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Abstract
Objective. Behavior is encoded across multiple spatiotemporal scales of brain activity. Modern 
technology can simultaneously record various scales, from spiking of individual neurons to 
large neural populations measured with field activity. This capability necessitates developing 
multiscale modeling and decoding algorithms for spike-field activity, which is challenging 
because of the fundamental differences in statistical characteristics and time-scales of these 
signals. Spikes are binary-valued with a millisecond time-scale while fields are continuous-
valued with slower time-scales. Approach. We develop a multiscale encoding model, adaptive 
learning algorithm, and decoder that explicitly incorporate the different statistical profiles and 
time-scales of spikes and fields. The multiscale model consists of combined point process 
and Gaussian process likelihood functions. The multiscale filter (MSF) for decoding runs 
at the millisecond time-scale of spikes while adding information from fields at their slower 
time-scales. The adaptive algorithm learns all spike-field multiscale model parameters 
simultaneously, in real time, and at their different time-scales. Main results. We validated the 
multiscale framework within motor tasks using both closed-loop brain–machine interface 
(BMI) simulations and non-human primate (NHP) spike and local field potential (LFP) motor 
cortical activity during a naturalistic 3D reach task. Our closed-loop simulations show that 
the MSF can add information across scales and that the adaptive MSF can accurately learn 
all parameters in real time. We also decoded the seven joint angular trajectories of the NHP 
arm using spike-LFP activity. These data showed that the MSF outperformed single-scale 
decoding, this improvement was due to the addition of information across scales rather 
than the dominance of one scale and was largest in the low-information regime, and the 
improvement was similar regardless of the degree of overlap between spike and LFP channels. 
Significance. This multiscale framework provides a tool to study encoding across scales and 
may help enhance future neurotechnologies such as motor BMIs.

Keywords: LFP, spikes, multiscale, neural encoding, neural decoding, adaptive decoding, 
brain–machine interfaces (BMI)
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1. Introduction

Behavior is encoded across multiple spatiotemporal scales 
of neural activity, from the spiking activity of individual 
neurons to larger population activity measured using local 
field potentials (LFP) and electrocorticogram (ECoG) [1–4]. 
Today we can concurrently record spikes and fields in real 
time to measure the brain at these spatiotemporal scales. 
This recording capability introduces the new computational 
challenge of modeling the encoding of behavior in all these 
scales simultaneously, and developing new decoding algo-
rithms that can combine information about behavior across 
all these scales.

Multiscale modeling and decoding is challenging because 
of significant differences in statistical profiles and time-scales 
across scales of activity [5–7]. In particular, spiking activity is 
binary-valued with a millisecond time-scale [8–14]—where 
the 1 or 0 binary value at each time-step represents the pres-
ence or absence of a spike at that time-step, respectively. 
In contrast, LFP/ECoG are continuous-valued with slower 
time-scales (e.g. milliseconds to tens of milliseconds) [5],  
[6, 15–23]. Thus a multiscale modeling and decoding frame-
work needs to explicitly take into account such differences.

Developing a precise and principled multiscale framework 
could both help investigate neural encoding mechanisms 
across spatiotemporal scales and improve future neurotechnol-
ogies. For example, the interactions between fields and spikes 
are known to play critical roles in the encoding of short-term 
memories, in replay events, or in coordinated saccade-reach 
movements [7, 24–28]. Moreover, while the vast majority of 
motor brain–machine interfaces (BMI) to date have exclu-
sively decoded the intended movement from a single scale of 
activity—either spikes, LFP, or ECoG [18, 29–39]—, using 
all scales simultaneously may enhance future BMI systems. 
Recent BMI work takes important steps toward using both 
spikes and fields by computing spike counts at the same time-
scale as LFP [21, 40, 41] and by using a single Kalman filter 
(KF) to decode both signals [21, 40]. These studies have indi-
cated that using LFP in addition to spikes can improve BMI 
systems (see discussion). However, the focus in these studies 
was not on multiscale modeling or accounting for the differ-
ences in statistical profiles and time-scales of spikes and LFP, 
and they modeled both signals as Gaussian and at the slower 
time-scale of LFP. Recent work has indicated that precisely 
characterizing the spikes as a time-series of 1’s and 0’s and at 
a fast millisecond time-scale—which also manifests itself in 
faster control and feedback rates—using a point process filter 
(PPF) can improve the speed of adaptive learning and the per-
formance in closed-loop BMIs [12, 42]. Thus, together, these 
recent bodies of work [12, 21, 40–42] further motivate the 
development of a mathematically rigorous multiscale com-
putational framework that can simultaneously characterize 
the different statistical profiles and time-scales of spikes and 
fields, and combine information across these scales.

To develop a multiscale modeling and decoding framework, 
three elements need to be designed: a multiscale encoding 
model structure, a learning algorithm to fit the spike-field 
multiscale model parameters, and a decoder that estimates the 

underlying behavior (e.g. intended movement) by combining 
information from spikes and fields while running at their mul-
tiple time-scales. First, the encoding model structure should 
explicitly characterize the binary and continuous nature and 
different time-scales of spikes and fields, respectively. Second, 
the learning algorithm should have the ability to run in real 
time and to adaptively track changes in neural encoding over 
time due to learning, plasticity, or recording non-stationarity. 
Additionally, such adaptation is important because neural rep-
resentations could change during closed-loop operation of a 
BMI. For example, neural representations of movement could 
be different when controlling the native arm or imagining 
movements compared to when controlling a neuroprosthetic 
[43–48]. Finally, the decoding algorithm should combine 
information from binary spikes and continuous fields while 
running at the faster time-scale of spikes.

Here we develop a multiscale encoding model structure, a 
multiscale adaptive learning algorithm, and a multiscale filter 
(MSF) for decoding that exhibit all the above requirements. To 
address differences in statistical properties, we build a neural 
encoding model that represents the spikes as a point process 
and the field features as Gaussian processes. To model the 
differences in time-scales, we characterize the spikes at their 
fast millisecond time-scales while modeling the slower field 
activity as missing observations at intermediate time-steps 
when no new field sample is obtained. Using this encoding 
model, we then derive a MSF that updates the decoded 
behavior at the fast millisecond time-scale of spikes while also 
adding information from fields at slower time-scales. Finally, 
to learn the spike-field multiscale model parameters in closed 
loop, we design an adaptive MSF. We show that the MSF 
provides a unified decoding framework for multiscale neural 
activity and specializes to well-known optimal single-scale 
decoders—PPF for spikes and KF for field features—when 
only one scale of activity is available.

We test the multiscale framework using both closed-loop 
simulations and non-human primate (NHP) multiscale spike-
LFP activity recorded during a naturalistic 3-dimensional 
(3D) reach task [49]. In simulations, we show that an adaptive 
MSF can accurately learn the spike-field multiscale model 
parameters in closed-loop operation of the BMI. Moreover, 
the MSF can run at the fast time-scale of spikes while adding 
information from fields at their slower time-scale to improve 
decoding accuracy. We also validate the MSF for decoding 
the seven joint angles of the NHP arm. First, we show that the 
MSF can improve decoding accuracy by using both spikes and 
LFPs. Second, we demonstrate that this improvement is due to 
the addition of information from both spikes and LFPs rather 
than, simply, the dominance of information from the more 
strongly tuned signal. In particular, the MSF improves per-
formance compared with not only LFP-only decoding using 
the KF, but also spike-only decoding using the PPF. Finally, 
we find that MSF improvement does not depend on the degree 
of overlap between the channels from which spikes and LFP 
are recorded. MSF improvement is similar even in the two 
extreme cases when channels either completely overlap or 
have no overlap, showing the benefit of multiscale decoding 
regardless of which channels contain spikes or fields. Taken 

J. Neural Eng. 16 (2019) 016018



H-L Hsieh et al

3

together, this multiscale modeling, adaptive learning, and 
decoding framework can serve as a tool to study neural rep-
resentations across spatiotemporal scales and has the poten-
tial to enhance future closed-loop neurotechnologies such as 
motor BMIs.

2. Methods

In this section, we present the multiscale encoding model and 
then derive the corresponding MSF and adaptive multiscale 
learning algorithm, i.e. adaptive MSF. We also describe the 
closed-loop simulation setup and the experimental NHP data. 
Figure 1 shows the complete structure of the adaptive MSF.

