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Abstract
Unsupervised Domain Adaptation (UDA) person
search aims to transfer a model trained on a la-
beled source domain to an unlabeled target do-
main without using target annotations. However,
existing UDA methods frequently neglect the is-
sue of scale inconsistency between the source
and target domains. This inconsistency arises
from variations in camera height, tilt angle, fo-
cal length, and scene layout. To address this
challenge, we propose a Scale-Aware Consistent
Alignment Learning (SCALE) framework. Specif-
ically, we propose a Scale-aware Domain Harmo-
nization (SDH) module, which adaptively har-
monizes semantic and structural scales through
cross-path interaction and consistency refinement
to alleviate cross-domain scale inconsistency. To
further reduce pseudo-label noise, we introduce
a Bidirectional Cluster Regularization (BCR)
strategy, which improves pseudo-label reliabil-
ity by refining the clustering results through a
second regularized clustering step. By collabo-
ratively alleviating the impact of scale misalign-
ment and enhancing pseudo-label reliability, our
approach achieves state-of-the-art performance
on two benchmark person search datasets, with
82.3% mAP and 84.0% top-1 on the CUHK-
SYSU dataset, 41.7% mAP and 82.4% top-1 on
the PRW dataset. Our source code is available at
https://github.com/whhbdmu/SCALE.

1. Introduction
Person search aims to simultaneously detect and identify
specific individuals within open real-world scenes. Essen-
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Figure 1. (a) Existing methods directly share cross-domain features
while overlooking significant scale differences between source and
target domains, resulting in a pronounced feature gap. (b) Our
proposed approach explicitly harmonizes scales across domains,
aligning their scale distributions and substantially narrowing the
feature gap to produce more reliable pseudo-labels.

tially, it integrates detection (Girshick et al., 2014; Ren et al.,
2015) and re-identification (Re-ID) (Ye et al., 2020) into
a unified framework. Most existing methods (Cai et al.,
2025; Jiang et al., 2024; Li & Miao, 2021; Xiao et al., 2017;
Chen et al., 2020) adopt the supervised learning paradigm,
where both branches are jointly optimized on large-scale
annotated datasets (Li & Miao, 2021; Jiang et al., 2024). Al-
though these approaches achieve remarkable success within
a single domain, they tend to decline effectiveness when
transferred to unseen domains, due to the inherent discrep-
ancies in illumination, viewpoints, camera configurations,
and background contexts. Such domain sensitivity severely
limits the deployment of person search systems in practical
cross-scene scenarios.

Unsupervised Domain Adaptation (UDA) (Long et al., 2016;
Sun et al., 2019) has recently drawn increasing attention
in person search, as it enables transferring discriminative
knowledge from a labeled source domain to an unlabeled tar-
get domain without requiring additional annotations (Ganin
& Lempitsky, 2015; Kang et al., 2019). Current UDA meth-
ods (Li et al., 2022; Qi et al., 2025; Cui et al., 2024; Al-
mansoori et al., 2024; Peng et al., 2026; Tan et al., 2026;
Peng et al., 2023) employ source-trained models to pro-
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duce target-domain pseudo labels (Lee et al., 2013) through
clustering, which are subsequently used to iteratively adapt
feature representations in conjunction with source-domain
data. Following this strategy, Li et al. (Li et al., 2022) first
introduced the DAPS framework, which employs implicit
domain alignment to learn domain-invariant embeddings.
Building upon DAPS (Li et al., 2022), DDAM (Almansoori
et al., 2024) generates mixed-domain representations to
further enhance adaptability. DSCA (Qi et al., 2025) intro-
duces a dual self-calibration mechanism that jointly refines
image and instance level features for more robust pseudo
supervision. Meanwhile, recent study (Yao et al., 2025) on
incomplete multi-view clustering suggest that recovering
structural consistency from incomplete or noisy represen-
tations can substantially improve clustering robustness and
label reliability.

Despite the remarkable success achieved by existing meth-
ods, the majority of them primarily focus on appearance
alignment or pseudo-label refinement, while overlooking
cross-domain scale inconsistency. As shown in Fig. 1,
diagram (a) depicts current approaches that ignore scale
disparities between domains, leading to a persistent scale
gap in shared feature representations. In contrast, diagram
(b) illustrates our proposed solution, which explicitly per-
forms cross-domain scale harmonization, thereby narrowing
the feature gap and producing consistent, domain-aligned
representations.

