-modal retrieval tasks — discern between correct and
incorrect captions given an image, and evaluations are based
on accuracy metrics.

The quest to augment VLMs’ compositional understand-
ing has ignited substantial interest within the community.
The DAC approach [13] proposes to enhance caption den-
sity and quality by utilizing an off-the-shelf caption model
[33] and a segmentation model [28]. Conversely, SGVL
[21] and MosaiCLIP [60] employ additional scene graph
annotations to guide model learning on compositional rela-
tions. Although these methods demonstrate effectiveness,
they necessitate either a specific model (like a segmentation
model) or additional annotations (such as a scene graph).
A distinct line of research explores hard negative mining
methodology [27], where SLVC [12], Paiss et al. [48] and
NegCLIP [70] enrich samples with negative text via random
word-swapping. We perceive negative augmentation as a
refined method since it does not hinge on extra resources
(model or data) and postulate that the current methodologies
do not entirely harness the potential of hard negative min-
ing, and thus, we introduce two additional losses atop our
featured hard negatives to further bolster the compositional
understanding capability.

3. Method

In the proposed method, we expand upon image-text con-
trastive learning and introduce two loss functions specifically
applied to the automatically generated hard negatives. In
this section, we first discuss the process of hard negative
generation, followed by a detailed description of our loss
functions. Fig. 2 illustrates the overview of pipeline and
Fig. 3 illustrates proposed losses.

3.1. Featured Hard Negative Generation

In contrastive learning, hard negatives refer to instances that
exhibit high similarity to positive samples, yet do not qualify
as positive themselves. Consider the following caption as
an example: “A gray cat sits on top of a wooden chair near
a plant.” A potential hard negative could be: “A gray cat

sits on top of a plastic chair near a plant.” [12] While the
hard negative correctly identifies the majority of elements in
the image, it diverges from the positive sample with regards
to the chair’s material. Incorporating hard negatives into
the training process can enable models to discern subtle
distinctions, thereby enhancing their overall accuracy and
performance [16, 20, 26, 41, 51, 54].

To bolster the compositional understanding of our model,
we deliberately create hard negatives that embody various
alterations to the original captions. These adjustments en-
compass changes in the relationship, attributes, and action of
the image’s objects. Furthermore, we produce hard negatives
where we replace an object name with another, encourag-
ing the model to distinguish between different objects. To
generate these hard negatives, we employ Part-Of-Speech
(POS) parsing and Language Models. Utilizing Spacy [23],
we parse the captions and assign POS tags to each word. For
relational hard negative, we interchange the positions of two
noun words. For attribution, action, and object name alter-
ations, we randomly mask an adjective, verb, or noun word,
and subsequently fill in the masked area using the ROBERTa
[39], examples are shown in Fig 2. For each caption, we gen-
erate all four types of hard negatives, replacing any examples
in which the requisite words or two objects are absent from
the caption with a placeholder string. This approach ensures
a comprehensive and robust training dataset for enhancing
our model’s performance.

3.2. Expanded Losses

Preliminaries Contrastive VLMs consist of a image en-
coder f; Ximage — R? and a text encoder f; :
Xtewt — R?. The cosine similarity between two inputs I,
T using their encoders f;, f; are computed as: S(I,7T) =

% /T where - represents inner product and 7 is a

trainable temperature parameter. The image-text contrastive
loss is applied on the computed similarity. Considering
image-text pairs (I, T") within a batch B, the computation
of the Image-Text Contrastive (ITC) loss is formulated as
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For each image-text pair (I, T'), prior research method-
ologies generate a single hard negative caption 7}, through
the random swapping of a word. This generated caption
is subsequently treated as an additional random negative
[12, 48, 70]. Thus, the formulation of the Image-Text Con-
trastive loss with the inclusion of a hard negative can be
described as follows:
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Intra-Modal Contrastive Adhering to the aforementioned
notations and given an image-text pair (I, 7T") within batch 13,
our method, as outlined in Section 3.1, generates four distinct
hard negatives T, = {Tre1, Tatts Tact, Ton; } corresponding
to changes in relation, attribute, action and object entity.
The primary motivation behind employing intra-modal con-
trastive (IMC) loss is to promote the model’s ability to dif-
ferentiate between hard negative captions to the maximum
extent and contrastive loss is well-suited for this purpose.
Consequently, the formulation is:

