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Abstract: Person reidentification (re-id) aims to recognize target pedestrians across nonoverlapping camera views. It is a

key area of focus in computer vision due to its significant research value and widespread application prospect in security sur-
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veillance. In recent years, the performance of re-id techniques has seen rapid growth, with state-of-the-art (SOTA) meth-
ods outperforming human performance. Furthermore, researchers have paid increasing attention to re-id in challenging
uncontrolled environments, including visible-infrared, occluded, cloth-changing, low-resolution, and aerial person re-id.
Despite these advancements, the performance of re-id models remains below the desired level for practical applications for
two major reasons. First, existing re-id models are trained by closed datasets with single scenarios and sufficient labeled
pedestrians. This approach falls short in real-world settings characterized by diverse scenarios, varying conditions across
cameras, and the high cost of obtaining labeled data, leading to inadequate performance, robustness, and generalization
for actual use. Second, the expensive nature of annotation limits the scale of re-id datasets, making them significantly
smaller compared to datasets for other vision tasks, such as face recognition, object recognition, and segmentation. This
limitation may cause re-id models to overfit to their training images, undermining their generalizability. Consequently,
reaching universal person re-id remains a significant challenge. Recently, the field of large-scale pretraining models has
attracted significant attention and rapid development due to t heir critical role in enhancing person re-id techniques. In this
paper, we make an overview survey on the applications of large-scale pretraining techniques for person re-id. First, we
introduce the background of large-scale pretraining models. Self-supervised pretraining techniques have gained great suc-
cess in natural language processing (NLP). Particularly, the Transformer structure has excelled in extracting robust NLP
features, with GPT and BERT emerging as pioneering models using the Transformer to generate useful outputs for subse-
quent tasks. GPT3 has demonstrated that large-scale pretraining models can rival the performance of SOTA supervised mod-
els without annotations. With the successful application of GPT3, many researchers have attempted to apply self-
supervised pretraining techniques to vision tasks, and some pioneering research has been conducted for vision-language
cross-modal tasks. VILBERT marked the beginning of learning the relationships between vision and language. The CLIP
model shows great generalization ability for zero-shot vision tasks. Furthermore, the MAE adopts mask modeling tech-
niques to train a pretraining model with good generalization ability. These advancements highlight that large-scale pretrain-
ing techniques leveraging vast amounts of unsupervised data, not only elevate the baseline models’ performance and gener-
alization abilities but also great promise for re-id by reducing the need for expensive labeled data gathering. Moreover, the
information from large-scale pretraining models can be utilized to improve the performance of re-id models. Given that self-
supervised pretraining techniques can promote re-id models, some researchers have tried pioneering efforts. Here, we
introduce the existing research for large-scale pretraining re-id models, organizing the literature into three types, namely,
self-supervised pretraining re-id methods, large-scale pretraining model-based re-id methods, and prompt learning-based
re-id methods. We discuss the above large-scale pretraining technique-based methods and the effects and performances of
SOTA methods on various benchmarks. Self-supervised pretraining re-id methods employ self-supervised pretraining tech-
niques and large-scale unsupervised pedestrian benchmark to train a robust pretraining model, addressing the scarcity and
high cost of labeled pedestrian data. Some researchers have constructed weakly supervised/unsupervised benchmarks for
studying self-supervised pretraining re-id techniques. SYSU-30K is the first large-scale weakly supervised re-id dataset,
which is constructed by over 30 million images and 30 000 IDs from 1 000 downloaded videos. The challenges of SYSU-
30K includes low-resolution, view changes, occlusion, and changing illumination. LUPerson is the first large-scale unsu-
pervised person benchmark, containing more than 4. 2 million unsupervised pedestrian images from 46 000 scenes and cov-
ering the challenges of illumination variations, changing resolution, and occlusion. We adopt tracking for the LUPerson
dataset and construct the weakly supervised dataset LUPerson-NL, which contains more than 10 million pedestrians and
430 000 noisy identities. With the emergence of large-scale unsupervised datasets, some researchers have applied self-
supervised techniques for re-id. Some studies have utilized a contrastive learning framework to learn robust re-id models
from unsupervised pedestrians. The MoCo framework and catastrophic forgetting score are utilized to improve the general-
ization ability of re-id models. Furthermore, some studies have employed the prior knowledge of pedestrians to improve the
performance of self-supervised pretraining techniques. The local structure, view information, and color information are
employed to incorporate prior knowledge for pretraining re-id methods. Large-scale pretraining model-based re-id methods
employ the knowledge of multimodal large-scale model and use the interaction between vision and language to improve the