To address this issue, we propose a Scale-Aware Consistent
Alignment Learning (SCALE) framework for robust unsu-
pervised domain adaptive person search. At its core, the
Scale-aware Domain Harmonization (SDH) module adap-
tively calibrates both semantic and structural scales of multi-
resolution features across domains. Specifically, SDH mod-
els the hierarchical interactions between spatial structures
and semantic representations through a dual-path design,
enabling the network to dynamically align feature distribu-
tions under inconsistent resolutions and diverse camera con-
ditions. This adaptive harmonization effectively mitigates
the semantic bias caused by mismatched detection resolu-
tions and varying pedestrian sizes, ensuring scale-consistent
feature representations across domains. In parallel, we intro-
duce a Bidirectional Cluster Regularization (BCR) strategy,
which enhances pseudo-label reliability through adaptive
split–merge regularization. By jointly harmonizing multi-
scale representations and refining clustering consistency, our
method effectively mitigates cross-domain scale discrepan-
cies and enhances the robustness and reliability of the model
generalization. Extensive experiments on CUHK-SYSU and
PRW demonstrate that our method achieves state-of-the-art
performance, significantly outperforming existing UDA per-
son search methods under cross-domain scale variation.

In summary, this work makes the following contributions:

• This paper proposes SCALE, a novel dual-stage frame-
work for unsupervised domain-adaptive person search
that effectively mitigates cross-domain scale discrep-
ancies and promotes consistent feature learning across
domains.

• To align multi-resolution features across domains, a
Scale-aware Domain Harmonization (SDH) module
is proposed, generating scale-invariant and domain-
consistent embeddings.

• We introduce a Bidirectional Cluster Regularization
(BCR) strategy to improve pseudo-label reliability via
adaptive split–merge regularization, ensuring stable
clustering and more robust identity learning.

2. Method
In this section, we present the Scale-Aware Consistent Align-
ment Learning (SCALE) framework, which jointly tack-
les cross-domain scale inconsistency and pseudo-label un-
reliability. We first overview the framework, then detail
the Scale-aware Domain Harmonization (SDH) module for
semantic-scale alignment and the Bidirectional Cluster Reg-
ularization (BCR) strategy for clustering stabilization.

2.1. Framework overview

Our method is built upon the DSCA (Qi et al., 2025) and
extends it into a dual-stage adaptation framework designed
to jointly mitigate cross-domain scale inconsistency and
pseudo-label unreliability. As illustrated in Fig. 2, the pro-
posed SCALE framework consists of two complementary
stages: a Clustering stage with Bidirectional Cluster Reg-
ularization (BCR) and a Training stage with Scale-aware
Domain Harmonization (SDH). These two components op-
erate in an iterative manner to progressively enhance feature
alignment and label stability during unsupervised domain
adaptation. In the clustering stage, instance features ex-
tracted in inference mode are first used to perform initial
clustering. Based on the preliminary clusters, the proposed
Bidirectional Cluster Regularization (BCR) further opti-
mizes the distance matrix to produce more reliable pseudo
labels. A second clustering is then conducted using the re-
fined distances, and the resulting pseudo labels are employed
for target-domain training. During training, the model is
first pre-trained on the source domain in a fully supervised
manner. The source-trained model is then used to extract
image features from the target domain, where pseudo la-
bels from the clustering stage serve as supervision. Region
proposals are generated by the RPN and directly aligned
via ROI-Align. Finally, both the detection head and the
ReID head, equipped with the cross-domain scale-aware
SDH module, are jointly optimized to adapt the network
parameters for domain-invariant person search.
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Figure 2. Overview of the proposed SCALE framework for unsupervised domain adaptive person search. The framework consists of two
stages: (a) Clustering Stage and (b) Training Stage. In the clustering stage, instance features extracted from the target domain are first
grouped via initial clustering. The proposed Bidirectional Cluster Regularization (BCR) then refines the distance matrix through adaptive
split–merge operations, yielding more reliable pseudo labels for subsequent training. In the training stage, the model is pre-trained on
the labeled source domain and then adapted to the target domain using pseudo-labeled data. The Scale-aware Domain Harmonization
(SDH) module, embedded in both detection and ReID head, adaptively calibrates semantic and structural scales across domains, ensuring
consistent feature alignment under cross-domain scale variations.

2.2. Scale-Aware Domain Harmonization (SDH)

Cross-domain person search faces inherent scale inconsis-
tency, arising from variations in pedestrian distances, cam-
era viewpoints, and environmental conditions across scenes,
which lead to inconsistent visual scales. These variations in-
troduce semantic bias in both detection and re-identification
branches, resulting in unstable domain alignment. To ad-
dress this challenge, we propose a Scale-Aware Domain
Harmonization (SDH) module that mitigates cross-domain
scale inconsistency by jointly modeling semantic and struc-
tural scales through hierarchical feature interaction, thereby
establishing a unified and scale-consistent representation
space. The structure of SDH is shown in the Fig. 3 be-
low. It operates through two complementary modules: a
Scale-Interactive Alignment (SIA) module and a Scale Con-
sistency Refinement (SCR) module.

Scale-Interactive Alignment (SIA). SIA serves as an initial
calibration module that explicitly models multi-level feature
interactions between spatial and semantic representations
through a dual-path design. Given an input feature map
X ∈ RC×H×W , SIA contains two parallel branches: a
spatial interaction path and a semantic interaction path, both
built upon directional attention modeling and multi-scale
aggregation.

