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Abstract: Stacking restricted Boltzmann machines (RBM) to create deep networks, such as deep belief networks (DBN), has become
one of the most important research fields in deep learning. Point-wise gated restricted Boltzmann machines (pgRBM), an RBM variant,
can effectively find the task-relevant patterns from data containing irrelevant patterns and thus achieves satisfied classification results.
Given that train data is composed of noisy data and clean data, how the clean data is applied to promote the performance of the pgRBM is
a problem. To address the problem, this study first proposes a method, named as pgRBM based on random noisy data and clean data
(pgrncRBM). The pgrncRBM makes use of RBM and the clean data to obtain the initial values of the task-relevant weights, so it can learn
the “clean” data from the data containing random noisy. In the pgrncRBM, the general RBM is used to pre-train the weights of
task-relevant patterns from data and irrelevant patterns. If the noise is an image, the pgrncRBM cannot learn the task-relevant patterns
from the noisy data. Spike-and-Slab RBM, an RBM variant, uses two types of hidden layers to determine the mean and covariance of each
visible unit. Threrfore, this study combines ssRBM with pgRBM and proposes a method, named as pgRBM based on image noisy data and
clean data (pgincRBM). The pgincRBM uses the ssRBM to model the noise, so it can learn the “clean” data from the data containing
image noisy. And then, this study stacks pgrncRBM, pgincRBM, and RBMs to create deep networks, and discusses the feasibility that the
weight uncertainty method is developed to prevent overfitting in the proposed networks. Experimental results on MNIST variation
datasets show that pgrncRBM and pgincRBM are effective neural networks learning methods.

Key words: restricted Boltzmann machine (RBM); deep belief network; weight uncertainty; feature selection
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ASCAEAR R ) pgRBM H:fith b4t —Fh 3 T B AL 75 Bl 5 149 4045 1) Point-wise Gated 52 BR 3% /K 2% 2 Bl
(pgRBM based on random noisy data and clean data, [ #X pgrncRBM)J7 2. 1] LA FH 19 B da $2 A+ Sk A2 BE ML
W P i b (02 S e 00 .pgRBM TR 2 1Y 1153 4 15 43 240 M 5 43 2R T0 % PR AN I8 4, O B BUE W 2
FHAFAEIE 3R 10 77165 RBM 2% 2] IR AU AL #1175 21 1) pgrncRBM Bt 2 7EAL 4511 pgRBM FEfil_I- X pgRBM 2% 3] 3|
PR — R 2, H 55 3 S8 T 50 A B8 1 U SZE AR 1)) B A FHARR AT U6 5 11 77 70560 RBML X — 4K 3R gt 1) S 4 2%
> BN FAAE A BE A B R 15 23 2845 DG I B2 30 s I AUE (2 L RBM X AS 25 I 75 1) 54l 2% ) 45 31
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TR ey b 2 BT 75 A 25 1Y) RBM — i FUE T 40 28 —(H 5. 7 B 4 b b 20 Sl G 3 T — &R 51 RBM AR
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AJ L2 BB A R 401 B A2 IR A S0 RIS SV (HMC), T ssRBM SR H 2 7 B 1T A3 2 ) Gibbs SRA¥ Jr 25 [K
UE, AR ssRBM 5 pgRBM A& &, 8t 17— Pk T P (500 75 i 55 149 B0 (1) Point-wise Gated 52 R #/K 2%
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70 Ak TR P45 Ml 75 i I vy L 2% 50 B B R 34 I B AR 5 AR SCHT BAAE pgrneRBM il pgincRBM (¥ 5L itli b 3t 5
HAR B B Y 2 AT N Bk T RE ML 75 B4 5 13 B85 10 Point-wise Gated 52 BR 377K 2% 2 Hl(pgDBN based on
random noisy data and clean data, &R pgrncDBN) RL K 5 T 145 75 44l 5 134 2045 1Y) Point-wise Gated 52 B 3%
/K25 = Hl.(pgDBN based on image noisy data and clean data, ] #X pgincDBN).

I ZE W0 2 I 55 B < 38 B 4005 0] R, LA RBML 2y B4 110 9 B I A, 2 4 otk B i ,RBML HP 3 55 FR) i o
IO ) BT BUAE %98 . Dropout™ ). Dropconnect! '), BUE A & P46 Zhang %5 MO BUE AR E HETIA
pgRBM 1 pgDBN,KIF T B AN 58 1 78 3 W5 b 190 2% v 1) A 2 ik B AR SO BUI AR 2 PE 51N pgrnecRBM. A1l
pgincRBM 1,42 pgrncRBM F1 pgincRBM H' 5 43 2845 G [ AAE B A — AL v 301 23 A1 P A48 25 T AS 2 4] € A [7)
b, A SO BUE AN 2 51N LL pgrncRBM Al pgincRBM A 3554 (IR & W 4% pgrncDBN il pgincDBN H1,Jf:
PRI T IX UM S AT AT 1.

