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Abstract

This work introduces Text-based Aerial-Ground Person Re-
trieval (TAG-PR), which aims to retrieve person images from
heterogeneous aerial and ground views with textual descrip-
tions. Unlike traditional Text-based Person Retrieval (T-PR),
which focuses solely on ground-view images, TAG-PR in-
troduces greater practical significance and presents unique
challenges due to the large viewpoint discrepancy across im-
ages. To support this task, we contribute: (1) TAG-PEDES
dataset, constructed from public benchmarks with automati-
cally generated textual descriptions, enhanced by a diversified
text generation paradigm to ensure robustness under view het-
erogeneity; and (2) TAG-CLIP, a novel retrieval framework
that addresses view heterogeneity through a hierarchically-
routed mixture of experts module to learn view-specific and
view-agnostic features and a viewpoint decoupling strategy to
decouple view-specific features for better cross-modal align-
ment. We evaluate the effectiveness of TAG-CLIP on both the
proposed TAG-PEDES and existing T-PR benchmarks.

Code — https://github.com/Flame-Chasers/TAG-PR

Introduction

Text-based Person Retrieval (T-PR) (Li et al. 2017b) is a spe-
cialized vision-language learning task that identifies person
images using natural language descriptions. It can be viewed
as an extension of the traditional person re-identification
(Re-ID) (Wang et al. 2022; Liu, Ye, and Du 2024), which
matches person images across different cameras, by replac-
ing the query image with text. T-PR has gained increasing
academic attention in recent years (Bai et al. 2023b; Song,
Hu, and Zhao 2024; Tan et al. 2024; Bai et al. 2025) due
to its potential in applications such as suspect tracking and
surveillance. Current research focuses on achieving effective
cross-modal alignment between person images and texts,
and has made substantial breakthroughs in performance (Qin
et al. 2024; Jiang et al. 2025; Cao et al. 2025).
Nevertheless, these works focus mainly on scenarios in-
volving only ground-view camera networks, assuming that
all person images are captured from low-altitude, ground-
view cameras. This assumption does not fully reflect real-
world conditions, where advances in airborne platforms
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Query

Retrieval Result
i The person is an adult malei =
wearing a black short-sleeved top,! !
blue denim jeans, and dark-colored : ! §
shoes with white soles. He has: ! N -

short dark hair and is not carrying
any visible belongings.

Figure 1: Illustration of TAG-PR. It aims to retrieve a target
individual from an image gallery containing heterogeneous-
view images, given a query text. The gallery includes
ground-view images, typically captured by CCTV cameras
at low altitudes (below 10 meters), and aerial-view images
taken by UAVs from significantly higher altitudes (> 10m).

and imaging technologies have enabled widespread deploy-
ment of aerial cameras alongside traditional ground sys-
tems. High-altitude aerial-view cameras offer broader cover-
age and complementary perspectives to ground-based cam-
eras, and the synergy between these two viewpoints be-
comes increasingly important in real-world retrieval sce-
narios. In response, the Re-ID community has explored in
mixed ground-aerial settings (Zhang et al. 2023; Nguyen
et al. 2024; Wang et al. 2025a), such efforts remain ab-
sent in T-PR task. For this, we focus on a more practical
setting in this paper, Text-based Aerial-Ground Person Re-
trieval (TAG-PR), which involves retrieving person images
captured from heterogeneous aerial and ground viewpoints



based on textual descriptions, as shown in Figure 1.

Existing T-PR datasets primarily consist of ground-
view person images, lacking datasets specifically tailored
for TAG-PR. To address this gap, we firstly introduce
TAG-PEDES, a dataset explicitly designed for TAG-PR.
It is economically constructed by collecting person im-
ages from ground and aerial views based on public Re-ID
datasets (Zheng et al. 2015; Zhang et al. 2020; Li et al.
2021b; Nguyen et al. 2024; Zhang et al. 2023) with au-
tomatically generated textual descriptions. A central chal-
lenge lies in generating high-quality descriptions for these
images that exhibit significant heterogeneity due to drastic
view-angle differences. For this, we propose a Diversified
Text Generation (DTG) paradigm powered by multimodal
large language models. DTG integrates multiple distinct text
generation strategies to ensure robustness and adaptability of
high-quality textual descriptions across view-angle images.

