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Abstract
In recent years, deep supervised hashing retrieval methods have been successfully
applied in numerous image retrieval systems. However, existing methods still
suffer from several limitations: First, most deep hashing learning methods adopt
a symmetric strategy to train the network, but this training strategy is usually
time-consuming and difficult to apply in large-scale hashing learning processes;
Second, there exists a discrete optimization problem in the hashing learning
process, and existing methods relax this problem but cannot guarantee obtain-
ing the optimal solution. To address the aforementioned issues, we propose
a greedy asymmetric deep supervised hashing image retrieval method, which
fully combines the advantages of greedy algorithms and asymmetric strategies
to further improve hashing retrieval performance. This paper compares with
17 state-of-the-art methods on two commonly used datasets. On the CIFAR-
10 dataset under 48-bit conditions, the mAP improves by 1.3% compared to
the best-performing method; on the NUS-WIDE dataset under all bits, the
mAP improves by an average of 2.3%. Experimental results on both datasets
demonstrate that the proposed method can further improve hashing retrieval
performance.
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been successfully applied to numerous image retrieval systems. However, exist-
ing approaches still suffer from several limitations. First, most deep hashing
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learning methods employ symmetric strategies for network training, which is
typically time-consuming and difficult to scale to large-scale hashing learning
processes. Second, the hashing learning process involves discrete optimization
problems that existing methods address through relaxation, yet this makes it
difficult to guarantee optimal solutions. To overcome these issues, this paper pro-
poses a greedy-asymmetric deep supervised hashing method for image retrieval
that fully leverages the advantages of both greedy algorithms and asymmetric
strategies to further improve hashing retrieval performance. We compare our
method with 17 state-of-the-art approaches on two commonly used datasets.
On CIFAR-10 at 48 bits, our method achieves a 1.3% mAP improvement over
the best-performing existing method. On NUS-WIDE across all bit lengths, it
achieves an average mAP improvement of 2.3%. Experimental results on both
datasets demonstrate that the proposed method can further enhance hashing
retrieval performance.

Keywords: asymmetric strategy; greedy algorithm; supervised hashing; image
retrieval

0 Introduction
With the explosive growth of image data, finding required information from
massive datasets has become a critical challenge. In large-scale image retrieval,
hashing methods [1] have gained widespread attention for approximate nearest
neighbor search based on hash features due to their computational and storage
efficiency [2, 3].

Numerous hashing retrieval methods have been proposed in recent years, which
can be categorized into data-independent [4] and data-dependent approaches [5].
Data-independent methods primarily rely on random projections to construct
hash functions without depending on training data, resulting in relatively low
retrieval accuracy [6]. Data-dependent methods leverage various machine learn-
ing techniques to learn hash functions. Compared to data-independent methods,
data-dependent approaches can achieve higher accuracy with shorter hash codes
[7], and thus have been more widely adopted.

Motivated by the success of deep neural networks in various tasks such as image
classification [8], object detection [9], and face recognition [10, 11], researchers
have attempted to address hashing problems through deep learning, leading to
the development of deep supervised hashing methods. These methods extract
image features through deep neural networks while simultaneously performing
hash learning [12, 13], integrating feature extraction and hash learning into a
unified end-to-end framework [14] that significantly improves retrieval perfor-
mance compared to traditional methods.

Despite substantial progress, deep supervised hashing methods still face sev-
eral limitations [15, 16]. Most existing deep supervised hashing methods adopt
symmetric strategies during training, such as CNNH [17] (Convolutional Neural
Networks Hashing), DPSH [18] (Deep Pairwise Supervised Hashing), and DHN
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[19] (Deep Hashing Network). Symmetric strategy refers to using the same deep
neural network to extract deep features for both query samples and database
samples, followed by the same deep hash function to generate hash codes for
both. However, training with symmetric strategies is typically time-consuming,
making it difficult to efficiently leverage supervision information for large-scale
datasets. For instance, the storage and computational cost of DPSH [18] is
𝑂(𝑛2), where 𝑛 is the number of database samples, while DTSH [20] (Deep
Supervised Hashing with Triplet) incurs even higher training costs. Due to the
time-consuming nature of symmetric strategy training, most existing methods
only sample a subset from the entire database to construct the training set for
hash function learning, discarding the remaining database samples. Although
this accelerates network training, it leads to insufficient utilization of supervision
information [21].

