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Introduction

Real-time Near-Sensor Signal Processing

= Enable near-sensor intelligence

= Real-time processing

= Reduce privacy/security issues
= Reduce bandwidth requirements

= Relevant applications, including

= Wearable health-monitoring

= Advanced human-machine interfaces
= Near-sensor image processing
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« SYNtzulu: SNNSs for sensor data analysis
« SNNs on low-end FPGAs
« Use-cases: biosignal processing
« OpenHW approach

« ExGFormer: Tiny transformers for sensor data
analysis
« Approach
« Use-cases: biosignal processing
« Deployment
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SYNtzulu: SNNSs for near-sensor
processing on FPGA



Using FPGASs in the edge-to-cloud continuum

/ Near-sensor processing \ / Gateways, \
microserver
Embedded low-power Performant processors
microcontrollers, and microcontrollers, CPUs, GPUs,
smart sensors TPUs, and ASICs CPUs, GPUs, FPGAs

\_ / \J /

Deep Meta Cloud
edge edge

Sensors
Actuators
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FPGA-based Al Inference Accelerators
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Anouar Nechi, Lukas Groth, Saleh Mulhem, Farhad Merchant, Rainer Buchty, and Mladen Berekovic. 2023. FPGA-based Deep
Learning Inference Accelerators: Where Are We Standing?. ACM Trans. Reconfig. Technol. Syst. 16, 4, Article 60 (October 2023)
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= Event-based processing = FPGA as target

= Sparse computations = Control modules near data-crunching logic
" Energy efficiency = Flexibility to implement custom encoding and signal
processing
1 | I = Affordable cost compared to neuromorphic processors
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State-of-the-art: FPGA-based SNN Accelerators

= Two main directions:
= NN emulation for neuroscience
= Al inference

Optimized for Frequency FPGA target Power
Li et al. MNIST 100 MHz Virtex7 1.6W
Liu et al. MNIST 100 MHz XA72020 280 mW
SyncNN MNIST 200 MHz Zynqg (ZCU102) 400 mW
Spiker MNIST 100 MHz Artix7

= |mage classification
" Mid to high end FPGA
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Approach overview

Encoded input Encoded output

Spike trains Spike trains Output
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SYNtzulu: architecture

Software-controllable 10 Flexible weight memory Parallel neuron and
Clock management implementation axonal delay
< 1 # »
Weight memory Weight memory
/D memory | | BRAMO | .. | SPRAMN BrRAMO | . | spramnN | [
v v v ¥ ¥ v v v
RISC-V softcore ] Synaptic adder Synaptic adder
7 v
Encoding LIF —  A.D. ‘f’ - AD. LIF Decoding
=S
/O interface Spike | || & = [ Spike
me o me
A = A
UART SPI <« Stack ‘ 8 :ﬁ : Stack

Layer-to-layer Event-driven
connectivity emulation
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SYNtzulu is now free for you to download!

£ SYNtzulu public $? Pin | ® Unwatch 1
# main - ¥ 1Branch © 0 Tags Q, Gotofile t Add file ~
j, gianlucaleone Update README.md b63efida - last week @ 15 Commits
firmware First commit 2 weeks ago
flash First commit 2 weeks ago
images Python plot: Ground truth vs Simulation Results vs Hardware... 2 weeks ago
python python snn training and hardware configuration scripts 2 weeks ago
rtl First commit 2 weeks ago
sim/tb First commit 2 weeks ago
work First commit 2 weeks ago
[ LICENSE nitial commit 2 weeks ago
[ Makefile First commit 2 weeks ago
o resowEns e . https://github.com/gianlucaleone/SYNtzulu
[0 README  Z[8 MIT license g =

SYNtzulu: A Tiny RISC-V-Controlled SNN Processor for
Real-Time Sensor Data Analysis on Low-Power FPGAs
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Assessment: low-end implementation

Lattice iCE40UP5k FPGA

= 5280 logic cells (4-LUT + Carry + FF)

= 8 DSP multiplier blocks

= Around 1 Mbit on-chip SRAM

= PLL, 2 xSPI, 2 xI2C hard IPs

= Two internal oscillators (10 kHz and 48 MHz)

