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Abstract: A novel feature representation based on tensor and domain adaption for transfer learning is proposed, which
combines joint domain alignment and adaptation regularization. When the difference between the source domain and the tar-
get domain is very large,only aligning the source domain to the potential shared subspace will result in too much data distor-
tion. To alleviate this problem,this paper proposes joint domain alignment, which aligns the source domain and the target do-
main to the potential shared subspaces simultaneously. Furthermore, the adaption regularization is introduced into the sub-
space learning based on tensor. In the proposed method , adaptation regularization includes dynamic distribution alignment and
graph adaptation to reduce the distribution differences among different domains and preserve the manifold consistency. Final-
ly, the joint domain alignment,dynamic distributed alignment and graph adaptation are fused,and the joint optimization is u-
tilized to obtain the feature representation. Extensive experiments on several common cross-domain datasets show that the
proposed method outperforms the state-of-the-art on the tasks of transfer learning and the effectiveness of the proposed meth-
od is verified.
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(1) B4 53 A 36 B 32 ( Distribution Adaptation ) , M B4 5>
AT AR BE R 25 08, A/ INIRBCRN H BR S o3 A 22 5, Bk
LR 22 5. i 5943 M1 ( Transfer Component Anal-
ysis, TCA) U A 22 5 A ( Maximum Mean Dis-
crepancy Embedding MMDE ) (2] 30 17 38 B VR Sk A0 H B ek
AT AR I3 AT R I B 2 ) R AR . Bk G 0 A 3
(Joint Distribution Adaptation, JDA ) (3] 11 43 A 38
(Balanced Distribution Adaptation, BDA )"’ [f] B} 3% fir
A 23 25 MR 38 03 A N 2% AR M A8 03 A . A W R o3 4y
BT ( Domain Regularized Component Analysis , DRCA) i@
Tk 5 1A DG T M DU 3 AV 300 2% 53 A1 TR 2% A 43 A1 1Y) 26 S
(2) FFAE 37 ( Feature Selection ) , MR 206 455 1 /) J&
R, IR IR H s e e 4 52 Ok =2 A AR AR, ST
Gy — f55 . 25 #g X} N 2% 2 ( Structural Correspondence
Learning, SCL) “*' 4% JCHE I HFAE , 45 I BR AT A7 B0
5. Satpal 5 A3 2 FFAE 58 H 7 1 2% 1 A A8 A5 L 3 TG
PSSR FR IR A S5 PR R AT (3) TAS I o) ik
(Subspace Learning) , MBFAE 25 8 19 ) BE Sl 2 B, 24 ) —
ANAE T3 18], K I Al RN s 4ol 22 4 31 3 =2 (0 Y e 1
Z3[f]. F-25 [ % 5572 ( Subspace Alignment , SA ) '™ P 5-
SR— LA e, FE 5 s [A) A 45 3] H s 23 18] vp . B
435381 ( Scatter component analysis , SCA ) ¥f £ AR 1kl
— TS ] BRIE S T AT 22 S dne /MRt XU
F1) 53 ke 5F ( Coupled Bilinear Discriminant Projection, CB-
DP) "t S G REA I BRI 4R 23 () 15 .

REBIMA WITH ¥ > 7 et 5 T 1) = 1 R oR T
125, DRI 20 a4 ) Ak, T BRAT AR 22 0 I v 1)
AU PR TCTE B AR B RN R A EE M 455 8. A
SCHR T —FIHT BT A% 2 2 i T K O I U 7T
FHUE RS J7 125, B Rl 106 A5 0T 55 11 TG 1 DU A 1y
Tk i R R B IR 5 ) FRAE 7R J5 5 (Tensor based
Transfer Learning combining Joint-Domain Alignments and
Adaption Regulation, TTL-JDAAR).

ANTE) T 2Z 1T A8 AR O AR, AR SCRY 32 2 5Tk A 45 LA
=5 (1) AR SR A SO0 5 A Tk i B R AE
FR GR35 = 4 T i ek s ] B
FH M R A R (2) A SCFE L T 5K 5 1B 7% 2% ~ FRAE
FORINERGIA T B804 X 5, A8 ik B A5 6] R gl
A P YR R H B S8 300 2 MR 3 A R A A R R Sy
At , LADS NIRRT H FR S800Y 22 . (3) AR SCHE ik T ok i
MR R AR R s Tk gl AT IS B, PR ok
23 [A] R AR A2 2] TR B AT — Bk

2 MHBXIME

2.1 KERTR
SRR 1 2 B B 5 2R R R — PR

FETFSRHUAL G b, TR 5K e 3 7 i A LR A 2 1 43
2K PR B R FUAE B R B A 4. L, Ben %
NS R R o B HE A O A A R
WG T W B ROR

TR SRR — K EE A DUROR A RS BR 1K
i AL AR SOR TR 5K 23 A 07 02 Tucker 73 i, SCFR
E A S 4 f# S (higher-order SVD) . Tucker 43 %
KBrokf y e R" "0 o — 0 ik i g Fi K AR
NHEME U (=1, K) 9 -, s (1) BR.

