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Abstract

High-speed autonomy in the real world requires accurate coat, which

often relies on dynamics models that capture the complex etaction

between a robot and its environment. In o -road regimes, tls terrain

interaction dominates the robot's dynamics, driven by ch&nging char-
acteristics such as diverse surface properties, complexgetries, envi-
ronmental diversity, and high-speed instability. Physicdased dynamics
models lack the expressivity for these terradynamics, andisting learned

models do not fully exploit available perception. This thas investigates
how terrain-aware perception can improve learned dynamiosodeling and
control at high speed and how such models can be rigoroushakated

before deployment.

First, we demonstrate how perception representations can k&dynamics
models terrain-aware, capturing the geometric and semaatdetail that
drives terrain interaction. We formulate a representatiorthat queries ter-
rain features along the robot's predicted motion, yieldingpigher prediction
accuracy. Second, we introduce a rigorous evaluation methto expose
failure modes before real-world deployment. We collect a alkenging,
multi-season dataset at speeds up to 13 m/s and mine the mostadilt
evaluation samples using our benchmarking method. We obgerthat,
while models appear accurate on average, our benchmark sgds the
long-tail failure cases where prior models fail catastropdally.

Together with our veri ed, terrain-aware model, we decreasthe worst-
case prediction error by 23.8%, compared to physics-basawidearned
baselines. We further evaluate on a full-scale ATV platfornacross high-
speed ( 10m/s) and geometrically challenging courses with a 34.9%
reduction in maximum cross-track error. These results demstrate the
importance of embedding environment context for locomotmrelated
tasks.
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Chapter 1

Introduction

1.1 Motivation

Autonomous robotic systems navigate the world to assist huma in the dull, dirty,
and dangerous tasks of the transportation, constructionpgistics, space, and defense
sectors and beyond34, 38, 66, 71, 82, 91]. As robots move through these varied
environments, they need to reason about the consequenceghafir actions before
taking them. Dynamics models provide exactly this capabili|predicting how a
robot's state evolves in response to its actions|and lay thefoundation for robotic
decision-making. They are prevalent among control apprdaes to predict and correct
a robot's trajectory [66, 77] and in motion planners to determine physically feasible
paths [30, 47]. They are common in model-based reinforcement learning BRL),
where dynamics functions help policies evaluate action36] 72|, as well as other
paradigms that leverage dynamics to augment training datarsimulate outcomes
without costly real-world trials [11, 23, 45]. Across all of these elds, the quality of
the dynamics model in uences the quality of the decisions ldtion top of it.

In the context of control, particularly model-predictive @ntrol (MPC) [13, 22,
25, 63], a dynamics model predicts where a robot would move given ageience of
actions. This prediction can be used to enforce motion comgints or optimize over
a cost function designed to accomplish a task, where modegjimaccuracy leads
to suboptimal task completion or failure. One common souraaf inaccuracy is in
incorrectly modeling a robot's interaction with its enviraiment. For example, a

1



1. Introduction

Figure 1.1: Robots with di erent dynamics in o -road envirorments, which were
worked on during the course of this thesis.

wheeled robot's behavior depends on how its tires interactithy the ground surface,
while an aerial robot's depends on aerodynamic e ects at ifsropellers. A model
that fails to account for this environment interaction can dverge signi cantly from
reality, but this interaction is di cult to model [ 3, 7, 43, 59|.

While dynamics modeling spans many applications, each witksiown challenges,
this thesis focuses on aggressive o -road navigation foragmd robots, as seen in
Figure 1.1, as the core operational domain.

1.2 Challenges

Challenges in O -Road Navigation

O -road navigation presents many unique challenges becausf the immense diversity
and lack of structure in the operating environment. These elllenges, shown in
Figure 1.2 are strati ed by having:
1. Diverse Surface Cover : a diverse taxonomy of ground cover on the terrain
surface, including grass, mud, gravel, and standing water

2. Geometric Complexity : complex geometric features on the terrain surface,
including steep slopes, embankments, ditches, ruts, lipsnd berms

3. Environment Diversity  : environmental variation across di erent regions and
seasons, including inclement conditions, tight corridor@nd open pastures

4. High-Speed Operation : demanding speed requirements, operating near the
platform’s limits to complete tasks quickly and e ciently
Traditional physics models, such as the kinematic bicycle adel (KBM), fail to
overcome these challenges because they lack expressivitycapture complex ter-

2
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1.D

S

iverse Surface Cover

2. Geometri

Lips

c Complexit

1

Standing
Water

S

4. High-Speed Operation

7

Vehicle Slip

Figure 1.2: Challenging characteristics of o -road driving

radynamics induced by the challenging terrains2p, 30, 37, 73]. Learned models
conditioned on internal measurement, i.e. proprioceptigomave emerged as a potential
solution with more expressivity, but they neglect environrant observations and lack
terrain-awareness 11, 19, 58 92, 97]. Perception conditioning addresses this gap by
supplying geometric and semantic information through birsteye-view (BEV) or rst-
person-view (FPV) image representations, allowing the mod& ground its motion
predictions in what it observes of the surrounding terrainBEV representations are
especially useful because unlike a perspective image, tHe\Bmap is a metric-space
representation, with distance encoded explicitly in the sgial layout of the grid rather
than left implicit. Yet prior works consume this perceptiononce, as a static snapshot
of the scene, rather than continually as the robot moves thugh it [43, 50, 68]. As
a result, the model must implicitly infer which spatial featires are relevant from a
single observation, leaving the BEV's explicit spatial strature underutilized and
limiting the model's terrain-awareness.
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Challenges in Real World Deployment

A more accurate, terrain-aware dynamics model is only valbge if it improves a
robot's behavior once deployed. Building such a model is agessary rst step, but
two obstacles stand between it and reliable eld performarc

First, a model that appears accurate on average is not necasiyaone that is
safe to deploy. A model deemed t during evaluation may stilfail on the edge
cases that aggregate metrics can obscure. It is thereforeclear whether average-
case performance alone is su cient enough for rigorous eualtion, motivating an
approach that actively seeks out the most challenging lortgi scenarios to test
whether the model holds in the worst case as well as on averag#is in turn requires
collecting data that captures this long-tail, non-average &havior, and then designing
a benchmark that mines the most di cult scenarios from it.

Second, even a rigorously validated model does not guaraateetter closed-loop
control. A large body of work, including this thesis, is devied to reducing prediction
error, yet it is worth stepping back to ask how much this e ortultimately matters.
Open-loop prediction accuracy and closed-loop performanare not equivalent: a
well-designed controller can be robust to certain modelingrrors, such that beyond
some threshold, additional model accuracy yields diminisig returns on the robot's
actual behavior. Understanding where this threshold lies veals how much modeling
e ort is truly warranted, and when it is better spent elsewhee.

1.3 Research Questions

Together, these gaps in modeling, evaluation, and closembp control motivate the

key research questions which drive this thesis shown kigure 1.3

Research Question 1 : How can dynamics models fully leverage the spatial struc-
ture of representations like BEV maps to achieve terrain-aaveness and reduce
prediction error across diverse and complex terrains?

Research Question 2 : How can we rigorously expose the worst-case, long-talil
failure modes of o -road dynamics models before real-wortteployment?

Research Question 3 : At what point does improved dynamics-model accuracy stop
meaningfully improving closed-loop control performance?
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RQ2: How can we

validate the

worst-case before
Control deployment?

% —>|Perception|—|Planning |—> L | Evaluation

RQ3: Is there a limit to how
much accuracy helps control?

Figure 1.3: The key thesis research questions and contribartis in the scope of a full
o -road navigation autonomy stack.

1.4 Thesis Statement and Contributions

The work in this thesis describes novel improvements to theydamics modeling
and evaluation components of an autonomous o -road drivingtack, deployed on a
full-scale all-terrain vehicle (ATV). In this thesis, we wil demonstrate that:

Thesis Statement : Reliable navigation across diverse o -road
environments requires terrain-aware dynamics models gmaled in
structured perception and validated against worst-case bavior in the

open- and closed-loop.

To support this claim, this thesis makes three contributios:
1. A perceptually-aware dynamics model that leverages the g structure of
BEV representations for terrain-aware prediction.

2. The collection of a challenging dataset with a benchmarkingpproach that
mines its most di cult scenarios for rigorous evaluation.

3. A closed-loop study on our full-scale ATV that characterize when improved
model accuracy meaningfully a ects control performance.
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Chapter 2

Background

2.1 Preliminaries

Consider a robot at timet with a state x; 2 X and an actionu; 2 U. Given a
sequence of actions.t 1, & deterministic dynamics modef predicts a sequence of
statesXx;+1:t+ 7 Known as a trajectory or a rollout. Under this de nition, Section 2.2
will describe how related works use dynamics models for migbrobotics applications
and how dynamics models are formulated to predict accurat®ltouts. Next, we
will formulate MPC for o -road driving in Section 2.3and then brie y explain more
deeply how base physics models can be deriv@dction 2.4

2.2 Related Work

2.2.1 Dynamics Models for Mobile Robots

Dynamics models are used across many mobile robotics alffuris spanning motion
control, kinodynamic planning, and reinforcement learnig. Williams et al. [90] roll
out thousands of sampled action sequences through a dynasinodel in a sampling-
based MPC formulation to select optimal trajectories over given horizon. Hedegaard
et al. [28], Likhachev and Fergusori47] instead de ne a planner's search space with
a library of dynamically feasible motion primitives generad from model rollouts.
Dynamics models also have value for data augmentation. Xiaba. [92] pretrain
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2. Background

on trajectories from simple physics models, while Levy et.gl5] generate synthetic
rollouts from a learned model to accelerate real-world MBRpolicy optimization.

Inaccurate dynamics models limit the success of these algoms. As such, there
is a large corpus of research in dynamics modeling using picgsbased or learned
methods for these tasks. While physics-based, parametric deds exist for autonomous
driving domains R6, 63, 73, they lack expressivity, breaking down under invalid
assumptions, and require a large amount of time to tune. Lea&d dynamics models
are a potential solution to these weaknesses.

2.2.2 Learning Physics-informed Dynamics Models

Both the learning objective and representations for the dyamics model are critical for
robust control on varying terrains. Chrosniak et al[10], Djeumou et al.[14] choose to
learn the parameters of a physics-based tire model, whichagts a structured learning
paradigm with natural saturation in physically infeasibleregimes, but also hinges on
the accuracy of this physical assumption. Such models stigig on o -road terrains,
with di cult-to-model nonlinearities imposed by undulated terrain surfaces, which
Gibson et al.[20] address by learning the force residual to a tire model. Alteatively,
Lee et al.[43] learn a velocity state and use explicit kinematics to integte it into the
robot's pose. Across many variants of dynamics residual |leang, they all supplement
the physics model by learning any unmodeled disturbancescdhare widely in literature
for o -road platforms [19, 43, 44, 50, 51, 58], on-road platforms [L5, 93], and aerial
vehicles b4, 59, among other embodiments. Yet, these approaches dependtba
physics model accuracy, require ample time to tune the phgsi model, and restrict
the model to an explicit physical form factor.

