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Abstract: In unsupervised domain adaptation tasks, the source and target domains usually do not satisfy the indepen-
dent and identical distribution assumption. In order to generate the usable labels for the target domain, classical domain ad-
aptation methods select the category with the highest prediction probability of the classifier as the pseudo-label of the target
sample. Thus, the pseudo-label inevitably contains certain noise information, which may cause negative transfer to the do-
main adaptation model. In addition, traditional adversarial domain adaptation methods usually consider the global distribu-
tion between domains and ignore the category information of samples. How to extract discriminative category-level features
in domain adaptation tasks is also an important problem. Therefore, an unsupervised adversarial domain adaptation method
is proposed using feature anomaly detection and pseudo-label regression. The target samples of the same class predicted by
the classifier are formed into the category subdomain within the target domain. The Gaussian uniform mixture model is
used to detect the subdomain samples with abnormal distance from the class mean. The posterior probability of the samples
is calculated and the correctness of the sample pseudo-labels in the subdomain is measured, which is used as a loss factor to
limit the influence of pseudo-labels on the model in training. Meanwhile, the pseudo-label regression function is used to re-
duce the difference between the predicted label and the high-confidence pseudo-label of the classifier. The category con-

straint of the unlabeled target domain is adopted to improve the distinguishability of feature categories. Experimental results
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show that the average recognition accuracy of the proposed method on datasets Office-31, Image-CLEF, and Office-Home

are 90.2%, 89.6%, and 69.5%, respectively, which are all higher than the related popular algorithms.
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) A T R 2R I 2 R4, D, R FI AR D RS LE A
/ijﬁ.

RS KT ST AR N 7.4 Eﬁﬁi‘ﬁ]ﬁ%,ﬁ
A e 5 A (18) AR . A SCHE Db 28 Tt I By BB 34
SRR Rl %EEXH*T#ZIKF%M?%M?S*T W iEE
R GE X P BGE I Ty WA 2 BEAR g, 1 n 43
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W= C17) Fros . B 2R AR, 20 17) D bR 28 JE B
BRRAE 42 U 55 0 28 A% HUR T R0 45 i 1) 4fE 81, AN B
B2 S0, SE PR A RO B AR . S GEXT TR
I JT 1 T A 2R BEAR LE , 75 B SR 0 45 2 K R

K

MM T 0(N2~ E(n;)z),a‘%ciﬁﬁ%%um%ﬂﬁ@
k=1

SIS N

4 SLBESH

VA A S5 1, R Office-317  Image-CLEF
1 Office-Home " B 4i5 42 , W3 LA R 5256518 UE DR-
ADA BRI M L Sl 0 A5 Jr T 3 3 AR e 2 ] A
Ak S5 7% 85 I I R R A R A R AE S A R L
PRARZS T J7 18 , 18 Office-31 19 4 ME 55 4 it ARG
M S5 [ (0 O 25 TF B 28 . 3 2ok % ol S 0 i — 45
8 UF 45151 5% bR BIOG AR 1 R () 5 i, 25 Hh DI el R U
SR . S BUEURE S0 IO E T % R A R S B0
B 3 2 RS E A5
4.1 HIE&E

Office-31 A HEMERE A 15 4 110 5K K&, B 34>
A 2H )i : Amazon(A) \DSLR(D) 5 Webcam (W). 44547
IR A 312, A0S 2 817 5K (498 5K A 795 5K 1% . H:
oA K HL R, WA SRR ML 4 HER R, D
Sy R ARBL = A R A, 3 6 A SE MRS AT 55

Image-CLEF Ay J i 8048 48, 605 1 800 5K 8114,
Caltech-256 (C) . ImageNet ILSVRC 2012 (I) #11 Pascal
VOC 2012 (P) %5 3 A~ 40 e}, , 4% 453 40 5 12 2 600 7K &
15, 3 6 N FEAE T NAT 55

