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Íàïîìèíàíèå: ìîäåëè êëàññèôèêàöèè è ðåãðåññèè

Äàíî: âûáîðêà X ℓ = (xi , yi )
ℓ
i=1, îáúåêòû xi ∈ Rn, 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 êëàññèôèêàöèè ñ äâóìÿ êëàññàìè: yi ∈ {±1}
Íàéòè: ìîäåëü êëàññèôèêàöèè 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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Íàïîìèíàíèå: ìàòåìàòè÷åñêàÿ ìîäåëü íåéðîíà

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) � ôóíêöèÿ àêòèâàöèè

f1(x)

f2(x)

· · ·
fn(x)

∑
σ a(x)

w1 ((
w2 --
...
wn

66
//

−1

w0

PP

Óîððåí Âàëüòåð
ÌàêÊàëëîê Ïèòòñ
(1898�1969) (1923�1969)
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Íàïîìèíàíèå: MLP � MultiLayer Perceptron ñ L ñëîÿìè

Àðõèòåêòóðà ñåòè: Hl � ÷èñëî íåéðîíîâ â l -ì ñëîå, l = 1, . . . , L

x0 ∈ Rn+1 � âåêòîð ïðèçíàêîâ íà âõîäå ñåòè, x00 = −1
x l ∈ RHl � âåêòîð ¾ïðèçíàêîâ¿ íà âûõîäå l -ãî ñëîÿ, x l

0 = −1
xL ∈ RHL � âåêòîð íà âûõîäå ñåòè

W l � ìàòðèöà âåñîâ l -ãî ñëîÿ, ðàçìåðà (Hl−1+1)× Hl

x l = σl
(
W lx l−1

)
� âû÷èñëåíèå ñåòè ïî ñëîÿì l = 1, . . . , L
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Íàïîìèíàíèå. Ôóíêöèè àêòèâàöèè

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 (Recti�ed Linear Unit, ReLU)

ReLU(y) = max{0, y}; PReLU(y) = max{0, y}+ αmin{0, y}
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Íàïîìèíàíèå: àëãîðèòì SG (Stochastic Gradient)

L (w , x) � ïîòåðÿ, äîïóùåííàÿ ìîäåëüþ a(x ,w) íà îáúåêòå x
Êðèòåðèé ìèíèìóìà ñðåäíèõ ïîòåðü íà îáó÷àþùåé âûáîðêå:

Q(w) =
1

ℓ

ℓ∑
i=1

L (w , xi ) → min
w

Âõîä: âûáîðêà (xi )
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 ôóíêöèîíàëà: Q := (1− λ)Q + λLi ;

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

H.Robbins, S.Monro. A stochastic approximation method // Annals of Math. Stat., 1951.
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Íàïîìèíàíèå: ìåòîä íàêîïëåíèÿ èíåðöèè (momentum)

Momentum � ýêñïîíåíöèàëüíîå ñêîëüçÿùåå
ñðåäíåå ãðàäèåíòà ïî ≈ 1

1−γ ïîñëåäíèì
èòåðàöèÿì [Á.Ò.Ïîëÿê, 1964]:

v := γv + (1−γ)∇L (w , xi )

w := w − ηv

NAG (Nesterov's accelerated gradient) �
óñêîðåííûé ñòîõàñòè÷åñêèé ãðàäèåíò
ñ èíåðöèåé [Þ.Å.Íåñòåðîâ, 1983]:

v := γv + (1−γ)∇L (w − ηγv , xi )

w := w − ηv
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Ãëóáîêèå íåéðîííûå ñåòè (Deep Neural Network, DNN)

1965: ïåðâûå ãëóáîêèå íåéðîííûå ñåòè
2012: ñâ¼ðòî÷íàÿ ñåòü äëÿ êëàññèôèêàöèè èçîáðàæåíèé AlexNet

Àðõèòåêòóðà ñåòè � ñòðóêòóðà ñëî¼â è ñâÿçåé ìåæäó íèìè,
ïîçâîëÿþùàÿ íàäåëÿòü DNN íóæíûìè ñâîéñòâàìè

