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Abstract

Domain-adaptive person search (DAPS) aims to transfer
pedestrian detection and re-identification capabilities from
a labeled source domain to an unlabeled target domain, yet
faces critical challenges from domain shift: semantic confu-
sion among overlapping instances, over-reliance on shallow
features for look-alike targets, and poor discriminability of
small-scale instances. To address these issues, we propose
the Localization-Anchored Instance Discrimination (LAID)
framework, which leverages spatial relationships between
bounding boxes as auxiliary signals to enhance instance iden-
tity learning. LAID integrates three complementary strate-
gies: 1) Cost-Aware Instance Matching (CAIM) uses IoU-
based global optimal assignment to align current detections
with historical identities, reducing overlap-induced misasso-
ciations; 2) Dual-Scope Contrastive Learning (DSCL) com-
bines spatial separation constraints (for geometrically distant
pairs) with global contrastive learning, prompting the model
to learn deep discriminative features beyond superficial sim-
ilarities; 3) Task-Sensitivity Alignment (TSA) aligns confi-
dence distributions of detection and ReID heads via KL diver-
gence, ensuring consistent pseudo-label generation. Exten-
sive experiments on CUHK-SYSU and PRW datasets demon-
strate that LAID outperforms state-of-the-art DAPS methods,
validating its effectiveness in mitigating domain shift and nar-
rowing the performance gap between supervised and domain-
adaptive person search.

Code — https://github.com/whbdmu/LAID

Introduction
Person search is developed to localize and identify specific
pedestrians in real-scene images, with its core challenge ly-
ing in simultaneously handling the joint tasks of object de-
tection (Girshick et al. 2014; Ren et al. 2015) and ReID (Ye
et al. 2023; Peng, Jiang, and Wang 2023; Peng, Zhang, and
Wang 2025). Existing methods mostly follow a typical su-
pervised learning paradigm (Li and Miao 2021; Jaffe and
Zakhor 2023; Jiang et al. 2024), relying on precisely anno-
tated bounding boxes and reliable identity labels for training.
While supervised methods have made significant progress in
this field, with performance on some datasets approaching or
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Figure 1: Typical scenario example: Domain shift leads to
unreliable pseudo-labels. (a) Semantic confusion of over-
lapping instances; (b) Visual similarity instances are dom-
inated by shallow features; (c) Insufficient discriminability
for small targets.

even surpassing human-level accuracy, their limitations have
become increasingly prominent. Such models often overfit
to domain-specific information in training data (e.g., scene-
specific lighting, background distributions, camera styles),
leading to substantial performance degradation in unseen
new domains. This restricts their direct application in real-
world scenarios where annotation costs are unaffordable or
scenes change dynamically.

To enhance the cross-domain generalization ability of per-
son search models, (Li et al. 2022) pioneered the task set-
ting of Domain-Adaptive Person Search (DAPS) and de-
signed a framework of the same name. This method employs
a domain alignment mechanism fusing multi-scale features
to guide the model in learning domain-invariant representa-
tions, laying the foundation for cross-domain transfer. Build-
ing on this, (Almansoori, Fiaz, and Cholakkal 2024) and
(Kim, Kim, and Sohn 2025) further addressed the optimiza-
tion conflict in domain adaptation tasks, proposing to gener-
ate mixed-domain features to enhance the model’s domain
adaptability. Furthermore, (Qi et al. 2025) defined domain
shift in person search as a form of scene adaptation prob-
lem, improving the model’s generalization performance in
new scenes by mitigating underlying scene discrepancies.
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While advancing DAPS, existing methods face notable
challenges in generating reliable pseudo-labels and learn-
ing robust instance features under domain shift. Their re-
liance on clustering for pseudo-label initialization inher-
ently renders them sensitive to feature distribution distor-
tions induced by domain gaps, resulting in ambiguous clus-
ter boundaries (Yao et al. 2024). Furthermore, prevalent lo-
cal matching strategies for temporal smoothing often pro-
duce suboptimal or erroneous links for highly overlapping
instances. Critically, these approaches lack explicit mecha-
nisms to leverage spatial context for disambiguation or to
enforce consistency between the core detection and ReID
tasks. Consequently, several failure modes persist, as shown
in Fig. 1: Semantic confusion among overlapping instances:
Spatially proximate but distinct identities are prone to in-
correct linking or shared pseudo-labels, particularly un-
der occlusion or for small targets; Dominance of shallow
features: Models over rely on easily transferable yet non-
discriminative superficial cues (e.g., color blocks) when pro-
cessing visually similar distractors, failing to acquire robust
identity semantics; Exacerbated challenges for small targets:
Low resolution and detail loss in small targets compound
both overlap-induced confusion and over reliance on shal-
low features. It is worth noting that these limitations often
do not exist in isolation. Instead, they collectively degrade
the quality of self-supervised signals, creating a cascading
effect that hinders effective domain adaptation.

