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Çàäà÷à: îáó÷åíèå ïðåäñêàçàòåëüíîé ìîäåëè a : X → Y

ïî âûáîðêå (xi , yi ), êîãäà ïîëó÷åíèå îòâåòîâ yi ñòîèò äîðîãî.

Burr Settles. Ative Learning Literature Survey. 2010.
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Çàäà÷à: îáó÷åíèå ïðåäñêàçàòåëüíîé ìîäåëè a : X → Y

ïî âûáîðêå (xi , yi ), êîãäà ïîëó÷åíèå îòâåòîâ yi ñòîèò äîðîãî.

Âõîä: íà÷àëüíàÿ ðàçìå÷åííàÿ âûáîðêà X ℓ = (xi , yi )
ℓ
i=1

;

Âûõîä: ìîäåëü a è ðàçìå÷åííàÿ âûáîðêà (xi , yi )
ℓ+k
i=ℓ+1

;

îáó÷èòü ìîäåëü a ïî íà÷àëüíîé âûáîðêå (xi , yi )
ℓ
i=1

;

ïîêà îñòàþòñÿ íåðàçìå÷åííûå îáúåêòû

âûáðàòü íåðàçìå÷åííûé îáúåêò xi ;

óçíàòü äëÿ íåãî yi ;

äîîáó÷èòü ìîäåëü a åù¼ íà îäíîì ïðèìåðå (xi , yi );

Öåëü àêòèâíîãî îáó÷åíèÿ:

äîñòè÷ü êàê ìîæíî ëó÷øåãî êà÷åñòâà ìîäåëè a,

èñïîëüçîâàâ êàê ìîæíî ìåíüøå äîïîëíèòåëüíûõ ïðèìåðîâ k .
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Ïðèìåðû ïðèëîæåíèé àêòèâíîãî îáó÷åíèÿ

ñáîð àñåññîðñêèõ äàííûõ äëÿ èí�îðìàöèîííîãî ïîèñêà,

àíàëèçà òåêñòîâ, ñèãíàëîâ, ðå÷è, èçîáðàæåíèé, âèäåî

ïëàíèðîâàíèå ýêñïåðèìåíòîâ â åñòåñòâåííûõ íàóêàõ

(ïðèìåð � êîìáèíàòîðíàÿ õèìèÿ)

îïòèìèçàöèÿ òðóäíî âû÷èñëèìûõ �óíêöèé

(ïðèìåð � ïîèñê â ïðîñòðàíñòâå ãèïåðïàðàìåòðîâ)

óïðàâëåíèå öåíàìè è àññîðòèìåíòîì â òîðãîâûõ ñåòÿõ

âûáîð òîâàðà äëÿ ïðîâåäåíèÿ ìàðêåòèíãîâîé àêöèè
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Îòáîð îáúåêòîâ èç âûáîðêè (pool-based sampling):

êàêîé ñëåäóþùèé xi âûáðàòü èç ìíîæåñòâà X k = {xi}
ℓ+k
i=ℓ+1

Ñèíòåç îáúåêòîâ (query synthesis):

íà êàæäîì øàãå ïîñòðîèòü îïòèìàëüíûé îáúåêò xi

Îòáîð îáúåêòîâ èç ïîòîêà (seletive sampling):

äëÿ êàæäîãî ïðèõîäÿùåãî xi ðåøàòü, ñòîèò ëè óçíàâàòü yi

Ôóíêöèîíàë êà÷åñòâà ìîäåëè a(x , θ) ñ ïàðàìåòðîì θ:

ℓ+k
∑

i=1

CiL (θ; xi , yi ) → min
θ
,

ãäå L � �óíêöèÿ ïîòåðü, Ci � ñòîèìîñòü èí�îðìàöèè yi
äëÿ ìåòîäîâ, ÷óâñòâèòåëüíûõ ê ñòîèìîñòè (ost-sensitive)
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Ñýìïëèðîâàíèå ïî íåóâåðåííîñòè (unertainty sampling)

Èäåÿ: âûáèðàòü xi  íàèáîëüøåé íåîïðåäåë¼ííîñòüþ a(xi).

Çàäà÷à ìíîãîêëàññîâîé êëàññè�èêàöèè:

a(x) = argmax
y∈Y

P(y |x)

pk(x), k=1...|Y | � ðàíæèðîâàííûå ïî óáûâàíèþ P(y |x), y ∈Y .