DNN ïîçâîëÿþò ïðèíèìàòü íà âõîäå è ãåíåðèðîâàòü
íà âûõîäå ñëîæíî ñòðóêòóðèðîâàííûå äàííûå

Èâ�àõíåíêî À. Ã., Ëàïà Â. Ã. Êèáåðíåòè÷åñêèå ïðåäñêàçûâàþùèå óñòðîéñòâà. 1965.
Krizhevsky A. et al. ImageNet classi�cation with deep convolutional neural networks. 2012.
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Ãëóáèíà âàæíåå øèðèíû

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

n ïðèçíàêîâ, L ñëî¼â, H íåéðîíîâ â êàæäîì ñëîå, x ∈ Rn,
ôóíêöèè 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 Rn.

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

Òåîðåìà. Ðàçíîîáðàçèå ñåìåéñòâà An
LH ðàñò¼ò êàê O(HnL).

M.Raghu et al. On the Expressive Power of Deep Neural Networks, 2016.
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Èçáûòî÷íàÿ ïàðàìåòðèçàöèÿ ìîæåò óñêîðÿòü ñõîäèìîñòü

Ðàññìîòðèì t-é øàã SGD: L (xiw) → min
w
, xi ,w ∈ Rn, i ≡ i(t):

w t+1 := w t − η xiL
′(xiw

t)

Ïðèìåð èçáûòî÷íîé ïàðàìåòðèçàöèè: L (xiw1v) → min
w1,v

, v ∈ R:

w t+1
1 := w t

1 − η xiv
tL ′(xiw

t
1v

t)

v t+1 := v t − η (xiw
t
1)L ′(xiw

t
1v

t)

Ðåêóððåíòíàÿ ôîðìóëà äëÿ w t = w t
1v

t :

w t+1 := w t+1
1 v t+1 = w t − ηtxiL

′(xiw
t)−

t−1∑
τ=1

ηt,τxi(τ)L
′(xi(τ)w

τ )

Ýòî (íåîæèäàííî!) ìåòîä Momentum ñ àäàïòèâíûì øàãîì ηt

è àäàïòèâíûìè êîýôôèöèåíòàìè ñãëàæèâàíèÿ ηt,τ .

Sanjeev Arora, Nadav Cohen, Elad Hazan. On the Optimization of Deep Networks:
Implicit Acceleration by Overparameterization. 2018
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Ãåíåðàöèÿ ïðèçíàêîâ äëÿ ðàñïîçíàâàíèÿ èçîáðàæåíèé

Êëàññè÷åñêèé ïîäõîä ê ðàñïîçíàâàíèþ èçîáðàæåíèé:

Ñîâðåìåííûé ïîäõîä � end-to-end deep learning:

Sanjeev Arora. Toward theoretical understanding of deep learning. ICML-2018 Tutorial
https://unsupervised.cs.princeton.edu/deeplearningtutorial.html
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Ñâ¼ðòî÷íûé ñëîé íåéðîíîâ (convolution 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 � 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 ôóíêöèÿ: max, average è ò.ï.

Ðàçìåð èçîáðàæåíèÿ ñîêðàùàåòñÿ
â h ðàç ïî øèðèíå è ïî âûñîòå

Åñëè íåéðîí ïðåäûäóùåãî ñëîÿ îòâå÷àë
çà äåòåêòèðîâàíèå íåêîòîðîãî ýëåìåíòà,
òî max-pooling ïîçâîëÿåò îáíàðóæèòü
ýòîò ýëåìåíò â ëþáîì ìåñòå
èç h-îêðåñòíîñòè (èíâàðèàíòíîñòü
äåòåêòèðîâàíèÿ îòíîñèòåëüíî ñäâèãîâ)

x [i , j ]

y [i , j ]
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Ðàñïîçíàâàíèå îáúåêòîâ íà èçîáðàæåíèÿõ
Ïðèëîæåíèÿ: èçîáðàæåíèÿ, òåêñòû, ðå÷ü, èãðû

