2016 4F 5 25% 5 8 http://www.c-s-a.org.cn IHEILR %N H

s 1 [N | WRN Vs

REF IR IRE F I AR

BOERWI Y B e A Ry Fut?

YR A S 181 BE B, AEAR 541002)

A(HHHF ARG TR AR ST, FEM 450002)

1§ FE: M 2006 FITLAR, TREERE LR AR UG TR SN B0 Bl A OB R AL ERAN N A R A A T B
KBy, Herp o B2 2 7 R iR BEAM £ 0 4% v (R PN 5 7 3 b R FEE AR 28 I 28 TR e D ke 381 1 A B2 i) /E
%%,ﬁ%ﬁ%ﬂ*%%%%%ﬂﬁ%ﬁﬁTﬁ%ﬁﬁm,i%%%T%%ﬁ%%%%%%?ﬁ%,w%%ﬂ%
I G B 5 VR T M 5 TR 5 R B 2R 2% 2 AL IR KT L RS S 20 vk, IR T X IR AR EE S ) RS Y
F, S5 on] TG B 2 2 T P Tl REURI Bk R AT T 4 e 2, X .

KB A, ZIRPIRZZ2H; T =], KRB, A 2%

Introduction of Unsupervised Learning Methods in Deep Learning
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Abstract: Since 2(506, Deep Neural Network has achieved huge access in the area of Big Data Processing and Atrtificial
Intelligence, such as image/video discriminations and autopilot. And unsupervised learning methods as the methods getting
success in the depth neural network pre training play an important role in deep learning. So, this paper attempts to make a
brief introduction and analysis of unsupervised learning methods in deep learning, mainly includs two types, Auto-Encoders
based on determination theory and Contrastive Divergence for Restrict Boltzmann Machine based on probability theory.
Secondly, the applications of the two methods in Deep Learning are introduced. At last a brief summary and prospect of the
challenges faced by unsupervised learning methods in Deep Neural Networks are made. |
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