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Domain Adaptive BLS Model Based on Manifold Regularization
Framework and MMD

ZHAO Hui-Min' ZHENG Jian-Jie? GUO Chen®* DENG Wu!

Abstract As an efficient incremental learning system based on random vector function-link network (RVFLN),
broad learning system (BLS) has the characteristics of fast adaptive model structure selection and high precision.
However, due to the lack of label data in target classification, the traditional BLS is difficult to improve the classi-
fication effect of target domain by using relevant domain knowledge. Therefore, a domain adaptive BLS (DABLS)
model based on manifold regularization framework and maximum mean discrepancy (MMD) is developed to achieve
cross-domain image classification of target domain under unlabeled condition. Firstly, the feature nodes and en-
hancement nodes of BLS are constructed to effectively extract features from the data of source domain and target
domain. The manifold regularization framework is used to construct Laplacian matrix in order to explore the mani-
fold characteristics of the target domain data and mine the potential information of the target domain data. Then
the transfer learning method is used to construct the MMD penalty term between the source domain data and the
target domain data to match the projection mean between the source domain and the target domain. The feature
nodes, enhancement nodes, MMD penalty term and Laplacian matrix are combined to construct the objective func-
tion. Ridge regression analysis is used to solve the objective function to obtain the output coefficients, so as to im-
prove the cross-domain classification performance. Finally, a large number of validation and comparative experi-
ments are carried out on different image data sets, and the experiment results show that the DABLS can better
achieve cross-domain classification on different image data sets, and has strong generalization ability and better sta-
bility.

Key words Broad learning system (BLS), manifold regularization framework, maximum mean discrepancy (MMD),
domain adaptation, image classification
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CD-CDBN #8. MG SH N 2] & M ES
I (1075, 1074, -+, 104, 10°] kL.

6) DABLS: S5 % H A b 25 U5 38 45 48 A AR
25 H bR R 3L AU 2 DABLS, A H AR
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5 P GEHRERA (35 117 R Office Ml Caltech256 ZU4E,

# 2 17 % MNIST, USPS fil COIL20 #dEd: (WA RIA))

Fig.3

Samples from five image datasets (The first row shows Office and Caltech256 datasets, and the

second row shows MNIST, USPS and COIL20 datasets (from left to right))

K 4
Fig.4

ImageNet F1 VOC2007 ¥ R A
Samples from display ImageNet and
VOC2007 datasets

® 1 BREM AR
Table 1  Detailed description of datasets
LICITES FEARH RHIELEHL ES]| T4
USPS 1800 256 10 U
MNIST 2000 256 10 M
COIL20 1440 1024 20 CO1, CO2
Office 1410 800 10 A, W, D
Caltech256 1123 800 10 C
ImageNet 7341 4096 5 I
VOC2007 3376 4096 5 \%
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REEA DABLS #74. DABLS YA 2 50 #0
M[1076, 1075, -+ 102, 103] HiEHEL.
4.1.3 SCIOINE

TSI A2 3T MATLAB 2018b #f4F
&, WHBLE N Intel-i5. 2.4 GHz CPU #18 GB
17, FEP T SRR L IZ AT 10 IR FF 5 45 BT H41E
HEAT LA AT

4.2 MNIST #1 USPS SLI& 4R 5LLE:

Bt i) MINIST A1 USPS $0d5 45, 1456
BLS [IEMALZH0% R 2739, 5 S ECN 10-10-2000;
SS-BLS MIENE S50 1074, 10° F1 1074, 5 &%
$N 10-10-2 000; CDELM ) 1E M4k 2 %% N
1072f11073, & A 741072, 35 5% 3 000;
TCA WIIETIAH T8 0.1, T4l 4E%0 N 100; CD-
CDBN (2215 1073, Mgitb 408 1072, 14K
WHCN 10N DABLS B IENALSE0E 8 1075, &1
A1 1071, 10° A1 10°.

AN S8 DABLS AU 7E 20 HE 48 MNIST
A1 USPS Z [ HI#s Ik K45 R, sk 2 Fow.

