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Ïîäáîð ãèïåðïàðàìåòðîâ

Ìíîãèå ìåòîäû ìàøèííîãî îáó÷åíèÿ èìåþò ãèïåðïàðàìåòðû,
îò êîòîðûõ ñóùåñòâåííî çàâèñèò êà÷åñòâî ïðåäñêàçàíèÿ:

SVM - ïàðàìåòð C

Êîýôôèöèåíòû L1/L2 ðåãóëÿðèçàöèè

Gradient Boosted Decision Trees - ðàçìåð êîìïîçèöèè,
âûñîòà äåðåâà, shrinkage, ìèí. êîë-âî îáúåêòîâ â ëèñòå.

Îíëàéí îáó÷åíèå Vowpal Wabbit: ηt = λdk
(

t0
t0+wt

)p
,

ïàðàìåòðû λ, d , t0, p

Àëãîðèòì îáó÷åíèÿ, êàê ïðàâèëî, ñâîäèòñÿ ê àëãîðèòìó
÷èñëåííîé îïòèìèçàöèè, ó êîòîðîãî òîæå ìîãóò áûòü
ïàðàìåòðû.



Ïîäáîð ãèïåðïàðàìåòðîâ

Áàçîâûé àëãîðèòì òåñòèðîâàíèÿ ãèïåðïàðàìåòðîâ -
ôóíêöèÿ f (x)
Âõîä: âåêòîð ãèïåðïàðàìåòðîâ x ∈ Rp, îáó÷àþùàÿ âûáîðêà,
òåñòîâàÿ âûáîðêà, àëãîðèòì îáó÷åíèÿ

1 Îáó÷èòü àëãîðèòì íà îáó÷àþùåé âûáîðêå, èñïîëüçóÿ
ïàðàìåòðû x

2 Âåðíóòü êà÷åñòâî, èçìåðåííîå ïî òåñòîâîé âûáîðêå

Àëüòåðíàòèâà - êðîññ-âàëèäàöèÿ

Çàäà÷à ñâîäèòñÿ ê îïòèìèçàöèè ôóêöèè f (x), äëÿ êîòîðîé ìû
óìååì âû÷èñëÿòü òîëüêî çíà÷åíèÿ, à íå ïðîèçâîäíûå
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Ïîäáîð ãèïåðïàðàìåòðîâ

×òî äåëàòü?

Ïåðåáîð ïî ñåòêå - íîðìàëüíîå ðåøåíèå, åñëè êîìáèíàöèé
ïàðàìåòðîâ íå î÷åíü ìíîãî

Äëÿ íåêîòîðûõ ïàðàìåòðîâ èìååò ñìûñë èñïîëüçîâàòü
ëîãàðèôìè÷åñêóþ ñåòêó (íàïðèìåð, ïàðàìåòðû L1/L2
ðåãóëÿðèçàöèè, learning rate)

Ðàçíûå êîìáèíàöèè ìîæíî ïðîáîâàòü ïàðàëëåëüíî

Ìîæíî ïðîáîâàòü ñëó÷àéíûå òî÷êè ïî ñåòêå

Ïðè ðàçíûõ çíà÷åíèÿõ ïàðàìåòðîâ îáó÷åíèå áóäåò
çàíèìàòü ðàçíîå âðåìÿ. Íàïðèìåð, ÷åì áîëüøå íåéðîííàÿ
ñåòü - òåì áîëüøå âû÷èñëåíèé íóæíî äåëàòü.
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Ñëó÷àéíûé ïîèñê

https://en.wikipedia.org/wiki/Sobol_sequence

https://en.wikipedia.org/wiki/Sobol_sequence


Ïîñëåäîâàòåëüíîñòü Ñîáîëÿ

https://en.wikipedia.org/wiki/Sobol_sequence

https://en.wikipedia.org/wiki/Sobol_sequence


Ìåòîä Íåëäåðà-Ìèäà

aka ìåòîä äåôîðìèðóåìîãî ìíîãîãðàííèêà, ñèìïëåêñ-ìåòîä,
"àìåáà"

argmin
x∈D, D - ãèïåðêóá

f (x)

