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Reinforcement Learning (RL)

-> What do both videos have in common?
Slide credit:

Maria Eckstein
(mariaeckstein@deepmind.com)

http://www.youtube.com/watch?v=E0lAhwZDYTA&t=10
http://www.youtube.com/watch?v=V1eYniJ0Rnk&t=25
mailto:mariaeckstein@deepmind.com


What is RL?

Learning from rewards; and punishment. 

Slide credit:
Maria Eckstein

(mariaeckstein@deepmind.com)

mailto:mariaeckstein@deepmind.com


How to Use RL (as a Cognitive Model)?

+1

Goal Reward 

action = [jump, stand]

state = [           ]

reward = [0,       ]

???

Algorithm  

Q(s,a) <- Q(s,a) + α RPE

RPE = r + γ Q(s’,a’) - Q(s,a)

action = [→, ←]

state = [                        ]

reward = [0, +1]

Ingredients 

Slide credit:
Maria Eckstein

(mariaeckstein@deepmind.com)

mailto:mariaeckstein@deepmind.com
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Slide credit:
Maria Eckstein

(mariaeckstein@deepmind.com)
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1. Introduction 
2. RL from a psychology perspective
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5. Bringing it all together: RL as a cognitive model
6. Conclusion 
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RL from a 
psychology 
perspective
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Classical Conditioning

Animals learn associations between US (e.g., food) and neutral CS (e.g., bell) when they reliably co-occur. 

Ivan Pavlov 
(1849-1936)

Slide credit:
Maria Eckstein

(mariaeckstein@deepmind.com)

mailto:mariaeckstein@deepmind.com
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The Rescorla-Wagner Model (1972)

RPE = λ - Σ[value(CS)]

value(CS) <- value(CS) + αCS * βUS * RPE

● Stimuli (CS) have “associative strength” (value)
○ Does the stimulus predict a US (reward)?

● When reward arrives, there might a “reward prediction error” (RPE)
○ Was the reward predicted by the present stimuli? 

● RPEs trigger learning: update values to predict reward better
○ λ is the maximum conditioning possible for the US
○ Learning speed depends on “salience” (αCS) and “association value” (βUS)

Q(s,a) <- Q(s,a) + α RPE

RPE = r + γ Q(s’,a’) - Q(s,a)

Combined predictive 
value of all stimuli

New value (after 
learning)

Old value (before 
learning)

Slide credit:
Maria Eckstein

(mariaeckstein@deepmind.com)

mailto:mariaeckstein@deepmind.com
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Rescorla-Wagner Example RPE = λ - Σ[value(CS)]

value(CS) <- value(CS) + αCS * βUS * RPE

[[Assume αCS * βUS = 0.5 and λ = 1]]

value(bell):
λ:
RPE: 
New value(bell):

0
1
1
0.5 

value(bell):
λ:
RPE: 
New value(bell):

0.5
1
0.5
0.75 

value(bell):
λ:
RPE: 
New value(bell):

0.75
1
0.25
0.865 

value(bell): 1

“Conditioned response”

???

Slide credit:
Maria Eckstein

(mariaeckstein@deepmind.com)

mailto:mariaeckstein@deepmind.com
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Blocking Example 

value(bell):
λ:
RPE: 
New value(bell):

value(bell):
value(light):
Σ[value(CS)]:
λ:
RPE: 
New value(bell):
New value(light):

1
0
1
1
0
1 (no change)
0 (no change)

1
1
0
1 (no change) 

???
value(light): 0

No “Conditioned response”

RPE = λ - Σ[value(CS)]

value(CS) <- value(CS) + αCS * βUS * RPE

[[Assume αCS * βUS = 0.5 and λ = 1]]

Slide credit:
Maria Eckstein

(mariaeckstein@deepmind.com)

mailto:mariaeckstein@deepmind.com
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Operant conditioning

value(press|lev):
reward:
RPE: 
New value(press|lev):

0
1
1
0.5 

value(press|lev):
reward:
RPE: 
New value(press|lev):

0.5
1
0.5
0.75 

value(press|lev): 1???
...

Quizz: According to this theory, 
what would the trained rat do 
when it is fully satiated and sees 
the lever? 
A) Press the lever
B) Not press the lever

RPE = reward - value(action|state)

value(action|state) <- 

value(action|state) + α * RPE

-> Link to “habitual” versus 
“goal-directed” behavior. 

