3%

COMPASS: Learning Global Spatial
Context for Long-Range Goal Navigation

ETHzurich

Jose Lavariega’, Erica Tevere?, Jiaxu Xing’, Rudolf Rieter>, Patrick Spieler?
'"ETH Zurich; °NASA Jet Propulsion Laboratory, California Institute of Technology;

*Robotics and Perception Group, University of Zurich

1. Introduction & Motivation

Fig.1: (Left): Long Range Navigation problem: Which frontiers to open in unexplored
space, to reach the goal? Visualized with our Navigation Graph

(Right) Data Collection and Deployment in a semantically-sparse outdoor
environment; Dirt Path with Open Field (top) Urban with low-brush (bottom)

Autonomous long-range navigation in unstructured, unknown environments is
an essential capability for search-and-rescue and goal-driven exploration. A
robot must choose a frontier in explored space to continue navigation towards
the goal (Fig1). To increase adaptability to unseen, semantically poor,
environments, our method uses visual and geometric features without visual
heuristics. Work using graph memory for navigation has so far been tested on
feature-rich environments. [1,2]

2. Method —
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Fig.2: COMPASS: The currently-observed navigation graph (light blue) is passed through a Graph Convolutional
Network that scores the current frontiers. Each of the frontiers are projected from graph node position and
encoded into a DINO foundation model. Geometric and image features are scored to select the next frontier to
open (viridis-colored nodes).

COMPASS (Fig.2) fuses a LiDAR-constructed navigation graph (navgraph) and visual
features to encode traversability, explored space, and safe paths in a compact manner for
long-range navigation decision making.

e Firstly, we use a Graph Convolutional Network (GCN) to score the current frontiers in
the navigation graph according to cost-to-go to get to goal. Through graph structure,
node degree, free-space radius and inter-node traversability costs, the GCN learns
macro-structures like dead-ends.(Fig.3)

e Secondly, we use a DINOv3[3] foundation model to encode raw segments of camera
image. Each image segment is centered around a frontier projected from global position
onto pixel values.

e Thirdly, we fuse visual, geometric and a goal-alignment feature to generate a learning
environment for RL, deployed on a simple simulator from field data.

e Finally, we train a Deep Q-Network policy to pick the frontier that reduces cost-to-go
towards the goal.

3. Learning Environment

COMPASS is trained through 4 hours of field-collected data on semantically-sparse
outdoor environments: open fields, hiking paths, wilderness with positive & negative
obstacles, and urban environments.

We implement a simple simulator to train our policy, augmenting 4 hours of data into
millions of distinct start-goal pair rollouts.

Our dataset is further diversified by including artefacts like lens flares, changes in
lighting, and multiple points-of-view of the same geometric features(Fig.4).

In Fig.2 we allude to our policy observation and action space. Our robot observes the
current navigation graph, and spatially-coupled images of current frontiers as observed
from within explored space. Every frontier image is first processed by a DINO model.
We store multiple points-of-view of the current frontiers to mitigate effects from
occlusions or poor lighting in the saved image. The robot action is to choose the
frontier which is scored highest for minimal time towards the goal.

Since the observation space spans all available frontiers, a key cost in COMPASS is an
estimated cost of switching from the last-opened frontier to the next frontier to open.

Fig. 4 Visual variety in a dataset
obtained in open field with lens flares.
Dataset navgraph visualized in center.

4. Results and Field Experiments

COMPASS is deployed on a commercially available quadruped equipped with
additional LIDAR and visual cameras. We evaluate on the field in diverse outdoor
environments: urban, open fields, hiking paths, and paths with elevation gain.
Throughout all environments, we observe obstacles, dead-ends and occlusions.
Comparison against other models [4] is pending at time of submission.

Ablation Success Rate (75 Rollouts)

SR Weighted by Path Length (75 Rollouts)

Visual & Graph 0.947 0.920

Graph-Only 0.973 0.642

Visual-Only 0.920 0.143

Heuristic-Only 0.800 0.476

Ablation studies are
conducted on
semantically-distinct
pre-captured unseen
outdoor environments
(urban, hiking, open field)
and COMPASS is
evaluated online on
hardware in representative
samples of these
environments.

Visual & Graph Graph Only

For COMPASS on
hardware, we also log
number of interventions
needed for successful
arrival to goal.

Heuristic Only Visual Only

Fig.5: Frontier choices taken during
rollout for a pre-captured urban
environment, target goal 70m away
with obstacles (cars, buildings and
barriers).
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Fig.3: Our GCN is trained to match a goal-conditioned node score (right, Oracle columns) calculated from optimal path to

goal.Subgraphs without connection to the goal (left, top) are generated as inputs to the GCN. (Left, bottom) shows a full
scored graph, from which the input is subsampled. Inputs and oracles are normalized such that scores are always 0-1,

thus capturing graph macrostructures (deadends, hubs) without dependancy from absolute number of nodes in the
subgraph.
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