Ñòàíäàðòíàÿ ñõåìà ñâåðòî÷íîé ñåòè (Convolutional NN)

Yann LeCun et al. Learning algorithms for classi�cation: A comparison on handwritten
digit recognition. 1995
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Ïðèëîæåíèÿ: èçîáðàæåíèÿ, òåêñòû, ðå÷ü, èãðû

Ñâ¼ðòî÷íàÿ ñåòü îáó÷àåòñÿ èçâëå÷åíèþ ïðèçíàêîâ

×åì âûøå ñëîé, òåì áîëåå êðóïíûå è ñëîæíûå ýëåìåíòû
èçîáðàæåíèé îí ñïîñîáåí ðàñïîçíàâàòü

Krizhevsky A., Sutskever I., Hinton G. ImageNet classi�cation with deep convolutional
neural networks. 2012.
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ImageNet � áîëüøàÿ âûáîðêà ðàçìå÷åííûõ èçîáðàæåíèé

2,5 ãîäà íà ðàçìåòêó
(2008/07�2010/04)

14 197 122
èçîáðàæåíèé

21 841
êëàññîâ îáúåêòîâ

3 ðàçìåòêè
êàæäîãî
èçîáðàæåíèÿ

https://image-net.org

Li Fei-Fei et al. ImageNet: A large-scale hierarchical image database. 2009.
Li Fei-Fei et al. Construction and analysis of a large scale image ontology. 2009.
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Ãëóáîêèå ñâ¼ðòî÷íûå ñåòè äëÿ êëàññèôèêàöèè èçîáðàæåíèé

Ñòàðò â 2009. ×åëîâå÷åñêèé óðîâåíü îøèáîê 5% ïðîéäåí â 2015

Ñâ¼ðòî÷íàÿ ñåòü AlexNet:
+ ReLU + Dropout
+ 60M ïàðàìåòðîâ
+ ïîïîëíåíèå âûáîðêè
+ ïîäáîð ðàçìåðîâ ñëî¼â
+ GPU

Krizhevsky A. et al. ImageNet classi�cation with deep convolutional neural networks. 2012.
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ResNet: îñòàòî÷íàÿ íåéðîííàÿ ñåòü (Residual NN)

Ñêâîçíàÿ ñâÿçü (skip connection) ñëîÿ l

ñ ïðåäøåñòâóþùèì ñëîåì l − d :

xl = σ(Wxl−1) + xl−d

Ñëîé l âûó÷èâàåò íå íîâîå âåêòîðíîå
ïðåäñòàâëåíèå xl , à åãî ïðèðàùåíèå xl − xl−d

Ïðèðàùåíèÿ áîëåå óñòîé÷èâû ⇒ óëó÷øàåòñÿ ñõîäèìîñòü

Ïîÿâëÿåòñÿ âîçìîæíîñòü óâåëè÷èâàòü ÷èñëî ñëî¼â

Îáîáùåíèå � Highway Networks:

xl = σ(Wxl−1) τ(W
′xl−1)︸ ︷︷ ︸

transform gate

+ xl−d

(
1− τ(W ′xl−1)

)︸ ︷︷ ︸
carry gate

Kaiming He, Xiangyu Zhang, Shaoqing Ren, Jian Sun. Deep Residual Learning for
Image Recognition. 2015
R.K.Srivastava, K.Gre�, J.Schmidhuber. Highway Networks. 2015
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Ïðèëîæåíèÿ: èçîáðàæåíèÿ, òåêñòû, ðå÷ü, èãðû

ResNet: âèçóàëèçàöèÿ îïòèìèçàöèîííîãî êðèòåðèÿ

Ñêâîçíûå ñâÿçè (skip connection) óïðîùàþò îïòèìèçèðóåìûé
êðèòåðèé, óñòðàíÿÿ ëîêàëüíûå ýêñòðåìóìû è ñåäëîâûå òî÷êè:

Hao Li et al. Visualizing the Loss Landscape of Neural Nets. 2018
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×àñòî èñïîëüçóåìûå ïðè¼ìû â CNN

