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Abstract

Domain Adaptive Person Search (DAPS) aims to improve the
generalization capability of person search models by training
on both labeled source data and unlabeled target data, which
is not that practical in real-world applications considering the
storage/transmission costs and the privacy of source data. In
this paper, we investigate a more practical and efficient person
search setting, Source-Free Domain Adaptive Person Search
(SFDA-PS), which seeks to generalize an existing source per-
son search model to any unseen domain without requiring
source data. Considering the absence of effective annotations
in SFDA-PS, we propose a Doubly Contrastive Learning
(DCL) method to adapt the target domain knowledge to the
source model in a mutual learning and contrastive learning
way. Specifically, we employ a mutual learning-based mean-
teacher model as our baseline to incorporate target domain
knowledge by pursuing prediction consistency between the
teacher and student. Then, a Relation-embedded Contrastive
(ReC) learning strategy is introduced to the detection head to
ensure semantic consistency among proposals related to the
same person while maintaining semantic distinction among
proposals from different categories or persons. Furthermore,
a Memory-aided Constrative (MaC) learning strategy is inte-
grated into the re-identification (Re-ID) head to enhance its
discriminative capability on target person embeddings. Ex-
tensive experiments on existing state-of-the-art person search
models and two widely used benchmarks demonstrate the su-
periority of the proposed SFDA-PS task, as well as our pro-
posed DCL.

Introduction
Person search (Xiao et al. 2017; Zheng et al. 2017) aims to
identify a query person within realistic, uncropped scene im-
ages, which can be decomposed into two sub-tasks, pedes-
trian detection and person re-identification (Re-ID). Re-
cently, person search has garnered significant interests in
the computer vision community due to its extensive real-
world applications. The primary driver of advancements in
existing person search methods (Chen et al. 2020b; Li and
Miao 2021; Zhang et al. 2021; Qin et al. 2023) is the avail-
ability of large-scale annotated benchmarks. Consequently,
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Figure 1: Comparison of the proposed Source-Free Domain
Adaptive Person Search (SFDA-PS) setting with previous
Domain Adaptive Person Search (DAPS).

these models often exhibit poor generalization when applied
to new domains not encountered during training due to the
domain gap. However, collecting and annotating sufficient
images to retrain or fine-tune models for each new domain
is time-consuming and impractical.

Domain Adaptive Person Search (DAPS) (Li et al. 2022a)
is proposed to enhance the generalization capability of per-
son search models, enabling them to adapt to any target do-
main with no need for their labels. DAPS focuses on mini-
mizing the domain gap between source and target domains
by aligning their data distributions during training. There-
fore, the training of DAPS typically requires the labeled
source and unlabeled target data simultaneously, as shown
in Fig. 1 (a). However, in practical applications, access to
source data is often restricted due to concerns related to data
privacy (particularly personal information), data transmis-
sion efficiency, and data proprietary. Furthermore, retraining
a model from scratch for each new domain is inefficient.

To more efficiently enhance the person search model’s
generalization capability, we propose a novel Source-Free
Domain Adaptive Person Search (SFDA-PS) setting in this
paper, as illustrated in Fig. 1 (b). With no need for la-
beled source data, SFDA-PS directly generalizes the source-
trained person search models to unseen target domains in
an unsupervised way. Compared to DAPS, SFDA-PS pro-
tects the privacy of the source domain. Moreover, storing
and transferring a source model is more efficient than han-
dling large source datasets. As shown in Tab. 1, the storage
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Storage size (MB) CUHK-SYSU PRW
Source Dataset 1211.5 2865.9
Source Model 398.6 560.5

Table 1: Storage size of source models and compressed
datasets. The source models used here are SeqNet (Li and
Miao 2021) and ROI-AlignPS (Yan et al. 2023), which
are trained on CUHK-SYSU (Xiao et al. 2017) and PRW
(Zheng et al. 2017), respectively.

size of a source model is considerably smaller than a com-
pressed dataset. Furthermore, given the large number of ex-
isting well-trained person search models (Li and Miao 2021;
Yan et al. 2021; Yu et al. 2022), SFDA-PS has more potential
than DAPS for advancing the field of person search.

