RLIOFORCEMENT (LARNDING

|
~ Types of Learning

~ Supervised learning Unsupervised learning

~ + Given: training data + desired outputs + Given: training data (without labels)

| (labels)

B N D IQ- <>&

~ Semi-supervised learning Reinforcement learning il -

~+ Given: training data + some labels * Given: observations and occasional o @eouse

| rewards as the agent performs . do
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- How Reinforcement Learning is Different aciens

T PV

~ The aim of RL is to make sequential decisions in an environment: NI W) O

~ = Driving a car * Controlling a power plant Ruwsprd

= Cooking * Treating a trauma patient /N~

~* Playing a videogame * Displaying online ads to a user ad:‘i ‘WD! ac’,:

How to learn to do these things?

+ RL assumes only occasional feedback, such as a tasty meal, or a car crash, or

points in a video game.

« RLaims to use this feedback to learn through trial and error, as cleverly as

i possible. — Lo vwniwvle The - of Mials

Reinforcement Learning action a, Ada Sast Rollesy

- Main idea:

- Agent receives observations (state

s, € S) and feedback (reward r,)

from the world

« Agent takes actiona, € A

.+ Agentreceives updated state s,,,

. and reward r,,,

Often, agent observes features,

~* Agent’s goal is to maximize expected rewards it ri i i i

Goal of RL is to learn a n(s): S = A for acting in the environment




How Reinforcement Learning is Different

Characteristics of RL Problems:

* No supervision, only (occasional) rewards as feedback — /:"'d“(’""‘d"”‘t 2
* Sequential decision making = Data is generated as sequences (noti.i.d) _dondicels
* Training data is generated by the learner’s own behavior AT A paIley -

When do we not need to worry about sequential decision
making?

When your system is making a single isolated decision that does not affect
future decision, e.g. classification, regression

Rotyolics , FAuLdNerm oua Driu-f\nﬂ..’wo

MARKOV DECISION PROCESS

Grid World T Terwaval
a | 7 .-7 Lste -

* Agent operates in a grid with solid and open cells

* Each timestep, the agent receives a small negative , |8

“living” reward — M Alw comfhﬂs» “dack a.oo%
* There are two bigger magnitude rewards at terminal states
that end an episode

* The agent can move North, East, South, West 1 2 3 4
= The agent remains where it is if it tries to move into a solid cell
or outside the world 0.8
= The chosen action succeeds 80% of the time (for an open cell)
= 10% of the time, the agent ends up 90° off 0.1+ - 0.1
= Another 10% of the time, the agent ends up -90° off

= For example, an agent surrounded by open cells and moving North will
end up in the northern cell 80% of the time, in the eastern cell 10% of
the time, and in the western cell 10% of the time
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* Goal: maximize sum of rewards (i.e., maximize expected utility)
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~ State Transition Diagram
(Prob oty

Deterministic Grid World Stochastic Grid World

o4 o\ ley.

Markov Decision Process

An MDP (S, A, P, R) is defined by: |
«Setof states s € S 5= 50, %, 5.5
. +Setofactionsa€ A A=5a2, a'k ARy
~ e+ Transition function P(s’ | s, a) —
- » Probability P(s’ | s,a) that a from s leads to s’

= Also called the “"dynamics model” or just the
“model” (.,gclfm' it
» Reward function R(s, a,s") or R(s)
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~ The Markov Property: given the present, the future and the past are independent
~ « e, Everything you need to know about the past is included in the present state
- * For MDPs, the Markov property means that: Havt )
1| . YRyt 8
P(Ser1 =" | S¢ = s, Ae = A, Se-1 = Se-1,Ap-1 = A1, -, Sp = Sq)
- = P(St+1 = s, ISt = strAt = at)




Solving the MDP > Petiey o

To solve an MDP (S,A,P,R) means to find the optimal policy 7*(s):S - A ' H’ i &YM
Uzle 10 | ACR6VV

* “Optimal” = Following m* maximizes total reward/utility (on average)

In RL, P and R are assumed unknown. But let’s first assume that we do know

the whole MDP
onwer
Example optimal policy m* v+ ackers

Optimal policy when
R(s,a,s") = —0.03
for all non-terminal states

TIL yowr reoard
sk alao dowae,
ey = (2D

E

0
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R(s) = —0.01 R(s) = —0.03 Opimar foliy

