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Bayesian optimization is a method for the global optimization of black-box functions as few evaluation as possible.
It utilizes Gaussian processes to efficiently select parameters to be evaluated. However, it is not scalable because
Gaussian processes scale cubically with the number of iterations. In this work, we propose a method for scalable
Bayesian optimization by leveraging models used in past iterations, which we call past memory. This technique
enables us to fit Gaussian processes to only input-output pairs near the previously selected input parameter. In
experiments, we show our proposed method outperforms naive Bayesian optimization in terms of optimization
performance with limited time budget.
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x = [x1, . . . , xD] y = F(x)

D

[Rasmussen 06]

m : X → R

k : X ×X → R

m(x) = m0

k(x,x′) = exp
(−‖x− x′‖22/(2h2)

)
,

2

h ∈ R+

t− 1

Dt−1 = {(xi, yi) | i = 1, . . . , t− 1}

O(t3) O(T 4)
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x

μ(x) σ(x)

α(x)

xt = argmax
x∈X

α (x)

(EI) [Bull 11] EI

α (x) = (τ − μ(x)) Φ(γ) + σ(x)φ(γ)

τ γ = (τ−μ(x))/σ(x)

∗1 T0 = 50
xinit
1 , . . . ,xinit

T0
i = 1, . . . , T0

yiniti = F(xinit
i ) D0

Algorithm 1 Bayesian Optimization with Memory

Retention (BOMR)

1: Input: F(x) X α(x)

T

2: D0

3: M0 ← ∅
4: for t = 1, 2, . . . , T do

5: X ′
t ⊆ X

6: D′
t ⊆ Dt−1

7: Dt−1

8: Mt ← {(x, μ(x), σ(x)) ∈ Mt−1 | x �∈ X ′
t }

9: xM
t ← argmaxx∈Mt

α(x)

10: x
′
t ← argmax

x∈X ′
t
α(x)

11: xt ← argmax
x∈{xM

t ,x
′
t}

α(x)

12: yt ← F(xt)

13: Dt ← Dt−1 ∪ {(xt, yt)}
14: 10 Mt

15: Return DT

Φ(γ) φ(γ)
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BOMR X ′

t
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3.2.1

x F(x) x

xt−1 k(x,xt−1)

xt−1 μ(x), σ(x)

k(x,xt−1)

X ′
t

x xt−1

k(x,xt−1) xt−1

X ′
t

h

Sc(xt−1) = {x ∈ X | ‖x− xt−1‖2 ≤ h · c}

Sc(xt−1) ⊆ X ′
t X ′

t

c c

h

h

h
∗4

Sc(xt−1) L-BFGS

{x ∈ X | ∀i = 1, . . . , D, xL ≤ xi ≤ xU}
x i xi

X ′
t

X ′
t Sc(xt−1)

xL = x(t−1,i) − h · c xU = x(t−1,i) + h · c
x(t−1,i) xt−1 i

3.2.2

X ′
t

k(x,xt−1) x xt−1

‖x − xt−1‖2
x

x xt−1

∗2 EI
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xt−1

V(xt−1) X ′
t

XD
t

D′
t
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xt−1 x

xt−1

X ′
t

x x
∗5 x xt−1

X ′
t xt−1

V(xt−1) = {x ∈ X | ∀i = 1, . . . , t− 2, ‖xt−1 − x‖2 ≤ ‖xi − x‖2}

V(xt−1) ⊆ X ′
t X ′

t

V(xt−1)

X ′
t = {x ∈ X | ∀i, xL

i ≤ xi ≤ xU
i }

X ′
t V(xt−1)

X ′
t fi(x) = xi

xL
i = minx∈V(xt−1) fi(x) xU

i =

maxx∈V(xt−1) fi(x) fi(x)

‖xt−1 − x‖2 ≤ ‖xi − x‖2 xt−1

xi X 2 xt−1

x (xt−1 − xi)x
� ≥

(‖xt−1‖22 − ‖xi‖22)/2
xL
i xU

i
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∗5 [Bull 11] h
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i ( xU
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fi(x) = xL
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3.3

D′
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4.

D = 3 Rosen-

brock F(xt) = ΣD−1
i=1 [100(xi+1 − x2

i )
2 + (xi − 1)2]

X ∈ [−5, 10]D
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