y=ax, U s, U5, UY =[a;0" U ,UP]
(1)

Hrp iz 88T <, RN PATUT S -1 X0 5 1 e v
B iR, [ ) 3oR K Brak ol o 5 UV (i =1,
c K- B KB U (=1, K) A x
o RE SR B UTUY =1, HLj, <n, B0 KR
G A=Ay X Jy X - x i sk ;A (L) AT

g=ax U x, U x U*" (2)
2.2 KEFZTHZET]

W 25 A3 H 556t 5 AN AE 1 723 ] 2% > 1 (Ten-
sor-Aligned Invariant Subspace Learning, TAISL) J5 &, ]
KA I 9 7 T565 D x, A F AR x, Wt 30 ] —
Zfal = { U}, TRV R T R A R SRR
AL T, AL H AR (3).

ymin || Dysan] =[Gl 15+ I - [gsul I
+ A | [Dxgsemd s ] =x, I3
s.t Vi, U0 = I, MM =1 (3)

oA 2 RN S8, A R U 21
38, M JEATIESE.

2.3 HESHIF

R AN i %55 ( Manifold Embedded Distri-
bution Alignment, MEDA ) R B S A 5. shs Ay
Ak 5% D,(X,,X,) AT LAsE CANA S (4) FR.

D(X,X,)=(1-w)D,(P ,P)+p Yy, D" (P, P")
b=1

(4)

Horpbe {1, BI RRE b ANER G, D, (P,

P,) FRB G X 57, D) (PP ) FR s b A

SN B A AR I A X 5T e [0, 1 P-4 3 1, 39

DGR AR I A M A R I3 AT AR, e B9 TR AN X
(5) P,

dM

dy + EB: d,
Horb dy, FoRFEAR 22 )Ry o A B, BRI X, AT H
PRI X, B GAEA AT IS, d, R R o A B, E

m=1- (5)
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VIR B ARIER b JEFEAS () S5 A5 0 A1 .
3 BABRAEMFIERENLHETKSE
RTRHIEBEIFUERTFIE
A SR M S 197 ¥ A TAISL™ il MEDA'™,
TAISL J5 IE7E K 725 0] 2% ) oo Y5 s R 47 %) 5 3k 5
T3 [, N[ T TAISL, A8 SCHR Bk 4 38008 5, 4 UL A
AR 80 7] I o 5 52 7 2 (0], 2% fifp 430 B 00 5 1 R Y
B B DR 4 1) R ) AR ST B s ) 2 T
ST B4 A % 56 R RIS T, MEDA J7 4 52 3 T 1] &
LB RRAEZS (8], 77 72 TG Tk B AR R B E Z 4540 15 5
4 M) . AT T MEDA |, AR 37 5 T 5K k3271 A R AIE
5[], fE SR 25 )2 o) s R e il & T 6 10 5%, 30
543 Xk 5% R PR3 I 5 o 0 Ak SR A e 1 Bk i

- A
E}%@ @% B s g % o
O s 7

P ARSI AE T (AR 2R P AN R A 2

R [AVRRIE R IR, T T 25 AR S i i 2 AR R B
SEPRAH .
3.1 FERME
WS IR, T R HARE. I — Ay, e
“(n=1,-,N)J&EK I%‘?Ki ML N AR A
e R (K +1) Frokst y, e R ng,, =N, HIE
WREARBRRZE X WAREIEN v (n=1,--,N,). [FFE
f,N, DMREARER (K +1) Briks y, e R™
My, =N, ASCWEFE B 1) R R R SRS 25 2T, Bl n, = m,
(i=1,2,--K). Gl A 504 3o 55 Fa i = 4k iy 25 1
ik i F R IR 2 2 FRAE 2R 7 1 (TTL-JDAAR) /) 32
ZLRAE 1 PR,

Source Domain

Target Domain TargetDomain

() ()
i, Foh F IR O IRIREAS, R (OIFCFE 4 H AR AR,

LA, I ISR BRI IR (o) RS F ARSI T IR REAS , FEUGIRE AR ] = sk i ilE A TR R
(b) IDATSL (Joint-Domain Alignments based Tensor Subspace Learning ) : B3 655 AO5K & 25 ()27 25, YRR B AR [R] B 3 5%
L5723 ). (c) DDA (Dynamic Distribution Alignment) : 5Kt 25 [i] FAYZIA /3 X 55.(d) GA  (Graph Adaptation) : 5Kt T-25[H]

