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ABSTRACT

Many contrastive learning based models have achieved advanced
performance in image-text matching tasks. The key of these models
lies in analyzing the correlation between image-text pairs, which
involves cross-modal interaction of embeddings in corresponding
dimensions. However, the embeddings of different modalities are
from different models or modules, and there is a significant modal-
ity gap. Directly interacting such embeddings lacks rationality and
may capture inaccurate correlation. Therefore, we propose a novel
method called DIAS to bridge the modality gap from two aspects: (1)
We align the information representation of embeddings from differ-
ent modalities in corresponding dimension to ensure the correlation
calculation is based on interactions of similar information. (2) The
spatial constraints of inter- and intra-modalities unmatched pairs
are introduced to ensure the effectiveness of semantic alignment of
the model. Besides, a sparse correlation algorithm is proposed to
select strong correlated spatial relationships, enabling the model
to learn more significant features and avoid being misled by weak
correlation. Extensive experiments demonstrate the superiority of
DIAS, achieving 4.3%-10.2% rSum improvements on Flickr30k and
MSCOCO benchmarks.

CCS CONCEPTS

« Information systems — Information retrieval.

KEYWORDS

Image-text Matching, Information Aligning, Spatial Constraint,
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1 INTRODUCTION

Image-text matching is a fundamental task in computer vision
(CV) and natural language processing (NLP), providing support for
applications such as image captioning [12, 38], text retrieval [15],
and text-to-image generation [8, 18]. This task aims to discover
semantic correlations between images and text, and bridge the
semantic gap between these two heterogeneous modalities. The
key challenge lies in adjusting embeddings by utilizing matched
and unmatched relationships between images and texts to achieve
high-quality semantic alignment.

Permission to make digital or hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for components of this work owned by others than the
author(s) must be honored. Abstracting with credit is permitted. To copy otherwise, or
republish, to post on servers or to redistribute to lists, requires prior specific permission
and/or a fee. Request permissions from permissions@acm.org.

ACM MM, 2024, Melbourne, Australia

© 2024 Copyright held by the owner/author(s). Publication rights licensed to ACM.
ACM ISBN 978-x-xxxx-Xxxx-X/YY/MM

https://doi.org/10.1145/nnnnnnn.nnnnnnn

The matching process typically requires matching with embed-
dings constructed from images and texts. The existing methods
can be roughly divided into two categories: global and local [5, 20].
Global-based matching extracts and interacts with global embed-
dings from the whole images and texts to calculate correlations
[2, 24]. Local-based matching adopts a fine-grained approach, which
extracts local embeddings from image regions and text words usu-
ally obtains better performance [1, 23, 41]. They all aim at aligning
semantics by computing and adjusting the correlation between
embeddings of different modality, which involves interaction of
corresponding dimensions. For example, cosine similarity [28] cal-
culates the correlation between two embeddings in each dimension.
However, the embeddings generally come from different models or
modules, resulting in significant differences in information repre-
sentation of each dimension. For instance, the image embeddings
represent color information in a certain dimension, while the text
embeddings may represent the information of a word in the corre-
sponding dimension. Note that the corresponding dimension may
not necessarily be in the same column of embeddings. This is known
as the modality gap problem. The cross-modal interaction of such
embeddings lacks rationality and potentially lead to inaccurate
correlation calculation.

To enhance the rationality and effectiveness of cross-modal inter-
action, we propose a novel image-text matching method based on
Dimensional Information Alignment and Sparse Spatial Constraint
(DIAS), aiming to bridge the gap between image and text modalities
from two perspectives:

(1) To ensure the rationality of correlation calculation, we en-
hance the correlation of the embeddings from different modalities
in corresponding dimension. In subsequent processes, the inter-
action involves the relevant information of embeddings in their
corresponding dimensions. Emphasizing only the correlation of
dimensions may lead to feature redundancy, where each dimension
provides similar information and lacks discriminative features. Fea-
ture redundancy can cause overfitting, reducing the generalization
ability of models. Therefore, we enhance the independence of non-
corresponding dimensions by reducing the correlation of them, to
ensure the amount of information contained in embeddings.

