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Àâòîêîäåð



Àâòîêîäåð - îïðåäåëåíèå (Autoencoder)

Èç Wikipedia:

An autoencoder is an arti�cial neural network and its aim is to

learn a compressed representation for a set of data. This

means it is being used for dimensionality reduction.



Àâòîêîäåð

Îáó÷åíèå áåç ó÷èòåëÿ

Âûáîðêà (x(1), x(2), ..., ), ãäå x(k) =
(
x

(k)
1 , ..., x

(k)
m

)
, m

ïðèçíàêîâ.

Àâòîêîäåð - ýòî íåéðîííàÿ ñåòü, êîòîðàÿ èñïîëüçóåò
àëãîðèòì îáðàòíîãî ðàñïðîñòðàíåíèÿ òàê, ÷òî â
ðåçóëüòàòå îáó÷åíèÿ ïîëó÷àåì âûõîä èäåíòè÷íûé
âõîäó, ò.å. y(i) = x(i).

Äðóãèìè ñëîâàìè: àâòîêîäåð ïûòàåòñÿ îáó÷èòüñÿ
àïïðîêñèìàöèè òîæäåñòâåííîé ôóíöêèè.



Àâòîêîäåð (èëëþñòðàöèÿ)



Ïî÷åìó áû íå ñäåëàòü ïðîùå?



Âñå äåëî â ñêðûòîì ñëîå L2



Âñå äåëî â ñêðûòîì ñëîå L2

Ïîëó÷àåì ñæàòîå ïðåäñòàâëåíèå ïðèìåðîâ îáó÷àþùåé
âûáîðêè

ýòî âîçìîæíî, åñëè

èìååò ìåñòî êîððåëÿöèÿ ÷àñòè ïðèçíàêîâ

çàñòàâèòü íåéðîíû ñêðûòîãî ñëîÿ áûòü

�ðàçðåæåííûìè� ïðè óñëîâèè s2 > m (÷èñëî íåéðîíîâ

ñêðûòîãî ñëîÿ áîëüøå, ÷åì âõîäíîãî ñëîÿ)

ïîíèæåíèå ðàçìåðíîñòè àíàëîãè÷íî ìåòîäó ãëàâíûõ
êîìïîíåíò



Ñæàòèå àâòîêîäåðîì

z(k) = f
(
W1x

(k) + b1

)
x̂(k) = f

(
W2z

(k) + b2

)
Öåëåâîé ôóíêöèîíàë (îøèáêà ðåêîíñòðóèðîâàíèÿ):

R(W1, b1,W2, b2) =
n∑

k=1

(
x̂(k) − x(k)

)2

=
n∑

k=1

(
f
(
W2 · f

(
W1x

(k) + b1

)
+ b2 − x(k)

))2 → min



Ðàçðåæåííîñòü íåéðîíîâ ñêðûòîãî ñëîÿ

Áîëüøèíñòâî íåéðîíîâ äîëæíû áûòü ïî÷òè íåàêòèâíûå,

ò.å. èõ âûõîä áëèçîê 0.

Êàê ýòî ñäåëàòü?

Êàêèì-òî îáðàçîì íàëîæèòü îãðàíè÷åíèÿ íà èõ
óðîâåíü àêòèâàöèè a

(2)
j â ïðîöåññå îáó÷åíèÿ.

a
(2)
j (x) - óðîâåíü àêòèâàöèè (âûõîä) j-ãî íåéðîíà
ñêðûòîãî ñëîÿ L2 â çàâèñèìîñòè îò îáó÷àþùåãî
âåêòîðà x.



Ðàçðåæåííîñòü íåéðîíîâ ñêðûòîãî ñëîÿ

Ñðåäíèé óðîâåíü àêòèâàöèè j-ãî íåéðîíà ïî âñåé
îáó÷àþùåé âûáîðêå:

ρ̂j =
1

n

n∑
i=1

a
(2)
j (x(i))

Ïàðàìåòð ðàçðåæåííîñòè: ρ (ìàëîå ÷èñëî áëèçêîå ê 0,
íàïðèìåð 0.05)

Öåëü: ρ̂j = ρ (õîòÿ áû ïðèìåðíî)



Ðàçðåæåííîñòü íåéðîíîâ ñêðûòîãî ñëîÿ

Øòðàôíîå ñëàãàåìîå - ðàññòîÿíèå (äèâåðãåíöèÿ)
Êóëüáàêà � Ëåéáëåðà (KL) - ìåðà óäàëåííîñòè äðóã îò
äðóãà äâóõ âåðîÿòíîñòíûõ ðàñïðåäåëåíèé

s2∑
j=1

KL(ρ, ρ̂j) =
s2∑
j=1

ρ log
ρ

ρ̂j
+ (1− ρ) log

1− ρ
1− ρ̂j

Øòðàôíîå ñëàãàåìîå ðàâíî 0, åñëè ρ̂j = ρ.