MY IS

TTL-JDAAR BERIGNA5(6) FiR.
mings (x, x,) +¥D,(x..x,) +pR,(x. .x,)  (6)
Horf, 7 JE RIS BCAE BE R EE A 09 JR R H AR, 2R
— I g (x, x, ) IR ST 55 A ik 48 ) 2 2 8 I
D, (x,x,) Rk F 25 8T B s 2 50 A 6 55, 55 = 5
R, (x, x,) Ak 23 (A 4 [ 3 e B 35y A p 43 51)
SN A EE S
3.2 BEEXMFHKEFEEFES]
ARSCH| AT AT TR <, L =y, 53 DR VR
HE AR 55 I 223 [H). 56 B0 55 o A8 R 2
I H bR R g =X (7) s,
YOex) =, min | Dysen ] =gl |5
+ || EX,,oM (g5l |}
s.t. Vi, 00" =1, MM =1 MM =1

(7)

Horp AR SC TS 1 & K By i S5 5 on, =
{Mmf =1, K’M(i) € anxn"dmz = {Mgi) %I:I,W,K’M;i) €
NS IEﬂ w={U", ., U eR™. g e

SRRl g, e RV E'?K_Hg? ST AN 5E  FNE | S

(=1, K+ 1) FRKE AN 4EmgEfE. 2
FRA R e ZFNIERE =, F =i, 2 TIEAE.
3.3 KEFTETHIHESHIF

AR SCHE TR 9 R R W sh A 40 A 6 55 TE AR AT
B LR A 2 TR, 20 2538 e VIR B AR S 2 4
A5 A

BB I AL R HL T e 3] 5K i 125 ), AR SCE A
PR AR, B 2, =By, =B, [ g5l , 2, =B.X, =B,
AT i IEﬂTEﬁdjﬁéﬁﬁxﬂ%ﬁnMS)
7.
D,(x,x.)

1 N, 1 N, 5
=(1-p) | v XBLasu]l - Y Bla:ul|
Ns i=1 Nt Jj=1 F

+u Z{ I ﬁZﬁ;[%;‘u] _ﬁ_%bﬁ,[gl;rll] |
= (1 —M)tr(ﬂ [ ru]QO [, JIB)
+,u;tr(ﬁ 2010, [5:2]'B)

= u(B'[g;u]Q [g;u]'B) (8)
s.t. B'B=I
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Hob, w () RAFBIER, B = (BB, B <
RO <O T S RO RIS % b

BIERHIE o=[9:9].0=(1-pw)Q +p X O,

Q c R(f\"&+/‘\"’)x(,\"&+*\"l)% MMD %E'QE’/EQEP Qﬂ ;Fu Qb if%ﬂ[]
(9) F(10) P,
I/(NN,), x,% ey,
(QO)i]':{ 1/(Nth)9 XX, €EX, (9)
-1/(N,N,), otherwise
1/(NYN"Y, x,xex.”
/(NN ), xx ey,

(b) (b)

Yi€Xs o Y EX
() (8

X, €X, , X EX,

(Q,),; = SN N {

0, otherwise
(10)
o N ORISR b N REAA B [RRE N
s H AR B A D R4 b ERIREAA KL
3.4 KEFTEHTHEIER
ARV D L, ) P 408 1) TL AT s e, (A A2
PALEBR 2 BN , AR S N 1 sk i s ) R A EDE
RIS H bR 2 =By =Bl g;u) , K g=1g;
G, 1B 2 AR, (x, x,) A3 BN ELERC A1) Frs.

N+N,

R,(x.x) = Y (Blasul -glg;ul)’ W,

Zl(ﬁt[gﬂu] ) Lii(ﬂj[g;‘u] )

w(B'[g;ulLl g;ul'B)

(11)
s.t. B'B=1
Hor, We RN G B KA M, L e
RO <O B B R R . W
XnF
cos(xi,xj) , if x, ed\/p(xj) Va, eavp(xi)
4 :{ 0, otherwise
(12)
Forp, v, (o) Rom v, B9 p I BRAIES. L =1 -
DVW DV BRI D e B Rt
iV AR LR D, = 3 W,
3.5 BRIRHMALITE
FX(7),(8), (1) ALK (6) 15 HN AL
B 2 2] FRAIE 38 7 AR B 28 1) H A R B X (13)
Fr .

min |l Dyt ] - [5u] I

+ ) Dxs=ty ] = Lg 5] ||+ (13)
+yr(B'[g;ulQ [g;u]'B)
+ptr(B'[gsu]Llg;u]'B) +q 1B | ;
o t. VL-’U(L')'['U(I) =I,Mf[>Mf">T =I,M§“M§m :I,BTB -1
H,g=09,:91,v,p,m RNESE HirEE
)55 — IR 5 2 1B 0 5 Y o T 2 (A 2
AT LA BAR 4k 15 B A5 210 IR i ok 725 ). 26
ISR T A 8] R A ) A 43 A X5, B 245 1 A PR I
1 E AR 21 2% 53 A FAAE o A, i/ TR O H R 3
Z R 22 5. S DI 5K g s () B [ IE I, AT
A S A LA R P e /NRE A B R Y B R S N R
INE . 55 AL B Y Frobenius 4L || B | &, 3545 ] 8
BRGEMEE R A 13) & — BN R E, A SCR A
BRI T, BARSBR T,
(1) [E5E <, ,=m, B, B 1,9, Fil g,
Wit (1), u,g, Mg, S 5K i Tucker 43
fE A0, I LK TR LA 51 A BB AR 5 o
=[x som ), 24 =[x, |, AR RS (13) 7] DL 3G 46 Ry
X(14).

