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ABSTRACT The Izhikevich neuron model is a widely used spiking neuron model that combines biologically
plausible behavior with computational efficiency. As hardware implementations often suffer from high power
and area usage due to multiplication operations, CORDIC-based multipliers have been a promising solution.
However, as the energy efficiency of CORDIC-based multipliers is still limited, further improvement
is needed. This paper proposes an approximate-adder-based CORDIC approach for implementing the
Izhikevich neuron, replacing multipliers with shift-add operations and exact adders with approximate ones to
reduce resource usage. Simulation and ASIC implementation results demonstrate significant improvements
in energy efficiency with 14.56% increase in throughput and 10.23% area reduction, while compromising
the neuron dynamics by only 0.07% in Mean Relative Error (MRE). In simulation, the membrane potential
traces of the proposed model closely match those of the standard HOMIN model across all neuron behaviors,
and the optimal configuration of 9 CORDIC iterations achieves the best trade-off between accuracy and
efficiency.

INDEX TERMS Izhikevich neuron, CORDIC, hardware accelerator, approximate computing, low-power
computing, neuromorphic engineering, spiking neural network.

NOMENCLATURE i Iteration index
a Izhikevich parameter k Normalization factor (k = 2V 1)
«; Bit-shift scaling factor (o; = 277) A Number of iterations
b Izhikevich parameter A* Optimal iteration
c Reset value of membrane potential (mV) Imoder,i  Spike times of tested variant
d Recovery variable adjustment lgomin,;  Spike times of standard HOMIN neuron
E, Cumulative error after A iterations m Integer bits in fixed-point format
€ Adder-induced error in the i-th iteration iy Mean of adder deviation ~y
n Adder type index n Fractional bits in fixed-point format
g Sign of Zgcaled N Number of bits for representation
gi Control sign Omn Fixed-point format (m integer, n fractional bits)
0% Signed adder deviation Saccurate  EXact adder output
h Total number of spikes considered Sapprox  Approximate adder output
1 Input current (normalized units) Oy Standard deviation of adder deviation ~y
t Timestep
The source code and simulation scripts used in this work are publicly 0 Neuron type index

available at https://github.com/klab-aizu/IZH- ApproxCORD.
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u Membrane recovery variable

ult] Recovery variable at timestep #

v Membrane potential (mV)

v[t] Membrane potential at timestep ¢ (mV)
X Input value to CORDIC algorithm

y Accumulator in CORDIC algorithm

Zscaled Scaled intermediate value in CORDIC

I. INTRODUCTION

Spiking Neural Networks (SNNs) have emerged as the third
generation of neural networks [1]-[3], offering a biologically
plausible and energy-efficient approach to neural computa-
tion [4], [5]. Unlike traditional artificial neural networks that
rely on continuous-valued activations, SNNs communicate
through discrete spikes over time, closely mimicking the
behavior of biological neurons in the brain. This event-driven
mechanism not only enhances computational sparsity [6], [7]
but also enables real-time processing with ultra-low power
consumption, making SNNs particularly attractive for edge
Al and neuromorphic applications [8]-[10]. The increasing
demand for intelligent, low-power solutions in edge com-
puting and IoT has fueled research into SNNs, driving ad-
vancements in both algorithmic models and neuromorphic
hardware platforms [11]-[16].

At the core of SNNs lies the spiking neuron model, which
governs how input stimuli are integrated and transformed into
output spikes. Among the many models proposed—such as
Integrate-and-Fire (IF) [2], [17] and Hodgkin-Huxley (H-
H) [18]—the Izhikevich model is especially notable for its
ability to reproduce a wide variety of biologically realistic fir-
ing patterns, including tonic spiking, bursting, and adaptation
[19], [20], using a compact and computationally efficient for-
mulation. While the IF model is computationally lightweight
but biologically simplistic, and the H-H model is highly ac-
curate but computationally demanding, the Izhikevich model
strikes a balance between biological realism and efficiency
[21], making it highly suitable for real-time hardware im-
plementation in large-scale neuromorphic systems [8], [22],
[23].

The Izhikevich neuron model is widely used in hardware-
oriented SNN designs as it achieves a practical trade-off
between biological accuracy and computational cost [8], [11].
However, one of its main hardware bottlenecks arises from
the quadratic term 0.04v? (where v represents the membrane
potential) in the update equation [24].

This term requires a multiplication operation, which is
costly in conventional digital hardware in terms of area,
power, and delay. This challenge is particularly acute in
resource-constrained edge devices, where neuromorphic ar-
chitectures like TrueNorth have demonstrated the benefits
of replacing multiplications with simpler operations [25].
Consequently, designing low-power and hardware-efficient
alternatives to conventional multipliers is critical to enabling
real-time and scalable SNN deployment [26]-[28].

To overcome the hardware cost associated with multipliers
in the Izhikevich neuron model, several hardware-efficient
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computation techniques have been explored. Among these,
the Coordinate Rotation Digital Computer (CORDIC) algo-
rithm [29], [30] presents a promising alternative, as it elim-
inates the need for dedicated multipliers by utilizing only
iterative shift and add operations [26]. This property makes
CORDIC particularly attractive for neuromorphic edge com-
puting and IoT applications, where minimizing energy and
area overhead is paramount for deployment [25], [31].

