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Çàäà÷à êëàñòåðèçàöèè (îáó÷åíèå áåç ó÷èòåëÿ)

Äàíî:

X ℓ = {xi}
ℓ
i=1 � îáó÷àþùàÿ âûáîðêà îáúåêòîâ, xi ∈ R

n

ρ2(x ,w) = ‖x − w‖2 � åâêëèäîâà ìåòðèêà â R
n

Íàéòè:

öåíòðû êëàñòåðîâ wy ∈ R
n
, y ∈ Y ; ìîäåëü êëàñòåðèçàöèè

¾ïðàâèëî æ¼ñòêîé êîíêóðåíöèè¿ (WTA, Winner Takes All):

a(x) = arg min
y∈Y

ρ(x ,wy )

Êðèòåðèé: ñðåäíåå âíóòðèêëàñòåðíîå ðàññòîÿíèå

Q(w ;X ℓ) =

ℓ∑

i=1

ρ2(xi ,wa(xi )) → min
wy : y∈Y
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Ñåòü Êîõîíåíà (ñåòü ñ êîíêóðåíòíûì îáó÷åíèåì)

Ñòðóêòóðà ìîäåëè � äâóõñëîéíàÿ íåéðîííàÿ ñåòü:
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//

�ðàäèåíòíûé øàã â ìåòîäå SG: äëÿ âûáðàííîãî xi ∈ X ℓ

wy := wy + η(xi − wy )
[
a(xi) = y

]

Åñëè xi îòíîñèòñÿ ê êëàñòåðó y , òî wy ñäâèãàåòñÿ â ñòîðîíó xi

T.Kohonen. Self-organized formation of topologially orret feature maps. 1982.
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Àëãîðèòì SG (Stohasti Gradient)

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

Âûõîä: öåíòðû êëàñòåðîâ wy ∈ R
n
, y ∈ Y ;

èíèöèàëèçèðîâàòü öåíòðû wy , y ∈ Y ;

èíèöèàëèçèðîâàòü òåêóùóþ îöåíêó �óíêöèîíàëà:

Q :=
ℓ∑

i=1
ρ2(xi ,wa(xi ));

ïîâòîðÿòü

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

âû÷èñëèòü êëàñòåðèçàöèþ: y := arg min
y∈Y

ρ(xi ,wy );

ãðàäèåíòíûé øàã: wy := wy + η(xi − wy );
îöåíèòü çíà÷åíèå �óíêöèîíàëà:

Q := (1− λ)Q + λρ2(xi ,wy );

ïîêà çíà÷åíèå Q è/èëè âåñà w íå ñòàáèëèçèðóþòñÿ;
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Æ¼ñòêàÿ è ìÿãêàÿ êîíêóðåíöèÿ

Ïðàâèëî æ¼ñòêîé êîíêóðåíöèè WTA (winner takes all):

wy := wy + η(xi − wy )
[
a(xi) = y

]
, y ∈ Y

Íåäîñòàòêè ïðàâèëà WTM:

ìåäëåííàÿ ñêîðîñòü ñõîäèìîñòè

íåêîòîðûå wy ìîãóò íèêîãäà íå âûáèðàòüñÿ

Ïðàâèëî ìÿãêîé êîíêóðåíöèè WTM (winner takes most):

wy := wy + η(xi − wy )K
(
ρ(xi ,wy )

)
, y ∈ Y

ãäå ÿäðî K (ρ) � íåîòðèöàòåëüíàÿ íåâîçðàñòàþùàÿ �óíêöèÿ

Òåïåðü öåíòðû âñåõ êëàñòåðîâ ñìåùàþòñÿ â ñòîðîíó xi ,

íî ÷åì äàëüøå îò xi , òåì ìåíüøå âåëè÷èíà ñìåùåíèÿ
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Çàäà÷à êëàññè�èêàöèè LVQ (Learning Vetor Quantization)

Äàíî:

X ℓ = {xi , yi}
ℓ
i=1 � îáúåêòû xi ∈ R

n
ñ ìåòêàìè êëàññîâ yi ∈ Y

C � ìíîæåñòâî êëàñòåðîâ, y(c) ∈ Y � êëàññ êëàñòåðà c ∈ C

Íàéòè:

öåíòðû êëàñòåðîâ wc ∈R
n
, c∈C â ìîäåëè êëàñòåðèçàöèè WTA

c(x) = argmin
c∈C

ρ(x ,wc )

è ìîäåëü êëàññè�èêàöèè a(x) = y(c(x))

Êðèòåðèé:

min âíóòðèêëàñòåðíûõ ðàññòîÿíèé â ñâî¼ì êëàññå,

maõ âíóòðèêëàñòåðíûõ ðàññòîÿíèé ñ ÷óæèìè êëàññàìè:

Q =
ℓ∑

i=1

ρ2(xi ,wc(xi ))
(

[y(c(xi ))=yi ]− [y(c(xi )) 6=yi ]
)

→ min
wc : c∈C
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Àëãîðèòì SG (Stohasti Gradient)

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

Âûõîä: öåíòðû êëàñòåðîâ wc ∈ R
n
, c ∈ C ;

èíèöèàëèçèðîâàòü öåíòðû wc è çàäàòü y(c), c ∈ C ;

èíèöèàëèçèðîâàòü òåêóùóþ îöåíêó �óíêöèîíàëà Q;

ïîâòîðÿòü

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

âû÷èñëèòü êëàñòåðèçàöèþ: c := argmin
c∈C

ρ(xi ,wc );

âû÷èñëèòü êëàññè�èêàöèþ: a := y(c);
wc := wc + η(xi − wc), åñëè a = yi ;

wc := wc − η(xi − wc), åñëè a 6= yi ;