Ïðèíöèï íàèìåíüøåé äîñòîâåðíîñòè (least on�dene):

xi = arg min
u∈X k

p1(u)

Ïðèíöèï íàèìåíüøåé ðàçíîñòè îòñòóïîâ (margin sampling):

xi = arg min
u∈X k

(

p1(u)− p2(u)
)

Ïðèíöèï ìàêñèìóìà ýíòðîïèè (maximum entropy):

xi = arg min
x∈X k

∑

k

pk(u) ln pk(u)
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Ñýìïëèðîâàíèå ïî íåóâåðåííîñòè (unertainty sampling)

Â ñëó÷àå äâóõ êëàññîâ ýòè òðè ïðèíöèïà ýêâèâàëåíòíû.

Â ñëó÷àå ìíîãèõ êëàññîâ ïîÿâëÿþòñÿ ðàçëè÷èÿ.

Ïðèìåð. Òðè êëàññà, p1 + p2 + p3 = 1.
Ïîêàçàíû ëèíèè óðîâíè òð¼õ êðèòåðèåâ âûáîðà îáúåêòà xi :

min p1 min(p1 − p2) min
∑

k

pk ln pk

Burr Settles. Ative Learning Literature Survey. 2010.
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Ïî÷åìó àêòèâíîå îáó÷åíèå áûñòðåå ïàññèâíîãî

Ïðèìåð 1. Ñèíòåòè÷åñêèå äàííûå: ℓ = 30, ℓ+ k = 400;

(a) äâà ãàóññîâñêèõ êëàññà;

(b) ëîãèñòè÷åñêàÿ ðåãðåññèÿ ïî 30 ñëó÷àéíûì îáúåêòàì;

() ëîãèñòè÷åñêàÿ ðåãðåññèÿ ïî 30 îáúåêòàì, îòîáðàííûì

ñ ïîìîùüþ àêòèâíîãî îáó÷åíèÿ.

(a) (b) ()

Îáó÷åíèå ïî ñìåù¼ííîé íåñëó÷àéíîé âûáîðêå òðåáóåò ìåíüøå

äàííûõ äëÿ ïîñòðîåíèÿ àëãîðèòìà ñîïîñòàâèìîãî êà÷åñòâà.

Burr Settles. Ative Learning Literature Survey. 2010.
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Ïðèìåð 2. Îäíîìåðíàÿ çàäà÷à ñ ïîðîãîâûì êëàññè�èêàòîðîì:

xi ∼ uniform[−1,+1], yi = [xi > 0], a(x , θ) = [x > θ].

Îöåíèì ÷èñëî øàãîâ äëÿ îïðåäåëåíèÿ θ ñ òî÷íîñòüþ

1

k
.

Íàèâíàÿ ñòðàòåãèÿ: âûáèðàòü xi ∼ uniform(X k);
� ÷èñëî øàãîâ O(k).

Áèíàðíûé ïîèñê: âûáèðàòü xi , áëèæàéøèé ê ñåðåäèíå

çàçîðà ìåæäó êëàññàìè

1

2

(

max
yj=0

(xj ) + min
yj=1

(xj)
)

;

� ÷èñëî øàãîâ O(log k).
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Ñýìïëèðîâàíèå ïî íåñîãëàñèþ â êîìèòåòå (query by ommittee)

Èäåÿ: âûáèðàòü xi  íàèáîëüøåé íåñîãëàñîâàííîñòüþ ðåøåíèé

êîìèòåòà ìîäåëåé at(xi ) = arg max
y∈Y

Pt(y |x), t = 1, . . . ,T .

Ïðèíöèï ìàêñèìóìà ýíòðîïèè:

âûáèðàåì xi , íà êîòîðîì at(xi) ìàêñèìàëüíî ðàçëè÷íû:

xi = arg min
u∈X k

∑

y∈Y

p̂(y |u) ln p̂(y |u),

ãäå p̂(y |u) = 1

T

∑T
t=1

[

at(u) = y
]

.

Ïðèíöèï ìàêñèìóìà ñðåäíåé KL-äèâåðãåíöèè:

âûáèðàåì xi , íà êîòîðîì Pt(y |xi ) ìàêñèìàëüíî ðàçëè÷íû:

xi = arg max
u∈X k

T
∑

t=1

KL
(

Pt(y |u)
∥

∥ P̄(y |u)
)

,

ãäå P̄(y |u) = 1

T

∑T
t=1

Pt(y |u) � êîíñåíñóñ êîìèòåòà.
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Ñîêðàùåíèå ïðîñòðàíñòâà ðåøåíèé (version spae redution)

Èäåÿ: âûáèðàòü xi , ìàêñèìàëüíî ñóæàÿ ìíîæåñòâî ðåøåíèé.