Îáùèé ôóíêöèîíàë ðèñêà

Rðàçðåæ(W , b) = R(W , b) + β

s2∑
j=1

KL(ρ, ρ̂j)



Ïî÷òè ãëóáîêîå îáó÷åíèå

Èñõîäíûå äàííûå: îáó÷àþùàÿ âûáîðêà
X = (x(1), x(2), ..., x(n))

Ðåçóëüòàò îáó÷åíèÿ àâòîêîäåðà (áåç ó÷èòåëÿ):

âåñà âñåõ ñîåäèíåíèé ìåæäó ïåðâûì è âòîðûì ñëîåì

W (1) =
(
w

(1)
11 ,w

(1)
12 , ...,w

(1)
m,s2 ,w

(1)
01 , ...,w

(1)
0,s2

)
çíà÷åíèÿ àêòèâàöèè íåéðîíîâ ñêðûòîãî ñëîÿ

a
(2)
1 (x(i)), ..., a

(2)
s2 (x(i)), i = 1, ..., n

Òåïåðü ìîæíî çàìåíèòü èñõîäíóþ âûáîðêó
(x(1), x(2), ..., x(n)) íîâîé âûáîðêîé a

(2,i)
1 , ..., a

(2,i)
s2

À åñëè òî÷íåå, òî((
x(1), y (1)

)
, ...,

(
x(n), y (n)

))
→
((
a(2,1), y (1)

)
, ...,

(
a(2,n), y (n)

))



Ïðåäñòàâëåíèå äàííûõ â ñêðûòîì ñëîå ïîñëå

îáó÷åíèÿ



Åùå îäíà èëëþñòðàöèÿ àâòîêîäåðà

https://blog.keras.io/building-autoencoders-in-keras.html



Êàê ïîñìîòðåòü íîâûå ïðèçíàêè?

Åñòü óæå îáó÷åííàÿ ñåòü



Çàäà÷à êëàññèôèêàöèè

Åñëè íåîáõîäèìî ðåøèòü çàäà÷ó êëàññèôèêàöèè, òî
èñïîëüçóåì ñåòü



Îáùèé ñëó÷àé



Îáó÷åíèå (ïî÷òè ãëóáîêîå) â äâà ýòàïà

1 Ïåðâûé ñëîé âåñîâ W (1), îòîáðàæàþùèé âõîäíûå
äàííûå x â çíà÷åíèÿ àêòèâàöèè íåéðîíîâ ñêðûòîãî
ñëîÿ a

(2,i)
1 , ..., a

(2,i)
s2 , îáó÷àåòñÿ êàê ÷àñòü îáó÷åíèÿ

àâòîêîäåðà.

2 Âòîðîé ñëîé âåñîâ W (2), îòîáðàæàþùèé çíà÷åíèÿ
àêòèâàöèè íåéðîíîâ ñêðûòîãî ñëîÿ a

(2,i)
1 , ..., a

(2,i)
s2 â

âûõîä y , îáó÷àåòñÿ, èñïîëüçóÿ ëîãèñòè÷åñêóþ
ðåãðåññèþ, SVM, SoftMax ðåãðåññèþ è ò.ä.



Îáó÷åíèå (òðåòèé ýòàï)

Ìîæíî èñïîëüçîâàòü âñþ íåéðîííóþ ñåòü äëÿ äàëüíåéøåé
ìîäèôèêàöèè âñåõ ïàðàìåòðîâ ìîäåëè, ÷òîáû ïîïûòàòüñÿ
óìåíüøèòü îøèáêó îáó÷åíèÿ. Â ÷àñòíîñòè �òîíêàÿ
íàñòðîéêà� (�ne-tune) ïàðàìåòðîâ ìîæåò áûòü
èñïîëüçîâàíà.



Ñòåê àâòîêîäåðîâ



Ãëóáîêèå íåéðîííûå ñåòè

Áûëà ðàññìîòðåíà íåéðîííàÿ ñåòü ñ òðåìÿ ñëîÿìè:
âõîäíîé, ñêðûòûé è âûõîäíîé

Ãëóáîêàÿ ñåòü: íåñêîëüêî ñêðûòûõ ñëîåâ äëÿ
ïðåîáðàçîâàíèÿ áîëåå ñëîæíûõ ïðèçíàêîâ íà âõîäå

Ïðîáëåìà: êàê ïðîùå îáó÷èòü òàêóþ ñåòü?

