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Computational Simulation of Wisconsin Card Sorting Task by using
Variational Recurrent Neural Network based on the free energy
principle
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Abstract— The Wisconsin Card Sorting Task (WCST) is used
to measure cognitive flexibility. In WCST, the participants are
required to estimate underlying rules (called ‘“‘category” in
WCST) from given sensory signals. Computational modeling
of the underlying cognitive mechanisms of WCST is important
for elucidating flexible cognitive processing. In this study,
we propose a hierarchical Recurrent Neural Network (RNN)
model for explaining the underlying cognitive mechanisms of
WCST, based on the free energy principle (FEP). FEP explains
perception and goal-directed action as the minimization of
prediction errors between predicted and real sensory signals
(called free-energy minimization) and is expected to be an
integrated theory of the brain. The primary characteristic
of our model is that it considers free energy at future time
steps, enabling it to correctly answer WCST as a goal-directed
behavior based on the FEP. The simulation experiment showed
that the proposed model successfully estimated the underlying
categories to be estimated in WCST and correctly answer
WCST. This indicates that the proposed model may provide
mechanistic insights into flexible cognitive processing from the
perspective of FEP.

I. INTRODUCTION

Cognitive flexibility is the ability to adapt to new tasks,
rules, and changes in the environment and is considered a
part of executive function (the ability to control one’s behav-
ior to achieve goals). Various neuropsychological methods
have been devised to assess cognitive flexibility, one of which
is the Wisconsin Card Sorting Task (WCST)[1].

The experimental procedure is outlined as follows: One
trial of WCST consists of two-time steps. In the first time
step, one stimulus card and four target cards, with features
of three categories—color, shape, and number—are provided
to the participants (Fig.1), and the experimenter determines
one target category (color, shape, or number). In the second
time step, the participants select one target card that has the
same features as the stimulus card based on the category
they estimated. As the participants do not know the category
set by the experimenter, they have to infer it from the
correct/incorrect feedback given after their answers. The
experimenter returns correct/incorrect feedback regarding the
target card selected by the participants. Correct feedback
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Fig. 1: Wisconsin Card Sorting Task. There are one stimulus
card and four target cards, which have features about three
categories: color, shape, and number. The participants select
one card from the target cards which has same feature as
stimulus card about one category set by the experimenter
without sensory information of the category set by the
exeperimenter.

indicates that the estimated category is correct, and the
participants should continue using that category. Incorrect
feedback indicates that the estimated category does not match
the category set by the experimenter and that the participants
should therefore switch to inference about the target category.

This is repeated several times and the participants are ex-
pected to be able to appropriately estimate the category based
on feedback and select the correct card. Furthermore, the
target category is changed non-explicitly by the experimenter
when the participants are able to answer correctly more than
a certain number of times in a row. The participants should be
aware of category changes based on feedback and be flexible
in modifying their answer.

Computational modeling of the cognitive processes un-
derlying the WCST is conducted to understand the under-
lying mechanisms. Several studies have been conducted by
developing biologically valid reinforcement learning models
modeling specific brain regions [2] [3] [4] [5]. As WCST per-
formance decreases in several neurological and psychiatric
disorders, these studies are expected to play an important
role in clarifying relevant brain functions and mechanisms.

Recently, computational models of brain functions based
on the free energy principle [6] have attracted considerable
attention. Based on the framework of Bayesian inference,
the free energy principle views biological brain functions as
the output of predicted signals related to sensory signals,
using prior beliefs about the external world and error min-
imization between predicted signals and sensory signals by



updating prior beliefs. The error to be minimized is called
“free energy” (sometimes called “variational free energy”).
Furthermore, the free energy principle theorizes that the
generation of planning for goal-directed behavior is a form
of free-energy minimization that differs from free-energy
minimization(i.e., variational free energy minimization) in
the perception of the world. In this framework, agents
acquire goal-directed plans by predicting future sensory
signals using prior beliefs about the external world and
minimizing errors between predicted future sensory signals
and desired future sensory signals (i.e., goals). As goal-
directed planning generation can also be considered as a part
of inference about sensory signals from the external world,
the free energy principle refers to planning of goal-directed
behavior generation and actions as “active inference” [7].
Thus, in goal-directed behavior, action plans are generated
to minimize the free energy (sometimes called “expected free
energy”’) within the framework of active inference.