To overcome these challenges, we propose a novel
Localization-Anchored Instance Discrimination (LAID)
framework. LAID uniquely exploits the geometric proper-
ties of bounding boxes, a readily available and domain-
agnostic signal, to anchor and enhance instance discrimina-
tion learning in the unlabeled target domain. It comprises
three synergistic components: Cost-Aware Instance Match-
ing (CAIM): Replaces error-prone local matching with a
global optimal assignment based on IoU cost matrix. This
provides a more accurate and stable association between
current detections and historical identity proposals, directly
tackling semantic confusion arising from spatial overlaps.
Dual Scope Contrastive Learning (DSCL): Combines intra-
scene spatial separation constraints with global contrastive
learning. Specifically, it identifies high-confidence negative
pairs as instances within the same image with extremely
low IoU, leveraging the strong prior that they must rep-
resent different identities. Enforcing dissimilarity for these
pairs, alongside standard global instance discrimination,
compels the model to discover deep, robust semantics be-
yond misleading visual similarities. Task-Sensitivity Align-
ment (TSA): Addresses the misalignment between Region
Proposal Network (RPN) objectness scores and ReID con-
fidence scores. TSA minimizes the KL divergence between
their confidence distributions for the same instance (Feng
et al. 2018), fostering task-consistent pseudo-label selection.
By anchoring on spatial localization and ensuring task con-
sistency, LAID generates more reliable pseudo-labels and
learns significantly more discriminative features for the un-
labeled target domain. Extensive ablation studies on bench-
mark datasets validate the effectiveness of each component.
Overall, experiments demonstrate that LAID achieves bet-

ter domain generalization and outperforms state-of-the-art
(SOTA) methods in DAPS settings, particularly in challeng-
ing scenarios with heavy occlusion, small or similar targets.

Our contributions can be summarized below:

• We design global matching via optimal transport with
IoU-based costs. It solves overlap-induced identity con-
fusion by ensuring consistent cross-epoch associations.

• Our method unifies geometric priors with contrastive
learning. This compels deep feature mining beyond su-
perficial similarities.

• We bridge detection-ReID confidence gaps via KL-
divergence minimization. It enhances pseudo-label qual-
ity through task-consistent regularization.

• To the best of our knowledge, our localization-anchored
approach is the first to exploit spatial relationships for
DAPS. It anchors instance discrimination on bbox geom-
etry, achieving SOTA performance.

Methodology
Framework Overview
The training framework of Localization-Anchored Instance
Discrimination (LAID), illustrated in Fig. 2, adopts an it-
erative two-stage process per training epoch to address do-
main shift in person search. Given a labeled source do-
main Ds = {(xn, yn)}Nn=1 and unlabeled target domain
Dt = {xm}Mm=1, LAID progressively refines target pseudo-
labels while enhancing feature discriminability through:

Stage 1: Pseudo-label Generation. The model infers
on Dt to generate candidate bounding boxes and extracts
instance features. Cost-Aware Instance Matching (CAIM)
aligns current detections with historical proposals via global
optimal assignment, followed by DBSCAN clustering to
generate pseudo-identity labels.

