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Îáùàÿ ïîñòàíîâêà áîëüøèíñòâà çàäà÷ ìàøèííîãî îáó÷åíèÿ

Äàíî: X � ïðîñòðàíñòâî îáúåêòîâ

X ℓ = {x1, . . . , xℓ} ⊂ X � îáó÷àþùàÿ âûáîðêà, ïðåöåäåíòû
a(x ,w), a : X×W → Y � ïàðàìåòðè÷åñêàÿ ìîäåëü, ãèïîòåçà

Íàéòè w ∈ W ⊆ RN � âåêòîð ïàðàìåòðîâ ìîäåëè a(x ,w)

Êðèòåðèé ìèíèìèçàöèè ýìïèðè÷åñêîãî ðèñêà
(empirical risk minimization, ERM):

Q(w) =
1

ℓ

ℓ∑
i=1

L (w , xi ) + τR(w) → min
w

L (w , x) � ôóíêöèÿ ïîòåðü (loss function),
òåì áîëüøå, ÷åì õóæå îòâåò ìîäåëè a(x ,w) íà îáúåêòå x

R(w) � ðåãóëÿðèçàòîð, íå ïðåöåäåíòíûå òðåáîâàíèÿ ê ìîäåëè

τ � êîýôôèöèåíò ðåãóëÿðèçàöèè äëÿ áàëàíñèðîâêè êðèòåðèåâ
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Ãðàäèåíòíûé ìåòîä ìèíèìèçàöèè ýìïèðè÷åñêîãî ðèñêà

Q(w) =
1

ℓ

ℓ∑
i=1

L (w , xi ) + τR(w) → min
w

Ìåòîä ãðàäèåíòíîãî ñïóñêà (GD):

w (0) := íà÷àëüíîå ïðèáëèæåíèå;

w (t+1) := w (t) − h∇Q(w (t))

ãäå ∇Q(w) =
(∂Q(w)

∂wj

)N
j=1

� âåêòîð ãðàäèåíòà,

h � ãðàäèåíòíûé øàã, íàçûâàåìûé òàêæå òåìïîì îáó÷åíèÿ

w (t+1) := w (t) − h
(1
ℓ

ℓ∑
i=1

∇L
(
w (t), xi

)
+ τ∇R(w (t))

)
Ìåòîä ñòîõàñòè÷åñêîãî ãðàäèåíòà (Stochastic Gradient, SGD):

w (t+1) := w (t) − h
(
∇L

(
w (t), xi

)
+ τ∇R(w (t))

)
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Ôóíäàìåíòàëüíûå ïðîáëåìû: íåäîîáó÷åíèå è ïåðåîáó÷åíèå

Íåäîîáó÷åíèå (under�tting):
äàííûõ ìíîãî,
ïàðàìåòðîâ íåäîñòàòî÷íî,
ìîäåëü ïðîñòàÿ, íåãèáêàÿ

Ïåðåîáó÷åíèå (over�tting):
ïàðàìåòðîâ ìíîãî, äàííûõ
íåäîñòàòî÷íî, ìîäåëü
ñëîæíàÿ, èçáûòî÷íî ãèáêàÿ
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Ìóëüòèêîëëèíåàðíîñòü è ïåðåîáó÷åíèå â ëèíåéíûõ ìîäåëÿõ

Ìóëüòèêîëëèíåàðíîñòü � ëèíåéíàÿ çàâèñèìîñòü ïðèçíàêîâ:

ëèíåéíàÿ ìîäåëü ðåãðåññèè/êëàññèôèêàöèè ⟨w , x⟩
ìóëüòèêîëëèíåàðíîñòü: ∃u ∈ Rn: ∀x ∈ X ⟨u, x⟩ = 0

íååäèíñòâåííîñòü ðåøåíèÿ: ∀γ ∈ R ⟨w , x⟩ = ⟨w+γu, x⟩

Ìóëüòèêîëëèíåàðíîñòü ïðèâîäèò ê ïåðåîáó÷åíèþ:

íåóñòîé÷èâîñòü: ñëèøêîì áîëüøèå âåñà |wj | ðàçíûõ çíàêîâ
íåèíòåðïðåòèðóìîñòü âåñà wj êàê âàæíîñòè ïðèçíàêà fj
ïåðåîáó÷åíèå: Q(w∗,X ℓ) ≪ Q(w∗,X k)

Êàê óìåíüøèòü ïåðåîáó÷åíèå:

ðåãóëÿðèçàöèÿ ∥w∥ → min (ñîêðàùåíèå âåñîâ, weight decay)

îòáîð ïðèçíàêîâ: f1, . . . , fn → fj1 , . . . , fjm , m ≪ n

ïðåîáðàçîâàíèå ïðèçíàêîâ: f1, . . . , fn → g1, . . . , gm, m ≪ n
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Øòðàô çà ñëîæíîñòü ìîäåëè � ñíèæàåò ïåðåîáó÷åíèå

Ðåãóëÿðèçàòîð � àääèòèâíàÿ äîáàâêà ê îñíîâíîìó êðèòåðèþ,
ãäå τ � êîýôôèöèåíò ðåãóëÿðèçàöèè, óïðàâëÿþùèé ïàðàìåòð:

ℓ∑
i=1

L (w , xi ) + τ øòðàô(w) → min
w

Lp-ðåãóëÿðèçàöèÿ ëèíåéíûõ ìîäåëåé ⟨w , xi ⟩ =
∑n

j=1 wj fj(xi ):

øòðàô(w) = ∥w∥pp =
n∑

j=1
|wj |p

L2 (Ridge, SVM) ñòàáèëèçèðóåò w ïðè ìóëüòèêîëëèíåàðíîñòè
L1 (LASSO) è L0 ïðèâîäÿò ê îòáîðó èíôîðìàòèâíûõ ïðèçíàêîâ

Âåðîÿòíîñòíàÿ ðåãóëÿðèçàöèÿ (Maximum a Posteriori Probability):

−
ℓ∑

i=1

ln p(xi |w)− ln p(w , γ)︸ ︷︷ ︸
ðåãóëÿðèçàòîð

→ min
w
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Íåãëàäêèå ðåãóëÿðèçàòîðû äëÿ îòáîðà è ãðóïïèðîâêè ïðèçíàêîâ

Îáùèé âèä ðåãóëÿðèçàòîðîâ (µ � ïàðàìåòð ñåëåêòèâíîñòè):

ℓ∑
i=1

L (w , xi ) +
n∑

j=1
Rµ(wj) → min

w
.

Ðåãóëÿðèçàòîðû ñ ýôôåêòàìè îòáîðà è ãðóïïèðîâêè ïðèçíàêîâ:

LASSO (L1): Rµ(w) = µ|w |

Elastic Net: Rµ(w) = µ|w |+ τw2

Support Feature Machine (SFM):

Rµ(w) =

{
2µ|w |, |w | ⩽ µ;

µ2 + w2, |w | ⩾ µ;

Relevance Feature Machine (RFM):

Rµ(w) = ln
(
µw2 + 1

)
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Îáó÷åíèå ìîäåëè ðåãðåññèè

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

Íàéòè: âåêòîð ïàðàìåòðîâ w ìîäåëè ðåãðåññèè a(x ,w)
Êðèòåðèé: ìèíèìóì ýìïèðè÷åñêîãî ðèñêà

ℓ∑
i=1

L
(
a(xi ,w)− yi

)
→ min

w

Óíèìîäàëüíûå ôóíêöèè ïîòåðü L(ε) îò íåâÿçêè ε = a(x ,w)− y :
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Îáó÷åíèå áèíàðíîãî êëàññèôèêàòîðà

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

Íàéòè: âåêòîð w ìîäåëè êëàññèôèêàöèè a(x ,w) = sign g(x ,w)
Êðèòåðèé: min àïïðîêñèìèðîâàííîãî ýìïèðè÷åñêîãî ðèñêà

ℓ∑
i=1

[
g(xi ,w)yi < 0

]
⩽

ℓ∑
i=1

L
(
g(xi ,w)yi

)
→ min

w

Óáûâàþùèå ôóíêöèè ïîòåðü L(M) îò îòñòóïà M = g(x ,w)y :
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Îáó÷åíèå ìíîãîêëàññîâîãî êëàññèôèêàòîðà

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

Íàéòè: âåêòîð w =
(
wy : y ∈Y

)
ìîäåëè êëàññèôèêàöèè

a(x ,w) = argmax
y∈Y

gy (x ,wy )

Êðèòåðèé ¾êàæäûé ïðîòèâ êàæäîãî¿:

ℓ∑
i=1

∑
y ̸=yi

[
gyi (xi ,wyi )−gy (xi ,wy )︸ ︷︷ ︸

Miy (w)

