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Abstract

Despite recent advances in autonomous driving, ensuring their safety remains
challenging and demands extensive testing. Traditional simulations offer a solution
but are constrained by human design and heuristics. These limitations have moti-
vated data-driven generative methods to create scalable, realistic, and diverse traffic
scenarios that better reflect real-world complexity. However, evaluating the realism
of generated scenarios remains a fundamental challenge due to the structured,
multimodal, and temporally evolving nature of driving data. Existing evaluation
approaches, such as collision metrics, trajectory errors, or distribution-based com-
parisons, capture only limited aspects of realism and fail to assess multimodality
effectively. Benchmark-driven protocols, such as the Waymo Open Sim Agent Chal-
lenge, provide partial solutions. To address these limitations, this work introduces an
evaluation framework that adapts fidelity and diversity metrics from the image syn-
thesis domain to the driving domain, measuring realism and distributional coverage.
We complement this with an interactive visualization tool for qualitative analy-
sis, making the evaluation process more explainable. The framework is validated
through comprehensive case studies across multiple rule-based and learning-based
generative models for autonomous driving scenes. Our results demonstrate that
the adapted metrics provide complementary diagnostic value for agent-level traffic
simulation while highlighting limitations in assessing full scene-level scenario gen-
eration. We hope our proposed framework provides practical guidance for future
research on evaluating traffic and scenario generation.
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1. Introduction

The ability to generate realistic traffic and driving scenarios is an essential component
in the development of autonomous vehicles. Modern autonomous driving systems
require extensive testing across a wide range of behaviors, road layouts, and
interactive situations to ensure reliability and safety before deployment in the real
world. However, collecting large-scale, safety-critical real-world data is expensive
and inherently limited in the diversity of rare but important events. Consequently,
scalable methods for synthesizing realistic traffic scenarios have become increasingly
important. Simulation environments offer a controllable and cost-effective alternative,
yet they rely on rule-based or manually crafted heuristics that limit behavioral
richness and realism [DRC*17,[LBBW™"18]. Recent advances in generative modeling,
including diffusion models [HJA20] and autoregressive transformers [VSP*17],
provide promising solutions by learning from real-world data and producing
more diverse and realistic traffic scenes [FLP*23, MML*24, [BC*24, RGG™25]. This
progress, however, has amplified the need for rigorous and interpretable evaluation
methodologies to assess the quality of generated scenarios.

Unlike images or text, driving scenarios are defined by structured, multimodal, and
temporally evolving elements such as agent trajectories, semantic maps, interactions,
physical constraints, and traffic rules (see Figure[1.T). Existing evaluation approaches
lack standardization and typically rely on heterogeneous metrics such as collision
rates [ZLD* 23], trajectory reconstruction errors [VLY"23|], or feature distribution
comparisons [XCIP22, MML*24]. While informative, each such metric captures only
a narrow aspect of realism or physical plausibility. Benchmark-oriented protocols
such as the Waymo Open Sim Agent Challenge (WOSAC) [MLM™23] measure how
likely real-world behavior is by computing the average negative log-likelihood of
ground truth observations under the distribution of generated trajectories. However,
this approach is also limited in its ability to assess multimodality and exhibits several
conceptual constraints.

This thesis addresses these limitations in two complementary ways. First, we
adapt fidelity and diversity metrics developed initially for image synthesis [SBL*18),
KKL*19] to the domain of traffic and scenario generation. By comparing real and
generated samples within an embedding space, these metrics provide a unified
and interpretable framework for assessing both realism (fidelity) and distributional
coverage (diversity).

Second, we present an interactive analysis tool that complements these metrics with
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Chapter 1. Introduction

Ground Truth Generated Sample

Figure 1.1.: Example traffic scene in Bird’s Eye View (BEV). Real-world scenario
(left) and rule-based generated scenario (right). Although the generated
scene appears visually realistic, data-driven evaluation metrics may
yield misleading conclusions, as they can be sensitive to artifacts such as
annotation noise in the ground truth data.

manifold visualizations, nearest-neighbor inspection, and detailed per-sample com-
parisons. This tool bridges both quantitative evaluation and qualitative interpretation,
making the evaluation process more transparent and explainable.

To demonstrate the utility and sensitivity of our framework, we conduct comprehen-
sive case studies evaluating a range of generative approaches, including rule-based
baselines and recent learning-based methods for traffic and scenario generation. Our
experiments show that while the metrics provide complementary diagnostic value
for traffic simulation, they remain limited in delivering consistent and interpretable
evaluations within the more complex scenario generation task.

Thesis Structure: Chapter [2|surveys related research on evaluation approaches for
generative models, with a particular emphasis on traffic and scenario generation.
Chapter [3|introduces the adapted fidelity and diversity metrics and outlines the
main components of our visualization tool for interactive evaluation. Chapter
presents a series of experimental case studies that apply and ablate our evaluation
framework across multiple traffic and scenario generation settings. Finally, Chapter|5]
concludes this thesis by discussing the limitations of current data-driven evaluation
approaches and suggesting future research directions.
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2. Background and Related Work

This chapter reviews existing literature relevant to this work. Section [2.1|surveys
current evaluation methods from other generative domains and provides a detailed
discussion about fidelity and diversity metrics. Section [2.2] then shifts to our appli-
cation domain, providing an overview of current traffic and scenario generation
approaches and summarizing commonly used evaluation protocols. Finally, Sec-
tion 2.3]introduces the mainstream benchmarks for traffic and scenario generation
provided by Waymo [MLM*23, Way25].

2.1. Evaluation Methods for Generative Tasks

In general, evaluating generative models remains a fundamentally challenging task
and an active area of research [NOU™" 20, |SCH" 23, RvBvdS25, RSGA25]]. This diffi-
culty is particularly pronounced for implicit models such as generative adversarial
networks [GPAM™14] and diffusion models [HJA20], which do not provide explicit
likelihood estimates [BPE24]. However, even likelihood-based approaches, such as
variational autoencoders [KW14], have been shown to yield unreliable results when
comparing log-likelihood values [IvdOB16|.

As a result, researchers have increasingly turned to a variety of quantitative proxy
metrics, often tailored to the domain and task at hand. The following section briefly
surveys the most popular evaluation approaches used in different application areas,
with a particular focus on the development of fidelity and diversity metrics.

2.1.1. Other Domains

Different data modalities impose different requirements on the evaluation of genera-
tive models. This section summarizes representative evaluation methodologies used
in other domains, highlighting how metric design adapts to the properties of text,
images, video, audio, and tabular data.

Text Data

In the domain of Natural Language Processing (NLP), traditional reference-based
overlap measures such as BLEU [PRWZ02] or ROUGE [Lin04] have long been
considered the gold standard for evaluating text translation and summarization.

13



Chapter 2. Background and Related Work

Even though several studies have shown that these metrics do not correlate well
with human judgment, there was no decline in their popularity [SMK20].

With the rapid advancement of Large Language Models (LLMs), language generation
tasks have become more sophisticated, and their evaluation has consequently
grown more complex. Embedding-based metrics such as BERTScore [ZKW™20]
and CLIPScore [HHF"22] leverage pretrained (vision-)language models to compute
semantic similarity between generated outputs and reference texts or input images,
capturing meaning beyond surface-level word overlap.

Furthermore, evaluation approaches have increasingly shifted from traditional
reference-based metrics to reference-free methods [IvDS25]]. Even LLMs themselves
have recently been employed as evaluators of NLP tasks [ZCS*23], enabling evalua-
tion without human annotations, provided that a pretrained LLM is available.

Image Data

In the image domain, models are judged by how realistic their generated images
look. The most popular metrics include the Inception Score (IS) [SGZ"16] and the
Fréchet Inception Distance (FID) [HRU"17]. IS is computed based on the inception
network [SVIT15] trained on the ImageNet dataset [DDS*09]. Formally, it calculates

IS = exp(Ex~pc[dxL(po(y | ©)llpe(v))])

where x ~ p is a generated sample image, po(ylx) is the conditional class distribution
predicted by the inception network, and pg(y) the marginal distribution over labels
for all generated images. Besides the necessity of a labeled data set, IS is weak at
guiding model comparison [BS18,[LL22, XHY"18].

FID also relies on the inception network, but instead of using its predicted class
probabilities, it extracts intermediate feature embeddings for both real and generated
images. The metric assumes that the embedded features follow a multivariate
Gaussian distribution, which is then fitted to the real and generated samples. It then
measures the Fréchet distance’s difference between these two distributions, given by

FID = ||ty — gl + Tr(E, + Tg = 2(5,50) )

where N (ur, Xr) and N(ug,Z,) are the fitted Gaussians for the real and generated
data, respectively. However, FID is sensitive to both the addition of spurious modes
as well as to mode dropping [SBL*18]. Furthermore, several improvements to
FID have been proposed. While the Kernel Inception Distance (KID) relaxes the
Gaussian assumption [BSAG21], FID, aims to reduce the bias introduced when FID
is estimated from a finite number of samples [CE20].

14



2.1. Evaluation Methods for Generative Tasks

Video and Audio Data

For video generation, evaluation extends beyond visual quality to include temporal
coherence across multiple frames. A widely used metric for unconditional video
generation is the Fréchet Video Distance (FVD) [UvSK*19] and Kernel Video Distance
(KVD) [UvSK™*19|], which adapts the image-based FID and KID by extracting spatio-
temporal features using a 3D convolution network pretrained on a video dataset.
Furthermore, CLIP cosine similarities are frequently employed, particularly in
text-conditioned video generation tasks [ECA™23].

Similarly, in the audio domain, the Fréchet Audio Distance (FAD) [KZRS19] and
the Kernel Audio Distance (KID) [CEL*25] extend FID and KID, respectively. These
metrics measure distributional similarity between real and generated audio by
comparing deep feature statistics extracted from a pretrained audio embedding
network.

Tabular Data

Generated tabular data is evaluated differently because there is neither visual
nor auditory output. Evaluation typically focuses on statistical fidelity and util-
ity [HOMC'25| [HEA*23|]. Fidelity metrics assess whether the generated data
accurately reflect the distributions and relationships present in the real data. For
example, [HOMC™25] measures distances between marginal histograms using the
Hellinger distance and compares pairwise correlations between variables. Addi-
tionally, they treat the problem as a classification task. If a trained classifier can not
reliably distinguish between real and generated data, then the generated data has
high fidelity.

Utility metrics quantify how useful the generated data is for downstream tasks.
A common approach is Train-on-Synthetic Test-on-Real, where a model is trained
on the generated data and evaluated on a held-out real test set. The performance
drop relative to a model trained and tested on real data indicates the utility of the
generated data [RBB*20].

Human Evaluation

Despite the advances in quantitative metrics, human judgment remains crucial
for generative models in many domains [TvdOB16, HL08| SMK20]. In video and
audio tasks, human participants are often asked to perform pairwise preference tests
or quality ranking assessments. Furthermore, new metrics are routinely validated
against human judgment [UvSK™19, KZRS19]. Recent studies examine human
perception of generated images and find that none of the current quantitative metrics
accurately reflect human judgments of realism. This underscores the continued
importance of human evaluation as a supplement to quantitative metrics [SCH"23].
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Chapter 2. Background and Related Work

P real
P gen

(a) Example distributions (b) Precision (c) Recall

Figure 2.1.: Precision and Recall for distributions defined by [SBL*18].(a) Given
two distributions, one of real data P, (blue) and of generated data with
Pgey (red), we can define: (b) Precision as the probability that a random
data sample from Py, falls within the support of P;,;. And (c) recall
as the probability that a random data sample from P, falls within the
support of Pg.,. The figure is taken from [KKL*19].

2.1.2. Fidelity and Diversity

In the image domain, [SBL*18] point out that one-dimensional metrics such as FID
and IS are limited in their diagnostic capability. While these metrics can distinguish
between generally good and bad models, they fail to capture specific failure modes
of generative models. Moreover, they provide only a dataset-level assessment and
do not offer an instance-level metric.

To address these shortcomings, [SBL*18] proposes a precision and recall metric for
distribution to assess image generation models. The classic concepts of precision and
recall, predominantly known from classification tasks, are illustrated in Figure[2.1]
It defines precision as the fraction of generated samples that are realistic, and
recall as the extent to which the generated samples cover the real data distribution.
Both are computed as expectations over binary set membership, capturing how
likely a sample from one distribution lies within the support of the other. The
two dimensions of the metric provide an advantage for distinguishing between
more failure modes of generative models. Specifically, a model that produces
unrealistic samples will exhibit low precision. In contrast, a model that fails to
cover the full diversity of the real data distribution will show low recall, even if
its generated samples are of high quality (high precision). [SBL*18|] formulates its
metric by modeling the relative probability densities of the two distributions across
a continuum of precision and recall values. This results in a curve-valued metric
where the extrema correspond to the classic definitions. However, these extrema
are difficult to estimate due to the method’s dependence on relative densities and a
uniform-density assumption [KKL*19, NOU*20].

Several recent works [KKL*19, NOU™" 20, [AVBSvdS22, [CU23, [KA23|, PK23| [FSA25,
STI25] have built upon this approach by introducing various extensions of the
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2.2. Traffic and Scenario Generation

precision and recall framework. All metrics transform the original curve-valued
formulation into single-valued metrics, facilitating easier interpretation and more
practical use [RvBvdS25]. Most of the metrics utilize k-Nearest Neighbor (KNIN)
methods to estimate the probability density function of the data. [KKL™19], for
instance, estimates the underlying support of the real and generated data in feature
space by constructing manifolds with the set of hyperspheres around each embedded
sample that reaches its kth nearest neighbor. While intuitive and widely adopted,
this approach has several limitations, such as it is highly sensitive to outliers and fails
to recognize identical distributions, as pointed out by [NOU™20, PK23]]. To address
these shortcomings, [NOU*20] and [PK23] propose enhanced formulations to be
more robust and better capture the relationship between the real and generated data
distributions. Other works propose alternative support estimation [AVBSvdS22],
and symmetric reformulations [KA23|], highlighting the ongoing effort to overcome
the limitations of existing metrics.

