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Abstract

This paper introduces the Spike Processing Unit (SPU), a novel digital spiking neuron model engineered
for ultra-efficient hardware implementation. Departing from biologically-plausible models, the SPU
prioritizes computational performance by leveraging a discrete-time Infinite Impulse Response (IIR)
filter with a key innovation: its coefficients are constrained to powers of two. This design eliminates the
need for power-hungry digital multipliers, replacing them with simple bit-shift operations. Informa-
tion is encoded using the inter-spike interval (ISI) format, which decouples signal representation from
numerical precision. This allows the model to operate efficiently with low-precision 6-bit two’s com-
plement integers without introducing representation errors. The model’s functionality is demonstrated
through a temporal pattern discrimination task, where a single SPU is trained via a genetic algorithm
to distinguish between specific input patterns and suppress noise, generating output spikes at distinct
times. This proof-of-concept, validated in Python simulation, confirms the model’s core operational
principle. The proposed approach provides a scalable and multiplier-free framework for Spiking
Neural Networks, contributing to the advancement of energy-efficient neuromorphic computing.

Keywords: Spiking Neural Networks (SNNs); neuromorphic engineering; hardware optimization;
Infinite Impulse Response (IIR) filter; low-precision arithmetic; Inter-Spike Interval (ISI); genetic
algorithm; edge computing

1. Introduction
Computational neuroscience is fundamentally governed by a trade-off between biological plausi-

bility and computational efficiency [1]. This core tension delineates a spectrum of modeling approaches.
At one extreme, biophysically detailed models such as Hodgkin-Huxley [2] achieve high fidelity in
replicating neural dynamics but incur prohibitive computational costs [3,4], limiting their practicality
for large-scale simulations or applied engineering contexts. At the opposite extreme, the abstract
neurons characterizing second-generation Artificial Neural Networks (ANNs)—which evolved from
the McCulloch-Pitts framework [5], incorporated nonlinearities through the work of Widrow and
Hoff [6], and were later optimized via the Backpropagation algorithm [7]—prioritize computational
tractability and have become central to Deep Learning. However, this very abstraction has led to
a pronounced divergence from the brain’s core architectural principles, forsaking key sources of
its computational efficiency—such as event-based sparse communication, massive parallelism, and
in-memory computation—that are inherent to spiking paradigms.

Occupying an intermediate position are simplified spiking models (Figure 1), such as Izhike-
vich’s [8], which strike a balance by reproducing key dynamical behaviors (Figure 2) with reduced
computational overhead. While effective in software, these models face a critical barrier in hardware
implementation: their reliance on complex arithmetic operations, particularly digital multiplications
with floating-point numbers, which are notoriously area- and power-intensive [9]. This inefficiency
directly contradicts the goal of neuromorphic computing—to create systems that emulate the brain’s
exceptional energy efficiency [10].
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Figure 1. Spectrum of biological plausibility for neuron models. The proposed SPU model belongs to a distinct
category focused on functional abstraction for hardware optimization. From left to right: Hodgkin-Huxley:
Biophysical model with ion channels. FitzHugh-Nagumo: Simplified nonlinear dynamics. Izhikevich: Hybrid
model with recovery dynamics. LIF: Leaky Integrate-and-Fire. SRM: Spike Response Model. McCulloch-Pitts:
Abstract logic unit.

The exceptional efficiency of the nervous system arises from fundamental architectural principles
that circumvent the von Neumann bottleneck [11], a critical limitation in conventional computing
architectures caused by the physical separation of memory and processing units. This architectural
divide introduces significant performance and energy overheads, including data transfer latency, high
energy costs associated with data movement, and limited scalability due to sequential processing
constraints [12]. In contrast, biological neural systems achieve remarkable computational efficiency
through massive parallelism, in-memory processing [13], and sparse, event-driven communication.
Neuromorphic engineering seeks to emulate these principles in artificial systems, with Spiking Neural
Networks (SNNs) [14] emerging as a leading paradigm in the third generation of neural network
models. Unlike traditional artificial neural networks (ANNs), which rely on continuous-valued
activations, SNNs encode information in the temporal dynamics of discrete spike events, rendering
them inherently event-driven and highly energy-efficient.

