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Abstract—We present the experimental silicon results on the
dynamics of a Hodgkin–Huxley neuron implemented on a recon-
figurable platform. The circuit has been inspired by the similarity
between biology and silicon, by modeling ion channels and their
time constants. Another significant motivation behind this paper
is to make the system available to circuit designers as well as users
in the neuroscience community. The open-source tool infrastruc-
ture and a remote system ease the accessibility of our system to a
number of users. We demonstrate the reproducibility of the results
by replicating the dynamics across different boards along with re-
sponses from different inputs and with different parameters. The
reconfigurability enables one to make use of a single primary de-
sign to obtain a variety of results. The measurements are taken
from the system compiled on a field programmable analog array
fabricated on a 350-nm process.

Index Terms—Floating gates, field programmable analog array
(FPAA), ion channels, neurons.

I. HODGKIN–HUXLEY NEURON ON A

RECONFIGURABLE PLATFORM

THE pathway of neuromorphic computing [1] offers us
a number of opportunities to build our applications and

circuits and systems efficiently especially due to the analogy
between biology and silicon. Our work aims to present the
hardware results on the dynamics from a Hodgkin-Huxley (HH)
neuron adapted from our original model [2] and implemented
on a System on Chip (SoC) large-scale Field Programmable
Analog Arrays (FPAA) fabricated on a 350 nm CMOS
process [3].

Hodgkin and Huxley won the Nobel prize for their work [4]
on eliciting a response from the nerve fiber of a squid axon. The
action potential is generated as a result of a set of voltage-gated
ion channels. This exponential distribution of carriers and their
mechanisms of drift and diffusion of ions through a bi-lipid
biological membrane are similar to the movement of charge
through a transistor channel. Fig. 1 illustrates how our approach
is inspired by this movement of charge through the biological
membrane and further, in the reproducibility of the action po-
tentials and accessibility to a wide set of users either remotely
or through a local board.
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Fig. 1. High level idea behind the implementation of the Hodgkin–Huxley
neuron on the FPAA. The similarity of a biological channel with a bi-lipid cell
membrane to a MOSFET, shown on the left hand side, is one of the primary
motivations behind the ion-channel based implementation. The band diagram
has the surface potential which is analogous to the biological nernst potential of
the ions. The hardware implementation of the HH neuron model on SoC FPAA,
inspired by this concept, offers multiple opportunities. The reconfigurability
helps to replicate a variety of action potentials through our open toolset and
thereby offering greater insights to a few concepts in neuroscience through
experimental results from the hardware.

This work reproduces the spiking behavior and shows the
non-linearity of dynamics of HH neuron by modeling voltages,
ion channels and time constants. We show a model which is
not only inspired by the physical similarity between ion chan-
nels and semiconductors but one which also helps to clarify a
few concepts on ion-channels and neurons, as shown in Fig. 1.
Rather than just simulating and understanding from the equa-
tions, anyone can use and reproduce similar results using our
open-source tool infrastructure and remote system [5] [6]. One
can study and analyze the system behavior by observing the
effect of tuning the ion channel parameters with ease due to a
reconfigurable chip which helps the user to get a better insight
into the causality behind the dynamics. Hence, we demonstrate
a system from the perspective of the user in this paper.

A software simulation is done by modeling a set of equa-
tions which has more than twenty parameters [4] to tune to
obtain the right behaviour. However, in our system we mainly
have three bias parameters to tune the time constants for spik-
ing, while the other parameters like EN a and EK , the sup-
plies to the circuit are constant and global, thereby reducing the
whole parameter set to obtain a spiking behaviour. Also, the bio-
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Fig. 2. Graphical user interface from which the HH neuron design can be viewed from the examples drop-down, in the open-source tool infrastructure is shown.
The FGOTA and the ramp ADC constitute the measurements setup, to amplify the membrane voltage signal and observe the spiking behavior from the neuron
clearly. The example can be compiled and data can be measured by sending the email and remotely receiving the result from the FPAA to observe various dynamics.
One such set of behavior is zoomed out for the clarity of the reader and shown for the membrane voltage output from the neuron.

physical behaviour is emulated in hardware since we are model-
ing the ion channels without just curve fitting and translating the
mathematical equations to hardware. Unlike an ASIC, the re-
configurable nature allows us to obtain a multitude of dynamics
for the HH neuron and we are able to use the same chip to scale
up as well as implement the functionality of neuron models as
well. The low cost and flexibility as well the non-requirement of
waiting for the chip to come after fabrication every time helps us
in rapid prototyping, while the remote system enables the user
to obtain the relevant dynamics from the neuron as it is avail-
able in the examples in the tools as shown in Fig. 2. It can be
replicated by others in the community too with the inner details
having been abstracted away for the ease of the user, while at
the same time, offering the flexibility of access to an advanced
user too.

