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The Multi-Arm Bandit Problem
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a.k.a. how to pick between Slot Machines (one-
armed bandits) so that you walk out with the
most $$$ from the Casino



Overview of Syllabus



But first...any questions?



Discussion Moderation

» Sign up through link on Canvas

 Emalil me 3 days prior to your session with your
discussion plan, notes, and link to any slides
you want to use

* Only applies to PhD



Reading Responses

* First reading response due 9/15 before class



Programming Assignment #1

* First programming assignment comes out on
Friday, due 9/25



Last time...

Stand

Clap

Wave




Where does RL fall within the field of
Artificial Intelligence?

* Al - ML - RL

* Type of Machine Learning:
- Supervised: learn from labeled examples

- Unsupervised: learn from unlabeled examples
- Reinforcement: learn through interaction



A note on what “supervision” means

* |s the reward function a form of supervision?



A note on what “supervision” means

* |s the reward function a form of supervision?

 Argument for yes: it tells the agent whether it
did something good or bad

 Argument for no: it doesn’t tell the agent
whether the action taken was the one that
maximizes reward; it doesn’t tell the agent
whether the preceding actions during which no
reward was observed were good or bad.



A note on what “supervision” means

* |s the reward function a form of supervision?
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 Argument for no: it doesn’t tell the agent
whether the action taken was the one that
maximizes reward; it doesn’t tell the agent

whether the preceding actions during which no
reward was observed were good or bad.



A note on what “supervision” means

* Supervision IFF the agent is instructed with the
correct choice of action

* Supervised ML classifiers have the correct
abels for training data points

 RL agents are typically not given data with the
correct sequence of actions*



The Multi-Arm Bandit Problem

a.k.a. how to pick between Slot Machines (one-
armed bandits) so that you walk out with the
most $$$ from the Casino

Arm 1 Arm 2 Arm k



Which lever to pull next?




Which lever to pull next?
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Discussion: how does
MARB relate to RL?




Which lever to pull next?
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Action-Value Functions

A function that encodes the “value” of performing a
particular action (i.e., bandit)

Rewards observed when performing
action a

il
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# of times the agent has picked
action a

Qi(a) =

Value function Q



Exploitation vs. Exploration

* Greedy: pick the action that maximizes the
value function, I.e.,

QA A:) = max, C)ila)

» e-Greedy: with probability € pick a random
action, otherwise, be greedy



Exercise

Exercise 2.1 In =-greedy action selection, for the case of two actions and = = 0.5, what is the
probability that the greedy action is selected?



In-Class Small Group Exercise

Exercise 2.2: Bandit example Consider a k-armed bandit problem with & = 4 actions, denoted
1, 2, 3, and 4. Consider applying to this problem a bandit algorithm using s-greedy action selection,
sample-average action-value estimates, and initial estimates of (J1(a) = 0, for all a. Suppose the initial
sequence of actions and rewardsis Ay =1, Ry =1, A =2, Ry =1, A3 =2, R3 =2, Ay =2, Ry =2,
Az = 3. BR5; = 0. On some of these time steps the = case may have occurred, causing an action to be
selected at random. On which time steps did this definitely occur? On which time steps could this
possibly have occurred? ]
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Soft-Max Action Selection

Exponent of natural
logarithm (~ 2.718)

B €Qt (a)/7 ‘? ‘temperature”
ST T

As temperature goes up, all actions become nearly equally likely to be
selected; as it goes down, those with higher value function outputs become

more likely




Updating Q (a) after observing R

Batch: Qi[ﬂ}: R1+RE+'”+RH&

Incremental: Qri1 =



Updating Q (a) after observing R

NewEstimate + OldEstimate + StepSize | Target — OldEstimate



A Simple Bandit Algorithm

A simple bandit algorithm

Initialize, for a = 1 to k:

Q(a) <+ 0
N(a) «+ 0

Repeat forever:
o { arg max, QJ(a) with probability 1 —  (breaking ties randomly)
a random action with probability &
R + bandit(A)
N(A)«+ N(A) +1
Q(4) « Q(A) + wis [R— Q(A)]




What happens when the payout of a
bandit is changing over time?

_ Ri+Ry+--+ Rk,
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What happens when the payout of a
bandit is changing over time?

Qre1 =@ +a {Rk — Qk}

Instead of

Qr + : {Rk — Qk}

k



How do we construct a value function at the start
(before any actions have been taken)



How do we construct a value function at the start
(before any actions have been taken)

Zeros: 0 0 0
Random:; -0.23 0.76 -0.9
Optimistic:  +5 +5 +5

Arm 1 Arm 2 Arm k



How do we construct a value function at the start
(before any actions have been taken)
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The Multi-Arm Bandit Problem

The casino always wins...so why Is this problem
Important?

Arm 1 Arm 2 Arm k



Next time...

» Upper Confidence Bound and Gradient-based
algorithms for action selection
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