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Abstract— A key element needed in a brain-machine interface
(BMI) decoder is the encoding model, which relates the neural
activity to intended movement. The vast majority of work have
used a representational encoding model, which assumes move-
ment parameters are directly encoded in neural activity. Recent
work have in turn suggested the existence of neural dynamics
that represent behavior. This recent evidence motivates develop-
ing dynamical encoding models with hidden states that encode
movement. Regardless of their type, encoding models have
vastly characterized a single scale of activity, e.g., either spikes
or local field potentials (LFP). In our recent work we developed
a multiscale representational encoding model to simultaneously
characterize and decode discrete spikes and continuous field
activity. However, learning a multiscale dynamical model from
simultaneous spike-field recordings in the presence of hidden
states is challenging. Here we present an unsupervised learning
algorithm for estimating a multiscale state-space model with
hidden states and validate it using spike-LFP activity during
a reaching movement. We use the learned multiscale state-
space model and a corresponding decoder to identify hidden
states from spike-LFP activity. We then decode the movement
trajectories using these hidden states. We find that the identified
states can accurately decode the trajectories. Moreover, we
demonstrate that adding LFP to spikes improves the decoding
accuracy, suggesting that our unsupervised learning algorithm
incorporates information across scales. This learning algorithm
could serve as a new tool to study encoding across scales and
to enhance future BMI systems.

I. INTRODUCTION

Motor brain-machine interfaces (BMIs) aim to restore
motor function in disabled subjects by decoding intended
movement from neural activity [1]–[3]. The accuracy of
these motor BMIs depends critically on how well they can
model the encoding of intended movement in neural activity.
A more accurate encoding model would also allow the
corresponding decoder to more precisely extract information.
Therefore, it is important to develop encoding models that
have the potential to enhance future BMI developments.

To date, two general types of encoding models have been
used in the field. The broad body of BMI research have so far
focused on a representational modeling framework in which
behavior is assumed to be directly encoded in neural activity.
However, recent evidence suggests the existence of dynamics
in the brain [4]–[6], which give rise to motor behavior. Thus
an alternative to the representational encoding model could
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be a dynamical encoding model, which assumes the presence
of hidden neural states that encode behavior.

Regardless of the type of encoding model used, the vast
majority of current BMI work have focused on modeling
and decoding a single scale of activity. For example, BMIs
have been constructed using spiking activity, using local field
potentials (LFP), or using the electrocorticogram (ECoG)
[1]–[3], [7], [8]. Recent work have taken important steps
toward combining these signal modalities within the rep-
resentational framework by using a single linear Gaussian
encoding model for both spikes and fields and thus decoding
them both with a single Kalman filter [9], [10]. However,
spikes and fields have fundamentally different time-scales
and statistical profiles, making rigorous multiscale modeling
that takes into account these differences challenging.

To solve this challenge, we recently proposed a multiscale
state-space model that characterized the binary time-series of
spikes as a point process nonlinearly dependent on the brain
state, and the continuous time-series of field features as a
Gaussian process linearly dependent on the brain state [11].
The point process ran at the fast millisecond time-scale of the
spikes and the Gaussian process ran at the slower time-scale
of fields. We also derived a multiscale decoder corresponding
to this encoding model [11]. We showed that the decoder
could add information from LFP to spikes while running at
the fast time-scale of spikes [12], [13] to improve decoding
accuracy [14]. This finding was validated through a represen-
tational model in which the movement was assumed to be
directly encoded in the multiscale neural signals, and thus
the model could be learned using a multiscale maximum-
likelihood framework [14]. However, given prior evidence
about hidden dynamics in the brain, it is critical to develop
computational approaches for learning a dynamical encoding
model for multiscale spike/field recordings. This is a difficult
learning problem due to the existence of unified hidden
dynamics, which should be learned from simultaneous hybrid
observations of spikes and fields.