One key advantage of the CORDIC approach lies in its abil-
ity to simplify control logic while maintaining computational
flexibility. Specifically, the linear mode of the CORDIC algo-
rithm can approximate square and multiplication functions,
allowing it to directly compute the quadratic term 0.04v>
present in the Izhikevich neuron dynamics [27]. Compared
to traditional multiplier-based designs, CORDIC-based archi-
tectures have been demonstrated to achieve higher operating
frequencies and lower resource utilization [32], [33], making
them a scalable solution for energy-efficient spiking neural
network implementations [11], [24].

Biological neural systems inherently tolerate a certain de-
gree of imprecision, which has motivated the adoption of
approximate computing in neuromorphic circuits [34], [35].
Recent studies have applied approximate adders within the
CORDIC datapath to reduce switching activity and hardware
cost [36]. For instance, in our earlier work on approxi-
mate computing, integrating 1-error or 2-error approximate
adders into a CORDIC-based multiplier resulted in notable
hardware benefits, including up to 19.3% power reduction,
11.5% area savings, and 14.7% frequency improvement com-
pared to a conventional exact CORDIC multiplier [37]. These
results demonstrated that carefully selected approximation
techniques can effectively improve energy and area efficiency
in arithmetic units without compromising application-level
functionality. This highlights the potential of approximate
computing as a viable strategy for achieving meaningful
energy—accuracy tradeoffs in hardware-efficient neuromor-
phic designs.

In this work, we propose a novel hardware architecture for
the Izhikevich neuron using a CORDIC-based multiplier en-
hanced with approximate adders. Building upon our previous
work on low-power CORDIC design, this architecture lever-
ages both the shift-add efficiency of linear-mode CORDIC
[27] and the area/power advantages of approximate arithmetic
[34]. To further optimize resource utilization on FPGA plat-
forms, we integrate 1-error and 2-error approximate adders
within the CORDIC datapath, which reduce switching activ-
ity without significantly affecting neuron behavior.

Additionally, motivated by the HOMIN model [38] and
hardware-oriented reformulations of Izhikevich dynamics
[24], we decompose the update equations into modular blocks
amenable to pipelining and parallelism. Insights from prior
approximate CORDIC work [37] in image processing ap-
plications guided our design methodology for integrating
approximate arithmetic into the neuromorphic domain. This
makes our architecture highly suitable for large-scale SNN
deployments in edge-Al and neuromorphic systems.
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Our contributions are summarized as follows:

o Design and integrate a CORDIC-based multiplier tai-
lored for the Izhikevich model, replacing the traditional
multiplier unit.

« Further enhancement of the multiplier by incorporating
an approximate adder to reduce hardware cost and power
consumption.

The remainder of this paper is organized as follows: Sec-
tion II reviews related works. Section III introduces the
Izhikevich neuron model, its hardware-oriented simplifica-
tion, and the CORDIC algorithm for efficient multiplier-less
computation. Section IV presents the proposed design. Sec-
tion V reports the evaluation results, and Section VI provides
further discussion. Finally, Section VII concludes the paper.

Il. RELATED WORKS

Hardware implementations of spiking neural networks
(SNNs) have been investigated across multiple directions
to balance computational accuracy, scalability, and resource
efficiency. In particular, prior research has focused on three
relevant areas: hardware-oriented realizations of the Izhike-
vich neuron, CORDIC-based computation for multiplier-less
arithmetic, and approximate arithmetic techniques for power-
and area-constrained systems.

Early hardware realizations of the Izhikevich neuron model
adopted fixed-point arithmetic instead of floating-point to
simplify computations and enable real-time execution on FP-
GAs [16], [39]-[41], [41], [42]. These designs leveraged
existing DSP blocks, achieving high performance but at the
cost of increased power consumption and hardware area,
especially when scaling to many neurons [27], [43].

Subsequent FPGA/ASIC architectures focused on par-
allelism, pipelining, and time-multiplexing to maximize
throughput for large-scale spiking neural networks [44], [45].
Despite throughput gains, these implementations remained
dependent on accurate multipliers, which impose significant
hardware constraints and limit network scalability [27].

In many FPGA and ASIC implementations of spiking neu-
ron models, accurate multipliers are used to evaluate non-
linear terms in the membrane potential update equations.
While such designs ensure high numerical precision, they
incur substantial hardware costs, including high DSP block
utilization, increased power consumption, and longer critical
paths [25]-[27]. These drawbacks become more pronounced
when scaling to large neuron populations, where the number
of required multiplications grows rapidly [23], [40]. This
dependency on costly multipliers has motivated the search for
hardware-friendly alternatives such as CORDIC algorithms
and piecewise-linear approximations which replace multi-
plications with iterative shift-and-add operations, aiming to
maintain neuron dynamic fidelity while reducing hardware
overhead [46], [47].

CORDIC is widely employed in hardware to evaluate
trigonometric, hyperbolic, exponential, logarithmic, square-
root, and other transcendental functions using only iterative
shift-and-add operations [29], [30], [48]. Its multiplier-less
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nature makes it particularly attractive for resource-limited
platforms such as FPGA and ASIC, where reducing DSP
block usage is critical [31], [49]. In addition to transcendental
functions, CORDIC’s linear mode supports vector magnitude,
square, and multiplication approximations, enabling its inte-
gration into a wide range of digital signal processing, com-
munication, and neuromorphic computing applications [27],
[50]. It has also been applied in neural network accelerators
to approximate activation functions such as sigmoid and tanh
with compact, low-complexity circuits [51]. However, the
co-integration of CORDIC structures and approximate arith-
metic has received limited attention, leaving potential gains
in throughput and resource efficiency underexploited [52].
Moreover, applications within spiking neuron models are
sparse; in particular, to the best of our knowledge, multiplier-
less Izhikevich implementations leveraging such co-design
have not been systematically investigated.