Spatial interaction path. To alleviate cross-domain scale
inconsistency that arises from mismatched resolutions and
viewpoint variations, we design a spatial alignment path-
way that integrates tri-directional attention with multi-scale

contextual fusion. Traditional single-view convolutional en-
coding often fails to maintain geometric consistency when
pedestrian scales vary across domains, leading to spatially
distorted activations. In contrast, our tri-directional attention
explicitly models feature dependencies along orthogonal
planes and captures complementary cues from the height,
width, and channel dimensions, thus enabling adaptive re-
calibration of spatial responses under varying observation
scales.

For each projection plane, a direction-aware attention op-
erator recalibrates feature responses by exploiting context
along orthogonal dimensions. Formally, the attention opera-
tion is defined as:

A(·)(X) = X ⊙ σ
(
BN(Conv(Z))

)
, (1)

where ⊙ denotes element-wise multiplication, σ(·) is the
sigmoid gating, and BN(·) and Conv(·) denote batch nor-
malization and convolutional transformation, respectively.
The input Z concatenates spatial statistics obtained by max
and average pooling:

Z = [MaxPool(X), AvgPool(X) ], (2)

which captures both strong and smooth activation patterns
to guide attention generation.

Based on these directional operators, the tri-directional in-
teraction is formulated as:

Tsp(X) = 1
3

(
Acw(X

(C,W )) +Ahc(X
(H,C))

+ Ahw(X
(H,W ))

)
,

(3)
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where Tsp(X) denotes the aggregated spatial interaction
feature, and Acw, Ahc, and Ahw correspond to attention
operations applied on the channel–width, height–channel,
and height–width planes, respectively. By jointly capturing
dependencies across three orthogonal projections, this mech-
anism enables each spatial element to be adaptively refined
by its complementary directional context, thus enhancing
geometric consistency and mitigating cross-domain scale
discrepancies.

To further enhance scale adaptivity, we employ a multi-scale
convolutional fusion:

Msp(X) = δ
(
BN

(
[DWConvk(X)]k∈{1,3,5,7}

))
, (4)

where δ(·) denotes ReLU activation and [·] represents chan-
nel concatenation. This multi-scale fusion captures contex-
tual cues from different receptive fields, helping preserve
localization-sensitive geometric semantics.

Fsp =Msp(Tsp(X)), (5)

whereFsp denotes spatial path feature. By aggregating direc-
tional context along multiple spatial dimensions, this path
adaptively aligns structural information across different spa-
tial scales. As a result, it mitigates geometric distortions and
preserves consistent spatial responses under cross-domain
scale variations.

Semantic interaction path. Although the spatial path
already captures certain semantic cues through its cross-
directional attention design, the resulting semantic infor-
mation remains implicit and spatially entangled. This is
because the spatial aggregation mainly focuses on structural
alignment, where semantic relationships are only indirectly
reflected through spatial correlations. However, in cross-
domain scenarios, domain gaps often manifest not only as
spatial distortions but also as semantic-scale discrepancies
caused by differences in appearance granularity and identity-
level abstraction. To explicitly address this, we introduce a
semantic interaction path that adaptively calibrates channel
activations and enhances semantic-scale consistency across
domains.

The semantic interaction operator employs two complemen-
tary projections—channel–height and channel–width—to
capture cross-dimensional dependencies:

Tse(X) = 1
2

(
Ach(X

(C,H)) +Acw(X
(C,W ))

)
, (6)

where Tse(X) denotes the aggregated semantic interaction
feature. Ach and Acw denote channel–spatial attention op-
erations defined in the spatial path. This formulation allows
the network to jointly reason about semantic context along
orthogonal spatial directions, yielding more discriminative
and scale-invariant channel responses.
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Figure 3. Details of the proposed Scale-Aware Domain Harmoniza-
tion (SDH) module. SDH contains Scale-Interactive Alignment
(SIA) and Scale Consistency Refinement (SCR). SIA uses spatial
and semantic interaction paths to respectively harmonize geomet-
ric layout and channel-conditioned identity responses with direc-
tional attention and multi-scale depthwise convolutions. SCR fur-
ther refines local activation consistency through mean-subtraction,
normalization, and sigmoid masking, producing the final scale-
harmonized feature H .

After attention-based modulation, a multi-scale convolu-
tional refinement further integrates semantic information at
multiple receptive levels:

Fse =Mse(Tse(X)), (7)

where Fse denotes semantic path feature. Mse(·) aggre-
gates fine-grained and high-level semantics to enhance fea-
ture granularity.

Finally, the two interaction paths are adaptively fused with
the original feature via a residual shortcut:

Y = αF sp + βF se +X, (8)

where α and β are learnable balancing weights. This mech-
anism enables the model to jointly calibrate semantic and
spatial scales, achieving consistent feature alignment across
domains.