Slide credit:
Maria Eckstein

(mariaeckstein@deepmind.com)

mailto:mariaeckstein@deepmind.com
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Multiple memory systems

● Short-term memory
● Working memory
● Social memory
● … 

[Henke, NatRevNeur, 2010; also Thompson & Kim, PNAS, 1996]
Slide credit:

Maria Eckstein
(mariaeckstein@deepmind.com)

mailto:mariaeckstein@deepmind.com
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RL from an AI 
perspective

Slide credit:
Maria Eckstein

(mariaeckstein@deepmind.com)

mailto:mariaeckstein@deepmind.com


Confidential - DeepMind    RL in the context of machine learning (ML)

Unsupervised learning: Learn 
patterns or structure in data

(e.g., dimensionality reduction, 
clustering, …)

Supervised learning: Learn to 
predict target(s)

(e.g., regression, classification, …)

Reinforcement Learning: Learn 
from interactions in the world, 
through a scalar reward signal Slide credit:

Maria Eckstein
(mariaeckstein@deepmind.com)

mailto:mariaeckstein@deepmind.com
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Agent: Learns a policy π that maps 
observations to actions, in order to 
maximize rewards.

Environment: E.g., experimental task; 
game (chess, Starcraft); factory 
(robotics); fusion reactor; …

Reward: 

● Extrinsic (food, water, 
hard-coded)

● Intrinsic (curiosity, novelty, 
empowerment, learning 
progress, compression, 
explanation, …)

Slide credit:
Maria Eckstein, Jane Wang, Feryal 

Behbahani
(mariaeckstein@deepmind.com)

mailto:mariaeckstein@deepmind.com


Confidential - DeepMind    The Markov Decision Process (MDP)

Markov Decision Processes 
allow us to formalize and 
solve the RL problem. 

Markov Property: The next 
state depends only on the 
current state and action, not on 
the entire history (e.g., chess). Slide credit:

Maria Eckstein, Jane Wang, Feryal 
Behbahani

(mariaeckstein@deepmind.com)

mailto:mariaeckstein@deepmind.com
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0

2 3

1 0

2 3

1 0

2 3

1

up, left

right

down

Empty cell: 0
Wall: -5
Goal: +10

Slide credit:
Maria Eckstein, Jane Wang, Feryal 

Behbahani
(mariaeckstein@deepmind.com)

mailto:mariaeckstein@deepmind.com
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Agent’s goal: Maximize (γ-discounted) sum of future 
rewards:

[assume γ = 0.9]

Qπ*(s0,aright) = 0 + 0.9 * 10 = 9

Qπ*(s1,adown) = 10 + 0.9 * 0 = 10

Policy and Values

To achieve this, the agent learns an action policy π:

How do we find this policy?

Using values! Once we have (optimal) values, 
executing the optimal policy is easy:

This works because values are defined as:

In MDP terms:

Slide credit:
Maria Eckstein, Jane Wang, Feryal 

Behbahani
(mariaeckstein@deepmind.com)

mailto:mariaeckstein@deepmind.com
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SARSA (on-policy control)

● Bootstrapping value updates based on 
“on-policy” (actual) experience

Practically: We can’t predict the future! (And we don’t want to…) All Q’s=0

Q(s0,right) <- 0+α
(0+γ*0-0) = 0

Q(s1,down) <- 0+α
(10+γ*0-0) = 5

Q(s0,right) <- 0+α
(0+γ*5-0) = 2.25

RPEnew value old value

reward Value next 
state

Old value

Q-learning (off-policy control)

● Bootstrapping value updates based on 
“off-policy” (hypothetical) experience

Best avail. action

Slide credit:
Maria Eckstein, Jane Wang, Feryal 

Behbahani
(mariaeckstein@deepmind.com)

mailto:mariaeckstein@deepmind.com


Confidential - DeepMind    Temporal Difference (TD) Learning Value(s) += ⍺ * RPE
RPE = r - Value(s)

Slide credit:
Jane Wang, Feryal Bebahani (@deepmind)

mailto:mariaeckstein@deepmind.com


Confidential - DeepMind    Learning the value function

SARSA (on-policy control)