2.2.3 Proprioceptive Learned Dynamics Models

Deterministic Dynamics

Thus, much like MBRL [35, 55, 85, it is common to learn the deterministic forward
states directly, without any physics-informed prior. Thisis most bene cial to remove
primitive physics-based assumptions which may be inaccueabr for models which
try to learn the general dynamics of a broader locomotion da. Xiao et al.[92]
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2. Background

learn the state directly to try to learn a general Ackermanrsteer dynamics model,
which can predict dynamics under any load or form factor. Kuar et al. [42] learn
the dynamics of a quadruped without any physics-based coraints to formulate
an environment-adaptable policy. Many other works deployeterministic dynamics
learning across various embodimentd,[31, 32, 39, 62, 78, 79, 87].

Probabilistic Dynamics

These state representations can be further formulated asgirabilistic or stochastic,
predicting a distribution of states, instead of a single detrministic state. This
is advantageous when combined with MPC or RL frameworks to peesent risk
via dynamics prediction uncertainty. For example, Fan et al[17] learn quantiled
distributions of predictions for use in a tube MPC frameworlon quadrotors. Chua et al.
[11] use ensembles to study how a uncertainty can be embedded idigmamics models
for MBRL and be helpful for preventing over tting during training. Wang et al. [86]
use probabilistic predictions for a risk-aware MPC formulkigon, and many other works
use probabilistic state representations for dynamics moliteg [12, 16, 41, 45, 73, 95|.

2.2.4 Exteroceptive Learned Dynamics Models

To improve terrain awareness, dynamics models can be augrieehwith exteroception,
I.e. external measurements, such as geometric and semaptcception representations
including FPV images and BEV maps. Prior work conditions dynaics models on
FPV images p, 8, 23, 35|, point clouds B9, or BEV representations, speci cally
elevation maps 20, 43 68, RGB maps pl, 61], or VFM feature maps RO, 50.
However, most prior work treats perception as a xed contextignal with one input
encoded into the latent state at the beginning of the forwargrediction. Lupu et al.
[50], Roth et al. [68] encode full BEV maps and defer relevant context extractionot
the encoder. Lee et al[43] instead crop the BEV map around the robot but over
a large extent, encompassing a conservative region of feéssimotion rather than
predicted motion. Most similar to our approach, Gibson et al[2(] query features
at tire points along the rollout; however, they use this comxt as a force residual
integrated through a physics model and no further. In contist, our approach takes
full advantage of the spatial BEV representation by increnmally querying the local
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2. Background

features at each prediction step andising those features to directly correct each
predicted state which contributes substantially to prediction accuracy $ection 3.4.2.

World models o er a complementary perspective, learning tent representations
of environment dynamics jointly with a predictive model 23, 35]. In this framing, per-
ceptual inputs are not appended features but instead serve the primary signal from
which the model must infer the latent state of the world%]. While these approaches
demonstrate strong performance in visually rich settingghey are predominantly
trained in simulation or constrained FPV settings and do not xploit the geometric
consistency a orded by BEV representations.

2.3 Model-Predictive Control

MPC is widely used in robotics for trajectory planning and tacking. Standard MPC
prescribes an optimization problem with the objective of wing the optimal control
sequence that minimizes a cost function. Its appeal lies itsiability to incorporate
dynamics constraints directly into the optimization, use pedicted states to evaluate
costs over a nite horizon, and accommodate additional obgéives such as obstacle
avoidance or stability costs with minimal reformulation. e such formulation is
given in (2.1) which minimizes a running cost (x; u;) over a prediction horizon ofT
steps, plus a terminal costt(x7) evaluated at the nal predicted state, subject to
dynamics constraints 2.2).

X 1
u =argmin (Xt u) + Cr(xr) (2.1)

VT 1 4o
St Xeer = F (X Wp) (2.2)
Xo = X(t)
X; 2 X
u 2U

Many cost terms can be incorporated into the running cost(x;;u;) such as
obstacle proximity, path deviation, or smoothness penatis. For wheeled robots,
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2. Background

relevant constraints may include bounds on lateral accebdron, speed, or actuator
e ort. Terminal costs "1 are commonly used to encode goal-reaching objectives or to
approximate the cost-to-go beyond the horizon.

From this formulation, two components critically determire MPC performance:

1. Cost function : The cost function encodes the desired behavior by assiggin
high cost to undesirable states and low cost to desirable aneA poorly speci ed
cost function|for example, one that assigns low cost to obsacles|will produce
trajectories that actively steer toward them. De ning e edive cost functions
and cost maps remains an active area of resear@®,[76, 80].

2. Dynamics model : The dynamics model determines the predicted states used
to evaluate cost. If these predictions are inaccurate, thgptimizer may select an
action sequence that appears optimal under the model but rdts in undesirable
behavior on the real system|for instance, predicting obstale clearance where
a collision actually occurs. Improving the accuracy of theyshamics model is
the focus of this thesis.

While MPC improves upon controllers such as PID or Linear Quadtic Regulator
(LQR) by easily incorporating constraints and multi-step bokahead, conventional
MPC typically requires convex cost functions so that the resting optimization has a
unique global minimum and can be solved e ciently with stan@rd solvers such as
Newton's Method. This formulation is insu cient for problems with non-convex costs,
such as costmap-based navigation, motivating sampling-4ed MPC approaches.

2.3.1 Sampling-based Model-Predictive Control

Sampling-based MPC forgoes the necessity of convex costdtions and constraints
by replacing gradient-based optimization with parallel esluation of sampled action
sequences. One widely used variant of sampling-based MPQvisdel Predictive Path
Integral control (MPPI) [ 89, 90], which samples multiple action sequences from a given
distribution, evaluates the cost of each resulting trajectrry through the dynamics
model, and computes the optimal action sequence as the castighted average over all
samples. Because MPPI requires only cost evaluation on f@nd simulated trajectories
via the dynamics model, not gradient computation, it naturdly accommodates non-
convex and non-di erentiable cost functions. Another signtant bene t of MPPI is
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its support for parallel computation; since each sampled t@n sequence, or particle,
is independent of one another, we can leverage GPU-paraltalble computation to
increase computation e ciency.

tion (2.3) and applies them to the previous solutioru; to yield candidate action
sequence$2.4). A dynamics model computes the forward predicted statg®.5 and
a possibly non-di erentiable, non-convex cost is computedn the resulting trajecto-
ries(2.6). The cost function determines the weight of each trajector¢2.7), modulated
by a temperature parameter . The MPPI solution is then computed as the weighted
average of the sample action sequences§).

O N (©) 2.3)
u = u+ ) (2.4)
xi = i) xg) = x() (2.5)

D G :
30 =" u) + () (2.6)

t=0
wi) =exp 130 (2.7)
wWOul

Uy | o) (28)
yielding the updated nominal sequence solutiom = [ug;:::;ut 1]. Our MPPI

implementation is detailed inSection A.2.1

Temperature Modulation

The temperature modulation allows for an exploration versiexploitation paradigm,
where a high temperature yields exploration because the exential weight di erences
between low-cost and high-cost trajectories are smoothedto This is useful when
the dynamics are uncertain and the robot cannot be greedy; Wever, in multimodal
cost landscapes such as a \fork-in-the-road" with an obstlcin the middle, the high
temperature may produce a blended trajectory that collidewith the obstacle instead
of picking a path. Lower temperature yields exploitation vth a sharp, aggressive
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\ lter" around lowest-cost trajectories. While this avoids the mode-averaging failure,
it is much more sensitive to sampling noise and prone to getusk in local optima if
the sampled batch misrepresents the true cost landscape.

Sampling Strategies

While MPC depends on the cost function and dynamics model, MRRdditionally
depends on the sampling strategy used to generate candidaigion sequences. The
base formulation(2.3) draws i.i.d. Gaussian noise independently at each timestep
which can produce temporally uncorrelated perturbationsA Gaussian walk, used
in [6, 84], instead accumulates noise across the horizon via a cuntida sum (2.9),
introducing temporal correlation that yields smoother cadidate trajectories. Alter-
natively, a deterministic action library (2.10 bypasses stochastic sampling entirely;
a xed set of K precomputed action sequences can be evaluated at every MPPI
iteration, providing consistent coverage of the action sga and improving exploration
of local minima in the cost function. These sampling strategs can be composed
together to cover multiple action distributions, encompasing a large diversity of
action sequences.

(i) — 0. O N (©) (2.9)

ut [
j=0

u = al; a®2A (2.10)

2.4 Dynamics Modeling

We next detail preliminary dynamics modeling approaches dmecessary preliminaries
for learned proprioceptive and exteroceptive approache&iven a current statex;
and action u; the next state x+; is governed by the deterministic robot dynamics
f such that xi+; = f (X¢;U). For a sequence ol actions forward in time Ug.¢+ 1 1,
f predicts the future statesxi+1-¢+1. We augment the model with proprioceptive
context of K prior timesteps of state and action historyx; k- and u; . 1 to form
the contextc, = [X; k:; Ut k:t 1]- Additionally, to capture terrain and environment
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conditions not encoded in state alone, the robot receives abservationo, 2 O from
onboard sensors such as BEV maps or FPV images. Together, thandmics function
with context and observations is given ag+; = f (X¢; Ut; G; ).

The dynamics model can take multiple forms, such as a propdeptive physics
modelf (x;u) (Section 2.4.}, a proprioceptive learned modef (x;u;c) (Section 3.3,
or an exteroceptive learned moddl (x:u;c;0) (Section 3.4.

2.4.1 Physics Modeling

Physics models are commonly employed for on-road drivinges@rios where the ground
surface is benign and a few friction or tire parameters can eguately encompass the
locomotion of a wheeled robot. Such models can be kinematiodels, which consider
a robot's velocity only, and dynamic models, which consideghe forces imparted
on a robot.. These models are frequently simpli ed into single-track ro\bicycle"
models; however, double-trackd] or other forms are possibledd]. Approaches beyond
single-track are not common for o -road modeling since sifgtrack models are
already dominated by unmodeled terradynamics, leaving tie to gain from the added
complexity of double-track.

Kinematic Models

Kinematic Bicycle Model A KBM describes motion purely through geometric
relationships, without modeling forces or actuator dynamss. Given a steering angle
and a longitudinal velocity v, the KBM computes the vehicle's motion by assuming the
wheels roll without slip. For a front-steered vehicle with Wweelbasel, the continuous
equations of motion are in(2.11) and can be made discrete using integration techniques
such as Forward Euler or % -order Runge-Kutta.

23 2
X vcos()

ﬁg = Svsin( )g (2.11)
— L tan( )

Adynamics models" often becomes an overloaded term in robotics, whiclust means \motion
model," but formally, a dynamic model deals with dynamics, e.g. fores.
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The no-slip assumption makes the KBM computationally e cient and adequate
at low speeds, but increasingly inaccurate as tire slip or f&in e ects becomes
signi cant|for example, during high-speed cornering or on low-friction surfaces.

Extended Kinematic Bicycle Model In practice, we have modi ed these equa-
tions of motion to yield an \Extended KBM," which incorporates actuator dynamics
while retaining the simplicity of a kinematic formulation (2.12. We model longitu-
dinal acceleration through throttle dynamics, encompassj a throttle term ky,, a
drag term kq, a rolling resistance termkgg and a gravity term ky. We model steering
actuation as a rst-order lag with gaink . We also use pitch from our odometry
and we primitively assume the pitch remains constant for thentire rollout.