ASCE 1 W TRR 2 R R 2% 2 WU VR S WA R Point-wise Gated 52 PRI /R 2% 2 WL 28 2 749
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S5 4 T S RS 1 TS B0 AR DN SCHR A T SRR IR L SR 58 45 R W) pgrncRBM 1 pgincRBM 4P /& A7 3 1)
Pl W 256 2% 3] J7 .

1 FMxIME
11 SRERZSVNSRESEMES
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TEUF g R B 1 TR, 500 8 SR B2 AN 5 2 SR TE R I B2 BT s 0oy il o 31 A 32,24 F RBM i 25 ST
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S W B2 2 1 O 43 IR DR, DA T A 28 pgRBM. 19 465 AL R 4 1L
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2 EFBEHIEESFEEIER Point-wise Gated (R E B 5 M LZ &R

2.1 ETRENIRREHIES T /% 53E APoint-wise GatedZ FRIE Rz SH B 3%
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Gated Sz BR ¢ IRZE 2N T AZTTFAT R ssSRBM X gt i g ABE, JL 7 A 348 1] 45 gt 7 5048 I AT DA 2% 2 31 B8 S <>
P H5 P DA FH AN 35 W 75 1 000 3 T A 7 R A M A s L 22 30 e 0 4 s @ — A AT L E RE R R E IR
i, pgincRBM 1] & & 2R £ tH 7T DL A 4y
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Fig.2 Pre-training process of pgrncDBN
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3 WETRHEMERE pgrncDBN 5 pgincDBN 37 & W 4% 51 19 52 F

BB AN 78 W 5 32— T A 48 0 28 v DL 1) A e o 9005 IR 10 T L A R 2 ) 28 v ) BN B A —
ANV R AL A RE 238 23 A1 10 AN A& LA 1) 50— (1 [ L, I FF 2% 20 B IR AR B0 0 B4 . Zhang 56 A\ SEBUE AN & 1y
V551N RBMEEH T BUE A & P32 BR 3% 7K 2% 2 Ml (weight uncertainty RBM, [ #% wRBM), Hol BEANA] UL 2 5 K&
20 R & FE BUE T AV — A AT REAE ML R 43 A7 . [A] i, Zhang 2% A BUE G E TE 51N pgRBM, 2 H T BUE A &
PE5Z BRI IR 22 2 1IN 55 45 2870 G 1A B 2705 AU IBUE A A — A T RBAE IR 70 Al wRBM. e 8% 7 25 i fi
P RBM (#3400 T 7850, (L e 70 Ak 38R i 2 %) S50 0 T AN i 7 3 3 81 R AL %) 208 SR AL A 5 8 1 v LA 1) 38 30 4
AT AR DA 255 178 A, T A A v sk P TR B T RETE — B AR B Sg T Bk 8, D5, pgwRBM T 5
53 28T IR B J2 71 R AN AL 3 A S AR 3 A2 L FRAT TP BUKE pgwRBM H 5 43 2847 ¢ IR B A 2 AR 40 11,
5 53 S T0 IR M 75 A S AN AR R A SRR AUE A 2 PE 5 TN pgrneRBM Fl pgincRBM, 3 HH T 58 T i 1.1
AR 5 T 4005 19 Point-wise Gated AU{E ANl 52 14 52 BR 3% /R 2% 2 Hl (weight uncertainty pgrncRBM, fiij F
pgwrncRBM) DL & FE F G W 75 B 5 15 208 1) Point-wise Gated AU AN 5 1 52 BE 3 /K 2% 2 Hl (weight
uncertainty pgincRBM, X pgwincRBM). 24 T %t b P A 8L 21 5 | N B AS 1 58 12 7 J5 (1 7 B ,pgwrmcRBM Al
pgwincRBM 2 E L SE 1) pgRBM FEfil L% pgRBM 22 ) 2 4 His — ik £ k.

