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Reliable Pseudo-Supervision for Unsupervised
Domain Adaptive Person Search

Qixian Zhang , Duoqian Miao , Qi Zhang , Xuan Tan , Hongyun Zhang ,
and Cairong Zhao , Senior Member, IEEE

Abstract—Unsupervised Domain Adaptation (UDA) person
search aims to adapt models trained on labeled source data to
unlabeled target domains. Existing approaches typically rely on
clustering-based proxy learning, but their performance is often
undermined by unreliable pseudo-supervision. This unreliability
mainly stems from two challenges: (i) spectral shift bias, where
low- and high-frequency components behave differently under
domain shifts but are rarely considered, degrading feature
stability; and (ii) static proxy updates, which make clustering
proxies highly sensitive to noise and less adaptable to domain
shifts. To address these challenges, we propose the Reliable
Pseudo-supervision in UDA Person Search (RPPS) framework. At
the feature level, a Dual-branch Wavelet Enhancement Module
(DWEM) embedded in the backbone applies discrete wavelet
transform (DWT) to decompose features into low- and high-
frequency components, followed by differentiated enhancements
that improve cross-domain robustness and discriminability. At
the proxy level, a Dynamic Confidence-weighted Clustering Proxy
(DCCP) employs confidence-guided initialization and a two-stage
online–offline update strategy to stabilize proxy optimization
and suppress proxy noise. Extensive experiments on the CUHK-
SYSU and PRW benchmarks demonstrate that RPPS achieves
state-of-the-art performance and strong robustness, underscoring
the importance of enhancing pseudo-supervision reliability in
UDA person search. Our code is accessible at https://github.com/
zqx951102/RPPS

Index Terms—Person search, unsupervised domain adaptation,
frequency components, clustering proxy, wavelet transform.

I. INTRODUCTION

PERSON search [1], [2], [3], [4], [5] aims to jointly
perform pedestrian detection and person re-identification

(ReID) [6], [7], [8] in complex images or videos, thereby
enabling accurate retrieval of target individuals. This task has
important applications in intelligent surveillance and public
security. In recent years, supervised learning methods have
achieved remarkable success on labeled datasets. However,
their generalization ability is often severely constrained by
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cross-scene variations such as changes in viewpoint, camera
configuration, and environment. Moreover, obtaining large-
scale cross-domain annotations is prohibitively expensive,
which further limits practical deployment. Consequently, unsu-
pervised domain adaptation (UDA) has emerged as a key
research direction for person search in real-world scenarios.

Existing UDA person search methods [9], [10], [11], [12]
mainly rely on source-domain pretraining and pseudo-label
generation in the unlabeled target domain. Representative
works include Li et al. [9], who first introduced UDA
into person search by employing a domain-alignment mod-
ule to mitigate task discrepancies between detection and
ReID, together with an epoch-wise clustering strategy for
generating pseudo labels; DDAM [10], which enhances knowl-
edge transfer through hybrid domain representations; and
FOUS [11], which employs prototype-guided pseudo-label
assignment to reduce redundancy and alleviate noisy supervi-
sion. While these approaches have significantly advanced the
field, they focus primarily on spatial-domain alignment and
clustering-based pseudo-labeling. Consequently, the role of
frequency-domain features has remained largely unexplored,
and proxy optimization remains vulnerable to noise and
domain shifts.

Specifically, two core challenges remain unsolved. First,
spectral shift bias has not been explicitly modeled. As illus-
trated in Fig. 1(a), low-frequency components mainly encode
coarse structural cues such as human contours, which are
relatively invariant to camera styles and illumination changes,
and thus remain stable across domains. In contrast, high-
frequency components capture fine-grained identity-related
details such as clothing textures and edges, which are more
discriminative for distinguishing visually similar individuals
[13], [14]. However, these high-frequency signals are also
more sensitive to cross-domain noise, including illumination
variation, background clutter, and detection misalignment.
This trade-off between discriminability and robustness moti-
vates the need for explicitly decomposing and differentially
enhancing low- and high-frequency components, rather than
treating them uniformly. Second, static proxy update strategies
remain limited. As shown in Fig. 1(b), pseudo labels in
the target domain are clustering-dependent, but inaccurately
localized bounding boxes often introduce additional back-
ground noise, contaminating proxy representations. Moreover,
existing methods lack fine-grained quantification of instance
quality, and their updates are typically static, making it
difficult to adapt to domain shifts and limiting long-term
adaptability.
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Fig. 1. Challenges in UDA person search. (a) Spectral shift bias: low-
frequency components remain stable across domains, whereas high-frequency
ones are discriminative but highly noise-sensitive. (b) Static vs. Dynamic
proxy updates: existing methods rely on fixed clustering that is easily disrupted
by noisy bounding boxes, whereas our confidence-guided strategy filters out
low-quality instances to yield more robust proxies.

To address these challenges, we propose a novel framework
termed Reliable Pseudo-supervision in UDA Person Search
(RPPS). Specifically: (1) To effectively mitigate spectral shift
bias, we design a Dual-branch Wavelet Enhancement Module
(DWEM). By applying the discrete wavelet transform (DWT)
[15], features are decomposed into low- and high-frequency
components. The low-frequency branch performs fine-grained
enhancement to exploit cross-domain stability, whereas the
high-frequency branch applies aggregated enhancement to
emphasize discriminative details, thereby fully leveraging
frequency-domain cues for robust representation learning.
(2) To overcome the inherent limitations of static proxy
updates, we introduce a Dynamic Confidence-weighted Clus-
tering Proxy (DCCP). A dynamic confidence function,
combining bounding-box IoU and feature entropy, quantifies
instance quality to guide reliable proxy initialization. Further-
more, we develop a two-stage online–offline update strategy: in
the online phase, confidence-weighted updates assign stronger
updates to high-confidence instances and weaker ones to low-
confidence instances; in the offline phase, confidence-guided
stratification and asynchronous correction further purify prox-
ies and integrate cross-epoch features, thereby significantly
enhancing long-term adaptability to domain shifts. Exten-
sive experiments on two challenging benchmark datasets,
CUHK-SYSU and PRW, demonstrate that RPPS substantially
outperforms state-of-the-art UDA person search methods, vali-
dating the effectiveness of frequency-domain enhancement and
confidence-driven proxy optimization.

The main contributions are summarized as follows:
• We propose a novel framework, RPPS, which, to our

knowledge, is the first to jointly tackle spectral shift bias
and static proxy updates, thereby improving the reliability
of pseudo-supervision in UDA person search.

• We design a DWEM that leverages DWT to decom-
pose features into low- and high-frequency components,
followed by differentiated enhancement strategies. This
explicitly mitigates spectral shift bias by exploiting
frequency-domain information.

