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Motivation Methodology

Background

Applications
1. Offline black-box optimization 

searches for better designs without 
new evaluations.

2. Optimizer exploits surrogate 
overestimations far from data 
manifold (out-of-distribution).

3. Can diffusion model serve as 
calibrated forward surrogate?

Offline BBO: with only historical data

𝓓 = { 𝒙𝑖 , 𝒚𝑖 }𝑖=1
𝑁 , 𝒚𝑖 = 𝑓 𝒙𝑖 ,

Find new design 𝒙∗ = argmax𝒙 𝑓 𝒙  without new 
oracle calls.

𝑝(𝒙 | 𝒚) ∝ 𝑝(𝒚 | 𝒙) 𝑝(𝒙)

Failure mode: surrogate optimization can leave 
supp(𝓓) and overestimate out-of-distribution 
designs.

Need: a probabilistic forward surrogate that is both
i) Calibrated to preserve important statistics;
ii) Support-aware to be “skeptical” of OOD designs.

Goal: learn probabilistic forward surrogate, then 
search conservatively. SPADE models 𝑝𝜃 𝒚 𝒙  with 
a conditional diffusion model. MC samples give a 
predictive mean and uncertainty.

Optimization-aware training:
ℒ = ℒdiff + 𝜆1ℒcalib + 𝜆2ℒprox, 𝑑 𝒙 = log 𝑅𝑘 𝒙

Conservative search: candidates scored by a lower 
confidence bound and updated by evolutionary 
search. Mean decreases, uncertainty increases ⇒ LCB 
decreases when far from data support.

𝑦 𝑚 ∼ 𝑝𝜃 𝒚 𝒙
LCB 𝒙 = ෞ𝜇𝜃 𝒙 − 𝛽ෞ𝜎𝜃 𝒙 , 

𝒙⋆ = arg max
𝒙

LCB 𝒙 .

Benchmark & Ablation Results

Impact & future work on 
broader offline-MBO use 
cases:
- Proteins / DNA / 

molecules
- Materials / robots / 

chips
- Safe extrapolation
- LLM data mixtures
- Self-evolving agent
- Many more!

Please feel free to apply 
SPADE / collaborate!

SOTA: SPADE finds high-scoring designs reliably 
across six offline BBO tasks.

Ablation: Diffusion + Prox + Calib = best. 
Calibration and support regularization both 
needed.

Observation on synthetic functions: SPADE 
recovers global structure.
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