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Abstract Unsupervised cross-domain transfer learning is an extremely important task in person re-identification
(ReID). Given a labeled source domain and an unlabeled target domain, the key to the unsupervised cross-domain
transfer learning is to transfer the knowledge from the source domain to the target domain as much as possible.
However, current cross-domain transfer learning methods cannot obtain desired performance because they ignore the
distribution differences between different views within domains. Therefore, we propose a new problem of view-based
asymmetric cross-domain transfer learning for RelD. To address this problem, we propose a novel transfer learning
method based on the many-to-many generative adversarial network (M2M-GAN). The M2M-GAN embeds source
view labels and target view labels as the guide information, and adds view classifiers to identify different view distri-
butions, so that the model can automatically adopt different transferring ways according to different source views or
target views. Experiments on three RelD benchmark datasets Market1501, DukeMTMC-reID and MSMT17 verify
that the proposed method can improve the performance of transfer learning and achieve higher recognition rate of
unsupervised cross-domain RelD.

Key words Person re-identification, many-to-many cross-domain transfer learning, unsupervised transfer learning,
generative adversarial network
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Table 1  Matching rates of different style translation

methods on the Market1501 dataset (%)

L DukeMTMC-reID MSMT17
Tk (ISR ER)
Rank1 mAP Rank1 mAP
Pre-training 50.4 23.6 51.5 25.5
CycleGAN 474 21.5 46.1 21.1
M2M-GAN (£3) 59.1 29.6 57.9 28.8

% (“Pre-training”) ® Rt 2, XUl HFFA LA
TR EIEH R R BRI T, BRI R Bk Re 450
SRR FN R IE R B B AR, (H AR IT R I AR T R
GBI AT %2 B S Fr AR R ) AR s
b (B 7)), 2 RMAERE R ER T 87 N5
B, AR E R AT AR e AE L
PRARAS M. A FH X Se 45 2k T A 4B 5 BRI B
K, 22 BRARMIAY 52 S AT N H 0 P R AIE 1) R
B —J71, B K& TR iR m i A0t H AR
(R A BE . BT DAXUA IE 7 BV R 1R T (e %k
FEER) WAL (TRIEFTHEEER), 1
T K T 401 2K B #8 HE 4 Re b G AT 7% B 1 AL
T

FET SRRV ZRmf Rl AN Y B8 0 bl 3 2
FEANFJTIAE Market 1501 HdE 42 b (1125 7] A
BRI ZH RN L, IREHR S8 DukeMTMC-relD %
P AT NFFIE 5 S M 25 02 58— FEI, T DA R 757
X EEAE T B 483X — B B K 2 1 “CycleGAN”
“M2M-GAN” [ & LRI SCERE— 8. “M x N
CycleGAN” @A & B 1 FHESLES, 78 “CycleG-
ANY B:il FERE T 2 A A, R AR H bR



134 BRI BT 20 2 R B PR 2% R AR FRES ST # AT N R 115

(a) Market1501 845 &6 ML L B A
(a) Real images from 6 views of Market1501

AR AR (6N HLA)

(¢) MSMT17—Market1501

7 HAREE ST R 3 Market 085 42 10 AT 9040451
Fig.7 Visual examples of translations from other
datasets to the Market1501 dataset

AR 1 A AR ) Sk — AR O TR 4. R 2
AT, “M x N CycleGAN” F1 “M2M-GAN”#BfE
PR R, Ul B X FROE R 0 B B (H
A AR 2R, “M2M-GAN” A4 /b H4h,
“M2M-GAN"HEMZBE =T “M x N CycleGAN”,
T BH () B FH 22 06040 A 456 000 1 25 L st 8% 6 A0
FA2H G B I 25 Be R FH A IR0 AR s 2 18] (R AH 5%
P, AR RO AT

T BGAEAS [RIRE R () B B FRATTEE AT T

£ 2 ANEIJTEELE Market1501 F¥E4E F K2R A]
IR S 4

Table 2  Training time and model parameters of
different methods on the Market1501 dataset
Jiik G 1] TR S A Rankl (%)
CycleGAN 16 h 106.3 M 474
M xN CycleGAN 14 hx8x6 106.3 M x8x6 58.0
M2M-GAN (£30) 17h 106.6 M 59.1

