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Neural stimulation can be used as a tool to elicit natural sensations or behaviors by
modulating neural activity. This can be potentially used to mitigate the damage of
brain lesions or neural disorders. However, in order to obtain the optimal stimulation
sequences, it is necessary to develop neural control methods, for example by
constructing an inverse model of the target system. For real brains, this can be
very challenging, and often unfeasible, as it requires repeatedly stimulating the neural
system to obtain enough probing data, and depends on an unwarranted assumption of
stationarity. By contrast, detailed brain simulations may provide an alternative testbed for
understanding the interactions between ongoing neural activity and external stimulation.
Unlike real brains, the artificial system can be probed extensively and precisely, and
detailed output information is readily available. Here we employed a spiking network
model of sensorimotor cortex trained to drive a realistic virtual musculoskeletal arm
to reach a target. The network was then perturbed, in order to simulate a lesion,
by either silencing neurons or removing synaptic connections. All lesions led to
significant behvaioral impairments during the reaching task. The remaining cells were
then systematically probed with a set of single and multiple-cell stimulations, and results
were used to build an inverse model of the neural system. The inverse model was
constructed using a kernel adaptive filtering method, and was used to predict the neural
stimulation pattern required to recover the pre-lesion neural activity. Applying the derived
neurostimulation to the lesioned network improved the reaching behavior performance.
This work proposes a novel neurocontrol method, and provides theoretical groundwork
on the use biomimetic brain models to develop and evaluate neurocontrollers that restore
the function of damaged brain regions and the corresponding motor behaviors.

Keywords: neurostimulation, spiking network model, biomimetic, kernel adaptive filtering, inverse model,
musculoskeletal arm, virtual arm, neuroprosthetics
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coincidence detector where the coincidence window is defined
adaptively according to the local firing rate. The third metric
was the correlation coeflicient between the peri-event stimulus
histograms (PETHs). To avoid biases due to initial phase, we
averaged the result across N — 1 histograms with increasing
starting times (1ms steps), where N is the PETH bin size (20 ms).
In terms of behavioral metrics we employed the final distance to
target at the end of the reaching trial, and the mean point-wise
distance along the trajectory.

By analysing 800 random perturbations of the original
trajectories, equally distributed among the 2 targets and 4
perturbation types, we found a a relatively strong and significant
correlation (|R| = 0.41, N = 800, p < 0.001) between the spike
train and behavioral metrics (Figure 8). The strongest correlation
was found between the distance to original spike train (SPIKE-
distance) and behavioral metrics (R = 0.57). These relations
provide a useful reference system to evaluate the results of the
repair neurostimulations. At the same time they highlight one

neurostimulation results. p < 0.001 for all correlations.

FIGURE 8 | Scatter plot between different spike-train distance metrics (between original and perturbed) and behavioral performance. Data is shown for
100 random perturbations for each of the 2 targets x 2 types (cell vs synapse) x 2 intensities (5% and 10%) (N = 800). Final distance to target and mean distance to
original trajectory were positively correlated with distance to original spike-train (SPIKE-distance metric), and negatively correlated with the level of synchrony with
respect to the original spike-train (SPIKE-sync metric) and the correlation with the original PETH. These relations can be used as a reference to evaluate the
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of the challenges of this approach: the system includes multiple
stages of complex nonlinear dynamics, ranging from the single
cell to the virtual arm model. As a consequence, similarity to
original spike train is not sufficient to guarantee recovery of the
original arm trajectory.

Repaired spike patterns were overall closer to the original
ones than the lesioned patterns (Figure9). All except one
(7/8) conditions exhibited a decrease in spike train dissimilarity
(SPIKE-dist, mean decrease = 0.017) after neurostimulation.
Neurostimulation also increased spike train synchronization with
respect to the original pattern (SPIKE-sync, mean increase
0.072) in all conditions. The correlation between the original
and repaired population PETH (20 ms bins) was higher than
between the original and perturbed PETH for 7/8 conditions
(mean increase = 0.133). Repair of the bottom target 10%
cell lesion resulted in an improvement of the synchronization
measure, but a decline in the spike distance and PETH correlation
measures. This evidences the difficulty and ambiguity that arise
when comparing firing patterns, and underlines the need to
identify what features of the spike trains are more relevant to the
task, as well as to complement the system evaluation with direct
behavioral metrics.

