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KOrHUTUBHbIE BbIYNCAEHWNA: TEKYLLASA
CUTYaLMUS

* [NaBHbIN CEroAHALHUNA UHCTPYMEHT AnA
KOFHUTUBHbIX TEXHO/IOTUM

* [nybokue HelipoHHble ceTh (Deep Neural Nets, DNN)

* “InyboKue”

* MHOXecCTBO Noc/ie,0BaTe/IbHbIX BbIMUCAUTENbHbIX
CNnoes. (4ecATKM NN COTHM)

X
4

)
o
QX
)
(OO

tput layer

° o" - ”n
HeupOHHbIe cemu input layer

* BbluucantenbHaaegmHunua NN: BXO — BbIXO/, hidden layer 1 hidden layer 2
OT4,a/IEHHO HAaNMOMMHAET CTPYKTYPY HEMPOHA :
Activation
HENOBEHECKOro Mo3ra ®\ Fundamental unit of a Neural Network / function

[ \—/ { 1if t’w,.\} >0
. output = i=0

n -1 otherwise
2 W, X;
~ weights =0

Inputs




2 TNaBHbIX TUMa HEMpPOCeTEN

* Hanbonee BaKHbie TUNbl MyboKkmnx NN
Ha AaHHbIA MOMEHT

* CBEpTOYHAA HEMpPOCETb NPAMOro
pacnpoctpaHeHus (Convolutional NN,
CNN)

feature extraction classification

* PekyppeHTHaa NN (Recurrent NN, RNN)

w /_\ w
rec rec
W Go—=(5,




IBOIOLMA TNYDOKUX aPXUTEKTYP

28.2 Revolution of Depth
25.8
152 Iayers\

1.7 ‘

19 Iayers ] 22 IayersJ
6.7 s

shallow 6 layers | |8 Iayers | I ' 3.57
ILSVRC'10 ILSVRC11 ILSVRC"12 ILSVRC™3 ILSVRC™14 ILSVRC"14 ILSVRC"15
AlexNet VGG GoogleNet ResNet

ImageNet Classification top-5 error (%)

*ILSVRC=ImageNet! Large Scale Visual Recognition Competition:
* 50.000 n3obpaxeHnn ana saangaumm
* 1.200.000 n3obpakeHuit ansa obydeHus

[1] http://www.image-net.org/



33aBUCUMOCTb TOYHOCTU OT CNOMKHOCTU MOAENN
NN

80 -

OnNTUMa/bHbIM =4

Boibop

N
o

Top-1 accuracy [%]

) 5 10 15 20 25 30 35 a0
Operations [G-Ops]

[1] https://culurciello. github. io/tech/2016/06/04/nets. html



[Tpmep cBePTOYHOM HENMPOCETH

* OaHa n3 Hanbonee npakTM4HbIX CNN ana KnaccndpumKkaumm
nsobpaxkeHu - ato Inception V1 (Tak¥Ke n3BectHa Kak GoogleNet?):
Heboblas (aecAaTkM merabamT), HO OYEeHb TOYHaA

o @
-y e b |
g @ a0 Egﬂmgﬁagﬂggﬂﬁggﬂggﬂﬂﬂ’”
; ggifgBig 0 R Tl B
iy glggllggli8 gy wa T8 |
08 B8 B8 gooon.

Convolution
Pooling

Other

[1] C. Szegedy et al. “Going Deeper with Convolutions.” 2014, https://arxiv.org/abs/1409.4842



[TpyMmep pPeEKYPPEHTHOW HENPOCETU

@

* Hanbonee nonesHble

® &
T

RNN gna o6paboTku

x D >
Enh>
TeKcTa/peun A ‘ % i A
° ,ﬂ,Oﬂl'aﬂ KPaTKOCPO4HaA [o ] [o ]

namsaTb (Long short-term |

memory, LSTM?) & )

* N ee ynyyweHHaa
BepcuA — 3annpaemas

PeKyppeHTHan A4einKa mT
(Gated recurrent unit, T a1
GRU?) £ on >
(o] [E@nh]
o |

[1] S. Hochreiter, J. Schmidhuber. "Long short-term memory." Neural computation 9.8 (1997): 1735-1780
[2] J. Chung et al. "Empirical evaluation of gated recurrent neural networks on sequence modeling." 2014, https://arxiv.org/abs/1412.3555

|
@

ze = 0 (We - [he—1, x¢])
re = o (Wy - [he—1, x4])
hy = tanh (W - [ry * he_1, x¢])
hy = (1 — 2z¢) * hy1 + 2z¢ * hy



PeanbHble NpOAyKTbl, MCNOAb3VYIOLWME
rnyboKne HempoceTu

* |IBM Watson?

