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Abstract

Weakly supervised person search aims to detect and match
individuals jointly using only bounding box annotations. The
existing methods primarily employ clustering to generate
pseudo labels and then proceed to training, alternating be-
tween these two stages. In the clustering stage, label assign-
ment tasks are handled at the instance level, while in the train-
ing stage, they are managed at the proposal level. In the clus-
tering phase, the conventional use of the DBSCAN algorithm
for clustering pedestrian instance features often neglects key
contextual information such as scene context and relative po-
sitioning of individuals. During the training phase, the Re-
gion Proposal Network assigns labels based on the MaxIoU,
which tends to produce locally ambiguous labels. Finally, the
proposals updated to the memory bank with extensive back-
ground information tend to interfere with the task of pseudo-
label generation. To address these issues, this paper proposes
an Optimizing Label Assignment (OLA) for weakly super-
vised person search. Firstly, in the clustering phase, Context
Aware Clustering is introduced to integrate contextual infor-
mation and constraints, enhancing the accuracy of clustering.
Secondly, in the training phase, we adopt Prototype Match-
ing based on the Optimal Transport theory to optimize label
distribution from a global perspective. Furthermore, we pro-
pose Dual Memory Bank Enhancement that effectively en-
hances the accuracy of label assignment. Extensive exper-
iments conducted on the CUHK-SYSU and PRW datasets
demonstrate that our method achieves state-of-the-art perfor-
mance in weakly supervised person search.

Introduction

Person search has been a challenging computer vision
task, which aims to localize (detection) and re-identification
(ReID) a target person from a gallery set of uncropped
scene images. Successfully addressing this task has pro-
found implications across various domains, enhancing intel-
ligent surveillance with real-time tracking capabilities, refin-
ing behavior analysis with more accurate individual identi-
fication, and bolstering public security systems through im-
proved crowd monitoring and management.

Recent progress in the fields of person detection (Chen
et al. 2019a; Zhu et al. 2020; Sun et al. 2021) and RelD
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Figure 1: Label assignment in weakly supervised person
search.
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(He et al. 2021; Li et al. 2021) has significantly advanced
the capabilities of person search systems. To achieve high
performance, existing methods (Zheng et al. 2017; Chen
et al. 2018; Xiao et al. 2017; Chen et al. 2020b; Lee et al.
2022; Yan et al. 2021) are commonly trained in a fully su-
pervised setting where the bounding boxes and identity la-
bels are required. However, annotating bounding boxes and
identity labels on a large-scale dataset is exceptionally time-
consuming and labor-intensive. Given the relative ease of
annotating bounding boxes over personal identities, cou-
pled with scale person search solutions without extensive
resource investment, this paper explores weakly supervised
person search that relies solely on bounding box annotations.

In weakly supervised person search, several contrastive
learning based one-step methods (Yan et al. 2022; Han et al.
2021a; Wang et al. 2023, 2024) have been proposed. These
methods all employ two distinct contrastive learning strate-
gies: memory-based contrast, which leverages a cluster-level
ReID memory bank for feature learning across the dataset,
and intra-image contrast, which leverages contrast informa-
tion within individual images for feature learning by extract-
ing two ground truth ReID features in separate branches and
enforcing their consistency both with and without contextual
information. However, the above methods only focus on rep-
resentation learning and ignore the issue of label inaccuracy.
This challenge significantly impacts the stability of the ob-



jective function, making it difficult to optimize. As shown in
Fig. 1, in the clustering stage, the direct use of the DBSCAN
algorithm predicts labels based on individual pedestrian in-
stances, ignoring the dynamic relationships between individ-
uals in the scene and necessary constraints (there will not
be two identical pedestrians in the same scene image). Al-
though existing methods (Yan et al. 2022; Han et al. 2021a)
have considered this situation, they only filter it as outliers
in the post-processing stage. During the training phase, pro-
posals generated by the Region Proposal Network (RPN) are
assigned labels using MaxIoU, which is a local matching
strategy and ignores the distance relationship between pro-
posal features and instance features in cosine space. In ad-
dition, most existing algorithms, although based on a dual
branch architecture, only utilize one memory bank for stor-
ing instance features, ignoring a large amount of background
noise in inaccurate proposal features, which affects the qual-
ity of subsequent pseudo label generation.

