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The Dawn of On Device Learning in TinyML

' The goal of On Device Learning (ODL)
IS to make edge devices “smarter” and
more efficient by observing changes in
the data collected and self-
adjusting/reconfiguring the device’s
operating model. Optionally the
‘*knowledge” gained by the device Is
" shared with other deployed devices.
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= \\:\ y Sawyer, Ira Feldman, Christopher B. Rogers
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tinyML On Device Learning Forum

WL 8/31-9/1, 2022 Online

On device learning Forum

Accademia on 8/31/2022

On-Device Learning Under 256KB Memory, Song HAN, Assistant Professor, MIT EECS

Neural Network ODL for Wireless Sensor Nodes ,Hiroki MATSUTANI, Professor, Keio University

Scalable, Heterogeneity-Aware and Trustworthy Federated Learning, Yiran CHEN, Professor, Duke University
On-Device Learning For Natural Language Processing with BERT, Warren J. GROSS, Professor, McGill University
Is on-device learning the next “big thing” in TinyML? Manuel ROVERI, Associate Professor, Politecnico di Milano
ODL Professors Panel

Industry on 9/1/2022

TinyML ODL in industrial 10T, Haoyu REN, PhD Student, Technical University of Munich/Siemens

NeuroMem® wearable, hardwired sub milliwatt real time machine learning with wholly parallel access to “neuron memories”
fully explainable, Guy PAILLET, Co-founder, General Vision

Using Coral Dev Board Micro for ODL innovations, Bill LUAN, Senior Program Manager, Google

Platform for Next Generation Analog Al Hardware Acceleration, Kaoutar EL MAGHRAOQUI, Principal Research Scientist, IBM T.J
Watson Research Center

Enabling on-device learning at scale, Joseph SORIAGA, Sr. Director of Technology, Qualcomm
Training models on tiny edge devices, Valeria TOMASELLI, Senior Engineer, STMicroelectronics

https://www.tinyml.org/event/on-device-learning/


https://www.youtube.com/watch?v=yboIhr_lamY
https://www.youtube.com/watch?v=yALM_8v6beM
https://www.youtube.com/watch?v=T1EG_ApvWLw
https://www.youtube.com/watch?v=ERLFRluwRjA
https://www.youtube.com/watch?v=ElFBTnx7aG4
https://www.youtube.com/watch?v=4rmUpJzEYkQ
https://www.youtube.com/watch?v=N2vZmvfmDUw
https://www.youtube.com/watch?v=HZxhNg5nB6w
https://www.youtube.com/watch?v=HZxhNg5nB6w
https://www.youtube.com/watch?v=P6IzKx4DWvk
https://www.youtube.com/watch?v=nuamzjBnIf8&t=216s
https://www.youtube.com/watch?v=Gla2cfFfDjI&t=204s
https://www.youtube.com/watch?v=qKbAACzCWWQ

tinyML EMEA Forum - On Device Learning
fijee 9/12, 2022 Cyprus, In person

On device learning Forum

A framework of algorithms and associated tool for on-device tiny learning, Danilo PAU, Technical Director, IEEE and
ST Fellow, STMicroelectronics

In Sensor and On-device Tiny Learning for Next Generation of Smart Sensors Michele MAGNO, Head of the Project-
based learning Center, ETH Zurich, D-ITET

Continual On-device Learning on Multi- Core RISC-V MicroControllers Manuele RUSCI, Embedded Machine Learning
Engineer, Greenwaves

¢ On-device continuous event-driven deep learning to avoid model drift, Bijan MOHAMMADI, CSO, Bondzai

https://www.tinyml.org/event/on-device-learning/


https://www.youtube.com/watch?v=q9s8-Qln7sE
https://www.youtube.com/watch?v=EVE06-OHH5U
https://www.youtube.com/watch?v=FiP48Za9ElM
https://www.youtube.com/watch?v=y75eGIQqGfY
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On Device Learning Forum 2023, May 16 2023

8:00 - 8:10 Opening remarks by Danilo Pau

8:10 - 8:40 Charlotte Frenkel "Merging insights from artificial and biological neural networks for
neuromorphic edge intelligence"

8:40 - 9:40 Giorgia Dellaferrera "Forward Learning with Top-Down Feedback: Solving the Credit
Assignment Problem without a Backward Pass"

9:40 - 10:10 Guy Paillet "NeuroMem®, Ultra Low Power hardwired incremental learning and
parallel pattern recognition”

