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Çàäà÷à îáó÷åíèÿ íåéðîííîé ñåòè (íàïîìèíàíèå)

Äàíî: âûáîðêà xi = (x1i , . . . , x
n
i ), yi , i = 1, . . . , ℓ

Íàéòè: âåêòîð âåñîâ w ìîäåëè a(x ,w)
Êðèòåðèé: ìèíèìóì ñóììàðíûõ ïîòåðü

Q(w) :=

ℓ
∑

i=1

Li (w) → min
w

,

ãäå Li (w) ≡ L
(

a(xi ,w), yi
)

� �óíêöèÿ ïîòåðü.

Ìåòîä ñòîõàñòè÷åñêîãî ãðàäèåíòà (Sto
hasti
 Gradient):

wk+1

jh := wk
jh − η

∂Li (w
k)

∂wjh

� ïîêîîðäèíàòíàÿ çàïèñü

w := w − ηL ′
i (w) � âåêòîðíàÿ çàïèñü áåç k

ãäå η � ãðàäèåíòíûé øàã (learning rate), k � íîìåð èòåðàöèè
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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

Ê.Â. Âîðîíöîâ (voron�fore
sys.ru) Èñêóññòâåííûå íåéðîííûå ñåòè 4 / 35



Ýâðèñòèêè äëÿ ãëóáîêèõ íåéðîííûõ ñåòåé

Ñâ¼ðòî÷íûå íåéðîííûå ñåòè

�åêóððåíòíûå íåéðîííûå ñåòè

�ðàäèåíòíûå ìåòîäû îïòèìèçàöèè

Ìåòîäû ðåãóëÿðèçàöèè
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Àäàïòèâíûå ãðàäèåíòû

AdaGrad (adaptive gradient) � àäàïòàöèÿ ñêîðîñòåé èçìåíåíèÿ

âåñîâ, íîðìèðîâêà íà êîðåíü ñóììû êâàäðàòîâ ïðîèçâîäíûõ:

G := G + L
′
i (w)⊙ L

′
i (w),

w := w − ηL ′
i (w)⊘

(
√
G + ε

)

,

ãäå ⊙ è ⊘ � ïîêîðäèíàòíîå óìíîæåíèå è äåëåíèå âåêòîðîâ.

Íåäîñòàòîê � ñëèøêîì áûñòðîå óâåëè÷åíèå ñóììû G .

RMSProp (running mean square) � ýêñïîíåíöèàëüíîå ñêîëüçÿùåå

ñðåäíåå ïî ≈ 1

1−α
ïîñëåäíèì èòåðàöèÿì âìåñòî ñóììû:

G := αG + (1− α)L
′
i (w)⊙ L

′
i (w)

w := w − ηL ′
i (w)⊘

(
√
G + ε

)
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AdaDelta � åù¼ îäíî îáîáùåíèå AdaGrad

Èäåÿ: âîçüì¼ì çà îñíîâó RMSProp:

G := αG + (1− α)L
′
i (w)⊙ L

′
i (w)

w := w − ηL ′
i (w)⊘

(
√
G + ε

)

è íîðìèðóåì ïðèðàùåíèÿ âåñîâ íå òîëüêî íà ñðåäíèå

ïðîèçâîäíûå, íî è íà ñðåäíèå ïðèðàùåíèÿ âåñîâ.

AdaDelta (adaptive learning rate):

G := αG + (1− α)L
′
i (w)⊙ L

′
i (w)

δ := L
′
i (w)⊙

√
∆+ε√
G+ε

∆ := α∆+ (1− α)δ2

w := w − ηδ

Çäåñü ìîæíî áðàòü η = 1.
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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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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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Ale
 Radford's animation: http://
s231n.github.io/assets/nn3/opt1.gif
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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 = ξh σh
(
∑

j

wjhx
ℓ
ij

)

, P(ξh = 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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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 ÷àñòè ñåòè ðåøàòü

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

ïîäñòðàèâàòüñÿ ïîä êîìïåíñàöèþ îøèáîê äðóã äðóãà
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Îáðàòíûé Dropout è L2-ðåãóëÿðèçàöèÿ

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

Ýòàï îáó÷åíèÿ:

xℓ+1

ih = 1

1−pℓ
ξh σh

(
∑

j

wjhx
ℓ
ij

)

, P(ξh = 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
;

w := w(1− ηλ)− η 1

1−pℓ
ξh L

′
i (w)
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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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�àñøèðåíèå âûáîðêè (dataset augmentation)

Ëþáûå ïðåîáðàçîâàíèÿ, íå ìåíÿþùèå êëàññ îáúåêòà
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Êëàññè�èêàöèÿ èçîáðàæåíèé

Êëàññè÷åñêèé ïîäõîä ê ðàñïîçíàâàíèþ èçîáðàæåíèé:

Ñîâðåìåííûé ïîäõîä � end-to-end deep learning:
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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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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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Ñòàíäàðòíàÿ ñõåìà ñâåðòî÷íîé ñåòè (Convolutional NN)
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Îáó÷åíèå èåðàðõèè ïðèçíàêîâ

