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Abstract

High-fidelity simulators for embodied artificial intelligence evaluate complex robotic systems realistically,
but their computational cost rules out the large-scale reinforcement learning campaigns that modern
control policies require. We argue that the practical value of a learned dynamics model lies in learning
the right abstraction: a reduced state that preserves the control-relevant physics of the high-fidelity
system while enabling high-throughput policy learning. We develop a neural reduced dynamics (NRD)
framework that separates the state the model propagates from what can be supplied as an input or
recovered analytically, trains policies entirely inside the frozen learned model, and validates them back
in the high-fidelity simulator. Two case studies instantiate the framework across three control tasks:
terrain-aware trajectory tracking for a High Mobility Multipurpose Wheeled Vehicle (HMMWV) on
rigid, bumpy, and deformable Continuum Representation Model (CRM) terrain; and goal reaching
for a stock tracked vehicle and its front-mounted articulated arm. Every policy transfers back to
the high-fidelity simulator. A single policy trained inside the terrain-conditioned model, and given
no terrain input of its own, attains lower median and mean tracking error than both single-terrain
specialists on all three terrains, including zero-shot bumpy terrain. The tracked vehicle reaches 100 of
100 goals and the arm 97 of 100, with no contacts or joint-limit violations. The NRD models advance
roughly four orders of magnitude faster in simulated time than the high-fidelity scenes they replace,
which makes iterative on-policy learning practical. Code, data, and the policy-training scripts are
available at https://uwsbel.github.io/NeDM/.

Keywords: Neural reduced dynamics models, Off-road autonomy, Reinforcement learning, High-fidelity
simulation, Learned dynamics models

Article Highlights

• Costly physics simulations are distilled into fast learned models that keep the physics a controller
actually needs.

• Controllers are trained entirely inside those fast models and then checked against the original physics
simulator.

• One recipe covers a wheeled vehicle crossing soft soil and a tracked vehicle operating a mounted robotic
arm.
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1 Introduction

Complex robots, e.g., wheeled vehicles crossing
deformable terrain, tracked platforms, and artic-
ulated manipulators, are governed by multibody
dynamics, frictional and deformable contact, and
actuator behavior that resist compact analytical
description. High-fidelity embodied AI simulators
such as Project Chrono [1, 2] resolve these effects
and provide a controlled, repeatable environment
in which a candidate controller can be evaluated
before hardware trials [3]. That fidelity is expensive.
A detailed granular-terramechanics or tracked-
vehicle scene can run several times slower than real
time, while reinforcement learning (RL) consumes
millions of environment transitions across repeated
training runs. Training a policy directly inside such
a simulator is impractical for the scenarios where
high fidelity matters most. High-fidelity simulation
supplies the physics needed to evaluate a controller,
but not the throughput needed to search for one
efficiently.

A learned dynamics model is one common
remedy for this cost, see, for example, [4], but
introducing one does not by itself resolve the diffi-
culty; the open question is what the model should
represent. Learning the transition of the complete
simulator state is neither necessary nor easy: many
internal degrees of freedom need not be repre-
sented explicitly for the control task at hand, some
quantities are deterministic functions of others,
and contact and deformable-terrain states can be
extremely high-dimensional. An aggressively sim-
plified surrogate has the opposite failure mode. It
runs quickly, but may discard the tire slip, load
transfer, or actuator lag on which the controller
depends, so that a policy trained in it may fail
when transferred to the high-fidelity dynamics. Nei-
ther low one-step prediction error nor generic state
compression establishes that a surrogate is fit for
policy learning. This raises the central question of
the paper: what should a neural reduced dynamics
(NRD) model retain, receive as input, reconstruct
analytically, and omit, so that it is both fast and
useful for control?

We argue that a useful NRD model should
preserve task-relevant fidelity rather than mini-
mize state dimension for its own sake. It should
propagate the recurrent variables on which the
task-relevant dynamics depend, treat externally
specified commands and regime information as

inputs where appropriate, and recover quantities
that follow from the propagated state through
known kinematic relationships outside the learned
transition. Figure 1 shows the resulting pipeline,
which is shared by both case studies. Excited tra-
jectories are collected from Chrono; a history-based
NRD model built on a causal transformer [5] is
trained on a task-specific reduced state and selected
by open-loop rollout fidelity rather than one-step
loss; the selected model is frozen and vectorized so
that a policy can be trained against thousands of
copies with proximal policy optimization (PPO) [6];
and the trained policy is returned to the full
Chrono system for closed-loop evaluation. Here
reduced denotes preserved task-relevant fidelity, not
minimal dimensionality, and closed-loop transfer
to Chrono is the decisive criterion, while the NRD
model’s supervised error and the policy’s reward
inside it serve as intermediate evidence.

We instantiate this framework in two com-
plementary case studies. Case Study I builds a
terrain-conditioned NRD model for the HMMWV.
Its reduced state keeps body dynamics, tire normal
loads, and wheel speeds, and an explicit terrain
context tells the model whether the ground is
rigid or deformable. A single generalist policy is
trained inside that model. Back in Chrono, that
policy attains the lowest median and mean closed-
loop tracking error among the policies compared
here, on rigid flat terrain, on CRM deformable
soil [7, 8], and on bumpy rigid terrain it never
saw during training. Each single-terrain special-
ist, in contrast, degrades sharply off its training
terrain. Case Study II applies the same pipeline
to two substantially different abstractions on one
tracked-vehicle platform: a three-dimensional pla-
nar state for tracked-vehicle goal reaching and an
eight-dimensional joint-space state for arm reach-
ing, with vehicle pose integrated and end-effector
position recovered through forward kinematics
outside the NRD model. Policies trained entirely
inside these frozen NRD models transfer to Chrono,
reaching 100 of 100 vehicle goals within 0.75 m
and 97 of 100 arm goals within 0.05 m, with zero
contacts or joint-limit violations across the arm
rollouts. Across both cases, the batched NRD
models achieve measured aggregate simulated-
time throughput ratios of up to 58,400× under
the reported GPU-batched surrogate and single-
process Chrono configurations, making iterative
on-policy RL practical.
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Fig. 1 Overview of the neural reduced dynamics framework. A single reusable pipeline turns expensive high-fidelity physics
into scalable policy learning: (1) high-fidelity Chrono simulation generates state–action trajectories for complex robots
(a terrain-traversing HMMWV and a tracked vehicle with an articulated arm), yielding high-dimensional signals such as
vehicle velocity, tire force, joint position/velocity, end-effector position, wheel speed, and vehicle orientation; (2) a causal-
transformer neural reduced dynamics (NRD) model learns next-step reduced dynamics from a window of state–action history;
(3) vectorized PPO trains a control policy entirely inside the frozen, high-throughput NRD model; and (4) the resulting
policy is validated closed-loop back in high-fidelity Chrono, where it is evaluated closed-loop on the original control task

Our contribution is methodological. The paper
studies how control-relevant state, applied actions,
regime context, and known analytical structure
should be organized within a learned surrogate,
and evaluates that organization through down-
stream policy transfer. The causal transformer and
PPO implementation provide just one realization
of the framework rather than the central contribu-
tion. Specifically, the paper makes the following
contributions.

• Task-specific neural reduced-dynamics

framework. A reusable “Chrono-data”–to–
“policy” pipeline that separates recurrent state,
applied actions, optional context, and analyti-
cally derived quantities; selects models by held-
out rollout fidelity; freezes and vectorizes them
for policy training; and validates the resulting
policies through closed-loop Chrono transfer.

• Terrain-conditioned HMMWV dynamics

and control. A fifteen-dimensional terrame-
chanics abstraction with a rigid/CRM context
code, supported by reduced-state and context

ablations, whose generalist policy attains the
lowest median and mean tracking error among
the compared policies on flat, CRM deformable,
and zero-shot bumpy terrain.

• Cross-task applicability of task-specific

abstractions. Distinct three-dimensional
tracked-vehicle and eight-dimensional arm
abstractions on one vehicle-plus-arm platform,
producing policies that reach 100/100 and
97/100 Chrono goals, respectively.

2 Background and Related

Work

2.1 Learned Dynamics and Neural

Surrogates for Control

Learned transition models build off predicted expe-
rience rather than costly interaction with a physical
system or a high-fidelity simulator. Probabilis-
tic ensembles with trajectory sampling (PETS)
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pair learned dynamics with sampling-based model-
predictive control, propagating model uncertainty
into planning to obtain sample-efficient control [9].
The accompanying risk is autoregressive model
bias: as a model is advanced on its own predictions,
error compounds and an optimizer begins to exploit
the model rather than the system it stands for.
Model-based policy optimization (MBPO) man-
ages this by branching short synthetic rollouts
from real states, bounding how far the model
is trusted [10]. The learned model here occupies
a more demanding role: it is the entire environ-
ment in which the policy is trained, advanced
over complete episodes, so its behavior under
sustained recursion is the property that matters.
That role dictates the evidence reported below:
one-step accuracy, autoregressive open-loop roll-
out against recorded Chrono trajectories, and
closed-loop policy transfer back to Chrono.

Latent world models address the same cost
problem from a different starting point, learning
compact dynamics directly from high-dimensional
observations and optimizing behavior inside the
learned model. World Models train a controller
inside an imagined environment [11], PlaNet learns
a latent state-space model from images and plans
through imagined trajectories [12], and Dreamer
learns actor and value functions from latent imag-
ination rather than planning in the original envi-
ronment [13]; recent work pretrains such a model
in simulation and adapts only its dynamics compo-
nent with real observations [14]. Common to this
category is that the representation itself must be
discovered: raw observations do not name physical
quantities, so an encoder is learned jointly with the
dynamics. For this work, we start from the opposite
situation. The simulator already exposes variables
with physical identity—body velocities, tire nor-
mal forces, wheel speeds, joint angles—so the
central representation problem is physical-variable
selection and validation rather than perceptual
encoding: which variables must be propagated
recurrently, which can be supplied as inputs, and
which follow from known kinematics. We freeze
the selected model rather than adapt it, and the
transfer we evaluate is sim-to-sim.

The closest contemporary comparisons are neu-
ral surrogates built for robot dynamics. Neural
Robot Dynamics learns robot-centric dynamics
with learned contact-solver backends and uses the
result as a neural simulation engine for policy

training [15]. Neighboring efforts are shaped by
their downstream use: smooth neural surrogates
regularize sensitivity so that contact derivatives
remain usable for gradient-based legged MPC [16];
on-the-fly adaptation updates part of an incre-
mental dynamics model online under changing
conditions [17]; and contact-aware neural dynam-
ics predicts upcoming contacts and refines them
with real tactile data [18]. The framework devel-
oped here learns an offline, task-specific reduced
transition rather than a general contact solver,
and freezes and vectorizes it for model-free policy
optimization rather than differentiating through
it or adapting it online. What separates these
approaches is which state is retained, how the
model is used during rollout, and what evidence is
taken to show that it suffices for that use.

2.2 Reduced-Order and Structured

Dynamics Models

Projection-based reduced-order modeling con-
structs a low-dimensional subspace offline and
evolves the system inside that subspace online,
trading a controlled loss of fidelity for a large reduc-
tion in cost. Benner et al. survey this offline/online
structure across parametric dynamical systems [19].
Simulation-oriented reduction continues to build
coordinates with physical meaning: FreeForm
derives a mesh-free, material-aware deformation
basis from particle-based skinning eigenmodes to
accelerate hyperelastic simulation [20]. Hybrid con-
structions retain efficient reduced mechanics and
learn only the part the subspace fails to resolve,
as when handle-based subspace dynamics are aug-
mented with learned nonlinear corrections that
restore contact-induced deformation in the same
reduced coordinates [21]. The same idea appears
in vehicle dynamics, where manifold-based lin-
ear flow-map surrogates and a learned correction
term repair a simplified vehicle model from sparse
data without assuming a prescribed form for the
correction [22]; that work is assessed by the pre-
dictive accuracy of the corrected model, whereas
the question here is whether a learned NRD model
is sufficient for downstream policy optimization.
The principle shared with this paper is that reduc-
tion is a decision about which coordinates, which
dynamics, and which outputs are preserved, rather
than the act of placing a smaller black-box network
around the full simulator state.
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Where the reduced coordinates come from
separates two design attitudes. Linearly recur-
rent autoencoder networks learn nonlinear latent
coordinates jointly with an approximately linear
recurrence in those coordinates, so the represen-
tation is discovered from data under a structural
prior on the dynamics [23]. The projection used
here is instead chosen from simulator knowledge
and from what the downstream controller requires.
Three consequences follow. The retained channels
keep their physical identity, so the abstraction can
be inspected and revised in physical terms. The
model does not decode or reconstruct the com-
plete Chrono state. Quantities fixed by known
relationships, including global vehicle pose and
arm end-effector position, are recovered analyti-
cally outside the network. In this paper, reduced
therefore means discarding information that is task-
irrelevant, or that the transition does not depend
on and can be recovered analytically, while preserv-
ing the unresolved dynamics the controller depends
on. It does not mean minimizing latent dimension
or reproducing every simulator output.

2.3 High-Fidelity Simulation as the

Physical Reference

All high-fidelity data in this paper are produced
with Project Chrono, an open-source multi-physics
engine covering multibody dynamics, frictional
contact, finite elements, and fluid–solid interac-
tion [2]. Two of its modules account for the two
platforms studied here. Chrono::Vehicle provides
template-based ground-vehicle models in which
suspension, steering, driveline, powertrain, and tire
subsystems—and, for tracked platforms, sprocket,
idler, roadwheel, and track-shoe assemblies—are
instantiated as separate components rather than
approximated by a lumped chassis model [3]. Ter-
rain interaction is modeled at three levels of
fidelity: rigid terrain; the semi-empirical Soil Con-
tact Model (SCM), which supports deformable
terrain for wheeled and tracked vehicles at interac-
tive rates [24]; and the Continuum Representation
Model (CRM), an SPH-based continuum granular
model coupled to the multibody system through
the FSI interface [8]. Case Study I uses rigid ter-
rain and granular CRM soil, with CRM defining
the deformable-soil regime.

