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Abstract

Controllable and Interpretable Generation of Realistic Autonomous Vehicle Test

Scenarios.
by
Ishaan Paranjape

Autonomous vehicles (AVs) need to be rigorously tested for safety before deploy-
ment. Scenario based testing has the potential to address this need. The required
scale and diversity of these scenarios is large and generators are needed. To deter-
mine a sensibility of the range of scenarios needed, in this dissertation, I present
a meta-model for organizing important aspects based on perspectives regarding
autonomy and scenarios in the literature. Importantly, this aspect organization
precedes formalization of scenarios and the corresponding generators. The rules
for generating scenarios can either be encoded by a designer or learned from data.
Broadly, test scenarios consist of elements with spatial and temporal aspects out
of which the most essential elements are roads and vehicles. In this dissertation,
I present a designer-encoded high definition road generator, Cruzway RoadGen
which is capable of generating roads at the scale of single road intersections or
city-sized road networks. While designer-encoded scenario generators have high
controllability and interpretability, data-driven generators have the potential of
generating realistic and diverse scenarios while reducing the tedium of encoding
complex rules. Large Language Models (LLMs), due to their ability to accept
a wide range of inputs while being highly generalized data-driven models have
the potential for combining advantages of both of these approaches. In this dis-
sertation, I take steps towards realizing this potential. For LLMs to be effective
at scenario generation, the challenge of reasoning (and consequently, hallucina-

tions) must be addressed. To address this, I first define a domain-specific concept,

X



scenario reasoning. 1 determine a circular relationship where scenario represen-
tations consist of System 2 reasoning traces while scenario reasoning problems
themselves contain these representations. With CruzwayQA, we design and de-
velop a concepts-first, modular, synthetic QA generation approach to evaluate
scenario reasoning capabilities in LLMs. With Cruzway Scenario Generator, we
take steps to enhance both scenario generation and scenario reasoning in LLMs,
specifically by using prompting and symbolic approaches. With these works, we
converge to an effective design a controllable and interpretable LLM-based gener-

ator of diverse and realistic scenarios.



Chapter 1

Introduction

The need for rigorous and effective testing of Autonomous Vehicles (AVs),
and more generally, robots is an urgent and mostly unsolved challenge despite
increasing public deployment over time [57] [58]. The technology that makes ve-
hicles autonomous has increased in complexity over the years as seen in the Baidu
Apollo tech stack [14]. The testing of these systems needs to scale in similar
proportions. These needs are addressed by scenario generation methods within
simulation-based testing. Here, a scenario is defined as “the temporal development
between several scenes in a sequence of scenes.” A scene is defined as “a snapshot
of the environment.” [139]. In the research literature there are five challenges in
the field of AV test scenario generation: (1) Fidelity. Fidelity is the realism of a
scenario since the final objective of testing is a successful deployment of an AV on
public roads. (2) Efficiency. This term has to do with selecting and prioritizing
scenarios for testing. Since the area of selecting the safety critical scenarios sce-
narios has been covered significantly in the literature [33] [115], in this dissertation,
we present approaches that cover the remaining challenges. (3) Diversity. AV test
scenarios need to cover edge cases. Therefore a generation approach should cover

a wide range. (4) Transferability. Several data formats and tools are available



for processing each aspect of a test scenario such as roads and vehicle behav-
iors. Standardized formats and tool integration approaches are needed for better
interoperatibility. (5) Controllability [33]. For the diverse scenario generation ca~
pabilities to be realised, a scenario generator’s outputs need to be aligned with
user intent. A discussion about designing scenarios precedes a discussion about
scenario generation. Algorithmic scenario generation assumes that the concept of
a scenario is formalized, i.e., key ill-defined aspects are well-defined and can be
processed. However, in this dissertation, we begin with ill-defined scenarios and
detail approaches to shape our perspectives before designing a generator.

Two broad, important factors influencing the generation of scenarios involve:
(1) The autonomy feature being evaluated, and, (2) The test scenarios needed for
evaluating this autonomy feature. Each factor creates expectations within and
with the other factor. For example, end-to-end neural network based AVs create
the expectation that the simulation is photorealistic such as in the case of the
CARLA simulator [34]. However, if the implementation is a complete autonomy
tech stack [14], the scenarios need not be photorealistic and can be customized
based on the component being evaluated as seen in TrafficSim and the Way-
mazx simulator respectively [133] [48]. Chapter 2 of this dissertation describes a
theoretical framework for determining affordances and constraints due to the con-
sideration of several perspectives (along similar lines as the autonomy perspective
stated above) regarding these two factors. Based on these affordances and con-
straints, key aspects of a scenario can be determined, formalized and optimized.
Coverage of these perspectives can result in scenario generators that can generate
a diverse range of realistic scenarios. To have this capability, a scenario gener-
ator will need worldly knowledge [153]. In this dissertation, I make the claim that

Large Language Models (LLMs) have this capability.



LLM-based scenario generation can help synthesize a combination of designer-
encoded and learned scenario generation approaches due to their task generaliza-
tion and worldly knowledge [153] [113]. This is explored in Chapters 3, 4, and
5 of this dissertation. By definition, designer-encoded scenario generation offers
control while the learned scenario generation offers realism or fidelity. The
promise of LLM-based approaches to combine these important advantages into
one is presented in Figure 1.1. LLMs are a promising resource due to the follow-
ing reasons: (1) LLM inputs are open, implying that the vocabulary of the input
need not be limited to a set of words or data formats. (2) They have demonstrated
emergent capabilities for in-context learning [145] which allows a user to have the
LLM reason and thereby control the generation process more effectively, though
the generation is still not deterministic. (3) LLMs can interact well with real-world
datasets such as AV driver disengagement datasets, traffic accident datasets and
traffic rule description datasets since they are all available in natural language.
Approaches that analyse and process the same using LLMs are presented by Wang
et. al and Guo et. al in the TARGET and SOVAR projects respectively [143], [32]
[49]. (4) LLMs can generate and interpret functional scenarios which are defined
in natural language thereby affording the generation of diverse scenarios. In LeG-
end, an LLM-based approach to transform functional scenarios to more specific
logical and concrete scenarios has been presented [135]. Here, the authors empha-
size the need to consider functional scenarios for generation due to the diversity
afforded by them in the corresponding the lower abstractions mentioned above.
However, LLMs come with their own limitations. A significant drawback is in
its reasoning capabilities [61] [16]. To fully realize effective LLM-based scenario
generators, we will first need to measure and improve scenario reasoning. The

concept of scenario reasoning is defined in Chapter 2 of this dissertation. Ap-
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Figure 1.1: The promise of LLM-based test scenario generation

proaches for measuring and improving scenario reasoning in LLMs are presented
in Chapters 4 and 5 respectively. Specific research questions and contributions in

this dissertation are stated below.

1.1 Research Questions

The following research questions, tagged with the field that the respective

answers can contribute towards, are addressed in this dissertation:

1. (Scenario-based testing of AVs, Al Safety) What are the important per-
spectives that would precede formalization in the design of an

algorithmic scenario generator?

2. (AI Interpretability, Al Safety) How do we improve AV test scenario

reasoning in LLMs?

3. (Scenario-based testing of AVs, AI Safety, Al Interpretability) How do
we generate diverse, realistic and interpretable AV test scenarios

using LLMs in a highly controllable manner?



To address these research questions, I make the following contributions:

e A theoretical framework for consideration of several perspectives regarding
the nature of autonomy and scenarios such that key aspects of a scenario
(to formalize) are determined. This is presented in Chapter 2. With the
help of this framework, we develop a list of affordances and constraints on

the autonomy and scenarios due to specific perspectives.

e Cruzway RoadGen, a designer-encoded road generator with Cruzway. By
definition, the HD roads generated are realistic and interpretable. The road
generator is highly controllable. An output from this system is presented in
Figure 3.5. With Cruzway Roadgen, we generate high definition road inter-
sections as well as town-sized road networks in Unreal Engine 4, a popular
choice for AV simulators e.g. CARLA simulator [34]. This is presented in
Chapter 3.

e CruzwayQA, a concepts-first, modular, synthetic QA generation approach
to evaluate reasoning capabilities of LLMs. This is presented in Chapter
4. We generate QA datasets that evaluate scenario reasoning capabilities in
LLMs. The questions involve ontology and scenario generation in accordance

with the five scenario generation challenges listed in this chapter.

o Cruzway Scenario Generator, a system to generate realistic, diverse
and interpretable scenarios using LLMs in a highly controllable manner,
specifically by using an LLM-Modulo approach. This is presented in Chapter
5. Here, we generate dynamic scenarios in the PDDL format. We address

the five scenario generation challenges listed in this chapter.

The rest of this dissertation is divided into chapters as follows; in Chapter 2,

we present a framework to determine focal aspects of AV test scenarios considering
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Figure 1.2: A five way intersection generated using Cruzway RoadGen.

the nature of autonomy being tested and AV evaluation goals. In Chapter 3, we
present Cruzway RoadGen. In Chapter 4, we present CruzwayQA. In Chapter
5, we present Cruzway Scenario Generator. In Chapter 6, we cover a conclusion
and future works discussion. Throughout the dissertation, the focus is to help the
reader develop an understanding to design scenario generators that accomplish

the five challenges listed in this chapter.



Chapter 2

A meta-model for Scenario-based

Testing of Autonomous Vehicles

Autonomous Vehicles (AVs) are increasingly gaining adoption across several
cities in the world [53]. However, similar to other forms of Al, they need to be
comprehensively evaluated for safety. With scenarios, we can test the entire AV
(possibly in simulation) for a situation similar to what it might experience in the
real world. A significant challenge is that of effective coverage of test scenarios
over the real world situations. Automated scenario generation approaches with
wide search spaces are proposed to address this [122] [115]. However, this too is
insufficient since a test scenario assumes a formal representation and there can be
an infinite number of formal representations for a given scenario. However, formal
representations are designed by human designers from the first person perspec-
tive of an individual evaluating for specific testing objectives. These perspectives
precede the formalization of a AV test scenario and its corresponding generation
problem. Therefore, it is important to have discussion about these perspectives,
how they determine the focal aspects of test scenarios. These focal aspects can

then be formalized based on which generation algorithms can be designed.
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In this chapter, I make the contribution of the Perspective-based Meta-
Model for Scenario Design as shown in Figure 2.1. Here, the scenario is
defined broadly and abstractly as a that which grounds the AV and grants it af-
fordances for navigating autonomously in this world. A human designer is seen
as external to this world, designing both the environment and the autonomy. An
overview of this meta-model is presented in Figure 2.1. The perspective of the ex-
ternal designer is crucial since this will determine the focal aspects of the two key
components of the meta-model, the AV and the scenario. An example of this im-
pact is presented in Figure 2.3. This determination happens based on affordances
and constraints on itself (intra-component impacts) and on the other component
(inter-component impact). For example, the named autonomy behavior of Cruise
Control is for maintaining the state of the vehicle on a highway such that the
driver doesn’t need to interact with the foot pedals constantly. This perspective
on AV test scenario design creates the intra-component (autonomy) constraint of
requiring a vehicle that can drive on one lane and maintain safe distance from
other vehicles and the inter-component (scenario) constraint of a highway with
high-speed vehicles. Other autonomy perspectives include technology stack af-
fordances such as a camera-only sensor suite and scenario perspectives include
pedestrian non-verbal communication or the moral dilemma scenario perspective.

The rest of this chapter is divided into two sections for each of the components:
(1) Autonomy. Here I present a variety of perspectives on the notion of autonomy
from conceptual to technical perspectives. (2) Test scenarios. Here, I present the
representations of a test scenario considered across a representative set of works
from the literature of scenario-based testing of AVs. In each of the sections, I
present a list of perspectives of the same and how these can influence the focal

aspects of both components of this meta-model. A significant takeaway is that
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Figure 2.1: A high level overview of the meta-model.
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Figure 2.2: Clarifying perspectives helps us identify aspects to formalize for
scenario generation using standardized forms.
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Figure 2.3: Differing perspectives can affect the focal aspects of the two compo-
nents of the meta-model.

focal aspects are often relational and must account for affordances it grants and

is granted by other components in this model.

2.1 Perspectives on Autonomy

Generally, an AV is an entity that can carry passengers and autonomously
navigate to a destination. The constitution of an AV can differ significantly de-
pending on the human designers involved such as ones from academia or the
industry. Based on the works in the research literature, I define the two broad
categories of autonomy as behavioral autonomy and technical autonomy. These

are covered in the subsection below
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2.1.1 Behavioral Autonomy

A typical notion of autonomy is defined in the 5 levels of autonomy as defined
by the Society of Automotive Engineers in the J3016 standard as explained in the
corresponding user guide by Koopman [72]. Here, the definition of a behavior can
be adopted from planning, where a behavior is a sequence of conditional actions
to go from an initial state to a goal state. Another perspective on autonomy is
from descriptions of named autonomy features in vehicles such as Cruise Control,
Automated Emergency Braking and Anti-Lock Braking System [118] [151] [18].
Each conception of autonomy brings with it behavior expectations. A list of

behavior expectations are presented in [138].

2.1.2 Technical Autonomy

Beyond the concept of behavioral autonomy, I also define the technical per-
spective of autonomy. At a high level, the implementation can be modular or a
monolith. A good example of the modular stack is the Baidu Apollo AV stack [14]
and that of a monolith is the end-to-end neural network based implementations.
Chen et. al present a survey of research regarding these neural network based
monolith implementations [25]. The former is more interpretable than the latter
but the latter has the benefit of joint optimization of multiple modules to better
map the inputs (images of an environment) to the outputs (low level controls for
the vehicle such as steer, brake and acceleration). In addition to these two types
of implementations, there can also be implementations that are partially modular
where only specific components are implemented and assumptions are made about
the other. Suo et al. in TrafficSim present an assumption for their autonomous
system that perception-related tasks have been carried out successfully resulting

in bounding boxes around entities in the simulation and only controls related tasks

11



such as behavior prediction and path planning are needed. Each decision above
impacts behavioral autonomy and AV test scenario design. These are presented

in the subsections below.

2.1.3 Intra-component Impact: Relations between differ-

ent autonomy perspectives

The impact of the perspectives presented above have a bidirectional relation
to other perspectives within the same component. Conceptual autonomy related
objectives set expectations from the technical implementation and affordances are
determined in the opposite direction. Behavioral autonomy perspectives create
expectations in terms of object and event detection response (OEDR) capabilities
from the technical stack. This defines task specific functional expectations of the
technical features such as from an object detector within the technical stack. For
eaxmple, in the framework presented by Thorne et. al, the L.3 automated traffic
jam autonomy feature created the expectation that the system will be able to
detect interactions such as lead vehicle decelerating, a pedestrian being inside or

outside the crosswalk or a cyclist riding in a dedicated lane [138].

2.1.4 Inter-component Impact: Expectations from AV Test

Scenarios

The same expectations above also require test scenario conditions the ground
the OEDR capabilities. This can be in the form of bike lanes, crosswalks and the
corresponding types of dynamic scenario participants being present and demon-
strating typical behavior. Further, the scenarios need to be tuned to the type of

autonomy being tested as described above i.e. whether the simulation needs to

12



be photorealistic or having another representation (bounding-boxes) or whether

the simulation needs to be physics-based.

2.2 Perspectives on AV Test Scenarios

Several perspectives on AV test scenarios are available in the literature. These
include conceptual representations (including standardized data representations),
scenarios in simulation tools, scenarios in datasets, and scenarios in generation

algorithms. In the subsections ahead, we go over these in detail.

2.2.1 Conceptual Perspectives

Scenarios are the second component of the model presented in this chapter.
In accordance with the six layer model [121], broadly, scenarios can have static
(spatial) and dynamic (temporal) aspects and their organization. In the CARLA
AV simulator’s Scenario Runner tool [23], scenarios include 3D assets in the game
engine along with their organization in the form of behavior trees. The designer’s
perspective can influence the AV test scenario as well. This perspective along
with the nature of autonomy defined in the previous section influence the focal
aspects of the scenario which in turn determines their formalization. For example,
we might want to evaluate the response of the Cruise Control autonomy feature in
a moral dilemma type of scenario. Several scenario representations are proposed
in the scenario-based testing literature from varying perspectives [115] [33].

It would be valuable to map the six layer model to the standardized represen-
tations of test scenarios. Regarding standardized formats, layers 1-3 are covered
by formats such as OpenDRIVE and layers 4-5 are covered by scenario formats

such as OpenSCENARIO [93]. Our focus in this chapter is on static scenarios or

13



Abstraction Level | Representation Tools
Type
Functional Natural language ScenicNL [37]
keyword based
Logical Parameter ranges Scenic [42]
Concrete Specific parameter | Cruzway RoadGen [109] [108]

values
Table 2.1: Summary of scenario abstraction levels

the first three layers. The OpenDRIVE format is a high resolution, XML-based
representation of a road network consisting of definitions of roads, lanes (including
the sidewalk), lane markings and road objects such as traffic signs and medians.
Since traffic lights change their state with time, their definition is partially covered
by the OpenDRIVE and the OpenSCENARIO formats respectively. Several al-
ternatives are available to the OpenDRIVE format such as the CommonRoad and
SUMOQO'’s road network format depending upon the road design or generation tool
being used [5] [84]. Another road network format is the OpenStreetMap (OSM)
format [102]. This is a widely used, open, XML-based format for defining roads on
the OSM platform. This platform consists of map data from the entire world. The
OSM format however, is not as high resolution as the OpenDRIVE format. In this
chapter, I separate these types of road networks into two categories: reqular road
networks and HD road networks. Since simulation testing of AVs requires diverse,
photorealistic scenarios, our focus in this chapter will be on HD roads. Several
tools are available for drawing, editing, generating and converting the data for-
mats mentioned above. To prevent reengineering, we can make use of these tools
within our automated road generation system. These tools are summarized in the
forthcoming section.

The second approach regarding conceptual representations is the functional-
logical-concrete scenario model where scenarios are represented by their abstrac-

tion level. At the highest abstraction level, I define functional scenarios in natural

14



Layer | Definition Data Format Tool

1 Roads (static) OpenDRIVE Cruzway
RoadGen

2 Road Objects (static) OpenDRIVE Cruzway
RoadGen

3 Road Objects (dynamic) - -

4 Dynamic actors OpenSCENARIO Scenic /
CARLA
Scenario
Runner

5 Weather OpenSCENARIO CARLA
Scenario
Runner

Table 2.2: Five Layer Model for AV Test Scenarios. Note: The data formats
and tools are not comprehensive and only contain exemplars.

language (with a fixed vocabulary or open vocabulary). The next level are logical
scenarios, defined in terms of parameter ranges. Lastly, I define concrete scenarios
in terms of specific parameter values. Based on granularity of input descriptions,

scenarios are categorized by Menzel et al. [93] into three groups:

1. Functional, which is a verbal description of the scenario. An example of this
would be “car A follows car B.” These scenarios are described in natural

language.

2. Logical, which is a scenario description in terms of parameter distributions.
An example of this would be the distribution of a specific parameter such
as velocity of a vehicle following a normal distribution. Scenarios defined in

the Scenic language are an example of logical scenarios [42].

3. Concrete scenarios, where specific parameter values are provided for a sce-
nario. An example of this would be a road intersection with 3 incoming
roads, where each road has two lanes and each road contains one vehicle

headed towards the intersection at a velocity of 20 miles/hour. In Cruzway

15



RoadGen described in the next chapter, I specify scenarios using the con-

crete granularity level 3.

Tools which can work with scenarios in different forms of description can accept
a much wider range of scenario data. For example, a functional scenario generator
can be designed to read and generate scenarios from social media datasets or
police reports [44]. Tools that convert scenario descriptions from one of these
aforementioned forms to another can help bridge scenario generators [93]. I discuss

tools for scenario generation in the respective subsection 2.2.5 below.

2.2.2 Scenario Dataset Perspectives

The perspective of test scenarios considered within datasets is that of vector
representations for the training or testing of data-driven models. Datasets are a
common occurrence in the scenario based testing literature due to the presence of
black box, data-driven models which significant evaluation test data for verifica-
tion. Data driven models occur at each module of the technology stack. Broadly,
the modules of concern are perception, localization and planning. For percep-
tion, broadly, a scenario may involve an image or a sequence of real or simulated
images or point cloud representing the output of the most important sensors;
cameras and lidars. Regarding localization, the test scenario perspective might
involve an image (first person view or birds eye view) which must be transformed
into a spatial model. Regarding planning, the assumption is that perception and
localization has been carried out successfully and the representation of scenarios
for these modules are bounding boxes in 3D space.

