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Markov Process (MP) & Markov Property

« Markov Process: Set of random variables(states) that have Markov
Property

« Markov Property: Future states only depend on the current state.
« Example:

If today was rainy, tomorrow Is sunny

« In this statement, Only current state(today) is considered for predicting the
future.

A better statement would be: if today was sunny, with the probability of 0.8
tomorrow Is sunny and with probability of 0.2 is rainy. And:

« If today was rainy, with the probability of 0.9 tomorrow is rainy and with
probability of 0.1 is sunny.



Transition Probability

* The mentioned chances in the previous examples are called transition
probability.

* A better definition for MP: A set of states the have Markov property
and with a transition probability they transform to each other
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Markov Reward Process (MRP)

 In MP we are only monitoring, and we have no effect on the world.

* If we set a reward for moving from a state to another state (still
monitoring, we don’t make the move), now this 1s called MRP.



Markov Decision Process(MDP)

 Now If we make the decisions to make the actions in each state,
It 1S called MDP.

 From a state, we take an action, move to a next state and receive a
reward.

* recelving reward could happen after taking the action, or after taking
action and moving to a certain next state.



Graphical Models

 Graphical Model is a visualization tool to represent the probabilistic
relation between random variables.

* ASSUmMe X4, X5, X3
* P(x1,%3,x3) = P(x1]x2, x3)P(x3|x3)P(x3)



How to Draw Its Graphical Model?

P(x1,x3,x3) = P(x1]|x3,x3)P(x3,x3) = P(x1]x2, x3)P(x2|x3)P(x3)

* First draw the random variables as nodes nodes:




How to Draw Its Graphical Model?

P(x1,x3,x3) = P(x1]|x3,x3)P(x3,x3) = P(x1]x2, x3)P(x2|x3)P(x3)

* P(xq|x,, x3) since x,is conditioned on X, and x5, we draw two edges from x5 and x,to x;.




How to Draw Its Graphical Model?

P(x1,%3,x3) = P(x1]|x3,x3)P(x3,x3) = P(x1]x2, x3)P(x2|x3)P(x3)

* P(x,|x3),since x,is conditioned on x5, we draw two edges from x5 and X,.




What If x,is independent of x,given x3?

Then we have;




Visualizing MDPs using Graphical Models

* P(sg, g, S1,a1,S2) = P(sz| sp,aq,51,a1)P(a1|So, ag, $1)P(s1l50, ag) X
P(aglso)P(so)

Due to Markovian Property: Next State only depends on current state, \We have:

P(s3| so, ag,S1,a1) = P(sz| s1,a4)

Taking an action only depends on current state not the past states, We have:

P(a1|50, ao,S1) = P(a1| 51)



Visualizing MDPs using Graphical Models

e Thus we have:
P(sg, ag,S1,a1,52) = P(s3| s1,a1)P(ayls1)P(s1ls0, ag) P(ag|so)P(so)

Rearranging and using m(als) instead of P(a|s) : P(sg) m(ag|sy) P(s1|sq, ap) P(s,| s1,aq)
Assuming that the P(sg) is fixed:




State VValue Functions

Vi(s) = E [R(7)]so = s]
T~T

Example: In State A, With the probability of 0.8 we go right and 0.2 we go down

For the first trajectory we have:

VA)=R(t)=1+1+1+1=4
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State VValue Functions

V7(s) = E [R(1)|sy = s]
T~TT

For the Second trajectory we have:

V() =R(ty) =-1+1+1+1=2
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State VValue Functions

Calculating the V(A) according to the given Trajectories:
VT (A) = E [R(7)|s, = A]
T~T

= ) R@)m(aild)

= R(ty)m(down|A) + R(7,)m(right|A4)
= 4(0.8) + 2(0.2)
= 3.6



Optimal State Value Functions

(D The optimal stote- (a) ... s the stote-value
value function ... — Us(8) = MAax vy (8),Vs € §  Sunction with the highest
T % volue across all ﬂdiﬂﬂ&




Summary

SHow MEe THE MATH

The state-value function V

() The value oY a state s... (3).. rs’cheeaq:aecm’mnwn ..

