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Unsupervised Domain Adaptation Based on Joint Hierarchical
Granularity Envelope Discriminative Feature Learning
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Abstract:  Unsupervised domain adaptation(UDA) is a significant research area that aims to transfer knowledge from
source data, which is well-labeled but distributed differently, to unlabeled target data. Existing methods only considered
aligning the distributions of the original source and target domain samples, suffering from the big difference in the distribu-
tions. In recent years, semantic-based UDA has integrated category information on this basis. However, the category infor-
mation is too coarse and cannot fully reflect the distributions of source and target domain. To solve this problem, a joint hi-
erarchical granularity envelope(JHGE) discriminative feature learning approach is proposed, which integrates information
from original sample pairs, categories, and granular envelopes at three levels. This method can reflect the distribution from
coarse to fine. Specifically, the "knowledge pyramid" theory is firstly incorporated into the UDA framework to realize multi-
sample granularity-based semantic representation. Besides, granular envelopes are created to connect the original samples
with class centers, establishing three layers of sample granularity, which replace the single layer of original samples in exist-
ing UDA methods. Secondly, an iterative clustering approach is developed to uncover associative information between sam-
ples, generating granular envelopes between original samples and class centers. This three-layer sample granularity enriches
the informative content of the existing UDA methods. Thirdly, a bagging ensemble mode is implemented to integrate the
three-layer granularity spaces. The different layers of granularity are weighted to ensure satisfactory accuracy. Experimental

results on benchmark datasets demonstrate that this method can effectively reduce differences across domain and outper-
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forms the state-of-the-art domain adaptation methods.
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2 3R B 5 B0 8 TS R AR DRI B 4 2R AT LR
e

2

c
kw __ :
=2, 2 min

zsi_ zsk
i1,
- . 2 (16)
=> > min o fz-z
c=lx,eD!

=tr(4 kTw X0 X, kTm Ay,)

a2 22 (15) IR (16) ) AIRUE o0 e A
55 SRR BT AR
Th= Tl +a Tl Bl Ay | (17)

PICAIRUZ R T A, BRI T LRy

1'1:14il’1 Tr(A;(erkw (Mkw+anw )XkTwAkw) +ﬁ || AkWH i‘( 18)
stA, X, HX A, =1

XFFRRZ B A% 2 T BB, RT3 (14) 9
RIAT LU

s min S(7(e) A(2)) s S ste) sl
= min (F,- F*) (F,-F")+F/]LF,

(19)
i i SR A (18) A (19) , F AT AT LAAS 2 iR =
BRI AR A, F F AR EAS F.
3.3 ETZHEEMEIMNMESIH
TEASCHY JHGE RESR rh , =N [P B2 3 1) H AR
SO IAR AT LI E N 00 2 B Ly, i=1,2,3}
BRI IEAR AT . T3 H A ME S0 AR s B

MAHRZ AT LA
QX)=y, F(Z)+p, FE(ZF)+y, F (Z]")

3 20
s.t.zyl: 1 (20)
i=1
HWHZ =4,X,,Z:=A, X FHZ"=4, X,
4 I

4.1 HIFESEHEE

AR A T LA 2 felt 1 0% 5 B v
4 , Bl CMU-PIE , Office-Caltech10 (SURF F1 DeCAF6)
1 Office-31 (DeCAF7 il ResNet-50) H 4 4 . 783X HL,
FA DB EE AT TR A 4

CMU-PIES 28R 442 5k 1 68 1 A, RS R/
h 3232 (4 40 000 Z 5K I FR IR . 5 SERTAIATTE—2L,
FATREIC T 5 A2 H TR A & L B C05.,.C07.,
C09.C27 F1C29.

Office+Caltech-10"" : Z X3 45405k [ 1042851
(92 53354 S T SRR FRAT Y vk AR
T PIFRZE I A HRAE - 800 4 (1) SURF 4F1E F1 4096 4 De-
CAF6FHIE .

Office-31""" AR B 31 ~J1 4 6524~ 5L 91
ARG, AR T2k H A AR Amazon(A) \Web-
cam(W) \DSLR(D) B4FAESEA TS5, B 4096 4E DeCAFT
FEAE 1 2048 4E (1) ResNet-50 FFAE .

