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Abstract

Cross-modal alignment is a crucial task in multimodal learn-
ing aimed at achieving semantic consistency between vision
and language. This requires that image-text pairs exhibit simi-
lar semantics. Traditional algorithms pursue embedding con-
sistency to achieve semantic consistency, ignoring the non-
semantic information present in the embedding. An intu-
itive approach is to decouple the embeddings into semantic
and modality components, aligning only the semantic com-
ponent. However, this introduces two main challenges: (1)
There is no established standard for distinguishing seman-
tic and modal information. (2) The modality gap can cause
semantic alignment deviation or information loss. To align
the true semantics, we propose a novel cross-modal align-
ment algorithm via Constrained Decoupling and Distribution
Sampling (CDDS). Specifically, (1) A dual-path UNet is in-
troduced to adaptively decouple the embeddings, applying
multiple constraints to ensure effective separation. (2) A dis-
tribution sampling method is proposed to bridge the modality
gap, ensuring the rationality of the alignment process. Ex-
tensive experiments on various benchmarks and model back-
bones demonstrate the superiority of CDDS, outperforming
state-of-the-art methods by 6.6% to 14.2%.

1 Introduction

Cross-modal alignment aims to bridge the gap between dif-
ferent modalities, such as vision and language. It is a fun-
damental technology in the field of multimodal learning,
with broad applications in tasks like image-text retrieval (Fu
et al. 2024), image captioning (Guo, Xu, and Tao 2019;
Li et al. 2019b), and text-to-image generation (Li et al.
2019a; Liao et al. 2022). The core of cross-modal alignment
lies in ensuring semantic consistency between image-text
pairs, which helps establish clear correspondences between
the two modalities. Most existing state-of-the-art (SOTA)
algorithms (Li et al. 2023; Liu et al. 2023) employ con-
trastive learning to adjust the embeddings of image-text
pairs, achieving semantic consistency through embeddings
consistency, as shown in Figure 1(a).

However, embeddings may contain semantically irrele-
vant information such as color distribution of images, syn-
tactic structure of text, noise in training data, etc. These
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Figure 1: Comparison of cross-modal alignment and
decoupling-based cross-modal alignment.

modality specific information cannot be matched across
modalities, but the alignment process is still considering
them. This introduces some erroneous implications into the
alignment process, leading to deviations and even incor-
rect results. Consequently, embedding consistency does not
guarantee semantic consistency, and aligning embeddings
directly may introduce semantic bias.

An intuitive solution is to decouple embeddings into se-
mantic and modality components, as shown in Figure 1(b).
By aligning only the semantic components, we can avoid
misleading alignment with non-semantic information. But
the coupling of semantic and modality information is com-
plex and lacks clear standards, necessitating an effective de-
coupling method. The main challenge is how to ensure that
the semantic and non-semantic components obtained can
play their corresponding roles, so as to ensure the effective-
ness of decoupling. Besides, it is necessary to ensure details
are not lost during the decoupling process.

Moreover, the correlation between embeddings is an im-
portant basis for achieving cross-modal alignment. The se-
mantics represented by embeddings are mixed and implicit,
but the method of constructing embeddings within the same
modality is consistent. It is relatively reasonable to directly
calculate embedding correlation using methods such as co-
sine similarity. The methods for constructing embeddings



differ significantly across modalities, which is often re-
flected in the fact that the semantics represented by em-
beddings in the same column are different across modali-
ties (Sidorov et al. 2014). So, the contrastive learning-based
methods use cosine similarity to directly interact corre-
sponding columns of embeddings across modalities, which
lacks reasonable basis. Besides, adjusting embeddings to
achieve consistency can distort the original distributions of
both modalities, resulting in alignment biases or information
loss. Therefore, a method is needed that can achieve seman-
tic consistency without altering the original distributions.

