“Where did you go to, if | may ask?"

"To look ahead, " said he.
"And what brought you back in the nick of time?"
"Looking behind, "

S0 _Introductiont to HL
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Plan

e Wrap up MDPs
« An Example: Working with v_

« Dynamic programming / Bellman Equations
o A different solution, albeit limited

« Monte Carlo Methods
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Reminder

You should be enrolled in the private session we created in Coursera for CMPUT 365.
| cannot use marks from the public repository for your course marks.

You need to check, every time, if you are in the private session and if you are submitting
quizzes and assignments to the private section.

The deadlines in the public session do not align with the deadlines in Coursera.

If you have any questions or concerns, talk with the TAs or email us
cmputo6b5@ualberta.ca.
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Please, interrupt me at any time!

Marlos C. Machado https://pngtree.com/freepng/question-expression-cartoon-illustration_4545209.ht
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Optimal Policies and Optimal Value Functions

« Value functions define a partial ordering over policies.
o mxT1iffv(s)=v_(s)forals € .
o There is always at least one policy that is better than or equal to all other policies. The optimal policy.

Vi (8) = max v (8)

q+(s,a) = E[Ri11 + 0« (Si41) | Se=s5, A¢=aq]

g« (s,a) = maxq.(s,a)
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Optimal Policies and Optimal Value Functions

« Because v, is the value function for a policy, it must satisfy the self-consistency
condition given by the Bellman equation for state values.

* — ax (qr ’
v (s) T g .(s,a)
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Optimal Policies and Optimal Value Functions

« Because v, is the value function for a policy, it must satisfy the self-consistency
condition given by the Bellman equation for state values.

* — ax (r ’
V() T g .(s,a)

=maxE; [G: | St=s,Ar=q]
= m3XEW*[Rt+1 + G411 | Se=s, Ay =al]
= m(?X]E[RtH + Yvx(St+1) | Se=s, Ar=a]

= mngp(s’,ﬂs,a) [ + Yo, (s)].

s',r

0.(5,0) = E[Rip1+ymaxq.(Sis,a) | S =s,4, =q

- Zp(s’,ﬂs,a) ['r' —|—'ymaxq*(s’,a')].
a/

Marlos C. Machado /
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Also...

| have highlighted a couple of exercises during the class, but there are more. The
exercises in Chapter 3 of the book are great. | particularly encourage you to look at
Exercises 3.25 —3.29 as well.

Marlos C. Machado
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Reinforcement learning is very related to search algorithms

“Heuristic search methods can be viewed as expanding the right-hand side of the
equation below several times, up to some depth, forming a “tree” of possibilities, and
then using a heuristic evaluation function to approximate v,, at the “leaf” nodes.”

V4 (8) = max Zp(s', r|s,a)|r + v (s")].

s',r

Marlos C. Machado
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Yay! We solved sequential decision-making problems

Except...

1.
2.
3.

Marlos C. Machado
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Yay! We solved seguential decision-making problems

Except...

1. we need to know the dynamics of the environment
2. we have enough computational resources to solve the system of linear eq.

3. the Markov property

Marlos C. Machado
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An Example: Working with v_

Whiteboard

Marlos C. Machado
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Chapter 4

Dynamic Programming
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Dynamic Programming — Why?

« “DP provides an essential foundation for the understanding of the methods
presented in the rest of this book”,

o ... but “classical DP algorithms are of limited utility in reinforcement learning both
because of their assumption of a perfect model and because of their great
computational expense”.

o “all of these [RL] methods can be viewed as attempts to achieve much the same
effect as DP, only with less computation and without assuming a perfect model
of the environment”.

Marlos C. Machado
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Key Idea Behind Dynamic Programming

“To use value functions to organize and structure the search for good policies.”

We use the same equations as before, but we replace an = by a «, that’s it
(we turn Bellman equations into assignments).

Marlos C. Machado
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Policy Evaluation (Prediction)

Given a policy and an MDPF, what’s the corresponding value function?

