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Chapter 1 of "The NeuroAI Handbook"
Eight decades of borrowing between brains and machines, and the one mistake to avoid.

One-sentence thesis. Neuroscience and AI are two answers to the same question, “how does intelligence
work?”, and their progress comes from a running conversation, not from either field copying the other outright.

PART 1: Two Fields, One Question

The Core Question
Start with the question, not the wiring diagram. How
does intelligence work? Two fields have chased that
question from opposite ends for a century. Neuro-
science starts with the hardware, the wet and messy
biological brain, and works backward to the princi-
ples. Artificial intelligence starts with the principles,
logic and math and computation, and works forward
to build a mind from scratch. This handbook is about
the dialogue between them: a decades-long conver-
sation in which each side has taken turns inspiring,
challenging, and advancing the other.

The Neuron as a Brilliant Caricature
At the heart of the whole dialogue sits one deliber-
ately simple idea. A biological neuron is a riot of
ion channels, neurotransmitters, and branching den-
drites; the artificial neuron throws almost all of that
away and keeps three moves: integrate the inputs,
apply a transformation, emit an output. No single
artificial unit captures real cellular physiology, yet the
abstraction has been rich enough to build working

systems and to test theories of mind.

In symbols, the original McCulloch and Pitts (1943)
unit fires when a weighted sum clears a threshold:

y = 1[∑i wixi ≥ θ]

Watch out. A caricature is not a miniature copy. Re-
semblance alone does not prove that a deep ReLU
stack computes the way a cortical column does. Any
claim that a model works “just like the brain” has to
say at which level the two align, because you can match
the algorithm without matching the implementation.

� ANALOGY

A political cartoonist exaggerates the nose and
drops the skin pores. The drawing is useful be-
cause it discards detail, not despite it. The artifi-
cial neuron is that cartoon of a real cell: recogniz-
able, portable, and wrong in every fine particu-
lar.

A Shared Language: Marr’s Levels
To keep the conversation honest, the fields borrow David Marr’s three levels of analysis. They are the antidote
to loose “it’s just like the brain” talk: before comparing a brain and a network, say which level you mean. A
plane does not fly by flapping, yet it obeys the same aerodynamics as a bird, agreement at the computational
level, divergence at the implementational one.

Level Question In the brain In AI

Computational Why? What problem is solved Recognize objects despite lighting
and angle

The classification objective

Algorithmic What? Representations and
steps

Edges to parts to objects, a hierar-
chy

Convolution, pooling, feature
maps

Implementational How? Physical substrate Neurons, synapses, ion channels Transistors, matrix multiplies
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PART 2: Three Acts of the Dialogue

ACT I: The Spark
1940s–1960s

ACT II: Divergence
1970s–1980s

ACT III: Re-convergence
1980s–present

McCulloch–Pitts 1943
Perceptron 1958

Perceptrons 1969
XOR → AI winter

Backprop 1986
ImageNet 2012, AlphaGo 2016

Eight decades in three acts: inspiration, estrangement, reunion.

Act I: The Spark (1940s–1960s)
The first insight was that thinking could be computa-
tion. McCulloch and Pitts showed that networks of
threshold units can, in principle, compute any logi-
cal function. The mysteries of mind suddenly had
a footing in formal logic. Then Frank Rosenblatt’s
Perceptron (1958) made such a network learn: an
error-correction rule nudges the weights down when-
ever the output is wrong. Running underneath both
was cybernetics, Wiener’s feedback controllers and
Ashby’s homeostats, a shared vocabulary of goals and
error signals that kept engineers and physiologists in
the same room.

Act II: The Great Divergence (1970s–1980s)
The excitement met a wall. Minsky and Papert’s Per-
ceptrons (1969) proved that a single-layer network can-
not represent functions that are not linearly separable,
the XOR being the famous counterexample. Multi-
layer networks existed, but nobody could train them
efficiently. Starved of compute and data, the fields
drifted apart into the first AI winter: AI retreated
to symbolic logic and expert systems, while neuro-
science dove into ion channels and molecules. They
still asked the same questions about learning and rep-

resentation, but stopped speaking the same language.
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XOR: circles are one class, squares the other. No straight line splits
them, which is exactly what a single perceptron can draw.

