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Another  active  field  that  combines  computation,
machine  learning,  neurophysiology,  fMRI

Pavlov  and  classical  conditioning

Pavlov  and  classical  conditioning

Modern  terminology
• Stimuli
• Rewards
• Expectations  of  reward:  behavior  is  learned  
based  on  expectations  of  reward
• Can  learn  based  on  consequences  of  actions  
(instrumental  conditioning);;  can  learn  whole  
sequence  of  actions  (example:  maze)

Rescorla-Wagner  rule  (1972)
• Can  describe  classical  conditioning  and  
range  of  related  effects
• Based  on  simple  linear  prediction  of  reward  
associated  with  a  stimulus  (error  based  
learning)
• Includes  weight  updating  as  in  the  perceptron  
rule  we  did  in  lab,  but  we  learn  from  error  in  
predicting  reward

Rescorla-Wagner  rule  (1972)
• Minimize  difference  between  received  reward  
and  predicted  reward
• Binary  variable  u  (1  if  stimulus  is  present;;  0  if  
absent)
• Predicted  reward  v
• Linear  weight  w

v = wu
• If  stimulus  u  is  present:

v=w

based  on  Dayan  and  Abbott  book

Rescorla-Wagner  rule  (1972)
• Minimize  squared  error  between  received  
reward  r  and  predicted  reward  v:

(r − v)
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ntially use this knowledge to maximize the likeliof rewards and to minimize the occurrence of
shments.
he most intuitive way to learn to predict future reward
punishments is via error correction. The principle here
mple: make the best prediction you can, observe actual
ts and if your prediction was wrong, update your
ledge-base so that future predictions are more accuThis is the basis of the extremely influential Rescorlaner [10] model of classical conditioning. For example,
ine trying to predict how good a bottle of wine will be.
ing a bottle of Bordeaux that has been aging in your
r, you are delighted with its sophisticated flavor.
gh you might have hoped for this, you were, presumless than 100% certain that the wine had not passed
rime. As a result, there is a difference between your
ction – say, 70% chance of a good bottle of wine – and
ty. This error can be used to make your prediction
accurate in the future. Of course not all Bordeaux are
, so rather than update your prediction to match
ly the current situation – 100% – you might update
prediction to some other probability, say 85%, reflecf the higher likelihood of a good 10-year-old Bordeaux.
ugh this trial-and-error process of adjustment, over
y bottles of wine, you will eventually learn the correct
cted reward derived from different types and ages of

In  Niv and  Schoenbaum
2009  
Q2: Reinforcement
learning models of the dopamine

he key computational quantity that drives learning in
example is the discrepancy between predictions and

system have been associated with a slightly different
concept – a temporal difference prediction error. How is
this different from the Rescorla-Wagner prediction
error?

Rescorla-Wagner  rule  (1972)
• Minimize  squared  error  between  received  
reward  r  and  predicted  reward  v:

(r − v)
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(average  over  presentations  of  stimulus  and  
reward)
• Update  weight:

w → w + ε (r − v)u
ε learning  rate
Also  known  as  delta  learning  rule:

δ =r−v

• Update  weight:

w → w + ε (r − v)u
• Simpler  notation:  if  a  stimulus  is  presented  at  
trial  n  (we’ll  just  take  u  as  1  and  set  v  to  w):

!"#$ = !" + '()" − !" )

based  on  Dayan  and  Abbott  book

• So  if  a  stimulus  is  presented  at  trial  n:

!"#$ = !" + '()" − !" )
• What  happens  when  learning  rate  =  1?
• What  happens  when  it  is  smaller  than  1?

