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1.1 GAN ZE#g

i Goodfellow 55 AT, 8 LT 2 W%
Z [ BB AN R TR B (L R R V(G D)
mgn mng(D,G) =E, , ([logD(x)]

+E, ,y[log(l -D(6(2)))]
(1)

HA 2 ~ paua (2) WEEHURE 5370 P EREEA 2 ~ p,
(2) Mo AR P Al BUREAS, D (x50,) 2% 5] 2%,
G(z;0,) AR W (1) Fios, BAr2 k2 25
0, el KABTERE X 7 AR AR x FUBRAEA G(2) IR

K , (R B 3R BN B MEXT RO E 1 -D(G(2)) 19
2800, FRiER D(G(2) ) TR RMEIRE 6(2) #
SR AIREEE Q0 SR AR IE AR b B A AT
326, D(G(2)) =0, HIRREM D(G(2) ) HAM
b, BRLMEGELE . FrLMERUE 1 - D(G(2) ) FRe/Mk:
M D(G(z)) =1 B, B0 2545 A4 B2 B fi B 4R
RN EEARR, SR A FE . P, B 4%
(AT 55 5227 ] TEAf B i A 23288 L Se sl i, T
A i e PR O e 0 25 LA DA D RO A R R LS
1, —FHIEBNHIR R . XHUREE AT >, M5t
5 2] B R 2 An e TR A AL X B e 2k

1.2 wtEmk

XFFARAR LR B AR, R R 8 o /MBI
BARREE A1 22 0] B9 2 57 ok 46 SRR 3 1022
itk By, AT LR A s ORI 22 Rk TR
2 A A 2 R R B TR B R AR
e Z Ah, R IR % ( deep domain confusion,
DDC) '™ Jy i ] MMD k2% 3 BE ELA S 5 vk LR
ARAT R RN, HILZ T, M KX 55 (correla-
tion alignment, CORAL) WS gr e i DT it 2 N4 AR
IEE RN T 2 .

S 3 N EY A RS 4 A vh & 2 LA TR
{EARSCHY HAR AR /34 b BLAFPERERIRL . ik
Yo e ) 6 f SELARLIZ: i 2ot X B 4 iR 5 B S IR GE
HHIE S STt o7 Rl it B R B W 4%
(A RIS B 1, O HLAT DL AN [R) 40U A il A 2 A
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AR SCHIXT B 26 SO [l G IS EURAE,
itk D 124, Bl maxV(D, G), %4 F min[ -V
(D,6) ], HiIt D Rk RES M N

JP(6°,6°) = - E,_,,.0[logD(x)]

_E.., [log(1 -D(3)] (2)

SR AR H SRR BIRRAE ) 1 ik
HAE A RARE 0, B, HAR L #2250
T+ Sigmoid B 432k, B Sigmoid 193E LA .

T E SR 2 SECR R F LT , 2 g AR
R ik A
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+E._, 0 [log(1 - D; (6()))]
= E, 0 [logD; (x)]
+E._, [log(1 - D} (x))]

~ pduta(x)
= E,,_Mm(x)[Ingdam(x) +pg(x)]
B s P g

Piwa(2) +p, (%)
2 b, =D A AR B R

s I 1
J(”D ! = Ex-pdam(x)l:log?] +Ex—pg|:10g?]

= log%+]og% = — logd (4)

5| A JS HE (Jensen-Shannon divergence) , 4= il #5 A9
A R EEF NN

zpdam(x)
Puaa(%) + P ()

2p,(x)
Pdaaa(x) +Pg(x)

J(G) = Etv—pdam(z) [ log ]

+ Ex'-pg(z) [ log 1 -log(4)

P ata + p
KL(pau, || =*5—5)

2
ta +
+ KL(p, || P40 ~ log(4)
=~ log(4) +2 x JSD(pyu, |l P,) (5)

Hi T IS B EAT AR SR, S0 20 A AR SR,
R0, Bk, D(x) Y ZRHLT, 6 (2) Wik i &
DL, WA B B4 2 U T A RO 2 40 A LR 5
A A IS B o
RSB ITE A S R, AR T

WiHAL SR A LR BE T FREAT U4k, S8 k = 1 #E K] Batchsize = m;

for number of training iterations do

for k steps do
R m AR p () BEAR (Y, 2P, 2P
R m ABEE p, (0) BEAR 1), 2P, 2
HELE RIS R B

(3) ___x(m) }

m

J(D) — #2[_1051)(3;@)) - log(1 —D(G(z(i))))]

