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Abstract: Objective Text-to-image person retrieval (TIPR) aims to identify and retrieve the target pedestrian from large-
scale surveillance image galleries based on natural language descriptions. Compared with the structured textual queries
commonly used in person re-identification (Re-ID) , natural language descriptions are more flexible, open-ended, and
easier to obtain. As a result, TIPR has become a crucial component in intelligent public security systems, smart city infra-
structures, and large-scale urban surveillance platforms. Recently, the rapid expansion of the low-altitude economy,
together with the widespread deployment of unmanned aerial vehicles (UAVs) for urban sensing, traffic monitoring, emer-
gency response, and public safety, has given rise to hybrid aerial—ground surveillance systems. In such systems, pedestri-

ans may be observed simultaneously or alternately from aerial platforms and ground cameras , resulting in drastic variations
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in scale, camera elevation, viewing angle, occlusion patterns, illumination, and background context. Although substan-
tial progress has been made in TIPR, existing TIPR studies are developed and evaluated under a highly constrained
assumption: pedestrians are captured exclusively by fixed, ground-based surveillance cameras with relatively stable view-
points and consistent imaging conditions. Benchmark datasets that simultaneously encompass both aerial and ground view-=
points are still scarce. Moreover, the few available datasets often suffer from limited scale and oversimplified annotation
protocols, making them insufficient for modeling the complexity of real hybrid-view environments. As a result, current
TIPR methods often generalize poorly when deployed in aerial-ground scenarios. Method To bridge this gap, we introduce
AGMix-PR (aerial-ground mixed-view person retrieval dataset), a novel benchmark dataset specifically designed for text-
to-image person retrieval in aerial-ground multi-view mixed scenarios. AGMix-PR integrates pedestrian data collected from
both UAV-mounted cameras and fixed ground surveillance systems across diverse urban and suburban environments. The
dataset comprises over 8, 000 unique pedestrian identities and more than 70, 000 image—text pairs, making it one of the
largest and most comprehensive TIPR datasets to date that explicitly bridges aerial and ground viewpoints. Each identity is
associated with images captured under heterogeneous conditions, including extreme scale variations, drastic viewpoint
changes, partial occlusions, and cluttered backgrounds, thereby reflecting the intrinsic challenges of real-world hybrid sur-
veillance systems. A key challenge in constructing AGMix-PR lies in obtaining high-quality, fine-grained textual descrip-
tions at scale without prohibitive human annotation costs. To this end, we propose an attribute—guided hierarchical text gen-
eration framework that decouples the complex language generation task into two synergistic stages. In the low-level attribute
prediction stage, we leverage the pre-trained UniHCP model, a state-of-the-art attribute classifier, to automatically extract
a structured vector of pre-defined semantic attributes per image (e. g. , gender, age, upper or lower clothing type and
color, footwear, accessories). In the high-level text generation stage, these structured attributes are used as controllable
priors to guide a multimodal large language model (MLLM) to generate high-quality, controllable textual descriptions.- We
design two complementary prompting strategies: (1) attribute-guided generation strategy, where randomized attribute
sequences are embedded into a directive instruction to encourage syntactic diversity; and (2) template-guided generation
strategy, where some handcrafted linguistic templates abstracted from real-world descriptions, are randomly selected to
enforce coherent narrative structure. Both strategies explicitly suppress background mentions and hallucinated details. The
final output for each image consists of two distinct yet semantically consistent captions, significantly enriching linguistic
variation while preserving factual accuracy. Meanwhile, a rigorous text-cleaning pipeline is adopted to assess and enhance
the quality of generated textual descriptions. This pipeline contains automatic CLIPScore-based filtering, through which
texts are categorized into clean and noisy samples. For the generated texts which may contains noise, we employ a differen-
tiated handling strategy tailored to the dataset split. Specifically, we deliberately retain noisy samples in the training set to
preserve the large-scale nature of the dataset and to reduce the risk of overfitting to an unrealistically clean distribution. In
contrast, all noisy samples detected in the test set are carefully corrected by expert human annotators, thus providing a fair
and reliable evaluation. Result We conduct extensive experiments on AGMix-PR using a diverse set of representative state-
of-the-art TIPR methods. Experimental results consistently demonstrate that, compared to conventional ground-only set-
tings, existing TIPR models suffer a notable performance drop when evaluated under aerial—ground mixed-view conditions.
This observation highlights the severity of the cross-view gap and exposes the limitations of current methods in handling
extreme viewpoint variations. More importantly, further analyses reveal that models trained on the full AGMix-PR dataset—
leveraging both aerial and ground images—consistently outperform those trained on single-view subsets across all evaluation
protocols. These findings validate our core hypothesis that multi-view supervision is essential for learning view-invariant,
semantically grounded person representations in TIPR. Conclusion The AGMix-PR benchmark establishes a new standard
for evaluating TIPR methods in realistic, aerial-ground mixed view surveillance environments. By bridging the aerial and
ground views, it not only exposes the limitations of current approaches but also provides a fertile ground for developing view-
robust, semantically grounded retrieval models. The proposed attribute-guided hierarchical generation pipeline offers a
scalable, cost-effective paradigm for constructing large-scale multimodal datasets, demonstrating that structured intermedi-
ate representations can dramatically enhance the quality and controllability of synthetic annotations. The dataset is avail-

