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Abstract Image-text alignment serves as a fundamental cross-modal research topic to bridge vision and language. Its key challenge
lies in accurately measuring the similarity of these two heterogeneous modalities. For visual and textual features, most existing methods
leverage cosine or Euclidean distance to measure similarity, where the modality features are directly examined in the whole representation
space. However, we discover that partial local dimensions, forming sub-spaces with the potential semantic representation tendency, contain
more important semantic measurement information. Thus, we argue that existing methods fail to focus on the finer alignment of critical
sub-spaces composed of partial dimensions, leading to limited and inaccurate similarity learning. To address this problem, we propose
a novel optimal feature sub-space-aware similarity learning framework (OPEN), which takes a forward step to focus on the sub-space
composed of local dimensions within modality representations, enabling more subtle semantic alignment and similarity measurement.
Specifically, we first construct hierarchical sub-space-aware patterns for learning similarity, i.e., the sub-space comprised of different sizes
of local dimensions. Then, for the optimality of the OPEN, there are two new aspects: (1) optimal sub-space-aware patterns, where we
reveal which size-level of local dimensions in the sub-space pattern can achieve the optimal performance gains with maximum probability;
(2) optimal combined sub-space-aware patterns, in which we mine the optimal complementarities of different size-level patterns. The
proposed OPEN enjoys the merit of plug-and-play, and we extensively experiment with it on typical cross-modal alignment paradigms
and datasets. OPEN offers consistent and significant performance improvements across different settings, verifying its superiority for
simplicity, generality, and effectiveness.
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1 Introduction

Associating the most prevalent modalities of vision and language is significant for artificial intelligence in under-
standing our real world. Image-text alignment is a fundamental research topic to bridge these two heterogeneous
modalities, which can be used to search aligned texts by a given visual image and vice versa. Although the past few
years have witnessed a surge of studies, it remains challenging to accurately measure the similarity between images
and texts.

During the last decades, existing image-text alignment methods can be mainly classified into two lines, i.e., one-
to-one (020) and many-to-many (M2M). The O20 method maps each image or text as a holistic representation,
and then learns the whole semantic alignment to measure image-text similarity [1]. Representative studies, such
as VSE++ [2], VSEco [3], and CLIP [4], are to constrain the similarity of aligned image-text pairs to be higher
than that of the most similar misaligned one. The M2M method extracts the fragmental representations of salient
image regions (or patches) and textual words, and then learns fine-grained semantic alignment to infer the overall
image-text similarity [5]. One of the most typical studies is SCAN [6], which resorts to the stacked cross-attention
to discover all possible region-word alignments, inspiring a series of attention-based studies [7-10]. Commonly, for
the textual and visual features in whether O20 or M2M, most existing methods [3,11-14] typically use the cosine
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Figure 1 (Color online) (a) The statistical experiments to investigate the role of local dimensions in measuring cross-modal semantic similarity.
We first collect all word-region pairs of certain semantics (e.g., woman, dog, eye, and ear) in the Flickr30K training set. Considering that
the cross-modal semantic similarity of a word-region pair is reflected by all feature dimensions, we select the top-K (K = 50) contributing
dimensions for each pair, and count the co-occurrence probabilities of these dimensions in all pairs with the same semantics, under the state-of-
the-art model [14]. The greater the co-occurrence probability of a dimension, the more important the dimension is for measuring the semantics.
Dimensions with a co-occurrence probability greater than 0.4 are marked with colors, where we can find that only partial dimensions play a
greater role in measuring semantics, and the number of partial dimensions also varies with the corresponding semantics. (b) Most existing
methods typically ignore this property to directly measure similarity in the overall d-dimensional space. (¢) Our method captures the varied
importance of the sub-space composed of partial dimensions of different scales, towards finer and more accurate similarity measurement.

or Euclidean distance to measure their similarity, as shown in Figure 1(b), where the modality feature is directly
measured in the overall d-dimensional representation space.

However, as an interesting finding in Figure 1(a), a portion of local dimensions in the cross-modal features plays
a greater role in measuring semantics. That is, by conducting statistical experiments, we count the co-occurrence
probabilities of the dimensions that have a prominent contribution to the similarity measurement. We discover
that partial dimensions have larger co-occurrence probabilities than other dimensions (e.g., the colored dimensions
represent the parts with a co-occurrence probability greater than 0.4). In other words, in the whole space spanned
by d-dimensions, partial dimensions, constituting a sub-space, are more inclined to represent potential semantics,
which contain more important semantic measurement information. Moreover, as shown in Figure 1(a), as the visual
semantic complexity increases (e.g., the ‘woman’ region requires richer detailed characteristics than the region ‘ear’
to describe), the number of partial dimensions with greater representational tendency also increases. For example,
the number of dimensions with colors in cross-modal semantics ‘woman’ and ‘dog’ is significantly greater than that
in ‘eye’ and ‘ear’. Theoretically, it is consistent with the fact that the more dimensions there are, the more powerful
the representation ability is.

In contrast, existing image-text alignment methods typically ignore this inherent property, i.e., the sub-space
composed of partial dimensions of different scales plays a more important semantic measurement role. Consequently,
existing methods can neither adaptively and dynamically focus on finer alignment of critical sub-spaces, nor explore
the optimal measurement of sub-spaces with varied dimension scales, which may result in limited and inaccurate



Zhang K, et al. Sci China Inf Sci May 2026, Vol. 69, Iss. 5, 152104:3

. R . o B
(a) Feature extraction (b) Optimal feature sub -space-aware learning
— y ~ ~ =
y - Image feature ‘\Feature sub-space-aware pattern M(x,y,n), ne N | Optimal sub-space-aware pattern |
Visual a ( ‘ -
| — = ; 1) | | Statistical probability modeling
| _encoder D X p(n):the probability of pattern at size-level n;
R ves eee / """ that achieves optimal performance
— Region features
2 p(n)  n'~ Max p(n)\
Text feature || | yisual i 3 ‘M(&y,")
the beach with —> | encoder ] —> ‘\5ij s=REY) é\ ( s
Jfishing nets. Men - fishing nets. e . i =
Word features oy 3 3.5 o n, n, /
> 4 s’=R(x’y’) qg g Size level of patterns (b2)
(c) Generalization on existing paradigms - i TR ; ;
. 2 =] Optimal combined patterns
o ! . — =
S = : = ’;y s'=R(x'y") 3 < Dynamic searching
& 2 % - E / =] Mining patterns with size-levels set N*={n,}
£ i T D}M S / , : N s here ol cssbimion pcEtaces
(<] g"n) % Ty ; /[ A ¥ : ‘::‘L/I.\L'U/'L/ O.\U/U(‘/ \
o 2/ extua = Ry > Patterns .
% H M) 2 A= € > 100 QoM y.m)
& g MG, n) r(y,, n) O Q- Q) Nl; :{71}
= A ol o ptima
Vs s e R n OO Q| combined
(c1) One-to-one (¢2) Many-to-many \Feature @ Sub-spaces @ Observation pattern @Measurement _ Tmim:g mzw in mCL;’ epoch) (b3)/

Figure 2 (Color online) An overview of our OPEN framework. (a) Extract visual and textual features. (b) Construct the sub-space-aware
pattern M(X,Y,n), which is comprised of local dimensions at the n size-level, forming the observation pattern for similarity measurement,
with optimality: (1) an optimal pattern, mined by modeling the statistical probability of each size level that achieves optimal performance;
(2) optimal combined patterns, mined by dynamically searching for patterns at different size levels to model their optimal complementarities.
(c) Generalize OPEN to existing paradigms of image-text alignment.

cross-modal semantic similarity learning.

