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This 2-layer NN (on the left) implements XOR
with only x1 and x2 features.

1-layer NN also can succeed, but only with extra
feature x1*x2.
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Audio Features

E Real world applications
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: : « Object detection
» Action classification

* Image captioning
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i/{ Logistic regression f

X - WX +b - ~P(y)

VO

7\

;Q P(ylx)=o(w-x+b)

| Li=— ZyllogP(yIX) (1—y,)log(1—P(y|x,))
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Problem: nonlinear dependencies f

Logistic regression (generally, linear model) need feature engineering to show good
results.

= L . . :4:
; " STy
a o B = . ¥
+ e
: # =] ' by o F
a ‘e 4"
1 1 3 - - ¥
1.0 A5 oo ns 1.0 -1.5 -1.0 05 .0 s 1.0
What we have What we want

And feature engineering is an art. 16
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Classic pipeline T

[ X }—>.—>.—>[Prediaion}

Handcrafted features, generated by experts.
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i/[ NN pipeline T

X —>. .—> PrEdICtlon

Automatically extracted features
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i/ NN pipeline: example T
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D E.g. two logistic regressions one after another.
) (

— \  Actually, it's a neural network. 19



Activation functions: nonlinearities f
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Some generally accepted terms

Layer — a building block for NNs :
o Dense/Linear/FC layer: f(x) = Wx+b
o Nonlinearity layer: f(x) = o(x)
o Input layer, output layer
o Afew more we will cover later
Activation function — function applied to layer output

o Sigmoid
o tanh
o RelU

o Any other function to get nonlinear intermediate signal in NN
Backpropagation —a fancy word for “chain rule”

{

2]
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[ Softmax ]
fcg | FC 1000 ]
fez [ _Fcaose |
fe6 [ _Fcaose |

[ Pool ]

convs-3 [_3x3conv, 512 |
cow5-2 | 3 x3conw,512 |
conv5-1 [ 3 x3conv,512 |
| Pool ]
convgd-3 | 3 X3 cony,512 |
conva-2 3 X 3 conv, 512
conva-1 [ 3 x3conv,512__|
| Pool |
conv3-2 [_3x3conv. 256 |

convd-1 | ° anmzc_mwm ]
| Pool |

conv2-2 | 3Xx3conv,128 |
conv2-1 |_3Xx3cony,128 |

| Pool |

convl-2 |3 X3 conv,64 ]

convl-l | 3 x 3 conv, 64 |

Actually, networks can be deep
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conv4-3
conv4-2
conv4-1

conv3-2

conv2-2
conv2-1

convl-2
convl-1

3 X wno:q.mqw.

3 x3conv,512

3 X 3 conv, 512

Pool

_ 3 X 3 conv, 512 _
3 X 3 conv,512

3 X% 3 ngFmIHN

Pool

L_3x3cony,256 |

i wano:SNwm ]

Pool

3 X 3 conv, 128

3 X 3 conv,128

Pool

3 X 3 conv, 64

3 X 3 conv, 64

|
|
|
|
|
|

npL

_ Softmax ]
| FC 1000 |
[__Fcaose |
[ FC 4096 ]
| Pool ]
[ 3%x3conv,512 |
L_3Xx3cony,512 |
[ 3%x3cony,512 |
L_3Xx3cony,512 |
Pool
3 X 3 COnv, 512
3 X 3 Conv,512
3 X 3 conv,512
3 X 3 conv, 512
Pool
3 X 3 conv, 256
3 X 3 conv, 256

pr— ) [T N e ey g ey —
e S SN (N N

Pool
L_3Xx3conv,128 |
|_3x3conv,128 |
| Pool |
[ 3 X3 conv, 64 |
_ 3 X 3 conv, 64 _
[ lnput |

VGG19




v Conv Conv Canv Canv
1x1+1(5) [l 3x3+14s) [l sxs+us) [l 1x1+ 1) [ 1x1+10S)
Maxrool Wl Averagefod

(s) ll 5x5+30)

Much deeper...

AN YA

How to train it?

