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Abstract—Earthmoving tasks such as excavation, backfilling,
or embankment construction require deliberate repositioning of
deformable soil. For these tasks, human operators use all shovel
faces, while autonomous systems so far are limited to excavation
and dumping. Current methods often rely on heuristic models but
do not incorporate soil mechanics. We address this shortcoming
by using Reinforcement Learning in a GPU-parallelized Material
Point Method particle simulation. Our controllers are conditioned
on material state such as shape and compactness, enabling
skills that use multiple contact faces of the tool and displace
material both inside and outside of the shovel. To use the
same learned weights across machines, our policies operate in
a normalized end-effector space and are deployed through a
calibrated machine interface. We evaluate this calibrated transfer
on an 11.5t hydraulic excavator and a 500 g tabletop robot. We
validate performance through autonomous construction of a 42 m
long, 2.1 m high embankment in 45 min, executing 201 individual
policy strokes without failure, retry, or operator intervention.
In a direct comparison, the autonomous controller matches an
expert operator’s progression speed and produces a higher, more
consistent embankment. Additional qualitative backfilling and
compaction experiments demonstrate the material-state aware-
ness and calibrated transfer across machines.

Index Terms—Reinforcement learning, material point method,
excavator automation, soil manipulation, sim-to-real transfer.

I. INTRODUCTION

HE large majority of heavy construction machinery is
operated by trained human drivers. This job is often haz-
ardous and physically demanding, while at the same time, the
construction sector faces a persistent shortage of experienced
operators [1]. Automation can create safer work sites while
simultaneously improving productivity and precision.
Earthmoving requires two fundamental skills: accurate ma-
chine motion control and understanding of soil mechanics
that allows the tool to manipulate material effectively. We
take inspiration from the human ability to transfer soil-
manipulation skills between machines of different sizes and
actuation without relearning how a tool interacts with the
ground. Our method separates the machine-specific motion
control from the transferable deformable soil manipulation. We
learn the latter as a single-stroke, end-effector space interaction
controller that operates in the arm plane of the excavator. Our
controllers leverage soil mechanics for task completion. For
excavators, depending on soil conditions, changes in insertion
depth, bucket angle, or contact side determine whether soil is
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Fig. 1. Overview of the proposed setup: local two-dimensional control policy
trained in a MPM particle simulation executed on the 11.5t M445 hydraulic
excavator and 500 g tabletop robot through a low-level end effector space
motion control interface.

cut, pushed, lifted, spilled, compacted, or allowed to collapse.
This makes automated soil reshaping a challenging soft-
body manipulation problem. Existing methods commonly use
simplified soil-interaction models or geometric terrain updates.
These support dig-and-dump cycles, where a planned filling
path and target dumping location approximate the desired
outcome, but they are less suitable when terrain shape and
material flow are a vital element of the interaction. Forming
an embankment in one stroke, for example, requires exploiting
soil flow around the cutting edge and in front of the bucket.
Such contact-rich interactions are difficult to achieve with
hand-designed trajectories. In this paper, we investigate the
following contact-rich tasks:

o Embankment formation: a single stroke creates a negative
trench region and a positive elongated embankment by
exploiting the flow of displaced material inside and out
of the bucket.

o Backfilling: the shovel pushes material into a depression
and can use multiple contact faces of the bucket.

o Compaction: the shovel applies pressure to increase the
compaction state of a soil structure while avoiding exces-
sive forces that would collapse or displace the material.

We evaluate embankment formation quantitatively on a full-
size Menzi Muck M445 hydraulic excavator (M445) and
use a small tabletop robot arm (LeExcavator) to demonstrate
calibrated transfer of the same policy checkpoint at tabletop
scale. Backfilling and compaction are evaluated as qualitative
demonstrations of the same formulation on both platforms.
The main technical contribution is the simulator-policy
formulation. We use a custom, parallelized, two-dimensional
Material Point Method (MPM) particle simulation as shown
in Figure 1 with a prescribed shovel body, grid-based shovel-
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soil contact, and a compaction model. The simulated soil
state can be directly used in task rewards, which enables
earthmoving objectives that are only weakly observable from
surface height, such as surface hardness. Larger worksite tasks
embed the learned single-stroke manipulation controller in a
state machine based planner.

Our contributions are:

¢ An excavation-oriented 2D MPM simulator that is fast
enough to train using Reinforcement Learning (RL) and
detailed enough to expose the relevant terrain state.

o A hierarchical formulation that confines learning to a
local skill in a normalized task space, while workspace
planning and shovel-pose tracking remain conventional,
so machine scale becomes a matter of interface calibra-
tion with no retraining required.

e A field evaluation of embankment formation, backfill-
ing, and compaction that runs one policy checkpoint on
both the 11.5t M445 hydraulic excavator and the 500 g
tabletop LeExcavator arm, and compares autonomous
embankment construction against an expert operator.

II. STATE OF THE ART

Autonomous earthworks requires solving the problem of
manipulating deformable, history-dependent granular material.
In literature, this task is often approached by trajectory genera-
tion and tracking, force-constrained motion planning, or using
machine-specific end-to-end RL on a heuristic soil model. For
tasks such as bucket filling and dumping, these approaches
have been effective, while tasks that require accounting for soil
mechanics remain unsolved. In particular, contact-rich tasks
such as surface compaction, piling, or backfilling by pushing
material back into the hole require an advanced understanding
of tool-soil interaction.

A. Model-Based Excavation Planning and Soil-Tool Interac-
tion

Conventional trajectory optimization for excavation searches
over spline and waypoint representations under geometric,
swept-volume, and kinematic constraints [2]. [3] additionally
add hydraulic limits in power usage and actuation force
for machine adaptability. More detailed soil-tool interaction
models improve the tracking performance during the contact-
rich sub-surface part of the trajectory as shown by [4].
For accurate force modeling, soil parameters can be esti-
mated from machine data for use in analytical earthmoving
or Fundamental Earth-moving Equations (FEE) models [5],
which can then support computationally efficient trajectory
planning [6]. These methods can explicitly adapt to physi-
cal limits of the machine, making them suitable candidates
for retrofitting. Soil mechanics are usually not included in
planning-based techniques, leaving interaction-heavy behavior
beyond bucket filling to manually engineered motions.

B. Learning-Based Excavation and Earthmoving

Learning-based control enables the use of more complex
soil models at training time as well as enables highly soil

adaptive and reactive behaviors during inference. In end-to-
end approaches, machine-specific controllers map observa-
tions directly to low-level actuation commands. With that
architecture, [7] use imitation learning on recorded reach-dig-
dump cycles. Collecting data from simulation and training
with RL, more advanced tasks such as rock capture [8] or
the combination of multiple motions [9] including those from
demonstrations can be achieved. Other systems retain classical
control elements and add learned elements for difficult contact,
as for example in jamming-prone terrain [10], or a learned
policy above conventional low-level tracking for boulder ex-
cavation [11]. Integrating a more detailed analytical resistive-
force model [12] uses end-to-end RL for soil-adaptive bucket
filling. A similar task on a full-sized wheel loader was trained
inside a learned latent model of the machine by [13]. [14] show
grasp-point selection on a 40t material handler learned using
a bulk material simulator based on cellular automation in order
to simulate the collapse and pile redistribution. Longer horizon
planning tasks also benefit from higher fidelity soil simulation,
as shown by [15], who uses a height field simulation to learn
surface flattening on a scaled dozer.

The main limitation in all methods is the available terrain
state representation. While specific heuristic simulations work
for the designed use case (e.g., bucket filling or object ex-
traction), they do not generalize to other motions in contact
with deformable soil. Tasks are solved by handcrafted motions,
demonstrations, or guidance rather than being inferred from
the simulator state. Beyond the height field, little terrain state
mechanics are present, and they are not exposed to the learning
algorithm for contact-rich redistribution tasks.

C. Farticle and Granular Simulation for Robotic Soil Inter-
action

The aforementioned limitations of surface evolution,
history-dependent effects, and high-fidelity tool-soil contact
seen in heuristic models can be overcome using particle-based
simulators. For our simulator, we use widely adopted numer-
ical methods for soil mechanics simulation including [16],
elastoplastic constitutive modeling [17], affine particle-grid
transfers [18]-[20], and grid-based Coulomb-friction contact,
through multiple velocity fields [21] or a merged field with
collision particles [22]. Within the domain of robotics, particle-
based simulators have been employed to learn deformable
object manipulation as well as used within optimization
and validation. Recently, they are integrated into commercial
robotic simulators such as Newton [23], [24] or Algoryx [25].

Learning deformable object manipulation on particle simu-
lators has been employed for tabletop testbeds. Differentiable
simulation makes the material state itself the manipulation
objective, as shown by [26] for elastoplastic materials and for
fluids and multi-material scenes by [27]. GPU multiphysics
platforms extend this to coupled rigid-deformable systems
for large-scale policy training [28], and dedicated contact
formulations make MPM-rigid coupling stable enough for
interactive simulation [29]. For granular media, simulating
discrete particles and collisions on GPU is fast enough for
training RL policies [30] and can be calibrated from depth
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observations to predict piles and pattern formation [31], while
shaping of sand-like media into target structures has been
learned from height-map sand models [32]. These systems are
deployed on centimeter-scale plasticine, fluids, or dry sand in
tabletop work boxes.

Furthermore, the simulated material state can serve as an
optimization objective for material parameters or excavation
trajectories as shown by [33] and validated on a tabletop
arm. Granular repositioning has been formulated as trajectory
optimization over a learned surrogate of a MPM solver [34],
and differentiable MPM has been applied to deformable-
object control more generally by [35]. Gradients for differen-
tiable methods are acquired through automatic differentiation
through a physics simulator or learned surrogate. Where both
paradigms were compared on one simulator, gradient-based
control was stronger on short horizons and degraded on long-
horizon, multi-stage tasks [26].

