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Neural Fields as World Models
Joshua Nunley (joshnunl@iu.edu)1,2

1Luddy School of Informatics, Computing, and Engineering, Indiana University, Bloomington
2Cognitive Science Program, Indiana University, Bloomington

Abstract

Humans rehearse possible futures offline, as in mental prac-
tice and perhaps dreaming, suggesting that world models may
support task learning away from the environment. Standard
machine learning world models compress visual input into la-
tent vectors, discarding the spatial structure that characterizes
sensory cortex. We propose isomorphic world models: archi-
tectures that preserve sensory topology, so physics prediction
becomes geometric propagation rather than abstract state tran-
sition. We implement this idea with motor-gated neural fields,
where activity evolves through local lateral connectivity and
motor commands multiplicatively modulate specific channels.
Across three experiments, the same architecture learns ballis-
tic prediction without “teleporting,” improves a catching policy
offline by propagating task error through a frozen learned world
model, and develops body-selective motor channels without
body labels. These results provide preliminary evidence that
physical prediction, offline task learning, and body-linked rep-
resentation share a common computational substrate: action-
conditional prediction within a spatial map.

Keywords: neural fields; world models; intuitive physics; mo-
tor control; body schema

Introduction
A child learning to catch must solve two physics problems
at once: where will the ball land, and where will my hand
be when I reach? With practice, both predictions become
automatic.

How does the brain pull this off? Battaglia, Hamrick,
and Tenenbaum proposed that humans possess an “intuitive
physics engine” (IPE) that runs mental simulations to predict
physical outcomes (Battaglia et al., 2013). The framework
accounts for human performance across diverse physical rea-
soning tasks (Hamrick et al., 2016; Ullman et al., 2017).

Several computational frameworks have attempted to model
physical intuition. Object-based approaches like Interaction
Networks (Battaglia et al., 2016) and the Neural Physics En-
gine (Chang et al., 2017) learn to predict physical dynamics
over explicit object graphs. These models capture impor-
tant structure but operate on symbolic object representations
rather than raw visual input, and they do not integrate motor
commands. They model physics as an observer, not as an
agent. To understand how the brain predicts physics while
acting in the world, we need models that integrate action.
Grush (2004) proposed that the brain constructs internal emu-
lators: forward models that predict the sensory consequences
of motor commands and can run offline during imagery. Such

emulators could support task improvement away from the en-
vironment, as in mental practice (Jeannerod, 1995). World
models from machine learning, which learn these predictions
for planning and control, can be seen as computational im-
plementations of this idea (Ha & Schmidhuber, 2018). But
these architectures omit cortical constraints. Visual input is
compressed through an encoder into a latent vector with no
spatial structure, a recurrent model predicts latent state transi-
tions, and finally a decoder reconstructs predictions. In such
architectures, a single weight matrix can connect any latent
dimension to any other, allowing information to jump discon-
tinuously rather than propagate locally. In the physical world,
a ball moves continuously through space, forces act on adja-
cent objects, and trajectories unfold through spatial neighbor-
hoods. Latent-space world models have no such constraints.
Predicted objects can “teleport” across representational space
from one timestep to the next.

In trajectory-prediction tasks, motion-sensitive area MT ac-
tivates even without visual motion (Ahuja et al., 2022; Ahuja
et al., 2024). Neural patterns during prediction resemble those
during actual motion perception, as if physics simulation un-
folds within spatially organized visual representations rather
than in a separate abstract reasoning system.

The missing architecture is one that respects both con-
straints: spatial structure and action integration.

We propose that the key architectural principle is isomor-
phism: world models that preserve the spatial structure of
sensory input. The defining constraint is locality: nearby
points in the world map to nearby points in the representation,
and information propagates through spatial neighbors rather
than “teleporting” via global connections. When this con-
straint is enforced, physics prediction becomes a geometric
problem: a ball’s future is a path through representational
space, not an abstract vector transition.