This paper elaborates on the modeling of the HH neuron and
implementation of the circuit and the varying spiking dynamics
observed through the experimental measurements obtained from
the FPAA. Section II introduces the translation of our original
model to the FPAA with all its constraints and opportunities.
We first observe the action potentials in Section III. Section IV
describes the similarity between a biological channel and tran-

sistor channel. We discuss the criticality to get the correct biasing
points in Section V and further discuss the physics behind the
ion channels in Section VI. Section VII gives a deeper insight
into different spiking dynamics across chips while Section VIII
concludes the discussion.

II. IMPLEMENTATION ON THE FPAA

Reconfigurability and programmability [7] aid in achieving
a number of objectives, which are advantageous in our work
to observe a multitude of dynamics using a minimum num-
ber of elements. The FPAA SoC [3] consists of Computa-
tional Logic Blocks (CLBs) and Computational Analog blocks
(CABs) which are primarily used here to model the behavior
integrated with a processor and other peripherals. The transis-
tor channel models are modified from the circuit [2] utilizing
the current FPAA resources using nFETs, pFETs, Operational
transconductance amplifiers (OTAs) and Floating-Gate (FG)
OTAs such that the circuit is integrated in one CAB, thereby
occupying less than 1 percent of the IC. The current chips fab-
ricated in a 350 nm CMOS process on which the measurements
have been taken consist of 98 CABs.
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Fig. 3. Translation from the original structure to the one on the FPAA con-
strained in one CAB. The switches in the routing as depicted are not deadweight
but those FG-pFETs are used as programmable switch elements for computa-
tion. With the current structure on FPAA, a transistor or an OTA corresponds to
a 3 terminal device, thereby an extra area is not a concern since it is decided by
the number of routing pins. Keeping this in mind, the Na + and K + channel
are converted on our FPAA as shown.

Hodgkin-Huxley performed voltage clamp experiments,
where a step voltage was given and the current measurements
were taken from the ion channel. This data helped to derive
the types of channels responsible for the dynamics and equate
and formulate a model. From their data [4], it is seen that
the spike is observed due to the interaction between primar-
ily the sodium, Na+ and potassium, K+ channel. Their nernst
potentials, given by EN a and EK are translated to voltages here,
which are in terms of UT , the thermal voltages, and serve as sup-
plies to the neuron circuit. The gating dynamics to produce VN a

and VK for the respective channels are built from the FPAA
resources, where a pFET and nFET model the Na+ and K+

channel respectively, operated in the sub-threshold regime.
The Na+ channel is responsible for the rising and falling

phase of the action potential due to its activating and inactivat-
ing mechanism. The step response of the Na+ channel from the
original data [4] shows that it has the characteristics of a band-
pass filter. Its time constants are defined to be τm and τh . While,
the K + channel is responsible for returning the depolarized
state of the neuron to its resting potential and its time constant
is defined to be τn .

Our classical circuit [2] had a Na + and K + channel as a
band pass and high pass filter respectively. The K gating, with
respect to how much it turned on was quantitatively described
by the ‘n’ activation factor while the ‘m’ activation and ‘h’
inactivation factors determined the Na gating time constants.
However with the FPAA, due to the significant capacitance in the
routing, the FPAA gain from VK to Vmem is reduced, whereas
the original structure [2] needs a higher gain especially around
higher frequencies. This inspired us to modify the design, for
the K + channel to be a low-pass filter, whose output to the K
gating nFET is represented by VK . An FGOTA in a follower

Fig. 4. Different spiking rates and change in the inter-spike interval for a set
of conditions and parameters, over a longer period of time. The effective input
current is varied, thereby changing the total current contributed at the membrane
voltage node. The behavior of Vm em changes from one spike to multiple spikes
with different rates.

configuration is used for this purpose since the FGs help to set
the DC offsets, while tuning the bias current at the right place
would produce the desired τn .

The Na + channel’s output to the Na gating pFET is rep-
resented by VN a . The Na channel, a band-pass filter can be
considered to be a modified Capacitively Coupled Current Con-
veyer, C4 filter [3]. An FG-pFET is used in the feedback to
set the τh constant. No extra device is required for this pur-
pose, since the feedback is a part of the local routing without
occupying an extra area.

Fig. 3 demonstrates the concept behind the above implemen-
tation on the FPAA. The role of the local routing, as shown
through the input and output lines to the CAB devices is fo-
cused on in Fig. 3. The switches in the routing, the FG-pFETs
are used as programmable switch elements for computation [7].
The routing tracks dominate the area and one transistor is similar
in area to one OTA, both being three terminal devices, inspiring
to transform the design of the channel gating dynamics modeled
by the transistors to OTAs. Hence, a primarily transistor based
Na+ channel converts to an FGOTA and an FG-pFET switch on
the routing based device on the FPAA. Due to the routing par-
asitic capacitive inputs contributing to a large attenuation, the
high-pass K+ channel translates to a low-pass structure with
the desired gain on our device.

