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Abstract

Spiking Neural Networks (SNNs) are energy-efficient algorithms
that have proven effective for Al-based sensor-data processing
at the edge. The new generation of high-density sensor arrays en-
ables augmented decoding and classification capabilities for sensing
devices, however, similarly to what has been observed in image
processing, dense layers become impractical as the sensor array
size increases, both due to the growing number of channels, which
increases the memory footprint of Al models, and because they fail
to capture spatial features inherently present when sensor sens-
ing areas overlap. This paper introduces a new end-to-end spiking
convolutional accelerator, designed for deployment on low-cost
and low-power FPGA devices for high-count sensor data analysis.
The system integrates a RISC-V softcore responsible for managing
input/output dataflow, an encoding and a decoding slot for sample-
to-spike data conversion and viceversa, and a programmable and
sparsity-aware convolutional spiking neural network accelerator.
We evaluated the system, implemented on a Lattice iCE40UP5K
FPGA, on a High-Density surface EMG continuous force tracking
task included in the Hyser dataset. The proposed solution achieves
accuracy comparable to that of a dense baseline model, while re-
ducing the memory footprint by a factor of 5.1x and dissipating
only 35 pJ per synaptic operation, corresponding to 6.8 mW during
inference.
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1 Introduction

Spiking Neural Networks (SNNs) are receiving growing attention
in Al-based sensor data processing, due to a number of intrinsic
computational properties. First, both inter-layer and input/output
data are represented as single-bit events, namely spikes, which sim-
plify the computation of neurons’ input currents by replacing dense
multiply-and-accumulate operations, typical of vanilla neural net-
works, with sparse additions. Second, the internal state of spiking
neurons naturally provides temporal awareness, making these mod-
els well suited for processing time-series of data. Neuromorphic
processors can efficiently exploit the computational advantages of
spiking workloads [21, 24, 26], however, they cannot yet be regarded
as a mainstream solution because of their cost and limited avail-
ability. A compelling alternative for the execution of SNNs is repre-
sented by FPGA devices, which provide flexible memory resources,
DSP capabilities, and reconfigurable logic that can be tailored to
embed sparsity-aware mechanisms within the data-crunching logic.
This is especially relevant for continuous monitoring, where only
relevant features captured by the sensors are translated into spikes
[2, 4], natively reducing the workload when no relevant activity
is present, and therefore, allowing sparsity-aware systems to save
power during idle periods.
The resulting efficiency gains are even more significant when new-
generation high-density sensor arrays are considered, where the
growing number of sensing channels and the increased sampling
rates intensify the computational and memory demands at the edge.
In this scenario, scalability concerns also influence the choice of
the model architecture. As in image processing, dense layers be-
come impractical as the sensor array size increases, making support
for convolutional layers necessary to enable lightweight feature-
extraction stages preceding classification [9, 19, 33], while also
allowing the capture of spatial features inherently present when
sensor sensing areas overlap [22, 31].

Several FPGA-based accelerators for SNN execution have been
proposed in the literature [1, 3, 5-8, 14-18, 23, 25, 27, 32, 34-36].
However, most of them are not specifically tailored to sensor data
processing and instead primarily target bulk image classification
on high-end device, with limited attention to edge deployment
power constraint requirements. In this work, we build on SYNtzulu
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Figure 1: Overview of FPGA-based SNN accelerators.

[13], an existing SNN accelerator specifically developed to enable
Al-based analysis at ultra-low power cost. Rather than maximizing
throughput, SYNtzulu is designed to prioritize resource minimiza-
tion and low-power operation, allowing deployment on low-power
FPGA devices and making it particularly well suited to stringent
edge-power constraints. We extend this architecture by adding sup-
port for sparsity-aware execution of convolutional spiking layers,
thereby enabling the processing of high-density sensor arrays at
the edge. The main contributions of this paper can be summarized
as follows:

- we present a novel lightweight architectural approach to
exploit sparsity in tightly resource-constrained spiking con-
volutional accelerators;

we extend an existing FPGA-based SNN accelerator tailored
for time-series analysis by integrating convolutional support,
bridging the gap between high-density sensor processing at
the edge and state-of-the-art FPGA-based SNN processors;
in these scenarios, a 1:1 encoding of input variations into
spikes is preferred over absolute-value frame encoding, where
each input is typically expanded into multiple frames. This
requires sparsity to be exploitable at a finer grain, to skip as
many operations as possible in every single convolution ker-
nel. SYNtzulu-Conv supports kernel-level sparsity control
at the cost of few hundreds of logic cells.