îöåíèòü çíà÷åíèå �óíêöèîíàëà:

Q := (1− λ)Q + λρ2(xi ,wy )
(

[a=yi ]− [a 6=yi ]
)

;

ïîêà çíà÷åíèå Q è/èëè âåñà w íå ñòàáèëèçèðóþòñÿ;
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Îáó÷àåìîå âåêòîðíîå êâàíòîâàíèå

êëàñòåðèçàöèÿ, ðåàëèçóåìàÿ íåéðîííîé ñåòüþ

êëàññè�èêàöèÿ ïóò¼ì ðàçáèåíèÿ êàæäîãî êëàññà

íà çàäàííîå ÷èñëî êëàñòåðîâ

ïîçâîëÿåò ìîäåëèðîâàòü êëàññû ñëîæíîé �îðìû

ïîõîæå íà îòáîð ýòàëîíîâ (prototype seletion)

ïîõîæå íà áàéåñîâñêèé êëàññè�èêàòîð ñ GMM-êëàññàìè

Teuvo Kohonen. Improved versions of learning vetor quantization. 1990
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Êàðòà Êîõîíåíà (Self Organizing Map, SOM)

Y = {1, . . . ,M} × {1, . . . ,H} � ïðÿìîóãîëüíàÿ ñåòêà êëàñòåðîâ

Êàæäîìó óçëó (m, h) ïðèïèñàí íåéðîí Êîõîíåíà wmh ∈ R
n

Íàðÿäó ñ ìåòðèêîé ρ(xi , x) íà X ââîäèòñÿ ìåòðèêà íà ñåòêå Y :

r
(
(mi , hi ), (m, h)

)
=

√

(m −mi )2 + (h − hi)2

Îêðåñòíîñòü(mi , hi ):

◦H ◦ ◦ ◦ ◦ ◦ ◦

◦ ◦ • • • ◦ ◦

◦ ◦ • •

❴❦
②

☞
✙ ✤

✰
✾

▲❨

✤
✰
✾
▲ ❨❴ ❦ ②

☞
✙

mihi

  ❅
❅❅ • ◦ ◦

◦ ◦ • • •
mh

◦ ◦

◦
1

1 ◦ ◦ ◦ ◦ ◦ ◦
M

Teuvo Kohonen. Self-Organizing Maps. 2001.
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Êàðòû Êîõîíåíà

Îáó÷åíèå êàðòû Êîõîíåíà

Âõîä: X ℓ
� îáó÷àþùàÿ âûáîðêà; η � òåìï îáó÷åíèÿ;

Âûõîä: wmh ∈ R
n
� âåêòîðû âåñîâ, m = 1..M, h = 1..H;

wmh := random

(
− 1

2MH
, 1
2MH

)
� èíèöèàëèçàöèÿ âåñîâ;

ïîâòîðÿòü

âûáðàòü îáúåêò xi èç X ℓ
ñëó÷àéíûì îáðàçîì;

WTA: âû÷èñëèòü êîîðäèíàòû êëàñòåðà:

(mi , hi ) := a(xi) ≡ argmin
(m,h)∈Y

ρ(xi ,wmh);

äëÿ âñåõ (m, h) ∈ Îêðåñòíîñòü(mi , hi )

WTM: ñäåëàòü øàã ãðàäèåíòíîãî ñïóñêà:

wmh := wmh + η(xi − wmh)K
(
r((mi , hi ), (m, h))

)
;

ïîêà êëàñòåðèçàöèÿ íå ñòàáèëèçèðóåòñÿ;
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Èíòåðïðåòàöèÿ êàðò Êîõîíåíà

Äâà òèïà ãðà�èêîâ � öâåòíûõ êàðò M × H:

Öâåò óçëà (m, h) � ëîêàëüíàÿ ïëîòíîñòü â òî÷êå (m, h) �
ñðåäíåå ðàññòîÿíèå äî k áëèæàéøèõ òî÷åê âûáîðêè

Ïî îäíîé êàðòå íà êàæäûé ïðèçíàê:

öâåò óçëà (m, h) � çíà÷åíèå j-é êîìïîíåíòû âåêòîðà wm,h

Ïðèìåð: çàäà÷à UCI house-votes (US Congress voting patterns)

Îáúåêòû � êîíãðåññìåíû

Ïðèçíàêè � ðåçóëüòàòû ãîëîñîâàíèÿ ïî ðàçëè÷íûì âîïðîñàì

Åñòü öåëåâîé ïðèçíàê ¾ïàðòèÿ¿ ∈ {äåìîêðàò, ðåñïóáëèêàíåö}
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Îáó÷àåìîå âåêòîðíîå êâàíòîâàíèå

Êàðòû Êîõîíåíà

Èíòåðïðåòàöèÿ êàðò Êîõîíåíà (ïðîäîëæåíèå ïðèìåðà)

Ïðèìåð: çàäà÷à UCI house-votes (US Congress voting patterns)
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Êàðòû Êîõîíåíà

Äîñòîèíñòâà è íåäîñòàòêè êàðò Êîõîíåíà

Äîñòîèíñòâà:

Âîçìîæíîñòü âèçóàëüíîãî àíàëèçà ìíîãîìåðíûõ äàííûõ

Êâàíòîâàíèå âûáîðêè ïî êëàñòåðàì,

ñ àâòîìàòè÷åñêèì îïðåäåëåíèåì ÷èñëà íåïóñòûõ êëàñòåðîâ

Íåäîñòàòêè:

Ñóáúåêòèâíîñòü. Êàðòà îòðàæàåò íå òîëüêî êëàñòåðíóþ

ñòðóêòóðó äàííûõ, íî òàêæå çàâèñèò îò. . .

