Lecture 8: Model-Free PE & Finding Policies

Instructor: Raunak Bhattacharyya




Towards Model-Free Policy Evaluation

QOO

start

OO OO O O0¢

Source, Simulator



https://www.google.com/url?sa=i&url=https%3A%2F%2Fwww.wikihow.com%2FPlay-Blackjack&psig=AOvVaw1_HZioS04Zm5PLQKzcebK5&ust=1755151796602000&source=images&cd=vfe&opi=89978449&ved=0CBgQjhxqFwoTCKik8I2Qh48DFQAAAAAdAAAAABAT
https://www.arkadium.com/games/blackjack/

Monte Carlo Policy Evaluation
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First-visit MC prediction, for estimating V = v,

Input: a policy 7 to be evaluated

Initialize:
V(s) € R, arbitrarily, for all s € §
Returns(s) <— an empty list, for all s € §

Loop forever (for each episode):

Generate an episode following m: So, Ao, R1,S1, A1, Ra,...,S7_1,Ar_1,Rp
G+ 0
Loop for each step of episode, t =1T'—1,T—2,...,0:

G + ’YG + Rt+1

Unless S: appears in So, S1,...,St—1:

Append G to Returns(St)
V(St) < average(Returns(St))

3 Section 5.1, Sutton & Barto


http://incompleteideas.net/book/RLbook2020.pdf

Off-Policy Prediction via Importance Sampling
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Plan

e Off-policy prediction using IS
e Incremental MC algorithm
e Finding policies

e Assignment Overview



Off-Policy Prediction via Importance Sampling

Pr{A¢, Si+1,At+1,...,97 | 8¢, Ap.7r—1 ~ 7} [ Coverage assumption ]

_ W(At|5t)])(5t+1 \ St, At)W(At+1’St+1> e ’p(ST | St—1, AT—I)

H (Ak|Sk)p(Sk+1| Sk, Ak)

Hg—t W(Ak ‘S/m )p(SA:+1 ‘ S/\T? Ak‘,)
[T} b(Ak]Sk)D(Sks1] Sk, Ar)

DT — ] =

H AIJSA [ IS Monte Carlo ]

6 Section 5.5, Sutton & Barto


http://incompleteideas.net/book/RLbook2020.pdf

Incremental Approach

expectation of a single variable X from m samples:

.fm:

Section 17.1, Kochenderfer


https://algorithmsbook.com/files/chapter-17.pdf

Incremental Approach

Xm = X1 +a(m) (x(m) — fm_1>

Y =1 &(m) = oo Y a%(m) < oo

24— Etwly—X)
NewEstimate <— OldEstimate + StepSize {Tal‘get — OldEstimate

8 Section 2.4, Sutton & Barto


http://incompleteideas.net/book/RLbook2020.pdf

Incremental Model-Free Policy Evaluation
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[ New estimate ] [ Old estimate ] [ Target ]




Monte Carlo vs. Dynamic Programming

Vﬂ(sj) = Epe(?’) [Gt St = Sj]

[ Target for Monte Carlo ]

Vﬂ(s‘j) — ]Epe(ﬂ [T’fﬂ s Vi (spp)

[ Target for DP ]

cgt — 19] ]
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Monte Carlo vs. Dynamic Programming

J . il
VT(s?) = Ep,ery [Gt By = B ]
[ Target for Monte Carlo J [ Uses a sample of the real thing ]

Vﬁ<8j) ]Epg(T) [Tt—|—1 e e Vﬂ(gﬂ_l) 84 — 9]]

[ Target for DP ] [ Does compute expectations. Uses known model ]

11 Section 6.1, Sutton & Barto


http://incompleteideas.net/book/RLbook2020.pdf

Finding Policies
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g: Action-Value function

gr(s,a) = E[Ri11 4+ v0:(Sty1) | Si=s, Ay =a]
— Zp(s’,ﬂs,a)[rntvvﬁ(s')]
s 5. a
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Backup diagram for v, ¢» backup diagram

13 Section 4.2 & 3.5, Sutton & Barto


http://incompleteideas.net/book/RLbook2020.pdf

v&qQ

gx(8,a) = E[Riy1 +70x(St41) | St=s, Ay =a]
— Zp(s’,ﬂs,a)[r—l—vvﬂ(s/)].

S
taken with IUW(S)
probability 7(als) <
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Section 3.5, Sutton & Barto


http://incompleteideas.net/book/RLbook2020.pdf

Policy Improvement

Let 7 and 7’ be any pair of deterministic policies such that, for all s € 8,

G (8,7 (5)) = vr(s)

Then the policy #’ must be as good as, or better than, 7.

U (8) 2 vr(8)

15 Section 4.2, Sutton & Barto


http://incompleteideas.net/book/RLbook2020.pdf

Policy Improvement

vr(8) < gx(s,7'(5))
= E[Ri11 + 7 (Se41) | Se=s, Ay=7"(s)]
=En[Rit1 + 702 (Se41) | Sp=3]
< Ex|Rit1 + vqr (St1, W/(St+1)) | St=4]
= Er[Ret1 + VE[Rit2 + Y07 (Se42)[St41, Ar1 =7 (Se41)] | Sp=$]
= Eﬂ’[Rt+1 + YRiy2 + VzUW(St+2) ‘ St :3}
= E?T’[Rt-l—l + YRito + WQRHS + ngw(stju?)) ‘ St :3}

<Ep[Ris1 +7Riso + vV’ Rigs + 7V Riga + -+ | Si=5]

= ()

16 Section 4.2, Sutton & Barto


http://incompleteideas.net/book/RLbook2020.pdf

Optimal Policies and Value Functions

v« (s) = maxwvgy(s), forall s € 8.
s
qx(s,a) = THEEK qr(s,a), for all s € 8§ and a € A(s)

v.(8) = max g, (s,c
() = max gr.(5.0)
= maxE; [G; | St=s,A:=d]
a
= maxE; [Rir1 +YGi41 | St=s, Ay =a]
a

= lllHXE[Rt_i_]_ -+ "}‘l'*(}st%_l) | Syt — S. flt :(1]
— ma\Zp Jr|s,a)|r + ",rl»'*(S,)].

17 Section 3.6, Sutton & Barto


http://incompleteideas.net/book/RLbook2020.pdf

Bellman Optimality Equations

gils,a) = E [Rt+1 + ymax g4 (Sg11,a’) ) 5 = 8,43 = (1]
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Section 3.6, Sutton & Barto


http://incompleteideas.net/book/RLbook2020.pdf

