Markov Decision Processes
Chen-Yu Wel



Sequence of Actions

To win the game, the learner has to take a sequence of actions a; » a, — -+ = ay.
The effect of a particular action may not be revealed instantaneously.
e Some effect may be revealed instantaneously

e Some may be revealed later



Sequence of Actions
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Interaction Protocol (Episodic Setting) >’7

For episodet=1,2,..,T:
h<1
Environment generates initial state s; ;
While episode t has not ended:
Learner chooses an action a;

W/IIK(o"’ _g_]

Markov assumption:
1+ and s, 1 are conditionally independent

of (St,1,At,1) -r St,h—1, At,p—1) 9IVEN S¢py

Learner observes instantaneous reward r; ;, with IE[rt,h = R(Sth, Qe p)

Environment generates next state s; 4.1 ~ P(- | S¢p, Qe )

hh+1

T
Goal: maximize z
t=1

Tf(; . /ovﬂﬂ"n DjC?f/”’b T




From Observations to States
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Stacking recent observations Recurrent neural network Hidden Markov model



Regret (Episodic Setting)
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Example: Racing

e Arobot car wants to travel far, quickly
e Three states: Cool, Warm, Overheated
e Two actions: Slow, Fast

e (Going faster gets double reward

Slow

Overheated



Example: Racing
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a P(s'|s,a) | R(s,a)
Slow 1.0 +1
Fast 0.5 +2
Fast 0.5 +2
Slow 0.5 +1
Slow 0.5 +1
Fast 1.0 -10
(end) 1.0 0

Fast
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Fast

-10
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Formulations

e Interaction Protocol
e Fixed-Horizon
e Variable-Horizon (Goal-Oriented)
e [nfinite-Horizon

Horizon = Length of an episode




Interaction Protocols (1/3): Fixed-Horizon

Horizon length is a fixed number H

h <1

Observe initial state s; ~ p

While h < H:
Choose action a,
Observe reward r;, with E[r;,] = R(s, ap)
Observe next state s,,.1 ~ P(: |sp, ay)

Examples: games with a fixed number of time




Interaction Protocols (2/3): Goal-Oriented

The learner interacts with the environment until reaching terminal states 7 c §

h <1

Observe initial state s; ~ p

While s;, € T
Choose action a,
Observe reward r;, with E[r;,] = R(s, ap)
Observe next state s,,.1 ~ P(: |sp, ay)
h—h+1

Examples: video games, robotics tasks, personalized recommendations, etc.



Interaction Protocols (3/3): Infinite-Horizon

The learner continuously interacts with the environment

h~—1
SPveiniti o -

Loop forever:
Choose action a,
Observe reward r;, with E[r;,] = R(s, ap)
Observe next state s,,.1 ~ P(: |sp, ay)
h—h+1

Examples: network management, inventory management




Formulations

e Performance Metric
e Total Reward
e Average Reward
e Discounted Reward



Performance Metric

Total Reward (for episodic setting): (z: the step where the episode ends)

H
e . . 1
Average Reward (for infinite-horizon setting): lim T z 43

T
Discounted Total Reward (for episodic or infinite-horizon): 2 Y1,
h=1

7. the step where the episode ends, or oo in the infinite-horizon case
y € [0,1): discount factor

7;0*7ﬁ



Interaction Protocols vs. Performance Metrics

“natural” objective

Fixed-Horizon ~ s > Total Reward
Goal-Oriented g Total Reward Could be unbounded
Infinite-horizon ~ s > Average Reward Could have constant change for an

infinitesimal change in policy

Discounted Total Reward?
Focusing more on the recent reward

There is a potential mismatch between our ultimate goal and what we optimized.



Formulations

e Policy
e Markov policy
e Stationary policy



Policy for MDPs @(m,zu~-,7m-~)
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n(Sh) < 4 optimal policy in this class

Stationary Policy & ferba Rl

ap ~ m(-| . | .
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A stationary policy specifies
m(Slow | Cool)

m(Fast | Cool)

(Slow | Warm)

m(Fast | Warm)

A Markov policy specifies
1y, (Slow | Cool)
my (Fast | Cool)

my, (Slow | Warm)
my (Fast | Warm)

Overheated




Value Iteration
(Fixed-Horizon)



Two Tasks

- Policy Evaluation: Calculate the expected total reward of a given policy

What is the expected total reward for the policy m(cool) = fast, m(warm) = slow?
Policy Optimization: Find the best policy

What is the policy that achieves the highest expected total reward?