Nevertheless, SFDA-PS is more challenging than DAPS
since no annotations are available when adapting the source
model to the target domain. An intuitive solution to this
problem is to train the target model using pseudo labels gen-
erated by the source model. However, due to the domain
gap between the source and target data, these pseudo labels
are often noisy, significantly hindering representation learn-
ing. To address this issue, we propose a Doubly Contrastive
Learning (DCL) method for SFDA-PS in this paper to gen-
eralize existing source models to the target domain in a mu-
tual learning and contrastive learning way, which can miti-
gate the lack of effective annotations in supervised learning.
Specifically, we first employ a mean-teacher model (Tar-
vainen and Valpola 2017) as our baseline, which is widely
utilized in domain adaptation (Deng et al. 2021; Zhang,
Wang, and He 2023; Liu, Li, and Yuan 2023), to incorpo-
rate the target domain knowledge into the source model in a
teacher-student mutual learning manner. The mean-teacher
model generates a weak and a strong augmentation of the
target image, inputs them into the teacher and student mod-
els, respectively, and then utilizes a consistency cost be-
tween the outputs of the teacher and student to gradually
adapt the source model to the target domain.

Next, we develop two novel task-oriented contrastive
learning strategies to further integrate the target domain
knowledge into the source model. As the detection perfor-
mance profoundly affects the final person search results, a
Relation-embedded Contrastive (ReC) learning strategy is
introduced after the detection head. ReC updates the student
model by maximizing semantic consistency among propos-
als related to the same person and ensuring semantic distinc-
tion among proposals related to different categories (people
and background) or persons. Leveraging the proposals gen-
erated by the Region Proposal Network (RPN) in the Faster
RCNN-based person search models (e.g., NAE (Chen et al.
2020b) and SeqNet (Li and Miao 2021)), multiple views for
any person are inherently provided, satisfying the require-
ments for contrastive learning (Chen et al. 2020c). Further-
more, a Memory-aided Contrastive (MaC) learning strategy
is proposed to enhance the student’s discriminative capa-
bility regarding person embeddings. Concretely, we begin
by clustering person embeddings generated by the source
model and use the cluster centers, outliers, and hard pro-

posal embeddings to initialize a hybrid embedding memory
bank. The student model is then updated by maximizing the
similarity between person embeddings of the same identity
(ID) and the differences between person embeddings of dif-
ferent IDs. The hybrid embedding memory bank is updated
along with the teacher model after each training epoch.

In summary, the main contributions of this paper include:

• We propose a new SFDA-PS task, which is more effi-
cient and practical in real-world applications. Compared
to DAPS, SFDA-PS effectively mitigates data concerns,
as well as avoids retraining the model from scratch when-
ever a new domain is encountered.

• We present the first SFDA-PS model, named DCL, which
directly generalizes existing person search models to new
domains. DCL effectively addresses the challenge of lack
of annotations in SFDA-PS. It employs a mean-teacher
framework as the baseline to transfer the target domain
knowledge to the source model in a mutual learning way.
Moreover, two task-oriented contrastive learning strate-
gies, ReC and MaC, are introduced to further import the
knowledge from the detection and Re-ID heads.

• Extensive experimental results demonstrate the effec-
tiveness of DCL in generalizing state-of-the-art person
search models. Remarkably, our method surpasses ex-
isting DAPS methods without utilizing any source data,
highlighting the superior generalization capability of our
approach.

Related Work
Person Search

Person search aims to jointly tackle pedestrian detection
and person Re-ID tasks. Supervised person search methods
have achieved impressive results and can be broadly catego-
rized into two types, i.e., two-step models and one-step mod-
els. The two-step approach (Zheng et al. 2017; Han et al.
2019; Wang et al. 2020), which utilizes separate networks
for each sub-task, yields high performance but at the cost of
increased computational and storage demands. In contrast,
one-step models (Xiao et al. 2017; Yan et al. 2023), which
solve both sub-tasks in an end-to-end manner, have become
the mainstream approach. Inspired by advancements in ob-
ject detection (Ren et al. 2015; Lin et al. 2017; Tian et al.
2019), numerous one-step methods (Yan et al. 2019; Chen
et al. 2020b; Li and Miao 2021; Han et al. 2021; Yan et al.
2021; Qin et al. 2023) have been developed to make the
joint framework more efficient and effective. However, these
models often struggle to generalize well to new test domains.

