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Îáùàÿ îïòèìèçàöèîííàÿ çàäà÷à ìàøèííîãî îáó÷åíèÿ

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

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

Êðèòåðèé: ìèíèìóì ýìïèðè÷åñêîãî ðèñêà

ℓ∑

i=1

Li (a(xi ,w)) → min
w

èëè ìèíèìóì ðåãóëÿðèçîâàííîãî ýìïèðè÷åñêîãî ðèñêà

ℓ∑

i=1

Li (a(xi ,w)) + R(w) → min
w

ãäå Li � �óíêöèÿ ïîòåðü ìîäåëè w íà îáúåêòå xi
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Îïòèìèçàöèîííàÿ çàäà÷à âîññòàíîâëåíèÿ ðåãðåññèè

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

n
, yi ∈ R

1

Ôèêñèðóåòñÿ ìîäåëü ðåãðåññèè, íàïðèìåð, ëèíåéíàÿ:

a(x ,w) = 〈x ,w〉 =
n∑

j=1

wj fj(x), w ∈ R
n

2

Ôèêñèðóåòñÿ �óíêöèÿ ïîòåðü, íàïðèìåð, êâàäðàòè÷íàÿ:

Li (a) = (a − yi)
2

3

Ìåòîä îáó÷åíèÿ � ìåòîä íàèìåíüøèõ êâàäðàòîâ:

Q(w) =
ℓ∑

i=1

(
a(xi ,w)− yi

)2
→ min

w

4

Ïðîâåðêà ïî òåñòîâîé âûáîðêå X k = (x̃i , ỹi )
k
i=1:

Q̄(w) =
1

k

k∑

i=1

(
a(x̃i ,w)− ỹi

)2
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Îïòèìèçàöèîííàÿ çàäà÷à îáó÷åíèÿ êëàññè�èêàöèÿ

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〈x ,w〉 = sign
n∑

j=1

wj fj(x)

2

Ôóíêöèÿ ïîòåðü � ïîðîãîâàÿ èëè å¼ âåðõíÿÿ îöåíêà:

Li (a) =
[
ayi < 0

]
=

[
〈xi ,w〉yi < 0

]
6 L

(
〈xi ,w〉yi

)

3

Ìåòîä îáó÷åíèÿ � ìèíèìèçàöèÿ ýìïèðè÷åñêîãî ðèñêà:

Q(w) =
ℓ∑

i=1

[
〈xi ,w〉yi < 0

]
6

ℓ∑

i=1

L
(
〈xi ,w〉yi

)
→ min

w

4

Ïðîâåðêà ïî òåñòîâîé âûáîðêå X k = (x̃i , ỹi )
k
i=1:

Q̄(w) =
1

k

k∑

i=1

[
〈x̃i ,w〉ỹi < 0

]
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Íåïðåðûâíûå âåðõíèå îöåíêè ïîðîãîâîé �óíêöèè ïîòåðü

×àñòî èñïîëüçóåìûå íåïðåðûâíûå �óíêöèè ïîòåðü L (M):
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        Q

H             

M

[M < 0] � ïîðîãîâàÿ �óíêöèÿ ïîòåðü

V (M) = (1−M)+ � êóñî÷íî-ëèíåéíàÿ (SVM)

H(M) = (−M)+ � êóñî÷íî-ëèíåéíàÿ (Hebb's rule)

L(M) = log2(1 + e
−M) � ëîãàðè�ìè÷åñêàÿ (LR)

Q(M) = (1−M)2 � êâàäðàòè÷íàÿ (FLD)

S(M) = 2(1 + e
M)−1

� ñèãìîèäíàÿ (ANN)

E(M) = e
−M

� ýêñïîíåíöèàëüíàÿ (AdaBoost)
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Ìåòîä îïîðíûõ âåêòîðîâ SVM (äâóõêëàññîâûé)

Mi(w ,w0) = yi
(
〈w , xi 〉 − w0

)
� îòñòóï â ëèíåéíîé ìîäåëè

Êóñî÷íî-ëèíåéíàÿ �óíêöèÿ ïîòåðü:

ℓ∑

i=1

(
1−Mi(w ,w0)

)

+
+

1

2C
‖w‖2 → min

w ,w0

Ôóíêöèÿ ïîòåðü øòðà�óåò îáúåêòû

çà ïðèáëèæåíèå ê ãðàíèöå êëàññîâ

�åãóëÿðèçàöèÿ ìàêñèìèçèðóåò çàçîð

ìåæäó êëàññàìè è øòðà�óåò

ìóëüòèêîëëèíåàðíîñòü

-3 -2 -1 0 1 2 3

0
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(1−M)+

[M < 0]