While the free energy principle is expected to be a
unifying theory of the brain because it can explain a wide
range of cognitive phenomena, a computational approach
to the WCST using the free energy principle has not been
thoroughly explored. While previous studies have focused
on local brain activity using a reinforcement learning model,
examining the cognitive process of WCST within the frame-
work of more general principles is expected to contribute to
elucidating the relationship between the answering process
of WCST and other cognitive functions.

In this study, we regard the answering process of WCST
as goal-directed behavior (i.e., the participants are tasked
with selecting the correct card) based on the framework of
active inference. Based on this, we propose a hierarchical
Recurrent Neural Network model (RNN) that can correctly
answer the simulation task of WCST, which is constructed as
a numerical simulation task by minimizing the free energy
(expected free energy and variational free energy). Simu-
lation experiments showed that the proposed model could
appropriately estimate the category set by the experimenter
and change its answers along with the change in the category.
This suggests that the proposed model may provide insights
into flexible cognitive processes in terms of the free energy
principle.

II. EXPERIMENT

We set up a simulation experiment of WCST performed
by the RNN model. In the standard WCST, the participants
select one of four target cards with the same features in one
category as the stimulus card. We regard these process as
selecting the content of the estimated category of a stimulus
card to simplify WCST for a simulation. The simulation
experiment is outlined as follows.

Each trial of the simplified WCST experiment comprised
two steps. In the first-time step, a stimulus card with features
related to the three categories was presented. The target
category was set by the experimenter. In the second time
step, the RNN model selected features corresponding to the
target category from the features of the three categories
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of stimulus cards. As the participants did not know the
category set by the experimenter, they had to infer it from
the correct/incorrect feedback given after their answers. The
experimenter returned correct/incorrect feedback regarding
the features selected by the participants. Correct feedback
indicated that the estimated category is correct, and the
participants should continue using that category. Incorrect
feedback indicated that the estimated category does not
match the category set by the experimenter and that the
participants should switch to inference about the target
category.

This was repeated 100 times, and the participants were
expected to be able to appropriately estimate the category
based on feedback and select the correct feature. Further-
more, the target category was changed non-explicitly by the
experimenter at random time steps. The participants should
be aware of category changes based on feedback and be
flexible in modifying their answer. The experiment consists
of two sessions: learning and test. Each session is outlined
below.

A. Learning

During the learning session, we used 6-dimensional time
series data as sensory data for the RNN model. The six
dimensions consisted of stimulus card features (three di-
mensions), answer (one dimension), correct/incorrect signal
of the answer (one dimension), and category set by the
experimenter (one dimension).

For each category of the stimulus card, the features were
assigned as 0.1, 0.3, 0.5, or 0.7. The values for the three
categories differed. The answer was one of the three features
of the stimulus card. The correct/incorrect feedback was
expressed as 0.8 (in case of correct answer) or -0.8 (in
case of incorrect answer). Information on the category set
by the experimenter was expressed as -0.4, 0.0, or 0.4
(corresponding to three categories).

The definition of correct was the difference between the
value (0.1, 0.3, 0.5 or 0.7) of the model’s answer and its
sensory signal was less than 0.2 Note that in accordance with
the standard WCST, the category set by the experimenter was
not given to the model in the test session.

One sequence of data consisted of 200 time steps (0,
1, 2,...). Each trial of WCST consisted of two steps: card
recognition and answering. In the card recognition time step,
a stimulus card was given, giving meaningful values only to
the information on the three features of the stimulus card and
the category set by the experimenter. For the information of
the answer and the correct/incorrect signal, we gave 0.0 as a
meaningless value (i.e., a value not used in the sequence). In
contrast, at the answering time step we assigned meaningful
values to all information because these were the answering
steps. At these time steps, the three features of the stimulus
cards were the same as those in the previous time step.

The RNN model was given 15 sequences of data and
learned them. These consisted of three sequences of data
in which the answer is always correct, six sequences in
which the answer is always incorrect, and six sequences in



which the category set by the experimenter was changed once
within the sequence and the answer was always correct.

B. Test

In the test experiment, we evaluated the ability of the
RNN model to respond to a test data sequence that was not
provided as learning data. The data were prepared in the
same manner as the learning data; however, in accordance
with the standard WCST, information on the category set by
the experimenter was not provided to the model. Therefore,
at even time steps in which the stimulus card is given,
we assigned meaningful values only for the information of
the three features of the stimulus card. During the test, the
category set by the experimenter was changed without notice,
and the RNN model was tasked with changing the estimation
of the category used.

