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Íàïîìèíàíèå: ëèíåéíàÿ ìîäåëü íåéðîíà ÌàêÊàëëîêà-Ïèòòñà

fj : X → R, j = 1, . . . , n � ÷èñëîâûå ïðèçíàêè;

a(x ,w) = σ
(
〈w , x〉

)
= σ

( n∑

j=1

wj fj(x) − w0

)

,

ãäå w0,w1, . . . ,wn ∈ R � âåñà ïðèçíàêîâ;

σ(z) � �óíêöèÿ àêòèâàöèè, íàïðèìåð, sign(z), 1
1+e−z , (z)+
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· · ·
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Ëèíåéíûå ìåòîäû êëàññè�èêàöèè è ðåãðåññèè

Çàäà÷à êëàññè�èêàöèè: Y = {±1}, a(x ,w) = sign〈w , xi 〉;
L (M) � íåâîçðàñòàþùàÿ �óíêöèÿ îòñòóïà, íàïðèìåð,

L (M) = ln(1 + e−M), (1−M)+, e−M
,

1
1+eM

, è äð.

Q(w ;X ℓ) =

ℓ∑

i=1

L
(
〈w , xi 〉yi
︸ ︷︷ ︸

Mi (w)

)
→ min

w
;

Çàäà÷à ðåãðåññèè: Y = R, a(x ,w) = σ(〈w , xi 〉);

Q(w ;X ℓ) =

ℓ∑

i=1

(
σ(〈w , xi 〉)− yi

)2 → min
w

;

Íàñêîëüêî áîãàòûé êëàññ �óíêöèé ðåàëèçóåòñÿ íåéðîíîì?

À ñåòüþ (ñóïåðïîçèöèåé) íåéðîíîâ?
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Íåéðîííàÿ ðåàëèçàöèÿ ëîãè÷åñêèõ �óíêöèé

Ôóíêöèè È, ÈËÈ, ÍÅ îò áèíàðíûõ ïåðåìåííûõ x1 è x2:

x1 ∧ x2 =
[
x1 + x2 − 3

2 > 0
]
;

x1 ∨ x2 =
[
x1 + x2 − 1

2 > 0
]
;

¬x1 =
[
−x1 + 1

2 > 0
]
;

x1

x2
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∑
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Ëîãè÷åñêàÿ �óíêöèÿ XOR (èñêëþ÷àþùåå ÈËÈ)

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

Äâà ñïîñîáà ðåàëèçàöèè:

Äîáàâëåíèåì íåëèíåéíîãî ïðèçíàêà:

x1 ⊕ x2 =
[
x1 + x2 − 2x1x2 − 1

2 > 0
]
;

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

x1 ⊕ x2 =
[
(x1 ∨ x2)− (x1 ∧ x2)− 1

2 > 0
]
.
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Ëþáóþ ëè �óíêöèþ ìîæíî ïðåäñòàâèòü íåéðîñåòüþ?

Äâóõñëîéíàÿ ñåòü â {0, 1}n ïîçâîëÿåò ðåàëèçîâàòü

ïðîèçâîëüíóþ áóëåâó �óíêöèþ (ÄÍÔ).

Äâóõñëîéíàÿ ñåòü â R
n
ïîçâîëÿåò îòäåëèòü ïðîèçâîëüíûé

âûïóêëûé ìíîãîãðàííèê.

Òð¼õñëîéíàÿ ñåòü R
n
ïîçâîëÿåò îòäåëèòü ïðîèçâîëüíóþ

ìíîãîãðàííóþ îáëàñòü, íå îáÿçàòåëüíî âûïóêëóþ, è äàæå

íå îáÿçàòåëüíî ñâÿçíóþ.

Ñ ïîìîùüþ ëèíåéíûõ îïåðàöèé è îäíîé íåëèíåéíîé

�óíêöèè àêòèâàöèè σ ìîæíî ïðèáëèçèòü ëþáóþ

íåïðåðûâíóþ �óíêöèþ ñ ëþáîé æåëàåìîé òî÷íîñòüþ.

Ïðàêòè÷åñêèå ðåêîìåíäàöèè:

Äâóõ-òð¼õ ñëî¼â òåîðåòè÷åñêè äîñòàòî÷íî.

�ëóáîêèå ñåòè � ýòî âñòðîåííîå îáó÷åíèå ïðèçíàêîâ.
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Äâóõñëîéíàÿ íåéðîííàÿ ñåòü

Ïóñòü äëÿ îáùíîñòè Y = R
M
, äëÿ ïðîñòîòû ñëî¼â òîëüêî äâà.
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︷ ︸︸ ︷

âõîäíîé ñëîé,

n ïðèçíàêîâ

︷ ︸︸ ︷

ñêðûòûé ñëîé,

H íåéðîíîâ

︷ ︸︸ ︷

âûõîäíîé ñëîé,

M íåéðîíîâ

Âåêòîð ïàðàìåòðîâ ìîäåëè w ≡
(
wjh,whm

)
∈ R

Hn+H+MH+M
.
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Íàïîìèíàíèå: Àëãîðèòì SG (Sto
hasti
 Gradient)

Ìèíèìèçàöèÿ ñðåäíèõ ïîòåðü íà îáó÷àþùåé âûáîðêå:

Q(w) :=
1

ℓ

ℓ∑

i=1

Li (w) → min
w

.

Âõîä: âûáîðêà X ℓ
; òåìï îáó÷åíèÿ η; ïàðàìåòð λ;

Âûõîä: âåêòîð âåñîâ w ≡
(
wjh,whm

)
;

1: èíèöèàëèçèðîâàòü âåñà w è òåêóùóþ îöåíêó Q(w);
2: ïîâòîðÿòü

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

4: âû÷èñëèòü ïîòåðþ Li := Li (w);
5: ãðàäèåíòíûé øàã: w := w − ηL ′

i (w);
6: îöåíèòü çíà÷åíèå �óíêöèîíàëà: Q := (1− λ)Q + λLi ;

7: ïîêà çíà÷åíèå Q è/èëè âåñà w íå ñòàáèëèçèðóþòñÿ;
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Çàäà÷à äè��åðåíöèðîâàíèÿ ñóïåðïîçèöèè �óíêöèé

Âûõîäíûå çíà÷åíèÿ ñåòè am(xi ), m = 1..M íà îáúåêòå xi :

am(xi ) = σm

( H∑

h=0

whmu
h(xi)

)

; uh(xi ) = σh

( J∑

j=0

wjhfj(xi )

)

.

