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[MpocTtenwn npumep: noabop NnapameTpoB moaenm

3ajaya - annmpOKCUMHUPOBATh TOYKHA KPUBOU
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MACHINE LEARNING — Data Driven Approach

OO0y4eHure — HAXOXXAEHHME 3aBUCUMOCTEN B JAHHBIX, 5 et
Llenb - mocTpoeHue MPOrHo3a Mo UMeIIIMMCS TaHHBIM . el
Supervised Learning / ObyyeHue c yuntenem
f (a, Xi,) =Y | =1..N o06yuatowas sbibopka \ Al HlEARiler
extractor | featires model
f (a’XN+1) =7 NporHos (uHdepeHc)
BapuanTbi: [TorCK MPU3HAKOB — MCKYCCTBO, 9BPUCTUKA, MH)XEHEPHAsI UHTYHUIIUS
Unsupervised, Semi-supervised Knaccndukanums — maTemarrka
CranoBnenue ogHoro u3 nogxonos ot HO.U. JKypasnesa:
Y — BewecTBeHHOe — perpeccus https://www.youtube.com/watch?v=R3CMqrrIWOk

HaTypanbHOe — Knaccmbukayms
0,1 — gByxKknaccosa“

KnaccudukaLums m———ep [[pU3HaKU: 1IBET, pOpPMa

- l

Pewrarouiee mpaBuio:
I'pyiia xenrasi, oBasibHast
SI6;10K0 KpacHoe, KpyTioe

KnaccuduKkauma, nnm pacnosHaBaHue
OCHOBAHO Ha npwu3Hakax (features)



https://www.youtube.com/watch?v=R3CMqrrIWOk

ToYHOCTb U OWKNOKKM BUHapHOM KnaccupumKaumm

OwnoKa mepBoOTO poja - TOXKHasi TpeBora, false positive
OwunoKa BTOporo poja - mponyck coosiTus, false negative

relevant elements

false negatives true negatives
: ? . True Positive True Positive
(@ Precision = T e or — —
® ° ® o) Actual Results True Positive + False Positive
True Positive True Positive
Recall = - or = -
Predicted Results True Positive + False Negative

true positives  false positives

True Positive + True Negative
Raowacy » Total

selected elerments

Predicted

True

Positive

False
Positive

alse
Negative

Actual

A

True
Negative



[pocTenwan 3aaa4a KnaccupuKaumm — MeTos, ONOpPHbIX BEKTOPOB

JInHeliHOe penraolee MPaBUIO OMHAPHOM KIaccuPUKATUHA




Support Vector Machine

Support Vector Machine, Vapnik

JIuHeitHas pa3geTMMOCTh SVM ocHOBaH Ha CKa/JITPHOM NPOU3BeJeHUHN:
LA 1
Minimize =llwl|?
w 2
subject to y;({w,x;)+ b)=1
i
Y.(Xw+ b)k‘l W = E : .-j'q'_!h'-i'r':
Y1 X11 X2 ... Xig|| Wi =1
ye X2t X2z ... Xoeg|| We
: ( : L e b) 21"
,"! _Yn_ _Xn1 Xp2 ... Xnd_ _Wd_

-
N
IIpoGiema: oTcyrcTBUE PemeHue npo6iemMsl pa3ge TMMOCTH
pa3ze TMMOCTH
Input space Feature space SImepHOe crma)kuBaHue

Kernel regression
SVM ocHOBaH Ha CKaIsspHOM
npousBeseHun (X,y)

C yuyetom sizpa -
(X,Y) ~ (xKy)




CpaBHeHMe KnaccupmnKaTtopos

Nearest Neighbors

Linear SVM RBF SVM

Decision Tree
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CpaBHeHMe KnaccmpmnKaTtopos