Some of these metrics have been successfully applied beyond the image domain,
including to audio [NOU*20] and tabular data [AVBSvdS22], demonstrating their
versatility in evaluating generative models across domains. However, despite these
advancements, a recent study by [RvBvdS25] systematically evaluates current fidelity
and diversity metrics and finds that none of them pass all basic sanity checks, even
in simple distribution settings. The authors further argue that all metrics are bad for
absolute model evaluation. Moreover, they highlight that using current fidelity and
diversity metrics requires great caution, and practitioners should be aware of their
inherent limitations when interpreting results.

Since all these metrics come in pairs, they can be grouped into two categories: fidelity
and diversity. While the first category measures the realism of generated samples,
the latter measures how well the generated distribution covers the real distribution.
This categorization and notation will be used throughout the rest of this work.

2.2. Traffic and Scenario Generation

Shifting focus to our domain, this section reviews the landscape of traffic and
scenario generation, summarizing methodological approaches and the corresponding
evaluation protocols adopted in recent literature.

2.2.1. Definition and Approaches

Traffic and scenario generation refers to synthesizing realistic driving situations for
simulation, which plays a key role in enabling rigorous testing of autonomous vehicle
systems under diverse and challenging conditions [DXA™23]. The boundary between
traffic generation and scenario generation is often indistinct in the literature, with both
terms being used to describe overlapping or closely related tasks [LPEF*23||GPZ"25].
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Chapter 2. Background and Related Work

In our work, we distinguish traffic simulation from scenario generation based on
initial conditions. Thus, traffic simulation assumes predefined initial states, whereas
scenario generation involves synthesizing complete scenarios that include initial
states. For both tasks, we typically consider the road map and the number of objects
given. In this work, we use the terms traffic simulation, sim agent, and traffic
generation interchangeably.

Traffic and scenario generation methods can be broadly categorized into two main
approaches, namely rule-based and learning-based. In the following, we provide a
brief overview of related work for these approaches.

Rule-based

Rule-based methods rely on predefined rules and expert knowledge to generate
traffic behaviors through deterministic processes. A widely used rule-based motion
model is the Intelligent Driver Model (IDM), which implements vehicle motion
using simple car-following rules [THHOO]. Simulators such as Carla [DRC"17]
and SUMO [LBBW™18] commonly incorporate variants of this model to simulate
background traffic.

Similarly, procedural approaches remain popular for scenario generation. Traffic
agents are populated in the scene guided by a set of predefined rules and heuris-
tics [DRC*17, LBBW™18|]. These methods allow for manual parameter tuning to
achieve reasonable agent placements and behaviors. However, purely rule-based
methods often struggle to capture the full complexity of human driving, and hand-
crafted heuristics may miss irregular maneuvers or diverse interactions between
vehicles [SRCU21, MML*24].

Learning-based

With recent advances in deep learning, learning-based approaches have become
increasingly prominent in traffic and scenario generation. Such methods aim to
model the underlying distributions of real-world traffic scenarios and generate
novel samples, thereby producing more realistic and diverse driving behaviors. In
particular, generative models such as diffusion models [HJA20] and autoregressive
transformer architectures [VSP*17] have shown remarkable success in this domain.

For traffic simulation, the current state-of-the-art includes finetuned SMART models,
which are autoregressive multi-agent motion forecasting models based on next-token
prediction [WEGK?24, ZKI*25, |Z]C*25|]. Other approaches, such as VBD [HZV*24]
and SceneDifusser [JBC*24], exemplify diffusion-based motion modeling.

In the context of scenario generation, autoregressive methods typically insert agents
into the scene subsequently, conditioning each new agent on the map and initial states
of previously placed agents [TWW*21|]. Some approaches extend this conditioning
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2.2. Traffic and Scenario Generation

to include also future trajectories [FLP*23, MML"24]. For motion decoding, they
commonly use transformer-based trajectory decoders such as MultiPath++ [VHS21]
or Wayformer [NARZ*22].

Additionally, several works adopt hybrid strategies, combining different paradigms
for initial state generation and motion modeling. For example, SLEDGE, Scene
Diffusion, and Scenario Dreamer all employ diffusion models for generating the
initial state scenes, but differ in how they simulate motion, using rule-based [CDG24],
reinforcement learning-based [RGG™25|, or transformer-based [SGS™24] approaches,
respectively.

In this thesis, we primarily adopt rule-based methods to efficiently generate control-
lable and diverse traffic behaviors with varying performance, which is essential for
systematically evaluating metric sensitivity. As a learning-based addition, we incor-
porate SMART to leverage state-of-the-art motion modeling, thereby complementing
rule-based methods with more realistic and data-driven behaviors.

2.2.2. Evaluation Protocols

The evaluation of generative tasks remains an open challenge, as there is yet to be a
single metric that can adequately measure all aspects of realism and controllabil-
ity [TvdOB16]. This also applies to evaluating the quality of generated traffic scenes.
To address these challenges, different evaluation protocols have been proposed. The
following subsections present representative approaches for assessing traffic and
scenario generation.

Traffic Simulation

[MLM™23] point out that evaluating traffic simulations lacks standardization and
mainstream benchmarks. We present a subset of their survey in Table as a
representative summary. Most works measure a form of collision rate for the
importance of safety [SRCU21| BYS™21, XCIP22, [VLY*23} ZLD*23], but this alone
doesn’t capture realism, since static agents can simply avoid collisions. To assess
realism, researchers additionally compare simulated behavior to logged real-world
data using metrics such as distribution matching of vehicle dynamics [XCIP22],
off-road rates [XCIP22, [SRCU21], spatial coverage [XCIP22, SRCU21|, and goal
progress [VLY*23].

Furthermore, metrics like Average Displacement Error (ADE) have been used [BYS™21,
VLY*23], but they are limited by the inherent multimodality of agent behavior. Syn-
thesized traffic scenes should account for multiple plausible agent behaviors, rather
than matching only a single ground-truth observation. Alternative approaches
favor point-to-distribution metrics, such as the average negative log likelihood
(NLL) of the ground truth trajectories under the distribution of generated trajecto-
ries [IP19}ZLD"23]. Building on this approach, Waymo introduced an NLL-based
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Chapter 2. Background and Related Work

Evaluation Protocol ADEor Offroad Collision Instance-Level Dataset-Level Spatial Coverage Goal Progress
minADE ~ Rate Rate Distribution Matching Distribution Matching or Diversity or Completion
Trajectron [IP19] v v
TrafficSim [SRCU21 v v v v
SimNet [BYS™21] v v
BITS [XCIP22 v v v v
Nocturne [VLY*23 v v v
TrafficBots [ZLD*23] v v v
WOSAC [MLM*23 v v v v

Table 2.1.: Overview of evaluation protocols for traffic simulation. Table taken and
adapted from [MLM*23].

evaluation protocol within their Waymo Open Sim Agent Challenge (WOSAC),
establishing a standardized benchmark for traffic simulation [MLM*23]. By hosting
public leaderboards and competitions, Waymo has built a strong research community
and positioned this benchmark as a mainstream standard. In-depth details on their
evaluation protocol are provided in Section[2.3.1]

Scenario Generation

The evaluation of scenario generation methods is characterized by even greater
diversity and less standardization than in traffic simulation, due to the additional
complexity of generating initial states or lane graphs. Following the approach
of [MLM*23] for traffic simulation, we survey recent works on scenario generation
and classify their evaluation protocols in Table

Evaluation Protocol ADEor Offroad Collision Instance-Level Dataset-Level Fidelity and Holistic
FDE Rate Rate Distribution Matching  Distribution Matching  Diversity view
SceneGen [TWW21] v v
Scene Diffusion [PWR23] v
SceneControl [LWZ24] v v v
SLEDGE |[CDG24] v v v v v
DriveSceneGen [SGS*24| v v
ScenarioDreamer [RGG* 25| v v v
TrafficGen [FLP*23] v v v
Scenario Diffusion [PGH*23| v v
UniGen [MML*24]| v v
SceneDiffuser [JBC*24] v v v v v
WOSGC [Way25| v v v v

Table 2.2.: Overview of evaluation protocols for scenario generation. Approaches
are grouped by generative capability: (Top) initial states only, (Middle)
initial states with motion and lane-graphs, and (Bottom) initial states with
motion.

For methods that focus solely on generating initial states of agents, evaluation
is typically performed using distribution matching of key scene features such
as position, bounding box size, and velocity [TWW*21, PWR23| LWZ*24]. Two
popular metrics for quantifying the difference between real and generated feature
distributions in this context are Maximum Mean Discrepancy (MMD) and Jensen-
Shannon divergence (JSD). In addition, some works report metrics such as initial
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2.3. Waymo Open Motion Challenge

state collision and off-road rates to further assess the physical realism [LWZ24].

For methods that jointly generate both initial states and agent motions, evaluations
are mostly divided by their subtask. While initial state quality is typically assessed
as mentioned, motion realism is evaluated using metrics such as dynamic collision
rates [MML*24, FLP*23], mean trajectory distance errors [FLP*23], or distribution
matching distances over motion features including speed, acceleration, and proximity
to other objects or road boundaries [MML"24]. More advanced works, which are
capable of generating not only agent positions and motions but also lane graphs,
introduce fidelity and diversity metrics to evaluate the realism and variability of
their generated road layouts [CDG24, SGS™24, RGG™25].

[JBC*24] presents the first approach to evaluate all aspects of scenario generation
using a single holistic metric by adapting the WOSAC evaluation framework. Instead
of evaluating individual trajectories, all objects in the scene get aggregated, and
the scenario gets assessed as a whole. Building on this, the Waymo Open Scenario
Generation Challenge (WOSGC) employs this evaluation protocol for its recently
released benchmark on scenario generation.

2.3. Waymo Open Motion Challenge

To advance research in autonomous driving, Waymo, one of the leading companies
in this field, hosts annual challenges. These challenges aim to advance state-of-the-
art methods in motion prediction, planning, and simulation, while encouraging
collaboration and competition within the research community. In the following
sections, two recent challenges are described in more detail, with a focus on their
task description and evaluation framework. Table 2.3| offers a high-level overview of
the tasks and highlights their differences.

Task Input Output Evaluation
Traffi - 11 steps state history (all objects) - 32 rollouts - histograms per object
Sﬁnuﬁ ation - 11 steps traffic light history - full trajectories (80 steps) - selected objects

- road map

- 11 steps state history (ego vehicle) - 32 rollouts - histograms per scenario
Scenario - 11 steps traffic light history - initial states (pose, bounding boxes) - all objects
Generation  _ number of objects to simulate - full trajectories (91 steps)

- road map

Table 2.3.: Overview of traffic simulation and scenario generation. The table outlines
the problem formulation for each task, including inputs, generated outputs,
and evaluation approaches defined by Waymo.
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Chapter 2. Background and Related Work

2.3.1. Sim Agent

The Waymo Open Sim Agents Challenge was introduced in 2023 as the first public
benchmark to address the task of simulating realistic and interactive traffic agents
[MLM™23]. WOSAC defines traffic simulation as a conditional generative modeling
task under the assumption of a fixed, offboard perception system. The goal is to
encourage the design of traffic simulators that can be used to evaluate and train
behavior models for autonomous driving. Furthermore, they introduce a data-driven
evaluation framework built on the publicly accessible Waymo Open Motion Dataset
(WOMD). WOMD is a large-scale motion forecasting dataset containing data mined
for interactive behaviors across a diverse set of road layouts from multiple cities
[ECCT21]. WOSAC uses WOMD's 9-second scenarios sampled at 10 Hz. The dataset
provides about 487,000 training, 44,000 validation, and 45,000 testing scenarios.

Problem Formulation

A traffic scene can be formalized as S = (C,A). C = {M,I'} represents the context
of the scene, which includes a high-definition (HD) map M and the location and
state of traffic lights I over a time horizon T = 91 with timesteps t € {0,..., T —1}.
The set of agents A = {a'},i€{1,...,N} denotes the N traffic agents present in the
scenario, including the ego vehicle. Each agent a' can be described as its trajectory
a over T timesteps, while 116 is the initial state. At all timesteps, the agent’s state
is characterized by the center positions (x!,/,z), the sizes (@', ', '), heading angle
6;, and velocity v’t. In the WOMD there are three different agent types 7 ={vehicle,
pedestrian, cyclist}. For the Sim Agent Challenge, Waymo defines the task as follows:

Given a scene context C, the past eleven timesteps of all agents’ trajectories at 07 the
task is to model the future behavior of A;1. in R = 32 rollouts over 80 additional
timesteps. In other words, the goal is to model the conditional distribution of all
agent states:

p(A11. | G Aio)

such that we can sample R scenarios which yield a realistic and diverse traffic
behavior. Furthermore, the challenge requires factoring the traffic agents from the
ego vehicle, such that the traffic model can be used with new releases of the ego
policy. Formally, this can be written as:

p(ael(g;o’ tmfflc |C,Aup) = Hnego(aego E<gto, t;’:szzc Q). (Atmfflcl ego tmffzc ,0)

<t’ <t
t=11

where Afffic .= A\ {a%8°}, and atmf fie refers to the combined states of all agents

except for the ego vehicle at time ¢. Further factorizing the traffic model p(Atmf fie |

ego traf fic C

5 a2 ,C)is also allowed but not required. Bounding box sizes are assumed to
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2.3. Waymo Open Motion Challenge

remain fixed from the last observed timestep, and any objects appearing after the
first 11 timesteps are not considered.

Evaluation Metric

To assess the quality of simulated agents, WOSAC introduced a distribution-matching
evaluation framework, based on point-to-distribution distance measuring. The key
objective is to measure how closely the generated agent behaviors align with those
observed in the real world. Since the true analytic form of the real-world driving
distribution is unknown, WOSAC approximates the distribution using WOMD,
which provides representative samples of real traffic scenarios [MLM*23].