Âàæíåéøèå ñâîéñòâà SVM:

Çàäà÷à âûïóêëîãî ïðîãðàììèðîâàíèÿ, ðåøåíèå åäèíñòâåííî

�åøåíèå ðàçðåæåíî � çàâèñèò òîëüêî îò îïîðíûõ îáúåêòîâ

Îáîáùåíèå íà íåëèíåéíûå ìîäåëè: 〈x , xi 〉 → K (x , xi )
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Ëîãèñòè÷åñêàÿ ðåãðåññèÿ (äâóõêëàññîâàÿ)

Ëèíåéíàÿ ìîäåëü êëàññè�èêàöèè a(x ,w) = sign〈x ,w〉
Ëîãàðè�ìè÷åñêàÿ �óíêöèÿ ïîòåðü:

ℓ∑

i=1

ln
(
1 + exp(−〈w , xi 〉yi )

)
+

τ

2
‖w‖2 → min

w

Ëîãàðè�ìè÷åñêàÿ �óíêöèÿ ïîòåðü:

L (M) = ln
(
1 + e−M

)

-3,0 -2,5 -2,0 -1,5 -1,0 -0,5 0 0,5 1,0 1,5 2,0 2,5 3,0

0
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M

L (M)

Ìîäåëü óñëîâíîé âåðîÿòíîñòè:

P(y |x ,w) = σ(M) = 1
1+e−M ,

ãäå σ(M) � ñèãìîèäíàÿ �óíêöèÿ

-6 -5 -4 -3 -2 -1 0 1 2 3 4 5 6
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Ëîãèñòè÷åñêàÿ ðåãðåññèÿ (ìíîãîêëàññîâàÿ)

Ëèíåéíûé êëàññè�èêàòîð ïðè ïðîèçâîëüíîì ÷èñëå êëàññîâ |Y |:

a(x ,w) = argmax
y∈Y

〈wy , x〉, x ,wy ∈ R
n

Âåðîÿòíîñòü òîãî, ÷òî îáúåêò x îòíîñèòñÿ ê êëàññó y :

P(y |x ,w) =
exp〈wy , x〉

∑

z∈Y

exp〈wz , x〉
= SoftMax

y∈Y
〈wy , x〉,

ãäå SoftMax: RY → R
Y
ïåðåâîäèò ïðîèçâîëüíûé âåêòîð

â íîðìèðîâàííûé âåêòîð äèñêðåòíîãî ðàñïðåäåëåíèÿ.

Ìàêñèìèçàöèÿ ïðàâäîïîäîáèÿ (log-loss) ñ ðåãóëÿðèçàöèåé:

−

ℓ∑

i=1

lnP(yi |xi ,w) +
τ

2

∑

y∈Y

‖wy‖
2 → min

w
.
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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 ðåãðåññèè: ëèíåéíàÿ a(xi ,w) = 〈xi ,w〉.

Ñâåäåíèå ê çàäà÷å ëèíåéíîãî ïðîãðàììèðîâàíèÿ:

çàìåíà ïåðåìåííûõ ε+i =
(
a(xi)− yi

)

+
, ε−i =

(
yi − a(xi )

)

+
;







Q =

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 ðåãðåññèÿ

Ôóíêöèÿ Ìåøàëêèíà: L (ε) = b
(
1− exp

(
− 1

b
ε2
))
, ε = f − 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: a(x) = f (x ,w)

Ïîñòàíîâêà îïòèìèçàöèîííîé çàäà÷è:

ℓ∑

i=1

exp
(

− 1
b
(f (xi ,w)− yi)

2
)

→ max
w

×èñëåííîå ðåøåíèå ìåòîäîì Íüþòîíà-�à�ñîíà
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SVM-ðåãðåññèÿ

Ìîäåëü ðåãðåññèè: a(x) = 〈x ,w〉 − w0, w ∈ R
n
, w0 ∈ R.

Ôóíêöèÿ ïîòåðü: L (ε) =
(
|ε| − δ

)

+

-3 -2 -1 0 1 2 3

0

1

2

3

Ïîñòàíîâêà îïòèìèçàöèîííîé çàäà÷è:

ℓ∑

i=1

(
|〈w , xi 〉 − w0 − yi | − δ

)

+
+

1

2C
‖w‖2 → min

w ,w0

.