Early research on asymmetric hashing [22, 23] employed asymmetric distance
metrics to preserve similarity between images, where binary hash codes for both
training and query sets were generated by the same hash function that needed
to be learned. Inspired by this asymmetric concept, subsequent works proposed
several deep asymmetric hashing methods, including Deep Asymmetric Pairwise
Hashing [24], Nonlinear Asymmetric Multi-valued Hashing [25], Collaborative
learning for extremely low bit Asymmetric Hashing [26], Deep Asymmetric Hash-
ing with Dual Semantic Regression and Class Structure Quantization [27], and
Asymmetric Supervised Deep Discrete Hashing for Image Retrieval [28]. Among
them, the ADSH [21] method employs an asymmetric approach for deep hash
learning. Asymmetric strategy means that feature extraction is performed only
for query samples, not for database samples. During deep hash function learn-
ing, only query sample hash codes are learned, while database sample hash
codes are learned directly. This asymmetric approach effectively addresses the
problem of insufficient supervision information utilization.

Although ADSH can fully leverage supervision information and enable efficient
network training through its asymmetric approach, it faces a challenge: during
hash code learning, the sign function (which is non-differentiable) is required to
map deep features to binary hash codes, making the optimization problem NP-
hard. ADSH addresses this by using the tanh function as a relaxation during
training [29] and adding a penalty term to the loss function to generate features
that are as discrete as possible [18, 30], then applying the sign function in the
testing phase to obtain true binary hash codes. While this enables network
training, it introduces quantization errors.

To better solve discrete optimization problems, the Greedy Hash [31] method
utilizes greedy principles by strictly applying the sign function during forward
propagation to maintain discrete constraints on network outputs, while during
backpropagation, gradients from the hash layer are fully transmitted to previous
layers, thereby avoiding gradient vanishing.

Inspired by both ADSH and Greedy Hash, this paper proposes a greedy-
asymmetric deep supervised hashing method for image retrieval. By
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simultaneously applying greedy algorithms and asymmetric strategies to the
hash function learning process, our approach can both fully utilize supervision
information and better solve discrete optimization problems. Specifically, our
main contributions include three aspects:

a) We propose a greedy-asymmetric deep supervised hashing method for im-
age retrieval that fully combines the advantages of greedy algorithms and
asymmetric strategies to further improve hash retrieval performance.

b) We design a greedy-asymmetric pairwise loss function consisting of two
components: greedy loss and asymmetric pairwise loss. The greedy loss
addresses discrete optimization by maintaining discrete constraints on net-
work outputs during forward propagation while fully transmitting gradi-
ents from the hash layer to the network output layer during backpropaga-
tion. The asymmetric pairwise loss improves hash code learning efficiency
by employing asymmetric strategies to learn query samples and database
samples differently.

c) Experimental results on two datasets demonstrate that the greedy-
asymmetric deep supervised hashing method can further improve hash
retrieval performance.

1 Feature Extraction
[Figure 1: see original paper] illustrates the model architecture of our greedy-
asymmetric deep supervised hashing method. The model comprises two main
components: a feature extraction module and a loss function module. The
feature extraction module extracts deep image features through a backbone net-
work, while the loss function module maps these deep features to hash codes
through hash learning. As shown in Figure 1, training images first obtain deep
features during the feature extraction stage, then acquire binary hash codes
through the hash layer, and finally are guided by our designed loss function to
generate hash codes that preserve image similarity. By integrating both com-
ponents into a unified end-to-end structure, our model enables mutual feedback
between modules during training, resulting in more robust hash encoding.

Notably, our designed loss function includes two components: greedy loss and
asymmetric pairwise loss. As indicated by the greedy loss in Figure 1, after
obtaining image hash features, the sign function directly maps them to binary
hash codes, and the greedy principle solves the discrete optimization problem
(detailed implementation in Section 2.1). As shown by the asymmetric pairwise
loss in Figure 1, this component simultaneously utilizes supervision information
from both query images and database images to train the network, enabling
the learning of binary hash codes for database images during training (detailed
implementation in Section 2.2).

For feature extraction, we employ AlexNet [8] as the backbone network, which
consists of 5 convolutional layers and 3 fully connected layers (structure detailed
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in Table 1 ). To obtain image hash features, we add a hash coding layer after
the FC3 layer of AlexNet, which maps deep features to ℝ𝑐 space, where 𝑐 is the
hash code length.