Fast 0.5 +2

0.5 Overheated

+2



Value lteration for Pollcy Evaluation

__7_— - (1“.... ,7CH)

O
e
.

states <

State transition: P(s’'|s, a)

b
Qn(s,a) = E*

Reward: R(s, a) enpud- fat s

252 es) \/ (s)

z R(sk, ax)
i=h

(Shr ah) = (S' a)‘

H
Vit(s) = E™ [z R(syx,ax) | sp= s‘ R(5)
k=h
: L F &
Backward induction: &H [5) =R (54)

Vit1(s) =0 Vs
Forh=H,..1: for all s,a

0F(5,0) = R(5,@) + ) P(s'l5,0) Vi1 (s)

Y

Expected total reward
of r from step h + 1

ViE(s) = ) mn(als) QF (s, @)

a




Qr is called “the state-action value functions of policy r”

B e| | M an Eq u ati on Vit is called “the state value function of policy r”

Both can be just called “value functions”

0F(5,0) = R(5,0) + ) P(s'ls,) Vi1 (5)

Vi) = ) malal $)0F (s, @)

a

o | QFG@=RG@+ ) Pls @) T (@'15)0F (5, @)
s',a'

or Vit(s) = 2 my(al s)| R(s,a) + 2 P(s'|s,a) Vit 1 (s)

a




Value lteration for Policy Optimization

states <

O
e
.

State transition: P(s’'|s, a)
Reward: R(s,a)

(Sh' ah) = (S, a)‘

Sh=S]

H
Qr(s,a) = max E” 2 R(sy,ay)
T[EHM =

H
2 R(sk, ax)

k=h

Vi(s) = grelﬁ),\i E™

Backward induction:
Visi(s) =0 Vs
Forh=H,..1: for all s,a

Q5@ = R(s,@)+ ) P(s'ls, @) Vi1 (5)

\ J
Y

Expected optimal total
reward from step h + 1

Vi(s) = max Qr(s,a)  mp(s) = argmax Q;(s,a)




Qi(s ) = K(1.9)
Exercise Q3 (cool, slow) =

Q3 (cool, fast)= 2

I

S a S/ P(s'ls,a) | R(s,a) Q3 (warm, slow) = | ]
. Q;(warm, fast) = — [o

Slop 1.0 +1j e

ﬁast \ f 2 0.5 +2\ V3*(C001) =7 j
Fast | : ; 0.5 Qz_/ V3 (warm) = |

______________ oot

Q3(s.a) = Klse) + 2, Pl 3(s) v

0.5 +1 ) 2
~ Qy(cool,slow) = | 4 V;(ch -3
* *
0.5 \+1/ — QZ(COO@ > 74 0.5 U;((‘oal) 4 05 U}(W\m) :-:3'_5'
1.0 ~10 Q;(warm, slow) = [ + 6.5 V;((w[) +0.§ Lg"(m,y: 2.5
Q;(warm, fast) = - (D
1.0 o | R L
Va(s)

Assume H = 3
S——

( V5 (cool) :—3}_ Z';L(cnal):: fast
ViWarm)= 2 5 ¥ par) = slows



Qy, : optimal state-action value functions

Bellman Optlma“ty Equation V; : optimal state value functions

or “optimal value functions”

0i(5,@) = R(5,@) + ) P(s'l5,@) Vi1 (5)

Vi (s) = max Qx(s, a)

o | Qi@ =R + ) P6lsa) (max Qi (s, @)

or Vi(s) = max (R(S, a) + 2 P(s'[s,a) VI:+1(S,)>

i (s) = argmax Qj(s, a)
a



Recall: Regret

Regret = max
/[

E[Regret] = E
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Value Iteration
(Discounted Variable-Hofizon)uw. - o ... )



states <

State transition: P(s’|s,a)
Reward: R(s, a)

n for Policy Evaluation
[3 hl(s..at»J

QT 6)=RG) + @‘p 7 kG szwpal(s,@}

I~(
(s1,aq1) = (s, a)‘

S, = s] Tor Fived s e

w(HH)-—h,

Q"(s,a) = Q%(s,@)  V7(s) = Va5 (s)