SEUG . A SCAEAG PR A2 B B 2 S Al s in T A A
TN A 2 SR H R B 3 AR AR R (B 1R
FEREELS 25 SR [34)), FAT153 791 56 UE I LA e F 1
H. 3 3 &5 AR B BT AN [R) 1) 9 48 A e ) A 4%
R RNMAT N FE U e 2. A4 2 DukeMT-
MC-relD ##54E, HFrEHEEZ Market1501 £#is
. BT S IR U 5L T B i A I 8 11 5 ik
AT NFRR X A B AR, Bt DAFRATT/E PR B
T SRR R R LA A A RN LA
XPHAMEERHEAT /04, XL 3 IS 1 AT RIS 2 47,
A LI E B PR FF RO EE M. TR 3 AR 2 ~4
AT, AT LUK BSR4 R A A R N BB B A A 29 2
FECER R A B W HE B R, (HHERR R IR T AR . X e
3 3~5 47, AT LA B[R] A5 A A ik N AR
FAIL A 4 AT LIRS B0 2 5 (MR RE 3R . 1X 2
DRI R AR A iR NSO A 1 s 2 0L T B S BN
LA RO A A A T IS 5, AR
Be A5 F A RE S BEAR IO RIR . S 4, WA o 254
KA G AR FE IR IR E AT an 6 frs, 24 A B
BN 0.5~10.0, \o BUE N 50~500 K}, #5178 #E GE
2RI RR AR,

# 3 RFEBERAE Market1501 $dE 4 ERIHER RO (%)

Table 3  Accuracy of different modules on the
Market1501 dataset (%)

o - > —

Mg%i)\ Mggﬁ %fﬁ}lih Rankl AP
X X X 35.7 12.5
X X Vv 47.4 21.5
W x W 48.0 22.0
x Vv v 48.6 22.1
v v v 59.1 29.6

e JE HATiE S H AT et e I AT AR
TEHAT TR EE. RO E R 3 A, BB 1A
Fe T T LAE AR IR B I 79 26 2 R T
REM L E TR, 5 3 HRFETHEHITH ¥ IK
Tk IR TR A B B AR ERE S R
T E S IVEWE. B3k 4 AR, A SCH) D7 VA AE
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F 4 RRELWE I FAE Market1501 FdEE E IR (%)
(JEHIELE N DukeMTMC-relD $#E4E)

Table 4 Matching rates of different unsupervised meth-

ods on the Market1501 dataset (%) (The source dataset

is the DukeMTMC-relD dataset)

RKR i Rankl mAP
) LOMO!™ 27.2 8.0
FLAHE Bow®! 35.8 148
T ERK PULP! 455 205
G B 2 ) CAMEL® 545  26.3
PTGAN® 38.6 —
SPGAN-+LMP# 57.7 267
T TJ-AIDL" 582 26.5
| ARNH 70.2 39.4
M2M-GAN (£30) 59.1 29.6

M2M-GAN (430)+LMP®™  63.1 30.9

Market1501 £ #54E 1] Rank1 i5 %] 63.1%, mAP
K% 30.9%, =T R, Rl s T H 2
TA RSN 5%, A4, TI-AIDL® A T
T NBTEAG B, (BIRAT &5 RARSR iz 7 ik BT
BIRAR LRI KT ARN (Adaptation and re-
identification network)*, {Hf2 A5 ARN £
[ A () AR5 J T 2B RO 0 N 465 1R 3% 28 5 v B
2 S IE R AIAT N BRI 0] 8, A B i XU 3 72 5
Al DL BN B S Rl oA I BT N R AR R
T BT N PR BB R EE M. T DA T A 2 4t
W) 4% 1) i 38 A2 T v L AR BRI R 1 AR R i
se. I H B A AR s R B A BT N U
KA BT, FET A2 5Ok Bt 0 245 (1 B3 4804 T N TR
ST Re 15 B — DR . R, ARSI Y
EEAMET ARN, {HAE & T A2 Xt HT 0 2% (11X —
FT7 AR S B AR, R LA S A S AT
FUUH.
3.3.2 1173 DukeMTMC-relD ¥iEEHISLIGLER

