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Fig. 1: Demonstration of the proposed perceptive Forward Dynamics Model for robust navigation in complex environments. The model,
trained with real-world and simulation data, predicts the robot’s future states given a sequence of velocity actions. It takes as input the
surrounding geometry in the form of a height scan, along with past states and proprioceptive measurements. A sampling-based planner
evaluates the integrated paths based on simple reward functions to select the optimal next action in a receding horizon fashion. (A) Ten
example paths are visualized and overlaid on the environment image alongside the height map and the downsampled height scan (blue points).
Path colors indicate rewards, with the highest reward assigned to the closest collision-free trajectory to the goal. (B—E) Additional planning
events are shown, displaying sampled paths and the selected trajectory (green), demonstrating safe planning in rough terrain.

Abstract—Ensuring safe navigation in complex environments
requires accurate real-time traversability assessment and under-
standing of environmental interactions relative to the robot’s
capabilities. Traditional methods, which assume simplified dy-
namics, often require designing and tuning cost functions to
safely guide paths or actions toward the goal. This process
is tedious, environment-dependent, and not generalizable. To
overcome these issues, we propose a novel learned perceptive
Forward Dynamics Model (FDM) that predicts the robot’s future
state conditioned on the surrounding geometry and history of
proprioceptive measurements, proposing a more scalable, safer,
and heuristic-free solution. The FDM is trained on multiple
years of simulated navigation experience, including high-risk
maneuvers, and real-world interactions to incorporate the full
system dynamics beyond rigid body simulation. We integrate our
perceptive FDM into a zero-shot Model Predictive Path Integral
(MPPI) planning framework, leveraging the learned mapping
between actions, future states, and failure probability. This allows
for optimizing a simplified cost function, eliminating the need
for extensive cost-tuning to ensure safety. On the legged robot

ANYmal, the proposed perceptive FDM improves the position
estimation by on average 41% over competitive baselines, which
translates into a 27% higher navigation success rate in rough
simulation environments. Moreover, we demonstrate effective sim-
to-real transfer and showcase the benefit of training on synthetic
and real data. Code and models are made publicly available
under https://github.com/leggedrobotics/fdm.

I. INTRODUCTION

Understanding robotic system dynamics is essential for
ensuring safe and effective control, particularly in complex
tasks like motion planning in contact-rich scenarios. The
dynamics of a mobile robot navigating within an environment
depend on its structure and interactions with the terrain. This
results in highly nonlinear behaviors that are challenging to
generalize across diverse scenarios [1]. Forward Dynamics
Models (FDM) are typically used to predict such complex
dynamics, estimating the robot’s future state conditioned on



the applied commands. These models capture the robot-terrain
interactions and implicitly provide a terrain traversability
estimate. Dynamic models must carefully balance key mod-
eling choices, including state representation, fidelity, time
horizon, and modeling frequency. While the dynamics of on-
and off-road vehicles have been extensively explored [2-4],
quadrupedal robots present unique challenges due to their
complex system dynamics and difficult-to-model environmental
interactions [5]. Moreover, their learned locomotion policies,
which rely on deep neural networks, additionally complicate
the modeling of the robot’s behavior.

Traditional physics-based models that are derived from first
principles and calibrated using system identification often fail
to capture the dynamics accurately. They specifically struggle
in contact-rich scenarios, which introduce additional non-
linearities and require accurate perception [6]. Further, they can
be computationally expensive and sensitive to initial conditions.
Consequently, those models face challenges when it comes to
accurately modeling system dynamics, which in turn results in
biased predictions and persistent modeling errors.