To address the above issue, we propose a novel optimal feature sub-space-aware similarity learning framework
(OPEN) to divide the prior whole space into internal feature sub-spaces, where each sub-space contains partial
dimensions to form a local observation window for more refined semantic similarity measurement, as depicted in
Figure 1(c). Specifically, as shown in Figure 2, the novelty of our OPEN is 2-fold. (1) We propose to reveal
which sub-space-aware pattern can bring the optimal performance gains with maximum probability, explored by a
parallel learning architecture with patterns at different size-level local sub-spaces. Each pattern is achieved by three
steps: designing a local sub-space, obtaining a sub-space-aware pattern, and weighting the similarity measurement.
(2) We propose to mine the optimal combined patterns, where such a design allows us to comprehensively measure
the similarity of latent semantics in the image-text pairs. Taking the output of each pattern as an optional state in the
training process, we derive the optimal state transition equation to dynamically search for their complementarities,
yielding a precise similarity measurement.

Our contributions are summarized as follows. (1) We propose a simple yet effective optimal feature sub-space-
aware similarity learning framework, which enables the capturing of finer alignment of partial dimensions within
the vision-language features. Moreover, we reveal that, for the first time to our knowledge, which size-level local
sub-space can achieve the optimal performance gains with maximum probability. (2) We propose a novel optimal
combination patterns mining method, which dynamically discovers the optimal complementarities of different size-
level sub-space-aware patterns, thereby producing comprehensive and accurate similarity measurements. (3) Our
proposed OPEN framework has the merit of plug-and-play, and we propose a way to equip OPEN with the existing
two typical image-text matching paradigms. Extensive experiments on various settings (e.g., datasets, paradigms,
and local basis designs) verify its effectiveness, where OPEN consistently and significantly brings performance gains,
with relative average overall improvements of 3.78% and 1.78% on Flickr30K and MS-COCO, respectively.

2 Related work

In this section, we first introduce two well-established paradigms in image-text alignment: (1) O20, which typically
represents the whole image or the full text as a holistic feature to measure image-text similarity; (2) M2M, which
focuses on inferring the overall image-text similarity via all fine-grained word-region similarities. Then, we review
the relevant literature on the similarity measurement of cross-modal features.

One-to-one methods. A common solution in this field is to learn a latent embedding space, so that the
similarity between the mapped image and text features can be directly measured. Early studies employ multiple
neural networks to improve the semantic embeddings of images and texts [11,15,16]. Some studies focus on the
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aggregation strategy for the holistic presentation of image or text [3,17,18], such as the policy gradient optimization
for attention (aggregation) weights. There is another line of studies that focuses on designing delicate optimization
functions [2,19], such as the famous hinge-based triplet loss [2]. Recently, there have been some novel optimization
designs [20, 21], such as the ladder loss [20] that constrains a continuous relationship of negative samples, and
the unified training objective [22] that incorporates and improves the current hubness-aware loss function with
momentum contrastive learning.

Many-to-many methods. These studies focus on measuring all similarities between the text words and image
regions, aiming to exploit such fine-grained word-region similarities to infer the overall image-text similarity [3,5,11,
23]. Most studies in this field are based on the attention mechanism [6,8,9,24,25]. One of the most typical approaches
is the attention-based SCAN [6] that attends to the specific regions/words fragments to discover all latent region-
word correspondences. Recent improvements include utilizing local-global and other multi-granularity hierarchical
information [26-28], multi-view semantic modeling to solve semantic ambiguity [29], causal reasoning [30], and
lightweight inference enhancement [31,32]. Meanwhile, a line of methods [24, 33, 34] focus on exploiting external
information to further enhance the association of images and texts. Representative studies include using scene
graphs [34, 35] for relationship modeling to further enhance image-text alignment performance.

Recently, pre-training vision-language models [4, 36-40] based on large-scale image-text data have attracted
widespread attention. The representative CLIP [4] has a wide range of application potential and has shown strong
performance in image and text tasks in multiple fields, including improving efficiency via LiT-tuning [41], biological
microscopy [42], and social image retrieval [43]. Unlike these pre-training studies, our method focuses on the
importance of different sub-spaces of visual and text features in the semantic similarity measurement. Moreover,
the proposed method can be plug-and-play, and we verify the effectiveness of the similarity measurement method
based on the pre-trained backbones.

Similarity learning of cross-modal features. For similarity learning of cross-modal features, most existing
methods typically employ the cosine distance [6-8,34], Euclidean distance, or Hamming distance to measure image-
text similarity, where the whole feature is directly measured in the semantic space. Compared with these metrics
that do not include any learnable parameters, the learnable similarity measurement has received much attention,
since it can adaptively and flexibly capture complex patterns from input cross-modal features. In recent years,
Liu et al. [24] designed the operation to propagate features on the graph through fully connected layers to obtain
similarity, and this operation is used in the later studies [9,44]. Yet this operation essentially adds learnable weights
to each dimension. Different from the above work, our work focuses on the varying roles of sub-spaces composed
of some local dimensions in the overall semantic representation in similarity measurement. Its goal is to achieve a
more refined learning of feature internal sub-spaces and a more comprehensive similarity learning through sub-space
observation patterns at different size levels.

3 Method

The overview of the proposed framework is illustrated in Figure 2, which divides the whole feature space into internal
sub-spaces, serving as a more subtle local observation basis, to reveal the optimal learning pattern for measuring
cross-modal semantic similarity. In this section, we first describe the details of the OPEN framework. Then,
the generalization of our proposed OPEN on existing image-text alignment paradigms is introduced in Subsection
3.2. Finally, we present the objective function in Subsection 3.3. Details about feature extraction can be seen in
Subsection 3.4.

3.1 Optimal feature sub-space-aware learning

Without loss of generality, we define the input visual instance as x, and the textual instance as y, where x can
be the holistic image in O20 or the fragmental region in M2M (symmetrical for y). Our goal is to measure the
similarity between x and y, under the proposed feature sub-space-aware learning framework, which adaptively
learns similarity based on the observation sub-spaces, i.e., composed of local feature dimensions.

