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Integrating a Neuro-Symbolic Planner for Safe Driving
Saghar Alvandi, Jennifer Nilsson
Department of Computer Science and Engineering
Chalmers University of Technology and University of Gothenburg

Abstract
Ensuring the safety and reliability of autonomous driving systems remains an ongoing
challenge. The complexity of real-world traffic scenarios highlights the importance
of autonomous driving systems being able to reason about their surrounding envi-
ronments and make safe decisions. This thesis proposes a modular neuro-symbolic
framework that decouples trajectory prediction from motion planning. Rather than
relying solely on an end-to-end deep-learning-based planner, the proposed approach
uses a fine-tuned large language model to predict the future trajectories of sur-
rounding actors. These predictions are incorporated as dynamic obstacles into a
symbolic A* planner, which generates a goal-oriented trajectory for the ego vehicle
subject to safety constraints. The proposed framework is evaluated on data generated
from driving scenarios developed in Scenic and executed in the CARLA simulator,
with its performance compared against an end-to-end deep-learning-based planner
using the same set of 144 scenarios. The results demonstrate that this modular
neuro-symbolic approach achieves a higher rate of safe, goal-reaching trajectories,
with a success rate of 59.0% compared with 27.1% for the baseline planner. However,
the neuro-symbolic planner also exhibits a higher collision rate of 32.6%, compared
with 10.4% for the baseline planner. This difference is partly due to the baseline
frequently producing safe but non-goal-reaching trajectories, with 57 scenarios falling
into this category because the ego vehicle remains at least 100 meters away from the
other actors throughout the scenario. These findings highlight a trade-off between
collision avoidance and goal achievement, indicating the need for further evaluation
to draw clearer conclusions regarding the safety of the approach.

Keywords: autonomous vehicles; large language models (LLMs); symbolic planning;
trajectory prediction
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1
Introduction

1.1 Background
Autonomous driving technology continues to advance with each passing year as new
approaches are emerging. Most autonomous vehicles (AVs) can already operate safely
in common traffic scenarios [1]. Though despite these advances, challenges remain in
ensuring the safety and reliability of their deployment [2].

Current deep learning (DL) models employed in AV systems perform well at detecting
and localizing objects within the environment [3]. However, accurately perceiving
surrounding objects does not necessarily mean having a sufficient understanding of
complex traffic environments, where interpretation of the environment and anticipat-
ing the behavior of road users are essential. In particular, conventional perception
models typically operate on low-level sensor features, which can limit their ability to
perform semantic reasoning and contextual interpretation of complex driving sce-
narios [4]. Recently, research has explored the use of large language models (LLMs)
for trajectory prediction in autonomous driving systems. Due to their semantic
reasoning capabilities and ability to model sequential dependencies, LLMs show
promise for predicting the future trajectories of interacting road users [5]. Further-
more, fine-tuning a pretrained LLM allows the model to be adapted to trajectory
prediction tasks, providing a potential way to leverage these capabilities to model
the future movements of surrounding actors.

Simultaneously, symbolic planning frameworks offer complementary strengths. They
rely on structured world models and explicit representations of the environment to
support predictable behavior [6]. On the other hand, their performance can degrade
when the conditions underlying these models are broken [6]. By enforcing explicit
safety constraints, such as collision avoidance, lane boundaries, speed limits, and
time-to-collision thresholds, symbolic planners are well-suited for decision-making in
safety-critical systems such as AVs.

However, symbolic planners require clean, structured, and semantically meaningful
inputs to operate effectively. Extracting such inputs from raw perception data is
difficult and labor-intensive, limiting their applicability to complex scenarios where
the required preprocessing is expensive to obtain. An alternative approach that
avoids this input bottleneck is end-to-end deep learning, in which neural networks
directly map raw sensor data to planning actions without intermediate symbolic
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1. Introduction

representations [7]. These methods can adapt to different scenarios and learn from
data without requiring manually engineered rules. However, end-to-end methods are
difficult to interpret, do not inherently guarantee safety, and may perform poorly in
unexpected situations, limiting their suitability for real-world autonomous driving.

Despite the complementary strengths of neural and symbolic approaches, they remain
largely separate. There are few frameworks that tightly integrate the semantic
reasoning capabilities of LLMs with the explicit constraints of symbolic planning.
This motivates further investigation of approaches combining the flexibility of neural
methods with the structured decision-making of symbolic planners.

1.2 Purpose
The purpose of this project is to develop and evaluate an integrated framework that
combines the semantic reasoning capabilities of LLMs with the logical structure and
explicit safety constraints of symbolic planning for autonomous driving.

To address this challenge, this project develops and evaluates a pipeline that:

1. Uses a fine-tuned LLM to predict the future trajectories for surrounding objects.

2. Integrates these predictions as dynamic obstacles into a symbolic A* planner
to generate a goal-oriented trajectory for the ego vehicle, while accounting for
safety constraints.

1.2.1 Research questions
The primary research question of this thesis is:

RQ1: Does the proposed neuro-symbolic approach improve safety in
comparison to a standard end-to-end deep-learning-based planner?

This question is addressed through a quantitative experimental evaluation comparing
the performance of the proposed approach to an end-to-end baseline planner.

To further examine the trajectory prediction component, a secondary research
question is considered:

RQ2: How accurately do the LLM-predicted trajectories match the ground-
truth trajectories of the surrounding actors?

1.3 Project Scope
This thesis focuses on developing and evaluating a neuro-symbolic framework for
autonomous driving in simulated intersection scenarios. The work involves developing
an LLM-based trajectory prediction module, integrating its predictions into a symbolic
A* planner, and comparing the resulting framework against an end-to-end deep-
learning-based baseline planner. The scenarios are developed using the Scenic
language and executed in the CARLA simulator. The evaluation is then performed
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1. Introduction

using quantitative metrics to assess trajectory prediction accuracy, goal-reaching
performance, and collision rates based on the generated trajectories of the planners
and corresponding ground-truth coordinates. Real-world testing, extensions to other
driving scenarios, formal safety verification, and comparison with other state-of-the-
art methods are outside the scope of this work.
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2
Related Work

This chapter focuses on three key areas: LLM-based decision-making, symbolic
planning methods, and recent neuro-symbolic approaches. The goal is to highlight
both the strengths and limitations of these methods, and to identify the gap that
motivates the proposed approach.

2.1 LLMs for Decision Making in Autonomous
Driving

The development of LLMs has introduced new approaches to decision-making in
autonomous vehicles [1][8]. Compared to traditional methods that rely heavily on
data and can be hard to explain, LLMs can process natural-language descriptions
and provide contextual interpretations. Despite their advantages, LLMs raise safety
concerns due to hallucinations, overconfidence, and a limited understanding of
physical vehicle dynamics. To address these issues, researchers have developed
modular frameworks that combine LLM-based reasoning with risk quantification or
formal verification.

2.1.1 SafeDrive
LLMs are becoming increasingly relevant in recent research on autonomous vehicles,
especially for scenario interpretation [1]. One example of such an approach is
SafeDrive, a risk-sensitive decision-making framework that utilizes LLMs. This
framework addresses the challenges of ensuring safety in difficult environments
by implementing a risk module, a memory module, an LLM-powered reasoning
module, and a reflection module. The study reports that the incorporation of LLMs
enables better scene/contextual interpretation and human-like reasoning, improving
performance compared to traditional rule-based or learning-based planners in risk-
sensitive environments [1].

In particular, LLMs enable a semantic understanding of complex driving scenes by
interpreting structured and unstructured inputs. This allows them to reason about
interactions between multiple agents in a human-like manner. This capability is espe-
cially useful in scenarios where explicit rule-based formulations become difficult due
to combinatorial complexity. This is particularly relevant in urban driving scenarios,
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2. Related Work

where the number of possible interactions between agents increases significantly and
cannot easily be captured by predefined rules [1].

However, research indicates that an LLM-based planner performs less effectively
when used in isolation, with a standalone LLM agent acting as an end-to-end decision-
maker without external safety constraints, than when integrated into a modular
framework [1]. In the SafeDrive framework for evidence, a baseline GPT-4 agent
achieved a safety rate of only 69.23% to 77.46%, which may be due to overconfidence
and difficulties handling high-risk scenarios [1].

To address these issues, the SafeDrive framework couples the LLM with three
specialized components, a risk module, a memory module and a reflection module.
These modules provide capabilities that the LLM lacks on its own. The risk module
offers a mathematical quantification of perceiving risk (QPR) to prevent risky
manuvers, the memory module ensures consistency by retrieving past experiences,
and the reflection module enables self-correction by analyzing and refining erroneous
actions [1].

Furthermore, while knowledge-driven frameworks, such as SafeDrive, enable high-
level semantic reasoning, they often struggle to explicitly model how the environment
will evolve over time due to a limited understanding of physical laws. As a result,
they may lack the ability to accurately predict the future trajectories of surrounding
actors. To address this gap, frameworks like SANDRA integrate reachability analysis
and set-based predictions to mathematically model all possible future behaviors of
other traffic participants. This ensures that the LLM’s decisions are not only logically
sound but also provably safe within the vehicle’s physical state space [1].

2.1.2 Limitations of Current LLM-based Approaches
These approaches highlight the effectiveness that LLMs can provide for contextual
interpretations and reasoning, but also their limitations when used alone [8][1].
Despite these advances, many existing approaches still rely on LLMs mainly to
generate discrete actions based on the current state of the environment. Safety
is often handled separately, either through external modules or through post-hoc
verification. This separation creates a gap between high-level reasoning and low-level
planning [8]. As a result, it becomes difficult to incorporate predictive information
directly into the decision-making process.