We recently derived a novel unsupervised learning algo-
rithm to learn a multiscale dynamical state-space encoding
model in the presence of hidden states [15]. In particular,
we derived an iterative expectation-maximization (EM) algo-
rithm [16] for the case of a multiscale point process/Gaussian
process state-space model with hidden states. At each it-
eration, the multiscale EM algorithm solves for parameters
that maximize the expected log-likelihood of multiscale data
given the estimated parameters in the previous iteration.
However, it remains unknown whether our algorithm can
extract from multiscale activity a hidden state that can decode
motor behavior.
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Here we validate our multiscale EM algorithm on a session
of non-human primate (NHP) spike/field recordings during
a 3D reaching task. We find that our learning algorithm
can identify a hidden state that accurately decodes the 7
joint angular trajectories of the arm. Our algorithm first
learns a multiscale state-space model from spike/LFP data
and identifies the hidden state. It then learns a projection
matrix from the multiscale hidden states to the 7 joint angles.
We validate the learned multiscale state-space model by
using it to decode the joint angular trajectories within cross-
validation. We construct our multiscale decoder [11] for the
learned model to estimate the hidden states. We then predict
the trajectories from these estimated states using the learned
projection matrix. We find that our multiscale EM algorithm
and its corresponding decoder can successfully decode joint
angular trajectories. Moreover, we find that our algorithm
can add information from LFP to spikes to improve decoding
accuracy, which also confirms that the extracted hidden state
incorporates information across scales. Taken together, our
new unsupervised multiscale learning algorithm provides a
new tool to explore neural dynamics across multiple scales
of brain activity.

II. METHODS

We first introduce the multiscale state-space model con-
sisting of the hidden state dynamics and the combined point
process/Gaussian observation equation. We then present the
EM algorithm designed for the multiscale model, which
consists of two steps: expectation (E-step) and maximization
(M-step). We then describe the NHP experimental task and
the processing of neural activity (i.e., spikes and LFPs).
We finally elaborate on how we fit the multiscale model
parameters with EM and evaluate decoding performance.

A. Multiscale state-space model with hidden states

The temporal evolution of the hidden states is modeled
with [11] :

xt = Axt−1 + wt, (1)

where xt is the hidden or latent neural state. A is the state
transition matrix and wt is a zero-mean white Gaussian
noise with covariance matrix W. To build the multiscale
observation equation, we need to construct the combined
likelihood of spikes and LFPs. Spikes are discrete-valued and
modeled as time series of zeros and ones. Unlike spikes, LFP
measurements are continuous signals. LFP features are taken
to be the log-power of LFP signals within different frequency
bands. Our multiscale state-space model characterizes the
different time-scales and statistical profiles of spike and LFP
signals [11]. To get the combined observation equation, we
assume that the LFP features and spikes are independent
conditioned on the brain state. Therefore, the combined
likelihood for spikes and LFP is:

p(yt, N
1:C
t |xt) = p(yt|xt)p(N

1:C
t |xt) (2)

Here yt is the vector of LFP features at time t and N c
t

is the binary spike event at time t for a given neuron c.
The vector of spike events for all neurons is denoted by
N1:C

t = [N1
t , . . . , N

C
t ]′ where C is the total number of

neurons. p(yt|xt) and p(N1:C
t |xt) are the likelihoods of LFP

features and spike observations given hidden brain states,
respectively.

We model the continuous LFP features using a linear
Gaussian model given by

yt = Cxt + vt, (3)

where C is a parameter matrix and vt is white Gaussian
noise with a covariance matrix R. The binary spiking activity
is modeled as a point process [11]–[13], [17]–[19], which has
been shown to enhance BMI performance [12]. The point
process likelihood function is given by

p(N1:C
t |xt) =

C∏
c=1

(λc(t|xt)∆)N
c
t exp(−λc(t|xt)∆) (4)

where λc(t|xt) = exp(βc+αT
c xt) is the instantaneous firing

rate of neuron c at time t. Here βc is the baseline firing
rate and αc is the state tuning parameter, and both must be
learned in the learning algorithm. ∆ is the bin-width chosen
such that there is at most one spike per bin.

