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Abstract

Cross-modal image-text retrieval aims to precisely match visual content with
natural language descriptions, a task pivotal in multimodal understanding.
Despite advancements in feature extraction and alignment, mainstream meth-
ods are constrained by isolated global or local matching strategies. This paper
introduces a Cross-Modal Retrieval Network with Multi-Scale Feature Enhance-
ment and Semantic-Aware Adaptive Fusion. The proposed method integrates
visual and textual representations across different hierarchies, dynamically fil-
ters redundant visual information, and intensifies focus on regionally relevant
image-text pairs. An adaptive fusion mechanism, guided by semantic com-
plexity, intelligently balances global and local similarities. Experiments on
Flickr30K and MS-COCO datasets demonstrate superior performance, validat-
ing the effectiveness and robustness of our approach.Our code is available at
https://github.com/SUZILI7/MSSA

Keywords: Cross-Modal Image-Text Retrieval; Multi-Scale Feature Extraction;
Adaptive Similarity Fusion; Semantic Complexity; Dynamic Sparse Aggregation



1 Introduction

Driven by advancements in Al and social media, multimodal data—mnotably images
and text—has grown exponentially [1].Consequently, uncovering correlations between
these heterogeneous modalities is a critical imperative. As a core cross-modal
task, image-text retrieval (ITR) aims to match semantically relevant content across
modalities (e.g., text-to-image search). Fundamentally, this task bridges the vision-
language “semantic gap” offering significant theoretical value and supporting practical
applications like e-commerce search [2] and visual question answering (VQA) [3].

Early research primarily mapped global image and text features into a common
latent subspace [4, 5], but often failed to achieve fine-grained alignment. To miti-
gate this, attention-based mechanisms [6], and Transformer-based unified encoders
[7-9]have been introduced to explore deeper semantic interactions.

Despite these advancements, two critical limitations persist. First, Vision Trans-
former (ViT)-based encoders typically partition images into numerous fixed-size
patches [10], many of which contain redundant background noise that degrades
retrieval precision. Second, existing approaches often rely on a single alignment strat-
egy—either global or local—rendering them inflexible when handling descriptions of
varying complexity. As illustrated in Fig. 1, simple descriptions often favor global
matching, whereas complex scenarios necessitate fine-grained local alignment.
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Fig. 1 Limitations of existing alignment paradigms. Fine-grained methods often suffer from insuffi-
cient semantic guidance when dealing with short, concise texts, whereas coarse-grained methods are
highly susceptible to semantic misalignment for richly descriptive texts.

To address these limitations, we propose the Multi-Scale Semantic Alignment
(MSSA) framework. Our approach integrates visual and textual representations across
different hierarchies to ensure both global consistency and local discriminative power.
Specifically, a dynamic sparse aggregation mechanism is utilized to filter redundant



visual information and intensify focus on relevant image-text pairs. Crucially, we intro-
duce a Semantic-Aware Adaptive Fusion (SAAF) mechanism that quantifies textual
complexity (e.g., length and entity density) to dynamically balance global and local
similarities. This enables an intelligent strategy that adaptively modulates alignment
granularity based on the semantic richness of the text.

The main contributions of this study are summarized as follows:

e We propose a Multi-Scale Feature Integration (MSFI) mechanism to enhance the
representational capacity of global features. By leveraging the final-layer global
context as a supervisory signal to guide the adaptive weighting of intermediate hier-
archical features, MSFT effectively integrates multi-scale visual information while
mitigating noise and information bottlenecks.

e We introduce a Hard-Mask Visual-Text Matching (HMVTM) module to enhance
fine-grained alignment. Inspired by the hard assignment encoding paradigm [11],
HMVTM targets core regions with the highest cross-modal relevance and filters
irrelevant local pairs, significantly improving retrieval precision.

® We design the SAAF mechanism guided by textual complexity. By quantifying
attributes such as length, semantic density, and lexical diversity, SAAF dynamically
modulates the fusion weights of global and local similarities to achieve context-aware
retrieval.

® We conduct extensive experiments on the Flickr30k and MS-COCO benchmarks.
The results demonstrate that our method significantly outperforms state-of-the-art
approaches, validating its effectiveness and robustness in diverse scenarios.

The remainder of this paper is organized as follows: Section 2 reviews related work;
Section 3 details the proposed method; Section 4 presents experimental results; and
Section 5 concludes the study.

2 Related Work

2.1 Global and Local Feature Matching

Global and Local Feature Matching Early research established joint embedding frame-
works using CNNs and GRUs [12] , with VSE++ [13] introducing hard negative mining
to enhance global alignment. To capture fine-grained details, local alignment meth-
ods like SCAN [6] pioneered cross-attention for region-word matching. Subsequent
refinements have modeled intrinsic region relationships [14], incorporated negative
constraints [15], or filtered representative pairs to suppress redundancy [11]. To han-
dle noise in Vision Transformer patches, frameworks such as HREM [16], IRRA [17],
and LAPS [18] have explored multi-level semantic capture, implicit reasoning, and
language-aware filtering. Additionally, the Visual Anchor Alignment module [19] was
proposed to mitigate imprecise local selection by mining representative image regions.