2.1. Multiscale encoding model

We write a unified neural encoding model for multiscale 
spike-field activity. We first categorize the neural activity into 
binary (spikes) and continuous (LFP/ECoG) modalities. We 
then characterize the different statistical profiles and time-
scales of these modalities using different likelihood functions.

First, spiking activity can be represented as a binary time-
series that specifies the presence or absence of a spike at a 
given time with a 1 or 0, respectively. We denote the binary 
spike event of neuron c at time t by Nc

t  and model the spike 
time-series for each neuron as a point process [8–10, 13, 14], 

[42, 50–55]. Given C total neurons, we denote the spiking 
activity of all neurons at time t by N1:C

t = [N1
t , ..., NC

t ]
′. 

Assuming that neurons are conditionally-independent given 
the encoded behavior [8–10, 42, 50–54], the point process 
likelihood model for all neurons is given as

p(N1:C
t |xt) =

C∏
c=1

(λc(xt)∆)Nc
t exp(−λc(xt)∆), (1)

where Δ is the time-bin taken to be small enough to contain at 
most one spike, xt  represents the behavioral states (e.g. kine-
matics such as position or velocity), and

λc(xt) = exp(βc +α′
cxt) (2)

is the firing rate of neuron c at time t with spike model param-
eters βc and αc (these parameters would have to be learned; 
see section 2.3).

Second, previous work [15–17, 19, 21, 40, 56, 57] have 
shown that various frequency bands of the power spectral 
density (PSD) of field signals are informative of the encoded 
behavior and can be modeled as a linear function of the behav-
ioral variables such as kinematics. Thus, as a good candidate 
feature to model, we can pick the log-power features of field 
signals (e.g. LFP or ECoG). We characterize these log-power 
features using a linear Gaussian model [15–17, 21, 40, 56, 57]

yt = Cx̃t + zt, (3)

where yt  includes all log-power features, C is a parameter 
matrix to be learned (see section  2.3), x̃t = [1, x′t ]′ with 1 
allowing us to model the baseline activity (i.e. bias) in each 
band, and zt is a zero-mean white Gaussian noise with covari-
ance matrix Z. From (3), we can write the following Gaussian 
likelihood model for the field features

p(yt|xt) = N (Cx̃t, Z), (4)

where N (a, G) denotes a Gaussian distribution with mean a 
and covariance G.

Finally, using (1) and (3), we can construct the unified mul-
tiscale encoding model as

p(yt, N1:C
t |xt) = p(yt|xt) p(N1:C

t |xt), (5)

where we have assumed that field features and spikes are con-
ditionally independent given (i.e. conditioned on) the behav-
ioral state xt  (e.g. kinematics). Here p(yt|xt) and p(N1:C

t |xt) 
are given in (3) and (1), respectively. Thus (5) provides the 
complete unified multiscale encoding model.

2.2. Multiscale filter (MSF)

Our goal is to derive the MSF as a recursive Bayesian filter 
(as is also the case for PPF and KF). To derive such a filter, 
we need a prior model for the behavioral states to be decoded, 
and an observation model that relates the multiscale neural 
recordings to these states. The observation model for the MSF 
is given by (5). To write the prior model, similar to previous 
studies (e.g. see review in [39]), we use a random-walk as

xt = Axt−1 + wt−1, (6)

Figure 1. Adaptive MSF architecture. The MSF models the 
differences in time-scales and statistical profiles of spikes and 
field features. The MSF models the spikes as a point process at 
their fast millisecond time-scale and the field features as Gaussian 
processes with possibly slower time-scales. The MSF can then 
decode the behavior at the fast millisecond time-scale of spikes. 
In a closed-loop BMI, this creates fast control and feedback rates 
for neuroprosthetic control. Moreover, the MSF adds information 
from field features whenever new field observations are made, 
even if they are made at a slower time-scale. Finally, initially, an 
adaptive MSF can learn the spike-field multiscale model parameters 
during closed-loop BMI operation, adaptively, and at multiple 
time-scales. The learning rate for adaptation can be systematically 
chosen to satisfy a desired steady-state error and convergence time 
for the estimated parameters using a calibration algorithm. Once 
parameters converge, adaptation (consisting of the components 
outside the magenta dashed box) stops and the trained MSF is used 
to decode behavior from multiscale spike-field activity.

J. Neural Eng. 16 (2019) 016018



H-L Hsieh et al

4

where xt  is the behavioral state to be decoded (e.g. kine-
matics), A is a parameter matrix, and wt−1 is a zero-mean 
white Gaussian noise with covariance matrix W. The param-
eters of the prior model are typically fitted using behavioral 
data (e.g. [12, 58, 59]).

Now we can use (5) and (6) to derive a recursive Bayesian 
filter that combines information across scales. We denote the 
multiscale neural observation at time t by ht = {yt, N1:C

t }. 
Hence h1:t  includes all observations up to time t. The goal of the 
MSF is to find the minimum mean-squared estimate (MMSE) 
of behavioral states xt  at time t given h1:t , which is equal to the 
mean of the posterior density p(xt|h1:t).

The MSF can be derived in two steps: prediction and 
update. The prediction density is defined as p(xt|h1:t−1). We 
denote the mean and the covariance matrix of the prediction 
density by x̂t|t−1 and Ut|t−1, respectively. Similarly, we denote 
the mean and the covariance of the posterior density p(xt|h1:t) 
by x̂t|t and Ut|t, respectively. Note that given the multiscale 
neural observations h1:t , x̂t|t−1 and x̂t|t are deterministic vec-
tors (unlike xt , which is a random vector). In the prediction 
step, we use (6) to compute the prediction mean and covari-
ance at time t from the posterior mean and covariance at time 
t − 1 as

x̂t|t−1 = Ax̂t−1|t−1 (7)

Ut|t−1 = AUt−1|t−1A′ + W. (8)

We then derive the update step that computes the posterior 
mean and covariance at time t using the Bayes rule. The pos-
terior density p(xt|h1:t) = p(xt|ht, h1:t−1) is given by

p(xt|ht, h1:t−1) =
p(ht|xt, h1:t−1) p(xt|h1:t−1)

p(ht|h1:t−1)

=
p(yt, N1:C

t |xt) p(xt|h1:t−1)

p(ht|h1:t−1)

=
p(yt|xt) p(N1:C

t |xt) p(xt|h1:t−1)

p(ht|h1:t−1)
.

 

(9)

We get the second equality above because p(ht|xt, h1:t−1) =
p(ht|xt) = p(yt, N1:C

t |xt) according to the spike and field 
observation models (1)–(4); these models indicate that con-
ditioned on knowing the current behavioral state xt  (e.g. 
kinematics), the distribution of the current spike or field 
observations is fully determined and does not need the past 
spike or field observations. We get the third equality from (5).

Computing the posterior over time from (9) is computa-
tionally expensive due to the nonlinear point process model of 
spikes in (1). We thus use a Laplace approximation to approxi-
mate the posterior (9) as a Gaussian distribution [9, 60, 61]. 
Taking the logarithm on both sides of (9), we get

Lu(xt|h1:t) = Ly(yt|xt) + LN(N1:C
t |xt) + Lp(xt|h1:t−1)

+ constant,
 

(10)

where Lu is the logarithm of the posterior density p(xt|h1:t) 
and Ly, LN , and Lp are the logarithms of the three distributions 
in the numerator in (9), in order. The denominator p(ht|h1:t−1) 

in (9) is a constant with respect to xt . Using the Laplace 
approximation [9, 60, 61], the covariance and mean of the 
posterior density p(xt|h1:t) can be approximated as

U−1
t|t = −

[
∂2Lu

∂x2
t

]

x̂t|t−1

 (11)

x̂t|t = x̂t|t−1 + Ut|t

[
∂Lu

∂xt

]

x̂t|t−1

, (12)

where [·]a denotes the evaluation of the inside expression at 
value a. Now to solve for the posterior mean and covariance, we 
substitute Lu from (10) into (11) and (12). Further, we use the 
fact that given the prior model in (6) and assuming that the pos-
terior density p(xt−1|h1:t−1) is Gaussian, the prediction density 
p(xt|h1:t−1) will also be Gaussian with mean x̂t|t−1 and covari-
ance Ut|t−1, which are already computed in the prediction step 
from (7) and (8). We can thus obtain the update step as

U−1
t|t = U−1

t|t−1 −

[
∂2Ly

∂x2
t
+

∂2LN

∂x2
t

]

x̂t|t−1

 (13)

x̂t|t = x̂t|t−1 + Ut|t

[
∂Ly

∂xt
+

∂LN

∂xt

]

x̂t|t−1

. (14)

Now we can use the specific forms of the observation models 
for fields in (3) and spikes in (1), and plug them in (13) and 
(14) to get

U−1
t|t = U−1

t|t−1 + C′Z−1C +

[
C∑

c=1

αcα
′
cλc(xt)∆

]

x̂t|t−1

 

(15)

x̂t|t = x̂t|t−1

+ Ut|t ×

[
C′Z−1[yt − Cx̃t

]]

x̂t|t−1

+ Ut|t ×

[
C∑

c=1

αc
[
Nc

t − λc(xt)∆
]
]

x̂t|t−1

.

