Using Self-Supervised Dual Constraint Contrastive
Learning for Cross-modal Retrieval

Xintong Wang®*, Xiaoyu Li*°, Liang Ding?, Sanyuan Zhao" and Chris Biemann?

4Language Technology Group, Department of Informatics, University of Hamburg
bSchool of Computer Sciences and Technology, Beijing Institute of Technology
“Department of Comdputer Science, Technical University Berlin
JD Explore Academy

Abstract. In this work, we present a self-supervised dual constraint
contrastive method for efficiently fine-tuning the vision-language
pre-trained (VLP) models that have achieved great success on var-
ious cross-modal tasks, since full fine-tune these pre-trained mod-
els is computationally expensive and tend to result in catastrophic
forgetting restricted by the size and quality of labeled datasets. Our
approach freezes the pre-trained VLP models as the fundamental,
generalized, and transferable multimodal representation and incor-
porates lightweight parameters to learn domain and task-specific fea-
tures without labeled data. We demonstrated that our self-supervised
dual contrastive model performs better than previous fine-tuning
methods on MS COCO and Flickr 30K datasets on the cross-modal
retrieval task, with an even more pronounced improvement in zero-
shot performance. Furthermore, experiments on the MOTIF dataset
prove that our self-supervised approach remains effective when
trained on a small, out-of-domain dataset without overfitting. As a
plug-and-play method, our proposed method is agnostic to the under-
lying models and can be easily integrated with different VLP mod-
els, allowing for the potential incorporation of future advancements
in VLP models.

1 Introduction

With the rapid growth of computational power and extensive large-
scale data, increasingly advanced foundation models have been pro-
posed in both the language domain [6, 22, 31] and the vision domain
[8, 5]. By leveraging these breakthroughs as the backbone, vision-
language pre-trained (VLP) models have made significant strides in
a range of cross-modal tasks [19, 35, 2, 32], demonstrating that mul-
timodal representations derived from pre-trained models possess ex-
ceptional generalization and transfer capabilities.

In line with the successes of VLP models, recent works [34, 30, 7]
have adopted the “pre-training and fine-tuning” paradigm for down-
stream cross-modal tasks and out-of-domain scenarios. As shown in
Figure 1, there are two prevalent fine-tuning strategies. The first, full
fine-tuning, involves fine-tuning all parameters, but it carries two no-
table drawbacks: computational efficiency and catastrophic forget-
ting [18]. Given the substantial number of parameters in VLP mod-
els, considerable memory is required to store these parameters, not
to mention train the entire model. For example, the CLIP model [27]
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Figure 1. Pre-training and fine-tuning paradigm: full fine-tuning and
frozen and fine-tuning.

utilized 592 V100 GPUs over a span of 18 days. Furthermore, in
the absence of high-quality labeled datasets, fully fine-tuning VLP
models often results in catastrophic forgetting [18], where the pre-
viously learned generalized and transferable multimodal represen-
tations from VLP models degrade. The second method, frozen and
fine-tuning, offers greater flexibility by freezing VLP model param-
eters while adding blocks on top to learn out-of-domain and task-
specific representations. To achieve state-of-the-art performance on
benchmark datasets, these extra blocks tend to be sophisticated and
task-specific tricks have been proposed. For instance, in the cross-
modal retrieval task, state-of-the-art approaches heavily rely on re-
gion feature extraction [10], cross-modal fusion [23], and hard neg-
ative sampling [9] during fine-tuning. [28] reveals that while these
techniques are crucial for improving performance on benchmark
datasets, they come at the cost of increased training time, reduced
efficiency, and diminished transferability and utility when applied to
different domains.

To address the challenges mentioned earlier, following frozen and
fine-tuning, Parameter-Efficient Fine-Tuning (PEFT) [12] has re-
cently gained popularity and attracted significant interest. The core
idea of PEFT is to utilize a smaller set of parameters for fine-tuning
while retaining the capabilities of pre-trained foundational models



to improve transferability and adaptability. Among these PEFT ap-
proaches, adapters [12] add and update new parameters at the model
level, while prompt tuning methods [36] incorporate and train pa-
rameters at the input level. Although these techniques have proven
effective, they remain inadequate when VLP models are not available
for adapter injection, and considerable effort is needed to identify the
best prompt templates. In most cases, paired multimodal datasets are
not readily accessible. We propose that an optimal solution would
involve adding additional parameters at the output level and training
the extra layers in a self-supervised manner, without relying on any
tailored techniques.

