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Gaussian Process Bandit

2 A decision domain X (x ∈ X )

2 An objective function f

2 A learner or decision maker π selects xt

x1 → x2 → x3 → ...→ xT

2 Noisy observations
yt = f (xt) + εt

2 Objective: minimize Regret

minimize
∑T

t=1 f (x∗)− f (xt)
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Gaussian Process Bandit

2 Bayesian Regularity Assumptions

• f is a sample from a GP

• Noise is Gaussian

2 Frequentist Regularity Assumptions

• f belongs to a Reproducing Kernel Hilbert Space (RKHS)

• Noise is sub-Gaussian
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Algorithms

2 GP-UCB (middle): optimistic optimization [Srinivas et al., 2010]

2 GP-TS (right): posterior sampling [Chowdhury and Gopalan, 2017]
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Regret Bounds and Information Gain

Regret Bounds for GP bandits (Informal):

R(T ) = O(
√
TγT )

where γT denotes the maximal information gain

γT = supXT⊆X I(yT ; f̂ ),

I(yt; f̂ ) = 1
2 log det(It + 1

τKXt,Xt).
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Main Result: Theory

Theorem (Bound on γT): Consider a GP with a kernel k. For D ∈ N The
following upper bound on γT holds for all D ∈ N.

γT ≤ 1
2D log

(
1 + k̄T

τD

)
+ 1

2
δDT
τ .

The expression can be simplified as

γT = O (D log(T ) + δDT )

• δD =
∑∞

m=D+1 λmψ
2
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Main Results: Improved Bounds

Kernel Bound on γT Regret Lower Bound Regret Upper Bound

Polynomial eigendecay O
(
T

1
βp log

1− 1
βp (T )

)
- Õ

(
T

βp+1
2βp

)
Exponential eigendecay O

(
log1+ 1

βe (T )
)

- Õ
(
T

1
2 log

1
2βe (T )

)
Matérn−ν O

(
T

d
2ν+d log

2ν
2ν+d(T )

)
Ω(T

ν+d
2ν+d) Õ

(
T

ν+d
2ν+d

)
SE O

(
logd+1(T )

)
Ω
(
T

1
2 log

d
2(T )

)
Õ
(
T

1
2 log

d
2(T )

)

• Polynomial eigendecay: λm = O(m−βp), βp > 1

• Exponential eigendecay: λm = O(exp(−mβe)), βe > 0,
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