* Bbirpan yemnmoHos Jeopardy B
deBpane 2011 .

* Speech 2 Text ey —
N $300,000 B

* Text 2 Speech |

* RNN + CNN

LKEMN)

!

[1] https://developer.ibm.com/watson/blog/2016/04/28/recen t-advances-in-conve rsational-speech-recognition-2/



PeanbHble NpOAyKTbl, MCNOAb3VYIOLWME
rnyboKne HempoceTu

* DeepFacel

e Pa3spaboTtaH rpynnomn AHa JlekyHa (Yann
LeCun) B Facebook Al lab

* AH JleKyH — oTeL-OCHOBaTe/Ib COBPEMEHHbIX

CNN
e ABTOMaTM4YECKM Pacno3HAET /II0AEN NO UX As
nnuam Ha doTtorpadpumax ——

Want to tag yourself?
3 Yes - No

[1] Y. Taigman et al. "Deepface: Closing the gap to human-level performance in face verification." 2014, IEEE CVPR, pp. 1701-1708



PeanbHble NpOAyKTbl, MCNOAb3VYIOLWME
rnyboKne HempoceTu

>hotos... ...into artworks!

e Ctunmnsauuma “Mpmsma”l
e TexHoNOrMA pa3paboTaHa bbIBLIKMM
coTpygHukom Mail.ru Group
* Peanusauma ctatbn 2015 r.2

* Ucnonbsyetca CNN co

cneymanbHou PyHKUMEN NOTEPb
(maTpuuya Npamma)

[1] http://prisma-ai.com/
[2] L. Gatys etal. "A Neural Algorithm of Artistic Style." 2015, https://arxiv.org/abs/1508.06576



PeanbHble NpOAyKTbl, MCNOAb3VYIOLWME
rnyboKne HempoceTu

* [NyboKasa moaenb CTPYKTYPHOM ceMaHTUKKu?!
* Mcnonb3yeTcAa Kak B Microsoft, Tak n B Yandex
* Beb6-nounck
* Knaccnyeckaa NN

Posterior probability , : .
- 0,0 NDSO NND,|O
computed by softmax ADID) DA 4 ”,.;[L )
Relevance measured
by cosine similarity

Semantic feature

v
I;

Multi-layer non-

linear projection I

Word Hashing !;

Term Vector x [ SOUK | | SUUK | | SUDK |

[1] P. S. Huang et al. "Learning deep structured semantic models for web search using clickthrough data." 2013, ACM CIKM, pp. 2333-2338.



PeanbHble NpOAyKTbl, MCNOAb3VYIOLWME
rnyboKne HempoceTu

- + -

* Cuctema LACE gns ; G
aBTOMaTU4eCKOro pacno3HaBaHus prrr o] B R R e
peunl e i -

* CaenaHa B Microsoft Research ' t ??
* HepoceTb C BpeMeHHOM 3a1epP Ko Py / o S
(Time delay neural network, TDNN) — sompnies f'.\ R
* Horga cnpaBnseTca ny4lle YyenoBeKa t —t . —t =
Mol e | o o et | —
Povey etal. [54] LSTM | 153 | 85 | - - (2) (5) c)

Saon et al. [51] LSTM 15.1 | 9.0 -
Saon et al. [51] system 13.7 | 7.6 12.2 | 6.6
2016 Microsoft system | 13.3 | 7.4 11.0 []5.8)

‘ Human transcription ‘ ‘ ‘ 11.3 ‘ 5. ‘

[1] W. Xiong et al. "Achieving Human Parity in Conversational Speech Recognition." 2016, https://arxiv.org/abs/1610.05256



PeanbHble NpOAyKTbl, MCNOAb3VYIOLWME
rnyboKne HempoceTu

* ApxuteKktypa ResNet!
* CaenaHa B Microsoft Research

* Nobeautenb B 2015 r. KOHKypCa
KnaccmMpuKkaumm KapTUHOK

* CNN c HeOHbIYHOW CTPYKTYpPOM
* Nobuna CNN ot Google ©

v
= “extra”
o 55 layers
x 3x3 canv, 256
v
weight layer
F(x) d relu identity
weight layer X

H(x) = F(x) +x

Yyum F(x) BmecTto H(x)

[1] K. He et al. "Deep Residual Learning for Image Recognition." 2015, https://arxiv.org/abs/1512.03385