— 9. ..q lect
ey [Gdst _ 3 ms‘:&;ﬂ:;:f

(a,)...undﬂrpohcﬂn... T

| Lo
@) ... of returns at time step +.
(o) remember that returns are the sum of discounted ra.mrds. =1

’UW( ) E [RH_] +’}“Rt+2 S RH.;} S |S¢ = S]

(1) And we can define them (3) W[RH-I + ’}'Gt—{—l |St — S]

recursively like so. |_l_’ U




State-Action value function

= SHow ME THE MATH

The action-value function Q

@ The value of action ain (3:’_- .- is.the expectation of fetu_rnsj gjiven we select
state s under policy ... action ain state s and Follow policy 7t thereafter. —
T B _ -
» gr(s,a) = E[Gi|S; = s, At = a] +

(@) we can define this equation recursively like so:

L—— g:(s,a) = Ex[R; + ¥Gi41|St = 5, Ay = d

(3) Likewise, the optimal action— . g : Y
value function is the action-value q*(s,a) _ rn?x qﬂ'(br CL),\V/.S € S> VCI, &= A(S)
function with the highest values. | 3




Bellman equations- Value Function

V(s) =R(s,a,s") +yV(s")

S 0 | S 1 % #U > S 4
To 51 T2 "3

V(SZ) — R(SZI az,S3 ) + )/V(SB)




Bellman equations- Value Function

* What if the Environment i1s Stochastic?

VT(s) = z P(s'|s,a)[R(s,a,s") +y *V™(s")]



How to Calculate values If we have this?




Then we have

V(s1) = 0.7[R(sy,a4,5 ) + v *V(s3)] + 0.3[R(sy,a4,83) + ¥ * V(s3)]

V(s1) = P(szls1,a1)[R(s1,a4,5, ) + ¥ *V(s3)] + P(s3lsy, a;)[R(sy,a4,55) + ¥ * V(s3)]



What if the policy Is stochastic?

 Write the bellman equation for this MDP




Take another Expectation!

V7(s) = z m(als) Z P(s'|s,a)|R(s,a,s") + yV™(s")]



Summary

SHow MEe THE MATH
The state-value function V

(D The value of a.stote s. . . -s&vaexper:l-n':mwn
iven uow select

r—.. S sl
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(Dan defi
rif}gi“;;'if:‘m nﬂl—’ vr(8) = Ex[Re41 + YG141| St = ]

E{E) This equation is called the Bellman equation, and it tells us how to find the value of states.

ve(s) =Y mw(als)y p(s',r|s,a)[r +yv.(s')],Vs € S
2 mlale) 2 ple e o)l

(@) we get the action (10) we also weight (D we add the reward I

{or actions, it the the sum over the and the discounted value It
policy is stochastic) probability of next of the landing state, For all states
preseribed Yor stoate s | states and rewards. then u.]quht Hhat bﬂ the in the state
and do o weighted probability of that pase
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Bellman Equations Q-Functions

Q(s,a) = R(s,a,5") +y *Q(s’,a")

Q(Sz; aZ) = R(Szr az,S3 ) + Yy * Q(SS,a3)



What if We have Stochastic Environment

Q7(s,0) = ) P(s'ls, W[R(s,a,5) +yQ"(s', @)



Stochastic Policy?

Q"(s,a) = ZN(HIS) ) +yQ7(s', a)]



But We need Another Expectation

 Two Points

* When We choose the action, Since the action is fix, The Expectation is not
needed. (we don’t take Expectation w.r.t a)

* But the a’ 1s Stochastic So we have to take Expectation



Q function for Stochastic Environment and
Policy

Q™(s;a) = z P(s'|s,a) [R(s, a,s') + yz m(a'ls")Q™(s’, a’)]
g a’

Q"(s,a) = Eg.p[R(s,a,5") + YE,.,Q"(s",a")]



summary

= SHow ME THE MATH

The Bellman optimality equations

@ The optimal state- (3. ..is the state—value
value function . .. — Ux(§) = Max vy (s),Vs € §  Sunction with the highest
® ™ 4 } value across all policies.
Likewise, the optimal action-
velue Punction is the actionvalue @ (8; @) = max gr(8,a),Vs € S,Va € A(s)
function with the highest values. | iy
) The optimal state-value function Uy () = max Zp(s", rls,a)[r 4+ yv.(s')]
can be obtained this way. | = s or
(5) we take the max action ... |—|f).t-o¥ﬂﬁm5mdﬂun#&mrmrdand
Q) similarly, the diseounted optimal value of the next state.
imal action-value _ / fFo_r
stk g.(s,0) = Y p(s',7ls, @) [r + ymaxq. (s, )]
obtained this way. ._1‘ s'r

(8) Notice how the max is now on the inside.