Scale Consistency Refinement (SCR). While SIA effec-
tively harmonizes multi-scale representations, residual in-
consistencies may still arise due to local distortions or back-
ground interference. To further stabilize the feature distribu-
tion, SCR performs a parameter-free refinement directly on
the raw feature map X ∈ RC×H×W , aiming to enhance lo-
cal activation consistency across spatial scales. Specifically,
SCR estimates and normalizes spatial activation dispersion
to measure local uncertainty:

Ŷ =
(X − µ(X))2

4
(

1
HW

∑
i,j(Xi,j − µ(X))2 + ϵs

) + η, (9)

where µ(X) denotes the spatial mean per channel, and ϵs, η
are small constants controlling stability and bias. A sigmoid
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gate then produces a saliency-aware modulation mask:

M = σ(Ŷ ), HSCR = X ⊗M, (10)

where σ(·) is the sigmoid function and ⊗ denotes element-
wise multiplication. Finally, the harmonized representation
integrates semantic-scale calibration from SIA and local
consistency refinement from SCR:

H = αHSIA + βHSCR + γX, (11)

where α, β, γ are learnable or empirically balanced coeffi-
cients. This collaborative design preserves structural fidelity
while maintaining scale-consistent activation patterns across
domains.

SIA and SCR jointly establish a closed-loop harmonization
mechanism: SIA aligns semantic and structural representa-
tions across scales, while SCR reinforces them via saliency-
guided refinement. Together, they preserve both seman-
tic coherence and spatial uniformity, effectively mitigating
scale discrepancies in cross-domain person search. Overall,
SDH forms a hierarchical calibration framework that unifies
cross-scale alignment and residual refinement, enhancing
scale robustness and domain generalization across detection
and re-identification branches.

2.3. Bidirectional Cluster Regularization (BCR)

To further enhance the robustness of pseudo-label learn-
ing, we propose a Bidirectional Cluster Regularization
(BCR) module built upon the scale-consistent feature rep-
resentations achieved by SDH. BCR adaptively regular-
izes both intra-cluster and inter-cluster structures through a
split–merge correction, effectively reducing clustering noise
and stabilizing self-training in the target domain. Specifi-
cally, it constructs split and merge matrices to regularize the
original distance matrix, thereby refining pseudo labels in
the target-domain feature space and improving the reliability
of subsequent clustering and identity learning.

Split Regularization (Intra-cluster refinement). Given
feature embeddings f ∈ RN×d and pseudo labels ŷ, BCR
first examines the compactness of each cluster Cm. the
mean intra-cluster affinity is computed as:

am =
1

|Cm|
∑

xi∈Cm

1

|Cm| − 1

∑
xj∈Cm,j ̸=i

∥fi − fj∥2, (12)

where fi denotes the feature vector of sample xi,and am
denotes the mean intra-cluster affinity. A large am indicates
that Cm is spatially loose and should be further split. When a
cluster is identified as internally inconsistent, we subdivide
it by spectral sub-clustering and apply a positive penalty to
pairs across different sub-clusters. The split correction is
summarized as:

Ms[p, q] = min
( ε

λ
λam , clipsplitmax

)
, (13)

Algorithm 1 Bidirectional Cluster Regularization (BCR)

1: Input: Target features f ∈ RN×d, pseudo labels ŷ,
base distance Dbase, scaling parameters ε, λ

2: Output: Corrected distance matrix Dcorr

3: Split Regularization
4: for each cluster Cm in ŷ do
5: Compute mean intra-cluster distance am
6: if am > τsplit then
7: Split Cm into K sub-clusters via spectral clustering
8: For (xp, xq) from different sub-clusters:

Ms[p, q] = min( ελλ
am , clipsplitmax)

9: end if
10: end for
11: Merge Regularization
12: for each cluster Cm do
13: Find nearest cluster Cp and compute mean inter-

cluster distance bm
14: Compute vote ratio ρ between (Cm, Cp)
15: if ρ > τvote and d̄ij < τmerge then
16: For (xp ∈ Cm, xq ∈ Cp): Mm[p, q] =

max(− ε
λλ

(1−bm),−clipmergemax)
17: end if
18: end for
19: Distance Correction
20: Dcorr = sym(Dbase +Ms +Mm)
21: Set diagonal to zero and clip negatives: Dcorr ←

max(Dcorr, 0)
22: return Dcorr

where ε and λ are scaling parameters controlling the split
strength, and clipsplitmax limits the maximum penalty to
prevent over-splitting. Larger am values yield stronger split
penalties, encouraging the separation of structurally inco-
herent clusters. Specifically, Eq. (13) Ms[p, q] is applied
only when xp and xq belong to the same cluster Cm but are
assigned to different sub-clusters; otherwise, Ms[p, q] = 0.
We only attempt splitting for clusters with sufficient size to
avoid unreliable splits and with mean intra-cluster distance
above a designated threshold. The threshold and sub-cluster
count are hyperparameters (denoted τsplit and K in the im-
plementation). Intuitively, Ms increases pairwise distances
between confidently separated sub-groups to discourage
incorrect aggregation in subsequent clustering.

