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J& F TOBEFALESOBEE R L CHEBL L HCH SR TH 5.

BEBC/HS{EE [1.7.218]
kg H O 5 Ibeiid, L 0AEBFEIC X ) B ECHF 5L Rk
REZMEEL 72D DTH5S.

HEREECHSIE [3.5.118, 6.4.218]
MEBREACHFLEE, ANEFSICHEENZA A2 LT, RANOEFITH
FTHONZ MEZRAESELTHETH .
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WeBEAERE2E /) —FEL, 2hoo ) — FROKIFBRZ ERORKET
RLTT 574 AIVETF VTR T 5. MAADLETIRIERHIEIC L Y 22825 HW
#7290, HEVFHIN TR,

HIBRRILY RV [2.7 66, 3.4.118]
FIRAVY <Y L, Ry r<y Uz, BIEKERBAEROMIZ
L PRGBS RV L D ICHIBRZ A 2R ET IV TH S, 2 OHIBRTHE
WCFEPREREI N, FHNZMECEHINSE L)1k o7 N—F=
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BEENTWE., ZOETNEIRBEICBILL7202BEAN—FE=T 4
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FEBRILYI RV [2.8 Fi
EEAVY< Y UL, FIRELVY < oY v oRBhWEROE2ZFDE T
ST A ZETIRBILLAZETVTH S, FHIFHRI VNI AT 4T -
FAN=TV 2 Y AL R EOFHEOBMBEIEAR, 2010 FRICILSFAH SN S
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REBEIRY D=2 [2.9 &i]
WEESAY b7 -7, BNEKEEZLRBICL CRELT 5 A TIRERER IV
Uy ERURED, TORGFERE EEOKETIER L, AlRORKE
WX THRHLZOOPBEBEE LAY VT —2Th b, FHAiEHE L L oHA
MEHEHTE, 2010 FARUTE LAHEA TV S.
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1-of-n 2Bl (1-of-n representation) 133, 163,
229

Adagrad 144

Adam 145

ASO w28 H R AL

backpropagation through time % 128,212

bag-of-features & 7 )V (bag-of-features model)
169

bag-of-words €7 )V (bag-of-words model)226,
236

bag-of-visual-words €7 )V = bag-of-features
TNV

BM w RV Y Y

BoF €7V = bag-of-features €7 )V
BoW &7V & bag-of-words €7 )V
BPTT % = backpropagation through time %

CDBN w BHRAHMREREELY PT—2

CD¥ Ay NFATFAT - FAN=V LY
Ak

CNN & HGARAZ2—FVEy PT—2

ConvNet & BAAR=2—F VY NT—2

DAE e PRIE H Ol
DBL & detailed balance learning #:
DBM wRERVY R Y
DBN w REESA Y b T -2
detailed balance learning #: (detailed balance

learning method) 104
DistBelief 130
DNN wRB= 2 —F VY FT—2

DNN-HMM & #g=a2—F Aty hT—2—
fEh<razEsn

Downpour SGD 131

DropOut 139

MM %5|

EFH = RN —E = AR
ELM w5 i 7 B
FA w T4
GMM e JEA IR
GPU 133
HMM w BRIV T 7EFIN
HNN w Rl -V kY =2
ICA e SN RS0 AT
ILSVRC 153
InfiniBand 135
KL g (KL distance) &= A NV/Ny 7-5 47
TG FAN=T VR

KL 15#t#2 (KL information) & #)V/Ny 7-5
ATT—  FAN=TV /R

KL # 4 /3= = » A (KL divergence) = 7 )V
N9 J-FGATF— - FAN=V 2/ A

L-BFGS {#: (L-BFGS method) 131, 246
Ly IEHIME (L regularization) 25
lasso w [ 1IEHIE
LCA & J{pia Y b7 A MESUE
LeNet =& BHAAZ2—F NV Ay FT—2
limited-memory  Broyden-Fletcher-Goldfarb-

Shanno # = L-BFGS i
long short-term memory % 214
low effective dimension 146
L, 7—" ¥ 7 (L, pooling) 160
LSTM i = long short-term memory %

MAP #£%E (MAP estimation) = it KFF A kR

MaxOut 143
MFCC w A OVEER T T AT A RE
MLE e i UHEE

MMI ##E (MMI criterion) = i KA G R



254 pipET]
MPF w o/ MEREE F %R (phonemic context) 192
MRF VI THERY;  WBE/YT X — % (temperature parameter) 110
MV-RNN & matrix vector recursive neural + v 4~ (online learning) 13
network
NLMM®= =2—5 L4y by—2sgi#ern (]
NN wZa—F V4 bT—2 [FE#EA =2 —F )V %k v b7 — 2 (recurrent
NN-HMM & =2 —F L4 v hT—27_fEh~< neural network) 211
VITETIV long short-term memory i 214
n 77 A (n-gram) 194, 226, 228 ED A S N, N 211
PCA w E ST T T 211
PoE &= product of experts SEE ) 218
product of experts 118 WL [T~ 211
pyramid match kernel 170 pem@#lY 7 F < v 2 A (hierarchical softmax)
RBM w RV Y=~ v 239
rectified linear unit # ReLU  peg#l= 2 — 5L % v b7 — 2 (hierarchical
ReLU 143, 156 neural network) 8,127,196
RNN & it =a—IVAhy b7 =2 ~0%H 12
Sandblaster L-BFGS 131 AR 14
scale invariant feature transform = SIFT W~ wEBo2—F NV kv FT—2
SGD & FESR I BLRE T ~FEF) 9
SIFT 168 o 2RV — 4 HHERELY =<
TDNN o= BB =a—F Ay FT—7 ~ (Gaussian-Bernoulli restricted Boltzmann
TICA w MRS T A4y ST machine) 202
word2vec 235 7 A M (Gaussian noise) 25
(5] 228 (over-fitting) 84,139
£7 Y 52\ f#MT (dependency parsing) 225
i) BTIE## (error correction learning) 12 237 (learning rate) 12, 164
5 LG, (dark knowledge) 138 ~ DR 144
#% 11 (saddle point) 85 W7 5 7 4 5 VE TV (probabilistic

