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Today’s class is based on a lecture | gave to a class of undergraduate students -
it’s thanks to you and all of the experience I’ve gained at U3A that | was able to
take on this opportunity, so thank you for making this class what itis!!



The Brain and its Mysteries
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But we’re not at the University of Melbourne! This is a much better starting slide!



Why is your brain so good?

Before we go through the presentation, have a think about this question! What
makes your brain so good? It could be some amazing feature of the human brain
in general, or something unique to your brain! In the university class today,
students answered with ‘the massive humber of connections’ and
‘neuroplasticity’. Our U3A class discussed learning new skills, keeping up skills
that we’ve previously learned, as well as the importance of exercise, sleep and
social connection.



Why is your brain so good?*

*at computational tasks that typically confer a survival advantage

By asking this question, | promise it’s not my own brain being conceited - there’s
always an asterisk when we talk about how good the brain is. What we mean is
that the brain is so good at doing things that make us more likely to survive. Let’s

look at an example...



Why is your brain so good?*

*at computational tasks that typically confer a survival advantage

Multiplying two numbers together is a very easy thing for computers to do, and
requires very little computational power. In contrast, our brains are horrible at
multiplying numbers —we’re so bad at it that we resort to memorisation of our
times tables rather than having a region of our brain that can perform this
function. This makes sense, because multiplying two numbers together, while
easy, wouldn’t have helped our ancestors survive.

On the other hand, facial recognition is a much more computationally intensive
process. Our brain is incredibly good at this, and this is because it’s highly
advantageous for us to recognise faces - this helps us fit cohesively into our
social groups, which in evolutionary history is incredibly important.

So now we can agree on what this question actually means: Why is your brain so
good at doing things that help us survive?



Why is your brain so good?

Here’s my answer...



Neurons.

It’s neurons!

This might seem like a bit of a cop-out. After all, neurons are the cells of the
brain, so why wouldn’t they be the thing that makes the brain so good?

I’m hoping that by taking you through an experiment that changed our minds, I’ll
be able to justify giving you this cheeky one-word answer.



I’m going to show some images from my work with a startup in Melbourne called
Cortical Labs, but the central experiment was done before | arrived there — 1 don’t
want to take any credit where it’s not due!



This is a group of cells that | grew in a Multi-Electrode Array. The cells started off
as stem cells, and | grew them into neurons. This device allows us to record the

electrical signals of neurons, as well as stimulating them electrically - it gives us
two-way communication with them.
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Here you can see the cells growing on the electrode array. Each black circle can
record and stimulate the neurons.
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Here you can see bundles of axons projecting from clumps of neurons. This is
how neurons form connections with each other!
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Here you can see a recording of the electrical activity of the neurons. We are
listening into the language of the brain!

This is very cool, but why does it matter?
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Kagan et al., 2022

The mind-changing element comes in when these cells are embodied in a virtual
world - the world of the ‘Pong’ video game.
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https://doi.org/10.1016/j.neuron.2022.09.001
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Kagan et al., 2022

Incredibly, the Cortical Labs team showed that neurons could independently
learn to play Pong - this is the first time it has been shown that neurons could
learn outside of a living organism! In this slide, the MCC & HCC are the neurons
we’d expect to learn (the others are controls that we expect not to learn). You can

see that the neurons have a greater average rally length, get aced less times, and
have more long rallies.

Let’s think about this - if we threw a bunch of computer parts on the floor, would
we expect them to form a computer? We wouldn’t dream of it, and yet that’s
exactly what these biological neurons have done! We’ve put them in an
environment that they are completely unfamiliar with, and yet they find a way to
self-organise and process information to play the game.
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https://doi.org/10.1016/j.neuron.2022.09.001
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https://doi.org/10.1016/j.neuron.2022.09.001

Khajehnejad & Habibollahi, 2024

This research also gives us the best opportunity yet to compare biological
intelligence with artificial intelligence. One of the scientists form Cortical Labs
decided to take the data from the previous experiment and compare it to three
state of the art Al models, and see who came out on top.
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https://doi.org/10.48550/arXiv.2405.16946
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In figures b, c and d, you can see that the MCCs and HCCs (the biological
neurons that we care about) outperform the others (the Al)!

But there’s one thing to keep in mind... in this experiment, the Al was restricted to
the same number of Pong rounds as the biological neurons.


https://doi.org/10.48550/arXiv.2405.16946
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In real life, we can train Al models on vastly more samples - this slides shows the
Al having a much greater ceiling for its performance than the biological neurons.
Al gets the last laugh today! Still, it’s incredible that biological neurons are able
to learn faster using lower numbers of rounds of Pong (i.e. less training data).

19


https://doi.org/10.48550/arXiv.2405.16946

So why is your brain so good?

is your brain so good?
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Why is your brain so good?

Human neurons can self-organise
to understand features of their
environment

May do this more effectively
than mouse neurons

Outperform cutting-edge deep RL
algorithms in sample efficiency

Neurons.

It’s our neurons! These incredible components of our brain can flexibly rewire to
process information, in a way that digital computers can’t even imagine.
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Once again, thank you so much for making this incredibly exciting opportunity
possible for me!
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A bonus slide about the free energy principle, which was used to incentivise the
neurons to learn. The following information (taken from the Kagan 2022 paper)
describes the types of stimulation used.

Sensory: 75 mV was chosen as the sensory stimulation voltage that would
relate to where the ball was relative to the paddle as described in the main text
to key electrodes. For the main study, place coding was combined with a rate
coding that delivered stimuli at 4 Hz when the ball was closest to the opposing
wall and increased in a linear fashion to a max of 40 Hz as the ball reached
the paddle wall.

Unpredictable: this feedback stimulus was set at 150 mV voltage and 5 Hz.
This stimulation occurred at random sites at a random timescale over the 8
predefined input electrodes, for a period of four seconds, followed by a
configurable rest period of four seconds where stimulation is paused, followed
then by the next rally.

Predictable: This was delivered at 75mV at 100Hz over 100ms. This occurred
at the instant of when the simulated ball impacted the paddle and replaced
other sensory information for the 100ms period. Predictable stimulation
occurred at this frequency and period across all 8 stimulation electrodes
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https://www.nature.com/articles/nrn2787
https://doi.org/10.1016/j.neuron.2022.09.001

simultaneously.
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