ôóíêöèè àêòèâàöèè áåç ãîðèçîíòàëüíûõ àñèìïòîò, òèïà ReLU

àäàïòèâíûå ãðàäèåíòíûå ìåòîäû

îñòàòî÷íûå íåéðîííûå ñåòè (Residual NN)

dropout (èñïîëüçóåòñÿ âñ¼ ðåæå, ñ÷èòàåòñÿ óñòàðåâøèì)

batch normalization

ïîäáîð ÷èñëà ñëî¼â è èõ ðàçìåðîâ

dataset augmentation � ïîïîëíåíèå âûáîðêè ñ ïîìîùüþ
ïðåîáðàçîâàíèé, ñîõðàíÿþùèõ êëàññ îáúåêòà
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Ïðèëîæåíèÿ: èçîáðàæåíèÿ, òåêñòû, ðå÷ü, èãðû

Ïðèëîæåíèå: ðàñïîçíàâàíèå ðå÷åâûõ ñèãíàëîâ

Ïîñëåäîâàòåëüíûå ôðàãìåíòû ñèãíàëà ïðåäñòàâëÿþòñÿ
âåêòîðàìè ñïåêòðàëüíîãî ðàçëîæåíèÿ

Qirong Mao, Ming Dong, Zhengwei Huang, Yongzhao Zhan. Learning salient features
for speech emotion recognition using convolutional neural networks. 2014.
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Ïðèëîæåíèå: êëàññèôèêàöèÿ ïðåäëîæåíèé â òåêñòå

Ïîñëåäîâàòåëüíûå ñëîâà â òåêñòå ïðåäñòàâëÿþòñÿ âåêòîðàìè
ñ ïîìîùüþ âåêòîðíûõ ïðåäñòàâëåíèé (word2vec è äð.)

Yoon Kim. Convolutional neural networks for sentence classi�cation. 2014

Yann N. Dauphin et al. Language modeling with gated convolutional networks, 2017.
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Ïðèëîæåíèÿ: èçîáðàæåíèÿ, òåêñòû, ðå÷ü, èãðû

Ïðèëîæåíèå: ïðèíÿòèå ðåøåíèé â ëîãè÷åñêèõ èãðàõ

David Silver et al. (DeepMind) Mastering the game of Go without human knowledge. 2017
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Ñåòè äîëãîé êðàòêîâðåìåííîé ïàìÿòè LSTM
Âàðèàíòû LSTM, ñåòè GRU è SRU

Çàäà÷è îáðàáîòêè ïîñëåäîâàòåëüíîñòåé

Äàíî: (xt)
T
t=0 � ïîñëåäîâàòåëüíîñòü âõîäíûõ âåêòîðîâ

Íàéòè ìîäåëü ñ ìàòðèöàìè ïàðàìåòðîâ W ,U,V , âû÷èñëÿþùóþ
ht � âåêòîð ñêðûòîãî ñîñòîÿíèÿ, t = 0, . . . ,T ;
yt � âûõîäíîé âåêòîð (â íåêîòîðûõ ïðèëîæåíèÿõ yt ≡ ht).
Äâóõñëîéíàÿ ñåòü è å¼ ðàçâ¼ðíóòîå ïðåäñòàâëåíèå (unfolding):

ht = σh(Uxt +Wht−1)

yt = σy (Vht)

Êðèòåðèé îáó÷åíèÿ ðåêóððåíòíîé ñåòè:
T∑
t=0

Lt

(
yt(U,V ,W )

)
→ min

U,V ,W

Lt

(
yt(U,V ,W )

)
� ïîòåðÿ îò ïðåäñêàçàíèÿ yt â ìîìåíò t
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Ïðèëîæåíèÿ ðåêóððåíòíûõ íåéðîííûõ ñåòåé