For validation in virtual large-scale scenarios, particle-based
simulators can be utilized for multiple elements of the simu-
lation chain. MPM with nonlocal granular fluidity reproduces
blade and wheel interaction forces in three dimensions [36],
while GPU Smoothed Particle Hydrodynamics (SPH) terrame-
chanics scales to terrain kilometers long with on the order of
108 particles [37]. Differentiable MPM in Warp [24], [38],
can be used for example for geomechanical inverse analysis
[39], and 2D MPM has been applied to bucket-soil interaction
as an earthwork parameter study without plasticity or reported
throughput [40]. These formulations report run times orders of
magnitude slower than real time [36], [37], and none couples
a policy to the solver during training or exposes material
state as a reward. Real-time rates are reached by multiscale
terrain models that resolve particles only in an active zone
around the tool [25]. Such simulators have also been used
to train policies using RL [41]. [42] show that moderate soil
simulation fidelity can be sufficient, with a 10 % sim-to-real
gap in terms of trajectory, velocity, forces, load mass, and
work. A computationally efficient granular media model built
for RL likewise enabled quadrupedal locomotion on real sand
[43], and coarse-resolution simulation has been used to reduce
the cost of reaching fine-resolution policy performance [44].
[45] use a low-fidelity particle simulator to learn obstacle
removal for an 11.5t excavator, with rewards defined on
obstacle removal and bucket-to-obstacle distance.

This work aims to fill a literature gap in tool-soil interaction
at machine scale, expose internal material states such as
compaction as rewards, and provide throughput sufficient for
model-free RL.

D. Transfer, Embodiment Dependence, and Field Deployment

Reliable localization, perception, force estimation, and low-
level motion control are prerequisites for real-world deploy-
ments. [46] shows graph-based multi-sensor fusion for consis-
tent localization of autonomous construction machines under
field conditions. End-effector force estimation from hydraulic
pressures and inertial measurements allows a policy or con-
troller to reason about the interaction loads actually applied at
the bucket [47].

Transfer across embodiments remains an open problem due
to significant differences in hydraulic actuation, dynamics, and
geometry across commonly used machinery. We instead take
inspiration from manipulation research, where demonstrations
recorded with handheld grippers are learned as end-effector-
space policies and executed on robot arms through low-level
controllers, decoupling the skill from the specific embodiment
[48], [49]. For platform independence, the learned policy oper-
ates in a normalized task space and we separate the machine-
and hydraulics-specific parts into conventional controllers.

III. METHOD AND DEPLOYMENT ARCHITECTURE

For deployment, we embed the local soil manipulation skill
policy into a stack coordinated by a state machine. Figure 2
shows the hierarchy that executes a long-horizon task. The
workspace planner turns the requested terrain geometry into
aligned local workspaces and attack points. For the tasks
presented, the planner acts purely feed-forward in coordinate
space. Inside each workspace, the learned policy performs the
contact-rich in-soil motion without repositioning the excavator
or actuating the cabin rotation joint. A normalized interface
converts between policy variables and physical quantities using
the workspace bounds L., L, and the force capability Fi,ax.
The machine-calibrated low-level controller then tracks the
resulting Cartesian shovel target q;. Our contribution is the
learned soil-interaction policy, a particle-based simulator it
is trained in, and the normalized interface that transfers the
controller between machines. Workspace planning, state esti-
mation, and low-level tracking are realized with conventional
non-learning-based components. Since only the interface and
low-level controller are machine-specific, the same policy
checkpoint can be deployed on various embodiments without
retraining, by adapting only the calibrated interface layer.

A. Single-Workspace Task-Space Policy

The learned controller acts inside one aligned vertical
workspace and is formulated in Cartesian task space. On heavy
hydraulic machines, the cabin rotation joint is less suitable for
contact-rich lateral soil manipulation than the in-plane boom,
stick, and bucket joints. The workspace planner therefore
uses the cabin joint to align the workspace, while the policy
commands 2D shovel motion in the arm plane with all high-
torque actuators of the machine, matching the workflow of
expert operators. Figure 3 shows the training and deployment
setup of the components from Figure 2.

1) Actions: At each control step, the policy action a; is
added to the Cartesian shovel target in the two-dimensional
arm plane (z, z), represented by a control-point position and
shovel angle of attack ©. Updating a leading target pose before
it is reached mitigates the jerky motion usually observed with
end-effector space control.

o171 . ,
ar=[af af a] .  df, =qf+Atea, (D)

where qf = (zf, 27, 05) denotes the control point and shovel
orientation given to the low-level controller, and At,. is the
policy control period. The low-level machine controller tracks
this command as described in Section III-A4, effectively
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Fig. 2. Overview of the working blocks in this paper in the context of task execution. The workspace planner selects local workspaces and the task target
coordinate z*, the soil-interaction policy learned in particle simulation acts in normalized task space, the normalized interface rescales observations and actions
using the calibrated workspace bounds and force capability, and the low-level task-space controller tracks the commanded shovel pose. Green and blue mark
observation and action processing, purple marks machine-specific nodes not detailed in this paper and orange the policy checkpoint.
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Fig. 3. Training and deployment architecture for the normalized single-workspace soil-manipulation policy. Green and blue indicate observation and action
pre- and post-processing steps adapted to workspace size and machine capability. Purple elements are machine-specific interface nodes. The same policy
checkpoint is reused across platforms only after workspace, bucket, perception, force-normalization, and tracking interfaces are calibrated.

removing hydraulic joint control and inverse kinematics from
the learning objective. Its implementation decides the end-
effector (EE) target qf tracking speed, allowing on-machine
tuning for a desired and safe behavior. Safety constraints
on machine motion can be enforced deterministically in the
motion control layer.

2) Observations: We keep the observation independent of
the excavator embodiment and control dynamics. All com-
ponents are normalized, which improves training and eases
transfer between machines. Horizontal and vertical quantities
are scaled by the local workspace lengths L, and L., the
shovel orientation by 2w, and the shovel contact force Fj
by the machine force capability Fi,.x, which also sets the
maximum desired force in the reward function. A tilde marks
the normalized quantity,

(2a)
(2b)

a; = (27/La, 2 /L., ©F/(27)),
;1 (zg—l/Lﬂm zi_1/ Lz, 6;&:—1/(27r))a

7 = a* /Ly, (2¢)
fr = |1F3 )12/ Frnax, 2d)
h; = h,/L., (2e)

where qf = (23, 27,07) is the measured shovel pose, z* the
task target coordinate which is the input into the controller
where to place the center of the embankment in the workspace,
and h; the sampled terrain height profile. The observation
concatenates the 2D shovel pose q; € R3, the previous
Cartesian target pose qf_; € R3?, the task target coordinate
Z* € R, the force utilization ft € R, and the terrain height
profile flt € RM with Ny, = 30,

. .17
Oy = ngv QE—U ’i*v fta ht €R38~ (3)

Terrain height samples are updated only when the shovel is
above a threshold height, mimicking the inability to perceive
terrain occluded by the shovel. The force utilization indicates
whether the current interaction is close to the calibrated
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machine capability, allowing the policy to adapt to machines
with different force limits and to soils of varying resistance.
Only its magnitude enters the observation, whereas the reward
and termination conditions in Sections IV-D and IV-E use the
individual components. The magnitude is sufficient to indicate
proximity to stalling, and the direction of the interaction
follows from the commanded motion relative to the observed
terrain. During training, we add noise on the force and pose
observation for policy robustness.

3) Training: The policy is trained on the local workspace
simulation, which contains the soil and free-floating shovel
controllable through a simplified command-following inter-
face. Learning is thereby reduced to discovering how the
shovel should move through soil to achieve a material objec-
tive without any knowledge about the embodiment embedded
into the policy. Instead of hand-crafted motions, our rewards
are computed from simulated material state, which enables the
policy to optimize the desired physical outcome.

4) Deployment: During deployment, a policy interface
layer defines the physical workspace bounds, transforms the
measured terrain profile into the policy coordinate system,
rescales the commanded Cartesian shovel pose, and computes
the normalized force utilization from estimated end-effector
forces and the current machine capability. We use a Model
Predictive Control (MPC)-based end-effector motion controller
from [50] to track the rescaled shovel targets on hydraulic
machinery. A stiff motion controller is required for this
method. If the target lies slightly inside resistant soil, the
machine should apply the available force needed to approach
the target, subject to safety limits. A purely compliant con-
troller that reduces force in proportion to target error would
change the physical meaning of the policy action. Calibrating
these interfaces requires conventional methods only, while
our learned checkpoint applies to machines with comparable
bucket geometry and compatible workspace aspect ratios.

B. Worksite Supervisor

Most earthmoving objectives require a sequence of local
interactions with machine repositioning in between. A high-
level state machine decomposes the requested geometry into
aligned workspaces of approximately one shovel width and
drives the machine to the associated base poses. For each
attack point it moves the arm to an intermediate pose that
leaves the workspace unobstructed for the terrain scan, places
the shovel in contact, and runs the learned policy until its
terminal condition, for example when the shovel exits above
a prescribed height after completing an embankment stroke.
We use the same structure for all tasks in this paper and only
change the task-specific completion criteria.

IV. SIMULATOR AND POLICY TRAINING

The control policy is learned with batched on-policy model-
free reinforcement learning in a custom MPM-based simulator.