PeanbHble NpOAyKTbl, MCNOAb3VYIOLWME
rnyboKne HempoceTu

e Cuctema aBToMaTnyeckoro nepesoga GNMT?
* Google’s Neural Machine Translation
* 8 gByHanpaBaeHHbIX LSTM

» 1nA HeKoTopbIX Nap A3blKoB (Hanpumep, english/spanish) paboTaeT Ha
ypoBHe nepesoaunkos ©

PBMT GNMT Human ' [ : - gl

Fnglish — Spanish  4.8%5 5428 5.504 A :

English — French 4.932 5.295 5.496 o s i
English — Chinese  4.035  4.594  4.987 ‘
Spanish — English ~ 4.872  5.187  5.372 ; i
French — English 5.046 5.343 5.404 it i i

i i 3.694 4263  4.636 s . il

Chinese — English

[1] Y. Wu et al. "Google's Neural Machine Translation System: Bridging the Gap between Human and Machine Translation." 2016, https://arxiv.org/abs/1609.08144



PeanbHble NpOAyKTbl, MCNOAb3VYIOLWME
rnyboKne HempoceTu

e DeepDream?

* Pa3paboTka Google no
CTaTbe U3 YYEeHbIX U3
Okcdopaa?

* Haxoaut n ycunmnsaer
lWabnoHbl B N306paKeHUsx
Ha OCHOBE CUJIbHbIX
aKTMBaLUUMN
NPOMEXKYTOYHbIX HEMPOHOB
CNN

[1] https://qithub.com/google/deepdream
[2] K. Simonyan et al. "Deep Inside Convolutional Networks: Visualising Image Classification Models and Saliency Maps." 2014, https://arxiv.org/abs/1312.6034




PeanbHble NpOAyKTbl, MCNOAb3VYIOLWME
rnyboKne HempoceTH

* DeepMind

e CrapTtan, KynneHHbin Google B
2014

¢ 2013: Q-06y4yeHune gna Ataril?2

* Pa3HOBMAHOCTb 0by4YeHUn ¢
noaKpenieHnem

[1] V. Mnih et al. "Playing Atari with Deep Reinforcement Learning." 2013, https://arxiv.org/abs/1312.5602
[2] http://www. nature.com/nature/journal/v5 18/n7540/full/ nature1423 6. htm|




PeanbHble NpOAyKTbl, MCNOAb3VYIOLWME
rnyboKne HempoceTu

* DeepMind ST (s
@ ° o

PR B

* 2015: AlphaGo DX 'f‘?;_"’ -.:.;Egn,-,‘_’ff; e
* MocneaHAa vUrpa ¢ NOHOM . Seewe S —— S———
MHPopMaLmnen, B KOTOPOWU S SEaSh e i HetrHor ot Hegtiiesoteeige]
4esioBek bbin nobexkaeH BESSSSERSSSSsE EEEEEE R s e
KOMMBIOTEPOM HEEEEEEERSH e eeH B S
...... SSsssssteslisesssssssssssssenlSsssisssssassesid

%% ge s Setigw g0 el Rl g0

Gt AlphaGo

[1] http://www.nature.com/nature/journal/v529/n758 7/full/ nature1696 1. html




PeanbHble NpOAyKTbl, MCNOAb3VYIOLWME
rnyboKne HempoceTu

* DeepMind |

Subjective 5-scale MOS in naturalness

Speech samples \ North American English Mandarin Chinese
LSTM-RNN parametric 3.67 £0.098 3.79 £ 0.084
HMM-driven concatenative 3.86 £ 0.137 3.47 £0.108
° 20 1 6 . Wave N et 1 WaveNet (L+F) 4.21 £ 0.081 4.08 £ 0.085
* Natural (8-bit u-law) 4.46 £ 0.067 425 £ 0.082
Natural (16-bit linear PCM) 4.55 +0.075 421 +0.071

* Cncrema peyeBoro CMHTe3a
° I'Iquuaﬂ CUCTtema Ha |£I,aHHbIl‘/JI MOMEHT

‘_,' (= _7: |7_ 1) ) @ ) ) 'D C‘ :_) ] O C_:; O

e
/I

Dilation =8
O \ D @ \ )

L =
AAAAAAA/m

[1] A. van den Oord. "WaveNet: A Generative Model for Raw Audio." 2016, https://arxiv.org/abs/1609.03499

Hidden Layer
Dilation = 4

(\_/
\
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PeanbHble NpOAyKTbl, MCNOAb3VYIOLWME
rnyboKne HempoceTu

* DeepMind!+ Okcdopa?