In addition, current methods rarely make full use of LLMs for reasoning about how
a scene may evolve over time [8]. For example, they often do not explicitly consider
how surrounding agents might move. They also do not incorporate such predictions
when selecting actions.

Together, these observations highlight a key limitation in current approaches. While
LLMs provide strong high-level reasoning capabilities, they are not tightly integrated
with the planning process [8]. In practice, prediction and planning are still treated
as separate components, and LLM outputs are rarely used to directly guide the
planning process. This creates a gap between reasoning and planning.

5



2. Related Work

This suggests a need for tighter integration, where LLM outputs can be transformed
into structured representations that directly influence the planning process. Such
integration would enable decisions that are not only context-aware, but also better
aligned with future developments in the environment [8].

2.2 Symbolic Planning for Decision-Making
In autonomous driving, symbolic planning is commonly used as part of the motion
planning module to generate safe and efficient trajectories [4]. The methods represent
the driving situation in a structured way, where the current state includes information
such as the vehicle’s position, speed, and surrounding traffic. Based on this, the
planner can consider different possible actions, such as changing lanes or adjusting
speed, and evaluates how each action would affect the future situation. This allows
the system to reason about different possible actions before making a decision.

2.2.1 Symbolic Planning in Autonomous Driving
An overview of these planning approaches is given in [4], where methods are divided
into rule-based, search-based, and optimization-based strategies. In practice, these
planners generate candidate trajectories for the vehicle by considering factors such
as lane structure, surrounding vehicles, and safety constraints. For example, a
search-based planner may explore different possible paths, such as maintaining the
current lane or performing a lane change, and evaluate them based on cost functions
that capture safety, efficiency, and comfort. Among these approaches, search-based
planners such as A* are particularly relevant, as they explicitly explore candidate
trajectories and evaluate them using structured cost functions. In this thesis, the A*
algorithm is described in Section 3.3.2

The planner then selects the trajectory with the lowest cost that satisfies all con-
straints, such as collision avoidance and speed limits. This process allows the system
to reason about multiple future outcomes before executing an action, making it well-
suited for structured environments like highways, where traffic rules and constraints
are clearly defined.

At the same time, these approaches also have some clear limitations. Since they
rely on predefined states and manually designed constraints, they can struggle
in complex and constantly changing environments. In real-world driving, it is not
possible to anticipate every possible situation in advance, which means that important
interactions or edge cases may not be fully captured. In particular, these planners
are typically provided only with current state information, not predictive models
about future agent behavior.

Another limitation lies in how the environment is represented. Symbolic planners
typically operate on structured inputs generated by perception modules, such as
distances, speeds, and lane positions. Although this type of representation is effective
for enforcing rules and safety constraints, its predefined structure can limit the ability
to capture higher-level aspects of the situation, causing a human-defined information
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bottleneck. These limitations occur because raw sensor data is simplified into a
small set of geometric categories, which can remove important hidden information
needed to understand complex traffic situations [4]. The approach presented in this
thesis uses the same spatial data but avoids these bottlenecks by transforming the
information into natural language-like sequences. The planner still uses the same
safety and cost-minimization logic, but it now operates on more detailed input that
captures contextual aspects of the environment, such as observed driver behaviors
and situational context.

Symbolic planners are typically limited by the input they receive, which describes
only the current state of the environment [4]. They lack access to predictions
about how other agents will behave, limiting their ability to anticipate future
conflicts. The approach presented in this thesis augments the A* planner with LLM-
generated predictions of future agent behavior, enabling it to reason about potential
future interactions while preserving its core planning logic. This limitation becomes
particularly critical in dynamic environments such as intersections, where safe decision-
making depends on anticipating the future behavior of multiple interacting agents.

2.3 Neuro-symbolic approaches
Recent research has explored the integration of neural and symbolic methods to
combine the strength of both paradigms [9]. Neuro-symbolic AI aims to lever-
age the flexibility and learning capabilities of neural networks together with the
interpretability and logical reasoning of symbolic systems.

One example of such an approach is the framework presented in [6], which introduces
a multi-stage pipeline combining generative and formal methods. In this architecture,
an LLM serves as a proposal engine that translates environmental observations into
formal task descriptions. The authors utilize a Sense-Plan-Code-Act (SPCA) loop,
where the core strength lies in its two-step verification. First, a symbolic planner
confirms that the LLM’s plan is logically sound. Then, a second LLM stage translates
that plan into machine code. This setup uses formal rules to guide the AI’s creativity
and reduce the risk of generating invalid actions.

Another recent approach, SanDRA, also implements a decision-making framework
combining LLM-based reasoning with formal verification [8]. This approach incorpo-
rates an LLM for the generation of driving actions and adds a formal verification
layer. Unlike traditional methods that primarily formalize traffic rules, SanDRA
systematically translates both LLM’s high-level actions (e.g. “accelerate” or “stop”)
and traffic regulations into Linear Temporal Logic (LTL) formulas [8]. These formulas
are then combined into a joint specification, allowing the reachability analysis to
verify if a physically feasible trajectory exists that satisfies both the intended driving
behavior and all legal safety constraints.

Integration enables the system to filter out unsafe or infeasible actions by verifying
them against vehicle dynamics and formally specified traffic rules. This method
provides stronger safety guarantees compared to the LLM-based methods alone.
By combining LLM-based reasoning with formal verification, the approach ensures
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that generated actions are both contextually meaningful and compliant with safety
constraints [8].

The contribution of this thesis differs from both SPCA and SanDRA in both its
objective and integration strategy. In the SPCA framework, symbolic reasoning
is primarily used to verify and execute high-level plans generated by an LLM. In
SanDRA, formal verification is used to constrain LLM-generated actions. In contrast,
the approach presented in this thesis uses the symbolic planner as the primary
decision-making component. Rather than generating or constraining high-level
decisions, the LLM is used to predict the future behavior of surrounding agents.
These predictions are incorporated into the planning process as enhanced input,
allowing the planner to reason about potential future interactions while preserving
its existing safety and decision-making logic.

8



3
Theoretical Background

This chapter discusses the theoretical foundation for neuro-symbolic AI.

3.1 Large Language models
This sections provides essential background on LLMs. LLMs are advanced artificial
intelligence models that are extensively unsupervised per-training on huge text
datasets to understand, generate, and handle human-like text. They are able to
write articles, summarize texts, translate languages, and create contents like images
or code [10].

3.1.1 Terminology
Model Size: The term "model size" refers to the number of parameters the model
has [11]. Larger models typically have more parameters, enabling them to encode
more data patterns and navigate complex language relationships. While this allows
a larger model to capture more subtleties in the data, it’s important to note that
these models require significant computational resources for training and substantial
memory to store the parameters.

Base model: A pre-trained language model provides the foundational layer from
which specialized models are developed for diverse downstream tasks, such as trans-
lation or text classification [11].

Fine-tuning: As a specialized form of transfer learning, fine-tuning involves the fur-
ther training of a pre-trained model on a targeted dataset to improve its performance
for a specific domain or task [11].

Hallucinations: Refers to the phenomenon, where LLMs generates outputs that are
either nonsensical or unfaithful to the provided source material. In these moments,
the model generates false details that are grammatically correct but have no basis in
fact [12].

3.2 Supervised Fine-Tuning (SFT)
Base models are typically pre-trained on large-scale unlabeled data and are therefore
not inherently optimized for specific tasks [13]. Supervised fine-tuning adapts a
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pre-trained model to a target task using labeled data. Model parameters are updated
through gradient-based optimization. The goal is to minimize a task-specific loss
function.

3.2.1 Full Fine-tuning
In full fine-tuning, all parameters of the pre-trained model are updated during
training [13]. This method allows the model to fully adapt to the target task and
can lead to strong performance, when the computional resources are sufficient.

In contrast, modern large language models often contains billions of parameters. This
makes full fine-tuning computationally expensive in terms of GPU memory, storage,
and training time. Furthermore, maintaining separate fully fine-tuned models for
different tasks is inefficient. Each task requires storing a complete copy of the model.

3.2.2 Parameter-Efficient Fine-Tuning (PEFT)
To address the limitations of full fine-tuning, parameter-efficient fine-tuning (PEFT)
methods have been introduced. Instead of updating all model parameters, PEFT
modifies only a small subset of parameters, while the majority of the pre-trained
model remains frozen. This significantly reduces computational cost and memory
requirements, while maintaining competitive performance compared to full fine-tuning
[13].

One widely used PEFT method is Low-Rank Adaptation (LoRA). Instead of directly
modifying the original model weights, LoRA introduces trainable low-rank matrices
into selected layers of the model [14]. During training, only these additional matrices
are updated, making the fine-tuning process much more efficient.

Figure 3.1: Comparison of different fine-tuning methods and their memory require-
ments. QLoRA reduces memory consumption compared to LoRA by quantizing the
pre-trained model weights to 4-bit precision and using paged optimizers to handle
memory spikes. Source: Adapted from [15].

For this thesis, Quantized Low-Rank Adaptation (QLoRA) was used due to limited
computational resources. QLoRA extends LoRA by combining parameter-efficient
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fine-tuning with model quantization [15]. Specifically, the pre-trained model weights
are quantized to 4-bit precision, substantially reducing memory usage, while the
low-rank adaptation matrices remain trainable in higher precision [15]. Figure 3.1
illustrates the differences between full fine-tuning, LoRA, and QLoRA in terms of
parameter updates and memory requirements.

3.3 Symbolic Planner
This section presents the theoretical background necessary to understand how sym-
bolic planners work, with a particular focus on the A* algorithm, which is used as
the symbolic planner in this thesis.

