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Figure 1. (a) PCA [42] visualization of feature maps, comparing widely-adopted ImageNet [9] pre-trained backbones (ResNet50 [19] and
ConvNeXt [39]) in person search with a diffusion model. The diffusion features exhibit richer spatial context and fine-grained details. (b)
Existing methods [3, 5, 17, 23, 26, 33, 69, 72, 73] share backbone features for detection and re-ID, causing optimization conflicts due to
competing gradients (orange and green arrows). (c) Our DiffPS fully leverages diffusion priors, allowing us to freeze the backbone and
utilize task-specific features for each sub-task, thereby preventing gradient interference and completely resolving the conflict.

Abstract

Person search aims to jointly perform person detection and
re-identification by localizing and identifying a query per-
son within a gallery of uncropped scene images. Existing
methods predominantly utilize ImageNet pre-trained back-
bones, which may be suboptimal for capturing the com-
plex spatial context and fine-grained identity cues necessary
for person search. Moreover, they rely on a shared back-
bone feature for both person detection and re-identification,
leading to suboptimal features due to conflicting optimiza-
tion objectives. In this paper, we propose DiffPS (Diffusion
Prior Knowledge for Person Search), a novel framework
that leverages a pre-trained diffusion model while eliminat-
ing the optimization conflict between two sub-tasks. We an-
alyze key properties of diffusion priors and propose three
specialized modules: (i) Diffusion-Guided Region Proposal
Network (DGRPN) for enhanced person localization, (ii)
Multi-Scale Frequency Refinement Network (MSFRN) to

*Equal contribution.
†Corresponding author.

mitigate shape bias, and (iii) Semantic-Adaptive Feature
Aggregation Network (SFAN) to leverage text-aligned diffu-
sion features. DiffPS sets a new state-of-the-art on CUHK-
SYSU and PRW.

1. Introduction

Person search aims to locate and identify a query per-
son within a gallery of uncropped scene images, consist-
ing of two main tasks: (i) person detection [2, 37, 48],
which localizes all person bounding boxes in each scene,
and (ii) person re-identification (re-ID) [21, 35, 64, 78],
which matches the detected person crops to the query. Early
person search methods [4, 11, 16] tackle these tasks se-
quentially, using separate networks for detection and re-
ID. While these methods achieve promising performance,
their cascaded design leads to computational inefficiencies
and prevents end-to-end inference. To address these limi-
tations, recent methods [3, 5, 17, 23, 26, 33, 69, 72, 73]
integrate person detection and re-ID within a unified frame-
work, leveraging shared backbone features for both sub-
tasks. This integration improves computational efficiency
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and enables end-to-end inference, making it the dominant
paradigm in recent research.

Despite these advantages, recent methods still face two
key challenges. The first challenge is the need for a back-
bone with strong generalization capabilities and rich prior
knowledge to effectively support both person detection and
re-ID. Existing methods [3, 5, 17, 23, 26, 33, 69, 72, 73]
predominantly rely on ImageNet [9] pre-trained backbones
(e.g., ResNet50 [19] or ConvNeXt [39]). However, as Im-
ageNet mainly contains images with a single dominant ob-
ject and simple backgrounds, these backbones are trained
for category-level recognition, focusing on object pres-
ence [20, 63]. Therefore, they struggle to capture precise
localization cues and instance-level discriminative features,
both essential for person search in complex scenes with
multiple overlapping individuals (Fig. 1 (a)). This limita-
tion highlights the need for a pre-trained backbone capable
of capturing rich contextual information and fine-grained
details in challenging environments.

Another fundamental challenge is the optimization
dilemma arising from the conflicting objectives between
person detection and re-ID. In recent methods [3, 5, 17,
23, 26, 33, 69, 72, 73], both sub-tasks share a common
backbone, which is simultaneously optimized to serve two
fundamentally different goals. Person detection aims to ex-
tract features that capture general human characteristics for
distinguishing individuals from the background, while per-
son re-ID requires highly discriminative features to differ-
entiate between specific identities. This inherent conflict
forces the shared backbone to learn contradictory represen-
tations, potentially degrading the performance of both sub-
tasks [3, 5, 17, 33, 73]. As shown in Fig. 1 (b), the back-
bone struggles to balance the two objectives, which hinders
convergence and results in suboptimal performance due to
incompatible updates within a single parameter space.