Âàðèàíò ðåøåíèÿ: æàäíûé àëãîðèòì ïîñëîéíîãî
îáó÷åíèÿ



Æàäíûé àëãîðèòì ïîñëîéíîãî îáó÷åíèÿ

(êîðîòêî)

Îñíîâíàÿ èäåÿ: îáó÷àòü ïîñëåäîâàòåëüíî ñëîè òàê, ÷òî

1 ïåðâûé ñêðûòûé ñëîé îáó÷àåòñÿ ïåðâûì;

2 ïîñëå ýòîãî îáó÷àåì âòîðîé ñëîé è ò.ä.;

3 íà êàæäîì ýòàïå èñïîëüçóåòñÿ �ñòàðàÿ� ñåòü ñ k − 1
ñêðûòûìè ñëîÿìè è ê íèì äîáàâëÿåòñÿ k-ûé ñëîé,
âõîä êîòîðîãî - âûõîä óæå îáó÷åííûõ k − 1 ñëîåâ.



Ñòåê àâòîêîäåðîâ

Ñòåê àâòîêîäåðîâ - íåéðîííàÿ ñåòü, ñîñòîÿùàÿ èç
íåñêîëüêèõ ñëîåâ àâòîêîäåðîâ, â êîòîðîé âûõîä êàæäîãî
ñëîÿ ñâÿçàí ñî âõîäàìè ñëåäóþùåãî çà íèì ñëîÿ



Ñòåê àâòîêîäåðîâ

Ïóñòü W (k,1),W (k,2), b(k,1), b(k,2) - ïàðàìåòðû
W (1),W (2), b(1), b(2) äëÿ k-ãî àâòîêîäåðà

Êîäèðîâàíèå:

a(l) = f
(
z (l)
)
, z (l+1) = W (l ,1)a(l) + b(l ,1)

Äåêîäèðîâàíèå:

a(t+l) = f
(
z (t+l)

)
, z (t+l+1) = W (t−l ,2)a(t+l) + b(t−l ,2)

Îñíîâíàÿ èíôîðìàöèÿ - â a(t) - çíà÷åíèÿ àêòèâàöèè
íà ñàìîì ãëóáîêîì ñëîå



Ïðèìåð ñòåêà àâòîêîäåðîâ (1)

Ñíà÷àëà îáó÷èì àâòîêîäåð íà âõîäíûõ äàííûõ x(k) äëÿ
ïåðâè÷íûõ ïðèçíàêîâ h(1)(k):



Ïðèìåð ñòåêà àâòîêîäåðîâ (2)

Çàòåì èñïîëüçóåì çíà÷åíèÿ àêòèâàöèè h(1)(k) äëÿ êàæäîãî
x(k) äëÿ îáó÷åíèÿ äðóãîãî àâòîêîäåðà è ïîëó÷åíèÿ
âòîðè÷íûõ ïðèçíàêîâ h(2)(k):



Ïðèìåð ñòåêà àâòîêîäåðîâ (3)

Âòîðè÷íûå ïðèçíàêè ñîâìåñòíî ñ y (k) òåïåðü ìîãóò
èñïîëüçîâàòüñÿ äëÿ êëàññèôèêàöèè:



Ïðèìåð ñòåêà àâòîêîäåðîâ (4)

Â èòîãå êîìáèíèðóåì âñå òðè ñëîÿ âìåñòå:



Ñòåê àâòîêîäåðîâ (åùå ðàç æàäíûé àëãîðèòì

îáó÷åíèÿ)

1 Îáó÷àåì ïåðâûé àâòîêîäåð (l = 1) ñî âñåìè x(k),
èñïîëüçóÿ îáðàòíîå ðàñïðîñòðàíåíèå îøèáêè.

2 Îáó÷àåì âòîðîé àâòîêîäåð (l = 2). Òàê êàê âõîäíîé
ñëîé äëÿ l = 2 - ïåðâûé ñêðûòûé ñëîé, òî âûõîäíîé
ñëîé äëÿ l = 1 óäàëÿåòñÿ èç ñåòè. Îáó÷åíèå
íà÷èíàåòñÿ ñ ôèêñàöèè âõîäíîé âûáîðêè ñëîÿ l = 1,
êîòîðàÿ ÿâëÿåòñÿ âûõîäîì ñëîÿ l = 2. Âåñà l = 2
ìîäèôèöèðóþòñÿ, èñïîëüçóÿ îáðàòíîå
ðàñïðîñòðàíåíèå.

3 Ïðîöåäóðà ïîâòîðÿåòñÿ äëÿ âñåõ ñëîåâ.