● Bootstrapping value updates based on 
“on-policy” (actual) experience

Problem: We can’t predict the future! (And we don’t want to…) All Q’s=0

Q(s0,right) <- 0+α
(0+γ*0-0) = 0

Q(s1,down) <- 0+α
(10+γ*0-0) = 5

Q(s0,right) <- 0+α
(0+γ*5-0) = 2.25

RPEnew value old value

reward Value next 
state

Old value

Q-learning (off-policy control)

● Bootstrapping value updates based on 
“off-policy” (hypothetical) experience

Best avail. action

Slide credit:
Maria Eckstein

(mariaeckstein@deepmind.com)
Jane Wang, Feryal Bebahani (@deepmind)

mailto:mariaeckstein@deepmind.com
mailto:mariaeckstein@deepmind.com
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Exploration 

Slide credit:
Jane Wang, Feryal Bebahani

(@deepmind)

mailto:mariaeckstein@deepmind.com
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Slide credit:
Jane Wang, Feryal Bebahani

(@deepmind)

mailto:mariaeckstein@deepmind.com
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Cheat Sheet

Rescorla Wagner: keep track of reward expectations

TD Learning: +over time

SARSA: +control (on-policy)

Q-Learning: +control (off-policy)

Slide credit:
Maria Eckstein, Kim Stachenfeld

(mariaeckstein@deepmind.com, 
stachenfeld@deepmind.com)

mailto:mariaeckstein@deepmind.com


Confidential - DeepMind    Applications of RL
Protein Folding (alphaFold) Marketing, Advertising, and 

Recommender Systems (probably)

Finetuning Foundation Models for 
Preferences

Complex Control Problems (e.g. data 
centre cooling)

Slide credit:
Jane Wang

(wangjane@deepmind.com)

mailto:mariaeckstein@deepmind.com
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mailto:mariaeckstein@deepmind.com


RL in 
neuroscience

Slide credit:
Maria Eckstein

(mariaeckstein@deepmind.com)

mailto:mariaeckstein@deepmind.com


Confidential - DeepMind    The Neurotransmitter Dopamine 

Essential for theory of 
reinforcement 
learning! 



Confidential - DeepMind    Dopamine Reward Prediction Errors

[Montague et al., 1996; Schultz et al., 1997]

TD RPE = r + γ V(s’) - V(s)
RPE = r + γ V(sITI) - V(sITI)

    = 0 + γ 0      - 0 = 0

RPE = r + γ V(sITI) - V(sITI)

    = 1 + γ 0      - 0 = 1

RPE = r + γ V(sCS) - V(sITI)

    = 0 + γ 1     - 0 = 0.9

RPE = r + γ V(sITI) - V(sCS)

    = 1 + γ 0      - 1 = 0

RPE = r + γ V(sCS) - V(sITI)

    = 0 + γ 1     - 0 = 0.9

RPE = r + γ V(sITI) - V(sCS)

    = 0 + γ 0      - 1 = -1

● Converging evidence 
across studies and 
species

● Mostly in simple 
conditioning paradigms

[Niv, 2009]

sITI sCS sITI

sITI sCS sITI

sITI sITIsITI

Quizz: What does dopamine 
firing represent? 

Values:

V(sCS) = 1

V(sITI) = 0

Slide credit:
Maria Eckstein

(mariaeckstein@deepmind.com)

mailto:mariaeckstein@deepmind.com
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Human fMRI

Rewards / reward 
anticipation activate:

● Ventromedial 
prefrontal cortex

● Orbitofrontal cortex
● Striatum 

➢ Generalized 
appetitive 
function?

Slide credit:
Maria Eckstein, Anne Collins

(mariaeckstein@deepmind.com, 
annecollins@berkeley.edu)

mailto:mariaeckstein@deepmind.com
mailto:mariaeckstein@deepmind.com
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Slide credit:
Maria Eckstein

(mariaeckstein@deepmind.com)

mailto:mariaeckstein@deepmind.com


RL for 
Cognitive 
Modeling

Slide credit:
Maria Eckstein

(mariaeckstein@deepmind.com)

mailto:mariaeckstein@deepmind.com
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Result:

● “Cognitive process”
● Fitted parameters (individual differences) 
● Normative understanding (optimality)
● Quantitative methods, statistics 
● Complex, multi-step processes
● Precise prediction

What is Cognitive Modeling? 