Recently, diffusion models [47, 51, 52, 54] have shown
remarkable progress in image generation tasks. Trained on
large-scale datasets (e.g., LAION-5B [57]), they effectively
capture both low-level visual features and high-level seman-
tic relationships, enabling a comprehensive understanding
of not only what an object is but also where it is located [41]
(Fig.1(a)). Leveraging these capabilities, pre-trained diffu-
sion models have been successfully applied to a variety of
fundamental vision tasks, e.g., image classification [6, 31],
segmentation [34, 46, 49, 62, 67, 70], and semantic cor-
respondence [40, 43, 74]. These successes highlight the
potential of diffusion models as powerful general-purpose
backbones, capable of handling diverse vision tasks even
without fine-tuning. Inspired by these capabilities, the prior
knowledge from a pre-trained diffusion model may appear
well-suited for person search, due to its ability to capture
both comprehensive spatial context and fine-grained details,
which are essential for person search.

In this paper, we propose DiffPS (Diffusion Prior Knowl-
edge for Person Search), a novel framework that fully ex-
ploits the prior knowledge of pre-trained diffusion mod-
els for person search (Fig. 1 (c)). To effectively harness
the rich priors embedded in diffusion models, we first an-
alyze their characteristics through four key properties: text
condition, timesteps, hierarchical structure and shape bias.
Based on these insights, we propose three specialized mod-
ules designed to maximize the diffusion priors for person
search. First, we introduce a Diffusion-Guided Region Pro-
posal Network (DGRPN), which refines person localization
using cross-attention maps. Second, to mitigate the shape
bias inherent in diffusion models, we propose a Multi-Scale
Frequency Refinement Network (MSFRN) that enhances
high-frequency details for improved identity discrimina-
tion. Finally, we design a Semantic-Adaptive Feature Ag-
gregation Network (SFAN), which exploits the strong align-
ment between diffusion features and text embeddings to
generate semantically enriched person representations. By
fully leveraging diffusion priors, DiffPS eliminates the need
for fine-tuning the backbone while maintaining strong per-
formance. This allows us to freeze the backbone and ex-
tract task-specific features for person detection and re-ID,
thereby completely resolving the inherent optimization con-
flict present in existing methods [3, 5, 26, 33, 69, 73]. As
a result, our framework enables independent optimization
of both tasks, preventing mutual interference and ensuring
that each branch is optimized for its respective objective.
To validate the effectiveness of our approach, we conduct
extensive qualitative and quantitative experiments, demon-
strating that DiffPS not only outperforms existing methods
but also establishes diffusion models as powerful backbones
for person search. The main contributions of this work are:

• We propose DiffPS, which effectively utilizes diffusion
priors through three specialized modules, completely re-
solving the conflict between detection and re-ID.

• To the best of our knowledge, we are the first to leverage
the prior knowledge of pre-trained diffusion models for
person search.

• DiffPS achieves state-of-the-art performance on CUHK-
SYSU [69] and PRW [77].

2. Related Work

2.1. Person Search
Person search aims to localize and identify individuals

within uncropped scene images. Early methods [4, 11, 16]
employ a two-stage approach using separate networks for
detection and re-ID, while recent methods [3, 5, 17, 23, 26,
33, 69, 72, 73] integrate both tasks into a unified frame-
work. However, these methods face limitations with Ima-
geNet [9] pre-trained backbones, which struggle with con-
textual understanding and fine-grained feature extraction in
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complex scenes. To tackle this, SOLIDER [8] introduces a
pre-trained model that learns a general human representa-
tion through self-supervised learning on LUPerson [14] and
PretrainPS [63] adopts a hybrid learning paradigm across
multiple datasets [1, 32, 58, 66]. However, these models
are primarily trained on cropped person images, which may
limit their abilities to precisely locate individuals and adapt
effectively across diverse and real-world scenes. In contrast,
our approach leverages diffusion models pre-trained on di-
verse large-scale datasets, providing comprehensive spatial
context and fine-grained details without domain constraints.

Another fundamental challenge lies in the optimization
conflict between detection and re-ID objectives. Previous
methods [3, 5, 17, 23, 26, 33, 69, 72, 73] rely on a shared
backbone for both sub-tasks, resulting in competing gradi-
ents that hinder optimization and degrade performance. In
contrast, DiffPS leverages the rich prior knowledge of a pre-
trained diffusion model, enabling us to freeze the backbone
and utilize task-specific features, thereby avoiding the need
for shared backbone optimization. Although DiffPS may
appear conceptually similar to DMRNet [17] in its decou-
pled approach, it fundamentally differs by fully resolving
the conflict through diffusion priors, enabling independent
task optimization without any gradient interference.