2.2 Multi-Level Alignment and Pre-training

Large-scale pre-training models, including CLIP [9], ALIGN [20], ALBEF [8], and the
BLIP series [21, 22] leverage massive datasets to learn generalizable features. Despite



their success, integrating multi-level features remains crucial to prevent information
loss. Researchers have sought to jointly optimize global and fine-grained alignments
[23, 24] or utilize saliency detection [25] to boost performance. Notably, Zhu et al. [19]
introduced multi-level semantic consistency (MSCA) to partition textual information
into hierarchical layers. From a feature integration perspective, Ma et al. [26] proposed
the MLSS framework, combining Transformers with GCN-based multi-label classifiers
to supplement local details.

2.3 Research Motivation

While existing methods [6, 11, 19, 26] have advanced the field, most rely on static align-
ment strategies that do not adapt to varying textual complexity. Our work addresses
this gap by integrating alignment strategies with textual complexity analysis, pro-
viding a dynamic mechanism that balances global consistency with local fine-grained
details.

3 Proposed Method

The architecture of the proposed Multi-Scale Semantic Alignment (MSSA) frame-
work is illustrated in Fig. 2. It builds upon the foundational structure of LAPS [18]
and is primarily composed of four key components: the Image-Text Feature Extrac-
tion Module, the Sparse Aggregation Module, the Global/Local Similarity Calculation
Module, and the Similarity Fusion Module. Detailed internal structures and the under-
lying mechanisms of these core components are further elaborated in the subsequent
subsections.
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Fig. 2 The overall architecture of the proposed MSSA framework. For a given image-text pair (I,T),
a dual-stream Transformer encoder is first employed to extract visual patch features and textual
word features, incorporating multi-scale and global information. Subsequently, the image sparsifica-
tion module identifies visually relevant patches guided by a language supervision mechanism. The
aggregation module then consolidates these patches to generate distinctive semantic representations.
On this basis, the local similarity calculation module matches each textual token with the most com-
pelling evidence in the visual space. Concurrently, the global similarity is computed via dot-product
operations on the multi-scale features. Finally, the similarity fusion module (guided by semantic com-
plexity analysis) adaptively outputs the final similarity score of the image-text pair.



3.1 Image-Text Feature Extraction Module

The core objective of this module is to obtain cross-modal features that pos-
sess both global semantic consistency and local fine-grained discriminative power.
To achieve this, we adopt a symmetrical design incorporating “Global Feature
Extraction” and “Multi-Scale Feature Integration.” This architecture effectively guar-
antees the consistency of cross-modal feature alignment and the completeness of the
representation.

3.1.1 Image Feature Extraction via MSFI

The image feature extraction module is constructed based on the Vision Transformer
(ViT-base) [27]. The input image is first resized to a resolution of 224 x 224 and fed into
the ViT model to extract multi-level visual features. To preserve visual information
across different semantic hierarchies, the model simultaneously extracts the hidden
states from the backbone network’s intermediate layers (specifically, layers 1, 3, and 5)
to serve as multi-scale local features. These features are then projected into a unified
dimension D. The global image feature Vyopa is obtained from the feature vector
corresponding to the [CLS] token in the final layer, which is similarly projected into
the D-dimensional space.

To further augment the representational capacity of the global features, we propose
an attention-guided Multi-Scale Feature Integration (MSFI) mechanism. Specifically,
the global feature is first expanded to match the spatial dimensions of the local features
at each layer. It then interacts with these local features individually to generate fused
embeddings. Subsequently, these embeddings are processed through a fully connected
layer followed by Softmax normalization to generate attention weights for each local
feature. Finally, the weighted multi-scale features are aggregated along the spatial
dimension and fused via a linear layer to yield the enhanced multi-scale global image
feature. The framework is illustrated in Fig. 3.
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Fig. 3 Image Feature Extraction Module



For the features at the k-th scale (where k € {1,3,5}), the weighted aggregated
result is computed via a global feature-guided attention mechanism:

N
u®) = Z vz(»k) - Softmax (MLP(VEM) ©) MLP(VQZO)) (1)
i=1

where vgk) denotes the feature of the i-th image patch at the k-th scale. The aggregated

features from the three scales (corresponding to layers 1, 3, and 5) are concatenated
and then projected through a linear layer to generate the enhanced global image
feature:

‘N/glo = Linear ([u(l), u®), u(5)D . (2)

3.1.2 Text Feature Extraction

Text feature extraction utilizes the BERT [28] model as its backbone. The input text
is first tokenized and then fed into BERT to obtain the hidden state representations
for each token. The global text feature Ty, is derived from the [CLS] token of the last
layer and projected into a d-dimensional space. To capture the fine-grained semantic
structure within the text, the model simultaneously extracts the hidden states from
the first layer of BERT to serve as local features, which interact with the global feature
via a bottom-up attention mechanism.

Specifically, the global and local features are mapped through separate fully
connected layers and combined via element-wise multiplication to generate a fused
representation. This representation is further processed by a fully connected layer and
normalized using Softmax to yield attention weights for each token. Finally, the local
features are weighted and summed according to these weights to obtain the enhanced
global text feature Tg;,.