To address the above issues, we propose a cross-modal
alignment algorithm based on Constrained Decoupling and
Distribution Sampling (CDDS). As shown in Figure 2,
CDDS introduces a dual-path UNet decoupling architec-
ture that adaptively decouples embeddings into semantic
and modality components. The key lies in applying multi-
ple constraints on the decoupling process to ensure both the
effectiveness of decoupling and the integrity of information.
Specifically: (1) To ensure semantic consistency, CDDS en-
forces constraints on the consistency of the semantic com-
ponents between image-text pairs. (2) To capture modality
specific uniqueness, CDDS enforces constraints on the con-
sistency of modality components within the same modality.
(3) To maintain the information integrity during decoupling,
CDDS ensures that the semantic and modality components
can jointly reconstruct the original embedding.

More importantly, we propose a distribution sampling
method to ensure the rationality of the semantic consistency
and to avoid alignment biases. This method first identifies
the semantic correspondence of the embeddings for image-
text pairs, to avoid erroneous guidance from unrelated se-
mantic during the interaction. By sampling based on the dis-
tribution of related semantic in the other modality, we con-
structs cross-modal semantic component (x-semantic com-
ponent). The x-semantic component describes the seman-
tic information of the current modality in the description
form of the other modality, effectively bridging the modality
gap. By ensuring consistency between the semantic compo-
nent and x-semantic component, CSSD indirectly achieves
cross-modal alignment without distorting the original distri-
butions. Our contributions are summarized as follows:

e A dual-path UNet decoupling architecture is intro-
duced to adaptively separate embeddings into seman-
tic and modality components. Cross-modal alignment is
achieved by aligning only the semantic component to en-
sure rationality.

Multiple constraints are applied to ensure the effective-
ness and the information integrity of decoupling.

A distribution sampling method is proposed to indirectly
achieve effective and reasonable semantic alignment.

2 Related work

According to the implementation, Cross-modal alignment
works can be broadly categorized into coarse-grained and
fine-grained methods.

Coarse-grained methods embed images and texts inde-
pendently into a shared space, leveraging contrastive learn-
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ing to align their embeddings (Frome et al. 2013; Li et al.
2019a; Wang, Li, and Lazebnik 2016). Previous studies
within this paradigm have frequently enhanced the joint
embedding space by introducing new losses (Faghri et al.
2018; Chun et al. 2021), designing new architectures for
each modality backbones (Wen, Gu, and Cheng 2020; Wu
et al. 2019), or learning better pooling methods (Chen et al.
2021; Li et al. 2022b). VSE++ (Faghri et al. 2018) proposes
a triplet loss with hard negative mining, which adopted by
many following works. GPO (Chen et al. 2021) designs a
new pooling operator that can learn from data. DIAS (Ma
et al. 2024) introduced the spatial relationships between in-
stances, to enhance the robustness of the alignment process.

Fine-grained methods perform cross-modal interaction
between image patches and text words and then obtain a
cumulative similarity score (Chen et al. 2020a; Diao et al.
2021; Lee et al. 2018). Previous works within this paradigm
emphasize the semantic alignment between local features.
For example, SCAN (Lee et al. 2018) is the first represen-
tative work that introduces cross-attention between the two
modalities to find their alignments. CAAN (Zhang et al.
2020) refines this concept by introducing an additional intra-
modal interaction step following the cross-modal interac-
tion. NAAF (Zhang et al. 2022) promotes dissimilarity be-
tween mismatched patches and words to boost similarity
matching. CHAN (Pan, Wu, and Zhang 2023) proposes a
method that can ignore redundant misalignments.

However, these methods still assumes that the embed-
dings from different modalities interact with the same se-
mantics during correlation computation. In contrast, we fo-
cus on decoupling and aligning the related semantic of em-
beddings to enhance the rationality of alignment.

3 Methodology

Considering effectiveness and interpretability, CDDS adopts
the fine-grained method. In this section, we introduce the
constrained decoupling as shown in Figure 2.

