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Íàïîìèíàíèå: ìîäåëè êëàññè�èêàöèè è ðåãðåññèè

Äàíî: âûáîðêà X ℓ = (xi , yi )
ℓ
i=1, îáúåêòû xi ∈ R

n
, îòâåòû yi

Çàäà÷à ðåãðåññèè: yi ∈ R

Íàéòè: ìîäåëü ðåãðåññèè a(x ,w), âåêòîð ïàðàìåòðîâ w

Êðèòåðèé: Q(w ;X ℓ) =
ℓ∑

i=1
L
(
a(xi ,w)− yi
︸ ︷︷ ︸

εi (w) � error, îøèáêà

)
→ min

w
,

ãäå L óíèìîäàëüíàÿ: L(ε) = ε2, |ε|,
(
|ε| − c

)

+, è äð.

Çàäà÷à êëàññè�èêàöèè ñ äâóìÿ êëàññàìè: yi ∈ {±1}

Íàéòè: ìîäåëü êëàññè�èêàöèè a(x ,w) = sign g(x ,w)

Êðèòåðèé: Q(w ;X ℓ) =
ℓ∑

i=1
L
(
g(xi ,w)yi
︸ ︷︷ ︸

Mi (w) � margin, îòñòóï

)
→ min

w
,

ãäå L íåâîçðàñòàþùàÿ: L(M) = ln(1 + e−M), (1−M)+, è äð.
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Èñêóññòâåííûé íåéðîí � ëèíåéíàÿ ìîäåëü êëàññè�èêàöèè

Ëèíåéíàÿ ìîäåëü íåéðîíà (1943):

a(x ,w) = σ

(
n∑

j=1
wj fj(x)− w0

)

fj(x) � ïðèçíàêè îáúåêòà x

wj � âåñà ïðèçíàêîâ

w0 � ïîðîã àêòèâàöèè

σ(z) � �óíêöèÿ àêòèâàöèè

f1(x)

f2(x)

· · ·

fn(x)

∑
σ a(x)

w1
PPP

((PPP
w2
❬❬❬ --❬❬
...

wn♥♥♥

66♥♥♥
//

−1

w0

PP

Óîððåí Âàëüòåð

ÌàêÊàëëîê Ïèòòñ

(1898�1969) (1923�1969)
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Ïåðñåïòðîí �îçåíáëàòòà (1957) è òåîðåìà Íîâèêîâà (1960)

Mark-1 � ïåðâûé íåéðîêîìïüþòåð (1960)

Îáó÷åíèå � ìåòîä êîððåêöèè îøèáêè

Àðõèòåêòóðà � äâóõñëîéíàÿ ñåòü

Ôðýíê �îçåíáëàòò

(1928�1971)

�îçåíáëàòò Ô. Ïðèíöèïû íåéðîäèíàìèêè. Ïåðöåïòðîíû è òåîðèÿ ìåõàíèçìîâ

ìîçãà. 1965 (1962)

Noviko� A. B. J. On 
onvergen
e proofs on per
eptrons. 1962
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Íåéðîííàÿ ðåàëèçàöèÿ áóëåâûõ �óíêöèé

Ôóíêöèè È, ÈËÈ, ÍÅ áèíàðíûõ ïðèçíàêîâ x1, x2:

76540123x1

76540123x2

−1

∑ [
x1+x2− 3

2 > 0
]
= (x1∧x2)

1
❙❙

))❙❙❙
❙

1 //
3
2❦❦

55❦❦❦❦
//

76540123x1

76540123x2

−1

∑ [
x1+x2− 1

2 > 0
]
= (x1∨x2)

1
❙❙

))❙❙❙
❙

1 //
1
2❦❦

55❦❦❦❦
//

76540123x1

−1

∑ [
(1−x1)− 1

2 > 0
]
= ¬x1

−1
❨❨ ,,❨❨❨
−

1
2❡❡

22❡❡❡ //

0 1

0

1 

�

0 1

0

1 

���

0 1

0

��

Âîïðîñ: ëþáóþ ëè áóëåâó �óíêöèþ ìîæíî ðåàëèçîâàòü

íåéðîíîì? íåéðîñåòüþ? ñêîëüêî ïîòðåáóåòñÿ ñëî¼â?
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Îãðàíè÷åííîñòü ëèíåéíûõ ìîäåëåé: �óíêöèÿ XOR

Ôóíêöèÿ x1 ⊕ x2 = [x1 6= x2] íå ðåàëèçóåìà îäíèì íåéðîíîì.

Äâà ñïîñîáà ðåàëèçàöèè:

Äîáàâëåíèåì íåëèíåéíîãî ïðèçíàêà (feature generation):

x1 ⊕ x2 =
[
x1 + x2 − 2x1x2 − 1

2 > 0
]
;

Ñåòüþ (äâóõñëîéíîé ñóïåðïîçèöèåé) �óíêöèé È, ÈËÈ, ÍÅ:

x1 ⊕ x2 =
[
(x1 ∨ x2)− (x1 ∧ x2)− 1

2 > 0
]
.

