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Îáó÷åíèå ñ ó÷èòåëåì

Îáó÷åíèå áåç ó÷èòåëÿ

Íåêëàññè÷åñêèå ïàðàäèãìû îáó÷åíèÿ

Îáùàÿ îïòèìèçàöèîííàÿ çàäà÷à ìàøèííîãî îáó÷åíèÿ

Äàíî: âûáîðêà îáúåêòîâ X ℓ = {x1, . . . , xℓ}

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

Êðèòåðèé: ìèíèìóì ýìïèðè÷åñêîãî ðèñêà

Q(w ,X ℓ) =

ℓ∑

i=1

L (w , xi ) → min
w

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

èëè ìèíèìóì ðåãóëÿðèçîâàííîãî ýìïèðè÷åñêîãî ðèñêà

Q(w ,X ℓ) =

ℓ∑

i=1

L (w , xi ) +

r∑

j=1

τjRj(w) → min
w

ãäå Rj � ðåãóëÿðèçàòîðû, τj � êîý��èöèåíòû ðåãóëÿðèçàöèè
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�åãóëÿðèçàöèÿ
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Çàäà÷à îáó÷åíèÿ áèíàðíîé êëàññè�èêàöèè

Îáó÷àþùàÿ âûáîðêà: X ℓ = (xi , yi )
ℓ
i=1, xi ∈ R

n
, yi ∈ {−1,+1}

1

Ôèêñèðóåòñÿ ìîäåëü êëàññè�èêàöèè, íàïðèìåð, ëèíåéíàÿ:

a(x ,w) = sign g(x ,w) = sign
n∑

j=1

wj fj(x) = sign〈x ,w〉

2

Ôóíêöèÿ ïîòåðü � óáûâàþùàÿ �óíêöèÿ îòñòóïà L(margin)

L (w , xi ) =
[
g(xi ,w)yi < 0

]
6 L

(
g(xi ,w)yi

)

3

Ìåòîä îáó÷åíèÿ � ìèíèìèçàöèÿ ýìïèðè÷åñêîãî ðèñêà:

Q(w ,X ℓ) =
ℓ∑

i=1

[
g(xi ,w)yi < 0

]
6

ℓ∑

i=1

L
(
g(xi ,w)yi

)
→ min

w

4

Ïðîâåðêà ìîäåëè w∗
ïî òåñòîâîé âûáîðêå X k = (x̃i , ỹi)

k
i=1:

Q(w∗,X k) =
1

k

k∑

i=1

[
g(x̃i ,w

∗)ỹi < 0
]
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Çàäà÷à îáó÷åíèÿ ìíîãîêëàññîâîé êëàññè�èêàöèè

Îáó÷àþùàÿ âûáîðêà: X ℓ = (xi , yi )
ℓ
i=1, xi ∈ R

n
, yi = y(xi ) ∈ Y

1

Ìîäåëü êëàññè�èêàöèè, íàïðèìåð, ëèíåéíàÿ, w=(wy )y∈Y :

a(x ,w) = argmax
y∈Y

g(x ,wy ) = argmax
y∈Y

〈x ,wy 〉

2

Ôóíêöèÿ ïîòåðü � áèíàðíàÿ èëè å¼ àïïðîêñèìàöèÿ:

L (w , xi ) =
∑

z 6=yi

[
g(xi ,wyi ) < g(xi ,wz)

]
6

∑

z 6=yi

L
(
Miz(w))

)
,

ãäå Miz(w) = g(xi ,wyi )− g(xi ,wz) � îòñòóï xi ïî êëàññó z
3

Ìåòîä îáó÷åíèÿ � ìèíèìèçàöèÿ ýìïèðè÷åñêîãî ðèñêà:

Q(w ,X ℓ) =
ℓ∑

i=1

∑

z 6=yi

L
(
g(xi ,wyi )− g(xi ,wz )

)
→ min

w

4

Ïðîâåðêà ìîäåëè w∗
ïî òåñòîâîé âûáîðêå X k = (x̃i , ỹi)

k
i=1
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Çàäà÷à îáó÷åíèÿ ðåãðåññèè

