@ UiO ¢ University of Oslo

P,

C

institutt for informatikk

IN3050/IN4050, Lecture 12
Reinforcement learning

G

Weria Khaksar and Kai Olav Ellefsen



@ UiO ¢ University of Oslo

P,

C

institutt for informatikk

IN3050/IN4050, Lecture 12
Reinforcement learning

G

1: The reinforcement learning problem
Weria Khaksar

Next video: Reward and action selection



UiO ¢ Department of Informatics
University of Oslo

The Commuter (2018)

Ghostbusters (1984)
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1t would be in vain for one Intelligent Being , to set a
Rule to the Actions of another, if he had not in his
Power, to reward the compliance with, and punish
deviation from his Rule, by some Good and Evil, that is
not the natural product and consequence of the action
itself.”

(Locke, Essay’, 2.28.6)

"The use of punishments and rewards can at best be a
part of the teaching process. Roughly speaking, if the
teacher has no other means of communicating to the
pupil, the amount of information which can reach him
does not exceed the total number of rewards and
punishments applied.”

(Turing (1950) ”Computing Machinery and Intelligence’)
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Applications of RL.:

sensor networks

routing

call admission control

network resource management

aircraft control
engine control
bio/chemical reactors rocess Control

23%

Networking
21%

signal processing

natural language processing
web services
brain-computer interfaces

Resource ManagemEnG

power systems
Option pricing e i [l @ - inventory f:ontrol
asset management supply chains

; customer service
Robotics

load balancing
memory management
algorithm tuning

stoplight control, trains, unmanned vehicles mobile robots, motion control, Robocup, vision

From: “Deconstructing Reinforcement Learning”, ICML 2009



http://videolectures.net/icml09_sutton_itdrl/
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Examples:

Reinforcement Leam'i""g*w’
First trial...

Barrett WAM robot learning to flip pancakes by reinforcement learning

Hierarchical Reinforcement Learning for Robot Navigation

Google DeepMind'’s Deep Q-learning playing Atari Breakout



https://www.youtube.com/watch?v=W_gxLKSsSIE
https://www.youtube.com/watch?v=CK1szio7PyA
https://www.youtube.com/watch?v=b2PxUslKZm4
https://www.youtube.com/watch?v=V1eYniJ0Rnk
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Last time: Supervised learning

N

% > Untrained Classifie> “‘CAT”

No, it was a dog.

'Adjust classifier
parameters
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Supervised learning: Weight updates

activation Q .
a=2i_" W, X;

1 ifa> q output

1nputs

Olfa<q

/ Learning rate /[”P“t

) ¢ Actual output
Desired output

Error
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Reinforcement Learning:
Infrequent Feedback

ZON

L } 50 chess moves Iater> You lost

- Update chess-
playing strategy
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How do we update our system now? We
don’t know the error!

/ Learning rate /’"Wt

' Actual output
Desired output

Error
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Machine
Learning

Supervised Unsupervised
Task driven Data driven
(Regression / ( Clustering )

Classification)

Reinforcement

Algorithm learns to
react to an
environment

10
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Supervised
Learning
System

11
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Reinforcement
Learning
System

12
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The reinforcement learning problem:
State, Action and Reward

Agent

A N /
State Eeward N Action Environment
,f/ / \4

:

.

=
Environment ‘Q Rew %
rq <
Interpreter
a0 2] a2
—~ M ] @
[ ]

0 | ra

Agent

(Joal: learn to choose actions that maximize:
m+vyn+vyrnt . whereDsy=1

13
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The reinforcement learning problem:
State, Action and Reward

= ¥
) o= lk
". i
: b &
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-
3

ropun
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The reinforcement learning problem:
State, Action and Reward

Agent
/ Reward \%ction
Environment
&g al az
N 1 —— 2 —p
1 1] ra

Goal: learn to choose actions that maximize:
m+yn+¥nt . whereDzvy<l

15
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The reinforcement learning problem:
State, Action and Reward

Agent
StatV/ /* Reward “Move piece from J1 to H1”
&
Environment
an al ag
) Bl —— e B2 ——
1 1] ra

Goal: learn to choose actions that maximize:
m+yn+¥nt . whereDzvy<l

16
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The reinforcement learning problem:
State, Action and Reward

Agent
StatV/ / \Lction You took an opponent’s piece.
/ Reward=1
Environment
an al ag
) Bl —— e B2 ——
1 1] ra

Goal: learn to choose actions that maximize:
m+yn+¥nt . whereDzvy<l

17
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The reinforcement learning problem:
State, Action and Reward

Agent
Stat// Reward \:&ctia fn
Environment

dn d] as
=0 ol o o2 -
o r 12

(1oal: learn to choose actions that maximize:
m+vyn+tvEnt ., where 0=y <

18
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The reinforcement learning problem:
State, Action and Reward

Agent
Stat// Reward \:‘%ctix}n
Environment
dn d] as
=0 ol o o2 -
o r 12

(1roal: learn to choose actions that maximize:
m+vyn+vEnt ., where 0=y < 1

19
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The reinforcement learning problem:
State, Action and Reward

Learning is guided by the reward

An infrequent numerical feedback indicating how
well we are doing.