Specifically, the challenge evaluates submissions on the negative likelihood (NLL)
of selected ground truth trajectories under the distribution induced by the same
selected and simulated agents. To ensure a consistent evaluation across submissions,
predefined histograms are fitted to the trajectories of the 32 generated rollouts. The
NNL of the ground truth trajectory samples is then computed under the normalized
categorical distribution derived from these histograms. An illustrative example of
this computation for a single feature is provided in Figure This computation
is performed for M = 10 behavioral features, as described in Table resulting in
one component metric per feature. Finally, all component metrics are weighted and
aggregated into a single realism score that captures all aspects in one comprehensive
metric, the Realism Meta Metric (RMM).

Metric Group ‘ Feature ‘ Weight ‘ Num Bins ‘ Min Val ‘ Max Val ‘ Ind. Timesteps
Linear Speed (LINS) 0.05 10 0.0 25.0 True
Kinematic Linear Acceleration (LINA) 0.05 11 -12.0 12.0 True
Angular Speed (ANGS) 0.05 11 -0.628 0.628 True
Angular Acceleration (ANGA) 0.05 11 -3.14 3.14 True
Collision Indication (COLL) 0.25 2 0 1 False
Interactive Distance to Nearest Object (DTNO) 0.10 10 -5.0 40.0 True
Time to Collision (TTC) 0.10 10 0.0 5.0 True
Off-road Indication (OFFR) 0.25 2 0 1 False
Map-based Traffic Light Violation (TLV) 0.05 2 0 1 False
Distance to Road Edge (DTRE) 0.05 10 -20.0 40.0 True

Table 2.4.: Waymo metric configuration. Overview of the component metrics used
in WOSAC and WOSGC evaluations. Each metric belongs to one of three
groups and contributes to the overall realism score with an associated
weight. The last four columns specify the histogram configurations used
to approximate the empirical feature distributions of the simulated trajec-
tories.

Formally, R = 32 samples are drawn from the distribution p for each scene. Each
sample spans T = 80 timesteps and contains A with N agents. Let the generated
data be denoted by £(1:N,1:R,1:T,1: D) with D = 7-dim vector consisting of
location (x,y,z), size (w,l,h) and orientation 0. Let the ground truth data be denoted
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Chapter 2. Background and Related Work

by x(1:N’,1:T,1: D). Since the ground truth can contain agents that enter and
leave the scene after the initial prefix, a validity mask v(1: N’,1:T) is necessary to
exclude ground truth data points from the evaluation. The following describes the
mathematical computation of the realism score for one scenario.

Let F; sim(%(a,:)) the set of feature samples of type j derived from £(a,1:R,1:T) by
pooling over T, and R. These samples are used to compute a histogram pj, sin(.),
specifically, the empirical distribution of F; for agent a in this scenario.

Similarly, let F; ¢4(x(a,t)) denote the value of feature j from the ground truth trajectory
of agenta at time ¢. This applies to all features except for the three dependent-timestep
binary features OFFR, COLL, and TLV. For both x and £, values are aggregated by
taking the maximum valid value over T before forming the feature set. In other
words, if a trajectory exhibits a collision or goes off-road at any timestep across the
rollouts, the corresponding feature is assigned a value of 1.

For independent-timestep features, the negative log likelihood for each ground truth
sample gets computed as:

NLL(a,t,j) = _logpja_sim(Fj_gt(x(az t)) (2.1)

and for dependent-timestep features:
NLL(a,j) = _logpja_sim(Fj_gt(x(a)) (2.2)

Then, the j-th component metric for agent a is defined as:
1 &

mj(a) = exp| ~ls] Zt‘ v(a,HNLL(a, 1, j) (2.3)

1 Neva
=N Z m;(a) (2.4)

for independent-timestep features, where V(a) = ZtTv(a, t) denotes the number of
valid samples for agent a in the ground truth data. Here, N, denotes a subset of N,
as only a predefined set of agents is evaluated. The number of N, varies between ~
2-15 agents per scenario. Since the dependent-timestep features yield a single value
per agent and all N, evaluated agents are valid, the metric is defined as:

mj(a) = exp(-=NLL(a, j)) (2.5)
Nevai
M=y Y mi@ (2.6)

Finally, all component metrics m jare weighted and aggregated into the realism meta
metric score:

M
1
RMM = — ; wjm,j 2.7)
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1. Build histogram from all rollouts for selected objects
[Roflout3 [t=0 [t=t [t=2 [t=3 [t=4

[Rollout2 [t=0 [t=1 |t=2 |t=3 |t=4 2. Compute NLL for each gt sample
Rollout1 [t=0 |t=1 [t=2 [t=3 |t=4 GT t=0 |t=1 |[t=2 |[t=3 |t=4
Object1 | 17 18 19 20 20 Object1 |18 19 20 20 20 Car accelerating
Object2 | 13 12 10 8 5 Object 2 BETIRER 10 8 5 Car decelerating
Object3 | 1 0 0 1 2 _E)E’;:—Z"—MT 2 0 0 Pedestrian
\ )
Y
) ——
| — Object2 _— NLL =0 [t=1 |t=2 |t=3 |t=4
| Object 1 - > Object1 | -242 | -242 | -22 |-22 |-22
’ Object2 | -242 | 27 |-1.74 | 309 | 27

3. Average and normalize

. | N
g [ | 1 Final metric for
’ ‘ = exp (ﬁz NLLi) = exp(=3.011) =|0.049 linear speed
i=1

\alue

Figure 2.2.: Example of metric computation for linear speed feature. (1) For each
predefined object (highlighted in yellow), a histogram is created from all
feature samples of that object across generated rollouts. (2) The NLLs
of the ground-truth samples per object are then computed under these
distributions. (3) NLL values are averaged and normalized.

The final leaderboard score is computed as the average of all RMM scores across all
scenarios in the test split.

2.3.2. Scenario Generation

In addition to the WOSAC and two other challenges, Waymo introduced the Waymo
Open Scenario Generation Challenge (WOSGC) [Way25]. This represents the first
publicly available benchmark for evaluating scenario generation methods in a
standardized manner. It was released on 1% of April 2025, and participants were
given 6 weeks to submit their results. Similar to WOSAC, the challenge uses the
WOMD'’s 9-second scenarios sampled at 10 Hz.

Problem Formulation

The previously described traffic scene formalization continues to apply in this setting.
For the WOSGC, however, Waymo defines the task as the following;:

Given a scene context C, eleven history timesteps of the ego vehicles’ trajectory a:eflo
and the number N” of agents per type to be generated, the task is to synthesize A in
R =32 rollouts over T = 91 timesteps. Unlike WOSAC, this also includes the initial
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Chapter 2. Background and Related Work

states. Formally, the goal is to model the conditional distribution of all agent states:

PA | CaS,NY)

such that R scenarios can be sampled to produce realistic and diverse traffic scenarios.

Evaluation Metric

Due to the lack of comprehensive and standardized evaluation metrics for scenario
generation, as described in Section Waymo employs a slightly modified
version of the WOSAC metrics to assess the realism of generated scenarios. In the
WOSAC metric, NLLs are computed per agent. Here, they are computed per scenario.
Consequently, histograms are constructed by aggregating not only over time and
rollouts but also across the agent dimension, reflecting the absence of a one-to-one
correspondence between agents in the generated and logged scenarios. Furthermore,
rather than evaluating only a predefined subset N°* as in WOSAC, all N agents are
included when forming the histograms.

As aresult, the set of simulated feature samples of type j can be defined as F; s (£(:)),
derived from £ by pooling over T, R, and also N. The histogram p; s(.), constructed
from F; 5;n(£(:)), represents then the empirical distribution of F; across all agents.

Using this, the NLL can be defined as:

NLL(a,t,]) = —logp;_sim(Fj_gt(x(a,t)) (2.8)

and for dependent timestep features:

NLL(a, j) = —logpj_sim(F j_g(x(a)) (2.9)

Then the j’th component metric is defined as:

T N
m; = exp (—[‘l/] Z Z v(a,)NLL(a,t, j)] (2.10)
t a

for independent-timestep features with V = Y Y Nu(a,t) as the number of valid
samples in the ground truth. And for dependent-timestep features with V = YN v(a):

N
mj = exp[—[‘l/] Z v(@)NLL(a, j)) 2.11)

Finally, all component metrics 11; are weighted and aggregated into the RMM score,
as in WOSAC. The challenge leaderboard score is computed as the average of all
meta-metric scores across all samples in the test split.
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3. Interactive Fidelity and Diversity
Assessment

This chapter presents the fidelity and diversity metrics we propose to evaluate traffic
and scenario generation. After outlining the theoretical foundations of several metric
pairs, we extend them with conditional formulations tailored for an instance-level
evaluation. The second part of this chapter describes the main components of
our interactive tool for assessing traffic and scenario generation using fidelity and
diversity metrics.

3.1. Prerequisites

For assessing traffic and scenario generation, we advocate the use of fidelity and
diversity metrics, as they provide a more comprehensive evaluation of generative
performance, capturing both realism and the variability across the generated data.
In contrast, one-dimensional metrics such as Inception Score and Fréchet Inception
Distance offer limited diagnostic power and assume the existence of a pretrained
network that captures meaningful domain embeddings. These metrics further
provide only a coarse, dataset-level overview, precluding detailed instance-level
analysis. Similarly, (V)LLMs are less robust for evaluating traffic scenes [WLAA25]
due to the highly domain-specific nature of the data, which is governed by complex
temporal and physical dynamics. Furthermore, traffic scenarios comprise structured,
multimodal data such as trajectories and semantic maps, which lie beyond the
representational capabilities of internet-pretrained models.

Paper Fidelity Metric Diversity Metric Highlights
[KKL*19] Improved Precision (I-Prec) Improved Recall (I-Rec) intuitively and
widely adapted
[NOU*20] Density Coverage robust to outliers and
computationally efficient
[PK23] Probabilistic Precision (P-Prec) Probabilistic Recall (P-Rec) robust to outliers and

probabilistic scoring rule

Table 3.1.: Fidelity and diversity metrics considered in this work.
Specifically, we select three distinct pairs of fidelity and diversity for our analysis,

summarized in Table I-Prec and I-Rec are included due to their wide adoption
and recognition in the literature. The remaining two pairs are chosen to address
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Chapter 3. Interactive Fidelity and Diversity Assessment

specific limitations identified in the metric proposed by [KKL*19]. Each pair intro-
duces improvements from different methodological perspectives. The following
mathematically describes all metrics in detail and highlights their differences.

3.1.1. Metrics

To formally describe the metrics in detail, we adopt the notation of [RvBvdS25],
which offers a unified and standardized formulation for all fidelity and diversity
metrics. As already mentioned in Section all fidelity and diversity metrics are
computed using embeddings of the data points. The embedding of a single data
point is denoted as ¢, and the set of all embeddings as ®. Additionally, the subscripts
®, and @, are used to differentiate between real and generated data. The notation
|®| represents the number of samples in the dataset ©.

Real samples k=2 LPrec < 1+14+1+1+1 — 0714 k=2 Fake manifold

— =

® o o o
o ® [ J

o ©° ] N AT °
° o
P o [}
® pe (] Fake samples ° [
Real manifold [ J [ J
T+1+141+1+1
I-Rec = % —0.857

Figure 3.1.: Improved Precision and Recall. Real and fake manifolds are approxi-
mated by surrounding each sample within a hypersphere defined by its
kth-nearest-neighbor distance.

Improved Precision and Recall

The main idea of the I-Prec and I-Rec is approximating the support or manifold S
of the real and generated data distribution with a set of hyperspheres around each
data point [KKL*19]. The radius r of the hypersphere is defined to be the distance to
the k-th nearest neighbor of each point.

S@) = |_J B, NNi(,®) (3.1)

Ped

with B(¢,r) as a hypersphere with radius r centered at ¢, and NN(¢, D) as the
distance to the k-th nearest neighbor of ¢ in @, excluding itself. Next, a binary
function is defined to determine whether a given sample ¢ is located within the
support:

1, ifllp—¢’ll <llp’ — NNi(¢’, D)ll, for at least one ¢’ € P

. 3.2)
0, otherwise,

f((P/CD):{
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3.1. Prerequisites

Finally, I-Prec counts the fraction of generated data points that lie in the support of
the real data, while I-Rec counts the fraction of real points that are in the support of
the generated data.

I-Prec(®,, D) = Mi? Y flog @) (3.3)
Pg€Dy

FRec(®, @) = o0 Y 9, 0y) (34)
" pred,

A simple example is illustrated in Figure[3.1] For the parameter k, the authors suggest
using the value 3. Since this approach approximates the support with a fixed k for
all data points, it implicitly assumes a constant density across the entire distribution.
Consequently, the method does not normalize with respect to the hypersphere radii
or relative density of samples. [NOU™20, [PK23|] pointed out that this simplification
can be problematic in practice, especially in the presence of outliers. For precision,
the kNN method can lead to an overestimation of the true manifold around an
outlier. As a result, generating multiple samples around such outliers can artificially
inflate the precision score (see (a) in Figure 3.2).

Similarly, for recall, models that produce highly diverse samples (outliers) can
overestimate the generated data manifold. Due to the lower sample density, the
distances to their k-nearest neighbors increase, leading to larger hyperspheres and
an inflated estimate of the generated manifold. Consequently, real samples are more
likely to fall within the generated support, thereby falsely increasing recall (compare

(c) in Figure 3.2).

Density and Coverage

To overcome the weaknesses of the I-Prec and P-Rec, [NOU™20] propose the density
and coverage metrics. Density is defined as

) 1
density = Koy Y Y Loeno 00 (3.5)
Q€D PreD,

and counts, for each generated data point ¢, the number of real data hyperspheres
that include ¢,. The result is then normalized by both the sum over all generated
data and the neighborhood size k.

