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Abstract

Aerial-Ground Person Re-IDentification (AGPReID) aims to
extract identity-discriminative representations from hetero-
geneous perspectives across different platforms in complex
real-world environments. However, existing methods primar-
ily focus on visual appearance modeling and make insuffi-
cient use of semantic attribute priors, which limits their abil-
ity to bridge the aerial-ground view gap. To address this limi-
tation, we propose a Semantic-driven Visual Progressive Re-
finement framework for AGPReID (SVPR-RelD), which ef-
fectively leverages textual attribute priors to guide the ex-
traction of fine-grained visual cues. Specifically, we design
a View-Decoupled Feature Extractor that incorporates view-
aware textual prompts to decouple view-invariant identity
features. Then, to alleviate inter-class ambiguity, we pro-
pose an Attribute-Scattered Mixture-of-Experts module that
integrates attribute semantics into the visual space, thereby
improving discrimination among visually similar pedestri-
ans. Finally, we design a Context-Vision Progressive Re-
finement module for progressive refinement of attribute and
view-invariant features, obtaining robust cross-view identity
representations. In particular, we contribute a comprehen-
sive benchmark for AGPReID, named CP2108, which con-
tains 142,817 images of 2,108 identities annotated with 22
attributes. Notably, it includes 191 identities captured across
different times, enabling both short- and long-term RelD
evaluation, addressing the limitation of existing datasets that
focus only on short-term scenarios. Extensive experimental
results validate the effectiveness of our SVPR-RelD on four
AGPRelD datasets.

Code — https://github.com/ahu-xhao/SVPR-RelD

Introduction

As a natural extension of Person Re-Identification (RelD),
Aerial-Ground Person Re-IDentification (AGPReID) (Yan
et al. 2021) focuses on matching identities across het-
erogeneous platforms, such as ground-level camera sys-
tems(Wang et al. 2022; Zheng et al. 2015; Wei et al. 2018;
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Aerial-Ground

Person Re-Identification

Figure 1: Aerial-Ground Person Re-IDentification poses sig-
nificant challenges due to extreme variations in viewpoint
(aerial vs. ground), scene context (indoor vs. outdoor), and
time (day vs. night). Identities are annotated in the figure us-
ing bounding boxes of the same color.

Zheng et al. 2021, 2023; Yan et al. 2023) and aerial-
level camera systems (Wang et al. 2024; Chen, Ye, and
Du 2022). However, the substantial domain gap between
aerial and ground imagery results in severe viewpoint vari-
ations (Yan et al. 2021) and notable differences in res-
olution and imaging quality. These factors make cross-
platform identity matching particularly challenging, as il-
lustrated in Fig. 1. To address these challenges, existing
AGPRelID approaches can be broadly categorized into two
paradigms. (1) Attribute-guided modeling: methods such as
AGRelID (Nguyen et al. 2023) and AGReID.v2 (Nguyen
et al. 2024) leverage pedestrian attributes as semantic an-
chors for learning view-invariant local features, thereby al-
leviating cross-view matching difficulties. (2) Visual feature
enhancement: VDT (Zhang et al. 2024) employs a hierar-
chical view-decoupling strategy within the ViT (Dosovit-
skiy et al. 2020) framework to extract view-invariant iden-
tity features. SeCap (Wang et al. 2025) enhances local vi-



sual perception via adaptive visual prompts. Moreover, SD-
RelD (Hu et al. 2025) leverages Stable Diffusion (Rombach
et al. 2022) to generate auxiliary viewpoint representations.
Although these methods are effective in mitigating cross-
platform matching challenges, there are two key limitations:
(1) insufficient exploitation of fine-grained semantic infor-
mation contained in attribute cues (Zhang, Niu, and Zhang
2020), and (2) excessive reliance on local visual represen-
tations, leading to reduced robustness under adverse condi-
tions such as low illumination (Zeng et al. 2020) or occlu-
sion (He et al. 2021).