76540123x1

76540123x2

?>=<89:;−1

∑

∑

∑

?>=<89:;−1

(x1 ⊕ x2)

1
❘❘❘

❘

((❘❘
❘❘

1❧❧❧

66❧❧❧❧❧
1
✾✾

✾✾

��✾
✾✾

✾✾
✾✾

✾

1
❘❘❘

((❘❘
❘❘❘

1
2✆✆✆
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3
2❧❧❧
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❘❘❘

((❘❘❘

−1❧❧❧

66❧❧❧

1
2

QQ
// 0 1

0

1

1-й способ

0 1

0

1

2-й способ
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Ëþáóþ ëè �óíêöèþ ìîæíî ïðåäñòàâèòü íåéðîñåòüþ?

�åøåíèå òðèíàäöàòîé (èç 23) ïðîáëåì �èëüáåðòà (1900):

Òåîðåìà [Êîëìîãîðîâ, 1956; Àðíîëüä, 1957℄

Ëþáàÿ íåïðåðûâíàÿ �óíêöèÿ n àðãóìåíòîâ íà åäèíè÷íîì êóáå

[0, 1]n ïðåäñòàâèìà â âèäå ñóïåðïîçèöèè íåïðåðûâíûõ �óíêöèé

îäíîãî àðãóìåíòà è îïåðàöèè ñëîæåíèÿ:

f (x1, . . . , xn) =

2n+1∑

k=1

Φk

( n∑

j=1

ϕjk(xj)

)

,

ãäå Φk , ϕjk � íåïðåðûâíûå �óíêöèè, è ϕjk íå çàâèñÿò îò f .

Âîïðîñ: ìîæíî ëè ñ÷èòàòü ýòî äâóõñëîéíîé íåéðîñåòüþ?

À.Í.Êîëìîãîðîâ. Î ïðåäñòàâëåíèè íåïðåðûâíûõ �óíêöèé íåñêîëüêèõ ïåðåìåííûõ

ñóïåðïîçèöèÿìè íåïðåðûâíûõ �óíêöèé ìåíüøåãî ÷èñëà ïåðåìåííûõ. 1956.

Â.È.Àðíîëüä. Î �óíêöèè òðåõ ïåðåìåííûõ. 1957.
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Èìååò ëè òåîðåìà Êîëìîãîðîâà îòíîøåíèå ê íåéðîñåòÿì?

Âðîäå äà:

ñòðóêòóðà ñóïåðïîçèöèè ñîîòâåòñòâóåò äâóõñëîéíîé ñåòè

èìåþòñÿ óíèâåðñàëüíûå àïïðîêñèìàöèîííûå ñâîéñòâà

Íà ñàìîì äåëå � íåò:

ýòî òî÷íîå ïðåäñòàâëåíèå; íàì äîñòàòî÷íî àïïðîêñèìàöèè

�óíêöèè Φk , ϕjk íå ãëàäêèå è ñëîæíî ñòðîÿòñÿ

íåò íè âåñîâ W , íè îïòèìèçàöèîííîé çàäà÷è îáó÷åíèÿ

÷èñëî ñëî¼â 2 è ÷èñëî íåéðîíîâ [2n + 1, n] �èêñèðîâàíû

Íî ìîæíî îáîáùèòü êîíñòðóêöèþ ýâðèñòè÷åñêè (KAN):

ëþáîå ÷èñëî ñëî¼â, ëþáàÿ øèðèíà ñëî¼â

âìåñòî �óíêöèé Φk , ϕjk � îäíîìåðíûå ñïëàéíû (ñ âåñàìè)

èñïîëüçîâàòü ñòàíäàðòíûå ìåòîäû îáó÷åíèÿ (Ba
kProp)

Ziming Liu et al. KAN: Kolmogorov�Arnold Networks. 2024/04/30
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Äâóõñëîéíûå ñåòè � óíèâåðñàëüíûå àïïðîêñèìàòîðû �óíêöèé

Ôóíêöèÿ σ(z) � ñèãìîèäà, åñëè lim
z→−∞

σ(z) = 0 è lim
z→+∞

σ(z) = 1.

Òåîðåìà Öûáåíêî (universal approximation theorem, 1989)

Åñëè σ(z) � íåïðåðûâíàÿ ñèãìîèäà, òî äëÿ ëþáîé íåïðåðûâíîé

íà [0, 1]n �óíêöèè f (x) ñóùåñòâóþò òàêèå çíà÷åíèÿ ïàðàìåòðîâ

H, αh ∈ R, wh ∈ R
n
, w0 ∈ R, ÷òî äâóõñëîéíàÿ ñåòü

a(x) =

H∑

h=1

αhσ
(
〈x ,wh〉 − w0

)

ðàâíîìåðíî ïðèáëèæàåò f (x) ñ ëþáîé òî÷íîñòüþ ε:
∣
∣a(x)− f (x)

∣
∣ < ε, äëÿ âñåõ x ∈ [0, 1]n.

George Cybenko. Approximation by Superpositions of a Sigmoidal fun
tion.