To solve the above problems, this paper proposes a novel
method for optimizing label assignments in weakly super-
vised person search. In the clustering phase, we propose
Context Aware Clustering module, which introduces new
constraints to the DBSCAN clustering algorithm by con-
structing a graph of multiple pedestrians within each scene.
The graph’s matching results, derived from bipartite graph
matching, replace the traditional threshold-based decision
process. During the training phase, we propose Prototype
Matching module, which first crop given bounding boxes
to obtain pedestrian instance information. We then use an
encoder to generate corresponding feature encodings as in-
stance features, which are subsequently used to calculate the
IoU distance and Cosine distance with proposals generated
by RPN. By summing these two distances, we formulate a
cost matrix based on optimal transport theory, yielding label
assignments from a global perspective. Finally, considering
that proposal features with background noise are also up-
dated in the memory bank, which could affect subsequent
label assignments, we innovatively propose a Dual Memory
Bank Enhancement module that separates instance features
from proposal features, significantly enhancing the accuracy
of label assignments. Our contributions are summarized as
follows:

* We redefine the clustering strategy for person search
by incorporating graph-based constraints into DBSCAN.
This approach leverages the relationships between mul-
tiple pedestrians in a scene, utilizing bipartite graph
matching to replace the conventional threshold-based se-
lection.

We employ optimal transport theory to calculate label as-
signments. This method integrates the IOU and cosine
distances into a unified cost matrix, providing a compre-
hensive and robust mechanism for matching instance fea-
tures with proposals.

We propose a Dual Memory Bank Enhancement mod-
ule, and thus address the challenge of background noise
in proposal features influencing the accuracy of label as-
signments.
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Related Work

Weakly Supervised Person Search Weakly supervised
person search extends the person RelD task by locating in-
dividuals in scenes using only bounding box annotations,
thereby reducing labeling efforts and enhancing scalability.
Traditional person search methods are categorized into two-
step (Wang et al. 2020; Dong et al. 2020) and one-step (Yu
et al. 2022; Cao et al. 2022; Han, Ko, and Sim 2021; Yan
et al. 2023) approaches. Two-step methods sequentially em-
ploy separate networks for person detection and RelD fea-
ture extraction, as exemplified by DPM (Zheng et al. 2017),
which introduced a large-scale benchmark and a confidence-
weighted similarity method to suppress false positives. One-
step approaches integrate detection and RelD within a uni-
fied architecture, improving efficiency and processing speed
(Yan et al. 2023; Cao et al. 2022).

In the realm of weakly supervised person search, sev-
eral frameworks leverage Siamese networks and contrastive
learning to compensate for the lack of identity labels. CGPS
(Yan et al. 2022) integrates detection with memory and
scene-level context to enhance discriminative capabilities
and clustering accuracy. R-SiamNets (Han et al. 2021a)
employs instance-level consistency and cluster-level con-
trastive losses to maintain feature uniformity and discrim-
inativeness. DICL (Wang et al. 2024) addresses spatial and
occlusion variances through specialized contrast modules,
while SSL (Wang et al. 2023) handles scale variations with
self-similarity-driven learning and dynamic multi-label pre-
diction. These methods effectively improve feature repre-
sentation and identity matching through sophisticated con-
trastive strategies. Our proposed approach builds on the
Siamese network architecture, focusing on optimizing label
generation and update mechanisms through dynamic multi-
label prediction and refined label optimization, thereby fur-
ther enhancing detection and re-identification performance
in weakly supervised settings.