To test this hypothesis, we use neural fields, perhaps the sim-
plest implementation of the isomorphic principle. Introduced
by Amari (Amari, 1977), neural fields are spatially organized
recurrent networks where activity evolves through local lateral
interactions: each location influences only its spatial neigh-
bors through a connectivity kernel. Neural fields have long
served as models of cortical dynamics, capturing phenomena
from visual attention to working memory to motor planning.
Yet they have not been explored as world models for planning
and control. Neural fields are not the only possible isomorphic
world model, and 2D tasks do not exhaust physical reasoning;
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Figure 1: Neural field world model architecture. Visual
input 𝐼𝑡 is added to the hidden state only during the first
three timesteps of each sequence; thereafter, the field evolves
autonomously through local lateral convolution (𝐾) and re-
currence. Motor commands m multiplicatively gate specific
channels, implementing gain modulation. A 1x1 convolution
reconstructs the visual prediction 𝐼𝑡+1.

here they provide a minimal, interpretable test of whether
preserving spatial topology changes prediction, control, and
motor-contingent representation.

To enable action-conditional prediction, we introduce
motor-gated channels: populations whose activity is multi-
plicatively modulated by motor commands. The mechanism
implements gain modulation, a fundamental computational
principle in cortex whereby one signal multiplicatively scales
neural responses to another (Salinas & Thier, 2000). In poste-
rior parietal cortex, gain fields enable sensorimotor integration
by combining visual input with motor signals (Andersen et al.,
1997). Motor-gated channels implement this operation.

Together, isomorphism and motor gating define the paper’s
central claim. A motor-gated neural field can learn a world
model that supports three cognitively relevant capacities —
physical prediction, learning a new task from internal sim-
ulation, and body-linked representation — while respecting
three neurobiological constraints: spatial maps, local lateral
dynamics, and gain-like motor modulation.

We provide preliminary evidence for this claim in three
experiments:

1. Physics from Lateral Dynamics: The constraint of local
connectivity should make blind physical prediction proceed
through continuous paths rather than discontinuous jumps
(Experiment 1).

2. Transferable Motor Control: A frozen world model
should support offline learning of a new control task: gradi-
ents pass through long coherent rollouts, and the resulting
policy transfers to real physics without policy training in
the real environment (Experiment 2).

3. Body-Selective Encoding: Motor-gated channels should
develop arm-selective activity without explicit body la-
bels, providing a minimal computational precursor to body
schema (Gallagher, 2005) (Experiment 3).

Methods
Neural Field Architecture
The neural field implements the locality constraint: informa-
tion propagates through spatial neighbors rather than jumping
arbitrarily across the representation. At each timestep, the
field state h ∈ R𝐶×𝐻×𝑊 updates through three influences:
decay of current activity, lateral input from neighboring loca-
tions, and visual input from the environment. A 7×7 convolu-
tional kernel 𝐾 (randomly initialized, learned end-to-end with
the rest of the world model) implements lateral connectivity:
predicted motion must traverse intermediate positions just as
objects traverse intermediate locations in physical space. The
model uses an Amari-style neural field update (Amari, 1977):

h𝑡+1 = h𝑡 +
Δ𝑡

𝜏
(−h𝑡 + 𝐾 ∗ ReLU(h𝑡 ) +𝑊in ∗ I𝑡 ) (1)

Visual predictions emerge through linear reconstruction: Î𝑡 =
𝑊out ∗ h𝑡 .

Each channel is a complete 2D activity map over the visual
field. To integrate motor commands, we designate the first 𝑀
maps as motor-gated, where 𝑀 matches the number of con-
tinuous motor commands (𝑀 = 4 for the arm; the ballistic
experiment uses no motor gating). After each dynamics up-
date, these channels are multiplicatively modulated by motor
signals:

h(𝑖)
𝑡+1 = 𝑚𝑖 · h̃(𝑖)

𝑡+1 for 𝑖 ∈ {1, . . . , 𝑀} (2)

This implements gain modulation, the same computational
principle by which posterior parietal cortex combines visual
and motor signals (Andersen et al., 1997; Salinas & Thier,
2000).