To address the limitations of existing approaches, we
propose a Semantic-driven Visual Progressive Refinement
framework for AGPReID (SVPR-ReID), which leverages
textual attribute and viewpoint semantics to guide the learn-
ing of fine-grained, view-invariant identity representations.
First, we introduce a View-Decoupled Feature Extractor
(VDFE) to address CLIP’s degradation under extreme view-
point shifts (Nam et al. 2025). VDFE incorporates learnable
view prompts to encode viewpoint semantics and decouple
view-specific from view-invariant features, enhancing cross-
view consistency while preserving identity cues. Secondly,
to further tackle intra-class variance and inter-class ambi-
guity under occlusion and low-light conditions, we propose
an Attribute-Scattered Mixture-of-Experts (ASMoE) mod-
ule, which utilizes attribute priors and adaptive routing to
dynamically integrate key attribute semantics. By comple-
menting global features with fine-grained local cues, AS-
MoE effectively mitigates performance degradation due to
viewpoint shifts and poor imaging conditions. Finally, we
propose a Context-Vision Progressive Refinement (CVPR)
module to ensure structural consistency based on image lo-
cal patches. Unlike previous static local enhancement meth-
ods (He et al. 2021), CVPR adopts a multi-granularity atten-
tion mechanism to progressively refine the most discrimina-
tive patches, recovering subtle identity cues and reinforcing
attribute modulation for robust cross-view representation.

Meanwhile, although several AGPReID datasets (Nguyen
et al. 2023, 2024; Zhang et al. 2024; Wang et al. 2025)
have been constructed to support research in this field, ex-
isting data resources remain inadequate. On one hand, some
datasets (Zhang et al. 2024; Wang et al. 2025) lack es-
sential semantic annotations such as attribute labels (Zhai
et al. 2024), limiting the potential for attribute-guided (Ku-
mar et al. 2021; Cho et al. 2022) semantic cues. On the
other hand, despite simulating various illumination condi-
tions, some datasets (Nguyen et al. 2023, 2024) fail to cap-
ture the same identities across different times of day (Li et al.
2024), limiting their applicability in long-term RelD scenar-
ios (Nguyen et al. 2025).

To address the scarcity of AGPRelID datasets, we con-
tribute a large-scale real-world dataset CP2108 for compre-
hensive evaluation in the AGPRelD task. The dataset con-
tains 142,817 images of 2,108 pedestrian identities, captured
by 22 ground cameras and 17 UAVs from two distinct mod-
els in eight diverse campus environments (such as library,
crosswalks, indoor and outdoor teaching areas). CP2108 ex-
plicitly incorporates factors that significantly affect ReID
performance, including seasonal variations, severe illumina-
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tion changes, and occlusion. Notably, the dataset includes
191 identities enabling evaluation of long-term RelD ca-
pabilities, which is an aspect largely overlooked in prior
datasets. Furthermore, each identity is annotated with 22
fine-grained pedestrian attributes (such as gender, hairstyle,
clothing color, footwear type, carried objects, and body pos-
ture), thereby supporting research on semantic-guided align-
ment and attribute-based feature learning.

To summarize, this paper makes the following key contri-
butions to the AGPRelD task:

* We propose SVPR-RelD, a novel framework that inte-
grates viewpoint and attribute semantics to achieve ef-
fective separation of viewpoint-invariant identity features
and further enrich fine-grained feature representation.

We design the CVPR module to exploit fine-grained vi-
sual cues and preserve structural consistency, thereby
mitigating the degradation of local detail perception un-
der low-quality conditions such as low illumination.

We contribute a comprehensive AGPReID benchmark
dataset named CP2108, which is annotated with exten-
sive pedestrian attributes. It enables the exploration of
diverse AGPRelD scenarios, including long-term, multi-
scene, and attribute-aware evaluation.

Extensive experiments conducted on existing AGPRelD
benchmarks validate the effectiveness of our SVPR-
RelD framework.