Stage 2: Multi-constraint Training. Dual-Scope
Contrastive Learning (DSCL) enhances discriminability
through: (a) global contrastive loss with cluster-based
pseudo-labels; (b) spatial separation loss for low-overlap
in-scene pairs. Concurrently, Task-Sensitivity Alignment
(TSA) enforces consistency between detection and ReID
confidence distributions via KL divergence.

Cost-Aware Instance Matching
The reliability of pseudo-label generation in domain-
adaptive person search fundamentally depends on accu-
rate bounding box localization. Existing approaches typi-
cally employ temporal smoothing techniques that rely on
greedy local matching strategies, associating each current
detection with its maximally overlapping historical pro-
posal. While computationally efficient, this local optimiza-
tion strategy risks accumulating identity-binding errors in
complex scenes characterized by multiple overlapping in-
stances. Consider a typical failure case: a current detection
of pedestrian A may be incorrectly associated with histori-
cal proposal B due to transient spatial proximity, even when
a more consistent match exists with its true historical coun-
terpart C. Such misassociations propagate through training
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Figure 2: The training framework of Localization-Anchored Instance Discrimination (LAID). This framework adopts a two-
stage training process per epoch. Stage 1 generates pseudo-labels via CAIM-based temporal alignment and clustering; Stage 2
enhances feature discriminability through DSCL and TSA.

epochs, progressively degrading pseudo-label quality and
ultimately undermining model performance.

To address this critical limitation, we propose Cost-Aware
Instance Matching (CAIM), a robust association strategy
grounded in optimal transport theory. CAIM establishes reli-
able correspondence between current detections and histori-
cal proposals through a carefully designed pipeline that pri-
oritizes global consistency over local optima. For each tar-
get domain image xm ∈ RH×W×3 at the training epoch
t, we begin with two key inputs: the set of current detec-
tions Bt = {bti ∈ R4}Ni=1 with corresponding instance fea-
tures Ft = {f t

i ∈ Rd}Ni=1, and the historical proposals
Ht−1

m = (Bt−1,Ft−1) cached from the previous epoch t−1.
The CAIM process initiates with an inclusive candidate

selection phase. To avoid prematurely eliminating poten-
tially valuable matches, we employ a relaxed matching
threshold ϵloose = α · ϵ, where ϵ represents the standard
strict threshold and α = 0.95 functions as the relaxation fac-
tor. This balanced strategy retains matching flexibility while
upholding reasonable quality constraints, proving particu-
larly advantageous for partially occluded instances or those
with low confidence. These cases might otherwise be dis-
carded but hold significance for maintaining identity conti-
nuity across epochs.

At the core of CAIM lies the global optimal assign-
ment mechanism. We formulate the matching problem as
a bipartite graph optimization where the cost matrix C ∈
R|Bt−1|×|Bt| is defined by the spatial dissimilarity between
proposals: cij = 1 − IoU(bt−1

i , btj). To ensure meaning-
ful associations, we impose a validity constraint requiring

IoU(bt−1
i , btj) > 0.7, a threshold empirically determined to

balance matching precision and recall. The optimal assign-
mentM∗ is then solved using the Jonker-Volgenant (Jonker
and Volgenant 1983) algorithm, which minimizes the total
matching cost while enforcing one-to-one correspondences:

M∗ = argmin
M

∑
(i,j)∈M

cij , s.t.M⊆ Bt−1 × Bt . (1)

This global optimization strategy avoids the myopic
decision-making inherent in greedy approaches. Instead, it
considers the full configuration of proposals to identify the
most coherent set of associations, thereby mitigating errors
caused by local overlap biases.