Approximate adders and multipliers have been extensively
studied to reduce hardware cost and energy consumption in
error-resilient systems [53], [54]. By exploiting the inher-
ent tolerance to noise and computation errors, these designs
achieve an effective balance between energy efficiency and
computational accuracy [55]. Such trade-offs are particularly
advantageous in neuromorphic and edge-computing systems,
where stringent power and area budgets must be met [56],
[57]. In neural accelerators, approximate arithmetic has been
applied to both ANN and SNN implementations, significantly
lowering resource usage and latency on constrained hard-
ware [58], [59]. These approaches have also demonstrated
competitive performance in ultra-low-power embedded sys-
tems for real-time applications [60]. Nevertheless, approx-
imate computing techniques have been largely confined to
artificial neural networks or signal processing, with limited
exploration in biologically inspired spiking neuron models
that demand precise dynamic behavior [58], [61].

Critically, there is no known hardware-efficient implemen-
tation of the Izhikevich neuron that combines CORDIC-based
operations with approximate arithmetic—highlighting a clear
gap and opportunity for innovation.

lll. BACKGROUND

A. IZHIKEVICH NEURON

The Izhikevich neuron model is a computationally efficient
spiking neuron model that combines biological realism with
low computational complexity, making it particularly suitable
for large-scale simulations of neural networks. Proposed by
Eugene M. Izhikevich in 2003 [20], it reproduces a wide va-
riety of spiking and bursting behaviors observed in biological
neurons using only two coupled differential equations:

dv

o= 0.04v? +5v+ 140 —u +1, 1))
d
d—’; = albv — u), @)

where v represents the membrane potential, # is a mem-
brane recovery variable accounting for the activation of K
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ionic currents and inactivation of Nat ionic currents, and /
is the input synaptic or injected current. The parameters a,
b, ¢, and d determine the dynamics of the neuron and can be
tuned to replicate different neuronal firing patterns. When the
membrane potential v reaches a threshold (typically 30 mV),
the model enforces the reset conditions:

— —6.5
ifv>3mV, then {V ’ 3)
u +—u-+d,

where c is the reset value of the membrane potential and d
adjusts the recovery variable. Thanks to its simple yet power-
ful formulation, the Izhikevich model can efficiently replicate
complex neuronal behaviors such as regular spiking, fast
spiking, thalamo-cortical bursting, and resonator-like firing.

B. MODIFIED IZHIKEVICH NEURON

To reduce complexity, HOMIN [38] simplifies and scales the
equations. The membrane potential range is scaled down by
a factor of 10, and constants are replaced by powers of 2 to
enable simple bit-shift operations. The typical values of the
parameters are a = 0.02, b = 0.2, c =-65mV, and d = 8.0. By
scaling, we got the following equations:

dv 1,

oI5 —utl 4
=1 +2v+15—u+ “)
d

d—l: =27%1272%y —u), Q)

—c,

6
—u+d, ©

ifv>3mV, then {v
u

By modifying the equation of Izhikevich neuron, comput-
ing u and v become less complicated. As most operations are
converted to shift-bit and addition (or subtraction), only the
v2 is still challenging. To handle this, this work targets using
CORDIC multiplier to simplify the calculation.

C. CHALLENGES IN HARDWARE IMPLEMENTATION
Although the HOMIN neuron reduces most computations to
shifts and additions, the quadratic term v2 remains a hard-
ware "bottleneck". Conventional multipliers incur high area,
power, and latency costs, which become prohibitive in large
neuromorphic systems [27].

A more efficient alternative is to use CORDIC, which ap-
proximates multiplication with iterative shift-add operations,
avoiding full multipliers [52]. Integrating a CORDIC-based
squaring unit into HOMIN enables efficient and scalable
hardware while preserving biological accuracy.

To further reduce cost, approximate arithmetic offers favor-
able trade-offs between efficiency and precision [53]-[55].
Accordingly, we enhance the CORDIC squaring with approx-
imate adders [62] and dynamic early termination, improving
energy efficiency without compromising neuronal fidelity.

4

IV. ENERGY-EFFICIENT IZHIKEVICH NEURON DESIGN
WITH APPROXIMATE CORDIC-BASED MULTIPLIERS

In this work, we propose a hardware-efficient implementation
of the HOMIN neuron by replacing the quadratic term v? with
a CORDIC-based squaring unit. This approach eliminates the
need for costly multipliers while preserving the essential dy-
namics of the neuron model. Building on this foundation, we
introduce the integration of approximate adders Section IV-C
to further reduce hardware cost and energy consumption. To-
gether, these techniques yield a scalable and energy-efficient
neuron architecture that maintains biological fidelity while
significantly improving hardware feasibility for large-scale
neuromorphic systems.

A. FINAL CORDIC IZHIKEVICH IMPLEMENTATION

% — iCORDICSQ(v[t]) +2v[t] + 15 —u[t] +1 (7
du _ 9—6/9—2 _
o= 27°(27%v[t] — ult]), ®)

Where CORDICSQ is the square function by CORDIC in
the previous section.

v[t] + c,

ult] < ult] +d, ©)

ifv[f] > 3mV, then {

Fig. 1 presents the hardware architecture of the proposed
HOMIN neuron. Besides the CORDIC-based squaring unit,
the core circuit consists of multiple shifters and adders to per-
form multiplications by constant values, such as 1 x v[r]? and
2 x v[t] Multiplications by constant values can be efficiently
implemented using shifters and adders instead of multipliers,
significantly reducing hardware cost and power consumption
with only minor accuracy degradation.