Policy lteration

evaluation
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Policy Iteration Pseudocode

. Initialize a policy m (for example, pick actions at random).

. Policy Evaluation: Given the current policy 7, compute the value function V™. In a tabular setting,

this means either

* solving the linear system for V™, or

¢ iterating the Bellman equation for the current policy until convergence:

Voi(s) « 3 P(s' | 8,m(s)) [R(s,mi(s), &) + 1 V()]

. Policy Improvement: Use the newly computed V™ to get

Q™ (s,0) = Y P(s' | 5,0)[R(s,a,8) + 7y V™(s)],

and then update the policy:
mee1(8) = argmax Q™(s,a).
¥

. Repeat until the policy no longer changes (i.e., mp 1 = k).




SWF Environment

0 1 2|+ 4 5 6
H 1S *:f'
o> +1

‘ — (3) SO% action is success.
(3) 23.33%, sto.ﬁs in place.

1 (&) 1o.olo% goes backward,




Example

* Given the following policy, Calculate State 3 value.

* Which State Will get updated first?



Policy Evaluation

p(s'=6|s=>5,a=Left) *[R(5, Left, 6) + v

=

ﬂ'{s): ols'=4|s=5,a=Left) * [R(5, Left, 4) + u:{a,} ] +
pls'=5 | s =05, a=Left) *[R(5, Left, 5) +u§[5]l ] +
T

(6) ]

v?{E}: 0.50 *(0+0) + 0.33*(0+0) + 0.166*(1+0) = 0.166 +— (4) Yep, this is the

volue of stoate S after
| reration of Pahcﬂ
evoluation (v "I('S-)).




Policy Evaluation

V(4)=P(s'=3,a=L)[r+VQ@B)]+P(s'=4a=L)[r+V(HA)]+
P(s'=5a=L)[r +V(5)]

V(4) = 0.5[r + 0] + 0.3333[0 + 0] + 0.1666[0 + 0] = 0.0

Note: the values will get updated after a full iteration over the Environment so the
value of the other states remains Zero.



Convergence After 104 iterations!

k V(o) V(1) Vr(2) V7(3) V(4) Ve(s) Vr(6)
0 0 0 0 0 0 0 0
0 0 0 0 0 0.1667 1]
2 0 0 0 0 0.0278 0.2222 0
3 0 0 0 0.0045 0.04563 0.2546 0
4 0 0 0.0008 0.00932 0.0602 0.2747 0
5 1] 0.0001 0.0018 0.0135 0.0705 0.2883 0
6 ) 0.0003 0.0029 omn 0.0783 0.2980 0
7 0 0.0008 0.0040 0.0202 0.0843 0.3052 0
8 0 0.0009 0.0050 0.0228 0.08%1 0.3106 0
9 0 0.0011 0.0059 0.0249 0.0929 0.3147 0
10 0 0.0014 0.0067 0.0267 0.0959 0318 0
104 0 0.0027 0.om 0.0357 0.1099 0.3324 0




Another Example

 Given The following policy, Which State Gets updated First?

