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Review of Unsupervised Domain Adaptive Person Re-identification Based on Pseudo-labels

JING Yeyiran' , YU Zeng"?,SHI Yunxiao' and LI Tianrui'*
1 Institute of Computer and Artficial Intelligence,Southwest Jiaotong University,Chengdu 611756 ,China

2 National Engineering Laboratory of Integrated Transportation Big Data Application Technology,Chengdu 611756 ,China

Abstract Person re-identification is one of the hot research topics in the field of computer vision. In recent years,in order to solve
the problem of scarcity of label data in the practical application of person re-identification,and to effectively use the existing label
data,researchers have proposed domain adaptive methods based on generative adversarial networks and pseudo-labels to carry out
cross-domain person re-identification research. The unsupervised domain adaptive person re-identification method based on pseu-
do-labels is favored by researchers due to its remarkable effect. This paper sorts out the work of pseudo-label-based adaptive per-
son re-identification in the unsupervised field in the past 7 years,and divides the pseudo-label-based method into two stages from
the perspective of model training: 1) Pseudo-label generation stage. Most of the pseudo-label generation methods in existing works
use clustering methods,and some works use graph matching based on graph structure learning and graph neural network methods
to generate pseudo-labels in the target domain. 2) Pseudo-label refining stage. In this paper, the existing pseudo-label refinement
methods are summarized into the refinement method based on representation learning and the refinement method based on simi-
larity learning,and the model methods are summarized and organized respectively. Finally, the current challenges of pseudo-label-
based adaptive person re-identification in the unsupervised domain are discussed and the possible future development directions
are prospected.

Keywords Person re-edentification, Deep learning, Pseudo-label, Unsupervised learning, Domain adaptation
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Schematic diagram of pre-training-fine-tuning model for domain-adaptive person re-identification based on pseudo-labels
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Table 1 Pseudo-label generation methods
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Fig.3 Schematic diagram of global/local feature extraction



SRR L A B T P AR A8 Y JC B SR B 3 AT N U AT ST 2 5k 77

3.1.4 WMEMBILES]
DL B e ik (9 3 T Oh AR 25 19 UDA Re-1D J5 ¥k . FH R 2K
A I DA AR 2 I R R0 2% BLOR A8 SR T D s 48 A IR R BR s 28
FRAE 2 S X P AR B R AT T — a2 72 BE A0 RS o (0 SR 2 7= A ) 1
PR 28 T 7 AT 8K 7 T AR T Rp 22 I 45 i DI
T2 R P T AR 4 19 UDA Re-ID J7 3

B AT 35
BEE

A W T P b 8 ) R, S22 0 A R B R KL Ge SRR N T
MMT T 5 7B R G S 2 205 T 26 HE 28, LA 2 [R) 1 2802 1Y O
AR T 5 e 1 0 D b 2 [ IR ) R 0 A TR ) 190 4, e o
R AR R bR 2 CLA5 BESE T 100 26 B P bR 28 FITE 2k 4l 1k
BRONAR 2 CEAF R/ T 100 % 09 Phbr 2 B B4 W B O fL ph
LM 4%, LI RO AL Dh AR 2, AT 4 BTR

R
HEE

et 18] 57 7 B £ 1 U &

i 1] SF 7 #02

U e &

[# 4 MMT %75 & &
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A 5K s A R &4/ i mAP/%  Rankl/% 7k BA
- , EREMBCAZE A mkiFHRE, HARFHH, HRD
PULLA7] ’ K 3 4 5 5.5
ok PUL TOOM’ 18 VaE TN 20.5 45.5 BB A EAME R AT ST B
k # ) BE-ANDATMEEE N ARG EREEARARE
“DsLesl "ME’ P . .
s e R BT s R R H AR T B A
. _ REXTFHFW=ZTHARAXRTLAEFREN =T
[45] OV’ k38 = 5y 2 y y
R PAST ICCV’19 AEBRE+ZTAR K 78. 4 54.6 B £ (CTL)
%1 - =l 38 A A i A1 Jk A< AR Fh AR
it -~ CUPR'1o I, o . i:i 6 b AR HLR B AR R M 3 AR R B
A EH K+ MEAR RBERBTEANAAMN. I HE 0T HITE
< [60] - .
556G feevit = A % oot A VT YT YT
. _ BINTHARETLBERGE —SME,. B EHELS
[85] ’ EXiil = L4 . .
PSML 1IET’ 22 PEBRE+ZTAR K 61.0 82.6 B A AR A A
E-NoE: ] - _ AR EZArZXAE 2N REEGRLARE AR L AHTH
~ [77] Al 2 ¥ i = AR Y 9. 92. 3 _
sEyy SCCORET AAATZZ - JOURARR T S RAGA 708 B3 AL AR BT
7 aqC86] A XXM R+ = Ak + BINZHAESF(EEH T H)U R 3 WHHMESHCK
CIM NCATZ2 3 1 H 809 R N Nt LT E LT
o XMW L+ = TAH KA KRR XREL2RFMAED X B 2HAELSZ . RA=
“MFCL87] MM’ 22 * . 4.
CMFC 2 A% 810 MO R AT AR R B K T A L
At B A& b B RE B AT AR e e B b B RO AT AR R A
MMTL65] ICLR’20 BoEBRE+HR=ZTAR K 71.2 87.7 RN Gty 7 R, E AR P ¥ S B AR, TR AL
El AR 0 AT
H B AR B S AL AT A B B AT AR B AR 1 F R A 1R R
GLTL68] CVPR’21 ﬁ"ﬁﬁfﬁfu"*+ 79.5 92.2 A% H 7] L, F) R % ME AL XD B9 Sinkhorn S 3k xt £ 4 4
Bk RN e e
R 4 AT 11 1
RET=ZHERMEFARA AAFEREML RS E
TESTL70] TIP’21 AEBR+Z LA X 75.2 90.1 B IR AR REKARE BRE=ZHNE -4 KE
Sz ) 3R 3 AL
i Rl % BINTHE LG ke B4 R WA EHE
F 3] [61] :CCV' EP YL . . MDA Ot o
w7 NRMT Eccvizo LA B 8.0 AR EAMARBTERELE BN
, o KK A2 AR K+ WHANEBRTFAAG KSR EN T R, FRT —
[72] Iy
UNRN AAAD’21 %A 78.1 91.9 e
SEREZ T AL+ e o o
ML) IC1G" 22 WA — Bk T 81.1 92.9 ii??iifgfiﬁ;?ijﬂﬁ&ﬁ%ﬁ A
Ky — B K mEIEE s
ET#HFFEMA RS T E L LEEE(CBMS) %
DREAMTL76] TMM’22 SEBAFZTARK 81.4 93.3 g . CBMS & 2 % H 5 W % & B TR 55 )] % B 2 18

