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Chapter 25 of "The NeuroAI Handbook"
Why intelligence needs a body: sensorimotor loops, prediction, and brain-inspired control.

One-sentence thesis. The path to general, robust AI may run not through bigger models in a digital vat but
through a body, where perception, prediction, and action close into one loop grounded in the physics of the
real world.

PART 1: Intelligence Needs a Body

The Brain in a Vat
Begin with a puzzle, not a controller. Today’s large
models are brilliant “brains in vats,” trained on frozen
snapshots of the internet; they have never dropped
a cup, leaned into a turn, or felt an action push back.
Biological intelligence is the opposite, it is embod-
ied, shaped every moment by the traffic between
brain, body, and world. The Embodiment Hypoth-
esis (Brooks, Pfeifer) claims this is no accident: real
general intelligence requires a body, because cogni-
tion is grounded in the messy, real-time feedback of
sensing and acting, not in symbol-shuffling alone.

The Sensorimotor Loop
The deepest source of knowledge is the loop act →
sense → learn → repeat. An infant learns grav-
ity by dropping a toy, not by reading about it; the
physical world hands back an endless stream of self-

supervised data that is always correctly labeled by re-
ality. An embodied agent senses the state of world
and body, acts to change it, then updates its internal
model from the relationship between action and sen-
sory consequence. The core claim. this loop, not
any single module, is the engine of learning, and it
is the shared root of modern reinforcement learning
and robotics.

Act

World

Sense

Update
model

The sensorimotor loop: every action is a labeled experiment whose
result grounds the next belief.
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PART 2: Brain-Inspired Bodies

Walking Without Micromanaging: Atlas and
CPGs
How does Boston Dynamics’ Atlas (1.5 m, 89 kg) run,
jump, and backflip? Not by scripting every joint. Its
gaits ride on central pattern generators (CPGs), rhyth-
mic neural circuits first found in animal spinal cords,
a lamprey’s isolated cord still generates swimming.
Computational CPGs are coupled oscillators: a hand-
ful of tunable rhythms replace dozens of independent
joint commands, giving stable, smooth, and easily
re-timed gaits.

In its simplest form, each limb oscillator carries a
phase θi pulled toward a preferred offset from its
neighbors:

θ̇i = ωi + ∑
j

wij sin(θj − θi − ϕij)

Balance layers a brain-like hierarchy on top: an IMU
stands in for the vestibular system, joint encoders for
muscle spindles, force sensors for Golgi tendon or-
gans, feeding a footstep planner (premotor cortex), a
whole-body controller (cerebellum), and torque con-
trollers (spinal neurons). A predictive model lets
Atlas anticipate its own dynamics; a mismatch after

an unexpected push triggers fast correction, exactly
the cerebellum’s job.

Footstep planner
premotor cortex

Whole-body controller
cerebellum

Actuator torque control
spinal motor neurons

A hierarchical controller mirrors the motor stack: plan, coordinate,
execute.

Outsourcing Control to the Body
An octopus has no skeleton and hundreds of degrees
of freedom, yet its brain does not micromanage a sin-
gle arm, the arm’s mechanics do much of the work.
That is morphological computation: the body itself
performs part of the control. A soft silicone gripper
with pneumatic channels curls to match an object’s
shape from one pressure input, no per-joint planning,
tolerant of positional error, and safe against human
skin. The same logic runs in muscle: a stretched mus-
cle instantly resists with more force, a partly mechan-
ical reflex. Where it pays off. soft grippers handle
delicate tissue in surgery and unbruised fruit in har-
vesting, tasks that defeat rigid tools.
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PART 3: Crossing the Reality Gap

The Problem With Perfect Simulators
Real robots are slow, breakable, and cannot be fast-
forwarded, so we would rather train in simulation
where millions of trials run in parallel. The catch is the
reality gap: simulators approximate contact, friction,
actuator lag, and lighting, and a policy trained on
those approximations can fail catastrophically when
reality differs, as if the laws of physics changed under
its feet.

Domain Randomization
The fix is counterintuitive, make the simulation more
variable than reality. Domain randomization (Tobin
et al., 2017) randomizes mass, friction, lighting, tex-
tures, sensor noise, and object positions every episode,
so the policy sees thousands of “worlds” and learns
only the task features invariant across them. Reality
then becomes just one more sample it has already
handled.