F pgwrncRBM i1, 5 70 B84 L I B2 57T W2« B4 2 (K02 B W B VR4 £ e 0 40 A (142 B
SR bR AE 22 43 ) 23k ' Al o?=log(1+exp(ph)). 5 pgwRBM AL, 2445 i — 41 n] WLJZ AR A& F0 B 2R A& 1,
pgwrncRBM (1] HE & B £ T Rk N

E(v,Z,h',h*;0) = —ZD:ZJ:(zi”vi )15 +log(1+exp(p;)) © &ph; —ii(z?vi)wifhf —iib;h; —iic{(zi”v{)
i1 j=1 i=1 j=1 i=1r=1 i=1 r=1 a7
s.t. izi" =1,i=L..D
r=1

o 50 K MEZ SRR A (', p",c' b}, 540 T8 56 (1 B J2 ek I PRI BUAE A {W 2,2, b3

pgwrncRBM 5 pgwRBM ANl 2 4b A :— E W {E 1 77 i AN [R], — 2 5 S 3R A 7] pgwrneRBM 5 4328
TG 2 (1 85 J2 A 3% BUAE {W2,C2, 07 (A AL IS 2 PR 36 % () 5 V2 0F — U P e 0 i v 2% > 1 /) RBM BU{E b 3 73
B A0 L 500 A7 K B2 HERUE (' ¢ b, p" s B A B A0 7 30— H wRBM 4 AN 25 e 75 (1) B4 2 )
FEN, —RAUE (g',c' 0" IIWIE T RBM X AS 5 B 75 (¥ 250408 2% 21 19 2 10 B p" 1) 4 (1 2 B BLIGR AR 11
pgwrncRBM J& X pgRBM 2% 3] 21| [0 H v VR 221,177 pgwRBM S X B 46 (19 1t 75 40 4% 221t pgwrncRBM (1734 32
BUERFE W AT LU IE ) Wi=p"+log(1+exp(p) O (F 1,8 ~N(0, 1)), I 24 AT UL | 4 2 AN B 2 AT R A
[i5] 22 ), pgwrncRBM [ 45 {1 28 43 A1 1T LU 24 20(6)~ A 20(8) R 7. 2 pgwrneRBM H CD-k 515 i 3 BUE I, 2 5L
(' o WL B E 53 53 R

=, (PR [ 270,002 V1)) = P | 249,092 ) ()
1
Ap; = A x —LF (19)
' ' M exp(=pj)
AW = a, (P(h? [ 220 v 2O) (22O )  P(h? | 272 v 22 Oy0y) (20)

FI CD-k Sk iU I ,pgwrncRBM [ {c',b' W ?,c2 b} [ B B 1) 15 )7 ¥ 55 pgrncRBM — 5L

pgwincRBM kit KBS pgwrncRBM A1 pgwRBM s 5 AN [, Jo Al H] ssRBM i Ik 7 4t 45 {15 15
pgwincRBM 15 43 247 S 1 B 22 45 A L )2 B 450 )2 PR B LA W 2 795 5 v 0 2 A 7% e, S B8 i R b 2 [ A
Tk A ut o' =log(1+exp(ph)). 2445 & — 41T W2 AR B2 R I, pgwincRBM (1) fiE ft b6 30T %38
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D J D J
E(v.z,h',h?,s%0) = =3 > (7)) (44 +log(1+exp(p;)) © e = 323 (ZV)Whis]
i=l j=1 i=1 j=1
b Thr 1 2 252 S [
_Zzbjhi +Ezaj(si) —chi (Z'vi) 21)
j=lr=1 j=1 i=1 r=1
2
st. ».z"=1,i=1..D
r=1

o 5 BB E h' b N BBUE K {u!,p',c' o'y, 5 43 2T 5 B K 2 e R B Ry {W2,62 0% e

55 pgincRBM A EL,pgwincRBM 15 43 28 J5 56 1 2 M AUAE {W2,¢2,0%, e} A AIAEL I o FH M I 356 8% £ 7 9200
— YRR BB v 2] B K ssSRBM BUAE &b FH 45 31 (), (EL 3L 5 4 A S i I 2 HTERUE (a' ¢\ b, o' IR W48 5
FFl pgwrmceRBM —F£.7E pgwincRBM B35 AT L2 L 5 0 J2 R0 82 AT 52070 2 RS ol 5 1, 38 A — J2 10 e
PO I (B A% 3 A T LU A R (12)~A K (16)F 5.2 pgwincRBM H CD-k B3k i 3R 1), H 44
P W IR B 2 50

At =, (P(hy | 274 VOOV ) = P(hy | 2200,y 0)(z]1 1)) (22)
Apt = Ayt x gl'l’ (23)
v Pl 1+ exp(— pilj)

AW} =a, (P(h? |22 v2D)x P(s] | 220,v"2@ b2 = 1) x (2] V7)) -
P(h} [ 2209,v2® ) x P(s] | 2/200,v200 200 = 1) x (z7Vv;29))

 CD-k £0E R BUE I, pgwincRBM I {c',b' W2 c* b} (KR B (115 75 ¥ 5 pgincRBM — 4.

