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Plan 

• A brief history of the links between AI and Neuroscience


• Brain inspiration for AI


• Artificial Neurones


• Feedforward architectures for recognition and categorisation


• Spike based coding


• “Terabrain” Systems


• Simulating 68 billion neurons on a Mac!
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•Used in AlexNet, Transformers etc.


•Activations coded with floating point numbers


•Weights coded with floating point numbers


• Final Activation :


•  (1.000*1.000)+(0.933*0.933)…. (0.000 x 0.000) = 5.511


•Output function (e.g. sigmoid or ReLU)


•Very expensive computations

• 16 multiplications

• 16 additions 

• Output function

1.000
0.933
0.867

0.733
0.667
0.600
0.533
0.467
0.400
0.333
0.267
0.200
0.133
0.067
0.000

0.800

1.000
0.933
0.867

0.733
0.667
0.600
0.533
0.467
0.400
0.333
0.267
0.200
0.133
0.067
0.000

0.800

1.000
0.871
0.751

0.538
0.444
0.360
0.284
0.218
0.160
0.111
0.071
0.040
0.018
0.004
0.000

0.640

5.511Sum

Classic Neural Networks
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To simulate the human brain 

• 86 billion neurones 


• 7000 synapses per neurone


• To recalculate every millisecond


• 8.6E+10 * 7.0E+3 * 1.0E+3 = 6.02E+17 FLOPS


• 600 PetaFLOPS


• Only 3 supercomputers can do it (all in the USA)


• Over 20 MW!


• Jupiter Exascale Computer in Jülich, Germany


• 2300 m2


• 18.4 MW!

The energy problem

•What’s the secret? 

• The Brain is 1 million times more efficient (20W)
10

• Neuromorphic Computing


• Analog computation?


• Memristors?


•Spikes!



Spikes - The standard view
• 99% of research?


• It’s the rate of firing that counts 


• Several methods 
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A. Count spikes in a fixed times B. Interspike Intervals C. Poisson Coding

• All really bad!



The Alternative - Temporal Coding
• Processing with a wave of spikes

• The most strongly activated cells fire first

• Information can be encoded in the order of firing

Weak 
Stimulus
Medium 
Stimulus
Strong 

Stimulus

Time

A
ct

iv
at

io
n

Threshold

SpikeSpike Spike

• Sensory neurons are Intensity to Delay convertors

• Conventional view 

• Neurons as Intensity to Rate convertors

Intensity-Latency Function
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High Intensity

Low Intensity

The Alternative - Temporal Coding
• Edgar Douglas Adrian (1920s)

• First recordings from sensory fibres

• The retina is an intensity to 
delay converter


• This basic physiological 
fact was ignored for over 60 
years!

Higher maintained 
firing

Higher peak 
firing

Shorter Latency
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SpikeNet Technology

JKCBOAFINHPDMFEL

• Intensity to latency convertion

• The most active neurons fire first
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• 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

• Binary synapses 

• All or none
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N of M Coding

• Also possible directly on the inputs

• Even more power efficient! 

•Only N spikes needed
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•Use an inhibitory circuit to block 
propagation
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Selectivity Mechanisms 
N of M Coding

• Add neurons with a fixed number of 
binary connections


•No variable weights


• Each output neuron fires to a specific 
pattern
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• Add neurons with a fixed number of 
binary connections


•No variable weights


• Each output neuron fires to a specific 
pattern

Selectivity Mechanisms 
N of M Coding
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• Add neurons with a fixed number of 
binary connections


•No variable weights


• Each output neuron fires to a specific 
pattern

Selectivity Mechanisms 
N of M Coding
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• Add neurons with a fixed number of 
binary connections


•No variable weights


• Each output neuron fires to a specific 
pattern

Selectivity Mechanisms 
N of M Coding



Face detection with 4 spikes
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SpikeNet’s Recognition Engine