The attention weights for the local text features are computed under the guidance
of the global feature, formulated as follows:

B; = Softmax (MLP(t;) © MLP(Ty,)) (3)

where t; € R? denotes the local feature of the j-th token. The enhanced global text
feature is obtained by computing the weighted sum of the local features across all
tokens:

_ M
Tg10 = th - Bj- (4)
j=1

3.2 Sparse Aggregation Module

The large number of image patches generated by the visual encoder often contain
redundant background information irrelevant to text semantics. Furthermore, individ-
ual image patches may lead to matching ambiguity due to semantic incompleteness.
These issues hinder the effective utilization of the features extracted in Section 3. To



address this, our model adopts the “Sparse-Aggregation” two-stage framework pro-
posed in LAPS and improves its sparsification strategy, aiming to achieve adaptive
selection of key image patches.

3.2.1 Dynamic Sparsification

Dynamic sparsification implies that the number of retained visual patches, K, is deter-
mined dynamically rather than using a fixed selection ratio, thereby enabling the
model to adapt to diverse matching scenarios.

Specifically, a base sparsity ratio rpqse is first initialized. A fine-tuning offset is then
added to this base ratio to obtain the dynamic sparsity ratio 74, calculated as follows:

Tdyn = Clamp (rpase + - (0 (WpVgi0) — 0.5),0.2,0.8) (5)

where W), denotes the linear projection weights, and o(-) represents the Sigmoid func-
tion. We center the output of the Sigmoid function by subtracting 0.5 and introduce
a scaling factor p (set to 0.1 in our experiments). This constrains the learned offset
within a small range of [—x/2, 11/2]. Finally, the number of retained visual patches K
is determined by:

K= [Tdyn X N—| (6)
where N denotes the total number of original visual patches.

Once the number of retained patches K is determined, we implement a saliency-
based selection strategy. A learnable parameter «, is introduced to dynamically
balance the contributions of image self-attention and cross-modal attention. This
enables the model to adaptively decide whether to prioritize visually salient objects
or text-relevant regions during the pruning process. Accordingly, the comprehensive
importance score for each visual patch is calculated as:

Uscore = Qy * Osel f + (1 - a'u) * Aeross- (7)

Subsequently, all visual patches are sorted in descending order based on their scores
Vscore, and the top-K patches are selected to form the retained visual features, denoted
as Vieieet-

To prevent the loss of non-key yet beneficial semantic information caused by over-
sparsification, we perform a weighted average on the discarded patches based on their
image self-attention scores. This aggregates them into a fused visual feature Vigirq-
This representation aims to preserve information from secondary regions in the image,
serving as a supplement to the set of key aggregated visual patches.

3.2.2 Key Feature Aggregation

Feature aggregation facilitates the integration of correlated information, effectively
mitigating the issue of semantic fragmentation [29] that may arise among key visual
patches following dynamic sparsification. The aggregation module employs a network
composed of a normalization layer, two linear layers, and a GELU activation func-
tion to learn a set of weights for each visual patch in Vet Based on these weights,



multiple relevant visual patches are aggregated via weighted summation into sev-
eral aggregated visual patches, where each represents a more complete semantic unit.
Finally, these aggregated visual patches are concatenated with the previously gener-
ated fused visual feature Veyirq to form the final optimized image feature V,4,. This
feature possesses a more comprehensive semantic structure, providing a higher-quality
representation for the subsequent similarity calculation.

3.3 Similarity Measurement
3.3.1 Global Similarity calculation

To enhance the model’s capability in capturing the holistic semantic information of
image-text pairs, we design a global similarity calculation module. Specifically, the
global features of both images and texts are first subjected to Lo normalization. This
step aims to eliminate discrepancies in feature magnitudes, thereby stabilizing the
subsequent similarity calculations. Subsequently, the global similarity is computed
using the dot product.

Formally, for a batch of images, let vy, € RB»*d denote the normalized image
features (where B, represents the batch size and d is the feature dimension). Let

%f;l)o € R'™¥9 denote the normalized feature of the i-th text. The global similarity

between the i-th text T; and all images I within the batch is calculated as follows:
Soto(1, T:) = Tyt~ (Fy)"- (8)

3.3.2 Local Similarity Calculation via HMVTM

Traditional local similarity calculations are prone to interference from irrelevant
matches, leading to the dilution of key alignment signals. To address this, we design
the HMVTM module, which employs Visual Hard Attention [11] to achieve precise
alignment by focusing each text token on its best-matching visual evidence.

First, we apply Lo normalization to V4, and the text tokens to eliminate magni-
tude discrepancies. Subsequently, we compute the cosine similarity between them to
obtain the fine-grained similarity matrix S, where S; ; denotes the matching degree
between the i-th visual patch and the j-th text token.

To mask invalid regions (padding), we construct mask matrices for both visual and
textual features. For visual features V44 let [, denote the actual number of patches for
each sample in the batch, and K., be the maximum number of patches. We construct
an index matrix Z, € RBv*Emax and define the visual mask as M? = I(Z, < l,),
where I is the indicator function (taking the value 1 if the condition is met, and 0
otherwise). Similarly, based on the effective text token length I; and the maximum
token count M., we construct the text mask M?. The joint mask M is obtained via
matrix multiplication:

M=M"(MY)T. (9)



Subsequently, guided by M, we fill the invalid regions in S with —oo:

Sij =

~ {Si,j, if M; ;=1 (10)

—00, otherwise.

Finally, we perform max pooling on S along the visual dimension. This implies that
for each text token t;, we select only the similarity of the best-matching visual patch
as its alignment score s;. This “Hard Alignment” mechanism effectively filters out
noise introduced by irrelevant patches, thereby focusing on the most critical image-text
correspondences.

