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Îáùàÿ îïòèìèçàöèîííàÿ çàäà÷à ìàøèííîãî îáó÷åíèÿ

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

Íàéòè: âåêòîð ïàðàìåòðîâ w ïðåäñêàçàòåëüíîé 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

Îáîáùåíèå: 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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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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Îïòèìèçàöèîííàÿ çàäà÷à îáó÷åíèÿ êëàññè�èêàöèè

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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Çàäà÷à ìàêñèìèçàöèè ïðàâäîïîäîáèÿ

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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Ëèíåéíàÿ ìîäåëü íåéðîíà [ÌàêÊàëëîê, Ïèòòñ, 1943℄

fj(x), j = 1, . . . , n � ÷èñëîâûå ïðèçíàêè îáúåêòà x ;

a(x ,w) = σ
(
〈w , x〉

)
= σ

( n∑

j=1

wj fj(x) − w0

)

,

wj � âåñà ïðèçíàêîâ, σ(z) � �óíêöèÿ àêòèâàöèè
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Íåäîîáó÷åíèå (under�tting):

ìîäåëü ñëèøêîì ïðîñòà,

íåäîñòàòî÷íîå ÷èñëî

ïàðàìåòðîâ n

Ïåðåîáó÷åíèå (over�tting):

ìîäåëü ñëèøêîì ñëîæíà,

èçáûòî÷íîå ÷èñëî

ïàðàìåòðîâ n
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Çàäà÷è, íåêîððåêòíî ïîñòàâëåííûå ïî Àäàìàðó

Ïðè÷èíà ïåðåîáó÷åíèÿ � ïîòåðÿ óñòîé÷èâîñòè ìîäåëè

ïî ìåðå ðîñòà ÷èñëà ïàðàìåòðîâ (ñòåïåíåé ñâîáîäû)

Çàäà÷à êîððåêòíî ïîñòàâëåíà,

åñëè å¼ ðåøåíèå:

ñóùåñòâóåò

åäèíñòâåííî

óñòîé÷èâî

Çàäà÷è âîññòàíîâëåíèÿ çàâèñèìîñòåé

ïî ýìïèðè÷åñêèì äàííûì � âñåãäà

íåêîððåêòíî ïîñòàâëåííûå.

Æàê Ñàëîìîí

Àäàìàð

(1865�1963)

�åãóëÿðèçàöèÿ � ýòî ââåäåíèå îãðàíè÷åíèé íà ìîäåëü.

Hadamard J. Sur les probl�emes aux d�eriv�ees partielles et leur signi�ation physique. 1902.

Òèõîíîâ À. Í., Àðñåíèí Â. ß. Ìåòîäû ðåøåíèÿ íåêîððåêòíûõ çàäà÷. 1974.
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�åãóëÿðèçàöèÿ 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

�åãóëÿðèçàòîðû äëÿ ëèíåéíûõ ìîäåëåé:

L2-ðåãóëÿðèçàöèÿ (Ridge, SVM): øòðà�(w) =
n∑

j=1

w2
j

L1-ðåãóëÿðèçàöèÿ (LASSO): øòðà�(w) =
n∑

j=1
|wj |

L0-ðåãóëÿðèçàöèÿ (AIC, BIC): øòðà�(w) =
n∑

j=1

[
wj 6= 0

]
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Íåãëàäêèå ðåãóëÿðèçàòîðû äëÿ îòáîðà ïðèçíàêîâ

Ñ ïàðàìåòðîì ñåëåêòèâíîñòè µ è ãðóïïèðîâêîé ïðèçíàêîâ:

ℓ∑

i=1

L
(
〈xi ,w〉, yi

)
+ τ

n∑

j=1

Rµ(wj) → min
w

.