3.1 Constrained decoupling

Embedding extraction Formally, given an image V', we
divide it into n, non-overlapping patches, and employ the
vision transformer (ViT) (Kolesnikov et al. 2021; Xu et al.
2022; Vaswani et al. 2017) to extract visual embeddings of
patches V = {v;|i € [1,n,],v; € R%}. v; is the embedding
of i-th patch. d is the feature size. Similarly, given a text
T, we employ BERT (Devlin et al. 2019) to extract textual
embeddings of words T' = {t;|j € [1,n],t; € R}. ¢, is
the embedding of j-th words. n; is the number of words.

Dual-path UNet architecture To avoid semantic bias
caused by the pursuit of embedding consistency, we de-
couple the image/text embeddings into semantic and modal
components. Cross-modal alignment is achieved by ensur-
ing the consistency of semantic component.

The challenge arises from the complex coupling relation-
ship between semantic and modal information, and there
lacks the intuitive standards to decouple them. So we pro-
pose a dual-path U-Net architecture (Zhang et al. 2023)
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Figure 2: Overview of CDDS.

for adaptive decoupling. This architecture has a shared en-
coder for mapping embeddings to high-dimensional repre-
sentations, a semantic decoder for learning semantic com-
ponent, a modal decoder for learning modal component.
To ensure the robustness of the decoding process, we in-
troduce Gaussian noise into the representations, expanding
them from a deterministic values into a distributions. The
decoder then analyzes these perturbed representations to ob-
tain more comprehensive and robust embeddings.

Taking image embedding V' = {v;|i € [1,n,],v; € R?}
as an example, we use ViT as the encoder to map V to
high-dimensional space. The encoder captures the contex-
tual information of the input embeddings. The multi-layer
nonlinear transformations allow the representations to be-
come more abstract in the high-dimensional space, making
the subsequent decoupling process more flexible, formally:

H, = E,(V), ()
where H, = {h?]i € [1,n,],h; € R} is the representation
of V, and h} is the representation of v;. I, is n layers ViT.
Then, z groups of Gaussian noise A = {§;|i € [1,2],d; €
R™ >4} are randomly generated and introduced to H,:

sz =H, + En((sz)a 2
where H J is the perturbed representation by d;. E, is a ViT
layer to impose structural characteristics on the noise in-
formation, aligning it with the features constructed by the
Transformer architecture. This helps to mitigate instability
in the training process caused by the perturbations. We can
obtain a group of perturbed representations H, = {ﬁ Y€
[1,z], HY € R™*?} with the same processing.

The decoder independently analyzes each perturbed rep-
resentation in fIv to extract information of semantics or
modality. Each decoder layer also consider the output of
the corresponding encoder layer to preserve and leverage
features of the same level of abstraction. This is accom-
plished through skip connections between the correspond-
ing encoder and decoder layers. We use a semantic decoder
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and a modality decoder to learn semantic and modal compo-
nents respectively. Both decoders operate in a similar man-
ner. Here, we take the modal decoder as an example:

V™ = D(HY), 3)

where V™ € R™*4 represents the modal component con-
structed by the modal decoder through the analysis of the

perturbed representation I:IZ“ D7 has n layers, each con-
taining a ViT layer followed by a linear layer. The linear
layer is used to map the feature size to d. To ensure robust-
ness, we take the average of {V;*}7_; to construct the final
modal component:
z m
D v i) “
z
where V;,, = {v"]i € [1,n,],v" € R?} is the modal com-
ponent of image V, and v} corresponds to the ¢-th patch.
Through a similar process, we can obtain the semantic
component of image V, = {vi|i € [1,n,],v{ € R?}, the
semantic component of text Ts = {tf|i € [1,n],t €
R4}, and the modal component of text T, = {t"|i €
[1,n¢],t™ € R9}. To ensure the effectiveness, we impose
constraints on the semantic and modal components, while
also constraining the relationship between these components
to preserve the information integrity.

3.2 The constraint on semantic component

Existing methods typically use contrastive learning to pull
the semantic component vectors closer, with the core oper-
ation being the computation of correlations between image-
text pairs. Effective correlation requires two embeddings
providing descriptions of the semantic under a similar form.
The semantic components from different modalities often
emphasize different aspects of semantic, making it challeng-
ing to align information involved in correlation calculation.