Ïðîãíîçèðîâàíèå âðåìåííûõ ðÿäîâ

Óïðàâëåíèå òåõíîëîãè÷åñêèìè ïðîöåññàìè

Êëàññèôèêàöèÿ òåêñòîâ èëè èõ ôðàãìåíòîâ

Àíàëèç òîíàëüíîñòè äîêóìåíòà / ïðåäëîæåíèé / ñëîâ

Ìàøèííûé ïåðåâîä

Ðàñïîçíàâàíèå ðå÷è

Ñèíòåç ðå÷è

Ñèíòåç îòâåòîâ íà âîïðîñû, ðàçãîâîðíûé èíòåëëåêò

Ãåíåðàöèÿ ïîäïèñåé ê èçîáðàæåíèÿì

Ãåíåðàöèÿ ðóêîïèñíîãî òåêñòà

Èíòåðïðåòàöèÿ ãåíîìà è äðóãèå çàäà÷è áèîèíôîðìàòèêè

Andrej Karpathy. The unreasonable e�ectiveness of recurrent neural networks. 2015.
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Ñåòè äîëãîé êðàòêîâðåìåííîé ïàìÿòè LSTM
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Îáó÷åíèå ðåêóððåíòíûõ ñåòåé

Ñïåöèàëüíûé âàðèàíò îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê,
Backpropagation 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

D.Rumelhart, G.Hinton, R.Williams. Learning internal representations by error
propagation, 1985.

Ê.Â. Âîðîíöîâ (k.v.vorontsov@phystech.edu) ÏÌÌÎ: Ãëóáîêèå íåéðîííûå ñåòè 27 / 36



Ãëóáîêèå íåéðîííûå ñåòè è èõ îáîñíîâàíèÿ
Ñâ¼ðòî÷íûå íåéðîííûå ñåòè

Ðåêóððåíòíûå íåéðîííûå ñåòè

Íåéðîííûå ñåòè äëÿ îáðàáîòêè ïîñëåäîâàòåëüíîñòåé
Ñåòè äîëãîé êðàòêîâðåìåííîé ïàìÿòè LSTM
Âàðèàíòû LSTM, ñåòè GRU è SRU

Ñåòè äîëãîé êðàòêîâðåìåííîé ïàìÿòè (long short-term memory)

Ìîòèâàöèÿ LSTM: ñåòü äîëæíà äîëãî ïîìíèòü ïðåäûñòîðèþ,
ò.å. êîíòåêñò, êàêîé èìåííî � ñåòü äîëæíà âûó÷èòü ñàìà.
Ââîäèòñÿ Ct � âåêòîð äîëãîãî êîíòåêñòà ñåòè â ìîìåíò t.

Hochreiter S., Schmidhuber J. Neural Computation, 9(8), 1997
Gre� K., Schmidhuber J. http://arxiv.org/pdf/1503.04069.pdf, 2015
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Íåéðîííûå ñåòè äëÿ îáðàáîòêè ïîñëåäîâàòåëüíîñòåé
Ñåòè äîëãîé êðàòêîâðåìåííîé ïàìÿòè LSTM
Âàðèàíòû LSTM, ñåòè GRU è SRU

Ñåòè äîëãîé êðàòêîâðåìåííîé ïàìÿòè (long short-term memory)

ft = σ
(
Wf · [ht−1, xt ] + bf

)
it = σ

(
Wi · [ht−1, xt ] + bi

)
ot = σ

(
Wo · [ht−1, xt ] + bo

)
C̃t = th

(
Wc · [ht−1, xt ] + bc

)
Ct = ft ⊙ Ct−1 + it ⊙ C̃t

ht = ot ⊙ th(Ct)

Ôèëüòð çàáûâàíèÿ (forget gate) ñ ïàðàìåòðàìè Wf , bf ðåøàåò,
êàêèå êîîðäèíàòû âåêòîðà êîíòåêñòà Ct−1 íàäî çàïîìíèòü.

[ht−1, xt ] � êîíêàòåíàöèÿ âåêòîðîâ;
σ : R → (0, 1) � ñèãìîèäíàÿ ôóíêöèÿ; th : R → (−1, 1);
⊙ � îïåðàöèÿ ïîêîìïîíåíòíîãî ïåðåìíîæåíèÿ âåêòîðîâ.