III. ACTION POTENTIAL

Fig. 4 shows the spiking behavior on Vmem in response to a
step input current. The effective input current to the cell is used
as a primary parameter to study this behavior [8]. We can see
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Fig. 5. PFET is modeled as a prototype for a biological channel. Current as
a function of the source voltage is shown in absolute as well as log scale. The
gating potential is fixed at 0.1 V, while EK is biased to 1.2 V, through which
we can identify the dual behavior of the terminal as a source and drain.

that the inter spike interval (ISI) decreases and the number of
spikes in a specific period of time increases as the input current
increases across the plots [9]. A phasic spiking is observed [10]
initially for a lower current, where a single spike is observed and
Vmem rests at its resting voltage. Continuous spiking patterns are
observed as the current changes. The average firing rate is con-
sistent but the thermal noise contributed by the transistors in the
model as well as from the measurement and instrumentation cir-
cuitry causes changes to the ISIs in the spiking pattern over time.

IV. PASSIVE CHANNEL

A pFET is modeled as the prototype for a passive ion channel,
which selectively allows ions to cross the membrane. The flow
of ions due to the difference in the concentration in the intra-
cellular and extracellular space [11] and the channel formation
is similar to the energy band diagram as observed with a sili-
con channel model. A single transistor modeled as a biological
passive channel aids us to decide the regions of operation of the
circuit elements, thereby initiating the process to figure out the
parameters to bias the system. The I-V relationship [12] shown
in Fig. 5 where we measure the pFET as a passive channel helps
us to take a systematic approach.

Fixing the gating potential of the pFET and the drain voltage
at EK , the current flowing through the transistor is observed
as the source voltage is swept. It can be seen from the cur-
rent though the pFET vs Source voltage plot in Fig. 5 that the
terminal behaves as a source and a drain node when it acts
as a current source and when the transistor is in saturation

Fig. 6. Bias levels are important for the circuit since they determine the
dynamics of the action potential, such that it is between EK and EN a . Further,
the FGOTAs’ bias currents help to set the time constants of the K+ low pass filter
and the Na+ band pass behavior. The arrows indicate the sequence followed
to arrive at the various DC levels, starting from VN a .

respectively. There is a constant current when the sweeping
voltage is less than EK , while it exhibits a source behavior as
the source voltage crosses the resting potential of EK . This can
be observed in an activating excitatory synapse when the FG-
pFET’s source is at EC a which is 4UT [11] while its drain is at
the membrane voltage at a resting potential of −2.5UT and for
a peak at the gate. The concept of passive channel is relevant in
the case of modeling of dendrites too [13] where the saturation
region is exploited.

V. BIASING THE NEURON

The complementary relationship between the voltage and cur-
rent from a pFET modeled as a biological channel, plays a
significant role in determining the bias points for the various
nodes, giving an insight into the design. The current measure-
ments’ results from a step voltage input through the voltage
clamp experiments helped to determine the gate voltage needed
to produce the desired response from the ion channels, which
in turn, is the starting point of the biasing of the neuron. Fig. 6
shows the concept behind the sequence in figuring out the biases
required to obtain action potentials from the neuron.

The gain from the Na + gating channel output, to the mem-
brane voltage is known to be around 8. Thus, the DC of VN a can
be fixed to be around 250-300 mV, thereby setting the source
and drain DC voltages for the feedback FG-pFET and program-
ming a large current for the feedback element. For the Na gating
channel pFET to be in saturation, knowing VN a and the current
through the pFET in saturation in the order of nAs, we can set
EN a to be at 1V. This sets EK since the difference between EK

and EN a is around 150 mV. From the Nernst potential [11], we
know EK is −3UT , while EN a is 2UT . The resting potential
for membrane voltage is 10 mV above EK . From EK and the
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Fig. 7. (a) K+ and Na+ gating circuit and the experimental results for the step response of the channels are shown. A step input of 100 mV is applied. The
transient response of the K+ and Na+ channel depicts the low-pass and bandpass filter behavior respectively. The low pass effect is responsible for bringing the
action potential back to the resting potential. A DC level of 1.2 V is achieved by tuning the offset currents in the FGOTA and the time constant can be tuned by
Iτn , the current to which the FGOTA is biased. The DC level of the Na+ channel is observed at around 300mV. The feedback time constant is controlled by the
FG-pFET switch in the routing. (b) Device level simulation results for an action potential to a step input of 100 mV are shown. Vm em , VK and VN a are observed
on one plot in response to a step input for a set of biases.