2 3 2 3
vcos()cos( )
y- vsin( )cos( )
_ Ftan( ) (2.12)
V- kinun  Kav  krrsgnfv)cos() kggsin( ) '
k (u )
— 0

Dynamic Models

Dynamic Bicycle Models (DBM) model forces acting on the rolhpmost notably the
tires [19, 63]. This often improves accuracy for on-road cases at the casttuning
di culty and e ciency. The DBM considers lateral and longit udinal tire forces at
each axle, typically modeled through a tire model such as anéar tire model or
Pacejka's Magic Formula §0]. This formulation captures phenomena absent from the
KBM, including tire slip, vehicle sideslip, and yaw rate dyamics, making it suitable
for higher-speed operation and limit handling.

For o -road driving, the challenge is compounded: terrain pperties such as
surface friction, deformability, and roughness vary spatlly and are di cult to param-
eterize a priori. Even a well-identi ed double-track modetalibrated on pavement may
fail on gravel, mud, or grass, where tire-terrain interactin departs signi cantly from
on-road assumptions. This motivates data-driven approael that learn dynamics
directly from experience.
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Chapter 3

Terrain-Aware Dynamics Models

Figure 3.1: Terrain-aware dynamics models through percepti conditioning. Leverag-
ing the structure of the representation improves predictio accuracy, enabling stable
control high-speed.

3.1 Introduction

This chapter is driven by research question IlHow can dynamics models fully leverage
the spatial structure of representations like BEV maps to achieve terrain-awareness
and reduce prediction error across diverse and complex terrainsto this end, we
will discuss how dynamics models can be made more expresstvemugh model
learning and terrain-aware through conditioning on percen observations of a
robot's environment.

First, we brie y discuss available perception inputs for coditioning in Section 3.2
Then, we will discuss the approaches to learn the modkel as outlined in Figure 3.2
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3. Terrain-Aware Dynamics Models

Figure 3.2: Di erent dynamics modeling formulations, ultimately leading to expressive
and terrain-aware approaches through structured percepti representations.

so that we can answeRQ1 . First, we will de ne a simple proprioceptive network
in Section 3.3to improve model expressivity of physics approaches. Thislay

the foundation for perception-conditioned models. Next, wwill discuss how we
can improve perception conditioning to be spatially struaired in Section 3.4and

therefore improve terrain awareness. Finallysection 3.5uses inpainting to motivate
our approach, showing that denser perception inputs do notveays mean better
environment context for simpler perception-conditioned @roaches.

3.2 Perception Pipeline

Terrain-awareness can signi cantly be enhanced via perdepl observations of the
environment. Thus, we detail our perception and mapping pipi@e, which turns raw
sensor inputs like pointclouds and FPV RGB images into procesd, geometrically
and semantically rich modalities for terrain-aware dynanes learning or other tasks
like costmap learning 18, 76, 80]. We leverage a GPU-accelerated local mapping
package, largely architected by Triest et al[80, 81], that produces semantic images
and geometric-semantic BEV maps from camera and LiDAR dat&igure 3.3depicts
this procedure, and we detail it brie y below.
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3. Terrain-Aware Dynamics Models

Figure 3.3: Perception and mapping ow diagram.

3.2.1 Feature Mapping

Salient visual features are extracted from the front-faconcamera images using Visual
Foundation Models (VFMs) such as c-Radiov36p] with a SIGLIP2 adaptor [94]
and NACLIP attention [24] and are then passed through a domain-speci ¢ principal
component analysis (in a similar fashion to RayFrontsl]). This results in a \feature
image" with visual semantics. DINOv2 $7] is another common VFM which is used,
but we found c-Radiov3 with SIGLIP2 to be better. This extration is de ned as as
a mapping from an imagd to feature imageD via the VFM extractor fygy :

fvm(lw w 3) = Dw, w; F (3.1)

Figure 3.3shows an example of this feature image, where the trail appsdlue, the
grass appears green, and the shrubbery appears pink. Thipigrely a visualization
of the top three principal components for human interpretabn. In practice, we map
a 1024 544 3 image to a53 28 32 feature image.

3.2.2 Colorizing

We lift this feature image into 3D via pointcloud colorizaton, in which the LiDAR
pointcloud is projected into the feature image frame usingandard camera geometry
techniques, given a camera intrinsic matrixK , and the extrinsic rotation R and
translation t between the two sensoré3.2). Points that lie within the image frame
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3. Terrain-Aware Dynamics Models

inherit the feature from the pixel that they fall into, resulting in a \feature pointcloud".
This obtains the corresponding image coordinatesi(v) for each pointP = ( x;y; z).
Likewise, we can do the same for an RGB image.

Wiviw] = K[Rjtlx;y;z;1]; u (3.2)

]
E‘l Co
<
1]

3.2.3 Voxelizing and Registration

The feature pointcloud is then transformed into a xed framevia an on-board LiDAR-
interial odometry algorithm [96], voxelized, and aggregated as more voxel maps are
captured, creating a registered voxel map centered at thebrot's current position.
More details are present in Triest et al[81]. In practice, we voxelize our pointclouds
using a 04 0:4 0:1m voxel resolution, over a 100 100 20m spatial extent,
centered around the vehicle (560 Chebyshev e.g. square radius alongandy, and
10m along z), yielding a voxel grid of dimensiorNy, N, N, =250 250 200 cells.
This spatial extent is su ce for most of our needs; however wén driving at high-
speed ( 10m/s), the dynamics model rollout will occasionally go beyond #hextent,
meaning, there is no geometric or semantic information touerage. We additionally
choose to use this resolution and spatial extent largely baese most of our prior work
for traversability estimation works with BEV maps of the sane resolution and extent.
More analysis on the BEV resolution can be found i®ection A.1.1

3.2.4 BEV Projection

Finally, we project the registered voxel grid into BEV spaced yield a BEV mapB 2
RNx Ny Fo \We use the registered voxel grid to estimate the underlyirtgrrain surface
of the robot's local environment using a Markov random eld$3, 88]. The geometric
features in the input BEV map such as step height and slope,@acomputed using
the voxel grid geometry and the terrain surface. VFM featuresra computed as the
average feature of all voxels within a threshold (roughly # ATV height = 1:7m) of
the terrain surface. In practice, our BEV maps stack 36 chamts with 1 elevation
channel, 3 surface normal channels, and 32 VFM feature charsel
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Figure 3.4: A simple proprioceptive dynamics model, to senas the base architec-
ture for perception-conditioned approaches. Also shown is @ptional perception
conditioning approach that baselines will use.

3.2.5 BEV Preprocessing

While these BEV maps are su cient for dynamics learning, we aply two minor
preprocessing steps before inference to reduce the loadhe model:

1. Ego Alignment : To avoid the need for the network to learn BEV orientation
and feature rasterizing, we transform the BEV map into an egaligned frame
such that forward is always facing up in the BEV map. We do thiby creating
a grid of ego-frame coordinates, centered at;(@) in ego space. Next, we rotate
this grid into odom frame. We then sample the odom BEV map at th ego
coordinates in odom frame.

2. Elevation Cropping : We modify the features to limit local terrain elevation
from [ 10m;10m] and we rotate geometric data, such as surface normals, to
be aligned in ego frame.

3.3 Proprioceptive Modeling

We detail the base proprioceptive model architecture. Whilproprioceptive mod-
els lack terrain-awareness, we detail learned propriocém dynamics models as a
foundational architecture for forward prediction, actionencoding, and decoding. We
architect the core dynamics model as a Recurrent Neural Netwof70]. Similar to
Gibson et al. [L9], we compose it of two components, depicted frigure 3.4
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1. A Predictor Network, composed of RNN cells p which takes an action sequence
with prior context to predict the future states

2. A Context Network composed of RNN cells ¢ which initializes the prior context
for the predictor network through state history, action hisory, and later, current
observations.

We choose to use an RNN rather than a Transforme8J| because its sequential
recurrence lets us insert our structured spatial represation between cells, while
keeping the memory footprint small.

For time t, the predictor cell takes actionu;, encoded asz; (3.3, as input
with a prior latent state initialization h; to predict the next hidden state via the
prediction RNN cell p and recurrently produces this output foruii.t 1 (3.4),
shown in Figure 3.5 Similar to Nagabandi et al.[55], we avoid predicting state
derivatives for numerical integration. Instead, we predicthe state di erences X
over a time step, so the dynamics function follows;.; = x¢ + f (X{;u¢; ¢). For our
RNN representation, we decodé, via * to produce our x; (3.5 and apply the
state di erence step to yield our next predicted statg3.6). This is advantageous
when predicting states which are too similarg5]. Predicting derivatives over small
timesteps would yield di cult to learn, noisy signals, wheeas state di erences do not
encounter this shortcoming. This localizes the target neaero for a better learnable
signal.

ze= " (uy) (3.3)
hea = p(hiz); fort=05::0T (3.4)
Xeer = (Nean) (3.5)
Xesr = Xe+ *(Na) (3.6)

We provide proprioceptive context to the predictor throughthe context network
cells . Taking the state and action historyx; . and u; g 1, it initializes the
predictor's hidden statehy (3.7) and, importantly, trains the shared state and action
encoders. While purely proprioceptive architectures likehts su ce in structured
domains with benign terrain, o -road environments with undilating terrain and

22



3. Terrain-Aware Dynamics Models

Figure 3.5: A simple proprioceptive predictor RNN cell.
variable ground cover need perception for greater informah on the terrain ahead.

heer = c(hyizg;o); fork= K;:::; 1, hyg, 0 (3.7)

3.4 Structured Perception Representations for
Environment Context

Perception remains an underutilized modality for dynamicgrediction, despite its
ability to expose otherwise unobserved semantic and geometpriors that a ect
future robot locomotion [7]. Prior work [43, 50, 68] has incorporated perceptual
conditioning through inputs such as FPV images or BEV maps asxed context
signals, denoted as \Vanilla BEV" for the BEV variant. These @proaches do not
properly exploit the spatial structure of the BEV represerdtion; we can leverage
the spatial organization to get more informative, localiz# context at each prediction
step. Through structured BEV representations, we embed geetric cues in the form
of terrain height estimation and normal layers, alongsideisual semantic features
from VFMs. We construct these representations through our sgamlined perception
pipeline relying on LIiDAR pointclouds for geometric feature and map registration
and FPV imagery for semantic features, detailed isection 3.2
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Figure 3.6: An overview of our terrain-aware dynamics model. 8\query each prior
or predicted position in the static, structured BEV map at eah step. This provides
geometric and semantic context to our model for more accumtlynamics rollouts.
Figure 3.7 details the structured representation formally.

3.4.1 Recurrent Spatial BEV Cells

Prior work concatenates a attened BEV latent to the initial RNN hidden state.
While this improves performance, it forces the network to lea spatial indexing from
an unstructured vector. It discards the spatial prior that he most relevant BEV
features at stept + 1 are those the robot is about to physically interact with, fom
stept. We instead intercept the connection between consecutiveNRI memory cells
with a new recurrent BEV cell that injects this structured prior (Figure 3.7).

Concretely, given our BEV mapB and the hidden state predictionfi;,; at step
t + 1, predicted from cellt. We decode the hidden state into a state di erence Xx;
such that Riz1 = X; + X(ﬁt+l). We de ne a set of tire track coordinates for our
wheeled platform as the BEV footprintF (R+1) R? and use it to sample oveB
to obtain the BEV feature context vectorb.; in (3.8) whereB[] denotes bilinear
interpolation of the BEV grid at the footprint points and " is a learned encoder.