B. EM Algorithm

We derived the multiscale EM algorithm in our recent
work [15]. The goal of the multiscale EM algorithm is
identifying the parameters of the multiscale model when the
states are hidden or unobserved. The set of all parameters
of the model that need to be identified is denoted by Θ =
{A,W,C,R,Π1,V1, βc,αc for c = 1 : C}. Π1 and V1

are initial estimates of the states and their covariance matrix,
which are used in the multiscale decoder.

1) E-Step: At each iteration i of the algorithm, the
expected log-likelihood function must be computed given
parameters from previous iteration i− 1:

S = E[L|{H}; Θ̂(i−1)]

= E[logP ({X}, {H}; Θ)|{H}; Θ̂(i−1)]
(5)

{X} = {xt : t = 1 : T} is the time-sequence of all states
and {H} = {yt′ , N

c
t | t′ = 1 : T ′, t = 1 : T, c = 1 : C} is

the time-sequence of all observations. Given their different
time-scales, the number of spike and LFP samples is not
the same and thus we use different notation for their total
number of samples (T and T ′, respectively).

The goal of the E-step is to compute some expectations
that will be later used in the M-step [15]. We employ the
multiscale decoder and fixed interval smoother to compute
these expectations. At time t, the mutliscale decoder finds the
minimum mean-square error (MMSE) of the state given the
observations up to that time [11]. We then find the smoothed
state by applying fixed-interval smoother. The smoothed state
is the estimate of the state given all observations [20]. The
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final equations for these expectations can be found in [15].
2) M-Step: At each iteration of the EM algorithm, we

maximize the expected log-likelihood function with respect
to all parameters of the model Θ. The EM algorithm is
proven to converge to the local maximum of the log-
likelihood function. To maximize the expected likelihood
function, we set the partial derivative of this function with
respect to the set of parameters to 0:

∂S

∂Θ
= 0 (6)

where S is the expected log-likelihood function defined in
(5). {A,W,C,R,Π1,V1} have closed-form solutions that
can be found in [15]. To solve for the parameters of the
point process model, denoted by γc = [βc,α

T
c ]T , we exploit

numerical optimization as there are no closed-form solutions
in this case. The entire set of parameters estimated in each
iteration’s M-step will be used in the next iteration’s E-step.

C. Experimental procedures and behavioral task

An NHP is trained to perform a 3D reach task for a
liquid reward. An electrode array consisting of 137 electrodes
covering the dorsal premotor cortex (PMd), ventral premotor
cortex (PMv), and primary motor cortex (M1) is implanted
contralateral to the arm. Arm joint angles are tracked using
near-infrared cameras with a sampling frequency of 100
frames/sec [7].

D. Neural data processing

The sampling rate of the raw neural signal is 30 kHz.
LFP signals were extracted by applying a low pass filter
with 400 Hz cut-off frequency on the raw signal and then
downsampling the resulting signal to 1kHz. Spikes were
obtained by band-pass filtering the raw signal from 0.3–6.6
kHz and then identifying the threshold crossings below the
mean filtered signal. The threshold was set to 3.5 standard
deviation.

E. Learning, decoding and performance assessment

To validate the multiscale EM algorithm with experimental
data, we first learn a multiscale dynamical model given the
recorded spikes and LFP features. To do so, we initialize
A, W, C and R with a random diagonal matrix and also
take W to be diagonal within the learning procedure. The
baseline parameter βc of spiking activity for c = 1 : C
is initialized with the mean log firing rate of the spiking
observations for each neuron c. The state tuning parameters
of spiking activity, i.e., αc for c = 1 : C, are initialized
randomly. We run the EM algorithm for 150 iterations
and take the hidden state dimension to be 15, which is
high enough to capture the underlying hidden dynamics of
neural activity. All of our analyses is based on 5-fold cross-
validation to get the generalization error in the test set.