(2) Most existing methods primarily focus on constraining the
relationships between matched image-text pairs, with weaker em-
phasis on unmatched pairs. This can lead to suboptimal perfor-
mance in semantic alignment. More importantly, the relationship
of matched pairs is cross modal constraints, and their effectiveness
is significantly affected by the modality gap. We augment existing
constraints by introducing spatial inter- and intra-modalities con-
straints for unmatched pairs. The inter-modality constraint refers to
promoting semantic consistency by requiring distance consistency
between inter-modality unmatched pairs. As shown in Fig. 1(a), the
distance between image i and text j is constrained to be consistent
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with the distance between image j and text i. The intra-modality
constraint refers to emphasizing spatial structure consistency by re-
quiring distance consistency between unmatched pairs within each
modality. As shown in Fig. 1(b), the distance between image i and
image j is constrained to be consistent with the distance between
text i and text j. However, these two types of constraints assume
the spatial relationships between images and texts exhibit symme-
try, which is not always valid. Strictly following these constraints
may lead to the model learning inaccurate features. Therefore, we
propose a sparse correlation algorithm to select strong correlation
to sparsify spatial constraints, reducing the need for symmetry.

Specifically, DIAS first obtains local embeddings of image regions
and text words, and calculates the correlations between them in all
dimensions to construct the correlation matrix. Each value in the
matrix means the correlation of the corresponding region (row) and
word (column). To align the information of embeddings from differ-
ent modalities, we propose a regularizer to increase the correlation
values of corresponding dimensions. Meanwhile, the correlation
values between non-corresponding dimensions are decreased to
suppress feature redundancy. Then, DIAS aggregates and upgrates
the local embeddings, and merges them into global embeddings by
pooling. As correlations of local embeddings have been adjusted in
the previous step, the construction of global embeddings becomes
more reasonable. Subsequently, DIAS obtains the spatial distance
between inter- and intra-modalities unmatched pairs, and further
employs the proposed sparse correlation algorithm to select strong
correlation from them. The proposed algorithm introduces condi-
tional probabilities of instance correlation and adapts them into
a sparse regularization term, enabling the model to automatically
learn how to identify strong correlation for each instance. Finally,
the selected spatial relationships are used as constraints, combined
with the constraints between matched pairs to achieve semantic
alignment.

Our contributions are summarized as follows:

(1) We propose a dimension information alignment method for
embeddings of different modalities, aiming to enhance the rational-
ity of cross-modal interaction and suppress feature redundancy.

(2) We introduce novel inter- and intra-modality constraints to
ensure the effectiveness of semantic alignment.

(3) A sparse correlation algorithm is proposed to select strong
correlated spatial relationships, reducing the need for symmetry of
embeddings.

2 RELATED WORK

Based on the implementation of cross-modal interactions, the image-
text matching methods can be broadly categorized into global-based
matching and local-based matching method.

Global-based matching. The typical global methods involve
obtaining global embeddings of images and texts, projecting them
into a shared embedding space by two branches and aligning image-
text semantic. A line of works focus on how to accurately de-
scribe correlations between global embeddings. Some studies [3, 6]
focus on improving correlation algorithms. For example, Jiang
[9] introduces the concept of geometric consistency to enhanc-
ing the constraint on image-text pairs. Additionally, some studies
[10,11, 13,17, 32] propose complex models to construct more robust
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(a) Inter-modality distance consistency (b) Intra-modality distance consistency

Figure 1: Illustration of distance consistency.

global embeddings. Especially in recent years, pre-trained networks
[16, 25] with extensive resources enrich the information contained
in global embeddings. However, these methods still follow the ex-
isting paradigm, assuming embeddings from different modalities
interact with the same information during correlation computation.
In contrast, we focus on aligning the information representation of
embeddings to enhance the rationality of correlation computation.

Local-based matching. Learning semantic alignment between
local embeddings from image regions and text words is popular and
offers better interpretability compared to global methods. Karpathy
[10] makes the first attempt to infer matching between regions and
words by aggregating similarities across all regions and words to
obtain the correlation between image and text. A line of works
focuses on constructing thoughtful aggregation rules to find the
important region-word pairs. Chen [1] proposes recurrent cross-
attention to iteratively refine and elaborate shared semantics across
different levels. Zhang [39] introduces negative-aware attention on
unmatched pairs to enhance matching accuracy. Pan [22] considers
that effective image-text semantic matching can be achieved solely
by relying on the maximum region-word correlation and provides
theoretical derivation. Another line of works focuses on exploiting
more information. Wang [31] introduces scene graph during match-
ing to enrich relationships between local embeddings. Addition-
ally, the models combining consensus knowledge [30] and external
pre-training knowledge [24, 33] have been employed to enhance
the cross-modal alingment. However, they still rarely consider the
differences of information representation in different dimensions
caused by modality gap. As mentioned earlier, we bridge the modal-
ity gap by aligning information representation of embeddings.

