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Chapter 24 of "The NeuroAI Handbook"
Deep learning as a computational microscope: decoding thoughts, mapping wiring, and reading molecules.

One-sentence thesis. AI is not only inspired by the brain; it has become our most powerful instrument for
reading the brain, turning noisy, high-dimensional neural data into decoded speech, complete wiring diagrams,
and atom-level protein structures.

PART 1: The Computational Microscope

The Missing Instrument
Start with what we could not do, not with the algo-
rithm. For a century we could stain a slice, record the
crackle of one neuron, or watch blood drift across an
fMRI scan, yet the brain’s real language, the coordi-
nated firing of thousands of neurons at once, stayed
invisible. We had no microscope for high-dimensional
population activity. Deep learning is that microscope.
This is the second half of the NeuroAI loop: the brain
inspires AI, and AI, in turn, becomes the tool that lets
us see the brain.

Seeing the Unseen: Neural Decoding
The sharpest demonstration is neural decoding, trans-
lating raw electrical activity into its meaningful con-
tent. Intent to say a word is not one neuron firing; it is
a fleeting pattern spread across a population, and clas-
sical statistics drowned in the noise. Sequence models,
LSTMs and Transformers, are built for exactly this. Re-
searchers record activity, often with ECoG grids on
the cortical surface, while a person speaks, and train
the network to map spatio-temporal patterns onto
words.

The results reach into the clinic. Decoders can recon-
struct speech, rebuild the faces and scenes a person
is viewing from fMRI, and read out motor intent in
paralysis. For Why it matters. patients locked in
by ALS, stroke, or brainstem injury, a decoder driv-
ing a speech synthesizer gives back a voice, Moses
et al. (2021) restored speech in a paralyzed man, Wil-
lett et al. (2021) turned imagined handwriting into
text, and Tang et al. (2023) reconstructed continuous
language from non-invasive fMRI.

� ANALOGY

A decoder is a code-breaker with a Rosetta Stone.
It never gets a dictionary of the neural code; it
only sees activity paired with what the person
did, and learns the translation from those par-
allel texts. Enough aligned examples, and the
cipher falls.

Brain activity
ECoG · spikes · fMRI

Deep decoder
LSTM / Transformer

Decoded output
speech · text · movement

train on paired data

The decoder learns a mapping from population activity to meaning,
supervised by what the person actually said or did.
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PART 2: The Shape of Thought

Why High-Dimensional Data Is Not Really High-
Dimensional
Record a thousand neurons and you get a thousand-
dimensional signal, but those neurons do not move
independently. During a reach, or a decision, the
population traces a smooth, low-dimensional path, a
neural manifold, that is the true shape of the com-
putation. Churchland et al. (2012) showed motor-
cortex activity during reaching lives on such a low-
dimensional surface; the job of analysis is to find it.

The workhorses are dimensionality-reduction meth-
ods: PCA for the linear backbone, t-SNE and UMAP
for nonlinear structure, and VAEs or sequential au-
toencoders (LFADS, Pandarinath et al. 2018) to in-
fer single-trial dynamics. Watch out. t-SNE and
UMAP distort distances; use them to visualize, not to
measure, and read PCA’s variance-explained before
trusting any picture.

trajectory

PC 1

PC
2

Population activity (gray points) collapses onto a low-dimensional
trajectory (blue): the manifold is the computation’s shape.

Foundation Models for Brains
The GPT idea, pre-train once and transfer, is now re-
shaping neural analysis. CEBRA (Schneider, Lee &
Mathis, 2023) uses contrastive self-supervision to com-
press recordings into latent embeddings that stay con-
sistent across sessions and even across species, with
no labels required. Brain-Score (Schrimpf, DiCarlo
and colleagues) turns “is this model brain-like?” into
a leaderboard, scoring networks against V1, V4, IT,
and behavior. Two lessons stand out: self-supervised
models look more brain-like than purely supervised
ones, and the best models still explain only ∼70% of
the explainable variance in IT cortex. Transfer learn-
ing is the practical payoff, fine-tuning a pre-trained
model needs 10–100× less data than training from
scratch.
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PART 3: The Wiring Diagram

A Map No Human Can Draw by Hand
To know how a circuit computes you need to know
how it is wired, and here the obstacle is brute scale,
not subtlety. One cubic millimeter of cortex imaged
by electron microscopy at 4 nm per pixel is roughly a
petabyte; tracing every neuron by hand would take
annotators thousands of years. The problem is not that
we cannot see the wires, it is that there are far too
many to follow manually.

Flood-Filling Networks
Google Research’s flood-filling networks
(Januszewski et al., 2018) automate the tracing. Drop
a seed inside a neuron; a 3D convolutional network
with recurrent memory repeatedly predicts which
neighboring voxels belong to the same cell, floods
outward through the volume, and stops when confi-
dence falls at a boundary. A companion CNN detects
synapses at >95% precision and >90% recall, finding
millions in hours.

boundary: stop

seed

Flood-filling: from a seed, the network floods outward voxel by voxel
and halts at the neuron’s membrane.

