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OyHKIUA

def f (1nputs):
interact_with_other_systems(#héﬁ

return outputs




MonaenvpoBaHHUE CUCTEM

YwacTtbiX He /(9 Hj
nyckKarb!

def f (input):

1f YmacTem (1nput) :
return HE IIYCKATE
else:
return I[IYCKATH




MHayKTUBHAA crieluPpUKaLud

Takmx nyckKarThb: e (9

def f (input):

1f YmacTem (1nput) :
return HE IIYCKATE

i

else:
return I[IYCKATH




MHayKTUBHAA crieluPpUKaLud

Takmx nyckKarThb: e (9

def f (input):

1f Benénmm (1nput) :
return I[IYCKATH
else:
return HE IIYCKAT

i
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NHOYKTHBHOE MOJieJIMPOBAaHUE

TaKkuX nyckarb: s (9
M def f (input):

TaKkux - HeT: ??7?
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Mepa OLIMOKH

def Ommbxa (f, |[DaHHBE]) :
return not f(z‘) +
not £(7 - ) +




MauivmHHOe 00y4yeHue

| DID

NOTHING

for f in Bcakme OyHKUMN: STIT[OLD%%QUD

1f Oumbka (f, Da”HHBIE) ==

return f




MauivmHHOe 00y4yeHue

. |DID
‘ NOTHING

U TODAY AND
' STILL GOT PAID
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argminscp Error(f, Data)
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JIuHerHble QYHKIHUU

fwp(X1,X2) = wixy + wyx, + b

def linear function(x, w, Db):

return x[0]*w[0] + x[1l]*w[l] + Db



JIuHerHble QYHKIHUU

fwp (X ) = w'x + b

def linear function(x, w, Db):

return np.dot(w, x) + Db



MauivmHHOe 00y4yeHue

argmingcp Error(f, Data)



MauivmHHOe 00y4yeHue

argminy, ,cgn Error(f,, p, Data)



MauivmHHOe 00y4yeHue

Vwp Error(fy p, Data)
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[[pumep

X =[[ 2, 0.1, 3], “®» vy = 1I1,

£f(x[1]) y[1]
[ 0, 1.5, 2], &5 0,
[-1, 1.2, 311 /[(°*¢ 0]




[[pumep

X =[[ 2, 0.1, 3], “®» vy = 1I1,

dot(w, x[1]) + b = y[1]

c - [ 0, 1.5, 2], &8 0,
£ [-1, 1.2, 311 (%2 0]



[[pumep

X =[[ 2, 0.1, 3], “®» vy = 1I1,

dot (w, x[i]) + b = y[i]

il [ 0, 1.5, 2], @ 0,
s [-1, 1.2, 3]] (% 0]



Theano

import theano
import theano.tensor as T
import numpy as np

X = T.matrix({ X")
y = T.wector('y')

= theano.shared(np.array([@.,8.,8.]), "w')

W
b = theano.shared(@.@, 'b")

y hat = T.dot(X, w) + b
error = T.sum(T.sqr(y_hat - y))




name=w TensorType(floatod, vector)

name=b TensorType(floatéd, scalar)

0 TensorType(floatad, vector)

InplaceDunShuffle{x}

1 TensorType(floatod, (True,))

Elemwise{add.no_mplace}

Elemwise{ sub.no_mplace}

enso1Type(floatod, vector)

enso1Type(floatcd, vector)

Sum{acc_dtype=floatcd}

TensorType(floatc4, vector)




TnppepeHIMPOBAHUE

dw, db = T.grad(error, [w, b])



InplaceDimShuffle{x} id=1

InplaceDimShuffle{1.0}

ensorType(floaté4, matrix)

name=X.T TensorType(float64, matrix)

D TensorType(floaté4, vector)

1 TensorType(float4, (True.))

Elemwise{add.no_inplace}

0 TensorType(float6d, vector)

Elemwise{sub,no_mplace}

enzor Type(floated, vector)

Elemwise{sqr.no_inplace}

TenzorType(floaté4, vector)

Sum{ace dtype=floated}

1 0 TensorType(floatc4, scalar)

0 TensorType(floatcd, vector)

Elemwise{second.no_iplace} L TensorType(floaté4, vector)
Tenso1Type(floaté4, scalar)

Y
@mﬁﬂe{x} id=o

L TensorType(floaté4, (True.))
y

Elemwise{second}

0 TensorType(floatc4, vector)
Elemwige{mul}

InplaceDimShuffle{x}

1 TensorType(int8, (True,))

0 TensorType(float6d, vector)

Elemwise{mul} id=12

TensorType(floatod, vector)




KoMnuadganusa rpaga BeIYUCJIEHU N

train = theano.function(
inputs=[X,vy].,
outputs=[y hat, error],
updates=({w, w - ©.81 * dw),
(b, b - .81 * db)))



TpeHupoBka Mmojeu

for 1 in range(1888):
train{X_, vy )
train(X , y )

[array([ 1.01576331, ©.94681398, -9.0508985 , ©.09478897, -0.02497436]),
array(©.015275746879853545) ]

w.get value(), b.get value()

