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Abstract
Reinforcement learning has provided a normative framework to analyse decision-making. A wealth of

research has linked reinforcement learning to neural substrates, assigning them a particular computational
role. Particularly, responses of dopamine neurons can be identified with the prediction errors computed in
the temporal-difference learning algorithms. Machine learning literature has proposed different versions of
calculating the error signal, associated with different temporal-difference algorithms. Particularly, they can
be determined by the value of actions (Q-learning model) or by the value of states (Actor-Critic model).
Neuroscientific findings have supported both models, and thus, there is still no commonly accepted mecha-
nism.

The aim of this thesis was to investigate and identify which of these two reinforcement learning models
best describes the choices made by healthy humans when performing a modified probabilistic Go/NoGo
task. This paradigm has the special feature of orthogonalizing action and valence and thus it enhances some
mechanistic differences between the Q-learning and the Actor-critic models.

For this purpose, we employed several statistical methods. Firstly, using a model fitting approach we
tried to identify which of the aforementioned models best suited data. Secondly, we performed a Principal
Component Analysis in order to find associations among conditions which could also provide evidence towards
one of the models.

Both approaches provided evidence towards the Q-learning framework which indicated that the prediction
errors are determined by the value of actions. This result was in line with electrophysiological findings in
animals.
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1 Introduction

A fundamental question in behavioral neuro-
science concerns the decision-making process used by
animals and humans for selecting actions in the face of
reward and punishment. This process has been exten-
sively investigated through the paradigms of classical
and instrumental conditioning.

In classical conditioning subjects learn the asso-
ciation between events [1]. In contrast, instrumental
learning involves learning the association between ac-
tions and events [2, 3]. According to the Thorndike’s
law, in the presence of a reward the connection is
strengthened and in the presence of a punishment the
connection is weakened [2].

This trial and error procedure is also found in
temporal difference (TD) reinforcement learning al-
gorithms which are commonly employed in artificial
systems, such as robots, to make them capable of
learning to select actions [4, 5]. Therefore, they have

gained popularity in behavioral neuroscience to ex-
plain conditioning behavior. These models learn how
to make a decision by predicting the value of taking
an action from a recognized state. The subjects can
thus choose the action which maximizes that value.
The value is then updated through the prediction er-
ror (PE) defined as the difference between the ex-
pected and the observed value.

In the last decade, several observations showed a
good parallel between neurobiological processes in the
brain and the computational steps of Reinforcement
learning algorithms. The most notable finding was
the relationship between dopamine (DA) and PEs.
It was proved that phasic responses of the midbrain
dopamine code reinforcement PEs. Namely, positive
PEs are conveyed by DA bursts and negative PEs are
conveyed by DA dips [6–8]. Another important evi-
dence came from the studies done by Wickens and col-
leagues who found that the plasticity of corticostriatal
synapses is weighted by dopamine input from mid-
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brain dopamine neurons [9–12]. Additionally, some
findings suggest that striatum plays a major role in
linking the value to action selection [13–15].

These observations are unified in the basal ganglia
Go/NoGo neurocomputational model [16]. Anatomi-
cally, the Basal ganglia (BG) exhibits two main path-
ways: the direct and indirect pathway. The direct
pathway facilitates movement whereas the indirect
pathway suppresses movement. According to the
basal ganglia Go/NoGo model, when an action is fol-
lowed by a positive PE, a phasic DA burst occurs
which will strengthen the direct pathway and weaken
the indirect pathway. When a negative PE occurs,
the opposite happens [16, 17]. The tonic DA increases
and decreases the excitability of the direct and indi-
rect pathways, respectively. This way, high levels of
tonic dopamine increases the tendency to respond (Go
bias) and reduces the tendency to not respond (NoGo
bias), and vice-versa [16, 18].

Machine learning literature has proposed differ-
ent versions of calculating PEs, associated with dif-
ferent TD algorithms (e.g. [4]). In the Actor-critic
algorithms [19], the PE ignores actions altogether,
and thus, it is determined by the value of the sit-
uation. In the other two classes of algorithms, Q-
learning (QL) [20] and SARSA (state-action-reward-
state-action) [21], PEs are determined by the value of
the action (Q-value). In the QL approach, the PEs
associated to a decision are determined by the Q-value
of the better option rather than the one actually cho-
sen. On the other hand, in SARSA algorithms the
PEs use the Q-value of the chosen option.

