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• Offline black-box 
optimization searches best 
design with fixed dataset 
and no new evaluations.
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• Offline black-box 
optimization searches best 
design with fixed dataset 
and no new evaluations.

• Optimizer exploits 
surrogate overestimations 
far from data manifold.
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• SPADE trains a calibrated, 
support-aware diffusion 
surrogate on offline 
design–score data.

• It then uses MC sampling, 
LCB scoring, and 
evolutionary updates to 
find the best design.
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𝑝(𝒙 | 𝒚) ∝ 𝑝(𝒚 | 𝒙) 𝑝(𝒙)

SPADE is
• diffusion surrogate for likelihood 𝑝(𝒚 | 𝒙)

• support prior 𝑝(𝒙) via kNN proximity

Ã(x) ≈ A(μ, σ) + κ log p_̂knn(x)

Acquisition ≈ predicted utility + data-support prior
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• SOTA on benchmarks: 
mean & median ranks 
are 2.8 and 1.5 out of all 
24 methods
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• SOTA on benchmarks: 
mean & median ranks 
are 2.8 and 1.5 out of all 
24 methods

• Ablation validates 
regularization design: 
both components are 
necessary

• Observation on 
synthetic functions: 
SPADE recovers global 
structure.
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