performance of re-id models. Given that the CLIP model has shown superior performance for zero-shot vision tasks, most of
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the related studies have utilized it to learn a discriminant and robust re-id model. Llama2 is also adopted to promote re-id

tasks. Prompt learning-based re-id methods introduce quick learning methods to learn a robust re-id model. First, prompt

learning re-id methods utilize the relationships between text description and visual features to learn a more discriminative

and robust model. We focus on employing the prompts to make the model adaptive to different environments, such that we

can obtain a universal re-id model that can cope with changing environments. Experimental results show that self-

supervised techniques, large-scale pretraining models, and prompt learning methods can significantly improve the perfor-

mance and generalization ability of re-id models. We can achieve a more universal re-id model for unseen scenarios.

Finally, we conclude the overview of the current literature, analyze the limitation of the existing literature, and discuss the

potential directions for future research. In conclusion, the large-scale pretraining techniques are essential for universal

re-id. Although existing research is pioneering yet nascent, with a somewhat weak connection between re-id and large-scale

pretraining models, the integration of pedestrian priors and large-scale model knowledge to achieve universal re-id warrants

concerted exploration and promotions from the academia and industry.

Key words: person re-identification; deep learning; self-supervised pre-train; large-scale model; prompt learning
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Table 1 Comparisons between annotated datasets for

computer vision tasks
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1% 73 #8247 N B 3t £ MLR-Market (multiple low
resolution-market ) .4 FT A HEEE PRCC (person re-
identification under clothing change) ( Yang 5% ,2021) |
T NHAT N ECHE S PRAT-1581, 2 1% 530 725 40 S
39 e A 1 B TR A T8 2 (9 53 3% , £1.4% SOLIDER
(semantic controllable self- supervised learning frame-
work ) (Chen %% ,2023a) .IDKIL( implicit discriminative
knowledge learning) (Ren F1 Zhang, 2024) . FCFormer
(Wang % ,2024) .RAP(resolution-adaptive representa-
tions) (Wu 2%, 2023) . AIM (auto-intervention model)
(Yang & 2023) F RotTran (rotation invariant Trans-
former) (Chen%%,2022) .
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25 10 R 00 B R RE R AE 80%~90% , — 8 IR ¥ (1 AT
55 U T AIG, an e 4 A T B U R
57. 9% F170. 8%, I 15 5 s i FH fA) B R B A7 AR K1Yy
FEES . — A B R R AT A 2 B 1
JE AR =, 75 BL32 4 0 B AR R R0 A W s AR
LB AT FECY AT N E U A B S
B I HAR TUAE AR ME H IR A A p i 1 7
NBHRAE . P, fn ey 5o A B i bm 28 250 B2 H A 7
NF PNz AR RE J7 , FRATUN RE 7 B i) 38
FAAT N E RS, 2 Y wi AT AN E P 58 s Y
R A FFR R RS0 ) A, R 2 2T RS LB R
JAT N RS E AR B KA E S S

®2 AEMTAERIESHIRIE T AR
Table 2 The performance of advancing methods for

different re-id tasks

Pl

GRS £5 (RS BT

%
Market1501 AW 96.7 SOLIDER  CVPR2023
MSMT17 A W% 91.7 SOLIDER  CVPR2023
SYSU-MMO1 a4 814 IDKL CVPR2024
Occluded-REID  §##4  86.9 FCFormer TMM2024
MLR-Market — fR73H¥% 90.1  RAP TIP2023
PRCC ek 579  AIM CVPR2023
PRAI-1581 JTAHL 708  RotTran ACMMM2022

2 KAEWZRARERNSMER IR

A BRI R N TR =S B4 B
LA T KR KE G R R R e v ARG
PREEACHTBRE T AN TR RERI NI o BEE TRIE 25 1Y
RN N TSR U R 22 285, /D b 26
BRI GRS = He AU 5 A TRt , S SO 432 1k
AE A28 o AHUR B A AR 28 AR K, # OAE:
55 B AR T RS AR T | AR H 5, Wi
WU 55 FIRLG B AT 55 ] BETS 280 T bR TEREAS
AR S , A P A 1 7 A 370 50 el S R LA T 4K
PEFRATTRER . _EaRIRMERR ] 7 AN T RERIYAY
AR, G ] 368 2o A FR B N AR T B b iz
P RE 7 i P TR PEE AR TR G 1 i 3t 1o P A S, T
PN BItE; % NP 7 e s 0 A E 3