Merge Regularization (Inter-cluster refinement). To pre-
vent over-fragmentation, we further compute the mean inter-
cluster distance between Cm and its nearest neighbor Cp
as:

bm =
1

|Cm|
∑

xi∈Cm

min
Cp ̸=Cm

1

|Cp|
∑

xj∈Cp

∥fi − fj∥2, (14)

where bm denotes the mean inter-cluster affinity.Smaller
bm values imply strong semantic affinity between clusters,
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suggesting that merging should be encouraged. The corre-
sponding merge correction matrix Mm is formulated as:

Mm[p, q] = max
(
− ε

λ
λ(1−bm), −clipmergemax

)
, (15)

where ε and λ are scaling coefficients controlling the mag-
nitude of merge correction, clipmergemax limits the maxi-
mum negative correction to avoid excessive merging, and
bm denotes the average inter-cluster distance between clus-
ter Cm and its nearest neighbor Cp. Specifically, Eq. (15)
Mm[p, q] is applied only when xp and xq belong to two
distinct clusters Cm and Cp that satisfy the merge criteria;
otherwise, Mm[p, q] = 0. We only attempt merging for
cluster pairs that exhibit high mutual affinity and consistent
nearest-neighbor voting patterns. In particular, a merge is
triggered when the inter-cluster distance d̄mp falls below
the merging threshold τmerge and the vote ratio between Cm
and Cp exceeds a reliability ratio ρ. Both τmerge and ρ are
hyperparameters controlling merge sensitivity. Intuitively,
Mm reduces the pairwise distances between mutually con-
sistent clusters, encouraging them to be grouped together in
subsequent clustering iterations.

Distance Correction. The split and merge corrections are
combined with the base distance matrix to produce a cor-
rected, symmetric distance used for reclustering:

Dcorr = sym
(
Dbase +Ms +Mm

)
, (16)

where Dcorr ∈ RN×N denotes the corrected distance matrix,
and Dbase represents the original pairwise distance. Ms and
Mm are the split and merge correction matrices defined in
Eq. (13) and Eq. (15), respectively. sym(·) denotes symmet-
ric averaging, i.e., sym(A) = (A+A⊤)/2. The diagonal
entries of Dcorr are set to zero to ensure a valid self-distance
constraint.

By balancing the split and merge forces, BCR adaptively
regularizes the evolving pseudo-label distribution: Ms dis-
courages false positives within loose clusters, while Mm

recovers missed associations between semantically consis-
tent clusters.

3. Experiments
3.1. Experimental Settings

Datasets. We evaluate the proposed SCALE framework on
two widely used person search benchmarks, CUHK-SYSU
(Xiao et al., 2017) and PRW (Zhong et al., 2017). The
CUHK-SYSU dataset is a large-scale person search bench-
mark containing 18,184 images collected from handheld
cameras, movies, and TV shows, which introduces substan-
tial scene diversity. It encompasses 8,432 unique person
identities and 96,143 annotated bounding boxes. The dataset

is divided into a training set with 5,532 identities and 11,206
images, and a test set with 2,900 query persons and 6,978
gallery images. For each query, the dataset defines a gallery
size ranging from 50 to 4,000, with a default size of 100
images. The PRW dataset consists of video frames captured
by six fixed surveillance cameras on a university campus.
It contains 11,816 scene images with 932 distinct identities
and 43,110 annotated bounding boxes. The training set in-
cludes 483 identities and 5,704 images, while the test set
comprises 2,057 query persons and 6,112 gallery images.
For evaluation, all images in the test set except the query
are used as the gallery.

Evaluation Metric. Following previous person search stud-
ies, we adopt mean Average Precision (mAP) and top-1
accuracy (top-1) as the evaluation metrics to comprehen-
sively assess the performance of SCALE. Specifically, mAP
measures the retrieval precision across different recall lev-
els, providing an overall evaluation of ranking quality, while
top-1 reflects the identification accuracy by computing the
proportion of queries whose correct match appears at the
top of the ranked list. Both metrics are calculated under the
standard gallery settings defined for each dataset.

Implementation Details. We implemented our SCALE
framework using PyTorch (Paszke et al., 2019) and trained
it on an NVIDIA A800 GPU with a batch size of 4. We
adopted the Stochastic Gradient Descent (SGD) optimizer
with a learning rate of 0.0024, which is linearly warmed
up during the first epoch. We utilize ResNet-50 (He et al.,
2016) pre-trained on ImageNet-1k (Deng et al., 2009) as the
default backbone network. During training, input images
are resized to 1500×900, and random horizontal flipping
is applied for data augmentation. To prevent overfitting,
we adjust the total number of training epochs based on
the target-domain dataset. Specifically, when PRW serves
as the target domain, SCALE is first pre-trained on the
source domain CUHK-SYSU for 8 epochs, followed by
joint training for 13 epochs. Conversely, when CUHK-
SYSU is the target domain, we pre-train on PRW for 3
epochs before performing 15 epochs of joint training.