To overcome these limitations, data-driven approaches have
emerged as a promising alternative to approximate complex
dynamics. However, training neural networks to represent robot
dynamics often requires substantial amounts of state-action
trajectories, motivating the use of synthetic data to mitigate
the challenges of collecting extensive real-world datasets [S].
Further, simulation allows performing dangerous or catastrophic
maneuvers that harm the real robot, such as falling or colliding.
While the simulator’s complex physics modeling is accurate
in rigid-body scenarios, it is computationally expensive and
fails to capture scenarios outside of its domain. As a result,
it becomes necessary to distill the dynamics into a learned
model for sufficient inference speed on a compute-restricted
mobile robot [5]. Moreover, real-world data remains essential
for addressing unmodeled effects and bridging the reality
gap [7]. Addressing the gap between physics-informed and
learned models, approaches that integrate physics constraints
— such as kinematic laws or energy conservation — in the
learning setup show strong performance [6, §—10]. However,
they remain limited to short control timescales compared to the
longer planning timesteps addressed in this work. The first work
that employs a learned FDM on a quadrupedal system has been
done by [5]. Combined with their developed trajectory sampling
technique, they demonstrate reactive navigation in complex,
narrow environments. However, open challenges remain to
incorporate 3D perception to target rough environments and
the transfer from simulation to the real system.

This work introduces a perceptive, n-step Forward Dynamics
Model framework. The proposed approach combines pre-
training with synthetic data generated using a state-of-the-art
simulator and fine-tuning with real-world data. This hybrid
strategy leverages the safety and flexibility of simulation while
capturing real-world dynamics. The FDM is designed for both
legged and wheel-legged systems, marking the first application
of its kind in rough terrain environments. Our novel framework
extends the capabilities of sampling-based planner methods

by reducing the need for extensive parameter tuning and
providing a flexible solution for non-task-specific planning.
This enables zero-shot adaptation to new environments without
requiring additional learning steps. Additionally, the perception
capabilities of the model represent a significant step forward,
offering an attractive alternative to explicitly modeling the
environment’s traversability. The main contributions of this
work are as follows:

o The first application of a rough-terrain Forward Dy-
namics Model trained in simulation and deployed on
a quadrupedal robot. The model demonstrates reliable
sim-to-real transfer capabilities and robust performance
in rough terrain.

e« A hybrid training strategy using real-world data to
effectively capture the full system’s dynamics beyond
rigid-body simulation while leveraging synthetic data for
pre-training to safely account for high-risk scenarios.

o A simplified cost formulation for MPPI-based planning
that integrates the platform-specific FDM to enable safe
and reliable trajectory generation. The approach supports
zero-shot adaptation to new environments by cost-term
adjustments without the need for additional training.

II. RELATED WORK

A. Dynamics Modeling

The field of dynamics learning has predominantly focused
on data-driven solutions [1-4, 7, 11, 12], as models derived
from first principles and calibrated via system identification
often oversimplify or misrepresent system dynamics, leading
to bias and persistent modeling errors [6]. In contrast, learned
models can approximate complex, nonlinear dynamics from
large datasets [13, 14] while capturing uncertainties using
probabilistic neural network ensembles [11, 15]. To incorporate
environmental context, approaches integrate terrain information
via geometric measurements such as 2D LiDAR scans [5]
or height maps [4, 12, 16], as well as RGB images [7, 17]
Thereby, the dynamics models predict various aspects of future
states, including positions [5], visual observations [17], and
terrain properties such as bumpiness [7] or slippage [4, 18],
leveraging proprioceptive labels. Lately, world models have
emerged, which encode system dynamics in a latent space,
enabling policy optimization through imagined rollouts [19, 20].
Such models can also be used to directly estimate the next
suitable action [21]. The prior works dominantly focus on
wheeled robots [2-4, 7] or short-horizon predictions [6, 11],
often neglecting to incorporate proprioceptive data in the
observation space for terrain assessment. Pioneering work
targeting quadrupedal robots learned an FDM in simulation
with a 2D LiDAR scan as observation [5]. While achieving
navigation in narrow environments, open challenges remain to
go beyond flat scenes with 2D obstacles and to investigate the
transfer to reality. Our approach advances dynamics modeling
for quadrupeds by incorporating proprioceptive history and
height scans, enabling long-horizon predictions in rough terrain.
We improve the sim-to-real transfer performance by integrating



real-world data, which in turn results in robust navigation in
unstructured terrains.

B. Planning

Classical planning frameworks employ a modular structure,
combining mapping, traversability assessment, and sampling-
or optimization-based planning [22-29]. Traversability is
evaluated either through heuristics [30] or learned from experi-
ence [22-24]. Motion planning techniques such as MPPI [31]
or iCEM [32] sample action sequences, propagate them using
dynamics models, and select actions based on traversability
and task-specific reward functions. While effective, the MPPI
formulation requires extensive tuning and environment-specific
adjustments [23, 29, 31]. Our perceptive FDM mitigates this
by implicitly learning traversability and directly providing risk
scores for action sequences, eliminating the need for manual
assessment while retaining the flexibility of sampling-based
planning.