Neuroanatomical findings support the Actor-critic
(AC) model [19], whereas electrophysiological evi-
dences are in line with the other two classes of al-
gorithms. Recent evidence from primate study seems
to support SARSA [22]. On the other hand, evidence
from a rodent study favours QL [23]. Therefore, re-
solving this discrepancy necessitates further experi-
ments and computational investigation.

Although animals can display complex decision-
making behavior, we are interested in comprehend
human-decision making and its relationship with the
Reinforcement learning (RL) framework. Further-
more, the possibility of instructing subjects verbally
allows for much more complex paradigms in human
experiments.

This way, we used a task which highlights some
differences between the AC and QL framework, in or-
der to determine whether PEs, in humans, are gov-
erned by the value of the situations (AC) or by the
value of the actions (QL and SARSA). This work is
not concerned about the distinction between QL and
SARSA models, and thus, we will just consider the
class formed by the QL and SARSA algorithms, in-
stead of considering them separately. Since both ap-
proaches involve Q-values, this class will, henceforth,
be denominated as Q-learning.

Recent studies have used tasks that fully orthogo-
nalize action and valence in a 2 (reward/punishment)
× 2 (Go/NoGo) design [24, 25]. This type of task
highlights a gap between the Q-learning and the basal
ganglia Go/NoGo model. Typically, in this kind of
task, there are four different conditions: respond to
gain a reward (go to win); respond to avoid punish-
ment (go to avoid losing); do not respond to gain a
reward (nogo to win); do not respond to avoid pun-
ishment (nogo to avoid losing). Assuming a QL ap-
proach, the nogo to win condition exhibits positive
PEs and the go to avoid losing exhibits negative PEs,
and thus they are linked to dopamine bursts and dips,
respectively. According to the basal ganglia Go/NoGo
model, the nogo to win condition would strengthen
the direct pathway, and thus, promoting the go action,
instead of suppressing it. Conversely, the go to avoid
losing condition would weaken the direct pathway and
strengthen the indirect pathway, which would pro-
mote the nogo action. This incongruence reveals a
gap between the QL algorithm and the neurobiolog-
ical explanation, which can be overcame by the AC
model.

The AC model is in line with the basal ganglia
model. The nogo to win produces negative PEs
whereas the go to avoid losing produces positive PEs,
and thus, they strengthen the indirect and weaken the
direct pathway, which promotes the nogo action.

A recent study [25], which used a model whose
structure is identical to the QL, showed that subjects
perform worse in the nogo to win and go to avoid
losing conditions. They explained these findings by
assuming the existence of a Pavlovian effect, i.e. the
subjects tend to respond in conditions whose outcome
is positive (nogo to win and go to win) and tend to
not respond when the outcome is negative (go to avoid
losing and nogo to avoid losing). We suggest that this
action by valence interaction might be due to the fact
that subjects execute the AC model instead of the QL.
The AC model makes the learning process slower in
the nogo to win and go to avoid losing conditions,
which could explain these findings.

2 Material and Methods
2.1 Subjects

24 adults participated in this experiment (10
females and 14 males; age range 19-50 years;
mean=25.38, SD=7.82 years). All the participants
performed the task voluntarily.

2.2 Experimental design and Task
The task has five different type of conditions rep-

resented by five fractal images: press the key to gain
a reward (go to win); do not press the key to gain a
reward (nogo to win); press the key to avoid a pun-
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ishment (go to avoid losing); do not press the key to
avoid a punishment (nogo to avoid losing). In the
fifth condition the subject always receives a neutral
outcome regardless of the action performed (neutral).
The neutral condition measures the Go bias, which is
important to determine whether subjects have actu-
ally learned, by comparing this baseline behavior to
the behavior in the other conditions.

The outcomes are presented stochastically and the
probability distributions for each stimulus are de-
scribed in figure 1.

Figure 1: Probability distribution of the outcomes for
the go to win, nogo to win, go to avoid losing and nogo
to avoid losing conditions. The possible outcomes are
−1, 0, 1, which corresponds to reward, neutral and pun-
ishment, respectively.