4.2 XWIRE

T B UEA SCRT R FL THGE A sk FeAT1 5 K
A FE U ST T B B A 3 DT EA T TS EE S INN
(1-Nearest Neighbor) ", GFK'®', TCA"" , JDA", JGSA
(Joint Geometrical and Statistical Alignment) [24] , MEDA
(Manifold Embedded Distribution Alignment ) [26] , DICD
(Domain Invariant and Class Discriminative) 2" , DICE
(Domain-Irrelevant Class clustEring) (28] , DTLC (Discrimi-
native Transfer feature and Label Consistency) ", ACE
(Adaptive Component Embedding) """, MSL-GLR (Mar-
ginal Subspace Learning with Group Low-Rank) ', DIA
A]ignment) [14] , PGCD
(Probability-based Graph embedding Cross-domain and
class Discriminative feature learning) 2] 53 ey v 44 2
JC M G 5 s, WA o T kA S T R E R O
o 72D 50AE JTHGE HAT 38 IR B RRAE B A0k
FATIE P A T TUA o 3 3 1) T M R R R Y
.+ AlexNet'*', ResNet™', DDC'"!, DAN (Deep Adapta-
tion Networks) " , DANN (Domain-Adversarial Neural
Networks) 2, DCORAL (Deep CORAL) "', JAN (Joint
Adaptation Networks) ', DUCDA (Deep Unsupervised
Convolutional Domain Adaptation) ', MCD (Maximum

(Discriminative  Invariant
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EE ¢

Classifier Discrepancy) ', CAT (Cluster Alignment with a
Teacher) ®'", DMAL (Deep Multi-representations Adver-
sarial Learning) ™", 13X #6745 4 R 24 3] 1 0 W B
SO N T

R T ARUE S, AR SCS RSk [ 5 TR SCik[ 7], 5K
WSS — W B NERKRET=10,a=1,% TS5 B,
FATHE CMU-PIE £ 45 ik & Ry p=0. 1, H A His 4
WHE RN B=1. XTF L ESE P, AT A EIEE 5
—iE R P=0.95.
4.3 ZLWHERSTE
4.3.1 CMU-PIEEIEEN S ELER

R T RV AR ST A 44 19 THGE 7 1545 388 1 35 11 1%
PURAE 55 (094 R0, AT T4 CMU-PIE B85 4 L kAT
TEE . AT THGE 5 LA T 19 Y TG W 7B 4k 5
I HEAT T X L, £ 9% ACE \MSL-GLR . DIA Fil PGCD %57
. MR P RS SR R THGE 76 HERf 14 7 1
PeF AL k. BARMF  JHGE 78 20 ME 55 i
TG R AER R IEF T 88, 6%. X —HERHI R BT
feff: Baseline J57% PGCD AU I . F L, FoATTHOTF 5T 245
R THGE 78 b Xt 125 457 3ok 11 358 el 45 1) 9k ok v L
FER LIRS

{8 15 7E 25 19 & . CMU-PIE £ 38 8 40 & 60 2 2%
. 2N ECE B3 I S I B AR 2 2 i 2
ek, T B IE AR B R A5 H) v 2k ECRIR & 38 0 . JHGE
NN L= S R R SRR R Uil R R
T T A PERE . X E R T HAE 2R AR
X A RS R AR A 02 2T Ad A5 H B SREAE 75 2
FEOTFRAE, I HE = T 432k RE
4.3.2 Office+Caltechl0 EIBEM D ELER

1E Office+Caltech 10 B4l 5 v, A SCHIF5E A8 ] 1 9
RS ] 26 80 B4R 1E - SURF Fll DeCAF6. R4 2 2 Fl 45 5
7R, JHGE B 376 A JH DeCAF6 FRAF I K45 1 e i 4
R ORI HAE 124 B8 AT S 6 S rh R
P F Hofth )7 2 . B SR PGCD . MSL-GLR . ACE . DTLC .
MEDA Fl DICE 4§ J5 7513 i B2 7 T B s 1k
90% MY ZE R (B ME 2 T, JHGE 738 R PERE LA F5 5
B U HLAL . X TR S5 W—C I D—A, T f2
B ARIS B Fe Al 2 5 A 45 FAH 22 8K, X ]
REE ONFEZ BG4 L R R A RE AR 22 K
JEHIEFEAT 5 W—C(295%F 1 123) fil D—A (157 %} 958)
e R SEORT E R SR A R 1 B i AS 38 T BB 2 T B
BRI TG AT 50 T BN P50 b ) [ 4