A variety of test scenario perspectives are considered directly in the scenario
generation algorithms as well. These may or may not match the representations

in datasets or the conceptual models discussed above. These perspectives are
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presented in subsection 2.2.3 below.

2.2.3 Scenario Generation Perspectives

Several perspectives for test scenarios are considered within scenario generation
algorithms as well. T use the categories mentioned in [139] to classify these meth-
ods. These include ontology based scenario generation, data driven approaches
and testing based approaches. In ontology based approaches, scenes are inter-
preted according to a framework after acquisition of scene data in a different
form. In data driven approaches, important scenarios are extracted from existing
datasets using approaches such as clustering or classification. In testing based
approaches, scenarios are evaluated based on metrics, the most common of which
is criticality. This may or may not include performance of the model AV.

In [13], an ontology based method for scene creation is proposed. In this
method, scene related knowledge from different sources such as regulations and
guidelines is acquired and assimilated into a layered model as defined in the previ-
ous subsection. Then, traffic scenes are generated in an automated manner from
this model.

Data-driven approaches include scenario extraction from a database or gen-
eration of a database of scenarios. In [71], critical scenarios are generated by
first extracting road intersections from an Openstreetmap database. Traffic data
from the SUMO traffic simulator is generated on top of this road data. Then the
criticality of the scenarios in this simulation is increased to yield desirable results.

Taxonomies are significantly influenced by the AV components under test and
definitions considered. Scenario taxonomies are created on the basis of input
or content. The kind of content specified is quite similar to content in games.

Therefore procedural content generation (PCG) methods for games would be rel-
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evant here. PCG would reduce the authorial burden to generate a large number
of scenarios and there are subfields in PCG which would require evaluation and
selection of content. Evaluation and selection of content is done in the scenario
based testing literature as well. Therefore, a literature review of PCG methods
relevant to scenario based testing is done in the next section. The goal is to gain
insights to move in the direction of designing a procedural scenario generator for
testing AVs.

Search based procedural content generation (SB-PCG) for AV test scenarios
brings together the fields that have been reviewed above. Here, evolutionary
search is used for optimizing the generation of content before it’s algorithmically
generated. It’s been mostly used by games researchers and has also been used
by researchers for generating test cases/scenarios for AVs. More research in this
topic is required. Our proposed dissertation research addresses this need. This
method falls within the category of EAs where a fitness metric is used for searching
for a subset of scenarios (usually critical scenarios, ones which cause accidents).
Projects using evolutionary algorithms inherently qualify for a project that would
generate an emergent result since the rules of a genetic algorithm are quite simple
and generate outputs with a complex causality. Search based PCG certainly has
immense potential in generating scenarios that belong to the long tail. Below I
review some works in generating AV test scenarios using evolutionary search-based
methods. Before that, I briefly detour to cover the long tail.

The long tail of AV test scenarios is addressed less compared to ideas related to
critical scenarios. Improving predictions for the long tail is addressed in [89] where
implicitly the long tail scenarios are classified as rare and challenging. Long tail
scenarios are separated from easy scenarios in feature embedding space by using

contrastive learning. In the proposed project a much simpler heuristic is used;
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clustering to identify the rare scenarios.

In [?], a multi-objective search is used to generate AV test scenarios. The
objectives are number of collision and potential collision scenarios, scenario diver-
sity, scenario demand and attribute prioritization. This scenario representation
and fitness function are integrated with several multi-objective search algorithms
and compared based on a quality indicator from [?]. The drawback in this work
is the simple genome provided, where each scenario is a list of parameters. More
details about the proposed project are provided in the forthcoming chapters.

In [77], a genetic algorithm for AV testing, SceGene is presented. A hier-
archical genetic encoding of a scenario containing roads and traffic participants,
specifically their motion trajectory sequences (as a sequence of coordinates) fol-
lowed by events inferred from these trajectories is shown here. Four macroscoping
properties are provided here for controlling the genotype to phenotype mapping.
Recombinations and mutations address a layer in this hierarchy such as switching
trajectory sequences and changing destinations of individual trajectories respec-

tively.

2.2.4 Scenario Evaluation Metrics

Since the goal of generating scenarios is testing AVs, each scenario once defined
and generated needs to be evaluated for its ability to test for the safety of an AV.
In the literature scenarios are prioritized based on criticality. In [147], criticality
is defined as “the risk of the nearby vehicles (to the ego vehicle) if the current
traffic situation continues.”

In testing based approaches, criticality metrics are used to identify impor-
tant scenarios. We can loosely define these metrics as the ones which determine

whether vehicles will collide with each other or with pedestrians. In [139], we see
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Key Performance Indicators (KPI) to evaluate AV performance. Here, Time-to-
Collision (TTC) based metrics are the most commonly used. TTC is defined as
the time period it would take for two vehicles to collide provided they continue
on the same path at the same speed. Other metrics can also be used such that
optimizing them increases scenario criticality. One such metric is the drivable
area, which is the space of possible trajectories that an AV can take considering
the road geometry, other vehicles and obstacles [128]. Reducing the drivable area
increases scenario criticality.

The notion of critical scenarios and using collisions as a measure of criticality
percolates into works in this subfield as well. In [?], fitness function templates
are provided for researchers who would use search while generating scenarios for
testing AVs. Safety distance is a metric for evaluating ego vehicle safety. Inter-
estingly, this paper suggests form templates which are characteristics of non ego
vehicles to make an accident more likely; a vehicle in front of or very close to the
ego vehicle while it’s driving forward at an intersection would make the scenario
relatively more dangerous than a vehicle driving behind the ego. We make use of
these templates in our fitness function proposal. In [?] and [?] a search is carried
out for avoidable collisions, ones which could be avoided if an alternative config-
uration of an AV was used. The drawback of this approach is that it tests only a

path planner.

2.2.5 Simulation Tool Perspectives

Several tasks can be carried out to work with HD roads such as drawing them
on an Graphical User Interface (GUI), editing them on the same, generating them
by means of an algorithm or converting/transforming them to or from another

standardized format for interoperability among tools. Within the SUMO traffic
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simulator’s road network tools, we can draw and edit road networks using Netedit,
generate roads using Netgenerate and convert roads to or from other formats such
as OpenDRIVE using Netconvert [84]. These tools require us to use SUMO’s own
xml-based road network format.

Regarding the OpenDRIVE format, we can make use of the Blender Driving
Scenario Creator [120] to draw roads in this format. Alternatively, we can make
use of Roadrunner within MATLAB to draw the same [90]. However, unlike the
former, a paid MATLAB license is required for the latter. To generate roads in
this format, we can make use of the scenariogeneration Python library [7]. Since
the Blender Driving Scenario Creator tool is a plugin within Blender which is a
3D modeling tool, we can also create 3D environments in the FBX format. In fact,
the CARLA simulator requires that imported maps be in the OpenDRIVE and
FBX formats. 3D environments may contain visual information regarding roads
(which is missing from HD road formats) such as the texture of the road surface
and lane markings. Visual information is necessary to create scenarios specifically
to evaluate the perception component of an AV such as puddles of water in the
corner of the road after rainfall or significant degradation of the surface and lane
markings to name a few. In this project, we integrate several of these tools to
generate HD roads that fulfill the requirement of the standardized formats as
well as ones which are visually photorealistic such that they can be utilized in a
simulation tool for testing an AV. In the next section, we present and discuss a
few simulators that are available.

AV simulators can be categorized based on the parts of the AV stack that
they can test (present diagram) i.e. if the complete AV technology stack is tested,
we need photorealistic environments with realistic physics. However, if only the

planning and control modules are being tested, we can relax the requirement of
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Tool name Tool Inputs Outputs

type
scenariogeneration | Python Program OpenDRIVE or

library OpenSCENARIO file

Netgenerate CLI CLI pa- SUMO .net.xml roads

rameters
Blender Driving Blender GUI OpenDRIVE;,
Scenario Creator plugin OpenSCENARIO and FBX

Table 2.3: Examples of tools used in scenario-based testing of AVs.

photorealistic visuals as presented in TrafficSim [39] or Waymax by Waymo [48].
Here, simulations consist of the output of a perception of modules of an AV -
annotated bounding boxes moving on a sparsely drawn 2D map (consisting of
line annotations denoting a map). Several open sourced, realistic AV simulators
are available such as CARLA [35] and LGSVL [116]. The focus of this chapter
is to present an approach to generate HD roads for the CARLA simulator or
independently in Unreal Engine 4. This simulator makes use of the OpenDRIVE
file format for loading data regarding the logical connections of roads and data in
the FBX format for the 3D model concerning the roads along with any aspect of
the environment. THe CARLA simulator is chosen because it is open source and

is capable of evaluating a complete AV stack such as Apollo.

2.2.6 Intra-component Impact

Each AV test scenario perspective creates affordances and constraints regard-
ing the use of other perspectives. Multiple perspectives can overlap and co-exist in
a system. Conceptual perspectives are highly interpretable and controllable
and can help designers create customized scenarios. An example of these are
Scenic scripts or scenarios defined in Cruzway Roadgen. However, these scenarios
are not realistic and lack expressive range e.g. the Scenic language only allows the

definition of primitive driving behaviors and not complex behaviors. In addition,
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scenario descriptions cannot be scaled. A standardized representation of a single
four-way road intersection in the high definition OpenDRIVE format results in
large file sizes and cannot scale well to city-sized maps. While the OSM formats
do allow scale, they lack the high-resolution definitions needed for AV testing.
Dataset-based scenario perspectives have the opposite issue. While they re-

alistic, they cannot be controlled or interpreted casily.

2.2.7 Inter-component Impact

Scenario perspectives considered require the autonomy being tested to have
that capability. An example of this is the object and event detection capabilities
(OEDR) such as a safe response to the lead vehicle decelerating vehicle behavior in
a scenario expected for the L3 conditional automated traffic jam feature as shown
by Thorn et. al [138]. Such capabilities can be informed by the designer intent.
The type of autonomy being tested needs to have the scenario perspective within
its Operational Design Domain (ODD). For example if the designer has an intent
to design pedestrian social cues type of scenarios, the autonomous vehicle needs
to have a features designed and developed to be capable of recognizing social cues

or respond to it or both.

Table 2.4: A set of examples regarding the intra-component and inter-component
impacts of perspectives within the Small World meta-model presented in this

chapter

Perspective Constraints Perspective Constraints

on Auton- | on Scenarios on Scenario on Auton-

omy omy

Cruise Control Highway Moral Ability to make
Dilemma moral decisions

Automated Street Parking | Social inter- | Perceiving so-

Parking or Parking Lot action with | cial cues
pedestrian
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2.3 Conclusion

In this chapter a novel meta-model for scenario perspectives was discussed.
Perspectives is an initial designer intent for the scenario based testing of AV
tasks e.g. safe AV responses to pedestrian social cues, moral dilemmas and more.
Perspectives determine focal aspects of two key components of a scenario-based
testing model; autonomy and scenarios. Both components can take various forms
and focal aspects of one can influence the other. In addition there can be mul-
tiple focal aspects within one component; they can influence each other as well.
Determination of these focal aspects precedes formalization of the scenario based
testing and/or automated scenario generation problem. In this chapter, we de-
termine a list of designer intents that can be considered and the corresponding
focal aspects for each intent. An understanding of these perspectives broadens
our understanding of scenarios that are truly relevant to AVs. Current automated
scenario generation approaches fall significantly short of this and we need better
paradigms to reach this scale of scenario generation. Through my work in fu-
ture chapters, I claim that LLM-based scenario generation approaches are more
promising for scaling up scenario generation to this level. However, they have
problems of their own such as hallucinations and reasoning challenges which need

to be addressed.
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Chapter 3

Cruzway RoadGen:
Designer-Encoded Realistic Road

Generation

3.1 Introduction

A large number of scenarios are required to comprehensively evaluate an AV for
safety. This is usually highlighted in terms of miles driven by the AV in simulation
and in real world testing. To scale the test scenarios in simulation, we need sce-
nario generation algorithms. Due to the presence of perception components in the
AVs, environments considered for simulation testing often resemble environments
set up for photorealistic video games. Therefore game engines are often used for
AV simulation testing. Some of the major AV simulators such as CARLA and
LGSVL are built using game engines such as Unreal Engine 4 and Unity [34]. A
key aspect of these simulation scenarios are road networks. Designing and devel-

oping a photorealistic road network generator for simulation testing is especially
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challenging due to the following reasons: (1) Road networks are a form of logically
connected graph involving road intersections and driving lanes with or without
sidewalks. Photorealistic realisations of these road networks typically also contain
lane markings i.e. signs that describe these logical connections. (2) Photorealistic
3D road meshes have a variety of visual properties reflecting these connections.
This includes the color and texture related attributes e.g. sidewalk lanes appear
different than driving lanes or geometry attributes e.g. turn lanes emerge from a
driving lane near an intersection if a turn in that direction is allowed for vehicles.

In this project, Cruzway RoadGen, I procedurally generate 3D road meshes
in the game engine, Unreal Engine 4, the 3D modeling tool Blender and an AV
simulator, CARLA simulator. Multiple tools are build to support and facilitate
road generation processes. Our work in this project affords easily increasing the
types of roads that can be used for simulation testing of AVs at city resolution
and at the resolution of individual intersections.

Cruzway RoadGen is a system that generates visually and logically realistic
roads for AV testing. This system consists of several pipelines of tools. It would be
valuable to reflect on design decisions taken within the greater research landscape
surrounding scenario based and simulation based testing of AVs. We briefly discuss
this literature here as needed for clarity. It is important to note that the focus in
this chapter is on the generation of static scenarios, specifically roads and adjacent
aspects of the 3D testing environment that do not change with time.

For this project, we consider systems that generate scenarios for testing a
complete AV stack (akin to testing the Apollo AV in the CARLA or LGSVL sim-
ulators). To this end, we automatically generate visually photorealistic roads and
logically complete roads in standardized formats. We generate roads in two key

formats: SUMO traffic simulator’s .net.xzml format and the OpenDRIVE format.
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Making use of the former grants us the ability to use SUMO’s road generation
and viewing tools such as Netgenerate and Netedit respectively. Generating roads
in OpenDRIVE grants us the ability to instantiate these environments in the
CARLA simulator and carry out AV simulations. In the next section, we describe
our system in detail.

This project involves road generation tools which are supported by several ex-
ternal tools. The tools built within this project include the following: (1) IntGen:
This tool generates basic data for a single road intersection and is available as
a CLI application. (2) Sumo2Unreal: This tool helps transform road network
data into photorealistic 3D road meshes in Unreal Engine 4. (3) BlenderOpen-
DRIVEImporter: Another road data importer, this time transforming Open-
DRIVE HD roads into 3D meshes in Blender. The external tools within this
project are: (1) The SUMO traffic simulator’s Netgenerate tool. (2) Town-sim-py,
an evolutionary algorithm based city generator (add citation). (3) IntGen, a tool
to generate data for a single road intersection (add citation). All of these tools
are organized into pipelines and systems for easily generating photorealistic 3D
roads within the Unreal Engine 4 and the CARLA simulator.

The rest of this chapter is divided into sections as follows: In Section 2, we go
further into the implementation details of the Cruzway RoadGen tool, specifically
each component. In Section 3, we present qualitative results. In Section 4, we

conclude and provide ideas for future work based on these projects.

3.2 Cruzway

A hierarchical road network specification file is generated using either Town-
SimPy or IntGen applications for the purpose of generating town scale road net-

works or individual road intersections respectively. The road network file has a

27



Town-sim-py

Town road generator config

Netgenerate

SUMO
.net.xml roads

Photorealistic road meshes

—— . N
Sumo2Unreal in Unreal Engine 4

IntGen

OpenDRIVE
roads

Intersection road

Netconvert
generator

config .obj files Blender AV
libOpenDRIVE environment  ——

generator

Pre-trained LLM opendrive road
based application generator

3D Map in the CARLA
simulator

Figure 3.1: The system architecture of CruzWay RoadGen

high-level description of roads, including road length and connectivity information
but lacking exact shape descriptions of road and intersection polygons. This spec-
ification is then read by a customized Netgenerate application (which belongs to
the SUMO traffic simulator’s suite of applications) which generates a much more
detailed road network file in the standard SUMO road network format. This file
describes coordinates of the road, intersection polygons, crosswalks, sidewalks,
etc. This file is then imported and converted into a geometry of road meshes
into the Unreal Engine using the Sumo2Unreal application. A second stage adds
procedural navigation meshes (navmeshes). Using this road and navmesh infor-
mation, other agents (such as NPC cars and pedestrians) are procedurally placed
on top of these meshes according to a scenario description. The medium of com-
munication of road data to vehicles and pedestrians in the simulation is through
splines and navmeshes respectively. With CruzWay, we can run a wide variety of
procedural simulation scenarios to capture many of the situations which an AV

would encounter in the real world.
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Sparse Road Generation: Townsim and IntGen

TownSim [127] is an agent based city evolution algorithm that generates road
networks. It procedurally generates town-sized road networks with different road
sizes that vary from grid-like sections to organic, dendritic sections. Figure 3.11
shows an example of a road network generated using TownSim and imported via
Sumo2Unreal.

IntGen [105] is a road intersection generator with the capability to create a
detailed specification file of a road intersection. The inputs to this application
are a number of command-line parameters detailing the intersection information
as well as details of individual roads. The output is a road specification file
represented in JSON format which can be read by Netgenerate. It details the
high-level intersection information in the form of the Cartesian coordinates of the
intersection, the number of incoming roads for it and the presence of pedestrian
crosswalks. This data also specifies details of each incoming road, including the
length (in meters), start and end points, the number of lanes (and turn lanes) and
the presence of sidewalks. Having these many parameters allows this application
to express a large range of road intersection types. Consequently, this would allow
an even larger space of scenarios. Examples of four-way and five-way intersections

generated by IntGen are shown in Figures 3.4 and 3.5.

3.2.1 High Definition Road Generation: Enhanced Net-

generate

Netgenerate is a road network generation tool within the SUMO traffic sim-
ulator suite of applications. Netgenerate typically has the capability to generate
synthetic grid networks, spider networks and random networks. For CruzWay, we

extended Netgenerate [106] to accept the JSON formatted road specification files
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created by IntGen or TownSimPy. The output of Netgenerate is a road network
XML file in the SUMO road network format. This XML file contains much more
detail regarding individual roads and sidewalks. By extending Netgenerate, we
can generate a wider variation of SUMO road networks than the three mentioned
above. We can then use other SUMO applications such as Netconvert which can
convert SUMO road networks to other standard road network formats such as
OpenDrive and MATsim. This pipelining allows us to generate in multiple road
network formats thereby allowing us to generate roads for multiple platforms. It
also permits running traffic simulations using SUMO. We can then import this
road network into the Unreal Engine as procedurally generated road meshes by

using Sumo2Unreal.

3.2.2 Realistic Road Generation: Sumo2Unreal

Sumo2Unreal [107] is an Unreal Engine plugin for importing a SUMO road
network file into the Unreal Engine as procedural road meshes. Unreal Engine
is a widely used game engine that supports the creation of real-time software
with high-fidelity graphics. Procedural road meshes generated include driving
lanes, sidewalks and pedestrian crossings. Using Unreal Engine provides us with
many useful capabilities, such as built-in 3D models such as cars, an API for
creating BTs, along with photorealistic graphics such as a variety road textures.
Sumo2Unreal generates stop signs for road networks describing road intersections
only (such as the ones from IntGen). Sumo2Unreal also generates splines from a
collection of SUMO road way points. These splines can be used by BT controlled
cars to to follow logical lanes and make turns correctly. Splines also contain other
information, such as other connections with other splines (in the driving direction)

and whether there is a stop sign at the end of the spline segment. Together, the
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Figure 3.2: A road intersection generated by blenderOpenDRI

splines and the navigation meshes are able to communicate the map data to cars

and pedestrians in the simulation.