able athttps: //github. com/barry-wy/AGMix_PR. )
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Table 1 Comparison of person retrieval dataset
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((a)examples of ground view; (b)examples of aerial view; (c)
examples of aerial-ground view)
K2 AREWA T AEIGR ]

Fig. 2 Example images of pedestrians from different viewpoints
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Table 3 Definition of Annotated Pedestrian Attributes
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Fig. 3 Distribution diagram of attribute probability ( (a)fre-
quency statistics chart of Female attribute probabilities ; (b)fre-
quency statistics chart of Age18-60 attribute probabilities; (¢)
frequency statistics chart of Shorts attribute probabilities ; (d)fre-

quency statistics chart of Trouser attribute probabilities )

[ — & P Z 0 2 A HR T (A1 AgeOver60 . Age18-60
Il AgeLess18) , B I3 fye o Y S PERR 2 5 R FE

PRI TR B o K37 1 A B g BT 2
PR WSS 2 X8 L) w44, 3R 15 HARTE S IE R
PEPRAE o X 2L PR AN BE ARy AHVRLIE 1R 1
15 Al BB 7 5] g HL AT LAAE A i 28 SCAS A= il
R CHETR R AR

(2) AN TEPAT SR R SR A
SOF 22 AR5 R 5 BRIAR A  — T ofe i SC s
P T ZREIE S XU AT R A SO A e %
TR PR B A ) 2R T 3 R AR S S AR LA
Btk AR BBRURED], A 4 B

@ 51 A B, 38 4 45 1 10 1 B R A
SR n] , SIS AR PR A A AR T AR . B
ME X TR RAT AR, — A1 5 7s TRl B Bt
P 9K 5l Z2 458 285 K 5 R AR SR SCAS < Don 't men-
tton the background of the people in the image. Please
provide a detailed description of this person ’s <attributes
>. Finally, combine all the details into a single sen-
tence. HHP ) (5 DLAF <attributes>Z B e % AT A
Xt 7 ) @ PE , 9] 40 female, age 18 - 60 %555, [A] A,
Shy 3 B AT 8] 5 S PR MUFr S B B XA AL, S PR R4
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T2 S KL 3l , AR B0 1 A% £ B i A
SCHEIR MR RTAE T, 205 JA 8% F2 IR A5 BT

This person is wearing a b
L green short sleeve T-shirt,
black bermuda shorts and

blue sneakers. They have on’

a black backpack.

The person is a young adult female
with long dark hair, wearing a white
t-shirt and gray sweatpants, carrying

a purple backpack and holdinga
umbrella.

B2 R T AR R Z2 R AR B0 A

SR AL

The person is a young male wearing
a white t-shirt, blue jeans, and red
shoes. He has short black hair and is
carrying a blue backpack while
riding a bicycle.

Sporting long dark hair, the
woman is wearing a red dress with
white polka dots and carrying a
black shoulder bag.

