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Îáó÷åíèå ñ ó÷èòåëåì

Îáó÷åíèå áåç ó÷èòåëÿ

Ìóëüòèìîäåëüíîå îáó÷åíèå

�åãðåññèÿ è êëàññè�èêàöèÿ

�åãóëÿðèçàöèÿ

Îáó÷åíèå ðàíæèðîâàíèþ

Îáùàÿ îïòèìèçàöèîííàÿ çàäà÷à ìàøèííîãî îáó÷åíèÿ

Äàíî: îáó÷àþùàÿ âûáîðêà îáúåêòîâ {xi}
ℓ
i=1

Íàéòè: âåêòîð ïàðàìåòðîâ w ìîäåëè a(x ,w)

Êðèòåðèé: ìèíèìóì ýìïèðè÷åñêîãî ðèñêà

ℓ∑

i=1

Li (w) → min
w

ãäå Li (w) � �óíêöèÿ ïîòåðü ìîäåëè a(x ,w) íà îáúåêòå xi ,

èëè ìèíèìóì ðåãóëÿðèçîâàííîãî ýìïèðè÷åñêîãî ðèñêà

ℓ∑

i=1

Li (w) +

r∑

j=1

τjRj(w) → min
w

ãäå Rj � ðåãóëÿðèçàòîðû, τj � êîý��èöèåíòû ðåãóëÿðèçàöèè
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Îáó÷åíèå ñ ó÷èòåëåì
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Ìóëüòèìîäåëüíîå îáó÷åíèå

�åãðåññèÿ è êëàññè�èêàöèÿ

�åãóëÿðèçàöèÿ

Îáó÷åíèå ðàíæèðîâàíèþ

Îïòèìèçàöèîííàÿ çàäà÷à âîññòàíîâëåíèÿ ðåãðåññèè

Äàíî: îáó÷àþùàÿ âûáîðêà (xi , yi )
ℓ
i=1, yi ∈ R

Íàéòè: âåêòîð ïàðàìåòðîâ w ìîäåëè ðåãðåññèè a(x ,w)

Êðèòåðèé: ìèíèìèçàöèÿ ýìïèðè÷åñêîãî ðèñêà

ℓ∑

i=1

L
(
a(xi ,w)− yi

)
→ min

w

Óíèìîäàëüíûå �óíêöèè ïîòåðü L (ε) îò íåâÿçêè ε = a(x ,w)− y :
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�åãðåññèÿ è êëàññè�èêàöèÿ

�åãóëÿðèçàöèÿ

Îáó÷åíèå ðàíæèðîâàíèþ

Îïòèìèçàöèîííàÿ çàäà÷à îáó÷åíèÿ êëàññè�èêàöèÿ

Äàíî: îáó÷àþùàÿ âûáîðêà (xi , yi )
ℓ
i=1, yi ∈ {−1,+1}

Íàéòè: âåêòîð w ìîäåëè êëàññè�èêàöèè a(x ,w) = sign g(x ,w)

Êðèòåðèé: àïïðîêñèìàöèÿ ýìïèðè÷åñêîãî ðèñêà

ℓ∑

i=1

[
g(xi ,w)yi < 0

]
6

ℓ∑

i=1

L
(
g(xi ,w)yi

)
→ min

w

Óáûâàþùèå �óíêöèè ïîòåðü L (µ) îò îòñòóïà µ = g(x ,w)y :
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�åãðåññèÿ è êëàññè�èêàöèÿ
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Îáó÷åíèå ðàíæèðîâàíèþ

Ìíîãîêëàññîâàÿ êëàññè�èêàöèÿ, ëîãèñòè÷åñêàÿ ðåãðåññèÿ

Äàíî: îáó÷àþùàÿ âûáîðêà (xi , yi )
ℓ
i=1, yi ∈ Y , |Y | < ∞

Íàéòè: ìîäåëü êëàññè�èêàöèè: a(x ,w) = argmax
y∈Y

g(xi ,wy )

ìîäåëü âåðîÿòíîñòè òîãî, ÷òî îáúåêò x îòíîñèòñÿ ê êëàññó y :

P(y |x ,w) =
exp g(x ,wy )

∑

z∈Y

exp g(x ,wz )
= SoftMax

y∈Y
g(x ,wy ),

ãäå SoftMax: RY → R
Y
� ãëàäêîå ïðåîáðàçîâàíèå ïðîèçâîëüíîãî

âåêòîðà â íîðìèðîâàííûé âåêòîð äèñêðåòíîãî ðàñïðåäåëåíèÿ.