2.2. Diffusion Models for Downstream Tasks
Recently, diffusion models [22, 47, 51, 52, 54, 56],

trained on large-scale datasets (e.g., LAION-5B [57]), have
demonstrated remarkable capabilities beyond image gener-
ation, extending to various vision understanding tasks. Sev-
eral methods have leveraged diffusion features for segmen-
tation [34, 41, 49, 62, 67, 70, 74] and classification [6, 31].
In addition, other methods [40, 43] have focused on effec-
tive feature selection within diffusion models. These meth-
ods typically utilize diffusion features through simple con-
catenation or aggregation. In contrast, we maximize diffu-
sion priors via our Multi-Scale Frequency Refinement Net-
work, which enhances high-frequency details across multi-
scale features. In person retrieval-related tasks, PSDiff [25]
and DenoiseRep [71] incorporate diffusion and denois-
ing processes, but significantly differ from our approach.
Specifically, PSDiff [25] adapts denoising algorithms for
bounding box regression similar to DiffusionDet [7], and
DenoiseRep [71] applies denoising techniques in represen-
tation learning. These methods do not leverage the internal
representations of pre-trained diffusion models trained on
large-scale datasets. In contrast, our method fully exploits
the prior knowledge embedded in a pre-trained diffusion
model, effectively adapting it for person search.

3. Method
In this section, we first introduce the diffusion model and

its UNet [55] architecture (Sec. 3.1), followed by an analy-
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Figure 2. Detailed architecture of the UNet [55] in diffusion mod-
els [52, 54], comprising down-stage, mid-stage, and up-stage for
hierarchical feature processing. (Best viewed in color.)

sis of diffusion priors for person search (Sec. 3.2). Finally,
we present our proposed framework (Sec. 3.3).

3.1. Preliminaries

Diffusion models. Diffusion models [22, 52, 54, 59] gen-
erate images by iteratively refining Gaussian noise through
a forward and reverse process. In the forward process, noise
is gradually added to a clean image x0 over T timesteps
following a noise schedule {αt}Tt=1, transforming it into a
nearly pure noise sample xT as xt =

√
ᾱtx0 +

√
1− ᾱtϵ,

where ϵ ∼ N (0, I) and ᾱt =
∏t

k=1 αk. The reverse process
removes noise using a denoising network Fθ, estimating
ϵ ≈ Fθ(xt, t) to reconstruct the image. For text-conditioned
generation, CLIP [50] text encoder T (·) converts a prompt
p into an embedding Tp = T (p) ∈ R77×d, guiding the
denoising process via cross-attention.

UNet Architecture in Diffusion Models. The UNet [55]
architecture in diffusion models [52, 54] follows a hierar-
chical structure comprising three main stages, as shown in
Fig. 2. The down-stage progressively reduces spatial resolu-
tion while increasing channel dimensions, whereas the up-
stage restores resolution using skip connections from corre-
sponding down-stage levels. Both the down-stage and up-
stage consist of four resolution levels, each containing mul-
tiple sequential processing blocks for feature refinement.
Between these stages, the mid-stage operates on the most
compressed features at the bottleneck. We denote the fea-
tures extracted at level l of the down-stage as Fl

d and those
from the corresponding up-stage level as Fl

u. Further details
are provided in the Suppl. A.

3.2. Diffusion Priors for Person Search

Text condition. Pre-trained diffusion models [52, 54, 56]
exhibit a strong alignment between image features and text
embeddings via cross-attention [49, 70, 75, 76]. As shown
in Fig. 3 (a), attention maps for different textual tokens
highlight relevant image regions. This alignment provides
a strong semantic prior for person localization and enables
the extraction of discriminative features for body parts and
clothing. By leveraging these features, the model effectively
suppresses background noise and mitigates occlusions, en-
suring a more robust representation for person search.
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Figure 3. (a) Cross-attention maps highlighting different semantic
regions based on textual queries. (b) PCA [42] visualization of fea-
tures extracted from the ViT [12] block of F3

u at different timesteps
(t). (c) PCA visualization of up-stage feature maps (F1

u,F
2
u,F

3
u),

with columns representing different up-stage levels and rows cor-
responding to features from ViT blocks within each level.