Ñâîäèòñÿ ê âûïóêëîé çàäà÷å êâàäðàòè÷íîãî ïðîãðàììèðîâàíèÿ
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�åãóëÿðèçàòîðû, øòðà�óþùèå ñëîæíîñòü ìîäåëè

�åãóëÿðèçàòîð � àääèòèâíàÿ äîáàâêà ê îñíîâíîìó êðèòåðèþ:

Q(w) =

ℓ∑

i=1

Li

(
〈xi ,w〉

)
+ τ øòðà�(w) → min

w

ãäå τ � êîý��èöèåíò ðåãóëÿðèçàöèè

L2-ðåãóëÿðèçàöèÿ (ãðåáíåâàÿ ðåãðåññèÿ, SVM):

øòðà�(w) = ‖w‖22 =
n∑

j=1
w2
j .

L1-ðåãóëÿðèçàöèÿ (LASSO, Elasti
Net):

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

]
.
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Íåãëàäêèå ðåãóëÿðèçàòîðû äëÿ îòáîðà ïðèçíàêîâ

Îáùèé âèä ðåãóëÿðèçàòîðîâ (µ � ïàðàìåòð ñåëåêòèâíîñòè):

ℓ∑

i=1

Li (a(xi ,w)) + τ
n∑

j=1
Rµ(wj) → min

w
.

Elasti
 Net:

Rµ(α) = µ|α|+ α2

Support Features Ma
hine (SFM):

Rµ(α) =

{

2µ|α|, |α| 6 µ;

µ2 + α2, |α| > µ;

Relevan
e Features Ma
hine (RFM):

Rµ(α) = ln
(
µα2 + 1

)
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Îáó÷åíèå ñ ó÷èòåëåì

Îáó÷åíèå áåç ó÷èòåëÿ

Íåêîòîðûå íåêëàññè÷åñêèå ïàðàäèãìû îáó÷åíèÿ

�åãðåññèÿ è êëàññè�èêàöèÿ

�åãóëÿðèçàöèÿ

�àíæèðîâàíèå

Îïðåäåëåíèÿ è îáîçíà÷åíèÿ

X � ìíîæåñòâî îáúåêòîâ

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

i ≺ j � ïðàâèëüíûé ïîðÿäîê íà ïàðàõ (i , j) ∈ {1, . . . , ℓ}2

Çàäà÷à:

ïîñòðîèòü ðàíæèðóþùóþ �óíêöèþ a : X → R òàêóþ, ÷òî

i ≺ j ⇒ a(xi) < a(xj)

Ëèíåéíàÿ ìîäåëü ðàíæèðîâàíèÿ:

a(x ,w) =
〈
x ,w

〉

ãäå x 7→
(
f1(x), . . . , fn(x)

)
∈ R

n
� âåêòîð ïðèçíàêîâ îáúåêòà x
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Îáó÷åíèå ñ ó÷èòåëåì

Îáó÷åíèå áåç ó÷èòåëÿ

Íåêîòîðûå íåêëàññè÷åñêèå ïàðàäèãìû îáó÷åíèÿ

�åãðåññèÿ è êëàññè�èêàöèÿ

�åãóëÿðèçàöèÿ

�àíæèðîâàíèå

Ïðèìåð. Çàäà÷à ðàíæèðîâàíèÿ ïîèñêîâîé âûäà÷è

D � êîëëåêöèÿ òåêñòîâûõ äîêóìåíòîâ (do
uments)

Q � ìíîæåñòâî çàïðîñîâ (queries)

Dq ⊆ D � ìíîæåñòâî äîêóìåíòîâ, íàéäåííûõ ïî çàïðîñó q

X = Q × D � îáúåêòàìè ÿâëÿþòñÿ ïàðû ¾çàïðîñ, äîêóìåíò¿:

x ≡ (q, d), q ∈ Q, d ∈ Dq

Y � óïîðÿäî÷åííîå ìíîæåñòâî ðåéòèíãîâ

y : X → Y � îöåíêè ðåëåâàíòíîñòè, ïîñòàâëåííûå àñåññîðàìè:

÷åì âûøå îöåíêà y(q, d), òåì ðåëåâàíòíåå äîêóìåíò d çàïðîñó q

Ïðàâèëüíûé ïîðÿäîê îïðåäåë¼í òîëüêî ìåæäó äîêóìåíòàìè,

íàéäåííûìè ïî îäíîìó è òîìó æå çàïðîñó q:

(q, d) ≺ (q, d ′) ⇔ y(q, d) < y(q, d ′)
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Îáó÷åíèå ñ ó÷èòåëåì

Îáó÷åíèå áåç ó÷èòåëÿ

Íåêîòîðûå íåêëàññè÷åñêèå ïàðàäèãìû îáó÷åíèÿ

�åãðåññèÿ è êëàññè�èêàöèÿ

�åãóëÿðèçàöèÿ

�àíæèðîâàíèå

Îñíîâíûå ïîäõîäû ê ðàíæèðîâàíèþ

Point-wise � ïîòî÷å÷íûé

Pair-wise � ïîïàðíûé

List-wise � ñïèñî÷íûé

Ïåðåõîä ê ãëàäêîìó �óíêöèîíàëó êà÷åñòâà ðàíæèðîâàíèÿ:

Q(w) =
∑

i≺j

[
a(xj)− a(xi )
︸ ︷︷ ︸

Margin(i ,j)

< 0
]
6

∑

i≺j

L
(
a(xj ,w)−a(xi ,w)

)
→ min

w

ãäå a(x ,w) � ìîäåëü ðàíæèðîâàíèÿ ñ âåêòîðîì ïàðàìåòðîâ w ;

L (M) � óáûâàþùàÿ íåïðåðûâíàÿ �óíêöèÿ îòñòóïà Margin(i , j):

L (M) = (1−M)+ � RankSVM, àíàëîã SVM

L (M) = ln(1 + e−M) � RankNet, àíàëîã LR

L (M) = exp(−M) � RankBoost, àíàëîã AdaBoost
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Îáó÷åíèå ñ ó÷èòåëåì

Îáó÷åíèå áåç ó÷èòåëÿ

Íåêîòîðûå íåêëàññè÷åñêèå ïàðàäèãìû îáó÷åíèÿ

Âîññòàíîâëåíèå ïëîòíîñòè

Êëàñòåðèçàöèÿ è ÷àñòè÷íîå îáó÷åíèå

Ïîíèæåíèå ðàçìåðíîñòè è îáó÷åíèå ïðåäñòàâëåíèé

Çàäà÷à âîññòàíîâëåíèÿ ïëîòíîñòè ðàñïðåäåëåíèÿ

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

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

Íåêîòîðûå íåêëàññè÷åñêèå ïàðàäèãìû îáó÷åíèÿ

Âîññòàíîâëåíèå ïëîòíîñòè

Êëàñòåðèçàöèÿ è ÷àñòè÷íîå îáó÷åíèå

Ïîíèæåíèå ðàçìåðíîñòè è îáó÷åíèå ïðåäñòàâëåíèé

Çàäà÷à âîññòàíîâëåíèÿ ñìåñè ïëîòíîñòåé ðàñïðåäåëåíèÿ

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

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

Íåêîòîðûå íåêëàññè÷åñêèå ïàðàäèãìû îáó÷åíèÿ

Âîññòàíîâëåíèå ïëîòíîñòè

Êëàñòåðèçàöèÿ è ÷àñòè÷íîå îáó÷åíèå

Ïîíèæåíèå ðàçìåðíîñòè è îáó÷åíèå ïðåäñòàâëåíèé

Çàäà÷à êëàñòåðèçàöèè (
lustering)

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

Íàéòè:

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

� êëàñòåðèçàöèè îáúåêòîâ ai ∈ {1, . . . ,K}

Êðèòåðèé: ìèíèìóì âíóòðèêëàñòåðíûõ ðàññòîÿíèé

ℓ∑

i=1

‖xi − µai‖
2 → min

{ai}, {µj}

â ñëó÷àå åâêëèäîâîé ìåòðèêè

‖x − µj‖
2 =

n∑

d=1

(
fd (x)− µjd

)2
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Îáó÷åíèå ñ ó÷èòåëåì

Îáó÷åíèå áåç ó÷èòåëÿ

Íåêîòîðûå íåêëàññè÷åñêèå ïàðàäèãìû îáó÷åíèÿ
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Êëàñòåðèçàöèÿ è ÷àñòè÷íîå îáó÷åíèå

Ïîíèæåíèå ðàçìåðíîñòè è îáó÷åíèå ïðåäñòàâëåíèé

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

Äàíî:

X k =
{
x1, . . . , xk

}
� ðàçìå÷åííûå îáúåêòû (labeled data);

{
y1, . . . , yk

}

U =
{
xk+1, . . . , xℓ

}
� íåðàçìå÷åííûå îáúåêòû (unlabeled data).