[
Z . .
V(;'[(S) =0 Vs (Vﬁdl (S):D ) .)cu\’d Anlibﬂ.
-_________3 | —
Fori=1,23,... for all s,a

Q' (s,a) = R(s,a) -I-)/ZP(S |s,a) V2, (s")

e =y e | Qo e @

a "'"--L\

If |QF(s,a) — Q™ (s, a) @or all s,a: terminate
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2 % -
Bellman Equation Qo) = O, 52) @(@

0™(s,a) = R(s,a) + )/2 P(s'|s,a) V™ (s")

Vi(s) = ) n(al )Q"(s,)

a

or Q™(s,a) = R(s,a) +vy 2 P(s'|s,a) w(a’|s")Q™(s’,a")

or Ve(s) = 2 m(al s) (R(S, a) + yE P(s'|s,a) V”(s’))

a




Convergence

1. Value Iteration for policy evaluation will terminate.
2. When it terminates, it holds that

|07 (s,@) — Q™ (s, a)l_1 . Vs,a

< t/
S (5°\

< 64) | RGA) ZP(s[
ﬂ%) 4—/2 Pls'i<) 2 ( (s) 69} ) 2
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Convergence

1. Value Iteration for policy evaluation will terminate.

2. When it terminates, it holds that

|07 (s,@) — Q™ (s, a)l_1 . Vs,a

Proof strategy: (y,+ fe seest P"”f)
@rove that VI will terminate (i.e., max|Q7 (s, a) — Q™ (s, a)| < € will eventually holds)
s,a
) At termination,

BellmanError(Q") = max Q' (s,a) — <R(S, a)+y Z P(s'|s,a)m(a’|s") Q[ (s', a')> <e€

3) Use the Value error < (1 — y)~! Bellmen Error lemma to claim

|Qf(s, a) — Q™ (s, a)| < 1Tey



Convergence (A More General Statement of 2.)

Value error < (1 —y)~! Bellmen Error

Let f: § XA — R be any function (not necessarily generated by Value Iteration)
If

f(s,a) — <R(s, a)+vy z P(s'|s, a)n(a’ls’)f(s’,a')) <e Vsa

T —

then

£ (s,a) — Q7(s,a)| < 1—; 5
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Value lteration for Policy Optimization

states <

State transition: P(s’|s,a)
Reward: R(s,a)

(S0, ag) = (s, a)‘

SOZS“

Q*(s,a) = Qx(s,a) V*(s) = Vs (s)

i
Q;(s,a) = max E™ z YR (sp, an)
h=1

Vi (s) = max E7| > y" R (sy, ap)
T

Vg(s) =0 Vs
Fori=1,23,... for all s, a
Z
% Q6

0i(5,@) = R(5,@) +7 ) P(s'ls,0) Viiy ()

Sl

V2 (s) :(s, @)

If |Qf(s,a) — Q/_,(s,a)| < eforall s,a: terminate




Bellman Optimality Equation  n*(s) = argmax Q*(s,a)

Q*(s,a) = R(s,a) + yz: P(s'|s,a) V*(s")

V*(s) = max Q*(s,a)

or Q*(s,a) = R(s,a) +yZP(s’|s, a) rrzla,lx Q*(s',a")

or V*(s) = max (R(S, a)+vy 2 P(s'|s,a) V*(S’))




Convergence (@:(s.«\;- S| <5

ﬁ

1. Value Iteration formtimization will terminate.
2. When it terminates, it holds that

3. When it terminates, It holds that

- 2€
V*(s) = V™(s) < =) Vs

where 7(s) = argmax Q; (s, a) 7(_4@) = Arg @y(ﬁﬁ




Convergence (A More General Statement of 2.)

Value error < (1 —y)~! Bellmen Error

Let f: § XA — R be any function (not necessarily generated by Value Iteration)
If

IN
m

Vs, a

f(s,a) — <R(S, a) + yz P(s'|s,a) max f(s, a’))

e

then

1f(s,a) — Q*(s,a)| < 1—;/ Vs, a




Convergence (A More General Statement of 3.)