Following optimal assignment, we enforce temporal con-
sistency through exponential smoothing. For each matched
pair (i, j) ∈ M∗, the bounding box and feature representa-
tions are updated as:{

b̃tj = λbt−1
j + (1− λ)bti

f̃ t
j = λf t−1

j + (1− λ)f t
i ,

(2)

where the momentum coefficient λ controls historical in-
formation retention, a value calibrated to balance stability
against responsiveness to new observations. For detections
without historical correspondences yet exhibiting high con-
fidence (conf > ϵ), they will be initialized in the updated
proposal cache Ht

m, enabling the model to adapt to emerg-
ing identities as follows:

Ht
m ← Ht

m ∪
{
(bit, f

i
t )
}
. (3)
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The final stage transforms geometrically aligned features
into semantic pseudo-labels. The smoothed feature set F̃t

serves as input to DBSCAN (Ester et al. 1996) clustering,
which automatically discovers identity clusters while fil-
tering noise. We configure the clustering with ϵDBSCAN =
0.5 and min samples = 4. The resulting cluster assign-
ments yield pseudo-identity labels ŷi, while cluster cen-
troids initialize and continuously update the ReID memory
bank, creating a self-reinforcing cycle where improved fea-
tures enable better clustering, which in turn enhances fea-
ture learning. CAIM reduces identity misassociation caused
by bounding box overlaps through global optimal matching
and historical feature smoothing. This provides more stable
pseudo-labels for subsequent ReID tasks.

Dual-Scope Contrastive Learning
Domain-adaptive person search methods commonly employ
cluster-based global contrastive learning to enhance instance
discriminability. This approach constructs a memory bank
containing identity proxies and utilizes variants of the In-
foNCE loss, typically formulated as:

Lcross = − log
exp(f · c+/τ)

N∑
i=1

exp(f · csi/τ) +
M∑
j=1

exp(f · ctj/τ)
, (4)

where f represents the embedding of a detected instance, c+
its corresponding proxy, and csi , ctj denote source and target
domain proxies, respectively. While theoretically valid, this
global contrastive learning strategy encounters notable lim-
itations under domain shift: the model tends to over-rely on
superficial visual similarities (e.g., dominant color blocks)
rather than learning deep discriminative features, resulting
in clustering outcomes that propagate and amplify initial
pseudo-label errors across training iterations.

To address this fundamental challenge, LAID introduces
a geometric-aware intra-scene constraint that leverages spa-
tial separation as a domain-invariant supervisory signal. This
approach begins with the observation that detection boxes
with minimal spatial overlap must represent distinct identi-
ties, a reliable prior unaffected by domain discrepancies. For
each input image containing N candidate detections, we first
identify foreground pedestrian boxes B = {bi|yi = 1}Mi=1
using the RPN’s classification output. Crucially, we establish
group assignments g ∈ ZM through geometric clustering
based solely on bounding box relationships, implemented
via Algo 1 with a strict IoU threshold θ. This process sat-
isfies the condition:

gi = gj , s.t. IoU(bi, bj) > θ , (5)

effectively creating identity-agnostic groups where boxes
with IoU < θgroup constitute high-confidence negative pairs.

Building on this geometric foundation, we design a spa-
tial separation loss that enforces feature dissimilarity be-
tween distinct groups. For normalized embeddings E =
[e1, . . . , eM ]⊤ where ∥ei∥2 = 1, the pairwise similarity ma-
trix is:

S = EE⊤, Sij = e⊤i ej . (6)

Algorithm 1: Union-Find Grouping of Detection Boxes

Require: B = {bn}Nn=1: bounding boxes (bn ∈ R4)
θ ∈ [0, 1]: IoU threshold

Ensure: g ∈ ZN : group labels
1: Compute IoU matrix: I ∈ RN×N

2: Initialize Union-Find structure U with N elements
3: for i = 1 to N − 1 do
4: for j = i+ 1 to N do
5: if Ii,j > θ then
6: U .union(i, j)
7: end if
8: end for
9: end for

10: Assign group IDs to components in U as g
11: return g

The loss function then targets inter-group pairs Ω =
{(i, j)|gi ̸= gj , i ̸= j}:

Lintra =
1

|Ω|
∑

(i,j)∈Ω

wij ·max(Sij − γ, 0) , (7)

with γ defining the separation margin. The adaptive
weights wij focus learning on challenging cases through a
temperature-controlled mechanism:

wij =
exp(max(Sij − γ, 0)/τ)∑

(k,l)∈Ω exp(max(Skl − γ, 0)/τ)
, (8)

where τ controls the hardness emphasis. This formulation
ensures three critical properties: 1) Geometric grouping
guarantees separation constraints apply only to truly distinct
pedestrians; 2) The max(Sij−γ, 0) term forces the model to
explore semantics beyond superficial similarities; 3) Adap-
tive weighting prioritizes semantically ambiguous pairs that
are visually similar yet spatially separated.

