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Abstract

Open-world person re-identification (ReID) faces severe spatially asymmetric interferences,
such as partial occlusion and illumination distortion. Existing models adopting static
weight fusion irreversibly corrupt identity representations when processing localized
noise. To address this, we propose a Scene-Prompt-Driven Dynamic Routing Expert
Network (SPDR-Net). Guided by spatial topological prior constraints, SPDR-Net treats
person semantic parts as independent local experts. First, a semantic expert module
decouples and refines local features using human spatial topology priors. Second, a
Prompt-Guided Dynamic Routing (PGDR) network extracts high-level scene contexts to
dynamically evaluate each expert’s reliability, assigning routing weights to attenuate noise
propagation. Finally, a global–local fusion module superimposes high-purity local features
onto a global identity anchor, maintaining topological integrity to generate a unified
descriptor for robust person re-identification. Extensive experiments on seven public
benchmarks and a newly constructed real-world street dataset (SD-ReID) demonstrate that
SPDR-Net achieves highly competitive performance against state-of-the-art methods and
exhibits superior robustness under severe spatial-asymmetric interferences. Furthermore,
end-to-end multi-camera closed-loop tests verify its robust decision-making capability and
high engineering application value in real-world security systems.

Keywords: person re-identification; dynamic routing; mixture of experts; spatially
asymmetric interference; scene prompt learning

MSC: 68U10

1. Introduction
Person re-identification (ReID) serves as a core component of visual decision support

systems in smart cities [1]. This technology accurately retrieves and matches specific
target pedestrians across monitoring camera networks with non-overlapping fields of view.
With the deep integration of smart cities and public security monitoring, the research
focusing on ReID technology has shifted from controlled scenes to open scenes with high
uncertainty. However, ReID technology in the open world faces more severe and complex
challenges than laboratory datasets: (1) Open scenes possess environmental randomness.
Target images are often collected under composite interference, such as uncontrolled
illumination changes, weather conditions, and low-resolution imaging caused by long
distances [2]. This unpredictable domain shift phenomenon degrades the feature extraction
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ability of models trained on high-quality static images. (2) Closed-world ReID usually
assumes that the query target exists in the gallery and the identity categories are fixed.
However, in real open-world retrieval, the monitoring gallery is often mixed with a large
number of unknown and similar non-target persons. Meanwhile, over time, the monitoring
system needs to continuously address new identities and appearance changes that have
never appeared in the training stage [3,4]. This requirement imposes stringent demands
on the cross-domain generalization and high-level semantic discrimination ability of the
ReID model. (3) Existing studies usually regard occlusion, cross-modality, or resolution
degradation as global domain shifts. However, in the open world, this environmental noise
often manifests as spatial asymmetry. Specifically, environmental interference on persons is
not uniformly distributed in space. For example, roadside non-motorized vehicles may only
occlude the lower half of the person, causing an asymmetric loss of spatial features [5,6].
Strong local top lighting or shadows may only cause modal changes in the upper half of
the body. As shown in Figure 1, this spatially asymmetric interference heavily degrades
traditional static fusion models. Because these conventional models treat all body parts
equally, their identity representations are easily dominated by local noise features.
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Figure 1. Challenges in open-world person re-identification. The upper part shows the composite
challenges brought by environmental randomness (such as sudden illumination changes, low resolu-
tion, and infrared cross-modality) and target appearance mutations (such as severe occlusion and
frequent clothing changes). The lower part shows the phenomenon of spatially asymmetric interfer-
ence and its countermeasure. For a sample image polluted by local noise, traditional static feature
fusion models are easily dominated by this local noise. This dominance leads to misidentification.
In contrast, our SPDR-Net can accurately perceive the spatial asymmetry of environmental interfer-
ence. Through non-linear reasoning, this network reduces the feature weights of the damaged parts.
Consequently, it mitigates the propagation of local noise and finally outputs a high-purity routing
feature sequence to achieve robust identity recognition. The arrows indicate the feature-processing
direction; the colored token blocks denote features from different body regions; gray or attenuated
blocks indicate suppressed noisy features; and Ek, K, and ωk denote the k-th local feature, the number
of semantic parts, and the corresponding dynamic routing weight, respectively.

To address these challenges, researchers have proposed many solutions. One cate-
gory is Vision Transformer-based methods, represented by TransReID. These methods
attempt to introduce camera IDs or posture information as auxiliary biases [7]. Another
category is prompt learning-based methods, such as VersReID [8] or CLIP-ReID [9]. These
prompt-based methods utilize the semantic prior of large language models to assist feature
alignment [10]. Although these methods have achieved breakthroughs on specific datasets,
they still have two limitations when handling the aforementioned “spatially asymmetric
interference”. (1) Redundancy of global priors. Existing prompt learning methods mostly
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apply scene information to global feature alignment. Therefore, these methods cannot
finely evaluate the reliability of different body parts under specific interference. (2) Static
feature fusion. Part-aware models, represented by PCB [11] or MGN [12], usually adopt
a fixed weight fusion strategy. When a specific local feature suffers from severe noise
interference, this noisy feature will inevitably pollute the final identity representation. This
pollution leads to poor robustness of the model in extreme scenes.

This paper argues that the core of solving the open-world ReID problem does not lie in
arbitrarily increasing feature dimensions. Instead, the core lies in establishing a “dynamic
trust mechanism” between environmental semantics and local features. We find that the
human visual system naturally leverages spatial topology to adaptively shift attention.
When the environment indicates that the lower body is occluded, the attention bandwidth
is dynamically redirected to the visible head and torso regions. This decision process based
on environment prompts is exactly an area rarely covered by existing models.

Inspired by this cognitive mechanism, the paper proposes a Scene-Prompt-Driven
Dynamic Routing Expert Network (SPDR-Net) to complete ReID task. This method incor-
porates occluded or severely affected local features into a dynamically optimized Mixture of
Experts (MoE) system. Specifically, we design a lightweight prompt-guided gating module.
This gating module takes the scene prompt vector as a contextual reference [13]. It then
dynamically assigns routing weights to spatially semantic local expert features. In this way,
the model can autonomously suppress features from severely noise-polluted parts based
on real-time environmental feedback. Meanwhile, the model enhances the features of clear
and reliable parts.

The contributions of this paper are summarized as follows:

(1) This paper proposes a Scene-Prompt-Driven Dynamic Routing Expert Network (SPDR-
Net). The architecture extends the conventional global prompt alignment to fine-
grained local expert routing. Furthermore, this architecture favorably enhances the
scene adaptive capability of the model in open-world environments.

(2) A sparsity routing entropy loss function is designed. By explicitly penalizing the
information entropy of the routing weight distribution, this loss function forces
the network to generate polarized weights under interference, thereby effectively
suppressing the representations of noisy parts.

(3) We construct a real-world street scene dataset named SD-ReID, which contains 147
identities and over 10,000 images. Moreover, we build a multi-scene real-world
evaluation platform integrating software and hardware. This platform fills the gap of
existing research in industrial closed-loop testing.

(4) Extensive experiments are conducted on seven mainstream public datasets and the
newly constructed SD-ReID dataset (covering normal, occlusion, clothing-changing,
and infrared scenes). The experimental results show that the SPDR-Net significantly
outperforms current methods in cross-scene generalization ability.

2. Related Work
2.1. Open-World Person Re-Identification

Early research on person re-identification (ReID) mainly focused on closed-world
assumptions in controlled environments. However, Zheng et al. [14] pioneered the iden-
tification of the “Open-World” challenge in real-world surveillance networks. In these
unconstrained scenarios, the gallery contains a massive number of unknown non-target
distractors, and the target appearance evolves drastically over time. With the evolution
of deep learning, Vision Transformer (ViT)-based architectures (such as TransReID [15])
have achieved breakthroughs in cross-domain feature extraction. This success relies on
their powerful global receptive fields. Based on this foundation, researchers have pro-
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posed numerous customized solutions to cope with the complex physical environments
and target changes in the open world. For example, Chen et al. [16] recovered the lost
details of distant targets through a cross-resolution joint learning strategy. Gao et al. [17]
designed an identity-guided collaborative learning framework to address the frequent
clothing-changing problem in cross-period tracking. In recent years, with the applica-
tion of large foundation models, prompt learning has been widely introduced into the
vision domain to solve multi-scene generalization problems. CLIP-ReID, proposed by
Li et al. [9], pioneered the introduction of the vision–language model prompt mechanism
into ReID tasks. This method significantly improves the representation ability of cross-
domain features without additional annotations. Zheng et al. [8] further proposed the
VersReID framework. This framework utilizes learnable pure-vision scene prompt vectors
to dynamically adapt to various environmental domain shifts. More recently, Wen et al.
proposed Prompt-Anchored Vision–Text Distillation (PAD) for lifelong person ReID, which
uses prompt anchors to transfer vision–language knowledge while mitigating catastrophic
forgetting across sequentially arriving ReID domains [18]. However, the above prompt
learning-based methods usually treat environmental noise (such as illumination distortion
and occlusion) as a kind of “global domain shift” [19]. Therefore, they attempt to align data
distributions at the global feature level [20]. In the real open world, this strategy ignores the
fact that environmental interference often possesses strong spatial asymmetry [21]. When
severe corruption occurs in local image regions, relying solely on global prompts easily
causes features in undamaged areas to be undesirably affected [22,23].

2.2. Mixture of Experts

To combat spatially asymmetric environmental noise (including physical occlusion, lo-
cal illumination mutation, and local blur), researchers have turned their attention to human
part-based local feature extraction networks. The PCB model proposed by Sun et al.
pioneered local feature learning through a horizontal slicing strategy. Subsequently,
Zeng et al. [24] explored the problem of local illumination adaptation to address visual
loss caused by asymmetric interference. Wang et al. [25] proposed a Feature Erasing and
Diffusion (FED) network to infer the semantics of occluded parts. Zhang et al. [5] and
Mishra et al. [26] successively utilized the attention mechanism of Transformers for part
perception and local denoising reconstruction. These local networks have alleviated the
spatial feature alignment problem (Spatial Misalignment [27]) caused by various local
feature asymmetries to some extent. Nevertheless, the vast majority of these methods still
adopt the fusion strategy of static feature concatenation or average pooling. This static
strategy means that whether a local feature is severely occluded or in extreme shadow, its
polluted noise may still be retained in the final identity metric. To overcome this static
bottleneck, the concept of the Mixture of Experts (MoE) system has begun to emerge in
the vision domain. The V-MoE proposed by Riquelme et al. [28] proved that the sparse
routing mechanism can effectively improve the anti-interference ability of large vision
models. Puigcerver et al. [29] further explored the application of soft routing in image
patch processing. Inspired by this, some recent studies attempt to introduce dynamic
routing into fine-grained image retrieval and video ReID. These studies select different
channels through a gating network [30,31].

Although the aforementioned local networks and routing mechanisms have achieved
promising progress in their respective studies, most existing methods separate the inherent
connection between macro environmental perception and micro local routing [32]. When
facing local asymmetric disturbances in the open world, traditional dynamic routing often
lacks high-level decision guidance with cross-domain prior knowledge [33]. To fill this
research gap, the SPDR-Net framework proposed in this paper innovatively and deeply
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integrates scene prompt learning with local Mixture of Experts (MoE) routing [34]. This
framework no longer relies on blind static feature fusion; instead, it treats the extracted
scene prompts as the macro decision context for dynamic routing [35]. Through the sparse
gating mechanism, the network can autonomously perceive and strongly suppress expert
paths with severe local contamination. This design provides a novel dynamic adaptive
paradigm for dealing with local asymmetric disturbances in the open world [36].

2.3. Structural Differences from Existing Paradigms

To clarify our contributions, we explicitly distinguish the proposed SPDR-Net from ex-
isting part-based, Mixture-of-Experts (MoE), and prompt learning ReID methods. (1) Unlike
traditional part-based models (e.g., PCB [11]) that rely on static, rigid feature concatenation
under a fixed fusion weight, SPDR-Net introduces a dynamic gating routing network
to adaptively adjust part weights based on real-time environmental context. (2) Unlike
conventional vision MoE networks (e.g., V-MoE [28]) where sparse experts share the same
semantic output space and are merged via a weighted sum, our spatial experts represent
physically distinct, non-overlapping body parts. We adopt a spatial concatenation strategy
to strictly preserve the human body’s vertical topology. (3) Unlike typical prompt learning
ReID frameworks (e.g., VersReID [8]) that utilize scene prompts to perform global feature
alignment, SPDR-Net uses the extracted scene prompts as a macroscopic decision context
to guide the fine-grained routing of local experts. This design bridges the gap between
global environmental perception and local feature selection, providing a highly adaptive
routing paradigm.