A. Soil Simulation

The soil is simulated in the vertical arm plane with a two-
dimensional explicit MPM solver, implemented using NVIDIA

Warp [51]. We batch over environments and parallelize the
MPM update on GPU. General-purpose 3D solvers are im-
practical at the domain size, particle count, and sample rate
required for this task, and they do not expose the material-
state variables we use for rewards. The soil is treated as an
elastoplastic continuum with a Drucker-Prager return mapping
in logarithmic strain space [52]. We introduce two earthworks
specific additions used in the rewards. First, the shovel is a
separate set of particles following a prescribed rigid motion
and is coupled to the soil by a dual-grid contact scheme with
Coulomb friction. Accumulating the contact impulses yields
the shovel interaction force F that we can use in observation
and reward formulations. Second, every particle carries a per-
sistent plastic volumetric compaction memory v, that records
mostly hydrostatic plastic compression, hardens the material,
and provides the material-state signal for compaction related
tasks. We use a simulation domain of 5.0mx3.0m on an
80 x 48 grid with a physics time step of At = 2 x 10735
and a 10 Hz control rate, which reaches about 533 times real
time with 1500 parallel environments with 7000 soil particles
each on a single NVIDIA GH200.

B. Solver Additions and Throughput

Beyond the compaction memory and the shovel coupling,
two modifications of the standard Drucker-Prager update are
needed for stable and realistic behavior at this resolution. First,
we cap the frictional contribution of the yield criterion,

&) =llell - 52 —min (-2 2 aue). 5.5 @
Iz 2p 21

with Lamé parameters A and p (shear modulus), elastic
logarithmic strain € and its deviatoric part €, cohesive offset
k., friction coefficient «, and cap factor 5 = 0.5. Because
the Drucker-Prager cone is open in compression, the frictional
gain is otherwise unbounded. A confined particle accumulates
elastic strain, and on decompression the yield surface drops
faster than the strain relaxes, so the return mapping releases
the stored energy in a single step and destabilizes the explicit
update. The cap acts as a compressive cap on the cone: at the
confinement levels reached in these tasks the shear strength
saturates at (14 ) times its unconfined value, which bounds
the stored deviatoric strain and leaves the strength pressure
dependent only in the weakly confined material near the
free surface. Second, the compaction memory v, feeds back
into the material. It hardens stiffness, cohesion, and friction
angle by a factor 1 + kpv,, where kj is the compaction
hardening coefficient. It enters the elastic volume ratio J; =
min(1, det(F,) exp(v,)), where F,, is the deformation gra-
dient stored for particle p. This relaxes compressive rebound
while the clamp prevents compaction from creating artificial
tensile suction. The compaction memory also gradually shrinks
the particle reference volume toward the locally observed
packed volume, so that compacted soil occupies less volume
in subsequent steps.

Contact is resolved on the grid between separate soil and
shovel velocity fields [21], with the contact normal estimated
directly from the rasterized shovel particle cloud, which avoids
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Fig. 4. Control steps per second (At. = 0.1s) versus number of environ-
ments. Each environment uses 7000 soil particles, 1000 shovel particles, grid
spacing 6.25 cm, and physics time step At = 2 x 103 s. Evaluation for a
single NVIDIA GH200, RTX4090, and RTX3080Ti.

a signed-distance representation and keeps the kernel parallel
over grid nodes. The interaction force F; accumulates normal
and Coulomb-friction impulses over all physics substeps of a
control step. It therefore also captures the tangential resistance
that dominates scraping and cutting. On the real machine the
reaction force is carried through the hydraulics and chassis into
the ground, acting as a momentum sink. '] therefore measures
the effort that the commanded shovel motion demands from
the machine, which is subsequently used in observation and
reward formulations.

All particle and grid arrays carry the environment index
in their leading dimension, and every kernel processes all
environments simultaneously, parallelizing additionally either
over particles, for the shovel velocity update and the particle-
grid transfers, or over grid nodes, for grid clearing and the
grid update with contact. The compute therefore scales as
O(NenvNp) and O(NenyNg) for N, particles and N, =
N, N, grid nodes per environment. We capture the full se-
quence of physics substeps between two control updates once
as a Warp execution graph and replay it during training to
remove launch overhead. The particle-grid scattering transfers
dominate the runtime on GH200. Memory access accounts
for about 80 % of the runtime and the soil model for about
20 %, while all remaining kernels are more than an order
of magnitude faster. Switching to gathering, custom data
structures, and manual cache optimization did not improve
this significantly, so we kept the straightforward scattering
implementation. Figure 4 reports control steps per second over
the number of environments for three GPUs. With multi-GPU
training on four GPUs we train at around 2000 times real time,
and Proximal Policy Optimization (PPO) optimization time is
negligible in comparison.

C. Learning Soil Interaction

The policy acts at the control rate Af. = 0.1s, while
the particle simulator advances at the physics time step
At = 2 x 1072 s. The simulated shovel pose linearly follows
an incrementally updated control pose, mimicking the end
effector tracking on the real machines. At reset, each envi-
ronment draws a precomputed terrain, generated by randomly
placing positive and negative features along the workspace
and smoothing them into a physically viable profile. Figure 5

Environment Reset

Target Profile
Particles
Particle Profile

A

height [m)]

Fig. 5. Example environment reset.

shows an exemplary environment reset state. We randomize the
shovel spawn pose, the soil parameters across silt, sand, and
clay and compaction states, the machine force capability Fi,ax,
the shovel speed limit, and observation noise. By training
across machines with different force limits Fi,ax, the policy
learns to adjust its stroke according to the capability specified
by the deployment interface.

D. Reward Functions

All rewards are computed at the control rate from the
simulated material state. Tasks share an action penalty 7,.4 =
—Xa|la¢ |3, a tracking penalty 7¢,acx proportional to ||q§ —q; |2
once the commanded target drifts more than §, from the
simulated shovel pose, and a terminal reward rge, from
Section IV-E. We use a two-stage curriculum switched at a
mean-return threshold. The first stage adds a term 7y,;; keeping
the commanded control point near a reference pose, the second
removes it and opens the reset and observation randomization.

Embankment formation and backfilling have surface-shape
objectives. At reset we sample a target profile h* and an
attention mask m and measure the attention-weighted profile
distance

Zi ]I[ml > mmin] my; |ht,7,' - hﬂ
- : (5
Yo Im > muin] my

Here, myi, is the minimum attention weight above which a
profile sample contributes to the distance. The policy observes
only the target coordinate z* and is unaware of h* or m.
Therefore, its behavior is not conditioned on a soil-dependent
cross-section collapse. For embankment formation, h* is a
trench-and-embankment profile with a binary mask, and the
reward is

e =N [ —di] A0 D (hei—hbase) +TE+ T,
i h: >hemb
©6)

with d?®* = min, <; d,, [z]4+ = max(x,0), hemb the target-
height threshold selecting the raised embankment region, Ap,se
the reference height subtracted in the dense height bonus, and
rsn collecting the shared terms. Progress is rewarded only
against the best distance seen so far, a small dense bonus
acts on the raised part of the target, and rr penalizes contact
forces exceeding the sampled machine capability. Rewarding

dy
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a target profile localizes the reward to the intended region.
It proved more stable than rewarding added material or peak
height and suppresses exploits based on transient unsupported
height scans. For backfilling, the target is a uniform level
hgaat with graded weights on the pile and the depression.
Progress is measured between consecutive steps with asym-
metric weights, AT [A]1 — A [A]—, Ay = dy—1 — di, where
[*]- = max(—z,0) is the magnitude of the negative part,
so that moving material away from the target is penalized,
and a Gaussian kernel around h* adds a dense bonus for
samples already at level. Since a flat profile can also be
reached by leveling the pile locally, a transport term rewards
the commanded horizontal movement x§ —x§¢_; directed from
the pile centroid Z;” to the hole centroid Z; , gated by the
proximity of the shovel to the source and by the contact of
the soil through the normalized force ||F;||o.

Compaction cannot be observed through surface shape.
The reward instead reads the mass-weighted mean plastic
volumetric compaction memory #; of the particles in the
attention zone 4, and rewards improvement over the best value
together with a dense term:

e = Ny (7= 7]+ Nl = Ap [[Fell2 — 117

+ Ay min(0, N = NA ) +r9 — M + 760, (7)
where 7Pt is the highest mass-weighted mean compaction
reached so far in the episode after initial settling, NtA is the
particle count in the attention zone, so material pushed out of
the zone is penalized, rg penalizes commanded shovel angles
outside the useful compaction range, and A; is a constant time
penalty against stalling.

E. Termination and Training

All tasks share a timeout and a workspace bound check.
Embankment formation additionally terminates successfully
when the shovel exits the upper workspace region with a
reward proportional to the accumulated profile improvement.
Backfilling positively terminates when the attention weighted
profile distance falls below a tolerance. The remaining con-
ditions are force based terminations that keep the learned
strokes inside the sampled machine capability. For compaction,
terminations prevent the policy from satisfying the objective
by pulling or cutting into the material instead of applying
pressure. This task is otherwise particularly prone to exploiting
simulator dynamics.

Policies are trained with PPO using RSL-RL [53] on 4000
parallel environments, with actor and critic multilayer percep-
trons of three hidden layers of width 256. Training a task takes
on the order of 3h on four GH200 GPUs, with first signs
of learning appearing after 50 learning iterations across all
three tasks. The common PPO parameters are discount factor
v = 0.99, GAE parameter A = 0.95, PPO clip parameter
0.2, value-loss coefficient 0.5, clipped value loss, two learning
epochs, eight mini-batches, fixed learning rate, and gradient-
norm clipping at 0.5. The setup uses about 5 GB memory per
GPU.

V. EVALUATION

For evaluation, we deploy our control stack from Section III
on the 11.5t hydraulic M445 as well as the 500 g LeExcavator.
We quantitatively evaluate the embankment creation policy in
a long horizon field trial and qualitatively show material state
conditioning and adaptivity on compaction and backfilling
experiments. As we are not aware of an existing method that
provides a fair baseline with the ability to use out-of-shovel
material and change the soil compaction, we use a human
expert for performance comparison.