(2) HTHIL A P SO 7~ 4 1

The person appears to be a young
adult female with long dark hair,
wearing a black top with a pattern
and a black skirt. She has white
shoes on and is carrying a light-

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

colored shoulder bag. W\

| With short black hair, the person is
| wearing white sneakers with black
accents, a dark-colored backpack,
and a light-colored t-shirt paired with
blue shorts. They are also carrying a
smartphone in their right hand.

The person appears to be an adult
:! female with dark hair, wearing a

white top and black bottoms. She
\ has a blue umbrella and is wearing
black shoes.

(b) =P RLA B SO R 1

This person is wearinga |~

green short sleeve T-shirt, | 4

black bermuda shorts and

lue sneakers. They have on|
a black backpack.

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.

8 = small dark logo on the left chest, light

Wl The person is an adult male wearing a ' The man is seen wearing a white &

shirt, khaki pants, and dark shoes.

He has short hair and is carrying a

green bag over his shoulder. There

are no other accessories visible in
the image.

white short-sleeved polo shirt with a

gray pants, and brown sandals. He
has short hair that appears to be dark |
in color, styled neatly. |

(c) Z-Hu LA B 7l P

4 AGMix-PR i 4 K SO 7 il 1]

Fig. 4 Examples of image-text pair in AGMix-PR ((a)examples of image-text pair of ground view; (b)examples of image-text pair of

aerial view; (c)examples of image-text pair of aerial-ground view )

QBT A B, W BE— 2P S AT &
K, IR T SCAR BRI L Sl gtk 2 A X7 A
TR SCAS AT AR Y (Tan 55 ,2024) ()3 &, A% 3C
JET AGMix-PR HYJEMEVR & , R I8 5 824 (Zha
45 ,2023) Bk AR BN T 1 22 g o i i
B, B 5 AT NP R, B 41 < The <geneder
> is dressed in <clothing attributes> , <footwear attri-
butes>, <accessory attributes>, and carrying <bag attri-
butes>. XTI L8 b7 747 H A9 B A1 2 o e
TEAE BT B , R GERENLIE B — DB N KA S5
Ff 48 38 T 3 5% B R R 10 ¢ Generate a description
about the overall appearance of the person, in a style
similar to the template: <template>. If some require-
ments in the template are not visible , you can ignore.
5 LA <template> Bl AL A H Sk 5150 398 B SCAR A
Beo X — SRR 2 R0 iE = KU 5 FiR R R T
TRFFIERA T

B B 5RAT N R AR e v 5 | A i A
B3 | 5 A P A 7 23R P 4 v o SO AR T, 18
O e i SCHE A P A [ I A 3 O T SO R A £
R

IR SCOAS A it B R T 2 RS R S R

ull

LLaVA-OneVision (large language and vision assistant
onevision) (Li 55 ,2024) 528 . FLAKINT 5, %A AR
1 Qwen2 (Team, 2024) VE it 5 32 THIAL, HA5 58
KA F PR AR5 Az iRE 1 5 A0 o J% R A B 3k A
SigLIP (sigmoid loss for language image pre-training)
(Zhai % ,2023) BEHL | 1L 384%384 43 B %k A K%
i o PG B RSE R 14 () #1852 Transformer (vision
transformer, ViT) (Dosovitskiy, 2020) 22 4] $2 B 4 J5)
PUSERFAE , I 28 th nl 5 2] (Y BCE )2 518 = RN 55
TEAREFRIT B , FA TR A P A A5 SR, LA £ 25 i
SER MRS EVE S AT
3) RGBT

h G figk A= BT AS v T A A MR P ] R, A SR
T HEITAG 5 N TS ARSS G 00 R G BERE el
il LARE— 25 S T B o i

B, 51 AFET CLIPScore (—Fh3£T CLIP A
SC—2rE A ShirAb e bR ) B 1R SC— Sk A s
A SR BIE - SUARXPHE AT AL A . B IR S —
oM A S IR, X A 2R R - SO X BEAT ) AE
fifi 5 . CLIPScore i 1o #5 1 251 SCARBLEE T3 DAl
SR NS G RIS TR, 1500 s, 3R —
H B GR . 7ESE B HSETH B AGMix-PR %X
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BAfF, R&, HE, KITHA, HE
XA-EGRESNARSTARTELBIRERR