This combination is the reason Chrono is used
as the reference simulator here. Engines developed

primarily for robot learning—MuJoCo [25, 26],
Isaac Lab [27], Brax [28], and Genesis [29]—are
designed around high-throughput vectorized roll-
outs, and the more recent ones add particle-based
deformable and fluid solvers, but they do not sup-
ply the vehicle subsystem templates, powertrain
and tire models, or vehicle-oriented terramechanics
that the wheeled and tracked case studies require.
Chrono resolves that physics at a throughput cost
measured in Appendix A. It is accordingly used in
this work as the source of training trajectories and
as the reference in which transferred policies are
evaluated, while the throughput needed for policy
search comes from the NRD models of Sec. 3.

2.4 Terrain- and

Context-Conditioned Dynamics

Off-road motion prediction improves when the
learned dynamics are conditioned on terrain. A
terrain-aware kinodynamic model conditions its
prediction on terrain-related information available
from proprioceptive and exteroceptive observa-
tions, and supplies the result to a sampling-based
predictive controller [30]. Recent work sharpens
this line by propagating dynamical uncertainty
several steps ahead for risk-aware speed planning
and by augmenting a nominal vehicle model with
an online Gaussian-process residual on uneven
ground [31, 32]. In each case the learned component
acts online, inside the control loop and continually
reconciled with incoming data, whereas the NRD
models developed here are learned offline from
high-fidelity trajectories and then frozen, serving
as the environment in which a policy is trained
rather than as a predictor within a planner. A
complementary group of methods dispenses with a
learned dynamics model altogether, embedding an
analytical rigid-body model and an explicit rollover
constraint in GPU-parallel MPC [33] or training an
end-to-end driving policy directly inside the origi-
nal simulator [34]. Several of these studies report
results on full-scale vehicles [31, 33, 34], whereas
the transfer demonstrated here returns the policy
from the NRD model to the high-fidelity simula-
tor, in exchange for a controlled test of whether a
chosen abstraction suffices for control.

Conditioning a learned transition on a dynam-
ics context is the general form of this idea. Context-
aware dynamics models infer a latent context from
a short history of recent transitions so that a single

5



learned model adapts its predictions across sys-
tems or operating conditions [35]. The HMMWV
study uses the same general conditional-modeling
principle with a deliberately simpler context. The
context is a known two-class label for the interac-
tion regime, rigid or deformable CRM soil, rather
than a latent variable inferred online; it enters the
dynamics model and not the policy observation;
and it performs neither terrain recognition nor
online identification of terrain parameters. Bumpy
rigid terrain accordingly retains the rigid code,
since the geometry changes while the underlying
contact regime does not. Its purpose is to resolve
transition ambiguity: similar reduced states under
similar commands evolve differently under rigid
and deformable interaction.

Taken together, these lines of work fix the
ingredients of the framework developed in this
paper. Learned dynamics establish that predicted
experience can carry the cost of control optimiza-
tion, subject to how far the model is trusted.
Reduced-order modeling establishes that the choice
of retained coordinates and outputs, not the size
of the network, determines which fidelity survives
reduction. High-fidelity simulation supplies the
physical reference and the setting in which a con-
troller is ultimately judged. Context conditioning
shows how physically distinct operating regimes
can be disambiguated when the reduced transition
alone is ambiguous. The combination addressed
in this work is a task-designed physical reduction
with analytically reconstructed kinematics, a frozen
model used as a fully vectorized policy-learning
environment over complete episodes, and validation
by returning the trained policy to the simulator
that produced its training data. Off-road and robot-
dynamics studies generally develop a controller or
a dynamics model for one platform; the question
examined here is whether deliberately selected,
task-specific abstractions can each serve as mas-
sively parallel policy-training environments across
distinct robot embodiments and control tasks.

3 Neural Reduced Dynamics

Framework

Figure 1 shows the pipeline shared by both case
studies. High-fidelity Chrono trajectories are dis-
tilled into a task-specific neural reduced dynamics
(NRD) model; that model is frozen and replicated

into a vectorized environment in which a control
policy is trained; and the trained policy is returned
to the full Chrono system for closed-loop validation.
The NRD model predicts a compact, task-specific
reduced state rather than the complete simulator
state, and the central design decision is not the
neural architecture but how the information avail-
able from the simulator is assigned among four
roles: the recurrent state the model learns to prop-
agate, the action applied to the modeled system,
an optional context input naming the operating
regime, which is needed when the same reduced
state and action would evolve differently from one
regime to the next, and quantities recovered ana-
lytically outside the model. This section defines
that machinery; Sec. 4 and Sec. 5 instantiate it,
and Sec. 6 interprets what the two instantiations
teach.

3.1 Reduced-Dynamics Formulation

Let xt denote the full state of the high-fidelity
Chrono system, which advances under an applied
command at as

xt+1 = FHF(xt, at), (1)

where FHF is a single Chrono step and is expensive
to evaluate. The framework does not approximate
FHF in full. It instead models the evolution of
a task-specific reduced state zt = P (xt), a low-
dimensional projection P of the simulator state
chosen per task (Sec. 3.2). The NRD model fθ
predicts the reduced-state increment from a finite
window of the current step and the k preceding
ones, using the reduced states zt−k:t, the applied
actions at−k:t, and an optional context input ct−k:t
that labels the operating regime,

∆ẑt = fθ(zt−k:t, at−k:t, ct−k:t) ,

ẑt+1 = zt + ∆ẑt,
(2)

where a hat marks a model-predicted quantity,
so the predicted increment ∆ẑt and next state
ẑt+1 are distinguished from the ground-truth
reduced state zt. The model thus learns a resid-
ual update, and the history supplies temporal
information about actuator, contact, and terrain
effects that the instantaneous reduced state does
not resolve. Equation (2) describes teacher-forced
one-step prediction during supervised training; in
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open-loop rollout and policy learning, the ground-
truth state history is replaced recursively by the
model-predicted history.

This formulation partitions the information
available from the simulator into four roles. The
reduced state zt holds the recurrent quantities the
model must learn and propagate: the coordinates
on which the transition depends and whose evolu-
tion is uncertain or contact-dependent. The action
at is the command actually applied to the mod-
eled system. The context ct is an optional regime
input, used only when the same reduced state and
action evolve differently under physically distinct
conditions. Finally, quantities that are determinis-
tic functions of the predicted state history, written
yt = G(ẑ≤t), are recovered analytically outside

the model rather than assigned learned output
channels. These are coordinates on which the tran-
sition does not depend, such as global vehicle pose
(x, y, ψ), integrated from the predicted body veloc-
ities, and known kinematic outputs, such as the
arm end-effector, obtained by forward kinematics
on the predicted joints.

3.2 Abstraction and Architecture

The projection P follows a single rule: the reduced
state retains the variables required to propagate
the task-relevant behavior, that is, the coordinates
on which the transition depends, and excludes
coordinates to which the dynamics are invariant,
such as global pose on flat ground, and determin-
istic geometric outputs that can be reconstructed
outside the learned model. A variable is control-

relevant in this sense when the controller would
act differently if it took a different value, and the
operational test is deletion: a channel earns its
place only if removing it degrades rollout fidelity or
closed-loop performance (Appendix E). Applying
this rule, vehicle pose, on which the planar response
does not depend, is integrated from predicted body
velocities rather than predicted directly, whereas
the arm’s joint positions, on which its response
does depend, are retained in the state even though
they too could be integrated (Sec. 5.2); the arm
end-effector is recovered through forward kinemat-
ics rather than learned; and a terrain regime that
changes the transition is supplied as context rather
than inferred. The two case studies show that the
rule resolves to substantially different states—a
fifteen-dimensional terramechanics state for the

HMMWV, a three-dimensional planar state for the
tracked vehicle, an eight-dimensional joint-space
state for the arm—without changing the princi-
ple. The dominant physics differs across the three
tasks, but the design principle is the same: the
model propagates only the coordinates on which
the dynamics depend, and everything else is sup-
plied as an input or reconstructed from known
relationships.

All three NRD models share one architecture
family: a GPT-style causal transformer over a
sequence of tokens, each concatenating the reduced
state, the action, and (when present) the context
code at one time step. Causal self-attention pro-
cesses a finite window of this history, and a linear
head predicts the reduced-state increment ∆ẑt;
advancing ẑt+1 = ẑt + ∆ẑt produces the open-loop
rollout. Attention over history lets the model rep-
resent actuator- and contact-mediated effects that
the instantaneous reduced state omits and that a
memoryless one-step map cannot capture. Model
depth, width, and context length are selected sep-
arately for each task from preliminary validation
and computational cost (Sec. 4, Sec. 5), so the case
studies share this architecture family but not an
identical network capacity or state definition.

3.3 Training and Model Selection

Each NRD model is trained by supervised learn-
ing on Chrono trajectories, split at the episode
level so no trajectory is shared between training
and evaluation, with state and action channels nor-
malized to comparable scales. The target is the
one-step reduced-state increment, trained under a
per-channel weighted regression loss

Lstep =
∑

j

wj ρ(∆zt,j − ∆ẑt,j) , (3)

where ρ is a squared or Huber penalty and the
weights wj balance channels whose increments dif-
fer in scale. For the tracked-vehicle and arm models
the normalized channels are already comparable, so
this reduces to an unweighted mean-squared error;
the HMMWV model pools two terrain regimes
whose increment scales differ sharply, and there
a per-channel domain rebalancing and the robust
Huber form keep a few high-variance channels from
dominating the fit (Sec. 4.3).
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Training minimizes one-step error, but one-step
error is not the quantity that governs downstream
control. A model with low one-step loss can still
drift when its own predictions are fed back over a
long horizon, and it is that autoregressive behav-
ior the policy trains against. We nevertheless keep
the training loss one-step rather than backpropa-
gating through multi-step autoregressive rollouts,
since gradients through a chain of the model’s
own predictions are far noisier and less stable to
optimize; the horizon is instead accounted for at
model selection. We therefore track two signals:
a teacher-forced one-step error, and an autore-
gressive open-loop rollout in which the model is
advanced on recorded actions and compared to the
Chrono trajectory over a horizon. Every deployed
NRD model in this paper is the checkpoint that
minimizes held-out open-loop rollout error rather
than the checkpoint of lowest one-step loss. The
two signals can rank checkpoints differently, so the
choice of selection metric is consequential (Sec. 4.3,
Sec. 5.3).

3.4 Policy Learning and Validation

Once an NRD model is selected, its parameters
θ are frozen and it becomes the environment in
which a control policy is trained. Thousands of
copies of the frozen model are batched on a sin-
gle GPU and advanced in parallel, and only the
policy parameters are optimized while the learned
dynamics stay fixed. During training the policy
never receives the full simulator state; its observa-
tion is assembled from the model’s own predicted
reduced state ẑt and the derived quantities G(ẑt),
and the task reward is evaluated from the same
rollout. The frozen model advances that prediction
under the resulting action,

ot = h(ẑt, G(ẑt)) , at = πϕ(ot),

ẑt+1 = ẑt + fθ(ẑt−k:t, at−k:t, ct−k:t) ,
(4)

where h is the task-specific observation map
(absorbing the goal or reference, any history, and
normalization), and at is the command finally
applied to the dynamics, with deterministic com-
mand processing folded into the policy interface.
The throughput of the frozen model—orders of
magnitude above Chrono—is what makes on-policy
reinforcement learning practical (Sec. 6.4). Both

case studies train with vectorized PPO, differ-
ing only in the observation, reward, and action
interface each task requires.

Validation proceeds at three levels of increasing
stringency: (1) one-step accuracy, which checks the
learned transition locally; (2) open-loop rollout,
which checks whether repeated NRD predictions
stay close to recorded Chrono trajectories; and (3)
closed-loop transfer to Chrono, which tests whether
a policy trained inside the frozen NRD model still
works in the high-fidelity simulator. Training and
this final evaluation are the same closed loop with
the same policy interface (Eq. 4), differing only in
the source of the state transition. In Chrono the
trained policy is inserted unchanged and one step
reads

ot = h(zt, G(zt)) , at = πϕ(ot),

xt+1 = FHF(xt, at), zt+1 = P (xt+1),
(5)

with zt = P (xt): the full high-fidelity state is
advanced by FHF and projected back through P
to rebuild the same observation. From the policy’s
perspective only the dynamics provider changes:
the frozen NRD model during training and Chrono
during evaluation. The policy weights, observa-
tion construction, action processing, and safety
interface carry over untouched. Closed-loop trans-
fer is decisive because low supervised error and
high reward inside the NRD model do not by
themselves rule out a policy that exploits the
model’s approximation error; only evaluation in
Chrono confirms that the abstraction preserved
the dynamics control requires. That test is decisive
for the abstraction, not for real-world performance:
whether these policies transfer to hardware is a
question of sim-to-real transfer, which lies outside
the scope of this paper (Sec. 7). Section 6 returns
to this hierarchy and to what the two case studies
reveal about choosing the reduced state.

4 Case Study I: Terrain-Aware

HMMWV Dynamics and

Control

This case is the strongest evidence that off-road
control requires a terrain-aware abstraction. A
fixed HMMWV operates across two physically
distinct terrain regimes—flat rigid terrain and
CRM deformable soil—with unseen bumpy rigid
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heightmaps reserved as a strictly held-out zero-shot
robustness test. Vehicle and wheel parameters are
kept the same throughout, so terrain interaction
is the only source of domain shift. All datasets,
trained models, experiment configurations, and
training results reported in this paper, for both
case studies, are available on the project page [36].

4.1 System and Task

The high-fidelity source is the Chrono HMMWV Full

model, held fixed across every dataset: SMC con-
tact, a SHAFTS engine with an AUTOMATIC SHAFTS

transmission, all-wheel drive, and Pitman-arm
steering [3]. The task is trajectory tracking across
three terrains—flat rigid terrain, bumpy rigid
heightmaps, and CRM deformable soil—that share
this vehicle and powertrain and differ only in the
tire–terrain interaction. Because the vehicle config-
uration is identical everywhere, terrain interaction
is the sole source of domain shift.

Data are generated with deliberately excited
driver maneuvers rather than a single path-
following controller, so the training distribution
spans straight-line launch/brake, transient corner-
ing, and combined longitudinal–lateral response.
Six maneuver families are shared across regimes
sampled over low, medium, and fast speed bands.
Each episode discards an initial settling transient
(a per-scenario warmup window) before recording
at 100 Hz, and all splits are episode-level so no
trajectory is shared between training and test.

Three datasets are collected with distinct roles
(Table 1). Flat and CRM are used for training,
validation, and in-domain testing; bumpy rigid
terrain is reserved strictly for final zero-shot out-
of-distribution (OOD) evaluation and never enters
training, checkpoint selection, normalization, or
reward tuning. Bumpy terrain keeps the rigid

regime code (Sec. 4.3): it perturbs local geometry
but not the contact physics.

