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CoBpeMeHHble BUAbl HEUPOCETEN



HenpoceTeBble BblYNCIEHWA

* [NaBHbIN CEroAHALWHNN MHCTPYMEHT AN
KOrHUTUBHbIX TEXHONOTNI

* [nybokune HenpoHHble ceTn (Deep Neural Nets, DNN)

* “Inybokue”

* MHOXecTBO NocneaoBaTe /IbHbIX BbIYMCANTENbHBIX
cnoes (AecATKN NN COTHW)
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2 TNAaBHbIX TUMNA HENPOCETEN

* Hanbonee BarkHble TUNbI MyH60oKMx NN
Ha AQHHbIN MOMEHT

* CBepTOYHAAHENPOCETb NPAMOTO
pacnpocTtpaHeHua (Convolutional NN,
CNN)

N

* PekyppeHTHas NN (Recurrent NN, RNN)
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IBONOUMA TTYDOKUX aPXUTEKTYP
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*ILSVRC = ImageNet! Large Scale Visual Recognition Competition:
* 50.000 n3obparkeHnin ans sanmaaumm
* 1.200.000 n3obpaxkeHnnn gna obyyeHuna

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



3aBMUCUMOCTb TOYHOCTM OT C/IOKHOCTU MOAENN
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[1] https://culurciello.github.io/tech/2016/06/04/nets.html



[Tomep CBEPTOYHOM HEMPOCETH

* OpHa n3 Hanbonee npakTniHbIX CNN ana Knaccmdukaumm
nsobpaxeHui - ato Inception V1 (Tak»ke nssectHa Kak GoogleNet?!):
Hebonblana (oecATKM merabamnT), HO 0O4eHb TOYHaA
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[1] C. Szegedy et al. “Going Deeper with Convolutions.” 2014, https.//arxiv.org/abs/1409.4842
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Elle oanH npumep CBEPTOYHOM HEMPOCETU

* ApxutekTtypa ResNet?
* CoenaHaB Microsoft Research

* Mobeantenbs 2015 r. KOHKypcCa
KNnaccmdumKaumum KapTUHOK

* CNN c HeobbIYHOW CTPYKTYPOM
* MNMobuna CNN o1 Google ©
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[1] K. He et al. "Deep Residual Learning for Image Recognition." 2015, https://arxiv.org/abs/1512.03385



[Tomep pekyppeHTHOW HEMPOCETH

 Hanbonee nonesHole
RNN ans o06bpaboTtkum
TeKcTa/peun

* Jlonraa KpaTKOCpPO4YHaA
namaTtb (Long short-term
memory, LSTM?)

* U ee ynydweHHasn
BepcuAa — 3annupaemas
PEeKyppeHTHas A4YenKa
(Gated recurrent unit,
GRU?)

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



[ToMMmepbl MCNOIb30BAHNA HENPOCETEN



PeanbHble NPOAYKTbI, UCMNOAb3YIOLLME
rnybokne HempoceTH

* DeepFace!
e PaspaboTtaH rpynnon AHa JlekyHa (Yann

LeCun) B Facebook Al lab

* AH JleKyH — OoTeu-OCHOBaTe/Ib COBPEMEHHbIX
CNN

* ABTOMaTUYECKM pacno3HaeT Atoaen no nx
nuuam Ha potorpadpumax

Want to tag yourself?
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 NPOAYKTbI, UCMNOAb3YIOLLME
rnybokne HempoceTH

e Ctunmsauuma “NMpusma”?!
e TexHonorna paspaboTtaHa 6biBLLINM
coTpyaHmnkom Mail.ru Group
e Peannsauusa ctatbm 2015 r.2

* Ucnonb3yetca CNN co

crneunanbHOM PyHKLMEN NOTEPDL
(MaTpuua Npamma)

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



PeanbHble MPOAYKTbl, MCNONb3YHOLLNE

rnybokne HempoceTH

* Cuctema LACE ans
dBTOMATUYHECKOTO PACNMO3HaBaHUA
peunl

 CnenaHa B Microsoft Research

* HenpoceTb C BpeMeHHOM 334ePHKKON
(Time delay neural network, TDNN)

* lHoraa CnpaBAAeTCAa nydwe 4yesaoBeKa

N-gram LM | Neural net LM
CH \ SWB | CH \ SWB
Povey et al. [54] LSTM | 15.3 | 8.5
Saon et al. [5S1] LSTM 15.1 | 9.0 - -
Saon et al. [51] system | 13.7 | 7.6 12.2 | 6.6
5.8

Model

e

2016 Microsoft system | 13.3 | 7.4 11.0 [5.8
9 \

’ Human transcription \ \ \ 11.3 \ 5

Width a

Element-wise Matrex
Product

[1] W. Xiong et al. "Achieving Human Parity in Conversational Speech Recognition." 2016, https://arxiv.org/abs/1610.05256
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PeanbHble NPOAYKTbI, NCMOAb3YIOLLME
rnybokne HempoceTH

