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Abstract—With the rapid growth of multimodal data, cross-
modal retrieval has become increasingly important in both the
natural and remote sensing domains. Cross-modal hashing is
appealing for its compact storage and efficient retrieval. However,
most existing methods rely primarily on intramodal similarity,
overlooking structural and fine-grained information. To address
this limitation, we propose a fine-grained attention-based multiple
similarity matrix derived from transformer output, which aggre-
gates local concept-level features to capture more representative
semantics. In addition, we design a loss framework combining
semantic consistency, discrete quantization, and feature recon-
struction alignment. By using the semantic feature reconstruction
based on the automatic encoder framework, our approach unifies
cross-modal similarity. Extensive experiments on two public and
one remote sensing datasets demonstrate clear advantages over
state-of-the-art methods.

Index Terms—Cross-modal retrieval, hashing, fine-grained se-
mantics

I. INTRODUCTION

With the rapid advancement of multimedia technologies, the
volume of multimodal data has been growing at an unprece-
dented rate. In particular, the proliferation of online platforms
and the development of remote sensing technologies have
resulted in massive repositories of heterogeneous data such
as images, text, and satellite observations. [1] Consequently,
efficient retrieval and analysis of relevant information across
different modalities has become an essential task in both
academic research and practical applications. Cross-modal re-
trieval aims to bridge the semantic gap between heterogeneous
modalities and enables users to query data in one modality
while retrieving related data in another.

Hashing-based methods have attracted increasing attention
in cross-modal retrieval due to their advantages in storage
efficiency and query speed. By encoding high-dimensional
multimodal data into compact binary hash codes, these ap-
proaches enable large-scale similarity search in a low com-
plexity manner. [2] Yet, traditional hashing techniques often
focus on global similarity [3]-[5] , which may not capture
subtle variations within multimodal data. This limitation is
particularly evident in scenarios such as remote sensing, where
data usually contain complex spatial structures, fine-grained
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object details, and diverse semantic contexts. Neglecting these
properties can reduce the retrieval accuracy.

Recent works [6]-[10] have explored various strategies to
improve cross-modal hashing, including matrix factorization,
graph convolution, and adversarial consistency learning. While
these methods achieve improvements, most of them still de-
pend on coarse similarity structures or intra-modal relations,
overlooking the importance of fine-grained semantics across
modalities. Moreover, the heterogeneity of multimodal features
further complicates similarity modeling, making it difficult to
unify global and local semantic information in a coherent hash
representation. Thus, current methods struggle to generate
hash codes that are both discriminative and robust to noise
and data imbalance.

To address these issues, we propose a Multi-modal Fine-
grained Semantic-preserving Cross-modal Hash Learning Al-
gorithm (MFSH). We first leverage the feature representations
encoded by Transformer to construct multiple fine-grained
similarity matrices. These matrices are capable of capturing
global semantic associations, as well as localized fine-grained
interaction information across modalities. These similarity ma-
trices serve as supervisory signals for a heterogeneous graph
convolutional network, enabling more effective cross-modal
information aggregation and the generation of semantically
consistent hash codes. Furthermore, we design a semantic
feature reconstruction module that aligns the reconstructed
features with their original counterparts, thereby enhancing the
robustness and generalization ability of the learned codes.

II. METHODOLOGY

In this section, we elaborate the proposed Multi-modal
Fine-grained Semantic-preserving Cross-modal Hash Learning
Algorithm (MFSH). Fig. 1 shows the framework of MFSH,
which contains the Fine-grained Similarity Matrix Construc-
tion module, Cross-modal Information Aggregation module
and Semantic Feature Reconstruction module. In the Objective
Function section, we describe the loss functions designed to
train the network.
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Fig. 1: The framework of MFSH. This method utilizes an end-to-end graph convolutional network as a cross-modal hashing
function, mapping image and text data into a hash space. The supervision information used by the network is derived from the
multi-granularity similarity matrices constructed based on the outputs of the Transformer Encoder. Furthermore, an effective
objective loss function is designed based on the network structure and cross-modal retrieval characteristics.

A. Notations and Problem Definition

Let the training dataset O = {o;},_,, where each instance
with both image and text modalities. We use modality-specific
feature extractors to extract feature representations from the
raw image and text data. These features are expressed as V =
{Vl,Vg,Vg, e '7Vn} S RnXd”, T = {tl,tz,tg, < '7tn} S
R™*dt Here, n represents the number of instances, while d,
and d; represent the feature dimensions for images and text,
respectively. Furthermore, the hash code representations of the
image and text instances can be denoted as B, = {—1,+1} €
R™*" x € {V, T}, where r represents the length of the hash
codes.

