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One-sentence takeaway Experiments and Results

• Iterative refinement: diffusion models improve samples step 
by step, which naturally matches moving candidates toward 
the Pareto front.

• Conditional generation: they can learn a conditional process 
over decision variables to steer sampling toward promising 
trade-offs.

• Optimization-aware sampling: reverse diffusion can be guided 
to improve objective values while preserving diversity. Acknowledgement: This project received funding from the German Federal Ministry of Education and Research 

(BMBF) through the AI junior research group "Multicriteria Machine Learning". 
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Method overview

 SPREAD turns conditional diffusion into a multi-objective optimizer 
 by combining shifted conditioning, MGD-inspired adaptive guidance,
 and diversity-promoting repulsion, yielding strong Pareto-front 
 quality in online, offline, and Bayesian settings.

Challenges in Multi-Objective Optimization (MOO)

Why diffusion for MOO?  

Main contributions
• A diffusion-based generative framework for MOO.
• A novel conditioning strategy with a theoretical 
        improvement guarantee.
• An adaptive guidance mechanism inspired by 
        multiple gradient descent (MGD).
• A diversity-promoting repulsion term for better 
        Pareto-front coverage.
• Strong results in online, offline, and Bayesian MOO settings.

• Many real-world problems require optimizing multiple 
        conflicting objectives at once.
• The goal is not a single optimum, but a Pareto front of 
        trade-off solutions.
• Classical methods can struggle in high-dimensional, large-scale, 
        and resource-constrained settings.
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