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Abstract

Scenario-based testing is an important approach for the de-
velopment and validation of autonomous driving systems,
as it enables evaluation across different driving situations.
Safety-critical scenarios are especially relevant, but they oc-
cur rarely in real-world data, which creates the need for gen-
eration methods. In this paper, we present a scalable AI-based
approach based on a variational autoencoder that unifies the
generation of different types of critical scenarios while intro-
ducing controllability through a structured latent space. The
integration of unified generation and latent space control ad-
vances AI-based scenario generation towards practical use,
thereby supporting the requirements of industrial validation
pipelines.

Introduction
The safety assessment of automated driving systems re-
quires thorough testing across many possible traffic situ-
ations. Rather than driving long distances, researchers in-
creasingly use scenario-based testing, where specific traffic
situations are designed and simulated to evaluate system be-
havior (Webb et al. 2020). The effectiveness of this method,
however, depends on the availability of high-quality scenar-
ios that accurately reflect the variability and complexity of
real-world traffic.

Recent advances in data-driven generative modeling have
demonstrated the potential of AI-based approaches like vari-
ational autoencoders (VAEs) and Diffusion Models for cap-
turing such variability directly from trajectory data (Kayatas
et al. 2023; Xu et al. 2025). However, key gaps remain, since
most existing methods either use separate models or work
only in limited settings. This reduces their value for sys-
tematic validation. To overcome this, there is a need for a
scalable and unified approach that can cover multiple safety-
critical scenarios within one framework. In addition, practi-
cal use in testing requires that engineers have direct control
over scenario attributes, something current methods do not
provide. Taking these needs together, our work represents a
first step towards an interpretable solution, where scenario
generation combines unification with controllability to sup-
port large-scale testing and industrial validation.
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Figure 1: Probability distribution of occurrence of six con-
sidered scenarios

Method
Dataset
The dataset used is based on real-world highway measure-
ments, combining ego-vehicle ECU signals with sensor data
from surrounding traffic. It includes six safety-critical sce-
nario types: cut-in left (CIL), cut-in right (CIR), cut-out left
(COL), cut-out right (COR), cut-through left (CTL), and cut-
through right (CTR). The dataset contains about 44,600 sce-
nario trajectories, with frequencies as shown in Figure 1.

Guided Variational Autoencoder
The proposed guided variational autoencoder embeds sce-
nario control directly into the latent space, avoiding external
conditioning that can distort the underlying probability dis-
tribution. Such distortions are especially critical for failure
probability estimation, where even small over- or underes-
timation of scenario frequencies leads to unreliable risk as-
sessment. To solve this, one latent dimension is explicitly
designated to encode the scenario class:

z = [ztype, zrest], (1)
where ztype encodes the scenario type and zrest models the
remaining trajectory variability.

The standard isotropic Gaussian prior is replaced by a
class-conditional prior

p(z | y) = N (ztype | µy, σ
2
y) · N (zrest | 0, I), (2)

with each class y assigned a distinct mean µy in the scenario
dimension.

To align ztype with the corresponding class center, an aux-
iliary loss is included:

Lalign = λalign Ex,y

[
(ztype − µy)

2
]
. (3)
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Scenario MSE Classification Error
CIL 5.03e-2 1.00e-2
CIR 4.17e-2 2.00e-2
COL 2.05e-2 1.00e-2
COR 6.41e-2 1.00e-2
CTL 1.20e-1 0.00e+0
CTR 9.49e-2 1.00e-2

Table 1: Validation MSE loss and classification error rates
(mean values).

Figure 2: Learned modalities in the latent parameter z0,
which separates different scenario types.

The overall training objective then combines reconstruc-
tion, regularization, and alignment:

Ltotal = Lrecon + β LKL + Lalign. (4)

This formulation preserves data fidelity while providing ex-
plicit control over scenario generation through ztype. The
weights β and λalign are selected using grid search.

Results
The model is first validated on an unseen dataset using
mean squared error (MSE). Reconstruction errors remain
low across all scenario types as shown in Table 1. The higher
MSE error for CTL is likely due to the smaller dataset size,
while scenarios with larger sample counts achieve consis-
tently lower values.

We then analyze the latent space to verify that scenario
information is properly captured. The parameter z0 repre-
sents scenario type, and as shown in Figure 2, each scenario
type forms a distinct cluster, yielding a multimodal distri-
bution with class-specific centers that is disentangled from
the other latent variables. Interestingly, longitudinal veloc-
ity, though not explicitly targeted, disentangles itself in di-
mension z6, where its KDE closely matches the true veloc-
ity profiles (Figure 3). This illustrates the potential of latent
parameters to capture physically interpretable attributes be-
yond the intended scenario dimension.

At the trajectory level, validation highlights the quality
of the generated samples. Figure 4 shows that PCA pro-
jections of generated trajectories closely overlap with real
data, indicating that the global structure is well preserved. In
training data, the latent space forms tight scenario clusters,

Figure 3: Latent parameter z6 captures generalized velocity
behavior. The generated trajectories (red) reproduce the real
velocity profiles (blue), including peak dynamics.

Figure 4: First two modes of PCA applied to (a) measured
and (b) generated samples.

with cut-through trajectories lying between cut-in and cut-
out, and this organization is largely maintained in generated
samples, though some show slightly looser clustering and
partial overlap. Scenario consistency is further confirmed by
an external classifier, which yields the low error reported in
Table 1. These results demonstrate realistic trajectory gen-
eration with reliable scenario control, and cluster separation
could be further improved through refined latent regulariza-
tion.

Conclusion
The work shows that complex driving scenarios can be gen-
erated realistically while remaining controllable through in-
terpretable latent parameters of AI models. This control-
lability makes the approach both practical and effective
for testing and validation of autonomous driving systems.
Future work will focus on improving explainability and
grounding the latent space in more physical parameters to
further enhance interpretability and reliability.
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