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Abstract

Person search is a challenging computer vision task that aims
to simultaneously detect and re-identify individuals from un-
cropped gallery images. However, most existing approaches
are limited by restricted receptive fields, leading to distorted
local feature representations under occlusions or complex
poses. Additionally, scale variations hinder model general-
ization in real-world scenarios. To address these limitations,
we introduce a novel E-Bike Rider Search (EBRS) dataset,
which comprises 27,501 images capturing 963 distinct IDs
across 8 camera views at a large urban intersection in a Chi-
nese city. Furthermore, we propose a Context-aware Dynamic
Contrastive Learning (CDCL) framework that dynamically
adjusts convolutional weights and performs hard sample min-
ing based on contextual cues, thereby improving discrimi-
native capability for both local details and global features.
Extensive experiments show our method achieves state-of-
the-art performance on CUHK-SYSU and PRW benchmarks,
with competitive results on the challenging EBRS dataset,
demonstrating its effectiveness.

Code & Datasets — https://github.com/licc3996/CDCL

Introduction

Person search, which involves simultaneously localizing and
identifying target individuals in cluttered scene images, has
emerged as a critical computer vision task. This technology
has garnered substantial research interest due to its broad
applications in intelligent surveillance systems, social me-
dia analytics, and public security domains. The evolution
of person search methodologies has progressed through two
primary paradigms: (1) Traditional two-stage approaches
(Zheng et al. 2017; Wang et al. 2020) that separately per-
form person detection and re-identification, and (2) Con-
temporary end-to-end frameworks (Li and Miao 2021; Yan
et al. 2021; Yu et al. 2022) that integrate these components
into a unified network architecture, achieving superior com-
putational efficiency. Despite these advancements, the field
continues to confront significant challenges, particularly in
handling: occlusions, pose variations and scale disparities.
Existing mainstream person search datasets (e.g.,
PRW (Zheng et al. 2017) and CUHK-SYSU (Xiao et al.
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Figure 1: (a) Existing datasets: static scenes (campuses,
streets, movie clips). (b) EBRS dataset: complex urban e-
bike scenarios.

2017)) have laid the foundation for the field’s development.
However, as shown in Figure 1, their constructed scenarios
exhibit some limitations: 1) Monotonous Scenarios: These
datasets primarily consist of static environments (e.g., cam-
puses, street photography, movie clips), lacking dynamic
traffic interactions. 2) Insufficient Occlusion Challenges:
The existing occlusions fail to address multi-level occlu-
sions (vehicle-rider, inter-pedestrian, and partial occlusions)
prevalent in dense urban scenes. 3) Limited scale diversity:
Person images are mainly limited to medium-to-close
ranges, with rare examples of extremely small-scale targets
or non-rigid deformations caused by riding postures. To
address these limitations, we propose EBRS (E-Bike Rider
Search), the first large-scale benchmark for person search
in urban e-bike scenarios. The dataset contains 27,501
images (963 identities across 8 cameras), captured during
16:00-18:00 at a busy intersection in a Chinese city. The
dataset advances the field by intensifying three funda-
mental challenges: multi-source occlusions, extreme scale
variations, and complex pose deformations. By capturing
authentic urban dynamics, EBRS propels person search re-
search toward more realistic and challenging environments,
serving as an essential benchmark for developing robust
algorithms in real-world applications.

