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state estimates, we are able to run our VFM voxel mapper to
generate inertial-frame VFM voxel maps at 10hz. The dataset
contains roughly 100,000 individual frames with a timestep
of 0:1s, split roughly 80/20 between the two locations. The
dataset was divided into a train set and two separate test
sets. The Train and Test 1 sets were partitioned (roughly
60/40 by GPS region) from the primary test site, while Test
2 contains the entirety of the data from the secondary site.
Experiments were run for five epochs with a batch size of
3. Since the BEV inpainting targets are multi-modal (e.g.
geometric/VFM/semantic features), we follow the procedure
used in TerrainNet [38], where each modality is weighted
separately. Smooth-L1 [1] ( = 0:2) is used for continuous
features, while cross-entropy is used for segmentation features

(Eq. [9).

Lw (B ;B) = geoml-l(Bgeom;Bgeom)Jr
LI( vem [Bvem —Bvem |[) + segCE(BgeqiBseg) (9)

V. EXPERIMENTS

In order to evaluate what design decisions matter for
downstream path planning, we performed a series of rigorous
online and offline evaluations using our dataset and real-world
navigation trials.

A. Of ine Experiments
In our offline experiments, we answer these questions:
1) RQ1: Do auxiliary tasks such as inpainting improve
downstream path planning and if so which?
2) RQ2: How much does the choice of input representation
affect downstream performance?
3) RQ3: How do we compare to relevant baselines?

Across our offline experiments, we use a common set of
behavior and inpainting metrics. In order to measure the
efficacy of the behavioral learning, we report two metrics.
Modified Hausdorff distance [18] (MHD) between the expert
trajectory and optimal learner trajectory is used to evaluate
the cost prediction component. The average probability of
the expert speed under the learned speedmap is used to
evaluate the speedmap prediction component. To measure
inpainting performance, we can directly compute the error
between h (Og;) and B,. We compute error separately for
each feature modality as:

1) Geometry: L error.

2) Semantics: Ly distance between the semantic distribu-
tions (note that neither distribution is one-hot and this
essentially measures total variation distance).

3) VFM: L ; error.

B. RQ1: The Effect of Inpainting on Behavior Learning

In order to answer RQ1, we trained several variations
of our voxel-based network using different permutations of
inpainting modalities. In particular, we compare using no
inpainting task (None in Table[I]), inpainting only geomet-
ric/VFM/segmentation features, and cotraining all inpainting

Inpainting Dataset || MHD # | Speed Prob. "
All Test 1 1.3936 0.1159
Geometry Test 1 1.4138 0.1054
VEM Test 1 1.5400 0.1162
Segmentation | Test 1 1.4877 0.1120
None Test 1 1.7744 0.1026
All Test 2 1.3988 0.1258
Geometry Test 2 1.4410 0.0982
VFEM Test 2 1.4619 0.1158
Segmentation | Test 2 1.4228 0.1004
None Test 2 1.5400 0.1086

TABLE I

EFFECT OF INPAINTING ON PLANNING TASKS

modalities together. Overall we find that across both datasets,
inpainting improves both the costmap and speedmap compo-
nents of our network. Notably, all ablations in this experiment
had the same number of behavioral examples, confirming the
hypothesis that learning a better map represenation M results
in better planning behavior. Perhaps unsurprisingly, using more
modalities together seems to result in the best performance, as
traversability is a function of both geometry and semantics.

C. RQ2: Choice of Input Representation

In order to answer RQ2, we explore several choices of input
representations to our method. In particular, we consider three
types of inputs:

1) Voxel: \; from Section IV-A.

2) BEV: B¢ from Section IV-A.

3) Voxel 1-frame: \{, but only containing voxels from the
current timestep (to ablate the importance of aggregating
observations, as some approaches that inpaint do not
aggregate measurements [45, 70], or find performance
gains by not doing so [53| 38]).

Similar to the previous section, we report the planning
metrics on the held-out dataset in Table III. Additionally, we
report the inpainting accuracy in Table IV. Note that the cells
used for With respect to path-planning metrics, we observe
that the voxel method performs better on the costmap metric
while the BEV method is better with respect to the speedmap
metric. This indicates that (at least for our environments),
both BEV and 3D representations perform reasonably well
for traversability. Across both datasets, the single-frame voxel
input method performs the worst, suggesting that significant
performance gains can be achieved by aggregating sensor
measurements.

We find again that aggregation of observations results in bet-
ter inpainting performance for both observed and unobserved
cells. This corroborates the findings of Shaban et al. [53] in
that temporal aggregation is helpful in simplifying the map
prediction task when odometry is reliable. We observe that
with aggregation, both BEV and voxel-based inputs perform
similarly, with the BEV-based model performing marginally
better. This is likely due to the labels being generated using the
same process as the inputs, making the BEV to BEV learning
task somewhat simpler.