Finally, the final local similarity is obtained via a Log-Sum-Exp (LSE) pooling
operation with a configurable temperature coefficient 7 (default set to 0.1):

Sioc(I,T) = log iexp(sj/T) . (11)

3.4 Similarity Fusion via SAAF

In image-text retrieval, the importance of global and local cues varies significantly
with the textual context. Simple descriptions focusing on isolated objects rely pre-
dominantly on global semantic consistency. Conversely, elongated queries depicting
complex scenes with intricate spatial relations demand precise alignment of local enti-
ties. To address this discrepancy, we propose the Semantic-Aware Adaptive Fusion
(SAAF) strategy, as illustrated in Fig. 4. This mechanism dynamically modulates
the contributions of global similarity Sglobal and local similarity Slocal based on the
intrinsic semantic complexity of the text.
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Fig. 4 Semantic Complexity-Guided Similarity Fusion Module

First, we design an Interpretable Complexity Analyzer. This module compre-
hensively evaluates the semantic complexity of the text from three complementary
dimensions, ultimately generating a normalized complexity score Cieyy:

1. Text Length (C.,): According to the actual number of tokens of the text (nword)
it is mapped to four preset intervals: if ny,0rq < 5, the score is 0.2; if 5 < nyorg < 10,
the score is 0.4; if 10 < Nyyorg < 20, the score is 0.6; if ny0rq > 20, the score is 0.8.



2. Semantic Density (Cgensity): This metric quantifies the concentration of non-
redundant semantic concepts within the text. To avoid overestimating density due
to synonyms (e.g., “puppy” and “dog”), we employ embedding-based cosine sim-
ilarity for robust redundancy detection. Specifically, for a token sequence T =
t1,t2,..., 7|, a token t; is marked as redundant if its maximum similarity with
any other token tj (k # j) exceeds a threshold 6 (set to 0.9). Accordingly, Caensity
is formulated as:

Tl (1, if max cos(t;,tx) < 0.9

1 )
C’dcnsit = T 1sk<j (12)
YT ; 0, otherwise

3. Lexical Diversity (Cg;,): This metric evaluates the breadth of the semantic space
covered by the text [30]. We quantify this by computing the average dispersion of
token embeddings across feature dimensions [31]. Formally, let ¢;; denote the value
of the j-th token at the i-th dimension. Cy;, is defined as:

D
1
Cygiv =0 (DZIVBI (til,ti2>~-~7ti\Ti\) —b) (13)

where D is the embedding dimension, Var(-) denotes the variance, o(-) is the
Sigmoid function, and b is a bias term.

To synthesize a comprehensive complexity score Ci,t, We aggregate the three met-
rics using a scheme that prioritizes semantic density for short texts, while emphasizing
length and diversity for longer ones. A lightweight fusion network then predicts a base
local weight w, taking Sioe, Sgio, and Cieqe as inputs.

To amplify the regulatory impact of text complexity, we introduce a bias term to
rectify the base weight, yielding wqq;:

Wadj = min (maX (w + ﬁ ' Ctext7 O) ; 1) (14)

where [ is a hyperparameter controlling the bias intensity. The final image-text
similarity S'¢inq is derived via dynamic fusion:

Sﬁnal = Wadj * Sloc + (]- - Wadj) . Sglo (15)

By employing this strategy, the model can adaptively accommodate texts of varying
complexities.

3.5 Loss Function

Following previous methods, we use the bi-direction triplet loss with hard negative
mining [13]:

Latign =3 [o=5(1,7)+5 (1,7)] L o= s(1,7)+5(1,7)] . g
(I,7)
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where « represents a margin parameter, [¢]; = max(z,0), and (I,T) is a pos-

A

itive image-text pair in the minibatch. We represent 7" = argmax;_ .S (I,7) and

I = argmax,;S(i, I) as the hardest negative text and image examples within a
mini-batch, respectively.

Furthermore, we constrain the ratio of the selected patches to a predefined value
p for stable training [32], using a mean squared error loss to supervise the process.
Finally, we combine the cross-modal alignment loss L4159, With ratio constraint loss

Eratw:
&Y
L= Ealign + Lratio,  Lratio = (p - N Z Dl) : (17)
=1

At the inference stage, instead of using the Gumbel-Softmax sampling, we directly
select constant IN,.

4 Experiments and Analysis

4.1 Datasets and Evaluation Metrics

We evaluate our model on two benchmark datasets: Flickr30K [33] and MS-COCO
[34]. Flickr30K consists of 29,000 training, 1,014 validation, and 1,000 test images.
MS-COCO comprises 82,738 training, 5,000 validation, and 5,000 test images. Results
are reported based on the average of 5-fold cross-validation on the 1K test set and the
performance on the full 5K test set. The primary evaluation metrics include Recall@K
(R@QK), which measures the proportion of correct matches within the top-K retrieved
results (for K=1, 5, 10), and rSum, defined as the summation of all R@QK scores across
both image-to-text and text-to-image retrieval tasks.

4.2 Implementation Details

The experiments were implemented on two NVIDIA L20 GPUs running on an Ubuntu
system equipped with 200GB of RAM. We employed the Vision Transformer (ViT-
Base) with a patch size of 16 x 16 as the visual encoder, and BERT as the text encoder.
The input images were resized to resolutions of 224 x 224 or 384 x 384, resulting in grid
patches of 14 x 14 and 24 x 24, respectively. To unify the feature spaces, an additional
linear layer was introduced on top of the encoders, mapping features to a common
dimension of D = 512.

