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Abstract

Research into vision-based end-to-end autonomous driving systems utilizing deep learning and reinforcement learning has been
steadily increasing. These systems typically encode continuous and high-dimensional vehicle states, such as location, velocity,
orientation, and sensor data, into latent features, which are then decoded into a vehicular control policy. The complexity of urban
driving environments necessitates the use of state representation learning through networks like Variational Autoencoders (VAEs) or
Convolutional Neural Networks (CNNs). This paper analyzes the impact of different image state encoding methods on reinforcement
learning performance in autonomous driving. Experiments were conducted in the CARLA simulator using RGB images and
semantically segmented images captured by the vehicle’s front camera. These images were encoded using VAE and Vision
Transformer (ViT) networks. The study examines how these networks influence the agents’ learning outcomes and experimentally
demonstrates the role of each state representation technique in enhancing the learning efficiency and decision- making capabilities of
autonomous driving systems.
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Steer
Direction
Distance

Previous timestep steering
Angle between vehicle and waypoint
Signed perpendicular distance from waypoint

Table 1: Agent’s state
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Figure 3: Top row: (Left) Original RGB Image, (Right) Original
SS Image. Middle row: (Left) RGB Image Reconstructed by VAE,
(Right) SS Image Reconstructed by VAE. Bottom row: (Left) RGB

Image Reconstructed by ViT, (Right) SS Image Reconstructed by
ViT.
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