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Design and Application of Deep Belief Network with Adaptive Learning Rate

QIAO Jun-Fei''? WANG Gong-Ming?2 LI Xiao-Li* HAN Hong-Gui''? CHAI Weit?

Abstract A deep belief network with adaptive learning rate (ALRDBN) is proposed to solve the time-consuming problem
in the pre-training period of DBN. The ALRDBN introduces the idea of adaptive learning rate into contrastive divergence
(CD) algorithm and accelerates its convergence by a self-adjusting learning rate. The training method of weights in this
case is designed, in which the adjusting scope of the coefficient in learning rate is determined by performance analysis.
Finally, a series of experiments are carried out to test the performance of ALRDBN, and the corresponding results show

that the convergence rate is accelerated significantly and the accuracy of prediction is improved as well.
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Table 2 Result comparison of CO2 forecasting
Jivk FggEK RMSE (J145) RMSE (JIRR) iZ§0mt) (s)
ALRDBN 3-20-40-1  0.9164 1.1671 7.6
DBN  3-20-40-1 0.9487 1.2830 11.9
CDBN[22] 3-20-40-1 0.9133 1.1507 11.5
BP 3-60-1 >0.1 1.3~6.6 15.8
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Ji Mgt RMSE (1) RMSE (W) 32510 (s)

ALRDBN 3-3-3-1 0.0210 0.0225 2.9
DBN 3-3-3-1 0.0371 0.0388 3.6
CDBN  3-3-3-1 0.0208 0.0223 3.2
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