Sema iUe | ¥O

-] --IEI | | = |1 e yandl rfnc"’.
‘ Lt A\ et R AR ‘
R(s) = —04 R(s) = =20

MDP Search Trees

* Each MDP state has an associated tree of future outcomes from various

actions:
A s — state s

a

(s,a) is called aNé!: V‘eollr oot B a M St -

a g-state . i p =
/ (s,a,s") called a transition,
. N and is governed by

P(s'|s,a)

Receive R(s,a,s")




Defining Utility

1
* At each step, agent chooses an action to maximize expected rewards !
= So, we must consider utility over sequences of rewards -
[Tes Tea1s Ted2s oo s Too] —> u.ffu, bourd, ' \
Problem: infinite sequences yield infinite rewards
¥ Q q
Discounted Rewards D O-—02©
A
Sl s 578 Sy

Idea: (uncertain) future rewards are worth exponentially less than current rewards

YV

y = 1 would correspond 2yt Ay 45y
Future rewards are discounted by 0 <y < 1: to sum of all rewards alr \ o>
(called additive utility) 1+ 2 + Ay

V209 thuten Utility U([ry, ..., 7]) =Zytrt+1 -
M t=0

%), terpitce S~ 12 !

;{o' s y controls the horizon of focus; R
~ oY 1 o o smaller y means a shorter horizon
¥=04 : wrm ’W - more of a focus on the present —0+2 403~k 3 oL marn H
Uit ’ Rewvde = A° (Lo D41 (Fo-8) [+ 30D 4w TRl D)+
Discounted Rewards g o DHED

Idea: (uncertain) future rewards are worth exponentially less than current rewards

Future rewards are discounted

by0<y<1: ° -
T=1 m‘ﬂ'
2 , he
U([ry, s To]) = ZY Tt+1 Condsel pr db'ery
t=0 o' o

Future rewards matter
less to the decision than

more recent rewards { &

Recap: Defining MDPs

* Markov decision processes: 7 (2, P’R>
= States S (and start state s,)
= Actions A
* Transitions P(s’|s, a)
» Rewards R(s, a, s”) (and discount y)

* MDP quantities so far:
® Policy = Choice of action for each state 7V : S—~#
= Utility (or return) = sum of discounted rewards
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Solving MDPs: State Value Functions of Policies
’g) and ,ng . o/ V- S
Given MDP (S, A, P, R, y): 5 b skt *b M @ a{@z{w&“ﬂ—
. hd |
€Lx)z &x PUxX)
generated by following 7
Solving MDPs: Action Value Functions of Policies
* It is also helpful to define action-valui;:nctiogso
E(D = | ZxPX)
thatt |
-TPN &"(.C-,O,
Lhe opetiow
,Q,«d— et
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Solving MDPs: Bellman Equations

A\,

* The Bellman eﬁuations connect value functions at consecutive timesteps:
St ~ Optimal value of s is what

y ek
ol we get by picking the
Fomctew *(s) = *
Vi(s) = max Q (s,@) << optimal action

. s esl Y )\ Y J
dsw expected value  current reward +
a Vi over successor  discounted future
A s CouncDisvv state s’ reward

* We can combine these together to get:

Vi(s) =max ) P(s'|s,a)[r(s,a,s") +yV*(s)]
S'€eS

A Q*(f' a) = Z P(s'ls,a)[r(s,a,s") +yV*(s)] % b

>
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In a 4x4 grid world, a robot starts at S (I, 1) and aims to reach the

charging station C (4, 4). Each step incurs a reward of —2, and reaching

C provides a reward of +20. The discount factor is v = 0.8. Using the

value estimates for neighboring states given in the table below, compute

the expected returns for each action (up, down, left, right) from (1, 1)

using the Bellman update equation. Determine the optimal action at (1,

1) and explain the impact of Y on the decision. [4] [CO6]

Table [V
State a4Lh [ (1,2 | @21 (2,2) [ (3,3) | (4,9)

Value | 4.0 4.8 5.2 5.6 8.0 20.0
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Solving MDPs: Value Iteration

* Bellman Equation gives us a recursive definition of the optimal value:

V*(s) = max Z P(s'|s,a)[R(s,a,s") +yV*(s")]

Ss'eS

Key Idea: solve iteratively via dynamic programming
» Start with V,(s) = 0 for all states s

* |lterate the Bellman update until convergence:

Visa(8) < max ) P(s'ls, @R (5,50 + 1%

S'eS




Example: Value Iteration

Bellman Update Rule:  Vi+1(s) « max z P(s'|s,a)[R(s,a,s") + yVi(s")]

s'es

Example MDP Vo vy

5 || Rewards given when I‘}L 5 0 0 0 0 3 0 0 0

in terminal state

: ] Ca| 2| 0 0|0 2|0 0
d rewa):!‘:-(g): ﬁ;igg:o.z : 0 0 0 0 1 0 0 0

1 2 3 4 1 2 N 4 1 2 3

Start with Vy(s) =0

Example: Value Iteration

Bellman Update Rule: ~ Vi+1(s) « max Z P(s'ls,a)[R(s,a,s") +yVi(s")]
s'eS g 72
Example MDP Optimal action v, v,

> d —— . KL will be “right” -

ewards given wnen -
* || in terminal state r ¥ 0 0 +1 31 0 0 (0.72

y=0.9, living
4 reward=0, noise=0.2 ! 0 0 0 0 i 0 0 0
1 2 3 4 1 2 3 4 1 2 3

V2((3,3)) « Xyres P(s'[(3,3), right) [r ((3,3), right,s") + 0.9V;(s")]
5-g (0 0gKI) ¥ O;M) +0 (o + 09 xo)

Example: Value Iteration

Bellman Update Rule:  Vi+1(s) « max Z P(s'ls, a)[R(S.M]
s'es

(o[-
Example MDP V, gt Va\)

3 ||Rewards given when FLIE . 0 0 07{! +1 3 0 |0.5210.78

In terminal state

(¢ I
m EEfno pafn =

1 y=0.9, living

reward=0, noise=0.2 ] 0 0 0 0 1 0 0 0

1 2 3 4 1 2 3 4 1 2 3
* Information propagates outward from terminal states
* Eventually all states have correct value estimates



POLICY ITERATION
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Policy Evaluation

* How do we calculate the V’s for a fixed policy?

(ovmpute Lo‘c—‘
[p'uv.mro’v\dmﬂa-

* Idea: Bellman updates for arbitrary policy:

7=
Jaliue Aum TSy
% o a()db»c;f

V5(s) =0
~_No warimaotion,
VEL(s) e Y P(s'ls,m(s) ) R(5,m(s),s) + YV(s)] & Asea | won o
st \ .
e 0-?%%«.1'\8—-
e oCTSL
(value keratidh update rule) D dred
(s) P(s'ls,a)[R(s,a,s") + b ?9".20
o Mg«:«nﬁ— o
~ Policy Iteration: An Alternative to Value Iteration
")
~ Repeat steps until convergence: v Xhe ¢ {r
| Bee p g > ci e | @

1. Policy evaluation: keep current policy = fixed, find value function V()

* |terate simplified Bellman update until values converge:%

Chooses actions
according to

VI G) © ) P($/1sm(s) IR me(s),s") + Y™(5")

~ 2. Policy improvement: find the best action for V() via one-step lookahead %’
o

B N |Cef nwling_
| ”k“(S)@: arg;naxz P(s'|s,a)[R(s,a,s") + yV™k(s")] 2o | Zhe | olue £x” o
i Q \ Lwreentisy
g-)udﬁng e fop mpdated.
Uar | Swontd e, !
Wmal, ndef Tle value A7

T—w do | ore | eradclen > Value| THeralisvy




A car can operate in three modes: Electric Mode (S1), Hybrid Mode (S2), and Gasoline
~ Mode (S3), each representing a state in the Markov Decision Processcs (MDP). The car's

systent must decide which mode to switch to, aiming to optimize fuel efficiency and

of value iteration, calculating updated values for each state.

- hattery usage. Actions and their rewards are defined for each state: from S1, switch to S2
— (+10) or stay in S1 (0); from S2, switch to S3 (+5) or back to St (+2); from S3, end the
~trip (+20). With a discount factor of 0.5 and initial state values of 0, perform one iteiatic:

i4] |CGY, CO3
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R:+lo
Ar) /’_\ < .45
oYY
o T
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o > O
Ad:+2
Yz0.5 Yo(8): 0 Ve (82)=-0 Vo (83)=0
Ve, () = wax 5 p (s i
s g SZ' (s ,5}:&) R(%,a, s‘) e TV;(S‘)J
fromSCome
P(s'15,0) <) for v aggima
RACY) action a :
s'- S, 10+0:5 %0 = o
ocXio) Ay
5'- Sy