Ur(8) = En[Rey1 + Y0r(Se41) | Se=3s]
= n(als) ) p(s',r|s,a) [r + ’va(s’)]

l

Uk+1(8) = Ea[Rep1 4+ yvk(Set1) | Se=s]
= Z 7(als) Zp(s', r|s,a) [7" + yug (s')]

expected

update
Marlos C. Machado
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Policy Evaluation (Prediction)

Iterative Policy Evaluation, for estimating V =~ v,

Input 7, the policy to be evaluated
Algorithm parameter: a small threshold # > 0 determining accuracy of estimation
Initialize V' (s) arbitrarily, for s € 8, and V (terminal) to 0

Loop:
A0
Loop for each s € 8:
v+ V(s)
V(s) ¢ X, m(als) X, p(s',]5,0) [r + YV (s')]
L= AL max(A Ju— Via))
“in-place” | yntil A < @

update

Marlos C. Machado
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Policy Evaluation — Example

R, = -1

on all transitions

1 2 3
4 |5 |6 |7
8 |9 [10 [11
actions
12 13 [14
Vi, for the

random policy
0.0 0.0/ 0.0] 0.0 0.0/-1.0|-1.0|-1.0 0.0l-1.7]-2.0l-2.0
0.01 0.0 0.0] 0.0 -1.0]-1.0(-1.0]-1.0 > -1.7|-2.0(-2.0{-2.0
0.0 0.0/ 0.0] 0.0 -1.0|-1.0|-1.0|-1.0 2.0l-2.0l-20]-1.7
0.0/ 0.0/ 0.0] 0.0 -1.0{-1.0{-1.0{ 0.0 -2.0]-2.0|-1.7] 0.0

Marlos C. Machado

-14.

.|-18.

.|-20.

.|-20.




CMPUT 655 — Class 4/12

21

Marlos C. Machado https://pngtree.com/freepng/question-expression-cartoon-illustration_4545209.ht



CMPUT 655 — Class 4/12

Policy Improvement

Given a value function for a policy T, how can we get a better policy ’'?

We already know how good policy 1t is, what if we acted differently now? What if
instead of selecting action 1i(s) we selected action a # 11(s), but then we followed m1?

We know the value of doing that!

gr(s,a) = E[Ri11+Y0:(Stsr1) | Si=s, Ar=al
/ / /
E p(s,r|s,a)[r+’7vw(s )]

If this new action is
better, in general

this new policy is L
better overall

Marlos C. Machado
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Policy Improvement — Intuition

4 |5 6 |7 Ry =-1
on all transitions

actions

12 13 |14

Vg for the
random policy

0.0[-1.0{-1.0|-1.0 [
-1.0{-1.0(-1.0|-1.
k=1 0[-1.0{-1.0(-1.0 ’ ‘
-1.0{-1.0(-1.0|-1.0 i N IR
-1.0/-1.0{-1.0{ 0.0 o i
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Policy Improvement Theorem

That this is true is a special case of a general result called the policy improvement
theorem. Let m and 7’ be any pair of deterministic policies such that, for all s € 8,

qr (8,7 (5)) = vx(s).
Then the policy 7’ must be as good as, or better than, . That is, it must obtain greater
or equal expected return from all states s € 8:

Ve (8) > vir(s).

(4.7)

(4.8)
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A more aggressive update

Instead of doing it for a particular action in a single state, we can consider changes
at all states and to all possible actions.

n'(s) = argmaxgq,(s,a)
a

= argmaxE[R;11 + Y (Sty1) | Se=s, Ar=a]

= argmax Zp(s’, ’I‘lS, a) [’I“ o+ ’Y’UW(S/)] )

/
s, T

This is called policy improvement. And eventually it converges to the optimal policy.

Marlos C. Machado



CMPUT 655 — Class 4/12

Policy Improvement — Intuition

4 |5 6 |7 Ry =-1
on all transitions

actions
12 13 |14
Vg for the
random policy

0.0|-1.7|-2.0|-2.0 — |- [
BB -1.7|-2.0/-2.0|-2.0 i b,

2.0|-2.0|-2.0-1.7 | Pl

-2.0]-2.0{-1.7/ 0.0 | -] =

Marlos C. Machado
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Policy lteration: Interleaving Policy Eval. and Improvement

Policy Iteration (using iterative policy evaluation) for estimating 7 ~ .,

1. Initialization
V(s) € R and 7(s) € A(s) arbitrarily for all s € 8§; V(terminal) =0

2. Policy Evaluation
Loop:
A+0
Loop for each s € 8:
v+ V(s)
V(s) & Lyl 7|8, 7()[r + 7V (5]
A + max(A, v —V(s)|)
until A < 0 (a small positive number determining the accuracy of estimation)