3.3.1 Search-Based Path Planning
Autonomous driving requires the generation of safe and feasible trajectories under
dynamic and uncertain environmental conditions. Among classical motion planning
paradigms, search-based planning methods are highly relevant due to their ability to
systematically explore feasible motion alternatives. This method optimizes predefined
cost functions under operational constraints such as obstacle avoidance, vehicle
dynamics, and traffic regulations [4].

In search-based planning, the motion planning problem is formulated as a state-space
search problem. Nodes represent possible vehicle states and edges correspond to
feasible transitions between those states. Different search strategies involve trade-
offs between computational efficiency and solution quality. Cost-based exploration
methods can provide optimal solutions but may become computationally expensive
in large search spaces. In contrast, heuristic-driven approaches improve efficiency by
directing exploration toward promising regions of the search space, though this may
sacrifice optimality [16].

These trade-offs are particularly important in autonomous driving, where planning
must satisfy both strict real-time requirements and safety constraints. This motivates
the use of A* search, which balances computational efficiency with solution quality
through heuristic-guided search.

3.3.2 A* Search Algorithm
A* is a heuristic search algorithm widely used for route planning in robotics and
autonomous driving due to its balance between computational efficiency and solution
quality [4]. As discussed in the previous section, search-based planning methods
involve a trade-off between exhaustive exploration and heuristic efficiency. A*
addresses this trade-off by combining exact path cost accumulation with heuristic
goal-directed search [17].

The A* algorithm evaluates candidate nodes using the function:

f(n) = g(n) + h(n)
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Where f(n) represents the estimated total cost of a path passing through node
n, g(n) denotes the accumulated cost from the initial state to node n, and h(n)
represents a heuristic estimate of the remaining cost from node n to the goal state.

Figure 3.2: Illustration of the A* search principle. Candidate nodes are evaluated
using the total estimated cost f(n) = g(n) + h(n), where the node with the lowest
evaluation value is selected for further exploration.

At each step, A* prioritizes the nodes with lowest estimated total cost for further
exploration. In this way, the algorithm balances the cost of the path already traveled
with an estimate of the remaining distance to the goal [17].

The relationship between g(n) and h(n) influences the behavior of the algorithm.
When the heuristic provides little useful information about the remaining cost to the
goal, A* behaves more similarly to Dijkstra’s algorithm and explores a larger search
space, increasing the computational cost. In contrast, an informative heuristic can
more directly guide the search towards the goal and, thus, reduce the search space.
However, the influence of the heuristic should not be confused with the guarantee
of optimality of A*. Standard A* is guaranteed to find an optimal solution when
the heuristic is admissible, meaning it never overestimates the true cost from a
node to the goal. If A* heuristic is given additional weight then the search becomes
more goal-oriented but may optimally perform worse for reduced computational cost.
Greedy Best-First Search represents a more extreme case in which the search is guided
only by h(n) and does not account for the cost already accumulated. Therefore, the
choice and properties of the heuristic function play an important role in balancing
search efficiency and solution optimality for A*.

A common heuristic for spatial path planning is the Euclidean distance between the
current node and the goal:

h(n) =
√

(xn − xg)2 + (yn − yg)2
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where (xn, yn) represents the current node position and (xg, yg) the goal position.When
the movement costs are based on Euclidean distances, this heuristic is admissible
and consistent, since the straight-line distance never exceeds the length of a path
between two points.
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4
Methods

This chapter details the development and evaluation of the proposed neuro-symbolic
framework. The methodology is divided into four main stages, scenario design and
data gathering, LLM trajectory prediction, symbolic path planning, and evaluation.

4.1 System Overview

The framework combines an LLM with symbolic planning to integrate semantic
reasoning with formal safety guarantees. Rather than using the LLM as an end-to-end
decision-maker, the system separates trajectory prediction from path planning. The
LLM predicts surrounding actors future trajectories, and the purpose of the symbolic
A* planner is to use these predictions to generate a safe, collision-free trajectory for
the ego vehicle.

The pipeline consists of two parallel approaches that are evaluated for comparison.
In the neuro-symbolic approach, a fine-tuned LLM predicts the future positions of
surrounding actors. These predictions are incorporated into a grid-based occupancy
representation and used by the A* planner to reason about spatial-temporal safety. In
the end-to-end baseline approach, the same pre-trained LLM is separately fine-tuned
to directly generate an ego vehicle trajectory without symbolic verification, providing
a control for evaluating the benefit of explicit safety planning.
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Figure 4.1: Overview of the proposed pipeline, including scenario generation, dataset
preparation, QLoRA fine-tuning, and the evaluation of the neuro-symbolic and
end-to-end planning approaches based on safety and goal completion.

Data flows through four main stages: (1) scenario generation, in Scenic, which
are then executed in CARLA producing simulated driving scenes with varying
actors, speeds and distances, (2) pre-processing converts raw JSON logs from the
simulated driving scenes into natural language-formatted training sequences that
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contain measurements of the last five steps, (3) the Mistral 3-8B model is fine-tuned
with QLoRA on the same dataset for trajectory prediction and end-to-end planning,
but only the safe scenarios are used for training the end-to-end planner. For the
neuro-symbolic approach, the fine-tuned LLM predicts future trajectories, which are
then integrated into a symbolic A* planner to generate collision-free paths towards
the goal, (4) both the fine-tuned end-to-end planner and the neuro-symbolic planner,
which combines LLM-based trajectory prediction with A* search, are evaluated
using the safety metrics of collision rate and goal completion. The comparative
evaluation directly addresses whether integrating LLM-based trajectory prediction
with symbolic A* search improves safety relative to pure LLM-based planning. Figure
4.1 illustrates a overview of the proposed system architecture.

4.2 Dataset Generation
There are two parts to obtaining a dataset in this thesis project. The first is to create
a scenario in the Scenic language that defines ranges of parameter values rather than
fixed values, allowing each simulation run in CARLA to produce a different variation
of the same base scenario. The second is to collect a decided amount of data of that
defined scenario.

4.2.1 Scenario Creation
Before collecting the data, the scenarios to be used for training the LLM had to
be defined. One of the most common traffic scenarios that exist is the intersection
scenario. An intersection scenario can have a wide variety of outcomes, since multiple
factors affect the traffic behavior. The scenario can vary in the number of traffic
participants, their directions of approach, and their speeds. Hence, for this thesis
project the specific scenario chosen was a four-way intersection, because of its
variability.

1 EGO_MODEL = "vehicle.tesla.cybertruck"
2 EGO_SPEED = Range(5, 10)
3

4 CARS_MODEL = "vehicle.audi.tt"
5 CARS_SPEED = Range(5, 10)
6

7 PEDESTRIAN_SPEED = Range(0, 3)

Listing 4.1: Example of speed range definitions for actors in a Scenic scenario.

1 pedestrian_one = new Pedestrian right of crossing_one by Range(1, 4),
2 facing Range(60, 120) deg relative to crossing_one.heading,
3 with regionContainedIn None,
4 with behavior PEDESTRIAN_Behavior(PEDESTRIAN_SPEED)
5 require 0 <= (distance from pedestrian_one to crossing_one) <= 20

Listing 4.2: Example of distance and heading definitions for actors in a Scenic
scenario.
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The language, Scenic, was used to develop the intersection scenarios. The three
Scenic files created contain varying numbers and types of actors. In this context,
an actor refers to either a pedestrian, a cyclist, or a vehicle. The first file includes
an ego vehicle, a pedestrian, a cyclist, and another vehicle. The second file has an
ego vehicle, a cyclist, and another vehicle. Lastly, the third Scenic file contains an
ego vehicle, two other vehicles, and two pedestrians. All these actors traverse the
intersection in some way, and by applying numerical ranges, multiple variations of
the same scenario can be achieved. Listing 4.1 shows how a range is utilized to
define different speeds for the actors. When the scenario is executed in the CARLA
simulator, the speed values are randomly chosen from the specified range. The same
technique is used to define the actors’ distances and headings, which can be seen in
Listing 4.2.

4.2.2 Data Collection

For data collection, the CARLA simulation environment was used to run the defined
Scenic scenarios. Each Scenic scenario was configured to run 2000 times. However,
the CARLA simulations did not complete all 2000 iterations for any of the three
defined scenarios. In total, 4382 JSON files were collected, where one JSON file
captures one full scenario.

The data generated from each CARLA simulation run is stored in a JSON format,
capturing the state of the environment at each timestep. The simulation is executed
with a fixed timestep of 0.1 seconds and each simulation was set to a duration of 20
seconds. By choosing a timestep of 0.1 seconds, it is possible to gather significantly
more data than with a timestep of e.g. 1.0 seconds. This higher temporal resolution
provides more data points per scenario, giving the preprocessing step more flexibility
in selecting which timesteps to include in the training samples. Each scenario’s JSON
file contains metadata, such as the random seed, map, initial ego speed, and the
timesteps. For every timestep, at an interval of 0.1 seconds, the system records its
actors with a unique ID, vehicle type, spatial coordinates (x, y), speed, and heading.
Additionally, it records interaction metrics between the ego vehicle and the other
actors, specifically the euclidean distance and time-to-collision (TTC).

4.3 A Neuro-Symbolic Planner

The proposed thesis approach combines an LLM-based trajectory prediction compo-
nent with an A* planner. The LLM predicts the future trajectories of the surrounding
actors, while the A* planner utilizes these predictions to plan a path for the ego
vehicle.
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(A) LLM trajectory prediction of the
surrounding actor.

(B) A* plans the path for the ego
vehicle.

Figure 4.2: Overview of the proposed neuro-symbolic planner.