3. Proposed Method
3.1. Overview

The proposed SPDR-Net framework is a unified dynamic routing architecture designed
to solve the person ReID problem under complex open-world environments. Its overall
architecture is shown in Figure 2.
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Figure 2. Overall architecture of the proposed SPDR-Net. (Input and Encoder) Input image X is fed
into the ViT backbone to extract global spatial features, which are split into the global identity anchor
Fglobal and the patch token sequence Epatch. (Latent Semantic Experts) Guided by human spatial
topology priors, the patch sequence is decoupled into K latent semantic part experts {Ek}K

k=1, which
are independently denoised and refined via self-attention (Q, K, V) in their respective subspaces.
(Dynamic Routing) The Prompt-Guided Dynamic Routing (PGDR) network extracts the global
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visual context vctx, aligns it with the learnable scene prompt prior S ∈ R1×dg to form the decision
basis Ujoint, and infers polarized routing weights ω = [ω1, . . . , ωK ] via a sparse gating module to
modulate corrupted expert features and output the high-purity routing sequence Eroute. (Fusion and
Optimization) A global–local fusion module performs residual addition between the intact global
anchor Fglobal and dimension-aligned local features Flocal to yield the final identity descriptor Ff inal ,
trained end-to-end with a joint objective Ltotal comprising cross-entropy loss Lce, triplet loss Ltri,
and sparsity routing entropy loss Lent. The arrows indicate the direction of data flow; colored token
blocks distinguish spatial body-part features and processing branches; ⊕ denotes residual addition;
and the loss boxes denote the three joint optimization objectives.

This network is a micro Mixture of Experts (MoE) system based on the human physical
topological structure. Simultaneously, it dynamically decides the feature confidence of each
expert through high-level scene semantics. First, the original image is projected into a Patch
token sequence. Next, this sequence enters the semantic part expert partition stage. In this
stage, the person token sequence is decoupled into K independent semantic expert repre-
sentations according to the spatial topological structure. Meanwhile, the scene perception
branch extracts the latent environmental context from global features. Then, the Prompt-
Guided Dynamic Routing (PGDR) network infers the real-time routing weight for each part
expert. Finally, the features enhanced by routing weighting and cross-expert collaboration
are fused with global features. This fusion generates the final identity descriptor, which is
jointly supervised and optimized by the triplet loss and the cross-entropy loss.

To describe this process more rigorously, the entire inference pipeline is formalized as
a composite function. Let X ∈ RH×W×3 denote the input person image tensor, where H
and W are the height and width of the image, respectively. First, the image is mapped into
a Patch sequence, denoted as Epatch ∈ RN×D. Here, N is the number of patches, and D is
the embedding dimension:

Epatch = Flatten(X) ·Wproj + Epos (1)

where Flatten(X) represents flattening the original image along the spatial dimension.
Wproj is a learnable linear projection matrix used to map the flattened image patches into
a D-dimensional feature space. Epos is a learnable position embedding vector used to
retain the spatial geometric topology relationship of each patch in the original 2D image.
Subsequently, based on the prior knowledge of human physical structure, Epatch is vertically
divided into K local expert sequences {Ek}K

k=1. At the same time, the routing module
generates a scene prompt vector vctx based on global statistical information, and calculates
the corresponding gating routing weight ω ∈ RK:

vctx =
1
N

N

∑
i=1

E(i)
patch (2)

ω = Softmax
(

max(0, vctxWs + S)Wg + bg

τ

)
(3)

where Ws ∈ RD×dg and Wg ∈ Rdg×K are learnable weight matrices used for dimensionality
reduction and feature mapping in the gating network, respectively. S ∈ R1×dg represents
the predefined scene prompt prior, bg ∈ R1×K represents the learnable bias vector, and τ

denotes the temperature scaling factor. The Softmax function ensures that the sum of the
finally output routing weights ω ∈ R1×K is equal to 1. In Equation (4), the routing sequence
Eroute ∈ RK×D is generated by concatenating the scaled local features along the sequence
dimension, where [·, ·] represents the spatial concatenation operation. The modulated
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local features are then re-concatenated along the sequence dimension to generate a unified
routing feature sequence Eroute:

Eroute = [ω1 · E1, ω2 · E2, . . . , ωK · EK] (4)

where [·, ·] represents concatenation along the sequence dimension. Finally, this dynamic
routing sequence is not directly used for classification. Instead, it is fed into the global–local
collaborative fusion module. The network extracts the original macroscopic information
without local partition as the global identity anchor Fglobal . Then, it superimposes the
dimension-aligned routing features onto this anchor as a residual vector. This process
generates the final unified identity descriptor Ff inal for supervised training. Through the
above pipeline, the SPDR-Net can autonomously perceive scene changes and dynamically
adjust feature attention. In the following sections, the internal structure and mathematical
implementation of each module are introduced in detail.

3.2. Semantic Part Expert Construction and Local Feature Refinement

To enable the model to cope with the spatially asymmetric interference challenges in
open scenes, the system must possess the ability to decouple local representations with
independent semantic attributes from global features. Traditional local feature models
mostly adopt a hard horizontal slicing strategy based on physical coordinates. However,
this strategy will introduce severe semantic misalignment when the bounding box is
unaligned or the human posture changes drastically. Therefore, a local expert construction
mechanism based on latent semantic aggregation is proposed. Instead of forcing hard
pixel-level segmentation, this mechanism introduces human physiological topology priors
to adaptively aggregate tokens with similar semantic affiliations into independent expert
paths. This is shown in Figure 3.
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Figure 3. Internal structure of the semantic part expert construction and local feature refinement
module. Arrows indicate the processing direction; token colors distinguish patches assigned to
different semantic body-part experts; Q, K, and V denote the query, key, and value projections; and
the ellipsis denotes intermediate experts or patch tokens omitted only for visual compactness.

First, K latent local semantic centers are uniformly or adaptively defined along the
vertical axis. These centers cover the macroscopic spatial distribution of the person from
head to foot. The human body structure exhibits a stable topology in the vertical dimen-
sion, whereas its horizontal distribution is highly sensitive to camera angles and walking
directions. Therefore, we exclusively define the semantic centers along the vertical axis.
Given N Patch tokens, the spatial center coordinate of each token i is denoted as (xi, yi).
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To achieve semantic alignment, the correlation factor M(i,k) between token i and the k-th
local expert is calculated:

Mi,k =
exp(ϕ(yi, k))

∑K
j=1 exp(ϕ(yi, j))

(5)

where ϕ(·) is a spatial response function based on the Gaussian distribution. Its center
points are sequentially and equidistantly preset along the vertical central axis of the hu-
man body. This soft assignment mechanism ensures that even when the person posture
deviates slightly from the center, related patches can still be correctly classified into the
corresponding semantic expert paths.

In Equation (5), the spatial response function ϕ(yi, k) based on the Gaussian distribu-
tion is mathematically formulated as

ϕ(yi, k) = − (yi − µk)
2

2σ2 (6)

where yi represents the vertical coordinate of the i − th patch token, µk represents the
preset vertical center coordinate of the k− th semantic part, and σ represents the standard
deviation controlling the spatial response range. This soft assignment mechanism ensures
that even when the person posture deviates slightly from the center, related patches can
still be correctly classified into the corresponding semantic expert paths.

Subsequently, through weighted aggregation of the tokens, K initial local expert
features Eraw

k ∈ RNk×D:

Eraw
k =

{
Mi,k · e

(patch)
i | Mi,k > δ

}
(7)

where δ is a sparse threshold for filtering background noise. e(patch)
i represents the D-

dimensional feature vector obtained after the i-th patch passes through the Transformer lin-
ear embedding and position encoding. This process decouples the lengthy global sequence
into K candidate feature clusters with independent semantic directions. Although this
aggregation process achieves initial semantic clustering, the feature sequence within each
expert path still contains redundant noise due to the influence of background clutter (e.g.,
trees, persons) in open scenes. To extract high-purity identity discriminative signals within
each expert, an independent self-attention mechanism is introduced for each local expert to
perform secondary local feature refinement and suppress background interference.

For the k-th local expert Eraw
k , we first generate independent Query (Qk), Key (Kk),

and Value (Vk) matrices through linear mapping:

Qk = Eraw
k ×W(k)

q (8)

Kk = Eraw
k ×W(k)

k (9)

Vk = Eraw
k ×W(k)

v (10)

where W(k)
q , W(k)

k , W(k)
v ∈ RD×D are linear projection weights unique to the k-th part

expert. These weights are optimized independently and are not shared with other experts.
Subsequently, the similarity attention map within this expert is calculated and feature-
weighted denoising is performed:

Eattn
k = So f tmax

(
Qk × KT

k√
dh

)
Vk + Eraw

k (11)
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where dh is the scaling factor of the attention mechanism. To clearly define the tensor di-
mensions in Equation (11), the Query, Key, and Value matrices are represented as Qk, Kk, Vk,
respectively. The learnable linear projection weights are unique as W(k)

q ,W(k)
k ,W(k)

v ∈ RD×D.
The Softmax function operates row-wise on the computed similarity matrix of shape RNk×Nk

to model the contextual correlations. The output Eattn
k ∈ RNk×D represents the pure local

feature after part-level attention denoising. We clarify that the implicit denoising capability
of the self-attention mechanism within each semantic expert is achieved through spatial
weight redistribution. In open-world scenes, a cropped pedestrian bounding box often
contains redundant background clutter, such as trees, vehicles, or background pedestrians.
Since these background patches lack semantic correlation with the target pedestrian’s body
parts, the similarity calculation in Equation (11) assigns extremely low attention weights to
these non-salient regions. Conversely, the discriminative foreground patches belonging
to the pedestrian body receive high attention weights. By performing feature-weighted
summation, this self-attention block naturally filters out background noise and concen-
trates the feature energy on the clean body structures, thereby achieving implicit semantic
refinement within each expert’s subspace. To unify the feature dimensions to match the
weight calculation of the subsequent routing network, spatial average pooling is performed
on the denoised features Eattn

k along the sequence dimension. This operation compresses it
into a single expert descriptor:

Ek =
1

Nk

Nk

∑
i=1

E(attn,i)
k (12)

Through the above pipeline, K highly refined local expert feature vectors are finally
obtained. {E1, E2, . . . , EK}, where each vector dimension is Ek ∈ R1×D. These expert fea-
tures not only preserve the local fine-grained differences of the person but also achieve
initial fault tolerance for posture changes through the latent semantic aggregation mech-
anism. However, when facing extreme spatially asymmetric interference (e.g., a certain
part is completely occluded), the reliability of these expert features is not equal. Therefore,
the model needs an adaptive decision to assign transmission weights to each expert feature.

3.3. Prompt-Guided Dynamic Routing

After extracting the local expert features Ek, the model obtains a reliable feature foun-
dation. However, the model still needs to address the challenge of spatially asymmetric
interference in the open world. Traditional models usually adopt a static concatenation
fusion strategy. Once a certain body part suffers from severe occlusion or illumination
variation, its generated noise features will inevitably affect the overall identity represen-
tation. If each local expert is regarded as an independent information transmission path,
an optimal strategy for mitigating asymmetric noise is to establish a control center. This
center dynamically controls each information transmission path through a dynamic routing
decision. This router can act as a soft logical switch. Based on the overall environmental
quality of the current image, it adaptively determines the information bandwidth (i.e.,
weight) of each local feature path.