A. Embankment

In the embankment experiment, we demonstrate the core
contributions of the paper by leveraging out-of-bucket bulk
displacement and material flow. We evaluate it with a large-
scale outdoor deployment and in a direct expert comparison on
M445. Menzi Muck M445 is an 11.5t spider excavator with
retrofitted kinematic sensing, LiDAR and cylinder pressure
sensors. End-effector forces are estimated from the hydraulic
pressures [47] and the terrain profile from LiDAR points
averaged along the shovel path. Maximum force capability
Fhax is determined by manually pushing into the ground with
a flat shovel. This value can be modulated by the current
shovel pose to take the changes in linkage advantage across
the workspace into account.

The 42 m target embankment path is discretized into over-
lapping scoops by a supervising planner. It groups attack
points into workspaces at base poses chosen from the reach-
able arm range. For statistical evaluation we use 3 policy
executions per attack point for a higher embankment and to
recover collapsed material from the first stroke (201 executions
across 67 attack points). Driving, chassis balancing over
uneven terrain, and path planning use conventional controllers.

1) Field Deployment: The autonomous system creates a
42m long embankment at about 1m/min (45min of con-
tinuous operation), encountering soil of different compaction
and embedded rocks up to 40 cm in diameter. The resulting
structure, shown in Figure 6, is continuous over the full
length with a measured valley-to-peak height of 2.1 m despite
non-homogeneous base material. No human intervention or
guidance beyond the globally registered coordinates of the
target embankment were needed. The reported mission was the
first attempt at this scale. It is the only large-scale embankment
run executed, with no discarded prior attempts.

2) Per-Stroke Statistics: The mission decomposes into 201
policy executions across 67 attack points grouped into 14
workspaces, with autonomous driving repositioning the ma-
chine. Each rollout exits at the intended termination with no in-
soil stalls, short-contacts or human intervention. Every policy
execution lasts 9.6 £ 0.7s (range 8s to 11.9s) and reaches a
peak shovel interaction force of 59 £ 9.5kN (range 36 kN to
75 kN). We compute the displaced volume from a before/after
3D LiDAR scan. Over the full mission the policy displaces
110 m? of soil, with an average of 0.55m? per execution.

Figure 7 summarizes the shovel trajectory, interaction force
profile, and angle of attack over all rollouts, reported as the
median together with the interquartile and 5% to 95 % range
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Fig. 6. Autonomous construction of a 42m embankment by M445 in one
continuous mission of about 45 min. The measured valley-to-peak height is
2.1m, and the advance speed is about 1 m/min.
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Fig. 7. Shovel tool path, interaction force, and angle of attack as a function
of stroke progress, aggregated over all 201 policy executions of the 45 min
embankment mission. Shaded bands show the interquartile and 5% to 95 %
range around the median.

as a function of shovel x position in the control workspace. The
envelope shows a consistent stroke shape across the mission.
The shovel penetrates at a high angle of attack, flattens
while filling, and re-opens toward the exit. The interaction
force rises to a first local peak during penetration, eases
during the fill phase, and rises again while pulling material
up and out of the trench. The interquartile band stays close
to the median throughout the stroke, indicating a repeatable
operation. Outliers were observed when the policy had to adapt
to buried rocks or hard soil.

Embankment Profile Comparison
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Fig. 8. Same-setup 9m embankment profile comparison between expert
operator and autonomous controller. Expert-operator embankment height:
1.46 m. Autonomous-controller embankment height: 2.11 m. We project the
point cloud along the embankment axis. Missing points on the robot data
originates from point of view self-shadowing of the embankment.

3) Expert Operator: For a baseline comparison, we ask
an expert spider-excavator operator with over 15 years of
experience to create the same type of embankment next to our
autonomously created one. The expert is instructed to build
the embankment as high as possible as quickly as possible,
matching the objective for the autonomous controller. We
report the results as a single-trial comparison at one site and
soil condition. The expert chooses a similar approach to the
autonomous controller, also using the excess material in front
of the bucket by following a similar piling motion. The main
difference is the angle of attack with the expert using more
bucket motion and lower angles of attack. The expert creates
an embankment of 9m length in 522, resulting in a progres-
sion speed of 1.03m/min, close to that of the autonomous
operation. Figure 8 shows a comparison of the embankment
profiles produced by the expert and the controller. Both profiles
are the projected point cloud of a 9 m embankment segment
along the main axis. Variations in point density along the path
originate from the oblique viewing angle of the scanner.

We measure valley to peak height by averaging the height
along the x-direction and then comparing the highest aver-
age with the lowest. The expert-operator embankment has a
height of 1.46 m, while the autonomous-controller embank-
ment reaches 2.11 m. The autonomous controller also achieves
lower height variation across the 9m patch with a standard
deviation of 9 cm, versus 11 cm from the expert operator.

4) Conclusion: With the large scale embankment exper-
iment, we validate the effectiveness of our policy learning
pipeline leveraging out-of-bucket material displacement at full
scale. Across 201 rollouts, the M445 built a 42m, 2.1 m high
embankment in 45min without intervention, with tight per-
stroke envelopes despite heterogeneous soil and buried rocks.
The controller matches expert operator progression speed,
building a higher embankment at lower height variation in
our trial.

B. Validation

In this subsection, we address the claims of this paper
through qualitative experiments on hardware and ablation
studies in simulation.

Q1: Can we adapt across excavators?: To evaluate cal-
ibrated cross-platform transfer, we run the same embankment
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TABLE I
PER-PLATFORM CALIBRATION OF THE NORMALIZED INTERFACE.

Calibrated quantity Menzi Muck M445 LeExcavator
Machine mass 11.5¢t 500g
Workspace L, X L, 5.5m X 3.3m 0.30m x 0.18m

Workspace placement
Force capability Finax
Force estimation

100 kN nominal

Unit (IMU) [47]

2.5m to 8.0m from the cabin

hydraulic cylinder pressures and Inertial Measurement

0.10m to 0.40 m from the base
40N
servo position and current with forward dynamics

Azure Kinect DK

Sandbox

(b) LeExcavator

(a) Menzi Muck M445

Fig. 9. The two evaluation platforms with link and joint naming. (a) Menzi
Muck M445 robotic excavator: the arm links include joint position and
velocity sensing, the hydraulic cylinders carry A- and B-side pressure sensors,
and a LiDAR provides spatial perception. (b) LeExcavator, a small tabletop
platform with electric servo motors for soil manipulation testing. The software
interface matches that of the M445.

policy from Section V-A on the tabletop LeExcavator without
policy retraining. LeExcavator is based on the LeRobot SO-
101 by [54] with a custom shovel EE, uses an Azure Kinect
DK depth camera for the height scan [55], and computes EE
pose and force from servo position and current.

Table I lists the quantities calibrated per platform for the
interface layer from Section III.

Figure 9 shows both platforms with the link and joint
naming. The 11.5t M445 is controlled by an on-board com-
puter through the manufacturer’s remote-control interface.
RTK GNSS, IMUs and LiDAR is used for machine pose
estimation using [46]. EE pose is provided by a commercial
kinematic sensing system, computed from IMU measurements
on the arm links. A LiDAR in the sensor box provides terrain
profile measurements. EE interaction forces are estimated from
cylinder pressure sensors and inertial readings using [47].
In LeExcavator, an Azure Kinect DK is chosen for height
scanning due to the high resolution and low noise [56]. EE
pose and force are computed through forward kinematics
and dynamics from servo position and current. Although
servo current measurements are very noisy, experiments still
succeeded, but cannot be evaluated quantitatively, as shown in
Figure 10.

Figure 11 shows a single-stroke execution of the
embankment-creation policy. The shovel trajectories in Fig-
ure 12 show the same qualitative trajectory shape as observed
on the large hydraulic excavator. The policy succeeds creating
an embankment with the performed motion.

Forces Embankment
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Fig. 10. End-effector force estimates on LeExcavator with the embankment
policy. The single-pass trace is noisier than the M445 hydraulic estimate but
shows the qualitative contact sequence.

Fig. 11.

Single stroke of the embankment-creation policy on LeExcavator.
The same checkpoint and weights are used without policy retraining. Only
measured interface calibration changes.
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Fig. 12. LeExcavator shovel trajectories with the embankment policy using
the same checkpoint and measured interface calibration.
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Fig. 13. Representative backfilling shovel motion in the training environment, on M445, and on the tabletop LeExcavator. The policy uses the underside of
the shovel by pushing material back into the trench at high angles of attack. The results are shown as qualitative transfer demonstrations.

In subsequent experiments, we also compare the task exe-
cution between M445 and LeExcavator on the backfilling and
compaction tasks. Both transfers confirm that the policy per-
forms well on different embodiments when deployed through
the calibrated interface.

Q2: Can we learn to use multiple faces of the shovel?:
The backfilling task reverses the effect of the embankment
policy by pushing excess material into a pit. Figure 13 shows
representative shovel motions in the training environment, on
M445, and on LeExcavator. The learned policy uses multiple
contact faces of the shovel, including the underside. It moves
the shovel at a high angle of attack in front of the embankment,
pushes forward to displace material, and lowers the angle
of attack near the end of the stroke to close the hole. We
qualitatively show that the controller is effective in backfilling
a pit and that it transfers well between M445 and LeExcavator.

Q3: Can we condition the policy on the compaction
of the soil?: The compaction experiment qualitatively tests
whether a reward on internal simulated particle state can yield
a different contact behavior. As described in Section IV-D,
the reward encourages accumulation of compaction memory
in the region of interest while penalizing particle displacement.
The learned policy uses the underside of the shovel to push
against the embankment and applies force without collapsing
the structure. Figure 14 shows the learned motion in the
simulation environment and on both real platforms. Figure 15
shows the interaction forces on M445. On both platforms, the
soil gets compressed without collapsing the pile.