Êðèòåðèé: ìàêñèìóì ïðàâäîïîäîáèÿ (log-loss):

−

ℓ∑

i=1

lnP(yi |xi ,w) → min
w
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Îáó÷åíèå ðàíæèðîâàíèþ

�åãóëÿðèçàòîðû, øòðà�óþùèå ñëîæíîñòü ëèíåéíûõ ìîäåëåé

�åãóëÿðèçàòîð � àääèòèâíàÿ äîáàâêà ê îñíîâíîìó êðèòåðèþ:

ℓ∑

i=1

L
(
〈xi ,w〉, yi

)
+ τ øòðà�(w) → min

w

ãäå L (a, y) � �óíêöèÿ ïîòåðü, τ � êîý��èöèåíò ðåãóëÿðèçàöèè

L2-ðåãóëÿðèçàöèÿ (ãðåáíåâàÿ ðåãðåññèÿ, SVM):

øòðà�(w) = ‖w‖22 =
n∑

j=1
w2
j .

L1-ðåãóëÿðèçàöèÿ (LASSO, ElastiNet � äëÿ îòáîðà ïðèçíàêîâ):

øòðà�(w) = ‖w‖1 =
n∑

j=1
|wj |.

L0-ðåãóëÿðèçàöèÿ (êðèòåðèè Àêàèêå AIC, áàéåñîâñêèé BIC):

øòðà�(w) = ‖w‖0 =
n∑

j=1

[
wj 6= 0

]
.

K.V. Vorontsov (voron�foresys.ru) Îïòèìèçàöèîííûå çàäà÷è ìàøèííîãî îáó÷åíèÿ 7 / 30
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Ìóëüòèìîäåëüíîå îáó÷åíèå
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Îáó÷åíèå ðàíæèðîâàíèþ

Íåãëàäêèå ðåãóëÿðèçàòîðû äëÿ îòáîðà ïðèçíàêîâ

Îáùèé âèä ðåãóëÿðèçàòîðîâ (µ � ïàðàìåòð ñåëåêòèâíîñòè):

ℓ∑

i=1

L
(
〈xi ,w〉, yi

)
+ τ

n∑

j=1

Rµ(wj) → min
w

.

�åãóëÿðèçàòîðû ñ ý��åêòîì ãðóïïèðîâêè çàâèñèìûõ ïðèçíàêîâ:

Elasti Net: Rµ(w) = µ|w |+ w2

Support Features Mahine (SFM):

Rµ(w) =

{

2µ|w |, |w | 6 µ;

µ2 + w2, |w | > µ;

Relevane Features Mahine (RFM):

Rµ(w) = ln
(
µw2 + 1

)
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�åãðåññèÿ è êëàññè�èêàöèÿ
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Îáó÷åíèå ðàíæèðîâàíèþ

Çàäà÷è îáó÷åíèÿ ðàíæèðîâàíèþ (Learning to Rank)

Äàíî: îáó÷àþùàÿ âûáîðêà îáúåêòîâ {xi}
ℓ
i=1

i ≺ j � îòíîøåíèå ÷àñòè÷íîãî ïîðÿäêà íà ïàðàõ (xi , xj)

Íàéòè: ìîäåëü ðàíæèðîâàíèÿ a : X → R òàêóþ, ÷òî

i ≺ j ⇒ a(xi ,w) < a(xj ,w)

Êðèòåðèé: ÷èñëî íåâåðíî óïîðÿäî÷åííûõ ïàð (xi , xj )
èëè àïïðîêñèìèðîâàííûé ïîïàðíûé ýìïèðè÷åñêèé ðèñê:

∑

i≺j

[
a(xj ,w) < a(xi ,w)

]
6

∑

i≺j

L
(
a(xj ,w)− a(xi ,w)
︸ ︷︷ ︸

µij (w)