3.2.3 Blender OpenDRIVE Importer

An alternative to the Cruzway approach presented above is using the blenderOpen-
DRIVEImporter. Here, high definition roads are generated in the OpenDRIVE
format. These roads are then imported into blender as sparse 3D models which are
then refined within Blender. Blender provides libraries for adding 3D scene ele-
ments that are outside the scope of OpenDRIVE, yet are relevant to autonomous
vehicle test scenarios such as trees, buildings, and more. Trees often obstruct
important road signs. This affords us the ability to generate roads compatible
with the CARLA simulator in terms of accepted formats; FilmBox (FBX) and
OpenDRIVE (XODR).
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Figure 3.3: A road intersection generated by blenderOpenDRIVEImporter im-
ported into the CARLA simulator

3.3 Evaluation and Results

In this section, I present the road generation capabilities of Cruzway Road-
gen. With this system, we can generate individual road intersections as well as
town-sized road networks. In the figures 3.4 and 3.5, we can observe high res-
olution generation of four-way and five-way intersections respectively. Here, the
road geometries and textures are realistic. The procedurally generated roads con-
tain turn lanes, pedestrian crosswalks, driving lanes, sidewalks and stop signs.
The presence of splines (seen as lines on the roads) serve as 3D objects that can
communicate road connectivity data such as intersection connected lanes to the
vehicle and pedestrians in the simulation. The turn lane signs are chosen based
on road connectivity information in these splines. Multiple appropriate turn lane
signs can be added for the same location in the intersection as shown in Figure 3.7,
Figure 3.8 and Figure 3.9. The roads also ground cost based pedestrian navigation

algorithms with the help of Navmeshes as shown in Figure 3.12.
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Figure 3.4: A four way intersection generated using IntGen and rendered on
Unreal Engine using Sumo2Unreal. All of the incoming roads have one turn lane
and one of the incoming roads is four laned (while the remaining default to two
each).

i 28 e
Figure 3.5: A five way intersection generated using IntGen and
Unreal Engine using Sumo2Unreal.
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(a) A grid network generated by the SUMO Netgenerate tool and visu-
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(b) A grid network generated by Cruzway.
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Figure 3.7: Decals can be added to the roads as pef the connected lanes at
the intersection. In this figure, the nearest decals can be interchanged with other
relevant decals as shown in Figure 3.8 and in Figure 3.9.
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Figure 3.8: Decals can be added to the roads as per the connected lanes at
the intersection. In this figure, the nearest decals can be interchanged with other
relevant decals as shown in Figure 3.7 and in Figure 3.9.
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Figure 3.9: Decals can be added to the roads as per the connected lanes at
the intersection. In this figure, the nearest decals can be interchanged with other

relevant decals as shown in Figure 3.7 and in Figure 3.8.

B moa B B BN

1) |
o %Higﬂtﬂ'

-~

Selected Actor(s) in: Untitled_0 (Persistent)
[ Level: Untitled_0 (Persistent) ]

Figure 3.10: In Cruzway, roadsplines are generated along with road meshes
to communicate road connectivity and other attributes to the vehicles navigating
above. Here the road splines have also been annotated with the suggested direction
based on lane connectivity sequence.
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Figure 3.11: Road network generated by Cruzway based on a sparse road net-
work generated from TownSim [127].
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Figure 3.12: Procedurally generated navigation bounds volume (green, nor-
mal cost) and navigation modifiers (red, high cost) on the four-way intersection.
Pedestrians tend to navigate across green areas.
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3.4 Limitations

There are two types of limitations in Cruzway Roadgen: (1) Expressiveness.
Roads can be expressed at the resolution of one intersection or a town sized
road network. It lacks intermediate levels of resolution for expressiveness. Since
the system involves a transformation of Netgenerate road networks to textured
meshes in the Unreal Engine, even increasing the parameter values too much can
result in overlapping meshes. (2) Tediousness: The effort needed to increasing
expressiveness of the generator is quite significant. (3) Realism: The generated
roads, while photorealistic and valuable for evaluating perception systems of AVs,

are synthetically generated and are disconnected to real-world data.

3.5 Conclusion

In this chapter, I presented Cruzway Roadgen, a designer-encoded static sce-
nario generation approach. Cruzway Roadgen can generate road networks at the

resolution of a single intersection or town sized road networks.
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Chapter 4

CruzwayQA: Benchmarking
Scenario Reasoning Capabilities

in LLMs

4.1 Introduction

LLM-based scenario generators can be considered as a hybrid form between
designer-encoded and data-driven generation approaches in terms of controllabil-
ity and realism. In the previous chapter, we looked at Cruzway RoadGen, where a
designer-encoded static scenario generation approach was presented. With hand-
authored rules, high definition roads were generated in Unreal Engine. Alterna-
tively, rules are automatically modeled from data in data-driven approaches e.g.
ScenarioDreamer [117]. Designer-encoded approaches offer significant control over
the generation of content in the form of rules but can be tedious to design and
build. Data-driven approaches do not offer this kind of granular control and the

only potential approach to modify the generator is to change the training data
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itself. Significant research has been done to enhance generation control, such as
language guidance in image generators [155]. The word guidance highlights that
this control is not of the same nature as hand-authored rules.

Due to LLMs being uniquely data-driven yet potentially highly controllable,
the possibility to develop a controllable LLM based generator that can generate
interpretable and realistic scenarios opens up. Large Language Models (LLMs) are
transformer architecture [142] based natural language generation models. These
models are data-driven. Due to their ability to accept a large number of input
tokens (from a few thousand to around a million), this guidance or prompting in
the context of LLMs can be considered to be dense [160]. In addition, researchers
have been considering LLM prompting as a form of programming [40]. LLMs have
demonstrated emergent capabilities for in-context learning [145] from examples
which allows a user to learn based on examples within the context itself similar
to training but without any changes to the weights of the neural network. This
ensures that LLMs generate outputs which are more aligned with the user intent
[103] thereby increasing controllability.

To enhance the potential for realistic scenario generation, we can consider
making use of this enhanced controllability and connect the LLM with data and
concepts. Several real-world datasets such as AV driver disengagement data, traf-
fic accident data and traffic rule descriptions are available in natural language and
can be understood by LLMs as presented by Wang et. al. [143], in TARGET [32]
and Sovar [49] respectively. At a conceptual level, the functional scenario abstrac-
tion from the scenario-based testing literature is defined in natural language. In
LeGend, an LLM-based approach is presented to transform functional scenarios to
more specific logical and concrete scenarios [135]. Here, the authors consider func-

tional scenarios due to the diversity afforded by them. Since functional scenarios
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are considered informal and logical and concrete scenarios are considered formal,
this transformation grants LLMs the affordance to interact with simulation tools
such as Scenic [42], a probabilistic language to express logical scenarios. LLMs
generate Scenic scripts in ScenicNL [37] and ChatScene [156]. A drawback of
these approaches is the lack of complex scenarios (specifically driving behaviors)
due to the capabilities of Scenic. To support the generation of complex behaviors
though, the LLM reasoning capabilities must also match that capability. Current
LLM reasoning capabilities are quite low as observed in several QA benchmarks
[16]. Further, LLMs have the challenge of hallucinations which further impact
reasoning capabilities [61]. These issues must be addressed before the application
of LLMs towards realistic scenarios can be considered.

The concepts of hallucinations and reasoning have a significant overlap. Hal-
lucinations in LLMs can be defined as generating non-factual content in the gen-
eration process. LLM Reasoning is defined as sequential predictions made by an
LLM to draw a conclusion. Reasoning is often connected to the concept of a world
model which can be defined as a set of state transitions [52]. In this paper, we
define scenario reasoning as a synthesis of a non-exhaustive subset of reasoning
structures such as deductive, inductive, spatial, temporal as well as System 1 and
2 reasoning with concepts relevant to AV test scenarios such as the ones in the
ASAM OpenXOntology. LLMs are severely lacking in their ability to carry out
scenario reasoning [|. In [129], an evaluation of multimodal LLMs (ones that can
process natural language and image inputs) is carried out as world models for
autonomous driving. In this work, while multimodal LMs work well for interpret-
ing individual images, they perform poorly in understanding the dynamics of a
scenario across several frames e.g. several LLMs are biased towards identifying

motion to be in the forward direction. More effective evaluations are needed to
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better understand test scenario reasoning challenges in LLMs. It’s important to
note that since we are resolving issues for LLMs to be used as scenario generators,
we are considering the reasoning capabilities of LLMs as external observers to
an AV scenario occurring on a road. On the other hand, several papers evaluate
LLMs’ reasoning from the first-person perspective of the ego vehicle [152]. This
requires the LLM to be responsible for perception as well as reasoning about the
perceived objects (which are the areas of behavior prediction and planning from
the AV literature). In our work, we restrict the reasoning evaluation to be with
respect to scenarios described in the narrative form for simplicity. A similar QA
generation approach with and for multimodal LLM evaluations is suggested for

future work.

Scenario Reasoning

A synthesis of a non-exhaustive subset of reasoning structures such as de-
ductive, inductive, spatial, temporal as well as System 1 and 2 reasoning
with concepts relevant to AV test scenarios such as the ones in the ASAM

OpenXOntology.

In this chapter, we present CruzwayQA, a concepts-first, synthetic QA dataset
generator that generates multiple-choice scenario reasoning questions from a given
scenario. These scenarios are generated from scenario ontologies and an under-
standing of various reasoning types. To avoid grammatical complexities of string
generation approaches, we make use of pre-trained LLMs to generate multiple-
choice questions. The structure of questions is inspired from the following works:
(1) multiple choice question (MCQ) generation by LLMs by Doughty et al. [36],
(2) a description of reasoning types in QA benchmarks such as CommonsenseQA

[134] and ScienceQA [85], and (3) OpenXOntology, an ontology for AV test sce-
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Scenario:

You are driving an autonomous vehicle on a wet, rainy night. The road is a two-lane highway with a speed limit of 60 mph. Suddenly, a pedestrian walks onto the roa
d from the pedestrian crossing without looking. Your vehicle's safety features kick in and the vehicle automatically applies brakes to avoid a collision

Questions:

1. (Understand, Causes, 1 Hop)

What can be the immediate result of a pedestrian suddenly walking onto the road from the pedestrian crossing in front of an autonomous vehicle?

A. The vehicle will increase its speed

B. The vehicle will automatically apply brakes

C. The vehicle will change its route

D. The vehicle will continue at the same speed.

Rationale: Understanding the cause and effect relationship and autonomous vehicle's safety features, it's clear that the vehicle will apply brakes to avoid a collision.
Answer: B

2. (Apply, Causes, 2 Hops)

If the road surface is slick due to rain, what can be the result of an autonomous vehicle suddenly applying brakes?

A_ The vehicle can skid

B. The vehicle will increase its speed

C. The vehicle will stop immediately.

D. The vehicle's lights will turn off.

Rationale: Applying the principles of physics and understanding that sudden braking on a wet road can lead to skidding, we can infer the most likely outcome.
Answer. A

Figure 4.1: Example QA data

narios [10]. In the synthetic QA generation process, we ensure that the LLMs are
as close as possible to template based generators i.e. they are used for generating
coherent questions. We attempt to use as less of the internal knowledge of the
LLM as possible so as to avoid a circular evaluation. Several variations on the
question structure and prompting are carried out to converge onto an effective
QA data generation process.

In the development of CruzwayQA, several prompt engineering insights were
gained: (1) The quality of the in-context examples significantly determined the
questions adhering to specific reasoning categories. (2) The temperature param-
eter available in LLMs affected the overfitting to the in-context examples. (3)
The addition of Bloom’s taxonomy terms combined with the in-context examples
increased the depth at which the QA samples adhered to a specific reasoning cat-
egory. (4) Explicitly mentioning the reasoning hops needed in a question did not
work and it was more productive to have the reasoning hops be implicitly present
in the in-context examples.

The work here provides insights in using LLMs for the creation of synthetic
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QA datasets for evaluating reasoning ability of LLMs while avoiding the issue of
a circular evaluation by ensuring that the LLM knowledge isn’t considered for
QA generation. Due to a concepts first, modular prompt being used for QA data
generation, we can easily switch modules to alter the domain being considered.
Since the dataset is synthetic, significant customizability is possible and significant
evaluations over very narrow, niche subdomains is possible.

The rest of this chapter is divided into sections as follows: Since the concept of
reasoning is convoluted and unclear, we define the concept of scenario reasoning
considered in this chapter in Section 4.2. The method followed for QA generation
and the LLM evaluation on these questions is presented in Section 4.3. The
experimental setup is presented in section 4.4. The results of experiment runs
are discussed in Section 4.4. Limitations and steps taken to overcome them are
described in Section ?7. The chapter then ends with the conclusion in Section 4.6

and thoughts on future work in Section ?77.

4.2 Preliminaries

Scenario reasoning is a subset of reasoning types that are relevant to scenario-
based testing of AVs. The term reasoning can be defined as a sequence of inter-
mediate statements written by the LLM beginning with a set of statements and
ending with a conclusive statement. There are several types of reasoning based on
the nature of this sequence such as deductive and inductive reasoning. We need
to prioritize the reasoning types that are relevant to the topic of scenario based
testing of AVs. This prioritization process considers the representations of a sce-
nario considered in Chapter 2 such as the 6 layer model. Here, due to the spatial
and temporal layers (layer 1-3 and layer 4) model, spatial and temporal reasoning

types are included in scenario reasoning. Due to the layers in this model that
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refer to vehicles, pedestrians and roads, we also include commonsense reasoning
along with deductive and inductive reasoning.

As stated in Section 4.1, since the possible LLM inputs and outputs are open,
it is important to carefully design and experiment with prompts such that the
outputs align with the user intent [69]. The subfield of prompt engineering covers
approaches to this end [119]. In CruzwayQA, we consider prominent prompt engi-
neering approaches from the literature such as chain-of-thought (CoT) prompting
[146].

4.3 Method

CruzwayQA is a concepts-based, synthetic QA data generation approach to
measure scenario reasoning capabilities in LLMs. We use LLMs to generate
synthetic scenarios in the narrative form and generate multiple-choice questions
(MCQs) based on that. Since we are only using LLMs to generate the MCQ
strings that adhere with the structures described in the prompt, there is a sig-
nificant prompt engineering process involved. This results in a modular prompt
and consists of the ontologies, standard reasoning styles (which constitute sce-
nario reasoning as described in section 4.2), MCQ formats and concepts from the
Bloom’s taxonomy to enhance questions. A modular prompt separates ontologies
and domain-agnostic QA structures thereby giving flexibility in reuse in other do-
mains. An overview of the QA generation prompt design is presented in Figure

4.2.
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Figure 4.2: ScenarioQA Overview

4.3.1 Scenario Ontology

The OpenXOntology is a standardized organization of concepts relevant to
scenario-based testing of autonomous vehicles created by the ASAM organization
[10]. This ontology consists of three key subontologies: core, domain and applica-
tion. The core ontology contains meta information; this would be concepts about
the ontology itself, such as the types of relations. The domain ontology is the
one relevant for our purposes. It contains concepts detailed in the six layer model
of a scenario [121], broadly the static and dynamic elements of a scenario. The
application ontology contains concepts that can be modified for other standards
such as ASAM OpenDRIVE for roads and ASAM OpenSCENARIO for dynamic
aspects of a scenario. In CruzwayQA, we consider a general subset of this ontology
such as concepts about each layer of the 6 layer model (broadly roads, vehicles
and pedestrians). We also consider refining a given subset of this ontology as pre-
sented by Tang et al. [136]. This implies adding more concepts and making new
relations among these concepts. Similar to this work, to represent the ontology in

the prompt, we make use of the digraph format.
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Figure 4.3: An example ontology from the ASAM OpenXOntology standard

You are a road safety scientist at a vehicle company with a
background in traffic engineering, civil engineering and
autonomous vehicles. I have a road driving scenario ontology as
shown below (in DOT format).

digraph Ontology {

DrivingActivity —> ChangeLane;

DrivingActivity —> Cutln;

DrivingActivity —> Overtake;

DrivingActivity —> MakeATurn;

HumanActivity —> [PedestrianActivity , DriverActivity , RiderActivity |;

MakeATurn —> [MakeALeftTurn, MakeARightTurn];

MovingActivity — [Accelerate, Decelerate, Stop, PedestrianActivity ,

Turn, Cross];

}

Listing 4.1: Initial ontology provided to the LLM for refining. The ontology
refinement prompt is appended to this. Modifications for this are also considered

such as one without pedestrian activity or turning activity.

Add 5 new relevant concepts, terms or entities to the ontology
considering the following instructions:

x Each class has only one parent class.
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* You should merge duplicated concepts.

* You should delete concepts irrelevant to road driving scenarios.

* You should improve the ontology structure.

* Output the new ontology in DOT format.

x* The parent class and child class should be arranged as: parent
class —> child class.

* Please prune the tree to only contain important concepts.

x Please increase tree depth.

x Please ensure that the concepts generated are consistent and
plausible with respect to the previously generated concepts.

x Please add some interesting concepts.

* Please do not write anything else other than the concepts.

Listing 4.2: Prompt given to the LLM to refine a given ontology and add 10 new

concepts. The ontology is generated in the Graphviz digraph format to represent

the tree structure.

Reasoning Types

We select certain reasoning categories mentioned in [16] that are relevant to
scenario based testing of AVs such as commonsense reasoning, deductive and in-
ductive reasoning, spatial reasoning and temporal reasoning. For commonsense
reasoning questions, we consider concepts and relations from CommonsenseQA,
which considers concepts from ConceptNet [134]. Some of these relations are
cause-effect, at-location, has-property. Deductive reasoning involves making in-
ferences from statements and assumptions. We consider categories of inferences
from EntailmentBank [29]. For spatial reasoning, we consider relations presented
in Spart@QA [96]. These include relative directions such as left and right and dis-
tances such as near and far. For temporal reasoning, we make use of relations

in Timedial. We make use of concepts for frequency, ordering (such as before or
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later) and duration.

Instead of explicitly describing these reasoning styles in the prompt, we provide
them as CoT examples as presented in the work by Wei et al. [146]. Consistent
with in-context learning capabilities in LLMs, this ensures that the LLM implicitly
learns the patterns in these examples. We consider examples of these reasoning
styles in the works above, write similar examples or separately have an LLM
generate similar examples and add them to the prompt after verification.

Along with MCQ examples in accordance with the reasoning types stated
above, we also include other the question formation structures described in the

subsections ahead. The final result is a prompt based on which an LLM generates

a set of MCQs.

Multiple Choice Question Structure

We consider the multiple choice question (MCQ) structure from [36]. Here,
an MCQ is defined as a question where multiple options for answers are arranged
with one being the correct answer called the stem and others being the distractors.
Similar to [36], the questions generally are assigned a category by making use of

6 action words Bloom’s taxonomy.

Here is some additional information about multiple—choice question
formation as well as Bloom’s taxonomy:

A multiple—choice question is a collection of three components aimed
at testing a students understanding of a

certain topic, given a particular context of what the student is
expected to know. The topic, as well as the context of the topic,
will be provided in order to generate effective multiple—choice
questions. The three components of a multiple—choice question are
as follows: a Stem, a Correct Answer, and two Distractors. There

must always be only one correct answer and only two distractors.
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The stem refers to the question the student will attempt to answer,
as well as the relevant context necessary in order to answer the
question. It may be in the form of a question, an incomplete
statement , or a scenario. The stem should focus on assessing the
specific knowledge or concept the question aims to evaluate.

The Correct Answer refers to the correct, undisputable answer to the
question in the stem.

A Distractor is an incorrect answer to the question in the stem and
adheres to the following properties. | ] Use ¢‘None of the
Above’’ or ‘‘All of the Above’’ style answer choices sparingly.
These answer choices have been shown to, in general, be less
effective at measuring or assessing student understanding.

Multiple—choice questions should be clear, concise, and grammatically

correct statements. Make sure the questions are worded in a way
that is easy to understand and does not introduce unnecessary
complexity or ambiguity. Students should be able to understand
the questions without confusion. The question should not be too
long , and allow most students to finish in less than five minutes

This means adhering to the following properties.

Blooms’ Taxonomy and Action Verbs:

Multiple—choice questions must be well aligned to the learning
objectives they are intended to assess students knowledge on.
This implies that they must assess skills at the right cognitive
level corresponding to the Bloom’s taxonomy categorization of the
learning objective. Bloom’s Taxonomy offers a framework for
categorizing the depth of learning, and it provides guidance on
selecting appropriate action verbs when writing learning
objectives. Here are the six levels of Bloom’s taxonomy and their

definitions:
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Remember — This level involves retrieving , recognizing, and recalling
relevant knowledge from long—term memory.

Understand — At this level, learners construct meaning from oral,
written , and graphic messages through interpreting , exemplifying,
classifying , summarizing, inferring , comparing, and explaining.

Apply — This level requires learners to carry out or use a procedure
through executing or implementing it .

Analyze — At this level, learners break material into constituent
parts, determine how the parts relate to one another and to an
overall structure or purpose through differentiating , organizing.

Evaluate — This level involves making judgments based on criteria and
standards through checking and critiquing.