An overview of the proposed neuro-symbolic planner approach is shown in Figure
4.2. Part (A) of Figure 4.2 illustrates the neural component of the approach. The
blue vehicle represents the ego vehicle, while the yellow vehicle represents the current
position of a surrounding actor. The five red dashed lines represent the LLM’s
predicted trajectory steps over the next five steps for that actor. Next, part (B) of
Figure 4.2 illustrates the symbolic component of the approach. Here, the A* planner
utilizes the LLM’s predicted trajectory of the surrounding actor over the next five
time steps to determine a path, the blue line, for the ego vehicle.

4.3.1 An LLM for Predicting the Trajectories of Surrounding
Actors

The neural component of the framework focuses on predicting the five future states
of the surrounding actors. To achieve this, data preprocessing is applied before
fine-tuning a pre-trained LLM.

4.3.1.1 Model Selection and Preparation

A pre-trained LLM, based on the Mistral architecture, is used as the base model.
The model, Ministral-3-8B-Base-2512, is loaded with its corresponding tokenizer to
ensure consistency between text representation and model input.

One issue encountered when retrieving the LLM was the company’s proxy, which
blocked direct access to Hugging Face. As a result, the model had to be down-
loaded locally and then manually transferred to the Linux server for deployment.
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Furthermore, mistral-common, a set of utilities for working with Mistral AI models,
is required to enable compatibility with the Transformers library. This package also
had to be downloaded locally and manually transferred to the server before use.

4.3.1.2 Data Preprocessing

The data generated from the CARLA simulator, described in Section 4.2, is stored
in a JSON format. This data is converted into a JSONL format, where each line
represents a single training sample for the LLM. The JSONL format was chosen over
the standard JSON format because JSONL is designed to handle larger and more
scalable datasets, which is an important factor for LLM usage [18].

The input data for the LLM is further transformed into a more textual format by
incorporating linking words, such as with and and. The idea is to improve the LLM’s
contextual understanding of the environment by providing coherent sentences rather
than isolated lines with data. There are two lines with the abbreviation TTC, time
to collision, where the number of TTC lines correspond to the number of actors
present in the input. The input data is structured as follows:

1 "PROMPT: ":
2 Trajectory history (5 steps)
3 t: seconds
4 Ego: vehicle type (vehicle id) with position (x, y), has speed m/s and

heading degrees
5 Other: vehicle type (vehicle id) with position (x, y), has speed m/s and

heading degrees
6 Other: vehicle type (vehicle id) with position (x, y), has speed m/s and

heading degrees
7 Distance: meters, TTC: seconds
8 Distance: meters, TTC: seconds

Thus, the data is reformulated into more natural language-like sequences. These
descriptions capture the states of all actors in the scene, including the ego vehicle. By
representing the data in this textual format, the model can process it as a sequence
and learn to predict future states. The prompt component follows the same format
across all samples, which makes it easier for the model to learn patterns in the
data. Since the input contains exactly five time steps, the task can be viewed as a
time-series prediction problem. In this setting, the model can learn how past states
and interactions between actors influence future behavior.

The ground truth data, representing the five future time steps, is stored in a similar
JSONL format. Its structure is very important, as it determines the format of the
LLM’s output, which consists of predicted trajectories for the surrounding actors
over the next five time steps. The LLM is tasked exclusively with predicting the
future trajectories of actors surrounding the ego vehicle. Therefore, only these actors
are included in the ground truth data. The format of the ground truth is as follows:
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1 "GROUND TRUTH: ":
2 "id: <actor_id1>, pos: (x, y); id: <actor_id2>, pos: (x, y)\n
3 id: <actor_id1>, pos: (x, y); id: <actor_id2>, pos: (x, y)\n
4 id: <actor_id1>, pos: (x, y); id: <actor_id2>, pos: (x, y)\n
5 id: <actor_id1>, pos: (x, y); id: <actor_id2>, pos: (x, y)\n
6 id: <actor_id1>, pos: (x, y); id: <actor_id2>, pos: (x, y)"

4.3.1.3 Fine-Tuning the LLM

Before fine-tuning the LLM, the collected dataset was divided into training, validation,
and test sets. Before dividing the collected dataset, duplicate JSON files were
identified and removed to ensure that each scenario was represented only once.
Additionally, since the 0.1 second time steps gathered from the CARLA simulator
resulted in only small movements of the actors, the data was downsampled to every
0.5 seconds. The dataset was then divided into training, validation and test sets.
The 4382 collected scenario logs, mentioned in Section 4.2.2, were randomly split
at log-level, with 80% allocated to the training set, and 10% each to the validation
and test sets. Each scenario log was assigned to a single set before the training
examples were generated. This guaranteed that examples originating from the same
scenario log did not appear across dataset splits, thus preventing potential data
leakage between the sets.

After dataset preparation, we applied parameter-efficient fine-tuning to the pre-
trained language model using QLoRA (Quantized Low-Rank Adaptation). This
approach enables efficient training by reducing memory usage while maintaining
strong performance.

First, the base model is prepared for low-bit (k-bit) training, allowing it to operate
with reduced precision. The original model parameters are kept frozen during training.
Instead of updating all model parameters, LoRA introduces additional trainable
parameters in the form of low-rank matrices that are incorporated into the model’s
linear layers.

The LoRA configuration is controlled by three main hyperparameters: (1) the rank r,
which determines the dimensionality of the low-rank matrices, (2) the scaling factor
α, which controls the contribution of the LoRA update to the original weights, (3)
the dropout rate, which regularizes the LoRA layers during training. In this work,
r = 8, α = 32, and the dropout rate is 0.1. The adaptations are applied to all linear
layers in the model. This significantly reduces the number of trainable parameters
compared to full fine-tuning.

The model is trained using a causal language modeling objective, in which it learns
to predict the next token in a sequence. The input text is tokenized and truncated to
a maximum length of 1024 tokens. Padding is applied where necessary, and padding
tokens are ignored during loss computation. Training is performed using the Hugging
Face Trainer framework. A per-device batch size of 1 was used to accommodate
the model within the available GPU memory. Gradients were accumulated over
4 steps, resulting in an effective batch size of 4. A learning rate of 2 × 10−4 was
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used for training. A maximum of 3 epochs was set based on previous training runs,
where additional training did not produce any meaningful improvement in model
performance. To reduce the risk of overfitting, the validation loss was evaluated
at every 200 training steps, with early stopping enforced after three consecutive
evaluations without improvement. Checkpoints were saved based on validation loss,
and the checkpoint with the lowest validation loss was saved at the end of training
and used as the final model.

Parameter Value
Fine-tuning method QLoRA
LoRA rank (r) 8
LoRA scaling factor (α) 32
LoRA dropout 0.1
Target modules All linear layers
Training objective Causal language modeling
Maximum sequence length 1024 tokens
Batch size per device 1
Gradient accumulation steps 4
Effective batch size 4
Number of epochs 3
Learning rate 2 × 10−4

Base model parameters Frozen
Trainable parameters LoRA adapters only
Padding in loss Ignored
Training framework Hugging Face Trainer

Table 4.1: QLoRA fine-tuning configuration for the LLM.

During training, only the LoRA parameters are updated, while the original base
model weights remain unchanged. After training, the fine-tuned LoRA adapters
and tokenizer are saved for later use in trajectory prediction. As a result, only the
adapter parameters need to be stored, rather than a complete copy of the entire
model. The full QLoRA fine-tuning configuration for the LLM can be viewed in
Table 4.1.

4.3.1.4 Evaluation Metrics

To evaluate the trajectory prediction accuracy, we employ the Average Displacement
Error (ADE) metric. ADE is defined as the mean Euclidean distance between the
predicted positions and the ground truth positions across all prediction timesteps:

ADE = 1
T

T∑
t=1

√
(x̂t − xt)2 + (ŷt − yt)2

where x̂t, ŷt are the predicted coordinates at timestep t, xt, yt are the ground truth
coordinates, and T is the prediction horizon.
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4.3.2 A* Planner
The symbolic component of the framework is an A* search planner. The planner
uses the predicted trajectories of surrounding actors given by the fine-tuned LLM to
evaluate potential collisions and identify a safe, collision-free, trajectory through the
scenario for the ego vehicle.

4.3.2.1 Environment Representation

The driving environment is represented as a local ego-centric occupancy grid. This
grid provides a discrete representation of the area surrounding the ego vehicle, which
allows the planner to reason about free space and obstacles in a structured way. The
grid is centered on the ego vehicle and covers only a limited local region of the entire
CARLA map. This technique reduces computational complexity and prioritizes the
areas most relevant to planning.

Figure 4.3: Example of local ego-centric occupancy grid.

The grid uses a spatial resolution of 0.5 meters per cell, meaning that each grid cell
represents a physical area of 0.5 × 0.5 meters in the simulation environment. The
planning range extends 50 meters in each direction from the ego vehicle, resulting in
a total area of 100 m × 100 m, which at a resolution of 0.5 m per cell produces a grid
of 200 × 200 cells. To transform CARLA world coordinates into grid coordinates,
a coordinate transformation is applied relative to the ego vehicle position. The
transformation is defined as follows:

gx = x − xego + R

resolution (4.1)

gy = y − yego + R

resolution (4.2)
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Symbol Description
x, y World coordinates
xego, yego Ego vehicle coordinates
R Local planning range (50 m)
resolution Grid cell size (0.5 m)

Table 4.2: Parameters used for coordinate transformation

The parameters used in the coordinate transformation are summarized in Table 4.2.
This transformation maps continuous CARLA world coordinates to discrete grid
indices, as seen in Figure 4.3.

Value Description
0 Free drivable road
1 Occupied by predicted dynamic obstacles
2 Non-drivable area (off-road regions)

Table 4.3: Occupancy grid cell states

The occupancy grid uses three cell states to represent the environment, as shown in
Table 4.3. A value of 0 represents a free drivable road, a value of 1 represents an
occupied cell, and a value of 2 represent a non-drivable area. These states allow the
A* planner to distinguish between traversable and unsafe regions in the map while
accounting for the predicted positions of the surrounding actors.