In SNNs, information is not represented by analog amplitudes or real-valued activations, but
rather by the precise timing of spikes. The amplitude of individual spikes is invariant and thus carries
no information; instead, computational meaning is derived from the temporal structure of spike
trains. A particularly efficient and biologically plausible coding scheme is the Inter-Spike Interval
(ISI) representation, in which analog values are encoded as the time interval between consecutive
spikes—shorter intervals corresponding to higher values, and longer intervals to lower values. This
coding strategy is illustrated in Figure 3.
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(A) tonic spiking

input dc-current

(B) phasic spiking (C) tonic bursting (D) phasic bursting

(E) mixed mode (F) spike frequency (G) Class 1 excitable (H) Class 2 excitable
adaptation

(I) spike latency (J) subthreshold (K) resonator (L) integrator

(M) rebound spike (N) rebound burst (O) threshold (P) bistability
variability

oscillations

(Q) depolarizing (R) accommodation (S) inhibition-induced (T) inhibition-induced
after-potential spiking bursting

DAP

20 ms

Figure 2. Diverse spiking behaviors reproduced by the Izhikevich model. While powerful, replicating such
dynamics in hardware is computationally expensive. Source: www.izhikevich.com.
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Figure 3. Inter-Spike Interval (ISI) encoding: (a) High values are represented by short intervals between spikes; (b)
low values by long intervals; (c) intermediate values by moderate delays. Blue vertical lines indicate the onset of
the stimulus window.

The ISI format offers significant advantages in terms of energy efficiency, as it requires only
two spikes per value representation, minimizing neuronal activity and thereby reducing power
consumption—especially critical in hardware implementations. Furthermore, at the network output,
ISI-encoded signals can be directly converted into Pulse Width Modulation (PWM) signals, as depicted
in Figure 4. This conversion is particularly advantageous for real-world applications, as PWM is
a widely adopted method for controlling actuators such as motors, LEDs, and other analog-driven
devices.

Figure 4. Conversion from ISI to PWM: (a) Short inter-spike intervals yield high-duty-cycle PWM signals; (b) long
intervals produce low-duty-cycle waveforms. The resulting PWM signal can be low-pass filtered to recover an
analog output. Blue lines mark the boundaries of the PWM period.

By leveraging the ISI coding scheme, spiking neural networks can interface directly with sensors
and actuators with minimal preprocessing or postprocessing circuitry, enabling end-to-end spike-based
signal processing pipelines.

This work introduces the Spike Processing Unit (SPU), a novel digital neuron model designed
with a hardware-first philosophy.
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The remainder of this paper presents the SPU architecture, elucidates its operational principles,
and demonstrates through simulation its capacity to be trained via a genetic algorithm for temporal
pattern discrimination. These results validate the model’s functional correctness and highlight its
potential as a foundation for ultra-low-power, event-driven neuromorphic systems.

2. The Spike Processing Unit (SPU) Model
This section details the architecture and operational principles of the Spike Processing Unit (SPU),

a novel neuron model designed for ultra-low-power digital implementation. The model is built upon
a discrete-time Infinite Impulse Response (IIR) filter and incorporates several key innovations to
eliminate digital multipliers and minimize hardware resource usage.

2.1. Model Overview and Computational Philosophy

The design of the Spike Processing Unit (SPU) is guided by a fundamental hypothesis: that
maximal hardware efficiency in neuromorphic systems is achieved not through the incremental
approximation of biological fidelity, but through a functionalist abstraction. This philosophy prior-
itizes the preservation of computational essence—such as temporal integration, thresholding, and
spike-based communication—while deliberately discarding biologically inspired but computationally
expensive mechanisms.