1
coverage = — Z Tagsedy : ¢geB@r NN, ) (3.6)
|(I)r| = 8§=F8 -8

Coverage counts the fraction of real data points that have at least one generated data
point in their hypersphere. This means coverage uses the approximate manifold of
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(a) I-Precision / Density (b) P-precision (c) I-Recall (d) Coverage (e) P-recall

Figure 3.2.: Robustness to outliers. Each metric pair applies its own scoring rule and
handles outliers differently. I-Prec and density (a) overestimate outlier
regions, whereas P-Prec (b) normalizes neighborhood sizes and applies
a probabilistic scoring rule, yielding greater robustness. Similar effects
are illustrated for the corresponding diversity metrics (c-e). The figure is
taken from [PK23]] and k = 2.

the real data distribution. The authors claim that the metric is more robust to outliers
because outliers in the real data distribution are less common, and generated outliers
do not influence it. While coverage is bounded between 0 and 1, the density can
exceed 1 if the density of generated data points is high near a real data point.

However, despite the improvements, [PK23] find that density is still vulnerable
to outliers, which can be seen in (a) of Figure Coverage on the other side is
fully independent of the distances between generated samples, as it only measures
how many real hyperspheres are occupied by generated samples. This introduces
a limitation in sensitivity to the relative diversity between real and generated
distributions. For example, if the real data distribution is relatively sparse, both
highly diverse and more dense generated distributions may yield similar coverage
scores (see (d) in Figure 3.2 as an example for a more dense generated distribution).

Probabilistic Precision and Recall

Unlike Density and Coverage, P-Prec and P-Rec address the outlier-robustness
problem by approximating the supports probabilistically [PK23]. Instead of assigning
a binary value to indicate whether a data point lies within the approximate support,
they estimate the probability that the point belongs to the support. The authors
define a probabilistic scoring rule (PSR), which estimates the probability of ¢ to be
in the support of @ as,

PSRo(¢) =1~ [ (1= f(, ¢/, Ro)) (3.7)

PpeD
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with f(¢,¢’,Ro) being a simple estimate of the probability that ¢’ is in the support
around ¢:

1_”‘1’_1;15 ||2’ 1f ”(P—¢,||2SR

i (3.8)
0, otherwise,

f(@,¢",R) ={

where Rg denotes the average k-th nearest neighbor distance within @, scaled by the
parameter a.

a
Ro =10 q;)wqb,@) (3.9)

In the end, all probability estimates are averaged to produce the overall metric.

1
P-Prec(®;, Bg) = 17— Z PSR, (¢h5) (3.10)
3! poed,
1
P-Rec(®y, @) = 1o Z PSR, (¢r) (3.11)
T
e,

The authors set the parameters to default values of a = 1.2 and k = 4. The improvements
of this metric over prior ones in their failure cases are shown in Figure[3.2(b) and (e),
for precision and recall, respectively. However, it still fails to satisfy several sanity
checks for clear upper and lower bounds, as studied by [RvBvdS25].

3.1.2. Conditional Fidelity and Diversity

In the domain of traffic and scenario generation, the generative task is conditioned
on specific contexts, such as road layouts, the number of objects, or initial states.
Consequently, evaluation metrics should account for these conditioning factors to
accurately assess model performance and the quality of the generated data. The
Waymo metric achieves this by computing the log-likelihood of the ground truth
with respect to their corresponding generated trajectories or scenarios, and then
averaging the result across the dataset. This provides instance-level diagnostics and
enables a more detailed and interpretable analysis of model performance.

To obtain similar capabilities for fidelity and diversity metrics, we extend their
traditional definitions to a conditional setting. Since all fidelity and diversity metrics
depend on the underlying manifold, and thus on the distribution of the data, we
continue to construct the manifold using all data points. This preserves the global
geometric structure of the support, and nearest neighbors are ideally from similar
instances. However, when testing membership for the conditional metrics, a data
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point is compared only to points in its corresponding counterpart set, rather than to
the entire dataset. For I-Prec and I-Rec we can redefine the Equations [3.3/and [3.4]as:

con-I-Prec(®,, Dg) = o Z Z Flg, @) (3.12)
s DY) e, poed?
con-I-Rec(®;, ®g) = @ q) Z Z f(¢r,CD(s)) (3.13)
o ed, ¢,
1

Z S ¢(S q)(s) since |CD£S)| =11in our case (3.14)

e 5
€D,

Here, the superscript (s) denotes the data points which belong to instance s. In our
context, this corresponds either to a set of trajectories or a set of scenarios generated
from multiple rollouts. Since each instance has only one ground truth counterpart,

the size of the set q)ﬁs) is equal to one when computing the metrics.

Similarly, for P-Prec and P-Rec, we can express the conditioned forms of Equations

and as follows:

1

con-P-Prec(®;, ) = Z Z conPSR y»(dg) (3.15)
g e, g et
1

con-P-Rec(®;, @) = 1 Z Z conPSR 9(r) (3.16)

CD(S)G(qu) e
| | Z conPSRq)@) (qbrs)) since I(I)( )I =1in our case (3.17)
r (5) cd

while keeping Ro on global scale, we compute the PSR on the instance level:

conPSRaye (¢) =1 — H (1- f(¢,¢',Ro)) (3.18)

PED®)

For the conditioning of density and coverage, the Equation 3.5 can be expressed as:
con-density = qu)g Z Z 0B NNi(0,0,) (3.19)
e, poed?)

where we consider only one ground truth sample per instance, while summing
over all generated samples from instance s that fall within the neighborhood of the

corresponding real data point qb(s). And for Equation

con-coverage = m Z 0 - 6, <BO NNy (0 0,) (3.20)
(5 D,
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All these conditional formulations allow us to retain the global geometric structure
of the data distribution while evaluating generated samples specifically against
their corresponding ground truth instance. As a result, it provides a more detailed
assessment of fidelity and diversity in a context-aware and instance-conditioned
setting.

3.2. Interactive Components

This section describes the core components of our visualization tool for evaluating
generative tasks using fidelity and diversity metrics. Although the primary focus of
this work lies on assessing traffic and scenario generation, the tool can be expanded
to other domains where human evaluation remains crucial. Its purpose is to provide
researchers with an interactive tool for exploring and analyzing generated samples.
To this end, the tool integrates dimensionality reduction methods to visualize data
manifolds and provides dashboard-like overviews of evaluation metrics. We also
include capabilities for detailed per-sample and per-method analysis. Together, these
components allow both a high-level understanding of model performance and a
deeper qualitative inspection of specific samples.

3.2.1. Manifold Visualization

Figure 3.3.: Dashboard view. The interface provides an interactive manifold vi-
sualization of real and generated distributions, complemented by an
overview of relevant evaluation metrics. Users can explore the underlying
data structure, inspect nearest neighbors, and examine correspondences
between ground-truth and generated samples.

To provide users with an intuitive way of exploring their data, we employ di-
mensionality reduction methods to project high-dimensional data samples into
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two-dimensional (2D) or three-dimensional (3D) spaces. This allows for visual in-
spection of similarities and differences between real and generated data distributions.

For dimensionality reduction, we consider two complementary nonlinear techniques.
The first is t-distributed Stochastic Neighbor Embedding (t-SNE) [vdMHO08], which
constructs a low-dimensional embedding by minimizing the Kullback-Leibler
divergence between high- and low-dimensional pairwise similarity distributions,
thereby emphasizing the preservation of local neighborhood structure. In this work,
we use the sklearn implementation with a perplexity of 20 and random initialization,
while keeping all other parameters at their defaults.

The second option is Uniform Manifold Approximation and Projection (UMAP)
[MHMZ20]. UMAP models the high-dimensional data manifold as a fuzzy topological
structure and optimizes a low-dimensional representation by minimizing a corre-
sponding cross-entropy objective. Compared to t-SNE, UMAP tends to retain more
global structure while still preserving local relationships. We employ the official
UMAP implementation with default parameters.

Figure[3.3]shows the visualization of the embeddings produced by the dimensionality
reduction methods within the frontend. The interface allows users to zoom, pan,
and inspect individual data points through hover interactions. Hovering over a
data point reveals more information, such as the three nearest neighbors in feature
space (highlighted in green) and the corresponding counterpart(s) from the other
distribution (highlighted with increased size and a red outline). This interaction
visualizes the conditional correspondence between ground-truth and generated
samples associated with the same underlying trajectory or scenario. Further details
such as the distance to the counterpart, per-sample metric scores, and identifiers are
also displayed. Selecting a data point opens a detailed neighbor comparison view,
allowing for fine-grained inspection of the sample and its local neighborhood.

3.2.2. Nearest Neighbor Analysis

Since k-nearest neighbors are already computed for the fidelity and diversity metrics,
our tool leverages this information to support neighbor-based inspection. This
analysis provides users with insights into how samples relate to their closest points
and how they differ from each other.

Depending on the application domain, users can explore both the original data
and their feature representations, if applicable. In our case, the original data can be
visualized as traffic scenes rendered as a 2D Graphics Interchange Format (GIF) file.
Since we summarize trajectories and scenarios into handcrafted feature histograms,
we can also illustrate them. This dual perspective can be valuable for assessing
whether the feature space adequately captures meaningful similarities. Shortcomings
in the representation can be revealed by samples that may appear close in feature
space but differ substantially in raw form. On the other hand, high similarity across
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Data distribution: Real

III il |

Figure 3.4.: Nearest Neighbor Analysis. Our tool allows users to inspect how
individual samples relate to their closest neighbors in feature space and
in the original data, visualized as GIFs. In this example, a traffic scenario
with many off-road parked cars is highlighted, showing that the nearest
neighbors share similar scene characteristics.

both spaces provides confidence that the features align with human perception. An
example analysis is shown in Figure[3.4] A scenario with many off-road parked cars
was selected, as indicated by the high bar on the right side of the first histogram
in the last row. Looking at the raw data from the nearest neighbors, their scenes
look similar: numerous off-road parked vehicles, along with fewer on-road vehicles
either approaching a traffic light or driving at low speed.

3.2.3. Detailed Method and Sample Comparison

A central part of developing generative models is to compare different methods and
determine which performs best for a given task. However, evaluating generative
models remains challenging due to missing ground truth data and a lack of reliable
metrics [NOU™20,[SCH*23, RvBvdS25, RSGA25]. To address this, our tool supports
both quantitative and qualitative comparison across methods and generated samples.

Qualitatively, our tool provides sample-level comparisons, allowing generated
outputs to be directly inspected alongside their corresponding ground truth scenes.
This facilitates visual assessment and can aid data curation for downstream tasks
requiring specific scenario characteristics. Selecting a real data point reveals the
associated generated samples from all methods, as illustrated in Figure (b).
Combined with the manifold visualization introduced in Section [3.2.T] users obtain
an overview of the distributions produced by different approaches, where deviations
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Details

(b)

Figure 3.5.: (a) Per-method comparison. Users can visually inspect generated sam-
ples alongside their corresponding ground truth scenes across different
methods. (b) Per-sample quantitative results. A table presents detailed
metrics for each sample, including distances to counterparts, hyper-
sphere radii, and individual fidelity and diversity scores.

from the ground-truth manifold indicate poorer performance.

Quantitatively, the tool aggregates various fidelity and diversity metrics for each
method and displays them in the dashboard view (Figure[8.3). We additionally report
the Waymo Realism Metric to complement these scores. A detailed per-sample table
provides further information such as hypersphere radii, distances to counterparts,
and individual metric values (Figure B.5/(a)).

By combining both qualitative and quantitative perspectives, the tool allows re-
searchers to balance objective metric scores with subjective human judgment, which
remains essential in generative domains [TvdOB16, HLOS].
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4. Case Studies: Traffic and Scenario
Generation

This chapter presents case studies demonstrating how fidelity and diversity metrics
can be practically applied to evaluate traffic and scenario generation tasks. In
Section[4.T we introduce all the methods evaluated in this study. Section4.2delineates
the experimental design and details the series of experiments conducted as part of
our case studies. Finally, Section 4.3|reports the quantitative and qualitative results
for both traffic and scenario generation tasks, incorporating our new evaluation
metrics. For further insights, we provide supplementary figures in the Appendix[Al

4.1. Methods

The first section of this chapter provides a comprehensive overview of the methods
employed in our experiments. To ensure modularity, extensibility, and reproducibil-
ity, we develop a toolkit named SHED (Synthesizing Environments for Driving).
SHED integrates different methods for scenario and traffic generation within a
unified workflow, as illustrated in Figure In the first stage, initial states are
generated and stored as intermediate files. This enables the reuse of generated states
across subsequent methods, facilitating efficient experimentation and reducing com-
putational redundancy. The first stage is particularly relevant for scenario generation,
where the use of historical trajectory data is not allowed. The second stage involves
simulating the motion of all traffic participants. For rule-based approaches, we
utilize the Waymax simulator [GFL*23] to execute closed-loop simulations. The
toolkit supports the integration of learning-based methods for both traffic simula-
tion and initial state generation, enabling future extensions beyond our baselines.
Finally, simulated trajectories are serialized and persisted as pickle files, enabling
downstream evaluation and visualization workflows.

4.1.1. Traffic Simulation

Traffic simulation focuses on realistic motion forecasting of traffic participants, as
detailed in Section We compare seven motion forecasting approaches with
varying complexity and realism. Method variations enable systematic assessment of
evaluation metric sensitivity. The following subsections briefly describe the methods
in more detail.
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Figure 4.1.: SHED. Comprehensive overview of methods integrated within SHED
for scenario and traffic generation. SHED can be easily extended with
additional methods.

Constant Velocity

The logged_CV baseline implements a Constant Velocity (CV) assumption. The
model computes each agent’s velocity based on its last two logged states from the
historical trajectory and extrapolates future positions in the direction of the current
heading. We add Gaussian noise to the velocity to promote trajectory variability
across rollouts. A slight modification, denoted as logged_CV_slow, reduces the
extrapolated velocity to half of the logged speed. We expect fewer collisions and
off-road violations, though the driving behavior remains unrealistic.

