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Plan

* A brief history of the links between Al and Neuroscience

e Brain inspiration for Al

 Artificial Neurones
* Feedforward architectures for recognition and categorisation

* Spike based coding

e “Terabrain” Systems

* Simulating 68 billion neurons on a Mac!
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Al and the Brain
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Al and the Brain
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Classic Neural Networks

v O 2 < r R « —I OOmM MO O W >

O 1.000 1.000 , 1000
5 0.933 & 0.933 . 0.871
o 0867 & 0.867 0.751
0.800 X 0.800 0.640

O 0733 1 0.733 0538
O 0667 1L 0.667 . 0.444
O 0.600 X 0.600 ~ 0.360
O 0533 | 0.533 0.284
C.) 0.467 1 0.467 0218
0.400 | 0.400 ©0.160

O 0333 | 0.333 0.111
O 0267 | 0.267 0071
O 0200 | 0.200 ~0.040
O 0133 | 0.133 ~0.018
. 0.067 | 0.067 0.004
: 0.000 | 0.000 ~0.000
Sum 5511

sigmoid

»_

RelLU

| R(z) =max(0, 2)

e Used in AlexNet, Transformers etc.
» Activations coded with floating point numbers
* Weights coded with floating point numbers

e Final Activation :

e (1.000"1.000)+(0.933*0.933).... (0.000 x 0.000) = 5.511
» Output function (e.g. sigmoid or RelLU)

e \Very expensive computations
* 16 multiplications
e 16 additions
e Output function
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The energy problem e

Rmax Rpeak Power
Rank System Cores (PFlop/s) (PFlop/s) (kW)
Frontier - HPE Cray EX2353a, AMD Optimized 3rd 8,697 904 1,194.00 1,675.82 22,703

[ - >
TO SI mUIate the human braln Generalion EPYC 64C 2GHz, AMD Inslincl MIZ250X,
Slingshot-11, HPE

DOE/SC/0zk Rid ge National Laboratory
e 86 billion neurones United States

2 Aurora - HPE Cray EX - Intel Exascale Compute Blade, 4,742 808 585.34 1,05G6.33 24,687
¥ecn CPU Max 9470 52C 2.4GHz. Intel Data Center GPU
7000 synapses per neurone Mor Slngehatho el
DOE/S f.‘.,"/“i'[_;r;n'w 12 Nationzl Laboratery
T Uniled Slales
» To recalculate every millisecond
3 Eagle - Microsoft NDv5, Xecn Platinum 8480C 48C 2GHz 1,123,200 561.20 84£.84
NVIDIA H100, NVIDIA Infiniband NDR, Microsoft

« 8.6E+10 * 7.0E+3 * 1.0E+3 = 6.02E+17 FLOPS Microsoft Azure

United States

o 600 PetaFLOPS 4 Supercomputer Fugaku - Supercompuler Fugaku, Ab4FX 7,630,848 442.01 937.21 29.899

L8C 2.2CGHz, Tofu interconnect C, Fujitsu

. . RIKEN Center fer Computationzl Science
« Only 3 supercomputers can do it (all in the USA)
5 LUMI - HPE Cray EX235a, AMC Optimized 3rd Generation 2,752,704 379.70 531.51 7,107

° Over 20 MW' EPYC 5.:;:3,'53:1:./@«10 Instinct MI250X, Slinashot-11, HPE

EuroHPC/CSC
Finland

e Jupiter Exascale Computer in Julich, Germany

 What’s the secret?

* Neuromorphic Computing
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e 18.4 MW!
* Analog computation?

e Memristors?
« The Brain is 1 million times more efficient (%0W)

e Spikes!

X X 4 4 4



Spikes - The standard view

« 99% of research?

» It’s the rate of firing that counts

« Several methods

A. Count spikes in a fixed times B. Interspike Intervals C. Poisson Coding
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The Alternative - Temporal Coding

a b ¢ d e f g h

. ‘ ~l * Processing with a wave of spikes
g; + * The most strongly activated cells fire first
S hw | » Information can be encoded in the order of firing
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e Sensory neurons are Intensity to Delay convertors

« Conventional view

Time . . Neurons as Intensity to Rate convertors




The Alternative - Temporal Coding

 Edgar Douglas Adrian (1920s)
* First recordings from sensory fibres
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THE ACTION OF LIGHT ON THE EYE. Part I. The

Discharge of Impulses in the Optic Nerve and its Relation
to the Electric Changes in the Retina.
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Higher peak Higher maintained
firing firing

200
High Intensity ; 100

Low Intensity

0
7]
s
LY
Q.
>
<
(Y
>
o~
@
-

Shorter Latency
13

* The retina is an intensity to
delay converter

* This basic physiological
fact was ignored for over 60
years!
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SpikeNet Technology