In this paper, we introduce a self-supervised dual constraint
contrastive learning for cross-modal retrieval task (SUCCESSOR),
inheriting the ability of VLP models. In various cross-modal tasks,
dual attributes exist [26]. For example, if the primary task in cross-
modal retrieval is text retrieval, the dual task would be image re-
trieval. We construct a dual constraint contrast in the primary modal-
ity by back-retrieving negative samples from the dual modality and
vice versa, aiming to enhance the alignment of multimodal represen-
tations within both intra- and inter-modalities. Specifically, begin-
ning with the primary modality (e.g., vision), we perform forward
retrieval (text retrieval) to obtain negative samples from the dual
modality (language). We then use these retrieved negative samples
to conduct back-retrieval (image retrieval), acquiring candidates in
the primary modality. This process allows us to compare the seman-
tic distances between the candidate and original query in the prime
modality and vice versa, thereby increasing the alignment and coher-
ence of the multimodal representations.

In terms of our model, we freeze the VLP models to serve as
the foundational generalized multimodal representations and add
two linear probe layers on top to learn out-of-domain and task-
specific representations involving super lightweight parameters for
fine-tuning. A skip shortcut is introduced to connect the in-domain
representations with the final output of the linear probes, facilitating
rapid tuning and model convergence. Our experiments demonstrate
that the self-supervised SUCCESSOR model, without relying on re-
gion feature extraction or any hard negative sampling techniques,
can compete with fine-tuning methods on benchmark datasets such
as MS COCO [21] and Flickr 30K [25]. Surprisingly, we discov-
ered that random in-batch negative sampling offers a diverse choice
of negative samples, enabling the model to learn fine-grained mul-
timodal semantics, rectify errors from VLP models, and ultimately
enhance cross-modal retrieval performance.

Owing to the simplicity of our proposed method, fine-tuning can
be completed within hours on an A6000 GPU (48 GB) and can func-
tion as a plug-and-play approach, easily integrating with various VLP
models without the need for labeled paired data. This adaptability al-
lows for the potential incorporation of future advancements in VLP
models. To summarize, our contributions are as follows:

e We introduce a new PEFT approach—a self-supervised dual con-
straint contrastive method—by adding lightweight, learnable pa-
rameters at the output layers. Our method is cost-effective, requir-
ing only a single GPU and a few hours for fine-tuning without the
need for labeled datasets, functioning as a plug-and-play solution.

o Our self-supervised method achieves comparable or superior per-
formance to previously fine-tuned state-of-the-art methods on
standard benchmark datasets, such as MS COCO and Flickr
30K, without relying on region feature extraction, complex cross-
attention fusion, or hard negative sampling strategies.

e By freezing the parameters of VLP models and introducing a skip

shortcut, our method yields fast convergence while preserving the
generalization and transferability of VLP models. Zero-shot ex-
periments demonstrate that SUCCESSOR further improves cross-
modal performance accuracy compared to the VLP backbone,
showcasing that SUCCESSOR inherits VLP capabilities.

e A domain adaptation experiment on the education-oriented, small
dataset MOTIF [33] reveals that SUCCESSOR performs effec-
tively in domain adaptation without overfitting.

2 Related Work

Vision-language pre-training: We are witnessing an era in which
advanced foundational models rapidly evolve in visual and language
modalities [8, 5, 6, 22, 3, 31]. In line with the advancements in uni-
modal foundational models, VLP models have garnered significant
research interest. Early models such as VILBERT [23] employed a
dual encoder and cross-attention to learn multimodal representations,
while UNITER [4] and OSCAR [20] utilized a fusion encoder with
self-attention to learn multimodal alignment. ViLT [16] argued that
visual patches from vision transformers are more efficient and en-
able end-to-end model training. More recently, CLIP [27] adopted
large-scale multimodal data from the internet and employed a con-
trastive method for training, resulting in more powerful multimodal
representations and impressive zero-shot performance. Meanwhile,
ALBEF [19] demonstrates that image-text contrastive, masked lan-
guage modeling, and image-text-matching tasks are more efficient
than other pre-training tasks. To enhance multimodal generation ca-
pabilities, models like BLIP [18], Flamingo [1], and CoCa [35] have
been proposed, enabling VLP models to handle both multimodal un-
derstanding and generation tasks. Most recently, the VLMo model
[2] introduced multiway transformers, unifying the dual encoder and
fusion encoder approaches. Building on VLMo, the BEiT-3 model
[32] has achieved new state-of-the-art results on cross-modal learn-
ing benchmark tasks and even single-modality tasks. We opted for
the CLIP model as our VLP model due to its demonstrated effi-
ciency in generalized multimodal feature extraction, moderate pa-
rameter size, and the fact that it does not necessitate a pre-trained
Fast-RCNN model [10]. Given that our proposed method is a plug-
and-play solution, we believe it can be easily applied to other VLP
models and even future advancements in the field of VLP.
Parameter-efficient fine-tuning: There are two widely-used fine-
tuning approaches: full fine-tuning and frozen fine-tuning. Full fine-
tuning presents two drawbacks: computational efficiency and catas-
trophic forgetting [18]. Given the large number of parameters in VLP
models, training the entire model becomes less feasible. Moreover,
without high-quality labeled datasets, fully fine-tuning VLP models
can lead to catastrophic forgetting [18], where the previously learned
generalized and transferable multimodal representations from VLP
models deteriorate. In contrast, frozen fine-tuning offers more flex-
ibility and strikes a balance between accuracy and the number of
trained task-specific parameters. Recently, parameter-efficient fine-
tuning (PEFT) [12] has gained popularity following the frozen fine-
tuning fashion. Among PEFT approaches, adapters [12] introduce
and update new parameters at the model level, while prompt tuning
methods [36, 14] incorporate and train parameters at the input level.
Although these techniques have proven effective, they remain inad-
equate when VLP model training codes are unavailable for adapter
injection, and significant effort is required to identify the best prompt
templates. We believe that an optimal method involves adding addi-
tional parameters at the output level, using VLP models as the funda-
mental multimodal representation and fine-tuning the extra parame-



