CS 594 Modern Reinforcement Learning

Lecture 4: Actor-Critic Methods



REINFORCE
VJ(0) = Xsn(s) Lam(als,0)qr(s,a) Vin(n(als, )

Sample a trajectory

For each time t calculate the Monte Carlo Estimate:
" g = 2rot VT

Calculate gradient estimate:

= VJ(0) = Z::o vt g.Vin(rw(as|se, 6)

Update:

" 011 =0, +aVj(6,)



Baselines

" V/(0) = Es1(s) Xa(Vr(als,8))an (s, a)
" Ya(Vr(als, 9))

= >.(Vr(als, 6))=0

= VJ(0) = Xsn(s) Da(Vr(als, 6))(gz(s, a) — b(s))



Which Baseline?
" Var(X) = E[X*] — (E[X]?
= P(X=+1)=0.5, P(X=0)=0.5
* How to minimize Var(X — B(X))?
= How to minimize Var(Q(S, A) — B(S))?

= Common choice: b(s) = 7(s)



Which Baseline?

Common choice: b(s) = ¥(s)

Var(X =Y) =Var(X) + Var(Y) — Cov(X,Y)
Cov(X,Y) = E[(X — E[X]))(Y — E[Y])] = E[XY] — E[X]E[Y]

Want Y to be (positively) correlated with X

Simple and works well, but not optimal



Advantage Function
* V] (8) = Xsn(s) a(Vr(als, 8))(qr(s,a) — vr(s))

. advﬂ(s; a) = Qn(s: a) — U (S)

= Lots of nice properties / intuitions / uses
= Want our gradients to make actions with positive advantages more likely
= Policy improvement steps look for positive advantages
= Form similar to TD-error



REINFORCE with Baseline
VI(0) = Xsn(s) Xam(als, 0)(qr(s,a) — D(s)) Vin(r(als, 8)

Sample a trajectory

For each time t calculate the Monte Carlo Estimate with Baseline:
" 0y = (Z?Q;% Vk_trt+1) — U(s)

Calculate gradient estimate:

. VT@) = Xi=o V' 8:VIn(m(a;ls, 0)

Update:

" Opy1 = O, + V] (6,)



Gradients for Value Functions
* VE(W) = X5 u($)[vr(s) — D(s,w)]*
" VWWE(W) = Xs u(s)2[vr(s) — 0(s,w)][-VD(s, w)]
" Wipq = We + ap[Up —D(s¢, we)] VO(s¢, W)
" Wiy = Wi + ae[ge —0(se, we)] VO(se, we)

" Wipq = Wi + @ [1p41 + ¥ 0(Sea1, We) —0(Se, we)] VO (s, we)



REINFORCE with Baseline

Sample a trajectory

For each time t calculate the Monte Carlo Estimate with Baseline:
" 0y = (Z?Q;% Vk_trt+1) — U(s)

Calculate gradient estimates:

. VT(F) = Y=o V" 6:VIn(m(aslsy, 6)

" VW (w) = t=0 V' 8:VU(s, W)

Update:

" Opq = 0 + V] (6,)

" Wepr =W + @V (wy)



Use of the Baseline

= \/alue function baseline reduces variance of Monte Carlo
estimates in REINFORCE

= How else have we reduced the variance of Monte Carlo?

= Actor-Critic: we can use the value function to put in TD estimates



One-step Actor Critic

While not terminal:

= Sample a from (a, 6)

= Take a. Observes’, r

= 5, =r+y0(s,w) —U(s,w)

" Wi = W +aVo.Vi(s, w)

= 0,1 =0, +a?yt5Vin(r(als, 6)



Summary

= Can learn everything via stochastic gradient methods
= Value functions
= Parameterized Policies

= Even handles continuous action spaces

" Two flavors
= Monte Carlo (Policy Gradient Methods)
= TD (Actor Critic Methods)

" Managing Variance — Baselines