Intelligent Driver Model

The Intelligent Driver Model (IDM) [THHO0] is a deterministic, rule-based driving
model that computes a vehicle’s longitudinal acceleration based on its distance
and relative velocity to the preceding vehicle. On free roads, it allows the car to
accelerate toward a predefined desired speed. We evaluate three IDM variants using
the built-in Waymax implementation [GFL*23].

The logged_IDM variant follows logged lateral trajectory while computing longi-
tudinal motion via IDM dynamics. To ensure compliance with traffic signals, we
extend the default Waymax implementation by overriding the acceleration output
whenever a vehicle approaches a red traffic light. For model configuration, we
use the default IDM parameters from Table with additive noise (e.g. £1.0 to
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4.1. Methods

Parameter Default Value | Description

desired_vel Vado_lane Desired velocity. Either adv lane speed limit or
Undo_lane = 30 mph if speed limit is not available.

min_spacing 20m Minimum spacing to the leading vehicle.

safe_time_headway | 2.0s Desired time headway to leading vehicle.

max_accel 2.0 m/s> Maximum acceleration of vehicle.

max_decel 4.0 m/s> Maximum deceleration of vehicle.

delta 4.0 Acceleration exponent.

Table 4.1.: Default IDM parameters.

max_accel) to promote stochasticity across rollouts.

Secondly, we define logged_IDM_aggressive, which represents a more assertive
driving behavior. By increasing the desired_vel with a factor of 1.5, higher speeds are
expected. Furthermore, we adjust the min_spacing and the acceleration/deceleration
parameters to less conservative values, allowing vehicles to follow more closely and
respond more abruptly to traffic dynamics.

The IDM variant modifies the default Waymax IDM behavior such that, instead of
following logged trajectories, agents follow randomly generated paths along road
centerlines, starting from their last known history state. All Off-road vehicles remain
static throughout the simulation. This approach is particularly important for tasks
where logged trajectories are unavailable, such as in the scenario generation task
(see Section |4.1.2)).

In all IDM-based simulations, pedestrians maintain constant velocity and heading,
while cyclists employ IDM with reduced desired velocity (10 mph) to reflect typical
motion patterns.

SMART

The SMART (Scalable Multi-Agent Real-Time Motion Generation) model [WEGK24]
represents a state-of-the-art learning-based approach for multi-agent motion fore-
casting in traffic simulation. It serves as the base architecture for all top-performing
models in its domain and ranked 1st on the WOMD leaderboard in 2024. SMART
formulates motion forecasting as a next-token prediction task, in which a classifier
iteratively predicts discrete trajectory tokens. This is achieved by transforming both
the vectorized map features and agent trajectories into a unified sequence of tokens,
enabling efficient autoregressive trajectory generation.

Several extensions were introduced during the Waymo Sim Agent Challenge 2025,
including closed-loop [ZKI*25] and reinforcement-learning [PSS25] fine-tuned vari-
ants, as well as improved tokenization approaches [Z]C*25|]. However, most of these
models have not been made publicly available. To ensure reproducibility, we employ
the original SMART model without additional modifications. We use the lightweight

39



Chapter 4. Case Studies: Traffic and Scenario Generation

SMART-nano variant, which was included in [ZKI*25]. This model comprises ap-
proximately 1.2 million parameters, making it well-suited to accommodate GPU
memory constraints while preserving predictive capabilities. Training comprised
30 epochs on 4 NVIDIA 2080ti GPUs using default hyperparameters with minor
adjustments specific to the nano configuration.

We define SMART _earlyStop as an additional variant, corresponding to an earlier
checkpoint obtained at approximately 80% of the full training process.

4.1.2. Scenario Generation

Unlike traffic simulation, scenario generation does not assume prior knowledge of
initial agent states or trajectory history. Therefore, a primary challenge is accurately
predicting the initial scene composition. In reality, a scene can vary considerably
depending on factors such as time of day, day of the week, holidays, or weather
conditions.

For the scenario generation challenge described in Section[2.3.2} accurate initial state
prediction is essential. Particularly regarding the off-road/on-road ratio, which the
evaluation metric is highly sensitive to. Since this ratio is assumed to remain stable
across the 91-timestep horizon with appropriate motion models, precise initial states
are critical for strong performance.

Since this work prioritizes evaluation methodology over method development, we
leverage privileged information such as the logged initial states and trajectories.
This approach provides a reliable reference baseline representing "perfect" scene
prediction. We adopt the naming convention initialStateMethod_MotionModel,
yielding three privileged scenario generation methods: logged_CV, logged_IDM,
and logged_SMART.

Random Initial State Generator

To avoid exclusive reliance on privileged information, we implement a rule-based
approach that generates initial agent states through two primary tasks: specifying
the off-road/on-road ratio and positioning the objects.

Off-road Rate Regressor: Given the prevalence of off-road parked vehicles and
pedestrians in the dataset, accurately predicting off-road object counts is critical
for overall performance. We explore using both a constant off-road ratio (e.g., 40%
off-road) and a 3-Layer Multi-Layer Perceptron (MLP) regressor trained on 9,000
randomly sampled training scenarios, taking object count, lane count, and average
speed limit as inputs. The MLP achieves a mean absolute error (MAE) of ~ 5.4.

Position Initializer: Objects are positioned under simplified assumptions: all pedes-
trians are placed off-road, cyclists on bike lanes or on-road, and vehicles are dis-
tributed to satisfy the off-road ratio. The ego vehicle anchors placement, followed by
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Figure 4.2.: Rule-based scenario generation approach. RandomRuleMLP position
initializer output (left) and the corresponding generated paths for all
on-road vehicles (right) when using IDM. Vehicles colored gray represent
off-road objects, blue indicates on-road objects, and the ego is shown in
green.

on-road objects randomly positioned on lane centerlines within the ego vehicle’s
proximity. To avoid initial state collisions, we apply rejection sampling with spatial
conflict checks against previously placed objects. A sampled location is rejected if
the distance between the centers of two objects is within

_ max(ly,w) N max(lp,wy)

a 2 2

4.1)
where I;, w; are the length and width of object i. Off-road objects are distributed near
road edges with minimal offset, replicating typical parked vehicle and pedestrian
positioning. To maintain computational efficiency, the number of placement attempts
per objectis limited to 10. Unsuccessful placements result in static off-road positioning
with a progressively increasing road-edge offset. Initial velocities default to ego
speed for vehicles and 10 mph for cyclists. Figure[4.2)(left) illustrates a fully populated
scene from the RandomRuleMLP initializer.

Path Generation for IDM

To ensure compatibility with the IDM motion model, it requires path information
for lateral control. Since off-road objects are static and only on-road objects follow
IDM dynamics, paths are generated exclusively for on-road agents. Following prior
work [KGT*24,[CDG24], fixed-length paths are sampled along lane centerlines from
initial positions. For the ego vehicle, which follows the logged trajectory for the first
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11 timesteps, we identify the closest point on a lane centerline after this interval.
The subsequent path is constructed from this point onward along the centerline.
Figure4.2| (right) illustrates representative pathways.

Reverse Token Matching for SMART
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Figure 4.3.: Reverse token matching strategy. (1) We estimate a physically plausible
“previous” state for each initialized object using a constant velocity
and heading model. (2-3) The estimated state is then converted into
the SMART token representation and (4) matched against all available
trajectory tokens to select the closest one.

SMART is originally trained for traffic simulation tasks that assume at least one
trajectory token from the motion history. To ensure compatibility with our random
position initializer, we introduce a mechanism that aligns each initialized state with
a corresponding “previous” trajectory token. Inspired by [W]Z725], we apply a
reverse token matching strategy, illustrated in Figure 4.3 Given the initial states, we
estimate a preceding state using a constant velocity and heading model. These states
are then transformed to ego-centric coordinates and translated into SMART token
representation (contours of the bounding boxes). In the end, we match this token
against all trajectory tokens in SMART’s vocabulary to identify the closest match.
Subsequent trajectory generation proceeds autoregressively from the selected initial
token conditioned on scenario context and prior tokens.

During preliminary analysis, we ablate several non-logged methods. This ablation
study is described in Section[5.1.1|and guided the selection of methods for our experi-
ments. Along with the logged methods, we therefore focus on RandomRuleMLP_CV,
RandomRuleMLP_IDM, and RandomRuleMLP_SMART.
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4.2. Experiments

4.2. Experiments

Given the additional complexity and aggregation inherent in scenario generation,
we first conduct all experiments on the traffic simulation task. This provides a more
controlled and better-understood environment for evaluation. To systematically
assess the influence of individual configuration factors, we perform ablation studies
on the embedding, metrics, rollouts, and data size, varying a single experimental
dimension at a time. Building on the insights gained from these experiments, we
subsequently apply the fidelity and diversity metrics to the scenario generation
setting in Section[4.2.5

4.2.1. Embeddings and Distances

In the first experiment, we investigate different types of embeddings and distance
metrics for approximating the support of the real and generated data distributions.
Since no unbiased off-the-shelf encoder exists for complex multimodal traffic scenes,
we employ Waymo's handcrafted features, which are described in Section [2.3.1} This
feature space comprises kinematic, map-based, and interactive features, capturing
essential driving behavior characteristics and critical safety indicators, such as
collision and off-road indications.

Waymo characterizes trajectories via ten handcrafted per-timestep features, aggre-
gated across time and rollouts. In our case, we aggregate only temporally and treat
each rollout as an independent sample. The subsequent subsection details two
approaches for aggregating these features.

Histogram-based Embeddings

The first variant aggregates the features with the same histograms defined by Waymo
and concatenates all histogram bins into a high-dimensional feature vector. To reflect
feature importance, we apply feature-wise weighting:

M plm)
histogramBins_eucl_weighted(x;,x;) = Z w(m) Z W(hi"]:) —h%))z (4.2)
m=1 k=1

where w™) is the Waymo weight for feature m equally distributed across its b bins,
and x; = [hgl)llhEZ)ll...llhl(.M)] € R? the vector of the concatenated histogram bins.

While compatible with the Euclidean assumptions of the fidelity and diversity metrics,
this approach neglects the underlying structure of the categorical distributions. In
particular, it treats all histogram bins as independent dimensions, even though
adjacent bins within the same feature are semantically related and inherently
ordered.
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To address this limitation, we also experiment with the p-Wasserstein Distance (WD)
as an alternative similarity measure between histogram-based features. WD is a
distance metric that quantifies the dissimilarity between two probability distributions
that are defined on a metric space [Kan39].

We formalize the distance between two trajectories in the categorical distribution
space of their feature histograms as follows:

M
histogram_wasserstein_weighted(x; x;) = 2 w(’”)Wl(hEm),h;m)) (4.3)

m=1

where W; denotes the 1-WD between the normalized histograms hgm) and hj.m) of

feature m. The overall trajectory distance is obtained by a weighted sum of the per-
feature Wasserstein distances, using the feature weights specified by Waymo. This
formulation penalizes larger shifts between distant bins, yielding more semantically
meaningful trajectory similarity.

However, this distance definition departs from the Euclidean space assumption
on which all fidelity and diversity metrics are based. Since the Wasserstein metric
induces a different geometry that does not directly correspond to hyperspheres
or Euclidean neighborhoods, the resulting fidelity and diversity values should be
interpreted as heuristic measures rather than exact counterparts of the original
definitions.

Simple Stats Embeddings

As an alternative to Waymo histograms, we extract summary statistics. Specifically,
for each trajectory and for each of the M features, we extract the minimum, mean, and
maximum values over the time domain. Concatenating and normalizing these values
yields lightweight embeddings. We compute the distance between two trajectories i
and j as:

MeanMinMax_eucl_weighted(x; xj) = Zw(m)z (x(m) (m) (4.4)
\& 3

MinMax_eucl_weighted(x;,x;) = Zw(’”)z (x(m) (m) (4.5)
\& 2

where xgm) is the k-th statistic (mean, min, or max) of feature m for trajectory i. These

embeddings remain within Euclidean space, ensuring direct compatibility with
standard fidelity and diversity metrics while preserving key behavioral information.
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Figure 4.4.: Correlation between normalized distance and the Waymo RMM score
(n =100). We observe the most negative Pearson correlation r for the
histogram wasserstein_weighted embedding across methods, as it
captures the underlying structure of the feature histograms most effec-
tively.

Results

We first compare embedding types by correlating their computed distances with the
Waymo RMM score, examining whether distance measures themselves constitute
evaluation metrics. For 100 randomly sampled scenarios per method, we compute
the average distance between generated and ground-truth trajectories at the scenario
level and normalize it to [0,1].

As Figure shows, histogram_wasserstein_weighted embedding exhibits the
strongest negative correlation with the RMM score, indicating that higher realism cor-
responds to lower distances. The Euclidean variants histogramBins_eucl_weighted
and MeanMinMax_eucl_weighted achieve similar correlations.

In contrast, the MinMax_eucl_weighted variant performs slightly better, likely be-
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Figure 4.5.: Distance distributions to corresponding ground-truth trajectories. Gen-
erated trajectory samples are color-coded by mode-failure type. A clearer
separation between these categories indicates a stronger embedding
sensitivity to behavioral deviations.

cause it treats binary off-road and collision indicators as such rather than incorporat-
ing a "mean" dimension.

Figure .5 further analyzes distance distributions between generated and ground
truth trajectories across all methods. We overlay samples, classified by the most
relevant mode-failure types (off-road, collision, or both). For example, an orange
point represents a generated trajectory that goes off-road while its ground truth
counterpart remains on-road. Across embeddings, failure-free trajectories exhibit the
lowest distances, while mode failures display higher distances. However, separation
clarity varies substantially across embedding types.