Goal: Understand behavior, cognitive process

Method: 

● Find model (e.g., RL, Regression, DDM, …) 
● “Fit” model (find best parameters, using 

cross-entropy loss / negative log 
likelihood)

● Expand model
○ e.g., forgetting; reward vs punishment [Frank et al., 

2004]; WM [Collins & Frank, 2012]; counterfactuals 
[Boorman et al., 2011]; …

● Model comparison (AIC, BIC, WAIC, …)

RPE = r + γ Q(s’,a’) - Q(s,a)

Q(s,a) <- Q(s,a) + α * RPE

Slide credit:
Maria Eckstein

(mariaeckstein@deepmind.com)

mailto:mariaeckstein@deepmind.com


action = [             ]

state = [        ,          ]

reward = [0, +1]

What is RL Modeling?

+1

Goal Reward Algorithm  

action = [→, ←]

state = [                        ]

reward = [0, +1]

Ingredients 

+1
Choose one:

RPE = r + γ Q(s’,a’) - Q(s,a)

Q(s,a) <- Q(s,a) + α * RPE

RPE = r + γ Q(s’,a’) - Q(s,a)

Q(s,a) <- Q(s,a) + α * RPE
Slide credit:

Maria Eckstein
(mariaeckstein@deepmind.com)

mailto:mariaeckstein@deepmind.com


Confidential - DeepMind    A Recipe for Cognitive Modeling

Choose 
one:

[Wilson & Collins, 2019. eLife] Slide credit:
Anne Collins

(annecollins@berkeley.edu)

mailto:mariaeckstein@deepmind.com


Learning to Reversal Learn

Goal: Understand age trajectory of reversal learning

Win          Loss

Age (yrs)

● Best performance at ~13-15

Why? Cognitive mechanism? 

[Eckstein, Master, Dahl, Wilbrecht & Collins, 2022. DCN]

RPE = r - Q(s,a)

Q(s,a) <- Q(s,a) + α * RPE

Age (yrs)
p

er
se

ve
ra

nc
e 

α 
p

os
it

iv
e 

Slide credit:
Maria Eckstein

(mariaeckstein@deepmind.com)

mailto:mariaeckstein@deepmind.com


Learning to Reversal Learn

Goal: Understand age trajectory of reversal learning

Win          Loss

Age (yrs)

● Best performance at ~13-15

Why? Cognitive mechanism? 

[Eckstein, Master, Dahl, Wilbrecht & Collins, 2022. DCN]

p(st|at, rt) ∝ 
p(at, rt|st) * p(st)

“Left is correct” “Right is correct”

p(switch)

p(switch)

p(rew|cor) p(rew|inc) p(rew|inc) p(rew|cor)

Age (yrs)

Slide credit:
Maria Eckstein

(mariaeckstein@deepmind.com)

mailto:mariaeckstein@deepmind.com


Model-based or model-free RL?
Model-free: SARSA

At both stages:

RPE = r - Q(s,a) + Q(s’,a’)

QMF(s,a) <- Q(s,a) + α * RPE

Model-based

Stage 2:

RPE = r - Q(s’,a’)

Q(s’,a’) <- Q(s’,a’) + α * RPE

Hybrid

Q(s,a) = w * QMF(s,a) + (1 - w) * QMB(s,a)

Stage 1: s

Stage 2: s’
Model-based

Stage 2:

RPE = r - Q(s’,a’)

Q(s’,a’) <- Q(s’,a’) + α * RPE

Stage 1:

QMB(s,a) = p(sA’|s,a) * maxa Q(sA’,a’) + 
p(sB’|s,a) * maxa Q(sB’,a’)

Slide credit:
Maria Eckstein

(mariaeckstein@deepmind.com)

mailto:mariaeckstein@deepmind.com


Model-based or model-free RL?
Model-free: SARSA

At both stages:

RPE = r - Q(s,a) + Q(s’,a’)

QMF(s,a) <- Q(s,a) + α * RPE

Model-based

Stage 2:

RPE = r - Q(s’,a’)