Real-world person search faces three representation-level
challenges, including occlusions, pose variations, and scale
disparities. These combined challenges create substantial
difficulties for traditional Convolutional Neural Networks
(CNNs), which rely on fixed-size convolution kernels and
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Figure 2: (a) Fixed kernels: limited for occlusion/pose/s-
cale variations. (b) Context-aware dynamic kernels: learn-
able spatial weights conditioned on scene context.

local receptive fields, as shown in Figure 2 (a). Regard-
ing occlusions, fixed receptive fields lack global contextual
awareness, failing to reconstruct heavily obscured body re-
gions. For pose variations, rigid convolution kernels can-
not dynamically adjust to articulated deformations, resulting
in severe part misalignment. Concerning scale disparities,
small targets suffer detail loss from oversized kernels while
large targets lose structural relationships due to constrained
receptive fields. To this end, we propose a novel Context
Mixed Convolution (CMC) module. First, the CMC module
introduces a dynamic feature learning mechanism that adap-
tively fuses multi-scale contextual information. Second, it
hierarchically aggregates channel-wise and spatial-wise de-
pendencies through dual-path calibration, followed by cross-
scale feature integration while preserving spatial-channel
consistency. Third, CMC generates context-aware dynamic
kernels that automatically adjust receptive fields based on
contextual cues, enabling simultaneous local detail preser-
vation and global structure modeling, as shown in Figure 2
(b). Finally, the cascaded refinement design progressively
enhances feature discriminability through two-stage contex-
tual dynamic aggregation, achieving robust representation
learning under complex real-world conditions.

In addition, discrimination-level challenges arise from
intra-class variance and inter-class similarity. The feature
distribution of the same person exhibits large variations due
to occlusion, pose, and scale changes, while features of dif-
ferent persons may become indistinguishable due to similar
clothing or carried items. In conventional contrastive learn-
ing frameworks, which rely on binary classification (pos-
itive/negative samples), the inclusion of hard negatives in
regular negative samples introduces training bias and fails
to resolve these issues effectively. The key limitations lie
in handling hard negatives and dynamically adjusting sam-
ple weights. To overcome the dual challenges of signifi-
cant intra-class variations and high inter-class similarity in
person search, we propose a Dynamic Contrastive Learn-
ing (DCL) module. The DCL module introduces a triplet-
category learning paradigm (i.e., positive, easy-negative,
hard-negative) that restructures feature label relationships.
Through dynamic loss weighting, it simultaneously en-
hances discriminative learning of hard negatives while main-
taining intra-class compactness of positives, improving net-
work robustness.

Our contribution can be summarized as follows:

* To our knowledge, we are the first to construct the E-
Bike Rider Search (EBRS) dataset targeting complex ur-
ban scenes, which improves the applicability of person
search models in real-world scenarios.

* We propose a Context-aware Dynamic Contrastive
Learning (CDCL) framework that synergistically com-
bines context-aware dynamic convolution with con-
trastive learning, effectively handling occlusion/pose/s-
cale variations while enhancing feature discrimination.

» Comprehensive experiments on PRW, CUHK-SYSU and
EBRS datasets validate the superiority of our model, es-
pecially in challenging urban surveillance conditions.

Related Work

Person search methods are broadly categorized into two
paradigms: two-stage and end-to-end approaches.

Two-stage methods. Early works (Xu et al. 2014; Chen
et al. 2018) treat detection (Ren et al. 2016) and re-
identification (Luo et al. 2019) as separate tasks. For in-
stance, (Wang et al. 2020) propose the TCTS method to
address inconsistencies between detection and RelID. (Lan,
Zhu, and Gong 2018) introduce a multi-scale feature pyra-
mid for person detection and RelD, while (Zheng et al.
2017) adopt a two-stage fine-tuning strategy. (Huang et al.
2023) develop the CFAR method, leveraging pose and pars-
ing priors to mitigate feature misalignment. Despite their
contributions, these methods suffer from pipeline fragmen-
tation and computational redundancy.