3 METHODOLOGY

Considering effectiveness and interpretability, DIAS adopts the
local-based matching method. In this section, we introduce the
framework of local-based matching method (Sec. 3.1) and the de-
tails of DIAS. As shown in Fig.2, DIAS first perfroms dimension
information alignment to adjust the information representation of
the embeddings in different dimensions (Sec. 3.2). Then inter- and
alities spatial constraints are introduced to suppress the influence
of the modality gap (Sec. 3.3), and the sparse conrrelation algorithm
is used to select the strong correlated spatial relationships (Sec. 3.4).

3.1 The Framework of Local-based Matching

Formally, given an image V, we use Faster-RCNN [26] to extract
the salient regions and obtain the local image embeddings V =
{vili € [1,ny],vi € R4} by the pre-trained ResNet-101 [7]. v; is the
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Figure 2: Overview of DIAS, which mainly contains two
steps: local embedding interaction and global embedding in-
teraction. Firstly, DIAS extracts features from image regions
and text words to construct local embeddings, and perfroms
dimension information alignment to adjust the information
representation of the embeddings in different dimensions
(Lgim)- Then, we aggregates local embeddings to construct
global embeddings. Inter- and intra-modalities spatial con-
straints are obtained from distance relationship between
global embeddings, to suppress the influence of the modal-
ity gap, and the sparse conrrelation algorithm is used to se-
lect the strong correlated spatial relationships (Linzer and
Lintrq)- Finally, the image-text relevance is inferred via a
contrastive learning loss function (£;,.).

local embeddings of i-th region. n, denotes the number of regions.
Similarly, given text T, we employ Bidirectional Gated Recurrent
Units (BiGRU) [27] or BERT [4] to extract local text embeddings
T = {tj|j € [Lns], tj € R4} t; is the local embeddings of j-th
words. n; denotes the number of words.

Local-based matching first conduct local embedding interaction
to update local embeddings based on the correlation between re-
gions and words. The updating of v; can be described as follows:

O XiLysigt
Vi= @ > L€ [1,no]

2Ly sij (1)
Sij = O'I(Vi,tj)

Here ¥; represents the new local embedding. o;(+) is the corre-
lation function for local embeddings. s; ; is the correlation value
between v; and t;. Then, local embeddings are transformed into
global embeddings by pooling, formally as:

V = pool({¥ili € [1,n,]}) ()

Here V is the global embedding of image V. pool(-) means the
pooling operation. Through the similar process, we can obtain the
local embedding of word £ and global embedding of text T

The correlation between image and text is obtained based on
global embedding interaction. The triplet loss is the most commonly
used method for achieving semantic alignment, and the objective
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Figure 3: Illustration of dimension information alignment.
We extract the dimension vector of each dimention, and con-
struct the correlation matrix by calculating the correlation
between dimension vectors from different modalities. The
proposed regularizer is used on the correlation matrix to
align information repersentaion of each dimension.

function can be expressed as:

Lioe = [a— Ug(V, T) + ‘Tg(‘z ’i‘i)]+ +[a - Ug(V, T) + Jg(v_> T)]+

®3)
Here @ means a margin parameter, [-]+ = max(-,0). oy is the corre-
lation function for instances. (V, T) is a positive image-text pair, and
(V,T) and (V~, T) are negative image-text pair in the batch. We
use the distance-weighted sampling [35] for hard negative mining.

3.2 Dimension Information Alignment

The correlation calculation likes Eq.1 involves the cross-modal
interaction in corresponding dimensions of embeddings. As men-
tioned earlier, due to the different sources, there are significantly
differences in information representation of v; and t; in different
dimensions. The interaction of them can result in calculation biases
and lack of rationality. Thus, we propose a dimension information
alignment method to align the information representation before
the interaction by a regularizer. It can improves the correlation of v;
and t; in corresponding dimensions. Meanwhile, to suppress feature
redundancy that may occur during the alignment, the regularizer
also reduces the correlation values between non-corresponding
dimensions. Below is a detailed introduction to this process.
Assuming there are N image-text pairs. As shown in Fig. 3,
we first extract dimension vectors of all local embeddings, and
integrate them into m" = {my|i e [1,d], mly € RNV} and
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T _ T|; T N : |4
m = {mj lj € [1d],m; € R™T}, respectively. Here m; con-

tains the information distribution of all local image embeddings in
i-th dimension, and m7 contains the information distribution of
all local text embeddings in j-th dimension. The number of regions
in different images and the number of words in different texts vary.
So, we use Ny and Nt to represent the total number of regions and
words, respectively. Then, we compute the correlation between mY

and m}“, formally as:
cij = oc(m),m}), ije[1d] ()

Here c; j is the correlation value of ml‘./ and m7. o. denotes the
correlation algorithm for dimension vectors. The correlation matrix
C ={cijjli,j € [1,d]} can be obtained via Eq.4.