F1 pgrncDBN 5 pgincDBN 25460 1] DL T #E & pgwrncRBM. pgwincRBM Fl wRBM 43 7l #4)38 A0 75 36 T
Biti AL P 0 HE 5 T4 204 1Y Point-wise Gated BUE AN & T 4R 5% E 15 M (pgwDBN based on random noisy data
and clean data, f&] FX pgwrncDBN) LA J2 5 - £ 58 75 H4t 15 14+ 5048 1) Point-wise Gated AUE AN & PE IR B B A5
M (pgwDBN based on image noisy data and clean data, {7 #X pgwincDBN).pgwrncDBN(pgwincDBN) T 4% H
pgwrncRBM(pgwincRBM)X — Uk [ B (1) 254 v/ M1 25,459 21 56 0 T34 1 4085 . F0 pgrneDBN(pgineDBN)—#¥,
pgwrncDBN(pgwincDBN) M £ [f1 % A 2 5 B 2, DA R BG 2 15 B2 1] B0 3 3 B ) A ME B AR PR AP IR D48 7 2 —
AZHH pgwrncRBM(pgwincRBM)%f — X BEME (1 4cdln v I ZR R B )= . AT IWZE 55 1 2R REEBUE,
B f5 H wRBM Tl Y1 25 58 2 1) 1) 3% BB — 2 R A wRBM Gl 0 AN & s g s 22 SIS R 32 WTILE S
91 E B IR AUE, S R wRBM FRI 2B 2 1) ) 74 2 AU {E . pgwrne DBN(pgwinc DBN) iz Ji BEA LA &
I J5— R B2 5 R R E B, B 5 T BP SR DR HE A 199 25 (R AE.

4 RBRESH

(24)

41 IWRBEBSHIEE

S 7 R EE SR R M fiE K L 5 RBM. wRBM. pgRBM. pgwRBM. DBN. wDBN. pgDBN. pgwDBN
A A i 22 0 45 (convolutional neural network, fif # CNN)REAT Eb#%. A _EJLFN 7745 2Z 7E Intel(R) Xeon(R) CPU
E4500 0@3.6GHZ AbFi#%. 18GB W17. Windows 7 64 fifE{E R4 MATLAB 2015B(JLA,CNN il it
Python3.5+ TensorFlow HEZ4% S H0 ) I BRBE v 32 47 1. AR SC 32 50 i FH 1 B AL st 7 5040 2 A2 0 4l SR (18] 1) 5 v
%f MNIST basic 1 MNIST rotated Ab¥E45 2 (10 45 1 B A [R5 380HH 5C 5 {0,0.2,0.4,0.6,0.8,1} 1 MNIST
basic " REAME FE RUIL LR A AE(0,1), 7T LAAS 21 6 B AN [H] 1 24 45 MNIST basic-back-random-a/b/c/d/e/f. [F] A 7]
PAXF MNIST rotated 4bEE75 2444 MNIST rotated-back-random-a/b/c/d/e/f. A 32 5256 T I f) 1B 45 B0 4 R ¢
HR[ 18]+ i) MNIST back-image #11 MNIST rotated-back-image. 7E T 123 52 I SR BEAR R 10 000 A1 75 %
P F 10 000 AT F s, 56 1F AP URE A 23331 28 2 000 ASFH 50 000 ANk 75 B4 AR 4 e 784,45 254 H 4 10.
Bl 3 45 T T EAR S I a FEAR.
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(b) MNIST back-image

Fig.3 Legends of benchmark data sets
3 JRAEEE K 1 1)

FEASCHP BT A S5 R ] mini-batch 77357 2], JF HALRAOR/N 2 100.RBM Al wRBM 2215 s £
500 2 1 000.pgRBM 1 pgwRBM # /2 3t 3o 4 AL 36 45 14 75 V500 K2 2 5 i 8500 1200 1) RBM 27 2] I AL{E AL PR
B WIE, I B G5 23 8 R R B Z F1 5 3200 6 1 K32 9 s 88 2 500.

pgrncRBM., pgincRBM. pgwrncRBM Fl pgwincRBM #B 4 7E 4% 42 ) pgRBM Z:fili 1% pgRBM 22 3] 21 1 4L
i R L I e AT o 80 R MBS AN 5 43 8T8 6 1 B S s 500.

pgrncRBM. pgincRBM. pgwrncRBM Fl pgwincRBM 543 K47 XK EAHESE W BIMEZ A RBM 2
WRBM S AN 5 W 75 1) Has 2 20 45 B8, 3 55 43 2800 G 14 e 2 AH AU 1) 400 /28 2 P RR E B 33 1) 5 vk 0 e 25
REN 1200 ff) RBM BL# ssRBM X — UK B I (1) Rl v 2 >0 21 (RBUE A BRAT 2 1.