As shown in Figure 2, the optimality of our proposed framework includes two novel aspects. (1) Optimal
sub-space-aware pattern, aiming to solve the problem: “Which kind of the sub-space-aware learning pattern is
optimal?”. In fact, the whole feature space can be divided into different numbers of sub-spaces, resulting in varied
observation patterns. This is because in different patterns, the sub-space contains varied numbers of partial local
dimensions, resulting in different semantic expressive capabilities. Thus, we aim to reveal which learning pattern
can achieve optimal performance with maximum probability. (2) Optimal combined sub-space-aware patterns,
aiming to solve the problem: “What sub-space-aware patterns are combinatorially optimal?”. Considering that
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there may be complementary relationships between different sub-space-aware patterns that characterize different
abilities, our target is to search for the optimal combination of the local sub-spaces at different size levels, revealing
their complementarities for optimal performance. Next, we first introduce the construction of the sub-space-aware
pattern, and then elaborate on the optimality of the two aspects in detail.

3.1.1 Constructing sub-space-aware pattern

To address the problem that existing methods typically ignore the fact that the sub-space composed of partial
dimensions of different scales has more important semantic measurement effects, our learning framework proposes
to focus on the internal feature sub-space, through which the cross-modal alignment changes from the whole space
level to the finer sub-space level. Given the input visual and textual instances (z,y), the feature sub-space-aware
pattern is defined as

M (@, y,m), 1)
where M(-,-,n) denotes the learning pattern with n sub-spaces. Note that the number of sub-spaces n can be
various, e.g., n € N/, meaning the different observation patterns. A is the set of possible values for n. Specifically,
for each sub-space-aware pattern M(z, y,n), as shown in Figure 2(b1), there are three steps.

(1) Designing local sub-spaces. Formally, each sub-space is a dimensionally sub-unit divided from the entire
feature representation space, and these sub-spaces are considered to imply latent semantics. For the visual repre-
sentation of x, its local sub-spaces can be obtained as

2%

[(z,n)=[&',..., 2% ...,2"], @)
st. U, &' = =z,
where I'(-,n) is the partitioning function that decomposes the representation  into n internal features, and &' de-
notes the i-th sub-space (the details of I'(-, n) are in Subsection 3.1.4). Symmetrically, we can get the corresponding
local sub-spaces of textual representation Y as I'(y,n) = [§*,...,9% ...,9"].
(2) Obtaining sub-space-aware pattern. The number of n determines how many measurable sub-spaces serve
as the basic unit of semantic similarity observation. Thus, different numbers of sub-spaces constitute varying
observation patterns. Based on the constructed local sub-spaces of  and y, we have

R{&"Y oy A9} = [s',.., 8%, "] €RT, (3)

where R(-) denotes the calculate the relevance s® between the i-th sub-space of visual & and textual §°.

(3) Weighting similarity measurement. To dynamically focus on the crucial sub-spaces in the cross-modal in-
stances, we employ a multi-layer perceptron (MLP) f to weight all observed relevances of local sub-spaces as the
similarity score:

F{sY ) = gwlw(éwkﬁi), (4)

where o(-) is the tanh activation. {wy} and {wy;} are the learning weight parameters.
Finally, the feature sub-space-aware pattern with n sub-spaces can be formulated as

M(wv yvn) = f(R(F((B,TL),F(y,?’L))) (5)

3.1.2  Optimal sub-space-aware pattern mining

For various sub-space-aware patterns, to the best of our knowledge, this is the first time to reveal which kind
of pattern can achieve effective image-text alignment performance gains. Yet, it is challenging since there is no
prior knowledge about the relationship between observation patterns and performance gains. At the same time,
exhausting all possible observation patterns is also impractical. As a feasible alternative, we propose to exploit
probability statistics to indirectly decide which size level of the observation patterns has optimal performance.
Specifically, the set A/ in (1) that determines the type of observation pattern is defined as hierarchical size-levels
N = [n1,...,ni...,nm], n; = 2¢. Note that the observation pattern at each size level can be arbitrary via the
generalized partitioning function in Subsection 3.1.4. All sub-space-aware patterns constitute a parallel learning
architecture.
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For each pattern at the i-th size level n;, we calculate the probability that it can achieve optimal performance as
p(n;). Therefore, the optimal sub-space-aware pattern is

M(z,y,n), ;
s.t. n* ~ 711\/12/)\([ p(ni), i€[l,m], (6)

where n* denotes the size level that has the maximum probability to reach optimal performance.

Concretely, we model the probabilistic relationship between the size level of observation patterns and performance
gains from a statistical perspective, as shown in Figure 2(b2). During the training phase, for each sub-space-aware
pattern M(-, -, n;), i € [1,m], its similarity measurement result in j-th epoch is regarded as a state S, ;, j € [1, €]
(e is the number of training epochs). Thus, at each epoch, we pick the size level with the optimal performance
gains, i.e., n;; ~ Max Z({Sy, j}{%1), n;; € N, where Z(-) denotes the metric (defined in (17)) to evaluate the
image-text alignment accuracy that takes the measured image-text similarities as input and outputs an evaluated
score (the higher the better). Then the probability of each size level is calculated as p(n;) = count(n; = nj ;)/e,
where count(-) represents the number of occurrences of size level n; in the set {n;;}5_;. To make the statistics
valid, we experiment with the statistical probability of n* on different datasets, image-text alignment paradigms,
and local sub-space designs, which are shown in Subsection 4.3.

3.1.3  Optimal combined sub-space-aware patterns

Considering that local sub-spaces at different size levels may have different measurement abilities for latent seman-
tics, e.g., from low-level to high-level, there are likely complementary relationships between various sub-space-aware
patterns. In this section, we are devoted to solving which sub-space-aware patterns combinatorially contribute to
the optimal image-text alignment performance.

Based on the sub-space-aware patterns M(-,-,n;), i € [1,m], we can obtain the training result of each pattern
as Sy, j, J € [1,¢], which is regarded as an optional state for the combined optimal performance. Our goal is to
dynamically mine and search for a set of levels to achieve optimal combined sub-space-aware learning. Consequently,
we formulate it as a discrete dynamic searching problem:

Max I(Zﬁi 'Sm,j)v
! i=1
m (7)
s.t. Zm— <m,k; €{0,1},
i=1

where k; is the discrete decision variable, i.e., k; € {0,1}. For the size level n; of a sub-space-aware pattern, it is
selected when the corresponding k; is 1, otherwise it is discarded; m is the number of total patterns; as defined
in Subsection 3.1.2, Z(+) is the metric (defined in (17)) to evaluate the alignment accuracy of measured image-text
similarities Sy, ; (the higher the better).

We solve the above problem by deriving the optimal state transition equation as

S; =Max{Z(S}_1),Z(S;_1 + Sk)}, kel[l,m],

m m (8)
st {Spyr, = Sort{{M‘ax(I(Smyj))} }
J i=1
where S} is the final optimal state, S§ = 0, and Sort(-) denotes a descending sort operation. For S}, during the
k-step state transition process, we obtain the corresponding r; value according to whether state S,, ; (belonging
to size level n;) has contributed. That is

9)

o — J L when Z(Sp_y + {8, j}x) > Z(S}_,),
! 0, otherwise.
Finally, as shown in Figure 2(b3), according to the search result {x;},, we determine the corresponding size
level set N* = {n; - x;} that models the optimal complementarity of different sub-space-aware patterns for the
cross-modal similarity measurement:

M(@yn) =3 M(z,y,n)), nj €N (10)
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In addition, we also provide a version with continuous weight learning to obtain the optimal combination patterns.
Compared with it, our proposed discrete dynamic search method can produce a more concise and sparse size level
set, which has better performance as verified in Subsection 4.3.