The SPU embodies this principle by aiming to replicate the core computational role of a biological
neuron rather than its precise biological mechanics. The model receives spike events on its inputs,
integrates them into a membrane potential variable via an Infinite Impulse Response (IIR) filter that
mimics synaptic dynamics and membrane potential integration, and generates an output spike when
this potential exceeds a threshold. The key innovation of this architecture—beyond its conceptual
shift—is the constraint of all IIR filter coefficients to powers of two. This critical design choice enables
the replacement of power-hungry arithmetic multipliers with low-cost bit-shift operations. When
combined with 6-bit two’s complement integer arithmetic and inter-spike interval (ISI) based temporal
coding, the model becomes entirely multiplier-free and fundamentally optimized for efficient digital
hardware implementation. Figure 5 provides a high-level block diagram of the SPU’s architecture,
while Figure 6 details the second-order IIR filter that forms its computational core.

Figure 5. Block diagram of the Spike Processing Unit (SPU). Input spikes are weighted and summed to form x[n].
This value is processed by a multiplier-less IIR filter (using shifts and adds) to compute the membrane potential
y[n] ≡ Vmem. A comparator generates an output spike if y[n] exceeds the threshold Vth.
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Figure 6. Implementation of second-order IIR filter in direct form II to reduce the required register count.

The SPU (Figure 5) can be scaled to include as many synapses as required by adding more synapse
modules and summing nodes to the soma (SPU’s body).

The clock signal, CK, serves as a form of “time constant” for the neuron. In theory, each SPU
could operate at a different clock frequency. In practice, two distinct clock frequencies could be defined
to emulate fast and slow neurons, or a single frequency could be used, and so relying only on the
SPU’s dynamics to process the spikes.

2.2. Synaptic Input and Weighted Summation

The SPU features M synaptic inputs. Each synapse has an associated weight wm, stored as a
6-bit two’s complement integer. The total synaptic input x[n] at discrete time step n is the sum of the
weights of all synapses that received a spike in that clock cycle:

x[n] =
M

∑
m=1

wm · sm[n] (1)

where sm[n] ∈ {0, 1} indicates the presence (1) or absence (0) of a spike on synapse m at time n.
That means, when a spike arrives at the input, the synapse presents its weight value to the

summing node and keeps it there until it is sampled by the SPU soma (neuron body) at the rising edge
of the clock signal. Additionally, the synapse acts as a buffer to synchronize the SPU’s clock frequency
with the unpredictable timing of input spikes.

2.3. IIR Filter as Membrane Dynamics

The core of the SPU is a second-order IIR filter (Figure 6), which calculates the current membrane
potential y[n] based on current and past inputs and past outputs:

y[n] = b0x[n] + b1x[n − 1] + b2x[n − 2]− a1y[n − 1]− a2y[n − 2] (2)
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The key innovation is the constraint of the coefficients ak and bk to the set {0,±1,±2,±0.5,
±0.25,±0.125}. This allows all multiplications in Equation (2) to be implemented as simple arithmetic
bit shifts and additions/subtractions, completely eliminating the need for digital multiplier circuits.

2.4. Spike Generation and Reset Mechanism

An output spike o[n] is generated at time n if the membrane potential y[n] exceeds a trainable
threshold parameter Vth:

o[n] =

1 if y[n] ≥ Vth

0 otherwise
(3)

This is accomplished by a simple digital comparator coupled with a register used to store the
threshold value.

The dynamics of the IIR filter govern the temporal evolution of the membrane potential, producing
behaviors that range from rapid decay and damped oscillations to more complex resonant patterns.
This inherent dynamics renders an explicit reset mechanism unnecessary. Crucially, the interaction
of incoming spikes with the filter’s lingering impulse response is not a limitation but a fundamental
feature: it enables the SPU to process information encoded in inter-spike intervals (ISI), where an
initial pulse excites the filter and subsequent pulses modulate its state. This property provides each
SPU with a form of short-term memory and allows for rich, temporal interactions within a network.
Moreover, this design leverages the well-established mathematical framework of digital filter theory,
facilitating analysis and optimization through standard signal processing techniques.