TEZBAESE T, SURF FRAE 1432845 R WL 3. AL
D5 V5 AE V- 2 U 1 3 5 1T IK B 52, 7%, 68 50 5 s i
PGCD 7E SURF FEAE £ 4l 45 & 3R M A A . 3 X L
SURF 1 DeCAF6 F-AIE 9 43 23 45 5L, AT A AR SC 07 1k

1E DeCAF6 F#AF iy - 24 ME 7 F L [k PGCD & 2. 2%, i
PGCD 7£ SURF FRAIF A - ¥ MET R | L JHGE J5 ¥k =
2.2%. T SURF-BoW i J& THE 4 F THHE , H A
B AR XTS5 , B T R AR AR AE ORI R A ) i T
DeCAF6 FEAF &R B 27 ] 2 U = )2 HAE , BA —E 1Y
EIREHFHEE . FE4E5 A>W . W—C . W—D . D—C
A D—A i fifi F SURF 43-AF 1) 26 PR BRAE , AT RE 2 KA
SURF FFIEAE A [R]85 2 (] (0 3 B MR 25, Tovk A
PR SR 1 SCA L . AR SRR B A i RN R FH A
FRAE B A MG RIS R IE R R . AL,
JHGE 763X BIANFRAE_ LR B T8 75 B9 bEfE , om
5K 7 AL RE
4.3.3 Office31 HIBEM D LLER

FAER TR JHGE 71 5 Office-31 B4
| DeCAFT FRE AR )2 UDA M LAY S2 86 45 01 . 5
2 UDA J7 Ml EE , JHGE 78 6 ME 55 US 1 f5e i °F
PIMERf ik 5 75. 9%, Horp A 3 MRS R A it
A FRATTI R H 55 LA 32 37 A s 2] o U B ek ) 36 N A7
BT T BT, A R 5. 7ED—A FIW—A [
ST 55 JHGE AT FIRE UDA ik R B B 2 i
PERBER T . (B B eV B MR A E A BR 1 U5
SRS B R AS B B KW B ARSI AT 55 JHGE 4 T3
Mk, T HEAE DA M WoAY R . XRET
JHGE X 15 35005 B A5 R8OR) R B JFC 85 38 L AR 1) e f ko
FF , FR IR AE PR A R HR . X T 2 A ResNet-
50 FFAE Y Office-31 B4R 4R , T A48 HH 1Y THGE K3 i1 fe
1o B - BB % 87, 2% , I AE 2 AT 55 (1511 4n W—A A1l
D—W) R B G . SR X T DeCAFT $R-AE A9 50 24T
%) W—D, ResNet50 5 1iE 970 FA T 55 H I A—D, W
—D RIS AT, 7T RS T AL MR AR SR
B W—D AT 55 1 Jovk 75038 0 H BRI A . X F A—
D XA 1 5 24T 55, B0 FH ResNetS0 FEAE , Y 50AT H
Frisk 22 6] (8 &2 2% 4 A 22 S A R 132 AL e 4 T
O ISR . R, 5 Office-31 B4 )2 M
)2 UDA VAR, JHGE Y2 B 1wl g MEBE
4.4 LIEHH

FEARTT L FRATTAILA J5 T 43 87 THGE 1945 4 -
THALAIFSY REAE AT AL 2 B
4.4.1 HRRCIE

FATAE CMU-PIE B4 3047 T 2500 8 Al SL 56
WEGE T I T =P BEREARZ (W5 FEARZ R4 )2
RPN E . BARORUL, LR T A S0 (JHGE) 5 LA
EARTTIE  “wlo C+G” ((UEEARJZ) “wlo G (FEAR 2+
BZE) wiho C7 (FEARZHRIALL8 2 ) L “C+C7 CRiAL 4% )2+
O Z) | only G (UL AL 4% 2 ) Fl “only C7 ([
2.