2 Adam BBEE T REE R B AR S HL
0, = Adam(V0,(J'"),80,)
end for
iﬂﬂiﬂj m /I\[%?_; Pz(z) EI"JH—ZMZ(” , z(ZJ ; 2:(3)_,2(ml |
TR AR AT SRR

7o - #;[hg(l -D(6(z))) ]

T Adam B BT RESLETE AR REAR 28
6, = Adam(V6,(J“), 8,)
end for
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BRAT AR , AT LA ) U B RHE W F, AR 53
R C, Ok

TiELcs(Xst) = oy, 8

N
- Z l[n:yd]logC(Fs(xs))
n=1

(6)

HWF, A C, ERE HARR, i Seme g
B BIRERAYHEE C, HIEE N BRS¢ 1
BEC=C,=C,, A, RTWE%I F,, HT KRG
F, FEMALS A8 D, B4 1 7 GAN R4 # 8
4k D B B AR R BRI A S a1 K
L(X,,F,,X,,F,) = - E, [logD(F(x,))]

—E, _;[log(1-D(F,(x,)))]

(7)

Horfr F,(x,) AT DIV RH A B | A5 2R00 K88 D fE

AR5 SR R ARE R B FH—ANR, Fit, D

(F,(x,)) BAB L5 R 0,D(F, (x,)) ARG

1,8/ M L2, AT LAAS 3 24 57 i 805 2688 D, A D

RATREIX AR =3, 1% X, , A7 etk
Jel5E F,. F, Ak D, 852 D IRAL F.,. F,,

e W A1 T T VR AR I 5, o TR
BREPREE o, 3 3 VE 123 () S B 2 kAT WA D
G R A W TR M R R R . FN B4R AR
V0, T X SR A W S Bl . 24 B Y
FEEBET BB F, B2 , SEEE00 2 B b A 1 e
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SR, T U ST R bR RS 2 1] 2 g
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IR, L BERE F, SR 0P Bl X A 2R LK
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H
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REAERLSE . ZEVIZE GAN B, 433144k 2 A ah~r i
F, BIZE B RS A0 S B 28, % BRSO T BLR LD
AR AT LS R A
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(10)
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R EAMITENT , 4 F, SRt A mH st B
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mels,

+ log(1 - D(F,(,)))] (11)
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I 2+ ¥ PN RH BN AR BE AR 2E, 6., N
BhrREN I 1) M 48 280, or 248 B i L Y
BICEC AT B 3 J A 1 IR R By,
=k BB IBUE 1, A 05p, 4 softmax JZ B Hi
th, B p, = softmax [ 6,/ (x,,5 6,) ] HHBYH % A%
SRR B O, B LLEESRE A0 S8/ VR

2.3 Hikn#E

AT BROEFRBRNR 1 Fin.
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. BEBEMA
— kA
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3 HFHIRKENRE

HizneE

A BRI S = 1 (a;, ) 12, HARIRELHE T =

{(x0) Hiy s BIERIES 5L 6,0,

ain 04 » LB LG R 2K

o MIXGTE R RE B, KB = 0, FIIEETFE 0(0) , HMAEIRREL max_step, ?ﬂ:}b’l\ Batchsize = m;

While ¢ < max_step:

HARER: {(«', y) HO, | (8 Yo 2L, 1D A

fua = conv(x',6,) 5 £,

= com)(x"p,ﬁf)'f = com)(x:,ﬂf)

3Ly (S 16ua) o Oy s O ) AL, (foa,0,) 0L, (f.0,)

VO = 90, 3 Vil = a0, Wl = a0, a8,
aL (fd’au.d) aLd(fdsed) aL (.f 30- )
U, = . i o R, = g g e P)
R > a o Son Wy

_ oL, (f.,6,)
vfs - B af;

_ deonv (', 0;) dconu( xiw 4 dconv(x., ;)
Vo, = Vi 766} F Vi %, + Vf, 76@
HEZH
0 = By =~ (i) * Vs 0o = 0, —p(i) - V8 = i) + VO, 8, =6, - (i) - V6

1 =1+1
End while
i . Oy 0,45 TN A2 5’: = C(x:sgf, 6.)

