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One-sentence takeaway Main contributions Experiments and Results .

SPREAD turns conditional diffusion into a multi-objective optimizer A diffusion-based generative framework for MOO. o] R ] S —

by combining shifted conditioning, MGD-inspired adaptive guidance, | « A novel conditioning strategy with a theoretical - N . " - iy

and diversity-promoting repulsion, yielding strong Pareto-front improvement guarantee. ) \| - . .

quality in online, offline, and Bayesian settings. *  An adaptive guidance mechanism inspired by ”
multiple gradient descent (MGD).

* Adiversity-promoting repulsion term for better
Pareto-front coverage.
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Challenges in Multi-Objective Optimization (MOO)

* Many real-world problems require optimizing multiple e
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«  Shifted conditioning: For decision vectors x', the model is :
trained with shifted labels ¢! = F(xi) + 2, Z€(0,+00)™, = Bayesian

* Guidance objective: At each reverse step, SPREAD selects NN ER———
directions that balance alignment with MGD descent, and
dispersion in objective space via a Gaussian RBF repulsion term.

* Final solution set: Across reverse steps, SPREAD maintains the
top non-dominated candidates using crowding distance to

Why diffusion for MOO?

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.
preserve diversity. The final output is an approximation of the

* Optimization-aware sampling: reverse diffusion can be guided o )
p_ .. piing . . . . g Pareto set gathered over the diffusion trajectory. S Y 7 ICLR
tO I m p rove O bJ ect] Ve Va I u es Wh I |e p rese rVI ng d Ive rslty, (BMBF) through the Al junior research group "Multicriteria Machine Learning".
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