Thehistogram_wasserstein_weightedrepresentation yields the clearest separation
between non-failure (blue), failure in one dimension (orange and green), and failure in
two dimensions (red). This indicates that the embedding is more sensitive to semantic
changes in feature distributions. In contrast, the Euclidean-based embeddings
show greater overlap. MinMax_eucl_weighted preserves separation better than
MeanMinMax_eucl_weighted, which exhibits minimal category distinction, likely
due to the additional "mean" dimension. Similarly, histogramBins_eucl_weighted
struggles to distinguish between single- and two-dimensional failures and tends to
assign smaller distances to off-road than to collision failures. A detailed per-method
analysis is provided in the Appendix

Qualitative nearest-neighbor analysis using our visualization tool (Section [3.2)
confirms that histogram_wasserstein_weighted produces the most semantically
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meaningful neighborhoods.

Overall, these insights support the earlier findings that the Wasserstein embedding
not only correlates most strongly with the Waymo realism metric but also provides
the most discriminative distance distribution across mode failure types, reinforcing
its value as a meaningful trajectory similarity measure. Among Euclidean-based
embeddings, MinMax_eucl_weighted achieves the most meaningful results.

4.2.2. Fidelity and Diversity Metrics

In the second experiment, we investigate the behavior of the fidelity and diversity
metrics introduced in Section We randomly sample 200 scenarios from the
validation split, each containing, on average, five trajectories selected for evaluation.
We use the same set of trajectories to establish the support for both the generated
and real trajectory distributions. To maintain data symmetry, we consider only one
rollout per generated trajectory in this experiment.

The parameter k is chosen according to the author’s recommendations: k = 3 for
I-Prec/I-Rec [KKL"19] and k = 4 for P-Prec/P-Rec [PK23]. For coverage and density,
k is derived using the expected coverage formula proposed by the authors, which
accounts for the number of the generated and real samples [NOU™20], resulting in
k=5.

We first analyze the unconditional setting, which evaluates realism and diversity
over the full data distribution. We then examine the conditional setting, which
operates at the instance level, analogous to the Waymo metric.

Results

In Figure the unconditional results are shown for all methods and embeddings.
For I-Prec/I-Rec (left), the SMART variants attain the highest scores, indicating
strong fidelity and diversity, whereas IDM variants lie in a lower but relatively
balanced range. By contrast, the CV variants exhibit similar precision but very low
recall. This suggests they primarily capture simple, straight-line behaviors, which
are commonly present in the ground truth data, yet fail to capture the diversity of
the real trajectory distribution. Moreover, the ground truth data includes outlier
trajectories with collision and off-road indications arising from sensor and labeling
noise. Consequently, colliding and off-road samples generated by the model can fall
within the sparse neighborhoods of these outliers, artificially inflating the precision
scores.

For density and coverage (middle), the trends remain similar, except IDM variants
are more widely dispersed, and CV variants achieve lower fidelity scores. This aligns
with the definition of density, which counts how many generated samples fall within
each real sample’s neighborhood and normalizes the count by k. This scoring rule
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Figure 4.6.: Results of the unconditional metric experiment. Each panel visualizes
a distinct metric pair, illustrating how the evaluated methods trade off re-
alism and diversity when measured over the full trajectory distributions.
We identify the MinMax_eucl_weighted embedding as yielding the most
interpretable results across metric pairs. The dotted line represents a
perfectly balanced score between realism and diversity.

accounts for local concentration by superposing the hyperspheres rather than taking
their union. The reduced density of the CV variants suggests that the generated
samples occupy sparse, outlier neighborhoods, failing to represent the core of the
real distribution adequately. Additionally, we observe that SMART variants achieve
density scores exceeding 1.0, a permissible outcome given the metrics” unbounded
nature.

The probabilistic metrics (right) distribute the methods irregularly across embeddings.
Among all embeddings, MinMax_eucl_weighted exhibits the highest sensitivity
across methods and yields the most interpretable pattern: IDM variants show high
diversity but low realism, CV variants exhibit both low diversity and low precision,
and SMART variants achieve a high, well-balanced realism and diversity score. In
general, the probabilistic metrics behave more conservatively, likely due to their
normalized NN-hyperspheres sizes and probabilistic membership scoring.

In Figure we report the conditional results as defined in Section This
setting aims to closely mirror the Waymo metric by checking whether each generated
trajectory lies within the neighborhood of its exact ground truth counterpart. As
expected in the single-rollout setting, all conditional metrics are noticeably lower than
their unconditional parts. Falling in the counterpart’s neighborhood is inherently
more difficult, especially in dense areas where NN-hyperspheres are small. Improved
and probabilistic variants yield relatively balanced fidelity and diversity, whereas
conditional density remains low due to normalization by k > 1, making it ill-suited
for single-sample evaluation.

Across methods, we observe consistently higher scores for histogram-based em-
beddings compared to our simple statistical embeddings. Moreover, we argue that
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Figure 4.7.: Results of the conditional metric experiment. Each generated trajec-
tory is assessed with respect to the neighborhood of its ground-truth
counterpart and vice versa. All metrics show the inherently conservative
nature of conditional metrics in the single-sample setting, making them
less informative. The dotted line represents a perfectly balanced score
between realism and diversity.

conditional metrics are informative when multiple reference samples per instance
are available.

4.2.3. Number of Rollouts

As shown in the previous experiment, conditional metrics can be overly pessimistic
when only a single rollout is considered. Therefore, we believe increasing the number
of rollouts better probes a model’s support and improves the reliability of instance-
level fidelity and diversity estimates. However, aggregating all rollouts into a single
histogram, as done in the RMM metric, blurs differences between individual rollouts
and prevents detailed diagnosis.

Conversely, treating each rollout as an individual sample from the generated trajec-
tory distribution can improve diagnostic power. However, this approach asymmetri-
cally increases the number of generated samples, making a fixed k inappropriate for
reliable support estimation of the generated data. We therefore consider n € {1,5,16}
rollouts and explore different scalings of k, reusing the 200 scenarios from previ-
ous experiments. For clarity, we report results only for the MinMax_eucl_weighted
embedding, with additional results deferred to the Appendix

For the improved and probabilistic metric variants, we define three strategies for
scaling k when estimating the support of the generated data:

fixK =k 4.6)
nrolloutK = max {k, n} 4.7)
nxrolloutK =n-k (4.8)
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Figure 4.8.: Results of the rollout experiment. Scaling k to match the number
of rollouts n yields the most stable and reliable diversity estima-
tion across metrics. The figure presents results obtained using the
MinMax_eucl_weighted embedding for three representative methods
and highlights the value of k for each scaling strategy and n.

where 7 is the number of rollouts and k the default parameter specified by the
original metric definition.

For coverage, the generated support is not approximated, and k is not explicitly
scaled. Instead, following the original formulation, k is derived from the expected
coverage under identical distributions, which depends on the number of data
samples [NOU™20]. This results in a k = 5 for a single rollout, and k = 2 for 5 and 16
rollouts, reflecting faster coverage saturation with more generated samples.

Because rollout count primarily affects diversity metrics, we only report diversity
results for three representative methods in Figure Overall, diversity estimates
become more reliable as the number of rollouts increases. For conditional irecall (left)
and precall (middle), all methods exhibit a consistent increase when moving from a
single to multiple rollouts with appropriately scaled k, indicating that larger rollout
sets capture a broader portion of the model’s support. The effect is most pronounced
for the IDM and SMART models under the nxrolloutK scaling. This suggests that
scaling k proportionally to the number of rollouts increases the likelihood that a
real sample lies within at least one neighborhood of its corresponding generated
trajectories.

In contrast, the fixK strategy tends to underestimate diversity at higher rollout counts,
as it ignores the asymmetric increase in the number of generated samples. As n
grows, the generated distribution becomes denser, causing the neighborhoods to
shrink and making them harder to hit. As a result, diversity scores decline, contrary
to the expected increase in diversity with more varied rollouts.

The nrolloutK strategy offers a compromise, yielding moderate improvements without
overestimating. For weaker methods, scaling k with 7 has a limited impact, which is
desirable, as enlarging neighborhoods for poorly distributed rollouts could otherwise
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Figure 4.9.: Results of the datasize experiment. All metrics are affected by the
number of data samples, but the overall effect remains moderate. Notably,
weaker methods exhibit a larger spread than stronger ones. We report
unconditional metric results for the MinMax_eucl_weighted embedding
with one sample per trajectory.

artificially increase the likelihood of covering real data points.

For conditional coverage (right), differences between the fixed k and the varying
k based on the expected coverage formula are less pronounced. At higher rollout
counts, the fix k tends to yield slightly higher scores, since the expected coverage
approach selects a smaller k as coverage saturates more quickly.

In summary, increasing the number of rollouts improves conditional diversity
estimation by mitigating the strong dependence on a single rollout. Among the
evaluated scaling strategies, nrolloutK provides the most stable and interpretable
diversity estimates across methods. When using coverage, we suggest using the
expected coverage approach to determine k. For a more comprehensive view, see

Appendix

4.2.4. Datasize

In this final traffic simulation experiment, we examine how dataset size affects
evaluation. As noted by [RvBvdS25], all fidelity and diversity metrics are affected
by the number of samples used to estimate the underlying support of the data.
Consequently, the dataset size should be investigated in every evaluation to avoid
misleading conclusions.

To isolate this effect, we fix the setting to one rollout per trajectory and vary
the number of scenarios. Specifically, we compare our baseline, consisting of 200
scenarios, with smaller (100) and larger (430) scenario sets. Note that each scenario
contains, on average, 5 trajectories for evaluation, thereby scaling the effective sample
size by a factor of ~ 5. We use the default k values for all metrics and report results
for the MinMax_eucl_weighted embedding in Figure
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Reducing data size consistently inflates metric scores in most cases. This is expected
given how the metrics are defined with their k nearest neighborhoods. Sparser data
increases kNN radii, enlarging hyperspheres and making overlaps between real and
generated samples more likely. However, the effect is moderate, typically within
~ 0.1 absolute metric points.

We observe similar patterns for the remaining embedding types (see Appendix|[A.T).
Across embeddings, weaker methods (e.g., CV variants) exhibit a larger spread
under varying data sizes compared to stronger methods such as SMART. This
indicates that methods prone to distribution shifts and outliers are more sensitive to
the neighborhood inflation effects induced by sparser data.

To summarize the empirical findings from the preceding experiments, we distill our
observations into the following guideline checklist:

1. Do you require a distance metric to evaluate trajectories in feature space?
e Yes: Use histogram embedding combined with a Wasserstein distance
2. Do you want to evaluate using fidelity and diversity metrics?

e Yes: Use simple Euclidean-based embeddings such as
MinMax_eucl_weighted

3. Is robustness to outliers important?

e Yes: Avoid I-Prec and I-Rec
4. Do you want to evaluate multiple rollouts individually?

e Yes: Use conditional diversity metrics with appropriately scaled k
5. Do you require non-binary instance-level scores?

e Yes: Use P-Prec and P-Rec

4.2.5. Application to Scenario Generation

We extend the proposed evaluation framework to the setting of scenario generation.
Scenario generation substantially increases the complexity of both the generation
task itself and its evaluation, as the assessment must consider the entire scenario
as a coherent whole, rather than one-to-one trajectories. Additionally, the absence
of initial states significantly broadens the range of plausible scenarios, further
complicating the evaluation process.

Consequently, applying existing fidelity and diversity metrics requires careful adap-
tation in terms of data representation and aggregation. We outline two approaches
for this adaptation.
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Scenario-based

Inspired by the Waymo challenge, this approach aggregates features over time and
all scene objects, producing a single embedding per scenario rollout. The underlying
data distribution thus represents entire scenarios rather than individual trajectories.
Here, the MinMax embedding is less informative, as it lacks average scene-level
statistics, especially for critical collision and off-road rates.

For clarity, we report only probabilistic precision and recall, as they demonstrated
stable behavior in prior traffic generation experiments. Using 200 scenarios, results
for the MeanMinMax_eucl_weighted embedding are shown in Figure
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Figure 4.10.: Evaluation results using aggregated scenario embeddings. Probabilis-
tic precision and recall for unconditional (left) and conditional (right)
metrics using the MeanMinMax_eucl_weighted embedding. Low recall
across methods indicates insufficient diversity capture, while single
ground truth conditioning limits the reliability of conditional precision.
Logged methods mostly outperform random initialization.

Unconditional metrics (left) show that logged initialization outperforms random
initialization for CV and SMART methods, while IDM exhibits the opposite trend.
Across methods, recall scores remain lower than precision, indicating that methods
generate scenarios that resemble average ground truth characteristics but fail to
capture distributional diversity. Only logged_SMART achieves a balanced trade-off.

Conditional metrics (right) provide limited insight due to a single ground-truth
sample, yielding uninformative precision. Furthermore, we observe low recall
sensitivity across methods, with SMART being the only method to achieve a
substantially high score.

While this approach provides a holistic view of the scene, it also exhibits conceptual
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limitations. Specifically, averaging all objects into simple statistics loses detailed
characteristics of individual trajectories. Consequently, different combinations of tra-
jectories can produce similar aggregated statistics without necessarily corresponding
to realistic or diverse agent behaviors within the scenario.

Trajectory-based

To address the limitations introduced by averaging over objects, we propose an
alternative approach that considers all trajectories within each scenario individually.
In this formulation, a scenario is represented as the set of all trajectories in the
scene. Conceptually, this aligns with the traffic generation setting, but it considers
all trajectories rather than a predefined subset. Each scenario contains, on average,
40-50 trajectories.