current through the K gating nFET, we can determine VK to
have a DC of around 1.25 V. From these DC biases’ points, we
can determine how to tune the FG OTAs and the conductances
to generate a spike. The biasing on the Na + is critical in terms
of getting the DC values, time constants and the gain right, since
that sets the rest of the biasing and time constants. A gain of −8
or −12 dB between Vmem and VN a is required for it to spike, so
that one does not see just an oscillatory response. The corners
of the bandpass filter are not quite wide and their frequencies
are tuned such that there is a factor of two to four between the
two bands. It is important to make sure that the feed forward
time constant due to the forward FGOTA, τm is faster than the
feedback time constant, τh , caused by the output to the middle
capacitively coupled node. The DC level affects the corner fre-
quency of the amplifier, since it is giving the DC point of the
FG-pFET device that is creating the feedback. Considering the
channel transistors to be in saturation with the Na + channel
pFET’s current being 1 percent of the K + channel nFET, the
resting potential of Vmem sits at EK . A leak channel that repre-
sents the ion channels for chloride and other ions [4] , modeled
by an FG switch in the routing is added to pull up the Vmem

to UT/2 + EK , as the Vmem is at the transition point between
the linear and non-linear conductance regions. The time con-
stants are set such that τn is slower than τm biologically similar
to the fact that K + channels respond slower than the Na +

channels.

Fig. 8. The experimental measurements’ data from the FPAA for an action
potential to a step input of 100 mV, exhibiting different spiking frequencies. The
biases are controlled such that different rates can be obtained, scaling the Iτm ,
Iτn and Vref accordingly depending on the rate desired. As observed from the
time scale, the spiking frequencies reduce with the progression of the plot from
(a) to (d).

VI. PHYSICS OF SODIUM AND POTASSIUM CHANNEL

Fig. 7 illustrates the Na+ and K + channel behavior clearly.
The interaction of the currents from the Na+ and K+ produce
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Fig. 9. Experimental measurements’ data from the FPAA for an action potential to a step input of 100 mV, from different boards. (a) Results before tuning for
mismatch. (b) Measurements after tuning. The biases are controlled such that the DC biases match along with the different frequencies and rates from the different
chips. The threshold voltage mismatches are compensated and adjusting Iτm , Iτn and Vref aids in adjusting the respective time constants.

the action potential. A step input current is injected into the node
through an OTA or an FG-pFET which models a synapse. The
capacitance from the line acts as the membrane capacitance,
Cmem . Fig. 7(a) shows the responses of the Na+ and K +

channel individually extending on the concept of the voltage
clamp experiment, where the ionic currents were observed [4]
after selectively blocking the respective ion channels. Activat-
ing one channel at a time in the system, the bias parameters
were calculated through simulation [12] and from the experi-
mental results on hardware. They were figured out such that we
get a bandpass response for the Na + channel while the K +

channel gives a low pass response. The transient responses to
a step input in the Fig. 7(a) give insights into the separation
of the time constants τm , τh and τn of the ion channels. From
the calculations shown in Fig. 6, we get similar DC points by
adjusting the offsets through the FGOTAs.

Fig. 7(b) shows a single spike and the different regions of the
action potential are labeled in the figure. The membrane voltage,
initially starts at its resting voltage, about 10 mV above EK at 1.
The region 2 of depolarisation where the Na + ions flow in is
represented here when the Na + gets activated and the positive
feedback through the FG-pFET kicks in and as VN a drops, Vmem

rises to EN a . At 3, the K + channel starts to affect the response
and the feedback time constant, τh starts recovering. The Na +

channel sees the input to it decreasing, causing VN a to rise and
settle to its DC of 300mV and τh pulls Vmem to its equilibrium at
4. At 5, the K + and Na + shut off, and we see the rise in Vmem

as the node charges through Cmem and the refractory period is
a factor of the input current integrating through the capacitor at
the node. This spiking behavior observed is biologically similar
to the ion channel behavior with the Na + and K + channel
conductances changing with time due to the opening and closing

of the respective ion channels and causing the depolarisation and
hyperpolarisation in the membrane voltage.

Observing the results from the transitions of VK and VN a with
respect to Vmem , we can further understand the close coupling
between the non-linear dynamics of the ion channels which
contributes to give rise to an action potential in Fig. 6(b) through
circuit level simulations [12]. As the voltage on Vmem starts
rising from its resting voltage to its peak, there is a fall in VN a ,
with VK peaking as expected, with the rise and fall governed
by the time constants. The rise during the refractory period is
controlled by Cmem .

VII. LOOKING INTO DIFFERENT SPIKING DYNAMICS

We explore different dynamics in this section, analyzing the
effect of modifying time constants to achieve different firing
rates. The tuning for mismatch is also studied to obtain similar
dynamics across chips [14] along with subjecting the system to
other signals like a ramp input and noise.

A. Effect of Modifying Time Constants

Fig. 8 shows a multiplication in the frequency of the spikes
as the plots progress from (d) to (a). This adaptation in the
spiking frequency is due to the change in time constants τm , τn

and τh which is changed by tuning the bias currents Iτm and
Iτn and Vref . As they change, the time taken by the Na+ and
K+ channel to respond to changes in Vmem varies, leading to a
higher frequency in spiking.