1
Lime = Z *IOgW 3)

I,T)eB
I.1e Tk €Thn

Cross-Modal Rank with Adaptive Threshold Hard neg-
ative captions retain some elements of truth about the image,
indicating a partial correctness in the image-text alignment.
The model is designed to discern the similarity between a
true image-text pair and a hard negative pair to a certain
extent; i.e. it stops further optimization using hard negative
pairs once the similarity difference exceeds a predefined

threshold. To achieve this, we employ a ranking loss with
a threshold. This threshold ensures that the similarity score
for an image-text pair, S(I,T), is greater than the similarity
score for that image and any hard negative caption, S(I, T}),
by at least a threshold value T'hj, corresponding to the type
of hard negative. This concept is formally represented as
follows:

S(LT) > {S(I,Tk) +Thk|Tk S 77m}

Inspired by the hinge loss concept [9], we employ this
threshold in the loss function, which we call Cross-modal
Rank (CMR) loss, defined as follows:

Lomr=Y_ > max(0,S(I,Tx)—S(I,T)+Thx) 4)

(I, T)eBTKEThn

Determining an appropriate threshold for hinge loss is
challenging [65]. Inspired by existing research on adaptive
thresholds [6, 36, 73, 75] that posit that an effective thresh-
old should evolve in accordance with the training progress,
we adapt this principle to the multi-modal learning domain.
Our approach models the threshold using the difference in
the model’s similarity scores between the true and hard
negatives pairs, serving as a indicator of the model’s com-
positional understanding capability. Especially during the
initial training phase, when differentiating between the hard
negatives and true pairs is tough, a lower threshold is ap-
propriate. As training advances, and the model refines its
understanding, this score disparity grows. This progressive
threshold adaptation, aligning with curriculum learning prin-
ciples, aims for smoother optimization, avoidance of local
minima, and improved generalization [67]. Consequently,
the threshold encapsulates both task intricacy and model
proficiency. Thus, at training step ¢, the threshold for each
type {k|k € (rel, att,act, 0bj)} is computed as:

1

Thi = —
"Bl
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Another unique aspect of our approach is that we imple-
ment distinct thresholds for different types of hard negatives,
each tailored to a specific “curriculum”, while most existing



approaches utilizing adaptive thresholds in non-multimodal
domains [6, 36, 73, 75] employ just one threshold. The
adaptive Cross-modal Rank loss at step ¢ is defined as:

(I,T)eEBTKEThn

Empirically, we find that adding the term —S(T, T,.;)
to CMR offers benefits and without threshold constraints,
the value of relation hard negatives escalates rapidly, hinder-
ing training. This is because these negatives, unlike others,
are not formed by substituting words with feasible alter-
natives, leading to easily distinguishable, implausible sen-
tences. Consequently, there is a marked difference in simi-
larity scores. For stable training, an upper bound u on the
threshold is crucial:

¢ . 1 t—1 t—1
Thy, = min <u7N > (ST, T) - ST TY)))

(1,T)eB
@)

Subsequently, incorporating the loss weight hyper-
parameters « and f3, the final loss function can be expressed
as follows:

L= £itc(hn) + o Lime+ ﬂ - Lemr (8)

4. Experiments

We assess the performance of our method using two models.
Firstly, we employ CLIP [52], a foundational model in the
vision-language domain. Additionally, we experiment with
X-VLM [71], a resilient model trained on multi-grained ob-
jectives, known for its notable performance in compositional
understanding [4].