Ïóñòü äëÿ êîíêðåòíîñòè Li (w) � ñðåäíèé êâàäðàò îøèáêè:

Li (w) =
1

2

M∑

m=1

(
am(xi)− ymi

)2
.

Ïðîìåæóòî÷íàÿ çàäà÷à: íàéòè ÷àñòíûå ïðîèçâîäíûå

∂Li (w)

∂am
;

∂Li (w)

∂uh
.
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Áûñòðîå âû÷èñëåíèå ãðàäèåíòà

Ïðîìåæóòî÷íàÿ çàäà÷à: ÷àñòíûå ïðîèçâîäíûå

∂Li (w)

∂am
= am(xi )− ymi = εmi

� ýòî îøèáêà íà âûõîäíîì ñëîå;

∂Li (w)

∂uh
=

M∑

m=1

(
am(xi )− ymi

)
σ′
mwhm =

M∑

m=1

εmi σ
′
mwhm = εhi

� íàçîâ¼ì ýòî îøèáêîé íà ñêðûòîì ñëîå. Ïîõîæå, ÷òî εhi
âû÷èñëÿåòñÿ ïî εmi , åñëè çàïóñòèòü ñåòü ¾çàäîì íàïåð¼ä¿:

εhi

∑

ε1i σ
′
1

εMi σ′
M

. . .oo tt
wh1❥❥❥❥

❥❥❥

jj
whM

❚❚❚❚

❚❚❚
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Àëãîðèòì Ba
kProp
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kProp

Áûñòðîå âû÷èñëåíèå ãðàäèåíòà

Òåïåðü, èìåÿ ÷àñòíûå ïðîèçâîäíûå Li (w) ïî am è uh,

ëåãêî âûïèñàòü ãðàäèåíò Li (w) ïî âåñàì w :

∂Li (w)

∂whm

=
∂Li (w)

∂am
∂am

∂whm

= εmi σ
′
mu

h(xi ), m = 1..M, h = 0..H;

∂Li (w)

∂wjh

=
∂Li (w)

∂uh
∂uh

∂wjh

= εhi σ
′
hfj(xi ), h = 1..H, j = 0..n;

Àëãîðèòì îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáêè Ba
kProp:

Âõîä: X ℓ = (xi , yi)
ℓ
i=1 ⊂ R

n × R
M
; ïàðàìåòðû H, λ, η;

Âûõîä: ñèíàïòè÷åñêèå âåñà wjh, whm;

1: ...
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Ìåòîä îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê

Ýâðèñòèêè äëÿ ãëóáîêèõ íåéðîííûõ ñåòåé

Àðõèòåêòóðû ãëóáîêèõ íåéðîííûõ ñåòåé

Ìíîãîñëîéíûå íåéðîííûå ñåòè

Àëãîðèòì Ba
kProp

Ýâðèñòèêè äëÿ àëãîðèòìà Ba
kProp

Àëãîðèòì Ba
kProp

1: èíèöèàëèçèðîâàòü âåñà wjh, whm;

2: ïîâòîðÿòü

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

4: ïðÿìîé õîä:

uhi := σh
(∑J

j=0 wjhx
j
i

)
, h = 1..H;

ami := σm
(∑H

h=0 whmu
h
i

)
, εmi := ami − ymi , m = 1..M;

Li :=
∑M

m=1(ε
m
i )

2
;

5: îáðàòíûé õîä:

εhi :=
∑M

m=1 ε
m
i σ

′
mwhm, h = 1..H;

6: ãðàäèåíòíûé øàã:

whm := whm − ηεmi σ
′
mu

h
i , h = 0..H, m = 1..M;

wjh := wjh − ηεhi σ
′
hx

j
i , j = 0..n, h = 1..H;

7: Q := (1− λ)Q + λLi ;

8: ïîêà Q íå ñòàáèëèçèðóåòñÿ;
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Ìåòîä îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê

Ýâðèñòèêè äëÿ ãëóáîêèõ íåéðîííûõ ñåòåé

Àðõèòåêòóðû ãëóáîêèõ íåéðîííûõ ñåòåé

Ìíîãîñëîéíûå íåéðîííûå ñåòè

Àëãîðèòì Ba
kProp

Ýâðèñòèêè äëÿ àëãîðèòìà Ba
kProp

Àëãîðèòì Ba
kProp: ïðåèìóùåñòâà è íåäîñòàòêè

Ïðåèìóùåñòâà:

áûñòðîå âû÷èñëåíèå ãðàäèåíòà;

îáîáùåíèå íà ëþáûå σ, L è ëþáîå ÷èñëî ñëî¼â;

âîçìîæíî äèíàìè÷åñêîå (ïîòîêîâîå) îáó÷åíèå;

íà ñâåðõáîëüøèõ âûáîðêàõ íå îáÿçàòåëüíî áðàòü âñå xi ;

âîçìîæíî ðàñïàðàëëåëèâàíèå;

Íåäîñòàòêè � âñå òå æå, ñâîéñòâåííûå SG:

âîçìîæíà ìåäëåííàÿ ñõîäèìîñòü;

çàñòðåâàíèå â ëîêàëüíûõ ìèíèìóìàõ;

ïðîáëåìà ¾ïàðàëè÷à ñåòè¿ (ãîðèçîíòàëüíûå àñèìïòîòû σ);

ïðîáëåìà ïåðåîáó÷åíèÿ;

ïîäáîð êîìïëåêñà ýâðèñòèê ÿâëÿåòñÿ èñêóññòâîì;
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Ìåòîä îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê

Ýâðèñòèêè äëÿ ãëóáîêèõ íåéðîííûõ ñåòåé

Àðõèòåêòóðû ãëóáîêèõ íåéðîííûõ ñåòåé

Ìíîãîñëîéíûå íåéðîííûå ñåòè

Àëãîðèòì Ba
kProp

Ýâðèñòèêè äëÿ àëãîðèòìà Ba
kProp

Ñòàíäàðòíûå ýâðèñòèêè äëÿ ìåòîäà SG

Ïðèìåíèìû òå æå ýâðèñòèêè, ÷òî è â îáû÷íîì SG:

èíèöèàëèçàöèÿ âåñîâ (+ ïîñëîéíîå îáó÷åíèå ñåòè)