Invariance

• Luminance

• Contrast

• Rotation 

• Size

• Shearing

• Perspective

• Blurring

• Noise

One shot 
learning

SpikeNet Model 
< 500 bytes

Neurons 
exceeding 
threshold

Define an 
image patch

1 1

1

2

• 28*28 pixels

• 8 orientations 22



SpikeNet Performance 

• Detection and localisation of 51 targets

• Image 298*200 pixels

• Processing time  - 241 ms


• Detection and localisation of an eye

• Image 150*150 pixels

• Processing time - 5.7 ms per model 

• Two decades later, 
the same 
computations would 
take microseconds

23



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

24

•Could explain the remarkable 
energy efficiency of the brain



 Neural Network Computations

Conventional Processing

Event-driven Spike Processing

Event-driven Spike Processing with 
Unary Synapses

Unary Synapses & N of M coding

• Floating point synapses

• All synapses need to be calculated

• Only need to increment 
activation levels 

• Controllable Sparsity

• One shot learning rule

• Add unary connections 

from the N inputs that fire

• No zero weights

Can these ideas 
be scaled up?25



TeraBrain Project

MacBook Air M2 processor 
• 24 GB unified memory

• 2 TB solid state disk 

• 10 GPU cores

• 8 CPU cores

• 39 Watts

Aditya Kar

PhD Cerco-IRIT

• 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

26

• Poster at NICE’24

•Beyond 232?



TeraBrain - Today 

• NVMe SSD RAID 4x4TB = 16TB

• Two 4TB SSDs

• 4TB on Main Disk 

• Total 28 TB

27

£

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
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TeraBrain - Tomorrow 
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• 500 billion neurons


• Unlimited connections (limited by SSDs)


• 6 * 80GB/s SSD memory bandwidth


• 100 billion connections per second

• With current 40-bit addressing 


• 500 billion external neurons to code events

• Text


• Using all 1.2 million UTF characters

• Learn the entire web


• Images

• See the MIND MediaIndexing technology 

• Developed in 2006 by SpikeNet Technology


• Sounds 


• Tactile events


• Other sensory events


• Create neurons on the fly to store “episodic memories” 
with one neuron per memory


• Link neurons together to allow the system to predict 
upcoming events



Complete Terabrain Architecture
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Episodic Memory Neurons

Sensory Neurons

Output/Motor Neurons

Cognitive Neurons

Text 
Images 
Sounds 
Tactile 

Olfactory 
Other

Text 
Speech 

Robotic control 
Other

• Real soon now 😉



•A network with 4 billion neurons


•264 “synapses” in a crossbar array


• 18 446 744 073 709 600 000


• 18 quintillion


•Memristor-based solutions unusable
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• Importance of zeroless unary synapses 


•256 connections per neuron


•232 * 4 * 256 bytes = 4 TB

TeraBrain Architecture

• Other spike based computing systems 

• How does Terabrain compare? 



SpiNNaker 1 et 2

• Each Core = 1000 neurons


• Total - 1billion neurones


• Energy Consumption = 100 kW

32



DeepSouth 

• 228 trillion synaptic operations per second


• Energy consumption 40 kW


• Still 2000 times more than the human brain!

• Question

• What is the true distribution 

of firing rates in the 
neocortex?


• 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


•Is this true?  
33



Dark Matter? 

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

Jury still out!

Not binary - unary!
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Takehome messages
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Impact of studies of the brain on AI 

Temporal constraints on processing (1989, 1996…) 
• The need for feedforward architectures

• ImageNet Challenge (2009)

• AlexNet (2012)

• The Deep Learning revolution


Spikes! 
•Coding


• Order based coding

• N of M coding

• Unitary weights


• TeraBrain architectures

• Zeroless computing

• Ultra sparse activity 

• Dark Matter?


•Key to understanding the 20 watt power budget
AI still has a lot to learn 
from the brain!



Thank you!
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