Lecture 20

Actor-Critic Methods

In section 18.1, we discussed the likelihood policy gradient given as
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for all n > k. We can also write
;E{ég(xk, uk)] = E[i <889 log pg (uk|k) ég(zn, un)>} . (20.6)

We previously discussed how policy gradient approaches can perform poorly due to a large variance in
the estimated gradient. One way to improve the variance is to use a “baseline”. We showed this in the
weight-perturbation case. Consider a baseline added to the policy gradient update
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If we only focus on the baseline, we have:
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We can observe that adding a baseline still permits a unbiased estimate of the gradients so long as the
baseline does not depend on 6.
Now let’s revisit the policy gradient update

%E{ég(xk,uk)] = E[é (; log po (uk|zk) nig(xn, u)ﬂ (20.14)
We can observe that
N
;cg(xmu”) = Q(wp, up) (20.15)
and . »
%E{Zg(xkﬂik)} = ]E[Z (ae log po (uk|zk)Q (a:k,uk)>]. (20.16)
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where A(xg,ur) = Q(z, ur) — J(z1) is known as the advantage.
Note, that we can also write the policy gradient update for the infinite-horizon case as

0 0

89E[J( x)] _EKGH log po(ulz)A (m,u))] (20.19)
20.1. Trust Region Policy Optimization

Trust Region Policy Optimization (TRPO) is an actor critic approach that attempts to limit the size of the
policy update, similar to guided policy search.

The TRPO update is given as

Op+1 = argmax L(0y, 0) (20.20)
st. Dgr(0]0k) <9 (20.21)
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where L(0y,0) is a surrogate advantage function

L0k, 0) = Es anm, {%A”k (s, a)] (20.22)
and
Drcr(0110k) = Esmry, {DKL(WG(MS)HWQ,C (a|s))] (20.23)

Instead of using an analytical solution, TRPO uses an approximate solution by taking the Taylor series
expansion

L~g" -6 (20.24)

1
D1 (0|01 ~ 5(9 —0,)TH(®O - 6) (20.25)
g just happens to be the policy gradient update. The approximate problem can be solved

25

Op+1 = Ok + o

where o is used for a backtracking line-search. The conjugate gradient algorithm is used to solve for H.
The value function is found by doing regression on the costs.

20.2. Proximal Policy Optimization

Proximal Policy Optimization (PPO) tries to achieve the same thing as TRPO.
PPO updates policies

Opr1 = argmeaxIEs,aNﬂek [L(s,a,&k,ﬂ)} (20.27)
where
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and
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A) = 20.30
gle.4) {(16)A A<0 (20.30)

20.3. Deep Deterministic Policy Gradient

Deep Deterministic Policy Gradient (DDPG) is very similar to the Deep Q-learning example we explored in
class, except we leverage policy gradient updates.

o y(r,s',d) =7 +~5(1—d)Qy, (5", po(s"))
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e update target networks
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