End-to-end methods. (Xiao et al. 2017) first propose
joint learning of detection and RelD using a unified back-
bone. Subsequently, many end-to-end methods emerge
(Munjal et al. 2019; Chen et al. 2020a,b; Dong et al. 2020a;
Han, Ko, and Sim 2021). Nevertheless, the inherent con-
flict between detection’s need for generalization and RelD’s
requirement for discrimination persists as a key challenge
(Xu et al. 2014). Recent solutions include: staged optimiza-
tion (Li and Miao 2021), task decoupling (Han et al. 2023),
and joint pretraining (Tian et al. 2024). (Wang et al. 2024)
incorporate intra-image contrastive learning, whereas (Yan
et al. 2021) leverage deformable convolutions for spatial
alignment. (Yu et al. 2022) propose a Closed-loop Atten-
tion Transformer that enhances higher-level alignment. (Fiaz
et al. 2023) present a Scale Adjustment Transformer that ef-
fectively integrates multi-granularity features. (Jiang et al.
2024) propose SEAS, which suppresses background and
foreground noise through bilateral modulations to maintain
representation consistency. (Kim, Lee, and Sohn 2025) in-
troduce PAD, boosting re-identification discriminability via
prototype-guided attention distillation at the cost of higher
computational overhead. Different from end-to-end meth-
ods, our work introduces both the EBRS dataset and a CDCL
model specifically designed for e-bike rider search with oc-
clusions and pose variations.

E-Bike Rider Benchmark

To enhance scenario diversity in person search datasets, we
propose the first dedicated benchmark dataset for E-Bike
riders, termed the E-Bike Rider Search (EBRS) Dataset.
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Figure 3: Data collection and annotation: (a) Camera setup
with eight synchronized locations; (b) Manual bounding box
annotation; (c) Frame sampling at 6 fps.

This section details the data acquisition process, followed by
an in-depth discussion of the dataset construction methodol-
ogy and the challenges encountered during its development.

Data Collection. The dataset collection occurs during
16:00-18:00 in September at a strategically selected inter-
section in a representative medium-sized Chinese city. To
comprehensively capture the visual attributes of e-bike rid-
ers, we deploy eight synchronized cameras at distinct view-
points (as shown in Figure 3 (a)), ensuring complete cover-
age of passing riders. For each camera pair, critical parame-
ters including focal length, aperture, and exposure time are
rigorously calibrated to ensure maximal consistency in light-
ing conditions and perspective across all image captures. All
cameras capture 1080p video at 30 fps.

Data Annotation. As shown in Figure 3 (b, c), we first
extract frames from the videos captured by each camera. To
ensure data diversity while avoiding redundancy, we sam-
ple each video at 6 fps to construct the raw dataset. For ev-
ery e-bike appearing in the raw frames, we manually anno-
tate precise bounding boxes to localize their positions. By
leveraging multiple cues including timestamps, camera lo-
cations, vehicle positions, and surrounding context, we asso-
ciate frames containing the same e-bike rider to ensure accu-
rate identity assignment. Following annotation, we perform
manual data cleaning to verify and correct potential labeling
errors or incomplete information, thereby ensuring dataset
accuracy and reliability. Finally, we organize the cleaned
data into the final dataset based on camera ID, time segment
ID, image ID, and rider ID.

Data Description. Through manual annotation of 27,501
frames, we obtain 35,136 rider bounding boxes while suc-
cessfully identifying and labeling 963 distinct IDs. For ef-
fective model training and evaluation, the dataset is parti-
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tioned into training and test subsets. The training set com-
prises 19,385 images (24,742 bounding boxes) representing
626 unique rider IDs, while the test set contains 8,116 im-
ages (10,394 gallery boxes, 5,387 query boxes) with 337 dif-
ferent IDs. Consistent with PRW (Zheng et al. 2017), we use
all non-query test images as the gallery for evaluation.

Methodology

We propose a Context-aware Dynamic Contrastive Learn-
ing (CDCL) framework for robust person search in com-
plex scenarios, as illustrated in Figure 4. Building on stan-
dard backbones like ResNet50 (He et al. 2016), our frame-
work introduces two key modules: a Context Mixed Convo-
Iution (CMC) module that employs context-aware dynamic
kernels to adaptively learn target features, and a Dynamic
Contrastive Learning (DCL) module that improves feature
discrimination through optimized hard negative weighting.

