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Today's lecture

* Policy Gradient with learned value function
e Actor-Critic methods

 Advantage estimation

 n-step TD and TD(A)
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Policy-based methods

policy evaluation e.g. MC

policy improvement differentiable policy
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Policy Gradient (PG) with reward-to-go

VoJs = Eep, | Vo log pa(§) R

.
— ILS ~Dg

Z VQ lOg W@(at|8t)R
t

|
—
L

St~Pg [E)at‘st"’ﬂ'e [VQ lOg o (at ‘ St)R]]

— Z IESt ~Pe [V@ Iaatlst“ﬂe [R]]

» With finite horizon: — Z s pg | Vo lay|si~mg Z rt,H
t t’
» Gradient estimator
=Y By | Vo Eayjsiom | )1
independent of past rewards t t' >t

Roy Fox | CS 295 | Winter 2020 | Lecture 7: Actor—Critic Methods



Discounted case
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* Discounting is effectively finite-horizon

St~Po
e Does this make sense?
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* If any state could be initial state

» Discounting is just a computational / statistical trick

» Don't discount the contribution of s; to the loss

4
> That's what most algorithms do
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Policy-Gradient Theorem
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 Back-prop ~ Bellman recursion



Actor—-Critic methods

Ly(s,a) = —Vyglogmy(als)Qe(s,a)
£¢(S, a, T, S,) — (T Y Ea’lS’NW@ [Q$(3/7 a/)] _ Q¢(Sv a))Q

critic:
evaluates the actor

policy evaluation

actor:

policy improvement improves using the critic's advice
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Baselines

VoTys = E|[Vglogmy(als)(Qr,(s,a) —b)|s, al

* b can be any variable independent of a given s

> Can depend on the past, but not the future
- 1
» Previously, weused b= < ) R,

» This suggests using b = V. (s)
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Advantage estimation

VoTy = E|Vylogmy(al|s)Ar,(s,a)ls,al

» How to estimate A, (s, a)?

A?T(Sv CL) — Q?T(S? a) _ VW(S) — T(S7 a) T 7133’|s,a~p[v7r(5,)] _ V(S)

N\

A(s,a) ~ 1 +Vs(s) = Vi(s)



An Actor-Critic algorithm

Algorithm 1 Actor—Critic
get on-policy sample (s, a,r, s')
take gradient step on L, = (r +yV3(s") — Vi(s))?
compute A(s,a) = r + YVy(s") — Vy(s)
take gradient step Vg logmg(als)A(s, a)
repeat
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Practical considerations: param sharing

S > > V¢(S) critic
e Separate parameters:
S > > 7T9(CL‘S) actor
» Shared parameters: .
- . o I . /v V¢(S) critic
> Can be more data efficien >
T~ 779(&\8) actor

» (Can be less stable
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Practical considerations: distributed comp.

* Serial execution simulate to collect data

e Synchronous parallel execution take gradient step
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More advantage estimation

A(Stv () ~ Z Vt/_tﬁ' — Vi (5¢)
t'>t

e Asynchronous Advantage Actor Critic (A3C):

» MC advantage estimation + asynchronous parallel execution

* Advantage Actor Critic (A2C): same but serial
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Comparing advantage estimators

bias variance

VoTy ~ Vglogmy(als) (Z Yty — b) none high

t'>t one grad per traj

VoJy ~ Vglogmg(als)(r + vVu(s') — Vu(s)) lower

approx value

VoJy ~ Vglogmy(als) (Z vy — Vo (s )) none

/
t' =1 state-dependent

baseline
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n-step D

» 1-step TD: Al = 1+ AV (8121) — V(sy)
» 2-step TD: A2 = rp + yrpir + YV (5040) — V(sy)
» n-step TD: AP =14 A e AV (San) — V(84)

o Inthe limit MC A = rp + vy + - — V(sy)
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TD(\)

 How to choose n?
* Any specific n is hard truncation of the window of evidence we consider

e |nstead, use "exponential window"

» Take n-step TD with weight proportional to A1 where 0 < \ < 1

e Now with An Z Wt/At—l—t’ — Z ’y Tt—l—t’ —+ W/V(St—l—t’—l—l) V(St+t’))

t'=0

A = (1 —)\)ZA” 1A”:( A)ZA” 1Z¢’At+t,
= (1=X) ) YA, > A= Z(m)t’Am,
t’ n=>t'+1 t’

Roy Fox | CS 295 | Winter 2020 | Lecture 7: Actor—Critic Methods



Generalized Advantage Estimation (GAE(A))

VoJo = Vg log mp(a|s:) Z()\W)tﬁ%w
t/

A% =71y + YV (s411) — V(s¢)

 GAE(O) = 1-step; GAE(1) = MC



Recap

 Policy-Gradient Theorem
o State-dependent baselines

e Actor—Critic methods
> Advantage estimation

» Practical considerations

 n-step TD and TD(A)
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