4.1. Setup

Training We refer to the CLIP finetuned with our proposed
losses as the Compositional Enhanced CLIP (CE-CLIP). We
train in two configurations: (1) CE-CLIP, using only the
COCO dataset [34], for direct comparison with NegCLIP
[70], and (2) CE-CLIP+, which leverages a combined dataset
of COCO, CC3M [58], and Visual Genome [29] aiming for
heightened performance.

We employ the CLIP-VIT/32-B from the Open-CLIP im-
plementation and the X-VLM-16M from its primary code
repository for evaluation purposes.” Both models undergo
fine-tuning over 5 epochs following previous works [12, 70]
using 2 A100 GPUs. We allocate batch sizes of 256 for CLIP
and 64 for X-VLM fine-tuning. All training parameters, like
learning rate, decay rate, etc., remain at default values. We
conducted a hyper-parameter search for «, 8 with optimal
values of @« = 0.2 and 8 = 0.4.

Zhttps://github.com/mlfoundations/open_clip

Evaluation We evaluate our method on several vision-
language(vl)-compositional benchmarks: ARO[70], VL-
CheckList[74], VALSE[49], and SugarCrepe[24] (bias-
mitigated version of CREPE[40]). Although Winoground
was designed to test compositional reasoning, Diwan et al.
[11] highlights other challenges posed by this dataset, like
commonsense reasoning and unique image/text understand-
ing. As these are not focus of our work, we excluded
Winoground from our evaluations. We evaluate our methods
in zero-shot settings. Each evaluation involves classifying
positive and negative captions for a given image, with a
random success probability of 50%.

For a comprehensive evaluation, we selected robust base-
lines: (1) Cutting-edge generative vision-language mod-
els such as BLIP [32], BLIP2 [33], and MiniGPT-4 [80];
(2) High-performing vision-language understanding models
like BEIT3 [66], ALBEF [31], UNITER [7], CyCLIP [17],
and X-VLM [71]; (3) Compositional improvement methods
such as syn-CLIP [5] and CLIP-SGVL [21] (both leveraging
scene graph annotations), DAC [13] (utilizing segmentation
models and LLMs), and NegCLIP [70] and CLIP-SVLC
[12] that employ hard negative.

4.2. Compositional reasoning enhancement

We present results for ARO and VALSE in Tab. 1, VL-
CheckList in Tab. 2, and SugarCrepe in Tab. 3. Our CE-CLIP
model, which is trained on the same dataset as NegCLIP, sur-
passes all methods utilizing hard negatives across all bench-
marks. It demonstrates significant improvements over the
baseline CLIP model: 23.7% on ARO-Relation, 13.5% on
ARO-Attribute, 7.2% on VALSE, 5.2% on VL-CheckList,
and 12.1% on SugarCrepe. This indicates that our approach
more effectively utilizes hard negatives through intra-modal
contrasting and cross-modal ranking. Notably, the small-
est absolute improvement was observed on VL-CheckList,
likely because this benchmark presents an out-of-distribution
challenge for our CE-CLIP, given that it is only fine-tuned
on COCO, while VL-CheckList integrates several diverse
datasets. Conversely, we note a substantial improvement
on the ARO benchmark, which could be attributed to the
hard negative types in our model that are specifically tai-
lored to enhance the understanding of objects and attributes.
Additionally, the significant gains observed on SugarCrepe,
a benchmark designed to mitigate language bias in other
benchmarks and provide a more accurate reflection of a
model’s compositional understanding, are particularly note-
worthy.

The CE-CLIP+, trained on a more comprehensive dataset,
achieves superior performance, with an average improve-
ment of 24.3% and 14.2% on ARO Relation and Attribu-
tion splits, 11.4% on VALSE, 9.2% on VL-CheckList, and
14.4% on SugarCrepe which translates to an impressive av-
erage accuracy of 87.5%. Similar to CE-CLIP, the greatest
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ARO VALSE

Model #Params Existence Plurality Counting  Sp.rel. Actions Coreference

Relation  Attribute . . Foil-it! Avg.