Office-Home A K Bk B B 5 45 , 3645 15 588 5k &
12,015 Art(A) \Clipart(C) Product(P) .Real World(R)
S AU, AT R 65 25, 4 ST 2 427 5K 4 365 5K
4 439 5K F14 357 sk MG . A 2w AN, C R 5T I i
PR Sy EG RN AHHLIASE W LG , &
12~k A Sl AT 55

VisDA-2017 & ¥k iR ECHE 4 |, B A 22 S 3 K i 3
ZH N, %500 A 3L 280 000 kK %, 3 12 S . %%k
it SEAE M A 1 1) S 56 BT 0 FH 1) b se B s 4, FH LSS IE
AT A X I AT 45 R A B A3
4.2 LWSHFEMET

R4 JC Wi B B AT 55 25 1, I 4 A TR AR A
B, HFRFEARA S hnss w8 b HirkEA . 5
At G W 40T 17 5 M ], SR FH ResNetS0 4 A4
TESR IR , WAL H B B AT RT3 AL 5Y L Bl
IRV B P 5 b e Al 7k T R D5 5 4 FH GPU E
17 25, %1432k NVIDIA GeForce RTX 3090, % 77
24.0 GB, Pytorch WA 1.8.1, python WA 3.7, 318

CUDA 111 AT YIS Ik . I 4 r b 4 0 8 2 el
AT PR UEAL AL B, i 307 1 S0 1R A BRI i Ak 2 5005 3
1k (33 AR ], [ FRAE SR AR FH 2 2 8 280, ol 22
R RAE R IR AR AL S8

EAHE B  FER IR S T SR B A i

SFIEPRIGE G AR 2e s C 2 (1) A=t (2) Tl A Al
TR R I 5 B B R AE SR RS G FH ImageNet ™ T 245 14
ResNet50 Fll— )2 41 1 28 W 28 A B, 43254 C FH 1)
DS A LZF 2 )22 . I BEDLES T R
DY B 2 IR EE P 2 48 S8, B 0 0.9 B 3
I8 A 0.000 1. #% BESCHRL 17 ) 300727 2 SRR S804,
42 U3 G 25 39 58 g 8 3 17, =0.001/(1+ap) #4770
B, P =0.75,0=10, W% 2] ) 0.001. 7324 C
AU 2% D 2 2] ZO RIS IR G Y 1048 .
S oW EH08,2=2/1+exp(~ep) -1, HH e=10,p
A ACHEEE N0 B 1 ZeMEAR AL, S B IR B VI 25 i
ENIEI DR
4.3 BERFENA

SRy B UE TR VA S R R L 7E 3 A AR LA
VRS UE T AT A

< R B 48 IR VB 5 5 (Deep Domain Confusion,
DDC) Ml LM R K I 25 5, /e 4 7 42 2 ik
NZMEAZ TS SR A RRAE SB35 42 Jm 70

- VR 3 i 2 ( Deep Adaptation Netowrk , DAN yuzl
TE 3N E I TIE B LU S TR R T 4R £
K% A R 2 S5 ) S S R i DR A ) 3 i) A

< VR A A4 X6 55 (CORrelation ALignment for Deep
domain adaptation, Deep CORAL)[mﬁﬁEi/J\ﬂ't?ﬁiﬂﬁ Zi|
BRI 0 Ty 2 JE I 2 S ke 4 v I 28 3 A RE )

« &30 3 6t P A 22 B 2% (Domain Adversarial Neural
Networks , DANN)"70RES45¢ 2% 2] 14 7 1 51 A 4086 Ry
(Bt , B2 L0 A8 85 S B SR AR A B R A Fl e/ MBI 2RI 25

o %F 370 1) 1] 488 35 ) (Adversarial Discriminative Do-
main Adaptation, ADDA) S PR B A A
177 BRI R A5 S, B RRAE A S 0 X 1