Input Dataset || MHD # | Speed Prob. "
Voxel Test 1 1.3936 0.1159
BEV Test 1 1.4440 0.1184
Voxel no agg. | Test 1 1.5061 0.1109
Voxel Test 2 1.3988 0.1258
BEV Test 2 1.4373 0.1311
Voxel no agg. | Test 2 1.4452 0.1031
TABLE III
EFFECT OF INPUT REPRESENTATION ON PLANNING TASKS
Input Dataset || Geom # | VEM # | Seg #
Voxel Test 1 0.7253 1.2324 | 0.3087
BEV Test 1 0.7137 | 1.1450 | 0.3019
Voxel No Agg. | Test 1 1.5952 1.9533 | 0.5064
Voxel Test 2 0.5221 1.2389 | 0.4279
BEV Test 2 0.4704 | 1.1313 | 0.4019
Voxel No Agg. Test 2 1.6326 2.0331 | 0.6033
TABLE IV

EFFECT OF INPUT REPRESENTATION ON INPAINTING TASKS

D. RQ3: Comparison to Other Methods

We also compare our method to several approaches in recent
literature. In order to do so, many of the ablations made use
of an inpainting-only backbone. This backbone shared the
architecture described in the previous section, but was trained
only on the inpainting task. TerrainNet Cfn.: In order to
produce a TerrainNet-style [38] baseline, we used the predicted
geometric and semantic maps to implement the hand-designed
cost function prescribed by TerrainNet. In order to improve the
performance, we fine-tuned the coefficients of the cost function
with IRL. As TerrainNet does not produce a speedmap, we do
not report a speed metric. Cascaded Trav.: We produced a
Creste-style [70] baseline by training a FCN with IRL, using
the predicted geometric and VFM maps as input. FCN no
Inpaint: We also trained a Velociraptor-style [61] baseline by
training a lightweight FCN on By, using only the behavioral
objective. Parallel Trav. is equivalent to inpainting with all
modalities from Table II. Results can be found in Table [V

Overall, we find that both the parallel and cascaded
traversability methods outperform the TerrainNet baseline,
suggesting that a more complex cost function can lead to
improved navigation performance. Interestingly, we find that
the FCN baseline (the only method that does not use inpaint-
ing) performs the worst across both metrics, suggesting that
inpainting with larger architectures is important to learning
effective navigation maps. Additionally, we note that the FCN
baseline outperforms the larger architecture (no inpainting
from Table [[), suggesting that it is difficult to train a
large-scale architecture with traversability supervision alone.
The performance of the parallel and cascaded architecture
is relatively comparable with the former producing better
speedmaps, and the latter producing better costmaps. Overall,
this suggests that learning traversability from demonstrations
can outperform traditional baselines, but it is important to add
an inpainting task. Some qualitative prediction examples are
presented in the hardware experiments section.

Sample qualitative results are presented in Figure[5]in which
we compare the voxel network with inpainting (Voxel+All in
Table II) to two networks without inpainting (Voxel+None

Approach Dataset || MHD # | Speed Prob. "

Parallel Trav. Test 1 1.3936 0.1159
Cascaded Trav. Test 1 1.3043 0.1076
TerrainNet Cfn. Test 1 1.4553 N/A
FCN no Inpaint | Test 1 1.5246 0.0967

Parallel Trav. Test 2 1.3988 0.1258
Cascaded Trav. Test 2 1.3845 0.1156
TerrainNet Cfn. Test 2 1.3965 N/A
FCN no Inpaint | Test 2 1.4961 0.1017

TABLE V

COMPARISON TO SIMILAR METHODS

in Table IT and FCN no Inpaint from Table [V). We observe
significant improvements in the stability and accuracy of both
the cost and speed maps as a result of inpainting. In practice,
this prediction stability is important for real-world navigation.

E. Hardware Experiments

We also perform several real-world hardware experiments
to answer these questions:

1) Does our approach enable off-road navigation?
2) Does risk-aware planning enable safer navigation?
3) Do our offline findings translate to hardware?

In order to evaluate our algorithm on physical hardware,
we set up a navigation trial using our full-scale ATV at our
primary test site. The ATV was tasked with navigating as
quickly as possible to a series of waypoints designed to force
the vehicle to interact with a mixture of on-trail and off-trail
scenarios, as well as vegetation and man-made obstacles. The
experiment took place in the winter with somewhat significant
snow cover. A full traversal of the course was roughly 1.4km.

A more complex version of MPPI was used on hardware.
This version of MPPI used a kinematic bicycle model with
additional throttle and steering dynamics to model the tran-
sient behavior of the throttle and steering actuators on the
platform. In addition to the cost function from Equation 2,
an additional lateral acceleration limit was added. Given the
challenging conditions, the mean predicted speed from the
speedmap prediction was used. All mapping and traversability
computation was run at roughly 5hz using an on-board laptop
with an 13th gen Intel 19 CPU and Nvidia 4090 laptop GPU.

Several ablations from the previous section were compared:

1) Parallel Trav.: from Section

2) TerrainNet Cfn.: from Section Note that we also
trained a speed prediction head from the inpainted latent
features in a similar fashion to the previous sections.

3) FCN no Inpaint: from Section V-D.

4) Parallel Trav. + CVaR: Parallel Trav., but also using
the online CVaR selection method from the Section [V=-C|

We use the following metrics for evaluation:

1) Number of Interventions (Int.): Number of times a
safety operator was required to correct the robot. The
safety operator was instructed to intervene if and only
if 1) a collision with an obstacle appeared imminent,
or 2) the robot stopped making progress towards the
next waypoint. If an intervention was called, the safety
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