B. Multi-Granularity Similarity Matrix

To capture both global and local semantic information, we
construct multiple similarity matrices.
Firstly, a global rough similarity matrix is constructed

Si =Sy + (1 —a1)Sr (H

where Sy and St are intramodal cosine similarity matrices.

Additionally, the image feature V = {v1,va,vg, -, vy}
is input into Transformer Encoder to get an extended implicit
semantic concept representation:

{Cv,}}_, = TransformerEncoder(V) (2)

Specifically, an image feature v; through semantic decom-
position obtain Cy,; = {ci,c2,---,ck} € RF*de Text

modality is processed in this way. For the k£ implicit semantic
representations of graphics and text, an affinity matrix of £ x k

is calculated, where each point d;; is the cosine distance
corresponding to the implicit semantics. In order to take
advantage of the local fine-grained similarity between images
and texts, we apply text-to-visual annotations to pay attention
to the area of each text chunk. The attention weight of each
region is calculated as follows

exp()qdij)
i exp(Aidis)
Among them, A; is used to adjust the inverse temperature
of Softmax and strengthen the effect of Softmax. Then the

accompanying visual features of the j-th text chunk are calcu-
lated as follows

~ij = Softmax(\yd;;) = @

. ,
aj =3, 17ijC, “4)

Then calculate the correlation between the j-th text chunk and
the whole image:
al - c!

Finally, the similarity from the whole text to the whole image
is defined as

R(aj, cl) (%)

= cos(ay, cl)=

k
S1sp(T,V) =log(3>_ exp(AaR(al,c})™  (6)

j=1

LSE is the abbreviation of Log SumExp pooling, and A is
used to amplify the influence of the item with the highest
correlation.Similarly, the similarity from the whole image to



the text can also be calculated. Finally, the expression for the
local fine-grained similarity matrix S is

So =aSrse(V,T)+ (1 — a2)Srse(T,V) @)

Finally, the expression of multi-modal fine-grained similarity
matrix S is

S=p£S1+(1-08)S2 (8

where o and [ denote the hyper-parameters for tuning the
contributions of each component.

C. Hashing Process

The multi-modal fine-grained similarity matrix defined in
the previous section and the graphic features V,7T" are syn-
chronously transported to the corresponding graph volume
product GCN module to obtain more structural semantics. The
process of drawing and rolling of each layer is as follows

HUH) = o(D- 28D *HOWY) )

where m € {V,T}, Di; = > Sij, W as a convolution
filter of the m modality at the [ level, o(-) is the activation
function of GCN at the [ level. Through this two-layer graph
convolution network, modality-specific semantic features with
rich graph structure semantics are obtained

Fay = GCNy (V,04,) (10)

Far = GCNp(T, 04) (11)
04, and 0, is the parameters of network. Using the hash code
of one modality to reconstruct the depth feature of another
modality can enhance the correlation and reduce the gap,
which can be realized by introducing an automatic coding and
decoding module. First, input the Fgyv, For obtained in the
previous step into the automatic encoder, and add a hash layer
to obtain the graphic hash code representation:

H. = Enc(Fg., 9.) € R™" x € {V,T} (12)
Where 9, is the parameter of each encoder of graphics
and text. Next, the non-discretized codes Hy , Hp are fused
to obtain a unified representation He, from which binary
codes are generated using tanh(-) as a relaxation of the sign
function:

B. = tanh(H,),* € {V,T,C} (13)
Finally, the decoder reconstructs the feature vector of another
modality with different modal hash codes. The formula of this
process is as follows, dy and o7 is the parameters of network:

V = Dec(Br,d7) € R (14)

T = Dec(By,dy) € R™*% (15)

D. Objective Function

1) Semantic Joint Consistent Loss: The algorithm aims to
ensure that the latent representation reflects the correlation
between the original instances and that the similarity structure
is preserved as much as possible in the hash codes. To achieve
this, a semantic joint consistent loss is introduced, which is
formulated as follows

Lsjo=||S—BIBy|% + S — BEBy|

(16)
+[|s - BEBe|,

2) Discrete Quantization Loss: Our goal is to ensure that
the latent modal semantic information contained in Hy, Hp
is preserved as much as possible in the unified binary repre-
sentation B¢ and to minimize the quantization error during
the quantization process. To this end, we propose the discrete
quantization loss as follows

Lprs =|Bc —Hy|z +[Be —Hr|3 (17

3) Feature Reconstruction Alignment Loss: Utilizing the
hash codes of one modality to reconstruct the features of
another modality allows for the thorough learning of latent
semantics between modalities and facilitates cross-modal inter-
action. By aligning the reconstructed features with the original
features, we have designed the following feature reconstruction
alignment loss:

12 _2
R A
F F
To sum up, the overall objective function is
L=Lsjc+mLprs+ p2Lrra (19)
The expression mentioned above includes two hyper-

parameters ji1, jt2, Which are used to balance the weights of
the loss functions from different modules.

