"m Check for updates

158 https://doi.org/10.7746/jkros.2026.21.2.158

Journal of Korea Robotics Society (2026) 21(2):158-163
ISSN: 1975-6291 / eISSN: 2287-3961

210} 719k vlu]Alol Ao A 9] B2 A3

Revisiting Uncertainty in Language-driven Navigation
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Abstract: Language-driven navigation is a key challenge for autonomous robots, requiring the
integration of natural language understanding with robust perception and localization. Existing
approaches in visual place recognition and navigation mainly rely on similarity-based feature mat-
ching, while variance estimation or explicit uncertainty modeling has rarely been a fundamental
component. Although a number of prior studies have investigated uncertainty in tasks such as object
detection and target search, these efforts remain limited. In this paper, we revisit uncertainty in
language-driven navigation and argue that it should be addressed at the distributional level rather
than reduced to point estimates such as similarity search. Leveraging a large language model capable
of semantic reasoning, we analyze how non-uniform distributions of semantic features and class
activations affect navigation performance on benchmark datasets. The results show that conventional
similarity-based measures are insufficient to capture the variability inherent in semantic maps,
underscoring the necessity of redefining uncertainty modeling as a foundation for reliable perception,
robust decision-making, and deployment of language-driven robotic navigation.
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[Fig. 1] Activation distribution of the token [car] visualized with
t-SNE on VLAD descriptors from the pitts30k dataset. Higher
similarity corresponds to smaller cosine distance between CLIP
image and text embeddings. The [car] token is concentrated in a
few clusters, but the variance within clusters differs, indicating
that activations are meaningful only in certain clusters
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[Fig. 2] (left) Mean values and (right) variances of similarity from selected text classes on the pitts30k dataset. Higher variance indicates that
a text class is more place-specific, when sufficient repeated measurements are obtained within the environment.
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[Fig. 3] Activation distribution of selected classes text from CityScapes'” class definitions, visualized using t-SNE on VLAD
descriptors from the pitts40k dataset’s training sequence
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[Fig. 4] Activation distribution of selected classes text from CityScapes'” class definitions, visualized using t-SNE on VLAD

descriptors from the pitts250k dataset’s training sequence
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