< 0
]
⩽

ℓ∑
i=1

∑
y ̸=yi

L
(
Miy (w)

)
→ min

w

Êðèòåðèé ¾êàæäûé ïðîòèâ âñåõ¿:

ℓ∑
i=1

L
(
min
y ̸=yi

Miy (w)
)
→ min

w

ãäå Miy (w) � îòñòóï îáúåêòà xi îòíîñèòåëüíî êëàññà y
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Îáó÷åíèå ðàíæèðîâàíèþ, ìàêñèìèçàöèÿ AUC-ROC

Äàíî: îáó÷àþùàÿ âûáîðêà (x1, . . . , xℓ),
i ≺ j � îòíîøåíèå ¾xj ëó÷øå, ÷åì xi¿ ìåæäó îáúåêòàìè èç X ℓ

Íàéòè: ïàðàìåòðû w ìîäåëè ðàíæèðîâàíèÿ a(x ,w),
âîññòàíàâëèâàþùåé ïðàâèëüíîå îòíîøåíèå ïîðÿäêà:

i ≺ j ⇒ a(xi ,w) < a(xj ,w)

Êðèòåðèé: ÷èñëî íåâåðíî ðàíæèðîâàííûõ ïàð îáúåêòîâ∑
i≺j

[
a(xj ,w)− a(xi ,w)︸ ︷︷ ︸

Mij (w)

< 0
]
⩽

∑
i≺j

L
(
a(xj ,w)− a(xi ,w)

)
→ min

w

ãäå L(M) � óáûâàþùàÿ ôóíêöèÿ ïàðíîãî îòñòóïà Mij(w)
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Êîíñòðóèðîâàíèå ìîäåëåé: øåñòü íàó÷íûõ øêîë

Ïðàêòèêà ìàøèííîãî îáó÷åíèÿ
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Çàäà÷à âîññòàíîâëåíèÿ ïëîòíîñòè ðàñïðåäåëåíèÿ

Äàíî: X ℓ = {x1, . . . , xℓ}
i.i.d.∼ p(x) � îáó÷àþùàÿ âûáîðêà

Íàéòè: âåêòîð ïàðàìåòðîâ θ â ïîðîæäàþùåé ìîäåëè p(x |θ)
Êðèòåðèé: ìàêñèìóì ïðàâäîïîäîáèÿ (maximum likelihood, MLE)

ln p(X ℓ|θ) = ln
ℓ∏

i=1

p(xi |θ) =
ℓ∑

i=1

ln p(xi |θ) → max
θ

èëè ìàêñèìóì àïîñòåðèîðíîé âåðîÿòíîñòè � ñîâìåñòíîãî
ïðàâäîïîäîáèÿ äàííûõ è ìîäåëè ñ àïðèîðíîé ïëîòíîñòüþ p(θ|γ)
(maximum a posteriori probability, MAP):

ln p(X ℓ, θ) = ln p(X ℓ|θ)p(θ|γ) =
ℓ∑

i=1

ln p(xi |θ) + ln p(θ|γ)︸ ︷︷ ︸
ðåãóëÿðèçàòîð

→ max
θ

ãäå γ � âåêòîð ãèïåðïàðàìåòðîâ àïðèîðíîãî ðàñïðåäåëåíèÿ
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Ïðàêòèêà ìàøèííîãî îáó÷åíèÿ
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îáó÷åíèå áåç ó÷èòåëÿ

Çàäà÷à âîññòàíîâëåíèÿ ñìåñè ïëîòíîñòåé ðàñïðåäåëåíèÿ

Äàíî: X ℓ = {x1, . . . , xℓ}
i.i.d.∼ p(x) � îáó÷àþùàÿ âûáîðêà

Íàéòè: ïàðàìåòðû wj , θj â ìîäåëè ñìåñè K âåðîÿòíîñòíûõ

ðàñïðåäåëåíèé p(x |θ,w) =
K∑
j=1

wjp(x |θj),
K∑
j=1

wj = 1, wj ⩾ 0

Êðèòåðèé: ìàêñèìóì ïðàâäîïîäîáèÿ

ℓ∑
i=1

ln p(xi |θ,w) → max
θ,w

èëè àïîñòåðèîðíîé âåðîÿòíîñòè (MAP):

ℓ∑
i=1

ln p(xi |θ,w) + ln p(θ,w |γ)︸ ︷︷ ︸
ðåãóëÿðèçàòîð

→ max
θ,w

ãäå γ � âåêòîð ãèïåðïàðàìåòðîâ àïðèîðíîãî ðàñïðåäåëåíèÿ
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Çàäà÷à êëàñòåðèçàöèè (clustering)

Äàíî: X ℓ = {x1, . . . , xℓ} � îáó÷àþùàÿ âûáîðêà, xi ∈ Rn

Íàéòè:
� öåíòðû êëàñòåðîâ � ïàðàìåòðû µj ∈ Rn, j = 1, . . . ,K
� êëàñòåð ai ∈ {1, . . . ,K} äëÿ êàæäîãî îáúåêòà xi ∈ X ℓ

Êðèòåðèé: ìèíèìóì ñóììû
âíóòðèêëàñòåðíûõ ðàññòîÿíèé

ℓ∑
i=1

∥xi − µai∥
2 → min

{ai}, {µj}

Ìåòðèêà, êàê ïðàâèëî, åâêëèäîâà
(íî ìîæåò áûòü è äðóãàÿ):

∥x − µj∥2 =
n∑

d=1

(
fd(x)− µjd

)2
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Ïðàêòèêà ìàøèííîãî îáó÷åíèÿ
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Îäíîêëàññîâûé SVM (one-class SVM, OSVM)

Äàíî: îáó÷àþùàÿ âûáîðêà {xi ∈ Rn : i = 1, . . . , ℓ}
Íàéòè: öåíòð c ∈ Rn è ðàäèóñ r øàðà,
îõâàòûâàþùåãî âñþ âûáîðêó êðîìå
àíîìàëüíûõ îáúåêòîâ-âûáðîñîâ

Êðèòåðèé: ìèíèìèçàöèÿ ðàäèóñà øàðà
è ñóììû øòðàôîâ çà âûõîä èç øàðà:

νr2 +
ℓ∑

i=1

L
(
r2 − ∥xi − c∥2︸ ︷︷ ︸
ζi=margin(c,r)

)
→ min

c,r

Ïðè L (ζ) = (−ζ)+ ñâîéñòâà ðåøåíèÿ àíàëîãè÷íû SVM:

Âûïóêëàÿ çàäà÷à êâàäðàòè÷íîãî ïðîãðàììèðîâàíèÿ

Ðåøåíèå ðàçðåæåíî � çàâèñèò òîëüêî îò îïîðíûõ îáúåêòîâ

Îáîáùåíèå íà íåëèíåéíûå ìîäåëè: ⟨xi , xj⟩ → K (xi , xj)
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Çàäà÷à ÷àñòè÷íîãî îáó÷åíèÿ (semi-supervised learning, SSL)

Äàíî:
X k =

{
x1, . . . , xk

}
� ðàçìå÷åííûå îáúåêòû (labeled data);{

y1, . . . , yk
}
, yi ∈ Y

U =
{
xk+1, . . . , xℓ

}
� íåðàçìå÷åííûå îáúåêòû (unlabeled data).

Íàéòè: ìîäåëü êëàññèôèêàöèè a(x ,w)

Êðèòåðèé îäíîâðåìåííîé êëàññèôèêàöèè è êëàñòåðèçàöèè:

k∑
i=1

L (a(xi ,w), yi )︸ ︷︷ ︸
êëàññèôèêàöèÿ

+ λ

ℓ∑
i=1

LU(a(xi ,w))︸ ︷︷ ︸
êëàñòåðèçàöèÿ

→ min
w

L (a, y) � ôóíêöèÿ ïîòåðü êëàññèôèêàöèè,
LU(a) � ôóíêöèÿ ïîòåðü äëÿ íåðàçìå÷åííûõ äàííûõ

Ñóòü SSL � ýòî îáùàÿ ïàðàìåòðèçàöèÿ w â äâóõ êðèòåðèÿõ
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×àñòíûé ñëó÷àé SSL: PU-learning (Positive and Unlabeled)

Ïðèìåðû çàäà÷, êîãäà èçâåñòíû îáúåêòû òîëüêî îäíîãî êëàññà:

îáíàðóæåíèå ìîøåííè÷åñêèõ òðàíçàêöèé

ðåêîìåíäàòåëüíûå ñèñòåìû, ïåðñîíàëèçàöèÿ ðåêëàìû

àâòîìàòè÷åñêîå ïîïîëíåíèå áàçû çíàíèé ôàêòàìè

Ìîäåëü äâóõêëàññîâîé êëàññèôèêàöèè a(xi ,w).
Íåðàçìå÷åííûå òðàêòóþòñÿ êàê íåãàòèâíûå ñ âåñîì C− ≪ C+:

k∑
i=1

C+

k L (a(xi ,w),+1)+
ℓ∑

i=k+1

C−
ℓ−k L (a(xi ,w),−1)+ τR(w) → min

w

Ìîæíî áðàòü òîëüêî ÷àñòü íåðàçìå÷åííûõ (Negative Sampling)
Îäèí èç óñïåøíûõ ìåòîäîâ � Biased SVM.