~

24
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Backpropagation and chain rule f
Chain rule is just simple math: 3_1) o 8L 82
Oor 0z Ox

“local gradient”

Backprop is just way to Oz

use it in NN training. S oxr
A% f <z
9z " [ez
Oy 0z

Y a5
oL, .
4 7 gradients
source


http://cs231n.github.io/neural-networks-3/

Backpropagation
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Backpropagation and chain rule f
Chain rule is just simple math: 3_1) o 8L 82
Oor 0z Ox

“local gradient”

Backprop is just way to Oz

use it in NN training. S oxr
A% f <z
9z " [ez
Oy 0z

Y a5
oL, .
4 7 gradients
source


http://cs231n.github.io/neural-networks-3/

l Backpropagation example

J

C f(@,9,2) = (z+y)z
eg.x=-2,y=5z=-+4

D

VaZ\ip

}

source

y 5

-12
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Backpropagation example

f(z,y,2) = (z +y)z
eg.x=-2,y=5,z=-4

- 9 . 0q _
g=z+y %—1,@—1
of of
f=gz PR T
. Oof of 0of
Want: 05 By Bz

source

29
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l{ Backpropagation example

;\< f(z,y,2) = (z + y)z
"/ eg.x=-2,y=52z=-4 y 5
% —it Bq_l Bq_l Z =
y of of
§§f:W I -

< of Of of

~ Want: s Ty B2

source
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;\< f(z,y,2) = (x+y)z

l{ Backpropagation example

n
X -4

'S
af of of

i-’—< \AVE“1t: é%v ’ éhy ’ E%Z

source
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l{ Backpropagation example

/\< f(a:,y,z)Z(:I:+y)z
g.X=-2,y= =-4
§/< e.g. X ,Y=95,2 y 5
/\ o oq oq zZ =
g=x+1+Yy 5:2‘_1’7937“‘1
A
of of
§>( f=qz 5 — g — 4
< of Of of

—
source
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l{ Backpropagation example

N f@y,2)=(z+y)z |
"/ eg.x=-2,y=5,z=-4 y 5
% =it aq_laq_l Z -
/ of of

§>( PRS-

. Of of Oof
Q Want: e g8

source
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l{ Backpropagation example

/\ f(z,y,2) = (z +y)z

\/< eg.x=-2,y=5z=-4

/\
- L .
\/( T Y am_l’ay_l
)
of of
Q f=qz % =55 =4

va

of of of
oz’ By’ 0z

)

¢ Want:

source
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i/( Backpropagation example T

N f@,y,2) = (z+y)z
"/ eg.x=-2,y=5,z=-4 y 5
- =z+y D=1,A=1 ||
- q_ y %_ ,a_ -
/ af of

36( f=gz - 20 9

< of Of of

— Want: 9’ By’ 02 .

source
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Backpropagation example

f(z,y,2) = (x +y)z
eg.x=-2,y=5,z=-4

- dq dq
of of
;=g 5~ %3~ 14

Want:

source

of of of

Oz? Oy’ 62

36
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Backpropagation example

f(@,y,2) = (z +y)z
eg.x=-2,y=5,z=-4

2\ N 2

0q dq
g=z+yY =—=1,==1
0 0 ki 8
Q f=gqz %=z,%=q Chain rule: Ay
]( of _ of &
. Oof of of Oy  Oq oy
[, Want: 55 By Ba

I

source


http://cs231n.github.io/neural-networks-3/
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Backpropagation example

f(z,y,2) = (x +y)z
eg.x=-2,y=5z=-+4

. q 4 64
g=x+vYy g—l,@—l
of of
f=qz 0= %79 =4
. Of of of
Want: oz By’ Bz

source
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Backpropagation example

f(z,y,2) = (z +y)z
eg.x=-2,y=5,z=-4

= g . 09 _
=Tl wlig=1
of of
f=gqz W0 =% =4
. of of of
Want: oz By Bz

source
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Backpropagation and chain rule f
Chain rule is just simple math: 3_1) o 8L 82
Oor 0z Ox

“local gradient”

Backprop is just way to Oz

use it in NN training. S oxr
A% f <z
9z " [ez
Oy 0z

Y a5
oL, .
4 7 gradients
source
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Backpropagation example
1

[ —
(w, 2) 1 4+ exp(—(xowo + T1w1 + W2))