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

Êðèòåðèé áåç ìîäåëè êëàññè�èêàöèè (transdu
tive 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

Íåêîòîðûå íåêëàññè÷åñêèå ïàðàäèãìû îáó÷åíèÿ

Âîññòàíîâëåíèå ïëîòíîñòè

Êëàñòåðèçàöèÿ è ÷àñòè÷íîå îáó÷åíèå

Ïîíèæåíèå ðàçìåðíîñòè è îáó÷åíèå ïðåäñòàâëåíèé

Ìåòîä TSVM � òðàíñäóêòèâíûé SVM

Mi =
(
〈w , xi 〉 − w0

)
yi � îòñòóï îáúåêòà xi

Ôóíêöèÿ ïîòåðü L (M) = (1−M)+
øòðà�óåò çà óìåíüøåíèå îòñòóïà

Ôóíêöèÿ ïîòåðü L (M) =
(
1− |M|

)

+
øòðà�óåò çà ïîïàäàíèå îáúåêòà âíóòðü

ðàçäåëÿþùåé ïîëîñû

-3 -2 -1 0 1 2 3

0

1

2

3

(1−M)+

(1− |M|)+

Îáó÷åíèå âåñîâ w ,w0 ïî ÷àñòè÷íî ðàçìå÷åííîé âûáîðêå:

Q(w ,w0) =
k∑

i=1

(
1−Mi(w ,w0)

)

+
+

1

2C
‖w‖2 +

+ γ
ℓ∑

i=k+1

(
1− |Mi(w ,w0)|

)

+
→ min

w ,w0

.
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Îáó÷åíèå ñ ó÷èòåëåì

Îáó÷åíèå áåç ó÷èòåëÿ

Íåêîòîðûå íåêëàññè÷åñêèå ïàðàäèãìû îáó÷åíèÿ

Âîññòàíîâëåíèå ïëîòíîñòè

Êëàñòåðèçàöèÿ è ÷àñòè÷íîå îáó÷åíèå

Ïîíèæåíèå ðàçìåðíîñòè è îáó÷åíèå ïðåäñòàâëåíèé

Çàäà÷è íèçêîðàíãîâîãî ìàòðè÷íîãî ðàçëîæåíèÿ

Ïîíèæåíèå ðàçìåðíîñòè â çàäà÷àõ ðåãðåññèè

Ïîíèæåíèå ðàçìåðíîñòè â çàäà÷àõ êëàññè�èêàöèè

Ôîðìèðîâàíèå ñæàòîãî ïðåäñòàâëåíèÿ äàííûõ

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

Íàéòè: ìàòðèöû X = ‖xit‖n×k è Y = ‖ytj‖k×m òàêèå, ÷òî

∥
∥Z − XY

∥
∥2 =

∑

(i ,j)∈Ω

(

zij −
∑

t

xitytj

)2
→ min

X ,Y

Äîïîëíèòåëüíûå îãðàíè÷åíèÿ, âûíóæäàþùèå îòêàçàòüñÿ îò SVD:

íåêâàäðàòè÷íàÿ �óíêöèÿ ïîòåðü

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

ðàçðåæåííûå äàííûå: |Ω| ≪ nm
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Îáó÷åíèå ñ ó÷èòåëåì

Îáó÷åíèå áåç ó÷èòåëÿ

Íåêîòîðûå íåêëàññè÷åñêèå ïàðàäèãìû îáó÷åíèÿ

Âîññòàíîâëåíèå ïëîòíîñòè

Êëàñòåðèçàöèÿ è ÷àñòè÷íîå îáó÷åíèå

Ïîíèæåíèå ðàçìåðíîñòè è îáó÷åíèå ïðåäñòàâëåíèé

Ïðèìåðû ïðèêëàäíûõ çàäà÷ ìàòðè÷íîãî ðàçëîæåíèÿ

1

Âûÿâëåíèå èíòåðåñîâ â ðåêîìåíäàòåëüíûõ ñèñòåìàõ

(re
ommender systems, 
ollaborative �ltering)

ziu =
∑

t

pitqtu

äàíî: ziu � ðåéòèíãè òîâàðîâ i , ïîñòàâëåííûå ïîëüçîâàòåëåì u;

íàéòè: pit � ïðî�èëü èíòåðåñîâ òîâàðà i ;

qtu � ïðî�èëü èíòåðåñîâ ïîëüçîâàòåëÿ u.

2

�àçäåëåíèå ñìåñè õèìè÷åñêèõ âåùåñòâ

ïî äàííûì æèäêîñòíîé õðîìàòîãðà�èè

ztλ =
∑

i

xtiyiλ

äàíî: ztλ � âûõîä ñêàíèðóþùåãî ÓÔ-äåòåêòîðà;

íàéòè: xti � õðîìàòîãðàììà i-ãî âåùåñòâà, t � âðåìÿ;

yiλ � ñïåêòð i-ãî âåùåñòâà, λ � äëèíà âîëíû.
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Îáó÷åíèå ñ ó÷èòåëåì