2 State of the Art

Interest in FPGA-based spiking accelerators has increased markedly
in recent years. The number of papers grew from an average of

about 16 per year over the 2016-2022 period to 55 in 2025!. Figure
1 reports a selection of the most relevant works, highlighting the
performance?/power trade-off and the energy efficiency of the ac-
celerators, along with other features such as support for dense and
convolutional layers, or for dense layers only, as well as the type of
sparsity exploited, if any.

Sparsity can be exploited at different levels of granularity. For ex-
ample, SYNtzulu [13] and [35] exploit sparsity at the synaptic level,
meaning that during inference the weights associated with inactive
synapses are not fetched from memory. However, neuron-state in-
tegration is still performed at every time step, since these designs
rely on a single-step Euler approximation and therefore require
continuous integration. This approach in literature is usually re-
ferred as clock-driven. Other accelerators, such as [7, 18, 25], follow
a fully event-driven paradigm, skipping not only inactive synapses
but also neuron updates when no input spikes are received. This
approach generally requires a more complex neuron integration
scheme, including the computation of an exponential term. Which
solution is more convenient depends on the sparsity level and on
how frequently neuron integration must be performed [16].
Finally, other designs exploit sparsity at a much coarser granular-
ity, skipping only entire layers [6, 34]. While this simplifies the
architecture, it may overlook significant performance gains. Indeed,
accelerators that exploit sparsity can, depending on the sparsity
of the target application, move upward in the plot of Figure 1,

IThe counts were obtained from Google Scholar by restricting the search to
article titles and publication year. The query used was (intitle:SNN OR
intitle:"spiking neural network" OR intitle:"spiking neural networks"
OR intitle:neuromorphic) intitle:FPGA, followed by the year filter in the left
sidebar (e.g., custom range 2025-2025).

The throughput values reported for the works marked with an asterisk include the
effect of computation skipping enabled by sparsity.
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achieving substantially higher throughput and energy efficiency.
For example, [5] reports that, in a rate-encoded MNIST application,
only 23 frames out of 3,500 were active, resulting in a 152X speed-up.
Similarly, [29] measured a data sparsity of 92% in an ECG classifi-
cation task, leading to a 12.5x gain. This suggests that accelerators
supporting sparsity can potentially increase both throughput and
energy efficiency by up to 1 to 2 orders of magnitude. For refer-
ence, Figure 1 also reports the efficiency of our architecture under
90% sparsity, marked with an asterisk. The dashed lines represent
iso-efficiency curves in the design space, allowing architectures
with different power and throughput characteristics to be directly
compared in terms of energy efficiency.

Most of the works in Figure 1 are concentrated on the right-hand
side of the plot, showing that the vast majority of FPGA-based SNN
accelerators consume at least several hundreds of milliwatts. This
is consistent with the typical quiescent power consumption of off-
the-shelf FPGA devices. Moreover, the overall trend indicates that
accelerator energy efficiency improves with increasing throughput.
Indeed, higher parallelism helps mitigate the impact of quiescent
power and reduces the relative contribution of control overhead. As
a result, the most energy-efficient designs are also those achieving
the highest throughput® [14, 35], and they target high-end FPGA
platforms such as Kintex UltraScale+ FPGA and Zynq UltraScale+
MPSoC. However, ultra-high parallelism makes it more difficult to
accommodate a non-uniform computation paradigm; consequently,
FireFly v2 [14] does not support sparsity.

This trend also highlights the difficulty of designing energy-efficient
accelerators under the very tight power budget typical of near-
sensor processing. In this respect, this work, together with [20]
and SYNtzulu [13], lies on the far left side of Figure 1, representing
one of the few viable options for edge Al applications constrained
to around 10 mW. As discussed above, supporting sparsity can in-
crease throughput and energy efficiency consistently depending on
the characteristics of the input data and the adopted SNN model.
Therefore, in realistic deployment scenarios, the gap between [20]
and both this work and SYNtzulu [13] is expected to become even
more pronounced, since they can shift upward in the plot by skip-
ping inactive synaptic computations. Finally, while the proposed
architecture achieves the same throughput as SYNtzulu and relies
on the same sparsity-exploitation strategy, it extends this capability
to convolutional layers as well. Supporting convolutional layers in
addition to dense layers within such a limited power envelope is
essential to enable real-time Al processing of high-density sensor
arrays at the edge.