10:10 - 10:40 Aida Todri-Sanial "On-Chip Learning and Implementation Challenges with
Oscillatory Neural Networks"

10:40 - 11:10 Eduardo S. Pereira “Online Learning TinyML for Anomaly Detection Based on
Extreme Values Theory”

11:10 - 11:15 Closing remarks by Danilo Pau

Pacific Time
Kys
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Thank you, tinyML Strategic Partners,
m& for committing to take tinyML to the next Level, together

On device learning Forum

foe D€ O® arm  brainchip®

AHEAD OF WHAT'S POSSIBLE™ A RDU I NO

0 imagimob

TECHNOLOGIES

=- EDGE IMPULSE GREENWAVES’” #Grouety Lnc.

‘it POLYN
SR TeCHNOLOGY

(Infineon <»mmnatera Byt NotaAl

o = B N
Qeeno Qualcomn  RENESAS Sc'&'}ﬁ'ﬂﬁf ?e?\sile SONY
& Lys Qsynoptics SYNTIANT

SILICON LABS life.augmented



Executive Strategic Partners




On device learning Foru

EDGE IMPULSE

The Leading Development
Platform for Edge ML



Qualcomnm
Al research

Advancing Al
research to make
efficient Al ubiquitous

Power efficiency Personalization Efficient learning

Model design, Continuous learning, Robust learning
compression, quantization, contextual, always-on, through minimal data,
algorithms, efficient privacy-preserved, unsupervised learning,
hardware, software tool distributed learning on-device learning

A platform to scale Al
across the industry

Qualcomm Al Research is an initiative of Qualcomm Technologies, Inc.
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Perception
Object detection, speech
recognition, contextual fusion
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Edge cloud
Reasoning
Scene understanding, language
understanding, behavior prediction
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Action
Reinforcement learning C|Oud

for decision making
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Accelerate Your Edge Compute

SYNTIANT

. ~ Maklngv\Edge Al A Reality *



http://www.syntiant.com/
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Renesas is enabling the next generation of Al-powered solutions
that will revolutionize every industry sector.
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AHEAD OF WHAT'S POSSIBLE™

éE\%é%g Where what if
becomes whatis.
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Easily deploy your
tinyML solutions with
Arduino Pro

arduino.cc/pro

['.\ Made In Italy]




© 2022 Arm

Powerlng tinyML Innovatlon

',.,~Arm Al Virtual Tech_

Talks

The latestin Al trends technologles & best
- practices from Arm and our Ecosystem
- :Pa'r‘t-ners.

-Demos, code examples, workshops, panel

. sesslonsand much more' ..

| | FortnlghtIyTuesday @ 4pm GMT/8am PT

Find out more:
- www.arm.com/techtalks -




Decarbonization | . pigitalization

Driving decarbonization and digitalization. Together.

Infineon serving all target markets as -
Leader in Power Systems and loT (I"fineon

www.infineon.com
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lytics Toolkit Suite

sensiml.com/tinyML
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STMicroelectronics provides extensive
solutions to make tiny
Machine Learning easy

o

www.st.com/al
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Silver Strategic Partners

On device learning Forum
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Join Growing tinyML Communities:

14.7k members in
47 Groups in 39 Countries

tinyML - Enabling ultra-low Power ML at the Edge
https://www.meetup.com/tinyML-Enabling-ultra-low-Power-ML-at-the-Edge/

4k members
&
11.6k followers

OftsEn

The tinyML Community
https://www.linkedin.com/groups/13694488/

ETHIEe


https://www.meetup.com/tinyML-Enabling-ultra-low-Power-ML-at-the-Edge/
https://www.linkedin.com/groups/13694488/

On device learning Forum

Subscribe to
tinyML YouTube Channel

for updates and notifications
(including this video)
www.youtube.com/tinyML

£ YouTube

tinyML 9.4k subscribers, 559 videos with 327k views

4.33K subscribers
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36:41
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106 views - 4 days ago 138 views * 4 days ago 54 views + 4 days ago 47 views * 4 days ago 132 views * 4 days ago 137 views * 4 days ago

Join the tinyML
Challenge!

tinyML Smart Weather  tinyML Talks tinyML Talks tinyML Talks tinyML Smart Weather  tinyML Trailblazers
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http://www.youtube.com/tinyML
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June 26 -28,2023
Amsterdam =

EMEA 2023
https://www.tinyml.org/event/emea-2023

More sponsorships are available: sponsorships@tinyML.org



https://www.tinyml.org/event/emea-2023
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@& Reminders