Îáó÷åíèå áåç ó÷èòåëÿ

Íåêîòîðûå íåêëàññè÷åñêèå ïàðàäèãìû îáó÷åíèÿ

Âîññòàíîâëåíèå ïëîòíîñòè

Êëàñòåðèçàöèÿ è ÷àñòè÷íîå îáó÷åíèå

Ïîíèæåíèå ðàçìåðíîñòè è îáó÷åíèå ïðåäñòàâëåíèé

Ïðèìåðû ïðèêëàäíûõ çàäà÷ ìàòðè÷íîãî ðàçëîæåíèÿ

3

Ëàòåíòíûé ñåìàíòè÷åñêèé àíàëèç êîëëåêöèé òåêñòîâ

(òåìàòè÷åñêîå ìîäåëèðîâàíèå)

zwd =
∑

t

ϕwtθtd

äàíî: zwd = p(w |d) � ÷àñòîòû ñëîâ w â äîêóìåíòàõ d ;

íàéòè: ϕwt = p(w |t) � ðàñïðåäåëåíèÿ ñëîâ w â òåìàõ t,

θtd = p(t|d) � ðàñïðåäåëåíèÿ òåì t â äîêóìåíòàõ d .

4

Îöåíèâàíèå ýêñïðåññèè ãåíîâ ïî äàííûì

ÄÍÊ-ìèêðî÷èïîâ ñ ó÷¼òîì êðîññ-ãèáðèäèçàöèè

zpk =
∑

g

apg cgk

äàíî: zpk � èíòåíñèâíîñòü ñâå÷åíèÿ p-é ïðîáû íà k-ì ÷èïå;

íàéòè: apg � êîý��èöèåíò ñðîäñòâà p-é ïðîáû g -ìó ãåíó,

cgk � êîíöåíòðàöèÿ g -ãî ãåíà íà k-ì ÷èïå.
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Îáó÷åíèå ñ ó÷èòåëåì

Îáó÷åíèå áåç ó÷èòåëÿ

Íåêîòîðûå íåêëàññè÷åñêèå ïàðàäèãìû îáó÷åíèÿ

Âîññòàíîâëåíèå ïëîòíîñòè

Êëàñòåðèçàöèÿ è ÷àñòè÷íîå îáó÷åíèå

Ïîíèæåíèå ðàçìåðíîñòè è îáó÷åíèå ïðåäñòàâëåíèé

Ñâ¼ðòî÷íûå ñåòè ãëóáîêîãî îáó÷åíèÿ

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

è ñèíòåç ãëóáîêèõ êîíâîëþöèîííûõ íåéðîííûõ ñåòåé. ÌÌ�Î-2017.
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Íåêîòîðûå íåêëàññè÷åñêèå ïàðàäèãìû îáó÷åíèÿ

Âîññòàíîâëåíèå ïëîòíîñòè

Êëàñòåðèçàöèÿ è ÷àñòè÷íîå îáó÷åíèå

Ïîíèæåíèå ðàçìåðíîñòè è îáó÷åíèå ïðåäñòàâëåíèé

Ñàìîñòîÿòåëüíîå îáó÷åíèå (self-supervised learning)

Â êîìïüþòåðíîì çðåíèè ñåòü ó÷èòñÿ ïðåäñêàçûâàòü âçàèìíîå

ðàñïîëîæåíèå äâóõ �ðàãìåíòîâ íà îäíîì èçîáðàæåíèè

Ïðåèìóùåñòâî: ñåòü âûó÷èâàåò âåêòîðíûå ïðåäñòàâëåíèÿ

îáúåêòîâ áåç ðàçìå÷åííîé îáó÷àþùåé âûáîðêè.
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Îáó÷åíèå ñ ó÷èòåëåì

Îáó÷åíèå áåç ó÷èòåëÿ

Íåêîòîðûå íåêëàññè÷åñêèå ïàðàäèãìû îáó÷åíèÿ

Îáó÷åíèå ñ ïðèâèëåãèðîâàííîé èí�îðìàöèåé

Ïåðåíîñ îáó÷åíèÿ (transfer learning)

�åíåðàòèâíûå ñîñòÿçàòåëüíûå ñåòè (GAN)

Îáó÷åíèå ñ èñïîëüçîâàíèåì ïðèâèëåãèðîâàííîé èí�îðìàöèè

LUPI � Learning Using Priveleged Information

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

÷àñòè÷íîå òðàíñäóêòèâíîå ÷àñòè÷íîå LUPI

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

Information // Neural Networks. 2009.
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Îáó÷åíèå ñ ó÷èòåëåì

Îáó÷åíèå áåç ó÷èòåëÿ

Íåêîòîðûå íåêëàññè÷åñêèå ïàðàäèãìû îáó÷åíèÿ

Îáó÷åíèå ñ ïðèâèëåãèðîâàííîé èí�îðìàöèåé

Ïåðåíîñ îáó÷åíèÿ (transfer learning)