DAPS (Li et al. 2022a; Cui et al. 2024; Almansoori et al.
2024) focuses on generalizing the model from a source
domain to a new target domain and has shown signifi-
cant progress. Unlike DAPS, which requires access to both
source and target data, our work investigates a novel and
more practical domain adaptation setting that adapts the pre-
trained source person search model to an unlabeled target
domain without requiring access to labeled source data.
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Figure 2: The overall architecture of the proposed DCL method. The mean-teacher framework is used as the baseline to transfer
target knowledge through mutual learning. The teacher and student models use an identical person search structure, including a
backbone for feature extraction and a multi-task head for detection and Re-ID. The teacher and student take a weak and a strong
augmentation of the unlabeled target image as input, and the consistency loss (Lcon) between their outputs is used to optimize
the student model. The teacher is updated via the Exponential Moving Average (EMA) of student weights. Two task-oriented
contrastive learning strategies, ReC and MaC, are used to further update the student.

Source-Free Domain Adaptation
In real-world applications, source data is often inaccessi-
ble during the adaptation process due to proprietary con-
cerns, privacy regulations, or data transmission constraints.
Many approaches have been proposed to address SFDA task
for image classification (Liang, Hu, and Feng 2020; Zhang,
Wang, and He 2023), object detection (Li et al. 2022b; VS,
Oza, and Patel 2023), and segmentation (Lo et al. 2023).
In classification, two main paradigms have emerged, i.e.,
sample generation (Li et al. 2020; Hou and Zheng 2021)
and pseudo label based self-training (Liang, Hu, and Feng
2020; Zhang, Wang, and He 2023). For source-free object
detection, the pseudo label strategy is predominantly em-
ployed. SED (Li et al. 2021) introduces a self-training strat-
egy by searching for an appropriate confidence threshold.
UMA (Huang et al. 2021) and RCML (Lin et al. 2023) pro-
pose self-supervised feature learning with the mean-teacher
framework (Tarvainen and Valpola 2017).

The SFDA task also has been explored for person Re-ID.
Existing methods (Fu et al. 2019; Yang et al. 2020; Chen
et al. 2023; Qu et al. 2024; Liu, Ye, and Du 2024) typically
utilize reliable pseudo identity labels for self-supervised
learning. However, these methods are specifically designed
for Re-ID and cannot be directly applied to person search,
which involves the additional task of person detection.

Methodology
Framework Overview
For a vanilla DAPS (Li et al. 2022a) task, we are givenNs la-
beled samples {xns , yns } from the source domain DS , where
xns denotes the n-th source image and yns denotes the cor-
responding ground-truth labels, and Nt unlabeled samples

{xnt } from the target domain DT , where xnt denotes the n-
th target image without the ground-truth annotations. In con-
trast, the novel SFDA-PS considers a more realistic applica-
ble scenario where only a source model f (θ) trained on the
source domain DS , and the unlabeled target domain DT are
available during adaptation.

The overall architecture of the proposed DCL method is
illustrated in Fig. 2. DCL employs a mean-teacher frame-
work (Tarvainen and Valpola 2017) as the baseline to trans-
fer target domain knowledge into the source model in a
teacher-student mutual learning way. Furthermore, DCL de-
velops two task-oriented contrastive learning strategies, ReC
and MaC, to mitigate the bias towards the source data.