Gang Li. A Survey on Positive and Unlabelled Learning. 2013.
J.Bekker, J.Davis. Learning From Positive and Unlabeled Data: A Survey. 2020.
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Ìåòîä ãëàâíûõ êîìïîíåíò (Principal Component Analysis, PCA)

Äàíî: âûáîðêà îáúåêòîâ {x1, . . . , xℓ};
f1(x), . . . , fn(x) � ÷èñëîâûå ïðèçíàêè îáúåêòîâ

Íàéòè ïðåîáðàçîâàíèå ïðèçíàêîâ (Feature Transformation):
g1(x), . . . , gm(x) � íîâûå ÷èñëîâûå ïðèçíàêè, m ⩽ n, è
ëèíåéíóþ ðåêîíñòðóêöèþ ñòàðûõ ïðèçíàêîâ fj(x) ïî íîâûì:

f̂j(x) =
m∑
t=1

gt(x)ujt , j = 1, . . . , n, ∀x ∈ X ,

Êðèòåðèé: òî÷íîñòü ðåêîíñòðóêöèè fj íà îáó÷àþùåé âûáîðêå:

Q =
ℓ∑

i=1

n∑
j=1

(
f̂j(xi )− fj(xi )

)2
=

∥∥GUò − F
∥∥2 → min

G ,U

ãäå G =
(
gt(xi )

)
ℓ×m

, U =
(
ujt

)
n×m
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îáó÷åíèå áåç ó÷èòåëÿ

Ñïîéëåð. Àâòîêîäèðîâùèê � îáó÷àåìàÿ âåêòîðèçàöèÿ

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

Íàéòè ìîäåëü âåêòîðèçàöèè, ñîõðàíÿþùóþ èíôîðìàöèþ:
f : X→Z � êîäèðîâùèê (encoder), êîäîâûé âåêòîð z= f (x , α)
g : Z→X � äåêîäèðîâùèê (decoder), ðåêîíñòðóêöèÿ x̂=g(z , β)

Êðèòåðèé êà÷åñòâà ðåêîíñòðóêöèè îáúåêòîâ g(f (xi )) = x̂i ≈ xi :

ℓ∑
i=1

L
(
g(f (xi , α), β), xi

)
→ min

α,β

Ôóíêöèÿ ïîòåðü ìîæåò áûòü êâàäðàòè÷íîé: L (x̂ , x) = ∥x̂ − x∥2

Ïðèìåð. PCA ýòî ëèíåéíûé àâòîêîäèðîâùèê: x ∈ Rn, z ∈ Rm

f (x ,A) = A
m×n

x , g(z ,B) = B
n×m

z

Ïðè m ≪ n ïðîèñõîäèò ñæàòèå äàííûõ îá îáúåêòàõ
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Ñïîéëåð. Àâòîêîäèðîâùèê � îáó÷àåìàÿ âåêòîðèçàöèÿ äëÿ SSL

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

Çàäàþòñÿ ôóíêöèè ïîòåðü:
L (x̂i , xi ) � ðåêîíñòðóêöèÿ
L̃ (ŷi , yi ) � ïðåäñêàçàíèå

Êðèòåðèé: ñîâìåñòíîå îáó÷åíèå àâòîêîäèðîâùèêà è
ïðåäñêàçàòåëüíîé ìîäåëè (êëàññèôèêàöèè, 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. Autoencoders. 2020
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Êîíñòðóèðîâàíèå ìîäåëåé: øåñòü íàó÷íûõ øêîë

Ïðàêòèêà ìàøèííîãî îáó÷åíèÿ

ñèìâîëèçì è ýâîëþöèîíèçì
àíàëîãèçì è áàéåñèîíèçì
êîííåêöèîíèçì è êîìïîçèöèîíèçì

Îñíîâíûå íàó÷íûå øêîëû ìàøèííîãî îáó÷åíèÿ

1 ñèìâîëèçì � ïîèñê ëîãè÷åñêèõ çàêîíîìåðíîñòåé

Decision Tree, Rule Induction

2 ýâîëþöèîíèçì � ñàìîðàçâèòèå ñëîæíûõ ìîäåëåé

Genetic Algorithms, Genetic Programming, Symbolic Regression

3 àíàëîãèçì � ¾ó áëèçêèõ îáúåêòîâ áëèçêèå îòâåòû¿

kNN, RBF, SVM, Kernel Smoothing

4 áàéåñèîíèçì � îöåíèâàíèå ðàñïðåäåëåíèé ïàðàìåòðîâ

Naive Bayes, Bayesian Networks, Graphical Models

5 êîííåêöèîíèçì � îáó÷åíèå íåéðîííûõ ñåòåé

BackPropagation, Deep Belief Nets, Deep Learning

⊕ êîìïîçèöèîíèçì � êîîïåðàöèÿ ìîäåëåé

Weighted Voting, Boosting, Bagging, Stacking,
Random Forest, ßíäåêñ.CatBoost

Ïåäðî Äîìèíãîñ. Âåðõîâíûé àëãîðèòì. 2016. 336 ñ.
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àíàëîãèçì è áàéåñèîíèçì
êîííåêöèîíèçì è êîìïîçèöèîíèçì

Ñèìâîëèçì. Íàó÷íàÿ øêîëà Ì. Ì. Áîíãàðäà

1958: Ïðîãðàììà ¾Îòêðîé çàêîí¿
âîññòàíàâëèâàëà çàâèñèìîñòü ïîëíûì
êîìáèíàòîðíûì ïåðåáîðîì ôîðìóë

1959: Ïðîãðàììà ¾Àðèôìåòèêà¿
äëÿ ñîêðàùåíèÿ ïåðåáîðà èñïîëüçîâàëà
îöåíêè èíôîðìàòèâíîñòè

1961: Ïðîãðàììà ¾ÊîÐà¿ ïåðåáèðàëà
èíôîðìàòèâíûå òðîéêè ïðèçíàêîâ

Ìèõàèë Ìîèñååâè÷
Áîíãàðä
(1924�1971)

¾ÊîÐà-3¿: ïåðâîå ïðèìåíåíèå ðàñïîçíàâàíèÿ íåçðèòåëüíûõ
îáðàçîâ äëÿ ðàñïîçíàâàíèÿ ãðàíèöû íåôòü-âîäà â ñêâàæèíå.

Ââåäåíû ïðèíöèïû ãîëîñîâàíèÿ, ñêîëüçÿùåãî êîíòðîëÿ,
ïîíÿòèÿ èíôîðìàòèâíîñòè è ïðåäðàññóäêà (ïåðåîáó÷åíèÿ).

Áîíãàðä Ì.Ì., Âàéíöâàéã Ì.Í., Ãóáåðìàí Ø.À. Èçâåêîâà Ì.Ë., Ñìèðíîâ Ì.Ñ.

Èñïîëüçîâàíèå îáó÷àþùåéñÿ ïðîãðàììû äëÿ âûÿâëåíèÿ íåôòåíîñíûõ ïëàñòîâ. 1966.
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Òèïû çàäà÷ îïòèìèçàöèè â ìàøèííîì îáó÷åíèè
Êîíñòðóèðîâàíèå ìîäåëåé: øåñòü íàó÷íûõ øêîë

Ïðàêòèêà ìàøèííîãî îáó÷åíèÿ

ñèìâîëèçì è ýâîëþöèîíèçì
àíàëîãèçì è áàéåñèîíèçì
êîííåêöèîíèçì è êîìïîçèöèîíèçì

Ïîíÿòèå èíôîðìàòèâíîé ëîãè÷åñêîé çàêîíîìåðíîñòè

Ìîäåëü êëàññèôèêàöèè � âçâåøåííîå ãîëîñîâàíèå ïðàâèë:

a(x ,w) = argmax
y∈Y

ny∑
k=1

wykRyk(x)

Ïðàâèëî � êîíúþíêöèÿ ýëåìåíòàðíûõ ïîðîãîâûõ óñëîâèé:

R(x) =
∧
j∈ω

[
aj ⩽ fj(x) ⩽ bj

]
Ñèíäðîì � âûïîëíåíû íå ìåíåå d óñëîâèé èç ìíîæåñòâà ω,

R(x) =
[ ∑
j∈ω

[
aj ⩽ fj(x) ⩽ bj

]
⩾ d

]
Ïðàâèëî R ÿâëÿåòñÿ çàêîíîìåðíîñòüþ êëàññà y ∈ Y , åñëè{

py (R) = #
{
xi : R(xi )=1 è yi =y

}
→ max

ny (R) = #
{
xi : R(xi )=1 è yi ̸=y

}
→ min
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Ïðàêòèêà ìàøèííîãî îáó÷åíèÿ

ñèìâîëèçì è ýâîëþöèîíèçì
àíàëîãèçì è áàéåñèîíèçì
êîííåêöèîíèçì è êîìïîçèöèîíèçì

Ýâîëþöèîíèçì. Àëãîðèòìû ïåðåáîðà ñòðóêòóð ìîäåëè

Äèñêðåòíàÿ îïòèìèçàöèÿ íà îñíîâå äàðâèíîâñêîé ýâîëþöèè:

èíäèâèä � ñòðóêòóðíàÿ ôîðìóëà ìîäåëè

ïîïóëÿöèÿ � ìíîæåñòâî ðàçëè÷íûõ ôîðìóë

ïðèñïîñîáëåííîñòü � âíåøíèé êðèòåðèé, îöåíêà ìîäåëè

åñòåñòâåííûé îòáîð ëó÷øèõ ìîäåëåé â ïîïóëÿöèè

ñêðåùèâàíèå è ìóòàöèÿ � îïåðàöèè ïîðîæäåíèÿ ïîòîìêîâ

×àñòíûå çàäà÷è ML, ðåøàåìûå ýâîëþöèîííûìè àëãîðèòìàìè:

îòáîð ïðèçíàêîâ (Feature Selection)

ïîèñê èíôîðìàòèâíûõ ëîãè÷åñêèõ çàêîíîìåðíîñòåé

ïîèñê àðõèòåêòóðû ãëóáîêîé íåéðîííîé ñåòè

ñèìâîëüíàÿ ðåãðåññèÿ (Symbolic Regression) � ïåðåáîð
ñòðóêòóðíûõ ôîðìóë, ãåíåòè÷åñêîå ïðîãðàììèðîâàíèå
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Ïðàêòèêà ìàøèííîãî îáó÷åíèÿ

ñèìâîëèçì è ýâîëþöèîíèçì
àíàëîãèçì è áàéåñèîíèçì
êîííåêöèîíèçì è êîìïîçèöèîíèçì

Ýâîëþöèîíèçì. Íàó÷íàÿ øêîëà À. Ã. Èâ�àõíåíêî

Ìåòîä ãðóïïîâîãî ó÷¼òà àðãóìåíòîâ (ÌÃÓÀ)
îñíîâàí íà ñàìîîðãàíèçàöèè ìîäåëåé

� ïåðåáîðíîé îïòèìèçàöèè ñòðóêòóðû ìîäåëè

îòáîð ïðèçíàêîâ èëè ñòðóêòóðû ìîäåëè

êà÷åñòâî ìîäåëåé îöåíèâàåòñÿ â ïðîöåññå
ïåðåáîðà ïî ìíîãèì âíåøíèì êðèòåðèÿì:

� ñêîëüçÿùèé êîíòðîëü
� ïîìåõîóñòîé÷èâîñòü ìîäåëèðîâàíèÿ
� áàëàíñ / ñîãëàñîâàííîñòü ïðîãíîçîâ è äð.

ïåðâàÿ 8-ñëîéíàÿ ãëóáîêàÿ íåéðîñåòü (1965)

ñîòíè ïðèìåíåíèé, îêîëî 300 äèññåðòàöèé

Àëåêñåé
Ãðèãîðüåâè÷
Èâ�àõíåíêî
(1913�2007)

Èâàõíåíêî À. Ã., Ëàïà Â. Ã. Êèáåðíåòè÷åñêèå ïðåäñêàçûâàþùèå óñòðîéñòâà. 1965.
Èâàõíåíêî À. Ã., Çàé÷åíêî Þ.Ï., Äèìèòðîâ Â.Ä. Ïðèíÿòèå ðåøåíèé íà îñíîâå
ñàìîîðãàíèçàöèè. 1976.
Èâàõíåíêî À. Ã. Èíäóêòèâíûé ìåòîä ñàìîîðãàíèçàöèè ìîäåëåé ñëîæíûõ ñèñòåì. 1982.
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Êîíñòðóèðîâàíèå ìîäåëåé: øåñòü íàó÷íûõ øêîë

Ïðàêòèêà ìàøèííîãî îáó÷åíèÿ

ñèìâîëèçì è ýâîëþöèîíèçì
àíàëîãèçì è áàéåñèîíèçì
êîííåêöèîíèçì è êîìïîçèöèîíèçì

Àíàëîãèçì. Íàó÷íàÿ øêîëà Ì. À. Àéçåðìàíà

Ãèïîòåçà êîìïàêòíîñòè: ñõîæèå îáúåêòû,
êàê ïðàâèëî, íàõîäÿòñÿ â îäíîì êëàññå

Ìåòîä ïîòåíöèàëüíûõ ôóíêöèé:
èäåÿ çàèìñòâóåòñÿ èç ôèçèêè

Ëèíåéíàÿ ìîäåëü êëàññèôèêàöèè:
âçâåøåííîå ãîëîñîâàíèå ôóíêöèé
ñõîäñòâà fi (x) = K (x , xi ) ìåæäó x è xi :

a(x) = argmax
y∈Y

∑
i : yi=y

αyiK (x , xi )

Ìàðê Àðîíîâè÷
Àéçåðìàí
(1913�1992)

Àéçåðìàí Ì.À., Áðàâåðìàí Ý.Ì., Ðîçîíîýð Ë.È. Òåîðåòè÷åñêèå îñíîâû ìåòîäà
ïîòåíöèàëüíûõ ôóíêöèé â çàäà÷å îá îáó÷åíèè àâòîìàòîâ ðàçäåëåíèþ âõîäíûõ
ñèòóàöèé íà êëàññû. 1964.
Àéçåðìàí Ì.À., Áðàâåðìàí Ý.Ì., Ðîçîíîýð Ë.È. Ìåòîä ïîòåíöèàëüíûõ ôóíêöèé
â òåîðèè îáó÷åíèÿ ìàøèí. 1970.
Àðêàäüåâ À. Ã., Áðàâåðìàí Ý.Ì. Îáó÷åíèå ìàøèí ðàñïîçíàâàíèþ îáðàçîâ. 1964.
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Ïðàêòèêà ìàøèííîãî îáó÷åíèÿ

ñèìâîëèçì è ýâîëþöèîíèçì
àíàëîãèçì è áàéåñèîíèçì
êîííåêöèîíèçì è êîìïîçèöèîíèçì

Àíàëîãèçì. Ìåòðè÷åñêèå (íåïàðàìåòðè÷åñêèå) ìåòîäû

Âîññòàíîâëåíèå ïëîòíîñòè. Ìåòîä Ïàðçåíà�Ðîçåíáëàòòà:

p̂h(x ;X
ℓ) =

1

ℓV (h)

ℓ∑
i=1

K
(ρ(x , xi )

h

)
Êëàññèôèêàöèÿ. Ïîòåíöèàëüíûå ôóíêöèè, îêíî Ïàðçåíà:

ah(x ;X
ℓ,Y ℓ) = argmax

y∈Y

ℓ∑
i=1

[yi = y ]K
(ρ(x , xi )

h

)
Ðåãðåññèÿ. ßäåðíîå ñãëàæèâàíèå Íàäàðàÿ�Âàòñîíà:

ah(x ;X
ℓ,Y ℓ) =

ℓ∑
i=1

yiK
(ρ(x , xi )

h

)
ℓ∑

i=1
K
(ρ(x , xi )

h

)
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Òèïû çàäà÷ îïòèìèçàöèè â ìàøèííîì îáó÷åíèè
Êîíñòðóèðîâàíèå ìîäåëåé: øåñòü íàó÷íûõ øêîë

Ïðàêòèêà ìàøèííîãî îáó÷åíèÿ

ñèìâîëèçì è ýâîëþöèîíèçì
àíàëîãèçì è áàéåñèîíèçì
êîííåêöèîíèçì è êîìïîçèöèîíèçì

Ïðèíöèïû îáó÷àåìîñòè, îãðàíè÷åíèÿ ñëîæíîñòè, ðàçäåëèìîñòè

Ñåìåéñòâî êëàññèôèêàòîðîâ A îáó÷àåìî:

P
{
sup
a∈A

∣∣P(a)− ν(a,X ℓ)
∣∣ > ε

}
⩽ η,

P(a) � âåðîÿòíîñòü îøèáêè êëàññèôèêàòîðà,
ν(a,X ℓ) � ýìïèðè÷åñêèé ðèñê � ÷àñòîòà
îøèáîê êëàññèôèêàòîðà a íà âûáîðêå.

