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Es9mate	  value	  of	  a	  choice:	  V	  
predic9on	  error:	  [Observed	  -‐	  predicted]	  reward	  
Update	  es9mate:	  
	  

Vt+1ß	  Vt	  +	  α(rt-‐Vt)	  

Sutton, Barto 1998 



Neuro	  

Montague et al 1996, Schultz et al 1997

Information Encoded in
Dopaminergic Activity

Dopamine neurons of the ventral tegmental
area (VTA) and substantia nigra have long
been identified with the processing of re-
warding stimuli. These neurons send their
axons to brain structures involved in moti-
vation and goal-directed behavior, for ex-
ample, the striatum, nucleus accumbens,
and frontal cortex. Multiple lines of evi-
dence support the idea that these neurons
construct and distribute information about
rewarding events.

First, drugs like amphetamine and co-
caine exert their addictive actions in part by
prolonging the influence of dopamine on
target neurons (14). Second, neural path-
ways associated with dopamine neurons are
among the best targets for electrical self-
stimulation. In these experiments, rats press
bars to excite neurons at the site of an im-
planted electrode (15). The rats often
choose these apparently rewarding stimuli
over food and sex. Third, animals treated
with dopamine receptor blockers learn less
rapidly to press a bar for a reward pellet (16).
All the above results generally implicate
midbrain dopaminergic activity in reward-
dependent learning. More precise informa-
tion about the role played by midbrain do-
paminergic activity derives from experiments
in which activity of single dopamine neurons
is recorded in alert monkeys while they per-
form behavioral acts and receive rewards.

In these latter experiments (17), dopa-
mine neurons respond with short, phasic
activations when monkeys are presented
with various appetitive stimuli. For exam-
ple, dopamine neurons are activated when
animals touch a small morsel of apple or
receive a small quantity of fruit juice to the
mouth as liquid reward (Fig. 1). These pha-
sic activations do not, however, discrimi-
nate between these different types of re-
warding stimuli. Aversive stimuli like air
puffs to the hand or drops of saline to the
mouth do not cause these same transient
activations. Dopamine neurons are also ac-
tivated by novel stimuli that elicit orienting
reactions; however, for most stimuli, this
activation lasts for only a few presentations.
The responses of these neurons are relative-
ly homogeneous—different neurons re-
spond in the same manner and different
appetitive stimuli elicit similar neuronal re-
sponses. All responses occur in the majority
of dopamine neurons (55 to 80%).

Surprisingly, after repeated pairings of
visual and auditory cues followed by reward,
dopamine neurons change the time of their
phasic activation from just after the time of
reward delivery to the time of cue onset. In
one task, a naı̈ve monkey is required to
touch a lever after the appearance of a small
light. Before training and in the initial
phases of training, most dopamine neurons
show a short burst of impulses after reward
delivery (Fig. 1, top). After several days of
training, the animal learns to reach for the

lever as soon as the light is illuminated, and
this behavioral change correlates with two
remarkable changes in the dopamine neu-
ron output: (i) the primary reward no longer
elicits a phasic response; and (ii) the onset
of the (predictive) light now causes a phasic
activation in dopamine cell output (Fig. 1,
middle). The changes in dopaminergic ac-
tivity strongly resemble the transfer of an
animal’s appetitive behavioral reaction
from the US to the CS.

In trials where the reward is not deliv-
ered at the appropriate time after the onset
of the light, dopamine neurons are de-
pressed markedly below their basal firing
rate exactly at the time that the reward
should have occurred (Fig. 1, bottom). This
well-timed decrease in spike output shows
that the expected time of reward delivery
based on the occurrence of the light is also
encoded in the fluctuations in dopaminer-
gic activity (18). In contrast, very few do-
pamine neurons respond to stimuli that pre-
dict aversive outcomes.

The language used in the foregoing de-
scription already incorporates the idea that
dopaminergic activity encodes expectations
about external stimuli or reward. This inter-
pretation of these data provides a link to an
established body of computational theory (6,
7). From this perspective, one sees that dopa-
mine neurons do not simply report the occur-
rence of appetitive events. Rather, their out-
puts appear to code for a deviation or error
between the actual reward received and pre-
dictions 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
to learned predictions about those 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
spike production) if an appetitive event is
worse than predicted (Fig. 1).