)
→ min

w

ãäå L (µ) � óáûâàþùàÿ �óíêöèÿ ïîïàðíîãî îòñòóïà µij(w)
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Îáó÷åíèå áåç ó÷èòåëÿ

Ìóëüòèìîäåëüíîå îáó÷åíèå

Âîññòàíîâëåíèå ïëîòíîñòè

Êëàñòåðèçàöèÿ è ÷àñòè÷íîå îáó÷åíèå

Îáó÷åíèå ïðåäñòàâëåíèé è àâòîêîäèðîâùèêè

Çàäà÷à âîññòàíîâëåíèÿ ïëîòíîñòè ðàñïðåäåëåíèÿ

Äàíî: îáó÷àþùàÿ âûáîðêà îáúåêòîâ {xi}
ℓ
i=1

Íàéòè: âåêòîð ïàðàìåòðîâ θ â ìîäåëè p(x |θ)

Êðèòåðèé: ìàêñèìóì ïðàâäîïîäîáèÿ

ℓ∑

i=1

ln p(xi |θ) → max
θ

èëè ìàêñèìóì àïîñòåðèîðíîé âåðîÿòíîñòè

ℓ∑

i=1

ln p(xi |θ) + ln p(θ|γ) → max
θ

ãäå γ � âåêòîð ãèïåðïàðàìåòðîâ àïðèîðíîãî ðàñïðåäåëåíèÿ
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Îáó÷åíèå ñ ó÷èòåëåì

Îáó÷åíèå áåç ó÷èòåëÿ

Ìóëüòèìîäåëüíîå îáó÷åíèå

Âîññòàíîâëåíèå ïëîòíîñòè

Êëàñòåðèçàöèÿ è ÷àñòè÷íîå îáó÷åíèå

Îáó÷åíèå ïðåäñòàâëåíèé è àâòîêîäèðîâùèêè

Çàäà÷à âîññòàíîâëåíèÿ ñìåñè ïëîòíîñòåé ðàñïðåäåëåíèÿ

Äàíî: îáó÷àþùàÿ âûáîðêà îáúåêòîâ {xi}
ℓ
i=1

Íàéòè: ïàðàìåòðû wj , θj â ìîäåëè p(x |θ,w) =
K∑

j=1

wjp(x |θj)

Êðèòåðèé: ìàêñèìóì ïðàâäîïîäîáèÿ

ℓ∑

i=1

ln p(xi |θ,w) → max
θ,w

èëè ìàêñèìóì àïîñòåðèîðíîé âåðîÿòíîñòè

ℓ∑

i=1

ln p(xi |θ,w) + ln p(θ,w |γ) → max
θ,w

ãäå γ � âåêòîð ãèïåðïàðàìåòðîâ àïðèîðíîãî ðàñïðåäåëåíèÿ
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Îáó÷åíèå ñ ó÷èòåëåì

Îáó÷åíèå áåç ó÷èòåëÿ

Ìóëüòèìîäåëüíîå îáó÷åíèå

Âîññòàíîâëåíèå ïëîòíîñòè

Êëàñòåðèçàöèÿ è ÷àñòè÷íîå îáó÷åíèå

Îáó÷åíèå ïðåäñòàâëåíèé è àâòîêîäèðîâùèêè

Çàäà÷à êëàñòåðèçàöèè (lustering)

Äàíî: îáó÷àþùàÿ âûáîðêà îáúåêòîâ {xi ∈ R
n : i = 1, . . . , ℓ}

Íàéòè:

� öåíòðû êëàñòåðîâ µj ∈ R
n
, j = 1, . . . ,K

� êàêîìó êëàñòåðó ïðèíàäëåæèò êàæäûé îáúåêò ai ∈ {1, . . . ,K}

Êðèòåðèé: ìèíèìóì âíóòðèêëàñòåðíûõ ðàññòîÿíèé

ℓ∑

i=1

‖xi − µai‖
2 → min

{ai}, {µj}

â ñëó÷àå åâêëèäîâîé ìåòðèêè

‖xi − µj‖
2 =

n∑

d=1

(
xid − µjd

)2
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Îáó÷åíèå áåç ó÷èòåëÿ

Ìóëüòèìîäåëüíîå îáó÷åíèå

Âîññòàíîâëåíèå ïëîòíîñòè

Êëàñòåðèçàöèÿ è ÷àñòè÷íîå îáó÷åíèå

Îáó÷åíèå ïðåäñòàâëåíèé è àâòîêîäèðîâùèêè

Çàäà÷à ÷àñòè÷íîãî îáó÷åíèÿ (semi-supervised learning, SSL)