Create — At this level , learners put elements together to form a
coherent or functional whole, or they reorganize elements into a

new pattern or structure through generating.

Given information about the traffic related ontology, as well as
question formation guidelines and Bloom’s taxonomy ,

would you be able to create multiple—choice question for one TYPE OF
INFERENCE provided below that fulfill the MOQ guidelines as well
as Bloom’s taxonomy? The below example shows the type of
inference relation as well as an example of the types of
questions asked with that particular relation. Please pick one
type of inference and one Bloom’s taxonomy term at random. For
option D, make sure the option is similar to the answer to the

question , however incorrect.

Relation
AtLocation, Causes, CapableOf, Antonym, HasPrerequisite, CausesDesire

Desires , PartOf, HasProperty

Formulated question example corresponding to the relations above:
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Where would you least want an autonomous vehicle ’s

g @ B =

pedestrian detection system to fail?

Downtown crosswalk

Closed proving grounds

Virtual simulation lab

Maintenance garage

What is the primary benefit of calibrating an autonomous vehicle ’s

2 @ B =

Why might engineers

@ @ B =

@ @ = =

LIDAR sensors before on—road testing?

More accurate distance measurements

Reduced sensor power consumption

Increased false positives

Slower scanning rates

camera on an autonomous vehicle?

To

detect small objects at greater distances
reduce the size of recorded image files
simplify the image—processing pipeline

limit the sensors frame rate

you want to evaluate sensor performance in conditions

clear daylight , which scenario would you choose?

Nighttime driving

Midday under bright sun

Late—morning with clear skies

Early—afternoon sunlight

increase the resolution of the forward—facing

opposite to

Before running a lane—keeping assist test, what must engineers do

first?

A. Calibrate steering and inertial sensors

B.

Increase the vehicles top speed
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C. Disable all safety overrides
D. Update the onboard software

Repeated phantombraking events in road trials typically cause
engineers to do what?

Refine the braking algorithm

Lower the test speed limit

Turn off automatic emergency braking

g @ &= =

Ignore the anomalies

What outcome do safety engineers most desire when validating an
autonomous vehicle on public roads?

Consistent system reliability

Maximum travel speed

Minimal travel time

g @ B =

Lowest energy consumption

Which component is part of an autonomous vehicles perception stack
?

LIDAR sensor

Fuel injector

Exhaust manifold

2 @ B =

Transmission clutch

What property should a closed—course test scenario have to ensure

consistent results across multiple runs?

A. Repeatability
B. Randomness

C. Ambiguity

D. Variability
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Now we will generate the questions. Please remember that any of the
options A or B or C or D can be the correct one and ordering can
be an important aspect.

Please shuffle the ordering of the option that is correct. Since it
is an MOQ type evaluation, we must make sure that the question

isn’t already answered in other options or in other questions.

A note about the difficulty of questions: The difficulty must be
quite significant in terms of the reasoning needed to answer the
questions. It should be quite challenging to arrive at
conclusions given the premises of

the questions. In addition the alternatives should be confusing.

Please format the question and answer data in the form of a
dictionary as follows:

<open curly bracket>

"Scenario": "<A scenario description in narrative form based on a
subset of the ontology concepts mentioned above. Several
questions will be written on the basis of this scenario, so
please present the the necessary details accurately. Please
describe the scenario as a sequence of events that are unfolding.
You do not need to fully cover the scenario concepts that are
mentioned above, only a subset of it. Please ensure that the
scenario is plausible.>",

"Questions ": <open curly bracket>

"<question number label written as Ql, Q2 and so on>":<open curly
bracket >

"Relation": "<please mention the relation selected from above. Please
select only one of the terms.>",

"Bloom": "<please mention the Bloom’s taxonomy term selected from

above. Please select only one of the terms.>"
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"Question": "A very challenging question based on a synthesis of the

scenario , relation type, Bloom’s taxonomy term and implicitly
similar in structure to the examples mentioned above with the
intent to evaluate a large language model for reasoning

effectively . Most question contents should be in the scenario

information shared. As a result, please keep the questions

concise ."

"A": "<Details of option A.>",

"B": "<Details of option B. Since it is an MOQ type evaluation , we
must make sure that the question isn’t already answered in other
options or in other questions.>",

"C": "<Details of option C. Since it is an MOQ type evaluation , we
must make sure that the question isn’t already answered in other
options or in other questions.>",

'"D": "<Details of option D. Since it is an MOQ type evaluation , we
must make sure that the question isn’t already answered in other
options or in other questions.>",

"Answer rationale": "<string describing answer rationale >",

"Correct option": "<A or B or C or D that is the correct option. This

will be used as the reference, so please make sure it is
absolutely correct in accordance with the rationale written above

>ll

<close curly bracket (specific question))>

*

<close curly bracket (all questions)>

<close curly bracket>

Please only generate the json dictionary exactly as specified. Please

don’t generate anything else.
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Nothing else. Nothing else. Nothing else. Please do not add any tags

of any sort, just the formatting shown here.

Listing 4.3: QA structure prompt for the commonsense reasoning QA data
generation task. The examples are generated after several iterations with another

LLM and are based on the respective works cited in Section 4.3.1

Here is some additional information about multiple—choice question

formation as well as Bloom’s taxonomy:

A multiple—choice question is a collection of three components aimed
at testing a student’s understanding of a

certain topic, given a particular context of what the student is
expected to know. The topic, as well as the context of the topic,
will be provided in order to generate effective multiple—choice
questions. The three components of a multiple—choice question are
as follows: a Stem, a Correct Answer, and two Distractors. There

must always be only one correct answer and only two distractors.

The stem refers to the question the student will attempt to answer,
as well as the relevant context necessary in order to answer the
question. It may be in the form of a question, an incomplete
statement , or a scenario. The stem should focus on assessing the
specific knowledge or concept the question aims to evaluate.

The Correct Answer refers to the correct, undisputable answer to the
question in the stem.

A Distractor is an incorrect answer to the question in the stem and
adheres to the following properties. Use ‘‘None of the Above’’ or

““All of the Above’’ style answer choices sparingly. These
answer choices have been shown to, in general, be less effective

at measuring or assessing student understanding.

Multiple—choice questions should be clear, concise, and grammatically
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correct statements. Make sure the questions are worded in a way
that is easy to understand and does not introduce unnecessary
complexity or ambiguity. Students should be able to understand
the questions without confusion. The question should not be too
long, and allow most students to finish in less than five minutes

This means adhering to the following properties.

Blooms’ Taxonomy and Action Verbs:
Multiple—choice questions must be well aligned to the learning

b

objectives they are intended to assess students’ knowledge on.
This implies that they must assess skills at the right cognitive
level corresponding to the Bloom’s taxonomy categorization of the
learning objective. Bloom’s Taxonomy offers a framework for
categorizing the depth of

learning , and it provides guidance on selecting appropriate action

verbs when writing learning objectives. Here are the six levels

of Bloom’s taxonomy and their definitions:

Remember — This level involves retrieving , recognizing, and recalling
relevant knowledge from long—term memory.

Understand — At this level , learners construct meaning from oral,
written , and graphic messages through interpreting , exemplifying ,
classifying , summarizing , inferring , comparing, and explaining.

Apply — This level requires learners to carry out or use a procedure
through executing or implementing it .

Analyze — At this level, learners break material into constituent
parts, determine how the parts relate to one another and to an
overall structure or purpose through differentiating , organizing.

Evaluate — This level involves making judgments based on criteria and
standards through checking and critiquing.

Create — At this level , learners put elements together to form a

coherent or functional whole, or they reorganize elements into a

57



new pattern or structure through generating.

Given information about the traffic related ontology, as well as
question formation guidelines and Bloom’s taxonomy,

would you be able to create multiple—choice questions for EACH TYPE
OF INFERENCE provided below that fulfill the MOQ

guidelines as well as Bloom’s taxonomy? The below example shows the
type of inference relation as well as an example of the types of
questions asked with that particular relation. Create one
question for each type of relation. For option D, make sure the
option is similar to the answer to the question, however
incorrect. Also, create an answer sheet with the answers to the

questions .

Relation
AtLocation, Causes, CapableOf, Antonym, HasPrerequisite, CausesDesire

Desires , PartOf, HasProperty

Formulated question example corresponding to the relations above:
Where would you least want an autonomous vehicle ’s pedestrian
detection system to fail?

Downtown crosswalk

Closed proving grounds

Virtual simulation lab

9 e = F

Maintenance garage

What is the primary benefit of calibrating an autonomous vehicle ’s
LIDAR sensors before on—road testing?

More accurate distance measurements

Reduced sensor power consumption

Increased false positives

2 e = =

Slower scanning rates
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Why might engineers increase the resolution of the forward—facing
camera on an autonomous vehicle?
To detect small objects at greater distances

reduce the size of recorded image files

To simplify the image—processing pipeline

g e B o
H
o

To limit the sensor’s frame rate

If you want to evaluate sensor performance in conditions opposite to
clear daylight , which scenario would you choose?

Nighttime driving

Midday under bright sun

Late—morning with clear skies

@ @ = =

Early—afternoon sunlight

Before running a lane—keeping assist test, what must engineers do
first?

Calibrate steering and inertial sensors

Increase the vehicle ’s top speed

Disable all safety overrides

@ e = =

Update the onboard software

Repeated phantom braking events in road trials typically cause
engineers to do what?

Refine the braking algorithm

Lower the test speed limit

Turn off automatic emergency braking

9 e = =

Ignore the anomalies

What outcome do safety engineers most desire when validating an
autonomous vehicle on public roads?

A. Consistent system reliability
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B. Maximum travel speed
C. Minimal travel time

D. Lowest energy consumption

Which component is part of an autonomous vehicle ’s perception stack?
A. LIDAR sensor
B. Fuel injector
C. Exhaust manifold
D

Transmission clutch

What property should a closed—course test scenario have to ensure

consistent results across multiple runs?

A. Repeatability
B. Randomness

C. Ambiguity

D. Variability

Now we will generate the questions. Please remember that any of the
options A or B or C or D can be the correct one and ordering can
be an important aspect.

Please shuffle the ordering of the option that is correct. Since it
is an MOQ type evaluation , we must make sure that the question

isn’t already answered in other options or in other questions.

A note about the difficulty of questions: The difficulty must be
quite significant in terms of the reasoning needed to answer the
questions. It should be quite challenging to arrive at
conclusions given the premises of

the questions. In addition the alternatives should be confusing.

Please format the question and answer data in the form of a

dictionary as follows:
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<open curly bracket>

"Scenario": "<A scenario description in narrative form based on a
subset of the ontology concepts mentioned above. Several
questions will be written on the basis of this scenario, so
please present the the necessary details accurately. Please
describe the scenario as a sequence of events that are unfolding.
You do not need to fully cover the scenario concepts that are
mentioned above, only a subset of it. Please ensure that the
scenario is plausible.>",

"Questions ": <open curly bracket>

"<question number label written as Ql, Q2 and so on>":<open curly
bracket>

"Relation": "<please mention the relation selected from above. Please
select only one of the terms.>",

"Bloom": "<please mention the Bloom’s taxonomy term selected from
above. Please select only one of the terms.>"

"Question": "A very challenging question based on a synthesis of the
scenario , relation type, Bloom’s taxonomy term and implicitly
similar in structure to the examples mentioned above with the
intent to evaluate a large language model for reasoning
effectively . Most question contents should be in the scenario
information shared. As a result, please keep the questions
concise.",

"A": "<Details of option A.>",

"B": "<Details of option B. Since it is an MOQ type evaluation , we
must make sure that the question isn’t already answered in other
options or in other questions.>",

"C": "<Details of option C. Since it is an MOQ type evaluation , we
must make sure that the question isn’t already answered in other
options or in other questions.>",

'"D": "<Details of option D. Since it is an MOQ type evaluation, we

must make sure that the question isn’t already answered in other

61



options or in other questions.>",

"Answer rationale": "<string describing answer rationale >",

"Correct option'": "<A or B or C or D that is the correct option. This
will be used as the reference, so please make sure it is
absolutely correct in accordance with the rationale written above
>

<close curly bracket (specific question))>

)

<close curly bracket (all questions)>

<close curly bracket>

Please only generate the json dictionary exactly as specified. Please
don’t generate anything else.
Nothing else. Nothing else. Nothing else. Please do not add any tags

of any sort, just the formatting shown here.

Listing 4.4: QA structure prompt for the Commonsense Reasoning QA data
generation task. The examples are generated after several iterations with another

LLM and are based on the respective works cited in Section 4.3.1

Here is some additional information about multiple—choice question
formation as well as Bloom’s taxonomy:

A multiple—choice question is a collection of three components aimed
at testing a student’s understanding of a certain topic, given a
particular context of what the student is expected to know. The
topic, as well as the context of the topic, will be provided in
order to generate effective multiple—choice questions. The three
components of a multiple—choice question are as follows: a Stem,

a Correct Answer, and two Distractors. There must always be only

one correct answer and only two distractors.
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The stem refers to the question the student will attempt to answer,
as well as the relevant context necessary in order to answer the
question. It may be in the form of a question, an incomplete
statement , or a scenario. The stem should focus on assessing the

specific knowledge or concept the question aims to evaluate.

The Correct Answer refers to the correct, undisputable answer to the

question in the stem.

A Distractor is an incorrect answer to the question in the stem and
adheres to the following properties. Use ‘‘None of the Above’’ or
““All of the Above’’ style answer choices sparingly. These
answer choices have been shown to, in

general , be less effective at measuring or assessing student

understanding .

Multiple—choice questions should be clear, concise, and grammatically
correct statements. Make sure the questions are worded in a way
that is easy to understand and does not introduce unnecessary
complexity or ambiguity. Students should be able to understand
the questions without confusion. The question should not be too
long , and allow most students to finish in less than five minutes

This means adhering to the following properties.

Blooms’ Taxonomy and Action Verbs:

Multiple—choice questions must be well aligned to the learning
objectives they are intended to assess students’ knowledge on.
This implies that they must assess skills at the right cognitive
level corresponding to the Bloom’s taxonomy categorization of the
learning objective. Bloom’s Taxonomy offers a framework for

categorizing the depth of learning , and it provides guidance on
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selecting appropriate action verbs when writing learning
objectives. Here are the six levels of Bloom’s taxonomy and their

definitions:

Remember — This level involves retrieving , recognizing, and recalling
relevant knowledge from long—term memory.

Understand — At this level , learners construct meaning from oral,
written , and graphic messages through interpreting ,

exemplifying , classifying , summarizing, inferring , comparing, and
explaining .

Apply — This level requires learners to carry out or use a procedure
through executing or implementing it .

Analyze — At this level, learners break material into constituent
parts, determine how the parts relate to one another

and to an overall structure or purpose through differentiating ,
organizing .

Evaluate — This level involves making judgments based on criteria and
standards through checking and critiquing.

Create — At this level , learners put elements together to form a
coherent or functional whole, or they reorganize elements into a

new pattern or structure through generating.

Given information about the traffic related ontology, as well as
question formation guidelines and Bloom’s taxonomy ,

would you be able to create multiple—choice questions for EACH TYPE
OF INFERENCE provided below that fulfill the MOQ

guidelines as well as Bloom’s taxonomy? The below example shows the
type of inference relation as well as an example of the types of
questions asked with that particular relation. Create one
question for each type of relation. For option D, make sure the
option is similar to the answer to the question, however

incorrect. Also, create an answer sheet with the answers to the
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questions.

Structure: Inference Type —> Infering a conclusion from Fact 1 and
Fact 2

Substitution:

Fact 1: when a light wave hits a reflective object, the light wave
will be reflected

Fact 2: a mirror is a kind of reflective object

Conclusion: when a light wave hits a mirror, the light wave will be

reflected

Inference from Rule:

Fact 1: if two species have similar characteristics , they may share a
common ancestor

Fact 2: rhinoceroses and horses have similar characteristics

Conclusion: rhinoceroses and horses might share a common ancestor

Further Specificatio or Conjunction:

Fact 1: an animal requires warmth for survival as the season changes
to winter

Fact 2: thick fur can be used for keeping warm

Conclusion: thick fur can be used for keeping warm as the season

changes to winter

Infer Class from Properties:

Fact 1: A compound is made of two or more elements chemically
combined

Fact 2: sodium chloride is made of two elements chemically combined

Conclusion: sodium chloride is a kind of compound

Property Inheritance:

Fact 1: an animal’s shell is usually hard
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Fact 2: something hard can be used for protection

Conclusion: an animal’s shell is usually hard for protection

Sequential Inference:

Fact 1: In molecular biology, translation follows transcription

Fact 2: transcription is when genetic information flows from DNA to
RNA translation is when genetic information flows from RNA to
proteins

Conclusion: In molecular biology, genetic information flows from DNA

to RNA to proteins

Now we will generate the questions. Please remember that any of the
options A or B or C or D can be the correct one and ordering can
be an important aspect.

Please shuffle the ordering of the option that is correct. Since it
is an MOQ type evaluation, we must make sure that the question

isn’t already answered in other options or in other questions.

Please format the question and answer data in the form of a
dictionary as follows:

<open curly bracket>

"Scenario": "<A scenario description in narrative form based on a
subset of the ontology concepts mentioned above. Several
questions will be written on the basis of this scenario, so
please present the the necessary details accurately. Please
describe the scenario as a sequence of events that are unfolding.
You do not need to fully cover the scenario concepts that are
mentioned above, only a subset of it. Please ensure that the
scenario is plausible.>",

"Questions ": <open curly bracket>

"<question number label written as Ql, Q2 and so on>":<open curly

bracket >
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"Relation ":

"Bloom ":

"Question ":

select only one of the terms.>",

"<please mention the relation selected from above. Please

"<please mention the Bloom’s taxonomy term selected from

above. Please select only one of the terms.>"

"A very challenging question based on a synthesis of the

scenario, relation type, Bloom’s taxonomy term and implicitly

similar in structure to the examples mentioned above with the

intent to evaluate a large language model for reasoning

effectively . Most question contents should be in the scenario

information shared. As a result, please keep the questions

concise .",

"A": "<Details of option A.>",

"B": "<Details of option B. Since it is
must make sure that the question isn
options or in other questions.>",

"C": "<Details of option C. Since it is
must make sure that the question isn
options or in other questions.>",

'D": "<Details of option D. Since it is
must make sure that the question isn
options or in other questions.>",

"Answer rationale": "<string describing

"Correct option":

will be used as the reference

an MOQ type evaluation , we

"t already answered in other

an MOQ type evaluation , we

"t already answered in other

an MOQ type evaluation , we

"t already answered in other

answer rationale >",

"<A or B or C or D that is the correct option. This

, so please make sure it is

absolutely correct in accordance with the rationale written above

>||

<close curly bracket (specific question))>

<close curly bracket (all questions)>

<close curly bracket>
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Please only generate the json dictionary exactly as specified. Please
don’t generate anything else.
Nothing else. Nothing else. Nothing else. Please do not add any tags

of any sort, just the formatting shown here.

Listing 4.5: QA structure prompt for the Deductive Reasoning QA data generation
task. The examples are generated after several iterations with another LLM and

are based on the respective works cited in Section 4.3.1

Here is some additional information about multiple—choice question

formation as well as Bloom’s taxonomy:

A multiple—choice question is a collection of three components aimed
at testing a student’s understanding of a certain topic, given a
particular context of what the student is expected to know. The
topic, as well as the context

of the topic, will be provided in order to generate effective
multiple—choice questions. The three components of a multiple—
choice question are as follows: a Stem, a Correct Answer, and two
Distractors. There must always be only one correct answer and

only two distractors.

The stem refers to the question the student will attempt to answer,
as well as the relevant context necessary in order to answer the
question. It may be in the form of a question, an incomplete
statement , or a scenario. The stem should focus on assessing the

specific knowledge or concept the question aims to evaluate.

The Correct Answer refers to the correct, undisputable answer to the

question in the stem.

A Distractor is an incorrect answer to the question in the stem and
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adheres to the following properties. Use ‘‘None of the Above’’ or
““All of the Above’’ style answer choices sparingly. These
answer choices have been shown to, in general, be less effective

at measuring or assessing student understanding.

Multiple—choice questions should be clear, concise, and grammatically
correct statements. Make sure the questions are worded in a way
that is easy to understand and does not introduce unnecessary
complexity or ambiguity. Students should be able to understand
the questions without confusion. The question should not be too
long , and allow most students to finish in less than five minutes

This means adhering to the following properties.