3.1.4  Partitioning function

In this subsection, we focus on the specific implementation of the partitioning function I'(-,n). For the input
visual/textual feature representation, it aims to decompose it into n internal feature sub-spaces. Here, we give two
methods: (1) generalized partitioning and (2) average partitioning. The first method obtains feature sub-space-
aware patterns with arbitrary internal features by a random generator, while the second method obtains a relatively
simpler average internal feature.

First, given the number n, we resort to the random probability generator to obtain [p1,...,p;,...,pn], which
satisfy p; € [0,1] and Y ., p; = 1. Therefore, for each local sub-space &' in (2), it is defined as &' = x;, _,4,,l; =
L(Z;:o pj)-d], where [l;_1 : [;] represents the slice interval in the entire d-dimensions of X, and |-| means rounding
down. Note that the randomly generated p; is likely to be 0, so this random partitioning can generalize the number
of local sub-spaces around n. Second, as a special case of the first one, when all p; are equal, it is the average
decomposition.

3.2 Generalization on existing paradigms

Note that our proposed OPEN framework enjoys the merit of plug-and-play, which means it is easily applied to
existing image-text alignment approaches. We next describe how to equip the OPEN framework M(-,-,n), n € N/
to the two most typical paradigms for image-text alignment, i.e., 020 and M2M, depicted in Figures 2(cl) and
(c2), respectively. The entire training process of our framework is summarized in Algorithm 1.

Algorithm 1 Training process of our proposed OPEN framework.
Input: Images data {I} and texts data {T'}.
Output: Neural network parameters, {r;};~; and {p(n;)}i~.

1: Start training with setting total training epochs e and total patterns m;

2: for j=1,...,e do

3: Construct image-text pairs I-T;

Extract visual and textual features (x, y);

Construct sub-space-aware pattern M(z,y,n), n € N, N = {n;}, 1 € [1,m];
Obtain the local sub-space via (2);

Obtain the sub-space-aware pattern via (3);

Weighted similarity measurement via (4);

9: Obtain image-text similarity via O20 in (11) or M2M in (15);

10: Calculate the loss backward via (16);

11: Record the evaluated similarity results as the state Sy, ;, i € [1,m], j € [1,¢];

12: end for

13: Calculate the statistical probabilities {p(n;)};~, of each pattern to be optimal via (6);
14: Calculate the discrete variable {x;};~; to determine optimal combined patterns via (7);
15: End training.

® NPT

3.2.1 One-to-one

The 020 paradigm tends to represent images or texts as holistic features that measure cross-modal similarity to
learn global-level semantic alignment. Specifically, for the feature representations of a given image-text pair, the
input image and text are represented as I € R'*% and T' € R'*¢, where d is the dimension of feature vectors. Then,
the image-text similarity can be directly measured as

S(L.T.n) = M(L.T.n) (1)

where M(+,-,n) denotes the proposed feature sub-space-aware pattern.

3.2.2  Many-to-many

The M2M paradigm focuses on discovering semantic alignments between all image regions (patches) and text words
at the fragment level, and the overall image-text similarity is inferred from the similarity score of each fragment.
Generally, most M2M methods are based on the attention mechanism.
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Specifically, for the feature representations of a given image-text pair, which consists of p salient image regions
(patches) and ¢ text words, the image is represented by a set of visual features I = {v; | i € [1,p],v; € R?}, while
the text is represented by a set of textual features T = {t; | j € [1,q],t; € R?}, where d is the dimension of feature
vectors. First, similarities of all fragment pairs are computed as s;;, i € [1,p], j € [1,¢q]. Then, there are two
directions to measure the image-text similarity, i.e., image-to-text (i2t) and text-to-image (t2i).

For image-to-text that uses each visual fragment v; as a query, the M2M paradigm aims to weight the relevant
word features as

q ~
exp(A;5)
towy = —PWAS) 12
b= 2wty sty = s (12

where w;; denotes the attention weight between the i-th region and the j-th word, $;; = [si;]+/ ZJ LLsiil2,

[]+ = max(-,0), and X is a scaling parameter. Thus, the similarity score of i-th visual fragment can be measured
by v; and the weighted text feature t; as

5120 = n/é/}\/m('vi’ ti,n), (13)
where note that it is symmetric for each word as the query to measure its similarity score, i.e., st? 5 ./\/lffe‘ n(tj,D5,m).

Since there are two directions of sub-space-aware patterns to measure similarity between vision and language,
the word-region similarities are calculated by

i2t £2i . .
sy = M (i tyn) + M P tyn), i€ Lol jell (14)
Typically, the overall image-text similarity is composed of similarity scores of all regions and words as

Z Z . (15)

S(I,T,n)

'BIP—‘
u:l}—'

3.3 Objective function

Following most existing image-text alignment methods, we adopt the hardest hinge-based triplet ranking loss as
the objective function, which aims to force the similarities of positive (aligned) image-text pairs to be higher than
those of any other negative (misaligned) pairs by a fixed margin. Given a positive image-text pair (I,T) and
all its negative pairs (I,T~) and (I~,T), the hardest samples are selected by I,” = argmax,.7 S(I,p,n) and
T, = argmaxgxs S(q,T,n). Thus, the objective function is written as

LI, T,n)=[y—SI,T,n)+SI, T, ,n)y++[y—-SUT,T,n)+SI, ,T,n)+, (16)

where v denotes the margin parameter, [-]; = max(+,0), and S(I,T,n) is the similarity measured by the sub-space-
aware pattern Myen (-, -, n).

3.4 Feature extraction

For a fair comparison, we adopt the three most used feature extraction settings in existing methods [9,13, 14,22,
26-32,44-48]. They are listed as follows.

(1) BIGRU+BUTD. BUTD refers to the bottom-up attention [49]. The faster R-CNN model in conjunction
with ResNet-101, which is pre-trained on visual genome [50], is adopted to detect objects and other salient regions.
Top-K (K = 36) local regions are selected with respect to each image, and we obtain their mean-pooled convolutional
features with 2048 dimensions. Then, a fully connected layer is used to transform each region into a final d-
dimensional feature. BiGRU refers to the common textual encoder, where each word is first represented as a
one-hot encoding and embedded into an embedding vector; then the vectors are fed into a bi-directional gated
recurrent unit to integrate the forward and backward contextual information. The final word representation is the
average of the bi-directional hidden states. In addition, following some existing studies [13,14], we also report the
performance of the BIGRU encoder enhanced by pre-trained GloVe vectors [51].

(2) BERT+BUTD. The visual encoder uses the same BUTD as above, while the textual encoder uses more
advanced BERT [52], which is a transformer-based model pre-trained on large-scale Wikipedia and Bookcorpus.
We add a fully connected layer for the last layer of pre-trained BERT to obtain word features.