R 2 Al 50, fEIE B LS M—U A, #HEKR
DABLS R4 — & 197 28 BE AT ZRm 1], Tk +5
100 AMFFAEST AT 2000 AN SR 5 A ESR DA-
BLS 117> 58 & A mn HLAS 25 RS 2RI [|) U] ask %
100 NMEFAETT SR1 3500 ANHE 55 5. Bl & Y 55879 A5
RN, DABLS 7 250 B & 8L Je 38 hn s
BRI R, fEIERAT S U—M 2540 20k B 2
SR, WEESE 100 ANRFAEST SURT 3000 AN 5871 41
#rER DABLS MVIZRR [RIB, WIEFE 100 MEE

AET S5 AL 500 AN SR AL S5 SRR, B4R SR
HEBR AT S E A B DABLS [ 2R 8] 42808 FE
FORE Y R s k. 38 5T SSORE I N A 43 2ok AN

PR T AT 25 o 49 5 ORI RRAIE 7 RN o 2
UEZIE ¥ DABLS S5 EN 100 ANFREAESY £
2000 ™58 T &, B 10-10-2000.

FEAH FIEE S F Eb DABLS 5 BLS. SS-BLS.
TCA. CDELM #1 CD-CDBN f{ERE. 1% HUF- 355
NG FE AT S I 2R TR PR AR AR HEAT EUAR, bhAs 4
BN 3 f% 4 Fon.

M 3R 4T, FEITBAES M—~TU H,
BLS. SS-BLS. TCA. CDELM. CD-CDBN Al
DABLS B4 KM 2 58 25.34% 59.67%-
54.28%- 53.27%- 50.27% 1 68.54%. 1EiLMAT5
U—M 1, DABLS HrKE 58 50.13%, BEET
TCA, {HZEAF BLS. SS-BLS. CDELM f1 CD-
CDBN. 2345 %8, DABLS GBS A 24 /N,
IR H bR B 2 22 5 L — A IR
B S 2 R . DABLS 205 865 1 R
59.33%, X EAF BLS.SS-BLS. TCA A
CDELM. CD-CDBN HF¥J I ZRh ] e, 1k 2
542.71 s, IX Bz 5 T HAl 7%, DABLS #I-F39I
ZRIF A 23.13 s, XEHRT TCA 1 CDELM.
It, DABLS X} MNIST A1 USPS 4l i AT %
HAG B 173 R B RN = (P R

4.3 COIL20 LIRS
COIL20 L7 WA THA CO1 A1 CO2.

2 R ESF DABLS HIScg: 5

Table 2 Experimental results of DABLS with different numbers of nodes

R S = —

TR e KBz (%) ) il KBz (%) 1AL (s) i
100 500 60.41 19.01 1.25 45.25 20.50 1.84
100 1000 63.94 19.59 1.61 47.57 22.46 2.14
100 1500 66.98 21.56 1.49 48.05 26.16 2.27
100 2000 68.54 23.98 1.67 50.13 27.27 1.53
100 2500 68.77 27.15 1.72 50.25 29.27 1.64
100 3000 69.22 33.12 1.81 50.37 32.83 1.78
100 3500 69.31 37.26 1.89 49.91 36.25 1.92
100 4000 68.95 40.96 1.75 49.63 41.17 1.82
150 2000 68.36 25.03 1.87 49.49 27.92 1.72
200 2000 67.53 25.91 2.01 50.08 28.72 1.79
300 2000 66.57 26.41 2.03 49.92 29.62 1.87
400 2000 64.35 26.97 3.37 48.59 30.58 1.95
500 2000 62.96 27.49 4.61 49.38 31.41 1.64
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Table 3 Average classification accuracy from source domain to target domain (%)

1% BLS SS-BLS TCA CDELM CD-CDBN DABLS
M—-U 25.34 59.67 54.28 53.27 50.27 68.54
U—M 20.25 29.84 52.00 39.80 41.65 50.13
SPIE 22.79 44.75 53.14 46.53 45.96 59.33

® 4 NIIERE]H R T B ZRN E] (s)
Table 4  Average training time from source domain to target domain (s)

1155 /771 BLS SS-BLS TCA CDELM CD-CDBN DABLS
M—-U 0.69 12.75 27.14 24.77 548.47 23.98
U—-M 0.58 13.18 22.36 23.63 536.95 22.27
SPEE 0.64 12.97 24.75 24.20 542.71 23.13