Acquisition  and  extinction
approaches  w=r

extinction

• Solid:  First  100  trials:  reward  (r=1)  paired  with  
stimulus;;  next  100  trials  no  reward  (r=0)  
paired  with  stimulus  (learning  rate  .05)
• Dashed:  Reward  paired  with  stimulus  
randomly  50  percent  of  time
From  Dayan  and  Abbott  book

Acquisition  and  extinction
approaches  w=r
Association  of  
stimulus  
With  reward  
weaker  here

• Solid:  First  100  trials:  reward  (r=1)  paired  with  
stimulus;;  next  100  trials  no  reward  (r=0)  
paired  with  stimulus  (learning  rate  .05)
• Dashed:  Reward  paired  with  stimulus  
randomly  50  percent  of  time
From  Dayan  and  Abbott  book

Acquisition  and  extinction

• Curves  show  w  over  time
• What  is  the  predicted  reward  v  and  the  error  
(r-v)?
From  Dayan  and  Abbott  book

Acquisition  and  extinction
Predict  reward
Reward  absent

Predict  none
Reward  present

• Curves  show  w  over  time
• What  is  the  predicted  reward  v  and  the  error  
(r-v)?
From  Dayan  and  Abbott  book
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1

0.8

0.6

0.4

0.2

0

-0.2

-0.4

-0.6

-0.8

-1

0

50

100

• Black  curve:  v
• Blue  curve:  (r-v)

From  Dayan  and  Abbott  book
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Dopamine  areas
Dorsal  Striatum  (Caudate,  Putamen)  
Prefrontal  Cortex

(Ventral  Striatum)

Amygdala
Ventral Tegmental
Area

Substantia Nigra

From  Dayan  slides

Dopamine  roles?

Dopamine  roles?

Associated  with…
•
•
•
•

reward  (we’ll  see  prediction  error)
self-stimulation
motor  control  (initiation)
addiction

VTA  Activity  of  dopaminergic  neurons

• Monkey  trained  to  respond  to  light  or  sound  for  food  and
drink  rewards  (instrumental  conditioning)
• Finger  on  resting  key  until  sound  is  presented
• Then  release  key  to  get  reward
Schultz,  Dayan,  Montague,  1997
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Shortcomings  of  Rescorla-Wagner:
Example:  secondary  conditioning
Train:

Test:
??
Based  on  Peter  Dayan  slides

Shortcomings  of  Rescorla-Wagner:
Example:  secondary  conditioning
Train:

Test:
Animals  learn  (more  
generally,  actions  that
lead  to  longer  term  rewards)

Shortcomings  of  Rescorla-Wagner:
Example:  secondary  conditioning
Train:

Test:

Rescorla-Wagner  would  predict  
no  reward;;  only  predicts  immediate
reward

1990s:  Sutton  and  Barto
(Computer  Scientists)

Now  also
New  edition

1990s:  Sutton  and  Barto
(Computer  Scientists)
• Rescorla-Wagner
VERSUS
• Temporal  Difference  Learning:  
Predict  value  of  future rewards  (not  just  current)

Temporal  Difference  Learning
• Predict  value  of  future rewards

From  Dayan  slides

Temporal  Difference  Learning

•

Predict  value  of  future rewards  

•

Predictions  are  useful  for  behavior

•

Generalization  of  Rescorla-Wagner  to  real  time

•

Explains  data  that  Rescorla-Wagner  does  not

Based  on  Dayan  slides

Rescorla-Wagner

v =r
δn = rn − vn

Want                                                    (here  n  represents  a  trial)
n
n
Error

wn+1 = wn + εδn ;
vn+1 = vn + εδn

Temporal  Difference  Learning

v = rt + rt+1 + rt+2 + rt+3....

Want             t

(here  t  represents  time  within  a  trial;;  reward  can  
come  at  any  time  within  a  trial.  Sutton  and  Barto
interpret                as  the  prediction  of  total  future  
t
reward  expected  from  time  t  onward  until  the  
end  of  the  trial)

v

Based  on  Dayan  slides;;  Daw slides

Temporal  Difference  Learning

v = rt + rt+1 + rt+2 + rt+3....