In addition, we propose a novel method tailored to this
task. Traditional T-PR methods focus on cross-modal align-
ment between image and text. While in more complex TAG-
PR, it is equally important to account for view heterogeneity
inherent in the image modality. Ground-view images, cap-
tured at eye level, present frontal or side views of a person,
whereas aerial-view images, taken from high altitudes, of-
fer a top-down perspective, leading to distinct visual char-
acteristics. For this, we propose TAG-CLIP. It explicitly in-
corporates view heterogeneity during image encoding and
cross-modal alignment. 1) For image encoding, the images
from different viewpoints exhibit distinct visual character-
istics while also sharing view-agnostic features. A natu-
ral way is to extract view-specific patterns separately while
jointly learning view-agnostic features. For this, we design a
Hierarchically-Routed Mixture of Experts (HR-MoE) mod-
ule and integrate it into the image encoder. It comprises a
two-tiered routing mechanism, along with two specialized
expert groups, all of which are designed to process view-
specific and view-agnostic features separately. 2) For cross-
modal alignment learning, unlike images, textual descrip-
tions lack view-specific information', making it crucial to
decouple view-specific features from the image feature be-
fore alignment. We propose a viewpoint decoupling strategy
that eliminates viewpoint-specific cues from image features.
The resulting view-agnostic visual features are then aligned
with textual features for better performance.

In summary, our contributions are as follows. 1) We in-
troduce text-based aerial-ground person retrieval, a cross-
modal and cross-platform task with broader application po-
tential than traditional text-based person retrieval. 2) We
construct a dataset, TAG-PEDES, for this task, supported by
the proposed diversified text generation paradigm to collect
high-quality textual descriptions from varied viewpoints. 3)
We propose TAG-CLIP, a novel method which incorporates
a hierarchically-routed mixture of experts in the image en-
coder and a viewpoint decoupling strategy to better learn and
align view-specific and view-invariant features.

'TAG-PR retrieves target individuals based on textual descrip-
tions that typically focus on appearance-related attributes and do
not include viewpoint cues in real-world inference scenarios.
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Related Work
Text-based Person Retrieval

T-PR has emerged as an active research area in recent
years, marked by notable methodological advances. Early
approaches (Li et al. 2017b; Wang et al. 2017; Chen et al.
2021; Li et al. 2017a) employ independently trained uni-
modal encoders (e.g., VGG (Simonyan and Zisserman 2014)
for images and LSTM (Graves and Graves 2012) for text)
to extract global features for cross-modal alignment, but
struggle to capture fine-grained semantic correspondences.
Subsequent works (Jing et al. 2020; Fujii and Tarashima
2023; Wang et al. 2020) address this limitation by incor-
porating explicit alignment mechanisms, often relying on
external tools to align fine-grained entities. More recently,
vision-language pretraining models (Radford et al. 2021; Li
et al. 2021a) have attracted significant attention due to their
strong cross-modal representation capabilities. Leveraging
these models, a series of studies (Jiang and Ye 2023; Cao
et al. 2024; Yan et al. 2024; Yang et al. 2023) have achieved
remarkable performance gains. For example, Cao et al. (Cao
et al. 2024) conducted comprehensive evaluations of CLIP’s
fine-grained alignment capacity. However, these works fo-
cus mainly on text-based retrieval for ground-view images,
limiting their real-world applicability. In contrast, this work
introduces TAG-PR. A concurrent work AEA-FIRM (Wang
et al. 2025b) also studies this task but differs: 1) Task Def-
inition. AEA-FIRM defines on strictly paired ground-aerial
images per identity, whereas we allow diverse combinations
(ground-only, aerial-only, and mixed-view), better reflecting
real-world scenarios. 2) Dataset Construction. AEA-FIRM
generates textual descriptions solely for ground views and
reuses them for aerial views, ignoring viewpoint-specific
cues. We propose DTG to enable viewpoint-aware descrip-
tions. 3) Modeling View Heterogeneity. AEA-FIRM em-
ploys an AEA loss with a rigid triplet input structure, of-
fering limited flexibility to view differences. We propose
TAG-CLIP, which explicitly models view heterogeneity dur-
ing both image encoding and cross-modal alignment, lead-
ing to better performance.