3.2. Comparison with State-of-the-Art Methods

We compare SCALE with recent fully supervised, weakly
supervised, and unsupervised person search methods on the
CUHK-SYSU and PRW datasets, as summarized in Table 1.
Among unsupervised approaches, SCALE achieves the best
overall performance, reaching 41.7% mAP / 82.4% top-1
on PRW and 82.3% mAP / 84.0% top-1 on CUHK-SYSU,
surpassing the previous best-performing DSCA (Qi et al.,
2025) by +1.8 mAP and +2.1 mAP on the two benchmarks,
respectively. Compared with fully supervised and weakly
supervised approaches, SCALE remarkably narrows the per-
formance gap, despite not using any target-domain ground
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Category Method Venue Backbone PRW CUHK-SYSU

mAP top-1 mAP top-1

Fully-
Supervised

OIM (Xiao et al., 2017) CVPR2017 ResNet-50 21.3 49.4 75.5 78.7
MGTS (Chen et al., 2018) ECCV2018 VGG-16 32.6 72.1 83.0 83.7
RDLR (Han et al., 2019) ICCV2019 ResNet-50 42.9 70.2 93.0 94.2
NAE+ (Chen et al., 2020) CVPR2020 ResNet-50 44.0 81.1 92.1 92.9
AlignPS+ (Yan et al., 2021) CVPR 2021 ResNet-50 46.1 82.1 94.0 94.5
SeqNet (Li & Miao, 2021) AAAI2021 ResNet-50 46.7 83.4 93.8 94.6
PSTR (Cao et al., 2022) CVPR2022 PVTv2-B2 56.5 89.7 95.2 96.2
SeqNeXt (Jaffe & Zakhor, 2023) WACV2023 ConvNeXt-B 57.6 89.5 96.1 96.5
SEAS (Jiang et al., 2024) IJCAI2024 ConvNeXt-B 60.5 89.5 97.1 97.8

Weakly-
Supervised

CGPS (Yan et al., 2022) AAAI2022 ResNet-50 16.2 68.0 80.0 82.3
R-SiamNet (Han et al., 2021) ICCV2021 ResNet-50 21.4 75.2 86.0 87.1
SSL (Wang et al., 2023) ICCV2023 ResNet-50 33.9 82.7 87.6 89.0
DICL (Wang et al., 2024) PR2024 ResNet-50 35.5 80.9 87.4 88.8

Unsupervised

DAPS (Li et al., 2022) ECCV2022 ResNet-50 34.7 80.6 77.6 79.6
FOUS (Cui et al., 2024) IJCAI2024 ResNet-50 35.4 80.8 78.7 80.5
DDAM (Almansoori et al., 2024) WACV2024 ResNet-50 36.7 81.2 79.5 81.3
MoS (Kim et al., 2025) CVPR2025 ResNet-50 37.1 81.9 80.1 81.5
DSCA (Qi et al., 2025) AAAI2025 ResNet-50 39.9 81.6 80.2 81.7
SCALE (Ours) ResNet-50 41.7 82.4 82.3 84.0

Table 1. Comparison of mAP(%) and top-1 accuracy(%) with fully supervised, weakly supervised, and domain adaptation methods on
CUHK-SYSU and PRW test set. The best and second-best results among domain adaptation methods are in bold and underlined.

QueryQuery SCALESCALE DSCADSCA

QueryQuery

QueryQuery SCALESCALE DSCADSCA

QueryQuery SCALESCALE DSCADSCA

DSCADSCASCALESCALE

QueryQuery SCALESCALE DSCADSCA

Figure 4. Qualitative comparison of SCALE with DSCA on the
CUHK-SYSU test set. The blue bounding boxes denote the queries,
while the green and red bounding boxes denote correct and incor-
rect matches, respectively.

truth identity labels.

Qualitative Comparison. To further validate the effec-
tiveness of our method, we present a qualitative comparison
between SCALE and DSCA on the CUHK-SYSU test set,
as shown in Figure 4. The visualization shows that SCALE
produces more accurate detections and retrievals under chal-

Figure 5. Comparison of mAP and top-1 accuracy on CUHK-
SYSU across various gallery sizes, where solid lines denote mAP
and dashed lines denote top-1 accuracy.

lenging conditions such as occlusion, scale variation, and
domain shift. Benefiting from the SDH module, the model
maintains consistent attention across pedestrians of different
scales. Meanwhile, the BCR module effectively suppresses
pseudo-label noise, thus leading to cleaner and more reliable
retrieval results.