The entire framework was trained using the AdamW [35] optimizer with a batch
size of 64 for 30 epochs. The initial global learning rate was set to 0.0002. We adopted
a multi-step learning rate decay strategy, where the learning rate was decayed to 30%
of its current value at epochs 9, 15, 20, and 25. The margin in the loss function was
fixed at 0.2. Regarding specific hyperparameters, the weight parameter 5 was set to
0.8. For the ViT backbone, the selection ratio p and the aggregation ratio A were set
to 0.5 and 0.6, respectively.
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4.3 Experimental Results

To evaluate the effectiveness of the proposed MSSA model, we conducted an extensive
comparative analysis against several mainstream methods [19, 36-48]. As demon-
strated in Table 1, MSSA achieves competitive results across various backbone
configurations, validating its architectural robustness.

To further verify the performance, we carried out comprehensive experiments on
both image-to-text and text-to-image retrieval tasks. For the MS-COCO dataset, we
adopted two standard evaluation protocols: the 5-fold 1K test (averaging results over
five folds) and the full 5K test set. Specifically, we compared our MSSA model with
various state-of-the-art models, including early alignment methods like VSE++ [13]
and SCAN [6], as well as recent representative models such as HREM [16], TGDT
[49], CHAN [11], SGR [50], and LAPS [18]. The comparative results are presented in
Table 2 and Table 3.

Table 1 Performance comparison with state-of-the-art methods on Flickr30K and MS-COCO 1K
test sets.

Flickr30K (1K Test) MS-COCO (1K Test)
Image-to-Text Text-to-Image Image-to-Text Text-to-Image
Method Backbone (Img / Txt) R@l1 R@5 R@10 R@l R@5 R@10 rSum R@l R@5 R@10 R@l R@5 RQ@10 rSum
VSRN ResNet / Bi-GRU 71.3 906 96.0 547 81.8 882 4826 762 938 982 628 89.7 951 516.8
SCAN ResNet / Bi-GRU 674 903 958 486 77.7 8.2 4650 734 938 978 575 873 943  504.1

NAAF ResNet / Bi-GRU 783 941 97.7 589 833 893 501.3 789 96.0 98.7 631 90.8 96.5  524.0
DTAN ResNet / Bi-GRU 79.1 951 971 610 8.9 91.7 5105 80.7 96.6 987 67.0 923  96.7  532.0
KIDRR ResNet / Bi-GRU 80.2 949 98.0 615 845 90.1  509.2 80.9 965 99.0 650 91.1  96.1  528.6
HREM ResNet / Bi-GRU 81.4 965 985 609 8.6 91.3 5143 812 965 989 63.7 90.7 96.0  527.1

CHAN ResNet / Bi-GRU 79.7 945 973 60.2 853 90.7 507.8 79.7 96.7 98.7 638 904 955  525.0
SDE ResNet / Bi-GRU 80.9 947 976 594 8.6 911 509.3 80.6 96.3 98.8 647 914 96.2  528.0
GAD ResNet / Bi-GRU 80.1 96.0 979 602 8.5 904 5101 80.6 964 983 644 908 96.0 5265
MiC ResNet / Bi-GRU 81.2 96.7 98.1 60.3 855 90.2 512.0 815 97.1 98.7 649 91.0 96.5  529.7
GLF ResNet / Bi-GRU 81.7 965 986 61.8 852 90.7 5144 818 96.6 989 652 90.5 957  528.7

BOOM ResNet / Bi-GRU 82.1 964 983 615 86.0 914 5157 80.5 96.7 99.0 645 91.1 963  528.1
RANet ResNet / Bi-GRU 8.1 96.1 976 625 871 922 5165 815 96.7 987 657 919 965  531.0

AME ResNet / GloVe 771 951 973 612 861 915 5083 66.1 785 987 63.7 901 956  522.7
ESA ResNet / GloVe 82.6 959 98.1 61.1 859 911 514.7 79.6 96.5 98.7 635 909  96.1 525.3
ESL ResNet / GloVe 83.9 964 988 625 873 923 521.2 813 968 99.1 653 91.0 968  530.2
CORA ResNet / GloVe 823 96.1 98.0 63.0 874 928 519.6 81.7 96.7 99.0 66.0 920 96.7 532.1
MSCA ResNet / GloVe 844 96.0 984 701 892 928 5309 829 972 989 712 929  96.7  539.7
LAPS ViT / BERT 79.0 96.0 981 67.3 90.5 945 5254 786 963 989 680 924 968  531.0
MSSA ViT / BERT 82.1 96.4 98.4 68.9 92.0 957 533.5 81.8 97.3 99.3 70.3 93.4 97.3 539.2

As evidenced by the experimental results, the proposed MSSA model consistently
outperforms existing state-of-the-art methods across both datasets, underscoring the
efficacy and robustness of our multi-scale adaptive fusion architecture. Specifically,
on the Flickr30K benchmark using the ViT-Base-224 backbone, MSSA achieves
a notable 3.1-point increase in rSum compared to the baseline LAPS. This per-
formance margin further expands to 8.1 points when utilizing the ViT-Base-384
backbone, demonstrating a substantial competitive advantage over contemporary
retrieval models.