 

(16)

The update step thus consists of (15) and (16). Taken together, 
the MSF is given by equations  (7), (8), (15), and (16). The 
MSF can extract information simultaneously from spikes and 
field features.

Note that the update step in (15) and (16) is given assuming 
that both new spike observations N1:C

t  and new field obser-
vations yt  are available at time t. However, the time-scale at 
which field features are computed is typically slower than Δ, 
which is the time-scale at which spikes are observed (i.e. the 
bin width for the spikes). Thus to take into account the different 
time-scales of spikes and fields, at the intermediate time-steps 
when a new field observation (i.e. data-sample) is not avail-
able and only new spike observations are made, we set C = 0. 
Thus in these intermediate time-steps, the MSF specializes to 
a PPF [9, 12, 42]. So the MSF runs at the fast millisecond 
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time-scale of spikes (every Δ millisecond) but can also add 
information from fields at their slower time-scale.

Note also that in the special case that we only have field 
observations, we can set αc = 0, ∀c and the MSF specializes 
to a KF. Also, if only spikes are recorded, we can set C = 0 for 
all time-steps and the MSF specializes to a PPF. Thus the MSF 
is a generalized filter that can be used to decode information 
across various scales of activity or at each scale separately.

2.3. The adaptive multiscale filter

To construct the MSF, we first need to design an approach to 
learn the spike-field multiscale model parameters in (5). One 
approach is a maximum likelihood (ML) method to maxi-
mize the likelihood function in (5) given the observed multi-
scale neural signals [yt, N1:C

t ] and behavioral states xt  during a 
training session in which the behavioral states are measured, 
e.g. when subjects imagine movements or move their arms 
for a motor BMI problem. However, recent studies suggest 
the benefit of adaptive parameter learning during closed-loop 
BMI control [12, 42, 43, 48, 58, 62–69]. For example, in motor 
BMIs, there may be changes in neural representations of move-
ment between BMI and manual control/imagined movements, 
thus necessitating an adaptive learning approach [12, 42, 43, 
48, 58, 62–68]. In such an adaptive approach, intended kine-
matics are inferred using various intention estimation methods  
[12, 42, 58, 70, 71], for example by assuming a straight-to-target 
velocity intention or using an optimal feedback-control (OFC) 
model of the brain. Regardless of the method of intention estima-
tion, an adaptive learning algorithm will then need to be devised 
to learn the spike-field multiscale model param eters during 
closed-loop operation. Here, we first present an ML learning 
approach and then present a closed-loop adaptive learning algo-
rithm, termed adaptive MSF, to learn these parameters.

In what follows, we assume that xt  is the intended kin-
ematics, which is either observed in a training session or 
inferred in closed-loop operation using an intention estima-
tion technique. Note that in general, however, xt  could be 
any behavioral state of interest depending on the application. 
Given the conditional independence of fields and spikes in (5), 
the mathematically optimal approach is to learn their model 
parameters in (1) and (3) separately given the intended kin-
ematics xt . For spikes, we define φc = [βc,α′

c]
′ as the vector 

consisting of all unknown spike model parameters for neuron c 
in (1). Since neurons are taken to be conditionally independent 
given the intended kinematics xt  [8–10, 42, 50–52, 54], we can 
learn each φc separately. Thus, for conciseness, from now on 
in this section, we remove the superscript/subscript c.

For ML, the optimal solution for C and Z of the field obser-
vation model in (3) is given by the standard linear regression 
techniques (e.g. [58, 63]). Moreover, the optimal β and α for 
each neuron can be found by numerically maximizing the log-
likelihood function in (1) using standard methods for general-
ized linear models [10, 72].

To design the adaptive MSF, using (2), we denote the 
dependence of the firing rate on the model parameters as 
λ(t|φ) = exp(β +α′xt) = exp(x̃′tφ), with x̃t = [1, x′t ]′. Note 
that we changed the notation for the firing rate from λ(xt) in 

(2) to λ(t|φ). This is because the latter notation is used within 
the adaptive MSF to learn the spike model parameters φ and 
thus treats these parameters as a random unknown vector; how-
ever, it treats xt  (e.g. intended kinematics) as deterministic and 
known because they can be inferred using an intention estima-
tion method during adaptive learning (figure 1). In contrast, the 
former notation λ(xt) is used in the MSF to decode the behav-
ioral states xt  (e.g. kinematics) after parameters have been 
learned. Thus, in the former notation, the behavioral state xt  is 
a random unknown vector that needs to be estimated whereas 
φ is deterministic and known (because it is already learned).

From λ(t|φ) = exp(x̃′tφ), we see that the roles of x̃t  and 
φ are interchangeable (i.e. symmetric) in (1); this means that 
we can assume the knowledge of one and estimate the other or 
vice versa using the same PPF. Therefore, given the observed 
spikes Nt and the intended kinematics xt , we can learn φ 
adaptively using a PPF with a prior model for φ [42]. We con-
struct this prior model as a random-walk given by

φt = φt−1 + qt (17)

where qt is a white Gaussian noise with the covariance matrix 
Q. We denote the mean and covariance of the prediction den-

sity of φ by φ̂t|t−1 and Qt|t−1, respectively, and the mean and 
covariance of its posterior density by φ̂t|t and Qt|t , respec-
tively. The PPF for φ for any neuron c is then given as (deri-
vation details are provided in appendix A)

φ̂t|t−1 = φ̂t−1|t−1 (18)

Qt|t−1 = Qt−1|t−1 + Q (19)

Q−1
t|t = Q−1

t|t−1 + x̃tx̃′tλ(t|φ̂t|t−1)∆ (20)

φ̂t|t = φ̂t|t−1 + Qt|tx̃t[Nt − λ(t|φ̂t|t−1)∆]. (21)

Note that the white noise qt in (17) represents our uncer-
tainty about the unknown spike model parameter φ rather than 
a biophysical noise. We take Q = qIn, where In is the iden-
tity matrix of dimension n. Thus q dictates the learning rate 
during adaptation in this PPF [73], i.e. how fast parameters 
are learned. As adaptive MSF learns the spike model param-
eters in (1) separately from the field model parameters, we can 
select the learning rate q based on our prior work on optimal 
learning rate calibration for the PPF [73].

Now, to adaptively learn the unknown field model param-
eters in (3), we can for example use batch-based ML methods 
[15, 67]. Here, however, to enable fast adaptation and sys-
tematic learning rate calibration [73], we use an alterna-
tive Bayesian adaptive algorithm for these parameters. This 
Bayesian algorithm can update the parameters at every time-
step when a new field feature is computed. Moreover, it ena-
bles the systematic selection of the learning rate to guarantee 
a desired steady-state parameter estimation error and conv-
ergence time (to the true parameter value) during adaptation 
[73]. Similar to the case of spiking activity, taking the covari-
ance matrix Z in (3) as diagonal, we can learn the parameters 
of each field feature separately given the intended kinematics 
xt . Assuming B features in (3), we define C = [ψ1, ...,ψB]′ 
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and Z = diag(Z1, ..., ZB) where ψb and Zb are the field model 
parameters and the noise covariance of feature b in (3), respec-
tively. Similar to the case of spikes, we construct the prior 
model for ψb as a linear Gaussian random-walk model. Thus 
we get the following state-space model for the parameters ψb

ψb
t = ψb

t−1 + sb
t (22)

yb
t = x̃′tψ

b
t + zb

t (23)

where sb
t  is a white Gaussian noise with the covariance matrix 

Sb. Since we can learn each feature’s parameters separately, in 
what follows we remove the superscript b. If the noise vari-
ance Z  of zt is known, then ψ can be learned using the KF 
corresponding to the state-space model in (22) and (23) and 
with the knowledge of the intended kinematics x̃t , which can 
be treated as a coefficient vector for the linear observation 
model (23). We denote the mean and covariance of the predic-

tion density of ψ by ψ̂t|t−1 and St|t−1, respectively, and the 
mean and covariance of its posterior density by ψ̂t|t and St|t , 
respectively. Then the KF recursions for ψ are given as

ψ̂t|t−1 = ψ̂t−1|t−1 (24)

St|t−1 = St−1|t−1 + S (25)

S−1
t|t = S−1

t|t−1 + x̃tx̃′
tZ

−1 (26)

ψ̂t|t = ψ̂t|t−1 + St|tx̃tZ−1(yt − x̃′
tψ̂t|t−1). (27)

Similar to the case of spikes, the covariance matrix S dic-
tates the learning rate of this adaptive KF. We denote S = sIn. 
Again since the optimal way to learn the spike-field multiscale 
model parameters is to learn the field model parameters in (3) 
separately from the spike model parameters, we can select s 
using the learning rate calibration algorithm in our prior work 
for the KF [73] to satisfy a desired convergence time and 
steady-state parameter estimation error.