The contribution of this work compared to the state of the art are:

- the proposed lightweight approach enables implementing

2D convolutions on low-power devices, decreasing signifi-

cantly active and idle power figures and enabling a ultra-edge

exploitation;

this solution is usable and beneficial for near-sensor process-

ing of 2D organized sensor data;

- in these scenarios, a 1:1 encoding of input variations into
spikes is preferred over absolute-value frame encoding, where
each input is typically expanded into multiple frames. This

3The work [34] is omitted since its throughput account for the skipped computations
due to sparsity exploitation.
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requires sparsity to be exploitable at a finer grain, to skip as
many operations as possible within single convolution ker-
nels. SYNtzulu-Conv supports kernel-level sparsity control
at the cost of few hundreds of logic cells.

3 Hardware Architecture

The design proposed in this work builds upon the open-source SNN
accelerator? SYNtzulu [13], a compact FPGA-based system designed
for real-time near-sensor processing under strict power constraints.
Starting from this baseline, we extend the architecture with support
for spiking convolutional layers while preserving sparsity-aware
execution and remaining within the tight resource budget of the
target Lattice iCE40UP5K FPGA.

3.1 Sytem Overview

The architecture, shown in Fig. 2, is implemented on a Lattice
iCE40UP5K FPGA, a compact low-power device featuring 4 256-
kb single-port RAMs (SPRAMs), 30 4-kb dual-port block RAMs
(BRAMs), 8 DSPs, and 5280 logic cells (LCs), each comprising a
4-input LUT and one flip-flop, and two oscillators.

The system integrates a SErial RISC-V (SERV) core, featuring an
ultra-compact bit-serial architecture. Due to its limited compu-
tational throughput, the core is not involved in SNN inference
or signal-processing tasks. Instead, it provides a flexible control
layer, enabling rapid system reconfiguration across different ap-
plications through firmware updates compiled with a standard
RISC-V toolchain. SERV manages memory-mapped peripherals via
load/store operations, including SPI and UART communication (for
input streaming and output transmission), power management, and
configuration of system parameters.

At the core of the system lies a programmable SNN accelerator,
whose execution is controlled through a dedicated instruction mem-
ory. Each custom instruction configures the computation associated
with a specific network layer, allowing different SNN topologies to
be mapped onto the same hardware without requiring architectural
modifications.

The SNN accelerator is interfaced with the external environment
through configurable encoding and decoding slots, which adapt
the processor to application-specific data formats and output re-
quirements. The encoding slot converts continuous sensor data into
spike trains, timely associating spikes to input variations, while the
decoding slot interprets the generated spikes into usable outputs
(e.g., regression values or classification results). The decoding slot is
typically simpler and, in some cases, can be omitted. For regression
tasks, neuron membrane potentials can be directly used as outputs.
In contrast, classification tasks require spike-based decision logic,
such as spike counting over a time window followed by winner
selection.

After initialization, the middleware coordinates system operation
through a timer-driven interrupt mechanism, periodically trigger-
ing the acquisition of new input data streams. Once the inputs
are encoded, inference is performed, and the outputs are decoded,
the system transitions into a light standby state by disabling the
high-frequency oscillator. The system timer is instead driven by
a secondary 10 kHz oscillator. While the system must operate at

“https://github.com/gianlucaleone/SYNtzulu
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Figure 2: In the top-left corner, the custom accelerator instruction format is shown; on the right, the system block diagram; and
in the bottom-left corner, the multiplexer-based receptive field extraction logic.

a sufficiently high clock frequency to meet real-time constraints
in the worst-case scenario (i.e., in the absence of sparsity), this
approach enables the conversion of time savings, achieved under
typical sparse conditions, into reduced power consumption.

3.2 Preliminary Dense Architecture

The baseline architecture [13] is designed to execute feedforward
SNNs composed of dense layers of LIF neurons, as in Equation 1.

V(t)=aV(t-1)+I(t),

I(t) = Z wisi(t),
s(t)=V(t) > 6,
V() =[1-s@®)]V () +s()[V() - 0]

Where, V (¢) is the neuron membrane potential, « is the potential
decay, I(¢) is the neuron input current, computed as the scalar
product between the activation of the input synapses s;(t) and the
weights of the input synapses w;, 0 is the firing threshold above
which a spike is fired and the neuron potential is reset, and s(t) is
the neuron output spike.