Then, we use a regularizer to improve the correlation of cor-
responding dimensions and reduce the correlation between non-
corresponding dimensions. For ease of understanding, we assume
the corresponding dimensions are at the same column of embed-
dings. It means the corresponding dimension of le is mlT and ¢; ;
is the correlation value of them. The regularizer can be expressed

as:
d d d
Liim =~ Z ciji+ Z Z ¢ij ®)
i=1 i=1 j=1,j#i
The first term of Eq.5 mainly aligns the corresponding dimension,
and the second term misaligns the non-corresponding dimensions.
The setting of this function is relatively intuitive, but it fails to
account for the magnitude difference in rows or columns of S,
potentially leading to computational bias. Therefore, we improve it
to the following formula:

Ci,i

Laim = Z (z ) ©)
j=1°CLJj j=1"Jt
As shown in Eq.6, the regularizer increases the proportion of ¢; ;
to corresponding rows and columns in C, avoiding the impact of
inconsistent orders of magnitude.

After aligning the dimension information, the process of aggre-
gating and upgrating the local embeddings in Eq.1 generates more
reasonable correlations. Moreover, the information representation
of V and T in the corresponding dimensions obtained by Eq.2 is
also more similar.

3.3 Spatial Constraint

After obtaining the global embeddings V and T, we calculate their
correlation and use the loss function (Eq.3) to achieve semantic
alignment. For each instance, the number of unmatched instances
far exceeds the number of matched instances. Existing methods
often impose stronger constraints on matched pairs and weaker
constraints on unmatched pairs. For example, Eq.3 requires the
correlation of matched pairs is greater than that of all unmatched
pairs, while unmatched pairs only need to satisfy a threshold «
smaller than that of matched pairs. To ensure the effectiveness of
semantic alignment, we propose two spatial constraint regularizers
to enhance the constraint on unmatched pairs, including inter- and
intra-modalities constraints.

On the one hand, we aim to maintain semantic consistency by
pursuing spatial distance consistency of inter-modality unmatched
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Figure 4: The histogram statistics of spatial distance be-
tween instances within and across modalities. We randomly
selected some images and texts to calculating their distance,
and observe the distribution pattern. It can be observed
that the inter- and intra-modalities distance distribution ap-
proaches a normal distribution. These embeddings used for
computation are from the state-of-the-art method [37].

pairs. Concretely, we compute the distance of all global embeddings
between different modalities:

Xij = Gx(vi,Tj), i,j € [1,N] ()

Here V; is the global embedding of i-th image, and T j is the global
embedding of j-th text. N is the number of image-text pairs, and
assuming the matched pair of V; is T;. o is the distance function.
xi,j is the spatial distance between V;and T 7. We combine x; j to
construct spatial matrix X = {x; j|i, j € [1, N]}. The regularizer for
inter-modality unmatched pairs is as follwing:

N N
Linter = Ll = X =XTII5 = > " (xij = x7)°

i=1 j=1

N N
Z Z(UX(VDT]) - O-X(VJ’TI))Z

i=1 j=1

Here Ly = |X — X | is the inter-modality spatical matrix to be
optimized. It can be observed that this regularizer imposes strong
distance constraint only on unmatched pairs, which partially com-
pensates for the shortcomings of Eq.3. The regularizer can effec-
tively reduce the model’s sensitivity and enhance its robustness
and generalization when handling diverse modality data. But it still
handles inter-modality embeddings, which are limited by modality
gap.

So, on the other hand, we aim to maintain structure consistency
of different modalities by pursuing spatial distance consistency of

®)

~.

407
408
409
410
411
412
413
414
415
416
417
418
419
420
421
422
423
424
425
426
427
428
429
430
431

432

434
435
436
437
438
439
440
441
442
443
444
445
446
447
448
449
450
451
452
453
454
455
456
457
458
459
460
461
462
463

464



465
466
467
468
469
470
471
472
473

474

476
477
478
479
480
481
482
483
484
485
486
487
488
489
490
491
492
493
494
495
496
497
498
499
500

501

503

Bridging the Modality Gap: Dimension Information Alignment and Sparse Spatial Constraint for Image-Text Matching

Spatial distance calculation

ACM MM, 2024, Melbourne, Australia

Sparse correlation algorithm

= A -
C — C ) = () « )
- i i =~ R | . I =
, : = == X[ IX]:
L ~ X
- : XX
| conditional . < %
: 2 probability S} X
lobal embeddin / :
£ € \ 4 H ST X strong correlation
= conditional H
- | Sparse Correlation |
probability > | X[ X
A'grou]l)ofpe(:ple | - , | > iX >< X S C )
e e -~ _ ' : X[ |X
: . ) Ib — e i X % ‘learnable parameter