The task is divided into 3 blocks, each with 10 tri-
als of each condition. All trials share the same struc-
ture. At the begin of every trial, a fixation point is
displayed on the screen for 1000 ms. After this, a frac-
tal image appears on the screen for 1500 ms. During
this period, the participants had to choose whether
to press or not the key. After the offset of the image,
there is a variable interval (3000 ± 1000 ms) during
which a progress indicator is displayed in order to give
the participant a sense of time until he/she waits for
the feedback. Furthermore, it tries to avoid the par-
ticipant from keep on pressing the key. Participants
are presented with the feedback after this interval.
The feedback remains on the screen for 1000 ms: a
green +1 indicates a win of 1 point (reward), a red -1
indicates a loss of 1 point (punishment) and a black
0 indicates no win or loss (neutral). The feedback is
followed by a blank screen which takes 3000 ± 2000
ms. After this blank period, the next trial starts.

Images and conditions were counterbalanced
across subjects in order to avoid interactions between
the images and the conditions. The order of appear-
ance of the images was randomized within blocks. The
task was run in a HP Pavilion dm4 Notebook PC with
a 14-inch screen.

3 Behavioral analysis
To characterize the group performance in the task,

we have done two different approaches. The first ap-

proach did not consider the Go bias measured by the
neutral condition and the second did.

In both analysis we have done a repeated mea-
sures three-way ANOVA for the number of correct
responses, with factors of block (3 levels), valence
(win/avoid losing: 2 levels) and action (Go/NoGo: 2
levels), and a one-way ANOVA with factors of block (3
levels). The number of correct responses corresponds
to the number of times the subjects pressed in the go
conditions and to the number of times they did not
press in the nogo conditions. If considering the Go
bias, the number of correct responses are subtracted
by the Go and NoGo bias in the go and nogo condi-
tions, respectively. This measure was called adjusted
correct responses. Both measures were collapsed into
bins of 10 trials per condition. This statistical analy-
sis was performed in SPSS R© version 16.

4 RL models
4.1 QL models

We built 4 parametrized QL models to fit to the
behavior of the subjects. All models assigned a prob-
ability to each action at on trial t according to the
action weight W (st, at). This was based on the soft-
max method [4]:

P (at|st) = eβW (st,at)∑
b∈A(s) e

βW (st,b)
(1)

where parameter β ≥ 0 assigned some degree of
randomness in the subjects’ choices. The states st
corresponded to the five conditions presented in the
task and at corresponded to the 2 possible actions:
respond (go) or not respond (nogo).

The models further differed in terms of how action
weight was constructed. For the standard QL model,
W (st, at) = Q(st, at), which was updated recursively
according to the equation 2.

Q(st, at)← Q(st, at) + α[rt −Q(at, st)] (2)

The parameter 0 ≤ α ≤ 1 was the learning rate
and it dictated how fast the agent learned. The feed-
backs entered the equation through rt ∈ {−1, 1, 0}.

The standard model assumed that the initial Q-
value was zero, and thus both actions (go and nogo)
were equally probable. However, subjects might ex-
hibit a natural bias towards the go or nogo action.
The model QL+Q0 captured this initial bias by al-
lowing the Q-value on the first trial to vary freely
between -1 and 1, while for all other models this was
set to zero.

This tendency to perform an action can also be
taken into account by a bias parameter. Unlike Q0,
which is gradually erased as new feedbacks are inte-
grated, the bias parameter remains constant across
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the experiment (equation 3).

W (st, go) = Q(st, go) + b (3)

In order to capture the action by valence interac-
tion, a Pavlovian parameter was included in the action
weight (equation 8).

W (st, go) = Q(st, go) + πV (st) (4)

The parameter π was constrained to always be
positive. Thus, for conditions in which the outcomes
were mostly negative (V (st) < 0), the Pavlovian fac-
tor decreased the tendency to go, while it promoted
the tendency to go in conditions where the outcomes
are mostly positive (V (st) > 0).

The state-value function was evaluated according
to the equation 5.

V (st)← V (st) + α[rt − V (st)] (5)

4.2 AC models

For the AC framework, we built 4 parameterized
learning models. In contrast to the QL models, the
AC framework uses the state-values to compute the
PEs and it is divided into two structures: the critic
and the actor. The former selects actions and the
latter criticizes the policy currently followed by the
actor using the PEs. In this model, only the go ac-
tion weight was considered (equation 6).