START

— | — |1

0 1 2 3

— —

4 5 G 7

8 T ) l 1{]T 11
e l GOAL

12 13 14 15




Policy Evaluation

After Convergence

L [] L]

myn
OO
.

|:| 0.04 001| 006 | 001 START l T
D p33| G |:| 011 | 044 | G D 018 | 0s2| G D 024 056 | G 00955 | 0.0471 | 00470 | 0.0456
k=1 k=2 k=3 k=4 :
(D values start propagating with every iteration. | D rao Dm:a

Td]1

ooz [ [ ]| oot [[]|] a0z |[]][ 001 0.2028 | 0.2647 | 0.1038

|:| |:| 0.01 |:| 0.01

L
O

mjn

+ — l GOAL

002 | 00a | 002 | []| | oos| om [ 003 005 | 013 [ 004 | [] || 008 | 014 | 0os

[]|o2|oe0| G []|oz2|oes| G []J|oss|oes| 6 [|[]|oe|oes| G 0.4957 | 0.7417

k=5 k=6 k=7 k=8
(3) The volues continue +o prc-pagnis and become more and more acCurate. |




Policy Improvement

* Take the action that makes the Q(s,a) the maximum:

1, if a =argmax,Q(s,a)
0, otherwise;

w(s,a) = {



How to Calculate Q? We only have Values!

Write the Q in terms of V ‘ Q(s,a) = z o' [Rggr + YV (s')]

START | |
0.39
0.41 0.40 |0-260.24 | 0.280.27 | 0.230.23

TTTTT - 0.40 0.25 0.28 0.23 —
Ll B o o 1]
« |+ 0.29 014 « | [l <[]
0.29 0.2
Ul Rd A= i T4+ |0
I:l -+ - [ Ry 0.48 0.39
0.39 087 D - ¢ €
0.350.5% | 0.57 0.71 | GOAL
03 | o




How to Calculate Q? We only have Values!

Write the Q in terms of V ‘ Q(s,a) = z o' [Rggr + YV (s')]

1st iteration

START
H 0.0 0000 0000 00000 QD07 055 G
0 1 2 3 4 3 B

2nd iteration

START Q{S’d] START

H|l4—]| —| ¢&—| &—| —| G —_— H |00 oojoo oojoo oofoo ooffoss oss) (G
D 1 2 3 4 5 E 0 1 2 3 4 5 B

104th iteration

START
H 0.0 00j00 00)001 001003 0.040.24 063 G

0 1 2 3 4 . &




Policy Iteration in a Nutshell

+ t
T — |..4' — |.."' !f 1,.rJ : ‘an m— — i,.rJ
2 —» 3 —_— 3 =
T —_— T —_— 2 — ! ! T
0 P n L n



Value lteration

« SWF environment

0 1 2|+ 3 4 5 6
H S *_i, G+1

‘ — (3D SO% oction is sucCess.
(2) 33.334, s&aﬁs n place.

1 (4D 1o.blo% goes backward.




Original Method-Mentioned In the class

Algorithm:
Start with V(s) =0 foralls.
Fork=1, ..., H:

For all statessin S:

Vi (s) ¢ max ) P(s'|s,a) (R(s, a,8") +7Vi_y(s))

mi(s) ¢ argmax ) | P(s'|s,a) (R(s,a,5") +7Vi_1(s"))

This is called a value update or Bellman update/back-up



For SWF Environment

* Initial V(s) =0

 First iteration

* V' (s) «max ) P..(r+ yV(s) 1)
a

—

Pse" (7 +Vo(6)) + Psy" (7 +Vo(4)) + Pss" (7 + Vo(5)) =

0.5(1+0)+0.1666(0+ 0) + 0.3333(0+0) = 0.5 .
) V:'(5) = max(0.5,0.17)

Ps' (7 + Vo(6)) + Psa" (74 Vo(4)) + Pss" (7 +Vo(5)) = 6o
0.1666(1+0)+ 0.5(0+ 0)+ 0.3333(0+ 0) = 0.1666 Vi"(5) = 0.
= 0.17




For SWF Environment

T*(s) « argmaxaz Posr(r+yV(s)"_1) _ n;(5) = Right
S7

PisR(r +Vo(5)) + PR (1 + V(@) + P (7 + V4(3)) =

0.5(0+4+0)+0.3333(0+0)+0.1666(0+0) = 0 From this point we

observe no change
P45L(T. n VO(S)) n P44L(r n Vo(4)) n P43L(r + Vo(3)) _ till the next iteration