On device learning Forum

Slides & Videos will be posted Please use the Q&A window for your

tomorrow questions
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Haise Hand

tinyml.org/forums youtube.com/tinyml
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On device learning Forum

Charlotte Frenkel

Charlotte Frenkel received the Ph.D. degree from Université
catholique de Louvain (UCLouvain), Belgium, in 2020. After a
postdoc at the Institute of Neuroinformatics, UZH and ETH
Zurich, Switzerland, she joined Delft University of Technology,
The Netherlands, as an Assistant Professor in July 2022. Her
research focuses on neuromorphic integrated circuit design and
learning algorithms for adaptive edge computing. She received a
best paper award at the IEEE ISCAS 2020 conference, as well
as the FNRS Nokia Bell Labs Scientific Award, the FNRS IBM
Innovation Award and the UCLouvain/ICTEAM Best Thesis
Award for her Ph.D. thesis. She serves as a TPC member for
the tinyML Research Symposium and for the IEEE ESSCIRC,
ISLPED, and DATE conferences.

30
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TUDelft

Merging insights from artificial and biological
neural networks for neuromorphic intelligence

Charlotte Frenkel

Delft University of Technology, Microelectronics Department
c.frenkel@tudelft.nl

tinyML On-Device Learning Forum 2023
Online, May 16t 2023


mailto:c.frenkel@tudelft.nl

Outline

@ From neuroscience to Al and back again... ...which perspective?
...which starting point?

@ Why should we bother with neuroscience?

@ How can we morph these questions into interesting solutions for on-device-learning?

Frenkel, tinyML ODL Forum 2023



From neuroscience to Al and back again
Which starting point ?\Which perspective?|

Training FLOPs Scaling for SOTA CV, NLP, and Speech Models
le+09 g pa—
] °
Al without hardware is unsustainable *¢*°%3 Transformer:  750x /2 yrs N
A | CV/NLP/Speech: 15x/ 2 yrs ® o
r ) N\ 1e+07; Moore's Law: 2x [ 2 yrs Megatron LM WavaVec 2.0
Al algorithms 7 R
. . S 1 ®
Engineering £ 1ev06 — o @
451 E . . 0oL 0 ResNe
. o ] .
Neuromorphic hardware £ eros- Inceptipn3 W
E ®
o . Transformer
SClence E i Seqg2Seq ResNet ResNext (]
£ 1le+04- VGG‘ o ® e
: E DenseNet 0
. Neuroscience ] "o o
Y 1le+03+ AlexNet S
? | o
I
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2012 2013 2014 2015 2016 2017 2018 2019 2020 2021
YEAR

[A. Gholami, RiseLab Medium Post, 2021]

Frenkel, tinyML ODL Forum 2023 3



Outline

@ From neuroscience to Al and back again... ...which perspective?
...which starting point?

@ Why should we bother with neuroscience?

@ How can we morph these questions into interesting solutions for on-device-learning?

Frenkel, tinyML ODL Forum 2023



Al algorithms

Synaptic plasticity rules — Neuroscience as the starting point I
Synergy with hardware: the perspective of data locality

Neuroscience

Spike-timing-dependent plasticity (STDP) Spike-dependent synaptic plasticity (SDSP)
[Bi & Pod, J. Neurosci., 1998] | [Brader,l Neur. Conlvp., 2007]
[Cassidy, ISCAS, 2011]
}\ 1t1J‘F'I"IEFI'IE IHIIT‘I
| 1}
1t “\
3 0 — 3 ok
< "%“-=\ <
1 L i
| At
\: Vmem{ E:;Im
\
| | | |
&(tpost ) pre) 91 92 93
Calcium variable
& Local & Local

Frenkel, tinyML ODL Forum 2023 >



Al algorithms

Synaptic plasticity rules — Neuroscience as the starting point [
Synergy with hardware: the perspective of data locality

Neuroscience

UP/DOWN decoder UP/DOWN decoder
i shift register i 1 F
spke— 1 spky .
P¥epre [Cassidy, i bi‘:i Update enable
: ISCAS'11] | v, .
| ] v upd | Direction of change
SPK gt mminth down™=% ? : Bistability
v ¥ v ¥ v v i threshold
: H : Overflow -1 /+1 i
: : ——
: Overflow -1/ +1 r detelctor gereratolr‘
r detector [*—NcrR ] generator i
7N P S a— I Sy | S ———" | -