Q4: Does the internal particle state reward enable com-
paction?: To isolate the effect of the reward on compaction
state from the shared action and force penalties, we train an ab-
lated policy without the compaction terms of (7) and compare
500 simulated rollouts of each checkpoint. We read the mean
attention-zone compaction (#;) at a settled baseline. Figure 16
shows that both policies start from indistinguishable setups

but only the compaction-trained policy improves compaction
substantially (0.158 vs. 0.017) with per-rollout gain distribu-
tions clearly separated. Without a reward on compaction state,
the policy never learns the compacting motion in this learning
setup.

Q5: Can the policy adapt to different soil types?: We
test whether the learned policy changes its trajectory and force
behavior based on the soil hardness. The embankment policy
is deployed on two flat workspaces, one with soft, excavatable
ground and one on hard soil that requires scraping with high
vertical force. Figure 17 compares the shovel trajectories of the
soft and hard rollouts. The soft-soil condition are later pictured
in Q9, and Figure 18 shows the hard soil after repeated
scraping. In soft soil, the controller penetrates at a higher
angle of attack and reaches greater depth. At the lowest point,
the shovel partially closes to move material into the bucket
and keep the shovel perpendicular to the direction of motion,
maximizing the amount of displaced material in front of the
bucket. This moves additional material that does not fit into
the bucket up the embankment. During the pull-up, the shovel
opens completely to dump the material onto the resulting
embankment. On hard soil conditions, the shovel stays at a
high angle of attack for scraping throughout the motion. The
policy achieves only shallow penetration even though it applies
large vertical force to the ground. In both cases, the machine
does not get stuck and executes the full motion without human
intervention. The policy adapts the strategy effectively based
on the soil condition.

Q6: Can the policy be transferred between machines of
different force capability?: The needed interaction force is
highly dependent on the in-soil trajectory, which makes the
policy responsible for adapting to the machine’s capability.
In this experiment, we modulate value Fi,.x of (2d) and
check the adapted behavior on very hard soil, which requires a
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Fig. 14. Representative compaction shovel motion in the training environment, on M445, and on LeExcavator. The policy approaches the embankment and
applies force with the flat underside without visible collapse. Particle color indicates compaction state from yellow (loose) to red (compacted).
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Fig. 15. Shovel forces during the compaction skill on M445 for one
representative run. The policy mainly exerts force in the x-direction while
also pushing the material down.

Compaction Progress Ablation
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Fig. 16. Mean attention-zone compaction at the settled baseline and at episode
end, over 500 simulated rollouts of a policy trained with and without the
compaction terms of (7). Both policies start from the same baseline. Only
the reward-trained policy (green) compacts further by episode end, while the
ablated policy (orange) stays at baseline.

Trajectory Comparison
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Fig. 17. Comparison of shovel trajectories in hard and soft soil. Hard soil
can only be scraped, while soft soil can be excavated. The realized trajectory
changes visibly between the two material conditions.

Fig. 18. Hard soil after the scraping motion. Very little penetration and
displaced material.
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Fig. 19. Comparison of shovel trajectories in hard soil with raw force-

normalization values of 50 kN and 100 kN. The higher value leads to more
applied force and about 15 cm deeper penetration in this representative test.
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Fig. 20. Shovel interaction force of the embankment policy during operation.
The raw force-normalization values are 50kN and 100kN. The resulting
force traces show the policy response to the force-utilization observation
normalized at different values.

scraping motion for displacement. We test with Fj,,x = 50kN
and 100 kN. Figure 19 shows the differences in the executed
trajectory, with about 15cm deeper penetration from the
stronger normalization factor.

The difference in behavior is visible in the EE force profile
in Figure 20, with the stronger force-normalization setting
pushing with about 60kN into the ground and the weaker
setting with about 40 kN. The 60 kN rollout slightly lifts the
front wheels of the machine, naturally limiting the maximum
applied force. The difference in applied force is also visible in
the x-direction, with the stronger rollout applying more ripping
force.

Q7: Is end effector force observation necessary?: The
previous results show that the deployed policy reacts to the
force-utilization observation. In this ablation, we show that this
observation is necessary for the behavior rather than incidental
to it. To isolate its contribution, we train a second embankment
checkpoint that is identical except that the force-utilization
term is removed from the observation, and evaluate both
checkpoints over 500 simulated rollouts each. The raw force-
normalization value Fj .y is fixed at the highest machine-
capability value observed by either policy during training,
so both policies experience negative reward for exceeding
this limit. The two rollout sets differ only in whether the
policy observes its currently applied force during training and
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Fig. 21. Peak interaction force per rollout, normalized by the machine-
capability limit Fax, over 500 simulated rollouts each for a policy with
and without the force-utilization observation. Both checkpoints are evaluated
at the same fixed Fmax, the highest capability value either policy has seen
during training. The force-aware policy concentrates its force usage near the
capability limit. The policy without the observation is more conservative on
average and more widely spread, including rollouts that exceed the limit.

test. Figure 21 compares peak interaction force per rollout,
normalized by F},.x, between the two checkpoints. The force-
aware policy concentrates peak force closer to the machine-
capability line with only few exceeding samples. The policy
lacking the force observation is more conservative on average
and more variable, with a tail of rollouts exceeding machine
capability. Without the force observation, the policy cannot
sense proximity to the limit during the stroke and back off in
time, so it either stops short of the available capability or over-
shoots it. The force-aware policy exploits more of the available
capability throughout the stroke. Median crest-height gain
per rollout is 0.75m (interquartile range 0.56m to 0.937 m)
with the force observation, versus 0.68 m (interquartile range
0.5m to 0.93m) without it. Removing the force-utilization
observation therefore degrades both capability exploitation and
embankment height, supporting the force-utilization observa-
tion as a necessary observation for successful task execution.
Q08: Does the policy adapt to different soil shapes?: We
validate adaptation to the soil-profile observation by running
the embankment policy multiple times at the same location
on soft soil. Figure 22 shows the experiment setup with a
flat initial surface and an embankment increasing in size on
each stroke. Figure 23 shows the individual terrain shape
observations for the three passes. The tracked trajectories in
Figure 24 show visible adaptation to terrain shape. The first
stroke is the shallowest and reaches furthest back. The second
and third passes become progressively deeper and respect the
existing embankment with a less aggressive dumping motion.
Because the experiment soil has little cohesion, material
from the sides and from the embankment collapsed back
into the trench, which created similar initial conditions and
therefore similar second and third strokes. During embankment
construction, this is compensated by selecting overlapping
workspaces.
This result is consistent with statistics recorded across
the full 45 min mission, where every attack point receiving
multiple scoops provides an independent repetition of the
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13

Fig. 22. Terrain shape adaptation experiment. We carry out multiple passes in the same workspace. The policy adapts the motion based on the observed

terrain shape. Images show the initial setup and the state after the first, second, and third stroke.
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Fig. 23. Terrain shape observations for each pass. First pass with flat terrain
and second and third with increasing embankment.
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Fig. 24. Shovel trajectories for multiple passes on same workspace. The initial
pass on flat ground is the most shallow one, with the second and third cutting
deeper into the material.

same first/second/third-pass comparison. Figure 25 reports
peak interaction force, penetration depth, and height gain per
stroke, grouped by pass number. Median penetration depth
increases monotonically with pass number, from about 0.76 m
on the first pass to about 0.88m on the second and about
0.96 m on the third, while median height gain per stroke falls
from about 0.25m to about 0.18 m and about 0.13 m. Median
peak interaction force rises modestly, from about 56 kN on
the first pass to about 65kN on the third, consistent with
the policy scraping into progressively more resistant, less-
disturbed material.

Q9: Is the soil from the experiments within distribution
of what the simulator predicts?: This experiment tests that
the soil encountered in our field experiments lies within our
training distribution. Because the soil model is overparame-
terized with respect to a single trajectory, several parameter
combinations yield similar force and displacement histories.
We therefore do not solve the inverse problem of inferring
soil parameters from measurements. Soil parameters are hand-
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Fig. 25. Peak interaction force, penetration depth, and height gain per stroke,
grouped by pass number (first, second, third scoop at the same attack point),
aggregated over all attack points of the 45 min embankment mission that
received at least three scoops. Boxes show the interquartile range and median.
Individual strokes are overlaid as points.

picked from the training distribution in order to demonstrate
qualitatively, that interactions encountered during real-world
experiments have been seen during training. We use a scraping
motion that starts close to the soil, penetrates about 50 cm,
and then pulls out of the material as shown in Figure 26.
On the M445, we log interaction forces and shovel poses and
use a laser scan to record the terrain shape after the pass. In
simulation, we kinematically replay the recorded shovel poses
on a terrain initialized from the pre-pass laser scan, and log
contact forces and the final terrain shape. Since the simulator is
two-dimensional, its contact force is a sectional quantity, and
one constant is required to compare it with the measured force
of the 1300 mm wide bucket. This scaling factor is calibrated
by matching the magnitude offset of two force profiles of a
different motion, sets only the overall force scale, and is not
fitted per axis, per sample, or to the temporal shape.

Figure 27 shows that the x- and z-direction forces agree in
magnitude and temporal shape between simulation and reality.
Because the scale factor is a single constant, this agreement in
shape and in the ratio between the two components is a prop-
erty of the simulated interaction. The remaining differences
are mostly attributable to the residual parameter mismatch and
to the idealized perfectly homogeneous soil of the simulator.
Figure 28 compares the final terrain profile along the motion
path. The simulated profile follows the measured trend. The
flow and collapsing behavior of the real material is visually
matching that in our simulation. Taken together, the force and
profile comparisons indicate that a similar soil behavior was
included at training time.

