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1. Abstract
Human driver models are essential for the development and testing of Automated Driving Sys-
tems (ADS), yet current approaches often struggle to capture the complex, stochastic nature
of human tactical decision-making. Large Language Models (LLMs) have emerged as potential
reasoning agents capable of emulating human-like social behaviour, but their application as
direct vehicle control agents remains largely underexplored.
This thesis investigates the extent to which a base LLM, guided by systematic prompt engineer-
ing, can replicate the tactical decisions and control of human drivers in a 1-D highway merging
scenario. Using the OpenAI o3 model, an LLM-driven agent was developed and systematically
benchmarked against a dataset of human driver behaviour recorded in a simulator experiment.
The study utilised Linear Mixed-Effects Regression (LMER) to analyse decision-making mech-
anisms and performed a sensitivity analysis using the Google Gemini-2.5-pro model to assess
generalisability.
The results demonstrate that the LLMagent successfully replicated high-level tactical behaviours,
satisfying qualitative criteria such as symmetrical yielding in neutral conditions and increased
yield rates when the opposing vehicle held a headway advantage. However, a fundamental dis-
parity was observed in operational control. While human drivers relied significantly on relative
velocity to negotiate merges (p = 1.88 × 10−26), the LLM adopted a conservative, calculation-
heavy gap-based strategy driven by absolute distance, resulting in average safetymarginsmore
than double the human benchmark (9.18 m vs. 3.85 m). Furthermore, a sensitivity analysis re-
vealed severe model dependency. While the optimised prompt achieved a 0.0% collision rate
with the o3 model, it resulted in a 25.5% collision rate with Gemini-2.5-pro.
This research concludes that while base LLMs possess the emergent reasoning capabilities
to function as high-level strategic agents, their lack of continuous perceptual flow limits their
validity as direct operational controllers. The findings suggest that future implementations
should adopt hierarchical architectures, leveraging LLMs for tactical reasoning while relying
on physics-based controllers for dynamic execution.

2. Introduction
Road safety remains a critical public concern
worldwide [1]. In the Netherlands alone, over
2,200 people were involved in fatal car collisions
between 2019 and 2023 [2]. Globally, human error
remains a primary determinant of traffic accidents
[3], driving a growing necessity for intelligent inter-
ventions. Consequently, Advanced Driver Assis-
tance Systems (ADAS) and fully Automated Driv-
ing Systems (ADS) have been developed to en-
hance driver awareness and automate tasks, aim-
ing to mitigate human limitations and create safer
roads [4, 5, 6].

Driver models play a crucial role in the develop-
ment and evaluation of ADAS and ADS. They
are utilised to design driver interactions and to
test system performance in safe, flexible, and low-
cost simulated environments. The applications
for these models are broad, including microscopic
traffic simulation [7], simulation-based evaluation
[8], human behaviour prediction [9], realistic sce-
nario generation [10], planning algorithms for auto-
mated vehicles [11], and reference driver models
[12].

However, existing driver models often struggle to

capture the complexity and variability of real hu-
man behaviour. Current approaches, generally
classified as theory-based, physics-based, data-
driven, or game-theoretic, each face distinct limita-
tions regarding accuracy and generalisability [13,
14]. Theory-based models, typically classified as
descriptive or cognitive, attempt to explicitly rep-
resent the driver’s internal state flow, information
processing, and motivations. While these models
offer a structural understanding of tasks, ranging
from strategic planning to operational control, they
often struggle to account for situational variability
and rely on cognitive parameters that are difficult
to quantify or estimate robustly [15, 16]. Physics-
based models mathematically model human be-
haviour and kinematic feasibility well (e.g. gap ac-
ceptance or lane selection), but struggle with so-
cial interaction or cognitive intent, such as negotia-
tion [17, 18]. Conversely, data-driven models offer
efficiency but often suffer from dataset bias, poor
interpretability (due to their black box nature), and
a lack of generalisability [19, 20]. Finally, while
game-theoretic models optimise for global utility,
they assume rational decision-making that rarely
aligns with the stochastic and imperfect nature of
human drivers.
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Large Language Models (LLMs) have emerged as
promising candidates to address the limitations of
existing driver models. LLMs have demonstrated
an ability to understand context, in-context learn-
ing, generalise to unseen situations, and provide
human-like responses and social behaviours [21].
Though some researchers argue this is more pat-
tern recognition than true reasoning [22], yet such
information retrieval parallels the cognitive pro-
cesses underlying human decision-making [23].
These capabilities could enhance driver models
by injecting high-level reasoning and social be-
haviour, potentially reducing the reliance on large,
scenario-specific datasets.

Given these capabilities, extensive research has
investigated the integration of LLMs with driver
models. LLMs substantially enhance human be-
haviour prediction models by interpreting multi-
modal scene data and generating a transparent
”chain-of-thought” for intentions and interactions in
driving [24, 25]. These models leverage general
knowledge to account for the complex random-
ness of human actions [26], providing improved
interpretability and generalisability over traditional
deep learning methods. In scenario generation,
LLMs have shown significant promise in automat-
ically creating diverse, realistic, and safety-critical
edge-case data [27, 28, 29]. By translating natural
language or accident reports into structured simu-
lation environments, they facilitate the creation of
complex, human-like multi-agent [30, 31], which
are essential for robust automated vehicle (AV)
training and evaluation. For planning and decision-
making, LLMs are integrated to ensure AV deci-
sions align with human expectations and account
for unpredictable road user behaviour [32]. Re-
search has explored using LLMs to create layered
structures (parallel slow-fast structure) for real-
time operation [33]. LLMs are being used to im-
prove the realism of AV evaluation in simulation by
creating complex, controllable agents with realistic
policies, often through multimodal models that in-
terpret the scene and context [34]. Diffusion mod-
els have also been explored to efficiently initialise
and rollout diverse driving scenarios for compre-
hensive AV testing [35]. While still an emerging
area, research has begun utilising LLMs to reduce
the manual expert work required in microscopic
traffic simulation. LLMs can convert natural lan-
guage commands into custom loss functions for
traffic participants, thereby increasing the realism
and customisability of traffic flow simulations [36].

Despite the rapid integration of LLMs into driver
model research, a large gap remains regarding
the implementation of off-the-shelf models as di-

rect control agents. The literature predominantly
relies on fine-tuning base LLMs for specific oper-
ational domains [24, 37]. While effective for spe-
cialised tasks, fine-tuning necessitates extensive
domain-specific datasets and risks catastrophic
forgetting, where the model’s broad, pre-trained
world knowledge, which is used to generalise to
edge-case scenarios, is degraded by overfitting
to a narrow training distribution [38, 39]. Further-
more, the rapidly advancing LLM models render
fine-tuned models quickly obsolete. Adapting to a
newer state-of-the-art architecture requires retrain-
ing from scratch, incurring high computational and
temporal costs. In contrast, prompt engineering of-
fers a more agile and accessible alternative. Cru-
cially, this approach enhances transparency. Un-
like fine-tuning, which relies on opaque weight ad-
justments, prompt engineering guides the model
through explicit, human-readable instructions, al-
lowing for direct verification of the influencing fac-
tors. However, current prompting methodologies
often rely on in-context learning (few-shot prompt-
ing) [35, 40], which introduces demonstration bias
by artificially constraining the model’s reasoning
to the specific examples provided [41]. Alterna-
tively, iterative prompting, while fast, often priori-
tises immediate results over reproducibility. To
address these pitfalls, this research adopts a sys-
tematic prompt engineering approach. Unlike trial-
and-error methods, a systematic framework allows
for the isolation of causal relationships between
specific prompt components and model output, en-
suring that the resulting driver model is both scien-
tifically robust and interpretable.

A further limitation in current research lies in the
overwhelmingly quantitative evaluation method-
ologies. Standard metrics typically focus on tra-
jectory error minimisation or collision rates, often
failing to capture the qualitative nuances of human-
like driving style [42, 43, 44]. This methodological
bias aligns with the focus of current LLM applica-
tions: while LLMs are widely employed to predict
human behaviour, their application to replicate it
remains largely unexplored. There is a distinct dif-
ference between predicting a trajectory and actuat-
ing a vehicle with the traits and imperfections inher-
ent to human drivers. The application to replicate
human driving behaviour with the use of LLMs re-
mains largely underexplored.

To address these gaps, this thesis aims to develop
a human driver behaviour model driven by a base
LLM. In this study, ’base LLM’ refers to a pre-
trained model where the weights remain frozen,
and adaptation occurs solely through prompt en-
gineering. To rigorously evaluate the model’s rea-
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soning capabilities, this study utilises a highway
merging scenario, a critical driving task that inher-
ently demands high-level tactical decision-making,
such as gap acceptance, negotiation, and conflict
resolution. Unlike simple lane-keeping, merging
forces the driver to anticipate and interact with
other road users, making it an ideal scenario for
evaluating human-like reasoning. However, to iso-
late these tactical decisions from the noise of lat-
eral path planning, the experiment is constrained
to longitudinal control only (1D). By fixing the lat-
eral trajectory, the study forces the model to re-
solve traffic conflicts purely through speed adjust-
ments, thereby providing a clear window into the
LLM’s ability to reason and execute timing-critical
manoeuvres. Merging is primarily a longitudinal
negotiation task once the lane change decision is
made. This setup adopts the framework estab-
lished by Siebinga et al. [45], using their recorded
human driving data as a ground-truth benchmark
to directly compare the LLM’s strategic output
against real human behaviour.

