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Abstract

Restricted Boltzmann Machine (RBM) is a two-layer neural network, popular for its
efficient training methodology in many applications involving data recall, classification,
and recognition. Traditionally RBM is designed with binary neurons in both layers.
RBMs with Gaussian (continuous-valued) neurons in visible layer have been introduced
for ease of integration with real data. However, the hidden layer still consists of binary
neurons. Recently, theoretical studies in discrete RBM with discrete visible and hidden
nodes have shown that increasing the number of hidden states improves reconstruction
error. Motivated by this finding, the research in this thesis aims to develop an RBM
with a Gaussian visible layer and a discrete multi-state hidden layer, called the Gaussian
Discrete RBM (GDRBM). The equations governing this new model have been worked
out and a contrastive divergence training algorithm has been developed based on these
equations. Performance results using the MNIST and CBCL benchmark datasets show
that the performance of a GDRBM with 4-state hidden neurons is approximately the
same as that of other Gaussian RBMs with binary hidden neurons when the size of the
hidden layer is doubled. This GDRBM has also been used to form one layer of a deep
autoencoder. This is the first time an autoencoder has been designed with a multi-state
discrete layer. Initial experimental results show that a GDRBM-based deep autoencoder
is able to reconstruct the inputs reasonably well. However the pretraining is not very
effective and the amount of initial reconstruction error need to be reduced to make it
perform at the same level of a traditional deep autoencoder. Further research will be

needed to understand how GDRBM could be used in a deep autoencoder.



Acknowledgements

I would like to express my heartfelt thanks to my supervisor Assoc. Prof. Edmund Lai
for his guidance and great efforts throughout the duration of this degree. | am grateful
to him for his unbelievable support to complete this thesis. His guidance not only
teaches me research skills but also many life skills which help in my entire life.

I would like to extend my gratitude to Graduate Research School, Professors, PhD
students and International office in Massey University for their support and assistance

for this course.

I wish to express my special thanks to Chathurani Silvia and her family, Vaitheki
Sanjeeharan, Ibtisam Abbas, Sadia Alam and Annaniah Sundarajan for their
encouragement and moral support during the initial stage of my studies. | would also
like to thank Mr. Raj Narayanan for his financial support during my stay in New
Zealand. Thank you all for your personal support to complete this degree.

Lastly, I thank my entire family for their co-operation to complete this study.

This thesis would not be completed without the support from all the above mentioned
people. Once again, | appreciate all friends, family and Massey University for their

precious resources and encouragement.

| dedicate this thesis to my supervisor Dr. Edmund Lai to express my thankful towards
his support.



Table of Contents

N 0L = Tod PSSP I
ACKNOWIEAGEMENTS ... bbbt ii
LI 101 (o0 O] =] SRS \Y
LISE OF FIQUIES ...ttt bbbttt bbbt vi
I ES 0 1= o] LS OSSP vi
LiSt OF AlGOTItNMS .....veicece et e e reesaeenee s vii
TS 0 AN (0] )Y/ 1 1SS OSOSR vii
(O TV (=] PSPPSR 1
INEFOTUCTION ... ettt sbeesbe e e e 1
00 A = = Tod 1 [ (o1 o PSPPI 1
1.2 Research Aims and ODJECHIVES.......ccccviiiiiiieiie e 3
1.3 CONIIDULIONS ..ottt 3
1.4 ThesiS OrganiZatiOn..........cccueiiueeiiiiiieiie e sre et srne s 4
(O T Vo1 (=] PSPPSR 5
Restricted Boltzmann IMACRINES ..........cooiiiiiiiiie e e 5
2.1 BoltZmann MaChINe .........cooiiiiiieii e 5
2.2 Restricted Boltzmann Machine ..........ccccoviieiiiiiiiece e 5
2.2.1  Training AlgOrithmS........cvviiiie et 6

2.3 Discrete Restricted Boltzmann Machine...........cccoovvveieieiisie e 14
2.3.1  BINANY NEUIONS ...cciiiiiiic ittt srre e e arne s 14
2.3.2  SOFtMAX NEUIONS ..ottt e 14
2.3.3  DISCUSSIONS ....veeieeeieeiieiieesieeeesieesteeeesseestee e sseesseesaeaseesseesseansesseessaeneenseenes 16

2.4 RBMS fOr CONtINUOUS QALA........cceeiiiieiieiieeie e e 17
2.4.1  GausSIan RBM .......ccccooiiiiiiiiees e 17
2.4.2  Gaussian Bernoulli RBM ..o 18
2.4.3  Improved Gaussian Bernoulli RBM ..........c.ccccooieiviieiieieec e 19

(O g F=T o) = SRS 21
Gaussian Discrete Restricted Boltzmann Maching...........ccccoooeviiiiiniieic e 21
3.1 Architecture 0f GDRBM ......c.cccooiiiiiiieiieecee e s 21
3.2 Training Methodology .........cccoiiiiiiiriiee s 22



3.21  Maximum Likelihood Learning.........ccoceeeririiieienienene s 23

3.3 Performance Analysis Using MNIST Datasets.........cccccevveveeieerieiieie e 26
3.3.1  RECONSLIUCTION EFTOX .....ciiiiiiiiiiiiieciese e 27
3.3.2  Visualization of Weight Distribution...........ccccooviiiiniiiicieec e 29
3.3.3  Histogram ANAIYSES .........coiiiiiiieiee s 30
3.3.4  Visualization of Visible NOGES ..........ccoviiiiiiiiiiiiee 31
3.3.5  Visualization of Hidden Layer Probabilities.............ccccocevvveviiivciieinennenn, 32
3.3.6  Comparison of GDRBM with Other Gaussian RBMS..............ccccccevvene.n. 33