Random Forest

Naive Bayes

Naive Bayes

Naive Bayes

Linear Discriminant Anal@siadratic Discriminant Analysis

Linear Discriminant Anal@siadratic Discriminant Analysis



OTCcTyn/IeHNEe — aHaNn3 n3o0bparkeHumn

How the machme see the |mage? OcHoBHble Npobiembl Npu Knaccudukaumm naobpaxkeHnn

Deformation Occlusion

Nj r

Background clutter Intra-class variation

Viewpoint variation Scale variation

46 29 32 40 €2 76 36
20 69 36 41 72 3 —c 2 €7 59 25 T4 04 36 16

TURELS 20 57 05 54
4 69 16 92 33 43 63 43 33 01 TUeesa g8

What the computer sees

_ 82% cat
" 15% dog
2% hat

1% mug

image classification
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HenpoHHble ceTu

Helipobuonornyeckasa aHanorma (HesepHasn!) S HacKoJIBKO MbI OJIM3KH K
(cercopt A-3NeMEHThI R-anemeHThi 9
impulses carried paLenTOpL) (accounaTueHbie)  (pearvpylolme) MOJE€/IN MO3ra

toward cell body
branches

dendrites of axon
axon
nucleus termina
impulses carried
I bod away from cell body
cell bo
y Il st MozieTn Bcero Mo3ra
0 wp npoekTy Blue Brain
: synapse [epuenTpoH, 0AHOCNIONHbI norpe6osanock 6b1 8.4 I'BT,
axon ifrom a neuron .
S woo npoekTty SpiNNaker - 0,2
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- output axon
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CurmomnaanbHaa GyHKLNA aKTUBALMUN




Multi-layer perceptron, Backpropagation algorithm

MLP PYHKUUA aKTUBaLUMN

10 -5 5 10

input layer
hidden layer 1 hidden layer 2

Forwardpass Backwardpass




Stochastic Gradient Descent — CtoxaTu4ecKuu rpaAMeHTHbIN CNyCK

Minimizing of the cost function J(8) over the data

0=0—n-VoJ(0) «BaHWIBHBIN» TPAAUEHTHBIN CITYCK

0=0—n-VeJ(8;z®;y) Croxactugeckuii I'C n(A) — learning rate

§=0—n-VoJ(6;z;y=#))  Mini-batch SGD - makeTnbiit CI'C

v = Y1 +NVeJ(0)
0=0— L1

Mogudukauymu SGD yunTeiBatoT aHU30TPOTIHIO Pa30BOTO
npocTtpaHcTBa - Adam etc.

— SGD
. —  Momentum
— | =
—— Adagrad
Adadelta

Rmsprop

Momentum v:

Perynspusauus Hauie Bce!

iy

J

E=%D (’j‘yj)linD

/

(tf‘yf)2+§D_ wj
ij

Weight decay

Dropout

Pruning - KoHTpacTupOBaHue
Batch-norm

2. Weight penalty terms

1 2 A
E=—[(t;-y) +>0|w|
25 23
AWj; = £0;X; — e/s1gn(Wj; )

weight elimination with wy=1
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Shallow vs Deep Network

hidden layer 2 hidden layer 3

Deep neural network

~

hidden laver 1

input layer

hidden layer

"Non-deep" feedforward
neural network
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Complete Chart of Neural Networks

© Backfed input Cell

) Input Cell

é Noisy Input Cell

@ Hidden Ceu

. Probablistic Hidden Cell
@ soiking Hidden Cell

. Output Cell

. Match Input Output Cell
‘ Recurrent Cell

’ Memory Cell

. Different Memory Cell
£ Kernel

Convolution or Pool

A mostly complete chart of

Neural Networks .. ...

£2016 Fjodor van Veen - asimovinstitute org

Ceser ative Aoversarial Netwars (GAN)

Feed Forward (FF) Radial Basis Network (RBF)

Long / Shart Term Memory (LSTM) Gated Recurmnt Unit (GRU)
2 - - =

Perceptron (P)
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Recurrent Neural Network (RNN)

Marbons Chan (M)

Auto Encoder (AE) Variational AE (VAE) Denoising AE (DAE)

Dwep Convalutional Networs (OUN)
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[Mpobnembl KnaccnM4YecKknx HEMPOHHbIX CETEMN