S\ z FILELEE (paraphrase detection) 244

—* A5 1L (one-versus-rest encoding) = 1-
of-n FH

— W RiEi% (general object recognition) 153,
166

~DHER: 167
FWRFH (semantic representation) 232, 233
[NF-54F (factor analysis) 8
I AV F — A% (energy function) 36
IV= Y+ % v F7—72 (Elman network) 211
Bidd 2 AMINE (grandmother cell) 153
H A (weight) 10
HEAILA (weight sharing) 159
WAILEE (weight decay) 164
HHE TV (acoustic model) 191
T 2% (speech recognition) 190
% (phoneme) 189

graphical model) w7774 NNVETI
Tife 519 A LR T3 (stochastic gradient descent
method) 14, 128
MK 7 —1) ~ 7 (probabilistic max pool-
ing) 181

F24UkE (hidden layer) 11,58
FEZ % (hidden variable) 40, 50, 94

fgh <) a7 E 5 ) (hidden Markov model)
192
BE=2—F Wty P T—7—~ 201

Za2—INEky NT—F -~ 195
T HLE (visible layer) 58
W HLZEHL (visible variable) 40, 94
W% 325% (image recognition) 153
15 PEEBY %L (activation function) 10, 142, 159
ReLU~ 143

E&FE~ 22



ARG 255
L&w~ 10 Z#x ¥ b EE— (cross entropy) 163, 199
VIEA R~ 14 E%PBI%K (identity function) 22
VTR A~ 157 AR T (gradient descent method) 45, 127

HAR—=IV7 4 )V % (Gabor filter) 171 AP (vanishing gradient problem) 18,

ANING J-FGATF— - TAN=TV xR 214

(Kullback-Leibler divergence) 43,97 /WL L5 (gradient ascent method) &= ) BL kg

MR (robustness) w O8N A MME T

BRI ZE 2 (observable variable) e IR I —/% R (corpus) 228

B2 (machine learning) 4 FREVARIKTE (backpropagation method) 14,

HAALEEL (normalization constant) 37, 94 127

EABI (pseudo negative instance) 242 WEREBL R 16

F&HERE (function word) 242 I R M (cost function) e HHICEI R

X7 A% 75— (Gibbs sampler) = ¥ 7 A% ZF#fHET (salt-and-pepper noise) 25

M AR
¥FTAH 27 v 7 (Gibbs sampling) 52
X7 A 44 (Gibbs distribution) = KL< ¥
oA

Wi HIAH R Y b T —2 (deconvolutional net-

work) 175
WiAr2# ¥ (competitive learning) 15
#Hfid V) %78 (supervised learning) 12
i Z2 L% (unsupervised learning) 12
A5 HA (shared weight) 159
JATa >~ b5 A MIE#AE (local contrast nor-

malization) 164
JRi T # % (local optimum) 15, 85
T (local feature) 167

v - 78 B (extreme learning machine) 116
#il G (combinatorial explosion) 45
72 7 4 J1)VE TV (graphical model) 37

71) v F¥EF (grid search) 146
#EBR53 A (empirical distribution) 43

MR Y N TAT AT - FAN=V 2 VR
% (persistent contrastive divergence method)
109

SFNkBIFE (sequence discriminative training)
207

K #EHET (masking noise) 25
ST 7V (language model) 192, 228
—a—=9%y M=~ 229

5 IEHE (subtractive normalization) 164
K€ >~ 5 %)V (exchange Monte Carlo

method) 110
R T K WAL (alternating structural optimiza-
tion) 227

2EH i #AL (alternating optimization) 238

WA IE# 56 (Gaussian mixture model) 192
AV NFTARATAT - FAN—=T = VA (con-

trastive divergence) 103
AV NFIATFAT - FAN=Y = ¥ A (con-
trastive divergence method) 99
A 4 ~ 109
LiEPN D 100
(]

7 H 2457 1b%%F (recursive autoencoder) 244
Wi ==2— V% v M7 —7 (recursive neural

network)
T H AR oL 244
JE BRI B AT b 246
I B0 8) L BE R i3 (steepest gradient descent
method) e ) FERE T %

THHERTY TICA (reconstruction TICA) = FiAf
B DR T T 4y 2 WL AT

IR MR 75 7 4 v 7 MRS T (re-
construction topographic independent compo-

nent analysis) 182
T KR (reconstruction error) 92
5 /N 3P % (minimum  probability flow

method) 108
I K F S 2 (maximum a posteriori esti-

mation) 34
It KA I R B (maximum mutual infor-

mation criterion) 208
K7 —"Y » 7 (max pooling) 160

i UHESE (maximum likelihood estimation) 41

fe 4 %2 5 (maximum likelihood estimator) 41

M B2 B O 54+ (denoising autoencoder)
25,115, 204
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M|