4.3.2.2 Road Representation

The road geometry is obtained directly from the CARLA map by sampling road
waypoints along the drivable road network. These sampled waypoints provide a
discrete approximation of the geometry of the road center line in world coordinates.
Instead of using the full global map during planning, only the road points located
within the local planning region around the ego vehicle are considered.

To determine whether a grid cell belongs to the drivable road surface, the Euclidean
distance from the center of the cell to the nearest sampled road waypoint is computed.
Since the waypoints are densely sampled, this distance provides a close approximation
of the lateral distance to the road center-line. A predefined lane half-width is used
as the threshold, representing the maximum distance from the center-line at which a
cell is considered part of the drivable corridor. If this distance is smaller than the
predefined lane half-width, the cell is classified as drivable, otherwise, it is classified
as non-drivable. In this way, the continuous road geometry from CARLA is converted
into a local binary road mask.

Formally, the road mask M(gx, gy) is defined as:
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M(gx, gy) =


1, if min

(xr,yr)∈R

√
(xcell − xr)2 + (ycell − yr)2 ≤ w

0, otherwise

where M(gx, gy) = 1 denotes a drivable road cell and M(gx, gy) = 0 denotes a
non-drivable cell. Furthermore, R denotes the set of sampled road waypoints, (xr, yr)
is a road waypoint in world coordinates, (xcell, ycell) is the center of the current grid
cell, and w is the road-width threshold. This road mask is then used to distinguish
drivable road cells from off-road cells in the occupancy grid.

4.3.2.3 Trajectory Prediction Representation

The trajectory predictions generated by the LLM are incorporated into the planning
framework as dynamic obstacles. These predictions are provided as future actor
positions in CARLA world coordinates and must therefore be transformed into a
representation that can be used by the occupancy-grid-based planner.

The world-coordinate positions are converted into local grid coordinates using the
ego vehicle’s current position as the reference. The predicted trajectories preserve
their temporal ordering and are used separately by the A* planner for time-indexed
collision checking and the evaluation of future conflicts with surrounding actors.

The predicted trajectories consist of discrete position estimates associated with
future timestamps. The A* planner uses these predictions to assess whether potential
collisions at future planning steps could occur.

The predicted actor positions are projected onto the local occupancy grid using the
coordinate transformation described in Equations 4.1 and 4.2. As a result, every
actor is represented as a sequence of occupied grid cells over time. The predicted
trajectory of actor i can therefore be represented as a sequence of grid-cell coordinates
associated with timestamps:

Oi =
{
(g1

x, g1
y , t1), (g2

x, g2
y, t2), . . . , (gn

x , gn
y , tn)

}
. (4.3)

Here, (gk
x, gk

y) denotes the grid cell coordinates occupied by the actor at time tk.

Unlike static obstacles, dynamic obstacles can change their position over time as the
actor moves according to the predicted trajectory. This means that the planner must
consider both where obstacles are located and when they will be there. By doing so,
it can detect potential collisions in advance instead of only reacting when they occur.
The resulting representation of dynamic obstacles is then used for collision checking
and safety verification.

4.3.2.4 Motion Planning with A*

Once the driving environment and predicted actor trajectories have been represented
in the occupancy grid, motion planning is performed using the A* search algorithm.
The goal of the planner is to find a low-cost and safe trajectory from the current

24



4. Methods

ego vehicle’s position to a predefined goal position while avoiding both static and
dynamic obstacles.

To account for the movement of surrounding actors, the planner incorporates both
spatial and temporal information into the search process. The search is performed in
a three-dimensional state space consisting of spatial position and time. A state is
defined as

s = (x, y, t) (4.4)

where x and y denote the occupancy grid coordinates and t denotes the planning
timestep. Including time as part of the state representation enables the planner
to reason about dynamic obstacles whose positions change over time. This means
two states with identical spatial coordinates but different timestamps are considered
different states. This allows the planner to evaluate, wether a particular location is
safe to occupancy at a specific time.

The initial state corresponds to the current grid position of the ego vehicle, while
the goal state is defined as the grid cell corresponding to the target location. The
search process explores feasible state transitions until an appropriate path to the
goal is found.

At each planning step, the ego vehicle may execute one of five discrete actions:

A = up, down, left, right, wait (4.5)

The four movement actions move the ego vehicle one grid cell (0.5 m) in the corre-
sponding direction on the occupancy grid, up, down, left, and right each shift the ego
by one cell along the respective grid axis, and the wait action allows it to remain at
its current position. These are discrete grid-level movements, not physical steering
commands. The planned sequence of grid cells is then passed to CARLA’s built-in
waypoint follower, which handles smooth vehicle control.

The wait action is important in dynamic environments because it allows the vehicle
to stay in the same position when a future collision is predicted. Instead of taking
an unnecessary detour, the vehicle can simply wait until the other actor has passed
and the path is safe again.

Each action has a unit cost and advances the planning process by one timestep.
The transition model defines how the planner moves from one state to another after
executing an action. Given a current state

s = (x, y, t) (4.6)

and an action defined by the displacement

a = (∆x, ∆y), (4.7)
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the resulting successor state is computed as

T (s, a) = (x + ∆x, y + ∆y, t + 1). (4.8)

Action ∆x ∆y
up 0 +1
down 0 -1
left -1 0
right +1 0
wait 0 0

Table 4.4: Grid displacement for each action.

The displacement values (∆x, ∆y) for each action are fixed as shown in Table 4.4.
Furthermore, every action advances the planning time by one timestep regardless of
whether the ego vehicle moves or waits.

Before a successor state is added to the search tree, a number of checks are performed.
States outside the occupancy grid are removed, and states that move into non-
drivable cells are rejected. The planner also checks for collisions with the predicted
trajectories of surrounding actors. Only states that pass all checks are considered
during planning.

By combining spatial reasoning with temporal reasoning, the transition model enables
the planner to anticipate future conflicts and generate collision-free trajectories in
dynamic traffic scenarios.

4.3.2.5 Safety Verification

To find a path towards the goal, the planner evaluates candidate states with respect to
the predicted motion of surrounding actors. Safety verification is integrated directly
into the A* planning process and is performed when successor states are evaluated.
It consists of three complementary components, collision checking, a temporal safety
buffer, and future conflict evaluation. Collision checking rejects states that violate the
hard collision constraint, while the temporal safety buffer extends collision checking
across a forward time window. Future conflict evaluation further discourages the
planner from selecting states that may lead to unsafe interactions with surrounding
actors in the near future.

Collision checking is performed whenever a new successor state is generated. The
planner compares the position of the ego vehicle with the predicted positions of
surrounding actors and computes the Manhattan distance:

d(s, oi) = |x − px| + |y − py|

where (x, y) denotes the position of the ego vehicle and (px, py) denotes the predicted
position of the actor i.
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To account for the separation required between actors, a collision radius rc is defined
around each predicted actor position. A state is considered unsafe if d(s, oi) ≤ rc.
When the condition is satisfied, the state is rejected and not added to the search
tree. hard constraint prevents the planner from considering states that bring the ego
vehicle within the specified collision radius of a predicted actor position.

Although the collision check removes states where the ego vehicle would be too
close to another vehicle at a given timestep, there is still a possible source of error.
The planner’s timesteps and the LLM’s predicted timestamps do not always match
exactly. In addition, the ego vehicle may not move exactly as planned because of
delays or limits in acceleration. This means that the vehicle’s actual position can be
different from the planned position, which may affect the collision check.

To compensate for this temporal uncertainty, a temporal safety buffer of size Tb is
introduced. Instead of checking for a collision only at the exact current planning
timestep t, the safety check is extended over a forward-looking time window:

ť ∈ [t, min(t + Tb, Tmax)] (4.9)

where Tmax is the length of the prediction horizon. A state s = (x, y, t) is therefore
considered unsafe if any predicted actor i is located within the collision radius rc at
any timestep ť within this window:

∃ i, ∃ ť ∈ [t, min(t + Tb, Tmax)] : d
(
(x, y), pi(ť)

)
≤ rc (4.10)

where pi(ť) = (px, py) is the predicted grid position of actor i at time ť.

The temporal buffer is set to Tb = 12 planning steps, with each planning step
corresponding to ∆tplan seconds. This corresponds to a forward-looking temporal
buffer of 12∆tplan seconds checking the current timestep and up to 12 subsequent
planning steps. The actual window may be shorter near the end of the prediction
horizon. This makes the collision check more conservative and reduces the risk of
accepting states that seem safe at one exact time but may become unsafe because of
timing differences.

Collision checking removes states that are immediately unsafe. A state can pass the
collision check and still lead to an unsafe situation a short time later. To handle
this, the planner also evaluates possible future conflicts. Rather than completelty
rejecting these states, a soft penalty is assigned to states to bring the ego vehicle
too close to other actors within a short lookahead horizon. For a state s = (x, y, t),
the planner checks the predicted positions of all actors over a lookahead horizon of
H = 12 planning steps, that is t′ ∈ {t, t + 1, ..., t + 11}. For each of these time steps
and for each actor i, it calculates the Manhattan distance between the ego vehicle
and the predicted position of the actor:

di(t′) = |x − pi
x(t′)| + |y − pi

y(t′)| (4.11)

If this distance falls below a safe distance threshold dsafe, a penalty proportional to
the magnitude of the violation is incurred:
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πfuture(s) = wf

∑
i

t+H−1∑
t′=t

max
(
0, dsafe − di(t′)

)
(4.12)

where wf = 5 is a fixed weighting factor, dsafe = 6 grid cells, and H = 12 planning
steps. These parameter values were selected empirically through simulation testing.
This mechanism discourages the planner from entering states that are likely to
converge towards occupied cells in the near term, even when those states do not
immediately trigger a hard collision constraint. In combination with the collision
check and the temporal safety buffer, the future conflict evaluation produces a safety-
aware planning behaviour that considers both present and near-future interactions.