- B AAE AE  2% (Joint Adaptation Networks ,JAN) [43]
TENZRid 2 b 5] AREAZEBIME BXF AN [ U2 1A 4
A3, DT o 3835 7 1 T

o S5 F AR R G M &% (Conditional Adversarial Do-
main Adaptation, CDAN, CDAN+E) 2 #2 HH F51F 55 73 2
for PHUI 22 [60] 64 B 5 22V R R ik 2 2T S A

X Ho B 3@ W P 4% (Contrastive Adaptation Network ,
CAN,iCAN) " K 4fg 100 25 TU 43 5100} H ARFEAS Dhbs 25 20F
A7 R FEAVEH AL, IR H AR EA D bn 24 D U1 254k
a2 2] W 245

< B THT 23 6] B3 13 (DANN+R+E) i 4o 344 A 45
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REA AL ] B AR R e B ANAR S, I M T T 10
LTI UNGE =S

< VR BE T E0E W 4 (Deep Subdomain Adaption
Network , DSAN ) “* 5 1 J 38 £ FC 249 {1 22 5, B 4k V5,
I E AR SR & 350 A, 127 T B S il R 4% 25 S0 ik
EfE A
4.4 KWHERS5HH

PEAGHE AR « A SO FH IR A J5E A8 Sl 2 o 280 1
HIARIE TR ARG FE e Sl
| {xl) € D, Af ()=, }]

D]
i1, D, B FARER £ (x!) il y, 4334 A 1 9100
BMEAAARE BT - |[RRESHITRNE.

AT A3 2 4 BB - BUHRE 4E Office-31, Image-CLEF il
Office-Home AAHIUE FE QN3 1~32 3 s, 3@ AT 55
PN R BRI . T T B8 RISk H RS
R, 78 3R 55 s T 45 Sl oS FE A RS RS

JT $2 5575 DR-ADA 7E 45 %5048 4 368 B AE 45 131
BT R4 a9 9 205 . DDC L DAN | D-CORAL F1

(19)

acurracy =

DANN 45 3 o 7 1 2 78 3568 N 51 AFREA IS B,
X2 5 55 80 42 Jmy 43 AT, 5 51 ke 28 IR V8 R AR Ry
TR A, 3R 1~3% 3 45 L e s O e 4 55 . A LLfi
7 . DR-ADA FI| H th #5 % 15 B 08058 T S0 36k 1] 43 A 25
St 51 A G B HE R B e [ 200 PR A 2 AR e B S
PE LS 0 DR bR 2 BE AR 5 T 8GE AT 55, 8 B
B & 1458 2k 9N B Fn 38 B0 285 5 5 5 B AR D AR 45
TR 25 5, DT R I A ) S ek ) B A A S AR
T35k 35 7 1 BE

JAN MADA .CDAN Fl CDAN+E 28 5ifi e %6 1
FEARISTINE B, 8 0 6 6 55 RS RN H bR ek 2% A %R
O3 FEVERE LIRS . AR SO A R R R A
{ERY CDAN+E, 380l 4 - YR IS B i — 2D HUS T
2.5% .1.9% F13.7% B 8T . AR T 2205 vk AR X Dhbn
S SR O IS G , DR-ADA 7545 558033 13 22 B 14 i v
Wb AR A AL, JC MBS A5 1 A AH W] P b 28 H A
FEAFEAF FE 25 450 | 1% B 5 50 A0 3R 5 (B0 Dhbr 28 47
VR . A3 PR BB HE T W T 1 O i 6 T PR bR 25 1 7R
P A M HIROR , BEAZ I /N B ARFEAS D AR 25 o g 75 X 3,
T o A AR AT SR ) “ R RS R

gl

F1 Office-31 LHIIRBIIEE YA 2 %

J‘ —> —> — —> —> — ve.

