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Cognitive neural prosthesis is a manmade device which can be used to restore or compensate for lost
human cognitive modalities. The generalized Laguerre-Volterra (GLV) network serves as a robust
mathematical underpinning for the development of such prosthetic instrument. In this paper, a hard-
ware implementation scheme of Gauss error function for the GLV network targeting reconfigurable
platforms is reported. Numerical approximations are formulated which transform the computation of
nonelementary function into combinational operations of elementary functions, and memory-intensive
look-up table (LUT) based approaches can therefore be circumvented. The computational precision
can be made adjustable with the utilization of an error compensation scheme, which is proposed
based on the experimental observation of the mathematical characteristics of the error trajectory. The
precision can be further customizable by exploiting the run-time characteristics of the reconfigurable
system. Compared to the polynomial expansion based implementation scheme, the utilization of slice
LUTs, occupied slices, and DSP48E1s on a Xilinx XC6VLX240T field-programmable gate array has
decreased by 94.2%, 94.1%, and 90.0%, respectively. While compared to the look-up table based
scheme, 1.0 × 1017 bits of storage can be spared under the maximum allowable error of 1.0 × 10−3.
The proposed implementation scheme can be employed in the study of large-scale neural ensemble
activity and in the design and development of neural prosthetic device. Published by AIP Publishing.
[http://dx.doi.org/10.1063/1.4980058]

I. INTRODUCTION

Cognitive neural prosthesis is a manmade device that can
be applied to the rehabilitation of human cognitive functions,
such as learning and memory.1 In the past decade, we have been
endeavoring to the architectural design and development of
such a biomedical instrument utilizing multiply computational
platforms, such as a field-programmable gate array (FPGA),2,3

application-specific instruction set processor (ASIP),4 and
application-specific integrated circuit (ASIC). The generalized
Laguerre-Volterra (GLV) network, which has been proposed
to study the highly nonlinear and dynamic neural process of
mammalian brain, serves as a robust mathematical underpin-
ning of our designed silicon architectures.5–7 The dominant
advantage of this network lies in its success in balancing
the dual requirements of biological fidelity and computational
feasibility in modeling of neural ensemble activities.8

Historically, there are two main categories of networks/
modeling approaches established to fulfill this task. The con-
ductance based multi-compartment models (e.g., the Hodgkin-
Huxley model9 and its many variants) offer greater ver-
satility but exhibit rapidly growing complexity when the
neuronal units involved increase, making them impractical
in large-scale neural ensemble modeling.10–15 On the other
hand, perceptron-type or Hopfield-type artificial neural net-
works (ANNs) employ continuous variables representing fir-
ing rates.16–19 Albeit theoretically sound, the dynamics of

actual “spike-based” neural systems are poorly modeled by
these types of ANNs.

Distinct from the above, the generalized Laguerre-
Volterra network takes a different approach which has been
the focus of our recent research.20 It adopts the Volterra ker-
nels21 to capture the influences of input neural spikes and
neural spiking history to a particular output spike.5,6 The basic
structure of the GLV network is shown as in Fig. 1. In the
figure, K and H are the feedforward and feedback Volterra ker-
nels, respectively. Membrane potential u and spike-triggered
after-potential a can be calculated using Volterra series
expansion, as

u(t) = k0 +
N∑

n=1

M∑
τ=0

k(n)
1 (τ)xn(t − τ)

+
N∑

n=1

M∑
τ1=0

M∑
τ2=0

k(n)
2s (τ1, τ2)xn(t − τ1)xn(t−τ2) + · · ·

(1)

and

a(t)=
M∑
τ=0

h(τ)y(t − τ). (2)

In (1) and (2), k0, k1, and k2s are the zeroth, first, and sec-
ond order feedforward kernels, respectively. h is the first order
feedback kernel. N is the number of model inputs, M is the sys-
tem memory length, τ is the discrete timing unit. The detailed
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FIG. 1. Structure of a multi-input, single output (MISO)
generalized Laguerre-Volterra model.

biological and philological interpretations of model variables
can be found in the papers by Song et al.5 and Li et al.3

The expansion of Volterra kernels with Laguerre basis
functions22 transforms (1) and (2) into multinomial power
series.23 The network is named generalized Laguerre-Volterra
network based on the above facts.