Henoobyuenue u mepeobyyeHue

3 hidden neurons 6 hidden neurons | 20 hiddn neurons

[TpoGrembl

1. BwIOGOp cTpPyKTYpBI

2. HMmwxenepus
MPU3HAKOB

3. Overfit

4. Dead gradients

5. HMHTeprnperanus

Pewenus

1. Learning rate

2. Perynspusanus

3. KontpactupoBanue

A =0.01




Mpumep 3aaaun. Knaccmpumkauma aHomanmm

3ajaya. /leTekTpoBaHMe aHOMa/IMU THUIA «CKA4OK», step
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https://github.com/deepcharles/ruptures

Convolutional networks CNN, CBepTo4yHble ceTu

Convolutional Neural Nets, CNN
LeNET 5, 1988, Y. LeCun
AlexNet, 2012, A. Krizhevsky, I. Sutskever and G. Hinton

RELU RELU RELU RELU
CONV lCONVl

Yann LeCun  Geoffrey Hinton

fruck
airplane
Ship

horse
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ol ~\(2 N g
) 3 ) o
convolution + max poolmg vec o k
nonlinearity o

convolution + pooling layers fully connected layers  Nx binary classification



CsepTOYHble cetn n GPU

1989 G Cybenko Approximation by superpositions of a sigmoidal function - Springer Link
https:/link springer com/article/10.1007/BF02551274 - MepeBecTH 3Ty CTPaHMLY
Teopema 06 PR e e P TR
aetop: G Cybenko - 1989 - Untupyerca: 10688 - MNoxoxme c1aTem
YHI/IBepCEUIbHOI/I iecexplore.ieee.org » document- MepesecTy 3Ty CTpaHUUy
AIIIIpOKCUMaAlIU Gradient-based learning applied to document recognition ...
Gradient-based learning applied to document recognition. . A new learning paradigm,
1998 Yann LeCun called graph transformer networks (GTHN), allows such multimedule systems to be trained
globally using gradient-based methods so as to minimize an overall performance measure. Two
CBepTOqule ceTu systems for online handwriting recognition are described.

aeTop: Y Lecun - 19986 - Uutupyetca: 28105 - MNoxosme cTatek

D,
2007 - Boixog NVIDIA CUDA, < NVIDIA.

CUDA

2009 - Google oTka3bIBaeTCst OT HEHPOHHBIX CeTel

FPFl ImageNet Classification with Deep Convolutional Neural Networks
https:/ipapers.nips.cc/.../4824-imagenet-classification-with-de_.. ~ MNepeBecTH 3Ty CTPaHKUY
aetop: A Krizhevsky - 2012 - UutwpyeTtea: 34232 - MNoxoxue cTatbm

2012 — AlexNet

=y

Delving Deep into Rectifiers: Surpassing Human-Level Performance .
hitps:/farxiv.org » ¢s « MNepeBecT 3ty CTpaHuLy
aetop: K He - 2015 - Uutupyetca: 3856 - MNoxowme cTaTbeM

fo=o

Figure 1. ReLU vs, PReLU. For PReLU, the coefficient of th
negative part is not constant and is adaptively learned

IEEE CVPR Cite Score: 3.23 (2012), 6.19 (2015), 18.18 (2018)



CNN layers, cnon CHC

BbI,Z[E]IeHI/Ie IMPpHU3HAKOB + KJIaCCI/I(l)I/IKaL[I/IH

input
\ 3;‘:‘32

28 x 28

feature extraction classification

N nmocTpanysi paboThI CBEPTOYHOTO CIOS
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Pemraembie mpo6ieMbI
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Beigenenne NpU3HaAKOB IepecTaao
OBITH NCKYCCTBOM

Feature maps, KapThl MPU3HAKOB:

B cepenyine

Y BBIXOAHOTO C/1051



CNN layers, cnon CHC

Poolin . .
8 Single depth slice
224x224x64 »
112x112x64 % i 2 | 4
peol max pool with 2x2 filters
SHmeNl 7 | 8 and stride 2
l l 3 | 2 i
1 | 2 [T
224 downsampling : Lo
224 H=
y
Activation Fu nctlons PReLU-
S|gm°|d Leaky RelLU ’
_ max(0.1z, )
1—|—e
2 J &
tanh Maxout 4
tanh(z) max(wi z + by, wa x + bs)
ReLU ELU )
max (0, x) {f 20 Sy =ay
ae®—1) z<0 - -~ 0

O6paboTKa KAPTUHKU CETHIO

{}

[ Feature maps ]

-

[ Normalization ]

-

Spatial pooling J

N

Non-linearity

2

( Convolution i
(Learned)

{}

Input Image




Deep and Accurate

Winning algorithm's class ification error mte

35%

15%

10%

D%

28%

2010

2011

2012

2013

2014

Human

2015

2016

2017

Top-1 accuracy [%)]
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75

Inception-v3 ‘ ‘

ResNet-50 .

ResNet-101
0 ResNet-34

Inception-v4

ResMet-152
VGG-16 VGG-19

70 4 ’ ResNet-18
oo GoogleNet
EMet
65 4
o BN-NIN
60 - 5M 35M 65M a5M 125M 155M
BN-AlexMNet
AlexNet
50 . r v : T v Y T
0 5 10 15 20 25 30 35 40

Operations [G-Ops]



Typical Architectures 1

LeNets, 1988, 8 layers, 60K weights

INPUT
32x32

C1: feature maps
@28x2,

Convolutions

Subsampling

C3:f. maps 16@10x10
S4:f, maps 16@5x5

Sa:f. m
6@14x1

Convolutions ~ Subsampling

N

CS:layer gg. jayer OUTPUT
120 B4 10

Full conAection Gaussian connections
Full connection

AlexNet 2012, 7layers 60 Mwe1 hts

224

3

3x3 conv, 64
+

i@ 51..r.id

“af 4

3Ax3 conv, 64

|55

48

pool2
*

3x3 conv, 128

3x3 conv, 128

27

%) 20 iy \dense

il
il H
;

= TERS 13 dense Ense
192 138 Max | L]
T poeling  * 204E
VGG, 2014, 16 layers, 138 M
— T — — —
i B B8 R I R
Y R | @ @B o [@d] [®
s [zl lsldsls sl sl elslsl )z lsle |8 8] |8
= = = = = = = = =
S| |&|. |8
=4 = =4 (= c =4 = (= = "
r&* g g gg"er1s’lars"ls S GE* T T T
M m| m® m| @ m m| ol (o
4 k4 4 .4 kS kS = k4 4
] “| = m & @ ARG
h= L= L= —y L= - - s
3 5 x 5
& ] ] ]
& A & L

Sizeid24

Sizesli2



Typical Architectures 2

Network in network, 2013

. Filter
Inception, 2014 concatenton
3x3 convolutions 5x5 convoluti 1x1 convol lutions
1x1 convolutions [} ) [}
1x1 lutio 1x1 convol lutions 3x3 max pooling
/4/_'
Previous layer

GoogleNet, 2014, 19 layers, 4 M weights




Typical Architectures 3

ResNet, Inception with Resnet module

Relu activation

256-d

64

relu
y

3x3, 64 |

| relu

1x1, 256

Entry flow

Xception

Middle flow

+

1x1 Conv
(256 Linear)
'\
3x3 Conv
(32)
1x1 Conv t
5 3x3 Conv 3x3 Conv
(32) (32)
f f
1x1 Conv 1x1 Conv
(32) (32)

Relu activation

Exit flow

299x299x3 images

1Bx1Bx728 feature maps
|

1
|Conv 32, 3x3, stride=2x2

18x18x728 feature maps

| ReL

|SeparableConv 728, 3x3

|
ReLU 1 [ReLu
T
[Conv 64, 353 ] TeConv 728, 3x3
[ReLU | [ReLU ] Conv 1x1
stride=2x2