Ïðîáëåìà èñïîëüçîâàíèÿ àâòîêîäåðà

Íåò ÷åòêîé ñâÿçè ìåæäó âõîäîì è âûõîäîì âñåé ñåòè,
íàïðèìåð, ïðè ðàñïîçíàâàíèè MNIST, íåò
âîçìîæíîñòè îòîáðàçèòü íåéðîíû ïîñëåäíåãî
ñêðûòîãî ñëîÿ àâòîêîäåðà â öèôðû èçîáðàæåíèé.

Â ýòîì ñëó÷àå, ðåøåíèå - äîáàâèòü îäèí èëè äâà ñëîÿ
ê ïîñëåäíåìó (ãëóáîêîìó) ñëîþ. Òîãäà âñÿ íåéðîííàÿ
ñåòü ìîæåò ðàññìàòðèâàòüñÿ êàê îáû÷íûé ïåðñåïòðîí
è îáó÷àòüñÿ ïðè ïîìîùè îáðàòíîãî ðàñïðîñòðàíåíèÿ
(�ne-tuning).



Åùå îäíà ïðîáëåìà èñïîëüçîâàíèÿ àâòîêîäåðà

Âûõîäíîé ñëîé:

z (3) = W (2)a(2) + b(2), a(3) = f
(
z (3)
)

a(3) - ïðèáëèæåíèå x = a(1).

Åñëè f
(
z (3)
)
- ôóíêöèÿ àêòèâàöèè - ñèãìîèä, òî

íåîáõîäèìî íîðìàëèçîâàòü x ê [0; 1], òàê êàê âûõîä
ñèãìîèäà - ÷èñëî [0; 1].



Ëèíåéíûé äåêîäåð

Ôóíêöèÿ àêòèâàöèè íåéðîíîâ ñêðûòîãî ñëîÿ - ñèãìîèä
èëè tanh a(2) = σ

(
W (1)x + b(1)

)
, ãäå σ (·) - ñèãìîèä.

Íî ôóíêöèÿ àêòèâàöèè âûõîäà - ëèíåéíàÿ ôóíêèÿ
x̂ = a(3) = W (2)a + b(2) - ëèíåéíûé äåêîäåð.

Ìîæíî òåïåðü èñïîëüçîâàòü ëþáûå x áåç
íîðìàëèçàöèè.



Ìîäèôèêàöèè àâòîêîäåðîâ



Denoising Autoencoder (çàøóìëåííûé èëè

øóìîïîäàâëÿþùèé àâòîêîäåð)

Âõîä àâòîêîäåðà çàøóìëÿåòñÿ (ðàçëè÷íûå ñòðàòåãèè):
x(k) → x̃(k), íàïðèìåð, x̃ = x + ε, ε ∼ N (0, σ2I )

Ñêðûòûé ñëîé: z(k) = W1x̃(k) + b1

Âûõîäíîé ñëîé áåç èçìåíåíèé:

x(k) ≈ x̂(k) = W2z
(k) + b2

Îøèáêà ðåêîíñòðóèðîâàíèÿ

R =
n∑

k=1

(
x̂(k) − x(k)

)2
, íå

n∑
k=1

(
x̂(k) − x̃(k)

)2
!

Ðîáàñòíîñòü, ïðîïóùåííûå äàííûå



k-Sparse Autoencoder (k-ðàçðåæåííûé

àâòîêîäåð)

Makhzani A, Frey B. k-Sparse Autoencoders. arXiv preprint arXiv:1312.5663.

2013 Dec 19

Ôóíêöèÿ àêòèâàöèè íåéðîíîâ ñêðûòîãî ñëîÿ ÿâëÿåòñÿ
ëèíåéíîé, ò.å.

z(k) = f
(
W1x

(k) + b1

)
= W1x

(k) + b1

Íî îòáèðàþòñÿ k íàèáîëüøèõ ñêðûòûõ íåéðîíîâ, à
îñòàëüíûå îáíóëÿþòñÿ

Ýòî âíîñèò íåëèíåéíîñòü



k-Sparse Autoencoder - èíòåðåñíîå ñâîéñòâî

3 íåéðîíà â ñêðûòîì ñëîå



Dropout Neural Networks

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

Simple Way to Prevent Neural Networks from Over�tting. Journal of Machine

Learning Research, 15 (2014) 1929-1958.