3.4 Performance of GDRBM with the CBCL dataset..........ccccoocevirerininnnicienns 36
4L EXPEIIMENTS Loiiiiiieitie ettt ettt e sae e be et e e e raeanee s 37

3.5 SUMMAIY oo 39

CRAPLET 4 ... ettt 40
Application of GDRBM t0 Deep Learning..........cocuvvriririeieiine e 40

4.1  Deep Learning ANNS .......coi it 40
4.1.1  Deep Belief NEtWOIKS.......ccociiiiiieiiecic e 41
4.1.2  Deep AULOENCOUET .....cccvieiiii et sttt sre e e anne s 42

4.2 GDRBM for Deep AUIOENCOUET .......ceeieiieieiiiiesiesie st 44
4.2.1  Architecture and Training DetailS...........ccccoovveiiiiiiiiie e, 44
4,22 RESUILS ..ot 45

(O g o101 (=] o TSSO UR TP PRRPR 47
Conclusions and FULUIE WOTKS .........couiiiiiiiieiiieee e 47
APPENAIX-L ot bbb bbbt ner s 49
Mathematical Calculations in IGBRBM..........ccccoiiiiiiiiiee s 49
BIDHOGIAPNY oo 54



List of Figures

Figure 2.1 Architecture of Restricted Boltzmann Machine..............ccccoeveiveivccc e, 6
Figure 2.2 One step Gibbs SAMPIING .....coveiiiieiiee s 10
Figure 3.1 Number of Epochs vs Mean Square Error..........ccccovveiiniieniniesinsieeens 27
Figure 3.2 Number of epochs vs Mean Square Error ..........ccooovvvviiiieieneiece e 28
Figure 3.3 Performance of GDRBM in different Learning Rate ..............cccoovevviieinnnen. 29
Figure 3.4 Learned weights after 50 epochs for GDRBM.........c.ccccceiiiiiiiiiiiiiciiccins 30
Figure 3.5 Histogram of weights, visible bias and hidden bias ...........c.ccoccooniiinnnn. 31
Figure 3.6 Visualization of input and reconstructed iMage ...........ccocvveverenenenenennnans 32
Figure 3.7 Greyscale image of hidden probability in GDRBM.........c..ccccviiiiiiiieinnnns 33
Figure 3.8 Histogram Of GRBIMS...........ccoiiiiiiiiiciic et 35
Figure 3.9 Filters of Gaussian RBMS ..........ccoociiiiiiiiic e 36
Figure 3.10 Mean Square Error for CBCL DataSetS.........ccoovierireienieiieesese e 37
Figure 3.11 Visualization of greyscale IMages ..........ccccvevviiiiiiieeiie s 38
Figure 3.12 Histogram for CBCL Dataset ...........ccceevieiieiiiieiie e 38
Figure 3.13 Filters of GDRBM in CBCL Datasets..........cccooueiirierieienenieseseseeeeeenees 39
Figure 4.1 Deep Belief Network and its training methodology.........c.cccceevvieiiiieinennn. 41
Figure 4.2 Architecture of Autoencoder and Deep autoenCoder ..........ccecveeeieeeeesieenne. 43
Figure 4.3 The three training phases of a Deep autoencoder............ccoocvveevenieeneeiennnnn, 44
Figure4.4 Architecture of GDRBM Deep AUtOENCOTEN ........ccovevvveririieiieeieseesieeieneeas 45
Figure 4.5 Visualization of Reconstruction in Deep autoencoder ............ccccccevververnenne. 45

Vi



Figure 4. 6 Performance of Deep autOENCOUENS.........c.coveiriiiriiiii e 46

List of Tables
Table 3. 1 MSE for various Hidden NOUES..........cccuererierieiieie e 28
Table 3.2 Reconstruction Error COMPAariSON ...........oouririreeiienieniesie e 33
Table 3.3 Variation in MSE with different number of hidden nodes ............cccccoceivine 34
List of Algorithms
Algorithm 2.1 CD-K algorithm ..o 11
Algorithm 2.2 PCD AIGOItm ......cuiiiieiee e 12
Algorithm 4.1 Greedy algorithm for DBN.........ccccccveiiiiiiiiiccie e 42

vii



Al

ANN

BM

CD

CBCL

DBN

DBM

FPCD

GRBM

GBRBM

GDRBM

IGRBM

IBGRBM

MSE

PCD

PT

RNN

RBM

List of Acronyms

Artificial Intelligence

Artificial Neural Network

Boltzmann Machine

Contrastive Divergence

Center for Biological and Computational Learning
Deep Belief Network

Deep Boltzmann Machine

Fast Persistent Contrastive Divergence
Gaussian RBM

Gaussian Bernoulli RBM

Gaussian Discrete RBM

Improved Gaussian Bernoulli RBM
Improved Bernoulli Gaussian RBM
Mean Square Error

Persistent Contrastive Divergence
Parallel Tempering

Recurrent Neural Network

Restricted Boltzmann Machine

viii



