FA5% M5
2019 4F 5 H

H 3 b 2
ACTA AUTOMATICA SINICA

Vol. 45, No. 5
May, 2019

ET ZIRE Gibbs XEFHIRE S SMBKINETTE
A MM SR EH EA

1 E FEGESMY (Deep belief network, DBN) {Eh—JJEH S BN R A AL, 7E 2 AMERE &) 12 . Bl
BIWREESMEINGES MBI B, &R Z B8 K2 241 (Restricted Boltzmann machine, RBM) J2 H iK1 _Li% )2 #
PSRRI, (H15A 2 EMIRZERD, XA B2 o HBY; B F 8 R A AU B A B 1 S ) A48 T Y A TR
W ASCHRE T —FEig DBN JllZ vk, it 2 )2 E) Gibbs SRAE, KR RBM 24 G, IH7EE A 122 WU SRR (oRs
T Z [RIPBEAT BN TS, A st T DBN BEEE. A SCRIB L T2 FiRIZIAH G, ¥ MNIST FI ShapeSet PA K
Cifar10 ¥4 ER9SIa 2=, Wi EH A A IR R AR, B g ] DAIEE DR & E R
DATERIIIN 2507 YR S G e BE, /A 35 3 e A AR R,

K2R R RSN, ZRBR2E 2L, Gibbs SRAEE, X HEEUE

SIRAEEN Rl RBERH, XIS, BB, TR BT Z2R)Z Gibbs REERIREE S NG ¥E. Hlfk#M, 2019, 45(5):
975—984

DOI 10.16383/j.aas.c170669

A Deep Belief Networks Training Strategy Based on Multi-hidden
Layer Gibbs Sampling

SHI Ke' LU Yang!? LIU Guang-Liang® BI Xiang!'? WANG Hui!

Abstract Deep belief network (DBN) is a very important probabilistic generative model that can be used in many areas.
The current training approach of DBN involves two phases. The first is a fully unsupervised pre-training process, which
is a down-top and layer-by-layer one to train the restricted Boltzmann machine (RBM) layers, making the reconstruction
error of each layer minimal. The second is a supervised stage which uses the back propagation to fine-tune the entire
parameters of the model. In this paper, a new training strategy for DBN is proposed. Between the current two training
phases, this paper introduces another training strategy to combine multiple local RBMs into an overall probability model
for multi hidden layer Gibbs sampling, which effectively improves the accuracy of DBN. This paper has compared a
variety of combinations of RBM layers, experiments on the MNIST, ShapeSet and Cifar10 dataset show that our method
outperforms the existing training algorithms for DBN. The new algorithm can achieve better accuracy with fewer neurons,
also achieves higher algorithm efficiency.
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