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HZ curvature 78-81, 99, 201, 242, 253, 266

#HIL cybernetics 12, 13

FH damping 551

BIBEM D% data generating distribution 97, 236, 240, 241, 251
HIRLERITE data generating process 97, 449

HIEFHIT data parallelism 380

HIES data point 92

BIBE dataset 87, 92-95, 97, 98, 101, 104, 106, 107, 113-115, 118, 119, 125, 128, 131, 133,

141
HIEEEIE5E dataset augmentation 386, 389
RRBT decision tree 125, 127, 382-384, 466

fi#AB2% decoder 4, 338, 339, 402-404, 417, 420, 421, 423-427, 429-431, 434-436, 439441,

469, 595
4 fi# decompose 38

REEEME deep belief network 17, 21, 310, 452, 472, 520, 536, 538, 562, 564-566, 568,
572, 584, 591, 609

REW/RZEN Deep Boltzmann Machine xiv, 20, 21, 452, 513, 520, 523, 526, 527, 538,

551, 557, 562, 564, 566577, 584, 609
REEE deep circuit 472
REBIRME deep feedforward network 145, 147, 391, 417, 428

]

i

i

REERMIEE! deep generative model 452

]

300-392, 407, 408, 410, 412, 415, 416, 444, 448, 456, 458, 462, 466, 472, A74-476,
496-499, 501, 506, 507, 510, 516, 518, 521, 526, 538, 539, 542, 543, 555

RS deep learning 1, 4-7, 10-15, 17, 18, 22-24, 26, 73, 74, 76, 79, 82, 87-89, 92, 93,
105, 125, 128, 132, 133, 135-138, 141, 144, 197, 198, 210-212, 230, 235, 237, 239, 248,
256, 261, 262, 266, 269, 270, 275, 345, 358, 362, 364, 371, 374, 377, 379, 381, 383

Ri&

134,

447,

569,

539,

100,
251,
386,
484,
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REAEE! deep model 93, 235, 236, 241, 243, 245, 257, 263, 277, 452, 522, 526
REM deep network 144, 211, 258, 272, 278, 471

{SEFE degree of belief 49

£M2 denoising 90, 92, 433, 437, 438, 440, 445, 476, 528

KRB %MEF denoising autoencoder xv, 207, 433, 434, 436440, 442, 445, 454, 457, 588, 606—
611

EHIRBHILE denoising score matching 438, 528
{k# dependency 474, 476, 488, 492, 496
R depth 145

~

E# derivative 74, 76, 77, 81, 86

$#4i8 description 70

& iT4EPE design matrix 93-95, 129

YHEFE detailed balance 608

MR detector stage 290

THEM deterministic 238

T FE4ERE diagonal matrix 36

M98 differential entropy 67, 552

M9 AR differential equation 255

P2 dimensionality reduction 406, 429, 448

Dirac delta &F#{ Dirac delta function 59

Dirac 43% dirac distribution 59, 60, 528, 542, 543, 553, 554

AE directed 69

BEEHEE! directed graphical model 331, 334, 418, 462, 480-482, 491, 494, 495, 591, 603
B[S Directed Model 481, 482, 485, 488, 490-492, 495, 507, 538, 557, 565, 566, 594
HES5# directional derivative 76, 77

F#)5] RBM discriminative RBM 453

FIFIBEM4E discriminator network 597

SR distributed representation 16, 138, 228, 394-396, 404, 406-408, 410-412, 444, 449,
459, 466-471, 473, 498, 499

REMZMZ DNN 247, 261, 262, 265, 271, 273, 381, 384, 391, 450-453, 471, 566

PSS EHIEN domain adaption 457
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SF dot product 30, 35, 123, 124

W @153 double backprop 233, 474

WEHRIEIFERE doubly block circulant matrix 284, 307
P&X#E downsampling 293, 298

Dropout Dropout 208, 222-230, 252, 257, 362, 364, 366, 367, 381, 383, 391, 455, 456, 574, 576,
588, 600

Dropout Boosting Dropout Boosting 229
d-%3E d-separation 488, 490
FSMK) dynamic programming 188

ZZEEH dynamic structure 382, 383

RATZIE early stopping 212-217, 237, 258, 362, 454, 455
B FEIREMLE echo state network 21, 345-348

BHAEE effective capacity 100

$HE 8 eigendecomposition 37-39

Y54E{E eigenvalue 37

$fE[@E eigenvector 37

EARBAEE elementary basis vectors 485

TEEM MM element-wise product 30

N embedding 442, 443

22354 empirical distribution 59, 60, 236, 238, 528

ZIGSHFR empirical frequency 59

KLU empirical risk 236

ZLE R & /ME empirical risk minimization 236, 237

YREGEE encoder 4, 338, 339, 402-404, 421, 424-427, 429-432, 434-440, 442, 443, 445, 447, 451
558, 595, 596

HEIHAY end-to-end 359, 362, 363, 374, 392, 496
BEE R energy function 485, 486, 499, 500, 511, 518, 559-561, 566, 567, 575, 578-583, 586

EFaEREE! Energy-based model 485-487, 499, 506, 507, 510, 511, 513, 514, 559, 561, 566,
583

£ ensemble 197, 220-223, 225-227, 229, 381, 402, 450
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EER%¥>] ensemble learning 420

% epoch 242, 374

BH epochs 213

ZRXAFR equality constraint 83, 84

¥ 5% Equilibrium Distribution 508, 509

ZT cquivariance 286

ZEIT RN equivariant representations 285

REZ error bar 103

RZEFEE error function 74

REEE error metric 359, 360

$BIRZE error rate 91, 360, 361, 366

fhitE estimator 108-115, 197, 456, 468, 520, 523
ERJLEESEE Euclidean norm 34

EXhI-H i BAH AT Euler-Lagrange Equation 552
IE#E T 5 evidence lower bound 539, 540, 543, 544, 548, 565