Formally, the policy minimizes expected loss over
environments ξ drawn from a distribution:

min
θ

Eξ∼p(Ξ)
[
L(πθ ; ξ)

]

When It Works: Dactyl and QT-Opt
OpenAI’s Dactyl learned to solve a Rubik’s cube with
a five-fingered hand entirely in simulation, then did it
for real, recovering even when researchers whacked
it with a plush giraffe. It never explicitly learned
finger gaiting or gravity-assisted reorientation; those
human-like strategies emerged. Sparse rewards were
tamed by Hindsight Experience Replay (Andrychow-
icz et al., 2017), which relabels a failed reach to B as
a success at B, wringing signal from every attempt.
At scale, QT-Opt (Kalashnikov et al., 2018) trained
on 580,000 real grasps to hit 96% success on unseen
objects with closed-loop vision. The principle. ro-
bustness comes from exposure to diversity, the same
reason your cerebellum, trained on flat ground, still
balances you on gravel and ice.

sim: friction A

sim: mass B

sim: lighting C

sim: noise D

robust policy πθ real robot

domain randomization

Train across a wide distribution of randomized simulations; reality lands inside the distribution, so one policy transfers.
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PART 4: The Predictive Body

Why You Cannot Tickle Yourself
When motor cortex sends a command, it also sends
a copy, an efference copy, to the cerebellum, which
runs a forward model predicting the sensory result.
The brain compares prediction to reality:

error = actual feedback − model(efference copy)

Self-generated sensations are predicted away (hence
no self-tickle), while any surprise flags something the
body did not cause. Two responses follow: update the
forward model (adaptation, as when a heavy back-
pack first feels wrong, then normal) or correct the
action (online correction, nudging a reaching hand
back on course). This is model predictive control in
the brain, and it unifies neuroscience, robotics, and
optimal control under one idea: intelligent behavior
arises from prediction and the drive to minimize pre-
diction error.

� ANALOGY

Learning to ride a bike is embodiment in minia-
ture. You start with motor primitives (pedal,
steer); your cerebellum builds a forward model
(“lean this much, feel this much tip”); the lurch of
nearly falling is a giant error signal that rewrites
the model. Once the model is accurate, you bal-
ance without a conscious thought, the skill has
moved into the body.

Motor
command

Muscles →
actual feedback

Forward model
(efference copy)

Prediction
error

Efference copy lets the cerebellum predict the sensory consequences of a
movement; the residual is the error that drives learning.

Active Inference
Active inference (Friston) pushes this further: per-
ception and action are one process, both minimizing
surprise (free energy). Faced with a prediction error
you can change your belief (perceptual inference) or
change the world to fit the prediction (action). A
reaching agent whose “prior” is the target simply
acts to make its sensations match, control emerges
from prediction rather than from an explicit error-
correcting gain, and it maps cleanly onto neural firing
and population codes.

Learning Like an Infant
Infants are Earth’s best learners, and developmental
robotics copies their trajectory: reflexes, then body
babbling, then acting on objects, then tool use. The
driver is curiosity, formalized as seeking maximal
learning progress, the Goldilocks zone between the
already-mastered and the currently-impossible:

curiosity(s) ∝
∣∣ Lt(s)− Lt−∆t(s)

∣∣
This yields a self-organizing curriculum, body before
world, near before far, static before dynamic, none
of it hand-designed. Along the way the robot learns
affordances: it perceives not “a cup” but “graspable,
liftable,” reframing perception as action-centered
(Gibson), a job the parietal cortex is thought to do.

Sharing Space With Us
A body means sharing space with people, the domain
of social robotics: joint attention, predicting intent
from motion, and learning from demonstration. The
last taps the brain’s mirror-neuron system, and its
AI echoes are imitation-learning methods, GAIL (Ho
& Ermon, 2016) and DeepMimic (Peng et al., 2018),
that acquire fluid skills by watching rather than by
exhaustive trial and error.
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Brain mechanism AI / robotics analog What it buys

Spinal CPG Coupled oscillators Stable rhythmic gait

Cerebellar forward
model

MPC / learned dynamics Predictive correction

Basal ganglia Model-free RL Long-horizon reward

Muscle & tendon me-
chanics

Morphological computation Control outsourced to the
body

Mirror neurons Imitation learning (GAIL,
DeepMimic)

Skills from demonstration

Parietal cortex Affordance detection Action-relevant perception

Embodied AI is largely a translation table: each motor-control trick in the brain has a working analog in robotics.

Quick Self-Test

1. State the Embodiment Hypothesis in one sentence, and explain why a “brain in a vat” might be funda-
mentally limited.

2. What is morphological computation, and how does a soft pneumatic gripper illustrate it?
3. Why does making a simulator more variable than reality help a policy transfer to the real robot?
4. What is an efference copy, and how does the forward-model comparison explain why you cannot tickle

yourself?
5. In curiosity-driven learning, why does maximizing learning progress produce a curriculum no one had to

design?

If You Remember One Thing

Embodiment is not a bigger dataset; it is a different kind of intelligence. Put perception, prediction, and action
in one closed loop with a real body, and hard problems soften: robust control emerges from diversity (domain
randomization), smooth movement from prediction (cerebellar forward models), and a learning curriculum
from curiosity and the body’s own constraints. Nearly every robotics advance in this chapter is a rediscovery of
how the brain already controls the body.

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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