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Estimate Values of Actions by Incremental Implementation

« Let Q,, denote the estimate of its action value after being selected n — 1 times
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Estimate Values of Actions by Incremental Implementation

« Let @, denote the estimate of its action value after being selected n — 1 times

;Rl—I—Rz—I—---—I—Rn_l
B n—1

Qn

« Let's start rewriting Q,,:

1
n

Gn+1 = Qn+ {Rn - Qn]a

NewEstimate « OldEstimate + StepSize X

Doesn't this look familiar? This is a standard form for learning/update rules!



Waitl We Assumed Stationary Reward Distributions
What it Reward Distributions are Nonstationary

« Adistribution is stationary if it is fixed over time, otherwise, it is nonstationary

If a distribution is nonstationary, we should trust recent rewards more than long-
past rewards.

« We can re-write the incremental implementation with a step-size parameter a €
(0,1], which denotes how much we emphasize on recent rewards.

Qnit = Qu +a| Ry — Qn]



Exponential Recency-Weighted Average Methoo
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Exponential Recency-Weighted Average Method
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Gradient Bandit Method

« Define H;(a;) which characterizes relative preference of action a; over other
actions at time step t

« The probability for sampling an action is based on its preference value:
EHE({I)

Pr{Ai=a} = — =
2y €M)

me(a),
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Gradient Bandit Method

Define H;(a;) which characterizes relative preference of action a; over other
actions at time step t

The probability for sampling an action is based on its preference value:
BHE({I)

Z:f:l eH: (®) B

On each step, after selecting action A, and receiving the reward R;, the action
preferences are updated by

Pr{A:=a} = me(a),

Ht+1(At) = Ht(At) -+ H(R{; — }_?,1;) (1 — ﬂ't(At)), and
Hii1(a) = Hi(a) — a(Rt - Rt)ﬂt(a), for all a # A,
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Gradient Bandit Method

« On each step, after selecting action A, and receiving the reward R;, the action
preferences are updated by

Ht+1(At) = Ht(At) -+ H(Rt — Rt: (1 — ﬂ't(At)), and
Hii1(a) = Hi(a) — r_:u(Rt - Rt}ﬂt({l), for all a # A,

« R, is called baseline, with which an action is compared to
> ay is preferred if its reward R, surpasses the baseline

« We can define R, as the average of all rewards.
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Gradient Bandit Method

« On each step, after selecting action A, and receiving the reward R;, the action
preferences are updated by

Ht+1(At) = Ht(At) -+ H(Rt — Rt: (1 — ﬂ't(At)), and
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Gradient Bandit Method
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Comparison of Three Methods
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Value Functions are Expected Returns

« The action value function q, (s, a): the expected return starting from state s and
action a following policy

9. (s,a) = E |G:|S; = s,A; = a] = Zp(s’,rls, a)[r +yv,(s")]
s'r

The action-value function g, (s, a) estimates the “goodness” of action a at state s

when deploying policy . Simply speaking, how easy it is to achieve the goal with
action a at state s.

e |t's obvious to see

va(s) = ) m(als) Y p(s',ls, ) +yvn(s)] = ) m(als)n(s, @

a a
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Back-up diagram for value functions

The probabilities of landing on each of the leaves sumto 1
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Back-up diagram for value functions

The probabilities of landing on each of the leaves sumto 1

gr(8,0) < s8,a

g=(s',a’) < 1a

va(s') <15 O

V(s) = Z n(als) Z p(s,rls.a)|r+yv.(s)] q,(s,a) = Zp(s’, rls, a)(r + }’Z m(a’| s )q, (s, a'))

21



Relating state and state/action value functions

gr(8,a) 4 a

V,(s) = Z (a|s)g,(s,a)

aed
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We Have the Optimal Policy it We Know g*(s, a)

« Anoptimal policy can be found by maximising over q*(s, a):

a

1,if a = argmax q*(s, a).
n*(als) =
0, otherwise.

