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Challenges in the Future of Computing and Edge Al
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Edge artificial intelligence applications

Mobile devices Fast Autonomy

Navigation
Biomedical
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Edge artificial intelligence applications

— »"
Fast Autonomy

Mobile devices

Navigation

Biomedical

Today, Deep Learning is Not Embedded!
@ Physical limits of CMOS & Von Neumann bottleneck
@ Large volume of data, compute, and energy
@ Brittle Al
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Challenges in the future of computing and edge Al
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Physical limits of CMOS

& Von Neumann
Bottleneck
@ Moore’s Law
@ Memory Wall
@ Heat Wall
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Challenges in the future of computing and edge Al
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https://www.wired.com/story/openai-ceo-sam-altman-the-age-of-giant-ai-models-is-already-over/
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Challenges in the future of computing and edge Al
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Large Volume of Data,
Compute, and Energy

@ Training DNNs has
extremely high demands in
terms of power
consumption.

@ According to conservative
estimates, training chat
GPT-4 over $63 million.

@ Cloud energy consumption
has more than quadrupled
from the advent of GPU
use for DNN training.
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Challenges in the future of computing and edge Al

Brittle Al

@ Narrow and brittle A.l. (performs well
only in predefined situations).
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Challenges in the future of computing and edge Al
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@ Narrow and brittle A.l. (performs well
only in predefined situations).

@ Al models can be easily fooled.
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My Research Focus: Neuromorphic Computing & Engineering
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Paths beyond the current limits in computing and Al
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Paths beyond the current limits in computing and Al

TENS OF MILLIWATTS

[The Scientist. 20191
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Paths beyond the current limits in computing and Al

W Conventional
hardware

Neuromorphic Computing

Efficient computer architectures for
brain-inspired models of computation (e.g.,
oo, spiking neural networks)

B Neuromorphic SUPERCOMPUTER
hardware i

TENS OF MILLIWATTS

[The Scientist. 20191
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Paths beyond the current limits in computing and Al

[The Scientist, 20191
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Neuromorphic Computing

Efficient computer architectures for
brain-inspired models of computation (e.g.,
spiking neural networks)

Today’s digital neuromorphic hardware
@ Parallel processing
@ Distributed memory
@ Sparse encoding

@ Data-flow communication
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Neuromorphic computing systems

Today’s Al and compute architectures Neuromorphic computing
@ Physical limits of CMOS & Von Neumann @ Exploit the physics of CMOS and emerging
bottleneck. technologies.
@ Large volume of data, compute, and energy. @ Event-based, in-memory computing, low-power.
@ Brittle Al. @ Brain-inspired computing.
Von Neumann architecture versus Neuromorphic architecture
:
S
L 1 & T
[ —
[ es———— i
[ s ———
W ——
Sequential processing -— Operation —_— Massively parallel processing
Separated computation and memory <«——  Organization ——> Collocated processing and memory
Code as binary instructions <«— Programming —> Spiking neural network
Binary data <— Communication —> Spikes
Synchronous (clock-driven) -— Timing e Asynchronous (event-driven)

[Schuman C. D. et al, Nature 2022]
8 Federico Corradi | NECS Lab. | f.corradi@tue.nl TU/e


https://www.nature.com/articles/s43588-021-00184-y

Spiking Neural Networks as models of computation
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Artificial vs natural intelligence

Artificial neural networks

simulate abstract brain-inspired
computing algorithms on digital
time-multiplexed computing
substrates.
Ll Net input
ey function  activation function
8
ey \& . outpuT
a1y W
o 4
Weights Bias
[Quanta Magazine]

v
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https://www.quantamagazine.org/artificial-neural-nets-finally-yield-clues-to-how-brains-learn-20210218/

Artificial vs natural intelligence

Artificial neural networks

simulate abstract brain-inspired
computing algorithms on digital

time-multiplexed computing
substrates.
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Biological neural networks
They use physical
(real) time and
circuit-dynamics to
compute through
their time evolution.
The morphology and
structure of the
network determines
its functionality.

The physical
hardware substrate is
the algorithm.