Problems:

— The reward does not tell us what we should have done!

— The reward may be delayed — does not always indicate
when we made a mistake.

20
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The reinforcement learning problem:
The reward Function

 Corresponds to the fithess function of an
evolutionary algorithm.

e 1.,4iS a function of (s;, a;).

 The reward is a numeric value. Can be negative
(“punishment”).

« Can be given throughout the learning episode,
or only in the end.

 Goal: Maximize total reward.

21
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The reinforcement learning problem:
Maximizing total reward

= Total reward:
N—1

R = Z:Ttﬂ

t=0

Future rewards may be uncertain and we might care more about
rewards that come soon. Therefore, we discount future rewards:

or

22
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The reinforcement learning problem:
Maximizing total reward

=  Future reward:

R=T1+T'2 +T3+"'+T'n
Rt =Tt+1"t+1+1"t+2+°"+1”n

" Discount future rewards (environment is stochastic)
Re =1 + YT + VT + -+ 7'y
=1 + V1tV gz + 7))

=1+ VReyq

» A good strategy for an agent would be to always choose an action
that maximizes the (discounted) future reward.

23
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The reinforcement learning problem:
Discounted rewards example

0o Hh N -

-
0))

64

0,990000
0,980100
0,960596
0,922745
0,851458
0,724980
0,5625596

R = Z Y Tt+1

0,950000
0,902500
0,814506
0,663420
0,440127
0,193711
0,037524

0,500000
0,250000
0,062500
0,003906
0,000015
0,000000
0,000000

0,050000
0,002500
0,000006
0,000000
0,000000
0,000000
0,000000

24
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The reinforcement learning problem:
Discounted rewards example

R=Zytrt+1, 0<y <1
t=0

25
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The reinforcement learning problem:
Action Selection

At each learning stage, the RL algorithm looks at the
possible actions and calculates the expected average

reward.
Qs ¢ (a)

Based on Q. (a), an action will be selected using:

» Greedy strategy: pure exploitation

» &£-Greedy strategy: exploitation with a little exploration

e (@s,t(a)/T)
» Soft-Max strategy: P (Qs,t(a)) Ty Qs
, e(@s,

26
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The reinforcement learning problem:
Policy (rr) and Value (V)

= The set of actions we took define our
policy ().

* The expected rewards we get in return,
defines our value (V).

27



UiO ¢ Department of Informatics
University of Oslo

The reinforcement learning problem:
Markov Decision Process

If we only need to know the current state, the
problem has the Markov property.

No Markov Property:
—_ ! — !
PT (rt —T,54+1 =S |StJ A, Te—15 -5 11,51, A1, So, aO)

Markov Property:
B.(ry =71',8¢41 =S|, ae)

28
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The reinforcement learning problem:
Markov Decision Process

A simple example of a Markov Decision Process

29
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The reinforcement learning problem:
Value

+ The expected future reward is known as the value.

+ Two ways to compute the value:

— The value of a state, V(s), averaged over all possible actions in that state.

(state-value function)
V(s) = E(rils; = 5) = E{Z VY . Terivtl S¢ = 5}
i=0

— The value of a state/action pair Q(s, a). (action-value function)

Q(s,a) = E(relse = s,ap = a) = E{Z V' Terival Se = s,ap = a]

=0

e @ andV are initially unknown, and learned iteratively as we gain
experience.