Christopher Olah. http://colah.github.io/posts/2015-08-Understanding-LSTMs
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Âàðèàíòû LSTM, ñåòè GRU è SRU

Ñåòè äîëãîé êðàòêîâðåìåííîé ïàìÿòè (long short-term memory)

ft = σ
(
Wf · [ht−1, xt ] + bf

)
it = σ

(
Wi · [ht−1, xt ] + bi

)
ot = σ

(
Wo · [ht−1, xt ] + bo

)
C̃t = th

(
Wc · [ht−1, xt ] + bc

)
Ct = ft ⊙ Ct−1 + it ⊙ C̃t

ht = ot ⊙ th(Ct)

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

Ìîäåëü íîâîãî êîíòåêñòà ñ ïàðàìåòðàìè Wc , bc ôîðìèðóåò
âåêòîð C̃t ñ èíôîðìàöèåé î íîâîì êîíòåêñòå.

Christopher Olah. http://colah.github.io/posts/2015-08-Understanding-LSTMs
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Âàðèàíòû LSTM, ñåòè GRU è SRU

Ñåòè äîëãîé êðàòêîâðåìåííîé ïàìÿòè (long short-term memory)

ft = σ
(
Wf · [ht−1, xt ] + bf

)
it = σ

(
Wi · [ht−1, xt ] + bi

)
ot = σ

(
Wo · [ht−1, xt ] + bo

)
C̃t = th

(
Wc · [ht−1, xt ] + bc

)
Ct = ft ⊙ Ct−1 + it ⊙ C̃t

ht = ot ⊙ th(Ct)

Íîâûé âåêòîð êîíòåêñòà Ct ôîðìèðóåòñÿ êàê ñìåñü
ñòàðîãî âåêòîðà êîíòåêñòà Ct−1 ñ ôèëüòðîì ft è
íîâîãî âåêòîðà êîíòåêñòà C̃t ñ ôèëüòðîì it .

Íàñòðàèâàåìûõ ïàðàìåòðîâ íåò.

Christopher Olah. http://colah.github.io/posts/2015-08-Understanding-LSTMs
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Íåéðîííûå ñåòè äëÿ îáðàáîòêè ïîñëåäîâàòåëüíîñòåé
Ñåòè äîëãîé êðàòêîâðåìåííîé ïàìÿòè LSTM
Âàðèàíòû LSTM, ñåòè GRU è SRU

Ñåòè äîëãîé êðàòêîâðåìåííîé ïàìÿòè (long short-term memory)

ft = σ
(
Wf · [ht−1, xt ] + bf

)
it = σ

(
Wi · [ht−1, xt ] + bi

)
ot = σ

(
Wo · [ht−1, xt ] + bo

)
C̃t = th

(
Wc · [ht−1, xt ] + bc

)
Ct = ft ⊙ Ct−1 + it ⊙ C̃t

ht = ot ⊙ th(Ct)

Ôèëüòð âûõîäíûõ äàííûõ (output gate) ñ ïàðàìåòðàìè Wo , bo
ðåøàåò, êàêèå êîîðäèíàòû âåêòîðà êîíòåêñòà Ct ïîéäóò íà âûõîä.

Âûõîäíîé ñèãíàë ht ôîðìèðóåòñÿ èç âåêòîðà êîíòåêñòà Ct

ñ ïîìîùüþ íåëèíåéíîãî ïðåîáðàçîâàíèÿ th è ôèëüòðà ot .

Christopher Olah. http://colah.github.io/posts/2015-08-Understanding-LSTMs

Ê.Â. Âîðîíöîâ (k.v.vorontsov@phystech.edu) ÏÌÌÎ: Ãëóáîêèå íåéðîííûå ñåòè 32 / 36

http://colah.github.io/posts/2015-08-Understanding-LSTMs


Ãëóáîêèå íåéðîííûå ñåòè è èõ îáîñíîâàíèÿ
Ñâ¼ðòî÷íûå íåéðîííûå ñåòè
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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 ôèëüòðû ¾ïîäãëÿäûâàþò¿ âåêòîð êîíòåêñòà Ct−1 èëè Ct .

