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1. irace parameters 2. Meta-tuning and algorithm configuration benchmarks
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3. Empirical Performance Model (Hutter, Xu, Hoos & Leyton-Brown, 2014a)
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Meta-tuning becomes computationally feasible
e An irace run on SPEAR-IBM (budget: 5000 runs) — 5 CPU minutes
e A meta-tuning on SPEAR-IBM (budget: 5000 irace runs) — 7.5 CPU days Post-analysis

e fANOVA (Hutter et al 2014b), ablation (Fawcett et al 2016), manual testing
Consistency between surrogate and real benchmarks e Most important parameters: N, N™" eljtist
e Prediction accuracy | e Complex interactions between irace parameters
e Benchmark homogeneity (Kendall\W) e Best irace versions exploit a more intense search than the default version.
e Important parameters and pairwise interactions (FANOVA, Hutter et al 2014b)
4. Mixed results on real benchmarks 6. Ongoing works
250 tuned vs default: p = 5.7x10° e Try a new surrogate modelling method: Eggensperger, Lindauer, Hoos, Hutter & Leyton-Brown, 2017
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