� ñâîéñòâ ñãëàæèâàþùåãî ÿäðà;

� (ñëó÷àéíîé) èíèöèàëèçàöèè;

� (ñëó÷àéíîãî) âûáîðà xi â õîäå èòåðàöèé.

Èñêàæåíèÿ. Áëèçêèå îáúåêòû èñõîäíîãî ïðîñòðàíñòâà

ìîãóò ïåðåõîäèòü â äàë¼êèå òî÷êè íà êàðòå, è íàîáîðîò.

�åêîìåíäóåòñÿ òîëüêî äëÿ ðàçâåäî÷íîãî àíàëèçà äàííûõ.
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Ïîñòðîåíèå àâòîêîäèðîâùèêà � çàäà÷à îáó÷åíèÿ áåç ó÷èòåëÿ

X ℓ = {x1, . . . , xℓ} � îáó÷àþùàÿ âûáîðêà

f : X→Z � êîäèðîâùèê (enoder), êîäîâûé âåêòîð z= f (x , α)
g : Z→X � äåêîäèðîâùèê (deoder), ðåêîíñòðóêöèÿ x̂=g(z , β)

Ñóïåðïîçèöèÿ x̂ = g(f (x)) äîëæíà âîññòàíàâëèâàòü èñõîäíûå xi :

LAE(α, β) =

ℓ∑

i=1

L
(
g(f (xi , α), β), xi

)
→ min

α,β

Êâàäðàòè÷íàÿ �óíêöèÿ ïîòåðü: L (x̂ , x) = ‖x̂ − x‖2

Ïðèìåð 1. Ëèíåéíûé àâòîêîäèðîâùèê: x ∈ R
n
, z ∈ R

m

f (x ,A) = A
m×n

x , g(z ,B) = B
n×m

z

Ïðèìåð 2. Äâóõñëîéíàÿ ñåòü ñ �óíêöèÿìè àêòèâàöèè σf , σg :

f (x ,A) = σf (Ax + a), g(z ,B) = σg (Bz + b)
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Ñïîñîáû èñïîëüçîâàíèÿ àâòîêîäèðîâùèêîâ

�åíåðàöèÿ ïðèçíàêîâ (feature generation)

Ñíèæåíèå ðàçìåðíîñòè (dimensionality redution)

Ñæàòèå äàííûõ ñ ìèíèìàëüíûìè ïîòåðÿìè òî÷íîñòè

Áîëåå ý��åêòèâíîå ðåøåíèå çàäà÷ îáó÷åíèÿ ñ ó÷èòåëåì

â íîâîì ïðèçíàêîâîì ïðîñòðàíñòâå

Îáó÷àåìàÿ âåêòîðèçàöèÿ îáúåêòîâ, âñòðàèâàåìàÿ â áîëåå

ãëóáîêèå íåéðîñåòåâûå àðõèòåêòóðû

Ïîñëîéíîå ïðåäîáó÷åíèå ìíîãîñëîéíûõ ñåòåé

�åíåðàöèÿ ñèíòåòè÷åñêèõ îáúåêòîâ, ïîõîæèõ íà ðåàëüíûå

Rumelhart, Hinton, Williams. Learning Internal Representations by Error Propagation.

1986.

David Charte et al. A pratial tutorial on autoenoders for nonlinear feature fusion:

taxonomy, models, software and guidelines. 2018.
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Àðõèòåêòóðû àâòîêîäèðîâùèêîâ

îäíîñëîéíûé êîäèðîâùèê/äåêîäèðîâùèê

ñíèæåíèå ðàçìåðíîñòè ïîâûøåíèå ðàçìåðíîñòè

ìíîãîñëîéíûé êîäèðîâùèê/äåêîäèðîâùèê

ñíèæåíèå ðàçìåðíîñòè ïîâûøåíèå ðàçìåðíîñòè
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Ëèíåéíûé àâòîêîäèðîâùèê è ìåòîä ãëàâíûõ êîìïîíåíò

Ëèíåéíûé àâòîêîäèðîâùèê: f (x ,A) = Ax , g(z ,B) = Bz ,

LAE(A,B) =

ℓ∑

i=1

‖BAxi − xi‖
2 → min

A,B

Ìåòîä ãëàâíûõ êîìïîíåíò: F = (x1 . . . xℓ)
ò

, UòU = Im, G = FU ,

‖F − GUò‖2 =

ℓ∑

i=1

‖UUòxi − xi‖
2 → min

U

Àâòîêîäèðîâùèê îáîáùàåò ìåòîä ãëàâíûõ êîìïîíåíò:

íå îáÿçàòåëüíî B = Aò

(õîòÿ ÷àñòî èìåííî òàê è äåëàþò)

ïðîèçâîëüíûå A,B âìåñòî îðòîãîíàëüíûõ

íåëèíåéíûå ìîäåëè f (x , α), g(z , β) âìåñòî Ax ,Bz

ïðîèçâîëüíàÿ �óíêöèÿ ïîòåðü L âìåñòî êâàäðàòè÷íîé

SGD îïòèìèçàöèÿ âìåñòî ñèíãóëÿðíîãî ðàçëîæåíèÿ SVD
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�àçðåæèâàþùèé àâòîêîäèðîâùèê (Sparse AE)

Ïðèìåíåíèå L1 èëè L2-ðåãóëÿðèçàöèè ê âåêòîðàì âåñîâ α, β:

LAE(α, β) + λ‖α‖+ λ‖β‖ → min
α,β

Ïðèìåíåíèå L1-ðåãóëÿðèçàöèè ê êîäîâûì âåêòîðàì zi :

LAE(α, β) + λ
ℓ∑

i=1

m∑

j=1
|fj(xi , α)| → min

α,β

Ýíòðîïèéíàÿ ðåãóëÿðèçàöèÿ äëÿ ñëó÷àÿ fj ∈ [0, 1]:

LAE(α, β) + λ
m∑

j=1

KL(ε‖f̄j ) → min
α,β

,

ãäå f̄j =
1
ℓ

ℓ∑

i=1
fj(xi , α); ε ∈ (0, 1) � áëèçêèé ê íóëþ ïàðàìåòð,

KL(ε‖ρ) = ε log ε
ρ
+ (1− ε) log 1−ε

1−ρ
� KL-äèâåðãåíöèÿ.