2.1 WG ERRAREBRES LENHAR

UTAER 2 B AT QT B oA 1 B s iy 2, I
BRI 5 AR rT DA OR MRS 3 i JBCA L, R AR )
A o B R S BOR i A B A
VE R W B o TR 2 B840 v 4l JC dul i JH
AT B AR AE T i v I ez A 1, A5 R TR
TS TE e B e R B SRS L S v 6E L 7 F AR
T E BT S BU T R E R, A IE A TER
FMUBLICHR TR EdEAT A B Ry >0 45 3058 HT 1
T 5 RAE, AT T e T WA 55 iz AL

H a7 22 3] Fll Transformer & I 2R AU 7E NLP
WA 6 648 . Transformer(Vaswani 45,2017 ) &
— PR T A R AL ) g 5 g — S g A AL, RE
TEAT b A AT 91 b T A SR 2 TR AR DG .
FH B P 5T, Transformer 128 ¥ BY A $13)1] 25 R AR
RYRY bR Rl 22 2540 T 1 T P B AR A I R
. GPT Fll BERT., GPT &% 1 41~454 Transformer il
FI I T 2 8 R IR S ZRASE Y, LA B o) Trans-
former i % 4 D5 1, >R FH A i 0T 2R R0 1) =X
O P AE 2R, FE BN ZRB B, GPT 2R JHJC i B o
> SRS ST e K TE W B R RN 25— A i
RREHY, Xof > BLR] A 30 53 A 2 ) P 28 0 45 114 93
WIZRRD IS0 AER B B, i F T b T s i
L A o o7 FAT 45 GPT AS B0 Il Br T NLP 45038 A1
9 Tl HAAT 55 BCR A0 it . BERT 20 )12
B TR YN A U 285 ), SR I WLTa] )22 Transformer 1E A
TG . EWYIZRr B, BERT Bt 1 H AR
T R, X TR AT BE AL O IO HE A
(4 53], BTG 27 2 L] bR 3G fF B . BERT
7 11 NLPAE 55, W SR R 7 A 1 IR 1Y
S0 . 2020 4F , OPENAL % 4ii GPT-3 (2% (Brown %%,
2020) , /& NLP R AU P S5 7 14 — A~ o 52 L A
W, SR 1 R AR SRR W TE ) i U R
RIG/INREAE 2T REST . GPT-34k7K T GPT Y FAAAHE
B GEET Y B R K 22 I 4% ) S BSOS, S50
BEN 175012, 45 TEAE AT ISR . GPT-3 /R
TR IZALRE T  TEFREA DA S AT 55 3R
P T AR SR AIZACRE ST SO AR A F AR T HERE
AV PR B ST 55 UG T S B P gk i, % NILP iz H]
PRz JE IR 1 4. GPT-3 78 T T
55 AT BRGNS T 45235 2 0E A CR AT 5%
FL 2 A Y FE B B, R TR S B
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Az IRAL SR BB R, RESE IS 1 e L B[R] 25 45
ZUUES DA NP BT T e, 28f
TR R R ARIE
2.2 BREMNFAEEFTREH R