Ìåòîä Íåëäåðà-Ìèäà
Âõîä: Ôóíêöèÿ f (·), p + 1 òî÷åê x1, ..., xp+1

Ïîêà íå âûïîëíåíî óñëîâèå îñòàíîâà:

1 Îòñîðòèðóåì âñå òî÷êè ïî âîçðàñòàíèþ öåëåâîé ôóíêöèè:
{xl , ..., xg , xh}, f (xl) < ... < f (xg ) < f (xh)

2 Ïðîáóåì äâèãàòü òî÷êó xh, âûïîëíÿÿ îòðàæåíèå,
ðàñòÿæåíèå èëè ñæàòèå ñèìïëåêñà

3 Åñëè íå ïîëó÷èëîñü óìåíüøèòü f (xh), òî âûïîëÿåì
ãëîáàëüíîå ñæàòèå ñèìïëåêñà.
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Ìåòîä Íåëäåðà-Ìèäà
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Ìåòîä Íåëäåðà-Ìèäà

http://www.youtube.com/watch?v=HUqLxHfxWqU

http://www.youtube.com/watch?v=HUqLxHfxWqU


Ìåòîä Íåëäåðà-Ìèäà

1 Ïðîñòîé â ðåàëèçàöèè

2 Íå ðàáîòàåò ñ äèñêðåòíûìè ïåðåìåííûìè

3 Ñõîäèìîñòü çàâèñèò îò íà÷àëüíîãî ïðèáëèæåíèÿ, ìîæåò
çàñòðÿòü â ëîêàëüíîì ìèíèìóìå

4 Æåëàòåëüíî äåëàòü ìóëüòèñòàðò

5 Ïëîõî äåëàåò exploration

6 Îáû÷íî íóæíî ìíîãî âû÷èñëåíèé f (·)
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Ññûëêè

Ìåòîä Nelder-Mead
Ôóíêöèÿ fmin â scipy
http://docs.scipy.org/doc/scipy/reference/generated/

scipy.optimize.fmin.html

Ìíîãî ìåòîäîâ äëÿ black-box îïòèìèçàöèè, â ò.÷. ìåòîä
Powell
http://docs.scipy.org/doc/scipy-0.14.0/reference/

tutorial/optimize.html

HyperOpt (Random Search, TPE)
https://github.com/hyperopt/hyperopt

http://docs.scipy.org/doc/scipy/reference/generated/scipy.optimize.fmin.html
http://docs.scipy.org/doc/scipy/reference/generated/scipy.optimize.fmin.html
http://docs.scipy.org/doc/scipy-0.14.0/reference/tutorial/optimize.html
http://docs.scipy.org/doc/scipy-0.14.0/reference/tutorial/optimize.html
https://github.com/hyperopt/hyperopt


Áàéåñîâñêàÿ îïòèìèçàöèÿ

Áàéåñîâñêàÿ îïòèìèçàöèÿ ñòðîèò ðàñïðåäåëåíèå
P(y |x , ïðåäûäóùèå èçìåðåíèÿ, àïðèîðíàÿ èíôîðìàöèÿ)

Ãàóññîâñêèé ñëó÷àéíûé ïðîöåññ
Ïîñëåäîâàòåëüíîñòü {yt}t∈T íàçûâàåòñÿ ãàóññîâñêèì
ñëó÷àéíûì ïðîöåññîì, åñëè äëÿ ëþáîãî êîíå÷íîãî ìíîæåñòâà
{t1, t2, ..., tn} ñëó÷àéíûå âåëè÷èíû {yt1 , yt2 , ..., ytn} èìåþò
ñîâìåñòíîå ìíîãîìåðíîå íîðìàëüíîå ðàñïðåäåëåíèå.

yi = f (xi )