Ïðèìåð. Ïðîñòðàíñòâà äîïóñòèìûõ ðåøåíèé äëÿ ëèíåéíûõ

è ïîðîãîâûõ êëàññè�èêàòîðîâ (äâóìåðíûé ñëó÷àé):

Áóñòèíã è áýããèíã íàõîäÿò êîíå÷íûå ïîäìíîæåñòâà ðåøåíèé.

Ïîýòîìó ñýìïëèðîâàíèå ïî íåñîãëàñèþ â êîìèòåòå � ýòî

àïïðîêñèìàöèÿ ïðèíöèïà ñîêðàùåíèÿ ïðîñòðàíñòâà ðåøåíèé.
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Îæèäàåìîå èçìåíåíèå ìîäåëè (expeted model hange)

Èäåÿ: âûáðàòü xi , êîòîðûé â ìåòîäå ñòîõàñòè÷åñêîãî ãðàäèåíòà

ïðèâ¼ë áû ê íàèáîëüøåìó èçìåíåíèþ ìîäåëè.

Ïàðàìåòðè÷åñêàÿ ìîäåëü ìíîãîêëàññîâîé êëàññè�èêàöèè:

a(x , θ) = argmax
y∈Y

P(y |x , θ);

Äëÿ êàæäîãî u ∈ X k
è y ∈ Y îöåíèì äëèíó ãðàäèåíòíîãî øàãà

â ïðîñòðàíñòâå ïàðàìåòðîâ θ ïðè äîîáó÷åíèè ìîäåëè íà (u, y);
ïóñòü ∇θL (θ; u, y) � âåêòîð ãðàäèåíòà �óíêöèè ïîòåðü.

Ïðèíöèï ìàêñèìóìà îæèäàåìîé äëèíû ãðàäèåíòà:

xi = arg max
u∈X k

∑

y∈Y

P(y |u, θ)
∥

∥∇θL (θ; u, y)
∥

∥.
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Îæèäàåìîå ñîêðàùåíèå îøèáêè (expeted error redution)

Èäåÿ: âûáðàòü xi , êîòîðûé ïîñëå îáó÷åíèÿ äàñò íàèáîëåå

óâåðåííóþ êëàññè�èêàöèþ íåðàçìå÷åííîé âûáîðêè X k
.

Äëÿ êàæäîãî u ∈ X k
è y ∈ Y îáó÷èì ìîäåëü êëàññè�èêàöèè,

äîáàâèâ ê ðàçìå÷åííîé îáó÷àþùåé âûáîðêå X ℓ
ïðèìåð (u, y):

auy (x) = argmax
z∈Y

Puy (z |x).

Ïðèíöèï ìàêñèìóìà óâåðåííîñòè íà íåðàçìå÷åííûõ äàííûõ:

xi = arg max
u∈X k

∑

y∈Y

P(y |u)
ℓ+k
∑

j=ℓ+1

Puy

(

auy (xj )|xj
)

.

Ïðèíöèï ìèíèìóìà ýíòðîïèè íåðàçìå÷åííûõ äàííûõ:

xi = arg max
u∈X k

∑

y∈Y

P(y |u)
ℓ+k
∑

j=ℓ+1

∑

z∈Y

Puy (z |xj) log Puy (z |xj).
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Çàäà÷è àêòèâíîãî îáó÷åíèÿ

Ñòðàòåãèè àêòèâíîãî îáó÷åíèÿ

Àêòèâíîå îáó÷åíèå ñ èçó÷àþùèìè äåéñòâèÿìè

Îòáîð îáúåêòîâ èç âûáîðêè

Ñèíòåç îáúåêòîâ (ïëàíèðîâàíèå ýêñïåðèìåíòîâ)

Îöåíèâàíèå êà÷åñòâà àêòèâíîãî îáó÷åíèÿ

Ñîêðàùåíèå äèñïåðñèè (variane redution)

Èäåÿ: âûáðàòü x , êîòîðûé ïîñëå äîîáó÷åíèÿ ìîäåëè a(x , θ)
äàñò íàèìåíüøóþ îöåíêó äèñïåðñèè σ2

a(x).

Çàäà÷à ðåãðåññèè, ìåòîä íàèìåíüøèõ êâàäðàòîâ:

S2(θ) =
1

ℓ

ℓ
∑

i=1

(

a(xi , θ)− yi
)2

→ min
θ

.

Èç òåîðèè îïòèìàëüíîãî ïëàíèðîâàíèÿ ýêñïåðèìåíòîâ

(OED, optimal experiment design):

x = arg min
x∈X

σ2
a(x), σ2

a(x) ≈ S2

(

∂a(x)

∂θ

)

ò

(

∂S2

∂θ2

)

−1(

∂a(x)

∂θ

)

.

