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Abstract— This study presents a reinforcement learning ap-
proach for the optimization of the proportional-integral gains
of the feedback controller represented in a computational
model of epilepsy. The chaotic oscillator model provides a
feedback control systems view of the dynamics of an epileptic
brain with an internal feedback controller representative of
the natural seizure suppression mechanism within the brain
circuitry. Normal and pathological brain activity is simulated in
this model by adjusting the feedback gain values of the internal
controller. With insufficient gains, the internal controller cannot
provide enough feedback to the brain dynamics causing an
increase in correlation between different brain sites. This
increase in synchronization results in the destabilization of
the brain dynamics, which is representative of an epileptic
seizure. To provide compensation for an insufficient internal
controller an external controller is designed using proportional-
integral feedback control strategy. A cross-entropy optimization
algorithm is applied to the chaotic oscillator network model to
learn the optimal feedback gains for the external controller
instead of hand-tuning the gains to provide sufficient control
to the pathological brain and prevent seizure generation. The
correlation between the dynamics of neural activity within
different brain sites is calculated for experimental data to show
similar dynamics of epileptic neural activity as simulated by the
network of chaotic oscillators.

I. INTRODUCTION
Epilepsy is the second most common neurological disorder

affecting about 0.6% of the world population today. Treat-
ments for epilepsy include surgical removal of the epileptic
site or controlling the seizures with medication or electrical
stimulation. Surgical resection of the epileptic site(s) of
the brain is an effective, yet highly invasive procedure for
the cure of epilepsy and has extreme consequences for the
patient. Pharmacotherapy is a common treatment used for
the control of epileptic seizures, however, it has different
degrees of effectiveness for different patients and in some
cases does not work at all [3]. Characteristics of the disease,
such as, the number of pathological brain sites or the
frequency of seizures, varies for each individual patient.
The primary difficulty in the development of an effective
treatment applicable to a wide range of epilepsy patients is
that there is the heterogeneity of the disease.

Treatments focused on neuromodulation have emerged,
mainly based around the idea of controlling the epilep-
tic seizures and maintaining stable neural activity using
electrical stimulation to the nervous system. The concept
of electrical stimulation has been applied to models that
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represent the epileptic brain dynamics from a feedback
control systems view. These representative models simulate
the neural activity throughout the seizure generation process
and apply control strategies to sense and suppress an epileptic
seizure as it is being generated. When compared to epileptic
brain activity collected experimentally through electroen-
cephalography (EEG), these models have successfully shown
similar changes in the neural dynamics. Once a sufficient
control strategy is developed for these models, the design
can be used in a pacemaker type device that can transmit
the necessary electrical impulses to maintain healthy brain
activity.

This study explores a continuous closed-loop control strat-
egy to learn and optimize an external controller that acts to
predict and mitigate epileptic seizure generation. The cross-
entropy optimization algorithm is applied to the coupled
chaotic oscillator model developed by Tsakalis et al. [1].

II. COMPUTATIONAL MODELS OF EPILEPSY: A
NETWORK OF CHAOTIC OSCILLATORS

Several computational models have been developed to
simulate the pathological neural activities as it undergoes
an epileptic seizure. The simulations conducted in this study
are based on a model of coupled chaotic oscillators [2]. The
model constructs a network of chaotic oscillators character-
ized by a set of ordinary differential equations to represent
the neural dynamics at different brain sites.

During a seizure, neural activity proceeds through a chaos
to order to chaos transition corresponding to the pre-ictal,
ictal, and post-ictal states of a seizure respectively. In the
pre-ictal state the neural activity of the epileptogenic site
begins synchronization with another brain site and over time
evokes the ictal state. The ictal state of a seizure is depicted
by the hypersynchronization involving multiple brain sites,
resulting in what is observed to be a more ’ordered’ state of
dynamics [1].

Studies conducted by Tsakalis et al. were successful in
using the model of a network of coupled oscillators to
represent a dynamical pattern similar to actual EEG data
during a seizure at different brain sites [2]. The process
of seizure formation can be simulated through the coupled
oscillator model by representing the dynamics of each brain
site as a single oscillator belonging to an overall network of
oscillators encompassing multiple brain sites. The synchro-
nization of dynamics between two oscillators is evaluated
in terms of a correlation parameter that is dependent on the
brain dynamics and a coupling parameter input. A network
of coupled oscillators is a useful model to apply to seizure
prediction algorithms because it effectively represents the



neural activity in an epileptic brain that is similar to the
pre-ictal state observed in patients.