PEHERY CLIPScore 731 J5 , — A BI{H O = 0. 2
BEGIAVIHEFEAR SRR S A, BlE , I %k
AE RN AL B T AS R A 7 TR TR

26.37%
43.99%
29.64%
HTRAID -~ AEPRAD

o - Hh i R LA 1D
K5 ANFEPLABEE T T A 6 L pi

Fig. 5 The proportion of identities from different viewpoints

XTI BRI, % I8 F] AGMix-PR 4 HL
PER, HE S 5 iy 3 AR & #R A e RAR A
B PR 5 AR R, DI R4 v i 24 0 B I P R A B
AEEE S, —J7, o] PR IFEEE SR Se BV | skt
o DR R MRS 53] B Aot A i -5 01 2 500 A1 32 465 5
— 5 THT i R P T A A T AR T I 7 B R Y
e fd A HC R AR IS A A EO R PR iR B SO
SEH S5 LI I, BRI AL X S8 SEAR T ™ K
PP (Y B A R 1 €7 )

SYNRBEAN[A] , £ Ay At i A v e 45 4 (1Y)
“EME R R ], DL ORI R DAL 4 W PR 5 ] A
P AT B A Sl R A T T A M 7 R AR 2 i
ANTEZAZHAT, th BT N R G2 50 9 2l
Frid 2 58 U 28N . N T2 A 2% CLIPScore
(Al b, A2 H ARG A SOAS 5 IR R] 4 1 SORT R 56
RO EART AR S MENEER 2R
FEERANL )58 T USRS B S U4 R I A5 R
F W AT NS DRSS 5] XAy . T
P 22 B SCAS R IR N EA T8 1T 2
HG DR T A A AR 4 8 B B Bt S
{7/i§e

W R E 3 S N AR G 0 AU B i R HL
il , B R A I AT R 55 B L A 1 LA
R By A5y T DX G 1 A5 T A R i v B — Bk S A
PEo AL RO T IO 0 2 B, e 2k
BORPEAE S AL T A ARE Honl (5 B SE B0 R ET (4%
KB - WIR G A R I ESLPERERR IS 15

FNEM ATRER R, bt THTANTAEIT
B 7 A1, JHE X A 7R A B AY “wearing a red top” S5
HEMRNEAFT BT T 2] 1E X T35 W1 The
image is too blurry to provide a detailed description of
the person’s appearance. "5 5t 2 B 15 H1 | (B 1 6
W D3 o S AR R AL T 5 XA E L fi
SCASHRTE SN B AL A AR SCLL AT Ak
RIS HER

ALHFIER: "The person is wearing
a red top, white pants, and black shoes.
1n; €l i

strap ove
" hassho

AR rscONg wearing a
yellow top, white pants, and black shoes.
He i carrying a red bag with a strap over
his shoulder. The person has short hair."

of .
stepping into the scene from the right side
of the image."

ATHIESR: "The young man is
dressed in a black jacket and bluc jeans,
.1 and topped with a pair of brown shoes.",

ATAZIERG: "Inablue jacket and black
pants, the person is also carrying a blue
backpack."

ALAZIEJG: "This person is wearing
a yellow shirt, light colored pants, and
black shoes."

§ A THIF/S: "Ina white jacket and
Y white pants, the person is also carrying a
blue backpack with blue helmet."