To evaluate our multiscale learning algorithm, we use it to
decode 7 arm joint angular trajectories: shoulder elevation,
elevation angle, shoulder rotation, elbow flexion, pro supina-
tion, wrist flexion and wrist deviation. To get the decoded
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Fig. 1. Sample actual and decoded trajectories of shoulder elevation and
wrist flexion using (A) 5 spike channels and (B) 5 spike + 25 LFP channels.

trajectory, in addition to learning the multiscale state-space
model, we need to learn the projection matrix Lp from the
hidden states to the joint angles. So after running the EM
algorithm in the train set and learning the multiscale state-
space parameters using multiscale EM, we run our multiscale
smoother [11], [15] to obtain smoothed estimates of the
hidden states in the train set. We then learn the projection
matrix Lp from the smoothed state estimates to joint angles
using linear least-squares estimation (LLSE). In the test set,
we first use the learned multiscale decoder to estimate the
hidden states, and then project these estimated states using
the learned Lp to decode the joint angular trajectories. We
assess decoding performance using the Pearson correlation
coefficient (C.C.) between the actual and decoded trajec-
tories. Fig. 1 shows sample decoding results for shoulder
elevation and wrist flexion.

For tractability of analyses, we first sort the spike and
LFP channels based on their individual decoding perfor-
mance (mean of C.C. for 7 joints). We randomly choose
5 channels from the pool of best 40 spike channels. We
then randomly select LFP channels from the pool of 40 LFP
channels one by one, and add them one by one to the set of
selected spike channels. The LFP pool is chosen such that
individual LFP channels in the pool have similar decoding
performance compared with the individual spike channels in
the spike pool. This selection allows us to evaluate addition
of information from one scale to the other without having
one scale dominate the decoding results. This procedure is
repeated 20 times to get the statistical average estimate of
the decoding performance.

III. RESULTS

Our goal is to show that the new multiscale EM algorithm
can use hybrid spike/field observations to extract unified
hidden states and dynamics that are predictive of motor
behavior. Moreover, to show that the algorithm indeed com-
bines information from scales, we need to additionally show

3780

Authorized licensed use limited to: New York University. Downloaded on December 18,2020 at 17:57:44 UTC from IEEE Xplore.  Restrictions apply. 



that the state extracted from spike/field data carries more
information about the motor behavior compared to the states
extracted from spikes alone.

We find that the multiscale EM algorithm results in ac-
curate decoding of motor behavior. Fig. 1 shows the sample
decoded trajectory for shoulder elevation and wrist flexion
with 5 spike channels (red) and when 25 LFP channels were
randomly added to those spike channels (blue). Correlation
coefficients between the decoded and true trajectories when
using both spikes and LFP were as high as 76.84%, with
a mean of 47.74% across all joints. The decoding C.C. im-
proves for all 7 major joint angles when using the multiscale
decoder compared to spikes, suggesting that the multiscale
dynamical model is truly describing a hybrid state. The C.C.
increases 32.94% when adding 25 LFP channels to the spike
channels.

IV. DISCUSSION

We demonstrated that the unsupervised multiscale learning
algorithm derived in our recent work can identify hidden
neural dynamics and states that are predictive of motor be-
havior. We validated the algorithm using an NHP spike/field
dataset collected during a 3D reach task by decoding the 7
major arm joint angles. We used the algorithm to identify
a unified hidden state from hybrid spike/LFP activity. We
then showed that this unified hidden state was accurately
predictive of joint angles. Further, we demonstrated that
this state combined information from spikes and LFP and
improved decoding compared with a state extracted from
spikes alone. These results imply that our algorithm identifies
dynamics from multiscale observations that have additional
information about the behavior compared with dynamics
identified from spikes alone. Thus this new unsupervised
learning algorithm can serve as a new tool to identify and
extract brain dynamics across multiscale networks and has
the potential to improve future BMI decoders.
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