RENL =2 —F VA v M7 —7 (time-delay
neural network) 197

L & W BI%L (threshold function) 10

% B 1% 7 4% ¥ (discriminative pre-training)
205

¥ 7 €A FB¥ (sigmoid function) 14
¥ 7EA FIE4& (sigmoid belief) 39
WICHI% (dimension reduction) 58
Fi14% ¥ (post-training) 227
H 4 51b#% (autoencoder) 22,91, 178
~DEH 22
i~ 244

M BRE~ 204
~DOHHFFEH 93
JEBALME R B2~ 115
fig /N~ 25
g~ 92
AIN— A~ 24

~t LCOfIREVY <=y > 70
il ~ 70

JE B P~ 246
Lo~ 112
H# 54 (posterior distribution) 34
R AN—E =7 A Jk (exponential family har-
monium) 96
FTRAYTI) 7 98
FH[248 (pre-training) 23, 88, 112, 226
HFRMEFT ML D~ 93
MEBRE H O S LR 0~ 204
A~ 205
HEF T a0~ 112
WEEErY bT—r D~ 74
HWREVY<T <y D~ 64
Hilg H O 5L 113

H A S EELIE (natural language processing)225
H SR EL: (natural gradient method) 88
B4 (prior distribution) 34
¥ 7 A (synapse) 9
BB AL B2 B C 4 5 L% (marginalized
denoising autoencoder) 115

#i/N B A {b#F (contractive autoencoder) 25
F %55 H7 (principal component analysis) 8
77895 (output function) e LB R
8778 (output layer) 11
Z7WF (receptive field) 11, 159
S+ &2 (conditional independence) 59

PRI ) B4t (detailed balance condition)
105

K (distillation) 137
B3 IEBL (divisive normalization) 165
A THIRE (artificial intelligence) 3

WREBEEE=2—5 )%y b7 —72 (deep
hierarchical neural network) = #Jg = 2 —F
WAy FT—2

G2 (deep learning) 3
W8 H C45 5 L% (deep autoencoder) 92
RRERE &+ v M7 —72 (deep belief network) 72
~ DHHFE 74

~ OHE 74
IR I~ 181
#E=2—7 )4y b7 —2 (deep neural net-
work) 16
T 206
~D%H 17
~fEh<va7EFI 201
SiEETIV 218

~ DHETFE 202

WH=a2—I Wty bT—2s-Rh<ray
& 7 )V (deep neural network-hidden Markov

model) 201
ARV Y= < v (deep Boltzmann ma-
chine) 62
~ DY 67
~ DHETIFHE 64
~ DR 71
HE%E (estimation) 35
Esw (inference) 35
WHEHAl= 2 — 5V & v b7 —72 (hourglass-
type neural network) 22,
91

A 78— A H 455 1LEE (sparse autoencoder) 24,
179

A 78— APk (sparseness) 7,8

IEHLEEL (normalization constant) == HAEAL
L

IR ANV Y < » < ¥ ¥ (restricted Boltzmann

machine) 57,94, 202
H7 AN X — A K~ 202
~D%H 60
HO Tk LTo~ 70
~D ST E A 59
RV —A N X — A H~ 57
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A E 7 )V (generative model) 33 ~p$Y 163
1EHIME (regularization) 24 ~DYLiR 174
DropOut 142 PEke: & DI 170
L~ 25 e ey 157
R 138 TSN 157
AIN— A~ 179 WHERZEBL 175
58 H 45518 (stacked autoencoder)23, 70, kR 173
113 T=1) v 7)E 160
¥ 1 B (zero-frequency problem) 194, NTF ALY 176
228 % 1AK% (manifold learning) 8
#4538 (linear separation) 12 HEET 5 — 3 (word error rate) 207
MUK 53 BEVT BE (linearly separable) 13 HiFESEAE 7V (bag-of-words model) = bag-
&454 & (fully connected layer) 157 of-words € 7V

£ (latent representation) == PIERFRIL

TAEZE L (1atent variable) = RNEK

MEMEG=2—F V% vy M7 =7 (mutually
connected neural network) 11

J& & OEMRFHE (greedy layer-wise training)
93,112

BB EEFHE=2—F VA PT =2
(bi-directional recurrent neural network) 211

Btk (sparseness) w 28— A
V7 v v 7 A% (softmax function) 157
~WJikE 198
TS BI%L (loss function) 84,127
[fz]
K45 (global feature) 167
Kk 5 i 75 a8k (large vocabulary continu-
ous speech recognition) 194
ORI (log-bilinear form) 238
HEANT 4N TN 2 BT BV (log
Mel-filterbank feature vector) 203

SO B %L (log-likelihood function) 41

4E=a—7 V4% v 7 —7% (multi-layer neu-
ral network) w R =2 —F5 )Lk v b
J—=7

% g /S—+t 7 b g v (multi-layer perceptron)
w BRIV Ay PT—2

H A (convolution) 157

BAAREREE S AR Y + 7 —2 (convolutional
deep belief network) 181

HHIAAJE (convolution layer) 157

BAAMR=2—F NV E v bT—72 (convolu-
tional neural network) 19,
156

HER4SEED E 7V (bag-of-words model)
& bag-of-words 7 WV
Hiffi/\—+ 7 b1~ (simple perceptron) 12