RYELLG: BLS KIIE 4L S H0d R 2730, §5 S 80N
10-10-3 000; SS-BLS K 1E N 1k = % 5 5 K
10%, 1075 F1 104, #7 s%CN 10-10-3 000; CDELM
(R IE 4k 280y 107180 1075, 28 5T T 102, 5
RECN 3500; TCA WIFESTE TN 0.1, T2 [ 4E4L
4 100; CD-CDBN 2221 %4 0.01, #2451
5 0.01, EARIRECH 10; DABLS () 1IN S %0N
1077, &SR 1074, 10® F1103.

AN 8T DABLS BAUEHHE T4 CO1
T CO2 Z M BT AR, Wik 5 .

MF 5 AT s, fEIERATES CO1—CO02 1, #7
Ho o3 2N FE R vy, MU R 100 ANEFIETT AR 3500
ANIBR AT L A BRI ZRIN ) B, kR 100 A
FEAET 25 R0 500 /MG . FEIEAT4: CO2—~CO01
o BRI AR, LS 100 ANFRAE T SR

4 000 IR A X FKE B YIRS TR R AL AR
FE A — e EEK, MIEFE 100 AMFRAETT S5 3000
AMERT L £ CO1—CO2 F1 CO2—CO1 HIiT#
B4, TR IR T A B 5 7T 5 AR & S B
UV SR (R 388 0. shab, #8555 A% H X DABLS
TP 73 R FE R K TRFAE TS . 255 Ll T,
SEEK DABLS 54 100 ANMRHIETT s AT 3000
AR A, BP 10-10-3000.

7E M FBE S F Ebi DABLS 5 BLS. SS-BLS.
TCA. CDELM #1 CD-CDBN f{ERE. HEHF 354
G FE AT S I ZRm o) A FE AR EAT LA, b4
Rk 6 ML 7 fw.

M 6 FZk 7 FATHEn, £ CO1—-CO2 it #
f£4 1, CDELM [¥15) 2585 5% K, N 81.66%,
TCA 15> KA EN 88.61%, iX B m T HoAh /3 e ps

®5  AFETRECE DABLS HISLIR S,

Table 5  Experimental results of DABLS with different numbers of nodes
p— —— COl—\’COQ — : CO2T>C01 —
FEIE (%) i A (s) R FEIE (%) FF(A] (s) FRifE
100 500 85.43 2.59 1.82 82.70 2.83 1.61
100 1000 86.40 3.17 1.80 83.29 3.35 1.71
100 1500 86.83 3.65 1.32 83.83 3.76 1.52
100 2000 87.33 4.50 1.27 84.04 4.02 1.46
100 2500 87.69 4.93 1.30 84.41 4.85 1.32
100 3000 88.18 5.85 1.12 84.72 5.02 1.28
100 3500 88.26 6.54 1.13 84.16 5.81 1.21
100 4000 87.55 7.61 1.17 83.76 6.10 1.06
150 3000 87.55 6.02 1.15 83.61 6.21 1.21
200 3000 87.09 6.15 1.16 82.95 6.38 1.63
300 3000 85.92 6.64 1.15 81.52 6.62 1.18
400 3000 84.08 7.24 1.20 80.48 6.79 1.20
500 3000 82.29 7.42 1.02 79.51 7.04 1.11
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Table 6  Average classification accuracy from source domain to target domain (%)
1155 /77 BLS SS-BLS TCA CDELM CD-CDBN DABLS
CO1—CO2 82.25 83.75 88.61 81.66 84.67 88.12
CO2—CO1 80.63 81.17 86.33 80.19 80.74 84.72
S 81.44 82.46 87.47 80.93 82.70 86.42
R 7 NREE] HFRREE ISR A (s)
Table 7 Average training time from source domain to target domain (s)
115/ i1 BLS SS-BLS TCA CDELM CD-CDBN DABLS
CO1—-CO0O2 1.38 3.22 19.98 5.87 125.33 5.35
C0O2—CO1 0.85 2.95 14.67 5.48 136.78 5.33
SEIME 1.12 3.09 17.32 5.68 131.05 5.34