Context Mixed Convolution (CMC)

Person search suffers from three core challenges: occlu-
sions, pose variations, and scale disparities, which render
local features insufficient for reliable identification. Tradi-
tional CNNs exacerbate this by progressively losing spatial
details through pooling operations. Our solution introduces
a Context Mixed Convolution (CMC) module, as shown in
Figure 4 (a), that strategically acquires and leverages multi-
scale contextual information to overcome these limitations.
Multi-scale context extraction. Given an input image,
layers 1-3 of the bockbone network serve as the feature ex-
tractor, producing the multi-scale feature maps Fy (k €
{1,2,3}). Then, global average pooling (GAP) is applied
to obtain the corresponding channel descriptors. To effec-
tively capture both channel-wise and spatial-wise contextual
dependencies, we process these features through:

¢, = o (Linear (GELU (Linear(GAP(F}))))) ,
s, = o (Convsy3(Fy)),

(D

where Linear and Convs 3 denote linear and convolutional
layers respectively, with GELU and o representing the Gaus-
sian error linear unit and sigmoid activation functions. The
calibrated features are obtained via: Fy, = Fi © ¢ © sk,
where ©® denotes element-wise multiplication of channel
(cr) and spatial (sg) attention weights with original features.

To effectively learn multi-scale contextual information,
we integrate features from different stages through the
following operation: F3 + Up(Convix(F1)) +

F
Up(Convy 1 (F5)), where Convy; unifies channel dimen-
sions. Up(-) aligns spatial resolutions via bilinear interpola-
tion. The resulting fused representation F' comprehensively
captures hierarchical features from all scales, maintaining
both channel consistency and spatial alignment. The feature
map F then undergoes multi-scale context refinement to ob-
tain the final contextual representation:

F,, = Up (GELU (BN (Convs3(F)))),
F.x = BN (Convixi1(Fyp)),

where the strided 3 x 3 convolution enables cross-scale con-
text interaction through downsampling, the 1 x 1 convolution

2
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Figure 4: Architecture overview of our Context-aware Dynamic Contrastive Learning (CDCL) framework.

and upsampling operator ensure spatial and channel compat-
ibility with the backbone features.

Context-aware Dynamic Aggregation. To fully lever-
age learned multi-scale contextual information, we design a
Context-aware Dynamic Aggregation (CDA) operation that
systematically fuses F3 and F:

F;, = Concat(F3, Fey),

Fg,, = LN(DWConv(F;,))), )

where LN(+) denotes layer normalization, DWConv(-) de-
notes depthwise separable convolution, and Concat(-) indi-
cates channel-dimension concatenation operation. This out-
put representation F g, € R2C*H*W captures both local
details and global context.

For efficient computation of attention weights in dynamic
kernel generation, we first split the output feature map along
its channel dimension to obtain query-key pairs: [Q, K]
Split(F 4., ). We then reshape these tensors to matrix form:
Q,K € RE*HW To enable the convolution to be adaptive
over spatial regions, we introduce two hyperparameters
and a» that dynamically control the kernel size:

K = Linear(K), K € RO*(ei+o3) )

where K provides new reference patterns to compute atten-
tion weights. Subsequently, the features are projected into
attention weights and two sets of dynamic kernel templates:

A=Q'Ke RHW x(ai+a3)

[A1, As] = Softmax(Split(A)),
where A encodes spatial relationships for both kernel scales.
Split(-) performs channel-wise separation into o and o3
components. Softmax(-) applies independent normalization

to each kernel template. A; and A, correspond to the dy-
namic weights for oy X a1 and a2 X g kernels respectively.

&)
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These weights reshape into spatial kernels RH xWxa1xen

and R *xWxazxaz for position-wise convolution.