e

3.2 ETHUEZEINMRER[ERE

TEHE T OhAR 2 09 U B 3 AT ARG R b R E A
BT RS A R] 22 5 09 /N #E DA 44 0 AR BL 1 A2
PR BEHEAT AR 2% 3T . E R 3R O A L R R
LI MRIRIE B N RIEEE B B IRPE B 55, R T
B 48 B 4503 1 3 AT N EE IR0 AIF 5 O 3, S R R AT = AR
AR BE BE £ vk .
3.2.1  AFE KA ik 6 bR AR A R

AR I R T A ) AR . A R Ry
T (Bottom-Up Clustering, BUO™ |2 kAT A 5 H 5§l
[ 2% (Hierarchical Person Re-ID Network, H-Net)™* DL & A~
X R A A 2 ST AR CAMIL) P R i T A 5% e £ 1 S AR
LR B o PR A . AN TR A2 . BUC 5 A 78 ) 45 Y1 25 F 4 1)K o
A EMGA g — IR 8 o BRI LA SR R AR Rl A [
BAEIFB— AR h, 1 AU BEAT IR SR W 25 N, (HL 2, 78
A YNGR B p RPUT — A4 B N R AR 2 A A I
LR ARG I REAR S S Se I 2Rt B2 . H-Net Bi
$2 10 B bR 2 OR AR PE 5 2k (Hierarchical Invariance of the
Target domain, HIT) 5] A T % F N A7 19 £ 41 it 2 (Memo-
ry-based Multi-group Loss, MML) , §ij # g 4% {ff W 2% H 1& )i H

2 3 BLAT S [ RE B4 PG 0% AT 0 B 04 R AE L SR T LR
B ROEREA R IR R, T AML BB T RERMAEIAT
AFARLRE A 43 2591 5, ML R Al 4P BT I 2, P 2% 1 fii i e
R (DBSCAN) A J 1Y Ji i bm 48, W 4% 2 i 1 & JF 2R 2%
LK G R AT AR B O B T AR SZ AR 51T AN EE AL 43
A S FIAR BLBE AL = JC A 2%
3.2.2 AFEEBFHGHFENE

ANREARRUE ] T 5 ARG A RUE T RAE S
HORIE T 2 b I A JC R 1Y L 1k A 1 TS 4R A 0 X 43
Fu &5l H] Jaccard PR 4F Sy A0 AL BE B 17 77 vk, A #2408 B A5 2K
it A TV T Y RGO A PE L 3R 0 T B T RS B AR P 4 4]
SSG L7, Yang S0V H T —Fh T 09 38 X R B [F I R AE
28 ACT, 433 %4 2 F BRI PR AE 23 B3, 9F 5% ] Jaccard B B
PESAEARLRE B 5 J7 . S T DN H AR T 8 45 10 AT BR T i 0 R
A, ACT 2 H 7R R b Qb 5 i — A B A o v 72 )7, 3l
TR PR £ 55 0 G A ok e B R AR HL A T R 4 I K
s UG A 45 4%
3.2.3  BRIKE B A8 LB 64 P AR 2

BRICHE & F B T A A M &, Chen F0V 4R IR
A5 B & % > )5 ¥ (Deep Credible Metric Learning, DC-