Let 𝑋 = {𝑥𝑖}𝑚
𝑖=1 denote the query image set, and 𝑍 = {𝑧𝑖}𝑛

𝑖=1 denote the
database image set containing 𝑛 samples. After processing through the back-
bone network, we obtain hash features ℎ𝑖 = 𝑓(𝑥𝑖; 𝜃) for query images and
𝑣𝑖 = 𝑓(𝑧𝑖; 𝜃) for database images, where 𝑓(⋅) represents the backbone network
function and 𝜃 denotes its parameters.

2 Loss Function
As shown in the loss function stage of Figure 1, we design a loss function to
learn optimal hash codes, expressed as: 𝐿 = 𝐿1 + 𝜆𝐿2, where 𝐿1 is the greedy
loss, 𝐿2 is the asymmetric pairwise loss, and 𝜆 is a hyperparameter. The greedy
loss 𝐿1 addresses gradient vanishing issues during optimization [30], while the
asymmetric pairwise loss 𝐿2 fully utilizes database label information and enables
efficient network training [21].

2.1 Greedy Loss

To obtain image hash codes, the sign function is typically applied after the
hash coding layer to map deep features to binary hash codes. However, since
the sign function is non-differentiable, the optimization becomes an NP-hard
problem. Traditional methods use tanh or sigmoid functions for relaxation
[29], which enables network training but yields suboptimal solutions. To better
address this issue, we propose utilizing greedy algorithms that strictly apply
the sign function during forward propagation to maintain discrete constraints
on network outputs, while during backpropagation, gradients from the hash
layer are fully transmitted to previous layers, avoiding gradient vanishing and
effectively solving the discrete optimization problem.

The core challenge of greedy loss is how to leverage greedy algorithms to solve
discrete optimization problems. Let 𝑏𝑖 ∈ {−1, 1}𝑐×1 represent the hash code of
ℎ𝑖. Specifically, our greedy loss adopts the cross-entropy loss form.

During discrete optimization, if we completely ignore discrete constraints and
use gradient descent algorithms, we can obtain the solution for the (𝑡 + 1)-th
iteration as 𝑏𝑡+1

𝑖 = 𝑏𝑡
𝑖 −𝜂 𝜕𝐿

𝜕𝑏𝑡
𝑖
, where 𝜂 represents the learning rate. However, the

solution obtained using this equation does not satisfy 𝑏𝑡+1
𝑖 ∈ {−1, 1}𝑐×1. With-

out considering discrete constraints, the solution from this equation represents
a continuous optimal solution. The greedy principle posits that the discrete
point closest to the continuous optimal solution, as shown in equation (3), is
the desired discrete optimal solution.

Equation (3) can be implemented through two steps: forward propagation and
backpropagation. The forward propagation process is shown in equation (4),
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which implements a new hash layer using the sign function during forward prop-
agation:

𝑏𝑡+1
𝑖 = sign(ℎ𝑡+1

𝑖 )

During backpropagation, we add a penalty term 𝑝 to the greedy loss and make
this penalty term approach zero as closely as possible. From 𝜕𝑝

𝜕ℎ𝑡+1
𝑖

= 0, we can
derive:

𝜕𝐿
𝜕ℎ𝑡+1

𝑖
= 𝜕𝐿

𝜕𝑏𝑡+1
𝑖

𝜕𝑏𝑡+1
𝑖

𝜕ℎ𝑡+1
𝑖

= 𝜕𝐿
𝜕𝑏𝑡+1

𝑖

This shows that during backpropagation, the greedy principle can fully transmit
gradients from the hash layer to the network output layer. By separately im-
plementing forward and backpropagation processes, our greedy loss effectively
solves the discrete optimization problem and obtains precise hash codes.

2.2 Asymmetric Pairwise Loss

The asymmetric pairwise loss serves to train the network using asymmetric
strategies during training. This not only enables full utilization of database
supervision information but also allows efficient network training. Asymmetric
strategy refers to processing query images and database images differently. For
query images, deep features are extracted through the backbone network, and
query image hash codes are generated using deep hash functions. For database
images, their hash codes are learned directly.