A 7E CO2—~CO1 WIEBAT 5+, DABLS )73 2
FE N 84.72%, X AT BLS. SS-BLS Al CDE-
LM. BLS Il 5 b 8] 5 52, XN 0.85 s. CD-
CDBN Ml Zei Al e, 153 136.78 s. MF34
FHKEE o3 i, DABLS [-F35 5> K5 5 86.42%,
X AT BLS. SS-BLS. CDELM #1 CD-CDBN,
IS T TCA. WP 55 205 8] 404, DABLS 1)
A4 25 )N 5.34 s, IX BT TCA 19 17.32 s.
(Kl k, DABLS B8 LARLUT 153 20k B BRI 532K
RSB COIL20 Bis S s 1 4 5.

4.4  Office 1 Caltech256 SLI&4E R SELEE

% Office 1 Caltech256 ¥4 St — 5 I AIF
DABLS A . iRELK: BLS #IENACSE 0
2730 A5 SN 50-10-100; SS-BLS I IEM{L 2
B4y 1073, 107° A 104, 5 SN 50-10-100;
CDELM HIENALSECN 1072 51 1073, 1B H A
1072, %5 AN 2000; TCA RIIESIRI M 0.1, T
X ) 4E %09 100; CD-CDBN W22 F 51072, F
B SECN 1071 K ECN 101 DABLS [ 1E
WSHCN 1071, BTN 1075, 1071 AT 100, 35 84
N 50-10-100.

ANA S S BN DABLS #5878 7E 35 45 Office
Al Caltech256 2 [A]ESIE 7 SR 45 L, 0k 8 A,

M 8 AHERIL, TEIERATES A—~C M W—C
L CMRRIE T SR B S T 380, DABLS
(I S B TR) R 2 Bt 2 380, 17 43 20K i 2 H B o 34
IR, fEEFAT% A—~C H, HER S
K i B i AN R R TH], T3 500 ANEEAE

PR 100 ANMEHETT SR 500 AN AL R AT
% W—C A, xR fa e MR, & 500
AMRFAETT SR 50 ANHE R 55 A5 0 R R Ik

i [) AN Y AR MR — o 223K, WL 500 MR
AETT R0 500 AN 5RTT AL SEARRIE T SR 5R T
RN SIS 4 RS AT SEEG 1) DABLS JEEL
500 NMRFAIETT sF 500 N85S £, BP 50-10-500.

7E M [F B 5 T Ebit DABLS 5 BLS. SS-BLS.
TCA. CDELM #! CD-CDBN K% fE. BCFH)5r35
¥ B AT 3 U1 G ) PR AS TR b g AT L3R, B
n3 9 M 10 Fir.

M 9 I 10 AT AT, N or 2K B 0 B oy
1, SS-BLS T35 73 2K N 46.69%), L BLS &
11.50%. DABLS HJ°V-31 73 K5 BN 48.52%, 77 5
tt SS-BLS. CDELM #1 CD-CDBN & 1.83%,
7.02% F113.31%. TCA fEL LS W—D Al
D—>W EMr RBBER &, 7k 2] 90.45%
87.12%. fEHARIIITH 7 FKAL5%+, DABLS #BRELL
B P 1 53 kG B 50 RS 3 23 AT 25 IR (1] £
AT, T HAEE 5 BT %, SBALE
A—C o3k, £ D—W L4280 ) £ JH.
BLS H-~F35 Il it [ 5 55, N 0.62 s. CD-CDBN
FIE I 2RI R f K, 15 %) 30.08 s, Xtk DABLS
% 25.12 s. I, T Office Al Caltech256 %i#E
££, DABLS 7] AR B UT B #5388 7 5 45