SRR A B T bR A Y TE R SR B IS AT N SRUNBIF 5

Ziik 79

ML), 1T E & B 32 38 0T {5 REAS HEAT I 25 5 LA i 4 I 75 s 2%
MRS, Wt T AN TR AR IS4 09 AT A B R L R T
5 FE VAR 0 R g 0 A A BLEE AL T 0 R A 1 D L A A
B HH R 30 AR AR DL E SR FH IR G BE B 1 IR B A R . AL 4R
T AN SE AR YT B 5 T T 2D S A I Y 25
Wang 450 & T 3 F N AE 10 £ 5 2 4 28 45 Kk (Memory-
based Multi-label Classification Loss, MMCL) , 3% ] EX & i &5
Vi g ABARLBE BE 5t v, () B 2% 08T AL 9 AR AL BE R4 24— B0k
) 22 bR 28 T
3.2.4 HEpb

[ 3 AR ARLBE BB o 2K A L 3R A ER 2 BT A AL

A PR KB R M HE £ 5 WA, U0 Feng % 2
Y B 4 2% 3 HE 42 (Complementary Pseudo Labels, CPL) %,
CPL A K bric 09 B R 43 Bl 3% F 46 % 09 th ks 25, R okt K
BRGNS AR L, BB T AHMMERABA, L
SEDOTHR T IR T SO B — B AL K S [ S
o 4 T30 79 R A R ARLE OG & T AR bR B 25 1 O 3t IR IS
BiES.

23 F i T L DukeMTMC-ReID™ Sy 5 38 %% 412 48 | LU
Market-1501"" g F b7 U HCHE 48 14 55 F A0 0L B 04 Bh b 28 0 #5
STV o NS 25 R 0 AR RLE 45 2K RE 6% 42 i A B
JE 2 20 30 8 38 R AT N EE U R .

# 3 HET AL 2 > () Dh bR SN R SR W O ¥ 1Y B4

Table 3 Summary of pseudo-label refinement strategies based on similarity learning

HOERE  HBE  RELW/EA Py AP Ramtl) T EER
R AR AR TN AT,
BucLol AAAT’19 AEBKTHFERK 38.3 66. 2 RFTHAMFAEGENERAGHUE. FRTTEN S
2 Wt 5 R
. B8 HIT 5 % %3 A 7 MML # %, HIT f 4 f& 7 2%
KA B R :
wEEm wNaw e PEBRTEAREEEET g, T6.1 BB T AR LB B A E R T LR
= ZE B 542 R 51 7
‘ BRI % E R A AT — A4 K £ B KNC
y 12 ;Lé PL' 3
AMLI7L PRICAT’21 AR KB 75.5 88.7 S R AR AR S, BN T A8 BB A AR A K ARk Ao de
B E R Z AR K - A
WL A AL = T0 447 %k
. - P B A B R b 8 A L B A R
~ca[60] ~17 % 1= — o -
SSG ICCV’19 AEHEFZTHR K 58. 3 80.0 AH bHATH A
KERES AT R VR B R R S
ACTLS1] AAAT’20 =TT K 60.6 80.5 BERENTEHERA BHEIMANEEHA P kAR
BT AR AR A
] =R AR A A T ARG TR AT &
N o ]
e DEML BECVTZ0 S5 h B 4 R4 635 93 RSB R T o b A 8 R A G
‘ ETRABHEN SR B T AR BUE B TR — B 8 5 R AT,
~1 [92] VPR’ / 4.4
MMCL CVPR?20 Py 60-4 SL4 M TR TiR R # S £ H A (MMCL)
) B AR R BT 4 B WA 8 A B
- EX i =ik
EREEAS  CPLOS TIPU2L ARBA+TZRGBRA+ 78.6 00.6  KMAENRA.RBENEESREREEFAEE
O A& b
b oA R A
GCMT 4 7 Fl # JF 9 4 50 8 B A f8 6L £ % 7 % B
EAE  GOMTI®)  CVPR’21 AERKHE R 7.1 00.6 @ BAEAETEHEEEE RHTES ML K
(GCO) I % % 4 W %
" BARERM T LIAERFE NI 15 815k M4, i &
4 ERHES

R T XM ETAT T NG AT VAL BTN BE R 2
FEA AT I A FF UG 48 1 JE AT 5080, I 58 0 48— 1 ¥4 4
B PP B B P Al . AR B T A g AR B R AT AR
3 F EUR B w R BR 4

1) Market1501555 ¥4 42 & 2015 4E# 1 I 28 IF B9 K LA
FFNERBEIEE ., ot 5 A mERE LA 1 AT
B3R RN 1501 47 AR 32668 Tk ER . R F TARiC
FEA S g DPM™ 30 5 Ff 5 20 7R AT A A U AE

2) DukeMTMC-ReID! " HC i 4 JE — A4~ R HLE AR iC B9 2 B
PR 2 BGHAT IR A . IR T — A 8 MR
HILIC 37 19 7 20 K A 5 3 A IR A LA 7 000 24 SRR
UL A RS L 2700 A A5 1812 A ARFEAT AR
Sk 36441 TR BEIR R A9 K/NARE R F TAREAT A
I AE

