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Policy Gradient Methods

The goal of reinforcement learning is to learn a policy which maximizes
the objective

\.77'(' L= Eﬂ' {Zfzo ,Vth—I—l} .

Softmax policy gradient (PG) achieves this by using a softmax policy

[Ow (5)]a
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which is updated via stochastic gradient ascent:

w < w+ag, with E.|g|=VJZ:.




Problems with the Regular Softmax PG Estimator

The reqgularly used softmax estimator
gREG(Sa A) := Vylogm(AlS) - (¢x(S, 4) — v (5)),

can take a large amount of time to overcome policy saturation.
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Alternate PG Estimator

We present an alternate PG estimator that makes softmax policies
robust to policy saturation:

g (S, A) 1= Vw[0(S)]a - (x(S, A) — vx(S5)).
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Why does it work this way?

The regular has small gradients when the policy is saturated (simplex
corners), leading to slow policy updates.
Reg Alt (b=+4) Alt (b=—4)
r(ay)=3 r(ay)=3 r(ay)=3 A

r(a,)=2 r(ag)=1 r(a;)=2 r(ag)=1 r(a))=2 r(ay)=1
Expected policy updates (3-armed bandits)

The alternate estimator with an inaccurate critic estimator becomes
biased, and an optimistic baseline increases the policy entropy. This
enables it to overcome policy saturation.



This behavior is corroborated by the entropy plots
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Conclusions

The alternate estimator makes softmax PG more suitable for non-
stationary tasks.

It can also be adapted to work with various PG algo-rithms
(REINFORCE, online actor-critic, PPO).

It works well with different function approximation schemes (tabular,
linear, and neural architectures).

See you at the poster session!




	Slide 1
	Slide 2
	Slide 3
	Slide 4
	Slide 5
	Slide 6
	Slide 7