III. PROPOSED MODEL

We propose a computational model for the WCST based
on the free energy principle using a predictive coding-
inspired Variational RNN (PV-RNN). The PV-RNN was
proposed by Ahmadi et al.[8] as an RNN to clarify the
cognitive basis of the free energy principle. It is based on a
multiple-timescale neural network (MT-RNN)[9]; therefore,
the PV-RNN consists of deterministic neurons d. However,
in addition to the deterministic neuron d, the PV-RNN
consists of latent neurons z that represent beliefs in the
brain regarding the causes of external sensations as Gaussian
distributions. These variables have prior z, and posterior z,
distributions, each representing the estimated causes before
and after the sensory signals are observed. Using these
latent neurons z, deterministic neurons d generate predicted
signals.

Our model has a four-layer hierarchical structure, as
shown in Fig.2. The model consists of three first layers
into which the three feature values of the stimulus card are
predicted/input; a second layer into which the sensory signal
of one of three numbers (i.e., answer) is predicted/input;
a third layer into which sensory signals of information of
the correct/incorrect answer and the category to be used are
predicted/input; and a fourth layer that monitors them. In
this figure, & ; is the ith predicted signal at the time step
t. The first to third predicted signals are 3 features of the
stimulus card, the fourth predicted signal is the answer, the
fifth predicted signal is the correct/incorrect signal of the
answer, and the sixth is the category set by the experimenter.

The deterministic neurons of the first, second, and third
layers are computed from the posterior distribution of the la-
tent variable, inputs from higher levels, and recurrent inputs.
The deterministic neuron of the fourth layer is computed
from the posterior distribution of the latent variable and

recurrent inputs. The internal state hi‘? and deterministic

neuron dg Z-) of the 4 element in the sequence s at time step

t(t > 1) are calculated as follows:
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Fig. 2: Hierarchical PV-RNN. The model consists of three
first layers into which the three feature values of the stimulus
card are input, a second layer into which the sensory signal of
one of three numbers (i.e. answer) is input, a third layer into
which sensory signals of the correct/incorrect of the answer
and the category set by the experimenter are input, and a
fourth layer that monitors them.
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dz(t;) = tanh (hgi?) (7, (S IFid7 ISd: ITd1 ]Fod) . (2)

Here, Ir,d, Isd, ITa, Ir, 4 represent the sets of indices of
deterministic neurons in the first layer, second layer, third
layer, and fourth layer, respectively, while Ir,,, Is,, ITz, Ir,_ 2
represent the sets of indices of latent neurons in the first
layer, second layer, third layer, and fourth layer, respectively.
w; ; represents the synaptic weight from the jth neuron to
the ith neuron. Additionally, z; ; represents the output of the
posterior distribution at time step ¢ for the jth neuron, 7 rep-
resents the time constant, and b; represents the bias in the ith
neuron. The first layer contains three pairs of deterministic
and latent neurons, each having synaptic connections only
with the second layer and no synaptic connections within
the first layer.

The latent neurons are represented as independent mul-
tivariate Gaussian distributions for each layer. The prior
distribution is calculated from the previous deterministic
neurons with mean p and standard deviation o as follows:

p(o)) =p (sai2s,) = (4252070207
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Here, T®) is the length of the data in sequence s.
Also, € is sampled from N(0,1). a is called the adaptation
variable and is determined by the error e backpropagated by
Backpropagation Through Time (BPTT). a is initialized by
the initial internal state of the neuron that calculates the prior
distribution before the learning or inference process.
ﬁgf} is the ¢ the sensory prediction in sequence s at time
step t. They are generated from deterministic neurons in
the first layer, second layer, and third layer. The calculation
of prediction generation is as follows. Ior,, log, and IoT
represent the set of neuron indices in the output layer
connected to the first layer, second, third layer, respectively.
The three preditions are generated by neurons in the first
layer independently each other. In addition, the third layer
generates two predictions.
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The RNN model updates the synaptic weights and latent
variables to minimize the variational free energy F' calculated
below.
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A. Parameter Update
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The first term is the prediction error term, and the second
term is the KL divergence term. ¢ is the time step, [ is the
layer index, s is the sequence index, and S is the number
of sequences in the data. Additionally, d is the output of the
deterministic neuron; z is the value of the latent variable; and
p and q are the prior and approximate posterior distributions,
respectively. Furthermore, e indicates the backpropagated
error from ¢ to the sequence end time step 7'. The parameter
W is called the meta-prior. Ahmadi et al.[8] demonstrated
the possibility of determining whether a model generates
predictions deterministically or stochastically by adjusting
this value.
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B. Learning

Learning was performed by updating the RNN parameters
(i.e., synaptic weights and adaptive variables) to minimize
the variational free energy. The number of epochs was set to
50,000.

