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Abstract: This study presents a novel deep learning-based method for scenario generation to validate autonomous driving systems
(ADSs). Testing ADSs for every possible scenario in the real world is challenging and costly due to the vast number of potential
driving conditions, which can slow down the research and development process. To address this issue, a simulation-based validation
method using driving scenarios has been introduced. Current scenarios typically rely on the recorded traffic data or the rule-based
traffic agents. However, these conventional method-based scenarios often lack sufficient realism and diversity, which hinders
effective validation. This study proposes an approach that leverages a deep learning method for scenario generation to enhance
realism and diversity. First, a variational autoencoder (VAE) was employed to encode complex traffic characteristics into a compact
latent space. The latent diffusion model was then used to add controlled noise into the latent space and learn this space through
iterative denoising processes. Consequently, a new latent space was generated from the learned denoising process using Gaussian
noise as the input. The new latent space provided diverse traffic characteristics, which the VAE decode into the driving scenarios that
maintain realism while exhibiting diverse traffic. The generated scenarios were validated by comparing them with the scenarios made

by VAE, while focusing on their realism and diversity.
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Fig. 1. Latentdiffusion applied to scenario generation.
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Table 2. Results of generated scenarios.

Feature| Mean pairwise Mean Env. Mean vehicle Mean position | Mean position Mean angle Mean angle

Model distance (m) collision (%) collision (%) min ADE (m) | minFDE (m) | min ADE (deg) | min FDE (deg)
VAE 117 3.28 214 174 3.82 2.60 3.86
LDM 2.69 254 557 1.90 429 2.78 383
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Table 3. Parameters used for comparison.
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