Considering the numerical range of the membrane poten-
tial v and recovery variable u, a fixed-point format with Om.n
bits (m integer bits and n fractional bits) is adopted. This
provides a total bit width of (m + n) bits, allowing sufficient
dynamic range while minimizing quantization error.

The selection of m and 7 is driven by two key factors.
First, the physiological range of the membrane potential in
the HOMIN model is approximately v[t] € [—8, 3], requir-
ing at least 4 integer bits plus 1 sign bit to avoid overflow
(2* = 16 > 8). Second, regarding the fractional precision, the
HOMIN model must accurately reproduce complex spiking
dynamics such as spike latency, resonator, rebound spike,
and rebound burst. To maintain biological fidelity across all
these behaviors while minimizing quantization error. Based
on these premises, we adopt Q6.9 format (1 sign bit + 6 inte-
ger bits + 9 fractional bits, totaling 16 bits), which provides
sufficient dynamic range (£64) and precision (27% ~ 0.002)
to accurately reproduce all neuron behaviors.

In this study, a Qm.n-bit fixed-point quantization is used
for the membrane potential v[¢] and recovery variable ut],
i.e., 1 bit for the sign, m bits for the integer part, and n bits
for the fractional part. In the hardware implementation, the
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FIGURE 1: Proposed Izhikevich neuron architecture.

CORDIC-based squaring unit combined with the approxi-
mate adder only supports 8-bit input precision. Therefore,
the membrane potential v[¢], originally represented in Q6.9
fixed-point format (16 bits), must be down-scaled to Q4.4 (8
bits) before multiplication. This conversion removes 2 integer
bits and 5 fractional bits, thus reducing both the representable
range and precision of v[¢]. The squaring operation v[t] x v[t]
is then carried out in the Q4.4 domain using the CORDIC-
based squaring unit with approximate adder, and the result
is converted back to Q6.9 for subsequent computations in
the HOMIN update equations. Importantly, the physiologi-
cal range of v[t](approximately [—8, 3]) remains fully repre-
sentable within Q4.4, ensuring that the scaling process does
not compromise the biological fidelity of the neuron model.

B. CORDIC MULTIPLIER ARCHITECTURE

Our CORDIC multiplier architecture is shown in Fig. 2 and
Algorithm 1. We use a basic sequential architecture to update
y and Zscaeq through multiple iterations, where the updated
values are determined by the current iteration number and the
sign of Zscaled-

To help illustrate the algorithm for CORDIC-based squar-
ing, consider a simple example where the input is x = 5. We
want to compute x2 = 25 using A\ = 3 iterations.

Initialization:

e k = 4 (normalization factor)
o Zscaled = D/4 =1.25

VOLUME 11, 2023

Algorithm 1: CORDIC-based Squaring of x - x

Require: Input value x; Number of iterations \; Number of
bits for representation N
Ensure: Approximate square x - x
1: Calculate the normalization factor k <
. Initialize zcgeq < x/2¢
: Initialize y < 0
: fori<~0toA—1do
8 < Sign(zscaled)
yey+gox-27)
Zscaled ¢ Zscaled — & * 27
: end for
: Rescale: x2 < y - 2
. return x2 + y - 2¢

2N71

—_
o

e y = 0 (accumulator)

Iteration 1 (i = 0):

o g =sign(1.25) = +1

e y=0+1-(5-29)=0+5=5

o Zealed =125—-1-20=125-1=0.25
Iteration 2 (i = 1):

o g =sign(0.25) = +1

e y=5+1-(5-271)=5+25=75

o Zoealed = 0.25 —1-271 =025 - 0.5 = —0.25
Iteration 3 (i = 2):
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FIGURE 2: CORDIC Multiplier Architecture.

o g =sign(—0.25) = -1

e y=T75+(-1)-(5-272) =
o Zscaled = —0.25 — (—1) - 272
Final Result:

o Rescale: x? = 6.25 x 4 = 25
o Expected result: 52 = 25

This example demonstrates how the algorithm approximates
multiplication using only shift and add operations.

Fig. 3 illustrates the Fully Unrolled CORDIC-based squar-
ing unit. All iterative steps of the CORDIC algorithm are
unrolled into N parallel hardware stages, where N corre-
sponds to the number of iterations. The squaring operation
v[t]? is thus implemented in a pipelined structure. Each stage
contains three functional blocks: a Shifter i for multiplying
or dividing by 27, a Sign Detector to determine the con-
vergence direction and select addition or subtraction, and an
Adder/Subtractor that performs the corresponding arithmetic
operation. These N stages progressively refine intermediate
values until the final squared result is obtained. The number
of stages is chosen to achieve the desired precision, and the
main advantage of this architecture is its minimal latency, as
computation completes once the pipeline is filled.

7.5—1.25=6.25
=—-025+025=0

C. APPROXIMATE ADDER INTEGRATION

In this paper, we proposed using an approximate adder to
calculate the update of y in each iteration. Algorithm 2 shows
the proposed multiplier.

Since the signed adders for the updates of y are restricted
to 16-bit adders only, we restricted the multiplier to use an
8-bit input. In this study, we used a set of 16-bit signed
approximate adders from EvoApproxLibLITE [62], focusing

6

Algorithm 2: CORDIC-based Squaring of x - x with
Approximate Adder.