3.1 MNIST MNIST-M SVHN #{ S2{ F &% [

AW 9% 7E MNIST''S' | MNIST-M'""! #1 SVHN"*/
BRI A 2 T] ) G M B B 3l 1 B AT 55 R R
TAICTE, XEBARER 10 MEF 0 ~9) K
AL, PR B DL 3. BT B SEEe 3078 T I
BT AT, o H ARl o B bR A i R,
JEAE 2 A J7 ] EHEATIA LY, B MNIST 3| MNIST-M,
SVHN 3| MNIST,

(1) A MNIST %] MNIST-M, MNIST %42 4
B MR U5, MNIST-M %54 45 it % B S A
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B bR, MNIST-M $45 42 2 5 X o B i B
4 Y MNIST f A8 44, B iy R 2 i 2 4 4
MNIST $iey kg 5 il HEA e B9 75 5% RS SOHH Y
A, T st B ER BE AL AR 3 A 43 #) B 4
(BSDS200) "™ 4 51RAE . SCIRREAE SCAR[ 17 ] h
SEAT Y25 R, N MNIST SR+ 2 000 4~ B4R, A
MNIST-M FA£ 1 000 445,

(2) M\ SVHN #| MNIST, 7 2 >4 [E] A9 38 L
A . SVHN Rl M S HiEs, Ud s
Bt AR R . X SVAN a2k 2 A Pk ik
P, TE N RS RAE . ZEVIZRAOTTI , S 2R R R
Mo HF SVHN B inZEefk, H b Bt 7€ SVHN L



XSO S BT S AR R RN B4 2k ) JC e B I B S

YIZRAREALRE 57 0 38 H I H AT RA#E MNIST ¥4
LA BT

T RIRSE R, A R AAE TRY LeNet ZEA5AE
tensorflow ' HHSZEE, RFHLEEL MBS 3 e
R, A 2 J2BEAT 500 MEsiaoT, 5 3 2R
ARG 4 500 BT 2 RelU #1E D)
fit. DAL Adam FEALAS" T H#E4T 10 000 YREEAL,
2 3]5%%0.002,81 50.5,82 4 0.99, #EK/NN
256 ~EMG, BIEEES HARsias 128 A, FrA IgRE
BAREAR IR TR AR TR 28 x 28 R,

SCHAE AN 4 FIF 2 PR, AREE PR AT LI
SE W, A EAE“ MNIST 2] MNIST-M” $03E 4 |-
SCELT EL AT 7 i S A A A R, i HL 2R T s
RaF, BB RA Bs” MERR, ok, 5HA T
AR, % i B A PR IR R A9 AL SVHN £ MNIST
ENAE S ERBH S ANE RS R, LRI A Sy
PoA A RBHE) B A Fh i

—— R

-~ BELED
—a— XM FF
L e RmRTHIER
—o— R
e I
—e— {LEHRE
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5
Ytk
B4 BHEOEEREISHREOEL

K2 HFREENSEEE

ik MNIST—MNIST-M  SVHN—MNIST
AL IR IR 0.763 0.614
R E i 0.782 0.751
FERT T 0. 809 0.587
mAFHER 0.813 0.776
TRBE RS 0.821 0.704
A 0.932 0.794
AEE 0.959 0.915

3.2 EERMEEIESEIEN
R T B UEAR SOV M AR 2 4B
SRR AR LB N, 7l R Al 5 7R o

4%

1T <<~

2] ¢35 ZEz377

(a) NWPU VHR-10

A

2571 MR
(h) NWPU-XUANIO

5 EBRBBEESER

BRI

NWPU VHR-10 %32 2 /AFF 1 10 P52
2 (] 0 A 00 K 4, X 10 SR A i) R R
PR AGW, ZBHEEE & 800 NMEE & B
Z(VHR) 3 B R X BEMR#EAT A THI# R
h 256 %256 , 3 N T 345 1E .
NWPU-RESISC45 SRR &4 45 bt 18 jak
AR, BHFAAEME A 700 5RE R, RAFH12R 256
x256, %5 NWPU VHR-10 EEH) 10 KmH
FEHLEE R 100 3§, 3£ 1 000 5RFEAR, fiv 45 8 NWPU-
XUANI10,

R SR 2 O 1B Y N o i
HBHZENZEHn K6 s AFE VI ZRZ A T 30
| conv1lx1196. stride 4x4reln |
. maxpool3<3suide2<2
| conv5x5256, stride 1xlrelu |