« Anoptimal policy can be found by maximizing over v*(s) with one-step look ahead:

{1, if a = argmax(Z.,.p(s’,rls,a))(r +yv.(s"))
m*(als) = a ’

0, otherwise.
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Bellman Optimality Equation for v*

1. We have v*(s) = maxq,+(s,a)
a
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Bellman Optimality Equation for v*

1. We have v*(s) = maxq,-(s,a)
a

Why?

vel(s) = ) 7(als)n(s, @)

a€eA

= v*(s) = Z m*(als)qy(s,a) = maxq,-(s,a)
aeA e “ RN

1,if a = argmaxq*(s, a).
m*(als) = a

0, otherwise.
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Bellman Optimality Equation for v*

1. We have v*(s) = maxq,+(s,a)
a

2. We can further write the equation:

v'(s) = maxqp(s,a)
= max E.+|G:|S; = s,A; = a]
= max Er+[Rey1 +¥Gis1lSe = s, Ar = al
= max E[Riy1 + vV (SesDIS: = 5,4 = al

= maxz p(s',rls,a)[r + yv*(s')]
a
s'r

27



Bellman Optimality Equation for v*

1. We have v*(s) = maxq,+(s,a)
a

(V) 8
2. We can further write the equation: ?&\ a
v*(s) = maxq.-(s,a) A A AT
a
!

= maxE +[G.|S, = 5,4, = a] OO OO0
a

= max Er+[Rey1 +¥Gis1lSe = s, Ar = al

= max E[Riy1 + vV (SesDIS: = 5,4 = al

— zp(s’,rls, a)[r +yv*(s)]

This is again the recursive relationship!
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Bellman Optimality Equation for g*

1. We have

q"(s,a) = Ep+[Rey1 + ¥Geya|Se = 5,4, = 4]
= E[Rey1 + YV (St )ISe = 5,4, = a]

= E [Rm +y max qp(Se41, @) ‘St =54, = a]

= E p(s',rls,a)[r + ymaxq*(s’,a’)]
a
s'r
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1.

Bellman Optimality Equation for g*

We have

q"(s,a) = Ep+[Rey1 + ¥GryalSe = 5,4, = ]
= E[Rey1 + YV (St )ISe = 5,4, = a]

S¢ =5,A4; = a]

= E [Rt+1 Tv Hg}x qn*(Ser1,a’)

= Z p(s’,rls,a)[r +y q*(s',a')]
s'r

(g+)
This is again the recursive relationship! A
!
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Back-up Diagrams for Value Functions
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Back-up Diagrams for Optimal Value Functions

For the Bellman
expectation
equations we
sum over all the
leaves, here we
choose only the

\ / best action
V*(S;) i -"!'f C{ b O }) branch! q*(*‘j- U'!J A\ Hf

-

vi(s) = max Z p(s',r|s,a)(r + yvi(s") gs(s,@) = B[Ry +y max 4u(S,,,, @) 1S, =s5,A,=d]
s'r

= Zp(s", rls,a) [r + y max g«(s’, a’)]

q* is the unique solution of this system of nonlinear equations
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Relating Optimal State and Action Value Functions

gx(Ss,a) <+ a

v« (8") = max g«(s, a)
a

33
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In fact, the State Value Function following the Greedy
Policy ' is Better than Original Policy

Uw(s) < QTT(S: "TI(S))
= E[Rprl + YUr (StJrl) | St — S, At :WI(S)]
=|Ex[Rir1 +v0r(Ses1) | Se=s]

{1, if a = argmax(XZ. .p(s',r|s,a))(r +yv.(s))
'(als) = a '

0, otherwise.
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IN fact, the State Value Function fo

Policy ' is Better than Origi

vr(8) < gr(s,7(s))
= E[Rt+1 + 10r(St41) | Se=s, Ae=7'(s)]
= Er|Ri+1 +vn(Se41)| | Se=34]
< ExRit1 +99n(Se41,7 (Se41)) | Se=s]
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In fact, the State Value Function following the Greedy
Policy ' is Better than Original Policy

