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REINFORCEMENT LEARNING EXAMPLES

Reward/Punishment
~ Exploration/Exploitation

Morris, 1981

Sutton & Barto, 2018 http://incompleteideas.net/book/the-book.html



http://incompleteideas.net/book/the-book.html
https://doi.org/10.1016/0023-9690(81)90020-5

GOOGLE DEEPMIND ALPHAGO ZERO

https://deepmind.com/blog/alphago-zero-learning-scratch/

Silver et al, 2017 https://www.nature.com/articles/nature24270



https://www.nature.com/articles/nature24270

EPICURUS & REINFORCEMENT LEARNING

http://www.defenseofreason.com

Vasilaki, 2017 https://arxiv.org/abs/1710.04582



https://arxiv.org/abs/1710.04582

EPICURUS & REINFORCEMENT LEARNING

“We say that pleasure is the beginning and the end of a happy life”

“For continual drinking and partying [..] do not produce a pleasant life, but
sober reasoning which both examines the basis for every choice and avoidance

[...]”

— Epicurus’ Letter to Menoeceus
Diogenes Laertius, Lives of Eminent Philosophers



REWARD FUNCTION

R=I’t+rt+1+1”t+2+...+rt+N

- Reward can be positive and negative.

- An action can bring a small immediate reward and a large
future punishment.

Vasilaki, 2018 http://bit.ly/RL-happiness
Sutton & Barto, 2018 http://incompleteideas.net/book/the-book.html



http://bit.ly/RL-happiness
http://incompleteideas.net/book/the-book.html

DISCOUNT FACTOR

Rt=7‘t+7‘t+1+rt_|_2+...+rt_|_N
— 2 3
R =r+ gty Tty t..

0<y<l

This is why I am impatient.

Vasilaki, 2018 http://bit.ly/RL-happiness
Sutton & Barto, 2018 http://incompleteideas.net/book/the-book.html



http://bit.ly/RL-happiness
http://incompleteideas.net/book/the-book.html

REINFORCEMENT LEARNING CATEGORIES

discrete and
continuous time
formulations

Reward-
Policy Gradient modulated Hebb/
STDP

Temporal
Difference



TEMPORAL DIFFERENCE LEARNING

States x Actions: 3x4x4=48
N\
\\ \

Maximize expected return

Q (state, action)

We do not know the Q values

Sutton & Barto, 2018



TEMPORAL DIFFERENCE LEARNING

States x Actions: 6x8x8=384
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Learning process slows down

Sutton & Barto, 2018



POLICY ()

» How do I chose an action?
» | know all the Q values
» Exploit (max Q value, a.k.a Greedy policy)
» [ only have an estimate, and this may be wrong!

» Explore (e.g. e-Greedy, soft-max)

Sutton & Barto, 2018



TEMPORAL DIFFERENCE LEARNING

Bellman Equations,

Markovian property
Sutton & Barto, 2018



SARSA  AQ(s,a) = n ((r +7yQ(s', a)) — O(s, a))

S/

o(s',

Sutton & Barto, 2018



SARSA AND HAPPINESS

AQ(s,a) = 1 ((r +yQ(s',a) — O(s, a))

What I “actually” get Anticipated reward

A positive reward may feel like punishment

A negative reward may feel like reward

Vasilaki, 2018 http://bit.ly/RL-happiness



http://bit.ly/RL-happiness

DEEP REINFORCEMENT LEARNING

Deep Q Network

L) = ((r+y0(s"d’. 6, ) — O(s.a.0))’

Target

Zhao et al, IEEE SSCI| 2016
Mnih et al, Nature 2015
Mnih et al, NIPS 2013



DEEP REINFORCEMENT LEARNING

https://deepmind.com/research/dqgn/

Mnih et al, Nature 2015
Mnih et al, NIPS 2013



REINFORCEMENT LEARNING CATEGORIES

Temporal Rewarad-
=P Policy Gradient modulated Hebb/
Difference STDP




POLICY GRADIENT METHODS
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SPIKING NEURONS
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Spike emission

- Spikes
* Threshold
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Stein, 1965
Gerstner et al, 2002



ELIGIBILITY TRACE




SPIKE BASED REINFORCEMENT LEARNING

Nakazawa et al 2004

O'Keefe & Dostrovsky , 1971

Vasilaki et al, PLOS Comb Biol 2009



SPIKE BASED REINFORCEMENT LEARNING
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# Place Cell

Vasilaki et al, PLOS Comb Biol 2009



SIMULATION VS EXPERIMENT
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Vasilaki et al, PLOS Comb Biol 2009



SCALING PROPERTIES
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Vasilaki et al, PLOS Comb Biol 2009



SCALING PROPERTIES

5 25 g5 160 410 360 310
Number of action cells

Vasilaki et al, PLOS Comb Biol 2009



REINFORCEMENT LEARNING CATEGORIES

Temporal Rewarad-
=P Policy Gradient modulated Hebb/
Difference STDP




REWARD MODULATED HEBB

“Neurons that fire together wire together”

Correlations

Aw = g(reward) X f(presynaptic activity, postsynaptic activity)



TO BEE OR NOT TO BEE

Cope, Vasilaki et al, PLOS Comb Biol 2018



TO BEE OR NOT TO BEE

» [earns with visual stimuli
» Generalises to odours

» Does leaning “sameness” require higher order cognition?

Cope, Vasilaki et al, PLOS Comb Biol 2018



TO BEE OR NOT TO BEE

» Key idea: it learns to go to the pattern of the highest/lowest
activity.

> “Stimulus-specific adaptation” - like observations. Repetitive
stimulus results in lower activity.

Cope, Vasilaki et al, PLOS Comb Biol 2018



SAMENESS, DIFFERENCE AND TRANSFER OF LEARNING

P(GO) - 1 + ¢—(c=d)(GO-NOGO)

P(NOGO) =1 - P(GO)

Aw' = —n (R — R)) X presynaptic activity X postsynaptic activity



SAMENESS, DIFFERENCE AND TRANSFER OF LEARNING

Cope, Vasilaki et al, PLOS Comb Biol 2018



SAMENESS, DIFFERENCE AND TRANSFER OF LEARNING

Cope, Vasilaki et al, PLOS Comb Biol 2018



SUMMARY

Reward-
Policy Gradient modulated Hebb/
STDP

Temporal
Difference




SUMMARY

» Eligibility & Future Rewards

» Not necessary in TD learning but can speed up (depending
on the task)

» May be necessary in Policy Gradient learning (depending
on the formalism)

» May be necessary in reward-modulated Hebb/STDP
(depending on the formalism)
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