Act III: The Grand Re-Convergence (1980s–now)
The wall came down with backpropagation (Rumel-
hart, Hinton, and Williams 1986; foreshadowed by
Werbos 1974), an efficient way to compute gradients
layer by layer and finally train the multilayer net-
works Minsky and Papert had stumped. The 2010s
deep-learning wave, big data plus GPUs plus better
architectures, turned that into ImageNet (2012), Al-
phaGo (2016), and large language models. The two
fields snapped back into alignment, and the conversa-
tion has been louder ever since.
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PART 3: The Virtuous Cycle

Neuroscience Inspires AI
The clearest debts run from brain to machine. Hubel
and Wiesel’s map of the visual cortex, simple cells
feeding complex cells feeding higher areas, inspired
Fukushima’s Neocognitron (1980) and then the con-
volutional neural network (LeCun 1989, 1998): lo-
cal filters, pooling, a rising hierarchy of features. A
second debt is about reward. The brain’s dopamine
neurons signal a reward prediction error, the gap
between the reward you got and the reward you
expected, and that quantity is almost exactly the
temporal-difference error at the core of modern rein-
forcement learning (Sutton 1988; Sutton and Barto
2018).

AI Advances Neuroscience
The arrow now points both ways. Deep learning and
probabilistic models decode neural population activ-

ity, reconstruct connectomes, and stand in as candi-
date models of cortical computation, task-optimized
networks used as testable theories of what a brain area
computes. The tools are getting industrial: Kilosort-
class sorters pull spikes from million-channel record-
ings in near real time, and transformer decoders trans-
late an animal’s pose straight into predicted neural
activity. Raw recordings become hypotheses.

� ANALOGY

Think of it as two mapmakers trading survey
notes. Neuroscience hands AI a rough sketch
of a working intelligence; AI hands back preci-
sion instruments that redraw the original map.
Neither could get as far surveying alone.
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PART 4: Touchpoints and the Efficiency Gap

From Membrane to Matrix Multiply
Both a neuron and an artificial unit follow the same
three-beat rhythm, integrate, transform, emit, but the
biological version lives in continuous time. A leaky
integrate-and-fire neuron charges toward its input
and leaks back toward rest, firing when it crosses
threshold:

τm
dV
dt

= −(V − Vrest) + Rm I(t)

The artificial neuron collapses that dynamics into one
static line, a weighted sum through a nonlinearity, as
with the ReLU y = max(0, w⊤x + b). What biology
spends on timing, chemistry, and dendritic structure,

the artificial unit trades away for speed and trainabil-
ity. That trade is the whole subject of this book.

The 20-Watt Brain
The gap that should keep engineers humble is en-
ergy. A human brain runs the entire show on roughly
20 watts, performing on the order of 1014 synaptic
events per second at a fraction of a picojoule each.
A modern accelerator burns hundreds of watts and
still lands orders of magnitude behind on operations
per watt. The brain’s tricks, sparse and event-driven
spikes, local memory next to compute, no shuttling
data across a bus, are exactly what neuromorphic
and sparse-computing research is trying to recover in
silicon.

Quick Self-Test

1. Neuroscience and AI approach intelligence from opposite ends. Describe each starting point in one
phrase.

2. Why is calling the artificial neuron a “caricature” more accurate than calling it a “model”? Name one
detail it discards.

3. State Marr’s three levels, and explain why “it works like the brain” is meaningless until you name a level.
4. What did Minsky and Papert prove, and why did backpropagation reopen the door they closed?
5. Give one example of neuroscience inspiring AI and one of AI advancing neuroscience.

If You Remember One Thing

The artificial neuron is a caricature, not a copy. That single abstraction is powerful enough to have built modern
AI and dangerous enough to mislead you, so whenever you hear that a network is “just like the brain,” ask at
which of Marr’s levels, because agreement on the goal never guarantees agreement on the machinery.
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