Aerial-Ground Person Re-ID

Aerial-ground person Re-ID has recently emerged as a chal-
lenging task. Nguyen et al. (Nguyen et al. 2023) introduced
the first benchmark, AG-RelD, and proposed a two-stream
framework combining a transformer-based Re-ID stream
with an explainable stream, using attribute supervision to
improve feature discriminability. They later extended the
work with the larger AG-RelD.v2 dataset and a more robust
three-stream network for improved performance (Nguyen
et al. 2024). However, these methods rely on one-hot at-
tribute labels, which may limit generalizability due to their
dependence on manual semantic cues. In parallel, Zhang et
al. (Zhang et al. 2024) introduced a view-decoupled trans-
former, yet neglects fine-grained local viewpoint disentan-
glement crucial for cross-modal alignment. In contrast, our
proposed HR-MoE distinguishes view-specific and view-
agnostic local features by assigning them to different expert
groups, enabling more robust feature extraction.



The man is walking in a teal short sleeved shirt andB
a pair of baggy black shorts. He is wearing dark
sneakers with white soles and wears a backpack. He
has short dark hair.

D
This person is wearing a green short sleeve tee shirt,
black bermuda sh-orts and blue sneakers. They have
on a black backpack.

N
With short hair, the man is dressed in a white t-shirt
and dark pants, and he's wearing white shoes.

The person appears to be a young adult male WithB v
short dark hair, wearing a white t-shirt and dark |
pants. He has on dark shoes and is not carrying any
visible belongings.

N
The person appears to be an adult male with short
hair, wearing a light blue t-shirt and beige pants. He
has dark shoes and is carrying a black shoulder bag.

With short hair, the man is dressed in a blue t—shirtB
and beige pants, accessorized with a brown belt and
carrying a black shoulder bag. He appe-ars to be
walking on a sidewalk during the day.

[ Aerial&Ground View J [ Aerial View J [ Ground View J

Figure 2: Examples from the proposed TAG-PEDES dataset.
More examples are provided in the Appendix.

Dataset
Dataset Construction

To support the TAG-PR task, we construct a benchmark
dataset TAG-PEDES, by collecting person images from ex-
isting Re-ID datasets and generating corresponding textual
descriptions. In addition, to ensure test data quality, we man-
ually review and refine the textual annotations of the test set.

Image Collection. To better reflect the complex viewpoint
diversity present in real-world scenarios, we curate a collec-
tion from multiple Re-ID datasets. Specifically, we obtain
ground-view images from ground-only dataset (Zheng et al.
2015), aerial-view images from aerial-only datasets (Zhang
et al. 2020; Li et al. 2021b), and multi-view images from
aerial-ground datasets (Nguyen et al. 2024; Zhang et al.
2023), with view labels (i.e., aerial or ground) provided in
the original datasets. After filtering out low-resolution im-
ages (< 1,000 pixels), we obtain an image gallery contain-
ing 28, 206 images of 6, 840 unique identities captured from
multiple viewpoints and cameras. Table 1 presents the de-
tailed composition of the image gallery of TAG-PEDES. As
shown in Figure 2, the diversity in viewpoints introduces
variations in image resolution and pedestrian postures, mak-
ing the dataset more representative of real-world scenarios,
while posing challenges for generating high-quality texts.

Text Generation. To address the challenge posed by vari-
ous image viewpoints, we propose a Diversified Text Gener-
ation (DTG) paradigm powered by Multimodal Large Lan-
guage Models (MLLM) (Li et al. 2024a) to enable auto-
mated image annotation. Specifically, DTG comprises three
distinct text generation strategies.

Prompt-based generation is the most straightfor-
ward strategy. Specifically, we activate the powerful text-
generation capabilities of the MLLM (Wang et al. 2024)

View Image Source #IDs #Images

Market-1501 (Zheng et al. 2015) 1,100 3,300
PRAI-1581 (Zhang et al. 2020) 844 3,374
UavHuamn (Li et al. 2021b) 655 2,476
AG-Reid.v2 (Nguyen et al. 2024) 1,615 7,750
G2APS (Zhang et al. 2023) 2,626 11, 306

Ground

Aerial

Aerial&Ground

Table 1: Composition of the image gallery in TAG-PEDES.
All view labels are inherited from the original datasets.

with a fixed, empirically designed prompt:

Don’t mention the background of the people in the im-
age. Please provide a detailed description of this person’s
age, gender, top (including color and style), bottom (includ-
ing color and style), hair (including color and style), shoes
(including color and style), belongings (including color and
style). Finally, combine all the details into a single sentence.

