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Abstract: Aiming at the problem of small gradient, low learfiing
<,
using Deep Belief Network ( DBN) algorithm to correct conuect

il

te, N slow,_conyergenee of error during the process of
ght and\dias “ef network by the method of back

wasgproposed based on combination of standard DBN

riginalr algodthm can only use single innovation. Thus, the

propagation, a new algorithm called Multi-Innovation DBNg( MI-
algorithm with multi-innovation theory. The back prop ss in.standard DBN algorithm was remodeled to make full
e
O

use of multiple innovations in previous cycles, ywh

convergence rate of error was significantly incre

through experiments of datasets classificatioh,

GY{{%Q\‘ -DBN algorithin and other representative classifiers were compared
XpE r\| ental gesulis Show that MI-DBN algorithm has a faster convergence rate

than other sorting algorithms; especially WhénNdentifying=MNIST and Caltech101 dataset, MI-DBN algorithm has the fewest

inaccuracies among all the algorithms
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2)7E DBN My )5 —JZ BB — 1 logistic 730282, 1l T
3% RBM Hyfi tHRRAE 160 B, K LA Togistic [B1 51 I 4% B B A
FRIER B, #E4T A MBS, T H &> RBM MRS
otk B 52 RIBUE X R 2 4L (2 B B A B SR AR, A R
XH4E> DBN BYFFE [0 BB R B S, B AR ) e # 2He 48
RER A L\ T&% 248 —)Z RBM, AN B R
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o’ FRE RN | BSTREIEE R BE) T TAE
HIBREEA Wb, W4 AT LU I BB by, (x) e B 45
B by, (x) AR R R 45 5L R R S N S
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z(l+1) - W(l)a(l) +b(l) (1)

hga(x) = a0 = f(0) (2)

S = sigmoid (1) = (3)
SRR sigmoid B WE L

f) = sigmoid(z) = T—— o)

Xt FERARER (2, y) , HEELE R KLY -

=, Y -y (5)
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2) m(4) . (13) TR THHE (n, JB) , A4
TG i IREAXATHES R

w o 0J(W,bix,y) _ " n
s = SHLBED (g p Gy (15)

3) B (4) (13) APHIXS L = n, - 1,m, —2,m, =3, 2 B
BN B IRNE i M RRREAXTHES A

si41

50 = (W8 - f (") (16)
j=1

4) HEIHRIR ST E BRI

aJ( 127‘,;(;)96,1) = a8 (17)
0]( W;i;x,y) — Bi(l+1) (18)
HE(5) . (6) THSE W b WEHTLUER:

WP = WP — qa st (19)
R A (20)

1.3 Wk
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X0 (¢) ol e 2SR THAED (¢ - 1) BZERE 138
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BIHIE R, BB (21) (22) , R EH B (1) RN
B ERAEH B R, 345 5 HoAth 5 1) B 304 46 FE i
B BN E L) e RV RASEEE A B IE
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6(t) =6(t-1) +I(p,t) E(p,t) (24)
Hrp:r(p,t) e R™ NWEHE, E(p,r) e R NFHEINE,
p= lNHERKE Y p 5T 1, B ARER R
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MIrEH S BFTR AR, mT?}ﬁ%ﬁE‘E%% j L