To quantify how the timescale of the analysis affected
the neurocontroller results, we evaluated the effect of PETH
bin size on the population PETH correlation increase after
neurostimulation (Figure 10). This can potentially provide
insights into what timescales are more relevant for restoration.
Our results indicate different trends depending on the lesion
and target. Five of the conditions exhibit higher restoration for
smaller bin sizes (<20 ms) which suggests that spike synchrony
played a dominant role. This contrasts with the remaining three
conditions where the top restoration performance was obtained
for larger bin sizes (~30-50 ms), suggesting firing rates were the
predominant factor.

After applying the repair neurostimulation to the lesioned
network, the resulting motor activity yielded virtual arm
reaching trajectories that more closely resembled the original
trajectory (Figure 11). Both final distance to target at the
end of the reaching trial, and the mean point-wise distance
along the trajectory, were reduced after neurostimulation repair
(Figure 12). The trajectories restored in the 5% lesion conditions
were closer to the original than those restored in the 10% lesions
conditions. Overall, mean distance to target was reduced from
5.47 to 2.51 cm after repair. Mean point-wise distance between
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FIGURE 9 | Spike train dissimilarity (SPIKE-dist), spike train level of synchrony (SPIKE-sync) and population PETH correlation between original and
lesioned/repaired networks. Data shown for two different targets and four lesion types. Neurostimulation reduced spiking pattern dissimilarity and increased
synchrony between the lesioned and original networks for 7/8 conditions; and increased PETH correlation for 6/8 conditions.
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FIGURE 10 | Effect of PETH bin size on PETH correlation between
original and repaired vs. lesioned. Data shown for two different targets and
four lesion types. The effect was dependent on type of lesion and target.
Higher restoration for smaller bin sizes (< 20 ms) suggests spike synchrony
may play a dominant role, whereas for larger sizes (~ 30-50 ms) suggests
firing rate is the predominant factor. PETHs were calculated using firing rate to
enable comparison of different bin sizes.

trajectories was reduced from 2.43 to 1.61 cm. The same dataset
was used to calculate the arm trajectories (Figure 11), behavioral
metrics (Figure 12), and spike train metrics (Figure9). This
provides a direct link between neural activity and reaching
behavior, thus facilitating the interpretation of the results.

4. DISCUSSION

We implemented a neurocontroller using kernel adaptive
filtering techniques on spike trains, which produced
neurostimulation patterns that restored neural and functional
responses in a lesioned biomimetic spiking network model.
Neurostimulation partly restored the behavioral performance
of a realistic virtual musculoskeletal arm which was driven by
the network, allowing it to reach close to the original trained
targets through trajectories similar to those produced before
lesioning. The neurocontroller was able to compensate for 2
different types of lesions: a cell death and synaptic loss model.
Neurodegenerative and ischemic (stroke) disease (Lytton et al.,
1999) may be a cause of cell death. Certain neurodegenerative
disease, such as Alzheimer’s (Palop and Mucke, 2010; Rowan
et al, 2014), as well as traumatic brain injury (Gupta and
Przekwas, 2013), have been shown to cause both cell death and

synaptic loss. This work also serves as a proof of concept to
underline the potential benefits of neural simulations to evaluate
neurocontrollers. These include the ability to reproducibly
generate the required probing datasets, and detailed access to all
effects of neurostimulation on the system, ranging from cells and
synapses to virtual arm muscle electromyogram (EMG) or arm
position. As discussed in the next subsection, further work is
needed to increase the similarity between model and real brains
and pave the way toward clinical applications.