Template-based generation provides finer control over
prompt-based generation by leveraging auxiliary templates
to direct the model’s attention to key pedestrian attributes.
we provide the MLLM with the prompt (Tan et al. 2024):

Generate a description about the overall appearance of
the person, in a style similar to the template: {template}. If
some requirements in the template are not visible, you can
ignore. Do not imagine any contents not in the image.

The placeholder {template} is replaced with specific tem-
plates presented in the Appendix.

Attribute-based generation provides the MLLM with
manually annotated attribute labels (e.g., young, male) from
Re-ID datasets, which offer explicit descriptions of pedes-
trian’s age, gender, clothing and so on. These attributes are
integrated into the prompt of the template-based generation
to improve the accuracy and detail of textual descriptions:

Generate a description about the overall appearance of
the person, based on the attribute: [label], in a style simi-
lar to the template: [template]. If some requirements in the
template are not visible, you can ignore. Do not imagine any
contents that are not in the image.

Using the three aforementioned text generation strategies,
we generate two textual descriptions per image. For images
with attribute annotations (e.g., AG-RelD.v2 (Nguyen et al.
2024), UAVHuman (Li et al. 2021b)), we combine attribute-
based generation with either prompt-based or template-
based generation, selected randomly. For images without at-
tribute labels, we use a mix of prompt- and template-based
generation strategies. This design ensures both the quality
and diversity of textual descriptions.

Test Set Correction. Given the inevitable noise in gener-
ated texts, we ensure the reliability of evaluation by employ-
ing six qualified annotators to manually inspect and revise
the generated descriptions in the test set. This process en-
hances the accuracy and quality of the test data.

Dataset Analysis

We first conduct a quality assessment on TAG-PEDES to
evaluate its reliability. To measure the alignment between
generated descriptions and paired images, we define four
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Figure 3: (a) Results of quality assessment on TAG-PEDES.
(b) The proportion of identities from different viewpoints.

evaluation categories: Match, Contradictory, Hallucinatory,
and Vacuous. We use a crafted instruction to guide an
MLLM (Wang et al. 2024) for classification. As shown in
Figure 3 (a), approximately 90% of the descriptions are clas-
sified as Match, indicating strong image-text alignment. Fur-
ther details are provided in the Appendix.

We next highlight several distinctive characteristics of the
proposed TAG-PEDES dataset. 1) Viewpoint Diversity. Un-
like traditional T-PR datasets that primarily contain ground-
view images, TAG-PEDES includes a balanced distribution
of identities across diverse viewpoints, as shown in Fig-
ure 3 (b). 2) High-Quality Synthetic Descriptions. TAG-
PEDES provides fine-grained textual descriptions averag-
ing 39 words in length, generated by the proposed DTG
and manually refined for test set. Compared to manual-only
annotations in prior datasets, this ensures scalability. 3) In-
creased Challenge. The dataset poses difficulty by requiring
to address both cross-modal alignment and multi-view het-
erogeneity, making it more challenging than existing Re-ID
and T-PR benchmarks. A comprehensive comparison with
existing Re-ID and T-PR datasets is shown in the Appendix.

Method

In this section, we elaborate on the proposed TAG-CLIP, as
shown in Figure 4. We begin with a brief review of the base-
line model, followed by a detailed introduction of the pro-
posed HR-MoE module and viewpoint decoupling strategy.

Baseline

We adopt TBPS-CLIP (Cao et al. 2024) as our baseline,
a lightweight yet effective method for T-PR. It consists of
an image encoder and a text encoder to extract visual and
textual features, respectively. The image encoder, consist-
ing of 12 Vision Transformer (ViT) blocks, takes an image
I and divides it into S; patches, which are linearly pro-
jected and combined with positional embeddings. A [CLS]
token and a view token are prepended to the patch sequence
before being fed into the encoder. The view token sup-
ports the HR-MoE module and viewpoint decoupling strat-
egy detailed in the next section. This yields image feature
Fy, = {Ves,V1,-.-,08;, Uyicw }» Where v serves as the
global visual feature, v; (i = 1,---,.Sy) are local features,
and vy;eq 1S the view feature. Similarly, the input text is to-
kenized and augmented with [SOS] and [EOS] tokens to
mark the start and end of text, and then passed through a
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Transformer-based text encoder to obtain textual features

