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CHROMATIC NETWORKS FOR REINFORCEMENT LEARNING COMPACTIFICATION RESULTS

Compact, etficient architectures are very important for practical use on real robots. [1] has shown that Simply masking neural network weights does not work very well:
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Note that adding more layers while maintaing the same number of partitions (i.e. true weights)

Left): A partitioning for a Linear Policy found using our method. (Right): A partitioning for a 1-Laver
(Lett): A p 5 y 5 (Right): A p 5 Y can boost performance, due to increased representation power.

MLP Policy found using our method.

COMPARISONS TO RANDOM SEARCH

NAS Search produces better partitionings than random sampling or random search (i.e. controller is not

ENAS WITH ES

Our key observation is that Efficient Neural Architecture Search (ENAS) [2] combines with Evolutionary
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