Since the injected system noise is assumed to be Gaussian,
the neuronal firing probability P can be calculated utilizing the
Gauss error function (GEF), as

P(t)= 0.5 − 0.5 erf

(
θ − u(t) − a(t)
√

2σ

)
. (3)

In the network, the neuronal potentials u and a are inte-
grated with an additive Gaussian white noise, before passing
their summation to the Gaussian error function module, as
shown in Fig. 1.

And in (3), the GEF is defined as

erf(x)=
2
√
π

∫ x

0
e−t2

dt. (4)

Geometrically, it is a nonelementary function of sigmoid
shape, as shown in Fig. 2. It is a continuous differentiable
function with no singularities and always-convergent Taylor
expansion, as

erf(x)=
2
√
π

∞∑
0

(−1)nx2n+1

n!(2n + 1)
. (5)

The GEF module is a critical and indispensable part in
the silicon architecture of the GLV network and can consti-
tute a bottleneck in the whole computing flow considering its
nonelementary nature in arithmetics.

Solving (5) leads to a straightforward implementation
of the GEF. However, the computational cost is formidable,
especially under the premise that high precision is demanded.
System designs of exceeding complexity will make the final
prosthetic instrument very challenging to be practically clin-
ically viable, considering the area and power overhead they
would incur. An efficient and accurate approximation of GEF
based on a hardware platform is vital for the GLV network.
Yet there is a scarcity of literature tackling this outstanding
issue.

On the other hand, Lookup Table (LUT) based approa-
ches, such as uniform LUT and LUT with linear interpola-
tion, are widely adopted in digital implementations of transfer
functions of ANNs.24 However, such an implementation often-
times claims a considerable amount of storage elements of
silicon devices. As it is well known that memory is a precious
resource in digital ANN architectures owing to the fact that
the large amount of neural interconnection weights demand
immense and simultaneous storage25 (see Sec. VI A for more
details). In this paper, we report an efficacious and memory-
efficient method for the Gauss error function implementation
based on a field-programmable gate array. We employ the
primitive and built-in resources of typical FPGA devices, such

FIG. 2. The functional graphs of Gauss error function
(GEF) (the blue curve) and the error trajectory of εe(x)
(the green curve).
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as slices and DSP48Es as the fundamental building blocks.
An error compensation scheme is in the meantime proposed
for adaptive precision adjustment, in line with the maximum
allowable error (MAE) specified in a particular application.
Fixed-point arithmetic is adopted in the whole design process,
and therefore bit length can be selected according to differ-
ent precision requirements. This further saves chip resources
compared to floating point implementations of neural acti-
vation function,26 which is significant to a well-functioning
prosthetic instrument.

II. NONELEMENTARY FUNCTION CONVERSION

The proposed implementation scheme of GEF starts with
a mathematical approximation of the integral of normal dis-
tribution. The probability integral was first put forward by
Williams in 1946.27 We observe that

1
√

2π

∫ x

−x
e−

1
2 t2

dt '

√
1 − e−

2
π x2

(x ≥ 0). (6)

Using variable substitution k =
√

2t and parity transformation,
it can be deducted that

2
√
π

∫ x

0
e−k2

dk '

√
1 − e−

4
π x2

(x ≥ 0). (7)

The transformation shown in (7) is of good significance.
This is owing to the facts that (1) the non-elementary func-
tion is represented by a series of elementary functions, which
are more friendly for digital implementation; (2) the trans-
formation serves as the basis of the further proposed error
compensation scheme.

Considering that the GEF is an odd function, only the
domain {X : x ≥ 0} is considered in (7). For its digital imple-
mentation, the computation result can be readily adjusted by
flipping its msb (the sign bit) whenever a negative input has
been detected.

Meanwhile, the functional graph of GEF is divided into
two regions, i.e., Processing Region (PR) and Saturation
Region (SR). Let ε represent the maximum allowable error
(MAE). The boundary line (x = ri) of the two regions can be

determined by

ri =min{X : 1 −

√
1 − e−

4
π x2
≤ ε }. (8)

III. ERROR COMPENSATION

The estimation error employing Equation (7) can be
determined by

εe(x)=

√
1 − e−

4
π x2
− erf(x). (9)

By observing the error trajectory εe(x), it is identified that
εe(x) ≤ 0.0063.