Scalability to Gallery Size. Figure 5 further investigates
the impact of gallery size on performance. As the gallery
size increases from 50 to 4000, SCALE consistently outper-
forms previous unsupervised methods, maintaining a slower
degradation rate in both mAP and top-1 accuracy. This
robustness under large-scale retrieval settings highlights
the discriminative and domain-consistent representations
learned by the framework.
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Overall, the results in Table 1, Figure 4 and Figure 5 collec-
tively demonstrate that the SCALE framework effectively
mitigates both feature-scale inconsistencies and pseudo-
label noise in the unsupervised person search setting, achiev-
ing robust, label-free domain adaptation with strong gener-
alization to challenging real-world scenarios.

3.3. Ablation Study

To validate the effectiveness of each proposed component,
we conduct a series of ablation studies on the PRW and
CUHK-SYSU datasets. Table 2 reports the results of ab-
lating the key components of our framework, including
the Scale-Interactive Alignment (SIA), Scale Consistency
Refinement (SCR), and Bidirectional Cluster Regulariza-
tion (BCR). Removing any component leads to a noticeable
performance drop, verifying that all modules contribute
complementarily to the overall system. Specifically, elimi-
nating SIA results in a clear decrease in both mAP and top-1
accuracy (–0.6% and –0.5% on PRW), highlighting the im-
portance of scale-invariant domain alignment. Removing
SCR weakens feature-level semantic consistency, leading
to unstable domain harmonization and degraded accuracy.
Meanwhile, removing BCR harms the stability of pseudo-
label refinement, reducing the reliability of clustering-based
self-training. When multiple components are simultane-
ously removed, performance further declines, demonstrating
that SIA, SCR, and BCR work synergistically to enhance
cross-domain robustness and representation quality.

Components PRW CUHK-SYSU

SIA SCR BCR mAP top-1 mAP top-1

41.7 82.4 82.3 84.0
✗ ✗ ✗ 39.9 81.6 80.2 81.7
✗ ✗ 40.8 81.7 81.2 83.3
✗ ✗ 40.6 81.5 81.3 83.3

✗ ✗ 40.9 81.7 81.1 82.7
✗ 41.1 81.9 81.4 83.0

✗ 41.4 82.2 81.7 83.7
✗ 41.3 82.0 81.7 83.5

Table 2. Component ablation study on PRW and CUHK-SYSU
datasets, including SIA, SCR, and BCR. ✗ indicates the component
is ablated.

Furthermore, we investigate the impact of the number of
sub-clusters n used in the Split branch, which determines the
granularity of intra-cluster refinement. As summarized in
Table 3, performance first improves as n increases from 1 to
2, indicating that moderate subdivision helps better capture
local semantic structures within noisy clusters. However,
an excessive number of sub-clusters (e.g., n = 3) causes
over-segmentation and unstable optimization, leading to
performance degradation. Therefore, we set n = 2 as the
optimal configuration for all experiments.

PRW CUHK-SYSU
n mAP top-1 mAP top-1

1 40.3 81.5 80.4 82.0
2 40.8 81.7 81.2 83.3
3 39.6 80.7 79.8 80.5

Table 3. Performance on the benchmark CUHK-SYSU and PRW
datasets with different numbers of sub-clusters in the Split sub-
branch of BCR.

Components PRW CUHK-SYSU

Split Merge mAP top-1 mAP top-1

40.8 81.7 81.2 83.3
✗ 40.3 81.5 80.4 82.0

✗ 40.5 82.0 80.7 82.5
✗ ✗ 39.9 81.6 80.2 81.7

Table 4. Component ablation study on PRW and CUHK-SYSU
datasets. Split and Merge are key components of BCR, with ✗
indicating the component is ablated.

To further analyze the contribution of each component
within the proposed Bidirectional Cluster Regularization
(BCR), we conduct additional ablation studies focusing on
its Split and Merge sub-branches. As shown in Table 4, re-
moving either sub-branch leads to a noticeable performance
drop on both PRW and CUHK-SYSU datasets, demonstrat-
ing that Split and Merge jointly enhance the reliability of
pseudo-label refinement. Specifically, disabling the Split
operation results in less compact clustering, while remov-
ing Merge weakens the correction of inter-cluster inconsis-
tencies, confirming that both are essential for stable self-
training.

3.4. Further Analysis

Beyond the standard comparison and component ablations,
we further analyze SCALE from three perspectives: whether
cross-domain scale inconsistency indeed exists in real per-
son search datasets, whether the proposed method is espe-
cially beneficial under scale-mismatched cases, and whether
the improvement comes from the proposed scale-aware de-
sign rather than generic feature refinement or increased
model capacity.