[separableConv 128, 3x3

I
Conv 1x1 ReLU
stride=2x2| | SeparableConv 128, 3x3
I
[MaxPooling 3x3, stride=2x2 |
[Rewu |
| SeparableConv 256, 3x3 |
Conv 1x1 | [ReLU |
stride=2x2| | SeparableConv 256, 3x3 |

1
HaxPonL)’nf 3x3, =tm’de-2x2|

[ReLu

[ SeparableConv 728, 3x3

1x1 | ReLU

Z<X2| | SeparableConv 728, 3x3

T
[MaxPooling 3x3, stride=2x2

18x18x728 feature maps

| SeparableConv 728, 3x3 |

[ReLu

| SeparableConv 1824, 3x3

ReLU

SeparableConv 728, 3x3

18x18x728 feature maps

Repeated 8 times

T
[MaxPooling 3x3, stride=2x2

|
|
]
|
]

[SeparableConv 1536, 3x3

[ReLu

I
[SeparableConv 2848, 3x3

[ReLU

GlobalAveragePooling

204%-dimensional vecters

Optienal fully-connecter Layer

Logistic regression




Typical Architectures 4

Fully convolutional network, FCN

“tabby cat”
E ab (o bt 156‘&6&9%@
\

convolutionalization

tabby cat heatma

224x224




Typical Architectures 5

Training set

Random
noise

Generator

[eHepaTUBHO-COCTsI3aTe/TbHbIE CETH
Generative adversarial network

24

v

Fake image

Discriminator

{Fa ke



Typical Architectures - RNN

Recurrent NN, Turing complete!

”’h =

O--O00)=

Backpropagation through time
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Long-Short Term Memory - LSTM
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Untypical Solutions for typical problems

Fast Detection

Detected windows

Class probability map

YOLO - You Only Look Once - Yes!

Input 10

g | 28] [l 2 ol e e s e

e e]felfe | e]e ?|[c|[c| c]fec]r|c]c
VGG - 19

Tracking

Stage 1 Stage £, (1 2 2)

Branch 1 p' Ll

H ||| | [racrfrcrffuxaf i< :

R c E]E c| ol el axe B
: rfexallrt|fexalfrcffualfixal yH

b EH 1 'H

. [~ S . W H

Branch 2 ¢ Los|
5 :

[®] Pooting

P
[e] convelution

BeruncnurenvHast pororpadust —
CrexuHr ¢poTo

- (CBepxpa3spelieHue
- (CbemKa B TeMHOTe

Openpose




Unet cermeHTauuA U He TO/IbKO

3azaya cerMeHTalluu

Design network as a bunch of convolutional layers, with
downsampling and upsampling inside the network!

Med-res: Med-res:
D2 X H/4 x W/4 I:)2 X H/4 x Wi4,

Person

Bicycle Low-res:

Bacyk - D,x H/4 x Wi4

g Input: High-res: High-res: Predictions:
3xHxW D, x H/2 x W/2 D, x H/2 x W2
1 1 HxWwW
Solution: Make network deep and work at a lower spatial resolution for many of the layers.
6: 4
1 64 64 2
Design a network as a bunch of convolutional layers _input output
to make predictions for pixels all at once! pixel-wise softmax activation Imaﬂ: Al R | segmentation
/ % +| map
' 128 128
Conv Conv Conv Conv argmax
— —_— — —_— .
5 )I‘nﬁu::w \ e J Scores: Predictions:
CxHxW HxW = conv 3x3, ReLU
/ Convolutions: =+ copy and crop
feature extraction 0 XHXW \ :max poo|22>;2
final output retains original image dimensions Up-oany &X
= cONY 1x1

Downside: Preserving image dimensions throughout entire network will be computationally expensive.

Ho6asum skip-connections — momy4aum Unet!