Timesteps. The effectiveness of diffusion features varies
significantly depending on the timestep at which they are
obtained, as shown in Fig. 3 (b). In datasets [9, 36] where
objects are sparse and easily distinguishable, features ex-
tracted at early-to-middle timesteps (e.g., t=300) tend to be
the most informative. At very early timesteps (e.g., t=10),
the model removes only minimal noise, making feature ex-
traction too trivial to capture meaningful representations.
Conversely, at later timesteps (e.g., t=800), excessive noise
forces the model to focus more on denoising rather than pre-
serving fine-grained details, leading to a degradation in fea-
ture quality [44, 75, 76]. However, this pattern may differ
in the person search, which involves cluttered backgrounds,
multiple objects, and diverse real-world conditions. These
images exhibit high visual complexity even before artificial
noise is introduced, making it harder to extract clear and
discriminative features. Additionally, real-world noise from
camera artifacts, motion blur, and lighting variations further
intensifies the challenge. In such cases, adding synthetic
noise exacerbates the difficulty of distinguishing meaning-
ful features from irrelevant information. As a result, ex-
tracting features at earlier timesteps may be more beneficial
(Fig. 3 (b)), as they preserve finer detailes while minimizing

interference from both synthetic and real-world noise. This
tendency further supported by our empirical results.

Hierarchical structure. The UNet [55] architecture in
diffusion models follows a hierarchical structure (Fig. 2).
In particular, the up-stage restores spatial information by
integrating local features from the down-stage via skip con-
nections while incorporating global context from the mid-
stage. Consequently, up-stage features tend to be more in-
formative than those from earlier stages, as they retain both
fine-grained details and high-level semantics [40, 43, 75],
as shown in Fig. 3 (c). In person search, as detection re-
quires spatial precision and re-ID relies on distinctive fea-
tures, the up-stage features may appear well-suited for both
tasks. However, not all layers within the up-stage may be
equally beneficial. Since the UNet is originally designed for
noise prediction, its final layers (Fig. 3 (c), row 3, column
3) tend to focus on estimating noise maps rather than ex-
tracting meaningful features. Furthermore, even within the
same hierarchical level, different layers exhibit distinct fea-
ture properties due to variations in convolutional operations,
attention mechanisms, and residual connections. Our exper-
iments confirm that a careful selection of specific up-stage
layers significantly improves person search performance.

Shape bias. Pre-trained diffusion models [51, 52, 54, 56]
have demonstrated superior discriminative power across
various downstream tasks [6, 34, 40, 49, 70, 74] compared
to traditional discriminative models [12, 19, 39]. This ad-
vantage stems from their ability to capture both global con-
text and fine-grained features. Notably, diffusion features
naturally emphasize global structures due to their progres-
sive denoising process, which reconstructs images from
noise by first recovering low-frequency components before
refining finer details. While this property enhances robust-
ness and improves high-level feature alignment, it may also
introduce a shape bias, where low-frequency components
tend to be more dominant than fine textures [24, 29]. For
person search, where both global structure and fine-grained
details are essential, leveraging diffusion features while fur-
ther enhancing high-frequency information can lead to even
greater discriminative power [15, 65].

3.3. Framework Overview
The overall architecture of our DiffPS is illustrated

in Fig. 4 (a). DiffPS comprises three main components:
a frozen pre-trained diffusion model backbone and two
branches for detection and re-ID. Through empirical anal-
ysis (Table 3), we found that the detection branch can be
effectively achieved using only a single feature map and a
cross-attention map, while the re-ID branch benefits from
leveraging multiple feature maps to capture discriminative
details. Both branches are carefully designed to maximize
the prior knowledge embedded in the pre-trained diffu-
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Figure 4. (a) Overview of DiffPS framework. DiffPS leverages a pre-trained diffusion model’s UNet as the backbone, with three specialized
modules: (b) DGRPN refines region proposals using cross-attention maps, (c) MSFRN enhances high-frequency details via multi-scale
frequency refinement, and (d) SFAN incorporates text-aligned semantic features for re-ID. (Best viewed in color.)

sion model. For the detection branch, we adopt Faster R-
CNN [53], following previous methods [17, 23, 26, 30,
33, 45, 69, 73]. However, instead of a conventional Region
Proposal Network (RPN) [53], we introduce a Diffusion-
Guided Region Proposal Network (DGRPN), which utilizes
diffusion priors to guide the localization of potential person
regions. In the re-ID branch, we first refine the diffusion
features using a Multi-Scale Frequency Refinement Net-
work (MSFRN) to enhance high-frequency details which
are critical for identity discrimination. The refined features
are then processed via RoI-Align [53], and we exploit the
strong alignment between diffusion features and text em-
beddings by incorporating Semantic-adaptive feature aggre-
gation network (SFAN). We further adopt a simple stripe-
based partitioning network, which is widely used in re-ID
methods [13, 26, 60, 61, 64], to extract the final person rep-
resentation. Our decoupled structure allows for flexible ar-
chitecture choices, enabling any detection or re-ID module
to be seamlessly integrated in a plug-and-play manner, as
demonstrated in the Suppl. B. For training, we employ stan-
dard loss functions: Smooth-L1 loss and cross-entropy loss
for detection, and Online Instance Matching (OIM) [69]
loss for re-ID. In the following sections, we provide detailed
explanations of each module in our framework.