4.3.2.6 Cost Function and Heuristic

The A* algorithm evaluates each state by combining the accumulated cost from
the start state with a heuristic estimate of the remaining cost to the goal. This is
expressed using the standard formulation:

f(s) = g(s) + h(s) (4.13)

where g(s) is the accumulated cost from the start state to s, and h(s) is the heuristic
estimate of the remaining cost to the goal. The function f(s) therefore represents
the estimated total cost of a path through state s.

The accumulated cost g(s) is calculated by summing the transition costs along the
path. The transition cost for applying action a in state s is defined as:

C(s, a) = cmove(a) + πsafe(s) + πfuture(s) + πroute(s) (4.14)

where cmove(a) is the base movement cost, and πsafe(s), πfuture(s), and πroute(s)
are penalty terms associated with safety, future conflicts, and route consistency,
respectively.

The heuristic function h(s) estimates the remaining cost from the current state to
the goal and guides the search toward promising states. In this work, the heuristic is
based on the Manhattan distance between the current position and the goal:

h(s) = |xs − xgoal| + |ys − ygoal| (4.15)

For A* to guarantee an optimal solution, the heuristic must be admissible, meaning
that it never overestimates the minimum remaining cost to the goal. This depends
on the movement costs used by the planner and the relationship between those costs
and the Manhattan distance.

The safety cost penalties states in which the ego vehicle is in close proximity to
a predicted actor at the current timestep. As described in the collision-checking
procedure in Section 4.3.2.5, states within the hard collision radius rc are rejected
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during planning. The soft safety penalty is additionally applied to states that are
near but outside this hard boundary. This gradient penalty discourages the planner
from planning trajectories that pass too close to surrounding actors, even when no
hard collision is detected.

πsafe(s) = max
(
0, dsafe − dmin(s)

)
· ws (4.16)

where dmin(s) is the minimum Manhattan distance to any predicted actor position
within the temporal safety window, dsafe = 6 grid cells is the soft safety threshold, and
ws = 2 is the associated penalty weight. States in which dmin(s) ≥ dsafe receive no
safety penalty, while states that are closer to the nearest actor receive a proportionally
larger penalty.

The heuristic function provides a lower-bound estimate of the cost remaining from a
given state to the goal.

h(s) = |x − gx| + |y − gy| (4.17)

where (gx, gy) is the goal grid cell and (x, y) is the current ego grid position.

The Manhattan distance is used as an admissible heuristic since each action moves
the ego vehicle by exactly one grid cell. Therefore, it never overestimates the true
cost of reaching the goal, allowing A* to find an optimal path according to the
defined cost function. In addition, the heuristic is consistent because it satisfies the
triangle inequality for every state transition. As a result, A* avoids re-expanding
closed nodes, improving the efficiency of the search.

4.4 An End-to-End Neural Planner
The end-to-end neural planner serves as a baseline for evaluating the proposed
neuro-symbolic approach. Unlike the neuro-symbolic planner, the end-to-end planner
directly generates the ego vehicle’s trajectory from the input without any other
component.

4.4.1 Motivation and Design
The previous approach combines an LLM for trajectory prediction with a symbolic
A* planner, where the predicted trajectories are represented as dynamic obstacles
during planning. This modular design separates prediction and planning into two
independent components.

To provide a baseline for comparison, we also develop an end-to-end planning approach
based entirely on a fine-tuned LLM. Rather than predicting the future trajectories of
surrounding actors, this model directly predicts the ego vehicle’s trajectory through
the scenario. Consequently, the planning process is performed entirely by the LLM
without relying on a separate symbolic planner.
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The purpose of this model is not to replace the neuro-symbolic planner, but to enable
a direct comparison between modular neuro-symbolic planning and end-to-end LLM-
based planning under the same driving scenarios.

4.4.2 Dataset Generation
The end-to-end planner dataset was generated from the same original scenario JSON
logs used for the trajectory-prediction dataset. The original scenarios were generated
with a randomness to actor behavior and did not define a specific goal for the
scenario, since the scenarios were generated for the trajectory-prediction component.
For the end-to-end planner, a goal and the ego vehicle’s delta to the goal were
added as additional input. The end-to-end planner dataset was restricted to safe
scenarios where there occurred no collisions, resulting in fewer scenarios for training
the end-to-end deep-learning planner. The supervision also differs between the two
datasets. Rather than extracting the future positions of surrounding actors, the
ego vehicle’s own future behavior is extracted as the training target. Although the
end-to-end planner was conditioned on the goal position and the ego vehicle’s delta
to the goal, the ego trajectories were not originally generated with an explicitly
defined goal. Therefore, the dataset had to be adjusted so that the last position of
the ego vehicle in the scenario became the goal position if the position required the
ego vehicle to traverse through the intersection and stop at a safe position after it.

Each scenario is associated with a fixed position of the target (gx, gy) defined by the
scenario family and stored in a goal configuration file. For each training sample, the
current distance and direction to the goal are computed and included in the prompt,
making the planning task goal-conditioned. As with the trajectory-prediction dataset,
the raw simulation data is sampled from 0.1 s to 0.5 s intervals and a sliding-window
approach is applied with a history of 5 steps and a prediction horizon of 5 future ego
steps. The resulting dataset is split into training, validation, and test sets.

4.4.3 Dataset Format
The dataset used to fine-tune the end-to-end planner follows a similar structure to
that of the neuro-symbolic planner. Each sample consists of a "Prompt", the input
to the LLM, and a "Ground Truth", the output of the LLM. However, the content
and format of these components differ slightly in the two approaches. The following
sections describe the dataset format used for the end-to-end baseline planner.

4.4.3.1 Input format

The input prompt extends the trajectory-history format from the trajectory-prediction
dataset with additional goal information. Specifically, the prompt includes the goal
position in world coordinates, the label of the goal, the current vector from the ego
to the goal (goal delta), and the Euclidean distance to the goal. The general prompt
structure is:
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1 "PROMPT :"
2 Task: Predict the ego vehicle plan for the next 5 sampled steps in CARLA

Town05.
3 Scenario: <scenario name>
4 Map: Carla/Maps/Town05
5 Goal: (<gx>, <gy>) in world coordinates
6 Goal label: <label>
7 Current goal delta: (<dx>, <dy>)
8 Current goal distance: <d> m
9 Output format: one line per future ego step as (x, y).

10

11 Trajectory history (5 steps)
12 t: <time> s
13 Ego: vehicle <type> (id <id>) with position (x, y),
14 has speed <v> m/s and heading <degrees>
15 Other: actor <type> (id <id>) with position (x, y),
16 has speed <v> m/s and heading <degrees>
17 Distance: <d> m, TTC: <ttc> s

By including the goal delta and the target distance in every sample, the model
receives explicit information about the remaining task and can learn to adjust its
planning behavior accordingly as the ego vehicle approaches the goal.

4.4.3.2 Output Format

The ground truth, the output of the planner, consists of 5 future ego steps in the
format of (x, y) positions. This structured format allows the model to be executed
directly in the simulator.

4.4.4 Fine-Tuning of the End-to-End Planner
The end-to-end LLM planner is fine-tuned using the same QLoRA configuration as
the trajectory-prediction model. The Ministral-3B base model is loaded using 4-bit
quantization, while the original model parameters remain frozen. LoRA adapters
with a rank of r = 8, a scaling factor of α = 32, and a dropout rate of 0.1 are applied
to all linear layers.

The model is trained using a causal language modeling objective. Prompt tokens
are masked with the label value −100, so that the loss is computed only over the
ground truth planning tokens. The same training hyperparameters are used as for
the trajectory-prediction model, including a learning rate of 2 × 10−4, a per-device
batch size of 1, gradient accumulation over 4 steps, an effective batch size of 4, a
maximum sequence length of 1024 tokens, and 3 training epochs.

This consistent configuration allows the two approaches to be compared under the
same fine-tuning conditions, while the end-to-end planner differs in its training
objective and dataset.
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The QLoRA configuration and training hyperparameters are identical to those used
for the trajectory-prediction model (Table 4.1).

4.5 Testing of the Neuro-Symbolic and End-to-
End Neural Planners

The proposed neuro-symbolic approach was evaluated on the test set scenarios. First,
the surrounding actor trajectory predictions were generated for all test scenarios
and stored locally. These precomputed predictions were then used as inputs for the
subsequent planning evaluation. For each scenario, the corresponding trajectory
predictions, ego vehicle position, and goal position were provided to the A* planner.
The planner was executed using a rolling window approach to generate a five-step
trajectory for the ego vehicle towards the defined goal position. The generated
trajectories were then chained together to form the complete trajectory for each
scenario and evaluated with three categories, which are safe with goal completion,
safe without goal completion, and collision.

The end-to-end planner was tested using the same set of test scenarios as the
proposed neuro-symbolic approach. For each scenario, the end-to-end LLM planner
was prompted to generate a five-step ego vehicle trajectory. These trajectories were
subsequently chained together to form the complete trajectory for each scenario,
following the same procedure as the A* planner. The resulting ego vehicle trajectories
from both the end-to-end planner and the neuro-symbolic planner could therefore
be evaluated under the same conditions and evaluated according to the same three
categories.
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5.1 LLM’s Accuracy
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Figure 5.1: ADE across five prediction steps over a 2.5-second prediction horizon.