FRFRBCR XM TR I T B ASNEE &, EHES
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Fo 23 BHIS MRS S B AN AT L& E 5% 0k
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PIHRE , — I R D R R e AT IR B, 7E2F
ARG, AR 5 TR A AU, R R R B
BB RWEEA, FRINGHLA. WE 1 FiAR, AT IEfb R
BUE I &, AR ERE S A MUE R B SN
RBUERINT — MR/AE, IR 4 1R 2 S IS 1 & .
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BREE s N R TUZ M —HH SRR BERNHRAS
BORBTEMZIG , BUA] IR RS — BAUEEAS R & AUE
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AL IERAR XEARAT , BORe W 25 S0 1 B R BHAE b B
B p, JABEE R o, 8 SOEBBUTI {1y ,00,- 50,1, TR
0 <ty <t;, <t, <--<t,Hl<t' =t —t_  JEIENEIE
) BN, E /N s BRI BB LB M R A REERE
B A p ABIRERTEF R E(p,t) XARMSH 0 3
TBEM 0 = 1, —p + 1 B¢ = ¢ 55 p HAFEAKE, W
LRTARZ RS 3 TR « 2R R
AP (p,t) = [a”(1,),a" (1, - 1),a" (1, - 2),-,
a’ (1, -p+1)]1" (25)
LIRS iAW RAE RN REDR -
87 (p,t) = [87(2),87 (1, - 1),8" (1, = 2),,
8" (1, —p+1)] (26)
H(25) .(26) FUAI(19) H BUAMBIER N :
W (1) = WP (2, - 1) -a A" (p,t,) 8" (p,1,)

(27)
b (1) = b0 (1, - 1) - a8 (p,1,) (28)
H#R(26) RAR19) b MERIBTERN

b (1) = b (s, - 1) - a8 (p,1,) (29)
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3 KB E A

RSO P B RIS SR 4, 43 B2 MNIST $udg 41 #0
Caltech101 #5341 , F Deep Learning #1/%) T 145 DeeBNet
toolbox'* R SHLILE L, ST, ¥ MI-DBN 5 K Bl 4f
% 1 (K-Nearest Neighbor, KNN ) | 3¢ 33 /] & #1 ( Support Vector
Machine, SVM) [ F#fE =37 %[5 B4 ( Transductive Support
Vector Machine, TSVM) ' 142 %% ( Neural Network, NN)
DO1HIR B S A R 4% — 3 X 4 20 97 ( Deep Belief Network-
review Neighborhood Components Analysis, DBN-rNCA) ' {5
B g R AT I
3.1 EWIRE

BT SC 8 A 3R - 35 1% . Windows 7 £ 45, Visual Studio
2013, Matlab 2013, & {4¥ & :2. 80 GHz Intel CPU E5-2680
V2,32 GB N¥E.

3.2 MNIST #iB&

A3 B B BB T 5 e MNIST 48 2 B9 3K
A R R ERIR R B A 0 3 255 Z Mg B B(E ™,
BB EMBER A0 ~ 1, BT M %144 784-500-500-
2000-10, H Az Bl S % R 43 24 I 2R A0 i P R 4, 53 )4
$5 60000 M ZREEAFT 10000 AR, 0 2 Bike

? LY,

A SRS s R A e EE A LU LN TE:

1) $RiR%, SRR IRIr T2 T 25 R /o BB A
TEARE D RHFHREE , LR 2 ARG R LR R E
W—NEE, BEXREB BN RE M, 78 Matlab H1{#
R RE.

err = mean( zeros ( ( epoch — numbatches) ; (epoch —1) ) ) x

100%
H . epoch 3278 A #A% , numbatches FARHEKE

14T RFIE X MNIST SR 52 55 R
HrdrdE DBN Bk %7 FEPCD f) DBN iR B8R IE fil A 3
9 MI-DBN F 3344 Fif 60 000 A 5,10 000 N4 A il
,50 AR, 150 AR, AR R 28454, 0F B
HAXRSHF I RFUME R FG FHTRER, 24, M
AZ#H B DBN Hkia H &K, 245 8% T, HBHE
LA ERESR A RIS T BB S S AR IR R IR R, & 1