B example 13, 23, 88, 90-95, 97, 99, 100, 102, 106, 107, 109, 110, 112-119, 123-125, 128,
129, 131-133, 135-138, 141, 210

BIIMRZE excess error 252, 256

HAZE expectation 54, 56

BB R K expectation maximization 419, 541-544, 595
E % expectation step 541

HALE{E expected value 54

2235 experience, E 87, 88, 92, 94, 95

EXRKMLE expert network 383

1HiHfRTE explaining away 538, 550, 565
HHHMRIEIEA explaining away effect 489
fRFEEF explanatory factort 463, 471, 473, 474
WEBRIME exploding gradient 248

FIFA exploitation 409, 410

RZE exploration 409, 410
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$I8H 5 exponential distribution 58

EF factor 482-484, 486, 493, 494, 559, 585

EFa#r factor analysis 418, 420, 426

EFE factor graph 493, 494

EF factorial 417, 425, 426, 501, 544, 551, 562, 563, 568, 569
f# factorization 69, 70

S fEE factorized 474

FEREZE factors of variation 4, 6, 173, 470, 472, 473

®i#E Dropout fast dropout 228

RIEIFLEMEITLLBLE fast persistent contrastive divergence 524
A[{T feasible 83, 84, 86

$54E feature 88, 92-96, 98, 99, 104, 123-125, 128-131
$SEIRENES feature extractor 422, 425, 453, 469, 543
Y5HERRET feature map 282, 389

$EEIESE feature selection 204

1% feedback 145

AifE feedforward 145

AR 2KEE feedforward classifier 464

Ri&

BIEM 4 feedforward network 145-150, 156, 169, 171, 172, 174, 193-196, 245, 247, 248, 259,
276, 319, 321, 330, 334, 337, 344, 347, 361, 362, 429, 432, 434, 435, 437, 449, 450, 464,

465, 472, 474, 593

BRI ML feedforward neural network 145-148, 151, 153, 165, 171, 175, 246, 434

WIAHAT4IZITPES field programmable gated array 384
#518 fine-tune 451, 452, 455, 520

#18 fine-tuning 275, 276, 425, 565

BIRZES finite difference 373

F—F first layer 145

A= FFE fixed point equation 545, 549, 550, 554, 556, 557, 569, 572

EmIEHE fixed-point arithmetic 378
B flip 283
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FmisE float-point arithmetic 378
BT forget gate 350-352
AEEKXE forward mode accumulation 192

BIEE#E forward propagation 175, 182, 183, 257-259, 285, 301, 302, 309, 325, 326, 338, 346,
349

I3 Fourier transform 308, 309

FRM fovea 313

BHEE free energy 487

SAZRIRMEZ frequentist probability 49
PRIk frequentist statistics 118
Frobenius 3% Frobenius norm 35, 41, 44, 45
F 5% F-score 361

£ full 297

iZER functional 155, 551-555

EI
iZE B4 functional derivative 551-554

Gabor %[ Gabor function 314-317

Gamma 7% Gamma distribution 581

I1#% gated 349-352, 355

[ TH=MEIRM 48 gated recurrent net 362
[J=EIRETT gated recurrent unit 349, 351, 362
73 RNN gated RNN 349, 351

JEIERE gater 383

BHr5 7 Gaussian distribution xxvi, 57, 58, 60, 68, 154, 156, 162, 163, 165, 295, 418, 426, 554,
555, 578, 580, 581, 587, 588, 595, 600, 602

= 8r#% Gaussian kernel 124, 466

ait

SHTR AR Gaussian Mixture Model 60, 61, 390, 391, 496
SHHR S Gaussian mixtures 466

S 9% Gaussian output distribution 155

B RBM Gaussian RBM 579-581

Gaussian-Bernoulli RBM Gaussian-Bernoulli RBM xiv, 578-580
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#HA GPU general purpose GPU 379

24 generalization 97, 99, 136, 137, 146-149, 151, 172, 174, 194, 197, 198, 257, 277, 364, 381,
386, 389, 425, 457-459, 465, 468, 469, 472

ZWIRZE generalization error 97, 100-102, 114, 236, 239-241, 250, 252, 257, 259, 261, 362,
364-367, 425

iZH generalize 257, 457-459, 468-470, 473, 592, 603, 606

J"N R generalized function 59

J~X Lagrange BR#{ generalized Lagrange function 83, 84, 204

J~¥ Lagrangian generalized Lagrangian 83, 85

T~ XAASE generalized pseudolikelihood 525, 526, 576

T~ XA AL AT generalized pseudolikelihood estimator 525

I XBHILE generalized score matching 527, 528

R HIAESS generative adversarial framework 465

EFHEITHMLE generative adversarial network 464, 465, 513, 531, 592, 597-601

£ R generative model 385, 417, 419, 420, 422, 425, 426, 428, 431-433, 440, 453, 464, 465,
470, 471, 498, 513, 515, 531, 537, 557-559, 564-566, 585, 587, 591, 592, 594, 596, 600,
611-614

HERKEE generative modeling 594, 595, 597, 602, 610-613
ERFEE ML generative moment matching network 600, 601
R FEHLMZE generative stochastic network xv, 431, 607-611
HEREEMLE generator network 592-595, 597, 599-601
E/mHrH Gibbs distribution 484

Gibbs E# Gibbs Sampling 495, 499-501, 510-513, 515, 522, 527, 565, 568, 570, 573, 576, 581,
582