Mathemati
s of Control, Signals, and Systems. 1989.
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Îáîáùåíèå: ïîëíîñâÿçíàÿ íåéðîííàÿ ñåòü ñ L ñëîÿìè

Àðõèòåêòóðà ñåòè: H
l

� ÷èñëî íåéðîíîâ â l-ì ñëîå, l = 1, . . . , L

x0 = x =
(
fj(x)

)
n
j=0 � âåêòîð ïðèçíàêîâ íà âõîäå ñåòè, H0 = n

x l =
(
x l

h

)
H

l

h=0 � âåêòîð ïðèçíàêîâ íà âûõîäå l-ãî ñëîÿ, x l

0 = −1

xL = a(x) =
(
am(x)

)
M
m=1 � âûõîäíîé âåêòîð ñåòè, HL = M

W l = (w l

kh) � ìàòðèöà âåñîâ l-ãî ñëîÿ, ðàçìåðà (H
l−1 + 1)×H

l

Âîïðîñ: çà÷åì íóæíî ìíîãî (M) âûõîäíûõ íåéðîíîâ?
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Çîîïàðê àðõèòåêòóð íåéðîííûõ ñåòåé

Àðõèòåêòóðà ñåòè � ñòðóêòóðà ñëî¼â è ñâÿçåé ìåæäó íèìè,

ïîçâîëÿþùàÿ íàäåëÿòü ñåòü íóæíûìè ñâîéñòâàìè

Âñå àðõèòåêòóðû îáó÷àþòñÿ ìåòîäîì Ba
kProp (íó, ïî÷òè),

â íåïîëíîñâÿçíîé ñåòè îòñóòñòâóþùèå ñâÿçè èãíîðèðóþòñÿ
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Ìíîãîñëîéíûå íåéðîííûå ñåòè

Ìåòîä îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê

�ëóáîêèå íåéðîííûå ñåòè

Ìåòîä ñòîõàñòè÷åñêîãî ãðàäèåíòà

Àëãîðèòì Ba
kProp

Ba
kProp: ïðåèìóùåñòâà, íåäîñòàòêè, ýâðèñòèêè

Íàïîìèíàíèå: àëãîðèòì SG (Sto
hasti
 Gradient)

Ìèíèìèçàöèÿ ñðåäíèõ ïîòåðü íà îáó÷àþùåé âûáîðêå:

Q(w) =
1

ℓ

ℓ∑

i=1

L (w , xi ) → min
w

.

Âõîä: âûáîðêà (xi , yi )
ℓ
i=1; òåìï îáó÷åíèÿ η; ïàðàìåòð λ;

Âûõîä: âåêòîð âåñîâ âñåõ ñëî¼â w = (W 1, . . . ,W L);

èíèöèàëèçèðîâàòü âåñà w è òåêóùóþ îöåíêó Q(w);
ïîâòîðÿòü

âûáðàòü îáúåêò xi èç X ℓ
(íàïðèìåð, ñëó÷àéíî);

âû÷èñëèòü ïîòåðþ Li := L (w , xi );
ãðàäèåíòíûé øàã: w := w − η∇L (w , xi );
îöåíèòü çíà÷åíèå �óíêöèîíàëà: Q := (1− λ)Q + λLi ;

ïîêà çíà÷åíèå Q è/èëè âåñà w íå ñòàáèëèçèðóþòñÿ;

H.Robbins, S.Monro. A sto
hasti
 approximation method // Annals of Math. Stat., 1951.
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Ìíîãîñëîéíûå íåéðîííûå ñåòè

Ìåòîä îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê

�ëóáîêèå íåéðîííûå ñåòè

Ìåòîä ñòîõàñòè÷åñêîãî ãðàäèåíòà

Àëãîðèòì Ba
kProp

Ba
kProp: ïðåèìóùåñòâà, íåäîñòàòêè, ýâðèñòèêè

Çàäà÷à äè��åðåíöèðîâàíèÿ ñóïåðïîçèöèè �óíêöèé

Âû÷èñëåíèå ñåòè ïî âõîäíîìó âåêòîðó x , ðåêóððåíòíî ïî ñëîÿì:

x l = σl

(
W lx l−1

)
� â ìàòðè÷íîé çàïèñè, è ïîêîîðäèíàòíî:

x l

h = σl

h

(
S l

h

)
, S l

h =

H
l−1∑

k=0

w l

khx
l−1
k , h = 1, . . . ,H

l

, l = 1, . . . , L,

Ôóíêöèÿ ïîòåðü íà îáúåêòå xi (íàïðèìåð, êâàäðàòè÷íàÿ):

L (w , xi ) ≡ Li (w) =
1

2

M∑

m=1

(
am(xi ,w)− yim

)2

Ïî �îðìóëå äè��åðåíöèðîâàíèÿ ñóïåðïîçèöèè �óíêöèé:

∂Li (w)

∂w l

kh

=
∂Li (w)

∂x l

h

∂x l

h

∂w l

kh

, k = 0, . . . ,H
l−1, h = 1, . . . ,H

l

Âîïðîñ: ÷òî èçìåíèòñÿ, åñëè ñåòü áóäåò íåïîëíîñâÿçíîé?
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Ìíîãîñëîéíûå íåéðîííûå ñåòè

