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with an unknown Gaussian process prior
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• no gradient information 
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Bayesian Optimization 

f

Idea: build a probabilistic model of the function f

LOOP 
• choose new query point(s) to evaluate 

• update model

t = 1, · · · , T

decision criterion: acquisition function

x* = argmax
𝒳⊂ℝd

f(x)

xt = argmax
𝒳⊂ℝd

αt(x)

↵t(·)
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Gaussian Processes (GPs)

• kernel function          ; mean function 

• function                       ; observe noisy output at 
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Given observations                                , predict posterior 
mean and variance in closed form via conditional Gaussian

�t�1(x)
2 = k(x, x)� kt�1(x)

T(Kt�1 + �2I)�1kt�1(x)

µt�1(x) = kt�1(x)
T(Kt�1 + �2I)�1yt�1

μ −1

σ −1

Samples from the posterior
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Gaussian Processes (GPs)

Dt = {(x⌧ , y⌧ )}t�1
⌧=1

Samples from the prior
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Bayesian Optimization 

Idea: build a probabilistic model of the function f

LOOP 
• choose new query point(s) to evaluate 

• update model

Gaussian Process Regression
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t = 1, · · · , T

decision criterion: acquisition function

x* = argmax
𝒳⊂ℝd

f(x)

xt = argmax
𝒳⊂ℝd

αt(x)

↵t(·)
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Gaussian process upper confidence bound 

f ⇠ GP (µ, k)Prior:

(Auer, 2002; Srinivas et al., 2010) 

µt�1(x) �2
t�1(x)

At iteration t, 
• predict the posterior              and              
• pick an input by optimizing the acquisition function 

xt = argmax μt−1(x) + βσt−1(x)
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f ⇠ GP (µ, k)Prior:

µt�1(x) �2
t�1(x)
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• pick an input by optimizing the acquisition function 

xt = argmax μt−1(x) + βσt−1(x)
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Bayesian optimization with an unknown prior
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• Our idea: learn the “prior” from past experience with 
similar functions 

• Assumption: we can collect data on functions 
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yij ∼ 𝒩( fi(xj), σ2)[x1, ⋯, xM]

meta / multi-task / transfer learning
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[Wang*&Kim*&Kaelbling, NIPS 2018]

Bayesian optimization with an unknown prior

Generic knowledge on functions

GP(μ, k)
distribution over functions

x1, y11 x2, y12 ⋯

observations of 
function values

x1, y21 x2, y22 ⋯

f

?? ?? ⋯

new  
function

⋯
f2

function 2
f1

function 1

f1, f2, ⋯fN, f ∼ GP(μ, k)
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Meta Bayesian optimization with an unknown prior
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βt =
(6(N − 3 + t + 2 t log 6

δ + 2 log 6
δ )/(δN(N − t − 1)))

1
2

+ (2 log( 3
δ ))1
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(1 − 2( 1
N − t log 6

δ )1
2)1

2
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Regret bound for meta BO with unknown prior

Important assumptions: 
• meta-training functions come from the same prior 
• enough number of meta-training functions 
• kernel function is bounded

N ≥ O(max(T, M))

Theorem (informal)

[Wang*&Kim*&Kaelbling, NIPS 2018]

simple regret: rT = max
x∈𝒳

f(x) − max
t∈[T]

f(xt)
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simple regret: rT = max
x∈𝒳

f(x) − max
t∈[T]

f(xt)

T fobservations on the test function

linear kernel
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Discrete input space |𝒳 | = M

Prior estimation with meta training data 

Y = [
y11 ⋯ y1M
⋯ ⋯
yN1 ⋯ yNM]

{[(xj, yij)]M
j=1}

N
i=1

[Wang*&Kim*&Kaelbling, NIPS 2018]
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Discrete input space |𝒳 | = M

Prior estimation with meta training data 

Y = [
y11 ⋯ y1M
⋯ ⋯
yN1 ⋯ yNM]

{[(xj, yij)]M
j=1}

N
i=1

Missing entries? Matrix completion.
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Wishart distribution
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Gaussian distribution
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Continuous input space 

μ(x) = Φ(x)Tu k(x, x′�) = Φ(x)TΣΦ(x′�)

basis functions mean parameter covariance parameter

f = Φ(x)TW ∼ GP(μ, k) W ∼ 𝒩(u, Σ)

f2
Φ(X)TWi = Yi ⟹ Wi = (Φ(X)Φ(X)T)−1Φ(X)Yi

assume basis functions are given!

estimate its mean and covariance to construct GP prior
[Neal, 1996; Wang*&Kim*&Kaelbling, NIPS 2018]
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Empirical results on block picking and placing 

……

f1 f2 fN f

meta-training data test functionN = 1500, M = 1000

[Wang*&Kim*&Kaelbling, NIPS 2018]
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f1 f2 fN f

meta-training data test functionN = 1500, M = 1000

[Wang*&Kim*&Kaelbling, NIPS 2018]
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Summary

• a regret bound for meta Bayesian optimization with an 
unknown prior but with assumptions on available data 

• future directions 
• what if basis functions are unknown? 
• goodness-of-fit test for functions? 
• how to reduce the dependency on large N? 

• are there better estimators than unbiased ones?
N = O(max(T, M))