HWETHE Gibbs steps 519, 521, 523, 573
R/ E
2B /ME global minima 245, 246

J3—4¥ Global contrast normalization 387-389

ZF&/ME global minimum 75, 76, 82, 85, 243, 244, 249, 279

HE gradient 76-78, 82, 83, 85, 86, 199-201, 203, 205, 214, 215, 323, 326-330, 343, 344, 346,
347, 349, 352-358, 438, 439

#E EFH gradient ascent 548



ik 691

HEH M gradient clipping 246, 248, 258, 354, 355

¥HE TP gradient descent 74, 75, 77-83, 85, 123, 132-134, 205, 206, 215, 237, 238, 242, 245247,
249, 251-255, 258, 259, 266, 272-274, 354, 365, 371, 380, 381, 405, 421, 429, 437, 447, 453,
470, 511, 541, 545, 549, 577, 589, 594

E#EE! graphical model 69, 331-334, 396, 475, 476, 479, 481, 487, 488, 491, 494-499, 501, 538,
543, 544, 550, 551, 554, 559, 561, 562, 566, 567, 591, 603

EF 4 FEEE Graphics Processing Unit 239, 378-380, 383, 384

£y greedy 451, 452

AHIDEE greedy algorithm 275, 451

FILEREMILZ greedy layer-wise pretraining 310, 572, 575, 576
ZZEEiNE greedy layer-wise training 572

ADZRELLEMINZ greedy layer-wise unsupervised pretraining 450-452
FID S EFIIZ greedy supervised pretraining 275, 276

FOEMEWNE greedy unsupervised pretraining 452, 574

M1&I%¥ZE grid search 368-370

Hadamard 3®# Hadamard product xxv, 30
XBAEEE Hamming distance 528
EELFB A hard mixture of experts 383
TE Y EYIEE] hard tanh 170

X122 harmonium 499, 561

M EHT#E Harris Chain 509

Helmbholtz #l Helmholtz machine 431, 592

Hessian Hessian xxv, 78-82, 200, 201, 203, 204, 215, 239, 242, 244, 246, 248, 253, 266-268,
270, 271, 279, 352, 453, 454, 575

S HZE heteroscedastic 162

BaRiE hidden layer 5, 13, 146-148, 150, 165, 171-173, 184, 188, 190, 195, 224, 271, 272, 275
278, 301, 324, 429, 434, 440, 446, 448, 449, 471, 472, 527, 538, 561-571, 573, 580, 591,
604, 606, 610

FaD/RAT KR Hidden Markov Model 390-392
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PAREZIT hidden unit vi, 5, 15, 16, 20, 21, 148, 154, 156, 165, 166, 168-172, 175, 190, 195,
206-208, 211, 215, 218, 220, 222-224, 226, 229, 230, 243, 257, 260, 273, 295, 300, 321,
323-327, 329, 332, 334, 335, 339, 345, 348-350, 352, 363, 365368, 374, 382, 383, 387, 405,
421, 434, 437, 445, 446, 466, 469-472, 492, 496, 499, 500, 510, 517, 520, 522, 527, 539,
541, 543, 546, 547, 550, 560-562, 565571, 575, 578-582, 584-586, 592, 594, 602, 604606,
613

[5%ZE hidden variable 526, 538

e hill climbing 77

BB hyperparameter 253, 254, 259, 261-264, 359, 363-371, 375, 455
BEEM hyperparameter optimization 368

{5818 hypothesis space 98

47 identically distributed 97
ATPHAR] identifiable 243
B{I4EPE identity matrix xxiii, 31
I FE S fRIE ii.d. assumption 97
%7 ill conditioning 242
AiEfE immorality 491, 492
EXMH Importance Sampling 400, 401, 504-506, 532-536, 592, 596
HEIMIA independent 53, 97
TR 5> 747 independent component analysis 418-422
3747 independent identically distributed 503, 531
L FZ BT independent subspace analysis 421
%3] index of matrix 27, 28
$EREE indicator function 58
AERLAE inequality constraint 83-85

H#ERT inference xiv, 2, 208, 225, 227-229, 393, 394, 415, 431, 432, 497, 542, 559, 560, 565,
567-571, 573-577, 582, 586, 592-596, 598, 600, 605, 606, 613

7tBR infinite 456

FEEMZE information retrieval 448
MR inner product 123

B\ input 282, 453
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BINDF input distribution 453, 454, 457
FHEM intervention query 53

N invariant 291
KiFE invert 579

Isomap Isomap 456

£ REME isotropic 58, 61

Jacobian Jacobian xxv, 77, 78, 176, 178, 180, 185-187, 233, 278, 329, 343, 345, 346, 373, 421,
445, 446

Jacobian %Eff Jacobian matrix 65, 178, 192

BEAHEE ST joint probability distribution 50, 52, 53, 69, 559-561, 566

Karush-Kuhn-Tucker Karush-Kuhn-Tucker 83-85, 204, 206
%R kernel function 123, 282

1%#18% kernel machine 124, 125, 146, 210, 345, 466, 564

%7 i% kernel method 124

¥%HI5 kernel trick 123, 124, 133, 146

KL #E KL divergence 116, 219, 539, 545

HIRE knowledge base 2, 411, 412

#1iRE#E knowledge graph 412

Krylov 7% Krylov method 193

KL #8E Kullback-Leibler (KL) divergence xxvi, 67, 68

#RZ label 92, 94, 124, 136, 453, 459, 470, 472

#riE labeled 363, 364, 375, 450, 454, 456, 458, 459, 461, 462

H1&BAH®F Lagrange multiplier 552, 553

BEHEA language model 355, 392-394, 402, 403, 406, 410, 506

Laplace %% Laplace distribution 58

KZIHE large learning step 544

JBIE latent 163, 418, 419, 426, 431, 451, 463, 496, 522, 560, 561, 597, 599, 602, 609