Still, a reset signal (RST in Figure 5) is present in each SPU unit for system initialization purposes,
or even to allow the application of some strategies like "Winner Takes All", in which the first neuron to
fire inhibits neighboring cells.

2.5. Information Representation and Hardware-Optimized Precision

A fundamental choice in neuromorphic engineering is how information is encoded and trans-
mitted. The SPU model leverages two complementary strategies to achieve hardware efficiency: a
temporal coding scheme and a low-precision numerical representation.

2.5.1. Inter-Spike Interval (ISI) Coding

The SPU employs inter-spike interval (ISI) coding for both input and output communication.
In this scheme, information is encoded in the temporal intervals between successive spike events
rather than in analog signal amplitudes. This form of temporal coding is not only biologically
plausible but also inherently digital and sparse, leading to high energy efficiency in event-based
systems. Importantly, ISI coding decouples signal representation from the precision of internal
arithmetic operations. The exact integer value of the membrane potential y[n] is functionally irrelevant;
only the timing of its threshold crossing Vth carries information. This architecture ensures inherent
robustness to quantization errors and saturation effects that are unavoidable in low-precision numerical
implementations.

Moreover, the SPU’s strictly spike-based processing paradigm eliminates the need for explicit
time measurement as a source of numerical information, avoiding the approximations inherent in
such approaches. The system operates purely through reactive processing of spike sequences, further
enhancing its hardware efficiency.

2.5.2. Low-Precision Integer Arithmetic

To exploit the benefits of temporal coding, all internal state variables (x[n], y[n], y[n − 1], . . .) and
parameters (wm, Vth) are represented as 6-bit two’s complement integers. The coefficients ak, bk are
represented in floating-point for simulation purposes, but the multiplication of these coefficients by
the synaptic weights is rounded to an integer before proceeding with the sums. In the hardware
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implementation, the coefficients are not explicitly represented in numerical form, as they are obtained
by bit-shifting the input values. To achieve this, a configuration register is required. The low-precision
numerical representation minimizes the size of the registers and the logic area.

This drastic reduction in bit-width, compared to standard 32-bit floating-point representations,
directly translates to hardware gains:

• Reduced Silicon Area: Smaller registers and arithmetic units (e.g., adders, shifters) consume less
physical space on a chip.

• Lower Power Consumption: Switching activity on fewer bits and the elimination of complex
multiplier circuits significantly reduces dynamic power dissipation.

• Increased Operating Frequency: Simpler logic with shorter critical paths can potentially allow
for higher clock speeds.

The synergy between ISI coding and low-precision integers is the cornerstone of the SPU’s
efficiency. The former ensures functionality is preserved, while the latter enables the hardware gains
that are the model’s primary objective.

2.6. Filter Order and Neural Dynamics Repertoire

The order of the IIR filter is a critical hyperparameter that determines the richness of the dynamical
behaviors the SPU can exhibit. The choice of a second-order system represents a deliberate trade-off
between computational complexity and functional capability, enabling the emulation of key neural
computations.

• First-Order (e.g., LIF equivalence): A first-order IIR filter can be configured to precisely replicate
the behavior of a Leaky Integrate-and-Fire (LIF) neuron. It performs a simple, exponential
integration of input currents, characterized by a single time constant governing the decay of
the membrane potential. It is possible to get oscillatory behavior allowing the presence of zeros
and poles in the filter equation. While highly efficient, its behavioral repertoire is fundamentally
limited to passive integration and is insufficient for modeling more complex phenomena like
resonance or damped oscillations.