Â ÷àñòíîñòè, äëÿ ëèíåéíîé ðåãðåññèè

σ2
a(x) ≈ S2xò(F òF )−1x ,

ãäå F � ìàòðèöà îáúåêòû�ïðèçíàêè.
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Çàäà÷è àêòèâíîãî îáó÷åíèÿ

Ñòðàòåãèè àêòèâíîãî îáó÷åíèÿ

Àêòèâíîå îáó÷åíèå ñ èçó÷àþùèìè äåéñòâèÿìè

Îòáîð îáúåêòîâ èç âûáîðêè

Ñèíòåç îáúåêòîâ (ïëàíèðîâàíèå ýêñïåðèìåíòîâ)

Îöåíèâàíèå êà÷åñòâà àêòèâíîãî îáó÷åíèÿ

Âçâåøèâàíèå ïî ïëîòíîñòè (density-weighted methods)

Èäåÿ: ïîíèæàòü âåñ íåðåïðåçåíòàòèâíûõ îáúåêòîâ.

Ïðèìåð. Îáúåêò A áîëåå

ïîãðàíè÷íûé, íî ìåíåå

ðåïðåçåíòàòèâíûé, ÷åì B.

Ëþáîé êðèòåðèé ñýìïëèðîâàíèÿ îáúåêòîâ, èìåþùèé âèä

xi = arg max
x

φ(x),

ìîæåò áûòü óòî÷í¼í ëîêàëüíîé îöåíêîé ïëîòíîñòè:

xi = argmax
x

φ(x)

(

ℓ+k
∑

j=ℓ+1

sim(x , xj )

)β

,

sim(x , xj ) � îöåíêà áëèçîñòè x è xj (÷åì áëèæå, òåì áîëüøå).
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Çàäà÷è àêòèâíîãî îáó÷åíèÿ

Ñòðàòåãèè àêòèâíîãî îáó÷åíèÿ

Àêòèâíîå îáó÷åíèå ñ èçó÷àþùèìè äåéñòâèÿìè

Îòáîð îáúåêòîâ èç âûáîðêè

Ñèíòåç îáúåêòîâ (ïëàíèðîâàíèå ýêñïåðèìåíòîâ)

Îöåíèâàíèå êà÷åñòâà àêòèâíîãî îáó÷åíèÿ

Îöåíèâàíèå êà÷åñòâà àêòèâíîãî îáó÷åíèÿ

Êðèâàÿ îáó÷åíèÿ (learning urve) � çàâèñèìîñòü òî÷íîñòè

êëàññè�èêàöèè íà òåñòå îò ÷èñëà îáó÷àþùèõ îáúåêòîâ.

Burr Settles. Ative Learning Literature Survey. 2010.
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Çàäà÷è àêòèâíîãî îáó÷åíèÿ

Ñòðàòåãèè àêòèâíîãî îáó÷åíèÿ

Àêòèâíîå îáó÷åíèå ñ èçó÷àþùèìè äåéñòâèÿìè

Êîìïðîìèññ ¾èçó÷åíèå�ïðèìåíåíèå¿ â àêòèâíîì îáó÷åíèè

Ýêñïîíåíöèàëüíûé ãðàäèåíò

Àêòèâíîå îáó÷åíèå ñ ïîäêðåïëåíèåì

Íåîáõîäèìîñòü èçó÷àþùèõ äåéñòâèé â àêòèâíîì îáó÷åíèè

Íåäîñòàòêè ñòðàòåãèé àêòèâíîãî îáó÷åíèÿ:

îñòàþòñÿ íå îáñëåäîâàííûå îáëàñòè ïðîñòðàíñòâà X ,

â ðåçóëüòàòå ñíèæàåòñÿ êà÷åñòâî îáó÷åíèÿ,

óâåëè÷èâàåòñÿ âðåìÿ îáó÷åíèÿ.

Èäåè ïðèìåíåíèÿ èçó÷àþùèõ äåéñòâèé:

áðàòü ñëó÷àéíûé îáúåêò ñ âåðîÿòíîñòüþ ε

àäàïòèðîâàòü ïàðàìåòð ε â çàâèñèìîñòè îò óñïåøíîñòè

èçó÷àþùèõ äåéñòâèé

èñïîëüçîâàòü îáó÷åíèå ñ ïîäêðåïëåíèåì (ontextual MAB)

Djallel Boune�ouf et al. Contextual bandit for ative learning: ative Thompson

sampling. 2014.