[yt1 , yt2 , ..., ytn ] ∼ N(m,Σ)
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Êîâàðèàöèÿ

Íóæíî èìåòü ìîäåëü äëÿ ìàòðèöû êîâàðèàöèè:

Σij = cov(yi , yj) = K (xi , xj)

r2(x , x ′) =

p∑
d=1

(xd − x ′d)2

θ2d

ßäðî squared exponential

KSE (x , x ′) = θ0 exp(−1
2
r2(x , x ′))

ßäðî ARD Matern 5/2

KM52(x , x ′) = θ0

(
1 +

√
5r2(x , x ′) +

5

3
r2(x , x ′)

)
exp(−

√
5r2(x , x ′))
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Îöåíêà ôóíêöèè â íîâîé òî÷êå

(x1, y1), ..., (xn, yn) - óæå ïðîâåðåííûå òî÷êè, y ∈ Rn

xn+1 - íîâàÿ òî÷êà
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∼ N (m,Σ)

Σ =
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K k

kT k(xn+1, xn+1)

]
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k = [k(xn+1, x1), k(xn+1, x2), ..., k(xn+1, xn)]

P
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y
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1√
(2π)k |Σ|
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y
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Îöåíêà ôóíêöèè â íîâîé òî÷êå

P(yn+1|xn+1, {xi , yi}ni=1) = N(µ, σ)

µ = kTK−1y

σ = k(xn+1, xn+1)− kTK−1k

Áóäåì èñïîëüçîâàòü îáîçíà÷åíèÿ

µ(x ; {xi , yi}ni=1, θ) σ2(x ; {xi , yi}ni=1, θ)



Îöåíêà ôóíêöèè â íîâîé òî÷êå
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Ôóíêöèÿ âûãîäû

Ôóíêöèÿ âûãîäû a : X → R

xnext = argmax
x

a(x)

Áóäåì îáîçíà÷àòü ýòó ôóíêöèþ a(x ; {xi , yi}ni=1, θ) ãäå θ -
ïàðàìåòðû àëãîðèòìà ãàóññîâñêèõ ïðîöåññîâ



Àëãîðèòì Áàéåñîâñêîé îïòèìèçàöèè

Àëãîðèòì Áàéåñîâñêîé îïòèìèçàöèè
Âõîä: ôóíêöèÿ f (·), ôóíêöèÿ âûãîäû a(·), ìàêñ. êîë-âî
âû÷èñëåíèé ôóíêöèè T , íà÷àëüíîå ìíîæåñòâî çíà÷åíèé
D = {xi , yi}ki=1

1 for t = 1 ... T

2 xt ← argmaxx a(x ;D)

3 Âû÷èñëèòü yt = f (xt)

4 D ← D ∪ {xt , yt}



Ôóíêöèÿ âûãîäû

xbest = argmin
x∈{x1,...,xn}

f (x)

γ(x) =
f (xbest)− µ(x ; {xn, yn}, θ)

σ(x ; {xn, yn}, θ)

Φ(·) - êóìóëÿòèâíàÿ ôóíêöèÿ íîðìàëüíîãî ðàñïðåäåëåíèÿ



Ôóíêöèÿ âûãîäû
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2 Îæèäàåìîå óëó÷øåíèå:

aEI (x ; {xn, yn}ni=1, θ) = E[(f (xbest)− y)+]

3 Íèæíèé äîâåðèòåëüíûé èíòåðâàë:

aLCB = f (xbest)− (µ(x ; {xn, yn}ni=1, θ)− κσ(x ; {xn, yn}ni=1, θ))
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Ýêñïåðèìåíòû



Ýêñïåðèìåíòû



Øóì

Åñëè çíà÷åíèÿ ôóíêöèè èçìåðÿþòñÿ íå òî÷íî

yi = f (xi ) + ξi

ξi ∼ N(0, ν)

òî êîâàðèàöèîííàÿ ìàòðèöà ìîäèôèöèðóåòñÿ

cov(yi , yi ) = cov(f (xi ), f (xj)) + ν[i = j ] = Kij + ν[i = j ]

