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Abstract

With the Web witnessing a rapid surge in multimodal data, it’s becoming
increasingly vital to develop efficient and budget-friendly cross-modal (CM)
retrieval techniques to elevate the user experience in Web applications.
Traditional hashing methods, however, often neglect the valuable semantic
information hidden within the text descriptions that come with Web images.
Moreover, they tend to lean heavily on supervised learning, which poses a
challenge when it comes to adapting to real-world Web scenarios where anno-
tations are often in short supply. To tackle this, this research introduces an
unsupervised CM hashing algorithm for Web multimedia retrieval. By mining
the semantic structure of text associated with Web images and utilizing a
deep network to achieve semantic transfer from text to vision, a unified and
efficient hashing learning framework is constructed. Experiments indicate
that the introduced approach achieves mAP values of 0.3370 and 0.6990 with
16-bit hash codes (HCs). When the HC length is increased to 128 bits, the
mAP increases to 0.3632 and 0.7575, representing an absolute improvement
of 13.0% and 4.04% compared to the best performing baseline method.
Further analysis shows that the semantic transfer mechanism significantly
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improves the semantic representation ability of the HCs. Even in a semi-
supervised setting using only 20% of labeled data, the retrieval mAP can
still reach 0.8871. The method requires only a portion of image-text pairs
during the training phase and supports pure image queries during the retrieval
phase, achieving millisecond-level response times under Hamming distance
calculation. This provides an efficient and practical solution for Web-scale
multimedia retrieval.

Keywords: Unsupervised learning, cross-modal hashing, web multimedia
retrieval, semantic transfer, deep neural networks.

1 Introduction

With the popularization of Web 2.0 and mobile terminals, multimodal data
such as images, text, and videos have exploded [1]. How to accurately and
effectively retrieve effective information from these massive heterogeneous
data has emerged as a pressing issue that needs immediate resolution [2].
Currently, users are no longer content with retrieving information from
just one modality, but hope to obtain semantically relevant results across
modalities through a piece of text, an image, a piece of audio or video clip
[3, 4]. However, the current retrieval methods have the problems of low
efficiency and high cost [5]. Therefore, finding a way to realize cross-modal
(CM) unsupervised retrieval is of great significance for improving retrieval
efficiency and user experience.

Traditional CM hashing methods rely on hand-crafted features and
shallow semantic modeling, which struggle to capture high-level semantic
correlations across modalities. Recently, deep CM hashing methods have
achieved significant progress by leveraging deep neural networks for fea-
ture extraction. However, these methods predominantly rely on supervised
learning with large-scale annotated data, rendering them impractical in Web
environments where annotations are scarce or expensive to obtain. Moreover,
most existing approaches treat text and visual features independently or sim-
ply concatenate them, failing to exploit the rich semantic structure embedded
in text descriptions to guide visual representation learning.

The hash method maps the key value of the data to a hash value of fixed
length through a hash function, thereby determining the storage location
of the data in the storage structure. In the CM scenario, this function is
upgraded to a learnable semantic mapping, which compresses heteroge-
neous high-dimensional features into low-dimensional binary codes. It has
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the advantages of both semantic preservation and fast comparison, and has
been widely used in database indexing and caching systems [6]. Different
from these existing approaches, this study introduces a semantic transfer
mechanism that explicitly leverages text semantics as supervisory signals
to guide visual feature learning, achieving unsupervised semantic transfer
from text to vision through a differentiable hashing layer. Therefore, this
study constructs an unsupervised CM hashing algorithm for Web multimedia
retrieval based on Alex Krizhevsky Network (AlexNet) and hashing methods,
aiming to improve the efficiency of Web multimedia detection. The inno-
vation of this research lies in coupling the deep visual features of AlexNet
with the semantic structure of text under completely unsupervised conditions,
and establishing a directional knowledge flow from the semantic-rich text
modality to the visual modality, in order to provide a theoretical foundation
for related research fields in Web multimedia retrieval.

The contributions of this study are: (1) proposing an end-to-end unsu-
pervised CM hashing framework with a semantic transfer mechanism that
leverages text semantics to guide visual feature learning, which can generate
compact binary codes for images and text simultaneously without any manual
annotation, significantly reducing storage and computational overhead and
(2) designing a joint optimization objective that enables this semantic transfer
from text to vision, so that the hash code (HC) still has strong discriminative
power in Web environments where annotations are extremely scarce or even
missing, providing an efficient, low-cost, and practical solution for large-scale
multimedia retrieval.