Neurobiological constraints. The cortical comparison is
structural: the model asks what follows when a world model
is built from constraints common in sensory and sensorimotor
cortex. It preserves three such constraints: retinotopic maps
maintain spatial correspondence with visual input (Wandell
et al., 2007); local lateral connectivity restricts interactions
to spatial neighbors; and gain-like modulation couples motor
commands to spatial activity. ReLU and convolutional ker-
nels abstract threshold-linear activity and local connectivity.
Learning is treated separately from architecture: the simula-
tions use backpropagation, while functionally similar credit
assignment may be possible in cortical circuits (Lillicrap et
al., 2020).

Task Environments
Ballistic trajectory (Experiment 1). A ball moves under
gravity in a 32 × 32 visual field, with random initial position
and velocity. The model observes the first 3 frames, then
predicts the remainder without visual input. Architecture: 16
channels (no motor gating).

Musculoskeletal arm (Experiments 2–3). A planar
double-pendulum arm operates in a 120× 45 visual field with
four motor commands following the Equilibrium-Point Hy-
pothesis (Feldman, 1986). For each joint, co-contraction (C)
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activates opposing muscles together to increase stiffness; re-
ciprocal (R) shifts the equilibrium angle to produce movement
direction. The four commands are shoulder-C, shoulder-R,
elbow-C, and elbow-R. These C/R variables are scalar mo-
tor commands supplied at each timestep, not labels for visual
regions. A ball falls from a random horizontal position for
catching. Architecture: 32 channels (4 motor-gated).

Training and Evaluation
World models are trained with mean squared prediction loss
(Adam optimizer, 10,000 epochs). Frozen-simulator policy
training (Experiment 2) has three stages. First, the arm world
model is learned from random motor-babbling trajectories
using next-frame prediction. Second, a small CNN+LSTM
catch predictor is trained as a differentiable surrogate for the
binary catch event. It receives visual reconstructions gener-
ated by the frozen world model while replaying real-physics
rollouts; per-timestep caught/missed labels come from the
corresponding real-physics trajectory. Third, the world model
and catch predictor are frozen, and only the policy weights are
updated. During each simulated rollout, the policy observes
the reconstructed visual field, outputs motor commands, the
frozen world model rolls forward, and the frozen catch predic-
tor scores the predicted trajectory. The policy maximizes pre-
dicted catch probability through gradients that pass through
both fixed modules. Thus policy learning is optimization
through a learned differentiable simulator, not model-free
reinforcement learning from real-environment rewards or a
rollout sampler for a reward-based learner. Because gradients
pass through long simulated trajectories, rollout coherence
directly shapes the learned policy. The trained policy de-
ploys to real physics without fine-tuning. Catch rate measures
successful interceptions over 100 episodes.

For body schema analysis (Experiment 3), we compute a
selectivity index comparing motor-gated channel activity over
arm versus ball regions, normalized by reconstruction activity:

Selectivity =
Motorarm/Motorball
Reconarm/Reconball

Values greater than 1 indicate body-selective representation.
Baseline. We compare against a VAE-LSTM inspired by

Ha and Schmidhuber (2018) because it instantiates the archi-
tectural contrast of interest: a latent-vector world model with
global recurrent dynamics, where an unstructured recurrent
state can mix information from any location. A convolu-
tional VAE compresses observations to a 32-dimensional la-
tent space, an LSTM predicts latent dynamics, and a decoder
reconstructs predictions. Following Ha and Schmidhuber
(2018), training proceeds in two stages (VAE first for 10,000
epochs, then frozen VAE plus LSTM for 10,000 epochs) be-
cause gradients through the decoder destabilize joint training.
This is not a parameter-matched benchmark; parameter count
is descriptive, while the contrast is latent-vector versus spa-
tially structured world-model format. The neural field requires
no staged training and uses 17–67× fewer parameters (13K vs
850K for ballistic; 50K vs 1.7M for arm), largely because the
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Figure 2: Trajectory prediction through internal dynam-
ics. Each column overlays a roughly 50-timestep rollout in
one plot, with successive predicted positions forming a path
through time. Both models observe only the first three frames
before blind prediction. The neural field (green) tracks smooth
parabolic ground-truth arcs (gray dotted), while VAE-LSTM
(orange) oscillates.