One interesting commonality of the neurocontrol solutions
for different directions of reach and types of damage was
the synchrony with respect to the original spiking oscillations.
Coordinated oscillations within and across brain areas are a
dramatic feature of brain activity noted in electrocorticography
(ECoG), which must be reconciled with the feedforward nature
of many tasks. Coordination of firing may well play an
important role in feedforward systems as coordinated activation
across multiple convergent units would provide strong drive
by spatial summation. This provides an important complement
to the efficacy of temporal convergence from repetitive firing
of presumed labeled-line rate-coding units. Spike timing plays
an important role in motor control, as evidenced by studies
demonstrating precise spike synchronization is involved in
the preparation and execution of movement (Riehle et al,
1997; Grammont and Riehle, 1999; Rubino et al., 2006). Our
bin time analysis indicated that, for some conditions, shorter
time scales resulted in higher PETH correlation, supporting
the importance of precise spike timing. However, for other
conditions, longer time scales resulted in higher correlations,
suggesting firing rate played a predominant role in neural coding.
These longer time bins were also consistent with the sliding
window duration (50 ms) used to compute the motor output
commands from the EM population. Elucidating the exact role
that the different time scales play will require further data and
analysis.

Overall, we found the 10% lesions more difficult to fully
restore than the 5% ones. Presumably, given the highly
recurrent network connectivity, it was harder to find unaffected
polysynaptic pathways to reproduce original activity in the more
severe condition. This could be further explored from a directed
graph-theoretic perspective by looking at numbers and types of
remaining motifs in the context of removing nodes and edges.
We also note that a physiological system would have continued
synaptic plasticity so that the brain would be learning at the same
time as the neurocontroller is learning, a phenomenon known as
co-adaptation. This effect could be incorporated into our model
by continuing the learning mechanisms in the network model
during the period of neurostimulation (Song et al., 2013; Rowan
et al., 2014), thereby providing some of the long-term neural
plasticity induced by neurostimulation. Studies have shown
motor cortex plasticity aids in motor function recovery after
injury (Kleim et al., 2003; Jackson et al., 2006; Ramanathan et al.,
2006), and the development of neurocontrollers will allow more
precise deployment of plasticity-inducing stimulation therefore
leveraging its rehabilitative effects.

Employing a biomimetic neuronal network to control a
biomimetic virtual arm provides a matching of (relatively slow)
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FIGURE 11 | Virtual arm trajectories after simulated lesion and repair neurostimulation. Original arm trajectories (black), were perturbed due to a network
lesion leading to decreased reaching performance (red). Neurostimulation partly repaired the network and restored the target reaching performance (green). Results
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dynamics that differs greatly from control of a simpler kinematic
2-link arm or a mechanical robotic arm (Dura-Bernal et al,
2015b). This matching of biological verisimilitude also offers the
opportunity to understand control in terms of specific muscle
contractions that can be compared to clinical cases, as the
effectors in the model provide muscle activation rather than
control of joint angle. Similarly, the sensory afferents measure
muscle length and therefore correspond to the muscle spindle
proprioceptors embedded in muscle.

As expected, there are many potential network solutions that
can be drawn upon to produce a particular arm trajectory—
this is an extremely high dimensional neural system being
applied to a lower dimensional virtual arm. In the context
of neural Darwinism (Edelman, 1987), our neurocontroller is
able to choose, from among these multiple adapted (fit) neural
subsystems, ones that are also able to solve the problem in the
absence of the original full system. In neural Darwinism, this
concept is referred to as neural degeneracy. The same concept
also arises in consideration of echo state networks. From this
perspective, pieces of these potential systems are selected during
the initial probing phase of development of the inverse controller

and a full dynamics is then drawn from the population of these
dynamical fragments. Further study might enable us to map the
fragments that were used in the solution in order to generate an
explicit subspace of primitives both at neural firing and muscle
synergy levels.