Djallel Boune�ouf. Exponentiated Gradient Exploration for Ative Learning. 2016.
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Çàäà÷è àêòèâíîãî îáó÷åíèÿ

Ñòðàòåãèè àêòèâíîãî îáó÷åíèÿ

Àêòèâíîå îáó÷åíèå ñ èçó÷àþùèìè äåéñòâèÿìè

Êîìïðîìèññ ¾èçó÷åíèå�ïðèìåíåíèå¿ â àêòèâíîì îáó÷åíèè

Ýêñïîíåíöèàëüíûé ãðàäèåíò

Àêòèâíîå îáó÷åíèå ñ ïîäêðåïëåíèåì

Àëãîðèòì ε-ative

Àëãîðèòì � îá¼ðòêà íàä ëþáîé ñòðàòåãèåé àêòèâíîãî îáó÷åíèÿ

Âõîä: íà÷àëüíàÿ ðàçìå÷åííàÿ âûáîðêà X ℓ = (xi , yi )
ℓ
i=1

;

Âûõîä: ìîäåëü a è ðàçìå÷åííàÿ âûáîðêà (xi , yi )
ℓ+k
i=ℓ+1

;

îáó÷èòü ìîäåëü a ïî íà÷àëüíîé âûáîðêå (xi , yi )
ℓ
i=1

;

ïîêà îñòàþòñÿ íåðàçìå÷åííûå îáúåêòû

âûáðàòü íåðàçìå÷åííûé xi ñëó÷àéíî ñ âåðîÿòíîñòüþ ε,

ëèáî xi = argmax
x

φ(x) ñ âåðîÿòíîñòüþ 1− ε;

óçíàòü yi äëÿ îáúåêòà xi ;

äîîáó÷èòü ìîäåëü a åù¼ íà îäíîì ïðèìåðå (xi , yi );

Ïðîáëåìà:

êàê ïîäáèðàòü âåðîÿòíîñòü ε èññëåäîâàòåëüñêèõ äåéñòâèé?

êàê å¼ àäàïòèðîâàòü (óìåíüøàòü) ñî âðåìåíåì?
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Çàäà÷è àêòèâíîãî îáó÷åíèÿ

Ñòðàòåãèè àêòèâíîãî îáó÷åíèÿ

Àêòèâíîå îáó÷åíèå ñ èçó÷àþùèìè äåéñòâèÿìè

Êîìïðîìèññ ¾èçó÷åíèå�ïðèìåíåíèå¿ â àêòèâíîì îáó÷åíèè

Ýêñïîíåíöèàëüíûé ãðàäèåíò

Àêòèâíîå îáó÷åíèå ñ ïîäêðåïëåíèåì

Ýêñïîíåíöèàëüíûé ãðàäèåíò (Exponential Gradient)

ε1, . . . , εK � ñåòêà çíà÷åíèé ïàðàìåòðà ε;

p1, . . . , pK � âåðîÿòíîñòè èñïîëüçîâàòü çíà÷åíèÿ ε1, . . . , εK ;

β, τ , κ � ïàðàìåòðû ìåòîäà.

Èäåÿ àëãîðèòìà EG-ative: àíàëîãè÷íî àëãîðèòìó AdaBoost,

ýêñïîíåíöèàëüíî óâåëè÷èâàòü pk â ñëó÷àå óñïåõà εk :

ýêñïîíåíöèàëüíîå îáíîâëåíèå âåñîâ wk ïî çíà÷åíèþ

êðèòåðèÿ φ(xi ) íà âûáðàííîì îáúåêòå xi :

wk := wk exp
( τ

pk
(φ(xi ) + β)

)

;

ïåðåíîðìèðîâêà âåðîÿòíîñòåé:

pk := (1− κ)
wk

∑

j wj

+ κ
1

K
.

Djallel Boune�ouf. Exponentiated Gradient Exploration for Ative Learning. 2016.
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Çàäà÷è àêòèâíîãî îáó÷åíèÿ

Ñòðàòåãèè àêòèâíîãî îáó÷åíèÿ

Àêòèâíîå îáó÷åíèå ñ èçó÷àþùèìè äåéñòâèÿìè

Êîìïðîìèññ ¾èçó÷åíèå�ïðèìåíåíèå¿ â àêòèâíîì îáó÷åíèè

Ýêñïîíåíöèàëüíûé ãðàäèåíò

Àêòèâíîå îáó÷åíèå ñ ïîäêðåïëåíèåì

Àëãîðèòì EG-ative

Âõîä: X ℓ = (xi , yi)
ℓ
i=1

, ïàðàìåòðû ε1, . . . , εK , β, τ , κ;