ters to learn out-of-domain and task-specific representations.

Cross-modal retrieval: Cross-modal retrieval, such as image-text
retrieval [28, 7] requires accurate alignment and understanding of in-
formation from different modalities, making it an ideal task to eval-
uate the performance of our self-supervised dual constraint contrast
method. Past research has focused on various ways to improve results
on benchmark datasets like MS COCO and Flickr 30K. Although
multiple state-of-the-art methods have been proposed to achieve
SOTA results on these datasets, they can be categorized into three
main directions. First, for instance, region features [10] are crucial
for improving accuracy in the visual modality [28], while BERT [6]
features outperform RNN features. However, obtaining region fea-
tures is less efficient and requires pre-training object detection mod-
ules [10]. Visual patch projection [8] is more efficient as it allows
for end-to-end model training. Second, fusion encoder [4] use self-
attention to learn the interaction between modalities, while dual en-
coders [23] employ cross-attention to interact with different modali-
ties. Lastly, techniques like in-batch hard negative mining [9] have
proven effective in increasing the relevance score between paired
data while decreasing the score for non-paired data. [28] reveals
that region feature extraction and hard negative mining are essen-
tial for achieving the results reported in their paper but also raise
reproducibility concerns. Our paper avoids using region features for
simplicity, as they rely on an extra module, and we found that hard
negative mining is less efficient in terms of training time. Random
in-batch negative contrast works quite well for our proposed dual
constraint contrast. Importantly, all the works mentioned above are
trained in a supervised manner. In many real-world scenarios involv-
ing out-of-domain and downstream tasks, labeled paired data may
not be available. To the best of our knowledge, we are the first to
propose a self-supervised fine-tuning method that does not require
labeled data and achieves new state-of-the-art results compared to
supervised baselines.

3 Method

In this section, we will first discuss the visual and text embeddings
used in our model. Next, to better understand the dual idea, we will
explain the prime task, dual task, and cross-modal translation. We
will then introduce the architecture of our model and also discuss
the skip connection. Lastly, we will discuss the self-supervised dual
constraint contrast.

3.1 Multimodal embedding and dual task

Visual and text embedding: We opted for a dual encoder [27] to
achieve fast retrieval performance, which encodes images and text
separately. The choice of architecture is flexible, allowing for the use
of other fusion encoders [4] or multi-way transformer architectures
[2] if needed. For visual features, we choose grid features extracted
from ResNet [11] and patch projections from vision transformers [8]
as two different visual backbones. Although using region features
has been proven to achieve better results in the cross-modal retrieval
task, we do not use them as they require additional pre-trained object
detection modules like Fast-RCNN [10] using the Visual Genome
dataset [17], which is less efficient. For text features, like most recent
works, we utilize BERT embeddings [6]. Formally:

{vn}le = Encoderyisa (v)

(D
{tm}%:1 = Encoderex(t)

where v and ¢ are the input image and text respectively. Suppose the
visual encoder can extract /N visual vectors, which can be either grid
features or patch projections, in d; dimensions. Similarly, the text
encoder can extract M token vectors in d2 dimensions.