Computational Theory and Model

The TD algorithm (6, 7) is particularly well
suited to understanding the functional role
played by the dopamine signal in terms of
the information it constructs and broadcasts
(8, 10, 12). This work has used fluctuations
in dopamine activity in dual roles (i) as a
supervisory signal for synaptic weight
changes (8, 10, 12) and (ii) as a signal to
influence directly and indirectly the choice
of behavioral actions in humans and bees
(9–11). Temporal difference methods have
been used in a wide spectrum of engineering
applications that seek to solve prediction

Reward predicted
Reward occurs

No prediction
Reward occurs

Reward predicted
No reward occurs

(No CS)

(No R)CS
-1 0 1 2 s

CS

R

R

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

Fig. 1. Changes in dopamine neurons’
output code for an error in the prediction of
appetitive events. (Top) Before learning, a
drop of appetitive fruit juice occurs in the
absence of prediction—hence a positive
error in the prediction of reward. The do-
pamine neuron is activated by this unpre-
dicted occurrence of juice. (Middle) After
learning, the conditioned stimulus predicts
reward, and the reward occurs according
to the prediction—hence no error in the
prediction of reward. The dopamine neu-
ron is activated by the reward-predicting
stimulus but fails to be activated by the
predicted reward (right). (Bottom) After
learning, the conditioned stimulus predicts
a reward, but the reward fails to occur be-
cause of a mistake in the behavioral re-
sponse of the monkey. The activity of the
dopamine neuron is depressed exactly at
the time when the reward would have oc-
curred. The depression occurs more than
1 s after the conditioned stimulus without
any intervening stimuli, revealing an inter-
nal representation of the time of the pre-
dicted reward. Neuronal activity is aligned
on the electronic pulse that drives the solenoid valve delivering the reward liquid (top) or the onset of the
conditioned visual stimulus (middle and bottom). Each panel shows the peri-event time histogram and
raster of impulses from the same neuron. Horizontal distances of dots correspond to real-time intervals.
Each line of dots shows one trial. Original sequence of trials is plotted from top to bottom. CS,
conditioned, reward-predicting stimulus; R, primary reward.
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(Supplementary Fig. 4). Optically evoked activity could be a result 
of direct ChR2 activation or potentially indirect activation of neurons 
downstream of ChR2-expressing cells.

We then sought to determine whether activation of specific neural  
populations in the striatum could affect the choice behavior of  
animals34. Optical stimulation was delivered at a decision point in 
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Figure 3 Optical stimulation induces opposing biases  
in a mouse’s choice. (a) Timing of optical stimulation in  
the task. In 6% of trials, optical stimulation was  
delivered to the dorsal striatum during a 500-ms period  
starting at the same time as the Go light cues.  
Stimulation occurred at 5, 10 or 20 Hz, delivering 3, 5  
or 10 pulses, respectively, of 5-ms light stimulation.  
(b,c) Examples showing the effect of 10-Hz stimulation  
in the left dorsomedial striatum (DMS) of a D1-Cre mouse  
(b) and a D2-Cre mouse (c) expressing ChR2-eYFP.  
Individual bars represent the fraction of left choices for  
various reward histories in trials in which the mouse  
previously made two consecutive responses at the same port.  
Red bars indicate stimulation trials and blue bars represent  
trials without stimulation. (d,e) Fraction of left choices with  
and without stimulation for all possible combinations of  
choices and outcomes in the previous two trials with more  
than five total occurrences. (d) Data from the D1-Cre mouse  
shown in b. The frequency of trials with a given reward history  
are indicated by the relative size of the circle. Filled circles  
represent a significant change in fraction of left choice with  
stimulation (P < 0.05, Fisher’s exact test). The red curve relates the probabilities of choice with and without stimulation for a fixed odds ratio (odds 
ratio = e−1.33  0.20). (e) Data from the D2-Cre mouse shown in c (odds ratio = e1.45  0.18). All error bars represent s.e.m.
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model. (d) Average median withdrawal time measured from Go light signal to nose withdrawal from center port (n = 28). Withdrawal time was shorter when the 
relative action value for either port was higher. (e) Example data from 14 trial blocks. Top, right reward blocks are represented in green and left reward blocks in orange. 
The dashed line indicates the subject’s probability of choosing the left port averaged across four trials and the black line indicates the predicted probability of choice 
on the basis of action value estimates (bottom). Long ticks correspond with rewarded trials and short tics represent unrewarded trials. All error bars represent s.e.m.

