Lecture 4: Model Free Control 2

Emma Brunskill

CS234 Reinforcement Learning.

Winter 2018

2Structure closely follows much of David Silver’s Lecture 5. For additional reading
please see SB Sections 5.2-5.4, 6.4, 6.5, 6.7
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@ Generalized Policy Iteration

© Importance of Exploration
© Monte Carlo Control
@ Temporal Difference Methods for Control

© Maximization Bias
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Class Structure

@ Last time: Policy evaluation with no knowledge of how the world
works (MDP model not given)

@ This time: Control (making decisions) without a model of how the
world works

@ Next time: Value function approximation and Deep Q-learning
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Evaluation to Co

@ Last time: how good is a specific policy?
e Given no access to the decision process model parameters
o Instead have to estimate from data / experience

@ Today: how can we learn a good policy?

Emma Brunskill (CS234 Reinforcement Learn Lecture 4: Model Free Control ° Winter 2018



Recall: Reinforcement Learning Involves

Optimization
Delayed consequences
Exploration

Generalization
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Today: Learning to Control Involves

@ Optimization: Goal is to identify a policy with high expected rewards
(similar to Lecture 2 on computing an optimal policy given decision
process models)

@ Delayed consequences: May take many time steps to evaluate
whether an earlier decision was good or not

@ Exploration: Necessary to try different actions to learn what actions
can lead to high rewards
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Today: Model-free Control

Generalized policy improvement
Importance of exploration
Monte Carlo control

Model-free control with temporal difference (SARSA, Q-learning)

Maximization bias
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Model-free Control Examples

@ Many applications can be modeled as a MDP: Backgammon, Go,
Robot locomation, Helicopter flight, Robocup soccer, Autonomous
driving, Customer ad selection, Invasive species management, Patient

treatment
@ For many of these and other problems either:

o MDP model is unknown but can be sampled
o MDP model is known but it is computationally infeasible to use

directly, except through sampling
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On and Off-Policy Learning

@ On-policy learning
e Direct experience
e Learn to estimate and evaluate a policy from experience obtained from
following that policy

o Off-policy learning
o Learn to estimate and evaluate a policy using experience gathered from
following a different policy
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Recall Policy lteration

Initialize policy 7
Repeat:

e Policy evaluation: compute V™
e Policy improvement: update 7

7'(s) = argmax R(s,a) + v Z P(s'|s,a)V™(s") = argmax Q" (s, a)
a a

s'eS
(1)
@ Now want to do the above two steps without access to the true
dynamics and reward models

Last lecture introduced methods for model-free policy evaluation
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Model-free Generalized Policy Improvement

e Given an estimate Q7i(s,a) Vs, a

@ Update new policy

mi:1(s) = argmax Q" (s, ) 2)
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Model-free Policy lteration

WO &\Mguq

: =)
scg )

Initialize policy 7 k
Repeat: K ?0
e Policy evaluation: compute Q™
e Policy improvement: update m given Q™

@ May need to modify policy evaluation:

o If w is deterministic, can’'t compute Q(s, a) for any a # 7(s)
@ How to interleave policy evaluation and improvement?

e Policy improvement is now using an estimated Q
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Policy Evaluation with Exploration

@ Want to compute a model-free estimate of Q™
@ In general seems subtle

o Need to try all (s, a) pairs but then follow 7

e Want to ensure resulting estimate Q™ is good enough so that policy
improvement is a monotonic operator

@ For certain classes of policies can ensure all (s,a) pairs are tried such
that asymptotically Q™ converges to the true value
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e-greedy Policies

@ Simple idea to balance exploration and exploitation
o Let |A| be the number of actions

@ Then an e-greedy policy w.r.t. a state-action value Q™ (s, a) is

Odjy\,\ix @ﬁ/ﬁé’s Co. PV@A /’é
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Monotonic!®

e-greedy Policy Improvement

Theorem

For any e-greedy policy 7, the e- greedy policy w.r.t. Q™, mit1 is a
monotonic improvement V7i+1 > /7

Q7 (s, mit1(s)) > mia(als)QTi(s, )

acA [-/emc/ﬂw/d f@th[ﬁ \ .
= (¢/IAD D QTi(s,a) + lfe)mng"f(sya) /Q‘}lzw
acA . -y ‘Z é(&
- </la) Sl.a™ (5,8 + (-edmexs QG =2