2 Related Work

With the rapid expansion of Internet data scale, Web multimedia retrieval
has garnered significant attention from researchers. Existing methods can
be categorized into graph-based methods, deep learning-based methods, and
Transformer-based methods. However, these methods still face three core
challenges in Web scenarios: scarce annotation, asynchronous modality, and
real-time requirements.

Graph-based methods construct similarity graphs to capture semantic
relationships. Zhu et al. analyzed multimodal hashing technology through
literature review but did not propose substantial algorithms [7]. Liang et al.
proposed self-supervised multi-granular multimodal knowledge graph con-
trastive hashing to address fine-grained knowledge association ignorance [8].
This method captures high-order relationships through knowledge graphs,
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but its heavy reliance on graph structure quality and high computational
complexity limits Web applicability. Sun et al. introduced Semantic Align-
ment Transformer with adversarial learning for fine-grained alignment,
yet the unstable adversarial training process remains problematic [9]. The
fundamental limitation of graph-based methods is their dependence on
pre-defined similarity graphs, which becomes unreliable with scarce Web
annotations.

Deep learning-based methods primarily employ convolutional neural net-
work architectures with different loss designs. Han et al. proposed supervised
hierarchical online hashing using multi-level semantic structures, but its
supervised nature requires abundant labels unavailable in Web scenarios [10].
Li et al. introduced lightweight weakly supervised hashing with pseudo-label
generation [11]. While reducing annotation dependency, pseudo-label quality
directly affects performance with unresolved error propagation. Liu et al.
proposed scalable unsupervised hashing for CM consistency, but ignored
modality-specific characteristics and suffered from slow convergence [12].
Song et al. developed sorted distribution-preserving hashing to utilize com-
plete ranking information, yet remained sensitive to out-of-distribution
semantics [13]. These methods essentially differ in loss functions (from
pairwise to distribution-preserving) but commonly suffer from insufficient
semantic capture and weak CM interaction.

Transformer-based methods leverage self-attention for global dependency
modeling. Wang et al. proposed a multi-granularity Transformer framework,
but standard Transformer’s quadratic complexity is unsuitable for real-time
retrieval [14]. Li et al. introduced similarity attention fusion hash for adaptive
matrix fusion, yet lacked theoretical justification for fusion strategies [15].
Sun et al. developed dual self-propelled hash with self-supervised learning
for robustness, but the dual-network structure doubled computational over-
head [16]. While capturing long-range relationships better than convolutional
neural networks, these methods fail to address Web modality asynchrony and
introduce unacceptable latency.

Recent advances explore federated and generative approaches. To address
privacy and communication costs in centralized training, Zuo et al. proposed
privacy-enhanced prototype-based federated CM hashing with encrypted
prototype transmission. However, federated aggregation introduces commu-
nication overhead unsuitable for real-time Web retrieval [17]. To bridge
the discrete-continuous gap, Tu et al. proposed unified generative hashing
with Uniform Mixture-of-Expert Decoder for precise alignment, but iterative
optimization affects retrieval speed [18].
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The above research indicates that existing methods systematically fail
to address Web scenario challenges: scarce annotation with error propaga-
tion risks, asynchronous modality with misalignment issues, and real-time
requirements conflicting with complex architectures. Therefore, this study
proposes an unsupervised CM hashing algorithm based on AlexNet, mining
textual semantic structure for zero-label semantic transfer and constructing
efficient differentiable hashing to simultaneously improve retrieval speed and
storage efficiency.

3 Research Methods

3.1 Unsupervised CM Hashing Framework based on Semantic
Transfer

3.1.1 Hash algorithm framework and its unsupervised deep
hash module

In the context of the information explosion era, efficient Web retrieval is of

paramount importance. To improve the speed of Web retrieval, this study

designs an unsupervised CM hashing framework based on AlexNet semantic

transfer, as shown in Figure 1.

As shown in Figure 1, the framework first extracts visual features from
the original image through a multi-layer convolutional network. Then, the
unsupervised semantic information from the text side is injected into the
visual channel with the help of the semantic transfer module, so that the image
features retain their own similarity and text semantics at the same time. Then,
the network jointly generates binary HC and reusable hash function at the
same end to complete the training. Finally, the obtained function can generate
compact encoding for any query image in real time, realizing fast retrieval

Image to be retrieved

SN % }:
.
Convolution Pooling Convolution Fully connected
Text o
X .2 010110
= transfer v, F( x) N
<—  semantic Image & 000111
QSt acquisition Semantics Hash code and hash hash code B 000110
\ text features function learning

Figure 1 Unsupervised CM hashing framework based on AlexNet semantic transfer.
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Figure 2 Simplified structure of the basic AlexNet and the proposed AlexNet structure.

of Web images. The multi-layer convolutional network in this framework is
based on AlexNet. AlexNet is a deep convolutional neural network architec-
ture with advantages such as simple structure and easy transfer, and has been
widely used in image recognition and medical diagnosis [19]. The simplified
structure of the basic AlexNet and the proposed AlexNet structure are shown
in Figure 2 [20].

