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4 BT IZRIERELSITHRFFEGAE / Interpretations as Reward Shaping
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Initialize policy parameter fp and value function parameter ¢y.
for:=0,1,2,... do
Simulate current policy 7y, until /N timesteps are obtained.
Compute &} at all timesteps t € {1,2,..., N}, using V = Vj_.
Compute A, = 3 ;= (vA)!6),; at all timesteps.
Compute 6;; with TRPO update, Equation (31).
Compute ¢; 1 with Equation (30).
end for
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Cart-pole performance after 20 iterations
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Figure 2: Left: learning curves for cart-pole task, using generalized advantage estimation with
varying values of A at v = 0.99. The fastest policy improvement is obtain by intermediate values of
A in the range [0.92, 0.98]. Right: performance after 20 iterations of policy optimization, as y and A
are varied. White means higher reward. The best results are obtained at intermediate values of both.
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Figure 3: Left: Learning curves for 3D bipedal locomotion, averaged across nine runs of the algo-
rithm. Right: learning curves for 3D quadrupedal locomotion, averaged across five runs.
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