The complete Dual-Scope Contrastive Learning objective
synergistically combines global and local constraints:

LDSCL = Lcross + Lintra . (9)

This integrated approach provides noise resilience against
pseudo-label errors while compelling the model to discover
robust identity semantics. Crucially, the spatial separation
component remains valid even when clustering fails, creat-
ing a self-correcting mechanism that progressively improves
feature discriminability throughout adaptation.

Task-Sensitivity Alignment
To enhance pseudo-label reliability in joint detection-
ReID frameworks, we introduce a Task-Sensitive Align-
ment Loss that aligns confidence predictions between the
RPN and ReID head. Specifically, in domain-adaptive per-
son search, pseudo-label generation typically relies on con-
fidence scores of detected bounding boxes. When detection
and ReID tasks produce inconsistent confidence estimates
for the same instance (e.g., high confidence from detection
but low from ReID), the resulting pseudo-labels tend to be
unreliable. By minimizing the KL divergence between the
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PRW CUHK-SYSU
Category Method Venue Backbone

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
HOIM(Chen et al. 2020a) AAAI2020 ResNet-50 39.8 80.4 89.7 90.8
NAE+ (Chen et al. 2020b) CVPR2020 ResNet-50 44.0 81.1 92.1 92.9
TCTS(Wang et al. 2020) CVPR2020 ResNet-50 46.8 87.5 93.9 95.1
AlignPS+ (Yan et al. 2021) CVPR 2021 ResNet-50 46.1 82.1 94.0 94.5
SeqNet (Li and 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 and 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
OLA(Zhu, Yang, and Wang 2025) AAAI2025 ResNet-50 38.1 82.0 87.8 89.3

Domain-
Adaptation

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, Fiaz, and Cholakkal 2024) WACV2024 ResNet-50 36.7 81.2 79.5 81.3
MoS (Kim, Kim, and Sohn 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
LAID (Ours) - ResNet-50 40.5 81.9 80.8 82.6

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

two tasks’ output probability distributions, we encourage
their confidence estimates for the same instance to converge,
thereby improving pseudo-label reliability. This loss is de-
fined as follows:

LTSA = DKL(Q||P) , (10)

where P ∈ RN×2 represents the foreground/background
probability distribution from RPN classification scores, Q ∈
RN×2 is the binary probability distribution from ReID con-
fidence scores.

Experiments
Experimental Settings
Datasets. We evaluate LAID on two standard person search
benchmarks:

• CUHK-SYSU (Xiao et al. 2017): Contains 18,184 im-
ages with 96,143 annotated bounding boxes and 8,432
distinct identities. The training set includes 5,532 iden-
tities across 11,206 images, while the test set comprises
6,978 gallery images with 2,900 queries.

• PRW (Zheng et al. 2017): Consists of 11,816 video
frames with 43,110 bounding boxes and 932 identities.
Its training set has 5,704 images covering all identities;
the test set has 6,112 gallery images with 2,057 queries.

Metrics. We employ two standard metrics for quantitative
evaluation of person search performance: mean Average
Precision (mAP) and top-1 accuracy (top-1). All evaluations

are conducted on the target domain test set without addi-
tional annotations, ensuring that results accurately reflect the
model’s performance in practical scenarios.
Implementation Details. We implement LAID using Py-
Torch (Paszke et al. 2019) and train it on two NVIDIA RTX
4090 GPUs with a batch size of 4. We adopt the batched
Stochastic Gradient Descent (SGD) optimizer with an initial
learning rate of 3×10−3, momentum of 0.9, and weight de-
cay of 5× 10−4. The learning rate is warmed up in the first
epoch. ResNet-50 (He et al. 2016) pre-trained on ImageNet-
1k (Deng et al. 2009) serves as the model backbone. Dur-
ing training, input images are resized to 1500 × 900 and
randomly horizontally flipped for data augmentation. For
CAIM, considering the distribution characteristics of the
CUHK-SYSU and PRW datasets, we set the momentum co-
efficient λ in Eq. 2 to 0.6 for CUHK-SYSU and 0.2 for PRW.
For DSCL, the IoU threshold θ in Eq. 5 is set to 0.3; the sep-
aration margin γ in Eq. 7 is set to 0.5 for the source domain
and 0.7 for the target domain.