VAE-LSTM requires dense layers connecting flattened fea-
tures to latent space.

Results

The three experiments test increasingly action-linked conse-
quences of preserving spatial topology. Experiment 1 asks
whether local field dynamics can predict ballistic motion;
Experiment 2 asks whether a frozen world model can sup-
port offline learning of a new catching policy; Experiment 3
asks whether the same motor-gated arm model contains body-
selective structure without body labels.

Experiment 1: Physics from Lateral Dynamics

Figure 2 shows ballistic prediction: after observing a ball for
three frames, activity in the neural field continues along the
parabolic arc even without visual input. During observation, a
localized bump tracks the ball; remove the input, and the bump
keeps moving, following learned dynamics that approximate
ballistic motion.

Across 10 seeds, the neural field achieves median prediction
loss of 9.33 × 10−4 (IQR: [0.000895, 0.000988]), compared
to 3.94×10−3 for VAE-LSTM (p < 0.001). Beyond aggregate
loss, VAE-LSTMs exhibit a failure mode that neural fields
avoid. We measured frame-to-frame displacement of pre-
dicted centroids during blind rollouts. The neural field’s max-
imum displacement was 2.06 pixels, with 0.0% of sequences
showing “teleportation” (jumps >3.0 pixels). VAE-LSTM
showed 21.97 pixels maximum (10.7× larger) and 15.4% tele-
portation (p < 0.001). Local connectivity bounds how far
predictions can jump in a single timestep, a constraint absent
from latent-space models.
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Figure 3: Visuomotor prediction in the arm catching task.
Both models receive motor commands throughout, but visual
input only during the first three frames (Obs). Ground truth
shown as gray dots. The vertical dashed line marks the tran-
sition to blind prediction.

Experiment 2: Frozen-Simulator Policy Learning
The harder test is offline task learning: can a frozen learned
model support training a catching policy that works in the real
environment? We freeze the trained neural field world model,
then train a policy network to catch falling balls using only the
model’s prediction of the visual field. The policy receives the
neural field reconstruction as input and outputs motor com-
mands. Training proceeds entirely offline within the world
model: the model generates predicted observations, the pol-
icy generates actions, and a fixed catch predictor (trained on
real physics) scores each trajectory. Gradients pass through
the frozen world model to the policy, but do not update the
world model itself. This is not merely using imagined tra-
jectories as samples; the frozen model is the differentiable
simulator through which long-rollout errors shape the policy
update. No real-environment interaction or additional world-
model training occurs during policy learning.

Figure 3 shows the arm task: a double pendulum controlled
by muscle-like actuators must catch a falling ball. The neural
field receives motor commands alongside visual input during
observation, then predicts the visual consequences of contin-
ued motor activity during the blind phase.

Policies trained within the neural field achieve 81.5% catch
rate (IQR: [79.2%, 84.7%]) when deployed to the real physics
environment, approaching the 89.0% achieved by policies
trained directly on real physics (Figure 4). VAE-LSTM poli-
cies achieve only 46.0% (p = 0.003), roughly half the neural
field’s performance.

Prediction loss alone does not determine transfer quality:
despite comparable world model losses (Figure 5), the neural
field supports substantially better policy transfer. MSE mea-
sures visual prediction fit; rollout continuity and real catch
rate are the behaviorally relevant tests.