U GHET IS 2 PORL AL 2% F R AIE 25 ] (9 JC M I el A 3 1 75 9

Fz1 CMU-PIEEIEE LS RERER

Methods INN | GFK | TCA | JDA | JGSA | DICD | DICE | DTLC | ACE lf;; DIA | PGCD | Ours
C05—C07 | 261 | 262 | 408 | 586 52.9 73.0 84.1 85.1 68.8 81.4 78.2 89.3 90.7
C05—C09 | 266 | 273 | 418 | 520 53.1 72.0 77.9 82.7 62.4 72.7 74.1 82.8 88.3
C05—C27 | 307 | 312 | 596 | 837 66.0 92.2 95.9 97.1 84.9 95.3 93.0 95.0 96.4
€05—C29 16.7 176 | 294 | 477 46.1 66.9 66.5 772 54.4 60.6 73.1 66.0 85.3
C07—C05 | 245 | 252 | 418 | 606 57.5 69.9 81.3 82.8 66.8 82.5 62.3 84.4 88.6
C07—C09 | 46.6 | 474 | 515 | 602 57.2 65.9 74.0 83.9 72.7 78.1 79.8 86.1 82.2
C07—C27 | 541 | 543 | 647 | 754 69.2 85.3 88.6 92.1 85.5 91.9 87.4 90.8 94.0
C07—C29 | 265 | 27.1 337 | 409 49.8 48.7 68.8 79.7 52.0 64.2 63.5 711 83.4
€09—C05 214 | 218 | 347 | 509 56.1 69.4 78.8 80.0 64.5 77.0 72.9 83.8 85.6
C09—C07 | 41.0 | 432 | 477 | 56.1 58.7 65.4 76.7 84.4 69.4 76.2 74.2 83.1 83.3
C09—C27 | 465 | 464 | 562 | 680 69.5 83.4 85.2 94.3 87.9 96.2 89.7 95.5 94.0
€09—C29 | 262 | 267 | 332 | 403 522 61.4 70.8 79.9 62.3 68.6 711 78.2 85.9
€27—C05 | 33.0 | 342 | 556 | 810 63.2 93.1 93.3 96.7 88.2 96.9 93.7 98.1 98.2
€27—C07 | 527 | 629 | 678 | 828 65.7 90.1 95.0 94.8 91.7 96.1 94.7 95.5 97.5
C27-C09 | 732 | 734 | 759 | 872 62.6 89.0 92.3 95.4 92.6 93.8 88.8 93.0 93.9
€27—C29 | 372 | 374 | 403 | 499 57.0 75.6 81.1 84.4 71.3 82.2 85.6 84.5 90.2
€29—C05 185 | 204 | 270 | 470 56.3 62.9 73.8 75.4 55.3 65.3 64.7 82.1 79.3
C29—C07 | 242 | 246 | 300 | 448 54.7 57.0 71.2 77.8 54.5 74.7 67.8 80.7 78.4
€29—C09 | 283 | 285 | 300 | 48.1 56.4 65.9 74.1 82.4 62.1 79.2 74.3 82.8 88.3
€29—C27 | 312 | 313 | 336 | 565 61.7 74.8 81.8 89.7 70.7 88.2 89.5 84.7 88.3

Avg. 348 | 354 | 448 | 596 58.3 73.1 80.6 85.8 71.2 81.1 78.9 85.4 88.6

#®2 Office+Caltech10 B #EEE _E DeCAF $FIERI ST KGR

Tasks INN | GFK TCA JDA | JGSA | DICD | MEDA | DICE | DTLC | ACE Ré;; PGCD | Ours
C—A | 873 87.3 89.8 90.2 91.4 90.9 93.4 92.3 92.8 92.1 93.8 92.5 9.8
C—W | 725 75.9 78.3 85.4 86.8 92.2 95.6 93.6 98.0 89.5 95.6 91.2 96.6
c—D | 79.6 83.4 85.4 86.0 93.6 93.6 91.1 93.6 93.0 88.5 90.5 92.4 96.8
A—C | 717 80.3 82.6 81.9 84.9 86.0 87.4 85.9 88.2 84.5 88.3 86.5 87.1
AW | 68.1 77.0 742 80.7 81.0 81.4 88.1 86.4 93.6 87.8 932 84.1 98.3
A—D | 745 80.9 81.5 81.5 88.5 83.4 88.1 89.8 87.3 86.0 91.7 90.4 90.3
W—C | 553 67.8 80.4 81.2 84.9 84.0 93.2 85.3 88.1 84.5 88.4 85.3 81.7
W—A | 626 74.3 84.1 90.7 90.7 89.7 99.4 90.7 92.0 92.3 92.6 91.6 96.3
W—D | 981 | 100.0 | 1000 | 100.0 | 1000 | 100.0 99.4 1000 | 1000 | 100.0 | 1000 | 1000 | 100.0
D—C | 42.1 69.1 82.3 80.3 86.2 86.1 87.5 87.4 89.3 86.3 88.7 87.6 87.5
D—A | 500 75.8 89.1 92.0 92.0 92.1 93.2 92.5 92.9 91.9 93.3 925 91.6
D-W | 915 98.6 99.7 99.3 99.7 99.0 97.6 99.0 | 100.0 | 1000 | 1000 | 1000 | 100.0
Avg. 71.1 80.9 85.6 87.4 90.0 89.9 92.8 91.4 93.0 90.3 93.0 91.2 93.4