After extracting the visual and textual features, we input them
into the VLP model to obtain fused representations, which are gen-
eralized multimodal representations. Following transformations in
V LPyision () and V LPiezi(+), the fused vision features and text
features are in the same dimension space, represented as R? (i.e. in
CLIP d = 768).

vV = VLPVision ({Vn}gzl)

?
t = VL Prex ({tm}ﬁfl:l)

Prime and dual task: Text retrieval (image — text) and image
retrieval (text — image) are mutually dual tasks. For simplicity and
better explanation, we denote the prime modality as the visual modal-
ity, and the prime task as text retrieval. In parallel, the dual modality
is the text modality, and the dual task is image retrieval. Cross-modal
retrieval relies on accurate multimodal alignment and serves as an
ideal task to evaluate the performance of multimodal representation
learning in terms of inter-modality effectiveness.

Prime task - text retrieval: Given a query from the prime modal-
ity (vision), we perform text retrieval by measuring the similarity
between the query image and candidate texts (dual modality) in the
mini-batch as shown in the equation below:

t = argmax (sim (t;, v)) 3)
(t;,v)~B

where v is the visual feature of the query image, ¢; is the text feature
of the candidate texts in the mini-batch B. { is the text that is most
similar to the query image in the semantic space. The sim(-) function
can be cosine similarity or cross-entropy.

Dual task — image retrieval: Likewise, given a query text in the
dual modality, we conduct image retrieval by measuring the similar-
ity between query text and candidate images in the prime modality
within the mini-batch as the equation below:

© = argmax (sim (v;, t)) (€))
(vist)~B

where ¢ represents the text feature of the query text, while v; denotes
the visual feature of candidate images within the mini-batch B. © cor-
responds to the image that bears the greatest similarity to the query
text within the semantic space.

Cross-modal translation: We introduce a cross-modal translation
task, to evaluate intra-modality alignment performance. Our prelim-
inary experiments revealed that semantically close instances within
unimodal domains, such as visual and language, tend to be separated
in the multimodal representation space. This separation can lead to
errors like counting mistakes and misclassification of fine-grained
features (discussed further in section 5.4). We argue that fused visual
and text features should remain close to instances that share similar
semantics. To address this, we introduce the cross-modal translation
task, which involves using a forward retrieval instance as a candi-
date to perform a back-retrieval task and then comparing whether the
original query in the same modality can still be identified.

More specifically, let’s assume the forward-retrieval task as text
retrieval. Using Eq. (5), we first identify the text instance in the mini-
batch that has the maximum similarity score with the query image.
Next, we use this retrieved text candidate to perform a back-retrieval
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Figure 2. Illustration of (left) our framework (Sec. 3.2) and dual constraint

contrast (right) (Sec. 3.3).

task, image retrieval, finding the image in the same mini-batch with
the highest similarity score to the candidate text. Finally, we use a
sim(-) function to measure the similarity between the back-retrieved
image and the original query image.

sim(v, d) = sim(v, argmax (sim (v;, £)))
(vi,f)NB

&)

where v represents the visual feature of the query image, while ¢ de-
notes the image obtained from the back-retrieval task. £ refers to the
forward retrieved text candidate, as shown in Eq. (3), and v; repre-
sents the image feature in the same mini-batch 5.

Similarly, we can initiate the process with the language modal-
ity, where the forward-retrieval task is image retrieval and the back-
retrieval task is text retrieval, as shown in Eq. (6).

sim(t, ) = sim(t, argmax (sim (¢;,0))) 6)
(ti,0)~B

where t denotes the text feature of the query text, while # represents
the text obtained from the back-retrieval task. ¥ refers to the forward
retrieved image candidate, as shown in Eq. (4), and ¢; signifies the
text feature in the same mini-batch 5.

It is important to note that, since we utilize multimodal represen-
tations from VLP models as the backbone, the forward-retrieved in-
stances are likely to be similar to the original query. This likelihood is
due to the consideration of relevant pairs in the data construction us-
ing VLP. Given that VLP multimodal representations are generalized
and transferable, and the candidate from the forward retrieval serves
as a bridge, we hypothesize that we can leverage this dual process to
form a dual constraint contrast loss. This approach would allow the
model to be trainable without labeled paired dataset by only adding
extra parameters at the output level to learn out-of-domain and task-
specific representations. To realize this hypothesis, we introduce a
skip connection and self-supervised dual constraint contrast, which
will be discussed in the next section.