�åíåðàòèâíûå ñîñòÿçàòåëüíûå ñåòè (GAN)

Ïðèìåðû çàäà÷ ñ ïðèâèëåãèðîâàííîé èí�îðìàöèåé x∗

x � ïåðâè÷íàÿ (1D) ñòðóêòóðà áåëêà

x∗ � òðåòè÷íàÿ (3D) ñòðóêòóðà áåëêà

y � èåðàðõè÷åñêàÿ êëàññè�èêàöèÿ

x � ïðåäûñòîðèÿ âðåìåííîãî ðÿäà

x∗ � èí�îðìàöèÿ î áóäóùåì ïîâåäåíèè ðÿäà

y � ïðîãíîç ñëåäóþùåé òî÷êè ðÿäà

x � äàííûå áàëëèñòîêàðäèîãðà�èè

x∗ � äàííûå ÝÊ� (ìîíèòîðèðîâàíèå ïî Õîëòåðó)

y � äèàãíîç

x � äîêóìåíò

x∗ � âûäåëåííûå êëþ÷åâûå ñëîâà èëè �ðàçû

y � êàòåãîðèÿ äîêóìåíòà

x � ïàðà (çàïðîñ, äîêóìåíò)

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

y � àñåññîðñêàÿ îöåíêà ðåëåâàíòíîñòè
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Îáó÷åíèå ñ ó÷èòåëåì

Îáó÷åíèå áåç ó÷èòåëÿ

Íåêîòîðûå íåêëàññè÷åñêèå ïàðàäèãìû îáó÷åíèÿ

Îáó÷åíèå ñ ïðèâèëåãèðîâàííîé èí�îðìàöèåé

Ïåðåíîñ îáó÷åíèÿ (transfer learning)

�åíåðàòèâíûå ñîñòÿçàòåëüíûå ñåòè (GAN)

Çàäà÷à îáó÷åíèÿ ñ ïðèâèëåãèðîâàííîé èí�îðìàöèåé

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

ℓ∑

i=1

L
(
a(xi ,w), yi

)
→ min

w

ℓ∑

i=1

L
(
a(x∗i ,w

∗), yi
)
→ min

w

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

ℓ∑

i=1
L

(
a(xi ,w), yi

)
+ µL

(
a(xi ,w), a(x∗i ,w

∗)
)

→ min
w

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

ℓ∑

i=1
L

(
a(xi ,w), yi

)
+ λL

(
a(x∗i ,w

∗), yi
)
+

+ µL
(
a(xi ,w), a(x∗i ,w

∗)
)

→ min
w ,w∗

D.Lopez-Paz, L.Bottou, B.S
holkopf, V.Vapnik. Unifying distillation and

privileged information. 2016.
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Îáó÷åíèå ñ ó÷èòåëåì

Îáó÷åíèå áåç ó÷èòåëÿ

Íåêîòîðûå íåêëàññè÷åñêèå ïàðàäèãìû îáó÷åíèÿ

Îáó÷åíèå ñ ïðèâèëåãèðîâàííîé èí�îðìàöèåé

Ïåðåíîñ îáó÷åíèÿ (transfer learning)

�åíåðàòèâíûå ñîñòÿçàòåëüíûå ñåòè (GAN)

Ïåðåíîñ îáó÷åíèÿ (transfer learning)

f (xi , α) � ÷àñòü ìîäåëè, óíèâåðñàëüíàÿ äëÿ âñåõ çàäà÷

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

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

ℓ∑

i=1
Li

(
f (xi , α), g(xi , β)

)
→ max

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
′)
)

→ max
β′

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

m∑

i=1
L

′
i

(
f (x ′i , α), g

′(x ′i , β
′)
)

→ max
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

Íåêîòîðûå íåêëàññè÷åñêèå ïàðàäèãìû îáó÷åíèÿ

Îáó÷åíèå ñ ïðèâèëåãèðîâàííîé èí�îðìàöèåé

Ïåðåíîñ îáó÷åíèÿ (transfer learning)

�åíåðàòèâíûå ñîñòÿçàòåëüíûå ñåòè (GAN)

Ïðåä-îáó÷åííûå (pre-trained) íåéðîííûå ñåòè

Ñâ¼ðòî÷íàÿ ñåòü äëÿ îáðàáîòêè èçîáðàæåíèé:

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

g(x , β) � ïîëíîñâÿçíûå ñëîè ïîä êîíêðåòíóþ çàäà÷ó

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

features in deep neural networks? 2014.
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Îáó÷åíèå ñ ó÷èòåëåì

Îáó÷åíèå áåç ó÷èòåëÿ

Íåêîòîðûå íåêëàññè÷åñêèå ïàðàäèãìû îáó÷åíèÿ

Îáó÷åíèå ñ ïðèâèëåãèðîâàííîé èí�îðìàöèåé

Ïåðåíîñ îáó÷åíèÿ (transfer learning)

�åíåðàòèâíûå ñîñòÿçàòåëüíûå ñåòè (GAN)

�åíåðàòèâíàÿ ñîñòÿçàòåëüíàÿ ñåòü (Generative Adversarial Net)

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

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

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

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

a survey and taxonomy. 2019.