644 T C29—C05.C29—C07 . C29—C09 ., C29
—C27 AT 55 BUZE I . AR R, 2R FHIE SO 55 0
2Bl “wlo G “wlo C” . “G+C” F1“THGE” ) M %} T4
TS24 7 (“wlo C+G7 ) R . X T
SR8 A 35 7 VE B G BT (A L A
F“wlo G, JHGE B T T by i Pk B , X T GEIH I F 15
SZHRPETREAR Z A9 A A5 B . JHGE 725 “wlo C+

G A B E 0 (79. 8% vs. 83.9%) , I H 5 “wlo
G”(81.6% vs. 83.9%)F1“w/o C"(82. 7% vs. 83.9%)HH
LA pr ot . X R, 456 = R REFEAS 252 i 45

Y £ R, R ] J2 AL 2 R AR 7R 4T ek [ 3 N Ay
WEBRLHEBENMO. W, EHEGZ RGN,
“GH+C T B UHERR M 80. 2% ,H 24 = JZ B Al
B (R JHGE J53% ), F R R 5 2] T 83. 9%, i —25
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R4 Office-31 HIEE L DeCAF 4FIEM N KL R

+z6 TECMU-PIEHIBE FHRMIBHNNRER

Methods | A>W | A—»D | W—A | W—D | D—A | D>W | Avg. Method C29— C29— C29— C29— Ave
INN 54.0 | 59.6 | 40.8 | 97.8 | 424 | 909 | 643 CO5 Co7 C09 C27
GFK 58.6 | 584 | 524 | 93.6 | 46.1 91.0 | 66.7 wlo C+G 72.1 78.0 82.4 86.5 79.8
TCA 57.8 59.0 | 51.6 | 90.2 | 473 88.2 | 65.7 w/o G 76.9 79.6 84.7 85.2 81.6
JDA 56.6 | 569 | 47.0 | 94.1 45.0 | 98.0 | 66.3 w/o C 71.5 77.2 87.7 88.3 82.7
DTSL 60.0 | 54.5 46.6 | 943 | 456 | 940 | 65.8 only G 74.2 69.4 81.2 82.3 76.8
JGSA 63.5 56.0 | 585 | 97.2 | 554 | 982 | 715 only C 74.6 66.1 71.0 81.5 73.3
MEDA 62.7 56.7 | 542 | 965 51.2 | 98.6 | 70.0 G+C 75.1 79.6 84.7 81.6 80.2
DICE 59.6 | 61.4 | 52.8 | 92.0 | 50.8 87.0 | 67.3 JHGE 79.3 79.6 88.3 88.3 83.9
DTLC 66.1 684 | 565 | 98.8 | 59.0 | 974 | 744 4.4.2 USIERTAAL