3.2 Framework and skip connection

Given the remarkable generalization and transfer capabilities of VLP
models, we use VLP as the backbone and freeze the VLP param-
eters for parameter-efficient fine-tuning to obtain the fundamental
in-domain multimodal representations. For simplicity, we add two
linear probe layers at the output level of the VLP backbone to learn
out-of-domain and task-specific multimodal representations, as illus-
trated in Figure 2. For visual and text modalities, following Eq. (1)

and (2), the fused visual and text representations can be expressed as
follows:

v=FC, (VLPvision ({Un}gzl))

t=FC, (VLPtext ({tm}ﬁle)) @

where V' L Pyision ({vn}ij:l) denotes the fused visual feature from

VLP models, and V' L Piex ({tm} ff:l) denotes the fused text fea-
ture from VLP models. FC represents linear probe layers. v and ¢
indicate the fused visual and text features after the linear probe lay-
ers.

However, since our method is based on self-supervised dual con-
trast, the model needs to have a basic ability to retrieve candidates
as shown in Eq. (5) and Eq. (6); otherwise, the model will collapse.
Therefore, we introduce a skip connection [11], linking the represen-
tation from VLP to the final output prediction of our model as Eq. (8).
In practice, the skip connection is crucial for robust fine-tuning and
fast convergence. This is because, in the beginning, the VLP model
will contribute more to retrieving the candidate and allow the method
to compare the query and candidate in the same modality.

v = a1 - VLPyson ({vn}fj:l) Tas-FC, (VLPMm ({vn}fj:l

t=-VLPex ({tmbhy) + 71+ FC (VIPex ({tm}ri,

(®)

where a1, az, 71, and 2 are hyperparameters to balance the im-

portance of the fused multimodal representations from VLP and the

representations after linear probe layers. In experiments, we find that
these hyperparameters are not sensitive and are set to 1.0.

Note that our model adds extra parameters at the output level. This
approach is more flexible compared to Adapter and Prompt tuning
methods. Adapter methods [12] inject extra parameters at the model
level, which require the training code of VLP models, while prompt
tuning methods [36] incorporate and train parameters at the input
level, necessitating considerable effort to find the best template. Our
model consists of two linear probe layers and a skip connection short-
cut. We do not use any complex fusion layers or cross-attention-
based methods. As seen in Table 2, our methods surpass fine-tuning-
based methods and outperform fine-tuned VLP backbones by a large
margin. In the following section, we will introduce how to leverage
our model to form a dual constraint contrast loss.

3.3 Self-supervised dual constraint contrast

As discussed in section 3.1, our dual constraint contrast is formed by
the forward retrieval and back retrieval as a loop. More specifically,
we first obtain fused image and text features for each mini-batch us-
ing Eq. (8). Assuming the forward-retrieval task is text retrieval, we
take each image instance v as the query to find the most similar neg-
ative text sample ¢~ in the batch by computing the similarity scores
as per Eq. (3). In our experiments, we employ the cosine similarity
function for measuring the similarity. We refer to the retrieved text
as the negative sample since we do not know if it is the anchor in a
self-supervised method. We use the forward-retrieved text ¢t~ to con-
duct the back-retrieval task-image retrieval. Similarly, we compute
the similarity scores between the text ¢~ and all the images in the
mini-batch to obtain a similarity vector. We then normalize the sim-
ilarity vector using the Softmax function. Finally, we form the loss
as the cross-entropy loss using the normalized similarity vector with
the pseudo-label vector where the original query image is one, and



Table 1.

Comparison of our proposed method with five state-of-the-art VLP methods and one plug-and-play method on the image-text retrieval task. For grid

features *, PixeIBERT used ResNet-50 features and CLIP as well as our models used two variants, ResNet-50 and ViT-L patches.

Method Params | Architecture Fine-tuning Visual Tokens Pl;l;et:;;lslled BS | Self-supervised Loss
VIiLBERT 221M | fusion encoder full fine-tune Region CC 64 X cross-entropy
Pixel BERT 124M | fusion encoder full fine-tune Grid* VG, MSCOCO 512 X cross-entropy
. . CC, SBU, VG,
UNITER 110M | fusion encoder full fine-tune Region MSCOCO 64 X cross-entropy
. . . CC, SBU, VG,
ViLT 111M | fusion encoder full fine-tune Region MSCOCO 256 X cross-entropy
CLIP 2.3M dual encoder | frozen fine-tune Grid* WIT 128 X contrastive loss
BCAR 2.2M fusion encoder | frozen fine-tune Region VG 128 X ranking loss
Successor 2.3M dual encoder | frozen fine-tune Grid* X 128 v cross-entropy

the other images are zero. Likewise, we can begin with the forward
retrieval task as the image retrieval task and the back retrieval task as
the text retrieval task. We train our model using cross-entropy loss:

c(6".0") =- |TI%| <fj w! log (i) (v,07,9),) +
i=1

M

>l tog (5 (t,v—,f)i)>

i=1

©))

where (0",0%) are the trainable parameters in the two layers of
the linear probe, |B| is the batch size, and M is the number of in-
stances in the batch. ¥ and y* represent the pseudo-labels where
the query image or text is one and other images and text are set to
zero. f¥Y L7V represents the loop from text retrieval to image re-
trieval, and fL=V =L is the reverse dual loop, going from image
retrieval to text retrieval.