#EE latent layer 561
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ISR latent variable xiii, 60, 163, 243, 396, 417-419, 429, 431-433, 435, 452, 462, 466, 472,
486, 487, 496-499, 501, 512, 514, 517, 521, 527, 538, 539, 541, 542, 544, 545, 548, 554,
560-562, 564-567, 576, 592, 594-596, 607, 609

KEEE Law of large number 503

B ER layer-wise 451

L-BFGS L-BFGS 270, 271

BRERLMERITT Leaky ReLU 167, 362

BIREIT leaky unit 347-349

R learned 450, 454, 458, 459, 465, 467, 470, 473, 474, 557, 558, 592
ZF )R HERT learned approximate inference 447

388 learner 106, 138, 240, 457, 459, 463, 469, 472, 473

3] learning rate 77, 79, 133, 235, 239, 242, 251, 252, 254, 256, 261-264, 266, 268, 271, 362,
363, 365-368, 372, 523, 524, 573, 589, 591

EDIHB AT Lebesgue-integrable 517

E4F{ERE left eigenvector 37

EFRMEE left singular vector 40

¥R iEM Leibniz’s rule 517

{U#R likelihood 49

ZH¥E line search 77, 83, 269

B EEAMLZ linear auto-regressive network 602

24222 linear classifier 237, 428, 449, 453, 458, 467, 470
242 4A linear combination 33

248K linear dependence 33

M [EFHERY linear factor model 417, 418, 420, 421, 423, 425, 426, 428, 501, 543, 579
L MAEE linear model 14, 198, 203, 204, 206, 215, 228, 231, 560, 602

Z1E YT linear regression 87, 94, 96-98, 100, 101, 104, 108, 117-119, 121-123, 133, 134, 198,
200203, 205, 206, 219, 228, 260, 345, 428, 544, 602

4B B JT linear threshold units 469, 470
24Tk linearly independent 33
$EFETM link prediction 412

HEBEEERMF linked importance sampling 537



ik 695

Lipschitz Lipschitz 82

Lipschitz B#{ Lipschitz constant 82

Lipschitz %4 Lipschitz continuous 82

FARARZSHL liquid state machine 345

BEREHEREZER ST local conditional probability distribution 480
BEBAZMESELE local constancy prior 136

BERXTEEEYVI—4E local contrast normalization 388, 389
BEBT M local descent 250

FBER# local kernel 137, 466

BEBHR A local maxima 127, 245

BEMRAK S local maximum 74, 75, 79, 80, 244, 549

BER#R/IME local minima 243-245, 249, 279, 453

BE#R/N A local minimum 74-76, 79, 80, 82, 213, 214, 237, 243, 244, 249, 255, 453
W RE logarithmic scale 368, 369

BEEEVT logistic regression 2, 3, 6, 123, 146, 153, 155, 177, 198, 206, 231, 310, 362, 367, 397,
530, 560, 600, 602

logistic sigmoid logistic sigmoid vi, 61, 62, 122, 157, 159, 168, 171

3L logit 63, 158

FTEELMHAREY log-linear model 486

K4FHIIEIZ long short-term memory ix, 16, 22, 260, 278, 349-353, 355, 356, 358, 362, 392
KHAKH long-term dependency 247, 341, 343-345, 347, 348, 351, 355

IR loop 492, 493

MRS ZMERE loopy belief propagation 498, 499

%k loss 91, 116, 132, 528, 576

TS loss function 74, 107, 134, 219, 236, 237, 245, 248, 249, 253, 278, 325-327, 355, 365,
396, 401, 422, 430, 431, 433, 435, 447, 585, 587, 602

#H88ZF>] machine learning 2-4, 7, 10, 12-18, 20, 24, 26, 72, 86-95, 97-100, 102, 104, 105, 108,
112, 113, 118, 119, 123, 126, 132, 134, 135, 138, 139, 141, 197, 204, 206-208, 220, 222,
232, 234-237, 240, 241, 251, 252, 260, 279, 319, 353, 359-364, 371, 372, 374, 377, 378,
380-382, 401, 407, 408, 410, 411, 429, 440, 443, 449, 453, 458, 473, 474, 476, 486, 490,
496, 498, 502, 506, 518, 519, 542, 551, 552, 557
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HEEF SJ#EE! machine learning model 452

#H25#F machine translation 362, 459

F3FFEEZ main diagonal 29

T manifold 139, 141, 142, 233, 426, 427, 438-446, 473, 474, 496, 511, 513, 597
FHARIZ manifold hypothesis 140

FMES] manifold learning 139, 434, 442-444, 597

NGMEFE ST marginal probability distribution 52

B/RAIK$E Markov Chain xv, 506-514, 518-524, 527, 534, 566, 569, 571, 573, 607-610

O/RAIK$ESFEFF Markov Chain Monte Carlo 415, 504, 506, 507, 509, 511, 513, 518-520,
524, 528, 534, 563, 569, 575, 606, 609-611

OIRAI KM% Markov network 482, 486, 496, 500
O/RATKKENIH Markov random field 482, 486

#H mask 222-225, 228, 229

%BFE matrix 28

4B6PET¥E matrix inversion 31, 32

4BEPEFEF] matrix product 29

=®KIEH max norm 35

i pool 291, 293, 294

B A4l max pooling 290-293, 301, 469, 602

RAME maxima 244, 245

M % maximization step 541, 542

B®AJ/GH Maximum A Posteriori v, 121, 122, 204, 392, 432, 542-544, 558, 582

BRAMH maximum likelihood 420, 424, 516, 545, 546

BAMAMIT maximum likelihood estimation 115-119, 121, 122, 134, 238, 393, 520, 525, 529,
543, 545