Related Work

Aerial-Ground Person Re-IDentification. The Aerial-
Ground Person Re-IDentification (AGPRelD) task presents
significant challenges due to drastic appearance variations
caused by viewpoint discrepancies from different platforms,
which severely hinder reliable identity matching. To address
these issues, representative AGPRelD datasets have been
constructed, including AGReID.vl (Nguyen et al. 2023),
AGReID.v2 (Nguyen et al. 2024), CARGO (Zhang et al.
2024) and LAGPeR (Wang et al. 2025). Based on these
datasets, AGRelID.v1l and AGReIDv2 employ pedestrian at-
tributes as semantic anchors to facilitate visual alignment of
local regions across aerial and ground views, enabling in-
dividuals with similar attributes to be more accurately as-
sociated, highlighting the critical role of local features in
AGPRelID. Another line of work focuses on learning robust
view-invariant feature, as in VDT (Zhang et al. 2024), which
designs a view-decoupled strategy based on the ViT (Doso-
vitskiy et al. 2020) architecture to hierarchically extract
view-invariant identity representations.

Nowadays, prompt-based methods have shown promise
in view-invariant modeling. SeCap (Wang et al. 2025), for
instance, adaptively adjusts prompts (He et al. 2024) ac-
cording to input images for different views, producing ro-
bust view-invariant representations. However, these meth-
ods are highly sensitive to image quality, and their stability
degrades significantly under challenging conditions such as
low illumination and motion blur. Unlike prior works, our
SVPR-RelD fully exploits semantic information to guide
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Figure 2: Overview of our SVPR-RelID framework. (a) View-Decoupled Feature Extractor (VDFE) encodes viewpoint se-
mantics via learnable prompts to decouple view-specific and invariant features. (b) Attribute-Scattered Mixture-of-Experts
(ASMoE) module adaptively integrates attribute semantics into identity features to enhance robustness under occlusion and
low-light conditions. (c) Context-Vision Progressive Refinement (CVPR) module progressively refines discriminative patches
based on attribute and identity cues through a multi-stage CVAttention mechanism for robust cross-view representation.

the model in effectively disentangling view-invariant fea-
tures and mining fine-grained discriminative cues, thereby
enhancing cross-view RelD performance.

Sematic-Driven Person Re-IDentification. Recently,
CLIP’s powerful image-text alignment capability (Radford
et al. 2021) has inspired semantic (Jia, Chen, and Huang
2021) modeling in RelID tasks. Attributes (Gong, Liu,
and Jain 2020), a critical semantic cue for distinguishing
pedestrians (Zhang, Niu, and Zhang 2020), have been
extensively utilized in two main ways. On the one hand,
attribute label-based methods (Kumar et al. 2021; Huang
et al. 2024; Wang et al. 2018b; Zhang et al. 2020) encode
attribute annotations as supervision signals or auxiliary
features to enhance visual representations. On the other
hand, text-based approaches (Li, Sun, and Li 2023; Cui
et al. 2024; Yu et al. 2024; Yang et al. 2024; Zhai et al.
2024) generate attribute descriptions for the samples and
extract textual features for interaction with visual features.
These studies demonstrate the potential of using textual
priors (e.g., attributes) to model view-invariant features.

Methodology

As shown in Fig. 2, our SVPR-RelID framework consists
of three key components: View-Decoupled Feature Extrac-
tor (VDFE), Attribute-Scattered Mixture-of-Experts (AS-
MoE) module, and Context-Vision Progressive Refinement
(CVPR) module.
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View-Decoupled Feature Extractor

We design VDFE based on CLIP (Radford et al. 2021) to
adaptively decouple view-invariant identity features from
viewpoint-related noise under the guidance of textual view
prompts. Specifically, we design a viewpoint-sensitive tem-
plate, “A photo of a [x], [x], [x], [x], person from aerial /
ground view.”, where the four consecutive [x], are learnable
view prompts P!, . . The view descriptions are embedded
into a global feature 7};., via the frozen CLIP text encoder,
and a residual cross-attention mechanism C.A is then applied

to obtain a high-level semantic view descriptor Pt

view"
=p!

t
view + CA(Pm'eun T'view» T’view) .

P

view

)

Next, we inverse Pﬁiew into the visual space to form a
view-aware token f!,., = ¢(Pl;.,,), where ¢ is a MLP
layer. f%,.,, is concatenated with the visual tokens f/,, and
f;atc 5, from the i-th CLIP layer and then fed into the remain-

ing layers Vr,_; to embed view semantics, forming:

{fclsafpatchafview} :VLfi({félsv ;atchafziew})v (2)

where L denotes the number of CLIP layers.