To achieve spatially dynamic receptive field modeling, we
apply A and A; to perform weighted aggregation over the
neighborhood at each spatial location for F,,:

ﬁ‘dw = COHVdown(Fdw)a
Fou = Convup(BN(Concat(Al * Fdw; Ay ﬁdw)))a

where * denotes attention-weighted aggregation applied lo-
cally at each position. Conv gy, reduces channel dimen-
sions for efficiency. Conv,,, restores the original channel di-
mensions. This process can be interpreted as dynamically
generating position-specific convolutional kernels that adap-
tively aggregate local neighborhoods at two different scales.
To further enhance contextual modeling depth, we adopt a
two-stage cascaded CDA to enable progressive feature fu-
sion through sequential refinement.

(6)

Dynamic Contrastive Learning (DCL)

To mitigate the interference caused by mixing hard negatives
with easy negatives in conventional binary (positive/nega-
tive) contrastive learning, and reduce training bias, we in-
troduce a Dynamic Contrastive Learning (DCL) module. As
illustrated in Figure 4 (b), we remap the original identity la-
bels into three distinct categories:

1 (pos), if0 < ID(=;) <6,
Label(xz;) = < 0 (neg), ifID(x;) =0, @)
2 (hard), ifID(x;) =6,

where x; denotes the identity index of the ¢-th instance, with
pos, neg, and hard representing positive, easy negative, and
hard negative instances, respectively. Here, § is a predefined
threshold for filtering invalid or ambiguous identity labels
(i.e., pseudo-pedestrians).



To balance the contributions of different sample cate-
gories to the loss, we dynamically adjust their weights in
proportion to the inverse frequency of each category within
the batch, as formalized below:

Wpos 1.0+ (|neg| + |hard|)/N
lwneg‘| = | 1.0 + (|pos| + |hard|)/N |,
Whard L0+ (Ipos| + |neg|) /N
where N = pos + neg + hard denotes the total number of
samples in the batch. Here, Wpos, Wneg and Wharg represent
the weights for the intra-class aggregation term of positive
samples, the separation term of easy negative samples, and
the separation term of hard negative samples, respectively.
This weighting scheme assigns higher importance to scarcer
sample types, thereby promoting training balance.

Based on these dynamic weights, we formulate the dy-
namic contrastive learning loss as:

®)

©))

where D), measures the intra-class distance among posi-
tive samples to enforce feature compactness, while Dpe, and
Dhyrg quantify the distances from easy and hard negative
samples to the centroid of the positive distribution, respec-
tively. Formally, let pt,, denote the mean embedding of pos-
itive samples in the current batch. The distance terms are
defined as:

EDCL = Wpos * Dpos + Wheg * Dneg + Whard - Dhard7

ol o Ml = myl?
Dios 1 i Epos i
2] | o 5, ko)
D =
hard \halrd| > [max (0,m — [|@; — p,||?)]
x;Ehard

(10)
where m is the margin hyperparameter.

Optimization. During training, we employ standard clas-
sification and regression losses for person detection. For per-
son re-identification, we follow established practices (Yu
et al. 2022; Xiao et al. 2017) by combining both detec-
tion and RelD losses. Here, our main contribution is the
introduction of a novel Dynamic Contrastive Leaning loss
(DCL), denoted as Lpc, which optimizes feature compact-
ness within identities and separability between identities.
This formulation generates more discriminative and robust
representations under challenging scenarios. The complete
objective function integrates these components:

Liotal = Lper + Lreia + ALpcL, (1D

where \ controls the contribution of Lpcy..