This results in the following research question: To
what extent can a base Large Language Model,
when guided by systematic prompt engineer-
ing, replicate the tactical decisions and control
of human drivers in a 1-D merging scenario?
To address this overarching question, the following
sub-questions are examined:

• What is the quantitative fidelity of the LLM-
driven agent with respect to human bench-
marks for safety and control stability?

• To what extent does the LLM-driven agent
successfully capture the qualitative, high-
level tactical criteria of human drivers?

• How does the performance and robustness
of the optimised prompt vary when applied
across different LLM architectures, and what
are the implications for the generalisability of
LLM-based driver models?

• Which elements of the prompt are most
critical for achieving human-like tactical
decision-making in the LLM agent?

3. Methodology
This section details the simulation environment,
human data evaluation, agent architecture, and
experimental procedures used to develop and
validate the LLM-based human driver behaviour
model. In figure 3.1, the different layers of the re-
search can be seen. The different layers represent
a structured approach to this investigation, each

addressing a critical aspect of the methodology.

Figure 3.1: Overview of the research structure. Layer 1:
Prompt Engineering; Layer 2: Model Selection; Layer 3:

Performance Validation against human data.

The first layer, the Prompt, serves as the primary
input to the system. The prompt has been meticu-
lously engineered and optimised through system-
atic prompt engineering. New components are
added and removed to test the impact of the in-
dividual elements. The final prompt is made from
a combination of elements that made a significant
improvement in the performance of the model. To
evaluate the contribution of the constituent parts
of the final prompt, an ablation study will be con-
ducted. This study will systematically remove or
alter components of the prompt to quantify their
individual impact on model performance, thereby
isolating the effectiveness of different prompt ele-
ments.

The second layer is the large languagemodel. The
rapid pace of advancement in LLMs needs to be
acknowledged, a characteristic of the field that im-
plies that findings tied to a single model may pos-
sess limited temporal relevance. To address this
challenge and assess the generalisability of the
findings, a sensitivity analysis will be performed.
This analysis will involve executing the same set
of prompts developed for the ablation study across
a different model. This cross-model comparison is
designed to test the robustness of our prompting
strategies and determine the degree to which the
observed performance is model-dependent.

The third and final layer is the Performance Check,
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which constitutes the core validation phase of
this framework. In this layer, the model’s output
is systematically benchmarked against a curated
dataset of human data. This comparison is crucial
for contextualising the model’s capabilities and es-
tablishing a baseline for its effectiveness. While it
is recognised that any such comparison is highly
situational, contingent upon the specific prompts,
tasks, and models employed, this validation step
is necessary to confirm the model’s current perfor-
mance and its alignment with human benchmarks
for the defined tasks.

In this framework, an interface or wrapper for the
LLM agent was developed. This interface is re-
sponsible for using the vehicle states (e.g. posi-
tion and velocity) of the simulation, so it can use
them to make a prompt which can be sent to the
LLM. A graphical representation of this data flow
can be seen in Figure 3.2

The model used to get the results of the LLM per-
formance is the o3 model. This is a reasoning
model made by OpenAI. The model was selected
for its advanced reasoning capabilities, yet it has
high inference latency. However, since the simu-
lation does not need to operate in real-time, this is
not an issue.

Figure 3.2: The dataflow during the simulation

3.1. Scenario
To understand the constraints of the prompt de-
sign, the simulated scenario is defined first. The
chosen 1-D merging scenario consists of a sym-
metrical Y-merge where two vehicles approach a
merge point with equal priority. Due to the symme-
try of the road layout and the absence of signage
dictating right-of-way, neither vehicle has an inher-

ent priority; the merge must be negotiated cooper-
atively.

The vehicles are designated as ”Left” and ”Right”
based solely on their physical starting position rela-
tive to the simulation origin. The interaction begins
with a ”blind” segment (simulating a tunnel) where
participants cannot see the other vehicle. Upon
exiting the tunnel, drivers must react to the oppos-
ing vehicle to negotiate the merge. Following the
merge, if no collision occurs, the vehicles proceed
in a car-following formation. The layout is depicted
in Figure 3.3.

Figure 3.3: The simplified merging scenario used in the
experiment. The tunnel is indicated by the brown part.

The experiment used 11 experimental conditions
that would end in a collision if the vehicles kept
their initial velocities. A condition consisted of a
combination of initial relative velocity and the pro-
jected headway at the merge point if both vehi-
cles would continue their initial velocity. The head-
way and velocity values are defined with respect
to the left driver, meaning for condition L_4_-8, the
left driver will have a 4 meter projected advantage
at the merge point and will be travelling 0.8 m/s
slower compared to the right vehicle.

3.2. Data from driver-simulator
experiment

The benchmark dataset is derived from a previous
driver-simulator study [45, 46]. The behavioural
patterns described below are based on the analy-
sis of velocity profiles from that study.

A number of behavioural patterns can be identi-
fied from the velocity profiles of the human drivers.
These plots reveal distinct structural features that
are informative of human decision-making pro-
cesses during merging interactions.
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The velocity profiles generally exhibit a triangular
shape. The presence of linear slopes suggests
that human drivers tend to apply approximately
constant acceleration during each phase, while
abrupt changes in slope indicate discrete transi-
tions in acceleration levels. These transitions can
be interpreted as decision moments, or rather re-
actions to new decisions, where the driver reacts
to new observations or perceived changes in risk,
consistent with findings from previous human-in-
the-loop experiments.

The joint interaction outcomes show that the yield
rate increases when the opposing vehicle pos-
sesses either a headway or a velocity advantage.
This pattern reflects a human tendency toward risk-
averse cooperation, where drivers prefer to yield
when the outcome of merging is uncertain or when
the other vehicle’s advantage is clear.

With the neutral condition, the yield rate should be
equally distributed over the left and right drivers.
In the research by Siebinga, a bias was observed
towards the right driver, but it was insignificant
[46]. In that research, the participants randomly
perceived approaching the merge point from the
left or right side of the track. So there should not
be a bias because of real-world traffic rules. In this
research, the LLM simulation relies on calculated
states rather than visual observation, so no side of
the road is observed at all, eliminating this poten-
tial bias.

Interestingly, the mean spatial gap at the merge
point remains relatively constant across different
initial conditions. However, when applying a statis-
tical analysis on the influence of the kinematic con-
ditions on the gap at merge, a dependence can be
found. The gap at merge is independent of the ini-
tial velocity, but dependent on the projected head-
way.

When the outcome of the interaction is uncer-
tain, greater variability can be observed in the ve-
locity profiles, indicating less consistent decision-
making and higher response variability. This in-
crease in velocity deviation under uncertainty may
serve as a quantitative indicator of driver hesitation
or indecision.

Finally, an analysis of human velocity profiles
shows that the establishment of a headway is of-
ten a distributed effort. It is not solely the following
vehicle’s responsibility to adjust speed. Human
drivers in the leading position also frequently em-
ploy subtle adjustments in acceleration to facilitate
the merge and ensure a stable gap is maintained.
This behaviour indicates that drivers exhibit proac-
tive control inputs that contribute to the collective

safety margin, regardless of who holds the initial
advantage or who ultimately yields. This joint reg-
ulation of headway is a key indicator of cooperative
driving.

3.2.1. Definition of Performance
Criteria

From the patterns and performance indicators de-
scribed, 11 performance criteria can be deduced
to see whether the model’s behaviour resembles
that of human drivers. To split these criteria, the
same structure is used as is done in Siebinga’s pa-
per [45, 47]. The criteria go from tactical decisions
to safety margins to control inputs.

Tactical decisions

1. The yield rate is equally distributed over the
left and right drivers in the neutral initial con-
dition.

2. The yield rate of a driver increases when the
other vehicle has a headway advantage.

3. The yield rate of a driver increases when the
other vehicle has a higher initial velocity.

Safety margins

4. The gap at merge is dependent on the pro-
jected headway.

5. The gap at merge is independent of the initial
velocity.

Control inputs

6. The agent shows intermittent piece-wise con-
stant acceleration control.

7. The velocity deviation increases with more
uncertain initial conditions.

Quantitative data

8. Collision rate
9. Velocity deviation RMSE from the initial ve-

locity
10. Average gap at merge
11. Percentage of both drivers contributing to

maintaining the headway

3.3. Statistical analysis
Evaluating the performance of a human driver be-
haviour model requires more than a subjective
visual inspection of trajectory plots or a binary
checklist of qualitative behaviours. A robust be-
haviour model must demonstrate functional sim-
ilarity to human drivers, meaning it should ex-
hibit the same underlying decision-making struc-
ture and response patterns to dynamic traffic con-
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ditions. A model might be systematically more
conservative (larger gaps) yet still possess a cor-
rectly functioning, human-like reaction mechanism
to headway changes. To rigorously validate the
LLM agent’s behavioural architecture, this study
employs Linear Mixed-Effects Regression (LMER).
This method allows us to isolate and compare the
specific influence of kinematic variables on the
agent’s decisions.

LMER models are fitted, consistent with the
methodology used in the benchmark human study
[45], to predict the driver’s response based on the
kinematic conditions. The effects of the kinematic
conditions on the high-level decisions are investi-
gated: p ∼ ∆x + ∆v, where p is the probability
of the left vehicle merging first, x is the projected
headway, and v is the relative velocity. The effects
of the kinematic conditions on the velocity devia-
tion are investigated: d ∼ |∆x| + |∆v| + ∆x : ∆v,
where d is the RMSE of the velocity deviation from
the initial velocity, x is the projected headway, and
v is the relative velocity. The effects of the kine-
matic conditions on the gap at merge are investi-
gated: g ∼ |∆x| + |∆v| +∆x : ∆v, where g is the
gap at merge, x is the projected headway, and v is
the relative velocity.