D.Arpit et al. Why regularized auto-enoders learn sparse representation? 2015.

Ê.Â. Âîðîíöîâ (k.v.vorontsov�physteh.edu) Èñêóññòâåííûå íåéðîííûå ñåòè 19 / 37



Ñåòè Êîõîíåíà äëÿ êëàñòåðèçàöèè è âèçóàëèçàöèè

Àâòîêîäèðîâùèêè

�àçâèòèå èäåé ÷àñòè÷íîãî îáó÷åíèÿ

Çàäà÷à ïîíèæåíèÿ ðàçìåðíîñòè

�åãóëÿðèçàòîðû

Àâòîêîäèðîâùèêè áîëåå ñëîæíîé ñòðóêòóðû

Øóìîïîäàâëÿþùèé àâòîêîäèðîâùèê (Denoising AE)

Óñòîé÷èâîñòü êîäîâûõ âåêòîðîâ zi îòíîñèòåëüíî øóìà â xi :

LDAE(α, β) =
ℓ∑

i=1

Ex̃∼q(x̃ |xi )L
(
g(f (x̃ , α), β), xi

)
→ min

α,β

Âìåñòî âû÷èñëåíèÿ Ex̃ â ìåòîäå SGD îáúåêòû xi ñýìïëèðóþòñÿ

è çàøóìëÿþòñÿ ïî îäíîìó: x̃ ∼ q(x̃ |xi). Âàðèàíòû çàøóìëåíèÿ:

x̃ ∼ N (xi , σ
2I ) � ãàóññîâñêèé øóì

îáíóëåíèå êîìïîíåíò âåêòîðà xi ñ âåðîÿòíîñòüþ p0:

P. Vinent, H. Larohelle, Y. Bengio, P.-A. Manzagol. Extrating and omposing

robust features with denoising autoenoders. ICML-2008.
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Ñæèìàþùèé àâòîêîäèðîâùèê (Contrative AE)

Óñòîé÷èâîñòü êîäîâûõ âåêòîðîâ zi îòíîñèòåëüíî øóìà â xi :

LAE(α, β) + λ

ℓ∑

i=1

‖Jf (xi )‖
2 → min

α,β

ãäå ‖Jf (x)‖ � L2-íîðìà ìàòðèöû ßêîáè îòîáðàæåíèÿ f : X → Z ,

‖Jf (x)‖
2 =

n∑

d=1

m∑

j=1

(
∂fj(x , α)

∂xd

)2

Â ñëó÷àå z = f (x ,A) = σ(Ax + a), ãäå σ � ñèãìîèäà, A = (αjd )

‖Jf (x)‖
2 =

n∑

d=1

m∑

j=1

(

αjd fj(x , α)
(
1− fj(x , α)

))2

Salah Rifai et al. Contrative auto-enoders: expliit invariane during feature

extration. ICML-2011.
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�åëÿöèîííûé àâòîêîäèðîâùèê (Relational AE)

Íàðÿäó ñ ïîòåðÿìè ðåêîíñòðóêöèè îáúåêòîâ ìèíèìèçèðóåì

ïîòåðè ðåêîíñòðóêöèè îòíîøåíèé ìåæäó îáúåêòàìè:

LAE(α, β) + λ
∑

i<j

L
(
σ(x̂òi x̂j), σ(x

ò

i xj)
)
→ min

α,β

ãäå x̂i = g(f (xi )) � ðåêîíñòðóêöèÿ îáúåêòà xi ,

xòi xj � ñêàëÿðíîå ïðîèçâåäåíèå (áëèçîñòü) ïàðû îáúåêòîâ,

σ(s) = (s − s0)+ � �óíêöèÿ àêòèâàöèè ReLU ñ ïàðàìåòðîì s0
(íåçíà÷èìûå îòíîøåíèÿ áëèçîñòè íå ó÷èòûâàþòñÿ),

L (ŝ, s) � �óíêöèÿ ïîòåðü, íàïðèìåð, (ŝ − s)2.

Ýêñïåðèìåíò: óëó÷øàåòñÿ êà÷åñòâî êëàññè�èêàöèè èçîáðàæåíèé

ñ ïîìîùüþ êîäîâûõ âåêòîðîâ íà çàäà÷àõ MNIST, CIFAR-10

Qinxue Meng et al. Relational autoenoder for feature extration. 2018.
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Ìíîãîñëîéíûé àâòîêîäèðîâùèê (Staked AE)