Comparison with State-of-the-Art Methods
As shown in Tab. 1, to verify the effectiveness of LAID, we
compare it with state-of-the-art (SOTA) methods employing
various training strategies, including supervised, weakly su-
pervised, and unsupervised domain adaptation approaches.
Comparison on CUHK-SYSU =⇒ PRW. The 5th column
of Tab. 1 shows the performance of all the methods on the
PRW test set. With 40.5% mAP and 81.9% top-1 accuracy,
our framework outperforms most other weakly supervised

8470



Query DSCA Ours Query DSCA OursQuery DSCA Ours Query DSCA Ours

Figure 3: Qualitative comparison of LAID with DSCA on the CUHK-SYSU test set. The yellow bounding boxes denote the
queries, while the red and blue bounding boxes denote incorrect and correct matches, respectively.
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Figure 4: Comparison of performance on the CUHK-SYSU
test set across various gallery sizes.

and domain adaptation methods. It is also competitive com-
pared to some supervised learning methods.
Comparison on PRW =⇒ CUHK-SYSU. As shown in
the 6th column of Tab. 1, our proposed LAID framework
achieves excellent performance on the CUHK-SYSU test
set, achieving 80.8% mAP and 82.6%. Compared with the
SOTA method DSCA (Qi et al. 2025), it represents improve-
ments of 0.6% and 0.9%, achieving SOTA performance.

To further validate the robustness of LAID, we compared
it with other leading domain adaptation methods across a
range of gallery sizes (50 to 4000) on the CUHK-SYSU test
set. As illustrated in Fig. 4, with the increase in gallery size,
all methods encounter greater interference from distractor

PRW CUHK-SYSUCAIM mAP top-1 mAP top-1

w/o Loose Threshold 40.2 81.3 80.5 82.0
w/o Global Matching 39.6 80.8 79.9 81.8

40.5 81.9 80.8 82.6

Table 2: Ablation studies of CAIM on both the CUHK-
SYSU and PRW test set, evaluating the effectiveness of its
match strategies.

pedestrians. However, LAID maintains consistent superior-
ity over competing methods across all size settings, confirm-
ing its robust discriminative capability even in cluttered sce-
narios.
Qualitative Results. Qualitatively, Fig. 3 highlights LAID’s
distinct advantages in complex, challenging scenarios. In
practical domain-adaptive person search, two critical chal-
lenges often arise: (i) feature ambiguity caused by heavy
overlap among pedestrians in crowded scenes; (ii) detail loss
in small or occluded targets due to long-range imaging or
partial occlusion.

LAID addresses these by leveraging spatial relationships
between bounding boxes as auxiliary supervisory cues,
which mitigates over-reliance on shallow visual cues (e.g.,
color, posture). Instead, it prioritizes more discriminative
features to mine the underlying semantic characteristics of
pedestrians, enabling precise discrimination between dis-
tinct instances. This capability allows LAID to maintain ro-
bust performance in real-world scenarios with dense crowds
and frequent occlusions, confirming its practical adaptability
in complex environments.

Ablation Study
Effectiveness of Cost-Aware Instance Matching. To ad-
dress misalignment between pseudo-labels and instances,
CAIM employs a two-step strategy: it optimizes associations
between current detections and historical proposals via cost
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(a) Clustering results on the CUHK-SYSU dataset
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(b) Clustering results on the PRW dataset

Figure 5: Comparison of clustering results with and without
DSCL on the CUHK-SYSU and PRW training set.

matrix construction, mitigating semantic confusion arising
from misassociations caused by local overlap. The strategy
comprises two core components: loose threshold-based can-
didate selection and global optimal assignment. The former
retains more potential candidates by moderately relaxing the
matching threshold, while the latter identifies true matches
from the candidate set using a global optimal search algo-
rithm. Their synergy effectively eliminates false association
biases induced by scene interference and feature ambiguity.

