CoBpemeHHOe MallnHHOoe
obyyeHune:
KaK KOMMbIOTEPbl TeHepupyroT
KAapPTUHKWU U UTPALOT B UTPbI

EsreHn CoKonos

daKynbeTeT KOMNbIOTEPHLIX HAayK HUY BLUS



O 4ém BOODOLLE 3TO BCE?



[TpaBMNOBbLIM MALLMHHbBIWM NEPEBO/,

* KaKk caenaTb cepBuc AnA nepesoga, €C/iM Hago nNpaAmo cendac?
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* [lepeBoa NO cChoBam

* [pammaTnyeckue npaBuna
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TekcT 1 Ha pyccKom ) TeKcT 1 Ha aHIMICKOM
TeKcT 2 Ha PYCCKOM ) TeKcT 2 Ha aHMIUIACKOM

TeKcT 3 Ha PycCKOM ) TeKcT 3 Ha aHINIACKOM
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* Moaenb — popmysia AN aATOPUTM ANA PELLIEHUNA 3a43a4M
* [lapameTpbl — «PYYKN», BAUAIOLLIME HA NOBEAEHME MOAENU
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NOAKPYTUTb NapameTpbl!
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Mo oyepeam npoaenbiBaem 418 BCel

BbIOOPKK, MOKa OLWMOKA YMEHbLUaeTcH



bonee popmanbHO

1
Qw) = ) L(ya(x,w)) > min

* X;,¥; — OO6BEKT M NPaBU/IbHbIN OTBET
* a(x,w) — mogenb c napameTpamm w

* L(y,z) — dyHKUMA NoTepb



—

























)W’-)

>

T

A



Kak paboTtaTb C
M300parkeHnaIMn??



[TonHumn 1: end-to-end obyyeHume
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[TonHumn 1: end-to-end obyyeHume

[leTeKkuna o6bEeKTOB cerogHA:
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[ToHUWMN 2: MHOTOKpaTHOE 13BJ/1evyeHune
NMPWU3HAKOB
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MaKCMMyM CBEPTKM MHBAPUMAHTEH K CABUTaM
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CBEPTKM B KOMMbIOTEPHOM 3PEHUNM
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Horizontal Sobel kernel

https://towardsdatascience.com/intuitively-understanding-convolutions-for-deep-learning-1f6f42faeel



https://towardsdatascience.com/intuitively-understanding-convolutions-for-deep-learning-1f6f42faee1

CBEPTKM B KOMMbIOTEPHOM 3PEHUNM
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https://ai.stanford.edu/~syyeung/cvweb/tutoriall.html



https://ai.stanford.edu/~syyeung/cvweb/tutorial1.html

CBEPTKM B KOMMbIOTEPHOM 3PEHUNM

Original Blurred

https://docs.opencv.org/master/d4/d13/tutorial py filtering.html



https://docs.opencv.org/master/d4/d13/tutorial_py_filtering.html

CBEpPTOYHbIEe ceTH

* 13 n3obpaxeHna BblaenatoTcs BCE 6o0see BepxXHEeypoOBHEBbLIE
NPU3HAKMN C NOMOLLbIO CBEPTOK

* OUNbTPLI B CBEPTKAx obyualorca



CBEpPTOYHbIe CeTu

| .».».».» -

Kakune menkune Kakue KpynHbie Kakou ¢popmbl
reomeTpuyeckme  reomeTpuyeckme  yablbKa, OTKPbLIT
dUrypbl ectb Ha dburypbl ectb Ha /1K POT,
doTorpadun? doTorpadun? NPUKPbITbI /N

rnasa?



4YTo BUAAT QUNLTPLI?

https://arxiv.org/abs/1311.2901



https://arxiv.org/abs/1311.2901

4YTo BUAAT QUNLTPLI?
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https://arxiv.org/abs/1311.2901



https://arxiv.org/abs/1311.2901

4YTo BUAAT QUNLTPLI?
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https://arxiv.org/abs/1311.2901



https://arxiv.org/abs/1311.2901

YT0 BUAAT PUALTPLI?

https://arxiv.org/abs/1311.2901



https://arxiv.org/abs/1311.2901

YT0 BUAAT PUALTPLI?

https://arxiv.org/abs/1311.2901



https://arxiv.org/abs/1311.2901

ImageNet IMAGE

* ImageNet Large Scale Visual Recognition Challenge (ILSVRC)

* Okono 1.000.000 nsobpaxkeHnu

* 1000 knaccos

* O6bbIYHO Ka4yecTBO U3IMEPA/IOCb Ha OCHOBE I'Iy‘-IIJJeﬁ rMnoTe3sbl Mmoaeiun

http://image-net.org/challenges/LSVRC/



http://image-net.org/challenges/LSVRC/
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CocTa3aTenbHoe obyyeHue
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A 3a4em 3TO Bce?

YnaneHune ooxKAaA




A 3a4em 3TO Bce?

[lepenenka npuyecku

Target Structure Result Target Appearance Result Target Shape Result
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ObyyeHune c nogKkpenaeHnem



[1Be napagmnrmbl 0by4eHus

O6yueHue c yuntenem O6yueHue c nogKpenneHnem
* [lpmepbl C NPaBUAbHBIMMU * B Hayane He 3Haem HU4ero
OTBETAMM

e CoBepllaem AencTeue,
* HacTtpanBaemcsa cpa3y Ha BCHO nony4yaem obpaTHyto CBA3b
BbIOOpPKY



Oby4yeHMe c nogKkpenIeHnem

Harpaaa Aencremne




TnnnyHbin npumep — mnrpbl ATARI

http://karpathy.github.io/2016/05/31/rl/



http://karpathy.github.io/2016/05/31/rl/

Policy Gradients

raw pixels hidden layer
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Policy Gradients
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[1e 5TO HYXKHO?

* [lobexkaaTtb BCEX B AOTY
* ANroTpenauHr
* MapKeTUHr n pekomeHaauuu



Pesrome

* MalwwunHHoe obyyeHne — noabop aaropntTma nNoa AaHHbIE
* MHOro MHTEepecHbIX NOAX0A0B ANA TEKCTOB, KAPTUHOK, 3BYKA
* B ocHOBE Ne}XMUT MHOTO MaTEMATUKU N a/ITOPUTMOB

tg: @esokolov
esokolov@hse.ru



mailto:esokolov@hse.ru