3. Policy Improvement
policy-stable < true
For each s € §:
old-action <+ m(s)
7(s) + argmax, Y. . p(s',r|s,a)[r + YV (s')]
If old-action # m(s), then policy-stable < false
If policy-stable, then stop and return V = v, and 7 = 7,; else go to 2

Marlos C. Machado
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Value lteration

Marlos C. Machado

Value Iteration, for estimating 7= ~ ,

Algorithm parameter: a small threshold # > 0 determining accuracy of estimation
Initialize V (s), for all s € 8T, arbitrarily except that V(terminal) = 0

Loop: / It doesn’t need to be so synchronous
| A<+0 We just turned the Bellman optimality
Loop for each s € 8: equation into an update rule!

V(s) < max, Y, .p(s',7|s,a)[r +~V(s)]
A + max(A,|v—V(s)|)
until A < 6

|
i v+ V(s)
|

Output a deterministic policy, m ~ 7, such that
7(s) = argmax, Y, .p(s',7|s,a) [r +V(s")]
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Generalized Policy Iteration

evaluation
m
T V

7~ greedy(V)

improvement

7-‘-* < >rU>|<

Marlos C. Machado
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The Bellman Operator

Functions that map elements of a space onto itself, are called operators.

/ We are transforming a value-function
U (S) — Eﬂ' [/r —I_ ’)/U (S ) ‘ St — 8] vector into another value-function vector.

Marlos C. Machado
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The Bellman Operator

Functions that map elements of a space onto itself, are called operators.

v(s) = Ex|r + fyv(s’ ISt = 8| Vector into another vatue-tunction vector.
The Bellman operator is the mapping T_: R — R defined by

(Trv)(s) = Exlr +yv(s')|Sp = 3]
and we can be quite concise: v = 1.

Marlos C. Machado
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The Bellman Backup is a Contraction

The operator T_: R — R is a y- contraction:

TV — TV || oo =

Marlos C. Machado
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The Bellman Backup is a Contraction
The operator T_: R — R is a y- contraction:
| Tev = Tov'| oo = |[(rr + 7P2v) — (rr + 7P2V)[|o
= [[7Pxv — 7P|

p— ’YP,/T (V — V,) | IOO P_is linear

< L / Because (P_v)(s) is a convex combination of
— ”7 A\ \4 0 elements from v, it must be that ||P_v]|

<[lvll,,

Marlos C. Machado
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Chapter 5

Monte Carlo Methods

aaaaaaaaaaaaaaa
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Monte Carlo Methods — Why?

o Thisis our first learning method.
« We do not assume complete knowledge of the environment.

o “Monte Carlo methods require only experience — sample sequences of
states, actions, and rewards from actual or simulated interaction with an
environment.” =%

o It works! And different variations are used everywhere in the field (n-step returns,
TD(A), MCTS-AlphaGo/AlphaZero—-, etc).

... but we still need a model, albeit only a sample model.

Marlos C. Machado



MC Methods are ways of solving the RL problem
based on avg. sample returns (similar to bandits,
but instead of rewards we are sampling returns).

aaaaaaaaaaaaaaa
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Monte Carlo Prediction

Marlos C. Machado

First-visit MC prediction, for estimating V =~ v,

Input: a policy 7 to be evaluated

Initialize:
V(s) € R, arbitrarily, for all s € 8
Returns(s) < an empty list, for all s € 8

Loop forever (for each episode):
Generate an episode following 7: So, Ao, R1, 51, A1, Ra,...,S7—1,Ar—_1, Rr
G+ 0
Loop for each step of episode, t =T—-1,T—-2,...,0:
G+ vG + Ri41
Unless S; appears in So, S1,...,St—1:
Append G to Returns(St)
V(St) < average(Returns(St))
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Some useful information / reminders about MC Methods

o Often it is much easier to get samples than to get the distribution of next events.
Recall the Blackjack example in the textbook.

« Monte Carlo methods do not bootstrap (the estimate for one state does not
build upon the estimate of any other state).