The SNN accelerator consists of two parallel cores, each including
a 4-way SIMD adder and a LIF integration unit. The workload is
evenly distributed between the two cores, each processing half of
the neurons in every layer. Synaptic weights dominate the memory
footprint in dense models and are therefore stored in the on-chip
SPRAM blocks, which provide the largest memory resources avail-
able on the device. Neuron membrane potentials, in contrast, are
mapped onto multiple BRAM blocks. Spikes are packed in groups of
four and stored in a single BRAM-based buffer, which temporarily
holds neuron outputs for subsequent processing.

A key feature of the baseline design is sparsity-aware execution.
During the LIF integration of layer i, an active-spike stack records
the active spike sets addresses and dynamically schedules synaptic
weights processing for layer i+1, so that only active synapse sets
are evaluated. This reduces the number of operations and increases
idle time as a function of input sparsity.

1

3.3 Convolutional Architecture Extension

The baseline architecture described above targets dense feedfor-
ward SNNs and already provides efficient sparsity-aware execution
on a compact FPGA device. However, high-density sensor applica-
tions often require convolutional processing to capture local spatial
features while keeping the model memory footprint limited for
edge deployment. To address this need, the proposed architecture
extends the baseline design with support for spiking convolutional
layers, as shown in Figure 2.

In this work, we support 3 X 3 and 2 X 2 convolutional kernels,
as larger kernels are generally more suitable for high-resolution
image processing than for high-density sensors, which typically
feature only a few hundred recording sites. The architecture sup-
ports convolution strides of 1, 2, and 3, as well as 2 X 2 max-pooling,
and padding. Moreover, since in convolutional SNNs the memory
distribution shifts from synaptic weights to neuron membrane po-
tentials, we store neuron potentials in SPRAMs, allowing support
for up to 32,768 membrane states, while BRAMs are used for weight
storage. In this implementation, 16 BRAM blocks are reserved for
weights, corresponding to a total capacity of 8,192 weights. Finally,
to improve programmability and reusability, we integrated an in-
struction memory within the accelerator. Each instruction spans 5
BRAM words and is used to configure the accelerator, with each
instruction corresponding to a specific network layer.

The accelerator was extended to support convolutional layer execu-
tion with resource efficiency as a primary design objective. To this
end, most of the datapath components already used for dense com-
putation were reused during convolutional execution. In particular,
each core still processes four synaptic weights per cycle, allowing
the existing 4-way SIMD adder to be reused, while the same LIF
integration module is also shared.

To maintain a lightweight architecture, the computation of output
features is evenly partitioned across the two cores. This enables
the use of a unified control logic for input feature reading and ex-
traction, with input features stored sequentially in the global spike
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memory, while each core stores its own convolutional and dense
weights in a private weight memory.

3.3.1
forward reuse of the core across different applications and network
topologies, we employ a BRAM to store 75-bit custom instructions
that define the topology to be executed. Each instruction includes
a 2-bit layer-type opcode specifying whether the operation cor-
responds to a dense, convolutional, pooling, or convolution-plus-
dense layer; the latter option also triggers the automatic flattening
of the output feature maps. The remaining instruction bits encode
the relevant layer parameters, such as the number and size of the
input and output features, and whether stride and padding are
enabled. For dense layers, part of this encoding is interpreted dif-
ferently, representing instead the number of input synapses and
output neurons. Finally, some parameters are common to all layer
types, including the base address of the weights in memory, the
neuron membrane potential decay, and the firing threshold.

3.3.2  Convolutional operation. To enable efficient access during
convolution, three lines of flip-flops are instantiated to buffer three
lines of input feature at a time. Similarly, inside each core, a 3 X 3
buffer is used to allow fast access to the kernel weights. To extract
the 3 X 3 receptive field is used a simple selection logic composed of
two stages of multiplexers, shown to the bottom-left side of Figure
2. The receptive field is stored into a 3x3 matrix of flip-flops.
Sparsity in convolutional layers is exploited within each receptive
field. A dedicated logic composed of four custom priority encoders
extracts up to four active spike pointers per clock cycle. These
pointers are then used to dynamically schedule kernel-weight ac-
cumulation through the 4-way SIMD adder. When more than four
elements are active within the receptive field, the flip-flops stor-
ing the currently fetched entries are cleared, allowing up to four
additional weights to be scheduled in the following cycle. In the
worst-case scenario, when all 9 elements in the 3 X 3 receptive field
are active, the convolution requires 3 clock cycles.