• We introduce a DCCP to overcome static proxy update
limitations, quantifying instance quality via a dynamic
confidence function for robust initialization and employ-
ing a two-stage online–offline update strategy to ensure
long-term adaptability under domain shifts.

• We conduct extensive experiments on the CUHK-SYSU
and PRW benchmarks, demonstrating that RPPS con-
sistently surpasses state-of-the-art UDA methods and
delivers superior robustness to domain shifts and noisy.

The remainder of this paper is organized as follows. Sec-
tion I reviews related work. Section III introduces the overall
architecture of the proposed RPPS framework and elaborates
on its key modules. Section IV presents the experimental setup
and analyzes the results. Finally, Section V concludes the
paper and outlines potential directions for future research.

II. RELATED WORK

A. Person Search

With the rapid development of deep learning and the
availability of large-scale benchmark datasets [2], [3], person
search [1], [16], [17], [18] has become a prominent research
topic in computer vision. This task requires the joint accom-
plishment of pedestrian detection and person re-identification
(ReID). Existing fully supervised person search models can
be broadly classified into two-step and one-step frameworks.

Two-step frameworks train the detection and ReID models
independently. For example, Chen et al. [19] proposed the
Mask-Guided Two-Stream (MGTS) method, which separates
the detector and the ReID model to extract richer features.
Han et al. [20] introduced an ROI transformation layer to
provide more precise detection boxes for person search.
Wang et al. [21] developed the Task-Consistent Two-Stage
(TCTS) framework to alleviate inconsistencies between the
two tasks.

In contrast, one-step frameworks have recently become the
mainstream due to their efficiency. The key idea is to construct
a unified model that jointly optimizes both tasks in an end-to-
end manner. Xiao et al. [2] proposed the first one-step person
search model, optimized using an online instance matching
loss. Chen et al. [22] introduced an embedding decomposition
approach to resolve task conflicts effectively. Yan et al. [23]
designed a feature alignment network to address scale, region,
and objective misalignments. Li and Miao et al. [24] devel-
oped a sequential structure to reduce low-quality candidate
boxes. Yu et al. [25] employed a Transformer encoder to mix
image patches of different pedestrians, significantly enhancing
generalization to unseen scenarios. Chen et al. [26] leveraged
human priors to generate pseudo-semantic labels, injecting
richer semantics into feature learning. Kim et al. [27] proposed
a prototype-guided attention distillation method to highlight
identity-specific regions across diverse poses. Yang et al. [4]
introduced an Efficient Tri-Hybrid framework that balances the
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conflicts between detection and ReID via hierarchical feature
design. Cai et al. [28] developed a guided multi-task training
strategy to achieve more balanced end-to-end learning.

Nevertheless, all these fully supervised methods rely heavily
on large-scale labeled datasets and suffer from severe perfor-
mance degradation in cross-domain scenarios due to domain
discrepancies. More recently, several studies [29], [30], [31],
[32] have explored weakly supervised settings (e.g., without
identity labels). However, they still require a small amount of
labeled data, which remains impractical in real-world scenarios
where annotations are unavailable in the target domain.

B. Domain Adaptation for Person ReID

Unsupervised Domain Adaptation (UDA) has emerged as an
effective paradigm for cross-domain adaptation. In the person
ReID task, the core idea is to train a model on labeled source-
domain data and transfer it to an unlabeled target domain.
Mainstream UDA ReID approaches can be broadly categorized
into two groups: (1) GAN-based methods [33], [34], [35],
which mitigate style discrepancies such as illumination and
background shifts to better adapt to target-domain scenarios;
and (2) clustering-based methods [36], [37], [38], [39], which
assign pseudo labels to target-domain samples to supervise
training.

Beyond conventional UDA settings, several works have
explored more challenging scenarios with scarce or miss-
ing cross-camera paired samples. Li et al. [6] proposed a
domain-adaptive ReID framework without cross-camera paired
supervision, while Li et al. [7] further leveraged large-scale
unpaired samples for domain generalization. To improve
pseudo-label reliability under camera-style variations, Li et al.
[40] introduced logical relation inference and multiview infor-
mation interaction to generate more robust pseudo labels via
a two-stage intra- and inter-camera framework. In parallel,
multi-modal ReID has been actively studied. Zhang et al.
[41] proposed a weakly supervised visible–infrared ReID
method based on heterogeneous expert collaboration, while
Li et al. [5] incorporated language guidance into video-
based visible–infrared ReID using CLIP. From a geometric
perspective, Leng et al. [42] explored dual-space video ReID
by jointly modeling Euclidean and hyperbolic representations.
In addition, CLIP-based text–image ReID methods [8], [43]
further enhanced cross-modal alignment through fine-grained
correspondence mining and prompt learning.

However, conventional UDA ReID frameworks operate on
cropped pedestrian images and therefore cannot effectively
address detection noise in person search, where bounding-
box annotations are absent in the target domain. In addition,
clustering-based proxies in ReID methods are typically
updated in a static manner, rendering them highly sensitive
to noisy samples. In contrast, our approach explicitly tackles
both detection noise and domain shift. The proposed DCCP
quantifies instance quality by combining IoU and feature
entropy to select reliable samples, and further employs a two-
stage online–offline update strategy that dynamically refines
proxies across epochs, thereby surpassing the static clus-
tering schemes commonly adopted in ReID-focused UDA
methods.

C. Domain Adaptation for Person Search

The core of UDA person search is to transfer knowledge
from labeled source-domain data to unlabeled target-domain
data, and its research value has attracted increasing atten-
tion. Several studies have recently explored this direction,
yet notable limitations remain. For example, Li et al. [9]
first introduced UDA into person search by incorporating a
domain-alignment module and dynamic clustering to generate
pseudo labels. However, implicit alignment often degrades
the quality of regions of interest, while dynamic clustering
tends to fail in scenarios with visually similar pedestrians,
resulting in unreliable pseudo labels. Almansoori et al. [10]
proposed an explicit bridging mechanism to mitigate domain
discrepancy, but its complexity introduces model redundancy
and parameter sensitivity, which can easily add extra noise.
Cui et al. [11] developed a prototype-guided labeling strategy
to reduce redundant computation, yet its strong reliance on
prototype accuracy and coarse handling of noisy labels fre-
quently cause erroneous assignments. Qi et al. [12] introduced
a perception-driven filter and a Clustering Proxy Representa-
tion (CPR) strategy; however, the filter struggles to suppress
pseudo bounding boxes under occlusion, while CPR suffers
from delayed updates in large datasets, impairing classification
accuracy.

In summary, although methods such as DSCA [12] aim to
improve pseudo-label reliability, they still rely on prototype
accuracy or static update strategies. Such designs overlook
both instance-level quality estimation and frequency-domain
discrepancies. To bridge these gaps, we introduce the DWEM
to reinforce low-frequency stability and high-frequency dis-
criminability, and the DCCP to dynamically stabilize proxy
optimization under noisy supervision.

