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Algorithm 1 Gibbs sampling steps for RBM

1: Draw v" uniformly and set ©.

2: while Repeat until Gibbs sampling to reach the equilibrium do
3 forj=1:n, do
4 Assign a binary value to h; using (2.4).
5 end for

6: fori=1:n,do
7 Assign a binary value to v; using (2.5).
8 end for

9: end while
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1
b; < b; + 77? (< Vi >data — < U >model) (2.26)

i

cj ¢+ (< hj >data — < hj >model) (2.27)

1 Ny Nhp Ny MNp
g; < O'Z—}—ﬁ; <(Uz — bl)2 — 0; Z Z wijvihj> — <(UZ — bZ)Q — 0y Z Zwijvihj
! i J data @ J

(2.28)

model

2.2.3 Sparse Deep Belief Network (SDBN)
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th=9] Algorithm 290 A= o] Q)

wij = wig— (1 = B [ {v™ 1] ) E [y v )0 (}V g P (g = o) o™
N (2.30)
¢ < citn (1 —E [l (v E_] ) E [y (v (}V > P(h= 0|v<m>)2>
m=1
(2.31)

Algorithm 2 learning algorithm for SRBM

1: while Repeat until the objective function converges. do
2: Update parameters on the log-likelihood:

wij — wij + 1 (< Vihj >data — < Vilj >model)
bi <= bi + 1 (< v >data — < Vi >model)
Cj < Cj + 77(< hj >data — < hj >m0del) .

3: Update parameters on the regularization term:

wiy = wig=n (1 =B [h v ) E [y v R (}V S p (= 0w vE””)

m=1

ey eyt (r— E [V ] VB gl v (;V > (= 0|v<m>)2) |

m=1

4: end while

=29 3790) A SDBN 314 3 B83t] 2502 749 DBMS A
$3to] BAIZ Z Aolth ofe) 3L re 423 5ol CBRBMOZ Y E £
Rl £gol & 53¢ 2553, 9 52 2hy vlole9 ¥/ CRBMS 8%
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P (v,h|®) = —Lvih; biv; ih; 2.32

% (v,h|©) A ZZTkU ]+Z UJFZC] ; (2.32)
ANN % Ty, T,..., T (00 =Ty > Ty > ... > Tre = 1)= AAA7} o)z 2

s, AIS £ A W5t B L Algorithm 39 7]< Ho] Itk 7|4 FE5

oF T HL AIS AL o] §5HH 7y (0)F ok FYA o\ I BEe) A

Fera o] glek. olol Neal (192 Py (1) v &3
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Algorithm 3 AIS steps

1: Set Tj. (OO:T0>T1>...>TK:1)
2: Sample {v01 v92 . ,VO’M} from Py (-|®).
3: fork=1: Kdo
4: Sample {vF1 vk2 . vEMY from Py (-|©)
. k
5: Obtain WIEU)S :
7.(0 1 M P (vE-Lm@
wih, = 2O 15~ (v O)
AT 71 (©) T M A= Pp oy (viTim]e)

6: end for

7: Obtain Wyyg :

Wars = =

Zk(©)  Z1(©)Z:(®)  Zk(®) {7
zf(f(@) Zy(©) Z, (@) ZKI; (©) HWAIS'

=1

8: Obtain Zx (©) :
Zrg (®) =Zy(©) Wars.
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2 JGoQA AEE FET 4 At} 2= importance sampling2 1] 7341 774

o B 9Y Bxo o A% 4EL O] FE5E FRel T AgHT o
=

lgorithm 49 7]€= o] Jth 714 vi™e ¥ & A FH A AFL5H =

A
mA A WZL ou|ety, 7] M= v‘i’l,...,vovM}% %7 7}% 2|4 burn

Algorithm 4 Learning algorithm using MCMC-based Particle filter
1: Randomly initialize @©! = (Wl, b!, cl) and obtain M samples