Let α =max
(
εe(x) : x ∈ (0,∞)

)
. Provided that ε ≥ α, the

error compensation can be spared and the baseline circuit (for
computation of rhs of (7)) can be readily employed to generate
the final result. If ε < α, the estimation error should be further
reduced by adding a numerical estimate of εe(x) itself back to
the result generated by the baseline circuit, thereby enhancing
the overall computational precision.

There are two interesting observations of the functional
graph of εe(x), i.e., the error trajectory, as shown in Fig. 3.
First, the graph generally shows a good symmetry centric to
point S(0.4131, 0.0010) (0 ≤ x ≤ ri). Second, the graph exhibits
a good linearity in a large portion of its trajectory, making it
applicable to polynomial fitting. Meanwhile, compared to the
direct polynomial fitting of the original function, the degree of
polynomial or the number of segments is greatly reduced.

To further exemplify, let ε = 1.0 × 10−3. Four steps are
conducted consecutively to quantify the numerical estimate
of εe. The procedure is much alike while ε takes different
values.

(S1) Computing the domain Dx of argument x leading to
εe > 1.0 × 10−3, i.e., Dx = (0.4131, 2.1417).

(S2) Locating the center of the trajectory of εe, i.e.,
S(1.1695, 0.0063).

(S3) Conducting polynomial fitting across the range
(0.4131, 1.1695), as shown in Fig. 3 (the curve in red).
The trajectory of the estimation error of εe (absolute
values) is shown in the same figure (the curve in green).

FIG. 3. Polynomial fitting for the error trajectory. In the
figure, the blue curve is the error trajectory (A0 ≤ x ≤ A1);
the red curve is its first order fit function; the green curve
shows the fitting error, i.e., the difference between the
error trajectory and the fit function. A0 and A1, respec-
tively, are the starting and ending locations of processing
region. In the figure, MAE = 1.0 × 10−3: A0 = 0.4131,
A1 = 1.1695.
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(S4) Processing the range Dx = (1.1695, 2.1417) utilizing its
mathematical characteristics. Based on the aforemen-
tioned observations of the characteristics of the error
trajectory, polynomial fitting (of the same degree) can
be utilized for the efficacious approximation of εe(x).
The fitting coefficients are kept the same despite a
change made to the sign of the gradient value.

IV. SELECTION OF WORD LENGTH

The silicon implementation of the proposed scheme can
be achieved using a fixed-point format in data representation.
The optimal word lengths of input and output depend on the
maximum allowable error ε .

Define that the number of input bits as N i + N f with data
format

(Di−1 Di−2 . . . D0 . D−1 D−2 . . . D−f ). (10)

The number of integer bits can be determined by the width of
the processing region using 2Ni ≥ ri, thus

Ni ≥ d
ln ri

ln 2
e. (11)

Meanwhile, considering the fact that the smallest incre-
mental change of the fractional part 2−Nf should produce a
change in the output that is not exceeding ε ,

d
dx

erf(x) · 2−Nf ≤
d
dx

erf(0) · 2−Nf =
2
√
π
· 2−Nf ≤ ε , (12)

thus

Nf ≥ d1 −
ln π

2 ln 2
+
| ln ε |
ln 2

e. (13)

Define that the number of input bits as No with data format
(. D−1D−2 . . . Do). The maximum quantization error should
be controlled at no more than ε , thus

No ≥ d
| ln ε |
ln 2

e. (14)

The selection schemes of bit-widths with different MAEs
are shown in Table I.

TABLE I. Selection of bit-widths and determination of range of Processing
Region (PR) based on the MAE.

MAE (ε ) Range of PR N i N f No

1.0 × 10−1 1.1633 1 4 4
1.0 × 10−2 1.8227 1 7 7
1.0 × 10−3 2.3268 2 11 10
1.0 × 10−4 2.7511 2 14 14

V. RECONFIGURABLE HARDWARE ARCHITECTURE

The rhs expression of (7) can be readily computed. In
this work, System Generator for DSP by Xilinx is utilized for
digital implementation of this baseline circuit, as shown in
Fig. 4.