4.1. Limitations and Challenged Ahead

Our study provides groundwork for the novel application
of kernel adaptive filtering methods to neural control, and
evaluation of this approach via biomimetic brain models.
Our model includes a number of biologically-realistic features,
including intrinsic spiking properties for different cell types,
cortex-based connectivity or neural oscillations. This level of
detail is higher than that of many neural models, such as
recurrent neural networks (RNNs), which have been shown to
be useful to investigate neural circuit mechanisms underlying
cognitive function (Mante et al, 2013; Sussillo et al, 2015).
However, translation of this work to clinical applications will
requires advancing many aspects. The realism and level of detail
of the brain and neurostimulation models need to escalate
drastically. The neurocontroller needs to be adapted to robustly
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exploit the dynamic, incomplete and complex data recorded
from the brain. Progress in neural recording and stimulation
technologies will also be critical to gradually move toward the
clinical domains.

Our cortical model differs from the real brain in many ways,
which should be considered when interpreting the results. Our
model assumes a controlled scenario with full reproducibility of
motor outputs and responses to neurostimulation. This strongly
contrasts with the high variability and limited reproducibility in
real brains. Our simulation captures several hundred neurons
in a single cortical area. In reality, sensorimotor tasks likely
involve millions of neurons from many regions (thalamus,
basal ganglia, cerebellum, sensorimotor cortices, ...) firing in
coordinated patterns across and within areas (Douglas and
Martin, 2012). The few cell types that we model as point neurons
are only a minuscule fraction of the hundreds of cell categories
that have been identified (Harris and Shepherd, 2015), each
with distinct physiological properties and intricate dendritic
and axonal morphologies. Our population-based connectivity
matrices are far from capturing brain connectivity, which ranges
from the subcellular patterns of synapses along dendrites, to

laminar microcircuitry, to long range inter-areal connections.
The recent full 3D reconstruction of a microscopic volume
of cortical tissue evidenced its extraordinary complexity: 193
dendrites, 1407 axons and 1700 synapses were identified in a
40 x 40 x 50 micrometer volume (approximate size of a single
cell body) (Kasthuri et al., 2015). These circuits provide the
neural substrate for a myriad of neural coding and computation
principles. Understanding and including them in our models is
key to bridging the gap between neural activity and perception,
cognition or behavior. Linking to behavior also requires more
accurate models of the periphery systems, including the spinal
cord (Alstermark and Isa, 2012) and motor plant (Loeb and
Tsianos, 2015).

Large scale international efforts such as the Human Brain
Project or the BRAIN initiative have fueled progress in
computational neuroscience. As a result, brain models can
incorporate and mimic anatomical and physiological data with
an unprecedented level of detail. The model by Potjans and
Diesmann (2014) with 80,000 point neurons and 0.3 billion
synapses integrated a large body of cell type and connectivity
data and reproduced many dynamical properties of cortical
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microcircuits. More recently, cellular and synaptic organization
principles derived from experimental data were used to build
what has been labeled as “the most complete simulation of a
piece of excitable brain matter to date” (Koch and Buice, 2015;
Markram et al., 2015). Cell models were classified into 207 types
with distinct electro-physiological and full 3D morphological
reconstructions, derived from recording and labeling over 14,000
neurons. The full simulation, which consisted of 31,120 neurons
and 37 million synapses occupying approximately the size of a
cortical column, enabled studying dynamic interactions across
the molecular, cellular and circuit levels. These models, however,
still lack direct links to behavior, as well as learning mechanisms,
such as STDP or reinforcement learning.

We are similarly working on extending our cortical spiking
model to include over 10,000 cells, 0.5 million synapses, 6 cortical
layers, spinal cord circuits, and input from premotor cortex
which mediates target selection (Chadderdon et al., 2014; Dura-
Bernal et al, 2015a). In collaboration with experimentalists,
we are also fully characterizing the 3D morphology and
electrophysiology of the two main types of pyramidal cells in
motor cortex (corticostriatal and corticospinal) (Suter et al.,
2013; Neymotin et al., 2015). These will be embedded in the
network simulations in order to study the multiscale dynamics
linking molecular and cellular processes (McDougal et al., 2013)
to the circuit and information processing level (Lytton et al.,
2014; Marcus et al., 2014). Applying the neurocontrol approach
developed in this paper to the increasingly detailed brain models
would be an interesting step toward building practical clinical
applications.