0,1 0,M
[V 0

2: Create temperatures S, such that 1 = 81 < fo < -+ < By = %D.
3: for t = 1: T (number of iterations) do
4: form=1: M (number of MCMCs) do
5: Sample v given v'" "™ using Gibbs sampling with ©'/8,,.
6: end for
7 Update the weights :
1 M
m:l
8: Evaluate and normalize the importance weights :
P* (Vt7m‘@t+1) /P* (Vt,m’(,_)t)
. Z 2
T =
"M pe (vt_’k|®t+1> /P (vt_v’f )
9: Draw samples {Vt_’l, . ,Vt_’M} from the current sample set
{vt_’l, .. ,vt_’M} with probabilities proportional to their weights rf, .
10: end for
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T3 2% [ £,(0) | £,(©) | La(©) | B3 AT=(%)
PMCMC | -14.3 | -133.75 | 119.45 97.8
CD -14.63 | -129.76 | 115.13 97.44
PCD -14.39 | -106.41 | 92.02 97.56
FPCD -17.07 | -122.74 | 105.67 97.5
TMCMC | -14.8 | -110.96 | 96.16 97.22
CAST -14.5 -98.69 84.19 97.44
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4.1.1 Optical Digit

19 4.2+ Optical Digit Hlo]Elol] il &= Pt 2+ 5 Az W3}
FolE HojErth. PMCMCE 53 gts® RBMEZ AR dlolgol] thdt log-
likelihood & =& ztoz Huhslsln, o]= dlo|E 9] log-likelihoodE & 7}A
o7 o] I Zol7t vk Aol vste] Al At ol A FEfoll thaf A

i~
2
]
o
i
lo
fu
1o
m[>
)
=
)
=
1o
)
UQ
%
=
o
o
o,
1o
a
=
oy
=
Lo
r411
oZ:
ofr
rlo
EK
i
[\]
=2

Asted 225 ALY e 2Abeto] i 439 22 AHE o

ot 2 23 PMCMC #2412 importance sampling 4F W&o CD o 1|3

36



-145

Log-likelihood

) 1

5 | s |
o Lo L
o o 3] a

T a—

i

iR

S
T

=175

-18 L

. . .
6 8 10 12 14 16 18 20
Number of parameter updates (x3800)

(a) AAF gl °]E 2] log-likelihood .

-100

-110

Log-likelihood

-120

-130

-140

.
5 10 15 20
Number of parameter updates (x3800)

(b) xo]= dl°] €9 log-likelihood 3.

98 T

Classification rate (%)

95

1% 4.2 Optical Digit ©] o] g]o]| o3t &t

.
6 8 10 12 14 16 18 20
Number of parameter updates (x3800)

(c) 27 FE=.

zh

duE

37



dueElS PMCMC | CD | PCD | FPCD | TMCMC | CAST
A8 A7k (sec) 3.37 1.75 | 2.45 2.63 6.5 3.94

=5

4.3 Optical Digit g o] Elol] t & 8t e Ze] FF 48 A7

FTEZ | £(O) | Ln(©) | £4(O) | 2 A= (%)
PMCMC | -15.7 | -151.18 | 135.48 82.56
CD -15.89 | -148.14 | 132.25 78.9
PCD -15.71 | -148.32 | 132.61 80.9
FPCD -15.71 | -147.48 | 131.77 80.59
TMCMC | -15.7 | -136.18 | 120.48 81.35
CAST -15.71 | -148.27 | 132.56 79.73

3% 4.4 20 Newsgroups Hl o] o] th3f| 5 dagFo = solxl Bl A

o 1.9W] 2] PCD of W8] oF 13u) A% Sero] Ltk AW H A
Gibbs sampling 7] Y= AFZ 3 TMCMC ©f B3] oF 1.98) 28] 312 CAST o 1|3

oF 1.29 wh=27) Sh5< sk

4.1.2 20 Newsgroups

& 4.3% 20 Newsgroups tl o] o] thaf 7} <5 dug|F o= 52 AP

a
o), 52 W3 g HolEh o] HelH A= CD ¥ E AT vymA &
U

Larochelle 5 [31]0] A|2Fst CRBM KT} U] 2 287 AIc S d8 4 glglo
o, 7+ Gae|Ze o) st RBMY log-likelihood$} CRBMY] 2% Az =
3 4400 A= o] A =7 20 Newsgroups Hlo|H ol thgh 7+ st darel&

o) ZHEAE 10008 AABE A FEL 2AT] E 459 2 AHE
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Gy & PMCMC | CD | PCD | FPCD | TMCMC | CAST
A8 AlZH(sec) 12.3 5.9 | 857 | 879 19.78 13.69