Ïîñëîéíîå îáó÷åíèå: xh = f h(xh−1, αh), x ≡ x0, z ≡ xH

êàæäàÿ ïàðà f h, gh
îáó÷àåòñÿ ïî âûáîðêå {xh−1

1 , . . . , xh−1
ℓ }

äåêîäèðîâùèê gh
îòáðàñûâàåòñÿ

îäíîñëîéíûå f 1, . . . , f H ñîåäèíÿþòñÿ â H-ñëîéíûé

Òîíêàÿ íàñòðîéêà (�ne tuning): ðåçóëüòàò ïîñëîéíîãî îáó÷åíèÿ

èñïîëüçóåòñÿ êàê íà÷àëüíîå ïðèáëèæåíèå äëÿ BakProp

Y. Bengio et al. Greedy layer-wise training of deep networks. NIPS 2007.

Ê.Â. Âîðîíöîâ (k.v.vorontsov�physteh.edu) Èñêóññòâåííûå íåéðîííûå ñåòè 23 / 37



Ñåòè Êîõîíåíà äëÿ êëàñòåðèçàöèè è âèçóàëèçàöèè

Àâòîêîäèðîâùèêè

�àçâèòèå èäåé ÷àñòè÷íîãî îáó÷åíèÿ

Çàäà÷à ïîíèæåíèÿ ðàçìåðíîñòè

�åãóëÿðèçàòîðû

Àâòîêîäèðîâùèêè áîëåå ñëîæíîé ñòðóêòóðû

Âàðèàöèîííûé àâòîêîäèðîâùèê (Variational AE)

Ñòðîèòñÿ ãåíåðàòèâíàÿ ìîäåëü, ñïîñîáíàÿ ïîðîæäàòü íîâûå

îáúåêòû x , ïîõîæèå íà îáúåêòû âûáîðêè X ℓ = {x1, . . . , xℓ}

qα(z |x) � âåðîÿòíîñòíûé êîäèðîâùèê ñ ïàðàìåòðîì α

pβ(x̂ |z) � âåðîÿòíîñòíûé äåêîäèðîâùèê ñ ïàðàìåòðîì β

Ìàêñèìèçàöèÿ íèæíåé îöåíêè log-ïðàâäîïîäîáèÿ:

LVAE(α, β) =
ℓ∑

i=1

log p(xi) =
ℓ∑

i=1

log

∫

qα(z |xi )
pβ(xi |z)p(z)

qα(z |xi)
dz >

>
ℓ∑

i=1

∫

qα(z |xi ) log
pβ(xi |z)p(z)

qα(z |xi)
dz =

=
ℓ∑

i=1

∫

qα(z |xi) log pβ(xi |z)dz − KL
(
qα(z |xi)

∥
∥ p(z)

)
→ max

α,β

D.P.Kingma, M.Welling. Auto-enoding Variational Bayes. 2013.

C.Doersh. Tutorial on variational autoenoders. 2016.
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Âàðèàöèîííûé àâòîêîäèðîâùèê (Variational AE)

Îïòèìèçàöèîííàÿ çàäà÷à äëÿ âàðèàöèîííîãî àâòîêîäèðîâùèêà:

ℓ∑

i=1
Ez∼qα(z |xi) log pβ(xi |z)
︸ ︷︷ ︸
êà÷åñòâî ðåêîíñòðóêöèè

≈ log pβ(xi |z), z∼qα(z |xi )

−KL
(
qα(z |xi)

∥
∥ p(z)

)

︸ ︷︷ ︸

ðåãóëÿðèçàòîð ïî α

→ max
α,β

ãäå p(z) � àïðèîðíîå ðàñïðåäåëåíèå, îáû÷íî N (0, σ2I )

�åïàðàìåòðèçàöèÿ qα(z |xi): z = f (xi , α, ε), ε ∼ N (0, I )

Ìåòîä ñòîõàñòè÷åñêîãî ãðàäèåíòà:

ñýìïëèðîâàòü xi ∼ X ℓ
, ε ∼ N (0, I ), z = f (xi , α, ε)

ãðàäèåíòíûé øàã:

α := α+ h∇α

[
log pβ

(
xi |f (xi , α, ε)

)
− KL

(
qα(z |xi )‖p(z)

)]
;

β := β + h∇β

[
log pβ(xi |z)

]
;

�åíåðàöèÿ ïîõîæèõ îáúåêòîâ: x ∼ pβ
(
x |f (xi , α, ε)

)
, ε ∼ N (0, I )
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�àçâèòèå èäåé ÷àñòè÷íîãî îáó÷åíèÿ

Çàäà÷à ïîíèæåíèÿ ðàçìåðíîñòè

�åãóëÿðèçàòîðû

Àâòîêîäèðîâùèêè áîëåå ñëîæíîé ñòðóêòóðû

Àâòîêîäèðîâùèêè äëÿ âåêòîðèçàöèè è îáó÷åíèÿ ñ ó÷èòåëåì

Äàííûå: íåðàçìå÷åííûå (xi )
ℓ
i=1, ðàçìå÷åííûå (xi , yi )

ℓ+k
i=ℓ+1

Ñîâìåñòíîå îáó÷åíèå êîäèðîâùèêà, äåêîäèðîâùèêà è

ïðåäñêàçàòåëüíîé ìîäåëè (êëàññè�èêàöèè, ðåãðåññèè èëè äð.):

ℓ∑

i=1

L
(
g(f (xi , α), β), xi

)
+ λ

ℓ+k∑

i=ℓ+1

L̃ (ŷ(f (xi , α), γ), yi ) → min
α,β,γ

zi = f (xi , α) � êîäèðîâùèê

x̂i = g(zi , β) � äåêîäèðîâùèê

ŷi = ŷ(zi , γ) � ïðåäèêòîð

Ôóíêöèè ïîòåðü:

L (x̂i , xi ) � ðåêîíñòðóêöèÿ

L̃ (ŷi , yi ) � ïðåäñêàçàíèå

Dor Bank, Noam Koenigstein, Raja Giryes. Autoenoders. 2020
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Ñåòè Êîõîíåíà äëÿ êëàñòåðèçàöèè è âèçóàëèçàöèè

