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At-the-edge AI acceleration on FPGAs, from CNNs to SNNs
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Presentation Outline

❖SNNs on FPGA

❖SYNtzulu

❖Assessment: application cases

❖Conclusion
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FPGA-based AI inference
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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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The edge-to-cloud continuum
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SNNs on FPGA
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❖FPGA as a target
➢DSPs
➢Flexible BRAMs
➢Additional RL

▪ Use-case flexible encoding/decoding
▪ Emulate event-based with additional clock-

based circuitry
➢Affordable costs

• SNNs
• Event-based for energy efficiency
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State-of-the-art
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Optimized
for

Frequen
cy

FPGA target Power

Li et al. MNIST 100 Virtex7 1.6W

Liu et al. MNIST 100 XA7Z020 280 mW

SyncNN MNIST 200 Zynq (ZCU102) 400 mW

Spiker MNIST 100 Artix7 -

• Two main directions:
• NN emulation for neuroscience

• AI inference

• Mid-to-high end FPGA devices

• Image classification
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Approach overview
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SNN
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Sensor

Limited number of 
channels

AI-based
analysis result

Low-power low-cost
FPGA device



Copyright © 2024

SYNtzulu: architecture
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SYNtzulu: architecture
Flexible weight memory

implementation

Use-case specific
Encoding/decoding

Parallel neuron and 
axonal delay

Layer-to-layer
connectivity

Event-driven
emulation

Software-controllable IO
Clock management
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Assessment: low-end implementation

Lattice iCE40UP5k FPGA

• 5280 logic cells (4-LUT + Carry + FF)
• Around 1 Mbit on-chip RAM
• PLL, 2 x SPI, 2 x I2C hard IPs
• Two internal oscillators (10 kHz and 48 MHz) 

for simple designs
• Eight DSP multiplier blocks

LUT DSP BRAM SPRAM
UC1 5105 (96%) 2 (25%) 17 (56%) 4 (100%) 
UC2 5267 (99%) 3 (37%) 21 (70%) 4 (100%) 

http://www.latticesemi.com/-/media/LatticeSemi/Documents/DataSheets/iCE/iCE40-UltraPlus-Family-Data-Sheet.ashx
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Assessment: application cases I:  i-EEG
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Reference dataset: T. Brochier et al. “Massively parallel recordings in macaque motor cortex during an instructed delayed reach-to-
grasp task”

Raw signal Encoding: denoising – spike 
emphasis - thresholding

SNN Regression results

i-EEG case: reach-to-grasp motion detection with intracranial EEG decoding
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Assessment: application cases II - ECG
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ECG case: classifying arrythmic cardiac beats from single-lead ECG signal

Normal beat

S

V

F

Q

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

Raw signal Encoding: denoising – peak detection - delta 
modulation SNN Classification

results
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Assessment – application cases III - sEMG
Gestures recognition from Myo Gesture Control Armband

Raw signal

Dataset: Pizzolato et al., Comparison of six electromyography acquisition setups on hand movement classification tasks, PLOS One, 2017

Classification
resultsEncoding: delta modulation SNN

Spikes are found for 
each channel
according to the delta 
modulation algorithm

First and second derivative 
delta modulation
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Assessment: application cases - flexibility
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Task Num. 
channels Samp. Freq. Encoding Decoding Output

I-EEG Neural signal
decoder 96 10 KHz Spike detection

None
(output neuron

potential)

4 finger forces, 
1 velocity
at 1KHz

ECG
ECG 

arrhythmia
classification

1 360 Hz
Peak detection and 

heart-beat delta 
encoding

Spike rate 
ranking

Five-class 
classification task



Copyright © 2024

SNN and training
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Input 
channels

L1 L2 L3 L4 Loss Learning rate Patience

I-EEG 96
64 128 64 5

MSE 1e-2
50 epochs

Spike Rate 1e-3 1e-4 1e-5 ECG 8

• Feed-forward SNN - 4 FC layers
• PyTorch package SLAYER (Spike LAYer Error Reassignment)

In
p

u
t ch

a
n

n
e

ls
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Accuracy
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[1] G. Leone et al. “On-FPGA spiking neural networks for end-to-end neural decoding” IEEE Access, 2023.
[2] R. Mao et al. “An ultra-energy-efficient and high accuracy ecg classification processor with SNN inference assisted by on-chip ANN learning”, IEEE TBIOCAS, 2022
[3] A. Vitale et al. "Neuromorphic edge computing for biomedical applications: Gesture classification using emg signals". IEEE Sensors Journal 22(20)

Reference Accuracy metric Ref. accuracy Ours

I-EEG [1] Pearson's CC 0.83 0.84 [BIOCAS 2023]

ECG [2] Interclass 98.7% 98.7% [DATE 2024]

S-EMG [3] Interclass 74% 85.6% [DASIP 2024]
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Other use-cases - sEMG
Gestures recognition from Myo Gesture Control Armband

Raw signal

Dataset: Pizzolato et al., Comparison of six electromyography acquisition setups on hand movement classification tasks, PLOS One, 2017

Classification
resultsEncoding: delta modulation SNN

Spikes are found for 
each channel
according to the delta 
modulation algorithm

First and second derivative 
delta modulation
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Inference time and sparsity
I-EEG ECG S-EMG

Sparsity 86% 84,7% 92%
Inference time 19 µs 4 ms 2.9 ms

RT requirement 0.1 ms 500 ms
(@120bpm)

100 ms
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Power consumption

Active power 12.011 mW

Idle power 1.288 mW

Average power 1.708 mW

• Duty cycling stategy: DFS with two internal oscillators 10KHz and 22.5MHz

Inference task

Data acquisition task

Idle state
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SYNtzulu vs RoW
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Optimized
for

Frequenc
y

FPGA target Power Energy/synap
se

Li et al. MNIST 100 MHz Virtex7 1.6W 28nJ

Liu et al. MNIST 100 MHz XA7Z020 280 mW -

SyncNN MNIST 200 MHz Zynq (ZCU102) 400 mW -

Spiker MNIST 100 MHz Artix7 - 41nJ

SYNtzulu sensor data 22.5 MHz Lattice ICE405K 9.9 mW 96.3 pJ
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Conclusion
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❖Low-power low-end FPGAs for SNN execution 

❖Implementable SNNs accuracy

❖SNNs and FPGAs for on-line sensor data processing
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