AT S0 1% DukeMTMC-relD B3R 4EE N
Hbrisk, B BRI S S5 5 3.3.1 Tseiese A,

K 8 s M2M-GAN A& Bl B F BIAL o8 R, wT
PLE HAE BB A AE L b 23 T DukeMTMC-
relD HH 45 1 ARG, I B A0 A 10 2E BB R 2 18]
AW ERZEN, FEENLSERFNE 5. LB
DukeMTMC-relID H A R A 1 E FE A
75 5%, iX 5 DukeMTMC-relD ## 5 Sz br i B
Iy A AR

SR G R B RIS AR, R 5 AT LAfS
5 Market BHEESLIRLIFISE . 5 “Pre-train-
ing” fll “CycleGAN"#HLL, “M2M-GAN” A 23 m

=t =) -
(a) DukeMTMC-reI DEHEHES AN A L B
(a) Real images from 8 views of DukeMTMC-reID
AR (8 HLA)
Fi x

NN W

(b) Market—sDukeMTMC-reID

AR (8MHLA)

N N
1 .
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Rz ke e s
g =
F
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(¢) MSMT17—= DukeMTMC-reID
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Fig.8 Visual examples of translations from other
datasets to the DukeMTMC-reID dataset

TAT NF R AR 2.

R RGBT [ R R S E R XS b, 3R 6
AL, “M2M-GAN” B #ER L “CycleGAN” il
“Mx N CycleGAN” =1, T VIl 2 i 8] H1 R 4 2 55 &
HgE T “CycleGAN” | ik T “Mx N CycleG-
AN”. H—REH T “M2M-GAN” H T+ 7R 51
HER R, RIS 75 K I G T 4.

7 RHASLIGEE R, 55 3.3.1 1% Market1501
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£ 5 ANFERMEFE IR DukeMTMC-relD
HHRE LR AE (%)

Table 5 Matching rates of different style translation
methods on the DukeMTMC-relD dataset (%)
N _ Market1501 MSMT17

T (VIR AE)

Rank1 mAP Rank1 mAP

Pre-training 38.1 21.4 53.5 32.5

CycleGAN 43.1 24.1 51.1 30.0

M2M-GAN (43) 52.0 29.8 61.1 37.5

* 6  AFEHEAE DukeMTMC-relD £3E45 F 11
YIZRE [ OB 2 4 i

Table 6 Training time and model parameters of

different methods on the DukeMTMC-relD dataset
J5 % DI ZF ] R S A Rankl (%)

CycleGAN 16 h 106.3 M 43.1

M xN CycleGAN 14 hx6x8 106.3 M x6x8 49.9

M2M-GAN (A7) 17h 106.6 M 52.0

7 FREBILE DukeMTMC-relD $dE4E F 1
HERR AT (%)

%8  AFELMEIELE DukeMTMC-relD H4fi4 111
AE (%) (REHEE Market1501 24 4E)
Table 8 Matching rates of different unsupervised
methods on the DukeMTMC-relD dataset (%)
(The source dataset is the Market1501 dataset)

Byt Vikis Rankl mAP
LOMO!™ 12.3 4.8
FTAHE ;
Bow!! 17.1 8.3
UMDL* 18.5 7.3
HETRIBMTLRE S )
PUL® 30.0  16.4
PTGANE 27.4 -
SPGAN+LMP® 464 26.2
TJ-AIDL 443 23.0
WiE R
BRIBS ARNH 602 334
M2M-GAN (£3C) 52.0 29.8

M2M-GAN (&30)+LMP®  54.4 31.6

Table 7 Accuracy of different modules on the
DukeMTMC-reID dataset (%)

MEE}\ ?ﬂ%ﬁ%g% %gg% Rankl AP
X X X 31.8 12.6
X X v 43.1 24.1
v x v 45.0 25.3
x v v 435 2.1
v v v 52.0 29.8

AR A 07 A6 45 TR, 43 AR A RN
TR B WA o R RE AT AT N PR A A 2
TR T, E A A i N FIARR A 23 28 75 AN A5 ] Ff il
F, AT DLEAS B B2 4T, X UR T A ST IR
FEAMELEAR A R, I HL RIS P R 6% BUAS o 4
PIRLR.