Figure 5: Illustrasion for sparse correlation algorithm. We obtain the spatial matrix Ly, and the model learns a soft-threshold
based on the conditional probability to select strong correlation for each instance.

intra-modality unmatched pairs. We compute the distance of all
global embeddings in each modality:

Yij = O'y(vi,Vj), i,j€[1,N]

A 9
zij = 0(T;, T}) ®)

Here y; j means the spatial distance between Viand V j.zi,j means
the spatial distance between ’i‘i and T j. oy and o, are the distance
functions of images and texts, respectively. We combine y; j to
construct Y = {y; j|i, j € [1, N]} and combine z; ; to construct Z =
{zijli, j € [1,N]}. The regularizer for intra-modality unmatched
pairs is as follwing:

N N
Lintra = Lyell3 = 1Y =213 = " Y (s

i=1 j=1

i —zij)”
(10)

N
Z(O'y(vl,vj) Uz(Tz,T]))z
=1

Mz

i

I
—
~.

Here Ly, = [Y — Z7| is the inter-modality spatical matrix to be
optimized. It can be observed that this regularizer constrains embed-
dings of different modalities to have the same spatial relationships,
enhancing their consistency of spatial structure. Furthermore, it
only processes embeddings within modalities and is not affected by
modality gap. Even if the modality gap is not completely eliminated,
this regularizer can still encourage our model to learn effective fea-
tures.

3.4 Sparse Correlation Algorithm

The spatial constraints assume the spatial relationships between im-
ages and texts exhibit symmetry, but this assumption is not always
valid. These inaccurate relationships can affect the performance of
the model. Fig. 4 shows the distribution of spatial distance between
instances within and across modalities. It can be observed that the
relationships between instances are mostly weakly correlated, and
these relationships have little effect on characterizing the spatial po-
sition of instances. Considering the effectiveness and efficiency, we
propose a sparse correlation algorithm. This algorithm concentrates

spatial constraints on strong correlation relationships to capture
more significant and important features. More importantly, this
algorithm can reduce the need for embedding symmetry, making it
more flexible.

The key issue is how to determine which instances exhibit strong
correlations. The correlation distribution of different instances
varies greatly, making it unsuitable to set a unified hard-threshold
to distinguish strong and weak correlations. Therefore, we propose
a sparse correlation algorithm to adaptively distinguish strong and
weak correlations based on the situation of the instance itself. This
algorithm builds conditional probabilities of correlation and uses
them to obtain the soft-threshold, as shown in Fig. 5. Taking matrix
Ly as example, we set its i-th row vector as lV = {lV |j € [1,N]},
and ll.,]. =
V; and all texts. Similar, we set the j-th column vecter of Ly as
lT {lT |i € [1,N]}, and l = |xji — x; j|. To explicitly quan-
t1ﬁcat10n we represent the conditional probability of each image
as:

|xij = xj,il. ll. indicates the correlation between image

P |I]) = Sigmoid(=|x;; - xjil), je[LN] (1)

Here p(llV|l]T) € [0, 1] represents the dependency degree of V; on
T ;. A larger value of p(liV|l]I) indicates a stronger dependency. We
expect the model to discover strong correlations for each image and
text based on the latent semantics of Ly, to avoid interference from
other weakly correlated instances and to be as concise as possible.
Specifically, we observed that the histogram of the conditional prob-
ability {p(llV |IJT)}?:1 approximates a normal distribution, as shown
in Fig. 4. Therefore, based on the statistical features of conditional
probabilities, we can enable the model to learn a soft-threshold for
distinguishing strong and weak correlations for each instance:

Ky =i+ pBi-6; (12)

Here KV is the soft-threshold of lV i and 0; are the mean and stan-

dard deviation of the sampling probability values from {p(/; Vi T) }J »
respectively. f; is a learnable parameter to adjust the sparse degree
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Table 1: Comparisons with state-of-the-art methods on Flickr30k and MSCOCO 1K test-sets. BUTD represents using Faster-
RCNN [2] to extract local image embeddings. BiGRU and BERT represent using BiGRU [27] or BERT [4] to extract local text

embeddings. *

denotes the ensemble results of two models. The bests are in bold.