III. EXPERIMENTS

A. Datasets and Setup

We conduct experiments on MIR-Flickr25k [11], NUS-
WIDE [12] and RSICD [13]. MIR-Flickr25k is an image
classification dataset with 24 categories and 25,000 images.
NUS-WIDE, used for image annotation, has 81 categories
and 269,645 images. In our case, we use the common 21
labels as an image retrieval dataset. For the first two datasets,
we randomly selected 2000 instances as the query set, and
the remaining instances formed the retrieval set. Additionally,
5000 instances were randomly sampled from the retrieval
set to form the training set. The visual content was rep-
resented using a 4096-dimensional AlexNet feature, while
the textual content was represented using a 1386-dimensional
bag-of-words (BOW) feature for MIR-Flickr25k and a 1000-
dimensional BOW feature for NUS-WIDE. For RSICD in
remote sensing, it is a single-label dataset with 31 classes and
10,921 coupled image-text instances. The dataset was split by
random selection into the train, query, and retrieval sets (50%,
10%, and 40%, respectively).



TABLE I: The mAP@50 results on I — T and T — I retrieval tasks with 16 to 128 hash bits on three datasets.

MIR-Flickr NUS-WIDE RSICD
Task  Backbone  Method ¢ 32 64 128 16 32 64 128 16 32 64 128
IMH 61.2 60.1 59.2 57.9 47.0 47.3 47.6 459 45.3 51.9 43.9 34.6
Shallow LSSH 58.4 59.9 60.2 61.4 48.1 48.9 50.7 50.7 10.9 32.5 46.8 59.3
FSH 70.9 75.9 82.6 86.8 55.5 55.9 56.2 57.2 42.8 58.8 61.2 63.4
DSAH 85.8 87.8 88.9 90.3 76.3 80.0 80.3 82.1 57.6 59.3 61.2 63.6
I T AGCH 86.5 88.7 89.2 91.2 80.9 83.0 83.1 85.2 - - - -
DAEH 86.6 87.2 87.4 88.2 78.8 82.1 83.9 84.1 58.7 59.9 62.1 64.3
Deep CIRH  89.1 90.1 923 937 794 825 840 854 613 6l9 629 635
UCCH 88.2 90.8 91.9 93.1 81.2 82.3 84.1 86.1 46.5 60.5 604.1 65.6
MSRH 897 90.1 918 933 817 836 839 864 - . . .
MFSH 89.2  90.2 92.4 93.8 81.9 83.8 84.3 86.6 61.9 62.8 63.7 64.5
IMH 60.3 59.5 58.9 58.0 47.8 48.3 472 46.2 46.7 54.0 449 344
Shallow LSSH 63.7 65.9 65.9 67.2 57.7 61.7 64.2 66.3 24.0 37.8 48.2 55.9
FSH 71.7 77.9 83.2 86.2 57.6 57.8 58.1 58.3 14.0 15.1 254 37.3
DSAH 84.2 87.0 87.9 88.5 74.3 76.1 78.9 80.8 60.0 59.8 59.3 62.0
T 51 AGCH 82.9 84.9 85.2 88.0 76.9 78.0 79.8 80.2 - - - -
DAEH 83.4 83.5 84.6 85.9 74.3 76.1 79.9 80.8 62.7 63.1 64.5 65.3
Deep CIRH 864 885 89.6 900 774 775 80.1 812 634 634 657 669
UCCH 83.4 85.0 85.5 87.8 78.0 789  81.5 81.9 48.6 62.7 63.9 65.4
MSRH 87.1 887 894 905 784 S8L1 810 8.0 - - - -
MFSH 873 894 904 908 786 786 821 827 635 641 652 657
TABLE II: The ablation results of each component in MFSH on NUS-WIDE.
Model 16 32 64 128
I-T T—I I-T T—I1 I-T T—I1 I—-T T—I1
MFSH-1 75.3 74.6 78.3 74.1 81.6 75.6 81.9 77.2
MFSH-2 76.9 75.2 78.2 75.8 81.6 77.2 82.4 79.2
MFSH-3 78.2 75.8 77.4 76.3 83.1 78.7 83.3 80.4
MFSH-4 77.5 76.8 79.3 77.5 82.9 79.1 84.3 80.7
MFSH 81.9 78.6 83.8 78.6 84.3 82.1 86.6 82.7