On the 1K and 5K test sets of MS-COCO, our method achieves the optimal
performance regardless of whether ViT-Base-224 or ViT-Base-384 is adopted. For
ViT-Base-384, the rSum of our method is 8.2 points higher than that of LAPS on
COCO-1K.
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Table 2 Comparisons of image-text retrieval performances on Flickr30K and MS-COCO test set.
We list the details of feature encoding, image resolution, and the number of obtained
regions/patches by visual encoder (e.g. ”ViT-Base-224" represents the base-version of Vision
Transformer with 224 x224 image resolution input, regarding 16x 16 pixels as one patch, and
getting 14x 14 visual patches for one image). FG indicates whether it is the fine-grained
cross-modal alignment. Our method is marked bold.

Flickr30K (1K Test) MS-COCO (1K Test)

Image-to-Text Text-to-Image Image-to-Text Text-to-Image

Method FG R@l1 R@5 R@10 R@l R@5 R@I0 rSum R@l1 R@5 R@10 R@l1 R@5 R@10 rSum

Faster R-CNN + BERT-Base, 36 pre-computed regions

HREM X 833 96.0 98.1 635 87.1 924 5204 81.1 96.6 98.9 66.1 91.6 96.5 530.7
TGDT X 613 86.0 914 76.8 93.2 96.4 5051 654 91.8 96.5 785 96.4 98.9 527.5
CHAN X 80.6 96.1 97.8 63.9 87.5 92.6 5185 81.4 96.9 989 66.5 92.1 96.7 532.6

ViT-Base-224 + BERT-base, 14x 14 patches

VSE++ X 71.8 92.8 96.5 59.4 84.7 90.9 496.1 75.0 94.6 98.0 62.7 89.4 949 514.6
SCAN v 69.5 909 956 56.4 83.1 90.0 4856 76.0 95.4 98.1 64.5 90.8 95.8 520.6
SGR v 69.7 90.8 952 59.1 84.1 89.0 488.7 77.2 95.0 98.0 65.1 90.7 958 521.8
CHAN v 69.2 91.8 95.0 584 849 90.6 489.9 77.1 95.1 981 65.0 91.0 96.0 522.2
LAPS v/ 740 934 974 625 87.3 92.7 507.3 78.7 955 983 66.2 91.3 96.2 526.3
MSSA v 75.8 94.2 97.2 62.4 87.6 93.1 510.4 79.3 95.5 98.6 66.1 91.9 96.6 528.8

ViT-Base-384 + BERT-base, 24 x24 patches

VSE++ X 771 957 97.5 65.8 90.2 94.3 520.5 77.0 95.7 984 64.6 91.1 96.2 523.0
SCAN v 754 944 96.9 63.6 88.6 935 5125 76.1 955 985 65.1 91.6 96.3 523.1
SGR v 769 949 98.1 64.2 88.4 93.3 5158 758 95.7 98.6 656 92.0 96.5 524.2
CHAN v 754 945 97.6 63.2 88.6 93.1 5124 781 958 986 66.1 92.1 96.6 527.3
LAPS v 79.0 96.0 98.1 67.3 90.5 94.5 5254 78.6 96.3 989 68.0 924 96.8 531.0
MSSA v 82.1 96.4 98.4 68.9 92.0 95.7 533.5 81.8 97.3 99.3 70.3 93.4 97.3 539.2

Table 3 Image-text retrieval performance on the MS-COCO 5K test set.

Image-to-Text Text-to-Image
Method FG R@1 R@5 R@10 RQ@1 RQ5 RQ@10 rSum

Faster R-CNN + BERT-Base, 36 pre-computed regions

HREM X 62.3 87.6 93.4 43.9 73.6 83.3 444.1
TGDT X 43.3 73.5 83.3 57.5 84.8 91.6 434.0
CHAN X 59.8 87.2 93.3 44.9 74.5 84.2 443.9
ViT-Base-224 + BERT-base, 14x 14 patches

VSE++ X 52.4 80.3 88.8 40.6 70.4 81.1 413.4
SCAN v 53.9 81.8 90.0 42.9 72.3 82.5 423.5
SGR v 54.9 82.8 90.5 42.8 72.2 82.5 425.8
CHAN v 56.3 83.2 90.1 43.0 72.6 82.8 428.8
LAPS v 57.5 84.0 90.8 44.5 74.0 83.6 434.4
MSSA v 57.8 84.9 92.3 44.3 73.9 83.7 436.9
ViT-Base-384 + BERT-base, 24 x 24 patches

VSE++ X 54.9 82.8 90.4 42.4 72.4 82.8 425.8
SCAN v 53.3 81.8 90.0 42.6 72.6 82.9 423.1
SGR v 53.3 81.0 89.6 42.9 73.1 83.7 423.6
CHAN v 55.6 83.8 91.2 43.4 73.6 83.5 431.1
LAPS v 57.4 84.9 92.5 46.4 75.8 85.2 442.2
MSSA v 58.8 86.0 93.5 47.8 76.8 86.2 449.3
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Analyzing the experimental results, we observe that VSE++ relies solely on global
features for image-text alignment. While it possesses the advantage of computational
efficiency, its performance is limited when handling texts with complex semantic rela-
tionships due to its failure to capture fine-grained local semantic interactions. The
SCAN method introduces a dense cross-attention mechanism, mining local correlations
by performing pairwise matching between all image regions and text words. However,
its fully connected attention pattern not only introduces substantial background noise
but also suffers from low computational efficiency.