ïîðÿäîê ïðåäúÿâëåíèÿ îáúåêòîâ

àäàïòèâíûå ãðàäèåíòíûå øàãè

äèàãîíàëüíûé ìåòîä Ëåâåíáåðãà-Ìàðêâàðäòà

ðåãóëÿðèçàöèÿ L2 èëè L1

âûáèâàíèå èç ëîêàëüíûõ ìèíèìóìîâ (jogging of weights)


hunking: ðàçáèåíèå ñóììû

∑

i Li (w) íà ãðóïïû ñëàãàåìûõ

Íîâûå ïðîáëåìû ñâÿçàíû ñ âûáîðîì àðõèòåêòóðû ñåòè:

âûáîð ÷èñëà ñëî¼â è ÷èñëà íåéðîíîâ;

âûáîð çíà÷èìûõ ñâÿçåé;

âûáîð �óíêöèé àêòèâàöèè â êàæäîì íåéðîíå.
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Ìåòîä îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê

Ýâðèñòèêè äëÿ ãëóáîêèõ íåéðîííûõ ñåòåé

Àðõèòåêòóðû ãëóáîêèõ íåéðîííûõ ñåòåé

Ìíîãîñëîéíûå íåéðîííûå ñåòè

Àëãîðèòì Ba
kProp

Ýâðèñòèêè äëÿ àëãîðèòìà Ba
kProp

Äèíàìè÷åñêîå íàðàùèâàíèå ñåòè

1

îáó÷åíèå ïðè çàâåäîìî íåäîñòàòî÷íîì ÷èñëå íåéðîíîâ H;

2

ïîñëå ñòàáèëèçàöèè Q(w) � äîáàâëåíèå íîâîãî íåéðîíà

è åãî èíèöèàëèçàöèÿ ïóò¼ì îáó÷åíèÿ

ëèáî ïî ñëó÷àéíîé ïîäâûáîðêå X ′ ⊆ X ℓ
;

ëèáî ïî îáúåêòàì ñ íàèáîëüøèìè çíà÷åíèÿìè ïîòåðü;

ëèáî ïî ñëó÷àéíîìó ïîäìíîæåñòâó âõîäîâ;

ëèáî èç ðàçëè÷íûõ ñëó÷àéíûõ íà÷àëüíûõ ïðèáëèæåíèé;

3

ñíîâà èòåðàöèè Ba
kProp;

Ýìïèðè÷åñêèé îïûò: Îáùåå âðåìÿ îáó÷åíèÿ îáû÷íî ëèøü

â 1.5�2 ðàçà áîëüøå, ÷åì åñëè áû â ñåòè ñðàçó áûëî íóæíîå

êîëè÷åñòâî íåéðîíîâ. Ïîëåçíàÿ èí�îðìàöèÿ, íàêîïëåííàÿ

ñåòüþ, íå òåðÿåòñÿ ïðè äîáàâëåíèè íîâûõ íåéðîíîâ.
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Ìåòîä îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê

Ýâðèñòèêè äëÿ ãëóáîêèõ íåéðîííûõ ñåòåé

Àðõèòåêòóðû ãëóáîêèõ íåéðîííûõ ñåòåé

Ìíîãîñëîéíûå íåéðîííûå ñåòè

Àëãîðèòì Ba
kProp

Ýâðèñòèêè äëÿ àëãîðèòìà Ba
kProp

Ïðîðåæèâàíèå ñåòè (OBD � Optimal Brain Damage)

Ïóñòü w � ëîêàëüíûé ìèíèìóì Q(w), òîãäà
Q(w) ìîæíî àïïðîêñèìèðîâàòü êâàäðàòè÷íîé �îðìîé:

Q(w + δ) = Q(w) + 1
2δ

òQ ′′(w)δ + o(‖δ‖2),

ãäå Q ′′(w) =
( ∂2Q(w)
∂wjh∂wj′h′

)
� ãåññèàí, ðàçìåðà

(
H(n+M+1)+M

)2
.

Ýâðèñòèêà. Ïóñòü ãåññèàí Q ′′(w) äèàãîíàëåí, òîãäà

δòQ ′′(w)δ =

n∑

j=0

H∑

h=1

δ2jh
∂2Q(w)

∂w2
jh

+

H∑

h=0

M∑

m=0

δ2hm
∂2Q(w)

∂w2
hm

.

Õîòèì îáíóëèòü âåñ: wjh + δjh = 0. Êàê èçìåíèòñÿ Q(w)?

Îïðåäåëåíèå. Çíà÷èìîñòü (salien
e) âåñà wjh � ýòî èçìåíåíèå

�óíêöèîíàëà Q(w) ïðè åãî îáíóëåíèè: Sjh = w2
jh

∂2Q(w)
∂w2

jh

.
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Ìåòîä îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê

Ýâðèñòèêè äëÿ ãëóáîêèõ íåéðîííûõ ñåòåé

Àðõèòåêòóðû ãëóáîêèõ íåéðîííûõ ñåòåé

Ìíîãîñëîéíûå íåéðîííûå ñåòè

Àëãîðèòì Ba
kProp

Ýâðèñòèêè äëÿ àëãîðèòìà Ba
kProp

Ïðîðåæèâàíèå ñåòè (OBD � Optimal Brain Damage)

1

Â Ba
kProp âû÷èñëÿòü âòîðûå ïðîèçâîäíûå

∂2Q
∂w2

jh

,

∂2Q
∂w2

hm

.

2

Åñëè ïðîöåññ ìèíèìèçàöèè Q(w) ïðèø¼ë â ìèíèìóì,òî

óïîðÿäî÷èòü âñå âåñà ïî óáûâàíèþ Sjh;

óäàëèòü N ñâÿçåé ñ íàèìåíüøåé çíà÷èìîñòüþ;

ñíîâà çàïóñòèòü Ba
kProp.

3

Åñëè Q(w ,X ℓ) èëè Q(w ,X k) ñóùåñòâåííî óõóäøèëñÿ,

òî âåðíóòü ïîñëåäíèå óäàë¼ííûå ñâÿçè è âûéòè.

Îòáîð ïðèçíàêîâ ñ ïîìîùüþ OBD � àíàëîãè÷íî.

Ñóììàðíàÿ çíà÷èìîñòü ïðèçíàêà: Sj =
H∑

h=1

Sjh.