* 2016: WLAS (Watch, Listen, Attend and Spell)

* Cucrtema yteHma no rybam
* Jlyywe yenoseka ©

| Method | SNR | CER | WER | BLEU' |
Lips only
Professional® - | 58.7% | 73.8% 23.8
WAS 59.9% | 76.5% 35.6
WAS+CL 47.1% | 61.1% 46.9
WAS+CL+SS 42.4% | 58.1% 50.0
WAS+CL+SS+BS 39.5% | 50.2% 54.9

[ meces

[[mtcer

[

I

LSTM

LS"

™™

LSTM

LSTM

LSTM

LSTN

[

I

.].

fcb fcb fcb fcb fcb fcb
convl conv 1 conv 1 conwvl convl convl

[1] J. S. Chung etal. "Lip Reading Sentences in the Wild." 2016, https://arxiv.org/abs/1611.05358
[2] Y. M. Assael et al. "LipNet: Sentence-level Lipreading.” 2016, https://arxiv.org/abs/1611.01599




PeanbHble NpOAyKTbl, MCNOAb3VYIOLWME
rnyboKne HempoceTu

* DeepMind

 2016: Differential neural computer, DNC*
* O6beanHeHne HEMPOCETUN C MALLMHOM TbIOPUHTa U MEXAHU3MOM «3a0bIBaHMA»

Illustration of the DNC architecture

Controller Heads Memory Links
Output

. Y
)

' Read
' Read

*

Input

[1] http://www. nature.com/nature/journal/v538/n762 6/full/ nature2010 1. htm|

Usage



MccnenoBaHma B 061acTu rnyboKmx
HENPOCETEN

* OAWH U3 TNaBHbIX LEHTPOB U3y4yeHna Henpocetn — CTaHPopaACKni
YHusepcutet?
* OHNaWH-KypCbl
e CS221 — NCKyCCTBEHHbIN UHTENNIEKT
e CS229 — MawunHHOe obyyeHune

e CS224d — Thybokoe obyyeHnsa ana obpaboTKM ecTecTBEHHbIX A3bIKOB
* CS231n — CBepTOYHbIE HEMPOCETMN ANA BU3YANIbHOIO Pacno3HaBaHUA

* 3BecTHble yyeHble n3 CtaHdopaa B ob61actn myboKoro obyvyeHus
 Andrew NG, Andrej Karpathy, Song Han

[1] http://www.stanford.edu/



MccnenoBaHma B 061acTu rnyboKmx
HenpoceTeun

* CTaHpopACKnM YHUBEpPCUTET
* CtaTba Song Han o «rnyboKom cxkaTum»t
* Cxkatne CNN ¢ nomoubio KBaHTOBAaHMA N NPOPEXUBAHUA

e Cxatume B 40 pa3 6e3 notepu KavectBa Ha Knaccmdeckon CNN tuna AlexNet
(Ha TONOBbIX CErOAHALHUX CETAX CHKATUE MOXYIKE)

Quantization: less bits per weight

Pruning: less number of weights o mmmm e —— ~. Huffman Encoding
————————————— 4 i
g ~\ | [cmtsr the Weights ] ' g \
rr ] H : : 1 '
' | Traln Connectivity ! ' <> ' 1 '
onginal ; | same ' ' same ! Encode Welghts ' same
network | <> | accuracy Genserate Code Book , accuracy , yaccuracy
' N ' ' '
' Prune Connections . ' 5 ' '
= SR b a | 22
]
size | > :reducbon: with Code Boos ' reduction ! ireduction
H Traln Weights | . > : - e
' [ P B |
“ y - [ Refrain Code Book -
___________ - . ,

[1] S. Han et al. "Deep Compression: Compressing Deep Neural Networks with Pruning, Trained Quantization and Huffman Coding." 2016, https://arxiv.org/abs/1510.00149



MccnenoBaHma B 061acTu rnyboKmx

HenpoceTeun

* CTaHpopACKnM YHUBEpPCUTET

* [eHepauma nognucen K ndobpaxenmnam by Andrej Karpathy

Vision

o

—

Language

Deep CNN Generating

RNN

=i

A group of people
shopping at an
outdoor market.

There are many
vegetables at the
fruit stand.

