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Abstract: Restricted Boltzmann machine (RBM) is a probabilistic undirected graph, and most traditional RBM models assume that their
hidden layer units are binary. The advantage of binary units is their calculation process and sampling process are relatively simple.
However, binarized hidden units may bring information loss to the process of feature extraction and data reconstruction. Therefore, a key
research point of RBM theory is to construct real-valued visible layer units and hidden layer units, meanwhile, maintain the effectiveness
of model training. In this study, the binary units are extended to real-valued units to model data and extract features. To achieve this,
specifically, an auxiliary unit is added between the visible layer and the hidden layer, and then the graph regularization term is introduced
into the energy function. Based on the binary auxiliary unit and graph regularization term, the data on the manifold has a higher

probability to be mapped as a parameterized truncated Gaussian distribution, simultaneously, the data far from the manifold has a higher
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probability to be mapped as Gaussian noises. The hidden units can be sampled as real-valued units from the parameterized Gaussian
distribution and Gaussian noises. In this study, the resulting RBM based model is called restricted Boltzmann machine with auxiliary units
(ARBM). Moreover, the effectiveness of the proposed model is analyzed theoretically. The effectiveness of the model in image
reconstruction task and image generation task is verified by experiments.

Key words: restricted Boltzmann machines; neural nets; probabilistic undirected graphs; deep learning

TR R EF 5 T )2 - v 5 T M2 B R w48 M 4% 1 32 [R 3% 7K 2% 2 Hl (restricted Boltzmann
machine, fij # RBM). 4% 43 [ 4 i (variational autoencoder, {8 #% VAE)FI A il 5§ P 4% (generative adversarial
network, i Fx GAN)# )32 I 1 T 45 40 KRN G 2B AT 45 U2 5 sh R i JE4E SR 6 RBML (50 1) 17—
PR A O Ji DR, A 5 1% R )2 GAN A S B P R S A 8592 | RBML S BCAT A S 70— AT A2 0% 10
LR g 7 2R 2 2 2 A% B0 o3 A, 25 RN Ji b 1 PRI S A 1 R I AE U 250 7% o ,RBM. 11 25 75 22 2 X 19
MR i ek LR b 0 T RBM I &, 78 ORI S8 280 8 i 52 1 A4 AT 2010 U7 v Sk 2 o B8 4 A1 2 L A TR
(0.8 T E RS AR e, N AT T 2 R sefi RBM RSB {E 2 RBM AR TR (1R A1 28 32K il AU Y€ i 34 Ji 1) J—
H &GS BRI MR P AR S RBM S5 FH I 2R 7k 2 38 T Gibbs SRAT 1% LL 0% 592 (contrastive
divergence, 8 FX CD)5HVE, M AE CD HykH, 7] WLE H T PIRZS X B2 KA p(x|h) F R A A3 2L, 0, — /N 78

1), — A K80 B T B T RBMOG W] L2 B T 45 F R 2 (1 2 Btk B g, X R vl W2 s I AR 2 th 2R T =
7 e 5 )2 B T 1D v 0 23 A1 114 20 45 1 7 1.