×åì âûøå ñëîé, òåì áîëåå êðóïíûå è ñëîæíûå ýëåìåíòû

èçîáðàæåíèé îí ñïîñîáåí ðàñïîçíàâàòü
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Âûáîðêà èçîáðàæåíèé ImageNet
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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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Ïîñëåäîâàòåëüíûå �ðàãìåíòû ñèãíàëà ïðåäñòàâëÿþòñÿ

âåêòîðàìè ñïåêòðàëüíîãî ðàçëîæåíèÿ

Qirong Mao, Ming Dong, Zhengwei Huang, Yongzhao Zhan. Learning salient

features for spee
h emotion re
ognition using 
onvolutional neural networks. 2014.
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Ïðèëîæåíèå: êëàññè�èêàöèÿ ïðåäëîæåíèé â òåêñòå

Ïîñëåäîâàòåëüíûå ñëîâà ïðåäñòàâëÿþòñÿ âåêòîðàìè

ñ ïîìîùüþ word2ve
 èëè òåìàòè÷åñêîé ìîäåëè

Yoon Kim. Convolutional neural networks for senten
e 
lassi�
ation. 2014
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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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Èäåÿ îáîáùåíèÿ CNN íà ëþáûå ñòðóêòóðèðîâàííûå äàííûå

Êàæäûé îáúåêò èìååò ñòðóêòóðó, çàäàâàåìóþ ãðà�îì

Ñâ¼ðòêà îïðåäåëÿåòñÿ ïî ëîêàëüíîé îêðåñòíîñòè âåðøèíû

Ïóëèíã àãðåãèðóåò âåêòîðû âåðøèí ëîêàëüíîé îêðåñòíîñòè

Ñåòü íàñòðàèâàåòñÿ íà îáíàðóæåíèå è êëàññè�èêàöèþ ïîäãðà�îâ
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Îáó÷åíèå ðåêóððåíòíûõ ñåòåé

Ñåòè äîëãîé êðàòêîâðåìåííîé ïàìÿòè (LSTM)

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

ãäå Lt(U,V ,W ) � ïîòåðÿ îò ïðåäñêàçàíèÿ yt
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Ñåòè äîëãîé êðàòêîâðåìåííîé ïàìÿòè (LSTM)

Âîçìîæíîñòè ðåêóððåíòíûõ íåéðîííûõ ñåòåé

Êëàññè�èêàöèÿ òåêñòîâ èëè èõ �ðàãìåíòîâ

Àíàëèç òîíàëüíîñòè ïðåäëîæåíèé òåêñòà

Ìàøèííûé ïåðåâîä

Spee
h-to-text / Text-to-spee
h

×àò-áîòû è ðàçãîâîðíûé èíòåëëåêò

�åíåðàöèÿ ïîäïèñåé ê èçîáðàæåíèÿì

�åíåðàöèÿ ðóêîïèñíîãî òåêñòà

Èíòåðïðåòàöèÿ ãåíîìà è äð. çàäà÷è áèîèí�îðìàòèêè

Andrej Karpathy. The unreasonable e�e
tiveness of re
urrent neural networks. 2015.
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Ñåòè äîëãîé êðàòêîâðåìåííîé ïàìÿòè (LSTM)

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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Ñåòè äîëãîé êðàòêîâðåìåííîé ïàìÿòè (LSTM)

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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Ñåòè äîëãîé êðàòêîâðåìåííîé ïàìÿòè (LSTM)

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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Ñåòè äîëãîé êðàòêîâðåìåííîé ïàìÿòè (LSTM)

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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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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Ýâðèñòèêè äëÿ ãëóáîêèõ íåéðîííûõ ñåòåé

Ñâ¼ðòî÷íûå íåéðîííûå ñåòè

�åêóððåíòíûå íåéðîííûå ñåòè

Íåéðîííûå ñåòè äëÿ îáðàáîòêè ïîñëåäîâàòåëüíîñòåé

Îáó÷åíèå ðåêóððåíòíûõ ñåòåé

Ñåòè äîëãîé êðàòêîâðåìåííîé ïàìÿòè (LSTM)

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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�åçþìå

Ïðîäâèíóòûå ãðàäèåíòíûå ìåòîäû óñêîðÿþò ñõîäèìîñòü

�åãóëÿðèçàöèè è dropout ïðåäîòâðàùàþò ïåðåîáó÷åíèå

ReLU ïðåäîòâðàùàåò çàòóõàíèå è âçðûâ ãðàäèåíòîâ

Ñâ¼ðòî÷íûå ñåòè ïåðåâîäÿò ñëîæíî ñòðóêòóðèðîâàííûå

äàííûå â âåêòîð �èêñèðîâàííîé ðàçìåðíîñòè

�åêóððåíòíûå ñåòè ïîçâîëÿþò îáðàáàòûâàòü

ïîñëåäîâàòåëüíîñòè âåêòîðîâ

Ïîäáîð àðõèòåêòóðû è ïàðàìåòðîâ ñåòè � ýòî èñêóññòâî
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