4.5 TImageNet 1 VOC2007 LI ER SR

% ImageNet F1 VOC2007 K15 Bl £ 56 1k
DABLS A %M. MAEZ5: BLS i IE ML S 5%
2730 5 SN 25-10-600; SS-BLS K IEN{L S
%N 1072, 107° F1074, 5 AN 25-10-600;
CDELM M 1E N4k 2405 102 f1 1073, &4+
N 1075, A5 S ECN 1500; TCA IR 7%~ 0.1,
T A 4E ¥ 100; CD-CDBN K243 4 1072,
Mg ZH0oR 1073 AR ECH 101 DABLS f1E
WAL Z B v 1074, 25T ¥ 91073, 103 AT10.
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Table 8 Experimental results of DABLS with different numbers of nodes
R 21 S 1 A= WO
K (%) BT (s) NS FEEE (%) I (s) PR
500 50 43.63 8.81 0.75 34.69 6.01 0.35
500 100 43.73 8.86 0.53 35.24 6.24 0.91
500 150 43.82 8.92 0.77 35.53 6.50 0.65
500 200 43.92 9.01 0.62 35.61 6.78 0.71
500 300 43.98 9.18 0.85 35.93 6.93 0.92
500 400 44.02 9.53 0.87 36.27 7.21 0.77
500 500 44.29 9.77 0.44 36.50 7.43 0.70
500 600 43.50 9.98 0.61 36.52 7.72 0.93
500 800 43.36 10.52 0.59 36.21 8.01 0.64
500 1000 43.18 10.90 0.82 36.04 8.39 0.33
100 500 42.01 8.72 0.76 32.39 6.48 0.91
200 500 42.36 9.02 0.83 33.95 6.66 0.99
300 500 42.83 9.30 0.65 34.27 6.87 0.92
400 500 43.59 9.53 0.69 36.11 7.12 0.77
600 500 44.25 10.44 0.78 36.17 7.85 0.82
800 500 43.43 10.75 0.65 35.77 8.03 0.69
RO MBS H BRI 7 S L (%)
Table 9  Average classification accuracy from source domain to target domain (%)

1155 /77 1% BLS SS-BLS TCA CDELM CD-CDBN DABLS
A—C 20.82 42.16 40.78 31.67 35.56 44.29
A—-D 17.83 39.40 31.85 32.48 33.79 42.06
A—-W 19.61 40.61 37.63 31.47 27.46 42.09
C—A 29.16 49.67 44.89 44.99 38.78 51.68
C—D 24.84 44.20 45.84 35.37 36.94 45.85
C—W 20.46 45.74 36.61 38.92 35.54 47.79
D—A 32.42 35.57 31.52 30.61 28.34 36.73
D—C 30.03 30.19 32.50 28.96 26.79 32.47
D—-W 79.98 79.11 87.12 76.95 50.78 80.06
W—A 34.61 37.51 30.69 35.55 30.89 40.01
W—C 31.73 35.29 27.16 32.03 27.26 36.50
W—D 80.81 80.89 90.45 78.99 50.42 82.73
A 35.19 46.69 45.38 41.50 35.21 48.52

ANFT ST DABLS B 7E 435 5 TmageNet A1 A 250 AMRFAL Y SURIHE 58T AL SR A AT

VOC2007 Z [Al B I r R A R, Wk 11 fik.
MFE 11 ATH, FEIEBAES V-1, HER
DABLS il g B) e i, & 250 ANREAE T A
FT 200 ANEGETT AL IR R EEA AR, DABLS
(1) 73 N 2 Bl A R AIE 1 A A 38 iy 2 2R LR e B T
Ja BRI R, TEIERALS 1=V ) S se
PEER &, AT R 250 ANMERAETT AR 2500 A4
SR T AL AR AN R) L R M T A R, T

RS S5, AR SLEG ) DABLS JEHL 250 MRFE
1 A 600 AN G 58T A, B 10-25-600.

7EAH R84 4 T Eb % DABLS 5 BLS. SS-BLS.
TCA. CDELM #1 CD-CDBN fPERE. BCF 3500 2%
i e | 2N T RN = A i e b S A SR
Wiz 12 f3 13 fios.