RAFHHZE maximum mean discrepancy 601

maxout maxout 213, 243, 259, 278, 292, 317, 362

maxout BEJT maxout unit 167, 168, 172, 317, 365

FEHLEITRZ mean absolute error 156

HEFMHFZE RBM mean and covariance RBM 580-583

F4 t HHPHEFI mean product of Student t-distribution 580-583
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¥ 7FiIRZE mean squared error 95, 96, 103, 104, 113, 116-118, 120, 129, 148, 154-156, 158, 194,
195, 345, 422, 430, 435, 437, 464, 465, 590, 595, 608

HE-thFZE RBM mean-covariance restricted Boltzmann machine 486
9%13% meanfield 21, 568-570, 572-574, 576, 577, 584, 592, 596, 605
¥{E3% mean-field 544-551, 554, 557, 558

M Ei measure theory 64

FME measure zero 64

IBIZM%4 memory network 356, 358, 412

EEfEH message passing 551

/MMt E minibatch viii, 132, 183, 189, 190, 221-223, 237-241, 248, 251-254, 256, 259, 261265,
270, 272, 320, 353, 354, 374, 380, 383, 429, 436, 453, 502, 509, 519, 521, 523, 541, 573, 577

/IMtEFEH minibatch stochastic 239
#R/ME minima 245, 249

/A minimum 250, 251, 553

BA Mixing 511-515, 521-524

iRARE Mixing Time 509, 510
RAZEMEL mixture density network 163
BAD % mixture distribution 59
EHKRBAM mixture of experts 383, 466
P

IE{E mode xiii, 511 515, 520, 522 524, 551
A model 452

modality 460

EEIEY) model averaging 220-222

B ESE model compression 381

BV YA model identifiability 243

EEFH4T model parallelism 380

%8 moment 600, 601, 611

48PCEE moment matching 600, 611

ZHE momentum 253-256, 261, 263, 264, 277, 362

F45FF Monte Carlo 227, 400, 502-504, 506, 515, 518, 524, 532, 557, 581, 589, 595

Moore-Penrose {4i# Moore-Penrose pseudoinverse xxv, 41, 99, 105
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B moralization 491, 492
E{EE moralized graph 491, 492

ZEBAHL multilayer perceptron 5, 20, 21, 145, 188, 189, 194, 275, 276, 298, 340, 341, 403,
440, 471, 560, 565, 566, 568, 569, 574, 575, 586

LI&E{E multimodal 533, 550, 611

LEAF ] multimodal learning 460

£MAX 47 multinomial distribution 56

Multinoulli 9% multinoulli distribution 56, 59, 60, 73, 159, 163
SR EH /R EH multi-prediction deep Boltzmann machine 575-577, 596, 607
ZEE 3] multitask learning 210, 211, 457, 458

LW IEAS T multivariate normal distribution 58, 418, 512

ERIET naive Bayes 2

Z=4¥F nats 66

BRIES 4 E Natural Language Processing 246, 363, 377, 392, 395, 396, 406, 407, 410, 455
JE4B nearest neighbor 137, 450, 466-468

gl

il

JE4BE nearest neighbor graph 443

bl

JE4BEJT nearest neighbor regression 101, 125
E

b=l

negative definite 38

=)

EBEEEL negative part function 63

148 negative phase 517520, 522 524, 526, 527, 557, 561, 571, 572

FHTE negative semidefinite 38

Nesterov ZE Nesterov momentum 256

M4 network 145

MWMZEMOAZEMITSE neural auto-regressive density estimator xiv, 602, 604-606
#MZBHEIAMEE neural auto-regressive network 603—-606

HZBEBS A Neural Language Model 394, 396, 397, 399, 401, 402, 406, 411
FZHZFFF Neural Machine Translation 395

HZML neural network 12-17, 19-23, 197-199, 205-207, 215, 218, 221, 222, 225, 229-232, 234,
235, 241-250, 257, 258, 261, 262, 266, 267, 269, 270, 273-275, 277-280, 319, 341, 349, 356,
358, 377-379, 384, 387, 390-392, 395, 396, 401, 402, 405, 406, 408, 411, 429, 444, 447,
452-455, 466, 470, 506, 556, 587
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HZMLE RHL neural Turing machine 356, 357

H1fi7% Newton’s method 81, 82, 85, 242, 243, 245, 250, 266268, 270, 274
n-gram n-gram 393, 394, 396, 397, 401-403, 467, 478

RERBZEFETEE no free lunch theorem 102, 105, 472

KR noise 101, 140, 239, 248, 253, 279, 362, 363, 453, 528-531

I2E 2% noise distribution 529-531

IR XTEEff it noise-contrastive estimation 529-531

3EM nonconvex 241, 243-246, 262, 266, 275, 279

JE4r 73X nondistributed 467-469

JE4%HNE R nondistributed representation 466-468

JELR M TEHEE nonlinear conjugate gradients 269, 270
JELRME ST 5 fh1T nonlinear independent components estimation 420, 421
JES# non-parametric 100, 394, 442-444

Se# norm 34

EAS# normal distribution 57, 58, 61, 504, 553

IEMATE normal equation 96, 98, 99, 133, 148

JA—{LE) normalized 51

PREMIARME normalized initialization 258

#{E numeric value 182

HEM numerical optimization 235, 242, 246

F&RINH] object recognition 246, 362, 364, 385, 389, 390, 423, 425, 459, 612
B#r objective 455

699

B#REH objective function 74, 77, 84, 197-202, 204, 205, 213, 214, 217, 221, 236-238, 241,
246-248, 250, 252, 253, 265-267, 269, 274, 278, 279, 353, 359, 368, 374, 450, 470, 525, 527,