(3) CLIP-based BERT+VIiT. Different from the BUTD that requires explicit object detection, the visual
encoder exploited vision Transformer (ViT) [53] directly uses the image patches as input. Moreover, to discover
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the fine-grained vision-language relationships, we use all output tokens from the CLIP-based ViT encoder and the
CLIP-based BERT encoder as visual and textual features, respectively. The version of CLIP is selected as ViT-B/16
for fine-tuning [4].

3.5 Discussion

Here, we comprehensively discuss the advantages of the proposed OPEN framework and give an in-depth theoretical
analysis. In addition, we also analyze the potential limitations of OPEN and future research in combination with
large language models (LLMs).

(1) Novelty and advantages. Different from existing methods that typically leverage cosine or Euclidean dis-
tance to measure similarity between visual and textual features [6-8,27,29,34,35,43], where the modality feature is
directly examined in the whole representation space, and motivated by the discovery that partial local dimensions,
forming sub-spaces with the potential semantic representation tendency, contain more important semantic measure-
ment information, we propose a novel optimal feature sub-space-aware similarity learning framework, which takes
a forward step to focus on the sub-space composed of local dimensions within the modality representation. We
highlight our advantages as follows. (i) Changing the cross-modal semantic similarity measurement from the prior
whole representation space to the sub-space composed of partial local dimensions enables a more subtle semantic
alignment similarity measurement. Moreover, we reveal that the pattern at the middle size-level has the maximum
probability of being optimal, which can be directly used as a prior to improve semantic alignment. (ii) An optimal
combination pattern mining method is designed, which dynamically discovers the optimal complementarities of
different size-level sub-space-aware patterns, thereby producing more comprehensive and accurate similarity mea-
surements. (iii) Our proposed OPEN framework has the merit of plug-and-play, and we devise the way to equip
OPEN to the existing two typical image-text matching paradigms, verifying its effectiveness.

(2) In-depth theoretical analysis. In the representation space spanned by d-dimensions, from the perspective
of the dimensional space involved in semantic similarity examination, in contrast to existing similarities, e.g., cosine
or Euclidean distance, which only leverage a single level of granularity, i.e., the whole space, our proposed method
introduces new similarity examination granularities, namely, the sub-space composed of dimensions of different
size levels. In theory, the proposed framework increases the examination granularity of semantic alignment from
the entire space to the different sub-spaces composed of internal local dimensions, thereby improving semantic
alignment.

(3) Potential limitations. We analyze two potential limitations of the proposed method in real-world appli-
cations. (i) Image-text data with complex semantic polysemy: for polysemous words with multiple semantics in
the real world, e.g., ‘mouse’ can mean both a mouse and a rat, the improvement of visual-linguistic cross-modal
similarity calculation may not be sufficient to model this semantic ambiguity. (ii) Image-text data with different
aesthetic qualities: for data with different qualities, especially in terms of aesthetics, i.e., whether the image has
a suitable composition or a high-level visual communication effect, the proposed method may not have the ability
to distinguish. However, the proposed method can be enhanced by combining multi-view modeling [54, 55] and
aesthetic image annotation [56].

(4) Future research in combination with LLMs. First, LLMs can be leveraged to generate more precise tex-
tual semantic embeddings, thereby enhancing image-text alignment. Additionally, from the perspective of semantics
and sub-spaces that focus on their semantic similarity, consider the hierarchical relationship between different se-
mantics (e.g., ‘person’ can represent both sub-objects ‘man’ and ‘woman’), which can be obtained through LLMs
with extensive prior knowledge of sub-object relationships. Based on this semantic sub-object relationship, how to
explore the relationship between their hierarchical semantically important sub-spaces, such as the sub-space that
focuses on the semantics of ‘person’ and the sub-space that focuses on the semantics of sub-objects like ‘man’ or
‘woman’. Combining the explicit semantic hierarchical relationship parsed by LLMs to constrain the semantically
important sub-spaces may further enhance the performance, which can be explored in future work.

4 Experiments

4.1 Datasets and implementation details

4.1.1 Datasets

Two generic datasets are used to validate the effectiveness of our proposed OPEN, where each dataset consists of
a large number of images, and every image is annotated with five ground-truth descriptions. (1) Flickr30K: there
are 31000 images and 155000 texts. We follow the standard split protocol in [5], using 1000 images for testing,
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1000 images for validation, and 29000 images for training. (2) MS-COCO: it contains 123287 images and 616435
sentences. Based on previous work [57], we split it into 5000 test images, 5000 validation images, and 113287
training images. Performance on MS-COCO is calculated by averaging over 5-fold of 5k test images.

4.1.2 FEwvaluation metric

The commonly used evaluation metric in image-text matching is RQK (K = 1,5,10), which means the percentage
of ground truth in the retrieved top-K lists. Moreover, following existing studies [3,6,24], we also adopt rSum that
is the sum of all RQK in both text retrieval, i.e., image-to-text, and image retrieval, i.e., text-to-image, directions
as

rSum = R@1 + R@5 + R@Q10+ RQ1 + R@5 4+ RQ10, (17)

image-to-text text-to-image

which reflects the overall image-text matching performance.

4.1.3 Implementation details

The proposed OPEN is implemented using PyTorch. All experiments are conducted on an NVIDIA GeForce RTX
A40 GPU and adopt the Adam optimizer with 0.0005 as the initial learning rate. Without additional explanation,
the proposed OPEN is built based on the O20 method VSEoco [3]. In addition, we also verified the effectiveness of
our method on other M2M methods; see Subsection 4.3. For O20-based OPEN; the training epoch is set to 20 with
the learning rate decaying by 10% every 10 epochs, and the batch size is set to 128. For M2M-based OPEN on both
Flickr30K and MS-COCO, the training epoch is set to 20 with the learning rate decaying by 10% every 10 epochs;
the batch size is set to 32; the scaling parameter A is set to 20. For fair comparisons, the dimension d of visual or
textual features is set to the same as in existing methods. The i-th size-level is determined by n; = 2¢, i € [1,m)].
m is selected by 2™t = d, i.e., m = 9. The lengths of the two full connection layers are n; and | = [n;/2] ([-]
means rounding up). The margin parameter v is set as 0.2.

In all feature extraction settings, including (1) BIGRU+BUTD, (2) BERT+BUTD, and (3) CLIP-based BERT+
ViT, except for the bottom-up attention BUTD, using pre-trained visual object detector Faster-RCNN and visual
encoder ResNet-101 to extract image salient region features (exactly following the existing methods [3]), which
can be regarded as frozen, the rest are not frozen. As in the existing methods, in all settings, a mapping layer is
added after the visual encoder and text encoder, respectively, to map the visual and text features to the common
representation space.

4.2 Quantitative results

4.2.1 Comparison with state-of-the-art methods

To adequately verify the effectiveness of our proposed OPEN framework, we report the performance comparisons
with the recent state-of-the-art models on the two benchmarks, where we provide two versions of single models
OPEN(g-) and OPEN(a-), with respect to different partitioning methods of local sub-spaces, namely generalized
and average partitioning defined in Subsection 3.1.4. Existing methods are divided into four types based on their
feature backbones for fair comparisons.