3 A B o AT BRI AR RIS F 78 NLP A 55 1
SHE TR | 503 2 3 2R R A B~ AR Y
HORTE AT 55 09 1 CHUK AR 45 ,2022) 0 fe 1Y
P8 KA TE S 56 T 2B RABALAY ANl
SCAHEEZS i feff IR0 9 A5 285 55— AT S L 4 1|
Y. VILBERT LAY (Lu % ,2019) BT T —Fh LB
XA L 73 351 AL BESCA T e (5 B, OF B AL T3t
TR 2 F A RS IR R 78 T I ) 25 AL
o IE B AR 7R RIBAE 55 ARG T 2%~ 10% 1)
KiBEE$2 T, Visual BERT (Li % ,2019) 9" & T BERT
BEFY | Transformer J2 & 2% 55 i A SCAS AR X 15§,
HICER TR 4D T UHAE 55 B AT Il F ey 7R
Uz ALPERE . Chen 55 A (2020b) 48 ) UniT 24155
ZRAEG— Transformer f Y , FEAE [ I fift AL L 22
B S AN 5 AR P 1 — R AIE 55, (046 H ARG |
P58 — SCAHEBR AN AR T8 7 B 55, 72 7 ME 55 b
FA B o i MR8 . DALLE (distributed autoencoder
for language and image) (Ramesh 55 , 2021) /& 2 — 1~
SCAR B EUR B B AREA T SRR, S HORA R B
¢, 383 B A Y Rk ARG A B ARAE , ]
H [81 )9 Transformer FHUAE SCARRNE A1 UG RRAE 2 18] 1)
WA AT, e AL IR, R 1 RS il 25
TATEDRG SCA IR AR A A [R5 B =2 1] 22
B A {5 fiE f1 . DALLE2(Ramesh %5 ,2022) 1 56 Fl
FH P30 R M SCAS S BUE AR i A RFAE , 28 ) T8 i ik
N FEER R BB A it ™ 2 H AR EUR , e L 1 i
KOG FAEA 2 > DU SR SCPR i ARl G B 0, A2 Uiy
FUGZEE Q17 FEE . OpenAl H & CLIP(contrastive
language-image pre-training) 2 5 2% K A% AU (Radford
45,2021) , 2 RS KB 0 AR TAEZ —.
CLIP $2 H XU A6 10 45 g e WO 25 B B2 ) e R AR
BE T SUHES A0 SUAR R i 2 AN G dm it 2% , 78 LIk
PIUCEE T A ALK TR Y R SCA B, IR Hh B T
Xif L 27 T 0 P SCRIN 245 12 3 5 40 e PR AR SCA
SR VCRC AT IR A N SR 7 T AT 55 U5 TR R 4
ZALROR o CLIP Z RS I B B AT B4 1Y

FREATRENERE , 720 2 N UHTE 55, A5 AR B2
PR32 O AR RUNRIA T S U S5 AT 55 0 I 3
PEREH S T MBS R M RE . RIS 2R
DRAGERIUE B 1 AT DL 2ok o P G A 5 SCAR 2Z (] Y
SRIK A7 ) A IR W HRAE , I AE 215 5UFIAT: 55 ik
THZARRE S BT A L
2.3 WG REBERETENATAHAR
RS R T B SCA R R HEAT R B, O AN 3
FHT e AL EAT 55, DR 2027 38 T Je 4 o T )1
KAETIAF5E . BEIT (bidirectional encoder representa-
tions from Transformers ) (Bao 55,2022 ) f& fz - Y AL 5
RAETN AR, o 1 5008 o g 15 1 0t B 2 v
T2y 2] B J2 R AR, 9K i a4 PR G A 1 5 =X
BEALIEE S 40 Yoty IR SR, F00 H S AR I R ik . 72
PR 53 2 Vi SC3 B85 058 AT 55 1Y) S5 9 235 R 3R ]
BEiT Bt45 7L 5 iz /AR . MAE (masked auto-
encoder) (He 55 ,2022) R FH MG % 8 i 1) 7 =0, %
iy N TEE IR LI FE ALY (75% ) X 35t 2R A5 3R
Ay, B AR X FR G A 5 2848 g B 2 25 T ViT
(vision Transformer ) ( Dosovitskiy 55 ,2021) , fif i #4518
TP BB ARE A T E A, U T B R B,
R LSS 70 T W 2R 55 R 1 35 A0 42
Ft . SimMIM (simple masked image modeling) (Xie
45,2022 )38 120 TP R A AOR 7 ] TR 2 AL 1 2
B, X A AR 5 19— 3070 EA T R, I 0000 4 e
PHDCIR A i h EIAG A BUR A T RE LA AL
(10%~70%) ; 4 i 4% % FH VT $2 BUEHR HURRAE , %
s R — 22t 2 g B A et #5000 H ARk
P2 L1 ek A 4% [ H 00 AR 1R 3 RGBAE . i
FE LA/ 40 185 50 B 11 25 30 AL S50 SwinV2-G A
4, 7F ImageNet . CoCo (common objects in context)
W3 #) A1) 35 BT 12 5k . SAM (segment anything model )
B (Kirillov 25, 2023) GLA T #2787 2] e, 42
A LLR HI S/ 5 HLRE BRI L S A el SO, (]
VAL TR FEAT U 25, s 1 o 38 ] B A 1Y
W1, 20 TR — RO , X AR A W R FAS 3
B WA ANEERROR . SAMBLRLE/R 158 K
ARz ALRE ) AEALSE H AR #] B s E1 A Tl
BRI AE 2N 5 A 2 T IR A BV ] o Fast-
SAM (Zhao 45, 2023 ) $5 ) Az e 452 1 52 BLAR B i L
Oy EIRIHEZR 5 1 o3 BIAE 55 o3 Ak R S 491 o3 ) A g
AN TRy TR B A b B RN AR Y ]
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A PR AR A e TR RIS B2, 221 o0 SRR 0 5040 4 I
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AU B A KRR, H AT ARV 22 ) A i
TR —J7 T, AR S5 A8 AN BE R A8 > v 4 A
FE SUE B, 5 300 B R RS i A Qi 75 K
B 5 55— 5 T, K22 B0 KB F ARATS SR 45 B3 7
N Zr— oM =, 76T We AT 55 W FH AT 9K 75 Bl 4
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2.4 WillGXRBE 5T AEIRF