2.00

wo 040 k‘

X1 O4O3OO\~ y
@020 020 1.37 4/\073

@100 */1\ -1.00 @037 Q
wl 060 0.20 -0.20 0.53 -0.53 1.00
21] -3.00

source
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Backpropagation: matrix form

yi = fix) = x
2 = falx) = x
Y — f;z(x) — Xp
VA [FA6) [ A ZfiEx) ... ZAE)
Iy _ |VAE®) | _ | %L | _ | mf) HAx) ... k)
o0x
_me(x)_ _%fm(x)_ | %ﬁn(x) aifom(X) S aix“f;n(x)_

source


https://explained.ai/matrix-calculus/
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Backpropagation: matrix form

vector
scalar 5
*

scalar
¥ 2f af
dx ax

vector
af of
f : = ox

source


https://explained.ai/matrix-calculus/
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X X

N

d
32J1(%)
dy _ [aifz(m

£ f(x)
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source

Backpropagation: matrix form

] i

[ 2 fix) 2fix) ... A
ZH(x) ZhHE) ... EhHE)

i aix,fm(x) %ﬁn(x) aixnfm(x)

d d d
T{]Xz a—XZXZ T a—x”XZ
a d a
i Tﬁxn Exn 3% a—xnx,,

d
(and since =—x; = 0 for j # i)

axj
2x 0 ... 0
0 £x 0
[0 0 ... Zx,
10 ... 0
01 ..0
00 ...1

I (I is the identity matrix with ones down the diagonal)

44
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[ [ [ [
Gradient optimization T
Stochastic gradient descent (and .
variations) is used to optimize NN Lt41 = Tt — leamlﬂg rate - dx
parameters.
A
loss

low learning rate

high learning rate

10

good learning rate

= . y |

o

source
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Once more: nhonlinearities f
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Activation functions: Sigmoid f

= Sigmoid function

Tanh function e MapsRto (0]
' — e Historically popular, one of the
first approximations of neuron
activation

Problems:

e Almost zero gradients on the
both sides (saturation)
e Shifted (not zero-centered)
, output
S — e [Expensive computation of the

1‘" *' exponent

fla) = —— .
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Activation functions: tanh f

2
S ®
= 8
g a

e MapsRto(-11)
e Similar to the Sigmoid in other
ways

Problems:

e Almost zero gradients on the
both sides (saturation)

e [EXxpensive computation of the
— exponent

f(a) — tanh(a) ;
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Activation functions: ELU

Problems:

| P P 4 ' 2 e /erogradientswhen x <0
1-0.5 e Shifted (not zero-centered)
] output

f(a) = max(0, a)

50
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Activation functions: ELU

—| 6o

Problems:

e Shifted, but not so much

8 5 -4 2 output
1-0.5

f(a) = max(0.01a, a)
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Activation functions: ELU

115 Problems:

e Requires exponent
computation

a, a >0
a(exp(a) — 1), a <0
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Activation functions: sum up

Use as baseline approach

Be careful with the learning rates

Try out or

Try out but do not expect much from it
Do not use Sigmoid

53
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Shakespeare

PANDARUS 1

Alas, I think he shall be come approached and the day
When little srain would be attain'd into being never fed,
And who is but a chain and subjects of his death,

I should not sleep.

Second Senator:

They are away this miseries, produced upon my soul,
Breaking and strongly should be buried, when I perish
The earth and thoughts of many states.

DUKE VINCENTIO:
Well, your wit is in the care of side and that.

Second Lord:

They would be ruled after this chamber, and

my fair nues begun out of the fact, to be conveyed,
Whose noble souls I'll have the heart of the wars.

Clown:
Come, sir, I will make did behold your worship.

VIOLA:
I'11 drink it.

source

Algebraic Geometry
(Latex)

| Proof. Omitted. 3]

Lemma 0.1, Let C be a set of the comstruction
Let € be a gerber covering, Let F be o quasi-coberent shoaees of O-modwles. We
haee to show that
o, = 0x(£)

Proof. This is an algebraic space with the composition of sheaves F on Xy, we
hawe

Ox(F) = {marphy xo, (€. F))

where § defines an lsomorphism F < F of Oumodules. o
Lemma 0.2, This is an mteger Z is ingechive,
Proof. See Spaces, Lesinsa 77, 0

Lemma 0.3. Let § be a scheme, Let X be @ scheme and X s an affine open
covering. Let U C X be o canonicel and locally of fimite type. Let X be g scheme,
Let X be @ scheme which is equal lo the formal comples.