Îáó÷àþùàÿ âûáîðêà: X ℓ = (xi , yi )
ℓ
i=1, xi ∈ R

n
, yi = y(xi ) ∈ R

1

Ìîäåëü ðåãðåññèè, íàïðèìåð, ëèíåéíàÿ, w ∈ R
n
:

a(x ,w) = 〈x ,w〉 =
n∑

j=1

wj fj(x)

2

Ôóíêöèÿ ïîòåðü � êâàäðàòè÷íàÿ:

L (w , xi ) =
(
a(xi ,w)− yi

)2

3

Ìåòîä îáó÷åíèÿ � ìåòîä íàèìåíüøèõ êâàäðàòîâ:

Q(w ,X ℓ) =
ℓ∑

i=1

L (w , xi ) =
ℓ∑

i=1

(
a(xi ,w)− yi

)2
→ min

w

4

Ïðîâåðêà ìîäåëè w∗
ïî òåñòîâîé âûáîðêå X k = (x̃i , ỹi)

k
i=1:

Q(w∗,X k) =
1

k

k∑

i=1

(
a(x̃i ,w

∗)− ỹi
)2
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Êâàíò�èëüíàÿ ðåãðåññèÿ

Ôóíêöèÿ ïîòåðü, ε = a(xi ,w)− yi :

L(ε) =

{

C+|ε|, ε > 0

C−|ε|, ε < 0;
-3 -2 -1 0 1 2 3

0

1

2

3

Ìîäåëü a(x ,w) = w : ðåøåíèåì ÿâëÿåòñÿ q-êâàíò�èëü

w = y (ℓq), ãäå y (1), . . . , y (ℓ) � âàðèàöèîííûé ðÿä, q = C−

C−+C+
.

Ìîäåëü a(x ,w) = 〈x ,w〉: çàäà÷à ëèíåéíîãî ïðîãðàììèðîâàíèÿ

ïîñëå çàìåíû ïåðåìåííûõ ε+i =
(
a(xi)− yi

)

+
, ε−i =

(
yi − a(xi)

)

+
:







ℓ∑

i=1

(
C+ε

+
i + C−ε

−
i

)
→ min

w
;

〈xi ,w〉 − yi = ε+i − ε−i ; ε+i > 0; ε−i > 0.
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�îáàñòíàÿ (ïîìåõîóñòîé÷èâàÿ) ðåãðåññèÿ

Ôóíêöèÿ Ìåøàëêèíà: L(ε) = b
(
1− exp

(
− 1

b
ε2
))
, ε = a − y

-5 -4 -3 -2 -1 0 1 2 3 4 5

0

1

2

3

4

b=1 b=2 b=3 квадратичная

Ìîäåëü ðåãðåññèè: íå îáÿçàòåëüíî ëèíåéíàÿ a(x ,w)

Ïîñòàíîâêà îïòèìèçàöèîííîé çàäà÷è:

ℓ∑

i=1

exp
(

− 1
b
(a(xi ,w)− yi )

2
)

→ max
w

×èñëåííîå ðåøåíèå � ìåòîäîì SG èëè Íüþòîíà-�à�ñîíà
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Çàäà÷è ïðîãíîçèðîâàíèÿ âðåìåííûõ ðÿäîâ

Äàíî: y0, y1, . . . , yt , . . . � âðåìåííîé ðÿä, yi ∈ R

Íàéòè: ŷt+d (w) = ft,d(y1, . . . , yt ;w) � ìîäåëü âðåìåííîãî ðÿäà,

ãäå d = 1, . . . ,D, D � ãîðèçîíò ïðîãíîçèðîâàíèÿ,

w � âåêòîð ïàðàìåòðîâ ìîäåëè.

Êðèòåðèé: ìèíèìóì ñðåäíåêâàäðàòè÷íîé îøèáêè ïðîãíîçîâ:

T∑

t=T0

(
ŷt+d (w)− yt+d

)2
→ min

w

Ïðèìåð: ëèíåéíàÿ ìîäåëü àâòîðåãðåññèè.