Iτm and Vref change the corners of the bandpass filter respon-
sible for the Na + channel while Iτn adjusts the corner of the
K + channel. We show how we can run our circuit at different
time scales in Fig. 8. Our tools allow one to use a single Xcos
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Fig. 10. Tuning algorithm to minimise the variation between different chips
to get similar spiking responses across boards is shown by analysing VN a , VK
and then fine tuning the FG biases on the CAB elements of the neuron model.

design and a fine-tuning of the parameters enables running at a
slower, faster or at the real time speed.

B. Across Chips Calibrating for Mismatch

Mismatch in the responses between different chips or among
different neurons has been exploited to use them beneficially in
some applications [15]–[18]. The intra-neuron mismatch due to
the variation from CAB to CAB is lesser than chip-to-chip one
as expected, since the die to die variations are higher than on die
variation [19]. A classic neuromorphic problem is studied here to
identify if this spiking behavior is reproducible and experimental
measurements were taken across three different chips. We try
to minimize this mismatch since we wish to efficiently use as
many neurons as possible for computation, without using extra
resources to correct for the added variation [20]. The results
with the same identical set of parameters are shown in Fig. 9(a).
The threshold voltage mismatch caused due to the indirect FG
programming infrastructure can either be compensated by using
the systematic automated mismatch map approach [21] in our
system or other techniques as shown in [22], with translation of
parameters in a network [23]. [24], [25] have explored different
optimization algorithms to arrive at the parameter space set for
the tuning the neuron model [26]. The parameters are tuned
here at the neuron level by looking at the varying time constants
specific to this circuit since our platform allows one to shift
biases.

Fig. 10 shows the tuning methodology for mismatch mini-
mization between the chips. We first start with obtaining the
spiking response from a reference board by programming the
biases and time constants of each of the channels as elaborated
in Section V. Once the reference parameters are obtained, these
are used for compiling down the design to the respective chips.
An Xcos block for debugging has been created in the library of
blocks with the pins instrumented out to measure VN a as well
as VK in addition to Vmem . With the reference parameters, a
check is done to observe if there is any spiking activity or not.
If there are no spikes, we do a sanity check if the Na+ and K+

channel behave as band-pass and low-pass filters respectively.
After observing the spiking behaviour on Vmem , we calculate

the variation in the ISIs or spiking frequency to minimize its
difference from the parameter chip. A sample average spiking
frequency is shown in Fig. 11. The transient or the frequency
response from VN a and VK helps us to calculate the respective

Fig. 11. Spiking frequency for a chip represented as filled circles is plotted as
time progresses. It is defined as the reciprocal of ISI here. It is not a constant due
to the thermal noise of the transistors in the system. The average value across
time is calculated, marked as a dotted line, to compute the spiking frequency
of each chip, which is used to quantitatively correlate the behavior between the
chips.

time constants τm , τh and τn . The FG biases on Iτm , Vref and
Iτn are then fine-tuned. To get equivalent spiking amplitudes
between the chips, EN a and EK which are the supplies given
through DACs on the respective chips are calibrated as well as
the DC offsets are equalised through fine tuning of the FG biases
on the FG OTAs of the Na+ and K+ channel.

Fig. 9 shows how the rates and frequencies are thus matched
across the chips thereby giving an identical behavior among all
the three chips. This proves our hypothesis that the dynamics
are repeatable and reproducible among the different boards too,
due to the programmability offered by the FG devices in the
FPAA. We have defined different metrics like variations in ISI,
spiking frequencies to correlate the performance across chips in
Fig. 12.

C. Effects of Ramp and Noise Inputs

Subjecting the circuit to different ramp and noisy inputs, we
see different dynamics as seen in Fig. 13. When a ramp signal is
applied at the input, there is an initial delay in the spiking which
is proportional to the time for which the ramp is active before
it settles to a steady value. Fig. 13(b) also shows after the first
four spikes, the inter-spike interval changes due to the delay and
then we observe a continuous spiking.

A random noise generated input is given to the system, to
explore the effect of noise [27]–[29] since it is an inherent
property of a biological system [30]. The resulting Vmem spikes
even with a noisy signal. The system is edge-triggered rather
than level triggered since an action potential is observed even at
an input level lower than the ’threshold’ value. In these cases,
Vmem is primarily influenced by changes on VN a since a positive
feedback loop is created between VN a and Vmem . The bandpass
filter for the Na + channel gating destabilizes the circuit since
the loop gain is higher than one. The ‘h’ variable is significant
in the dynamics, in the downward transition where the feedback
is out of band. The positive feedback is again analogous to that
caused due to the increase in gN a with more influx of the Na +

ions.

VIII. SUMMARY AND DISCUSSION OF THE

NEURON STRUCTURE

FPAA offers reconfigurabilty and programmability, which
enables rapid prototyping in hardware. It is useful for scaling
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Fig. 12. Table shows metrics like ISI and spiking frequency, to demonstrate
numbers to quantitatively compare the behaviors before and after tuning for
mismatch.

