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Summary: (i) A theoretical result showing DRO-BO breaks down into a finite dimensional optimization problem (ii) A practical algorithm to solve DRO-BO (iii) A regret analysis that holds for most choices of .φ
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𝒰D = {Q : D(P, Q) ≤ ε}
max

x
min

Q∈𝒰D

𝔼Q(c) [f(x, c)]
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χ2

sup
x∈𝒳 (𝔼pt(c)[ f(x, c)] − εt ⋅ Varpt(c)[ f(x, c)])
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RT(φ) ≤
8TβTγT

log(1 + σ−2
f )

+ M
T

∑
t=1

Γφ(εt)

DRO-BO

(Theorem 1) 

 
 
 
 
 
 

max
x∈𝒳

inf
q∈Bt

ϕ(p)
𝔼c∼q[ f(x, c)] = max

x∈𝒳,λ≥0,b∈ℝ (b − λϵt − λ𝔼pt(c) [φ⋆ ( b − f(x, c)
λ )])

Vu Nguyen Anton van den Hengel

Kernel Distributional Robust Bayesian Optimization 
 

1. Computationally expensive: Requires solving the minimax directly

2. Limited to the setting when contexts are finite. 

D = MMD

Can we solve the DRO-BO more efficiently with another choice of ? 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φ−

𝖣φ(P, Q) = ∫𝒞
φ ( dP

dQ ) dQ

• Total Variation

• Kullback-Leibler Divergence

• -divergenceχ2

D = χ2 D = TV  
Total Variation Distance 

 
 
 
 
 

sup
x∈𝒳

𝔼pt(c)[ f(x, c)] −
εt

2 (sup
c∈𝒞

f(x, c) − inf
c∈𝒞

f(x, c))

Bt
ϕ(p) := {q ∈ Δ(𝒞) : 𝖣ϕ(q, pt) ≤ εt}

M = sup(x,c)∈𝒳×𝒞 f(x, c) < ∞
f ∈ RKHS
φ : ℝ → (−∞, ∞]
Γφ : [0,∞) → ℝ
TV(p, q) ≤ Γφ(𝖣φ(p, q))
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