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

ℓ
i=k+1

Íàéòè: êëàññè�èêàöèè (ai)
ℓ
i=k+1 íåðàçìå÷åííûõ îáúåêòîâ

Êðèòåðèé è êëàñòåðèçàöèè, è êëàññè�èêàöèè:

áåç ìîäåëè êëàññè�èêàöèè (transdutive learning):

ℓ∑

i=1

‖xi − µai‖
2 + λ

k∑

i=1

[
ai 6= yi

]
→ min

{ai}, {µj}

ïðè ïîñòðîåíèè ìîäåëè êëàññè�èêàöèè, ai = a(xi ,w):

ℓ∑

i=1

‖xi − µai‖
2 + λ

k∑

i=1

L (a(xi ,w), yi ) → min
{ai}, {µj}, w
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Îáó÷åíèå ñ ó÷èòåëåì

Îáó÷åíèå áåç ó÷èòåëÿ

Ìóëüòèìîäåëüíîå îáó÷åíèå

Âîññòàíîâëåíèå ïëîòíîñòè

Êëàñòåðèçàöèÿ è ÷àñòè÷íîå îáó÷åíèå

Îáó÷åíèå ïðåäñòàâëåíèé è àâòîêîäèðîâùèêè

Òðàíñäóêòèâíîå îáó÷åíèå ìîäåëè êëàññè�èêàöèè

Mi(w) = g(xi ,w)yi � îòñòóï îáúåêòà xi

Ôóíêöèÿ ïîòåðü L (M) = (1−M)+
øòðà�óåò ðàçìå÷åííûå îáúåêòû

çà óìåíüøåíèå îòñòóïà

Ôóíêöèÿ ïîòåðü L (M) =
(
1− |M|

)

+
øòðà�óåò ðàçìå÷åííûå îáúåêòû

çà ïîïàäàíèå â çàçîð ìåæäó êëàññàìè
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(1−M)+

(1− |M|)+

Îáó÷åíèå âåñîâ w ïî ÷àñòè÷íî ðàçìå÷åííîé âûáîðêå:

k∑

i=1

(
1−Mi(w)

)

+
+ γ

ℓ∑

i=k+1

(
1− |Mi (w)|

)

+
→ min

w
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Îáó÷åíèå ñ ó÷èòåëåì

Îáó÷åíèå áåç ó÷èòåëÿ

Ìóëüòèìîäåëüíîå îáó÷åíèå

Âîññòàíîâëåíèå ïëîòíîñòè

Êëàñòåðèçàöèÿ è ÷àñòè÷íîå îáó÷åíèå

Îáó÷åíèå ïðåäñòàâëåíèé è àâòîêîäèðîâùèêè

Çàäà÷è íèçêîðàíãîâîãî ìàòðè÷íîãî ðàçëîæåíèÿ

Ôîðìèðîâàíèå âåêòîðíûõ ïðåäñòàâëåíèé îáúåêòîâ

Âîññòàíîâëåíèå ïðîïóùåííûõ çíà÷åíèé â ìàòðèöå

Äàíî: ìàòðèöà Z = ‖zij‖n×m, (i , j) ∈ Ω ⊆ {1..n} × {1..m}

Íàéòè: ìàòðèöû X = ‖xit‖n×k è Y = ‖ytj‖k×m

Êðèòåðèé:

∥
∥Z − XY

∥
∥ =

∑

(i ,j)∈Ω

L

(

zij −
∑

t

xitytj

)

→ min
X ,Y

Ïî÷åìó íà ïðàêòèêå îòêàçûâàþòñÿ îò êëàññè÷åñêîãî SVD:

íåêâàäðàòè÷íàÿ �óíêöèÿ ïîòåðü L

íåîòðèöàòåëüíîå ìàòðè÷íîå ðàçëîæåíèå: xit > 0, ytj > 0

ðàçðåæåííûå äàííûå: |Ω| ≪ nm

îðòîãîíàëüíîñòü íå íóæíà èëè íå èíòåðïðåòèðóåìà
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Îáó÷åíèå ñ ó÷èòåëåì

Îáó÷åíèå áåç ó÷èòåëÿ

Ìóëüòèìîäåëüíîå îáó÷åíèå

Âîññòàíîâëåíèå ïëîòíîñòè

Êëàñòåðèçàöèÿ è ÷àñòè÷íîå îáó÷åíèå

Îáó÷åíèå ïðåäñòàâëåíèé è àâòîêîäèðîâùèêè

Çàäà÷à ïîñòðîåíèÿ àâòîêîäèðîâùèêà (îáó÷åíèå áåç ó÷èòåëÿ)

Äàíî: îáó÷àþùàÿ âûáîðêà îáúåêòîâ {xi}
ℓ
i=1

Íàéòè:

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

Êðèòåðèé: êà÷åñòâî ðåêîíñòðóêöèè èñõîäíûõ îáúåêòîâ

ℓ∑

i=1

L
(
g(f (xi , α), β), xi

)
→ min

α,β

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

Ïðèìåðû àâòîêîäèðîâùèêîâ:

f (x ,A) = A
m×n

x , g(z ,B) = B
n×m

z � ëèíåéíûé

f (x ,A) = σ(Ax), g(z ,B) = σ(Bz) � íåéðîñåâîé
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Îáó÷åíèå ñ ó÷èòåëåì

Îáó÷åíèå áåç ó÷èòåëÿ

Ìóëüòèìîäåëüíîå îáó÷åíèå

Âîññòàíîâëåíèå ïëîòíîñòè

Êëàñòåðèçàöèÿ è ÷àñòè÷íîå îáó÷åíèå

Îáó÷åíèå ïðåäñòàâëåíèé è àâòîêîäèðîâùèêè

Àâòîêîäèðîâùèêè äëÿ îáó÷åíèÿ ñ ó÷èòåëåì

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

ℓ
i=k+1

Íàéòè:

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

Êðèòåðèé: ñîâìåñòíîå îáó÷åíèå àâòîêîäèðîâùèêà è

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

ℓ∑

i=1

L
(
g(f (xi , α), β), xi

)
+ λ

k∑

i=1

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

Dor Bank, Noam Koenigstein, Raja Giryes. Autoenoders. 2020
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Îáó÷åíèå ñ ó÷èòåëåì

Îáó÷åíèå áåç ó÷èòåëÿ

Ìóëüòèìîäåëüíîå îáó÷åíèå

Âîññòàíîâëåíèå ïëîòíîñòè

Êëàñòåðèçàöèÿ è ÷àñòè÷íîå îáó÷åíèå

Îáó÷åíèå ïðåäñòàâëåíèé è àâòîêîäèðîâùèêè

�ðà�îâûå (ìàòðè÷íûå) ðàçëîæåíèÿ (graph fatorization)

Äàíî: (i , j) ∈ E � âûáîðêà ð¼áåð ãðà�à 〈V ,E 〉,
Sij � áëèçîñòü ìåæäó âåðøèíàìè ðåáðà (i , j)

Íàïðèìåð, Sij = [(i , j) ∈ E ] � ìàòðèöà ñìåæíîñòè âåðøèí

Íàéòè: âåêòîðíûå ïðåäñòàâëåíèÿ âåðøèí, òàê, ÷òîáû

áëèçêèå (ïî ãðà�ó) âåðøèíû èìåëè áëèçêèå âåêòîðû

Êðèòåðèé:

äëÿ íåîðèåíòèðîâàííîãî ãðà�à (S ñèììåòðè÷íà):

∑

(i ,j)∈E

(
〈zi , zj〉 − Sij

)2
→ min

Z
, Z ∈ R

V×d

äëÿ îðèåíòèðîâàííîãî ãðà�à (S íåñèììåòðè÷íà):

∑

(i ,j)∈E

(
〈ϕi , θj〉 − Sij

)2
→ min

Φ,Θ
, Φ,Θ ∈ R

V×d

I.Chami et al. Mahine learning on graphs: a model and omprehensive taxonomy. 2020.
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Îáó÷åíèå ñ ó÷èòåëåì