Îñíîâíûå ðåçóëüòàòû VC-òåîðèè:

Îáîñíîâàíî îãðàíè÷åíèå ñëîæíîñòè A

Ïîíÿòèå ¼ìêîñòè ñåìåéñòâà, VCdim

Ìåòîä ñòðóêòóðíîé ìèíèìèçàöèè ðèñêà

Ìåòîä îïîðíûõ âåêòîðîâ, SVM

Âàïíèê Â.Í., ×åðâîíåíêèñ À. ß.

Òåîðèÿ ðàñïîçíàâàíèÿ îáðàçîâ. Ì.: Íàóêà, 1974.

Âëàäèìèð
Íàóìîâè÷ Âàïíèê

Àëåêñåé ßêîâëåâè÷
×åðâîíåíêèñ
(1938�2014)
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Ïðàêòèêà ìàøèííîãî îáó÷åíèÿ

ñèìâîëèçì è ýâîëþöèîíèçì
àíàëîãèçì è áàéåñèîíèçì
êîííåêöèîíèçì è êîìïîçèöèîíèçì

Äèñêðèìèíàòèâíûå è ãåíåðàòèâíûå ìîäåëè êëàññèôèêàöèè

Äàíî: ïðîñòàÿ âûáîðêà X ℓ = (xi , yi )
ℓ
i=1 ∼ p(x , y)

Äèñêðèìèíàòèâíûé ïîäõîä (discriminative):
Íàéòè ìîäåëü p(x , y) = P(y |x ;wy )p(x)
(ïðèìåðû: LR, GLM, SVM, RBF)
Êðèòåðèé ìàêñèìóìà ïðàâäîïîäîáèÿ:
ℓ∑

i=1

ln p(xi , yi ) =
ℓ∑

i=1

lnP(yi |xi ;wy ) + const → max
{wy}

Ãåíåðàòèâíûé ïîäõîä (generative):
Íàéòè ìîäåëü p(x , y) = P(y)p(x |y ;wy )
(ïðèìåðû: NB, PW, FLD, RBF)
Êðèòåðèé ìàêñèìóìà ïðàâäîïîäîáèÿ:
ℓ∑

i=1

ln p(xi , yi ) =
ℓ∑

i=1

lnP(yi )+
∑
y∈Y

∑
xi∈Xy

ln p(xi |y ;wy ) → max
{P(y),wy}
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Êîíñòðóèðîâàíèå ìîäåëåé: øåñòü íàó÷íûõ øêîë

Ïðàêòèêà ìàøèííîãî îáó÷åíèÿ

ñèìâîëèçì è ýâîëþöèîíèçì
àíàëîãèçì è áàéåñèîíèçì
êîííåêöèîíèçì è êîìïîçèöèîíèçì

Áàéåñîâñêîå îáó÷åíèå, MAP è ðåãóëÿðèçàöèÿ

Áàéåñîâñêèé âûâîä àïîñòåðèîðíîãî ðàñïðåäåëåíèÿ p(w |X )
è òî÷å÷íàÿ îöåíêà ìàêñèìóìà ïðàâäîïîäîáèÿ:

Posterior(w |X , γ) =
p(X |w)Prior(w |γ)∫
p(X |w)Prior(w |γ) dw

Posterior(w |X , γ) → max
w

èëè max
w ,γ

Ìàêñèìèçàöèÿ àïîñòåðèîðíîé âåðîÿòíîñòè (MAP)
äà¼ò òî÷å÷íóþ îöåíêó w íàïðÿìóþ, áåç âûâîäà Posterior:

ln p(X |w) + lnPrior(w |γ) → max
w

èëè max
γ

max
w

Ðåãóëÿðèçàöèÿ, íå îáÿçàòåëüíî âåðîÿòíîñòíàÿ:

ln p(X |w) + γR(w) → max
w

èëè max
γ

max
w
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Êîíñòðóèðîâàíèå ìîäåëåé: øåñòü íàó÷íûõ øêîë

Ïðàêòèêà ìàøèííîãî îáó÷åíèÿ

ñèìâîëèçì è ýâîëþöèîíèçì
àíàëîãèçì è áàéåñèîíèçì
êîííåêöèîíèçì è êîìïîçèöèîíèçì

Êîííåêöèîíèçì. Ëèíåéíàÿ 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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Ïðàêòèêà ìàøèííîãî îáó÷åíèÿ

ñèìâîëèçì è ýâîëþöèîíèçì
àíàëîãèçì è áàéåñèîíèçì
êîííåêöèîíèçì è êîìïîçèöèîíèçì

Ïåðñåïòðîí Ðîçåíáëàòòà (1957)

Mark-1 � ïåðâûé íåéðîêîìïüþòåð (1960)
äëÿ ðàñïîçíàâàíèÿ öèôð è ôèãóð
Îáó÷åíèå � ìåòîä êîððåêöèè îøèáêè
Àðõèòåêòóðà � äâóõñëîéíàÿ ñåòü

Ôðýíê Ðîçåíáëàòò
(1928�1971)

Ðîçåíáëàòò Ô. Ïðèíöèïû íåéðîäèíàìèêè. Ïåðöåïòðîíû è òåîðèÿ ìåõàíèçìîâ
ìîçãà. 1965 (1962)
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Ïðàêòèêà ìàøèííîãî îáó÷åíèÿ

ñèìâîëèçì è ýâîëþöèîíèçì
àíàëîãèçì è áàéåñèîíèçì
êîííåêöèîíèçì è êîìïîçèöèîíèçì

Îñíîâíûå âåõè ðàçâèòèÿ íåéðîííûõ ñåòåé (AI winters)

Ìèíñêèé Ì., Ïàéïåðò Ñ. Ïåðñåïòðîíû. 1971 (1969)
Ãàëóøêèí À.È. Ñèíòåç ìíîãîñëîéíûõ ñèñòåì ðàñïîçíàâàíèÿ îáðàçîâ. 1974
Èâ�àõíåíêî À. Ã., Ëàïà Â. Ã. Êèáåðíåòè÷åñêèå ïðåäñêàçûâàþùèå óñòðîéñòâà. 1965
Rummelhart D. et al. Learning internal representations by error propagation. 1986
Krizhevsky A. et al. ImageNet classi�cation with deep convolutional neural networks. 2012
Vaswani A. et al. Attention is all you need. 2017
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Ãëóáîêèå ñâ¼ðòî÷íûå ñåòè äëÿ êëàññèôèêàöèè èçîáðàæåíèé

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

Ñâ¼ðòî÷íûå
íåéðîííûå ñåòè
AlexNet (2012)
ResNet (2015)

Li Fei-Fei et al. ImageNet: A large-scale hierarchical image database. 2009
Krizhevsky A. et al. ImageNet classi�cation with deep convolutional neural networks. 2012
Kaiming He et al. Deep residual learning for image recognition. 2015
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Ðàçâèòèå ML/DL, ýòàï 1: âåêòîð → ñêàëÿð

Ïðåäñêàçàòåëüíîå ìîäåëèðîâàíèå âåêòîðíûõ äàííûõ

Âõîä: âåêòîðíûå ïðèçíàêîâûå îïèñàíèÿ îáúåêòîâ
Âûõîä: ñêàëÿðíûå îòâåòû (ïðåäñêàçàíèÿ, ïðîãíîçû)

Ïðèëîæåíèÿ: ìåäèöèíñêàÿ äèàãíîñòèêà,
ãåîëîãè÷åñêîå ïðîãíîçèðîâàíèå, êðåäèòíûé ñêîðèíã,...

Ìîäåëè: SVM, LR, MVR, RBF, MLP, ID3, CART, RF, GBM,...
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Ðàçâèòèå ML/DL, ýòàï 2: ñòðóêòóðà → âåêòîð → ñêàëÿð

Îáó÷àåìàÿ âåêòîðèçàöèÿ ñëîæíî ñòðóêòóðèðîâàííûõ äàííûõ

Âõîä: ñëîæíî ñòðóêòóðèðîâàííûå ¾ñûðûå¿ äàííûå îáúåêòîâ
Âûõîä: âåêòîðíûå ïðåäñòàâëåíèÿ îáúåêòîâ, çàòåì îòâåòû

Ïðèëîæåíèÿ: êëàññèôèêàöèÿ èçîáðàæåíèé, òåêñòîâ, ñèãíàëîâ,
ãîëîñîâûõ êîìàíä, áèîìåòðè÷åñêàÿ èäåíòèôèêàöèÿ ëè÷íîñòè,...