III. METHODOLOGY

This section first introduces the problem formulation and
provides an overview of the proposed RPPS framework. We
then detail its two core components: the Dual-branch Wavelet
Enhancement Module (DWEM), which leverages frequency-
domain information by separately enhancing low-frequency
and high-frequency features, and the Dynamic Confidence-
weighted Clustering Proxy (DCCP), which enhances proxy
robustness and adaptability through confidence-guided initial-
ization and a two-stage update strategy.

A. Problem Formulation

Given a source domain Ds and a target domain Dt, the
goal of UDA person search is to transfer knowledge learned
from the source domain, including pedestrian detection, iden-
tification, and their associations, to the target domain Dt. This
enables improved performance in joint pedestrian detection
and cross-image identity matching. The source domain dataset
is defined as Ds =

˚�
xi

s, y
i
s

�	Ns

i=1, where xi
s denotes the i-th

training sample containing pedestrian scenes and yi
s represents

its corresponding annotations (e.g., bounding box positions
and identity labels). Here, Ns is the total number of source
domain images. The target domain dataset is denoted as
Dt =

˚
xi

t

	Nt

i=1, where xi
t is the i-th image containing pedestrian
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Fig. 2. Illustration of the proposed RPPS framework. (a) The backbone network equipped with the Dual-branch Wavelet Enhancement Module (DWEM),
which applies discrete wavelet transform (DWT) to decompose features and separately enhance low-frequency stability and high-frequency discriminability,
thereby mitigating spectral shift bias in cross-domain representation learning. (b) The Dynamic Confidence-weighted Clustering Proxy (DCCP), which employs
confidence-guided initialization and a two-stage online–offline update strategy to stabilize proxy optimization under domain shifts, mitigating the impact of
noisy pseudo labels and improving long-term adaptability.

scenes in the target domain, but no pedestrian annotations such
as bounding boxes or identity labels are provided. Nt denotes
the total number of target domain images.

In summary, the model is trained on labeled source domain
data for joint learning of detection and ReID, and is expected
to generalize to the unlabeled target domain. The key challenge
lies in mitigating domain discrepancies, which often cause
substantial performance degradation in accurate pedestrian
localization and cross-image identity matching.

B. Framework Overview

The overall workflow of the proposed RPPS framework is
illustrated in Fig. 2. It is built upon the DAPS [9] network,
which incorporates an implicit Domain Alignment Module
(DAM) to effectively reduce feature discrepancies between
the source and target domains. For both source- and target-
domain inputs, the first four convolutional layers of ResNet-50
[44] serve as the backbone to extract basic image-level
features. On top of this backbone, a Dual-branch Wavelet
Enhancement Module (DWEM) is embedded at each layer.
Specifically, DWEM applies a Discrete Wavelet Transform
(DWT) to decompose and recombine features in the frequency
domain, thereby reinforcing the cross-domain stability of low-
frequency contours while enhancing the discriminability of
high-frequency textures, resulting in enriched image-level fea-
ture maps. These enhanced features are then fed into a Region
Proposal Network (RPN) [45] to generate candidate bounding
boxes, which are further processed by an RoI-Align [46] layer

to obtain instance-level feature maps for subsequent detection
and re-identification tasks, implemented through the NAE
[22] head. In addition, the DAM module mitigates domain
discrepancies at both the image and instance levels, further
improving cross-domain feature adaptation.

To stabilize proxy optimization and enhance robustness
against noisy pseudo labels, we propose the Dynamic
Confidence-weighted Clustering Proxy (DCCP) module.
Specifically, pseudo labels for target-domain instances are first
generated using a clustering algorithm (e.g., DBSCAN [47]).
A dynamic confidence function, combining bounding-box IoU
and feature entropy, is then employed to quantify instance
quality, and high-confidence samples satisfying Con f (i) > θ
are selected for robust proxy initialization. Based on these
reliable samples, clustering centers ck are computed as initial
proxies. To further refine proxies, we design a two-stage
update strategy. In the online phase, confidence-weighted
losses apply strong updates to high-confidence instances and
weak updates to low-confidence ones. In the offline phase,
confidence-guided stratification and asynchronous correction
purify proxies and integrate cross-epoch features. Together,
these steps stabilize proxy optimization and enable dynamic
adaptation to domain shifts, while mitigating the negative
impact of noisy pseudo labels.

C. Dual-Branch Wavelet Enhancement Module

To address the core challenge in UDA person search, namely
spectral shift bias, we propose the DWEM. Low-frequency
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components (e.g., human contours) are relatively stable across
domains, whereas high-frequency components (e.g., clothing
textures) provide strong discriminability but are highly noise-
sensitive. DWEM applies the DWT to decompose features
into four subbands, performs differentiated enhancement in
two branches, and reconstructs them via the IDWT with the
Haar wavelet basis. This process explicitly mitigates spectral
shift bias by leveraging frequency-domain cues, yielding more
robust representations for subsequent domain alignment and
proxy optimization. The overall architecture of DWEM is
illustrated in Fig. 2(a).

1) DWT and IDWT: The DWT is applied to the image-
level features x ∈ RB×C×H×W output by the backbone, where
B, C, H, and W denote the batch size, number of channels,
height, and width, respectively. Using a 2×2 sliding window,
x is downsampled into four subbands: the low-frequency
component (LL) preserving global structures, and three high-
frequency components (LH, HL, HH) capturing horizontal,
vertical, and diagonal edges with local details. The computa-
tion of each subband is defined as follows:

LL =
1
4
�
xi, j + xi, j+1 + xi+1, j + xi+1, j+1

�
,

LH =
1
4
�
−xi, j + xi, j+1 − xi+1, j + xi+1, j+1

�
,

HL =
1
4
�
−xi, j − xi, j+1 + xi+1, j + xi+1, j+1

�
,

HH =
1
4
�
xi, j − xi, j+1 − xi+1, j + xi+1, j+1

�
, (1)

here, xi, j denotes the pixel value at position (i, j), i, j ∈
{0, 1} within the 2 × 2 sliding window of the feature map.
After decomposition, the output features are concatenated
along the channel dimension into four subbands: dwt out =

[LL, LH,HL,HH] ∈ RB×4C×H/2×W/2, which serve as the input
for the subsequent dual-branch enhancement.

To reconstruct the enhanced frequency features back to their
original spatial resolution for compatibility with the RPN and
ROI-Align layers, the IDWT is employed. Specifically, the
four decomposed subbands LL, LH,HL,HH ∈ RB×C×H/2×W/2

are recombined as follows to produce a feature map consistent
with the input size:

xi, j =
1
2

(LL−LH−HL + HH) ,

xi, j+1 =
1
2

(LL + LH−HL−HH) ,

xi+1, j =
1
2

(LL−LH + HL−HH) ,

xi+1, j+1 =
1
2

(LL + LH + HL + HH) . (2)

Theoretical analysis of DWT, including its frequency-
domain decomposition, energy conservation, and stability, is
provided in the Supplementary Material.