Unsupervised Person RelD The main core issue of
weakly supervised person search is the lack of pedestrian
labels, so feature learning tasks can be abstracted as unsu-
pervised RelD tasks, which refers to identifying individuals
across different scenes or camera views without relying on
labeled training data. These approaches are generally classi-
fied into two categories. The first is the generative network
based methods, which leverage Generative Adversarial Net-
works (GANSs) to adaptively learn domain-invariant features
across different visual domains, either by transforming the
visual style of images or by separating identity-related and
unrelated features in the feature space. Another approach
employs pseudo labels, which apply Expectation Maximiza-
tion (EM) to refine pseudo labels generated by clustering
algorithms and optimize network parameters with pseudo
labels iteratively. Most recent works focus on pseudo-label
generation and framework design. Specifically, SPCL(Ge
et al. 2020) treats each cluster and outlier as a single class
while performing contrastive learning based on a hybrid
memory containing cross-dataset features. More recent con-
tributions (Dai et al. 2022; Zhang et al. 2022; Yin et al. 2023)
maintain the use of contrastive learning but introduce novel
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Figure 2: The overall of our Optimizing Label Assignment (OLA). It consists of the main branch, instance branch, and dual
memory bank. The main branch processes scene images to detect persons and extract their features, subsequently updating
the memory bank Mp with these features. The instance branch uses a person instance image cropped from the scene image
according to the bounding box label. The instance branch takes it as input and updates it to the memory bank M. Before
the start of each epoch, the model uses Context Aware Clustering leveraging features in M to generate pseudo labels for the

training process.

considerations, such as identity centroids for more precise
camera-based clustering, enhancing cluster consistency, and
improving the reliability of pseudo label generation. In this
paper, because most prototypes only have a single instance,
we choose the instance updating method based SPCL(Ge
et al. 2020) as the feature learning method.

Proposed Method
Preliminaries

An overview of our training framework is shown in Fig.
2, given training set X = {x1,xs,...,x7} of T images,
weakly supervised person search aims to find the network
parameter 6 to obtain the best embedding representation
Z = {z1,22,..., 24} of the person with bounding box an-
notations B = {b1,bs,...,b,}. We firstly use the Context
Aware Clustering algorithm to generate pseudo labels Y =
{y1, Y2, ..., Yq }. During the training phase, we assign pseudo
labels to proposals by introducing Prototype Matching and
finally update embedding representation through Dual Mem-
ory Bank Enhancement.

Context Aware Clustering

We present a novel Context Aware Clustering (CAC) al-
gorithm in the cluster phase for integrating context infor-
mation into the matching process. Traditional clustering
algorithms in weakly supervised person search tasks are
typically instance-level strategies. These algorithms form
clusters from embeddings that exceed a certain threshold
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Figure 3: Cluster result w/o Context Aware Clustering.

and merge clusters that meet specified criteria. This ap-
proach aligns with the standard DBSCAN algorithm, where
density-based spatial clustering forms the core methodology.
However, as shown in Fig. 3, it may fail when there are mul-
tiple people with very similar appearances in the same scene
image. This is because the strategy does not accommodate
context-specific constraints, such as ensuring that identical
pedestrians do not appear simultaneously in the same scene
image. We replace the threshold based matching method
with the bipartite graph based matching method. In this way,
there will never be two similar pedestrians in a scene image.

For any image z;, we define the V; as the embedding set
of all people in z;. Randomly selecting two sets V;, V;, we
firstly build a complete bipartite graph G = (V, E), in which
V = V; U V. The graph has the following properties:



Algorithm 1: Context-Aware Clustering (CAC)

Require: X: images with detected instances, Z: feature
vectors, 3: adjustment factor
1: for each image x € X do

2: for each pair of distinct instances (z;, z;) within x
do
3: sim(z;, z;) <= 0 > Set intra-image similarity to
Zero
4: end for
5: end for
6: C < DBSCAN(Z, sim)
7: for each cluster C; in C do
8: if C; contains multiple instances from the same im-
age then
9: for each pair of images (V;, V;) in C; do
10: Construct bipartite graph G with instances
from V; and V;
11: M <+ K-Matching(G)
12: for each pair (v;,v;) in G do
13: if (1)2‘,’0]') € M then
14: stm(v;, vj) < sim(v;,v;) + B
15: else
16: sim(v;, v;) < sim(v;,v5) — B
17: end if
18: end for
19: end for
20: end if
21: end for

22: C' « DBSCAN(Z, sim)
23: return C’

* For every two vertices v; € V; and ve € V, if the cosine
distance between the vertices of v; and vy below 0.5, an
edge is established in E.