We propose the novel alignment algorithm based on dis-
tribution sampling, which identifies and aligns the semantic



components of different modalities that describe the related
semantics, ensuring rationality.

Related semantics identification As shown in Figure 3,
we first obtain the distribution at each feature column of
all image patches and text words, and define them as C,, =
{C?li € [1,d]} and C; = {C}|j € [1,d]}, respectively. Cf
is the distribution estimated by values in the ¢-th column of
images’ semantic component, and C]t» is the distribution es-
timated by values in the j-th column of semantic component
from all text. The correlation between C¥ and C: is obtained
to determine whether they describe the related semantic:

70')@1(6‘;),0;?)
)

&)
A higher value of s; ; indicates stronger correlation between
C? and Cjt», suggesting that their descriptions are more likely
to represent the related semantic. o;(-) is the Kullback-
Leibler Divergence. The correlation matrix S = {s; ;|¢,j €
[1,d]} can be obtained via Eq.5.

Next, we need to determine which distributions describe
related semantics. Formally, the algorithm sparsifies each
row and column of matrix S, retaining the larger values.
Since the semantic descriptions of different modalities may
not correspond one-to-one, we retain the top-k distributions
with the strongest correlations. The challenge lies in the sig-
nificant variation in the correlation values of different distri-
butions, making the use of a fixed & as a hard-threshold inap-
propriate. Therefore, we propose an adaptive soft-threshold
sparsification algorithm.

As shown in Figure 3, we define i-th row of S as s}
{si ;|7 € [1,d]}, which indicates the correlation between
C? and all distributions of text. Define j-th column of S as
sb = {sili € [1,d]}, which indicates the correlation be-
tween C; and all distributions of image. The strong correla-

tion between distributions is asymmetric. If C;f is the strong
correlation distribution of C7, CY may not necessarily be
the strong correlation distribution of Cf Thus, S requires
separate sparsification for its rows and columns. Taking row
sparsification as an example, we represent the conditional

probability of each column to explicitly quantification:

Si,5 = ETP

(6)
A higher value of p(s? |s§) € [0, 1) means the stronger corre-
lation probability of C? on C*. Based on the latent semantics
of S, we expect the model to discover the strong correlation
between distributions from different modality as concise as
possible. Specifically, leveraging the statistical properties of
conditional probability {p(s{|s})}?_,, we can enable the
model to learn a soft-threshold for identifying strong cor-
relation distributions:

ki = pi + o - 0;, (N
where k; is the soft-threshold of s}. y; and 6; are the mean
and standard deviation of the sampling probability values
from {p(sﬂs;)}?zl, respectively. «; is a learnable parame-
ter to control the sparsity level.

We combine all soft-thresholds as K,, = {k?|i € [1,d]},
and obtain the sparse matrix:

Sv = BUS,

p(si]s%) = sigmoid(s ;), j € [1,d],

®)
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Figure 3: Related semantics identification.

where S, = {s},[i,j € [1,d]}. B,
a binary mask matrix to filter, and:

b . {

U — 0.
bi T d o o
2 k=1 bi Sik
If b; ; = 1, then C’; is one of the strong correlation distribu-
tion of C}, and the correlation degree is s{ ;. That means C}
has the related semantic as C7 .

= {b;),]|7’7,7 € [17d]} is

Si,j 1 Sij > k;u

0 otherwise °’

v (%

s Yig

€))

Distribution sampling  After capturing the strong correla-
tions, existing methods often employ contrastive learning to
adjust the distributions in pursuit of semantic consistency.
This operation can distort the distributions, leading to infor-
mation bias and loss. In contrast, we propose a distribution
sampling method to align semantics in an indirect manner.

