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Learn acting via policy gradient—
evaluate actions via TD
. or the advantage



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



Stochastic Gradient Policy
.. with a Baseline



Stochastic Gradient Policy Theorem

» Stochastic Gradient Policy Theorem

V Vi(so) Z,ug ZVW(; als)Qs(s, a)

» Equivalent Stochastic Gradient Policy Theorem with a baseline b(s)
V Vi(sp) Z,u,g ZVﬂ'g als) [Qe(s, a) — b(s)]

since Z Vmg(a|s)b(s) = b(s)V Z mo(als) = b(s)V1 =



Baseline

» Baseline often chosen to be b(s) ~ V7 (s)
» Advantage function: A(s,a) = Q(s,a) — V7(s)
» Gradient update:

6 < 6+ ay"A(sn, an)V log mg(an|sn)

» Benefit: faster empirical convergence



REINFORCE Algorithm
with a baseline



REINFORCE Algorithm with a baseline

REINFORCEwithBaseline(sp, 7s)
Initialize g to anything
Initialize V,, to anything
Loop forever (for each episode)
Generate episode sy, ao, ro, S1, a1, 1, - - -, ST, aT, rT With
Loop for each step of the episode n=0,1,..., T
Gp ZZ—:_OH Virnye
8+ G, — Viy(sn)
Update value function: w < w + a,y"6V V,,(s,)
Update policy: 8 < 8 + agy"0V log mg(an|sn)
Return g




Performance Comparison
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Temporal difference update

» Instead of updating V/(s) by Monte Carlo sampling

0 — G — Viu(sn)

» Bootstrap with temporal difference updates

§ — rm+vVu(sn+1) — Vw(sn)

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

ActorCritic(sp, 7g)

Initialize mg to anything
Initialize @,, 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(a|sy)
Execute a,, observe s,11, r,
8 rn+vYViu(snr1) — Viu(sn)
Update value function: w + w + a,, 7"V V,,(s,)
Update policy: 8 < 6 + agy"6V log mg(an|sn)
n—n+1

Return g

11



Advantage update

» Instead of doing temporal difference updates
6 < rn+ 7V (Snt1) — Viw(sn)
» Update with the advantage function
A(Snyan) < m+7 max Q(Sn+1, an+1) Z mo(alsn) @

0 < 6+ apy"A(sn, an)V log mo(an|sn)

» Benefit: faster convergence

(sn, a)
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Advantage Actor Critic (A2C)



Advantage Actor Critic (A2C)

A2C(s, mg)

Initialize g to anything

Loop forever (for each episode)
Initialize sy and set n < 0

Loop while s is not terminal (for each time step n)
Select a,
Execute a,, observe s,1, r,
0+ Y maxy QW(5n+1; a/) - Qw(sn) an)
A(Sn, an) < rn + v maxy Qu(Snr1,a") — >, mo(alsn) Qu(sn, a)
Update Q: w  w + a,v"6V, Qu(5n, an)
Update m: 6 < 0 + agy"A(sn, a,)V log mg(an|sn)
n<—n+1
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Deterministic Gradient Policy



Continuous Actions

» Consider a deterministic policy mp : s — a

» Deterministic Gradient Policy Theorem

V Vi (s0) & Eonpig [Vama(s)VaQa(5,3)] s
» Proof: see Silver et al. 2014

» Stochastic Gradient Policy Theorem

VVg So Z,u,g )ZVQ?TQ(Q|S)Q@(S, a)
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Deterministic Policy Gradient

(DPG)



Deterministic Policy Gradient (DPG)

DPG(S(), 7!'.9)

Initialize g to anything

Loop forever (for each episode)

Initialize sp and set n <~ 0

Loop while s is not terminal (for each time step n)

Select a, = mg(sy)
Execute a,, observe s, 1, r,
8 rn+YQw (Sn+1, To(Snt+1)) — Qu(sn, an)
Update Q: w  w + a,v"8V, Qu(Sn, an)
Update m: 6 < 8 + 97"V (5n)V 2 Qu(sn, a,,)|

a=mg(sn)
n—n+1

Return g
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Takeaways



Actor Critic algorithms

» Policy gradient methods can be improved with a baseline (value
function)
» Actor Critic algorithms use a learned value function as the baseline

» Temporal difference updates reduce variance (faster convergence)

» Deterministic policy gradients can be used for continuous actions
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