DBN. wDBN. pgDBN. pgwDBN. pgrncDBN. pgincDBN. pgwrncDBN F1 pgwincDBN [ [ /= 45 #3 Hy
500-500-2 000.CNN s 1K 7 [ 2% 45 44 K DO B BUZ (32 A 5x5 BRUZ) WL G I8 K/ A 2x2) BRUZ
(64 /> 5x5 BHUZL) . WAL E G UER K/ 0 252) 1442 2 (1 024 AN 21 550 T A Sk i 5 3 B L T Fe
SRS 8 B KR AU 200(3EHh ,CNN 1R 55 K R3S AR H i 500), 1 FLAK 3 90 1E 2308 4 10 4 02 % R H B i ¢
15
42 BIRMEELLER S O

K144 7T RBM. wRBM. pgRBM. pgwRBM. pgrncRBM Fl pgwrncRBM 5% 1F & ML 75 1 T 5 4k
PR bR

Table 1  Error rates of shallow algorithms on random noisy data sets (%)
F 1 WIEFIETERNE B 55 AR (%)
A bk
RBM wRBM pgRBM pgwRBM pgncRBM pgwncRBM

MNIST back-random-a 32.32 32.21 28.10 28.15 24.74 24.54
MNIST back-random-b 28.56 28.57 25.13 25.07 20.47 20.32
MNIST back-random-c 24.71 24.46 21.80 21.27 16.45 16.36
MNIST back-random-d 21.30 20.88 19.25 18.76 12.98 13.33
MNIST back-random-e 17.24 16.86 15.28 14.95 9.60 9.57
MNIST back-random-f 12.33 11.11 10.57 10.41 5.03 4.97
MNIST rotated -random-a 72.31 69.43 68.28 68.07 60.83 60.40
MNIST rotated -random-b 66.83 66.66 63.73 63.82 55.42 55.14
MNIST rotated -random-c 63.54 63.53 60.86 60.22 50.31 49.76
MNIST rotated -random-d 59.32 59.16 56.08 56.28 44.61 44,18
MNIST rotated -random-e 54.24 52.66 51.61 51.56 37.66 37.13
MNIST rotated -random-f 47.77 46.50 45.81 45.36 21.49 20.53
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PATTPT LUE Y, pgwrncRBM 7E T A $04i A BRI 0 T HoAth v )2 27 =) S 0 3 kR

18 33t %) B pgRBM 1 pgrneRBM, 3 AT 17T LU H,pgrncRBM 15T 13 204 42 _E 1143 2R s #L T- pgRBMLIX it
W) A 5 W 75 (R 25030 W] LA TT pgrne RBM 5 AL e 75 Al b (10 2% 20 G 07 i e b 32 1 vp 1R 503k, AT 138 W] X
R

1) wRBM JEA EAE I BEALER A5 4 46 BRI AL T RBM 173 KM fie.

2)  pgwRBM Y {E MNIST back-random-a. MNIST rotated-back-b FI MNIST rotated-back-d iX 3 % #idE

SR 2 = T pgRBM.

3)  pgwrncRBM 75T A 4 45 L # R I H LT pgrncRBM (14325 fig.

4y BEATLME RS B v e g R R R, 5 pgRBM A EE,pgrncRBM 32 T 1) 73 2R 25 S st bk i 2.

#2447 RBM. wRBM. pgRBM. pgwRBM. pgincRBM Hl pgwincRBM 575 7E & MG W 75 1 F 5 $
PR b I AE A [ PR3, pgwincRBM 75T A7 A5 M 75 £ 48 ARSI A0 T Ho A v J= 2 o S0k 1K 23 28 380R.

Table 2  Error rates of shallow algorithms on image noisy data sets (%)
R 2 RAFRAE RGN AR LR B R (%)
. S
BISIES - -
RBM wRBM pgRBM pgwRBM pgincRBM pgwincRBM
MNIST back-image 15.83 15.83 15.01 14.65 14.58 14.34
MNIST rotated-back-image 47.47 47.34 44.32 44.34 42.10 41.86

I EE AR 2 g S, AT TE T LUR I

1) wRBM 7E 74 & 154 75 5 4R 12> FEPERERK {1 T RBM.

2)  pgwRBM 7 MNIST rotated-back-image $(#i4E b ({4 i 5 1& 5 T pgRBM.

3)  pgwincRBM 7EJT A B 50 /5 Bl 4 LA R I LT pgncRBM )7 25 14 BE.