For distribution C} from image modality, the method first
constructs a new distribution by aggregating strong correla-
tion distribution of text modality:

v G

2%

d d
CF = "s'; Mu(ClICY) = s (10)
j=1 j=1

where C7 is the cross-modal semantic (x-semantic) corre-
sponding to Cf. M, (C5|CY) is the sampling operation,
which constructs distribution C‘f by sampling from the cor-

responding positions in C¢ based on the positions of sam-
ples in C?, as shown in Figure 4. Specifically, we first
calculate p(c; > c|e; € CY) for each sample ¢ € CY,
which is the probability of the sampling values in C} greater
than c. Then we can find the value ¢; € C’;, which meets
plei > ¢jlei,e; € CF) = plei > clei,e € CF). ¢ is
the sampling value corresponding to c. We can obtain C’f
by aggregating sampling values for all samples of C}, and
weighted sum them based on S the similarity between dis-
tributions to construct C7".

This process effectively describes the semantic of C} us-
ing the description form of the other modality, thereby bridg-
ing the modality gap. We define C,, = {C¥|i € [1,d]} as the
distribution set corresponding to C,. The cross-modal se-
mantic component (x-semantic component) of images, de-
noted as V,, = {v¥|i € [1,n,],v¥ € R?}, can be derived



from distribution C,.. This process is an inverse process of
distribution construction.

By performing similar operations, we can obtain the x-
semantic component for text 7. Finally, we indirectly en-
hence the consistency of semantic components from differ-
ent modalities by ensuring the consistency between V, and
Vs, as well as T, and T, which can be expressed as:

™ I)
=— logz

exp(—Teos (v 0]

(=

nv

Sy s cap e T
,

)
(1D

eap(—Teos(t1:11)
( Ocos (tf,t;)) ’

E;t 1,j7#1¢ exp
where L is the regularizer for semantic consistency. Both
terms are implemented based on the concept of contrastive
learning (Hu et al. 2024), which involves pulling closer the
embeddings of patch-word pairs while pushing apart those
of non-paired ones. The vy & V, is obtained by non-
parametric sampling from 7', so the first term can indirectly
achieve semantic alignment between V; and 7 by aligning
Vs and V.. Similarly, the second term can achieve semantic
alignment between V; and T by aligning T and 7.

3.3 The constraint on modal component

The modal component should remain consistent within the
same modality to ensure that it accurately represents modal-
ity specific uniqueness. This requires constraining the distri-
bution consistency of modal components for all patches or
words, which can be achieve by:

Ny nt

ij=1 ij=1

where L, is the regularizer for modality consistency. The
first and second terms control the consistency between the
modal components of patches and words, respectively. oy is
the Kullback-Leibler Divergence to describe the correlation
between the distribution of patches or words.

3.4 The constraint on information integrity

To ensure the integrity of decoupled information, the modal
component and semantic component should be capable of
reconstructing the original embedding:

Z [|wmv*+wsv;
(13)

where L is the regularizer for information integrity, and the
first and second terms apply to patches and words. To avoid
information loss caused by semantic alignment, we can also
constrain the consistency between the combination of modal
and x-semantic components with the original embedding:

Ly = Z || w0 +wg vy

where w,,, w, and wy are learnable parameters.

111H2—|—Z:||wmtm—|—wstS vill3,
i=1

Nt

Ul||2+Zmetm+wztz U1||2
=1

(14)

b
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3.5 Objective function

We combine the regularizers to obtain the loss function of
CDDS:

Ezasﬁs+am£m+af£f+(1faf)£m, (15)

where s, ag,, af and «; are hyper-parameters to control
the effectiveness degree of regularizers. There is an interde-
pendence between L and £, and o ¢ can adjust whether to
use semantic component or X-semantic component to ensure
information integrity. At the inference stage, it is sufficient
to decouple the input and calculate correlations between se-
mantic components to determine the matching relationship
without any other operations.

4 Experiments
4.1 Datasets and evalution metrics

Following the previous works (Fu et al. 2024; Ma et al.
2024), we evaluate CDDS on the typical Flickr30K (Young
et al. 2014) and MS-COCO (Lin et al. 2014) datasets.
Flickr30k contains 29,000 images for training, 1,000 im-
ages for validation, and 1,000 images for testing. MSCOCO
contains 82,738 images for training, 5,000 images for val-
idation, and 5,000 images for testing. Each image is asso-
ciated with 5 texts. The results on MS-COCO are reported
on averaging over 5-folds of 1,000 test images and on the
full 5,000 test images. The evaluation metrics are the Re-
call at K (R@K) and rSum. R@K means the percentage of
ground truth in the retrieved top-K lists, and K=1,5,10. rSum
is the sum of multiple R@K in both image-to-text and text-
to-image, which reflects the overall performance.