0a(5) < ga(5,7'(5)
= E[R¢ 1+ Yor(St41) | St=5, Ar=7"(s)]
= Ex[Rir1 +70x(Se41) | Se=3]
<Enw[Riy1 + 7Gx (St41, 7 (Se41)) | Se=5]
= Er[Ri11 +VE[Rey2 + 0 (St42)[St41, Ary1 =7 (Se41)] | Se=35]
=Ex|Rit1 + YRito + Y*v (S 42) | Si=s|

37



In fact, the State Value Function following the Greedy
Policy ' is Better than Original Policy

vr(8) < gr(s,7'(5))
= E[Rtt1 + Y0 (Se41) | Se=s, Ae=7'(s)]
= Ex[Rir1 +70x(Se41) | Se=3]
< En[Ret1 + 74 (St41,7 (Se41)) | Se=s]
= Ep[Rit1 +VE[Rey2 + Y0 (St42)[St41, Aer1 =7 (Se41)] | St =]
=Ex|Rit1 +YRito + Y0 (Si42) | Si=s|
< ]E?T'[RH—I +YRiv2 + V*Riys + 7 v (Sty3) | St :S]
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In fact, the State Value Function following the Greedy
Policy ' is Better than Original Policy

vr(8) < gr(s,7(5))
= E[Rit+1 + Y0r(Se41) | Se=s, As=7'(s)]
= Ex|Rt 1 +v0x(St41) | Se=¢]
< Ew[Riy1 +7Gr (Sty1, 7 (Se41)) | Se=35]
=Ex[Rit1 +VE[Ri12 + Y0 (S42)[Se41, Arp1 =7 (S41)] | Se=s]
=E[Riv1 +vRitr2 + 7 0r(Sit2) | Sy =s]
< Eﬂ"[Rt—{—l +YRii2 + v Riys + Y v (Siy3) | St :S]

<En[Ret1 +YRip2 + YV’ Rips + Y’ Reya + - | Se=5]

= v (8).
39
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Proof of Optimality?

Definition 1. A Bellman optimality operator T : RIS| — RIS| s an operator that satisfies: for any V € RIS,

(TV)(s) = max 7(s,a) + YEg o7(s115.0)V ()] -

Value iteration can thus be represented as recursively applying the Bellman optimality operator:

Vk_+_1 — TVk (3)

The Bellman optimality operator 7 has several excellent properties. It is easy to verify that V* is a fixed
point of 7, i.e., TV* = V*. Another important property is that 7 is a contraction mapping.

41



Proof of Optimality?

In finite dimensional coordinate space, let x = (x4, -+, x,):
x|l == max(|xq], -+, [x5])

Theorem 2. T is a contraction mapping under sup-norm || - ||, i.€., there exists v € [0,1) such that

ITU = TVl]loo AU = V|loo, VU,V € RISl —

Theorem 4. Value iteration (3) converges to V*, i.e.,

k— o0 <

Our goal is to show

where Vi, = TF1V}.

42



Proof of Optimality?

Theorem 4. Value iteration (3) converges to V*, i.e.,

lim Vk — V*,

k—oo

where Vi, = TF1V}.

Proof. Note that V* is a fixed point of 7. In addition, according to Theorem 2, 7 is a contraction mapping.
Therefore,

Ve = V*loo = 1T Vi1 = TV loo < VVie1 = Voo < -+ <A¥IVo — V*|o-
Let k£ — oco, and we have ||V — V*||oc — 0. Thus klim Vi = V*. -
— 00

43



We Need to Prove T is a Contraction Mapping

Theorem 2. 7T is a contraction mapping under sup-norm || - ||, i.€., there exists v € [0,1) such that

1 TU = TV]loo <AIU = Voo, VU,V € RIS

Proof. To prove this property, we need the following lemma:

Lemma 3.
max(a) — maxg(a)| < max |f(a) — g(a)]

44



Lemma 3.

max f (a) — maxg(a)| < max|f(a) - g(a) .

a

« Assume without loss of generality max f(a) = max g(a) and denote a* = argmax f (a)
a a

a

max f(a) — mgxg(a)‘ = max f(a) — maxg(a) = f(a”) — maxg(a) < f(a*) — g(a”) < max|f(a) - g(a)|.