Q(s’,a’) <- Q(s’,a’) + α * RPE

Hybrid

Q(s,a) = w * QMF(s,a) + (1 - w) * QMB(s,a)

Model-based

Stage 2:

RPE = r - Q(s’,a’)

Q(s’,a’) <- Q(s’,a’) + α * RPE

Stage 1:

QMB(s,a) = p(sA’|s,a) * maxa Q(sA’,a’) + 
p(sB’|s,a) * maxa Q(sB’,a’)

Results: 

● Hybrid models (LL=3.364) fits data better than MF 
alone (LL=3.418) or MB alone (LL=3.501)

● Fitted value of w (median across subjects): 0.39

MF RPE MB difference 
regressor

Conjunction 
MF and MB

Slide credit:
Maria Eckstein

(mariaeckstein@deepmind.com)

mailto:mariaeckstein@deepmind.com
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1. Introduction 
2. RL from a psychology perspective
3. RL from an AI perspective
4. RL from a neuroscience perspective
5. Bringing it all together: RL as a cognitive model
6. Conclusion 

Slide credit:
Maria Eckstein

(mariaeckstein@deepmind.com)

mailto:mariaeckstein@deepmind.com


Conclusion 

Slide credit:
Maria Eckstein

(mariaeckstein@deepmind.com)

mailto:mariaeckstein@deepmind.com


Confidential - DeepMind    

Computational modeling is on the rise!

[Palminter et al., 2017]
Slide credit:

Anne Collins
(annecollins@berkeley.edu)

mailto:mariaeckstein@deepmind.com
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Where do rewards come from?

Evolution? Economists?

● Intrinsic / extrinsic? 
● Innate / learned?
● Context-dependent? 
● Individual differences?

Slide credit:
Kim Stachenfeld

(stachenfeld@deepmind.com)
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Exploration 

● Epsilon-greedy / 
softmax?

● Structured 
exploration?

● Intrinsic goals? 
● Sparse rewards

Slide credit:
Kim Stachenfeld

(stachenfeld@deepmind.com)
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Credit Assignment

How to link distal outcomes to earlier causes despite many 
intervening events?

How to generalize over similar + different instances?

How to use knowledge of structure inform credit assignment?

Beginning End

Slide credit:
Kim Stachenfeld

(stachenfeld@deepmind.com)



Models as Maps

Original Model

● Cognitive model = map
○ Smaller, more abstract
○ Loose information

● Different maps
○ Depending on the purpose
○ No one “true” map

Slide credit:
Maria Eckstein

(mariaeckstein@deepmind.com)

mailto:mariaeckstein@deepmind.com
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Slide credit:
Maria Eckstein
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Confidential - DeepMind    Want to Learn More?

Books

● Reinforcement Learning: an Introduction by Sutton & Barto

● Algorithms for Reinforcement Learning by Csaba Szepesvari

Lectures and course

● Neuromatch Lecture on RL by Jane Wang and Feryal Behbahani 

● RL Course by David Silver

● Reinforcement Learning Course | UCL & DeepMind

● Emma Brunskill Stanford RL Course

● RL Course on Coursera by Martha White & Adam White

More practical

● Spinning Up in Deep RL by Josh Achiam

● Acme white paper & Colab tutorial

● OpenAI Gym

Slide credit:
Maria Eckstein, Kim Stachenfeld

(mariaeckstein@deepmind.com, 
stachenfeld@deepmind.com)

http://incompleteideas.net/book/RLbook2018.pdf
https://sites.ualberta.ca/~szepesva/papers/RLAlgsInMDPs.pdf
https://docs.google.com/presentation/d/1SspkoRiILE1xGUE0_iRboo-ALqXJVEZCt8IlgWOKgGo/edit?resourcekey=0-gFuj1C_wUqxJ2qPHPTceAQ#slide=id.ge0f8567c50_0_73
https://www.youtube.com/playlist?list=PLzuuYNsE1EZAXYR4FJ75jcJseBmo4KQ9-
https://www.youtube.com/playlist?list=PLqYmG7hTraZBKeNJ-JE_eyJHZ7XgBoAyb
https://www.youtube.com/playlist?list=PLoROMvodv4rOSOPzutgyCTapiGlY2Nd8u
https://www.coursera.org/specializations/reinforcement-learning
https://spinningup.openai.com/en/latest/
http://go/arxiv/2006.00979
https://github.com/deepmind/acme/blob/master/examples/tutorial.ipynb
https://github.com/openai/gym
mailto:mariaeckstein@deepmind.com
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Slide credit:
Maria Eckstein
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Confidential - DeepMind    Theory-driven vs Data-driven Models

a r

“You won 
81 points!”