Based on the above problems, the Prompt-Guided Dynamic Routing (PGDR) module
is proposed. This module achieves the dynamic allocation of local expert weights by intro-
ducing high-level scene semantics. Before executing the environment-driven path decision,
the model first needs to perceive the current macroscopic environmental state (e.g., whether
it is in low illumination, or whether there is large-area physical occlusion). In Section 3.1,
the system has extracted the environmental context representation vctx ∈ R1×D through
Global Average Pooling. However, the original visual context often contains redundant
information and lacks the high-level semantic discriminative power to guide complex
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decisions. Therefore, PGDR introduces a learnable scene prompt prior S ∈ R1×dg (where
dg ≪ D is the compressed decision space dimension). This prompt vector is continuously
updated through backpropagation during training. It remembers the universal semantic
distribution patterns across various domain scenes. Inside the gating network, joint spatial
alignment is first performed between the high-dimensional visual context vctx and the
semantic prior S to generate a compact fusion decision basis Ujoint:

Ujoint = vctx ·Ws + S (13)

where Ws ∈ RD×dg is the spatial dimensionality reduction mapping matrix. This operation
strips away useless low-level pixel noise and compresses the decision signal into a pure
high-order semantic space. A natural question may arise regarding the self-referencing
relationship in Equation (12), where the global context vctx and the local experts {Ek}
are derived from the same initial patch tokens. We clarify that this design represents a
mathematically sound and highly efficient macro-to-micro feedback loop. Although they
share the same source, vctx extracts the low-frequency global style of the image (e.g., overall
illumination, weather conditions, and background color temperature) by average pooling
the entire sequence. In contrast, the local experts {Ek} preserve the high-frequency localized
physical topology of the human body. Using the global pooled representation of a system to
gate or modulate its own localized components is a well-established paradigm in computer
vision, such as in Squeeze-and-Excitation (SE) blocks or spatial-channel attention networks.
This top-down feedback mechanism allows the macroscopic scene semantics to guide the
trust allocation of microscopic details with zero additional parameter overhead.

After obtaining the fusion basis, the network needs to generate the corresponding
unnormalized routing probabilities for the K part experts. To endow the network with the
ability to strongly suppress a specific feature path under extreme interference, the sparse
non-linear characteristic of the ReLU function is utilized to perform truncation activation
on Ujoint:

hgating = max
(
0, Ujoint

)
(14)

Lroute = hgating ×Wg + bg (15)

where hgating represents the gating feature vector after sparse truncation activation.
Wg ∈ Rdg×K and bg ∈ R1×K are the linear projection weight matrix and bias term, re-
spectively. They map the decision spatial features to the probability of each part expert.
Lroute = [l1, l2, . . . , lK] ∈ R1×K is the unnormalized routing probability vector output by the
network. The magnitude of each element inside this vector represents the initial evaluation
score of the model regarding the reliability of the corresponding part expert.

Finally, to convert the discrete probability scores into routing weights ω ∈ R1×K that
satisfy the constraints of probability theory, the So f tmax function is applied to normalize
Lroute. In addition, to further sharpen the weight distribution (i.e., enlarge the weight
gap between high-confidence and low-confidence parts), a temperature scaling factor τ

is introduced:

ωk =
exp(lk/τ)

∑K
j=1 exp

(
lj/τ

) , k ∈ {1, 2, . . . , K} (16)

where lk and lj represent the k-th and j-th elements in the routing probability vector Lroute,
respectively. τ is the temperature variable controlling the smoothness of the probability dis-
tribution. In all experiments, τ is fixed at 1.0 during both training and inference. ωk ∈ (0, 1)
is the final dynamic routing weight assigned to the k-th part expert after normalization.
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We also address the mathematical properties of the softmax function in Equation (16).
Theoretically, the output of a standard softmax function is strictly positive, meaning that
a strongly suppressed expert path still retains a non-zero weight. In our formulation,
the ReLU operation in Equation (14) is applied to the intermediate gating representation
Ujoint, producing hgating = max(0, Ujoint); it does not directly truncate the routing logits.
The logits Lroute = hgating×Wg + bg in Equation (15) are subsequently generated by a linear
projection and may still take negative values. Therefore, the routing sparsity should be
understood as originating from the non-negative hidden gating representation, the entropy
regularization, and the temperature-controlled Softmax normalization, rather than from
forcing negative logits to zero. Under extreme local interference, this design drives the
gating network to generate highly polarized but strictly positive routing weights. For in-
stance, the weight assigned to a severely corrupted leg expert can be suppressed to a very
small scale (e.g., < 10−4). This value is not numerically equivalent to zero in floating-point
arithmetic; instead, it acts as a soft attenuation factor that proportionally reduces the con-
tribution of the corrupted feature path without mathematically setting its weight to zero.
Ultimately, this weight is used as a scalar factor through an element-wise broadcasting
mechanism. It performs dynamic modulation on the input expert features to generate the
final routing sequence:

Eroute = Concat
(
{ωk × Ek}K

k=1

)
(17)

Here, we provide a crucial mathematical clarification regarding the combination of
the softmax normalization and the concatenation operation. In conventional Mixture of
Experts (MoE) networks, experts typically share a unified output space. Thus, their fea-
tures are merged through a weighted sum. However, in our SPDR-Net, each semantic
expert represents a physically distinct spatial region of the human body (e.g., head, torso,
and lower limbs). These spatial components reside in complementary and non-overlapping
semantic subspaces. Applying a traditional weighted sum would physically mix these
distinct features, causing a catastrophic loss of spatial topology. Therefore, we deliberately
adopt the concatenation operation in Equation (17) to preserve the integrity of the vertical
body structure. Under this formulation, the sum-to-one constraint should not be inter-
preted as providing indispensable absolute feature magnitudes. In a clean scene, when
all local experts are reliable, the routing distribution naturally tends to a nearly uniform
state, i.e., ωk ≈ 1/K. This operation indeed introduces an almost uniform scaling over
all local expert slots, and this global scale can be absorbed by the subsequent projection
matrix W f in the global–local fusion module. Therefore, the effective decision information
carried by the routing weights lies in their relative proportions rather than their absolute
magnitudes. (1) Eliminating scale degree of freedom: The role of the sum-to-one constraint
is to remove the scale degree of freedom in the gating branch and map the routing vector
onto a probability simplex, so that the network expresses relative expert reliability instead
of arbitrary feature amplification or attenuation. (2) Automatic gain control: From an
energy-stabilization perspective, this normalization also acts as an automatic gain control
mechanism. If independent gates such as Sigmoid outputs were used without normaliza-
tion, multiple clean experts could simultaneously receive weights close to one, whereas an
occluded image might retain only a few active experts. In that case, the total energy of the
local branch would vary with the number of visible parts, introducing a feature-norm fluc-
tuation unrelated to identity discrimination. By enforcing ∑K

k=1 ωk = 1, the gating branch
cannot arbitrarily inflate or shrink the overall local feature scale; it can only redistribute
trust among experts. (3) Well-defined Shannon entropy: this scale-normalized formulation
makes the routing entropy regularization mathematically valid and well-defined, ensuring
that routing decisions reflect relative reliability rather than uncontrolled norm changes.
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The above algorithm realizes the process of dynamic routing decision-making. For ex-
ample, when the model faces an extreme scene where the person’s lower limbs are severely
occluded, the weight distribution obtained after non-linear reasoning by the sparse gat-
ing network will show a polarization tendency (e.g., ω = [0.25, 0.25, 0.25, 0.15, 0.05, 0.05]).
Through this algorithm, the leg feature paths polluted by noise are assigned much lower
transmission weights. Meanwhile, the clear head and torso paths are endowed with higher
information transmission bandwidths. This strongly supports the robustness of Eroute in
complex open scenes. The detailed workflow is illustrated in Figure 4.
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Figure 4. Internal structure of the prompt-guided dynamic gating routing module. Arrows indicate
information flow; different colors distinguish body-part expert paths and their routed features; solid
and attenuated paths indicate high- and low-weight routes, respectively; ⊕ and ⊗ denote addition
and feature modulation; and the ellipsis denotes intermediate experts omitted for visual compactness.

3.4. Global–Local Feature Fusion

The local feature sequence Eroute modulated by the scene-prompt dynamic routing
demonstrates superior noise robustness and detail refinement ability under extreme inter-
ference. However, relying solely on isolated local sequences for identity retrieval tends to
fragment the inherent macroscopic topological structure of the human body (e.g., the color
matching continuity of the overall clothing). This fragmentation can lead to misjudgments
when facing highly similar negative samples (e.g., different persons wearing the same
style/color of clothing).

To address this limitation of local features, this paper designs a global–local feature col-
laborative fusion module. This module aims to bridge the semantic gap between the global
macroscopic identity anchor and the local detailed features for the model. Consequently,
it generates a unified identity descriptor possessing both topological structure integrity
and fine-grained discriminative power, as illustrated in Figure 5. First, the overall environ-
mental and identity representation that has not been destroyed by the local partitioning
operation needs to be acquired. Given the global Patch feature sequence Eglobal ∈ RN×D

containing all spatial information output by the deep network (where N is the total number
of Patch tokens and D is the feature dimension), a Global Average Pooling (GAP) operation
is executed along the spatial dimension (i.e., the sequence direction):

Fglobal =

(
1
N

N

∑
i=1

E(i)
global

)
·Wprojg + bprojg (18)
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where E(i)
global ∈ R1×D represents the i-th row of the global patch feature sequence Eglobal .

Furthermore, Wprojg ∈ RD×C and bprojg ∈ R1×C are the learnable projection weight matrix
and bias vector, respectively. Through this linear projection, the pooled feature vector of
shape R1×D is mapped into the target C-dimensional embedding subspace, constituting
the macroscopic baseline Fglobal ∈ R1×C for person identity discrimination. Simultaneously,
the dynamic routing sequence Eroute output in Section 3.3 contains the discrete features
of K experts, with a dimension of RK×D. To enable Eroute to effectively interact with
the global anchor in the same metric space, it needs to be geometrically flattened and
spatially projected:

Flocal = Flatten(Eroute) ·W f + b f (19)

where the Flatten(·) operation concatenates the features of the K local experts along the
channel dimension, converting them into a 1D tensor of R1×K·D. Subsequently, through
a learnable linear projection matrix W f ∈ R(K·D)×C and a bias term b f ∈ R1×C, the high-
dimensional concatenated local features are precisely mapped into the same C-dimensional
subspace as Fglobal . The generated Flocal contains the high-purity local detailed features
filtered by the routing weights.
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Figure 5. Internal structure of the global–local feature collaborative fusion module. Arrows indicate
the feature and optimization flows; blue and green blocks denote global and local feature branches;
⊕ denotes residual fusion; the red brackets group the identity, metric, and routing optimization
objectives; and the ellipsis in the identity classifier denotes intermediate classes omitted for visual
compactness.

After completing the spatial alignment, the network does not adopt the traditional
channel concatenation strategy. Instead, it introduces an element-wise addition residual
fusion mechanism:

Ff inal = Fglobal + Flocal (20)

where Ff inal ∈ R1×C. In this element wise addition residual fusion mechanism, Fglobal is
treated as the baseline of the identity representation, while Flocal is regarded as the residual
compensation vector targeting detailed features. This mechanism not only avoids the
redundant expansion of feature dimensions but also forces the network to learn those
subtle differences that the global module cannot capture during backpropagation.
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3.5. Optimization Objective

After passing through the global–local feature collaborative fusion module, the net-
work finally outputs a unified identity descriptor Ff inal . This descriptor possesses both
macroscopic environmental robustness and detailed discriminative power. To drive the
end-to-end optimization of the SPDR-Net and ensure the correctness of the dynamic rout-
ing decision, a multi-task joint objective loss function is designed. This function includes
identity classification, metric learning, and sparse routing penalty.

First, the generated feature vector Ff inal ∈ R1×C is fed into a classifier. This classifier
consists of a linear fully connected layer and a So f tmax activation function. It predicts the
probability distribution p of the person belonging to each known identity category. In this
process, the standard cross-entropy loss is used for optimization:

Lce = −
M

∑
j=1

yjlog
(

pj
)

(21)

where M is the total number of identity categories in the training set. yj is the one-hot
encoding indicator function of the true label. This loss aims to optimize the distribution of
features and ensure the linear separability between different identity features. Simultane-
ously, a hard-mining triplet marginal loss is introduced. This loss aims to further pull closer
intra-class samples and push away inter-class samples in the feature metric space. Within a
training batch, the feature of the extracted anchor sample is denoted as Fa. The positive
sample feature Fp farthest from it within the batch is searched, and the closest negative
sample feature Fn is also identified. The formal definition of the triplet loss is as follows:

Ltri = max
(
0, ∥Fa − Fp∥2 − ∥Fa − Fn∥2 + α

)
(22)

where ∥ · ∥2 represents the L2 norm of the Euclidean distance. α is a preset distance margin
threshold. This margin is used to force the cohesion of intra-class samples to be strictly
better than the distance between inter-class samples.