Finally, we can also estimate the noise variance Z  adap-

tively if needed. Denoting ft = yt − x̃′tψ̂t|t−1, we can learn 
Z  and ψ adaptively together by using the following equa-
tion after (24), (25) and before (26) and (27)

Ẑt|t =
1

L − 1

t∑
j=t−L+1

( fj − f̄ )2

− 1
L

t∑
j=t−L+1

x̃′
jSj|j−1x̃j

 

(28)

where f̄ = 1
L

∑t
j=t−L+1 fj is the sample mean, and L is the 

number of samples used in estimating Z . Here (28) is given 
using the covariance matching technique detailed in [74].

2.4. Numerical simulations

To validate the multiscale framework, we first use extensive 
Monte-Carlo numerical simulations. We simulate the brain 
strategy in closed-loop BMI control with an OFC model [12, 

42, 51, 73, 75, 76]. We assume that the subject performs a 
self-paced center-out-and-back reaching task to take a cursor 
on a computer screen from the center to one of eight periph-
eral targets and then return it to the center to initiate another 
trial [12]. The intended kinematics within this task are simu-
lated using the OFC model. Given these intended kinematics, 
the spike and fields are in turn simulated using the encoding 
model in (5). We briefly present the simulation setup; details 
of OFC simulations have been given in our prior work  
[42, 51, 73, 76].

2.4.1. Simulating the intended kinematics using the OFC 
model of BMI. In the OFC model, the kinematics evolve as

xt+1 = Axt + But + wt

=




1 0 ∆ 0
0 1 0 ∆

0 0 α 0
0 0 0 α


 xt +




0 0
0 0
1 0
0 1


 ut + wt

 

(29)

where Δ is the time-step, α is the damping ratio for the 
velocity, and ut is the velocity control command decided by 
the brain. We set ∆ = 5 ms and α = 0.98 according to our 
prior NHP data [12, 42]. We also take xt = [d′

t , v′t ]′ where dt 
and vt  are the 2D cursor position and velocity at time t. In 
the OFC model, the brain has learned the kinematic model 
internally through experience (e.g. [42, 75, 77, 78]). The brain 
determines the control command by minimizing a cost func-
tion that quantifies the goal of the task. For the target-directed 
movements in the center-out-and-back reaching task, we use 
the following quadratic cost function [12, 42, 73, 75, 77]

J =

∞∑
t=1

‖dt − d∗‖2 + wv‖vt‖2 + wu‖ut‖2
 (30)

where d∗ is the target location, and wv and wu are weights 
selected to match the manual movement profiles [42]. The 
three terms in the cost function enforce moving towards the 
target location, stopping at the target, and minimal effort [79], 
in order. Given the linear state model in (29) and the quadratic 
cost function in (30), the optimal control command ut is given 
by the well-known infinite horizon linear quadratic Gaussian 
(LQG) solution [42, 80]

ut = −L(xt − x∗) (31)

where x∗ = [d∗′, 0′]′ and L is the feedback gain matrix cal-
culated offline using the discrete algebraic Riccati equa-
tion (DARE) [80].

We can now simulate the kinematics from (29) and (31). 
Also, in the adaptive MSF and to perform intention estima-
tion, we use the OFC model of BMI, which has been shown in 
prior work to lead to accurate trained decoders [12, 42].

2.4.2. Simulating the multiscale neural activity. We use the 
OFC-simulated intended kinematics to generate the multi-
scale spike-field neural signals using (3) and (1). We simulate 
210 field features and 30 spike channels. We use a velocity-
tuning model, assuming that neural signals encode velocity vt  
[12, 58, 66, 68, 81–83]. Given this velocity tuning model and 
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given that xt = [d′
t , v′t ]′, for the field features, each row of C 

can be written as ψ′ = [ξ, 0, 0, ηx, ηy] = [ξ, 0′,η′] (since there 
is no tuning to position directly). The bias ξ and the modula-
tion depth ‖η‖ are selected randomly and uniformly between 
[−1, 1] and [5, 7], respectively. The preferred direction for each 
feature, i.e. the direction of the [ηx, ηy] vector, is randomly 
selected between [0, 2π]. The noise variance Z  for each fea-
ture is randomly selected in [270.9, 331.1]. These ranges for 
the field model parameters were chosen such that the signal to 
noise ratio (SNR) of the simulated field features is close to the 
SNR of the field features in our experimental NHP data. Here, 
we define SNR  =  std(ψ′x̃t)/

√
Z, where std(·) is the standard 

deviation, ψ is a row of the parameter matrix C corresponding 
to one feature in the field observation model (23), and Z  is 
the noise variance of each field feature in the field observa-
tion model (23). The average field feature SNR in our data 
and simulations (using the parameter settings) are 0.227 and 
0.223, respectively. Similarly, for spikes and given a veloc-
ity tuning model, we express the spike model parameters for 
each neuron as φ = [β, 0, 0,αx,αy]

′ = [β, 0′,α′
v]
′. We select 

the baseline firing rate randomly between [3.3, 5] Hz and the 
maximum firing rate randomly between [29, 57] Hz. Again, the 
direction of αv is selected randomly between [0, 2π].

2.4.3. Center-out-and-back task requirements. In the center-
out-and-back task, we take each of the eight targets to have a 
0.06 radius and be distributed on a circle of 0.3 radius. The 
subject starts a trial by holding the cursor at the center. One 
of eight targets is then selected randomly. The subject needs 
to move the cursor from the center to the target within at most 
1 s and hold within the target for 300 ms without interruption 
(so the reach-and-hold can take at most 1.3 s). The subject 
then needs to move the cursor back to the center with the same 
reach-and-hold requirements. A trial is considered successful 
if reach-and-hold requirements are met in both the center-out 
and the back movements. Since simulations are self-paced, the 
subject can finish each trial in less than the maximal duration 
(2.6 s). We simulate 400 trials with each non-adaptive filter 
(KF, PPF, and MSF) and 1000 trials with the adaptive MSF.

2.4.4. Performance measures. As our decoding measures, 
we use success rate that evaluates the number of trials com-
pleted per minute and percent correct that finds the percentage 
of trials correctly completed. For the adaptive MSF, we also 
examine the adaptation profiles of the spike-field multiscale 
model parameters over time to assess whether their estimates 
converge to their true values.

2.5. NHP experimental setup and validation

We also test the MSF for decoding NHP spike-LFP activity 
recorded from motor cortical areas during a naturalistic 3D 
reach task towards targets placed at various locations in the 3D 
environment [49]. We decoded the seven arm joint angular tra-
jectories during the reaching movements using either spiking 
activity with the PPF, LFP activity with the KF, or multi-
scale spike-LFP activity with the MSF. The seven joints are 
shoulder elevation, elevation angle, shoulder rotation, elbow 

flexion, pro supination, wrist flexion, and wrist deviation. As 
our performance metric, we used the correlation coefficient 
between the true and decoded angular trajectories.