Suboptimality < (1 —y)~! Value Error

Let f: § XA — R be any function (not necessarily generated by Value Iteration)
If
If(s,a) —Q*(s,a)| <€ Vs,a
then
2€
V*(s) = V™ (s) <—— Vs
1-vy
where m¢(s) = argmax f (s, a)
a
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Summary (Fixed Horizon)

Definitions

Relations (Bellman Equations)

(Sh; ah) = (S, Cl)]

Shzs“

H
Qr(s,a) 2 E7 [Z R(sy,ay)
k=h

H
Vi) 2 BT R(sio )
k=h

QF(5,0) = R(5,@) + ) P(s'I5,0) V{1 (5)

Vi) = ) my(al )05 (s, 0)

a

(s, ap) = (s, a)‘

Sthl

H
Qn(s,a) £ max E™ lz R(sy, ai)
T
k=h

H
Z R(sg,ai)
k=nh

Vi (s) £ max E™
T

Qr(s,a) = R(s,a) + z P(s'|s,a) Vi, 1(s)

Vi (s) = max Qn (s, a)

Calculation (VI)

Calculate
Qr(s,a), V' (s) Vs, a
fromh=Htoh=1

Calculate

Q5 (s,a), Vi (s) Vs,a
fromh=Htoh=1



Summary (Discounted Variable Horizon)

Definitions

Relations (Bellman Equations)

Q" (s,a) = E” lz Y 1R(sp, an)

V*(s) = E™ l

co

(Slr al) = (S' Cl)‘

h=1

(00}

Z Y IR(sp, ap)

h=1

5125“

Q™(s,a) = R(s,a) + yz P(s'|s,a) VT (s")

V() = ) m(al $)Q"(5,a)

a

Q*(s,a) = max E™ lz

V*(s) = max
T

(00

Y 1R(sp, ap)

(s1,ap) = (s, a)‘

51=S“

h=1

E™ IZ Y IR(sp, ap)

h=1

Q*(s,a) = R(s,a) + )/Z P(s'|s,a) V*(s)

V*(s) = max Q*(s,a)

Calculation (VI)

Calculate

Q[ (s,a),V*(s) Vs,a
fori=1,2,..

until convergence

Calculate
Q/(s,a),V7(s) Vs,a
fori=1,2,..

until convergence



Policy lteration g Jpiimse.sim




Policy Iteration Zi  SoA

Policy Iteration 7
Fori=1, 2, ..

( _ > kzza\@s an c(aney
: Ti—1
VS, T[l(S) < argmax VI fv Fa(g,a eval w i

a

” A(Oa

Theorem (monotonic improvement). Policy Iteration ensures
vs,a,  QTi(s,a) = Q™(s,a)

When converged (i.e., mr; = m;_4), we have ; = ™.

(We will prove this later.)



Su~b-Vm+;""--'
- . ] N = o0 olicy lterati [ \ﬂilw
Generalized Policy Iteration

N = 1 % Value lteration for policy optimizatign

At
Fori=1,2,.. w ) (® (5.4) (?“40'6“-'2 prove ""5}\
m;(s) = max Q;(s,a) «<—— Policy update <
Q < Q; prhm Uaus it to evatatd Tj
Repeat for N times:
- L —  —

|

Q(s,a) « R(s,a) +v z P(s'ls,a) m;(a'|s")Q(s",a’) <+ | | value update
s a’

Qiv1 < Q (e)—

Notice: in value iteration for PO, there may not exist a policy  such th
In contrast, In policy iteration we have Q; = Q™1

VI for PO can be viewed as Pl with incomplete policy evaluation



Summary

Value Iteration for Policy Optimization (VI for PO)
e Is essentially a dynamic programming algorithm
e Finds the value functions of the optimal policy

Value lIteration for Policy Evaluation (VI for PE)
e Also a dynamic programming algorithm
e Finds the value functions of the given policy

&

Policy Iteration (PI)
e An iterative policy improvement algorithm (&,r P O)
e Each iteration involves a policy evaluation subtask

VI for PO and PI can be viewed as special cases of Generalized Pl



Performance Difference Lemma



Unanswered Questions

e For an estimation Q(s,a) =~ Q*(s, a) with error, how can we bound

V*(p) — V™ (p) where #(s) = argmax Q(s, a)?

a

e How to show that Policy Iteration leads to monotonic policy improvement?

e Also, how are these methods related to the third challenge of online RL.:
credit assignment?



zo!,(s 2 (4(5) Q) = chz(m@m)

Performance Difference Lemma X ) 2ol Q)= io’\ob V)

= S
For any two stationary policies ' ahd m in the discounted setting, ; OPI"CS’Q) \/()