[eHepaTMBHO-cocTA3aTebHble ceTn (GAN)

—{ Discriminator J%
& &

a) GAN architecture

ejep [eay
12qe| 1 e3ep [eay

Discriminator

backpropagation

2oeds juaje]

Generator
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b) CGAN architecture backpropagation
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Labels to Facade BW to Color

http://wwwui.idc.ac.il/toky/seminarIP-
18/Presentations/10b_raaz.pdf

input output input output

Day to Night __ Edges to Photo

Image-to-Image Translation, Philip Isola, Jun-Yan Zhu, Tinghui Zhou,
Alexei A. Efros (Nov 2017)

input output input output

input output



Challenges

Solved

Self driving
Image enhancement

Image annotation

1
2
3. Single Image Super Resolution
4
5

6. FaceNet

. Generator network

Generator network

Megative fr w\\‘\)
Anchor g LEARMING
o
P

Positive

-
Anchor

-
Pogitive

8
MNegative

Unsolved / partially unsolved

Hyperspectral image processing
Fast inference for multiply
videostreams

7. One shot learning

1. Multi-object tracking

2. Fast target tracking

3. Medical image segmentation
4. Symmetry detection

5.

6.



Hardware

Throughput at < 7ms latency

Training: (TensorFlow ResNet-50)
- Nvidia GPU

- 1080 is 3 times better than 980

- No datacenter deployment feature
- Half precession

- Tensor cores

- Voltavioo

%)
@
@

~
w
)
an
T
£

5

Inference (high performance inference)

DL Training 10 TFLOPS 120 TFLOPS 12x

Nvidia Jetson TX2 - 15 BT, 851, 1 TOm. Dlnferencig  21TFLOPS 120TRLORS =
Inte1 MOVidus Myrlad X > 8X8 MM, 1 pr 1 BT, 4 TOH FP64/FP32 5/10 TFLOPS  7.5/15 TFLOPS 1.5x
n A HBM2 Bandwidth 720 GB/s 900 GB/s 2%

Huawei Kirin 970, 980 STREAM Triad Perf 557 GB/s 855 GB/s 1.5x

Jetson NanO! NVLink Bandwidth 160 GB/s 300 GB/s 1.9x
L2 Cache 4 MB 6 MB 1.5x
L1 Caches 1.3 MB 10 MB 7.7x

Special

Google TPU

IBM TrueNorth

Module NeuroMatrix




Software Frameworks

resnet152 eval (images per sec) resnet152 train (images per sec)

Training:
Tensorflow
Caffe
Torch
CNTK

B PyTorch 0.3.0 Titan V fp16
W caffe2 0.8.1 Titan V fp16

B PyTorch 0.3.0 Titan V fp32
W caffe2 0.8.1 1080 Ti fp16

@ TensorFlow 1.4.0 Titan Vip16
B PyTorch0.3.0 1080 Tifp16
B PyTorch 0.3.0 1080 Tifp32
W Caffe2 0.8.1 Titan V fp32

W Caffe2 0.8.1 1080 Ti fp32

resnet’52 train

B TensorFlow 1.4.0 1080 Tifp16
MXNE l W TensorFlow 1.4.0 Titan V fp32
0 200 400 600 800 0 50 100 150 M@ TensorFlow 1.4.0 1080 Tifp32

Mapillary HD Segmentation

27.1x Speedup using NVIDIA Tesla V100 + TensorRT 3.0 on Amazon EC2 P3 Instances

Keras

Inference (high performance inference)

TensorRT ) =
MXN E T o NVIDIA Tesla K80 + Amazon EC2P2  NVIDIA Tesla V100 + Amazon EC2 P3

W Caffe|FP32 [l TensorRT3.0|FP32 [ TensorRT 3.0 | FP16

Caffe 2| 'Comparisnn of GitHub Interest
Torch
Tensorflow

Nvidia GPU Direct

CNTK

Benchmark -
https://github.com/u3zgkun/deep-learning-benchmark

[} 10000 20000 30000 40000 50000

M Fork ™ Star



https://github.com/u39kun/deep-learning-benchmark

Is The Free Lunch Over?