Dropout Neural Networks - ïðÿìîå

ðàñïðîñòðàíåíèå

Ñòàíäàðòíàÿ ñåòü Dropout

r(k) ∼Bernulli(p)
x̃(k) = r(k) · x(k)

z(k) = f
(
W1x(k) + b1

)
z(k) = f

(
W1x̃(k) + b1

)
y(k) = f

(
W2z(k) + b2

)
y(k) = f

(
W2z(k) + b2

)
r(k) - âåêòîð, ñîñòîÿùèé èç 0 è 1, ñãåíåðèðîâàííûõ ñ
ðàñïðåäåëåíèåì Áåðíóëëè òàê, ÷òî 1 èìååò âåðîÿòíîñòü p



Dropout Neural Networks - îáó÷åíèå

Îáó÷åíèå òàêîå æå, êàê è äëÿ ñòàíäàðòíîé ñåòè

Îòëè÷èÿ:

ïðÿìîå è îáðàòíîå ðàñïðîñòðàíåíèå äëÿ êàæäîãî

îáó÷àþùåãî ïðèìåðà îñóùåñòâëÿåòñÿ ñ

�ïðîðåæåííîé� ñåòüþ

ãðàäèåíòû äëÿ êàæäîãî ïàðàìåòðà óñðåäíÿþòñÿ ïî

âñåì îáó÷àþùèì ïðèìåðàì

åñëè äëÿ òåêóùåãî ïðèìåðà ïàðàìåòð �âûêèíóò�, òî

ãðàäèåíò ðàâåí 0



Dropout Neural Networks - òåñòèðîâàíèå



Generalized autoencoder - Îáîáùåííûé

àâòîêîäåð (1)

Âûáîðêà (x(1), x(2), ..., ), ãäå x(k) =
(
x

(k)
1 , ..., x

(k)
m

)
, m

ïðèçíàêîâ.

x(i) ðåêîíñòðóèðóåòñÿ k áëèæàéøèõ ýëåìåíòîâ
îáó÷àþùåãî ìíîæåñòâà Ωi = (x(j), ..., x(k))

Âêëàä êàæäîãî ýëåìåíòà sij
∥∥x(i) − z(j)

∥∥2
- âåñîâîå

ðàññòîÿíèå ìåæäó x(i) è z(j)

sij - ïîêàçàòåëü áëèçîñòè ýëåìåíòîâ x(i) è x(j)

Îøèáêà ðåêîíñòðóêöèè:

R(W1, b1,W2, b2) =
n∑

i=1

∑
j∈Ωi

sij
∥∥x(i) − z(j)

∥∥2 → min
W1,b1,W2,b2



Îáîáùåííûé àâòîêîäåð (2)

Wang W., Huang Y., Wang Y., Wang L. Generalized Autoencoder: A Neural Network

Framework for Dimensionality Reduction // Proceedings of the CVPR 2014

Workshop, Columbus, Ohio, 2014, 490-497.



Îáîáùåííûé àâòîêîäåð - àëãîðèòì îáó÷åíèÿ

1 Âû÷èñëèòü âåñà sij äëÿ âñåõ i è j (êàê - íà ñëåäóþùåì
ñëàéäå), âåñà îïðåäåëÿþò ÷àñòíûå ñëó÷àè.

2 Îïðåäåëèòü ìíîæåñòâî èíäåêñîâ áëèæàéøèõ ñîñåäåé
Ωi

3 Ìèíèìèçèðîâàòü R(W1, b1,W2, b2), èñïîëüçóÿ
ãðàäèåíòíûé ìåòîä è ìîäèôèöèðîâàòü W1, b1,W2, b2

4 Âû÷èñëèòü ñêðûòîå ïðåäñòàâëåíèå a(i) è
ìîäèôèöèðîâàòü âåñà sij è ìíîæåñòâî Ωi

5 Ïîâòîðèòü øàãè 3 è 4 äî ñõîäèìîñòè



Îáîáùåííûé àâòîêîäåð - ÷àñòíûå ñëó÷àè

Ñòàíäàðòíûé àâòîêîäåð Ωi = {i}: sii = 1, sij = 0, j 6= i

Ðåêîíñòðóêöèÿ äàííûõ èç òîãî æå êëàññà Ω
i
-

ìíîæåñòâî èíäåêñîâ êëàññà, êîòîðîìó ïðèíàäëåæèò
x(i): sij = 1/nci (÷èñëî ýëåìåíòîâ êëàññà ci)

Ðåêîíñòðóêöèÿ â k áëèæàéøèõ ñîñåäåé:

sij = exp(−
∥∥x(i) − x(j)

∥∥2
/t), t - íàñòðàèâàåìûé

ïàðàìåòð

Ðåêîíñòðóêöèÿ â k1 áëèæ. ñîñåäåé êëàññà ci è k2

áëèæ. ñîñåäåé êëàññà cj 6= ci : sij = 1, åñëè j ∈ Ω(k1)
i

è

sij = −1, åñëè j ∈ Ω(k2)
j



Contractive autoencoder (ñæèìàþùèé àâòîêîäåð)

Rifai S., Vincent P., Muller X., Glorot X., Bengio Y. Contractive

Auto-Encoders: Explicit Invariance During Feature Extraction // Proceedings of

the 28th International Conference on Machine Learning, 2011, pp. 833-840.