C. Limitations

Several limitations remain. First, the learned policies alone
do not solve a long-horizon worksite task. To keep observa-
tions independent of embodiment and low-level controller dy-
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Fig. 26. Single replayed scraping motion used to check that the encountered soil lies within the randomized training distribution. The measured M445 shovel
pose is replayed in simulation from a laser-scan terrain initialization with soil parameters selected manually inside the training range. Snapshots at 0, 8, and

13 s show conditions before, during, and after the interaction.
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Fig. 27. Interaction-force comparison for the single motion shown in Fig-
ure 26. The measured M445 pose is replayed in simulation and the sectional
simulated force is scaled by the single constant factor for both components.
Force magnitudes and temporal shapes agree for this tested motion.
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Fig. 28. Final terrain shape comparison after the single replayed interaction
in Figure 26. The real profile is computed from a laser-scan point cloud, and
the simulated profile is extracted from the particle simulation.

namics, we omit history and use no time-aware network, which
keeps observations in-distribution under changing controller
dynamics but also prevents the policy from learning multi-
stroke motions. This shortcoming is clearly visible at the com-
paction skill with successful single stroke compaction, but no
re-positioning or pushing from above being learned. Longer-

horizon tasks therefore require embedding these single-stroke
skills into a higher level controller. Similarly, the current re-
ward formulation does not allow free-form shape conditioning.

Second, the normalized interface reduces but does not
remove embodiment dependence. The same checkpoint can
be reused only when workspace aspect ratio, perception, force
normalization, and low-level tracking preserve the physical
meaning of the policy observation and action. The present
experiments use compatible shovel geometries, and the simu-
lator does not train over arbitrary bucket shapes. Transfer to
machines with incompatible buckets, workspaces, or compliant
low-level behavior would require additional training.

Third, the simulator is two-dimensional and uses simplifi-
cations to maintain reinforcement learning compatible speeds.
While in-plane soil mechanics and force profiles are captured,
no heterogeneous materials and three-dimensional effects are
seen during training. These shortcomings are currently com-
pensated by the planner and high-level controller through
task repetition and overlapping workspaces. Furthermore, the
simulation replay experiment uses manually selected soil pa-
rameters and should be read as qualitative support for the
training model.

VI. CONCLUSION

We presented a particle-simulation reinforcement-learning
formulation for local excavator soil manipulation that learns
task-space shovel motions from rewards on simulated material
state, including terrain shape, material displacement, contact
forces, and compaction memory. The learned policy is sep-
arated from machine-specific actuation through a calibrated
perception and low-level motion control interface.

The experiments show material-aware behavior on diffi-
cult earthmoving tasks. Our embankment policy changes its
trajectory in response to soft and hard soil, the observed
terrain profile, and the indicated machine force capability,
and embedded in a worksite state machine it constructs a



PREPRINT

42m embankment under field conditions at a progression
speed comparable to an expert operator, with a higher profile
and lower height variation. Backfilling and compaction add
qualitative transfer of two more material-state aware policies
on both platforms. The central result is that particle-based
reinforcement learning provides a practical local skill layer
for contact-rich soil manipulation when the simulator exposes
task-relevant material state, and that the calibrated normalized
interface is the relevant abstraction for reuse on different
machines.

VII. FUTURE WORK

Currently, bucket shape is fixed in simulation. Transfer is
therefore shown for compatible bucket geometries, and future
work should train over broader tool-geometry distributions.
Future work should add more complex tasks on longer time
horizons with a history formulation that does not break low-
level controller independence. In 3D, future policies should
learn tasks that are aware of the limitations of the cabin joint
and use it similarly to a human operator, for example when
closing a trench.
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APPENDIX A
SOIL SIMULATOR IMPLEMENTATION

In this appendix, we discuss the implementation details
of the two-dimensional explicit MPM soil simulation. We
implement our solver using NVIDIA Warp, which provides
GPU kernels written in plain Python. Relative to a standard
MPM solver with a Drucker-Prager update, the implementation
adds, besides the compaction memory and the shovel coupling,
compaction-dependent hardening and a modified elastic vol-
ume response with gradual reference-volume shrinkage.

a) Simulation setup: Our computational domain has size
L, x L, =50m x 3.0m and is discretized by a Cartesian
background grid with N, x N, = 80 x 48 cells, resulting in
grid spacing

Az = (3

2|

A physics time step of At = 2 x 10~3s is used, which
provides a good tradeoff between accuracy and performance
while maintaining stability. The controller runs at 10Hz,
i.e., with the control period At. = 0.1s, thus executing
Ngub = At./At = 50 physics update steps before each
control update. Soil is represented by classical material points,
while the shovel is represented by a separate set of particles
that follow prescribed rigid-body kinematics for straightfor-
ward force coupling. The solver advances the system with the
standard MPM sequence

clear grid — P2G — grid update — G2P.

b) Particle and grid state: Each soil particle p stores
position x,, € R?, velocity v, € R?, deformation gradient
F, € R?*2 affine velocity matrix C, € R?*2, a reference
volume V},, and a scalar plastic volumetric compaction mem-
ory v,. The grid stores nodal mass and momentum separately
for soil and shovel:

(meil, pioil), (mihovel, p?hovel) )

We use the affine term in APIC form. In addition, a
one-dimensional column accumulator stores mass-weighted
compaction-memory values for reward evaluation of some
learned tasks.

c) Interpolation: We use quadratic B-spline interpolation
with a 3 x 3 stencil. Let x,,/Ax be the particle position in grid
coordinates, and let the lower-left stencil corner be

bd 1
b,=|-%—-=|.
P LAJ; QJ
For the local coordinate &, = x,/Az — b,, the one-
dimensional weights are

wo(§) = 5(15 -6, ©

wy (&) = 0.75 — (£ — 1), (10)

wz(€) = %(5 —0.5)% (1)
and the two-dimensional weight for grid node i, j is

Wp,ij = Wi(&pa) W (€p,2)- (12)

d) MPM transfer and kinematics: For soil particles, the
deformation gradient is updated explicitly as

Fptb* = (I+ AtCp) Fy. (13)
The P2G transfer uses APIC momentum:
P = wpi (mpvy + Ap(xs — %)), (14)
msl 4= wpim,, (15)
where
A,=P,+m,C, (16)

contains both stress and affine velocity contributions. After
grid operations, G2P reconstructs velocity v;j“ and affine
velocity Cpt! as

n+1 __ 1
Vp —g Wy V7
)

C;“Fl =4Az ! Z wy VI @ (x;/Ax — x,/Az) . (18)

a7)

Particle positions are then updated by

xnt = x, + At V;LH.

; (19)

e) Elastic predictor and Drucker-Prager plasticity: We
compute the elastic response with a corotated model. We

perform a polar decomposition
F =RU, (20)

where R is rotation and U is the symmetric stretch tensor. Let
s1, s2 be the principal stretches of U, and define logarithmic

strains
_ |log sy
€= [1og 52} . 21
The deviatoric part is
. 1 1
€=e—5 tr(e) [J . (22)

With Lamé parameters u, A, friction angle ¢, and cohesion c,

we use
\/5 2sin ¢
o=\l —,
32—sing

ko = 4ccos ¢ . 24)
V32— sing)

Both expressions adapt the circumscribed Drucker-Prager fit
to the Mohr-Coulomb criterion, whose three-dimensional form
carries (3 — sin¢) in the denominator [52], to our two-
dimensional solver by replacing 3 with 2, consistent with
the 1 tr(e) deviatoric split used in place of tr(e). With
elasticity the deviatoric Kirchhoff stress is 2ué and tr(r) =
(d\ 4+ 2p)tr(e), so dividing the stress-space criterion by
2p yields a dimensionless measure in which the volumetric
term carries (dA 4+ 2u)/(2p) and the cohesive offset becomes
k./(2w). We further cap the frictional contribution, giving the
capped Drucker-Prager measure (4) from the main paper.

(23)
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f) Plastic volumetric compaction memory: The imple-
mentation augments the Drucker-Prager update with a persis-
tent scalar plastic volumetric compaction memory v,,. This
memory records mostly hydrostatic plastic compression and
later supports compaction-related material hardening, volumet-
ric stress response, volume shrinkage and can be used for the
task reward. The magnitude of the elastic logarithmic strain is
converted into a capped loading factor

(25)

where ey, is a strain threshold and r"** caps the loading fac-
tor. Heavier elastic loading accumulates compaction memory
faster, and the cap limits the contribution of a single step.
Expressing the factor as a strain ratio keeps it dimensionless
and independent of At. Let

€c

_ 26
P T

e. = max(0, —tr(g)), Ph =
denote the compressive logarithmic volumetric strain and a
hydrostatic-compression ratio, where €;¢e is a small constant
that avoids division by zero when both terms vanish. Memory
accumulation is triggered only when compression dominates
shear:

min k min

e > max(el My), Ph > P 27

where 7, converts the cohesive strength into a strain threshold
and therefore carries units of inverse stress. The constant
floor e™" retains a minimum compression requirement for
materials with little cohesion, independent of Fk.7,. This
threshold governs the compaction memory only and does not
enter the stress response. The hydrostatic-ratio threshold pmm
requires compression to dominate the local strain state without
demanding purely volumetric loading, since shovel loading is
typically a mix of compression and shear. In that case the
scalar memory is incremented by

min k comp

Avp = (ec — ¢ly)) prmin(ry, rpmP),

Vp < min(vy + Avp, Umax)-

(28)
(29)

max(e;,

Thus heavier elastic loading can increase how quickly com-
paction memory accumulates, up to the additional cap r;°™P,
but the elastic Drucker-Prager return mapping remains respon-
sible for the stress-producing deformation gradient.

g) Stress computation: Before computing stress, the
compaction memory hardens the material parameters. With

v = min(Vp, Vmax), We use
hy =1+ kv, (30)
p = Nplio, Ap = hpAo, ¢p = hpe, (31)

VZ)”? A¢max)7

where kj, is the stiffness-hardening coefficient, ks is the
friction-angle hardening rate, and Ad¢n.x caps the total
friction-angle increase from compaction hardening. Sec-
tion IV-B summarizes this as a common hardening factor
1 4 Epvp; precisely, stiffness and cohesion scale with hy,
whereas the friction angle increases additively and is capped.