2) Dual-Branch Differentiated Enhancement: To address
the distinct characteristics of different frequency subbands
produced by the DWT, we design a low-frequency fine-
grained enhancement branch and a high-frequency aggregated
enhancement branch, as illustrated in Fig. 2(a). These branches
perform differentiated transformations and fusion to strengthen
cross-domain feature representations.

For the low-frequency component FL (corresponding to
human contour information), which carries stable cross-
domain structural cues, we apply a second-level DWT to
obtain fine-grained low- and high-frequency subbands FLF and
FHF . Local structural features are then extracted using a 3×3
convolution:

F′LF = ReLU
�
WLF

3×3 ⊗ FLF + bLF
�
, (3)

where WLF
3×3 and bLF denote the convolutional weights and

bias, respectively, and ⊗ represents convolution.
For the high-frequency component FHF , convolution and

pooling are employed to suppress noise while preserving
discriminative cues:

F′HF = ReLU
�
MaxPool

�
WHF

1×1 ⊗ FHF + bHF
��
, (4)

where MaxPool(·) denotes global max pooling, and WHF
1×1

implements channel compression. After convolution and pool-
ing, F′HF is resized via upsampling and concatenated with
F′LF along the channel dimension. A 1 × 1 convolution and
upsampling operation are then applied, followed by residual
addition with the original low-frequency component FL:

F′L = Up
�

W fuse
1×1 ⊗

�
F′LF ‖Up(F′HF)

�
+ bfuse

�
+ FL, (5)

where [‖] denotes channel concatenation and Up(·) represents
a 2× upsampling operation.

For the high-frequency subbands LH,HL,HH (correspond-
ing to the high-frequency branch FH), the three components
are first concatenated along the channel dimension, followed
by two successive 3 × 3 convolutions:

F′H = W2
3×3 ⊗

�
W1

3×3 ⊗ [LH ‖HL ‖HH] + b1
�
+ b2, (6)

where W1
3×3 and W2

3×3 denote the weights of the two con-
volutional layers, which progressively suppress background
noise while enhancing discriminative details such as clothing
textures and edge patterns.

Finally, the enhanced low-frequency feature F′L and high-
frequency feature F′H are concatenated along the channel
dimension, fused with FH through a 3 × 3 convolution, and
replicated four times to match the input format of the IDWT:

Fout = IDWT
��

Wfinal
3×3 ⊗ [F′L ‖ F′H] + FH + bfinal

�⊗4
�
, (7)

where (·)⊗4 denotes feature replication and concatenation
across four subbands. The final output Fout is reconstructed
into a feature consistent with the original spatial resolution.

D. Dynamic Confidence-Weighted Clustering Proxy

To address noisy instances and the limitations of static
proxy updates in UDA person search, we propose the
DCCP. DCCP stabilizes proxy optimization under domain
shifts through confidence-guided initialization and a two-
stage online–offline update strategy. Specifically, a dynamic
confidence function that integrates bounding-box IoU and
feature entropy quantifies instance reliability across multi-
ple dimensions, enabling robust initialization and adaptive
updates. Unlike static schemes, DCCP adaptively emphasizes
reliable instances, reduces contamination risk, achieves precise
quality estimation, and ensures long-term adaptability.
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1) Proxy Initialization: The DCCP mechanism first selects
high-quality instances for proxy initialization to construct
more robust clustering proxies, as illustrated in Fig. 2(b).

a) Dynamic Confidence Computation: For each instance
i, we calculate the overlap between the pedestrian search box
(predicted by the source-pretrained model) and the pseudo
bounding box using the Intersection-over-Union (IoU), and
combine it with feature entropy to define the confidence score:

Con f (i) = α · IoU(i) + (1 − α) ·
�
1 − Entropy( fi)

�
, (8)

where IoU(i) ∈ [0, 1] measures the accuracy between the
pseudo and ground-truth bounding boxes, and α is a balancing
factor. The feature entropy Entropy( fi) reflects the uncertainty
of the instance feature distribution, formulated as:

Entropy( fi) = −

DX
d=1

p( fi,d) log p( fi,d), (9)

where D is the feature dimension, and p( fi,d) denotes the
probability of the d-th feature of instance i. A higher entropy
indicates greater feature uncertainty, whereas lower entropy
implies more discriminative features.

b) Instance Selection and Proxy Initialization: We first
set a confidence threshold (e.g., Con f (i) > θ) to select
high-confidence instances, thereby avoiding the contamination
of clustering proxies by unreliable samples. The selected
instances are then used to construct clustering proxies, improv-
ing the robustness of proxy initialization. For the selected
instances, the proxy initialization is formulated as:

ck =
1

Nk

X
fi∈Fk

fi, (10)

where Fk denotes the set of instance features belonging to
the k-th cluster, Nk is the number of samples in the k-th
cluster, and ck represents the proxy of the k-th cluster. Finally,
the initialized proxies are stored in a memory dictionary
M = {(c1, c2, . . . , cK)}, where K is the number of clusters.

2) Memory Update: Memory update serves as a core com-
ponent in UDA person search for adaptively refining clustering
proxies. The DCCP mechanism employs a two-stage strategy,
consisting of an online update phase and an offline update
phase, both guided by dynamic confidence weighting. The key
idea is to assign confidence scores as explicit weights during
updates, thereby reinforcing reliable instances and mitigating
the influence of noisy ones, as illustrated in Fig. 2(b).

a) Online Update: During online updates, the memory
M = {c1, c2, . . ., cK} is treated as a lookup table (LUT) storing
class-level proxies. For a query instance feature f extracted by
the ReID branch, its confidence-weighted similarity to each
proxy is computed to optimize the model. The confidence-
weighted loss is defined as:

Lonline = − log
exp

�
f · c+/τ

�PK
k=0 exp

�
f · ck/τ

� , (11)

where c+ denotes the proxy of the class that f belongs to,
and τ is a temperature factor controlling the smoothness of
the probability distribution.

During backpropagation, the consistency between the con-
fidence of f and its assigned proxy ck is evaluated:

Consist( f , ck) =

ˇ̌
Conf( f ) − Confhistory(ck)

ˇ̌
Confhistory(ck)

< δ. (12)

If the condition is satisfied, the proxy is updated using
confidence-weighted aggregation:

ck ← (1 − γ · Conf( f )) · ck + γ · Conf( f ) · f , (13)

where γ is a momentum factor controlling the update rate.
b) Offline Update: The offline stage focuses on the

long-term optimization of clustering proxies. We design a con-
fidence stratification and asynchronous correction mechanism
to remove outdated proxies and integrate cross-epoch features.