M 12 FI5R 13 AT, fEIERAT S V1 1,
DABLS % 280 FE e, 153 77.87%. BLS. SS-
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Table 10 Average training time from source domain to target domain (s)

155 /75 BLS SS-BLS TCA CDELM CD-CDBN DABLS
A—C 0.78 5.39 36.69 6.83 46.36 9.77
A-D 0.67 0.83 11.73 1.29 33.28 2.76
A—W 0.64 0.99 13.65 1.52 34.23 2.91
C—A 0.68 3.86 35.71 5.74 41.44 8.18
Cc—D 0.71 0.93 15.05 1.58 35.86 3.71
C—-w 0.67 1.09 16.75 1.59 38.37 3.63
D—A 0.59 3.58 11.82 4.14 20.12 5.50
D—C 0.54 5.19 16.21 6.14 26.63 7.45
D—W 0.55 0.79 3.53 0.73 20.48 1.17
W—A 0.58 3.43 14.29 4.33 45.53 5.93
wW—C 0.57 5.17 19.05 6.12 56.28 7.43
W—D 0.52 0.69 3.22 0.66 12.40 1.02
FHME 0.62 2.66 16.48 3.39 30.08 4.96

F# 11 AFETRECF DABLS [{sEi g R
Table 11  Experimental results of DABLS with different numbers of nodes
BEAE T 45 S kit v
FEEE (%) I A (s) NG F5IE (%) 1] (s) P22
100 600 74.13 35.25 1.05 66.61 16.62 1.31
150 600 75.94 37.99 0.75 66.83 19.24 0.77
200 600 76.53 42.29 0.59 67.51 22.42 0.62
250 600 77.87 44.51 0.33 67.83 26.03 0.41
300 600 77.65 47.64 0.29 67.81 28.96 0.43
400 600 76.87 53.89 0.36 67.24 31.62 0.45
500 600 75.67 57.13 0.19 67.02 35.37 0.39
600 600 75.20 61.29 0.27 66.86 38.69 0.37
250 200 74.29 26.56 0.73 66.32 14.73 0.87
250 400 77.21 31.59 0.67 67.13 17.33 0.54
250 800 77.23 46.21 0.56 67.69 24.09 0.42
250 1000 76.83 52.68 0.65 67.52 27.55 0.34
250 1500 74.93 65.71 0.46 67.42 36.43 0.31
250 2000 73.86 83.61 0.36 67.33 43.53 0.33
250 2500 71.77 103.38 0.31 66.73 50.92 0.26

BLS. TCA. CDELM. CD-CDBN #1 DABLS il
ZrIF1E] 73 5N 6.37 s+ 37.69 s+ 52.15 s 55.04 s
1039.03 s fl 44.51 s. fEXL#ALS 1—V ', BLS.
SS-BLS. TCA. CDELM. CD-CDBN #1 DABLS
4y 2K BE 4> H N 66.32% 67.13%- 64.34%-
66.85%- 67.19% A1 67.83%. CD-CDBN Fll 25
()24 823.35 s, Hizt iy T HoAh JLFh 7%, P55
K& L5081, DABLS WA N 72.85%, iX BT
BLS. SS-BLS. TCA. CDELM #! CD-CDBN.
DABLS KA1 35.27 s, BT TCA, CDE-

LM 1 CD-CDBN. A, DABLS X} + ImageN-
et F1 VOC2007 Fi £ 4 pk (1iE AT 55 A BT 1)
I RBR G B R

4.6 SKELERD

M MNIST. USPS. COIL20. Office. Caltech256.
ImageNet Al VOC2007 £ 5 11 L6 25 vl i, 3
IVREAE T B 5T s #2250 DABLS 70 25K FE
ISR T RIS R RS e V. DR, FESEPR R A, T R
BT R R I CRFAE 5 s A 5y s H , DUA
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Table 12 Average classification accuracy from source domain to target domain (%)

SRS BLS SS-BLS TCA CDELM CD-CDBN DABLS
\%nd ! 76.22 77.03 73.79 76.82 76.02 77.87
-V 66.32 67.13 64.34 66.85 67.19 67.83
“FEIE 71.27 72.08 69.06 71.83 71.60 72.85

13 EIERE] H AR 2 YIRS T (s)
Table 13 Average training time from source domain to target domain (s)

1£5% /75 BLS SS-BLS TCA CDELM CD-CDBN DABLS
V—I 6.37 37.69 52.15 55.04 1039.03 44.51
I-v 3.62 17.32 30.42 33.39 823.35 26.03
“PEME 4.96 27.50 41.28 44.25 931.19 35.27

FIFRAR BSR4 SR To e IR R s 4
PRI T, DABLS #RE 05 3RAF LT 143 R AR
R IR, XU DABLS FLAT R (03E M.