MR 1 TN 2 TATTRT LAAT H 1) AUE AN 7 P 7 725 B 8 A7 2 Hb % ¥t RBML pgRBM. pgrncRBM Hl pgincRBM
TF AL 35 W 7 1) 5 It B AR e 400 1) R 2) R AN 35 e 7 ) B, PT LA T pgrneRBM. Al pgincRBM 75 I
el Fi 2 2] fg

4 JE7R T pgrncRBM 7E MNIST back-random-f I (1943 J5 14 6 B T 14 FE AN 550 H A5 4k i 28

()

%
t

MR AR R R

Fig.4 Variations in the performance of pgrncRBM on MNIST back-random-/f,

as we increase the number of the clean data

Kl 4 pgrncRBM 7E MNIST back-random-f |- 1) 4> 25V B Bl T 15 FE A 55 B A8 44 i 28

FATTTLLNE 4 HF BT SCH 88K pgrneRBM. 43 28 250 5 K 14, 3 R B AT 1) B 00 24 —
). pgrneRBM H 543 2547 SC W B 271 R EE B WU (A 2 FH RBM R AN 35 M 75 (1 0040 27 2145 3 1), i A
2 RBM 2% 3] B A1 B 75 A4 (1) 45 S i 2 pgrncRBM. 16 B 4 0K e 75 5 i b 5 40 R 0 M5 R KR
HK. K 545 H T pgRBM Fl pgrncRBM 7E MNIST back-random-a/f P FP 8 42 L1242 3] 45 3L K 6 45 H T pgRBM
F1 pgincRBM 7F MNIST back-image #0445 1) 2% 2] 45 3L pgRBM. pgrncRBM H1 pgincRBM #4122 75 1 43
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50y B LIRS 43 2 TE I B P AN 3, I HL A B8 A 15 1 7 1 B b O R R BB R 5 0 2 R
R, AT AN 5 FIE 6 i e
1) pgRBM 2 ) £3 1] (15 432 J6 5% ¥ BUG (R 3t 2 Mg 75 ) A 5 () e 75 45 RUAR 2D pgRBM 2 3 43 81 (1 5 43
F R BG5S SR 1w R R A E AR IR K.
2)  pgrncRBM Z7E pgRBM FEAil b 5% 302 ) 2] (1 55 43 2845 G R ik 231 fA 2 pgrncRBM 1] LA &
A B 5 5 4 289 S IR S (3t 2 T 5 0T ) AN R 7 A 5L 40 0 2% o) HE R R 2 pgneRBM 78
MNIST back-random-f X MR 4 b2 )3 310 5550 80 KW EHR A B A g S,
3)  pgincRBM /& 7F pgRBM H:filh b5 H 4% 3] B4 5 43 2847 G I R — IRk L1 pgncRBM 1T LR G h 5
O3 BAT R ME B (B 2 T 15 20T ) R G e 75 45 8 2 30l 2 20 H Ok (ERE AT I BURE 24 ) B3 4y 5 0
AT RMAE 2N 5 1 BRI 2.

Jg g 5 pgRBM % 2] B 11 5 732847 55/ T R I 11 4%
(a) pgRBM il pgrncRBM 7E MNIST back-random-a %% 3] I [#] 5 43 J5 47 /6 K G RT L

J5U s 1% pgRBM 2 2] B 1 5 73 847 5/ TE R I &1 4% pgrncRBM 2 2] B ¥ 5 73 A7 R/ To K 1 5
(b) pgRBM Al pgrncRBM 7E MNIST back-random-f _I- 2% 2] 2| [ 5 73 45 5/ TIE R B G x Lk

Fig.5 Learing results of pgRBM and pgncRBM on MNIST back-random-a/f data sets
5 pgRBM Fl pgncRBM 7E MNIST back-random-a/f 35 4E - ()22 ) 45 1)

J5Uhh P pgRBM 2 2] BIH 5 73 26 5%/ To K 1 A 18 pgrncRBM 27 2] B 5 53 269 /70 K 1) 4

Fig.6 Learing results of pgRBM and pgincRBM on MNIST back-image data set
K 6 pgRBM Fll pgincRBM 7F MNIST back-image ¥4 45 I [ 2% 3] 45 1