The global confidence of each proxy ck is computed as:

GlobalConf(ck) =
1

Nk

X
f∈Fk

Conf( f ), (14)

where Fk is the set of instance features assigned to proxy ck.
Proxies are divided into high-confidence (GlobalConf(ck) ≥ ε)
and low-confidence groups. For low-confidence proxies, we
adopt a replacement strategy by finding the most similar high-
confidence proxy based on cosine similarity:

Sim(clow, chigh) =
c>lowchigh

‖clow‖ · ‖chigh‖
, (15)

and replace clow with its nearest high-confidence proxy.
To ensure the long-term adaptability of proxies during UDA,

DCCP incorporates asynchronous learning. At the beginning
of each epoch, proxies are re-synchronized with pseudo labels
and refined using instance features from the previous epoch
via Exponential Moving Average (EMA):

ck =
1

Nk

X
fi∈Fk

h
m ·Match(F t−1

k , fi) + (1 − m) · fi
i
, (16)

where f t
i denotes the i-th feature at epoch t, F t−1

k is the
feature set of cluster k at epoch t − 1, Match(·) retrieves the
matched instance from the previous epoch, and m is the EMA
smoothing factor.

For clarity, we present the detailed procedure of the DCCP
in Algorithm 1.

E. Discussion

Although DWEM and DCCP operate at the feature level
and proxy level respectively, they exhibit a strong synergistic
relationship and jointly enhance the reliability of pseudo-
supervision in unsupervised domain adaptive person search.
DWEM explicitly separates low- and high-frequency compo-
nents through wavelet decomposition and applies differentiated
enhancement, resulting in cross-domain features that are more
stable and more discriminative. Such cleaner and more robust
representations directly improve the quality of clustering in the
subsequent proxy learning stage. Building on these enhanced
features, DCCP measures sample reliability through dynamic
confidence estimation and adopts an online–offline dual-stage
proxy update strategy to effectively suppress the drift caused
by noisy pseudo-labels. Since DWEM reduces spectral noise
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Algorithm 1 Dynamic Confidence-Weighted Clustering Proxy

and strengthens identity-related high-frequency cues, DCCP
can assess sample confidence more accurately and achieve
more robust proxy optimization.

Therefore, the two modules form a complementary mech-
anism: DWEM determines whether the features used for
clustering are stable, while DCCP determines whether the
proxies obtained from clustering are reliable. This feature-to-
proxy synergistic design enables RPPS to achieve significant
performance gains across different benchmarks.

IV. EXPERIMENTS

In this section, we conduct comprehensive experiments on
two widely used person search benchmarks. We first introduce
the datasets, evaluation metrics, and implementation details.
We then compare our approach with state-of-the-art methods.
Subsequently, ablation studies are performed to examine the
effectiveness of each proposed module. Finally, we provide
additional experiments and qualitative analysis to further
demonstrate the advantages of our framework.

A. Datasets and Metrics

1) Datasets: Our method is evaluated on two large-scale
benchmark datasets, namely CUHK-SYSU [2] and PRW [3].

CUHK-SYSU [2] is a large-scale person search dataset
containing 8,432 identities across 18,184 images, with a total
of 96,143 bounding boxes. During training, 5,532 identities
with 11,206 images are available, while the remaining 2,900
identities with 6,978 images are reserved for evaluation. The
dataset consists of two distinct sources: (1) street images,
which exhibit variations in viewpoint, illumination, resolution,
and occlusion; and (2) movie and TV frames, which introduce
diverse indoor and outdoor challenges. This diversity makes
CUHK-SYSU highly representative of real-world scenarios.
For evaluation, 2,900 query persons are selected, and the
remaining 6,978 images serve as the gallery set.

PRW [3] is another widely used dataset, consisting of
932 identities, 11,816 images, and 43,110 bounding boxes,

captured from six outdoor surveillance cameras on a university
campus. The training set includes 482 identities with 5,702
images, while the test set contains 2,057 query persons and a
gallery of 6,112 images.

2) Evaluation Metrics: In the dataset configuration, the
source-domain dataset is annotated with bounding boxes and
identity labels, whereas the target-domain dataset lacks such
annotations. For detection, we adopt Average Precision (AP)
and Recall as evaluation metrics. For the re-identification
(ReID) sub-task, we report mean Average Precision (mAP)
and Cumulative Matching Characteristic (CMC) top-1 accu-
racy. Since ReID directly reflects the ability to retrieve the
correct identity of a query person, it is considered the most
challenging metric in person search.

B. Implementation Details

We implement our proposed RPPS using PyTorch and train
it on a Tesla V100 GPU with a batch size of 4. The model
is optimized using stochastic gradient descent (SGD) with an
initial learning rate of 0.0024 and a warm-up in the first epoch.
We adopt ResNet-50 [44] pre-trained on ImageNet-1k [48]
as the backbone network. During training, input images are
resized to 1500× 900 and augmented with random horizontal
flipping. The hyperparameters are set as follows: balance
coefficient α = 0.6, confidence threshold θ = 0.7, consistency
threshold δ = 0.3, and global confidence threshold ε = 0.5,
which are used for both online and offline proxy updates. To
prevent overfitting, the number of training epochs is adjusted
according to the variability of the target dataset. Specifically,
when PRW is used as the target domain, our RPPS is first pre-
trained on CUHK-SYSU for 7 epochs and then jointly trained
for another 13 epochs. Conversely, when PRW serves as the
source domain, we first pre-train on PRW for 2 epochs before
conducting 7 epochs of joint training. Detailed hyperparameter
analysis is in Section IV-E.

C. Comparison With State-of-the-Art Methods

Since research on unsupervised person search remains rel-
atively limited, we conduct a comprehensive and objective
evaluation of our proposed UDA method, RPPS. As shown
in Table I, we first compare it against fully supervised person
search approaches, covering both two-stage and one-stage
paradigms. By jointly leveraging frequency-domain feature
enhancement and confidence-driven proxy optimization, RPPS
significantly improves adaptability to target-domain feature
distributions and strengthens cross-domain generalization.
Remarkably, RPPS even surpasses several classical fully super-
vised methods, such as OIM [2] and RCAA [50], on multiple
metrics.