a r

ras

s

Vanilla RNN

RNN   RL

M
od

el
 F

it
 (

Te
st

 lo
ss

) Trade-offs

● Predictive power (RNN) vs 
Interpretability (RL)

● What makes a good model? 
[Navarro, 2019; Box, 1979; Eckstein et al., 2021]

Uncover the cognitive process

● Why is RL underperforming?
● Which cognitive processes are 

missing? 
● Which assumptions are wrong? a r

rav

v

Classic RL

δ = r - v(a)
v(a) += α * δ

Maria Eckstein | twitter: @eckstein_maria

s

s

ra

[Heo et al., 2021]

[Heo et al., 2021]

Articles, Behavioral/Cognitive

Deep Neural 
Networks Reveal a 
Gradient in the 
Complexity of 
Neural 
Representations 
across the Ventral 
Stream
Umut Güçlü and Marcel A. J. van Gerven

Journal of Neuroscience 8 July 2015

Analyze 
activations

Cognitive 
development [van den Bos et al., 

2012; Lefebvre et al., 
2017; Nussenbaum & 
Hartley, 2019; Master 
et al., 2020; Eckstein 
et al., 2022]

[Daw et al., 2006; 
Miller et al., …]

Brain 
function

[Daw et al., 2006; 
O’Doherty et al., 2007; 

Dayan & Niv, 2008; 
Miller et al., 2017; 

Starkweather et al., 
2018]

Psychiatry
[Maia & Frank, 2011; 
Montague et al., 2012; 
Huys et al., 2016; 
Redish & Gordon, 2016; 
Hauser et al., 2019]

Explainability…

Analyze 
dynamics

Abstraction, 
Model-based, 

Habits, 
Exploration, 

Sequences, …

Slide credit:
Maria Eckstein

(mariaeckstein@deepmind.com)

mailto:mariaeckstein@deepmind.com


Confidential - DeepMind    Dataset

“F”

<4.000 
msec

Choice 

400 msec

Chosen 
stimulus

You won 81 
points!

800 msec

Reward

+

500 msec

Inter-trial 
interval

Key points

● 4-armed bandit
● Arms drift independently

Original task

● 14 participants, 150 trials, fMRI [Daw et 
al., 2006]

Our version

● 880 participants
● Several blocks (1 training block, several 

testing blocks à 150 trials)
● Online (prolific)
● Exclusion: 2% of participants, 0.6% of 

blocks

Slide credit:
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δ = r - v(a)
v(a) += α * δR

L

v(a) r

a

R
N

N R
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el
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R
N

N
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Old value
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Old value

N
ew
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Conclusion

● RNN-v fits better than RL
● Human learning is 

different from pure RL 
theory

[Eckstein, Daw, Summerfield, & Miller, 2023, CogSci]

R
N

N
-v

v(a) r

a

v

v(a) += 

● But still a big gap in 
model fit

● Test other assumptions 
of RL 

Slide credit:
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Reward-independent processes

[e.g., Gillan et al., 2015; Miller et al., 2019; 
Sugawara & Katahira, 2021; …]

Memory / Context 
[e.g., Collins & Frank, 2012; Palminteri et al., 
2015; Davidow et al., 2016; Gershman & Daw, 
2017; Wang et al., 2018; Ramani, 2019; …]

[Eckstein, Daw, Summerfield, & Miller, 2023, in prep]
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Generic Machine 
Learning Models

● Classic Cognitive modeling
● ML models as benchmarks
● ML models for post-hoc interpretability
● Interpretability-encouraging architectures
● Hybrid models

● Combining them!

● Your ideas?

Goal

● Quantitative models of behavior: A key tool 
for Comp. Cog. Neuro.

“In
te

rp
re

ta
b

ili
ty

”

Fit to Dataset 

Cognitive Models

Slide credit:
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