Flickr30K MSCOCO 1K

Methods IMG—TEXT TEXT—IMG S IMG—TEXT TEXT—IMG s

R@! R@5 R@10 |R@1 R@5 R@10| " |R@! R@5 R@10|R@1 R@5 R@10 |
BUTD+BiGRU
GSMN*(2020)[20] | 76.4 943 973 | 574 823 890 | 4968 | 784 964 986 | 633 901 957 | 5225
GPO(2021)[2] 765 942 977 | 564 834 899 | 4981 | 785 960 987 | 617 903 956 | 5208
MV(2022)[17] 790 949 977 | 591 846 906 | 5058 | 787 957 987 | 627 904 957 | 5219
NAAF*(2022)[39] | 819 96.1 983 | 610 853 906 | 5132 | 805 965 988 | 641 907 965 | 5272
CHAN(2023)[22] | 797 945 973 | 602 853 907 | 507.8 | 797 967 987 | 638 904 958 | 525.0
NUIF-d(2024)[37] | 81.8 947 976 | 504 85.6 911 | 5093 | 80.6 963 988 | 647 914 962 | 5280
DIAS(ours) 818 961 986 | 60.7 849 913 |513.4 | 813 968 989 | 649 904 959 |528.2
BUTD+BERT
DSRAN(2020)[34] | 77.8 951 97.6 | 592 860 919 | 5076 | 783 957 984 | 645 908 958 | 5235
VSRN++*(2022)[14] | 79.2 946 975 | 60.6 856 9L4 | 5089 | 779 960 985 | 641 910 961 | 523.6
MV(2022)[17] 821 958 979 | 631 867 923 | 5175 | 804 966 99.0 | 649 912 960 | 528.1
CHAN(2023)[22] | 80.6 961 978 | 639 875 926 | 5185 | 814 969 989 | 665 921 967 | 5326
HREM*(2023)[5] | 84.0 961 98.6 | 644 88.0 931 | 5242 | 829 969 990 | 67.1 920 966 | 5346
DIAS(ours) 838 966 983 | 645 880 933 |5245|834 971 991 | 67.6 924 966 | 536.2

We combine all soft-thresholds as KV = {KLV|1' € [1,N]}, and
obtain KT = {K]T|j € [1,N]} in a similar process. It is important
to note that KV and K” are distinct. For example, image V; may
exhibit a high dependency degree on text T, but T; may not neces-
sarily have a high dependency degree on V;. To avoid introducing
weakly correlated information, we select spatial relationships that
meet the requirements of both K and K”:

L, =B,Ly (13)
Here B, = {bfj|i, J € [1, N]} is a binary mask matrix to save strong
correlation relationships, and:

- xjil > max(KlV, K]T)

1, |xij
br = M (14)
J 0, otherwise
max(-) is the function for calculating the maximum value. Base on
the sparse inter-modality spatical matrix L, we update Eq.8 as:

N N

112 2 2

Linter = I1LxlI3 = BolIX = XTI13 = > 3" b (xij = xj,)
i=1 j=1

(15)

N
Db (o (Vi T)) = 0 (¥, T0))?
j=1

Mz

i

Il
—_
~.

By performing similar operations on Ly, we can obtain the sparse
intra-modality spatical matrix f,yz and update Eq.10 as:

N N
Lintra = 1Lyzl1§ =ByellY = ZII = > 3" b (i) — 2 )
i=1 j=1

(16)

N
Zb O'y(Vlst)_Uz(TzaTJ))z
j=1

|lJ€ [LN]}

Mz

Il
—_
[

Here By, = {b

3.5 Objective Function

We combine the proposed regularization terms with the triplet loss
to obtain the loss function of DIAS:

L= Lioe + 0gimLaim + @inter Linter + WintraLintra (17)

Here wgim, Winter and wintrq are hyper-parameters to control the
effectiveness degree of each term. To ensure effective cross-modal
interactions, we use neighbor sampling instead of random sampling
for batches. First, we apply K-means [21, 29] clustering on the
local image embeddings. Then, we randomly select M clusters and
choose P images from each cluster. Finally, we pair each image with
a positive text instance and obtain N = P X K image-text pairs for
each batch.

4 EXPERIMENTS
4.1 Experimental Setup

Datasets and Evaluation Metrics. We evaluate DIAS mainly on
Flickr30k [36] and MSCOCO [19] datasets. Flickr30k contains 29,000
images for training, 1,000 images for validation, and 1,000 images
for testing. MSCOCO contains 123,287 images for training, 5,000
images for validation, and 5,000 images for testing. Each image of
the two datasets is associated with 5 texts. The results on MSCOCO
are reported on averaging over 5-folds of 1,000 test images and on
the entire 5,000 test images. As a common practice in information
retrieval [2], we adopt the Recall at K (R@K) to meansure the per-
formance, and set K=1,5,10. R@K means the percentage of ground
truth in the retrieved top-K lists. rSum reflects the overall matching
performance, which is the sum of R@K in both image-to-text and
text-to-image matching.