M Control inputs
M Inputs (pre-neur)
B Inputs (post-neur)

STDP

Frenkel, tinyML ODL Forum 2023 [Frenkel, Trans. BioCAS, 2019

; SDSP 6



Al algorithms

Synaptic plasticity rules — Neuroscience as the starting point I
Synergy with hardware: the perspective of data locality

Neuroscience

Spike-timing-dependent plasticity (STDP) Spike-dependent synaptic plasticity (SDSP)
[Bi & Pod, J. Neurosci., 1998] | [Brader,l Neur. Conlvp., 2007]
[Cassidy, ISCAS, 2011]
}\ 1t1J‘F'I"IEFI'I:_:}- ﬁm
| 1}
1 “\
S 0 — S ok
/] _‘_'_‘___'_\ 4
-1 1
| At
\: Vmem{ E:;Im
\
| | | |
At oot~ tore) 7, 2 O3
Calcium variable
« Local in space « Local in space [Clopath and Gerstner,
: . . : Front. Syn. Neuro., 2010
& Non-local in time Local in time y ]
\ )

Y
Huge savings In silicon
Frenkel, tinyML ODL Forum 2023 7



Al algorithms

Synaptic plasticity rules — Neuroscience as the starting point [

synapse
SRAM

Synergy with hardware: the perspective of data locality Neuroscience
ODIN (single-core) MorphlC (quad-core)
R L A A LN NNEBNENENESNESSNSENNY EunE
Synapse - E
SRAM f =
SRecitar Gprnte? | : :
logic and controller | © E . m
| & | :
open source & E CRETT 8
ardware H core3 |=

FESR SEUNEPENREUNEANESREN

v

1.87mm

& Record synaptic density
& Energy efficiency competitive with analog mixed-signal designs

«” Large feature set (incl. synaptic plasticity)
...but quite painful to exploit! :

Frenkel, tinyML ODL Forum 2023



Frenkel, tinyML ODL Forum 2023 .
Y Al algorithms

Neural network training — Bio-plausibility as the end goal l

Synergy with hardware: latency, memory access patterns Neuroscience

BP FA DFA DRTP
I — DO—— D SN
T r)“‘l“gl € T til‘gl e T fi‘l‘gl T f)‘.‘l-S'l € ‘\(\dep (e a\so
2 0 00 | s
Wl w, I B, w, T
r)‘_‘l‘\_a n‘il‘g B{
2000 e 0000 20000
w, W, w, I B, v, T
oy oy B:
. neeee | n@eee:
]-Fr! [ W’J I .I-Ff‘f T
X

@000 ~ @000~ <0000

oJ .
I 37= Tr';:d(sz k+1 BE& i+l B{G
k
Weight-transport-free X N4 N4
Update-unlocked X X X

\ Computational and memory cost \



HW efficiency and bio-plausibility are often two sides of the same coin!
Many more examples: quantization, stochastic computing, event-driven computation,...

Designing efficient hardware hints toward bio-plausible mechanisms

DRTP
T '*'."31 €
e

Bringing Al closer to neuroscience leads to hardware efficiency

Frenkel, tinyML ODL Forum 2023 10



From neuroscience to Al and back again
[Which starting point?|Which perspective?

f
Al without hardware is unsustainable @ Bottom-up science-driven approach
A
4 \
Al algorithms Analysis-by-synthesis

Engineering

¥ Difficult to scale efficiently to real-world problems

Neuromorphic hardware ] ] ]
@ Top-down engineering-driven approach

Science Natural

Neuroscience synergy

¥ Starts from working solutions to real-world problems

¥ Which “salt & pepper” from neuroscience?

v

Neuromorphic intelligence:

(2) should be fed by (1)

Frenkel, tinyML ODL Forum 2023



Outline

@ How can we morph these questions into interesting solutions for on-device-learning?

Frenkel, tinyML ODL Forum 2023
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Why is on-chip learning over second-long timescales difficult?

Let’s solve a yet unsolved engineering challenge!

Exact BPTT
gradients
Error * Unrolling in time: very deep network
5 (current learning ICs for static stimuli: <3 layers)
(@]
8: :8 * |Intractable memory/latency requirements
oflito
8: P * No end-to-end on-chip solution to date
. do th t! (you still need costly external memory!)

