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- Forward propagation
- Back propagation
- Parameter update
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- Back propagation
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Back Propagation
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- Parameter update
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Many unreported negative observations as well as the experimental
results in [17, 50| suggest that gradient-based training of deep super-
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Greedy Layer-Wise Pre-Training

" ©OOOO00 h
! RBM :
_________ |

0000000 ! W (©) @oooooo) ha
________::z, REM k:z “““““
©OC0000) b '@ooooo@ by (OQOAOOOO) ,

| SRR e 0
| REM | '
(©000000) * ©OO0000 » COO000O)
RBM for x RBM for hy RBM for y and h

Stacking Restricted Boltzmann Machines (RBM) = Deep Belief Network (DBN)
-> Supervised deep neural network

2006&, 7 L — 7 X)l/_(Hinton+,2006)

13F9H28H 1 EH



BZEICXRT/INTA—F ZEHHh

task 1 task N
output y; output yn

High-level features

Low-level feoture\I

Y

T 11
I
[
Ay
1
L

13F9H28H 1 EH



BZEICXRT/INTA—F ZEHHh

task 1 task N
output y; output yn

®e.. ©
High-level features W o~
) .. ED2PoT?

Autoencoder !!
[Bengio,2007]

Low-level feo'rures {

TTT

- RBM%

[Hinton,2006]

13F9H28H 1 EH



EOEICETINTOA—Y EEH

N

task 1 task N
output y; output yn

High-lev-e.l tecturﬁ% E SIRE50D ?
R WHIHEZ

| BBRBESERDELL

@e [Bengio+, 2007]

i pre-traininghN B LD H, FEEH D
Why does Unsupervised Pre-training Help Deep Learning ? [Erhan+, 2010]

13F9H28H 1 EH



DFD
Deep Learning & (&

EWHEREZ (-

ElCAND HER)

FIC AT

Neural Network*?

%1 E%gfﬁa@ o) Why does Unsupervised Pre-training Help Deep Learning ? [Erhan+, 2010]

%2 stacked autoencoderDiZ &




Deep Learning

Stacked Autoencoder , DBN




Autoencoder
Neural Network ®D %5k %

1. ADEEADDRTHEU
2. ZEMEEDATIZDHD

T — 5 FRh D
AEHREREIRZS

134%F9H28H EH



Autoencoder

Neural Network D 5574 %

EfEE WD C ElFENE &
DIZLKTIZWEWTRWD ?

P

Z DT TH,
FRMEZR E T F << LWL




\

AutoencoderD=ZE I 35H D

- ~
‘< o
. AN \ "
e .
< £ “| e “»
L‘ 4 .
v ’
/
P -
. »
«
’ -
¢ ”
) Vad ¢
¢ / s & Vs
» s

Zhid, [EfEICIZdenoising autoencoder®[X
http://kiyukuta.github.io/2013/08/20/hello _autoencoder.html

13F9H28H 1 EH


http://kiyukuta.github.io/2013/08/20/hello_autoencoder.html
http://kiyukuta.github.io/2013/08/20/hello_autoencoder.html

Stacked Autoencoder

Stacking Auto-Encoders

r D
U
hQOOOO00OD l(@]elelele)ele)
w; W' WzA
Jle]elele]e]0l0) mQOOOO00D) ©OOOOVD) it nOGOOOOOD)
W, W' W, W;

x ©O000O00Y x©OOOV x ©OO00

13F9H28H 1 EH



Stacked Autoencoder

Stacking Auto-Encoders

20000000

w;

w5’

nQOQOOOO0O COOOOOJ) A

OCOO000
CDONNDOEEZ,
TDENDATIZBIFET DAutoencoder
EUT, EpFEE

13F9H28H 1 EH




Deep Learning




Deep Learning
for NLP




T%LIEOD £ DIC

Co bsamping Full connachon

Deeeeeeep > T D T Lat 73 L

Neural Network-based
5EWVDDHEHT




Deep Learning for

NLP




Input size

Image Sentence

28 x 28= 784

size
SHo . .:Zl:l:z;; Hello world. ——> 2

Il E My nameis Tom. — 4
 AEDOESONEANETBCEH? 2

13F9H28H 1 EH



Input representation

Image Sentence

M, SR

28 x 28= 784

MNIST size

. Il E My name is Tom. —> 4

By EE ST TERTB? 2

134%F9H28H EH



—Nﬁazé c‘:

| BBwese)E SO Do CERTS? 2

NLPTNNZ{EL V2L

HEORFE DX KIEATCRIRDOFE

13F9H28H 1 EH



Keywords

E (’ﬂ\’ﬂ:zﬁ)%_:c‘:’))p’) Ci‘ziﬁjé ? ?

Distributed word
irepresentation |

- convolutional- way
- recursive-way |

iNeural language |

iphrase, sentence-level{ |
' { imodel 3

representation

134%F9H28H EH



Keywords

EREDORTSDXZANNELETDICE? ?

- convolutional-way
- recursive-way |

iphrase, sentence-level
{representation

134%F9H28H EH



Keywords

BiZE ZEDVPOTCERIRTSD? ?

i Distributed word
representation |

iNeural language }
‘model j

134%F9H28H EH



Keywords

(APXE)

- convolutional-way

,_ { Distributed word
- recursive-way

irepresentation |

iNeural language
imodel |

iphrase, sentence-level}
Irepresentation

13F9H28H 1 EH



Keywords

HER arxs) 2 EDPDOTRIRID? ?

- convolutional-way
- recursive-way

Distributed word |
representation

‘Neural language |

iphrase, sentence-level{ |
| imodel \

irepresentation |

13F9H28H 1 EH



Word representation

JREEMIBICH TS
EE@ ==?-EJL;/I 533

¥

N7 M
(Vector Space Model, VSM)

lme
[OK




Word representation

HEDEKZANY NV TxRIEA

B ANTRL | WBWBEAE
- One-hot
- Distributional




One-hot representation

REZEICERIDZED HTXRIR

dog ': 0: the ’

ra
2 : of

-t

0 2
{ 236: dog | 00...01 00... .0
cat 13043 cat | 00_.. 0100 0

I}

AIN—R I = THIIFEEE U L
NALBE 178 < TRHAEEIR AT

134%F9H28H EH



Distributional representation
HEDEKIE, BADOXIRICE > THRES

Corpus sentences Co-occurrence counts Vector

He also found five fish swimming in murky water in an the 12 / 12 \
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Neural Language Model
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Neural Language Model

i-th output = P(w, = i| context)
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