Want             t

(here  t  represents  time  within  a  trial;;  reward  can  
come  at  any  time  within  a  trial.  Sutton  and  Barto
interpret                as  the  prediction  of  total  future  
t
reward  expected  from  time  t  onward  until  the  
end  of  the  trial)

v

Prediction  error:

δt = (rt + rt+1 + rt+2 + rt+3....) −Vt

Temporal  Difference  Learning

v = rt + rt+1 + rt+2 + rt+3....

Want             t

(here  t  represents  time  within  a  trial;;  reward  can  
come  at  any  time  within  a  trial.  Sutton  and  Barto
interpret                as  the  prediction  of  total  future  
t
reward  expected  from  time  t  onward  until  the  
end  of  the  trial)

v

Prediction  error:

δt = (rt + rt+1 + rt+2 + rt+3....) −Vt
Problem??
Based  on  Dayan  slides;;  Daw slides

putational models, we can appreciate fully what this role
is, as well as what it isn’t (Box 1).
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and  Schoenbaum,  Trends  Cog  Sci 2009  
Box 1. What are some of the outstanding questions
regarding prediction error encoding in the brain?

Temporal  Difference  Learning

v = rt + rt+1 + rt+2 + rt+3....

Want             t

(here  t  represents  time  within  a  trial)
But  we  don’t  want  to  wait  forever  for  all  future  
rewards…

rt+1;rt+2 ;rt+3....

Temporal  Difference  Learning

v = rt + rt+1 + rt+2 + rt+3....

Want             t

(here  t  represents  time  within  a  trial)
Recursion
“trick”:

vt = rt + vt+1
Reward  now  plus  my  
anticipation
now  equals  total  
anticipated  future

Based  on  Dayan  slides;;  Daw slides

Temporal  Difference  Learning
From  recursion
want:
t

v = rt + vt+1

Error:

δt = rt + vt+1 − vt
Difference  between  what  
I  anticipate  at
time  t+1  and  what  I  
anticipate  at  time  t

Temporal  Difference  Learning
From  recursion
want:

vt = rt + vt+1

Error:

δt = rt + vt+1 − vt

Update:

RV  versus  TD
• Rescorla-Wagner  error:  (n  represents  trial)

δn = rn − vn
• Temporal  Difference  Error:  (t  is  time  within  a  
trial)

δt = rt + vt+1 − vt
Name  comes  from!

Temporal  Difference  Learning
• Temporal  Difference  Error:  (t  is  time  within  a  
trial)

δt = rt + vt+1 − vt
Name  comes  from!

vt+1 = vt
vt+1 > vt
vt+1 < vt

Predictions  steady
Got  better
Got  worse
Based  on  Daw slides

Temporal  Difference  Learning

Late  trials:  error  
when  stimulus
Early  trials:  error  
when  reward
Dayan  and  Abbott  Book:  Surface  plot  of  prediction  error
(stimulus  at  100;;  reward  at  200)

mine neurons (55 to 80%).
risingly, after repeated pairings of
nd auditory cues followed by reward,
ne neurons change the time of their
ctivation from just after the time of
delivery to the time of cue onset. In
k, a naı̈ve monkey is required to
lever after the appearance of a small
efore training and in the initial
of training, most dopamine neurons
short burst of impulses after reward
(Fig. 1, top). After several days of
, the animal learns to reach for the

pamine neurons respond to stimuli that predict aversive outcomes.
The language used in the foregoing description already incorporates the idea that
dopaminergic activity encodes expectations
about external stimuli or reward. This interBefore  
pretationlearning
of these data provides a link to an
established body of computational theory (6,
Stimulus
7). From this perspective,
one
sees that dopat
mine neurons do not simply report the occurrence of appetitive events. Actual  
Rather,
their outreward
puts appear to code tfor a deviation or error
between the actual rewardPrediction  
received
and
pretotal  
reward
from  t  to  end  
rial
dictions of the time and
ofof  treward.
t magnitude
These neurons are activated only if the time
of the reward is uncertain, that is, unpredicted
Difference  
t+1  and  t are
t neurons
by any preceding cues.t+1
Dopamine
therefore excellent feature detectors of the
“goodness” of environmental
t
t events
t+1relativet
to learned predictions about
those
Prediction  
error   events.
They emit a positive signal (increased spike
production) if an appetitive event is better
than predicted, no signal (no change in spike
production) if an appetitive event occurs as
predicted, and a negative signal (decreased

Temporal  Difference  Learning

pamine neurons report an error
the prediction of reward?