Âûõîä: ìîäåëü a è ðàçìå÷åííàÿ âûáîðêà (xi , yi )
ℓ+k
i=ℓ+1

;

èíèöèàëèçàöèÿ: pk := 1

K
, wk := 1;

îáó÷èòü ìîäåëü a ïî íà÷àëüíîé âûáîðêå (xi , yi )
ℓ
i=1

;

ïîêà îñòàþòñÿ íåðàçìå÷åííûå îáúåêòû

âûáðàòü k èç äèñêðåòíîãî ðàñïðåäåëåíèÿ (p1, . . . , pK );
âûáðàòü íåðàçìå÷åííûé xi ñëó÷àéíî ñ âåðîÿòíîñòüþ εk ,

ëèáî xi = argmax
x

φ(x) ñ âåðîÿòíîñòüþ 1− εk ;

óçíàòü yi äëÿ îáúåêòà xi ;

äîîáó÷èòü ìîäåëü a åù¼ íà îäíîì ïðèìåðå (xi , yi );
wk := wk exp

(

τ
pk
(φ(xi ) + β)

)

;

pk := (1− κ) wk∑
j wj

+ κ 1

K
;
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Çàäà÷è àêòèâíîãî îáó÷åíèÿ

Ñòðàòåãèè àêòèâíîãî îáó÷åíèÿ

Àêòèâíîå îáó÷åíèå ñ èçó÷àþùèìè äåéñòâèÿìè

Êîìïðîìèññ ¾èçó÷åíèå�ïðèìåíåíèå¿ â àêòèâíîì îáó÷åíèè

Ýêñïîíåíöèàëüíûé ãðàäèåíò

Àêòèâíîå îáó÷åíèå ñ ïîäêðåïëåíèåì

Ïðèìåíåíèå îáó÷åíèÿ ñ ïîäêðåïëåíèåì äëÿ àêòèâíîãî îáó÷åíèÿ

Íåäîñòàòêè ñòðàòåãèé àêòèâíîãî îáó÷åíèÿ:

îñòàþòñÿ íå îáñëåäîâàííûå îáëàñòè ïðîñòðàíñòâà X ,

â ðåçóëüòàòå ñíèæàåòñÿ êà÷åñòâî îáó÷åíèÿ,

óâåëè÷èâàåòñÿ âðåìÿ îáó÷åíèÿ.

Èäåè ïðèìåíåíèÿ êîíòåêñòíîãî áàíäèòà (ontextual MAB):

äåéñòâèÿ (ðó÷êè) � ýòî êëàñòåðû îáúåêòîâ,

êîíòåêñò êëàñòåðà � åãî âåêòîðíîå ïðèçíàêîâîå îïèñàíèå,

ïðåìèÿ ïîîùðÿåò èçìåíåíèå ìîäåëè a(x , θ),

ëèíåéíàÿ ìîäåëü èñïîëüçóåòñÿ äëÿ âûáîðà äåéñòâèé.

Djallel Boune�ouf et al. Contextual bandit for ative learning: ative Thompson

sampling. 2014.

William R. Thompson. On the likelihood that one unknown probability exeeds

another in view of the evidene of two samples. 1933.
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Çàäà÷è àêòèâíîãî îáó÷åíèÿ

Ñòðàòåãèè àêòèâíîãî îáó÷åíèÿ

Àêòèâíîå îáó÷åíèå ñ èçó÷àþùèìè äåéñòâèÿìè

Êîìïðîìèññ ¾èçó÷åíèå�ïðèìåíåíèå¿ â àêòèâíîì îáó÷åíèè

Ýêñïîíåíöèàëüíûé ãðàäèåíò

Àêòèâíîå îáó÷åíèå ñ ïîäêðåïëåíèåì

Òîìïñîíîâñêîå ñýìïëèðîâàíèå (Thompson sampling)

C � ìíîæåñòâî äåéñòâèé (ðó÷åê, êëàñòåðîâ îáúåêòîâ),

btc ∈ R
n
� âåêòîð ïðèçíàêîâ êëàñòåðà c ∈ C íà øàãå t,

w ∈ R
n
� âåêòîð êîý��èöèåíòîâ ëèíåéíîé ìîäåëè.