In Figure 2, Conv represents a convolutional layer, s represents the
convolution stride, pad is the number of zero-pixel layers added around the
input feature map, and ReLLU represents the ReLU activation function. In the
convolutional layer, “11 x 11 x 96” represents “size X size X channel,”
and max pooling “3 x 3” means taking the maximum value within a 3 x 3
local window as the output. As can be seen from Figures 2(a) and 2(b), the
proposed AlexNet network structure changes the pooling kernel size from
3 x 3to2 x 2, reducing the feature map downsampling rate and preserv-
ing more spatial information. The convolutional layer padding strategy is
explicitly defined: pad = 0 for Convl, pad = 2 for Conv2, and pad = 1
for Conv3-5, precisely controlling the output size of each layer. The output
dimension of the fully connected layer is changed from 1000 classes to
HC length, adapting to hash retrieval tasks. Through multiple experiments
setting the above parameters, the feature map size can be reasonably reduced
while ensuring feature representation capabilities, thus achieving unsuper-
vised deep hashing based on AlexNet. The proposed AlexNet acts as a visual
feature extractor in the semantic transformation mechanism. By adjusting the
size of the pooling kernel and the padding strategy, this network can better
preserve spatial information. The first seven layers extract high-level visual
features from the image, while the eighth layer aligns these features with the
text semantics, thereby achieving semantic transformation from text to vision.
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The proposed AlexNet adopts a hierarchical training strategy. The first seven
layers are initialized using the pre-trained weights from ImageNet and fine-
tuned with a learning rate of 0.0001 to prevent overfitting, while the eighth
layer is randomly initialized with a learning rate of 0.001. The network is
trained using batch gradient descent with a batch size of 64 for 400 iterations.
In an unsupervised condition, the semantic similarity matrix constructed
from the text topic distribution serves as a soft label for supervising visual
hash learning without the need for manual annotation. In a semi-supervised
condition (a certain number of data is labeled), the labeled part is strictly
supervised with real labels, while the remaining 80% relies on the semantic
similarity matrix for weak supervision.

3.1.2 K-means-based unsupervised semantic learning method
In the area of unsupervised semantic learning of text, this study proposes
an unsupervised semantic learning method based on K-means clustering (K-
means). The implementation process of this approach is presented in Figure 3.
Figure 3 illustrates the process of this unsupervised semantic learning

method. First, it receives text semantic feature X () = {X ,-(2)}?;1 used for
training as input, where the sample size is N. Simultaneously, it sets the
number of cluster columns K, parameter o, and sparse constraint weight A.
Second, it calculates the similarity matrix A = {aij|1 <i1<N1<5<L
N|}, where a;; is the element in the row ¢ and column j of the matrix A, and
the similarity calculation of a;; can be expressed by Equation (1):

—clos? (1(2) ,z(.2))
2 J
aij = e 202 (1)

where .CCZ@) and x§-2) are the ith and jth text features, and cos(-,-) is the

cosine similarity function. Next, to avoid the influence of the similarity of
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Figure 3 Unsupervised semantic learning method based on K-means.
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the elements themselves, the elements on the diagonal of the matrix A are
assigned values, i.e. a;; = 0. Meanwhile, to improve the clustering effect, the
matrix A is sparsified, which can be expressed by Equation (2):

A(aij < )\a) =0 )

where @ is the average value of all elements in the matrix A. Next, the
diagonal elements in the matrix A are normalized to obtain the degree matrix
@, which can be represented by Equation (3):

N
QUi j) = ay 3)
j=1

After obtaining the degree matrix (), its Laplace graph matrix B can be
calculated, which can be expressed by Equation (4):

B=Q7AQ> )

Then, the eigenvalues of the matrix B and their corresponding eigenvec-
tors are calculated, arranged in descending order, and the top-ranked K eigen-
vectors ¢y, ¢a,. .., cx are selected to form a matrix C' = (c1,c¢2,...,CK).
Finally, the elements in each row of the matrix C' are normalized to obtain the
normalized eigenvalue matrix £, which can be represented by Equation (5):

Cii
Eij=—F—"—7 5)
(XL, c2)z

Finally, each row in the matrix F is taken as a point in the K -dimensional
space, and the K-means algorithm is used for clustering to obtain the category
of each text feature. Thus, the category label vector R = {r;}Y, of the text
feature is obtained. Among them, K-means is an unsupervised learning clus-
tering algorithm with advantages such as simplicity, intuitiveness and ease of
implementation, and has been widely used in large-scale data processing and
other fields. With the number of clusters as 3, the basic idea and calculation
process of the K-means algorithm are presented in Figure 4 [21].