H1R)E (internal layer) e [
745 (central difference) 147
/8T X — % (hyper parameter) 146

AR R AN R
through time %
7°— % W54 (data parallelism) 130
1R 5Y (transfer learning) == YV F ¥ A7
JE BT H O 548 (unfolding recursive au-

toencoder) 246
R > 71) 7 (ancestral sampling) 75
FEHIBEM A (statistical machine learning)33

= backpropagation

By 7 — Y ~ 7 (dynamic pooling) 247
FE (feature) 5
FEBE (feature learning) w FHFH
F§# 1% (feature engineering) 7
FEB 1 (feature point) 65

FHNT B3 43T (independent component analysis)
8
FRZFG T4 v -y ¥ YT (topographic

mapping) 183
NRZ T T 4y 7ML 5 T (topographic
independent component analysis) 182
TR LY~ 182

NF A4 7T A (trigram) wn 7T A

(%]

P25 2 7 b (internal covariate shift) 136
MN#BZH (internal representation) 5,16
T4 HESCA (binary parse tree) 244
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M|

—a2—7)V% v N7 —7 (neural network) 3

o] 4~ 211
[5¥ e 72 ~ 8
~_fEh~nrazEFI 195
IRE B~ 197
R~ 16
Y IREaT R ~ 22
AHHE A G~ 11

LR~ w RN 12—V kY bT—2
BRI~ 19, 156
TA—=F74 77— Fil~ = BEgil=a—
V2.2 SR A
~DJEL 9
Za—I WAy bU—F-RBh VI TETN
(neural network—hidden Markov model) 195

LA F- 200
NA Ty FHR 198
—a2—FNVAkvy b7 — 7 FEEET I (neural
network language model) 229
AJ1JE (input layer) 11
=2 —1u ~ (neuron) 9
%% 37 = b u ~ (neocognitron) 19
J 4 X (noise) e M
ifh#ER (cerebral nerve system) 9,176

J =7 =5 »F%EH (no free lunch theorem)
6

[1F]

X—+7 1 ¥ (perceptron) 9
~ w F ) FIIESH
~ 3 A DY E HE 13
~ DR 13

L~ = WA= 2 —F VR b T =2
2X—+& 7 b1 v¥H (perceptron learning)= i
D ETIESHE
N—<E =7 A (harmonium) = HlfRKL Y <~
S
N4 75 A (bigram) wpn 7T A
F bk (whitening) 165
S8 F#E 7V (pronunciation model) 192
Ny 7% 7 FiE AL (back-off smoothing) 229

/8y F23# (batch learning) 13
23w FIEHE (batch normalization) 136
N7 % YA (Huffman tree) 239

X5 L)V - F ¥ 8Y v 7 (parallel tempering
method) w ASHRE VT Vi

AN 28T A — & R4 (iterative parameter

mixing method) 242
Y'Y 270V — K (visual word) 169
FBIFH (representation learning) 7, 178, 226
v v V% (hinge loss) 232

il 7 7+ (part-of-speech tagging) 225

TA—=—F 77— Fll=a2—-FVAy bT—
7 (feed-forward neural network) &= [5JE %]
2= NVAkv bT—2

74 v ¥ —~%7 bV (Fisher vector) 170

7'—1) ¥ 7 (pooling) 21, 160, 170
L,~ 160
TRy R K~ 181
WK~ 160
By~ 247
F~ 160

77— ¥ 7'J& (pooling layer) 160

15-51b %% (decoder) 92

51k #s (encoder) 92

AZEME (invariance) 7, 89, 160, 174, 183, 238

ANLFE (stop word) 242

7°Z  — (plateau) 85

BB~ 7)) ¥ 7 (negative sampling) 241
70y 7Ab¥ 7 A%~ 7 ~ 7 (blocked Gibbs

sampling) 55
SIERIY TR ZH (distributed semantic represen-
tation) 234

S WOEFIETE (distributed parallel computation)
130
55 F 5 L (molecular field approximation)

= S

SrEE %L (partition function) = BUARILEEL
34 E R (distributional semantics) 229
53 Al (distributional hypothesis) 233
43 A1 B B HE 42 (distributional semantic com-

position) 243
AT E I (distributional semantic repre-

sentation) 234
534 A €1 (distributional memory) 244
Xk (context) 229
b (smoothing) 229
3553, (mean-field approximation) 55
F¥ 85 )i #E (mean-field equation) 57
S 7—1) ¥ & (average pooling) 160

AEH A FRI% (Heaviside function) &= L & \»
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245 H OfF 5L 4% (variational autoencoder)112

2453 A X (variational Bayes method) ==
R B DN

Fv T 74 —=NVF-%v bT—2 (Hopfield
network) 39

R < 7574 (Boltzmann distribution) 36

KV < < v (Boltzmann machine) 37

~DEH 40

~ 0B ITREN 42

~OEYFE 52

RE~ 62

il BR~ 57
[%F]

~ )V 2 7 #Y; (Markov random field) 35

~ V3 7% (Markov property) 53

<)V a7 M E 7 A V1 (Markov chain

Monte Carlo method) 52

<V F A MY — A%H (multi-stream learning)
217
<V F ¥ A7 53F (multitask learning) 217, 233
BAHAAR=2—F NV Ay bT—2 176
BV 7 e L OF-O5ERE (ugly duckling theorem)
6

