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Domain-Robust Deep Hashing: A Unified Framework for Fast Person Re-Identification 
 

Qi LUO 

 
Abstract: Person re-identification (ReID) in large-scale surveillance requires methods that are both accurate and efficient. While deep hashing enables compact binary 
representations, it often suffers from accuracy degradation due to the domain gap between raw features and hash codes. This paper proposes a unified, open-source 
framework for fast person ReID that introduces a cross-domain loss function to explicitly bridge the feature and hash spaces. Our model-agnostic training strategy integrates 
seamlessly with existing architectures such as ResNet and OSNet. Experiments on Market1501 and CUHK03 demonstrate that the proposed framework outperforms           
state-of-the-art deep hashing and fast ReID methods, achieving up to 8.61% higher mean Average Precision (mAP). Extensive ablation studies validate the contribution of 
the cross-domain loss, and evaluations across multiple backbones confirm the framework's versatility. The results show that our approach not only improves accuracy but 
also provides a strong, reproducible baseline for efficient person re-identification. 
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1 INTRODUCTION 

 
Person re-identification (ReID) [1, 24-29] is a task of 

searching a given probe person from a large collection of 
images across multiple cameras. In real application 
scenarios, with the popularity of terminal devices such as 
cameras, the amount of data that servers need to process 
increases sharply. How to reduce storage pressure and 
improve image retrieval speed has become a hot issue in 
both academia and industry. To tackle this challenge, 
recently, hashing [2, 3, 16] has been introduced into the 
ReID community because it is very efficient in terms of 
computation and storage. The goal of hashing is to embed 
high-dimensional raw features into a Hamming space of 
low-dimensional binary hash codes, so that the hash codes 
of the similar objects are as close as possible, and the hash 
codes of dissimilar objects are as different as possible. 
Although deep hashing methods have emerged in 
succession in recent years, the accuracy of hash coding is 
still much lower than the raw features in retrieval. 

The term "domain gap" [4] is often mentioned in many 
studies related to domain generalization. Some researchers 
believe that the existence of domain gap is because the 
model is not domain-agnostic, which leads to the unique 
feature distribution for each domain, eventually the 
performance of the model is greatly reduced when testing 
on unseen domains. We believe that something similar 
happens during the process of transforming raw features F 
into hash codes H.  

With the above motivation, we propose a new 
framework for fast person re-identification. The new 
baseline consists of three main parts. The first is a feature 
extractor that extracts the global feature G of pedestrians 
from RGB images. It can be a convolutional neural 
network or a transformer [1, 28, 29]. The second is a hash 
coding module, which maps the global feature G to specific 
dimensions and obtains the raw feature F and the hash code 
H. Consequently, with the above two parts, the forward 
propagation of features can be realized. For training, in 
addition to the widely used triplet loss and cross entropy 
loss, we design a cross-domain loss to optimize all of the 
outputs (F and H) of the hash module at the same time. 
Specifically, the cross-domain loss function can eliminate 
the effect of domain gap. After training, the distribution of 

F and H obtained by our framework is consistent on the 
whole.  

The main contributions of our work are summarized as 
follows: 

1) Novel Analysis Perspective for Fast ReID 
Performance Degradation. We provide a different 
perspective to analyze the reasons for the significant 
performance degradation in fast person re-identification 
(fast ReID). Unlike previous works that focus primarily on 
network architecture optimization or loss function design, 
we identify and analyze the fundamental issue of domain 
gap between raw features and hash codes through 
visualization analysis. 

2) Comprehensive Framework with Novel                      
Cross-Domain Loss. We propose an open-source 
framework as a strong baseline for fast ReID that addresses 
the identified domain gap issue. Our framework consists of 
three main components: a feature extractor for global 
feature extraction, a hash coding module for                       
feature-to-hash transformation, and a concise training 
strategy. Besides the conventional triplet loss and                 
cross-entropy loss, we design a novel cross-domain loss 
function specifically to optimize both raw features F and 
hash codes H simultaneously. This cross-domain loss 
effectively eliminates the domain gap by enforcing 
consistency between the distributions of raw features and 
hash codes, ensuring that similar identities remain close in 
both feature spaces while dissimilar identities are                   
well-separated. The loss function improves the robustness 
of the end-to-end training process and enables better 
preservation of discriminative information during hash 
code generation. 