Table 1 shows the quantitative results of our method on the Flickr30K test set and MS-COCO 1k test set.
We can observe that the proposed OPEN significantly outperforms state-of-the-art models [9, 13, 14, 22, 26-32,
44-48] with respect to all the evaluation metrics on both datasets. Compared with the existing state-of-the-art
methods in different feature backbone settings, i.e., BIGRU+BUTD, BiGRU(GloVe)+BUTD, and BERT+BUTD,
our approaches yield relative average improvements of 3.78% and 1.78% in rSum on Flickr30K and MS-COCO,
respectively. Compared with the baseline method VSEco on the two datasets, our framework yields relative average
improvements of 5.35% and 8.25% in R@1 on image-to-text and text-to-image directions, respectively. As shown in
Table 2, OPEN outperforms state-of-the-art models [9,13,14,22,26-31,44-46] on all evaluation metrics in testing
on the MS-COCO 5k test set. The consistent improvements of OPEN demonstrate its effectiveness and superiority.

Besides, based on the vision-language pre-trained feature backbone, as shown in Table 3, we verify the effectiveness
of the proposed method OPEN based on two settings, CLIP-ViT-base-2244+CLIP-BERT-base, and CLIP-ViT-large-
384+ CLIP-BERT-large [4]. From the results, we can see that compared with the baseline methods [4,35-40], where
the modality feature is directly examined in the whole representation space via cosine or Euclidean distance, our
proposed feature sub-space-aware visual-language cross-modal similarity learning framework can achieve better
alignment performance.
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Table 1 Comparisons with state-of-the-art methods on the Flickr30K test set and the MS-COCO 1k test set. * means ensemble results. The
best results are in bold.

Flickr30K dataset MS-COCO (1k) dataset
Method Image-to-text Text-to-image Image-to-text Text-to-image
rSum rSum
R@1 R@5 R@10 R@1 R@5 R@10 R@1 R@5 R@10 R@1 R@5 R@10

BiGRU+BUTD
SGRAF™(’21) [9] 77.8 94.1 97.4 58.5 83.0 88.8 499.6 79.6 96.2 98.5 63.2 90.7 96.1 524.3
CMCAN(’22) [44] 77.5 94.3 96.9 58.8 82.9 88.9 499.3 79.9 96.6 98.8 63.3 90.4 96.2 525.2
NAAF(’22) [13] 75.9 93.6 97.7 55.5 81.0 87.9 491.5 76.8 95.2 98.2 61.3 90.6 96.0 518.2
DRCE*(’23) [45] 77.3 94.6 97.4 58.5 83.1 89.3 500.2 79.1 96.4 99.0 63.6 90.3 95.9 524.3
ESL(’24) [28] 78.5 95.4 97.8 56.6 83.1 89.4 500.8 78.8 96.3 98.8 62.4 90.1 95.7 522.1
OPEN(-a) 78.4 95.0 97.9 58.8 84.4 90.9 505.4 80.2 96.5 98.7 64.1 90.9 96.2 526.6
OPEN(-g) 79.1 95.7 98.1 58.9 85.1 90.6 507.8 80.1 96.7 98.9 63.9 90.7 95.9 526.1
BiGRU(GloVe)+BUTD
HREM(’23) [46] 79.5 94.3 97.4 59.3 85.1 91.2 506.8 80.0 96.0 98.7 62.7 90.1 95.4 522.8
CHAN(’23) [47] 79.7 94.5 97.3 60.2 85.3 90.7 507.8 79.7 96.7 98.7 63.8 90.4 95.8 525.0
DSRLN(’24) [26] 78.8 95.3 97.7 59.9 85.8 91.9 509.5 79.0 96.3 98.7 64.0 90.6 96.0 524.6
LMG-C(’24) [32] 79.6 95.5 98.5 61.0 84.5 90.5 509.6 78.2 96.3 98.6 63.1 89.9 95.5 521.6
ESL(’24) [28] 82.0 95.5 98.5 60.6 86.3 91.7 514.7 79.2 96.6 98.7 63.3 90.4 96.0 524.2
NUIF-d(’24) [30] 81.8 95.7 98.0 59.0 83.9 89.9 508.3 79.9 96.7 99.0 63.9 90.4 95.8 525.7
OPEN(-a) 82.3 95.9 98.6 60.9 86.4 91.5 515.6 79.9 96.8 99.1 64.4 91.2 96.3 527.7
OPEN(-g) 83.0 95.8 98.9 61.1 87.3 91.9 518.0 80.1 96.6 98.7 64.5 91.5 96.0 527.4
BERT+BUTD
VSRN++%(22) [48] 79.2 94.6 97.5 60.6 85.6 91.4 508.9 77.9 96.0 98.5 64.1 91.0 96.1 523.6
CHAN(’23) [47] 80.6 96.1 97.8 63.9 87.5 92.6 518.5 81.4 96.9 98.9 66.5 92.1 96.7 532.6
HREM(’23) [46] 83.3 96.0 98.1 63.5 87.1 92.4 520.4 81.1 96.6 98.9 66.1 91.6 96.5 530.7
X-Dim(’23) [14] 83.6 96.0 98.4 65.0 88.7 93.1 524.8 82.2 97.2 99.1 66.9 92.0 96.6 534.0
Multi(’25) [29] 83.2 96.5 98.5 63.6 87.9 92.7 522.4 80.6 96.7 98.8 66.1 91.5 96.3 530.0
USER(’24) [22] 82.7 97.0 98.3 63.1 86.7 92.1 519.9 82.8 96.8 98.8 66.1 90.6 95.6 530.5
HiCer(’24) [27] 84.0 96.6 98.4 64.4 88.1 93.0 524.6 82.6 96.9 98.8 67.9 91.5 96.2 533.8
ESL(’24) [28] 83.5 96.3 98.4 65.1 87.6 92.7 523.7 82.2 97.1 99.0 66.2 91.9 96.7 533.1
IMEB(’24) [31] 84.2 96.7 98.4 64.0 88.0 92.8 524.1 82.4 96.9 99.0 66.7 91.9 96.6 533.5
NUIF-d(’24) [30] 83.9 96.5 98.2 67.9 89.2 93.6 529.4 83.3 97.3 98.9 69.2 92.7 96.9 538.2
OPEN(-a) 84.3 97.2 99.5 67.9 89.3 94.9 532.2 84.2 97.3 98.9 69.7 93.0 97.5 540.6
OPEN(-g) 83.9 97.7 99.7 67.9 89.9 94.4 533.5 84.0 97.4 99.2 69.9 92.7 97.3 540.5

Moreover, we also compare with state-of-the-art visual-language pre-training models [36-40] on the Flickr30K
test dataset. We can see that OPEN brings competitive performances compared to the mainstream VLP models.
Our OPEN achieves R@1 = 96.1% for image-to-text retrieval and R@Q1 = 85.7% for text-to-image retrieval, which
brings good values for real applications.

The performance improvements on all experiment settings, i.e., different partitioning methods of local bases,
baselines of image-text paradigms, and datasets, show the superiority of our general framework for non-uniformly
measuring the similarity between visual and textual features, which makes the semantic alignment measure take a
forward step to finer local bases within textual/visual features, enabling more accurate similarity measurement.