(array([ ©.16761281, -0.48895232, -0.098382342]), array(1.9253462414378015))



Tensorflow: [locTpoenune rpaga

import tensorflow as tf

X = tf.placeholder(tf.float32, shape=(None, 3))
y = tf.placeholder(tf.float32, shape=({None,))

W
b

tf.Variable(tft.zeros(3))
tf.Variable(tf.zeros(1l))

y _hat = tf.matmul(X, tf.expand dims{w,1)) + b
error = tf.reduce sum{tf.square(y hat - tf.expand dims(y, 1)}))




Tensorflow: UcrmtoJIHeHUe

optimizer = tf.train.GradientDescentOptimizer(@.8@5).minimize(error)

init = tf.global variables initializer
sess = tf.Session()
sess.run{init)

for epoch in range(1288):
_» € = sess.run{[optimizer, error], feed dict={X: X , y: y_})

B




Keras

model = Sequential([Dense(l, input shape=(3,))])

model.compile(loss="mean_ squared error’ , optimizer="sgd’)
model.fit{X , vy , epochs=1888, verbose=8)

model.predict(X )




JIMHenHast MoJieJlb

fwp(X1,X2,X3) = wixq +WyXx, + waxz + b



JIMHenHast MoJieJlb

fwp(X1,X2,X3) = wixq +WyXx, + waxz + b



[loJIHOCBSAA3BHBIX CJIOU HEUPOHOB

Sequential([Dense(5, input shape=(3,))])




[loJIHOCBSAA3BHBIX CJIOU HEUPOHOB

Sequential{[InputLayer{{3,)).,
Dense(5)])




JIBa MOJIHOCBSA3HBIX CJ10S

Sequential {[InputLayer({(3,)),
Dense(5),
Dense(4)])




AKTUBaLUU

Sequential([InputLayer{{3,)),
Dense(5, activation='relu')},
Dense(4, activation='sigmoid' ) ])




AKTUBaLUU

Sequential{[InputLayer({3,)),
Dense(5),
Activation( 'relu'),
Dense(4),
Activation('sigmoid')])




KOHBOJIWOLIMOHHBIE CETU

Input layer (51) 4 feature maps

. 1 (C1) 4 feature maps (52) 6 feature maps {C2) & feature maps
]

| convalution layer | sub-sampling layer | convolution layer | sub-sampling layer | fully connected HLFl

Sequential([Convolution2D(4, 5, 5, activation="relu",
input_ shape=({1, w, h)),

MaxPooling2D(pool size=(2, 2}, strides=(2, 2)),
Convolution2D({6, 5, 5, activaton="relu"),
MaxPooling2D({pool size=(2, 2), strides=(2, 2)),
Flatten(},
Dense(4, activation="relu")},
Dense(l, activation="softmax")])



ImageNet Challenge

IMAGENET B

e 1,000 object classes
(categories).

e Images:
o 1.2 M train
o 100k test.




AlexNet (2012
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https://www.slideshare.net/xavigiro/saliency-prediction-using-deep-learning-techniques



GoogleNet (2014) : —
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https://www.slideshare.net/xavigiro/deep-learning-for-computer-vision-imagenet-challenge-upc-2016



ResNet (2015) T

__image | WAS WINNING
- conv-64 "k
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https://www.slideshare.net/xavigiro/deep-learning-for-computer-vision-imagenet-challenge-upc-2016



/lpyrue 3aga4yu

Object
Localization
Predict the image region Fas
that contains the B
M dominant object. Then &
o8 image classification can
] be used to recognize §
@ object in the region )
W datasets: ImageNet

Object

Recognition

Localize and classify all

objects appearing in the

image. This task typically

o] includes: proposing
s regions then classify the
J2 ] object inside them.

S datasets: PASCAL, COCO

Image
Classification
Classify an image
4 based on the dominant
8 object inside it.

il datasets: MNIST, CIFAR,
d ImageNet

Semantic Instance ] Keypoint
Segmentation & Segmentation Detection
Label each pixel of an eSS Label each pixel of an % M Detect locations of a set
image by the object class d image by the object i el of predefined keypoints

e of an object, such as
e keypoints in a human
h S5 body, or a human face.
el datasets: COCO

class and object
¥4 instance that it belongs
VT R

datasets: PASCAL, COCO

that it belongs to, such as
human, sheep, and grass
in the example.

datasets: PASCAL, COCO




CerMeHTal

Full-Resolution Residual Networks for Semantic
Segmentation in Street Scenes

Tobias Pohlen, Alexander Hermans,
Markus Mathias, Bastian Leibe

Visual Computing Institute, Computer Vision Group
RWTH Aachen University

Visual Computing Institute Rer
¢ 0 Computer Vision
: Prof. Dr. Bastian Leibe




Pacrmo3HaBaHue IMO3bI

Real-time Multi-Person 2D Pose Estimation
Using Part Affinity Fields

Zhe Cao, Tomas Simon, Shih-En Wei, Yaser Sheikh
Carnegie Mellon University




PackpaluuBaHue U300paKeHUH

https://richzhang.github.io/ideepcolor/



JlopyCOBKa U300paKeHUHU

http://bamos.github.io/2016/08/09/deep-completion/



JlopyCOBKa U300paKeHUHU




JlopyCOBKa U300paKeHUHU




JloprcOBKa I1JIAaHOB




/lpyrue apxXuTeKTyphbl
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rue apXuTeKTYphbl