• Second-Order (Proposed Model): The second-order transfer function introduced in Equation (2)
is the minimal configuration required to model resonant dynamics and damped oscillations. The
pair of poles in the system’s transfer function allows it to be tuned to some resonant frequencies
(considering the limitations imposed by the constrained coefficients), meaning the neuron can
become selectively responsive to input spikes arriving at a particular frequency. This aligns with
the behavior of certain biological neurons that exhibit subthreshold resonance [15], enhancing
their ability to discriminate input patterns based on temporal structure. This capability to
act as a bandpass filter is a significant advantage over first-order models for temporal signal
processing tasks.

• Higher-Order (Third and Fourth): Third and fourth-order filters offer an even richer dynamical
repertoire, including multiple resonant peaks, more complex oscillatory behaviors, and sharper
frequency selectivity. However, this increased behavioral complexity comes at a steep cost: each
increase in order adds two more state variables, more coefficients to store and manage, and
a significant increase in the complexity of the parameter space for training. For most target
applications, the marginal gain in functionality does not justify the quadratic increase in hardware
resources and training difficulty.

The choice of a second-order model for the SPU is therefore a “sweet spot”. It provides a necessary
improvement in computational functionality over first-order models—specifically, the ability to process
information in the frequency domain through resonance—while avoiding the prohibitive costs of
higher-order systems. If more complex behavior needs to be modeled, this can be accomplished by the
network itself, not by the individual neuron. But if this were unavoidable, a higher-order model can
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be obtained simply by chaining together second-order models (by propagating y[n] in this case). The
theoretical framework remains the same, from the simplest to the most complex models.

The dynamical behavior of the SPU is governed by the values of its IIR coefficients (ak, bk),
which determine its filtering properties (e.g., low-pass, band-pass, resonant frequency), and the
synaptic weights (wm) and threshold (Vth), which determine its sensitivity and spiking behavior. This
combination allows a single second-order SPU to exhibit a versatile repertoire of functionalities crucial
for processing spike trains, such as tonic spiking, bursting, phasic spiking, and transient response to
specific input frequencies (see some of these behaviors on Figure 2).

Another fundamental characteristic of the SPU, when compared to traditional neuron models,
is that its coefficients can also be trainable parameters, thus expanding its behavioral repertoire in
response to input stimuli. Traditional models rely solely on variations in their synaptic weights and,
eventually, their activation threshold, to respond appropriately to any input stimulus.

3. Simulation Framework and Training Methodology
This section describes the software simulation framework developed to validate the SPU model,

the design of the temporal pattern discrimination task, and the genetic algorithm (GA) used to train
the SPU’s parameters.

3.1. Software Simulation and Numerical Representation

A cycle-accurate simulation of the SPU was implemented in Python to validate its functionality
before hardware deployment. The simulation strictly adheres to the proposed numerical constraints:
all operations—including the arithmetic shifts for coefficient multiplication—are performed using
6-bit two’s complement integer arithmetic. This ensures that the simulation accurately models the
quantization and overflow behavior that will occur in the actual digital hardware, providing a faithful
representation of the system’s performance.

3.2. Temporal Pattern Discrimination Task

To evaluate the computational capability of a single SPU, a temporal pattern discrimination task
was designed. The neuron receives input from four synapses (M = 4), each capable of receiving a
spike train.

• Pattern A and Pattern B: Two distinct spatiotemporal patterns were defined (see Figure 7). Each
pattern is characterized by a specific sequence of spikes across the four input channels over a
fixed time window (e.g., 20 clock cycles).

• Pattern C (Noise): A third pattern consists of random, uncorrelated spikes across the inputs,
serving as a distractor or null class.

The desired behavior for the SPU is to emit a single output spike at a unique, pattern-specific time
step in response to Pattern A and Pattern B, and to remain silent (i.e., produce no output spikes) when
presented with Pattern C.
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SPU

SPU

SPU

1

2

3

Figure 7. Test patterns applied to SPU. 1) Pulses at synapses A and B at time 1 and C at time 3; 2) Pulses at synapse
D at time 1 and A and C at time 5; 3) Noise pattern with pulses at synapses B at time 2, D at time 4, A at time 6 and
C at time 8. The output response for pattern 1 is a spike at time 5 and a spike at time 9 is the expected response for
pattern 2. No spike is expected for pattern 3.