(No CS)

R

u

r
v

v −v
δ =r +v −v

dopamine neurons change the time of their scription already incorporates the idea that
phasic activation from just after the time of dopaminergic activity encodes expectations
reward delivery to the time of cue onset. In about external stimuli or reward. This interone task, a naı̈ve monkey is required to pretation of these data provides a link to an
touch a lever after the appearance of a small established body of computational theory (6,
light. Before training and in the initial 7). From this perspective, one sees that dopaphases of training, most dopamine neurons mine neurons do not simply report the occurearning
show a short burst of impulses after rewardAfter  
rencelof
appetitive events. Rather, their outdelivery (Fig. 1, top). After several days of puts appear to code for a deviation or error
training, the animal learns to reach for the between the actual reward received
Stimulusand predictions of the time andt magnitude of reward.
These neurons are activated only if the time
Do dopamine neurons report an error
of the reward is uncertain, thatActual  
is, unpredicted
reward
t
in the prediction of reward?
by any preceding cues. Dopamine neurons are
therefore excellent feature detectors
of the
iction
Prediction  total  reward
occurs
“goodness” of environmental
events
from  
t  to  erelative
nd  of  trial
t
to learned predictions about those events.
They emit a positive signal (increased spike
production) if an appetitive event is Difference  
better
t+1  
and  t
t+1(no change
t in spike
(No CS)
R
than predicted, no signal
production) if an appetitive event occurs as
predicted
predicted, and a negative
t signal
t (decreased
t+1
occurs
spike production) if an appetitive event is
Prediction  error  
worse than predicted (Fig. 1).

predicted
ard occurs

Temporal  Difference  Learning

u

r
v

v −v
δ = r + v − vt

Computational Theory and Model
CS

R

The TD algorithm (6, 7) is particularly well
suited to understanding the functional role

ning, the animal learns to reach for the

between the actual reward received and predictions of the time and magnitude of reward.
These neurons are activated only if the time
of the reward is uncertain, that is, unpredicted
by any preceding cues. Dopamine neurons are
therefore excellent feature detectors of the
“goodness” of environmental events relative
After  
learning
to learned predictions about those events.
They emit a positive signal (increased spike
Stimulus
production) if an appetitive
event is better
t
than predicted, no signal (no change in spike
production) if an appetitive
event occurs as
Actual  reward
t
predicted, and a negative
signal (decreased
spike production) if an appetitive
event is
Prediction  total  reward
worse than predicted t(Fig. 1).
from  t  to  end  of  trial

Temporal  Difference  Learning

Do dopamine neurons report an error
in the prediction of reward?

n
urs

u

(No CS)

R

r
v

dicted
urs

CS

Computational Theory andDifference  
Model
t+1
t t+1  and  t

v −v
The TD algorithm (6, 7) is particularly well
suited to understanding
the
functional
role
δ
=
r
+
v
−
v
t
t
t+1
played by the dopamine signal in terms of t

