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Measuring Brain Signals

» Electrical activity of neural
populations

o mMmillisecond-level resolution

« Characteristic responses

to discrete stimuli
o studied using average response
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Extracting Features from
EEG Data

Face: Average Response Nonface: Average Response




Learning using EEG

Machine Learning
Classifier

Estimation of Emotion
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Reinforcement Learning

e Task

o Learn how to behave successfully to achieve
a goal while interacting with an external
environment

o Learn through experience from trial and error

 Examples

o Game playing: An agent wants to win a
game, but it doesn’t know the appropriate
action in each state

o Conftrol: a traffic system measures the delay of
cars, but not know how to decrease it.




Elements of Reinforcement Learning
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Reinforcement Learning

» Target functionis = : sfafe — action

* Training examples are of form

<<stafe, action>, reward>



Q-learning

« Q-learning, learns the expected utility of taking @
parficular action a in a particular state s (Q-
value of the pair (s,a))
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Q-values

« Q-values
o Define a function similar to V*
Q(s,a)=r(s,a)+N *(5(s, a))
o If agentlearns Q, it can choose optimal action

even without knowing ¢ or R

« Using Q

m*(s)=arg max Q(s,a)



Learning the Q-value

o Note: Q and V* closely relatead

V *(s)=arg max Q(s,a')

o Explicit equation for Q:

Q(s(t). alt))=r(s(t) alt))+yV (B(s(t) alt))

=r(s(t), alt))+y max Q(s(t+1),a')



Learning the Q-value

 FOR each <s, a> DO

o Inifialize table entry: Q(s,a)«0
« Observe current state s
« WHILE (true) DO

o Select action a and execute it

o Receive immediate rewardr

o Observe new state s’

o Update table entry for Q(s,a) as follows

Q(s,a)«r(s,a)+y max Q(s',a')

* o Move:record fransition from s fo s’
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Empirical Evaluation

« 35 different songs from random seeds (from
Pandora)

« / subjects

« Subjects are asked to evaluate systems after 5
songs



Empirical Evaluation

« Baseline:
Subject is asked to choose a seed song and listen to
the songs recommended by Pandora

 BCIl Method:
Subject wearing device is asked to select goal
emotional state




Results

Pandora BCI Methods
Baseline

Average 6.1 7.71

Std. Deviation  0.69 0.49
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