Ko MiaE i N TR IE R
Fig. 6 Manually Corrected Examples from the Test Set

2 B RIS L AGMix-PR B A 14 8 229
AN H9AT A, Horbr 2 000 4 id #1426
229 id BRI MY RSE . 3% 4 R TAT NS TE
YIZREE 5 0 IF A Hr AN TR R A7 158 58 14 43 A 55 190

F4 AERAEETdHEEIESEMNREFHNI T
Table 4 Distribution of ID number in training set and

verification set under different viewpoints settings

i T ZE 2% rf & Hi T
ke 1858 1551 2820
MR 581 619 800

2.2 HIEEMZEITEG

AGMix-PR EUa4E HA WA i 5k - ZRE1ERY
UGS 5 8 i i SCAR AR I o
1) ZRAbm EUE A

WK 5 s, AGMix-PR 24l 5 i 4T A ID AR
50 A1 7 25 17 OO 0T 43 Sk =28 2 A5 v - b T 6T R £
1D, B[] —47 A )i 7 25 v 55 b T A RIS, o L
e, I8 44, 0% (33 62049 ) s (U HB AL A 1D, BV i
15 NAUA Hb T B AR S A58 9 B, 29 15 29. 6% 5 LA
FALzS ol 1D, BIZA T AR 28 HhoF 4088 ny 1A
18,20 47 26. 4% 33X B DL 9L AR X RE AR SRy 44

i LA B — AL AR A A 1 Bl 4 1 20, TE J& AG M-
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PR RO RRIEZ — o 51 AE—2F Ll 240 /A 1D
W5 AT SR ZFEE , B RON T 52 PR W
Z G5 TP AL AR S AR AR R DL, B T AR R 1 X6 AN T

Yt

§| visible|
pants:ig

darkshortiz:
(a) AGMix-PR iz &

% Jeanshoehaif o
(b) CHUK-PEDESiz &4

((a)word cloud of AGMix-PR dataset; (b)word cloud of CUHK-
PEDES dataset )
%7 AGMix-PR 1 CUK-PEDES %t #i£4E 7] = [&]
Fig. 7 Word cloud of AGMix-PR and CUHK-PEDES

E 5 %

ooooo

AGMix-PR
TABME
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MATERE (55) CLIPScor

e
(¢) AGMix-PR¥CLIPScore#; it A

(a) AGMix-PRIISCAbFIE K ST
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2 o El
O 10000 © o
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1019 2029 3039 4049 5059 =60 o 02 5] 0%
XAIERE (8) cupscore

(b) CHUK-PEDESH SCA R B St (d) CHUK-PEDES[{CLIPScore#; it

Bl 8 AGMix-PR Fl CUHK-PEDES %) SC A4 54575 5 CLIP-
Score M GE T

Fig. 8 Distribution of annotation length and CLIPScore on
AGMix-PR and CUHK-PEDES ((a) Statistical chart of AGMix-
PR’s text length distribution ; (b) Statistical chart of CUHK-
PEDES’s text length distribution; (¢) CLIPScore distribution
chart of CUHK-PEDES; (d) CLIPScore distribution chart of
AGMix-PR)

2) B SORAR

o EATE-SUR N RN/ D& N i I 'S
MR A3  SCASKE B 5 CLIPScore 434 =N 7 T
P H S TSR 4E CUHK-PEDES #E47 X% L 54347 -

B, RN T, B 7 BR T AGMix-PR
5 CUHK-PEDES i) 2 il b2 8. vl LIS 3,
P BRSNS A I T AT A
A% G . X R AGMix-PR A U 54T
NKGBRAT 55 i B G 1, 0 Uk T SCA & 3

HWR G FESCARKE &l 8 (a) L (b) s,

CUHK-PEDES 4l 4 iy i K B 240 T 10 -
29 A~ia], R 60 AR B FEAR W BRI Z R,
AGMix-PR 1Y SCAS K B 3 A 08 2 ¥ 47 o 0k 4,
AGMix-PR H-FI4iR K B2 20 39 NiA], KT
CUHK-PEDES % F- ¥4 B2 (£ 23 430 o B S
A R B 6% 0 5 B 2 AR R JE M, DT R s R
NI B P 5 g

e, AR SO 55 ot i, AR R 1A 8 () L (d)
JE 7N CLIPScore 434 , AGMix-PR ) 24 73 B0 v
F CUHK-PEDES, X —#5 R £ B, )] AGMix-PR
MSCARTER A5 B HIF R AGE SCE R B &
SCA—FN S, T8 SO IR T2k B2 1 [] B O
TR