Ñæèìàþùèé àâòîêîäåð ïîëó÷àåòñÿ äîáàâëåíèåì
ñïåöèàëüíîãî øòðàôíîãî ñëàãàåìîãî (ðåãóëÿðèçàöèÿ)
ê ôóíêöèè îøèáêè, êîòîðîå �çàñòàâëÿåò�
ïðîìåæóòî÷íîå ïðåäñòàâëåíèå (â ñêðûòîì ñëîå)
ñòàíîâèòüñÿ ðîáàñòíûì ê ìàëûì èçìåíåíèÿì âõîäíûõ
îáó÷àþùèõ äàííûõ

Ðîáàñòíûé - ñêðûòûé ñëîé, â îòëè÷èå îò Denoising AE,
ãäå ðîáàñòíûì ÿâëÿåòñÿ âûõîä



Contractive autoencoder

Øòðàôíîå ñëàãàåìîå - íîðìà Ôðîáåíèóñà ÿêîáèàíà
Jf (x), x ∈ Rm:

‖Jf (x)‖2
F =

∑
i ,j

(
∂hj(x)

∂(xi)

)
Ýòî ÷àñòíûé ñëó÷àé p-íîðìû äëÿ p = 2:
‖A‖2

F =
∑n

i=1

∑m
j=1 a

2
ij

Øòðàôíîå ñëàãàåìîå �çàñòàâëÿåò� îòîáðàæåíèå â
ïðîñòðàíñòâî ïðèçíàêîâ áûòü ñæàòûì (contractive) â
îêðåñòíîñòè îáó÷àþùèõ äàííûõ



Ôóíêöèè îøèáêè àâòîêîäåðîâ (íàïîìèíàíèå)

Îáû÷íûé àâòîêîäåð:

JAE (θ) =
∑

x∈SL(x, g(f (x))), θ = {W1, b1,W2, b2},

íàïðèìåð L(x, g(f (x))) = ‖x− z‖2

Ñ ðåãóëÿðèçàöèåé:

JAE+wd(θ) =
∑

x∈SL(x, g(f (x))) + λ
(
‖W1‖2 + ‖W2‖2

)
Çàøóìëåííûé:

JDAE (θ) =
∑

x∈SEx̃∼q(x̃|x) [L(x, g(f (x̃)))] , x̃ = x + ε



Ôóíêöèè îøèáêè ñæèìàþùåãî àâòîêîäåðà

Contractive autoencoder:

JAE (θ) =
∑
x∈S

L(x, g(f (x))) + λ
(
‖Jf (x)‖2

F

)
Âû÷èñëåíèå ôóíêöèè îøèáêè: åñëè f - ñèãìîèä, òî
ïðîñòîå âûðàæåíèå

‖Jf (x)‖2
F =

d∑
i=1

(hi(1− hi))2
m∑
j=1

(
W

(i ,j)
1

)2



Îòëè÷èå Contractive AE îò Denoising AE

Denoising AE àâòîêîäåð äåëàåò ðîáàñòíûìè
ðåêîíñòðóèðîâàííûå çíà÷åíèÿ, ò.å. z = g(f (x))

Contractive AE äåëàåò ðîáàñòíûì òîëüêî ñêðûòûé
ñëîé h = f (x), ò.å. ïðåäñòàâëåíèå ïðèçíàêîâ

Ýòî áîëåå âàæíî, òàê êàê äåêîäåð g(·) íå íóæåí ïðè
êëàññèôèêàöèè, à èñïîëüçóåòñÿ òîëüêî êîäåð



Åùå îòëè÷èÿ Contractive AE îò Denoising AE

Denoising AE áîëåå ïðîñò â ðåàëèçàöèè, òàê êàê îí
ÿâëÿåòñÿ ïðîñòûì ðàñøèðåíèåì îáû÷íîãî àâòîêîäåðà
è íå òðåáóåò âû÷èñëåíèÿ ÿêîáèàíà ñêðûòîãî ñëîÿ.

Contractive AE èìååò äåòåðìèíèðîâàííûé ãðàäèåíò
(òàê êàê íåò ñëó÷àéíîãî øóìà), ÷òî îçíà÷àåò, ÷òî
ìåòîäû îïòèìèçàöèè âòîðîãî ïîðÿäêà (ñîïðÿæåííûé
ãðàäèåíò) ìîãóò èñïîëüçîâàòüñÿ, è àâòîêîäåð ìîæåò
áûòü áîëåå ñòàáèëüíûì, ÷åì Denoising AE.