[ Jost 7 1] 2 AR TR 1 Je D R, AR LA 7 T
REZ AT NN By & R B ISR B% 1 0y R R AR |
SR, B, 2818 5 KA I 455, v LU
b KAL) W B I b RN R il 2547 N E R )
BT 3 o KA ) T W B AT AREAR SR T A E IR
SRR T UF Rz AR RE T o HAOR RS 2RI R
R85, AT U238 SCASE B SCAR /R 7E4T N
TR 55 9 0 38 o SCAR—098 {75 J2, =2 ) 179 G EK
PR 2 H 5 I Az A RE S R AR . e, %
JEAIL DL AR R BIF 5 1T I %) TR XE I B, AN BB ELEE NS
CA I 2 KA g5 f 2 2047 NS O35,
M B AT N R B A5 4 B AT N EE IR
ST I P 25 A Pk R A B — g — ORI RUHEZR A
M2 2] — 0 A AR RL A4S0 AT N UL,

3 BEEWIIGITAEIRMNZRIRK

AT AR B R A AR B AR /N2 B o]
17 NEPUNB AN e ANz AL Be 1 rY E 25, Bl s
H B T 2R RBARUTE A AR TE 5 A RN 2828
A FRARAG LI, 525 T AR IR AR H B Sl 24
ARAEAT N A, A SRR 5 AL BRI 2R
2RI 0, DA B B TN A B A BE Rl 5T R
FUBLFI 24T NN i .

3 A W I ZRBORTE NLP U 5 A,
SRS E AT T A W SRR R BT R
TxF b 2] B HE SR 4T B W BRI 25, DL MoCo (He
4%,2020) . SimCLR (Chen 4§, 2020a) \MAE , SimMIM
oA, RIS B RLTE R AT 55 1z Ak e
J1, 0k B W IR AR TEA T N S U A R AT
T FET Eh R LA TC I 2% 2] T 1 MoCo,
3 20 X LA 2 DA KRR T s 28 5 s e v R — 3
(%) ) L o RT EL A5 2 4 A i) s 5 - LR A 7 DG D

KNG 58 R G i 45 . MoCo 114328 AL 3 F
RIS B ARG 0 25 = 3 Y R 9 A 55 BT M )1
B UER] T A W o ) BORTETH AL 5 Sl
REHUS AR U PR o Hinton 2 H — i &7 5 A9 WL 5
TIEXS L2 ST HEAR SimCLR , 7E X He2 T HERR P i T T
2 PR 1Y 5 1 2 TERLSE R IR AN L 451 2k 22 T
FIAARL AR AR v A ST, I i B Y
U AR ARG T X 2% 2] . SimCLR fEfR £
B ERYSCI R T AR PERE, A R LS
NN B 2 3T W B 2% 2T 11 ResNet-50 (residual net-
work ) (He 55,2016 ) f5 71
3.1 KMELEEITANBIESE
PRSI 2R Ae AT NP PR B B A,
TERLSE F B B ZRBR B SCRE T #8027 E T iR
24 B B B ZRBORTEAT NN RIS . 53
AR BEAT: 55 A0 bE AT N DU B i SR AR 1
FEH RMER , SR TT AT B B 7E RS B A7
B R AR PR 25y T AR AR R PR . IR bR
7 N BCHE 4 3% 3 B 7, VIPeR (visual pairwise
endoscopy registration ) £ & £E (Gray 55 , 2007 ) H
1264 M7 N A N 2R 2R EHE Y HTAR AT A
B A v B R B E S MSMT17 HUA 12, 6 J1 BRI,
KB i 2 B Airport 45 9 651 A, B4 AN H AT 4 1§
E3NE 8