This context is used in two key manners. Firstly, it applies a aoective update to
the hidden stateh;,; = ﬁHl + b¢+1, such that each state prediction is informed by
its current context vector att alongside its predicted context vector at + 1. Second,
it augments the RNN cell's input latent actionz.;, so the next state has its current
BEV context. For ¢, we forgo the correction step and use the history of known
statesx; - for query. Formally, our structured perception represent#on is de ned

24



3. Terrain-Aware Dynamics Models

Figure 3.7: Recurrent BEV Cells. At each step, the next predied state determines
a footprint over the BEV map. Sampled features are passed othe subsequent cell.

in (3.9).
ber,  (vec BIF (Rex1)])) (3.8)

Xte1 = Xe+ ( p(he;zebe) + braa) (3.9)

The key di erence between our structured, spatial BEV apprach and the Vanilla
BEV approach is in this spatial query. As shown irFigure 3.8 the Vanilla BEV
approach queries the entire BEV map at once to initialize th€ontext RNN. In
contrast, our Spatial BEV approach incrementally queriestaeach prediction locality
using an explicit footprint, extracting semantically and gometrically meaningful
features to serve as an incremental BEV context.

Spatial Attention Analogy

This construction can be viewed as a variant of spatial atteion, di ering in how

much of the sampling location is xed by geometry rather tharlearned. Standard
attention over the BEV map [46 assigns learned weights to every spatial location
and recovers footprint locality through training. Learnedo set approaches such
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Figure 3.8: Comparing key di erence between Vanilla BEV andwr structured, spatial
approach. We incrementally query a footprint around where & predict the robot
to be, whereas Vanilla BEV encodes the entire map at once witht leveraging the
spatial structure of BEV maps.

as deformable attention 98] learn to predict where to sample. Our formulation
re ects that of Jaderberg et al.[33], with a sampling grid xed by construction.

While our footprint corresponds to a wheeled platform, the sapling grid is the only

platform-speci ¢ component; replacingF with the contact pattern of a quadrupedal,
bipedal, or tracked system leaves the rest of the architegeiunchanged. More details
on our footprint can be found inSection A.3.2

3.4.2 Correction through Observation

The correction step, while simple in practice, plays a larg®le in model performance.
The key intuition behind the correction step is to use obseations at the predicted
location to determine if, given this new information, this pediction is realistic. If it
is not realistic, this correction step applies a correctioto the hidden state hy, given
this new BEV context observation. So, instead of relying onn@ observation at the
current time t, this architecture relies on the BEV contextsh; and b, , computed
from the current state x; and predicted state®.,, respectively.

Table 3.1ablates the correction step in our perception representati across three
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Snow Slopes Speed
Method Mean 95% Mean 95% Mean 95%
Non-corrective Spatial BEV 3.54 3.50 1052 215 361 886 1.89 439 6.25
Corrective Spatial BEV 245 266 8.06 1.77 254 6.91 1.50 3.90 5.42

Table 3.1: Ablation on spatial representations and why the crection step is a key
component of our approach.

challenging sub-datasets, which are later de ned isection 5.2.1 Removing the

correction step consistently increases prediction erronith a 22.9% rise in average
error across datasets. This con rms that the correction sfeis essential for updating
state predictions based on encountered terrain, particulg for trajectories where

terrain features evolve signi cantly over time.

3.4.3 Intuition on Structured Representations

It is clear to understand why this explicit structure can be dvantageous, giverfig-
ure 3.8 because the aforementioned vanilla approach may strugdte encode the
most relevant information, given an entire BEV map with no aditional context. The
Vanilla BEV is at a disadvantage because the BEV encoder:

1. Disregards the spatial structure of the BEV representatin

2. Needs to learn the robot motion to extract the most relevantata

3. Wastes computation on cells without data

Figure 3.9visualizes these disadvantages, where we compute the aafiion maps
of the Vanilla BEV approach to see where the encoder is \atteling" to to create its
context vector. Vanilla BEV's activations fall on irrelevart map regions, outside of
the robot's motion and on nonsensical features such as tremsbushes. Meanwhile,
our queries fall along our prediction, which closely follasvthe robot's true path.

Figure 3.10further supports these claims with visualization across mmg samples.
Across ve unique examples, Vanilla BEV has high activation eight arbitrary or
irrelevant sections of the input, while our approach quergefeatures almost exactly
where the robot went. (A) shows high activation on much of the VFMcovered region,
including where the robot went; this is one of the better exaples for Vanilla BEV.
Our approach, on the other hand, queries nearly exactly andly where the robot
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3. Terrain-Aware Dynamics Models

Figure 3.9: Vanilla BEV activations and our queries with refeence BEV map and
ground truth trajectory (white). Vanilla BEV's activations fall on irrelevant map
regions; our queries fall along our prediction, which cldgefollows the robot's true
path.

went. (B) through (E) show poor attention to relevant regiors for Vanilla BEV where
it appears to attend to regions around where the robot went,ut not on, or at the

edge of observation limits. Meanwhile, our approach conwstly queries close to
where the robot went.

We create these activation maps using GradCAM/], where we compute the
activation needed to yield a single predicted scalar. In owrase, for a given sample,
we compute our prediction through the forward dynamics RNN. Tén, we take the
rst predicted state's x position, and back-propagate this result back to the last jger
of our Vanilla BEV CNN encoder. At this layer, we compute the gibal importance
of each channel by global-average-pooling its gradientseling a per-channel weight.
We then compute a weighted vote by taking a per-cell weightesim of the activations
across channels, using these weights. To handle polaritye apply a ReLU (or,
alternately, an absolute value) to the weighted activationretaining only features
that positively (or, in the latter case, either positively @ negatively) in uence the
predicted output. Finally, we upsample this coarse activabn map to the input
resolution to produce the nal attention map seen inFigure 3.10 We choose to
back-propagate from thex position because we saw, qualitatively, the activations
were similar between state elds and along the rollout.
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3. Terrain-Aware Dynamics Models

Figure 3.10: Regions of interest for Vanilla BEV and our Spadl BEV approach on ve
di erent samples. Vanilla BEV attends to non-sensical regins for predicting motion,
whereas our approach queries exactly where it predicts thehot to be, yielding a
more informed environment context. The red line is the grouhtruth trajectory on

all BEV plots. (A) through (E) should various environments am motions.
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3. Terrain-Aware Dynamics Models

Figure 3.11: The inpainting architecture of Triest et al. §1] creates fully lled BEV
maps, predicting trails and shrubbery out of view.

3.5 Improving Terrain-Aware Dynamics Models
with Inpainted Features

While BEV maps entertain structure and depth-encoding bends, they still are a
sparse representation, given obstacle occlusions and semange limitations, as seen
prominently in Figure 3.1Q where both the geometric terrain maps and semantic,
image-frame-dependent, maps have blank regions. We can usggainting networks
to predict what lies in this unobserved space, otherwise kwa as inpainting. This
work leverages prior inpainting networks from Triest et al[81] and is out of scope of
this thesis. Figure 3.11shows an example of how we use these inpainting networks to
predict unobserved space, where trails are predicted beybthe sensor range.

We motivate the design of our approach by inspecting VanillBEV's feature
attention maps when given denser, more complete informatio Intuitively, denser
information should help existing approaches attend to monelevant features; however,
Vanilla BEV's activation maps in Figure 3.12 suggest the opposite. Even with
inpainted features, its attention appears even more irrelant to the robot motion.
This motivates our approach, which queries only where it pdicts the robot to be,
allowing it to make full use of these denser, more informedateires. We evaluate this
bene t quantitatively in Section 5.2.2
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Figure 3.12: When presented with denser, inpainted BEV mapsa¥illa BEV leverages
even less relevant features, when compared to the robot's tioa. On the contrary,
our approach queries only where we predict to be and leveragbe denser features
completely.
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Chapter 4

Rigorous Evaluation

4.1 Introduction

This chapter is driven by research question 2How can we rigorously expose the
worst-case, long-tail failure modes of o-road dynamics models before real-world
deployment? Dynamics models must be rigorously evaluated before dephognt in
the eld. Aggregate metrics over large datasets are dominateby easy, frequent
samples and obscure the rare failure modes that determinealevorld safety. In order
to rigorously evaluate our approach, we need challengingtdaets, which we can
create with two parts as seen irFigure 4.1 challenging data Gection 4.2 to collect
data across all seasons and motion pro les, and benchmarksign (Section 4.3 to
mine the most challenging samples of our datasets.

Figure 4.1: Rigorous evaluation requires challenging data@ a benchmark design to
create challenging datasets.
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Figure 4.2: Our dataset provides broad environment and seasdiversity.

4.2 Challenging Data Collection

We collected 114 hr of aggressive driving data across multiple test sites, inlaeasons,
with speeds up to 13%7m/s, and slopes as steep as 19 (35%grade’). It includes
traversal through 6-9" of snow, over slick ice, through muddpuddles, and across
owing streams. This dataset serves as an extension of TartBrive 1 and TartanDrive
2 [75, 79, and our 14 hr of driving data with reported statistics of in Table 4.1and
analysis do not include these two prior works. While TartanOve 1 published the
initial dataset and TartanDrive 2 expanded its sensor moddies, our dataset expands
environment diversity with all seasons and more test sitekigwn in Figure 4.2 and we
prioritized collecting more unique robot-terrain interations. We detail the collection
platform and environments below.

1For context, the American Association of State Highway and Transportation O ¢ ials permits a
max of 6% in mountainous regions 7]
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Figure 4.3: Autonomous ATV platform, retro tted with LIDAR, RG B stereo, thermal
stereo, GNSS with RTK corrections, actuation, and wheel tehetry.

4.2.1 Platform

We collect this aggressive data on a Yamaha Viking ATV, retro ted with actuators
for teleoperation, data collection, and autonomy, origirly designed by Mai[52]. We
further modi ed it by adding two LIiDARS, a stereo camera, a steeo thermal camera,
and an RTK GNSS unit as seen irFigure 4.3

Actuators

The vehicle's action space consists of a target steering &a@nd throttle position,
with no brake actuation available. Teleoperation actionsaturate at control limits,
since operators snap the gamepad's low-friction joysticks their extremes rather than
modulate them smoothly, while autonomous actions are relgely smooth. Dynamics
models trained on this mixed-mode data must therefore geradize from discrete
teleoperation and smooth autonomy commands during trainghto a smooth-only
action distribution during closed-loop autonomous evaldgn. Commands are sent
to the actuators at 30 Hz.

Additionally, due to the resistance of o -road terrain and Imitations of the steering
DC motor, there is steering actuation delay, with 5selapsing from commanding max
steer to reaching max steer, detailed in Mgdb2]. This delay is particularly prominent
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when there is signi cant rolling resistance on the terrainwwface, like when driving
through thick snow or mud. Throttle dynamics are standard, a for any vehicle. Any
dynamics model for this platform needs to learn these actuah dynamics implicitly
to have accurate predictions.

Sensors

The robot is equipped with exteroceptive, external enviranent-perceiving sensors:

LiDAR : Two Velodyne VLP-32 LiDARs, which have 100n of range, 360 horizontal
FOV, and 15 vertical FOV, excluding robot self-hits. One is mounted
horizontally, and the other is mounted with a 10 downward tilt. Each is
streamed at 10 Hz.