4 Experiment Setup

Datasets. We evaluate our method on two widely used benchmark
datasets for cross-modal retrieval, MS COCO and Flickr 30K, and
one distinct dataset called MOTIF, with more complex text. In more
detail, MS COCO contains 123,287 images, each with five sentences
describing the image’s content. Flickr 30K has 31,783 images; like
MS COCO, it is also paired with five corresponding sentences. Fol-
lowing the typical approach to split datasets in most of the literature,
we use the Karpathy split [15] method for MS COCO and Flickr 30K
datasets. We use MOTIF, a language-oriented multimodal dataset, to
test the domain transfer effect. MOTIF has 1,125 sentences with at
least three complex words, and the structure is more complex than
the sentences in MS COCO and Flickr 30K. We randomly split the
dataset into training and test datasets as 900/225 images. In the im-
plementation within a self-supervised setting, we employ pre-trained
VLP models (without exposing any datasets) to conduct cross-modal
retrieval. The goal is to find relevant pairs, which may or may not be
correct. During training, shuffling is also performed to increase the
diversity of negative samples within the mini-batch.

Evaluation metrics. We evaluate the cross-modal retrieval perfor-
mance and cross-modal translation performance using recall@K as
the evaluation metric. In our experiments, we report RQ1, R@5 and
R@10. To provide a clearer description of the tasks in our experi-
ments, we use the following abbreviations: "IR" for Image Retrieval,
"TR" for Text Retrieval, "ITI" for Image-Text-Image Translation, and
"TIT" for Text-Image-Text Translation.

Implementation details. We implement our model using the Py-
Torch framework and utilize the CLIP model as the backbone. The

dimension of the fused visual and text features from CLIP is 768.
Our model is trained on an Nvidia RTX A6000 GPU, but we only
utilize 14GB of its 48GB memory. For optimization, we employ the
Adam optimizer with a learning rate of le-5 and a weight decay of
le-5. The balance hyperparameters, a1, a2, 1, and 2, show mini-
mal sensitivity in our experiments and are all set to 1.0.

We use two CLIP architectures as backbones in our experiments.
For the text encoder, we employ BERT as the backbone. In the visual
encoder, we implement two versions: one using ResNet-50 [11] and
the other using ViT-L/14@336px [8]. To be clear, we refer to the dual
contrastive model using ResNet-50 as Successor@RNS50 and the one
using ViT-L/14@336px as Successor@ ViT-L. Both linear probe lay-
ers have a dimension of 768 and employ the non-linear activation
function, ReLU. We train the Successor@RN50 model for 25 epochs
and the Successor @ ViT-L model for 20 epochs.

5 Results and Analysis

To demonstrate the effectiveness of our proposed method presented
in Section 3, we compare it with six baselines. First, we compare
our method with five pre-trained state-of-the-art methods: VILBERT
[23], PixeIBERT [13], UNITER [4], ViLT [16], and CLIP [27]. Due
to reproducibility issues, we cite the results from [28] and report and
compare them in our paper. Since CLIP did not use MS COCO and
Flickr 30K for pre-training, we adopted the standard linear probing
method to fine-tune CLIP. Next, we compare our method with the
most recent work on plug-and-play method, BCAR [7], in the cross-
modal retrieval task. Detailed settings and comparisons can be found
in Table 1.

It is worth noting that all the baselines are fine-tuned in a super-
vised manner, and VILBERT, UNITER, ViLT, and BCAR use region
features, which have been proven to improve results but increasing
training time as the involvement extra detector modules. These base-
lines also employed extra datasets like CC [29], VG [17], and SBU
[24] datasets, as well as other techniques to enhance performance.
However, our proposed self-supervised dual contrastive method aims
to create a more flexible and adaptable approach for cross-modal re-
trieval tasks that do not rely on specific tricks, region features, or a
pre-trained object detection module like Fast-RCNN.

By comparing our method with the supervised baselines, we aim
to demonstrate the effectiveness of our approach in scenarios where
labeled paired datasets are unavailable, and out-of-domain cases. In
doing so, we highlight the advantages of our method, which involves
lightweight trainable parameters, making it a more practical choice
for a wider range of real-world applications.