From Fly to Human
FlyWire (Dorkenwald et al., 2022) paired this AI with
human-in-the-loop proofreading, 100+ neuroscien-
tists correcting errors in a browser, to reconstruct
∼130,000 fly neurons and 54.5 million synapses. The
same recipe now scales up: the MICrONS project
mapped a cubic millimeter of mouse cortex (about
200,000 neurons), and the H01 dataset (Google &
Lichtman lab) reconstructed a fragment of human
temporal cortex, 50,000 neurons and 130 million
synapses, revealing cell types unique to us. The pat-
tern. AI does the fast, tireless first pass; humans
supply judgment where it is scarce.

Brain Neurons Synapses EM data size

C. elegans 302 ∼7,000 1 GB

Fruit fly 100,000 100 million 100 TB

Mouse cortex (1 mm3) 100,000 1 billion 1 PB

Human brain 86 billion 100 trillion ∼106 PB

The scale of connectomics. Each step up multiplies data by orders of magnitude, which is why automation, not more annotators, is the only path
forward.
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PART 4: Reading Cells and Molecules

From Photons to Spikes
The microscope works at the cellular scale too. Two-
photon calcium imaging watches thousands of neu-
rons at once as GCaMP indicators brighten when cal-
cium floods a firing cell, but the raw movies are noisy,
huge (512 × 512 over thousands of frames), and con-
taminated by overlapping neuropil. Suite2p (Pachi-
tariu et al., 2017) and CaImAn (Giovannucci et al.,
2019) automate motion correction, cell detection, and
signal extraction; CaImAn models the movie as a ma-
trix factorization.

In symbols, the fluorescence video Y splits into neu-
ron footprints times their activity, plus background
and noise:

Y = AC + B + E

One more gap remains: fluorescence is slow (hun-
dreds of ms) while spikes are 1–2 ms, so CASCADE
(Rupprecht et al., 2021) deconvolves traces back to
spike times, trained on paired imaging-plus-ephys
ground truth. The payoff is stark, hand-drawing ROIs
took 2–3 days for a couple hundred cells; the pipelines
take 10–30 minutes for thousands, a 100× acceleration
that enables real-time closed-loop experiments.

calcium fluorescence

inferred spikes

time

Spike inference deconvolves the slow calcium signal (blue) back to the
fast action potentials (red) that caused it.

Reading the Molecules: AlphaFold
Go down one more level, to the proteins that make
neurons excitable. A protein’s function is set by its
3D fold, but predicting that fold from sequence was
a 50-year-old grand challenge, and the hardest cases,
membrane-embedded ion channels, resist crystallog-
raphy. AlphaFold 2 (Jumper et al., 2021) cracked it at
CASP14 using attention over the sequence, evolution-
ary information from multiple alignments, and itera-
tive refinement, then released structures for nearly the
entire human proteome. For neuroscience it predicted
hundreds of voltage-gated Na, K, and Ca channels,
exposing S4 voltage sensors, pore selectivity, gating,
and druggable pockets, which feeds structure-based
screening for antiepileptics, analgesics, and neuropro-
tectants.

AI as Collaborator
The microscope is starting to run its own experiments.
Closed-loop setups use reinforcement learning and
Bayesian optimization to pick the next stimulus or
tune deep-brain stimulation with far fewer trials than
grid search, and connectome-plus-physiology data
now feed digital twins, in-silico circuits (Billeh et al.,
2020; Blue Brain) where you can silence a cell type
and watch what breaks.

Quick Self-Test

1. Why is a deep decoder better suited to reading the “neural code” than classical linear statistics, and what
supervises its training?

2. What does it mean for population activity to lie on a low-dimensional manifold, and why should you
distrust distances in a t-SNE plot?

3. Why is manual tracing hopeless for a cubic millimeter of cortex, and how does a flood-filling network get
around it?

4. In the equation Y = AC + B + E, what do A and C represent, and why is a separate spike-inference step
still needed?

5. Name one reason AlphaFold matters specifically for neuroscience rather than biology in general.

If You Remember One Thing
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AI is the microscope neuroscience was missing. The same core move, let a network learn the mapping from
messy high-dimensional data to meaningful structure, decodes speech from cortex, uncovers the manifold
behind a decision, traces every wire in a connectome, and folds an ion channel. The instrument does not replace
the scientist; it hands over the scale problems so the judgment problems can get human attention.

Richard J. Young, Ph.D. · richard@deepneuro.ai · Senior AI Research Scientist, UnitedHealth Group · UNLV Lee Business
School · ORCID 0000-0002-1109-7552
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