Σ← Σ + νI

µ = kT (K + νI )−1 y, σ = k(xn+1, xn+1)− kT (K + νI )−1 k

Â êà÷åñòâå ëó÷øåãî íàéäåíîãî çíà÷åíèÿ ôóíêöèè f (·)
ðåêîìåíäóåòñÿ èñïîëüçîâàòü

f (xbest)← argmin
x∈{x1,...,xn}

µ(x ; {xi , yi}ni=1, θ)

Ìîäåëü ñ øóìîì ïîìîãàåò â ñëó÷àå íå íåïðåðûâíûõ f (·)
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Ïðîáëåìû ñ Áàéåñîâñêîé îïòèìèçàöèåé

Ó àëãîðèòìà ïîèñêà ãèïåðïàðàìåòðîâ òîæå åñòü ïàðàìåòðû :(

θ1...D , θ0, ν, m

Çàêìíóòûé êðóã?

Âàðèàíòû ðåøåíèÿ ïðîáëåìû:

1 Íàéòè ïàðàìåòðû ìàêñèìèçàöèåé ïðàâäîáîäîáèÿ

p(y1, ..., yN |x1, ..., xN , θ, ν,m) = N(y |m,Σθ + νI )

2 Íàëîæèòü íà θ àïðèîðíîå ðàñïðåäåëåíèå è
ïðîèíòåãðèðîâàòü ïî àïîñòåðèîðíîìó ðàñïðåäåëåíèþ θ

â(x ; {xn, yn}ni=1) =

∫
a(x ; {xn, yn}ni=1, θ)p(θ|{xn, yn}ni=1)dθ

Âû÷èñëÿåòñÿ ìåòîäîì Markov Chain Monte Carlo (MCMC).
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Ïðîáëåìû ñ Áàéåñîâñêîé îïòèìèçàöèåé

Ïîèñê
xnext = argmax

x
a(x)

ñàìî ïî ñåáå ÿâëÿåòñÿ ïðîáëåìîé black-box îïòèìèçàöèè.
Áàéåñîâñêóþ îïòèìèçàöèþ èìååò ñìûñë èñïîëüçîâàòü, åñëè
íàõîæäåíèå xnext çàíèìàåò ãîðàçäî ìåíüøå âðåìåíè, ÷åì
âû÷èñëåíèå f (xnext)



Ïàðàëëåëüíûå âû÷èñëåíèÿ

Ïóñòü ó íàñ åñòü âîçìîæíîñòü òåñòèðîâàòü íàáîðû
ãèïåðïàðàìåòðîâ ïàðàëëåëüíî.
Ñèòóàöèÿ: â òî÷êàõ {x1, ..., xn} âû÷èñëåíèÿ ïðîèçâåäåíû, â
òî÷êàõ {xn+1, ..., xn+J} âû÷èñëåíèÿ íå çàêîí÷åíû. Êàêóþ òî÷êó
âûáðàòü ñëåäóþùåé?

Îöåíèì ðàñïðåäåëåíèå yn+1, ..., yn+J â òî÷êàõ {xn+1, ..., xn+J} ñ
ïîìîùüþ ãàóññîâñêèõ ïðîöåññîâ

p(yn+1, ..., yn+J) = p(yn+1, ..., yn+J |xn+1, ..., xn+J , {xn, yn}ni=1)

â(x ; {xn, yn}n+J
i=1 ;θ, {xj}) =

=

∫
RJ

a(x ; {xn, yn}n+J
i=1 , θ)p(yn+1, ..., yn+J)dyn+1..dyn+J
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i=1 ;θ, {xj}) =