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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Tatarhuk A., Urlov E., Mottl V., Windridge D. A support kernel mahine for

supervised seletive ombining of diverse pattern-reognition modalities. 2010.
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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 ñ ó÷èòåëåì

Îáó÷åíèå áåç ó÷èòåëÿ

Èñêóññòâåííûå íåéðîííûå ñåòè

Âåðîÿòíîñòíûå ìîäåëè äàííûõ

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

R(θ, γ) = ln p(θ|γ) � âåðîÿòíîñòíûé ðåãóëÿðèçàòîð
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Îáó÷åíèå ñ ó÷èòåëåì

Îáó÷åíèå áåç ó÷èòåëÿ

Èñêóññòâåííûå íåéðîííûå ñåòè

Âåðîÿòíîñòíûå ìîäåëè äàííûõ

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 wk , θk â ìîäåëè p(x |θ,w) =
K∑

k=1

wkp(x |θk)

Êðèòåðèé: ìàêñèìóì ïðàâäîïîäîáèÿ

ℓ∑

i=1

ln

K∑

k=1

wkp(xi |θk) → max
θ,w

èëè ìàêñèìóì àïîñòåðèîðíîé âåðîÿòíîñòè

ℓ∑

i=1

ln
K∑

k=1

wkp(xi |θk) + ln p(θ,w |γ) → max
θ,w

ãäå γ � âåêòîð ãèïåðïàðàìåòðîâ àïðèîðíîãî ðàñïðåäåëåíèÿ

R(θ,w , γ) = ln p(θ,w |γ) � âåðîÿòíîñòíûé ðåãóëÿðèçàòîð
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Îáó÷åíèå ñ ó÷èòåëåì

Îáó÷åíèå áåç ó÷èòåëÿ

Èñêóññòâåííûå íåéðîííûå ñåòè

Âåðîÿòíîñòíûå ìîäåëè äàííûõ

Êëàñòåðèçàöèÿ è ÷àñòè÷íîå îáó÷åíèå

Îáó÷åíèå ïðåäñòàâëåíèé è àâòîêîäèðîâùèêè

Çàäà÷à êëàñòåðèçàöèè (lustering)

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

Íàéòè:

� öåíòðû êëàñòåðîâ µk ∈ R
n
, k = 1, . . . ,K

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

Êðèòåðèé: ìèíèìóì ñóììû

âíóòðèêëàñòåðíûõ ðàññòîÿíèé

ℓ∑

i=1

‖xi − µai‖
2 → min

{ai}, {µk}

Ìåòðèêà, êàê ïðàâèëî, åâêëèäîâà

(íî ìîæåò áûòü è äðóãàÿ):

‖xi − µk‖
2 =

n∑

d=1

(
xid − µkd

)2
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Îáó÷åíèå ñ ó÷èòåëåì

Îáó÷åíèå áåç ó÷èòåëÿ

Èñêóññòâåííûå íåéðîííûå ñåòè

Âåðîÿòíîñòíûå ìîäåëè äàííûõ

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

Èñêóññòâåííûå íåéðîííûå ñåòè

Âåðîÿòíîñòíûå ìîäåëè äàííûõ

Êëàñòåðèçàöèÿ è ÷àñòè÷íîå îáó÷åíèå

Îáó÷åíèå ïðåäñòàâëåíèé è àâòîêîäèðîâùèêè

Çàäà÷è íèçêîðàíãîâîãî ìàòðè÷íîãî ðàçëîæåíèÿ

Äàíî: ìàòðèöà X = ‖xij‖ℓ×n, (i , j) ∈ Ω ⊆ {1..ℓ} × {1..n}

Íàéòè: ìàòðèöû Z = ‖zit‖ℓ×m è B = ‖btj‖m×n, m ≪ ℓ, n

zi � ñæàòûå âåêòîðíûå ïðåäñòàâëåíèÿ îáúåêòîâ xi

x̂ij � ïðîïóùåííûå çíà÷åíèÿ â ìàòðèöå, (i , j) /∈ Ω

Êðèòåðèé: òî÷íîñòü âîññòàíîâëåíèÿ X ïðîèçâåäåíèåì ZB :

∥
∥X − ZB

∥
∥
Ω
=

∑

(i ,j)∈Ω

L

(

xij −
∑

t

zitbtj

)

→ min
Z ,B

Îòëè÷èÿ îò êëàññè÷åñêîãî SVD:

íåêâàäðàòè÷íàÿ �óíêöèÿ ïîòåðü L

íåîòðèöàòåëüíîå ìàòðè÷íîå ðàçëîæåíèå: zit > 0, btj > 0

ðàçðåæåííûå äàííûå: |Ω| ≪ ℓn

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

Îáó÷åíèå áåç ó÷èòåëÿ

Èñêóññòâåííûå íåéðîííûå ñåòè

Âåðîÿòíîñòíûå ìîäåëè äàííûõ

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: z = f (x , α) � ìîäåëü êîäèðîâùèêà (enoder)

x̂=g(z , β) � ìîäåëü äåêîäèðîâùèêà (deoder)

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

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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Îáó÷åíèå ñ ó÷èòåëåì

Îáó÷åíèå áåç ó÷èòåëÿ

Èñêóññòâåííûå íåéðîííûå ñåòè

Âåðîÿòíîñòíûå ìîäåëè äàííûõ

Êëàñòåðèçàöèÿ è ÷àñòè÷íîå îáó÷åíèå

Îáó÷åíèå ïðåäñòàâëåíèé è àâòîêîäèðîâùèêè

Àâòîêîäèðîâùèêè äëÿ âåêòîðèçàöèè è 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

Èñêóññòâåííûå íåéðîííûå ñåòè

Âåðîÿòíîñòíûå ìîäåëè äàííûõ

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 〉,
xij � ñõîäñòâî (similarity) ìåæäó âåðøèíàìè ðåáðà (i , j)

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

Íàéòè: âåêòîðíûå ïðåäñòàâëåíèÿ âåðøèí zi ∈ R
m
, òàê, ÷òîáû

áëèçêèå (ïî ãðà�ó) âåðøèíû èìåëè áëèçêèå âåêòîðû

Êðèòåðèé:

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

∥
∥X − ZZ ò

∥
∥
E
=

∑

(i ,j)∈E

(
xij − 〈zi , zj〉

)2
→ min

Z
, Z ∈ R

V×m

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

∥
∥X − ZBò

∥
∥
E
=

∑

(i ,j)∈E

(
xij − 〈zi , bj〉

)2
→ min

Z ,B
, Z ,B ∈ R

V×m

I.Chami et al. Mahine learning on graphs: a model and omprehensive taxonomy. 2020.

K.V. Vorontsov (voron�foresys.ru) Îïòèìèçàöèîííûå çàäà÷è ìàøèííîãî îáó÷åíèÿ 20 / 40



Îáó÷åíèå ñ ó÷èòåëåì

Îáó÷åíèå áåç ó÷èòåëÿ

Èñêóññòâåííûå íåéðîííûå ñåòè

Âåðîÿòíîñòíûå ìîäåëè äàííûõ

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×m

� 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

Èñêóññòâåííûå íåéðîííûå ñåòè

�ëóáîêèå íåéðîííûå ñåòè

Ìíîãîçàäà÷íîå è ìíîãîìîäåëüíîå îáó÷åíèå

Î ïåðñïåêòèâàõ ðàçâèòèÿ è íîâûõ ïîäõîäàõ

�ëóáîêèå íåéðîííûå ñåòè (Deep Neural Network, DNN)

1965: ïåðâûå ãëóáîêèå íåéðîííûå ñåòè

2012: ñâ¼ðòî÷íàÿ ñåòü äëÿ êëàññè�èêàöèè èçîáðàæåíèé AlexNet

Àðõèòåêòóðà ñåòè � ñòðóêòóðà ñâÿçåé ìåæäó íåéðîíàìè,

ïîçâîëÿþùàÿ íàäåëÿòü DNN íóæíûìè ñâîéñòâàìè

DNN ïîçâîëÿþò ïðèíèìàòü íà âõîäå è ãåíåðèðîâàòü

íà âûõîäå ñëîæíî ñòðóêòóðèðîâàííûå äàííûå

Èâ�àõíåíêî À. �., Ëàïà Â. �. Êèáåðíåòè÷åñêèå ïðåäñêàçûâàþùèå óñòðîéñòâà. 1965.

Krizhevsky A. et al. ImageNet lassi�ation with deep onvolutional neural networks. 2012.
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Îáó÷åíèå ñ ó÷èòåëåì

Îáó÷åíèå áåç ó÷èòåëÿ

Èñêóññòâåííûå íåéðîííûå ñåòè

�ëóáîêèå íåéðîííûå ñåòè

Ìíîãîçàäà÷íîå è ìíîãîìîäåëüíîå îáó÷åíèå

Î ïåðñïåêòèâàõ ðàçâèòèÿ è íîâûõ ïîäõîäàõ

�ëóáèíà âàæíåå øèðèíû

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

L ñëî¼â, H íåéðîíîâ â êàæäîì ñëîå, x ∈ R
n
, �óíêöèè

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 R
n
.