Finally, we introduce a View-aware Bidirectional Decou-
pling (VBD) strategy to mitigate viewpoint interference, de-
fined as follows:

fcls - fcls - CA(fclsa f'uiewa fview)v
fmlew = fvie'w - CA(fuiewa lesv fle)

3)
“



The resulting f.;s serves as the view-invariant identity fea-
ture, while f,;e., is discarded after training.

Attribute-Scattered Mixture-of-Experts

To reduce intra-class variance and inter-class ambiguity
caused by occlusion or illumination changes, we design AS-
MoE to dynamically inject attribute semantics into visual
representations. Similar to the view-aware prompting strat-
egy, we first define an attribute-aware textual template: “A
photo of a [x], [x], [x]. [x]. person with attributes: Pose is
working, Upper Color is White, ...”, where four [x], tokens
form soft learnable attribute prompts P?,,... These descrip-
tions are encoded as a global vector T, using the CLIP
text encoder. We design a residual enhancement and a MLP

inverseNet ¢ on P,fm and T4, for a attribute token f4¢,-:
flﬁtt’f‘ = (P(Tattr + Mean(P;ttr))' (5)

Then, it is interacted with visual patches Fj., via cross-
attention C.A to produce a attribute context token fuz, =
CA(ftrs Fpatehs Fpaten ). Subsequently, a visual attribute
prompts { P, 32 is processed by a MoE network con-
ditioned on the f,4+, and f,;,, formulated as:

Faittr = {MUE(fcls + fattr + P;tifr,m)}r]\r{:U (6)

where M is the number of attributes and the MoE comprises
four MLP experts and a linear gating network.

Considering some attributes may be unreliable under ad-
verse conditions, we employ a top-k routing strategy 7 K to
select the most discriminative attributes, which are aggre-
gated with a learnable weight W:

fasmoe =W:- TK:(Q(F;HT)7 k)’ @)
where 6 consist of a linear layer and a softmax operation.

Context-Vision Progressive Refinement

To further ensure structural consistency, we design the
CVPR module as a fine-grained complement. It progres-
sively enhances identity-relevant semantics by focusing on
the most discriminative local patches, improving structural
consistency across platforms. We sum the features f.s,
fasmoe, and a learnable query to form the initial query fclva,
while the local patches Fj.; are used as the key Fpl. The
CVPR applies a decoder CVAttention block, composed of
self-attention, cross-attention, and feedforward layers. At re-
finement stage j of IV, the process includes:
1) Top-k Patch Selection: Compute attention scores be-
tween f7,,,. and F} to select top-k relevant patches F) .
2) Feature Update: Use CVAttention on f7,,. and F) , to
obtain refined query g‘vpm and patches Fg’ k. then update
the global feature and selected patches with momentum ~:
Jevpr <=7+ flopr + (1 =7) - fais, (®)
Fpp<_7'ng+(1_7)'Fppv VPPEF;,M-
3) Iterative Refinement: The updated query and patches are
propagated to the next stage for step 1) and 2) until j = N.
4) Final Aggregation: The refined token f,,,, and the adap-
tively weighted local token fiocq; = W. Fpaicn are concate-

nated with the identity token f.;; to form the final represen-
tation f.¢;q4, where YV denotes a learnable weight.
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Optimization

As shown in Fig. 2, the training objective integrates three
components: identity loss, view disentanglement loss, and
attribute supervision. First, the Cross-Entropy loss and the
Triplet loss are applied to the RelD feature f.c;q4:

ﬁreid - AlﬁlD(freid) + )\2£Triplet(freid)v

where \; and )\, are hyperparameters.
Second, the feature f,;e,, and f.s are regularized by a
view classification and orthogonality constraint:

€))

|Bl

ﬁview = EID(fview) + Z |<

j=1

J J
cls? Jview

), (10)

where (-, -)| represents the absolute value after the dot prod-
uct of two embeddings and | B| denotes the batch size.
Finally, attributes are optimized via a Cross-Entropy loss:

M |B|
1 NI
Lawr =30 (= 2o iloger’), (D
m=1 i=1

where M is the number of attributes, while c; represents the
real label of the attribute and ¢; denotes the prediction.
The overall objective is:

Etota,l = Erez'd + aﬁm‘ew + Bﬁattra (12)

where « and (3 are hyperparameters.