[}
[} 10

R —— 5T - Gls)- )
> 8.0 Gy e 0o 2 8, (i) %
i& - (:\s) Q™ (s,2) — Vas (5)

@ Therefore V™i+1 > V”"(from the policy improvement theorem)

¥The theorem assumes that Q™ has been computed exactly
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Monotonic?! e-greedy Policy Improvement

Theorem

For any e-greedy policy 7;, the e-greedy policy w.r.t. Q™, miy1 is a
monotonic improvement V7™i+1 > V7

Q" (s, miy1(s)) = Z mir1(als)Q™i(s, a)
acA

= (e/]A]) Z QTi(s,a) + (1 — e)maxQ i(s,a)

acA
= (e/IAD DD QTi( l—e)maxQ i(s, a) 1-e

acA

. N mitals) — 15

= (€/|A|)ZQ’(S,a)+(1—e)maa><Q'(s,a)ZT
> IAIZQ i(s, a)+(1—e)zﬂ’i(a|15)gc)ﬂ'i(s7a)

acA

= > mi(als)QTi(s,a) = VTi(s)

a

@ Therefore V7i+1 > V™ (from the policy improvement theorem)

2 The theorem assumes that Q™ has been computed exactly.
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Greedy in the Limit of Infinite Exploration (GLIE)

Definition of GLIE

@ All state-action pairs are visited an infinite number of times

lim Ni(s,a) — oo T
1— AA
0 L// G-@ S%—Z\LQCKEO
@ Behavior policy converges to greedy policy
[Con s Kbm% (el =D =09 INSX Kf(g/o\>

e

Pvdb
== J

@ A simple GLIE strategy is e-greedy where € is reduced to 0 with the
following rate: ¢; = 1/i
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Monte Carlo Online Control / On Policy Improvement

1: Initialize Q(s,a) =0, Returns(s,a) =0 V(s,a), Sete=1, k=1

2: my = e-greedy(Q) // Create initial e-greedy policy

3: loop

4:  Sample k-th episode (Sk1,ak1, rk1, Sk2, - - -, ST) given Tk

5 fort=1,...,T do

6: if First visit to (s, a) in episode k then | . _1d os. ohscoun? 7
7: Append ZJ-T:t rij to Returns(s,a;) < 0 w2 s

8: Q(st, a;) = average(Returns(s;, at))

o: end if

10:  end for

1 k=ktle=1/k o © 0= @3 ﬁcoémfu/‘ o
12: 7, = e-greedy(Q™) // Policy improvement d MJJU )7
13: end loop
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GLIE Monte-Carlo Co

GLIE Monte-Carlo control converges to the optimal state-action value?
function Q(s,a) — q(s, a)

?v(s) and q(s, a) without any additional subscripts are used to indicate the
optimal state and state-action value function, respectively.
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Model-free Policy lteration

@ Initialize policy 7
@ Repeat:

e Policy evaluation: compute Q™
e Policy improvement: update w given Q™

@ What about TD methods?
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Model-free Policy Iteration with TD Methods

@ Use temporal difference methods for policy evaluation step
@ Initialize policy w
@ Repeat:
o Policy evaluation: compute Q™ using temporal difference updating
with e-greedy policy
e Policy improvement: Same as Monte carlo policy improvement, set 7

to e-greedy (Q™) S$o M@gﬁﬁ

A

0 /CdVM 6"9‘ KIS//&L[j - -
Vs ) — V7 ()
7 7T +
V(Y = VT *;< (LL} O
Ov;/m‘a} e - _éodﬁﬁéﬂ/"'t/ old espoac
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General Form of SARSA Algorithm

on /DO//‘Cﬂ

1: Set initial e-greedy policy m, t = 0, initial state s; = so  Q(s.c\= O
2: Take ar ~ m(s¢) // Sample action from policy s, e
3: Observe (r¢,se+1)
4: loop
5. Take action as+1 ~ m(St+1) actron j\i&o*:/‘i/
6:  Observe (re+1,St42) (// L fela
7 Update Q given (St, ar, e, St+1, ar+1):