Require: Input value x; Number of iterations A\; Number of
bits for representation N
Ensure: Approximate square x - x
1: Calculate the normalization factor k <
Initialize zgcaeq ¢ X/2¢
Initialize y <— 0
fori=0to A —1do
8 < Sign(zscaled) )
y + ApproximateAdd(y, g - (x - 277))
Zscaled — Zscaled — & - 27 {with exact adder)}
end for
Rescale: x? « y - 2
return x2

2N—1

E AR AR A

_
e

on key metrics such as mean absolute error (MAE), error
probability (EP), and hardware cost. We evaluated all the 16-
bit signed adders from the library.

D. OPTIMAL ITERATION SELECTION BASED ON MRE
ANALYSIS

To determine the optimal number of CORDIC iterations that
achieves the highest accuracy, the MRE is used as the evalu-
ation metric. The MRE quantitatively measures the deviation
in spike timing between the tested neuron model and the
standard HOMIN model, and is defined as:

VOLUME 11, 2023
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FIGURE 3: Modified Fully Unrolled CORDIC Multiplier Architecture.

— lnomIN,;

h
1 = model i
MRE(%):%E odel, x 100%,  (10)
i=1

lHoMIN, i

where [yode1,; are the spike times of the tested vari-
ant (CORDIC-based or CORDIC with approximate adder
HOMIN model), lgomi,; are the spike times of the standard
HOMIN neuron, and 7 is the total number of spikes consid-
ered.

The MRE values are collected across all neuron mod-
els (Regular Spiking, Initial Bursting, Chattering, and Low-
Threshold Spiking) and approximate adder configurations.
For each CORDIC iteration count, the average MRE is com-
puted, and the iteration yielding the lowest mean error is
selected as the optimal configuration.

The overall procedure for determining the optimal iteration
based on MRE analysis is summarized in Algorithm 3.

Algorithm 3: Finding the Optimal CORDIC Iteration
Based on Average MRE

Require: MRE values MREy ,, » for all neurons 6, adders 7,
and number of iterations \
Ensure: Optimal iteration \*
1: for each iteration A do
2:  Compute average error:
avgMRE[)\] = mean(MREg ,, »)
3: end for
4: \* = argminy avgMRE[)]
5: return A*

VOLUME 11, 2023

Algorithm 3 summarizes the process used to determine the
optimal number of CORDIC iterations. For each iteration
count A\, the MRE values obtained from all neuron types
and approximate adder configurations are aggregated, and the
average error avgMRE[})] is computed. The iteration index
that yields the minimum average error, denoted as \*, is
then selected as the optimal iteration count. This approach
ensures that the chosen configuration provides consistently
high accuracy across different neuron dynamics and hardware
approximation schemes.

E. ERROR ANALYSIS

To quantify the impact of approximate adders within the
HOMIN model, we define the signed adder deviation, de-
noted by 7, which represents the difference between the
output of an approximate 16-bit adder and that of an exact
adder for the same input operands:

an

where Sypprox and Syceurae denote the approximate and exact
addition outputs, respectively.

Rather than being a fixed constant, the deviation ~y is
modeled as a random variable characterized by its mean u.,
and standard deviation o.,. These parameters capture the bias
and variability of the approximate adder’s error distribution.
In principle, they can be obtained by exhaustively evaluating
all 216 x 216 input operand pairs and computing the resulting
deviations.

Although individual deviations may be small, iterative al-
gorithms such as CORDIC can accumulate these deviations

Y= Sapprox — Saccurate
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CORDIC Accumulated Error Range

Range of E
o

4 5 6 7 8 9 10 11 12 13 14 15 16
Iteration

FIGURE 4: Range of accumulated CORDIC error E) over
iterations A = 4-16 using the add16se_2TN approximate
adder.

across multiple cycles. Therefore, statistically characterizing
~ is essential for understanding potential aggregate error.
During the CORDIC iterations used to compute v2, each
iteration i introduces a per-iteration error, €;, representing the
effective error contributed by the approximate adder in that
iteration. The error direction is determined by g; € {£1}.

€ =8 (12)

After bit-shift scaling by «;; (with a;; = 271, the cumulative
error after \ iterations is:

A—1 A—1
E\ = Zaiei = Zriei (13)
i=0 i=0

Assuming that the deviation signs follow a symmetric
random distribution, i.e., P(g; = +1) = 0.5, the expected
cumulative error is zero, and the variance can be computed
accordingly.

To visualize how the approximate-adder deviations propa-
gate through the CORDIC iterations, we performed a Monte-
Carlo simulation. In this simulation, errors ¢; were generated
based on the measured (i, ~ 0.25,0, =~ 0.433) of the
approximate adder add16se_2TN. For each iteration count
A = 4 to 16, the cumulative error E was computed sepa-
rately. The resulting plot shows the range of E) for each A,
illustrating how the cumulative error varies across different
numbers of CORDIC iterations.

The simulation results in Fig. 4 indicate that the cumula-
tive error E of the CORDIC using the add16se_2TN adder
remains nearly constant across the iteration count A = 4 to 16.
The per-iteration errors, generated independently, contribute
only small variations to the total cumulative error due to
the scaling factor 27/, resulting in an almost uniform error
range without any noticeable upward or downward trend.
Therefore, increasing the number of iterations does not sig-
nificantly change the amplitude of the cumulative error, and
the observed error range remains effectively the same across
different iteration counts.

