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Abstract
The interaction between a vehicle navigation system and the driver of the vehicle can be formulated
as a model-based reinforcement learning problem, where the navigation systems (agent) must
quickly adapt to the characteristics of the driver (environmental dynamics) to provide the best
sequence of turn-by-turn driving instructions. Most modern day navigation systems (e.g, Google
maps, Waze, Garmin) are not designed to personalize their low-level interactions for individual
users across a wide range of driving styles (e.g., vehicle type, reaction time, level of expertise).
Towards the development of personalized navigation systems that adapt to a variety of driving
styles, we propose an online no-regret model-based RL method that quickly conforms to the
dynamics of the current user. As the user interacts with it, the navigation system quickly builds
a user-specific model, from which navigation commands are optimized using model predictive
control. By personalizing the policy in this way, our method is able to give well-timed driving
instructions that match the user’s dynamics. Our theoretical analysis shows that our method is a
no-regret algorithm and we provide the convergence rate in the agnostic setting. Our empirical
analysis with 60+ hours of real-world user data using a driving simulator shows that our method
can reduce the number of collisions by more than 60%. The full version of the paper can be found
at https://arxiv.org/abs/2204.01925.
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1. Introduction

Reinforcement Learning (RL) and Markov Decision Processes (MDP) Sutton and Barto (2018)
provide a natural paradigm for training an agent to build a navigation system. That is, by treating
the navigation system that delivers instructions as the agent and combining the vehicle and the user
as the environment, we can design RL algorithms to train a navigation agent that provides proper
instructions by maximizing a reward of interest. For example, we could reward the agent when it
delivers accurate and timely instructions. There has been a rich line of research on applying RL in
various navigation tasks, including robot navigation Surmann et al. (2020); Liu et al. (2020), indoor
navigation Chen et al. (2020a, 2021a), navigation for blind people OhnBar et al. (2018), etc. In this
work, we put our focus on vehicle navigation, a task also explored by the previous literature Kiran
et al. (2021); Stafylopatis and Blekas (1998); Deshpande and Spalanzani (2019).

However, most of the previous works only consider a static scenario, where the user (robot,
vehicle or human) that receives the instructions does not change its dynamics during the deployment
phases. This is not practical in the real world - in practice, the navigation system is faced with
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Figure 1: Different participants using different driving
kits in our navigation system built on Carla. Each
participant at least interacts with the system for three
hours.

Figure 2: Examples of dynamics changes:
left: using different vehicles (cybertruck) and
different visual situations (mimicking foggy
situations). Right: using a first-person view
instead of a third-person view, while the latter is
easier to control.

different users with changing or unseen dynamics during deployment (in our case, we could face
different drivers, vehicles and weather conditions everyday), which requires fast personalization of
the navigation system. However, there is little hope learning a monotonic policy that fits all (and
unseen) users. In fact, even well-established navigation systems such as Google Maps are only
designed for the average user. Thus, personalization needs to be achieved through adaptation, and
we need a policy that can quickly adapt to the incoming user. Recently, meta learning Finn et al.
(2017a); Duan et al. (2016); Finn et al. (2017b) presents a way to train policies that adapt to new
tasks by few-shot adaptation. Similarly, in our online setting, we need to focus on sample efficiency
in order to have performance guarantee, i.e., we want to adapt with as few samples as possible -
otherwise, a policy is sub-optimal as long as the adaptation is unfinished. Towards this direction,
model-based RL methods have shown promising sample complexity/efficiency results (compared
to model-free algorithms) in both theoretical analysis Sun et al. (2019); Tu and Recht (2019) and
empirical applications Chua et al. (2018); Wang et al. (2019).

Drawing the above intuitions from meta RL and MBRL, in this work we propose an online
model-based meta RL algorithm for building a personalized vehicle navigation system. Our algorithm
trains a meta dynamics model that can quickly adapt to the ground truth dynamics of each incoming
user, and a policy can easily be induced by planning with the adapted model. Theoretically, we
show that our algorithm is no-regret. Empirically, we develop a navigation system inside the Carla
simulator Dosovitskiy et al. (2017) to evaluate our algorithm. The state space of the navigation
system is the specification of the vehicle (e.g., location, velocity) and the action space is a set of
audio instructions. A policy will be trained and tested inside the system with a variety of scenarios
(driver, vehicle type, visual condition, level of skills). Ideally, a personalized policy should deliver
timely audio instructions to each different user. We conduct extensive experiments (60+ hours) on
real human participants with diverse driving experiences as shown in Fig. 1, which is significantly
more challenging than most previous works that only perform experiments with simulated agents
instead of real humans Koh et al. (2020); Nagabandi et al. (2018b). The user study shows that our
algorithm outperforms the baselines in following optimal routes and it is better at enforcing safety
where the collision rate is significantly reduced by more than 60%. We further highlight that the
proposed algorithm is able to generate new actions to facilitate the navigation process.

Our contributions are as follows: 1) we propose an algorithm that guarantees an adaptive policy
that achieves near-optimal performance in a stream of changing dynamics and environments. 2)
Theoretically, we prove our algorithm is no-regret. 3) We build a vehicle navigation system inside
the state-of-the-art driving simulator that could also facilitate future research in this direction. 4) We
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