559 i N FooE Vol.47 No.9
2019 49 H ACTA ELECTRONICA SINICA Sep. 2019

— TSP RBM Bk

A R ER w KR R
(L. o iR~ O B, LRI 43007452, Wb 28 B Be s BAE IS SE 4Bt , WAL 430205 ;
3. o B BOR R0 SR A 22 O AR L T S0 3, WL 430074)

' ZIRIURZEZHL(Restricted Boltzmann Machine, RBM) J&— B BEHL 0 2% A BIBRL & )t —Fh LA
R 1R TG MBS 2 I AL, X RBM A6 32 30 AR PRy — Bl 3377 15 068 sl i s AN UK, A B PR CR AN FIAEL S ] L, A SR
H—FhE T IE S A RBM 503k 12505255 RBM RS RIT5 75 , 38 1 48 b oo i B 2 2oy 5087 75X, i % RBM
AR v [ BT R AR A ELIN 5 OB R R AR AN BIAR Sl i oA R A (R [, 72 RBM I 2R BOR T R jg
BT Bl Ty 5, DU 9 2SS RO B BT | A GRS T R Sl I, DL B AR iR dre e A 4 R AR A3
S HE A TE MNIST F5 4074, Extended Yale B il CMU-PIE A i 2 b RO RUESC 25 R W1, S HH A S0k RES A
RO TS ROCR AR 5 W2 AL RE ) 2SR AU RBM. B4 I F ATk i LA o0 U 14 S o 8 S0, LA TR B 2
TR TT AR R OBT A I ST S B AR 4

KR R LB ZRUREGEHL; BIEEMAE; Gibbs RFE; dhiid; Z21eht

hESES:  TP391 XHERFRIRAS: A NEHFS: 03722112 (2019)09-1957-08
FBFZ4# URL: http://www. ejournal. org. cn DOI: 10.3969/j. issn. 0372-2112.2019. 09. 020

An Algorithm Based on Modified Momentum Using
Restricted Boltzmann Machine

SHEN Hui-hui'*? ,LIU Guo-wu’,FU Li-hua' , LIU Zhi-hui', LI Hong-wei'"
(1. School of Mathematics and Physics ,China University of Geosciences , Wuhan , Hubei 430074 , China ;
2. School of Statistics & Information Management ,Hubei University of Economics , Wuhan , Hubei 430205 , China ;
3. Hubei Subsurface Multi-scale Imaging Key Laboratory,China University of Geosciences , Wuhan , Hubei 430074 , China)

Abstract; Restricted Boltzmann machine (RBM) is a stochastic neural network and probabilistic graphical model,
which is one of the most effective models without supervision in deep learning. Focusing on the gradient approximation algo-
rithm insensitivity to the momentum acceleration and recognition effectiveness in RBM, we propose the algorithm based on
modified momentum using RBM. When the rule to update the hidden states adopts the probability value instead of sampling a
binary value,this calculation method for the RBM gradient approximation leads to the undesirable recognition performance and
limited momentum acceleration. Therefore , we modify the updating rule of the hidden bias to avoid these problems. Simultane-
ously ,we use the rapidly ascending momentum method to improve the learning speed in the RBM pre-training phase. An im-
proved slowly descending momentum method is also used in the fine-tuning stage to accurately find the best point, which is far
from becoming trapped in poor local optima and improves the classification effect. Through the recognition experiments on
MNIST dataset, Extended Yale B and CMU-PIE face dataset, the achieved results show that the proposed algorithm can en-
hance the computation efficiency and improve the generalization ability of networks. The algorithm not only extends the appli-
cation fields of RBM,but also provides a new research idea and reference for the application method of deep learning.
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