Óâåëè÷èâàåòñÿ ÷èñëî ïàðàìåòðîâ ìîäåëè.

Óâåëè÷èâàåòñÿ ÷èñëî ñëî¼â � ñ òð¼õ äî ÷åòûð¼õ.

Çàìî÷íóþ ñêâàæèíó ìîæíî èñïîëüçîâàòü íå äëÿ âñåõ ôèëüòðîâ.

Gers F. A., Schmidhuber J. Recurrent Nets that Time and Count. 2000.
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Óïðîùåíèå LSTM: Gated Recurrent Unit (GRU)

zt = σ
(
Wz · [ht−1, xt ] + bz

)
rt = σ

(
Wr · [ht−1, xt ] + br

)
h̃t = th

(
Wh · [rt ⊙ ht−1, xt ] + bh

)
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) rt ðåøàåò, êàêóþ ÷àñòü
ïàìÿòè íóæíî ïåðåíåñòè äàëüøå ñ ïðîøëîãî øàãà.

Cho K. On the properties of neural machine translation: encoder-decoder approaches. 2014.
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Óïðîùåíèå LSTM: Simple Recurrent Unit (SRU)

ft = σ
(
Wf xt + vf ⊙ Ct−1 + bf

)
rt = σ

(
Wrxt + vr ⊙ Ct−1 + br

)
C̃t = WCxt

Ct = ft ⊙ Ct−1 + (1− ft)⊙ C̃t

ht = rt ⊙ Ct + (1− rt)⊙ xt

Ñ ïðåäûäóùåãî øàãà ïåðåäà¼òñÿ òîëüêî âåêòîð Ct−1.
Äâà ôèëüòðà: çàáûâàíèÿ (forget gate) è ïåðåçàãðóçêè (reset gate).

Ñêâîçíûå ñâÿçè (skip connections): xt ïåðåäà¼òñÿ íà âñå ñëîè.

Îáëåã÷¼ííàÿ ðåêóððåíòíîñòü: vf ⊙ Ct−1 âìåñòî Wf Ct−1,
ïîçâîëÿåò âû÷èñëÿòü êîîðäèíàòû âåêòîðîâ ïàðàëëåëüíî.

Tao Lei et al. Simple recurrent units for highly parallelizable recurrence. 2018.
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Ðåçþìå

Ñâ¼ðòî÷íûå ñåòè: ïîñòåïåííàÿ âåêòîðèçàöèÿ ñëîæíî
ñòðóêòóðèðîâàííûõ äàííûõ, îáó÷àåìàÿ ñîâìåñòíî
ñ îñíîâíîé ïðåäñêàçàòåëüíîé ìîäåëüþ

Ðåêóððåíòíûå ñåòè: îáó÷àåìûå ïðåîáðàçîâàíèÿ âõîäíîé
ïîñëåäîâàòåëüíîñòè â âûõîäíóþ (seq2seq)

Ïðè¼ìû, ñäåëàâøèå âîçìîæíûì ãëóáîêîå îáó÷åíèå:

ïðîäâèíóòûå ãðàäèåíòíûå ìåòîäû óñêîðÿþò ñõîäèìîñòü
ðåãóëÿðèçàöèè è dropout ïðåäîòâðàùàþò ïåðåîáó÷åíèå
skip connections óâåëè÷èâàåò ãëóáèíó áåç ïåðåîáó÷åíèÿ
batch norm ñîêðàùàåò âû÷èñëèòåëüíûå ïîãðåøíîñòè
augmentation îáåñïå÷èâàåò óñòîé÷èâîñòü ê èñêàæåíèÿì
ReLU ïðåäîòâðàùàåò çàòóõàíèå è âçðûâ ãðàäèåíòîâ
ñâ¼ðòêè è ðàçðåæèâàíèå ñîêðàùàþò ÷èñëî ïàðàìåòðîâ

Ïåðåõîä îò feature engineering ê architecture engineering

Ïîäáîð àðõèòåêòóðû è ãèïåðïàðàìåòðîâ âñ¼ åù¼ èñêóññòâî
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