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● Many real-world optimization problems are multi-objective

○ Biological Sequence Design

○ Neural Architecture Search

● We aim to find the set of all non-dominated solutions that
forms the Pareto Front

● Hypervolume measures the quality of a solution set with
respect to the reference point

Motivation
Reference 

Point

2



Offline Multi-Objective Optimization
● Challenge: Evaluating real-world designs is prohibitively expensive or risky

● The "Offline" Setting: Optimize using only a static, pre-collected dataset
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Prior Work
● The Dominant Paradigm: Multi-stage pipelines relying on explicit surrogate models or 

predictors

● The Bottleneck: Performance is limited by the accuracy of the surrogate model or predictor
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Pareto-Conditioned Diffusion Models
● Our Solution: We propose Pareto-Conditioned Diffusion PCD, which reframes offline MOO 

as a conditional sampling problem
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Training Via Multi-Objective Reweighting

● Goal: Focus on optimal designs, 
not average ones

● Issue: How to compare points in 
multi-objective solution space?

● Solution: Reweight the dataset 
using the dominance number of 
each point
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Generating Conditioning Points
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How do we generate target trade-offs that offer
better coverage and performance than the offline dataset?



Generating Conditioning Points
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1 Partition solution   
    space via direction    
    vectors

2 Assign points to
    direction vectors

3 Extrapolate and
     add noise



Sampling via Predictor-free Guidance
● Generate designs that are highly faithful to the target trade-offs
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Designs

UnconditionalConditional



Main Results
● PCD is highly competitive and consistent across diverse offline MOO tasks with a single set 

of hyperparameters

10



How Effective is the Conditioning in PCD?
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● PCD faithfully reconstructs the original conditioning points

● Matches or exceeds extrapolated conditioning targets



Conclusion
● We introduced PCD, reframing offline MOO as a conditional sampling problem

● Leverages dominance-based reweighting and extrapolated targets to generate diverse, 
novel Pareto-optimal solutions

● PCD achieves highly competitive and consistent performance across diverse benchmarks

● Future work: Extending PCD with discrete diffusion models for combinatorial optimization!
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