Figure 4(a) illustrates that the K-means algorithm aims to partition the
dataset into three clusters, ensuring each data point is assigned to the nearest
cluster center. Through iterative adjustments of the cluster centers’ positions,
K-means continually enhances cluster density, resulting in clusters that are
as tightly grouped and distinct from one another as possible. Figure 4(b)
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Figure 4 Basic idea and calculation of the K-means.

shows the K-means algorithm’s calculation process. Initially, the algorithm
randomly chooses K sample points to serve as the starting cluster centers.
Next, it computes the distance from each sample to every center and allocates
it to the closest cluster. Next, it recalculates the centroid of each cluster (i.e.,
the mean of all samples in that cluster) as the new cluster center. Then, if
the cluster centers no longer change or the change is less than a threshold,
the algorithm terminates; otherwise, it returns to step 1 to continue iterating.
Finally, output the cluster centers and the class label of each sample.

3.2 CM Semantic Alignment and Hashing Optimization

Based on the K-means unsupervised semantic learning method and the pro-
posed AlexNet, image and semantic features are extracted. A CM semantic
alignment and hash optimization method is then proposed. This method first
calculates the similarity matrix H = {h;;} for each data point using the
semantic learning result R, and h;; € {0,1}. If data points Z; and Z; are
similar, then h;; = 1; otherwise h;; = 0. It can be expressed by Equation (6):

1, TP =T

hij =
0, Others

(6)

Secondly, if the binary code of all images is given as Y = {y; i]\il €
{—1,1}%N where L is the hash length, then the optimal HC matrix is found
by the Maximum Likelihood Estimation (MLE) algorithm, which maximizes
the probability of the observed similarity matrix H appearing, and can be
expressed by Equation (7):

o(0i), hij=1
hif|Y) = 7
p(hi|Y) | — 055, By =0 (7)
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where o;; is the inner product of HCs, i.e., Hamming similarity. Therefore, by
transforming MLE into a specific optimization objective function, the Ham-
ming distance between two independent data points that satisfy similarity is
minimized and, vice versa, the image hashing learning ability of the algorithm
is improved. This can be expressed by Equation (8):

ik =—logp(HY) == 3, (hiyoy ~log(1+™) (¥
ij €

where [; is the objective function. However, Equation (8) is a discrete opti-
mization problem, and it is an NP-hard problem with high computational
complexity, making it difficult to solve directly. Therefore, this study opti-
mized it. Then, auxiliary variable u; is introduced to relax it, and the objective
function can be expressed by Equation (9):

minly = — Y (T — log(1+ ™)

’ hl‘jEH

stu;=1vy;,, Vi=1,2,...,N 9)
u; € {—1,1}2%1 Vi=1,2,...,N
yi € {-1,1}1, Vi=1,2,...,N

where [ is the relaxed objective function, U is the matrix of continuous
relaxed variables, and T;; is the inner product similarity of the continuous
variables, where Tj; = fulu; and U = {u;}Y,. Then, the discretized
HC can be obtained through the formula y; = sng(u;). To improve the
solution speed of Equation (9), a regularization term coefficient y is intro-
duced to transform its constraint condition into an optimization regularization
problem, which can be expressed by Equation (10):

N
pipl == 3 (hTy ~ Hog(L+ )ty Iy —wllf (10
ij € i=

Finally, to ensure that the hash representation generated by the AlexNet
corresponds to the variables in Equation (10), thereby embedding the AlexNet
into the entire hash learning framework, let u; = W7 (X Z-(l); ) + x, where
W is the weight matrix, y is the offset vector, # is the parameter of the
AlexNet, XZ-(I) is the image input to the AlexNet, and @ZJ(Xi(l); 0) is the
output of the AlexNet. Then, by connecting the acquired image features
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and semantic transfer results using x and 6, and substituting u; into Equa-
tion (10), CM semantic alignment can be achieved, which can be expressed
by Equation (11):

in Iy = — hijTij — llog(1 4 €T
Join Iz h%;(g j—llog(l+e™))
ij
+72Hyz (WTp(X;50) + x)lI3 (11)