3 HESaM

A5 R FHAE TIPR AR 55 vh iy A = FPiEAliFa 45
Xf 3 TIPR J7 5 76 AGMix-PR $#i4E b i 1 fE
11 RGN, IRt — T R A FALA 41 & T XS H
SES, UAr Bl A 45 B ALPE BRI 520

FE S ECE WR . AMD EPYC 7402 CPU(2. 8
GHz, 24 %) ,4 NVIDIA RTX 3090 GPU(24 GB) . ##
YEZR Gi A CentOS Stream 8 , Zi 18 75 4 Python , &
272 2 HEZE R Pytorch.,

3.1 TEEIERR

A SCR AT K 21098 A6 5 0 T & A v
(rank-k, R-k) . V- K5 B 2 {8 (mean average preci-
sion, mAP) DL K 3 #7350 7 B A FE §1 (mean inverse
negative penalty, mINP) (Ye &5, 2021) 3 PF £k 455 A4
PERE .

T & iy 238 FH 4 R 2R AT 55 IR A DE O R A
ST Y AR AR SR ] A R A5 S P B e A
B e AR R Y 43 BT RE 7, BDAE T & DR R 45 R rp
AL SR RREA R 1 B ACVERC I, i HE
I W, LW S S BRI F 3 5% iZ AR R ik TIPR
T i A e bR 2 — o HA AR .

|
Rank - k =N2]Z(Ri<k) (2)

i=0

o, N2 A TR A BB, R RN AR i A AR AS X
V7 F) DE PR ST A A 2R 45 2R R Y HE A 5 T() R4 7R
PR, SCHFE 5 RPN B UL, BRI 00 k3R
FERF 45 FEH 2 b (T kSO0 AR SO 4RI,
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BAfF, R&, HE, KITHA, HE
NA-ERENBREITARTEELRREEAR

5, 10,

V- XK A AE mAP F] T A R i A7 A i)
R RARHER PR . SAOCTERT kS5 R TE R A
6], mAP 7553 F] ] 56 5 0y K AR P 91 3%, % A A7
WitHE ,ﬂ\:ilzi/{l*qﬁr‘g(average precision, AP) , HXF I
A AR AP EIBCE X, NTT25 5 S SRR B
FHSRAEAHE A AL BT A PERE . & AT .

1 N
mAP = NZAP, (3)
o, VR AR SR SR i AN APCR -
1 n
AP, = ﬁ_;a(m - rel, (k) (4)

A, n AR Z AR ] AREAKL, NV ACEREE (A if)
AIARSCREAS Y B, P, (k) ASR AT AR R 5 2R BOAS
JEE , rel, (k) 9578 R, 7550 kAN REAS 7 g A G
TR 1, A 0.
A8 REA G ST R —Fh L S B R R A R
AT 55 v o7 FpeME L A DL 00T B s A T B BB
flidedn . T EMEIERR DE BT, 45 (19 2 T4~ A iy
Xk IO A4 I AT LS DL CAE AR vh 7 HE P 51 3 B HE 24 Fi
R —A o e - M ZWARG SR T iR
HART AEA AL N /A Hh B AP0 , 2
A e AL B R M 1) S BEEEEOR 5 OF HoMERE A i HE 44
PLE BHE TN T A 5 0 W0 A 45 SR, iE
SR S PR R RCR o mINP 38 1 % A2 i) T
o 5 J5 1B FEARHE 4 191541 (Inverse Negative Pen-
alty, INP) , X5 BT A3 48 1) B INP B IBCF- X, DT
A BIAE S RS O T R R PERE . R, mINP {H
TR, 2R WG RY Sp- 2 X G A S 0 91 3 R T
AL AR IR DTS, A2 BRI T A A,
e HAE AL PR R MEREAS I B SR ) S i . B
PRARUL, Z AR E SN2 INP B~ E{E R .
1 &

mINP = NIZOINP[ (5)
Ao, VIR TREAC BB, B AR B INP, K
G,
INP, = (6)