C. Test

By understanding the card selection process in WCST
as goal-oriented behavior in terms of being tasked with
selecting the correct card, we introduce the framework of
active inference, which considered goal-oriented behavior to
also be free energy minimization and set future time steps in
the model in the test session to implement the framework.
At a certain time step, the RNN model repeatedly generate
predictions and update the parameters in the future, current,
and past time steps by minimizing the sum of the free
energies from the past time step to the future time step
(Fig.3). Note that, in the test experiment, the sensory signals
of the category were not given.
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Fig. 3: In the test, at each time step, the model generates
predictions and updates parameters at future time steps from
tey1 to ty, current time step ¢ and past time steps from t,
to tcfl.

At the future time steps (Fig.4), after predicting all the
sensory signals, only the prediction error was obtained from
the correct/incorrect signal of the answer, taking the correct
signal(i.e.,0.8) as the sensory signal. The other outputs of
the model are then adjusted to minimize the free energy
(i.e., the expected free energy () at future time steps. This
ensures that the model predicts the correct signal in the future
and current time steps. A previous study[10] calculated the
expected free energy in a PV-RNN, and based on this work,
we introduced the expected free energyG.

The expected free energy G that is minimized at the future
time step t.4: (> t.) to generate the plan for goal-directed
behavior is expressed in the following form: ¢y indicates
the furthest time within the range of future time steps to
be considered. Further, e indicates the backpropagated error
from ¢ to t;. The prediction error is calculated only for the
correct or incorrect answer, and 0.8 (i.e., correct) is given as
the sensory signal of the correct/incorrect answer.

tf

Z (%(0.8 — z7,)?

t=teq1

5
+ > wo (DKL [q(zﬁ”let:tf)Hp(zi”ldil))} )) (12)
=1

At the current time step (Fig.5), after outputting the pre-
dicted signals, the model receives the sensory signals of the
three features of the stimulus card and the correct/incorrect
signal of the answer. At this time step, no sensory signal
for the answer was provided, in accordance with the actual
WCST. Instead, the correct/incorrect signal is provided as
a sensory signal of the correct/incorrect predicted signal of
the answer output by the model at the current time step.
The outputs of the model were adjusted to minimize the free
energy (i.e., variational free energy F') calculated at this time
step.

At the past time steps (Fig.6), after outputting a predicted
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Fig. 4: Model at the future time steps. Only the prediction
error is received from the correct/incorrect signal of the
answer and takes the correct signal as the sensory signal,
and then adjusts other outputs as well so that the free energy
is minimized.

signal, the model received sensory signals of the three fea-
tures of the stimulus card, answer, and correct/incorrect an-
swer. The sensory signals of the answer and correct/incorrect
received at these time steps are the signals predicted by the
model when this time step is the current time step. The
outputs of the model were adjusted to minimize the free
energy (i.e., the variational free energy, F') calculated at these
time steps.

D. Parameter Setting

The number of deterministic neurons d in the first, second,
third, and fourth layers was unified as 20, and the numbers of
latent neurons z in the first, second, third, and fourth layers
were 1, 3, 3, and 3, respectively. The time constant 7 of
the context layer, which was a parameter representing the
temporal characteristics of a deterministic neuron d, was set
to 1.0, 1.25, 1.5, and 4.0, for the first, second, third, and
fourth layers, respectively. The value of the meta-prior W
was set to 0.005 for all the layers. The parameters of the
rectified Adam used for learning were as follows: learning
rate = 0.001, 1 = 0.9, and B2 = 0.999. In the test, the
range of past time steps was set to 3, 5, or 10 and the range
of future time steps was set to 3. The number of epochs,
which indicates the number of parameter updates at each
time step, was set to 200, 300, or 400. The parameters of
the rectified Adam were as follows: learning rate = 0.25, 0.5,
or 0.75. The performance of the model was evaluated for all
the combinations in a single test.