Blooms’ Taxonomy and Action Verbs:

Multiple—choice questions must be well aligned to the learning
objectives they are intended to assess students’ knowledge on.
This implies that they must assess skills at the right cognitive
level corresponding to the Bloom’s taxonomy categorization of the
learning objective. Bloom’s Taxonomy offers a framework for
categorizing the depth of learning , and it provides guidance on
selecting appropriate action verbs when writing learning
objectives. Here are the six levels of Blooms taxonomy and

their definitions:

Remember — This level involves retrieving , recognizing, and recalling
relevant knowledge from long—term memory.

Understand — At this level, learners construct meaning from oral,
written , and graphic messages through interpreting , exemplifying,
classifying , summarizing, inferring , comparing, and explaining.

Apply — This level requires learners to carry out or use a procedure
through executing or implementing it .

Analyze — At this level, learners break material into constituent

69



parts, determine how the parts relate to one another
and to an overall structure or purpose through differentiating ,
organizing . Evaluate — This level involves making judgments
based on criteria and standards through checking and critiquing.
Create — At this level , learners put elements together to form a
coherent or functional whole, or they reorganize elements into a

new pattern or structure through generating.

Given information about the traffic related ontology, as well as
question formation guidelines and Bloom’s taxonomy, would you be
able to create multiple—choice questions for EACH TYPE OF
INFERENCE provided below that fulfill the MOQ

guidelines as well as Bloom’s taxonomy? The below example shows the
type of inference relation as well as an example of the types of
questions asked with that particular relation. Create one
question for each type of relation. For option D, make sure the
option is similar to the answer to the question, however
incorrect. Also, create an answer sheet with the answers to the

questions.

Here are some examples. I want you to consider them, adapt the

structure within these examples.

Leader Follower Inference

Statement Given:

In a highway—platooning test, Vehicle C3 trailed Vehicle T8 at a
fixed 20 m gap.

During that same test, Vehicle L5 served as the designated platoon
leader for Vehicle T8.

Question: Vehicle L5 is the of Vehicle C3.
A. follower
B. neighbor
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C. leader
D. observer

Answer: C. leader

Sibling —and—Parent Child Inference

Statement Given:

Vehicles R2 and N7 were both platoon followers directly behind lead
Vehicle P1.

Vehicle R2 received its speed commands from the central controller CC

Question: Vehicle N7 is the __ of the central controller CC.
A. follower

B. leader

C. peer

D. observer

Answer: A. follower

Parent—of—One—Sibling Parent—of—Another Inference

Statement Given:

In a convoy scenario, Vehicle Leadl acted as platoon leader for
Vehicle FollowA.

Vehicle FollowA drove side—by—side (lane—adjacent) with Vehicle SideB

Question: Vehicle Leadl is the = of Vehicle SideB.
A. neighbor

B. controller

C. leader

D. observer

Answer: C. leader

Shared—Parent Sibling (Neighbor) Inference

Statement Given:
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Vehicles P4 and Q6 both followed Vehicle LeaderX in adjacent lanes on
the highway.
Vehicle P4 braked suddenly to avoid a stopped obstacle.

Question: Vehicle Q6 is the of Vehicle P4.
A. leader
B. neighbor

C. controller
D. follower

Answer: B. neighbor

Grandparent—Style (Overarching) Scenario Inference

Statement Given:

The Highway Driving Scenario (HDS) encompasses a Lane—Change Sub—
Scenario (LCS).

The Lane—Change Sub—Scenario (LCS) further defines the Cut—In Event
Sub—Scenario (CIES).

Question: HDS is the _ of CIES.

A. sub—scenario

B. overarching scenario

C. peer scenario

D. nested scenario

Answer: B. overarching scenario

Nephew—Style (Indirect Sub—Scenario) Inference

Statement Given:

Urban Driving Scenario (UDS) and Suburban Driving Scenario (SDS) are
parallel sub—scenarios under the General Driving Test Suite (GDTS
).

UDS further includes a Parking—Maneuver Sub—Scenario (PMS).

Question: PMS is an _ with respect to SDS.

A. direct sub—scenario

B. indirect sub—scenario
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C. peer scenario
D. overarching scenario

Answer: B. indirect sub—scenario

Now we will generate the questions. Please remember that any of the
options A or B or C or D can be the correct one and ordering can
be an important aspect.

Please shuffle the ordering of the option that is correct. Since it
is an MOQ type evaluation, we must make sure that the question

isn’t already answered in other options or in other questions.

Please format the question and answer data in the form of a
dictionary as follows:

<open curly bracket>

"Scenario": "<A scenario description in narrative form based on a
subset of the ontology concepts mentioned above. Several
questions will be written on the basis of this scenario, so
please present the the necessary details accurately. Please
describe the scenario as a sequence of events that are unfolding.
You do not need to fully cover the scenario concepts that are
mentioned above, only a subset of it. Please ensure that the
scenario is plausible.>",

"Questions ": <open curly bracket>

"<question number label written as Ql, Q2 and so on>":<open curly
bracket>

"Relation": "<please mention the relation selected from above. Please
select only one of the terms.>",

"Bloom": "<please mention the Bloom’s taxonomy term selected from
above. Please select only one of the terms.>"

"Question": "A very challenging question based on a synthesis of the

scenario, relation type, Bloom’s taxonomy term and implicitly

73



similar in structure to the examples mentioned above with the
intent to evaluate a large language model for reasoning
effectively . Most question contents should be in the scenario
information shared. As a result, please keep the questions
concise.",

"A": "<Details of option A.>",

"B": "<Details of option B. Since it is an MOQ type evaluation , we
must make sure that the question isn’t already answered in other
options or in other questions.>",

"C": "<Details of option C. Since it is an MOQ type evaluation , we
must make sure that the question isn’t already answered in other
options or in other questions.>",

'"D": "<Details of option D. Since it is an MOQ type evaluation , we
must make sure that the question isn’t already answered in other
options or in other questions.>",

"Answer rationale': "<string describing answer rationale >",

"Correct option": "<A or B or C or D that is the correct option. This
will be used as the reference, so please make sure it is
absolutely correct in accordance with the rationale written above
>

<close curly bracket (specific question))>

)

<close curly bracket (all questions)>

<close curly bracket>
Please only generate the json dictionary exactly as specified. Please

don’t generate anything else.

Nothing else. Nothing else. Nothing else. Please do not add any tags
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of any sort, just the formatting

Listing 4.6: QA structure prompt for the inductive reasoning QA data generation
task. The examples are generated after several iterations with another LLM and

are based on the respective works cited in Section 4.3.1

Here is some additional information about multiple—choice question

formation as well as Bloom’s taxonomy:

A multiple—choice question is a collection of three components aimed
at testing a student’s understanding of a certain topic, given a
particular context of what the student is expected to know. The
topic, as well as the context of the topic, will be provided in
order to generate effective multiple—choice questions. The three
components of a multiple—choice question are as follows: a Stem,
a Correct Answer, and two Distractors. There must always be only

one correct answer and only two distractors.

The stem refers to the question the student will attempt to answer,
as well as the relevant context necessary in order to answer the
question. It may be in the form of a question, an incomplete
statement , or a scenario. The stem should focus on assessing the

specific knowledge or concept the question aims to evaluate.

The Correct Answer refers to the correct, undisputable answer to the

question in the stem.

A Distractor is an incorrect answer to the question in the stem and
adheres to the following properties. Use ‘‘None of the Above’’ or
““All of the Above’’ style answer choices sparingly. These
answer choices have been shown to, in general, be less effective

at measuring or assessing student understanding.
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Multiple—choice questions should be clear, concise, and grammatically
correct statements. Make sure the questions are worded in a way
that is easy to understand and does not introduce unnecessary
complexity or ambiguity. Students should be able to understand
the questions without confusion. The question should not be too
long , and allow most students to finish in less than five minutes

This means adhering to the following properties.

Blooms’ Taxonomy and Action Verbs:
Multiple—choice questions must be well aligned to the learning

)

objectives they are intended to assess students’ knowledge on.
This implies that they must assess skills at the right cognitive
level corresponding to the Bloom’s taxonomy categorization of the
learning objective. Bloom’s Taxonomy offers a framework for
categorizing the depth of learning , and it provides guidance on
selecting appropriate action verbs when writing learning

objectives. Here are the six levels of Bloom’s taxonomy and their

definitions:

Remember — This level involves retrieving , recognizing, and recalling
relevant knowledge from long—term memory.

Understand — At this level, learners construct meaning from oral,
written , and graphic messages through interpreting,

exemplifying , classifying , summarizing, inferring , comparing, and
explaining . Apply — This level requires learners to carry out
or use a procedure through executing or implementing it .

Analyze — At this level, learners break material into constituent
parts, determine how the parts relate to one another

and to an overall structure or purpose through differentiating ,
organizing. Evaluate — This level involves making judgments

based on criteria and standards through checking and critiquing.
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Create — At this level , learners put elements together to form a
coherent or functional whole, or they reorganize

elements into a new pattern or structure through generating.

Given information about the traffic related ontology, as well as
question formation guidelines and Bloom’s taxonomy, would you be
able to create multiple—choice questions for EACH TYPE OF
INFERENCE provided below that fulfill the MOQ

guidelines as well as Bloom’s taxonomy? The below example shows the
type of inference relation as well as an example of the types of
questions asked with that particular relation. Create one
question for each type of relation. For option D, make sure the
option is similar to the answer to the question, however
incorrect. Also, create an answer sheet with the answers to the

questions.

Here are some examples. I want you to consider them, adapt the

structure within these examples.

Typical spatial reasoning relations that can be drawn based on the
example below

Spatial relations: Relative positions.

Example 1

Question: My autonomous car is stopped at a traffic light. From a
birds—eye view of my vehicle, a delivery van is in the top—
left quadrant. A pedestrian then appears directly south of the
van (toward my car). What is the pedestrians position relative
to my vehicle?

Options:

(incorrect) Top—left

(incorrect) Top—right

(correct) Bottom—left
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(incorrect) Bottom—right

Example 2

Question: My self—driving shuttle is idling on the curb. On the
birds—eye view, an electric scooter stands in the bottom—left
quadrant. A charging robot is placed directly north of the
scooter (away from my shuttle). Where is the robot relative to my
vehicle?

Options:

(incorrect) Bottom—left

(incorrect ) Bottom—right

(correct) Top—left

(

incorrect) Top—right

Example 3

Question: My automated taxi is waiting for passengers. From the top—
down view, a bicycle is parked in the top—right quadrant relative
to my taxi. A cone barrier is set directly south of that bicycle
(toward my taxi). What quadrant is the barrier in relative to my
taxi?

Options:

(incorrect) Top—right

(incorrect) Top—left

(correct) Bottom—right

(

incorrect ) Bottom—left

Example 4

Question: My autonomous car is docked in a parking bay. A van
occupies the top—left quadrant in a birds—eye view. A manhole
cover is located directly east of this van. What is the manhole
covers position relative to my vehicle?

Options:
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incorrect) Top—left

(

(incorrect) Bottom—left
(incorrect) Bottom—right
(

correct ) Top—right

Now we will generate the questions. Please remember that any of the
options A or B or C or D can be the correct one and ordering can
be an important aspect.

Please shuffle the ordering of the option that is correct. Since it
is an MOQ type evaluation, we must make sure that the question

isn’t already answered in other options or in other questions.

Please format the question and answer data in the form of a
dictionary as follows:

<open curly bracket>

"Scenario": "<A scenario description in narrative form based on a
subset of the ontology concepts mentioned above. Several
questions will be written on the basis of this scenario, so
please present the the necessary details accurately. Please
describe the scenario as a sequence of events that are unfolding.
You do not need to fully cover the scenario concepts that are
mentioned above, only a subset of it. Please ensure that the
scenario is plausible.>",

"Questions ": <open curly bracket>

"<question number label written as Ql, Q2 and so on>":<open curly
bracket>

"Relation": "<please mention the relation selected from above. Please
select only one of the terms.>",

"Bloom": "<please mention the Bloom’s taxonomy term selected from
above. Please select only one of the terms.>"

"Question": "A very challenging question based on a synthesis of the

scenario, relation type, Bloom’s taxonomy term and implicitly
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similar in structure to the examples mentioned above with the
intent to evaluate a large language model for reasoning
effectively . Most question contents should be in the scenario
information shared. As a result, please keep the questions
concise.",

"A": "<Details of option A.>",

"B": "<Details of option B. Since it is an MOQ type evaluation , we
must make sure that the question isn’t already answered in other
options or in other questions.>",

"C": "<Details of option C. Since it is an MOQ type evaluation , we
must make sure that the question isn’t already answered in other
options or in other questions.>",

'"D": "<Details of option D. Since it is an MOQ type evaluation , we
must make sure that the question isn’t already answered in other
options or in other questions.>",

"Answer rationale': "<string describing answer rationale >",

"Correct option": "<A or B or C or D that is the correct option. This
will be used as the reference, so please make sure it is
absolutely correct in accordance with the rationale written above
>

<close curly bracket (specific question))>

)

<close curly bracket (all questions)>

<close curly bracket>
Please only generate the json dictionary exactly as specified. Please

don’t generate anything else.

Nothing else. Nothing else. Nothing else. Please do not add any tags
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of any sort, just the formatting shown here.

Listing 4.7: QA structure prompt for the spatial reasoning QA data generation
task. The examples are generated after several iterations with another LLM and

are based on the respective works cited in Section 4.3.1

Here is some additional information about multiple—choice question

formation as well as Bloom’s taxonomy:

A multiple—choice question is a collection of three components aimed
at testing a student’s understanding of a certain topic, given a
particular context of what the student is expected to know. The
topic, as well as the context of the topic, will be provided in
order to generate effective multiple—choice questions. The three
components of a multiple—choice question are as follows: a Stem,
a Correct Answer, and two Distractors. There must always be only

one correct answer and only two distractors.

The stem refers to the question the student will attempt to answer,
as well as the relevant context necessary in order to answer the
question. It may be in the form of a question, an incomplete
statement , or a scenario. The stem should focus on assessing the

specific knowledge or concept the question aims to evaluate.

The Correct Answer refers to the correct, undisputable answer to the

question in the stem.

A Distractor is an incorrect answer to the question in the stem and
adheres to the following properties. Use ‘‘None of the Above’’ or
““All of the Above’’ style answer choices sparingly. These
answer choices have been shown to, in general, be less effective

at measuring or assessing student understanding.
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Multiple—choice questions should be clear, concise, and grammatically
correct statements. Make sure the questions are worded in a way
that is easy to understand and does not introduce unnecessary
complexity or ambiguity. Students should be able to understand
the questions without confusion. The question should not be too
long , and allow most students to finish in less than five minutes

This means adhering to the following properties.

Blooms’ Taxonomy and Action Verbs:
Multiple—choice questions must be well aligned to the learning

)

objectives they are intended to assess students’ knowledge on.
This implies that they must assess skills at the right cognitive
level corresponding to the Bloom’s taxonomy categorization of the
learning objective. Bloom’s Taxonomy offers a framework for
categorizing the depth of learning , and it provides guidance on
selecting appropriate action verbs when writing learning

objectives. Here are the six levels of Bloom’s taxonomy and their

definitions:

Remember — This level involves retrieving , recognizing, and recalling
relevant knowledge from long—term memory.

Understand — At this level, learners construct meaning from oral,
written , and graphic messages through interpreting,

exemplifying , classifying , summarizing, inferring , comparing, and
explaining . Apply — This level requires learners to carry out
or use a procedure through executing or implementing it .

Analyze — At this level, learners break material into constituent
parts, determine how the parts relate to one another

and to an overall structure or purpose through differentiating ,
organizing. Evaluate — This level involves making judgments

based on criteria and standards through checking and critiquing.

82



Create — At this level , learners put elements together to form a
coherent or functional whole, or they reorganize elements into a

new pattern or structure through generating.

Given information about the traffic related ontology, as well as
question formation guidelines and Bloom’s taxonomy, would you be
able to create multiple—choice questions for EACH TYPE OF
INFERENCE provided below that fulfill the MOQ guidelines as well
as Bloom’s taxonomy? The below example shows the type of
inference relation as well as an example of the types of
questions asked with that particular relation. Create one
question for each type of relation. For option D, make sure the
option is similar to the answer to the question, however
incorrect. Also, create an answer sheet with the answers to the

questions.

Here are some examples. I want you to consider them, adapt the

structure within these examples.

TIME RELATIONS:

Domain Knowledge:

A: For urban driving tests, regulations require the AV to maintain a
following time of at least __ under typical city traffic.

B: I’11 set the adaptive cruise control accordingly.

Options:

(correct) 2 seconds

(incorrect) 1 second
(correct) 1.5 seconds
(

incorrect) 0.5 seconds

Comparison:
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A: In dry conditions, the emergency—braking test stopped the vehicle
in 28 meters. Under wet conditions, it stopped in 35 meters.
B: Which scenario yields the shorter braking distance?

B: Exactly.

Options:

(correct) dry conditions
(incorrect) snow
(correct) scenario A

(

incorrect) scenario B

Arithmetic:

A: Our suburban test route is 20 km long. We plan 4 laps to simulate
extended operation.

B: The total distance covered will be

A: Correct.

Options:

(incorrect) 80 km/h
(correct) 80 km
(correct) 80 000 meters
(incorrect) 100 km

General Commonsense :

A: How long does the lidar sensor need to stabilize after power—up
before logging reliable point—cloud data?

B: It typically takes

A: Thanks.

Options:

(correct) 90 seconds
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(incorrect) 30 seconds
(correct) 2 minutes

(incorrect) 10 minutes

Others (Configuration):

A: We need to test vehicle—to—infrastructure communication on our
prototype. Which protocol should we enable on the roadside unit?

B: Let’s switch on the

A: Sounds good.

Options:

(correct) DSRC
(incorrect) Bluetooth
(correct) C-V2X
(

incorrect) Wi-Fi

Now we will generate the questions. Please remember that any of the
options A or B or C or D can be the correct one and ordering can
be an important aspect.

Please shuffle the ordering of the option that is correct. Since it
is an MOQ type evaluation, we must make sure that the question

isn’t already answered in other options or in other questions.

Please format the question and answer data in the form of a
dictionary as follows:

<open curly bracket>

"Scenario": "<A scenario description in narrative form based on a
subset of the ontology concepts mentioned above. Several
questions will be written on the basis of this scenario, so
please present the the necessary details accurately. Please
describe the scenario as a sequence of events that are unfolding.

You do not need to fully cover the scenario concepts that are
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mentioned above, only a subset of it. Please ensure that the
scenario is plausible.>",

"Questions ": <open curly bracket>

"<question number label written as Ql, Q2 and so on>":<open curly
bracket>

"Relation": "<please mention the relation selected from above. Please
select only one of the terms.>",

"Bloom": "<please mention the Bloom’s taxonomy term selected from
above. Please select only one of the terms.>"

"Question": "A very challenging question based on a synthesis of the
scenario , relation type, Bloom’s taxonomy term and implicitly
similar in structure to the examples mentioned above with the
intent to evaluate a large language model for reasoning
effectively . Most question contents should be in the scenario
information shared. As a result, please keep the questions
concise.",

"A": "<Details of option A.>",

"B": "<Details of option B. Since it is an MOQ type evaluation , we
must make sure that the question isn’t already answered in other
options or in other questions.>",

"C": "<Details of option C. Since it is an MOQ type evaluation, we
must make sure that the question isn’t already answered in other
options or in other questions.>",

'"D": "<Details of option D. Since it is an MOQ type evaluation, we
must make sure that the question isn’t already answered in other
options or in other questions.>",

"Answer rationale": "<string describing answer rationale >",

"Correct option": "<A or B or C or D that is the correct option. This
will be used as the reference, so please make sure it is
absolutely correct in accordance with the rationale written above
>

<close curly bracket (specific question))>
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<close curly bracket (all questions)>

<close curly bracket>

Please only generate the json dictionary exactly as specified. Please
don’t generate anything else.
Nothing else. Nothing else. Nothing else. Please do not add any tags

of any sort, just the formatting shown here.
Listing 4.8: QA structure prompt for the temporal reasoning QA data generation
task. The examples are generated after several iterations with another LLM and

are based on the respective works cited in Section 4.3.1

4.4 Experimental Setup

The QA generation involves prompting the LLM GPT-4 following the design
explained in section 4.3. The focus of these experiments were to address the

following research questions:

e RQ 1: How do we generate diverse and effective scenario reasoning question

and answer data in a controllable manner using pre-trained LLMs?