Chris Ni
holson. 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

Íåêîòîðûå íåêëàññè÷åñêèå ïàðàäèãìû îáó÷åíèÿ

Îáó÷åíèå ñ ïðèâèëåãèðîâàííîé èí�îðìàöèåé

Ïåðåíîñ îáó÷åíèÿ (transfer learning)

�åíåðàòèâíûå ñîñòÿçàòåëüíûå ñåòè (GAN)

Ïîñòàíîâêà çàäà÷è GAN

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

Íàéòè:

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

Êðèòåðèé:

îáó÷åíèå äèñêðèìèíàòèâíîé ìîäåëè D:

m∑

i=1

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

)
→ max

β

îáó÷åíèå ãåíåðàòèâíîé ìîäåëè G :

m∑

i=1

ln
(
1− D(G (zi , α), 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

Íåêîòîðûå íåêëàññè÷åñêèå ïàðàäèãìû îáó÷åíèÿ

Îáó÷åíèå ñ ïðèâèëåãèðîâàííîé èí�îðìàöèåé

Ïåðåíîñ îáó÷åíèÿ (transfer learning)

�åíåðàòèâíûå ñîñòÿçàòåëüíûå ñåòè (GAN)

Ïðèìåðû GAN äëÿ ñèíòåçà èçîáðàæåíèé è âèäåî

Chuan Li, Mi
hael Wand. Pre
omputed 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 Fa
e Re
onstru
tion. ICCV-2019.

Caroline Chan, Shiry Ginosar, Tinghui Zhou, Alexei A. Efros. Everybody Dan
e

Now. ICCV-2109.
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Âìåñòî ðåçþìå. Òèïîëîãèÿ çàäà÷ ìàøèííîãî îáó÷åíèÿ

1

Ïðåäâàðèòåëüíàÿ îáðàáîòêà (data preparation)

èçâëå÷åíèå ïðèçíàêîâ (feature extra
tion)

îòáîð ïðèçíàêîâ (feature sele
tion)

âîññòàíîâëåíèå ïðîïóñêîâ (missing values)

�èëüòðàöèÿ âûáðîñîâ (outlier dete
tion)

2

Îáó÷åíèå ñ ó÷èòåëåì (supervised learning)

êëàññè�èêàöèÿ (
lassi�
ation)

ðåãðåññèÿ (regression)

ðàíæèðîâàíèå (learning to rank)

ïðîãíîçèðîâàíèå (fore
asting)

3

Îáó÷åíèå áåç ó÷èòåëÿ (unsupervised learning)

êëàñòåðèçàöèÿ (
lustering)

ïîèñê àññîöèàòèâíûõ ïðàâèë (asso
iation rule learning)

âîññòàíîâëåíèå ïëîòíîñòè (density estimation)

îäíîêëàññîâàÿ êëàññè�èêàöèÿ (anomaly dete
tion)

4

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

òðàíñäóêòèâíîå îáó÷åíèå (transdu
tive 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)

îáó÷åíèå ìíîãîîáðàçèé (manifold learning)

ìàòðè÷íûå ðàçëîæåíèÿ (matrix fa
torization)

ãëóáîêîå îáó÷åíèå (deep learning)

6

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

7

Îáó÷åíèå ñòðóêòóðû ìîäåëè (stru
ture learning)

8

Ñîñòÿçàòåëüíîå îáó÷åíèå (adversarial learning)

9

Îáó÷åíèå ñ ïîäêðåïëåíèåì (reinfor
ement learning)

10

Ïðèâèëåãèðîâàííîå îáó÷åíèå (privileged learning)

11

Äèíàìè÷åñêîå îáó÷åíèå (online/in
remental learning)

12

Àêòèâíîå îáó÷åíèå (a
tive learning)

13

Ìåòà-îáó÷åíèå (meta-learning)

14

Ïåðåíîñ îáó÷åíèÿ (transfer learning)

indu
tive transfer, learning to learn � ïðîñòî ñèíîíèìû

ìíîãîçàäà÷íîå îáó÷åíèå (multitask learning)
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