3.4. Diffusion-Guided Region Proposal Network

DGRPN leverages the strong alignment between diffu-
sion features and text embeddings by utilizing the cross-
attention mechanism associated with the "person" token
embedding, as discussed in Sec. 3.2. Specifically, we extract
the feature map F3

u and the cross-attention map Matt from

the corresponding cross-attention layer. The cross-attention
map encodes attention scores that highlight person-related
regions. However, due to the complexity of person search
datasets with their cluttered backgrounds and multiple over-
lapping individuals, this attention map may lack sharpness
or be imprecise. To address this, we first threshold the cross-
attention map to retain only high-confidence regions:

Mth(i, j) =

{
Matt(i, j), if Matt(i, j) > τ

0 otherwise,
(1)

where τ is a predefined threshold. Next, we use the set of
sampled pixels S = {(i, j) | Mth(i, j) > 0} as Gaussian
centers. Each selected pixel (i, j) ∈ S serves as a candidate
center (ckx, c

k
y) for a Gaussian distribution, where k indexes

different detected peaks. For each sampled pixel, we define
its Gaussian standard deviation (skw, s

k
h) based on local spa-

tial statistics:

skw = max

δ,
√ ∑

i,j∈N (ckx,c
k
y)

(i− ckx)
2 ·Mth(i, j)

 ,

(2)
where N (ckx, c

k
y) represents a local neighborhood around

(ckx, c
k
y), and δ is a hyperparameter ensuring a minimum size

for the Gaussian. The standard deviation skh is computed in
the same manner for the vertical axis. Using these centers
and variances, we construct Gaussian maps:

Gk(i, j) = exp

(
− (i− ckx)

2

β(skw)
2

−
(j − cky)

2

β(skh)
2

)
, (3)
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where β is a learnable scaling factor. Since multiple peaks
can exist in the attention map, we aggregate all Gaussian
maps by taking the element-wise maximum across them,
producing the final map Gdet(i, j) = maxk Gk(i, j). Fi-
nally, we modulate the detection-specific feature map F3

u

using the generated Gaussian map as follows:

Fdet = F3
u + γ

(
Gdet ⊙ F3

u

)
, (4)

where ⊙ denotes element-wise multiplication, and γ is
a learnable parameter that controls the influence of the
Gaussian-modulated features. This enhanced feature map
Fdet is used as input to the region proposal network.

3.5. Multi-Scale Frequency Refinement Network
As discussed in Sec. 3.2, diffusion features effectively

capture both global context and fine-grained details. How-
ever, they tend to exhibit a shape bias due to the denois-
ing process. To mitigate this, we propose MSFRN to im-
prove discriminability by enhancing high-frequency details
in diffusion features. Specifically, we first extract re-ID
specific multi-scale feature maps from the up-stage, us-
ing four feature maps from F3

u, two from F2
u, and one

from F1
u, yielding a total of seven feature maps. Then,

MSFRN processes each feature independently to capture
unique characteristics. To be specific, for each feature map
Fl,i

u , where i indexes different layers within the same level
l, we apply a Lightweight Processing Module (LPM) con-
sisting of 1 × 1 and depth-wise convolutions: Fl,i

r =
Conv1×1

(
DepthConv

(
Conv1×1(F

l,i
u )
))

. These processed
features are then aggregated within each level using con-
catenation followed by a 1 × 1 convolution, yielding three
multi-scale refined features F3

r,F
2
r, and F1

r .
To enhance high-frequency details, we adopt a hierar-

chical frequency decomposition strategy within the Fre-
quency Refinement Module (FRM). The lowest-resolution
feature F1

r is first upsampled and added to F2
r , followed

by Layer Normalization to yield F2′

r . We then apply the
Discrete Wavelet Transform (DWT) to F2′

r , obtaining four
sub-bands: a low-frequency component FLL and three
high-frequency components FLH ,FHL,FHH . Each high-
frequency band is refined using a Sub-band Refinement
Block (SRB), consisting of depth-wise separable convo-
lution, global average pooling, a 1 × 1 convolution, and
a sigmoid activation to produce a channel-wise attention
vector sX . This vector modulates the feature as: F̂X =
sX · DepthConv(FX), X ∈ {LH,HL,HH}. To recon-
struct the refined feature, we apply the Inverse DWT with
learnable scaling factors γX :

F2′′

r = IDWT(FLL, γLHF̂LH , γHLF̂HL, γHHF̂HH).
(5)

This output is upsampled and added to F3
r , where the same

process is repeated. Finally, a 1 × 1 convolution is applied
to the refined feature F3′′

r to obtain the final output Frefined.