Â ðîëè ïðèçíàêîâ âûñòóïàþò n ïðåäûäóùèõ íàáëþäåíèé ðÿäà:

ŷt+1(w) =
n∑

j=1

wjyt−j+1, w ∈ R
n

Â ðîëè îáúåêòîâ ℓ = t − n + 1 ìîìåíòîâ èñòîðèè ðÿäà.
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�åãóëÿðèçàòîðû, øòðà�óþùèå ñëîæíîñòü ëèíåéíîé ìîäåëè

�åãóëÿðèçàòîð � àääèòèâíàÿ äîáàâêà ê îñíîâíîìó êðèòåðèþ:

ℓ∑

i=1

L (w , xi ) + τ øòðà�(w) → min
w

ãäå τ � êîý��èöèåíò ðåãóëÿðèçàöèè

L2-ðåãóëÿðèçàöèÿ:

øòðà�(w) = ‖w‖22 =
n∑

j=1
w2
j .

L1-ðåãóëÿðèçàöèÿ (ïðèâîäèò ê îòáîðó ïðèçíàêîâ):

øòðà�(w) = ‖w‖1 =
n∑

j=1
|wj |.

L0-ðåãóëÿðèçàöèÿ (ïðèâîäèò ê îòáîðó ïðèçíàêîâ):

øòðà�(w) = ‖w‖0 =
n∑

j=1

[
wj 6= 0

]
.
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L1-ðåãóëÿðèçàöèÿ ïðèâîäèò ê îòáîðó ïðèçíàêîâ

Ýêâèâàëåíòíàÿ ïîñòàíîâêà çàäà÷è

ℓ∑

i=1
L (w , xi ) → min

w

ñ ðåãóëÿðèçàòîðîì â âèäå îãðàíè÷åíèÿ-íåðàâåíñòâà:

L1 � ýòî ìåòîä LASSO

(Least Absolute Shrinkage

and Seletion Operator)

ïðèâîäèò ê îáíóëåíèþ

íåêîòîðûõ wj , òî åñòü

ê îòáîðó ïðèçíàêîâ

L1:

n∑

j=1

|wj | 6 κ L2:

n∑

j=1

w2
j 6 κ

T.Hastie, R.Tibshirani, J.Friedman. The Elements of Statistial Learning. 2017.
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�åîìåòðè÷åñêèé ñìûñë Lp-ðåãóëÿðèçàòîðîâ

Îòáîð ïðèçíàêîâ ïðîèñõîäèò áëàãîäàðÿ íåãëàäêîñòè íîðìû:
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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
.

�åãóëÿðèçàòîðû ñ ý��åêòàìè îòáîðà è ãðóïïèðîâêè ïðèçíàêîâ:

LASSO (L1): Rµ(w) = µ|w |

Elasti Net: Rµ(w) = µ|w |+ τw2

Support Feature Mahine (SFM):

Rµ(w) =

{

2µ|w |, |w | 6 µ;

µ2 + w2, |w | > µ;

Relevane Feature Mahine (RFM):

Rµ(w) = ln
(
µw2 + 1

)
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Îáó÷åíèå ðàíæèðîâàíèþ

Çàäà÷è ðàíæèðîâàíèÿ (Learning to Rank, LtR, L2R, LETOR)

�àíæèðîâàíèå íóæíî âåçäå, ãäå ñèñòåìà ïðåäîñòàâëÿåò

ïîëüçîâàòåëþ âûáîð èç áîëüøîãî ÷èñëà âàðèàíòîâ:

âûäà÷à ïîèñêîâîé ñèñòåìû

ðåêîìåíäàöèè êíèã, �èëüìîâ, ìóçûêè, è äð. òîâàðîâ

ðåêîìåíäàöèè êîíòåíòà â äèñòàíöèîííîì îáðàçîâàíèè

àâòîìàòè÷åñêîå çàâåðøåíèå çàïðîñà (auto-suggest)