As shown in the Figure 5.1, the ADE increases as the prediction horizon becomes
longer. The average distance error across all 1500 tests increases from 1.29 m at step
0 to 9.35 m at step 4, with an overall mean ADE of 5.15 m. These results show that
the model is more accurate when predicting the vehicle’s short term motion.

The lower error at the first prediction steps suggests that the model can capture the
vehicle’s immediate movement reasonably well, but the error becomes much larger
at later steps. This means that the model is less accurate when predicting further
into the future. This behaviour is expected because it is more difficult to predict the
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vehicle’s future motion over longer time periods. Small errors in the early predictions
can also build up over time and lead to larger position errors at later steps.

Overall, the model provides more reliable short-term trajectory predictions, while
longer-term predictions are more difficult. This is important for downstream planning.
Short-term predictions can support immediate vehicle control, while predictions
further into the future should be treated with more uncertainty.
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Figure 5.2: ADE across the five prediction steps, showing the mean, median, in-
terquartile range, and high-error outliers.

Figure 5.2 provides a more detailed view of the displacement-error distribution across
the prediction horizon by showing the mean and median (ADE), the interquartile
range, and high-error outliers. Both the mean and median ADE increase progressively
from Step 0 to Step 4, confirming that prediction accuracy decreases as the forecasting
horizon becomes longer.

The interquartile range remains relatively close to the mean and median for the
majority of samples, indicating that a substantial portion of the predictions has
comparatively low displacement error. However, some predictions have much higher
errors than others. These high-error cases become more common at later prediction
steps, with some outliers exceeding 80–100 m at Step 4.

This shows that mean ADE alone does not fully describe the model’s performance.
While the model performs reasonably well for many short- and medium-horizon
predictions, some scenarios result in much larger errors. These cases may be caused
by more uncertain situations or complex interactions with other actors and could be
investigated further.

Overall, the results show that the model performs better for earlier prediction steps,
while the prediction error increases for later steps. Although most predictions have
relatively low errors, a small number of scenarios result in very large errors.
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5.2 End-to-End Planner vs Neuro-Symbolic Plan-
ner

The main measurements of planner correctness are divided into three categories and
are evaluated across 144 scenarios. The first category, Safe & Reached Goal,
define the scenarios where the planner output an ego vehicle trajectory that was safe,
meaning no collisions occurred, and reached the goal position. The second category,
Safe & Goal Not Reached, define the scenarios where the planner output an
ego vehicle trajectory which was safe, but did not reach the goal position. The last
category, Collisions define the amount of scenarios where a collision occurred. A
collision is when a position in the planner’s ego vehicle trajectory and one of the
other actors ground truth positions in a scenario overlap.

Planner Type Safe & Reached
Goal

Safe &
Goal Not
Reached

Collisions

Neuro-symbolic 85 (59.0%) 12 (8.3%) 47 (32.6%)
End-to-end 39 (27.1%) 90 (62.5%) 15 (10.4%)

Table 5.1: Result of the neuro-symbolic planner in comparison to the end-to-end
(baseline) planner over 144 simulations.

The most fundamental task of a planner, is to produce a path that is both safe and
reach the goal destination. Table 5.1 shows that, for the category Safe & Reached
Goal, the neuro-symbolic planner achieves a substantially higher success rate of
59.0% compared to only 27.1% for the end-to-end planner. This corresponds to an
improvement by a factor of 2.1 in safe goal-reaching performance.

In Table 5.1 it is also shown how the end-to-end planner demonstrates a higher
tendency to remain safe but is unable to reach the goal state, which accounts for 62.5%
of the scenarios compared to 8.3% of the scenarios for the neuro-symbolic planner.
Furthermore, it can be seen under Collisions in Table 5.1 that the end-to-end planner
has a collision rate of only 10.4% while the neuro-symbolic planner has a collision
rate of 32.6%. Based on these results, the end-to-end planner seems to be safer than
the neuro-symbolic planner, which contradicts the research question of whether the
neuro-symbolic approach improves safety in comparison to the standard end-to-end
deep-learning-based planner. Nonetheless, the end-to-end planner performs poorly
in reaching the goal in comparison to the neuro-symbolic planner. These results will
be presented more in depth down below.

5.3 End-to-End Planner
The end-to-end planner results are presented in greater detail below. Building on
the main result from Table 5.1, we present the same categories, this time broken
down by the types of scenarios used for testing. Additionally, the results for the
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Safe & Goal Not Reached category in Table 5.1 are interpreted to explain why a
large portion of the scenarios are safe but do not reach the goal. For a consistent
comparison, the end-to-end planner and the neuro-symbolic planner are evaluated
on the same 144 scenarios, where the movements of the other actors are the same
between both approaches.

Scenario Type Evaluated Safe &
Reached
Goal

Safe &
Goal Not
Reached

Collisions

Scenario with actors
car, cyclist, and pedes-
trian

63 15 (23.8%) 48 (76.2%) 0 (0.0%)

Scenario with actors
car and cyclist

28 10 (35.7%) 18 (64.3%) 0 (0.0%)

Scenario with actors 2
cars and 2 pedestrians

53 14 (26.4%) 24 (45.3%) 15 (28.3%)

ALL 144 39 (27.1%) 90 (62.5%) 15 (10.4%)

Table 5.2: End-to-end planner result across different scenario types, showing the
number and its percentage of evaluated scenarios that safely reached the goal,
remained safe but did not reach the goal, or resulted in a collision.

Out of all 144 evaluated scenarios, 129 (89.6%) of the scenarios resulted in a safe
trajectory for the ego vehicle, while 15 (10.4%) resulted in a collision. As shown
in Table 5.2, the end-to-end planner’s results vary across different scenario types.
The highest rate of safe goal completion was observed in scenarios with a car and
cyclist, where 10 out of 28 scenarios (35.7%) safely reached the goal position. In
scenarios involving a car, a cyclist, and a pedestrian, only 15 out of 63 scenarios
(23.8%) safely reached the goal position. Lastly, the scenario type with two cars and
two pedestrians achieved a safe goal-completion rate of (26.4%), with 14 out of 53
scenarios reaching the goal safely.

The results in Table 5.2 also reveal differences in safety across the scenario types. No
collisions occurred in the first two scenarios types shown in Table 5.2. In contrast,
for the last type of scenario with two cars and two pedestrians accounted for all
15 collisions, corresponding to a (28.3%) rate for this scenario type. Furthermore,
24 (45.3%) of the scenarios of this type remained safe but did not reach the goal
position. Additionally, 48 (76.2%) and 18 (64.3%) of the other types of scenarios
also remained safe but did not reach the goal position. Overall, even though most
scenarios resulted in safe trajectories, successful goal completion is limited to (27.1%)
out of all evaluated scenarios.
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Scenario Type Evaluated Safe &
Goal Not
Reached

Nearest Ac-
tor <6m

Nearest Ac-
tor 6-20m

Nearest Ac-
tor 20-50m

Nearest
Actor 50-
100m

Nearest Ac-
tor >100m

Scenario with ac-
tors car, cyclist,
and pedestrian

63 48 (76.2%) 5 (10.4%) 4 (8.3%) 4 (8.3%) 3 (6.3%) 32 (66.7%)

Scenario with ac-
tors car and cy-
clist

28 18 (64.3%) 2 (11.1%) 1 (5.6%) 2 (11.1%) 2 (11.1%) 11 (61.1%)

Scenario with ac-
tors 2 cars and 2
pedestrians

53 24 (45.3%) 4 (16.7%) 3 (12.5%) 3 (12.5%) 0 (0.0%) 14 (58.3%)

ALL 144 90 (62.5%) 11 (12.2%) 8 (8.9%) 9 (10.0%) 5 (5.6%) 57 (63.3%)

Table 5.3: The end-to-end planner’s distribution of minimum distances between the
ego vehicle trajectory and the ground truth positions of the surrounding actors for
safe scenarios that did not reach the goal position.

Looking back at Table 5.1, (62.5%) of the scenarios from the end-to-end-planner
resulted in safe trajectories that did not reach the goal position. This raises the
question of whether the end-to-end planner’s higher proportion of safe outcomes
reflects an ability to actively plan around other actors, or whether these scenarios
simply contained less interaction because the planner chose an ego vehicle trajectory
far away from the intersection.

To investigate this, the minimum distance between the ego vehicle’s planned trajectory
and the ground truth positions of the surrounding actors was examined for these
90 out of 144 evaluated scenarios. As shown in Table 5.3, 57 scenarios (63.3%)
had a minimum distance greater than 100 meters from the nearest other actor.
An additional five scenarios (5.6%) had a minimum distance between 50 and 100
meters. Consequently, 62 (68.9%) of all Safe & Goal Not Reached scenarios had
a minimum distance of greater than 50 meters to any other actor throughout the
scenario.

These results indicate that, in a substantial proportion of these 90 safe but goal not
reached scenarios, the ego vehicle remained relatively far from other actors. The
planner generated an ego vehicle trajectory that was far from both the intersection
and the goal. Thus, the absence of collisions in these scenarios does not necessarily
demonstrate that the planner successfully navigated around interacting actors. The
remaining 28 (31.1%) scenarios had a minimum distance of 50 meters or less from
another actor at some point during the scenario. Although these scenarios provide
more relevant cases for investigated the end-to-end planner’s behavior in the presence
of other actors, a minimum distance of 20 to 50 meters still represents a relatively
large spatial separation, and therefore does not necessarily imply that the planner
had to actively plan around a nearby actor.