By comparing the coefficients and significance
(p-values) of these predictors between the LLM
and human models, it can determined if the LLM
shares the same tactical logic. For example, a
significant negative coefficient for ∆v in the hu-
man gap model implies that humans drive closer
when the speed difference is small. If the LLM
model yields a similar significant coefficient, the
functional similarity in velocity perception can be
confirmed, even if the absolute gap size differs.

In the logistic regression analysis, certain predic-
tors (e.g., projected headway) may exhibit com-
plete or quasi-complete separation, meaning they
predict the outcome class with near-perfect accu-
racy. This phenomenon causes the maximum like-
lihood estimate for the coefficient to tend toward
infinity, inflating the standard error and driving the
Wald statistic to zero. Consequently, this results
in a p-value of 1.00, a statistical artefact known
as the Hauck-Donner effect [48]. In this study, in-
stances of p = 1.00 accompanied by extremely
large standard errors are interpreted not as a lack
of statistical significance, but as evidence of a
strong, deterministic relationship. Therefore, cri-
teria exhibiting this behaviour are considered sat-
isfied.

To validate Criterion 1 (Symmetrical Yielding),
which specifically examines the agent’s decision-

making in the neutral condition, a Binomial Confi-
dence Interval is utilised. This method is used be-
cause the sample size for any single condition is
small. The 95% confidence interval is calculated
for the true yield probability based on the observed
trials. If the target probability of 0.5 falls within this
interval, the model’s behaviour is considered sta-
tistically consistent with the symmetrical yield rate
expected of a neutral interaction, accounting for
random trial variability.

4. Performance of Final
Model

In this section, the results of the final prompt with
the o3 model are presented. First, the final prompt
is presented. Then, the plots created from the final
results are shown. A statistical analysis is done on
the final data, which is presented. Finally, with the
final plots and statistical analysis, the LLM and hu-
man data can be compared through the previously
defined criteria.

4.1. Final Prompt
The final prompt is formatted as a text file. This
file is loaded as an f-string. This means that ev-
erything within {}-brackets contains a variable or
Python code that will be replaced during the simu-
lation.

1 Environment details:
2 -Preferred velocity: {self.preferred_velocity

} m/s
3 -Road: {"Two equal-priority roads merging

into a single lane (inverse Y-shape). You
are on one branch, the other vehicle is

on the other (both in the same direction)
" if have_to_merge else "straight road"}

4

5 Vehicle length: {self.vehicle_length} m
6 You see the other vehicle {headway} meters {

other_pos} (centre to centre, so without
taking into account vehicle length){"(
this headway is relative, but the other
car is still on the other road)" if
have_to_merge else ""}.

7

8 You are driving {vel} m/s
9 The other vehicle is driving {self.

observed_velocity} m/s
10 {"You see the mergepoint coming up in "+ str(

self.track._merge_point[1]-pos) + "
meters" if have_to_merge else ""}

11

12 Past context (each timestep is {self.dt/1000}
seconds) of the last 2 seconds:

13 -Your previous accelerations: {self.
previous_actions[int(-2/self.dt*1000):]}

14 -Past observed velocities of the other
vehicle: {self.past_velocities[int(-2/
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self.dt*1000):]}
15 -Your previously planned accelerations: {self

.array_plan}
16 Use this information to stay consistent in

your driving strategy and anticipate the
actions of the other vehicle.

17

18 Important:
19 -Always avoid collisions and drive safely
20 -Try to make the behaviour human-like
21 -Keep an appropriate distance and try to take

no risks unless the situation demands it
22 -Always reassess the situation with the other

vehicle and adjust your behaviour as
needed

23

24 First,{" decide if you want to yield or not
at the merge, given your current
observations. Then," if have_to_merge
else ""} decide if your strategy needs to
change based on your previously planned

output and current observations. Then,
decide on your strategy to achieve your
goals, taking into account your
observations and the strategy you have
developed. With this action plan, derive
your acceleration output for the coming
timesteps.

25 ---
26 Plan your behaviour in the following format:
27

28 {'<Print "M" or "Y" depending on whether you
want to merge first or yield,
respectively. Just print the letter and
nothing else>' if have_to_merge else ""}–

29

30 <23 sentences explaining what you believe the
other vehicle will do and your strategy

.>
31

32 <Output a numpy array in a Python code block
with {self.memory_length} acceleration
values, corresponding to {self.dt / 1000}
second timesteps over {self.

memory_length * self.dt / 1000} seconds.
The actions you take are normalised and
must be in the interval [-1, 1], where -1
means full deceleration, and 1 means

full acceleration. Full acceleration and
deceleration correspond with 2.5 and -2.5
m/s^2, respectively. In the code block,

you can only put the array and nothing
else (no imports or comments)>

4.2. Data plots
To start, in the velocity plots, Figure 4.1a & 4.1b,
the triangular shape, indicating piece-wise con-
stant acceleration control, can be seen clearly.
Also, visually, the velocity plots created by the LLM
agent in simulation resemble the velocity plots
from the human data.

The joint interaction outcome, Figure 4.1c, shows
visually that the neutral condition creates a rela-
tively equally distributed yield rate for both vehi-
cles. Additionally, it shows that the yield rate in-

creases when the driver has a headway advan-
tage. It also shows that the velocity advantage
does not have a clear effect on the yield rate. At
the -4m projected headway advantage, the yield
rate is not zero when both vehicles have the same
velocity, which is counterintuitive.

In Figure 4.1d, the mean gap at merge can be
seen for each initial condition. As can be seen,
the gap is not only twice as high for the LLM, but
it is also less consistent across the different initial
conditions.

Figure 4.1e, the RMSE velocity deviation from the
preferred velocity can be seen across different ini-
tial conditions. As can be seen, similarly to the hu-
man data, the velocity deviation increases when
the headway at merge is zero.

4.3. Statistical Analysis
First, the effects of the kinematic conditions on
who merges first are analysed. The results from
the mixed-effects logistic regression can be seen
in Table 4.1. The analysis shows that the projected
headway has a significant effect on who merges
first, for both humans and LLMs. The relative ve-
locity, however, has a significant effect on who
merges first for humans, but not for LLMs.

Next, the effects of the kinematic conditions on the
gap at the merge point are analysed. The results
from the mixed-effects logistic regression can be
seen in Table 4.2. The projected headway has
a significant effect on the gap for the LLM data,
but not for the human data. This is the other way
around for the relative velocity has a significant ef-
fect on the gap for the human data, but not for the
LLM data. The interaction of the projected head-
way and relative velocity has a significant effect
on the gap for the human data, but not for the LLM
data.

Finally, the effects of the kinematic conditions on
the RMSE velocity deviation of the initial velocity
are analysed. The results from the mixed-effects
logistic regression can be seen in Table 4.3. The
absolute projected headway and interaction be-
tween headway and relative velocity have a signif-
icant effect on the RMSE velocity deviation from
initial velocity for the human data. All other effects
are not significant. So, contradictory to what was
’seen’ in the plots, the RMSE does not increase
significantly for the 0-meter projected headway ad-
vantage in the LLM data.

The binomial CI test, to test if the yield rates for
both vehicles are equal, showed that criterion 1
is met. At the 95% confidence level with target
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(a) Velocity plots of the left vehicle, when
merging first. Blue represents the human

data and black the LLM data.

(b) Velocity plots of the left vehicle, when
merging secondly. Blue represents the
human data and black the LLM data.

(c) The joint interaction outcome.

(d) The mean gap across all initial
conditions.

(e) The RMSE velocity deviation across all
initial conditions.

Figure 4.1: The resulting plots of the final prompt with the o3 model.

p = 0.5, the resulting confidence interval is [0.15,
0,65]. The observed p = 0.36 means the criterion
is met.

4.4. Model Performance
The binomial CI test shows that the yield rate for
both vehicles in the neutral condition is symmetri-
cal, given the confidence level. In the joint inter-
action outcome (Figure 4.1c) can be seen that the
yield rate for a vehicle increases with a projected
headway advantage. And, Table 4.1 shows that
this effect is significant. In the same figure and ta-
ble can be seen that this is not the case for the ef-
fect of a velocity advantage on the yield rate. The
gap is dependent on the projected headway, but
not on the relative velocity, which is the opposite
of what is witnessed in the human data. In the ve-
locity plots, the triangular shapes can be seen, in-
dicating piece-wise constant acceleration control.

The statistical analysis indicates a fundamental di-
vergence in control strategies: while relative veloc-
ity significantly influences human decision-making
(p = 1.88 × 10−26), it is not a significant predictor
for the LLM agent (p = 0.22). This suggests that
humans employ a flow-based strategy dependent
on velocity perception, whereas the LLM adopts a

gap-based strategy driven by distance. Analysis
of the LLM’s reasoning confirms this. The model
explicitly utilises the discrete numerical state data
provided in the prompt, specifically, exact head-
way and position, to determine its actions. Un-
like human participants who relied on continuous,
potentially noisy visual optical flow, the LLM’s ac-
cess to absolute state values resulted in a distinct,
calculation-heavy decision process that prioritised
gap size over relative speed.

For the quantitative data, the collision rate for the
LLM model is lower, but does not differ much from
the human data. The velocity deviation and av-
erage gap at merge, however, are substantially
higher compared to the human data. The gaps
created by the LLM agents are more than twice
the size of the ones seen in the human data. As a
result of this, the velocity deviation RMSE is also
twice as big. The LLM data also shows that the
LLM agent is a more cooperative driver. In almost
all the simulations, both drivers contribute to main-
taining the headway. This is only the case for half
of the experiments in the human data.