Fig. 13. Response of the membrane voltage to a different set of inputs over
a longer period of time. (a) Positive feedback loop from VN a to Vm em desta-
bilizes the system thereby affecting the overall dynamics of the system. The
‘h’ variable plays a significant role here. (b) Initial delay in Vm em is seen
corresponding to the application of the ramp input and it continues spiking.
(c) With a baseline of 0.84 V and considering a “threshold” of 0.85 V, a Gaus-
sian noisy input generated through a random noise generator, shows that it
continues spiking with higher noise levels as soon as it sees a rise in the input
signal.

up and building large-scale networks and systems for real time
applications unlike just simulations in software which do not
give real time responses and may have a reduced speed. The
parallel execution nature and the fact that each neuron occupies
only one CAB element on the SOC makes it a useful platform.
The circuit also consumes a power of 0.79 µW due to the devices
being operated in subthreshold regime. When one thinks of
expanding to build larger networks for real-time applications,
the neurons and synapses built from CABs and routing elements
are used for computation.

Through this paper, we attempt to bridge the gap between
users in the hardware and computational community [31] es-
pecially by providing reusable neuron blocks [32] on a mixed-
signal platform. One just needs to pull out the design Xcos
structure from our openly available tool infrastructure, compile
and get the results back from silicon through a remote system.
Moreover, a simulation engine in the toolset also enables users
to model and simulate the system and compare their results
from the FPAA SoC, hence letting the users to compute and
understand while looking at the hardware results.

A fundamental implementation of silicon neuron circuit [33]
was shown building from the classic HH equations. There have

been other approaches [26], [34]–[36] that have been adapted
from this classic implementation, translating from the equations
to hardware while we also see a voltage-dependent ion channel
based modeling [37]. A comprehensive set of different circuit
models and solutions to build neurons on silicon has been dis-
cussed in [38].

Comparing our implementation to one in a digital setting, as
has been shown in FPGAs [39]–[42], we can turn to a reduced
neuron model, computationally a digital concept [43] where the
number of state variables is reduced to mostly two. This is due
to the ease with which a two state variable can be studied for
its non-linear dynamics and one can observe the phase plane
behavior [9] to observe different bifurcations depending on the
chosen parameter.

In the circuit described in this work, the four state variables
can be brought down to two, by tuning the Na + channel,
where τm moves to 0, τh tends to infinity, thereby making the
Na channel just an amplifier with a finite gain. The concept of
multiply-accumulates (MAC) [44], a standard operation which
adds a product of two numbers to an accumulator, especially
used in digital computing to compare the performance of dig-
ital signal processors, helps to throw light on the efficiency of
the neuron models. The Integrate and Fire neuron [45] can be
built from this, with the same number of devices, though with
lower number of parameters, with 1-4 MACs optimized for a
digital implementation, while the models like Izhikevich [10]
and FitzHughNagumo model involve 30-60 MAC per sample
as they are a two state variable system. However, they may not
accurately represent the behavior of neurons like the HHneu-
ron model which emulates the ion channel dynamics. While
the HHneuron model may involve a larger number of Ordinary
Differential Equations (ODEs), with numbers in the range of
1000 MAC per computational iteration for a digital implemen-
tation, it can be implemented in our analog formulation with a
few devices and parameters unlike the full parameter set used
in the HH equations, thereby reducing redundancy and the bias
parameters are directly relatable to observable time constants in
the dynamics.

REFERENCES

[1] C. Mead, Analog VLSI and Neural Systems. Boston, MA, USA: Addison-
Wesley, 1989.

[2] E. Farquhar and P. Hasler, “A bio-physically inspired silicon neuron,”
IEEE Trans. Circuits. Syst. I, Regular Papers, vol. 52, no. 3, pp. 477–488,
Mar. 2005.

[3] S. George et al., “A programmable and configurable mixed-mode FPAA
soc,” IEEE Trans. Very Large Scale Integr. Syst., vol. 24, no. 6, pp. 2253–
2261, Jun. 2016.

[4] A. L. Hodgkin and A. F. Huxley, “A quantitative description of membrane
current and its application to conduction and excitation in nerve,” The J.
Physiology, vol. 117, no. 4, pp. 500–544, 1952.

[5] J. Hasler, S. Shah, S. Kim, I. K. Lal, and M. Collins, “Remote system setup
using large-scale field programmable analog arrays (FPAA) to enabling
wide accessibility of configurable devices,” J. Low Power Electron. Appl.,
vol. 6, no. 3, pp. 1–17, 2016.

[6] M. Collins, J. Hasler, and S. George, “An open-source tool set enabling
analog-digital-software co-design,” J. Low Power Electron. Appl., vol. 6,
no. 1, pp. 1–15, 2016.