quantifiers  number relations repl. actantswap standard clean
Random Chance 50
BLIP[32] 583M 59.0 88.0 86.3 73.2 68.1 71.5 77.2 61.1 53.8 482 93.8 70.0
BEIT3[66] 1.9B 60.6 74.6 77.4 74.6 68.8 74.0 86.7 65.2 50.0 442 96.0 70.4
BLIP2(33 3.4B 41.21 71.3° 55.5 71.5 66.0 62.4 83.6 51.6 48.6 51.9 95.9 65.4
MiniGPT-4(33] >9B 46.91 55.71 65.5 72.5 67.4 68.4 83.2 58.8 52.6 51.0 95.8 68.4
Scene Graph relied method
syn-CLIP[5] 151IM 71.4 66.9 - - - - - - - - -
Segmentation & LLM relied method
DAC-LLM[13]} 151M 81.3 73.9 - - - - - - - - - -
DAC-SAM[13]} 151M 77.2 70.5 - - - - - - - - - -
Hard Negative based method
XVLM-coco[71]  216M 73.4 86.8 83.0 75.6 67.5 70.2 73.8 68.6 46.4 49.6 94.8 69.5
CE-XVLM 216M 739,05 893.:5 83.5 72.8 72.1 68.7 71.8 69.1 51.0 46.8 93.8 70.8. 13
CCLIP[52] I5IM 593 629 687 570 610 654 718 718 : 541 510 898 653

CyCLIP[17]f 151IM 59.1 65.4 69.3 58.3 61.0 66.4 78.1 72.0 53.2 51.6 88.8 65.5
SDS-CLIP[3] { 151IM 53.0 62.0 - - - - - - - - - -
NegCLIP[70] 151M 80.2 70.5 76.8 71.7 65.0 72.9 81.6 84.7 58.6 53.8 91.9 71.6
CLIP-SVLC[12]t 151M 80.61 73.03 - - - - - - - - - -
CE-CLIP 151M 83.0.23.7 76.41135 78.6 71.7 64.4 74.4 81.2 88.6 54.7 54.8 93.7 72.5472
CE-CLIP+ 151M 83.6.2435 T7.1.94> 84.5 79.2 67.8 76.4 83.4 89.4 56.7 57.8 94.7 76.7 114

Table 1. Results (%) on ARO and VALSE. The best scores for each section are highlighted in bold. } represents scores are extracted from
papers. Empty scores suggest that the model’s codebase has not been released.

Attribute

Object Relation

Model #Params Avg
Action Color Material Size  State Avg Location ~ Size Avg Action  Spatial Avg
Random Chance 50
ALBEF[31] { 210M 81.7 84.2 87.3 69.5 72.08 79.3 81.7 80.5 81.1 70.5 64.6 66.5 75.6
UNITER[7]} 300M 72.6 76.2 75.8 63.5 68.1 71.3 82.4 81.5 81.9 69.2 61.5 64.7 72.6
BLIP[32]t 583M 79.5 83.2 84.7 59.8 68.8 75.2 83.0 81.3 82.2 59.5 75.7 70.5 75.7
BEIT3[66] 1.9B 79.6 78.5 80.1 63 68.4 73.9 85.2 83.8 84.5 76.6 62.3 69.4 75.3
BLIP2[33]} 3.4B 81.0 86.2 90.3 61.7 70.1 77.8 85.4 84.3 84.9 84.9 56.2 70.6 77.8
MiniGPT-4[79] 1 ~ >9B - - - - - 713 - - 84.2 84.1 - - -
Scene Graph relied method
CLIP-SGVL[21]f >151M 76.6 78.0 80.6 59.7 612 71.2 83.0 81.3 82.6 79.0 - - -
syn-CLIP[5] § 151M - - - - - 70.4 - - - - - 69.4 -
Segmentation & LLM relied method
DAC-LLM[ 3]} 151M - - - - - 713 - - 87.3 86.4 - - -
DAC-SAM[13]f 151M - - - - - 75.8 - - 88.5 89.8 - - -
Hard Negative based method
XVLM-coco[71]  216M 80.4 81.1 83.1 60.3  70.8 75.1 86.3 85.3 85.8 79.0 61.8 70.4 76.5
CE-XVLM 216M 80.5 76.0 80.6 67.2 69.8 T4.8 (3 87.3 86.6 86.9.,; 8038 78.6 79.7 95 786,51
“CLIP[52] I5IM 705 694 695 607 67 674 802 797 800 722 538 630 692
CLIP-SVLC[12]f 15IM 69.4 715 71.4 734 623 72.0 - - 85.0 74.7 63.2 68.95 74.2
NegCLIP[70] 151M 72.1 75.7 78.1 613 673 70.9 84.4 83.8 84.1 80.7 57.1 68.9 73.4
CE-CLIP 151M 75.6 72.7 79.7 653 69.8 72.6,5- 84.8 845 84.6,45 785 65.0 71.8.88 751159
CE-CLIP+ 151M 78.5 83.5 85.2 658 70.8 T76.7.93 86.7 859 86.3.63 810 684  T47. 117 T84.9:

Table 2. Results (%) on VL-CheckList. The best scores for each section are highlighted in bold. } represents scores are extracted from
papers. Empty scores suggest that the model’s codebase has not been released.

and smallest improvements were observed in ARO and VL-
CheckList, respectively, reinforcing our initial hypothesis.
The out-of-distribution challenge observed in CE-CLIP has
been substantially mitigated in CE-CLIP+ through training
on a varied range of data distributions. For example, in
the Attribute evaluation split, CE-CLIP showed a modest
5.2% improvement on VL-CheckList and a significant 13.5%
increase on ARO. Impressively, CE-CLIP+ outperforms CE-
CLIP by 0.7% (76.4—77.1) on ARO-Attribute and an ex-
ceptional 4.1% (72.6—76.7) on the VL-CheckList Attribute

split. This underscores the challenges of out-of-distribution
evaluation encountered by CE-CLIP and illustrates the ef-
fectiveness of augmenting dataset size as a remedy. Over-
all, CE-CLIP+ demonstrates robust performance, surpassing
models with significantly larger parameters or those trained
with extra resources and annotations across the majority of
benchmarks. This strengthens the potential scalability of our
method within extensive pre-training frameworks, although
we acknowledge the necessity for further investigation.

X-VLM shows a modest improvement compared with
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Table 3. Results(%) on SugarCrepe. Vera and Grammar are text-only models.

large improvement gained on CE-CLIP, primarily due to
differences in pretraining approaches. X-VLM is pretrained
on multiple fine-grained tasks that necessitate specific object
bounding box annotations, whereas CLIP is trained directly
on automatically crawled, noisy image-text pairs. Our simple
annotation-free method can bolster the already strong X-
VLM, further emphasizing its distinctive characteristics in
learning compositionality. However, our method is most
beneficial for CLIP like models that do not already benefit
from object annotations during pre-training.

4.3. Emergence of curriculum learning

In this section, we illustrate how the adaptive threshold in the
cross-modal loss facilitates curriculum learning during fine-
tuning. We analyze the evolution of the threshold values and
losses over time, with the curve in Fig. 5d showing a sharp
increase in the Threshold Relation value. This rise is mainly
due to the semantic and grammatical errors in relation-swap
hard negatives (e.g., sentences in Fig. 2), simplifying the
model’s task of differentiating authentic captions from hard
negatives. Consequently, the elevated threshold counters this
by increasing the task difficulty, providing a stronger super-
visory signal and compelling the model to discern greater
differences between these captions.

The threshold, calculated as the average gap between
true and hard negative similarity scores, mirrors the task’s
complexity and the model’s discernment capability. CE-
CLIP+’s training loss curve (Fig. 5b) indicates that CMR loss
stabilizes after initial fluctuations, striking a balance between
escalating task difficulty and the model’s adaptive capacity,
thereby highlighting the inherent curriculum learning.