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

Òåîðåìà. �àçíîîáðàçèå ñåìåéñòâà An
LH ðàñò¼ò êàê O(HnL).

M.Raghu et al. On the Expressive Power of Deep Neural Networks, 2016.
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Îáó÷åíèå ñ ó÷èòåëåì

Îáó÷åíèå áåç ó÷èòåëÿ

Èñêóññòâåííûå íåéðîííûå ñåòè

�ëóáîêèå íåéðîííûå ñåòè

Ìíîãîçàäà÷íîå è ìíîãîìîäåëüíîå îáó÷åíèå

Î ïåðñïåêòèâàõ ðàçâèòèÿ è íîâûõ ïîäõîäàõ

�ëóáîêèå ñâ¼ðòî÷íûå ñåòè äëÿ êëàññè�èêàöèè èçîáðàæåíèé

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

Ñâ¼ðòî÷íàÿ ñåòü AlexNet

Krizhevsky A., Sutskever I., Hinton G.

ImageNet Classi�ation with Deep

Convolutional Neural Networks. 2012.

Li Fei-Fei et al. ImageNet: A large-sale hierarhial image database. 2009.

Li Fei-Fei et al. Constrution and analysis of a large sale image ontology. 2009.
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Îáó÷åíèå ñ ó÷èòåëåì

Îáó÷åíèå áåç ó÷èòåëÿ

Èñêóññòâåííûå íåéðîííûå ñåòè

�ëóáîêèå íåéðîííûå ñåòè

Ìíîãîçàäà÷íîå è ìíîãîìîäåëüíîå îáó÷åíèå

Î ïåðñïåêòèâàõ ðàçâèòèÿ è íîâûõ ïîäõîäàõ

�ëóáîêàÿ ñâ¼ðòî÷íàÿ ñåòü êàê ñïîñîá âåêòîðèçàöèè èçîáðàæåíèé

Âèçèëüòåð Þ.Â., �îðáàöåâè÷ Â.Ñ. Ñòðóêòóðíî-�óíêöèîíàëüíûé àíàëèç è ñèíòåç

ãëóáîêèõ êîíâîëþöèîííûõ íåéðîííûõ ñåòåé. ÌÌ�Î-2017.
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Îáó÷åíèå ñ ó÷èòåëåì

Îáó÷åíèå áåç ó÷èòåëÿ

Èñêóññòâåííûå íåéðîííûå ñåòè

�ëóáîêèå íåéðîííûå ñåòè

Ìíîãîçàäà÷íîå è ìíîãîìîäåëüíîå îáó÷åíèå

Î ïåðñïåêòèâàõ ðàçâèòèÿ è íîâûõ ïîäõîäàõ

Ìîäåëè âíèìàíèÿ äëÿ ìàøèííîãî ïåðåâîäà

Âõîä: {xi} � ïîñëåäîâàòåëüíîñòü ñëîâ âõîäíîãî ÿçûêà

Âûõîä: {yt} � ïîñëåäîâàòåëüíîñòü ñëîâ âûõîäíîãî ÿçûêà

Èíòåðïðåòàöèÿ: ìàòðèöà ait ïîêàçûâàåò, íà êàêèå ñëîâà xi
ìîäåëü îáðàùàåò âíèìàíèå, ãåíåðèðóÿ ñëîâî ïåðåâîäà yt

Bahdanau et al. Neural mahine translation by jointly learning to align and translate. 2015.
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Îáó÷åíèå ñ ó÷èòåëåì