STANDARD NEURON PYRAMIDAL NEURON

Dendrites Apical dendrites
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Spiking neural networks as models of computation

Leaky Integrate-and-fire model

V) Vin(t)
g = I(t) - R,

Vi (t) > Vine = Si(t), Vin = Vot

BASAL
DENTRITES APICAL
DENTRITES

dt = tposr - tpre
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Neuromorphic Computing digital hardware template

" Typical digital architecture
@ One core updates the state of

many neurons (von Neumann)
Neuron State Memory @ Synapse memory (weights)
°
Axon Memory State memory (membrane
potential)

" @ Axon memory (destination)

Synapse Memory
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Fully Digital Neuromorphic Architectures ASICs

430mn??, 28nm CMOS
1 M neurons (4,096) cores, 2

256 M synapses

Real-time (no learning)

13 Federico Corradi | NECS Lab. | f.corradi@tue.nl TU/e
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https://www.tomshardware.com/news/intel-reveals-loihi-2-neuromorphic-research-chip

Fully Digital Neuromorphic Architectures ASICs

Loihi, Intel 2018

[Davies et al, 2018]

@ 60mm?, 14nm FinFet

@ 4 2,2 M
30mm, 28nm CMOS @ 130000 neurons (128) cores +
@ 1 M neurons (4,096) cores, 2 3 x86 cores
@ 256 M synapses @ 128 M synapses
@ Real-time (no learning) @ Real-time (online learning)
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Fully Digital Neuromorphic Architectures ASICs

Loihi, Intel 2018 Loihi-2, Intel 2022

[Davies et al, 2018] [Tomshardware]

[Akopyan et al, 2015]

@ 60mm?, 14nm FinFet @ 31mm?, 4nm FinFet
© 430mm?, 28nm CMOS @ 130000 neurons (128) cores + @ 1M neurons (128) cores + 3
@ 1 M neurons (4,096) cores, 2 3 x86 cores x86 cores
@ 256 M synapses @ 128 M synapses @ 120 M synapses
@ Real-time (no learning) @ Real-time (online learning) @ Real-time (online learning)
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Digital Neuromorphic Architectures

Loihi-2, Intel 2022

Loihii Inte! 2¥0‘1 8

[Davies et al, 2018] [Tomshardware]

[Akopyan et al, 2015]

Digital Neuromorphic Hardware
@ Global Asynchronous Local Synchronous
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Digital Neuromorphic Architectures

Loihi-2, Intel 2022

Loihii Inte! 2¥0‘1 8

[Davies et al, 2018]

[Akopyan et al, 2015]

Digital Neuromorphic Hardware
@ Global Asynchronous Local Synchronous
@ Event-driven Processing
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Digital Neuromorphic Architectures

Loihi-2, Intel 2022

Loihii Inte! 2¥0‘1 8

[Davies et al, 2018]

[Akopyan et al, 2015]

Digital Neuromorphic Hardware
@ Global Asynchronous Local Synchronous
@ Event-driven Processing
@ Near Memory Computing
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Digital Neuromorphic Architectures

TrueNorth, IBM 2
MR

e e

014
i

it

Digital Neuromorphic Hardware
@ Global Asynchronous Local Synchronous

Loihi-2, Intel 2022

[Tomshardware]

[Akopyan et al, 2015]

@ Event-driven Processing
@ Near Memory Computing

@ Scalable Connectivity Interfaces
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Neuromorphic Edge Computing Systems Lab.'s research lines

Neuromorphic
Devices

@ Subthreshold analog
@ In-memory computing

@ Emerging materials
integration (ReRAM)
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Neuromorphic Edge Computing Systems Lab.'s research lines

Neuromorphic Neuromorphic
Devices Computing & Engineering
@ Subthreshold analog @ Application driven
@ In-memory computing @ Custom ASIC (SNNs)
@ Emerging materials @ SNNs in FPGAs
integration (ReRAM)

v
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Neuromorphic Edge Computing Systems Lab.'s research lines

Neuromorphic
Devices

@ Subthreshold analog
@ In-memory computing

@ Emerging materials
integration (ReRAM)
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Neuromorphic
Computing & Engineering
@ Application driven
@ Custom ASIC (SNNs)
@ SNNs in FPGAs
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Neuromorphic
Beyond CMOS

@ Ultra-fast electro-photonics

SNNs

@ Synthetic biological
sensors




Spiking neural networks in FPGA
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Spiking neural networks in digital reprogrammable hardware

Digital simulations

Neurons and synapses are
physically implemented in
cheap and massively
parallel
Field-Programmable Gate
Array (FPGA).