S R R FE5 A R R R — A E B DU R
BEAI b 4 (8 |G, R34 A I R
1|22 1 B8 DG £ 1A B

g4 R AL ST 38 7 L AR SORF BEAT TIPR 5
T TR AT

3.2 EETN

R FE ST VAL LA TIPR 5 78 25 Hh -1l i 2 8 A
RAY5 T RTERE , A SCIE AGMix-PR Bdi4E b Xf
Bl U B9 TIPR J7 ik AT 17 R E PRI AR -
MLLM4Text (MLLMs for transferable text-to-image
person reID) (Tan%§,2024) .RaSa (relation and sensi-
tivity aware representation learning method) (Bai 5% ,
2023b) . APTM (attribute prompt learning and text
matching learning framework ) (Yang 4§ ,2023) . AUL
(adaptive uncertainty-based learning framework) (Li
22 2024b) . CFine (CLIP-driven fine-grained informa-
tion excavation framework ) (Yan 4§ , 2023) | IRRA
(cross-modal implicit relation reasoning and aligning
framework ) (Jiang F1 Ye,2023) ,TBPS-CLIP (contras-
tive language image pretraining for TBPS) (Cao %5 ,
2024 ) .RDE (robust dual embedding method ) (Qin %%,
2024) . TAG-CLIP (contrastive language image. pre-
training for text-based aerial-ground person retrieval )
(Zhou % , 2025) LA J2 AEA-FIRM (adaptive elastic
alignment network with fine-grained representation
mining) (Wang % ,2025a) . & 5 JE7n T iR T k7
AGMix-PR 5 1% 4t Mo 1 #1 f %45 28 CUHK-PEDES
ERYSEERES R . GURRY] R A XS T e S
T $5 15k o T AR B RAF  (B e - HEHR A4
fg s T I B E PERE T . e REHUr AR
BEFE AR R-1. mAP Fl mINP _ iP5 BE R4 5 18 14 10%,
ST BT TIPR J7 VA 7R 15 A 2 AR RE ) O T B ™
HAL

FEFTVEI A J5 P, RDE 7645 T EAG 5 451 25
A T U RE X B R FE— 2 93 A7 B2 Z A TR
B 5N TIPR J5 &S A By e A Jr i o %77
VEBE X AT N U b 3l A 7 I R R )
AL, B PEME 5 SO AR 22 18] AT BEAF 78 A 56 5 DL g 2l
BEUROCHR , L T8t TORE UM LR . BRI
RDE i 3 G845 R oA e gl 2531 51 oy vl 5 32
£8P SRR AR o K7 B pe AR, [ B o5 | AT 0 A 14
IOTANS TR, A RS R AR DA i
PR BT R I, DT A 35 4 T B A 5 R A T B &
PRVE . X —HLH7E—E F E_LRER IV X AGMix-PR
B Z Mk, W TR—AT A eSS
ST AL T B RS AR TR 3 1SR AR 22 5, A
—REE LA BSOS I T8 A 5 — LA N TETEXE

11

© h[E KR KL AR



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

CRUL
L

€—> GRIEREARS
95 1ERE A

WAL

'The person appears to be an

adult male wearing a white i
short-sleeved t-shirt, beige pants, |
black shoes, and has dark hair. !
He is carrying a green bag over
his shoulder.'

L}

EEy

LA2
'The person is an adult male
wearing a white short-sleeved

polo shirt with a small dark logo
on the left chest, light gray pants,
and brown sandals. He has short
hair that appears to be dark in

color, styled neatly. There are no

visible accessories or additional

items in the image.'

Ko ZHlfmfr Ak —Zt s gl
Fig. 9 Diagram of multi-view person description consistency

analysis

LU sl 35 0k, AT HE )55 tEREAS R - T [A)— 47 A
SO (BB AL A JR PRI XE LA S5 A 1 SCRT . i 9
s ZE MR T R —47 NAEZS S it/ T~ /Y
PG, A 0 Ay JHC X 7 49 W B SCA i iR (SO 1 5 30
2) o AR T IR A A A AR JE 8 3 7 A
BT LT AN AL 3 B0 R X LA S5 BROR ff 14 P 5C
XF5%. RDE GBS HNTERILMEGE ) , BEAE A S 52
I o A 25 57 51 K B8 2 T i 2, T SIS B T B 45
PEAIRL R PERE