3HIMSMT174 ¥ df 42 2 4E CVPR2018 £ b AR 1) — A4
BIEEL AT R RBEIRE. ME T 28R . 2B,

12 A FAMEBSL A 3 A s NG L L 4101 A~ ARRAT
AHY 126441 5K KM B IR EHR B R/ E R AT A A 3k
2% Faster R-CNNYbRAAT AR MAE . 12 £ 4 45 2 B w47
U0 B A A T AT N R T T R d 22 1 B0 4 L A EL R
W S W OGRS B R B R TR
Z 35, I ELAB S 3 2 A it e] BOG IR L i A7 LRI
GERIE AR SCER XL T O AR 45 0 38 19 35 AT N F IR O
2, IBEHY B PAT B BE AR B R B T O AR S I O v 2R AT 40
Y. ERNBT RS LN FW L, FEATHETREL
9 Az 5 1 K 22 DA R i F TR 45 4 2 20 1 5 ik 81 n R D i T
BRSS9 S T A S A AT T R
PRAR B RG R S0, DN RR AT 2 78 2 20 FAE LR 2% >0 W3 28 5 vk xf
A CAEHEAT LR % 43 B 3 28 5 1 7 32 0 AT A 3 TR 8K
HE4E Duke-to-Market UL H e, RERETHWMEN
A 0 W B Bk A AT A FEARIMT: 45 B O — R BB R
AR X Oh AR 2 28 BV 00 A0 3T L 22 R R A 1 g DA B Bk
T ERZ5 2% 2 B TR L IR R B B . 76X 3T Ph i 4



80

Com puter Science

THEPLEE Vol 51,No. 1,Jan. 2024

¥4 T M O T TR S S R R AT LR B A
FRATTIN Ay 27 00 i T Py b 2 014 4RI 1 35 1 A7 N T BRI B Y 3
it B SR T LR [ R

D Db 26 A R B BT . T 2 3 A DR A 48 A B ik
FERIERR L LRI . ARV AT LU 2 5T 19
FARE VL B 2o 3R 2 Bk IR A T BY A R X Oh b 25 2R R T
W5,

D Z W Z ARk, H RS A 8T PRk 2 4
7 ¥k 2R P B Sk B b el A 2 I 2 5 e A L B IR ek
FI b R A AE — 52 84 ) B BIVASS 250 % P 450 1% 2 38 BB 00 R Bk, I
i EL A At 2 SR T 22 YRR A B AR B I 25 0 vk L O BB I
A5 — 5 MR 22 IR Y Rl SRR DL 2 F AR A 1 O SR
VIEARBT 5

3)H T I 2 T Y SR8 3G AT NP A T . B
TR 2 35 SR LI G o 254 . B AT R4 48 B 5 AT
N T PR B 0 T S e T A AR 2 IR 4 114 T i T [T 8 AR R 9%
BT . P TR IR 2% RE A8 AT 02 ST ARG 4 AL O B 1
B BRIBCRI R 4 P 25 A B v R AR E AR, B RTE A
T (08 T3 1P 2 BRI 2% L T [ 56 3% o AT I 26 1 45 LA B A 5
B AE R U A B, PRIk T P T B Ol AT AR B
ERARKM 5= 16,

OFELAT NERBBA R BT, AR T bR 2 A5 B
TR AT AT PN TT Ik AR 222 ) & 2L B 2 T o I R I 1)
K i 23 AV RR L (H 32 52 37 5 0 S I AT — 8 3R L 7R S BR
T3 FH HRATS 6 325 S i o AT A B A AL 5 AT N EE RS, Btk a0
el BE T Ak G Y 7 2 SE AT N T TR 2R e A R SRR i AT 5
EP SR p AL

2 % X M

[1] ZHENG L,YANG Y,HAUPTMANN A G. Person Re-Identifi-
cation: Past,Present and Future[J]. arXiv:1610. 02984,2016.

[2] LIN Y.ZHENG L,ZHENG Z,et al. Improving Person Re-Iden-
tification by Attribute and Identity Learning[ ]J]. Pattern Recog-
nition,2019,95:151-161.

[3] LI W,ZHU X,GONG S. Harmonious Attention Network for
Person Re-Identification[ C] // Proceedings of the IEEE Confe-
rence on Computer Vision and Pattern Recognition. 2018.2285-
2294.

[4] YEM,SHEN J,LIN G,et al. Deep Learning for Person Re-Iden-
tification: A Survey and Outlook[J]. IEEE Transactions on Pat-
tern Analysis and Machine Intelligence, 2021, 44 (6) . 2872-
2893.

[5] ZHENG Z,ZHENG L,YANG Y. Unlabeled Samples Generated
by Gan Improve the Person Re-Identification Baseline in Vitro
[C] // Proceedings of the IEEE International Conference on
Computer Vision, 2017:3754-3762.

[6] XIAO W. Research on domain adaptive pedestrian re-identifica-
tion based on deep learning [ D]. Wuhan: Huazhong University
of Science and Technology,2021.

[7] WANG M,DENG W. Deep Visual Domain Adaptation: A Sur-
vey[J]. Neurocomputing,2018,312:135-153

(8]

(9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

LONG M,ZHU H,WANG J,et al. Unsupervised Domain Adap-
tation with Residual Transfer Networks[ J]. Advances in Neural
Information Processing Systems,2016,31:3073-3086.