The three regimes differ substantially in their
contact physics and, correspondingly, their simula-
tion cost (Table 2). Flat and bumpy rigid terrain
use TMEASY tires [37] on an SMC rigid contact sur-
face at friction µ = 0.9, integrated at a 2 ms step.
The CRM terrain replaces the rigid surface with
a Chrono SPH–FSI deformable-soil model [7, 8]:
the four wheels are registered as FSI rigid bodies
carrying rigid tires, spindle forces are read from
the FSI solver rather than an analytical tire model,

Table 1 HMMWV datasets and their roles. Sizes are
episodes and processed 15-D transitions
(training / validation). Bumpy rigid terrain keeps the rigid
regime code and is held out for zero-shot evaluation only

Dataset Role Scale Code

Flat rigid Train, val,
in-domain test

≈82k episodes
(∼300GiB);
329M/ 81M
transitions

[1, 0]

CRM soil Train, val,
in-domain test

2,000 episodes;
2.28M/ 0.60M
transitions

[0, 1]

Bumpy rigid Zero-shot OOD
test only

20 episodes are
selected for
chrono
closed-loop
policy evaluation

[1, 0]

Table 2 Simulation settings by terrain regime. All
regimes share the fixed HMMWV Full vehicle (SMC contact,
SHAFTS engine, automatic transmission, AWD, Pitman-arm
steering) and record at 100Hz; they differ only in the
tire–terrain contact model

Setting Rigid (flat, bumpy) CRM (soil)

Tire model TMEASY (analytical) RIGID MESH (FSI)
Terrain / contact SMC rigid surface SPH–FSI

deformable soil
Tire-force source analytical tire

report
FSI spindle force

Friction / soil µ = 0.9 coh. 5 kPa, µs=0.8,
ρ=1700 kg/m3,
E=1MPa

Integration step 2ms 0.5ms
Terrain extent flat / 500×500m

heightmap
(±0.6m)

150×150×0.25m
box, 0.08m spacing

and the soil is a cohesive granular medium (den-
sity 1700 kg/m3, cohesion 5 kPa, internal friction
0.8, E = 1 MPa). The SPH field uses 0.08 m ini-
tial particle spacing over a 150×150×0.25 m box
with a moving active domain, and requires a 0.5 ms
integration step—4× finer than rigid—on top of a
per-step neighbor search, making CRM episodes
markedly more expensive to simulate than rigid
ones. Appendix A reports the measured throughput
of each regime and of the neural surrogate.

The maneuver mix is preserved across regimes
but adapted to CRM’s finite domain: the CRM
set uses shorter 12–18 s episodes and reduced top
speed and steering amplitude so that turning tra-
jectories stay inside the 150 m box. Bumpy rigid
terrain is generated from a heightmap library
(bumpy field * patches, 500×500 m, height ampli-
tude ±0.6 m) applied to the same rigid contact
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1 Vehicle and terrain regime

HMMWV vehicle in Chrono

Operating regime supplied as context

RIGID

TMEASY tire

low persistent 

slip

c = [1, 0]

CRM SOIL

rigid-mesh tire

persistent slip + 

sinkage

c = [0, 1]

Same platform, different tire-terrain 
interaction

2 Reduced state  zₜ ∈ ℝ¹⁵
BODY MOTION · 2ݒx ݒ௬
ATTITUDE · 2Φ θ
BODY RATES · 3߱௫ ߱y ߱z

wheel channels

FL FR

RL RR

4 wheels × {Fz, ω}

TERRAMECHANICS · 8

Normal loads

Fz(FL)   Fz(FR)   Fz(RL)   Fz(RR)

Wheel speedsω(FL)   ω(FR)   ω(RL)   ω(RR)
Load transfer and wheel slip become observable

3 Token and state update

STATE

15-D
+

ACTION

+

TERRAIN

20-D token   [ z  t, a  t, c  t]
history window[z,a,c]ₜ₋ₖ   · · ·   [z,a,c]ₜ₋₁   [z,a,c]ₜ

CAUSAL TRANSFORMER

terrain-conditioned dynamics model

predict  Δzₜ
zₜ₊₁ = zₜ + Δzₜ

3-D 2-D

Fig. 2 Control-relevant reduced state for the HMMWV.
A fixed vehicle interacts with rigid terrain (c = [1, 0]) or
CRM deformable soil (c = [0, 1]); the 15-D reduced state zt
collects body motion (vx, vy), attitude (ϕ, θ), body-frame
rates (ωx, ωy , ωz), and the eight-channel terramechanics

block of tire normal loads F
(i)
z and wheel speeds ω(i) that

make slip and load transfer observable. At each step the
state, the 3-D action, and the 2-D terrain code form a 20-
D token; the causal transformer NRD model predicts the
increment ∆zt and advances zt+1 = zt +∆zt

model. Its held-out test set covers the same six
maneuver families, and every closed-loop evalua-
tion is run on the exact heightmap its reference
trajectory was recorded on, so the desired path
and the terrain beneath it always correspond.

4.2 Reduced State Abstraction

The reduced-state design uses the following 15-
dimensional state:

z =

⎡

⎢

⎢

⎢

⎣

vx, vy, (longitudinal/lateral velocity)
ϕ, θ, (roll, pitch)

ωx, ωy, ωz, (body-frame roll/pitch/yaw rates)

F fl
z
, F fr

z
, F rl

z
, F rr

z
, (tire normal forces)

ωfl, ωfr, ωrl, ωrr (wheel angular velocities)

⎤

⎥

⎥

⎥

⎦

.

(6)

The action is a = [ steering, throttle, braking ], the
three driver commands. The first seven channels—
planar body velocities vx, vy, attitude ϕ, θ, and the
roll/pitch/yaw rates—are the body-motion base.
The remaining eight are the terramechanics block:

the four tire normal (vertical) loads F
(i)
z and the

four wheel angular velocities ω(i), one per wheel
i ∈ {fl, fr, rl, rr}.

The eight terramechanics channels make the
reduced state responsive to terrain interaction
by exposing load redistribution and wheel–body

motion mismatch. The normal loads F
(i)
z carry

the load transfer produced by acceleration, brak-
ing, and cornering, and on soft or uneven terrain

they additionally carry information about the
contact-load redistribution induced by deformable
or uneven ground that a rigid-terrain model never
observes. The wheel speeds ω(i) play the analo-
gous role for the drive axis: together with the
body velocity they define an illustrative per-wheel
longitudinal-slip proxy,

s(i) =
ω(i)r − vx

max(|vx|, ϵ)
, (7)

where r is the wheel rolling radius. On rigid terrain
the wheel rolls almost freely, vx ≈ ω(i)r and s(i) ≈
0; on deformable CRM soil the same drive torque
produces persistent slip of order 25% together with
sinkage. Slip is thus the primary quantity that sep-
arates the two regimes, and Eq. (7) makes explicit
that it is representable only if the reduced state
carries both the wheel speed and the body veloc-
ity. Absolute position (x, y) and heading ψ are
excluded from z, since the vehicle response on the
training terrains does not depend on them, and
are reconstructed during rollout by integrating the
predicted body velocities and yaw rate (Sec. 3.1);
this keeps the learned state compact and invariant
to where and in which direction an episode starts.

We adopt this 15-D state as a deliberate, com-
pact design choice: the body-motion base captures
vehicle handling, and the four normal loads and
four wheel speeds add exactly the terramechanical
quantities—load transfer and wheel slip—through
which terrain shapes the response. The state-
abstraction ablation of Appendix E confirms this
choice: dropping the four normal forces and four
wheel speeds from the state and prediction target
costs little on rigid terrain but degrades open-loop
CRM rollout error by ∼49%.

4.3 Terrain-Conditioned NRD Model

This subsection defines the terrain-conditioned
dynamics model at the core of the HMMWV case.
Terrain conditioning is needed because the same
reduced state–action pair evolves differently on
rigid terrain and on CRM deformable soil. Under
comparable driving conditions, CRM exhibits sub-
stantially larger and more persistent wheel slip as
well as a noisier state-transition process. Naively
mixing the rigid and CRM training data therefore
would average this domain difference and degrade

10



the model performance. We resolve this ambigu-
ity with an explicit two-class terrain code: rigid is
c = [1, 0] and CRM is c = [0, 1], repeated at every
step and concatenated with the state and action
so that each token grows from 18 to 20 dimensions.
Concatenating a small one-hot context code is a
standard, low-cost mechanism that lets one shared
backbone reuse the common vehicle-dynamics rep-
resentation while specializing the domain shift
between rigid and CRM transitions. Removing
the terrain key (Appendix E) leaves one-step loss
almost unchanged but more than doubles open-
loop rollout error on flat terrain, confirming that
its value shows up in compounding rollout error
rather than one-step prediction.

Architecture.

The NRD model fθ instantiates the shared causal-
transformer backbone of Sec. 3.2 for the HMMWV.
Each input token concatenates the 15-D reduced
state, the 3-D action, and the 2-D terrain code—20
channels in total—and the model attends over a
context of up to 128 steps to predict the 15-D state
increment ∆z. The transformer uses 8 layers, 8
attention heads, and a 256-dimensional embedding
(no bias, with a 256-unit prediction head), totaling
6.40 M parameters; the model is sized for through-
put rather than capacity. This depth is not an
arbitrary choice: Appendix C reports an architec-
ture sweep over depth, width, attention heads, and
context length, and finds depth the dominant lever,
with returns saturating beyond depth 8. All results
in this section use the resulting 8-layer backbone.

Training.

Training one model across both terrains is not sim-
ply a matter of pooling the data. A flat-terrain
specialist does not transfer to CRM at all; sequen-
tial finetuning from the flat model onto CRM data
degrades the previously learned rigid behavior; and
naively mixing the two under a plain mean-squared
error is dominated by CRM’s tire-force channels,
whose per-step increments are far larger than the
rigid ones, so both the optimizer and the checkpoint
metric chase an essentially aleatoric signal. The cor-
rected procedure draws flat and CRM sub-batches
at a fixed 75/25 ratio, attaches the terrain code,
normalizes inputs consistently, and replaces the
plain loss with a per-channel domain-rebalanced

Huber loss

L =
∑

j

wj Huber
(

∆zj − ∆̂zj

)
, (8)

whose weights wj derive from the combined flat–
CRM per-channel scale, so the high-variance
CRM force deltas no longer overwhelm the lower-
scale but control-critical channels. Checkpoints are
selected on long-horizon rollout rather than one-
step loss: each epoch, the model is rolled open-loop
over held-out flat and CRM episodes and selection
minimizes the domain-balanced rollout error

S(θ) = 1
2 Erigid(θ) + 1

2 ECRM(θ), (9)

where Ed is the open-loop position error on domain
d normalized by the distance traveled, which makes
the shorter, slower CRM episodes comparable to
rigid ones. The per-domain errors are reported
alongside the scalar so that neither terrain can
dominate selection unnoticed.

The model is optimized with AdamW – β =
(0.9, 0.95), weight decay 0.1 – at a peak learning
rate of 3 × 10−4 decayed to 3 × 10−5 after a 1000-
step warmup, with gradients clipped to unit norm.
Each of 80 epochs draws 2000 mini-batches of
64 history windows at the 75/25 flat/CRM ratio
(1.6 × 105 updates in total); training the full con-
ditioned 8-layer generalist takes about 85 minutes
on a single GPU (NVIDIA RTX 4090). The final
baseline is trained using the full designated train-
ing split: Appendix D shows rollout accuracy keeps
improving as more training episodes are added.
This observation aligns with transformer-based
scaling laws in other robotics applications, which
makes it promising for scaling-up and generalizabil-
ity. Figure 3 shows why checkpoints are selected by
rollout rather than loss: the one-step validation loss
keeps falling, but on CRM it is dominated by the
near-aleatoric tire-force channels and tracks rollout
quality poorly, whereas the 10 s open-loop rollout
error—the quantity scored by Eq. (9)—identifies
the epoch-51 checkpoint used in all downstream
evaluation.

4.4 Dynamics Model Evaluation

The purpose of this evaluation is to test whether a
single learned dynamics model can serve both ter-
rain regimes, and in doing so to show why training
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Fig. 3 Training the terrain-conditioned 8-layer general-
ist (flat+CRM co-training). Left : training and per-domain
validation one-step Huber loss; the CRM validation loss
plateaus higher than the flat case given its larger vari-
ation during dynamics transitions. Right : 10 s open-loop
rollout error normalized by distance for each domain and
the domain-balanced selection score S (Eq. 9); the epoch-51
checkpoint that minimizes S is selected

Table 3 Terrain-conditioned generalist vs. single-terrain
specialists (rigid-only, CRM-only), each at its selected
checkpoint. One-step loss is the channel-reweighted Huber
validation loss; rollout err/dist is the 10 s open-loop
position error normalized by distance traveled

One-step loss 10 s rollout err/dist

Dynamics model Rigid CRM Rigid CRM

Generalist (75/25) 0.0025 0.094 3.7% 5.4%
Rigid-only 0.0018 1.27a 3.8% 194.1%a

CRM-only 0.72a 0.11 39.6%a 4.2%

a Zero-shot: specialist evaluated on the terrain it was not trained
on.

on either terrain alone is insufficient. The model is
judged primarily by long-horizon open-loop rollout
error normalized by distance traveled, which is far
more informative for downstream policy learning
than one-step validation loss. Table 3 compares the
co-trained terrain-conditioned generalist against
two single-terrain specialists—one trained only on
rigid data, one only on CRM—on held-out rigid
and CRM episodes.

The result shows why co-training is necessary,
and it shows something stronger than a robustness
trade-off. Each single-terrain specialist is close to
the generalist on its own terrain (rigid-only 3.8%,
CRM-only 4.2%) but collapses off it—the rigid-
only model reaches 194% error on CRM and the
CRM-only model 40% on rigid—so neither is usable
across regimes. The generalist remains close to the
respective specialist on each in-domain test (3.7%
rigid, 5.4% CRM) while avoiding catastrophic
cross-domain failure.

These are open-loop rollout errors on held-out
episodes; closed-loop transfer of a single policy

trained inside this conditioned model is evaluated
in Chrono in Sec. 4.5.

