>>> EvoXBench: Neural Architecture Search as EMO Benchmarks
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>>> EvoXBench: A NAS Benchmark Generator Tailored for EMO

Conventional NAS pipeline:
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* Provides an end-to-end pipeline to generate NAS benchmarks for EMO
algorithms to run efficiently
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>>> EvoXBench: Under the Hood
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>>> EvoXBench: Empirical Validation

Accuracy of surrogate modeling:
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Efficiency (latency in obj. func. evaluation):

Search space Query method Python MATLAB Java

NASBench101 Database 0.1139 £ 0.013 0.1716 £ 0.031 0.1970 £+ 0.036
MobileNets Surrogate 0.0380 £ 0.002 0.0528 £ 0.018 0.0574 + 0.020
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>>> EvoXBench: Generating NAS Benchmark Test Suites
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® C-10/MOP1: NSGA-II, IBEA, MOEA/D, NSGA-III, RVEA
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>>> EvoXBench: How to Get Started
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