âàðèàíòû îòâåòà â äèàëîãîâûõ ñèñòåìàõ

âàðèàíòû ïåðåâîäà â ñèñòåìàõ ìàøèííîãî ïåðåâîäà

Êðèòåðèé êîíñòðóèðóåòñÿ ïî-ðàçíîìó â òð¼õ ïîäõîäàõ:

Point-wise � ïîòî÷å÷íûé (àíàëîã ðåãðåññèè/êëàññè�èêàöèè)

Pair-wise � ïîïàðíûé (êà÷åñòâî ïàðíûõ ñðàâíåíèé)

List-wise � ñïèñî÷íûé (êà÷åñòâî ðàíæèðîâàííîãî ñïèñêà)
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Îáó÷åíèå ñ ó÷èòåëåì

Îáó÷åíèå áåç ó÷èòåëÿ

Íåêëàññè÷åñêèå ïàðàäèãìû îáó÷åíèÿ

Êëàññè�èêàöèÿ è ðåãðåññèÿ

�åãóëÿðèçàöèÿ

Îáó÷åíèå ðàíæèðîâàíèþ

Ïîïàðíûé (pair-wise) ïîäõîä ê îáó÷åíèþ ðàíæèðîâàíèþ

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

i ≺ j � ïðàâèëüíûé ïîðÿäîê íà ïàðàõ îáúåêòîâ (xi , xj )
(íàïðèìåð, â ïîèñêå äâà äîêóìåíòà â îòâåò íà îäèí çàïðîñ)

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

i ≺ j ⇒ a(xi ,w) < a(xj ,w)

Êðèòåðèé: ÷èñëî íåâåðíî óïîðÿäî÷åííûõ ïàð îáúåêòîâ (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)
︸ ︷︷ ︸

Mij(w)

)
→ min

w

ãäå L(M) � óáûâàþùàÿ �óíêöèÿ ïàðíîãî îòñòóïà Mij(w)

Ê.Â. Âîðîíöîâ (k.v.vorontsov�physteh.edu) ÌÌÌÎ: îáçîð îïòèìèçàöèîííûõ çàäà÷ 15 / 34



Îáó÷åíèå ñ ó÷èòåëåì

Îáó÷åíèå áåç ó÷èòåëÿ

Íåêëàññè÷åñêèå ïàðàäèãìû îáó÷åíèÿ

Âîññòàíîâëåíèå ïëîòíîñòè ðàñïðåäåëåíèÿ

Êëàñòåðèçàöèÿ è ÷àñòè÷íîå îáó÷åíèå

Îáó÷àåìàÿ âåêòîðèçàöèÿ îáúåêòîâ

Çàäà÷à âîññòàíîâëåíèÿ ïëîòíîñòè ðàñïðåäåëåíèÿ

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

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

Ê.Â. Âîðîíöîâ (k.v.vorontsov�physteh.edu) ÌÌÌÎ: îáçîð îïòèìèçàöèîííûõ çàäà÷ 16 / 34



Îáó÷åíèå ñ ó÷èòåëåì

Îáó÷åíèå áåç ó÷èòåëÿ

Íåêëàññè÷åñêèå ïàðàäèãìû îáó÷åíèÿ

Âîññòàíîâëåíèå ïëîòíîñòè ðàñïðåäåëåíèÿ

Êëàñòåðèçàöèÿ è ÷àñòè÷íîå îáó÷åíèå

Îáó÷àåìàÿ âåêòîðèçàöèÿ îáúåêòîâ

Çàäà÷à âîññòàíîâëåíèÿ ñìåñè ïëîòíîñòåé ðàñïðåäåëåíèÿ

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

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

Ê.Â. Âîðîíöîâ (k.v.vorontsov�physteh.edu) ÌÌÌÎ: îáçîð îïòèìèçàöèîííûõ çàäà÷ 17 / 34



Îáó÷åíèå ñ ó÷èòåëåì

Îáó÷åíèå áåç ó÷èòåëÿ

Íåêëàññè÷åñêèå ïàðàäèãìû îáó÷åíèÿ

Âîññòàíîâëåíèå ïëîòíîñòè ðàñïðåäåëåíèÿ

Êëàñòåðèçàöèÿ è ÷àñòè÷íîå îáó÷åíèå

Îáó÷àåìàÿ âåêòîðèçàöèÿ îáúåêòîâ

Çàäà÷à êëàñòåðèçàöèè (lustering)

