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Abstract: Teaching excavators to scoop typically requires collecting demonstra-
tions on the machines themselves, making robot learning dependent on expensive
equipment access and skilled operators. We present UMI for Excavators, a frame-
work that instead collects human scooping demonstrations using a handheld bucket,
without operating the target robot. The central challenge is translating freely
performed bucket motions into actions executable by an excavator’s constrained
four-joint mechanism. To bridge this gap, we develop a camera–IMU-equipped
bucket with visual–inertial motion reconstruction, a scan-derived MuJoCo dig-
ital twin for kinematically constrained retargeting, and trajectory retiming that
preserves visual–action correspondence. We incorporate twin-rendered CLOAK
masking to bridge the visual gap between demonstration collection and deployment.
Fine-tuning π0.5 on the resulting demonstrations reduces held-out-session action
prediction error by 51% relative to the pretrained model. On a physical tabletop
excavator, our policies achieve 50% scooping success without masking and 60%
with CLOAK, compared to 0% for the pretrained model.

Keywords: UMI, excavation, learning from demonstration, visual-inertial odome-
try, vision-language-action models

1 Introduction

How can we teach excavators to scoop without operating an excavator for every demonstration?
Excavators are central to construction, mining, and infrastructure development, yet collecting demon-
strations for learning-based control requires access to a machine, a suitable worksite, and an operator
skilled at coordinating its articulated controls [15–20].

The Universal Manipulation Interface (UMI) offers an alternative: collecting handheld demonstrations
independently of the target robot [1, 7, 9, 10]. Although UMI has been extended to legged and aerial
robots, dexterous hands, and humanoids [5, 6, 8, 11], transferring freehand scooping to an excavator
introduces distinct challenges. A person can move a bucket freely, whereas an excavator must
coordinate four coupled joints—slew, boom, stick, and bucket—to reproduce its path and cutting
angle within workspace and speed limits. Low-texture soil and occlusions further complicate motion
reconstruction. Transferring these demonstrations therefore requires converting them into physically
feasible robot actions aligned with the original observations.

We present UMI for Excavators (Figure 1), a handheld demonstration interface and policy learning
pipeline that bridges these gaps. Our system combines a camera–IMU-equipped bucket with visual–
inertial motion reconstruction, a scan-derived digital twin for constrained retargeting, and trajectory
retiming that preserves image–action correspondence. We additionally investigate twin-rendered
CLOAK masking to bridge the visual gap between collection and deployment. Fine-tuning π0.5 on
these demonstrations enables physical scooping on a tabletop excavator, achieving up to 60% success
compared to 0% for the pretrained model.
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Figure 1: From handheld collection to supervision: the bucket camera and IMU record a demon-
stration, a batch smoother reconstructs motion, a scan-derived MuJoCo twin fits it to the workspace
and retimes it, and the exported RGB frames, joint states, and future targets supervise π0.5; CLOAK
masking (Figure 3) adapts the observation input.

2 Method

2.1 Reconstructing bucket motion

A Raspberry Pi records bucket-camera images and inertial measurements. A batch smoother (Figure 2)
reconstructs motion by combining ORB-SLAM3 [3] monocular–inertial map factors, KLT two-view
constraints [23–25], and IMU preintegration [26]. Appendix A gives reconstruction details and
diagnostics.

2.2 Fitting motion to the excavator

An articulated MuJoCo twin [21] is built using iPhone photogrammetry, LiDAR scanning, 3D
Gaussian splatting, and a motion video; measured joint travel and speeds define a calibrated profile
(Appendix A). Retargeting over slew, boom, stick, and bucket fits a scale, yaw, and translation of the
reconstructed path to the workspace, then inverse kinematics matches tooth-tip position and bucket
pitch within joint limits.

Following the bucket-tip path alone is insufficient: bucket pitch near soil contact determines the
cutting angle of the scoop. We use proximity to the reconstructed path’s lowest point as a contact
proxy, prioritizing demonstrated pitch there and clamping it to feasible pitch limits elsewhere while
enforcing joint limits throughout.