Key challenge: End-to-end on-chip learning over long
timescales while keeping a fine-grained temporal resolution

Frenkel, tinyML ODL Forum 2023
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The bio-inspired

solution

Backward- vs. forward-mode training

Backprop through time (BPTT, backward) Eligibility propagation (e-prop, forward)
Exact [Bellec, Nat. Comms’20]
radients : Learning
° Error Time signals
‘8 Error
’8 e-prop B
Ofifitio die §
S SEEEh S L
8 jo IJ ¢ :
—. o PN L U
O Remaining R S——
All challenge - D J 7 Current

EO-'.: E..:: !
O?:’-"" * . . > T tl meSte
timesteps solved in 3 stM P

Biological plausibility /7

Space and time

locality /

On-chip memory requirements \

Frenkel, tinyML ODL Forum 2023
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Algorithmic developments toward efficient long-term on-chip training
Network definitions and evaluation task

Network model Delayed-supervision navigation task
DO Om )—
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Frenkel, tinyML ODL Forum 2023




Algorithmic developments — Step 1

Network model

Neuron model selection

Task performance

- -
- \\__/ -~

—= BPTT - 20-ms-leak LIF
— = BPTT - Adaptive LIF

S ="

10 w .
:O: O ar - 0.5 ~°
O Ol —— - T\
:0: O &= 5 \
:O: O & S 0.41 |
HO \
O '% 0.3 \
I \
@ \
So.2
Sample input I 1 N o
£ 0.1
. . T s o e
Leaky integrate-and-fire (LIF) ,\@
or adaptive LIF (ALIF) 21 — 0.0

Leaky integrator (LI)

Frenkel, tinyML ODL Forum 2023

Time

50 100 150 200
# 40-sample training batches

250
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Algorithmic developments — Step 1

Network model

:0Q00000Q0

Leaky integrate-and-fire (LIF):

¥ Only a short time constant (~20-ms leak)

Adaptive LIF (ALIF):

00000

Neuron model selection

Task performance

— O
e o T\
—N e \
S 0.4l —— BPTT - 20-ms-leak LIF
qL) \ —= BPTT - Adaptive LIF
i \
< \
20.3{
IE \\
@ \
©
4 0-2 \‘ o
0 - ~= )
II(;)' 0.1 Ss~o- ) G
Q
s
0-0 L) T T T
0 50 100 150 200

«" Embeds threshold adaptation over 100s of ms

Frenkel, tinyML ODL Forum 2023

# 40-sample training batches

250
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Algorithmic developments — Step 1

Neuron model selection

Network model

:0Q00000Q0

[THHE <

Leaky integrate-and-fire (LIF):

¥ Only a short time constant (~20-ms leak) > LIF with configurable leak:

« Eligibility traces: simple activity LPF + Flexible time constant (ms to sec)

Adaptive LIF (ALIF): « Eligibility traces: simple activity LPF
« Embeds threshold adaptation over 100s of ms 22 Less biologically plausible

X ET: Complex per-synapse multi-scale filtering

Frenkel, tinyML ODL Forum 2023 18



Algorithmic developments — Step 2

Space and time locality
] Learning
/..._'T'me signals
g 2 »

: DE
o=
| B4 Eligibility

| g% traces
DA
dE ~ Lt eii i--:"E /\/57’wrec
Wi 7 \

Local decoupling of
space and time

Step 3 — Stochastic weight updates allow reducing weight resolution to 8 bits.|

Frenkel, tinyML ODL Forum 2023
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Test-set decision error rate
o o o o o
= N w IS Ul

o
=

B Competitive with a BPTT-trained network of ALIF neurons
B Memory overhead reduced to 0.8% of the inference-only network

Algorithmic developments
Final performance

o T

— = BPTT - 20-ms-leak LIF
— = BPTT - Adaptive LIF

}(sim.)

—— Mod. e-prop - 2k-ms-leak LIF
(meas.)

o

50 100 150 200
# 40-sample training batches

250



From neuroscience to Al and back again
Which starting point? Which perspective?

Al algorithms
Q Engineering

euromorphic hardware
C~\ ‘

Science o

Neuroscience

Neuromorphic intelligence:

@ shoud be fed by@

Frenkel, tinyML ODL Forum 2023

HW tractability?
Bio plausibility?

BPTT\
Eligibility :
traces
S & ti
HW efficiency? palcc:)ia“t;/me

Long timescales?

Config. LIF }
Simplified
e-prop

Threshold
adapt.