. 0.1666(0+0)+0.3333(0+0)+0.3333(0+0)=0



Second Iteration

P56R(T' + V1(6)) + P54R(T' + V1(4‘)) + PSSR(T + Vl(S)) =
0.5(14+0)+0.1666(0+ 0) + 0.3333( 0+ 0.5) = 0.6666

P56L( r+ V1(6)) + P54L( r+ V1(4‘)) + PSSL( r+ Vl(s)) =

0.1666( 1+ 0) + 0.5 (0 + 0) + 0.3333( 0 + 0.5) = 0.33325
~ 0.3333

P (m+V1(5)) + PR (r + V1(8) + P (r + 1V1(3)) =

0.5( 0 + 0.5) + 0.3333(0 + 0) + 0.1666( 0 + 0) = 0.25

Pus"(r + V1(5)) + Py " (r + V1(4)) + Ps™(r + 11 (3)) =

0.1666( 0+ 0.5) + 0.3333 (0+0) + 0.3333( 0+ 0) = 0.08333

V,*(5) = max(0.6666,0.3333)
V,*(5) = 0.6666

m5(5) = Right

V,*(4) = max(0.25,0.08333)
V,*(4) = 0.25

m,(4) = Right



A little bit different In terms of notation

* Initial Vy(s) =0 —
o - HO 1 2“83 *%%5 Gj
For an initial policy: e
START (3) 23,334, stays in place.
H " ‘ ‘ ‘ ‘ G 1 (&) 1b.6lo% goes backward,
0 1 2 3 4 4] ]

Q;(s=5a=R) = P56R(r + VO(6)) + P54R(r + V0(4)) + P55R(r + VO(S)) =

0.5(1+4+0)+0.1666(0+ 0) +0.3333(0+0) = 0.5

Q:(s =5a=1L)=Pss"(r+Vy(6)) + Ps," (7 + V5 (4)) + Pss" (1 + Vo(5)) =

0.1666(1+0)+05(0+0)+0.3333(0+0) = 0.1666 = 0.17



Second lteration

 Updating the Policy based on Q values

\
. - . 0 1| 2l¥ 3] L4 ) 5] .6
* Recalculating V using new Policy : ol Bat? 1
e
START — 1 (&) ool goes backward,
H — | +—| 4 + + G
0 1 2 3 4 s )

V1.(5) =P(s"=6,a=R)[r+Vy(6)]+ P(s' =5,a=R)[r+V,(5)] +
P(s'=4,a=R)[r+V(4)]

V,(5) = 0.5[1 + 0] + 0.3333[0 + 0] + 0.1666[0 + 0] = 0.5

Vi.(4) =P(s'"=5,a=L)[r+V,5)]+P(s'"=4,a=L)[r+V,(4)] +
P(s'=3,a=L)[r+V,(3)]

V1(4) = 0.5[0 + 0] + 0.3333[0 + 0] + 0.1666[0 + 0] = 0.0



Second lteration

« Updating Q Values Based on new V

7 N
0 1 2 3 4 5 6
H 1S *jz' G
-~ 4 +1
START Lt (a0 so# action s success.
H 4+— — E 4+ 4 G — (3) 33.33% stays in place.
] 1 2 ! i _! & 1 (#) lo.6% goes backuward,

Q,(s =5,a=R) = Pss"(r +V1(6)) + Pss“(r + V1(5)) + Ps,X(r + V1(4)) =

0.5(1+ 0) + 0.3333(0 + 0.5) + 0.1666( 0 + 0) = 0.6665 = 0.67

Q,(s =5,a=1L) =Psg"(r+V1(6)) + Ps,* (7 + V1 (4) + Pss"(r + V4(5)) =

0.1666( 1+ 0) + 0.5 (0 + 0) + 0.3333( 0 + 0.5) = 0.3332 = 0.33



Second lteration

« Updating Q Values Based on new V

\

4 35 6
H 18| w527 @

+1

I—| (3D SO% action is sucCess.
— (2) 33.33% stoys in place.

STAERT —— 1 (4) 1ol goes backward,

H | +— | +«— | +« + + G
21 3N 9000 4 @y B

Q2(s =4,a=R) = P (r+ V1 (5)) + P (r + V1 (8)) + P (r + 1(3)) =

0.5(0 + 0.5) + 0.3333(0 + 0) + 0.1666( 0 + 0) = 0.25

Q:(s =4,a=1L)=Pys"(r+ V1 (5) + P (r + V1 (4) + Pus*(r + V1(3)) =

0.1666( 0+ 0.5) + 0.3333 (0+ 0) + 0.3333(0+ 0) = 0.0833 = 0.08



« Key note: In value iteration there is no need to reach the optimal Value
to update the policy.