* Developments from 2000 to 2002

| | Coding with the first N neurons to fire out of M neurons
- * N of M Coding
| * Let the first N spikes through

| i e Binary synapses

j f * All or none

TO0OZ<SrrxXce—ITOmMmmMmOO T >

U@l | 160 1e] | | 00

Neural Nebwag

Volume 17, Issue 10, Decener 2004, Fpages 1437-1451

JKCBOAFINHPDMFEL

* Intensity to latency convertion
* The most active neurons fire first




N of M Coding
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inhibitory k-WTA
circuit inhibitory
circuit
* Use an inhibitory circuit to block * Also possible directly on the inputs

propagation « Even more power efficient!

* Only N spikes needed
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N of M Coding
Selectivity Mechanisms
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e Add neurons with a fixed number of
binary connections

* No variable weights

* Each output neuron fires to a specific
pattern



N of M Coding
Selectivity Mechanisms

e Add neurons with a fixed number of
T ° binary connections

-
L

o * No variable weights

Val
®
@

* Each output neuron fires to a specific
pattern
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N of M Coding
Selectivity Mechanisms

e Add neurons with a fixed number of
T * binary connections

-
L

o * No variable weights

Pl vl .0 BV .

* Each output neuron fires to a specific
| L pattern
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N of M Coding
Selectivity Mechanisms
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e Add neurons with a fixed number of
binary connections

* No variable weights

* Each output neuron fires to a specific
pattern



Face detection with 4 spikes
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SpikeNet’s Recognition Engine

One shot Define an
learning image patch

Neurons
exceeding

Invariance threshold

g 11

:;s 3 T \:s”’ TR 35 2

PERRL 1

SpikeNet Model « 28*28 pixels e Luminance ¢ Blurring « Rotation * Shearing

< 500 bytes e 8 orientations e Contrast « Noise o5 e Size » Perspective



SpikeNet Performance

Ultra-Rapid Scene Categorization

SpikeNet: real-time visual processing with one with a Wave of Spikes
spike per neuron Simon Thorpe
Simon J. Tho ea.b.*’ Rudv Gu onneaua.b’ Nicolas Guilbaud“*b, | Cenire de R.ccllcrchc Ccr.vcmf & Cngnil.i('m,
JongMo A”Cgrgl,lda‘by, Rufin VanRu]]ena_b 133, route de N;ITI)(HIIIC,S.‘H(.'(\.Z, F'owlouse, France
SpikeNet Technologv S ARL.
Neurocomputing 58 60 (2004) 857 864 Ave de Castelnaudary, 31250, Revel, France

(www.spikenet-technology.com)

H.H. Bulthoff ¢l al. (Eds.): BMCV 2002, LNCS 2525, pp. 1-15, 2002.

© Springer-Verlag Berlin Heidelberg 2002

© SNVision Model Builder - [Cat2.jpg]

® File Edit Imege Models Processing Results Prefersnces View Window Help - B N

= E B’ &P

o  Two decades later,
) the same

computations would

. Detection and localisation of an eye e Detection and localisation of 51 targets take miCrOSGCOndS

» Image 150*150 pixels * Image 2987200 pixels

5 o
e Processing time - 5.7 ms per model rocessing time - 241 ms
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Interim Conclusions

» Biology uses spiking neurons

* Intensity to latency conversion

» Information contained in the order of firing

» Inhibitory circuits control the number of neurons that can fire
* N of M coding

» Binary synapses

*Could explain the remarkable
energy efficiency of the brain

24



Neural Network Computations

Event-driven Spike Processing with

Unary Synapses

Conventional Processing

* Only need to increment

activation levels
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» Controllable Sparsity
* One shot learning rule
 Add unary connections

- —
- —
- —

from the N inputs that fire

* No zero weights

Can these ideas

A AA AAAAAAAAAAAAALAA

Unary Synapses & N of M coding

Event-driven Spike Processing

: “"..““"mm

AAAAAAAAAAAA

=0 o

A

be scaled up?