In the conditional setting, fidelity and diversity metrics assess whether generated
trajectories correspond to ground truth trajectories from the counterpart scenario.
This yields multiple ground truth references per conditioning instance, enabling
more meaningful conditional fidelity metrics. Each generated trajectory is evaluated
based on whether it lies within the neighborhood of at least one real trajectory
from the corresponding ground truth set. This set-based comparison addresses the
limitation of one-to-one mapping in scenario generation.
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Figure 4.11.: Evaluation results using all trajectories. The unconditional metrics
(left) exhibit limited sensitivity due to heterogeneous trajectories with
numerous trivial matches (e.g., static background vehicles). The condi-
tional setting (right) clearly distinguishes between random and logged
initialization, emphasizing initial state prediction. Precision remains
stable while recall improves with increased rollouts per trajectory set.
Results are reported for the MeanMinMax_eucl_weighted embedding.
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We evaluate the same 200 scenarios using the MeanMinMax_eucl_weighted em-
bedding to be comparable with the previous approach. Figure presents both
unconditional (left) and conditional (right) probabilistic, while more details can be

found in Appendix

Both unconditional recall and precision exhibit low sensitivity. This limitation is likely
attributable to the composition of the ground truth distribution, which encompasses
a broad spectrum of trajectories, including undesirable characteristics such as
collisions, off-road driving, and parked vehicles. Consequently, poorly performing
models attain artificially favorable metric scores. The realism of scenarios is mainly
driven by a limited set of trajectories, while static background objects (e.g., parked
vehicles) facilitate trivial matching and dominate the overall scenes. As a result,
the unconditional approach lacks sufficient discrimination capacity for quality
assessment, since evaluation is driven by many trivial rather than a few critical
trajectory characteristics. This limitation is further compounded by the simplistic
and imperfect embedding, which may not sufficiently capture variations in trajectory
quality.

Conditional metrics demonstrate greater sensitivity across methods due to scenario-
level conditioning. Logged methods clearly separate from randomly initialized
approaches, emphasizing initialization quality over motion modeling. Notably,
logged_CV achieves scores comparable to logged_IDM, indicating insufficient
discrimination when evaluating trajectories with undesirable characteristics against
diverse (ground truth) sets. We believe this effect is further exacerbated by the
numerous off-road-parked vehicles in many scenarios, which constitute a trivial
modeling task and can achieve high similarity across logged methods.

Building on these observations, our practical guidelines can be extended with the
following recommendations specific to scenario generation:

6. For scenario generation, do you want to evaluate aggregated scenarios?

e Yes: Use unconditional metrics with scenario-based embeddings (e.g.,
MeanMinMax_eucl_weighted).

e Limitation: Object-level aggregation obscures trajectory-level distinctions

7. Do you require conditional fidelity and diversity metrics for scenario genera-
tion?

o Yes: Use the trajectory-based approach

e Limitation: Using all trajectories of the scenes includes numerous non-
critical but simple instances (e.g., static background vehicles), thereby
introducing noise and diluting the evaluation
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4.3. Results

This section presents a comprehensive analysis of both quantitative metrics and
representative qualitative results. Specifically, we evaluate traffic and scenario
generation following the practical guidance delineated in our proposed checklist,
thereby demonstrating its applicability and utility.

4.3.1. Quantitative Results
Traffic Simulation

Table[d.2lsummarizes the quantitative results for the traffic simulation task, reporting
both Waymo’s Realism Meta Metric (RMM) and our proposed set of probabilistic
fidelity and diversity metrics. Assuming RMM serves as a meaningful baseline,
we compute Kendall’s 7 rank correlation between RMM and our metrics. With
7 = 0.714, the unconditional precision and recall metrics rank the evaluated methods
comparably to the RMM.

Method RMM-1  P-Prec P-Rec  con-P-Rec
logged_CV 0.3714 (77 0.1622 (6) 0.1075 (6) 0.0433 (7)
logged_CV_slow 0.4663 (5) 0.2864 (4) 0.0884 (7) 0.0486 (6)
logged_IDM 0.6316 (4) 0.2074 (5) 0.3350 (5) 0.0984 (4)
logged_IDM_aggressive 0.5505 (5) 0.1573 (7) 0.3373 (4) 0.0768 (5)
IDM 0.6694 (3) 0.4432 (3) 0.4232 (3) 0.1565 (3)
SMART 0.7060 (1) 0.7128 (1) 0.6891 (2) 0.5025 (2)
SMART _earlyStop 0.6826 (2) 0.6765 (2) 0.7056 (1) 0.5042 (1)
7 rank correlation 0.7143 0.7143 0.9048

Table 4.2.: Quantitative results for traffic simulation. We report the results using
the MinMax_eucl_weighted configuration across 200 scenarios. RMM-1
denotes the RMM score computed with a single rollout (RMM-16 yields
the same ranking and is therefore omitted). A high rank correlation is
observed between con-P-Rec and RMM, despite the increasing sensitivity
across methods.

Several interesting patterns emerge. First, SMART achieves the highest precision,
whereas SMART _earlyStop attains the highest recall. This suggests that SMART
produces more precise trajectories but may overfit in training, thereby failing to
cover the full diversity of real trajectories in testing. Stopping the training earlier
appears to improve generalization and recall, but at the cost of precision.

Second, reducing velocity in constant-velocity models improves fidelity but not diver-
sity by mitigating collisions and off-road deviations in simple straight-line following
scenarios. A similar pattern is observable for logged_IDM and logged_IDM_aggressive.
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Third, switching from CV to IDM in the logged cases increases recall but not precision.
While RMM provides limited diagnostic insight, our metrics show that reactive
models enhance trajectory diversity by enabling turning, acceleration, and braking.
Yet IDM variants remain inferior to learning-based approaches in capturing complex
real-world driving behavior.

It is important to note that both evaluation approaches aggregate information
differently. The RMM score operates at the instance level, computing a likelihood per
trajectory and averaging across scenarios and datasets. The unconditional fidelity
and diversity metrics operate at the dataset level, treating all trajectories as samples
from one real and one generated distribution. Therefore, any comparison between
the two has limitations and should be interpreted with caution.

Since we interpret RMM as an instance-level recall-like measure, conditional recall
provides the most appropriate comparison. With the highest rank correlation for this
configuration, conditional recall shows strong sensitivity between learning-based
and rule-based methods but weaker sensitivity within each group.

Scenario Generation

‘ Trajectory-based Scenario-based

Method ‘ RMM-16 con-P-Prec con-P-Rec | RMM-1 P-Prec P-Rec  con-P-Rec
logged_CV 0.6097 (5 04318 (2  0.4963 (2) | 0.6035(5) 0.4110(5) 0.1186(5)  0.0210 (5)
logged_IDM 0.6668 () 04280 (3)  0.4935(3) | 0.6668 (1) 0.6053 (4) 0.2420 (4) 0.0621 (3)
logged_SMART 0.6722 (1)  0.5062 (1) 0.5736 (1) | 0.6639 (2) 0.6315(3) 0.5890 (1) 0.4641 (1)
RandomRuleMLP_CV 0.5397 (5)  0.1256 (5)  0.1653 (5) | 0.5348 (5) 0.1109 (6) 0.0186 (5)  0.0013 (6)
RandomRuleMLP_IDM 0.6353 3)  0.1760 (5)  0.2766 (5) | 0.6287 (3) 0.6603 (2) 0.2853 (3)  0.0342 (4)
RandomRuleMLP_SMART | 0.6342 (4)  0.1913(4)  0.3192(4) | 0.6227 (4) 0.6609 (1) 0.4716 (2)  0.0942 (2)
7 rank correlation \ 0.4667 04667 | 02 04667  0.7333

Table 4.3.: Quantitative results for scenario generation. Rank correlations are gener-
ally low across both approaches, with the exception of conditional recall
under scenario-based embeddings. Compared to RMM, the trajectory-
based metrics exhibit stronger emphasis on initial state prediction relative
to motion quality. The observed weak correlations and ambiguous results
suggest that trajectory and scenario-based approaches alone are insuffi-
cient for comprehensive scenario generation evaluation.

In the context of scenario generation, the trajectory-based and scenario-based metrics
do not exhibit the strong correlations observed in the traffic simulation setting.
This suggests that scenario generation is inherently more challenging, and fidelity
and diversity metrics alone are insufficient for reliable evaluation. Consequently,
establishing comprehensive and robust evaluation methodologies for scenario
generation remains an open research challenge.

Experiments are conducted with the same 200 scenarios: one rollout in the uncondi-
tional case and 16 rollouts in the conditional case, with k appropriately scaled. We
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report results in Table[d.3|for both approaches using the MeanMinMax_eucl_weighted
embedding type.

RMM heavily depends on the correct off-road/on-road ratios, which benefit reactive
methods (e.g., logged_IDM, logged_ SMART) that preserve initial distributions. In
contrast, logged_CV starts with the correct ratio but gradually drifts during rollout
due to collisions and off-road deviations in any scenario that departs from simple
straight lane following.

Both fidelity and diversity metric variants exhibit low rank correlation with the RMM
score. A few potential reasons for this were already discussed in Section How-
ever, all metrics consistently identify RandomRuleMLP_CV as the worst-performing
method.

4.3.2. Qualitative Results

For qualitative results, we display four representative scenarios for both traffic
simulation and scenario generation tasks in Figure and Figure respectively.
The top row shows the ground truth scenarios. Objects labeled as off-road are shown
in gray, while on-road objects appear in blue. The ego vehicle is depicted in green,
and the predefined agents used for evaluation in traffic simulation are shown in
yellow. Collisions between objects are highlighted in red. Furthermore, we visualize
object motion through a dedicated trajectory line. A few method variants were
omitted for presentation clarity, but can be found in Appendix

While CV variants often produce visually unrealistic behaviors (e.g., going off-
road or causing collisions), the IDM and SMART variants yield trajectories that
more closely match the ground truth. However, simple straight-line scenarios (e.g.,
Scenario 4) can be modeled reasonably well by CV. The IDM variants, though not
perfectly capturing real-world dynamics, exhibit smoother, less noisy behavior due
to their deterministic, rule-based formulation. SMART, trained on real-world data,
exhibits greater variability while retaining the noise present in the training data. The
performance degradation observed between logged_IDM and IDM can be examined
through visual inspection of the first scenario in Figure Whereas IDM follows
randomly generated paths along centerlines, logged IDM transitions to a constant
velocity model once the end of the logged trajectory is reached. This results in driving
off-road and unreactive driving behavior.
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Figure 4.12.: Qualitative results for traffic simulation. Note: Method logged_CV _slow

and logged_IDM_aggressive are moved to the Appendix[A.2]
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Figure 4.13.: Qualitative results for scenario generation. Note: The least promising

method RandomMLP_CV is moved to the Appendix
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5. Discussion

This chapter provides a final discussion of the work presented in this thesis. We first
outline the preliminary analysis conducted during our participation in the Waymo
Open Scenario Generation Challenge (WOSGC), which motivated our subsequent
studies on evaluation metrics. We then examine the key limitations and implications
of this work by critically assessing both the Waymo benchmark and the proposed
fidelity and diversity metrics. Furthermore, we discuss promising directions for
future research and enumerate open questions. Finally, we conclude with a concise
summary of our findings.

5.1. Waymo Open Scenario Generation Challenge

In this section, we describe our approach to the WOSGC, which served as a
preliminary analysis of scenario generation methods conducted prior to our study
of evaluation metrics. We subsequently report the official challenge results, showing
that our lightweight rule-based system achieves competitive performance despite
its simplicity.

5.1.1. Ablation Study

During our participation in the scenario generation challenge, we ablate several
non-logged configurations of our methods on a subset of 430 samples from the
validation set. For efficient evaluation, all experiments are conducted using a single
rollout per scenario. However, we observe a slight but consistent improvement in
the metrics when evaluating 32 rollouts. The corresponding results are summarized

in Table

As a baseline, we begin with the Constant Velocity (CV) model using a fixed initial
distribution of 40% off-road and 60% on-road objects (A1). This configuration exhibits
poor kinematic performance due to its simplistic motion model. Moreover, it leads
to off-road trajectories and collisions. Introducing more realistic longitudinal control
via the Intelligent Driver Model (IDM) (A2), aligned with lateral control by following
lane centerlines, substantially improves kinematic scores. Further enhancing IDM
with traffic light awareness leads to additional gains (A3), also in the map-based
metrics. Next, we replace the fixed off-road ratio with a learned multi layer perceptron
(MLP)-based regressor (B1) that dynamically predicts the off-road ratio based on
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Figure 5.1.: Ground truth pedestrian-collision correlation. Scenarios with more

pedestrians tend to exhibit more collisions, reflecting variability from
sensor noise and labeling errors.

scene context. This modification significantly improves the map-based metrics by
enabling adaptive initialization across diverse traffic scenes.

We also discover a strong correlation between the number of pedestrians and the
number of collisions in the ground truth, as illustrated in Figure 5.1} This motivates
the implementation of a simple forced collision mechanism (A4, B2, C1). Specifically,
when the number of pedestrians exceeds four, we enforce collisions for every second
pedestrian to reflect the likelihood of collisions seen in the real-world data.

Notably, although SMART achieves the most realistic kinematic score (C1), it
does not outperform IDM-based configuration in our setup. This is likely due to

ID Position Lat. Con. Long. Con. ‘ Interactive Map-based Kinematic ‘ META
Al 40/60 Ccv Ccv 0.719 0.541 0.275 0.568
A2 40/60 Paths IDM 0.705 0.530 0.484 0.599
A3 40/60 Paths IDM w/ Lights 0.705 0.553 0.491 0.609
A4 40/60 w/ Col. Paths IDM w/ Lights 0.723 0.554 0.491 0.617
Bl MLP Paths IDM w/ Lights 0.705 0.573 0.490 0.616
B2 MLPw/Col. Paths IDM w/ Lights 0.723 0.572 0.490 0.624
C1* MLPw/Col. SMART  SMART | 0.704 0.571 0510 | 0.619

Table 5.1.: Ablation study. Each row represents a different configuration of our
method, varying in initial position handling, lateral control (Lat. Con.)
and longitudinal control (Lon. Con.). META shows the aggregated per-
formance score as a weighted sum of the interactive, map-based, and
kinematic metrics. * C1 was implemented and evaluated after the chal-
lenge deadline.
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SMART’s dependence on a meaningful trajectory history for accurate prediction.
Our simplified approximation of the previous trajectory token fails to fully capture
the necessary motion context. Furthermore, the rule-based positioning of objects
by RandomRuleMLP results in out-of-distribution initial states that challenge the
generalization capacity of learning-based models like SMART.