At the same time, we need to develop more realistic models of
the effects of neurostimulation, which in our model is limited to
increasing external inputs to the cells. This can be achieved for
example by adding the optogenetic channelrhodopsin channel
to the cell model (Ching and Ritt, 2013; Kerr et al., 2014), or
by characterizing the recruitment of neurons during intracortical
extracellular microstimulation (Overstreet et al., 2013; Hartmann
et al., 2015). It is also important to comprehensively model the
collateral effects of electric field stimulation, since studies have
found that fibers of passage get preferentially excited (McIntyre
et al., 2004), potentially leading to undesired effects.

Future improvements to the proposed neurocontroller will
focus on its ability to generalize and employ different types of
probing data. The inverse mapping assumes that the solution
is spanned by the basis formed by the probing patterns. As we
increase the complexity of the model and the severity of the
lesions to repair, solutions interpolated from a limited number
of probes may not effectively address the richness of the circuit
dynamics. A possible extension would be to implement multiple
iterations, such that the spiking network output after stimulation
is fed back as input probing data to the neurocontroller. Another
option that could improve performance is to include probing
data with a larger spectrum of outcomes, as well as with different
timescales. Local field potentials (LFPs) or ECoG signals are
interesting candidates, and are closer to the type of probing
data that could be obtained from real brains. Similarly, the

mapping could be made directly between stimulation and motor
responses, such as arm kinematics or muscle activations, leading
to solutions with optimal behavior performance but potentially
different neural patterns. Although this is an interesting option,
an advantage of directly targeting brain signals is that it could
potentially be applied in scenarios (e.g., sensory or cognitive
dysfunctions) where the target behaviors cannot be clearly
specified or are not available.

The neurocontroller described here requires applying very
precise spatiotemporal stimulation, at the single-cell and
millisecond resolution. Recent studies (Warden et al., 2014)
demonstrate this is already possible with optogenetic stimulation,
which was, for example, used to activate single place-cells
in hippocampus (Rickgauer et al, 2014). High-resolution
stimulation was also able to bring retinal prosthetic capabilities
closer to normal vision, by optogenetically stimulating 9800
ganglion cells (Nirenberg and Pandarinath, 2012). Further
advancements will enable more selective cell targeting and larger
number of simultaneous stimulated cells (Suter et al., 2014).

The latest developments in brain-machine interfaces
(Miranda et al., 2015) aim to build the next generation of
implantable closed-loop neuroprosthetics, with applications
including memory restoration (Hiscott, 2014) or treatment
of neuropsychological disorders (Nelson and Tepe, 2014).
Combining neuroprosthetics with biomimetic brain models
has the potential to leverage the system’s performance: the
simulated circuits can interact directly with the biological
brain circuits (Tessadori et al., 2012; Lee et al,, 2014) and
complement neurocontrol methods with biological mechanisms
of co-adaptation and learning to achieve the target functional
task (Sanchez et al., 2012; Kocaturk et al., 2015).

Spinal cord stimulation mediated by neurocontrol methods
has successfully been employed for motor function restoration
(Nishimura et al, 2013; Grahn et al., 2014). Intracortical
stimulation to motor cortices has largely been limited to
probing and understanding the elicited responses. However,
an accumulating body of evidence (Jackson et al., 2006; Arle
and Shils, 2008; Jefferson et al., 2015) suggests it could
have far-reaching neurorestorative applications if coupled with
appropriate neurocontrol methods. Biomimetic brain models
may provide a useful tool to develop, evaluate and implement
these neurocontrollers.
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