The following to the comstruction of the lemma follows,

Let X be a scheme. Let X be a scheme coverng. Let
XY aYaYaY xxYaX

be @ morphism of algelrwic spaces over S and Y

Preof. Let X be a nonpero schewoe of X, Let X be an algebirnle space. Let F be o
quasi-coberent shoaf of Ox-modudes. The following are equivalent

(1) F is an algebiraic space over S,

(2) I X & an affine open covering,

Comsider & common strocture on X and X the functor Ox (U) which s locally of

finite type.

Linux kernel (source code)

static void action mew_functica(struct s stat_info *wb)
{
wmsigned loag flags;
ist lel idx bit = e->edd, *sys & ~((ussigned long) *FIRST COMPAT);
bef[0] = OxFEREEFIT & (bit << 4);
min(inc, slist->bytes);
printk(XERN NARNING "Memory allocated W02x/402x, *
‘original MLL isstead\n®),
nin(min{malti run - s->les, max) * mm data in),
frame pos, sz + first seq);
div_ubd_w(val, ish p);
spin_salock|ddisk->quese_lock);
mitex_ualock(ks->sock->mutex);
mitex unlock(éfunc->mutex);
return disassemble(info->peading bh);

55
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source

Proof. Omitted. &)

Lemma 0.1. Let C be a set of the construction.
Let C be a gerber covering. Let F be a quasi-coherent sh
have to show that

of O-modules. We

Oo, = 0x(L)

Proof. This is an algebraic space with the composition of sheaves F on X4, we
have

Ox (F) = {morphy xoy (G.F)}

where G defines an isomorphism F — F of O-modules. a
Lemma 0.2. This is an integer Z is injective.
Proof. See Spaces, Lemma ??. m]

Lemma 0.3. Let S be a scheme. Let X be a scheme and X is an affine open
covering. Let U C X be a canonical and locally of finite type. Let X be a scheme.
Let X be a scheme which is equal to the formal complez.

The following to the construction of the lemma follows.
Let X be a scheme. Let X be a scheme covering. Let

0: X33Y' a9 Y a3 Y3 Y xx Y3 X,
be a morphism of algebraic spaces over S and Y .

Proof. Let X be a nonzero scheme of X. Let X be an algebraic space. Let F be a
quasi-coherent sheaf of Ox-modules. The following are equivalent

(1) F is an algebraic space over S.

(2) If X is an affine open covering.
Consider a common structure on X and X the functor Ox (U) which is locally of
finite type. m}

This since F € F and z € G the diagram

S—>

§——> Oy

AN

=a —

gor,

=a/ ——a X

Spec(Ky) Morsets  d(Oxy,,.G)

is a limit. Then G is a finite type and assume S is a flat and F and G is a finite
type f.. This is of finite type diagrams, and
o the composition of G is a regular sequence,
e Oy is a sheaf of rings.
o

Pmoj‘ WehaveseethatX—Spec(R)nnd}'uaﬂmbetyperepresenubleby
space. The prop F is a finite morphism of algebraic stacks. Then the
cohomology of X is an open neighbourhood of U. u]

Proof. This is clear that G is a finite presentation, see Lemmas ??.
A reduced above we conclude that U is an open covering of C. The functor F is a
“field

OX,! — Fz 'l(oXau-l o o;(:OXx(o‘;.)
is an isomorphism of covering of Oy,. If F is the unique element of F such that X
is an isomorphism.
The property F is a disj union of Prop ?? and we can filtered set of
ions of a sch O x-algebra with F are opens of finite type over S.
If}'masd:eme theoretic image points.

If F is a finite direct sum Oy, is a closed immersion, see Lemma ??. This is a
sequence of F is a similar morphism.
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source

#include <asm/io.h>

#include <asm/prom.h>
#include <asm/e820.h>
tinclude <asm/system_info.h>
$#include <asm/setew.h>
tinclude <asm/pgproto.h>

#define REG_PG vesa_slot_addr_pack
f#define PFM_NOCOMP AFSR(0, load)
f§define STACK_DDR(type) (func)

#define SWAP_ALLOCATE (nr) (@)

fdefine emulate_sigs() arch get unaligned child()