Why does spatial structure help? The neural field’s dy-
namics function as a spatial integrator: position and velocity
are represented in the location and movement of activity, and
the learned kernel implements discrete integration over time.
In latent-space models, these quantities must be disentangled
from a compressed representation. Spatial inductive bias pro-
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Figure 4: Frozen-simulator policy learning transfers to real
physics. Lines show simulator-training catch-predictor value
(right axis; negated loss, higher = better); this timestep-
averaged training metric is capped near 60% because a catch
can only be registered after the ball reaches catching range,
and is distinct from real catch rate. Points show real catch
rate at evaluation (left axis). Neural field policies (green)
achieve 81.5%, approaching the physics baseline (dotted).
VAE-LSTM (orange) achieves comparable simulator-training
performance but shows larger sim-to-real gap.

vides a natural coordinate system for physics, allowing the
policy to exploit spatial features directly rather than learning
to decode them from an arbitrary latent space.

Experiment 3: Emergent Body-Selective Encoding
Body schema, the implicit representation of one’s own body
that enables coordinated action, has long been studied as a
distinct cognitive capacity (Gallagher, 2005). In the arm
model, a computational precursor to body schema emerges
as a byproduct of visuomotor prediction. The motor-gated
architecture supplies action-modulated channels but does not
specify which pixels represent the body or where selectivity
should emerge; arm-versus-ball localization is measured only
after training. The finding provides computational support for
developmental theories proposing that infants discover their
bodies through sensorimotor contingencies (Bahrick, 1995;
Rochat, 1998). Using the arm world model, we compare
motor-gated channel activity over the arm versus the ball,
normalized by reconstruction activity.

Reciprocal (R) motor channels, which control joint move-
ment direction, show significant arm selectivity (Figure 6):
shoulder R median selectivity = 2.18 (p = 0.002); elbow R
median = 1.50 (p = 0.002). These channels are approximately
2× more active over the arm than reconstruction alone would
require. Co-contraction (C) channels show no significant se-
lectivity (shoulder C: p = 0.16; elbow C: p = 0.96).

Why do R channels show selectivity while C channels do
not? The answer likely lies in visual consequences. Recip-
rocal commands produce large arm movements; to predict
these, the motor channel must represent where the arm is.
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Figure 5: Training dynamics. Neural field (green) achieves
lower final pixel-MSE loss than VAE-LSTM (orange) on the
ballistic task and comparable loss on the arm task, despite
using 17–67× fewer parameters. Task-relevant metrics are
reported as centroid continuity and real catch rate. Shaded
regions show IQR across seeds.
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Figure 6: Emergent body-selective encoding in motor-gated
channels. Reciprocal (R) channels show activation concen-
trated over the arm rather than the ball (dotted contours),
despite no explicit training to distinguish body from world.
Orange indicates positive activation, green negative.

Co-contraction modulates stiffness with minimal immediate
visual change. The selectivity pattern reflects what each motor
command does. Body selectivity emerges from the prediction
objective, not explicit supervision.

Motor-gated channels show how neural fields spatialize dy-
namics. Each channel encodes action-contingent movement
within a spatial pattern. Channel activation at any instant rep-
resents where the controlled object will move, pixel by pixel,
under the current motor command. The same arm configura-
tion produces different channel patterns depending on which
motor is active. The architecture transforms temporal dynam-
ics into spatial structure, representing “what will move where”
in the spatial pattern of the field itself.

Discussion
We proposed that motor-gated neural fields can learn world
models that support three cognitively relevant capacities while
respecting three neurobiological constraints: spatial maps, lo-
cal lateral dynamics, and gain-like motor modulation. Three
results provide preliminary evidence. First, local connec-
tivity proves sufficient to learn ballistic physics: trajectories
emerge from wave-like propagation through the field, and pre-
dictions traverse intermediate locations rather than teleporting
as in latent-space models (Experiment 1). Second, the spatial

structure supports learning a new control task through a frozen
differentiable simulator: policies trained through neural-field
rollouts transfer to reality with a smaller sim-to-real gap than
the latent baseline (Experiment 2). Third, a computational
precursor to body schema emerges from visuomotor predic-
tion alone. Motor-gated channels develop body-selective en-
coding without explicit body labels (Experiment 3).