The emergence of curriculum learning achieves satisfac-
tory outcomes without needing extensive hyper-parameter
tuning. In contrast, a fixed threshold strategy would require
impractical n* trials for exploring n different values across
four thresholds. Fig. 5a compares CE-CLIP+ results across
5 benchmarks using various thresholds, showing adaptive
approach outperforms the fixed ones and converges faster.
Initially, the adaptive strategy provides a smaller supervision
signal compared to the fixed approach but as the training
progresses, it adjusts the threshold according to the task
complexity and model capacity. This adjustment enhances
learning efficiency and generalization.

Figure 4. Ablations on hard-negative types

Model itc(hn) IMC CMR ARO-R ARO-A VALSE VLCheckList Avg
CLIP 59.3 62.9 67.0 69.2 64.6
v 81.6 72.0 742 73.6 75.4
v ' 82.6 758 75.9 76.6 71.7
v v 82.3 72.6 75.5 77.8 77.1
CE-CLIP+ v v v 83.6 771 76.7 78.4 79.0

Table 4. Ablation of losses. ifc(hn) represents image-text con-
trastive with additional hard negatives.
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Figure 5. Ablation studies. (a) Adaptive vs Fixed threshold with
values 2, 5, 10; (b) Evolution of threshold over time ; (c) Perfor-
mance with different upper bounds on threshold. (d) Loss curves
showing stabilization of the CMR loss after initial training steps.

4.4. Ablation studies

We present ablation studies to understand the effectiveness
of different components of our method. We conduct these
ablations using our best model CE-CLIP+.

Losses. The impact of each proposed loss is detailed in
Tab 4. Notably, the introduction of hard negatives led to
tremendous performance gains, highlighting their pivotal
role in contrastive learning. Each individual loss we intro-
duced showed significant improvements as well across all
benchmarks. The best performance is achieved when all
losses are combined, thus demonstrating the effectiveness of
our approach.
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Table 5. Performance on standard image-text
retrieval and image classification. Improve-

Figure 6. Ablations of o, 3.

CheckList performance.

ments in green are calculated w.r.t CLIP.

Hard Negative Types As shown in Fig. 4, each type of
hard-negative uniquely benefits the model, the object hard
negatives benefitting the most. Combining all types yields
the best results. The success of our flexible approach indi-
cates that incorporating additional types, such as numerical
negatives [48], may further boost performance.

Upper Bound on Threshold. Setting a threshold upper
bound prevents training collapse. Our ablation study, as
detailed in Fig. 5¢, demonstrates that an upper bound of 10
yields optimal performance by effectively constraining the
maximum value of the Threshold Relation (Fig. 5b), thereby
ensuring stability during the training process.

Loss Weight. Fig. 5d shows the divergence of CMR loss
scale from IMC loss, highlighting the importance of proper
loss weight selection for training. Fig. 6 reveals that our
method is robust across 5 benchmarks with varying « and 3
values, though larger o and 3 decrease performance. Opti-
mal outcomes occur at & = 0.2 and 8 = 0.4.

4.5. Performance on standard benchmarks

Previous studies [12, 70], suggest that advancements in
compositional understanding might negatively affect per-
formance on standard image-text retrieval and image classifi-
cation tasks. To investigate this, we evaluate our method on
zero-shot image-text retrieval on COCO and linear probing
on ImageNet-1k [10] and CIFAR [30]. As shown in Tab. 5,
our results demonstrate improvements in text-to-image re-
trieval with minimal impact on image classification accuracy.
By prioritizing compositional understanding, our CE-CLIP
and CE-CLIP+ enhance performance across all evaluated
benchmarks. Furthermore, to demonstrate that our enhance-
ments in COCO image-text retrieval are not merely a result
of fine-tuning on COCO, we include comparative results
from CLIP-FT, a COCO fine-tuned variant of CLIP. Our
findings indicate that both CE-CLIP and CE-CLIP+ outper-
form CLIP-FT in text-to-image retrieval, albeit with a slight
underperformance in image-to-text retrieval. We hypothe-
size this could be due to our method’s exclusive reliance on

textual hard negatives.