Thus, end-to-end fusion of semantic transfer and hashing processes
(including function construction and code value generation) is achieved.
Finally, hash optimization is achieved by solving the problem based on
an alternating optimization strategy. This method obtains the HC by fixing
parameters 6, x, and W and discretizing the symbol function y;. It can be
expressed by Equation (12):

yi = sgn(WTp(X1:0) + y) (12)

The learning of 8, x, and W is achieved by backpropagation gradient
calculation. First, the gradient of the loss function of u; is solved, which can
be expressed by Equation (13):

or 1 1
S 3 > (Bij — hijuy + 3 > (Bij = hig)uj + 2v(ui — yi)

(13)

where f3;; is the prediction probability, and §;; = 0(% u; uj). Secondly,
taking Equation (13) as the output error of hash learning, the gradients of

0, x, and W can be calculated, which can be expressed by Equation (14):
or ot Ou; (1) oT .1
aw = ou w0,

or Ot Ou; or

a T Oup ox B ou; (14)

or or ou; or

Llo(xD;0) 0w y(xDie) O

)"
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Figure S Modal semantic alignment and hash learning optimization methods.

Then, the updated 6, x, and W can be obtained according to Equa-
tions (13) and (14), which can be expressed by Equation (15):

( Ou; or
Wtr=w — LW — M. gy ITN\T
or or
+_ —y _ 15
X" =X ﬁax X ﬁ@ui (15)
Wyt vy OT
@Z)(XZ ; 9) = @Z}(Xz ; 9) X ou,

where W, xT, and w(Xi(l); )" are the updated 6, x, and W, and ¥ is
the learning rate. Thus, the modal semantic alignment and hash learning
optimization method is completed, as shown in Figure 5.

As shown in Figure 5, this method first inputs the training image X @)
and similarity matrix H, sets the learning rate v, and initializes the param-
eters 0, x, and W. Then, it randomly selects sample points from X 1) and
calculates u;. Next, the binary code of X1 is calculated using the formula
y; = sgn(u;). Then, forward propagation is performed using Equation (14) to
calculate the partial derivative of the loss function with respect to, u; i.e., the
gradient of the loss function. Then, backward propagation is performed using
Equation (15) to update the parameters 6, x, and W. Iteration is performed
until the preset iteration count is reached to complete the training. Finally,
after training is completed, in order to realize the algorithm’s retrieval of
unknown images, a hash function y, is designed and the hash algorithm is
optimized, which can be expressed by Equation (16):

Y = s(Xq) = sgn(WT (X5 0) + x (16)
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where X, is any image, and X, ¢ X (1), Therefore, when retrieving images
on the Web, Equation (16) can be used to hash the image and then quickly
compare it with samples in the database in the binary space to return the
nearest neighbor matching result.

4 Experimental Results

4.1 Experimental Setup

To confirm the capability of the introduced unsupervised CM hashing algo-
rithm, a performance comparison analysis was conducted with the UKD-SS,
DJSRH, and CMFH algorithms. The data sources were the publicly available
datasets: the WiKi and the NUS-WIDE. The WiKi dataset can be downloaded
from: http://www.svcl.ucsd.edu/projects/crossmodal/ and the NUS-WIDE
dataset from: https://opendatalab.com/OpenDatal.ab/NUS-WIDE/tree/main.
The WiKi dataset contains 2866 image-text pairs, and the NUS-WIDE dataset
used 5200 images after filtering. During data preprocessing, duplicate images
were removed. The text portion used the Latent Dirichlet Allocation algo-
rithm to extract topic features, and the image portion used the original pixels
as input. The datasets were divided into training and test sets in an 8:2 ratio.
After multiple experiments and optimizations, the algorithm was optimized
on the WiKi dataset with 10 spectral clusters, a Gaussian kernel parameter
of 0.1 for the similarity matrix, a sparsity regularization term of 1, and HC
length ranging from 16 to 128 bits. The search size increased in increments
of 100 from 100 to 1000. On the NUS-WIDE dataset, the algorithm also
used 10 spectral clusters, a hyperparameter of 1, and a sparsity of 0.8. The
input image size was 227 x 227, and the original image was used directly
for retrieval. Text descriptions were introduced during the training phase, and
visual feature extraction was optimized through a CM alignment mechanism.
The algorithm framework iterated 400 times. The network architecture used
pre-trained weights from AlexNet on the ImageNet dataset for the first seven
layers, and the learning rate for these seven layers was set to 0.0001 to sup-
press overfitting. Experimental comparison metrics included mean average
precision (mAP) and average precision (AP). The environment settings are
presented in Table 1.

To verify that the proposed method has optimal parameter settings, a
sensitivity analysis was conducted on the WiKi dataset, using retrieval speed
as the indicator. The analysis outcomes are presented in Table 2.