While E, characterizes arithmetic-level deviations in
CORDIC, the system-level impact of errors introduced by
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FIGURE 5: MRE (%) versus CORDIC iteration count (A =
4-16) for the HOMIN Regular Spiking neuron using the
add16se_2TN approximate adder at / = 15.

CORDIC iterations and approximate adders is evaluated
through the spike-time MRE of the HOMIN model. To this
end, we perform simulations with CORDIC iteration counts
ranging from A = 4 to 16 and evaluate the resulting errors
using the spike-time MRE of the HOMIN Regular Spiking
neuron, enabling a direct assessment of how arithmetic ap-
proximations affect the spiking behavior of the Izhikevich-
based neuron model.

Fig. 5 shows the spike-time MRE of the HOMIN model as
a function of the CORDIC iteration count A. As ) increases
from 4 to 16, the spike-time MRE consistently decreases and
gradually converges to a small value. This trend indicates that
increasing the number of CORDIC iterations improves the
temporal accuracy of spike generation. The observed con-
vergence further suggests that the nonlinear dynamics of the
HOMIN neuron effectively mitigate the impact of errors in-
troduced by CORDIC computation and approximate adders,
resulting in stable spiking behavior at the system level.

V. EVALUATION
A. EVALUATION METHODOLOGY

Software simulation and validation were conducted in
Python, employing the EvoApproxLibLITE [62] library to
implement approximate adders within the CORDIC multi-
plication process. The CORDIC-based multiplication was
then integrated into the HOMIN neuron model and simulated
across different neuron behaviors to evaluate accuracy and
spiking dynamics. The validation encompassed three main as-
pects: time-domain simulations of the membrane potential for
the standard HOMIN, HOMIN with CORDIC, and HOMIN
with CORDIC combined with the approximate adder; eval-
uation of the MRE across CORDIC iterations (4-16) for
multiple approximate adder configurations relative to the ref-
erence model; and large-scale raster plot analysis of 1000 ran-
domly connected excitatory neurons to assess network-level
behavior consistency. We note that the specific adders tested
were chosen for availability in EvoApproxLibLITE [62]. The
key contribution of our work is a systematic, library- and
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hardware-independent approach to select the approximate
adder and CORDIC iterations based on accuracy-efficiency
trade-offs.

The Izhikevich neuron is also written in SystemVerilog.
We instantiate the combination of EvoApproxLibLITE and a
CORDIC-based multiplier within the HOMIN neuron model,
exploring a wide range of adder options (2TN, 3BD, and
others) and several CORDIC variants, including iterative de-
signs with 9 and 16 iterations and fully unrolled realizations
with matching iteration counts. ModelSim is employed for
functional simulation, Synopsys Design Compiler for RTL-
to-gate synthesis, and Synopsys PrimeTime for estimating
output power and timing characteristics. The design is imple-
mented using 45nm CMOS NANGATE.

B. SOFTWARE EVALUATION

In this section, we present a comparative evaluation of
the standard HOMIN model, the CORDIC-based HOMIN
model, and the CORDIC with approximate adder HOMIN
model. The analysis is carried out at both the single-neuron
level and the network level, focusing on membrane potential
traces, spike timing accuracy measured by the MRE, and
population dynamics captured by raster plots.

1) Membrane potential traces

The comparison begins at the level of the membrane potential
traces, which reflect the dynamic evolution of the neuron’s
internal voltage in response to external input. This provides
a direct way to assess how closely the CORDIC-based im-
plementations reproduce the spiking behavior of the standard
HOMIN model.

Fig. 6 presents four representative neuron firing patterns —
Regular Spiking (d=8.0), Initial Bursting (d=5.0), Chattering
(d=1.125), and Low-Threshold Spiking (d=0.375) — each
showing both the membrane potential (zoomed around spike
events) and the corresponding spike output over the same
time interval. This presentation allows direct comparison of
both membrane potential shapes and spike timing across the
three HOMIN variants (standard, CORDIC, and CORDIC
with approximate adder add16se_2TN) under identical con-
ditions. Notably, the differences between the variants are
relatively small, indicating that the CORDIC approximations
do not significantly alter the neuron firing patterns. However,
to quantitatively assess the differences, particularly in spike
timing, a metric such as the Mean Relative Error (MRE) can
be used to provide a concrete measure of deviation between
the models.

2) Spike Timing Accuracy

To quantitatively evaluate the accuracy of spike timing across
different configurations, the MRE metric was employed. The
MRE was computed for CORDIC iteration counts ranging
from 4 to 16 and evaluated across four distinct neuron be-
haviors: Regular Spiking (RS, d = 8.0), Initial Bursting (IB,
d = 5.0), Chattering (CH, d = 1.125), and Low-Threshold
Spiking (LTS, d = 0.375).
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As shown in Fig. 7, the HOMIN-CORDIC and HOMIN-
CORDIC + approximate adder models produce almost iden-
tical MRE values across all neuron behaviors, demonstrating
that the spike timing characteristics remain highly consistent
even when approximate adders are introduced. Furthermore,
the MRE steadily decreases with increasing CORDIC itera-
tion counts for all neuron types, indicating improved numer-
ical precision with deeper iterations.

Quantitatively, the results show close agreement across
adders. For Regular Spiking, the average MRE is 1.96%
with a maximum of 12.76%. For Initial Bursting, the average
is 1.25% and the maximum is 6.42%. For Chattering, the
average MRE is 1.83% with a maximum of 12.77%, while
for Low-Threshold Spiking, the average is 0.84% and the
maximum is 2.60%.