Irik A—W D—W W—D A—D D—A W—A Avg

i ResNet50"! 68.4 96.7 99.3 68.9 62.5 60.7 76.1

ppc! 75.8 95.0 98.2 77.5 67.4 64.0 79.7

. DAN' 83.8 96.8 99.5 78.4 66.7 62.7 81.3
TR o

D-CORAL™ 717 97.6 99.7 81.1 64.6 64.0 80.8

JANH! 85.4 97.4 99.8 84.7 68.6 70.0 84.3

ADDAP 86.2 96.2 98.4 77.8 69.5 68.9 82.9

DANN! 82.0 96.9 99.1 79.7 68.2 67.4 82.2

MADAR 90.0 97.4 99.6 87.8 70.3 66.4 85.2

CDAN™ 93.1 98.2 100.0 89.8 70.1 68.0 86.6

FT XL CDAN+E® 94.1 98.6 100.0 92.9 71.0 69.3 87.7

CANE 81.5 98.2 99.7 85.5 65.9 63.4 82.4

iCAN 9.5 98.8 100.0 90.1 72.1 69.9 87.2

DANN+R+E®! — — — — — 89.8

DR-ADA 95.3 99.7 100.0 94.5 75.4 76.5 90.2

FE T OS2 33 1B 715, 4 iCAN Fl DANN+R+E
AMLEA bR B e B, I FLAE3GE I A T REAR
PhbRES S SRR S BT i A 2 SRR 4 IS T
BRI N 1.8 2 BitoR . BT 7 A0 L iCAN 7E Of-
fice-31 Fl Image-CLEF £ 4 4 I V- 34 73 S 0 5 45 £ 7
T 3% M12.2%. Wk 1~ 377~ , 5 DANN+R+E A b i
PETTIEAE 3B LA o SR B = T 0.4%
0.2% F10.7%. 1EPARZEERE F AR FX B F 77, DR-
ADA G5 RN ARAR 5 B3 B i P bR 25 IE A M
[F] B2 s E AR A AR REAE 5 [ 288 59 3l b 2 B4 (B A )

22 5¢ R W AR A RO R A e A R K4
Y5 T VisDA-2017 B S A RIS X] BG4 2 511U
K. Al LUAE H, A S B DR-ADA 7E knife . person.
skateboard Fl truck % 4 A5 AR T FT A3 X Eu AR AY
AR A, IR AE RIS 2R 50K B B 5 DSAN [R]
Al