3) Extensive Experimental Validation and                     
Model-Agnostic Design. We conduct extensive 
experiments on two widely used datasets (Market1501 and 
CUHKNP) to validate the effectiveness of our approach. 
Our experimental evaluation includes comprehensive 
comparisons with both state-of-the-art deep hashing 
methods and existing fast ReID methods. The results 
demonstrate that our framework is model-agnostic while 
consistently achieving state-of-the-art retrieval 
performance on standard benchmarks. Furthermore, we 
provide detailed ablation studies to analyze the 
contribution of each component. 
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2 RELATED WORK  
2.1 Deep Hashing Methods 
 

Deep hashing methods have gained significant 
attention in computer vision due to their ability to generate 
compact binary representations while preserving semantic 
similarity. DPSH [14] introduced a deep                             
pairwise-supervised hashing approach that performs 
simultaneous feature learning and hash-code learning for 
applications with pairwise labels, achieving state-of-the-art 
performance in image retrieval applications. HashNet [13] 
proposed a novel deep architecture that uses continuation 
method with convergence guarantees to learn exactly 
binary hash codes from imbalanced similarity data, 
addressing the ill-posed gradient problem in optimizing 
deep networks with non-smooth binary activations. 

DPN [7] designed a deep polarized network that 
employs a differentiable bit-wise hinge-like polarization 
loss to push each channel output far away from zero, 
bypassing the requirement for pairwise labels while strictly 
bounding the pairwise Hamming distance based losses. 
OrthoCos [8] simplified deep hashing by proposing a 
single learning objective that maximizes cosine similarity 
between continuous codes and their corresponding binary 
orthogonal codes, ensuring both hash code 
discriminativeness and quantization error minimization 
while achieving code balancing through Batch 
Normalization. 

CSQ [9] introduced a global similarity metric called 
central similarity, where hash codes of similar data pairs 
approach a common center while dissimilar pairs converge 
to different centers, using hash centers constructed via 
Hadamard matrix and Bernoulli distributions. JMLH [10] 
proposed an embarrassingly simple approach with only 
two additional fully-connected layers and a simple 
classification objective, lower-bounding the Information 
Bottleneck between data samples and their semantics. 
GreedyHash [11] adopted the greedy principle to tackle the 
NP-hard discrete optimization problem by iteratively 
updating the network toward probable optimal discrete 
solutions. SDHC [12] developed a supervised deep hashing 
method that learns multiple hierarchical non-linear 
transformations with constraints on loss minimization, bit 
balance, and bit independence. 

While these methods have shown promising results in 
general image retrieval tasks, they often suffer from 
accuracy degradation when applied to person                                 
re-identification due to the unique challenges in this 
domain, particularly the domain gap between raw features 
and hash codes. 
 
2.2 Fast Person Re-identification Methods 
 

Fast person re-identification methods specifically 
target the efficiency challenges in ReID applications while 
attempting to maintain accuracy. CPDH [15] proposed a 
Consistency-Preserving Deep Hashing framework that 
bridges the gap between high-dimensional features and 
low-dimensional binary vectors by focusing on 
consistency preservation. The method introduces a noise 
consistency cost to improve robustness and a topology 
consistency cost to maintain ordinal relations between 
high-dimensional feature space and Hamming space. 

DMIH [16] introduced a Deep Multi-Index Hashing 
approach that seamlessly integrates multi-index hashing 
and multi-branch based networks into the same framework. 
The method proposes a block-wise multi-index hashing 
table construction approach and a search-aware                 
multi-index (SAMI) loss to improve search efficiency 
while maintaining accuracy. 

However, existing fast ReID methods are still limited 
in number and often lack comprehensive open-source 
implementations, making it difficult for researchers to 
reproduce results and build upon existing work. Moreover, 
these methods frequently neglect the fundamental issue of 
domain gap between raw features and hash codes, leading 
to suboptimal performance in real-world applications. The 
challenge remains in achieving both high efficiency and 
high accuracy simultaneously, as most existing approaches 
still suffer from accuracy degradation when converting to 
binary representations. 
 