564, 572
BE-EM#HIT] Occam’s razor 100

one-hot one-hot 125, 131, 161, 193, 394, 395, 454, 455, 459, 466, 468, 586, 603

—RZ3] one-shot learning 459
fE% online 238
&3] online learning 240
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$#1E operation 176

BERFE optimal capacity 101, 103, 114
JE& origin 33

IEX orthogonal 36

IE3Z%EFE orthogonal matrix 37
#RMEIEZ orthonormal 36, 39

i output 453

HHE output layer 145

52 overcomplete 431, 434, 582, 583
T1Eit overestimation 506

THLE overfitting 98, 99, 105, 114, 197, 198, 215, 237, 241, 252, 258, 359, 363, 365, 366, 372,
375, 381, 450, 454, 455, 478, 613
HHEWH overfitting regime 101

L

i overflow 72, 73, 535

HITHHNAIE Parallel Distributed Processing 194
H4TEIN parallel tempering 514, 524, 537

N

Z# parameter 94

N

RS EE parameter server 381

W

HHAZ parameter sharing 218, 225, 229, 285, 286, 288, 300, 313, 319, 320, 322, 323, 332, 333,
402, 601, 602, 604

ESIER parametric case 118
S EREMERIT parametric ReLU 167, 362
RS partial derivative 76, 77, 445, 551

B2 4> E# Partition Function 415, 484, 486, 502, 506, 515, 516, 518, 519, 524, 525, 527529,
531-537, 557, 559-561, 564, 565, 571, 578, 583, 584, 598

BEE S performance measures 87, 88, 91, 95, 361, 362

4REEE performance metrics 359, 360, 362, 370, 372, 374, 375

EMATME permutation invariant 296

FHEMXT L BUE persistent contrastive divergence 521, 523, 564, 572, 575, 581, 582
&3 phoneme 390-392, 457
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i&E phonetic 392

S EX piecewise 362

B &3t point estimator 108

%R HE& policy 409, 410

KEEHEE policy gradient 383

4t pooling 207, 229, 281, 287, 290-295, 299, 306, 309, 310, 312, 313, 386, 421
AL ER# pooling function 290

B poor conditioning 74, 81, 239, 242, 246, 248, 250, 253, 454
IERE positive definite 38

IFERER %Y positive part function 63

IE# positive phase 517-520, 523, 524, 557, 560, 571

HIFE positive semidefinite 38

JGIEHEZE posterior probability 60

B F % power method 248

PR #iZ PR curve 361

1&®E precision 57, 361, 373, 612

EE4EPE precision matrix 58

MR 5% predictive sparse decomposition 447

illg pretraining 275-278, 391, 425, 451-456, 498, 521, 527
MR EE primary visual cortex 311

EH 44 principal components analysis xi, 42-44, 128-130, 134, 210, 235, 302, 388, 418-420,
422, 424, 426, 427, 430, 441, 446, 448

SEREHEE prior probability 60

SEISHEZE Y% prior probability distribution 118, 295

#Z= PCA probabilistic PCA 418-420, 426, 538, 539

BERZEWE probability density function 51, 52, 57-59, 64, 503, 551-553, 598

& 5% probability distribution 47, 50-56, 58-61, 66, 67, 69, 70, 360, 472, 516, 529, 531
BEZRREWEL probability mass function 50, 51, 90, 560, 571

LEHRZ product of expert 486

Ski%iEM product rule 53
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A EE proportional 70
R4 proposal distribution 400, 532, 534-536
{AfEl#X pseudolikelihood 524-530, 571

KIRIT quadrature pair 316

EFNF quantum mechanics 48

REEEE radial basis function 124, 146, 170, 471

fEHIEZE random search 369-371

FE#LEEE random variable 49-56, 58-60, 64, 65, 67, 69, 70, 472, 525, 530, 534
{EiF range 33

FELZRIME ratio matching 527, 528, 564

BEIZE recall 361, 382, 612

$EZ18 receptive field 287, 295

BEIR recirculation 429

WERS recommender system 407-409

EHM reconstruction 429, 430, 436-439, 441, 442, 445-447, 608, 609

BHIIRE reconstruction error 419, 422, 426, 427, 431, 433, 437, 438, 440, 445, 446, 448, 454,
514, 608

ER&EM rectified linear 151, 167, 230, 243, 273, 290
BREMETH rectified linear transformation 152

ERLMEIT rectified linear unit 14, 15, 150, 151, 165-168, 170-172, 177, 195, 233, 278, 362,
375, 391, 433, 455

RN rectifier network 172, 173, 195
fBEN recurrence 450
TEIREFMELE recurrent convolutional network 307

fEIAMEE recurrent network 145, 246-248, 307, 319-324, 326, 330, 333, 338, 341, 343-347, 349,
350, 353, 354, 357, 412, 417, 440, 474, 550, 576, 577

TEIRREZ LG recurrent neural network ix, 21, 22, 144, 145, 208, 228, 247, 306, 318-325, 328,
330-341, 343-345, 348, 349, 352, 355, 358, 392, 403, 550, 585, 586, 596

ElJ3 regression 103

ENM4Y regularization 104, 105, 118, 122, 197-206, 208, 209, 212-220, 222, 227-236, 258, 355,
359, 362, 364-366, 387-389, 422, 431, 432, 434, 438, 440, 446, 453, 455, 472
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ENME regularize 239, 365, 421, 422, 455, 456, 514, 528, 575, 584, 588
EMMLIR regularizer 104, 122, 126, 134, 362, 452, 454, 455, 467

SB{L=3] reinforcement learning 23, 93, 232, 383, 409, 410, 458, 557, 588, 590
X & relation 410-412

KRBIHIEE relational database 411

ESHL reparametrization 575, 588

ESEUEIT reparametrization trick 588, 594, 610

R representation 2-7, 16, 210, 219, 220, 297, 357, 367, 394, 395, 403, 404, 411, 430, 431, 433,
440-442, 448