P (go|st) = π(st, go) = eβW (go,at)

eβW (go,at)+1
P (nogo|st) = π(st, nogo) = 1

eβW (go,at)+1
(6)

For the standard AC model,W (st, go) = p(st, go),
which was updated recursively according to the equa-
tion 7.

p(st, go)← p(st, go) + η[rt − V (st)] (7)

0 ≤ η ≤ 1 was the actor’s learning rate. The
critic updated the state-value function according to
the equation 5.

The standard AC model did not take into account
that subjects might exhibit a go bias. Consequently,
we tested the model AC+p0 which captured this bias
by allowing the preferences on the first trial to vary
freely. Unlike Q0 in the QL framework,p0 remained
static across time.

For the model including the Pavlovian factor
(AC+pav), the action weight was modified in the
same way as in the QL+pav model,

W (st, go) = p(st, go) + πV (st) (8)

5 Model fitting procedure
The previous models were fitted to subjects’ be-

havioral data. This was achieved by the Maximum
likelihood estimation (MLE) method. Given the mod-
els described above (M) and the sequence of ac-
tions made by subject s along T trials (i.e. Ds =
as1 , ..., asT ), the likelihood of the entire dataset Ds is
just the product of their probabilities from equations
1 or 6,

P (Ds|θs,M) =
T∏
i=1

P (asi |
i−1⋂
j=1

asj , θs,M) (9)

We estimated the free parameters θs of model M
by seeking the set of parameters which maximized
the Log-Likelihood (LLH)1 function. This optimiza-
tion was performed in MATLAB, through the fmincon
routine, using a set of different starting points widely
dispersed over the search domain.

6 Model Comparison
The individual model goodness was measured us-

ing the Bayesian Information Criterion (BIC) [26],
which is an approximation of the log-model evidence
(equation 10).

logP (Ds|M) ∼ logP (Ds|M, θ)− n

2 logm (10)

The models were compared at the group level us-
ing both classical and Bayesian approaches [27]. Since
the Bayesian comparison is a more recent approach
than the classical analysis, and thus, it has been less
employed in model comparison, we decided to supple-
ment it with the classical approach.

In the classical setting one uses the log-model evi-
dence across subjects, testing the null hypothesis that
one model is no better than the other. This is accom-
plished by performing a simple one-sample t-test on
the log-model evidences. The t-test assumes that the
log-model evidences are normally distributed, thus
a test of normality must be performed. Here, we
adopted the Kolmogorov-Smirnoff test to test for this
parametric assumption. Whenever this test rejects
the null hypothesis of a normally distributed data,
we use a Wilcoxon signed rank test which does not
make any distributional assumptions [27]. This clas-
sical random effects approach can generate incorrect
results when the inter-subject variability is high due
to outliers. A more robust method to outliers was re-
cently presented which consists in a Bayesian frame-
work [27].

1Because of the monotonic nature of the logarithm, one can maximize the likelihood or the log-likelihood; the latter, however,
is numerically more convenient to deal with.
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This approach is based on a hierarchical Bayesian
model, where each subject model is sampled from a
multinomial distribution and then individual data is
generated under that subject-specific model.

Thereby, the multinomial distribution parameters
(r) are the probability of each model in the pop-
ulation. The model probabilities follows in turn a
Dirichlet distribution with parameter α. In order
to compare models, we are interested in the density
from which models are sampled to generate subject-
specific data. In other words, we seek the probabil-
ity of the multinomial parameters given the data, i.e.
P (r|Ds). This can be achieved by inverting the hi-
erarchical Bayesian model using an variational Bayes
approach [27]. This method was implemented using
the spm_BMS function from the SPM8 toolbox in
MATLAB. The density over r can be used to quan-
tify our belief that a particular model k1 is more likely
than other model k2, given the observed data, denom-
inated as exceedance probability (φ) (equation 11)

φk1 = P (rk1 > rk2 |y) (11)

Since rk1 + rk2 = 1, equation 11 can be re-written
as φk1 = P (rk1 > 0.5|y).

The exceedance probability is a statement of be-
lief about the posterior probability, not the posterior
itself. So, for example, when the exceedance probabil-
ity is 98%, it means that we can be 98% confident that
the favoured model has a greater posterior probability
than any other model tested.

7 Results

7.1 Behavioral results
The optimal choice in the go to win and go to

avoid losing conditions is to go. Conversely, the opti-
mal choice is not to emit an action in the nogo to win
and nogo to avoid losing conditions. Figure 2 shows
the average choice probabilities for all subjects. The
learning curves for each of the five conditions suggest
that subjects have learned at most three conditions:
go to win, go to avoid losing and nogo to avoid losing.