An electrode array with 137 electrodes (large-scale micro-
drive system, Gray Matter Research, USA) covering parts 
of dorsal premotor cortex (PMd), ventral premotor cortex 
(PMv), and primary motor cortex (M1) was used to record 
spike-field activities. Raw neural signals were recorded with 
a 30 kHz sampling rate in real time as the subject performed 
the reaching task. Reflective markers were placed on subject’s 
right arm and monitored using infrared and near-infrared 
cameras at a sampling rate of 100 frames s−1. We obtained 
the seven joint angular trajectories from the marker trajecto-
ries using an NHP musculoskeletal model [84] and inverse 
kinematics.

2.6. Neural data processing

We extracted the spikes by passing the raw neural signals 
through a band-pass filter (0.3–6.6 kHz) and finding the 
threshold crossing events using a threshold of 3.5 standard 
deviations below the mean filtered signal. To obtain the LFP 
signals, we low-pass filtered the raw neural signals with 400 
Hz cut-off frequency and then down-sampled the signal to 
1 kHz. From each LFP channel, we extracted the log-power 
in seven frequency bands: theta (4–8 Hz), alpha (8–12 Hz), 
beta 1 (12–24 Hz), beta 2 (24–34 Hz), gamma 1 (34–55 Hz), 
gamma 2 (65–95 Hz), and gamma 3 (130–170 Hz) [20]. The 
band power was calculated by performing common average 
referencing (CAR) first, and then using the short-time Fourier 
transform (STFT) with a 300 ms causal moving window every 
50 ms. Taken together, in the experiment, the time-scale of 
spikes (i.e. Δ) was 10 ms and the time-scale of LFP log-power 
features was 50 ms.

2.7. NHP decoding analyses

For each joint, we take the kinematic state xt  as the corre-
sponding joint angle. For generality, we set the parameter 
matrix A = 1 and fit the noise covariance W using linear 
regression from the behavioral joint trajectory traces. To inves-
tigate whether we can combine information from spikes and 
LFP in the MSF while running at their different time-scales, 
we performed channel addition analyses. In these analyses, we 
added various numbers of spike channels (randomly-selected) 
to a fixed number of LFP channels (randomly-selected) and 
vice versa. Overall, we performed the analyses across seven 
experimental sessions. We group 40 electrodes as a channel 
pool in our channel addition analyses for computational trac-
tability. We use ML to fit the spike-field multiscale model 
parameters (C and Z in (3) and βc and αc in (1)).

2.7.1. Adding LFP activity to spiking activity. To see the ben-
efit of adding LFP to spikes in the MSF, we first select 10 
random spike channels from the channel pool. We then use 
a PPF to decode the seven joint angular trajectories using 
these spike channels within 20-fold cross-validation. We 
assess performance using the cross-validated correlation 
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coefficient between the true and decoded joint angular tra-
jectories. We then add LFP channels (randomly selected 
from the same channel pool) to the spike channels one-
by-one, decode the spike-LFP activity using the MSF, and 
again assess performance using 20-fold cross-validation. 
We repeat this process 50 times, each time selecting a dif-
ferent random set of spike and LFP channels from the pool. 
We compute the average improvement in decoding perfor-
mance as a function of the number of LFP channels added 
to the 10 spike channels within the MSF. In addition to 10 
spike channels, we repeat the entire process of adding ran-
dom LFP channels to random spike channels for 20 and 30 
spike channels as well.

2.7.2. Adding spiking activity to LFP activity. To see the ben-
efit of adding spikes to LFP in the MSF, we repeat the above 
process by adding random spike channels one-by-one to 10, 
20, or 30 random LFP channels. This time, we first decode the 
joint angular trajectories using the LFP channels alone within 
a KF, and then add the spike channels one-by-one and decode 
the combined spike-LFP activity within the MSF.

2.7.3. Investigating the effect of LFP and spike channel over-
lap. Finally, to assess whether the degree of overlap between 
the spike and LFP channels affects the improvement in the 
MSF, we form two non-overlapping pools of 40 channels. 
In our channel addition analyses, we always select the spike 
channels from the first pool (called overlapping pool). Then, 
we pick the LFP channels in one of two ways: (i) to study 
MSF decoding with overlapping channels, we select the LFP 
channels to be exactly the same as the spike channels; (ii) 
to study MSF decoding with non-overlapping channels, we 
pick the LFP channels from the second non-overlapping pool. 
This construction allows us to assess whether the improve-
ment when adding LFP to spikes or vice versa is a function 
of whether the spike-LFP come from the same channels or 
different channels.

To enable a fair comparison between overlapping and non-
overlapping MSF decoding, we design a two-step procedure 
for ensuring that the overlapping LFP channels have the same 
decoding performance as the non-overlapping LFP channels. 
This way, within the MSF channel addition analyses, the only 
difference between using the overlapping LFP pool and the 
non-overlapping LFP pool is the overlap with the spike chan-
nels. We define the quality of an LFP channel as the cross-
valid ated (20-fold) KF decoding correlation coefficient using 
that channel. In the first step, we pick the two 40-channel 
pools such that they have a similar LFP quality as a whole. In 
the second step, when selecting a subset of LFP channels from 
each pool, we make sure that these two LFP channel subsets 
have the same decoding performance using an iterative selec-
tion algorithm detailed below.

For the first step, we select a first pool of 40 LFP chan-
nels and measure the quality of each LFP channel in this first 
pool. Then, for each channel in the first pool, we find another 
channel not in the first pool whose LFP quality is closest to 
it. We repeat this process to select 40 channels (not in the first 

pool) and form the second pool, which we call the non-over-
lapping pool.

For the second step, by designing an iterative algorithm, 
each time we select k random LFP channels in the overlap-
ping pool (k = 10, 20, or 30), we select k LFP channels in 
the non-overlapping pool with a similar population decoding 
performance. In the first iteration, we select k random LFP 
channels from the overlapping pool (the overlapping subset) 
and note their rank in terms of individual channel quality. 
Then we select k LFP channels with the same rank, this time 
in the non-overlapping pool to construct the non-overlapping 
subset. In the second iteration, if the KF decoding perfor-
mance of this non-overlapping subset is lower (higher) than 
that of the overlapping subset, we replace the worst (best) 
channel in the non-overlapping subset with the best (worst) 
channel in the rest of the non-overlapping pool. We repeat 
this iterative replacement until the decoding performance of 
the non-overlapping subset is higher (lower) than that of the 
overlapping subset. Then in the last iteration, we try substi-
tuting the last replaced channel in the non-overlapping subset 
with any remaining channels in the rest of the non-overlapping 
pool to find the channel combination that makes the decoding 
performance of overlapping and non-overlapping subsets 
as close as possible. We require the difference between the 
decoding correlation coefficients of the non-overlapping and 
overlapping LFP channel subsets to be less than 0.02. If we 
cannot meet this requirement, we select a new overlapping 
subset with k channels randomly and repeat the above itera-
tive procedure. In total, we simulate 50 paired overlapping 
and non-overlapping LFP channel subsets for each k, where 
k = 10, 20, or 30.

3. Results

To validate the multiscale framework and investigate its 
properties compared with single-scale decoding (i.e. using 
the PPF for spikes and the KF for fields), we use both Monte 
Carlo closed-loop BMI simulations and NHP decoding 
analyses.

Figure 2. The MSF improves the success rate (a) and percent 
correct (b) compared with spike decoding with the PPF and field 
decoding with the KF in closed-loop BMI simulations. Black 
vertical lines indicate the 95% confidence bounds of the means.
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3.1. Simulation validations

We first validate the multiscale framework using numerical 
simulations. We find the performance of single-scale and mul-
tiscale filters by simulating a closed-loop BMI with a self-
paced center-out-and-back reaching task. We assess decoding 
performance using the success rate and percent correct mea-
sures. We compare spike-field decoding with the MSF, spike 
decoding with the PPF, and field decoding with the KF. 
Simulation details can be found in numerical simulations sec-
tion 2.4. Our simulations demonstrate the validity of the deri-
vation for the MSF and adaptive MSF, and their ability to run 
at the fast time-scale of spikes while combining information 
from spikes and fields. We also show that adaptive MSF can 
learn all the spike-field multiscale model parameters at their 
different time-scales, in closed loop, and simultaneously.

3.1.1. MSF runs at the fast time-scale of spikes and adds infor-
mation from fields. We find that the MSF can run at the fast 
time-scale of spikes and moreover combine information across 
spikes and fields to improve performance compared with both 
the PPF and KF. Figure 2 shows the comparison of the MSF 
with PPF and KF. Both the MSF success rate (figure 2(a)) and 
percent correct (figure 2(b)) are significantly higher than for the 
PPF and KF (one-sided t-test, P < 10−9). These results show 
that the MSF can run at the fast time-scale of spikes while add-
ing information from fields at their slower time-scales.