It is worth noting that the performance gap between RPPS
and the latest fully supervised methods is expected. Fully
supervised person search models rely on complete identity and
detection annotations from the target domain, enabling them
to learn domain-specific appearance and detection patterns
directly. In contrast, our UDA setting restricts the use of any
target-domain labels, requiring the model to overcome domain
shift while simultaneously learning discriminative features,
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TABLE I
QUANTITATIVE COMPARISON OF OUR PROPOSED UDA METHOD

WITH STATE-OF-THE-ART FULLY SUPERVISED APPROACHES ON THE
CUHK-SYSU AND PRW DATASETS, EVALUATED IN TERMS OF

MAP AND TOP-1 ACCURACY. THE GRAY-HIGHLIGHTED
ROW DENOTES OUR METHOD

which is an inherently more challenging task. Therefore,
fully supervised approaches should be regarded as an upper
performance bound rather than a direct baseline. Despite this
limitation, RPPS effectively narrows this gap and demonstrates
strong cross-domain generalization under a much more con-
strained setting.

In Table II, we further compare RPPS with ResNet50
as the backbone against the latest weakly supervised and
unsupervised methods. The results show that RPPS consis-
tently outperforms all competing approaches on the PRW
dataset. On CUHK-SYSU, RPPS surpasses the most advanced
unsupervised method DSCA [12] by 0.9% in mAP and exceeds
FOUS [11] by 0.7% in top-1 accuracy. Although RPPS has
not yet surpassed weakly supervised methods on CUHK-
SYSU, this outcome is understandable. Specifically, the PRW
dataset contains significantly fewer images and identities than
CUHK-SYSU, leading to inferior detection performance when
CUHK-SYSU is treated as the target domain, which in turn
affects the accuracy of subsequent search tasks.

It is also worth noting that in the UDA setting (i.e.,
labeled source and unlabeled target), the availability of
source annotations already provides strong discriminative
supervision, making the overall performance close to sat-
uration. Consequently, the performance margin among dif-
ferent UDA approaches tends to be small, and further
improvements become inherently limited. In this context,
RPPS still achieves the highest mAP and competitive top-1

TABLE II
COMPARISON WITH WEAKLY SUPERVISED AND UNSUPERVISED METH-

ODS ON THE CUHK-SYSU AND PRW DATASETS IN TERMS OF
MAP AND TOP-1 ACCURACY. THE UNSUPERVISED SETTING COR-

RESPONDS TO TWO CROSS-DOMAIN SCENARIOS: PRW →

CUHK-SYSU AND CUHK-SYSU → PRW. BOLD INDI-
CATES THE HIGHEST SCORE IN EACH GROUP

TABLE III
ABLATION STUDY ON CUHK-SYSU AND PRW, EVALUATING THE

EFFECTIVENESS OF DWEM AND DCCP MODULES
IN TERMS OF MAP AND TOP-1 ACCURACY

accuracy across both cross-domain directions, demonstrating
that our frequency-enhancement design effectively enhances
cross-domain generalization rather than relying solely on
source-domain supervision.

Beyond the ResNet50 setting used for fair comparison with
existing UDA person search methods, we additionally evaluate
RPPS with a ViT-B/16 backbone. As reported in the last row of
Table II, RPPS with ViT consistently achieves higher mAP and
top-1 accuracy on both CUHK-SYSU and PRW. This demon-
strates that the proposed frequency-aware enhancement and
dynamic proxy regulation are not restricted to convolutional
backbones, and can effectively benefit from the stronger global
modeling capability of Vision Transformers.

D. Ablation Study

In this section, we present ablation studies to assess the
effectiveness of each component in RPPS. For fair comparison,
all ablation experiments adopt ResNet50 as the backbone
unless otherwise stated. We compare the baseline model with
different combinations of the proposed modules and report
results on the CUHK-SYSU and PRW datasets. In addition,
we conduct a detailed analysis of the subcomponents within
the core modules to identify the most critical design choices.
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TABLE IV

ABLATION STUDY OF DWEM BRANCHES ON CUHK-SYSU
AND PRW DATASETS

TABLE V

ABLATION STUDY OF DCCP SUBMODULES, SHOWING THE ROLE OF EACH
IN OVERALL PERFORMANCE

1) Ablation on Core Modules: We first evaluate the overall
contribution of the core modules by comparing the baseline
method with different module combinations. Table III reports
the results on the CUHK-SYSU and PRW datasets. When both
the DWEM and DCCP modules are incorporated, the model
achieves 80.2% mAP and 81.2% top-1 accuracy on CUHK-
SYSU, as well as 39.4% mAP and 81.5% top-1 accuracy on
PRW. Compared with cases where only a single module or
no module is used, the performance improves significantly,
clearly demonstrating that the synergy between DWEM and
DCCP plays a critical role in enhancing model performance.

2) Ablation of DWEM Branches: Building on the base-
line model, we conduct submodule ablation experiments by
incrementally adding components of DWEM. Specifically,
“DWT+IDWT” refers to applying wavelet decomposition
and reconstruction without differentiated enhancement of
low-frequency and high-frequency components. “DWT+Low-
Freq” retains DWT and the low-frequency enhancement
branch while removing the high-frequency branch, whereas
“DWT+High-Freq” retains DWT and the high-frequency
enhancement branch while discarding the low-frequency
branch. As reported in Table IV, the complete DWEM achieves
an mAP of 79.3% and a top-1 accuracy of 80.7% on CUHK-
SYSU, and an mAP of 38.4% and a top-1 accuracy of 81.1%
on PRW. Compared with partial variants, the full design
consistently delivers superior performance. These results high-
light the importance of jointly leveraging both low-frequency
and high-frequency enhancement branches in DWEM, as
their synergy more effectively improves cross-domain feature
representations.

3) Ablation of DCCP Submodules: Using the baseline
model as a foundation, we further conduct detailed submod-
ule ablation studies on the individual components of DCCP.
In particular, “Confidence Only” denotes instance selection
performed solely through the dynamic confidence mecha-
nism; “Confidence + Online” integrates dynamic confidence
with confidence-weighted online updates while deliberately

TABLE VI

ABLATION STUDY ON DIFFERENT DWT DECOMPOSITION DEPTHS

omitting offline stratification and correction; and “Confidence
+ Offline” combines dynamic confidence with offline stratifica-
tion and asynchronous correction while intentionally excluding
online updates. As reported in Table V, the complete DCCP
achieves an mAP of 78.8% and a top-1 accuracy of 80.5% on
CUHK-SYSU, and an mAP of 37.8% and a top-1 accuracy of
80.9% on PRW. Compared with these partial variants, the full
design consistently delivers more stable and superior results,
clearly underscoring the importance of jointly leveraging con-
fidence stratification, online updates, and offline correction
to refine pseudo-label quality and ultimately enhance model
performance in unsupervised cross-domain scenarios.