The output of each convolution contributes to the input current
of a LIF neuron. The total current of each neuron is obtained as
the sum of the contributions from all input features, as expressed
in Equation 2. Since the input features are processed sequentially,
storing and accumulating all partial currents would require an ad-
ditional buffer. To avoid this overhead, we slightly modified the LIF
neuron module by introducing an external control mechanism that
independently enables membrane potential decay, current addition,
and spike condition evaluation.

V(t) = aV(t-1)+1(t),

N
10 = > I, (1) @
k=0

With this approach, when the first input feature is processed, the
membrane potential is decayed and the first current contribution is
added. For all subsequent input features except the last one, only
current accumulation is performed. Finally, once the contribution
of the last input feature has been added, the spike condition is
evaluated. This scheme eliminates the need for an additional buffer
to store intermediate neuron currents.

Custom Instructions and Instruction Memory. To enable straight-
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3.3.3 Stride. Stride is implemented through the receptive-field
selection logic. Since the selection is realized with multiplexers
rather than with line buffers shifted by one position at a time,
supporting stride values of one, two, or three does not introduce
additional complexity.

3.34 Padding. Padding is implemented by leveraging the receptive-
field selection logic. Specifically, the second stage of multiplexers
can be selectively enabled or disabled, with disabled multiplexers
forcing their outputs to zero. This simple mechanism allows zero-
padding of the top and bottom borders of the input feature map
by disabling all multiplexers, and of the left and right borders by
disabling only the first or last multiplexer.

3.3.5 Max Pooling. The max-pooling operation reuses most of the
control logic and buffering structures employed for convolutions.
Once the receptive field buffer has been loaded, the priority en-
coders check whether at least one active spike is present. If so, the
max-pooling output is set to one, and the result is written directly
into the spike memory.

4 High-Density sSEMG Continuous Tracking
Task

We evaluated the proposed system on a continuous finger force
tracking task based on high-density surface electromyography (HD-
sEMG) signals. This application represents a challenging real-time
regression problem, requiring the extraction of fine-grained spatio-
temporal features from multi-channel biopotentials under strict
latency and power constraints.

4.1 Reference Dataset

The evaluation is conducted using the Hyser (High-densitY Surface
Electromyogram Recordings) dataset [10, 11], a publicly available
benchmark comprising recordings from 20 subjects. The dataset in-
cludes multiple acquisition protocols, covering gesture recognition
and force estimation tasks with synchronized HD-sEMG and finger
force measurements. In this work, we focus on the subset dedicated
to single-degree-of-freedom finger contractions, where each finger
is independently activated while the others remain relaxed. The
task consists of tracking continuous force trajectories with a trian-
gular profile, where each subject performs flexion and extension
contractions reaching 30% of their maximum voluntary contraction
(MVC). Each subject performs multiple trials across two recording
sessions.

The sEMG signals are acquired using four high-density electrode
grids placed on the forearm, for a total of 256 channels, sampled at
2048 Hz. Force measurements are recorded synchronously at 100
Hz. Following the procedures described in [11, 12], SEMG signals
are low-pass filtered and downsampled to 1000 Hz, while force
signals are filtered (10 Hz cutoff) and resampled to the same rate.

Experiments are conducted in a single-session setting, using data
from session 2 for both training and testing, consistent with prior
works on this dataset [12, 28].

4.2 HD-sEMG Encoding

To reduce memory footprint and simplify the encoding logic, the
input sEMG signals are first quantized to 8-bit resolution. This
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choice enables efficient hardware implementation while preserv-
ing sufficient signal fidelity for the target regression task. Spike
generation is performed using a delta modulation scheme, which
encodes temporal variations of the signal rather than its absolute
value. In this approach, a spike is emitted whenever the difference
between the current input sample and a running reference exceeds
apredefined threshold A. The reference is then updated accordingly,
enabling a compact and event-driven representation of the signal
dynamics. Formally, given an input signal x(¢) and a reconstructed
signal X(t), the encoding operates by comparing their difference
against a threshold A:

if x(t) — x(t) > A, a positive spike is generated and %(¢) is
increased of A;

if x(t) — %(t) < —A, a negative spike is generated and x(t)
is decreased of A;

otherwise, no spike is emitted.