Fy = {tsos,t1,---,tsy, teos - teos Serves as the global text
feature and ¢; (i = 1,--- , St) are the local textual features.
The global alignment is then applied on global features:

ey

The loss Ly _rrc(-) represents the alignment of image-text
pairs by encouraging high similarity for positive pairs, while
Lr_rrc(-) focuses on pushing apart negative pairs by align-
ing the similarity with the label distribution in reverse. Fur-
ther details are provided in (Cao et al. 2024). In addition,
we incorporate a Token Selection Embedding (TSE) mod-
ule (Qin et al. 2024), which selects and aggregates key local
features, producing t;4. for text and wv;s. for vision. Then,
local alignment which is performed as follows:

Lga = LN—ITC(UclSa teos) + LR—ITC(UclSa teos)-

(©))

Furthermore, we introduce an ID loss (Zheng et al. 2020)
L4, which enforces samples sharing the same identity to be
clustered into a single class, promoting intra-class compact-
ness and inter-class separability in the learned feature space.

LLA = LNflTC (Utse; ttse) + LRflTC (Utse; ttse)'

Hierarchically-Routed Mixture of Experts

To learn robust visual features from view-heterogeneous im-
ages, we introduce a Hierarchically-Routed Mixture of Ex-
perts (HR-MoE) module into a subset of ViT blocks in the
image encoder, termed HR-MoE Blocks (see Figure 4).

The HR-MOoE Block processes image features F’, with a
self-attention layer followed by the HR-MoE module. The
module consists of two hierarchical routers and a set of ex-
perts {&; | i € [1, N¢]}, which are divided into two groups
specialized for aerial and ground views. The hierarchical
routing mechanism allows each image feature to be dynami-
cally routed to the most appropriate experts, enabling pro-
gressive learning of both view-specific and view-agnostic
features from images captured under diverse viewpoints.

Specifically, the first router, referred to as the image level
router Ry,,4, predicts the image’s view category,

3)
“

where R4 is implemented as a linear classifier, gj.,q is
the output one-hot logits, and z is the predicted binary view
label (0 for aerial, 1 for ground) and will be used to route the
image features to the corresponding expert group in Eq. 7
for subsequent specialized feature processing.

The second routing layer, termed the feature-level router
RFeat, performs a finer-grained assignment for each vi-
sual feature by selecting the most appropriate experts. For-
mally, for the i-th visual feature F! in the image features
F,, the routing process computes a probability distribution
P € RY¢ over all experts:

Jfeat :RFeat(F»i)a (5)

P = Softmax(grea + M). 6)

Here, R peq: is implemented as a linear classification layer
that outputs expert assignment logits greq: € RN, where

Gimg = leg (Uview)a

z = arg max (Softmax(gimg)) ,
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Figure 4: Overview of TAG-CLIP. It comprises an image encoder and a text encoder. Several ViT blocks in the image encoder
are augmented with the HR-MoE module, which employs hierarchical routers and expert groups for robust visual feature
extraction. A viewpoint decoupling strategy, consisting of two loss functions, is used to decouple viewpoint information from
global visual features, thereby improving cross-modal alignment.

each element indicates the compatibility between feature F’
and each expert. M € RNe, as a binary mask, is used to
restrict expert selection based on the predicted view label z,
obtained from the image-level router Ry, 4.

Prior to defining M, we detail the expert group partition-
ing. The N, experts is partitioned into two groups Eyciqr =
{&€n | n € [1,e0]} for aerial-view images and Eg,ound =
{&, | n € [e1,N.]} for ground-view images. Notably,
e; < eg, which implies a partial overlap between the two
expert groups. The shared experts {&,, | n € [e1,eq]} are
designed to capture view-agnostic features, while the non-
overlapping ones in each group specialize in view-specific
features. Hereby, we define j-th element of the mask M,

0, ifz=0and j € [1,e],
M; =10, if z=1and j € [e;, N, (N
—oo, otherwise.

This masking strategy enforces view-specific expert se-
lection by setting certain entries in gyfeq¢ to —oo, forcing
their softmax outputs to zero and disabling the correspond-
ing experts. In contrast, entries set to 0 remain unchanged,
allowing the router to choose experts based on learned pref-
erences within the permitted group.