3 =/\v F i (mini batch method) 129
#E17) 7 F 7 (undirected graph) 36
ANVEHBE S 7 A T A AREL (mel-frequency

cepstral coefficient) 193

E— XA Y} - X v TF Y7 (moment matching)42

H 1 BI%KL (objective function) e HHICBI R
E 7 V7 (model error) 51
EFNVINA T A (model bias) = EFIViRE
E 7 VIAEFIME (model parallelism) 130
E A Y% A (momentum) 164
(]
JuREBI%L (likelihood function) 41
2.=7%J A (unigram) wn 77 A
[5]
J v ¥ LA¥EF (random search) 146
V7 Ly b (regret) 145
HiHEMIE (analogical reasoning problem) 242
H AL (chain rule) 128
L bag-of-words E 77 )V (continuous bag-of-
words model) 235
WA ¥ v 72T AE T IV (continuous skip-
gram model) 237
o A B3%L (loss function) e R
/N A MM (robustness) 7
(D]

IA YT IGAMZ 2 -5 VEky T =2
(wine-glass-type neural network) == fpl§517H
—a—=I Nty NT—2

i WG (speaker adaptation) 200






[ Symbols / Numbers ]

1-of-n representation (1-of-n &Hl) 133, 163,
229

[A]

acoustic model (FZ-ETIV) 191

activation function (iFPELRI%D) 10, 142, 159
identity — 22
ReLU — 143
sigmoid — 14
softmax — 157
threshold — 10

Adagrad 144

Adam 145

alternating optimization (28 H.3R:#1k) 238
alternating structural optimization (38 . %

L) 227
analogical reasoning problem CHHIEMIRE) 242
ancestral sampling (fazk¥% > 7Y v 7) 75
artificial intelligence (A T/15E) 3
ASO 1% alternating structural optimization

autoencoder (H CfF51ba%) 22,91, 178
contractive — 25
deep — 92
denoising — 204
learning of — 22
marginalized denoising — 115
pre-training of — 93
recursive — 244
restricted Boltzmann machine as — 70
sparse — 24
stacked — 70
unfolding recursive — 246

variational — 112

RN 5|

average pooling (‘P47 —1 » 7) 160

(B]

back-off smoothing (/v 7 F 7Fif{k) 229
backpropagation method (GRAW{ZHEE:) 14,
127
learning internal representation 16
backpropagation through time method 128, 212
bag-of-features model (bag-of-features € 7°)V)
169
bag-of-words model (bag-of-words E 7 )V )
226, 236
bag-of-visual-words model

& bag-of-features

model
batch learning (/¥ v F%7) 13
batch normalization (/¥ F1EHIL) 136

bi-directional recurrent neural network (FUJ5 [

BARRE A =2 —S VR bT—2) 211
bigram (/N4 Z7°F &) ¥ p-gram
binary parse tree (53 HESCAK) 244
blocked Gibbs sampling (71 v 7 {L.¥ 7 A ¥

T UF) 55
BM & Boltzmann machine
BoF model == bag-of-features model
Boltzmann distribution (KW= ¥ 434i) 36
Boltzmann machine (KVv>y<r<v>») 37

approximation technique of — 52
deep — 62
learning of — 40
learning equation of — 42
restricted — 57
BoW model & bag-of-words model

BPTT method & backpropagation through time
method
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(Cl]

CD method ® contrastive divergence method
CDBN & convolutional deep belief network
central difference (H0:7:55") 147
cerebral nerve system (i fii#E%) 9,176
chain rule GHE§HHL) 128
CNN &= convolutional neural network
combinatorial explosion (RLA&H-EEESE) 45
competitive learning (B &557) 15
conditional independence (5ef-fi & i t) 59
context (3Cfk) 229
continuous bag-of-words model (#fi bag-of-

words E 7)) 235
continuous skip-gram model GEfE R ¥ v 727

I LETI) 237
contractive autoencoder (#i/)» A O 1LEF) 25
contrastive divergence (I~ MG AT 47 - ¥

AN=Vx v R) 103
contrastive divergence method (I~ b 5 A7 1
T FAN=T x Y ATE) 99
loss function 100
persistent — 109
ConvNet & convolutional neural network
convolution (& AH) 157
convolution layer (&AM JE) 157
convolutional deep belief network (& & A
BfE&ty Y T—2) 181
convolutional neural network (H:AiAdk = 1 —
FNAHy bT—=2) 19, 156
convolution layer 157
difference from previous methods 170
extension of — 174
fully connected layer 157
internal representation 175
learning of — 163
multitask learning 176
pooling layer 160
recognition performance 173
corpus (T—/%2) 228

cost function (I A M%) = loss function

cross entropy (ALY FOE—) 163,199
(D]
DAE == deep autoencoder

dark knowledge (RFELAIGHK) 138
data parallelism (57— % d£514b) 130

e L]
DBL method t# detailed balance learning
method
DBM = deep Boltzmann machine
DBN & deep belief network
decoder (5751L#r) 92
deconvolutional network (i & & A& % v F
7=2) 175

deep autoencoder (¥RJg H O 5{L#) 92
deep belief network (EERF&AF Y b7 —2)
72

convolutional — 181
inference of — 74
pre-training of — 74
deep Boltzmann machine ((REHRNV Y < < ¥
¥) 62
application of — 71
learning of — 67
pre-training of — 64