[Corradi F. et al. 2021]
[Irmak H. et al. 2021]
[Sankaran et al. 2022]

a
[ Soybeans [Joats
[Ecorn

[ Broadleaf
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https://dl.acm.org/doi/pdf/10.1145/3444950.3444951
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Spiking neural networks in digital reprogrammable hardware

18

Name

Neuron Model Driven Network Topology Algorithm

Bluehive [22] Izhikevich Time-driven Feed-forward and Recurrent Mean-rate

FDF [23] Conductance Time-driven Feed-forward Mean-rate

n-Minitaur [24] LIF Event-driven Feed-forward Mean-rate

Pani [9] Izhikevich Time-driven Recurrent Mean-rate

Tsinghua [12] LIF Hybrid (time and event) Feed-forward Mean-rate

Gyro [13] LIF Event-driven Feed-forward and Recurrent Mean-rate
Irmak et al. [25] | LIF and ReLU | Hybrid (time and event) CNN, MLP and SNN ANN and Mean-rate

This work Simplified LIF Event-Driven Feed Forward and Recurrent | Single spike control (BPTT)

Table 1: Spiking neural networks on FPGA.

FPGA simulations of spiking neural networks

In literature, we can find many neuron models, execution modes, network topologies and
algorithms: FPGAs are perfect for experimenting with SNNs computing systems!

Federico Corradi | NECS Lab. | f.corradi@tue.nl
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Spiking neural networks in digital reprogrammable hardware

weight

BE

B e

soie_n_ HINRINNIIRTNINNITRNI 100 O 1 Leaky-Integrate-and-Fire Neuron
volisge WM—/WM @ Event-driven
“oie_out L1 J \ @ Programmable synapses

Refract

ey @ Scalable (Fully parallel

execution)

Spike if
(>
and Vy, > Vi,

@ Assumption: arbitration delays
are in the order of ns, while
incoming spikes are spaced in
us or even ms

Spike

Timestamp

Previous spike
timestamp

Leakage using
bit shifting

Membrane
potential

[Corradi F. et al. 2021]
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https://dl.acm.org/doi/pdf/10.1145/3444950.3444951

Spiking neural networks in digital reprogrammable hardware

= :‘l% {_wa -
B Soilccs Addcess ¢
Valid > Inpur Spike Queue s: 7 Inpur Spike Queue ‘4_: > Input Spike Queue
r 2 2 \ 1
‘Weight = = ‘Weight =
N::m Weight Conroller | < Weight Controller 2 m::o:y Weight Controller |
é K H |
3 &
Interface Signals & Timing Elemon Noones Neuron Wrapper Neuson Weapper
Spike Address {150 > 16> XXX + *
Valid _I'I_ﬂ__ Qutput Spike === Output Spike = Ourpu Spike +-) Spikes Address
req n . Quene = \ Quene — Queue _ )", Valid
Ak — 1L Membrane
Potentials
A fully-spatial, fully-parallel, and event-driven spiking neural networks in FPGA. J

[Corradi et al. 2021]
[Sankaran et al. 2022]
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Spiking neural networks in digital reprogrammable hardware

Gyrolll

i AXI memory 10
. (store input figure & 10 Spike Counters & 2 Clock Counters)

Layer 1

progress

T
input layer | o I em L
| |
spike queue
frivenet
o 5 UF neuron
s |
ey 5

LIF neuron
!

Parallel2Serial
eaie buter)

monitor.

]

AXI memory weight
(store neuron weight)

}.—

@ Batch processing (I/O
mem)
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Spiking neural networks in digital reprogrammable hardware

Layer 1 state | PROC oM | ACK PROC | COM | ACK [ PROC

Layer 2 state PROC | com ACK 1] PROC

Layer 1: fw_spike_queue

[Esekein |
Layer 1: rc_spike_queue rc sp

ke in

@ Batch processing (I/O
mem)