The final performance, quantitative and qualitative,
is presented in Table 4.4 together with the human
benchmark for comparison.
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Table 4.1: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on which
driver merged first for the human and LLM.

Feature Estimate SE Z P-value

Intercept - H -0.30 0.13 -2.26 0.02
Intercept - LLM 0.17 0.31 0.55 0.58
Projected headway - H 1.11 0.07 14.89 3.57× 10−50

Projected headway - LLM 1.08 0.24 4.51 6.62× 10−06

Relative velocity - H -3.30 0.31 -10.64 1.88× 10−26

Relative velocity - LLM -0.57 0.47 -1.22 0.22

Table 4.2: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on the gap
at merge for the human and LLM.

Feature Estimate SE Z P-value

Intercept - H 3.88 0.26 15.25 0.00
Intercept - LLM 7.46 0.67 11.17 0.00
Abs. projected headway - H 0.05 0.08 0.59 0.55
Abs. projected headway - LLM 0.72 0.21 3.47 0.00
Abs. relative velocity - H -0.85 0.38 -2.27 0.02
Abs. relative velocity - LLM 0.97 0.99 0.98 0.33
Headway:velocity Interaction - H 0.24 0.12 2.01 0.04
Headway:velocity Interaction - LLM -0.42 0.32 -1.34 0.18

Table 4.3: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on the
RMSE velocity deviation from the initial velocity for the human and LLM.

Feature Estimate SE Z P-value

Intercept - H 0.83 0.12 6.87 0.00
Intercept - LLM 1.60 0.17 9.17 0.00
Abs. projected headway - H -0.08 0.04 -2.11 0.04
Abs. projected headway - LLM -0.09 0.06 -1.60 0.11
Abs. relative velocity - H -0.19 0.18 -1.04 0.30
Abs. relative velocity - LLM -0.17 0.26 -0.65 0.52
Headway:velocity Interaction - H 0.10 0.06 1.68 0.09
Headway:velocity Interaction - LLM 0.03 0.08 0.30 0.76
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Table 4.4: Quantitative and Qualitative performance results of the o3 model with the final prompt. A!-symbol means the
criterion is observed or statistically proven. A%-symbol means the criterion is not observed or is disproven by the statistical

analysis.

Criteria LLM Performance Human Benchmark

Symmetrical yield (neutral) ! !

Yield rate ↑ with headway advantage ! !

Yield rate ↑ with velocity advantage % !

Gap dependent on projected headway % !

Gap independent of initial velocity % !

Piece-wise constant control ! !

RMSE ↑ with uncertainty % !

Collision rate 0.0% 2.83%
Velocity deviation RMSE from intial condition (m/s) 1.33 0.66
Average gap at merge (m) 9.18 3.85
Both vehicles contributing to headway 93.6% 53.0%
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5. Systematic Prompt
engineering

5.1. Methodology
A systematic approach is chosen to create the
prompt used for this research. A minimal base-
line prompt is made, and systematically, parts are
altered and added to improve the prompt. The
structure of the prompt is inspired by previous
research [49, 50], utilising modular sections, ex-
plicit variable declarations, and structured output
instructions. The baseline consists only of relevant
positions and velocities, as well as the shape of
the road. Also, the output instruction is required,
because without it, the code could not process
the output correctly. The goal of the systematic
prompt engineering is to find out which additional
elements on the baseline have a positive impact
on the performance of the model. And afterwards,
the best performing elements can be combined
into a final, optimised prompt.

The prompt is constructed using a modular base-
line. Throughout the research, specific modules
(e.g., behaviour guidelines, reasoning steps, or
context descriptors) were systematically added or
altered to observe their effect on the driving trajec-
tory. The specific evolution of these prompt com-
ponents can be found in Appendix A.

The prompts were tested with a different model
in this stage to save resources. OpenAI’s gpt-4.1
model was used for the systematic prompt engi-

neering.

5.2. Results
The results from each iteration can be seen in Ta-
ble 5.1. Due to the high collision rate, a lot of data
is missing from the plots. The statistical analysis
is shown in Appendix B. The resulting qualitative
criteria are seen in Table 5.2. The quantitative re-
sults are presented in Table 5.3.

The initial Baseline prompt (v1.0) performed
poorly, failing to satisfy the quantitative criteria,
showing a high collision rate and low average gap.
It does receive a high score in the qualitative crite-
ria, but the high collision rate shows that it needs
to be improved drastically. The highest perform-
ing prompts were the ones that introduced relative
observations (v1.1), memory (v1.2), and chain-of-
thought (v3.2). In both quantitative and qualitative
criteria, these seem to improve the performance of
the model.

The performance declined themost when introduc-
ing the target speed (v3.1) and explanation of in-
termittent piece-wise constant acceleration control
(v2.3). Yet, the target speed was deemed neces-
sary for the model to understand the environment,
so it was added to the full prompt. Without tar-
get speed, the vehicle would simply stop to satisfy
safety constraints, which is a local optimum but a
functional failure.

The final prompt is a combination of the baseline
with the four extra parts found in the systematic
prompt engineering.
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Table 5.1: Systematic Prompt Engineering Results by Iteration. Each row displays the prompt version and key plots gathered
during that iteration.

Velocity plot left first Velocity plot left second Joint interaction Gap at merge Initial velocity RMSE
Axis (y/x): Vel [m/s] / Time [s] Vel [m/s] / Time [s] Left merging first [%] / Headway [m] Gap at merge [m] / Headway [m] RMSE [m/s] / Headway [m]

Baseline

v1.1 Relative

v1.2 Memory

v1.3 Context

v2.1 Risk

v2.2 Tree

v2.3Intermittent

v2.4 Rules

v3.1 Target Speed

v3.2 CoT
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Table 5.2: Qualitative evaluation of the LLM drivers across different prompt iterations. (!= Significant/Observed,%= Not
Significant/Not Observed, N/A = Insufficient Data).
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Baseline ! ! ! ! % % ! 3/7
v1.1 Relative ! ! % ! % % % 3/7
v1.2 Memory ! ! % ! ! % ! 5/7
v1.3 Context N/A ! ! N/A N/A % N/A 2/4
v2.1 Risk N/A ! ! N/A N/A % N/A 2/4
v2.2 Tree N/A ! ! N/A N/A % N/A 2/4
v2.3 Intermittent N/A N/A N/A N/A N/A % N/A 0/7
v2.4 Rules N/A ! ! N/A N/A % N/A 2/4
v3.1 Target speed N/A N/A N/A N/A N/A % N/A 0/7
v3.2 CoT ! ! % ! % ! % 4/7

Table 5.3: Quantitative performance metrics of the LLM drivers across different prompt iterations.

Prompt Version Collision
Rate (%)

Velocity
RMSE (m/s)

Average
Gap (m)

Responsibility
(%)

Human 2.83 0.66 3.85 53.0
Baseline 70.0 1.42 2.13 97.0
v1.1 Relative 54.5 2.95 4.28 100.0
v1.2 Memory 67.3 1.43 3.94 86.1
v1.3 Context 80.0 1.76 2.47 100.0
v2.1 Risk 70.0 1.30 2.71 100.0
v2.2 Tree 74.5 1.78 2.59 100.0
v2.3 Intermittent 89.1 0.24 1.32 33.3
v2.4 Rules 86.4 0.87 1.78 100.0
v3.1 Target speed 99.1 0.02 0.53 100.0
v3.2 CoT 39.1 1.11 4.40 85.1
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6. Ablation Study
6.1. Methodology
In the ablation study, each part of the prompt is
systematically evaluated. The prompt for the LLM
agent was not created as a single block but was
meticulously engineered with several distinct com-
ponents. The primary goal of this study is to quan-
tify the contribution of each element to the overall
performance of the full prompt.

The methodology for this study is as follows:

The full prompt, containing all components, is used
as the high-performance benchmark.

Systematic Removal: A series of ablated prompts
is created. Each one is identical to the full prompt
but with one specific component removed.

Comparative Analysis: Each ablated prompt is run
through the simulation across all 11 experimental
conditions. The performance is then measured
against the Performance Criteria defined in the
previous section.

By comparing the performance of each ablated
prompt to the full prompt, the impact of each com-
ponent on the full prompt can be isolated. So,
where the systematic prompt engineering tested
the influence of the components on the bare min-
imum prompt. Here, the effect on the full prompt,
which is a combination of the best-performing ele-
ments, is tested. This analysis validates the sys-
tematic prompt engineering approach and identi-
fies the most effective strategies for guiding the
LLM agent.

The model used for this study is the same as
the model used to test the final LLM performance.

This is the OpenAI o3 model.

6.2. Results
An ablation study was conducted on the final, op-
timised prompt to determine the unique contribu-
tion of its major components to the agent’s perfor-
mance. Each element was individually removed,
and the resulting performance was benchmarked
against the baseline of the full prompt.

The full definitions and explanations of the abla-
tions can be found in Appendix C.

The results of the ablation study can be found in
Table 6.1. The concluding qualitative and quantita-
tive performance from these results can be found
in Tables 6.2 and 6.3, respectively. The statisti-
cal analysis, on which these findings are based, is
found in Appendix D

Interestingly, most ablations cause the model to
score higher qualitative performance scores. Only
removing the instruction to behave human-like
seems to have a negative effect. Meaning the
model relies the most on that instruction to perform
well.

The most substantial increase in performance was
observed when the CoT prompting was removed.
This ablation scored 5/7 for the qualitative crite-
ria, but only 1 collision more than the full prompt.
This is interesting because introducing this in the
systematic prompt engineering caused the biggest
positive change.