* No edge has both endpoints in the same set of vertices.

* Each edge e € [E is weighted by the cosine distance be-
tween the corresponding vertices, representing the cost ¢
required to match them.

We establish the optimal matching result by applying the
Kuhn-Munkres (K-M) algorithm (Kuhn 1955) to minimize
the weighted sum of edge costs:

Vi Vj
minZZcmnﬂmm (1)

m n
due to contextual constraints in the two images:
Vi Vi
St Y T 1) Tma < 1, @
m n

where, c¢,,,, denotes the cosine distance between vertices
v, and v, representing the cost of matching them, while
the binary variable 7, indicates whether a match is estab-
lished between these vertices. The constraints ensure that
each vertex in V; is matched to at most one vertex in V}
and vice versa, thereby enforcing a unique one-to-one cor-
respondence and allowing the Kuhn-Munkres algorithm to
minimize the total matching cost effectively.

First, for all instances within the same image, we set their
pairwise similarity to zero to prevent intra-image instances
from influencing the clustering process. We then apply a
clustering algorithm (e.g., DBSCAN) on the instance-level
Re-ID features to obtain initial clusters. Next, we identify
problematic clusters, which are clusters where multiple in-
stances from the same image are assigned to the same cluster
center—indicating erroneous groupings. For each problem-
atic cluster, we examine pairs of images within the cluster
and construct a complete bipartite graph between their in-
stances. Using the Kuhn-Munkres (K-M) algorithm, we find
the optimal maximum-weight matching in this graph. Based
on the matching results, we adjust the similarities by increas-
ing the similarity by S for matched pairs and decreasing it
by S for unmatched pairs. The proposed CAC algorithm is
described in Algorithm. 1. Although we expanded the com-
putational parameters, the time complexity does not increase
significantly when the number of clusters is large.

Prototype Matching

In the context of person search, supposing there are m tar-
gets and n proposal generated by the RPN network for an
input image x;, We need to assign the most likely label to
each proposal for subsequent network learning. Inspired by
OTA(Ge et al. 2021), we task this problem as Optimal Trans-
port and view each gt as a supplier s; who holds % units
of positive labels (i.e.,s; = k,2 = 1,2,...,m), and each
anchor as a demander d; who needs one unit of the label
(i.e.,dj = 1,5 = 1,2,...,n). We define the cost c;; for
transporting one unit of the positive label from gt; to pro-
posal a; as the weighted summation of IoU distance and co-
sine distance:

clf = Lyeg(PP7(0), G2") + aLia(P14(0),Gi%),  (3)

where 6 stands for the model’s parameters. Pjid and P;’m”
denote predicted ID embedding and bounding box for a;.
G and G%°* represent the ground truth instance embed-
ding, cropped according to its bounding box, and the bound-
ing box itself, for the ground truth instance gt;. L.y and L;q
represent the IoU Loss and SPCL Loss (Ge et al. 2020). « is
the balanced coefficient.