GANIN Y,LEMPITSKY V. Unsupervised Domain Adaptation
by Backpropagation[ C] // International Conference on Machine
Learning. 2015:1180-1189.

SAITO K,WATANABE K,USHIKU Y,et al. Maximum Clas-
sifier Discrepancy for Unsupervised Domain Adaptation[ C] //
Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition,2018:3723-3732.

ZHAN F,ZHANG C. Spatial-Aware Gan for Unsupervised Per-
son Re-Identification[ C] // 2020 25th International Conference
on Pattern Recognition(ICPR),2021:6889-6896.

TANG H,ZHAO Y,LU H. Unsupervised Person Re-Identifica-
tionwith Iterative Self-Supervised Domain Adaptation[ C] // Pro-
ceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition Workshops. 2019:1536-1543.

ZHOU S,KE M, LUO P. Multi-Camera Transfer Gan for Per-
son Re-Identification[ ] ]. Journal of Visual Communication and
Image Representation,2019,59:393-400.

DENG W,ZHENG L, YE Q,et al. Image-Image Domain Adap-
tation with Preserved Self-Similarity and Domain-Dissimilarity
for Person Re-Identification[ C] // Proceedings of the IEEE Con-
ference on Computer Vision and Pattern Recognition. 2018:994-
1003.

JIANG Y,CHEN W, SUN X, et al. Exploring the Quality of
Gan Generated Images for Person Re-Identification[ C] // Pro-
ceedings of the 29th ACM International Conference on Multime-
dia. 2021:4146-4155.

VERMA A,SUBRAMANYAM A,WANG Z,et al. Unsuper-
vised Domain Adaptation for Person Re-Identification Via Indi-
vidual-Preserving and Environmental-Switching Cyclic Genera-
tion[]]. IEEE Transactions on Multimedia,2021:364-377.
HOFFMAN J,TZENG E,PARK T,et al. Cycada:Cycle-Cons-
istent Adversarial Domain Adaptation[ C] // International Con-
ference on Machine Learning. 2018:1989-1998.

BOUSMALIS K, SILBERMAN N, DOHAN D, et al. Unsuper-
vised Pixel-Level Domain Adaptation with Generative Adversa-
rial Networks [ C] // Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition. 2017:3722-3731.
WEI L,ZHANG S,GAO W,et al. Person Transfer Gan to
Bridge Domain Gap for Person Re-Identification[ C] // Procee-
dings of the IEEE Conference on Computer Vision and Pattern
Recognition. 2018:79-88.

ZHONG Z,ZHENG L, LI S, et al. Generalizing a Person Re-
trieval Model Hetero-and Homogeneously[ C] // Proceedings of
the European Conference on Computer Vision (ECCV). 2018
172-188.

ZHU M,MING Z Q,YAN J R, et al. A Review of Research on
Person Re-Identification Methods Based on Generative Adver-
sarial Networks [J]. Journal of Computer-Aided Design &. Com-
puter Graphics/Jisuanji Fuzhu Sheji Yu Tuxingxue Xuebao,
2022,34(2):163-179.

LUO C,SONG C,ZHANG Z. Generalizing Person Re-Identifica-



SRR L A B T P AR A8 Y JC B SR B 3 AT N U AT ST 2 5k

81

[23]

[24]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

tion by Camera-Aware Invariance Learning and Cross-Domain
Mixup[ C]// Computer Vision-ECCV 2020:16th European Con-
ference, Glasgow, UK, Part XV 16.2020:224-241.

ZHONG Z,ZHENG L,LUO Z,et al. Invariance Matters: Exem-
plar Memory for Domain Adaptive Person Re-Identification
[C]// Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition. 2019:598-607.

LEE D H. Pseudo-Label: The Simple and Efficient Semi-Super-
vised Learning Method for Deep Neural Networks[ C]// Work-
shop on Challenges in Representation Learning, ICML. 2013
896.

HE K.ZHANG X,REN S.,et al. Deep Residual Learning for
Image Recognition[ C] // Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition. 2016:770-778.

LIN X,REN P.YEH C H,et al. Unsupervised Person Re-Iden-
tification; A Systematic Survey of Challenges and Solutions[ ] ].
arxiv:2109. 06057,2021.

ZOU G F,FU J X,GAO M L,et al. Research Progress on Me-
tric Learning Methods in Person Re-Identification []J]. Control
and Decision,2021,36(7):1547-1557.

GROSSMANN V,SCHMARJE L,KOCH R. Beyond Hard La-
bels: Investigating Data Label Distributions[]]. arXiv: 2207.
06224,2022.

XIE Q,LUONG M T,HOVY E.,et al. Self-Training with Noisy
Student Improves Imagenet Classification[ C] // Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern
Recognition. 2020:10687-10698.

ZOU Y.YU Z,LIU X,et al. Confidence Regularized Self-Trai-
ning[ C] // Proceedings ofthe IEEE/CVF International Confer-
ence on Computer Vision. 2019:5982-5991.

SOHN K,BERTHELOT D,CARLINI N,et al. Fixmatch: Sim-
plifying Semi-Supervised Learning with Consistency and Confi-
dence[ J]. Advances in Neural Information Processing Systems.,
2020,33:596-608.