* CucTema aBTomaTnyecKkoro nepesoga GNMT?
* Google’s Neural Machine Translation
* 8 ABYHanpaBneHHbIX LSTM

» 1nA HeKoTopbIX Nap A3blKoB (Hanpumep, english/spanish) paboTaeT Ha
YPOBHe nepesoa4YmKos ©

PBMT GNMT Human ’ [ |

English — Spanish ~ 4.885 5.428 5.504
English — French 4.932 5.295 5.496 o
English — Chinese  4.035 4.594 4.987
Spanish — English ~ 4.872 5.187 5.372
French — English 5.046 5.343 5.404
Chinese — English  3.694 4.263 4.636

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



PeanbHble MPOAYKTbl, MCNONb3YHOLLNE

rNyOOKMe HEMPOCETH
* DeepMind

e 2015: AlphaGo

* [focheaHAA nrpa c NONHOM
MHPOpPMaLMEN, B KOTOPOU
yesnoBeK bbi nobexaeH
KOMMNbIOTEPOM

[1] http://www.nature.com/nature/journal/v529/n7587/full/nature16961.html
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PeanbHble NPOAYKTbI, NCMOAb3YIOLLME
rnybokne HempoceTH

. L]
D e e p M IN d | 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 etl WaveNet (L+F) 4.21 + 0.081 4.08 £ 0.085
* Natural (8-bit p-law) 4.46 £+ 0.067 4.25 + 0.082
Natural (16-bit linear PCM) 4.55 £0.075 4.21 £0.071

e Cuctema peyeBoro CMHTE3a
* Jlyywas cmctema Ha AaHHbIA MOMEHT
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[1] A. van den Oord. "WaveNet: A Generative Model for Raw Audio." 2016, https://arxiv.org/abs/1609.03499



PeanbHble NPOAYKTbI, NCMOAb3YIOLLME
rnybokne HempoceTH

* DeepMind?! + Okcdopa?
e 2016: WLAS (Watch, Listen, Attend and Spell)

e Cuctema yteHuma no rybam

* Jlyywe yenoseKka © EnjES e e

—| LSTM |—=| LSTM

Coutput states aus ) -
| Method | SNR | CER | WER | BLEU' | Comparsamim )
Lips only
Professional® - | 58.7% | 73.8% 23.8 (o] . o o o .
WAS - 159.9% | 76.5% 35.6 “[' ] "]‘ "I‘ "[' ]
WAS+CL - | 47.1% | 61.1% 46.9 = =

WAS+CL+SS - | 42.4% | 58.1% 50.0

WAS+CL+SS+BS "1739.5% | 50.2% 54.9 i : i i i %

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




ccnenoBaHMA B 061aCTH r1yHOKMX

HenpoceTeu

* [eHepauusa noanuceun K nsobpaxxenmnam by Andrej Karpathy

Vision

o

b

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




ccnenoBaHMA B 061aCTH r1yHOKMX
HenpoceTeu

* PacKpalunBaHmne yepHo-benbix n30bparkeHnin?
* CNN

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




ccnenoBaHMA B 061aCTH r1yHOKMX
HenpoceTeu

* YHuBepcuteT bepKknu
* Knaccmuecknin nogxopm, ana petekumm o6vektos R-CNNL-2
» Pa3paboTaH by Ross Girshick (nepewen B Facebook Al Research)

* B MOMeHT n3obpeteHuna sbinrpan sce HE-HelpoceTeBbie Nnoaxodbl B
copeBHoBaHMM no aetekumm VOC (M Ha AaHHBIN MOMEHT ero naeu
MCMNO/Ib3YIOTCA BO BCEX CUCTEMAX AeTeKLUUn)

R-CNN: Regions with CNN features

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



GAN

* [eHepaTUBHble cocTA3aTenbHble ceTn (Generative Adversarial Networks, GAN)
* (O6y4yeHune Generator u Discriminator coBmecTHO, UTepaLusa 3a UTepaumnen

PeasibHble nnu
CUHTE3NPOBAHHbIE Y
AAaHHblIE?

Discriminator

CUHTE3MpOBaHHbIE X
AdHHbIE - PeanbHble AaHHbIE
Generator (obyyatowtan 6/)
Cny4arHbIN Wym Z

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



[Tpnmep npnmeHeHMa GAN

* PPGN — reHepaTMBHasaA moae/ib C Pa3MePOM KapTUHKK (227x227)

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



[Tpnmep npnmeHeHMa GAN

 CBepx-pa3peweHune c nomoubto GAN

original bicubic SRResNet SRGAN
(21.59dB/0.6423) (23.44dB/O.7777)
_ —

——

(20.34dB/0.6562)
| -

-
) ',_;4 K
: 3 :
e

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



[Tpnmep npnmeHeHMa GAN

* KauecTBO NpakTUYECKU HEOTAMUYMMOL OT peanbHbix doTorpadui
* lnua: 1024x1024

5

Mao et al. (2016b) (128 x 128)  Gulrajani et al. (2017) (128 x 128) Our (256 x 256)

[1] Karras, Tero, et al. "Progressive growing of gans forimproved quality, stability, and variation." arXiv preprint arXiv:1710.10196 (2017).