To obtain hash codes that preserve similarity between query images and
database images, a common approach [29] minimizes the difference between
supervised similarity information of training images and database images and
the similarity of their hash code inner products:

𝐿2 = min
𝜃,𝑉

𝑚
∑
𝑖=1

𝑛
∑
𝑗=1

[𝑆𝑖𝑗𝑐 − 𝑏𝑇
𝑖 𝑣𝑗]2

where 𝐵 = {𝑏𝑖}𝑚
𝑖=1 ∈ {−1, 1}𝑚×𝑐 represents the hash code set learned by the

hash function for the training image set, and 𝑉 = {𝑣𝑗}𝑛
𝑗=1 ∈ {−1, 1}𝑛×𝑐 rep-

resents the directly learned hash code set for database images containing 𝑛
samples. 𝑆 ∈ ℝ𝑚×𝑛 is the similarity matrix where 𝑆𝑖𝑗 = 1 if two images are
similar and 𝑆𝑖𝑗 = −1 otherwise.

Since equation (9) contains the sign function (which is non-differentiable), gra-
dients for parameter 𝜃 cannot be directly backpropagated. We use the tanh
function to replace the sign function for relaxation:
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𝐿2 = min
𝜃,𝑉

𝑚
∑
𝑖=1

𝑛
∑
𝑗=1

[𝑆𝑖𝑗𝑐 − tanh(𝑓(𝑥𝑖; 𝜃))𝑇 𝑣𝑗]2

In practical applications, if only a database 𝑍 is given without a specified query
set 𝑋, we can randomly sample 𝑚 data points from 𝑍 as the query set. Let
Ω = {1, 2, … , 𝑛} denote all indices of the database, and Γ ⊆ Ω denote the index
set of sampled data. We also obtain the corresponding similarity matrix 𝑆Ω for
the sampled dataset. Equation (10) can then be rewritten as:

𝐿2 = min
𝜃,𝑉

∑
𝑖∈Γ

∑
𝑗∈Ω

[𝑆𝑖𝑗𝑐 − tanh(𝑓(𝑧𝑖; 𝜃))𝑇 𝑣𝑗]2

To keep tanh(𝑓(𝑧𝑖; 𝜃)) and 𝑣𝑖 as close as possible, we add an additional constraint
to equation (11), which is reasonable since 𝑣𝑖 approximates the hash code of
tanh(𝑓(𝑧𝑖; 𝜃)). The constraint can be rewritten as:

𝐿2 = min
𝜃,𝑉

∑
𝑖∈Γ

∑
𝑗∈Ω

[𝑆𝑖𝑗𝑐 − tanh(𝑓(𝑧𝑖; 𝜃))𝑇 𝑣𝑗]2 + 𝛾 ∑
𝑖∈Ω

|| tanh(𝑓(𝑧𝑖; 𝜃)) − 𝑣𝑖||2

where 𝛾 is a hyperparameter.

We employ an alternating optimization strategy to learn parameters 𝜃 and 𝑉
in equation (12), which is also applicable to equation (10). Specifically, in each
iteration, only one parameter is learned while other parameters remain fixed,
and this process repeats for multiple iterations. The detailed parameter update
process using alternating optimization strategy can be found in the learning
algorithm section of ADSH [21].

3 Experiments
To validate the effectiveness of our proposed method, we conduct experiments
on two commonly used public datasets and compare with 17 state-of-the-art
methods.

3.1 Datasets

CIFAR-10 Dataset. The CIFAR-10 dataset [32] contains 10 classes, with
6,000 samples per class, totaling 60,000 color images of size 32$×$32. For
CIFAR-10, two images are considered similar if they share the same label.

NUS-WIDE Dataset. The NUS-WIDE dataset [33] consists of 269,648 web
images with tags. It is a multi-label dataset where each image may have multiple
tags. We select images from the 10 most common classes. For NUS-WIDE, two
images are defined as similar if they share at least one common tag.
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3.2 Experimental Settings

Our model is implemented in PyTorch. The mini-batch size is set to 128, and
Adam [34] is used as the optimizer with weight decay of 0.0005 and maximum
iterations of 50. For data splitting:

• CIFAR-10: We randomly sample 200 images per class (2,000 total) as
the training set, and 100 images per class (1,000 total) as the query set.
The remaining 59,000 images (excluding the 1,000 query images) serve as
the database.