The Mean-Teacher Framework
Inspired by the recent success of the mean-teacher method in
cross-domain adaptation object detection (Deng et al. 2021;
VS, Oza, and Patel 2023), we formulate our DCL model
within a mean-teacher framework. This framework consists
of two models with identical architectures, a student model
f (θst) parameterized by Θst and a teacher model f (θte) pa-
rameterized by Θte. The mean-teacher aims to evolve both
models through mutual learning. As stated in (Cai et al.
2019) and (Deng et al. 2021), a key factor in the substantial
improvement achieved by the mean-teacher method is the
use of weak augmentations for the teacher and strong aug-
mentations for the student, maintaining consistency between
their predictions. Each sample prediction of the teacher can
be seen as an ensemble of the student’s current and earlier
versions, indicating that the teacher is more robust and sta-
ble. Therefore, we directly use the teacher model in the in-
ference stage.
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At the beginning of DCL, both the teacher model f (θte)
and student model f (θst) are initialized by the pre-trained
source model f (θ). During the training stage, the student is
optimized and the teacher is updated gradually by transfer-
ring the weights of the continuously learned student model.
Given an unlabeled target image xt, we first generate its
strong augmentation x̂t and weak augmentation x̄t. The
teacher takes x̄t as input to generate person bounding boxes,
where the reliable ones with prediction confidence higher
than a confidence threshold εh are preserved as pseudo
bounding boxes. We generate each pseudo bounding box a
pseudo identity label by clustering. The pseudo bounding
boxes and identity labels constitute the pseudo labels ŷt for
the target training data. Then, these pseudo labels are used
to update the student model, where the pseudo label super-
vision loss is formulated as follows:

Lbase = Lrpn (x̂t, ŷt)+Ldet (x̂t, ŷt)+Lre-id (x̂t, ŷt) , (1)

where Lrpn represents the loss of RPN, and Ldet and Lre-id

denote the losses of detection and Re-ID heads, respectively.
In addition, we denote the student and the teacher detec-

tion class logits as pst and pte. To maintain consistency be-
tween the outputs of the teacher and student, we further min-
imize the discrepancy between pst and pte, which is typi-
cally computed using the KL-Divergence:

Lcon = KL (σ (pst) , σ (pte)) , (2)

where σ denotes the softmax operator.
To obtain more stable pseudo labels, the teacher is gradu-

ally updated via the Exponential Moving Average (EMA) of
student weights Θst:

Θte ← αΘte + (1− α)Θst, (3)

where α is the EMA rate that controls the update rate of
teacher weights.

Although the mean-teacher framework enables the trans-
fer of target knowledge into the source model, it is still not
sufficient to eliminate the bias in feature space since it does
not explicitly address the domain shift. Therefore, we further
introduce ReC and MaC to facilitate model adaptation.

Relation-embedded Contrastive Learning
Noise in pseudo bounding boxes is unavoidable, even if they
are selected with a high confidence threshold. Such noise
can lead to error accumulation and performance damage.
Therefore, we propose ReC, as illustrated in Fig. 2 (b), to
eliminate the noise by modifying the bias of feature repre-
sentations, which is done by ensuring feature consistency
among proposals related to the same person, as well as fea-
ture distinction among proposals related to different cate-
gories or different persons.

We construct a relation graph to model the relationships
among proposals. Specifically, as shown in Fig. 3, known
the features of the proposals output by the detection head,
we first learn the optimal relationships among them via two
linear layers and a normalization layer. Then, we construct a
relation graph G = ⟨V , E⟩, where each vertex vi ∈ V repre-
sents the feature of a proposal, each edge ei,j ∈ E represents
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Figure 3: Details of the Relation Graph Network (RGN).
RGN comprises learnable linear layers and Graph Convo-
lution Network (GCN) layers. The inputs are the proposal
features extracted from the detection head.

the optimal relationship between the i-th and j-th proposals.
Note that we use the proposals of the teacher to extract pro-
posal features and construct a relation graph for both teacher
and student networks. The optimal relation ei,j can be rep-
resented as:

ei,j =
exp (ϕ (φ1(vi), φ2(vj)))∑Np

k exp (ϕ (φ1(vi), φ2(vk)))
, (4)

where ϕ (a, b) = a·bT is the inner product, φ1 and φ2 repre-
sent linear layers, and Np is the number of RPN proposals.

Before ReC, a Graph Relation Network (GCN) is intro-
duced to explore the optimal node relationships and pre-
liminarily adjust the node features. We input G into the
GCN, freeze the edges, and update the feature representa-
tions of the proposals according to the optimal relations.
Subsequently, the output features of the RGN are fed into
the classification layer of the detection sub-network to pre-
dict each proposal’s class logits. We use p̃st and p̃te to repre-
sent the student and the teacher class logits predicted based
on the RGN output features, respectively. Then, we mini-
mize the discrepancy LRGN between class logits p and p̃ to
supervise the RGN parameters, which can be formulated as:

LRGN = KL (σ (pst) , (σ (p̃st)) + KL (σ (pte) , (σ (p̃te)) . (5)

When the relationship matrix (E) is obtained, we can gen-
erate the pair-wise relation labels and further construct pos-
itive/negative pairs. For any i-th and j-th proposal pair, the
pair-wise relation label Mi,j is generated by simply setting
a threshold ϵ on normalized E which is typically formulated
as:

Mi,j =

{
1, if ei,j ≥ ϵ
0, if ei,j < ϵ.