Figure 2 Modeling action value and 
choice. (a) Contributions of intrinsic 
bias (brown) and rewarded (cyan) and 
unrewarded (magenta) outcomes in 
the previous five trials on choices in 
the current trial derived from logistic 
regression (n = 28 subjects, 22,726  
2,881 trials per subject). (b) The fraction 
of choices for the left port plotted against 
the relative action value. Data from  
each subject were grouped into ten bins 
and represented in a distinct color.  
(c) The actual fraction of choices for the 
left port plotted against the fraction of 
left choices predicted by the regression 
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downstream of ChR2-expressing cells.
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Figure 2 Modeling action value and 
choice. (a) Contributions of intrinsic 
bias (brown) and rewarded (cyan) and 
unrewarded (magenta) outcomes in 
the previous five trials on choices in 
the current trial derived from logistic 
regression (n = 28 subjects, 22,726  
2,881 trials per subject). (b) The fraction 
of choices for the left port plotted against 
the relative action value. Data from  
each subject were grouped into ten bins 
and represented in a distinct color.  
(c) The actual fraction of choices for the 
left port plotted against the fraction of 
left choices predicted by the regression 
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Two	  components	  to	  learning:	  	  
working	  memory	  	  

reinforcement	  learning	  
	  

Why	  it’s	  important:	  
Understanding	  Schizophrenia	  

	  
Are	  	  WM	  and	  RL’s	  computa9ons	  

independent?	  
	  





(at	  least)	  Two	  components	  for	  learning:	  
op9mized	  for	  different	  trade-‐offs	  

Working	  Memory	  (WM)	  
•  Fast	  
•  Precise	  event	  informa9on	  

storage	  
•  Flexible	  
•  Resource/capacity	  limited	  
•  Short	  term	  
•  Costly	  

Instrumental	  value	  learning	  (RL)	  
•  Incremental	  
•  Integrated	  value	  

informa9on	  storage	  
•  Inflexible	  
•  Broad	  capacity	  
•  Long	  term	  robust	  
•  Effortless	  	  



Block	  2	  
	  
	  
	  
	  
	  
	  

Block	  1	  
	  
	  
	  
	  

Beginning	  of	  block	  1.	  
nS	  =	  2	  s9muli	  to	  learn.	  

+	  

Correct	  

Beginning	  of	  block	  2.	  	  
nS	  =	  6	  s9muli	  to	  learn.	  

Reinforcement	  learning:	  
-‐  test	  effect	  of	  reward	  history	  [how	  many	  past	  correct	  choices?]	  
	  
Set-‐size	  manipula9on:	  
-‐  test	  WM	  load	  effect	  [how	  many	  items	  to	  remember?]	  
-‐  test	  WM	  decay	  effect	  [how	  long	  ago	  did	  I	  store	  an	  item?]	  



Experimental	  results:	  n=78	  

Collins & Frank, 2012

Effect	  of	  set-‐size	  on	  learning	  performance	  
is	  not	  accounted	  for	  by	  classic	  RL	  
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Working	  memory	  (WM)	  
1) O’Reilly & Frank 2006
2) Luck & Vogel 2013
3) Bays & Husain 2008
4) Baddeley 2012
5) Collins & Frank 2012

WM:	  fast	  storage,	  reuse	  of	  
limited	  amount	  of	  informa>on	  
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WM+RL	  model	  

RL	  behavior:	  
	  

Key	  choice	  	  
for	  each	  image	  

WM	  module:	  
Fast	  storage	  	  

Decay	  over	  9me	  
Capacity	  K	  

RL	  module:	  
	  

Learning	  rate	  α	  

w	  1-‐w	  

Collins & Frank, 2012

Mixture	  policy:	  
w(t)	  =	  weight	  of	  WM	  vs.	  RL	  

Best	  ficng	  model	  behaviors:	  



Genes	  dissociate	  prefrontal	  and	  N-‐RL	  
contribu9ons	  to	  learning.	  