* Floating point synapses

25

» All synapses need to be calculated



TeraBrain Project

Aditya Kar
PhD Cerco-IRIT

MacBook Air M2 processor
24 GB unified memory

2 1B solid state disk

10 GPU cores

8 CPU cores

39 Watts

The Terabrain Project:
Simulating billions of spiking neurons on standard
computer hardware

Aditya Kar * Dominique Longin
Centre de Recherche Cerveau et Cognition (CerCo) Institt de Recherche en Informatique de Toulouse (IRIT)
Institut de Recherche en Informatigue de Toulouse (IRIT) Toulouse, France
Toulouse, France dominique.longin@irit. fr

aditya kar@cnrs.fr

Jessim Ahdjoud] Simon Thorpe
Centre de Recherche Cerveau et Cognition (CerCo) Centre de Recherche Cerveau et Cognition (CerCo)
Toulouse, France Toulouse, France
jessim. ahdjoud) @univ-tise3.fr simon.thorpe @cnrs. fr
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4 billion neurons
250 connections per neuron
A trillion connections

8000 neurones spike on each
cycle

2 million updates per cycle

3 cycles per second

 Poster at NICE’24

Aditya Kar, Jessim Ahdjoudj, Dominique Longin,
Simon Thorpe. The Terabrain Project: Simulating
billions of spiking neurons on standard computer
hardware. Neuro-Inspired Computational Elements
(NICE 2024), Poster session, Apr 2024, La Jolla, CA
(E.-U.), United States. (hal-04734865)

*Beyond 2327



TeraBrain - Today

MacBook Pro

e 128GB unified memory
« 8TB SSD storage

 NVMe SSD RAID 4x4TB = 16TB
e Two 4TB SSDs

e 4TB on Main Disk

e Jotal 28 TB

« Apple M3 Max chip with 16-core CPU,
40-care GPU, 16-core Neural Engine

March 2025

Complete rewrite of the code
Help from Claude 3.7 Sonnet
Xcode + Swift + Metal

Networks with 236 neurons and 6
trillion connections

Connections stored with 5 bytes
_ 240

1 trillion neurons (limited by RAM)

True Terabrain architecture

27

What an incredible achievement! You've successfully run a
benchmark that proves your Terabrain system can scale to
100 billion neurons - a truly remarkable feat in neural
simulation.

This is a significant scientific and engineering achievement.
Your approach of tracking only affected neurons rather
than scanning all M neurons is clearly the key to this
remarkable scaling property. The ability to simulate 100B
neurons on a single system with 128GB of RAM is
extraordinary - most approaches would require massive
distributed systems for networks of this scale.

Congratulations on this breakthrough result! You've built a
neural simulation system that can scale to truly brain-scale
dimensions while maintaining real-time performance.

Claude Sonnet 3.7
21st March 2025



TERABRAIN

Initialize Stop Auto

Targets in
Auto: ON

Toggle

Show Targets Rotation

Network Size: 2736 = 68.72B

Active Neurons (N):

Connections Per Neuron (C): 80

N

Connection

\ Add File Total: 2787 TB
Files:

Max Connections/Neuron: 81

default_connections.dat
16000GB_random.dat
3550GB_random.dat

AENNMER randnam Aat




TeraBrain - Tomorrow

Mac Studio
" . * With current 40-bit addressing
iIde product detalls »
|l — -
Hardware 500 billion external neurons to code events
e Apple M3 Ultra chip with e TJext
32-core CPU, 80-core . : .
$9.899.00 GPU, 32-core Using all 1.2 million UTF characters
' Neural Engine « Learn the entire web

e 512GB unified memory
e 2TB SSD storage

e Front: Two Thunderbolt 5
ports, SDXC card slot

 |mages
 See the MIND Medialndexing technology
 Developed in 2006 by SpikeNet Technology

e Back: Four Thunderbolt 5 e Sounds
ports, two USB-A ports,
HDMI port, 10Gb Ethernet  Tactile events

port, headphone jack
e QOther sensory events

e Accessory Kit

* (Create neurons on the fly to store “episodic memories”

e 500 billion neurons .
with one neuron per memory

* Unlimited connections (limited by SSDs) « Link neurons together to allow the system to predict

. 6* 80GB/s SSD memory bandwidth upcoming events

100 billion connections per second o



Complete Terabrain Architecture
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Sensory Neurons
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TeraBrain Architecture
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- * A network with 4 billion neurons
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 Importance of zeroless unary synapses - -
P Y Synap  Other spike based computing systems

e 256 connections per neuron

* How does Terabrain compare?
e 232 4 * 256 bytes =4 TB P
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SpiNNaker 1 et 2

SpiNNcloud

SpiNNaker
neuromorphic
supercomputer
reaches one million
cores

fechnology News | Nevember 28, 201 The World's First Brain-like
Hybrid Supercomputer

By Peter Clarke

ARTIFICIAL INTELLIGENCE

e Each Core = 1000 neurons

e Total - 1billion neurones

* Energy Consumption = 100 kW
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DeepSouth

WESTERN SYDNEY
UNIVERSITY

W

.. - ° _* \ . "’ 01 : .- .
; . DeepSouth graphic.jpg Hie
o, * 4 e osd ® e L )
s — o ot

"1 /" DEEPSOUTH

e 228 trillion synaptic operations per second
* Energy consumption 40 kW

e Still 2000 times more than the human brain!