The highest increase in collision rate was a result
of removing the instruction to stay safe and avoid
collisions. This means the instruction is functional
for its intended purpose.
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Table 6.1: Ablation Study Results by Iteration, using the o3 model. Each row displays the ablation version and key plots
gathered during that ablation.

Velocity plot left first Velocity plot left second Joint interaction Gap at merge Initial velocity RMSE
Axis (y/x): Vel [m/s] / Time [s] Vel [m/s] / Time [s] Left merging first [%] / Headway [m] Gap at merge [m] / Headway [m] RMSE [m/s] / Headway [m]

Full Prompt

A1 Past Context

A2 Plan

A3a Safety

A3b Human

A3c Risk

A3d Reassess

A4 CoT
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Table 6.2: Qualitative evaluation of the Ablation Study, using the o3 model. (!= Significant/Observed,%= Not Significant/Not
Observed).
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Full Prompt ! ! % % % ! % 3/7
A1 Past context ! ! % % ! ! % 4/7
A2 Plan ! ! ! % % ! % 4/7
A3a Safety ! ! % ! % ! ! 5/7
A3b Human % ! % % % ! % 2/7
A3c Risk ! ! ! % % ! % 4/7
A3d Reassess ! ! % ! % ! % 4/7
A4 CoT ! ! ! ! % ! % 5/7

Table 6.3: Quantitative performance metrics of the LLM drivers across different ablations, using the o3 model.

Prompt Version Collision
Rate (%)

Velocity
RMSE (m/s)

Average
Gap (m)

Responsibility
(%)

Human 2.83 0.66 3.85 53.0
Full Prompt 0.00 1.33 9.18 93.6
A1 Past Context 2.80 1.30 9.29 95.3
A2 Previous Plan 2.80 1.50 10.63 100.0
A3a Safety 3.77 1.24 9.06 98.1
A3b Human Behaviour 1.85 1.32 9.47 98.2
A3c Risk 0.92 1.25 9.42 98.2
A3d Reassess 0.92 1.28 9.62 96.3
A4 CoT 0.92 1.33 9.57 99.1
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7. Sensitivity Analysis
7.1. Methodology
The ablation study validates the prompt’s de-
sign, while the sensitivity analysis addresses the
model’s influence. As noted in the introduction,
the rapid advancement of LLMsmeans that results
tied to a single model may have limited temporal
relevance.

In this sensitivity analysis, the influence of the cho-
sen model is analysed. It is designed to test the
generalisability of our findings and the robustness
of our prompt engineering strategies across differ-
ent LLM architectures for future research.

This analysis involves executing the same set of
prompts, specifically, the full prompt and ablated
prompts, across a different large language model.

The core objective is to determine the degree
to which the observed performance is model-
dependent. Two main questions will be investi-
gated:

Robustness of Prompting: Do the prompting
strategies that proved effective in the ablation
study have a similar positive impact when applied
to other models?

Generalisability of Performance: Can a different
model, using the full prompt, still satisfy the de-
fined performance criteria and produce human-like
driving behaviour?

The results from this cross-model comparison will

establish whether the framework’s success is due
to the logic captured in the prompt design or a quirk
of the specific model chosen for the main experi-
ment.

The model used for the sensitivity analysis is
Google’s Gemini-2.5-pro. This model is used be-
cause, similarly to o3, it is a reasoningmodel. Also,
because a different company produced this model.
This means that the model has a different structure
and dataset with different capabilities and potential
biases.

7.2. Sensitivity Analysis Results
The results of the sensitivity analysis can be found
in Table 7.1. The concluding qualitative and quan-
titative performance from these results can be
found in Tables 7.2 and 7.3, respectively. The sta-
tistical analysis, on which these findings are based,
is found in Appendix E

The analysis demonstrated that the performance
was highly model-dependent. The quantitative
performance was considerably worse for the Gem-
ini model. The collision rate is too high, but the av-
erage gap kept by this model is more in line with
the human data. The quantitative performance
fluctuated less for each ablation with this model,
but the overall performance was worse.

Opposite to the o3 model, ablating the human be-
haviour instruction led to the highest increase in
performance and ablating the CoT prompting led
to the highest decline in performance.
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Table 7.1: Sensitivity Analysis Results by Ablation, using the Gemini-2.5-pro model. Each row displays the ablation version
and key plots gathered during that ablation.

Velocity plot left first Velocity plot left second Joint interaction Gap at merge Initial velocity RMSE
Axis (y/x): Vel [m/s] / Time [s] Vel [m/s] / Time [s] Left merging first [%] / Headway [m] Gap at merge [m] / Headway [m] RMSE [m/s] / Headway [m]

Full Prompt

A1 Past Context

A2 Previous Plan

A3a Safety

A3b Human

A3c Risk

A3d Reassess

A4 CoT
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Table 7.2: Qualitative evaluation of the Sensitivity Analysis, using the Gemini-2.5-pro model. (!= Significant/Observed,%=
Not Significant/Not Observed).
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Full Prompt ! ! % % % ! % 3/7
A1 Past Context ! ! % ! % ! % 4/7
A2 Previous Plan ! ! % ! % % % 3/7
A3a Safety ! ! % % % ! % 3/7
A3b Human ! ! % % % ! % 3/7
A3c Risk ! ! % ! % ! % 4/7
A3d Reassess ! ! % ! % ! % 4/7
A4 CoT ! ! % ! % % % 3/7

Table 7.3: Quantitative performance metrics for the Sensitivity Analysis, using the Gemini-2.5-pro model.

Ablation Collision
Rate (%)

Velocity
RMSE (m/s)

Average
Gap (m)

Responsibility
(%)

Full Prompt 25.5 0.76 3.97 56.1
A1 Past Context 38.2 0.79 4.82 76.5
A2 Previous Plan 16.4 0.87 5.14 47.8
A3a Safety 30.9 0.60 3.68 47.4
A3b Human 10.9 0.79 4.29 49.0
A3c Risk 25.5 0.61 3.44 41.5
A3d Reassess 27.3 0.70 3.58 52.5
A4 CoT 38.2 0.65 3.72 52.9
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8. Discussion
This research explored the feasibility of using a
Large Language Model (LLM) as a human driver
behaviour model for a 1-D merging scenario. By
systematically benchmarking the agent against hu-
man driving data, this study aimed to determine
if the emergent reasoning capabilities of LLMs
could replicate the nuanced tactical and control be-
haviours of human drivers. The findings demon-
strate that while LLMs can be engineered to sat-
isfy high-level tactical criteria, their performance
is fundamentally constrained by a disparity in per-
ception, issues of quantitative fidelity, and severe
model dependency.

8.1. Interpretation of Results
The primary success of the LLM-driven agent lies
in its ability to replicate high-level tactical decision-
making. Qualitatively, the model successfully ex-
hibited piece-wise constant acceleration profiles,
resembling the decision-making structure of hu-
man drivers. Furthermore, the model satisfied the
symmetry criterion in neutral conditions and cor-
rectly increased yield rates when the opposing ve-
hicle held a headway advantage. This suggests
that the reasoning capabilities of the o3 model al-
low it to understand social coordination rules and
right-of-way concepts without explicit fine-tuning.

However, a fundamental divergence emerged in
the mechanism of these decisions. The statisti-
cal analysis using Linear Mixed-Effects Regres-
sion (LMER) revealed that while human drivers
rely heavily on relative velocity to make merging
decisions (p = 1.88 × 10−26), the LLM agent’s de-
cisions were not significantly predicted by velocity
(p = 0.22). Instead, the LLM adopted a gap-based
strategy, relying almost exclusively on projected
headway and absolute positions.

This difference likely stems from the nature of the
input data. Humans rely on optical flow, a continu-
ous, noisy visual perception of speed, whereas the
LLM was provided with discrete, absolute numeri-
cal state values. Consequently, the LLM engaged
in a calculation-heavy decision process rather than
the flow-based negotiation typical of humans. This
resulted in an agent that was safer but significantly
more conservative. The average gap at the merge
point and the velocity deviation RMSE were more
than double the human benchmarks. While the
agent avoided collisions effectively, it failed to cap-
ture the efficiency and fluidity of human driving.

8.2. Limitations
The validity of these findings is subject to several
limitations regarding the simulation environment,
benchmarking data, and model architecture.

A fundamental limitation concerns the ecological
validity of the human benchmark dataset. Al-
though utilised as the ground truth for this study,
this data was derived from a simulated environ-
ment, which inherently introduces bias regarding
risk perception. Research indicates that in natu-
ralistic driving scenarios, drivers typically accept
gaps of approximately 10 meters at velocities com-
parable to those in this experiment [51]. This
stands in sharp contrast to the average gap of
3.85 meters observed in the human benchmark
data used for this study. This discrepancy sug-
gests that the human participants in the simulator
exhibited uncharacteristically high-risk behaviour,
likely due to the absence of real-world physical risk.
Consequently, the ”ground truth” benchmark may
not accurately reflect naturalistic driving dynamics.
This implies that the LLM’s average gap of 9.18
meters, while statistically deviant from the simula-
tor data, may paradoxically align more closely with
real-world human safety margins than the human
benchmark itself

Second, the textual representation of the environ-
ment introduces a modality gap. Providing the
LLM with exact numerical states fundamentally al-
ters the task from perception-reaction to mathe-
matical optimisation. A human driver does not
know the exact meter distance to a merge point;
they estimate time-to-collision. By feeding the
LLM precise data, the experiment may have in-
advertently discouraged human-like estimation er-
rors and flow-based reactions.