Besides positive assigning, a large set of anchors are
treated as negative samples during training. Because the op-
timal transportation need involves all anchors, we introduce
another supplier, background, which only provides negative
labels. In a standard OT problem, the total supply must equal
the total demand. We thus set the number of negative labels
that the background can supply as n — m x k. We randomly
crop b proposals in the background of the scene image and
generate embeddings through instance branching, and ag-
gregate them to represent a background embedding G i’;. The
cost for transporting one unit of negative label from back-
ground to a; is defined as:

k
2 =37 1oU (PY?(6), GY%) + aLia(P14(9), Gid), (4)

where the first term means the sum of IoU between proposal
a; and gt;. If it is background, the first term is calculated as



zero. Concatenating this c?9 € R*™ to the last row of ¢/9 €
R™*"™ we can get the complete form of the cost matrix ¢ €
R™+1%7 The supplying vectors should be correspondingly
updated as:

ifi <m

= { ifi=m+1

As we already have the cost matrix ¢, supplying vector
s € R™*1! and demanding vector d € R™, the optimal trans-
portation plan 77 € R™+1X" can be obtained by solving this
OT problem via the off-the-shelf Sinkhorn-Knopp Iteration
(Cuturi 2013). After getting 7*, one can decode the corre-
sponding label assigning solution by assigning each anchor
to the supplier who transports the largest amount of labels to
them.

Intuitively, the appropriate number & of positive anchors
for each gt should be different and based on many factors
like objects’ sizes, scales, occlusion conditions, etc. As it is
hard to directly model a mapping function from these factors
to the positive anchor’s number, we propose a simple but
effective method to roughly estimate the appropriate num-
ber of positive anchors for each gt based on the cost values
between predicted and ground truth boxes. Specifically, for
each gt, we select the top ¢ predictions according to cost
values. These cost values are summed up to represent this gt
estimated number of positive anchors.

k,
n—mxk,

®

Dual Memory Bank Enhancement

Intuitively, the prototype stored in the memory bank is an
essential latent variable for weakly supervised pedestrian
search training, and its update method affects the network’s
learning process. The traditional single memory bank effec-
tively utilizes contextual information by storing the average
features from the two branches as the updated amount. How-
ever, this process introduces background noise due to inac-
curate proposals from the RPN network. Moreover, comput-
ing the contrastive loss becomes challenging with a limited
number of pedestrian instance images. We propose a simple
but effective method to separate the update process of in-
stance features and proposal features. As shown in Fig. 2, we
first add an additional memory bank to the instance branch
and perform cross-attention between the instance and pro-
posal branch to allow information communication between
the instance branch and the proposal branch. The cross at-

tention is defined as:
> ‘(Pv
QpK

Vi )V“

where ()7 and Qp represent query embedding in the in-
stance branch and proposal branch, respectively. K; and K p
represent key embedding, V; and Vp represent value em-
bedding, and d represents dimension scaling factor. The role
of cross attention is to effectively exchange information be-
tween instance branches and proposal branches by focusing
on the features of the other branch, which helps reduce fea-
ture pollution caused by background noise. When predict-
ing pseudo labels, we utilize the memory banks of instance

QKL

Vd

featp = Softmax <
(6)

T
I

feat; = Softmax <
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epochs.

branches for prediction and ultimately allocate the labels to
two memory banks.

Experiments
Datasets and Settings

CUHK-SYSU CUHK-SYSU dataset (Xiao et al. 2017) is
a large-scale person search dataset, which is composed of ur-
ban scene pictures and movie snapshots. There are 18, 184
images with 96, 143 annotated bounding boxes, including 8,
432 labeled identities. The training set consists of 11, 206
images with 5, 532 identities and several unlabeled ones.
The testing set has 6, 978 gallery images and 2, 900 probe
images.

PRW PRW dataset (Zheng et al. 2017) is captured by six
spatially disjoint cameras in the university. It consists of 11,
816 frames with 43, 110 annotated bounding boxes, among
which 34, 304 are assigned with 932 identity labels, and the
rest are unlabeled. The training set contains 5, 704frames
with 482 identities, and the testing set includes 6, 112 gallery
images and 2,057 queries with 450 identities.