3 METHODOLOGY 
3.1 Notation 
 

We use lowercase letters like 𝑤 to denote vectors and 
uppercase letters like W to denote matrices. For an integer 
N, we use wN to denote the set {w1, w2, …, wN}. ||w||2 
denotes the L2-norm for w. [ꞏ]+ is defined as [x]+ = max{0, 
x}. sign(ꞏ) is an element-wise sign function where sign(x) 
= +1 if x ≥ 0 else sign(x) = −1. Furthermore, ||bi – bj||c 
denotes the cosine distance between bi and bj, i.e., 

1
T
i j

i j C
i j

b b
b b

b | b |
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Figure 1 The pipeline of our strong baseline. The green arrowsindicate the flow 
of features. The part framed by the dottedline is the hash module, which takes 

global features as inputand outputs raw features and hash codes. The gray 
rectanglerepresents loss function 

 
3.2 Problem Formulation 
 

Person re-identification with hashing faces several 
fundamental challenges that make it particularly difficult 
to optimize end-to-end. The primary challenge lies in the 
non-differentiable nature of the sign function used to 
generate binary hash codes. 

Let us formally define the problem. Given a set 
oftraining images X = {x1, x2, …, xN} with corresponding 
identity labels Y = {y1, y2, …, yN}, our goal is to learn a 
hash function h: Rd → {−1, +1}k that maps                 
high-dimensional features to k-bit binary codes 
whilepreserving semantic similarity. 
 
3.3 Network Architecture and Forward Propagation 
 

As shown in Fig. 1, let θ denote the parameters of our 
entire network. For an input image xi, the forward 
propagation process can be formulated as follows: 
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Step 1: Feature Extraction. The input image                              
xi  RH × W × 3  is fed into a backbone network fbackbone(ꞏ; 
θbackbone) to extract global features: 
 

backbone backbone( ; )i ig f x                                                               (1) 

 

where 
dg

ig R  represents the global feature vector. 

Step 2: Hash Module Processing. The global feature gi 
is then processed by the hash module consisting of a fully 
connected layer and batch normalization: 
 

 hash( ; )i if BN FC g                                                                  (2) 

 
where fi  Rd is the continuous raw feature, θhash represents 
the parameters of the hash module. 

Step 3: Binarization. The binary hash code is obtained 
by applying the sign function: 
 

sign( )i ih f                                                                          (3) 

 
where hi  {−1, +1}d is the final binary hash code. 
 
3.4 Challenges 
3.4.1 Gradient Vanishing Problem 
 

The core difficulty arises from the sign function sign(ꞏ) 
used to binarize continuous features. Mathematically, for a 
continuous feature f  Rd, the binary hash code is obtained 
as: 
 

 
1 if 0

sign
1 if 0

f
h f

f

 
   

                                               (4) 

 
The derivative of the sign function is: 

 
 sign 0 if 0

undefined if 0

f f

ff

 
   

                                      (5) 

 
This zero gradient prevents error signals from 

propagating back to the backbone network during 
backpropagation, making it impossible to train the entire 
network end-to-end. 

The challenge in training lies in the backpropagation 
through the non-differentiable sign function. Given a loss 
function L, the gradient with respect to raw features 
becomes: 
 

 sign
0ii

i i i i i

fhL L L

f h f h f

  
    

    
                                 (6) 

 
This zero gradient prevents further backpropagation to 

the backbone network. 
 
3.4.2 Domain Gap between Continuous and Discrete 

Representations 
 

To address the gradient vanishing problem mentioned 
in the previous section, one common approach is to replace 

the non-differentiable sign function with continuous and 
differentiable approximations such as the tanh function: 
 

tanh( )
β f β fi i

i i β f β fi i

e e
h β f

e e

  

  


  


                                        (7) 

 
where β is a scaling parameter that controls the steepness 
of the approximation. While this approach enables gradient 
flow throughout the network, it introduces several new 
challenges: 

The tanh function produces continuous values in the 
range (−1, 1), which are not truly binary. During inference, 
these continuous values must be binarized using the sign 
function, creating a train-test discrepancy. The model is 
trained on continuous outputs but tested on discrete ones, 
leading to a mismatch between training and inference 
phases. In other words, the transformation from continuous 
features to discrete hash codes creates a significant domain 
gap, where the distributions of continuous features and 
discrete hash codes become inconsistent, leading to 
suboptimal retrieval performance. 