Table 2 shows that when the values of o, K, and A were 0.1, 10, and 1,
respectively, and the retrieval time was 7.1 ms, which was better than other
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Table 1 Experimental environment configuration

Parameter Names Parameter

CPU Intel Core i9-14900K
Main frequency 6.0GHz

Internal memory 32GB

Hard disk capacity 500TB

Operating system Windows 10 64

GPU NVIDIA GeForce RTX 4090
MATLAB version MATLAB 2021b

Table 2  Sensitivity analysis results in the WiKi dataset
Parameter Combination ~ K=2 K=4 K=6 K=8 K=10 K=12

oc=001,A=0 92ms 88ms 85ms 83ms 8.1ms 8.6ms
oc=01,A=1 89ms 85ms 82ms 80ms 7.8ms 83ms
oc=01,A=2 87ms 83ms 80ms 78ms 7.6ms 8.1ms
c=1,A=0 85ms 8Ims 78ms 7.6ms 74ms 85ms
oc=1,\= 82ms 78ms 7.5ms 73ms 7.0ms 8.2ms
oc=1,A= 79ms 75ms 78ms 7.6ms 79ms 8.4 ms
c=1,A=0 88ms 84ms 8Ilms 79ms 7.7ms 7.6ms
oc=1A= 84ms 80ms 7.7ms 7.5ms 73ms 7.2ms
oc=1,A=2 81ms 77ms 74ms 75ms 7.8ms 8.7ms
o=10,\= 95ms 91ms 88ms 85ms 87ms 8.6ms
oc=10,A=1 93ms 89ms 86ms 83ms 81ms 80ms
oc=10,A=2 90ms 86ms 83ms 80ms 7.8ms 7.7ms
oc=100,\=0 I5ms I.Ims 98ms 95ms 93ms 9.1 ms
o=100,\=1 1.2ms 98ms 95ms 92ms 9.0ms 8.8ms
oc=100,A=2 99ms 95ms 92ms 89ms 87ms 8.5ms

parameter settings. These results indicated that the proposed method achieved
optimal performance, and the parameter settings were effective.

4.2 Overall Performance Comparison and Analysis

After setting the parameters and experimental environment, the study first
conducted a comparative experiment on two datasets using mAP as the
metric for each algorithm in this environment. The experimental outcomes
are presented in Figure 7.

As shown in Figure 6(a), with a short HC of 16 bits, the introduced
unsupervised CM hashing algorithm achieved mAP values of 0.3370 and
0.6990 in the WiKi and NUS-WIDE datasets. When the HC length increased
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Figure 6 Various methods in different mAP comparison results of the dataset.

to 128 bits, the mAP values increased to 0.3632 and 0.7575, respectively.
Compared to the comparative methods, these represented absolute improve-
ments of 13.0% and 4.04%. Figure 6(b) shows that in the NUS-WIDE
dataset, the proposed hashing algorithm achieved higher mAP values than the
comparative algorithms for all hash lengths. A higher mAP indicates that the
retrieval results are closer to the actual results. These results demonstrated
that, from the perspective of mAP, the proposed method outperformed the
comparative methods. The precision comparison results of each algorithm in
the WiKi dataset are shown in Figure 8.

As shown in Figure 7, in the WiKi dataset, the precision of all algorithms
reached its lowest point when the retrieval volume was 1000. Figures 7(a)—
7(d) show that when the HC length was 16 bits, 32 bits, 64 bits, and 128
bits, the precision of the proposed hash algorithm was 0.098, 0.130, 0.120,
and 0.140, respectively, all higher than that of the UKD-SS algorithm (0.087,
0.089, 0.098, 0.099), the DJSRH algorithm (0.047, 0.043, 0.076, 0.064), and
the CMFH algorithm (0.019, 0.004, 0.012, 0.014). These results indicated
that the proposed hash algorithm outperformed the compared algorithms
in terms of retrieval accuracy in the WiKi dataset. Figure 9 shows the
comparison of precision of each algorithm on the NUS-WIDE dataset.

As shown in Figure 8, in the NUS-WIDE dataset, the precision of all
algorithms steadily decreased with increasing retrieval volume. Figures 8(a)—
8(d) reveal that when the HC length was 16 bits, 32 bits, 64 bits, and 128 bits,
the precision curves of the proposed hash algorithm were higher than those
of the UKD-SS, DJISRH, and CMFH algorithms. These results demonstrated
that the proposed hash algorithm outperformed the compared algorithms in
the NUS-WIDE dataset and exhibited good generalization ability. To further
verify the performance of the proposed hash algorithm, the study conducted
a performance comparison analysis experiment on the NUS-WIDE dataset
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Figure 7 Comparison results of the precision rates of each algorithm on the WiKi dataset.