Split-Brain àâòîêîäåð

Zhang R., Isola P., Efros A. Split-Brain Autoencoders: Unsupervised Learning by

Cross-Channel Prediction. 2016, arXiv:1611.09842v1



Âåêòîðíûå ïðåäñòàâëåíèÿ è
àâòîêîäåð
(embedding)



Ïðîáëåìà ïðåäñòàâëåíèÿ (embedding)

Ïðîáëåìà âîçíèêàåò, êîãäà íåîáõîäèìî ïðè
ñîêðàùåíèè ðàçìåðíîñòè (ñêðûòûé ñëîé àâòîêîäåðà)
ñîõðàíèòü �ñåìàíòèêó� èñõîäíîãî âõîäíîãî ìíîæåñòâà
äàííûõ áîëüøîé ðàçìåðíîñòè.

Èñõîäíûå äàííûå áîëüøîé ðàçìåðíîñòè
�âêëàäûâàþòñÿ� â ìàëóþ ðàçìåðíîñòü ñ ñîõðàíåíèåì
�ãåîìåòðèè�.

Ìíîãèå àëãîðèòìû, íàïðèìåð, pointwise mutual
information (PMI), îáåñïå÷èâàþò ëîêàëüíîå ñîõðàíåíèå
�ãåîìåòðèè�, ò.å. îòíîñèòåëüíûå ðàññòîÿíèÿ ìåæäó
òî÷êàìè â ïðîñòðàíñòâå áîëüøîé ðàçìåðíîñòè
ñîõðàíÿþòñÿ â ïðîñòðàíñòâå ìàëîé ðàçìåðíîñòè.



Ïðèìåðû âåêòîðíîãî ïðåäñòàâëåíèÿ ñëîâ

�êîò� → (0.1, 1.8,−4.2, 0.36, ...)

�ñîáàêà� → (0.13, 1.45,−4.23, 0.41, ...)

�ìàøèíà� → (8.31,−7.29, 0.44,−5.28, ...)

�âåëîñèïåä� → (7.2,−6.71, 0.43,−2.45, ...)

Ñåìàíòè÷åñêè �êîò� è �ñîáàêà� áëèçêè, �ìàøèíà� è
�âåëîñèïåä� òîæå áëèçêè.

Òîãäà èõ ïðåäñòàâëåíèÿ òàêæå äîëæíû áûòü áëèçêè.



Ïðèìåðû âåêòîðíîãî ïðåäñòàâëåíèÿ ñëîâ



Ïðèìåðû âåêòîðíîãî ïðåäñòàâëåíèÿ

èçîáðàæåíèé



Àëãîðèòìû âëîæåíèÿ

Èñõîäíàÿ âûáîðêà: (x(1), x(2), ..., x(n)), x(i) ∈ RD

Ñêðûòûé ñëîé: h(k) = f
(
W1x(k) + b1

)
, h(k) ∈ Rd

Çàäà÷à îïòèìèçàöèè:∑
1≤i≤j≤m

L(h(i),h(j), ϕij)→ min
W1,b1

ϕij - âåñ ìåæäó x(i) è x(j):

ϕij =
∥∥x(i) − x(j)

∥∥2
, ϕij = e−‖x(i)−x(j)‖2

/r ,

ϕij =

{
1,

∥∥x(i) − x(j)
∥∥2 ≤ ε

0, èíà÷å



Ôóíêöèè ïîòåðü

Laplacian eigenmaps (LE)

L(h(i),h(j), ϕij) =
∥∥h(i) − h(j)

∥∥2
ϕij

Multidimensional scaling (MDS)

L(h(i),h(j), ϕij) =
(∥∥h(i) − h(j)

∥∥− ϕij

)2

Margin-based Embedding (l = 1)

L(h(i),h(j), ϕij) =

{ ∥∥h(i) − h(j)
∥∥2
, ϕij = 1,

max
(

0, l −
∥∥h(i) − h(j)

∥∥2
)
, ϕij = 0.



Ôóíêöèîíàëû ïîòåðü

Ñòàíäàðòíûé àâòîêîäåð:

J(θ, x) = γ
n∑

i=1

L(xi , zi)+β
d∑

j=1

KL(ρ, ρ̂j)+
λ

2

(
‖W1‖2 + ‖W2‖2

)
Àâòîêîäåð ñ ó÷åòîì âëîæåíèÿ:

Jem(θ, ϕ, x) =
∑

1≤i≤j≤m

L(h(i),h(j), ϕij) + J(θ, x)

γ, β, λ - ïàðàìåòðû, êîíòðîëèðóþùèå áàëàíñ ìåæäó

øòðàôíûìè ñëàãàåìûìè

W.Yu, G.Zeng, P.Luo, F.Zhuang, Q.He, Z.Shi. Embedding with Autoencoder

Regularization // Machine Learning and Knowledge Discovery in Databases:

European Conference, ECML PKDD 2013, 2013, pp. 208-223.