Next, we perform a Top-K selection over the expert set
for the ¢-th feature to identify the K most relevant experts
according to the computed probability distribution P. Let
{wy,...,wk} denote their corresponding normalized rout-
ing weights. The final updated features F! of the i-th feature
is obtained via a weighted summation of the expert outputs:

K
Fi=> " wi E(F)), (8)
k=1
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where & (+) denotes the k-th expert. The resulting vector F!
serves as the refined feature and is forwarded to the next
layer for further processing.

Viewpoint Decoupling Strategy

To perform effective cross-modal alignment, it is critical to
address the inherent asymmetry between visual and textual
features, that is, image features contain explicit viewpoint
information, whereas textual descriptions typically lack such
cues. In response, we propose a viewpoint decoupling strat-
egy, comprising a view loss and an orthogonal loss.

The view loss trains the view feature v, to explicitly
capture viewpoint information from images. Formally, we
minimize the cross-entropy between the logits g;,,,4 in Eq. 3
and the one-hot ground-truth view label vector zg;:

Lyiew = H(gimg> th); (9)

where H represents the cross-entropy computation.

The orthogonal loss is used to decouple viewpoint-
specific information from the global feature v.;s by enforc-
ing orthogonality between the view feature v,;.,, and the
global feature v.;s in feature space. The loss is defined as:

Lortho = min (‘ COS(UCZS> Uview)|7 Oé) ) (10)

where | - | denotes the absolute value, cos represents co-
sine similarity, and « is a predefined threshold. This geo-
metric constraint encourages orthogonality between the fea-
ture vectors to effectively decouple most viewpoint-specific
information from v.s. The threshold «, in turn, prevents
the exclusion of viewpoint-specific yet highly discriminative
pedestrian features from v.;s. As a result, the global visual
feature v, retains both viewpoint agnosticism and discrim-
inability, making it well-suited for cross-modal alignment.



Training and Inference

In the training phase, we jointly optimize both alignment-
oriented and viewpoint-decoupling loss functions:

L=1Li+ Lo,
Ly = Lga+ Lpa + AiaLia,
L2 = Lview + AorthoLortho-

Here, \;q and \,,41,, serve as hyperparameters.
In inference, the cross-modal similarity score sim is com-
puted as the average of global and local alignment scores:

(11)
12)
(13)

(14)

. 1
s1m = i[cos(vclsa teos) + COS(Utsea ttse)]-

Experiments

We evaluate our method on four datasets: our newly
proposed TAG-PEDES, along with three widely used T-
PR datasets CUHK-PEDES (Li et al. 2017a), ICFG-
PEDES (Ding et al. 2021) and RSTPReID (Zhu et al. 2021).

TAG-PEDES has person images captured from diverse
viewpoints, comprising 28,206 images of 6,840 identi-
ties, each paired with 2 textual descriptions. The dataset
is divided into a training set and a test set. The training
set consists of 19,954 images from 4,840 identities and
39,908 text descriptions. The test set includes 8,252 im-
ages, 16, 504 text descriptions, and 2, 000 identities.

Details on the T-PR datasets, evaluation metrics, and im-
plementation are provided in the Appendix.

Comparison with State-of-the-Art Methods

We evaluate the proposed method on the newly constructed
TAG-PEDES dataset, aiming to evaluate its effectiveness.
As shown in Table 2, we compare TAG-CLIP with sev-
eral representative T-PR methods, as well as the concur-
rent TAG-PR method AEA-FIRM. All competing methods
are reproduced on TAG-PEDES dataset using their pub-
licly available code. Firstly, our method outperforms all T-
PR methods, regardless of whether they are based on CLIP,
achieving the best performance on both R@1 and mAP met-
rics. Specifically, TAG-CLIP surpasses the state-of-the-art
method RDE (Qin et al. 2024) by 1.06% and 1.24% in R@ 1
and mAP, respectively. Secondly, compared to AEA-FIRM,
which is specialized for TAG-PR, our method demonstrates
superior performance. AEA-FIRM employs an AEA loss
with a strict triplet input structure, which limits its adapt-
ability to view variations, whereas our TAG-CLIP explicitly
models view heterogeneity during both image encoding and
cross-modal alignment, resulting in better performance.