In Fig. 4, the circuit modules in yellow represent the
data input and output channels, and the circuit modules in
blue represent the basic arithmetic units. Unit Mult is utilized
to calculate the exponent of e (the base of the natural loga-
rithm) in Eq. (7). Once the result of the exponential function in
Eq. (7) has been acquired, it is subtracted by constant num-
ber 1, as shown in unit AddSub of Fig. 4. Subsequently, the
output from unit AddSub is passed to unit SquareRoot, where
the square root value of 1− e−

4
π x2

in Eq. (7) is calculated. The
final calculation result can be displayed in the Scope module
in Fig. 4. For the sake of memory efficiency, DSP48E blocks
are chosen instead of BMG in FPGA. Embedded multipliers
are utilized and NonBlocking is selected in Flow Control.

The circuit architecture for error compensation is shown
in Fig. 5. The estimation error after the fixed-point quantization
is shown in Fig. 6.

Fig. 5 plots the circuit configuration which is mainly uti-
lized to calculate the quantity for error compensation, i.e., εe(x)
in Eq. (9). In Fig. 5, unit baseline circuit records the value
which has been calculated by Eq. (7). Data input x is firstly
compared to a constant value C4, i.e., ri in Eq. (8). If x is
beyond the range of [0, ri), constant value 1 (C5 in Fig. 5)
should be the final output, which suggests that the error func-
tion is in saturation region. If x falls in the range of [0, ri),

FIG. 4. Architecture of the baseline circuit.
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FIG. 5. Reconfigurable architecture with error compensation circuit (ε
= 0.001). In the figure, COMP1-4 are the data comparison blocks. C1-6 are
the constants. COMP1 functions to determine the regional location (PR/SR)
of the input in the functional graph of GEF; COMP2 functions to compare the
MAE with maximum error generated by the baseline circuit; COMP3 func-
tions to determine the regional location (lhs/rhs of the centric point S in error
trajectory) of the input. C1-C6 store the maximum error of the baseline circuit,
gradient of the fit line, intercept of the fit line, value of ri, 1, and abscissa of
S, respectively.

the final result should be dependent on the MAE ε and be
determined by the remaining circuitry in Fig. 5.

Quantity ε is firstly compared to the maximum value of
εe(x) in Eq. (9) utilizing unit COMP2. If ε ≥ εe(x)max, the cal-
culation result from the unit baseline circuit should be the final
output; otherwise, it will be further added (utilizing the adder
in the upper position of Fig. 5) with a compensational quantity,
which itself is calculated by the adder in the lower position of
Fig. 5. This compensational quantity is generated by the fit
function for rhs of Eq. (9) and is implemented collectively by
the multiplier, the adder (in lower position of Fig. 5), unit MSB
Flip and unit COMP3. In the figure, C2 and C3 store the gradi-
ent and intercept of the fit function respectively. Unit COMP3
functions to determine the relative position of x to the abscissa
of S. The output of the circuitry is f (x), which corresponds to
the sum of rhs of Eq. (7) and the fit function for rhs of Eq. (9).

The estimation error can be reduced to an even lower
degree by more precise piecewise segmentations following
the same methodology. This can be done by employing the
reconfigurable platform and particularly the partial dynamic

reconfiguration (PDR) technology can be potentially adopted
to adjust the computational precision at runtime. In these cir-
cumstances, the FPGA can be initially programmed with the
baseline bitstream, while the circuit block for error compensa-
tion can be added/dropped dynamically using PDR, according
to the real-time MAE and the subject the implementation
targets. With a small overhead in runtime in design reconfig-
uration, the PDR technology saves the resource (by design
module substitution) and overall time and the energy con-
sumed by FPGA configurations, which serves as a good point
for our further research.

It is worth mentioning that our work is the first one that
targets the silicon implementation of Gauss error function
formally in the literature. For the purpose of comparison,
we incorporate the new GEF module into the generalized
Laguerre-Volterra framework and substitute the one which has
been built based on a polynomial expansion technique. We
synthesize the overall design and run Place & Route of the
gate array. The implementation results are shown on Table II.
The computational precision is defined on the level of ×10−4

which can well satisfy the requirement of the GLV network
in numerical accuracy. As aforementioned, to obtain even
higher level of precision (while this should practically have
significantly lower chance to be utilized), the same computa-
tional methodology can be adopted with the aid of PDR of the
field-programmable gate array.