WENG W, WEI B,KE W, et al. Learning Label-Specific Fea-
tures with Global and Local Label Correlation for Multi-Label
Classification[ J]. Applied Intelligence,2023,53(3) :3017-3033.
ZHAO T,ZHANG Y,PEDRYCZ W. Robust Multi-Label Clas-
sification with Enhanced Global and Local Label Correlation[ ] ].
Mathematics,2022,10(11) :1871.

ZHU Y,.KWOK ] T,ZHOU Z H. Multi-Label Learning with
Global and Local Label Correlation[ J]. IEEE Transactions on
Knowledge and Data Engineering,2017,30(6):1081-1094.

SUN W,SONG Y,CHEN C,et al. Face Spoofing Detection
Based on Local Ternary Label Supervision in Fully Convolu-
tional Networks[ J]. IEEE Transactions on Information Foren-
sics and Security,2020,15:3181-3196.

SUN G J,LIU J,LIU L Y. Research on Clustering Algorithms
[JJ. Journal of Software,2008,19(1):48-61.

MADHULATHA T S. An Overview on Clustering Methods
[J7. arXiv:1205. 1117.2012.

OMRAN M G,ENGELBRECHT A P,SALMAN A. An Over-
view of Clustering Methods[ J]. Intelligent Data Analysis,2007,
11(6) :583-605.

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

[50]

[51]

[52]

[53]

ESTER M,KRIEGEL H P,SANDER J,et al. A Density-Based
Algorithm for Discovering Clusters in Large Spatial Databases
with Noise[ C]/KDD. 1996:226-231.

LIN Y,DONG X,ZHENG L,et al. A Bottom-up Clustering Ap-
proach to Unsupervised Person Re-Identification[ C] // Procee-
dings of the AAAI Conference on Artificial Intelligence. 2019:
8738-8745.

MOHANTY A.,BANERJEE B, VELMURUGAN R. Ssmtreid-
Net: Multi-Target Unsupervised Domain Adaptation for Person
Re-Tdentification [ J ]. Pattern Recognition Letters, 2022,163;
40-46.

REMIGEREAU F,MEKHAZNI D,ABDOLI S.et al. Know-
ledge Distillation for Multi-Target Domain Adaptation in Real-
Time Person Re-Identification [ C] // 2022 IEEE International
Conference on Image Processing(ICIP). 2022.3853-3557.
SONG L,WANG C,ZHANG L.et al. Unsupervised Domain
Adaptive Re-Identification: Theory and Practice [ ] ]. Pattern
Recognition,2020,102:107173.

TANG C,XUE D,CHEN D. Multi-Level Mutual Supervision
for Cross-Domain Person Re-Identification[ ] ]. Journal of Visual
Communication and Image Representation,2022,89:103674.
ZHANG X,CAO J,SHEN C,et al. Self-Training with Progres-
sive Augmentation for Unsupervised Cross-Domain Person Re-
Identification[ C] // Proceedings of the IEEE/CVF International
Conference on Computer Vision. 2019.:8222-8231.
MACQUEEN ]J. Some Methods for Classification and Analysis
of Multivariate Observations [ C] // Proceedings of the fifth
Berkeley Symposium on Mathematical Statistics and Probabi-
lity. 1967.281-297.

FAN H.ZHENG L.YAN C,et al. Unsupervised Person Re-
Identification; Clustering and Fine-Tuning[]J]. ACM Transac-
tions on Multimedia Computing, Communications, and Applica-
tions(TOMM) ,2018,14(4) :1-18.

WU J,LIAO S, WANG X, et al. Clustering and Dynamic Sam-
pling Based Unsupervised Domain Adaptation for Person Re-
Identification[ C] /2019 IEEE International Conference on Mul-
timedia and Expo(ICME). 2019:886-891.

WANG R.YAN J.YANG X. Graduated Assignment for Joint
Multi-Graph Matching and Clustering with Application to Un-
supervised Graph Matching Network Learning[ ]]. Advances in
Neural Information Processing Systems,2020,33:19908-19919.
GAO S,WANG J,LU H.et al. Pose-Guided Visible Part Ma-
tching for Occluded Person Reid[ C] // Proceedings of the IEEE/
CVF Conference on Computer Vision and Pattern Recognition.
2020:11744-11752.

GUO W,ZHANG L, TU S, et al. Self-Supervised Bidirectional
Learning for Graph Matching[ C] // Proceedings of the AAAI
Conference on Artificial Intelligence. 2023:7784-7792.

YE M,MA A J,ZHENG L,et al. Dynamic Label Graph Ma-
tching for Unsupervised Video Re-Identification[ C]J // Procee-
dings of the IEEE International Conference on Computer Vi-
sion. 2017.:5142-5150.

CAETANO T S, MCAULEY J J,CHENG L, et al. Learning
Graph Matching [ J]. IEEE Transactions on Pattern Analysis



82

THEPLEE Vol 51,No. 1,Jan. 2024

Com puter Science

[56]

[57]

[58]

[60]

[61]

[62]

[63]

[64]

[65]

[66]

[67]

[68]

[69]

and Machine Intelligence,2009,31(6) :1048-1058.