HenpoceTn: banxKe K NpakTuKe

e Ctatba Song Han o «rnybokom cxkatumm»l

* CKatne CNN c nomoLlbto KBAaHTOBaHUA U NMPOPEerKNUBaAHUA

e CkaTme B 40 pa3 6e3 notepu KadyectBa Ha Knaccmyeckon CNN tuna
AlexNet (Ha TOonoBbIX CEroAHALWHUX CETAX CXHATUE NMOXYXKe)

Quantization: less bits per weight

Pruning: Iess number of weighis

-————————————

PR bbbt ~. Huffman Encoding

-~

o —————————

Ry ~ | | Cluster the Weights ] s \
' ( ] ' > ' l
' | Traln Connectivity ' ' <> ' '
original | =same ' same | [Em we'm] , =ame
network <> | accuracy, Gensrats Code Book accuracy , y accuracy
'
% | [ Prune Connections ) C> : - I%
orig " 1 9x-13% | [Quanttze the Wes 27x-31x [ Encode 1 J 35x-49x
- gh ndex
size | L83 'reduc‘bon: | with Code Book reduction reduction
' Train Weights : ' 5 -~ e

e - - - - -

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



DPEMBOPKK ANnda rnyboko obyyeHmA

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

* Haubonee npegnoyTMTENIEH B aKagEMUYECKON cpeae
* PaspabaTtbiBaetcs B YHuBepcuteTe bepkan: UC Berkeley Vision and Learning Center

TensorFlow - https://www.tensorflow.org/
* Cambiii bbicTpopasBuBatOWMICA penMBOPK ANs rybokoro obyyeHna

* Pa3spabaTtbiBaeTca B Google Brain

CNTK - https://www.microsoft.com/en-us/research/product/cognitive-toolkit/

* Cognitive Toolkit
* Pa3pabaTtbiBaeTca B Microsoft

Torch - http://torch.ch/
e (OCHOBaH Ha 3K30TUYECKOM fA3blKe nporpammumpoBaHnNA Lua

* Wcnonb3yeTtca B Facebook, IBM n Yandex

OpenAl 1 obyyeHUne c noakpenneHnem

* https://universe.openai.com - MHTEPaKTMBHAA NAaTGOPMa-NecoyHULa Ana obydyeHns C NogKpenieHnem

* https://gym.openai.com - HAbOP roTOBbIX OKPYKEHU ANA obydyeHMs areHToB




Pacno3HaBaHWe nuu



CoBpeMeHHbIV NoAxXod K pacno3HaBaHUIO
nmy

Input Image Detect Transform Cro

Green: Detector bounding box
Black: Mean fiducial points
Blue: Detected fiducial points

Deep Neural Network

Representation Clustering

—)‘ < Similarity Detection

128D unit hypersphere Classification

[1] https://cmusatyalab.github.io/openface/



[ naBHblE 3ald4 B PaClMO3HaBdHWNN JTNL,

* 334034MU
* Bepudpunkauus

* OnpeaeneHue Toro, ABAAKOTCA M NOAAHHbIE HAa BXOA, KAPTUHKU M30OparKeHUAMM OAHOTO
N TOTO }Ke YesioBeKa

* NpeHTUPUKauma
* HaxorkaeHue B 6a3e aaHHbIX ID yenoseka, n3obparkeHne KOTOPOro NOAAHO Ha BXOA,
* Mpoekuna (embedding)

* HaxoxaeHune BeKTopa npeAcTaB/ieHMAa IMLUA PAa3MeEPHOCTU, HAMHOIO MEeHbLLEN BXOAHO M



BepndpumKkaums

FCN p—p (0/1)

CambI NPOCTON MeToA — Ncnosib3oBaHue T.H. ChaMCKUX ceTel. BeKTop NpU3HaKoB BbITAaCKMBAET OHA U Ta e CETb,
noc/e 4yero nNpPUmMeHsAeTca KnaccuPpukaTop AN UTOrOBOro pelleHus



NaeHTUPUKaLUMS
The Problem

Training

e Echm rpybo, 1o 3To OYEHb
6onbLion KnaccnduKaTop [ Testing 1

e Ko/anyecTBO KI1accoB —YMCAO0
Pa3HbIX Nt0AeN Ana
pacno3HaBaHuA

[Recognition}

CODO000E




[TpoeKuns

* TaK Uan nHave UCNONb3yEeTCA BO BCEX 3a4d4aX, CBA3dHHbLIX C JINUAMWU

N peiko UMEeIT coaeprKaTeIbHbIN

J

e OBbIYHO 3/1EMEHTbBI BEKTOPA NpeAcTaBAeHMU

CMbICN NO OTAE/NTbHOCTHU
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