Relation to prior work. The neural field offers a mech-
anistic substrate for the “intuitive physics engine” proposed
by Battaglia et al. (Battaglia et al., 2013): physics emerges
from learned connectivity rather than explicit rules. Ahuja
et al. found that area MT activates during trajectory predic-
tion even without visual motion (Ahuja et al., 2022). Our
neural field shows analogous behavior: during blind predic-
tion, activity moves through retinotopic space, providing a
computational parallel to MT’s motion representation. Mul-
tiplicative gating by motor signals implements gain modu-
lation, the same computational principle found in posterior
parietal cortex where motor signals modulate spatially orga-
nized sensory representations (Andersen et al., 1997; Salinas
& Thier, 2000). Neural fields have a rich history in cognitive
science through Dynamic Field Theory (DFT), which hand-
specifies Amari-type dynamics to model working memory,
motor planning, and decision-making (Schöner et al., 2016).
Our work departs from this tradition: rather than designing
field dynamics for specific cognitive functions, we learn them
end-to-end from sensorimotor prediction. The neural field
learns its own dynamics, including physics and body-selective
encoding, through prediction error within this structured ar-
chitecture. On this view, computational principles identified
by DFT can be learned when spatially structured networks
predict the sensory consequences of action.

Neural fields and VAE-LSTMs can achieve similar loss, but
neural fields avoid the failure mode that affects VAE-LSTMs.
Local connectivity constrains errors to smooth spatial drift.
Predictions cannot jump arbitrarily across the field because
information must propagate through spatial neighbors. This
is not only an engineering difference: architectural constraints
shape how models fail. Human multiple object tracking er-
rors arise primarily from spatial proximity. For example,
when targets approach within a few degrees, crowding causes
confusions (Franconeri et al., 2010). Neural fields with lo-
cal connectivity should exhibit similar proximity-dependent
interference, a prediction we leave for future work.

The VAE-LSTM comparison is a contrast between repre-
sentational formats, not an exhaustive benchmark against all
world models: spatially structured alternatives such as Con-
vLSTMs may share these benefits, which would support the
broader isomorphism hypothesis. The key claim is that pre-
serving spatial topology changes how prediction errors unfold
and whether a frozen model can train policies for new tasks
through differentiable long rollouts.

Implications. The body-selectivity result has a simple im-
plication: body-linked sensorimotor representation need not
be explicitly labeled. One might object that this is circular:
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gated channels will represent whatever moves with their gating
signal. The objection assumes, however, that the architecture
supports stable visuomotor prediction in the first place; neither
multiplicative gating nor purely local connectivity guarantee
this. The claim is therefore conditional: when motor-gated
neural fields succeed at visuomotor prediction, body-selective
encoding follows.

The result instantiates one form of contingency detection
(Bahrick & Watson, 1985): given only action-conditional pre-
diction, the distinction between controlled body and external
object emerges from sensorimotor statistics. Infants as young
as three months preferentially attend to contingent visual feed-
back from their own limb movements (Bahrick, 1995; Rochat,
1998). Our model offers a candidate mechanism by which this
contingent attention could give rise to body-selective represen-
tations. The motor-gated architecture provides a mechanistic
implementation. Channels gated by motor commands can de-
velop representations of the body because the body is what
moves contingently with those commands. This can be read as
a simple comparator-like mechanism for agency (Blakemore
et al., 2002), which proposes that the brain distinguishes self-
caused from externally-caused sensations by comparing pre-
dicted sensory consequences against actual feedback. Motor-
gated channels generate action-conditional predictions; when
these match observed motion, prediction error is low, while
mismatch signals externally-caused motion.