Figure 2: Average time varying probability, across sub-
jects, of making the go action for the five conditions con-
volved with a central moving average with length 5.

A three-way ANOVA on the number of correct
responses with factors of block (3 time bins of 10 tri-
als each), action (go/nogo) and valence (win/avoid
losing) revealed a main effect of block (F (2, 46) =
10.742, p < 0.001). However, the presence of a block
by valence interaction (F (2, 46) = 4.643, p = 0.015)
did not allow us to determine whether all conditions
were effectively learned. A one-way ANOVA with fac-
tors of block for each condition showed a main effect
in the go to win (F (2, 46) = 4.031, p = 0.024) and
nogo to avoid losing (F (2, 46) = 14.506, p < 0.001)
conditions. However, it did not exhibit a main effect
in the nogo to win and go to avoid losing conditions.
These findings are in line with the Pavlovian effect
previously described: subjects tend to respond in con-
ditions whose outcome is positive (nogo to win) and
to not respond when the outcome is negative (go to
avoid losing). Indeed, the three-way ANOVA test ex-
hibited an action by valence interaction (F (1, 23) =
11.581, p = 0.002). A post hoc paired t-test revealed
a greater number of correct responses in the second
block in go to win than in the go to avoid losing con-
dition (t(23) = 2.057, p = 0.051)2. The nogo to avoid
losing condition showed a significant greater number
of correct responses than the nogo to win condition
in the third block (t(23) = −3.784, p = 0.001). Thus,
the behavioral data indicates that subjects were bet-
ter at learning to go in the win condition (compared
to go in the avoid losing), and were better at learn-
ing to withhold a response in the avoid losing con-
dition (compared to not respond in the win condi-
tion). Nevertheless, subjects learned correctly the
go to avoid losing conditions, although reached the
asymptote quicker in the go to win.

Using the number of adjusted correct responses,
the go to win (F (2, 46) = 5.5, p = 0.007) and go to
avoid losing (F (2, 46) = 6.154, p = 0.004) conditions
exhibited a main effect of block, whereas the nogo con-
ditions did not. Although, these results indicated that
subjects did not learn the nogo to avoid losing condi-
tion, this condition exhibited a positive trend (post-
hoc paired t-test between the first and third blocks,
t(23) = −1.776, p = 0.089) whereas the nogo to win
showed a negative trend. The rest of the results were
similar to the previous analysis, and thus, the conclu-
sions were the same.

7.2 Comparing QL to AC
In order to find the model which best fits to the

behavioural data, we compared several QL and AC
models. Firstly, we fitted the standard QL model,
which was purely instrumental with two parameters:
the learning rate (α) and the inverse of temperature
(β).

The subjects exhibited some initial tendency to re-
spond which was impossible to capture using a stan-

2Since this result showed a p-value very near the threshold, it is worth to also take it into consideration.
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Figure 3: Learning time courses for all five conditions. The black lines depict the time varying probabilities, across
subjects, of making a go response. The red lines represent the same average time varying probabilities, across subjects,
but sampled from the standard QL model and the blue lines were sampled from the QL+Q0 model.

dard Q-learning model (red lines in figure 3, the ini-
tial probability of the go action was above 0.5 in most
of the conditions, namely go to avoid losing, neutral,
nogo to win and nogo to avoid losing). Consequently,
we tested for two alternative models to account for
this effect: firstly, we included an initial Q-value
(QL+Q0), which gradually vanishes as new outcomes
are integrated; secondly, we included a bias parameter
which remains static across time. The Bayesian anal-
ysis favoured the latter, but the classical approach did
not (Wilcoxon signed rank test: p = 0.2769, Bayesian:
φ = 0.8160). Indeed the model’s simulated behavior
were practically the same in both models.

However, the QL+Q0 model slightly failed to cap-
ture the tendency to respond in the win conditions
and the tendency to not respond in the avoid losing
conditions. Particularly, this failure was more pro-
nounced in the go to avoid losing condition (blue lines
in figure 3). Thus, we tested the QL+pav model
which accounted for the action by valence interac-
tion. Although the classical approach was not able
to determine which was the best model (t(23) =
−1.4433, p = 0.1624), the Bayesian model comparison
(BMS) method supported strongly the model without
the Pavlovian factor with an exceedance probability
of φ = 0.9964.