* You can update the policy with each iteration.

2nd iteration 4th iteration
START START START
H ¢ | ||| |G H |00 oofoo oofoo oofoss0zs)0%3 067) G H oo aolose oosfort 025f033 054fosa 02| (3
1st iteration 4
START START 122nd iteration
H |00 00]oo 00foo oofoo oofor7 05| @ H| l—|—|—|—|—]| G p—
H|— =2 |— ||
037 067)079 089[0.93 0.960.98 0.99]099 100

START
H 00 00|00 0.0]004 013]0.20 0.42]0.51 0.76 G

START




Sampling and Bootstrapping Methods

* Monte Carlo (MC)

1. First visit
2. Every visit

« Temporal Difference Learning (TD Learning)

1. SARSA
2. Q Learning



Monte Carlo (MC)

Start

5 1 §=2 s§=73 5 =4 §=05

5=6 s=7 s=28 5=9 5 =10

s=11 s=12 s5=13 s5=14

5=15 s=16 5 =17 5=18
E=—10 g =410

g 19 g 20 22 g 23

g 6?1 5




Bootstrapping

* Bootstrapping doesn’t wait till the end of the episodes to update the
values.

* It calculates the new immediately after receiving the reward.

* Which one of the DP and MC Does bootstrap?



Bootstrapping

Monte-Carlo
V(S:) < V(S:) + (G — V(Sy)

Tl O O Ol © O O [l O KA |5l ¥ O

OOEEQQQOEEZOI

(J
¢

Temporal-Difference
V(S:) < V(5) + @ (Res1 +7V(Ses1) — V(SY))

A}

0

B O 0O OB O O O BEO O @ | O

QOEQOERARECREC N ®

' ’
rl \ 1 ’ A\ | /

.
.

Dynamic Programming
V(S:) ¢ Ex [Res1 +YV(Ses1)]

7] O

QOEQOEREC QEQ M

| |
/ S ’ \ \ ’ \

L4 sr+l

OM O O OO O FME O



TD Methods

* Value update formula:

TD Error

Vi (sy) = VOld(Sk) +a(ry + ’YVOld(SkH) - VOM(SA:))
B OO0 OO OOCMO OMEME S s

TD Target Estimate
o'ﬂonouuﬂ ;Al




TD Methods

* The Same goes for Q functions

Q(Si Ar)  Q(Si A) + | Ry +1Q(Ses1, Arsa) = Q(Si, A1)



Epsilon Greedy Policy

1 — ¢+

€
if a= A"
sy < 4GOI

ifa # A"

TAG)



SARSA

Sarsa (on-policy TD control) for estimating @) = q.

Algorithm parameters: step size a € (0, 1], small £ > 0
Initialize Q(s,a), for all s € 8T, a € A(s), arbitrarily except that Q(terminal,-) =0

Loop for each episode:
Initialize S
Choose A from S using policy derived from @ (e.g., e-greedy)
Loop for each step of episode:
Take action A, observe R, S’
Choose A" from S’ using policy derived from @ (e.g., e-greedy)
Q(S,4) — Q(S, A) + a[R+1Q(S", A') — Q(S, A)]
S« 8: A« A;

until S is terminal




Q Learning

Q-learning (off-policy TD control) for estimating 7 =~ 7,

Algorithm parameters: step size a € (0, 1], small £ > 0
Initialize Q(s,a), for all s € 87, a € A(s), arbitrarily except that Q(terminal,-) =0

Loop for each episode:
Initialize S
Loop for each step of episode:
Choose A from S using policy derived from @ (e.g., e-greedy)
Take action A, observe R, S’
Q(S,A) « Q(S,A) + a [R + ymax, Q(S5,a) — Q(S, A)]
S« 8

until S is terminal




Q Learning Example

« +0: Going to a state with no cheese in it.

» +1: Going to a state with a small cheese in it.