In addition, as β increases to make tanh(β ∙  fi) more 
similar to the sign function, the gradients become 
increasingly small in the saturated regions (where |β ꞏ fi| is 
large), potentially causing training instability and slow 
convergence. 

Besides, the use of approximation functions often 
requires careful hyperparameter tuning (such as the scaling 
factor β) and may necessitate complex annealing strategies 
during training to gradually transition from continuous to 
discrete representations. 

These challenges motivate our approach to directly 
address the domain gap between continuous features and 
discrete hash codes through a novel cross-domain loss 
function, which maintains consistency between the two 
representations without relying on potentially problematic 
approximation functions. 
 
3.5 Learning 
 

The framework is shown in Fig. 1, which is an               
end-to-end deep learning framework containing two 
components, i.e., main network part and hash codes 
learning part. 
 
3.5.1 Main Part 
 

Initially, we input a batch of images into the backbone 
network, and get a batch of global features which is 
denoted as {g}N. Following the setting in [6], for each 
pedestrian image in a mini-batch, we treat it as an anchor 
and build the corresponding triplet input by selecting the 
furthest positive sample and the closest negative sample 
within the same batch. Thus, the triplet loss Lt({g}N) can be 
formulated as follows: 
 

  
1

max min

t N

N

i i C i i C
i 1

L g

α || g g || || g g ||
N

 






     
              (8) 

 



Qi LUO: Domain-Robust Deep Hashing: A Unified Framework for Fast Person Re-Identification 

Tehnički vjesnik 33, 3(2026), 930-937                                   933 

where , , -
i i ig g g  respectively represent the global features 

from anchor, positive and negative samples, α is the margin 
hyper-parameter with 0.3 as the default value. 
 
3.5.2 Hash Module Part 
 

As shown in Fig. 1, our hash module consists of three 
components: 1) a fully connected layer; 2) a batch 
normalization layer; 3) a sign function. The fully connected 
layer and batch normalization layer will map {g}N into            
d-dimensional raw features {f}N, where d is a                          
hyper-parameter. In addition, to get the binary code {h}N, 
you need to use the sign function on {f}N. According to the 
previous conjecture, there is a phenomenon of domain gap 
between the raw feature and the hash code, so in order to 
make the distribution of the two as consistent as possible, 
we adopt a cross-domain loss function as shown in Eq. (9): 
 

domain

1
max min

N

i i C i i C
i 1

L

α || f h || || f h ||
N

 






     
              (9) 

 

where , , i i if h h   respectively represent the raw features 

from anchor and the hash codes from its positive and 

negative samples. i i
C

f h represents the distance 

between the raw feature and the positive hash code, while 

i i
C

f h represents the distance between the raw feature 

and the negative hash code. Eq. (9) encourages alignment 
between raw features and their hash codes, preventing 
collapse across domains. Like Eq. (8), the default value of 
α is also 0.3. In this case, the distance from the raw feature 
of anchor to the hash code of its positive sample is 
minimized, while the distance from the raw feature of 
anchor to the hash code of its negative sample is 
maximized. Notably, different from the multi-stage 
method in [2], our framework integrates the                                
high-dimensional raw feature learning and the binary hash 
code learning into one stage. Additionally, the                           
cross-domain loss directly optimizes the distance between 
the raw feature and the hash code, instead of maintaining 
their topology consistency [2]. The distance from the raw 
feature of anchor to the hash code of its positive sample is 
minimized, while the distance from the raw feature of 
anchor to the hash code of its negative sample is 
maximized. 
 
3.5.3 Loss Functions 
 

Like various deep ReID methods [6], we use the cross 
entropy loss Lce({h}N) and label smoothing for 
classification.The cross entropy loss is defined as: 
 

    , , 
1

1
log

N C
N

ce i c i c
i 1 c

L h y p
N  

                                 (10) 

 
where N is the batch size, C is the number of identity 
classes, yi, c is the ground truth label (1 if sample i belongs 
to class c, 0 otherwise), and pi, c is the predicted probability 

that sample i belongs to class c. The predicted probabilities 
are obtained by applying a softmax function to the hash 
codes: 
 

 
 

, 

exp

exp

T
c i c

i c C
T
j i j

j 1

W h b
p

W h b






                                             (11) 

 
where Wc and bc are the weight vector and bias term for 
class c respectively, and hi is the hash code of sample i. 