Implementation Details. We use the pre-extracted local image
embeddings [2] for images, and the BiGRU [27] or BERT [4] to
extract local text embeddings. All correlation algorithms default
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Table 2: Comparisons with state-of-the-art methods on
MSCOCO 5K test-set. * denotes the ensemble results of two
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Table 3: Ablation studies of our model on Flickr30K and
MSCOCO 1K.

models. The bests are in bold.

Flickr30K MSCOCO 1K 758
I-T T—-lI Methods I-T T—-I I-T T—-I 759

Methods rSum
R@1 R@5 R@10 |R@! R@5 R@10 | R@1 R@5 |R@1 R@5|R@1 R@5|R@1 R@57®
BUTD+BiGRU BUTD+BiGRU 72;
GPO 56.6  83.6 91.4 393 699 81.1 421.9 w/oDIA | 793 949 | 589 840 | 789 956 | 63.0 90.2 63
MV 56.7  84.1 91.4 403  70.6 81.6 424.6 w/o Ly 81.1 957 | 595 84.6 | 804 96.2 | 642 90.3 -
NAAF* 58.9 85.2 92.0 425 709 81.4 | 4309 w/o I;yz 808 952 | 595 846 | 80.1 962 | 63.7 902
CHAN 60.2 859 92.4 41.7 715 81.7 433.4 w/o I:x 81.6 96.0 | 60.2 848 | 81.2 96.5 | 64.7 90.3 766
NUIF-d 59.3 855 92.0 419 713 81.8 431.8 w/oLy, | 815 958 | 599 847 | 809 964 | 641 90.2 67
DIAS(ours) | 59.8 86.0 925 | 42.7 71.8 82.5 | 435.3 DIAS 81.8 96.1 | 60.7 849 | 813 968 | 649 904
BUTD+BERT BUTD+BERT 760
VSRN++* 54.7 829 90.9 42.0 722 82.7 425.4 w/oDIA | 80.8 955 | 629 859 | 80.7 96.1 | 65.1 91.1 _
MV 59.1 86.3 92.5 425 728 83.1 436.3 w/o Ly 833 962 | 644 878 | 829 97.0 | 669 921
CHAN 59.8 87.2 93.3 449 745 84.2 443.9 w/oLy, | 827 959 | 637 87.2 | 821 9638 | 663 918 .,
HREM* 64.0 88.5 93.7 454 75.1 84.3 450.9 w/o tx 835 96.2 | 644 879 | 83.0 971 | 67.2 922 .
DIAS(ours) | 64.4 889 941 | 472 765 852 | 4563 w/oL, | 834 962 | 640 87.8 | 828 970 | 67.0 922 ,,
DIAS 83.8 96.6 | 645 83.0 | 834 97.1 | 67.6 924 .
H—Ours *—Ours 776