The value of A was selected independently for each channel by
maximizing the Pearson correlation coefficient between the running
sum of the delta-modulated signal and the corresponding finger
force traces. To this end, for each SEMG channel, A was explored
over 20 values spanning from 1/30 to 1/3 of the peak value measured
on the training set, and the value yielding the highest correlation
was retained.

4.3 SNN Topology, Training, and Quantization

The SNN model is designed to efficiently process high-dimensional
spatio-temporal inputs while remaining compatible with the hard-
ware constraints of the proposed architecture. The network topol-
ogy is detailed in Tables 1 and 2, together with the main training
parameters. Training is performed offline using the SNN-Torch

Table 1: SNN topology

Layer Inputdimensions Weights Neurons
Convl 16 X 16 X 2 288 3136
Conv2 14 X 14 X 16 1152 1568
Pool1 14X 14 X8 - -
Conv3 7X7X8 1152 400
Dense 400 2000 5
Total 4592 5109

framework. The model is trained to minimize the error between
the membrane potentials of the five output neurons, i.e. one per
finger, and the ground-truth force signals. Therefore, we set the
threshold in the last layer to 1e9 to prevent spike firing, while it is
set to 0.9 in the other layers and kept non-trainable. The neuron
decay is set to 0.9 and is trainable at the layer level.

After training, the model weights were quantized to 8 bits and the
neuron membrane potential to 16 bits, resulting in an accuracy drop
of only 0.06%. State observers were used to verify that no overflow
occurred during LIF integration.

5 Results

This section evaluates the proposed system across hardware effi-
ciency and application performance. We first report FPGA imple-
mentation results in terms of resource utilization, throughput, and
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Table 2: Training setup

Hyperparameter Value
Optimizer Adam
Learning rate 3e-4
Batch size 190
Epochs 800
Loss function MSE
Time steps 500 ms

power consumption. We then assess the accuracy on the HD-sEMG
continuous force tracking task. Finally, we compare the proposed
convolutional network approach with a dense baseline model.

5.1 Resource Usage and Power Consumption

Logic synthesis and place-and-route were performed using an
architecture-neutral open-source FPGA toolchain®, relying on Yosys
Open SYnthesis Suite for logic synthesis and nextpnr for placement,
routing, and bitstream generation [30]. The resulting resource uti-
lization is summarized in Table 3. Logic cell usage reached 86.3%.

LCs BRAM SPRAM DSP
Used 4557 30 4 2
Utilization 86.3% 100% 100% 25%

Table 3: FPGA resource utilization.

BRAM utilization reached 100%, with memory resources allocated
as follows: 16 BRAMs for synaptic weight storage, 8 BRAM:s for the
softcore instruction/data memory, 2 BRAMs for spike memory, 1
BRAMs for stack memory, 1 BRAMs for the encoding slot, 1 BRAM
for the accelerator output buffer, and 1 BRAM for the accelerator
instruction memory. In addition, 2 DSP blocks are used within the
dual-core accelerator for neuron state integration.

The system was clocked at 24 MHz. Its throughput, equal to 0.192
GOPS (10° operations per second), is obtained by multiplying the
clock frequency by eight, since the architecture employs two cores,
each capable of processing four synapses per clock cycle in both
dense and convolutional layers, while neuron integration is over-
lapped with synaptic current evaluation. Power consumption was
measured during both the active inference phase and the standby
state. Measurements were obtained by sensing the voltage drop
across a shunt resistor with nominal value 3.3 + 0.033 Q, soldered
on the VCORE supply rail of the iCEBreaker V1.0e prototype board.
The average power consumption measured during inference is
6.8 mW, and 0.21 mW in standby.

5.2 HD-sEMG Accuracy Assessment

The reported results are obtained under a one-day, leave-one-repetition-

out evaluation protocol. A three-fold cross-validation scheme is
adopted, where each of the three trials within a session is alternately
used as the test set, while the remaining two are used for training.
Performance is evaluated by comparing the network outputs with
the ground-truth force signals, reporting the average results across
the three folds in terms of Pearson correlation coefficient (CC).

