
Unmasking Neurostimulation Policies for the Treatment of Epilepsy

Keith Bush and Joelle Pineau
Reasoning and Learning Lab

McGill University
{kbush,jpineau}@cs.mcgill.ca

Massimo Avoli
Montreal Neurological Institute

McGill University
massimo.avoli@mcgill.ca

1 Introduction

Epilepsy afflicts approximately 1% of the world’s popula-
tion [2]. Of those suffering from this disease 30% do not
respond to currently available anticonvulsant treatmentsor
are not candidates for surgical resection. Development
of new treatments, therefore, is a priority for epilepsy re-
search.

Neurostimulation shows promise as an epilepsy treatment.
In vitro studies show that fixed-frequency external elec-
trical stimulation applied to substructures within the hip-
pocampus can effectively suppress seizures [1]. Fixed-
frequency policies, however, do have limitations.In vitro
neurostimulation experiments suggest that the efficacy of
fixed-frequency stimulation varies across epileptic neural
systems. The recency of this technology raises questions
about long-term impacts such as stimulation induced tissue
damage.

These limitations motivate the search for stimulation poli-
cies that satisfy additional constraints. Ideally, a treatment
policy should adapt to optimally suppress seizures in each
unique patient while minimizing the number of stimula-
tions necessary to do so. By posing the problem’s com-
ponents in this way, an agent (implant) that learns a policy
(treatment) that maximizes rewards (maximum suppression
using minimum stimulation constraints) by interacting with
the environment (patient), we can recast neurostimulation
treatment of epilepsy, formally, as a reinforcement learning
problem [6].

Recasting neurostimulation as a reinforcement learning
problem requires that these components be mathemati-
cally well-defined. The complex dynamics of neural sys-
tems, however, are typically observable only through low-
dimensional time-series corrupted by noise (e.g. extracel-
lular recording electrodes). Therefore, the objectives ofthis
research are twofold: 1) identify a low-dimensional state-
space and transition model from field potential recordings
of neural systems that accurately reproduces observed neu-
ral dynamics and 2) learn a neurostimulation therapy in this
model that minimizes both seizures and stimulations.

2 Methods

On-line exploration of neurostimulation policies is pro-
hibitively expensivein vitro. To fulfill our first objective we
constructed a state-space and transition model from previ-
ously recorded data under fixed policies. Our dataset is
comprised of field potential recordings from five epilep-
tic rat hippocampal slices. Recordings were made under
fixed-frequency stimulation policies of 0.2, 0.5, and 1.0 Hz
as well as control (i.e., unstimulated). The dataset totals
4,639 seconds of recordings including 15 seizures (seizure
labels are hand annotated).

From this dataset we desired to construct a high-quality
state-space and transition model. We measured quality as
the predictive accuracy of a generative model built from
these components. Using a spectral embedding method
from nonlinear dynamic analysis [3], we extracted the man-
ifold embedding parameters of the dataset (E = 5, Tmin =

1.2 seconds) and then projected the dataset onto this mani-
fold. This defined the state-space of our system inR

E . The
transition model was defined as the local time-derivative of
the element of the dataset that is nearest the current state
(i.e., a nearest neighbors derivative). We defined the gener-
ative model of the system as numerical integration over this
dataset [5]. We simulated rat hippocampal dynamics under
control and fixed-frequency stimulation policies, choosing
the embedding parameters that yield the smallest simula-
tion error with respect to the dataset.

Using this model we performed reinforcement learning to
identify a policy which maximizes seizure suppression with
minimal stimulations. We define the Q-function approxi-
mation for each state inRE as the Q-value of the nearest
element of the original dataset. Actions are defined in terms
of external stimulation events, eitheron or off. We perform
ǫ-greedy SARSA on the generative model subject to the re-
ward function (-1 for each stimulation and -20 for visiting
an element of the dataset that is labeled seizure). We restart
the stimulation from a random initial element of the dataset
every 1,500 steps (5 min. simulation time) until 90% of
the states have been visited during simulation more than 20
times.



Mean Fraction Mean Seizure Mean Seizure
of Seizure States Length (s) Interval (s)

model 0.19± 0.02 61.0± 4.6 251.7± 14.5
data 0.19± 0.03 64.4± 39.4 271.6± 121.3

Table 1:Comparison of summary statistics between the original
dataset and 30 simulations of 40,000 seconds.

Mean Fraction of Seizure States
policy 0.2 Hz 0.5 Hz 1.0 Hz Adaptive∗

model 0.15±0.02 0.14±0.02 0.12±0.02 0.02±0.01
data 0.16±0.23 0.12±0.16 0.08±0.09 —

Table 2: Comparison of summary statistics between the orig-
inal dataset and 30 simulation of 40,000 seconds under fixed-
frequency neurostimulation of 0.2, 0.5, and 1.0 Hz and adaptive
neurostimulation (∗effective frequency = 0.02 Hz).

3 Results
Performance validation of the simulation is summarized in
Tables 1 and 2 for both control and fixed frequency stim-
ulation policies. The model’s seizure dynamics and sup-
pression predictions fall within confidence intervals of the
original dataset. Our learned stimulation policy achieves
0.02 ± 0.01 fraction of seizure states using an effective
mean stimulation frequency of 0.02Hz, more than an order
of magnitude better than the best fixed-frequency policy.

The learned policy also provides qualitative knowledge of
the domain. For each simulation time-step, we calculated
the nearest dataset element of the current state, the seizure
label of this element, and the action requested. From this
data we constructed the agent’s policy graph, Figure 1(a),
projected onto the first two principle components. This
graph was formed by drawing edges between elements of
the dataset that request stimulation events less than 4 sec-
onds apart and scaling each element’s size by the propor-
tion of stimulations requested by the agent at that element.

The policy graph unmasks two distinct policy classes. The
first class consists of pulse trains requested when the sim-
ulation operates in the post-seizure region of the manifold,
Figure 1(b). These pulse trains are visually identifiable as
cliques in the policy graph formed by the edges. The sec-
ond policy class consists of individual, well-timed stimula-
tions requested when the simulation operates in the dynam-
ically normal region of the manifold, Figure 1(c)—note the
lack of edges, indicating individual stimulation requests.

4 Discussion
Solving adaptive neurostimulation treatment of epilepsy
via reinforcement learning requires finding a low-
dimensional embedding of a complex, partially observable
system that is corrupted by noise. Solving this is a well-
known problem in reinforcement learning for fully observ-
able domains [4]. We have demonstrated a spectral based
embedding heuristic that accurately recreates, via model,
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Figure 1: Policy analysis: (a) The learnedpolicy graph plotted
on the first two-principle components of the embedding manifold.
(b) Detail of the policy graph in the post-seizure portion of the
attractor. (c) Detail of the policy graph in the dynamically normal
portion of the attractor.

the dynamics of neurostimulation for fixed-frequency poli-
cies. Applying reinforcement learning to this simulation
we identified an adaptive policy that suppresses seizures
better than the best known fixed-frequency policy with
fewer stimulations. This learned policy also yielded qual-
itatively relevant generalizations about the structure ofef-
fective neurostimulation patterns with respect to different
neural dynamic regimes. These generalizations, nearly
impossible to construct via wetlab experimentation, assist
electrophysiologists in developing theories of epilepsy dy-
namics, and may, directly or indirectly, lead to treatments
for this disease. Future research will focus on closing the
loop and achieving model-based reinforcement learning on
the brain slices themselves.
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