A second pattern discrimination task was also devised: for the same input patterns, the SPU was
trained to generate two output pulses at well-defined times. This approach is useful if the output is to
be encoded in ISI format.

Table 1. SPU Input Stimulus Pattern Specifications and Desired Outputs (double spike)

Pattern Input Stimuli (Synapse ID, Time Step) Desired Outputs (Time
Steps)

Pattern 1

• Synapse A: timestep 1
• Synapse B: timestep 1
• Synapse C: timestep 3

First spike: timestep 5

Second spike: timestep 8

Pattern 2

• Synapse D: timestep 1
• Synapse A: timestep 5
• Synapse C: timestep 5

First spike: timestep 7

Second spike: timestep 13

Pattern 3
(Noise)

• Synapse B: timestep 2
• Synapse D: timestep 4
• Synapse A: timestep 6
• Synapse C: timestep 8

No expected spike

The SPU was configured with four synapses. The simulation of each stimulus pattern lasted 30 time steps.
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3.3. Genetic Algorithm for Parameter Training

This work employs a standard genetic algorithm (GA) to optimize the parameters of the Spike
Processing Unit—SPU (see Table 2). A population of chromosomes, each encoding the SPU’s synaptic
weights, firing threshold, and IIR filter coefficients, is iteratively evolved. The fitness of each candidate
solution is evaluated based on its accuracy in performing a temporal pattern discrimination task, specif-
ically rewarding correct output spike timing for target patterns and suppression of activity for noise.
Tournament selection, single-point crossover, and constrained point mutation (ensuring coefficients
remain valid powers of two) form the core of the evolutionary process. The algorithm concludes after
a fixed number of generations, with the highest-fitness solution representing a functionally competent
and hardware-optimized SPU configuration.

Figure 8. Chromosomal representation of SPU. Each “gene” represents a specific characteristic.

Table 2. Genetic Algorithm Parameters for SPU Optimization

Parameter Category Value/Description

Population Size 150 individuals
Number of Generations 1000
Selection Method Tournament Selection
Tournament Size 6 individuals
Crossover Method Uniform Crossover
Crossover Probability (per gene) 0.5
Mutation Method Adaptive Point Mutation
Mutation Rate (general) 0.6
Elitism 5 best individuals

An exceptionally high mutation rate was used to maximize the exploration capacity of the problem
space, while elitism ensures the maintenance of better-fit individuals.

Optimizing the genetic algorithm, or employing variations based on evolutionary strategies, is
beyond the scope of this work and can be further explored in future publications, in conjunction with
SPU-based neural network training methodologies.

3.4. Experimental Setup

The experimental procedure consisted of initializing a population of chromosomes with random-
ized parameters and executing the genetic algorithm for a predetermined number of generations. The
performance of the highest-fitness individual was subsequently evaluated against a held-out test set of
pattern instances to assess its generalization capability.

Both experimental campaigns were successfully completed: the first trained the SPU to produce a
single output pulse in response to specific patterns, while the second extended this capability to the
generation of precisely timed double pulses.

4. Results and Discussion
This section presents the results of the training process and the performance of the optimized

Spike Processing Unit (SPU) on the temporal pattern discrimination task. The findings demonstrate
the model’s capability to learn distinct temporal patterns and generalize its functionality under strict
hardware-oriented constraints.
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4.1. Trained SPU Dynamics and Performance

The functionality of the trained SPU is visualized in Figure 9, which shows the membrane potential
y[n] and output spikes in response to the three input patterns.

For Pattern A and Pattern B, the membrane potential integrates the specific spatiotemporal input,
crosses the threshold Vth, and elicits an output spike at a distinct, pattern-specific time step. Crucially,
the timing of the output spike is consistent and different for each pattern, fulfilling the core requirement
of the task.