LUT DSP BRAM SPRAM
UC1 4484 (84%) 4 (50%) 22 (73%) 4 (100%)
UC2 4690 (89%) 3 (37%) 28 (93%) 4 (100%)
uc3 4262 (80%) 2 (25%) 29 (90%) 4 (100%)
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Assessment Use Case 1: iEEG @

i-EEG case: finger motion tracking with intracranial EEG decoding

Raw signal
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Reference dataset: J. E. O'Doherty, M. M. B. Cardoso, J. G. Makin, and P. N.Sabes, “Nonhuman Primate
Reaching with Multichannel SensorimotorCortex Electrophysiology,” May 2020
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Assessment Use Case 2: ECG

ECG case: classifying arrythmic cardiac beats from single-lead ECG signal

Encoding: denoising - peak detection - delta Classification
Raw signal
modulation results

ﬁl Normal beat
/l E F

Nﬂwﬂ\/\w‘” Bhneaaifie \M pastadl Q

0 50 100 150 200 250 300
Sample

—— From original signal
—— From first derivative
From second derivative

Reference dataset: A. L. Goldbergeret al. “Physiobank, physiotoolkit, and physionet: components of a new research resource for complex physiologic signals,”
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Assessment Use Case 3: SEMG =

sEMG case: fingers force modelling from HD-sEMG

Raw signal Encoding: delta modulation Regression results

—— SEMG signal Comparison - Patient 1 - Moving Finger: thumb
Rest
Index flexion
(]
! \
A"
Spike Trains
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1 801 i B ) — Ground Truth
§ X ol ~ ==~ Model Output
Gao{ . L - . . . - -
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Time [s]
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o4 o -
0 20 40 60 80 100 120 140 160

Time (Samples)

X. Jiang et al., "Open Access Dataset, Toolbox and Benchmark Processing Results of High-Density Surface Electromyogram Recordings," in IEEE Transactions on
Neural Systems and Rehabilitation Engineering, vol. 29, pp. 1035-1046, 2021, doi: 10.1109/TNSRE.2021.3082551.
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Assessment Use Cases - Flexibility

Task chNalrjnrr:‘éls SF::\rr:qp. Bandwidth Encoding Decoding Output
None
" R Neural signal : : (output 2 velocity
\,},‘33 IEEG decoder 96 12KHz = 18 Mbps Spike detection neuron 2t 1KHZ
potential)
ECG Peak detection and Spike rate Five-class
v ECG arrhythmia 1 360 Hz 6 Kbps heart-beat delta rl?ankin classification
classification encoding J task
SEMG finger Continuous raw ((l)\lucfcnit t fingers force
[3 sEMG force 128 1 kHz 2 Mbps SEMG delta neurpon mgdellin
modelling modulation : J
potential)
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SNN and training

" Feed-forward SNN
" 4 FClayers —
3 |
® 1/O match use case dataset c :
- ,
_ : > ¢
" Training library: D ;,
® SnnTorch for regression (DD
. Slayer for classification < |
INPUT LEARNING TRAINING
USE CASE CHANNELS L1 L2 L3 L4 LOSS RATE PATIENCE PLATEORM
2 iEEG 96 2 MSE 1e-3 50 snnTorch
*® ECG 8 64 128 64 5 Spike Rate <21 &% 20 Slayer
@ sEMG 128 5 MSE 3e-4 30 snnTorch

Copyright © 2025



Accuracy

Reference Accuracy metric Ref.accuracy Ours

@5 iEEG [1] cC 0.77 0.82
®®  ECG [2] Interclass 98.3% 98.4%
=) SEMG [3] R2 0.87 0.87

[1] Yik, Jason, et al. "NeuroBench: A Framework for Benchmarking Neuromorphic Computing Algorithms and Systems." arXiv preprint arXiv:2304.04640
(2023).

[2] Y. Xing, et al. “Accurate ecq classification based on spiking neural network and attentional mechanism for real-time implementation on personal
portable devices,” Electronics, vol. 11, no. 12, 2022.