F3  ARET ARSI AT AR EITLE
Table 3 Comparisons between labeled pedestrian datasets

and large-scale pedestrian datasets

et TR RS AT ABGE AR
VIPeR A W 1264 632 2
CUHKO3 AIRE 14096 1467 5
Market1501 AIEE 32668 1501 6
Airport BB 39902 9651 6
MSMT17 AW 126441 4101 15
SYSU-30K SWE 300007 37 1 000
LUPerson Tl 4200 2007 46 000
LUPerson-NL  JCHiE 100077 4377 46 000

EA 8 ER BN T IEEAEAE I ImageNet 4T
WL, AR5 FEBEAT IR0 o {2 , ImageNet FI17 A KL
i 22 SRR R 0, SRR RBORAME o T Tk
AR TRIR, AN BT IR B R AL 55 W
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B FE MO BRI 275 5 S5 Pk R, Sl
FHI 55 W A A B2 2 B, Wl AN [R5
HFF K. FufE N Q02D EE 155 1 A RHUBETC I
17 NEHE 5 LUPerson, LA f# 2R ImageNet il I| 2545
TR B S PRA T N B 22 S KA Rt a7
NP A 2 5, 38 5 0 W B ol 2R 5 i, 7E
VA N AR (A7 0 A R S B0 3 A2 >0 R af 1)
WU o IR S 05 420 J7 C W BT N RS, oK
H 46 000 Z 147 50, 47 A i 20 77, i 1O
HRARAE AR R AP AR, 1 Uk KB TE i
BN BT NFE U, L MoCo i #E4TIC M
B, LI R e ) B RRE 2 LR D), T R G

ST 1 BCE B 9 AR A 2 e AT N B PUN T 25
TEIVE R SR T RSN 2o A7 N EE PR A Y
AR TSR, B IR T BRIV RE  /DEAS (TR
BHEBAL S IRTH RN BIR . Fu 5§ A (2022)i6 4% %
H bp R 2% 22 50 H T LUPerson F R UG AN, I 4L 57
MRS R 2 )1 R 808 52 LUPerson-NL. 2805 4
it 22 H AR IR R 2R G R R P R A, A B
SRR () B — AT AR BB b5 %, IF i e AR
T EAEAEGA B T 7, 0B 1k 3 43 7 1
FEAT NEIR AR o TEMLERA b, Fu % A48 5 T s
PR ) R AR I R HE R ZHE 2R 60 5 3 Sk
W 2 2 A TR X L2 S BEHORIbR 25 5 3 1Y
XfHes I il i 2 R A Y SR R B
B B AT I 25 32 TR 5 LUPerson B
3 JUHAE /N R AR A B

F 3N EE T T W B AR T B AT AN SR AR
BETChR AT NEAE 5 , AT LU th, 55 WB /0 W B 3R
5 AT NS S B U AN A T A\ B i S i s o A
BB AT NBHE R oAb, i R B AT N R B

(a) SYSU-30K

(b) LUPerson

P15 A B AT N AR R
Fig. 1  Visualization of weakly supervised and unsupervised person datasets ((a) SYSU-30K; (b) LUPerson)
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HE BRI 5 B e A 2, I T
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TE ) 38 FH AL 58 AR 43S 1 B o ST HE SR BEA T, F
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4, 2022) YRR PERE TR T MoCo HERE, L
ResNet-50 5EHEM 4% . Luo % A (2021) HIKIRE T
ViT 4 Transformer 45 14 75 KRB AR 4R (1 [ 1 13
IR 2], 3855 A S5 1F DU A6 R bR 1 D) £k ok 27 >
BAMSM ESAOCINEERRHE . 7RI EERT
Luo % A (2021) i £ t FEPE 5t 52 73 FOR PFAk il
RN B A 2 18] ) 22 B 8 e T e T AN R )
B AT RAE T TR 50 4 v ik B A AH DB E
R — A BRI (A S 4R L DA T i )11 2
it B A I TR BT, Al — 2 B 4R HEA T I 2R
B MERERTR . Wan %5 A (2023) RAE T £
BS54 NPT 55 OB I 22 T
YL R, B X T 25 ] UL 00 1S B iz FH AR 21
SN 5 1 28 St — T 1 M B I A 2 R
Z ki JE 2% ) J5 % MMGL (modality-aware multi-
granularity learning) , 7£ 2 B HHE 4 F HHETT R
Ik, 32 Hh HEF IR S AR B2y o) 42 /i 35 AN 28 s il
TR B PR RS 27 S BEHL R T R AR RS A A X 73 i