$define access_rw(TST) asm volatile("movd $%esp, %0, %3" : : "r" (0));
if (__type & DO_READ)

static void stat_PC_SEC _ read mostly offsetof(struct seq argsqueue, \
pC>[1]);

static void
os_prefix(unsigned long sys)
{
#ifdef CONFIG_PREEMPT
PUT_PARAM RAID(2, sel) = get_state_state();
set_pid sum((unsigned long)state, current_state_str(),
(unsigned long)-1->lr full; low;



http://karpathy.github.io/2015/05/21/rnn-effectiveness/
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CNN:Convolutional layer and visual

cortex

Feature visualization of convolutional net trained on ImageNet from [Zeiler & Fergus 2013]

Mid-Level

High-Level

Feature
Ay

Trainable
Classifier

Low-Level
—_—
Feature Feature

Hubel & Weisel
topographical mapping

featural hierarchy

complex cells

simple cells

@ high level
@ mid level
D

G’ iow levet

[From Yann LeCun slides]
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CNN:Convolutional layer and visual
cortex

source

{
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https://habr.com/ru/post/370541/

DATA

Which dataset do
you want to use?

Ratio of training to
test data: 50%
— 9

Noise: 0

e

Batch size: 10
—

REGENERATE

source

Don't miss the interactive playground

FEATURES + — 1 HIDDEN LAYER OUTPUT
Which properties do r 1 Test loss 0.208
you want to feed in? g, @ Training loss 0.207
2 neurons
I —
— —
o e
4_—-—“/ \\~‘~~

sin(X,) il ;

sin(X;) =

This is the output
from one neuron.
Hover to see it

larger.

Colors shows

data, neuron and "J 1L

weight values. 1

[ Showtestdata [] Discretize output


https://playground.tensorflow.org/
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Outro f

e Neural Networks are great
o Especially for data with specific structure

e All operations should be differentiable to use backpropagation mechanics
o And still it is just basic differentiation

e Many techniques in Deep Learning are inspired by nature
o Or general sense

e Do not hesitate to ask questions (and answer them as well)

More materials for self-study: link
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http://github.com/girafe-ai/ml-mipt/blob/master/extra_materials.md

Backup

girafe
ai
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Optimizers

Stochastic gradient descent (and
variations) is used to optimize NN
parameters.

A

loss

low learning rate

high learning rate

good learning rate

source

{

ri11 = T+ — learning rate - dx

10

100

64


http://cs231n.github.io/neural-networks-3/
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Optimizers

There are much more optimizers:

Momentum
Adagrad
Adadelta
RMSprop
Adam

even other NNs

- sgd
——  momentum ||
- nag
- adagrad \
adadelta N
N
rmsprop \
_5 \\\\
-2 -1 5
100
80 F
60 |
40}
20}
O 1 | 1 1 1
0 20 40 60 80 100 120
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i/{ Optimization: SGD
7
¥

N
1
L(W) = N E Lz, 45, W)
i—1

N
1|
VwL(W) = N E VwLi(xi,ys, W)
i

(DS

7\

)
§> Averaging over minibatches ->noisy gradient

)

Y

I
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source


http://cs231n.stanford.edu/slides/2017/cs231n_2017_lecture7.pdf

=

N

20 0D

o=

N
—

}

First idea: momentum

Simple SGD

Tir1 = T — aV f(xy)

Velocity

SGD with momentum

Vi1 = pve + Vf(ze)

It4+1 = Tt — QUt4-1

source

Momentum update:

actual step

Gradient

{

7/


http://cs231n.stanford.edu/slides/2017/cs231n_2017_lecture7.pdf

l{ Nesterov momentum

X

A4

Velocity

Z\

actual step

Gradient

a2\l

—_

Vi+1 = pvr + V ()

Tt4+1 = Lt — OVUt+1

}

source

Momentum update:

Nesterov Momentum

Gradient

Velocity

actual step

Vi1 = pvs — oV f(

Tt + PU

S —

Tt+1 = Tt + Vet1
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http://cs231n.stanford.edu/slides/2017/cs231n_2017_lecture7.pdf
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Comparing momentums

source

— SGD+Momentum

= Nesterov

f
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http://cs231n.stanford.edu/slides/2017/cs231n_2017_lecture7.pdf

different

Adagrad: SGD with cache

i/{ Second idea: different dimensions aref
j C
P\

cache; 11 = cache; + (Vf(24))?
O\/< t+1 t Vf(xt;
2N Tiyl = Tp —

cache; 1 + ¢
6\7
7<
(D
=

70



different

Adagrad: SGD with cache

cache; 11 = cache; + (Vf(24))?
\/ \V,
O _ f(zt)
2N Tiyl = Tp —

i/{ Second idea: different dimensions aref
j C
P\

cache; 1 + ¢

\/
N\
Q Problem: gradient fades with time

)
D
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Second idea: different dimensions aref
different

Adagrad: SGD with cache
cache; 11 = cache; + (Vf(24))?