Stereo RGB : One Carnegie Robotics Multisense S21 stereo pair with inegesolu-
tion 1024 544, 48 mm focal length, and 91 horizontal FOV. Only one camera
provides color, but both provide grayscale images. The camads streamed at
10 Hz.

Stereo Thermal : An in-house stereo thermal system, made of two FLIR BOSON+
640 cameras with resolution 640 512, 49mm focal length, 95 horizontal FOV.
We used the industrial-grade variant which has a sensitiwit 20mK. More
details can be found in Liu £9].

The robot is also equipped with many proprioceptive, interal, sensors:

IMU & GNSS : One NovAtel PROPAK-V3-RT2i providing IMU at 100 Hz and
non-RTK GNSS pose at 5Hz. The LIiDARs and Stereo RGB additionally come
with their own IMU.

RTK GNSS : One MicroStrain 3DM-GQ7 GNSS with RTK corrections for centneter-
level precision GPS poses. This is streamed at 25 Hz.

Wheel Telemetry : One Racepak G2X Pro Data Logger which logs wheel RPM for
all four wheels and rear-wheel suspension travel measurense both streamed
at 50 Hz.

We additionally run SuperOdoemtry, a LiDAR-Inertial Odometry solution [96], at
100 Hz as an additional state estimation source and when rumgi autonomy.
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Mean Std Min 5% Median 95% Max

Forward vel. (m/s) 4.38 2.04 -0.03 1.23 412 8.56 13.67
Lateral vel. (m/s) 0.03 0.28 -1.61 -0.39 0.02 0.47 3.89

Slip (deg) 0.39 5.15 -49.58 -7.46 023 899 51.23
Yaw Rate (rad/s)  -0.00 0.15 -0.89 -0.25 -0.00 0.26 0.83
Pitch (deg) -0.12 3.87 -19.24 -729  0.04 6.39 21.11
Roll (deg) 0.03 3.60 -18.88 -6.09 021 533 24.97

Table 4.1: Dataset statistics

4.2.2 Dataset

Collection Site Diversity

We collect our data at two sites: Gascola and Renegade Riddggascola is a 285-acre
site in Western Pennsylvania, U.S., featuring narrow dirt ad gravel trails, dense
foliage and rocky terrain, with slopes and ruts. Renegade ®Rje is a 675-acre site in
Eastern Ohio, U.S., that is more geometrically complex than &cola, with vast open
elds containing deep ruts as well as extreme slopes and emlianents. Figure 4.4
highlights how Renegade Ridge has a broader pitch and rolistlibutions, with higher
peak slopes, and more challenging geometries.

We collected coverage of Gascola in all four seasons and olese the environment
evolve due changing climate, overgrowth, geological erasj fallen trees, ephemeral
streams, and more Figure 4.5shows how a single location in Gascola changes in the
four di erent seasons. Winter coverage includes the most dgmically interesting data
with low-friction icy stretches and thick 6-9" snow with sigi cant rolling resistance.
Additionally, the cloudy lighting conditions and barren trees render the wintry images
more featureless.

4.3 Benchmark Design

With the challenging datasetD created, we need to mine the most challenging samples
from this dataset. Much of the extreme motion or interestingerradynamics present in
this challenging dataset occur for a short period time with &nign interactions around
it. When evaluating with aggregate metrics, these benign oggences overwhelm the
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@) (b)

()

Figure 4.4: Renegade Ridge o ers more geometric complexipgmpared to Gascola,
with a higher roll and pitch variance and steeper slopes withigher max pitch but

lower top speeds.

Figure 4.5: Our dataset features environments encounterea all seasons. The same
location in di erent seasons highlights the stark di erenes in visual and geometric
appearance, as well as the terrain surface.
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most challenging samples and mask potential failure casesthese long-tail scenarios.
We introduce a systematic method for identifying the most dilenging samples in a
dataset, enabling targeted evaluation on the state sequesscmodels are most likely
to mispredict. Our ndings highlight the necessity for pereption representations,
revealing the impact of terrain geometry and semantics on gdiction quality.

4.3.1 Data Mining Intuition

To capture the most challenging samples for a benchmark, weepent an approach to
group similar action sequences which yield di erent forwar dynamics. Intuitively,

identical actions executed in identical environments wilield identical trajectories.
In reality however, the environments are rarely identicalywhich motivates learning
environment terradynamics to improve model accuracy. Teadynamics are most
challenging to model for o -road driving B0, 67, 73], so our goal is to formulate
datasets that maximize the trajectory variance under singr actions and initial

conditions, attempting to highlight where terradynamics e most prevalent.

4.3.2 Clustering Approach

Similarity between two candidate samples is de ned by compag their action
sequences and initial conditions. For each pair of candide, theL , distance is
computed between their normalized action sequences andtiali conditions, and
connect pairs whose distance falls within a threshold. Thesulting similarity graph
is partitioned into cliques, which are subsets of samplesahare pairwise within
the threshold of one another; these form our groups. The thskold is selected by
sweeping a range of values and choosing the one that maxirsizee mean silhouette
coe cient [ 69], which is high when candidates lie closer to their own groupan to
the nearest competing group. For a given grou@ of N samples, the mean pairwise
Hausdor distance dy is computed across all trajectories in the group as a di cul
metric (4.1). We use this as a way to capture trajectory variancefFigure 4.6shows an
example group of similar candidates, where a di erence indjectories under similar
actions can be attributed to downward slopes and ground ftion of snow.
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d G:;X\I)@d RN 4.1
H()N(Nl)_ T (4.1)

i=1 j=1

4.3.3 Benchmark Metric

whereD; holds the highest-variance groups anB,o the lowest. D, herefore contains
the regimes where similar commanded actions produced the rmds/ergent motion,

and where terradynamics dominate the prediction. The minedubset used for
evaluation is the union of the hardesh deciles,

n
Dhara = Dy D ; (4.2)
j=1
wheren controls how aggressively the benchmark targets the longiltaTo put this
metric all together, model error is commonly reported in exgxtation over the full
dataset,
errp = E p [err(™s )]; (4.3)

which our benchmark replaces with the same error over the nad subset,
€Mharg = E p g [E1T(Y )] (4.4)

The error metric is unchanged; only the dataset distributio it is taken over di ers. A
model may match its baselines oerrp while erry,q diverges, revealing the long-tail
failures that aggregate evaluation con ates with benign péormance. Reporting error
per decile, as inFigure 5.5 shows this degradation directly.
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Figure 4.6: Similarly clustered actions yield di erent trapctories. Perception high-
lights how terradynamics are causing this di erence. (A) traels further, going down
a hill, as seen by the terrain map, (B) moves the least on at di, while (C) travels
further on at, low-friction ice.
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Chapter 5

Experiments

We next evaluate our terrain-aware dynamics modeling metldoand the e cacy of our
benchmarking design method. We guide our evaluation by theek research questions
this thesis seeks to answer:

Research Question 1 : How can dynamics models fully leverage the spatial struc-
ture of representations like BEV maps to achieve terrain-aaveness and reduce
prediction error across diverse and complex terrains?

Research Question 2 : How can we rigorously expose the worst-case, long-tail
failure modes of o -road dynamics models before real-wortteployment?

Research Question 3 : At what point does improved dynamics-model accuracy stop
meaningfully improving closed-loop control performance?

We addressRQ1 in Section 5.2through o ine, open-loop evaluations that measure
predictive accuracy alone, with no feedback and no conseques to our actions. We
addressRQ2 in Section 5.3y using our benchmark to sort our dataset into challenging
and non-challenging subsets and comparing how dynamics netsl predictive accuracy

di ers across them. We addres®Q3 in Section 5.4by deploying our method and
baselines on hardware across multiple o -road courses, &aing each dynamics
model's e ect on online, closed-loop control, where actisndo have consequences.
Additionally, Section 5.1details shared setup, such as evaluation baselines, model
training data, and model implementation, used across thesxperiments.
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5.1 Shared Setup

5.1.1 Baselines

We evaluate our approach against 4 baselines, spanning pilegsbased and learned
methods:

1. KBM : A purely physics-based single-track kinematic bicycle rdel with gravtiy
and actuator modeling as inSection 2.4.1 Its parameters were t using least
squares on ground-truth trajectories. This approach has ba tested extensively
throughout many years and used for other work evaluationg9, 51, 76, 80].

2. State: An LSTM trained with state proprioception only while using gate-
action history context. This is a faithful recreation of Gitson et al.[19] in its
non-hybrid form.

3. FPV : An FPV-conditioned LSTM, in which the a VFM image is encoded once
at the start of propagation and combined with the state-hisiry context as
shown in the baseline input ofFigure 3.4

4. Vanilla BEV : A BEV-conditioned LSTM, in which a BEV map is encoded
once at the start of propagation and combined with the stat&istory context
as shown in the baseline input oFigure 3.4 This is a faithful recreation of the
dynamics model from Roth et al. §9].

5.1.2 Training Dataset

The approach is trained on 79.8k samples (2.2h) of autononwand teleoperated
navigation data around Gascola. Importantly, this dataseincludes data collected
in the spring, fall, and summer. We choose to leave snow heldt to show if
our perceptually conditioned models can perform well in otgf-distribution (OOD)

visual cases. We train using state estimates from the LiDARaértial Odometry
solution [96], but our models use RTK during real-world deployment This does
highlight performance robustness to state estimation sdion.

IRTK was not available throughout the collection of this dataset, hence themismatch.
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5.1.3 Model Implementation

Our approach uses a Long Short-Term Memory (LSTM)2[], trained to predict 50
states forward with a horizon of 3and a t of 0:1s. Alongside the initial state and
action sequence of 1 actions, this prediction depends on $of prior historical
state-action pairs and a BEV map at 100n  100m at 40cm resolution with geometric
and visual semantic features, with 1 elevation channel, 3 dace normal channels,
and 32 VFM feature channels.

We train to minimize the Mean Squared Error (MSE) loss usinghe Adam
optimizer [40]. Our state re ects an extended kinematic state as explaidein
Section 2.4.1and is cpmprised of pose iI5E(2), speed, current steer, and pitch:
X= Xy v . We choose to predict the same state to be capable of
full-state evaluations. More implementation details inSection A.3

5.2 Oine Experiments

Our objective of RQ1 is to determine if terrain-aware spatial perception repre-
sentations and leveraging the spatial structure of the préém improve dynamics
predictions. We evaluate our method and baselines on manlyatle ned challenging
datasets quantitatively and qualitatively and discuss inéresting insights. We will
evaluate two prediction metrics: the normalized full-sta¢ prediction, which is impor-
tant for the control cost functions and constraints, and theunnormalized position
(X-Y) prediction, which shows how \close" a trajectory is in metic space and is also
relevant for MPC costmap evaluation. We evaluate these mets on average and
worst-case (98 percentile) as a crude way to deter conclusions drawn fromgrggate
metrics alone.