AU A A
IMEFFTAEIRA

N
BN RS
SHFTAEIRA

FTRIREIARK
FINEIRAIIE

J

FHTIRY IR
FTANEIRA

71, TEAHCH S MR R T NS 2R RS TR 15, Y1
JE PR B RCR T O BRI AL Z A PR
5 B AR IT RS MERE , FATHE) T B 2 Z RS KRS
FALS5 9T Zhang % N (2024) BF 58 M5 1R KA
B HIHE Z [\ 1 85 5 AT NEVUINE 5l &
AR LA 7 VR 7 AR R R AT A TEIAR 4 — A
SN PSR 2 A B A 4 (1 200 1 2% 1 207 5, T
1o O RSB IBCRAAE , BT 3 AN ERE Y B R A
B35 - Wt ARG AR DF D00 X 3 4
JEE SF PRI AR AIE 43 A 5 b St X 2% )1 2545 21 B B AU A
N AR R4 IR T8 45 KRS Bl X T VA A 2 E0m
W 285, BT B 07— B AR G A1 B 13 AR DL AR 2%
F B SR Zrop A M 2% . Ye 55 N (2022 ) 42
F T IME 158 155 77 B (catastrophic forgetting score,
CFS) J7¥54E LUPerson £UH 4R 15 2 FUI ZR B A 24
I e a8 % [ T R B A T T
HRORCER JEL R L2 2] O vk BT W i 2 O vk
FIMEREART L 27 > 7k 3 i AT RS PRI A AS (30 051)
RE T, AR AT 55 AN fil PR 25 e 3145 5 2 i
BAEH R PERE , 18 MR B B 2 ) ST
s B S AT N R R R R PR RE o Zhu B A
(2022) $i th— LT JR FRAFAE A KR O 25647 A
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pooling) o BRI AY H Wi B J7 ik B4 A0 I R 73 25 1Y
BB A HEATHESR b IR R | S 30 ] IR Ry 7 A 4
S R IET AT DR IE , 2R KA {HE . PASSLAVIT
SR 38 3 A R SRR L) B AR AR £, K A
B3 73 R 2 A R X, A DXL 99 743 2]
AL 3 L — > 1] 2 ] (1 R i bR e, X SE R il 2 bk
aomE A RE . AR BO T AN ZE R A HE

— HEE—SYSU-30K(WangZ§, 2020), LUPerson(FuZ, 2021), LUPerson-NL(Fu%§, 2022)
FHEb 2 SIHESE—MoCo(FuZ, 2021), CFS(YeZE, 2022b), MMGL(Wan%s, 2023)

— fF ANSES—PASS(ZhuZE, 2022), UP-REID(YangZ$, 2022¢), SemRelD(HuangZs, 2024)
— JEFCLIPEIAI—CLIP-REID(Li%, 2023), CFINE(Yan2%, 2023), TE-CLIP(Yu%E, 2024a)

— P RANE S A —MLLMREID(Yang 1 Zhang, 2024)

— $RTHERE—MP-RelD(Zhai%s, 2024), USL-VI-ReID(ChenZs, 2023)

— 8 HRA—Instruct-RelD(HeZ, 2024), VersRelD(ZhengZs, 2025), AIO(HeZE, 2024)

K2 BT RBA I ZREAR AT NE RIS

Fig.2 Researches of large-scale pre-train techniques for re-id
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(07 ¥R AT S B A < 28000 9 2% 41 P = Je 20 46 2k F
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Table 4 Experimental results for re-id methods based on large-scale unsupervised pre-train techniques
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Table 5 Experimental results of universal re-id models based on large-scale pre-train techniques
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