Table 2. Cross-modal retrieval results on MS COCO and Flickr 30K datasets. The top half of the table displays the performance of fine-tuned VLP models
using supervised methods, while the bottom half showcases the results of our proposed approaches, including the ResNet-50 variant and the ViT variant. The
best results are highlighted in blue and red.

Model Flickr 30K 1K Test MS COCO 5K Test
IR@1 IR@5 IR@10 TR@1 TR@5 TR@10 IR@1 IR@5 IR@10 TR@1 TR@5 TR@10
Supervised VLP Performance
ViLBERT 58.2 84.9 91.5 76.8 93.7 97.6 38.6 68.2 79.0 53.5 79.7 87.9
PixelBERT 59.8 85.5 91.6 75.7 94.7 97.1 41.1 69.7 80.5 53.4 80.4 88.5
UNITER 62.9 87.2 92.7 78.3 93.3 96.5 37.8 67.3 78.0 52.8 79.7 87.8
ViLT 62.2 87.6 93.2 83.7 97.2 98.1 42.6 72.8 83.4 62.9 87.1 92.7
CLIP@RNS50 68.5 91.6 95.6 84.7 97.3 99.1 43.1 70.8 80.9 59.7 83.8 90.6
CLIP@ViT-L 73.7 93.2 96.3 88.3 98.7 99.5 46.5 73.4 82.7 63.6 86.2 92.5
BCAR 62.6 85.8 91.1 82.3 96.0 98.4 44.3 73.2 83.2 61.3 86.1 92.6
Dual Contrast Performance (Ours)

Successor@RNS50 71.3 1 92.21 96.0 T 87.6 1 98.5 1 99.3 1 43.8 71.4 81.1 60.5 85.1 91.3
Successor@ViT-L 74.9 1 94.1 1 96.8 1 89.1 1 98.7 1 99.5 1 46.8 1 74.1 1 83.2 - 64.7 1 86.5 - 92.7 1

5.1 Comparison to state-of-the-art methods

Table 2 presents a comprehensive comparison with state-of-the-art
VLP models and one plug-and-play method on Flickr 30K and MS
COCO datasets as mentioned above. The top half of the table dis-
plays the performance of fine-tuned VLP models trained in a super-
vised manner. The bottom half showcases the results of our proposed
approaches, including the ResNet-50 variant and the ViT variant. The
best results are highlighted in blue for the top-performing results
among the baseline methods, while red represents the best results
achieved by our methods, surpassing the best baseline results.

Our self-supervised ViT variant outperforms all the baseline re-
sults on both Flickr 30K and MS COCO datasets. Additionally,
both the ResNet-50 variant and ViT variant surpass all baselines on
the Flickr 30K dataset. This demonstrates the effectiveness of our
dual constraint contrast methods. In particular, Successor@RN50
achieves a 1.5% (536.8 — 544.9) relative gain, and Successor@ ViT-
L achieves a 0.62% (549.7 — 553.1) relative gain on the Flickr
30K dataset compared with the best baselines, CLIP@RNS50 and
CLIP@VIiT-L, in supervised VLP performance. Successor@ ViT-L
also obtains a 1.5% (441.5 — 448) relative gain on MS COCO com-
pared with the best results of the ViLT model. These results highlight
the effectiveness of our dual constraint contrast methods and their
stability, as our model is simple and omits any tricks for simplicity.

Regarding parameter-efficient fine-tuning performance, we ob-
serve that the frozen and fine-tuning paradigm works better than fully
fine-tuning the model. From the perspective of trainable parameters,
CLIP, BCAR, and our Successor model have 98% fewer parame-
ters than PixelBERT, UNITER, and ViLT, and 99% fewer parame-
ters than VILBERT. Nevertheless, CLIP and BCAR achieve the best
results among baseline methods on the Flickr 30K dataset and the im-
age retrieval task on the MS COCO dataset, which demonstrates that
Parameter-Efficient Fine-Tuning (PEFT) methods are more efficient
for fine-tuning while maintaining high accuracy. ViLT attains the best
results in MS COCO as the dataset is much larger, and learning from
supervised labels helps improve accuracy. Importantly, our methods
outperform all the PEFT baselines and achieve better or comparable
results to all the baselines and even the ViLT model on MS COCO.

Lastly, compared with fine-tuned CLIP, our Successor shares the
same architecture but achieves similar or even better results on both

datasets in a self-supervised manner. This supports our hypothesis
that the VLP model possesses exceptional generalization and capa-
bilities. We can fine-tune the model by adding extra layers at the
output level to inherit the abilities of VLP and learn out-of-domain
and task-specific representations without labeled data.