Table 3 Performance comparison and analysis results of each algorithm

Data Set HC Length Research UCCH [22] CIRH [23]

WiKi 16 bits 0.3370 0.3321 0.3284
32 bits 0.3452 0.3386 0.3367
64 bits 0.3521 0.3446 0.3421
128 bits 0.3632 0.3515 0.3501

NUS-WIDE 16 bits 0.6990 0.6847 0.6814
32 bits 0.7215 0.7082 0.7036
64 bits 0.7468 0.7314 0.7288
128 bits 0.7575 0.7453 0.7413

and the WiKi dataset, using the optimal mAP of text-image as the evaluation
metric. The comparison algorithms were the UCCH [22] algorithm and the
CIRH [23] algorithm. The open-source code address of the UCCH algorithm
is: https://github.com/penghu-cs/UCCH. The open-source code address of
the CIRH algorithm is: https://github.com/XizeWu/CIRH. The experimental
results are shown in Table 3.

As shown in Table 3, for different HC lengths, in the WiKi dataset, when
the hash length was 128 bits, the mAP of the proposed algorithm was 0.3632,
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Figure 8 Comparison results of the precision rates of each algorithm on the NUS-WIDE
dataset.

which was approximately 1.22% and 1.32% higher than that of UCCH and
CIRH, respectively. On the NUS-WIDE dataset, the mAP of the proposed
algorithm at 128 bits was 0.7575, which exceeded the UCCH and CIRH algo-
rithms by 1.68% and 2.09%, respectively. The above results indicated that the
superiority of the proposed algorithm in the unsupervised CM hashing task
was evident, and it could effectively learn more discriminative CM feature
representations.

4.3 Validation of the Effectiveness of the Semantic Transfer
Mechanism

To verify the effectiveness of the semantic transfer mechanism, the study
first conducted a query experiment with pure image queries under the 0%
annotation condition. On the WiKi dataset, with an HC length of 128 bits,
the mAP value was 0.948. On the NUS-WIDE dataset, with an HC length
of 128 bits, the mAP value was 0.936. Both were superior to the com-
parison algorithms. Both were superior to UKD-SS, DJSRH, and CMFH.
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Figure 9 Retrieval mAP results under the 20% annotation (semi-supervised) condition.

Subsequently, query experiments were conducted under conditions of only
20% annotation (semi-supervised) and pure image queries. It should be noted
that the proposed method was, by default, completely unsupervised (without
any labeling). The 20% labeled experiment was conducted merely for abla-
tion analysis to verify the effectiveness of the semantic transfer mechanism,
rather than as a standard operational mode. The retrieval mAP results under
the 20% annotation (semi-supervised) condition are shown in Figure 9.

As shown in Figure 9(a), under the 20% annotation (semi-supervised)
condition in the WiKi dataset, the retrieval mAP values of all algorithms
decreased with the increase of HC length. When the HC length was 128 bits,
the mAP values of the proposed hash algorithm, UKD-SS algorithm, DJISRH
algorithm, and CMFH algorithm were 0.8871, 0.7476, 0.7328, and 0.7251,
respectively. Among them, the proposed hash algorithm had the highest mAP
value. Figure 9(b) shows that under the 20% annotation (semi-supervised)
condition in the NUS-WIDE dataset, the proposed hash algorithm had a
higher mAP than the comparative algorithms under different HC lengths.
These results indicated that the proposed hash algorithm still had good
retrieval performance under the 20% annotation (semi-supervised) condition,
outperforming the comparative algorithms. Each algorithm only required
partial image-text pairs during the training phase and supported pure image
queries during the retrieval phase. The response time comparison results
under Hamming distance calculation are shown in Figure 10.

As shown in Figures 10(a) and 10(b), only a subset of image-text
pairs were required during the training phase. The proposed hash algorithm
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Figure 10 Comparison results of pure image retrieval response times.

supported pure image queries during the retrieval phase. The response time
under Hamming distance calculation remained within the range of 4 ms to
18 ms as the retrieval volume increased, achieving millisecond-level response
times. Furthermore, the retrieval results on both datasets were superior to
the UKD-SS, DJSRH, and CMFH algorithms. In conclusion, the proposed
semantic transfer mechanism exhibited excellent performance and outper-
formed the compared algorithms. The performance variations across datasets
can be attributed to their inherent characteristics. The WiKi dataset featured
high text-image correlation with well-structured Wikipedia articles, enabling
more effective semantic guidance for visual feature learning. In contrast,
NUS-WIDE relied on user-generated tags with looser semantic associations,
which limited the supervisory capacity of textual semantics. Additionally,
WiKi’s smaller category space (10 classes) facilitated more accurate unsu-
pervised semantic clustering compared to NUS-WIDE’s larger label space
(81 classes). These factors collectively explained the observed performance
gap between the two datasets.