A. A netowork of coupled chaotic oscillators with normal
internal feedback

A single chaotic oscillator i (i = 1, ...,N) belonging to a
network of N coupled chaotic oscillators is represented by
the following system of differential equations.

dxi

dt
=−ω iyi− zi +bi +

N

∑
j=1, j 6=i

(εi, j(x j− xi)+uI
i, j)

dyi

dt
= ω ixi +αiyi,

dzi

dt
= β ixi + zi(xi− γi)

(1)

The system of differential equations for each oscillator
represents the ouput response of the dynamics at a brain
site (xi,yi,zi) for the purpose of this study. Each oscillator
contains a set of intrinsic parameters (α,β ,γ,ω) belonging
to the chaotic regime and constant bias terms (bi) that have
distinct random values for each oscillator. The coupling
strength, ε i, j, represents the amount of synchronization be-
tween two coupled oscillators (i and j) and is predefined in
our simulations as a characteristic input to the brain sites. As
the magnitude of ε i, j increases, the synchronization of the
dynamics between the two oscillators also increases. This
synchronization of the network of coupled oscillators occurs
continuously over time, beginning with the oscillators still
chaotic and progressively becoming less chaotic.

An internal controller, uI
i, j, provides feedback to a system

within the network of oscillators to prevent the synchroniza-
tion between the dynamics of two oscillators as ε i, j increases.
uI

i, j is represented by the following expressions, where the
feedback gains, ki, j, are determined by Proportional-Integral
(PI) feedback strategy.

uI
i, j = kI

i, j(xi− x j), kI
i, j = PII{ρ i, j− c∗} (2)

The correlation, ρi, j, between the dynamics of the coupled-
oscillators, is determined by an exponentially weighted
method dependent on a predefined a time constant a and
exists under a designated threshold c∗:

ρ i, j(xi,x j) =
m2

xi,x j

mxi,ximx j ,x j

(3)

dmxi,x j(t)
dt

=−amxi,x j(t)+axi(t)x j(t) (4)

This study simulated a network of three chaotic oscillators
where ε1,2 was increased linearly indicating a pathological
oscillator pair. For oscillators 2 and 3, ε2,3 was kept at a
constant value indicating a normal coupling oscillator pair.

Figure 1 shows the output responses, correlation, internal
feedback, and coupling parameters for the network of 3 os-
cillators. The inputs of the model are the coupling parameters
between the three oscillators ε1,2 and ε2,3. The feedback
controllers uI

1,2 and uI
2,3 were designed using PI feedback

control strategy. The gains for the controller were tuned
by hand to follow the changing ε1,2. The correlation for
oscillators 1 and 2 shows an increase in value as ε1,2 is

Fig. 1. Output response for a network of 3 oscillators with internal feedback
(normal brain). Dynamics of a normal brain is depicted with an increasing
input coupling (pathological) for oscillators 1 and 2 and a constant input
coupling (normal) for oscillators 2 and 3. The correlation calculated for
oscillators 1 and 2 remains low enough in response to the healthy state of
the brain. The internal feedback for oscillators 1 and 2 estimates the coupling
changes effectively to prevent seizure-like behavior of the dynamics.

increased, but is suppressed by uI
1,2. The sufficient amount

of feedback results in an output response of the oscillator
network representing normal neural activity. Since there is
no change in coupling or correlation for the normal chaotic
oscillator network between oscillators 2 and 3, uI

2,3 remains
at a constant value.

B. A network of coupled chaotic oscillators with pathologi-
cal internal feedback

Figure 2 shows the output responses, correlation, internal
feedback, and coupling parameters for the network of 3
oscillators with insufficient internal feedback.

The values of kI
1,2 and kI

2,3, were reduced significantly with
respect to the simulation of the normal brain. The correlation
between oscillators 1 and 2 shows a rapid increase in value as
ε1,2 increases. The feedback provided by uI

1,2 is insufficient
for tracking the increase of ε1,2 and fails to suppress the
synchronization of the dynamics between oscillators 1 and
2. Seizure-like behavior is observed in the erratic spikes seen
in the output response.