4) Ablation of DWT Depths: To validate the decomposition
depth design in DWEM, we conduct ablation experiments
under different configurations. Specifically, we examine three
variants: “1DWT” which applies a single-level DWT on
Fin; “1DWT + LL-DWT” which performs an additional
decomposition on the low-frequency component (LL) after
the initial step; and “Deep-DWT” which applies deeper
decompositions on the low-frequency branch while keeping
other settings unchanged. As shown in Table VI, single-level
decomposition is insufficient to fully exploit frequency-domain
features, while deeper decomposition causes a severe loss of
high-frequency details. In contrast, our proposed “1DWT +

LL-DWT” achieves the best performance on both benchmark
datasets, effectively balancing global structural information
and local texture details. These results confirm the rationality
of the DWEM design and highlight its role in enhancing the
robustness of person search.

E. Hyperparameter Analysis

Several hyperparameters in RPPS critically influence model
performance. We evaluate four key parameters: the balance
coefficient α, the confidence threshold θ, the consistency
threshold δ, and the global confidence threshold ε.

1) Analysis of Balance Coefficient αAlpha: The balance
coefficient α controls the relative contributions of bounding-
box IoU and feature entropy in the dynamic confidence
function, thereby influencing the selection of high-quality
instances. As shown in Fig. 3, when α = 0.3, excessive weight
on feature entropy misclassifies well-localized but slightly
dispersed instances as low-quality, yielding an mAP of 38.4%
on PRW. Conversely, when α = 0.7, IoU dominates, failing
to suppress background-similar redundancies and reducing
CUHK-SYSU mAP to 79.7%. The best balance is achieved at
α = 0.6, which optimally trades off localization precision and
feature certainty, leading to superior results on both datasets.

2) Analysis of Confidence Threshold θTheta: The confi-
dence threshold θ determines which high-confidence instances
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Fig. 3. Impact of balance coefficient α on CUHK-SYSU and PRW datasets.

Fig. 4. Impact of threshold θ on CUHK-SYSU and PRW datasets.

Fig. 5. Impact of threshold δ on CUHK-SYSU and PRW datasets.

are retained for proxy initialization. As shown in Fig. 4, setting
θ = 0.5 is too permissive, admitting many noisy samples,
which lowers the PRW mAP to 38.0%. In contrast, setting
θ = 0.9 is overly strict, discarding too many valid instances,
causing CUHK-SYSU top-1 accuracy to drop significantly to
79.4%. The optimal value of θ = 0.7 strikes a balance between
effectively filtering noisy data and retaining a sufficient number
of high-quality samples, thereby delivering the best overall
performance across both benchmark datasets.

3) Analysis of Consistency Threshold δDelta: The con-
sistency threshold δ specifies whether the confidence gap
between an instance and its proxy satisfies the criterion for
strong updates. As shown in Fig. 5, when δ = 0.1, the rule
is overly restrictive, discarding useful instances and causing
insufficient proxy updates, with PRW achieving 38.2% mAP.
At δ = 0.6, the rule is too lenient, allowing noisy instances
to be wrongly updated and reducing CUHK-SYSU top-1

Fig. 6. Impact of threshold ε on CUHK-SYSU and PRW datasets.

Fig. 7. Attention visualization with Layer-CAM on CUHK-SYSU (top row)
and PRW (bottom row). Without DWEM, attention is scattered and spills
into background regions; in contrast, it is concentrated on pedestrian areas,
reducing irrelevant responses. Red regions indicate higher attention scores.

accuracy to 80.1%. The balanced setting δ = 0.3 yields the
most stable performance, effectively distinguishing reliable
samples from noisy ones.

4) Analysis of Global Confidence Threshold εVarepsilon:
The global confidence threshold ε is applied during the offline
stage for proxy stratification, which determines whether low-
confidence proxies should be replaced. As shown in Fig. 6,
when ε = 0.2, the threshold is too low, allowing noisy proxies
to persist and consequently reducing the PRW mAP to 37.8%.
In contrast, when ε = 0.7, the threshold is too high, leading
to the premature replacement of moderately reliable proxies,
which causes information loss and reduces the CUHK-SYSU
mAP to 79.5%. The optimal setting ε = 0.5 achieves an
effective balance between preserving reliable proxies and
eliminating unreliable ones, thus producing the most efficient
stratification and improving overall model performance.

5) Sensitivity Discussion Across Datasets: It is worth not-
ing that although the four hyperparameters exhibit different
optimal values, their overall trends remain highly consistent
across both CUHK-SYSU and PRW, as shown in Figs. 3–6.
More importantly, each parameter demonstrates a broad stable
region rather than a sharply peaked optimum. For exam-
ple, α performs consistently well within 0.5-0.7 on both
datasets, and similar stable intervals can be observed for
θ (0.6-0.8), δ (0.2-0.4), and ε (0.4-0.6). These overlapping
stable ranges indicate that RPPS is not overly sensitive
to dataset variations and does not rely on dataset-specific
tuning. This stability suggests that the proposed design confi-
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Fig. 8. Visualization of proxy dynamics under DCCP. Left: confidence distributions across epochs, showing improved stability with online updates at epoch 7
and offline replacements at epoch 13. Right: final-epoch comparison, where DCCP yields tighter, more reliable proxies than the scattered baseline.

TABLE VII

COMPARISON OF PERFORMANCE OF DIFFERENT WAVELET BASIS
METHODS ON THE PRW DATASET

dence reliability, and proxy consistency-generalize well across
different domains, reinforcing the practical applicability of
RPPS.

F. Effectiveness Analysis of DWEM

To thoroughly assess the effectiveness of DWEM, we
employ Layer-CAM [57] to visualize the output of the final
layer in the backbone network. As illustrated in Fig. 7,
without DWEM, the model’s attention is scattered and easily
leaked into background regions, making it susceptible to noise
interference. In contrast, incorporating DWEM strengthens
pedestrian contours through low-frequency enhancement and
emphasizes clothing textures via high-frequency enhancement,
enabling the model to focus more precisely on pedes-
trian regions while capturing fine discriminative details.
On CUHK-SYSU (top row), DWEM improves the model’s
focus on target pedestrians, whereas on PRW (bottom row),
it helps maintain stable attention under complex back-
grounds. Overall, DWEM effectively suppresses cross-domain
noise and highlights target-specific features, thereby enhanc-
ing both the robustness and reliability of person search
representations.

G. Comparison of Different Wavelet Basis Methods

In the DWEM, we adopt the Haar wavelet basis for
high–low frequency decomposition. To evaluate its effective-
ness, we compare it with Daubechies, Symlet, and the Fourier
transform on the PRW dataset, as shown in Table VII. The

Fig. 9. t-SNE visualization of target-domain feature embeddings. Compared
to the baseline, RPPS yields more compact intra-class clusters and clearer
inter-class separations.

