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Adversarial Invariant Feature Learning with Accuracy Constraint for Domain Generalization
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Learning domain-invariant representation is a dominant approach for domain generalization, where we need to
build a classifier that is robust toward domain shifts. However, previous methods based on domain invariance over-
looked the underlying dependency of classes on domains, which is responsible for the trade-off between classification
accuracy and domain invariance. This study proposes a novel method adversarial feature learning under accuracy
constraint (AFLAC), which maximizes domain invariance within a range that does not interfere with classification
accuracy. The reason for the constraint is that the primary purpose of domain generalization is to classify unseen
domains rather than the invariance itself, and improving the invariance can negatively affect that performance.
Empirical validations show that the performance of AFLAC is superior to that of baseline methods, supporting
the importance of considering the dependency and the efficacy of the proposed method to overcome the problem.
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d and y are dependent

B 1 KAV E D5 ADRIBIEDT & 2T DR L FEMED L — F A7 OB, (a) RAA V&2 T ADMLAE L E, (b)
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ILP%& V(E,M) = Eo,d,y~p(z,d,y) (YLD, + Ly]

= Ey dy~p(a,d) VP L[p(dlY)|gp (dIh = fE(z))]
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ERLTWD. — /A 2 OFE—IHIZ DAN & #7210, Kullback-
Leibler divergence (KLD) Of/Mb%Zi#L TR TODMERN
0TIy & h DRTIZBLT gp(dh) = p(dly) & Bt
5 X5 %HD. 22 Tqp(dh) & Ly Di/MEIZE 5T
p(d|h) BELLS 5 &S I2¥ET B, ZOEMATHATONT
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[ 2: (a)DAN & (b)AFLAC DB, (a) 42558 & 257 513
Ly & Lg 28MET 2 & 510, =Tva—&—x L, 25/Mt,
Ly Z#EKALT 2 X127 8 9 5. (b) ilkhl#ild Lq DEuMEIZ
XoTp(dh) ZEMT B ES12, TVI—X—It Lp,, O
IMEIZ & 5T p(d|h) ¥ p(dly) 352 &5 12%8T 5.
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N, TOmILHEEEY MAP #fiER2 AW I LN TES. £
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BMNISTR Biased Rotated MNIST (LA BMNISTR)
WERAAS VRO D DN T — Xy N TH D
MNISTR[Ghifary 15] Z7Ti2, ARBWIER R AL &7 5 AM
/T B LY TNY A RIBEEZNATZEDTH 5.
MNISTR % BMNISTR Tl%, TNENDT T A 05156 9
DT TN, TNETND N A1 VIdEGEOMEE (0,
15, 30, 45, 60, 75 &) 1RSS5, FThETNOMEE X MO,
M75 D & 512K T 5. TNENOMHIHERIE [Ghifary 15] DFEER
P L ERRIZ 16 x 16 DR E X 2 FD. AIYEIE BMNISTR-1
75 BMNISTR-4 £ TD, TNENREDRAL VT TR
OWENZERD4DDF =Xy FEEOH LA, £ 1R
T & 512, BMNISTR-1, -2, -3 i#l7z & 5 fEHm O EN: %
FOoMNZOME N >TWb. —JiT, BMNISTR-4 3%
DAt F— ﬂk/ktﬁi&é@ﬁ®% MEEFE-oTWwB.
T, —DDORALVETAMRAL LT, BOETOD
RAA VR T— 2 LT HHETIT>72. 72 BMNISTR
WRLTE, Tya—F—% " FOEMAAE L JBO2ES
JE, 77 AnKKE “BOSKEERE, NA VilllaaE: o
efEEEP O RET 4 —T =2 —Fxy bl
WISDM WISDM F—&+t v Mt 36 ADI—F—i2 k3
6 DD17HE) (walking, jogging, upstairs, downstairs, sitting,
and standing) ZHMEEFHICE > CEHEIL 7z VY —F— X

IZkoTHER IS, ZOF =&ty hTlEI—F—NRK A1
v, BN T AWM L, 22— — 26 U O Pl % 17

ST WHIEL D, WISDM IE 1. BTIHRARZHH RS K A
A7 I A0MEEEFFD. WIDSM Tlk, 7YX AIER
U7z <10 / 26>, <26 / 10> ADaA—HF—% <V —Z /X —