To improve generalization and prevent overfitting, we 
employ label smoothing regularization, which replaces the 
hard target labels with a mixture of the ground truth and a 
uniform distribution: 
 

 smooth
, , 1i c i cy y

C

                                                  (12) 

 
where ε is the smoothing parameter, typically set to 0.1. 
This technique helps the model to be less confident about 
its predictions and reduces overfitting to the training data. 

The cross entropy loss serves as a classification 
objective that encourages the hash codes to be 
discriminative for different person identities, while the 
cross-domain loss ensures consistency between the 
continuous and discrete feature representations. The 
detailed calculation formula will not be introduced here 
due to the limited space. The overall loss is the sum of the 
loss in each part: 
 

base domainL L L                                                            (13) 

 
where Lbase = Lt({g}N) + Lce({h}N). Unlike other methods 
[1-3] that add a lot of complicated optimizations, our 
method only needs to add a cross-domain loss function 
Ldomain based on the commonly used Lbase. 
 
3.6 Testing 
 

In conventional ReID tasks, raw features and the 
cosine distance are usually used during testing. 
Conversely, hash codes and the Hamming distance are 
highly recommended for efficiency-first tasks. To make 
the experiment more comprehensive, we will show the 
performance of our framework in these two retrieval 
strategies in the ablation experiment. 
 
3.7 Discussion 
 

It is obvious thatboth the raw feature and the hash code 
can represent pedestrian information well, so it is 
reasonable to use the raw feature of anchor to retrieve the 
hash code of gallery set, as well as to use the hash code of 
anchor to retrieve the raw feature of gallery set. Thus, 
different from previous ReID works, we add two new 
retrieval strategies in the ablation experiment. 

Compared with the Topology Consistency Loss [15] 
inCPDH, which focuses on preserving the ordinal relations 
of samples between the feature space and the Hamming 
space, our proposed cross-domain loss directly enforces 
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alignment between raw features and hash codes across 
positive and negative pairs. This makes optimization more 
straightforward and ensures stronger discriminability of 
the learned codes. While topology consistency emphasizes 
global ranking preservation, our cross-domain loss 
provides a more explicit and effective supervision signal, 
yielding hash codes that are both compact and more robust 
for retrieval. 
 
4 RESULTS 
 

Since there are few open-source fast ReID methods, 
both deep hashing methods and fast ReID methods are 
adopted as baselines in order to make the results 
comprehensive. The state-of-the-art deep hashing methods 
for comparison include: DPN [7], OrthoCos [8], CSQ [9], 
JMLH [10],GreedyHash [11], SDHC [12], HashNet [13] 
and DPSH [14]. The state-of-the-art fast ReID methods for 
comparison include: CPDH [15] and DMIH [16]. 
 

 
(a) Loss-iteration curves 

 
(b) mAP-epoch curves 

Figure 2 Ablation results on Market1501 with binary code length being 128 bits 
 
4.1 Experimental Details 
4.1.1 Datasets  
 

Experiments are conducted on three widely used 
datasets: Market1501 [5], CUHK03 [17] and   
DukeMTMC-ReID [30]. Specifically, CUHK03, denoted 
as CUHK-NP, contains 14097 images of 1467 pedestrians 
captured by 2 camera views. To be more challenging, we 
adopt the labeled images for evaluation as well as the 

widely recognized new protocol proposed in. Following 
the standard evaluation protocol on ReID tasks, the 
evaluation metrics are the mean Average Precision (mAP) 
and Cumulated Matching Characteristic (CMC). 
 
4.1.2 Implementation Details 
 

It is worth noting that only settings of the deep hashing 
methods [7-14] and our framework are introduced here, 
and settings of the fast ReID methods [15, 16] are 
consistent with their own papers. For fair comparison, all 
experiments use ResNet-50 [18] pretrained by ImageNet 
dataset as the backbone network by default. Input images 
are resized to 256 × 128 and the same data augmentation 
as in [6] are used. The batch size is 256, which is made up 
of 64 pedestrians and 4 images for each pedestrian. 
Hamming distance is used by default when testing. For all 
deep hashing methods, other hyper-parameters are set by 
following the suggestion of their own papers. For our 
framework, we train the model with the Adam strategy for 
90 epochs and the weight decay is set as 0.0005. Further, 
the initial learning rate is set to 3.5 × 10−4 and divided by 
10 at the 40th and 70th epochs respectively. We use a                  
10-epoch linear warm-up. All experiments are 
implemented with PyTorch on an NVIDIA RTX 4090 
GPU. 
 