h T A 0 2 RN T D R T (R R S A AR T (R 5 R AR SCHE T L R T R B U T
T 38 o0 A1 P % B 0 78 DA TT SI AR A0 T D0 )2 0 TG R B2 B0 G, I 75 RBM [ e 1 iR Z0h 51N T Laplacian 1E M {k
TR A4 RS A 11 B2k 22 PR T R IA, B ARt T 3 4l B R G 19 32 BR 3% 7K 2% 2 Ml (restricted Boltzmann machine
with auxiliary units, % F ARBM). BRI 5,2 % ARBM A1 (1) 0] WL J2 B 70 AN 560 )2 5 0 ik M 7 v 307 20 A 1 2
Z: B0 AR AT v 357 20 A e RS EE R g 72 A T S BRI B0 TG, T L2 SR T ) 4 AR SO 2 1T LU 1 2 TR R 4K
ik (848 BT v 397 20 A R IASCRN AT e 8% 400 S22 B B8 40 A E ARBM Hp B T — B4 B R G 0 18] IE U0, 24
A S 30 04 A TG 10T, e A S v P R 2 0 Sk DAy 2 A %) 4B W v 07 20 A 5 I 2,38 8 Y T PRI A T T R St Ay
i ST A I8 B TG 1) Sy — R T R A U L i A R A A 4% 0 RBM R 25 v 5 3 A7 70, T dropout
T3 B R A ) 8w vk AR FE T dropout J7 v RBM AR HY A R UL JE AN B R Z P R 43 B G A R L
S, ] fE 45 S0 RBM (R A48 XA 7 R0 PG ) B 10T 2 ARBM. o Al B B e 2 sl ml AL J2 2 G A
)2 L TC IO R 3, T 70— e R R AR T SR T IR B AL . 2 B 5 T 4 B0 I L ARBML 1) R DL J2 5 G T [ gk
)2 570 DA 0K 1) 4% A4 A 236 T R 0T . 24 4 B SR 76 K0 B, AT AL 2% 50 0 R R B 2 B G 1) 4% A4 MR 23 R A Ay v
e S AT dropout 7V, T ARBM #1489 24 (1)l o R P LAE A & — AN e B2 7 3SRk
A BRI 3R AF B R (1) 2E B AR SCHE T ARBM $8 HY 17 26 T B b 2 7o (1) SE (B VR 2 85 M (real-valued deep
belief net with auxiliary units, &% ADBN). A CEJLHUET ARBM HIPEREDE T A RBM B8 4K )5 F) H
ADBN $2HU VR BERFAEAF g 45, 2 160 P 4% (conditional generative adversarial net, [ #% CGAN)F & -4\,
R BT — AR S A B 8 ) 5% FRAT TR A2 AS 20 Ay 5Tl B8 I S AR AT 1) 4% A4 A2 BCX BT P 4% (condlitional GAN with
auxiliary deep features, fij /% ACGAN). A ) 3= T2 57 ik 7] LAEHG G

(1) 77 L2 R Re)2 2 M5\ —AE Mmoo, 32 T ARBM 578 38T G581t 3R £50-h 1 P& 10 D04 Z50 R0 B o
BTG, SEA B T R A A T iy AR 2R 40 S B0 D AT v 30 4 A 04 T X2 AL T R AR AT T g [ E 26 A
SR Sy v o R DR b, ARBM T DA 200k, 27 33 500ai v 3t T &85 40, -0 L 3R 7R Dy Bk 2 1 2 A R A

(2) AT R R R B A BT AR K ADBN $ B 2R BERFAE FH A CGAN [1 M I A\ 32 H T ACGAN
TR 5 £ 28 1 BE AL 75 A L T e yR B AR AR B8 S GAN $2 41 B AR 5 A1 20 1 0 4 PR 2, AT 2B s v Jo 1 1) A 2%
fift GAN A= 2R Il S AN 2 58 11 1) L.



3804 Journal of Software ##F% 4k Vol.32, No.12, December 2021

ACE 1A FEA IS, D RBM F1 CGANLZE 2 i P41 4 ARBM S HLAH B 9 2E i ) ADBN
ACGAN.{E5 3 35 Hp A SOl i S 06 96 3F BT 42 AR 2 (K 4 Rt g5 e — 320 2 45 e f g
1 tHXIME
1.1 ZRIFRESH

MLy RBM AL £y |l L2 x B2 h 218, RBM G A ME 2 T LU R g & s AR 58 X, RBM FE2 J H
FT Gibbs KA id R n = BT LR RS K 1 e

| _C_I-I :— mdﬁnl_ay; T a r mdﬁnl_ay; Tl

R0

LIRSS A RN

| O 1 000 | , OO0 |

| b I visible layer _xl | Visiblelayer  x ! L_Visible layer X_l
Do | ow | Rty

Fig.1 Topology of an RBM and its training process
1 RBM HJ4h $h &6 Ky S I ZRid 7
FEFEL 1 v W T AL 22 R 6 22 ) PR ASU A R e T SR vy D J2 B G R G ik 2 B 7 e — AR I, 6 - e o o T
PAE SR