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

Íàéòè:

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

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

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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Îáó÷åíèå ñ ó÷èòåëåì

Îáó÷åíèå áåç ó÷èòåëÿ

Íåêëàññè÷åñêèå ïàðàäèãìû îáó÷åíèÿ

Âîññòàíîâëåíèå ïëîòíîñòè ðàñïðåäåëåíèÿ

Êëàñòåðèçàöèÿ è ÷àñòè÷íîå îáó÷åíèå

Îáó÷àåìàÿ âåêòîðèçàöèÿ îáúåêòîâ

Îäíîêëàññîâàÿ êëàññè�èêàöèÿ (one-lass lassi�ation)

Çàäà÷è äåòåêöèè âûáðîñîâ / àíîìàëèé / íîâèçíû

(outlier / anomaly / novelty detetion)

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

Íàéòè: öåíòð c ∈ R
n
è ðàäèóñ r øàðà,

îõâàòûâàþùåãî âñþ âûáîðêó êðîìå,

áûòü ìîæåò, íåáîëüøîãî ÷èñëà

àíîìàëüíûõ îáúåêòîâ-âûáðîñîâ

Êðèòåðèé: ìèíèìèçàöèÿ ðàäèóñà øàðà

è ñóììû øòðà�îâ çà âûõîä èç øàðà:

τ r2 +
ℓ∑

i=1

L
(
r2 − ‖xi − c‖2
︸ ︷︷ ︸

ζi=margin(c,r)

)
→ min

c,r
,

ãäå L(M) � óáûâàþùàÿ �óíêöèÿ îòñòóïà
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Îáó÷åíèå ñ ó÷èòåëåì

Îáó÷åíèå áåç ó÷èòåëÿ

Íåêëàññè÷åñêèå ïàðàäèãìû îáó÷åíèÿ

Âîññòàíîâëåíèå ïëîòíîñòè ðàñïðåäåëåíèÿ

Êëàñòåðèçàöèÿ è ÷àñòè÷íîå îáó÷åíèå

Îáó÷àåìàÿ âåêòîðèçàöèÿ îáúåêòîâ

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: êëàññè�èêàöèè {ak+1, . . . , aℓ} íåðàçìå÷åííûõ îáúåêòîâ

Êðèòåðèé: áåç ìîäåëè êëàññè�èêàöèè (transdutive learning):

ℓ∑

i=1

‖xi − µai‖
2 + λ

k∑

i=1

[
ai 6= yi

]
→ min

{ai}, {µj}

Êðèòåðèé  ìîäåëüþ êëàññè�èêàöèè ai = a(xi ,w):
ℓ∑

i=1

‖xi − µai‖
2 + λ

k∑

i=1

L (w , xi , yi ) + τR(w) → min
{ai}, {µj}, w

ãäå L (w , xi , yi ) � �óíêöèÿ ïîòåðü äëÿ ìîäåëè a(xi ,w)

Ê.Â. Âîðîíöîâ (k.v.vorontsov�physteh.edu) ÌÌÌÎ: îáçîð îïòèìèçàöèîííûõ çàäà÷ 20 / 34



Îáó÷åíèå ñ ó÷èòåëåì

Îáó÷åíèå áåç ó÷èòåëÿ

Íåêëàññè÷åñêèå ïàðàäèãìû îáó÷åíèÿ

Âîññòàíîâëåíèå ïëîòíîñòè ðàñïðåäåëåíèÿ

Êëàñòåðèçàöèÿ è ÷àñòè÷íîå îáó÷åíèå

Îáó÷àåìàÿ âåêòîðèçàöèÿ îáúåêòîâ

×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

ìåäèöèíñêàÿ äèàãíîñòèêà ïðè íåèçâåñòíîì àíàìíåçå

àâòîìàòè÷åñêîå ïîïîëíåíèå áàçû çíàíèé �àêòàìè

Ìîäåëü äâóõêëàññîâîé êëàññè�èêàöèè a(xi ,w) ∈ {−1,+1}
Íåðàçìå÷åííûå òðàêòóþòñÿ êàê íåãàòèâíûå ñ âåñîì λ ≪ 1:

k∑

i=1

L (w , xi ,+1) + λ

ℓ∑

i=k+1

L (w , xi ,−1) + τR(w) → min
w

Íåðàçìå÷åííûå ìîãóò âûáèðàòüñÿ ñëó÷àéíî (Negative Sampling)