2.3 Preserving image–action correspondence

Slowing the trajectory without synchronizing its images would misalign observations and supervised
actions. Reachability-based retiming [22] slows the joint curve to satisfy direction-dependent speed
and acceleration limits, starting and ending at rest. A monotone source-time map associates each
execution-time state with the latest corresponding camera frame, so slowing the robot also slows
image progression. The aligned data contain 10 Hz RGB observations, reconstructed four-joint states,
and one-second chunks of ten future targets.

CLOAK observations. CLOAK-inspired masking hides the target excavator in robot-camera
observations (Figure 3, left) [14]. For training, we project the twin silhouette at each reconstructed
joint state onto the handheld image and exclude tokens with a strict majority of masked pixels
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Figure 2: One dirt demonstration: KLT camera tracks (top); gyroscope rate, bucket speed, visual-
factor type, and plausibility threshold (middle); retargeted motion in the calibrated twin (bottom).

(Figure 3, right). Since the excavator is absent from these recordings, this removes scene context
where the robot will appear at deployment.

3 Experiments and Results

3.1 Dataset and evaluation

We fine-tune the pretrained π0.5 base [4, 12, 13] on 42 reviewed dirt demonstrations for 1,000 steps,
using state-relative actions and training-set normalization. Evaluation uses 42 demonstrations from
an earlier, held-out session (504 one-second windows), with normalized joint-action MAE averaged
equally over episodes. Appendix C gives the screening procedure and additional evaluation details.

π0.5 receives bucket-camera RGB, four-joint state, and the instruction “scoop the dirt.” It predicts ten
state-relative joint targets sampled at 10 Hz, converted to absolute angles at inference. The runner
estimates boom, stick, and bucket angles using calibrated link IMUs with pulse-based dead reckoning
as fallback; slew stays fixed. Clipped, speed-limited targets become timed ESP32 motor pulses. Each
cycle skips targets made stale by inference latency, executes the remaining chunk, and requests new
actions from an updated observation.

Policy Held-out action MAE ↓ Scooping success ↑
Pretrained π0.5 base 0.529 0% (0/20)
Fine-tuned, no mask 0.258 50% (10/20)
Fine-tuned, CLOAK 0.280 60% (12/20)

Table 1: Held-out-session action prediction and physical scooping. Fine-tuned policies use step-1,000
checkpoints; each policy is evaluated in 20 physical attempts.

3.2 Policy learning and physical execution

Fine-tuning π0.5 on the reconstructed demonstrations reduces held-out-session action error by 51%,
from 0.529 to 0.258 (Table 1). The CLOAK-trained policy reaches 0.280, a 47% reduction relative to
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Figure 3: CLOAK masking during deployment (left) and training (right). Red marks the robot
silhouette. The training examples show recorded RGB, twin-rendered masks, excluded image tokens
(gray), and augmented observations.

the pretrained base. Both policies learn from handheld recordings collected without operating the
target excavator.

Real rollouts. In twenty operator-scored physical scooping attempts per policy, the unmasked policy
succeeds in 50% (10/20) of trials and the CLOAK policy in 60% (12/20), compared with 0% (0/20)
for the pretrained base. These results demonstrate transfer from handheld bucket demonstrations to
physical excavation. The CLOAK policy uses twin-rendered masks to remove the target robot from
its camera observations at deployment and achieves the highest success rate in these trials.

4 Discussion and Conclusion

UMI [1] allows human tool motions to be recorded independently of the target robot, but usable
supervision must preserve bucket-tip motion and pitch near soil contact while satisfying joint and
timing constraints. Retargeting and temporal alignment therefore determine the supervision presented
to the policy.

Our physical results also distinguish offline action prediction from closed-loop task performance,
consistent with prior findings in imitation learning [32]. Although the unmasked policy achieves
lower held-out action error (0.258 versus 0.280), CLOAK achieves higher observed scooping success
(60% versus 50%; Table 1). Both fine-tuned policies scoop where the pretrained model fails,
demonstrating useful supervision despite differences between collection and deployment. These
findings motivate evaluating the complete collection-to-control pipeline: extending UMI to excavators
requires translating task-relevant human motions into physically executable, temporally aligned robot
supervision.
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A Implementation and Evaluation Details

Excavator platform. The target is a Double Eagle (Double E) E568-003 electric tabletop excavator,
marketed at 1:16 scale and modeled after the Volvo EC160E crawler excavator [30]; the full-size
machine is documented in Volvo’s technical brochure [31]. The 1:16 ratio denotes the manufacturer’s
nominal model scale. Our digital twin uses the tabletop machine’s scanned geometry and calibrated
joint limits, while the trajectory-fitting scale s is estimated separately for each demonstration.