# 4.5 20 Newsgroups t| o] g o] th3t gh5 de]Fo F+ 28 A7H

LT | Li(O) | L (©) | La(©) | w7 BHE(%)
PMCMC | -58.01 | -292.6 | 234.59 96.4
CD | -115.49 | -370.03 | 254.54 94.4
PCD | -59.45 | -272.46 | 213.01 95.5
FPCD | -72.48 | -237.16 | 164.68 96
TMCMC | -64.99 | -238.66 | 173.67 96
CAST | -60.03 | -273.57 | 213.54 95.6

3 4.6 USPS "ol ol thaf g5 daug|Eo g vt Rl 45

Atk 1 A3 PMCMC ®-41-2 CD ol vjsl oF 26l 22|31 PCD of v]&f <F 1.4uj

J = Sk o] =2 Xk, TMCMC of B3] <k 1.68] 28] 22 CAST of B3] <F 1.18)

o) 3 log-likelihood 33} 27 45< 7 52 o= wEn, o|= Ho]
Eloll th & log-likelihood= E}H o2 vt Whde FPCD: 54 48 &
Aoz AgEHA B3 Tt due S vE) diRos Ao HojHrh =
3 CD °fl 93 S5 A3 AAL dlol el o3 log-likelihood 7} A< o]
A3 xo]= dlo]E e th &t log-likelihood 7} H 43} =2 B3] Az} 1o 7}
SHA| FSkth o] dde T 42 4 dagFo R Sd RBM3} CRBMS| A
2 & 4.6°] FEF ] Ak vpAR ez USPS dlolHel Hisl 2 35 2z
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= PMCMC | CD | PCD | FPCD | TMCMC | CAST
(sec) 19.38 11.09 | 15.44 | 16.85 50.17 19.74

® 4.7 USPS "lolglof tj3t st Lo Had 42 A7k

LT | Li(O) | L (©) | La(©) | w7 BEE(%)
PMCMC | -81.25 | -1184 | 1102.75 98.47
CD | -147.82 | -1058 | 910.18 97.34
PCD | -94.63 | -1161 | 1066.37 97.98
FPCD | -81.28 | -1115 | 1033.72 98.43
TMCMC | -87.62 | -807 [ 719.38 98.3
CAST [ -90.61 | -1167 [ 1076.39 97.56

F 4.8 MNIST dld|e]gfo] thsl] &5 A FoE W03 d o A&

2 AF}E 9o 2 A3 PMCMC #2412 CD of vl < 1.79) Z2]3 PCD
of ¥]3f <k 1.2v) A& <o) w2l A gk TMCMC ol H]3) <F 2.6¥) 12831 CAST

ol Wl oF 11w} w2 A shraiey,

4.1.4 MNIST

F 499 7o AFE A} I A3 PMCMC ¥4l CD o w3 ¢k 1.58] 1

2] PCD o v]af oF 1.18] A= grs5o] =g A2, TMCMC of vl <k 3.18] 2
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dgE PMCMC | CD [ PCD | FPCD [ TMCMC [ CAST
A8 AT (sec) 31 20.39 [ 28.05 | 31.95 | 96.73 | 33.19
# 4.9 MNIST dloj&jo] ti gk st duEe 7 28 Azt

tlolE ™ Zdl2 7ie | Hely 27 | AE s
Liver Disorder 2 6 345
Glass 6 9 214
Pima 2 8 768
Sonar 2 60 208
Heart disease 2 13 297
Tonosphere 2 33 351
Breast cancer 2 9 683

F 410 UCIL Hlolge 7|E Ad.

2] 32 CAST o B]3] oF 1.18)] w2 A s+53hc}.

12 A% dlole]

o] ol Al+= UCI data base [17]| A Al-&3l+= A4 ] o] E (Liver Disorder, Glass,
Pima, Sonar, Heart disease, Ionosphere, Breast cancer) o tj3l] GBRBM} t} %
g ots dug|Eor sh5d CRBMo® #4435 DBMO 7 A%< W)

