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Online energy-efficient navigation

Drive from A to B using minimal energy.

Online: learn whilst collecting data.

» Minimize total energy used over T steps.

» Goal: Speed up learning and use less energy
— Increased effective range.

* How: Add contextual information using Gaussian

processes.

Map data from OpenStreetMap: www.openstreetmap.org/copyright
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Combinatorial volatile Gaussian process semi-bandit
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Sequential decision making under
uncertainty.

Maximize total reward.

» Combinatorial: Select combination of
arms (e.g. a path in the road network).
Volatile: Time-varying arm availability.
Contextual C Volatile.

Gaussian process: Reward depends
smoothly on the arm features.

B[R] = f(a2) + o~ GP(u, k)



Contributions

» Extend previous Bayesian regret bounds for
GP-UCB and GP-TS to the infinite, volatile
and combinatorial setting.

* First regret bound for GP-BayesUCB
(Kaufmann et al., 2012; Nuara et al., 2018).

» Develop a combinatorial and contextual

— f argmax frs

- UCB, = i + VFio bandit framework for the online

e+ oy arg max UCB,

—= frs ~ GP (. ko) energy-efficient navigation problem.



Experiments: Networks and baselines

* Real-world road networks of two
European cities.

* 5169 and 3474 edges.

+ Baselines: Bayesian inference (BI) with
UCB, BayesUCB and TS (Akerblom
et al., 2023)

Luxembourg A & B
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Monaco A & B

Map data from OpenStreetMap: www.openstreetmap.org/copyright
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Experiments: Algorithms
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+ Contextual features reduce regret and lowers the energy consumption.
* GP-TS has lowest regret.

 Theoretical confidence parameter 3, large = Excessive exploration for GP-UCB and
GP-BUCB.



Experiments: 5, parametrization

+ GP-UCB and GP-BUCB

differ in parametrization of
f confidence parameter f,.
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flexible than GP-UCB.



Conclusion
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E[R:] = f(a2) + S~ GP(u k)


https://arxiv.org/abs/2312.12676
https://openreview.net/pdf?id=50cmx4SrkM
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