Regarding the AC framework, we firstly fitted a
standard AC model which consisted of three parame-
ters: the critic’s learning rate (α), the actor’s learning
rate (η) and the inverse of temperature (β).

Similarly to the QL framework, the standard AC
model failed to capture the initial tendency to per-
form the go action. Therefore, we tested an al-
ternative model which included an initial preference
(AC+p0), ans thus, it was able to account for this ef-
fect. This model was clearly better than the standard

one (Wilcoxon signed rank test: p = 0.0125, Bayesian:
φ = 0.9957).

Although, the AC+p0 model seemed to capture
the action by valence interaction, we still fitted the
AC+pav model to the behavioral data and compared
it to the AC+p0 model, so that we could be sure
that the Pavlovian factor was useless. Indeed, the
Pavlovian factor was not required to explain data
(Wilcoxon signed rank test: p < 0.001, Bayesian:φ =
1).

Thus, our computational analysis suggested that
the QL+Q0 and AC+p0 models were the best candi-
dates to explain the subjects’ behavioral data.

The AC+p0 model was then compared to the
QL+Q0. This comparison showed that QL model had
a higher probability of occurring in the population
with an exceedance probability of φ = 0.8780.

Although our findings suggested that the subjects’
behavioral data is in line with the QL model, the AC
model might naturally capture better the Pavlovian
effect. In the AC framework, subjects must learn the
state-value before making a decision. In the nogo to
win and go to avoid losing conditions, in order to
learn it, subjects must perform the nogo action, which
does not update the preferences and thus it slows the
learning process. The Pavlovian effect is characterized
by a slower learning process in these two conditions.
Therefore, we hypothesized that it could be better
captured by the AC model.

In order to verify this hypothesis, we performed
a two-way ANOVA for the probability of correct re-
sponses sampled from the QL+Q0 and the AC+p0
models, with factors of action (2 levels: go and
nogo) and valence (2 levels: win and avoid losing).
This analysis showed that the AC model (F (1, 23) =
19.595, p < 0.001) showed an interaction action-
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Table 1: Prediction errors underlying each condition in the Q-learning and Actor-critic models.

Go to win NoGo to win Go to avoid losing NoGo to avoid losing

QL δ ≥ 0 δ ≥ 0 δ ≤ 0 δ ≤ 0
AC δ ≥ 0 δ ≤ 0 δ ≥ 0 δ ≤ 0

valence more similar to the raw data than the QL
(F (1, 23) = 4.590, p = 0.043).

7.3 Principal Component Analysis of
behavioral data

The Actor-critic and the Q-learning models dif-
fer in the sign of the PEs in the nogo to win and go
to avoid losing conditions. For example, consider the
nogo to win condition (respond: positive outcome,
not respond: negative outcome): in a QL framework,
as subjects learned the action-values during the task,
PEs become positive (0 ≤ Q(s, nogo) ≤ 1, δ = 1 −
Q(s, nogo) > 0) when they withhold their responses.
In an AC framework, the PEs are determined by the
state-value function and the preferences are only up-
dated when the subjects respond. Therefore, as sub-
jects learned the state-values during the task, PEs
became negative (V (s) > 0, δ = 0 − V (s) < 0) every
time they respond. The dissimilarities in prediction
errors according to each model are summarized in ta-
ble 1.

As previously described, positive PEs are con-
veyed by dopamine bursts in the striatum, whereas
negative PEs are conveyed by dopamine dips.
Dopamine affects the subjects’ learning performance
[28–30], namely augmented DA enhances learning
from positive PEs, but would impair learning from
negative PEs. Conversely, reduced DA would enhance
learning from negative PEs, but would impair learn-
ing from positive PEs.

Therefore, we hypothesized that conditions might
be associated with each other in terms of performance
(correct or incorrect learning). In a Q-learning frame-
work, the win conditions, which are determined by
positive PEs (DA bursts), would be positively corre-
lated. Similarly, the avoid losing conditions, which
are determined by negative PEs (DA dips), would ex-
hibit a positive correlation. Additionally, the win and
the avoid losing conditions would be negatively corre-
lated.