ZhdolB = A HolBetsid el AHI7F Soglen, #ddd A2 &
4.100 g2l= o] et o] S5 vlolH Y AAF HIolHE FR75E o UA %7
@ Eol, Ulol8E 10712 hro] 1 % 871 3 vlol 8 (training data) , 171
A% dlo]E (validation data) , Y A] 17]= A A} dl o] €] (test data) & AF2-3}

itk A4 dlolHE wE b 48 A, 74 1Y A% BRFEe B

H5o= sk
F3E Class vlolBl & 2E Ze) o] AE 57k 55 o) glof Wel ulo]
HE 352 AY5d ATo] B Felaw FHFY FEo] Fob 4ol 2
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oloTe) @ \ 2= 99 | DBM (PMCMC) | C-LDA | IVS | IVS-C
Liver Disorder 67.6(6) 57.8(3) | 59.9(6) | 64.4(1)
Glass 72.6(8) 71.7(4) | 71.3(5) | 72.1(3)
Pima 76.4(4) 68.8(6) | 69.1(1) | 70(4)
Sonar 76.5(16) 86.5(39) | 74.3(25) | 86.9(8)
Heart disease 87.3(7) 73.6(3) | 77.1(10) | 75.5(2)
Ionosphere 91.4(15) 90(30) | 83.2(10) | 91.4(6)
Breast cancer 96.7(9) 96.6(4) 96(8) | 96.7(2)
e R R i 81.2 77.9 75.8 79.6
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7 45 A8k SARE Y 527k NN rules AHS S o) 27 2
7} Mg 2E NFE AL Ao R IVS-Ce £/ A%l M 52
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glolg 3§\ &1gl& | PMCMC | CD | PCD | FPCD | TMCMC | CAST
Liver Disorder 67.6 63.7 | 66.9 62 66.3 66.9
Glass 72.6 70.4 | 70.9 70 72.2 69.1
Pima 76.4 75 74.7 75.3 75.3 75.5
Sonar 76.5 74.1 74 73.2 74.4 75.3
Heart disease 87.3 85 85 83.7 86.3 85.3
Tonosphere 914 89.2 | 89.1 89.7 88.3 88.6
Breast cancer 96.7 96.2 | 95.9 96.7 95.4 95.5
B2 As I 81.2 79.1 | 79.5 78.7 79.7 79.5
E 413 UCIL dlolElo st Z+ d 1 g|&o 2 g5 DBMY EF A
£tk ol¥to = TMCMC+ 734l 34 uict PT 7|H S B3l st S-S Ao
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ABSTRACT

In this paper, we propose a novel training algorithm called PMCMC using both
Markov Chain Monte-Carlo (MCMC) and Particle filter (PF) for Restricted Boltz-
mann machine (RBM). Empirical results on binary data and real valued data show
that PMCMC outperforms other training algorithms and it is faster than other
algorithms using temperature technique, such as Tempered MCMC (TMCMC)
and Coupled Adaptive Simulated Tempering (CAST). Since maximum likelihood
training in RBMs is hard due to the intractability of their normalizing constant,
various training algorithms have been developed. In this paper we analyze a class
of training algorithms that use MCMC to draw relatively small number of sam-
ples to approximate the expectation of the model distribution. However, when
modeling complex high-dimensional data, the existing sampling algorithms do not
provide samples that well represent the input space and sometimes draw samples
not according to the model distribution.

The objective function, which is based on the maximum likelihood for training
RBM, requires samples that well represent the model distribution, and we propose
to use Particle filter to draw such samples to address this issue. It is modified from
Sampling importance resampling (SIR) and draws samples from the sample set
with probabilities proportional to their importance. Specifically, in each iteration
it obtains the importance of each sample using an unnormalized probability den-
sity and forms a cumulative distribution based on the importance. Then, uniform
random numbers are generated to draw samples from this cumulative distribution.

In addition, the commonly used Gibbs sampler tends to get trapped in one lo-
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cal mode, which often leads to poor expectation estimates. It is well known that
newly collected samples have difficulties in escaping a local mode where the pre-
vious samples were drawn. To alleviate this problem, sampling by MCMC under
various temperatures is a common practice to better explore a highly multimodal
distribution. We apply the Particle filter to filter samples drawn from MCMCs
under various temperatures. Through performing importance sampling after col-
lecting samples from wide range of the model distribution, we demonstrate that
PMCMC results in better log-likelihood scores and improves classification perfor-
mance.

Finally, we propose a training method for classifying real valued data by using
Deep Boltzmann machine (DBM). To obtain meaningful binary data from real
valued data, we use Gaussian-Bernoulli RBM (GBRBM) in the first layer. Then,
we use Classification RBM (CRBM) at the second layer. By training the sec-
ond layer using various algorithms including PMCMC, we show that PMCMC

outperforms the others in various experiments.

Keywords: Restricted Boltzmann Machine, training algorithm, Particle filter,
Deep Boltzmann Machine
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