Although the aforementioned two conventional losses guarantee the basic effective-
ness of the identity representation, these metrics cannot directly constrain the weight
allocation inside the PGDR module. Under the condition of lacking explicit supervision,
the So f tmax gating easily falls into the dilemma of “trivial decision”. That is, no matter
what kind of scene it faces, it always outputs a roughly uniform routing weight. To address
this problem and force the gating network to make decisive decisions under scene inter-
ference, A sparsity routing entropy loss (Lent) based on information theory is proposed.
For training data with a batch size of B, the routing weight distribution of the i-th sample
on K local experts is denoted as ω(i) =

[
ω
(i)
1 , . . . , ω

(i)
K

]
. The Shannon information entropy

of this probability distribution is calculated and minimized:

Lent =
1
B

B

∑
i=1

K

∑
k=1
−ω

(i)
k log

(
ω
(i)
k + ϵ

)
(23)

where ϵ = 10−8 is a small constant to prevent numerical underflow of the logarith-
mic function. By minimizing Lent, the noise features of the affected parts can be ef-
fectively suppressed. When the network’s confidence in each part is uncertain (i.e.,
the weights tend to be uniform), the information entropy reaches its maximum. Con-
versely, when the network is certain to keep one part and strongly suppress another,
the Softmax-normalized weights remain strictly positive but can become highly polarized
(e.g., [0.8, 0.1, 0.0997, 10−4, 10−4, 10−4]), and the information entropy decreases substantially
rather than relying on exact zero-valued gates.
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Based on the above comprehensive analysis, the final joint training loss function Ltotal

of the SPDR-Net consists of three weighted parts:

Ltotal = Lce + Ltri + λLent (24)

where λ is a hyperparameter balancing the strength of the routing entropy penalty. Through
the backpropagation of this joint loss function, the network ensures global identity discrim-
inative power. Meanwhile, it adaptively adjusts the interference to local asymmetry.

Conceptually, minimizing the unsupervised routing entropy Lent alone might lead
to a trivial collapse. Without additional constraints, the network might always route the
weights to one single fixed expert (e.g., always choosing the head expert with a limiting
distribution approaching [1, 0, 0]). To prevent this routing collapse, our SPDR-Net is trained
under a multi-task joint optimization objective, as defined in Equation (24). The identity
classification loss Lce and the hard-mining triplet loss Ltri act as powerful regularizers
against this trivial solution. Under normal or clean surveillance environments, the network
must preserve the comprehensive features of all body parts to successfully classify and
match diverse pedestrian identities. If the router collapses to a single expert, the model loses
the discriminative details of other parts. This loss causes a catastrophic spike in both Lce

and Ltri. Consequently, the joint optimization establishes a competitive game: the identity
losses encourage the model to maintain balanced and holistic features in clean scenes,
whereas Lent continuously encourages lower-entropy routing over all samples. Therefore,
the conditional selectivity of polarized routing under local asymmetric interference should
be interpreted as an emergent behavior from the balance among Lce, Ltri, and Lent, rather
than as a hard conditional mechanism that is activated only after noise is explicitly detected.

3.6. Overall Implementation Workflow

The overall workflow of the SPDR-Net is summarized in Algorithm 1.

Algorithm 1 Forward inference and optimization of SPDR-Net

Require: Training batch images I ∈ RB×H×W×3, Labels Y, ViT backbone Ψ, Prompt S.
Ensure: Optimized network parameters and Prompt S.

1: for each training iteration do
2: % Step 1: Feature Embedding & Local Feature Refinement
3: Extract Epatch, Eglobal ∈ RB×N×D via Patch Embedding and Ψ.
4: Partition Epatch spatially into K expert sequences {Eraw

k }
K
k=1.

5: for k = 1 to K do ▷ Parallelizable across experts

6: Ek ← AvgPool
(

Softmax(QkKT
k√

dh
)Vk + Eraw

k

)
7: end for
8: % Step 2: Scene-Prompt-Guided Dynamic Routing
9: vctx ← AvgPool(Epatch) ▷ Extract visual context

10: Routing weights ω ← Softmax
((

max(0, vctxWs + S)Wg + bg
)
/τ
)

11: Eroute ← ConcatK
k=1(ωk · Ek) ▷ Dynamic modulation

12: % Step 3: Global–Local Feature Fusion
13: Fglobal ← AvgPool(Eglobal)

14: Ff inal ← Fglobal +
(
Flatten(Eroute)W f + b f

)
▷ Residual fusion

15: % Step 4: Multi-Task Joint Optimization
16: Compute ID Loss Lce and Triplet Loss Ltri using batch {Ff inal , Y}.
17: Compute Sparsity Entropy Loss: Lent ← 1

B ∑i,k−ωi,k log(ωi,k + ϵ)
18: Update parameters and S via backpropagation of Ltotal = Lce + Ltri + λLent.
19: end for
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The complete forward inference and backward optimization process of this framework
can be refined into the following four steps: (1) Feature embedding and local feature refine-
ment stage. The input image is processed into a Patch grid. Then, it is evenly divided into
K original local expert sequences using the human spatial topology prior. Subsequently,
each sequence performs denoising and refinement internally through the self-attention
mechanism. These sequences are then compressed into independent high-quality expert de-
scriptors by spatial pooling. (2) Scene-prompt-guided dynamic routing stage. The network
extracts the macroscopic visual context of the current image. It then performs joint spatial
alignment with the learnable scene prompt prior. Next, the sparse gating network infers the
routing weight distribution against spatially asymmetric interference. Finally, the network
adaptively and dynamically modulates each part expert feature. (3) Global–local feature
collaborative fusion stage. The network performs element-wise residual addition. It adds
the global macroscopic identity anchor (containing the original topological structure) to the
dimensionality-aligned local routing sequence. Thus, it outputs the final unified identity
descriptor possessing both macroscopic environmental robustness and detailed discrimina-
tive power. (4) Multi-task joint constraint and end-to-end optimization stage. Based on the
final identity descriptor, the system calculates the identity classification cross-entropy loss
and the hard-mining triplet loss in parallel. Simultaneously, it uses the sparsity routing
entropy penalty loss to constrain the confidence of the gating decisions. Finally, the three
losses are weighted and summed to form a joint objective function. The dynamic update of
the model parameters is realized through backpropagation.

4. Experiments
4.1. Datasets and Evaluation Protocol

To comprehensively verify the scene adaptability and anti-interference robustness
of the proposed SPDR-Net in open-world environments, this paper conducts detailed
evaluations on seven mainstream public person ReID datasets and the newly constructed
SD-ReID dataset. These datasets cover various challenges, including normal, occlusion,
cross-modality (infrared), and clothing-changing scenes. Based on their contents and
properties, these datasets are categorized as follows: normal ReID datasets (Market1501 [37]
and MSMT17 [38]), occluded ReID dataset (Occ-Duke [39]), low-resolution ReID dataset
(MLR-CUHK03 [40]), infrared ReID dataset (SYSU-mm01 [41]), clothing-changing ReID
datasets (Celeb-ReID [42] and PRCC [43]), and a newly constructed street scene ReID
dataset (Street Deployment ReID, SD-ReID [44]). In all experiments, the official training
and evaluation protocols of all datasets are followed. The mean Average Precision (mAP)
and Rank-1 accuracy are primarily reported. Introductions to the above datasets are as
follows.

(1) Market1501 and Msmt17 datasets. The Market1501 dataset includes 32,668 images
of 1501 labeled persons, captured from six camera perspectives. There are 751 identities
in the training set and 750 identities in the test set. The dataset is divided into three parts,
namely train, gallery and query, with the latter two constituting the testing set.

The Msmt17 dataset employs a network of 15 cameras on campus, including 12 out-
door cameras and 3 indoor cameras, with a total of 126,441 bounding frames for 4101 per-
sons. Among them, the training set contains 1041 persons with a total of 32,621 bounding
boxes, while the test set includes 3060 persons with a total of 93,820 bounding boxes.

(2) Occ-Duke dataset. The Occ-Duke dataset is a specialized subset derived from the
DukeMTMC-reID dataset. It specifically selects images with severe occlusions to evaluate
model robustness against physical occlusions. A total of 1404 people and 36,411 images are
collected from 8 different cameras. Among them, 702 people are used as the training set
and 702 people as the test set.
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(3) MLR-CUHK03 dataset. MLR-cuhk03 is a variant of the CUHK03 dataset. It creates
low-resolution query images by downsampling CUHK03 query images. Half of the training
images of MLR-cuhk03 are downsampled versions of CUHK03. The MLR-CUHK03 dataset
contains a total of 965 low-resolution query images, 977 high-resolution gallery images,
and 26,251 training images.

(4) SYSU-mm01 dataset. The SYSU-MM01 dataset is an image dataset for visible
light–infrared person re-identification. The images are collected by 4 RGB cameras (for
bright scenes) and 2 infrared cameras (for dim scenes). In total, these 6 cameras capture
30,071 RGB images and 15,792 infrared images of 491 persons.

(5) Celeb-reID and PRCC dataset. The images in the Celeb-reID dataset are produced
using street snapshots of celebrities obtained from the Internet. There are a total of 1052
identities and 34,186 images, making it the largest long-term costume ReID dataset to date.

The PRCC dataset consists of 33,698 images from 221 identities. Subjects captured
by Cameras A and B wear identical clothing, whereas clothing changes are introduced in
Camera C. However, in Camera C, the person wears different clothes. The images are taken
on different dates.

(6) SD-ReID Dataset. Although existing academic datasets have greatly promoted
the development of ReID technology, most of them are collected in relatively controlled
campus or laboratory environments. Their viewpoints are relatively single, and their back-
grounds are relatively clean. In real open-world video surveillance (e.g., city intersections,
commercial person streets), person features often face extremely complex domain shift
phenomena simultaneously. To ensure that real person images reflect spatially asymmetric
interference, and to provide a benchmark verification library for actual ReID engineering
deployment, we construct the SD-ReID dataset.

The original images of the SD-ReID dataset originate from publicly available high-
definition surveillance video streams of real sidewalks and complex blocks on the Internet.
The entire dataset is captured by 6 cameras at different heights and viewpoints. It covers
extreme viewpoints such as flat, top-down, and side views. Compared with traditional
datasets, the SD-ReID dataset possesses the following three significant open-world chal-
lenge characteristics: (1) Frequent partial dynamic occlusion: In real streets, persons are
frequently occluded by carried items, vehicles, and other persons. This occlusion is often
asymmetric (e.g., only occluding the lower body or torso). This phenomenon frequently
leads local features to adversely impact the overall person recognition. (2) Drastic scale
and resolution variance: Because surveillance cameras have a large depth of field, the effec-
tive pixel resolution of pedestrians changes significantly as they walk toward the camera.
Consequently, this variance often causes traditional models to generate geometric misalign-
ment when separating person features. (3) High-similarity distractors and illumination
changes: The SD-ReID dataset contains many person images with similar clothing and local
illumination changes. This phenomenon easily causes person local features to be affected,
thereby misidentifying the person’s identity.

To standardize person images and increase dataset compatibility, we performed strict
bounding box annotation and cropping on the collected original video frames. All person
images in the SD-ReID dataset are uniformly scaled to a fixed resolution of 64 × 128 pixels.
For images that do not meet this size, a zero-padding strategy is adopted to match the
image dimensions. In addition, SD-ReID strictly follows the standard naming system of
classic ReID datasets like Market-1501. The file name of each image precisely encodes the
identity and spatiotemporal information of the target. Its file naming format is defined
as follows:

ID_cXsY_ZZZZZZ.jpg (25)
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where ID (e.g., 0045) represents the unique identity label of the person, cX (e.g., c3) indicates
the X-th camera index capturing the image (ranging from c1 to c6), sY represents the specific
video clip sequence number under that camera, and ZZZZZZ is the frame number of the
image in the original video. This standard format not only supports identity-based metric
learning but also reserves expansion space for future cross-camera tracking research based
on spatiotemporal topology. The samples of the SD-ReID dataset are shown in Figure 6.
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Figure 6. Visualization of samples from the proposed SD-ReID dataset.