Experiments
Dataset and Evaluation Protocols

We evaluate our method on three datasets, i.e., CUHK-
SYSU (Xiao et al. 2017), PRW (Zheng et al. 2017) and
our E-Bike Rider Search (EBRS) dataset. CUHK-SYSU is
a large-scale person search dataset, which contains 18,184
street and movie images with a total of 96,143 bound-
ing boxes covering 8,432 identities. Following the standard
protocol, the dataset is split into 5,532 training identities
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(11,206 frames) and 2,900 test queries (6,978 frames), with
a default gallery size of 100 images, which can be extended
up to 4,000. PRW dataset consists of 11,816 video frames
captured by 6 different cameras in a campus setting, contain-
ing 43,110 bounding boxes, of which 34,304 correspond to
932 labeled identities, and the remainder are unlabeled. The
dataset is divided into 482 training identities (5,704 images)
and 2,057 test queries (6,112 images). For each query, all
images in the test set except the query image itself serve as
the gallery. To address the lack of scenario diversity in exist-
ing benchmarks, we introduce a EBRS dataset dedicated to
e-bike riders (see Section 3 for details). It comprises 27,501
frames (35,136 boxes, 963 identities) captured from eight
synchronized cameras in urban traffic scenarios. For fair
comparison, we follow the standard protocols, i.e., mean Av-
erage Precision (mAP) and top-1 accuracy. The bold num-
bers indicate best person search performance.

Implementation Details

We implement our model using PyTorch with ResNet50 (He
et al. 2016) pre-trained on ImageNet (Deng et al. 2009)
as the backbone network, initializing our baseline with Se-
gNet (Li and Miao 2021). The network is trained for 12
epochs using SGD optimizer with a momentum of 0.9 and
an initial learning rate of 0.003, which undergoes a warm-
up phase in the first epoch and decays at the 10th epoch.
For the CUHK-SYSU dataset, we set the OIM cyclic queue
size to 5000 with a batch size of 3. For the PRW dataset
the queue size is reduced to 500 while maintaining the same
batch size. During inference, we apply NMS with thresh-
olds of 0.4 or 0.5 to prune redundant detection boxes from
the first and second heads respectively. All experiments are
conducted on an NVIDIA RTX A6000 GPU.

Comparison with State-of-the-Art Methods

Results on EBRS. As shown in Table 1, our method
achieves the best performance on the EBRS dataset, with
a mAP of 44.9% and a top-1 accuracy of 88.6%. Com-
pared with baseline method SeqNet (Li and Miao 2021), our
method improves the mAP by +15.3% and top-1 accuracy
by +2.4%. Compared with SAT method (Fiaz et al. 2023)
based on scale-aware transformer architecture, our method
surpasses it by +5.0% in mAP and +0.6% in top-1 accu-
racy. Similarly, when compared to COAT method (Yu et al.
2022), which leverages an occluded attention mechanism,
our method outperforms it by +4.8% in mAP and +1.3% in
top-1 accuracy. These results clearly demonstrate that de-
spite greater variations in camera viewpoints, occlusions,
and illumination conditions within the EBRS dataset, our
proposed CDCL method consistently delivers better accu-
racy and robustness.

Results on CUHK-SYSU and PRW. We also evaluate
the effectiveness of our method on two well-established
benchmarks in person search, i.e., CUHK-SYSU and PRW.
As shown in Table 2, on CUHK-SYSU dataset (with a
gallery size of 100), our method attains a mAP of 94.4% and
a top-1 accuracy of 94.7%. This shows an improvement over
the SeqNet baseline (Li and Miao 2021) while maintaining
competitive performance with advanced end-to-end methods



Methods mAP  top-1
NAE (Chen et al. 2020b) 19.5 59.7
NAE+ (Chen et al. 2020b) 246 684
OIMNet+ (Lee et al. 2022) 289  87.1
SegNet (Li and Miao 2021) 29.6  86.2
SAT (Fiaz et al. 2023) 399  88.0
COAT (Yu et al. 2022) 40.1 873
SEAS (Jiang et al. 2024) 23.8  60.1
Ours 449 88.6

Table 1: Comparison with other SOTA methods on EBRS
dataset (in %).