For Pattern C (Noise), the membrane potential fluctuates but never surpass the firing threshold,
resulting in no output spikes. This demonstrates the SPU’s ability to suppress irrelevant inputs and
respond only to the learned, salient patterns.

Figure 9. Membrane potential dynamics and output spikes of the inittialy random (left — b0 : −0.125; b1 : 2.0; a1 :
−0.25; Vth : 11) and then the trained SPU (right — b0 : 0.5; b1 : 1.0; a1 : −0.5; Vth : 6) in response to the three input
patterns. Second-pattern spike is misplaced. Filter order: 1.

For comparison, the graph in Figure 10 shows the temporal response of an SPU implemented
from a first-order IIR. Although the training process has made progress, the positioning of one of the
spikes presents a small temporal error. Such an error always exists in first-order filters, but the output
can be perfectly adjusted with higher-order filters.

For the second pattern discrimination test, which expects a two-pulse output at set times, even
a fourth-order IIR fails to correctly position the output. A network of SPUs is expected to solve this
problem. This will be explored in a future publication.

The parameters discovered by the GA provide insights into the SPU’s operating principles.
The values of the IIR coefficients (ak, bk) were valid powers of two, confirming the viability of the
multiplier-free constraint. The synaptic weights wk and the threshold Vth were also within the range of
6-bit integers. Observing Figures 9–11, it is evident that the evolutionary approach was effective in
determining the SPU’s parameters, thus proving its usefulness as a feasible model for spiking neurons.
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Figure 10. Membrane potential dynamics and output spikes of the inittialy random (left — b0 : −0.5; b1 : 1.0; b2 :
−1.0; a1 : −0.25; a2 : −0.25; Vth : 5) and then the trained SPU (right — b0 : 2.0; b1 : 0.5; b2 : 2.0; a1 : 0.25; a2 :
−0.5; Vth : 4) in response to the three input patterns. Correct positioning of the spikes for both patterns. Filter
order: 2.

Figure 11. Membrane potential dynamics and output spikes of the inittialy random (left — b0 : −1.0; b1 : −2.0; b2 :
−2.0; b3 : 1.0; b4 : −2.0; a1 : −0.25; a2 : −0.25; a3 : −0.25; a4 : −0.5; Vth : 11) and then the trained SPU (right —
b0 : 0.25; b1 : 2.0; b2 : −1.0; b3 : 1.0; b4 : −0.5; a1 : −0.25; a2 : 0.125; a3 : 0.125; a4 : −0.5; Vth : 9) in response to the
three input patterns. This time, it is expected a double-spike output, but one spike is misplaced for the response to
pattern 2. Filter order: 4.
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4.2. Discussion on Functional Abstraction and Hardware Efficiency

The results serve as a successful proof-of-concept for the core thesis of this work: that the
computational function of a spiking neuron can be abstracted into a multiplier-less IIR filter operating on
low-precision integers. The SPU did not replicate biological action potential waveforms (c.f. Figure 2),
yet it successfully performed a non-trivial temporal processing task. This functionalist approach is the
key enabler of the promised hardware efficiency.

The chosen constraints directly translate to hardware advantages:

• Multiplier-Free Design: The filter coefficients require only shift-and-add operations.
• Minimal Area Footprint: 6-bit registers and integer arithmetic units significantly reduce silicon

area compared to 32-bit floating-point equivalents.
• Low Power Consumption: The elimination of multipliers and the use of simple logic gates lead

to a reduction in dynamic power.

The successful performance demonstrated in Section 4.1 validates the core premise that ISI coding
renders the system’s function robust to the quantization errors inherent to the low-precision arithmetic,
thereby enabling these hardware benefits.

While a second-order IIR SPU can be successfully trained to produce a single output spike at a
precise time, our experiments indicate that generating accurately timed double spikes requires a higher-
order dynamic response. Specifically, even a fourth-order IIR implementation proved insufficient for
this more complex temporal patterning. A comprehensive analysis of multi-spike generation, including
the required filter order and novel training methodologies, will be the subject of a future publication,
following the completion of our ongoing study on SPU network dynamics and learning rules.