« First/every-visit MC converge to v_(s) as the number of visits to s goes to infinity.
In first-visit MC, each return is i.i.d. and has finite variance \_(*J)_/

o The computational cost of estimating the value of a single state is
independent of the number of states.

Marlos C. Machado
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Monte Carlo Estimation of Action Values

o [|f we don’t have access to a model, we need to estimate action values.

o Same as before, but now we visit state-action pairs \_(*J)_/
But to estimate g. we need to estimate the value of all actions from each state.

Solution? Exploration! ... or exploring starts &3

Marlos C. Machado



Monte Carlo Control

evaluation

Q ~> qr
W/—\Q

7~ greedy(Q)

improvement

Marlos C. Machado
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E I E
o — Qny —> T1 — Qn, > 9 > oo

7(s) = argmaxq(s, a).
a
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Monte Carlo ES

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

Initialize:
7(s) € A(s) (arbitrarily), for all s € 8
Q(s,a) € R (arbitrarily), for all s € §, a € A(s)
Returns(s, a) < empty list, for all s € §, 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 7m: Sp, Ao, R1,...,S7_1,Ar_1, R
G+ 0
Loop for each step of episode, t =T—1,T-2,...,0:
G+ ’)/G + Rt+1
Unless the pair S;, A; appears in Sg, Ag, S1, A1...,Si—1, A¢s_1:
Append G to Returns(Sy, A)
Q(S:, Ay) < average(Returns(St, A))
m(S¢) < argmax, Q(St, a)

Marlos C. Machado
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MC Control without Exploring Starts

Marlos C. Machado

On-policy first-visit MC control (for e-soft policies), estimates 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 7: Sy, Ag, R1,...,S7—1,Ar_1, R
G+ 0
LooGp (f_orﬂyeca;c_'}i ;;tefl of episode, t =T—-1,T-2,...,0: We neeclto ensure that the
Unless the pair S, A; appears in Sy, Ag, S1,A1...,8:_1,A4;_1: pro_bab_ll y we select each
action is|not zero.

Append G to Returns(St, At)
Q(St, At) < average(Returns(St, At))
A* + argmax, Q(St, a)
For all a € A(S;):

(with ties broken arbitrarily)

1—e+¢e/|A(Sy)| ifa=A*
m(alSe) = { S/A(S) if o £ A°
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MC Control without Exploring Starts

On-policy: You learn
about the policy you
used to make decisions.

Off-policy: You learn
about a policy that is
different from the one
you used to make
decisions.

Marlos C. Machado

On-policy first-visit MC control (for e-soft policies), estimates 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 7: Sy, Ag, R1,...,S7—1,Ar_1, R
G+ 0
Loop for each step of episode, t =T—-1,T—2,...,0:

G+ vG+ R4

Unless the pair S, A; appears in Sy, Ag, S1,A1...,8:_1,A4;_1:
Append G to Returns(St, At)
Q(St, At) < average(Returns(St, At))
A* + argmax, Q(St, a) (with ties broken arbitrarily)
For all a € A(S;):
1—e+¢/|A(S:)| ifa= A"
m(alSe) = { el N fag
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Policy iteration works for e-soft policies

Why an e-greedy policy w.r.t. g_is an improvement over any g-soft policy m”

ar(s,7(s)) = Y '(als)gn(s,a)

= Afs)l Y ax(s,a) + (1 —e)maxgq(s,a)

m(als)

A () + (=93 T a0

&g
- IA(s)I;q“(S’a) |A(s)|;qﬂ(s>“) + ;W(QIS)qw(s,a)

= vx($).

Vv

Marlos C. Machado
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Next class

o What | plan to do:
o Finish overview of Monte Carlo Methods (Chapter 5 of the textbook)
o  Overview of Temporal-Difference Learning (Chapter 6 of the textbook)

o Overview of n-step Bootstrapping (Chapter 7 of the textbook)

« What | recommend YOU to do for next class:
o Read Chapters 6 and 7 of the textbook.
o  Submit Practice Quiz and Programming Assignment for Sample-based Learning Methods: TD
Learning Methods for Prediction (Week 2).
o  Submit Practice Quiz and Programming Assignment for Sample-based Learning Methods: TD
Learning Methods for Control (Week 3).

Marlos C. Machado