CP2108: A Comprehensive AGPRelD Dataset

To further enrich the corpus of AGPRelD task, we contribute
a comprehensive AGPRelD dataset, named CP2108.

Data Collection

The CP2108 dataset was collected over one calendar year
on a university campus to comprehensively capture pedes-
trian appearances under real-world cross-platform condi-
tions. It involves 2108 identities recorded by 17 UAVs and
22 static ground-based CCTVs. UAVs (DJI Mini4, Mavic
3T) followed ascending spiral flight paths across key cam-
pus regions (e.g., library, gates), capturing pedestrians from
diverse altitudes (15-60m) and viewpoints (front, back,
oblique). Ground cameras, installed at 2m height, provided
complementary close-range views.

To enrich environmental diversity, the dataset was col-
lected over a year, covering four seasons and multiple peri-
ods of the day. This design introduces illumination and scene
variations such as day-light, backlighting, nighttime under-
exposure, and motion blur. Notably, 191 pedestrian identi-
ties were captured across day and night in different scenes,
enabling robust evaluation of day-night matching for RelD.

Data Annotation

The annotation of the CP2108 dataset was conducted
through a semi-automated workflow designed to balance ef-
ficiency with annotation accuracy. Initially, the YOLOv11
detector (Khanam and Hussain 2024) and the StrongSORT
tracker (Du et al. 2023) were applied to all video streams



Property AGRelID AGRelD.v2 CARGO G2APS-ReID LAGPeR CP2108 (Ours)
IDs 388 1615 5000 2788 4231 2108
Images 21983 100502 108563 200864 63842 142817
Source real real Synthetic real real real
Scenarios 1 1 1 1 7 8
Cameras 2 (1A+1G) 3 (1A+1G+1W) 13 (5A+8G) 2 (1A+1G) 21 (TA+14G) | 39 (17A+22G)
Attributes 15 15 0 0 0 22
Captions X X X X X v
Illumilation Day Day Day & Night Day or Night | Day or Night | Day & Night
Cross-Time X X X X X v
Season Spring, Summer Spring, Summer Virtual Summer Summer Summer All Year
Altitude 15~45m 1.5m, 3m, 15~45m 5~75m 20~60m 20~60m 2m, 15~60m

Table 1: Statistics and key characteristics of Aerial-Ground Person RelD datasets, highlighting differences between CP2108

and prior benchmarks.

to automatically detect and track pedestrian targets. Follow-
ing this initial automated stage, a team of 11 domain ex-
perts performed meticulous manual refinement of the anno-
tations. This process involved correcting misaligned bound-
ing boxes, supplementing missing detections, and removing
redundant or low-quality images to ensure high consistency
and reliability across diverse scenes and viewpoints.

To enhance semantic richness and support attribute-
guided feature learning (Kumar et al. 2021), we anno-
tate each identity with detailed attributes. Specifically, each
pedestrian is labeled with 22 attributes grouped into physio-
logical characteristics, appearance-related features, and en-
vironmental context.

Data Characteristic

As shown in Table 1 and Fig. 3, CP2108 extends existing
AGPRelD datasets by comprehensively covering five com-
mon challenges: viewpoint variation, elevative angles, par-
tial occlusion, pose and motion blur, and heterogeneous il-
lumination. Furthermore, it introduces three additional char-
acteristics, namely multi-season variability, cross-time sce-
narios, and cross-scene scenarios.

1) Viewpoint and Elevation Diversity. CP2108 captures
pedestrians from diverse perspectives, including front, back,
side, top-down, and oblique views, supporting comprehen-
sive modeling of cross-view variations. The UAVs adjust
camera pitch angles from 30° to 85° during flight to pro-
duce multi-elevation data, and the image resolutions greatly
range from 12 x 35 to 1366 x 1440 across platforms.