[3] A. Vitale et al. "Neuromorphic edge computing for biomedical applications: Gesture classification using emg signals". IEEE Sensors Journal 22(20)

Copyright © 2025



Motion intention tracking with SNN -IEEG
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Motion intention tracking with SNN -sEMG
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Inference time and sparsity

50 60
Sparsity 86% 84,7% 92% .
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Inference time 19 ps 4 ms 2.9 ms _o10]
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Power Consumption

Veore POWeEr consumption

219 9

10 - Wﬂ
£ ®
o 61
3
o 4 ]

21 2

04 MW—M

0.0 5j0 10I.0 15I.0
Time [ms]
= A 4
IEEG ECG sEMG

o Inference + 1/0 + encoding

© e 9.83 mW 1.45 mW 3.11 mW
o /0 encoding
Average power consumption per use case
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vs other FPGA-based SNN Accelerators

Optimized for

Li et al. MNIST
Liu et al. MNIST
SyncNN MNIST

Spiker MNIST
SYNtzulu sensor data

Frequency

100 MHz
100 MHz
200 MHz
100 MHz
22.5 MHz

FPGA target In;ir";z:e Energy/synapse
Virtex7 1.6W 28n)
XA72020 280 mW -
Zynq (ZCU102) 400 mW -
Artix7 - 41nJ
Lattice iCE405K 12.05 mW 62 pJ
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SYNtzulu flying to OPEN-HW ASIC
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Introduction

Edge Computing Neuromorphic computing Open-source EDA tools

/ « Low latency \ / . Energy efficiency \ KReduce entry barriers fch

students and researcher
 Scalability
. * Massive parallelism » Easy collaboration for
» Portability researchers and designers
. Security - High biompatibility with
biological signal * Promote innovation,

K - Reliability / & / Kresearch, and developmey

I\

The goal of this work is to develop a neuromorphic hardware accelerator for edge applications, leveraging open source EDA tools to
optimize the design efficiently and affordably.
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Open EDA and PDKs

« Two RTL2GDSII alternatives: Open-road-flow-scripts and OpenLane

* Two 130 nm open PDKs (standard cells + SRAM memory macros)

SNN ACCELERATOR ARCHITECTURE

GO g|€ _’ o Y | f\
+

| Weight Memory | | Weight Memory
e skywater || RM_IHPSG13 1P 2048x64 | i RM_IHPSG13 1P 2048x64

. J o N J
| " ; ; S " ; ; |
FOSS 130nm Production PDK [ | e |
github.com/google/skywater-pdk | | Synaptic Adder | Synaptic Adder |

AN J N J

s ~

Potential memory LI | ! LIE Potential memory
2xRM_IHPSG13 1P 256x48 | § 2x RM_IHPSG13 1P 256x48
. | ! J

__________________________________________________________________________________________________________________________________________________________________

Confi bl
[ Stack H ontigurable H Spike Memory }
Interconnect
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Sky130 + OpenLane

SR ieialal s Blel B

Spiking Neurons Leaky Integrate and Fire (LIF)
Somarles. Bl wenpr: | N. parameters 22.6k
B .sm;_ﬂ;_ l 1 i SRAM memories 39 KB (23 macros)
i Area 3000x3600 um
| —— ==y, Standard Cells 8922
AT e Forax 100 MHz
e L Comen ';:::_:;j " Ppower inference [22 MHZz] 28 mW
Power [idle] 0.35 mW

Integrated in the Caravel harness by Efabless
Accepted for publication at DATE2025

<5 .. FPGA (96 channels IEEG @12KHz) 11.95 mW
AW | ASIC (96 channels [EEG @12KHz) 2.89 mW
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ExGformers: tiny transformers for
biosighal near-sensor processing
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Tiny transformers

 De-facto standard for GenAl
e Attention mechanism:; context awareness

« VIT (Vision Transformer) - high accuracy on images mzu rI'Ch

INPUT EMBEDDING ENCODER BLOCK

MULTI-HEAD ATTENTION LAYER

-——==3

RAW EEG SIGNAL
4x2048x1

-

OUTPUT
. , ‘ LINEAR
v |I L L PROJECTION
PARALLEL". —h | L | L, |
HEADS
POSITIONAL L
ENCODING | MATRIX
% MULTIPLICATION
! MATRIX
CONV K=5s=5 ] ADD & NORM [| FEED FORWARD h=128 | | MULTIPLICATION
MHA H=8 d=32 [l MLP h=32 [l %

LINEAR
\ PROJECTION /
v

. qkT)
Attention(qg, k,v) = Softmax * U
(q,k,v) f ( Ja

Does it work on sensor data?