We carry out test runs to evaluate the performance of the QA generation
process detailed in section III. Each test run consists of a configuration of the

following parameters:

e Prompt Wording: This includes the wording of specific aspects of the

prompt detailed in section III.

e Ordering: This pertains to the ordering of the different aspects of the

prompt.
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Ontology Updates: This includes the number of steps to refine the ontol-

ogy such that the scenario that the questions are based on have depth.

Difficulty Updates: We feed the LLM outputs back with another prompt

to increase the difficulty of the generated questions.
Reasoning type: These are covered in Section 4.3 of this chapter.

Number of examples provided: Following the Chain-of-thought prompt-

ing process in [146], this parameter details the number of examples.

Elements removed from the base prompt: Following the process of ab-

lation testing, we measure the impact of parts of the prompt being removed.
Number of questions generated.

Reasoning hops needed: Following [111], we categorize reasoning-based
questions in terms of reasoning hops needed to solve them. This provides

us with a measure of the difficulty of a question.

Number of iterations in a single chat context: Since the LLM used is a
chat completion model, the sequence of inputs and outputs have a message-
based chat format. This, in addition to other advantages of these LLMs,
means that we can refine outputs by iteratively generating the same response
with some feedback [4]. We test whether this process improves the questions

or not.

Temperature: LLMs contain a temperature parameter to introduce ran-
domness and creativity in outputs. We evaluate the impact of this parame-

ter, especially on the generation consistency.

Pre-trained LLM used to generate questions.
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Scenario:

You are driving an autonomous vehicle on a wet, rainy night. The road is a two-lane highway with a speed limit of 60 mph. Suddenly, a pedestrian walks onto the roa
d from the pedestrian crossing without looking. Your vehicle's safety features kick in and the vehicle automatically applies brakes to avoid a collision

Questions:

1. (Understand, Causes, 1 Hop)

What can be the immediate result of a pedestrian suddenly walking onto the road from the pedestrian crossing in front of an autonomous vehicle?
A. The vehicle will increase its speed

B. The vehicle will automatically apply brakes

C. The vehicle will change its route

D. The vehicle will continue at the same speed.

Rationale: Understanding the cause and effect relationship and autonomous vehicle's safety features, it's clear that the vehicle will apply brakes to avoid a collision.
Answer: B

2. (Apply, Causes, 2 Hops)

If the road surface is slick due to rain, what can be the result of an autonomous vehicle suddenly applying brakes?

A_ The vehicle can skid

B. The vehicle will increase its speed

C. The vehicle will stop immediately.

D. The vehicle's lights will turn off.

Rationale: Applying the principles of physics and understanding that sudden braking on a wet road can lead to skidding, we can infer the most likely outcome.
Answer: A

Figure 4.4: QA Generation

e Consistency among multiple generations: Since the LLMs have ran-
domness in their generation process, getting consistent outputs is difficult.

We evaluate this.

e Solution and explanation generation: We evaluate the generated ques-
tions with and without solution and explanation generation (and the impact

of their ordering).

We carry out an adequate number of permutations of this configuration. We
observe and record the questions generated by the LLM. An example of one such

QA set generation is shown in Figure 4.4.

4.4.1 Controllability and Diversity

One of the advantages of CruzwayQA is a concepts-first and modular QA
generation approach. This allows for significant controllability in the generated
QA data. We run experiments to evaluate for this by modifying the initial on-

tology prompt. This results in downstream changes which changes the QA data.
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Along these lines, the diversity of the generated questions is along the following
pre-defined breadth categories: (1) Reasoning Types. This is a nested category.
There are several reasoning relations as mentioned previously within each reason-
ing category. (2) Ontology considered. (3) Bloom’s taxonomy term considered.
In addition, we also evaluate QA data generation along the following depth cate-
gories: (1) Number of updates to ontology generated. (2) Number of updates to

the QA data such that the generated questions are more difficult.

4.4.2 LLM performance

We carry out test runs to evaluate the performance of pre-trained LLMs in
answering the questions generated by the LLM GPT 4.1. We manually grade
the explanations for good reasoning skills. In addition, we record the accuracy
of the options selected by pre-trained LLMs while attempting a certain number
of questions at a time along the question diversity breadth and depth pre-defined
categories as mentioned above, with a focus on LLMs other than the one that
generated these questions. A summary of this evaluation is written in the next
section. To increase the efficiency of the test runs, we make use of an LLM
playground feature of the LiteLLM package that allows us to evaluate the response
of multiple pre-trained LLMs simultaneously [63]. Examples of these are shown

in Figure 4.5.

4.5 Results

We used the pre-trained LLM GPT-4 for evaluating the QA generation process.
By carefully changing the experiment parameters detailed in the previous section,

we gained valuable insights regarding effective prompting strategies for generating
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User Input

Enter your prompt here:

Read the autonomous vehicle test scenario below and answer the questions.

Scenario:

You are driving an autonomous vehicle on a wet, rainy night. The road is a two-lane highway with a
speed limit of 60 mph. Suddenly, a pedestrian walks onto the road from the pedestrian crossing

Submit

Model Outputs

gpt-3.5-turbo gpt-4 command-r command-nightly geminifgemini-pro

1.B.The 1.B.The Here are the Here are the 1.

vehicle will vehicle will answers to answers to B.The

automaticall automaticall the the vehicle will

y apply y apply questions: questions automaticall

brakes. brakes. based on the y apply
2.A.The 1. given brakes.

2.A.The vehicle can B: The autonomous

vehicle can skid. vehicle will vehicle test 2.

skid. 3.A. The automaticall scenario: A.The
vehicle can y apply vehicle can

3.A.The stop in the brakes. 1.B.The skid.

vehicle can middle of the vehicle will

ston in the g roard g 2 g antomaticall - 2

Figure 4.5: Multi-LLM Evaluation
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high-quality QA sets, correctness and consistency in generation, and managing
redundant questions and answer choices. These insights are detailed below.

The concept of alignment of LLM outputs with respect to user inputs is covered
by Kenton et. al [103] [69]. We analyse the LLM outputs for qualitative alignment

below.

4.5.1 Alignment

The elements within the generated questions or QA pairs were nearly always
consistent with the instructions provided in the prompts. The scenarios
generated were plausible and made use of the generated ontology. It must be
noted though that multiple, simultaneous instructions about maintaining counts
were difficult for the LLM to follow. For example, in one test run, we instructed
the LLM to generate 10 QA pairs with a certain number from each Bloom’s
taxonomy level and a certain number of questions for 1, 2, and 3 reasoning hops.
GPT-4 couldn’t maintain all three simultaneous counts correctly in any of the
test runs at any of the tested temperature levels. At the same time, the LLM
was able to follow multiple, simultaneous instructions regarding the structure of
text gemeration. In our prompt, we require GPT-4 to generate multiple choice
questions with four options, follow Bloom’s taxonomy, and follow the reasoning
examples which it carried out quite well.

In line with the findings by Wei et al. [146], examples of reasoning were crucial
for improving the generation process. We observed that removing examples of
reasoning and simply instructing it to follow a reasoning pattern either reduced the
questions requiring reasoning or removed them completely. The more the number
and relevance of given examples, the better the generation. This process has

been defined as in-context learning, which is a property that emerges as we scale
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from small to large language models [145]. In our experiments, at low-temperature
values, we observed GPT-4 learning much subtler patterns within examples such as
the answer choice which is supposed to be the correct answer and the writing style
of answer choices such as the incorrect answer choices for commonsense reasoning
were generally implausible. Since the temperature parameter introduces a certain
degree of randomness in the next word selection, increasing this value generally
reduced overfitting to the given examples. Along a similar line, we observed that
adding incorrect examples e.g. questions with random words or characters for
answer choices resulted in a significant reduction in QA writing quality and a
significant increase in redundant questions and answer choices.

The presence of Bloom’s taxonomy terms (adapted from Doughty et. al [36])
significantly increased the depth of the QA pairs. When removed, the questions
did follow the reasoning examples but only superficially, typically concerning the
attributes of the scenario elements. Here, a significant insight would be that
Bloom’s taxonomy terms in addition to good examples with implicit patterns
are crucial for high-quality QA generation. Regarding a few categories though,
questions could often belong to multiple categories since a plausible rationale could
be generated for each one.

Mentioning the number of reasoning hops required wasn’t adequate in gener-
ating complex and challenging questions. However, when examples were provided,
the LLM was able to generate complex questions. Increasing complexity of the
questions though would often result in multiple correct options being plausible
solutions or incorrect options being generated. A significant insight here would
be that more examples of challenging questions with complex reasoning hops are
needed in addition to a review process.

One significant need in this effort was to have reproducible results. This is
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challenging since LLMs are probabilistic models with significant randomness (with
the presence of the temperature parameter). We observed redundancy in most
cases in either the questions generated or the options provided for the questions.
In some cases, since questions were on similar topics, some would provide facts
that would answer a previous question. Increasing the temperature parameter
and specifying per question structure would significantly reduce redundancy and
make the QA set more diverse. However, with increased temperature, the same
prompt in a new chat context would generate completely different scenarios and
questions thereby not allowing for experiments to be reproduced at a concrete
level. At an abstract level, this is still possible. At a zero temperature value, the
generated scenarios and questions would have an increased consistency across new
chat contexts but the relation between prompt and generated data still wouldn’t
be deterministic. Other features such as the OpenAl API’s reproducible outputs
provide the option to ensure increased determinism [6]. However, we weren’t able
to make use of this seed parameter within the guidance package that we were

using.

4.5.2 Controllability and Diversity

The generation of the QA data is along pre-defined breadth and depth cat-
egories as mentioned in the previous section. We present selected results of the
generated QA data below. In Listing 4.9, we present questions generated for each
of the Bloom’s taxonomy terms and deductive reasoning relations. For brevity, in
later results reported below, we only present questions for one Bloom’s taxonomy

term and reasoning type as stated in previous sections.

"Scenario": "An autonomous vehicle is approaching a busy intersection

. The car detects a cyclist performing lane splitting to move
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between slow—moving vehicles, while several pedestrians are
waiting at the curb for the crosswalk signal. Meanwhile, a
vehicle ahead signals right before executing a lane change into
the rightmost lane. The autonomous vehicle must determine how to
safely proceed, ensuring it does not interfere with the cyclist ,
yields appropriately to pedestrians when the light changes, and

adapts to the positions and actions of nearby vehicles.",

"Questions ": {
"Ql": {
"Relation": "Substitution",
"Bloom": "Evaluate",
"Question": "Assume the vehicle ahead occasionally

disables its lights entirely , including braking
indicators , while executing abrupt and late lane
changes in dense fog. How should the autonomous
vehicle ’s perception and prediction systems re—
prioritize sensor weighting and intent inference, and
which advanced counterfactual reasoning models could
help mitigate risks posed by intentional or sensor—
impaired signaling in these conditions?",

"A": "It should emphasize redundant sensing (radar, lidar
, camera) while incorporating counterfactual intent
modeling *simulating multiple plausible maneuvers for
ill —signaled vehicles 'to predict risk under adverse
or deceptive conditions.",

"B": "It should ignore intent cues and only react to

physical collisions.",

"C": "It should rely solely on standard lane—keeping
algorithms."
'D": "It should treat the vehicle as an obstacle and

reroute regardless of intersection rules.",
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}s

n Q2 n :

"Answer rationale": "Redundant, scenario—driven reasoning
and simulation increase robustness to intentional
deception or impaired sensors, especially in low—
visibility situations.",

"Correct option": "A'"

{

"Relation": "Inference from Rule",

"Bloom": "Analyze",

"Question": "Given local law stipulates yielding to any
pedestrian who physically interrupts the curb line’
even briefly or unintentionally 'and the AV detects a
group containing both adults and unsupervised
children displaying unpredictable movement while
simultaneously being boxed in by vehicles with
varying stopping distances , how must the AV’s policy
reconcile strict legal compliance with dynamic risk
assessment , and what measures could be prioritized to
minimize liability and harm?",

"A": "Initiate a layered risk response: prioritize
maximum deceleration within physical safety limits,
communicate intent with external indicators , and
prepare for evasive maneuvers, applying conservative
thresholds for pedestrian risk including anticipated
child unpredictability.",

"B": "Default to the average behavior of adult
pedestrians and ignore children unless they enter the
lane."

"C": "Proceed if at least two adjacent wvehicles do so,
assuming collective safety.",

'"D": "Yield only when no vehicles are present behind the

AV."

96



}s

n QS n :

"Answer rationale': "A policy blending strict legal
compliance and proactive hazard anticipation ,
especially regarding child pedestrians, most reduces
harm and legal exposure.',

"Correct option": "A'"

{

"Relation": "Further Specification or Conjunction",
"Bloom": "Evaluate",
"Question": "If updated high—frequency data shows the

cyclist swerves sharply left to bypass an obstruction
, immediately triggers an abrupt deceleration , and
then signals intent to cut across right > while a
secondary cyclist approaches from the opposite curb
at speed "how should the AV’s multi—agent trajectory
planner reconcile conflicting trajectories , and
determine priority among vulnerable users for a safe
right merge?",

"A": "Deploy multi—agent predictive models to
probabilistically evaluate possible future
trajectories for all cyclists, allocating highest
priority to those with least maneuvering space or
greatest relative velocity risk, and adjust the merge
plan to allow dynamic yielding or re—routing as safe
gaps emerge."

"B": "Merge after the closest cyclist passes, ignoring
farther threats.",

"C": "Signal and wait for both cyclists to pass,
regardless of timing or traffic impact.",

"D": "Abort the merge entirely if any uncertainty exists

n
)
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}s

||Q4ll:

"Answer rationale': "Hierarchical, probabilistic planning

allows continuous risk balancing among multiple ,
dynamically behaving cyclists , preserving safety and

operational flow.",

"Correct option": "A'"

{

"Relation": "Infer Class from Properties",

"Bloom": "Apply",

"Question": "Suppose the AV’s sensors detect a user

llAll:

llBll .

IICII:

lan:

alternating between pedal—powered and throttle—
assisted motion, executing abrupt starts and rapid
stops, sometimes carrying a large item that alters
silhouette and thermal signature. How should the
classification algorithm exploit temporal and
multimodal data for type disambiguation, and what
precautionary adaptations in AV behavior does this
necessitate compared to standard cyclist or scooter
detection?",

"Leverage time—series analysis across kinematics ,
thermal , and object shape sensors to assign dynamic,
context—sensitive class probabilities; adapt
following and passing distances using the riskiest
plausible object type, and plan for unpredictable
maneuvers or load interference.",

"Classify the user based on the most recent observed
state.",

"Treat all such users as cyclists, ignoring assisted
—mobility risks.",

"Override all dynamic detection and enforce a

complete stop if the object class is ambiguous.",
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}s

n Q5 n :

"Answer rationale': "Integrating diverse signals over
time enables context—aware object classification and
risk—adaptive response, crucial for ambiguous micro—
mobility users.",

"Correct option": "A'"

{

"Relation": "Property Inheritance",

"Bloom": "Analyze",

"Question": "If among several pedestrians one
intermittently leaves and rejoins the group while
making erratic backward steps, and another maintains
direct line—of—sight with the vehicle while holding a
child s hand, how should the AV adapt incursion
prediction logic using group dynamics and social
context cues, and what minimum safety thresholds
should override standard yield behavior?",

"A": "Model group cohesion and social dynamics to
heighten incursion risk for both individuals’
anticipating sudden group—driven crossing; enforce
extended stopping distances and cautious speeds until
all group members commit to waiting or crossing
clearly .",

"B": "Yield only to the individual with the child ,
regardless of group behavior.",

"C": "Assume the erratic pedestrian is unlikely to cross
while the group is waiting.",

"D": "Resume normal speed if most pedestrians remain
stationary .",

"Answer rationale": "Accounting for dynamic, group—driven
behaviors and their social influence on individual

movement reduces risk and ensures equitable safety.',
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}s

n QG n :

"Correct option": "A'"

{

"Relation": "Sequential Inference",
"Bloom": "Analyze",
"Question": "Imagine the AV receives simultaneous alerts:

an emergency vehicle weaving through traffic in a
nearby lane triggers sudden braking cascades ahead,
while a bus unexpectedly pulls out from curbside,
partially blocking the right merge path, as a
delivery drone descends into the intersection
airspace. What sequential , real—time contingency
hierarchy should the AV execute to maintain safety
for all road and airspace users, and what systems
redundancies are critical under such complex, multi—

vector threats?",

"A": "Immediately prioritize yielding to emergency
vehicles and stopping safely out of its path; assess
and anticipate predicted trajectories of the bus,
suspending merge actions while monitoring for further
bus incursion; activate upward—scanning sensors and
prepare evasive action for the drone descent, relying
on layered redundancies across perception , V2X, and
fail —safe braking systems.',

"B": "Focus solely on the emergency vehicle, ignoring the
drone and bus.",

"C": "Proceed with right merge due to bus’s slow speed,
only stopping if a collision is imminent.",

'D": "Stop in place and power down all active systems
until the scene clears.",

"Answer rationale': "A prioritized , sequential , and

redundant threat response integrating roadway and
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aerial awareness is essential for complex, high—
consequence intersections.",

"Correct option": "A'"

}

Listing 4.9: QA data generated based on Bloom’s taxonomy terms and deductive

reasoning relation terms

"Scenario": "During a rainy afternoon in an urban area, an autonomous
vehicle is undergoing a sequence of test maneuvers along a
multilane boulevard. The test begins with the vehicle cruising at
a moderate speed before approaching a bus slowing to stop at a
curbside. As the vehicle nears, a pedestrian group at a crosswalk
waits for the signal; meanwhile, another pedestrian unexpectedly
jaywalks several meters ahead, forcing the vehicle to decelerate
abruptly . Shortly after, a cyclist to the right signals intent
to merge into the lane where the autonomous vehicle is traveling.
The vehicle then performs an evasive lane change to avoid a
large fallen branch, making use of its emergency systems. Sensors
record close proximity to both the cyclist and a parked vehicle

during the maneuver.",

"Questions": {
QL' {
"Relation": "HasPrerequisite",
"Bloom": "Evaluate",
"Question": "Given the reduced sensor range and potential

for reflection artifacts due to heavy rainfall , the
simultaneous presence of occlusions from large

vehicles , and a rapidly evolving hazard environment
with multiple vulnerable road users, what integrated

decision—making framework should the autonomous
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IIAII:

lan .

IICII:

IIDII :

vehicle employ to probabilistically balance safety ,
assertiveness , and ethical risk minimization when
evaluating an emergency evasive lane change,
especially in scenarios where sensor fusion modules
yield ambiguous or conflicting occupancy maps for
adjacent lanes?"

"The vehicle should implement a Bayesian or
probabilistic risk assessment framework that
quantifies and updates the uncertainty of each sensor
source in real time. It must conservative—ly bias
decisions toward minimizing harm to vulnerable road
users, integrating ethical cost functions, and’when
conflicting sensor data is present’prioritize actions
with mathematically lowest expected risk (such as
pausing or running additional detection cycles before
committing to a maneuver).",

"The vehicle should assign equal confidence to all
sensor reports and use a majority—vote mechanism to
decide lane occupancy, immediately proceeding if the
majority of sensors indicate the lane is clear to
maintain assertive operation.",

"The vehicle should prioritize local responsiveness
by triggering the maneuver based on whichever high—
confidence sensor (as determined by a fixed threshold
) first detects clear space, foregoing further
consideration of uncertainty or ethical weighting due
to emergency time constraints.",

"The vehicle should delegate the final lane—change
decision to an external cloud—based controller with
access to historical traffic and weather data,
overriding local sensor assessment to optimize

maneuver timing and system consistency.",
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"Answer rationale": "Effective and safe AV decision—
making in complex, uncertain environments demands
dynamic probabilistic reasoning under uncertainty ,
integration of ethical considerations, and explicit
risk minimization ’especially when real—time sensor
fusion yields no clear consensus. Option A best
describes such a state—of—the—art safety approach.
Relying on simple majority vote (B), fixed—threshold
individual sensors (C), or remote override (D)
neglects both context—specific uncertainty and real—
time risk analysis, which are critical for ethical
and robust autonomous maneuvering in hazardous,
occluded situations.",

"Correct option": "A'"

}

Listing 4.10: QA data generated based on the ‘evaluate’ Bloom’s taxonomy term

and one commonsense relation term

"Relation": "Nephew—Style (Indirect Sub—Scenario) Inference",

"Bloom": "Apply",

"Question details": {

"Scenario": "During a comprehensive urban autonomy evaluation

, Vehicle A2 initiated a ProtectedLeftTurn maneuver at a
signalized intersection , closely following behind Vehicle
M9, which had just completed a MultiLaneChange before
entering the turn bay. In the same environment,
Pedestrian P5 began a CrosswalkCrossing assisted by a
mobility device, while Bicycle B3 performed a
WrongWayRiding maneuver against the traffic flow.