Grush’s emulation theory (Grush, 2004) gives Experiment
2 its cognitive analogue: the brain constructs internal models
(emulators) that can be run offline to simulate action out-
comes. During overt movement, these emulators run in par-
allel with actual sensorimotor loops; during imagery, they
run alone. Our neural field functions as such an emulator,
a learned forward model that predicts sensory consequences
of motor commands. The key procedural distinction is that
the emulator is not updated during policy learning, nor used
merely to sample rollouts for a reward-based learner; it is
the fixed differentiable system through which gradients train
a new policy. This imposes a stricter demand than short-term
prediction: long rollouts must remain coherent because errors
in the simulator’s rollouts directly shape the policy gradients.
The training order also has a cognitive analogue: outcome
recognition can be acquired from sparse exploratory feedback
before a competent policy exists, then used to refine that policy
offline. Frozen-simulator learning succeeds because the emu-
lator is accurate enough that policies trained offline transfer to
reality. Mental practice (Jeannerod, 1995) is a documented bi-
ological analogue, and dream-like rehearsal may be another:
offline uses of internal forward models that improve action
without engaging the body. We model this computational
role, not sleep or imagery itself.

The representational format matters here. Latent-space
models function as descriptive systems. They compress ex-
perience into abstract codes where spatial relationships are
discarded and must be reconstructed through decoding. The
model must recover spatial relations that its representation

has thrown away. Isomorphic world models are constitutive,
meaning that representation and world share geometric form.
To predict a trajectory is to propagate activity through space;
to represent position is to activate a location. The neural field
is therefore directly interpretable: one can watch field dynam-
ics unfold and read off the predicted position as activity in a
particular location, not as a latent vector requiring decoding.
This aligns with enactivist accounts of perception (O’Regan
& Noë, 2001), where understanding arises from mastery of
sensorimotor contingencies rather than construction of inter-
nal pictures. Experiment 3 illustrates this point directly. The
motor-gated channels learn not a symbol for “arm” but the
sensorimotor contingency itself. They encode what changes
when a particular action is commanded. Because the repre-
sentation is spatial, the answer is spatially readable, which
may explain why physical reasoning feels immediate rather
than inferential.

Limitations and future directions. Our demonstrations
involve simple 2D environments. Object interaction, includ-
ing occlusion, collision, and support, may require representing
objects in separate layers with gated interactions, so they move
independently while influencing each other through learned
coupling. More fundamentally, isomorphism does not need
to mean pixel-isomorphism: the neural field could operate
in a three-dimensional coordinate system that preserves the
spatial structure of physical space rather than retinal space.
There is biological precedent: hippocampal place cells repre-
sent volumetric 3D space (Grieves et al., 2020), and parietal
area V6A encodes reaching targets in depth coordinates (Had-
jidimitrakis et al., 2014). Visual input could project into this
volumetric representation, and dynamics would unfold in a
space where depth is explicit. Such an architecture would re-
main isomorphic by preserving spatial adjacency in the phys-
ical world while handling the projective distortions that make
2D pixel space a poor model of 3D physics.

The observed benefits–stable policy gradients, successful
simulator-to-real transfer, and body-selective encoding–likely
arise from spatial adjacency plus action modulation rather
than neural-field dynamics alone. The broader class includes
ConvLSTMs, cellular automata, and graph neural networks on
spatial graphs–any architecture preserving spatial adjacency–
and motor gating is one of several possible mechanisms for
action integration. Benchmarking this class to identify which
architectural choices matter most for physics prediction is
future work.

Intuitive physics supports but does not exhaust physical
reasoning. The architecture we propose handles the fast, au-
tomatic simulation supporting perception and action; sym-
bolic reasoning about physics likely requires additional mech-
anisms, and how neural field world models might interface
with such systems remains an open question.

Conclusion. A motor-gated neural field treats physics, con-
trol, and body representation as one spatial problem: predict-
ing what changes where when an agent acts.
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