The Brain Computes Using Time,
and So Should Neural Networks

Jason K. Eshraghian
Assistant Professor, ECE, UC Santa Cruz

3 April 2025

A

UC SANTR CRU | 23 Ez5kheorin



©

How can | help you today?

Come up with concepts Design a database schema

rOr 3 ratro-ctvle arcacdeae adame TOr an onlina me 'f"l" =~ felf=
18] cad eLro SLVIE ¢ I adude Jdallie LM« 1 on ellielc S LU T

Help me debug Brainstorm names

I\l =T | T I”IFGaRilarm T _—:.kl Arandcda —al AMa' e TalaladlalaBRidalas
whaetod | ) | = I Al WA G N AL W¥he 1 & L= LW 4 L |

wd B b | N

) Message ChatGPT..

ChatGPT can make mistakes. Consider checking important information.



The fundamental unit of computation in the brain is a spike



Toward Biological Networks: The Three S’s

Spikes: Biological neurons interact via single-bit spikes
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Sparsity: Biological neurons spend most of their time at rest, setting most
activations to zero at any given time
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Static Suppression (aka Event-driven Processing): The sensory periphery only
processes information when there is new information to process
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Event-Driven & Sparse Tensor



The Leaky Integrate-and-Fire Neuron
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Python package for gradient-based
optimization of SNNs

real-time online learning

Il snnTorch

Gradient-based Learning with Spiking Neural Networks seamless integration with Pylorch

>200,000 downloads

neuromorphic HW compatible

@ github.com/jeshraghian/snntorch




Tutorial

Tutorial 1

Tutorial 2

Tutorial 3

Tutorial 4

Tutorial 5

Tutorial 6

Tutorial 7

Title

Spike Encoding with snnlorch

The Leaky Integrate and Fire Neuron

A Feedforward Spiking Neural Network

2nd Order Spiking Neuron Models (Optional)
Training Spiking Neural Networks with snnTorch
Surrogate Gradient Descent in a Convolutional SNN

Neuromorphic Datasets with Tonic + snnlorch

Advanced Tutorials

Population Coding

Regression: Part | - Membrane Potential Learning with LIF Neurons

Colab Link
C€ oOpen in Colab

ZC Open in Colab

CC Open in Colab

€ Open in Colab

ZC Open in Colab

CC Open in Colab

CC oOpen in Colab

Colab Link

ZC Open in Colab

ZC Open in Colab

Regression: Part Il - Regression-based Classification with Recurrent LIF Neurons CO Open in Colab

Accelerating snnTorch on IPUs

Python package for gradient-based
optimization of SNNs

real-time online learning

seamless integration with PyTorch

CUDA + IPU accelerated

neuromorphic HW compatible

github.com/jeshraghian/snntorch
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Language Modelling




Shrek saw Taylor with binoculars




Shrek saw Taylor with binoculars
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Shrek saw Taylor with binoculars
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Memory grows quadratically with increasing
sequence length



Memory grows quadratically with increasing
sequence length

Your brains are not undergoing
neurogenesis with every word | say



Leaky Integrate-and-Fire Neuron
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Attention: too much information

SNNs: not enough information



SpikeGPT

The largest SNN trained via backprop & the
first to perform language generation

Zhu, Eshraghian, et al., TMLR, 2024.



Context — <start>

---- Generated Answer 1 ----

?’so what do you think of me? *’

I asked.

he was standing behind me, still looking at the posters,
and I suddenly knew what he was asking.

‘“ what do you think of me?
I looked up at him , the corners of his lips pressed together.

>’ don’t know.”’

he looked at me and i was staring at him, not even realizing what he was doing.
all I could do was watch him,

look at him, listen to his voice,

and then I would fall back to the stage and look at him.

LR}

Input

Figure 3: Example of text generated by SpikeGPT 120M. The model is trained on BookCorpus.
The largest ¢

first to perform language generation

Zhu, Eshraghian, et al., TMLR, 2024.



SpikeGPT

ExT

The largest SNN trained via backprop & the
first to perform language generation

30x less operations than a transformer of
equal size (N=12 blocks)

Zhu, Eshraghian, et al., TMLR, 2024.



SpikeGPT

The largest SNN trained via backprop & the
first to perform language generation

30x less operations than a transformer of
equal size (N=12 blocks)

Zhu, Eshraghian, et al., TMLR, 2024.



Why isn’t the world using it then?
Scaling hurts.



SpikeGPT

The largest SNN trained via backprop & the
first to perform language generation

30x less operations than a transformer of
equal size (N=12 blocks)

Zhu, Eshraghian, et al., TMLR, 2024.

MatMul-free LM

The first billion-parameter scale MatMul-free
model to achieve language generation

Ternary parameters: 8-10x less memory
“Learning to forget”

13W at human readable throughput

Zhu, Eshraghian, et al., arXiv, 2024.



Forget Gates in Linear RNNs




Forget Gates in Linear RNNs




Attention: too much information

SNNs: the correct information



MatMul-free Language Modelling on Hardware

The first billion-parameter scale MatMul-free model to achieve language generation

D5005 Stratix 10
(FPGA)

23.8 tokens p/sec @ 13 W

Human readable throughput:
~5-15 tokens p/sec @ 20 W



MatMul-free Language Modelling on Hardware

The first billion-parameter scale MatMul-free model to achieve language generation
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Neuromorphic Processor
(Intel Loihi: 7nm)




MatMul-free Language Modelling on Hardware

The first billion-parameter scale MatMul-free model to achieve language generation
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This barely scratches the surface.
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Event-based Cameras in Space W

WESTERN SYDNEY
UNIVERSITY

00:00:00.374231

RAM Camera Recording
e 27™February 2023
e Capturedat 18:33:49 UTC

* 30 second duration

Greg Cohen, Telluride Neuro. Workshop, 2024.



Event-based Cameras in Space W

WESTERN SYDNEY
UNIVERSITY

RAM Camera Recording

* High-speed playback can be critical to
spot interesting objects

 Easyto understand the geometry of the
scene

* [nformation that is inherently lost when
frames are made from the data

Greg Cohen, Telluride Neuro. Workshop, 2024.



Event-based Cameras in Space W

WESTERN SYDNEY
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RSOs

Horizon

Greg Cohen, Telluride Neuro. Workshop, 2024.
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UCSC Neuromorphic Computing Group
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