32 32 64
84 64 84 128 128 128
128 ¢ 128 5 fa -'U- £ /
Eﬂ: 2ﬂ- d sa:
64 | g /164 64
128 128 128
pool  conv  conv
RGB/HSY conv conv conv N N
(Input) 32 32 32 V¢ _64 ‘4
/ / 32 84 64
128 128 i28 28
i i 1 54 B4
SR G IR I e A R ]
L 2=l |5 s | [1]
128 128 128 128 128 64 64 64 64
ol &
i conv conv conv unpool & conv. conv. conv u:g:mt
conv conv conv conv unpool & concat DO
concat DO

(Output)
DO




/lpyrue apxXuTeKTyphbl

RGE reconstruction loss |

uconv-4

input [ T
s ucony=-3 ErEEt RGB
FC-1 ucony-2 128 WS 7 (transformed)
uconv-1 T 3 R N—
FC-2 32 ey AR
class g | £15 | ,”5
‘ m)| | FC3 FC4 FCS = el
] [ L S — [
512 & ‘ - Tg(x-s)
809 54
| 92 128
wsw E:> = 3 Target
4 128 segmentation
64 . (transformed)
512 _ 32 b [
%E' 16 - in "5 Y g [T,
L | | | - | 5 T
g . .
transf. E> 1024 1024 == - . 5 3
param. B.' 1l 1 { . Tys
8 3 1536 128 16" 325 |
128 37 64
512 3, 128

7

Segmentation reconstruction loss




/lpyrue apxXuTeKTyphbl
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PekyppeHTHbIe CEeTH

one to many many to one many to many many to many

http://karpathy.github.io/2015/05/21/rnn-effectiveness/



PekyppeHTHbIe CEeTH

Google

Translate



[leHepanys onrvcaHUH

A
bird

flying
over

14x14 Feature Map

a
body
of
water
L. Input 2. Convolutional 3. RNN with attention 4. Word by

Image  Feature Extraction over the image word

generation
. J

http://kelvinxu.github.io/projects/capgen.html



[leHepanys onrvcaHUH

A(1.00) A(0.99)

http://kelvinxu.github.io/projects/capgen.html



[eHepanyss U300paKeHUH 110

OIIMCAHHIO

The bird is
T Thisbird isred  short and
ind and brown in stubby with
description : :
color, with a yellow on its
stubby beak body
64x64
GAN-INT-CLS
(22]
128x128
GAWWN
(20]
256x256
StackGAN

-

Figure 3. Example results by our proposed StackGAN, GAWWN [20], and GAN-INT-CLS [22] conditioned on text descriptions from

A bird with a
medium orange
bill white body
gray wings and
webbed feet

This small
black bird has
a short, slightly
curved bill and
long legs

A small bird
with varying
shades of
brown with
white under the

A small yellow
bird with a
black crown
and a short
black pointed
beak

N

This small bird
has a white
breast, light
grey head, and
black wings
and tail

CUB test set. GAWWN and GAN-INT-CLS generate 16 images for each text description, respectively. We select the best one for each of

them to compare with our StackGAN.




LipNet




JlobaBJieHH e 3BYKaA K BUJIEO




WaveNet




J1. Jloruka

Task 1

Sto
jnhnr}rwent to the kitchen An swer

daniel travelled to the kitchen

sandra journeyed to the kitchen garden
john went to the bedroom

mary went to the bedroom

sandra went back to the bedroom Confiden CE

john journeyed to the garden

il wen uck 01 oo I S

Question
where is john CDITECt answer
garden

Faninncg Hop 1 Hop 3 Hop 3
[ehr went o the kiichen nong 0o [ )
il trereedies] in the kichen 0o (LR e [ e
A jrameyd o the kitchan o noe ol
ot wmt g e bsstrmcm g 0000 .00
riry wirl 9 tha bedsm 0000 0003 (oL i}
ST Wl DR 19 i Dedrocm 0000 0000 eLi i

s o em

:

el Wil Back L e Badioom 0.000 0003




PoboTuka




PoboTuka

Boston.Dynamics




PoboTuka




Go

NrpoI




NUrpel: Atari




I'pbl: Doom

MmariLy r F — rlpiul=d gl




Urpel: GTAS5

* https://www.twitch.tv/sentdex



https://www.twitch.tv/sentdex
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Theano, Tensortlow, Keras



Theano, Tensortlow, Keras,
PyTorch, MXNet, CNTK, Lasagne,

PyLearn2, DyNet, Chainer, Cafte,
Deepl.earning4J, ...
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Deep Learning Book — X
http://www.deeplearningbook.org/

Practical Deep Learning for Coders
http://www.tast.ai/

Coursera: Deep Learning Specialization
(Andrew Ng, deeplearning.ai)

Coursera: Neural Networks for Machine Learning ..
(Geoftrey Hinton, U. of Toronto) Codalab,

TopCoder,