Ours 76.5 | 685 | 57.6 | 97.9 | 557 | 993 | 759

£S5 Office-31 H#BE L DeCAF $HEFN ResNet50 HHEAT 4> K4 R

A— | A—> | W= | W— [ D— | D—
Methods Avg.
A% D A D A A\

Features

AlexNet | 61.6 | 63.8 | 49.8 | 99.0| 51.1 | 95.4| 70.1

DDC 61.8 | 644|522 | 98.5|52.1| 950/ 70.7

DAN 68.5]67.0|53.1 | 99.0|54.0| 96.0| 72.9

DeCAF, DANN | 73.0 | 72.3 | 51.2 | 99.2| 534 | 96.4| 74.3

DCORAL | 66.4 | 66.8 | 52.8 | 95.7| 51.5| 99.2| 72.1

DUCDA | 68.3 | 68.3 |53.6 | 96.2|51.6| 99.7| 73.0

Ours 76.5 | 68.5|57.6 | 979|557 | 99.3|759

ResNet | 68.9 | 68.4 | 62.5| 96.7| 60.7 | 99.3| 76.1

DAN 78.6 | 80.5 | 63.6 | 97.1]62.8 | 99.6| 80.4

JAN 84.7 | 854 | 68.6 | 97.4|70.0| 99.8| 843

DANN | 79.7 | 82.0 | 68.2 | 969|674 | 99.1|82.2

ResNet-50
MCD 922 | 88.6 | 69.5 | 98.5| 69.7 | 100.0 | 86.5

CAT 91.1 | 90.6 | 66.5 | 99.6| 70.4 | 98.6| 86.1

DMAL | 88.4|89.1 |70.8 [100.0| 71.8 | 99.2| 86.6

Ours 90.9 | 86.6 | 73.1 | 97.6| 74.8 | 100.0 | 87.2

Bk 1ORC A2 A NS 2 B HAME . 7E C29—CO5 HYiE
AL T, “wlo C+G” Monly G"Fl"only C" 4351 XF J “AX
FEARZ” “AURALEE 27 A AR, X S AR R Ty vk
TR 32— 3G, MAE HAL =T AE 55 | X 2y
T 00 U R 4 M I /L . 3 AT R R PR Ol B COs s 2
) MR P ) 532 ) B, e ok 905 IR AR B SRR AR X 5, B
Ur PR BT 200 22 1) Y AR A5 L DATIT A 5 1 A 1Y
FE MRS

ARSI RS E R 5] ARE RS IZ R A A 2 18]
M OCHR O R, SO T IR A A B F 2 v B AN [ 19 0
BT BT 55 R U G . B TR SR R I )
DA - %o 5 5 SORN AR 0 20 A, DT AR AR 1Y
W& N RE T . PR IR A 4% 2 AN AL RE A8 4D 78RR A
A2 B AN AL, 7 L BE S A R0 52 B 00T 5 A 5 3
R, 22 B TR T UDA PR (20 B A0 H A M .

T T B R A5 1R H AR RN o A B DU
P AT T -SNE i AL AR . FRATTEEHL T Office+
Caltech10 ) DeCAF6 H5 fiF B ¥ 45 , XF W—A 4T 55 H 1
= bR 2 U B AT O Y 2 SR AT TR AR
RiALZE RN . R 4 () T LA Y, B bR A9 500 75
B 2 0 R AR RE AR ZS ] vh A A 38 50 L SR, B B
R — KB REARZ K, R TN E
BEEANE . K 4(h) RILE(E B2 R 8RR
25 () H, 28 B 1 B R R Tl LSRN, e 26
S Z B AT X AT [ T . X SRR e 2R N A
it 43 A7 0 TRV B, AT RE 25 51 A PR R 11 SRR 5 2 2
[E) 4 52 S Tm) AL ] 4 (e ) dib s 78 TR 2 A 28 48 5 &5
(B, H b3k i 5 52 B0 e B0 0 R R A9 S MRl AL L 4R
0T, FH T U b A S 2 A A & AR S 1 3
N3N T B BRI Z 8 R 2 . X T RE S
AR R . NI, T LA AR R
B A5 8., FEAT AN [RIREEE 900 4 TC Wi 4k 19 3 07, DA 4R
B B A
4.4.3 SEREFE