C. Correlation calculations for experimental data

Intracranial EEG from CA1 and CA3 regions of hip-
pocampus were rcorded using multi-microelectrode arrays
in a rat model of epilepsy with focal seizures arising from
hippocampus. All animal procedures were conducted in
accordance with the National Institute of Health Guide for
the Care and Use of Laboratory Animals and approved by
the Emory University Institutional Animal Care and Use
Committee. The correlation between the dynamics of CA1
and CA3 was calculated for the experimental EEG data
acuired from 16 channels within the hippocampus of each
rat using the expression formed in (3) and (4). The EEG



Fig. 2. Output response for a network of 3 oscillators with insufficient
internal feedback (pathological brain). Dynamics of a pathological brain
is depicted with an increasing input coupling parameter (pathological) for
oscillators 1 and 2 and a constant input coupling parameter (normal) for
oscillators 2 and 3. The internal feedback for oscillators 1 and 2 does
not provide effective tracking of the changes in coupling. The correlation
for oscillators 1 and 2 shows a significant increase as the dynamics are
synchronizing between the oscillators (similar to the pre-ictal state of the
brain) before the output response becomes erratic.

Fig. 3. Experimental EEG data was recorded using a 16 channel micro-
electrode array. The correlation was calculated between the signals from
channels 1 and 7 (left) and channels 1 and 8 (right). As the dynamics
synchronize between the channels, the correlation increases. There is a sharp
decrease in the correlation estimation as the dynamics destabilizes and the
seizure occurs.

data for channels 1 and 7 and channels 1 and 8 are shown in
Figure 3. Data from both cases shows a correlation increase
as the pre-ictal state of the seizure, or the synchronization
of the dynamics progresses. There is a sharp fall in the cor-
relation calculation between the channels just as the seizure
occurs. This trend agrees with the coupled oscillator model
simulation of the pathological neural dynamics (Figure 2).

III. A REINFORCEMENT LEARNING APPROACH

A. Problem Formulation

In epileptic neural networks, the internal feedback mech-
anisms may fail to maintain a healthy state of neural dy-
namics. An external feedback controller is suggested to
compensate for the defective internal controller. The coupled
oscillator model is adjusted to include an external feedback

controller, uE
i, j:

dxi

dt
=−ω iyi− zi +bi +

N

∑
j=1, j 6=i

(εi, j(x j− xi)+uI
i, j)+uE

i

dyi

dt
= ω ixi +αiyi,

dzi

dt
= β ixi + zi(xi− γi)

(5)

The coupled oscillator model developed by Tsakalis et al.,
designs uE

i, j using PI feedback strategy (uE
i, j = kE

i, j(xi− x j))
with the external feedback gains (kE

i, j = PII{ρ i, j−c∗}) hand-
tuned to compensate for the defective internal feedback
controller [1]. Tuning the external feedback gains by hand is
effective but also a tedious task. Provided the diverse nature
of the symptoms of epilepsy, uE

i, j for each case of an epileptic
seizure must be calculated individually. The degree to which
the coupling between two oscillators in the network changes
for each individual patient varies and cannot be tracked with
a set value for kE

i, j.
This study presents an application of the cross-entropy

algorithm to learn the optimal external feedback gains kE∗
i, j

without necessarily initializing these values. The optimiza-
tion problem is to find the value of kE∗

i, j with the goal of
minimizing the correlation between the dynamics of two
oscillators.

In the application to coupled oscillator network model the
optimization problem is the following:

minρ(xi,x j) (6)

where the correlation ρ is the loss to be minimized for the
oscillator network model and is a function of the oscillator
dynamics.