Ìåòîä îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê

�ëóáîêèå íåéðîííûå ñåòè

Ìåòîä ñòîõàñòè÷åñêîãî ãðàäèåíòà

Àëãîðèòì Ba
kProp

Ba
kProp: ïðåèìóùåñòâà, íåäîñòàòêè, ýâðèñòèêè

�åêóððåíòíîå âû÷èñëåíèå ÷àñòíûõ ïðîèçâîäíûõ

Íàéä¼ì ñíà÷àëà ÷àñòíûå ïðîèçâîäíûå Li (w) ïî xLm ≡ am(xi ,w):

∂Li (w)

∂xLm
= am(xi ,w)− yim ≡ εLim;

äëÿ êâàäðàòè÷íîé �óíêöèè ïîòåðü ýòî îøèáêà âûõîäíîãî ñëîÿ.

×àñòíûå ïðîèçâîäíûå ïî x l

h áóäåì âû÷èñëÿòü ðåêóððåíòíî,

ïî óðîâíÿì ñïðàâà íàëåâî, l = L, . . . , 2:

∂Li (w)

∂x l−1
k

=

H
l∑

h=0

∂Li (w)

∂x l

h

(σl

h)
′(S l

ih)
︸ ︷︷ ︸

z l

ih

w l

kh =

H
l∑

h=0

εl

ihz
l

ihw
l

kh = εl−1
ik

� �îðìàëüíî íàçîâ¼ì ýòî îøèáêîé ñêðûòîãî ñëîÿ.

Çàìå÷àíèå: σl

h è (σl

h)
′
âû÷èñëÿþòñÿ â òî÷êå S l

ih =
H

l−1∑

k=0

w l

khx
l−1
ik

Âîïðîñ: ÷òî èçìåíèòñÿ, åñëè âçÿòü äðóãóþ �óíêöèþ ïîòåðü?
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Ìíîãîñëîéíûå íåéðîííûå ñåòè

Ìåòîä îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê

�ëóáîêèå íåéðîííûå ñåòè

Ìåòîä ñòîõàñòè÷åñêîãî ãðàäèåíòà

Àëãîðèòì Ba
kProp

Ba
kProp: ïðåèìóùåñòâà, íåäîñòàòêè, ýâðèñòèêè

Áûñòðîå âû÷èñëåíèå ãðàäèåíòà

�åêóððåíòíàÿ �îðìóëà çàïèñàíà òàê, áóäòî ñåòü çàïóñêàåòñÿ

¾çàäîì íàïåð¼ä¿, ÷òîáû âû÷èñëÿòü εl−1
ik

ïî εl

ih:

εl−1
ik

∑

εl

i0z
l

i0

εl

ihz
l

ih

εl

iH
l

z l

iH
l

. . .

. . .

oo
ww

wk0♦♦♦

♦♦♦

oo wkhgg
wkH

l

❖❖❖

❖❖❖

Òåïåðü, èìåÿ ÷àñòíûå ïðîèçâîäíûå Li (w) ïî âñåì x l

h,

ëåãêî íàéòè ãðàäèåíò Li (w) ïî âåêòîðó âåñîâ w :

∂Li (w)

∂w l

kh

=
∂Li (w)

∂x l

h

∂x l

h

∂w l

kh

= εl

ihz
l

ihx
l−1
ik
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Ìíîãîñëîéíûå íåéðîííûå ñåòè

Ìåòîä îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê

�ëóáîêèå íåéðîííûå ñåòè

Ìåòîä ñòîõàñòè÷åñêîãî ãðàäèåíòà

Àëãîðèòì Ba
kProp

Ba
kProp: ïðåèìóùåñòâà, íåäîñòàòêè, ýâðèñòèêè

Àëãîðèòì îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáêè Ba
kProp

Âõîä: âûáîðêà (xi , yi )
ℓ
i=1, àðõèòåêòóðà (H

l

)L
l=1, ïàðàìåòðû η, λ;

Âûõîä: âåêòîð âåñîâ âñåõ ñëî¼â w = (W 1, . . . ,W L);
èíèöèàëèçèðîâàòü âåñà w ;

ïîâòîðÿòü

âûáðàòü îáúåêò xi èç X ℓ
(íàïðèìåð, ñëó÷àéíî);

ïðÿìîé õîä: äëÿ âñåõ l = 1..L, h = 1..H
l

S l

ih :=
∑H

l−1

k=0 w l

khx
l−1
ik ; x l

ih := σl

h

(
S l

ih

)
; z l

ih := (σl

h)
′
(
S l

ih

)
;

âû÷èñëåíèå îøèáîê: εLhi :=
∂Li (w)

∂xL
h

, äëÿ âñåõ h = 1..HL;

îáðàòíûé õîä: äëÿ âñåõ l = L..2, k = 0..H
l−1

εl−1
ik

=
∑H

l

h=0 ε
l

ihz
l

ihw
l

kh;

