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Table 1. Summary of datasets used.

Abstract— We present a Recurrent Neural Network using
LSTM (Long Short Term Memory) that is capable of modeling
and predicting Local Field Potentials. We train and test the
network on real data recorded from epilepsy patients. We
construct networks that predict multi-channel LFPs for 1, 10,
and 100 milliseconds forward in time. Our results show that
prediction using LSTM outperforms regression when
predicting 10 and 100 millisecond forward in time.
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I. INTRODUCTION
Local Field Potentials (LFPs) are recorded by
implanting an electrode in the brain and measuring the
voltage caused by the activations of the surrounding
neurons within a few microns of an electrode. Because
the resolution of LFP includes many neurons it cannot
measure high frequency data such as single neuron
spikes but often contains information in lower frequency
bands below 500Hz. Interest in Local Field Potentials is
rising because of their lower power costs to record,
allowing continuous cortical recordings over long
periods of time (years). LFPs have been part of studies
that have investigated sensory processing [1, 2], motor
planning [3], etc. There is also increasing evidence that
manipulating specific features of the LFP can improve
the symptoms of neuro-psychiatric disorders [4, 5]. LFPs
show oscillatory behavior at 1-50Hz frequencies (periods
of 20-1000ms), implying that the neural generators have
a fluctuating state even without control inputs. Control of
such oscillating systems often benefits from a modelpredictive framework. By modeling the expected future
state of the system with and without a given control input
(brain stimulation), the output (LFP) can be more
accurately controlled to the desired endpoint. We
therefore sought to create accurate models of LFP
dynamics as a framework for predictive control.
Local Field Potentials have been modeled using a
variety of methods in the past. They have been modeled
using a recurrent network of inhibitory and excitatory
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PATIENT 1

PATIENT 2

PATIENT 3

~12 minutes

~35 minutes

~39 minutes

Dorsal anterior cingulate, dorsal posterior
cingulate, ventral anterior cingulate (Patient 1
and 2 only), medial orbitofrontal (Patient 2
and 3 only), dorsolateral prefrontal cortex
(DLPFC), ventrolateral prefrontal cortex
(VLPFC), amygdala, hippocampus, superficial
anterior temporal
82

98

89

Amygdala

Amygdala

Dorsal
posterior
cingulate

69

260

265

400ms

400ms

400ms

point-like integrate and fire neurons in [6]. A biophysical
inverse current source density analysis is described in [7]
to estimate the current sources that contribute to the
LFPs. The biophysical method in [8] is used to model the
spatial reach of LFPs and the factors it depends on. All
three methods are based on biophysical models of LFPs
and are motivated by discovering underlying properties
such as source neurons, correlations between their firing,
etc. Moreover, [6] and [8] evaluate their models on
simulated data. Our approach is focused on statistical
learning approach to modeling and predicting LFPs.
Statistical learning approach was used in [9] to model
LFPs using a linear autoregressive model. We made first
attempt at using artificial neural networks to model LFPs
[10]. In this work, we expand on our recent work to
demonstrate that recurrent neural networks can
successfully learn the patterns of LFPs relatively well
and outperform regression model in predicting LFPs
10ms and 100ms forward in time.
II. DATA
The dataset we are using was collected using a
Blackrock neural signal amplifier, connected to PMT
epilepsy monitoring electrodes. Each high-density
electrode consists of multiple probe points (recording
channels) which measure LFPs.
Recordings were taken from three different patients.
Details are shown in Table 1. Recording time varies
between 12 minutes to 40 minutes depending on patient.
The locations and number of electrodes used for each
patient vary, and as such networks were trained
individually for each patient. Because of this variations
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in the locations and numbers of electrodes between
patients, networks trained on one patient cannot be
applied to other patients. In practice, this means
networks would have to be trained on the target patient
before use. The same type of electrodes and recording
technology were used for all patients. During recording
patients were asked not to perform any task. The
electrodes were sampled at a frequency of 1kHz, since
we are limited in temporal resolution beyond that. Table
1 summarizes the datasets used.
The majority of the electrode sites were used to measure
the LFPs at their location. However, two electrodes in each
dataset were used to provide stimulation instead. Stimulation
consists of applying an AC voltage between the two
electrodes with a set frequency, duration and amplitude. The
frequency and amplitude of stimulation were varied during
the course of the recording in order to measure the effect of
different stimulation parameters.
In order to prevent overfitting, models were trained on a
first 300 seconds sequence of data and tested on a second
300 seconds sequence. Both sequences contain several
stimulations and periods of time between stimulations.
III. LONG SHORT TERM MEMORY NETWORKS
The networks used in this paper are recurrent neural
networks (RNN's) built using Long Short Term Memory
(LSTM) [11] units. RNN's expand upon traditional feed
forward neural networks by also allowing connections back
down the network. These backwards connections form
dependencies where the current state of the network is
dependent upon the previous state of the network. For
simplicity in training this is usually limited to connections to
the same layer, meaning a layer’s current state at time T is
dependent both upon the input to it at time T and upon its
previous state at time T-1.
In addition to this standard feedback path which is
included for all RNN's, LSTM layers also include a second
state known as the cells state. Information in this state is
directly passed from one time step to the next. The LSTM
controls the value of this state through the use of an input
gate, forget Gate, and output gate. The input gate regulates
when the input affects the cell state, the forget gate regulates
if the previous cell state value should affect the current, and
the output gate controls if the cell state affects the output of
the Neuron. The behavior of each gate is learned during
training along with the standard weights. The cell state
gives LSTM neurons the ability to store information for
arbitrarily long periods of time and as such make them
useful in cases with dependencies on data far in the past.
IV. PREDICTION
We predicted the value of the sampled signal 1, 10, and
100ms forward in time. At each time step T the input is a
vector containing the sampled values at time T. The desired
output is then the value of the sample at time T + the desired
prediction distance. In addition to the LFP signals across all
channels, input to the prediction models also included a
vector consisting of a bit which indicates if a stimulation is
occurring followed by the amplitude and duration of the