4.5 RL Tracking and

Terrain-Conditioned Policy

Transfer

With the conditioned dynamics model frozen, we
train a trajectory-tracking policy entirely with it.
The policy is optimized with PPO across 2,048
vectorized copies of the frozen model on a single
GPU; the actor and critic are 512–256–128 ELU
multilayer perceptrons with empirical observation
normalization. At each control step the policy
receives the 231-dimensional observation

ot =

⎡

⎢

⎢

⎢

⎢

⎢

⎢

⎣

zτ−9:τ state history (10× 15)
aτ−10:τ−1 action history(10× 3)

zτ − z
ref
τ state error (15)

e
pose
t body-frame error (3)

pt+1:t+10 reference preview (10× 3)
at−1 last action (3)

⎤

⎥

⎥

⎥

⎥

⎥

⎥

⎦

∈ R
231

,

(10)

where zτ−9:τ and aτ−10:τ−1 denote the 10-step
reduced-state and action histories, zτ − zrefτ is
the reduced-state tracking error, eposet is the lon-
gitudinal/lateral/heading pose error in the body
frame, and pt+1:t+10 are the upcoming reference
poses, each p contains reference (x, y) coordinate
and heading angle; all entries are normalized, and
the blocks sum to 231. The observation delib-
erately excludes the terrain code: terrain enters
only through the frozen conditioned dynamics
that generate the rollout, and implicitly through
the tire-force and wheel-speed state channels, so
a single control policy is learned across regimes.
The policy outputs the three driver commands
a = [δ, τ, β] (steering, throttle, brake), clipped to
their physical ranges with the steering channel addi-
tionally rate-limited between consecutive steps (to
prevent solver failures due to unsmoothed steering
change). One command is held for five dynamics
steps, giving 20 Hz control over the 100 Hz reduced
dynamics (∼9 s episodes). Training draws on 40
reference segments—20 flat and 20 CRM, each a
random ∼11 s mid-episode window covering the six
maneuver families; at every episode reset the envi-
ronment randomly samples one reference matched
to that environment’s terrain and warm-starts the
rollout from the segment’s initial recorded history.
The RL environment queries the frozen dynamics
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model with only the last k=16 of its 128-step train-
ing context (Sec. 4.3). This is faster: attention cost
is quadratic in context length, and the shorter win-
dow is what sustains the ≈ 35,000 policy-control
steps/s aggregate throughput (≈ 6.8× faster than
the ≈ 5,080 steps/s measured at full 128-step con-
text, same GPU and config) used to train all three
policies (Appendix A). It comes at no cost to
tracking quality: an open-loop truncation sweep
shows 300-step pose RMSE flat across the full
context range, and policies trained under k=16
and full-context dynamics reach the same median
closed-loop tracking error.

Closed-loop evaluation instead uses a separate
held-out set of 20 rest-start references per terrain,
whose segments begin at vehicle rest so Chrono
can warm-start each rollout from zero speed at the
reference pose. Note that the closed-loop evaluation
trajectories are seen by neither the dynamics model
nor the RL policy during training.

The per-step reward pairs a Gaussian tracking
term with two small action penalties,

rt = exp
(
−Ltrack

)
− λa ∥at−at−1∥

2 − λtb τt βt,
(11)

whose tracking loss aggregates the position, head-
ing, and body-state errors to the reference,

Ltrack = wp

(
ep
σp

)2
+ wψ

(
eψ
σψ

)2

+
ws
|S|

∑

j∈S

(
zj − zrefj
σs σ̂j

)2

.

(12)

Here ep and eψ are the position and yaw errors
to the reference, S = {vx, vy, ωz} are the
tracked body-state channels scaled by their dataset
standard deviations σ̂j , and the τtβt term dis-
courages simultaneous throttle and brake. We
use (wp, wψ, ws) = (2.0, 1.6, 0.2), (σp, σψ, σs) =
(2.0 m, 0.35 rad, 1.0), and (λa, λtb) = (0.2, 0.05);
episodes terminate when the position error exceeds
20 m or the roll/pitch bounds are exceeded. The
mixture generalist and the two single-terrain spe-
cialists used below share this setup and converge
well within budget: the mean episode reward rises
steeply and plateaus by ∼300 iterations (Fig. 4), so
we evaluate the 1000-iteration checkpoint of each.
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Fig. 4 PPO training convergence for the three tracking
policies (mixture generalist and rigid-only / CRM-only spe-
cialists), each trained inside the frozen 8-layer conditioned
NRD model through 1000 iterations. The top axis con-
verts PPO iteration to wall-clock training time on a single
RTX 4090; faint traces are raw per-iteration values; solid
curves are exponentially smoothed

Single-terrain specialists.

For comparison we train two specialist policies that
follow the identical recipe—the same observation
(Eq. 10), reward (Eqs. 11–12), PPO architecture,
context length k=16, and action clipping—and
differ only in the frozen dynamics model and
terrain-specific training data. The rigid-only policy
is trained with the rigid-only dynamics model (the
rigid-only specialist of Sec. 4.4) on 20 flat references
with the terrain code held to rigid; the CRM-only
policy is trained with the CRM-only dynamics
model on 20 CRM references with the code held
to CRM. Because the PPO architecture, reward,
observation design, and action constraints are held
fixed, differences in transfer primarily reflect the
learned training dynamics and terrain coverage
rather than changes to the controller design.

Three-terrain transfer.

The decisive test is closed-loop transfer of a sin-

gle policy, trained inside the terrain-conditioned
dynamics model, back to Chrono across all three
regimes. Figure 5 compares the mixture generalist—
one policy trained with the rigid/CRM mixed
dynamics model (Sec. 4.3)—against the two single-
terrain specialists, on held-out rigid flat, CRM,
and zero-shot bumpy references under the same
action clipping. All nine policy×terrain cells
complete 20/20 rollouts with zero early termina-
tions (full per-terrain statistics—median, mean,
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Fig. 5 Closed-loop Chrono policy transfer across the three
terrain regimes: one mixture generalist vs. the rigid-only
and CRM-only specialists, all trained on the 8-layer dynam-
ics backbone (Sec. 4.3, Appendix C) and evaluated at their
1000-iteration checkpoint under the same action clipping.
Bars are the median XY RMSE over 20 held-out references;
whiskers span the interquartile range. The mixture gen-
eralist achieves the lowest median and mean on all three
evaluated terrains, whereas each specialist degrades sharply
off its training terrain—most visibly the rigid-only policy
on CRM. Bumpy is a strict zero-shot test (rigid code, no
bumpy data in training or selection). Full per-terrain statis-
tics are given in Table 11, Appendix B

and Interquartile Range (IQR)—in Table 11,
Appendix B). The generalist policy achieves the

lowest mean and median XY RMSE on all three

evaluated terrains. It beats the rigid-only specialist
on rigid flat itself (0.157 vs. 0.174 m median) and
beats the CRM-only specialist on CRM itself (0.180
vs. 0.231 m median), in addition to its expected
wins on bumpy (0.149 vs. 0.187/0.213 m median).
Each specialist, by contrast, degrades sharply off
its training terrain: the rigid-only policy collapses
on CRM (median 0.854 m, mean 1.000 m) and the
CRM-only policy is worst on both rigid regimes,
see Fig. 9. This is the closed-loop counterpart
to the dynamics-level result of Sec. 4.4: with the
selected 8-layer backbone, the generalist policy
attains lower median and mean tracking error than
both specialist policies on every evaluated terrain.

The bumpy column is a strict zero-shot test:
no bumpy data enters training, checkpoint selec-
tion, normalization, or reward tuning, and bumpy
terrain carries the same rigid code as flat terrain
(Sec. 4.1). Because the policy never previews the
height profile, closed-loop Chrono tracking is the
honest metric, and the generalist’s bumpy median

(0.149 m), the lowest among the compared poli-
cies, shows that a policy trained only on flat and
CRM data maintains low tracking error on unseen
rough rigid terrain—evidence that the conditioned
abstraction generalizes rather than memorizes.

5 Case Study II: Reduced

Dynamics for a Tracked

Vehicle With an Articulated

Arm

Case Study I asked whether a suitable reduced
state choice can preserve terrain-dependent vehi-
cle dynamics across substantially different contact
regimes. Case Study II asks a complementary
question about the breadth of the same methodol-
ogy: can the same “high-fidelity-data”–to–“policy”
pipeline be reused across different robotic subsys-
tems and control objectives in the absence of a
common full-system state? To address this ques-
tion, we consider a Chrono tracked vehicle with a
front-mounted articulated manipulator arm that is
subjected to two independent control tasks: planar
goal-reaching for the tracked vehicle, and end-
effector goal-reaching for the arm. Each task is
served by its own task-specific NRD model; each
policy is trained entirely inside the corresponding
frozen NRD model and then validated in the full
Chrono system. The two abstractions differ sub-
stantially in dimension and physical meaning, yet
both instantiate the causal next-state prediction
of Sec. 3. We do not present this as simultaneous
locomanipulation or coordinated vehicle–arm con-
trol; the point is that the right abstraction changes
with the subsystem and the task.

5.1 Purpose and Experimental

Design

The platform is a stock single-pin tracked vehicle
from Chrono::Vehicle (the M113 model, with 154
rigid bodies and more than 150 degrees of free-
dom) with a 4-DOF gripper arm rigidly mounted
at the front. The two tasks exercise the platform
in two modes. In drive mode, the vehicle maneu-
vers to a planar goal while the arm is held at
its home configuration as fixed mounted mass,
so the NRD model must capture the vehicle’s
response to driver commands including the mass
and center-of-gravity offset the arm contributes.

14



In reach mode, the vehicle is stopped and only
the arm moves, so the NRD model must capture
the joint response under command-driven actua-
tion, from which end-effector motion is recovered
through forward kinematics. Data for both modes
are collected in this same mounted-arm Chrono
scene, recording at each control step the reduced
state and the command applied. In drive mode
the welded-arm vehicle is excited by ten random-
ized maneuver families—steering steps, doublets,
sine and chirp sweeps, pivot-like turns, launch–
brake, steer-while-braking, multi-steer, coast-down,
and stop-and-go—whose amplitudes, frequencies,
and durations are drawn per episode to span
the vehicle’s operating envelope. In reach mode
the arm follows a smooth-command sampler that
draws a random joint target within the limits
and advances qcmd toward it at a bounded rate
(resampled about once per second), giving low-
jerk actuation rather than white noise; collection
is restricted to free-space motion, each episode
monitoring arm–ground, arm–vehicle, and arm–self
contact by a forward-kinematics signed-distance
test (Appendix F) and terminating on contact so
no in-collision transitions corrupt the learned dis-
tribution. Figure 6 summarizes the platform and
the two-task decomposition that organizes the rest
of this section. Together, the two modes exercise
the complementary capabilities of such a platform:
driving the vehicle to a target location and posi-
tioning the arm end-effector at a target within its
workspace. Developing controllers for such a sys-
tem directly is computationally demanding—the
high-fidelity tracked-vehicle scene carries hundreds
of degrees of freedom and rich terramechanics inter-
actions, so every simulation step is costly and
full-system policy search is impractical. Routing
each mode through the neural reduced dynamics
pipeline is what makes the problem tractable: it lets
us design and iterate the reinforcement-learning
solution efficiently inside compact learned dynam-
ics. Concretely, the high-fidelity vehicle-plus-arm
scene steps at only 0.28× real time, whereas the
NRD models roll out three to four orders of magni-
tude faster—up to 58,400× cheaper per simulated
second (Appendix A.2).

5.2 Task-Specific State Abstractions

and NRD Models

Planar tracked-vehicle abstraction.

The drive-mode reduced state keeps only the planar
body motion needed to propagate vehicle pose,

zveh = [ vx, vy, r ] ∈ R
3, (13)

the body-frame longitudinal and lateral veloc-
ities and the yaw rate, with action aveh =
[ steering, throttle, braking ]. The global position
(x, y) and heading ψ, on which the planar response
does not depend, are excluded from the learned
state and reconstructed during rollout by integrat-
ing the predicted body velocities and yaw rate
(Sec. 3.1). We keep only these channels because
they suffice for the control task: zveh carries every-
thing the goal-reaching policy needs to be trained
in this application. The reduction is aggressive: the
Chrono vehicle advances 154 rigid bodies and more
than 150 degrees of freedom every step, among
them two track chains with their sprocket, idler,
road-wheel, and track-shoe assemblies (Sec. 5.1),
while the learned model propagates three numbers.
None of that mechanism appears in zveh; what sur-
vives is the planar motion it produces, which is all
the goal-reaching controller acts through.

Articulated-arm abstraction.

The reach-mode reduced state is

zarm = [ q, q̇ ] ∈ R
8, (14)

the four joint positions q and velocities q̇. The
action is the four joint command targets aarm =
qcmd ∈ R

4, the setpoint the actuators are driven
toward over the step.

First, the arm is commanded through qcmd

under a per-joint PD impedance control rather
than through raw joint torque. PD impedance
control is deterministic and yields smoother joint
motion than direct torque commands, which gives
better-conditioned transitions for the NRD model
to learn. Because qcmd is an exogenous setpoint
the actuators are regulated toward—an input to
the dynamics, not an internal state that evolves on
its own—we treat it as the action rather than as a
state channel. The reaching policy still moves the
setpoint by bounded increments ∆qcmd for smooth
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Fig. 6 Platform and two-task decomposition for Case Study II on one vehicle-plus-arm system. (a) Goal reach: the tracked
vehicle maneuvers to a planar goal while the front-mounted arm rides at its home configuration. (b) Arm-case overview:
with the vehicle held stationary, the 4-DOF arm positions its end-effector at targets across its workspace. Each task has its
own reduced state, learned dynamics model, and policy, and each is validated back in high-fidelity Chrono

actuation (Sec. 5.4), but that increment is a prop-
erty of the policy, not a dimension the dynamics
model must carry.

Second, we exclude the end-effector from the
reduced state and recover its position by forward
kinematics on the predicted joints, pee = FK(q).
The end-effector is a deterministic geometric func-
tion of q, which the model already predicts, so it
needs no separate learned channel. Forward kine-
matics is in any case evaluated every step inside the
rollout—the collision-safety shield (Appendix F)
already re-derives the end-effector and link geom-
etry from q—so recovering pee = FK(q) costs
nothing extra and keeps the reaching target exactly
on the kinematics. These two choices leave a com-
pact eight-dimensional reduced state, [q, q̇], that
we found accurate enough for open-loop rollout
and downstream reaching (Sec. 5.3).