528 —&— L1 sparse 540 —8— L1 sparse

X PR —— = Table 4: The effect of applying dimension information align- 777
E; S24 | e S L L § a2l ment (abbreviated as DIA) to other models. 778
N .
£ si6 < . | Esaufe ey Flickr30K MSCOCO 1K .
z " L 520 [-T T-I [>T T—I s
3 se 10 40 70 104 03 50 10 400 700 1024 Ret Res ‘ R@1 R@s | R@! Res ‘ Ret Re@s .,
k k MV 82.1 958 | 63.1 86.7 | 804 96.6 | 649 91.2 784
+DIA 829 962 | 63.8 872 | 814 96.8 | 65.8 919 s
Figure 6: The effectiveness of sparse correlation algorithm. CHAN | 806 961 | 639 875 | 814 969 | 665 921 75
+DIA 82.0 964 | 642 87.8 | 81.7 969 | 669 923 787
to cosine similarity [28]. The experiments are conducted on an HREM | 840~ 96.1 | 644 880 ) 829 96.9 | 67.1 920 7
NVIDIA GeForce RTX 4090 GPU. We set 30 training epochs, and the +DIA | 842 965 | 646 880 | 830 972 | 675 925 789)
batch size is 128 for Flickr30k and 256 for MSCOCO. Adam optimizer Z;;
is adopted with an initial learning rate of 5e* and decaying by 10% DIAS without dimention information alignment. w/o Ly and w/o 792
every epochs. Ly, denote the lack of inter- and intra-modality spatial constraints, 793
4.2 Comparisons with State-of-the-art Methods respectively. w/o Ly and w/o ]:yz. mean that no sparsity regular- 71
ization is applied on inter- and intra-modality spatial matrices, 795
To verify the performance superiority of our proposed DIAS, we respectively. According to the results shown in Table 3, we have 796
compare it with the state-of-the-art models on two datasets. Ex- the following observations: 797
isting methods are divided into two types based on their feature (1) The effectiveness of model designing. Removing any com- 798
backbones for fair comparisons. The experimental results are cited ponents in DIAS reduced performance, which indicates the pro- 799
directly from respective papers. Our model reports the single model posed dimension information alignment, spatial constraints, and 800
performance without the ensemble improving trick. sparse correlation algorithm are effective for image-text matching 801
Quantitative results on Flickr30K and MSCOCO 1K test-sets are tasks. 802
shown in Table 1. DIAS outperforms state-of-the-art methods with (2) Discussion on dimension information alignment. The 803
impressive margins for the R@K and rSum, and achieves consistent performance of w/o DIA is the worst among the baselines, indi- 804
superiority on different textual encoders. Furthermore, Table 2 cating that aligning dimension information is the most crucial 805
shows the more extensive database of MSCOCO 5K test-set, DIAS component for DIAS. To further discuss the effectiveness of this 806
also performs best on nearly all metrics. component, we apply it to other models. The results shown in Table 807
. . . 4 demonstrate dimension information alignment can also improve 808
4.3 Ablation Study and Discussion the performance of other models to a certain extent. 809
To demonstrate the effectiveness of components in DIAS, we con- (3) Discussion on spatial constraint. The performance of w/o 810

duct ablation studies on both datasets. The baseline w/o DIA means

Ly is inferior to w/o Ly, indicating that introducing intra-modality

811

812
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Figure 7: Performance comparison on varying.

spatial constraint is more effective for DIAS than inter-modality
constraint. This result provides evidence for the viewpoint that
intra-modality constraint is not affected by modality gap and can
directly assist the model in learning robust features.

(4) Discussion on sparse correlation algorithm. The perfor-
mance of w/o Ly and w/o ﬁyz are inferior to the complete DIAS,
suggesting sparse correlation algorithm can assist the model in
learning significant features by selecting strong correlated relation-
ships. To further discuss the effectiveness of this algorithm, we
compared it with the Top-k strategy and L1 sparse strategy. The
Top-k strategy retains the top-k most relevant relationships for
each instance. The L1 sparse strategy constrains the correlation
matrix using the L1-norm. The results as shown in Fig. 6 reveal the
sparse correlation algorithm outperforms these two baselines.

4.4 Robustness Analysis

Parameter sensitivity. We aim to understanding how our model
performs by varying the values of hyper-parameters wg;,,, inrer
and win¢rq, as shown in Fig.7. When varying any of these hyper-
parameters, we fix others with default settings. wg;p,, @inter and
Wintra Obtain optimal results at 10, 0.05, and 0.1, respectively.

Generalization study. To validate the generalization capability
of DIAS in learning latent semantics, we conduct cross-validation
experiments following [40]. Specifically, we use the model trained
on MSCOCO dataset to evaluate its zero-shot transferability on
Flickr30K test-set. The result shown in Table 5 indicates our pro-
posed DIAS exhibits stronger generalization ability than the base-
line, confirming DIAS is capable of learning cross-modality latent
semantics.

5 CONCLUSION

This paper proposes a novel image-text matching model based on
dimension information alignment and sparse spatial correlation
algorithm (DIAS). We explicitly align information representation
of embeddings in corresponding dimension, to address the issue
of lack of rationality in correlation calculation caused by modality
gap. Additionally, by introducing inter- and intra-modalities spatial
relationships, we enhance the constraints during the cross-modal
interaction. More importantly, we propose a sparse correlation
algorithm to select strong spatial relationships to reduce the re-
quirement for symmetric of embeddings, allowing the model to

Table 5: Generalization ability comparison of models
trained on MSCOCO and validated on Flickr30K test-set.

I-T T—I S

R@! R@5 R@10 |R@1 R@5 R@10| "
BUTD+BiGRU
Baseline | 532 821 887 | 425 711 795 | 417.1
DIAS | 692 912 950 ‘ 545 794  87.0 ‘476.3
BUTD+BERT
Baseline | 60.6 854 914 | 467 737 818 | 439.6
DIAS | 739 922 962 ‘ 576  80.8 876 ‘488.3

focus on learning more significant structural features. Extensive
experiments and analyses conducted on two datasets show the
superiority and rationality of DIAS.
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