After strict screening and cleaning, the SD-ReID dataset contains a total of 10,429
high-quality annotated images of 147 independent identities. To ensure the objectivity of
the model evaluation, we divide the involved identity set into non-overlapping training
and testing sets according to the principle of zero-shot cross-validation:

(1) Training Set: Contains 8374 images of 117 identities. This subset is used to guide the
model to learn scene prompt priors and optimize the routing decision boundaries of
the gating network.

(2) Contains the remaining 2055 images of 30 identities. During the testing phase, the SD-
ReID dataset is further divided into a query set (Query) and a gallery set (Gallery).
Because the testing set identities are completely invisible to the model, it can objec-
tively reflect the generalization retrieval ability of the model in a real surveillance
system.

To fully specify the SD-ReID protocol, we provide the exact train, query, and gallery
splits used in our experiments. Under the standard evaluation protocol, the training set
contains 8374 images of 117 identities. The remaining 2055 images of 30 identities constitute
the testing set, which is further divided into a query set of 620 images and a gallery set of
1435 images.

Furthermore, to address the potential overfitting issue on this dataset, we also in-
troduce a highly challenging Cross-Camera and Cross-Time (CCCT) evaluation protocol.
Under this CCCT protocol, the query set (512 images) and the gallery set (1543 images)
are separated both spatially (different camera views) and temporally (different time inter-
vals of the day). This setup reduces short-term frame redundancy and provides a much
more rigorous benchmark to evaluate the generalization limit of ReID models in practical
security systems.

The SD-ReID dataset uses Rank-1 and mAP indicators to evaluate model performance.
The evaluation is conducted in single-query mode. It is widely acknowledged that the
accessibility of data and code is vital for scientific progress. To address reproducibility
concerns, we have organized the SD-ReID dataset, the source code of SPDR-Net, and the
pretrained model weights. These resources are publicly available at GitHub (version 1.0)
as the SPDR-Net software release corresponding to this article upon acceptance of this
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paper [44]. This open-source availability allows other researchers to reproduce our results
and benchmark their methods on this newly constructed dataset.

4.2. Implementation Details

To ensure the fairness and reproducibility of the experiments, all model training and
testing in this paper are conducted under a unified software and hardware environment.
Specifically, the experimental platform runs on the Linux operating system (Ubuntu 22.04).
It is equipped with a single NVIDIA RTX 4090D (24GB VRAM) and an Intel Xeon Platinum
8481C (16 vCPU) processor. The deep learning framework uniformly adopts PyTorch 2.3.0
and CUDA 12.1. The overall training and evaluation pipeline of SPDR-Net follows a strict
standardization protocol. The specific implementation details mainly cover the following
three aspects.

(1) Model initialization and data preprocessing. The Vision Transformer backbone
network (ViT-Base) of SPDR-Net loads pretrained weights on ImageNet-1K in the early
stage of training. During the data input stage, the original images in all datasets are
uniformly resized to 384 × 128 pixels using bilinear interpolation. To cope with the
ubiquitous environmental interference in the open world and suppress overfitting, multiple
data augmentation strategies are introduced. These specifically include: random horizontal
flipping with a probability of 0.5, random erasing with a probability of 0.5, and a random
dropout mechanism (the dropout rate is set to 0.1).

(2) Training strategy and hyperparameter settings. During the training process,
the standard PK sampling strategy is adopted to construct the training batch. That is,
the size of each batch is set to B = 64. This batch contains P = 16 randomly selected
different identities, and K = 4 images are selected for each identity. This ensures the
effectiveness of hard mining in the triplet loss. The number of multi-thread data loaders is
set to 16. The model uses the Adam optimizer for parameter updating. The base learning
rate is initialized to 3× 10−4, and a cosine annealing decay strategy is adopted with a
minimum learning rate of 0. The entire training process lasts for 60 epochs.

(3) Joint loss function parameter configuration. The total objective function of the
model consists of the cross-entropy loss Lce, the triplet loss Ltri, and the sparsity routing
entropy loss Lent. In specific hyperparameter settings, the triplet margin threshold used to
forcefully widen the inter class distance is set to α = 0.3. The hyperparameter controlling
the strength of the information entropy penalty is set to λ = 0.1. The Softmax temperature
is fixed at τ = 1.0 for both training and inference, thereby avoiding any train–inference tem-
perature mismatch. In the inference and testing phase, to maximize evaluation efficiency,
only the final fusion feature Ff inal ∈ R1×C output in Section 3.4 is extracted as the identity
descriptor. A descending retrieval list is generated by calculating the Cosine Distance
between feature vectors of the query set and the gallery set, and then the mAP and Rank-1
indicators are calculated.

(4) Constrained Evaluation Protocol for Real-Time Edge Deployment. To simulate
resource-constrained edge computing environments and ensure a fair comparison, several
standard performance-boosting techniques are strictly excluded from our evaluation pro-
tocols. Specifically, Side Information Embedding (SIE) for camera IDs and viewpoints is
disabled during training to prevent the model from overfitting to specific camera topologies
in open-world scenarios. Additionally, the Jigsaw Patch Module (JPM) and overlapping
patch partition strategies are completely omitted to avoid high inference latency on edge
hardware. For the testing phase, no K-reciprocal re-ranking postprocessing is applied,
prioritizing raw system throughput (Frames Per Second, FPS). Under these identical, highly
challenging real-time constraints, all baseline models and the proposed SPDR-Net are
evaluated and compared fairly.
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4.3. Experimental Results and Analysis

(i) Baseline Performance Evaluation in Standard Scenes. We first evaluate the funda-
mental feature representation capability of SPDR-Net on the Market-1501 and MSMT17
datasets. As summarized in Table 1, our method is compared with representative state-
of-the-art baselines. Notably, the VLM-based CLIP-ReID achieves a slightly higher mAP
of 83.1% and a Rank-1 accuracy of 93.8% on the clean Market-1501 single-scene bench-
mark. This marginal lead is reasonable, as CLIP-ReID leverages massive multimodal
text–image pretraining datasets (e.g., LAION-400M) to align features, whereas SPDR-Net
uses only visual supervision and an ImageNet-1K-pretrained backbone without external
vision–language pretraining.

Table 1. Performance comparison on standard ReID datasets. The proposed method and the strongest
comparison results discussed in the text are shown in bold.

Method Model Market1501 (Single) Msmt17 (Single) Market1501 (Multi) Msmt17 (Multi)
mAP/R-1 mAP/R-1 mAP/R-1 mAP/R-1

CNN-based PCB [11] 78.6/91.5 33.5/56.1 76.3/91.1 36.4/60.2
ETNDNET(R50) [45] 80.1/92.0 35.0/57.0 77.5/91.5 37.9/61.4

Part-based ReIDCaps [42] 81.8/92.8 36.5/58.5 79.2/92.0 38.8/62.5

ViT-based

ViT-B [46] 79.5/91.8 34.5/56.5 77.0/91.3 37.0/60.5
TransReID [15] 81.0/92.5 35.8/57.8 78.5/91.8 38.2/61.8

PASS [47] 81.3/92.1 36.2/58.2 79.2/91.5 39.0/62.4
SOLIDER [48] 82.2/93.0 38.5/61.2 80.5/92.2 41.2/65.0
PersonViT [49] 82.5/93.2 39.1/62.4 80.9/92.1 40.5/64.2
Pose2ID [50] 82.3/93.0 38.8/62.0 80.6/91.8 40.0/63.8

VLM-based CLIP-ReID [9] 83.1/93.8 40.2/64.5 81.5/92.8 41.8/65.8

Prompt-based VersReID [8] 82.0/92.9 37.1/59.9 79.6/92.2 39.5/62.9
PAD [18] 81.2/92.0 46.9/72.0 - -

Ours SPDR-Net 82.7/93.4 41.4/66.0 81.0/92.6 42.3/66.4

However, on the much larger and more complex MSMT17 dataset, which features
drastic cross-camera illumination and viewpoint shifts, SPDR-Net achieves a superior mAP
of 41.4% and a Rank-1 accuracy of 66.0% under our constrained single-scene setting, out-
performing CLIP-ReID by 1.2% in mAP. Compared with the strong part-aware pretraining
baseline PASS (36.2% mAP) and the semantic pretraining network SOLIDER (38.5% mAP),
our model exhibits a clear performance leap. The newly included PAD baseline further
shows that prompt-anchored vision–language distillation can be highly effective on recent
ReID benchmarks. This comparison highlights that recent prompt-based ReID models
are becoming stronger, while our method focuses on dynamic local routing for spatially
asymmetric interference without relying on external text distillation.

To intuitively understand the performance of the model, Figure 7 visually displays the
retrieval results using random query samples. Using the target query of MSMT17 (Target
Sample, ID77) as an example, this pedestrian is located in an environment characterized
by strong backlighting and posture changes. The compared methods retrieved incorrect
identities (red boxes) at Rank-1 or even higher positions. This is because traditional models
equivalently regard the dark part noise caused by backlighting as identity features. In con-
trast, SPDR-Net successfully hits the correct target images (green boxes) consecutively from
Rank-1 to Rank-6. This indicates that the PGDR module keenly captures environmental
distortions such as backlighting. The network dynamically down-weights the routing
weights of the damaged parts, which improves the feature extraction ability of the model.

(ii) Robustness Analysis against Spatial-Asymmetric Interferences. To directly
verify the primary objective of this work—coping with local asymmetric interferences—we
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perform extensive comparative experiments on Occ-Duke (severe local occlusions) and
SYSU-mm01 (visible–infrared cross-modality). The quantitative results are reported in
Table 2. Under the Occ-Duke single-scene benchmark, SPDR-Net achieves the top-tier
performance with 62.1% mAP and 75.6% Rank-1 accuracy, surpassing the powerful CLIP-
ReID (61.2% mAP) and the recent PersonViT (60.5% mAP).

Table 2. Performance comparison on occluded and cross-modality datasets.

Method Model Occ-Duke (Single) SYSU-mm01 (Single) Occ-Duke (Multi) SYSU-mm01 (Multi)

mAP/R-1 mAP/R-1 mAP/R-1 mAP/R-1

CNN-based PCB [11] 57.0/69.9 34.3/36.1 54.0/66.7 36.5/37.1
ETNDNET(R50) [45] 59.4/72.9 36.3/38.0 57.0/69.7 38.5/39.8

Part-based ReIDCaps [42] 60.4/73.9 37.3/39.0 58.0/70.8 39.5/40.8

ViT-based

ViT-B [46] 57.9/71.4 35.0/36.9 56.5/69.2 38.0/39.3
TransReID [15] 60.0/73.5 36.9/38.6 57.2/70.0 38.6/39.8

PASS [47] 58.1/71.4 35.8/37.4 55.4/68.2 37.2/38.5
SOLIDER [48] 59.4/72.8 36.9/38.2 57.2/70.1 39.5/40.8
PersonViT [49] 60.5/74.0 37.4/38.9 57.8/70.9 39.8/41.2
Pose2ID [50] 60.3/73.8 37.2/38.6 57.5/70.6 39.6/41.0

VLM-based CLIP-ReID [9] 61.2/74.8 38.5/39.8 58.9/71.8 41.2/42.9
Prompt-based VersReID [8] 60.9/74.4 37.8/39.5 58.6/71.4 39.9/41.2

Ours SPDR-Net 62.1/75.6 39.4/40.7 59.5/72.0 41.9/43.6
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Figure 7. Visualization of performance test results on general ReID datasets.

This performance edge is highly convincing and highlights the theoretical necessity of
our dynamic routing over dense global attention. In severe occlusion scenarios, models
relying on global attention (such as TransReID, PASS, or CLIP-ReID) suffer from irreversible
feature corruption because their global receptive fields inevitably mix the background noise
of the occluders (e.g., vehicles, trees) into the identity descriptor. In contrast, our SPDR-Net
utilizes the unsupervised body prior to segment the sequence into independent experts.
Guided by the sparse entropy constraint, the PGDR network dynamically assigns an
asymptotically negligible weight to the occluded expert path. This operation substantially
suppresses noise propagation without losing the fine-grained details of the clear body parts.
A similar advantage is observed on the cross-modality SYSU-mm01 dataset. Since infrared
imaging strips away fine-grained clothing colors, models highly dependent on appearance
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texture fail. Our PGDR network adaptively perceives this modal transition, prompting the
GL-Fusion module to rely more on macroscopic structural contours rather than appearance
details, thereby achieving robust and well-balanced cross-modality matching performance.