(6)

Mi,j = 1 indicates the i-th and j-th proposals are highly
related and form a positive pair, and vice versa for a negative
pair.

Considering any i-th proposal as an anchor, we can define
a positive set T (i) = {t | t ̸= i,Mi,t = 1}. Each feature vi
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is projected as key ki = ψ1(vi) and query qi = ψ2(vi) in
order to model better relations among the proposal features
(Vaswani et al. 2017), where ψ1 and ψ2 are another linear
learnable functions. The ReC loss LReC can be formulated
as:

LReC =

Np∑
i

− log

 1

| T |

|T |∑
t

exp (ϕ (ki, qt))∑Np

k,k ̸=i exp (ϕ (ki, qk))

 , (7)

where | T | is the number of T (i). Note that ReC is used
only to update the student parameters, whereas the teacher
parameters are updated via EMA.

Memory-aided Contrastive Learning

The aim of the Re-ID sub-task is to improve the discrimina-
tion of person embeddings. Generally, previous supervised
methods (Xiao et al. 2017; Yan et al. 2023) often achieve this
goal by minimizing the feature discrepancy among the em-
beddings of the same person while maximizing the discrep-
ancy among those of different people. However, in SFDA-
PS, we have no ground-truth labels for the target images and
can only use the pseudo labels generated from the teacher
model, which inevitably contain noise. To this end, we pro-
pose MaC to make use of detection results and make person
embeddings more discriminative, as illustrated in Fig. 2 (c).

MaC comprises two alternate processes, i.e., construct-
ing a memory bank and calculating the MaC loss to up-
date the student. At the start of each epoch, we first gen-
erate pseudo bounding boxes and their corresponding em-
beddings from the teacher model. Then, the embeddings of
the pseudo bounding boxes are clustered, and a hybrid em-
bedding memory B = {W,O,H} is constructed, which
consists of three embedding types, cluster centroidsW , un-
clustered embeddings O, and hard proposal embeddings H.
Specifically, we employ the clustering strategy (e.g., DB-
SCAN) and the self-paced strategy (Ge et al. 2020) to ob-
tain Nw

t clusters with centroids W =
{
w1, w2, . . . wNw

t

}
,

and No
t outlier embeddings O =

{
o1, o2, . . . oNo

t

}
not be-

longing to any cluster. The self-paced strategy is utilized to
gradually create reliable clusters with the reliable criterion
of measuring cluster independence and compactness. Hence,
reliable pseudo identity labels can be obtained from the clus-
tering results.

Inspired by (Li et al. 2022a), we also explore the potential
of hard proposals to exploit target domain information suffi-
ciently. Proposals with confidence in the range of (εl, εh) are
regarded as hard cases, where εl < εh, meaning the lower
and higher bound thresholds. Hard proposals can be divided
into three types: highly overlapped with high-confidence
results, undetected persons, and background clusters. We
exclude highly overlapped duplicates by further screening
IoUs with high-confidence results, while the undetected per-
sons and clusters belonging to the background are reserved
for training to enhance the discrimination of the Re-ID
branch. Then, the embeddings of these hard cases are added
to B.

Eventually, we build a hybrid memory B = {W,O,H}

to aid the Re-ID training. The MaC loss can be expressed as:

LMaC = − log
exp

(
ϕ
(
x, b+

))∑
b∈B exp (ϕ (x, b))

,

∑
b∈B

exp (ϕ (x, b)) =

Nw
t∑

k=1

exp (ϕ (x,wk))+

No
t∑

k=1

exp (ϕ (x, ok)) +

Nh
t∑

k=1

exp (ϕ (x, hk)) ,

(8)

where b+ is the corresponding class prototype of the input
embedding x. Nh

t is the number of the hard proposals in
the memory, and hk denotes the k-th embedding of the hard
proposals.