Our MSFRN effectively enhances fine-grained discrimi-
native information by leveraging hierarchical frequency de-
composition and multi-scale fusion, mitigating the loss of
high-frequency details in shape-biased features.

3.6. Semantic-Adaptive Feature Aggregation Net-
work

SFAN harnesses the strong alignment between diffu-
sion features and text embeddings in their shared seman-
tic space to enhance person representations. Given the re-
fined feature map Frefined obtained from MSFRN, we first
compute the similarity between each spatial feature and
pre-defined text embeddings corresponding to human body
regions, including "head", "shirts", "pants", and
"shoes". Through experiments, we identify the optimal
combination of text prompts, with additional details pro-
vided in the Suppl. C. These text embeddings, extracted
from the CLIP [50] text encoder of a text-to-image diffu-
sion model [52, 54], are computed only once. The cosine
similarity between the refined feature map and each text em-
bedding token is computed, producing four spatial semantic
maps, Shead,Sshirts,Spants,Sshoes, where each Sc highlights
the relevance of each feature location to the correspond-
ing body part c. We utilize these semantic maps to gen-
erate spatially adaptive person feature maps. Specifically,
each semantic map Sc is normalized via a softmax func-
tion over all categories to obtain a probability distribution
Ŝc. The refined feature map is then weighted by these nor-
malized maps to emphasize semantic regions while preserv-
ing global spatial structure. This process is formulated as
Fc = Ŝc ⊙ Frefined, where ⊙ denotes element-wise multi-
plication, applying the semantic relevance as a spatial at-
tention mechanism. To integrate all semantic regions while
maintaining spatial consistency, the refined body-part fea-
tures are aggregated as:

Fsem =
∑
c

WcFc, (6)

where Wc is a learnable weight parameter that adap-
tively balances contributions from different body regions.
Through this adaptive weighting mechanism, SFAN empha-
sizes informative body regions while suppressing irrelevant
background noise and occluded regions.

4. Experiments
4.1. Experimental details
Datasets and evaluation metrics. Following prior meth-
ods [3, 5, 17, 33, 69, 72, 73], we evaluate our model on
CUHK-SYSU [69] and PRW [77]. CUHK-SYSU contains
18,184 images, 96,143 pedestrian boxes, and 8,432 iden-
tities, with 11,206 images for training and 6,978 for test-
ing. PRW consists of 11,816 frames from six cameras, with
43,110 boxes for 932 identities, including 5,704 training
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Method Backbone CUHK-SYSU PRW

mAP Top-1 mAP Top-1

OIM [69] ResNet50 75.5 78.7 21.3 49.4
IAN [68] ResNet50 76.3 80.1 23.0 61.9
QEEPS [45] ResNet50 88.9 89.1 37.1 76.7
BINet [10] ResNet50 90.0 90.7 45.3 81.7
APNet [79] ResNet50 88.9 89.3 41.9 81.4
NAE [5] ResNet50 91.5 92.4 43.3 80.9
NAE+ [5] ResNet50 92.1 92.9 44.0 81.1
PGSFL [27] ResNet50 90.2 91.8 42.5 83.5
SeqNet [33] ResNet50 93.8 94.6 46.7 83.4
DMRNet [17] ResNet50 93.2 94.2 46.9 83.3
AlignPS [72] ResNet50 93.1 93.4 45.9 81.9
COAT [73] ResNet50 94.2 94.7 53.3 87.4
PSTR [3] ResNet50 93.5 95.0 49.5 87.8
PSTR [3] PVTv2-B2 95.2 96.2 56.5 89.7
SeqNeXt [23] ConvNeXt 96.1 96.5 57.6 89.5
SeqNeXt+GFN [23] ResNet50 94.7 95.3 51.3 90.6
SeqNeXt+GFN [23] ConvNeXt 96.4 97.0 58.3 92.4
SOLIDER [8] Swin-S 95.5 95.8 59.8 86.7
SEAS [26] ResNet50 96.2 97.1 52.0 85.7
SEAS [26] ConvNeXt 97.1 97.8 60.5 89.5

DiffPS (Ours) SD v2-1 97.8 98.4 62.0 91.0

Table 1. Comparison with the state-of-the-art methods on CUHK-
SYSU [69] and PRW [77] test sets. Numbers in bold indicate the
best performance and underscored ones are the second best.

and 6,112 test images. Performance is measured using mean
average precision (mAP) and top-1 accuracy (Top-1).