=

∫
RJ

a(x ; {xn, yn}n+J
i=1 , θ)p(yn+1, ..., yn+J)dyn+1..dyn+J



Ïàðàëëåëüíûå âû÷èñëåíèÿ

Ïóñòü ó íàñ åñòü âîçìîæíîñòü òåñòèðîâàòü íàáîðû
ãèïåðïàðàìåòðîâ ïàðàëëåëüíî.
Ñèòóàöèÿ: â òî÷êàõ {x1, ..., xn} âû÷èñëåíèÿ ïðîèçâåäåíû, â
òî÷êàõ {xn+1, ..., xn+J} âû÷èñëåíèÿ íå çàêîí÷åíû. Êàêóþ òî÷êó
âûáðàòü ñëåäóþùåé?
Îöåíèì ðàñïðåäåëåíèå yn+1, ..., yn+J â òî÷êàõ {xn+1, ..., xn+J} ñ
ïîìîùüþ ãàóññîâñêèõ ïðîöåññîâ

p(yn+1, ..., yn+J) = p(yn+1, ..., yn+J |xn+1, ..., xn+J , {xn, yn}ni=1)

â(x ; {xn, yn}n+J
i=1 ;θ, {xj}) =

=

∫
RJ

a(x ; {xn, yn}n+J
i=1 , θ)p(yn+1, ..., yn+J)dyn+1..dyn+J



Ýêñïåðèìåíòû

Ñëåâà: îïòèìèçàöèÿ ôóíêöèè Branin-Hoo.
Ñïðàâà: îáó÷åíèå ëîãèñòè÷åñêîé ðåãðåñèè íà MNIST,
èçìåíÿëèñü: øàã ñòîõ. ãðàäèåíòà, ðàçìåð minibatch, êîë-âî
ýïîõ, ïàðàìåòð L2-ðåãóëÿðèçàöèèè.



Ýêñïåðèìåíòû

Online LDA, èçìåíÿëèñü ïàðàìåòðû τ0, κ â øàãå
ñòîõàñòè÷åñêîãî ãðàäèåíòà ρt = (τ0 + t)−κ à òàêæå ðàçìåð
minibatch. Êîëè÷åñòâî òåì áûëî çàôèêñèðîâàíî è ðàâíî 100.



Ýêñïåðèìåíòû

Ñðàâíåíèå ðàçëè÷íûõ ÿäåð äëÿ çàäà÷è motif �nding task ñ
ïîìîùüþ Latent Structured Support Vector Machines.



Âû÷èñëèòåëüíûå ýêñïåðèìåíòû

Çàäà÷à: íóæíî íàñòðîèòü ïàðàìåòðû ñåðâèñà (ïîèñê, ðåêëàìà,
ìóçûêà ...) äëÿ îïòèìèçàöèè öåëåâîé ìåòðèêè.

Ïðèìåð: êðèòåðèé îòáîðà ðåêëàìíûõ îáúÿâëåíèé
P(click)αBid > A.
Ïàðàìåòðû α,A ïîäáèðàþòñÿ èñõîäÿ èç ìàêñèìèçàöèè
ïðèáûëè R(α,A).
Âû÷èñëåíèå R(α,A) - ýòî ýêñïåðèìåíò íà äîëå ïîëüçîâàòåëåé â
òå÷åíèå íåñêîëüêèõ äíåé. Ðåçóëüòàò áóäåò øóìíûì, ÷àñòî
ñòàòèñòè÷åñêè íå çíà÷èìûì. Ìîæíî ïîïðîáîâàòü Áàåéñîâñêóþ
îïòèìèçàöèþ.



Âû÷èñëèòåëüíûå ýêñïåðèìåíòû

Çàäà÷à: íóæíî íàñòðîèòü ïàðàìåòðû ñåðâèñà (ïîèñê, ðåêëàìà,
ìóçûêà ...) äëÿ îïòèìèçàöèè öåëåâîé ìåòðèêè.
Ïðèìåð: êðèòåðèé îòáîðà ðåêëàìíûõ îáúÿâëåíèé
P(click)αBid > A.
Ïàðàìåòðû α,A ïîäáèðàþòñÿ èñõîäÿ èç ìàêñèìèçàöèè
ïðèáûëè R(α,A).