E(oh) ==Y ax —Ybh =33 h xW, xx )
i1 =

i=1 j=1
Horh,a F1 b /& RBM B E,x R 1 WLJZ ) o, h 387 B2 ) o2, W2 BURL AR B 22 T g o B 40 E(xh), BB 0 AT
AT LAE TR N px,h)=Z""exp(~E(x,h)), T WL JZ 51 70 A B J2 B 70 1R S0 B 80T LA Rt

p(h, =1]x) = sigmoid (b, + Z.N:Vl W, X)) (2)
p(x, =1|h) = sigmoid (a, + Z'::l hwi;) 3)
SR RBM BRI B A5 2 s R AL 253 A0 pOOI log SR, IXAS H AR B EAT LR 7R 4
L, = In(p(x)) = h{z p(x,h)j =In (Zew’“)j —In(2) 4)
h h
R R AR AT v AU AR B B T S B B ] LA R Tl
dlnp(x) PE(x,h) OE(x,h)
20 ;P(h\x)iag +gh: P(X,h)%ag (5)
B a G LR NI TE X, ] LS 3
oL OE(x,h OE(x,h
20 Epxh [’%} = Epnio [%} (6)

s R (6) I A A L AR 1 WURR A 185 B A EE 505 2 TR O s ST, P AN B 0 22 e T BUAR R 5ok
TSEMH R BN EE SNBSS N T 2 E0R 0 IR 4 05 B R TR R0 Tk AR 2 B4 Bl A 2 AR
TEAT B4R HH SR RS 20 0 2 28 3 22 3 RBM. [ U1 25 B ik A T e ik, RBMLASE 208 AR T 4 N AR 1) 40 A1 R 12
SRR R FE AT R v B33 P A S 28 A o DR 1, R AR B ST B D b, O T B AIC RBM R 55 0 B, 5
X BLAR B R P ARG BL. Ok B Hinton 2522 # $2 Y T X BUHURE 7% (contrastive divergence, 8 #% CD) KT ALLALL
R R BB I T T B R SV I A A R 1 D i nT DU A ATE S RBM R 130

1.2 FRM5E R X 4 M 4%

A g 3 oA £ 52 O 1 A OB IR A2 F 6] 4T 9 4% (generative  adversarial net, i GAN)S 2] T )72 FIN H.
GAN  FIAEIATE T AT LA ] 3 DL 42 F 550 10 38 A 20 00 A RO AR 40 bR 8, A D s 1) A 47 ol P AR 66 155 N 5 2



KA4E Sk F 248 RBM 6935 A AR R 4AF 5 3805

JRRE R AN TR BEHE B A, 2 A AR RO ) 2R AT S LA A y LT, AT LUK GAN 97 e B 4 AR BE Y 441
2B BT M 4% (conditional generative adversarial net, & F8 CGAN).H: 7,y TJ DL AT A0 2 7Y {4l B A5 5L, 19 a0 b
S ok 1 HARASE S BB nT LB DR y AR b BRI N A 326 25 ) ) 2 R A il g R AT % 41U L.CGAN (1 H bk
BT DL A (DR

minmaxV(D,G) =, [log DX|Y)]+E,_, [log(1-D(G(z] y))] (7

2 J ST CGAN I 1o 46 4 1.

i i
| Discriminator |

Fig.2 Structure of a CGAN
Bl 2 CGAN 45l
BN —A> CGAN BB HA N4 y S AR T 522 A BEAY i) DU 25 fF y 0 55 A5 6 50 B o2 AT 55,
AT LR CGAN T Mo B R 4 Mo B A 55 AR ST A P R BE AL A= hy 2 A1 N, AN T 489 5 S R 7 P 5 A A 5%
A R