In addition, we evaluate TAG-CLIP on the conventional
ground-only dataset CUHK-PEDES and compare it with
state-of-the-art methods, as shown in Table 3. It is rea-
sonable that TAG-CLIP exhibits slightly inferior perfor-
mance in this setting, due to the following factors. First,
under the single-view setting where all images are captured
from the ground viewpoint, both the HR-MoE module and
the viewpoint decoupling strategy in TAG-CLIP become
inapplicable. Consequently, TAG-CLIP essentially degen-
erates into a baseline model, resulting in suboptimal per-
formance compared to methods specialized for single-view
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Methods [R@l R@5 R@10 mAP
w/o CLIP:

RaSa (Bai et al. 2023a) 6132 7831 84.03 4877
APTM (Yang et al. 2023) 61.52 7825 83.94 47.77
AUL (Li et al. 2024b) 59.26 76.64 82.89 45.79
w/ CLIP:

CFine (Yan et al. 2023) 56.68 7478 8134 -
IRRA (Jiang and Ye 2023) 59.61 77.52 83.56 46.53
TBPS-CLIP (Cao et al. 2024) | 60.28 77.71 83.70 46.45
RDE (Qin et al. 2024) 61.58 7854 84.08 48.03
AEA-FIRM (Wang et al. 2025b) | 51.83 71.78 79.01 38.60
TAG-CLIP (Ours) 62.64 79.10 84.81 49.27

Table 2: Comparison with state-of-the-art methods on TAG-
PEDES. We reproduce these compared methods with their
official released code.

Methods [R@l R@5 R@10 mAP
w/o CLIP:

LGUR (Shao et al. 2022) 65.25 83.12 89.00 -
RaSa (Bai et al. 2023a) 76.51 90.29 94.25 69.38
APTM (Yang et al. 2023) 76.53 90.04 94.15 6691
AUL (Li et al. 2024b) 77.23 90.43 94.41 -
w/ CLIP:

CFine (Yan et al. 2023) 69.57 85.93 91.15 -
IRRA (Jiang and Ye 2023) 73.38 89.93 93.71 66.13
Propot (Yan et al. 2024) 74.89 89.90 94.17 67.12
TBPS-CLIP (Cao et al. 2024) | 72.66 88.14 92.72 64.97
RDE (Qin et al. 2024) 7594 90.14 94.12 67.56
TAG-CLIP (Ours) 74.38 88.30 92.59 67.18

Table 3: Comparison with state-of-the-art methods on
CUHK-PEDES.

scenarios. Second, our dual-stream CLIP-based architecture
lacks the advantage of cross-modal fusion modules lever-
aged by one-stream models such as AUL (Li et al. 2024b),
which further contributes to the performance gap.

In the Appendix, we present evaluations of TAG-CLIP
on ground-only datasets ICFG-PEDES and RSTPReid) and
aerial-only setting to further demonstrate its effectiveness.

Ablation Study

In this section, we perform ablation studies to evaluate the
effectiveness of the proposed HR-MoE module and view-
point decoupling strategy in TAG-CLIP.

Ablation on HR-MoE. We propose HR-MOoE, integrated
into the image encoder to extract robust visual features from
heterogeneous image views. To verify its effectiveness, we
compare the HR-MoE block with two alternative configura-
tions: the standard ViT block and the vanilla MoE structure.
The former refers to the baseline where HR-MoE is not ap-
plied to the image encoder, while the latter incorporates a set
of experts for feature learning without employing the hier-
archical routing mechanism. The results are summarized in
Table 4. First, when comparing the ViT block with HR-MoE
(No.1 vs. No.3), we observe performance gains, demonstrat-



Block
‘|ViT MoE HR-MoE

v

Decoupling

Luivw Lovtne R@1 R@5 R@10 mAP

59.09 76.58 82.55 48.05

v 60.26 78.01 84.06 48.95

1
2
3 v 61.60 78.45 84.39 48.94
4 v v 61.55 78.41 84.08 48.73
5 v v 162.3279.37 84.51 49.22
6 v v v 62.64 79.10 84.81 49.27

Table 4: Ablation results of TAG-CLIP’s components.