LIVI L,RIZZI A.The Graph Matching Problem []J]. Pattern
Analysis and Applications,2013,16:253-283.

XU K, HUW, LESKOVEC ], et al. How Powerful Are Graph
Neural Networks? [J]. arXiv:1810. 00826,2018.

ZHOU J,CUI G, HU S, et al. Graph Neural Networks: A Re-
view of Methods and Applications[]J]. Al Open,2020,1:57-81.
SCARSELLI F,GORI M, TSOI A C.,et al. The Graph Neural
Network Model[ J]. IEEE Transactions on Neural Networks,
2008,20(1) :61-80.

FENG H.CHEN M, HU J.,et al. Complementary Pseudo Labels
for Unsupervised Domain Adaptation on Person Re-Identifica-
tion[ ] ]. IEEE Transactions on Image Processing, 2021, 30:
2898-2907.

ZHONG Z,ZHENG L,LUO Z,et al. Learning to Adapt Inva-
riance in Memory for Person Re-Identification[ J]. IEEE Tran-
sactions on Pattern Analysis and Machine Intelligence, 2020,
43(8):2723-2738.

FU Y,WEI Y,WANG G,et al. Self-Similarity Grouping: A Sim-
ple Unsupervised Cross Domain Adaptation Approach for Per-
son Re-Identification[ C] // proceedings of the IEEE/CVF Inter-
national Conference on Computer Vision. 2019:6112-6121.
YANG F, LI K,ZHONG Z, et al. Asymmetric Co-Teachingfor
Unsupervised Cross-Domain Person Re-Identification[ C]// Pro-
ceedings of the AAAI Conference on Artificial Intelligence.
2020:12597-12604.

ZHATY,LU S.YE Q.et al. Ad-Cluster: Augmented Discrimina-
tive Clustering for Domain Adaptive Person Re-Identification
[C]// Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition. 2020:9021-9030.

HUANG Y,PENG P,JIN Y,et al. Domain Adaptive Attention
Model for Unsupervised Cross-Domain Person Re-Identification
[JJ. arXiv:1905. 10529,2019

ZHAO F,LIAO S,XIE G S,et al. Unsupervised Domain Adap-
tation with Noise Resistible Mutual-Training for Person Re-I-
dentification[ C] // Computer Vision—ECCV 2020:16th Europe-
an Conference. Glasgow, UK,2020:526-544.

GE Y,CHEN D,LI H.Mutual Mean-Teaching:Pseudo Label
Refinery for Unsupervised Domain Adaptation on Person Re-
Identification[ J]. arXiv:2001. 01526,2020.

CHEN S,FAN Z,YIN J. Pseudo Label Based on Multiple Clus-
tering for Unsupervised Cross-Domain Person Re-Identification
[J]. IEEE Signal Processing Letters,2020,27:1460-1464.

LI J.ZHANG S. Joint Visual and Temporal Consistency for Un-
supervised Domain Adaptive Person Re-Identification [ C] //
Computer Vision-ECCV 2020:16th European Conference. Glas-
gow, UK,2020:483-499.

ZHENG K,LIU W, HE L,et al. Group-Aware Label Transfer
for Domain Adaptive Person Re-Identification C]// Proceedings
of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition. 2021:5310-5319.

LIU X,ZHANG S. Graph Consistency Based Mean-Teaching for
Unsupervised Domain Adaptive Person Re-Identification [ ] ].

arXiv:2105. 04776,2021.

[70]

[71]

[72]

[73]

[74]

[75]

[76]

[77]

[78]

[79]

[80]

[81]

[82]

[83]

[84]

LI Y,YAO H,XU C. Test: Triplet Ensemble Student-Teacher
Model for Unsupervised Person Re-Identification [ J]. IEEE
Transactionson Image Processing,2021,30:7952-7963.
HUANG D.ZHANG L,DIAO Q.et al. Asymmetric Mutual
Learning for Unsupervised Cross-Domain Person Re-Identifica-
tion[C]// Trends in Artificial Intelligence: 18th Pacific Rim In-
ternational Conference on Artificial Intelligence(PRICAT 2021).
Hanoi, Vietnam, 2021 :124-137.

ZHENG K,LAN C,ZENG W, et al. Exploiting Sample Uncer-
tainty for Domain Adaptive Person Re-Identification[ C] // Pro-
ceedings of the AAAI Conference on Artificial Intelligence.
2021:3538-3546.

HOU H,ZHOU Y,ZHAO J,et al. Unsupervised Cross-Domain
Person Re-Identification with Self-Attention and Joint-Flexible
Optimization[ J ]. Image and Vision Computing, 2021, 111:
104191.

YU S, WANG S. Consistency Mean-Teaching for Unsupervised
Domain Adaptive Person Re-Identification[ C]// 2022 the 5th In-
ternational Conference
(ICIGP). 2022:159-166.
WANG W,ZHAO F,LIAO S,et al. Attentive Waveblock: Com-

on Image and Graphics Processing

plementarity-Enhanced Mutual Networks for Unsupervised Do-
main Adaptation in Person Re-Identification and Beyond[]].
IEEE Transactions on Image Processing,2022,31:1532-1544.
TAO Y,ZHANG J,HONG ]J,et al. Dreamt: Diversity Enlarged
Mutual Teaching for Unsupervised Domain Adaptive Person Re-
Identifcation[ ] ]. IEEE Transactions on Multimedia, 2022, 25
4586-4597.