Figure 8 visualizes this result. In the occlusion test in the lower half (Target ID18),
when the person’s lower limbs are largely occluded, the baseline model mixes the stray
texture of the occluder into the identity vector, resulting in a severe sorting error. However,
SPDR-Net achieves accurate matching relying only on the unoccluded head and torso
by substantially attenuating the feature weights of the damaged experts. In the infrared
test in the upper half (Target ID54), SPDR-Net still maintains extremely high retrieval
accuracy relying on its powerful global–local collaborative structural features, even when
microscopic color features are lost.

(iii) Performance on Clothing Change Datasets. In long-term video surveillance
spanning cross-periods, persons changing clothes poses a huge challenge for traditional
ReID algorithms. Clothing changes completely alter the global color distribution of persons,
causing models highly dependent on clothing color to fail completely. To test the model’s
ability to strip away color representations and extract essential identity features, we conduct
strict evaluations on Celeb-ReID and PRCC, two datasets specifically designed for clothing-
changing ReID. The results are shown in Table 3.
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Figure 8. Visualization of retrieval performance under complex environmental constraints.

In the single-scene tests, SPDR-Net achieves 8.4% and 51.2% mAP, with 50.4% and
39.5% Rank-1 accuracy on Celeb-ReID and PRCC, respectively. Under multi-scene joint
training, the performance further improves to 53.1% (PRCC mAP) and 49.4% (Celeb-ReID
Rank-1). This robustness stems from the dynamic decoupling of global and local features.
Even when clothing changes disrupt the global color anchor, local experts can still capture
unchanged fine-grained attributes (e.g., facial contours or gait). Consequently, the PGDR
and GL-Fusion modules synergistically shift the retrieval focus to these unaffected paths,
thereby avoiding the dominance of color noise.
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Table 3. Performance evaluation on clothing-changing person ReID datasets.

Method Model Celeb-ReID (Single) PRCC (Single) Celeb-ReID (Multi) PRCC (Multi)

mAP/R-1 mAP/R-1 mAP/R-1 mAP/R-1

CNN-based PCB [11] 5.4/42.9 43.4/31.7 6.3/46.0 48.0/36.0
ETNDNET(R50) [45] 6.5/45.3 46.0/34.5 6.9/47.0 49.0/37.0

Part-based ReIDCaps [42] 7.1/46.3 47.0/35.5 7.5/48.0 50.0/38.0

ViT-based

ViT-B [46] 6.2/44.8 45.5/34.0 6.7/46.6 48.7/36.7
TransReID [15] 6.9/46.0 46.8/35.2 7.0/47.1 48.5/36.7

PASS [47] 6.5/45.2 45.2/33.1 6.8/45.9 47.5/35.8
SOLIDER [48] 7.2/46.5 48.1/36.8 7.5/47.2 50.2/38.1
PersonViT [49] 7.5/47.1 48.9/37.4 7.7/47.9 51.5/38.9
Pose2ID [50] 7.4/46.8 48.6/37.1 7.6/47.6 51.1/38.6

VLM-based CLIP-ReID [9] 7.8/48.2 49.5/38.2 8.1/48.9 52.4/39.9
Prompt-based VersReID [8] 7.4/46.9 47.4/36.0 7.8/48.6 50.4/38.3

Ours SPDR-Net 8.4/50.4 51.2/39.5 8.3/49.4 53.1/40.3

This dynamic compensation mechanism is visually demonstrated in Figure 9. Taking
the target (Target ID7) of Celeb-ReID and the target (Target ID98) of PRCC as examples, it
is clear that conventional baseline models are highly susceptible to the visual ambiguity
of retrieving incorrect people wearing clothes of the same style and color. In contrast,
SPDR-Net is not confused by global color mutations. It can cross clothing differences and
stably lock onto the correct target with the same body topology and facial contour, showing
a deep level of semantic understanding.
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Figure 9. Qualitative evaluation on clothing-change ReID scenes.

(iv) Performance on Low-Resolution and Construction Site Datasets. Public datasets
are often isolated tests on a single interference variable. However, in real industrial deploy-
ment environments (such as complex city blocks and intersections), targets frequently face
low resolution (loss of high-frequency texture caused by distant cameras). Corresponding
evaluations are conducted on the low-resolution dataset (MLR-CUHK03) and our self-built
block dataset (SD-ReID). The results are shown in Table 4.
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Table 4. Performance evaluation on low-resolution and street ReID datasets.

Method Model MLR-CUHK03 (Single) SD-ReID (Single) MLR-CUHK03 (Multi) SD-ReID (Multi)

mAP/R-1 mAP/R-1 mAP/R-1 mAP/R-1

CNN-based PCB [11] 80.3/85.2 92.1/96.0 79.8/84.7 94.6/97.2
ETNDNET(R50) [45] 84.6/89.4 95.2/98.2 83.9/88.1 97.1/99.0

Part-based ReIDCaps [42] 86.2/91.1 96.1/98.8 85.7/90.0 98.6/99.8

ViT-based

ViT-B [46] 82.8/87.5 94.0/97.3 81.4/86.3 95.9/98.1
TransReID [15] 85.5/90.3 95.7/98.5 84.8/89.2 98.0/99.5

PASS [47] 83.1/87.2 93.5/96.8 82.1/86.3 95.8/97.9
SOLIDER [48] 84.8/89.1 94.8/97.5 84.2/88.5 97.4/98.9
PersonViT [49] 85.9/90.4 95.5/98.0 85.1/89.4 98.0/99.1
Pose2ID [50] 85.6/90.1 95.2/97.8 84.8/89.1 97.8/98.9

VLM-based CLIP-ReID [9] 86.5/91.2 96.0/98.4 86.0/90.2 98.5/99.4
Prompt-based VersReID [8] 85.7/90.9 95.8/98.8 84.9/89.3 98.3/99.8

Ours SPDR-Net 87.7/91.9 96.5/98.9 87.1/91.0 99.0/99.9

On the MLR-CUHK03 dataset, SPDR-Net achieves a performance of 87.7% (mAP) and
91.9% (Rank-1). On the SD-ReID dataset, it achieves 96.5% mAP and 98.9% Rank-1 (single-
scene). Furthermore, under multi-scene conditions, it reaches an excellent performance
of 99.0% (mAP) and 99.9% (Rank-1). When a certain part suffers from pixel level blur
due to low resolution, or physical occlusion caused by non-motorized vehicles in the
block, the PGDR module prompts the model to adaptively retain and strengthen the
purest local paths. Consequently, the model extracts pure identity representations under a
high-noise background.

The visualization results in Figure 10 illustrate this. In the upper half of the MLR-
CUHK03 dataset test (Target ID19), although the image is highly blurred, the SPDR-Net
framework still accurately identifies the target relying on the macroscopic topological
structure. In the lower half of the SD-ReID dataset test (Target ID4), facing intersecting
persons, the SPDR-Net framework robustly mitigates occlusion interference and achieves
accurate recognition.
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Figure 10. Retrieval results on low-resolution benchmarks.

In practical closed-loop video surveillance applications, the system not only relies on
the accuracy of the Rank-1 hit but also requires the top 5 or top 10 candidate results to
contain a high accuracy rate to support secondary matching or manual review. For this
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reason, Figure 11 further compares the Rank-5 (R-5) and Rank-10 (R-10) retrieval metrics of
the models across all scenes.

The results show that SPDR-Net achieves superior performance on both deep retrieval
metrics. This indicates that through global and local feature residual fusion, the identity
features extracted by SPDR-Net have high intra-class compactness in the metric space. This
compactness tightly clusters the candidate images of the correct target. The high accuracy
of this deep candidate list verifies the adaptability of the model to the environment under
massive open data.

(a) (b)

(c) (d)

Figure 11. Comparison of Rank-5 and Rank-10 retrieval metrics between SPDR-Net and baselines:
(a) Market1501 and MSMT17; (b) Occ-Duke and SYSU-mm01; (c) Celeb-ReID and PRCC; and (d) MLR-
CUHK03 and SD-ReID. Within each group, the four small panels show Rank-5 and Rank-10 results
for the two named datasets, in left-to-right and top-to-bottom order.

4.4. Ablation Study

To deeply verify the effectiveness of each core module in SPDR-Net and its contribu-
tion to the overall performance, rigorous ablation experiments were conducted. Specifically,
the SPDR-Net network is decoupled into three main parts: the semantic part expert con-
struction and refinement module (denoted as SPCR), the scene-prompt-guided dynamic
routing module (denoted as PGDR, covering the PGDR mechanism), and the global–local
feature collaborative fusion module (denoted as GL-Fusion). This ablation experiment
conducted detailed combination tests on eight benchmarks, including normal, occlusion,
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cross-modality, and our self-built datasets. All tests adopted the multi-scene joint training
paradigm to impose the maximum domain shift pressure. The results are shown in Table 5.
To clarify the ablation baseline, when all three proposed modules (SPCR, PGDR, and GL-
Fusion) are disabled, the network structure simplifies exactly to the baseline VersReID
model. Consequently, the performance in the first row of Table 5 matches the results of Ver-
sReID in Tables 1–4. To make this clear, we have labeled this row as “Baseline (VersReID)”
in Table 5.

Table 5. Performance evaluation of ablation experiments (Unit: %).

SPCR PGDR GL-Fusion Market1501 Msmt17 Occ-Duke SYSU-mm01
mAP R1 mAP R1 mAP R1 mAP R1

Baseline (VersReID) 1 79.6% 92.2% 39.5% 62.9% 58.6% 71.4% 39.9% 41.2%
✓ 77.2% 90.1% 37.8% 60.5% 56.5% 69.8% 38.5% 40.1%

✓ 78.5% 91.0% 38.9% 61.8% 57.8% 70.5% 39.2% 40.8%
✓ 80.1% 92.3% 37.2% 60.1% 55.9% 69.2% 38.1% 39.9%

✓ ✓ ✓ 81.0% 92.6% 42.3% 66.4% 59.5% 72.0% 41.9% 43.6%

SPCR PGDR GL-Fusion Celeb-ReID PRCC Mlr-CUHK03 SD-ReID
mAP R1 mAP R1 mAP R1 mAP R1

Baseline (VersReID) 1 7.8% 48.6% 50.4% 38.3% 84.9% 89.3% 98.3% 99.8%
✓ 7.4% 47.0% 49.8% 37.5% 85.2% 89.8% 98.0% 99.7%

✓ 7.6% 47.8% 50.5% 38.0% 85.5% 90.2% 98.7% 99.8%
✓ 7.3% 46.8% 49.2% 37.2% 84.8% 89.5% 98.3% 99.6%

✓ ✓ ✓ 8.3% 49.4% 53.1% 40.3% 87.1% 91.0% 99.0% 99.9%
1 The performance metrics reported in the rows “Baseline (VersReID)” are cited baseline scores from [8] for
structural reference, rather than results newly computed through our ablation experiments.

From the data results in Table 5, it can be observed that when a certain module is
intervened individually, the model performance does not significantly surpass the baseline.
The fundamental reason is that the three-stage architecture of SPDR-Net presents highly
coupled and complementary characteristics. The SPCR module provides the necessary local
spatial division coordinate system and basic feature denoising for the model. The PGDR
module relies on the spatial division of the SPCR module to execute core weight allocation
by perceiving the environmental context. Meanwhile, the GL-Fusion module provides
macroscopic identity constraints for local features to prevent them from falling into the
trap of over-localization. Missing any of these links will cause feature representation
degradation and even introduce additional structural noise. Only when the three modules
work synergistically can the network stimulate a complete “structural prior-part refinement-
global complementarity” effect, allowing all indicators to reach their optimum.

To further explain the actual mechanism of scene-prompt-guided dynamic gating
routing under composite interference from a visual perspective, this paper utilizes Grad-
CAM technology. We perform visual mapping on the feature attention weights of each part
expert in the network fusion layer. This operation generates the attention tendency heat
maps, as shown in Figure 12.

From the distribution of the red highlighted areas in Figure 12, it can be clearly ob-
served that SPDR-Net can achieve precise focusing on valid identity features. For example,
in the occlusion samples of the Occ-Duke dataset, when the lower half of the person is
physically occluded over a large area, the model’s attention automatically avoids the oc-
cluder and highly concentrates on the undamaged upper body and head. In the infrared
cross-modality scene of SYSU-mm01, the attention adaptively shifts from the failure-prone
clothing color to the overall physical contour of the person. This visualization result proves
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that the network possesses the decision-making ability to dynamically judge environmental
interference and strongly suppress affected feature paths.