min || 2 =[] |5+ |12 -[g5] ||

+y(B'[ ;10 [g;u]'B) +pu(B' [ G5u]L [g5u]'B)
(14)
st Vi, 0" =1,.8'B=1
(2) EE u,9,9,B,M , HH M,
FIANGB ARV, = [g;u] 453 on, B0 C
(15) f7R.
min || [y,s= ] = |5 (15)
s.t. Yi,M M =1
Ha X (15) # MR- I 1381 A (16)
I Dxsam ] =t 15 = I MY XOMT = Vo ||
(16)
Hrm"' = (IQM" @ @M’ QM ® - ®
M) @FRTEE MR, A T =X"M"" H N
My F 2y JEATIESS, B LAk T LA Ak [ U7 A o 1 1
ALy BV B IE S, 4 P =M A (16)
BEMT
I D ] =ab 5 = 1M XM -V |
= M XM -V
= [P -V (1)
2 on, AL IR B 3o Py AR AR TR R, Gn =
(18) fi7x.

min | 1P -V
(PP <2 (P OVET) v (VW)
(18)
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s.t. Yi,P""PY =1

(3 HE u,5,,9,,B8,M , HH =i,
FIAF R v, =[g,;u],on, BEFA <, [
HLOFFAA T = XM P = MY o, Ak TR

540k P, LA, = (19) PiR.

. DT p (i) T | 2
rr}){n”], P -V, %

=u(P TP ) < 2u(PY TV +w(V VT
(19)
s.t. Yi,P"PY =1
(4)[E5E u,5,,5,,M 2\, , BH B
FIANI R o1 = [g;u] B o F B - (K +
1) KR A D e R X RS R
FHIES s B, T TE B AR ek &b B B4k an
K (20) fr7ws.
m,}nytr(ﬁTAQ A'B) +pur(B'ALA'B) +n B}
(20)
s.t. B'B=1I
A (20) 7T DL LA B H X 78 ok SR A, LR A% B
H R %ictn =X (21) .
l=u(B (A(yQ +pL)A" +qD)B) +u((I-B'B)E)
(21)
i€ = diag(§,,+, &) e RV (N =N_+N,) ik M
e+, HX A 26 b1 TR X R I RRAEAE, £ 01798
0,153 RS R (22) P,
(A(yQ +pL)A" +qI)B) =p£ (22)
e, AR AL 0 I8 FL AR B B 1Y R) UL AL R SR A
F(22) 1 N A d5e/INRHAIE 1] 3t 14 7] S
Wk RN, O KR g, 9, 0 5 B
My, My, IEBCHERE B = [ B, .8, ] DL BB , 15 25Kk it 1
235 6] PSSO H AR R E R R x iy, anal(23) 0
K (24) s,
x. =Bl lgsul;on] =g x, (M"U")
Xz"'xK(Ml(mU(K)) XK+1(BSU(KH)) (23)
X =B.[G;ulson] =g x, (M U")
Xz"'xK(MémUUQ) XKH(B[U(K“)) (24)
3.6 HiER®E
Tl J B JlO0) 5 R GE B O Ak Y R TR R R R Y
TR )RR RO AR a5 1 R

H
H

Hixl1l RMEABSEHWNFMERENUHNETKERTIHNIBES
Y IER R 7% (TTL-JDAAR)

BN PSRRIy, RISy, , EARIEK R x, KA ()
HERE g, k=1, K+ 1 IENAESE y .0, m, KRR EL T

W kA EREA B AR R RSN xS xS

L MO =M =1,i=1,--- K

2:FORt=110 T

3 A (5) AT S H

4 WX (9) IHH Q,

5. WEX10)H5E Q,

6: AR (12) M EERE RO R L

7: WPEX(14) FH i w, 9,9,

8 FORi=1to K

9 AR (18) FIzk (19) T M Fi M3

10.  END FOR

1. R IR B

12 KRSt

13: END FOR

14 5t 20 (23) (24 ) P55k Gt 725 (1) R IR0 B AR FRIE 2R
o iy

15 . RETURN k4125 8] F P50 H FRBHEME =R xS Ay,

4 =X
4.1 BiEsk

AR SRR LA 30 T E R 46 A o S 30 B0dh 4, Bk
35 Office-Caltech10 Z(#E4£E | Office-Home ${E4E , 1+
B4 (MNIST, USPS, MNIST-M) .