% 1: BMNISTRIZBI2&ERAS Y - 7 TR THH 0T
NYA X, TTA006 4R TEH Y T4 XL R AA
VW& oTHERLE /T, 77A5M05 9IZWTEY VT
PAXERETDORAAS VTH—ER>TWD,

Dataset | Class | MO M15 M30 M45 M60 M75
BMNISTR-1 0~4 | 100 85 70 55 40 25
5~9 | 100 100 100 100 100 100

BMNISTR-2 0~4 | 100 80 60 40 20 0
5~9 | 100 100 100 100 100 100

BMNISTR-3 0~4 | 100 90 80 70 60 50
5~9 | 100 100 100 100 100 100

BMNISTR-4 0~4 | 100 25 100 25 100 25
5~9 | 100 100 100 100 100 100

# 2: BMNISTR TX—7w b RASVEMO &Lz &ED2
FAODS 4L 5D5 9T BFEHDF fE. Rl AFLAC-
Abl 7*5 AFLAC DFxfikER %2 £

CNN DAN CIDDG AFLAC AFLAC RI
Dataset Class -Abl
BMNISTR-1 0~4  83.86 84.54 87.50 87.46 90.62  3.6%
5~9  83.90 85.24 87.46 86.46 88.10 1.9%
BMNISTR-2 0~4  84.76  86.20 88.52 86.42 89.58 3.7%
5~9  83.36  85.22 87.02 85.62 86.86  1.4%
BMNISTR-3 0~4 8254  85.30 87.64 88.60 89.64 1.2%
5~9 8218  85.80 86.74 87.60 89.04 1.6%
BMNISTR-4 0~4  71.26 79.22 76.76 76.56 80.02 4.5%

5~9 78.62 83.14 82.64 82.94 82.80 -0.2%

Ty b >a—HF—r LUTHWE, T—XORAEE LT, 60
TJL—Lh GREIZHEY) 2—20ry FLELTT—XEY
MNEREELZ2Z A, GEITISQI0 Y Y TV otz, €F
IEGIR Ty 2 —X -2 =0 EAAAE L B0 ke
U T AR E —EORKERNE, NA A VNI E Ok
aEe L.

4.2 RN—A74V

RETFEOANVERZRT2DIT, AFETRUTOFEE
DHIEHETTS. (1) CNN [JlH OB AAAE TR S 1
7274 =73y hTh3. (2) DAN [Xie 17] 1 3.1 fiTii
AU 72, HOSIIZEEIZ K 2 RARBIZEHERH U7 F A A VL
{LFiETH 5. (3) CIDDG I [Li 18] DIERE T IV & H LA
HERE L7~ DTH Y, Semantic Alignment % FIFH L T\
%. (4) AFLAC-ADI % ablation study ®7zIZ AR L 7z
AFLAC OZ®TH 5. AFLAC-Abl i AFLAC O H KB
TH2BA 2D Dirp(dly)lap(dlh)] & Dir[p(d)lgp(d|h)] i
Ko TEEMAZETIVTHY, DAN LHEBRIZFERIT R AT
VAE R FEEGS, ThbD H(dh) = H(d) 2513 E5
&5 R EAIMLIEAE 2. AFLAC & AFLAC-Abl AR5 Z
LT, FAS Ve 7 ADREMEDPFIERIT ML —RATD
MEZERT 2D NAL VPULMREIC G 2 B B R BT
5ZeMTEB. AFLAC & AFLAC-Abl Ofllficix, 2 &
D KLD OFFEIZBERED p(dly) & p(d) 2155 Z L HNTE
BN, TS OmLHEEREZRD D IZHNW

4.3 HReRBEORKBDO T TOLE
AHITIERRAA &7 5 ADRIEED, FAA U AEMN%E
MU R A1 VPAETFEDOMERRIZ S X 2 BT D W THERR
$5. 2@ BMNISTR TX—7y F FAL V& MO & L7z
B, 27200548505 90ZNTIHT S F

DFEHERLTWS., 22T, Z7I7A0h5 400 Ty
ARFERAL Y ZCIZ R BD, 7TA505 9 FRTONR

AL VTRUTHDZLIZERTS (1) . £2HPET X



1Q4-J-2-03

The 33rd Annual Conference of the Japanese Society for Artificial Intelligence, 2019

90 90

e e s A
88 - 89
Y ) .
%86 & 88 /,:—35’"‘ RS
@ \ pa=o e e
g8 - Y o e RSN
2 e AFLAC-ADI  \° 87) o I BN
<82 \ Y o
-e-- CIDDG VN 86 \
80 -~ DAN Yo 4

78 107% 10~ 10-2 16! 10° 10!