Îáó÷åíèå áåç ó÷èòåëÿ

Èñêóññòâåííûå íåéðîííûå ñåòè

�ëóáîêèå íåéðîííûå ñåòè

Ìíîãîçàäà÷íîå è ìíîãîìîäåëüíîå îáó÷åíèå

Î ïåðñïåêòèâàõ ðàçâèòèÿ è íîâûõ ïîäõîäàõ

Ìîäåëè âíèìàíèÿ äëÿ àííîòèðîâàíèÿ èçîáðàæåíèé

Ïîäñâå÷åíû îáëàñòè, íà êîòîðûå ìîäåëü îáðàùàåò âíèìàíèå,

êîãäà ãåíåðèðóåò ïîä÷¼ðêíóòîå ñëîâî â àííîòàöèè èçîáðàæåíèÿ

Kelvin Xu et al. Show, attend and tell: neural image aption generation with visual

attention. 2016
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Òðàñ�îðìåð äëÿ ìàøèííîãî ïåðåâîäà

Òðàñ�îðìåð (transformer) � ýòî íåéðîñåòåâàÿ àðõèòåêòóðà

íà îñíîâå ìîäåëåé âíèìàíèÿ è ïîëíîñâÿçíûõ ñëî¼â

Ñõåìà ïðåîáðàçîâàíèé äàííûõ â ìàøèííîì ïåðåâîäå:

S = (w1, . . . ,wn) � ñëîâà ïðåäëîæåíèÿ íà âõîäíîì ÿçûêå

↓ îáó÷àåìàÿ èëè ïðåä-îáó÷åííàÿ âåêòîðèçàöèÿ ñëîâ

X = (x1, . . . , xn) � âåêòîðû ñëîâ âõîäíîãî ïðåäëîæåíèÿ

↓ òðàíñ�îðìåð-êîäèðîâùèê

Z = (z1, . . . , zn) � êîíòåêñòíûå âåêòîðû ñëîâ

↓ òðàíñ�îðìåð-äåêîäèðîâùèê, ïîõîæ íà êîäèðîâùèêà

Y = (y1, . . . , ym) � âåêòîðû ñëîâ âûõîäíîãî ïðåäëîæåíèÿ

↓ ãåíåðàöèÿ ñëîâ èç ïîñòðîåííîé ÿçûêîâîé ìîäåëè

S̃ = (w̃1, . . . , w̃m) � ñëîâà ïðåäëîæåíèÿ íà âûõîäíîì ÿçûêå

Vaswani et al. (Google) Attention is all you need. 2017.
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Ìîäåëü âíèìàíèÿ Query�Key�Value

q � âåêòîð-çàïðîñ äëÿ òðàíñ�îðìàöèè â âåêòîð-êîíòåêñò c

K = (k1, . . . , kn) � âåêòîðû-êëþ÷è, ñðàâíèâàåìûå ñ çàïðîñîì

V = (vi , . . . , vn) � âåêòîðû-çíà÷åíèÿ, îáðàçóþùèå êîíòåêñò

Ìîäåëü âíèìàíèÿ � òð¼õñëîéíàÿ ñåòü, âû÷èñëÿþùàÿ c êàê

âûïóêëóþ êîìáèíàöèþ âåêòîðîâ vi , ðåëåâàíòíûõ çàïðîñó q:

c = Attn(q,K ,V ) =
∑

i

vi SoftMaxi a(ki , q),

ãäå a(k , q) � îöåíêà ðåëåâàíòíîñòè êëþ÷à k çàïðîñó q,

íàïðèìåð a(k , q) = kòq èëè kòWq ñ ìàòðèöåé ïàðàìåòðîâ W

Ìîäåëü âíóòðåííåãî âíèìàíèÿ (ñàìîâíèìàíèÿ, self-attention):

ci = Attn(Wqxi ,WkX ,WvX )

òðàíñ�îðìèðóåò âõîäíóþ ïîñëåäîâàòåëüíîñòü X = (x1, . . . , xn)
â âûõîäíóþ ïîñëåäîâàòåëüíîñòü âåêòîðîâ êîíòåêñòà (c1, . . . , cn)
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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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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 (áåç ImageNet).
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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
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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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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 ïî ìîäåëè-ó÷èòåëþ:

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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�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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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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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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Ïîíèìàíèå ýâîëþöèè ÈÈ êàê àâòîìàòèçàöèè øàãîâ CRISP-DM

CRISP-DM: CRoss Industry Standard

Proess for Data Mining (1999)

Ýâîëþöèÿ ÈÈ:

Expert Systems:

æ¼ñòêèå ìîäåëè,

îñíîâàííûå íà ïðàâèëàõ

Mahine Learning:

ïàðàìåòðè÷åñêèå ìîäåëè,

îáó÷àåìûå ïî äàííûì
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Ïîíèìàíèå ýâîëþöèè ÈÈ êàê àâòîìàòèçàöèè øàãîâ CRISP-DM

CRISP-DM: CRoss Industry Standard

Proess for Data Mining (1999)

Ýâîëþöèÿ ÈÈ:

Expert Systems:

æ¼ñòêèå ìîäåëè,

îñíîâàííûå íà ïðàâèëàõ

Mahine Learning:

ïàðàìåòðè÷åñêèå ìîäåëè,

îáó÷àåìûå ïî äàííûì

Deep Learning:

ìîäåëè ñ îáó÷àåìîé

âåêòîðèçàöèåé äàííûõ

K.V. Vorontsov (voron�foresys.ru) Îïòèìèçàöèîííûå çàäà÷è ìàøèííîãî îáó÷åíèÿ 38 / 40



Îáó÷åíèå ñ ó÷èòåëåì

Îáó÷åíèå áåç ó÷èòåëÿ

Èñêóññòâåííûå íåéðîííûå ñåòè

�ëóáîêèå íåéðîííûå ñåòè

Ìíîãîçàäà÷íîå è ìíîãîìîäåëüíîå îáó÷åíèå

Î ïåðñïåêòèâàõ ðàçâèòèÿ è íîâûõ ïîäõîäàõ

Ïîíèìàíèå ýâîëþöèè ÈÈ êàê àâòîìàòèçàöèè øàãîâ CRISP-DM

CRISP-DM: CRoss Industry Standard

Proess for Data Mining (1999)

Ýâîëþöèÿ ÈÈ:

Expert Systems:

æ¼ñòêèå ìîäåëè,

îñíîâàííûå íà ïðàâèëàõ

Mahine Learning:

ïàðàìåòðè÷åñêèå ìîäåëè,

îáó÷àåìûå ïî äàííûì

Deep Learning:

ìîäåëè ñ îáó÷àåìîé

âåêòîðèçàöèåé äàííûõ

AutoML:

àâòîìàòè÷åñêèé âûáîð

ìîäåëåé è àðõèòåêòóð
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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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�åçþìå

�ëóáîêèå íåéðîííûå ñåòè � ýòî íå èíòåëëåêò,

à âåêòîðèçàöèÿ ñëîæíî ñòðóêòóðèðîâàííûõ äàííûõ,

îáó÷àåìàÿ ñîâìåñòíî ñ ïðåäñêàçàòåëüíîé ìîäåëüþ

Ïðîáëåìû ïåðåîáó÷åíèÿ ïðåîäîëåâàþòñÿ ñêîðåå

ýìïèðè÷åñêè, ÷åì òåîðåòè÷åñêè � óäà÷íûìè ïðè¼ìàìè

ðåãóëÿðèçàöèè ìîäåëè: L2, DropOut, SkipConnet è äð.

Ïðîáëåìû îïòèìèçàöèè â ïðîñòðàíñòâàõ âûñîêîé

ðàçìåðíîñòè ïðåîäîëåâàþòñÿ óñêîðåííûìè ìåòîäàìè

ñòîõàñòè÷åñêîãî ãðàäèåíòà (ìåòîäàìè ïåðâîãî ïîðÿäêà)

Ïðîáëåìû ñêîðîñòè âû÷èñëåíèé ïðåîäîëåâàþòñÿ

ðàñïàðàëëåëèâàíèåì è ïðè¼ìàìè áûñòðîãî (ñèìâîëüíîãî)

äè��åðåíöèðîâàíèÿ ñóïåðïîçèöèé �óíêöèé

Òåíäåíöèè: èíæåíåðèÿ âûòåñíÿåò ìàòåìàòèêó,

òðàíñ�îðìåðû âûòåñíÿþò âñ¼, ãîìîãåíèçàöèÿ ìîäåëåé

Îòêðûòûå ïðîáëåìû: ýòè÷íîñòü, èíòåðïðåòèðóåìîñòü,

äîâåðåííîñòü, íåàòàêóåìîñòü, ðàñïðåäåë¼ííîñòü
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