5.4 Neuro-Symbolic Planner
This section presents the results of the neuro-symbolic planner in more detail. The
analysis builds on the results presented in Table 5.1, following the same structure as
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the analysis of the end-to-end planner. The scenario types are the same as those used
for the end-to-end planner in Table 5.2, allowing for a direct comparison between
the two planners. Moreover, the results from Table 5.3 are compared with the
neuro-symbolic planner result for the Safe & Goal Not Reached category in Table
5.1. This comparison provides further insight into the safety performance of the two
planners.

Scenario Type Evaluated Safe &
Reached
Goal

Safe &
Goal Not
Reached

Collisions

Scenario with actors
car, cyclist, and pedes-
trian

63 37 (58.7%) 7 (11.1%) 19 (30.2%)

Scenario with actors
car and cyclist

28 19 (67.9%) 3 (10.7%) 6 (21.4%)

Scenario with actors 2
cars and 2 pedestrians

53 29 (54.7%) 2 (3.8%) 22 (41.5%)

ALL 144 85 (59.0%) 12 (8.3%) 47 (32.6%)

Table 5.4: Neuro-symbolic planner result across different scenario types, showing
the number and its percentage of evaluated scenarios that safely reached the goal,
remained safe but did not reach the goal, or resulted in a collision.

Table 5.4 presents the results of the neuro-symbolic planner across the different types
of scenarios. In total, the same 144 scenarios used for the end-to-end planner were
evaluated, of which 85 (59.0%) scenarios were classified as Safe & Goal Reached
and 12 (8.3%) were classified as Safe & Goal Not Reached, while the remaining
47 (32.6%) scenarios resulted in collisions. Overall, 97 (67.4%) of the evaluated
scenarios resulted in a safe trajectory for the ego vehicle.

Compared with the end-to-end planner, which achieved a safe goal completion rate
of (27.1%) as seen in Table 5.2, the neuro-symbolic planner has a much higher rate
of safe trajectories that reached the goal, at (59.0%). However, this improvement in
safe goal completion was followed by a higher collision rate. While the end-to-end
planner resulted in a collision rate of (10.4%), the neuro-symbolic planner had a
collision rate of (32.6%). These results highlight a difference in the two approaches,
the neuro-symbolic planner reached the goal safely more frequently, but also resulted
in a larger proportion of collisions.

These results also vary across the different scenario types. The highest safe goal
completion rate (67.9%) was observed in scenarios with a car and a cyclist, followed
by scenarios involving a car, a cyclist, and a pedestrian at (58.7%). Lastly, the
scenarios with two cars and two pedestrians had both the lowest safe goal completion
rate of (54.7%) and the highest collision rate of (41.5%).

The Safe & Goal Not Reached category accounted for only (8.3%) of all evaluated
scenarios. The type of scenario that had the highest rate was the car, cyclist, and
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pedestrian scenarios, while the lowest at a (3.8%) rate was the scenario types with
two cars and two pedestrians. Overall, these results do not indicate a consistent
relationship between the number of actors. Performance is varied across the scenarios
types.

Scenario Type Evaluated Safe &
Goal Not
Reached

Nearest Ac-
tor <6m

Nearest Ac-
tor 6-20m

Nearest Ac-
tor 20-50m

Nearest
Actor 50-
100m

Nearest Ac-
tor >100m

Scenario with ac-
tors car, cyclist,
and pedestrian

63 7 (11.1%) 4 (57.1%) 2 (28.6%) 1 (14.3%) 0 (0.0%) 0 (0.0%)

Scenario with ac-
tors car and cy-
clist

28 3 (10.7%) 0 (0.0%) 2 (66.7%) 0 (0.0%) 1 (33.3%) 0 (0.0%)

Scenario with ac-
tors 2 cars and 2
pedestrians

53 2 (3.8%) 0 (0.0%) 1 (50.0%) 1 (50.0%) 0 (0.0%) 0 (0.0%)

ALL 144 12 (8.3%) 4 (2.8%) 5 (3.5%) 2 (1.4%) 1 (0.6%) 0 (0.0%)

Table 5.5: The neuro-symbolic planner’s distribution of minimum distances between
the ego vehicle trajectory and the ground truth positions of the surrounding actors
for safe scenarios that did not reach the goal position.

To further examine the Safe & Goal Not Reached category, Table 5.5 presents
the distribution of minimum distances between the ego vehicle and the ground truth
positions of the surrounding actors for the 12 (8.3%) scenarios in this category.
Of these 4 (2.8%) had a minimum distance of less than 6 meters, 5 (3.5%) had
a minimum distance between 6 and 20 meters, 2 (1.4%) had a minimum distance
between 20 and 50 meters, and only 1 (0.6%) had a minimum distance between 50
and 100 meters. None of the scenarios had a minimum distance greater than 100
meters. Thus, 11 out of the 12 scenarios (91.7%) had a minimum distance of 50
meters or less from another actor at some point along the planned trajectory.

A comparison with the end-to-end planner reveals a difference in the observed
distance distributions for scenarios within the category Safe & Goal Not Reached.
For the end-to-end planner 28 (31.1%) out of 90 scenarios in this category, had a
minimum distance of 50 meters or less from another actor at some point during the
scenario. Whereas, for the neuro-symbolic planner, 11 out of 12 (91.7%) scenarios
had a nearest actor within 50 meters at some point along the planned trajectory.
Conversely, 62 (68.9%) end-to-end planner scenarios had a minimum distance greater
than 50 meters, compared with 1 (8.3%) neuro-symbolic planner scenario.

These results show that the generated trajectories by the planners differed in their
spatial proximity to the surrounding actors when the goal was not reached. For the
end-to-end planner, a large proportion of the generated trajectories remained rela-
tively far from the other actors, whereas the neuro-symbolic planner predominantly
produced trajectories in which the ego vehicle remained in closer proximity to the
other actors. However„ proximity alone does not establish whether a planner actively
responded to other actors positions or performed collision avoidance. These findings
therefore suggest differences in the trajectory behavior of the two approaches, while
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further analysis would be needed to determine the extent to which these differences
reflect active interaction with the surrounding actors.
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6
Conclusion

The primary objective of this thesis was to asses whether a neuro-symbolic planner
improves safety compared with a standard end-to-end deep-learning-based planner.
This objective was motivated by the challenge of developing autonomous driving
systems that can operate safely and reliably in complex traffic scenarios. To address
this challenge, a neuro-symbolic approach was developed in which an LLM-based
trajectory prediction module was combined with a symbolic A* planner. The neuro-
symbolic approach was then evaluated against and end-to-end deep-learning-based
planner in simulated intersection scenarios using quantitative safety and goal-reaching
metrics.

The quantitative experimental results show that the neuro-symbolic planner per-
formed best in terms of reaching the goal position safely. However, when comparing
the overall safety performance of the two planners, the results present a more nuanced
representation. The neuro-symbolic planner achieved a higher safe goal completion
rate of (59.0%), compared with (27.1%) for the end-to-end planner, but it also had a
higher collision rate of (32.6%) compared with (10.4%).

The distance analysis provides further insight into the trajectories classified as safe
but not goal reaching. Although these trajectories were classified as safe, because
no collision occurred, the distance analysis shows that the ego vehicle remained
relatively far from the other actors in many of the scenarios where the goal was not
reached. This suggests that, in these cases, collisions-free outcomes may have been
achieved without substantial proximity to other actors. In contrast, the majority of
scenarios in which the neuro-symbolic planner produced a safe trajectory without
reaching the goal had a minimum distance of less than or equal to 50 meters from
the other nearest actor. This indicates that the neuro-symbolic planner was generally
able to produce a trajectory that both maintained safety and remained relevant to
the scenario and the goal. Meanwhile, the end-to-end planner frequently produced
collision-free trajectories far away from the nearest actor, suggesting limitations in
its ability to produce trajectories that reflect the intended navigation of the scenario.

The LLM actor trajectory prediction results provide further context for the safety
and goal-reaching performance of the neuro-symbolic planner. Although the LLM
actor trajectory predictions were, for the most part, very accurate for the first two
prediction steps, the fourth and fifth prediction steps often deviated substantially
from the ground-truth trajectories. Since these predictions were used as input to the
A* planner, inaccuracies in later prediction steps may have affected the resulting
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planning trajectories. This highlights that the success of the neuro-symbolic approach
is dependent on the accuracy of the LLM-based actor trajectory predictions.

The main takeaway from this thesis is that the neuro-symbolic approach significantly
outperformed the end-to-end planner in terms of safely reaching the goal position.
However, the neuro-symbolic planner also exhibited a higher collision rate. Therefore,
the finding that the neuro-symbolic approach improves safety in general must be
considered alongside the limitations of the LLM-based actor trajectory predictions
and the observed differences in how the two planners achieved safety.

There are three main areas for future work that are particularly relevant based on
the findings of this thesis. First, the number of actor trajectory prediction steps
generated by the LLM could be reduced to investigate whether a shorter prediction
horizon is associated with fewer collisions. The results showed that the fourth and
fifth prediction steps were significantly less accurate than the earlier prediction steps.
A shorter prediction horizon of two prediction steps, for which the LLM predictions
were most accurate, could potentially improve the accuracy and reliability of the
actor trajectory predictions used by the A* planner in the neuro-symbolic approach.

Second, the LLM used for actor trajectory prediction could be trained on a larger and
more diverse dataset. Including more non-linear movements and a wider range of actor
behaviors would expose the model to more complex trajectory patterns and could
improve the model’s ability to generalize to scenarios not represented in the current
dataset. This could potentially lead to more accurate actor trajectory predictions
and, consequently, improve the performance of the neuro-symbolic planner.

Lastly, an additional evaluation metric could be introduced to investigate the rela-
tionship between the accuracy of the LLM-based actor trajectories and the resulting
number of collision scenarios. This would present further insight into whether in-
accuracies in the actor trajectory predictions contribute to collisions and to what
extent.
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