The improved performance of our method demonstrates that
the learned out-of-domain and task-specific multimodal represen-
tations possess strong inter-modality effectiveness. As discussed in
Section 3.1, cross-modal translation tasks can evaluate the intra-
modality alignment of multimodal representations. In Table 3, we
conduct cross-modal translation and compare Successor @RNS50 and
Successor@ ViT-L with the baseline CLIP@RN50 and CLIP@ ViT-
L on Flickr 30K and MS COCO datasets. Both variants consistently
achieve better results than the baseline, illustrating the effectiveness
of our method. As we opted for CLIP as the VLP backbone, the im-
proved results indicate that closely related semantic instances within
a unimodal representation maintain their proximity in the multimodal
representation space compared with VLP models. This highlights the
successful intra-modality alignment achieved by our dual constraint
contrast methods.

5.2 Zero-shot performance

The multimodal representations obtained from VLP models have
demonstrated remarkable generalization capabilities. Our proposed
method involves freezing the VLP as the foundation and adding lin-
ear probe layers at the output level. Thus, training the model with
extra data should act as the incremental of the foundation knowl-
edge of VLP. We hypothesize that this approach should yield better
zero-shot performance compared to the original VLP. To test this hy-
pothesis, we first train our proposed model described in Section 3
using the dual constraint contrast method on the Flickr 30K dataset
and evaluate the model on the MS COCO 5K test set. Similarly, we
train our proposed model on the MS COCO dataset and test it on
the Flickr 30K dataset. As demonstrated in Table 4 and Table 5, our
fine-tuned model with the dual contrast method achieves better or
comparable zero-shot performance compared to the fine-tuned CLIP
model with the same backbone on both datasets. We attribute these
improvements to the frozen and fine-tuning paradigm. In comparison
to the full fine-tuning approach, full fine-tuned models run the risk



Table 3. Cross-modal translation results on MS COCO and Flickr 30K datasets. The bold number represents the best results achieved by models.

Model Flickr 30K 1K Test MS COCO 5K Test

ITI@1 ITI@5 ITI@10 TIT@1 TIT@5 TIT@10 ITI@1 ITI@5 ITI@10 TIT@I TIT@5 TIT@10
CLIP@RNS50 87.9 99.7 100.0 65.0 82.9 93.6 71.2 98.0 99.6 40.0 67.3 82.2
CLIP@ViT-L 91.0 99.9 100.0 70.9 86.4 94.8 73.1 97.8 99.7 432 68.1 81.9
Successor@RN50 91.2 100.0 100.0 68.5 84.4 92.7 72.6 97.8 99.7 40.3 67.6 82.2
Successor@ ViT-L 92.0 99.8 100.0 71.8 86.2 95.1 74.3 98.3 99.8 43.8 68.8 83.1

Table 4. Zero-shot performance results on the Flickr 30K dataset. The
bold number represents the best results achieved by models.

Model Flickr30K-IR Flickr30K-TR
R@l R@5 R@10 R@] R@5 R@I10

CLIP@RNS50 61.5 847 900 818 959 98.1

CLIP@ViT-L 640 866 916 848 979 99.1

Successor@RNSO 669 89.2 932 827 97.0 98.6
Successor@ViT-L  70.6 91.7 951 865 974 989

Table 5. Zero-shot performance results on the MS COCO dataset. The
bold number represents the best results achieved by models.

Model MSCOCOSK-IR MSCOCOSK-TR
R@l R@5 R@10 R@l R@5 R@I10

CLIP@RNS50 351 597 699 548 788 864

CLIP@ViT-L 36.8 614 713 575 81.1 877

Successor@RN50 382 640 740 556 789 86.5
Successor@ViT-L  42.7 68.1 77.6 60.2 82.0 894

of causing catastrophic forgetting [18], where the previously learned
generalized and transferable multimodal representations from VLP
models degrade. By using the frozen and fine-tuned paradigm, we
can avoid this issue and maintain the quality of multimodal represen-
tations, leading to improved zero-shot performance.

5.3 Domain adaptation performance

To better investigate the domain adaptation performance of our pro-
posed model, we train and compare our method with the base-
line CLIP model on the MOTIF dataset. The MOTIF dataset is an
education-oriented multimodal dataset, where the sentence structure
and vocabulary are more complex than those in the Flickr 30K or MS
COCO datasets. Table 6 demonstrates that our proposed method per-
forms well in acquiring out-of-domain multimodal representations
compared to the supervised method on CLIP. In addition to its self-
supervised attributes, our proposed model can effectively train and
transfer knowledge on a small dataset without over