4.2 Ablation Study and Qualitative Results 
4.2.1 Comparisons with the State-Of-The-Art Methods 
 

Existing state-of-the-art methods can be categorized 
into two types including the deep hashing methods and 
hashing-based fast ReID methods. From Tab. 1 and Tab. 2, 
we can see that our framework outperforms all baselines 
including deep hashing based ReID methods and deep 
hashing methods in all cases. Particularly, our method 
substantially outperforms the latest state-of-the-art method 
Consistency Preserving Deep Hashing (CPDH) in all cases, 
and on the more challenging CUHK-NP task, our 64-bit, 
128-bit and 512-bit hash codes achieve 4.75%, 7.52% and 
8.61% higher on the mean average precision (mAP), 
respectively. 
 

Table 1 mAP (in percent) on Market1501 dataset. The best results are 
highlighted with bold 

Methods 
Market1501 

32 bits 64 bits 128 bits 512 bits 
DPN [7] 8.02 23.08 40.78 56.79 

OrthoCos [8] 6.69 19.10 39.68 59.66 
CSQ [9] 9.92 23.27 39.60 48.80 

JMLH [10] 11.03 24.50 40.69 49.07 
GreedyHash [11] 18.56 35.80 47.41 59.56 

SDHC [12] 16.35 31.21 45.63 60.19 
HashNet [13] 15.25 23.22 28.80 34.87 
DPSH [14] 7.90 13.99 20.60 24.92 
CPDH [15] - 58.20 67.20 74.9 
DMIH [16] 31.41 49.80 62.24 - 

Ours 44.12 60.94 70.44 77.86 

 
Our method outperforms existing models across most 

metrics on all tasks, as evidenced by the data in the tables. 
To elucidate why our method surpasses other approaches, 
it is crucial to highlight the unique integration and 
functionality of our framework components. The 
bidirectional image translation network effectively 
mitigates the domain shift by ensuring style consistency 
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between the source and target domains, which is pivotal for 
maintaining the visual coherence of identity features across 
different environments. Simultaneously, our ReID feature 
extraction network is finely tuned to distill and enhance 
identity-specific features that are critical for accurate 
person re-identification. 
 
Table 2 mAP (in percent) on CUHKNP dataset. The best results are highlighted 

with bold 

Methods 
CUHKNP 

32 bits 64 bits 128 bits 512 bits 
DPN [7] 1.47 4.48 10.74 28.96 

OrthoCos [8] 1.45 3.92 8.83 27.83 
CSQ [9] 1.72 6.38 11.60 23.14 

JMLH [10] 2.47 5.02 12.22 23.64 
GreedyHash [11] 3.31 10.20 20.77 30.94 

SDHC [12] 5.43 11.78 20.81 31.08 
HashNet [13] 7.50 9.34 11.25 12.71 
DPSH [14] 4.29 10.04 12.97 15.67 
CPDH [15] - 44.10 52.0 58.70 
DMIH [16] 24.95 40.28 48.75 - 

Ours 34.95 48.85 59.52 67.31 

 
Another noteworthy observation is the variation in 

performance across different code lengths and datasets. 
Our method benefits more from longer hash codes (128-bit 
and 512-bit) because the cross-domain loss fully exploits 
the increased representational capacity to capture finer 
identity distinctions, while shorter codes (e.g., 32-bit) are 
more constrained and cannot preserve enough 
discriminative information despite our improvements. This 
explains why the accuracy gain becomes more pronounced 
as the code length increases. Furthermore, the relative 
improvement on the CUHKNP dataset is larger than that 
on Market1501. The reason lies in the greater domain shift 
and higher intra-class variation present in CUHKNP, 
which makes traditional methods prone to performance 
degradation. Our framework, however, explicitly 
addresses this gap through the integration of feature-hash 
alignment and cross-domain consistency, allowing it to 
adapt more effectively in such challenging conditions. 
Consequently, the performance boost on CUHKNP 
demonstrates the robustness of our design in handling 
datasets with complex noise and variability. 
 