5.2.1 Test Datasets

We present all o ine results using a test held-out dataset o75.3k samples (2.1h)
of autonomous and teleoperated navigation around GascolachRenegade Ridge.
Renegade Ridge includes extreme hills not seen in the traigiset, and 34% of the test
set is composed of winter data with 6-9" deep snow and thickdavhich introduces
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Figure 5.1: Comparing test and train dataset speed distribudns, the test dataset
has a higher density of higher speed.

additional tire forces and reduced friction outside the traing dataset. Figure 5.1
shows this test dataset having a larger density of higher spa data. Alongside
our Full test dataset, we break it up into Snow, Slopes, and &pd sub-datasets for
evaluation and additional insights on the strengths and wéaesses of the approaches.
These sub-datasets are de ned in the following ways:
1. Snow: A subset of the dataset, which includes snow, manually deed from
run log metadata. Having snow was de ned as having 2" of snow covering
the ground.

2. Slopes: A subset of the dataset, where for a given trajectory, the maximum
pitch experienced is at at least 0.1 radians (8 or 10% gradé).

3. Speed: A subset of the dataset, where for a given trajectory, the average
speed is at least 6.0 m/s.

Post-process ltering Iters negative speed to remove revee motions, samples with
large odometry covariance, and samples with braking, sinbeake is not in the robot's
action space Hection 4.2.).

5.2.2 Quantitative Evaluation

On all datasets, our approach outperforms all methods on aege, including its
Vanilla BEV counterpart, when predicting the full state spae as seen irfrigure 5.2

2The American Association of State Highway and Transportation O cials permit s a max of 6%
in mountainous regions P]
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Interestingly, we have 17.6% lower average prediction errthan Vanilla BEV on
the high-speed dataset, supportindRQ1. This suggests that at high speed, since
the robot travels much further per horizon, the attened repesentations struggle
to attend to features outside its current locality. Our strictured representation,
by contrast, can query the most relevant features regardie®f distance from the
initial ego position. Our hypothesis is reinforced by our tnospective activation map
analysis on the Vanilla BEV approach inSection 3.4.3 where frequently, the model's
\attention" is on random sections of the input, while ours cacentrates on where the
robot is expected to be, even at high speeds.

We see that in general, perceptually-conditioned approaeb do perform better
on the Snow, Slopes, and Speed datasets, highlighting howr&en-awareness is a
necessary component of dynamics models for challengingraégms. Additionally,
while on the OOD Snow dataset, our method performs equival@nto the state-only
approach. Figure 5.2shows our method performing best of all perceptually-cortiined
methods on the OOD Snow dataset by 17.3%. This indicates thé#te less spatially
aligned metrics are querying arbitrary features which arexglicitly harmful for the
prediction.

When evaluating only position predictions inTable 5.1, we outperform Vanilla
BEV on all metrics; however, the FPV method still outperformsour approach on
Snow and Slopes datasets when only evaluating the positioregiction. Most notably
in support of RQ1, Table 5.1shows the worst-case position prediction is 23.8% lower
than its Vanilla BEV counterpart and 61.5% lower than FPV on the high-speed
dataset. While our method does not perform best on position edictions across all
datasets, predicting position alone is not t for many MPC fomulations. Robot
yaw can be an important state eld for orientation-derived osts such as waypoint
following, and velocity is another important eld for velodty constraints, as we will
see inSection 5.4

These results show that quantatively, while perception inmoves terrain-awareness
and thus prediction accuracy, our spatial approach improgeprediction accuracy the
most on average and in worst case for most of the selected tdading datasets with
respect to the Vanilla BEV approach; however, the FPV baselestill outperforms
our approach in many cases. We address this 8ection 5.2.2
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Figure 5.2: O ine full state prediction error distributions across 3 datasets. The
snow dataset proves most challenging for all methods with agh average prediction

error. The speed dataset yields the most variance with the K8 performing poorly.

Across all datasets, our method outperforms the baselines.

Snow Slopes Speed Full
Method MSE [m] 95% MSE [m] 95% MSE [m] 95% MSE [m] 95%
KBM 268 423 892 226 464 775 3.00 7.17 1116 2.08 4.20 7.13
State 254 252 762 216 311 731 183 362 7.27 197 273 6.65
FPV 234 237 693 1.65 291 574 214 4.60 7.98 1.74 280 5.95

Vanilla BEV 249 289 812 194 334 7.06 155 362 6.12 171 285 6.62

Spatial BEV 245 2.66 8.06 177 254 6.91 146 410 494 1.67 2.67 6.21

Table 5.1: O ine position prediction results across 3 datasts, alongside the full test
set.

Evaluating Models with Inpainted BEV Maps

As shown inSection 3.5 inpainted maps yield complete feature in BEV maps beyond
the sensing range. We evaluate if this denser information proves prediction accuracy
for Vanilla BEV and our approach. Figure 5.3and Table 5.2 shows our approach
with inpainting reduces our approach without inpainting'saverage prediction error
by at least 181%, across all datasets, with as high as #%6 improvement on the
snow dataset. This supportRQ1 and demonstrates, how when given a denser input,
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Figure 5.3: When using inpainted BEV inputs, our approach immves signi cantly,
outperforming all baselines on all datasets on average. Bpted BEV inputs improve
our approach on all datasets on average.

Snow Slopes Speed Full
Method Mean 95% Mean 95% Mean 95% Mean 95%
KBM 268 423 892 231 471 800 283 6.52 1024 210 424 7.20
State 254 252 7.62 220 3.15 7.48 1.91 3.69 7.39 1.99 275 6.71
FPV 234 237 6.93 169 295 582 212 455 782 177 283 6.00

VanillaBEV 249 289 812 198 339 720 159 347 633 173 287 6.66
Spatial BEV 245 266 806 178 251 6.87 150 390 542 170 268 6.26
Vanilla BEV 2,10 2.44 6.76 197 328 770 141 293 517 146 250 5.63
Spatial BEV  1.74 198 555 1.51 244 526 1.13 295 358 121 214 441

Table 5.2: When giveninpainted BEV maps, indicated by red text, our approach has
lowest average and worst-case prediction error across aditasets.

our structured perception representation takes full advaage of this structure. When
comparing our approach to all baselines, excluding inpaed Vanilla BEV and our
default approach, our inpainted approach reduces prediotn error by at least 340%
on Snow, 12% on Slopes, 48% on Speed, and 42% on Full datasets.

Interestingly, despite Vanilla BEV having poor ability to query the most relevant
features to a robot's motion, as shown isection 3.5 Vanilla BEV does also reduce its
average prediction error by as high as 1®%6 compared to its non-inpainted counterpart.
In most cases, Vanilla BEV beats our non-inpainted approachs well, suggesting how
important complete feature maps are for environment contéxalization and learning.

Unfortunately, this breakthrough was discovered after eldests were complete,
so the remainder of these experimental results will not inalle the inpainted variants
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of the BEV networks.

5.2.3 Qualitative Evaluation

While quantitatively our approach performs well, we can gaiadditional insights from
gualitative rollout comparisons. We qualitatively evaluge the success and failure
cases of our approach by analyzing the prediction results Figure 5.4 Across a
diverse set of environments and motion pro les, includingn®w (C), ice (J), marshes
(H), uphill grades (D,K,L), our method consistently producs accurate trajectory
predictions at low, medium, and high speeds, spanning stghit segments (A,E), slight
and large turns (G,l), sharp turns (F,K), and slalom maneuver¢D,H).

Notably in (G), all perception-based methods perform compably well on a
slight snowy turn, highlighting conditions where appearate-based terrain cues alone
provide enough context. In challenging uphill scenarios JlLall methods overshoot
due to poor terrain understanding ahead, while our approaaemains closest to the
ground truth with only a slight undershoot, re ecting our model's improved terrain
awareness. We see terrain impact signi cantly in (D) wherehie robot is doing a
slalom up a hill at very low speeds (2.4m/s). Despite this lowpeed, the predictions
are still varied signi cantly laterally, but of all percepetive terrain-aware methods,
ours is most accurate.

The most di cult case arises in (J), where the robot is commandslight left
steering but ice on the right breaks under the robot's weighttausing the vehicle to
slow and its tires to get lodged in a newly formed deep rut. All Bthods overshoot
because this rolling resistance from ice breaking is not acmted for, and all predict
trajectories to the left, given the left steer, yet the actubpath is to the right, since
the rut constrains the robot's motion to the right. No method s able to predict this
complex phenomenon, regardless of representation.

From these various examples across all seasons and motion les, we can see our
method frequently has the best prediction, qualitativelyyet there are many extreme
long-tail data that causes failure for our method and all méiods.
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5. Experiments

Figure 5.4: O ine qualitative results highlighting interesting prediction examples
and environments, including high-speed turns and deep snavaversal. Provided are
the rollout predictions for all methods, an FPV image showinghe environment, and
scalar statistics to characterize the motion pro le of the wn, including inital velocity,

average steer, and max pitch.
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5.3 Benchmark E cacy

We want to validate our benchmark method by con rming if we ae able to mine the
most challenging dataDy,¢ from a broader datasetD, answeringRQ?2 .

We follow our procedure fromSection 4.3.3to compute the highest trajectory
variance decilesD; through to the lowest variance decile®,o,. We evaluate our
method and baselines on each decile iigure 5.5and nd that all models' worst-case
prediction error is highest on the highest variance decilend lowest on the lowest
variance decile. In fact, all methods have strong downwardsends going from lowest
variance decile to highest variance decile. This demonstea how our benchmark
can identify the highest variance runs and how this correlas to dynamics modeling
di culty.

We also see our approach performing best across nearly altitks, except for the
6" decile, showing our methods ability to predict accurate main across challenging
and easy data samples. Moreover, the State and FPV methods lBat09% higher
worst-case error than our approach on the most challengingnb This suggests the
models' inability to reason about terradynamics, since trse challenging bins identify
where terrain is most relevant as shown ifigure 4.6 This emphasizes the necessity
of evaluating on challenging data before deployment, elsatd similar to this may
be experienced and the dynamics model will output poor or neansical predictions,
leading to failure.

5.4 Online Evaluations

Finally, we close the loop and evaluate our approach and basels on hardware with
control in the loop. We evaluateRQ3 to see if our better performing Spatial BEV
approach shows similar gains when evaluated with control he loop. We answer
this by evaluating our models on a line-following task usingnly control.

5.4.1 Line-following Control

To properly evaluate only the dynamics model and its a ect orcontrol, we remove all
confounding factors such as state estimation, traversaityl estimation, or planning.
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Figure 5.5: Evaluation on the highest to lowest variance dées of the clustered
benchmark. Model performance increases with lower variandeciles.

We set up a line-tracking task, where our controller is taskketo follow a line using
RTK GPS odometry. We measure success, we evaluate crosskrarror (CTE) of all
methods and number of operator interventions as a light heistic. In addition to
line following, our controller also has lateral accelerain and speed constraints. We
evaluate on two courses at Gascola:
1. High-Speed Course : A 739m-long course over benign terrain, including at
gravel, dirt, and a few divots, with target speed of 10m/s. Th course has wide
and sharp turns with long straights.

2. Terrain Geometry Course : A 524m-long course over challenging terrain,

including steep slopes and banked turns, with target speedl @m/s. The course
has wide and sharp turns.

Task Setup

We use MPPI B9, 9] to track the reference lines. We roll out 825 unique action
sequences and execute MPPI at Hy; however, a lower-level controller executes the

53



5. Experiments

action sequence given by MPPI at 3Blz. This low rate of execution helps highlight
the importance of accurate dynamics models because the rolball execute more

of the commands before its next solution is computed. The robuses its RTK

GNSS for centimeter-level state estimation, and perceptiomaps are created from an
RTK-registered pointcloud. Our controller uses a combinain of path-tracking costs
and physics-derived safety limits, such as lateral accedion and speed limits(5.1)

with more details on implementation and our cost function irSection A.2.1

‘( ) = \speed( ;Vmax) + \ay( ;amax) + Ktrack\track( ; ref) + Kprogress‘ progress( ; ref)
(5.1)

Does our model improve line-following at high speed?