Vf(z)

cache; 1 + ¢

\ RMSProp: SCGD with cache with exp.
Smoothing

cache; 1 = Pcachey + (1 — 5)(Vf(xt))2
7 Vf(z)

Li41 — Tt —
cache; 1 + ¢
72

LTty — Tt —
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Slide 29 Lecture 6 of Geoff Hinton's Coursera class


http://www.cs.toronto.edu/~tijmen/csc321/slides/lecture_slides_lec6.pdf
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http://cs231n.stanford.edu/slides/2017/cs231n_2017_lecture7.pdf

Let's combine the momentum idea and RMSProp normalization:

Vi1 = Yvr + (1 —7)V f(x¢)
cache; 11 = [Bcache; + (1 — 5)(Vf(93t))2

Ut4-1
cache; 1 + <

i/( Adam
X

Lt4+1 — Lt —

2AED 'S

o=

I

Adam full form involves bias correction term. See link for more info.
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http://cs231n.github.io/neural-networks-3/

Let's combine the momentum idea and RMSProp normalization:

i/( Adam
X

-/ vep1 = yor + (1 — )V f(x¢)
% Cachet+1 — Bca@het + (1 — B)(Vf(l‘t))z

- Ut4-1
2!

cache; 1 + <
y< Actually, that's not quite Adam.
(O
—\

Adam full form involves bias correction term. See link for more info.

Lt4+1 — Lt —
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http://cs231n.github.io/neural-networks-3/
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Comparing optimizers

m— SGD+Momentum

= RMSProp

m— Adam

source

76


http://cs231n.stanford.edu/slides/2017/cs231n_2017_lecture7.pdf
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Once more: learning rate f

4 A Loss .
loss Learning rate decay!

low learning rate
high learning rate

good learning rate

Epoch

77
source


http://cs231n.stanford.edu/slides/2017/cs231n_2017_lecture7.pdf
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Sum up: optimization

Adam is great basic choice

Even for Adam/RMSProp learning rate matters
Use learning rate decay

Monitor your model quality
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i;: Train Loss Accuracy
j < 175 &g —e— train
///\\ 15.0 —+— val
12.5 0.8 1
\/ 10.0
<> < 0.7
/\ 75
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?( Better optimization algorithms But we really care about error on new
D help reduce training loss data - how to reduce the gap?
) (

J
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source


http://cs231n.stanford.edu/slides/2017/cs231n_2017_lecture7.pdf

Deep Learning Timeline

2006
Deep
Belief
1986
5 Networks
7? 159:; ’ Multilayer i
*** 1958 1969 1982 p 1997 =
.. erceptro % . .. Capsule
Perceptro XOR Organizin Hopfield P 1984 Bidirectio pretrainin 51, P
1940 Networks
n problem gMap Network gumemart inton RNNS nalRNN g Dropout  saueur Frosst.
Dark Era Rosenblatt Minsky & Papert Kohonen John Hopfield & Williams Jordan Schuster & Paliwal  Hinton Hinton Hinton
1943 1960 1974 1980 1985 1986 1990 1997 2006 2014
Neural ADALINE Backpropa Neocogitro Boltzmann Restricted LeNet LSTMs Deep GANs
Nets Widrow&Hoft gation n Machine  Boltzmann '*“"  [oreter®  Boltzmann oo
McCulloch & Pitt Werbos (and more) Fukushima Hinton & Sejnowski Machine MaChines
Smolensky Salakhutdinov &
Hinton

Made by Favio Vazquez
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Neural Networks in different areas.
Historical overview.
Backpropagation.

More on backpropagation.
Activation functions.

Playground.



Thanks for attention!
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