% 5 A X ) % DR-ADA 5 DAN. DANN &
DANN+R+E 57 Office-31 [ s 17H}H] L% . 2175
4 GPU :NVIDIA GeForce RTX 3090, Z %1% & : batch i
32, epochs 7 100. F&H LA 10 epochs Az TI B, Gt it4F
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xR2 Image-CLEF FRYIRBIAEE PN %
WIRVS I—P pP—1I I—C C—1 C—P P—C Avg.
i H ResNet50"! 74.8 83.9 91.5 78.0 65.5 91.2 80.7
ppc! 74.6 85.7 91.1 83.2 68.3 88.8 81.8
S— DAN!" 75.0 86.2 93.3 84.1 69.8 91.3 83.3
JAN®I 76.8 88.0 94.7 89.5 74.2 91.7 85.8
D-CORAL™ 76.9 88.5 93.6 86.8 74.0 91.6 85.2
DANN! 75.0 86.0 96.2 87.0 74.3 91.5 85.0
MADA™! 75.0 87.9 96.0 88.8 75.2 92.2 85.8
CAN®! 78.2 87.5 94.2 89.5 75.8 89.2 85.7
J—— iCAN 79.5 89.7 94.7 89.9 78.5 92.0 87.4
CDAN™ 76.7 90.6 97.0 90.5 74.5 93.5 87.1
CDAN+E? 71.7 90.7 97.7 91.3 74.2 94.3 87.7
DANN+R+E"™? — — — — — — 89.4
DR-ADA 79.3 93.5 97.5 92.8 78.1 96.3 89.6
%3  Office-Home tHIIR BI#EE Wl %
A>C | AP | AR | C—A | C—P | C—R | Pm»A | PC | P>R | R—>A | R—C | R—P | Avg
W#MH | ResNet50 34.9 50.0 58.0 37.4 41.9 46.2 38.5 31.2 60.4 53.9 41.2 59.9 46.1
. DAN!"?! 43.6 57.0 67.9 45.8 56.5 60.4 44.0 43.6 67.7 63.1 51.5 74.3 56.3
- JANH 45.9 61.2 68.9 50.4 59.7 61.0 458 43.4 70.3 63.9 52.4 76.8 58.3
DANN!""! 45.6 59.3 70.1 47.0 58.5 60.9 46.1 43.7 68.5 63.2 51.8 76.8 57.6
CDAN™ 49.0 69.3 74.5 54.4 66.0 68.4 55.6 483 75.9 68.4 55.4 80.5 63.8
XL | CDAN+E® 50.7 70.6 76.0 57.6 70.0 70.0 57.4 50.9 713 70.9 56.7 81.6 65.8
DANN+R+E™ — — — — — — — — — — 68.8
DR-ADA 55.0 77.4 80.7 65.8 730 | 743 640 | 523 81.7 71.8 54.6 83.1 69.5
epoch [1J°F- 412 47} 18] . #H Ht DAN 52 DANN, DR-ADA F4 VisDA-2017i2 515 E B %
TEIBATHT ] A 45 B, X 2 TR o Hos B A i b 1 25 ResNet50 | DANN | DAN | DSAN | DR-ADA
0T 85 3044 SR A A A AR TR A aiplane | 723 | 819 | 681 | 909 | 885
DANN+R+E, DR-ADA ﬁxlﬁléﬁ?}%%%%ﬁ?ﬂj?ﬁﬁ'ﬁ , ﬁ bicycle 6.1 71.7 15.4 66.9 70.4
AT A LIRS T R, A A SR St bus 634 | 828 | 765 | 757 | 727
DR-ADA FLA Je RS 15 S0 25 A R4 oL7 | M3 | 870 | @24 | 76
B ATRA AT « o 008 2 B0 T 45207 7 0 R, horse 27 | 812 71| 889 | 682
A SCAE Office-31 30l 6 A TTRAT S |- FIFT -SNE HEA knife 7.9 205 | 489 | 77.0 79.5
PHFRHERELE T 4L . 8 3(a) A ImageNet 7l Z: ResNet- motorcycle 501 651 | 823 | 937 786
SO 012 SR 2048 SEHH AL AT 7 R 1 1T WAL 5 e B B R aY—rw
13(b) Iy A SCDR-ADA B BEIR) 2 048 Lk E 7 UGS skaI:cboard 18:5 54:6 33:2 67:6 75:0
N I EER . B LSRR IR AR, #E 5 5Ros R . 281 28 | 889 | so1 759
WAL . R B 3(a) AT LA HY S0 10 A7 7E R 40k ruck 25.9 78 | 422 | 394 484
[ HIFEARAIE S35 A IR S B ARSI AR Ave 494 574 | 628 | 751 751

AT R RANATUBRIA] B (A A 2 53 R B TR SRk, AR SC
FERSHUIRIE N J7 1 I R ER] -, 5 | AR A
5 hR AR AR R PR, A5 U IV B0 R S E
SRR B REAFAE 20 A SO T, I HL R ARl
T 025 A B g /D, AN [) I ) R A AR i D i) B K
X R B2 T ik T LA~ BB A 00 X734k AU AR
PERYRFUEZEIR | REAE R DT BC AN [R50 ) R0 8h A1