FIHH T HWEFSNRGEER . pgRBM 23] (¥ 5 43 2547 LI B8R pgincRBM/pgrncRBM 24 3] 2] 5
I3 R MG S T v s 45 e L BT T T LA HY , pgrncRBM . Al pgincRBM 1] LLFEAE SR 1) pgRBM - fifh 1t
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pgRBM ¢ > S Kt — 25 W4 ) 2 5 e 75 A5 R A0/ 1) TR A T 328 281 B 47 1) 70 2R CR pgrneRBM 718 MNIST
back-random-f F! MNIST rotated-random-f I [FJ 5 1% 5 73 )] J& 5.03%F1 21.49%, 1] pgRBM 753X W4 AN 20 48 1)
PR ZJE pgrncRBM [ 2 5% LA 3 B4 512 78 SCHR[ 1817 ,RBM 7F MNIST basic F1 MNIST rotated 4 15 243 51
& 3.94%F1 14.69%,iX 55 pgrncRBM 7 MNIST back-random-f Al MNIST rotated-random-f - [ 4 i %38 42 L4
FIT .
Table 3 Signal-noise ratios of learing results of pgRBM and pgincRBM/pgrncRBM on different valid data sets
% 3 pgRBM Hl pgincRBM/pgrncRBM 2% 3] &5 JAE 56 11F £ 4t 45 b 145 e Lk

. R pgRBM 2] 2| pgincRBM/pgrncRBM 2% 3] £ {1
A PREIR 5 HAT K 1 150 AT K 1

MNIST back-random-a 5.5670 7.070 7 11.9356
MNIST back-random-b 5.5813 6.826 4 12.726 2
MNIST back-random-c 5.5803 6.906 5 13.2352
MNIST back-random-d 5.5551 6.400 3 13.661 8
MNIST back-random-e 5.5511 6.2559 15.1100
MNIST back-random-f 5.5540 6.361 2 18.949 7
MNIST back-image 6.662 1 10.659 7 15.484 3
MNIST rotated -random-a 5.618 2 69116 11.1102
MNIST rotated -random-b 5.600 5 7.556 0 12.096 0
MNIST rotated -random-c 5.6124 6.871 5 12.586 5
MNIST rotated -random-d 5.596 6 6.550 9 12.386 4
MNIST rotated -random-e 5.573 0 6.278 9 12,4291
MNIST rotated -random-f 5.579 6 6.341 6 18.648 2
MNIST rotated-back-image 6.585 5 10.342 8 14.2355

% 4 45111 T DBN. wDBN. pgDBN. pgwDBN. pgncDBN. pgwncDBN 1 CNN k& BEHLE & () T'5
e FAR R FRATINE 4 T LU H,pgwrnecDBN 7E40 K 2 280 da 45 b Pk e A D0 H 0 T A yR 5 2% >
SV 2 2l 1 4 B pgDBN F pgneDBN, AT 7] LA H,pgrncDBN 7F T A7 Bl HL Ik 75 500 4 1 1) 43 2 P g
LT pgDBN. 5% 45 3K W, pgrncDBN 38 & — A 2% (141 48 0 28 27 =) B0 AT 1 ST LR IR LA R 45 2R

1) wDBN 75JiTH £ fE EAZER I H L T DBN (¥4 251 fi.

2)  pgwDBN TR A i 5 F#ER I AL T pgDBN (14 M fE.

3)  pgwrncDBN {Y /£ MNIST rotated-back-f 5 #5 4 I (K145 4% R & % T pgrncDBN.

4)  CNN {X7£ MNIST back-random-a. MNIST back-random-b fil MNIST rotated-random-a iX 3 ¥ 4E

R AE T pgrncDBN 1 pgwrncDBN.

Table 4  Error rates of deep algorithms related to DBN on random noisy data sets (%)
F 4 5 DBN HHICI IR B BVETE EA L 75 5 48 Bt (%)
HolR A Sk

DBN wDBN pgDBN pgwDBN pgncDBN pgwncDBN CNN
MNIST back-random-a 43.21 35.95 28.01 27.73 23.56 23.55 12.32
MNIST back-random-b 40.57 30.40 24 .41 23.82 20.31 19.65 15.96
MNIST back-random-c 35.34 26.37 20.41 19.32 15.94 15.86 16.89
MNIST back-random-d 34.78 21.90 16.45 15.81 12.79 12.22 14.41
MNIST back-random-e 32.98 17.67 12.54 11.76 8.60 7.91 12.52
MNIST back-random-f 25.29 12.56 8.54 7.41 4.04 3.88 8.31
MNIST rotated -random-a 72.31 71.13 67.48 67.41 57.61 56.83 46.42
MNIST rotated -random-b 71.04 67.96 62.07 62.24 51.67 51.33 59.20
MNIST rotated -random-c 67.21 63.65 57.42 56.24 45.63 45.44 57.04
MNIST rotated -random-d 67.42 60.33 48.98 48.81 39.23 38.96 55.49
MNIST rotated -random-e 66.25 53.71 42.55 40.39 31.29 31.27 44.40
MNIST rotated -random-f 63.43 43.47 33.02 31.16 15.18 15.45 32.70