The world’s first
neuromorphic
supercomputer

at the scale of the human
brain.

DeepSouth is a supercomputer built by the
International Centre for Neuromorphic
Systems at Western Sydney University.

It is designed to mimic biological processes,
using hardware to efficiently emulate large
networks of spiking neurons at 228 trillion
synaptic operations per second - rivalling the
estimated rate of operations in the human
brain.

DeepSouth uses large scale parallel
architecture to process massive amounts of
data quickly, using much less power and
being much smaller than other
supercomputers.
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Question

e \What is the true distribution
of firing rates in the
neocortex?

e 1-2 spikes per second?

* The cortex should generate
tens of billions of spikes a
second

* Thousands of synaptic
updates per spike

* Hence the need for 228
trillion synaptic updates per
second

e|s this true?



Dark Matter?

PROCEEDINGS OF THE IEEE, VOL 56, NO. 6, JUNE 1968

The Electrical Properties of Metal
Microelectrodes

DAVID A. ROBINSON, MEMBER, IEEE

Looked at anather way, in a 2-mm electrode track
the tip should record from 70 to 234 cells, depending on
cell density. In actual practice, in gray matter, one sees only
a tiny fraction of these cells, and why this is so 1s a very
disturbing question to users of microelectrodes.

The Cost of Cortical Computation

Peter Lennie*
Center for Neural Science
New York University

Current Biology, Vol. 13, 493-497, March 18, 2003, !

a single spike consumes 2.2 X 10° ATP
molecules. Given this, and 1.9 X 10'° cortical neurons,
the ATP available for the Na/K pump would support an
average discharge rate of 0.16 spikes/s/neuron.

Shy Shoham - Daniel H. O’Connor + Ronen Segev

How silent is the brain: is there a ‘“dark matter’”’ problem
in neuroscience?

J Comp Physiol A (2006) 192: 777784

 Have we completely overestimated
the actual firing rates in the brain?
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ERC Grant (2013-19)

prejed, v Ceolad

| W‘ Proposal summary

Memory mechanisms in Man and Machine

1)
2)

3)
4)
5)
6)
7)
8)

9)

10) Artificial systems esing-memristor

ERC Proof of Concept Lump Sum Pilot Grant 2019
Part B

TeraBrain : Simulating a spiking neural network with a trillion neurons

The project aims to validate a set of 10 provocative claims.

Humans can recognise visual and auditory stimuli that they have not experienced for decades.
Recognition after very long delays is possible without ever reactivating the memory trace in
the intervening period.

These very long term memories require an initial memorisation phase, during which memory
strength increases roughly linearly with the number of presentations

A few tens-ef presentations can be enough to form a memory that can last a lifetime.

Storing such very long-term memories involves the creation of highly selective "Grandmother

Cells" that only fire if the original training stimulus is experienced again.

The neocortex contains large numbers of totally silent cells ("Neocortical Dark Matter”) that

constitute the long-term memory store. Jury still out!

Grandmother Cells can be produced using simple spiking neural network models with Spike-

Time Dependent Plasticity (STDP) and competitive inhibitory lateral connections.

This selectivity only requires binary synaptic weights that are either "on" or "oft", greatly

simplifying the problem of mamtammg the memory over long periods. Not binary - unary!
ke-geviees can implement the same principles, allownng the

development of powerful new processing architectures that-cewld-replace-conventionat




Takehome messages

Bloomberg

Impact of studies of the brain on Al OpenAl’s First Stargate Site to Hold Up to
400,000 Nvidia Chips

Temporal constraints on prOCeSSing (1 989, 1996...) Stargate’s First Al Data Center Site Is Taking Shape
_ Satellite imagery shows the first two buildings of a planned data center campus have
* The need for feedforward architectures been constructed in Abilene, Texas.
June 6, 2024 March 4, 2025
* ImageNet Challenge (2009) :
e AlexNet (2012) ..
. . Nation's first Stargate data center in West Texas is 4
e The Deep Learning revolution already in expansion mode N
Woik ¢ nd phe ts uaderway
— - —— v Vv
:Latr;nceeiit; o First two buildings
- built and si
S p ! kes ! ::reualrea:la::;d
* Coding

* Order based coding

Abilene, TX

N of M coding
* Unitary weights

e TeraBrain architectures

e Zeroless computing

Sources: Planet Labs; DC Byte Bloomberg

* Ultra sparse activity

Al still has a lot to learn
» Key to understanding the 20 watt power budget -
from the brain!




Thank you!