These results show that approximate adders generally pre-
serve model accuracy, though their error remains dependent
on the selected iteration count. The overall MRE levels re-
main nearly identical to those of the exact CORDIC model,
and the general trend of error reduction with increasing itera-
tions is preserved. However, it is also observed that at higher
iteration counts, the MRE may slightly increase due to itera-
tive error accumulation, i.e., the propagation and build-up of
approximation errors through successive CORDIC stages.

In Fig. 8, raster plots of network simulations with
1000 randomly connected excitatory neurons are shown for
three configurations: the standard Python-based HOMIN
model without CORDIC, the Python-HOMIN model with
CORDIC and the addl6se_2TN approximate adder, and
the Verilog-HOMIN implementation with CORDIC and the
add16se_2TN approximate adder. All configurations were
initialized using identical synaptic weights and connectiv-
ity matrices to ensure a fair comparison. Overall, the raster
plots reveal highly consistent spiking patterns across the
three cases, characterized by regular, synchronous firing
events spanning the neuronal population. The incorporation
of CORDIC and approximate arithmetic leads only to minor
variations in spike timing, while preserving the global firing
structure and population dynamics. These results indicate
that the proposed hardware-oriented approximations do not
significantly alter the qualitative behavior of the network.

3) Optimal Number of Iterations

To identify the most optimal number of CORDIC iterations,
the MRE values were aggregated across all neuron types (RS,
IB, CH, and LTS) and all approximate adder configurations.
Using Algorithm 3, the average MRE for each iteration count,
ranging from 4 to 16, was computed, and the iteration yielding
the lowest overall error was selected as the optimal configu-
ration.

The analysis indicates that, when applying the mean-based
selection criterion defined in Algorithm 3, the procedure
yields an iteration count of 9, where the average MRE reaches
its minimum value of 0.0705%. Although this result shows
that nine iterations perform well under the evaluated con-
ditions, it should not be interpreted as a universally opti-
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FIGURE 6: Python simulations of the membrane potential as a function of time for four neuron types: Regular Spiking, Initial
Bursting, Chattering, and Low-Threshold Spiking. Spike outputs of each neuron are additionally shown. All models use a scaled
input current of I = 15. The CORDIC+approximate model employs the add16se_2TN adder.

mal choice. The appropriate number of iterations may vary
depending on several factors, such as the specific neuron
model, the adder architecture, and the underlying approxi-
mation behavior. When these factors are fixed—for example,
when targeting a particular neuron model with a given adder
design—a distinct optimal iteration count can be determined.

C. HARDWARE EVALUATION
For the hardware evaluation, we examine 10 variants of the
HOMIN model based on different adder types—2TN, 2U6,
2UB, 2UY, 2YM, 3BD, 32T, 36D, 349, and EXACT—as
well as 4 multiplier variants: running the multiplier with
CORDIC iterations of 9 and 16, and the fully-unrolled ver-
sions with CORDIC iterations of 9 and 16. The results, in-
cluding throughput, energy per spike, and area, are illustrated
in Fig. 9.

As illustrated in Fig. 9, 3BD-based models exhibit superior
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stability and balanced trade-offs across energy, area, and
throughtput, making them the most efficient overall. Other
adder variants also show certain improvements compared
with the exact design, although these benefits are less pro-
nounced than the clearer gains achieved by 3BD.. In con-
trast, 2TN and 2U6 show irregular fluctuations in energy
and throughput, indicating limited scalability. Although fully
unrolled designs consume more energy and area, they deliver
clear throughput gains, confirming the benefit of full paral-
lelization. Other variants—2U6, 2UB, 2UY, 2YM, 32T, 36D,
and 349—maintain consistent results within the performance
range defined by 2TN and 3BD. The energy increase remains
reasonable in view of the throughput improvement of 14.56%
and the area reduction of 10.23% measured against the ex-
act implementation. Overall, intermediate complexity adders
such as 3BD and 32T provide the best balance between ac-
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FIGURE 7: MRE% versus CORDIC iterations (4—16) for HOMIN with CORDIC and HOMIN with CORDIC + approximate
adders (add16se_2TN, add16se_36D, add16se_2UY, add16se_2UB, and add16se_2U6), relative to the standard HOMIN model,

at [ = 15.

curacy, performance, and efficiency, while others offer stable
but less optimal trade-offs.

D. COMPARISON

The v? term is implemented using a CORDIC-based multi-
plier with approximate adders. Since this block contributes a
noticeable portion of the overall hardware cost, we further an-
alyze its implementation in terms of area, power, and achiev-
able frequency, and compare it against representative approxi-
mate squaring designs. Table 1 shows that the CORDIC-based
multiplier variants incorporating approximate adders achieve
up to about 11-12% area reduction and nearly 20% power
reduction compared with the exact design, while maintaining
low average error for most variants. Several variants (such
as 2UB and 2YM) reach Fmax values of up to 562 MHz
(corresponding to clock periods below 2 ns), indicating strong
peak throughput capability. In this work, throughput is eval-
uated based on the reported Fmax and the iterative CORDIC
structure, which supports configurable iteration counts from
9 to 16; to ensure a conservative and fair comparison, 16
iterations are assumed in Table 1. It is acknowledged that the
throughput reported at 100 MHz represents a conservative op-
erating point and may be lower than that of designs optimized
for higher operating frequencies. However, the availability
of high Fmax provides significant performance headroom,
allowing throughput to be increased when required by oper-
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ating closer to the timing limit, at the expense of increased
area and power consumption. This explicitly reflects the in-
herent trade-off between throughput and hardware cost. The
design of Raghuram et al. [63] exhibits competitive area—
power characteristics at a 25 MHz operating frequency (40 ns
period). As no Fmax is reported and the architecture is purely
combinational, throughput is derived assuming single-cycle
operation at the reported operating frequency. In contrast,
under the same throughput-based evaluation assumptions, our
designs achieve substantially higher peak throughput due to
their higher attainable operating frequencies (Fmax ranging
from 474 MHz to 562 MHz). The scaled results from Deepa
et al. [64] further emphasize the favorable area—power trade-
off of the proposed CORDIC-based approach.