We conducted ablation studies to isolate each compo-
nent’s contribution: (i) without loose threshold selection; (ii)
without global optimal assignment; (iii) with both mecha-
nisms enabled. As shown in the 1st and 2nd rows of Tab. 2,
removing either component leads to notable drops in mAP
and top-1 accuracy on both datasets. This confirms that both
loose threshold selection and global optimal assignment are
indispensable to CAIM, with their integrated design play-
ing a critical role in ensuring strong domain-adaptive person
search performance.
Effectiveness of Dual-Scope Contrastive Learning. DSCL
serves as another critical component, introducing intra-scene
spatial exclusion constraints to complement existing con-
trastive learning frameworks. It groups detected instances
within a single scene based on geometric overlap and en-
forces differentiation via a separation loss, driving the model
to explore more discriminative deep semantic features and
enhancing pedestrian distinguishability. Tab. 3 shows that
removing the separation loss leads to decreased mAP and
top-1 accuracy on both the PRW and CUHK-SYSU datasets.
We further replaced the separation loss with the batch-hard
triplet loss, a common contrastive learning objective. While
this replacement yields improvements over the baseline, re-
sults remain slightly inferior to those with the separation
loss, confirming the efficacy of our designed loss function.

Clustering results in Fig. 5 further validate DSCL’s ad-
vantages. Across training epochs, our method more closely
aligns with ground truth in two key aspects: (i) For clus-

PRW CUHK-SYSUDSCL mAP top-1 mAP top-1

w/o Separation Loss 39.6 81.3 79.6 80.9
w/ Triplet Loss 40.2 81.1 80.0 81.6

40.5 81.9 80.8 82.6

Table 3: Comparative results of the different configurations
on DSCL.

PRW CUHK-SYSUTSA mAP top-1 mAP top-1

w/o RPN⇐= ReID 40.1 80.6 80.5 82.7
w/ RPN⇐⇒ ReID 37.4 79.3 76.2 78.4

40.5 81.9 80.8 82.6

Table 4: Ablation studies of TSA on the CUHK-SYSU and
PRW test set.

tered instances, it exhibits a more stable growth trend and
is closer to the true number of people with distinct iden-
tities, indicating more reliable pseudo-label generation for
valid identities; (ii) For outliers, people without identity an-
notation, counts remain more consistent with actual values,
particularly in later stages, reflecting a stronger capability to
distinguish outliers from identity-bearing instances.

Overall, the closer alignment of both inlier counts and
outlier counts with the ground truth when using DSCL
confirms that the intra-scene spatial mutual exclusion con-
straints effectively enhance the model’s capability to differ-
entiate instances.
Effectiveness of Task-Sensitivity Alignment. Tab. 4
presents ablation studies on the TSA mechanism. Remov-
ing the alignment between RPN and ReID confidence pre-
dictions or adopting bidirectional alignment both result in
notable performance drops on both PRW and CUHK-SYSU
datasets. This confirms the effectiveness of aligning confi-
dence predictions across tasks. Such alignment is critical
because detection and ReID tasks naturally exhibit distinct
confidence distribution patterns. TSA mitigates this discrep-
ancy by calibrating their confidence scales, ensuring con-
sistent pseudo-label reliability and thereby reinforcing the
mutual promotion between detection accuracy and feature
discriminability.

Conclusion
This paper proposes a Localization-Anchored Instance
Discrimination framework for the domain-adaptive per-
son search task. Anchored on spatial localization infor-
mation within scenes, the framework constructs a multi-
dimensional constraint mechanism, which systematically
improves the reliability of pseudo-labels and the discrim-
inability of instance features. Extensive experiments verify
the superior performance of the proposed method, providing
an effective solution to narrow the performance gap between
supervised and domain adaptation methods.
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