Evaluation Protocols Our experiments employ the stan-
dard evaluation metrics in person search. One is the cumula-
tive matching cure (CMC), which is inherited from the per-
son RelD. A candidate is counted if the IoU with ground
truth is greater than 50%. The other is the mean Average
Precision (mAP), which is inspired by the object detection



PM CAC DMBE RelD Detection
mAP Top-1 | Recall mAP
354 81.1 62.1 553
v 36.4 81.5 64.6 56.2
v v 37.2 81.7 65.0 56.7
v v v 38.1 82.0 651 57.1

Table 1: Ablation study over the PRW dataset by incremen-
tally adding our novel contributions to the baseline.

task. We compute an averaged precision (AP) for each query
based on the precision and recall curve. Then, the mAP is
calculated by averaging the APs across all the queries.

Implementation Details

We employ Faster-RCNN (Ren et al. 2015) released by
OpenMMLab (Chen et al. 2019b) as our backbone network,
containing the ImageNet (Krizhevsky, Sutskever, and Hin-
ton 2012) pretrained ResNet-50 (He et al. 2016). The main
path takes the scene images as inputs, jointly training the
detection and recognition. The Rolalign is applied on the
backbone with the proposals Rols to obtain the person fea-
tures, followed by a fully connected (FC) layer after flatten-
ing. The cropped and resized images are taken as inputs for
the instance path. FC layer is directly applied to the back-
bone to obtain the person’s features.

The scene images are resized to 1500 x 900, and cropped
images are rescaled to 224 x 96. The batched Stochastic
Gradient Descent (SGD) optimizer is used with a momen-
tum of 0.9. The weight decay factor for L2 regularization is
set to 5 x 10~*. We use a mini-batch size of 4 for the main
batch and a batch size of 16 for asynchronous data. The ini-
tial learning rate is 1 x 10~3. We set the adjustment factor 3
to 0.2 and the label assignment parameter k to 3. The model
is trained for 26 epochs with the learning rate multiplied by
0.1 at 16 and 22 epochs. All experiments is implemented on
the PyTorch framework, and the network is trained on the
NVIDIA RTX 4090.

Ablation Study

Effectiveness of Each Component We evaluate the ef-
fectiveness of our Optimizing Label Assignment (OLA)
method in Tab. 1, where PM stands for Prototype Matching,
CAC for Context-Aware Clustering, and DMBE for Dual
Memory Bank Enhancement. The baseline model achieves
35.4% mAP and 81.1% Top-1 accuracy on PRW. Incorporat-
ing PM improves mAP by 1.0% and Top-1 by 0.4%, along
with significant detection enhancements, increasing recall
and mAP by 1.5% and 0.9%, respectively. Adding CAC
further boosts the baseline by 0.8% mAP and 0.2% Top-
1, highlighting the value of context information in weakly
supervised person search. Integrating DMBE results in an
additional 0.9% mAP and 0.3% Top-1 improvement. Over-
all, OLA achieves a total improvement of 2.7% in mAP and
0.9% in Top-1 accuracy, demonstrating the effectiveness of
our asynchronous learning approach in weakly supervised
person search.
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CUHK-SYSU| PRW

Method mAP Top-1 [mAP Top-1
Two-Step

DPM(Zheng et al. 2017) - - 20.5 48.3
MGTS(Chen et al. 2018) 83.0 83.7 [32.6 72.1
RDLR(Han et al. 2019) 93.0 942 (429 70.2
IGPN(Dong et al. 2020) 903 914 (472 87.0
TCTS(Wang et al. 2020) 939 95.1 |46.8 87.5
One-step

OIM (Xiao et al. 2017) 75.5 787 [21.3 494
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
NAE (Chen et al. 2020b) 91.5 924 [433 809
DMRNet (Han et al. 2021b) |93.2 942 469 83.3
SeqgNet (Li and Miao 2021) |93.8 94.6 |46.7 83.4
DKD (Zhang et al. 2021) 93.1 942 |50.5 87.1
OIMNet++(Lee et al. 2022) [93.1 939 |46.8 83.9
PGS(Kim et al. 2021) 923 947 442 852
AlignPS(Yan et al. 2021) 93.1 934 459 819
PSTR(Cao et al. 2022) 935 950 |495 878
COAT(Yu et al. 2022) 942 947 |533 874
weakly person search