30
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The reinforcement learning problem:
The Q-Leaming Algorithm

The Q-Learning Algorithm

e Initialisation
— set (s, a) to small random values for all s and a
e Repeat:
— initialise s
— repeat:
x select action a using e-greedy or another policy
* take action a and receive reward r
% sample new state s’
x update Q(s,a) + Q(s,a) + pu(r + ymaxy, Q(s',a’) — Q(s,a))
*x set s + s

— For each step of the current episode

o Until there are no more episodes

31
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The reinforcement learning problem:
The Q-Leaming Algorithm

The Q-Learning Algorithm

e Initialisation

— set Q(s,a) to small random values for all s and «a

» R‘@I)en.t: learned value
— initialise s Qst,0c)  Qlsty ) + \l;‘_, | e+ 84 : meQ(Smaa) - Q(s¢,a4)
(a0 (W L) N— R ; Ny, -~ —
old value learning rate reward  discount factor ) —"—J old value
— repeat: estimate of optimal future value

x select action a using e-greedy or another policy

* take action a and receive reward r

% sample new state s’

x update|Q(s.a) « Q(s,a) + pu(r + ymax, Q(s',d') — Q(s,a))

x set s — s

— For each step of the current episode

o Until there are no more episodes

32
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Q-learning

e Values are learned by "backing up” values
from the current state to the previous one:

| < learned value ) /a

Q@t St:a’t ?‘t+1 + Q(S t11,Q)
old value learmng rat ewar discount factor timate of tv | fut d I
we of optimal fu w

Q(st,a3
| —

old value

e The same can be done for v-values:
V(se) <« V(se) + u(ep1 +YV(Ser1) — V(se))

38



Q-learning example

* Credits: Arjun Chandra

S~———

2021.03.13

39



toy problem

2

J Eﬁ 3

o

home




expected long term value of taking
some action in each state, o
under some action selection scheme?

E{R} L E{R E{R}
E{R} Ej@ > (E{RNE{R} E{R}

E{R} E{RY) E{R}

E{R} JER} E{R}
E{R} E{R}HE{ E{R}E{R} E{R}

E{R}

E{R} E{R}
E{R} E{R} E{R}

E{R} h E{R}E{R}  E{RHE{R}  E{R}

E{R} E{R} E{R}




our toy problem

lookup table




reward

structure? 0 §|: lo )
1 ofo) ziu 3

0 0 0 0
0 [ 0 0
E_ o \ 0 0
o 4 o olo 6 0
home
0, 0
0/ 0 0
0 7 o]o 8 oo 9 0
home
0 0 0
move...
to any cell except 5 and 7: out of bounds: to5: to 7/home:

1 -5 -10 A0>



—

let’'s fix u=0.1, y=0.5



0
0 0
o 4 o uﬁ olo 6 0
0 0
0 0 0

episode 1 begins...




—O / O ) ~| O E learned value O 'S
e —

Q(st,at) + Q(s,at) + Ny . T\ti_-lf + \")”/ . — Q(s¢,az)

g Q(3t+1 ) G)
old value learning rate reward  discount factor . v old value
estimate of optimal future value










-0.5 O Q ' , 0 .J learned value © qa
U

Q(st,a:) < Q(s¢,at) + max Q(st11,a) — Q(s¢,az)

old value learning rate reward  discount factor V old value

estimate of optimal future value










learned value
f——

) < Q(s¢,a:) + H | Tt + Y . max Q(st+1,a) — Q(s¢,at)
—— ~ ~~ ~~ a ——

old value learning rate reward  discount factor . v old value
estimate of optimal future value







- I O learned value
—— —n—e~————

Q(St, at) — Q(staat) + H | Tt + Y : mc?x Q(St-l—l:a’) - Q(St:at)

old value learning rate reward  discount factor v old value

estimate of optimal future value




o o
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- O | learned value
———— e ——

Q(St, at) — Q(staat) + H | T + Y : max Q(St-l—l:a’) - Q(St:at)
—— ~ ~~ ~~ a ——

old value learning rate reward  discount factor . v old value
estimate of optimal future value










(. O learned value
——————

Q(St, at) — Q(staat) + H | Tt + Y : mc?x Q(St-l—l:a’) - Q(St:at)

old value learning rate reward  discount factor v old value

estimate of optimal future value




let’s work out the next
episode, starting at
state 4

go WEST and then SOUTH

how does the table change?




learned value
f——

Q(St, at) — Q(staat) + H | T + Y : max Q(St-l—l:a’) - Q(St:at)
—— ~ ~~ ~~ a ——

old value learning rate reward  discount factor . v old value
estimate of optimal future value




and the next episode,
starting at state 3

go WEST -> SOUTH -> WEST -> SOUTH

how does the table change?




d

Q(st,atr) < Q(st,at) + | e + Y : : — Q(s¢,at)
——— ~ ~~ ~~ ———

old value learning rate reward  discount factor . v old value
estimate of optimal future value
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Action selection

» Estimate the value of each action: Qg .(a)
» Decide whether to:

— Explore, or
— exploit

66



Action selection

* The function deciding which action to take in each state is called
the policy, . Examples:
* Greedy: Always choose most valuable action
* €e-greedy: Greedy, except small probability (€) of choosing the action at
random

