Learning the Pareto Front with Hypernetworks
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Overview Pareto Hypernetworks Quality-Runtime Trade-off
We put forward a novel multi-objective optimiza- Hypernetworks are deep models that generate the Baseline models need multiple models to cover the front, yielding a trade-off between solution quality and
tion (MOQ) setup which we term Pareto Front weights of another (target) network. overall runtime. PHN training takes nearly the same time as a single model, achieves superior or comparable
Learning (PFL): Learning the Pareto front usin Our hypernetwork h produces weights 6, for a nality (hypervolumne) as 25-40 baseline models. and is also 10 ~ 50 times tfaster.
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