•  COMT:	  gene	  linked	  to	  
prefrontal	  WM	  
func9on	  [2]	  

•  GPR6:	  gene	  
expressed	  only	  in	  
striatum	  [3],	  linked	  to	  
plas9city.	  

1) Collins & Frank, 2012
2) Frank et al, 2007
3) Lobo et al, 2007
4) Green et al 2008



Genes	  dissociate	  prefrontal	  and	  N-‐RL	  
contribu9ons	  to	  learning.	  

Do	  differences	  in	  genotype	  predict	  differences	  in	  dis9nct	  
components	  of	  	  behavior,	  as	  infered	  by	  model	  fit	  parameters?	  
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Learning	  is	  a	  mixture	  of	  
mul9ple	  neuro-‐cogni9ve	  
processes	  that	  implement	  
different	  computa9onal	  
trade-‐offs	  and	  rely	  on	  
different	  neural	  mechanisms	  
	  	  
We	  can	  isolate	  SZ	  learning	  
dysfunc9on	  as	  WM,	  not	  RL	  
	  
WM	  interferes	  in	  RL	  
computa9ons	  of	  value:	  what	  
is	  learned	  faster	  is	  learned	  
worse	  
	  
Interac9on	  is	  coopera9ve	  
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Two	  components	  to	  learning:	  	  
working	  memory	  	  

reinforcement	  learning	  
	  

Why	  it’s	  important:	  
Understanding	  Schizophrenia	  

	  
Are	  	  WM	  and	  RL’s	  computa9ons	  

independent?	  
	  



Working	  Memory	  and	  learning	  
impairments	  in	  Schizophrenia	  

•  Prefrontal	  cortex-‐dependent	  impairment:	  eg.	  
–  Lee, J. and Park, S. (2005) J. Abnorm. Psychol. 
–  Forbes, N.F. et al. (2009) Psychol. Med. 
–  Barch & Caeser (2012) TRiCS

•  Learning	  impairments:	  
– Ambiguous	  liierature	  

time previously was now reinforced only 20% of the time.
In order to reach criterion in this phase, subjects need to
detect the shift in reinforcement contingencies and learn to
choose the stimulus now reinforced 80% of the time. If
subjects succeeded in reaching criterion in this phase, the
reinforcement contingencieswere reversed onemore time,
and subjects needed to learn to choose the stimulus that
was originally correct, in order to reach criterion. Each
subject thus completed up to 2 reversal stages with each
stimulus pair (or up to 6 total, along with the 3 initial
discrimination stages).

1.5. Statistical analyses

In order to assess differences in the numbers of
discrimination and reversal stages achieved by partici-
pants in the two groups, we determined the numbers of
subjects in each group achieving given numbers of
discriminations and reversals and performed chi-square
tests. Subjects were said to have “achieved” a stage if
they had reached the learning criterion within 50 trials.
We also quantified the number of “first reversals”
achieved by subjects, which could range from 0 to 3.
This term was used to designate the initial reversal of a
learned discrimination. We compared the subjects from
each group who achieved all possible discriminations

on the numbers of first reversals achieved, in order to
determine if subjects who showed relatively intact
discrimination learning still show impairment in the
reversal of acquired discriminations. We also compared
the subjects from each group who achieved all possible
discriminations on the proportion of error trials during
each stage type. An “error” reflected the choice of the
less-frequently reinforced stimulus, regardless of the
type of feedback given on that trial. We used an
Analysis of Covariance (ANCOVA) to compare
average error rates during discrimination stages and
reversal stages. This ANCOVA used factors of group
and learning stage (discrimination versus reversal) and
used performance on the WTAR as a covariate to
control for the effects of more between-group global
differences in intellectual functioning.