RIRFS] representation learning 4, 403, 417, 419, 448-450, 452, 457, 458, 461-463, 466, 472
474, 501, 514

RREE representational capacity 100, 104
EEHE reservoir computing 345

ZIRIE/RZEH Restricted Boltzmann Machine 228, 301, 391, 408, 437, 438, 448, 450, 472, 490,
499-501, 510, 514, 515, 517, 519-523, 533, 536-538, 561-568, 571, 572, 574, 575, 578, 579,
581, 583, 585, 586, 591, 600, 605, 609, 610

R IE+HE%X reverse correlation 314
RIE#ERX R reverse mode accumulation 191
UZEYT ridge regression 199

AYHEEE right eigenvector 37

AIFRMEE right singular vector 40

XUB& risk 236

1T row 28

M saccade 313

5 saddle point 75, 76, 79, 80, 82, 244-246, 248, 249, 266, 267
TE4WE saddle-free Newton method 245

t8[E same 297, 298

H#A&HE sample mean 110

¥EZARFTZE sample variance 110, 111

B0 saturate 61

tRE scalar 27
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B4 score 437-440, 526, 527

BAMIMA score matching 437, 438, 445, 526-530, 606
ZME# second derivative 77-80

ZMEHIiX second derivative test 80

%" second layer 145

ZM7Ai%E second-order method 245

BxTtbfhit self-contrastive estimation 531

B{EE self-information 66

BN IGF semantic hashing 448

FZRII/RIE SN semi-restricted Boltzmann Machine 539
F B semi-supervised 363, 415

FUEZS] semi-supervised learning 209, 210, 231, 450, 452, 454, 462, 463, 473
A9 BB separable 309, 449, 453

B H) separate 473

4B separation 487, 488, 495

55 setting 458, 459, 469, 471

EREEEE shadow circuit 472

FRIE Shannon entropy xxvi, 66, 67

FEIX shannons 66

¥81& shaping 279, 560, 611

48%I3R shortlist 396, 397

sigmoid sigmoid 157-162, 168, 169, 195, 278, 362, 425, 511
sigmoid E&M% sigmoid Belief Network 591, 592
BIEYHAE simple cell 311

FRH singular 34

FRME singular value 39, 40

FRESME singular value decomposition 39-41, 130, 408
FRIE= singular vector 39

BEERiZEE skip connection 340, 341, 347, 348

B4FMES T slow feature analysis 421-423, 474
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TEMEEN slowness principle 421-423

FEiF smoothing 394

“Ei85E88 smoothness prior 136

softmax softmax 449

softmax % softmax function 72, 73, 209, 226, 227, 325, 328, 372, 375, 383
softmax BJT softmax unit 375

softplus softplus 170

softplus H# softplus function 61-63, 158, 170
4R FZE span 33

BB sparse 203, 204, 218-220, 227, 431-434, 440
BBLMIE sparse activation 195

WER4RED sparse coding 274, 423-426, 432, 440, 447, 451, 490, 492, 496, 501, 527, 538, 543, 544,
551, 558, 582, 583, 591

HIRZEE sparse connectivity 285-287

MIRAIERIL sparse initialization 259

M Z B sparse interactions 285

BIRME sparse weights 285

& 1E spectral radius 345-347

EHIRS Speech Recognition 362, 377, 381, 390-392, 457
sphering sphering 388

LUEFNEHR spike and slab 317, 425, 426

RIEFFEH RBM spike and slab RBM 580-583
FEBIEZA spurious modes 520, 522

FFE square 34

trfEZE standard deviation 54, 112, 238, 272, 273, 386-389
trfEZE standard error 57, 111, 112, 238

tREESST standard normal distribution 57

=B statement 47, 48

FEFR stationary 333

F#24% Stationary Distribution 508-510, 512
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&= stationary point 74, 84

ZITE statistic efficiency 118

%1t 31388 statistical learning theory 97
ZitE statistics 108

B&=BETFE steepest descent 247

BEHL stochastic 238, 239

FEHLIRFE stochastic curriculum 280
FE#LEEE EF Stochastic Gradient Ascent 541

BEHLEEE TF% stochastic gradient descent 14, 87, 132, 133, 205, 206, 216, 222, 228, 238-242,
246, 251-254, 256, 258, 270, 277, 344, 353, 354, 356, 362, 380, 437, 506, 518, 574, 575,
589, 606

BEML4EFE Stochastic Matrix 508

FEHLERKIASR stochastic maximum likelihood 521-524, 526, 528, 529, 564, 565, 568, 571574,
576

& stream 240

18 stride 287, 201, 293, 294, 297, 298, 301, 302, 306

ZEFIEF 3] structure learning 496, 498

ZEHUARZAZE] structured probabilistic model 47, 69, 70, 472, 475, 477, 479-482, 495, 498, 559
LT HHERT structured variational inference 544

IJ&F subatomic 48

FXE# subsample 502

KFAEM sum rule 52

F-FAM 2 sum-product network 472

WEE supervised 92, 210, 211, 218, 231, 236, 310, 311, 317, 379, 425, 440, 449453, 455, 557, 534

WAEES] supervised learning xxvii, 87, 92-94, 101, 107, 116, 122, 123, 125, 126, 134, 140, 144,
210, 232, 236, 342, 362, 397, 407, 409, 410, 415, 432, 449, 450, 452, 453, 455-458, 462,
463, 472, 529, 594

W% S8 % supervised learning algorithm 92
W& R supervised model 453
WEIIZE supervised pretraining 456

F#EE support vector 124, 466
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RIBIRKEEL surrogate loss function 237, 248
%S symbol 182
SR symbolic representation 182, 466, 468