Meanwhile , OnRampMerge operations were being conducted by

Vehicle T4, coordinating with other vehicles for a
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MeteredRampMerge onto the main expressway. Parallel to
these events, Driver D7 in another car exhibited signs of
DistractedDriving as observed by traffic monitors.",

"Question": "If a DistributedAutonomyValidation framework
coordinates multiple completely independent subsystems,
and an integration fault in TrafficFlow ’s OnRampMerge is
escalated to a global monitor that only tangentially logs
(not halts) execution in ParkingSystem’s ParallelPark ,
how is the relationship between ParallelPark and
OnRampMerge’s error lineage best characterized in this
architecture?",

"A": "ParallelPark is an orthogonal module with passive
indirect awareness, but immune to functional error
propagation from OnRampMerge." ,

"B": "ParallelPark will actively receive and handle
OnRampMerge errors in real time.",

"C": "ParallelPark is a descendant process within OnRampMerge
"s chain.",

'"D": "ParallelPark directly supervises OnRampMerge and

mediates its errors."

Listing 4.11: QA data generated based on ‘apply’ Bloom’s taxonomy term and

one inductive reasoning relation term

"Relation": "Relative positions',
"Bloom": "Evaluate",
"Question details": {

"Scenario": "An autonomous vehicle is driving on a four—lane
city road approaching an intersection during daylight
hours. The vehicle is in the second lane from the left.
Ahead, a slower delivery truck is driving in the same
lane. To the right of the vehicle, a cyclist is riding

close to the curb. In the far—left lane, a sports car is
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preparing to make a protected left turn at the upcoming
intersection. On the sidewalk to the right, a pedestrian
is waiting at the crosswalk while looking at their mobile
device. The vehicle ’s onboard sensors detect a traffic
light turning yellow as it approaches the intersection.
There is a parallel parked car just beyond the
intersection on the right side of the street.',

"Question": "If all human—controlled vehicles and vulnerable
road users are anticipated to react sub—optimally to the
traffic signal change (e.g., late stopping, accelerating
unexpectedly ), which target lane placement should the
autonomous vehicle compute as lowest overall exposure to
compound dynamic risk ’factoring likely late crosswalk
entry by the pedestrian and erratic path deviations from
the cyclist and sports car’based on a probabilistic risk
heatmap for the entire intersection approach?',

"A": "Far—left lane',

'B": "Third lane from the left (one right of current position
)’

"C": "Second lane from left (current position)",

"D": "Far—right lane"

Listing 4.12: QA data generated based on ‘evaluate’ Bloom’s taxonomy term and

one spatial reasoning relation term

"Relation": "Anticipatory Multi—Agent Response Planning",
"Bloom": "Evaluate",
"Question details": {

"Scenario": "During an urban autonomous vehicle test, the AV
approaches a signalized intersection. A pedestrian is
observed waiting at the crosswalk. As the light turns green,
the AV prepares to execute a left turn (ProtectedLeftTurn)

while monitoring nearby traffic. A cyclist is detected in the
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leftmost lane, moving in the same direction as the AV.
Before making the turn, the AV activates its turn signal and
reduces speed to a complete stop, waiting for the pedestrian
to cross. After the pedestrian crosses safely , the AV
initiates a ProtectedLeftTurn and merges onto a two—lane road
, accelerating to traffic speed. Shortly thereafter , it
encounters a slow—moving vehicle ahead and assesses the
possibility of a SafeOvertake maneuver. The AV decides to
overtake the vehicle while maintaining safe distance from a
cyclist now riding closer to the right curb. The test
monitors AV compliance with required safety measures,
signaling , and response to vulnerable road users.",

"Question": "Assume after the overtake, a sensor anomaly causes
the AV’s main LIDAR to briefly malfunction, just as a cyclist
at the curb suddenly drops an object and veers unpredictably
toward traffic. Simultaneously, a heavy delivery truck is
following the AV at close range and vehicle—to—vehicle
communication is intermittent. How should the AV employ
redundancy, predictive modeling, and risk prioritization
across multiple actors to minimize potential harm, and what
documentation steps are necessary for regulatory compliance
post—incident 7",

"A": "Immediately prioritize sensor redundancy by switching to
backup modalities (radar/camera), estimate trajectories for
both cyclist and following truck using conservative
prediction envelopes, initiate an emergency deceleration
accompanied by maximum hazard signaling , continuously
broadcast intent over all available V2V channels, and
comprehensively log sensor anomalies and all AV decisions for
later regulatory review.',

"B": "Rely solely on the most recent sensor data and wait for

primary LiDAR restoration before making any maneuver.',
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"C": "Focus exclusively on the cyclist ’s path, disregarding
trailing vehicle dynamics due to sensor uncertainty.",
'"D": "Accelerate sharply to vacate the affected zone, even if it

puts the cyclist and following truck at greater risk.'
B
Listing 4.13: QA data generated based on ‘evaluate’ Bloom’s taxonomy term and

one temporal reasoning relation term

n

"Ontology ":

dot digraph Ontology {

TrafficActivity — DrivingActivity;

TrafficActivity — HumanActivity;

TrafficActivity — MovingActivity;

DrivingActivity —> ChangeLane;

DrivingActivity —> Overtake;

DrivingActivity —> MakeATurn; DrivingActivity —> Park;

DrivingActivity — FollowVehicle;

DrivingActivity —> EnterIntersection ;DrivingActivity — EmergencyStop
; MakeATurn —> MakeALeftTurn;

MakeATurn —> MakeARightTurn; MakeATurn — MakeAUturn;

MakeALeftTurn —> SignalLeftTurn;

MakeALeftTurn —> YieldToPedestrian;

HumanActivity —> PedestrianActivity;

HumanActivity —> DriverActivity;

HumanActivity —> RiderActivity;

PedestrianActivity —> CrossStreet;

PedestrianActivity — WaitAtCrosswalk;

PedestrianActivity —> Jaywalk; PedestrianActivity —>
UseMobileWhileWalking ; DriverActivity —> Yield;

DriverActivity — Honk; DriverActivity — UseTurnSignal;

DriverActivity —> CheckBlindSpot;

MovingActivity —> Accelerate;
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MovingActivity —> Decelerate;
MovingActivity —> Stop;MovingActivity —> Merge;
MovingActivity — AvoidObstacle;
AvoidObstacle —> SlowDownForObstacle;
AvoidObstacle — Swerve;"
"Relation": "General Commonsense",
"Bloom": "Create",
"Question details": {

"Scenario": "An autonomous vehicle (AV) is navigating a busy
urban street during mid—morning hours. The AV is
following another car while approaching an intersection
controlled by traffic lights. As it nears the
intersection , a pedestrian steps onto the crosswalk ,
waiting to cross. At the same time, another vehicle in
the adjacent lane signals and begins to change lanes in
front of the AV. The AV detects the pedestrian, slows
down, and stops to yield. Once the pedestrian crosses,
the AV checks its blind spot before proceeding through
the intersection , making a right turn. During this

maneuver, it briefly accelerates to merge with the

ongoing traffic on the next street.'
b
Listing 4.14: Ontology generated after three update steps and the corresponding
scenario generated. The QA data is based on the generated scenario. All
generation is by GPT 4.1. The ontology generation is based on the prompts

presented in Listings 4.1 and reflst:ontology,e fining,rompt

"Ontology": "dotdigraph Ontology {
DrivingActivity —> ChangeLane;
DrivingActivity —> Overtake;
DrivingActivity —> MakeATurn;
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DrivingActivity —> Park;

DrivingActivity —> EmergencyManeuver ;

DrivingActivity — Yield;

DrivingActivity —> MergeOntoHighway ;

ChangeLane —> SignalBeforeLaneChange;

ChangeLane —> BlindSpotCheck;

ChangeLane —> DoubleLaneChange;

DoubleLaneChange —> HighSpeedDoubleLaneChange;

MakeATurn —> MakeALeftTurn;

MakeATurn — MakeARightTurn;

MakeATurn —> UTurn;

MakeALeftTurn —> ProtectedLeftTurn;

ProtectedLeftTurn —> LeftTurnAtIntersection;

LeftTurnAtIntersection —> DetectOncomingTraffic;
DetectOncomingTraffic — PredictGapAcceptance;

MakeARightTurn —> RightTurnAtIntersection;

RightTurnAtIntersection —> DetectPedestrianDuringTurn;
EmergencyManeuver —> HardBrake;

EmergencyManeuver —> EvasiveSteer;

EmergencyManeuver —> AvoidObstacle;

AvoidObstacle — AvoidPedestrian;

AvoidObstacle — AvoidVehicle;

AvoidVehicle — PredictVehiclelntent ;

AvoidPedestrian —> PredictPedestrianCrossing;

Park — ParallelPark;

Park — PerpendicularPark;

ParallelPark —> TightParallelPark;

Yield —> YieldToPedestrian;

YieldToPedestrian —> DetectYieldSign;

MergeOntoHighway —> RampMeteringMerge ;

HumanActivity —> PedestrianActivity ;

HumanActivity —> DriverActivity;
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PedestrianActivity —> Cross;
PedestrianActivity —> WalkAlongRoad;
PedestrianActivity — WaitAtCurb;
PedestrianActivity —> UseMobilityAid;
Cross —> CrossAtCrosswalk;
Cross — Jaywalk;
CrossAtCrosswalk —> WaitForSignal;
WaitForSignal — RecognizeTrafficLight;
WalkAlongRoad —> WalkOnShoulder ;
WalkAlongRoad —> DistractedWalking;
WalkAlongRoad —> EnteringFromHiddenArea;
UseMobilityAid — WheelchairUser ;" ,
"Relation": "General Commonsense",
"Bloom": "Create",
"Question details": {
"Scenario": "An autonomous vehicle is navigating an urban
environment on a weekday afternoon. The vehicle initiates
a right turn at a busy intersection after detecting a
green signal. As it begins the turn, the sensors detect a
pedestrian approaching the crosswalk , who pauses at the
curb. The AV yields to the pedestrian. Just after
completing the turn, the AV identifies a double—parked
vehicle partially blocking its lane and must perform a
controlled lane change, using its signal in advance and
verifying the adjacent lane is clear. As the AV moves
forward, a cyclist suddenly enters from a hidden driveway
, requiring the vehicle to execute a hard brake to avoid

n

a collision .
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’

Listing 4.15: Ontology generated after five update steps and the corresponding
scenario generated. The QA data is based on the generated scenario. All
generation is by GPT 4.1. The ontology generation is based on the prompts

presented in Listings 4.1 and reflst:ontology,e fining,rompt

"Question details": {

"Scenario": "During an afternoon in a busy urban environment ,
an autonomous vehicle is tested on a multilane road with
moderate traffic. The AV approaches an intersection
where a pedestrian is waiting to cross legally with the
signal. At the same time, a cyclist is waiting at the
intersection , preparing to mount their bicycle, while a
human—driven car in the adjacent lane signals a right
turn but begins to use a mobile device. As the light
turns green, the pedestrian begins to cross at the
crosswalk as the vehicle in the adjacent lane initiates a
right turn, and the cyclist mounts their bicycle and
enters the lane. The AV must decide how to proceed safely
during this sequence of events.',

"Question": "While the pedestrian with dual aids is still
crossing , the cyclist abruptly shifts direction and a
delivery robot enters the intersection from an unmarked
curb cut, as the human driver ’s distraction persists.
Design an integrated risk assessment protocol for the AV
that quantitatively fuses real—time multi—agent
uncertainty (including occluded actors and non—human road
users), dynamically adapts clearance policies , and
factors in ethical priorities enshrined in both AV

deployment charters and Vision Zero principles. Which
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operational mode best fulfills these multilayer criteria
and why?",

"A": "Implement a real—time, layered risk fusion engine
incorporating Bayesian intent prediction for all detected
J/occluded actors (human and non—human), set ultra—
conservative dynamic clearance margins that adapt to
compounding uncertainties , and adopt a fail —safe halt
policy triggered by unpredictable cross—domain risk , with
transparent external communication of paused status and
justification .",

"B": "Rely on static actor—based risk tables and ignore non—

human entrants unless physically blocking the AV’s path

n
)

"C": "Continue with preplanned timings and fixed clearance
zones , assuming non—human agents yield or stop if
encountered.",

'"D": "Prioritize urban traffic throughput; enforce minimal
stops unless a human actor is in direct collision

proximity ."

Listing 4.16: Keeping the ontology refine level as 2

"Question details": {

"Scenario": "An autonomous vehicle is navigating an urban
environment during early morning traffic. The AV is following
a sedan ahead at a safe distance. As it approaches an
intersection , the sedan activates its left turn signal and
begins to slow down. Meanwhile, a cyclist riding in the same
direction dismounts at the corner, and a pedestrian waits at
the crosswalk , preparing to cross once the signal changes.

The AV system must decide whether to yield , follow , or
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attempt a lane change to the right. The weather is clear , and

all sensors are operating normally.",

"Question": "Imagine the traffic light turns green as a

IIAH:

IIB“ .

IICH:

IIDH .

pedestrian unexpectedly dashes diagonally across the
intersection , a second cyclist surges from the sidewalk into
the AV’s intended turn path, and an approaching fire engine
is now confirmed by audio triangulation but remains visually
occluded. Describe the suite of advanced contingency
protocols ’combining explicit external signaling , standardized

V2X negotiations , selective intent broadcasting, and
adaptive space—sharing gestures ’that the AV should deploy to
minimize liability , maintain legal/ethical compliance, and
proactively foster social trust among all participants amid
overlapping legal and practical risks.",

"Simultaneously engage integrated communication’including
programmable LED intent displays, AV—to—infrastructure
broadcasts alerting emergency vehicle proximity, context—
responsive external speaker prompts, and visual projections
to inform VRUs of yielding/intent >while adaptively yielding,
reducing speed to a crawl, mapping opt—out safety zones for
all ambiguous agents, recalibrating planning based on both
codified law and dynamic social cues, and logging all
interactions for transparent post—incident analysis.",

"Proceed with right—of—way maneuvers immediately upon light
change, pausing only if direct contact risk is detected.",

"Rely exclusively on V2X broadcasts without human—readable
cues, to minimize distraction for VRUs and reduce onboard
system complexity.",

"Temporarily disable intent communication in high—conflict
cases to avoid sending mixed signals and focus only on

maximizing physical clearance."'
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Listing 4.17: Keeping the ontology refine level as 2

4.5.3 LLM performance

We generate around 10 questions at a time along each category and measure
the accuracy of the options selected by the LLMs selected across model families
and model sizes. These results are summarized in Table 4.1. The dataset is rea-
sonably effective e.g. we can observe that spatial reasoning is a challenge for all
categories of LLMs. At the same time, we can observe that the dataset gener-
ated is not very challenging and various measures (such as iterative refinement of
questions or manual reviews) can be taken to increase the QA data difficulty. The
presence of the scenario information with the question does provide additional
context about the event and as we can observe has a positive effect on the answer

accuracy.

4.6 Conclusion

In this chapter, we presented CruzwayQA, a concepts-first, modular approach
for generating synthetic QA data for the purpose of evaluating the scenario rea-
soning ability of LLMs. With CruzwayQA, we are able to generate questions
which are a synthesis of concepts from the OpenXOntology standard, an MCQ
generation approach, concepts from Bloom’s taxonomy and ones which evaluate
for a variety of reasoning styles such as deductive, inductive, and most impor-
tantly spatial and temporal reasoning. This system is highly controllable since we
can customize the ontology and focus on a variety of features within each aspect

of the module described. In addition, we systematically evaluate the question and
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option generation ability in CruzwayQA and the effectiveness of the questions on
LLMs across model families and sizes. Through this, we determine that providing
examples and Bloom’s taxonomy terms was crucial to generating questions that
align with the instructions. While the QA data generated is reasonably effective
in evaluating LLMs, steps can be taken to increase the difficulty of questions. In
the future, we aim to increase the realism of the generated questions, possibly
by combining with more realistic QA datasets such as the Waymo Open Motion

Dataset - Reasoning, which is considered in Chapter 5.
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LLM Evalu- | Scenario Presence of | Accuracy

ated Reasoning Scenario In- | for given set
Category formation (percentage)
(Set)

GPT 4o-mini Commonsense Absent 100
Reasoning (10)

GPT 40-mini Commonsense Present 100
Reasoning (8)

GPT 4o-mini Deductive Rea- | Absent 90
soning (10)

GPT 40-mini Deductive Rea- | Present 100
soning (9)

GPT 4o-mini Spatial ~ Rea- | Absent 80
soning (10)

GPT 4o-mini Spatial ~ Rea- | Present 80
soning (10)

GPT 4o-mini Temporal Rea- | Absent 100
soning (10)

GPT 4o-mini Temporal Rea- | Present 100
soning (10)

GPT 4o-mini Inductive Rea- | Absent 777
soning (9)

GPT 4o-mini Inductive Rea- | Present 100
soning (9)

Deepseek V3 Spatial ~ Rea- | Absent 70
soning (10)

Deepseek V3 Spatial ~ Rea- | Present 90
soning (10)

Deepseek V3 Temporal Rea- | Absent 100
soning (10)

Deepseek V3 Temporal Rea- | Present 100
soning (5)

Deepseek V3 Deductive Rea- | Absent 80
soning (10)

Deepseek V3 Deductive Rea- | Present 100
soning (10)

Deepseek V3 Inductive Rea- | Absent 90
soning (10)

Deepseek V3 Inductive Rea- | Present 100
soning (3)

Deepseek V3 Commonsense Absent 100
Reasoning (3)

Deepseek V3 Commonsense Present 100
Reasoning (10)

ol Deductive Rea- | Absent 100
soning (10)

ol Deductive Rea- | Present 100
soning (10)

ol Inductive Rea- | Absent 100
soning (10)

ol Temporal Rea- | Absent 80
soning (10)

ol Commonsense Absent 100
Reasoning (10)

ol Commonsense Present 100
Reasoning (3)

ol Spatial ~ Rea- | Absent 90
soning (10)

ol Spatial ~ Rea- | Present 100
soning (10)

Table 4.1: Evaluation of LLMs for the sets of 10 questions of generated QA data
along the pre-defined breadth and depth categories as stated in Section 4.4.
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Chapter 5

Cruzway Scenario (GGenerator

5.1 Introduction

Addressing challenges of LLM-based scenario generation requires addressing
challenges regarding scenario reasoning. LLM-based scenario generation holds the
promise of improving the controllability and interpretability of data-driven meth-
ods while maintaining their realism. Zhao et. al present five challenges for the
application of LLMs for scenario-based testing of autonomous vehicles [157]. Here,
one challenge is that of hallucinations which the authors define as “generated out-
puts which are unfaithful to inputs." Specifically, this includes “non-executable
code in scenario generation and factually incorrect judgments for safety-critical
assessments.” Other challenges include the lack of works involving the creation of
scenario databases for reuse and corresponding interfaces that transform scenar-
ios into machine-readable formats. These challenges can be easily mapped to the
four AV test scenario generation challenges by Ding et. al which are addressed
throughout this dissertation; hallucinations in scenario generation can be mapped
to scenario realism, controllability and diversity while database creation can be

mapped to transferability. Fundamentally, the concept of hallucinations in sce-
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nario generation can be connected to the concept of scenario reasoning defined in
Chapter 4 as a synthesis of non-erhaustive subset of reasoning structures such as
deductive, inductive, spatial, temporal as well as System 1 and 2 reasoning with
concepts relevant to AV test scenarios such as the ones in the ASAM OpenXOn-
tology [10]. Each reasoning structure involves unique relations between successive
statements as seen in EntailmentBank [29] or between concepts in the statements

as seen in CommonsenseQA [134].

Scenario Reasoning

A synthesis of a non-exhaustive subset of reasoning structures such as de-
ductive, inductive, spatial, temporal as well as System 1 and 2 reasoning
with concepts relevant to AV test scenarios such as the ones in the ASAM

OpenXOntology.