« +10: Going to the state with the big pile of cheese.

» -10: Going to the state with the poison and thus dying.
« +0: If we take more than five steps.




Step 1

Initialize Q arbitrarily (e.g., Q(s.a) =0 for all s € § and a € A(s). and Q(terminal-state,-) = 0)

0 0 0 0
0 0 0 0
0 0 0 0
0 0 0 0
]
o 0 0 o



Step 2: Choose an action using the Epsilon Greedy Strategy

» Because epsilon is big (= 1.0), | take a random action. In this case, I go right.

Choose action A; using policy derived from @ (e.g., e-greedy)

+1 0 0 0
— o &olo "~ 00 0



Step 3: Perform action Ay, get Ry;1 and S¢, 4

POISON



Step 4: Update Q(S¢, Ay)

Q(St, At) . Q(St, At) . 3 (.Y(RH_l -1- Y 1mMax, Q(SL+1, (L) = Q(St, At))

Q(initial state, Right) =0+ 0.1*( 1+ 0.99*0-0) =0.1

L] ]

KN - -
0 0

1]
0 0
0 0
0 0
0 0
0 0



Time step 2- Step 2:Choose an action using the Epsilon Greedy
Strategy

« | take a random action again, since epsilon=0.99 is big. (Notice we decay epsilon a little bit because, as the
training progress, we want less and less exploration).

* [ took the action ‘down’. This is not a good action since it leads me to the poison.

OO OOOOOO
0.1
'L 0 O\ 0
0
. 0 X0



Step 3: Perform action Ay, get Ri41 and Si44

* Because I ate poison,I getR;,; = —10,and I die.

-

'0ISON 1 O




Step 4: Update Q(S¢, Ay)

‘Q(Sb Ap) — Q(St, Ar) + a(Ri41 + ymaxg Q(Si+1,a) — Q(S¢, Ar))

Q(State 2, Down) =0+0.1*(-10+0.99*0-0) =-1

0.1 0

0
0 0
a 0

0

=
o

]
0
0
.
0
-

0

Q 1) o 0



N Step TD

* Instead of only using the reward of a single state-action, you can take multiple actions

* To do that you need to calculate the N step Returns

1-step TD co-step TD
and TD{0D) 2-step TD 3-step TD n-step TD and Monte Carlo

T 7 T T
tod !
T T
! !
!

O+—0—O+—0+——0—0

!
T

!

T
N
1

!
]



N Step Returns

m Consider the following n-step returns for n = 1, 2, oo:
n=1 (TD) G = Res1+7V(Ses1)
n=2 Gt(z) = Ri+1 + YRey2 + ’}’2 V(St+2)
n=oo (MC) G = Rys1 +~Reso+ ...+ 1Rt
m Define the n-step return
Gén) = Res1 + YRes2 + oo + V" ' Resn + " V(Stn)

m n-step temporal-difference learning

V(S,) + V(S;) + (G,f”) — V(St))



N Step SARSA

n-step Sarsa for estimating () =~ ¢, or g-

Initialize Q(s,a) arbitrarily, for all s € §,a € A

Initialize m to be e-greedy with respect to @@, or to a fixed given policy

Algorithm parameters: step size a € (0, 1], small € > 0, a positive integer n

All store and access operations (for S;, A, and R;) can take their index mod n + 1

Loop for each episode:
Initialize and store Sy # terminal
Select and store an action Ay ~ m(+|Sg)
T+ o0
Loop for t =0,1,2,...:
| Ift < T, then:
| Take action A,
| Observe and store the next reward as R;., and the next state as S; 4,
| If S;y1 is terminal, then:
| T+t+1
| else:
| Select and store an action A;y; ~ 7(-|Sii1)
| 7+ t—n+1 (7 is the time whose estimate is being updated)
| Ifr>0:
|
|
|
|

G Z;rlzi:(J:rfmT} ,]’_i—T—lRi
fr+n<T, then G+ G+4"Q(Sr4n,Artn) (IESSEE,)
Q(Sr. Ar) © Q(Sr. A7) + |G — Q(S,. Ay)]

If 7 is being learned, then ensure that 7(:|S;) is e-greedy wrt Q

Until 7 =T -1
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