No.|  Train Set TestSet |R@1 R@5 R@10 mAP
1 Aerial Aerial 54.04 73.74 80.61 51.45
2 | Aerial&Ground Aerial 54.64 73.01 80.40 51.77
3 Ground Ground 63.57 80.93 86.29 60.31
4 |Aerial&Ground Ground 64.49 80.57 86.55 60.76
5 Aerial Aerial&Ground [47.96 69.48 76.76 36.02
6 Ground Aerial&Ground |53.48 73.03 79.44 41.19
7 |Aerial&Ground Aerial&Ground|57.80 76.90 82.58 44.40

Table 5: Ablation results of diverse viewpoints.

ing the effectiveness of the HR-MoE design. Second, in con-
trast to the vanilla MoE (No.2 vs. No.3), HR-MOoE achieves
a more substantial improvement. This result suggests that
our hierarchical routing strategy and expert grouping mecha-
nism are critical to achieving superior performance. We fur-
ther visualize features from ViT, MoE, and HR-MoE with
t-SNE (Fig. 5), showing that HR-MoE yields more discrim-
inative features with reduced viewpoint sensitivity.

(c) HR-MoE

e Aerial
+  Ground

(a) ViT (b) MoE

Figure 5: t-SNE visualization of extracted visual features.
Each color represents a unique identity.

Effectiveness of view decoupling strategy. In the pro-
posed view decoupling strategy, the view loss and orthog-
onal loss jointly facilitate viewpoint decoupling: the view
loss explicitly guides the view token to capture viewpoint-
specific features, while the orthogonal loss minimizes view-
point information in the global feature. To assess their effec-
tiveness, we conduct ablation studies by individually remov-
ing each loss, as shown in Table 4. It can be observed that
(1) removing the orthogonal loss results in performance drop
(No.4 vs. No.6), highlighting the negative effect of retain-
ing viewpoint-specific information during image feature ex-
traction and subsequent cross-modal alignment; (2) remov-
ing the view loss leads to a slight performance drop (No.5
vs. No.6), indicating that the model can still capture cer-
tain viewpoint-specific features even without explicit super-
vision. Additionally, Fig. 6 (left) shows that, the image-level

29041

router achieves high viewpoint classification accuracy, under
the supervision of the view loss.

Ablation on viewpoints. To investigate the impact of di-
verse viewpoints, we evaluate TAG-CLIP on different view-
point settings. Specifically, we select all 2, 747 identities
with multi-view images from TAG-PEDES and randomly
split them into a two groups (i.e., 2,000 IDs for training
and 747 IDs for testing). Based on this, we construct three
sub-datasets: one with only aerial-view images, one with
only ground-view images, and one with a mix of aerial
and ground views. All three datasets contain the same set
of identities, differing only in the viewpoint of images.
We then report the retrieval performance in Table 5. TAG-
CLIP trained on multi-view data consistently outperforms its
single-view counterparts across all evaluation settings (No.1
vs. No.2, No.3 vs. No.4, and No.5/No.6 vs. No.7), which
stems from two factors: (1) the model’s design effectively
leverages multi-view information, and (2) multi-view train-
ing enhances feature robustness and generalization.

1.00 1.00  1.00

0.97 .
‘£ | 6237 62.64
= 62.13 6216 2
2 =
£ 8 —o— R@I
E g mAP
<
& 49.08 4898 4927 49.09 4388
1 2 3 4 5 6 7 8 910 0 005 01 02 04
Epoch a

Figure 6: Left: Viewpoint classification accuracy of Image-
level Router (Eq. 4). Right: Hyperparameter analysis of «.

Hyperparameter Analysis

The hyperparameter o in Eq. 10 controls the amount of
viewpoint-specific information retained in the global visual
feature. As shown in Fig. 6 (right), performance drops when
« is too large (over-preserving view-specific cues) or too
small (losing discriminative signals). At « = 0, Lyt be-
comes a standard orthogonal loss, which overly suppresses
useful features. We set @ = 0.1 for trade-off. The analysis
of A\;jq and Ayt 1s provided in the Appendix.

Conclusion

In this paper, we introduce TAG-PR, which tackles per-
son retrieval across a hybrid of aerial and ground image
views, better reflecting real-world scenarios. To facilitate re-
search in this task, we construct TAG-PEDES, which fea-
tures diverse-view person images and high-quality synthetic
textual descriptions. To address the challenges of heteroge-
neous image views, we propose TAG-CLIP, a method that
incorporates the HR-MoE module and viewpoint decoupling
strategy to enhance both image feature learning and cross-
modal alignment. Extensive experiments demonstrate the ef-
fectiveness of TAG-CLIP. It is expected that our work can
advance the field of person retrieval and drive its practical
application in real-world scenarios.
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