deep hierarchical neural network (i3 & [ & %l
Za2—I WAty bTJ—2) = deep neural

network
deep learning (FRFE%¥H) 3
deep neural network (=2 —F V% v b
J—=7) 16
acoustic model 206
— —hidden Markov model 201
language model 218
learning of — 17
pre-training of — 202

deep neural network-hidden Markov model (i
B=a—INV%ky FT—r-Rh=Vva7E
) 201

denoising autoencoder (i ¥ B2 H O 51k
&) 25,115, 204

dependency parsing (4% V) 52 13H#HT) 225

detailed balance condition (FERIEY Y A\ 5e14)
105

detailed balance learning method (detailed bal-
ance learning {%) 104

dimension reduction (KICHI7%) 58

discriminative pre-training (7% 19 3 515 %)
205

DistBelief 130
distillation (#%%) 137
distributed parallel computation (43 #3E 51 it

) 130
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distributed semantic representation (43 #X 11 7&
TRZH) 234
distributional hypothesis (74K 3t) 233
distributional memory (%4 X € 1)) 244
distributional semantic composition (%37 [ i
WRAESE) 243
distributional semantic representation (43-4ii 9
k) 234
distributional semantics (%34 & ¥a) 229
divisive normalization (Fx5IEHAL) 165
DNN & deep neural network
DNN-HMM & deep neural network-hidden
Markov Model
Downpour SGD 131
DropOut 139
linear regression 141
dropout noise (K% / 1 X) = masking noise
dynamic pooling (Bjfty7—1) » 7) 247
[E]
EFH 1 exponential family harmonium
ELM 1% extreme learning machine
Elman network (Z)V< ¥ %2y b7 —2%) 211
empirical distribution (F&ER5 ) 43
encoder (FF71bat) 92
energy function (% V¥ —BI%¥0) 36
error correction learning (% ) 5TIEE) 12
estimation (Hff5E) 35
exchange Monte Carlo method (%€ ¥ 7
vuE) 110
exponential family harmonium (g 4%/ — €
= A1) 96
Gibbs sampling 98
extreme learning machine (i< FEM) 116
(F]
FA 1# factor analysis
factor analysis (K-F-53#T) 8
feature (Ff%) 5
feature engineering (Ff% T.%%) 7
feature learning (}§f#%%) & representation
learning
feature point (F§f%5) 65

feed-forward neural network (7 4 — K 7 &
J—FRlZ2—F5 )4y FT—7%) & hier-
archical neural network

Fisher vector (7 4 v ¥ ¥ =2 b)) 170

fully connected layer (&F54&T8) 157
function word (BEHERE) 242
[G]

Gabor filter (FFR—IV 74V %) 171
Gaussian mixture model (GR&IEHSAG) 192
Gaussian noise (47 AHEE) 25

Gaussian-Bernoulli  restricted  Boltzmann
machine (™7 Z-X )L X — A BUHIFRAR L Y
S22 202

general object recognition (—##AEHE) 153,
166

previous methods for — 167
generative model (ZEJE T V) 33
Gibbs distribution (¥ 7 A 534ii) = Boltz-

mann distribution
Gibbs sampler (¥ 7 A4 7 F—) & Gibbs
sampling
Gibbs sampling (¥ 7 A% 7Y v 7) 52
global feature (KRIFHER) 167
GMM &= Gaussian mixture model
GPU 133

gradient ascent method (AL 5-1%)
dient descent method

gradient descent method (%) Bt ) 45,
127

grandmother cell (B1XdH & AMN) 153

graphical model (777 4 #NVET V) 37

greedy layer-wise training (J§ & & O FHRFE)
93,112

grid search (77 v F#E#) 146

1= gra-

[H]

harmonium (/N\—E=77 A)
Boltzmann machine
Heaviside function (NEH A4 FE%D
= threshold function
hidden layer (F3iUE) 11,58
hidden Markov model (fEiIL~v a7 EFIN)
192
deep neural network— — 201
neural network— — 195
hidden variable (FEHZ%0) 40, 50, 94
hierarchical neural network (FfE%I= 2 — 5 )L
Ay hT—2) 8, 127, 196

= restricted
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backpropagation method 14 language model (SFEET V) 192, 228
deep — == deep neural network neural network — 229
learning of — 12 large vocabulary continuous speech recognition
— model 9 OREE B 7 ) 194

hierarchical softmax (F§fEEIY 7 b= v 7 R)
239

hinge loss (& ¥ V%) 232

HMM & hidden Markov model

HNN = hierarchical neural network

Hopfield network (&> 77 4 =) K« & v b
J—=7) 39

hourglass-type neural network (FPHF&IHI= 2 —
FNVAy NT—2) 22,91
Huffman tree (/N7< ¥ K) 239
hyper parameter (#/¥F X — %) 146
(1]
ICA = independent component analysis
identity function (fH%5:RI%0) 22
ILSVRC 153
image recognition (8 {§72:#%) 153
independent component analysis (37 )% 55 %
#7) 8
inference (3ff7) 35
InfiniBand 135
input layer (AJJ)E) 11

internal covariate shift (W#BIEZE T 7 1) 136
internal layer (H1HEE) == hidden layer
internal representation (PNEfZRH) 5,16
invariance (ANZEPE) 7, 89, 160, 174, 183, 238
iterative parameter mixing method (JLERY/5