[1] A. Karpathy, Li Fei-Fei. "Deep Visual-Semantic Alignments for Generating Image Descriptions." 2015, https://arxiv.org/abs/1412.2306




MccnenoBaHma B 061acTh rnyboKmx
HenpoceTeun

* YHuBepcuteT bepkant
* PackpalumsaHue YepHo-b6enbix n3obpakeHnn?
* CNN

[1] http://www. berkeley.edu/
[2] R. Zhang et al. "Colorful Image Colorization." 2016, https://arxiv.org/abs/1603.08511




MccnenoBaHma B 061acTu rnyboKmx
HenpoceTeun

* YHuBepcutet bepknu
e Knaccuyecknit noaxon ana aetekummn obbektos R-CNN12
* Pa3paboTaH by Ross Girshick (nepewen B Facebook Al Research)

* B MmomeHT n306peteHuna sbinrpan sce HE-HempoceTeBble Noaxoabl B
copeBHOoBaHMM no aetekumm VOC (M Ha AaHHbIA MOMEHT ero naeu
MCNONb3YIOTCA BO BCEX CUCTEMAX AEeTeKUumn)

R-CNN: Regions with CNN features

] warped region aeroplane? no. |
= 7
‘ =+ >{person? yes|
Pt L CNNN, :
1. Input 2. Extract region 3. Compute 4_Classify
image proposals (~2k) CNN features regions

[1] R. Girshick. "Fast R-CNN." 2015, https://arxiv.org/abs/1504.08083
[2] https://github.com/rbgirshick/py-faster-rcnn



MccnenoBaHma B 061acTh rnyboKmx
HenpoceTeun

Euclidean error x 10 |

* CMHTE3 M30b6paxKeHnI ‘ H I~y
* CuHTe3 3D-06bekToB! - o N R
dpanbyprckana rpynna d} 8 ;
* CuHTes Tekctyp? — T2 ad |

TtobmHreHcKas rpynna

e “ObpaTHbIN” NOTOK AAHHbIX B
CNN

[1] A. Dosovitskiy et al. "Learning to generate chairs with convolutional neural networks." 2015, CVPR: pp. 1538-1546
[2] L. Gatys etal. "Texture Synthesis Using Convolutional Neural Networks." 2015, https://arxiv.org/abs/1505.07376



OpenmBOPKM ANa rNyboKO 0byyeH s

Caffe - http://caffe.berkeleyvision.org/

* Hawnbonee npennoyTuUTeNieH B akagemmMyeckom cpeae

* PaspabartbiBaeTca B YHuBepcuteTe bepknun: UC Berkeley Vision and Learning Center

TensorFlow - https://www.tensorflow.org/
* Camblili bbicTpopa3sBmBatoLWwmiica GpermBopK A4 rnyboKkoro obydeHus

* PaspabartbiBaeTcaA B Google Brain

CNTK — https://www.microsoft.com/en-us/research/product/cognitive-toolkit/
* Cognitive Toolkit

* PaspabartbiBaeTca B Microsoft

Torch- http://torch.ch/
e (OcCHOBaH Ha 3K30TUYECKOM A3blKe nporpammmnpoBaHuA Lua

* Wcnonb3yetca B Facebook, IBM un Yandex

OpenAl n obyyeHune c nogkpenneHnem
* https://universe.openai.com - UHTEPAKTMBHAA NAaTPOPMa-NecoyHULA AN 0bydeHUs C NoAKpenieHnem

* https://gym.openai.com - HA6OP roTOBbIX OKPY}KEHUIN AN OBy4eHMs areHToB




Texkyuwmne TpeHabl

* [eHepaTuBHble cocTs3aTenbHble ceTh (Generative Adversarial Networks, GAN)
e (ObyyeHune Generator u Discriminator coBmecTHO, utepauua 3a utepaumen

PeanbHble nnu
CUHTE3UPOBAHHbIE Y
JaHHble?

Discriminator

CuHTE3npOBaHHble -
JaHHble
X
Generator
Cny4amHbIN Wym z

[1] I. Goodfellow et al. "Generative Adversarial Networks". 2014, https://arxiv.org/abs/1406.2661

PeasibHble gaHHble
(obyuatowtan bA1)



Texkyuwmne TpeHabl

* PPGN — reHepaTtnBHaa moaenb C MaKCMMaANbHbIM HA AaHHbIM MOMEHT
PA3MePOM KapTUHKK (227x227)

volcano

[1] A. Nguyen et al. "Plug & Play Generative Networks: Conditional Iterative Generation of Images in Latent Space". 2016, https://arxiv.org/abs/1612.00005



Texkyuwmne TpeHabl

* CBepx-pa3peweHune c nomouwbro GAN

original bicubic SRResNet SRGAN
(21.59dB/0.6423)

[1] C. Ledig et al. "Photo-Realistic Single Image Super-Resolution Using a Generative Adversarial Network". 2016, https://arxiv.org/abs/1609.04802