Ýìïèðè÷åñêèé îïûò: ðåçóëüòàò ïîñòåïåííîãî ïðîðåæèâàíèÿ

îáû÷íî ëó÷øå, ÷åì Ba
kProp èçíà÷àëüíî ïðîðåæåííîé ñåòè.
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Ìåòîä îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê

Ýâðèñòèêè äëÿ ãëóáîêèõ íåéðîííûõ ñåòåé

Àðõèòåêòóðû ãëóáîêèõ íåéðîííûõ ñåòåé

�ðàäèåíòíûå ìåòîäû îïòèìèçàöèè

Ìåòîäû ðåãóëÿðèçàöèè

Ôóíêöèè àêòèâàöèè è äðóãèå ýâðèñòèêè

Ìåòîä íàêîïëåíèÿ èìïóëüñà (momentum)

Momentum � ýêñïîíåíöèàëüíîå ñêîëüçÿùåå

ñðåäíåå ãðàäèåíòà ïî ≈ 1
1−γ ïîñëåäíèì

èòåðàöèÿì [Á.Ò.Ïîëÿê, 1964℄:

v := γv + ηL ′
i (w)

w := w − v

NAG (Nesterov's a

elerated gradient) �

ñòîõàñòè÷åñêèé ãðàäèåíò ñ èìïóëüñîì

Íåñòåðîâà [1983℄:

v := γv + ηL ′
i (w − γv)

w := w − v
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Ìåòîä îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê

Ýâðèñòèêè äëÿ ãëóáîêèõ íåéðîííûõ ñåòåé

Àðõèòåêòóðû ãëóáîêèõ íåéðîííûõ ñåòåé

�ðàäèåíòíûå ìåòîäû îïòèìèçàöèè

Ìåòîäû ðåãóëÿðèçàöèè

Ôóíêöèè àêòèâàöèè è äðóãèå ýâðèñòèêè

Àäàïòèâíûå ãðàäèåíòû

RMSProp (running mean square) � àäàïòàöèÿ ñêîðîñòè

èçìåíåíèÿ âåñîâ, ñêîëüçÿùèì ñðåäíèì ïî ≈ 1
1−α èòåðàöèÿì:

G := αG + (1− α)L
′
i (w)⊙ L

′
i (w)

w := w − ηL ′
i (w)⊘

(√
G + ε

)

ãäå ⊙ è ⊘ � ïîêîðäèíàòíîå óìíîæåíèå è äåëåíèå âåêòîðîâ.

AdaDelta (adaptive learning rate) � äâîéíàÿ íîðìèðîâêà

ïðèðàùåíèé âåñîâ, ïîñëå êîòîðîé ìîæíî áðàòü η = 1:

G := αG + (1− α)L
′
i (w)⊙ L

′
i (w)

δ := L
′
i (w)⊙

√
∆+ε√
G+ε

∆ := α∆+ (1− α)δ2

w := w − ηδ
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Ìåòîä îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê

Ýâðèñòèêè äëÿ ãëóáîêèõ íåéðîííûõ ñåòåé

Àðõèòåêòóðû ãëóáîêèõ íåéðîííûõ ñåòåé

�ðàäèåíòíûå ìåòîäû îïòèìèçàöèè

Ìåòîäû ðåãóëÿðèçàöèè

Ôóíêöèè àêòèâàöèè è äðóãèå ýâðèñòèêè

Êîìáèíèðîâàííûå ãðàäèåíòíûå ìåòîäû

Adam (adaptive momentum) = èìïóëüñ + RMSProp:

v := γv + (1− γ)L ′
i (w) v̂ := v(1− γk)−1

G := αG + (1− α)L ′
i (w)⊙ L

′
i (w) Ĝ := G (1− αk)−1

w := w − ηv̂ ⊘
(√

Ĝ + ε
)

Êàëèáðîâêà v̂ , Ĝ óâåëè÷èâàåò v , G íà ïåðâûõ èòåðàöèÿõ.

�åêîìåíäàöèÿ: γ = 0.9, α = 0.999, ε = 10−8

Nadam (Nesterov-a

elerated adaptive momentum):

òå æå �îðìóëû äëÿ v , v̂ , G , Ĝ ,

w := w − η
(
γv̂ + 1−γ

1−γk L
′
i (w)

)
⊘
(√

Ĝ + ε
)

Timothy Dozat. In
orporating Nesterov Momentum into Adam. ICLR-2016.
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Ìåòîä îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê

Ýâðèñòèêè äëÿ ãëóáîêèõ íåéðîííûõ ñåòåé

Àðõèòåêòóðû ãëóáîêèõ íåéðîííûõ ñåòåé

�ðàäèåíòíûå ìåòîäû îïòèìèçàöèè

Ìåòîäû ðåãóëÿðèçàöèè

Ôóíêöèè àêòèâàöèè è äðóãèå ýâðèñòèêè

Ïðîáëåìà âçðûâà ãðàäèåíòà è ýâðèñòèêà gradient 
lipping

Ïðîáëåìà âçðûâà ãðàäèåíòà (gradient exploding)

Ýâðèñòèêà Gradient Clipping:

åñëè ‖g‖ > θ òî g := gθ/‖g‖

Ïðè ãðàìîòíîì ïîäáîðå γ ïðîáëåìà âçðûâà ãðàäèåíòà

íå âîçíèêàåò, è ýâðèñòèêà Gradient Clipping íå íóæíà.
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Ìåòîä îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê

Ýâðèñòèêè äëÿ ãëóáîêèõ íåéðîííûõ ñåòåé

Àðõèòåêòóðû ãëóáîêèõ íåéðîííûõ ñåòåé

�ðàäèåíòíûå ìåòîäû îïòèìèçàöèè

Ìåòîäû ðåãóëÿðèçàöèè

Ôóíêöèè àêòèâàöèè è äðóãèå ýâðèñòèêè

Ñðàâíåíèå ñõîäèìîñòè ìåòîäîâ

Ale
 Radford's animation: http://
s231n.github.io/assets/nn3/opt1.gif
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Ìåòîä îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê

Ýâðèñòèêè äëÿ ãëóáîêèõ íåéðîííûõ ñåòåé

Àðõèòåêòóðû ãëóáîêèõ íåéðîííûõ ñåòåé

�ðàäèåíòíûå ìåòîäû îïòèìèçàöèè

Ìåòîäû ðåãóëÿðèçàöèè

Ôóíêöèè àêòèâàöèè è äðóãèå 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 pℓ:

xℓ+1
ih = ξℓh σh

(∑

j

wjhx
ℓ
ij

)
, P(ξℓh = 0) = pℓ

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

xℓ+1
ih = (1− pℓ)σh

(∑

j

wjhx
ℓ
ij

)
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Ìåòîä îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê

Ýâðèñòèêè äëÿ ãëóáîêèõ íåéðîííûõ ñåòåé

Àðõèòåêòóðû ãëóáîêèõ íåéðîííûõ ñåòåé

�ðàäèåíòíûå ìåòîäû îïòèìèçàöèè

Ìåòîäû ðåãóëÿðèçàöèè

Ôóíêöèè àêòèâàöèè è äðóãèå ýâðèñòèêè

Èíòåðïðåòàöèè Dropout

1

àïïðîêñèìèðóåì ïðîñòîå ãîëîñîâàíèå ïî 2N ñåòÿì ñ îáùèì

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

2

ðåãóëÿðèçàöèÿ: èç âñåõ ñåòåé âûáèðàåì áîëåå óñòîé÷èâóþ

ê óòðàòå pN íåéðîíîâ, ìîäåëèðóÿ íàä¼æíîñòü ìîçãà

3

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
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Ìåòîä îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê

Ýâðèñòèêè äëÿ ãëóáîêèõ íåéðîííûõ ñåòåé

Àðõèòåêòóðû ãëóáîêèõ íåéðîííûõ ñåòåé

�ðàäèåíòíûå ìåòîäû îïòèìèçàöèè

Ìåòîäû ðåãóëÿðèçàöèè

Ôóíêöèè àêòèâàöèè è äðóãèå ýâðèñòèêè

Îáðàòíûé Dropout è L2-ðåãóëÿðèçàöèÿ

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

Ýòàï îáó÷åíèÿ:

xℓ+1
ih = 1

1−pℓ
ξℓh σh

(∑

j

wjhx
ℓ
ij

)
, P(ξℓh = 0) = pℓ

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

xℓ+1
ih = σh

(∑

j

wjhx
ℓ
ij

)

L2-ðåãóëÿðèçàöèÿ ïðåäîòâðàùàåò ðîñò ïàðàìåòðîâ íà îáó÷åíèè:

Li (w) + λ
2‖w‖2 → min

w

�ðàäèåíòíûé øàã ñ Dropout è L2-ðåãóëÿðèçàöèåé:

w := w(1− ηλ)− η 1
1−pℓ

ξℓh L
′
i (w)
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Ìåòîä îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê

Ýâðèñòèêè äëÿ ãëóáîêèõ íåéðîííûõ ñåòåé

Àðõèòåêòóðû ãëóáîêèõ íåéðîííûõ ñåòåé

�ðàäèåíòíûå ìåòîäû îïòèìèçàöèè

Ìåòîäû ðåãóëÿðèçàöèè

Ôóíêöèè àêòèâàöèè è äðóãèå 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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Ìåòîä îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê

Ýâðèñòèêè äëÿ ãëóáîêèõ íåéðîííûõ ñåòåé

Àðõèòåêòóðû ãëóáîêèõ íåéðîííûõ ñåòåé

�ðàäèåíòíûå ìåòîäû îïòèìèçàöèè

Ìåòîäû ðåãóëÿðèçàöèè

Ôóíêöèè àêòèâàöèè è äðóãèå ýâðèñòèêè

�àñøèðåíèå âûáîðêè (dataset augmentation)

Ëþáûå ïðåîáðàçîâàíèÿ, íå ìåíÿþùèå êëàññ îáúåêòà
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Ìåòîä îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê

Ýâðèñòèêè äëÿ ãëóáîêèõ íåéðîííûõ ñåòåé

Àðõèòåêòóðû ãëóáîêèõ íåéðîííûõ ñåòåé

Ñâ¼ðòî÷íûå íåéðîííûå ñåòè

�åêóððåíòíûå íåéðîííûå ñåòè

Êëàññè�èêàöèÿ èçîáðàæåíèé

Êëàññè÷åñêèé ïîäõîä ê ðàñïîçíàâàíèþ èçîáðàæåíèé:

Ñîâðåìåííûé ïîäõîä � end-to-end deep learning:
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Ìåòîä îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê

Ýâðèñòèêè äëÿ ãëóáîêèõ íåéðîííûõ ñåòåé

Àðõèòåêòóðû ãëóáîêèõ íåéðîííûõ ñåòåé

Ñâ¼ðòî÷íûå íåéðîííûå ñåòè

�åêóððåíòíûå íåéðîííûå ñåòè

Ñâ¼ðòî÷íûé ñëîé íåéðîíîâ (
onvolution layer)

x [i , j] � èñõîäíûå ïðèçíàêè, ïèêñåëè n×m-èçîáðàæåíèÿ

wab � ÿäðî ñâ¼ðòêè, a = −A, . . . ,+A, b = −B , . . . ,+B

Íåïîëíîñâÿçíûé ñâ¼ðòî÷íûé íåéðîí ñ (2A+ 1)(2B + 1) âåñàìè:

(x ∗ w)[i , j] =

A∑

a=−A

B∑

b=−B

wab x [i + a, j + b]

x [i , j]

wab

(x ∗ w)[i , j]
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Ìåòîä îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê

Ýâðèñòèêè äëÿ ãëóáîêèõ íåéðîííûõ ñåòåé

Àðõèòåêòóðû ãëóáîêèõ íåéðîííûõ ñåòåé

Ñâ¼ðòî÷íûå íåéðîííûå ñåòè

�åêóððåíòíûå íåéðîííûå ñåòè

Îáúåäèíÿþùèé ñëîé íåéðîíîâ (pooling layer)

Îáúåäèíÿþùèé íåéðîí � ýòî íåîáó÷àåìàÿ ñâ¼ðòêà ñ øàãîì

h > 1, àãðåãèðóþùàÿ äàííûå ïðÿìîóãîëüíîé îáëàñòè h×h:

y [i , j] = F
(
x [hi , hj], . . . , x [hi + h− 1, hj + h − 1]

)
,

ãäå F � àãðåãèðóþùàÿ �óíêöèÿ: max, average è ò.ï.

max-pooling ïîçâîëÿåò îáíàðóæèòü ýëåìåíò â ëþáîé èç ÿ÷ååê
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Ìåòîä îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê

Ýâðèñòèêè äëÿ ãëóáîêèõ íåéðîííûõ ñåòåé

Àðõèòåêòóðû ãëóáîêèõ íåéðîííûõ ñåòåé

Ñâ¼ðòî÷íûå íåéðîííûå ñåòè

�åêóððåíòíûå íåéðîííûå ñåòè

Ñòàíäàðòíàÿ ñõåìà ñâåðòî÷íîé ñåòè (Convolutional NN)
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Ìåòîä îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê

Ýâðèñòèêè äëÿ ãëóáîêèõ íåéðîííûõ ñåòåé

Àðõèòåêòóðû ãëóáîêèõ íåéðîííûõ ñåòåé

Ñâ¼ðòî÷íûå íåéðîííûå ñåòè

�åêóððåíòíûå íåéðîííûå ñåòè

Îáó÷åíèå èåðàðõèè ïðèçíàêîâ

×åì âûøå ñëîé, òåì áîëåå êðóïíûå è ñëîæíûå ýëåìåíòû

èçîáðàæåíèé îí ñïîñîáåí ðàñïîçíàâàòü
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Ìåòîä îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê

Ýâðèñòèêè äëÿ ãëóáîêèõ íåéðîííûõ ñåòåé

Àðõèòåêòóðû ãëóáîêèõ íåéðîííûõ ñåòåé

Ñâ¼ðòî÷íûå íåéðîííûå ñåòè

�åêóððåíòíûå íåéðîííûå ñåòè

Âûáîðêà èçîáðàæåíèé ImageNet
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Ìåòîä îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê

Ýâðèñòèêè äëÿ ãëóáîêèõ íåéðîííûõ ñåòåé

Àðõèòåêòóðû ãëóáîêèõ íåéðîííûõ ñåòåé

Ñâ¼ðòî÷íûå íåéðîííûå ñåòè

�åêóððåíòíûå íåéðîííûå ñåòè

�àçâèòèå ñâ¼ðòî÷íûõ ñåòåé (êðàòêàÿ èñòîðèÿ ImageNet)
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Ìåòîä îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê

Ýâðèñòèêè äëÿ ãëóáîêèõ íåéðîííûõ ñåòåé

Àðõèòåêòóðû ãëóáîêèõ íåéðîííûõ ñåòåé

Ñâ¼ðòî÷íûå íåéðîííûå ñåòè

�åêóððåíòíûå íåéðîííûå ñåòè

AlexNet: ïåðâûé ãëóáîêèé ïðîðûâ íà ImageNet

ReLU + Dropout + ðàñøèðåíèå âûáîðêè

60 ìëí ïàðàìåòðîâ (â îñíîâíîì â ïîëíîñâÿçíûõ ñëîÿõ)

Ïîäáîð ðàçìåðîâ �èëüòðîâ è ïóëèíãà

GPU

Krizhevsky A., Sutskever I., Hinton G. ImageNet Classi�
ation with Deep

Convolutional Neural Networks. 2012.
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Ìåòîä îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê

Ýâðèñòèêè äëÿ ãëóáîêèõ íåéðîííûõ ñåòåé

Àðõèòåêòóðû ãëóáîêèõ íåéðîííûõ ñåòåé

Ñâ¼ðòî÷íûå íåéðîííûå ñåòè

�åêóððåíòíûå íåéðîííûå ñåòè

Èäåÿ îáîáùåíèÿ CNN íà ëþáûå ñòðóêòóðèðîâàííûå äàííûå

Âèçèëüòåð Þ.Â., �îðáàöåâè÷ Â.Ñ. Ñòðóêòóðíî-�óíêöèîíàëüíûé àíàëèç

è ñèíòåç ãëóáîêèõ êîíâîëþöèîííûõ íåéðîííûõ ñåòåé. ÌÌ�Î-2017.
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Ìåòîä îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê

Ýâðèñòèêè äëÿ ãëóáîêèõ íåéðîííûõ ñåòåé

Àðõèòåêòóðû ãëóáîêèõ íåéðîííûõ ñåòåé

Ñâ¼ðòî÷íûå íåéðîííûå ñåòè

�åêóððåíòíûå íåéðîííûå ñåòè

Èäåÿ îáîáùåíèÿ CNN íà ëþáûå ñòðóêòóðèðîâàííûå äàííûå

Äîïóñòèì, êàæäûé îáúåêò èìååò ñòðóêòóðó, çàäàííóþ ãðà�îì

Ñâ¼ðòêà îïðåäåëÿåòñÿ ïî ëîêàëüíîé îêðåñòíîñòè âåðøèíû

Ïóëèíã àãðåãèðóåò âåêòîðû âåðøèí ëîêàëüíîé îêðåñòíîñòè

Òàêàÿ ñåòü îáó÷èòñÿ íàõîäèòü è êëàññè�èöèðîâàòü ïîäãðà�û
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Ìåòîä îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê

Ýâðèñòèêè äëÿ ãëóáîêèõ íåéðîííûõ ñåòåé

Àðõèòåêòóðû ãëóáîêèõ íåéðîííûõ ñåòåé

Ñâ¼ðòî÷íûå íåéðîííûå ñåòè

�åêóððåíòíûå íåéðîííûå ñåòè

Çàäà÷è îáðàáîòêè ïîñëåäîâàòåëüíîñòåé

xt � âõîäíîé âåêòîð â ìîìåíò t

ht � âåêòîð ñêðûòîãî ñîñòîÿíèÿ â ìîìåíò t

yt � âûõîäíîé âåêòîð (â íåêîòîðûõ ïðèëîæåíèÿõ yt ≡ ht)

�àçâîðà÷èâàíèå (unfolding) ðåêóððåíòíîé ñåòè

ht = σh(Uxt +Wht−1)

yt = σy (Vht)

Îáó÷åíèå ðåêóððåíòíîé ñåòè:

T∑

t=0

Lt(U,V ,W ) → min
U,V ,W

Lt(U,V ,W ) = L
(
yt(U,V ,W )

)
� ïîòåðÿ îò ïðåäñêàçàíèÿ yt
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Ìåòîä îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê

Ýâðèñòèêè äëÿ ãëóáîêèõ íåéðîííûõ ñåòåé

Àðõèòåêòóðû ãëóáîêèõ íåéðîííûõ ñåòåé

Ñâ¼ðòî÷íûå íåéðîííûå ñåòè

�åêóððåíòíûå íåéðîííûå ñåòè

Âîçìîæíîñòè ðåêóððåíòíûõ íåéðîííûõ ñåòåé

Êëàññè�èêàöèÿ òåêñòîâ èëè èõ �ðàãìåíòîâ

Àíàëèç òîíàëüíîñòè äîêóìåíòà / ïðåäëîæåíèé / ñëîâ

Ìàøèííûé ïåðåâîä

�àñïîçíàâàíèå ðå÷è

Ñèíòåç ðå÷è

Ñèíòåç îòâåòîâ íà âîïðîñû, ðàçãîâîðíûé èíòåëëåêò

�åíåðàöèÿ ïîäïèñåé ê èçîáðàæåíèÿì

�åíåðàöèÿ ðóêîïèñíîãî òåêñòà

Èíòåðïðåòàöèÿ ãåíîìà è äðóãèå çàäà÷è áèîèí�îðìàòèêè

Andrej Karpathy. The unreasonable e�e
tiveness of re
urrent neural networks. 2015.

Ê.Â. Âîðîíöîâ (voron�fore
sys.ru) Èñêóññòâåííûå íåéðîííûå ñåòè 40 / 49



Ìåòîä îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê

Ýâðèñòèêè äëÿ ãëóáîêèõ íåéðîííûõ ñåòåé

Àðõèòåêòóðû ãëóáîêèõ íåéðîííûõ ñåòåé

Ñâ¼ðòî÷íûå íåéðîííûå ñåòè

�åêóððåíòíûå íåéðîííûå ñåòè

Îáó÷åíèå ðåêóððåíòíûõ ñåòåé

Ñïåöèàëüíûé âàðèàíò îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê,

Ba
kpropagation Through Time (BPTT)

∂Lt

∂W
=

∂Lt

∂yt

∂yt
∂ht

t∑

k=0

(
t∏

i=k+1

∂hi
∂hi−1

)

∂hk
∂W

Äëÿ ïðåäîòâðàùåíèÿ çàòóõàíèÿ è âçðûâà ãðàäèåíòîâ:

∂hi
∂hi−1

→ 1
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Ìåòîä îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê

Ýâðèñòèêè äëÿ ãëóáîêèõ íåéðîííûõ ñåòåé

Àðõèòåêòóðû ãëóáîêèõ íåéðîííûõ ñåòåé

Ñâ¼ðòî÷íûå íåéðîííûå ñåòè

�åêóððåíòíûå íåéðîííûå ñåòè

Ñåòè äîëãîé êðàòêîâðåìåííîé ïàìÿòè (long short-term memory)

Ìîòèâàöèÿ LSTM: ñåòü äîëæíà äîëãî ïîìíèòü êîíòåêñò,

êàêîé èìåííî � ñåòü äîëæíà âûó÷èòü ñàìà.

Ââîäèòñÿ Ct � âåêòîð ñîñòîÿíèÿ ñåòè â ìîìåíò t.

Ho
hreiter S., S
hmidhuber J. Neural Computation, 9(8), 1997

Gre� K., S
hmidhuber J. http://arxiv.org/pdf/1503.04069.pdf, 2015
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Ýâðèñòèêè äëÿ ãëóáîêèõ íåéðîííûõ ñåòåé

Àðõèòåêòóðû ãëóáîêèõ íåéðîííûõ ñåòåé

Ñâ¼ðòî÷íûå íåéðîííûå ñåòè

�åêóððåíòíûå íåéðîííûå ñåòè

Ñåòè äîëãîé êðàòêîâðåìåííîé ïàìÿòè (long short-term memory)

ft = σ
(
Wf · [ht−1, xt ] + bf

)

it = σ
(
Wi · [ht−1, xt ] + bi

)

C̃t = th
(
WC · [ht−1, xt ] + bC

)

Ct = ft ⊙ Ct−1 + it ⊙ C̃t

ot = σ
(
Wo · [ht−1, xt ] + bo

)

ht = ot ⊙ th(Ct)

Ôèëüòð çàáûâàíèÿ (forget gate) ñ ïàðàìåòðàìè Wf , bf ðåøàåò,

êàêèå êîîðäèíàòû âåêòîðà ñîñòîÿíèÿ Ct−1 íàäî çàïîìíèòü.

⊙ � îïåðàöèÿ ïîêîìïîíåíòíîãî ïåðåìíîæåíèÿ âåêòîðîâ.

Christopher Olah. http://
olah.github.io/posts/2015-08-Understanding-LSTMs
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Àðõèòåêòóðû ãëóáîêèõ íåéðîííûõ ñåòåé

Ñâ¼ðòî÷íûå íåéðîííûå ñåòè

�åêóððåíòíûå íåéðîííûå ñåòè

Ñåòè äîëãîé êðàòêîâðåìåííîé ïàìÿòè (long short-term memory)

ft = σ
(
Wf · [ht−1, xt ] + bf

)

it = σ
(
Wi · [ht−1, xt ] + bi

)

C̃t = th
(
WC · [ht−1, xt ] + bC

)

Ct = ft ⊙ Ct−1 + it ⊙ C̃t

ot = σ
(
Wo · [ht−1, xt ] + bo

)

ht = ot ⊙ th(Ct)

Ôèëüòð âõîäíûõ äàííûõ (input gate) ñ ïàðàìåòðàìè Wi , bi
ðåøàåò, êàêèå êîîðäèíàòû âåêòîðà ñîñòîÿíèÿ íàäî îáíîâèòü.

Ìîäåëü íîâîãî ñîñòîÿíèÿ ñ ïàðàìåòðàìè WC , bC �îðìèðóåò

âåêòîð C̃t çíà÷åíèé-êàíäèäàòîâ íîâîãî ñîñòîÿíèÿ.

Christopher Olah. http://
olah.github.io/posts/2015-08-Understanding-LSTMs
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Ñâ¼ðòî÷íûå íåéðîííûå ñåòè

�åêóððåíòíûå íåéðîííûå ñåòè

Ñåòè äîëãîé êðàòêîâðåìåííîé ïàìÿòè (long short-term memory)

ft = σ
(
Wf · [ht−1, xt ] + bf

)

it = σ
(
Wi · [ht−1, xt ] + bi

)

C̃t = th
(
WC · [ht−1, xt ] + bC

)

Ct = ft ⊙ Ct−1 + it ⊙ C̃t

ot = σ
(
Wo · [ht−1, xt ] + bo

)

ht = ot ⊙ th(Ct)

Íîâîå ñîñòîÿíèå Ct �îðìèðóåòñÿ êàê ñìåñü

ñòàðîãî ñîñòîÿíèÿ Ct−1 ñ �èëüòðîì ft è

âåêòîðà çíà÷åíèé-êàíäèäàòîâ C̃t ñ �èëüòðîì it .