HR B N TR R A A1 JR 1 i T s 1, R P R R R A e R AR 3
R MNIST %04 732K 5 B 5 DR 3R, T LAFE Y, MI-DBN
BB H/PSRIRA

®1 TEEEXT MNIST 8RR S LERE

ig SRS /s R/ %
SVM 46 1.40
KNN 48 1.60
F7E DBN 43 1.24
FEPCD-DBN 79 111
MI-DBN 153 0.54

2)RE. MERHIRERFEHT R, LHdR B
RN 50, BT RO M A 150, /&3 J& MIDBN 557
HoAtrr g3t MNIST %045 48 7 2 1 1 2= ik ML 20 7. 4n
B3 i T i AR /R TE 150 1A 39 s S0 M et B v MI-
DBN X} MNIST £ e AT 7 2 ik HORGEF 26, b 9 i 2%
M LB TR SVM KNN DBN HIFEPCD B35 7E R 45 1
Tt MNIST RS #17 KL =y i £k . "] LI i MI-
DBN lﬁ@%ﬁﬁﬁﬁi fH 2R SRS R

o 50 100 150
Pk G

E3  MNIST $fm s dridas st b

3.3 Caltech 101 ¥{{RE&E

PAbSEH I TE T MI-DBN Sk %) MNIST $3E4E it 4328
i, HR 2 W BHREAR, A4 MK Caltech 101 i 4E7E MI-
DBN B A fih 73 238 Bk B #4743 28R 5, Caltech 101
BAREM A 101 KM AR, AR, AH S H S
A, FEAIK Caltech 101 BEAESLE + MI-DBN 4544 400-
500-500-900-5 , 45 A J2 2B B K- 553 2 20 x 20 {2 Bl 400 4~
B0, MR R 5 00, =ANRIRIZ 4 32 500,500,900 4
MIE, HNE 4 B Caltech 101 BEE AR5,

i i i
B 4 Caltech 101 5 P RFEZEH]
F2 RARTIHIRESBERBLER, B FARRE
BEIREFEAHE D, AN, FILE R4 R 5 MNIST ¢
PEERAH LA AR H A
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REY: g HRE%
SYM 5 50.24
KNN 5 55.56

TSVM 5 50.13
NN 5 46.83
DBN-NCA 5 56.89
DDBN 5 41.70
MI-DBN 5 40.21

WNE 5 24 MI-DBN BRI AL 7328 238 %T Caltech 101 $1iE
SR EMEST L. B S PRTAMERRELH
U HA B MI-DBN X Caltech 101 BT 5280 HIR 21
BRZE, b1 ) 2R N B B T 4Kk & SVM ., KNN, TSVM, NN,
DBN-rNCAFI DDBN B L 7ERIFE 44 F %} Caltech 101 $3E 4
AT HARZ M M2, AT LUE H MI-DBN H Caltech 101
HIRE M IRE MR SUSE R,

0.80
_ —— SVM
0.75 et KINN
. “TSVM
1%(1} S S NN
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i MT=DBN

RE
° 2
o>
nh S

0.50

0.45
FE%L
[ 5 Caltechl01 ¥ fE AR 2%t 24T

=

4 #iE
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HREEFREER fMEEN TLEBEREZM, R
AR EL £ {E M 10.,20.,50.,80 100 #:47 % b 5L 4 (UEITMF
By H BUE N 1.1, X BIIZE Y 80% , MR4E &
20% ,SEEAE RN 2 PR,

®2 FEFETHEZENRERK RMSE &

s f
Sk 10 20 50 80 100

BMF 0.8732 0.8730 0.8713 0.8705 0.8692
TACS  0.8682 0.8665 0.8641 0.8636 0.8629
UEITMF 0.8638 0.8640 0.8620 0.8610 0.8597

WAEEH 2 W15 FEA IR £ BB T, RMSE B{H B /N k4K
Yy UEITMF . TACS 1 BMF, 31 B & < #2 4 i UEITMF & 3
REA AR B RIS, 7E f K IRE 2 10,20,50,80.,100 E,
UEITMF #{ %} F BMF #85 BE 2 TH R WK N 1. 08% . 1. 03% .
1.07% .1.09% 1. 09% ( ¥§ i 42 FF i 1125 /A 3% %5 ( BMF —
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