Besides, we also study the impact of input parameters a, (3,
A, and p. Parameters o and a play a crucial role in balancing
the contributions of different modalities in the similarity
matrices, ensuring that both visual and textual features are
adequately represented. Parameter [ controls the integration
of global and local similarity information, which is essential
for capturing both the overall structure and fine-grained details
of the data. The parameters A and p further fine-tune the model
by balancing different components of the loss function, helping
to improve the robustness and accuracy of the hash codes. We
provide the exact values of the parameter configurations in our
MFSH model as o7 = 0.5, as = 0.5, § = 0.01, \; = 10,
Ao =1, u1 = 0.5, o = 0.5. The proposed MFSH is trained
with Pytorch on a workstation which consists of a CPU with
12cores, 20 processors and an NVIDIA Geforce RTX 3090.

B. Baselines and Evaluation Metrics

We compare our method with nine state-of-the-art unsuper-
vised cross-modal hashing baselines, including three shallow
methods: IMH [4], LSSH [5], FSH [14] and six deep methods:
DSAH [15], AGCH [8], DAEH [16], CIRH [17], UCCH [18],
MRSH [19]. We conduct experiments on two tasks: retrieving
texts with image query as input (I — T) and retrieving images
with text query as input (T — I). We use mAP@50 as the
evaluation metric.
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Fig. 2: The precision-recall curves of various hashing methods
with 32 hash bits on three datasets.
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Fig. 3: The effect of hyperparameters ;1; and ;2 on image-to-text (I—T) and text-to-image (T—I) MAPs with 32 hash bits on

NUS-WIDE, MIRFlick, and RSICD datasets.

C. Results and Analyses

Table I presents the MAP results of the proposed MFSH
method and all unsupervised cross-modal hashing baseline
methods on three datasets. The best scores are highlighted
in bold, and the second-best scores are underlined. As shown
in the Table I, the proposed MFSH method outperforms the
baseline methods in most cases. In remote sensing area, our
method is also competitive. This indicates that MFSH demon-
strates strong retrieval capabilities in cross-modal retrieval
tasks. In addition, Fig. 2 shows the PR curves of different
comparison methods with 32 hash bits on three datasets.
According to these experimental results, it can be observed

that: In most cases, MFSH achieves better performance than
the comparison methods, which shows that this method is
effective and outstanding.

D. Ablation Study

To assess the effectiveness of each component, we designed
the following variants: MFSH-1 replaces the original fine-
grained similarity matrices with a global coarse-grained one;
MFSH-2 constructs semantic representations using simple
superposition; MFSH-3 replaces the graph convolutional net-
work with a simple two-layer fully connected neural network;
MEFSH-4 removes the decoder and the feature reconstruction



alignment loss from the loss function. As shown in Table II,
the fine-grained similarity matrix is the most critical. These
components work together to enhance MFSH’s performance
in cross-modal retrieval tasks, enabling it to achieve excellent
retrieval results.

E. Parameter Sensitivity Analysis

We investigate the impact of the two hyperparameters (141
and po) in the objective function. We tune them both in
{0.3,0.5,0.7,0.9}. As shown in Fig. 3, the accuracy tends to
stabilize as the values of the hyperparameters vary. The [-T
and T—I MAPs reach their highest values when pu; = 0.5
and p1 = 0.5, which indicates that balance weights obtain the
optimal results. This shows the model’s robustness to these
hyperparameters in this interval, ensuring reliable and stable
performance under different configurations.

IV. CONCLUSION

This paper proposes a multi-modal fine-grained cross-modal
hashing algorithm. It uses a graph convolutional network
as the core structure. By building multi-modal fine-grained
similarity matrices, it effectively captures semantic links be-
tween different modalities. In the experimental section, we
comprehensively evaluate the algorithm across multiple stan-
dard datasets, focusing on cross-modal image-text retrieval
tasks. The results demonstrate that our algorithm outperforms
other advanced unsupervised cross-modal hashing algorithms
in several evaluation metrics, including Mean Average Pre-
cision (MAP) and Precision-Recall Curves. This excellent
performance is mainly due to the algorithm’s innovative design
in fine-grained similarity matrix construction and cross-modal
information aggregation. It can efficiently bridge the semantic
gap between modalities and generate highly discriminative
and semantically meaningful hash codes. Future research can
explore adding advanced techniques like attention mechanisms
or more complex network structures to boost the algorithm’s
performance and adaptability.
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