#5417 DBN. wDBN, pgDBN. pgwDBN, pgincDBN. pgwincDBN Fl CNN 5% 7E 5 K15 8t 75 1) F
SHIEE LR Z B T 7€ MNIST back-image L [F1£5 1% 0% 5T CNN LAAk, pgwincDBN 7 BT A% M 75 4
PR BRI AR TR B v 2 2 o SR W 2 RO Tl 0 LE 22 5 b IR SR00 BAT 13d v DA B

1) wDBN 7EJT 7 G M 75 2 45 L 1) 73 e M ik g AL T~ DBN.
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2)  pgwDBN 7L EG 8 5 E I AT R 0% & T pgDBN.
3)  pgwincRBM 75T G 5 B 48 EARR I T pgneRBM 14 281 fie.
4)  CNN {U{{fE MNIST back-image £ 4 b (14512 K&K T pgincDBN Fl pgwincDBN.

Table 5 Error rates of deep algorithms related to DBN on image noisy data sets (%)
F5 5 DBN MR B G AE G 5 R 4R i (%)
MR 5 Sk
" DBN wDBN pgDBN pgwDBN pgincDBN pgwincDBN CNN
MNIST back-image 21.65 16.97 13.17 13.49 13.44 12.98 12.50
MNIST rotated-back-image 62.44 46.42 39.03 39.52 37.37 37.09 40.60

M 4 TN 5 s RATTAT LAAS 1) BUE A & 1k 5295 2 g ¥ T pgrncDBN Fl pgincDBN P ¢ i 9 4%
o B R A 19 F2) pgrneDBN/pgwrneDBN Al pgineDBN/pgwineDBN AJ LLE4E K 22 $ ¥ yim 4 L (1 P gt
i CNN [ FEZ 7K 2 pgrncRBM/pgwrncRBM Fll pgincRBM/pgwincRBM T LA 2% 3] 15 21 T Ay« 140 (1) £ 4 il
%S B RBM. DBN F1 wDBN, KAl LL7S i, DBN 4 Ak 55 5 7 Ho 4 I HH B L 400 5 B4, 0 BOA T BL i EE RBM
B2 2 B 00, HABUE AN 1t 5 VA A A e 7 DBN R BE I 26 v H IR ) a0 6 1) 380 3l X Lk pgRBM
5 pgDBN. pgrncRBM L pgrncDBN. pgincRBM 4 pgincDBN, F A1 X AJ L& 3,4 Z pgRBM/pgrncRBM/
pgincRBM FI RBM #J i tH 19K B W 4% (pgDBN . pgrncDBN Fl1 pgincDBN) & L H A T % 2 W 4% (pgRBM
pgrncRBM Fl pgincRBM) 2 2] fig /7.

5 %RiE

Point-wise Gated 2RI /R 2% S L2 — P el o 0k 75 2 1R v J2 2 ) B0 AR SCHE b it B0 i i 42
FhH AR M B Hdln B2 ST 68 D0, 88 th T PR AR 2 TR RS a5 T 2 Y Point-wise Gated 52 PR 3 /R % 2 ML
(pgrncRBM - pgincRBM) 77 7%, 88 5 K B A1 2% 30 B 1 5 40 2840 O R B 7 05 F 303 %8 8 I P B 1 T PR R
T A A 5 T v 2E 1 Point-wise Gated IR J¥ {5 M (pgrncDBN Fl pgincDBN).pgrncRBM Fl pgincRBM 7£
RZHFEHIE LRIV T pgRBM 1% 2 B8 J7. [FAE, L pgrncRBM # pgincRBM b %47 1) pgrncDBN
I pgincDBN — AR T pgDBN.AR 5 , 48 SCREAUE AN 8 14 U7 72 A0 B4 th (1) 4 b S R4 3 JL R B2
g T W S B 5 T 1 s 1Y Point-wise Gated AUE AN 72 P 52 BR 3% /R 2% 2 Hl.(pgwrmcRBM #l pgwincRBM) L
BT e P A 5 I 5% 1Y) Point-wise Gated U AN 2 MK B B 15 M (pgwrneDBN Fl pgwincDBN). 52 56 45
RO BUE ANH e PE 5 VR RE % A SO iR v pgrncRBM. pgincRBM. pgrncDBN 1 pgincDBN 75 4b 2 £ I 75 %
P H B o 30 A 1) L FRATT ) B 2 I, pgRBM.. pgrncRBM Fl pgincRBM  FEAN BETE 4 4 e 5 B P 48 (i b 5
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