4.2 Implementation details

We use the base version Vision Transformer (ViT)
(Kolesnikov et al. 2021) and Swin Transformer (Swin) (Liu
et al. 2021) as backbones to extract visual embeddings, and
use BERT (Devlin et al. 2019) to extract textual embeddings.
A patch is 16 x 16 pixels for ViT, and is 32 x 32 pixels for
Swin. The image resolutions are 224 x 224 and 384 x 384.
So we obtain 14 x 14 and 24 x 24 patches for ViT, and
obtain 7 x 7 and 12 x 12 patches for Swin. An additional
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97.5
97.0
97.1
972
97.6
97.9

99.3
99.1
99.1
99.3
99.3
99.4

71.0
69.7
69.9
70.6
72.1
72.1

93.0
93.1
93.2
93.7
93.7
93.5

96.7
97.1
97.2
97.6
97.3
97.6

540.9
536.9
537.7
539.8
544.1
545.1

64.0
60.7
61.0
64.1
64.5
64.6

88.2
86.6
86.7
87.9
89.2
89.8

94.2
93.2
93.2
93.5
94.4
94.8

49.9
48.1
48.6
49.1
51.6
51.9

78.0
77.1
77.2
71.3
78.9
79.0

86.6
86.1
86.3
86.1
87.2
87.6

460.9
451.8
453.1
458.0
465.8
467.7

Swin-384, 1212 patches

VSE++
SCAN
SGR
CHAN
LAPS
CDDS

83.3 975
81.9 96.9
80.7 96.8
81.2 96.7
85.1 97.7
86.8 98.3

99.2
98.9
99.0
98.8
99.2
99.6

71.1
70.0
69.9
70.3
74.0
76.3

93.2
92.7
91.7
92.2
93.0
94.3

96.2
95.8
95.3
95.9
96.3
97.2

540.6
536.1
533.4
535.0
545.3
552.5

829
81.6
81.9
83.1
84.1
84.9

91.7
96.8
96.7
97.3
97.4
98.0

99.4
99.1
99.1
99.2
99.2
99.6

71.3
69.1
69.3
70.4
72.1
73.5

93.5
92.7
92.8
93.1
93.9
94.6

97.3
96.7
96.7
97.1
97.4
98.0

542.1
536.1
536.6
540.2
544.1
548.6

63.0
61.1
62.8
63.4
67.1
67.9

88.5
87.3
87.0
88.4
88.6
89.6

94.3
93.3
929
94.1
94.3
94.9

50.1
47.8
48.1
49.2
53.0
511

78.9
76.9
77.0
71.9
79.5
80.2

87.4
85.9
86.0
86.6
87.6
88.4

462.2
452.4
453.8
459.5
470.1
472.1

Table 1: Comparisons of performances with state-of-the-art methods. We list the backbones, image resolution, and the number
of patches (e.g., ‘ViT-224, 14 x 14 patches’ means the base-version of ViT with 224 x 224 image resolution input, getting
14 x 14 patches for one image, and the base-version of BERT for text words). The bests are in bold.

linear layer is introduced on the top of these backbones to
unify feature size d as 512. The whole framework is trained
for 25 epochs on a NVIDIA L40 GPU. AdamW optimizer
(Loshchilov and Hutter 2019; Zhang 2018) is adopted with
learning rate of 2e ~*. The batch size is 64. The layer number
is 2 for encoders and decoders.

4.3 Comparisons with state-of-the-art methods

To show the performance superiority of CDDS, we compare
it on the two datasets with five state-of-the-art (SOTA) meth-
ods: VSE++(Faghri et al. 2018), SCAN(Lee et al. 2018),
SGR(Diao et al. 2021), CHAN(Pan, Wu, and Zhang 2023),
and LAPS(Fu et al. 2024). The results are cited directly from
the paper of LAPS(Fu et al. 2024).