More specifically, dynamic scenarios contain traces of System 2 wvariants of
scenario reasoning. System 2 reasoning, defined by Kanheman constitutes a more
explicit, structured and deliberate form of reasoning compared to a more instinct-
driven, implicit form of reasoning defined as System 1 reasoning [?]. Within the
context of LLMs, we can observe the progress from System 1 to System 2 reasoning
with the advent of reasoning language models such as OpenAl ol as presented in
a survey on this topic by Li et. al [81]. Dynamic scenario representations in tools
such as the scenario behavior tree representation in Carla Scenario Runner and
standardized scenario formats such as OpenSCENARIO [23] [11] are structurally
and functionally similar to domain and problem representations in model-based
task planning. In both forms of representations, the agent actions are defined as
conditions followed by effects, and at a larger scale the a sequence of actions are

organized into behaviors. An example of a model-based task planning domain
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file (expressed in the Planning Domain Definition Language (PDDL) format) is
presented in Listing 5.1 and an example of an truncated OpenSCENARIO file
is presented in 5.2. We can consider this sequence of actions as an example of
System 2 reasoning. Since the ontology is consistent with the OpenXOntology
suggested in the scenario reasoning definition above, we can consider that these
scenario definitions contain traces of System 2 variants of scenario reasoning.

(define (domain autonomous_ vehicle intersection)
(:requirements :strips :typing)
(:types agent intersection direction)
(:predicates
ego 7a — agent)
vehicle ?a — agent)
in—intersection ?7a — agent 7i — intersection)
facing—straight ?a — agent)
exiting—intersection ?a — agent 7i — intersection)
decelerating 7a — agent)
speed—zero ?a — agent)
moving—slow 7a — agent)

no—stop—sign—on—side ?a — agent 7i — intersection)

(

(

(1

(

(

(

(

(

(

(proceeds—without—stopping ?a — agent ?i — intersection)
(near—intersection ?7a — agent ?i — intersection)
(heading—opposite 7a — agent ?b — agent)
(heading—same ?a — agent ?b — agent)

(in—front—of 7a — agent ?b — agent)

(on—same—side 7a — agent 7i — intersection)

(left —of—intersection 7a — agent ?7i — intersection)
(five—way—intersection ?i — intersection)
(three—stop—signs ?7i — intersection)

(

not—moving ?a — agent)
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:action ego—begins—exiting—intersection
:parameters (7ego — agent ?i — intersection)
:precondition (and

(ego 7ego)

(in—intersection 7ego 7i)

(facing—straight 7ego)
)

ceffect (exiting—intersection Tego 71i)

:action ego—decelerates—to—stop
:parameters (7ego — agent)
:precondition (and

(ego 7ego)

(moving—slow 7ego)

(decelerating ?ego)

)

ceffect (speed—zero 7ego)

:action ego—unimpeded—by—stop—sign
:parameters (7ego — agent ?i — intersection)
:precondition (and
(ego 7ego)
(facing—straight 7ego)
(no—stop—sign—on—side ?ego 71i)
)

ceffect (proceeds—without—stopping ?ego 71i)

:action surrounding—agentO—decelerates —near—intersection

:parameters (7a0 — agent ?i — intersection)

120



:precondition (and
(vehicle ?a0)
(near—intersection 7al 71i)
(decelerating 7a0)

)

ceffect (moving—slow 7a0)

(:action surrounding—agent2—and—3—wait—opposite—ego
:parameters (7a2 — agent ?a3 — agent ?ego — agent)
:precondition (and

(vehicle ?a2)

(vehicle ?a3)

(ego 7ego)

(heading—opposite 7a2 ?ego)

(heading—opposite 7a3 7ego)

)

ceffect (and
(not—moving 7a2)

(not—moving 7a3)

(:action surrounding—agentd—waits—ahead—same—direction
:parameters (7a4 — agent ?ego — agent)
:precondition (and
(vehicle ?a4)
(ego 7ego)
(in—front—of 7ad 7ego)
(heading—same ?a4 7ego)

)

:effect (not—moving ?a4)
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(:action intersection—configuration
:parameters (71 — intersection)
:precondition (five—way—intersection 71i)

:effect (three—stop—signs ?1i)

)
Listing 5.1: A Planning Domain Definition Language (PDDL) domain file
contains definitions of conditional actions. Fach action maps abstract precondition
states to effect states. A sequence of these actions constitutes a plan (ommitted
here). These definitions can be considered as System 2 wvariants of scenario

reasoning defined above.

<Event priority="overwrite" maximumExecutionCount="1" name="Turn
right">
<Action name="Lane Change">
<PrivateAction>
<LateralAction>
<LaneChangeAction>
<LaneChangeActionDynamics dynamicsDimension="distance"
dynamicsShape="cubic" value="20.0"/>
<LaneChangeTarget>
<AbsoluteTargetLane value="—4"/>
</LaneChangeTarget>
</LaneChangeAction>
</LateralAction>
</PrivateAction>
</Action>
<StartTrigger >

<ConditionGroup>
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<Condition delay="0.0" conditionEdge="rising" name="Relative
Distance">
<ByEntityCondition>
<TriggeringEntities triggeringEntitiesRule="any">
<EntityRef entityRef="Vehicle 2"/>
</TriggeringEntities>
<EntityCondition>
<RelativeDistanceCondition freespace="false" rule="
greaterThan" entityRef="Vehicle 1" value="10.0"
relativeDistanceType="longitudinal"/>
</EntityCondition>
</ByEntityCondition>
</Condition>
<Condition delay="0.0" conditionEdge="none" name="Simulation
Time">
<ByValueCondition>
<SimulationTimeCondition rule="greaterThan" value="5.0"/>
</ByValueCondition>
</Condition>
</ConditionGroup>
</StartTrigger>

</Event>

Listing 5.2: An event within the ASAM OpenSCENARIO standard defining an
lane change behavior interaction between two vehicles Vehicle 1 and 2. Here, the
dynamic scenario definition is structurally similar to the PDDL wvehicle behavior

definition in Listing 5.1 as conditional actions

Combining symbolic systems with LLMs presents an approach to validate and
verify LLM generated scenarios by affording syntax and semantic verification along
with reasoning validation. This requires modeling the problem for the solver

which in the case of dynamic scenarios, is the same as scenario generation. LLM-
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Figure 5.1: A circular relationship where effective scenario generation is needed
for improving scenario reasoning and effective scenario reasoning is needed for
improving scenario generation

Modulo Systems as conceptualized by Khambapati et. al are proposed to improve
reasoning in LLMs. Here, symbolic planners are integrated with LLMs along with
other tools such as verifiers to enhance reasoning. A similar, more generalized
approach is proposed by Pan et. al in LogicLM and Kirtania et. al in Logic-LM++
where a wide array of symbolic solvers such as solvers for constraint satisfaction
problems, formal logic and more are utilized and their solutions to a given problem
are added to the prompt of an LLM along with the corresponding question to have
it generate an answer [104] [70]. Problem modeling by LLMs is the process of LLM
autoformalization where natural language statements are transformed into formal
specifications [150]. A consequence of using such symbolic approaches with LLMs
along with the scenario definitions stated above results in a circular relationship
where to improve scenario reasoning, we need to improve scenario generation and
vice-versa. This is presented as a diagram in Figure 5.1.

In this chapter, I present an approach to generate scenarios using an archi-
tecture similar to an LLM Modulo System [88]. This architecture is presented in
Figure 5.2. The LLM defines a real-world scenario as Planning Domain Defini-

tion Language (PDDL) domain and problem files for a QA pair from the Waymo
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Reasoning dataset [80]. The former contains all the possible states and actions
and the latter contains the initial state and the goal state for the planner. I use a
basic breadth-first search based planner for creating the plan that addresses the
problem. As a verification step, I have an LLM answer the initial question from
the dataset based on all of this information. This is consistent with the approach
used in LogicLM [104] where an LLM attempts to solve the given problem with
the corresponding symbolic solver related files in its prompt. Consistent with the
design of an LLM-modulo system, we also involve syntaz verifier VAL in this ap-
proach. Both the PDDL files generated as well as the final attempt by an LLM
are evaluated using an LLM as a judge [45]. Uniquely, the LLM as a judge carries
out a comparative judgement with respect to the ground truth answer for the
same question from the dataset. In this chapter, we are able to generate syntacti-
cally and semantically accurate scenarios for a diverse range of natural language
descriptions from the Waymo Reasoning dataset.

The rest of this chapter is divided into sections as follows; Section 2 covers
the method where design decisions for each component of the architecture are
discussed. This includes the scenario generation as well as obtaining the planner
output for the scenario and the various evaluations. Section 3 covers the evaluation
along the lines of three of the four scenario generation challenges of focus in
this dissertation: fidelity/realism, controllability and diversity. Finally, section 4

covers future works and discussions about how this project can be extended.

5.2 Method

The generation of the scenarios follows the design recommendations for an
LLM Modulo System [88] where LLM based generation of symbolic representations

are connected with verifiers. First, we preprocess the natural language QA data
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Figure 5.2: Model-based Task Planning Prompting of LLMs. The boxes in blue
involve prompting an LLM and obtaining its output.

and separate the context and the vehicle interaction questions. The PDDL domain
is then generated based on this context while the PDDL problem file is generated
based on one of the vehicle interaction questions. This is followed by a syntax
and semantic check by VAL and an LLM as a judge respectively. The domain
and problem files are then given to a planner which generates a solution. Finally,
for validation of the generated scenario, the PDDL domain, problem and plan file
contents are given to an LLM to answer the initial question from the dataset. This
answer undergoes a comparative evaluation by an LLM as a judge with respect to
a reference answer from the dataset. Our dataset preprocessing script also has the
capability to generate embeddings for the contexts mentioned above to evaluate
diversity of the generated scenarios. The architecture diagram for this system is
presented in 5.2. The rest of this section covers each of the components within

this architecture.

5.2.1 Dataset and Preprocessing

The natural language based question and answer (QA) data I use is from

the Waymo Open Motion Dataset - Reasoning (Waymo-Reasoning dataset) [80].
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This dataset is based on the Waymo Open Motion dataset [38] which contains real-
world trajectories. It contains real-world vehicle, pedestrian and cyclist trajectory
data collected for the purpose of developing motion forecasting models. The
Waymo-Reasoning dataset contains QA data pertaining to diverse interaction
types such as ones based on traffic rules or human intentions. We preprocess this
dataset to organize the subgroups environment QA and surrounding agent QA as
a scenario contexrt and the remaining subgroup interaction QA as the interaction
QA. The evaluation task given to the language models is to answer the interaction
questions given the scenario context. We considered having an LLM rewrite the
context QA subgroup as a paragraph of text but since it contained inconsistencies
with respect to the original data, we add the QA data as is into the context
attribute. An exemplar parsed scenario is shown in Listing 5.3. Here, the file size
is used as a proxy measure of scenario complexity since each scenario is contained
in its own file. These file sizes are categorized as A, B and C representing small,

medium and large file sizes respectively.

5.2.2 Prompting Using Model based Task Planning

We prompt an LLM to generate PDDL domain files for the given contextual
information and a problem file for each scenario interaction in the parsed sce-
nario data mentioned previously. We then perform a syntax verification of the
LLM generated outputs using VAL [60]. In addition, we also carry out semantic
verification of the generated PDDL files for coverage with respect to the facts in
the given context. Once the generated PDDL file is syntax error free, we make
use a the breadth first search based planner in the [74] library to create a plan
that would solve the generated problem. The final prompt to the language model

contains the scenario context, the interaction question, the PDDL domain model
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that corresponds with the context, the PDDL problem that corresponds with the
interaction question, and a plan generated by a symbolic solver that solves the
aforementioned PDDL problem. We call this the MBTP prompt. This process is
presented in Figure 5.2. An example of PDDL problem generation for the parsed
scenario presented in Listing 5.3 is presented in 5.4. The semantic verification
for this PDDL problem using LLM-as-a-Judge based evaluation is presented in
Listing 5.5.

5.2.3 Response Evaluations using LLM as a Judge Ap-

proach

LLM as a Judge is used for evaluations of the generated PDDL files, reasoning
of an LLM in response to the MBTP prompt explained in the previous subsection.
Both of these assessments are comparative judgements. The coverage is with
respect to the context information detailed above. The LLM answers are with
respect to the corresponding ground truth answer for the question considered
from the dataset. Both of these assessments result in a score out of 10 and an
explanation generated by the LLM. The ideal generated scenario would adequately
cover (a threshold score of 8 out of 10) the given information and enable an LLM
to perform effective reasoning to answer a given question (a correctness score of 8
out of 10). This approach is used since the reference information is a single string
of text and is significantly abstract.

We also evaluate the ground truth in the dataset itself using the LLM as a
Judge approach mentioned above. This validates the reference answer from the
dataset used for comparative evaluation above. In Listing 5.6, we can observe
A ground truth evaluation of the scenario parsed in Listing 5.3 is presented in

Listing 5.6. Both LLM as a Judge assessments are made using Deepseek V3. This
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LLM was highly affordable and provided good capability in making judgements.

5.2.4 Diverse Scenario Generation

To ensure that generated scenarios are diverse, we make use of a clustering
approach of a higher dimension representations of the scenario contexts from the
dataset to determine scenario indices to generate. If the PDDL scenario genera-
tion scores detailed above are high for a representative set across clusters, we can
conclude that the scenario generation is diverse. The clustering approach involves
the transforming the context data mentioned above for a range of scenario in-
dices into higher dimension embeddings based on the OpenAl embedding models
text-embedding-3-small and text-embedding-3-large [100]. This is followed by ap-
plying the PCA algorithm for dimensionality reduction [79] followed by K-means
clustering. An example of clustering carried for a set of scenarios is presented in

Figure 5.3.

5.3 Evaluation

In chapter 1, four challenges regarding scenario generation are presented as
the focus of this dissertation: (1) Fidelity/Realism of generated scenarios. (2)
Controllability of the generator. (3) Diversity of the generated scenarios. (4)
Transferability of the generated scenarios. The focus of the evaluation in this
chapter is on the first three metrics. The latter metric can be assumed since the
generation is in a well-known standardized format. It must be noted that this
dataset contains natural language mappings of scenarios from the Waymo Motion
Dataset [38] which contains real-world trajectory data. Therefore, for evaluating

realism, the generated scenario will need to have a high degree of accuracy and
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Figure 5.3: An example of clustering of scenario contexts for scenarios index
range 200 to 400. Each point in the scatterplot represents a scenario context.
The color of the point represents the cluster it belongs to with each cluster having
a centroid represented by a blue cross mark. We can select a representative set of
scenarios based on such a figure and assess diverse scenario generation capability
of this system.

coverage with respect to the given question from the Waymo Reasoning dataset.
For diversity we observe clusters of scenario contexts in this dataset and generate
scenarios across a representative set from these clusters. Diversity is considered
based on distance in this higher dimension space between scenario contexts.

In Listing 5.4, we can see the generated PDDL problem file for an interaction
question for the preprocessed scenario. The PDDL problem file is based on a
PDDL domain file generated based on the context information in the preprocessed
data. Here, the ego vehicle and the surronding agent #2 are represented as
vehicle0 and wehicle2 respectively. We can observe the PDDL actions as well
as the initial and goal states correspond to the facts in the context as well as the
question in the preprocessed data respectively.

In Listing 5.5, we can observe an LLM as a judge score out of 10 about adequate

coverage of the facts in the preprocessed data for the problem file generated above.
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"Context": "Can you describe the layout of the lanes where the ego
agent is currently located? The ego agent is on the 1 lane from
the left , out of 3 lanes. What is the current velocity of the ego
agent? The ego agent’s current speed is 12 m/s. What is the ego
agent ’s current action in terms of speed adjustment? The ego
agent is decelerating. Could you specify the ego agent’s current
lane position? The ego agent is on the 1 lane from the left. What
type of agent is surrounding agent #0?7 Surrounding agent #0 is a
vehicle. How fast is surrounding agent #0 currently moving? Its
current speed is 16 m/s. What is the motion status of surrounding
agent #07 It is moving at a constant speed. Where is surrounding
agent #0 in relation to the ego agent? It is 7 meters in front
of the ego agent and 3 meters on the right. What is the type of
surrounding agent #27 Surrounding agent #2 is a vehicle. What is
the current speed of surrounding agent #2?7 Its current speed is
17 m/s. Can you describe the motion status of surrounding agent
#27 It is moving at a constant speed. Where is surrounding agent
#2 positioned relative to the ego agent? It is 19 meters in front
of the ego agent and 3 meters on the right.",

"Interactions_1": { "reference_ question": "How will the ego agent and
surrounding agent #2 interact on the road?",
"reference_answer": "Surrounding agent #2 will maintain its

position ahead of the ego agent as both are moving in the
same direction with surrounding agent #2 at a constant speed
and the ego agent decelerating."

Listing 5.3: Example parsed scenario after preprocessing. Few details have been
omitted for conciseness.
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(define (problem ego—vehicle—scenario—v2)

(:objects
ego — agent
lanel lane2 lane3 — lane
vehicle0 vehicle2 — vehicle
)
(:init

; Vehicle0: 7m ahead, 3m right (front—right), in lane2
(vehicle—at—fast —speed vehicle0)
(vehicle—at—constant—speed vehicle0)
(vehicle—is—in—lane vehicle0 lane2)
(vehicle—is—in—front—right —of—ego vehicle0)
(ego—near—vehicle —front—right vehicle0)
(vehicle—in—front—right wvehicle0)

; Vehicle2: 19m ahead, 3m right (far front—right), in lane2
(vehicle—at—fast —speed vehicle2)

(vehicle—at—constant—speed vehicle2)

(vehicle—is—in—lane vehicle2 lane2)
(vehicle—is—far—ahead—right —of—ego vehicle2)
(vehicle—far—in—front—right vehicle2)

(:goal
(ego—is—decelerating)
)
)

Listing 5.4: PDDL problem generated by the LLM GPT 4.1 for the interaction
question within the scenario parsed in Listing 5.3 and after the PDDL domain
is generated. We can observe the states in this file correspond to the parsed
interaction question and answer. Few details have been omitted for conciseness.
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"Problem data provided": "How will the ego agent and surrounding
agent #2 interact on the road?",

"Score explanation": "The problem file directly models the
interaction context: it places the ego in the leftmost lane, next
to the two relevant vehicles, with all spatial and speed
predicates correctly instantiated for vehicle0 (close, front—
right) and vehicle2 (farther front—right). The goal is set for
the ego to be decelerating , reflecting a cautious or responsive
behavior to the nearby (closer) vehicle in the adjacent lane.
While the explicit interaction with agent #2 (vehicle2) is less
emphasized in the goal than with wvehicle0 , the presence and
predicates for vehicle2 show that its position is accounted for
in the conditions surrounding the ego’s behavior. A minor
shortcoming may be the lack of an explicit future state following
the interaction (such as passing or merging), but for the
deceleration—focused goal and the state of the road given, the
coverage is very strong.',

"Grade": "9",

Listing 5.5: PDDL Problem Coverage Evaluation using GPT4.1 LLM as a judge
for the problem presented in Listing 5.4

5.4 Conclusion

In this chapter, we presented Cruzway Scenario Generator, an approach to
generate scenarios using an LLM in the Planning Domain Definition Language
(PDDL) format. The scenarios are generated based on a natural language descrip-
tion of scenarios and vehicle interaction questions from the Waymo Open Motion
Dataset - Reasoning, a dataset based on the Waymo Open Motion Dataset which
contains real-world trajectory data for training motion forecasting models. The
generated scenarios undergo syntax and semantic verification as well as a rea-
soning validation based on an LLM prompting approach suggested in LogicLM
[104]. In addition, the natural language scenario data is clustered to assess di-

verse scenario generation capabilities in Cruzway Scenario Generator. With this
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"Given Question': "How will the ego agent and surrounding agent #2
interact on the road?",

"Ground Truth Answer': "Surrounding agent #2 will maintain its
position ahead of the ego agent as both are moving in the same
direction with surrounding agent #2 at a constant speed and the
ego agent decelerating.",

"Ground Truth Grades': {"Correctness score': "8",

"Correctness explanation": "The answer is mostly correct but lacks
precision. Surrounding agent #2 is indeed maintaining its
position ahead of the ego agent, as it is moving at a constant
speed of 17 m/s, which is faster than the ego agent’s speed of 12
m/s (while decelerating). However, the answer could be improved
by explicitly mentioning the speed difference and the fact that
the distance between them will increase over time due to this
speed difference.",

"Updated Answer': "Surrounding agent #2 will maintain its position
ahead of the ego agent and increase the distance over time, as it

is moving at a constant speed of 17 m/s, which is faster than
the ego agent’s speed of 12 m/s while decelerating.",

Listing 5.6: Ground truth evaluation using LLM as a judge for the scenario
parsed in Listing 5.3. Few details have been omitted for conciseness.

system, we are able to generate realistic and diverse scenarios in a controllable

and interpretable manner.
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