Heat map of the effect of the attention mechanismDatasets

Msmt17

SYSU-mm01

PRCC

SD-ReID

Heat map of the effect of the attention mechanismDatasets

Msmt17

SYSU-mm01

PRCC

SD-ReID

Heat map of the effect of the attention mechanismDatasets

Market1501

Occ-Duke

Celeb-ReID

Mlr-CUHK03

Heat map of the effect of the attention mechanismDatasets

Market1501

Occ-Duke

Celeb-ReID

Mlr-CUHK03

Figure 12. Visualization of expert feature attention tendencies of SPDR-Net when facing various
spatially asymmetric interferences. Warm colors (red and yellow) indicate high attention responses,
whereas cool colors (green and blue) indicate lower responses.

In addition to validating test-time generalization metrics (mAP and Rank-1), evaluat-
ing the training convergence behavior across diverse environmental attributes is essential
to verify the optimization stability of the proposed SPDR-Net. To this end, we record and
compare the joint loss curves of SPDR-Net and recent state-of-the-art ReID methods (in-
cluding PASS [47], SOLIDER [48], PersonViT [49], and CLIP-ReID [9]) over training epochs
on all eight benchmarks in Figures 13 and 14. We explicitly clarify that a lower training loss
magnitude does not always imply superior test-time retrieval generalization. However,
the convergence rate and curve smoothness strongly reflect the gradient properties and
optimization landscape. As illustrated in the curves, the multimodal CLIP-ReID baseline
exhibits the lowest initial and final loss values across all eight datasets. This fast conver-
gence is mathematically reasonable. CLIP-ReID leverages massive pre-aligned text–image
knowledge from foundation models, giving it an extremely strong starting point in the
latent space.

Among the pure visual models trained from scratch, the proposed SPDR-Net con-
sistently exhibits a faster descent rate and smaller oscillation amplitudes compared to
traditional baselines (e.g., PCB [11], TransReID [15], and SOLIDER [48]). This excellent
optimization stability remains highly consistent under different domain-shift challenges.
On the massive MSMT17 dataset, which features severe cross-camera illumination varia-
tions, and the MLR-CUHK03 dataset, which is characterized by heavy resolution degrada-
tion, SPDR-Net rapidly converges to a stable state within the first 25 epochs. This superior
optimization behavior is mathematically attributed to two core designs: (1) The learnable
scene prompt prior provides a highly generalized coordinate initialization, suppressing
early gradient volatility during domain transitions. (2) The PGDR module adaptively
down-weights the feature activations of heavily corrupted parts. In the backpropagation
phase, this operation strongly attenuates the gradients propagated through highly conflict-
ing or noisy expert paths. By shielding the clean experts from the dominant influence of
noisy gradients, our routing mechanism effectively smooths the joint optimization trajec-
tory across diverse datasets, steering the network toward a more stable and robust local
minimum without requiring the astronomical parameter overhead of foundation models.
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(a) (b)

(c) (d)

Figure 13. Comparison of training loss convergence curves between SPDR-Net and baseline models
across various benchmark datasets: (a) Market1501; (b) MSMT17; (c) Occ-Duke; and (d) SYSU-mm01.
Line colors identify the compared models as listed in each panel legend.

(e) (f)

(g)
(h)

Figure 14. Comparison of training loss convergence curves between SPDR-Net and baseline models
across various benchmark datasets: (e) Celeb-ReID; (f) PRCC; (g) MLR-CUHK03; and (h) SD-ReID.
Line colors identify the compared models as listed in each panel legend.
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4.5. Fine-Grained Evaluation on the SD-ReID Benchmark

To fully explore the benchmark evaluation value of the SD-ReID dataset and deeply
analyze the real performance of the proposed model when dealing with different types of
spatially asymmetric interference, this section conducts a deeper breakdown evaluation of
the SD-ReID dataset.

First, based on the open-world challenge characteristics elaborated previously,
the query samples in the SD-ReID test set are divided in the SD-ReID test set (containing
2055 images in total) into four specific interference attribute subsets. Normal: Contains per-
son samples under standard lighting, without obvious occlusion, and with normal resolu-
tion. Occlusion: The torso or lower limbs of the target person are asymmetrically occluded
by non-motorized vehicles, street signs, or other persons in the block. Low-Resolution:
Due to the large depth of field, the target pixels are blurred, lacking microscopic textures.
Illumination: The target is in environments with strong indoor/outdoor backlighting, local
tree shadows, or dim nighttime lighting. Under the multi-scene joint training paradigm, we
conduct a fine-grained mAP performance comparison between SPDR-Net and the currently
best performing baseline model (VersReID). The specific test results are shown in Table 6.

Table 6. Fine-grained performance comparison (mAP) under different environmental attribute
subsets of the SD-ReID dataset.

Scene Subset Image Count Baseline SPDR-Net (Ours) Improvement

Normal 855 99.1% 99.6% +0.5%
Low-Resolution 400 97.2% 98.7% +1.5%

Illumination 300 96.5% 98.3% +1.8%
Occlusion 500 95.4% 98.5% +3.1%

Total Set 2055 98.3% 99.0% +0.7%

In the “Normal” subset, the baseline model reaches a performance saturation of 99.1%
due to minimal environmental noise. However, SPDR-Net still achieves a 0.5% improve-
ment. This gain is attributed to the SPCR module, which effectively filters background
clutter even without obvious interference. Secondly, in the “Low-Resolution” and “Il-
lumination” subsets, the baseline performance degrades by about 2% due to the loss of
microscopic textures and color consistency. Conversely, SPDR-Net yields improvements of
1.5% and 1.8%, respectively. This benefits from the GL-Fusion module. When local details
are blurred, GL-Fusion leverages global macroscopic contours for residual compensation
to resist domain shifts. Finally, in the “Occlusion” subset, the baseline mAP drops to 95.4%
because global prompts fail to isolate occluder noise. In contrast, SPDR-Net achieves a
3.1% improvement. This significant gain is achieved because the PGDR module adaptively
estimates local asymmetric interference and down-weights the occluded expert paths. Con-
sequently, it mitigates the influence of localized noise and emphasizes reliable features
from unoccluded areas.

The previous tests were all conducted under a domain-consistent setting. However,
the biggest challenge faced by open-world ReID is unpredictable out-of-distribution scenes.
In practical applications, the system often needs to be deployed directly without obtaining
the training data of the target site. To verify that SPDR-Net possesses a true cross-domain
anti-interference mechanism rather than just overfitting to specific backgrounds, an ex-
tremely challenging cross-domain zero-shot generalization experiment is designed. In this
experiment, we select the currently largest public ReID dataset, MSMT17, as the source
domain for model training. Then, without any fine-tuning, we directly use the model to
perform inference and retrieval on the completely unknown SD-ReID testing set (target
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domain). A horizontal comparison is conducted among mainstream models representing
four different technical paradigms. The evaluation results are shown in Table 7.

Table 7. Cross-domain zero-shot generalization performance comparison on the SD-ReID dataset
benchmark.

Technical Paradigm Model mAP (%) Rank-1 (%)

Static local stitching PCB [11] 32.4% 45.1%
Static global receptive field ViT-B [46] 41.7% 53.6%

Global prompt learning VersReID [8] 48.2% 61.5%
Local dynamic routing (Ours) SPDR-Net (Ours) 56.8% 70.2%

Table 7 shows a severe performance drop for all models during direct cross-domain
inference, highlighting the unique environmental complexity of the SD-ReID dataset. Static
models perform poorly (mAPs of 32.4% and 41.7%). They overfit to the source domain
(MSMT17) background and use fixed weights, which mistakenly forces unknown SD-
ReID noises into the feature space. Conversely, VersReID increases the mAP to 48.2%,
proving that prompt learning aids macroscopic domain alignment. Ultimately, SPDR-Net
achieves the best performance with 56.8% mAP and 70.2% Rank-1. Instead of relying on
background memory, the PGDR module utilizes the sparse entropy constraint (Lent) to
estimate expert reliability and down-weight less reliable local expert paths in real time.
This dynamic adaptive mechanism endows SPDR-Net with excellent cross-domain anti-
interference capabilities.

To address the potential concern regarding the high performance on the SD-ReID
dataset, we provide a detailed analysis of its protocol. The SD-ReID dataset contains
147 identities, which is relatively small compared to MSMT17. This smaller scale naturally
reduces retrieval confusion in closed-loop matching. Additionally, all images are automat-
ically cropped by a high-precision YOLO detector, ensuring excellent spatial alignment.
To perform a more rigorous evaluation, we introduce a strict Cross-Camera and Cross-Time
(CCCT) testing protocol. Under this protocol, the query set and the gallery set are divided
such that the query images of a target person and their corresponding gallery images are
captured not only by different camera views but also at completely different time periods.
This temporal and spatial separation reduces the threat of short-term frame redundancy
and provides a highly challenging benchmark for real-world deployment.

To evaluate the generalization limit of SPDR-Net under the newly introduced Cross-
Camera and Cross-Time (CCCT) protocol, we conduct a comparative experiment on the
SD-ReID dataset. As shown in Table 8, when subjected to this rigorous spatial and temporal
separation, all models experience a visible performance drop compared to the standard
setting. This drop successfully verifies the high difficulty of our CCCT protocol. Under this
challenging setting, the proposed SPDR-Net still achieves 88.1% mAP and 92.4% Rank-1,
outperforming the state-of-the-art VersReID by 3.5% in mAP. This result firmly demon-
strates the robust generalization capability of our dynamic routing mechanism rather than
simple background overfitting.

Table 8. Performance comparison under the Cross-Camera and Cross-Time (CCCT) protocol on the
SD-ReID dataset.

Method Model mAP (%) Rank-1 (%) Rank-5 (%)

Part-based PCB [11] 73.5 79.1 86.4
Transformer ViT-B [46] 79.2 84.8 91.0

Prompt-based VersReID [8] 84.6 89.2 94.5
Ours SPDR-Net 88.1 92.4 96.2
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4.6. Sensitivity Analysis of Core Hyperparameters

To deeply explore the internal state of the Prompt-Guided Dynamic Routing (PGDR)
module during actual operation, and to verify the robustness of the model to the underlying
topology and key hyperparameters, this section conducts a detailed sensitivity analysis
on two core parameters: the number of local experts K, and the sparse routing entropy
loss weight λ. To test the role of these two parameters in dealing with spatially asymmet-
ric interference, the experiments in this section are conducted on the Occ-Duke dataset
(containing severe partial occlusion) and the self-built SD-ReID dataset.

1. Topological granularity analysis of the number of local experts K. In the semantic
part expert construction and refinement (SPCR) module, parameter K defines the number
of independent semantic experts into which the person spatial topology is divided. K
determines the receptive field area of the model for perceiving local interference. It also
dominates the tradeoff between feature semantic fine granularity and spatial position
robustness. To explore the global optimal solution of this tradeoff, K is set to values in
{1, 3, 4, 6, 8, 12}. The corresponding performance trend is presented in Figure 15.

Figure 15. Sensitivity analysis of the topological granularity regarding the number of local experts K.

When K = 1, the model degenerates into pure global feature extraction and loses the
ability to combat spatially asymmetric interference. This leads to the lowest mAP. With the
initial increase of K (e.g., K = 3), the model performance recovers significantly. However,
K = 3 is not the optimal solution. Due to the coarse segmentation granularity, when a tiny
part of the person (e.g., only the calf) is occluded, the PGDR module has to down-weight
the entire broad lower-body path (including the clean features of the thigh region) to avoid
noise in that area. This inevitably leads to collateral damage to valid local semantic features.
When K continues to increase and reaches K = 6, the model’s performance reaches its
peak. For an input image with a height of 384 pixels, K = 6 allows each local expert to be
exactly responsible for a continuous receptive field with a height of about 64 pixels. This
division granularity enables a good balance between “feature semantic fine-grainedness”
and “spatial position robustness”. On the one hand, the sufficiently fine segmentation
enables the gating network to strongly suppress localized polluted features. On the other
hand, K = 6 ensures that each expert path contains enough context information internally.
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This context supports the self-attention mechanism within the framework to perform
effective Local Feature Refinement.