5 Discussion

This study conducted comparative experiments on the unsupervised CM
hashing framework based on AlexNet semantic transfer and verified the
effectiveness of the semantic transfer mechanism. In the retrieval accuracy
comparison experiment, the unsupervised CM hashing framework proposed
in this study achieved mAP values of 0.3632 and 0.7575 under the 128-bit HC
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condition in the WiKi dataset and NUS-WIDE dataset, which is an absolute
improvement of 13.0% and 4.04% compared with the UKD-SS, DJSRH,
and CMFH algorithms. This result showed that the unsupervised semantic
learning method based on K-means effectively captured the latent semantic
structure of the text modality, and provided a reliable supervision signal for
image hashing learning through the semantic category matrix optimized by
spectral clustering and sparse constraints. The performance variations across
datasets could be attributed to their inherent characteristics. The WiKi dataset
featured high text-image correlation with well-structured Wikipedia articles,
enabling more effective semantic guidance for visual feature learning. In
contrast, NUS-WIDE relied on user-generated tags with looser semantic
associations, which limited the supervisory capacity of textual semantics.
Additionally, WiKi’s smaller category space (10 classes) facilitated more
accurate unsupervised semantic clustering compared to NUS-WIDE’s larger
label space (81 classes). These factors collectively explained the observed
performance gap between the two datasets. At the same time, the semantic
transfer mechanism based on AlexNet injected unsupervised semantic infor-
mation from the text side into the visual channel, so that the image features
could fuse text semantics while maintaining their own similarity, thereby
optimizing the semantic representation ability of the HC. In the precision
comparison experiment, when the number of searches in the WiKi dataset
was 1000, the precision of the proposed hash algorithm under 16-bit, 32-bit,
64-bit, and 128-bit HCs were 0.098, 0.130, 0.120, and 0.140, respectively, all
of which were significantly higher than the comparison algorithm.

In the semantic transfer mechanism effectiveness verification experiment,
the proposed hash algorithm achieved mAP values of 0.8871 and the corre-
sponding optimal values in the WiKi dataset and NUS-WIDE dataset under
the condition of 20% labeling, which was significantly better than UKD-
SS’s 0.7476, DISRH’s 0.7328, and CMFH’s 0.7251. This result showed that
the HC matrix optimized by MLE could make full use of limited labeling
information and combine pseudo-labels of unsupervised semantic learning
to achieve efficient semi-supervised hash learning. By using fixed parameter
discretization and backpropagation gradient calculation, the convergence and
stability of the algorithm under partially labeled data are guaranteed. In
addition, the response time of the proposed hash algorithm under Hamming
distance calculation was stable in the range of 4 ms to 18 ms as the retrieval
volume increases, which was better than UKD-SS, DJISRH and CMFH
algorithms. The findings demonstrated that the proposed AlexNet-based net-
work structure effectively reduced computational complexity while ensuring



Unsupervised CM Hashing Algorithms for Web Multimedia Retrieval 1105

feature representation capabilities. The binary representation of HCs and the
efficient calculation of Hamming distance enable large-scale retrieval to be
completed in milliseconds, meeting the real-time requirements of Web-scale
multimedia retrieval. This performance is comparable to the deep hash fast
retrieval scheme proposed by Wu et al., indicating that the method achieves
a good balance between retrieval efficiency and accuracy [24]. The above
findings demonstrated that the proposed hash algorithm was effective and
real-time. Although this study meets the real-time and accuracy requirements
of Web retrieval, in the future, new architectures such as Vision Transformer
combined with lightweight methods can be used to further improve retrieval
accuracy.

6 Conclusion

To address the challenge of CM retrieval in Web environments with scarce
annotated data, an unsupervised hashing framework was developed that
transfers semantic knowledge from text to visual modalities, thereby elim-
inating reliance on manual labeling. Extensive experiments conducted on
standard benchmarks demonstrated that this approach achieved superior
retrieval precision and mean average precision compared to existing baseline
methods. Notably, the framework maintained effective performance even
with limited labeled data and achieved response times suitable for real-
time applications. These results established that semantic transfer constituted
a viable mechanism for large-scale multimedia retrieval without extensive
supervision.
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