R

dicted
occurs

-1

0
CS

1

2s
(No R)

ering the reward liquid (top) or the onset of the

Prediction  
rror  
the information it constructs
andebroadcasts
(8, 10, 12). This work has used fluctuations
in
dopamine
activity
in dual roles
(i) as a
What  
should  
change  
in  figure
supervisory signal for synaptic weight
above  to  match  data?
changes (8, 10, 12) and (ii) as a signal to
influence directly and indirectly the choice

ning, the animal learns to reach for the

between the actual reward received and predictions of the time and magnitude of reward.
These neurons are activated only if the time
of the reward is uncertain, that is, unpredicted
by any preceding cues. Dopamine neurons are
therefore excellent feature detectors of the
“goodness” of environmental events relative
After  
learning,  and  no  reward
to learned predictions about those events.
They emit a positive signal (increased spike
Stimulus
production) if an appetitive
event is better
t
than predicted, no signal (no change in spike
production) if
event
occurs as
x an appetitiveActual  
reward
t
predicted, and a negative
signal (decreased
spike production) if an appetitive
event is
Prediction  total  reward
worse than predicted t(Fig. 1).
from  t  to  end  of  trial

Temporal  Difference  Learning

Do dopamine neurons report an error
in the prediction of reward?

n
urs

u

(No CS)

R

r
v

dicted
urs

CS

Computational Theory andDifference  
Model
t+1
t t+1  and  t

v −v
The TD algorithm (6, 7) is particularly well
suited to understanding
the
functional
role
δ
=
r
+
v
−
v
Dip
t
t
t+1
played by the dopamine signal in terms of t

R

dicted
occurs

-1

0
CS

1

2s
(No R)

ering the reward liquid (top) or the onset of the

Prediction  
rror  
the information it constructs
andebroadcasts
(8, 10, 12). This work has used fluctuations
in Here  reward  
dopamine activity is  0  and  
in dual roles (i) as a
supervisory signal for synaptic weight
Prediction  error  should  dip
changes (8, 10, 12) and (ii) as a signal to
influence directly and indirectly the choice

ning, the animal learns to reach for the

between the actual reward received and predictions of the time and magnitude of reward.
These neurons are activated only if the time
of the reward is uncertain, that is, unpredicted
by any preceding cues. Dopamine neurons are
therefore excellent feature detectors of the
“goodness” of environmental events relative
After  
learning,  and  no  reward
to learned predictions about those events.
They emit a positive signal (increased spike
Stimulus
production) if an appetitive
event is better
t
than predicted, no signal (no change in spike
production) if
event
occurs as
x an appetitiveActual  
reward
t
predicted, and a negative
signal (decreased
spike production) if an appetitive
event is
Prediction  total  reward
worse than predicted t(Fig. 1).
from  t  to  end  of  trial

Temporal  Difference  Learning

Do dopamine neurons report an error
in the prediction of reward?

n
urs

u

(No CS)

R

r
v

dicted
urs

CS

Computational Theory andDifference  
Model
t+1
t t+1  and  t

v −v
The TD algorithm (6, 7) is particularly well
suited to understanding
the
functional
role
δ
=
r
+
v
−
v
Dip
t
t
t+1
played by the dopamine signal in terms of t

R

dicted
occurs

-1

0
CS

1

2s
(No R)

ering the reward liquid (top) or the onset of the

Prediction  
rror  
the information it constructs
andebroadcasts
(8, 10, 12). This work has used fluctuations
in Neural  
dopamine ractivity
in dualrelated  
roles (i) as
esponses  
toa
supervisory signal for synaptic weight
prediction  error
changes (8, 10, 12) and (ii) as a signal to
influence directly and indirectly the choice

Temporal  Difference  Learning
After  learning

ut

rt
vt
vt+1 − vt
δt = rt + vt+1 − vt
What  about  anticipation  of  future  rewards?