4.2.2 Model-Agnostic 
 

In order to prove that the proposed framework is robust 
to different networks, we embed six different backbone 
networks into our framework.  

Tab. 3 compares the parameter counts of six backbone 
networks, ranging from the lightweight OSNet x1.0 (2.2M 
parameters) to the heavy ConvNeXtV2 base (88.7M 
parameters), demonstrating our framework's                        
model-agnostic capability across different computational 
budgets. Because ConvNeXtV2 base has a large number of 
parameters, we have to set its batch size to 64. Other 
training parameters are the same as those in Tab. 1. In Tab. 
4 and Tab. 5, we provide the rank k (k = 1, 5, 10) matching 
rate and mAP across different networks. The comparison 
results show that our method could work well regardless of 
the network used. Notably, our framework can easily 
achieve state-of-the-art results on the two most widely used 
networks ResNet-50 [18] and OSNet [21]. 
 

Table 3 Model parameters comparison 
Models Parameters (× 106) 

Resnet50 [18] 25.6 
Convenextv2_base [19] 88.7 

Densenet121 [20] 7.9 
Osnet_x1_0 [21] 2.2 
Seresnet50 [9] 28.1 
Xception [10] 22.9 

 
Table 4 Evaluation of rank k (k = 1, 5, 10) matching rate (%) and mAP (%) on 
Market1501 dataset for the influence of backbone networks with 128-bit hash 

code. The best results are highlighted with bold 

Models 
Market1501 

mAP Rank-1 Rank-5 Rank-10 
Resnet50 [18] 70.44 86.07 94.42 96.29 

Convenextv2_base 
[19] 

65.08 81.71 93.14 95.52 

Densenet121 [20] 65.82 83.14 94.09 96.41 
Osnet_x1_0 [21] 71.71 86.05 94.92 97.00 
Seresnet50 [22] 65.94 82.10 93.23 95.96 
Xception [23] 62.50 80.05 92.40 95.01 

 
Table 5 Evaluation of rank k (k = 1, 5, 10) matching rate (%) and mAP (%) on 

CUHKNP dataset for the influence of backbone networks with 128-bit hash 
code. The best results are highlighted with bold 

Models 
CUHKNP 

mAP Rank-1 Rank-5 Rank-10 
Resnet50 [18] 59.52 63.86 82.29 89.14 

Convenextv2_base 
[19] 

58.82 62.21 82.57 89.43 

Densenet121 [20] 52.03 56.93 78.50 87.07 
Osnet_x1_0 [21] 61.75 66.50 83.43 88.86 
Seresnet50 [22] 53.82 57.14 75.86 84.50 
Xception [23] 48.39 52.21 74.86 82.64 

 
Table 6 Evaluation of rank k (k = 1, 5, 10) matching rate (%) and mAP (%) on 

different retrieval strategies with 128-bit hash code. The cosine distance is used 

Strategy 
Market1501 

mAP Rank-1 Rank-5 Rank-10 
Raw-to-raw 80.83 91.92 96.67 97.89 

Hash-to-hash 70.44 86.07 94.42 96.29 
Raw-to-hash 75.71 88.51 95.72 97.18 
Hash-to-raw 76.61 88.78 95.67 96.91 

 
4.2.3 Effect of the Cross-DomainLoss 
 

To verify the effectiveness of the proposed                 
cross-domain loss, we adopt two experimental settings on 
Market1501 with binary code length being 128 bits. The 
first setting, denoted as setting 1, is to train the framework 
without the cross-domain loss. The other setting, denoted 
as setting 2, is to train the framework with all losses shown 
in Eq. (13). As shown in Fig. 2, the label "resnet setting 1" 
indicates that ResNet-50 is used as the backbone network 
under setting 1. In Fig. 2a, we study the convergence speed 
of different settings, the average loss values over all              
mini-batches are computed. As shown in this figure, we 
can find that if only triplet loss and cross entropy loss are 
used to train the model, the loss function is difficult to 
converge. In Fig. 2b, we compute the mean average 
precision on the test split of Market1501 per 10 epoch 
during training, and it is clear that the cross-domain loss is 
crucial to improve the accuracy of the model. 
 