In Table 2, our 3BD design demonstrates substantial area
efficiency improvements: 60.1% reduction versus Elnabawy
et al. [66] (1,345 vs. 3,372 um?) and 49.1% reduction ver-
sus Liu et al. [47] (1,345 vs. 2,640 pm?). Regarding power
consumption, while our design consumes higher power than
scaled Elnabawy et al. [66] (0.526 vs. 0.06 mW), it operates
at a significantly higher frequency (384.6 MHz vs. 9.1 MHz
original), delivering approximately 42x higher throughput.
This translates to superior energy efficiency per operation and
throughput per watt for real-time neuromorphic applications.
Compared to scaled Liu et al. [47], our power is comparable
(0.526 vs. 0.50 mW, only 5.2% higher) while achieving sub-
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TABLE 1: Hardware evaluation of CORDIC-based multiplier variants and reference approximate squaring design

Design Area (,umz) Power (uW) | Avg. error (%) | F — Fmax (MHz) | Throughput — Peak Throughput (Mops)

Exact 617 114 0.24 100 — 490 6.25 —30.62

2TN 615 112 0.39 100 — 490 6.25 —30.62

2U6 593 108 0.44 100 — 476 6.25 -29.75

2UB 555 99 1.88 100 - 535 6.25 -33.44

2UY 606 111 0.09 100 — 474 6.25-29.62

2YM 562 92 3.76 100 - 562 6.25 -35.12

32T 546 96 4.48 100 - 513 6.25 - 32.06

36D 556 98 1.62 100 - 508 6.25 -31.75
Raghuram et al. [63] - P1 594.1 107.3 - 25 25
Raghuram et al. [63] - P2 584.3 106.9 - 25 25
Raghuram et al. [63] - P3 589.6 106.7 - 25 25
Raghuram et al. [63] - P4 577.5 107.7 - 25 25
Deepa et al. [64] 45nm equiv? 1,111 45.7 - - _

Scaled to 45nm equivalent using technology scaling equations from [65].
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FIGURE 8: Raster plots of 1000 randomly connected excita-
tory neurons for the HOMIN model using the add16se_2TN
approximate adder. From top to bottom: Python imple-
mentation without CORDIC; Python implementation with
CORDIC and the add16se_2TN approximate adder; Verilog
implementation with CORDIC and the add16se_2TN approx-
imate adder.

stantial area savings of 49.1%, indicating a favorable trade-off
for high-speed, low-power neuromorphic hardware.

VI. DISCUSSION
Following are some discussion points for this work:

First, this work focuses solely on the neuron design without
evaluating its performance in specific applications. Neverthe-
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less, given the low MRE in the range of 0.0073%-0.0509%
at the optimal configuration of 9 iterations of CORDIC mul-
tiplier, the resulting impact on practical applications is ex-
pected to be minimal. Moreover, the analysis shows that this
iteration count consistently provides the lowest error across
all tested neuron types, balancing numerical accuracy with
computational efficiency. As also demonstrated in Fig. 8, the
resulting impact on practical applications is expected to be
minimal.

Second, one design consideration lies in the selection of
the number of CORDIC multiplier’s iterations. While more
iterations can improve accuracy, they also increase hardware
cost, and fewer iterations save resources at the expense of
precision. Therefore, an automated optimization flow could
help determine the optimal trade-off for a given design target.

Another limitation comes from the approximation library
used for the adders. The restricted set of available approxi-
mate adder designs reduces flexibility in tailoring the Izhike-
vich neuron implementation, especially for varying bit-width
requirements. This constraint could be addressed either by
adopting alternative libraries with more diverse approximate
adders or by concatenating accurate adders with approximate
ones to achieve finer control over accuracy and resource
usage.

Although there are some limitations on this work, we have
demonstrated an efficient design for Izhikevich neuron with
a novel CORDIC multiplier.

VIl. CONCLUSION

This paper presents an approximate-adder-based CORDIC
design for implementing the Izhikevich neuron, replacing
multipliers with shift-add operations and exact adders with
approximate ones to reduce resource usage. The proposed
approach improves energy efficiency and hardware cost while
maintaining stable performance. Simulation and synthesis
results show up to 10.23% improvement in area over the
exact design. The optimized configurations also provide a
14.56% increase in throughput compared with the exact base-
line. The fully unrolled configuration achieves about 1.5x
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FIGURE 9: Bar charts comparing
CORDIC multiplier and approximate adder configurations in the HOMIN model.

higher throughput with moderate energy overhead. Overall,
the design achieves a favorable balance among accuracy, per-
formance, and efficiency, making it suitable for large-scale,
energy-efficient neuromorphic hardware. Future work will
focus on integrating the proposed neuron into application-
level neuromorphic systems to evaluate its real-world perfor-

man

ce and resilience. Additional efforts will be devoted to

developing automated optimization tools for parameter selec-

tion

and exploring broader approximation design libraries to

further enhance flexibility and efficiency.
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