Temporal  Difference  Learning
Striatal  neurons  (activity  that  precedes  rewards  and  
changes  with  learning)
start
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(Daw)

What  about  anticipation  of  future  rewards?
From  Dayan  slides

Summary
Marr’s  3  levels:
• Problem:  Predict  future  reward
• Algorithm:  Temporal  Difference  Learning  
(generalization  of  Rescorla-Wagner)
• Implementation:  Dopamine  neurons  signaling
error  in  reward  prediction

Based  on  Dayan  slides

What  else
• Applied  in  more  sophisticated  sequential  
decision  making  tasks  with  future  rewards
• Foundation  of  a  lot  of  active  research  in
Machine  Learning,  Computational  Neuroscience,
Biology,  Psychology

More  sophisticated  tasks

Dayan  and  Abbott  book
Reward  based  on  sequence  of  actions

Recent  example  in  machine  learning
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Human-level control through deep reinforcement
learning
Volodymyr Mnih1*, Koray Kavukcuoglu1*, David Silver1*, Andrei A. Rusu1, Joel Veness1, Marc G. Bellemare1, Alex Graves1,
Martin Riedmiller1, Andreas K. Fidjeland1, Georg Ostrovski1, Stig Petersen1, Charles Beattie1, Amir Sadik1, Ioannis Antonoglou1,
Helen King1, Dharshan Kumaran1, Daan Wierstra1, Shane Legg1 & Demis Hassabis1

The theory of reinforcement learning provides a normative account1,
deeply rooted in psychological2 and neuroscientific3 perspectives on
animal behaviour, of how agents may optimize their control of an
environment. To use reinforcement learning successfully in situations
approaching real-world complexity, however, agents are confronted
with a difficult task: they must derive efficient representations of the
environment from high-dimensional sensory inputs, and use these
to generalize past experience to new situations. Remarkably, humans
and other animals seem to solve this problem through a harmonious
combination of reinforcement learning and hierarchical sensory processing systems4,5, the former evidenced by a wealth of neural data
revealing notable parallels between the phasic signals emitted by dopa-

agent is to select actions in a fashion that maximizes cumulative future
reward. More formally, we use a deep convolutional neural network to
approximate the optimal action-value function
!
"
Q! ðs,aÞ~ max rt zcrtz1 zc2 rtz2 z . . . jst ~s, at ~a, p ,
p

which is the maximum sum of rewards rt discounted by c at each timestep t, achievable by a behaviour policy p 5 P(ajs), after making an
observation (s) and taking an action (a) (see Methods)19.
Reinforcement learning is known to be unstable or even to diverge
when a nonlinear function approximator such as a neural network is
used to represent the action-value (also known as Q) function20. This
instability has several causes: the correlations present in the sequence

Mnih et al.  Nature  518,  529–533;;  2015

Scholkopf.  News  and Views;;  Nature  2015
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Figure 1 | Schematic illustration of the convolutional neural network. The
details of the architecture are explained in the Methods. The input to the neural
network consists of an 84 3 84 3 4 image produced by the preprocessing
map w, followed by three convolutional layers (note: snaking blue line

symbolizes sliding of each filter across input image) and two fully connected
layers with a single output for each valid action. Each hidden layer is followed
by a rectifier nonlinearity (that is, maxð0,xÞ).

difficult and engaging for human players. We used the same network
architecture, hyperparameter values (see Extended Data Table 1) and
learning procedure throughout—taking high-dimensional data (210|160
colour video at 60 Hz) as input—to demonstrate that our approach

reinforcement learning literature on the 49 games where results were
available12,15. In addition to the learned agents, we also report scores for
a professional human games tester playing under controlled conditions

Mnih et al.  Nature  518,  529–533;;  2015
We compared DQN with the best performing methods from the
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Figure 3 | Comparison of the DQN agent with the best reinforcement
learning methods15 in the literature. The performance of DQN is normalized
with respect to a professional human games tester (that is, 100% level) and
random play (that is, 0% level). Note that the normalized performance of DQN,
expressed as a percentage, is calculated as: 100 3 (DQN score 2 random play
score)/(human score 2 random play score). It can be seen that DQN

4,500%

outperforms competing methods (also see Extended Data Table 2) in almost all
the games, and performs at a level that is broadly comparable with or superior
to a professional human games tester (that is, operationalized as a level of
75% or above) in the majority of games. Audio output was disabled for both
human players and agents. Error bars indicate s.d. across the 30 evaluation
episodes, starting with different initial conditions.
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