As seen inFigure 5.6 all models track straight lines well at speed. This makes
sense because even with inaccurate throttle modeling, thebot's trajectory remains
close to the line as long as heading is roughly correct. Turré speed are more
challenging; inaccurate dynamics modeling sends the robmtthe reference trajectory,
and compensation is required to recover. Turns thereforequwe to be the sections
where modeling error is most pronounced. The KBM baselinertistently understeers
through both low- and high-curvature turns, resulting in 3 nterventions. The learned
baselines and our approach track turns considerably bettewith occasional oversteer.
We do incur one intervention in case (D), but this stems fromrmMPPI cost function
issue rather than a dynamics modeling error. In this case, éhoptimal trajectory
determined by MPPI undercut the turn. As the robot executed tiese actions, the
solution continued to undercut the turn, until the operator felt the need to intervene
because the robot was approaching dense vegetation. It didtrisee"” this vegetation,
since there was no costmap used during this evaluation andlypiine following; see
Section A.2.2for details.

The metrics in Table 5.3show a similar pattern. Our approach has higher average
CTE than Vanilla BEV, but lower worst-case CTE. While we have hgher average
CTE, our approach's max velocity is closest to the 10 m/s taeg, while the baselines
settle near 11 m/s, suggesting the baselines are less acteii@ predicting velocity at
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Figure 5.6: High-speed hardware experiments. Signi cant uedsteer can be seen by
the KBM Baseline leading to numerous interventions (A,D). Addionally all learned
methods, including ours, experience cases of understeke lin the tight turn in C.

. l. . CTE CTE
Method # Trials # Intv  Avg # Intv \6/1\6/9 r\1/1%x avg max
KBM 1 3 3.00 7.75 11.20 096 6.35
State 1 0 0.00 839 1096 055 3.11
FPV 1 0 0.00 7.85 1098 0.65 3.30
Vanilla BEV 1 0 0.00 8.44 1094 0.67 4.01
Spatial BEV 1 1 1.00 8.02 10.41 0.70 2.65

Table 5.3: Hardware deployment results on the High Speed Coars
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speed. This supports the importance in predicting the fulltate correctly, not just
the positions.

Does our model improve line-following over challenging terrain?

Similar to the high-speed casehigure 5.7 shows that while all models track straight
lines well, turns remain the segments that expose failure.h€ KBM continues to
understeer through low- and high-curvature turns, requing two interventions in case
(E). The learned baselines also understeer in this case bud dot warrant intervention,
while our method instead oversteers. In case (G), all baseds exhibit signi cant
understeer, whereas our approach tracks the curve tightly.

Quantitatively, Table 5.4shows our method achieving the best worst-case perfor-
mance, though slightly worse average performance, compaite the learned baselines.
As in the high-speed evaluation, our method performs compdnlg to or better than
the learned baselines both qualitatively and quantitativly, again suggesting either a
ceiling on achievable performance or the need for a more dbabing evaluation setting
to further di erentiate the approaches. We were able to pedrm this experiment
across four trials.

How does prediction accuracy compare when evaluating closed-loop data
0 ine?

We conduct a small experiment to evaluate prediction accucg on the data collected
during the closed-loop experiments, allowing us to compaopen-loop and closed-loop
performance on the same dataTable 5.5tells a di erent story than the closed-loop
results: while Table 5.3shows State having the lowest average and worst-case CTE,
the BEV perceptually-conditioned methods achieve the lowse position prediction
MSE when evaluated o ine. In particular, Vanilla BEV has the lowest average
error but with high variance, while our method has the seconlbwest average error
with lower variance and the lowest worst-case error. The KBMmeanwhile, has
substantially higher average and worst-case error than tr@her methods.

This di erence in result ordering from the o ine metrics suggests the present,
minor entanglement of our current evaluation. It also highghts how, with control in
the loop, the best-performing dynamics models may not be gaateed to yield the
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Figure 5.7: Challenging geometry hardware experiments. 8igant understeer can

be seen by the KBM Baseline leading to numerous interventisr{E) and additional

understeer which did not lead to intervention (F,G). Baselies struggled to follow a
tight turn (G), while our approach could follow it.

. vel. vel. CTE CTE
Method # Trials  # Intv  Avg # Intv avg max avg max

KBM 4 15 3.75 6.13 9.01 0.81 551
State 4 0 0.00 680 868 045 3.35
FPV 4 3 0.75 6.50 890 0.65 4.90
Vanilla BEV 4 0 0.00 694 860 043 3.67
Spatial BEV 4 0 0.00 6.58 8.66 0.60 2.74

Table 5.4: Hardware deployment results on the Geometry Cows 57



5. Experiments

Method MSE Avg [m] 95%

KBM 557 7.11 20.06
State 276 3.63 11.93
FPV 3.28 3,53 11.58

Vanilla BEV 242 3.60 8.90
Spatial BEV  2.68 2.66 7.80

Table 5.5: O ine position prediction results on closed-lop experiment data
best control, given inference time, cost function constrtion, noisy measurements,

and more. We go into more of this limitation inSection 6.1with ideas for recti cation
and modeling isolation.
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Chapter 6

Conclusion

This thesis argues that reliable navigation across diverseroad environments requires
terrain-aware dynamics models grounded in structured perption and validated
against worst-case behavior in the open- and closed-loop.oward this end, we
rst showed that BEV representations carry spatial structue that prior perception-
conditioned models leave underutilized when perception gensumed as a static prior.
By instead querying the BEV local to the robot's predicted psition at every step
of the rollout, our model grounds each incremental state irhe terrain the robot is
expected to traverse; this context also drives a residualrcection. This explicit model
structure improved open-loop average prediction accurasybstantially, especially
when given more complete BEV maps via inpainting.

Accuracy on average, however, is a weak guarantee for a systdmt must
operate at its limits in any environment. Our second contribtion addressed this
by establishing a rigorous evaluation framework with an agessive driving dataset,
spanning environments and seasons, and a benchmarking netfor mining the
most challenging evaluation samples. Clustering similaicaons & initial conditions
and isolating high trajectory variance regimes surfacedifare modes for baselines
that aggregate metrics obscured. For example, the FPV-conthed model which
was competitive on large datasets had 109% higher worst-egzrediction error than
our approach. Our benchmark yields a clearer understandired when a model is t
to deploy in the real world by determining if its performanceholds up on the most
challenging, long-tail scenarios where failure is most &ly.
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Finally, we evaluated how important dynamics modeling accacy is in the context
of closed-loop control. We deployed our dynamics model in &PC framework on
a full-scale autonomous ATV and completed high-speed andatlenging geometry
courses. Our experiments con rmed the importance of accueadynamics models,
where physics baselines failed repeatedly. Among the leadmaodels, however, we
observed diminishing returns. Beyond a threshold, the comtler absorbs the model
error and further prediction accuracy no longer registersiitracking performance.
Future work will investigate new navigation tasks and appraches to disentangle
modeling error from controller error.

Taken together, these contributions support our thesis stament by providing
a terrain-aware dynamics model that is validated against wst-case behavior on
challenging o ine datasets and on rigorous real-world deplyment. The terrain-aware
formulation developed here extends naturally beyond comttto MBRL architectures
with data augmentation [45], traversability estimation [68], kinodynamic planning B0,
47], and simulation. We demonstrated how our dynamics modelMeraged structured
perception representations to become terrain-aware, imging both prediction and
closed-loop navigation across diverse and challenging mad environments.

6.1 Limitations & Future Work

Our terrain-aware dynamics modeling and validation apprazes improve modeling
accuracy and evaluation rigor di cult relative to the state-of-the-art, yet limitations
remain. In this section, we discuss the scope of each contiion and its limitations,
alongside future research directions to address them.

6.1.1 Terrain-Aware Dynamics Modeling

Modeling Uncertainty

Our approach predicts the deterministic state-transitionfunction f . The largest
limitation of a deterministic model is its inability to represent modeling uncertainty.
A probabilistic state-transition function instead predids a distribution over next
states, whose spread re ects that uncertainty. As mentioneth Section 2.2.3there
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are many ways to formulate probabilistic state representains, such as learning a
Gaussian Process residual disturbance over a prior predast [16, 58], using ensembles
of models [L1, 45, or using quantile regressionl/].

We can leverage this uncertainty for risk-aware navigatioapproaches17, 21, 86 or
early-stage training exploration L1]. Gibson et al.[21] nd that high-speed navigation
in narrow corridors with high uncertainty leads to the predttion distribution spreading
over costly areas, resulting in suboptimal solutions. Thask-aware objective therefore
favors lower-speed trajectories which have tighter distsutions and stay clear of these
regions. Chua et al.[11] nd prediction uncertainty to reduce over tting in the
earlier stages of training, helping MBRL formulations redcsimilar performance to
model-free RL algorithms, with several orders of magnitudess training data.

Performance in Novel Domains

Our dynamics model could be further improved through onlinadaptation when ex-
periencing novel inputs. While our approach performed compably to proprioceptive
baselines on OOD winter data inSection 5.2.2 an adaptive mechanism could allow
the model to correct for its inaccuracy online. One such appach could be to treat
the trained network as a learned basis and adapt only a sma#étof nal-layer weights
or coe cients, driven by an adaptation signal B2, 44, 50, 59. This adaptation signal
could be formulated from prediction uncertainty #4] or modeling error p9, 77).

Cross-Platform Generalization

We train and evaluate our dynamics model on a single platfornThe architecture itself
makes no assumptions speci ¢ to our vehicle, but the learnageights do. Therefore,
di ering action spaces, actuator dynamics, and physical pameters would likely
degrade performance on another wheeled platform withouttraining. Transfer to an
entirely di erent locomotion mechanism, such as a legged gdruped, is less likely
still, given the vastly di erent action space and contact mehanics. We do expect
the architecture to transfer given retraining on a new platirm, but retraining per
platform is not cross-platform generalization.

One approach to improve the cross-platform generalizatiocould be to train
on larger multi-platform datasets, as Xiao et al[92] do, though this particular
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approach constrains all platforms to a shared action spackiu et al. [4§] train on a
multi-platform, multi-action-space dataset with a long-ontext RL formulation which
adapts to new action spaces online. Larger datasets are aadeuemedy, and collecting
multi-platform data at this scale is costly. Investigatingdata-scarce methods and
general contact-based models could be a promising futureatition for cross-platform
generalization P7, 56]. For example, by reasoning about the mechanics of contact
itself rather than the morphology that produces it, whethera wheel or a foot, we
could design architectures that can generalize across maongomotion mechanisms
without requiring training data for each platform.

Perception Resolution

While we demonstrate the bene t of terrain-aware perceptiomepresentations, our
BEV resolution of 40cm is coarse. Additional perception representations could el
such as hierarchical maps with high resolution in nearby d¢gland low resolution in
far-away cells. Optimizing this hierarchical structure aginst prediction accuracy as a
co-training task is another promising direction.