Ìîäåëè: CNN, AlexNet, ResNet, word2vec, FastText, BERT,...
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Ðàçâèòèå ML/DL, ýòàï 3: ñòðóêòóðà → âåêòîð → ñòðóêòóðà

Îáó÷àåìàÿ ãåíåðàöèÿ ñëîæíî ñòðóêòóðèðîâàííûõ äàííûõ

Âõîä: ñëîæíî ñòðóêòóðèðîâàííûå îáúåêòû
Âûõîä: ñëîæíî ñòðóêòóðèðîâàííûå îòâåòû

Ïðèëîæåíèÿ: àííîòèðîâàíèå è ñèíòåç èçîáðàæåíèé, ïåðåíîñ
ñòèëÿ, ðàñïîçíàâàíèå ðå÷è, ìàøèííûé ïåðåâîä, ñóììàðèçàöèÿ
òåêñòîâ, ÷àò-áîòû ñ ýìåðäæåíòíûìè ñïîñîáíîñòÿìè,...

Ìîäåëè: seq2seq, RNN, LSTM, GAN, VAE, GPT,...
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Çàäà÷à îáó÷åíèÿ àíñàìáëÿ (êîìïîçèöèè) ìîäåëåé

Äàíî: X ℓ = (xi , yi )
ℓ
i=1 ⊂ X × Y � îáó÷àþùàÿ âûáîðêà

at(x ,w) = C (bt(x ,w)) � ¾ñëàáûå¿ îáó÷àåìûå áàçîâûå ìîäåëè
bt : X → R � àëãîðèòìè÷åñêèå îïåðàòîðû c ïàðàìåòðàìè w
C : R → Y � ðåøàþùåå ïðàâèëî ïðîñòîãî âèäà (áåç ïàðàìåòðîâ)
R � óäîáíîå ïðîñòðàíñòâî îöåíîê

Íàéòè: àíñàìáëü a(x) = C
(
F (b1(x ,w1), . . . , bT (x ,wT ), x , α)

)
F : RT × X → R � êîððåêòèðóþùàÿ ôóíêöèÿ c ïàðàìåòðàìè α

Êðèòåðèé îáó÷åíèÿ ¾ñèëüíîãî¿ àëãîðèòìà êàê àíñàìáëÿ
èç T ïî-îòäåëüíîñòè ¾ñëàáûõ¿ áàçîâûõ àëãîðèòìîâ:

Q(a,X ℓ) =
ℓ∑

i=1
L

(
a(xi ), yi

)
→ min

w1,...,wT ,α

Þ.È.Æóðàâë¼â. Îá àëãåáðàè÷åñêîì ïîäõîäå ê ðåøåíèþ çàäà÷ ðàñïîçíàâàíèÿ èëè
êëàññèôèêàöèè. Ïðîáëåìû êèáåðíåòèêè, 1978.
M.Kearns, L.G.Valiant. Cryptographic limitations on learning Boolean formulae and
�nite automata. 1989.
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Ïðèìåðû êîððåêòèðóþùèõ (àãðåãèðóþùèõ) ôóíêöèé

ïðîñòîå ãîëîñîâàíèå (Simple Voting):

F (b1, . . . , bT ) =
1
T

T∑
t=1

bt

âçâåøåííîå ãîëîñîâàíèå (Weighted Voting):

F (b1, . . . , bT , α) =
T∑
t=1

αtbt ,
T∑
t=1

αt = 1, αt ⩾ 0

âçâåøåííûé ñòýêèíã (Feature-Weighted Linear Stacking):

F (b1, . . . , bT , x , v) =
T∑
t=1

αt(x)bt , αt(x) =
n∑

j=1
vtj fj(x)

ñìåñü ìîäåëåé-ýêñïåðòîâ (Mixture of Experts)
ñ ôóíêöèÿìè êîìïåòåíòíîñòè (gating function) gt : X → R

F (b1, . . . , bT , x , α) =
T∑
t=1

gt(x , αt)bt(x)
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Îáó÷åíèå ïðåäñêàçàòåëüíûõ ìîäåëåé è èõ àíñàìáëåé

L (b, xi ) � ôóíêöèÿ ïîòåðü ìîäåëè b(xi ,w) ïðè îòâåòå yi
Ìèíèìèçàöèÿ ýìïèðè÷åñêîãî ðèñêà äëÿ áàçîâûõ àëãîðèòìîâ:

ℓ∑
i=1

L
(
bt(xi ,w), yi

)
→ min

w

Ìèíèìèçàöèÿ ýìïèðè÷åñêîãî ðèñêà äëÿ äîáàâëåíèÿ áàçîâîãî
àëãîðèòìà bT â àíñàìáëü ïðè ôèêñàöèè ïðåäûäóùèõ:

ℓ∑
i=1

L

(
T−1∑
t=1

αtbt(xi ,wt) + αTbT (xi ,wT ), yi

)
→ min

αT ,wT

Þ.È.Æóðàâë¼â. Êîððåêòíûå àëãåáðû íàä ìíîæåñòâàìè íåêîððåêòíûõ
(ýâðèñòè÷åñêèõ) àëãîðèòìîâ (I, II, III). Êèáåðíåòèêà, Êèåâ, 1977�1978.
M.Kearns, L.G.Valiant. Cryptographic limitations on learning Boolean formulae and
�nite automata. 1989.
Y.Freund, R.E.Schapire. A decision-theoretic generalization of on-line learning and an
application to boosting. 1995.
Ê.Â.Ðóäàêîâ, Ê.Â.Âîðîíöîâ. Î ìåòîäàõ îïòèìèçàöèè è ìîíîòîííîé êîððåêöèè
â àëãåáðàè÷åñêîì ïîäõîäå ê ïðîáëåìå ðàñïîçíàâàíèÿ. Äîêëàäû ÐÀÍ, 1999.
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Àëãîðèòìû âû÷èñëåíèÿ îöåíîê, ÀÂÎ (Þ. È. Æóðàâë¼â)

Îáúåäèíåíèå îñíîâíûõ íà òîò ìîìåíò
íåñòðîãèõ (ýâðèñòè÷åñêèõ) ïðèíöèïîâ:

ñèìâîëèçì (âûâîä ïðàâèë èç äàííûõ)
ýâîëþöèîíèçì (îòáîð íàèëó÷øèõ ïðàâèë)
àíàëîãèçì (îöåíêè ñõîäñòâà îáúåêòîâ)
áàéåñèîíèçì (êëàññû � ñìåñè ïëîòíîñòåé)
êîííåêöèîíèçì (âçâåøåííîå ãîëîñîâàíèå)

a(x) = argmax
y∈Y

∑
i : yi=y

∑
ω∈Ω

wωiBωi (x , xi )

Þðèé
Èâàíîâè÷
Æóðàâë¼â
(1935�2022)

ãäå Bωi � áèíàðíûå ôóíêöèè ñõîäñòâà ïî íàáîðàì ïðèçíàêîâ ω:

Bωi (x , xi ) =
∧
j∈ω

[
|fj(x)− fj(xi )| < ε

]
Æóðàâë¼â Þ.È., Íèêèôîðîâ Â. Â. Àëãîðèòìû ðàñïîçíàâàíèÿ, îñíîâàííûå
íà âû÷èñëåíèè îöåíîê, 1971.
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ñèìâîëèçì è ýâîëþöèîíèçì
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ÀÂÎ îáúåäèíÿåò ìíîãèå ýâðèñòè÷åñêèå ïðèíöèïû

≈ òð¼õñëîéíàÿ íåéðîñåòü RBF (Radial Basis Function):

a(x) = argmax
y∈Y

λy

∑
i ,ω

[
yi =y

]
wωiBωi (x , xi )

f1(x)

· · ·

fn(x)

B1,1(x , x1)

· · ·

B|Ω|,ℓ(x , xℓ)

∑
· · ·∑

arg
max a(x)

//

%%

99

//

//

%%

99

//

//
λ1 **

λ|Y |
44

//

≈ ìåòîä ïîòåíöèàëüíûõ ôóíêöèé Bωi (x , xi ) = K
(

1
hωi

ρωi (x , xi )
)

≈ ëèíåéíûé êëàññèôèêàòîð SVM ñ ðàäèàëüíûì ÿäðîì
≈ áàéåñîâñêèé êëàññèôèêàòîð ñ ïëîòíîñòÿìè-ñìåñÿìè p(x |y)
≈ îòáîð ýòàëîíîâ: wωi = 0 äëÿ íå-ýòàëîíîâ xi
≈ îòáîð ïðèçíàêîâ â ñôåðè÷åñêèõ ëîãè÷åñêèõ çàêîíîìåðíîñòÿõ
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Ïðèíöèïû èíôîðìàòèâíîñòè, íåïðîòèâîðå÷èâîñòè, òóïèêîâîñòè