Moreover, while compared to the LUT-based implemen-
tation schemes, the advantage of the proposed scheme is more
straightforward and dominant. From Table I, it is observed
that when ε = 1.0× 10−3, in total 13 bits should be assigned to
the input variable to cover the range of Dx. The depth of the
BRAM to be utilized can be easily calculated as 213. Con-
sidering that the No = 10, the closet value of Read Width
parameter that can be set on the Virtex-6 XC6VLX240T FPGA
device is 16. Therefore, the total storage to be consumed by
the implementation is

16 × 213 = 1.0 × 217 bits. (15)

For memory-hungry neural network architectures, this large
amount of memory space can be spared by the proposed
scheme. And obviously, instead, they can be well assigned

FIG. 6. The error trajectory after fixed-point
quantization.
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TABLE II. Comparison of resource utilizations of different implementation
schemes in aspects of slice LUTs, occupied slices, embedded DSPs and block
RAMs of the filed-programmable gate array.a

Utilization
Resource Utilization (polynomial Total
type (proposed scheme) expansion/LUT) amount

Slice LUT 2214 (1%) 38,437 (25%) 150,720 (100%)
Occupied slices 668 (1%) 11,230 (29%) 37,680 (100%)
DSP48E1s 3 (1%) 30 (3%) 768 (100%)
BRAMs 0 (0%) 29 (7%) 416 (100%)

aDevice model: Virtex-6 XC6VLX240T FPGA by Xilinx Inc.; Speed Grade:
�1; Package: FFG1156.

to the storage of model coefficients, especially under the cir-
cumstances such as that high-order Volterra is to be utilized as
to be discussed in Sec. VI A.

VI. DISCUSSION
A. Significance of attaining a memory-efficient
architecture

Memory is a precious resource in silicon based imple-
mentations of neural networks.25 Therefore, the reduction of
memory resource utilization is a major task in design space
explorations. In the hardware architecture of a Laguerre-
Volterra network, memory consumption can be formidable,
particularly in the case where (i) more inputs and outputs
are connected (i.e., a large-scale network) and (ii) high order
kernels are utilized to enhance the network performance (i.e., a
highly nonlinear and dynamical network, especially for human
subject). Memory (such as slices/BRAMs in a FPGA based
platform or SRAMs in a ASIC device) can be consumed in
diverse processes during computation.

On the one hand, similar to a typical feedforward neu-
ral network architecture which employs a large portion of
system memory to store the neuronal connection weights, in
a Laguerre-Volterra network, memory needs to be allocated
to store the model coefficients, such as the Laguerre coeffi-
cients C (see (12) in our earlier paper3). The number of total
coefficients NC to be estimated in a multi-input, single-output
(MISO) Laguerre-Volterra network is

NC = 1 + NL + NL(L + 1)/2 + N(N − 1)L2/2 + L, (16)

where N is the number of model inputs and L is the order
of Laguerre basis functions being utilized. The five compo-
nents in (16) (i.e., 1; NL; NL(L+1)/2; N(N � 1)L2/2; L) are
contributed by zeroth order kernel, first order feedforward ker-
nel, second order self-kernel, second order cross-kernel, and
feedback kernel, respectively.6 It can be observed that mem-
ory resource utilization increases dramatically when N or L
becomes large. For the real-world engineering practice of GLV
network implementation, in which the probit link function is
a critical stage, attaining memory efficiency can be meant for
better chance of configuring a larger-scale network with richer
dynamics, which is of significance in the design of cognitive
prosthetic instrument targeting human subjects.

On the other hand, for the estimation of Laguerre coef-
ficients, different data filtering techniques can be utilized.4

A notable one we have recently developed based on recon-
figurable platforms is the stochastic state point process filter
(SSPPF).28 Compared to parallel techniques, such as steep-
est descent point process filter (SDPPF), it performs better in
terms of accuracy. In SSPPF, the coefficients are formulated
with linear evolution processes and Gaussian errors

Ck+1 =FkCk + ηk , (17)

where Fk is the system transition matrix, while ηk is a zero-
mean white-noise process with covariance matrix Qk .28

The time-varying Ck can be estimated at each discretized
point in time, and the recursive expression is based on its poste-
rior density, given past observations. The prior mean Ck |k�1 at
time tk and prior covariance Rk |k�1 are predicted, respectively,

Ck ‖k−1 =FkCk ‖k−1, (18)

Rk ‖k−1 =FkRk−1‖k−1FT
k + Qk . (19)