Àâòîêîäèðîâùèêè

�àçâèòèå èäåé ÷àñòè÷íîãî îáó÷åíèÿ

Ïåðåíîñ îáó÷åíèÿ è ìíîãîçàäà÷íîå îáó÷åíèå

Äèñòèëëÿöèÿ è ïðèâèëåãèðîâàííîå îáó÷åíèå

�åíåðàòèâíûå ñîñòÿçàòåëüíûå ñåòè (GAN)

Ïðåäîáó÷åíèå (pre-training), ïåðåíîñ îáó÷åíèÿ (transfer learning)

Îáó÷åíèå ìîäåëè âåêòîðèçàöèè z = f (x , α) íà âûáîðêå {xi}
ℓ
i=1:

ℓ∑

i=1

Li

(
g(f (xi , α), β)

)
→ min

α,β

Îáó÷åíèå öåëåâîé ìîäåëè y = g(z , β) íà ìàëûõ äàííûõ:

m∑

i=1

L
′
i

(
g ′(f (x ′i , α), β

′)
)

→ min
β′

Sinno Jialin Pan, Qiang Yang. A Survey on Transfer Learning. 2009

J.Yosinski et al. How transferable are features in deep neural networks? 2014.
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Ñåòè Êîõîíåíà äëÿ êëàñòåðèçàöèè è âèçóàëèçàöèè

Àâòîêîäèðîâùèêè

�àçâèòèå èäåé ÷àñòè÷íîãî îáó÷åíèÿ

Ïåðåíîñ îáó÷åíèÿ è ìíîãîçàäà÷íîå îáó÷åíèå

Äèñòèëëÿöèÿ è ïðèâèëåãèðîâàííîå îáó÷åíèå

�åíåðàòèâíûå ñîñòÿçàòåëüíûå ñåòè (GAN)

Ñàìîñòîÿòåëüíîå îáó÷åíèå (self-supervised learning)

Ìîäåëü âåêòîðèçàöèè z = f (x , α) îáó÷àåòñÿ ïðåäñêàçûâàòü

âçàèìíîå ðàñïîëîæåíèå ïàð �ðàãìåíòîâ îäíîãî èçîáðàæåíèÿ

Ïðåèìóùåñòâî: ñåòü âûó÷èâàåò âåêòîðíûå ïðåäñòàâëåíèÿ

îáúåêòîâ áåç ðàçìå÷åííîé îáó÷àþùåé âûáîðêè.
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Ñåòè Êîõîíåíà äëÿ êëàñòåðèçàöèè è âèçóàëèçàöèè

Àâòîêîäèðîâùèêè

�àçâèòèå èäåé ÷àñòè÷íîãî îáó÷åíèÿ

Ïåðåíîñ îáó÷åíèÿ è ìíîãîçàäà÷íîå îáó÷åíèå

Äèñòèëëÿöèÿ è ïðèâèëåãèðîâàííîå îáó÷åíèå

�åíåðàòèâíûå ñîñòÿçàòåëüíûå ñåòè (GAN)

Ìíîãîçàäà÷íîå îáó÷åíèå (multi-task learning)

z = f (x , α) � âåêòîðèçàöèÿ, óíèâåðñàëüíàÿ äëÿ âñåõ ìîäåëåé

gt(z , β) � ñïåöè�è÷íàÿ ÷àñòü ìîäåëè äëÿ çàäà÷è t ∈ T

Îäíîâðåìåííîå îáó÷åíèå ìîäåëè f ïî çàäà÷àì Xt , t ∈ T :

∑

t∈T

∑

i∈Xt

Lti

(
gt(f (xti , α), βt )

)
→ min

α,{βt}

Îáó÷àåìîñòü (learnability): êà÷åñòâî ðåøåíèÿ îòäåëüíîé çàäà÷è

〈Xt ,Lt , gt〉 óëó÷øàåòñÿ ñ ðîñòîì îáú¼ìà âûáîðêè ℓt = |Xt |.

Learning to learn: êà÷åñòâî ðåøåíèÿ êàæäîé èç çàäà÷ t ∈ T

óëó÷øàåòñÿ ñ ðîñòîì êàê ℓt , òàê è îáùåãî ÷èñëà çàäà÷ |T |.

Few-shot learning: äëÿ ðåøåíèÿ íîâîé çàäà÷è t äîñòàòî÷íî

íåáîëüøîãî ÷èñëà ïðèìåðîâ, èíîãäà äàæå îäíîãî.

M.Crawshaw. Multi-task learning with deep neural networks: a survey. 2020

Y.Wang et al. Generalizing from a few examples: a survey on few-shot learning. 2020

Ê.Â. Âîðîíöîâ (k.v.vorontsov�physteh.edu) Èñêóññòâåííûå íåéðîííûå ñåòè 29 / 37



Ñåòè Êîõîíåíà äëÿ êëàñòåðèçàöèè è âèçóàëèçàöèè

Àâòîêîäèðîâùèêè

�àçâèòèå èäåé ÷àñòè÷íîãî îáó÷åíèÿ

Ïåðåíîñ îáó÷åíèÿ è ìíîãîçàäà÷íîå îáó÷åíèå

Äèñòèëëÿöèÿ è ïðèâèëåãèðîâàííîå îáó÷åíèå

�åíåðàòèâíûå ñîñòÿçàòåëüíûå ñåòè (GAN)

Äèñòèëëÿöèÿ ìîäåëåé èëè ñóððîãàòíîå ìîäåëèðîâàíèå

Îáó÷åíèå ñëîæíîé ìîäåëè a(x ,w) ¾äîëãî, äîðîãî¿:

ℓ∑

i=1
L

(
a(xi ,w), yi

)
→ min

w

Îáó÷åíèå ïðîñòîé ìîäåëè b(x ,w ′), âîçìîæíî, íà äðóãèõ äàííûõ:

k∑

i=1
L

(
b(x ′i ,w

′), a(x ′i ,w)
)

→ min
w ′

Ïðèìåðû çàäà÷:

çàìåíà ñëîæíîé ìîäåëè (êëèìàò, àýðîäèíàìèêà è äð.),

êîòîðàÿ âû÷èñëÿåòñÿ íà ñóïåðêîìïüþòåðå ìåñÿöàìè,

¾ë¼ãêîé¿ àïïðîêñèìèðóþùåé ñóððîãàòíîé ìîäåëüþ

çàìåíà ñëîæíîé íåéðîñåòè, êîòîðàÿ îáó÷àåòñÿ íåäåëÿìè

íà áîëüøèõ äàííûõ, ¾ë¼ãêîé¿ àïïðîêñèìèðóþùåé

íåéðîñåòüþ ñ ìèíèìèçàöèåé ÷èñëà íåéðîíîâ è ñâÿçåé
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Ñåòè Êîõîíåíà äëÿ êëàñòåðèçàöèè è âèçóàëèçàöèè

Àâòîêîäèðîâùèêè

�àçâèòèå èäåé ÷àñòè÷íîãî îáó÷åíèÿ

Ïåðåíîñ îáó÷åíèÿ è ìíîãîçàäà÷íîå îáó÷åíèå

Äèñòèëëÿöèÿ è ïðèâèëåãèðîâàííîå îáó÷åíèå

�åíåðàòèâíûå ñîñòÿçàòåëüíûå ñåòè (GAN)

Îáó÷åíèå ñ èñïîëüçîâàíèåì ïðèâèëåãèðîâàííîé èí�îðìàöèè

LUPI � Learning Using Privileged Information

ñ ó÷èòåëåì áåç ó÷èòåëÿ ïðèâèëåãèðîâàííîå (LUPI)

÷àñòè÷íîå òðàíñäóêòèâíîå ÷àñòè÷íîå LUPI

V.Vapnik, A.Vashist. A new learning paradigm: Learning Using Privileged

Information // Neural Networks. 2009.
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Ñåòè Êîõîíåíà äëÿ êëàñòåðèçàöèè è âèçóàëèçàöèè

Àâòîêîäèðîâùèêè

�àçâèòèå èäåé ÷àñòè÷íîãî îáó÷åíèÿ

Ïåðåíîñ îáó÷åíèÿ è ìíîãîçàäà÷íîå îáó÷åíèå

Äèñòèëëÿöèÿ è ïðèâèëåãèðîâàííîå îáó÷åíèå

�åíåðàòèâíûå ñîñòÿçàòåëüíûå ñåòè (GAN)

Ïðèìåðû çàäà÷ ñ ïðèâèëåãèðîâàííîé èí�îðìàöèåé x∗

x � ïåðâè÷íàÿ (1D) ñòðóêòóðà áåëêà

x∗ � òðåòè÷íàÿ (3D) ñòðóêòóðà áåëêà

y � èåðàðõè÷åñêàÿ êëàññè�èêàöèÿ �óíêöèè áåëêà

x � ïðåäûñòîðèÿ âðåìåííîãî ðÿäà

x∗ � èí�îðìàöèÿ î áóäóùåì ïîâåäåíèè ðÿäà

y � ïðîãíîç ñëåäóþùåé òî÷êè ðÿäà

x � òåêñòîâûé äîêóìåíò

x∗ � âûäåëåííûå êëþ÷åâûå ñëîâà èëè �ðàçû

y � êàòåãîðèÿ äîêóìåíòà

x � ïàðà (çàïðîñ, äîêóìåíò)

x∗ � âûäåëåííûå àñåññîðîì êëþ÷åâûå ñëîâà èëè �ðàçû

y � îöåíêà ðåëåâàíòíîñòè
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Ñåòè Êîõîíåíà äëÿ êëàñòåðèçàöèè è âèçóàëèçàöèè

Àâòîêîäèðîâùèêè

�àçâèòèå èäåé ÷àñòè÷íîãî îáó÷åíèÿ

Ïåðåíîñ îáó÷åíèÿ è ìíîãîçàäà÷íîå îáó÷åíèå

Äèñòèëëÿöèÿ è ïðèâèëåãèðîâàííîå îáó÷åíèå

�åíåðàòèâíûå ñîñòÿçàòåëüíûå ñåòè (GAN)

Çàäà÷à îáó÷åíèÿ ñ ïðèâèëåãèðîâàííîé èí�îðìàöèåé

�àçäåëüíîå îáó÷åíèå ìîäåëè-ó÷åíèêà è ìîäåëè-ó÷èòåëÿ:

ℓ∑

i=1

L
(
a(xi ,w), yi

)
→ min

w

ℓ∑

i=1

L
(
a(x∗i ,w

∗), yi
)
→ min

w

Ìîäåëü-ó÷åíèê îáó÷àåòñÿ ïîâòîðÿòü îøèáêè ìîäåëè-ó÷èòåëÿ:

ℓ∑

i=1

L
(
a(xi ,w), yi

)
+ µL

(
a(xi ,w), a(x∗i ,w

∗)
)

→ min
w

Ñîâìåñòíîå îáó÷åíèå ìîäåëè-ó÷åíèêà è ìîäåëè-ó÷èòåëÿ:

ℓ∑

i=1

L
(
a(xi ,w), yi

)
+ λL

(
a(x∗i ,w

∗), yi
)
+

+ µL
(
a(xi ,w), a(x∗i ,w

∗)
)

→ min
w ,w∗

D.Lopez-Paz, L.Bottou, B.Sholkopf, V.Vapnik. Unifying distillation and privileged

information. 2016.
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Àâòîêîäèðîâùèêè

�àçâèòèå èäåé ÷àñòè÷íîãî îáó÷åíèÿ

Ïåðåíîñ îáó÷åíèÿ è ìíîãîçàäà÷íîå îáó÷åíèå

Äèñòèëëÿöèÿ è ïðèâèëåãèðîâàííîå îáó÷åíèå

�åíåðàòèâíûå ñîñòÿçàòåëüíûå ñåòè (GAN)

�åíåðàòèâíàÿ ñîñòÿçàòåëüíàÿ ñåòü (Generative Adversarial Net)

�åíåðàòîð G (z) ó÷èòñÿ ïîðîæäàòü îáúåêòû x èç øóìà z

Äèñêðèìèíàòîð D(x) ó÷èòñÿ îòëè÷àòü èõ îò ðåàëüíûõ îáúåêòîâ

Antonia Creswell et al. Generative Adversarial Networks: an overview. 2017.

Zhengwei Wang, Qi She, Tomas Ward. Generative Adversarial Networks: a survey and

taxonomy. 2019.

Chris Niholson. A Beginner's Guide to Generative Adversarial Networks.

https://pathmind.om/wiki/generative-adversarial-network-gan. 2019.
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Ñåòè Êîõîíåíà äëÿ êëàñòåðèçàöèè è âèçóàëèçàöèè

Àâòîêîäèðîâùèêè

�àçâèòèå èäåé ÷àñòè÷íîãî îáó÷åíèÿ

Ïåðåíîñ îáó÷åíèÿ è ìíîãîçàäà÷íîå îáó÷åíèå

Äèñòèëëÿöèÿ è ïðèâèëåãèðîâàííîå îáó÷åíèå

�åíåðàòèâíûå ñîñòÿçàòåëüíûå ñåòè (GAN)

Ïîñòàíîâêà çàäà÷è GAN

Äàíî: âûáîðêà îáúåêòîâ {xi}
m
i=1 èç X

Íàéòè:

âåðîÿòíîñòíóþ ãåíåðàòèâíóþ ìîäåëü G (z , α): x ∼ p(x |z , α)
âåðîÿòíîñòíóþ äèñêðèìèíàòèâíóþ ìîäåëü D(x , β) = p(1|x , β)

Êðèòåðèé:

îáó÷åíèå äèñêðèìèíàòèâíîé ìîäåëè D:

m∑

i=1

lnD(xi , β) + ln
(
1− D(G (zi , α), β)

)
→ max

β

îáó÷åíèå ãåíåðàòèâíîé ìîäåëè G ïî ñëó÷àéíîìó øóìó {zi}
m
i=1:

m∑

i=1

ln
(
1− D(G (zi , α), β)

)
→ min

α

Ian Goodfellow et al. Generative Adversarial Nets. 2014
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Àâòîêîäèðîâùèêè

�àçâèòèå èäåé ÷àñòè÷íîãî îáó÷åíèÿ

Ïåðåíîñ îáó÷åíèÿ è ìíîãîçàäà÷íîå îáó÷åíèå

Äèñòèëëÿöèÿ è ïðèâèëåãèðîâàííîå îáó÷åíèå

�åíåðàòèâíûå ñîñòÿçàòåëüíûå ñåòè (GAN)

Ïðèìåðû GAN äëÿ ñèíòåçà èçîáðàæåíèé è âèäåî

Chuan Li, Mihael Wand. Preomputed Real-Time Texture Synthesis with Markovian

Generative Adversarial Networks. 2016.

Xiaoxing Zeng, Xiaojiang Peng, Yu Qiao. DF2Net: A Dense Fine Finer Network for

Detailed 3D Fae Reonstrution. ICCV-2019.

Caroline Chan, Shiry Ginosar, Tinghui Zhou, Alexei A. Efros. Everybody Dane Now.

ICCV-2019.
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�åçþìå

Êîãäà íåñêîëüêî ìîäåëåé îáó÷àþòñÿ îäíîâðåìåííî:

Àâòîêîäèðîâùèêè: êîäåð è äåêîäåð

Àâòîêîäèðîâùèêè äëÿ êëàññè�èêàöèè èëè êëàñòåðèçàöèè

Ìíîãîçàäà÷íîå îáó÷åíèå

Îáó÷åíèå ñ ïðèâèëåãèðîâàííîé èí�îðìàöèåé

Ñîñòÿçàòåëüíûå ñåòè (GAN) äëÿ ãåíåðàöèè �åéê-îáúåêòîâ

Êîãäà íåñêîëüêî ìîäåëåé îáó÷àþòñÿ ïîñëåäîâàòåëüíî:

Ïåðåíîñ îáó÷åíèÿ (transfer learning)

Ïðåäîáó÷åíèå ãëóáîêèõ ñåòåé äëÿ âåêòîðèçàöèè îáúåêòîâ

Ñàìîñòîÿòåëüíîå îáó÷åíèå (self-supervised learning)

Äèñòèëëÿöèÿ è ñóððîãàòíîå ìîäåëèðîâàíèå

Îáó÷åíèå áåç ó÷èòåëÿ âñ¼ ÷àùå èñïîëüçóåòñÿ äëÿ

îïòèìèçàöèè ÷àñòè ìîäåëè ïî áîëüøèì äàííûì
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