°+O'5XO =0

Vi(5,) = ™Man( 10, 0) : R &

1
»'=5p 5+0.5%X0:5
='s By 2+0-5x0: 2

\H(SJ.) = Mo (5 2) :@W C
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P 8': e 20+4+0.5 X0 :
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~ Temporal Differencing (TD)
- |Policy Evaluation
|+ Start with V,(s) = 0
| Iterate until convergence: V}%(s) « X, P(s'|s, m(s) )[R(s, mi (), ") + ¥V *(s")] Z—E non &,
| P vniten ao ¥ G
~ How to extend this to when the functions P(s’|s,a) and R(s,a,s") are By 4ok QcL o W
~unknown and only revealed gradually through experience? enrennevds [yl é
I MO ('V'\.Eo a ‘.'L
RDwze < nNnoury
- Every time you take action a from state s, you get a sample from the @%é:” o
~ unknown P(s’|s, a) and the corresponding reward R(s, a,s") V-
~ Temporal Differencing (TD) c(x)2 P2
~ [Policy Evaluation éfumrnﬂ FCI o e
- |+ Start with V,(s) =0
~ | * Iterate until convergence: Vt’:'{ (s) « X5, P(s'|s, i (s) )[R (s, s (s),s") + yV,"" (s]
— Idea: Treat the single sample you get as representative of the distribution, Cowytime we #abke
~and apply an incremental update to reduce the “Bellman error”: Seme pafionn W
i — q_et 0 See | Me
N Sample of V(s): sample = R(s,n(s),s") + yV"(s") S“M_P“-' °
we Ar Sirale.
—T TD update: V™(s) « V™ (s) + a(sample — V™(s)) ot Py
B kﬂ.f e W Sabvv\ s Va)
* s
: L enrine | Astvbutinn
TD  traty eser . %’QZ.( scwd‘>€'¢. ententzre oo
l‘dTD’l LLe . . g < batlo ol S Aot e‘*m
A0 PR VL %o: z D - € 5 ANt X | erurtv c—nwlrmﬂ.'
).yv\|b e ,%Bu.no




Consider an autonomous robot in a 4x4 warehouse grid, tasked with delivering itenis t¢

a specific area. Fach grid cell represents a different warehouse area. 'G' is the delivery
area. The robot starts from area 1. The robot consumies energy (-0.2 reward) for each

move and gains a significant energy saving (+5 reward) upon successful delivery to 'G".

Jhe rohot's route is: 1 2 -3 54 -8 — 12 — il — i5 — G. Using Temporal
Difference Learning (TD(0)) with a learning rate (o) of 0.1 and a discount factor (y) ¢t I,

determine the updated efficiency vaiue of area 1 afier one delivery, starting from 0.

S l41C02]

| 5 10 1T ] 1_’_|
13 | 14 15 ] Ggj
[ig. |

¥ Cs*> =¥ (st) Bas [R((S*) ~(s), ‘St+}> +7T VRCSzH) = Vw(sx-)]

X=0-1 T:i R=-0-2

= :
1*52: V(D=0 + oy (—0-2 + 1% -0> £

- 0-02

2233 V() : o4 0. (o2 + 1X0-0): -9:02

S35 SN ..
3,9 6,5 }V(S):_o_og_

6:5 >4.

Vi(i5) = 10 + 0.y Cs-on-O) =05
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Beyond Policy Evaluation: Learning Q* (s, a)

Recall Bellman equation for optimal Q*: Bl wion
Q'(s,a) = Z P(s'| 5,a) [R(s,a,5") + ymax Q' (s",a") E’
s'eS

The corresponding Q-value iteration equation (analogous to the state value
iteration) would be:

Qui(s) « ) P(s'ls, @) [R(s,a,5") + ymaxQ;(s’, a)|

s'eS

Again, this requires access to P(s’|s,a) and R(s, a, s"), of which we only

have samples from experience.

e P ———




Q Learning

Q-value iteration: Q;4+1(s) « X1 P(s'|s, @) [R(s, a,s') + yn}la,lei (s', a')]
The TD Version: Treat the single sample you get as representative of the
distribution, and apply an incremental update to reduce the “Bellman error”:
* Execute a single action a from state s and observe s’ and R:
sample = R(s,a,s’) + ymax Q" (s, a’)
a

* So, the incremental TD update is:
Q(s,a) « Q(s,a) +a (R(s. a,s) +ymaxQ(s’, a') - Q(s, a))

\ )
Y
Bellman error

This is called “Q-Learning”.
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Resources :

Pt hoe
https://www.youtube.com/playlist?list=PLYgyoWurxA_8ePNUuTLDtMvzyf-YW7im2

http://incompleteideas.net/book/ebook/ — =k
https://www.coursera.org/learn/unsupervised-learning-recommenders-reinforcement-learning

m?w Cpanffer