2) Occlusion and Motion Blur. The dataset features diverse
occlusion scenarios, including umbrellas, trees, buildings,
and dynamic crowds, causing partial visibility of key body
parts. Motion blur arises from the object’s movement and
the UAV’s rotation, further increasing visual complexity.

3) Illumination and Seasonal Variability. CP2108 cap-
tures pedestrian images at four times of day (morning, noon,
evening, and night), covering diverse lighting conditions in-
cluding overexposure and low illumination. It also spans
four seasons, adding variations in clothing styles.

4) Cross-Time and Cross-Scene Diversity. A key feature
of CP2108 is its support for long-term RelD and inter-scene
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Figure 3: Visualization of key characteristics of our CP2108
dataset.

variation. We recruit 191 pedestrian identities for temporally
controlled data collection and capture each identity under
both daytime (Scene 1) and nighttime (Scene 2) conditions,
enabling reliable day—night person retrieval. Additional in-
door scenes further increase diversity and coverage.

Data Division

The CP2108 dataset contains 2108 identities and 142,817
images (approximately 67 images per identity, including 30
aerial and 37 ground views). We split the dataset into 1,442
IDs for training and 666 IDs for testing, including 191 cross-
time identities, of which 71 are used for training and the
rest for testing. Specifically, 436 IDs (109 cross-time) are



AGRelD.v1 CP2108 (Ours)

Method A—G G—A ALL A—G G—A

R1 mAP R-1 mAP | R-1 mAP R-1 mAP R-1 mAP
MGN (Wang et al. 2018a) - - - - 3245 2393 5227 34.02 52.58 34.26
BoT (Luo et al. 2019) 70.01 5547 7120 58.83 | 36.27 28.35 57.76 38.60 55.64 37.72
SBS (He et al. 2023) 7354 5977 7370 6227 | 27.96 17.29 36.06 23.05 39.14 23.83
ViT (Dosovitskiy et al. 2020) 81.28 7238 82.64 73.35 | 4936 3792 61.14 42.03 61.97 44.58
TransRelD (He et al. 2021) 81.33 7323 84.10 75.71 | 50.32 38.18 62.03 45.62 62.28 45.00
CLIP-RelD (Li, Sun, and Li 2023) | 82.59 75.68 85.68 7851 | 57.90 41.12 62.16 4535 62.97 45.32
VDT (Zhang et al. 2024) 8291 7444 86.59 78.57 | 46.88 33.10 42776 33.64 40.59 31.74
SeCap (Wang et al. 2025) 84.03 76.16 87.01 78.34 | 53.90 38.74 63.55 46.95 63.39 46.19
SVPR-RelD (Ours) 8534 77.85 87.32 80.55 | 59.23 4240 64.25 47.72 63.76 47.04

Table 2: Performance comparison on AGReID.v1 and CP2108 (Ours) (in %) under multiple evaluation protocols. “A” and “G”
denote aerial and ground views, respectively. “A—G” refers to aerial-to-ground matching and “G—A” refers to ground-to-aerial
matching, while “ALL” indicates mixed retrieval. The best and second-best results are in bold and underlined, respectively.

randomly selected as queries, with all 666 IDs forming the
gallery. Each query set includes one image per camera, while
remaining images constitute the gallery. All splits are ran-
domized for fairness and reproducibility.

AGRelD.v2 CARGO
Method ASC | WoA | ALL | AG
MGN (Wang et al. 2018a) 70.17 | 73.73 | 49.08 | 33.47
BoT (Luo et al. 2019) 77.03 | 7590 | 46.49 | 32.56
ViT (Dosovitskiy et al. 2020) 77.03 | 76.59 | 53.54 | 40.11
TransRelD (He et al. 2021) 7893 | 7296 | 53.17 | 38.06
CLIP-RelID (Li, Sun, and Li 2023) | 83.27 | 80.56 | 62.08 | 52.54
VDT (Zhang et al. 2024) 79.13 | 78.52 | 55.20 | 42.76
SeCap (Wang et al. 2025) 80.84 | 80.15 | 60.19 | 58.94
SVPR-RelD (Ours) 84.35 | 80.64 | 66.00 | 64.05

Table 3: Comparison on AGRelD.v2 and CARGO using
mAP (%). “A”, “G”/“C”, and “W” denote aerial, ground,
and wearable views, respectively.