Îáó÷åíèå áåç ó÷èòåëÿ

Ìóëüòèìîäåëüíîå îáó÷åíèå

Âîññòàíîâëåíèå ïëîòíîñòè

Êëàñòåðèçàöèÿ è ÷àñòè÷íîå îáó÷åíèå

Îáó÷åíèå ïðåäñòàâëåíèé è àâòîêîäèðîâùèêè

GraphEDM: îáîáù¼ííûé àâòîêîäèðîâùèê íà ãðà�àõ

Graph Enoder Deoder Model � îáîáùàåò áîëåå 30 ìîäåëåé:

W ∈ R
V×V

� âõîäíûå äàííûå î ð¼áðàõ

X ∈ R
V×n

� âõîäíûå äàííûå î âåðøèíàõ, ïðèçíàêîâûå îïèñàíèÿ

Z ∈ R
V×d

� âåêòîðíûå ïðåäñòàâëåíèÿ âåðøèí ãðà�à

DEC(Z ; ΘD) � äåêîäåð, ðåêîíñòðóèðóþùèé äàííûå î ð¼áðàõ

DEC(Z ; ΘS) � äåêîäåð, ðåøàþùèé supervised-çàäà÷ó

yS � (semi-)supervised äàííûå î âåðøèíàõ èëè ð¼áðàõ

L � �óíêöèè ïîòåðü

I.Chami et al. Mahine learning on graphs: a model and omprehensive taxonomy. 2020.
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Îáó÷åíèå ñ ó÷èòåëåì

Îáó÷åíèå áåç ó÷èòåëÿ

Ìóëüòèìîäåëüíîå îáó÷åíèå

Ïåðåíîñ îáó÷åíèÿ è ìíîãîçàäà÷íîå îáó÷åíèå

Îáó÷åíèå îäíîé ìîäåëè ïî äðóãîé

�åíåðàòèâíûå ñîñòÿçàòåëüíûå ñåòè (GAN)

Ïðåä-îáó÷åíèå íåéðîííûõ ñåòåé (pre-training)

Ñâ¼ðòî÷íàÿ ñåòü äëÿ îáðàáîòêè èçîáðàæåíèé:

z = f (x , α) � ñâ¼ðòî÷íûå ñëîè äëÿ âåêòîðèçàöèè îáúåêòîâ

y = g(z , β) � ïîëíîñâÿçíûå ñëîè ïîä êîíêðåòíóþ çàäà÷ó

Jason Yosinski, Je� Clune, Yoshua Bengio, Hod Lipson. How transferable are features

in deep neural networks? 2014.

K.V. Vorontsov (voron�foresys.ru) Îïòèìèçàöèîííûå çàäà÷è ìàøèííîãî îáó÷åíèÿ 20 / 30



Îáó÷åíèå ñ ó÷èòåëåì

Îáó÷åíèå áåç ó÷èòåëÿ

Ìóëüòèìîäåëüíîå îáó÷åíèå

Ïåðåíîñ îáó÷åíèÿ è ìíîãîçàäà÷íîå îáó÷åíèå

Îáó÷åíèå îäíîé ìîäåëè ïî äðóãîé

�åíåðàòèâíûå ñîñòÿçàòåëüíûå ñåòè (GAN)

Ïåðåíîñ îáó÷åíèÿ (transfer learning)

f (x , α) � óíèâåðñàëüíàÿ ÷àñòü ìîäåëè (âåêòîðèçàöèÿ)

g(x , β) � ñïåöè�è÷íàÿ äëÿ çàäà÷è ÷àñòü ìîäåëè

Áàçîâàÿ çàäà÷à íà âûáîðêå {xi}
ℓ
i=1 ñ �óíêöèåé ïîòåðü Li :

ℓ∑

i=1
Li

(
f (xi , α), g(xi , β)

)
→ min

α,β

Öåëåâàÿ çàäà÷à íà äðóãîé âûáîðêå {x ′i }
m
i=1, ñ äðóãèìè L ′

i , g
′
:

m∑

i=1
L

′
i

(
f (x ′i , α), g

′(x ′i , β
′)
)