21
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Frenkel, tinyML ODL Forum 2023

[Frenkel, ISSCC, 2022]

ReckOn — Neuroscience and Al meet in efficient hardware
Chip microphotograph and summary

open source

ardware

Technology

Core size

0.67 x 0.67 mm? §0.45mm?

Die size

28nm FDSOI CMOS

0.93 x0.93 mm?

SRAM

Network

Spiking RNN

Training timespan

Max. 32k steps

+ OkB ext. DRAM!

22



ReckOn — Neuroscience and Al meet in efficient hardware
Chip microphotograph and summary

open source
ardware

= Event-driven / sparsity-aware computation
= Sensor-agnostic raw-data processing

Task- agnostlc processing and Iearnlng
Address

events (AEs) :
/ > ReckOn

Neuromorphic
spiking sensor

933um —

| i1 :
>~ 5

Frenkel, tinyML ODL Forum 2023 [Frenkel, ISSCC, 2022]



} §> Vision p- @ Audition

IBM DVS Gestures dataset Spiking Heidelberg Digits (EN) dataset
(10 classes, shrinked to 16x16) (1-word KWS 1 1 target vs. filler, 1:3 sub)

.ﬁ“ Ime kh .;

Accuracy: 87.3% (28uW @0.5V)
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ReckOn — Measurements and benchmarking
Three benchmarks that demonstrate task-agnostic learning
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Accuracy: 90.7% (46pW @0.5V) Accuracy: 96.4% (14pW @0.5V)
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ReckOn — What you should remember
Key elements toward neuromorphic edge intelligence

ReckOn merges Al, neuroscience and hardware to

achieve end-to-end on-chip learning over second-long timescales while
keeping a milli-second temporal resolution, a yet unsolved challenge,

provide a low-cost solution: 0.45-mm? core area, <50uW for training at 0.5V,
and 0.8-% memory overhead vs. inference-only network,

demonstrate task-agnostic learning with a spike-based encoding toward
user customization and chip repurposing at the edge.

Neuromorphic intelligence outlines an exciting future for tiny on-device learning!

Frenkel, tinyML ODL Forum 2023
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The Cognitive Sensor Nodes and Systems (CogSys) Team

We bridge the bottom-up (bio-inspired) and top-down (engineering-driven)
design approaches toward neuromorphic intelligence.

Things we like (non-exhaustive list!):

* designing neuromorphic ICs and
tinyML accelerators (mostly digital,
going mixed-signal)

* bio-plausible training algorithms and
synaptic plasticity mechanisms

= « gsystem-level optimization for
autonomous sensorimotor agents,
from sensing to decision

Positions will open soon!
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_ Y @c frenkel Sl Charlotte-Frenkel
Questions? B cfrenkel (] c.frenkel@tudelft.nl

O ChFrenkel  www chfrenkel.github.io

Main references:

- ODIN: [C. Frenkel et al., “A 0.086-mm? 12.7-pJ/SOP 64k-synapse 256-neuron online- Open-sourced!
learning digital spiking neuromorphic processor in 28nm CMOS,” [EEE  github.com/ChFrenkel/ODIN
Trans. BioCAS, 2019]

- MorphlIC: [C. Frenkel et al. “MorphlIC: A 65-nm 738k-synapse/mm? quad-core binary-weight
digital neuromorphic processor with stochastic spike-driven online learning,” IEEE
Trans. BioCAS, 2019]

- DRTP: [C. Frenkel, M. Lefebvre et al., “Learning without feedback: Fixed random Open-sourced!
learning signals allow for feedforward training of deep neural networks,”  github.com/ChFrenkel/Direct
Frontiers in Neuroscience, 2021] RandomTargetProjection

-SPOON: [C. Frenkel et al., “A 28-nm convolutional neuromorphic processor enabling
online learning with spike-based retinas,” IEEE ISCAS, 2020]

- Review: [C. Frenkel, D. Bol and G. Indiveri, “Bottom-up and top-down approaches for the
design of neuromorphic processing systems: Tradeoffs and synergies between
natural and artificial intelligence,” Proceedings of the IEEE (to appear), 2023]

_ReckOn: [C. Frenkel and G. Indiveri, “ReckOn: A 28-nm Sub-mm? Task-Agnostic Spiking
Recurrent Neural Network Processor Enabling On-Chip Learning over Second-
Long Timescales,” IEEE International Solid-State Circuits Conference (ISSCC), 2022]

Already available in
arxiv.org/abs/2106.01288

Open-sourced!
github.com/ChFrenkel/ReckOn
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