1074 1073 1072 107! 10° 85

(a) BMNISTR-1, MO

(b) BMNISTR-1, M75
83
82

81

80

78 e
AN

79 77

76

. . . . AL . . . . R\
78164 16~ 102 16T 10° 10T 16-% 1073 102 10! 10° 10!

(c) WISDM, 10 users

X 3: K% 7 v DIEO RN TOIEMEDLILEL. &F v 7 a ik
FT—REY bDHRETERZR—=T Y N RAAVEERLTWS.

512, AFLAC OMWBEIER—A5 A Vv FHEOVREEZ IZL A Y
DF =Ry b BLVZ I AIZOVWT EH->TWAA, Zh
WX R A4 VU AREMZFIHLUZ DAN ¥ AFLAC-Abl &\ o 7=
FHEOMRER R A V275 ADREIEIZ L > TEEbN S
Z¥, TUT AFLAC RZDMEEZENTE LI 2 RIEL
TW5. 72 AFLAC @ AFLAC-AbL (283 25 R %
i% ¥, BMNISTR-1, -2, -4 TRRZ5Z20H5 4120473
MR ERDFRZ T A5 16 9IHTE2EDLDEHEREN
2, ZHIFE AFLAC SR A A V27 5 ADREMEDNFEAEL T
W52 5 ZZDOWTCTEDIEMIZPHIZITAS I 2RIELT
W5. %72, BMNISTR-1 O ER L BMNISTR-3 O
HWEBEREDEREWVD, THERRAA &7 T 2ADREMD
i< 72 51FY, DAN ¥ AFLAC &\ o7z B A A U AREMICHE
DWW FEOMRENELbNDE Z L 2 RIELTWS, REIZ,
BMNISTR-1 & BMNISTR-4 3B 22 HAD KA A & 25
ADHEEM 2 FDN, AFLACIRZTDELE5DTF—Xty b
HLUTE FEZEEIE TV,

4.4 NANR=IRFTA—=FIIRT ZIEEME
WIZARFITIE, ERMEDIRE & KA 1 »iN[bMEREDBIfRIZD
WTH#HA%. 313 DAN, CIDDG, AFLAC-Abl, AFLAC
B2 IRNA N=8F A =& ZHOVTHIHEL 72BRD, 5 5t
THEMEEZRLTWS., INSDE[EDS, BAFDIZ & AVR
Bxhd. (1) FAMKEOEA %R Lz e 12, AFLAC ©
Fiid DAN % CIDDG DOl & b ZE T 2 @M1 H 5. X
3-(a, b, c, d) 251, v OfEiZE 1% 10 12 L7zKHZ AFLAC %
AFLAC-Abl 7 DAN &0 @ WHEREZ R THALH Z Z &
MaeARN S, TOHEIEBZ 5 <, AFLAC ® AFLAC-Abl
DOHFIEN KLD TH O 02L& >T R oMz snT WS
&, DAN DOHIFIED & S I1ZEAZ K E L UZRHIFRIHT 5.0
fidnsze <, AN LZETEHSELEXSNS. (2) AFLAC
1, FANMEZEO THMERWEN R DNT, Lizhi>TnAT
IR=8 T A — ZOBRFUTER R EITC H B, X 3-(b, ¢, d) 1&, v
%10 D& S mKEBRMEIZUFIZ AFLAC-Abl @ y 12503
LEMRRPRESMETTS 5T AFLAC DHDIFTNIEE
RKESETFLAREWI L ZRLTWSD, Zhid AFLAC OIF
R (aRPap =t i =t ST AN T E el NP N L X FN [
LEIIEBHEINTVWENSTHLEEZSND.

(d) WISDM, 26 users

=A
5. :\EEFFH

AWFZETI, BHFEFEIRE LTI d oz [RA1 22
T ADNEAH NIRRT 1 L WSRIM T TR AL VML 24T S
728, DEMEREERTIT S Z & DIRWHIFHT R A 1 VR %
KAET 28 L WFiE AFLAC 242%E L7, EBRTIX AFLAC
MR—=ZA54 VFEEIOEENMEEEZFET S & 2R
U, RAL V77 ADRBEPEIERITNL— NI 7%
BT2ZeDRALVPACIT ZEENE, LT OB
5 AFLAC OBEMEZ MR L 7-.
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