CGPS(Yan et al. 2022) 80.0 823 [16.2 68.0
R-SiamNet (Han et al. 2021a)|86.0 87.1 |21.2 734
SSL (Wang et al. 2023) 874 885 [30.7 80.6
DICL (Wang et al. 2024) 87.4 88.8 |35.5 80.9
DICL* (Wang et al. 2024) 86.8 88.1 |354 8I1.1
Ours(OLA) 87.8 89.3 |38.1 82.0

Table 2: Comparison with state-of-the-arts regarding mAP
and Top-1 accuracy on CUHK-SYSU and PRW test sets.
All methods are implemented with the same backbone
ResNet50. * represents our reproduced results.

Effectiveness of Context Aware Clustering. We count
the number of outliers at the end of each epoch, as shown
in Fig. 4a. Leveraging the CAC module reduces the number
of outliers, which enhances the model’s focus on relevant
features and improves learning efficiency. Furthermore, Fig.
4b demonstrates that the CAC (represented by the red line)
achieves a cluster count that more accurately approximates
the actual label distribution (green line), indicating enhanced
model accuracy. The outcomes of our experiments conclu-
sively demonstrate that our proposed Clustering algorithm
significantly improves model performance, streamlines opti-
mization processes, and accelerates iteration speeds, thereby
underscoring its importance in weakly supervised person
search tasks.

Comparison with the State-of-the-Arts

Qualitative Results Fig. 5 demonstrates the effectiveness
of our Optimizing Label Assignment algorithm on the chal-
lenging CUHK-SYSU test sets. Our method accurately de-
tects and recognizes individuals across diverse gallery im-
ages, adapting to variations in poses, scales, backgrounds,
and visibility. In the first row, the algorithm successfully
identifies a pedestrian in a highly obstructed environment,
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Figure 5: Qualitative results of our method on CUHK-SYSU test set, where the red box represents the query and the green box
represents the search result in the gallery image. Our method matches the query persons in different scenes.
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Figure 6: Performance with different gallery images.

showcasing its ability to handle complex spatial contexts.
The last row highlights robust recognition despite signifi-
cant scale changes, while the middle rows illustrate consis-
tent identification under adverse lighting conditions. These
qualitative results affirm the robustness and practical effec-
tiveness of our approach in real-world scenarios.

Results on CUHK-SYSU Tab. 2 shows that our method
achieves the highest mAP of 87.8% and Top-1 accuracy of
89.3% on CUHK-SYSU with a gallery size of 100, sur-
passing all existing weakly supervised person search meth-
ods. To verify robustness, we tested gallery sizes from 50 to
4,000. Fig. 6 compares mAP, indicating that our method con-
sistently outperforms other weakly supervised approaches as
gallery size increases.

Results on PRW  As shown in Tab. 2, our method achieves
38.2% mAP and 83.3% Top-1 accuracy, outperforming all
existing weakly supervised methods by a significant mar-
gin. Additionally, we use t-SNE to visualize feature distribu-
tions on a subset of the PRW dataset with 10 classes and 511
pedestrians, where different colors represent distinct classes.
Fig. 7(a) displays the baseline model’s features, showing
large intra-class and small inter-class distances. In contrast,
Fig. 7(b) illustrates that our method achieves more cohesive
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Figure 7: t-SNE feature visualization on the part of the PRW
training set. Colors denote different personal identities.

feature aggregation within each category, demonstrating the
effectiveness of our Optimizing Label Assignment (OLA).

Conclusion

We proposed Optimizing Label Assignment (OLA) for
weakly supervised person search, which incorporates graph-
based constraints into the DBSCAN clustering process and
utilizes optimal transport theory for robust label assignment
during training, representing a fundamental shift towards
more accurate and efficient person search systems. The in-
troduction of a decoupled memory bank further refines the
label assignment process by minimizing the influence of
background noise.
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