Lecture 4b: Actor Critic
CS885 Reinforcement Learning
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Complementary readings: [SutBar] Sec. 13.4-13.5, [Sze] Sec. 4.4, [SigBuf] Sec. 5.3
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Outline

= Policy gradient with a baseline
= Actor Critic algorithms

= Deterministic policy gradient
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Actor Critic

= (Q-learning
» Model-free value-based method
= No explicit policy representation

= Policy gradient
= Model-free policy-based method

= No explicit value function representation
= Actor Critic

» Model-free policy and value-based method
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Stochastic Gradient Policy Theorem

= Stochastic Gradient Policy Theorem

.

VoVg(sg) Z o (s) z Vo mg(als) Qo(s,a)

J

= Equivalent Stochastic Gradient Policy Theorem with a baseline b(s)

[ VoVg(sg) z o (s) z Vo mg(als) [Qo(s,a) — b(s)] ]

since )., Vg mg(a|s) b(s) = b(s)Vy X umg(als) = b(s)Vyl =0
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Baseline

» Baseline often chosen to be b(s) = V™(s)
Advantage function: A(s,a) = Q(s,a) — V™ (s)
Gradient update: 0 < 0 + a y"A(s,, a,,)Vg logmy(a,ls;)

Benefit: faster empirical convergence
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REINFORCE Algorithm with a Baseline

REINFORCEwithBaseline(sg)
Initialize mg to anything
Initialize 1}, to anything
Loop forever (for each episode)
Generate episode sy, ag, 1y, S1, a1, 71, -+, ST, A, 7 With g
Loop for each step of the episoden = 0,1, ..., T
Gp < 2{:_(?)1 YV Tnat
§ < Gp — Vy(sn)
Update value function: w « w + «,, 6V, 1, (s;,)
Update policy: 8 « 0 + agy™éVglogmg(a,ls;)
Return g
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Performance Comparison
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Temporal Difference Update

= Instead of updating V (s) by Monte Carlo sampling
0 « Gn o Vw (Sn)

Bootstrap with temporal difference updates
0 « h T+ VVW (Sn+1) o VW (Sn)

= Benefit: reduced variance (faster convergence)
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Actor Critic Algorithm

ActorCritic(sg)
Initialize g, Q,, to anything
Loop forever (for each episode)
Initialize sy and setn « 0
Loop while s is not terminal (for each time step n)
Sample a,, ~ mg(als;)
Execute a,,, observe s,.1, 7,
0 < 1T + YWy (Sn+1) — Uw(Sn)
Update value function: w « w + «a,, 6V,,V,,,(s;,)
Update policy: 0 « 0 + agy™6Vglogmg(a,ls;)
nen+1
Return g
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Advantage Update

= Instead of doing temporal difference updates
0 <1, +yly (Sn+1) — U (Sn)
= Update with the advantage function

A(Sn» an) “htVy gnax Q(Sn+1: an+1) o Za Ttg (alsn)Q(Sn ) Cl)
n+1

0 <0+ aGVnA(Sn» an)VO lOg Ttg (anlsn)

= Benefit: faster convergence
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Advantage Actor Critic (A2C)

A2C(sg)
Initialize mgy, Q,, to anything
Loop forever (for each episode)
Initialize sy and set n < 0
Loop while s is not terminal (for each time step n)
Sample a,,~ mg(als,), execute a,,, observe s,,.1, 1,

Sty ElnaX Qw(Sn+1, Ans1) — Qu(sn, an)
n+1

A(Sn» an) T + |4 gnax QW (Sn+1: an+1) T Za Tig (alsn)Qw (Sn ’ Cl)
n+1

Update Q,,: w « w + «a,,6 V,,,Q,, (s, ar)
Update mg: 0 < 0 + agy™A(s,, a,)Vglogmg(a,l|s;,)
nen+1

Return g
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Continuous Actions

= Consider a deterministic policy m4(s) = a

» Deterministic Gradient Policy Theorem

l Vo (sg) Es~u9(s) [\797-[9 (s)VaQp (s, a)
Proot: see Silver et al. 2014

a=ng(s)] ]

= Stochastic Gradient Policy Theorem

PVo(50) ) tg(s) ) Tpmg(als) Qg (s, @)

~\

. J
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Deep Deterministic Policy Gradient (DDPG)

Initialize my, g, Q,y, Q@ to anything
Loop forever (for each episode)
Initialize sy and setn « 0
Loop while s is not terminal (for each time step n)
Select a,, execute a,,, observe 1y, S, 41
Add (s, a,, 13, Sp,+1) to experience buffer
Sample mini-batch of experiences from buffer
For each experience (S3, s, 75, S441) In mini-batch
6 « T4 +vQw (§ﬁ+1» ﬂ§(§ﬁ+1)) — Qw(3a, an)
Update Q,,: w « w + «a,,6V, 0., (87, Gr)
Update mg: 0 < 0 + agy™ Ve m(34) Vo Quw ($a, Ml a=rn,,)
nen+1

Update target networks: every c stepsw « w, § < 6
Return my
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Comparison

T s

Policy Stochastic Deterministic
Learning mode On policy Off policy
(a ~m(als)) (select a according
to any policy)
Experience buffer No Yes (greater data
efficiency)
Target networks No Yes (greater
stability)
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DDPG in Robotics

Lillicrap, Hunt, Pritzel,
Heess, Erez, Tassa,
Silver, Wierstra (2016)
Continuous Control
with Deep
Reinforcement
Learning, ICLR.
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