Office-Caltech10 %44 " 4 % DU/~ F 4 . Amazon ,
DSLR, Web-cam # Caltech. ¢ #% £ fy 10 ~28 51, it
2500 5K EIRLH . S50 43 AT 36 b P Bdls 2R A
IR H BRI, HES2H 5 7 A 12 200 KT R 22 AT
55,10, A—D 7R Amazon £ 2 54, DSLR £ 24 H b5
BT E L5

Office-Home $¢#4E""7' 45 65 42551, 353 F 15500 3
EHZ , 23 52k B VA AS [F] 19 586 14 Artistic paintings,
Clipart, Product,, Real-World images. 52 56 /3 1 1% & 3
P S R IR SOR H ARl HES 45 7 A 12 41
IR AR S5, BN, Ar—Cl /8 Artistic paintings
YER RIS, Clipart {2 H AR TR % > 1155 -

BG4 45 MNIST, USPS A1 MNIST-M. MNIST
THBHABIEEA 10 DRFIBFEA, 730 8T 0 =
9, BE A £ 60000 5K ITZR 515 F1 10000 5K i KR
BRI BRI/ A 28 x 28. USPS & 3 [ R B T 5 £
FRAEEE. FIFERY 10 ZRBCFREA, A8 7291 5K ZR K]
A 2007 5 03 R, B K R A /N 16 X 16.
MNIST-M % 47 4 J& MNIST 45 4 i — A2 4K, B A
Berkeley Segmentation ${#E4 """ ( BSDS500 ) bifi #1452 B (1)
P R 4ot MINTST f% 28 60,55 5% BRI 5 0 ) 3 ) A
A /NFT MNIST ¥ 458 5 AH S5 52 96 43 AT 38 Hrh i A
By B SEAE g A H AR, HEZ 577 4 6 oy
KT B E 5%, an, MNIST—MNIST-M 75 MNIST
Vi P38, MNIST-M A5y H ARSI 78 27 > 11 55
4.2 IWiEE

N T BRI H  TTL-JDAAR J7 3k 1A 5tk , A
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SO A —Fh AR T B8 2% ) J7 % No Adaptation (NA)
J\Fh EE RS 2% 2 FRAE FROR O AT TR L SR g,
R\ BT RS 2 > R e 8 J7 A4 7S b B T )
27~ W) 1F B8 2% ) J5 ¥ ( Transfer Component Analysis
(TCA) ™ Joint distribution alignment (JDA )", Geodesic
Flow Kernel ( GFK)'"® | Correlation Alignment ( COR-
AL) o , Joint Geometrical and Statistical Alignment ( JG-
SA) 200 , Manifold Embedded Distribution Alignment ( ME-
DA) ) B 3T 5K 425 (93E 75 25 2 J7 1 ( Naive
tensor subspace learning( NTSL) "'*' 1 Tensor-aligned in-
variant subspace learning( TAISL) Y SR AR RS
5578 BRI 93 28 HERR 28 Accuracy 1 g 55015 1 fE

HIPPOT B

AL/ SHGE— R E N T=10, y=10,p=1,
n=le " X2 T3k B R R1Y NTSL, TAISL F17 3L
PR G — PRI vegl6 BERIAY poolS JZ LA g K
M 5K RN B — A R AR AT LIRS 7 x 7 x 512
(4 3 sk A, 565 O ) AR AS Bk 350 5K R S Y
YERg j, =j, =7,j; =128 7, =20. Xf b3 F 1) B Fom 3
BT IR IBCIRIAE: (1) 000 268 1 4 J2 O RFAE
4.3 KIGERISH

ARSAE =R B ISR Ry BN 1,4 2
3 PR,

%1 Office-Caltech10 H#ESE FHY 12 MEBESH S EEHE (%)

Task NA TCA JDA GFK CORAL JGSA MEDA NTSL TAISL TTL-JDAAR
A—C 77.3 84.2 82.3 84.7 88.7 86.7 87.8 78.5 80.3 89.5
C—A 88.8 91.0 87.9 91.4 93.1 93.1 94.0 89.5 89.8 94.9
A—D 82.6 84.1 80.7 84.7 81.5 86.6 89.6 83.7 85.9 94.9
D—A 80.9 83.3 89.2 83.0 83.5 92.3 93.6 87.9 87.9 94.5
A—->W 73.6 83.1 90.7 84.1 81.7 94.2 97.2 76.5 77.6 88. 1
W—A 73.8 88.5 88.8 86.3 83.8 94.9 95.1 85.7 86.5 94. 8
C—D 86. 4 79.6 81.6 85.4 87.3 90.5 91.3 86. 8 90.3 98.7
D—C 70. 4 76. 1 80.7 78.3 79.9 85.9 86. 1 79.8 83.8 90.3
C—>W 79.4 80.3 86. 1 82.4 88.8 90. 2 96.0 79.7 85.7 96.5
W—C 63.1 82.2 81.7 82.5 79.5 86.5 88.5 79.6 82.7 90. 4
D—>W 91.1 96. 6 97.1 98.0 96.3 97.6 97.3 95.9 95.9 97.6
W—D 94.8 96. 8 97.5 99. 4 98.7 98. 1 98.7 97.7 97.7 99.4
MEAN 80.2 85.5 87.0 86.7 86.9 91.4 93.0 85.1 87.0 9.1
%2 Office-Home ##EE FH 12 N EBESHSRERE (%)