Shttps://github.com/yosyshq/oss-cad- suite-build
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Table 4: Comparison with the SoA

Work Data FPGA Clock/Event Sparsity Encoding  Convolutions Inference power mW/MHz Energy/synapse [n]]
FireFly v2 [14] image Zynq UltraScale+ MPSoC clock-driven - none v 49W 9.8 0.0012
FPSpike [15] image Zynq UltraScale+ MPSoC clock-driven tructured frame-based v 3.15W 3.15 -
UIC [36] image Zyngq UltraScale+ MPSoC event-driven neuron frame-based X 297W 19.8 -
Li Etal. [16] image Virtex-7 both neuron frame-based X 1.6 W 16 28
>1W Zhang J. Et al. [35] image Zynq UltraScale+ MPSoC clock-driven structured frame-based v 154 W 7.7 0.0017
Minitaur [25] image Spartan-6 event-driven neuron frame-based X 1.5 W 20 -
Cerebron [7] image Zyng-7000 SoC clock-driven* synapse - v 14W 7 0.031
Yang Et Al [34] image Zyngq UltraScale+ MPSoC clock-driven synapse frame-based v 1.332 W 13.32 -
DeepFire2[3] image Virtex UltraScale+ clock-driven - frame-based v - - 0.014
Cactus [32] image/speech Kintex UltraScale clock-driven structured & synapse frame-based v - - 0.018
FPGA-NHAP [18] image Kintex-7 event-driven neuron frame-based X 535 mW 2.675 274
Mishra Et al. [23] image Artix-7 clock-driven - frame-based X 426 mW 4.26 0.5
SyncNN[27] image Zyngq UltraScale+ MPSoC event-driven neuron frame-based v 400 mW 2 f
<1W, Fan Et al. [8] image Artix-7 clock-driven - none X 381 mW 3.81 1.95
>100mW  Liu Et al[17] image Zynq-7000 SoC clock-driven synapse** frame-based v 280 mW 2.8 -
Adhish [1] image Artix-7 clock-driven - frame-based X 190 mW 1.9 -
Spiker+ [6] image/speech Zyng-7000 SoC clock-driven layer frame-based X 180 mW 1.8 1.37
Spiker [5] image Artix-7 clock-driven layer frame-based X - - 41
Mehrabi Et al.[20] sensors Cyclone V clock-driven - event-based X 9 mW 3.75 -
<100 mW  SYNtzulu [13] sensors iCE40UP5K clock-driven synapse event-based X 12.05 mW 0.54 0.062
SYNtzulu-Conv sensors iCE40UP5K clock-driven synapse event-based v 6.8 mW 0.28 0.035 (3.5)
No difference Only partially Considering
with IF neurons* exploited™ 500 MHz***

The proposed model is trained as a global predictor, capable of
processing HD-sEMG data from multiple subjects® and simulta-
neously estimating the force exerted by each finger. Quantitative
results show an average Pearson correlation coefficient of 0.914.
After quantization, using 8-bit precision for the weights and 16-bit
precision for neuron membrane potentials, we observed a negli-
gible accuracy degradation of only 0.06%. Furthermore, as shown
in Figure 3, the float32 and quantized inference outputs are visu-
ally well aligned to the ground truth, confirming the ability of
the model to accurately track continuous force profiles. As a ref-

TEST 0-25 s | subj=subject01_session2 | trial finger=2 | plotted finger=2 | HW Sim vs Float

4 -~ Ground truth
/ Float32

— Int8

Time [s]

Figure 3: Continuous force tracking: Float32 vs Int8.

erence, we also trained a dense model under the same training
conditions. Its topology consists of fully connected layers of size
64 X 128 X 64 X 5, with 512 input channels corresponding to the
flattened 16 X 16 X 2 input obtained using the same encoding scheme
adopted in this work. Overall, the dense topology comprises a total
of 49.7k trainable parameters, compared with 9.7k for the proposed
convolutional model. This baseline achieved a Pearson correlation
coeflicient of 0.932. Figure 4 provides a visual interpretation of
this difference in correlation coefficient: although the dense model
achieves slightly higher accuracy, the predictions of the proposed
model remain closely aligned with the ground-truth force profiles.
Finally, we evaluated the sparsity of the algorithm on the record-
ing corresponding to subject 1, session 2, for finger 1, as well as