→ min
β′

ïðè m ≪ ℓ ýòî ìîæåò áûòü íàìíîãî ëó÷øå, ÷åì

m∑

i=1
L

′
i

(
f (x ′i , α), g

′(x ′i , β
′)
)

→ min
α,β′

Sinno Jialin Pan, Qiang Yang. A Survey on Transfer Learning. 2009
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Îáó÷åíèå ñ ó÷èòåëåì

Îáó÷åíèå áåç ó÷èòåëÿ

Ìóëüòèìîäåëüíîå îáó÷åíèå

Ïåðåíîñ îáó÷åíèÿ è ìíîãîçàäà÷íîå îáó÷åíèå

Îáó÷åíèå îäíîé ìîäåëè ïî äðóãîé

�åíåðàòèâíûå ñîñòÿçàòåëüíûå ñåòè (GAN)

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

f (x , α) � óíèâåðñàëüíàÿ ÷àñòü ìîäåëè (âåêòîðèçàöèÿ)

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

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

∑

t∈T

∑

i∈Xt

Lti

(
f (xti , α), gt (xti , 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 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
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Îáó÷åíèå ñ ó÷èòåëåì

Îáó÷åíèå áåç ó÷èòåëÿ

Ìóëüòèìîäåëüíîå îáó÷åíèå

Ïåðåíîñ îáó÷åíèÿ è ìíîãîçàäà÷íîå îáó÷åíèå

Îáó÷åíèå îäíîé ìîäåëè ïî äðóãîé

�åíåðàòèâíûå ñîñòÿçàòåëüíûå ñåòè (GAN)

Êîíöåïöèÿ �óíäàìåíòàëüíûõ ìîäåëåé (Foundation Models)

Îáó÷àåìàÿ âåêòîðèçàöèÿ äàííûõ � ãëîáàëüíûé òðåíä AI/ML

R.Bommasani et al. (Center for Researh on Foundation Models, Stanford University)

On the opportunities and risks of foundation models // CoRR, 20 August 2021.
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Îáó÷åíèå ñ ó÷èòåëåì

Îáó÷åíèå áåç ó÷èòåëÿ

Ìóëüòèìîäåëüíîå îáó÷åíèå

Ïåðåíîñ îáó÷åíèÿ è ìíîãîçàäà÷íîå îáó÷åíèå

Îáó÷åíèå îäíîé ìîäåëè ïî äðóãîé

�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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Îáó÷åíèå ñ ó÷èòåëåì

Îáó÷åíèå áåç ó÷èòåëÿ

Ìóëüòèìîäåëüíîå îáó÷åíèå

Ïåðåíîñ îáó÷åíèÿ è ìíîãîçàäà÷íîå îáó÷åíèå

Îáó÷åíèå îäíîé ìîäåëè ïî äðóãîé

�åíåðàòèâíûå ñîñòÿçàòåëüíûå ñåòè (GAN)

Çàäà÷à îáó÷åíèÿ ñ ïðèâèëåãèðîâàííîé èí�îðìàöèåé

x∗i � èí�îðìàöèÿ îá îáúåêòå xi , äîñòóïíàÿ òîëüêî íà îáó÷åíèè

�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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Îáó÷åíèå ñ ó÷èòåëåì

Îáó÷åíèå áåç ó÷èòåëÿ

Ìóëüòèìîäåëüíîå îáó÷åíèå

Ïåðåíîñ îáó÷åíèÿ è ìíîãîçàäà÷íîå îáó÷åíèå

Îáó÷åíèå îäíîé ìîäåëè ïî äðóãîé

�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 et al. 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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Îáó÷åíèå ñ ó÷èòåëåì

Îáó÷åíèå áåç ó÷èòåëÿ

Ìóëüòèìîäåëüíîå îáó÷åíèå

Ïåðåíîñ îáó÷åíèÿ è ìíîãîçàäà÷íîå îáó÷åíèå

Îáó÷åíèå îäíîé ìîäåëè ïî äðóãîé

�åíåðàòèâíûå ñîñòÿçàòåëüíûå ñåòè (GAN)