HE T,SHEN L, GUO Y, et al. Secret: Sel{-Consistent Pseudo
Label Refinement for Unsupervised Domain Adaptive Person
Re-Identification[ C] // Proceedings of the AAAI Conference on
Artificial Intelligence. 2022 :879-887.

CHEN Z,CUI Z,ZHANG C,et al. Dual Clustering Co-Teaching
with Consistent Sample Mining for Unsupervised Person Re-
Identification[ ] ]. IEEE Transactions on Circuits and Systems
for Video Technology,2023,33:5908-5920.

WANG H,YANG M, LIU J,et al. Pseudo-Label Noise Preven-
tion, Suppression and Softening for Unsupervised Person Re-
Identification[ J]. IEEE Transactions on Information Forensics
and Security,2023,18:3222-3237.

WANG X L. A Review of Label Noise Learning Algorithms[]].
Computer System Applications,2021,30(1):10-18.

HINTON G,VINYALS O,DEAN ]J. Distilling the Knowledge
in a Neural Network[]]. arXiv:1503. 02531,2015.

CHEN P,LIU S,ZHAO H,et al. Distilling Knowledge Via
Knowledge Review[ C] // Proceedings of the IEEE/CVF Confe-
rence on Computer Vision and Pattern Recognition. 2021 :5008-
5017.

KUMAR M,PACKER B, KOLLER D. Self-Paced Learning for
Latent Variable Models[]J]. Advances in Neural Information
Processing Systems,2010,23:1-9.

WANG G.,YUAN Y,CHEN X, et al. Learning Discriminative
Features with Multiple Granularities for Person Re-Identifica-

tion[ C]J // Proceedings of the 26th ACM International Confe-



SRR L A B T P AR A8 Y JC B SR B 3 AT N U AT ST 2 5k

83

[86]

[87]

[88]

[89]

[90]

[91]

[92]

rence on Multimedia. 2018 .:274-282.

YANG W, ZHANG D. Unsupervised Person Re-Identification
by Part-Compensated Soft Multi-Label Learning[J]. IET Image
Processing,2022,16(7) :2012-2024.

TAY C P, YAP K H. Collaborative Learning Mutual Network
for Domain Adaptation in Person Re-Identification[ ] ]. Neural
Computing and Applications,2022,34(14) :12211-12222.

TU Y. Domain Camera Adaptation and Collaborative Multiple
Feature Clustering for Unsupervised Person Re-1d[C] // Pro-
ceedings of the 3rd International Workshop on Human-Centric
Multimedia Analysis. 2022:51-59.

ZHENG L,SHEN L, TIAN L,et al. Scalable Person Re-Identi-
fication: A Benchmark[ C] // Proceedings of the IEEE Interna-
tional Conference on Computer Vision,2015:1116-1124.
SANTINI S, JAIN R. Similarity Measures[]J]. IEEE Transac-
tions on Pattern Analysis and Machine Intelligence, 1999,
21(9):871-883.

CHENG D, LI J, KOU Q, et al. H-Net: Unsupervised Domain
Adaptation Person Re-Identification Network Based on Hierar-
chy[J]. Image and Vision Computing,2022,124:104493.
CHEN G,LU Y,LU J,et al. Deep Credible Metric Learning for
Unsupervised Domain Adaptation Person Re-Identification
[C]//Computer Vision — ECCV 2020: 16th European Confe-
rence. Glasgow, UK, 2020:643-659.

WANG D,ZHANG S. Unsupervised Person Re-Identification
Via Multi-Label Classification[ C] // Proceedings of the IEEE/
CVF Conference on Computer Vision and Pattern Recognition.

2020:10981-10990.

[93] FELZENSZWALB P F,GIRSHICK R B,MCALLESTER D,

[94]

[95

]

et al. Object Detection with Discriminatively Trained Part-Based
Models[ J]. IEEE Transactions on Pattern Analysis and Machine
Intelligence,2009,32(9) : 1627-1645.

ZHONG Z,ZHENG L,CAO D,et al. Re-Ranking Person Re-
Identification with K-Reciprocal Encoding[ C] // Proceedings of
the IEEE Conference on Computer Vision and Pattern Recogni-
tion, 2017:1318-1327.

REN S,HE K,GIRSHICK R,et al.Faster R-Cnn:Towards
Real-Time Object Detection with Region Proposal Networks
[J]. Advances in Neural Information Processing Systems, 2015,

28(39):1137-1149.

JING Yeyiran, born in 1999, postgra-
of CCF (No.

duate, is a member

=
-

D5389G). Her main research intertests

include big data and cloud computing.

YU Zeng, born in 1983, Ph.D, assistant
researcher, is a member of CCF (No.

(C3378M). His main research interests

include data mining, deep lear-ning and

computer vision.

(GUAL G 3 2 W)