The joint positions are retained rather than
integrated from the predicted velocities, as vehicle
pose is, because the model should receive the coor-
dinates on which the one-step dynamics depend
(Sec. 3.2). The planar vehicle dynamics are invari-
ant to (x, y, ψ), whereas the arm’s inertia, gravity
load, joint limits, and PD actuator torque are all

functions of q: the same driver command applied
at different (x, y, ψ) produces the same change
in body velocity, whereas the same joint com-
mand qcmd at the same q̇ produces a different joint
response at different q. An ablation with the same
architecture, data, and recipe confirms this: a vari-
ant that receives only q̇ and integrates q from the
predicted velocity raises the open-loop end-effector
drift from 0.3% to 3.1% err/dist at 0.5 s and from
1.2% to 30% at 2 s, and even a variant that receives
q but integrates it the same way is 3–4× worse than
the deployed model, since 50 Hz velocity samples
miss the intra-step motion of the stiff PD joints.

5.3 Model Training and Accuracy

Both models instantiate the shared causal trans-
former of Sec. 3.2 over continuous state–action
tokens at a 50 Hz (∆t = 0.02 s) sampling inter-
val with a 16-step (≈ 0.32 s) context, predicting
the reduced-state increment and advancing zt+1 =
zt + ∆zt. Their state definitions and model capaci-
ties are selected according to their respective tasks
(Table 4): the tracked-vehicle model is a com-
pact 3-layer / 4-head / 96-D transformer (0.34 M
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Table 4 Task-specific NRD-model configurations. Both
instantiate the same causal next-state framework, while
their state definitions and model capacities are selected
according to their respective tasks. The arm column is the
dynamics model used to train the reaching policy

Item Tracked vehicle Arm

Physical task planar goal reach end-effector reach
Reduced-state dim 3 8
Action dim 3 4
Sampling interval 0.02 s 0.02 s
Context length 16 16
Transformer layers 3 5
Attention heads 4 8
Embedding dim 96 256
Parameters 0.34M 4.0M
Training episodes 2,160 15,000
Training transitions 1.41M 0.76M
Training epochs 40 80

parameters), while the arm model is a larger
5-layer / 8-head / 256-D transformer (4.0 M param-
eters). The arm configuration is the exact dynamics
model inside which the reaching policy is trained
(Sec. 5.4), so every arm number reported here
characterizes that same deployed model.

We train each model with the shared objective
and causal transformer of Sec. 3 using AdamW
with a cosine-decayed learning rate—the tracked-
vehicle model over 40 epochs and the arm model
over 80 epochs—and freeze the checkpoint of low-
est open-loop rollout error against Chrono rather
than the lowest one-step validation loss. One-step
loss scores each transition in isolation, whereas
downstream control depends on the model staying
accurate across a rollout, so selecting on the multi-
step open-loop error targets that quantity directly.
Figure 7 reports both signals: panel (a) the train
and validation one-step loss and panel (b) the open-
loop rollout error (err/dist) used for selection, with
the chosen epoch marked (8 for the tracked vehicle,
76 for the arm). The arm loss converges smoothly—
its validation plateaus near 4 × 10−3 with a small
train–validation gap and its rollout error falls by
an order of magnitude—while the tracked-vehicle
one-step loss is noise-limited and nearly flat, so its
fidelity is judged from the open-loop rollout error
rather than the loss magnitude.

Unlike the HMMWV case, whose heteroge-
neous terrain dynamics motivated an architecture
sensitivity study, the tracked-vehicle and arm mod-
els operate on substantially smaller reduced state
spaces. We therefore use compact transformer con-
figurations selected from preliminary validation
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Fig. 7 NRD-model training for both Case Study II models
(tracked vehicle, blue; arm, orange), the tracked vehicle
over 40 epochs and the arm over 80. (a) train (dashed)
and validation (solid) one-step loss, log scale; (b) open-loop
rollout error against Chrono ground truth (err/dist, log
scale)—the tracked vehicle scored on the 5 s horizon and
the arm on the 0.5 s horizon. Each frozen model is selected
by minimum open-loop rollout error (marker; dotted line)

and do not perform a separate architecture opti-
mization. The purpose of Case Study II is to
evaluate whether task-specific reduced abstrac-
tions support downstream control, rather than to
identify an optimal neural architecture.

Both models are judged by held-out one-step
error and, more importantly, by open-loop rollout
error normalized by distance traveled (err/dist),
the quantity that governs downstream policy learn-
ing and transferring back to Chrono. Table 5
reports both. For the tracked vehicle, the model
is rolled open-loop on recorded driver commands
over held-out episodes and the pose is integrated
from the predicted velocities; the 5 s rollout reaches
0.105 m position RMSE at 5.85% err/dist and 1.39◦

yaw RMSE, so the integrated trajectory stays close
over a full maneuver. For the arm, the model is
rolled open-loop from a seeded context and the
end-effector recovered by forward kinematics from
the predicted joints is compared to ground truth;
end-effector drift stays near 0.3% err/dist out to
0.5 s and grows to only ≈ 1.2% at 2 s. This fidelity
is sufficient to justify training policies inside the
frozen models.

5.4 Goal-Reaching Policies in the

Frozen NRD Models

Both control tasks are goal-reaching problems, and
both are solved the same way: a policy is trained
entirely inside the corresponding frozen NRD
model with vectorized PPO. The two deliberately
share one implementation and actor–critic topology
(Table 6)—both actor and critic use a [256, 128, 64]
ELU multilayer perceptron with empirical observa-
tion normalization; tanh-squashed actions mapped
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Table 5 NRD-model accuracy. Vehicle one-step is the
per-channel one-step RMSE of all three reduced states (vx,
vy in m/s; yaw rate r in rad/s); vehicle open-loop is the 5 s
pose-integrated position RMSE / err/dist. Arm one-step is
the end-effector position RMSE (forward kinematics on
the predicted joints); arm open-loop is the
end-effector-drift err/dist at 2 s (0.3% at 0.5 s). All arm
numbers are for the deployed 5-layer model used to train
the reaching policy (Table 4)

Model One-step Open-loop
err/dist

Tracked Vehicle
NRD model

vx 0.024,
vy 0.013m/s;
r 0.0069 rad/s

5.85% / 0.105m
XY

Arm NRD model 1.2mm (ee) 1.2% ee drift

into physical bounds; a shaped per-step reward
with a terminal success bonus; and clipped PPO
with an adaptive-KL learning-rate schedule, GAE,
and empirical advantage normalization. Reusing a
single policy-learning framework across two very
different subsystems is the point of this case study:
the tasks share that framework and the actor–
critic topology, while the state/action interfaces
and task-specific training settings differ.

The two tasks differ in three ways that fol-
low directly from their abstractions. First, the
interface and goal geometry : the vehicle acts
through its driver commands at 10 Hz and reaches
a planar location, whose pose is integrated out-

side the learned state from the NRD model’s
predicted body velocities; the arm acts through
joint-command increments at 50 Hz and reaches
a three-dimensional end-effector target recovered
by forward kinematics from the NRD model’s pre-
dicted joints, pee = FK(q), so the reaching error
follows directly from the rollout. Second, tolerance
and difficulty : the vehicle must stop within 0.75 m
of a goal 20–40 m away, whereas the arm must
place its end-effector within 0.05 m while keeping
collision- and joint-limit-safe. Third, scale: the arm
is trained across 4,096 parallel rollouts, the vehicle
across 2,048. We detail each task in turn.

5.4.1 Tracked-Vehicle Planar Goal

Reaching

The vehicle policy drives the platform from rest at
the origin to a goal sampled at radius 20–40 m and
arbitrary bearing. At each control step it receives

Table 6 Task-specific PPO configurations using a
common implementation and actor–critic topology, each
trained inside its frozen NRD model; both use
tanh-squashed actions, GAE (λ = 0.95), a clip ratio of 0.2,
and empirical observation normalization

Setting Vehicle policy Arm policy

Parallel environments 2,048 4,096
Control rate 10Hz 50Hz
Observation / action dim 11 / 3 26 / 4
Actor/critic hidden [256, 128, 64] [256, 128, 64]

Learning rate 3×10−4 1×10−4

Adaptive KL target 0.01 0.005
Discount γ 0.995 0.99
Rollout steps/env 32 64
Epochs / minibatches 5 / 4 3 / 16
Entropy coefficient 0.005 0.001
Success tolerance 0.75m 0.05m
PPO iterations 1,500a 1,500

a The vehicle run is scheduled for 3,000 iterations but converges
to ≈ 100% NRD-model success within the first ∼ 150; the
iteration-1,500 checkpoint (long converged) is used for transfer.

the 11-dimensional observation

oveht =
[
v̂x, v̂y, r̂, g

b
x, g

b
y, d,

sin θe, cos θe, ât−1

]
∈ R

11,
(15)

the standardized body velocities (v̂x, v̂y, r̂), the
goal in the body frame and its range (gbx, g

b
y, d)

scaled by 10 m, the sine and cosine of the heading
error θe, and the normalized previous action. The
policy emits a = [δ, τ, β] (steering, throttle, brake),
each tanh-squashed and mapped into their phys-
ical ranges, with throttle and braking capped at
0.6; one command is held for five dynamics steps,
giving 10 Hz control over the 50 Hz NRD model.
The per-step reward is a progress term with small
regularizing penalties,

rveht = wp ∆d− wψ|θe| − λa∥at − at−1∥
2

− λtb τtβt

− λs
(

max(|r| − r̄, 0)
)2

− c+ b1[ d < 0.75 ],

(16)

where ∆d is the reduction in goal distance
over the step. We use progress weight wp=10,
heading wψ=0.05, action-rate λa=0.01, throttle–
brake λtb=0.05, a spin penalty λs=0.5 beyond
r̄=0.4 rad/s, a constant time penalty c=0.1 per
step, and a terminal success bonus b=50. The spin
and throttle–brake terms suppress the degenerate
in-place-rotation and drive-against-brake behaviors
that a pure progress reward would otherwise admit.
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Training converges quickly: the mean episode
reward rises from negative values to a plateau
within ∼ 250 iterations (Fig. 8(a)), and the episode
success rate reaches ≈ 100% within the first ∼ 150.
At the iteration-1500 checkpoint used for transfer,
every NRD-model episode succeeds (100%, mean
final distance 0.62 m, no out-of-bounds termina-
tions); the run reaches this in ≈ 10 min of wall-clock
on a single GPU.

5.4.2 Arm End-Effector Reaching

The arm policy moves the end-effector to a goal
g in the reachable workspace. Goals are drawn in
joint space, mapped through forward kinematics,
and safety-screened. At each control step the policy
receives the 26-dimensional observation

oarmt =
[
q, q̇, qcmd, g,

pee, g − pee, κ̂, ât−1

]
∈ R

26.
(17)

Here q, q̇ ∈ R
4 are the joint positions and velocities

of the reduced state zarm (Eq. 14), standardized
by the training statistics. qcmd ∈ R

4 is the current
absolute joint setpoint, i.e., the actuator com-
mand the environment carries from step to step.
g, pee ∈ R

3 are the goal and end-effector positions
in the arm-base frame, and g − pee is the reach-
ing error. κ̂ ∈ R is a clipped clearance signal, a
forward-kinematics measure of proximity to colli-
sion (Appendix F). ât−1 ∈ R

4 is the normalized
previous action.

The policy emits a tanh-squashed
joint-command increment at = ∆qcmd

t ∈
[−∆qmax,∆qmax]4 at 50 Hz, which the environ-
ment accumulates into the absolute setpoint qcmd

that the NRD model consumes (Eq. 14). Two
checks guard this setpoint. First, it is clipped to
the joint limits. Second, a geometric safety shield
(Appendix F) samples five configurations along the
straight joint-space path from the current setpoint
to the proposed one, evaluates forward kinematics
at each, and tests for contact with the ground, the
vehicle, or another arm link; if any sample fails,
the increment is discarded and the setpoint is held.
The policy thus learns joint-limit and collision
avoidance inside the NRD rollout, from geometry
alone, rather than discovering it later in Chrono.

The reward is an exponential reaching term
with an action-rate regularizer and a terminal

0.0 2.5 5.0 7.5 10.0
Wall-clock time (min)

0 500 1000 1500
PPO iteration

0

100

200

300

M
ea

n 
ep

iso
de

 re
wa

rd

transfer
checkpoint

(1500 it.)

(a)

0 20 40
Wall-clock time (min)

0 500 1000 1500
PPO iteration

0

50

100

150

M
ea

n 
ep

iso
de

 re
wa

rd

transfer
checkpoint

(1500 it.)

(b)

Fig. 8 PPO convergence for the two goal-reaching policies,
each trained inside its frozen NRD model: (a) tracked-
vehicle planar reaching and (b) arm end-effector reaching.
Each panel shows the mean episode reward versus PPO
iteration; the top axis converts iteration to that run’s wall-
clock training time on a single GPU (the arm run is ≈ 6×
longer). Faint traces are raw per-iteration values and solid
curves are EMA-smoothed. The vehicle reward saturates
almost immediately, whereas the tighter 0.05m arm task
ramps up more slowly to its plateau. The dashed line marks
the checkpoint used for Chrono transfer

bonus,

rarmt = exp
(
− ∥g − pee∥/σ

)

− λa∥ât − ât−1∥
2

+ b1[ ∥g − pee∥ < 0.05 ].

(18)

Here σ=0.15 m is the reaching scale, λa=0.02
the action-rate weight, and b=150 the success
bonus, granted once the end-effector is within the
0.05 m tolerance. The end-effector position is recov-
ered from the NRD model’s predicted joints as
pee = FK(q), using the same forward kinematics
the safety shield already evaluates each step, so
the reward reads directly from the rollout at no
extra cost.

Reaching is the harder of the two tasks, and its
convergence reflects that. The mean episode reward
ramps up over roughly 250–600 iterations to a
≈ 150 plateau (Fig. 8(b)), and the episode success
rate settles at ≈ 96.9%. Safety violations stay rare
throughout: at the iteration-1500 checkpoint the
shield-flagged collision rate is well under 1% and
joint limits are never hit, so the shield shapes
behavior without dominating it. The run trains
across 4,096 parallel rollouts in ≈ 57 min on a
single GPU.