However, when the value of K expands excessively (e.g., K = 8 or even K = 12), all
indicators begin to decline. Explained from a deep mechanism perspective, excessively
detailed division triggers three problems. First, Semantic Fragmentation: Undersized
image patches may only contain solid-colored fabrics of a single color, completely losing
the information entropy required to distinguish different identities. Second, severe spatial
misalignment: In the uncontrolled open environment, person posture changes and slight
bounding box jitters will cause semantic mismatching of these tiny segmented parts be-
tween two images. Third, Routing Dilution: Too many part expert branches greatly smooth
the probability distribution of the Softmax function. This weakens the intervention strength
of the sparse entropy loss (Lent). Consequently, the PGDR module loses its decision-making
ability to strongly suppress polluted feature paths.

2. Decision strength analysis of the sparse routing entropy loss weight λ. In
the joint optimization objective, the hyperparameter λ is responsible for balancing the
relationship between the identity metric feature space and the routing decision certainty. λ

determines whether the network has the ability to strongly suppress the feature paths of
damaged parts when facing interference. We set λ ∈ {0, 0.01, 0.05, 0.1, 0.5, 1.0} for testing.
The performance trend is shown in Figure 16.

Figure 16. Sensitivity analysis of the decision strength regarding the sparsity routing entropy loss
weight λ.

To provide quantitative evidence for the routing-weight distribution and to clarify
the boundary of the entropy penalty, we further compute the mean Shannon entropy of
the routing weights on the Occ-Duke testing set. Clean samples and occluded samples
are evaluated separately under different values of λ. For the adopted K = 6 expert
configuration, the maximum theoretical entropy is ln(6) ≈ 1.792. The statistical results are
reported in Table 9.

As shown in Table 9, when λ = 0 (i.e., no entropy penalty), the routing distributions
remain close to uniform for both clean and occluded samples, and the entropy gap is
small (∆H = 0.139). This explains why the PGDR module tends to make ambiguous
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routing decisions without explicit information-theoretic pressure. When λ = 0.1, the model
achieves the best performance in Figure 16. At this setting, clean samples still maintain a
high mean entropy (Hclean = 1.692), indicating that the router largely preserves balanced
body-part information in non-occluded cases. In contrast, the entropy of occluded samples
decreases to Hocc = 1.284, producing the largest clean–occluded gap (∆H = 0.408). This
result supports the interpretation that selective polarization is an emergent outcome of the
joint optimization rather than a hard noise-triggered switch. When λ = 0.5, the entropy
of clean samples collapses sharply to 0.512, which empirically confirms the risk of blind
polarization. Therefore, the degradation observed in Figure 16 at large λ is consistent with
the reviewer’s concern: an overly strong entropy penalty can suppress useful normal expert
features even in clean scenes.

Table 9. Mean routing entropy statistics on the Occ-Duke dataset.

Entropy Penalty (λ) Clean Samples (Hclean) Occluded Samples (Hocc) Delta (∆H)

λ = 0.0 1.754 1.615 0.139
λ = 0.1 (Optimal) 1.692 1.284 0.408

λ = 0.5 (Over-polarized) 0.512 0.315 0.197

4.7. Computational Complexity and Real-Time Inference Efficiency

To verify the practical utility of SPDR-Net, we conduct a detailed computational com-
plexity analysis. The parameter size, FLOPs, single-frame inference latency, and throughput
(Frames Per Second, FPS) of different models are summarized in Table 10. All models
are evaluated under identical hardware configurations on a single NVIDIA RTX 4090D
GPU. As reported in Table 10, lightweight CNN models like OSNet and part-aware models
like PCB exhibit fast inference speeds (1818 FPS and 1204 FPS, respectively). However,
their retrieval accuracies in complex scenes are unsatisfactory, as shown in Tables 1–4.
On the other hand, state-of-the-art Transformer-based models (such as TransReID, Ver-
sReID, and CLIP-ReID) achieve higher accuracies but require massive global self-attention
computations. This quadratic complexity pushes their FLOPs above 17G and reduces their
inference speeds to under 400 FPS, which fails to meet real-time requirements.

Table 10. Comparison of computational complexity and real-time inference efficiency.

Method Model Params (M) FLOPs (G) Latency (ms/img) Throughput (FPS)

CNN-based OSNet [51] 2.2 1.0 0.55 1818
PCB [11] 27.1 4.8 0.83 1204

ViT-based

ViT-B [46] 85.8 16.8 2.37 421
TransReID [15] 86.4 17.1 2.53 395

PASS [47] 86.8 16.9 2.45 408
SOLIDER [48] 87.2 17.0 2.49 402
PersonViT [49] 92.5 18.2 2.76 362

VLM-based CLIP-ReID [9] 142.1 22.4 3.51 285
Prompt-based VersReID [8] 88.1 17.5 2.63 380

Ours SPDR-Net 87.3 14.1 1.81 552

In contrast, the proposed SPDR-Net achieves an outstanding balance between accuracy
and computational speed. Although the parameter size of SPDR-Net (87.3M) is comparable
to the baseline ViT-B, the total computational cost (FLOPs) is significantly compressed from
16.8G to 14.1G. This optimization is achieved because our part-aware ’divide-and-conquer’
attention strategy (Section 3.2) partitions the long patch sequence into three independent,
parallel streams. This parallel design reduces the attention computational complexity
from O(N2C) to O(N2C/3). Consequently, the system throughput of SPDR-Net reaches
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552 FPS (a 45.2% speedup over VersReID), with a low latency of only 1.81 ms per image.
This evaluation confirms the outstanding potential of the proposed model for real-time
edge deployment.

5. System Construction and Application
Although the previous sections have verified the retrieval capability of SPDR-Net on

multiple static gallery datasets, there is still a gap between pure static image matching
and real-world industrial deployment. In a real open-world video surveillance network,
the system faces more complex dynamic challenges: 1. Person features are no longer
perfectly cropped images, but highly depend on the dynamic bounding boxes generated
by the front-end object detector. The jitter and truncation of the boxes introduce additional
structural noise. 2. Continuous tracking across indoor and outdoor cameras is accompanied
by intense and unpredictable illumination mutations and posture transitions. To conduct
end-to-end verification of the proposed theoretical model toward practical ReID engineer-
ing systems, we built a multi-scene software and hardware testing system. This system
integrates front-end detection and back-end ReID.

As shown in Figure 17, this test system consists of a 75-inch UHD (3840 × 2160)
master control terminal and three topologically distributed cameras (including one indoor
corridor bullet camera and two outdoor environment dome cameras). This realizes real-
time collection, processing, and rendering of video streams. To strictly control variables
and minimize the interference of the detector on the final indicators, we uniformly employ
the state-of-the-art YOLO (specifically, YOLOv12x) as the front-end object detector. This
ensures that all comparison models input the same bounding box sequence. On this
basis, the inference weights of SPDR-Net are seamlessly integrated into the tracking logic.
In addition, OSNet, which is widely adopted in the Multi-Object Tracking (MOT) field in
the industry, is selected as the baseline ReID model for comparison. In the evaluation of
continuous video streams, the core indicator is no longer the static mAP. Instead, it focuses
on whether the identity trajectory of the same person breaks or jumps under cross-camera
movement and complex interactions.

Monitoring main control screen

Outdoor camera display

 Camera 1  Camera 2  Camera 3

Figure 17. Multi-camera software and hardware testing system based on SPDR-Net. Any non-English
text visible in the photographed environment is incidental background signage and is not used in
the experiment.

In the continuous scene collection test, the tracking stability of the two models shows
significant differences. The comparison of some keyframes from the test is shown in
Figure 18 (OSNet baseline results) and Figure 19 (SPDR-Net test results).
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Figure 18. Person ReID and detection results of the baseline model (OSNet) under video streams
(zoom-in is recommended). Any non-English text visible in the scene is incidental background
signage and is unrelated to the analysis.

In the test of Figure 18, OSNet exhibits severe ID fragmentation. For example, when
the target (initially ID3) moves indoors (Camera 1), its ID frequently breaks into ID6 and
ID11 due to many indoor obstacles. When the target performs a “sitting down” action,
the drastic deformation of the posture topology causes its ID to break again into ID38.
In addition, when the target crosses indoor and outdoor cameras (entering Camera 2
and Camera 3), the global mutation of indoor/outdoor color temperature and brightness
directly invalidates the original feature vector, triggering a systematic misidentification.
This is because the traditional model heavily relies on static feature fusion at a global scale.
Therefore, it cannot effectively deal with global domain shift situations in the open world.

In contrast, SPDR-Net in Figure 19 demonstrates excellent anti-interference ability and
cross-camera identity consistency. Except for a brief ID confusion during extreme physical
overlap (e.g., several frames where two persons completely occlude each other in Camera
1), SPDR-Net maintains a continuous lock on the target ID in the vast majority of complex
scenes. This is because when the target is severely occluded or deformed in the lower
body due to “sitting down”, the PGDR module quickly perceives the abnormality of the
spatial topology. Using the sparse routing mechanism, it automatically down-weights the
lower body features and relies predominantly on the head and torso experts to complete
stable inter-frame matching. At the same time, when the target shuttles indoors and
outdoors (Camera 1 to Camera 3), causing drastic changes in ambient light, the GL-Fusion
module still firmly grasps the unchanged detailed features (such as clothing details and gait
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contours) extracted by local experts, even when global color drifting occurs. This achieves
a smooth transition of cross-domain features.
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Figure 19. Person ReID and detection results of SPDR-Net under video streams (zoom-in is recom-
mended). Any non-English text visible in the scene is incidental background signage and is unrelated
to the analysis.

In summary, the closed-loop software and hardware test in this section not only
confirms that ReID technology has high industrial deployment value. Moreover, it provides
a robust dynamic routing architectural paradigm for ReID systems in the open world.

6. Discussion
SPDR-Net drives open-world ReID from static feature alignment to dynamic adap-

tive routing. Traditional models suffer from irreversible noise pollution under severe
local occlusion. Based on the Mixture of Experts (MoE) model, SPDR-Net utilizes scene
semantics to dynamically evaluate part confidence. Constrained by sparse entropy loss,
the PGDR mechanism effectively isolates asymmetric interference and refines extracted
features. Despite excellent performance, this spatial decoupling strategy faces limitations
during full-element physical overlap (i.e., total occlusion by another person). In such ex-
treme cases, single-frame part experts lose all visual cues, leading to brief identity confusion.
In future work, we plan to extend SPDR-Net to a joint spatiotemporal dimension. By incor-
porating temporal contexts, the system will use unoccluded features from adjacent frames
to compensate for severe current-frame occlusions. Additionally, model lightweighting
techniques will be introduced to reduce inference latency on edge computing devices.
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7. Conclusions
To address the problem of person ReID performance degradation caused by spatially

asymmetric interference widely existing in open-world video surveillance systems, this
paper proposes a novel Scene-Prompt-Driven Dynamic Routing Expert Network (SPDR-
Net). This framework breaks through the limitations of traditional static feature fusion.
It innovatively regards person part features as independent expert paths. Furthermore,
it utilizes the Prompt-Guided Dynamic Routing (PGDR) network to execute dynamic
weight routing and feature limitation driven by the scene context. To prevent the model
from falling into trivial decisions, this paper introduces the sparse routing entropy loss
to enhance the decisiveness of the network under extreme interference. Simultaneously,
a global–local feature collaborative fusion module is designed to maintain the integrity of
the macroscopic identity topology. To validate the effectiveness of the proposed framework,
comprehensive experiments are conducted on seven mainstream public datasets and
the newly constructed SD-ReID dataset (including Market1501, MSMT17, Occ-Duke, etc.).
The results demonstrate that SPDR-Net exhibits outstanding scene adaptability under multi-
scene domain shifts. Moreover, this paper constructs and open-sources a challenging real-
world block dataset, SD-ReID. By building a multi-camera software and hardware closed-
loop actual measurement system based on the YOLO detector, we verify the capability of
the proposed architecture to maintain cross-camera identity consistency in real complex
scenes. In summary, SPDR-Net not only provides a new dynamic routing paradigm for anti-
interference feature representation at the theoretical level. More importantly, it provides a
highly valuable experimental solution for highly robust security surveillance systems in
engineering practice.
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