Èãðà àãåíòà è ñðåäû (ontextual bandit with linear payo�):

èíèöèàëèçàöèÿ àïðèîðíîãî ðàñïðåäåëåíèÿ p1(w);
äëÿ âñåõ t = 1, . . . ,T

ñðåäà ñîîáùàåò àãåíòó êîíòåêñòû btc äëÿ âñåõ c ∈ C ;

àãåíò ñýìïëèðóåò âåêòîð ëèíåéíîé ìîäåëè wt ∼ pt(w);
àãåíò âûáèðàåò äåéñòâèå ct = argmax

c∈C
〈btc ,wt〉;

ñðåäà ãåíåðèðóåò ïðåìèþ rt ;

àãåíò êîððåêòèðóåò ðàñïðåäåëåíèå ïî �îðìóëå Áàéåñà:

pt+1(w) ∝ p(rt |w)pt(w);
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Ñòðàòåãèè àêòèâíîãî îáó÷åíèÿ

Àêòèâíîå îáó÷åíèå ñ èçó÷àþùèìè äåéñòâèÿìè

Êîìïðîìèññ ¾èçó÷åíèå�ïðèìåíåíèå¿ â àêòèâíîì îáó÷åíèè

Ýêñïîíåíöèàëüíûé ãðàäèåíò

Àêòèâíîå îáó÷åíèå ñ ïîäêðåïëåíèåì

Òîìïñîíîâñêîå ñýìïëèðîâàíèå (ãàóññîâñêèé ñëó÷àé)

Àïðèîðíûå è àïîñòåðèîðíûå ðàñïðåäåëåíèÿ � ãàóññîâñêèå.

Èãðà àãåíòà è ñðåäû (ontextual bandit with linear payo�):

èíèöèàëèçàöèÿ: B = In×n; w = 0n; f = 0n;
äëÿ âñåõ t = 1, . . . ,T

ñðåäà ñîîáùàåò àãåíòó êîíòåêñòû btc äëÿ âñåõ c ∈ C ;

àãåíò ñýìïëèðóåò âåêòîð ëèíåéíîé ìîäåëè

wt ∼ N (w , σ2B−1);
àãåíò âûáèðàåò äåéñòâèå ct = argmax

c∈C
〈btc ,wt〉;

ñðåäà ãåíåðèðóåò ïðåìèþ rt ;

àãåíò êîððåêòèðóåò ðàñïðåäåëåíèå ïî �îðìóëå Áàéåñà:

B := B + btcb
ò

tc ; f := f + btc rt ; w := B−1f ;

�åêîìåíäóåìîå çíà÷åíèå êîíñòàíòû σ2 = 0.25.
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Ñòðàòåãèè àêòèâíîãî îáó÷åíèÿ

Àêòèâíîå îáó÷åíèå ñ èçó÷àþùèìè äåéñòâèÿìè

Êîìïðîìèññ ¾èçó÷åíèå�ïðèìåíåíèå¿ â àêòèâíîì îáó÷åíèè

Ýêñïîíåíöèàëüíûé ãðàäèåíò

Àêòèâíîå îáó÷åíèå ñ ïîäêðåïëåíèåì

Àêòèâíîå òîìïñîíîâñêîå ñýìïëèðîâàíèå

Èãðà àãåíòà è ñðåäû (âñòðàèâàåì àêòèâíîå îáó÷åíèå)

C := êëàñòåðèçàöèÿ íåðàçìå÷åííîé âûáîðêè X k
;

èíèöèàëèçàöèÿ: B = In×n; w = 0n; f = 0n;
äëÿ âñåõ t = 1, . . . ,T , ïîêà îñòàþòñÿ íåðàçìå÷åííûå îáúåêòû

âû÷èñëèòü êîíòåêñòû btc äëÿ âñåõ êëàñòåðîâ c ∈ C ;

ñýìïëèðîâàòü âåêòîð ëèíåéíîé ìîäåëè wt ∼ N (w , σ2B−1);
âûáðàòü êëàñòåð ct = argmax

c∈C
〈btc ,wt〉;

âûáðàòü ñëó÷àéíûé íåðàçìå÷åííûé xi èç êëàñòåðà ct ;

óçíàòü äëÿ íåãî yi ;

äîîáó÷èòü ìîäåëü a åù¼ íà îäíîì ïðèìåðå (xi , yi );
âû÷èñëèòü ïðåìèþ rt (�îðìóëà íà ñëåäóþùåì ñëàéäå);

ñêîððåêòèðîâàòü ðàñïðåäåëåíèå ïî �îðìóëå Áàéåñà:

B := B + btcb
ò

tc ; f := f + btc rt ; w := B−1f ;
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Çàäà÷è àêòèâíîãî îáó÷åíèÿ

Ñòðàòåãèè àêòèâíîãî îáó÷åíèÿ

Àêòèâíîå îáó÷åíèå ñ èçó÷àþùèìè äåéñòâèÿìè

Êîìïðîìèññ ¾èçó÷åíèå�ïðèìåíåíèå¿ â àêòèâíîì îáó÷åíèè

Ýêñïîíåíöèàëüíûé ãðàäèåíò

Àêòèâíîå îáó÷åíèå ñ ïîäêðåïëåíèåì

Êàê âû÷èñëÿþòñÿ ïðåìèè

Èäåÿ: ïðåìèÿ ïîîùðÿåò èçìåíåíèå ìîäåëè a(x , θ).