Îáó÷åíèå àâòîêîäåðà

Íåîáõîäèìî íàéòè ÷àñòíûå ïðîèçâîäíûå:

∂Jem(θ, ϕ, x)

∂Wt
,
∂Jem(θ, ϕ, x)

∂bt
, t = 1, 2.

Îïðåäåëèì δ(1) è δ(2) äëÿ ñêðûòîãî è âûõîäíîãî ñëîÿ,
ñîîòâåòñòâåííî, êàê

δ(1) =

(
(W2)T δ(2) + β

ρ̂− ρ0

ρ̂(1− ρ0)

)
· σ′ (h)

δ(2) =
∂

∂z

1

2
‖h− x‖2 = − (h− x) · σ′ (z) ,

ãäå ρ0 ∈ Rd - âåêòîð âñåõ ρ,

h = W1x + b1, z = W2h + b2, ρ̂ = n−1
∑n

i=1h
(i)



Âû÷èñëåíèå ÷àñòíûõ ïðîèçâîäíûõ

1 Ñëó÷àéíî èíèöèàëèçèðóåì θ = (W 1,W 2, b1, b2)

2 Ïðÿìîå ðàñïðîñòðàíåíèå - âû÷èñëÿåì: h(i), z (i), δ(1), δ(2)

3 Âû÷èñëÿåì ÷àñòíûå ïðîèçâîäíûå:

∂Jem(θ, ϕ, x)

∂W2
= γδ(2)hT + λW2

∂Jem(θ, ϕ, x)

∂b2
= γδ(2)

∂Jem(θ, ϕ, x)

∂W1
=

∂

∂W1

∑
i≤j L(h(i),h(j), ϕij) + γδ(1)xT + λW1

∂Jem(θ, ϕ, x)

∂b1
=

∂

∂b1

∑
i≤j L(h(i),h(j), ϕij) + γδ(1)



Ðåçóëüòèðóþùèé àëãîðèòì îáó÷åíèÿ

1 Âû÷èñëÿåì ϕij

2 Öèêë äî êðèòåðèÿ îñòàíîâêè

∆Wt = 0, ∆bt = 0, t = 1, 2.
Âû÷èñëÿåì âñå ÷àñòíûå ïðîèçâîäíûå

∆Wt =
∑n

i=1
∂Jem(θ,ϕ,x(i))

∂Wt
, ∆bt =

∑n
i=1

∂Jem(θ,ϕ,x(i))
∂bt

Ìîäèôèêàöèÿ: Wt = Wt − α
(
n−1∆Wt

)
,

bt = bt − α
(
n−1∆bt

)
3 Êîíåö öèêëà

4 Âû÷èñëÿåì ðåçóëüòàòû (ïðåäñòàâëåíèå) h



Êàêèå àâòîêîäåðû åùå åñòü?

Âàðèàöèîííûé àâòîêîäåð (Variational autoencoder)

Àâòîêîäåð ñî çíà÷èìûìè âåñàìè (Importance weighted
autoencoder)

Ñîïåðíè÷àþùèå àâòîêîäåðû (Adversarial autoencoders)

Ýòî âñå ïîðîæäàþùèå ìîäåëè



Ïðèìåíåíèå àâòîêîäåðà

1 Ñíèæåíèå ðàçìåðíîñòè (êîìïàêòíîå ïðåäñòàâëåíèå)
äàííûõ.

2 �Pretraining�: îáó÷åíèå àâòîêîäåðà (áåç ó÷èòåëÿ) äëÿ
ïîëó÷åíèÿ âåñîâ, äàëåå èñïîëüçîâàíèå ýòîé æå
êîíôèãóðàöèè äëÿ ãëóáîêîé ñåòè è èñïîëüçîâàíèå
âåñîâ êàê èñõîäíûõ (ýòî ëó÷øå, ÷åì ñëó÷àéíûå âåñà).

3 Îäíîêëàññîâàÿ êëàññèôèêàöèÿ: àâòîêîäåð îáó÷àåòñÿ
íà äàííûõ è îïðåäåëÿåòñÿ ïîðîã îøèáêè
ðåêîíñòðóèðîâàíèÿ, äàëåå ýòîò ïîðîã èñïîëüçóåòñÿ
äëÿ òåñòèðîâàíèÿ àíîìàëüíûõ íàáëþäåíèé.

4 è ìíîãîå äðóãîå...



Âîïðîñû

?