As shown in Table 1, CDDS outperformers SOTA meth-
ods with impressive margins for the R@K and rSum,
and achieves superiority on different backbones. Notably,
the performance improves with more complex transformer-
based backbones. This complexity is reflected in the type of
backbone used and the number of patches processed.

Additionally, we extend the our architecture to the clas-
sic vision-language pre-training (VLP) model CLIP (Rad-
ford et al. 2021) shown in Table 2. By comparing it with
the current SOTA VLP models (VILT(Chen et al. 2020b),
SOHO(Kim, Son, and Kim 2021), ALBEF (Huang et al.

Sl

Semantic component 7

Textual embedding T

Figure 5: Visualization of textual embeddings and semantic
components, showing decoupling can bring textual embed-
dings with similar semantics (corresponding to the same im-
age) closer. ‘#0’ is the text’s identifier.

2021), BLIP(Li et al. 2022a)), we find that existing fine-
grained methods, even when using a VLP backbone, strug-
gle to achieve satisfactory results. In contrast, CDDS of-
fers significant improvements and demonstrating competi-
tive performance compared to the mainstream VLP models.
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Flickr30K MS-COCO 5K
Methods I-to-T T-to-1 I-to-T T-to-1
R@] R@5 R@1 R@5|R@]1 R@5 R@1 R@5

VILT 835 96.7 644 887|615 863 427 729
SOHO |86.5 98.1 725 92.7|66.4 882 50.6 78.0
ALBEF | 959 99.8 85.6 975|776 943 60.7 84.3
BLIP 96.6 99.8 872 97.5|80.6 952 63.1 853

CLIP(ViT-224 + BERT), 14 <14 patches

CLIP# |81.4 962 61.1 854523 762 333 582
VSE++ 922 99.1 80.5 956|668 882 53.6 79.7
SCAN |882 981 753 93.1|654 880 50.7 77.6
LAPS 929 993 80.6 955|698 904 543 80.0
CDDS |935 99.6 812 964|704 91.0 548 80.9

CLIP(ViT-224-Large + BERT-Large), 16 <16 patches

CLIP# |85.0 977 643 87.0]559 79.1 359 60.9
VSE++ [ 940 995 834 964|685 894 56.7 819
SCAN |90.0 985 81.0 959 |68.0 904 532 80.7
LAPS 946 999 849 973|729 91.7 57.1 813
CDDS |952 999 853 98.0 733 922 57.6 81.6

Table 2: Comparisons with Vision-Language Pre-training
(VLP) Models. ‘#’ denotes the zero-shot learning.

Flickr30K MS-COCO 5K
Methods I-to-T T-to-1 I-to-T T-to-1 CR
R@1 R@5 R@1 R@5/R@1 R@5 R@1 R@5

ViT-224, 14 x 14 patches
w/o Dec. |71.4 91.8 57.9 82.5|54.8 82.6 43.2 72.2|-4.6%
w/o Mod.|73.8 93.2 62.3 86.9|57.6 84.1 44.6 74.1|-0.9%
w/o Int. |69.8 91.5 579 80.4|52.1 81.2 42.0 70.8|-6.7%
w/o Gau. | 742 93.5 629 87.8|57.8 84.3 44.6 74.5|-0.4%
w/o Sam.|72.1 92.0 60.4 86.9|56.9 83.5 44.1 73.8|-2.1%
CDDS 74.8 93.6 63.1 88.2|57.9 84.6 45.0 74.8| -

Swin-224,7x7 patches
w/o Dec. |82.2 974 70.0 91.4|64.1 889 514 78.8|-0.7%
w/o Mod.| 804 939 65.1 90.2|61.8 86.0 48.2 77.7|-4.2%
w/o Int. |80.3 93.4 65.1 89.2|61.2 85.1 479 77.2|-4.9%
w/o Gau. |82.6 97.8 70.2 91.9|64.5 89.4 51.7 78.9|-0.3%
w/o Sam.|81.7 97.2 70.0 91.5|63.9 88.8 51.2 78.5|-1.0%
CDDS 83.0 98.1 70.3 92.1|64.6 89.8 51.9 79.0| -

Table 3: Ablation studies of CDDS. C'R represents the rate
of change in the effect of removing the module.