End-to-end learning approaches optimize planning policies
via unsupervised learning [33, 34] or reinforcement learning
(RL) [35, 36], directly mapping sensor inputs to motion
commands or paths. These methods offer fast inference and
avoid error accumulation across modules. While unsupervised
approaches rely on simplified dynamics and require manual
cost-map tuning, RL-based planners learn platform-aware
behaviors through experience but face sim-to-real transfer
challenges due to domain discrepancies. Our method addresses
domain discrepancies by incorporating real-world data into the
dynamics model while maintaining platform awareness through
learning from past experiences. Additionally, it preserves
the benefits of sampling-based planning, allowing flexible
adaptation of planning behavior without the need for retraining.

III. PRELIMINARIES
A. Dynamics Modeling

We adopt the Partially Observable Markov Decision Process
(POMDP) framework to model the system’s dynamics. A
POMDP is defined as a tuple (S, A,7,0,Z). Here, S
represents the set of states, capturing the possible configurations
of the system and its environment, while A denotes the set of
actions available to the agent. The state transition probabilities,
T (st41|st,a:), describe the likelihood of transitioning from
state s; to sz41 given an action a. Observations, drawn from
the set O, provide partial and noisy state information, with
Z(0¢]s:) specifying the observation probabilities, which reflect
the likelihood of receiving an observation o; given the state
s¢. The robot evolves according to a forward dynamics model
that maps the current state and action to the next state:

D

However, such model f is unknown due to the unobserv-
ability of the true state s;. To address this, we aim to learn an
approximate dynamics model f that predicts a subset of state
5 based on the action a; and observation o; € O:

St+1 — f(Sta at)-

§t+1 ~ f(Ot, (lt).

@

Instead of rolling out this model, which would require
learning the mapping from 5; to o, one can extend this one-
step model to an n-step prediction model for long-horizon
forecasting. Given the current observation o; and sequence of
actions a = as,__++,—1 We predict a sequence of future states

8 = St41,.. t+n-

Sz f(os,a). (3)
In practice, this mitigates the computational complexity asso-
ciated with long-horizon predictions.

B. Model Predictive Path Integral Control

This work incorporates the Model Predictive Path Integral
(MPPI) control framework to select action sequences a. The
selection over a set of C' candidates is performed by maximizing
a reward function R defined over the future states S, and the
goal pose g. Therefore, the action sequences must be forward-
propagated through the system’s dynamics over a prediction
horizon n to compute the future states.

5 R I~ 4
a = arg max, (8", 9) )
= arg max R(f(a’,0:),9) Q)
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The optimal action sequence is iteratively refined by perturb-
ing the previous solution with Gaussian noise, evaluating the
new set of candidates, and then performing a weighted update:

C
a<a+y woa, (6)
=1

where w; denotes the weight assigned to the i-th trajectory
and da; the action pertubation. These weights are computed
based on the reward R; of each trajectory, ensuring higher-
reward trajectories contribute more significantly to the update:

exp ( % (Ri — Rmax))

2?21 GXP(%(RJ' - Rmax))

where ~ controls sensitivity to reward differences, and Rpax
represents the maximum reward among all sampled trajectories.

; (7
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IV. PROBLEM STATEMENT
A. Dynamics Modeling

To enable accurate state predictions, we approximate the
n-step transition function introduced in Eq. 3 with a learned
model fg, parameterized by neural network weights 6. We
define the state § to be the tuple (p,r), where p € SE2 is
the robot’s pose and r € {0,1} is the failure risk of the
trajectory where 0 indicates risk-free and 1 a catastrophic
failure. The actions a € R are defined as the linear and angular
velocity in the x, y, and yaw direction. As observations o
(detailed in Tab. I), the model utilizes proprioceptive inputs,
including the robot’s past states 5; _;—, and measurements
mb7 = mifﬁn, along with the current height scan h;
as exteroceptive input, enabling perceptive predictions of the
















