Capture and reconstruction. The handheld rig uses an InnoMaker U20CAM-720P camera (1280×
720, up to 20 Hz), BerryIMUv3 LSM6DSL IMU (208 Hz), and Raspberry Pi 4 timestamps. The
82-recording estimator cohort includes 54 dirt recordings; the later dirt session contains 85 recordings.
Fisheye intrinsics, camera–IMU rotation, and a 7.63 ms timing offset were fitted on 21 recordings.
Camera–IMU translation is zero and the camera–bucket transform is identity by assumption.

OpenVINS (69488123) uses KLT/MSCKF [27], 250 features, 3-pixel image noise, and 2-second
dynamic initialization, without persistent landmarks or zero-velocity updates. ORB-SLAM3
(4452a3c4) uses monocular–inertial mode. Coverage weights initialized poses by midpoint-bounded
frame exposure; initialization and missing intervals stay in the denominator. ORB-SLAM3 requires in-
ertial initialization and OK or RECENTLY LOST status. The smoother uses sparse Levenberg–Marquardt
updates implemented with SciPy numerical differentiation and sparse linear solves [28]. It retries
initialization and combines map segments with KLT and IMU factors; it rejects recordings lacking a
usable map segment or paths exceeding 0.5 m/s speed or 0.5 m extent.

OpenVINS comparison. A historical cohort of 82 recordings separates pose availability from
visual support. Raw ORB-SLAM3 initializes on 54 and OpenVINS [2] on 81, covering 8.51% and
57.88% of recording time (paired difference 49.37 percentage points, bootstrap 95% interval [29]
[44.72, 53.59]). OpenVINS’s own motion warnings (5 m/s or 3 m span) flag 45/82 recordings, and its
available poses include intervals supported only by IMU propagation. Table 2 compares 71 paired dirt
reconstructions under matched nominal-twin replay settings: OpenVINS paths have a median 2.17 m
extent for scoops that span about 0.2 m, which is propagation drift rather than motion, and shrink to
9% scale when fitted to the workspace, so the retargeted motion no longer reflects the demonstration.
Smoother paths have a median 0.20 m extent and replay at approximately unit scale; 65/71 pass
its plausibility check. Median model-space tip-fitting residuals are 2.51 mm for ours and 3.18 mm
for OpenVINS, so the twin residual alone would not have revealed the failure. These comparisons
use the nominal twin, which differs from the calibrated profile used for policy targets. Extent is the
largest axis span; the normalized residual is the median of per-recording residual/scale ratios.

Metric ORB-SLAM3 + smoother OpenVINS

Median path extent, m 0.20 2.17
Retarget scale 1.01× 0.09×
Tip-fitting residual / retarget scale, mm 3.25 37.67

Table 2: Medians over 71 paired dirt recordings in the nominal twin, separate from the policy
evaluations. The final row measures per-recording retargeting fit divided by scale, not ground-truth
reconstruction accuracy.

Twin and retargeting. The scan-derived twin has boom/stick/tooth lengths of 283/152/64 mm,
assuming metric mesh scale, and an effective bucket hinge. Nominal speeds come from motion video;
calibrated travel and speeds come from link IMUs (Table 3). Absolute homing-stop angles remain
nominal. Simulation uses 5 ms physics steps and 20 Hz control.