=
| conv3x3384, stride Ixlrelu |

| conv3x3384, stride Ixlrelu |

| conv 3x3 256, stride 1x1 relu |
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21 Alexnet PIZEHEH , XIHTHESE AR B 3 4
FEIRE R, T 2 JARA 4096 R SEIT, 5 3 )2
X0 PR e T o B D Ah, X 28 2l A ReLU
BE AR ARG, A 5 80 2 40 oA ] B S 4
Y&k, FHHEAT 10 000 Ykt

M NWPU VHR-10 & NWPU-XUAN10 4125k
BE SRR R DL R e A RN T R 3 Fos. ]
B AT AR IR R A ST B W B B AR Y B TR VR

P S DRBEE B2 36 06, IR NWPU VHR-10 %l 42
AT E R RS T 8

M3 FTLAFR I, AR IEAE R S T
HRISER LT M TER T b, AR SO I
AL B I 3k B W 45 ik O HOER A BT
8 rb A SCT7 ik R, X T 2 5 TR A Bk
5 RGBT 3 KRR GRA T —&E
HISR . p IR WITERR A & X 0 2% Fl DA
55 1] AFR A Mo > B A AR R AR, 5 1R 9 208 1 42
LRE I S5

®3 ERNESENSXEE

ik XY ORG E
L sk 0.536
BRTHER 0. 695
BRI 0.783
W53 B R 2% 0.852
HILF 0. 867

Brig 002 0.02
wo 003 004 006003
£ 0,03 0.11 0.04 0.05
AR |0.03 002 0.16 0.02 013
KL 0.03 0.06
35 0.22 0.03
ii§=87) 0.06 0.18
FzRi% 0.04
FEERIE 0.02
o

RS MEE A AU TCHL BRI DERRIH UR S HeEk ot
() ATk

E8 NWPU VHR-10 #{B & BiEEK

100
90 —&— (L
BT ER
80 o B ER
| &b —w— R H ik
b
ﬁ 50
40 %
30
20
VI hdtk
7 EBHEHBERIISGARNIEN
Wi 0.17 028025
i 0.06 0.14 0.12
kit 0.16 0.06 0.07
A 0.08 0.15 0.14 0.04 0.1
&L 031 0.08 0.03 0.16
15 0.06 0.3 10.34 0.04 0.08 0.33
KBRS 0.07 0.27 024 0.28
CiE=32 0.04 012 028036
R 0.11 0.06 0.1
i 0.02
PR M R LA KB SR IR R bk i i
() (S
4 % %

ARSCER T —Fh TSR ARIANN B ) B
9 0 B I 36 T 9, 7 D 4 AR
B, Jo AL R Ok R B o AR 55, O
ST T LTI AR TR 25 ) 408 1) 2 2R HE A, 1
TIEBRE R 215 B ARARRAIE B 280 PR G &R

— 704 —

SIAKIEI AT S B IR AS 3Rl i % 5]
4 T W S O T R TR B A AR B SC LT L LA
AR SR, O € B A Pk i 9 L SVHN %)
MNIST & A 45 | e 30 i B AT i 45 2R, i 3R B 7R 3
TrEA T REHE B AL A E . BBn AR BE
AR Y SESR R W, X Bt 9 48 R0 B AT 55 AT LAAR 4 b
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Unsupervised domain adaptation method based on discriminative

model and adversarial loss

Zhao Wencang, Yuan Lizhen, Xu Changkai
(College of Automation and Electronic Engineering, Qingdao University of Science & Technology, Qingdao 266061 )
Abstract

Collecting well-annotated image datasets to train deep learning algorithms is prohibitively expensive and time
consuming for many tasks, and models trained purely on rendered images often fail to be generalized to real images.
Regarding the issues above, the unsupervised domain adaptive algorithm attempts to map some features that repre-
sent or extract domain invariance between two domains, mapping the two domains to a common feature space. Con-
sidering the labeled data of the source domain and the unlabeled data of the target domain, an unsupervised domain
adaptation method based on generative adversarial network ( GAN) architecture is proposed, which uses the dis-
criminant model, without weight sharing, adversarial loss and auxiliary classification tasks, and learns the transfor-
mation from one domain to another in an unsupervised manner. The unsupervised domain adaptive method for ad-
versarial discrimination can effectively reduce the difference between the training and test domain distributions, mit-
igating the harmful effects of domain shifts, and significantly improve the recognition rate. The experimental results
prove that the adversarial discriminant method is more effective and simpler than other domain adaptive methods,
expanding the sample and improving the generalization performance of the network.

Key words: deep learning, unsupervised, domain adaptation, generative adversarial network ( GAN) , auxil-

iary classification task
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