Âû÷èñëåíèå R(α,A) - ýòî ýêñïåðèìåíò íà äîëå ïîëüçîâàòåëåé â
òå÷åíèå íåñêîëüêèõ äíåé. Ðåçóëüòàò áóäåò øóìíûì, ÷àñòî
ñòàòèñòè÷åñêè íå çíà÷èìûì. Ìîæíî ïîïðîáîâàòü Áàåéñîâñêóþ
îïòèìèçàöèþ.



Âû÷èñëèòåëüíûå ýêñïåðèìåíòû

Çàäà÷à: íóæíî íàñòðîèòü ïàðàìåòðû ñåðâèñà (ïîèñê, ðåêëàìà,
ìóçûêà ...) äëÿ îïòèìèçàöèè öåëåâîé ìåòðèêè.
Ïðèìåð: êðèòåðèé îòáîðà ðåêëàìíûõ îáúÿâëåíèé
P(click)αBid > A.
Ïàðàìåòðû α,A ïîäáèðàþòñÿ èñõîäÿ èç ìàêñèìèçàöèè
ïðèáûëè R(α,A).
Âû÷èñëåíèå R(α,A) - ýòî ýêñïåðèìåíò íà äîëå ïîëüçîâàòåëåé â
òå÷åíèå íåñêîëüêèõ äíåé. Ðåçóëüòàò áóäåò øóìíûì, ÷àñòî
ñòàòèñòè÷åñêè íå çíà÷èìûì.

Ìîæíî ïîïðîáîâàòü Áàåéñîâñêóþ
îïòèìèçàöèþ.



Âû÷èñëèòåëüíûå ýêñïåðèìåíòû

Çàäà÷à: íóæíî íàñòðîèòü ïàðàìåòðû ñåðâèñà (ïîèñê, ðåêëàìà,
ìóçûêà ...) äëÿ îïòèìèçàöèè öåëåâîé ìåòðèêè.
Ïðèìåð: êðèòåðèé îòáîðà ðåêëàìíûõ îáúÿâëåíèé
P(click)αBid > A.
Ïàðàìåòðû α,A ïîäáèðàþòñÿ èñõîäÿ èç ìàêñèìèçàöèè
ïðèáûëè R(α,A).
Âû÷èñëåíèå R(α,A) - ýòî ýêñïåðèìåíò íà äîëå ïîëüçîâàòåëåé â
òå÷åíèå íåñêîëüêèõ äíåé. Ðåçóëüòàò áóäåò øóìíûì, ÷àñòî
ñòàòèñòè÷åñêè íå çíà÷èìûì. Ìîæíî ïîïðîáîâàòü Áàåéñîâñêóþ
îïòèìèçàöèþ.



Áàéåñîâñêàÿ îïòèìèçàöèÿ

1 Áîëåå ñëîæíàÿ â ðåàëèçàöèè

2 Ðàáîòàåò ñ äèñêðåòíûìè ïåðåìåííûìè

3 Ñõîäèìîñòü íå ñèëüíî çàâèñèò îò íà÷àëüíîãî ïðèáëèæåíèÿ

4 Õîðîøî äåëàåò exploration

5 Îáû÷íî íóæíî íåìíîãî âû÷èñëåíèé f (·)



Ññûëêè

Spearmint (?)
https://github.com/JasperSnoek/spearmint

Metric Optimization Engine
https://github.com/Yelp/MOE

Bayesian Optimization (?)
https://github.com/fmfn/BayesianOptimization

(?) - ¾õîðîøèå¿

Ìåòîä Êðèãèíãà â ãåîëîãèè ìîæíî ðàññìàòðèâàòü êàê
ñïåöèôè÷íûé ñëó÷àé Áàéåñîâñêîé îïòèìèçàöèè

https://github.com/JasperSnoek/spearmint
https://github.com/Yelp/MOE
https://github.com/fmfn/BayesianOptimization
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http://www.youtube.com/watch?v=cWQDeB9WqvU