B. Cross-entropy method

The cross-entropy algorithm is typically used to learn
the value of a designated parameter (k) that is close to
its optimal value (k∗) by minimizing the loss (ρ) for
the system. The algorithm is initialized by selecting a
multi-variate Gaussian distribution N (k,Σ) where k is the
mean and Σ is the covariance matrix. N (k,Σ) is sampled
for values of the parameter k and calculates ρl for each
sample, l (l = 1, ...,L). The sampled values of the parameter,
kl=1,...,L, are then sorted in ascending order with respect to
the calculated losses ρl=1,...,L. The mean and variance of
the distribution are recalculated using a number of samples
obtained from the beginning of the sorted list Le that
correspond to the parameters k that result in the minimum
loss values.

knew = 1
Le

∑
Le
l=1 kl , Σnew = 1

Le
∑

Le
l=1(kl− k)(kl− k)T

The algorithm iterates through the process of sampling
the distribution, computing the losses, and updating the
distribution until the algorithm converges to the optimal
parameter k∗ = k. A summary of the cross-entropy algorithm
is found in Algorithm 1.



Algorithm 1. Cross-entropy algorithm for parameter optimization
1. Initialize: Select a multi-variate Gaussian distribution N (k,Σ)
2. Sampling: Sample values of kl=1,...,L from the Gaussian distribution

N (k,∑)
3. Loss Calculation: Calculate the loss ρ for each sample l
4. Sort: Sort kl=1,...,L in ascending order with respect to the calculated

losses ρl=1,...L
5. Update: Update the mean and variance for the sampling distribution

knew = 1
Le

∑
Le
l=1 kl , Σnew = 1

Le
∑

Le
l=1(kl − k)(kl − k)T

6. Iterate: Iterate through sampling, loss calculation, sorting, and
updating until the algorithm converges

7. Output: Optimal parameter k∗ = k

IV. RESULTS

The cross-entropy algorithm was used to calculate the
optimal gains kE∗

i, j for the external controller uE
i, j for a network

of 3 coupled oscillators. The algorithm was initialized with
a random Gaussian distribution mean k of 0.44 and variance
∑ of 0.2. The algorithm converged to a value of 0.0 for ∑

and 0.61 for k of the sampling distribution, shown in the
fifth subfigure in Figure 4. Figure 4 shows the oscillator
output response for the pathological 3-oscillator network
with an effective external feedback controller. A pathological
coupling input ε1,2 was not effectively tracked by the internal
controller uI

1,2 shown in the second subfigure. The external
feedback controller uE

1,2 was designed by PI feedback strat-
egy uE

i, j = kE
i, j(xi− x j) with optimal gains kE∗

i, j learned from
the cross entropy algorithm shown in the fourth subfigure.

The values of kE
i, j, are represented by the parameter k in

the algorithm shown in Algorithm 1. The loss function ρ

evaluated for the gains is the correlation ρ(xi,x j) between
two oscillators within the network. The algorithm converges
to the optimal value of external feedback gain by minimizing
the correlation value minρ(xi,x j). The external controller
uE

1,2 successfully predicted the error between uI
1,2 and ε1,2.

The output response of the oscillator network remained
normal with the provided feedback.

V. CONCLUSIONS

The application of the cross-entropy optimization algo-
rithm to the chaotic oscillator network model is useful in
the prediction and mitigation of seizure-like activity in a
pathological brain. The external controller designed with
hand-tuned gains is capable of effectively compensating for
a pathological internal feedback controller and preventing
seizure generation [2]. However the method of hand-tuning
the gains for the external controller can prove to be difficult
given the diversity in characteristics of epileptic seizures.
The cross-entropy algorithm can be applied to learn the
optimal values of the external feedback gains beginning from
a random Gaussian distribution and tracking the changes
in the input coupling between two brain sites. The calcu-
lated correlation for multielectrode EEG data recorded from
the hippocampus in epileptic rats shows similar trends as
predicted by the oscillator network model, validating this
model as being sufficient enough to represent epileptic brain
activity. The cross-entropy optimization algorithm is also
applicable to other models of epilepsy that are developed

Fig. 4. Output response for a 3-oscillator network with cross-entropy
feedback gain optimization. The neural activity of a pathological brain
(insufficient internal feedback) was controlled by an external feedback
controller designed by a PI feedback strategy. The optimal gains for
the external controller were learned using the cross-entropy algorithm
through the predicted error between the internal feedback and coupling.
The algorithm was initialized with a random Gaussian distribution mean of
0.44 and variance of 0.2. The algorithm converged to a variance of 0.0 and
a mean of 0.61. The designed external controller sucessfully maintained a
normal state of the brain dynamics.

from a feedback control systems perspective, such as the
neural mass model [6] or a model learned directly from
experimental EEG data.
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