• NUS-WIDE: We randomly sample 2,000 images from the database as the
training set and 1,000 images as the query set, with all images excluding
the query set serving as the database.

For evaluation metrics, we use the most common metrics in image retrieval:
mAP (mean Average Precision) and PR (Precision-Recall).

Since different deep neural networks have varying feature extraction capabilities
that affect retrieval performance, we use the AlexNet model pre-trained on
ImageNet [35] as the backbone network for fair comparison.

3.3.1 Retrieval Performance Comparison

We evaluate our greedy-asymmetric deep supervised hashing method on CIFAR-
10 and NUS-WIDE datasets, comparing with 17 methods including 7 traditional
hashing methods and 10 deep hashing methods. Traditional methods include
unsupervised ITQ [2] and supervised methods: Lin:Lin [36], LFH [37], FastH
[38], SDH [39], COSDISH [40], KADGH [41]. Deep hashing methods include:
DSH [1], DSDH [15], DHN [19], DPSH [18], DTSH [20], Greedy Hash [31], ADSH
[21], SDNMSH [42], ASDDH [27], and TransHash [43].

Table 2 presents the image retrieval mAP accuracy on CIFAR-10 and NUS-
WIDE, where bold indicates the best performance, underline indicates the
second-best, and * indicates our reproduced results. The results show that
supervised methods generally outperform unsupervised methods, and deep
hashing methods outperform traditional methods. Our method significantly
outperforms all other methods across all hash code lengths. This is because the
proposed greedy-asymmetric loss better preserves image feature information,
thereby improving hash retrieval performance. On CIFAR-10, our method
achieves a 1.4% improvement over TransHash at 48 bits. On NUS-WIDE, it
achieves an average 2.3% improvement across different bit settings. The results
demonstrate strong performance on both datasets, with particularly notable
improvements on the single-label CIFAR-10 dataset.

To further illustrate the superiority of our method, we plot PR curves at 12
bits on both datasets in Figure 2 [Figure 2: see original paper] and Figure 3
[Figure 3: see original paper]. The larger the area under the PR curve, the
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better the performance. The results clearly show that our greedy-asymmetric
deep supervised hashing method significantly outperforms all other methods.

3.3.2 Hyperparameter Analysis

The greedy-asymmetric loss is defined as 𝐿 = 𝐿1 + 𝜆𝐿2, where 𝐿1 is greedy
loss, 𝐿2 is asymmetric pairwise loss, and 𝜆 is a hyperparameter. To analyze 𝜆’s
impact on retrieval performance, we conduct parameter analysis on CIFAR-10
and NUS-WIDE. Figures 4 [Figure 4: see original paper] and 5 [Figure 5: see
original paper] show retrieval accuracy at different 𝜆 values (0.1, 1, 10, 100,
1000) for 12-bit and 48-bit settings. The results indicate that 𝜆 has minimal
impact on retrieval performance for both datasets. Figure 4 shows that CIFAR-
10 achieves good performance when 0.1 < 𝜆 < 1, with the best results at 𝜆 = 1
across different bit settings. Figure 5 shows that NUS-WIDE achieves good
performance when 0.1 < 𝜆 < 10, also with optimal results at 𝜆 = 1. Based on
these findings, we set 𝜆 = 1 for all experiments.

3.3.3 Retrieval Result Visualization

To further demonstrate our method’s effectiveness, Figure 6 [Figure 6: see
original paper] visualizes the top-10 retrieval results for each class on CIFAR-10.
The results show that our method achieves an average top-10 retrieval accuracy
of 98% on CIFAR-10, further validating its excellent performance on single-label
datasets.

4 Conclusion
To address the discrete optimization problem and insufficient utilization of super-
vision information in hash function learning, we propose a greedy-asymmetric
deep supervised hashing method for image retrieval. By simultaneously apply-
ing greedy algorithms and asymmetric strategies to the hashing learning process,
our approach can fully transmit hash layer gradients to the network output layer
to solve discrete optimization problems while efficiently training the network
with full supervision information. Comparative experiments with 17 methods
on two public datasets validate the effectiveness of our approach. Although the
proposed method achieves significant improvements in retrieval performance,
there remains room for enhancement in multi-label retrieval tasks. Future work
will focus on further improving the method’s adaptability to multi-label data.
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