ST VEAR T B A A (g e A R, FRATTRT
JHGE ()2l B 2800 AT T B o0 T . 4l S
FE R AL 4 A0 Ak T TR G OCERVE L ELBE R A S
fig. B 5 U T ZEMUAS AN [F4E 55 C— A (Office+Caltech 10
YL EE DeCAF6 H#1E ) . D—W (Office+Caltech10 B 4
SURF $#iF ) .C05—C09 . W—D( Office31 344 DeCAF7
FAE ) A1 A—D (Office31 5 £E ResNet50 F#1E ) Hr 4li &
SRR INEE Z B C R . B 45 S50\ 0. 51
TNE 1.0, 53 20K5 BEAE T A AR 5 R AR S . X R
e i R A TR A 25, 3 2 1 SR A AR X O
R 25 ). AT I AESEETH 1
0. 95 2l {E , B2l e KA | B FEAE /3 R UERA PR R AsE Y
R Z [ Al . A RS 55 T RS th I 3
{HEARTIT R, 0. 95 ISl BE /K- 2R3 5 R iy Mg . Bk
PEO TR, 4l B SO R VR R B R, LR
TEEA G 2T B AT 55 Hh . RN, 0. 95 11436 22 (A



U GHET IS 2 PORL AL 2% F R AIE 25 ] (9 JC M I el A 3 1 75 11
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e b
.'Mﬁ':‘

(@) HE ) R () KT

4 FAARERBOE R E = A R 2R A 1-SNE

TR T AT 55 22 8] B — EOvk g v R i di
7L I R AR

95 r
cpss Joarke ot
A = 7-2—‘-‘— —E"A—‘- Y e A
% 5 ~
’\; 4 P 9\ 4 \
N7 L of e
85 - N \
B a.zZa X a0
- <ze Sa” :ﬁ’/ >
5 80 & b
’EE - ’\ ~,
K ¢ Yol ¥ °
RTI5F # © [ A — - CoA(DeCAFy)
e —~ =@ = - DSW(SURF)
é - —@ = - C05-C09
70 - =8 = = WoD(DeCAF;)
= = A = - A—D(ResNet50)
65 . . . . .
0.5 0.6 0.7 0.8 0.9 1
alifE e
5 4l SHON o 2R U SR A
5 #ig

TG W B 40U 38 0L A2 M AT HIL A 27 2T U ) F 7 44
SR, T B4 UDA B HB 2 35 T 5% B Ih R A
AR5 FEAE B BN SRR 18 AR 5] AL I
b FOLA KU A v S ) . SR T E 7 S UDA Jy ik, 3l
I TE Ry XN 5 I AREAZE NG B, BAR IG5 1 20
O S AN N REAR 2 (8] i) B 5 25 5 (EL7E e 2R BIRE AR
HIEOLT 35 A BIREAS B2 5.0 7T 58 2 Z 0%
— BT B L AT 3 UDA 11035 38 P 22 FAE B A
KT PR — A, AR SCHRE T — G W 40,
F 38 0L B A 2 GORE AL 48 FI R IR 2 2] s 1 08 7E
FRZE 207K A A2 IR R AT A A
TRE T R I IR AAE B MR A g I s B B
T e . R ZE N2 T, 2] e DL SRR
PEAT TR, 1 A s A2 58 2 Rk de Ak BE L 3
AR T2 B SRR B AT S5, AR SOy IR S 4
W T Hoe g5 ¥, 7E CMU-PIE 304 45 ik 3 1
88. 6% I F- Y HERA % , 7F Office+Caltech 10 B4 8 |52
BT 93. 4% (DeCAF6 FEAE ) Fl 52. 7% (SURF FEAIE) (1)1
BIERf % 7E Office31 B4l 4E L3R F T 75. 9% (DeCAF7
FRAE ) #1187, 2% (ResNet50 RFAF ) (1 F- Y HEAf 56, S50 45

R T AT ik A

AT B A5 B LU LA AR (D FE R —
JEIK, 2005 B PRI AR 5 FARIREAS 73 B3 57, LA
SRFFAE B2 . (2) BEAh  IZRIE RS T ==
UCERTE 2558, DLV e ARy 8 O 28 22 [ A SR
() AT FE R W, LE ISR B A R3] 22 (6] A 14 A
A B3 H AR, X R 7 1 BE A5 A 255 Al e D
A E AR 6] A 22 5 00 2 9 A5 8, S BRRS SUAE AR
A XS . (4)IZHERA B THEsh Ol [ & RLAT I,
P A5 4k BRI O G50 4 52 B 7 FH 412 Bt 52 T A9 ik o
T%.

JUEAR ST RO T W2 9 ROR (BT 2t — 28
o TSI T ORLRLSS SR B A A BE RO L (5
AT LA B . AR TR S AR 2 o,
R LA R 30 i 30 S ) ) 45 v

% 30k
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