4.2.2  Optimality of sub-space-aware pattern

As we analyzed in Subsection 3.1.1, the different size levels of sub-space enable the similarity measurement of cross-
modal semantic alignment with varying observation patterns. Thus, we expect to mine and reveal which kind of
sub-space-aware learning pattern can bring the optimal performance in Subsection 3.1.2.

To comprehensively and clearly reveal the relationship between different size-level patterns and performance,
we show the performance states of all patterns at each epoch in Figure 3 under different baseline models. Ex-
perimentally, we can observe that the middle size-level, i.e., n;,i € {4,5,6}, can usually be the peak of the state
surface in Figure 3. At the same time, we statistically reveal the probability that each pattern can achieve optimal
performance, as shown in Figure 3. From the statistical perspective, the pattern at the middle size-level has the
maximum probability to be optimal.

To reveal the optimal pattern more accurately, we further calculate the probabilistic relationship on different
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Table 2 Comparisons on MS-COCO 5k test set. * means ensemble results. The best results are in bold.

Method Image-to-text Text-to-image Sum
R@1 R@5 R@10 R@1 R@5 R@10

BiGRU+BUTD
SGRAF(’21) [9] 57.8 - 91.6 41.9 - 81.3 272.6
CMCAN(’22) [44] 57.6 84.6 91.1 41.0 70.1 81.2 425.6
NAAF(’22) [13] 57.3 84.3 91.9 41.6 70.5 81.7 427.3
DRCE*(’23) [45] 56.2 83.0 90.9 40.3 69.5 80.6 420.5
ESL(’24) [28] 58.0 84.6 91.8 40.7 70.1 80.8 426.0
OPEN(-g) 59.4 85.3 92.1 42.0 71.7 81.9 432.3
OPEN(-a) 59.6 85.5 92.1 41.8 71.8 82.2 432.9
BiGRU(GloVe)+BUTD
NAAF (’22) [13] 55.8 84.0 91.5 41.4 70.2 80.3 423.3
HREM (’23) [46] 58.9 85.3 92.1 40.0 70.6 81.2 428.1
DSRLN(’24) [26] 57.7 84.9 92.4 41.2 71.7 82.3 430.2
ESL (’24) [28] 58.6 85.4 92.0 41.6 70.8 81.3 429.8
NUIF-d(’24) [30] 59.3 85.5 92.0 41.9 71.3 81.8 431.8
OPEN(-g) 60.0 84.6 92.1 42.5 72.6 82.9 434.7
OPEN(-a) 59.7 85.8 92.3 42.2 72.3 82.6 434.9
BERT+BUTD
X-Dim(’23) [14] 62.7 87.0 93.3 45.1 73.6 83.4 445.1
HREM(’23) [46] 64.0 88.5 93.7 45.4 75.1 84.3 450.9
Multi(’25) [29] 59.8 86.0 92.8 43.4 73.6 83.6 439.2
USER(’24) [22] 63.7 87.4 93.5 44.8 73.4 82.7 445.5
HiCer(’24) [27] 63.2 87.6 93.8 46.8 75.5 84.2 451.1
ESL (’24) [28] 63.0 87.4 93.5 44.3 74.1 84.0 446.3
IMEB(’24) [31] 62.8 87.8 93.5 44.9 74.6 84.0 447.6
NUIF-d(’24) [30] 65.2 88.8 94.2 48.3 76.8 85.7 459.1
OPEN(-g) 65.0 88.7 94.9 49.7 76.4 85.5 460.2
OPEN(-a) 65.8 88.8 94.7 49.4 76.8 85.9 461.4

Table 3 Comparisons with the pre-trained visual-language models (VLM). # represents the zero-shot. ‘ft’ denotes the fine-tuned baseline.
Equipped with OPEN, and bold indicates performance that exceeds the fine-tuned baseline. The results of proposed method are in bold.

Method Image-to-text Text-to-image

R@1 R@5 R@10 Ra@1 R@5 R@10
UNITER [36] 87.3 98.0 99.2 75.6 94.1 96.8
VILLA [37] 87.9 97.5 98.8 76.3 94.2 96.8
UNIMO [38] 89.4 98.9 99.8 78.0 94.2 97.1
SGG-MVAR [35] 93.9 99.3 99.8 82.4 96.4 98.4
ALIGN [39] 95.3 99.8 100.0 84.9 97.4 98.6
ALBEF [40] 95.9 99.8 100.0 85.6 97.5 98.9
CLIP-ViT-base-224+CLIP-BERT-base
CLIP 4 [4] 81.3 96.4 98.5 62.2 85.7 91.7
Baseline s 91.7 99.0 99.5 79.1 95.2 97.6
+OPEN(-a) ¢+ 92.1 99.2 99.8 80.5 95.5 97.9
+OPEN(-g) ¢ 92.0 99.4 99.9 80.3 95.8 97.8
CLIP-ViT-large-384+CLIP-BERT-large
CLIP 4 [4] 86.7 98.0 99.1 67.0 88.8 93.3
Baselinef; 94.5 99.1 99.5 84.5 97.0 98.1
+OPEN(-a) s¢ 95.9 99.7 99.9 85.8 97.5 98.9
+OPEN(-g) £+ 96.1 99.8 100.0 85.7 97.8 99.0

datasets, i.e., Flickr30K and MS-COCO, which are depicted in Figures 4(a) and (b), respectively. The overall
probabilistic relationship of cross both datasets is shown in Figure 4(c). We can get that all of them have a
similar statistical significance with respect to the pattern at the middle size-level, where n;, i € {5,6} are more
important than n;, ¢ = 4. The reason is that too few sub-spaces cannot exhibit the power of finer semantic
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Figure 4 (Color online) Statistical probability across different datasets.

measurement, while too many sub-spaces lead to the degradation of their representation ability. This reveals a
prior for similarity observation patterns in internal sub-spaces of cross-modal features. In Subsection 4.3.1, we also
verify the effectiveness of directly utilizing this prior.

4.3 Ablation study

4.3.1  Effect of framework designing

As shown in Table 4, both (1) average and (2) generalized OPEN models can bring considerable performance
improvements, demonstrating the robustness of our framework. The following models are investigated based on the
average version of our OPEN framework with BIGRU+BUTD backbone.

(3) The hierarchical size-levels of sub-space designing. When the hierarchical structure is not complete, e.g.,



Zhang K, et al. Sci China Inf Sci May 2026, Vol. 69, Iss. 5, 152104:14

Table 4 Effect study of framework designing on Flickr30K and MS-COCO.