CUHK-SYSU PRW

Methods

mAP top-1 mAPtop-1
Two-stage
IDE (Zheng et al. 2017) - - 20.5 48.3
IGPN (Dong et al. 2020b) 90.3 914 472 87.0
RDLR (Han et al. 2019) 93.0 942 429 70.2
TCTS (Wang et al. 2020) 939 951 46.8 87.5
End-to-end
OIM (Xiao et al. 2017) 75.5 787 213 499
QEEPS (Munjal et al. 2019) 88.9 89.1 37.1 76.7
HOIM (Chen et al. 2020a) 89.7 90.8 39.8 80.4
BINet (Dong et al. 2020a) 90.0 90.7 453 81.7
NAE+ (Chen et al. 2020b) 92.1 929 440 81.1
AGWF (Han, Ko, and Sim 2021) 93.3 94.2 53.3 87.7
AlignPs+ (Yan et al. 2021) 94.0 945 46.1 82.1
SegNet (Li and Miao 2021) 93.8 94.6 46.7 83.4
COAT (Yu et al. 2022) 942 947 533 874
OIMNet++ (Lee et al. 2022) 93.1 939 46.8 83.9
DMRNet++ (Han et al. 2023) 944 955 51.0 86.8
SAT (Fiaz et al. 2023) 944 948 545 87.5
PSTR (Cao et al. 2022) 935 950 495 87.8
SeqNeXt (Jaffe and Zakhor 2023) 94.1 94.7 50.8 86.0
PGSFL (Kim et al. 2021) 923 9477 442 85.2
SEAS (Jiang et al. 2024) 96.2 97.1 52.0 85.7
PAD (Kim, Lee, and Sohn 2025) 94.6 954 54.8 88.2
Ours 944 9477 54.0 85.8

Table 2: Comparison with other SOTA two-stage and end-
to-end methods on CUHK-SYSU and PRW datasets (in %).

such as SAT (Fiaz et al. 2023), SeqNeXt (Jaffe and Zakhor
2023), and AlignPS+ (Yan et al. 2021). The PRW dataset
presents a more challenging setting due to its larger gallery
size and fewer training samples. In this scenario, our method
achieves a competitive mAP of 54.0% and a top-1 accuracy
of 85.8%. Compared with the baseline model SeqNet (Li
and Miao 2021), it improves mAP by +7.3% and top-1 ac-
curacy by +2.4%. Additionally, our method surpasses two-
step methods like RDLR (Han et al. 2019) by +11.1% in
mAP and +15.6% in top-1 accuracy, and outperforms end-
to-end method such as COAT (Yu et al. 2022) by +0.7% in
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Methods mAP  top-1
Baseline 48.0 83.5
Baseline + CMC (w/o CDA) 51.0 84.2
Baseline + CMC 53.3 84.5
Baseline + DCL 50.3 85.5
Baseline + CMC + DCL 54.0 85.8

Table 3: Ablation study of different components on PRW
dataset, where ‘w/o0’ indicates the removal of the component.

mAP. Furthermore, it delivers comparable results to state-of-
the-art approaches like SAT (54.5% mAP) and PAD (54.8%
mAP). These findings further underscore the robustness and
generalization capabilities of our proposed CDCL in diverse
and complex person search scenarios.

Qualitative Results. As illustrated Figure 5, we present
the top-1 retrieval results for several query images on EBRS
dataset under some challenging conditions, such as occlu-
sion (first row), intense illumination (second row), diverse
poses (third row), and significant scale variations (fourth
row). The red/green boxes denote incorrect/correct matches.
We can see that existing methods suffer from false positives
and missed detections in these difficult scenarios. For ex-
ample, SeqNet (Li and Miao 2021), SAT (Fiaz et al. 2023),
and COAT (Yu et al. 2022) often misidentify visually sim-
ilar but different targets or fail to localize heavily occluded
individuals accurately. By contrast, our CDCL method con-
sistently yields precise localization and accurate identifica-
tion, demonstrating its robust ability to capture multi-level
and multi-region context dependencies.