THRSE I 5 ISICEOR « 50 AR L A I SIURER L) K
FIFHR 45T 2 1A 550 L 7E Office-31 B4 A—>W A—
D . W—A fl D—A T4 L2 T 5 000 YAt
Yk rp o SRR AR RSO 2 01 T T I RS 56
PRFFRR SR Z5 R S 55 RN AR SERE R G B3 n 4%
PRI T 5 AR AR 2 B 128 SO % HL
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—40 e 3 - -40 . - ., —40 M R *
- %
80 * -80 . 80
8 -4 0 40 80 80 40 0 40 80 80 40 0 40 80
D->W DA DWW
80 80 80
4 .
»e o LI
40 e 40 4 “ - - 40 o PR
-~ c%' '*f;-..h ~ *‘ "e' <L r
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(a) ABURIE I HIRHAE AT AL

(b) AU P AL R] LA

P13 AR I I I 23 A X EE

%5 Office-31 45 epoch EHIEITRI[H) B %

epochs DANN DAN DANN+R+E | DR-ADA

1~10 50.2 234 1252 85.4
11~20 515 25.6 1218 85.3
21~30 53.4 243 120.1 87.1
31~40 48.3 22.9 120.5 85.6
41~50 52.6 23.2 123.0 81.3
51~60 472 215 1237 80.7
61~70 50.1 24.4 121.3 82.5
71~80 52.6 20.6 120.6 85.3
81~90 51.7 224 1242 81.9
91~100 48.4 214 121.0 84.2

Avg. 50.4 23.0 122.0 83.9

FEPERE, A4 PR . Hidloss1 #m X (2) Fn= (3) 1E
SRR 2% R B R 2515 3 1Y 7 AR DR T 2L, loss2
FoR loss 1+ 2 (14) 1E 40 2% eR BT B 1 43 28 R e 2 it
28 loss3 #m loss 1+20 (12)+2 (15)/F i 2k sR S 2111
P RAEE RN LR lossd Fom BB R 20 (16) XL 8 7SS 55
M. ATLUE A A B R T loss4 W SRR &
FURGEE B . loss3 BEBERE AR 2 LS £ loss 1 ZE451E 55
R EE B E R TE, Wn YRR AR S G D e A% 1 s A R A Oy

PREEME R FRES T B EEEE, 3T HARFEAR IR Z BT
42k BEAE A S5O F H BRI D AR 25 45 4 UG B RE AR 28 3104
B3R HARAREAS R X 201 . loss2 S loss 1 AH HETEAS
TEREAT 55 1 MBSO B2 3545 AN TRV R BE 4 o, ) 2 Akt
RAEVN G RIBAT B TREAR - 2R % 2 H A—D
FIA-WAL S5 HHE D—A FIW— A 53 IR R R FE
FEAARIA] 33X S T BT 45 400 25 S 0 R A Ao e
AMETT RT3 FEVERESRE T RO R AL

SBUURME : by B O b 25 M X A ) 5 i), o
P AE R (15) P g | ARE 2, I3 2 5 i 2 i 5
FREE S T R MR Rl o 14 . 15 Image-CLEF 8l
1) P—C,C—P, P=T I T=P 4 M TE AT 55 EXF AR 0
SRPUEIAT AR 2R, E SR . T P—TAIP—C
B 25 55N B S BN A S5 S R S i L A /)N
E7E HAh AT 25 S 3 K AT 55 1 i 5 (a) , B34 o 13
B 0.8 42 A BUS Fe AR RE  HERf R ih kg 4 b7t BUE
1E0.8 3 0.9 Z [8] , 3 NS M AT 55 LR R T . X Fh
SETH 5 R I AR DR /N A (75 D b 28 58 vh
(o N AL eI NT] 3 R RG24 e U
TP B R SR W 75 i I AL [ B 53 1 A o0 P b
SR S TR RS RE S . i 5(b) TR L TE
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iSivie AR

(a) A=W sk (b) A—D kS
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01000 2000 3000 4000 5000 0 1000 2000 3000 4000 5000
LA/ AR

(c) W—A sk (d) D—A L S2
B4 AR TR IR RIS 2k

PRSI 25 53 KA 55 1P 5 C—P I, HERf B AY
HASEPIE TR A X 175 0.8 1) 1.0 I vfiERf 5 T [,
TEBR2E 57 R 55 Ly AR e PR R R 22 5
YIZRA DR A M P 5 e, T o R A BB 5 3 in D
REME P BRI AR, T | L GRS