As a control, to examine the benefit of multiscale mod-
eling in closed-loop BMI simulations, we also compared the 
MSF with a KF that combines information across spikes and 
fields by computing the binned firing rates (or equivalently 
spike counts) at the same time-scale as fields (i.e. in 50 ms 
bins). We found that success rate improvement resulting from 
spike-field decoding using MSF was significantly higher than 
that using the KF (supplementary figure  S1 (stacks.iop.org/
JNE/16/016018/mmedia)). This result is consistent with our 
prior single-scale spike BMI NHP experiments showing the 
benefit of modeling the fast time-scales of spikes using a PPF 
in closed-loop control [12]. The MSF and KF comparisons 
should be studied in future closed-loop BMI experiments as 
well (see discussion).

3.1.2. Adaptive MSF can learn all the spike-field multiscale 
model parameters. We next examined whether the adaptive 
MSF could learn all the spike-field multiscale model param-
eters in (1)–(5) adaptively during closed-loop BMI control. 
Figure 3 shows the adaptation profiles of all spike-field mul-
tiscale model parameters, i.e. how their estimates evolve in 
time. We see that all estimated parameters converge to their 
true values. In figures 3(a) and (b), we also used our calibra-
tion algorithm to select learning rates that minimized the conv-
ergence time to true values while ensuring that the steady-state 
estimation error of each parameter is confined within 10% of 
its average value. We found that all parameters satisfied these 
constraints; the 95% confidence bound at steady state is within 
plus and minus 10% of the average value for each parameter. 
These results suggest that adaptive MSF can learn all the spike-
field multiscale model parameters at their different time-scales, 
simultaneously, efficiently, and accurately in real time.

3.1.3. Adaptive MSF performance converges to that of the 
MSF with true parameter knowledge. To evaluate the acc-
uracy of the adaptive MSF in learning the parameters, we also 
examined the decoding performance during parameter adap-
tation. We tracked the success rate and percent correct aver-
aged in moving windows consisting of 50 trials (figure 4). As 
parameters converge, decoding trajectories become straighter 
and less noisy (figure 4(a)). After 250 trials (approximately 
500 s) and even before some spike-field multiscale model 
parameters fully converge (figure 3), the trajectories look 
straight. This proficient performance even before full conv-
ergence of all parameters is due to feedback correction that 
occurs in closed-loop BMI and compensates for the effect 
of slight parameter errors on decoding. Time-evolution of 
percent correct and success rate in figure 4(b) is consistent 
with the trend of the trajectory evolution in figure 4(a). More-
over, after convergence, percent correct and success rate are 
both close to those obtained from a MSF that knows the true 
parameters as evident from a comparison to the dashed hori-
zontal lines in figure 4(b). These results again indicate that 
an adaptive MSF accurately learns the spike-field multiscale 
model parameters.

Figure 3. The adaptive MSF can learn all the spike-field multiscale model parameters in real time and simultaneously. (a) Parameters 
corresponding to a sample neuron. (b) Parameters corresponding to a sample field feature. (c) The noise covariance of a sample field 
feature.
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3.2. NHP spike-field decoding of naturalistic 3D reaches  
with the MSF

Our simulations showed the validity of our derivations in 
obtaining the MSF and adaptive MSF. Moreover, these simula-
tions showed the ability of the MSF and adaptive MSF to take 
into account different time-scales and statistical profiles of mul-
tiscale activity. To further validate the multiscale framework and 
investigate whether MSF can combine information across spikes 
and fields, we used it to decode seven arm joint angles from 
NHP multiscale spike-LFP activity recorded during 3D reaching 
movements (figure 5). We investigated (1) whether the MSF can 
improve performance compared with spike decoding with the 
PPF and LFP decoding with the KF, (2) whether this improve-
ment was due to addition of information across scales or domi-
nance of information in one scale, (3) whether the improvement 
was a function of the number of spike or LFP channels included, 
and (4) whether the improvement depended on the degree of 
overlap between spike and LFP channels used in the MSF.

3.3. MSF improves performance due to addition  
of information across scales rather than dominance  
of information in one scale

We first examined whether the MSF can improve performance 
compared with spike decoding with the PPF. We compared 

performance of the PPF with a fixed number of spike chan-
nels (10, 20, or 30) to that of the MSF that added LFP chan-
nels one-by-one to these spike channels. Figure  5(a) shows 
sample true and decoded joint trajectories when LFP channels 
are added to spike channels. We found that, regardless of the 
number of spike channels, the MSF improved performance 
compared with spike decoding with the PPF (paired one-
sided t-test, P < 10−18). Figures  6(a)–(c) left panels show 
the improvement in performance in three example sessions as 
a function of the numbers of LFP channels added to a fixed 
number of spike channels in the MSF.

We next examined whether the improvement in perfor-
mance was due to addition of information. In particular, 
it is possible that performance is improved simply because 
the more strongly tuned scale of activity dominates the other 
scale. Alternatively, performance may be improved because 
the MSF is able to add information from both spikes and LFP. 
Thus, to show that improvement is due to addition of infor-
mation, we should demonstrate an improvement both when 
adding LFP channels one-by-one to a fixed number of spike 
channels, and, vice versa, when adding spike channels one-
by-one to a fixed number of LFP channels. Consequently, 
we also added spike channels one-by-one to a fixed number 
of LFP channels (10, 20, or 30) within the MSF. Figure 5(b) 
shows sample trajectories in this case. We found that, regard-
less of the number of LFP channels, adding spikes within the 
MSF improved performance compared with LFP decoding 
using the KF (figures 6(a)–(c) right panels, paired one-sided 
t-test, P < 10−32). The narrow 95% confidence bounds of the 

Figure 4. Adaptive MSF performance converges to the performance 
of a MSF that knows the true parameters. (a) Sample decoded 
trajectories as a function of time into adaptation, which is indicated 
by the trial number since the beginning of adaptation. (b) Percent 
correct and success rate as a function of time into adaptation. Both 
metrics converge after 250 trials. Transparent colored blocks mark 
the time period corresponding to the trials indicated in the subfigures 
in (a) with the same color scheme. Dashed horizontal lines show the 
performance of an MSF that knows the true parameters.

Figure 5. Sample true and decoded trajectories. True and decoded 
angular trajectories of three relatively active joints are shown 
(joints whose movement standard deviations divided by peak-to-
peak range of movement are relatively large). In all figures, spike 
implies spike channel and LFP implies LFP channel. (a) Adding 
LFP channels to spike channels within the MSF improves decoding 
accuracy. (b) Adding spike channels to LFP channels within the 
MSF improves decoding accuracy. Supplementary figure S2 shows 
all seven joints.
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mean correlation coefficients indicate the significance of all 
improvements.

Taken together, these results suggest that the MSF com-
bines non-redundant information contained within spikes and 
LFP, while running at their different time-scales.

3.4. MSF improvement is greatest in the low-information 
regime

We studied how MSF improvement over PPF or KF changed 
as a function of the number of spike or LFP channels included 
in these single-scale decoders (i.e. PPF and KF, respectively). 
When adding spikes to LFP, the improvement was greatest 
when few LFP channels were available (figure 7(a)). Similarly, 
adding LFP to spikes was most beneficial when few spike 
channels were available (figures 7(c)). The latter is inline with 
a prior study [21] that has shown the benefit of using LFP 
within a Kalman filter when few spike channels are available.

Finally, we explored which LFP bands contributed the most 
to the MSF improvement. We repeated the same channel-addi-
tion analyses for each of the seven LFP bands separately, i.e. 
by adding seven LFP bands separately to spikes. We found 
that both the high gamma (gamma 2 and gamma 3) and the 
beta (beta 1 and beta 2) bands resulted in MSF improvement 
but the high-gamma (gamma 2 and gamma 3) contributed the 
most to this improvement. This result is consistent with prior 
single-scale field decoding results that show the importance of 
these bands in motor representations [20, 21, 85–88].