A limitation of the sensitivity analysis is its scope,
as it was restricted to only two distinct LLM archi-
tectures (OpenAI o3 and Gemini-2.5-pro). While
the finding of severe model dependency is robust
within this pair, the extent to which this inconsis-
tency generalises across the broader LLM land-
scape remains unquantified. To fully characterise
the potential of LLMs as human driver behaviour
models, a comprehensive study spanning diverse
architectures, including open-source models like
Llama or varying parameter sizes of proprietary
models, would be required. Nevertheless, the cur-
rent findings provide a critical cautionary signal: ef-
fective prompt engineering appears to be a model-
specific optimisation problem rather than a gener-
alised solution for LLM-driven agents. This implies
that ’solving’ driving behaviour for one model does
not guarantee transferability to another, complicat-
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ing the development of a standardised LLM driver
framework

8.3. Implications for Current
Literature

These findings provide a nuanced perspective on
the growing body of research advocating for LLMs
as reasoning agents in autonomous driving. The
results validate the premise that base LLMs pos-
sess sufficient emergent reasoning capabilities to
handle complex social interactions without exten-
sive fine-tuning.

The limitations identified in the human benchmark
data compel a re-evaluation of the LLM’s conser-
vative performance. While the LLM’s average gap
of 9.18 meters initially appears to deviate from the
human benchmark (3.85 meters), it aligns remark-
ably well with the 10-meter gaps observed in real-
world naturalistic driving studies. This suggests
that the LLM agent may possess a higher degree
of ecological validity than the simulator-based hu-
man data itself. Rather than failing to capture hu-
man behaviour, the reasoning capabilities of the
model allowed it to bypass the bias seen in human
participants.

Crucially, this research challenges the prevailing
reliance on quantitative metrics, such as collision
rates and trajectory error minimisation, as the sole
indicators of model fidelity. Standard quantita-
tive evaluation often penalises models that devi-
ate from a specific ground-truth trajectory, even if
the deviation represents a valid, safe, and more
human-like alternative. By prioritising qualita-
tive behavioural criteria (e.g., piece-wise constant
control, symmetrical yielding), this study demon-
strated that an LLM can successfully replicate the
structure of human decision-making, even if it fails
to match the precise values (e.g., exact gap size)
of a specific dataset. This suggests that future
evaluation frameworks must expand beyond tra-
jectory error to include structural and stylistic align-
ment metrics, which are better suited to capturing
the reasoning quality of LLMs.

8.4. Future Work
To fully characterise the generalisability of LLMs
as reference driver models, a broader study
across more models (e.g., open-source models
like Llama, or different versions/sizes of Gemini
and OpenAI) would be required. Such a study
could isolate whether the gap-based strategy is an
artefact of specific reasoning engines or a funda-
mental property of text-based control.

To address the disparity between calculation-
based and flow-based driving, future research
should investigate the use of Vision-Language
Models (VLMs) or multi-modal inputs. Instead of
providing discrete numerical lists, the model could
be fed visual representations or noisy, qualitative
descriptions of the scene to force the model to rely
on estimation rather than calculation.

Additionally, the computational cost and latency of
the reasoning models (like o3) render them cur-
rently unsuitable for real-time operation. A promis-
ing avenue for future work is the development of
hierarchical architectures, where the LLM handles
only the high-level strategic decisions (yield vs.
merge), while a low-level physics-based controller
(such as an Intelligent Driver Model) executes the
acceleration. This could combine the social rea-
soning capabilities of the LLM with the control sta-
bility of traditional models, potentially reducing the
high velocity deviation observed in this study.

Finally, a critical avenue for future research lies
in explicit risk quantification. This study utilised
the simulation framework established by Siebinga,
which analyses driving behaviour through the lens
of risk perception and conflict resolution. While
the current study inferred the agent’s risk tolerance
from its external actions, future iterations could
prompt the LLM to explicitly output a ”perceived
risk level” or ”safety confidence score” alongside
its control actions. Comparing this internal ”LLM
risk metric” against the theoretical risk fields de-
fined in Siebinga’s risk-based driver models would
offer deeper insight into the agent’s cognition. It
would clarify whether the conservative gaps ob-
served in this study stem from an inflated percep-
tion of risk or a calibration error in its control re-
sponse.

9. Conclusion
This thesis set out to determine the extent to which
a base Large Language Model (LLM), guided by
systematic prompt engineering, could replicate the
tactical decisions and control of human drivers in a
1-D merging scenario. By benchmarking the Ope-
nAI o3 model against human simulator data, this
research successfully isolated the model’s reason-
ing capabilities and identified fundamental diver-
gences in how LLMs and humans approach the
driving task.

The results demonstrate that a base LLM is
capable of replicating high-level human tactical
decision-making without the need for extensive
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fine-tuning. Qualitatively, the agent satisfied key
human behavioural criteria. It exhibited symmetri-
cal yielding rates in neutral conditions, increased
yielding probability when the opposing vehicle held
a headway advantage, and demonstrated piece-
wise constant acceleration control similar to hu-
man decision structures.

However, quantitatively, the model diverged signif-
icantly from the specific human benchmark used.
While the agent achieved a collision rate of 0.0%
with the final prompt, it operated with a significantly
higher degree of conservatism. The average gap
at the merge point (9.18m) and velocity deviation
were more than double that of the human simu-
lator data. While this deviation suggests a lack
of precise quantitative alignment with the simula-
tor dataset, it paradoxically aligns closer to real-
world naturalistic driving gaps than the high-risk
behaviours observed in the human simulator par-
ticipants.

A critical finding of this research is the fundamen-
tal difference in the underlying decision logic be-
tween the LLM and human drivers. Statistical anal-
ysis revealed that human drivers employ a flow-
based strategy, relying heavily on relative velocity
to negotiate merges (p ≈ 0). In contrast, the LLM
adopted a gap-based strategy, where decisions
were driven by projected headway and absolute
positions, rendering relative velocity statistically in-
significant to its decision-making (p = 0.22). This
suggests that providing LLMs with discrete numer-
ical state data forces a mathematical optimisation
approach rather than the perception-reaction flow
inherent to human driving.

Systematic prompt engineering proved essential
to achieving functional performance. The inclu-
sion of Chain-of-Thought (CoT) reasoning and ex-
plicit memory of past states were the most critical
drivers of performance. The ablation study high-
lighted that the instruction to ”make the behaviour
human-like” was vital; removing it caused the most

significant decline in qualitative performance.

However, the sensitivity analysis revealed severe
model dependency. While the prompting strat-
egy succeeded with the o3 model, transferring the
same prompts to Gemini-2.5-pro resulted in a sig-
nificantly higher collision rate (25.5%) and differ-
ent responses to ablations. This indicates that ef-
fective prompt engineering for driver models is cur-
rently amodel-specific optimisation problem rather
than a generalised solution.

In conclusion, base Large Language Models pos-
sess the emergent reasoning capability to han-
dle the social negotiation and tactical logic re-
quired for highway merging. They can under-
stand right-of-way and cooperate to resolve con-
flicts safely. However, their application as direct
reference models is currently limited by a modal-
ity gap; the reliance on text-based numerical in-
puts forces a calculation-heavy driving style that
lacks the fluidity of human optical-flow perception.
Future implementation must bridge this gap, po-
tentially through multi-modal inputs or hierarchical
control structures, to transition LLMs from reason-
ing agents to realistic driver models.
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A
Systematic Prompt Engineering

For this systematic prompt engineering, a baseline prompt is created. After this, it is tested against the
criteria mentioned in Section Definition of Performance Criteria. Then, systematically, new parts to the
prompt are added, which should, according to the literature, improve the performance of the model,
where each iteration is tested against the same performance criteria.

Adding new parts of the prompt can be done in different categories, since not all changes tackle the
same problems. The categories chosen are: observation, human behaviour, and planning.

Baseline (v1.0)
To start, a bare minimum prompt was created. This included a basic description of the road the vehicle
is driving on, the positions in Cartesian form, and the absolute velocities. Also, the needed output
format is added, so the output of the model can be processed correctly in the code.

1 Your current speed: {vel} m/s
2

3 The mergepoint is {self.track._merge_point}
4 The shape of the road is a symmetrical inverse Y-shape, and your approach angle is {self.

track._approach_angle if have_to_merge else 'straight'}
5

6 Your position: {pos}
7 Other vehicle's position: {self.observed_position}
8 Other vehicle's velocity: {self.observed_velocity}
9

10 ---
11 Plan your behaviour in the following format:
12

13 First, explain your strategy in 2-3 sentences.
14

15 Then, output a numpy-style array with {self.memory_length} acceleration values, corresponding
to {self.dt / 1000} second timesteps over {self.memory_length * self.dt / 1000} seconds.

16 The actions you take must be in the interval [-1, 1], where -1 means full deceleration and 1
means full acceleration.

17 Just the numpy array is needed; do not add anything else.

Observation
First, how the LLM would perceive the scenario can be changed. This can have a considerable influ-
ence on the model, since it changes the information the model receives and can add extra context.

v1.1: Relative observations
The first change to be made is to change to relative distances and velocity. Similarly to how a hu-
man perceives the world, the model is instructed on how far objects (e.g., other vehicles and merge
points) are relative to them. Research has shown that LLMs are not good at mathematical reasoning
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[52]. Precalculating these values, rather than letting the LLM do it, can thus have a positive impact on
performance.