ãðàäèåíòíûé øàã: äëÿ âñåõ l = 1..L, k = 0..H
l−1, h = 1..H

l

w l

kh := w l

kh − η εl

ihz
l

ihx
l−1
ik

;

ïîêà çíà÷åíèÿ Q è/èëè âåñà w íå ñòàáèëèçèðóþòñÿ;
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Ìíîãîñëîéíûå íåéðîííûå ñåòè

Ìåòîä îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê

�ëóáîêèå íåéðîííûå ñåòè

Ìåòîä ñòîõàñòè÷åñêîãî ãðàäèåíòà

Àëãîðèòì Ba
kProp

Ba
kProp: ïðåèìóùåñòâà, íåäîñòàòêè, ýâðèñòèêè

Àëãîðèòì Ba
kProp: ïðåèìóùåñòâà è íåäîñòàòêè

Ïðåèìóùåñòâà:

âðåìÿ âû÷èñëåíèÿ ãðàäèåíòà O(dimw) âìåñòî O(dim2w)

îáîáùåíèå íà ëþáûå àðõèòåêòóðû è ëþáûå σ, L

âîçìîæíîñòü äèíàìè÷åñêîãî (ïîòîêîâîãî) îáó÷åíèÿ

ñóáëèíåéíîå îáó÷åíèå íà ñâåðõáîëüøèõ äàííûõ

âîçìîæíîñòü ðàñïàðàëëåëèâàíèÿ

Íåäîñòàòêè � âñå òå æå, ñâîéñòâåííûå SG:

ìåäëåííàÿ ñõîäèìîñòü

çàñòðåâàíèå â ëîêàëüíûõ ýêñòðåìóìàõ

çàòóõàíèå ãðàäèåíòîâ èç-çà ãîðèçîíòàëüíûõ àñèìïòîò σ

âçðûâû ãðàäèåíòà èç-çà îâðàæíîãî ëàíäøà�òà êðèòåðèÿ

ìóëüòèêîëëèíåàðíîñòü ëèíåéíûõ íåéðîíîâ ⇒ ïåðåîáó÷åíèå

ïîäáîð êîìïëåêñà ýâðèñòèê ÿâëÿåòñÿ èñêóññòâîì
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Ìíîãîñëîéíûå íåéðîííûå ñåòè

Ìåòîä îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê

�ëóáîêèå íåéðîííûå ñåòè

Ìåòîä ñòîõàñòè÷åñêîãî ãðàäèåíòà

Àëãîðèòì Ba
kProp

Ba
kProp: ïðåèìóùåñòâà, íåäîñòàòêè, ýâðèñòèêè

Àëãîðèòì Ba
kProp: ýâðèñòèêè

Òå æå, ÷òî äëÿ ëþáîãî ãðàäèåíòíîãî ìåòîäû:

1

ïîäáîð èíèöèàëèçàöèè

2

àäàïòèâíûå ãðàäèåíòíûå øàãè äëÿ óñêîðåíèÿ ñõîäèìîñòè

(Momentum, NAG, PMSProp, AdaDelta, Adam, Nadam è äð.)

3

ïðåîäîëåíèå ëîêàëüíûõ ýêñòðåìóìîâ, ìóëüòèñòàðò

Ñïåöè�è÷åñêèå ýâðèñòèêè äëÿ íåéðîñåòåâûõ àðõèòåêòóð:

1

èíèöèàëèçàöèÿ ïóò¼ì áûñòðîãî ïîñëîéíîãî îáó÷åíèÿ

2

êóñî÷íî-ëèíåéíûå �óíêöèè àêòèâàöèè ReLU è äð.

3

ðåãóëÿðèçàöèè: L2, L1, Dropout, Skip Conne
tion

4

ðàçëè÷íûå íîðìèðîâêè äëÿ âû÷èñëèòåëüíîé óñòîé÷èâîñòè

5

ðàçðåæèâàíèå ñåòè (L1, OBD, OBS è äð.)
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Ìíîãîñëîéíûå íåéðîííûå ñåòè

Ìåòîä îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê

�ëóáîêèå íåéðîííûå ñåòè

Ìåòîä ñòîõàñòè÷åñêîãî ãðàäèåíòà

Àëãîðèòì Ba
kProp

Ba
kProp: ïðåèìóùåñòâà, íåäîñòàòêè, ýâðèñòèêè

Ôóíêöèè àêòèâàöèè ReLU è PReLU (LeakyReLU)

Ôóíêöèè σ(y) = 1
1+e−y è th(y) = ey−e−y

ey+e−y ìîãóò ïðèâîäèòü

ê çàòóõàíèþ ãðàäèåíòîâ èëè ¾ïàðàëè÷ó ñåòè¿

Ôóíêöèÿ ïîëîæèòåëüíîé ñðåçêè (re
ti�ed linear unit)

ReLU(y) = max{0, y}; PReLU(y) = max{0, y}+ αmin{0, y}
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Ìíîãîñëîéíûå íåéðîííûå ñåòè