3.5. MSF improvement is similar regardless of the degree 
of overlap between spike and LFP channels

We next examined whether MSF improvement depended on 
the degree of overlap between the channels from which spikes 
and LFPs were recorded. For example, it may be that spikes 
and LFPs on different channels contain more non-redundant 
information compared with those on the same channels. If so, 
the improvement may be greater if spikes and LFP come from 
different channels. We thus performed our channel addition 
analyses in two scenarios, when spikes and LFPs came from 
the exact same channels or when they came from completely 

different channels. Details can be found in the decoding anal-
yses section 2.7.

We found that when adding spikes to LFPs (figure 7(b)), 
MSF improvement was similar regardless of whether spikes 
and LFPs were recorded from the same channels or not 
(P > 0.37, two-sided t-test over seven sessions). Similar 
results held when adding LFPs to spikes (figure 7(d), 
P > 0.42). These results suggest that there is benefit in mul-
tiscale decoding even if only the same channels are available 
for spike and LFP recording (e.g. if spikes are available on 
all channels). Furthermore, this result may suggest that spikes 
on a given channel do not fully determine the LFP on that 
channel, i.e. that LFP contains non-redundant information 
compared with spikes.

4. Discussion

We developed a multiscale modeling, adaptive learning, and 
decoding framework for spike-field activity that character-
ized the differences in spikes and fields in terms of statistical 
properties (binary spikes versus continuous field features) and 
time-scales (e.g. milliseconds for spikes and tens of millisec-
onds for fields). We validated the framework within a motor 
task both using extensive closed-loop BMI simulations and 
with NHP motor cortical recordings during a 3D natural-
istic reach task. The multiscale encoding model consists of 
a combination of point process and Gaussian process likeli-
hood functions. The multiscale filter (MSF) can run at the 
fast time-scale of spikes, while adding information from field 
features at their slower time-scales. Finally, the adaptive mul-
tiscale filter (adaptive MSF) learns the spike and field model 
parameters simultaneously, at their own time-scales, and in 
real time, which means that the processing of a new sample of 
neural data at the current time-step can be done causally and 
efficiently and be completed before the next data sample is 
obtained in the next time-step.

Our closed-loop BMI simulations demonstrated that the 
MSF outperforms single-scale filters (figure 2) and that the 
adaptive MSF can accurately learn all the spike-field multi-
scale model parameters simultaneously in closed loop (figures 
3 and 4). We also decoded seven 3D joint angular trajectories of 

Figure 6. The MSF improves decoding by combining information from spikes and LFPs. Figures show the average correlation coefficients 
between decoded and true angular trajectories. Spike implies spike channel and LFP implies LFP channel. Solid/dashed curves show the 
mean correlation coefficient and shaded regions show the 95% confidence bound of the mean. (a)–(c) The MSF performance as random 
LFP channels are added one-by-one to 10 (blue), 20 (red), or 30 (green) random spike channels (left panel), or vice versa (right panel) for 
three sample sessions. Here the start of the curves (i.e. 0 on the x-axis) indicates pure single-scale decoding, i.e. spike decoding with the 
PPF (left panel) or LFP decoding with the KF (right panel).
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the NHP’s arm with motor cortical spike-LFP activity (figure 
5). The NHP decoding results showed that MSF improved the 
single-scale decoder performances (KF and PPF) with various 
numbers of spike and LFP channels, that this improvement 
was due to addition of information across scales rather than 
dominance of information in one scale (figures 6, 7(a) and 
(c)), and that the improvement was similar regardless of the 
degree of overlap between spike and LFP channels (figures 
7(b) and (d)).

Our development of a multiscale modeling, adaptive 
learning, and decoding framework was motivated both by 
scientific evidence about multiscale neural representations 
and by potential implications for advancing future neurotech-
nologies. Prior studies have suggested that various spatiotem-
poral scales of activity are involved in the representation of 
behavior (e.g. [7, 24–28, 89, 90]), thus motivating a precise 
multiscale framework to characterize the concurrent encoding 
of behavior across these scales by taking into account their 
different statistical characteristics and time-scales. Also, two 
recent bodies of work on BMIs motivate such a multiscale 
framework. First, recent work has shown the benefit of using 
both LFP and spikes for motor BMI performance [21, 40], 
especially to help with longevity and make the BMI robust to 
spike channel loss. However, these work have not focused on 
developing a multiscale computational framework and instead 
modeled the spike counts and LFP features at the same time-
scale (e.g. using 50 ms bins) and using the same statistical 
model (e.g. linear Gaussian model within a single Kalman 
filter). Second, recent work has shown that modeling the fast 
time-scale and binary nature of spikes using a point process 
can benefit adaptive learning and closed-loop performance 
in BMIs [12, 42]. Taken together, these two bodies of work 
motivate developing a multiscale decoding framework that 
precisely characterizes the different statistical characteristics 
of spikes and fields, and can optimally combine information 
from these signals by running at the fast time-scale of spikes 
while adding information from fields at their slower time-
scale. Further, this multiscale framework requires designing 
adaptive learning algorithms that concurrently fit spike and 
field model parameters during real-time closed-loop BMI 
control, which we provided in this work.

To explore whether the MSF could combine information 
from spikes and fields, it was critical to show improvement in a 
bi-directional way: we had to show not only that adding spikes 
to a fixed number of LFP channels can improve performance, 
but also that adding LFP to a fixed number of spike chan-
nels can enhance performance. Otherwise, performance could 
have been improved simply due to a single scale dominating 
the other scale. We thus performed extensive channel-addi-
tion and decoding analyses on the NHP spike-field data and 
showed that indeed the improvement was bi-directional. This 
result suggests that MSF combines non-redundant informa-
tion from spikes and LFP. Further, this result may imply that 
the recorded spikes do not fully determine the recorded LFP 
on the same electrode array, thus giving rise to non-redundant 
information in LFP compared with spikes. One reason for this 
non-redundant information may be the different sources of 

LFP and spikes. Indeed, a main contributor to LFP are the 
synaptic currents while the spiking activity measures fast 
action potentials [5, 6].

We also examined whether the improvement in the MSF 
depends on the degree of overlap between the electrodes 
that record spikes and LFPs. We found that even in the two 
extreme cases where spikes and LFPs are recorded either 
from the exact same electrodes or from completely different 
electrodes, the MSF improvement was similar. One explana-
tion for this result could again be that spikes and LFP con-
tain non-redundant information even on the same electrode 
because of their different sources [5]. Another possible expla-
nation could be that the cortical activity that gives rise to the 
recorded LFP covers a wider spatial range compared with the 
activity that generates an action potential on the same elec-
trode. Prior studies have indicated that the spatial reach of 
the cortical region that generates the LFP can be from a few 
hundred micrometers to several millimeters [6]. For example, 
this spatial range could depend on the degree of synchroni-
zation between the surrounding neural sources [6]. Thus the 
recorded LFP from an electrode may carry information about 
many more neurons than just the neurons recorded on that 
electrode (even potentially carry information about neurons 
not recorded by the entire array), thus again resulting in non-
redundant motor-related information.

Here, we focused on developing the multiscale framework 
as a computational tool for studying information encoding and 
for developing future neurotechnologies. We then valid ated the 
framework using closed-loop simulations and offline NHP data 
analyses. Future studies that implement the MSF in closed-loop 
BMI experiments are critical to show the extent to which MSF 
can benefit real-time BMI designs. The MSF adds information 
from fields to information from spikes, while still running at 
the fast time-scale of spikes; it can thus provide a fast rate of 
control and feedback in closed loop. The MSF also precisely 
models the spikes as point processes. Prior closed-loop BMI 
studies have shown the benefit of shorter latencies [91, 92] and 
faster control and feedback rates [12, 42] on closed-loop BMI 
performance. Also, point process models of spikes have been 
shown to be beneficial in spike-based closed-loop BMIs [12, 
42]. Thus, these prior closed-loop studies suggest that the fast 
time-scale, the fast rate of control and feedback, and the precise 
modeling of the statistical properties of both binary spikes and 
continuous field features enabled by the MSF may help with 
future closed-loop BMIs that use multiple scales of activity. 
Investigating the properties of MSF in closed loop experiments 
is an important area for future investigation.