Implementation details. We train our model end-to-end
for 20 epochs. We use the Adam [28] optimizer, where β1

and β2 are set to 0.9 and 0.999, respectively. We use a warm-
up and step decay strategy, linearly increasing the learning
rate from a starting point of 1× 10−7 to 1× 10−4 over the
first epoch. The batch size is set to 5 and random horizon-
tal flip is used as the augmentation method. In DGRPN, the
threshold τ is set to 0.7 and δ to 5. We use Stable Diffu-
sion [54] v2-1 as the backbone. For the part-based encoder,
we follow the design of SEAS [26].

4.2. Comparison to the state-of-the-arts
CUHK-SYSU. On the CUHK-SYSU [69] dataset, our
DiffPS achieves state-of-the-art performance with 97.8%
mAP and 98.4% Top-1 accuracy, surpassing all previ-
ous methods. Notably, DiffPS outperforms ResNet50 [19]-
based methods by a large margin of 1.6-22.3% in mAP.
Even when compared to methods using more advanced
backbones like ConvNeXt [39] and Swin-S [38], DiffPS
demonstrates superior performance, highlighting the effec-
tiveness of leveraging the diffusion priors for person search.

PRW. The PRW dataset presents a more challenging sce-
nario, yet DiffPS maintains its superior performance with
62.0% mAP and 91.0% Top-1 accuracy. This represents a
significant improvement of 2.2% mAP over SOLIDER [8]
and 1.5% over SEAS [26] with ConvNeXt [39]. While our
Top-1 accuracy is slightly lower than SeqNeXt+GFN [23],
we achieve a significantly higher mAP.

Method Detection Re-ID

AP mAP Top-1

DMRNet [17] (joint optimized) 86.6(-1.5) 93.2(-0.4) 94.2(-0.8)
DMRNet [17] (detection only) 88.1 - -
DMRNet [17] (re-ID only) - 93.6 95.0

DMRNet++ [18] (joint optimized) 88.3 (-1.1) 94.4 (-0.7) 95.5 (-1.1)
DMRNet++ [18] (detection only) 89.4 - -
DMRNet++ [18] (re-ID only) - 95.1 96.6

Ours (joint optimized) 90.9 97.8 98.4
Ours (detection only) 90.9 - -
Ours (re-ID only) - 97.8 98.4

Table 2. Comparison of joint and individual task optimization on
CUHK-SYSU [69] test set. Numbers in parentheses indicate per-
formance drop from individual to joint optimization.

Type Combination mAP Top-1

(a) Level 1 Only 50.0 85.6
(b) Level 2 Only 58.0 89.4
(c) Level 3 Only 56.7 89.0

(d) Level 0 + 2 56.1 86.9
(e) Level 1 + 2 60.3 89.7
(f) Level 2 + 3 61.3 91.2
(g) Level 1 + 2 + 3 62.0 91.0
(h) All levels combined 60.5 90.8

Table 3. Ablation study on feature map selection for re-ID on
PRW [77] test set. (a)-(c) use the top 7 highest performing features
from a single level, (d)-(f) utilize 4 from each level, (g) combines
1, 2, and 4, and (h) uses 2 from each level.

4.3. Ablation Study
Resolving conflict. As shown in Table 2, we compare our
method with DMRNet [17] and DMRNet++ [18], which
also employ a decoupled design but still suffers from op-
timization conflicts. These methods exhibits a noticeable
performance degradation when jointly optimizing detection
and re-ID tasks compared to their individual optimization.
This degradation highlights the challenge of using a shared
backbone, where competing gradients from different tasks
interfere with each other during training. Despite its de-
coupled design, they cannot fully eliminate this conflict
as it updates the shared backbone with contradictory ob-
jectives. In contrast, our method achieves identical perfor-
mance whether trained jointly or separately for each task.
This perfect decoupling stems from maximizing diffusion
priors through specialized modules without the need to up-
date the shared backbone.

Feature selection. Selecting task-specific features for de-
tection and re-ID requires careful consideration. While de-
tection achieves strong performance with a single feature
map, re-ID benefits from a thoughtful selection of multi-
ple feature maps to capture richer discriminative informa-
tion. Table. 3 presents the impact of different feature se-
lection strategies on re-ID performance. This experiment is
based on the layer-wise analysis provided in the Suppl. J.
The results demonstrate that combining multi-scale features
from multiple levels consistently outperforms single-level
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Figure 5. Timestep analysis of diffusion features on PRW [77]. (a)
Detection performance (AP) using three different layers from up-
stage level 3 (blue, orange, green). (b) Re-ID performance (mAP)
using features corresponding to (g), (b), and (c) from Table 3 (blue,
orange, green). (Best viewed in color.)

features. This may be attributed to the complementary in-
formation captured at different scales. Notably, level 0 fea-
tures performed poorly due to their limited spatial resolu-
tion, which restricts their capacity to encode discrimina-
tive features. The optimal performance is achieved with (g),
yielding 62.0% mAP and 91.0% Top-1 accuracy, which we
adopt in our final configuration.