{(SL’Q,) = Q (Sy[af) {-O{ (@*7/&[5%“87%}
8:  Perform policy |mprovement / Q"4 2)

- Lo VV\./ULj

= € j -AJ/j Q ) (-l
9: t=t+1
10: end loop

@ What are the beneﬂts to improving the po||cy after each step?
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Convergence Properties of SARSA

Sarsa for finite-state and finite-action MDPs converges to the optimal
action-value, Q(s,a) — q(s, a), under the following conditions:

@ The policy sequence m¢(als) satisfies the condition of GLIE

@ The step-sizes o satisfy the Robbins-Munro sequence such that
[o.¢]
Z ar = o0
t=1
[o¢]
Yol <
t=1
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Recall: Off Policy, Policy Evaluation

@ Given data from following a behavior policy 7w, can we estimate the
value V™ of an alternate policy 757

@ Neat idea: can we learn about other ways to do things different than
what we actually did?

@ Discussed how to do this for Monte Carlo evaluation
@ Used Importance Sampling

@ First see how to do off policy evaluation with TD
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Importance Sampling for Off Policy TD (Policy Evaluation)

@ Recall the Temporal Difference (TD) algorithm which is used to
incremental model-free evaluation of a policy 7. Precisely, given a
state s;, an action a; sampled from mp(s;) and the observed reward r;
and next state s;y1, TD performs the following update:

V7(st) = V™ (st) + a(re + 7V (se41) — V™(st)) (3)

@ Now want to use data generated from following 7, to estimate the
value of different policy me, Ve _

@ Change TD target r: + v V/(st11) to weight target by single

importance sample ratio
[l bwod omder ev=] 7T

@ New update: a PR

7Te(at|5t)

V7 (s:) = V™ (s:) +
( t) ( t) Wb(atlst)

(re + V™ (se41) = V()| (4)
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Importance Sampling for Off Policy TD Cont.

TT T&(&\Sb )E

. _ T=t 3
o Off Policy TD Update: L/ [YRZNATIRN

7Te(at|5t)

Vﬂ'e(st) = Vﬂ—e(st) ta |:7Tb(at|5t)

(Fe + YV (s041) v“(st))] (5)

e Significantly lower variance than MC IS. (Why?)

%Szom [t por/= i e ol ‘nsked ofF
& porisn 5 ht e s

@ Does 7p, need to be the same at each time step?

Mo, )‘us% tod o knowo e

@ What conditions on 7, and m are needed for off policy TD to
converge to V™? T4 hos Hao S2ace Sup po s

Wg/a135>0 ) b o T (205) - Vis) = O

Emma Brunskill (CS234 Reinforcement Learn Lecture 4: Model Free Control 3% Winter 2018 30 / 40



Q-Learning: Learning the Optimal State-Action Value

@ Just saw how to use off policy TD to evaluate any particular policy e

@ Can we estimate the value of the optimal policy 7* without
knowledge of what 7* is?

@ Yes! Q-learning
@ Does not require importance sampling

o Key idea: Maintain state-action @ estimates and use to bootstrap—
use the value of the best future action

@ Recall Sarsa

Q(st, at) < Q(st, ar) + a(re + vQ(St+1,ae+1)) — Q(st, ar))  (6)

Q-learning:

Q(st; ar) < Q(st, ar) + a(re + max Q(st+1, ") — Qlse, ar)) (7)
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Off-Policy Control Using Q-learning

In the prior slide assumed there was some 7, used to act

7 determines the actual rewards received

Now consider how to improve the behavior policy (policy
improvement)

Let behavior policy mp, be e-greedy with respect to (w.r.t.) current
estimate of the optimal g(s, a)
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Q-Learning with e-greedy Exploration

1: Initialize Q(s,a),Vs € S,a € At =0, initial state s; = 59

2: Set 7y, to be e-greedy w.r.t. @

3: loop

4:  Take a; ~ mp(st) // Sample action from policy

5. Observe (rt, St+1)

6:  Update Q given (st, a¢, rt, St+1): ,
sy = QAls, =) +oc ("8 Qlsp @) -Qba

7 Perform policy improvement: set 7, to be e-greedy w.r.t. @

8 t=t+1

9: end loop

@ What conditions are sufficient to ensure that Q-learning with e-greedy
exploration converges to optimal g? VSIF off St polrs co offe
@ What conditions are sufficient to ensure that Q-learning with e-greedy

. . c
exploration converges to optimal 7*7 oleeey
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Maximization Bias®?

o Consider single-state MDP (|S| = 1) with 2 actions, and both actions
have 0-mean random rewards, (E(r|a = a;) = E(r|a = a2) = 0).