Note that the hybrid memory is constructed before the
start of each epoch, and the embeddings in the memory are
not updated during the epoch.

Overall Loss Function
So far, we have introduced the mean-teacher framework,
ReC, and MaC to tackle the source-free domain adaptation
problem for person search effectively. The overall loss func-
tion of our proposed DCL method is formulated as follows:

LDCL = Lbase + Lcon + LRGN + LReC + LMaC. (9)

Experiments
Datasets and Settings
Datasets We conduct experiments on two general person
search benchmarks, CUHK-SYSU (Xiao et al. 2017) and
PRW (Zheng et al. 2017). CUHK-SYSU is a large-scale per-
son search dataset that contains 18,184 scene images with
8,432 different identities and 96,143 annotated bounding
boxes. The images come from two kinds of data sources (i.e.,
street snaps and movies), covering diverse scenes under var-
ious viewpoints, lighting, resolutions, and occlusions. We
utilize the standard training/test set, where the training set
contains 5,532 identities and 11,206 images, and the test set
contains 2,900 query persons and 6,978 images. PRW is ex-
tracted from video frames recorded by six static cameras on
a university campus and contains 932 labeled persons with
43,110 bounding boxes. The dataset is split into a training
set of 5,704 images with 482 different identities and a test
set of 6112 images with 2,057 query persons.

Evaluation Protocols Following the settings in previous
work (Chen et al. 2020b), the mean Average Precision
(mAP) and Top-1 matching rate are adopted to evaluate the
performance of person search. We also employ the Recall
rate and Average Precision (AP) to measure the detection
performance. For all the above evaluation metrics, the higher
the value, the better the performance.

Generalization Setup To verify the generalization capa-
bility of DCL, we conduct experiments using three existing
state-of-the-art person search models. Specifically, We take
NAE (Chen et al. 2020b), SeqNet (Li and Miao 2021), and
GLCNet (Qin et al. 2023) as the base person search networks
for our DCL approach, respectively, and generalize these
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Model Type CUHK-SYSU PRW
Recall AP mAP Top-1 Recall AP mAP Top-1

NAE
S 41.3 37.8 39.4 41.0 92.9 86.8 31.3 79.4

DCL 78.7 69.6 76.4 78.0 97.3 88.0 38.2 82.4
O 90.4 86.3 93.2 93.6 93.5 89.5 40.5 79.6

SeqNet
S 58.5 52.8 54.8 56.8 92.6 87.6 29.8 77.5

DCL 81.4 75.4 79.6 81.2 97.1 91.1 38.4 82.5
O 91.4 88.5 93.9 94.5 96.7 94.2 46.3 82.9

GLCNet
S 63.0 56.7 61.4 64.0 94.5 89.5 26.0 80.3

DCL 84.0 77.0 83.5 85.8 97.9 91.8 30.0 80.9
O 91.4 88.2 95.5 96.5 97.0 94.2 49.5 87.5

Table 2: Performance of employing DCL method based on
NAE (Chen et al. 2020b), SeqNet (Li and Miao 2021), and
GLCNet (Qin et al. 2023) models on CUHK-SYSU and
PRW. S: source only. O: oracle.

three models on the two tasks. The first task involves adapt-
ing a source model pre-trained on PRW to CUHK-SYSU,
and the second is reversed. For brevity, only the target do-
main is specified when presenting the results.

Implementation Details
We implement our model with the PyTorch library and con-
duct all experiments on a single NVIDIA RTX A5000 GPU.
In all of our experiments, the batch size is set to 1, and we
adopt the stochastic gradient descent (SGD) optimizer with
a momentum of 0.9 and a weight decay of 0.0005. We opti-
mize the model for 10 epochs, using an initial learning rate
of 0.001, which is decreased by a factor of 10 at epoch 8. As
for the data augmentation, we apply the random horizontal
flip for weak augmentation and randomly add color jitter-
ing, grayscale, Gaussian blur, and cutout patches for strong
augmentations, following UMT (Deng et al. 2021). Np is
set to 300 to construct the relation graph. ϵ is set to 0.5 to
generate the pair-wise relation labels in ReC. We set default
hyper-parameters εh = 0.9, εl = 0.8, and α = 0.8.