95{ T T T~ 959
M‘/\ ——
9 90
< =~
s 1P Pl g —+— 2P ——P—1
£ ——C—>P —+—PC £ ——C>P —~PC
# #
50 l\/_/_,___\_/‘”"" 80 ——
01 03 05 07 09 02 04 06 08 1.0
[ A

(a) PUE o XIIYZEHERZREN (b) B A X5 FEHER R A 500
5 BRI TE XA 3 FER 5 20

FEXT 53 B8 5 8 REAR 1 [ (B E AT SR BRI, /Nl
T [ A0 2 5 AR TR 1 MR BE . /0N B X LA e AR e
7, R A 23 PR 25 35 K PR A 28 5 i 1T [ A1
ERHE T, H7E SE PRIk 5 {8 B 3 2% JEOA W) 2540 4
PN B DL K AN [] 43 3 7] 25 530 . X Image-CLEF 4 47
45, BT P1 I P—C AR T, BE o A 2558 X 1527
PERERY R I A/, IR LR B C—P 5 TP B SE IR 45 A
Skt i BAEARUE . AN 5(a) , BIEAE 0.8 BT, 232
TR AE T 55 255 RN AE

SRR RIGARA R : A TR I AR S AT 55
o HAREEAS 5 SRR A B TR O 2 B S, AR
CTE Office-31 B A—>W . A—D . D—A Fl W—A %541 55 |-
S TR B 10580, AR RS AR B o T B R
FEAS DR 2 WU AE R 2, 36 M5 B MESR K T BUE o B

FhbREE Jy B B AR FEA$ R 5 5 5 HE R R T BE o B
BT A HbRIFEARBCR Z . WZR 6 TR, Bl o 3K
Pt M Zeth ik — 4R T, R W PR AR 5 A D 7y
R R S 34 A0 TR B R R ARG I R AR R S SR i B
PR i I 5 50 WE S 4R A U D AR 2 B, HL
P B AENS LSRR PR T R OB 25 .

®6 ARFREREENHIREERE Hfir %
w A—W A—>D | D—A W—A
02 | 95104 | 93.95:0.4 71.29+0.4 78.03£0.1
0.3 | 95.62+0.3 | 94.61x0.5 72.8120.3 79.70£0.2
04 | 95.85x0.2 | 95.27+0.5 75.110.1 82.03+0.2
0.5 | 96.03x0.4 | 95.93x0.3 77.300.1 84.52+0.5
0.6 | 96.06x0.6 | 96.18+0.4 81.61x0.3 87.80+0.7
0.7 | 96.75+0.6 | 97.20=0.9 96.830.6 97.39+0.6
0.8 | 100+0.0 100+0.0 100=0.0 100+0.0

5 it

X BT 33 7 2 TG W U I ) A g, ) LA
ARG SRS bR G P BT 55 I B B R B R
AR SO R BUE N7 ARl Db 28 W 7 [ AL K ]
SR ICRA 50k 19 2 FORFAE R R, F i T 2T
AL S5 G DN 55 DR bR 28 ] U0 8 o o W HE SR . T 42
7 WA 5 S AR B B H AR SURE AR D hR 28 IE A 1, OF
A8 g D o 28 40 2R T (UK i 7 o 2825 SR PR RIS
$ 1 ol IR ) B SRR T DX A G 2
FEMETT IE AT X HE, FR W T 4 07 % A 0 AT 55 Hh R
TR PERE . AN, SEHR o MARAE AT HLAL £
P 28 T A % R KA RV DT T E AT T RS HUER,
TR A ST S R AT S A0 5 32 REAT A% B BB Al P oo
(0 H RO bR 2 B S SC B R it — 2D M 08 1 LY AE
FIARI L iR AE RN fiE

5% Sk
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