Experiment
Experimental settings

Datasets. We conduct evaluations of SVPR-RelD on four
AGPReID datasets: AGRelD.vl (Nguyen et al. 2023),
AGReID.v2 (Nguyen et al. 2024), CARGO (Zhang et al.
2024), and our CP2108. AGRelID.v1: This dataset consists
of 21,893 images of 388 identities captured by ground and
aerial cameras. It is divided into a training set with 199 IDs
and a test set with 189 IDs. Each identity is annotated with
15 attributes. We follow the original protocol and report re-
sults under two protocols: A—G and G—A. AGRelD.v2:
An extended version of AGRelD.v1, containing 1,615 iden-
tities captured by UAV, ground, and wearable cameras. It is
split into 807 identities for training and 798 for testing. Eval-
uation follows two protocols: A—C and W—A. CARGO: A
synthetic dataset with 5,000 identities captured by 8 ground
and 5 aerial cameras. It is split into 2,500 identities for train-
ing and 2,500 for testing, using two protocols: ALL and
A+G. CP2108: The training set contains 1,442 identities,
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and the remaining 666 identities form the test set. Each
identity is annotated with 22 attributes. To comprehensively
evaluate cross-view performance, we adopt three protocols:
ALL, A—G, and G—A, following common practice.
Evaluation Metrics. We evaluate retrieval performance us-
ing Rank-1 accuracy and mean Average Precision (mAP).
These metrics jointly assess retrieval accuracy and ranking
quality, providing an overall measure of model performance
under challenging cross-view conditions.

Implementation Details. The experiments are conducted
using PyTorch on an NVIDIA GTX 4090 GPU. We adopt
CLIP, specifically the CLIP-Base-16 (Li, Sun, and Li 2023),
as the backbone network. During both training and infer-
ence, all input images are resized to 256 x 128 for all AG-
PRelD datasets. The loss weights A1, A2, o, and [ are set
to 0.25, 1.0, 1.0, and 0.1, respectively. The momentum - is
set to 0.1, and the optimizer is Adam with a learning rate of
5 x 107, The batchsize is 128 sampled from 32 identities.

Comparison with State-of-the-Art Methods

Comparison on CP2108. As shown in Table 2, our SVPR-
RelD significantly outperforms single-view and cross-
view baselines under ALL evaluation protocols. Specially,
SVPR-ReID surpasses the strong cross-view method Se-
Cap (Wang et al. 2025) by a substantial margin of 5.33% in
Rank-1 and 3.66% in mAP. These gains validate the effec-
tiveness of our dual-semantic guidance strategy, which com-
bines viewpoint-aware and attribute-aware prompts with
progressive refinement to generate robust and discriminative
AGPRelD representations.

Comparison on AGRelID.v1. Similarly, we evaluate our
method on the AGRelD.v1 dataset to further verify its gen-
eralization capability. As shown in Table 2, compared with
the strong single-view method CLIP-RelD (Li, Sun, and Li
2023), our SVPR-RelD yields significant improvements of
2.75% in Rank-1 and 2.17% in mAP on the A—G proto-
col. These results highlight the superior ability of our SVPR-
RelD to handle severe viewpoint changes and complex real-
world conditions.

Comparison on AgRelID.v2 and CARGO. As shown in



Table 3, our SVPR-RelD demonstrates strong performance
on both AGReID.v2 and CARGO. Specifically, on CARGO,
despite the absence of attribute labels, it outperforms SeCap
by 5.11% in mAP on the A <> G protocol. These results
confirm the robust generalization of our SVPR-RelD.

Comparison on CP2108 for Cross-Time scenarios. To fur-
ther assess robustness under illuminations, we conduct ex-
periments on a cross-time setting of CP2108, as shown in
Table 4. Our SVPR-RelD improves Rank-1 by 3.34% and
mAP by 3.51% over the baseline under the ALL proto-
col, demonstrating the role of attribute-aware guidance in
challenging long-term scenarios. Here, we use CLIP-RelD
without the text encoder as the baseline. However, the per-
formance remains slightly below CLIP-RelD, likely due to
large appearance changes from clothing variations across
days (Pathak and Rawat 2025), which reduce the reliabil-
ity of attribute cues. This highlights a key limitation and
calls for more adaptive attribute modeling strategies to han-
dle clothing variations and illumination shifts in future work.

