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In order to easily determine the optimal parameter for acquisition function of bayesian optimization, the adaptive
selection criterion for GP-UCB acquisition function parameter based on the sample point gradient is proposed. As
a result, an equivalent or superior performance of the proposed method is confirmed by comparing the cummulative
regret. Moreover, the round number dependence of the adaptively determined prameter βt is consistent with the
trend of βtGP−UCB which is theoretically derived.
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[3] .

f : D → R , t , xt ∈ D ⊂ R
n ,

yt = f(xt) + εt
. ,εt .

, x∗ = argmaxx∈Df(x)
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Cumulative Regret .

t xt ∈ D , Regret

rt = f(x∗)− f(xt) . T Cumulative

Regret Regret :RT =
∑T

t=1 rt.

, f [1]

:f ∼ GP (0, k(x, x′)).
, {x1, x2, . . . , xT }

{y1, . . . , yT |yt = f(xt) + εt, εt ∼ N (0, σ2)} ,

μT (x), σ2
T (x) :

μT (x) = kT (x)
T (KT + σ2In)

−1yT , (1)

σ2
T (x) = k(x, x)− kT (x)

T (KT + σ2In)
−1kT (x), (2)

kT (x) = (k(x1, x) . . . k(xT , x))
T , (3)

KT (x) = (k(xi, xj))i,j∈[1,T ]⊂Z. (4)

, In n . GP-UCB[3]

t :

xt = argmaxx∈D(μt−1(x) + βtσt−1(x)). (5)

, βt

, [3], [5] , :

βtGP−UCB =
√

2ν log(tn/2+2π2/3δ). (6)

, ν ∈ R, δ ∈ (0, 1]

, , .

3.

, βt t

, Cumulative RegretRT .

, t xt βt

( )vt(xt, β) :

vt(β) :=

∥∥∥∥∥
∂xt

∂βt

∣∣∣∣
βt=β

∥∥∥∥∥ (7)

=

∥∥∥∥∥∥
∂argmaxx∈D(μt−1(x) + β

1/2
t σt−1(x))

∂βt

∣∣∣∣∣
βt=β

∥∥∥∥∥∥
.

(8)

1

The 33rd Annual Conference of the Japanese Society for Artificial Intelligence, 2019

4I3-J-2-01



, βt

. , βt xt

βt :

βt = argmaxβvt(β). (9)

βt , 1 .

1 x , x

. , βt = 2, 3, 4

UCB .

, βt = 2 ( 1 ) ,

, ,

vt . , βt = 3, 4

( 1 ) , ,

, vt
. , , vt βt

, ,

. , vt βt

, ,

.

1: vt βt . βt = 2, 3, 4 UCB(

), ( ) , vt ( ) .

, βt .

4.

, GP-UCB . GP-UCB

(6) , ν = 0.5, δ = 0.05 , β

2 − 4 . ,

t , βt ∈ B := {2, 2.5, 3, 3.5, 4, 5, 6} ,

vt(β) β ∈ B ,(9)

, βt . ,

Alpine2[6], Branin[6], Hartmann3[6], Hartmann6[6] 4

, T = 50 Cummulative Regret

. , Cummulative Regret

10 . ,

SE(Squared Exponential)

, SE SE

. , , 5

x ∈ D .

5.

RT /T 2

. , ,

, GP-UCB Cummulative Regret

. ,

βt ,

.

, 3 βt T .

, βt GP-UCB

. , βt ,

6 βtGP−UCB .
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,

,

GP-UCB βt

. , ,
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