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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Îáó÷åíèå ñ ó÷èòåëåì

Îáó÷åíèå áåç ó÷èòåëÿ

Íåêëàññè÷åñêèå ïàðàäèãìû îáó÷åíèÿ

Âîññòàíîâëåíèå ïëîòíîñòè ðàñïðåäåëåíèÿ

Êëàñòåðèçàöèÿ è ÷àñòè÷íîå îáó÷åíèå

Îáó÷àåìàÿ âåêòîðèçàöèÿ îáúåêòîâ

Çàäà÷à îáó÷åíèÿ àâòîêîäèðîâùèêà (AutoEnoder)

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

Íàéòè ìîäåëü âåêòîðèçàöèè, ñîõðàíÿþùóþ èí�îðìàöèþ:

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

Êðèòåðèé: òî÷íîñòü âîññòàíîâëåíèÿ îáúåêòîâ g(f (xi )) = x̂i ≈ xi

ℓ∑

i=1

L
(
g(f (xi , α), β), xi

)
→ min

α,β

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

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

m

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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Îáó÷åíèå ñ ó÷èòåëåì

Îáó÷åíèå áåç ó÷èòåëÿ

Íåêëàññè÷åñêèå ïàðàäèãìû îáó÷åíèÿ

Âîññòàíîâëåíèå ïëîòíîñòè ðàñïðåäåëåíèÿ

Êëàñòåðèçàöèÿ è ÷àñòè÷íîå îáó÷åíèå

Îáó÷àåìàÿ âåêòîðèçàöèÿ îáúåêòîâ

Àâòîêîäèðîâùèê, ÷àñòè÷íî îáó÷àåìûé ñ ó÷èòåëåì

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

ℓ
i=k+1

Íàéòè: êîäèðîâùèê f , äåêîäèðîâùèê g è ïðåäèêòîð ŷ

(ïðåäñêàçàòåëüíóþ ìîäåëü 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

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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Îáó÷åíèå ñ ó÷èòåëåì

Îáó÷åíèå áåç ó÷èòåëÿ

Íåêëàññè÷åñêèå ïàðàäèãìû îáó÷åíèÿ

Âîññòàíîâëåíèå ïëîòíîñòè ðàñïðåäåëåíèÿ

Êëàñòåðèçàöèÿ è ÷àñòè÷íîå îáó÷åíèå

Îáó÷àåìàÿ âåêòîðèçàöèÿ îáúåêòîâ

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

Êðèòåðèé: òî÷íîñòü âîññòàíîâëåíèÿ X ïðîèçâåäåíèåì ZB :

∥
∥X − ZB

∥
∥
Ω
=

∑

(i ,j)∈Ω

L

(

xij −
∑

t

zitbtj

)

→ min
Z ,B

Ïðèìåíåíèÿ ìàòðè÷íûõ ðàçëîæåíèé:

äëÿ âîññòàíîâëåíèÿ ïóñòûõ ÿ÷ååê (missing values) xij 6∈ Ω

äëÿ ãåíåðàöèè ñæàòûõ âåêòîðíûõ ïðåäñòàâëåíèé xi 7→ zi

äëÿ âåêòîðèçàöèè îáúåêòîâ ïî òðàíçàêöèîííûì äàííûì

â ðåêîìåíäàòåëüíûõ ñèñòåìàõ

â òåìàòè÷åñêîì ìîäåëèðîâàíèè
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Îáó÷åíèå ñ ó÷èòåëåì

