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# # 5470329821 : MAJOR COMPUTER SCIENCE
KEYWORDS : FEATURE LEARNING, AUTO-ENCODER, DEEP LEARNING

MONGKOL UDOMMITRAK : INCREMENTAL FEATURE CONSTRUCTION
FOR DEEP LEARNING USING AUTO-ENCODER. ADVISOR : PROF.
BOONSERM KIJSIRIKUL, Ph.D., 55 pp.

In this thesis we proposed incremental feature construction for deep learning
using an auto-encoder which is a novel alternative method for learning features of each
layer of a neural. In conventional auto-encoder training, all feature units are
simultaneously constructed at the beginning. Our method incrementally constructs
features by adding primitive/simple features first and then gradually learns finer/more
complicated features. We run experiments on the MNIST and CIFAR-10 data sets. The
experimental results show that feature learning by combine sparse auto-encoder with
denoising auto-encoders using our incremental feature construction provides better

accuracy than ones using the conventional feature construction.
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help deep learing) T4BFLNYDUMALAUAZANNANATYIBINITEUUTAMMANHOULEONNT
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a o/ ¥ o o

TURaUNaFnTNTas R R ILILYMALie  (Contractive  Auto-Encoder)  @siiluginidingsia

o o

mludAnwnisiduinstiauafuansanlalden (The Frobenius norm of the Jacobian)
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3714798784 Quoc V. Le, J. Ngiam, A. Coates, A. Lahiri, B. Prochonow Lag
Andrew Y. Ng [22] ldauadunaunisuiamunzngad miunns@auiidaan (On

Optimization Methods for Deep Learning) InanseaendIsuieuANFUdaILAY
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'
1% =
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Tupeudtnaulszamaenligiuuua (Convolutional neural network) WasWU4135AN

o o

Fudagamnnziunisldu Az ngaaesloymndauaRzaNI

IUATEU99 R. Goroshin WAy Y. LeCun [23] lAintauadunandasadngsiasn s
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WULANFA (Saturating Auto-Encoders) @ailusaidnsiasniudmind fasedanisinldgnses
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o
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dJ o :I/ aal o 9 o o o o Y o o % o o L
Aaiflunistirduneudasiadnsiaen lwdRLuLaunauNN sz e L i usadnsiasn udRuwuy

o 6 o & = v |d9/ o o 6o &
W uaztieiduaalszasfassnisFaufuouliainaduisidusn Ussasdaasnig

v 1
= %

Goufuuudin TnaduneunasnisFauisadnsiadnudfuiuounay Gusuaindagyaandi

aa v ?:/ 1 t aa dJ t [~] ¥ ?.'/ 1 dl v o/
X AR M AR WAZUDUNTULRU z TUIRN N UR DY Z Lﬂwn@H@mwn@uwimmnﬂ’muﬂ@u



18

. 4 a 9 o v 0 @ o X
70UN ¢ ANAWNA T 990 InaBuAUNIMUALE 20 =0 way T IHuAIARNNIUUATU N9

Aanutloupnlildatiive i lddeyamneen v ldaunis

t+1

z =max(O,E'x+S'Zt —b) waz X=D-z7

e £ huwyisndidnsia (Encoding matrix) awnm nXm, S iduwvidndn esunasaly
(Explaining away matrix) W18 nXn, b HWINAEFANAAIALAABUIUIA N WA WAY D
duavisndonanswa (Decoding matrix) 110 mXn WaAtwtlauaA lldamiasa in
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AIAYIN N UEN
gavasdayn | nisadauuy | nsafreuuuiiin | nsafreuuudin | nise¥ieuuuiiia
WA 40-80-80-200 100-100-100-100 200-80-80-40
ﬁm‘ﬁl 1 92.97 92.55 92.85 93.00
a7 2 93.16 92.51 92.74 92.97
ﬁm‘ﬁl 3 92.85 92.15 92.39 92.59
a7 4 92.79 92.41 92.34 92.86
ﬁm‘ﬁl 5 94.10 93.55 93.61 93.94
ﬂ"WL'il?]IEI 93.17 92.63 92.78 93.07
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a7 3 94.53 92.72 93.45 93.82
7 4 94.16 92.46 93.28 93.46
ﬁm‘ﬁl 5 95.46 93.64 94.49 94.98
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107 1 96.89 96.54 96.76 96.84
07l 2 96.52 96.56 96.65 96.74
07 3 96.65 96.48 96.69 96.74
0l 4 96.27 96.21 96.39 96.35
07l 5 97.43 97.44 97.59 97.52

Anadt 96.75 96.65 96.82 96.84
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ANAINH UL
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40-80-80-200 100-100-100-100 200-80-80-40
ﬁm‘ﬁl 1 96.99 96.86 97.10
ﬁm‘ﬁl 2 96.95 96.79 96.99
ﬂ;m'?i 3 96.91 96.78 97.04
ﬁm‘ﬁl 4 96.69 96.46 96.59
ﬂ;m'?i 5 97.64 97.50 97.66
AnLRA 96.88 97.03 97.08
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SRR WIRANAY 40-80-80-200 100-100-100-100 200-80-80-40
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DSSS - 32.11 27.60 29.18
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WLLLLNLNG 42.57 42.27 43.24 42.73
SSSD - 43.07 43.46 42.77
DSSS - 42.36 40.31 41.40
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