@ Then Q(s,a1) = Q(s,a2) = 0= V(s)

@ Assume there are prior samples of taking action a; and a;

A A - . ex.
o Let Q(s,a1), Q(s, a2) be the finite sample estimate of Q Ssmp o
@ Assume using an unbiased estimator for Q: e.g. o
A n(s,a 100 (-~
Qs,a1) = 7y Lima % ri(s, a) =

o let = aig_mﬂs_,g) be the greedy policy w.r.t. the estimated Q
o Even though each estimate of the state-action values is unbiased, the
estimate of 7's value % can be biased: cipe. 0Ly rondom —,

-,
\/*r = E[;wax /62 /ga, Q(S/ng j N JleDe -~

z max[%/&[g,g,))lg/& {g,ga})j L}’VL&L//IIS/*L@”ZL/
fmaX[OJO]iO: UX

39Example from Mannor, Simester, Sun and Tsitsiklis. Bias and Variance
Approximation in Value Function Estimates. Management Science 2007
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Double Learning

@ The greedy policy w.r.t. estimated Q values can yield a maximization
bias during finite-sample learning
@ Avoid using max of estimates as estimate of max of true values

@ Instead split samples and use to create two independent unblased 50
estimates of Qi(sy, aj) and Q@x(s1,ai) Va. Q. 5@ So

o Use one estimate to select max action:_a* = arg max, Qi(s1, a)
o Use other estimate to estimate value of @™ Qy(s, a*) O, Soce
o Yields unbiased estimate: IE(Qx(s, a*)) = Q(s, a*) t

@ Why does this yield an unbiased estimate of the max state-action
value? QZ s 2u umé/?f\i/ es tivne ROr O{C Ny %/ Q 2>

@ If acting online, can alternate samples used to update @ and @Q»,
using the other to select the action chosen

o Next slides extend to full MDP case (with more than 1 state)

Emma Brunskill (C5234 Reinforcement Learn Lecture 4: Model Free Control 4* Winter 2018 36 / 40



Double Q-Learning

1. Initialize Qi(s,a) and Qx(s,a),Vs € S,a € At =0, initial state s; = 5
2: loop

3: Select a; using e-greedy 7(s) = arg max, Qu(st, a) + Q2(st, a)
4:  Observe (re, Seq1)
5. if (with 0.5 probability) then édg»ﬁv /m/; ﬁ@ »
ritd
6: Q1(st; ar) < Qu(st,ar) + = / a
7. else
8 Q2(st, ar) < @Qost, ar) + « (F++ /@ (5%”/ W:aﬁ@ [gw J
9. endif B
100 t=t+1 Q(;,a#\j
11: end loop

Ao b L
o Compared to Q-learning, how does this change the: memory

requirements, computation requirements per step, amount of data
required? = relnee
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Double Q-Learning (Figure 6.7 in Sutton and Barto 2018)

S\’og\/ﬁb\s\\ <
A .
100% s
L N(-0.1,1) p %d“@
[\ 0 0
75% DT@WD / 'Qk/j—
‘ R Yow s b
% left \ alxbevinis b
actions  50%/’ cotveet eation
from A “Q-learning / [akﬁ
CV L Double )
= < 5% Q-learning _
s awlds N
506 ****************************** optimal
1 100 200 300

Episodes

Due to the maximization bias, Q-learning spends much more time
selecting suboptimal actions than double Q-learning.
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@ Generalized Policy Iteration

© Importance of Exploration
© Monte Carlo Control
@ Temporal Difference Methods for Control

© Maximization Bias
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Class Structure

@ Last time: Policy evaluation with no knowledge of how the world
works (MDP model not given)

@ This time: Control (making decisions) without a model of how the
world works

@ Next time: Value function approximation and Deep Q-learning
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