HREM, TGDT, SGR, CHAN, and our method all focus on optimizing feature
alignment and interaction. However, our approach specifically addresses the core lim-
itations of these preceding methods. Specifically, HREM and TGDT rely heavily on
pre-trained object detectors to extract image features. This non-end-to-end model-
ing approach restricts global context awareness and fails to achieve deep semantic
mining through multi-scale features. SGR attempts to model image-text relationships
via Graph Neural Networks based on similarity graph reasoning. However, when fac-
ing the massive fragmented patches generated by ViT, constructing graph structures
increases computational costs and is prone to introducing false associations. Although
CHAN achieves efficient retrieval through a “hard alignment” strategy, its aggressive
information discarding mechanism often leads to fine-grained semantic discontinuity.
LAPS utilizes semantic information to guide a sparse model in selecting image features.
However, it is susceptible to interference from variations in text expression, resulting
in incomplete retention of effective information and affecting subsequent alignment
precision.

In contrast, our method demonstrates significant advantages. The improved sparse
module more precisely eliminates redundant image patches. Combined with the
HMVTM module, it focuses on the core regions with the highest image-text simi-
larity, effectively mitigating the interference of text expression variations on feature
selection. Simultaneously, we introduce coarse- and fine-grained dual-dimensional sim-
ilarity calculations and utilize the SCGA module to adaptively balance global and
local features based on text complexity. Finally, coupled with the MSFI module, our
method achieves superior retrieval performance and enhanced model interpretability.

4.4 Impact Analysis of Margin Value

To investigate the influence of the margin value « in the Triplet Loss function, we
conducted sensitivity experiments on the Flickr30K dataset using the ViT-Base-224
backbone. By varying a while keeping other components constant, we assessed its
impact on the rSum metric. The results are summarized in Table 4.

The margin « in Triplet Loss serves as a critical constraint that governs the relative
distances between the anchor, positive, and negative samples, it requires the distance
of positive pairs to be smaller than «, while that of negative pairs should be larger.
Experimental results indicate that as the value of « increases, the model performance
(measured by rSum) initially improves before declining. It achieves optimal perfor-
mance at = 0.2, after which a continued increase in « leads to a downward trend.
Consequently, we set the margin value « for the Triplet Loss to 0.2 in this work.
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Table 4 Boundary value impact analysis results.

Boundary Value () rSum
0.0 472.5
0.1 501.3
0.2 510.4
0.3 508.0
0.4 497.7

4.5 Ablation Study

To assess the contribution of the three proposed core modules—MSFI, HMVTM, and
SAAF—to the experimental results, we conducted ablation studies by progressively
integrating each module into the baseline model. Adopting ViT-Base-224 and BERT as
the underlying architecture, the experimental results on the Flickr30K and MS-COCO
datasets are presented in Table 5 and Table 6, respectively.

Table 5 Ablation experiments on Flickr30K dataset (%).

Experimental Method Image to Text Retrieval Text to Image Retrieval rSum
R@l1 R@5 R@10 R@l1 R@5 R@10

Baseline Model 74.0 934 97.4 62.5  87.3 92.7 507.3

MSFI 72.5 923 92.3 61.1  86.3 90.2 496.8

MSFI+HMVTM 76.6 93.7 96.6 61.6 87.5 92.9 508.9

MSFI+HMVTM+SAAF 758 94.2 97.2 62.4  87.6 93.1 510.4

Table 6 Ablation experiments on MS-COCO dataset (%).

Experimental Method Image to Text Retrieval Text to Image Retrieval rSum
R@l1 Ra@5 R@10 R@1 R@5 R@10

Baseline Model 78.7  95.5 98.3 66.2 91.3 96.2 526.3

MSFI 7.0 94.5 97.8 65.5  90.2 95.6 520.6

MSFI+HMVTM 782  95.2 98.2 65.8 91.0 96.0 524.4

MSFI+HMVTM+SAAF  79.3  96.3 98.6 66.1 91.9 96.6 528.8

As shown in Tables 5 and 6, adding only the MSFI to the baseline model leads to
a clear decline in retrieval performance and still falls short of the LAPS benchmark.
This drop is likely due to the feature distribution distortion caused by simple linear
fusion, where multi-scale hierarchical features and sparsely aggregated patches may
overlap or conflict without refined alignment.

However, upon integrating the HMVTM, the model’s performance exhibits a sig-
nificant upward trajectory. On the Flickr30K dataset, the rSum score surpasses LAPS
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by 1.3 points, benefiting from the hard-assignment mechanism that filters textual
expression noise and anchors the most salient visual-textual correspondences. While
the improvement on MS-COCO is less pronounced—due to its relatively concise cap-
tions providing less granular guidance—the multi-scale cues from MSFI successfully
compensate for potential information loss during core-region focusing.

The final integration of the SAAF (Semantic-Aware Adaptive Fusion) module
yields the most substantial gains across both datasets, markedly enhancing model
robustness and generalization. The core strength of SAAF lies in its ability to dynam-
ically modulate the contributions of global and local similarities based on textual
semantic complexity. In scenarios like MS-COCO, where captions may lack exhaustive
detail, SAAF adaptively increases the weight of global context to mitigate the limita-
tions of fine-grained alignment. This adaptive synergy between MSFI, HMVTM, and
SAAF ensures that MSSA maintains superior performance across diverse linguistic
and visual landscapes.

