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Reinforcement Learning:

Learning behaviors from reward signals



Types of Learning
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Extracting statistical structure

from unlabeled data Learning with ground truth feedback
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Conditioning and Reinforcement




Classical Conditioning Paradigms
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Rescorla-Wagner Model

S Stimulus Variable
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Rescorla-Wagner Model

S Stimulus Variable

7+ Actual Reward Model Objective Learning Rule
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Predicting Future Reward:

Temporal Difference Learning




Bringing an Agent in the Loop




Bringing an Agent in the Loop




Predicting Future Reward:

Temporal Difference Learning

Sutton & Barto, 1990

S Stimulus Variable

" . Actual Reward

VY . Expected Reward

W . Weights




Predicting Future Reward:

Temporal Difference Learning

Sutton & Barto, 1990

Stimulus Variable
Actual Reward

Expected Reward

Wi« Weights




Predicting Future Reward:

Temporal Difference Learning

Stimulus Variable
Actual Reward

Expected Reward

Wi« Weights

Total Expected Reward

V,=L [i?’irtﬂ]

1=0

Sutton & Barto, 1990



Predicting Future Reward:

Temporal Difference Learning

Stimulus Variable
Actual Reward

Expected Reward

Wi« Weights

Total Expected Reward Bellman Equation

Vt=[E[Z}/iI’H_i] Vtzrt+7[E[Vt+1]
=0

Sutton & Barto, 1990



Predicting Future Reward:

Temporal Difference Learning

Stimulus Variable
Actual Reward

Expected Reward

Wi« Weights

Total Expected Reward Bellman Equation

Vt=[E[Z}/iI’H_i] Vtzrt+7[E[Vt+1]
=0

Sutton & Barto, 1990



Predicting Future Reward:

Temporal Difference Learning

Stimulus Variable
Actual Reward

Expected Reward

Wi« Weights

Total Expected Reward Bellman Equation

Vt=[E[Z}/iI’H_i] Vtzrt+7[E[Vt+1]
=0

Sutton & Barto, 1990



Predicting Future Reward:

Temporal Difference Learning
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Predicting Future Reward:

Temporal Difference Learning

Stimulus Variable
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Temporal Difference Learning
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TD Learning in the Brain

Novelty Response After Learning After Learning
Reward, No Stimulus Stimulus + Reward Stimulus, No Reward
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Bringing an Agent in the Loop

The Actor-Critic Algorithm

St . State

Rt . Reward Policy Update Rule

At . Actions 7Z't9 — P(Clt —d ‘ St — S) Q(St, Clt) <« H(Sp Clt) + €5t

ﬂtg . Policy o 0(5.0)
P(a|s) =
° Value Function 0(s,b)
Vf ‘ Z b €




Actor-Critic in the Brain
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Deep Reinforcement Learning

Policy Network Value Network




Model-Based Reinforcement Learning
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Model-Based Reinforcement Learning
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