B 5 HAb kAT )b, R 8 WA, A
S 7 EAE Market1501 20 4 F A Rankl i5 5
54.4%, mAP &% 31.6%, B T HAth I T A sl
P BT, UK T ARNM.
3.3.3 1T#F MSMT17 HIBR&EMSSIRER

AT S B MSMT 17 #dE 4F 8 H Fpds,
A B RS X 55 3.3.1 Wsei e A, K9
& HAth 9 N B HE G2 3T 8 B MSMT 17 $ds 45 1t a7 4
¥, ATLAE W, AR B R R S0 E R
25 (1) [ I R 5 _E B 50 T MISMIT 17 Hi0908 48 1) KUK
I HL A 2 B B R R AN IR (R 40 A B B S5

2R ERAR, HREERERARH, 85
MSMT17 Hfa £ 1) SEBrif o 58 AR, IRIE T %2
Xif %6 A5 KBTI 2% it ] IR HEAT 2 A0 AR BT RS, T
HIEBAR T

SE T ATAT N R B A i R 45 S R A
BIGERMLE R, 3k 9 7S, £ MSMT17 i
£ I, “M2M-GAN" . “CycleGAN” fll “Pre-train-
ing” XPIFOTIERORIFIRZ . 5 “Pre-training”
FHEL, “M2M-GAN” ) Rankl 7+ 7 17.7% #1
16.6%. 5 “CycleGAN” L, “M2M-GAN” ]
Rankl $27F 7 9.2% 1 12.1%. 58T N EIEEAML,
“M2M-GAN”#E MSMT17 $¥s £ (A 34 e B i
JRRFET MSMT17 ¥l LG L3 H 2. #5k
Bz K XU T ERIEH K “M2M-GAN”
P HA ARG TR AWML . £ 105
HoAth J7 3206 EE AR B “M2M-GAN” ) B4 RR.

4 g

H AT 247 N R 7 VR 2 TN 2
AN T A2 e, SEBOTB BRI, A
M TETZMAMA (BBHL) KX FRES BT 1)
A, AT X e T % 0 2 A O B
2% (M2M-GAN). M2M-GAN & T J5ik £ AN A
T A 22 R AN H BRI AL AR o0 A R 2 R
P, I ERAC T RS- B AR A A, 53
A A B AR 2 5 (AL 7 2 AH LG, M2M-GAN H
BB = R AR R 7E 3 AN KRIBEAT N TR 5
MRS b, SER A R Rk T A SCIR MY
M2M-GAN J5 1A 2. AR 78 TAE# 2% i
B A LLAR A FL At ) o3 78 7 5K, Bl AN [
G HE AT NS b AT 1) 23, XA A8 5 1 22 1
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(a) Real images from 15 views of MSMT17
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K9
Fig.9
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Table 9 Matching rates of different style

translation methods on the MSTM17 dataset (%)

AR

(154 F

N7

—=MSMT17

)

HAHIE TR 3 MSMT17 Hd & 1w # 4kl +
Visual examples of translations from other datasets to the MSMT17 dataset

F 10  AEIEMEIELE MSMT17 _LRIRBIZR (%)
(IREHE A Market 1501 (3 4E)
Table 10  Matching rates of different unsupervised

methods on the MSMT17 dataset (%) (The source
dataset is the Market1501 dataset)

. N Market1501 DukeMTMC-relD
J7 ik (I AE) -
Rank1 mAP Rank1 mAP payivl T Rankl mAP
Pre-training 14.2 4.5 20.2 6.7 PTGAN®Y 102 29
CycleGAN 27 76 24.7 7.8 “%ijl%t-@ M2M-GAN (4:3) 319 108
52
M2M-GAN (&3Z) 31.9 10.8 36.8 11.9 M2M-GAN (A30)+LMP# 322 9.7
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