Ablation Study

Analysis of Different Components. In this work, we pro-
pose a novel Context-aware Dynamic Contrastive Learning
network (CDCL), which mainly consists of two key mod-
ules: the Context Mixed Convolution (CMC) module and the
Dynamic Contrastive Learning (DCL) module. To evaluate
the effectiveness of each component, we conduct an ablation
study on the PRW dataset. The detailed results are summa-
rized in Table 3, where each components are progressively
integrated into the baseline model. To fully analyze the ef-
fectiveness of the CMC module, we first add a variant of the
CMC module without the Context-aware Dynamic Aggrega-
tion (CDA) component and thus obtain an improvement of
+3.0% in mAP, demonstrating the effectiveness of this par-
tial CMC design. Incorporating the full CMC module fur-
ther enhances the performance by +2.3% in mAP. Further-
more, the addition of the DCL module to the baseline boosts
the performance of the baseline network. Finally, combin-
ing both CMC and DCL modules results in the best perfor-
mance. This synergy indicates that the two modules provide
complementary benefits, where CMC enhances contextual
feature extraction and DCL strengthens feature discrimina-
tion. In summary, these results validate the effectiveness of
each components in the proposed CDCL.

Effect of Kernel Size. To analyze the influence of dif-
ferent convolution kernel sizes (i.e., 1 and oo in Egs. (4-



(a) Query (b)’ SeqNet

i (d) COAT

(e) CDCL (Ours)

Figure 5: Qualitative comparison of our CDCL with SeqNet, SAT and COAT methods on the EBRS dataset. The yellow bound-
ing boxes denote the queries, while the red and green bounding boxs indicate incorrect and correct top-1 matches, respectively.

o1 az | mAP  top-1 | AmAP  Atop-1
3 5 53.6 854 -0.4 -0.4
5 7 540 85.8 0.0 0.0
7 9 53.3 85.2 -0.7 -0.6

Table 4: Comparison results of different convolution kernel
sizes on PRW dataset.

5)) within the Context Mixed Convolution (CMC) module,
we conduct an ablation study on the PRW dataset, as sum-
marized in Table 4. The results indicate that our CDCL
model yields the best performance when we set a; = 5
and as = 7. When we further set «; = 7 and as = 9,
this leads to a slight decrease in the performance of our
CDCL model in both mAP and top-1 accuracy. It shows that
excessively large kernels introduce redundant information
and increase model complexity without corresponding gains
in generalization. This analysis highlights the importance
of appropriately balancing the receptive field size to cap-
ture sufficient contextual information while avoiding over-
parameterization in the CMC module.

Hyperparameter Analysis: The hyperparameter analy-
sis reveals that optimal performance is achieved with a mar-
gin m = 1.3 in the contrastive loss, effectively balancing
intra-class compactness and inter-class separability, while
deviations from this value degrade results. Similarly, the
contrastive loss weighting factor A demonstrates peak effec-
tiveness at A = 0.1, striking an ideal trade-off between dis-
criminative embedding learning and training stability, with
performance declining for values outside this optimal range.
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Figure 6: Performance results of different parameter settings
on PRW dataset.

These findings highlight the sensitivity of model perfor-
mance to precise hyperparameter tuning.

Conclusion

To the best of our knowledge, we construct the first E-Bike
Rider Search (EBRS) dataset for person search in challeng-
ing urban traffic scenarios. We propose a novel Context-
aware Dynamic Contrastive Learning (CDCL) framework
that combines context mixed convolution and dynamic con-
trastive learning to robustly handle occlusions, pose varia-
tions, and scale changes. The framework further enhances
discriminative power through hard sample mining strategies
and adaptive loss weighting, significantly improving intra-
class compactness and inter-class separability. Comprehen-
sive experiments demonstrate superior performance under
demanding urban surveillance conditions.
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