2. Results

2.1. Initial discrimination learning performance

We first examined the ability of both groups to learn
the initial discriminations. As shown in Fig. 1A, the
groups performed similarly. This impression was con-
firmed statistically by the results of a chi-square test
[χ2(3)=2.084, p=0.555]. Greater than 60% of subjects in

Fig. 1. Task performance by controls (gray bars) and patients with schizophrenia (black bars). (A) Percentages of subjects in each group achieving
possible numbers of initial discriminations. (B) Percentages of subjects in each group achieving different numbers of reversals (6 were possible).
(C) Numbers of initial discriminations reversed at least once by participants in each group (maximum of 3). Twenty controls and 22 patients achieved
all three initial discriminations. (D) Average percentages of error trials on initial discrimination and first reversal trials by participants.

299J.A. Waltz, J.M. Gold / Schizophrenia Research 93 (2007) 296–303
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What	  causes	  learning	  deficits	  in	  
schizophrenia?	  
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Are	  deficits	  due	  to	  prefrontal	  working	  
memory	  impairment?	  

•  RLWM	  model	  fit:	  Working	  memory	  
parameters	  impaired	  in	  pa9ents	  
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Are	  deficits	  due	  to	  N-‐RL	  impairment?	  

RLWM	  model	  fit:	  No	  effect	  of	  condi9on	  on	  RL	  
parameters	  
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Learning	  deficits	  in	  pa9ents	  are	  not	  
due	  to	  N-‐RL	  system	  impairment	  

They	  are	  due	  to	  PFC-‐WM	  impairment.	  

Capacity	  K	  

AI-‐RL	  
+	  

WM	  

Cog-‐RL	  

PFC	  	  	  	  	  	  	  	  	  	  	  	  	  NRL	  

?	  



Learning	  is	  a	  mixture	  of	  
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processes	  that	  implement	  
different	  computa9onal	  
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different	  neural	  mechanisms	  
	  	  
We	  can	  isolate	  SZ	  learning	  
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WM	  interferes	  in	  RL	  
computa9ons	  of	  value:	  what	  
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Two	  components	  to	  learning:	  	  
working	  memory	  	  

reinforcement	  learning	  
	  

Why	  it’s	  important:	  
Understanding	  Schizophrenia	  

	  
Are	  	  WM	  and	  RL’s	  computa9ons	  

independent?	  
	  



Learning:	  
P(a)	  =	  ηPWM(a)+(1-‐η)PRL(a)	  

RL	  
	  

	  
	  

RPE	   Q(s1,A2)	  

WM	  
	  
	  

	  
S1	  à	  A2	  

forget	  

η	   1-η	  



EEG	  experiment	  

•  Measures	  electrical	  
ac9vity	  on	  the	  scalp	  
resul9ng	  from	  neural	  
ac9vity	  

•  Can	  we	  iden9fy	  
dissociable	  WM	  and	  RL	  
components?	  

•  Temporal	  interac9ons?	  



RLWM	  -‐	  EEG	  

•  S9mulus-‐locked	  event-‐related	  poten9als	  (ERPs)	  
•  Correct	  trials,	  as	  a	  func9on	  of	  set	  size.	  
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-‐  Analyze	  weights	  across	  subjects.	  
-‐  plot	  ERPs	  corrected	  for	  other	  factors	  
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FB-‐locked:	  Reward	  predic9on	  errors?	  
co

rre
ct

ed
 E

R
P 

 (μ
V)

-2

-1

0

1

2

3 FCz

-2

-1

0

1

2

3 FCz

-3
-2
-1
0
1
2
3 FCz

co
rre

ct
ed

 E
R

P 
(μ

V)

-2

-1

0

1

2 Cz

-2

-1

0

1

2 Cz

-2

-1

0

1

2 Cz

0.2 0.4 0.6

co
rre

ct
ed

 E
R

P 
(μ

V)

-2
-1.5

-1
-0.5

0
0.5

1
1.5 CPz

ns=2
ns=3
ns=4
ns=5
ns=6

-1.5
-1

-0.5
0

0.5
1

1.5 CPz

delay=1
delay=2
delay=3
delay=4
delay>4

-2
-1.5

-1
-0.5

0
0.5

1
1.5 CPz

Iter=1
Iter=2
Iter=3
Iter=4
Iter>4

0 0.2 0.4 0.60 0.2 0.4 0.60
Time from FB onset (s) Time from FB onset (s) Time from FB onset (s)