Ht =
(

a(xi , θt)
)ℓ+k

i=1
� âåêòîð îòâåòîâ íà âûáîðêå X ℓ ∪ X k

Ïðåìèÿ � óãîë ìåæäó âåêòîðàìè Ht è Ht−1:

rt := eβt arccos
〈Ht ,Ht−1〉

‖Ht‖ ‖Ht−1‖
,

ãäå ýêñïîíåíöèàëüíûé

ìíîæèòåëü êîìïåíñèðóåò

óáûâàíèå ðàññòîÿíèé;

β = 0.121 � ýìïèðè÷åñêè

ïîäîáðàííûé ïàðàìåòð.

Djallel Boune�ouf et al. Contextual bandit for ative learning: ative Thompson

sampling. 2014.
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Êîìïðîìèññ ¾èçó÷åíèå�ïðèìåíåíèå¿ â àêòèâíîì îáó÷åíèè

Ýêñïîíåíöèàëüíûé ãðàäèåíò

Àêòèâíîå îáó÷åíèå ñ ïîäêðåïëåíèåì

Êàê âû÷èñëÿþòñÿ ïðèçíàêè êîíòåêñòîâ (êëàñòåðîâ)

btc =
(

Mdisc ,Vdisc , |c |, plbtc ,MixRatetcy
)

Mdisc � ñðåäíåå âíóòðèêëàñòåðíîå ðàññòîÿíèå;

Vdisc � äèñïåðñèÿ âíóòðèêëàñòåðíûõ ðàññòîÿíèé;

|c | � ÷èñëî îáúåêòîâ â êëàñòåðå;

plbtc � äîëÿ ðàçìå÷åííûõ îáúåêòîâ â êëàñòåðå;

MixRatetcy � äîëÿ îáúåêòîâ êëàññà y ∈ Y â êëàñòåðå.

Âñåãî ïðèçíàêîâ: 4 + |Y |.

Djallel Boune�ouf et al. Contextual bandit for ative learning: ative Thompson

sampling. 2014.
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Êîìïðîìèññ ¾èçó÷åíèå�ïðèìåíåíèå¿ â àêòèâíîì îáó÷åíèè

Ýêñïîíåíöèàëüíûé ãðàäèåíò

Àêòèâíîå îáó÷åíèå ñ ïîäêðåïëåíèåì

Êàê îöåíèâàåòñÿ êà÷åñòâî

Íàêîïëåííûå ïîòåðè (umulative regret):

R(T ) =
T
∑

t=1

(

〈btc∗t ,wt〉 − 〈btc ,wt〉
)

,

c∗t � îïòèìàëüíîå äåéñòâèå (R = 0, åñëè âñå äåéñòâèÿ îïòèìàëüíû)

Ñðàâíåíèå íàêîïëåííûõ ïîòåðü äëÿ ðàçëè÷íûõ àëãîðèòìîâ:
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�åçþìå

Àêòèâíîå îáó÷åíèå èñïîëüçóåòñÿ äëÿ óìåíüøåíèÿ

îáó÷àþùåé âûáîðêè, êîãäà ðàçìå÷åííûå äàííûå ä�îðîãè

Àêòèâíîå îáó÷åíèå áûñòðåå ïàññèâíîãî

Ïðè ìàëîì îáú¼ìå ðàçìå÷åííûõ äàííûõ îíî äîñòèãàåò

òîãî æå êà÷åñòâà, ÷òî ïàññèâíîå ïðè ïîëíîé ðàçìåòêå

Ââåäåíèå èçó÷àþùèõ äåéñòâèé â àêòèâíîì îáó÷åíèè

ïîçâîëÿåò åù¼ áûñòðåå îáñëåäîâàòü ïðîñòðàíñòâî X

Äëÿ ýòîãî â ïîñëåäíèå ãîäû ñòàëè ïðèìåíÿòüñÿ

àäàïòèâíûå ñòðàòåãèè èëè îáó÷åíèå ñ ïîäêðåïëåíèåì
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