Quantifying cross-domain scale inconsistency. To di-
rectly verify the motivation of SCALE, we first analyze the
bounding-box area distributions of pedestrians in CUHK-
SYSU and PRW. The statistics are used only for analysis
and are never involved in model training. As shown in Ta-
ble 5, the two datasets exhibit a clear scale distribution shift.
In particular, CUHK-SYSU contains a much larger propor-
tion of very small pedestrians in the 0–5k area range, while
PRW has more samples concentrated in the 5k–10k and
larger-scale ranges. This indicates that models transferred
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Area Range CUHK-SYSU PRW
0–1k 12.2 0.0
1k–5k 33.0 20.6
5k–10k 15.7 31.9
10k–30k 24.2 27.9
>30k 14.8 19.6

Table 5. Bounding-box scale distribution across CUHK-SYSU and
PRW. Values are dataset proportions (%).

between the two datasets encounter substantially different
RoI spatial supports. Such a shift is especially harmful for
person search, since scale variation affects both proposal
localization in the detection branch and identity represen-
tation in the ReID branch. Unlike conventional ReID or
classification tasks that usually operate on pre-cropped or
scale-normalized instances, person search extracts identity
features from detector-generated RoIs. Thus, inaccurate
localization caused by small-scale observations can directly
corrupt the spatial support used for ReID feature learning.

Effectiveness under scale mismatch. We then exam-
ine whether the gain of SCALE becomes more evident
when scale inconsistency is emphasized. Under the scale-
mismatched setting, where target-domain pedestrians are
evaluated in the most scale-discrepant range, i.e., the area
< 10k subset, SCALE improves the baseline from 53.53% /
59.79% to 57.49% / 64.14% in terms of mAP/top-1, yielding
absolute gains of +3.96% mAP and +4.35% top-1. These
gains are more pronounced than those under the standard
benchmark setting, indicating that SCALE is particularly
effective when target samples suffer from insufficient spatial
support and noisy identity cues caused by scale variation.

Comparison with simpler scale-oriented variants. To
further verify that the improvement is not merely brought by
stronger multi-scale processing or additional attention mod-
ules, we compare SCALE with several stronger controlled
variants in Table 6, including multi-scale training/testing,
explicit size normalization, FPN-style modification, and in-
serting similar refinement modules without the proposed
scale-aware harmonization design. Although these variants
provide limited improvements, they consistently underper-
form SCALE. For example, the FPN-style variant reaches
81.1% mAP and 82.7% top-1, while SCALE achieves 82.3%
mAP and 84.0% top-1. This comparison shows that sim-
ply enlarging the receptive field or adding generic feature
refinement is insufficient, and the proposed spatial-semantic
scale harmonization is critical for robust domain adaptation
in person search.

Complementarity of spatial and semantic paths. We also
evaluate whether the two paths in SDH capture comple-
mentary information. As shown in Table 6, replacing SDH
with double spatial paths, double semantic paths, or shared-
parameter paths all leads to lower performance than the full
SDH. This confirms that the spatial path and semantic path
are not interchangeable. The spatial path mainly stabilizes

Method mAP top-1

Scale-oriented and parameter-matched variants
Multi-scale training/testing 80.6 81.9
Explicit size normalization 80.4 81.9
FPN-style modification 81.1 82.7
Similar refinement modules 80.7 82.6
SCALE 82.3 84.0

Spatial-semantic path variants
Double spatial path 81.0 83.1
Double semantic path 80.7 82.5
Shared parameters 80.6 81.9
Full SDH 82.3 84.0
Table 6. Controlled comparisons on CUHK-SYSU. The upper
block compares simpler scale-oriented variants, and the lower
block analyzes the spatial-semantic paths in SDH.

geometric layout under varying pedestrian scales, while the
semantic path calibrates channel-conditioned identity re-
sponses. Their combination is important for person search,
where inaccurate localization and corrupted identity features
can mutually amplify each other under cross-domain scale
variation.

Computational cost. SCALE introduces only moderate
overhead compared with the baseline, increasing the param-
eters from 56.19M to 58.64M and the computation from
414.09 GMac to 459.90 GMac, corresponding to +4.4%
parameters and +11.1% computation. Since the overall net-
work is still dominated by backbone feature extraction, the
additional cost of SDH is acceptable. BCR reuses the same
pairwise distance matrix as the baseline clustering pipeline
and only performs localized split–merge corrections, so the
overall clustering complexity remains O(N2).

4. Conclusion
In this paper, we proposed SCALE, a novel framework for
unsupervised domain-adaptive person search that effectively
bridges cross-domain scale discrepancies between source
and target domains. To address the scale inconsistency natu-
rally arising from pedestrian distances, camera viewpoints,
and environmental conditions across scenes, we introduced
the Scale-aware Domain Harmonization (SDH) module,
which adaptively aligns cross-domain features through hier-
archical scale interaction and consistency refinement. More-
over, our Bidirectional Cluster Regularization (BCR) explic-
itly enhances the structural reliability of clustering-based
pseudo labels by enforcing split–merge consistency, en-
suring both finer separation of loose clusters and robust
aggregation of semantically aligned ones. Extensive ex-
periments on multiple benchmarks demonstrate that our
method substantially improves cross-domain generalization
and achieves state-of-the-art performance.
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