Quantitative Results
Comparison on Different Person Search Models To as-
sess the effectiveness of DCL, we conduct quantitative ex-
periments on three Faster RCNN-based person search meth-
ods, respectively. The evaluation results are presented in
Tab. 2. Source only refers to testing the pre-trained source
model directly on the target domain. Oracle represents train-
ing a person search model on the target domain with ground-
truth annotations with our own implementations, serving as
a reference for the upper bound of adaptation performance.

Tab. 2 shows that the generalization ability of the source
model is significantly improved with our DCL method. For
instance, when employing DCL on CUHK-SYSU, the met-
rics of detection and Re-ID improve by over 30%, 20%,
and 20% on NAE, SeqNet, and GLCNet, respectively, com-
pared to the source only results. Since CUHK-SYSU con-
tains more training data and diverse scenarios than PRW,
the source model pre-trained on CUHK-SYSU exhibits bet-
ter generalization capability than the one pre-trained on

Method CUHK-SYSU PRW
mAP Top-1 mAP Top-1

OIM (Xiao et al. 2017) 75.5 78.7 21.3 49.9
CTXGraph (Yan et al. 2019) 84.1 86.5 33.4 73.6
HOIM (Chen et al. 2020a) 89.7 90.8 39.8 80.4
NAE (Chen et al. 2020b) 91.5 92.4 43.3 80.9
SeqNet (Li and Miao 2021) 93.8 94.6 46.7 83.4
AlignPS (Yan et al. 2021) 93.1 93.4 45.9 81.9
PSTR (Li et al. 2022a) 93.5 95.0 49.5 87.8
COAT (Yu et al. 2022) 94.2 95.5 51.0 86.8
GLCNet (Qin et al. 2023) 95.7 96.3 46.9 85.1
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 94.2 42.9 70.2
OR (Yao and Xu 2020) 92.3 93.8 52.3 71.5
DAPS (Li et al. 2022a) 77.6 79.6 34.7 80.6
FOUS (Cui et al. 2024) 78.7 80.4 35.4 80.8
DDAM (Almansoori et al. 2024) 79.5 81.3 36.7 81.2
DCL (NAE) 76.4 78.0 38.2 82.4
DCL (SeqNet) 79.6 81.2 38.4 82.5
DCL (GLCNet) 83.5 85.8 30.0 80.9

Table 3: Comparison of mAP and Top-1 accuracy with the
general state-of-the-art supervised and domain adaptive per-
son search methods on CUHK-SYSU and PRW. The one-
step and two-step supervised methods are grouped into the
first and second categories, respectively. Our models are
shown in italics. The best results are marked in bold.

PRW, as evidenced by the comparison between the source
only and oracle performance. Consequently, the improve-
ments achieved by DCL on CUHK-SYSU are more pro-
nounced than those on PRW. The significant improvements
on CUHK-SYSU further demonstrate that our proposed
DCL method can enhance generalization from simple to
complex scenarios.

Comparison to State-of-the-Art Methods As the pro-
posed method of source-free domain adaptive person search
is introduced for the first time in this paper, there is no
method fairly comparable to our approach. Therefore, we
compare the performance of DCL on NAE, SeqNet, and
GLCNet with existing state-of-the-art person search meth-
ods under different settings, including supervised and do-
main adaptation methods, as shown in Tab. 3.

Despite the inevitable performance degradation due to the
domain gap, our method still outperforms several supervised
methods. For instance, DCL achieves higher mAP accuracy
than OIM (Xiao et al. 2017), CTXGraph (Yan et al. 2019),
DPM (Zheng et al. 2017), and MGTS (Chen et al. 2018)
on PRW. Additionally, it is noteworthy that DCL achieves
better performance than previous DAPS methods on both
datasets, despite that DCL can only access the source model
and unlabeled target data. This result suggests that DCL ex-
hibits superior generalization capacity.