Figure 1. Multi-channel network architecture.

stimulation. The LFP measurements and stimulation vector
were concatenated together to form the input.
Three different prediction models were used, Previous,
Regression, and LSTM. The Previous model simply uses the
single most recent data sample as its prediction. The
Regression model uses an autoregressive approach which
takes a concatenation of the previous 10 data samples in
order to predict future LFP value. We used an order 10
regression model as a reasonable benchmark since [9] used
an order 7 autoregressive model. The LSTM prediction
model used LSTM units as discussed above, and is further
explained in the following section. For each of the 1, 10, and
100ms forward predictions, mean absolute error was
computed and averaged over all three patient datasets as a
metric to compare the performance of three prediction
models.
A. LSTM Network Architecture and Training
The LSTM networks we used were constructed and
trained using the deep learning framework, Caffe [12]. We
trained two different networks, which differ only by their
number of LSTM layers. The first network follows a
standard 3 layer neural network approach with input, hidden,
and output layers. In this case the hidden layer contains
LSTM neurons. The network is fully connected, meaning
each LSTM layer has a forward connection to every input
and a recurrent connection to every LSTM neuron. The
output layer contains a neuron for each probe point and each
is fully connected to the LSTM hidden layer. Fig. 1 shows
the structure of this network architecture.
The second network is the same architecture as the first
except it contains two hidden layers. The second layer is
fully connected to the first LSTM layer and the output layer
connects directly to it. The addition of more hidden layers
generally allows for the network to learn more complex
representations of the data.
For training, the weights of the networks were initialized
randomly using a Gaussian distribution with a standard
deviation of 0.01. Training was done by stochastic gradient
descent with momentum of 0.9. Initial learning rate was set
to 0.1, and decreased every 20,000 iterations by a factor of
10. The network was trained using mini-batches of 200 time
steps at a time. The networks hidden layers each contain
2000 LSTM neurons. Ideal number of neurons for the
hidden layer of the network and the initial learning rate were
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Figure 2. LSTM prediction results for Patient 1, Channel 60, predicting
(a) 1ms, (b) 10ms, and (c) 100ms forward in time.

Figure 3. LSTM 1ms prediction results for Patient 1, Channel 60,
zoomed in on a 50ms period.

Figure 4. Prediction error (average across three patient datasets)
comparison between Previous, Regression, and LSTM models.

chosen based on their sensitivities to the prediction errors
shown in Section IV C.
B. Results
For each of the networks described above we trained a
network to predict 1, 10, and 100ms out for each of the three
patients used. We calculated the mean absolute error of the
testing data and averaged it across all patients. The single
layer LSTM network achieved mean absolute errors of
0.014, 0.026, and 0.060 for 1, 10, and 100ms forward
predictions. Its prediction loses accuracy as we predict 10ms
and 100ms, but it still maintains the overall shape. This
results indicate that the network was able to learn the
patterns of the data relatively well. This is backed up
visually by Fig. 2 which shows the prediction results for
channel 60 of Patient 1.
The high frequency oscillations in the data are largely lost at
100ms, but the overall shape is maintained.

The LSTM does outperform the other models when
predicting 10ms and 100ms forward. This suggests that there
is some dependency on past information beyond 10 time
steps which is required for accurate prediction that far into
the future. Interestingly though, the additional layer of
LSTM neurons seems to make very little difference, yielding
about 1% improvement in errors between the two LSTM
networks for all 1, 10, and 100ms forward predictions. This
implies that the features captured by the first layer cannot be
easily improved upon by the addition of a second layer.

Fig. 4 compares the overall prediction errors across all
three patient datasets for the networks described previously.
Surprisingly, Previous and Regression performed better
than both LSTM networks when predicting 1ms forward. The
success of regression here is most likely due to the linear
nature of the data when only looking 1 time step into the
future. Fig. 3 shows a zoomed in view of a portion of data
for 1ms prediction times. Due to the overarching oscillations
in the data it makes sense that a linear model would be able
to predict the next point with high accuracy. This assertion
might also explain the failure of LSTM to do better than
Previous. If the data is linear the LSTM network will be
required to approximate the linear model with its nonlinear
activations. This may be difficult given the number of
LSTM neurons is not orders of magnitude more than the
number of outputs.

Although the LSTM models does outperform the other
models it is surprising that they do not do so more. There are
many possible explanations for this. It is certainly possible
that a more complex network will significantly outperform
our current LSTM’s. However, the fact that we see
insignificant improvement of the two layers LSTM over the
single layer seems to suggest that a more complex network
does not help this issue. It is also possible that we do not
have enough information from the limited number of
electrodes we are measuring to predict the activity which
governs the brain region we are observing.
C. Sensitivity Analysis
When training neural networks, the hyper parameters such
as learning rate and number of neurons often have to be
tuned appropriately to minimize the loss of the network. We
conducted a sensitivity analysis to analyze the sensitivity of
the prediction error to the initial learning rate and the
number of neurons. Results are shown in Fig. 5 and Fig. 6.
Analysis was done only on patient 1 because of time
constraints, since enumerations of these types require
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additional training methods for recurrent network such as
hessian-free optimization in order to better train our
networks to take advantages of the long term
dependencies inherent in this type of data.

Figure 5. Prediction error sensitivity to learning rate on Patient 1
dataset, predicting 1ms forward with 200 neurons.
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