4.2.4 Domain-Agnostic 
 

There are two traditional retrieval strategies:                 
raw-to-raw and hash-to-hash. The raw-to-raw strategy 
means that the raw features are used for both the query set 
and the gallery set. The hash-to-hash strategy means that 
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the hash codes are used for both the query set and the 
gallery set. To test that our method indeed alleviates the 
domain gap between raw features and hash codes, we add 
two new retrieval strategies: raw-to-hash and hash-to-raw. 
Specifically, the raw-to-hash strategy is to use the query 
sample's raw feature to retrieve hash codes of the gallery 
set, and the hash-to-raw strategy is to use the query 
sample's hash code to retrieve raw features of the gallery 
set. In Tab. 6 and Tab. 7, we apply ResNet-50 as the 
backbone network and present the performance of our 
framework across all strategies during retrieving in 
Market1501 and DukeMTMC-ReID. As shown in these 
tables, even under the two novel retrieval strategies, our 
framework can still show high performance. 
 

Table 7 Evaluation of rank k (k = 1, 5, 10) matching rate (%) and mAP (%) on 
different retrieval strategies with 128-bit hash code. The cosine distance is used 

Strategy 
DukeMTMC-ReID 

mAP Rank-1 Rank-5 Rank-10 
Raw-to-raw 72.82 87.13 92.57 96.41 

Hash-to-hash 66.93 78.35 90.20 94.13 
Raw-to-hash 70.22 85.37 91.85 96.70 
Hash-to-raw 69.05 84.72 91.42 95.16 

 
4.2.5 Visual Analysis 
 

To this end, we used the traditional method to train 
ResNet-50 on Market-1501 [5], and randomly selected 256 
samples for test, including 64 pedestrians, each pedestrian 
having 4 samples. As shown in Fig. 3a, we used t-SNE to 
project F and H of these 256 samples into two-dimensional 
space.  

 
(a) Traditional method 

 
(b) Ours 

Figure 3 The t-SNE visualization of 256 randomly selected samples for 64 
identities on Market1501. The color represents the identity. Circle means raw 

features and the triangle means hash codes 

Specifically, circular points represent F, as well as the 
triangular points represent H, and the same pedestrian is 
marked with the same color. It can be seen that F and H 
follow completely different distributions, and there is an 
unreasonable phenomenon: the raw features of pedestrian i 
are far away from its own hash codes, but very close to the 
hash codes of another pedestrian j. After training, as shown 
in Fig. 3b, the strange phenomenon mentioned above 
disappeared. For example, compared with dissimilar 
pedestrians, similar pedestrians' raw features and hash 
codes are much closer. 
 
4.2.6 Trade-offs Between Efficiency and Accuracy 
 

An important consideration of deep hashing-based   
Re-ID is the balance between accuracy and efficiency. As 
shown in Tab. 1, our method consistently outperforms 
prior approaches across all code lengths. The steady 
increase demonstrates that longer hash codes capture richer 
discriminative information, leading to improved retrieval 
accuracy. However, this improvement comes at a 
computational cost. We measured the average retrieval 
latency on Market1501 and found that retrieval time 
increased from (1.28 ± 0.47) ms/query at 64 bits to (6.35 ± 
1.4) ms/query at 512 bits, across five independent runs. The 
results highlight that while longer codes offer higher 
accuracy, they also significantly increase retrieval time. 
From a practical standpoint, 128-bit or 256-bit codes 
provide a favorable trade-off, achieving near-optimal 
accuracy with manageable overhead. 
 
5 CONCLUSIONS 
 

This study introduced a domain-robust deep hashing 
framework for fast person re-identification. By addressing 
the gap between continuous raw features and discrete hash 
codes through a cross-domain loss, the framework enables 
more consistent and discriminative binary representations. 
Experiments on benchmark datasets confirm that the 
method achieves state-of-the-art performance, with notable 
gains on challenging CUHK03 tasks and across multiple 
backbone architectures. The approach proves flexible with 
different code lengths and retrieval strategies, further 
validating its robustness. Nevertheless, the work is limited 
by reliance on only two datasets and by descriptive rather 
than analytical discussion of results. Future research 
should extend evaluation to larger and more diverse 
datasets, incorporate transformer-based backbones, and 
explore robustness under noise, occlusion, and domain-
shift scenarios. With these improvements, the framework 
has the potential to become a solid baseline for both 
academic study and real-world large-scale ReID 
applications. 
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