A= REE) 242
[K]
KL distance (KL Hifff) = Kullback-Leibler

divergence
KL divergence (KL ¥4 /N—3 x ¥ X)
s Kullback-Leibler divergence
KL information (KL {%%it)
Leibler divergence
Kullback-Leibler divergence (# )V /3y 7-5 4

= Kullback-

T5—  FAN=V U R) 43,97
(L]
L-BFGS method (L-BFGS #:) 131, 246

L regularization (L; 1EHI{E) 25

lasso s [ regularization
latent representation (ifE%H8l) = internal
representation

latent variable (#7E2:%0) = hidden variable

LCA = Jocal contrast normalization
learning rate (%47 %) 12, 164
tuning of — 144
LeNet = convolutional neural network
likelihood function (JFEREI%L) 41
limited-memory  Broyden-Fletcher-Goldfarb-
Shanno method = [-BFGS
method
linear separation (¥#J%%5-5fk) 12
linearly separable (#iJE45HETT HE) 13
local contrast normalization (JEFf=2 >~ b5 Z b
IEH#AE) 164
local feature (JABTH#E) 167
local optimum  (J&j AT i@ % ) 15, 85

log Mel-filterbank feature vector (x££ V7 1

N E ST T RN BV) 203
log-bilinear form (G BOAHIE) 238
log-likelihood function (R} 4%t B %4) 41
long short-term memory method 214
loss function ($HZ2:BI%0) 84,127
low effective dimension 146
L, pooling (L, 7=V ¥7) 160
LSTM method & Jong short-term memory

method
(M]
machine learning (F#5%) 4
manifold learning (£ Ak{A%:H) 8

MAP estimation (MAP #E5€)
posteriori estimation
marginalized denoising autoencoder (J&U1b 4k

¥ maximum a

whREH O 5L 115
Markov chain Monte Carlo method (%) 2 7

M v T A aik) 52
Markov property (< I 71%) 53
Markov random field (= )V 2 7 FEsY;) 35
masking noise (K& M) 25
max pooling (K7 —1) ¥ 7) 160
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maximum a posteriori estimation (% K%

HHEE) 34
maximum likelihood estimation (EHEE) 41
maximum likelihood estimator (3 L E =) 41
maximum mutual information criterion (%A

A BLEE) 208
MaxOut 143
mean-field approximation CE¥¥5EM) 55
mean-field equation (F3355 7 #2) 57
Mel-frequency cepstral coefficient (A V& # %

v PN Y 193
MFCC = mel-frequency cepstral coefficient
mini batch method (3 =%y Fi) 129
minimum probability flow method (#x/MifEFR T

%) 108
MLE = maximum likelihood estimation

MMI criterion (MMI #i#)
mutual information criterion
model bias (EF NN 7 R)

¥ maximum

= model error

model error (& 7V i7%) 51
model parallelism (&7 )VIEFI{E) 130

molecular field approximation (437353 )
1= mean-field approximation

moment matching (E— XY b -3 v F )
42

momentum (EX % A) 164

MPF method = minimum probability flow
method
MRF = Markov random field

multi-layer neural network (% g = 2 — 5 )V
Ay hT—=2)
network

multi-layer perceptron (% Jg/S—+t 7 b )
# hierarchical neural network

multi-stream learning (¥ )VF A IV — A%H)
217

multitask learning (Z)VF % A 7 58) 217,
233

= hierarchical neural

convolutional neural network 176
mutually connected neural network (FH.#% &
2=ty FT—7) 11
MV-RNN % matrix vector recursive neural
network
[N]
natural gradient method (H#A%JRALH:) 88

natural language processing (H X 5 ifLAL) 225
negative sampling (14> 7V » 7)) 241

neocognitron (AF 37 =bhw ) 19
neural network (=2 —J Ay v7—2) 3
convolutional — 19, 156
deep — 16
feed-forward — & hierarchical neural
network
——hidden Markov model 195
hierarchical — 8
history of — 9
hourglass-type — 22
multi-layer —& hierarchical neural network
mutually connected — 11
recurrent — 211
time-delay — 197
neural network language model (= =z — J )b
Ay b= FHEETN) 229

neural network-hidden Markov model (= =z —
FNAy hT—r-fEh<a7EFI) 195

hybrid approach 198

tandem approach 200
neuron (=2 —1 ) 9
n-gram (n 77 A) 194, 226, 228
NLMM & neural network language model
NN == peural network
NN-HMM = neural network-hidden Markov

Model
no free lunch theorem (/ —71) —F v FE#H)
6

normalization constant (Bi#&fLE$) 37,94

(0]

objective function (HIYBI%L) = loss function

observable variable (#Bi1Z %) = visible
variable

one-versus-rest encoding (—*fF51k) = 1-
of-n representation

online learning (+ ~ 7 4 Y %#) 13

output function (HJ7BI%%) = activation
function

output layer (HJ1/E) 11

over-fitting (GE%H) 84, 139

(P]

parallel tempering method (/X5 LV - 7 ¥ /%
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PCH

) v 7)) = exchange Monte Carlo method
paraphrase detection (5t & KBIFHFK) 244
part-of-speech tagging (#hil & 7 fH}) 225
partition function (/ACPI%0) = normaliza-

tion constant
PCA &% principal component analysis
perceptron (/¥—-+t 7 b1 ) 9

— learning & error correction learning
— learning rule convergence theorem 13
limitation of — 13
multi-layer —# hierarchical neural network
perceptron learning (/¥—t 7 1@ ¥ %#E)