* The g-learning we just saw Is an example of off-policy learning:.

\[ learned value \L
Q(st,at) < Q(st,at)+ MU - | 7o + o : @ Q(st+1,a — Q(s¢,a4)
old value learning rate reward discount factor . Ay old value
estimate of optimez

ture value




Off-Policy Learning On-Policy Learning

The Q-Learning Algorithm The Sarsa Algorithm

¢ Initialisation « Initialisation

— set Q(s,a) to small random values for all s and a — set Q(s,a) to small random values for all s and a

* Repeat:
« Repeat: P
e e — initialise s
— initialise s
— choose action a using the current policy

— repeat:
. . . — repeat:
* select action a using e-greedy or another policy
. ) * take action a and receive reward r
take action a and receive reward r
_ , ’ Sample new state s’
sample new state s

update Q(s,a) + Q(s,a) + p(r + ymaxy Q(s',a’) — Q(s,a))
set s + &

update Q(s,a) + Q(s,a) + u(r +1Q(s, ) — Q(s,0))
s« 8. a+ad

* * ¥ ¥

*
* choose action a’ using the current policy
*
*

— For each step of the current episode : _
— for each step of the current episode

e Until there are no more episodes . .
e Until there are no more episodes

Source: Marsland



Off-Policy Learning On-Policy Learning

The Q-Learning Algorithm The Sarsa Algorithm

¢ Initialisation « Initialisation

— set Q(s,a) to small random values for all s and a — set Q(s,a) to small random values for all s and a

» Repeat: * Repeat:

— initialise s

— initialise s
= choose action a using the current polic
_ repeat: < _choose action a using the current policy>

— repeat:

< select action a usingle-greedy) or another policy
e —

. . * take action a and receive reward r
take action a and receive reward r

* sample new state s’
< * choose action a’ using the current policy —>
* update (JUSTar+ “él:“’a ay= H\r VQ(“’J': (1!) - Q(""a (1))

x s+ s, a+a

sample new state s

update Q(s,a) + Q(s,a) + p(r + 7 maxy Q(s', a’) — Q(s,a))
set § « &

* * ¥ ¥

— For each step of the current episode : _
— for each step of the current episode

e Until there are no more episodes ) )
P e Until there are no more episodes

Source: Marsland



Off-Policy Learning On-Policy Learning

The Sarsa Algorithm

The Q-Learning Algorithm

e Initialisation
e Initialisation
— set (s, a) to small random values for all s and a
— set (s, a) to small random values for all s and a
« Repeat:
« Repeat:
— initialise s

— initialise s — choose action a using the current policy

— repeat: — repeat:
* select action a using e-greedy or another policy + take action a and receive reward r
x take action a and receive reward r * sample new state s’
* sample new state s * choose action a’ using the current policy

. . . . N .

<__x_update Q(s,a) + Q(s,a) + pu(r + ’}’lﬂdxaf_Q(=5 ,a') — Q(s,a)) > < update Q(s,a) + Q(s,a) + pu(r + ’yQ(s’,a"! — Q(s.a)lz
* set s+ s ¥ s+ 8, a+ad

— For each step of the current episode — for each step of the current episode

o Until there are no more episodes e Until there are no more episodes

Source: Marsland



On-policy vs off-policy learning

* Q-learning (off-policy):

learned vaﬁ

Q(st,a:) + Q(st,a:) + U | Te1 + Y — Q(s¢,at)
N—— \/ ~~ ~~ \L J ——
old value learning rate reward  discount factor old value

W
stimate of optimal future value

* Sarsa (on-policy):

Q(sta at) — Q(Staat) + “["‘t+1 + — Q(Staat)]

2021.03.13

71



On-policy vs off-policy learning

* Reward structure: Each move: -1. Move to cliff:
-100.

* Policy: 90% chance of choosing best action
(exploit). 10% chance of choosing random
action (explore).

(Starp -100 The Cliff Goal)




On-policy vs off-policy learning:
Q-learning
* Always assumes optimal action -> does not

visit cliff often while learning. Therefore, does
not learn that cliff Is dangerous.

* Resulting path Is efficient, but risky.

|
|

© — EE '633 -—;x
rt The Cliff Go




On-policy vs off-policy learning:
sarsa

* During learning, we more frequently end up

outside the cliff (due to the(10% chanecs of

exploring in our policy).

* That info propagates to all states, generating a
safer plan.

A
/U —5%{’
t The Cliff V= 100




Which plan is better?

* sarsa (on-policy):

Pl

/

>

/

I
J\
The Cliff G

t

* Q-learning (off-policy):

—

The Cliff

o

75
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