[7] S. Kim, J. Hasler, and S. George, “Integrated floating-gate programming
environment for system-level ICS,” IEEE Trans. Very Large Scale Inte-
gration Syst., vol. 24, no. 6, pp. 2244–2252, Jun. 2016.



926 IEEE TRANSACTIONS ON BIOMEDICAL CIRCUITS AND SYSTEMS, VOL. 12, NO. 4, AUGUST 2018

[8] P. Dayan and L. F. Abbott, Theoretical Neuroscience: Computational and
Mathematical Modeling of Neural Systems. Cambridge, MA, USA: MIT
Press, 2005.

[9] J. H. Wijekoon and P. Dudek, “Compact silicon neuron circuit with spiking
and bursting behaviour,” Neural Netw., vol. 21, no. 2, pp. 524–534, 2008.

[10] E. M. Izhikevich, “Which model to use for cortical spiking neurons?,”
IEEE Trans. Neural Netw., vol. 15, no. 5, pp. 1063–1070, Sep. 2004.

[11] B. Hille, Ion Channels of Excitable Membranes, vol. 507. Sunderland,
MA, USA: Sinauer Associates, Inc., 2001.

[12] A. Natarajan and J. Hasler, “Modeling, simulation and implementation of
circuit elements in an open-source tool set on the FPAA,” Analog Integr.
Circuits Signal Process, vol. 91, no. 1, pp. 119–130, 2017.

[13] S. Nease, S. George, P. Hasler, S. Koziol, and S. Brink, “Modeling and
implementation of voltage-mode CMOS dendrites on a reconfigurable
analog platform,” IEEE Trans. Biomed. Circuits Syst., vol. 6, no. 1, pp. 76–
84, Feb. 2012.

[14] A. Natarajan and J. Hasler, “Dynamics of Hodgkin Huxley Neuron across
chips implemented on a reconfigurable platform,” 2018 IEEE Interna-
tional Symposium on Circuits and Systems (ISCAS), Florence, Italy, 2018,
pp. 1–5.

[15] S. Sheik, E. Chicca, and G. Indiveri, “Exploiting device mismatch in
neuromorphic VLSI systems to implement axonal delays,” in Proc. IEEE
Int. Joint Conf. Neural Netw., 2012, pp. 1940–1945.

[16] S. Sheik, M. Coath, G. Indiveri, S. Denham, T. Wennekers, and E. Chicca,
“Emergent auditory feature tuning in a real-time neuromorphic VLSI
system,” Frontiers Neurosci., vol. 6, no. 17, 2012.

[17] O. Richter, R. F. Reinhart, S. Nease, J. Steil, and E. Chicca, “De-
vice mismatch in a neuromorphic system implements random features
for regression,” in Proc. IEEE Biomed. Circuits Syst. Conf., Oct. 2015,
pp. 1–4.

[18] R. George and G. Indiveri, “Tunable device-mismatch effects for stochas-
tic computation in analog/digital neuromorphic computing architec-
tures,” in Proc. IEEE Int. Conf. Electron., Circuits Syst., Dec. 2016,
pp. 77–80.

[19] S. Borkar, T. Karnik, S. Narendra, J. Tschanz, A. Keshavarzi, and V. De,
“Parameter variations and impact on circuits and microarchitecture,” in
Proc. 40th annu. Design Autom. Conf., 2003, pp. 338–342.

[20] S. Brink et al., “A learning-enabled neuron array IC based upon transistor
channel models of biological phenomena,” IEEE Trans. Biomed. Circuits
Syst., vol. 7, no. 1, pp. 71–81, Feb. 2013.

[21] S. Kim, S. Shah, and J. Hasler, “Calibration of floating-gate SoC FPAA
system,” IEEE Trans. Very Large Scale Integr. Syst., vol. 25, no. 9,
pp. 2649–2657, Sep. 2017.

[22] E. Neftci and G. Indiveri, “A device mismatch compensation method for
VLSI neural networks,” in Proc. IEEE Biomed. Circuits Syst. Conf., 2010,
pp. 262–265.

[23] E. Neftci, E. Chicca, G. Indiveri, and R. Douglas, “A systematic method for
configuring VLSI networks of spiking neurons,” Neural Comput., vol. 23,
no. 10, pp. 2457–2497, 2011.

[24] L. Buhry, M. Pace, and S. Saı̈ghi, “Global parameter estimation of an
Hodgkin-Huxley formalism using membrane voltage recordings: Ap-
plication to neuro-mimetic analog integrated circuits,” Neurocomputing,
vol. 81, pp. 75–85, Apr. 2012.

[25] L. Buhry, F. Grassia, A. Giremus, E. Grivel, S. Renaud, and S. Saighi,
“Automated parameter estimation of the Hodgkin-Huxley model using
the differential evolution algorithm: Application to neuromimetic analog
integrated circuits,” Neural Comput., vol. 23, no. 10, pp. 2599–2625,
Oct. 2011.