Task NA TCA JDA GFK CORAL JGSA MEDA NTSL TAISL TTL-JDAAR
Cl—Ar 63.7 60. 8 61.9 56. 6 59.4 72.0 74. 8 54.0 58.1 81.9
Ar—Cl 54.9 49.7 51.6 53.4 56. 1 59.7 60. 8 55.7 57.2 77.8
Pr—Re 91.2 89.5 92.0 88.8 88.7 94.5 96. 6 85.9 88.3 97.5
Re—Pr 82.4 87.0 88.2 87.6 88.2 91.0 90. 8 82.2 82.5 92.4
Ar—Pr 74.0 79.1 75.5 79.1 81.2 87.3 89.7 73.8 76.5 87.9
Pr—Ar 65.9 63.0 62.2 61.1 66. 1 74.5 76.2 60. 3 62.6 81.9
Ar—Re 91.6 85.6 82.7 87.7 89.6 90.7 93.5 91.0 88.5 96. 0
Re—Ar 76. 4 73.0 66. 4 73.7 76. 4 79.1 79.1 69.8 70.2 86.3
Re—Cl 61.5 56.2 51.7 58.2 60. 1 63.6 74.1 57.7 61.5 74.0
Cl—Re 81.5 83.5 78.2 77.4 74.3 88.5 94.5 79.7 81.3 95.3
Cl—Pr 72.9 69. 1 69.2 66.5 61.9 82.7 88.5 70.8 73.7 91.9
Pr—Cl 53.8 49.9 51.7 55.2 51.4 56.4 57.5 53.6 57.1 73.2
MEAN 72.5 70.5 69.3 70. 4 71.1 78.3 81.3 69.5 71.5 86.3




o200 B S T KBRS AYIGE RO AR 7 o TR IE AR R T ik 365
RI HFHIEELMN6 MIBESHNIERE (%)

Task NA TCA JDA GFK CORAL | JGSA MEDA NTSL TAISL | TTL-JDAAR
MNIST—MNISTM | 52.9 20. 1 15.4 21.1 30. 1 18.1 17.0 52.5 53.2 56.9
MNISTM—MNIST | 89.3 28.1 20.7 32.3 60.9 45.8 56.9 89.2 91.6 92.3

MNIST—USPS 58.3 38.2 35.6 43.9 49.5 44.9 50.6 52.9 55.8 87.6
USPS—MNIST 63.9 31.8 34.5 38.4 45.4 46. 1 53.3 59.9 65.9 89.2
MNISTM—USPS 40.9 29.3 17.2 27.0 27.2 32.5 41.8 35.5 36.8 82.5
USPS—MNISTM 22.0 13.4 13.1 14.0 17.6 10.9 10.7 19.2 24.5 32.8
MEAN 54.6 26.8 22.8 29.5 38.5 33.1 38.4 51.6 54.6 73.6

1,3 2,383 AfLVAE A SCER I Y 7 i AE Of-
fice-Caltech10 , OfficeHome , B F 505 45 19 F 3540 2K i
R AR AR E. A HT UL B g EE A, i1 T NA &7 R
IR 2 7 i, A0 R U5 S 2575 30 7 70 28 3
i ) H bR 3. TCA 38 3 B/ b MMD, {0% 55 i1 2% 1R
RO IDA X F5 3 AR 03 A0 RS A2 0 A (HR
A 7% JE BN GRS A7 NS AF AR 238 0 AT 7EAS [ 45 08 4R
AR 25 5. GFK 7E Grassmann it JE H (i 0 2k,
P H A 358 1) 245 () ol 98 0 A, R AT
% SEREATY 3 A XF 5. CORAL fifi F Wip Jr 22 i [ 3% s
BYRRAE , 2 —Fh 5 25 MU0 55 10 5 vk (HA 25 B
AR B 43 A % 55 R AR 5 i JL AT 43 4. JGSA FE JDA ()3t
fih 30 T 2 BE RS S R) B S RN AR 2 RE AR, TN L
R AR RS (EE WA 25 R RS BE R 1 IR — 3
. MEDA J&7£ Grassmann I3 JE H i 1o 45 44 XU S /M b
2R — AN A 432 g TR s Bl 250 I g R A
TSR A A1, (H R I 7 % 02 38 T 1) 4t b 1 R AIE 25
[B]. DA B R T 10 R 7 AEAE TR B AR
FEIR B LSS R B [n) . NTSL 238 1 5K 1 79 fff
PEATANZR 5K 1 725 (8] 5 2 19 75 3%, TAISL J& NTSL J7
YT, US N T XF 55 4R B4 A IE I 35T, NTSL A1 TAISL
STk R R R H R A H bR 5 B 2
TS A], WA 5 AL AR 1 30 28 0 A X 55 FAR BRI A T
— Bk SRR AR WK A SCHE Y TTL-JDAAR BE 5K
SRR, RlA A O 55, 2 2 43 A 6 S RN AL T, 2
> B WAL > R AR R U T 55 R0 1) 40 2 HE R %8

