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Empirical Successes of Black-Box Policy Search

e Most of the success in tetris is
by blackbox policy search

e Cross-entropy method
achieves a score of 35 million
lines!

e \Whereas, natural policy
gradient gets 7000 lines

e Gabillon et. al. 2013 e \/ery successful in obtaining good policies for diverse
robotic tasks such as locomotion and helicopter control

efesch et. al. 2011, Bagnell and Schneider 2003

Exploration in Model-Free Policy Search

Parameter Space Exploration Action Space Exploration
 Find a direction of improvement directly in parameter | ¢ Find a direction of improvement in action space
spaoe through random exploration through random exploration
* Purely zeroth order approacr  Leverage Jacobian of policy to update parameters
Eg: Cross-entropy method, Evolutionary strategies, A combination of zeroth and first order approach
Augmented Random search etc.  £Eg: REINFORCE and its extensions

Jacobian of the policy
, e VJ(0) =V, IO Ve
Directly estimate using a zeroth order approach ~——_ Estimate using a zeroth order approach
e.g. finite differencing
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Contextual Model-Free RL
Bandit Model-Free RL : [|[VoJ(0)]|5 < € eps-stationary point

Dependence on parameter dimensionality
Parameter space Independent of horizon length

Dependence on horizon length
Action space - Dependence on action dimensionality
ndependent of parameter dimensionality

Experiments
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» Our analysis explains the success of black-box Plot of Mean Return vs Horizon Length H Plot of Mean Retur vs Forizon Length H
policy search methods like random search and 12 7
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