Flickr30K dataset MS-COCO dataset
Method Image-to-text Text-to-image Image-to-text Text-to-image
Ra@1 R@10 Ra@1 R@10 Ra@1 R@10 R@1 R@10
Baseline 76.5 94.2 56.4 83.4 78.5 98.7 61.7 95.6
(1) OPEN (average) 78.4 97.9 58.8 90.9 80.2 98.7 64.1 96.2
(2) OPEN (generalized) 79.1 98.1 58.9 90.6 80.1 98.9 63.9 95.9
(3) OPEN (w/o hierarch) 76.1 93.7 56.3 84.5 78.4 94.6 62.2 96.5
(4) OPEN (FC-learning) 68.9 95.4 53.2 86.0 73.4 90.2 49.0 89.6
(5) OPEN (w/o mining) 7.4 97.0 57.5 89.9 79.1 97.2 63.3 95.4
(6) OPEN (w-mid-levels) 76.9 95.0 57.0 86.5 78.8 96.1 62.9 95.7
(7) OPEN (CW-learning) 77.9 95.4 58.2 89.4 79.6 97.7 63.5 95.9
(a) Discrete dynamic searching (b) Continuous weight learning
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Figure 5 (Color online) Visualization of the size-level set mining for optimal learning, where (a) is the discrete results of our proposed OPEN,
and (b) is a continuous weight learning version.

m = 3, relative to the full hierarchies, we can find performance degradation, proving the effectiveness of the
comprehensive hierarchical design.

(4) The goal of our OPEN is to measure critical local sub-spaces, while the intuitive approach is to apply weights to
each dimension, i.e., directly using full connection (FC) layers. Thus, we experiment with the FC version of OPEN,
which can be seen as inferior. It may be because when there is only one dimension to represent latent semantics,
whose representation ability is minimal, which verifies the necessity and effectiveness of our sub-space-aware design.

(5) When the optimal combination sub-space-aware pattern mining is ignored, the performance degrades. Since
not all size levels can observe effective latent characteristics, and the optimal state between each level cannot be
mined, blindly using non-optimal levels may introduce interference.

(6) Based on the optimality prior of sub-space-aware patterns in Subsection 4.2.2, we only use the middle-level
sub-spaces for training (i.e., n = 4,5,6). At this time, we can also find that the performance is improved compared
to the baseline, indicating that this prior can also be used directly to improve performance without calculating
all sub-space levels. Yet, this prior is only a simple validity verification, since it cannot guarantee the optimal
combination performance of all potential size-levels.

(7) In contrast to the proposed discrete dynamic mining, we also investigate continuous weight learning that uses
learnable weights to sum all size levels. As depicted in Figure 5(a) that shows all optional states of OPEN model,
based on the dynamic searching results, our method can produce more concise and sparse results, while continuous
weights have many non-zero values as Figure 5(b), which leads to subtle disturbance, e.g., ‘OPEN (CW-learning)’
is worse than ‘OPEN (average)’ in Table 4.

4.3.2  Generality and efficiency

(1) To further verify the generality of our optimal sub-space-aware learning, we apply the proposed OPEN to more
representative models, including typical holistic matching methods VSE++ [2] and VSEoo [3] (020-based), and
the typical cross-attention methods SCAN [6], and BFAN [7] (M2M-based). As shown in Table 5, compared with
the baselines, we observe that our OPEN can significantly improve the performance with respect to all evaluation
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Table 5 Performance comparison of the OPEN framework on different baselines on Flickr30K and MS-COCO. *: Reproduced results using
the same feature backbone for fairness. The results of proposed method are in bold.

Flickr30K dataset MS-COCO dataset
Method Image-to-text Text-to-image Image-to-text Text-to-image
rSum rSum
R@1 R@10 R@1 R@10 R@1 R@10

SCAN 6] 67.9 94.4 43.9 82.8 452.2 69.2 97.5 54.4 93.6 493.9

+OPEN(g-) 76.1 97.5 58.1 90.0 499.5 77.2 98.3 61.3 95.4 516.7

+OPEN((a-) 78.6 97.8 58.3 89.9 504.0 7.7 98.6 61.9 95.5 519.2

M2M-based

BFAN [7] 64.5 — 48.8 — 280.3 70.9 - 58.8 - 312.9

+OPEN(g-) 77.6 98.0 58.8 90.2 503.7 77.9 98.9 61.7 95.6 518.6

+OPEN(a-) 79.2 97.7 59.8 90.3 506.3 78.2 98.5 62.3 95.8 520.5

VSE++ [2] 58.1 91.4 41.6 79.9 426.0 65.7 96.3 52.1 92.5 481.8

+OPEN(g-) 66.2 94.1 50.0 85.4 462.7 71.5 97.5 56.9 94.1 500.2

+OPEN((a-) 66.9 93.1 49.7 85.1 460.1 72.3 97.8 57.3 94.7 503.6

020-based

VSEoo [3] 76.5 97.7 56.4 89.9 498.1 78.5 98.7 61.7 95.6 520.8

+OPEN(g-) 78.4 97.9 58.8 90.9 505.4 80.2 98.7 64.1 96.2 526.6

+OPEN(a-) 79.1 98.1 58.9 90.6 507.8 80.1 98.9 63.9 95.9 526.1
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Figure 6 (Color online) (a) Visualization of the importance of different local sub-spaces (internal dimensions) at specific size-level patterns,
e.g., 1, 3, 5, 7 on the OPEN model, where the darker the color, the greater the importance. (b) Retrieval cases comparison, which shows the
top 3 ranked images and texts, where the correct ones are marked in green.

metrics, which demonstrates the superiority of our framework.

(2) The increased learning parameters in our OPEN framework are the MLP in (4), which are negligible compared
with the baseline model. Specifically, with the fair settings (same batch size and running environments), the
matching time required for the Flickr30K test set is at the same level as the baselines. For example, for OPEN
based on VSEoo [3], the average retrieval time is 0.9365 x 1076 s, which is similar to that of [3], i.e., 0.2428 x 10~ C s.
It verifies that our OPEN can achieve effective performance gains with a slight extra computation.

4.4 Visualization and case analysis

To better understand the effectiveness of our proposed model, we provide the visualization to show the learned
weights for different size-level local sub-spaces, which are depicted in Figure 6(a). We show the cases corresponding
to specific size-levels (e.g., 1, 3, 5, 7) in the best model of OPEN(g-) and OPEN(a-), respectively. Obviously,
under the different size-level sub-space patterns, the local dimensions constitute different importance for similarity
measurement, i.e., the dark green part within the whole feature. It verifies our key idea that measures the similarity
between images and text from different size-level local sub-spaces, thus capturing the finer alignment of crucial
latent characteristics within the features.

Specific image-text retrieval cases are shown in Figure 6(b). Compared with the baseline, in which cross-modal
feature similarity is directly examined in the whole representation space, our OPEN can non-uniformly capture the
important finer alignment between such local feature dimensions, thereby achieving more precise similarity retrieval
between images and texts.
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5 Conclusion

In this paper, we propose a novel OPEN. Different from existing methods, our OPEN devises the optimal learning
pattern to further align finer local sub-spaces within the feature. Mainly, we propose optimal combined sub-
space-aware patterns, which dynamically discover the optimal complementarities of different size-level sub-space-
aware patterns. Besides, we also reveal that the pattern with the middle-size-level sub-spaces can achieve optimal
performance gains with maximum probability. Extensive experiments demonstrate the superiority of simplicity,
generality, and effectiveness of our OPEN framework. For future work, we intend to exploit this general framework
for other vision-language tasks, such as video-text retrieval and visual grounding.
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