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e Step-size in CMA-ES must be adapted dynamically e Algorithm Configuration
e Using Guided Policy Search (GPS) learn to control step-size o Static [e.g. AnsoOtegui et al. 2009, Hutter et al. 2011, Lépez-Ibanez et al. 2011]
offline in an automated, data-driven way o Dynamic [e.g. Adriaensen et al. 2016, Biedenkapp et. al 2020]
® Learned policies generalize beyond training setting e Parameter Control Using Reinforcement Learning (RL)
o higher dimensions o Online [Muller et al. 2002, Pettinger and Everson 2002, Chen et al. 2005, Eiben et al. 2007,
o longer runs Sakurai et al. 2010, Gaspero and Urli 2012, Karafotias, et al. 2014]
o other function classes o Offline [Battiti and Campigotto 2012, Sharma et al. 2019]
® Learning to Optimize [Li and Malik 2017]
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L} Trajectory Length Dimensions

50 100 150 200 250 500 1000 30 40 45 50 55 60

BentCigar 0.89 0.00 0.00 0.00 0.00 0.05 0.04 0.87 0.98 0.56 0.49 0.76 1.00
Discus 0.90 0.95 0.76 0.40 0.00 0.00 0.00 0.89 0.86 0.93 0.94 0.94 0.97
Ellipsoid 0.94 0.92 0.90 0.86 0.61 0.00 0.00 1.001.001.001.001.00 1.00
Katsuura 1.001.001.001.00 1.00 1.001.00 0.92 0.92 0.96 1.00 0.96 0.87
Rastrigin 1.00 0.81 0.80 0.83 0.92 0.73 0.74 1.00 1.00 1.00 1.00 1.00 1.00
Rosenbrock 0.93 0.77 0.78 0.90 0.62 0.24 0.04 1.001.001.001.001.001.00
Schaffers  0.60 0.55 0.40 0.39 0.48 0.39 0.57 0.31 0.58 0.78 0.87 0.76 0.74
Schwefel 0.99 0.52 0.76 0.79 0.87 0.84 0.65 1.00 0.96 0.96 1.00 1.00 0.98
Sphere 0.89 0.00 0.00 0.00 0.00 0.00 0.00 0.41 0.38 0.56 0.65 0.64 0.72
Weierstrass 0.97 0.97 0.89 0.92 1.00 1.001.00 0.97 1.00 0.95 1.00 1.00 0.93

Average 0.91 0.65 0.63 0.61 0.55 0.43 0.40 0.84 0.87 0.87 0.89 0.91 0.92
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(a) Different Trajectory Lengths (b) Different # Dimensions