MF 3. K 6. K 9 FIEK 12 A%, 5 BLS M
bt, SS-BLS 4 J5 K BE s, 1X 2 K8 SS-BLS e
i M it B pr b 5 b7 30 B R R B AR IR TR (S
B IR H bR B A S R IE NP 5 SS-BLS
AHEE, DABLS BE3RIF AR 40 A5 L, X2 KR
DABLS fgfg #4938 MMD #& 5101, VCECYE IR 5 H br
sl IR L W AN IR A& i
S, TSN H 8 1, 5 CDELM M L,
DABLS #e LAECIE () 53 K5 FE 52 i RAT 55, 1X
FERN DABLS G890 i b R AE 17 i S5 3 50 0
PEHUBURFRAE, SR T 2 2888 1, 5 TCA M
v, DABLS 1Y AE COIL20 4 45 b 173 250 15 g
A, TR e Ath 5 SR 2H B 1) 23 SRAT 25 R AR AR R T
FEFEFE COIL20 £t 4 A 1 BUE 2 A8 [F A LTE
ANTR] 1 BE XS TR — AR H 4 B, TCA RERS 5 4F
AT 12 B0 B TR P Sk TR PR M R 40 A 22 5, i
By 3 58 S 143 24T 45 CD-CDBN A 52 BR T4
PWEEFEALH , Bk — D4 NS 5 H br
PR R, FE R DABLS B4,

MW 4, £ 7% 10 MFE 13 7741, 5 BLS M
b, SS-BLS B ZRb (] B, J5E DR 2 i) 5 v Ay
J R A LA P KRR ) 5 SS-BLS ALK, DABLS
B 2 (I RIS [R], IX 2R DABLS 75 A4
MMD #5735 274 BLS, SS-BLS, DABLS ()52
g5 SRR, R gy i TR B T e R 2 PRI [R] B A
@ MMD #E 5] TR ] TCA IIlZRR R EE BLS,
SS-BLS 1 DABLS &, iX /& [y H AR #5355 7
i 5 2 YOE AT K i E ; CD-CDBN #£ Lkt
FAT S5, BT I ZRA Ta) 2 B K 1, 12 KR CD-
CDBN g5 2 Bl Zhid F2 7 B 2 A, 1 DAB-
LS 26 faj 5 HAN 7 — UIEARH R 78 Ll 25,

5 AERIE

AT SR 43 2 1) R T W P A6 bR R AR [ =
FAt 4 55 FE 2 2] R GUME LA B A S A R iR T H
BRI o3 20 i il |, oK MIMID 42 51 TURTR T 1E )AL
HEZLER N 2 BLS H b5 &3, $2 H —Flisk 5 & 5
BLS B8 sEL T BLS B5 30 0 J5 a8 I8 T, 4R
T BLS W AR, R MMD 7 {1 17 ¢ 4% VT i
PR332 B) PRI HE S 38 A SR it /N P S8 B 0 < TR 7 23 A 22
g, AR THERLZ A RE /15 K FV Y IE A0 HE 22 45
N HARETE RS B, TR0 B AR 138 B E.
HEL USPS, MNIST, COIL20, Office, Caltech256,
ImageNet fl VOC2007 L4 £ 56 DABLS
BRI VERE, SEEG S5 R W], Joib 1 fa] B el B Ak 1)
T4 T, DABLS #B R sk B4 iR R 4
FHERIAE B ARIBCN 173 SRR, I DU (RS FE A
R SEIL MR 85 1800y 28, RILHIZ AL RE S 58, 1F
HCRE S A 5 BLS. SS-BLS. TCA. CDE-
LM 1 CD-CDBN #A! ffy sin 25 R LR B, DAB-
LS 1 7 BAG B 1 70 S 8 3 L5 1 43 K RE T
DAk, DABLS Sy S B i b P52 A0 i 28026 1 5 el A
Iy FARAE— TR 7.
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