45



Lemma 3.

max f (a) — maxg(a)| < max|f(a) - g(a)].

a

« Assume without loss of generality max f(a) = max g(a) and denote a* = argmax f(a)
a a

a

max f(a) — mgxg(a)‘ = max f(a) — maxg(a) = f(a”) — maxg(a) < f(a*) — g(a”) < max|f(a) - g(a)|.

« Let's prove theorem 2

|TV(S) - TU(S)| = ‘mc?,x [T(Sa a’) + '}/ES’NT(SWS,G,)V(SI)] o IIlCEllX [T(Sa G’) + 7ES’NT(S’|s,a)U(Sl)] |
< max IVEs/r(st15.0) [V (8") = U()]]

£ |VEsar(s')s,a) [V(s") —U(s")]| where, a* is the argmax of the RHS above
< ymax |V (s") — U(s')]

— 'Y”V - U”oo
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Lemma 3.

max(a) — maxg(a)| < max|f(a) - g(a)

a

« Let's prove theorem 2

TV(s) — TU(s)||=

[T(S a’) + ’YES '~T(8'|s, a)V(S ] IIl X [ S G’) + ’Y:[ES '~T(s'|s, a)U(S )]|

Hold for any state s! < max |7EstT(sf|s a) [V U(s |

L |’YE5**NT(S='\S,@*) [V(s') —U(s")]| where, a* is the argmax of the RHS above
< ymax [V (s') — U(s')|

— 7”V - U”oo

e Lemma 3 also holds when:

max [TV (s) = TU(s)| < 7|V — Ullco; > [TU =TV]oo <AV = Ullco.
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Monte Carlo with Exploring Starts

Monte Carlo ES (Exploring Starts), for estimating 7 ~ 7.

Initialize:
m(s) € A(s) (arbitrarily), for all s € 8
Q(s,a) € R (arbitrarily), for all s € 8, a € A(s)
Returns(s,a) < empty list, for all s € 8, a € A(s)

Loop forever (for each episode):
Choose Sy € 8, Ay € A(Sp) randomly such that all pairs have probability > 0
Generate an episode from Sy, Ay, following I So, Ao, R1,...,57_1,Ar_1,Rr
G+ 0
Loop for each step of episode, t =T—1,T-2,...,0:
G+ ’}fG + Rt_|_1
Unless the pair S;, A; appears in Sy, Ag, S1,41...,5:-1,A¢_1:
Append G to Returns(S;, A)
Q(S;, A;) + average(Returns(S;, A;))
m(S¢) « argmax, Q(S;, a)
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Monte Carlo with Exploring Starts

Converges to optimal policy, however, inefficient to start with every state-action pairs!

Monte Carlo ES (Exploring Starts), for estimating 7 ~ 7.

Initialize:
m(s) € A(s) (arbitrarily), for all s € 8
Q(s,a) € R (arbitrarily), for all s € 8, a € A(s)
Returns(s,a) < empty list, for all s € 8, a € A(s)

Loop forever (for each episode):
Choose Sy € 8, Ay € A(Sp) randomly such that all pairs have probability > 0
Generate an episode from Sy, Ay, following I So, Ao, R1,...,57_1,Ar_1,Rr
G+ 0
Loop for each step of episode, t =T—1,T-2,...,0:
G+ ’}fG + Rt_|_1
Unless the pair S;, A; appears in Sy, Ag, S1,41...,5:-1,A¢_1:
Append G to Returns(S;, A)
Q(S;, A;) + average(Returns(S;, A;))
m(S¢) « argmax, Q(S;, a)
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The Blackjack Example