Íàñòðàèâàåìûõ ïàðàìåòðîâ íåò.

Christopher Olah. http://
olah.github.io/posts/2015-08-Understanding-LSTMs
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Àðõèòåêòóðû ãëóáîêèõ íåéðîííûõ ñåòåé

Ñâ¼ðòî÷íûå íåéðîííûå ñåòè

�åêóððåíòíûå íåéðîííûå ñåòè

Ñåòè äîëãîé êðàòêîâðåìåííîé ïàìÿòè (long short-term memory)

ft = σ
(
Wf · [ht−1, xt ] + bf

)

it = σ
(
Wi · [ht−1, xt ] + bi

)

C̃t = th
(
WC · [ht−1, xt ] + bC

)

Ct = ft ⊙ Ct−1 + it ⊙ C̃t

ot = σ
(
Wo · [ht−1, xt ] + bo

)

ht = ot ⊙ th(Ct)

Ôèëüòð âûõîäíûõ äàííûõ (output gate) ñ ïàðàìåòðàìè Wo , bo
ðåøàåò, êàêèå êîîðäèíàòû âåêòîðà ñîñòîÿíèÿ Ct íàäî âûäàòü.

Âûõîäíîé ñèãíàë ht �îðìèðóåòñÿ èç âåêòîðà ñîñòîÿíèÿ Ct

ñ ïîìîùüþ íåëèíåéíîãî ïðåîáðàçîâàíèÿ th è �èëüòðà ot .

Christopher Olah. http://
olah.github.io/posts/2015-08-Understanding-LSTMs
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Ýâðèñòèêè äëÿ ãëóáîêèõ íåéðîííûõ ñåòåé

Àðõèòåêòóðû ãëóáîêèõ íåéðîííûõ ñåòåé

Ñâ¼ðòî÷íûå íåéðîííûå ñåòè

�åêóððåíòíûå íåéðîííûå ñåòè

Âàðèàíò LSTM ñ ¾çàìî÷íûìè ñêâàæèíàìè¿ (peepholes)

ft = σ
(
Wf · [Ct−1, ht−1, xt ] + bf

)

it = σ
(
Wi · [Ct−1, ht−1, xt ] + bi

)

C̃t = th
(
WC · [ht−1, xt ] + bC

)

Ct = ft ⊙ Ct−1 + it ⊙ C̃t

ot = σ
(
Wo · [Ct , ht−1, xt ] + bo

)

ht = ot ⊙ th(Ct)

Âñå �èëüòðû ¾ïîäãëÿäûâàþò¿ âåêòîð ñîñòîÿíèÿ Ct−1 èëè Ct .

Óâåëè÷èâàåòñÿ ÷èñëî ïàðàìåòðîâ ìîäåëè.

Çàìî÷íóþ ñêâàæèíó ìîæíî èñïîëüçîâàòü íå äëÿ âñåõ �èëüòðîâ.

Gers F. A., S
hmidhuber J. Re
urrent Nets that Time and Count. 2000.
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Ýâðèñòèêè äëÿ ãëóáîêèõ íåéðîííûõ ñåòåé

Àðõèòåêòóðû ãëóáîêèõ íåéðîííûõ ñåòåé

Ñâ¼ðòî÷íûå íåéðîííûå ñåòè

�åêóððåíòíûå íåéðîííûå ñåòè

Óïðîùåíèå LSTM: Gated Re
urrent Unit (GRU)

zt = σ
(
Wz · [ht−1, xt ]

)

rt = σ
(
Wr · [ht−1, xt ]

)

h̃t = th
(
Wh · [rt ⊙ ht−1, xt ]

)

ht = (1− zt)⊙ ht−1 + zt ⊙ h̃t

Èñïîëüçóåòñÿ òîëüêî ñîñòîÿíèå ht , âåêòîð Ct íå ââîäèòñÿ.

Ôèëüòð îáíîâëåíèÿ (update gate) âìåñòî âõîäíîãî è çàáûâàþùåãî.

Ôèëüòð ïåðåçàãðóçêè (reset gate) ðåøàåò, êàêóþ ÷àñòü ïàìÿòè

íóæíî ïåðåíåñòè äàëüøå ñ ïðîøëîãî øàãà.

Cho K. On the properties of neural ma
hine translation: en
oder-de
oder approa
hes. 2014.
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�åçþìå

Íåéðîí � ëèíåéíàÿ êëàññè�èêàöèÿ èëè ðåãðåññèÿ

Íåéðîííàÿ ñåòü � ñóïåðïîçèöèÿ íåéðîíîâ ñ íåëèíåéíûìè

�óíêöèÿìè àêòèâàöèè

Ba
kProp � áûñòðîå äè��åðåíöèðîâàíèå ñóïåðïîçèöèé

Ïîäáîð àðõèòåêòóðû ñåòè è ýâðèñòèê � ýòî èñêóññòâî

Ñ ÷åì ñâÿçàíà ¾ðåâîëþöèÿ ãëóáîêîãî îáó÷åíèÿ¿

Áîëüøèå âûáîðêè + ðàñïàðàëëåëèâàíèå íà GPU

Ïðîäâèíóòûå ãðàäèåíòíûå ìåòîäû óñêîðÿþò ñõîäèìîñòü

�åãóëÿðèçàöèè è dropout ïðåäîòâðàùàþò ïåðåîáó÷åíèå

ReLU ïðåäîòâðàùàåò çàòóõàíèå è âçðûâ ãðàäèåíòîâ

Ñâ¼ðòî÷íûå ñåòè: âåêòîðèçàöèÿ ñëîæíûõ ñòðóêòóð äàííûõ

�åêóððåíòíûå ñåòè: ìåõàíèçìû ïàìÿòè è ïðèíÿòèÿ

ðåøåíèé äëÿ àíàëèçà ïîñëåäîâàòåëüíîñòåé âåêòîðîâ
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