KpuBas [apTHepa - MTHHOBalIMOHHbBIE TPEH/bI Pa3Hble nozxoap! K 06y 4€HUIO TPeOYIOT
Pa3HOM BBIYUCIUTEIBHON MOLHOCTU
‘ Connected Home
Virtual Assistants Do loapng Plateau will be reached in:
N o v @ rimire
Edge Computing Nanotu_b.e E]eclrom?s @ 5010y
Augmented Data : i c;%gﬁcw:aﬁlomputmg /\ more than 10 years
Discovery

Smart Workspace Commercial UAVs (Drones)

Conversational

Brain-Computer User Interfaces Cognitive Expert Advisors

Interface Volumetric
Quantum Displays
Computing Digital Twin

Serverless

g PaaS
- 56
g’. ggg‘rsgnmﬁnn
- -, S T - NormalCol Reducton Col
Learning Software-Defined
Augmented . .
el Learning Transferable Architectures
st for Scalable Image Recognition, 2018
512 GPUs
Time il
Instance Grasping Representation Learning
* Deep Learning Ha nuke nomnyasspHOCTH, HO €CThb Goa Quene  Generates Labels
poG/IeMbI — aTaCeThbl, UHTEPIPETALMS, YaCTO = s -
tpebyeT coteH GPU, mpuHIINIT 00y4YeHUs ) a(jcmal) — (el t) = ool R )
« Reinforcement Learning — Bocxofsuii TpeH, He %
CTOJIb TPeOOBaTeieH K pecypcam GraspzVec: Learning Object Representations

from Self-Supervised Grasping — 1 GPU!!!



[TO3NTUBHbIE TPEeHAbI

1. Reinforcement learning from Google Brain constructs People: Il A @
NN, Learning Transferable Architectures for Scalable g

Image Recognition —
Transfer learning
One shot learning VAR

NQtWOTl( prunlng Random Model Initialization * People Distinguishable
Mobile networks o

3

Exotic networks 3N N I Arperauysi o CMbICITY
New datasets
New annotation tools!

o ACHA IO il

Arperaiusi 1o napameTpam

External Memary External Memory
K- 2 K-
ﬁ iy W@q - Few Shot
‘+ -ee -
,_' Backp_r_'opagared MemOI‘y
R
https://github.com/openimages/dataset L

Bind and Encode Retrieve Bound Information



CcbiNnKku

Stanford - https://cs231n.github.io/

Eugenio Culurciello - https://culurciello.github.io/

Pycckoe coobiectso - Slack OpenDataScience

Ynpaxkaenus no DL - https://github.com/nehalg6/Deep-Learning-ND-Exercises

[TponsBognTenbHOCTD Xese3a: https://lambdalabs.com/blog/best-gpu-tensorflow-2080-ti-vs-vi0o-vs-titan-v-vs-1080-
ti-benchmark/

PasmbimeHrst Ha Temy 3akara Deep Learning - https://habr.com/ru/company/recognitor/blog/455676/

ApxuTeKTypsbl 1 - https://habr.com/ru/company/wunderfund/blog/313696/
ApxuTeKTypsbI 2 - https://habr.com/ru/company/wunderfund/blog/313906/

BeryucnurenbHas potorpadms - https://vaszk.ru/blog/computational photography/

Hukomenko C.H. u ap. [mybokoe obydeHue - https://www.ozon.ru/context/detail/id/142987816/

KomOuHaTOpHKa ¥ rpadsi:
Hanjun Dai, et al., Learning Combinatorial Optimization Algorithms over Graphs, NIPS, 2017


https://cs231n.github.io/
https://culurciello.github.io/
https://github.com/nehal96/Deep-Learning-ND-Exercises
https://lambdalabs.com/blog/best-gpu-tensorflow-2080-ti-vs-v100-vs-titan-v-vs-1080-ti-benchmark/
https://lambdalabs.com/blog/best-gpu-tensorflow-2080-ti-vs-v100-vs-titan-v-vs-1080-ti-benchmark/
https://habr.com/ru/company/recognitor/blog/455676/
https://habr.com/ru/company/wunderfund/blog/313696/
https://habr.com/ru/company/wunderfund/blog/313906/
https://vas3k.ru/blog/computational_photography/
https://www.ozon.ru/context/detail/id/142987816/
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