3.3 XARERAXHEMER

R 43T AR T SCAR A B 2O G 2R P BE A S
£ AGMix-PR B 45 [ IF R T SCAR A= B 3R W %) 1
SCH SRS RN 6 iR, MOCRHEMEG ]S4
A I AN SR FHARA 51 5 A B, B R AR 4% T PEA 16 b
A PERE Y IS [ RR BE (0 T R . xS )R
PRGBS AR T | T A AT R B 5 5 #RA
T b BB i BRI FLICA 0 BE S A ke
T SCA I (1) Z2 R 55 A, DA T Sk 2 i A A
FEREZAT 55 () VE L RE
3.4 NGERBESLGISHT

Sy 6 W P 5 o U1 i AR A S ) AR X
YIZREE H g s REAS B A B8 LI TF 8 T 2R ek B4 31
S . BARI S, PA CLIPScore < 0. 2 VE RIS FEA
B 4] 8 Bn UE , 76 AGMix-PR Y1l 25 4 v 2L 0% %6 1y 2
085 MR FRAEAS , i Il R4 B 1Y) 4. 35%. FEULIE
filt b A T PN R 4R, 43 I Of BR D e e R A
[ 0% .33% .66% F1100% (HAx W i BEARBLRE LR )
T I AT AR R REAR B SE SRR BR . A A AR T AR ]
(4 1 46 ZE 4 (RDE) T 47U 25 , I 46 56 42 1 e il
IR L HEATVRAS , A O S50 45 3R 10 A 1 .

SLEGZE AR 7 B, v LARER B 2SI 2R 4E rp
SEARREBRIE T REAHT , BT BEAR XTI 5 B 25 M
BEARBAGIA K RIEREIE A IR AL ; 70 B 2
MR REA I BT AR A TS bR S R

% 5 7 [ TIPR 77357 AGMix-PR 1 CUHK-PEDES 6 & 45
Table 5 Results of different TIPR methods on AGMix—PR and CUHK-PEDES

AGMix-PR CUHK-PEDES
Titk

R-1 R-5 R-10 mAP mINP R-1 R-5 R-10 mAP mINP
MLLM4Text  57.27 73.84 79.86 49.62 A 78.13  91.19 94.50 68.75 N
RaSa 61.46 ~77.71 83.45 48.94 30.27 76.51  90.29 94.25 69.38 o
APTM 61.62 7773 83.54 47.72 27.70 76.53  90.04- 94.15 66.91 -
CFine 56.82 74.83 81.46 42.09 15.38 69.57 8593 O9l1.15 - -
IRRA 60.10 77.73 83.69 47.23 27.51 73.38  89.93 9391 66.13 50.24
TBPS-CLIP 60.22 77.31 83.01 46.49 26.52 73.54 88.19 9235 65.38 -
RDE 61.88 7829 8398 47.97 27.76 75.94 90.14 94.12 67.56 51.44
AUL 59.71 76.42 82.66 46.03 26.03 69.16 83.32 .88.37 - 4
TAG-CLIP 60.66 77.70 83.31 48.04 - 74.38 88.30 92.59 67.18 -
AEA-FIRM 52.28 71.03 80.11 40.55 - 76.54 90.79 94.51 68.10 -

T RO PR IR R IR, TR E R IR AR
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BAfF, R&, HE, KITHA, HE
NA-ERENBREITARTEELRREEAR

F6 NAERFXHRMIE
Table 6 Ablation of text generation

ik R-1 R-5 R-10 mAP mINP
B PG| FAE A
AR5 | T A
JEPEG A MR G 1 A2 B 60.22 77.31 83.01 46.49 26.52
TE PRI R R e LS 2H

41.78 58.16 64.55 31.20 15.49
44.07 58.94 66.46 33.29 16.83

FEI, IR A MR AR 2% o] VB A E 1) VEFH o
X — G S, I S e PR R AT AR B IR
TTE oA, B AT BEVE A —Fh B e A, 51 AR
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Table 7 Comparative experiment of on the effect of retain-

ing different noise ratios
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Table 8 Analysis of experimental results from different perspective combinations
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