Ìåòîä îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê

�ëóáîêèå íåéðîííûå ñåòè

Ìåòîä ñòîõàñòè÷åñêîãî ãðàäèåíòà

Àëãîðèòì Ba
kProp

Ba
kProp: ïðåèìóùåñòâà, íåäîñòàòêè, ýâðèñòèêè

Ïðîáëåìà âçðûâà ãðàäèåíòà è ýâðèñòèêà gradient 
lipping

Ïðîáëåìà âçðûâà ãðàäèåíòà (gradient exploding)

Ïðè÷èíà � îâðàæíûé ëàíäøà�ò îïòèìèçèðóåìîãî êðèòåðèÿ

Ýâðèñòèêà Gradient Clipping:

åñëè ‖g‖ > θ òî g := gθ/‖g‖
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Ìíîãîñëîéíûå íåéðîííûå ñåòè

Ìåòîä îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê

�ëóáîêèå íåéðîííûå ñåòè

Ìåòîä ñòîõàñòè÷åñêîãî ãðàäèåíòà

Àëãîðèòì Ba
kProp

Ba
kProp: ïðåèìóùåñòâà, íåäîñòàòêè, ýâðèñòèêè

Ìåòîä ñëó÷àéíûõ îòêëþ÷åíèé íåéðîíîâ (Dropout)

Ýòàï îáó÷åíèÿ: äåëàÿ ãðàäèåíòíûé øàã Li (w) → min
w
,

îòêëþ÷àåì h-ûé íåéðîí l -ãî ñëîÿ ñ âåðîÿòíîñòüþ p
l

:

x l

hi = ξl

h σ
l

h

(∑

k

w l

khx
l−1
ki

)
, P(ξl

h = 0) = p
l

Ýòàï ïðèìåíåíèÿ: âêëþ÷àåì âñå íåéðîíû, íî ñ ïîïðàâêîé:

x l

hi = (1− p
l

)σl

h

(∑

k

w l

khx
l−1
ki

)

N.Srivastava, G.Hinton, A.Krizhevsky, I.Sutskever, R.Salakhutdinov.

Dropout: a simple way to prevent neural networks from over�tting. 2014.
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Ìíîãîñëîéíûå íåéðîííûå ñåòè

Ìåòîä îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê

�ëóáîêèå íåéðîííûå ñåòè

Ìåòîä ñòîõàñòè÷åñêîãî ãðàäèåíòà

Àëãîðèòì Ba
kProp

Ba
kProp: ïðåèìóùåñòâà, íåäîñòàòêè, ýâðèñòèêè

Èíòåðïðåòàöèè Dropout

1

ðåãóëÿðèçàöèÿ: èç âñåõ ñåòåé âûáèðàåì áîëåå óñòîé÷èâóþ

ê óòðàòå pN íåéðîíîâ, ìîäåëèðóÿ íàä¼æíîñòü ìîçãà

2

ñîêðàùàåì ïåðåîáó÷åíèå, çàñòàâëÿÿ ðàçíûå ÷àñòè ñåòè

ðåøàòü îäíó è òó æå èñõîäíóþ çàäà÷ó âìåñòî òîãî, ÷òîáû

ïîäñòðàèâàòü èõ ïîä êîìïåíñàöèþ îøèáîê äðóã äðóãà

3

àïïðîêñèìèðóåì ïðîñòîå ãîëîñîâàíèå ïî 2N ñåòÿì ñ îáùèì

íàáîðîì èç N âåñîâ, íî ñ ðàçëè÷íîé àðõèòåêòóðîé ñâÿçåé

Ê.Â. Âîðîíöîâ (k.v.vorontsov�physte
h.edu) ÂâÌÎ: èñêóññòâåííûå íåéðîííûå ñåòè 23 / 31



Ìíîãîñëîéíûå íåéðîííûå ñåòè

Ìåòîä îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê

�ëóáîêèå íåéðîííûå ñåòè

Ìåòîä ñòîõàñòè÷åñêîãî ãðàäèåíòà

Àëãîðèòì Ba
kProp

Ba
kProp: ïðåèìóùåñòâà, íåäîñòàòêè, ýâðèñòèêè

Îáðàòíûé Dropout è L2-ðåãóëÿðèçàöèÿ

Íà ïðàêòèêå ÷àùå èñïîëüçóþò íå Dropout, à Inverted Dropout.

Ýòàï îáó÷åíèÿ:

x l

hi =
1

1−p
l

ξl

h σ
l

h

(∑

k

w l

khx
l−1
ki

)
, P(ξl

h = 0) = pℓ

Ýòàï ïðèìåíåíèÿ íå òðåáóåò íè ìîäè�èêàöèé, íè çíàíèÿ pℓ:

x l

hi = σl

h

(∑

k

w l

khx
l−1
ki

)

L2-ðåãóëÿðèçàöèÿ ïðåäîòâðàùàåò ðîñò ïàðàìåòðîâ íà îáó÷åíèè:

L (w , xi ) +
λ

2‖w‖2 → min
w

�ðàäèåíòíûé øàã ñ Dropout è L2-ðåãóëÿðèçàöèåé:

w := w(1− ηλ)− η 1
1−pℓ

ξℓh ∇L (w , xi )
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Ìåòîä îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê

�ëóáîêèå íåéðîííûå ñåòè

Ìåòîä ñòîõàñòè÷åñêîãî ãðàäèåíòà

Àëãîðèòì Ba
kProp

Ba
kProp: ïðåèìóùåñòâà, íåäîñòàòêè, ýâðèñòèêè

ResNet: îñòàòî÷íàÿ íåéðîííàÿ ñåòü (Residual NN)

Ñêâîçíàÿ ñâÿçü (skip 
onne
tion) ñëîÿ l

ñ ïðåäøåñòâóþùèì ñëîåì l − d :

x
l

= σ(Wx
l−1) + x

l−d

Ñëîè âûó÷èâàþò ìàëóþ ïîïðàâêó x
l

− x
l−d

à íå çàíîâî âñ¼ ïðåîáðàçîâàíèå x
l−d → x

l

Ïðèðàùåíèÿ áîëåå óñòîé÷èâû ⇒ óëó÷øàåòñÿ ñõîäèìîñòü

Ïîÿâëÿåòñÿ âîçìîæíîñòü óâåëè÷èâàòü ÷èñëî ñëî¼â

Îáîáùåíèå � Highway Networks:

x
l

= σ(Wx
l−1) τ(W

′x
l−1)

︸ ︷︷ ︸

transform gate

+ x
l−d

(
1− τ(W ′x

l−1)
)

︸ ︷︷ ︸

arry gate

Kaiming He, Xiangyu Zhang, Shaoqing Ren, Jian Sun. Deep Residual Learning for

Image Re
ognition. 2015

R.K.Srivastava, K.Gre�, J.S
hmidhuber. Highway Networks. 2015
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Ìåòîä îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê

�ëóáîêèå íåéðîííûå ñåòè

Ìåòîä ñòîõàñòè÷åñêîãî ãðàäèåíòà

Àëãîðèòì Ba
kProp

Ba
kProp: ïðåèìóùåñòâà, íåäîñòàòêè, ýâðèñòèêè

ResNet: âèçóàëèçàöèÿ îïòèìèçàöèîííîãî êðèòåðèÿ

Ñêâîçíûå ñâÿçè (skip 
onne
tion) óïðîùàþò îïòèìèçèðóåìûé

êðèòåðèé, óñòðàíÿÿ ëîêàëüíûå ýêñòðåìóìû è ñåäëîâûå òî÷êè:

Hao Li et al. Visualizing the Loss Lands
ape of Neural Nets. 2018
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Ìåòîä îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê

�ëóáîêèå íåéðîííûå ñåòè

Ìåòîä ñòîõàñòè÷åñêîãî ãðàäèåíòà

Àëãîðèòì Ba
kProp

Ba
kProp: ïðåèìóùåñòâà, íåäîñòàòêè, ýâðèñòèêè

Ïàêåòíàÿ íîðìàëèçàöèÿ äàííûõ (Bat
h Normalization)

B = {xi} � ïàêåòû (mini-bat
h) äàííûõ

B l = {x l

i } � âåêòîðû îáúåêòîâ xi íà âûõîäå l -ãî ñëîÿ

Íîðìèðîâêà êàæäîé h-é êîìïîíåíòû âåêòîðà x l

i ïî ïàêåòó:

x̂ l

hi =
x l

hi − µh
√

σ2
h + ε

; µh =
1

|B l |

∑

x l

i
∈Bl

x l

hi ; σ2
h =

1

|B l |

∑

x l

i
∈Bl

(x l

hi −µh)
2

Êîìïåíñàöèÿ: x̃ l

hi = γl

hx̂
l

hi + βl

h � ëèíåéíûé ñëîé,

ïàðàìåòðû γl

h è βl

h íàñòðàèâàþòñÿ Ba
kProp

Îáîñíîâàíèÿ (êàê ýòî ðàáîòàåò, äî êîíöà íå ÿñíî):

ãðàäèåíò ñòàíîâèòñÿ îãðàíè÷åííûì è áîëåå óñòîé÷èâûì

óñêîðÿåòñÿ ñõîäèìîñòü, ìîæíî óâåëè÷èòü ãðàäèåíòíûå øàãè

ðåãóëÿðèçàöèÿ, ïîâûøåíèå ÷èñëåííîé óñòîé÷èâîñòè

S.Io�e, C.Szegedy (Google) Bat
h normalization: a

elerating deep network training

by redu
ing internal 
ovariate shift. 2015.
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Ìåòîä îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê

�ëóáîêèå íåéðîííûå ñåòè

Çèìû èñêóññòâåííîãî èíòåëëåêòà

Àïïðîêñèìàöèîííàÿ ñïîñîáíîñòü ãëóáîêèõ ñåòåé

Îáó÷àåìàÿ âåêòîðèçàöèÿ äàííûõ

Îñíîâíûå âåõè ðàçâèòèÿ íåéðîííûõ ñåòåé

Ìèíñêèé Ì., Ïàéïåðò Ñ. Ïåðñåïòðîíû. 1971 (1969)