In an AC framework, the go conditions, which are
governed by positive PEs (DA bursts), would show
a positive association. The performance in the nogo
conditions, which are controlled by negative PEs (DA
dips) would also exhibit a positive association. Ad-
ditionally, the go and nogo conditions would be neg-
atively correlated. Thereby, in order to investigate
which model, QL or AC, is in line with the subjects’

behavior, we tried to find associations among condi-
tions in the behavioral raw data. This was achieved
by performing a principal component analysis (PCA)
on the subjects’ performance in each condition. The
subjects’ performance was mathematically formulated
as the fraction of correct responses in the third block.

Firstly, to verify the presence of correlations
among conditions, we computed the Pearson’s corre-
lation coefficients. This preliminary analysis showed
that only the go to avoid losing and the nogo to avoid
losing conditions exhibited a positive strong and sig-
nificant association (r = 0.664, p = 0.001)3.

The principal component analysis was performed
on the the same dataset. The principal components
are depicted in the figure 4. Before proceeding with
the analyses of the results, we determined the more
meaningful components.

Figure 4: Results of the PCA analysis on the fraction
of correct responses per subject and condition. Each set
of stacked bars represents the fraction of the variance of
a component explained by conditions. The percentage on
the top of each stacked bars corresponds to the contribu-
tion of each component to explain the total variance of
the original data.

In order to find the meaningful components we
combined the K1 method and the Cattel’s scree test.
According to the former, all the components whose
eigenvalues were above 1 should be retained whereas
the others should be discarded. The first three com-
ponents exhibited eigenvalues above 1 and, thus, they
were considered significant. Additionally, the scree
plot showed a significant last break at the third prin-
cipal component, and, thus, according to the Cattel’s
scree test, only the first three components should be
retained. This means that both tests agreed in retain-
ing components 1,2 and 3. Our analysis, hence, only
focused on these three principal components.

3The strength of the Pearson correlation coefficient was categorized according to the criteria introduced in [31] as strong (r = ±.10
to ±.29), moderate (r = ±.30 to ±.49) and weak (r = ±.50 to ±1.0).

7



Figure 5: sub-population 1

Figure 6: sub-population 2

Figure 7: Average time varying probability, across sub-
jects, of making the go action for the five conditions con-
volved with a central moving average filter with length
5.

The results showed that the principal components
grouped together the conditions which share the same
sign of the PEs in the Q-learning framework: the
avoid losing conditions are connected to negative PEs
(first component), the win conditions are linked to
positive PEs (second component), and the neutral are
connected to zero PEs (third component). Addition-
ally, the vectors associated to the first two principal
components showed a positive association in the win
and avoid losing conditions.

According to what was explained above about the
relationship between dopamine and prediction errors,
it would be plausible to expect that the avoid los-
ing and win conditions shared the same driving force
(same component), i.e. level of dopamine in the
striatum. As previously explained, there were evi-
dences which suggested that negative prediction er-
rors might be conveyed by the dip duration instead
of its magnitude. This could be the reason why win
and avoid losing conditions showed a different driv-
ing force, and, thus, belonged to orthogonal compo-
nents. The neutral condition measures the Go bias.
There were evidences that this bias depended on tonic
dopamine instead on the phasic dopamine. It is still
unknown if there is a relationship between phasic and
tonic dopamine. However, these results suggest that
they are uncorrelated. The second component showed
an association between the conditions, but the Pear-
son’s correlation analysis exhibited a weak and non-
significant correlation (r = .159, p = .459). Both
analyses assumed that all the subjects performed

solely according to one policy, but subjects could ex-
hibit a more Pavlovian or more instrumental policy.
Thereby, we should have accounted for this difference
in policy, in order to capture correctly the associations
among conditions.

To identify the presence of these two sub-groups
in the overall population, we carried out a Gaussian
mixture model on the 3-dimensional space spanned by
the three components. This analysis was performed
in MATLAB version 2012b using a function provided
by the toolbox SPM version 8. Subjects from the
sub-population 1 (figure 6) learned to respond in the
nogo to win condition and performed worse in the
go avoid to losing condition. These findings could
suggest that sub-population 1 followed a Pavlovian
policy. However, subjects from sub-population 1 also
performed worse in the nogo to avoid losing condi-
tion compared to sub-population 2, which was not in
accordance with a Pavlovian behavior. In order to
further investigate whether the behavioral differences
between the two groups were instrumental or Pavlo-
vian, we used the Pavlovian parametric estimates (π)
of individual fits of the QL+pav model. The com-
parison revealed that there was no significant differ-
ence in the Pavlovian parameter between both groups
(p = 0.3321). This finding suggested that the differ-
ence between sub-population 1 and sub-population 2
might not came from the difference in policy. A sec-
ond hypothesis was that sub-population 1 gathered
all the subjects that learned worse in all conditions.