SPatient 20 was excluded, as it appears to be mislabeled.
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TEST 0-25 s | subj=subject01 session2 | trial finger=2 | plotted finger=2

~~~ Ground truth
—— Dense
—— Convolutional

Figure 4: Continuous force tracking: Convolutional vs Dense

the effectiveness of our architecture in exploiting it. We measured
an average algorithmic sparsity of 96.64%. Since the architecture
performs at least four parallel additions, due to the adoption of a
4-way SIMD adder, some loss in exploitable sparsity is expected.
In particular, whenever between one and four spikes are present
within the kernel window, the hardware still activates a 4-input
adder. As a result, the measured hardware sparsity is 55.5%.

6 Comparison with the State of the Art

Table 4 reports the works discussed qualitatively in Section 2, along
with additional works that were excluded from the previous analy-
sis due to the lack of necessary data for plotting, such as throughput
in GOPS or absolute power consumption in watts. As discussed in
Section 2, this work is the only viable FPGA solution supporting
convolutional SNN execution within the power envelope of near-
sensor processing. The works listed in Table 4 can be grouped into
three clusters: architectures consuming more than 1 W, between
100 mW and 1 W, and below 100 mW. Only three architectures fall
into the last group. Among them, this work is the most efficient,
and the only one that supports convolutional layers while also ex-
ploiting data sparsity to skip unnecessary computations.

In terms of energy efficiency, this work achieves the best result
within its cluster, consuming 0.035 nJ per synaptic operation, i.e.,
41.5% less than [13]. To allow a fair comparison with the work
in the two high-power clusters, in terms of energy per synapse,
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it must be considered that the overall synaptic workload for the
rate-encoded images corresponds to multiple time steps (usually
100, 25 for [1]). Moreover, sparsity must be accounted for, when ex-
ploitable. Thus, we show a second figure in the table, equal to 3.5 nJ,
presenting the energy dissipated by SYNtzulu-Conv over 100 time
steps. Under these considerations, the proposed architecture is com-
petitive with designs in the mid-power range, achieving 7.8x and
11.7x lower energy per synaptic operation compared to [18] and
[5], respectively, even without accounting for sparsity exploitation
in our estimates. However, [23] remains more efficient, requiring
only 14.3% of the energy per synaptic operation of our approach.
Even when compared with architectures operating above 1 W, this
work remains 8x more efficient than [16]. Other works, such as
Cactus [32] and DeepFire2 [3] achieve higher efficiency. However,
their absolute power consumption is not reported. Notably, Xilinx
Power Estimator 2023.2.1 reports a static power of 1.183 W for the
Kintex UltraScale FPGA used in [32] (XCKU115), and 0.773 W for
the Virtex UltraScale FPGA considered for DeepFire2 (XCZUIEG').
These values alone are already 174X and 114X higher than the ac-
tive power consumption of our design, respectively, thus placing
Cactus and DeepFire2, as well as the other architectures in their
cluster, well outside the power envelope of near-sensor processing.
Finally, with respect to frequency-normalized power, this work
dissipates only 0.28 mW/MHz during inference, corresponding to a
48% reduction with respect to SYNtzulu and to at least a 6.4X im-
provement over the best result among the related works, achieved
by [6], highlighting the hardware efficiency of the presented ar-
chitecture. Overall, these results demonstrate that sparsity-aware
convolutional SNN execution can be achieved within ultra-low-
power regimes, a target not addressed by existing FPGA-based
solutions.

7 Conclusion

In this work, we presented a lightweight SNN accelerator tailored
for ultra-low-power near-sensor processing, extending the open-
source SYNtzulu architecture with support for sparsity-aware con-
volutional layers. The proposed design preserves the key strengths
of the baseline system, i.e. resource minimization and energy-efficient
execution, while enabling a broader class of portable applications
targeting high-density sensor array utilization.

The architecture has been implemented on a Lattice iCE40UP5K
FPGA, demonstrating that convolutional SNN execution can be
achieved within 6.8 mW. Experimental results on a real-world task,
namely real-time finger-force decoding from high-density surface
EMG signals, show that the proposed approach reduces the memory
footprint by 5.1x with respect to a dense topology, while maintain-
ing comparable accuracy.

Compared to the state of the art, SYNtzulu-Conv emerges as the
only viable solution for executing convolutional spiking models
under the strict power constraints of near-sensor processing appli-
cations, showing that sparsity-aware convolutional SNNs can be
efficiently deployed on ultra-low-power FPGA platforms and thus
bridging the gap between advanced neural processing capabilities
and the stringent constraints of edge and near-sensor applications.

"The exact device is not reported in [3]; therefore, we conservatively selected the
smallest device in the family.
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