Workspace fitting uses p̃ = sRz(ψ)p + b and one pitch offset, choosing 90% of the maximum
feasible scale. Bounded IK minimizes squared tip error plus squared pitch error weighted by 0.2
m/rad; handheld roll/yaw are not reproduced. Pitch is enforced within 5 cm of the path minimum and
saturated elsewhere; 14/120 retained dirt recordings still require clipping. Refinement inserts samples
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Figure 4: OpenVINS reconstruction and twin replay of a dirt demonstration: camera frames with
OpenVINS feature tracks (top); gyroscope rate with visual updates marked and the intervals in which
the pose is propagated from the IMU alone shaded (middle); calibrated-twin replay of the retargeted
OpenVINS trajectory (bottom).

Nominal Calibrated
Joint Range Speed +/− Range Speed +/−
Slew ±165◦ .80/.80 continuous 1.00/1.02
Boom −48 to 30◦ .52/.68 −14.4 to 30◦ .68/.63
Stick −68 to 58◦ .40/.40 −9.8 to 58◦ .57/.58
Bucket −40 to 140◦ 1.20/1.20 −40 to 116.8◦ 2.08/2.21

Table 3: Twin limits; speeds are rad/s. Calibrated travel is anchored at nominal homing angles.

for interpolation errors above 0.5 mm or 0.25◦. Retiming starts/ends at rest, never accelerates source
time, and uses aj = max(v−j , v

+
j )/0.1 s. Source-frame age is at most 75 ms. Manual screening

compares synchronized video and twin motion, rejecting altered scoops rather than applying a
hand-rotation threshold (Figure 5).

B Limitations

The dataset is small: 42 usable demonstrations from one session train each fine-tuned policy and 42
from a second session evaluate them, so both the cross-session gap and the CLOAK penalty may
change with more data. There is no independent trajectory ground truth, so reconstruction is judged
by consistency and plausibility rather than accuracy, and manual screening may favor easier motions.
A feasible twin replay can still alter the intended scoop, motivating visual screening of reconstructed
demonstrations.

The excavator has no joint encoders. During deployment, slew is held fixed and its policy input
carries the last requested slew angle. Link-IMU angles are anchored at nominal homing stops, leaving
unmeasured offsets in deployment state and twin calibration. Metric scale and camera mounting are
approximate; a few degrees of boom-angle error can move the tooth tip by centimetres.

Each policy has one seed and one held-out session. Physical evaluation uses one machine and dirt
setup; twenty attempts cannot separate the fine-tuned policies. Soil loads, multi-step excavation, and
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Figure 5: Manual screening: a demonstration marked good (left) and one marked bad (right). Top:
the ORB-SLAM3 hand path in the vertical plane of the dig direction, colored by time, with the fitted
retarget scale. Bottom: the hand’s bucket pitch against the twin’s actuated bucket pitch; the shaded
band is the contact window in which the bucket angle is enforced. The rejected demonstration rotates
the hand through a larger span and its replay departs from the intended scoop.

full-size transfer are untested, and nominal 1:16 scale does not establish dynamic similarity to the
hydraulic Volvo EC160E.

These limitations motivate systematic testing on full-size excavators across soil conditions and
workloads, an important next step toward extending handheld demonstration learning to practical
earthmoving.

C Additional Evaluation Details

Dataset screening. Of 85 dirt recordings from the training session, replay review against the twin
marks 43 as good scoops and 42 of those pass the calibrated twin’s timing planner; these are the 42
training episodes. The same review marks 42 of the 54 dirt recordings from an earlier session good,
and those form the held-out session.

Additional policy evaluation. The unmasked fine-tuned policy reaches a normalized held-out-
session action error of 0.258 at step 1,000; its in-sample error is 0.062. The matched CLOAK run fits
the training set equally well (0.061), but reaches 0.280 on the held-out session, a paired difference
of +0.022 [0.013, 0.034] relative to the unmasked policy, with lower error on 5 of 42 recordings and
most of the increase in slew.

Physical evaluation. For twenty operator-scored attempts per policy, exact 95% success intervals
are 0–17% for the pretrained base, 27–73% for the unmasked policy, and 36–81% for CLOAK.
These trials establish successful scooping by both fine-tuned policies but do not establish a reliable
difference between them. Handheld evaluation frames contain no excavator, so CLOAK masking
removes scene context there; at deployment it masks the robot itself. This difference in observation
content motivates evaluating masking through physical execution as well as offline prediction.
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