Haar wavelet provides the best trade-off between compu-
tational efficiency and model accuracy. While Daubechies
[58] enhances high-frequency discriminability, its complex-
ity and resource demands limit practical use. Symlet [59]
shows moderate complexity but lower performance than Haar,
with limited adaptability in frequency-domain processing. The
Fourier transform [60] emphasizes global frequency analysis,
but weak localization and high cost lead to poor performance
in person search. Overall, the Haar wavelet achieves the
most balanced performance in frequency-domain enhancement
and decomposition, making it well-suited for person search
tasks.

H. Effectiveness Analysis of DCCP

To evaluate the effectiveness of the DCCP module in
cross-domain adaptation, we visualize the dynamic updat-
ing of clustering proxies during training. As shown in
Fig. 8, the left panel illustrates the global confidence dis-
tribution of proxies across epochs using a scatter–timeline
plot, where different colors represent different clusters. As
training progresses, most DCCP proxies gradually converge
toward higher confidence regions (> 0.7). A sharp rise occurs
at epoch 7 during the online strong update stage, followed
by further stabilization at epoch 13 when low-confidence
proxies are replaced with more reliable ones through offline
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Fig. 10. Qualitative analysis on CUHK-SYSU (first two rows) and PRW (last two rows). Top-1 retrieval results of different UDA person search methods are
presented. Our method effectively reduces domain gaps and achieves more accurate retrieval. Yellow boxes mark query persons, while green and red boxes
denote correct and incorrect matches, respectively.

Fig. 11. Examples of failure cases on CUHK-SYSU (first row) and PRW (second row), where domain shifts and complex conditions lead to incorrect matches.

replacement. In contrast, the baseline DAPS [9] model (right
panel) shows scattered proxies with large confidence fluctu-
ations, failing to form stable cluster centers. These results
demonstrate that DCCP effectively suppresses noisy prox-
ies and enhances robustness through its dynamic updating
strategy.

I. Computational Complexity

Finally, we compare our method with the latest weakly
supervised and unsupervised approaches in terms of GFLOPs,
parameters, and per-epoch training time. We further break
down the computational cost of RPPS. The DWEM module
introduces additional DWT and inverse DWT operations;

however, since these operations are applied at intermediate
feature levels rather than on high-resolution input images, they
mainly involve lightweight filtering and element-wise compu-
tations. As a result, their overhead is significantly lower than
complex spatial-domain transformations, keeping the overall
computational cost manageable. The DCCP module introduces
confidence estimation and proxy updates during training, but
avoids large-scale matrix operations and only involves small-
scale vector updates, resulting in a minor impact on overall
complexity. Notably, DCCP is only activated during training
and is completely removed during inference. Therefore, RPPS
introduces no additional inference-time computation or GPU
memory overhead.
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TABLE VIII

COMPARISON OF MODEL COMPLEXITY AND TRAINING COST
WITH WEAKLY SUPERVISED AND UNSUPERVISED

METHODS ON PRW DATASET

Experiments are conducted under the same setting using
an NVIDIA Tesla V100 GPU with an input image size
of 1500 × 900. As shown in Table VIII, RPPS requires
755 GFLOPs, which is lower than the main baseline DAPS
[9] and DDAM [10]. The parameter count remains within
a reasonable range, and the per-epoch training time is
comparable to existing methods. Overall, RPPS maintains
inference-time latency and GPU memory usage comparable
to DAPS, while achieving superior performance on the PRW
dataset.

J. Analysis of Visualized Feature Distribution

To further illustrate the effectiveness of RPPS in the
target domain, we visualize the feature distribution using
t-SNE [61]. Specifically, we extract image-level embed-
dings from the ReID branch and compare the Baseline
with the complete RPPS model. As shown in Fig. 9, the
Baseline features exhibit significant overlap among differ-
ent categories, with blurred inter-class boundaries and weak
discriminability. In contrast, RPPS produces more compact
intra-class clusters and clearer inter-class separations, bene-
fiting from the frequency robustness reinforced by DWEM
and the stabilized proxy optimization introduced by DCCP.
These results demonstrate that RPPS effectively enhances
the discriminability of target-domain features, alleviates fea-
ture confusion caused by domain shifts and proxy noise,
and provides more reliable representations for subsequent
identification.

K. Qualitative Performance

As shown in Fig. 10, we present qualitative comparisons
on the CUHK-SYSU and PRW datasets under a variety
of challenging conditions, including cross-scene variations,
occlusion, low resolution, and significant viewpoint changes.
Compared with DAPS [9], DDAM [10], and DSCA [12], our
method more accurately localizes and identifies query persons
in complex environments. In particular, RPPS demonstrates
superior robustness in scenes with heavy background clut-
ter, partial occlusion, and long-range cross-camera matching,
highlighting its advantage in cross-domain feature align-
ment and discriminability preservation. It is worth noting
that although our evaluation is conducted on the standard
CUHK-SYSU and PRW benchmarks, these datasets inherently
involve diverse and realistic domain shifts. Specifically, they

cover different camera types, indoor and outdoor environ-
ments, illumination variations (e.g., daytime and nighttime),
occlusion, low-resolution pedestrians, and large viewpoint
changes. Under these heterogeneous conditions, RPPS consis-
tently achieves more reliable retrieval results, indicating strong
robustness to practical cross-domain variations and support-
ing its generalization capability in real-world person search
applications.

Furthermore, Fig. 11 presents representative failure cases.
These failures mainly occur under extreme domain shifts and
highly complex scenes. For example, severe low-resolution
conditions lead to the loss of informative texture details,
weakening high-frequency discriminative cues, while heavy
occlusion or high visual similarity among pedestrians reduces
the distinctiveness of proxy representations, making it difficult
to maintain stable embeddings. These cases highlight remain-
ing challenges and suggest potential directions for future
improvement.

V. CONCLUSION

In this paper, we address the challenge of unreliable pseudo-
supervision in UDA person search, which primarily stems
from spectral shift bias and static proxy updates. To overcome
these issues, we propose the Reliable Pseudo-supervision in
UDA Person Search (RPPS) framework, which comprises
two key modules: the Dual-branch Wavelet Enhancement
Module (DWEM) for frequency-domain enhancement and
the Dynamic Confidence-weighted Clustering Proxy (DCCP)
for robust proxy optimization. Extensive experiments on
CUHK-SYSU and PRW demonstrate that RPPS achieves state-
of-the-art performance and strong robustness, confirming the
effectiveness of integrating frequency-domain enhancement
with dynamic proxy optimization.

Limitations and Future Work: Despite its strong per-
formance, RPPS still faces two limitations: (i) DWEM
may retain domain-specific noise under extreme style shifts
(e.g., indoor vs. outdoor), reducing discriminability; and
(ii) applying DWT to full-resolution feature maps incurs
high computational overhead, limiting real-time deployment.
Future work will focus on incorporating domain-aware
adaptive weighting and developing lightweight frequency
decomposition methods to further improve robustness and
efficiency.
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