States (200 of them):

m Current sum (12-21)
m Dealer's showing card (ace-10)
m Do | have a “useable” ace? (yes-no)

Action stick: Stop receiving cards (and terminate)
Action twist: Take another card (no replacement)

Reward for stick:

m +1 if sum of cards > sum of dealer cards
m O if sum of cards = sum of dealer cards
m -1 if sum of cards < sum of dealer cards

Reward for twist:

m -1 if sum of cards > 21 (and terminate)
m 0 otherwise

Transitions: automatically twist if sum of cards < 12

51



Value Estimate by a Monte Carlo Methods

After 10,000 episodes After 500,000 episodes

Usable LT ) +1 £ TITY
ace \ AR KNI RIS

ace

‘(’" < # : 4 "ﬁ-
Lok {4 P .
NO ‘/'~/:j ____ ,"'/—_/(’:x/.. ,._: 3
P S T
usable 22K : L FA
&l 5 .3 93
7

Policy: stick if sum of cards > 20, otherwise twist
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Optimal Policy found by Monte-Carlo ES

J'C*
STICK
Usable 1 ]
ace ]
HIT
IA|2I3|4|5|6 I? IB I9I1[}
STICK
No
usable ]
ace HIT

A23456780910
Dealer showing
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Monte Carlo Control with e-soft Policies

Explore with probability ﬁ and exploit with probability 1 — € + ﬁ

On-policy first-visit MC control (for e-soft policies), estimates 7 ~ 7,

Algorithm parameter: small € > 0

Initialize:
7 < an arbitrary e-soft policy
Q(s,a) € R (arbitrarily), for all s € 8, a € A(s)
Returns(s,a) < empty list, for all s € 8, a € A(s)

Repeat forever (for each episode):
Generate an episode following @: So, Ao, R1,...,57-1,Ar_1, Rr
G« 0
Loop for each step of episode, t =T —-1,T-2,...,0:
G« vG+ Ry
Unless the pair S, A; appears in Sp, Ag, S1,A1...,5:-1, A¢_1:
Append G to Returns(St, A¢)
Q(S, A) + average( Returns(Sy, A;))
A*  argmax, Q(St, a) (with ties broken arbitrarily)
For all a € A(S}):
1—e+¢e/|A(S;)| ifa=A"
S‘)"f{ e/IA(Sy)] if a# A"

7(a
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e-soft Policies Improve the Original Policy

E, [qn (s, n'(s))] = > _7'(als)gx (s, a)

— |A?s)| Zqﬂ(s,a) + (l—s)maxqﬂ(s,a)
|3)

|A?S)| Y ax(s,a) + (1—¢) Z ALy, (s,a)

— |.A(S)| ;q'}r(saa) — |‘A(S)|;'Q'w(saa’) + ;W(als)qﬂ(s?a)

v (S).

Vv
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The Exploration-Exploitation Dilemma

 Exploitation: maximize the current highest reward: n(s) = argmaxq,(s, a)
a

« Exploration: maximize the information about the environment

« ALL learning methods faces the dilemma: learning state-action values
conditions on subsequent optimal behaviors but they need to act sub-

optimally to explore all state-action pairs
Both methods are compromises. They learn action values not for the
e Solutions: optimal policy, but for a near-optimal policy that still explores.

» exploring starts: Every state-action pair has a non-zero probability of
being the starting pair

> e-soft policies: Most of the time choose the action with maximal
estimated action values, but with probability e select a random action

» off-policy: use different policies for collecting experience and evaluating

56



The Exploration-Exploitation Dilemma

 Exploitation: maximize the current highest reward: n(s) = argmaxq,(s, a)
a

« Exploration: maximize the information about the environment
Both methods are compromises. They learn action values not for the
e Solutions: optimal policy, but for a near-optimal policy that still explores.