Ïîñòàíîâêà çàäà÷è GAN

Äàíî: âûáîðêà îáúåêòîâ {xi}
ℓ
i=1

Íàéòè äâå âåðîÿòíîñòíûå ìîäåëè:

ìîäåëü x = G (z , α) ãåíåðàöèè x ∼ p(x |z , α) èç øóìà z

äèñêðèìèíàòèâíàÿ ìîäåëü D(x , β) = p(1|x , β)

Êðèòåðèé: log ïðàâäîïîäîáèÿ äèñêðèìèíàòèâíîé ìîäåëè;

ãåíåðàòîð G (z) ó÷èòñÿ ïîðîæäàòü îáúåêòû x èç øóìà z ,

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

â àíòàãîíèñòè÷åñêîé èãðå ãåíåðàòîðà ïðîòèâ äèñêðèìèíàòîðà:

ℓ∑

i=1

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

)
→ max

β
min
α

Ian Goodfellow et al. Generative Adversarial Nets. 2014
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Îáó÷åíèå ñ ó÷èòåëåì

Îáó÷åíèå áåç ó÷èòåëÿ

Ìóëüòèìîäåëüíîå îáó÷åíèå

Ïåðåíîñ îáó÷åíèÿ è ìíîãîçàäà÷íîå îáó÷åíèå

Îáó÷åíèå îäíîé ìîäåëè ïî äðóãîé

�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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Âìåñòî ðåçþìå. Òèïîëîãèÿ çàäà÷ ìàøèííîãî îáó÷åíèÿ

1

Ïðåäâàðèòåëüíàÿ îáðàáîòêà (data preparation)

èçâëå÷åíèå ïðèçíàêîâ (feature extration)

îòáîð ïðèçíàêîâ (feature seletion)

âîññòàíîâëåíèå ïðîïóñêîâ (missing values)

�èëüòðàöèÿ âûáðîñîâ (outlier detetion)

2

Îáó÷åíèå ñ ó÷èòåëåì (supervised learning)

êëàññè�èêàöèÿ (lassi�ation)

ðåãðåññèÿ (regression)

ðàíæèðîâàíèå (learning to rank)

ïðîãíîçèðîâàíèå (foreasting)

3

Îáó÷åíèå áåç ó÷èòåëÿ (unsupervised learning)

êëàñòåðèçàöèÿ (lustering)

âîññòàíîâëåíèå ïëîòíîñòè (density estimation)

ïîèñê àññîöèàòèâíûõ ïðàâèë (assoiation rule learning)

îäíîêëàññîâàÿ êëàññè�èêàöèÿ (anomaly detetion)

4

×àñòè÷íîå îáó÷åíèå (semi-supervised learning)

òðàíñäóêòèâíîå îáó÷åíèå (transdutive learning)

îáó÷åíèå ñ ïîëîæèòåëüíûìè ïðèìåðàìè (PU-learning)



Âìåñòî ðåçþìå. Òèïîëîãèÿ çàäà÷ ìàøèííîãî îáó÷åíèÿ

5

Îáó÷åíèå ïðåäñòàâëåíèé (representation learning)

îáó÷åíèå ïðèçíàêîâ (feature learning)

ìàòðè÷íûå ðàçëîæåíèÿ (matrix fatorization)

îáó÷åíèå ìíîãîîáðàçèé (manifold learning)

6

�ëóáîêîå îáó÷åíèå (deep learning)

7

Îáó÷åíèå áëèçîñòè/ñâÿçåé (similarity/relational learning)

8

Ïåðåíîñ îáó÷åíèÿ (transfer learning)

9

Ìíîãîçàäà÷íîå îáó÷åíèå (multitask learning)

10

Ïðèâèëåãèðîâàííîå îáó÷åíèå (privileged learning, distilling)

11

Ñîñòÿçàòåëüíîå îáó÷åíèå (adversarial learning)

12

Îáó÷åíèå ñòðóêòóðû ìîäåëè (struture learning)

13

Äèíàìè÷åñêîå îáó÷åíèå (online/inremental learning)

14

Àêòèâíîå îáó÷åíèå (ative learning)

15

Îáó÷åíèå ñ ïîäêðåïëåíèåì (reinforement learning)

16

Ìåòà-îáó÷åíèå (meta-learning, AutoML)
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