XFFR symmetric 36

VIHEEEE tangent distance 232

YIFHE tangent plane 440, 443, 446

EVIE#E tangent prop 232-234

HiR target 92-95, 101, 102, 105, 108, 116, 122, 128, 134, 135, 137, 138, 141

=% taylor 79, 81, 203, 215, 242

EIfIREI 32 teacher forcing 327, 328

iBE temperature 514

[\ :NFEFE tempered transition 514

BN tempering 514

5K= tensor 28

MHKIRZE test error 97, 98, 101, 103, 241, 363, 365, 366, 371, 372, 375, 452, 454, 455
MIRE test set 91, 95, 97, 98, 106, 107, 112, 235, 237, 252, 277, 363, 364, 366, 372, 375, 454
fili#E1FR the collider case 489

HERIWE tied weights 285

Tikhonov IEM Tikhonov regularization 199

EHETR tiled convolution 300, 301, 303, 305

AHEMZMZ time delay neural network 314, 319, 391

BFE4 time step 168, 247, 248, 265, 319-335, 339-341, 343, 346, 348-350, 352-354, 357, 392,
404, 405, 423, 577, 585, 605, 609, 610

Toeplitz 6% Toeplitz matrix 284

#Ri2 token 392, 393, 411

BRZE tolerance 85, 549

HBT ICA topographic ICA 421

YIZRIRZE training error 97, 98, 100-103, 236, 241, 364-366, 372, 375, 454

ZEEE training set 97, 98, 235-241, 243, 249, 251, 252, 254, 256, 260, 262-265, 267, 269, 274,
277, 280, 360, 362-364, 366, 367, 372, 373, 375, 462, 464, 468
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5% transcribe 89, 91, 94

¥RESE transcription system 359, 361, 372, 374, 375
EF2 3] transfer learning 454, 456-461, 604

¥F2 transition 322

#8 transpose 29

=AAFRER triangle inequality 34

=4 triangulate 493

=f/TALE triangulated graph 493

=JCi&ik trigram 393

F4® unbiased 109, 240, 241, 251, 503-505, 528
TiRHEARTTE unbiased sample variance 111

X 5E% undercomplete 430, 431

K FTEM underdetermined 552

KAt underestimation 506

KA underfitting 98, 99, 105, 114, 197-199, 241, 295, 359, 365, 366, 372, 373, 375, 598, 613
REWH underfitting regime 101

Ti# underflow 72, 73

&7 underlying 236, 237, 462-466, 470-474
BIERE underlying cause 461, 463, 473

JCE undirected 69

T EEE undirected Model 482-488, 490-493, 495, 500, 502, 510, 515-518, 538, 557, 564, 565,
591

BEFE unfolded graph 322, 323, 326, 392

BF unfolding 320-322, 340, 392

19%5]143# uniform distribution 51, 52, 55, 67, 165, 456
—JCiEi% unigram 393, 400

Hi&{H unimodal 514, 556

BT unit 146

B(ISEE unit norm 36, 43

B{I[EE unit vector 36
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T EEIEAETE universal approximation theorem 171, 172, 434
FI8EIL{LlEF universal approximator 60, 471, 472, 560

FEEREHEMIZE universal function approximator 151

AARE unlabeled 450, 454, 455, 459, 461, 463, 472

FIF—HBEZRTmEL unnormalized probability function 483, 484, 486, 493
JEHZ%F unshared convolution 299

FWE unsupervised 20, 21, 92, 210, 218, 228, 363, 391, 415, 423, 425, 440, 447, 449-453, 455,
458, 459, 462, 463

FMEZ 3] unsupervised learning 87, 92-94, 107, 128, 134, 207, 210, 211, 234, 236, 363, 391,
415, 432, 443, 450-455, 457, 458, 462-464, 529, 610

T EZSE % unsupervised learning algorithm 92

T BEFIIZ unsupervised pretraining 450, 452-457

B valid 284, 297, 298

IGIEE validation set 106, 237, 242, 259, 368-370, 455

HEHKSBEERB vanishing and exploding gradient problem 247, 248, 259
HHEH vanishing gradient 248

Vapnik-Chervonenkis 4& Vapnik-Chervonenkis dimension 100, 467, 470
T EiHEK variable elimination 547

FZE variance 54, 56, 57, 111, 197-199, 202, 206, 220

FHZER /N variance reduction 589, 590

THBEILEE variational auto-encoder 195, 431, 506, 558, 592, 594-597, 600, 606
L5 EE variational derivative 551

4B HAEE variational free energy 539

LR variational inference 497, 499, 526

%M denoise 128, 386

[(E vector 27

BEIITEEZR virtual adversarial example 231

ERIFHIIZ virtual adversarial training 452

AJIE visible layer 5

V-454 V-structure 489, 539
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E2AR wake sleep 557, 565, 592

warp warp 380, 383

FZ#ErmEEH support vector machine 123-125, 153, 310, 367, 522
T E#EE! undirected graphical model 516, 531

E weight 94

WNEFRE weight decay 104-106, 199-202, 205, 206, 209, 213, 215, 217, 218, 227, 228, 243, 258,
274, 364-367, 432, 454, 524, 544

IE L BIHERT AN weight scaling inference rule 226-229
WEZEXFRME weight space symmetry 243

Z1EBEER ST conditional probability distribution 534
B4 whitening 388

FE width 146

ma1BRz winner-take-all 161

EVIE#E tangent propagation 474

FMIEYI4r 288 manifold tangent classifier 474

N word embedding 363, 395, 404, 406, 408, 454, 459

AN iE word-sense disambiguation 412

FEHHEES zero-data learning 459, 461

FRZEZ] zero-shot learning 459-461