& error correction learning
persistent contrastive divergence method (ke

WAy NFTATAT - FAN=T 2 v RK)

109

phoneme (%) 189
phonemic context (3% 3CIk) 192
plateau (77 b—) 85
PoE &= product of experts
pooling (7'—1 ¥ 7) 21,160, 170
average — 160
dynamic — 247
L,- 160
max — 160
probabilistic max — 181
pooling layer (7—1 » 7' J§) 160
post-training (FHE5H) 227
posterior distribution (F#5575) 34
pre-training (FHi4%H) 23, 88, 112, 226
— of deep belief network 74
— of deep Boltzmann machine 64
— of denoising autoencoder 204
discriminative — 205
pre-training of — 112
— by probabilistic models 93
stacked autoencoder 113

principal component analysis (FM554) 8
prior distribution (Fi54fi) 34
probabilistic graphical model (FEH1 25 7 1

AIVET V) # graphical model
probabilistic max pooling (#EFMHEK 7 — Y

v ) 181
product of experts 118
pronunciation model (EHFFHEFETN) 192
pseudo negative instance (#UEH1) 242

pyramid match kernel 170
[R]

random search (J ¥ ¥ L4EHR) 146
RBM = restricted Boltzmann machine
receptive field (Z%:4F) 11, 159
reconstruction error (Fi# AR ) 92

reconstruction TICA (FF§R% TICA) = re-
construction topographic independent compo-
nent analysis

reconstruction topographic independent compo-
nent analysis (FH#RE bR 7T 7 4 v 7
LRSS 182

rectified linear unit &= ReLU

recurrent neural network (/& =21 —F v

v bI—7) 211
acoustic model 211
bi-directional — 211
Elman network 211
language model 218
long short-term memory method 214

recursive autoencoder (Fifit H CfF51bEs) 244
recursive neural network (FiJf==2—F V% v

F7—2)
recursive autoencoder 244
unfolding recursive autoencoder 246
regret (V7L v 1) 145
regularization (1EHI{L) 24
distillation 138
DropOut 142
L, - 25
sparse — 179
ReLU 143, 156
representation learning (FIH%H) 7,178,
226
restricted Boltzmann machine (HilfRF VY <~
S22 57,94, 202
— as autoencoder 69
Bernoulli-Bernoulli — 57
conditional independence of — 59
Gaussian-Bernoulli — 202
learning of — 60
RNN = recurrent neural network,
& recursive neural network
robustness (TN A M%) 7
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[S]

saddle point (¥ x1) 85
salt-and-pepper noise (2 F Hi4fi &) 25
Sandblaster L-BFGS 131
scale invariant feature transform = SIFT
semantic representation (EMEFEI) 232,233

sequence discriminative training (& 41 ik Bl %

#) 207
SGD ## stochastic gradient descent method
shared weight (&4 HA) 159
SIFT 168
sigmoid belief (¥ 7 €4 FE&) 39
sigmoid function (¥ 7 €A1 FE%) 14
simple perceptron (H.ffi/S—t7bar) 12
smoothing (F#F1b) 229
softmax function (V7 M= v 7 A% 157

— output layer 198

sparse autoencoder (& /%— 2 H 45 5 {L##)
24,179

sparseness (A 7¥— A) 7,8
speaker adaptation (i % 8t 200
speech recognition (7 72ik) 190

stacked autoencoder (F¢/g H CF 51b#%) 23,
70,113

statistical machine learning (&I BEM2H )
33

steepest gradient descent method (35 %4 Fie &
) 1= gradient descent method

stochastic gradient descent method (Ff= 4% it

W) 14,128
stop word (NEFE) 242
subtractive normalization (JIEHIL) 164
supervised learning (¥fid 1 %78) 12
synapse (¥ 7 %) 9
(T]

TDNN == time-delay neural network

temperature parameter (/87 A —%) 110

threshold function (L & v2Bi%0) 10

TICA == topographic independent component
analysis

tied weight 1= shared weight
time-delay neural network (RfHjiEN=2—5
VAy 8T—=2) 197

topographic independent component analysis
(NRZF T 4 v 7 BSLHS5HT) 182
reconstruction — 182
topographic mapping (F K77 4 v 7 <y
¥y r) 183
transfer learning (#5847 ) = multitask
learning
trigram (M4 75 4) & p-gram

(U]

ugly duckling theorem (B{\»7 &IV DT-DEH)
6

undirected graph ({177 7) 36
unfolding recursive autoencoder (B H .

5 bds) 246
unigram (L=7"7 &) = n-gram
unsupervised learning (#fifiZe L2%8) 12
(V]

vanishing gradient problem (2B 2RE) 18,
214

variational autoencoder (%43 H 5% 51t %)
112

variational Bayes method (%54 ~\ A X %)
& mean-field approximation

visible layer (W #1}E) 58
visible variable (W[ #1Z:%%) 40, 94
visual word (¥ ¥ 27 V77— F) 169
(w]

weight (EHA) 10
weight decay (T A% FE) 164
weight sharing (FEAILH) 159
whitening (F1fafb) 165

wine-glass-type neural network (7 4 > 7" A
B=a2—F )%y FJ7—=2) = hourglass-
type neural network

word error rate (HLFET T —3) 207

word2vec 235

(z]

zero-frequency problem (¥ THHEME) 194,
228
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