0 0.2 0.4 0.6%
 e

le
ct

ro
de

s 
sh

ow
in

g 
ef

fe
ct

0

0.2

0.4

0.6

0.8

1
Set Size
Delay
RPE
ns*del
ns*RPE
delay*RPE

A) 

Time from FB onset (s)

RPE @276:412ms

-6
-4
-2
0
2
4
6

RPE @468:564ms

-6
-4
-2
0
2
4
6

B) 

C) 

co
rr

ec
te

d 
E

R
P

  (
μ

V
)

-2

-1

0

1

2

3 FCz

-2

-1

0

1

2

3 FCz

-3
-2
-1
0
1
2
3 FCz

co
rr

ec
te

d 
E

R
P

 (μ
V

)

-2

-1

0

1

2 Cz

-2

-1

0

1

2 Cz

-2

-1

0

1

2 Cz

0.2 0.4 0.6

co
rr

ec
te

d 
E

R
P

 (μ
V

)

-2
-1.5

-1
-0.5

0
0.5

1
1.5 CPz

ns=2
ns=3
ns=4
ns=5
ns=6

-1.5
-1

-0.5
0

0.5
1

1.5 CPz

delay=1
delay=2
delay=3
delay=4
delay>4

-2
-1.5

-1
-0.5

0
0.5

1
1.5 CPz

Iter=1
Iter=2
Iter=3
Iter=4
Iter>4

0 0.2 0.4 0.60 0.2 0.4 0.60
Time from FB onset (s) Time from FB onset (s) Time from FB onset (s)

0 0.2 0.4 0.6%
 e

le
ct

ro
de

s 
sh

ow
in

g 
ef

fe
ct

0

0.2

0.4

0.6

0.8

1
Set Size
Delay
RPE
ns*del
ns*RPE
delay*RPE

A) 

Time from FB onset (s)

RPE @276:412ms

-6
-4
-2
0
2
4
6

RPE @468:564ms

-6
-4
-2
0
2
4
6

B) 

C) 

co
rr

ec
te

d 
E

R
P

  (
μ

V
)

-2

-1

0

1

2

3 FCz

-2

-1

0

1

2

3 FCz

-3
-2
-1
0
1
2
3 FCz

co
rr

ec
te

d 
E

R
P

 (μ
V

)

-2

-1

0

1

2 Cz

-2

-1

0

1

2 Cz

-2

-1

0

1

2 Cz

0.2 0.4 0.6

co
rr

ec
te

d 
E

R
P

 (μ
V

)

-2
-1.5

-1
-0.5

0
0.5

1
1.5 CPz

ns=2
ns=3
ns=4
ns=5
ns=6

-1.5
-1

-0.5
0

0.5
1

1.5 CPz

delay=1
delay=2
delay=3
delay=4
delay>4

-2
-1.5

-1
-0.5

0
0.5

1
1.5 CPz

Iter=1
Iter=2
Iter=3
Iter=4
Iter>4

0 0.2 0.4 0.60 0.2 0.4 0.60
Time from FB onset (s) Time from FB onset (s) Time from FB onset (s)

0 0.2 0.4 0.6%
 e

le
ct

ro
de

s 
sh

ow
in

g 
ef

fe
ct

0

0.2

0.4

0.6

0.8

1
Set Size
Delay
RPE
ns*del
ns*RPE
delay*RPE

A) 

Time from FB onset (s)

RPE @276:412ms

-6
-4
-2
0
2
4
6

RPE @468:564ms

-6
-4
-2
0
2
4
6

B) 

C) 

co
rr

ec
te

d 
E

R
P

  (
μ

V
)

-2

-1

0

1

2

3 FCz

-2

-1

0

1

2

3 FCz

-3
-2
-1
0
1
2
3 FCz

co
rr

ec
te

d 
E

R
P

 (μ
V

)

-2

-1

0

1

2 Cz

-2

-1

0

1

2 Cz

-2

-1

0

1

2 Cz

0.2 0.4 0.6

co
rr

ec
te

d 
E

R
P

 (μ
V

)