¢p = ¢ + min(k, (32)

After the constitutive update, we use the Cauchy-like stress
term

op =24, (Fp — R)F) + N J5(J5 —
Jy; = min(1, det(F,) exp(v})) .
The modified volume ratio .J; treats the compaction memory
as isotropic plastic volume loss. It can relax compressive
rebound, but it is clamped so that compaction memory does

not create artificial tensile suction. This is converted into the
affine stress contribution for P2G as

= —AtV, ke 4Ax™

DI, (33)

(34)

(35)

2
Op,

where k. is a near-unity compressibility correction factor. This

extra scalar factor is another pragmatic modification to tune
bulk response without changing the basic constitutive form.

During G2P, the local grid mass gives an observed volume

Vobs _ A$2 Mp .

P 22 Wpith

If compaction memory is present and Vp"bS is sufficiently

smaller than the current reference volume set at reset time, V),

is reduced gradually toward the observed packed volume with

a per-step shrinkage limit. Therefore, compacted soil occupies

less volume in subsequent steps.

h) Rigid shovel representation and soil interaction: We
represent stiff objects as a set of particles attached to a
prescribed rigid transform, and resolve contact with separate
soil and shovel velocity fields on the grid, following the multi-
velocity-field MPM contact approach of [21]. Let the shovel
pose be (xs,0;) with translational velocity us and angular
velocity w,. For a shovel particle at offset r,, from the shovel
origin, we assign the particle velocity

(36)

T
V;hovel = u, +ws |: D,z :| ] (37)
“Tpa
We transfer these shovel particles to a separate solid grid:
pfhovel 4= Wy mpV;hOVEI, (38)
mihovel f =, my,. (39)

In addition, the solver accumulates the unweighted particle
gradient

g +=X; — Xp, (40)
which serves as a local estimate of contact normal direction,
n; = 5 (41)

”gi”

The normal is estimated directly from the rasterized shovel
particle cloud for higher performance on parallelized compute.

Contact is resolved on the grid after converting soil mo-
mentum to velocity and adding gravity. For a node containing
both soil and shovel particles, we compute

soil

b;

vi=——+Atg, (42)
%
pshovcl
u; = m%hovel’ (43)
Vel = Vi — Uy, (44)
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and detect contact motion into the shovel if

Xi = Vrel,i - (—1;) > 0. (45)

Here y; is the normal closing speed at the grid node. The
normal component of the relative velocity is removed by the
collision velocity increment

Avn,i = Xy (46)

Our solver additionally applies a Coulomb-like tangential
friction. With the tangential relative velocity and its direction,

2 Vi

Vii = Vieli — (Vrel,i - 1)1, t; = , 47
Vel
and the clamped friction speed
¥i = min(peXs, |[vell), (48)

the tangential velocity increment is

Avy; = —iti, (49)

where . is the shovel-soil friction coefficient and Av;; =0
for ||v¢;|| = 0. The clamp prevents friction from reversing
the available tangential slip in a single grid update. Both
increments are applied to the grid velocity,

V; < V; + Avmi + Avm, (50)

which is equivalent to applying the impulse

Ji = m (Av,,; + Avy ;) = mso! (xim; — %‘fi)

?

(G

to the soil. We obtain the force accumulator used by the policy
by dividing this impulse by the MPM step size and summing
over all contact nodes and all Ng,;, physics substeps in one
control step:

1 Nsub m:?‘oeil
i, £
Fj=— E E (Xi,eni,é - %ftiv@)' (52)
Nsun (=1 i€Cy At

The contact set C;, contains grid nodes with nonzero soil
mass, nonzero shovel mass, a valid rasterized normal, and
positive closing speed. In our solver this is the quantity
stored as the shovel collision force. Because the accumulator
contains the normal and the frictional term, it also represents
the tangential resistance that dominates scraping and cutting
motions. The force therefore measures the effort that the
commanded shovel motion would require from the machine,
and we use it for the force observation and reward penalties.
On the real machine reaction is carried by the excavator
through its hydraulics and chassis into the ground rather than
accelerating the tool, so the machine acts as a momentum sink
on the time scale of one interaction.

i) Boundary conditions: The bottom few grid rows are
treated as sticky v; = 0, while the remaining outer boundary
suppresses only outward normal motion. These boundary
conditions approximate the ground below, where force is
distributed as inter-particle shear.

J) Parallelization: The implementation is batched over
environments. All particle and grid arrays carry the envi-
ronment index in their leading dimension, and every kernel
processes all environments simultaneously. The main kernels
parallelize additionally either over particles or over grid nodes

e particle-parallel kernels: shovel particle velocity update,
P2G, and G2P;
e grid-parallel kernels: grid clearing and grid update/con-
tact.
Thus, for N, parallel simulations with NV, particles and
Ny = NN, grid nodes per environment, the dominant work
scales as

O(NenyNp)
O(Nenng)

for particle kernels, (53)

for grid kernels. 54)

We capture the full sequence of physics substeps between
two control updates once as a Warp execution graph and
replay it during training for reduced launch overhead. The
slowest kernels are P2G and G2P, which contain the major
grid scattering and gathering operations. For the P2G kernel
on GH200, memory access accounts for about 80% of the
runtime and soil-model computation for about 20%. All other
kernels are more than an order of magnitude faster. We experi-
mented with several speed improvements, including switching
to gathering, custom data structures, and cache optimization.
None significantly improved the runtime of the P2G kernel,
so we kept the straightforward scattering implementation.

APPENDIX B
LEARNING FORMULATION

This appendix details the environment initialization, ran-
domization, rewards, and termination conditions summarized
in Sections IV-C-IV-E.

A. Environment Initialization and Randomization

a) Initialization: Terrain initialization is sampled at reset
time from precomputed particle distributions. We generate
terrain shapes by randomly sampling positive and negative
features along the workspace with subsequent smoothing for
physical viability.

np
v,
ho(@) = b+ | Kitamn + Y ol [ = ] < 7@ (), (55)

j=1

where b is the baseline height, K., is a normalized Hann
smoothing kernel, n; is the number of sampled features, and
each feature is parameterized by center c;, width w;, and
signed height «;. Positive features («; > 0) represent local
piles or embankments, while negative features (o; < 0)
represent pits, trenches, or missing material. Particles are then
sampled uniformly under ho(z), producing a particle set

Pl(c) = {Xg,k},ivil,

0< 20, <how(z),),  (56)

for each precomputed setup k drawn as k ~ U{1,. .., Nsetup}-
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b) Randomization:
task-specific bounds,

We initialize the shovel pose from

6;) ~ u[_ApH Ap’i]7
co ~ U[— A0, AG].

p(s) :138+epa

05 = 05 + eo, (57)

We also sample the machine force capability and shovel speed
limit per environment,

i
Enax ~ u[ min Fe

max]a

(58)

cf|
Umax ™~ U[Umin; ’Umix].

The soil parameters are randomized across silt, sand, and
clay with different water contents and compaction states.
Achieved soils are classified through manual observation of
the interaction and collapse behavior. Randomization values
for the soil parameters are hand-tuned, as specific tasks such
as compaction do not work in near-liquid environments.

B. Reward Functions

Training uses a two-stage curriculum indexed by /. In the
first stage, ¢ = 0, the curriculum-specific height offset and
additional spawn jitter are disabled, and the reward contains
an initialization term that keeps the commanded control point
near a reference pose. After the mean return of completed
episodes reaches a task-specific threshold Ry, the environ-
ments switch to £ =1,

4+ 1 if Repisode > Reurr-

(59)

The second stage removes this initialization shaping and
enables a sampled vertical height offset in the terrain and
shovel observations, together with more shovel position spawn
jitter. Several components are shared between tasks:

Tact = _/\LL”at”g’ (60)
Frack = —Ag L[4 — qfll2 > 0g) laf —ailla, (6D
Tinit = — Ao I[¢ = 0] ||p§ — p™ 3. (62)

The action penalty in (60) discourages unnecessarily large
command increments. The tracking penalty in (61) penalizes
targets that move too far away from the simulated shovel pose.
The initialization penalty in (62) is active only for ¢ =
and provides extra gradient for the shovel moving in the right
direction. Following Section IV-D, rg;, = Tact + Ttrack + Tinit +
Tterm Collects these shared terms together with the task-specific
terminal reward 7o, Of Section B-C. Reward weights A and
thresholds are task-specific constants, so the same symbol can
take different values in different tasks.

a) Embankment formation: For embankment formation,
each reset stores a target profile h*, an attention mask m &€
Rg{j, and a target coordinate z*. The target coordinate is the
x coordinate of the center of the desired embankment. For
embankment formation the mask is binary, whereas the back-
filling task uses graded weights. The target feature height h*
is sampled above the height normally reachable in one stroke.
Therefore even with perfect execution, the policy cannot move
the post stroke particle profile above the target profile, creating
a negative learning signal for perfect execution. The policy
observes x*, but it does not observe h* or m. Let h, € RV»

20

be the current sampled terrain profile. The attention-weighted
distance to the embankment target is

va:hl ]I[ml > mmin] m; |ht7i — hﬂ
N ) (63)
> it Ims > mumin] m;

dy =

so samples outside the attention zone are ignored and sam-
ples inside it contribute proportionally to their weight, with
Mmin = 0.1. We denote the best profile distance observed so
far by

d?est

= mind,.
T<t

(64)

In addition to the shared rewards, the embankment task
rewards improvement in this distance and gives a small dense
bonus where the target profile contains the positive embank-
ment:

emb Ad [dbest dt] N
Np,
+ A0 > I[BF > hemp] (hei — hbase) + TF + Ten,
=1

(65)

with [z]; = max(z, 0). The progress term rewards reductions
in the best observed height-profile distance. The dense bonus
acts on the raised part of the target, and the shared terms enter
through 7g},.