4.6 Visualization and Case Studies

To further validate the rationality and efficacy of our approach, this section selects rep-
resentative image-text pairs—ranging from simple phrases to complex sentences—for
a comparative analysis with the LAPS baseline. We focus on how textual complexity
influences weight allocation and the final similarity scores.

1. A man with a gray helmet on skis on a snowy ski slope.

2. Gray-helmeted person skis on snow.

3. Man holding ski poles standing on a snowy surface in a ski resort.
4. A woman gripping ski poles standing on skis in the snow.

5. A snowy area with a group of skiers rests to the foreground of a ski spot with a small
cabin and a background of bare trees beneath a bright blue sky.

(a)
1. A man looks at his phone at an indoor table.

2. Some people gather around an indoor dining table — one of them is operating a laptop,
and a snack package is also on the table.

3. A group of people cluster by tables in an indoor lounge area: some are looking down at
their devices, while others are interacting with those next to them.

4. A woman in a black top and light gray pants is walking through the hallway of the
indoor lounge area.

5. In the indoor lounge, people cither sit by tables using clectronic devices or chat.
Hanging chandeliers, metal pillars and an extending corridor are visible in the
background, giving the space a lively, busy vibe.

(b)

Fig. 5 On the left are the test images; on the right are their five corresponding descriptions, which
vary in both length and focus.

Fig. 5 presents two images, each paired with five descriptive texts of varying lengths
and focuses. The experimental results for Fig. 5(a) and 5(b) are shown in Fig. 6
and 7, respectively. Both Fig. 6 and 7 share the same layout: subfigure (a) displays
the semantic complexity Chext of the five texts; subfigure (b) illustrates the weights
assigned to global and local similarity; subfigures (c) and (d) respectively show the
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final image-text similarity scores Sgna obtained by the proposed model MSSA and
the baseline model LAPS for the five texts.

Semantic Complexity and Adaptive Fusion Strategy Analysis
(a) Semantic Complexity Distribution (b) Weight Allocation (Local + Global = 1)

3
Sentence ndex

(d) LAPS Similarity

Fig. 6 Experimental Results for the Case in Figure 5(a).

Semantic Complexity and Adaptive Fusion Strategy Analysis
(o) Semantic Complesity Distrbution (b) Weight Alocation (Local + Global = 1)

- Local eight
= Global weight

3 4 s
Sentence ndex

(d) LAPS Similarity

Fig. 7 Experimental Results for the Case in Figure 5(b).

From subfigures (a) and (b) of Fig. 6 and 7, it can be observed that when the
textual semantic complexity is high, the corresponding weight for local similarity
increases significantly, indicating that the model places greater emphasis on local fea-
ture alignment. Conversely, for texts with lower semantic complexity, the weight for
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global similarity is correspondingly higher, reflecting a stronger focus on global fea-
ture alignment. Subfigures (c) and (d) reveal that MSSA achieves a higher average
and lower variance in similarity scores across the five texts, demonstrating its stronger
and more robust image-text alignment capability.

Moreover, the performance difference between the two models becomes particu-
larly pronounced when addressing the challenge of “non-salient local objects” (e.g.,
Text 4 in both experimental cases). Due to the inconspicuous or non-central visual
characteristics of the objects described in Text 4, the LAPS model is highly suscep-
tible to failure caused by the excessive filtering of its sparse attention strategy. For
instance, in the complex scene of Fig. 5(b), LAPS exhibits a sharp drop in similar-
ity score for Text 4. In contrast, the MSSA maintains strong retrieval performance
even on such challenging samples. This advantage can be primarily attributed to the
collaborative mechanism of the model: the SAAF sensitively captures the specificity
of the text and allocates balanced weights to prevent details from being overlooked;
meanwhile, the HMVTM, through its hard-assignment focusing mechanism, compels
the model to concentrate on the core regions most relevant to the textual entities,
effectively filtering out background noise.

5 Conclusion

We propose the Multi-Scale Semantic Alignment (MSSA) framework for enhanced
image-text retrieval. Our approach employs an improved sparse aggregation module
to filter out redundant visual patches, while the MSFI module integrates multi-scale
image features to enhance the precise capture of key semantic regions in images. The
HMVTM focuses on core cross-modal correspondences between image and text. Fur-
thermore, the SAAF dynamically adjusts the weights between global and local features
based on textual semantic complexity. This not only reinforces global semantic con-
sistency but also effectively extracts fine-grained local details from the text, ensuring
both comprehensiveness and relevance in cross-modal feature representation. Overall,
our method effectively balances the trade-off between global semantic matching and
local detail alignment, significantly improving the overall performance of image-text
retrieval. Ablation studies and visualization experiments validate the effectiveness of
each core component and highlight their critical contributions to enhancing retrieval
performance.

However, the proposed method also has certain limitations. When the text contains
figurative language such as metaphors or personification, the semantic complexity
computed by the SAAF may not accurately reflect the true semantic complexity,
thereby affecting the rationality of feature weight adjustment. Additionally, the current
model relies on pre-trained parameters from ViT and BERT for feature extraction, and
its generalization capability on tasks involving low-resolution images or low-resource
languages requires further improvement.
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