Layer 1: weight_control
Layer 1: neuron_cluste:
Layer 1: spike_buffer |
Layer 2: fw_spike_queue

fw spike in
Layer 2: rc_spike_queue Lrespikein |
Layer 2: weight_control

Layer 2: neuron_cluster |
Layer 2: spike_buffer :
, — (layer-wise)
ayerl - req_in
layer1 - ack_out
layer1 - req_out ‘ v

fayerl -ack_in ’—\ [Corradi et al. 2021]
[Sankaran et al. 2022]

fw spike in

@ Execution pipeline
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Spiking neural networks in digital reprogrammable hardware

AXI Memory Weight

cluser | Cluster 0 (for Hidden Layer 1) [ J—ERAL_ADDR A
Tl moko ] st T @ Batch processing (I/0
L oock el 1 Block 1 ‘é% Read Logic |1 | me m)
= catt BRAM_ADDR_B
- L qmBRAM_0OUT_ S @ Execution pipeline
I oiocksel a}gl Block 63 *:44 Read Logic el
nxim (layer-wise)
awaddr “[H__, Cluster 1 (for Hidden Layer 2) [+ On_ch| memor
e Jock el 0—3 Block 0 — Read Logic
F—fotock sero o '731 =y
P N (Bram/URAM)
f—1-black sel 1— Block 1 %ﬂ Read Logic E .
' .
cmp = [Corradi et al. 2021]
block L L oiock sei31 Block 31 - Read Logic [Sankaran et al. 2022]
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Spiking neural network workloads

] | IuilI ?lll
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Spiking neural network for keyword spotting (GSC)

The pipeline includes pre-processing the audio signal and converting it into spikes, followed
by processing it with a spiking neural network (250x250x250x36). J
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Spiking neural network for keyword spotting (GSC)

input command

Speech to Spikes

Frequency

The pipeline includes pre-processing the audio signal and converting it into spikes, followed
by processing it with a spiking neural network (250x250x250x36). J
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Spiking neural network for keyword spotting (GSC)

spiking neuron

input command

Speech to Spikes

Frequency

Time

spiking neural network

The pipeline includes pre-processing the audio signal and converting it into spikes, followed
by processing it with a spiking neural network (250x250x250x36). J
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Spiking neural network for keyword spotting (GSC) deployment

Exploit ARM processor for data I/O and FPGA acceleration for SNN processing. )
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Spiking neural network for keyword spotting (GSC) deployment

24

Figure 4: PYNQ system block diagram

Resource | Utilitization | Available | Utilization %
LUT 43918 53200 82.55
LUTRAM 11260 17400 64.71
FF 34082 106400 32.03
BRAM 140 140 100.00
BUFG 1 32 3.13

Table 1: Hardware resource utilization of design on PYNQ

Federico Corradi | NECS Lab. | f.corradi@tue.nl
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Spiking neural network keyword spotting (GSC) results

600

500

Performances
@ ~ 1.08 milliseconds @ 50 Mhz

300

200

100

o
25000 30000 35000 40000 45000 50000 55000

Figure 5: Histogram of processing time of inputs from the test set on the pyng
FPGA
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https://www.youtube.com/watch?v=0BgM4EvS_60&t=43s&ab_channel=FedericoCorradi

Spiking neural network keyword spotting (GSC) results

Experiment Train accuracy | QAT accuracy | Quantization accuracy
Adam 0.004 0.6783 0.7144 0.7075
Adam 0.002 0.7207 0.7167 0.7167
Adam 0.001 0.7159 0.7274 0.7260
Adam 0.0005 0.7388 0.7491 0.7492
Adam 0.00025 0.7216 0.7547 0.7563
SGD 0.004/0.9 0.6948 0.7287 0.7272
SGD 0.002/0.9 0.7153 0.7509 0.7350
SGD 0.001/0.9 0.7261 0.7312 0.7289
SGD 0.0005/0.9 0.7310 0.7594 0.7578
SGD 0.00025/0.9 0.7155 0.7393 0.7292
SGD 0.004/0.95 0.7281 0.7330 0.7319
SGD 0.002/0.95 0.7070 0.7441 0.7351
SGD 0.001/0.95 0.7330 0.7547 0.7517
SGD 0.0005/0.95 0.6951 0.7455 0.7507
SGD 0.00025/0.95 0.7404 0.7289 0.7323
SGD 0.004/0.99 0.7263 0.7426 0.7404
SGD 0.002/0.99 0.7108 0.7459 0.7425
SGD 0.001/0.99 0.7162 0.7313 0.7329
SGD 0.0005/0.99 0.7088 0.7468 0.7445
SGD 0.00025/0.99 0.7233 0.7442 0.7433
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Performances