[26] S. Saighi, Y. Bornat, J. Tomas, G. L. Masson, and S. Renaud, “A library of
analog operators based on the Hodgkin-Huxley formalism for the design
of tunable, real-time, silicon neurons,” IEEE Trans. Biomed. Circuits Syst.,
vol. 5, no. 1, pp. 3–19, Feb. 2011.

[27] H. Chen, S. Saighi, L. Buhry, and S. Renaud, “Real-time simulation of
biologically realistic stochastic neurons in VLSI,” IEEE Trans. Neural
Netw., vol. 21, no. 9, pp. 1511–1517, Sep. 2010.

[28] T. J. Hamilton, S. Afshar, A. van Schaik, and J. Tapson, “Stochastic
electronics: A neuro-inspired design paradigm for integrated circuits,”
Proc. IEEE, vol. 102, no. 5, pp. 843–859, May 2014.

[29] K. Yue and A. C. Parker, “Noisy neuromorphic neurons with RPG on-
chip noise source,” in Proc. 2017 Int. Joint Conf. Neural Netw., May 2017,
pp. 1225–1229.

[30] W. Maass, “Noise as a resource for computation and learning in networks
of spiking neurons,” Proc. IEEE, vol. 102, no. 5, pp. 860–880, May
2014.

[31] S. Renaud et al., “Pax: A mixed hardware/software simulation platform
for spiking neural networks,” Neural Netw., vol. 23, no. 7, pp. 905–916,
2010.

[32] T. Levi, N. Lewis, J. Tomas, and S. Renaud, “Application of IP-based
analog platforms in the design of neuromimetic integrated circuits,”
IEEE Trans. Comput.-Aided Design Integr. Circuits Syst., vol. 31, no. 11,
pp. 1629–1641, Nov. 2012.

[33] M. Mahowald and R. Douglas, “A silicon neuron,” Nature, vol. 354,
no. 6354, pp. 515–518, 1991.

[34] M. F. Simoni, G. S. Cymbalyuk, M. E. Sorensen, R. L. Calabrese, and
S. P. DeWeerth, “A multiconductance silicon neuron with biologically
matched dynamics,” IEEE Trans. Biomed. Eng., vol. 51, no. 2, pp. 342–
354, Feb. 2004.

[35] F. Grassia, L. Buhry, T. Levi, J. Tomas, A. Destexhe, and S. Saighi,
“Tunable neuromimetic integrated system for emulating cortical neuron
models,” Frontiers Neurosci., vol. 5, p. 134, 2011.

[36] T. Yu, T. J. Sejnowski, and G. Cauwenberghs, “Biophysical neural spiking,
bursting, and excitability dynamics in reconfigurable analog VLSI,” IEEE
Trans. Biomed. Circuits Syst., vol. 5, no. 5, pp. 420–429, Oct. 2011.

[37] K. M. Hynna and K. Boahen, “Neuronal ion-channel dynamics in silicon,”
in Proc. IEEE Int. Symp. Circuits Syst., May 2006, pp. 3614–3617.

[38] G. Indiveri et al., “Neuromorphic silicon neuron circuits,” Frontiers Neu-
rosci., vol. 5, p. 73, 2011.

[39] S. Yaghini Bonabi, H. Asgharian, S. Safari, and M. Nili Ahmadabadi,
“FPGA implementation of a biological neural network based on the
Hodgkin-Huxley neuron model,” Frontiers Neurosci., vol. 8, p. 379, 2014.

[40] T. Levi, F. Khoyratee, S. Saghi, and Y. Ikeuchi, “Digital implementation of
Hodgkin-Huxley neuron model for neurological diseases studies,” Artif.
Life Robot., vol. 23, no. 1, pp. 10–14, Mar. 2018.

[41] M. Ambroise, T. Levi, S. Joucla, B. Yvert, and S. Saighi, “Real-time
biomimetic central pattern generators in an FPGA for hybrid experiments,”
Frontiers Neurosci., vol. 7, p. 215, 2013.

[42] M. Lu, J.-L. Wang, J. Wen, and X.-W. Dong, “Implementation of Hodgkin-
Huxley neuron model in fFPGAs,” in Proc. 2016 Asia-Pacific Int. Sympo.
Electromagn. Compat., May 2016, vol. 01, pp. 1115–1117.

[43] J. Hasler and H. B. Marr, “Finding a roadmap to achieve large neuromor-
phic hardware systems,” Frontiers Neurosci., vol. 7, no. 118, 2013.

[44] J. Hasler, “Starting framework for analog numerical analysis for energy-
efficient computing,” J. Low Power Electron. Appl., vol. 7, no. 3, p. 17,
2017.

[45] G. Indiveri, “A low-power adaptive integrate-and-fire neuron circuit,” in
Proc. Int. Symp. Circuits Syst., May 2003, vol. 4, pp. 820–823.