�àëóøêèí À.È. Ñèíòåç ìíîãîñëîéíûõ ñèñòåì ðàñïîçíàâàíèÿ îáðàçîâ. 1974

Èâ�àõíåíêî À. �., Ëàïà Â. �. Êèáåðíåòè÷åñêèå ïðåäñêàçûâàþùèå óñòðîéñòâà. 1965

Rummelhart D. et al. Learning internal representations by error propagation. 1986

Krizhevsky A. et al. ImageNet 
lassi�
ation with deep 
onvolutional neural networks. 2012

Vaswani A. et al. Attention is all you need. 2017
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Ìåòîä îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê

�ëóáîêèå íåéðîííûå ñåòè

Çèìû èñêóññòâåííîãî èíòåëëåêòà

Àïïðîêñèìàöèîííàÿ ñïîñîáíîñòü ãëóáîêèõ ñåòåé

Îáó÷àåìàÿ âåêòîðèçàöèÿ äàííûõ

Àïïðîêñèìàöèîííàÿ ñïîñîáíîñòü: ãëóáèíà âàæíåå øèðèíû

An
LH � ñåìåéñòâî ïîëíîñâÿçíûõ ìíîãîñëîéíûõ ñåòåé a(x ,w):

n ïðèçíàêîâ, L ñëî¼â, H íåéðîíîâ â êàæäîì ñëîå, x ∈ R
n
,

�óíêöèè àêòèâàöèè êóñî÷íî-ëèíåéíûå: ReLU, hard-tanh è ò.ï.

Ìåðà ðàçíîîáðàçèÿ ñåìåéñòâà An
LH � ìàêñèìàëüíîå ÷èñëî

ó÷àñòêîâ ëèíåéíîñòè a(x ,w) � âûïóêëûõ ìíîãîãðàííèêîâ â R
n
.

Ïðèìåð. Ó÷àñòêè ëèíåéíîñòè, n = 2, L = 3, H = 4:

Òåîðåìà. �àçíîîáðàçèå ñåìåéñòâà An
LH ðàñò¼ò êàê O(HnL).

M.Raghu et al. On the Expressive Power of Deep Neural Networks, 2016.
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Ìåòîä îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê

�ëóáîêèå íåéðîííûå ñåòè

Çèìû èñêóññòâåííîãî èíòåëëåêòà

Àïïðîêñèìàöèîííàÿ ñïîñîáíîñòü ãëóáîêèõ ñåòåé

Îáó÷àåìàÿ âåêòîðèçàöèÿ äàííûõ

Îáó÷àåìàÿ âåêòîðèçàöèÿ äàííûõ

íåéðî�èçèîëîãèÿ: â åñòåñòâåííîé íåéðîñåòè 10�20 ñëî¼â

ãëóáèíà âàæíåå øèðèíû äëÿ óíèâåðñàëüíîé àïïðîêñèìàöèè

àâòîìàòè÷åñêîå âûäåëåíèå ïðèçíàêîâ (feature extra
tion)

îáó÷àåìàÿ âåêòîðèçàöèÿ ñëîæíî óñòðîåííûõ äàííûõ

Sanjeev Arora, Nadav Cohen, Elad Hazan. On the Optimization of Deep Networks:

Impli
it A

eleration by Overparameterization. 2018

Sanjeev Arora. Toward theoreti
al understanding of deep learning. ICML-2018 Tutorial

https://unsupervised.
s.prin
eton.edu/deeplearningtutorial.html
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�åçþìå

Íåéðîííàÿ ñåòü = ñóïåðïîçèöèÿ ëèíåéíûõ íåéðîíîâ

ñ íåëèíåéíûìè �óíêöèÿìè àêòèâàöèè

Ba
kProp = áûñòðîå äè��åðåíöèðîâàíèå ñóïåðïîçèöèé.

Ïîçâîëÿåò îáó÷àòü ñåòè ïðàêòè÷åñêè ëþáîé àðõèòåêòóðû.

Íåêîòîðûå ìåðû ïî óëó÷øåíèþ ñõîäèìîñòè è êà÷åñòâà:

àäàïòèâíûé ãðàäèåíòíûé øàã: Momentum, NAG, Adam è äð.

�óíêöèè àêòèâàöèè òèïà ReLU

ðåãóëÿðèçàöèè: L2, L1, Dropout, Skip Conne
tion è äð.

ðàçëè÷íûå âèäû íîðìàëèçàöèè: bat
h normalization è äð.

èíèöèàëèçàöèÿ íåéðîíîâ êàê îòäåëüíûõ àëãîðèòìîâ

îáîñíîâàíèÿ ãëóáîêèõ íåéðîííûõ ñåòåé

íåéðî�èçèîëîãèÿ: â åñòåñòâåííîé íåéðîñåòè 10�20 ñëî¼â

ãëóáèíà âàæíåå øèðèíû äëÿ óíèâåðñàëüíîé àïïðîêñèìàöèè

àâòîìàòè÷åñêîå âûäåëåíèå ïðèçíàêîâ (feature extra
tion)

îáó÷àåìàÿ âåêòîðèçàöèÿ ñëîæíîñòðóêòóðèðîâàííûõ äàííûõ
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