We investigated the impact of integrating CE-CLIP into
MAPL [43] on the Visual Question Answering (VQA) task
by training on the COCO dataset and conducting a zero-shot
evaluation on VQAV2 [19]. The findings indicate that CE-
CLIP, achieving an accuracy of 39.82, closely matches the
original CLIP’s performance of 39.78. This demonstrates
that CE-CLIP preserves the visual strengths of CLIP.

4.6. Can scaling-up alone solve compositionality

To substantiate our assertion in Fig. 1 that standard con-
trastive learning as implemented in CLIP fails to grasp com-
positionality, we tested several scaled-up versions of CLIP
models including the largest ViT-G/14 trained on LAION-
2B from Open-CLIP, on the VLChecklist benchmark. As
Fig. 7 shows, none of these scaled-up models surpass our
base-sized CE-CLIP model. This shows that scaling-up the
model alone is not enough for comprehending composition-
ality, underscoring the significance of our work and the need
for more research in this field.

5. Conclusion

Our study addresses the challenge of compositional under-
standing in VLMs , we expand image-text contrastive loss
and introduce two losses that infuse compositional supervi-
sion into pretrained VLMs using a featured hard negative
generation strategy. Our intra-modal contrastive loss miti-
gates high intra-modal similarity while our cross-modal rank
loss ensures a minimum semantic distance between true and
hard negative image-text pairs, with the adaptive threshold
functioning as curriculum learning to enhance performance.
Empirically, our method achieves superior performance in
5 compositional benchmarks, surpassing previous methods
without requiring additional annotations or resources. Scal-
ing the dataset size further boosts performance, highlighting
our method’s potential for VLMs and its promise for broader
applications and capabilities.
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6. Analysis of learned representations

In this section, we examine the image and text represen-
tations learned by our model. In particular, we investi-
gate whether our method learns more distinct representa-
tions for positive and hard negative examples compared to
those learned by CLIP and NegCLP. For each of CLIP, Neg-
CLIP and CE-CLIP, we measure the intra-modal similar-
ity between positive and hard-negative captions, as well as,
the cross-modal similarity gap between positive and hard-
negative image-caption pairs. We expect our method to re-
duce the intra-modal similarity and enlarge the cross-modal
similarity gap compared to CLIP and NegCLIP. We report
the results in Fig. 8, which shows that CE-CLIP achieves
statistically significantly better intra-modal similarity (lower
is better) and cross-modal similarity gap (higher is better)
compared to CLIP and NegCLIP. To compute statistical sig-
nificance, we used bootstrapping with 50,000 samples with
confidence interval of 99%.

Cross-modal similarity gap (<I, T1> - <I, T2>)

CE-CLIP
NegCLIP ]
CLIP 22
0,001 0.003 0.005 0.007 0.009
Intra-modal similarity (<T1, T2>)
CE-CLIP To—
NegCLIP .
CLIP o
0940 0.945 0.950 0.955 0.960 0.965 0,970

Figure 8. Analyzing the intra-modal similarities and cross-modal
similarity gaps yielded by different methods on the ARO bench-
mark. T1 refers to positive caption while T2 refers to hard-negative
caption. The red lines denote the standard errors obtained with
bootstrapping 50,000 samples with confidence interval of 99%.

7. Qualitative Examples

Fig. 9 and Fig. 10 illustrate some side-by-side comparisons
of hits and misses by CE-CLIP versus NegCLIP.

8. Benchmark

The statistics of benchmarks we use are shown in Tab. 6.

Benchmark Task # image-text pairs
ARO-Relation Relation 24k
ARO-Attribution Attribution 28.7k
VALSE Linguistic Phenomena 6.8k
VL-CheckList Objects, Attributes and Relations 410k
SugarCrepe Objects, Attributes and Relations 7.5k

Table 6. Overview of vl-compositional benchmarks.
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