Although, we could not find the source of such a
difference, it was clear that the nogo to win condi-
tion was inverted in the sub-population 1 comparing
to the sub-population 2 (yellow lines in figure 7). This
inversion could be the reason why win conditions did
not exhibit a significant positive Pearson’s correlation
in our first analysis. In order to test this hypothesis,
we re-computed the Pearson’s correlation coefficients,
separately, for each sub-population.

The results showed a positive and strong corre-
lation between the go to win and nogo to win con-
ditions in sub-population 2 (r = 0.947, p < 0.001).
In sub-population 1, the correlation was negative
(r = −.578, p = 0.030), which is plausible if we con-
sider that subjects followed a more Pavlovian policy
in the nogo to win condition.

8 Conclusion
This study aimed to determine whether the PEs

used to update old predictions were determined by
the value of the action (QL) or by the value of the
state (AC). This was achieved by conducting a modi-
fied probabilistic Go/NoGo task which orthogonalizes
action and valence in 24 healthy subjects.

The behavioral analysis suggested that subjects
had correctly learned the go to win, go to avoid los-
ing and nogo to avoid losing conditions, but not the
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nogo to win. However, this might be interpreted as
an effect of the strong action by valence interaction
rather than bad learning. The subjects have learned
worse the nogo to win (compared to the nogo to avoid
losing condition) and the go to avoid losing conditions
(compared to the go to win condition). However, the
performance is not disrupted in the same manner in
both conditions. In the go to avoid losing condition,
subjects tend to perform correctly but they are slower
to achieve the correct policy. On the other hand, sub-
jects do not really learn to not respond in the nogo
to win condition. This is in line with previous find-
ings which suggested that the learning process was
not purely instrumental but it was also affected by a
Pavlovian mechanism.

Several Q-learning and Actor-critic models were
fitted to the subjects’ behavioral data and then com-
pared in order to select the best model. This analysis
suggested that the best model was based on a QL
framework with a strong, but not persistent bias to-
wards emitting a go choice.

Despite of explaining better the subjects’ behav-
ior, the QL was not able to naturally capture the ac-
tion by valence interaction as well as the Actor-critic
model. This was in line with our initial expectations
that hypothesized that the learning process tended to
be naturally slower in the nogo to win and go to avoid
losing conditions when based on an AC framework.

These findings clearly suggested that the subjects’
choices came out from a computational mechanism
more similar to the QL than to the Actor-critic. In
order to further test this hypothesis, we applied a
principal component analysis to determine associa-
tions among conditions.

The PCA grouped together the conditions which
share the same sign of the PEs in the Q-learning
framework: the win conditions are linked to positive
PEs, the avoid losing conditions are determined by
negative PEs and the neutral condition are connected
to zero PEs.

PEs are coded by phasic DA, and thus, ultimately,
DA is the main driving force of the win and the
avoid conditions. Particularly, augmented DA en-
hances learning from positive PEs (DA bursts), but
would impair learning from negative PEs (DA dips).
Conversely, reduced DA would enhance learning from
negative PEs, but would impair learning from positive
PEs. According to this, it would be plausible to ex-
pect that the avoid losing and win conditions shared
the same component with a negative association be-
tween them. Nevertheless, there were evidences which
suggested that negative PEs might be conveyed by
the dip duration instead of its magnitude. This can
explain why win and avoid losing conditions showed
different driving forces, and, thus, belonged to orthog-
onal components.

Furthermore, a clustering analysis showed the
presence of two sub-groups which clearly differed in

the subjects’ performance in the nogo to win con-
dition. In sub-group 1 subjects learned to respond
whereas in the sub-group 2 they learned correctly to
not respond. This fact could be masking the true cor-
relation between the win conditions. Indeed, the sub-
group where subjects have correctly learned to not
respond exhibited a strong and positive correlation.

In sum, our findings suggests that healthy humans
use the action-values (QL) instead of the state-values
(AC) to determine the prediction errors when learn-
ing to make a choice. This conclusion corroborates
electrophysiological findings in animals, which demon-
strated that prediction errors were determined by the
action value.
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