@ ~ 1.08 milliseconds @ 50 Mhz

@ Accuracy vs quantiation trade-offs [issas.
et al. 2023]
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Spiking neural network keyword spotting (GSC) results

Performances

@ ~ 1.08 milliseconds @ 50 Mhz

@ Accuracy vs quantiation trade-offs [eissas.
etal. 2023]

@ It works ok! [YouTube Demo]

TU/e
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Scaling up: deep Spiking Neural Networks Models

@ 6.2 M spiking neurons

@ Conv, fully connected, cross-stage (Back Bone

Input: [416,416,3]

CSPBlock

Conv 1x1/stride: 1

partial subnets

@ 14 M parameters

Spike [26,26,256]
-_——

‘Spike [13,13,512] °-“= sxa/evise:1 | IS Spike [13,13,512] ‘
: N
= ,\ : [Y|n et al 2023 NMI]
26 Federico Corradi | NECS Lab. | f.corradi@tue.nl TU/e



https://www.nature.com/articles/s42256-023-00650-4

Scaling up: deep Spiking Neural Networks Models

@ 6.2 M spiking neurons / BackBone

Input: [416,416,3]

CSPBlock

@ Conv, fully connected, cross-stage
partial subnets

Conv32x3x3/ stride:2

Conv 64 x3x3/ stride: 2
Spike [104,104,64]

CsP Block,

CSP Block
Maxpool 222 stride :2

= — D
? v
o

Spike [13,13,512]
Spike [13,13512] Convs12x3x3/stride: 1 |RE  Cony 75x1x1/ strde 1
— —
Soike (13135121 Convst2xaxa/stido: 1 Spike (1013512 '
l | v20131375]

[Yin et al, 2023 NMI]

Spike [w,h,c]

Conv 1x1/strido: 1

@ 14 M parameters

@ Approaching DNNs

MAP = 53.25%

TU/e
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https://www.nature.com/articles/s42256-023-00650-4

Deep Spiking Neural Networks Models

schlijper.ni
|

o

[Yin et al, 2023 NMI]
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Afraid of not fitting?

ol e
The Virtex UltraScale+ FPGA VCU118

Pynq Z2 cluster

Scaling up...
At TU/e, we have enough resources!
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Thank you!

Interested? Reach out!
to be continued..

Neuromorphic Edge Computing Systems Lab

Federico Corradi

Eindhoven University of Technology
f.corradi@tue.nl, +31(0)402 472 556
Neuromorphic Edge Computing Systems Lab

29 Federico Corradi | NECS Lab. | f.corradi@tue.nl TU/e


https://research.tue.nl/en/organisations/neuromorphic-edge-computing-systems-lab

Digital Neuromorphic Hardware

TrueNorth, IBM 2014

o iopagsny i

Merge-Split

INeurosynaptic
Cores

[Akopyan et al, 2015]
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Digital Neuromorphic Hardware

Loihi, Intel 2018

*.... Neuror Model -

Learning
Engine

Dendri
Accumulation

Synaptic
Mgmorly

E |

[Davies et al, 2018]
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Digital Neuromorphic Hardware

32

Neuroncores:
Max neurons:
Max synapses:
Max ;P cores:

— -
neurons
128M 123M

3 —» 6

Loihi-2, Intel 2022
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Neuron Core

Synapses
Factorized
0(n?) to O(n)
compression

Convolution
Store kernel instead
of connection matrix

Stochastic
Up to 80x
compression

i
H
ki

Neurons
ey
Typical 4x compression vs. Loihi

= Axon Routing
Up to 256x compression vs. Loihi

|l ——

Output spikes

!
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https://intel-ncl.atlassian.net/wiki/spaces

Digital Neuromorphic Hardware: Applications

UL UL [Mpivergence .

Real-Time bio-inspired navigation - F_—Q%,
|

™ Throst |

Kapoho Bay Thrust

Loihi neuromorphic chip
.

Schi t al, 2021 .
[Schoepe et a ! [Dupeyroux et al, 2020] [Youtube Video]
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