-2
-1.5

-1
-0.5

0
0.5

1
1.5 CPz

ns=2
ns=3
ns=4
ns=5
ns=6

-1.5
-1

-0.5
0

0.5
1

1.5 CPz

delay=1
delay=2
delay=3
delay=4
delay>4

-2
-1.5

-1
-0.5

0
0.5

1
1.5 CPz

Iter=1
Iter=2
Iter=3
Iter=4
Iter>4

0 0.2 0.4 0.60 0.2 0.4 0.60
Time from FB onset (s) Time from FB onset (s) Time from FB onset (s)

0 0.2 0.4 0.6%
 e

le
ct

ro
de

s 
sh

ow
in

g 
ef

fe
ct

0

0.2

0.4

0.6

0.8

1
Set Size
Delay
RPE
ns*del
ns*RPE
delay*RPE

A) 

Time from FB onset (s)

RPE @276:412ms

-6
-4
-2
0
2
4
6

RPE @468:564ms

-6
-4
-2
0
2
4
6

B) 

C) 

# previous correct choices
1st Cor 1PC 2PC 3PC 4PC 5PC 6PC 7PC 8PC

ac
tiv

ity
 (a

.u
.)

-2

0

2

4

6

8

10

12

14 FB-locked RPE effect

ns=1:2
ns=3:4
ns=5:6

# previous correct choices
ac

tiv
ity

 (a
.u

.)
0

2

4

6

8

10

12 Stim-locked Q effect

1st Cor 1PC 2PC 3PC 4PC 5PC 6PC 7PC 8PC

-1.5

-1

-0.5

0

0.5

1
S-Q index

-1.5
-1

-0.5
0

0.5
1

1.5
2 FB-PE index

set size
2 4 6

-4
-3
-2
-1
0
1
2
3 S-WM index

A) 

B) 

C) 

D) 

E) 

# previous correct choices
1st Cor 1PC 2PC 3PC 4PC 5PC 6PC 7PC 8PC

ac
tiv

ity
 (a

.u
.)

-2

0

2

4

6

8

10

12

14 FB-locked RPE effect

ns=1:2
ns=3:4
ns=5:6

# previous correct choices

ac
tiv

ity
 (a

.u
.)

0

2

4

6

8

10

12 Stim-locked Q effect

1st Cor 1PC 2PC 3PC 4PC 5PC 6PC 7PC 8PC

-1.5

-1

-0.5

0

0.5

1
S-Q index

-1.5
-1

-0.5
0

0.5
1

1.5
2 FB-PE index

set size
2 4 6

-4
-3
-2
-1
0
1
2
3 S-WM index

A) 

B) 

C) 

D) 

E) 

# previous correct choices
1st Cor 1PC 2PC 3PC 4PC 5PC 6PC 7PC 8PC

ac
tiv

ity
 (a

.u
.)

-2

0

2

4

6

8

10

12

14 FB-locked RPE effect

ns=1:2
ns=3:4
ns=5:6

# previous correct choices

ac
tiv

ity
 (a

.u
.)

0

2

4

6

8

10

12 Stim-locked Q effect

1st Cor 1PC 2PC 3PC 4PC 5PC 6PC 7PC 8PC

-1.5

-1

-0.5

0

0.5

1
S-Q index

-1.5
-1

-0.5
0

0.5
1

1.5
2 FB-PE index

set size
2 4 6

-4
-3
-2
-1
0
1
2
3 S-WM index

A) 

B) 

C) 

D) 

E) 

# previous correct choices
1st Cor 1PC 2PC 3PC 4PC 5PC 6PC 7PC 8PC

ac
tiv

ity
 (a

.u
.)

-2

0

2

4

6

8

10

12

14 FB-locked RPE effect

ns=1:2
ns=3:4
ns=5:6

# previous correct choices

ac
tiv

ity
 (a

.u
.)