5.5 Closed-Loop Chrono Transfer

Chrono transfer is the decisive test: each pol-
icy, trained only inside its frozen NRD model, is
deployed in the full high-fidelity vehicle-plus-arm
scene. The policy is memoryless in both cases,
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so Chrono needs no dynamics context—it reads
the true system state, forms the same observation
the policy trained on, and applies the resulting
command.

Tracked-vehicle transfer.

The vehicle policy is evaluated on a seeded 100-
goal stress battery sampled from its training region
(radius 20–40 m, full angle ±π), with one freshly
built Chrono scene per goal. The policy reaches all
100 goals within the 0.75 m tolerance, though this is
a coarse criterion: the policy stops on entering the
goal region rather than homing onto the goal, so it
hugs the tolerance radius (median closest approach
0.691 m, worst 0.748 m). Median time-to-success
is 20.2 s (worst 27.7 s) and no episode times out.
The driven paths are near-direct—median path
efficiency 0.959 (straight-line over driven distance)—
and goals behind the vehicle are serviced by clean
forward-loop U-turns rather than in-place spins,
so the NRD-model policy transfers to the full high-
fidelity system across the goal distribution, if to
this loose tolerance (Appendix G).

Arm transfer.

The arm policy is evaluated on a seeded 100-
goal battery drawn from its trained joint-space
workspace, one freshly built Chrono scene per goal
after a settle pre-roll. It reaches 97 of 100 goals
within the 0.05 m tolerance, with median reached
end-effector error 4.2 cm (worst 5.0 cm) and median
convergence 0.9 s. All three misses are timeouts
with closest approach 6.4, 9.3, and 10.9 cm, not
safety failures: every accepted command stays
collision- and joint-limit-safe across all 100 Chrono
rollouts, with zero contacts and zero joint-limit
violations, so the forward-kinematics safety shield
carries from training into the high-fidelity system
(Appendix G).

5.6 Case Study Takeaway

Case Study II is not meant to establish that either
task is an individually difficult control benchmark.
It shows that the proposed NRD methodology
is reusable across subsystems with different dom-
inant dynamics and different control objectives.
The planar vehicle model retains only the quanti-
ties that propagate vehicle pose, whereas the arm
model retains only the joint positions and veloc-
ities on which the joint response depends, takes

Table 7 Chrono transfer summary over the seeded
100-goal stress batteries (Appendix G). Vehicle: 100/100
within 0.75m, median closest approach 0.69m (worst
0.748m), median time-to-success 20.2 s, median path
efficiency 0.959. Arm: 97/100 within 0.05m (median
reached error 4.2 cm), all three misses timeouts, with zero
contacts or joint-limit violations. Error scales differ
because the two tasks use very different success tolerances

Task Trials Success Median final err

Vehicle goal reaching 100 100% 0.69m
Arm reaching 100 97% 0.042m

the actuator command as its action, and recovers
the task-space end-effector by forward kinemat-
ics. In both cases, a policy trained entirely inside
the corresponding frozen NRD model transfers to
the high-fidelity Chrono system—reaching 100%
of 100 seeded vehicle goals at the coarse 0.75 m
tolerance and 97% of 100 seeded arm goals at the
tight 0.05 m tolerance. Together with Case Study I,
these results support the paper’s claim that neural
reduced dynamics should be designed around the
control task rather than around a fixed notion of
system state—the theme developed next in Sec. 6.

6 Analysis

The two case studies approach the same question
from different directions. Case Study I provides
depth: an abstraction can fail when control-relevant
terramechanics variables or regime context are
omitted. Case Study II provides breadth: the
same workflow carries over when the appropriate
abstraction changes substantially across tasks and
subsystems. Together they support a single account
of what a right abstraction is—one that follows
the task’s dominant physics, preserves the fidelity
control requires, takes on context only where the
reduced dynamics are ambiguous, and earns its
keep through throughput—and that is judged, in
the end, by whether the policies it trains transfer
back into the high-fidelity simulator. Table 8 lays
this pattern out across the three tasks.

6.1 Abstraction Follows the Task

and Dominant Physics

The three NRD models learn three different states.
The terrain-aware HMMWV carries a fifteen-
dimensional state that couples body motion and
attitude (vx, vy, ϕ, θ), the three body-frame angular
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Table 8 The same design pattern across three control tasks: each keeps a task-specific reduced state, treats commands and
context as inputs, and recovers known kinematics analytically—yet every one yields a policy that transfers into high-fidelity
Chrono

Control task Learned recurrent
state

Action / context Evaluated outside
the NRD model

Why this
abstraction is
needed

Chrono evidence

HMMWV
tracking

Body velocities,
attitude, and
angular rates; per-
wheel normal loads
and speeds (15-D)

Steering, throttle,
braking; rigid/CRM
terrain code

Vehicle pose
(x, y, ψ); body
frame error from
reference
trajectories

Exposes wheel slip,
load transfer, and
the
domain-dependent
tire–terrain
response

Lower median and
mean tracking error
than both single-
terrain specialist
policies on flat,
CRM, and zero-shot
bumpy terrain

Tracked
vehicle
reaching

Planar velocities
and yaw rate (3-D)

Steering, throttle,
braking

Vehicle pose
(x, y, ψ); body
frame error from
goal point

Skid-steer chassis
response in the
plane is
pose-invariant; pose
is integrable

100/100 goals
within 0.75m

Arm reaching Joint positions and
velocities (8-D)

Joint target
command qcmd

End-effector
pee = FK(q) and
contact clearance

Joint response is
dynamic and
depends on q; task
geometry is known
analytically

97/100 goals within
0.05m; zero
contacts or joint-
limit violations

rates, and an eight-channel terramechanics block of
per-wheel normal loads and wheel speeds (Eq. (6)).
The tracked vehicle keeps only the three planar
quantities its goal-reaching controller acts through—
the two body-frame velocities and the yaw rate,
[vx, vy, r] (Eq. (13)). The arm keeps the eight vari-
ables that describe its configuration and how fast
it is changing, the joint positions and velocities
[q, q̇] (Eq. (14)).

The retained variables differ in kind, not only
in count: each controller needs different physical

information, and the physics that dominates each
control problem differs. For the HMMWV the
decisive and uncertain physics is the tire–terrain
interaction: whether the vehicle holds a reference
across flat rigid ground, bumpy rigid ground, and
deformable CRM soil is strongly influenced by
terrain-dependent load transfer and wheel slip, so
the reduced state should expose the tire normal
loads and wheel speeds. For the tracked vehicle the
task is planar goal reaching within a fixed operat-
ing envelope; the controller must anticipate how
steering, throttle, and braking produce longitudi-
nal, lateral, and yaw motion through the tracked
chassis, and the three retained velocities capture
the response required to propagate planar pose. For
the arm, reaching is a configuration-space problem:
the joints accelerate under actuator torque as they
are driven toward a commanded setpoint, so their
future motion is set by where the joints are and
how fast they are moving—the joint positions and

velocities. Because the vehicle is held stationary in
reach mode, its motion and tire–terrain variables
need not be represented in the arm NRD model.

The lesson is not that a smaller state is
better, nor that there is a single correct abstrac-
tion to be found. Each abstraction is a compact
recurrent state shown by rollout accuracy and
closed-loop transfer to retain sufficient control-
relevant information for its task, and the dimension
is a consequence of that choice rather than the
object of it. The right abstraction is task-dependent
because the dominant physics is task-dependent.

6.2 Reduction Preserves

Task-Relevant Fidelity

Reduction is as much a decision about what not to
learn as about what to learn. In each case the model
propagates only the coordinates on which the tran-
sition depends and whose evolution is uncertain or
contact-dependent, the part of the dynamics that
known relationships (such as FK or coordinate
transformation) cannot supply, and leaves the coor-
dinates the transition does not depend on, together
with deterministic functions of the predicted state,
to be reconstructed analytically during rollout.

The pattern is consistent across the three sys-
tems. For both vehicles the global pose is never
predicted: the HMMWV’s absolute position and
heading, and the tracked vehicle’s planar (x, y, ψ),
are reconstructed by integrating the predicted body
velocities and yaw rate outside the learned state
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(Sec. 4.2, Sec. 5.2). For the arm, the end-effector
position is not a learned channel but is recov-
ered by forward kinematics on the predicted joints,
pee = FK(q); the collision clearance the policy
observes is computed geometrically by the same
kinematics (Appendix F); and the joint target
command qcmd, which a low-level PD controller
drives the joint angles toward, is supplied to the
model as an input (Eq. (14)). The arm’s joint
positions could likewise be integrated from the
predicted q̇, but the joint response depends on
them, so they are retained in the state (Sec. 5.2);
what is reconstructed is decided by whether the
transition depends on a quantity, not by whether
it is integrable. In every case the learned model
carries only the recurrent variables on which the
uncertain dynamics depend, and known kinematic
and geometric relationships are evaluated analyti-
cally rather than represented by additional learned
channels.

The learned channels are a projection of the
same high-fidelity simulator—trained on its data
and checked against it in open- and closed-loop—
so they retain fidelity where it is hardest to obtain.
The reconstructed quantities remain analytically
consistent with the predicted reduced state and
require no additional learned output channel; their
accuracy relative to Chrono still depends on the
accuracy of that predicted state, and the collision-
clearance calculation is an approximate geometric
screening measure. Reduction therefore targets
redundancy rather than fidelity: state that either
does not affect the control task, or that the tran-
sition does not depend on and can be recovered
without learning. The learned channels still carry
measurable approximation error, quantified in the
one-step and open-loop evaluations of Secs. 4.4
and 5.3; the design goal is not to eliminate that
error but to keep it within what the control task
tolerates. The resulting model does not reproduce
the simulator’s full state, and it does not need to.

6.3 Context Is Required When

Reduced Dynamics Are

Ambiguous

A practical advantage of a learned NRD model
over a fixed analytical one is that its data-driven
nature lets a single model absorb experience from
physically distinct domains: rather than deriving a
separate model per regime, we train one backbone

on data pooled across regimes and let it repre-
sent their shared structure and their differences
together. Realizing that advantage rests on two of
the design choices this paper isolates—the right
abstraction and the right context. The abstrac-
tion (Sec. 6.1) gives the regimes a common state
in which their shared vehicle dynamics are rep-
resented once; the context tells the model, when
that shared state is not enough, which regime it is
currently in.

Context becomes necessary when the reduced
dynamics are ambiguous: when the same reduced
state and action evolve to different next states
under different physical regimes. In the HMMWV
case a given body-and-terramechanics state under a
given driver command advances differently on rigid
ground than on CRM soil, because the two regimes
generate different slip and sinkage (Sec. 4.3). With-
out an explicit label the model must infer the
regime implicitly from history, which can blur
the learned transition and accumulate error over
rollout. A small two-class one-hot code—rigid
[1, 0], CRM [0, 1], appended to each input token—
resolves the ambiguity, letting one backbone reuse
the common vehicle-dynamics representation while
specializing the rigid-versus-CRM transition. The
context ablation makes the effect concrete: remov-
ing the code barely changes one-step loss but more
than doubles open-loop error on rigid terrain, from
3.73% to 8.26%, while leaving CRM error approxi-
mately unchanged (Appendix E). The history alone
therefore does not reliably preserve the rigid/CRM
distinction over long rollouts.

6.4 Throughput Makes Policy

Learning Practical

Reduction earns its keep not only through accu-
racy but through speed, because the NRD model
replaces Chrono as the environment the policy
trains in. A PPO run consumes a large volume
of environment transitions—thousands of paral-
lel rollouts advanced over hundreds to thousands
of iterations—and the rate at which those tran-
sitions are produced sets the wall-clock cost of
training. The NRD models run orders of magni-
tude faster than the simulator they stand in for:
batched on a single GPU the conditioned HMMWV
model advances at ≈ 1,750× real time, the tracked
vehicle at ≈ 16,300×, and the arm at ≈ 2,320×
(Appendix A). Under the reported aggregate
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batched-GPU versus single-process Chrono config-
urations, the measured simulated-time throughput
ratios reach about 11,500× for CRM soil, 58,400×
for the tracked vehicle, and 8,300× for the arm; the
tracked-vehicle ratio is asymmetric, since Chrono
simulates the full vehicle-plus-arm scene while each
surrogate models a single operating mode. That
margin turns policy optimization from impracti-
cal into routine: the tracked vehicle driving policy
reaches its plateau in ≈ 10 min and the arm pol-
icy trains in ≈ 57 min on a single GPU, each
converging within a few hundred PPO iterations
(Sec. 5.4).

A single converged run, though, understates
what throughput buys. The time-consuming part
of applying RL is not that run but the itera-
tive design around it—shaping the reward and
tuning the optimizer until the policy behaves as
intended, each adjustment validated only by train-
ing again. Both policies needed such work: spin
and drive-against-brake penalties for the vehicle,
and reward shaping and safety-interface design for
the arm—the terminal bonus, action regulariza-
tion, clearance observation, and command shield
(Sec. 5.4). The effective cost of a policy is there-
fore one run times the number of design iterations,
so a run that finishes in minutes rather than the
orders-of-magnitude greater wall-clock cost implied
by the measured single-process Chrono through-
put keeps that loop interactive—more reward and
hyperparameter iterations per day, which is what
ultimately yields a working policy.

6.5 High-Fidelity Validation Is the

Final Test

An NRD model is validated at three levels of
increasing stringency. One-step prediction is the
most basic: given a ground-truth history, it checks
whether the model has captured the single-step
input-to-output relation, and so tests the soundness
and capacity of the learned map. It is necessary
but limited, because a low one-step error does
not guarantee that repeated application stays on
trajectory. Open-loop rollout is the more informa-
tive metric: feeding the model its own predictions
over a horizon measures how faithfully it repro-
duces Chrono’s behavior as a dynamical system,
which is the fidelity that governs downstream
control. In both case studies the NRD model
used to train RL is therefore chosen by minimum

open-loop rollout error rather than by one-step
loss (Sec. 4.3, Sec. 5.3). Closed-loop transfer into
Chrono is the final level and the exam for the whole
pipeline: the trained policy parameters are trans-
ferred unchanged, while Chrono reproduces the
same observation construction, action processing,
and safety interface used during policy training
inside the NRD model, testing the NRD model
and the policy together.