In addition to its potential for closed-loop neurotechnolo-
gies, by explicitly modeling different spatial and temporal 
scales of activity, the MSF may also serve as a scientific tool 
to explore how information is encoded at various scales and 
the relationship between these scales. Also, since MSF models 
the spikes at their fast millisecond time-scale, it enables a fast 
millisecond-by-millisecond rate of BMI control and feedback, 
which can then be manipulated to examine the effect of time-
scales on the ability of the brain for closed-loop control. To 
slow down the rate of control k times, we can just update the 
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decoded position every kth time-step instead of every time-
step (run the MSF through all the k time-steps and then output 
one decoded position at the end). Indeed, for single-scale 
spike BMIs, we have successfully used such manipulations to 
show the importance of the fast time-scales (fast control and 
feedback rates) [12].

To learn the spike-field multiscale model parameters, we 
developed the adaptive MSF. Prior studies have shown that 
neural representations of behavior during BMI control could 
be different compared with during natural behavior [43–48]. 
Thus learning the decoder parameters adaptively and during 
BMI control can improve BMI performance [12, 42, 43, 48, 
58, 62–69]. Moreover, prior studies have shown that faster 
time-scales of adaptation result in faster convergence of model 
parameters [42, 67]. We thus developed the adaptive MSF to fit 
the spike-field multiscale model parameters simultaneously, at 
the fastest time-scale possible, and in real time. In particular, 
the MSF allows the spike model parameters to be updated at 
the millisecond time-scale of the spikes (i.e. with every 0 and 
1 spike event) and the field model parameters to be updated 
at their own time-scale (i.e. at every time-step that a new field 

feature is computed). We showed that the MSF could accu-
rately learn all these parameters in closed-loop simulations.

In this paper, we modeled the spikes and fields using the 
point process generalized linear model and the linear Gaussian 
model, respectively. As prior studies have shown, despite their 
relative simplicity, these models can lead to accurate spike 
decoding [8–11, 51, 53], to proficient closed-loop spike BMI 
control [12, 42], and to successful field decoding [15, 17, 21, 
40, 56]. The prior evidence on the usefulness of these simpler 
single-scale models for decoding is the reason we used them 
to develop our MSF framework. Moreover, the simplicity of 
these models makes the derivation of the MSF and its adap-
tive learning algorithm tractable. Our validation results using 
experimental data show that despite their simplicity, these 
models (within the MSF) enable the decoding of 3D angular 
trajectories of the joints and the successful combination of 
information across spikes and fields. Another benefit of using 
simpler models is the reduced number of model parameters, 
which often need to be learned in real time and adaptively 
for BMIs. Learning more complex models with more param-
eters may be computationally expensive and could require 

Figure 7. MSF improvement when adding spike to LFP channels or vice versa is similar regardless of the degree of overlap between spike 
and LFP channels, and is greatest in the low-information regime. (a) MSF improvement when 30 spike channels are added to 10 (blue), 
20 (red), or 30 (green) LFP channels (i.e. the maximal increase in correlation coefficient in the right panels of figure 6). The bar on the far 
right shows the average of the seven bars on the left corresponding to the seven sessions. Black vertical lines indicate the 95% confidence 
bounds of the means. MSF improvement is greatest in the low-information regime, i.e. when there are 10 LFP channels (blue). (b) MSF 
improvement when adding k spike channels to k LFP channels for k = 10, 20, or 30 with complete or no overlap. Hollow bars show the 
case where the spike and LFP channels are exactly the same (100% overlap), and solid bars show the case with no overlap. Black vertical 
lines indicate the 95% confidence bounds of the means over seven sessions. MSF improvement is similar regardless of the degree of 
overlap. Note that in (b) the number of spike channels is equal to the number of LFP channels unlike (a) where there are always 30 spike 
channels. (c) Figure convention is the same as (a) except that we add 30 LFP channels to 10 (blue), 20 (red), or 30 (green) spike channels 
(i.e. the maximal increase in correlation coefficient in the left panels of figure 6). (d) Figure convention is the same as (b) except that we 
add k LFP channels to k spike channels for k = 10, 20, or 30 with complete or no overlap. MSF improvement is similar regardless of the 
degree of overlap.
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more data (and thus longer time in real-time applications) for 
parameters to be learned without overfitting. Future studies 
should investigate whether modeling the dynamics of neural 
signals or making the observation models nonlinear could fur-
ther improve decoder performance.

Since our focus in this work was on real-time decoding 
and adaptation, we assumed that given the current behavioral 
state, spikes and fields are conditionally independent. This 
assumption enabled us to derive real-time recursions for the 
MSF and adaptive MSF and to have a simpler model with 
fewer parameters in order to facilitate real-time closed-loop 
parameter adaptation and learning. Indeed, assuming con-
ditional independence allows us to construct the multiscale 
encoding model in equation (5) by combining the point pro-
cess spike encoding model in (1) and the field encoding model 
in (3). Using the NHP data, we showed that despite this sim-
plifying assumption, we can successfully add information 
across spikes and fields and thus improve decoding compared 
with the optimal filters for spikes alone (PPF) and LFP alone 
(KF). It is important to note that conditional dependencies 
could exist between spikes and fields, and could be important 
to model in future studies especially from a scientific perspec-
tive to understand spike-field relationships and functional con-
nectivities. However, incorporating conditional dependencies 
between spikes and fields within multiscale models results 
in a large number of parameters (one for every possible pair 
of neuron and field feature) that often need to be learned in 
real time with the subject in the loop for BMI applications. To 
avoid overfitting, learning these parameters requires a large 
amount of data, which would translate to longer adaptation 
time with the subject in the loop before the BMI is trained and 
ready to be used. Thus modeling these spike-field dependen-
cies requires new multiscale learning methods to be developed 
in future work to allow for learning the parameters with lim-
ited data and without overfitting. Developing such methods is 
a topic for our future work, especially to serve as a scientific 
tool to understand functional connectivity within spikes and 
fields.

Prior studies have shown that modeling the effect of spike 
history can lead to more accurate point process encoding 
models and thus improve the prediction of spike probabilities 
and events [10]. However, the effect of including spike history 
coefficients on decoding may not be as significant as shown 
in [10]. In this work, we build simpler models by assuming 
that given the current behavioral state, spikes are condition-
ally independent from their history. We made this assumption 
for multiple reasons. First, our focus here was on developing 
tractable real-time decoders and adaptive learning algorithms 
rather than on building the most accurate encoding models 
(for which history effects are important to consider [10]). Prior 
real-time point process spike BMIs [12, 39, 42] have achieved 
high performance in decoding motor behavior without mod-
eling the history dependence in spikes, demonstrating the use-
fulness of simpler models for decoding. Second, as mentioned 
above, encoding models in BMIs often need to be learned 
in real time and during closed-loop BMI control with the 

subject in the loop. Thus, for BMIs, it is important to have 
simpler models with fewer parameters that can be learned 
within a short amount of time such that there is less delay 
in the subject being able to use the BMI. Because additional 
neural parameters are needed for history-dependent encoding 
models, learning these parameters without overfitting in real 
time would require more data, which would translate to longer 
adaptation time and delay. Finally, some history-dependent 
encoding effects may be more important in scenarios when 
single-unit activity is recorded whereas current BMI systems 
often use multi-unit activities. Developing new data-efficient 
multiscale learning methods in future studies is important to 
enable investigating the effect of history coefficients on multi-
scale encoding and decoding.

The absolute performance of decoders depend on various 
factors including the mathematical models and assumptions—
such as conditional independence assumptions discussed 
above—, task complexity and recording quality. For example, 
our NHP task requires reaching targets in 3D space, which is 
relatively more complex than 2D center-out cursor movement 
tasks often used in NHP decoding works (e.g. [12, 15, 19, 21, 
42, 63]). Since our goal here is to validate the MSF mathemat-
ical framework, we compared it to the optimal single-scale 
decoders including the PPF for spikes [8–10, 12, 42, 51] and 
the KF for fields [15, 17, 21, 40, 56] using the exact same task 
and data in NHPs. This provided a fair relative performance 
comparison to show that the MSF improves performance over 
single-scale spike and field decoding.

Taken together, we developed a multiscale computational 
framework consisting of multiscale encoding models, adap-
tive learning algorithms, and decoders for simultaneous spike-
field activity that takes into account the different statistical 
characteristics and time-scales of these signals. We showed 
that, regardless of the number of spike or field channels or the 
degree of overlap between these channels, the MSF could run 
at the fast time-scale of spikes while combining information 
from spikes and fields. This multiscale computational frame-
work has significant implications as a tool for studying neural 
representations across various spatiotemporal scales and for 
developing future neurotechnologies such as motor BMIs.
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