Inference Latency

One limitation of our explicit BEV-querying approach is infeence latency. On
hardware speci ed inSection A.3.3 with 825 parallelized rollouts, our approach
has a 28 ms inference time, whereas Vanilla BEV has an inference time d29ms.

While our additional structure improves prediction, it is atthe cost of a 2x greater
inference. We also evaluate on Nvidia Thor edge-compute, waeMPPI with our

dynamics rollouts takes 1183 ms but 44:7ms. Our approach will currently struggle to
run at 10Hz on edge compute, likely impacting control & navigation taskerformance.

6.1.2 Worst-Case Benchmarking

Sensitivity to Ground-Truth Noise

Our benchmark ranks samples by trajectory variance withinlgsters of similar actions
and initial conditions, then evaluates on the highest-vaaince decile. This makes
the benchmark sensitive to noise in the ground-truth statethemselves, which we
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derive partially from state estimation P6]. A state-estimation outlier may in ate
apparent trajectory variance and thus undermine the premésthat high-variance
clusters isolate di cult terrain. The mined set may therefae contain samples that
are hard to predict because the ground truth is wrong, not baase the maneuver is
demanding, and a model penalized on these is being penalitedfailing to t noise.
We do not currently distinguish these cases. Future work c@l Iter samples with
large state-estimation covariance.

6.1.3 Closed-Loop Evaluation

Our third contribution asks how much dynamics-model accuy actually matters

once the model is placed inside a controller. Answering thikeanly requires separating
error attributable to the model from error attributable to the controller, which our
current experimental design achieves only partially.

Isolating Modeling from Control Error

We attempt to separate modeling error from control error irSection 5.4 but failures
attributable to the controller alone remain entangled with hose of the model, as
discussed irSection A.2.2 The key issue is that our MPPI controller carries numerous
cost terms and sampling strategies, each with tunable paraters, so a tracking failure
can originate in sampling sparsity or the cost weighting réer than in the predicted
rollout. One alternative would be to replace MPPI with a gradent-based optimizer,
such as LQR, whose fewer parameters make control-inducedoereasier to account
for; however, linearizing our learned dynamics about the ference path may poorly
approximate the model in aggressive regimes and add additad computation time.

Experiments for Attributing Failures

Other experiments could measure the impact of dynamics mddevithout isolating
them outright. One approach is to compare the accumulated dwersability cost of a
full autonomy stack under di erent dynamics models while hiding the MPC and
traversability estimation xed. A less accurate model may teer the robot into more
costly terrain and accrue more cost over a course.
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Another approach is to run the same course twice: once followgia dense reference
line, and once with full autonomy over a sparse set of waypan If the line-following
run requires no interventions while the full autonomy run des, the failure likely
originates upstream of the dynamics model, in planning or @versability estimation,
rather than in prediction itself.

64



Appendix A

Implementation & Analysis

A.1 Perception Pipeline

A.1.1 Mapping Resolution Analysis

As mentioned in Section 3.2.3 we choose to use:® 04 0:1m or 40cm voxel
resolution over a 100 100 20m spatial extent largely because most of our prior
work for traversability estimation works with BEV maps of the same resolution and
extent. While a higher resolution along thex and y dimensions would give ner detail,
it also will require more onboard memory and storage to storaining datasets.
Additionally, high resolution reaches an upper bound, wherthe resolution of the
LiDAR starts to become an issue, shown bifigure A.1. Future work could explore
using 20cm resolution or hierarchical resolution data structures, wére voxels near
the robot are high resolution and voxels far away are low rdstion. For context, our
primary robot's tire are  25cm wide.

A.2 MPPI Implementation

A.2.1 Cost Function

Our path tracking results used MPPI B9, 90] as a model-predictive controller. We
follow the standard formulation of MPPI, which requires us ¢ specify 1) a dynamics
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Figure A.1: A comparison of BEV resolutions, zoomed in around 0 10m section
of a BEV map. We use the 4@m resolution. While the 10cm resolution map increases
sharpness, it is too sharp, and the LIiDAR scan sparsity becomapparent through
the empty regions where no points were.

model, 2) an action sampler, and 3) a cost function. We have gleyed this MPPI
implementation on numerous platforms, including Ackermamsteered wheeled robots,
skidsteer wheeled robots, tracked robots, and quadrupeds.

Our learned models serve as the dynamics model that MPPI optiees over.
Following recent advances in action-sampling techniquesrfMPPI [6, 84], we generate
candidate action sequences via additive noise generatednfr a set of Gaussian walks
with varying as in(2.9). We also add a xed set of uniform action sequences as
in (2.10 to enable the robot to more e ectively space potential locahinima in the
cost function. We grid sample these sequences uniformly thrpttle, steer] space,
resulting in 441 uniform sequences that are evaluated at eyeMPPI iteration.

Our cost function for MPPI uses a combination of path-trackig costs and physics-
derived safety limits (A.1). In a nutshell, this cost function encourages the robot
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to make forward progress along the reference paths while adhering to its shape
(A.4, A.5), subject to speed and lateral acceleration constraintsA\(2, A.3). Path
progress can be interpreted as the amount of reference path (n) traveled from the
candidate trajectory's initial state x; to terminal state x;. . Path track error can be
interpreted as the average distance of the states in the tegtory to the reference
path. The tradeo between progress and accuracy is governég the weightsK gack
and K progress: Kuack 1S set signi cantly higher than K ,ogress 10 disincentivize cutting
corners; however, as witnessed fBection 5.4and analyzed inSection A.2.2 more
tuning could be done to avoid MPPI-related failures and exm® only dynamics
modeling failures. Paths are represented as a dense seqgaenicSE(2) poses and
all path computation occurs in 2D @A.4, A.5). Hyperparameters are presented in
Table A.2.

()= ‘speed( ' Vmax) + ‘ay( sAmax) T Krack track (5 refr) + Kprogress\ progress( 7 ref)

(A.1)
28 3
< .
. 1 ifxy>v
speed( 3 Vmax) = 4, ! ] ™5 (A.2)
<2 - 0 otherwise
28 , 3
X < 1 |f xg tan( ) >a
\ay - 4, |_. max g (A.3)
<2 - 0 otherwise
i<ixna 1 . .
\progress( ) ref) = i r(eI: Y r(;zjjz (A.4)
= istart h . |
s = argmin jj O xijjz
' h _ i
iena = argmin jj & Xenji
|
. 1 X - ;
wack (5 ref) = H min [jjXrer  Xjj2] (A.5)
Xref 2 ref

X2
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Parameter \ Value

amax (M=s?) | 5:0
Vmax (M=s) | 8:0 or 100
Ktrack 10.0

K progress 1.0

Sampler | | K

Gaussian Walk 1 [0.001, 0.001] 128
Gaussian Walk 2| [0.0005, 0.0005] | 128
Gaussian Walk 3 | [0.000025, 0.00025] 128
Action Library { 441

Table A.2: MPPI cost function parame-

Table A.1: Action Sampling Parameters ters

Figure A.2: A robot following a target path with its optimal MPP | solution visualized.
It is closely following the line in (A), highlighting accurate dynamics and control, but
from (B) onwards, MPPI determines the optimal path undercus the target path,
nearly resulting in collision with dense vegetation.

A.2.2 MPPI Failure Analysis

We detail why our model intervention fromFigure 5.6is not a modeling failure
but instead a control failure due to the cost function tuning Consider the scene
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in Figure A.2 where each frame progresses after 400ms and the red MPPI soluis

a new solution computed online. (A) shows the robot is followg the target path
at speed while closely tracking the reference line. Next, 488 later in (B), while

still closely following the line, MPPI determines its optinal solution undercuts the
reference line, which begins the cause for our interventiom (C-E), MPPI follows

through with its undercut of the reference line, and our aceate dynamics yield little
deviation. After 2000ms of following these undercutting sations in (F), the human
must intervene as the robot nears too dense of vegetation.

This particular intervention is most likely a cause of the tacking cost term weight,
Kack » D€INg too low and also due to sampling sparsity, where theveas no action
sequence that yielded a sample close enough to the referepath. This case study
highlights how not all failures are dynamics modeling faihes and how an MPC
objective function can be very sensitive to its tunable paraeters.

A.3 Learned Dynamics Model Implementation

A.3.1 Network Architecture

The base LSTM architecture is the same for all LSTM methods. He base architecture,
composed of the context and predictor LSTM both have a hiddesized, of 128. All
methods use the same MLP state encoder and decoder, encodim@nd from d.
All methods use the same MLP input encoders. For the predictdtSTM, the input
encoder is purely an action encoder, encoding tf} of 16; however, for the context
LSTM, the input encoder encodes state-action pairs, encodj to dS of 144. The
context LSTM receives the encoded last state of the historyuker for hidden state
initialization. Hyperparameters are in TableA.3.

Perception encoding

The vanilla perception methods encode the perception onaga a hidden state of
dimensiond, to initialize the context LSTM. This latent gets concatenaed with the
state latent to form the initialization. The FPV LSTM uses a CNN encoder with 3

downsampling blocks. The BEV LSTM uses a CNN encoder with 4downsampling
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Hyperparameter | Variable | Value
LSTM hidden size dn 128
Predictor input encoding dim db 16
Context input encoding dim ds 144
BEV context latent size do 32
Spatial query points (tire track) F 40
FPN CNN Downsample block { 3
Vanilla BEV CNN Downsample block { 4
BEV Features F 36
Visual BEV Features Fvewm 32
Terrain BEV Features Ferrain 4

Table A.3: Hyperparameters for the LSTM architecture and pegption encoders.

blocks. These blocks apply the convolution, apply batch nor layers, use RelLU
activation, and perform global max pooling.

Our spatial method queries the BEV map at the current predictd state. It queries
40 points, representing tire track points. This tensor of fgures 40 F gets encoded
with an MLP into the bev context latent size d, of 32. This gets concatenated with
the latent input to condition the next state prediction, andit gets concatenated with
the hidden input and then added to apply the correction stepHyperparameters are
in Table A.3.

A.3.2 BEV Footprint

Our footprint is two \tracks," separated 1m laterally from vehicle frame and uniformly
spanning 4 0:25m with 10 2points. With a 0:4m BEV resolution, most points query
unique cells, and we bi-linearly interpolate to prevent dupate queries.Figure A.3
shows our footprint over a BEV map aligned with the map and ratted. We do not
condition on velocity or steer|our footprint aligns with ou r predicted position and
orientation|nor suspension or roll, which follow from the terrain estimate. Slip and
weight transfer are present in our training data and are regsented implicitly in the
recurrent latent, not as explicit state, since MPPI does notequire them as planning
states.
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(@) (b)

Figure A.3: Tire track footprint visualization over a BEV map d the 100 100 0:4m
resolution aligned with the map (a) and rotated (b) to show ha many new cells are
queried.

A.3.3 Basestation

We deployed our perception and control algorithms on a lappo equipped with an
Intel Core Ultra 9 275HX CPU with 24 cores and 32GB of RAM and an Nvid
GeForce RTX 5080 with 16GB of VRAM.

A.3.4 Training Machines

We trained our state-based methods on a single V100-32 GPU. OBEV-based
methods were trained on a single H100 GPU. While they could be tred on V100's,
we used H100's for their superior VRAM, allowing us to have largdatches and
more e cient training. It takes  30m to train the state-based methods and 6hr

to train the BEV-based RNNs. The BEV-based transformer took abdu 24hr to

train.
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