1 - The mergepoint is {self.track._merge_point}
2 + The mergepoint is in {self.track._merge_point[1] - pos[1]} meters
3

4 - Your position: {pos}
5 - Other vehicle's position: {self.observed_position}
6 + Other vehicle's relative position: {self.observed_position - pos}
7 - Other vehicle's velocity: {self.observed_velocity}
8 + Other vehicle's relative velocity: {self.observed_velocity - vel}

v1.2: Memory
Another change that can bemadewith respect to observation is the addition of memory. Addingmemory
to the prompt can have a positive impact on the performance [53]. If the model can know past states
as well as its current one, it can see trends in its own behaviour and that of others.

1 + Your previous accelerations: {self.previous_actions}
2 + Planned accelerations for upcoming timestamps: {self.array_plan}
3 + Previous velocities of other vehicle: {self.past_velocities}

v1.3: Context
Adding context can help the zero-shot behaviour of LLMs [54]. Since an existing LLM is used without
finetuning, adding context can have a positive impact.

1 + You are a driver model that aims to emulate safe and realistic human driving
behaviour.

2 + You control acceleration values to guide a vehicle in a simulated environment.

Human Behaviour
Now, the influence on the behaviour of the model to resemble the behaviour of human driving can be
investigated.

v2.1: Risk homeostasis
1 + People tend to adjust their behaviour to maintain a personal target level of

risk. If driving feels safer (e.g., due to better technology , smoother roads,
or safety systems), they may unconsciously take more risks (like driving faster
or paying less attention).

2 + If conditions feel more dangerous , they usually compensate by being more
cautious.

3 + In short, drivers balance their perceived safety with their willingness to
accept risk, so safety improvements ’dont always reduce accidents unless they
also shift that target risk level.

v2.2: Tree of thought
To enhance the decision-making capabilities of the model, a Tree of Thought approach is implemented
[55, 56]. This method mimics the human cognitive process of anticipating future outcomes before
acting. By explicitly instructing the model to generate multiple branches of possibility (evaluating ben-
efits, drawbacks, and safety implications for different actions), the impulsive or ”hallucinated” unsafe
manoeuvres may be reduced.

1 + Consider the branches of thought as the different actions the vehicle can take:
For each branch:

2 + *What are the benefits based on the scenario details?
3 + *What are the drawbacks or potential issues?
4 + *Is it safe?
5 + *Would a human choose this action?
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6 + Evaluate each branch and sub-branch to decide the next action. What should the
vehicle do in this situation?

7 + Make a decision which aligns with experienced human-like driving behaviour.

v2.3: Intermittent control
Human drivers do not strictly adhere to continuous control theory; they do not constantly micro-adjust
acceleration at every millisecond. Instead, human control behaviour is characterised by intermittent
control, where actions are taken in discrete bursts or corrections followed by periods of holding steady.
This prompt addition instructs the model to emulate this piecewise behaviour to avoid robotic, hyper-
reactive control outputs.

1 + Humans typically do not apply smooth, continuous acceleration.
2 + Instead, they make discrete decisions at moments in time, adjusting the throttle

or brake in short bursts.
3 + This creates a piecewise , intermittent control pattern where the driver

alternates between periods of holding steady and making corrective actions,
rather than constantly fine-tuning.

v2.4: Driving rules
While mimicking human behaviour is desirable, the model must strictly adhere to safety-critical con-
straints. By defining hard rules, such as the 2-second following distance and strict speed limit adher-
ence, the model is provided with a non-negotiable framework that overrides stylistic choices if safety is
compromised.

1 + Use these driving rules:
2 + - Always avoid collisions
3 + - To keep a safe distance, use the 2-second rule
4 + - Keep driving the speed limit when safe

Planning
While the previous sections focused on how the model perceives the world (Observation) and its be-
havioural personality (Human Behaviour), the Planning section focuses on the execution of the trajec-
tory. These additions aim to give the model a clearer objective and a logical structure for deriving its
output array.

v3.1: Target Speed
Without a defined goal, the safest action for a driver model is often to remain stationary. To compel the
vehicle to progress along the track, a target speed (or preferred velocity) is explicitly provided. This
creates an optimisation gap between the current state and the desired state, motivating the model to
output positive acceleration values when safe.

1 + Your target speed: {self.preferred_velocity} m/s

v3.2: Chain of thought
Large Language Models often perform better when forced to break down complex reasoning into inter-
mediate steps, known as Chain of Thought (CoT) prompting. This iteration forces the model to sequen-
tially process the yield decision and strategy formulation before generating the numerical acceleration
array. This separation reduces the likelihood that the output will contradict the intent.

1 + First ,{" decide if you want to yield or not at the merge, given your current
observations. Then," if have_to_merge else ""} decide if your strategy needs to
change based on your previously planned output and current observations. Then,
decide on your strategy to achieve your goals, taking into account your

observations and the strategy you have developed. Try to make the behaviour
human-like. With this action plan, derive your acceleration output for the
coming timesteps.
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B
Systematic Prompt Engineering

Results

Baseline (v1.0)
Table B.1: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on which

driver merged first for the human and LLM.

Feature Estimate SE Z P-value

Intercept - H -0.30 0.13 -2.26 0.02
Intercept - LLM 19.76 19539.83 0.00 1.00
Projected headway - H 1.11 0.07 14.89 3.57× 10−50

Projected headway - LLM 21.64 33719.37 0.00 1.00
Relative velocity - H -3.30 0.31 -10.64 1.88× 10−26

Relative velocity - LLM -53.45 125747.56 -0.00 1.00

Table B.2: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on the gap
at merge for the human and LLM.

Feature Estimate SE Z P-value

Intercept - H 3.88 0.26 15.25 0.00
Intercept - LLM 1.46 1.48 0.98 0.33
Abs. projected headway - H 0.05 0.08 0.59 0.55
Abs. projected headway - LLM 0.10 0.40 0.24 0.81
Abs. relative velocity - H -0.85 0.38 -2.27 0.02
Abs. relative velocity - LLM -0.12 2.12 -0.06 0.96
Headway:velocity Interaction - H 0.24 0.12 2.01 0.04
Headway:velocity Interaction - LLM 0.23 0.58 0.40 0.69
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Table B.3: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on the
RMSE velocity deviation from the initial velocity for the human and LLM.

Feature Estimate SE Z P-value

Intercept - H 0.83 0.12 6.87 0.00
Intercept - LLM 2.48 0.55 4.49 0.00
Abs. projected headway - H -0.08 0.04 -2.11 0.04
Abs. projected headway - LLM -0.43 0.15 -2.79 0.01
Abs. relative velocity - H -0.19 0.18 -1.04 0.30
Abs. relative velocity - LLM -1.30 0.81 -1.61 0.11
Headway:velocity Interaction - H 0.10 0.06 1.68 0.09
Headway:velocity Interaction - LLM 0.51 0.23 2.21 0.03
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Observation
v1.1: Relative observations
Table B.4: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on which

driver merged first for the human and LLM.

Feature Estimate SE Z P-value

Intercept - H -0.30 0.13 -2.26 0.02
Intercept - LLM -0.07 0.71 -0.11 0.92
Projected headway - H 1.11 0.07 14.89 3.57× 10−50

Projected headway - LLM 1.20 0.39 3.11 0.00
Relative velocity - H -3.30 0.31 -10.64 1.88× 10−26

Relative velocity - LLM -1.50 1.15 -1.31 0.19

Table B.5: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on the gap
at merge for the human and LLM.

Feature Estimate SE Z P-value

Intercept - H 3.88 0.26 15.25 0.00
Intercept - LLM 3.86 1.58 2.45 0.01
Abs. projected headway - H 0.05 0.08 0.59 0.55
Abs. projected headway - LLM 0.36 0.44 0.81 0.41
Abs. relative velocity - H -0.85 0.38 -2.27 0.02
Abs. relative velocity - LLM -1.13 2.40 -0.47 0.64
Headway:velocity Interaction - H 0.24 0.12 2.01 0.04
Headway:velocity Interaction - LLM -0.04 0.69 -0.06 0.95

Table B.6: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on the
RMSE velocity deviation from the initial velocity for the human and LLM.

Feature Estimate SE Z P-value

Intercept - H 0.83 0.12 6.87 0.00
Intercept - LLM 3.22 0.46 6.95 0.00
Abs. projected headway - H -0.08 0.04 -2.11 0.04
Abs. projected headway - LLM -0.08 0.13 -0.60 0.55
Abs. relative velocity - H -0.19 0.18 -1.04 0.30
Abs. relative velocity - LLM -0.18 0.65 -0.28 0.78
Headway:velocity Interaction - H 0.10 0.06 1.68 0.09
Headway:velocity Interaction - LLM -0.00 0.18 -0.02 0.98
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v1.2: Memory
Table B.7: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on which

driver merged first for the human and LLM.

Feature Estimate SE Z P-value

Intercept - H -0.30 0.13 -2.26 0.02
Intercept - LLM -0.27 0.47 -0.59 0.56
Projected headway - H 1.11 0.07 14.89 3.57× 10−50

Projected headway - LLM 0.56 0.18 3.15 0.00
Relative velocity - H -3.30 0.31 -10.64 1.88× 10−26

Relative velocity - LLM -0.85 0.62 -1.37 0.17

Table B.8: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on the gap
at merge for the human and LLM.

Feature Estimate SE Z P-value

Intercept - H 3.88 0.26 15.25 0.00
Intercept - LLM 9.92 2.70 3.67 0.00
Abs. projected headway - H 0.05 0.08 0.59 0.55
Abs. projected headway - LLM -1.29 0.79 -1.63 0.10
Abs. relative velocity - H -0.85 0.38 -2.27 0.02
Abs. relative velocity - LLM -8.78 3.60 -2.44 0.01
Headway:velocity Interaction - H 0.24 0.12 2.01 0.04
Headway:velocity Interaction - LLM 1.99 1.07 1.86 0.06

Table B.9: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on the
RMSE velocity deviation from the initial velocity for the human and LLM.

