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AN ERA OF CHANGE

Technologies

$500,000 (2008) to $22,000 (2013) 23x in 5 years
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AN ERA OF CHANGE

D;m0nstmnon of the'task
sVia kinesthetic teaching }
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A MOTIVATING GAME

Rules of the game

There is a heap with 21 sticks

Each player is allowed to pick 4
sticks at maximum

A player is not allowed to
repeat the previous move

A player wins if the opponent
cannot play
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A MOTIVATING GAME

= The optimal strategy is simple:

zones with multiples
of 5 are safe!

= Suppose we are allowed to pick
5 sticks at maximum. What is
the optimal strategy now?

= No simple solution!
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A MOTIVATING GAME

z=1|z=2|z=3|z=4|z=5

N N UGB WIN RO W
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A MOTIVATING GAME

= Recall:
s = number of sticks in the heap,

Z = previous move.

= Look at the rewards:
V(0,z) = —1,
V(s,z) = 1foralls < Oands+2z = 0.

= Dynamic programming:
V(s,z) = max(min|[V(s —a — b, b)])

a*zZ b#a

7 Sandjai Bhulai / DATA ANALYTICS 2019 VU %



8

MARKOV DECISION PROCESSES

action a

d

state
X

transition p

§

reward r
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THE IOWA GAMBLING TASK

V(x) = max [r(x, a) + 2 p(x,a, y)V(y)]
action a Y

d d

transition p

state > state j\>
X y

§ '

reward r
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THE IOWA GAMBLING TASK




THE IOWA GAMBLING TASK

Actions taken over time by four participants
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THE IOWA GAMBLING TASK

0.8
0.6 T 1 1 _
2 Ve
S 0.5
T
2
@ 0.4
s O
T —4—Controls
g' 0.3 T - Cannabis Users
a
0.2
0.1
0
1 2 3 4 5
Block

12 Sandjai Bhulai / DATA ANALYTICS 2019 VU %



THE IOWA GAMBLING TASK

Stochastic Bandit setting

Environment: distributions (v, ...vg) of arm rewards.
Protocol: Fort =1,2,...

e Learner picks arm [,
e Learner observes and receives reward Xy, , ~ v,
Objective: Minimize pseudo-Regret w.r.t. best expert after 1" rounds:

T
Ry =Tp" —Eyq, .1, { Z XIt,t}-

t=1
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THE IOWA GAMBLING TASK

UCB algorithm

Protocol:

Fort=1,..., K:

[nitialize: T;(K) =1,i = 1,2, ..., K.
Fort=K+1,K+2,..., T

e Do:
Iy = arg max | + ()7

1<i<K

e Observe reward X7,

alogt
T 1)

)
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THE IOWA GAMBLING TASK

UCB algorithm for the IGT

Protocol:

Fort=1,..., 4.

Initialize: T;(4) = 1,1 =1,2,3,4.
Fort =5,6,...,95:

e Do:

A alogt
[; = arg max [Mz',Ti(t—l) o7 (t — 1)}

e Observe reward Xy, ;
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THE IOWA GAMBLING TASK

Q-learning for the IGT

Protocol:

Choose € < 1

Initialize for a =1, 2, 3, 4:
Q(a) <~ 0 and N(a) < 0

e Loop until t =T = 95:

L max, Q(a) w.p.1—e€
~ U{1,4} W.p. €

e Observe reward R

o N(A) « N(A) +1

o Q(A) — QA) + x5 (R - Q(4))
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THE IOWA GAMBLING TASK

= Tension between control vs. learning

Adaptive control
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THE IOWA GAMBLING TASK

Thompson sampling for the IGT

Protocol:
For each 6; with i € {1,2,3,4} set

° Oz ~ Dir(ai)

as prior. Where oy = (1,1,1,1,1,1), a2 = (1,1), ag = (1,1, 1, 1
Foreacht =1,...,95 do:

e Draw a sample 0; ~ Dir(a) for each i € {1,2,3,4}

Compute Eg, [X;]| for each i € {1,2,3,4}
e a; = arg max; Eg, [ X|]

e Observe outcome in deck 7

Update parameter o;

) and aqg = (1,1)
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THE IOWA GAMBLING TASK

The average proportion of optimal action over 100 simulations

10 -
_ —
=
o 06
m A
™
E
2 04
o
&

0.2 —_— TS

— UCB
0.0 - i = (leaming
0 20 40 B0 80 100

# Simulation

20 Sandjai Bhulai / DATA ANALYTICS 2019 VU %



REINFORCEMENT LEARNING

= Q-learning

Q(st,at) + Q(st,a¢) + @ (rt +ymax Q(st41,0") — Q(st, a,t)>

= Challenges:
> The number of states might be very large
> The state space might be very complex
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MARKOV DECISION PROCESSES

action a

d

state
X

transition p

d

reward r

Sandjai Bhulai / DATA ANALYTICS 2019

V() = max 1) + Y (V)
y

d

state
y

'

=)

VU



REINFORCEMENT LEARNING

= Solution is function approximation
Model: Qo(St, at)
Training data: (S, @, 7t, Sta1)

Loss function: £(9) — Hyt — QG(Staat)H%
where 1y =1 + 7Q<3t—|—17 7T(5t+1>>
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REINFORCEMENT LEARNING

= Pole-balancing
> move car left/right to keep the pole balanced

= State representation
> position and velocity of car
> angle and angular velocity of pole

= Solution
> coarse discretization of 4 state variables
> |eft, center, right
> totally non-Markov, but still works
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OPEN Al
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AMAZON DEEP RACER
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QUESTIONS