Îáó÷åíèå áåç ó÷èòåëÿ

Íåêëàññè÷åñêèå ïàðàäèãìû îáó÷åíèÿ

Âîññòàíîâëåíèå ïëîòíîñòè ðàñïðåäåëåíèÿ

Êëàñòåðèçàöèÿ è ÷àñòè÷íîå îáó÷åíèå

Îáó÷àåìàÿ âåêòîðèçàöèÿ îáúåêòîâ

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

Äàíî: (i , j) ∈ E � âûáîðêà ð¼áåð ãðà�à 〈V ,E 〉,
xij � ñõîäñòâî (áëèçîñòü, similarity) âåðøèí ðåáðà (i , j)
Íàïðèìåð, xij = [(i , j) ∈ E ] � ìàòðèöà ñìåæíîñòè âåðøèí.

Íàéòè: âåêòîðíûå ïðåäñòàâëåíèÿ âåðøèí zi ∈ R
d
, ÷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×d

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

∥
∥X − ZBò

∥
∥
E
=

∑

(i ,j)∈E

(
xij − 〈zi , bj〉

)2
→ min

Z ,B
, Z ,B ∈ 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

Íåêëàññè÷åñêèå ïàðàäèãìû îáó÷åíèÿ

Âîññòàíîâëåíèå ïëîòíîñòè ðàñïðåäåëåíèÿ

Êëàñòåðèçàöèÿ è ÷àñòè÷íîå îáó÷åíèå

Îáó÷àåìàÿ âåêòîðèçàöèÿ îáúåêòîâ

Ìíîãîìåðíîå øêàëèðîâàíèå (multidimensional saling, MDS)

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

Íàéòè: âåêòîðíûå ïðåäñòàâëåíèÿ âåðøèí zi ∈ R
d
, ÷òîáû

áëèçêèå (ïî ãðà�ó) âåðøèíû èìåëè áëèçêèå âåêòîðû

Êðèòåðèé ñòðåññà (stress):

∑

(i ,j)∈E

wij

(
ρ(zi , zj)− xij

)2
→ min

Z
, Z ∈ R

V×d ,

ãäå ρ(zi , zj) = ‖zi − zj‖ � îáû÷íî åâêëèäîâî ðàññòîÿíèå,

wij � âåñà (êàêèå ðàññòîÿíèÿ âàæíåå, áîëüøèå èëè ìàëûå)

Îáû÷íî ðåøàåòñÿ ìåòîäîì ñòîõàñòè÷åñêîãî ãðàäèåíòà (SG)

I.Chami et al. Mahine learning on graphs: a model and omprehensive taxonomy. 2020.
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Íåêëàññè÷åñêèå ïàðàäèãìû îáó÷åíèÿ

Âîññòàíîâëåíèå ïëîòíîñòè ðàñïðåäåëåíèÿ

Êëàñòåðèçàöèÿ è ÷àñòè÷íîå îáó÷åíèå

Îáó÷àåìàÿ âåêòîðèçàöèÿ îáúåêòîâ

Ìíîãîìåðíîå øêàëèðîâàíèå äëÿ âèçóàëèçàöèè äàííûõ

Ïðè d = 2 îñóùåñòâëÿåòñÿ ïðîåêöèÿ âûáîðêè íà ïëîñêîñòü

Èñïîëüçóåòñÿ äëÿ âèçóàëèçàöèè êëàñòåðíûõ ñòðóêòóð

Ôîðìó îáëàêà òî÷åê ìîæíî íàñòðàèâàòü âåñàìè è ìåòðèêîé

Íåäîñòàòîê � èñêàæåíèÿ íåèçáåæíû

Íàèáîëåå ïîïóëÿðíûé ìåòîä äëÿ âèçóàëèçàöèè � t-SNE

Laurens van der Maaten, Geo�rey Hinton. Visualizing data using t-SNE. 2008
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Îáó÷åíèå ñ ó÷èòåëåì

