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Model the measurement covariance as a Lyapunov
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Fig. 3. Low temperature 7 sharpens attention onto sparse
environmental features (bridges, structures).

Fig. 1. GNSS covariance evolves smoothly as the racecar approaches and clears a concrete bridge: environmental cues
(x(t),g(t)) drive a stable, contracting dynamical model of R(t).
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Fig. 2. Attention encodes the arc-length position; an MLP
predicts L and D so that @ = LDL' > Oby

construction. LACE wraps ( inside a contracting Lyapunov
system.

Fig. 4. Dense LiDAR map of Laguna Seca through FGO-
based offline SLAM pipeline.
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Fig. 7. Covariance traces (top) and NLL loss (bottom) across a lap at Laguna Seca.

LACE (A=-2.0)

Platform Caltech AV-24 Indy Autonomous Challenge racecar.

ACKNOWLEDGMENTS
Video

youtu.be/fkOKFMRtwyk

arXiv paper

The authors thank R. Blanchard, M. Anderson, P. Spieler, J. Lathrop, J. Cho, N. Ranganathan, and the Caltech TAC team. _
arxiv.org/abs/2602.21366

This project was in part funded by Beyond Limits.