2 ETHWMETHZRBERESNREREWRZENEY R

21 EFHMEBTHZREREZEN

e, AT EDOW 7 A A T H B ICAE RBM RPAE R K U7 [ A7 R AN 2O T 7 TR MR B AL —
A Bz B, HL G B8 SN FE A IR 15 T AR B2 () A S7 Pk AR U, 76 R b mT DU G (i H 4 T B B R A 2
Rk 2 B TT M . {H RBM A REAT Rt A S (000 , 2 DR D 0 S (i 0040 B A 1 i R v B304 rp — e s
(AR e B AT e 2k T @RS M0 1% 48 1) Gaussian-binary RBM 18 5 H: ] WL J2 BA TG 1) 4% R ML % IR
o 0T 4 A, HE BB B T6 o A LR T AR OCAUSR AN T, H AR R T AR R L =log p(x) =log ) p(x,h) FE b
AR RTT IR T A ROEUZ BT h, T LR BT AR p(x|h) al AR 2R P RE Sp(xh=0) A1 p(x|h=1).]X]
L RBM Al L2 H G 38 G R ] LLE — 2B 4 i A p(x)=p(x|h=0)p(h=0)+p(x|h=1)p(h=1), 1 1 ,p(x|h=0) AN
p(x|h=1) 4 e 390 3 Aii 6 T A 1) Bk J2 B 7T, 1) L2 B TT (R i 243 AT T AR AR 2 p(x[h=0)FT p(x|h=1) 1 BB
KA FE AT LR R 3 R R

R AN I3 A 1R T R B p(y) AT A B p(y) = D P(Y;) >34 o0 HL p(yi) A2 i 9 23 A1 ) R 4, p(y) mT LT T4
B ATAT I L0 A7 BB AR T AEAE BE R SE . RBM L1 3 F1 p(x|h=0)F1 p(x|h=1) 120 & (%5 470 30 43 A 16 A R
AR MR G — N 52 B4 231 1T >4 RBM 4 Bt il 2% B0 76 A1 2 SE B 50 T I, mJ DL J2 30 7 (19 3 5t 23 v DL 1 2 G 4
%%ﬁﬁ%%ﬂﬁmm=”ummmwuﬁ%Lﬂ&ﬁé—$§%ﬁ§%ﬁﬁﬁﬁﬁ%ﬁi%mem%ﬁ
JZ BT Y A SR TT R R A S AR BT AR T, 9T 43 A 2K 0 R B BP S BT A I S R R B AR
58 DR G FRAT AR e F DL )22 P 0 T G 2 B0 70 IR MR BT 5 20 20 A1, 9 B e I B 22 R 2% ) ReLU WA BRI ELA T



3806 Journal of Software ##F5 4k Vol.32, No.12, December 2021

SR N AE s PRI T K, AS T A T DL S R R 2 1) 88 il B B e, 4R O o P L D A 105 | N B i R o 4K
A T AR B B e MY B T AR T, A L ) B A e XA R A IR DA 2 B AT v 0 A R I
VU B B n] REA WIS A i U A5 ARBM. F) 544 41 P 4 B s (6 v, g DL J22 5 0 B om0 6 22 1) B 3 A
U W, =B Bl 50 M S A R 2 B TC 2 TR — X I [5G ).

A
p(xIh)
7T ST
h= N\ , N\ L
p(x|h=0), \\\ y ?(th 1)
h=0 h=1 h
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Fig.4 Structure of the ARBM
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Fig.5 Structure of an ADBN
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Fig.7 Comparison of ARBM with other models on three artificial datasets
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Fig.8 Original images of MNIST, small Norb, and Cifar-10
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Fig.9 Reconstructed images and generated images on MNIST
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Fig.10 Reconstructed images and generated images on small Norb
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Fig.11 Reconstructed images and generated images on Fashion
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Fig.12 Generated images of DBM, real NVP, DCGAN, WGAN-GP, and ACGANmodels on cifar-10 dataset
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% 2 ACGAN FI F AL s A4 (¥ FID

EIEE LSGAN WGAN WGAN-GP ACGAN
MNIST 7.8+0.6 6.7+0.4 6.420.4 6.240.2
small Norb 472424 39.742.4 39.142.3 38.242.1
Fasion 30.742.2 21.541.6 20.4+1.5 20.2+1.0
Cifar-10 53.942.8 41.342.0 40.7+1.8 41.1+1.6
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