5.1.2. Results

The official results of WOSGC 2025 are summarized in Table For our final
submission we employed the RandomRuleMLP_IDM method with forced collisions
and traffic light consideration (B2). Despite relying on a lightweight rule-based
system with practical heuristics, we achieved 3rd place, outperforming both a
4. 6M-parameter learning-based model and the Waymo baseline. It should be noted,
however, that only four teams ultimately published their results on the leaderboard,
which may reflect limited engagement with the task or the substantial computational
resources required to participate.

Method Name RMM T Kinematic Metrics T Interactive Metrics T Map-based Metrics T # of Parameters
SimFormer [W]Z"25]| 0.6623 0.5416 0.7417 0.6293 7™
UniTSG [XGL*25] 0.6604 0.5415 0.7378 0.6288 7™M
SHRED [ours] 0.6185 0.4815 0.7197 0.5668 <7100
infgen-full-large [PLZ25]  0.6030 0.5044 0.6774 0.5638 4.6M
Waymo-Baseline 0.4928 0.3299 0.5696 0.4872 M

Table 5.2.: Results. Performance comparison on WOMD test split at the end of the
challenge period. Our rule-based approach ranked third overall.

5.2. Limitations and Issues

This section outlines the main limitations we encountered in both the Waymo metric
and our proposed evaluation framework. By highlighting these issues, we aim to
clarify how current evaluation approaches fall short and where future improvements
are needed.

5.2.1. Waymo Benchmark

Over the course of WOSGC and this work, several limitations of the Waymo Realism
Meta Metric (RMM) became apparent. While RMM offers valuable feature-level
diagnostics, it does not provide insight into the underlying causes. For instance,
it can reveal that kinematic features closely follow the ground-truth distribution
while interactive features such as collisions exhibit low likelihood, but it offers
no indication of why these discrepancies occur. Consequently, the metric captures
realism only along a single dimension, without distinguishing between different
failure modes regarding fidelity and diversity.
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Inconsistent upper bounds: Due to the structure of the evaluation framework,
each trajectory has a distinct maximum attainable negative log-likelihood. The
optimal score is achieved when the generated feature distribution matches the
ground-truth feature distribution. However, trajectories whose ground-truth features
are approximately uniform have inherently lower achievable likelihoods than
those with concentrated, low-entropy distributions. As a result, simple trajectories
(e.g., straight, constant-velocity motion) yield higher potential scores, whereas
complex trajectories with more dispersed feature distributions yield lower ones.
This introduces uneven weighting across trajectories and makes score interpretation
difficult without knowing their respective upper bounds.

Labeling and sensor noise: A major limitation stems from labeling inaccuracies and
sensor noise in the ground-truth data. As illustrated on the left side of Figure[5.2} the
logged data contain spurious collisions and numerous parked vehicles labeled as
on-road. Because the metric assumes the logged trajectories represent ideal behavior,
it rewards models for reproducing these artifacts. Consequently, agents that avoid
unsafe or implausible behavior may receive lower likelihoods, while agents that
replicate erroneous logged patterns may obtain higher scores. Similar issues have
been reported in recent works [CR]"25, WWY25]. Overall, the metric primarily
measures conformity to noisy data rather than safety, human likeness, or the validity
of alternative plausible behaviors. In fact, we were able to exploit this flaw in the
scenario generation challenge by intentionally inducing collisions in scenes with
many pedestrians.

Handcrafted feature space: The metric relies on handcrafted, computationally
intensive features and pre-defined feature weights, with a strong emphasis on
collision and off-road indicators. As mentioned, these features are particularly
affected by noise in the logged data. Extending the trajectory-level formulation to
scenario-level evaluation by averaging features over all objects implicitly assumes
that a scenario can be characterized using the same feature space as an individual
trajectory. This aggregation leads to substantial information loss and encourages
models to reproduce noisy off-road and collision ratios rather than evaluating the
realism of individual agent behaviors.

In general, we believe that instance-level distribution matching becomes problematic
when only a single ground truth sample is available. In practice, scenes at the same
location can vary considerably depending on contextual factors such as day of
week or time of day. Metrics that evaluate against a single logged scene, therefore,
cannot accommodate the natural diversity of plausible scenes that may occur at that
location.

Quick Fixes

To partially mitigate the effects of labeling and sensor noise, we propose two
straightforward adjustments to the metric and dataset preprocessing.
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Figure 5.2.: Comparison of labeling strategies. The old off-road indication (left),
based solely on road-edge information, produces inconsistent and noisy
labels for stationary parked cars. Our new off-road indication (right)
incorporates vehicle motion and a small margin to the road edges,
resulting in more reliable and consistent labeling. Colliding objects (red)
are removed from the scenario. Gray denotes off-road objects, blue
indicates on-road objects, and green represents the ego vehicle.

First, to address the off-road labeling issue, we propose a more semantically meaning-
ful definition of off-road indication by considering not only the road edge geometry
but also the agent’s position over time. Specifically, if a vehicle remains static and
sufficiently close to the road edge, we classify it as off-road. This refinement enables
a more consistent off-road classification for parked vehicles, both at the roadside
and within parking areas, which illustrates the right part of Figure To avoid
incorrectly labeling vehicles that are temporarily stopped (e.g., at a traffic light), the
margin around the road edge is deliberately kept small.

Second, to handle ground-truth collisions arising from sensor or labeling noise, we
recommend either discarding scenarios that contain such collisions or removing
the agents involved as illustrated in Figure 5.2 (right). This prevents learning-
based models from reproducing noisy or erroneous behaviors and encourages
the generation of more realistic and safety-aligned scenarios. Importantly, these
adjustments must also be applied to the test evaluation sets. Otherwise, models
would still be implicitly rewarded for replicating noisy labels, undermining the
intended improvements.

65



Chapter 5. Discussion

5.2.2. Fidelity and Diversity Metrics

Fidelity and diversity metrics were originally introduced to address the shortcomings
of single-value performance measures by disentangling how realistic the generated
data is from how well its variability matches the real distribution. While this
decomposition is intuitively appealing, it does not fully resolve the fundamental
challenges of evaluating generative models, especially when applied to complex
domains such as traffic and scenario generation.

Lack of ground truth multimodality: Similar to the limitation of the Waymo metric,
the reliance on a single ground-truth instance limits the utility of fidelity and diversity
metrics. Using unconditional definitions allows comparison at the dataset level but
overly generalizes and obscures scene-specific structure. Conversely, conditional
adaptations become overly sensitive to individual trajectories, particularly in the
case of conditional fidelity. Furthermore, the effects of introducing conditioning
within the metric formulation remain largely unexplored, and it is unclear whether
these variations yield meaningful results. In the context of scenario generation, both
unconditional and conditional metrics often fail to align with qualitative assess-
ments, producing scores that are difficult to interpret. This mismatch underscores
the inherent challenges of evaluating complex generative tasks such as scenario
generation.

Handcrafted embedding space: Since there is no ImageNet-like, method-agnostic
encoder for autonomous driving scenarios, we rely on the handcrafted Waymo
feature space in this work. This representation is computationally expensive and may
not fully capture the complexity of real-world driving behaviors. Because fidelity
and diversity metrics depend heavily on the quality and expressiveness of the
underlying feature space, their reliability is inherently limited by these handcrafted
features and by our chosen aggregation setting.

General flaws: Recent work highlights that all existing fidelity and diversity metrics
exhibit fundamental shortcomings in one way or another [RvBvdS25|]. While most
of the metrics have clearly defined lower and upper bounds in theory, such bounds
are often absent in practice, even in simple toy settings. Moreover, all metrics are
affected by the dataset size, which we also observed in our experiments. Despite
these limitations, the authors argue that imperfect metrics can still provide valuable
insights, and "ideal" metrics may not even exist at all. Nevertheless, it is essential for
practitioners to recognize these limitations and consider their impact on experimental
conclusions.

Finally, introducing additional parameters, such as the choice of k, dataset size, and
embedding space, increases the complexity of the evaluation pipeline and makes
the resulting metric increasingly opaque, potentially even more than the Waymo
metric it seeks to replace.
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5.3. Further Research Directions

While recent work highlights the need for improved metrics in generative tasks
more generally [RvBvdS25], our findings underscore that this need is also critical
in the domain of traffic and scenario generation. Current evaluation frameworks
remain limited in their ability to assess fidelity, diversity, and structural realism of
generated scenes. Additionally, they still rely on handcrafted features and manually
tuned parameters.

Building on our fidelity and diversity framework, future work could address the
limitations of single ground truth references by clustering semantically similar
trajectories or scenarios. Rather than conditioning on a single reference or none
at all, conditioning can be performed on a representative set of reference samples.
This approach would allow conditional fidelity metrics to account for multiple
plausible outcomes and provide more meaningful assessments of the generated data.
Furthermore, conditional fidelity and diversity metrics should be evaluated across
other domains to assess their general applicability and to determine whether they
provide meaningful insights beyond traffic and scenario generation.

An additional challenge for distributional evaluation methods is accurately esti-
mating the underlying data support. Replacing handcrafted feature spaces with
learning-based embeddings may alleviate some of these issues and provide a more
meaningful representation. However, reliable support estimation remains difficult
in high-dimensional, multimodal datasets such as those encountered in traffic and
scenario generation. Advances in robust support estimation, as demonstrated in
other domains [K]JKY24], could significantly strengthen the foundations of these
evaluation frameworks.

Finally, in this work, metric evaluation was conducted primarily using simple
and clearly differentiated methods on a limited subset of the data. However, for
an evaluation metric to be suitable for benchmarking, it must not only correctly
rank substantially different approaches but also exhibit sufficient sensitivity when
comparing methods with similar performance. Future studies should therefore
include a broader set of closely matched methods to more rigorously assess the
metric’s discriminative capability. Additionally, evaluations should be performed
on larger set of data to enable a more rigorous investigation of how varying dataset
sizes affect the stability and reliability of the metrics.

5.4. Conclusion

This thesis presents a series of case studies on assessing traffic and scenario genera-
tion using fidelity and diversity metrics. To the best of our knowledge, this work
constitutes the first application of these metrics to traffic and scenario generation.
While the metrics provided valuable insights for traffic generation, their interpreta-
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tion proved considerably more challenging for scenario generation, reflecting the
additional complexity inherent in this task. More broadly, the study highlights a
fundamental challenge: evaluating evaluation metrics is itself a non-trivial problem.

To support researchers in this area, we developed a visualization tool for fidelity and
diversity assessments. Quantitative metrics alone are insufficient to guarantee the
realism or usefulness of generated data. Our tool highlights the ongoing importance
of qualitative inspection in traffic and scenario generation. We believe that visual
analysis remains essential, as it helps identify failure modes that purely metric-based
evaluations may overlook. Furthermore, the tool is broadly applicable to other
generative domains that employ fidelity and diversity metrics.

We also identified several limitations in both the widely adopted Waymo metric
and our proposed evaluation methodology, including unreliable upper bounds and
dependence on handcrafted feature representations. These limitations, however,
point toward valuable directions for future work. We argue that, within the domain
of traffic and scenario generation, greater emphasis should be placed on develop-
ing robust, meaningful, and domain-aware evaluation metrics, rather than solely
advancing generative models.

In conclusion, this thesis offers a novel perspective on the assessment of traffic
and scenario generation tasks. The insights gained through our studies underscore
the importance of developing more meaningful and comprehensive evaluation
methodologies. We hope this work serves as a valuable contribution to ongoing
research in this field. Moreover, we believe that the tool introduced in this thesis
offers practical use for researchers. It not only supports the development of new
evaluation metrics but also facilitates a deeper understanding of existing methods
by enabling clear visualization of their failure modes.
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A.1. Supplementary Details for Experiments
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Figure A.1.: Distance distributions. For each embedding type (rows), we
show the distribution of normalized distances between gener-
ated trajectories and their ground-truth counterparts. Notably,
Histogram_wasserstein_weighted demonstrates the most distinct sep-
aration between failure modes, with greater distances assigned to
single failure and even larger values observed for double failure
modes across all methods. The second best separation is achieved
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Figure A.2.: Increasing number of rollouts under different k-scaling strategies.
Across all embedding types (rows), a consistent improvement in diver-
sity metrics is observed when k is scaled proportionally to the number
of rollouts. Conversely, maintaining a fixed k value leads to undesirable
behavior, as recall scores decline despite the increased diversity induced
by additional rollouts.
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Data size effect. We examine how different data sizes affect each em-

bedding type (rows) and each metric pair (columns). Across all configu-
rations, the results demonstrate a consistent dependence on data size.
Most of the time, the metrics exhibit elevated scores for sparser datasets

and diminished scores as data density increases.
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Application to Scenario Generation
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Figure A.4.: Scenario-based evaluation of scenario generation. In the unconditional
case, histogram-based embeddings tend to emphasize higher recall,
while simple statistical embeddings favor precision. As in traffic sim-
ulation, conditional fidelity metrics provide little information across
embeddings because only a single ground-truth sample is available.
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Figure A.5.: Trajectory-based evaluation of scenario generation. Supplementary
results demonstrating low sensitivity across all embedding types in
the unconditional setting, and largely consistent trends observed in the
conditional case.
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A.2. Supplementary Details for Results
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Figure A.6.: Supplementary qualitative results for traffic simulation. For complete-
ness, we report the same scenarios for the methods excluded from

Figure

Scenario 1 Scenario 2 Scenario 3 Scenario 4
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Figure A.7.: Supplementary qualitative results for scenario generation. For com-
pleteness, we report the same scenarios for the method excluded from

Figure
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Generative Al tool usage

The following table lists the Al tools used in this thesis according to the marked
conditions mentioned above:

Used generative Al tools

ChatGPT-5, released in August 2025

Claude 4.5 Sonnet released in September 2025

Grammarly Al tool, which was available during November 2025

Table A.1.: Used generative Al tools
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