èíôîðìàòèâíîñòü ïðåäèêàòà R(x) êëàññà y ∈ Y :{
py (R) = #

{
xi : R(xi )=1 è yi =y

}
→ max

ny (R) = #
{
xi : R(xi )=1 è yi ̸=y

}
→ min

èíôîðìàòèâíîñòü ôóíêöèè ñõîäñòâà B(x , x ′):{
p(B) = #

{
(xi , xj) : B(xi , xj)=1 è yi=yj

}
→ max

n(B) = #
{
(xi , xj) : B(xi , xj)=1 è yi ̸=yj

}
→ min

íåïðîòèâîðå÷èâîñòü: ny (R) = 0, n(B) = 0
� òåñò ω: Bω(xi , xj) = 0, ∀i , j : yi ̸=yj
� ïðåäñòàâèòåëüíûé íàáîð (ω, i): Bω(xi , xj) = 0, ∀j : yi ̸=yj
òóïèêîâîñòü: íèêàêîå ïîäìíîæåñòâî ïðèçíàêîâ ω′ ⊂ ω
íå ÿâëÿåòñÿ òåñòîì (èëè ïðåäñòàâèòåëüíûì íàáîðîì)

Äìèòðèåâ À.Í., Æóðàâëåâ Þ.È., Êðåíäåëåâ Ô.Ï. Îá îäíîì ïðèíöèïå
êëàññèôèêàöèè è ïðîãíîçà ãåîëîãè÷åñêèõ îáúåêòîâ è ÿâëåíèé. 1968.
Æóðàâë¼â Þ.È., Íèêèôîðîâ Â. Â. Àëãîðèòìû ðàñïîçíàâàíèÿ, îñíîâàííûå
íà âû÷èñëåíèè îöåíîê, 1971.

Ê.Â. Âîðîíöîâ (k.v.vorontsov@phystech.edu) ÌÌÌÎ: îáçîð îïòèìèçàöèîííûõ çàäà÷ 44 / 55



Òèïû çàäà÷ îïòèìèçàöèè â ìàøèííîì îáó÷åíèè
Êîíñòðóèðîâàíèå ìîäåëåé: øåñòü íàó÷íûõ øêîë

Ïðàêòèêà ìàøèííîãî îáó÷åíèÿ

ñèìâîëèçì è ýâîëþöèîíèçì
àíàëîãèçì è áàéåñèîíèçì
êîííåêöèîíèçì è êîìïîçèöèîíèçì

Çàäà÷è íà ìàëûõ äàííûõ

Îñîáåííîñòè ãåîëîãè÷åñêèõ äàííûõ â çàäà÷àõ ïîèñêà
ìåñòîðîæäåíèé ðåäêîãî òèïà (çîëîòî, óðàí, àëìàçû è ò.ä.)

îáúåêòîâ ìàëî (7+ 11), ïðèçíàêîâ ìíîãî (áîëåå ñîòíè)

íàä¼æíîé ãåîôèçè÷åñêîé ìîäåëè íå ñóùåñòâóåò

â äàííûõ áûâàþò ïðîïóñêè � íåèçìåðåííûå çíà÷åíèÿ

Êðåíäåëåâ Ô.Ï., Äìèòðèåâ À.Í., Æóðàâëåâ Þ.È. Ñðàâíåíèå ãåîëîãè÷åñêîãî
ñòðîåíèÿ çàðóáåæíûõ ìåñòîðîæäåíèé äîêåìáðèéñêèõ êîíãëîìåðàòîâ ñ ïîìîùüþ
äèñêðåòíîé ìàòåìàòèêè. Äîêëàäû ÀÍ ÑÑÑÐ. 1967

Äìèòðèåâ À.Í., Æóðàâëåâ Þ.È., Êðåíäåëåâ Ô.Ï. Îá îäíîì ïðèíöèïå
êëàññèôèêàöèè è ïðîãíîçà ãåîëîãè÷åñêèõ îáúåêòîâ è ÿâëåíèé. 1968.
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CRISP-DM: CRoss Industry Standard
Process for Data Mining (1999)

Êîìïàíèè-èíèöèàòîðû:

SPSS

Teradata

Daimler AG

NCR Corp.

OHRA

Øàãè ïðîöåññà:

ïîíèìàíèå áèçíåñà

ïîíèìàíèå äàííûõ

ïðåäîáðàáîòêà äàííûõ è
èíæåíåðèÿ ïðèçíàêîâ

ðàçðàáîòêà ìîäåëåé è
íàñòðîéêà èõ ïàðàìåòðîâ

îöåíèâàíèå êà÷åñòâà

âíåäðåíèå
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îáó÷àåìûå ïî äàííûì
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Îñîáåííîñòè äàííûõ è ïîñòàíîâîê ïðèêëàäíûõ çàäà÷

ðàçíîðîäíûå (ïðèçíàêè èçìåðåíû â ðàçíûõ øêàëàõ)

íåïîëíûå (èçìåðåíû íå âñå, èìåþòñÿ ïðîïóñêè)

íåòî÷íûå (èçìåðåíû ñ ïîãðåøíîñòÿìè)

ïðîòèâîðå÷èâûå (îáúåêòû îäèíàêîâûå, îòâåòû ðàçíûå)

èçáûòî÷íûå (ñâåðõáîëüøèå, íå ïîìåùàþòñÿ â ïàìÿòü)

íåäîñòàòî÷íûå (îáúåêòîâ ìåíüøå, ÷åì ïðèçíàêîâ)

ñëîæíî ñòðóêòóðèðîâàííûå (íåò ïðèçíàêîâûõ îïèñàíèé)

Ðèñêè, ñâÿçàííûå ñ ïîñòàíîâêîé çàäà÷è:

¾ãðÿçíûå¿ äàííûå
(çàêàç÷èê íå îáåñïå÷èâàåò êà÷åñòâî äàííûõ)

íåÿñíûå êðèòåðèè êà÷åñòâà ìîäåëè
(çàêàç÷èê íå îïðåäåëèëñÿ ñ öåëÿìè èëè êðèòåðèÿìè)
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Ìåòîäû ïðåäâàðèòåëüíîé îáðàáîòêè äàííûõ

Ïðåîáðàçîâàíèå ïðèçíàêîâ (feature transformation)
� óñèëåíèå èëè îñëàáëåíèå øêàëû èçìåðåíèÿ ïðèçíàêà
� íîðìàëèçàöèÿ, ñòàíäàðòèçàöèÿ
� òðàíñôîðìàöèÿ ôóíêöèè ðàñïðåäåëåíèÿ ïðèçíàêà

Âûäåëåíèå ïðèçíàêîâ èç ñûðûõ äàííûõ (feature extraction),
êîíñòðóèðîâàíèå ïðèçíàêîâ (feature engineering)

Îáó÷àåìàÿ âåêòîðèçàöèÿ äàííûõ (representation learning)

Âîñïîëíåíèå ïðîïóñêîâ â äàííûõ (missing values imputation)

Îáíàðóæåíèå âûáðîñîâ (outlier/anomaly detection)

Ïîíèæåíèå ðàçìåðíîñòè äàííûõ (dimensionality reduction)

Îòáîð èíôîðìàòèâíûõ ïðèçíàêîâ (feature selection)
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Çàäà÷è îöåíèâàíèÿ è âûáîðà ìîäåëåé

Äàíî:
X ℓ = (x1, . . . , xℓ) � îáó÷àþùàÿ âûáîðêà
At = {a : X ×Wt → Y } � ïàðàìåòðè÷åñêèå ìîäåëè, t ∈ T
Wt � ïðîñòðàíñòâî ïàðàìåòðîâ ìîäåëè At

µt : (X × Y )ℓ → Wt � ìåòîäû îáó÷åíèÿ, t ∈ T

Íàéòè: ìåòîä µt ñ íàèëó÷øåé îáîáùàþùåé ñïîñîáíîñòüþ.