The force term discourages commands that exceed the
sampled machine capability,

rp = —Ap (I[|Fyo| > 1) F7, + 1[|Fy .| > 1] F7,)

- )\Fz H[|Ftsz| > Femb,Z] |Ft§,z| (66)

Here F; = Fj/Fyax = (Fia, Fi,) is the shovel contact
force normalized by the sampled machine force limit, so a
magnitude of one corresponds to the machine capability, and
Fy, is the vertical component of the unnormalized shovel
contact force. This reward encodes that the local height profile
should move closer to the target trench-and-embankment pro-
file while avoiding excessive force and poorly tracked control
commands.

b) Backfilling: The backfilling reward is formulated as
a surface-height objective on terrains initialized with one
positive and one negative feature. The objective is to move
material from the positive feature into the negative feature
until the profile approaches a uniform height. The task reuses
the target profile h*, the attention mask m, and the attention-
weighted distance d; of (63). Here the target is the uniform
level h} = hqaat for all ¢, and the attention weights are raised
over the pile and the depression, so that d; is dominated by
the two features that must be equalized. In addition to the
distance, a Gaussian kernel

J\ﬁexp< 1 <f?‘)2> 67)

provides a dense bonus for samples that already sit at the
target level. With A, = d;_1 — d; and [z]- = max(—z,0),
the per-step reward is

= A [A], —

G(h;p,0) =

back

Aq (A
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Ny
+ AG Z G(ht7i; h:, Uh) + Ttrans 1+ Tsh-

i=1

(68)

Unlike embankment formation, progress is measured between
consecutive steps instead of against the best distance observed
so far, so that material pushed away from the target is
penalized as well. Asymmetric weights keep improvement
more valuable than an equally large regression.

A flat profile can in principle also be approached by locally
leveling the pile, without filling the depression. We therefore
add a transport term that rewards commanded motion directed
from the surplus region towards the deficit region while the
shovel is working the material. Let p,; = hy; — h} be the
profile residual, ; the abscissa of sample ¢, and ¢, a deadband.
The attention-weighted surplus and deficit masses and their
centroids are

wi; = 1[m; > Munin] m; [£pri — €
+
xiﬁ _ Zl wt,itxi
Zi Wy

The term is active only when both a surplus and a deficit
exist. Its magnitude is the commanded horizontal displacement
projected onto the transport direction and saturated at d,,

_6907 59:) )

P]+7

(69)

Az, = clip(sign(i’[ —z7) (z§ — xf_,), (70)

and it is gated by three factors that require the shovel to be at
the source, at working height, and in contact with the soil,

Gsre = []- - |fE§ - i'?_| /dsrc]+a
gn = [L = [2f = (hat + Aho)| /dp] .,
gr = min (1, [[Fell2), gw =max(gr, Buwgn), (71
so that
A
Ai_ Gsrc Gw %7 Axt > 0)
Ttrans = A; (72)
Az Gsre Guw Tt’ Az <0.

xr
Motion that transports material is rewarded when the shovel
is loaded, whereas the same motion in free space is worth at
most 3, of that value.

c¢) Compaction: The simulator accumulates the com-
paction memory v, in the task attention zone .4 and reports
its mass-weighted mean

Dica Zp WpiMplp ¢

vy =
Dica Zp wyimy,

where wy,; are the particle-to-grid interpolation weights. Let

(73)

Dbest

(74)

= max U,
T<t

after an initial settling period of Tycy1e = 25, and let NtA be
the number of particles in the attention zone. The compaction
reward is

comp best =
Ty =\ [ — ;8 1] + A —

+ Ay min(0, Nyt —

2
Ar [[[Fell2 = 1]3

NA D) 7o — At +7en, (75)
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with the orientation penalty rg = —XgI[0f > Omax V
0¢ < Omin]. The reward in (75) consists of a compaction
progress term, a dense compaction term, a force-limit penalty,
a particle-retention term, an orientation penalty, a time penalty,
and the shared terms. The progress term rewards only im-
provements over the best compaction observed so far, while
the dense term provides a continuous signal once compaction
starts. The orientation penalty keeps the commanded shovel
angle in the useful compaction range. The force-limit penalty
penalizes normalized force utilization above the sampled ma-
chine capability. The particle-retention term penalizes particles
leaving the attention zone because min(0, NY* — N4 |) < 0.
The constant time penalty A; discourages stalling.

C. Episode Termination

We compute episode termination and termination reward
Tterm at the control rate before evaluating the reward. All tasks
share timeout and workspace-bound checks: if the physics
frame count reaches N, we mark the episode as a timeout
and set 7y = 0. If the shovel leaves the planar workspace,

Ty < Ton vV xp > Ly —07° Vo oz <z, (76)

the episode terminates with a small penalty. Here L, is
the workspace length, T, is the fixed episode duration,
Nstep = Tep/At is the maximum number of physics steps
in an episode, and x; = 27, and 0y° are the workspace
safety margins.

a) Embankment formation: For embankment formation,
a successful episode ends when the shovel moves to the upper
exit region of the workspace while keeping a shovel angle
consistent with finishing the stroke,

ésmb A eemb < 99

min

in

eemb

z; > L, — ) (77)

In this case the terminal reward is the accumulated profile-

improvement reward, 7erm = Rem,, with
b best
REZ =) Ma[dy) —dy] . (78)

T<t

The episode also terminates if the normalized vertical force
utilization becomes too negative, F; , < —1, which prevents
the policy from learning strokes that exceed the sampled
machine capability with 7¢erm = 0.

b) Backfilling: For backfilling, the task terminates suc-
cessfully when the attention-weighted profile distance falls
below a tolerance,

di < €q. (79)

Success gives Tierm = Thocs

Tiack. The episode terminates with
Trerm = Thoud on a workspace-bound violation, if the shovel
angle leaves 003k < @5 < 002k or if the vertical shovel
contact force becomes too negative, Fy’, < Fbalcri’z. Timeouts
use Tterm = 0.
¢) Compaction: The compaction task terminates unsafe
motions. Fi"'°° = R(—6%)F$ is the shovel contact force
expressed in the shovel frame. In addition to the shared timeout
and workspace-bound checks, the episode terminates with

Tterm = rf;%irlnp if the shovel pulls upward, Fy, > Fg}g}p,
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# of Scoops < Scoops per Workspace
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Attack Point

Move Arm to
Attack Point
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More
‘Workspaces in
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Finished

Fig. 29. State diagram of the supervisory finite state machine.

if the local tangential force is too large, |F},°°| > F20 . or
if the local force is dominated by the tangential component
instead of the downward compaction component,
1 1
|F72%) > | F%) + AFcomp.

t,x

(80)

These conditions prevent the policy from satisfying the com-
paction objective through pulling or cutting.

APPENDIX C
FIELD DEPLOYMENT SYSTEM

This appendix details the worksite supervisor of Sec-
tion III-B and the embankment mission execution of Sec-
tion V-A.

A. Worksite Decomposition and Supervisor

The planner decomposes the task into local workspaces
of approximately one shovel width, and selects the next
workspace to improve. At the beginning of the large-scale
mission, the planner receives the desired path location and
computes a sequence of base poses, aligned workspaces and
attack points that cover the geometry. The reachable portion
of the target path from a base pose determines the number of
attack points assigned to that pose. We use a state machine to
execute this plan by driving to the next base pose, aligning
the cabin with the attack point, capturing an unobstructed
height scan and running the learned policy until its terminal
condition. Section C-B describes the individual states for
the embankment mission. Criteria for re-execution of the
policy can vary based on the task. Figure 29 visualizes the
supervisory state machine.

B. Embankment Mission Execution

We transform the target embankment path from global
coordinates into a local map frame and discretize it into
shovel-width overlapping targets. An offset base path, later
tracked by a curvature-based driving controller, places the
targets within reach of the arm. A force-based hip-balancing
controller uses the articulated legs to maintain a constant
base height, horizontal base alignment and wheel contact over
uneven terrain. This support stack allows the embankment skill
to operate on terrain containing rocks and boulders. Figure 30
shows the legs adapting while driving to the first workspace.

A path from the current base position to the first workspace
is planned using a Reeds-Shepp-based planner from OMPL
[57]. To keep the legs and wheels outside the arm workspace,

22

Fig. 30. Machine driving to the first workspace through uneven terrain. A
force-adaptive chassis controller keeps the cabin level and all four wheels in
ground contact.

Fig. 31. Target (green), intermediate (pink), and attack point (yellow) for a
single scoop. The area shaded in red shows the field of view of the LiDAR.
A low shovel can block LiDAR visibility for the rear part of the workspace.
Intermediate points are chosen to guarantee an unobstructed view of the
workspace.

the target yaw 6 is constrained to be tangential to the offset
base path. We add a second goal pose with yaw 6 + 7 since
base driving direction is ambiguous on the M4. This allows
the planner to select reverse driving instead of turning the base
when it yields a shorter path.

At the target base pose, the state machine switches to
MoveArmToAttackPoint. The shovel is first moved to an in-
termediate point that leaves the workspace unobstructed for
the LiDAR height scan.

To use as much available soil as possible, the attack point is
placed at the far end of the workspace. Figure 31 shows the tar-
get, intermediate, and attack points for one scoop. Because the
arm plane is not necessarily perpendicular to the embankment
path, we compute the task-space target coordinate x* such
that the policy target coincides with the globally registered
target point. For the loose soil in this deployment, we use three
scoops per target point. After each scoop, the arm returns to the
intermediate point and the height scan is updated. A new attack
point is then computed from the updated soil geometry before
the next policy execution. After all scoops at a target point
are complete, the next target is selected and the cabin slews to
bring it into the arm plane. When all targets in a workspace are
complete, the next workspace is selected and the state machine
returns to DriveToWorkspace. After the final workspace, all
active controllers are stopped and the state machine switches
to Finished.
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