» exploring starts: Every state-action pair has a non-zero probability of
being the starting pair

> e-soft policies: Most of the time choose the action with maximal
estimated action values, but with probability e select a random action

» off-policy: use different policies for collecting experience and evaluating

« ALL learning methods faces the dilemma: learning state-action values
conditions on subsequent optimal behaviors but they need to act sub-
optimally to explore all state-action pairs

» Let's have two policies: policy b to explore, and policy m to behave
optimally
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On-Policy and Off-Policy Learning

On-policy learning: learn v, and q,, for policy m that executes and explores

Off-policy learning: learn v, and q,, for target policy & from experience collected by behavior
policy b

We only need coverage: every action taken under m is also taken, at least occasionally, under
b
m(als) > 0 implies b(als) > 0

The goodness of decoupling target and behavior policy:
» Learn from observing humans or other agents
» Re-use experience generated from old policies
» Learn about optimal policy while following exploratory policy
» Learn about multiple policies while following one policy
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Estimating Expectations

« General Idea: Draw independent samples {7, . ., 2" }from distribution p(z)
to approximate expectation:
/ f(2)p(z)dz =~
p(2) f(z)

lN
N 2 TG =

. Note that: E[f] = E[f].

s

so the estimator has correct mean (unbiased).

var(f] = ZE[(f ~ E[f)?].

e Variance decreases as 1/N.

e Thevariance:

 Remark: The accuracy of the estimator does not depend on
dimensionality of z.
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Slide credit K. Fragkiadaki

Importance Sampling

e Suppose we have an easy-to-sample proposal distribution q(z), such that

a(z)> 0 if p(z)>0. gy = / At

q(2)
1 b)) ooy
~N - q(zn)f(z )y &7 e q(2)

 The quantities

w" = p(z")/q(z")
are known as importance weights.
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Importance Sampling Ratio

« The probability of state-action trajectory A4, S;, ..., Ar, S¢ under policy m:

Pr{Ata St—i—l: At—{-lu T :ST | St: At:T—l ~ ﬂ-}
= ?T(At|5t)P(St+1 | St At)?T(At+1|St+1) - p(ST|S7-1, A1)

T-1
— H ?T(Ak|5k)p(8k+l | Ski Ak)u
k=t

« Theimportance sampling ratio between target policy m and behavior policy b:

T-1

= m(Ak|Sk)p(Ski1| Sk, Ar) _ H (A |Sk)
[Te=) b(Ak|Sk)p(Skr1] Sk, A) oy B(AkISK)

Pt:T—1 =

« Estimate v,(s) from sampling with behavior policy b

E[,Ot:T—:LGt | StZS] — ’Uﬂ(S)
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Importance Sampling

e Ordinary importance sampling forms estimate

N ZtE'J'(s) Pe.rt)-1G¢
Tes)|

 New notation: time steps increase across episode boundaries:

V(s)

- Ty FEEEl I EREEERE s 55 8 % 7 ¥ & WEx % ¥

B f= 123456 7 8 9 1011121314 1516 17 18 19 20 21 22 23 24 25 26 27

t ¢ ¢ 1

T(s) = {4, 20} T(4)=9 T(20) =25

set of start times next termination times

Slide credit K. Fragkiadaki 63



Importance Sampling

* Two ways of averaging weighted returns:

e Ordinary importance sampling forms estimate:

. Zte‘.]'(s) Per(t)-1Gt

Vi) 7(s)]

 Weighted importance sampling forms estimate:

V(s) = Zte‘:r(s) Pr.T(t)-1Gt

ZtE‘T(s) Pt:T(t)-1
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Ordinary vs. Weighted Importance Sampling

Ordinary Sampling: Weighted Sampling:

First time of termination el ol Sl

ollowing time t ®
e \ / V(S) - ZtET(s] Pt:T(t)—th

; Zte‘]’(s) Prr()-10t Zts‘:‘i]‘(,g] Pt:T(t)—1
V(s) = .
[T(s)|
] First-visit MC:
Every time: the set of all time « Ordinary Sampling is unbiased, but the variance is
steps in which state s is visited unbounded
«  Weighted Sampling is biased, but with much lower
" v i s s s nBBe s 5 8 W e A : o« Fis s 5 s w6 Vaﬂance
. t= 1 2 3 45 6 7 8 9 1011 1213141516 17 18 19 20 21 22 23 24 25 26 27
& _
t * | * Every-visit MC:
T(s) = {4, 20} T(4)=9 T(20)=25 « Ordinary Sampling is biased
set of start times next termination times « Weighted Sampling is biased
Proof:

s Nitps:/link.springer.com/article/10.100//BF00114/26



https://link.springer.com/article/10.1007/BF00114726

Importance Sampling

e Two ways of averaging weighted returns:

e Ordinary importance sampling forms estimate:
Correct mean of value following policy

Zteg'(s) Pe.1(t)-1G¢
Tl

V(s) =

. . _ _ These ratio in the numerator is cancelled
* Weighted importance sampling forms estimate: by the denominator. The estimation is not

correct anymore....

Zte‘.]'(s) Pe.r(t)-1Gt

V(s) =

Ztef]’(s) Pt.T(t)-1

Slide credit K. Fragkiadaki 66




Remember the Incremental Implementation in the Bandit Problem

Let Q,, denote the estimate of its action value after being selected n — 1 times

;R1+R2+"'+Rn—1
B n—1

Qn

Let's start rewriting Qy:
1
Qny1 = EE R;
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Incremental Implementation of Ordinary Importance Sampling

« We have:
P1Gy + - pr_1Gp_q
n—1

Va(s) =

« We canre-write V(s) as:

Vri1(5) = Va(5) + 9o — V()]
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Incremental Implementation of Weighted Importance Sampling

We can re-write weighted importance sampling as:

n—1
Y WG
V, = Sk=L Tk n > 2, [’[’i:pti:T(ti)—l

YW B
e The update ruleis then:
n
s Wa — >

Cn+1 = Cn + Wn—l—ly
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Off-Policy Monte Carlo Prediction

Off-policy MC prediction (policy evaluation) for estimating @ ~ g,

Input: an arbitrary target policy 7

Initialize, for all s € 8, a € A(s):
Q(s,a) € R (arbitrarily)
C(s,a) « 0

Loop forever (for each episode):
b + any policy with coverage of 7
Generate an episode following So, Ao, R1,...,S7_1,Ar_1, Rp
G+ 0
W1
Loop for each step of episode,|t =T —1,7—2,...,0, while W # 0:
G + ’YG + Rt+1
C(St, At) — C(St, At) + W
Q(St, Ar) < Q(St, Ar) + % (G — Q(St, Ar)]
W~ Wi
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Off-policy Monte Carlo Control

Off-policy MC control, for estimating 7 ~ m,

Initialize, for all s € §, a € A(s):

Q(s,a) € R (arbitrarily)

C(s,a) <0

7(s) < argmax, Q(s,a) (with ties broken consistently)
Loop forever (for each episode):

b < any soft policy
Generate an episode usin So, Ao, R1,...,87_1,Ar_1, Rt

G+ 0
W +1
Loop for each step of episode, t =T—-1,T-2,...,0:
evaluation G <G+ R
Vs ’U\ O(St,At) — C(S,{,At) ‘|‘W
/ Q(S:, Ar) < Q(S:, Ay) + % G — Q(S:, Ar)]
T V m(S;) < argmax, Q(S;,a) (with ties broken consistently)
TIf A; # 7(S;) then exit inner Loop (proceed to next episode)
w greedW 1
Wie Wb(At|St) . .
improvement Only learns from the tails of episodes (when

all actions are greedy). Learning is very slow!
71



Check Section 5.8 and 5.9 of "Reinforcement
Learning: An Introduction” for Discounting-
aware Importance Sampling
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