The third level is decisive, because the first two
do not by themselves establish that the abstrac-
tion is useful for control. A policy can earn high
reward inside an approximate model by exploiting
its errors, so success in the NRD model environ-
ment is necessary but not sufficient. What settles
the question is Chrono: the tracked vehicle reaches
100 of 100 seeded goals within 0.75 m and the arm
97 of 100 within 0.05 m with zero contacts and joint-
limit violations (Sec. 5.5), while the terrain-aware
HMMWV policy attains low tracking error on flat,
CRM, and zero-shot bumpy terrain—matching or
improving on each single-terrain specialist even on
its own training terrain (Appendix B). In every
case the reduced model is judged not by its own
reward but by whether the policies it trains remain
effective in the full simulator, and that transfer is
the ultimate evidence that the abstraction was the
right one.

7 Limitations and Open

Problems

The present work is validated entirely in simula-
tion. Returning the learned policies to Chrono tests
whether each NRD model retains sufficient task-
relevant dynamics for control, but this remains
sim-to-sim transfer and does not establish per-
formance on physical systems. The NRD models
are trained on and evaluated against a single
high-fidelity reference, so whatever bias Chrono’s
tire, terramechanics, and actuator models carry
is inherited by the surrogate rather than exposed
by it. Both the NRD models and the policies also
operate on compact simulator states rather than
sensory observations: the reduced state is read
directly from the simulator through the projection
P (Sec. 3.1), and the derived quantities the pol-
icy observes—vehicle pose, end-effector position,
and clearance—are computed from that privileged

23



state, thereby bypassing perception and state-
estimation errors. Extending the framework to
vision-based dynamics models and policies, in the
manner of latent world models learned from obser-
vations [12, 13], followed by hardware validation,
is an important next step.

The construction of each reduced state also
remains partly heuristic. The design rule of Sec. 3.2
states what the reduced state should retain, but
applying it—selecting recurrent variables, analyti-
cally reconstructed quantities, context inputs, and
operating ranges—requires physical insight and
task-specific experimentation. Although this pro-
cess produces interpretable abstractions, it requires
substantial manual effort for each new system. In
future work we will introduce an automated or
agentic abstraction-design procedure that proposes
candidate state projections, reconstruction map-
pings, and context variables, and evaluates them
jointly using rollout accuracy, policy performance,
transfer fidelity, and computational cost. The val-
idation hierarchy used here (Sec. 6.5) already
supplies the selection signal such a search would
optimize.

Finally, the framework was not evaluated on
explicit contact-mode transitions. Although the
vehicle cases include aggregate tire–terrain interac-
tion, the arm model is trained only on free-space
motion and its controller avoids contact through
the safety shield (Appendix F); grasp acquisition
and release, impacts, and object–object collisions
therefore remain outside the present scope. These
events introduce discontinuous and potentially
multimodal dynamics that are difficult to rep-
resent reliably with a single continuous learned
transition model. Extending the method to contact-
rich manipulation will likely require event- or
contact-conditioned neural dynamics, in which a
contact mode is predicted and the transition is
conditioned on it [15, 18], combined with reduced
deformable simulation approaches such as Sim-
plicits and FreeForm [20, 38] for the deformable
and contact-mediated physics that a compact
rigid-state abstraction cannot represent.

8 Conclusion

This paper presented a framework for distilling
high-fidelity robot simulations into task-specific
neural reduced dynamics models that serve as

massively parallel environments for policy learn-
ing. The central result is that useful reduction
is determined by control relevance rather than
dimensionality alone. Each abstraction retains the
recurrent physical variables and context needed to
propagate task behavior, reconstructs known kine-
matic quantities analytically outside the network,
and is evaluated through sustained open-loop roll-
outs and, ultimately, closed-loop transfer back to
Chrono.

Across the HMMWV, tracked-vehicle, and arm
tasks, three distinct abstractions supported pol-
icy optimization entirely within frozen, vectorized
NRD models. The HMMWV generalist achieved
lower median and mean tracking error than both
single-terrain specialists on every evaluated ter-
rain, including the zero-shot bumpy case. When
transferred to Chrono, the tracked-vehicle and arm
policies reached 100 of 100 goals within 0.75 m
and 97 of 100 within 0.05 m, respectively, with
no arm contacts or joint-limit violations. In both
case studies the NRD model advanced its task
roughly four orders of magnitude faster in simu-
lated time than the high-fidelity scene it replaced,
under the reported batched-GPU surrogate and
single-process Chrono configurations: ≈ 11,500×
for CRM soil in Case Study I, and ≈ 8,300–58,400×
across the two control modes of Case Study II.
Together, these results show that, within the tested
simulator regimes, task-designed NRD models can
retain the dynamics required for control while mov-
ing high-volume policy optimization out of the
expensive high-fidelity simulator. Chrono remains
the high-fidelity reference and final validation
authority.
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Appendix A Simulation

Throughput and

Real-Time

Performance

The neural reduced dynamics model is motivated
by the wall-clock cost of the high-fidelity Chrono
simulator, which grows sharply with contact-model
complexity. We probed the stepping throughput of
each Chrono scene used in this paper with the same
collector/evaluation scene builders that generate
the data (measured on a single Intel 14900KF, one
process, throttle 0.4), and separately measured
each case study’s NRD model throughput as a
batched GPU forward pass during its own PPO
training run. The cross-case comparable metric is
the real-time factor (RTF), i.e., simulated seconds
advanced per wall-clock second (RTF = 1 is real
time); Cost is normalized to each case’s NRD model
(1×), so it reads directly as how many times more
wall-clock time high-fidelity simulation costs than
the surrogate that replaces it. Results are split by
case study: Table 9 (Case Study I) and Table 10
(Case Study II).

A.1 Case Study I: Terrain-Aware

HMMWV

Flat rigid HMMWV runs at 7.31× real time; a
bumpy heightmap costs only ∼9% more (RTF
→ 6.65×), isolating the heightmap-collision over-
head from an otherwise identical vehicle and step
size. CRM is the dominant Chrono cost at 0.152×
RTF (∼14.1 M SPH particles, ∼10.8 M boundary
markers, and a 4× smaller step, not the vehicle
model), so a 15 s CRM episode takes ∼100 s of
wall-clock time. The 8-layer NRD model sustains
≈ 175,000 dynamics passes/s aggregate (≈ 1,750×
RTF) independent of terrain (Sec. 4.3); normalized
to it, even flat-rigid Chrono costs 239× more wall-
clock time per simulated second, and CRM costs
11,500× more.

Table 9 Case Study I (terrain-aware HMMWV)
throughput. Chrono rows share the fixed HMMWV Full

configuration and differ only in the tire–terrain contact
model. Cost is normalized to the NRD model row (1×)

Configuration ∆t Steps/s RTF Cost

HMMWV — rigid
flat

2.0ms 3,657 7.31× 239×

HMMWV —
bumpy rigid

2.0ms 3,324 6.65× 263×

HMMWV — CRM
soil

0.5ms 304 0.152× 11,500×

HMMWV — NRD
model (8-layer)a

10ms 175,000 1,750× 1×

a The NRD model row is an aggregate batched-GPU figure, not a
single-stream process like the three Chrono rows above: Steps/s
is dynamics forward passes/s summed across the 2,048 parallel
rollouts used during PPO training (Sec. 4.5), read from the
rsl-rl training logs (Perf/total fps, consistently ≈ 35,000 policy-
control steps/s across all three 8-layer policies, × action repeat
= 5); RTF is the corresponding aggregate simulated-seconds
advanced per wall-clock second.

Table 10 Case Study II (tracked vehicle + arm)
throughput, measured the same way as Table 9. The single
Chrono vehicle-plus-arm scene serves both control modes;
each NRD model row is its own 1× reference, and the
Chrono Cost cell lists the wall-clock ratio over the
drive-mode / reach-mode NRD model respectively

Configuration ∆t Steps/s RTF Cost

Tracked vehicle
+ arm — rigid

0.5ms 558 0.279× 58,400× /
8,300×

Tracked vehicle
— NRD modela

20ms 815,000 16,300× 1×

Arm — NRD
modela

20ms 116,000 2,320× 1×

a As in Table 9, both NRD model rows are aggregate batched-
GPU figures (not single-stream like the Chrono row): Steps/s
is dynamics forward passes/s during PPO, read from the
rsl-rl logs as Perf/total fps × action repeat. Drive mode
uses tracked transformer v1 (2,048 rollouts, Perf/total fps
≈ 163,000 × action repeat 5); reach mode uses the
larger arm transformer 8d v1 (4,096 rollouts, Perf/total fps
≈ 116,000, action repeat 1). The Chrono scene simulates the
full coupled vehicle-plus-arm system, whereas each NRD model
represents only the subsystem its mode controls.

A.2 Case Study II: Tracked Vehicle +

Arm

The tracked drive-mode NRD model is smaller than
the HMMWV backbone (3 layers, 96-D embed-
ding, 20 ms step) but still batched across 2,048
rollouts, sustaining ≈ 815,000 dynamics passes/s
(≈ 16,300× RTF); the larger reach-mode arm
NRD model (5 layers, 256-D, batched across 4,096
rollouts) sustains ≈ 116,000 passes/s (≈ 2,320×
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RTF). The single-process Chrono tracked-vehicle-
plus-arm simulation, at 0.279× RTF (reflecting
the small integration step and stiff solver that
single-pin track contact requires), costs ≈ 58,400×
more wall-clock time per simulated second than the
drive-mode surrogate and ≈ 8,300× more than the
reach-mode surrogate—the former is the largest
gap of either case study, though the comparison is
not fully symmetric: the Chrono scene simulates
the full coupled vehicle-plus-arm system, whereas
each NRD model represents only the subsystem
its mode controls.

Appendix B Per-Terrain

Policy-Transfer

Statistics

Table 11 reports the full closed-loop Chrono track-
ing statistics summarized by Fig. 5: for each terrain
and policy, the median, mean, and interquartile
range (IQR) of the XY RMSE over the 20 held-
out references. All three policies are trained on the
8-layer dynamics backbone (Sec. 4.3, Appendix C)
and evaluated at their 1000-iteration checkpoint
under the same action clipping, and every cell com-
pletes 20/20 rollouts with no early terminations.

Figure 9 shows the closed-loop Chrono XY
paths behind these statistics for three represen-
tative held-out maneuvers per terrain (sustained
turn, multi-steer, sine-steer; 9 evaluations total),
for the reference and all three policies.

Appendix C Dynamics-

Architecture

Sweep

The 8-layer dynamics backbone used through-
out this paper (Sec. 4.3) is the result of a
one-factor-at-a-time (OFAT) architecture sweep
over four axes: depth (nlayer ∈ {2, 4, 6, 8, 12}),
width (nembd ∈ {128, 192, 256, 384, 512}, with
the attention head count co-scaled so that
head dim = nembd/nhead stays fixed at 32),
attention-head width (head dim ∈ {16, 32, 64}
at fixed nembd = 256), and train-time con-
text (block size ∈ {32, 64, 128, 256}). Each arm
varies exactly one axis from a shared 6-layer,
256-embedding, head dim-32, 128-context config-
uration (Ablation model 10 in Table 12), holding
the training recipe of Sec. 4.3 fixed otherwise;

that shared configuration is trained once rather
than once per axis, so the four axes contribute
4 (depth) + 4 (width) + 2 (heads) + 3 (context)
new configurations to the 1 shared one, 14 in
total. Each is trained for the full 80 epochs and
ranked by the same domain-balanced selection
score S = 1

2Erigid + 1
2ECRM of Eq. (9) used to pick

every model’s checkpoint.

Appendix D Training-Data Scaling

Holding the 8-layer backbone (Appendix C) and
the rest of the training recipe (Sec. 4.3) fixed, we
retrain it on nested seeded subsets of 20%, 40%,
60%, and 80% of the training episodes, applied to
both the flat and CRM sources so the 75/25 mix
is preserved; compute is held fixed at 80 epochs ×
2000 mini-batches by sampling with replacement
over the smaller pool, so unique-trajectory count
is the only variable. The 100% point is the same
run used throughout the paper (Ablation model 1
of Table 12).

S falls from 6.9% to 4.3% over the 20–80%
range—more training data consistently buys roll-
out accuracy. The 100% point does not continue
that trend in this single training seed (S = 4.6%,
marginally above the 80% point), which we read
as seed noise rather than a genuine data-quantity
regression, since nothing else changes between the
two runs and every other step of the 20–80% curve
is monotonic. We use the full dataset as the base-
line reported throughout the paper: the scaling
trend gives no reason to expect held-back data to
hurt, and 100% removes the arbitrariness of choos-
ing a fixed held-out fraction of otherwise-usable
training trajectories.

Appendix E Reduced-State and

Context Ablation

Sec. 4.2 and Sec. 4.3 motivate the 15-D reduced
state and the one-hot terrain code from first
principles—the four tire normal forces and four
wheel speeds are argued to be what makes slip
and load transfer observable, and the terrain key
is argued to be what lets one shared backbone
disambiguate regimes. Here we test both claims
directly by removing each block from the 8-layer
backbone (Appendix C) and retraining, holding
the rest of the recipe fixed (8 layers, 8 atten-
tion heads, 256-D embedding, 128-step context,
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Table 11 Closed-loop Chrono tracking statistics (XY RMSE, meters) for the mixture generalist and the rigid-only /
CRM-only specialists, on held-out rigid flat, CRM, and zero-shot bumpy references; these are the numbers summarized by
Fig. 5. Median, mean, and IQR are over 20 references at the 1000-iteration checkpoint, all 20/20 successful. Bold marks the
best median and mean in each terrain block; on this 8-layer backbone the mixture generalist takes every bold cell, i.e. it
achieves the lowest mean and median XY RMSE on all three evaluated terrains

Terrain Policy Median Mean IQR

Rigid flat
Mixture generalist 0.157 0.184 0.099–0.236
Rigid-only 0.174 0.219 0.163–0.277
CRM-only 0.232 0.259 0.189–0.328

CRM
Mixture generalist 0.180 0.249 0.134–0.321
Rigid-only 0.854 1.000 0.365–1.447
CRM-only 0.231 0.361 0.174–0.521

Rigid bumpya

Mixture generalist 0.149 0.229 0.099–0.247
Rigid-only 0.187 0.238 0.159–0.290
CRM-only 0.213 0.418 0.166–0.416

a Bumpy is a strict zero-shot test: rigid code, no bumpy data in training or selection.