×àñòíûå ñëó÷àè:

âûáîð ëó÷øåé ìîäåëè At (Model Selection);

âûáîð ìåòîäà îáó÷åíèÿ µt äëÿ çàäàííîé ìîäåëè A
(â ÷àñòíîñòè, îïòèìèçàöèÿ ãèïåðïàðàìåòðîâ);

îòáîð ïðèçíàêîâ (Feature Selection):
F =

{
fj : X → Dj : j = 1, . . . , n

}
� ìíîæåñòâî ïðèçíàêîâ;

ìåòîä îáó÷åíèÿ µG èñïîëüçóåò òîëüêî ïðèçíàêè G ⊆ F .
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Ìåòîäîëîãèÿ àíàëèçà îøèáîê (èëè ïîòåðü)

L (w , xi ) � ôóíêöèÿ ïîòåðü (÷åì ìåíüøå, òåì ëó÷øå).
Ñðåäíåå ïîòåðü íà âûáîðêå U è ýìïèðè÷åñêîå ðàñïðåäåëåíèå:

Q(w ,U) =
1

|U|
∑
xi∈U

L (w , xi )

F (λ;w ,U) =
1

|U|
∑
xi∈U

[
L (w , xi ) ⩽ λ

]
Àíàëèç ïîòåðü íà îáó÷àþùåé âûáîðêå:

Ðàíæèðîâàòü îáúåêòû ïî óáûâàíèþ ïîòåðü Li = L (w , xi )
Îáúåêòû ñî ñâåðõáîëüøèìè ïîòåðÿìè � âûáðîñû?
Åñëè íåò, òî êàê óëó÷øèòü ìîäåëü íà ýòèõ îáúåêòàõ?

Ñðàâíèòåëüíûé àíàëèç ïîòåðü íà îáó÷åíèè è òåñòå:

Ñèëüíî ëè îòëè÷àþòñÿ ðàñïðåäåëåíèÿ ïîòåðü?
Åñëè ñèëüíî, òî êàê óñòðàíèòü ïåðåîáó÷åíèå?
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A/B òåñòèðîâàíèå (A/B testing, Split Testing)

Äâå ìîäåëè, ¾áàçîâàÿ A¿ è ¾óëó÷øåííàÿ B¿,
ïîñòðîåííûå ïî èñòîðè÷åñêèì äàííûì X ℓ,
òåñòèðóþòñÿ ïî ìåòðèêå êà÷åñòâà Q íà íîâûõ äàííûõ X k

Â ÷¼ì îòëè÷èÿ A/B òåñòèðîâàíèÿ îò îáû÷íîãî hold-out?

X k � ýòî èìåííî áóäóùèå äàííûå (out-of-time), à íå ÷àñòü
ïðîøëûõ äàííûõ, èñêëþ÷¼ííûõ èç îáó÷åíèÿ (out-of-sample)

áîëüøå ðåàëèçìà: çà ýòî âðåìÿ ìîãóò èçìåíèòüñÿ ñâîéñòâà
ïîòîêà äàííûõ, ðåàëüíûå äàííûå íå îáÿçàíû áûòü i.i.d.

îäíîêðàòíûé âûáîð ìîäåëè ïî÷òè íå ïåðåîáó÷àåòñÿ

íàêîïëåíèå äàííûõ X k ìîæåò ïîòðåáîâàòü ìíîãî âðåìåíè

ðàáîòà ìîäåëè ìîæåò âëèÿòü íà ôîðìèðîâàíèå ïîòîêà
äàííûõ (íàïðèìåð, â ðåêîìåíäàòåëüíûõ ñèñòåìàõ)
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Ìåòà-îáó÷åíèå (meta-learning, learning to learn)

Ïðîáëåìà: ñëèøêîì ìíîãî ìåòîäîâ, ñëèøêîì äîëãî çàïóñêàòü

Äàíî: âûáîðêà ¾çàäà÷à, ìåòîä¿ → êðèòåðèè êà÷åñòâà

Íàéòè: ìîäåëü ìíîãîêëàññîâîé êëàññèôèêàöèè,
ïðåäñêàçûâàþùóþ, êàêèì ìåòîäîì ðåøàòü çàäà÷ó

Êðèòåðèé: òî÷íîñòü ïðåäñêàçàíèÿ îïòèìàëüíîãî ìåòîäà

Ïðèçíàêè:

ðàçìåðíûå õàðàêòåðèñòèêè çàäà÷è

õàðàêòåðèñòèêè ïðîñòðàíñòâà ïðèçíàêîâ:
òèïû, âûáðîñû, ïðîïóñêè, êîððåëÿöèè

ðåçóëüòàòû áûñòðûõ íèçêîðàçìåðíûõ ìåòîäîâ

Joaquin Vanschoren. Meta-learning Architectures: Collecting, Organizing and
Exploiting Meta-knowledge. 2009.

Joaquin Vanschoren. Meta-Learning: A Survey. 2018.
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Òèïû çàäà÷ îïòèìèçàöèè â ìàøèííîì îáó÷åíèè
Êîíñòðóèðîâàíèå ìîäåëåé: øåñòü íàó÷íûõ øêîë

Ïðàêòèêà ìàøèííîãî îáó÷åíèÿ

CRISP-DM: ñòàíäàðò ïðîöåññà àíàëèçà äàííûõ
ïðåäîáðàáîòêà è âåêòîðèçàöèÿ äàííûõ
ïîñòîáðàáîòêà è îöåíèâàíèå êà÷åñòâà

Àâòîìàòè÷åñêèé âûáîð ìîäåëåé è ãèïåðïàðàìåòðîâ (AutoML)

Ïðîáëåìà:
ïîäáîð ñòðóêòóðû ìîäåëè (àðõèòåêòóðû íåéðîñåòè)
è ãèïåðïàðàìåòðîâ òðåáóåò ñëèøêîì ìíîãî ðåñóðñîâ

Äàíî: âûáîðêà ¾çàäà÷à, ñòðóêòóðà¿ → êðèòåðèè êà÷åñòâà

Íàéòè: êàêîé ñëåäóþùèé ýêñïåðèìåíò ïðîâåñòè ñ ìîäåëüþ

Êðèòåðèé:
ìèíèìèçàöèÿ çàòðàò ðåñóðñîâ íà àâòîìàòè÷åñêèé ïîèñê
îïòèìàëüíîé ìîäåëè, ñîïîñòàâèìîé ïî êà÷åñòâó ñ ìîäåëÿìè,
ïîñòðîåííûìè ïðîôåññèîíàëüíûìè èññëåäîâàòåëÿìè

Áëèçêàÿ êëàññè÷åñêàÿ çàäà÷à � ïëàíèðîâàíèå ýêñïåðèìåíòîâ

Xin He et al. AutoML: A Survey of the State-of-the-Art. 2019

https://github.com/sberbank-ai-lab/LightAutoML � AutoML îò Ñáåðáàíêà
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Ñóõîé îñòàòîê. Ñïîéëåðû. Ëèòåðàòóðà

Íà÷èíàåì ñ ïîñòàíîâêè çàäà÷è: ÄÍÊ (äàíî, íàéòè, êðèòåðèé)

Ï.Äîìèíãîñ (2015) îøèáàëñÿ, ÷òî ¾âåðõîâíûé àëãîðèòì¿ (AGI)
ïîÿâèòñÿ êàê îáúåäèíåíèå ïîäõîäîâ îñíîâíûõ íàó÷íûõ øêîë

Þ.È.Æóðàâë¼â â àëãîðèòìàõ âû÷èñëåíèÿ îöåíîê (1971)
óæå ñäåëàë ýòî, íî ýòî íå ïðèâåëî ê ïîÿâëåíèþ AGI

Òåïåðü ÿñíî, ÷òî ñëàãàåìûå óñïåõà � ñîâñåì äðóãèå:

1 îáó÷àåìàÿ âåêòîðèçàöèÿ äàííûõ → ãëóáîêîå îáó÷åíèå

2 áîëüøèå äàííûå + áîëüøèå ìîäåëè + íåéðîïðîöåññîðû

3 áîëüøèå ðàçìåðíîñòè + îïòèìèçàöèÿ áåç ïåðåîáó÷åíèÿ

4 áîëüøèå ÿçûêîâûå ìîäåëè → ýìåðäæåíòíîñòü

Âîðîíöîâ Ê. Â. Ëåêöèè ïî ìàøèííîìó îáó÷åíèþ. https://bit.ly/ML-Vorontsov
Íèêîëåíêî Ñ. Ìàøèííîå îáó÷åíèå: îñíîâû, 2025
Ìýðôè Ê.Ï. Âåðîÿòíîñòíîå ìàøèííîå îáó÷åíèå. Â òð¼õ òîìàõ, 2022�2024
Äàéçåíðîò Ì.Ï. è äð. Ìàòåìàòèêà â ìàøèííîì îáó÷åíèè, 2024
Êðèñòîôåð Áèøîï, Õüþ Áèøîï. Ãëóáîêîå îáó÷åíèå: ïðèíöèïû è êîíöåïöèè, 2025
Ìàðêîâ Ñ. Îõîòà íà ýëåêòðîîâåö. Áîëüøàÿ êíèãà èñêóññòâåííîãî èíòåëëåêòà. 2024
Äîìèíãîñ Ï. Âåðõîâíûé àëãîðèòì. Êàê ìàøèííîå îáó÷åíèå èçìåíèò íàø ìèð. 2016
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