Egep |[VE (8)| = EsupVE(S)] 2 ) dF (s) (' (als) - (als)) Q" (s, @)

dr (s,a) (Q™(s,a) — V™(s))

s,a

4y

0.0)
dg(S) = E” z 1H{Sh =5s} | s1~p Discounted occupancy measure
h=1

az(s,a) = B | ) y" (s an) = (@)} | s~ p| =




Performance Difference Lemma

We can also swap the roles of 7’ and m and apply the same lemma

Esp [V ()] = Esop [V7'(5)] = Zd%) (n(als) - 7' (al$))Q™ (s, )
X (—1)
= Eoep [V7(9)] = Eep V()] = ) dZ(s) (' (als) - m(als))Q™ (s, )

Original version:

Esp [V7'(5)] = Beep V()] = ) dF () (' (als) — m(al$))Q" (5, @)



Performance Difference Lemma (Fixed-Horizon)

For any two Markov policies " and m in the fixed-horizon setting,

By, -p [V (50)] = By p VI (51)] = sz 1) (mh(als) — my(al)) QF (s, @)

1sa

Z D dz(5,@) (QF (5, @) — Vi (s))

=1 s,a

di(s) = E"[Ifsy = s} | 51~ p] = P™(sn = s | 51 ~ p)

-_———

g,h(s» Cl) = [En[]l{(sh' ah) — (S' a)} | S1 ™~ ,0] — Pn((ShJ ah) — (S! Cl) | S1 ™~ ,0)




The Meaning of Performance Difference Lemma
IJC Z (hts ¢ (ot of Pmb..ta,'/.ag Z[a{j)

It tells us how credit are assigned to each state/step |
on AN 0&6/7‘"" WIM /“7&

The sub-op‘tlnlgllty of a policy : V-J(“;) ) 5972«)
Vv
Es~p [V*(S)] — ]Es~p [VH(S)] = Z dg(S) (n*(als) — T[(CllS))Qn*(S, Cl)
_— .
S,a

If r is highly sub-optimal, then we can always
find =

= ZX |\ ~—
1) An (s, a)-pair on the path of = such that N >0
V*(s) — Q*(s,a) is positive and large .
— T * _ T
2) An (s, a)-pair on the path of =* such that B Z dP (s) (T[ (als) n(als))Q (s,a)

Q™(s,a) — V™(s) is positive and large

S,a /
14
} Q”(S'a)—V”(SD \/




A game tree for the ‘X’ player, where

the ‘O’ player always plays in the
first available cell (from left to right,

top to bottom).

V*(s) =? 0Q*(s,a) =?

X|0|X
OX|
| |
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o|x|o
| |

Y6 NS
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00| 00|
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-1 -1 -1 +ll -1

X|0|X

0|0|X

o] X|X
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-1

X|0|X
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A game tree for the "X’ player, where XIolx Let 7 be a policy of the ‘X’ player

the ‘O’ player always plays in the It that always plays the last available
first available cell (from left to right, cell.
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Proof (Sketc}{iof Performance Difference Lemma
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Unanswered Question 1

Suboptimality < (1 —y)~! Value Error
Let f: § XA — R be any function

If
If(s,a) —Q*(s,a)| <€ Vs,a

then

2€
V*(s) =V (s) < T—> Vs

— 1=V

where m¢(s) = argmax f (s, a)
a
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Unanswered Question 2 7;(5) = ag=x Q7 (52)

Policy Iteration ensures Q" 62) = R(5%) +72, Ps'[sa]
R =) =
Vs,a,  QTi(s,a) = Q”i‘l(s, a)

When converged (i.e., m; = m;_;), we have m; = *.

§p
. -t L=l
- cp;'(s)( o Q7 68) - 5 21 (0 Q' (9
5 pas a

—

i [\/z:(")) — 55 [VK;%S)} = :Z; d;l () ( A [ afs) = T (r«(s)) QKH (5.4)
|
1

> >
\/5 , \/ ‘(5) 2 [/2' ($) /O 20,

2,
L'% L=tii= 72 2 CQ Sl ofies Dol o Oﬁmw‘(y 62 N ﬂe fwm“"”(@ > 6)

lralte erm <] y Bellwe erv



T = Ti—1

= m;(s) = argmax Q™ (s, a)

a
= Q"(s,a) = R(s,a) +7 Y P(s']s,a)mi(a'|s) QT (', ') = R(s,a) +7 3 P(s'|s,a) max Q" (s', a’)
al
s’.a’ s’
= ()™ satisfies the Bellman optimality equation
= BellmanError(Q™) = 0

1
= Q" (s,a) = Q" (s, a) by the “ValueError < 1~ BellmanError” lemma on Page 38
-

= m;(s) = argmax Q™ (s,a) = 7*(s).