IV. RESULT AND DISCUSSION

To evaluate the model’s performance, we recorded the cor-
rect answer, category prediction and numerical recognition
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Fig. 5: Model at the current time step. The model receives
sensory signals of three features of the stimulus card and the
correct/incorrect signal of the answer. The sensory signal of
the answer is not given to the model. The correct/incorrect
signal is given as a sensory signal of the correct/incorrect of
the predicted signal of the answer at the current time step.

Forth layer

Third layer

Second layer

First layer

Predicted signal

Prediction error

Sensory signal

3 features of
the stimulus card

answer correct/ category
incorrect

Fig. 6: Model at the past time steps. The model receives
sensory signals of three features of the stimulus card, answer,
and correct/incorrect of the answer.
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category correct answer category numerical
change (%) prediction (%) | recognition (%)
1 time 93 95 95

2 times 81 93 96

3 times 81 94 97

I. The result of the test experiment. The category set by experimenter is
changed 1 time, 2 times, and 3 times. For each number of switching, tests
were performed on 10 sequences of data. For each sequence, we tested all
combinations of parameters (i.e., the range of past time steps, the range of
future time steps, and the number of epochs) and recorded the result of all
the combination with the highest correct answer rate as the test result of the
sequence. This table shows the average of the results for 6 of 10 sequences,
excluding the top two and bottom 2 sequences in the correct answer rate
for each number of switches.

rates. The correct answer rate was defined as the probability
that the difference between the value (0.1, 0.3, 0.5, or 0.7)
of the answer and its sensory signal was less than 0.1,
indicating that the model was able to answer the experiment
correctly. The category prediction rate was defined as the
probability that the difference between the estimated category
and the category set by the experimenter was less than 0.2;
it evaluates the model’s ability to estimate the category. The
numerical recognition rate was defined as the probability
that the difference between the predicted signal of the three
features of the stimulus card and the sensory signal was
less than 0.1, which indicates that the model can properly
recognize the given stimulus card.

The experiments were conducted by changing the cate-
gory set by the experimenter once, twice, and thrice. For
each switching number, tests were performed on 10 data
sequences. For each sequence, we tested all combinations
of the parameters (i.e., the range of past time steps, range
of future time steps, and number of epochs) and recorded
the score of the combination with the highest correct answer
rate as the test result of the sequence.

Table 1 shows the average results for six of the 10
sequences, excluding the top two and bottom two sequences,
in the correct answer rate for each number of switches. The
correct answer rate was over 75%, the category prediction
correct answer rate was over 80%, and the numerical recog-
nition rate was over 90%.

Fig.7 show the temporal changes in sensory signals and
predicted signals of the three features of the stimulus card,
answer, correct/incorrect, and the category which changed
once. In this figure, the blue line represents the sensory
signals, and the red line represents the predicted signals. And
Fig.8 shows the temporal changes in the mean and standard
deviation of the posterior distribution of each layer.

Fig.7 shows that the value of the sensory signal (i.e., the
blue line) of the category changes at time step 102. The
category set by the experimenter was 0.4 until time step 102,
and -0.4 after time step 102. The fact that the predicted signal
(i.e., the red line) changed with changes in the sensory signal
suggests that the RNN model can appropriately estimate the
category set by the experimenter.

In Fig.8, the values of the mean(mu) and standard devia-
tion(sigma) in the fourth layer change at time step 102 (i.e.,
the time step at which the sensory signal of the category



was changed by the experimenter). Note that the standard
deviation temporarily decreases after the change in category.
In addition, the posterior distribution of the first layer does
not change significantly.

We held correlation analysis (cross-sectional analysis) on
the result. The correlation coefficient between the mean
posterior distribution of the first latent neuron in the second
layer and the predicted signal for the first feature of the
stimulus card was -0.661. Similarly, the correlation coeffi-
cient between the mean of the posterior distribution of the
second latent neuron in the second layer and the predicted
signal for the second feature of the stimulus card was 0.457
and that between the mean of the posterior distribution of
the third latent neuron in the second layer and the predicted
signal for the third feature of the stimulus card was 0.644.
This suggests that the latent neurons in the second layer
may reflect information regarding the three features of the
stimulus card.