Ablation Study
Component Analysis We conduct an in-depth ablation
analysis to investigate the impact of each component. Tab. 4
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Mean-teacher ReC MaC CUHK-SYSU
Recall AP mAP Top-1

Source only 58.5 52.8 54.8 56.8

✓ 73.4 67.4 65.3 66.8
✓ ✓ 78.0 71.8 65.8 67.5
✓ ✓ 80.1 74.2 79.2 80.3
✓ ✓ ✓ 81.4 75.4 79.6 81.2

Table 4: Ablation study of the mean-teacher, ReC, and MaC
on CUHK-SYSU. The best results in each metric are marked
in bold, while the second results are marked with underline.

Strategy CUHK-SYSU
Recall AP mAP Top-1

w/o RGN 79.3 73.6 77.9 79.2
w/ RGN 81.4 75.4 79.6 81.2

Table 5: Comparative results when employing different
strategies to model relationships among proposals.

presents the ablation results of the mean-teacher framework,
ReC, and MaC on CUHK-SYSU. Additionally, we perform
the second and third ablation experiments with the Re-ID
sub-network frozen. The results show that using the mean-
teacher framework alone enhances both detection and Re-
ID performance, attributable to the mutual learning between
the teacher and student models. As seen in Tab. 4, each
contrastive module significantly improves detection and/or
Re-ID performance. Notably, in the third row, we observe a
substantial improvement in detection and a minor improve-
ment in Re-ID, even though the Re-ID head is frozen at this
moment. This suggests that ReC significantly boosts detec-
tion accuracy, thereby enhancing overall person search per-
formance. Furthermore, we find that the two task-oriented
contrastive learning strategies are complementary, yielding
the best results when combining them with the mean-teacher
framework.

Effectiveness of RGN To verify the effectiveness of RGN
in learning the optimal relationships and enhancing repre-
sentations, we conduct an analysis experiment by removing
RGN and performing contrastive learning directly on the de-
tection head output features. Without RGN, cosine similar-
ity is used to measure relationships among the proposals and
pair-wise relation labels are generated with the threshold ϵ.
As shown in Tab. 5, employing RGN achieves better per-
formance on CUHK-SYSU. This indicates that RGN effec-
tively preserves more target-specific semantic information
for modeling relationships and mitigates the impact of the
domain gap.

Effectiveness of Hybrid Embedding Memory Tab. 6 re-
ports the generalization performance using different types of
embeddings within the hybrid embedding memory. “Clus-
ter” refers to embedding clustered with DBSCAN and self-
paced strategy (Ge et al. 2020). “Hard” represents embed-
dings obtained through hard proposal mining. The addition
of hard case embeddings results in the best performance,

Query DAPS NAE* SeqNet* GLCNet*

Figure 4: Visualization of DAPS (Li et al. 2022a) and three
generalized models with DCL for challenging cases. The
yellow bounding boxes denote the query, while the green
and red boxes denote correct and incorrect Top-1 matches,
respectively. ∗ indicates the model adapted using DCL.

Cluster Hard CUHK-SYSU PRW
mAP Top-1 mAP Top-1

65.3 66.8 33.6 78.5
✓ 77.9 78.8 37.1 81.3
✓ ✓ 79.2 80.3 38.2 82.0

Table 6: Ablation study of embedding clustering and hard
proposal mining in hybrid memory.

indicating that these hard proposals effectively enhance the
discriminative capability of person instances.

Qualitative Results
Fig. 4 presents several qualitative results on CUHK-SYSU,
with query images captured by hand-held cameras. The Top-
1 results of DAPS and the three models adapted using DCL
are visualized for challenging cases, including obstacle oc-
clusion (first row) and scale/viewpoint variation (second
row). Our adapted models successfully localize and match
the query person in difficult samples where DAPS fails,
demonstrating the effectiveness of our DCL approach.

Conclusion
In this paper, we introduce a new person search task called
SFDA-PS. SFDA-PS enables the generalization of an exist-
ing source model to unseen domains without requiring any
annotated data, making it more efficient and less resource-
intensive for real-world applications. To address SFDA-PS,
we propose a novel DCL method, which employs a mean-
teacher framework to integrate the target domain knowledge
through mutual learning. Additionally, two task-oriented
contrastive learning strategies are introduced, applied after
the detection and Re-ID heads, to further incorporate the tar-
get domain knowledge into the source model. Extensive ex-
periments on three advanced person search models and two
large-scale benchmarks demonstrate the effectiveness of the
new SFDA-PS task and the proposed DCL method.
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