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Abstract: The task of unsupervised domain adaptation for person re-identification (UDA-RelD) is to transfer knowledge
from the marked source domain to the unmarked target domain. Compared with the traditional single-source domain adapta-

tion, it is a more challenging task to transfer multi-source domain knowledge to the target domain. Due to the gap between
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different domains, the simple combination of multiple datasets can only be improved limited. To solve this problem, a

multi-domain contrastive learning method based on exact feature distribution matching and multi-domain information fusion

(MFMCL) was proposed. This method firstly extracted the features of data in different domains based on the self-paced

contrastive learning with hybrid memory, and constructed the knowledge graph based on the extracted features, and then

fused the multi-domain features through the two-layer residual graph convolution network. In addition, in order to enhance

the cross distribution features between different domains and generate more abundant image style information, the exact

feature distribution matching was realized by accurate histogram matching based on sorting algorithm, so as to obtain more

diversified feature enhancement. Compared with the advanced UDA-RelD methods, the experimental results show that our

proposed MFMCL method achieves the best performance on the widely used RelD datasets Market1501, MSMT17 and

Duke.

Key words: person re-identification; unsupervised domain adaptation; exact feature distribution matching; multi-domain

information fusion; graph convolution network
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(10), Hrfm, =m,=0.2.
4.3 HRLLIG

AN 3 51 LA Market1501 . MSMT17 F1 Duke /£
Sy il S 56 v TG A v R I B 4R L DASGIE 7R AR SC
JTH H 1 3 RS A REAE 23 A7 DT C AN 2 885 B Rl
B Z2 DRI H 2 2 A AU 22 U R 1 5 B AT AN EE R
SR P RE RS2 o R 201 VA K D B S 2
) 245 A5 70 A Ay SI2 0 ) iR SR 2R LAY 92 i M-SpCL.,
FERFAF $2 B 25 52 J2 18 A EFDM 2517 G RFAiF 3
58, SR G TERHIE SR HUG R 5% 25 GCN #1725l B
Al I B e A et S A AR R 1 R .

F 1, “MSMT17+CUHKO3->Market1501" /&35
MSMT17 A1 CUHKO3 A 5, , Market 1501 Sy H b,
HRZEM. WEIPTLIE B, 5] AR M-SpCL+
EFDM , M-SpCLA+MDIF # L 3 26 #5275 M-SpCL B A7
TF A PERE B2 1 B9 MEMCL BJ [ B il 4 7 53 19
XF LA IR R RCR T 2 . Bk UL, B2 i
# MFMCL 5 M-SpCL #H Lt , 7 Market1501 45 4E I
mAP T T 0. 7%, rank-1$2F+ T 0. 8%; 7 MSMT17
BARE F mAPIETF T 1. 9%, rank-1327F 1 1. 8% ; 7E
Duke #( & £ I mAP $2 F+ T 1. 0%, rank-1 $2 J+ T
1.9%. W] LIS 4518, B 2%, EFDM 78 2 I 800 e
) RS AR R BRI VR T, B AR A LE I it

TRE T 2 REC AR B o HOR R T
GCN 1 22 35 LR O s, 0T b2 > B B8 %o
PEICE Y Z IR E BT RS, Dol B A PR
5, PR T R A A 15 ) B A T MFMCL Y
LI 2 I MBS T SRR RE
4.4 FPEEIE

kT I UE JIT B 1% 56 RS 6 R A 43 A D C A
L3 {5 B A 22 PR 2 ST AR A AR
H 543 UDA-RelD J5 % MMTY [ SpCL* (GLT™ |
ML META!" Jz UMSDA™ 47 ek, Fe2dhsh
AR A I A SE 1 Y UDA-RelD 7
X L 25 2 o

H 2R 2 AT LUE ), 5 Uk e A4 PR AE 09 Sl 1 v
GLT A Lt , A Market1501 A I3 45040 42 1, 42 11 A9
MFMCL 43 5 7£ mAP Fl rank-1 |42 5 7 2. 4% Hl
1. 6% ; LA MSMT17 S I3 25 4l 42 B, 32 Hh i 7 3 4
GIHE mAP Fllvank-1 _F3E5 T 4. 6% F13. 1% LA Duke
Sy R AR B, 5 R B A GE Y 1 SpCLAH L,
P 50 W AE mAP Al rank-1 L4255 T 2. 3% Al
2.3%. IAN, LA MSMT17 Fil CUHKO3 i35k , Mar-
ket1501 2y HARBET , 5 U AR M BE i 2 5 Bl B 7Y
UMSDA A It , 32 i MFMCL 7£ mAP Fl rank-1 |43 1]
& 0. 4% F1 1. 6% Lk Market1501 F1 CUHKO3 i