Similarly, for the posterior distribution of the third layer,
we performed a correlation analysis of the time-series data
(cross-sectional analysis) with respect to the predicted cor-
rect/incorrect signals. The correlation coefficient between the
mean posterior distribution of the first latent neuron in the
third layer and the predictive signal of correct or incorrect
was 0.578. The correlation coefficient between the mean of
the second latent neuron in the third layer and the predictive
signal of the correct/incorrect is -0.807. The correlation
coefficient between the mean of the third latent neuron in the
third layer and the predictive signal of the correct/incorrect
is -0.998. This suggests that latent neurons in the third layer
may reflect information regarding correct or incorrect signals.

From the comparison with the sensory/predicted signals
of the correct/incorrect and the category, it can be confirmed
that the change in the mean and the standard deviation of
the posterior distribution of the fourth layer occurs when an
incorrect signal is given, and they do not change in answer
to all incorrect signals but change only in answer to incorrect
signals caused by the change in the category set by the
experimenter.

An interpretation about the mechanism of the answering
process of the proposed model is explained below. We show
the flow of information of the model at the card recognition
time step and at the answering time steps.Since the proposed
model also have future time steps, we explain the flow of
information when each time step is the future time step and
when each time step is the current time step.

First, we explain the flow of information when recognition
and answering time steps are at future time step. In these time
step, the sensory signal of the correct/incorrect of the answer
is given to the model as the correct signal. The prediction
error signal between the sensory and predicted signal flows
into the third layer, and the estimation of the latent variable in
the third layer change. Since the third layer is involved in the
calculation of all prediction signals, from the three features
of the stimulus card to the category, when the estimation of
the latent variables in the third layer change, all predicted
signals change.
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Second, the flow of information when the card recognition
time step is the current time step (Fig.9). At this time step,
the model is randomly given sensory signals of the three
features of the stimulus card. Because of the randomness,
a prediction error occurs in most cases. The signal of the
prediction error flows through the first layer to the second
layer. As a result, the estimation of the latent variables in the
second layer change. The change in estimation means that a
given card is recognized by the model.

Third, we describe the flow of information when the
answering time step is the current time step(Fig.10). In this
case, the card recognition time step is the past time step. In
this time step, if the predicted signal of the answer matches
the sensory signal of it(i.e. the answer is correct), then the
correct answer signal is given as the sensory signal of the
correct/incorrect of the answer. As a result of setting the
future time step, the model does not receive a prediction error
signal of the correct/incorrect answer in this case, because the
model predicts to receive the signal of the correct. Therefore,
the estimates of the latent variables in the third layer and the
forth layer are unchanged.

If the predicted signal of the answer does not match the
sensory signal (i.e. the answer is incorrect), then the incorrect
signal is given as the sensory signal. As a result, the network
receives a signal of prediction error of the correct/incorrect
signal. The signal of the prediction error flows to the third
layer and the forth layer. Given the signal of prediction
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Fig. 9: The flow of information when the card recognition
time step is the current time step. The signal of the prediction
error caused by the sensory signal of the stimulus card
flows through the first layer to the second layer. Then, the
estimation of the latent variables in the second layer change.
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Fig. 10: The flow of information when the answering time
step is the current time step. The signal of the prediction error
caused by the sensory signal of the correct/incorrect flows
to the third layer and the forth layer. Then, the estimation
of the latent variables in the third layer and the forth layer
change.
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error, the estimation of the latent variable in the third and
fourth layer are changed. The change in the estimation of the
latent variable in the third layer results in a change in the
prediction of the correct/incorrect signal. The change in the
estimation of the latent variable in the forth layer results in
a change in the prediction about the signal of the category.
And predictions at subsequent time steps change accordingly.
In this way, a model that receives an incorrect sensory signal
changes its estimation of the category and changes its answer.

The model thus answers the experiment by changing the
estimation of the latent variable corresponding to each signal
so as to minimize the prediction error signal.

V. CONCLUSION

In this study, we proposed a hierarchical Recurrent Neu-
ral Network (RNN) model for explaining the underlying
cognitive mechanisms of WCST, based on the free energy
principle (FEP). These results are expected to contribute to
the understanding of brain mechanisms related to WCST
from the perspective of the free energy principle. In the
future, it is expected that its performance will be compared
with other computational models [2] [3] [4] [5]. Addition-
ally, computational models using real images as stimuli are
expected to be proposed.
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