« Need for near-sensor processing

« Reduce workload with DSE and quantization
« Assess on biosignal use-cases
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Transformer definition-to-deployment toolflow

| / Assessment \
On
dataset s Parallel
DSE Quantization MCUs
99.55 4
w8 k5 H8 h128
99.50 4
« L1size
. L2 size o )
Constraints @
» Supported data types 3 9940 o
 fcores 5 ®)
Ej 99.35 <
3
................. o
i b -: 99.301
ggg‘g}g&ﬂ I —— explore window size w ~
taresnssspuasanans explore kernel size k wl6
) CLASSIFICATION 99.251 —+— explore number of heads H
| a —+— explore hidden size h
'SIGNAL ! = 2 2 —&— selected point
1x2048x1 9 HRE 99.20 1 —— 512kB constraint
--- a1 2 = : : : ; -
g S 8 100 200 300 400 500 600
< gl |< Footprint [kB]
EMBEDDING STAGE ENCODER STAGE ST
STM32N6
Topology template

\/ AN
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Use case: seizure detection from 4-channels EEG

Use case: long-term electroencephalography monitoring for seizure detection

8 s windows
AT e Segment-level Event-level
- -?‘L-"." W Lf q__::}*.-" .iE,'-r.‘. » i
A I " Non-seizure Model Sensitivity | Specificity | Sensitivity FP/h Detection
J N "__\ b pmnead, — ransiormer —.'_ Lat

~rams W e seizure . 2oncy

SN s This Work 65.5 99.9 73 (32/44) 015 152 s

v AdaBoost [2] 72 99.9 86 (38/44) 0.5 19 s

Unobtrusive signal acquisition limited to the temporal channels
Reference dataset CHB-MIT Scalp EEG database

[2] Ingolfsson et al, Towards Long-Term Non-invasive Monitoring of Epilespy via Wearable EEG
devices, 2019

Results aligned with state-of-the-art, without pre-processing for feature extraction

Segment-level Event-level Average

Patient Sens Spec Sens FP/h; Detection

S tlevel E tTevel A FP Event [s] Latency
egment-leve vent-leve verage CHB1 805% 100% 100% ;777 0 Os 04s
Model Sens Spec Sens FP/h; Detection CHB2 | 635% | 993% | 100% ;373 1.8 ; 38s 11.3s
FP event [s] Latency CHB3 75.5% 100% 100% ; 7/7 0;0s 16.9s
EEGformer 65.5 99.9 73 ; 32/44 0.15 ; 38s 15.2s CHB4 26.2% 99.9% 50% ; 2/4 0.3 ; 28s 21s
CNN B 65.4 99.9 73 ; 32/44 0.34 ; 42s 18.2s (HB3 L108% L00% L00% - 3/5 0-0s 2125

CNN C 53.5 99.7 68 :30/44 | 0.3 80s 22.6s LHBO 0% 1007 O, 0710 00 -

CHB7 72% 100% 100% ; 3/3 0; 0s 16.7
AB ([22]) 72 99.9 86 s 38/44 0.5 " 4s 19s CHBS 70% 99.99% 100% : 5/5 0.8 : 6s 14s
overall 65.5% 99.9% 73% ; 32/44 0.15 ; 38s 15.2s

More accurate than CNN Good performance on (almost) all patients

(except patient 6 — very short seizures)
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Use-case: single-lead ECG processing

Use case: long-term electrocardiography monitoring for arrhythmia recognition (3} van et ai, Fusing transformer model with temporal features for ecg
heartbeat classification, 2019

