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Figure 3. Spectral decay (left) and information gain bound (right) for independent (diagonal), linear, squared exponential
and Matérn kernels (v = 2.5.) with equal trace.

14



LR RIAA RN R R EHZ A AL 69 A ) A
R o X — R XAEAE LR B B R AV E AL R e 69
RTFAASEE o fodn RERANES 2L —Z R > I T
R EMETH — TR TIE R o Lo > 4o RIEE H
TR B o LB A RARLIREA R T > B A&
MJLF R 7T Ae 2t B 4T IR R A9 174 o

i a5, = max g ()

15



> Ja iR A

R pp = MAX [ (X)

& (knowledge gradient) R A %

2

B BAVIE T H 5 xppq > BRAVFRGEAf(x) > A F ik
2 f(x) ~ N (Up41 (), Un+1(x)) > AR A

Hnt1 = MaX pn (%)

agg(x) = [Ef(xn+1)[ﬂ1*1+1 — UnlXn41 = X]

KA AL
Ak (X) = Upi1 (X Yne1) — Un

VYn+1 ~ N (un(x), o7 (x))

16



> 4% % (entropy search) FA% % 4

W% 3 H(p) = [ p(x) 1og$dx, B M R

AT T E > B E T HAL S Gxy > RAVA ERAL &89 A
A H(pp(f (x7))) > 3 ¥ xp = argmax fiy (x)-
X

ags(x)
— H(pn(f(x;;))) o Ef(xn+1)H(pn+1(f(x;;+1)|xn+1 — x»f(xn+1)))

B ey H (a1 (F (g ) ona = X, f (n1)))
= [ W0 100, R0 H(pn f (i) onss = ,))lf

17



> B AR
Frazier, Peter 1. "A tutorial on Bayesian optimization." arXiv preprint
arXiv:1807.02811 (2018).

Srinivas, Niranjan, Andreas Krause, Sham M. Kakade, and Matthias Seeger.

"Gaussian process optimization in the bandit setting: No regret and experimental
design." arXiv preprint arXiv:0912.3995 (2009).

& ¥ iERR
https://courses.cs.washington.edu/courses/cse599i/18wi/resources/lecturel3/lecture

13.pdf

18