ALL A+ G
Method Rank-1 mAP | Rank-1 mAP
TransRelD (He et al. 2021) 40.37 28.77 34.77 27.47
CLIP-ReID (Li, Sun, and Li 2023) 4341 33.15 36.91 33.78
VDT (Zhang et al. 2024) 40.61 29.78 | 3536  28.35
SeCap (Wang et al. 2025) 44.01 3396 35.62 30.83
Baseline 41.07 3098 | 35.12 29.68
SVPR-ReID (Ours) 4441 3449 | 3594 3113

with

state-of-the-art

Table 4: Performance comparison
methods under two protocols on the CP2108 dataset for
cross-time scenario.

Ablation Study

Effects of Key Components. As shown in Table 5, under the
ALL protocol, the VDFE yields the largest single-strategy
improvement boosting Rank-1 by 1.9% by mitigating view-
specific noise.. Adding the CVPR brings an additional gain
of 1.7% in Rank-1, higher than that of the ASMoE, indi-
cating that preserving structural consistency is more criti-
cal for AGPReID. When all strategies are combined, our
method achieves the best overall performance with a Rank-1
of 59.23% and mAP of 42.40%, confirming the complemen-
tary benefits of textual semantic embedding and local details
for robust cross-view representations.

mAP(ALL) mmmAP(A <> G) —~Rank-1(ALL) =—Rank-1(A <> G)

-
(=]

65 62.97 63.13 63.94 63.35 6341
e
< 60 L } ; : ;
§ 55 57.32 58.16 59.23 58.8 58.77
s 50 47.11 46.97 47.37 46.92 46.30
§ 45 | 4143 41.67 42.40 41.27 41.19
T 40
o
i35

30

1 2 3 4 5

Number of Iterations

Figure 4: Ablation of the number of iterations in CVPR.
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Discussion on CVPR. We evaluate the impact of different
iteration numbers on performance. As shown in Fig. 4, three
iterations achieve the best results with 42.40% mAP and
59.23% Rank-1 under the ALL protocol. Increasing the it-
erations beyond three yields only marginal gains or slight
drops while increasing additional computational cost.

Component ALL AcG
Rank-1 mAP | Rank-1 mAP
Baseline 56.15 39.97 61.42 45.21
+VDFE 57.10  40.85 | 6238  46.20
+VDFE+ASMoE 58.05 41.50 | 63.00 46.75
+VDFE+CVPR 58.80  42.10 | 63.43  47.00
+VDFE+ASMoE+CVPR 59.23 42.40 63.94 47.37

Table 5: Ablation study of key components in SVPR-RelD

on the CP2108 dataset.
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Figure 5: Visualization of feature distributions with t-SNE.
Different colors refer to different IDs, while different shapes
refer to different views.

Visualization

As shown in Fig. 5, the t-SNE visualization further illus-
trates that our method produces more compact intra-class
clusters and clearer inter-class separation. It highlights the
importance of incorporating additional semantic guidance
for viewpoint disentanglement and progressive feature re-
finement in addressing the challenges of AGPRelD.

Conclusion

This paper explores the challenging task of AGPRelID char-
acterized by viewpoint changes and illumination conditions.
We propose SVPR-RelD, a novel framework that leverages
viewpoint and attribute priors for robust cross-view rep-
resentation. Specifically, VDFE disentangles view-specific
and view-invariant features, ASMoE dynamically injects at-
tribute semantics to mitigate ambiguity, and CVPR progres-
sively refines local patches to recover fine-grained identity
cues under occlusion or illumination degradation. To further
advance AGPRelD research, we contribute CP2108, a com-
prehensive real-world dataset with 142K images of 2,108
identities, including 191 identities spanning day-night sce-
narios. Each identity is annotated with 22 fine-grained at-
tributes. However, our method still faces limitations in long-
term RelD scenarios involving clothing changes, which will
be an important direction for future exploration.
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