Recap: MDP

Definitions of Q" (s,a),V™(s),Q*(s,a),V*(s)

Bellman equations (related to dynamic programming)

Value lteration to approximate Q™ (s,a)/V™(s) or Q*(s,a)/V*(s)
Policy lteration to find * --- involving Q™ (s, a)/V™(s) approximation
Unified by Generalized Policy Iteration

Performance difference lemma to decompose E;.., [V”' (s)] — Egp[VT(s)]

e Credit assignment
o =Y,qd5(s,a) (V7 (s)— Q7 (s,@) (helpfulin analyzing VI by letting =’ = )
® =), dg'(s, a) (Q™"(s,a) —V™(s)) (helpful in analyzing PI by letting n" = m;,)



Next

e Our discussion indicates there are two potential ways to find optimal policy

e Value-lteration-based: approximate Q(s,a) =~ Q*(s,a) and let #(s) = argmax Q(s, a)
a

e Policy-lteration-based: approximate Q(s,a) =~ Q™(s,a) and let #(s) = argmax Q(s, a)
a

e ... or something in between (based on generalized policy iteration)

e RL algorithms we will discuss:
e Performing approximate VI or Pl using samples



	Slide 1: Markov Decision Processes
	Slide 2: Sequence of Actions
	Slide 3: Sequence of Actions
	Slide 4: Interaction Protocol (Episodic Setting)
	Slide 5: From Observations to States
	Slide 6: Regret (Episodic Setting)
	Slide 7: Example: Racing
	Slide 8: Example: Racing
	Slide 9: Formulations
	Slide 10: Interaction Protocols (1/3):  Fixed-Horizon
	Slide 11: Interaction Protocols (2/3):  Goal-Oriented
	Slide 12: Interaction Protocols (3/3):  Infinite-Horizon
	Slide 13: Formulations
	Slide 14: Performance Metric
	Slide 15: Interaction Protocols vs. Performance Metrics
	Slide 16: Formulations
	Slide 17: Policy for MDPs
	Slide 18
	Slide 19: Value Iteration (Fixed-Horizon)
	Slide 20: Two Tasks
	Slide 21: Value Iteration for Policy Evaluation
	Slide 22: Bellman Equation
	Slide 23: Value Iteration for Policy Optimization
	Slide 24: Exercise
	Slide 25: Bellman Optimality Equation
	Slide 26: Recall:  Regret 
	Slide 27: Value Iteration (Discounted Variable-Horizon)
	Slide 28: Value Iteration for Policy Evaluation
	Slide 29
	Slide 30: Bellman Equation
	Slide 31: Convergence
	Slide 32: Convergence
	Slide 33: Convergence (A More General Statement of 2.)
	Slide 34
	Slide 35: Value Iteration for Policy Optimization
	Slide 36: Bellman Optimality Equation
	Slide 37: Convergence
	Slide 38: Convergence (A More General Statement of 2.)
	Slide 39: Convergence (A More General Statement of 3.)
	Slide 40
	Slide 41: Summary (Fixed Horizon)
	Slide 42: Summary (Discounted Variable Horizon)
	Slide 43: Policy Iteration
	Slide 44: Policy Iteration
	Slide 45: Generalized Policy Iteration
	Slide 46: Summary
	Slide 47: Performance Difference Lemma
	Slide 48: Unanswered Questions
	Slide 49: Performance Difference Lemma
	Slide 50: Performance Difference Lemma
	Slide 51: Performance Difference Lemma (Fixed-Horizon)
	Slide 52: The Meaning of Performance Difference Lemma
	Slide 53
	Slide 54
	Slide 55: Proof (Sketch) of Performance Difference Lemma
	Slide 56
	Slide 57
	Slide 58: Unanswered Question 1
	Slide 59
	Slide 60: Unanswered Question 2
	Slide 61
	Slide 62: Recap: MDP
	Slide 63: Next

