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We address this limitation to VLMs by coupling hierarchical 3D scene graphs

1] with a structured language-grounding pipeline based on graph databases

In the mapping phase, a 3D scene graph is constructed from RGB-D sensor
data along with sparse submaps for view-invariant localization [2]. The user
enters a mission, and the agent grounds the mission to a set of PDDL goals

3]. Our approach leverages sparse segment matching [2] for global for a TAMP planner. The resulting plan is then executed within the prior map

ocalization in GPS-denied environments, and we evaluate the resulting without the need for GPS positioning

system across 14 trials in a camp-like environment in New York state.

Mission Example

Two Spots (Euclid and Hamilton) are given the following language instruction:
“Mr. X's car is in the parking lot by the government building. Tell Hamilton to
use a cone to block the intersection nearest the barracks. Tell Euclid to use the
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other cone to block the other intersection.” The language grounding pipeline
produces the following goals, and a task and motion planner solves for the

plan: Hamilton’s Goal: (object-in-place 0102 t4987)
Euclid’s Goal: (object-in-place 0103 t3917)
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drawn using RTK GPS for reference --- GPS was not used during execution.
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The two robots navigate through the places layer (t<X>) of the graph (yellow),
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Robust view-invariant localization is performed using sparse segment matching

Language-Grounding Performance

[2]. Performance is averaged across 7.6km of travel from experimental trials.
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and 314 objects) constructed on real data from a camp environment across a

dataset of 182 examples.
Trial success rate with 5 trials in Area 1 and 9 trials in Area 2. In Area 1, there were 0.4
interventions per trial on average and in Area 2 there were 0.22. Interventions include
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operations such as teleoperating robots around an undetected obstacle and providing
additional clarification about the mission in the chat interface. The end-to-end
performance improves on the initial goal generation via clarification interventions.


http://video.adt4.net/

	Slide 1