‘ l | Accuracy Noisy Test

‘ pe::rg;izggon To— N,S,V,FQ Model 32.bit | 8-bit 32.bit | 8-bit Parameters | Footprint |
Mo This Work ‘ 99.05 | 98.97 | 98.65 | 98.36 6649 49 kB
Y Yan [3] 99.62 - . - 405711** 3 MB**

** Estimated from the paper.

Results aligned with state-of-the-art, more hardware efficient
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Deployment: GAP 8 and 9

Explicit management memory architecture minimizes the

Sophisticated audio and camera

interfaces

FC clock & volta

-

o
o
=<
PoL>
=0
o
L

gel domain

[ 5 [

Controller

TFPU ¢ Sart / Div

Decomp /
Packer

T

expensive data movements in combination with SW tool

Cluster clock & voltage domain

Interconnect

Multiple DVFS
domains with
ultra fast state
transitions

||

Cooperative Al
accelerator

Ultra low latency audio stream processing
for ANC and ultra low power filtering

|__ Single, homogeneous extended

RISC-V core ISA with uniform memory map =

5V USB
—

GAP9 Evaluation Kit

Dedicated
Source
GPIO
1.8V
|;ND
Al Core| [\, ]pc-DC GAPY |V N
Logic (RAR) S

% TJoesv

. oo‘
oaol «: Source

AL,

Parallel architecture

" for DSP and software Al

7 -
6 .
=
2°
beT) - GAP8
a4
é 3
2 g
1 | &
1 2 3 45 6 7 8
# cores
Convolution Multi-Head Attention
40 60 80 100

20

Percentage inference time

1 core

8 cores

1 core

8 cores

Frequency 65 MHz 65MHz | 240 MHz | 240 MHz
Time/ Inference 283.9 ms 62.2 ms 72 ms 13.7 ms
Power 10 mW 18.1 mW | 12.9 mW 22.9 mW

Energy/ Inference

2.9 mJ

1.2 mJ

0.93 mJ

0.31 mJ

S it ~
T et
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Conclusion

= Edge-oriented design and optimization of novel neural models, including Transformers,
Spiking Neural Networks for power efficient and accurate sensor data processing.

= Enabling on the Micro-Edge scale for near-sensor processing.

= Demonstration of accuracy comparable with the state of the art, and suitable efficiency for
low-power execution on constrained hardware platforms.

= Adoption of FPGAs and OpenHW development instruments for ubiquitous Al
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Publications

Syntzulu and SNNs

Leone, G., Scrugli, M., Badas, L., Martis, L., Raffo, L., Meloni, P., - Syntzulu: A Tiny RISC-V-Controlled SNN Processor for
Real-Time Sensor Data Analysis on Low-Power FPGAs (2024) TCAS-I

Matteo Antonio Scrugli; Gianluca Leone; Paola Busia; Luigi Raffo; Paolo Meloni - Real-Time sEMG Processing with Spiking
Neural Networks on a Low-Power 5K-LUT FPGA (2024) IEEE Transactions on Biomedical Circuits and Systems

Leone, G., Raffo, L., Meloni, P. - On-FPGA Spiking Neural Networks for End-to-End Neural Decoding (2023) IEEE Access

Scrugli, M.A., Busia, P., Leone, G., Meloni, P. - On-FPGA Spiking Neural Networks for Integrated Near-Sensor ECG Analysis
(2024) Proceedings -Design, Automation and Test in Europe, DATE

ExGformer

Busia, P., Cossettini, A., Ingolfsson, T.M., Benatti, S., Burrello, A., Jung, V.J.B., Scherer, M., Scrugli, M.A., Bernini, A.,
Ducouret, P., Ryvlin, P., Meloni, P., Benini, L. - Reducing False Alarms in Wearable Seizure Detection With EEGformer: A
Compact Transformer Model for MCUs (2024) IEEE Transactions on Biomedical Circuits and Systems, .

Busia, P., Scrugli, M.A., Jung, V.., Benini, L., Meloni, P. - ATiny Transformer for Low-Power Arrhythmia Classification on
Microcontrollers (2024) IEEE Transactions on Biomedical Circuits and Systems, .
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