This demonstrates that the SPU represents a pragmatic trade-off, sacrificing biological detail for
orders-of-magnitude gains in hardware efficiency, making it suitable for large-scale neuromorphic
systems on resource-constrained edge devices.

5. Conclusions and Future Work
This paper has introduced the Spike Processing Unit (SPU), a novel hardware-oriented model

for spiking neurons that prioritizes computational efficiency and hardware implementability over
biological plausibility. The core innovation of the SPU lies in its formulation as an Infinite Impulse
Response (IIR) filter with coefficients constrained to powers of two, enabling a fully multiplier-
free design where all multiplications are reduced to simple bit-shift operations. Coupled with a
low-precision 6-bit two’s complement integer representation and event-driven processing based on
inter-spike intervals (ISI), the model is fundamentally designed for minimal resource consumption in
digital hardware.

The viability of this approach was demonstrated through a temporal pattern discrimination
task. A single SPU was successfully trained via a genetic algorithm to distinguish between two
specific spatiotemporal spike patterns and suppress its output for a random noise pattern. This
result serves as a critical proof-of-concept, confirming that the SPU—despite its extreme architectural
simplifications—can perform non-trivial temporal processing essential for neuromorphic computing.
The functionalist approach, which focuses on replicating the computational role of a neuron rather than
the form of its biological dynamics, has proven to be a viable path toward extreme hardware efficiency.

5.1. Summary of Contributions

The primary contributions of this work are fourfold:

1. A Novel Neuron Model: The introduction of the SPU, a multiplier-less, IIR-based spiking neuron
model that operates entirely on low-precision integers.

2. A Hardware-First Design Philosophy: A demonstration that divorcing functional computation
from biological realism can yield drastic gains in hardware efficiency, offering a new design
pathway for neuromorphic engineering.
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3. A Validation Methodology: A framework for training and evaluating the SPU using genetic
algorithms on a temporal processing task, proving its computational capability.

4. A Foundation for Scalable Systems: The SPU provides a foundational building block for con-
structing large-scale, energy-efficient SNNs that are feasible to implement on FPGAs and ASICs
for edge computing applications.

5.2. Future Work

This work establishes a foundation for several promising avenues of future research:

• Hardware Implementation: The immediate next step is the physical implementation of the SPU
on an FPGA platform. This will provide concrete measurements of area, power consumption,
and maximum clock frequency, allowing for a direct comparative analysis against other neuron
models from the literature.

• Network-Level Integration: Exploring the behavior of networks of interconnected SPUs is crucial.
Research directions include studying recurrent network dynamics for reservoir computing and
developing learning rules (e.g., a modified Spike-Timing-Dependent Plasticity - STDP) capable of
training not only synaptic weights but also the IIR coefficients themselves.

• Advanced Applications: Applying SPU-based networks to more complex benchmark tasks,
such as spoken digit recognition or time-series prediction, will be essential for benchmarking its
performance against established ANN and SNN models.

• Algorithm-Hardware Co-Design: Further exploration of the trade-offs between numerical preci-
sion, filter order, and task performance could lead to optimized variants of the SPU for specific
application domains.

In conclusion, the SPU model represents a significant step toward the development of truly
efficient and scalable neuromorphic systems. By embracing a functionalist approach and rigorous
hardware-oriented constraints, it offers a compelling alternative to more biologically complex models,
paving the way for the next generation of low-power, brain-inspired computing.
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Abbreviations
The following abbreviations are used in this manuscript:

ANN Artificial Neural Network
GA Genetic Algorithm
IIR Infinite Impulse Response (filter)
ISI Inter-Spike Interval
LIF Leaky Integrate-and-Fire (neuron model)
SNN Spiking Neural Network
SPU Spike Processing Unit
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