4.4 Ablation study

To demonstrate the effectiveness of the modules in CDDS,
we conduct extensive ablation studies and analyses on both
datasets. The baseline w/o Dec. means the removal of de-
coupling architecture. w/o M od. means no the modal com-
ponent constraint. w/o Int. means no information integrity
constraint. w/o Gau. means not adding Gaussian noise to
high-dimensional representations. w/o Sam. means replac-
ing the distribution sampling method with contrastive learn-
ing for semantic alignment. According to the Table 3, we
can find removing any modules in CDDS results in a per-
formance decline, indicating that the constrained decoupling
architecture and distribution sampling are indeed integral to
the effectiveness of cross-modal alignment. Table 4 shows
that applying distribution sampling to other models also im-
proves their performance, demonstrating its robustness.

24296

Flickr30K MS-COCO 5K
Methods| I-to-T T-to-1 I-to-T T-to-1 CR
R@] R@5 R@]1 R@5R@] R@5 R@1 R@5

VSE++ |71.8 92.8 59.4 84.7|52.4 80.3 40.6 70.4 +0.6%
+Sam |72.1 93.0 59.7 85.0(52.8 80.9 41.5 70.8 :

SCAN [69.5 90.9 56.4 83.1[53.9 81.8 429 723 +1.1%
+Sam |69.8 91.2 56.4 83.8|549 829 44.1 739" 7
SGR 69.7 90.8 59.1 84.1(549 82.8 42.8 72.2 +0.9%
+Sam |704 91.1 59.5 85.0|55.5 83.6 432 73.0|7 7
CHAN [69.2 91.8 584 84.9[56.3 83.2 43.0 72.6 +0.4%
+Sam |69.3 92.6 58.4 85.0|56.6 83.6 432 72.6| 7
LAPS |74.0 93.4 625 87.3(57.5 84.0 44.5 74.0 +0.5%
+Sam |74.3 934 62.8 87.9|57.9 842 449 747|777

Table 4: The application effect of distribution sampling
method to other models (trained with ‘ViT-224").

. rSum
Batch Time(s) s 430K [MS-cOCO 5K
Each batch 0.11 510.6 4378
Random 0.06 502.3 421.6
All 0.02 483.6 411.6

Table 5: The limitation in efficiency. ‘Each batch’ means
Eq.5 is executed at each batch. ‘Random’ is the random
selection of features. ‘All’ means appling Eq.5 to the total
dataset before training.

4.5 Visualization

Figure 5 shows the qualitative analysis results of embed-
ding changes before and after decoupling. It can be seen that
the decoupling process removes modal information, making
textual embeddings with similar semantics closer, which is
beneficial for image-text retrieval.

4.6 Limitation and discussion

The Eq.5 needs to be performed in each batch, making the
process computationally expensive (O(N?)). Therefore, we
attempt to calculate Eq.5 across the total dataset or introduce
random sampling approach to reduce the number of features
that need to be computed, as shown in Tab.5. While these
approaches significantly reduces the computational time, it
has a substantial impact on the effectiveness.

5 Conclusion

In this paper, we propose a novel cross-modal alignment al-
gorithm based on Constrained Decoupling and Distribution
Sampling (CDDS). We introduce a dual-path UNet decou-
pling architecture to adaptively distinguish the semantic and
modality components, applying multiple constraints to en-
sure the decoupling effectiveness and the information in-
tegrity. Besides, we propose a distribution sampling method
to identify the semantic correspondence of different modali-
ties, indirectly achieving cross-modal alignment without ad-
justing the embeddings. Extensive experiments and analyses
conducted on various benchmarks and backbones demon-
strate the superiority and rationality of CDDS.
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