4.4 SIS

T R I AS SCHR L  TTL-JDAAR 148 S 500 )7
FRTERBIIRZA , 43 0 XF Sh 254 A X 5F S 8Ky, S i
IENSHp , & BCRERE B 1 F{EEAAT S5 0, 0K
BT, 16 3 B, 30 N B A S T X L
SEG AT

HRRMBUESE y, ilE e HESEE T=10,p
=1,p=le”" T y SHUH, KBk EAFH52K0E
TERANFR 4 P7n. y R/NRE T B RRAE 25 6] T 46 /N
RN B AR IR o A 22 S5 AE e/ B bR R B0 T AL
AR A T LUE W, 2 y—0 B, B 2288 A [ 35 1Y)
A X6, Fl y— + ool B JLT- 2 08 7~ [] 358, 114 B
B O T RN EGE L, B2 80U FUER R T .
Fd4 BHy EEURENIBEIESNENSEERE (%)

Dataset 0 1 10 |[le+2|le+3|le+4|1le+5

Office-Caltech10 | 91.8 [ 93.7 | 94.1 | 93.9 [93.9(92.0 | 92.0

OfficeHome 85.0 | 86.2 | 86.3|85.8 (853 | 85 84.7

G e S 54.2173.3173.6 |72.6 | 71.5 | 70.5 | 69.6

XIBUESE p, o0 E HESHE T=10,y =10,
n=1le " T p ZHUE, A BURGE L3532k 2%
WNEE S FivR. p BYR/INRGE T8RS hE 23 1) T 2dia 4 J5UL
PR PR IR R B AE S /M AR s BT 5 O, AR S
A, 2 p—0 I, RILP- 2008 K 5 19 LT sk
Hl p—> + ool , RILF- 220 W A [ 5[] 1K 45 380t 5 A1 2l 25
IR A5, #R e TP RUER T

RS Sy ERBEELNIBEIESHFHFRERE (%)

Dataset 0 0.1 1 10 20 30 40 le+2 le+3
Office-Caltech10 92.6 93.2 94.1 93.5 92.4 91.6 90.2 87.0 57.3
OfficeHome 84.3 85.2 86.3 84.0 79.9 71.2 75.6 64. 4 32.5
B KEsE 67.6 73.1 73.6 69.5 55.2 44.7 41.5 25.4 13.9

XBUES T, 0l E HESHE T =10,y =
10,p =1, P45 n S80ME, 25 806 4E 1 9P 3 70 JE i o
RN 6 7R, m BIR/NIE T BI7 LSR8 Y i U

RIBE ST , RIS R R AR e Ml R 6 WTLIREH, X g
—0 B}, BBy 1R 33 #L6 BE S/, T p— + oofif, B JL
T 20 W FL e T 2, R U SRR SR R R
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Fx6 S nESHBELIMNIBEICSH TS LERE(%)
Dataset 0 le -10 le -2 le-1 1 le+1 le +2 le+10
Office-Caltech10 87.4 93.7 93.8 94.1 93.9 91.5 89.6 89.0
OfficeHome 64.8 86.2 86.2 86.3 85.8 75.9 50. 4 27.3
MER s 63.3 70.3 71.6 73.6 72.8 69. 8 49.4 19.5

MAUESE T, 5w e eS8 Hy=10,p =1,
n=le” JJHTT T BEE, 4 B0 5% F 19200 2 HE i
RUWNET Froas. NFE T o LLE N, A SCE 57 Office-

Caltech10 (3B 4T 3 kAl ik Bk 81, #E OfficeHome %%
AT 6 AT RIS, FEE FHHRAE T 8 IR AT kIR S

KT TRERRE T TREREEIBEICSHTHILERE (%)

Dataset 1 2 3 4 5 6 7 8 9 10
Office-Caltech10 93.7 94.0 9.1 9.1 94.1 9.1 9.1 9.1 9.1 9.1
OfficeHome 84.9 85.8 86.2 86.2 86.2 86.3 86.3 86.3 86.3 86.3
G EE 60. 2 62.6 63.0 63.2 63.4 63. 4 63.6 73.6 73.6 73.6

4.5 HRETFTZEEESH

R TR B B A (] A 4R X T A RN PR RE R R
M, 48 SCHE OfficeHome 3 #2411 6 M2 2R 24
55 b o35 sk 1 25 A R HE BE L), 05 o0 PEAT S5