0

2

4

6

8

10

12 Stim-locked Q effect

1st Cor 1PC 2PC 3PC 4PC 5PC 6PC 7PC 8PC

-1.5

-1

-0.5

0

0.5

1
S-Q index

-1.5
-1

-0.5
0

0.5
1

1.5
2 FB-PE index

set size
2 4 6

-4
-3
-2
-1
0
1
2
3 S-WM index

A) 

B) 

C) 

D) 

E) 

0 0.2 0.4 0.6

co
rre

ct
ed

 E
R

P 
(μ

V)

-6

-4

-2

0

2
AFz

0 0.2 0.4 0.6
-6

-4

-2

0

2
AFz

0 0.2 0.4 0.6
-6

-4

-2

0

2
AFz

0 0.2 0.4 0.6

co
rre

ct
ed

 E
R

P 
(μ

V)

-4

-3

-2

-1

0

1
FCz

0 0.2 0.4 0.6
-4

-3

-2

-1

0

1
FCz

0 0.2 0.4 0.6
-4

-3

-2

-1

0

1
FCz

0 0.2 0.4 0.6

co
rre

ct
ed

 E
R

P 
(μ

V)

-2

0

2

4

6
CPz

0 0.2 0.4 0.6
-2

0

2

4

6
CPz

0 0.2 0.4 0.6
-2

0

2

4

6
CPz

ns=2
ns=3
ns=4
ns=5
ns=6

delay=1
delay=2
delay=3
delay=4
delay>4

Iter=1
Iter=2
Iter=3
Iter=4
Iter>4

0 0.2 0.4 0.6

%
 e

le
ct

ro
de

s 
sh

ow
in

g 
ef

fe
ct

0

0.2

0.4

0.6

0.8

1
Set Size
Delay
Q
ns*del
ns*Q
delay*Q

Set Size Delay

Set Size Delay

Q

Q

Time from stim onset (s)

Time from stim onset (s) Time from stim onset (s) Time from stim onset (s)

A) 

B) 

C) 

30
0 

m
s

56
4 

m
s

Stronger	  
representa9on	  
of	  RPE	  in	  
higher	  set-‐size.	  

Collins & Frank, 2018, PNAS

PE	  x	  nS	  

set size
1 2 3 4 5 6

PE

0

0.05

0.1

0.15

0.2

0.25 Striatum

set size
1 2 3 4 5 6

PE

0
0.05

0.1
0.15

0.2
0.25

0.3
0.35

0.4 Fronto-Parietal Network

β β



Neural	  signals	  encoding	  reward	  predic9on	  
errors/reward	  expecta9ons	  are	  sensi9ve	  to	  

working	  memory	  func9on.	  
	  

This	  indicates	  a	  possible	  interac9on	  between	  RL	  
and	  WM	  process.	  

A1"
A2"

…"Tes4ng&phase&

A3"

Pe
rf
or
m
an
ce
" Learning"

ns=3" ns=6"

Pe
rf
or
m
an
ce
" TesJng"

ns=3" ns=6"

0 3 6 9

R
L 

va
lu

e

0.5

0.6

0.7

0.8
Normal""
RL"(ns=6)"

Blunted"RPE"
RL"(ns"=3)"

IteraJon"



Learning:	  
P(a)	  =	  ηPWM(a)+(1-‐η)PRL(a)	  

RL	  
	  

	  
	  

RPE	   Q(s1,A2)	  

WM	  
	  
	  

	  
S1	  à	  A2	  

forget	  

η	   1-η	  

η	  
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EEG	  learning	  curves	  

EEG	  RPE	  signal	  drops	  faster	  for	  low	  set-‐sizes	  	  
à	  WM	  contribu9on?	  
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Predic9on:	  Long	  term	  associa9ons	  are	  
learned	  beier	  in	  high	  than	  low	  set	  sizes	  
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Learning	  is	  a	  mixture	  of	  
mul9ple	  neuro-‐cogni9ve	  
processes	  that	  implement	  
different	  computa9onal	  
trade-‐offs	  and	  rely	  on	  
different	  neural	  mechanisms	  
	  	  
We	  can	  isolate	  SZ	  learning	  
dysfunc9on	  as	  WM,	  not	  RL	  
	  
WM	  interferes	  in	  RL	  
computa9ons	  of	  value:	  what	  
is	  learned	  faster	  is	  learned	  
worse	  
	  
Interac9on	  is	  coopera9ve	  
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