Timesteps for detection and re-ID. As shown in Fig. 5,
we observe distinct performance trends across different
timesteps. For detection (Fig. 5(a)), AP remains stable up
to moderate timesteps but starts to decline beyond t=200.
This suggests that detection benefits from noise acting as
a regularizer, improving robustness to varying scene con-
ditions. In contrast, re-ID performance (mAP) deteriorates
more rapidly, with a monotonic decline (Fig. 5(b)). Since
re-ID relies on fine-grained details for identity discrimina-
tion, even small amounts of noise disrupt feature consis-
tency, making it more sensitive to timestep variations. No-
tably, both tasks achieve optimal performance at t=0, where
the features preserve clear semantic structure without noise
interference, supporting the analysis in Sec. 3.2.

DGRPN. We conduct an ablation study to evaluate the
effectiveness of DGPRN, as shown in Table 4. The base-
line is Faster R-CNN [53], a widely used in prior meth-
ods [23, 26, 33, 69], and we observe that incorporating DG-
PRN improves performance. This indicates that diffusion
priors effectively guide region proposals by highlighting po-
tential areas of interest. In the ablation study for τ , the re-
sults show that when τ is too low, unnecessary regions are
included, causing a drop in AP, while a high τ removes valu-
able information, reducing recall. The optimal performance
is achieved at τ = 0.5, balancing precision and recall.

MSFRN and SFAN. Table 5 presents the ablation study
on PRW [77], evaluating the impact of MSFRN and SFAN.
The baseline employs DGRPN for detection and a part-
based encoder for re-ID. Integrating MSFRN enhances
mAP (+2.5%) and Top-1 accuracy (+2.5%) by refining
high-frequency details, which are crucial for distinguish-
ing similar individuals through identity-discriminative fea-
tures. As shown in Fig. 6 (a), MSFRN effectively am-

Method AP Recall

Baseline 94.2 97.5
+ DGRPN 94.8 98.1

τ = 0.2 94.4 97.9
τ = 0.5 94.8 98.1
τ = 0.8 94.7 97.6

Table 4. Ablation study of
DGRPN on PRW [77].

Components Performance

MSFRN SFAN mAP Top-1

59.1 88.1
✓ 61.6 90.6

✓ 59.6 88.4
✓ ✓ 62.0 91.0

Table 5. Ablation study of MS-
FRN and SFAN on PRW [77].

(a) (b)
Figure 6. Qualitative results of MSFRN and SFAN. (a) The
first row shows features before MSFRN, while the second row
presents the refined outputs, with the right column visualizing
high-frequency components via DWT. (b) The first column dis-
plays original person crops, and the second column presents
PCA [42] visualizations of features before being processed by
SFAN. The third column shows the aggregated semantic maps∑

c Ŝc, and the last presents Fsem, the final semantic features.

plifies fine-grained patterns and high frequency informa-
tion, as evident in the refined feature maps and correspond-
ing high-frequency components. Adding SFAN further im-
proves mAP (+0.5%) and Top-1 accuracy (+0.3%) by lever-
aging text-aligned semantic features, which enhance robust-
ness to occlusions and pose variations through region-aware
representations. Fig. 6 (b) illustrates how the semantic rep-
resentation Ŝc highlights discriminative body parts, while
the final refined feature Fsem effectively suppresses back-
ground noise and occlusions, ensuring a stronger focus on
the person. Further experiment on occlusion robustness is
provided in the Suppl. F. Combining MSFRN and SFAN
in DiffPS yields the best performance (62.0% mAP, 91.0%
Top-1), confirming that the two modules complement each
other to improve re-ID performance.

5. Conclusion

In this paper, we propose DiffPS, a novel person search
framework that fully leverages the prior knowledge of pre-
trained diffusion models to address the fundamental chal-
lenges of backbone generalization and task conflict. Based
on our analysis of diffusion priors, we introduce three spe-
cialized modules that maximize their effectiveness for per-
son search. DiffPS completely resolves the optimization
conflict between detection and re-ID while achieving state-
of-the-art performance on CUHK-SYSU and PRW.
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