BEAFEASE A R AR BB, T LASK 725 (158 =4k J,
<512. N9 HTLIE Y, % j,—2 i, Bl U™ e R4
Y g BN, G G, BAE = R0, 2, —512 B B
U™ IS5 =4k j, B0k, o, il o, IS = 4eilok B e S8

ST, B, <ng Hodn, EFARFEARES © By A9 K/ e R ES NN 43
BRIk A B AR g, KR R A . K8 ji., FEBRETHSLEBRE (%)
TELIG P E j, =/, .5 =128,j, =20, (J, ,/,) 7 5IBUE N Ji s 1122133445566/ 77
1(1,1),(2,2),(3,3),(4,4),(5,5),(6,6),(7,7) 1, ClAr 81.0 [81.5 | 81.5|81.6 | 81.8 | 81.8 | 81.9
SIRATIRINGR 8 PR IR 8 FTLVE 2 () =) =7 ArCl 68.572.9| 72 |75.6 |76.9|77.8 | 77.8
! 1 et (D (2) 225 — g s e e A i A
HT’E(EKE?IIEHU U5 AR 1 AR RO RS A Pr—Re 97.1197.1197.3197.597.5 | 97.5 | 97.5
i B WA AN .
[E]EI’JT%D.:E’J{E‘ ’ﬁ%{ﬁﬁﬁziﬁn o . Re—Pr 91.0 | 91.5 |91.8 | 92.0 [92.0 | 92.2 | 92.4
H T KGR j, XEREHOROIN, BLBL )y =), =T, Js ArP 85.0 [ 86.1|87.4 |87.8 |87.8 | 87.9 | 87.9
=207, S K 2,4,8,16,32,64,128 256,512, 52 T : : : : : : ‘
AN . , ProAr 80.7 | 81.1|81.4|81.7(81.8|81.7 | 8.9
IRLE AN 9 FiR. BN EEAE A PR U R AE A2 7
X7 x 512 RN, 512 X 1 1) 2 H BUCHRRAIE 1) 38 18 %5, B
R L AEBETHSRERE (%)

i 2 4 8 16 3 64 128 256 512
Cl>Ar 37.9 61.0 69.3 78.1 81. 1 81.5 81.9 81.5 80. 6
ArCl 33.0 44.8 56.0 67.2 69.6 75.8 77.8 77.0 75.4
ProRe 56.2 74.2 85.5 9.5 97.1 97.9 97.5 97.5 97.5
Re—sPr 62.7 74.9 83.2 89.3 90.2 90. 8 92.4 91.3 90. 8
Ar—Pr 29.4 49.4 73.1 84.1 87.8 87.8 87.9 87.2 87.4
ProsAr 32.6 57.3 69. 1 75.0 79.4 82.3 81.9 81.9 79.4

N T KB AERE j, RPERER A E ) =7 =7,
=128,;, 43 #H{E "~ 10,20,30,40,50,60,70,80,90, 5%
as RN 10 s, BOA PR R H AR U DU 4 n, F
my %%E@%@{%E/‘Jﬁzkﬁ%,@fUh Smin(n4,m4). M

F£10 ATLLE 2 j,—10 B B U e R85 4t
BN, g, Fl G, WERPULERUN, 2 j,—90 B, BN U 56
Y R, g, F g, 1S DU YRR, e T B 2R
RSN
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F10 j, FRBETHSEERE(%)
Ja 10 20 30 40 50 60 70 80 90
Cl—>Ar 71.7 81.9 81.3 80.9 80.0 80.0 79.9 78.9 78.3
Ar—Cl 71.6 71.8 74.1 71.6 71.4 73.8 74.6 73.6 73.4
Pr—Re 96. 6 97.5 97.2 97.2 97.1 96.9 97.5 97.2 97.2
Re—Pr 89.8 92.4 92.0 91.1 91.0 91. 4 91.0 91. 4 91.2
Ar—Pr 76.8 87.9 87.1 86.5 81.0 80.5 80. 4 81.6 81.5
Pr—Ar 74.3 81.5 81.0 80.0 81.3 80. 1 80. 1 79.9 79.5
5 ,%x QE probability models via feature subsetting [ A ]. European

SR AT DL SR M RO ) iR R R 5 Kk A B
ARSCHE T —Fh Rl A A B0 5 7 o R RS T Y
TERE 27 )RR R T vk % 07 TR R G Sl00) 55 5K 1
Fas )24 2] H U5 SR H Aw Bl ] B % 55 v AE L s
[i1] , 22 fige BN 5 ) 3t JICERCH R 11 el DR Ay ) R A ke
Fas(a)s g vh R Bl 2 20 AR 55, /NIRRT H A I
GREARI AT TSR 03 A JF HAE 5K i 125 ] 2
IR g A RS, RAF B AT — Bk JLA A gk
P 4E (Office-Caltech10 | Office-Home %% 45 £ F1 50 & 50 35
) ER RS S I UE 1A SO R A R

S 30k
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