#£1 RN R(%)

Tab. 1

Recognition results(% )

Sk MSMT17+CUHKO3->Market1501
mAP R-1 R-5 R-10 mAP

Market1501+CUHKO03->MSMT17

Market1501+CUHKO3->Duke
R-1 R-5 R-10 mAP R-1 R-5 R-10

M-SpCL 89.3 93.0 96.2 97.0 37.0
M-SpCL+EFDM  89.5 93.6 96.3 97.3 37.6
M-SpCL+MDIF  89.4 93.3 96.3 97.0 38.5

MFMCL 90.0 93.8 96.7 97.5 38.9

63.1 70.7 74.3 80.4 85.0 91.6 93.6
63.9 72.2 74.7 80.6 85.9 91.7 93.7
63.5 71.3 74.8 80.8 85.9 91.7 93.6
64.9 73.0 76.3 81.4 86.9 92.2 93.7

F2 Kl UDA-RelD Jrig iR A2 R (%)
Tab.2 Recognition results of different UDA-RelD methods (%)

Tk MSMT17->Market1501 Market1501->MSMT17 Market1501->Duke
PR mAP R-1 R-5 R-10 mAP R-1 R-5 R-10  mAP R-1 R-5 R-10
MMT 86.7 90.7 95.0 96.7 34.5 57.2 66.3 70.6 77.6 81.4 87.8 91.1
SpCL 87.2 91.4 95.5 96.8 34.6 60.6 68.9 72.7 79.1 84.6 904 926
GLT 87.6 92.2 96.0 96.9 34.3 61.8 69.3 73.1 79.0  83.8 904 927
EA89 MSMT17+CUHKO03->Market1501 Market1501+CUHKO03->MSMT17 Market1501+CUHKO3->Duke
ML 66.8 78.5 85.9 88.6 13.8 27.7 37.1 41.9 43.3 539 647 68.9
META 67.3 80.4 87.8 91.4 25.2 48.1 57.7 62.6 59.3 692 785 82.7
UMSDA 89.6 92.2 95.6 96.6 23.6 43.5 52.2 56.8 76.7 81.9 87.8 90.6

MFMCL 90.0 93.8 96.7 97.5 38.9

64.9 73.0 76.3 81.4 86.9 92.2 93.6
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539 %

B, MSMT17 2 H bR BT, 5 U0 AR 1 22 U5 el A5 75
META A Eb , $ i 89 77 75 7F mAP Fll vank-1 _F 5351 5
1 13. 7% 1 16. 8%; Lk Market1501 F1 CUHKO3 Jy
1, Duke Jy H A5 38 HT , 5 0k i A 19 22 U8 39 455 A
UMSDA A Lt , 48 H3 19 77 35 78 mAP Fl rank-1 | 43 ]
4. 7% M1 5. 0% , = A 7 B0 F 2 R8T 451
NEPEEE SR BVASRU, AR SCHE T [ 25X L2 2] SR
JI AR 1 5 TORG B REAE 43 A1 DT TRC AN 2 S0 R Rl
1) 22 PG IO0T LAy 2] B0 A e M TRUNDRG B L RI
TESRAPERE, TR T B B Tk

5 #ig

AR SCEE X Z U830 A 18 AT NE USSR
T — I TR B R AR 43 A DT G RN 2 3005 BRl A
Z RSN e 2T RE SR . S T R RS H AR
A& SUFFAEDE AL, 48 1 R HRG B SRR AE 20 A DT C 5 36
SR L S = e 0 A € B s A TR & 1 A LT
DLSEEL T Z R AL B RRAE 3G 5 . I S T RS
W 26 1) Z2 3l A B Al T ik e — 2 N S L )
A KRR ARAR 1Y B bR 19 P bR 25 A
NIR A ISR, 3 L e e 2 2T i 2k
LR AL B3 . I )5, 7€ JF K RelD %4 48 4E Mar-
ket1501 MSMT17 1 Duke F3EFT T FEZH 491 filt 52 56
FUXF LE S5 . S ue 25 AR R BT, 452 1 1) MFMCL J5 v
WS T 2RI A IS N AT A E IR B ERE
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