Table 12 All 14 configurations in the dynamics-architecture sweep, sorted by selection score S (Eq. 9; lower is better),
each at its own best epoch. Each model varies exactly one of depth (nlayer), width (nembd, with the attention head count
co-scaled so head dim = nembd/nhead stays fixed at 32), attention-head width (head dim, at fixed nembd = 256—the axis
that actually changes head dim), or train-time context (ctx) from the shared
6-layer/256-embedding/head dim-32/128-context configuration (Ablation model 10). One-step loss is the
channel-reweighted Huber validation loss as training (Eq. 8); rollout err/dist is the 10 s open-loop position error normalized
by distance traveled. The top row (bold), Ablation model 1, is the 8-layer configuration used throughout this paper

Model nlayer nembd head dim ctx One-step loss 10 s rollout err/dist S

Flat CRM Flat CRM

Ablation model 1 (used) 8 256 32 128 0.0025 0.094 3.7% 5.4% 4.6%

Ablation model 2 6 256 32 256 0.0021 0.114 6.1% 3.7% 4.9%

Ablation model 3 6 512 32 128 0.0020 0.103 4.6% 5.3% 4.9%

Ablation model 4 6 384 32 128 0.0030 0.095 5.6% 4.9% 5.2%

Ablation model 5 6 256 16 128 0.0021 0.097 6.7% 3.9% 5.3%

Ablation model 6 12 256 32 128 0.0034 0.091 6.4% 4.8% 5.6%

Ablation model 7 6 192 32 128 0.0024 0.087 5.8% 6.1% 5.9%

Ablation model 8 2 256 32 128 0.0040 0.097 9.1% 4.4% 6.8%

Ablation model 9 6 256 64 128 0.0021 0.095 7.5% 6.1% 6.8%

Ablation model 10 6 256 32 128 0.0022 0.095 9.1% 5.8% 7.4%

Ablation model 11 6 256 32 64 0.0023 0.090 6.9% 8.3% 7.6%

Ablation model 12 4 256 32 128 0.0034 0.091 8.7% 7.0% 7.8%

Ablation model 13 6 256 32 32 0.0035 0.101 9.4% 6.9% 8.2%

Ablation model 14 6 128 32 128 0.0037 0.092 8.8% 7.7% 8.3%

Table 13 Data-quantity ablation at the 8-layer backbone: selection score S (Eq. 9) and its one-step-loss/rollout-err
components at each run’s own best epoch, as a function of the fraction of training episodes used

One-step loss 10 s rollout err/dist

Data Flat CRM Flat CRM S

20% 0.0023 0.138 4.2% 9.6% 6.9%

40% 0.0022 0.124 8.1% 4.8% 6.5%

60% 0.0021 0.114 7.0% 5.7% 6.3%

80%a 0.0020 0.105 3.9% 4.6% 4.3%

100% (used) 0.0025 0.094 3.7% 5.4% 4.6%

a 80% attains a marginally lower single-seed S than the full-data point; see the discussion below.

75/25 flat/CRM mix, equal-domain-combined-std
Huber, rollout sel checkpoint selection, AdamW
3e−4→ 3e−5, 80 × 2000 steps, single seed). The

two tests probe different parts of the design: the
first removes the terrain-regime context supplied
to the model, the second changes the reduced-state
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Fig. 9 Closed-loop XY paths for three held-out maneuvers (columns) on each terrain (rows): (a) rigid flat, (b) CRM soil,
(c) rigid bumpy (zero-shot). Each panel is annotated with the episode’s XY RMSE (m) for the generalist (G), rigid-only
(R), and CRM-only (C) policies. The rigid-only specialist (never trained on CRM) visibly overshoots every turn in row (b),
consistent with its 1.000m mean RMSE on CRM in Table 11; the CRM-only specialist is the outlier in row (c) despite
bumpy sharing its rigid contact code. Full 20-reference statistics for every maneuver are in Table 11

definition itself—both the recurrent state and the
prediction target.

• Context ablation (no onehot): drops the 2-
D terrain key, input 20-D → 18-D, readout
unchanged at 15; the model must infer rigid-vs-
CRM from the state history alone.

• State-abstraction ablation

(no tireforce omega): drops the four tire nor-

mal forces F
(i)
z and four wheel speeds ω(i) from

both the recurrent state and the prediction tar-
get, input 20-D→ 12-D, readout 15→ 7 (body
kinematics only: vx, vy, ϕ, θ, ωx, ωy, ωz). This is
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Table 14 Reduced-state and context ablation at the
8-layer backbone, metrics at each run’s own
best-validation checkpoint. One-step loss is the
channel-reweighted Huber validation loss; 10 s open-loop
err/dist is the open-loop rollout position error normalized
by distance traveled, 12 episodes/domain

Model One-step loss 10 s open-loop err/dist

Flat CRM Flat CRM

Baseline
(20-D)

0.00248 0.09378 0.0373 0.0538

No one-hot
(18-D)

0.00236 0.09395 0.0826 0.0486

No terrame-
chanics (12-D)

0.00341 0.06198a 0.0341 0.0800

a Computed over 7 readout channels instead of 15 and not
comparable to the other two rows (see text); the open-loop
column is comparable across all three, since it is integrated
from vx, vy, ωz , which every variant retains.

an ablation of the reduced-state definition, not
merely of the model’s inputs.

Removing the one-hot barely changes one-step
loss (flat 0.00248 → 0.00236, CRM 0.09378 →
0.09395) but more than doubles open-loop flat error
(0.0373→0.0826) while leaving CRM unchanged.
The terrain key is thus largely invisible to one-step
loss but important over long rollouts: without the
explicit regime label, the shared model does not
reliably disambiguate the rigid and CRM transi-
tion dynamics from state history alone, producing
substantially larger accumulated error on the rigid
domain. Removing the terramechanics block is
the mirror image: flat open-loop error is unaf-
fected (0.0373 → 0.0341) but CRM rises ∼49%
(0.0538 → 0.0800), consistent with Eq. (7), since
wheel speed and body velocity are nearly redundant
on rigid terrain but decouple under CRM slip. That
variant’s one-step CRM loss (0.062) is computed
over 7 channels instead of 15 and is not compara-
ble to the other rows, so we rank all three on the
shared open-loop metric instead. Both ablations
are offline NRD-rollout comparisons excluded from
the architecture ranking of Table 12, and the 7-D
checkpoint is not compatible with the 15-D state
consumed by the RL environment (Sec. 4.5), so
we do not report a closed-loop transfer comparison
for it.

Appendix F Forward-Kinematics

Safety Shield for Arm

Reaching

The arm NRD model is trained only on free-space
motion—transitions in contact with the ground,
the vehicle, or the arm itself are excluded from its
dataset (Sec. 5.2)—so it has no notion of contact
and is unreliable for any configuration that would
collide. During policy optimization, where undi-
rected exploration would otherwise drive the arm
into such configurations, we keep every commanded
configuration inside the free-space envelope with a
geometric safety shield, and we expose the arm’s
proximity to collision to the policy as the clearance
channel κ̂ of the observation in Eq. (17). Both are
computed by a batched forward-kinematics (FK)
model that runs on the GPU alongside the reduced
dynamics; neither invokes Chrono. This appendix
details that FK clearance; the per-step rule by
which the shield accepts or rejects a proposed
command increment using it is given in Sec. 5.4.

F.1 Forward Kinematics and Collision

Geometry

The 4-DOF arm is a CAD import with non-
DH joint frames, so its kinematics are extracted
once from the Chrono scene and reproduced as
a product-of-exponentials FK evaluated batched
over all parallel rollouts. Unlike the end-effector-
only kinematics that the reward needs, the shield
needs every link pose: the FK returns the world
pose of all L = 7 collision links (shoulder, biceps,
elbow, wrist, end-effector, and the two fingers).
Each link is bounded by an axis-aligned box, sam-
pled at its eight corners and center; the mounted
vehicle is represented by a single conservative axis-
aligned box (padded by 0.2 m), and the ground is
the plane z = z0. Figure 10 shows the four arm-
chain link boxes placed by this FK for an example
configuration.

F.2 Signed Clearance

For a configuration q, FK places the link sample
points {xp(q)} in the world. The signed distance
from a point x to an axis-aligned box with center c
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Fig. 10 Forward kinematics placing the arm’s col-
lision geometry, for an example configuration q =
[0.70, 0.50,−0.50, 0.30] rad. Each of the four arm-chain links
(shoulder, biceps, elbow, wrist) carries an axis-aligned box
that FK maps into the world as an oriented box; the dots
are the eight box corners plus center—the sample points
{xp(q)} on which the signed-distance test in Eq. (19) is
evaluated. The star is the end-effector pee, and coordinates
are in the arm-base frame. The gripper links (end-effector
body and two fingers) are omitted for clarity

and half-extents h (expressed in the box frame) is

d(x; c, h) =
⃦⃦

(|x− c| − h)+
⃦⃦
2

+ min
(

maxi(|xi − ci| − hi), 0
)
,
(19)

where (·)+ = max(·, 0) elementwise: the first term
is the Euclidean distance to the surface for a
point outside the box, and the second is the (nega-
tive) penetration depth for a point inside. Because
the two branches meet at zero on the box sur-
face, d passes continuously from positive (clear)
through zero (touching) to negative (overlapping)—
a graded collision signal rather than a binary flag.
For each box (c, h) this d is evaluated against every
sample point that does not belong to that box,
batched independently over each arm and each par-
allel environment. The raw geometric clearance is
the minimum of this per-point distance over all 9L
sample points and the three collision constraints,

κ(q) = min
(
κground, κveh, κself

)
, (20)

κground = min
p

(
zp(q) − z0

)
,

κveh = min
p∈D

d
(
xp(q); cveh, hveh

)
,

κself = min
(i,j)∈N

min
p∈i

d
(
x i→j
p (q); cj , hj

)
,

(21)

where xp(q) are the FK-placed sample points and
zp their heights; D is the set of points on the
distal links (elbow, wrist, end-effector, and fingers)
that can reach the vehicle box (cveh, hveh); N is
the set of ordered non-adjacent link pairs—two
links joined by a joint overlap at that joint by
construction and would always register contact, so
these permanently touching (adjacent) pairs are
excluded, leaving only pairs that should never meet,
ordered so each is tested in both directions—and
x i→j
p denotes link i’s point xp re-expressed in link
j’s box-aligned frame, so that the box distance d of
Eq. (19) applies. Ground clearance is the one term
that reduces to a point-to-plane height rather than
a box distance. Because each box is sampled only
at its corners and center, a positive κ(q) provides a
conservative collision-screening signal rather than
an exact collision certificate—edge- or face-first
overlaps could in principle slip between sample
points—while κ(q) < 0 flags predicted penetration;
the zero-contact Chrono evaluation of Sec. 5.5 is
the empirical validation that the screen holds in
deployment.

F.3 Clearance Observation

The policy observes the clipped, normalized clear-
ance

κ̂ = clip
(
κ(q), −κc, κc

)
/ κs, (22)

with clip level κc = 1.0 m and scale κs = 0.5 m.
This is effectively an FK-derived proximity sensor:
it tells the policy how close the current configu-
ration is to contact and saturates once the arm
is comfortably far (> 1 m) from every obstacle—
so the policy can learn collision-aware behavior
without the NRD model ever having to represent
obstacles.

Concretely, κ̂ enters through a forward-
kinematics side-channel wrapped around the frozen
NRD model, evaluated once per control step. Given
the current reduced state, the policy proposes
an increment ∆qcmd; after interpolation, collision
screening, and joint-limit clipping, the accepted
increment updates the absolute setpoint qcmd, and
the dynamics model receives this absolute setpoint
as its action and predicts the next reduced state.
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Fig. 11 Tracked-vehicle goal reaching in Chrono under the
frozen NRD model policy. (a) All 100 driven paths from the
seeded stress battery, each from the common origin (black)
to its goal (red). (b) The same policy fed eight consecutive
goals along a figure-8 route, each goal numbered by its order
in the sequence (goals 4 and 8 return through the start)

Its four joint angles q are read out, FK re-derives
the end-effector position and the link boxes from
them, and κ(q) —normalized to κ̂ by Eq. (22)—is
written into the observation the policy receives on
the following step. The NRD model itself therefore
never represents the ground, the vehicle, or self-
contact: obstacle geometry is injected only through
κ̂, recomputed by FK on the model’s own predicted
joints at every step.

Appendix G Chrono Policy

Evaluation for

Tracked Vehicle and

Robot Arm

The closed-loop transfer results in Sec. 5.5 come
from seeded 100-goal Chrono stress batteries—one
per policy—that replace the small spot checks used
in early development. Goals are sampled with a
fixed seed (12345) from each policy’s own trained
region, and each goal is run in its own freshly built

vehicle-plus-arm Chrono process, so no state leaks
between goals and the arm’s per-goal scene rebuild
cannot accumulate; every per-goal trajectory is
saved, so success at a tighter tolerance can be
recomputed offline without rerunning Chrono. The
headline metrics for both batteries are summarized
in Table 7; this appendix shows the underlying
trajectories.

Tracked vehicle.

Figure 11(a) overlays all 100 driven paths from
the stress battery. The policy reaches every goal
across the full 360◦ distribution, including goals
behind the vehicle, which it services with forward-
loop U-turns rather than in-place spins; the paths

are near-direct (median path efficiency 0.959). It
stops as soon as it enters the 0.75 m tolerance,
so it hugs that radius—median closest approach
0.691 m, with 40/100 landing in the 0.70–0.75 m
band—rather than driving all the way onto the goal.
Because each goal in the battery starts from the
common origin, we additionally chain the same pol-
icy across a fixed sequence of eight goals, resetting
only the target between legs (Fig. 11(b)). Fed the
eight vertices of a figure-8 route spanning ±30 m,
the point-to-point controller reaches all eight in
order (8/8, per-leg closest approach 0.46–0.69 m,
95.5 s total) without any re-planning or per-goal
re-tuning—so the single learned goal-reaching
skill composes directly into a waypoint-following
controller.

Arm.

Figure 12 shows six representative successful
reaches chosen for diverse movement—the arm
always starts from the same home pose, so the
panels differ in reach direction and length (short
near reaches, tall vertical extensions, and long lat-
eral and near-horizontal sweeps), each converging
the end-effector onto its target within a few cen-
timeters. Across all 100 goals the policy reaches
97 at the 0.05 m tolerance; the three failures
are all timeouts (closest approach 6.4–10.9 cm),
and no rollout records a contact or joint-limit
violation—confirming that the forward-kinematics
safety shield (Appendix F) carries from training
into high-fidelity Chrono.
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