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A Study on the Dynamic Construction Method of Network for Deep Boltzmann Machine
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Deep learning provide a high learning performance, but also has a problem that it takes many time to learn, because of using
a complex network. Moreover, finding the best configuration network is not easy, and little attention has been given the
methodology. Our purpose is to achieve the dynamic construction method of network for Deep Boltzmann Machine. We
propose a method to build a network adaptively and dynamically delete nodes and arcs in Deep Boltzmann Machine. This
method is achieved by applying of node delete algorithm and node fusion algorithm. We defined these algorithms, and had the

experiment using random data. And, we discussed about the result and future works.
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[1,0] [0.60, 0.63, 0.50, 0.44, 0.54, 0.14]
[11] [0.60, 0.63, 0.50, 0.44, 0.54, 0.15]

[E4£1Z, Figure 3 Oy v — 21281 A5 Ri3#E 3 0@y <
H5b.

R2.EBEFHOBRE

i FJE BEE

[0,0] [0.64, 0.66, 0.51, 0.45, 0.56, 0.13]
[0,1] [0.63, 0.65, 0.51, 0.46, 0.55, 0.15]
[1,0] [0.63, 0.65, 0.51, 0.46, 0.55, 0.14]
[1,1] [0.62, 0.65, 0.51, 0.46, 0.55, 0.16]

Fy T =70 R B OEIT RELE D> THDHICHE DS

T, BRERE RITUZ LA EZ D Z K> TORWE RER ST

4. HEHR

FA—T RN~ = AR B % N — 7 B Bt
HEOT=0, FRIFE R IHEISI —RERE, HIBRT D4
IR, BB RIZZOFEICE > TEEIC —R2HIER
ENTTHEDLET, Ry hT—27DF T LV OFIHFEINIELT
IFEEDLRNZEE R LT,

KRB ) —REHIBRT A 81E=a2—F L Ry NI — 7 D %E
W5 EHE IR OBIEERe, R DR Rz 27enib s z b
5,

RSO EER T AW Ry T — 713D TS E R
DOTHY, FloT —ZZOWTHERMRLO LTV,

SBIT IV KRB R hT — 7~ D=, FEAR2RIE

WXt AETEATONENR B D.

SE X

[Hinton 02] Hinton, G. E.: Training products of experts by
minimizing contrastive divergence, Neural Computation, Vol.
8, No. 14, pp. 1771-1800 (2002).

[Hinton 12] Hinton, G. E., Srivastava, N., Krizhevsky, A.,
Sutskever, 1., and Salakhutdinov, R. R. : Improving neural
networks by preventing co-adaptation of feature detectors,
arXiv preprint arXiv, 1207.0580 (2012)

[Salakhutdinov 09] Salakhutdinov, R. R., and Hinton, G. E. : Deep
Boltzmann Machines : Proceedings of the 12th International
Conference on Atrtificial Intelligence and Statistics, pp. 448-
455 (2009)