Îáó÷åíèå áåç ó÷èòåëÿ

Íåêëàññè÷åñêèå ïàðàäèãìû îáó÷åíèÿ

Ïåðåíîñ îáó÷åíèÿ è ìíîãîçàäà÷íîå îáó÷åíèå

Îáó÷åíèå ñ ïðèâèëåãèðîâàííîé èí�îðìàöèåé

Òèïîëîãèÿ çàäà÷ ìàøèííîãî îáó÷åíèÿ

Ïåðåíîñ îáó÷åíèÿ (transfer learning)

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

y = g(z , 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

(
g(f (xi , α), 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

(
g ′(f (x ′i , α), β

′)
)

→ min
β′

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

m∑

i=1
L

′
i

(
g ′(f (x ′i , α), β)

)
→ min

α,β

Sinno Jialin Pan, Qiang Yang. A Survey on Transfer Learning. 2009
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Íåêëàññè÷åñêèå ïàðàäèãìû îáó÷åíèÿ

Ïåðåíîñ îáó÷åíèÿ è ìíîãîçàäà÷íîå îáó÷åíèå

Îáó÷åíèå ñ ïðèâèëåãèðîâàííîé èí�îðìàöèåé

Òèïîëîãèÿ çàäà÷ ìàøèííîãî îáó÷åíèÿ

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

∑

xti∈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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Ïåðåíîñ îáó÷åíèÿ è ìíîãîçàäà÷íîå îáó÷åíèå
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Òèïîëîãèÿ çàäà÷ ìàøèííîãî îáó÷åíèÿ

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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Òèïîëîãèÿ çàäà÷ ìàøèííîãî îáó÷åíèÿ

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 ó 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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Ïåðåíîñ îáó÷åíèÿ è ìíîãîçàäà÷íîå îáó÷åíèå

Îáó÷åíèå ñ ïðèâèëåãèðîâàííîé èí�îðìàöèåé

Òèïîëîãèÿ çàäà÷ ìàøèííîãî îáó÷åíèÿ

Îáó÷åíèå ñ èñïîëüçîâàíèåì ïðèâèëåãèðîâàííîé èí�îðìàöèè

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

Âàðèàíòû LUPI (Learning Using Priveleged Information):

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

÷àñòè÷íîå òðàíñäóêòèâíîå ÷àñòè÷íîå (SLUPI)

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

Information // Neural Networks. 2009.
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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)

âîññòàíîâëåíèå ïëîòíîñòè (density estimation)

êëàñòåðèçàöèÿ (lustering)

îäíîêëàññîâàÿ êëàññè�èêàöèÿ (OCC, anomaly detetion)

ïîèñê àññîöèàòèâíûõ ïðàâèë (assoiation rule learning)

4

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

òðàíñäóêòèâíîå îáó÷åíèå (transdutive learning)

îáó÷åíèå ñ ïîëîæèòåëüíûìè ïðèìåðàìè (PU-learning)



Òèïîëîãèÿ çàäà÷ ìàøèííîãî îáó÷åíèÿ

5

Îáó÷àåìàÿ âåêòîðèçàöèÿ îáúåêòîâ (representation learning)

àâòîêîäèðîâùèêè (autoenoders, feature learning)

ìàòðè÷íûå ðàçëîæåíèÿ (matrix fatorization)

îáó÷åíèå ìíîãîîáðàçèé (manifold learning)

6

Ïåðåíîñ îáó÷åíèÿ (transfer learning)

7

Ìíîãîçàäà÷íîå îáó÷åíèå (multitask learning)

8

Ïðèâèëåãèðîâàííîå îáó÷åíèå (privileged learning, distilling)

9

Èíêðåìåíòíîå îáó÷åíèå (online/inremental learning)

10

Àêòèâíîå îáó÷åíèå (ative learning)

11

Îáó÷åíèå ñ ïîäêðåïëåíèåì (reinforement learning)

12

Ìåòà-îáó÷åíèå (meta-learning, AutoML)

13

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

14

Îáó÷åíèå ñòðóêòóðû ìîäåëè (struture learning)

15

�ëóáîêîå îáó÷åíèå (deep learning)

Ïîðîæäåíèå ñòðóêòóðèðîâàííûõ äàííûõ (strutured output)

Ñîñòÿçàòåëüíîå îáó÷åíèå (adversarial learning)
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