The posterior mean and variance are then updated by two
recursive equations, as

(Rk |k)−1 = (Rk |k−1)−1 +

[(
∂ log Pk

∂Ck

)T

[Pk∆tk]

(
∂ log Pk

∂Ck

)

−(∆Nk − Pk∆tk)
∂2 log Pk

∂Ck∂CT
k

]

Ck |k−1

,

(20)

Ck |k =Ck |k−1 + Rk |k

[ (
∂ log Pk

∂Ck

)T

(∆Nk − Pk∆tk)
]

Ck |k−1
, (21)

where P is the conditional intensity of system output, ∆tk
denotes individual time steps, and ∆Nk means the new output
information observed during the time interval (tk�1, tk].

It is important to observe that in (20) and (21), the size
of covariance matrices relates closely to the number of model
inputs N and order of basis functions L (as shown in Fig. 7).
The inverse operations of R in (20) generally claim a large
amount of system storage, which constitute another important
reason that the limited memory resource should be allocated

FIG. 7. Dimension of the covariance matrix with different N and L.
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other computational components in the overall architectural
design.

B. The implementation of the exponential function

In the implementation scheme of the GEF, the computa-
tion of exponential function is an indispensable part. In the
GLV network, it can be reused from the design component
for the calculation of partial derivation of firing probabil-
ity P to Laguerre coefficients C (as shown in (12) of an
earlier paper3), and therefore, is not constituting any extra
portion of memory consumption. On the other hand, being
contrast to GEF, silicon based implementation schemes of
exponential function are diverse and heavily investigated.29–31

The module can also be very efficiently generated by the
Xilinx CoreGen tool as an embedded IP. In the final stage
layout design of the generalized Laguerre-Volterra network
(64 inputs, 64 outputs, MIMO model, w/SMIC 0.18 µm pro-
cess, as shown in Fig. 8) based on the Application Specific
Integrated Circuit (ASIC) platform, the exponential func-
tion can be implemented utilizing the Synopsys DesignWare
Library Building Block IP which is tested very efficient.
More circuit parameters regarding the design is shown in
Table III. It is notable that in Fig. 8, the SRAM component con-
sumes a large area for storage of the parameters discussed in
Sec. VI A.

C. Gauss error function in a wider range of spiking
neuron models

It is of necessity to point out that the Gauss error function
has a wide range of applications in spiking neuron models,
which is not necessarily confined to the Laguerre-Volterra
network. A typical example is the escape model which has
been devised partially to tackle the most burning problems
in neuroscience—the noise. Variants of the linear escape-rate
model have been extensively utilized to describe the process of
spike generation in, e.g., auditory nerve fivers.32 The escape

FIG. 8. Layout of the overall architecture with SMIC 0.18 µm process.

TABLE III. Design parameters of the MISO GVL network based on ASIC
platform.

Design parameter Value

Cell count 232,480
I/O count 100
Area (mm2) 12.05
Power (mW) 6.618

rate33 which takes a sigmoid form relies on the Gauss error
function for calculation, as

f (u − θ)=
1

2∆

[
1 + erf

(
u − θ
√

2σ

)]
, (22)

where ∆ is a time constant.
Furthermore, as being mentioned, the Gauss error func-

tion is frequently adopted in modern adaptive neural network
models, which serve as the bases of a multitude of real-world
engineering systems.34,35 Therefore, the architecture proposed
herein has a good potential to be utilized in diverse engineering
practice.

VII. CONCLUSION

A hardware-oriented and memory-efficient computational
scheme for the Gauss error function is reported, which is
essential to the whole silicon architecture of the general-
ized Laguerre-Volterra neural network for the cognitive neu-
roprosthetic instrument. This scheme has the virtue of (1)
memory efficiency by the transformation of nonelementary
function to a group of hardware-friendly elementary functions
and the utilization of basic logic elements of the reconfig-
urable platform; (2) computational flexibility by the introduc-
tion of adjustable precision utilizing an error compensation
scheme; (3) area efficiency by the polynomial approxima-
tion considering the characteristics of the error trajectory. The
proposed scheme and hardware architecture can be practi-
cally adopted in the digital adaptive neural network design.
The silicon module of the Gauss error function can be effi-
caciously integrated to the top-level hardware architecture
of the generalized Laguerre-Volterra network for the neural
ensemble activity study and cognitive neural prosthetic system
development.
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