Feature Estimate SE Z P-value
Intercept - H 0.83 0.12 6.87 0.00
Intercept - LLM 2.75 0.70 3.92 0.00
Abs. projected headway - H -0.08 0.04 -2.11 0.04
Abs. projected headway - LLM -0.41 0.20 -2.04 0.04
Abs. relative velocity - H -0.19 0.18 -1.04 0.30
Abs. relative velocity - LLM -1.07 0.93 -1.16 0.25
Headway:velocity Interaction - H 0.10 0.06 1.68 0.09
Headway:velocity Interaction - LLM 0.28 0.27 1.04 0.30
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v1.3: Context
Table B.10: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on which

driver merged first for the human and LLM.

Feature Estimate SE Z P-value

Intercept - H -0.30 0.13 -2.26 0.02
Intercept - LLM -0.61 122651.86 -0.00 1.00
Projected headway - H 1.11 0.07 14.89 3.57× 10−50

Projected headway - LLM 12.64 206813.39 0.00 1.00
Relative velocity - H -3.30 0.31 -10.64 1.88× 10−26

Relative velocity - LLM -29.94 153314.83 -0.00 1.00
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Human Behaviour
v2.1: Risk homeostasis
Table B.11: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on which

driver merged first for the human and LLM.

Feature Estimate SE Z P-value

Intercept - H -0.30 0.13 -2.26 0.02
Intercept - LLM -10.35 727437.31 -0.00 1.00
Projected headway - H 1.11 0.07 14.89 3.57× 10−50

Projected headway - LLM 10.13 687228.41 0.00 1.00
Relative velocity - H -3.30 0.31 -10.64 1.88× 10−26

Relative velocity - LLM -19.54 881719.85 -0.00 1.00

Table B.12: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on the
gap at merge for the human and LLM.

Feature Estimate SE Z P-value

Intercept - H 3.88 0.26 15.25 0.00
Intercept - LLM 2.26 13421772.80 0.00 1.00
Abs. projected headway - H 0.05 0.08 0.59 0.55
Abs. projected headway - LLM -0.09 3355443.20 -0.00 1.00
Abs. relative velocity - H -0.85 0.38 -2.27 0.02
Abs. relative velocity - LLM -0.82 16777216.00 -0.00 1.00
Headway:velocity Interaction - H 0.24 0.12 2.01 0.04
Headway:velocity Interaction - LLM 0.57 4194304.00 0.00 1.00

v2.2: Tree of thought
Table B.13: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on which

driver merged first for the human and LLM.

Feature Estimate SE Z P-value
Intercept - H -0.30 0.13 -2.26 0.02
Intercept - LLM 11.71 60949.93 0.00 1.00
Projected headway - H 1.11 0.07 14.89 3.57× 10−50

Projected headway - LLM 13.67 241006.41 0.00 1.00
Relative velocity - H -3.30 0.31 -10.64 1.88× 10−26

Relative velocity - LLM -14.64 76187.42 -0.00 1.00
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v2.3: Intermittent control
There was not enough data to do a statistical analysis for this prompt.

v2.4: Driving rules
Table B.14: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on which

driver merged first for the human and LLM.

Feature Estimate SE Z P-value

Intercept - H -0.30 0.13 -2.26 0.02
Intercept - LLM -2.94 179092.02 -0.00 1.00
Projected headway - H 1.11 0.07 14.89 3.57× 10−50

Projected headway - LLM 10.90 22680.41 0.00 1.00
Relative velocity - H -3.30 0.31 -10.64 1.88× 10−26

Relative velocity - LLM -24.83 250282.56 -0.00 1.00
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Planning
v3.1: Target Speed
There was not enough data to do a statistical analysis for this prompt.

v3.2: Chain of thought
Table B.15: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on which

driver merged first for the human and LLM.

Feature Estimate SE Z P-value

Intercept - H -0.30 0.13 -2.26 0.02
Intercept - LLM -0.59 0.62 -0.95 0.34
Projected headway - H 1.11 0.07 14.89 3.57× 10−50

Projected headway - LLM 33.13 1.10× 1014 0.00 1.00
Relative velocity - H -3.30 0.31 -10.64 1.88× 10−26

Relative velocity - LLM -1.02 0.95 -1.08 0.28

Table B.16: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on the
gap at merge for the human and LLM.

Feature Estimate SE Z P-value

Intercept - H 3.88 0.26 15.25 0.00
Intercept - LLM 2.54 1.15 2.21 0.03
Abs. projected headway - H 0.05 0.08 0.59 0.55
Abs. projected headway - LLM 0.55 0.33 1.65 0.10
Abs. relative velocity - H -0.85 0.38 -2.27 0.02
Abs. relative velocity - LLM 1.49 1.69 0.88 0.38
Headway:velocity Interaction - H 0.24 0.12 2.01 0.04
Headway:velocity Interaction - LLM -0.39 0.51 -0.77 0.44

Table B.17: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on the
RMSE velocity deviation from the initial velocity for the human and LLM.

Feature Estimate SE Z P-value

Intercept - H 0.83 0.12 6.87 0.00
Intercept - LLM 1.18 0.28 4.28 0.00
Abs. projected headway - H -0.08 0.04 -2.11 0.04
Abs. projected headway - LLM -0.05 0.08 -0.67 0.50
Abs. relative velocity - H -0.19 0.18 -1.04 0.30
Abs. relative velocity - LLM 0.13 0.40 0.32 0.75
Headway:velocity Interaction - H 0.10 0.06 1.68 0.09
Headway:velocity Interaction - LLM 0.02 0.12 -0.12 0.91
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C
Ablation Study

To find out what the influence of each part of the prompt is on the final result, an ablation study is done.
Each element of the ablation study is removed from the final prompt to see how the model performs
differently. Due to budget and environmental reasons, the ablations were not combined to see the
combined influence of the ablations. The final prompt can be seen below

1 Environment details:
2 -Preferred velocity: {self.preferred_velocity} m/s
3 -Road: {"Two equal-priority roads merging into a single lane (inverse Y-shape). You are on

one branch, the other vehicle is on the other (both in the same direction)" if
have_to_merge else "straight road"}

4

5 Vehicle length: {self.vehicle_length} m
6 You see the other vehicle {headway} meters {other_pos} (centre to centre, so without taking

into account vehicle length){"(this headway is relative, but the other car is still on
the other road)" if have_to_merge else ""}.

7

8 You are driving {vel} m/s
9 The other vehicle is driving {self.observed_velocity} m/s
10 {"You see the mergepoint coming up in "+ str(self.track._merge_point[1]-pos) + " meters" if

have_to_merge else ""}
11

12 Past context (each timestep is {self.dt/1000} seconds) of the last 2 seconds:
13 -Your previous accelerations: {self.previous_actions[int(-2/self.dt*1000):]}
14 -Past observed velocities of the other vehicle: {self.past_velocities[int(-2/self.dt*1000):]}
15 -Your previously planned accelerations: {self.array_plan}
16 Use this information to stay consistent in your driving strategy and anticipate the actions

of the other vehicle.
17

18 Important:
19 -Always avoid collisions and drive safely
20 -Try to make the behaviour human-like
21 -Keep an appropriate distance and try to take no risks unless the situation demands it
22 -Always reassess the situation with the other vehicle and adjust your behaviour as needed
23

24 First,{" decide if you want to yield or not at the merge, given your current observations.
Then," if have_to_merge else ""} decide if your strategy needs to change based on your
previously planned output and current observations. Then, decide on your strategy to
achieve your goals, taking into account your observations and the strategy you have
developed. With this action plan, derive your acceleration output for the coming
timesteps.

25 ---
26 Plan your behaviour in the following format:
27

28 {'<Print "M" or "Y" depending on whether you want to merge first or yield, respectively. Just
print the letter and nothing else>' if have_to_merge else ""}

29

30 <2-3 sentences explaining what you believe the other vehicle will do and your strategy.>
31

38



32 <Output a numpy array in a python code block with {self.memory_length} acceleration values,
corresponding to {self.dt / 1000} second timesteps over {self.memory_length * self.dt /
1000} seconds. The actions you take are normalised and must be in the interval [-1, 1],
where -1 means full deceleration and 1 means full acceleration. Full acceleration and
deceleration correspond with 2.5 and -2.5 m/s^2, respectively. In the code block you can
only put the array and nothing else (no imports or comments)>

Baseline
Some parts of the prompts are deemed necessary to create a valid response and logical output. So
these parts will not be altered during the ablation study. The output format needed to process the
response. The models needs the environment details to get a general idea of the scenario. To prevent
collisions, the model needs the distance to the other vehicle and the length of the vehicles. To be able
to control its speed, it needs to know how fast it is driving. And, to react correctly and quickly enough,
it needs the velocity of the other vehicle and the distance to the merge point. The parts used for the
ablation are shown below.

1 Past context (each timestep is {self.dt/1000} seconds) of the last 2 seconds:
2 -Your previous accelerations: {self.previous_actions[int(-2/self.dt*1000):]}
3 -Past observed velocities of the other vehicle: {self.past_velocities[int(-2/self.dt*1000):]}
4 -Your previously planned accelerations: {self.array_plan}
5 Use this information to stay consistent in your driving strategy and anticipate the actions

of the other vehicle.
6

7 Important:
8 -Always avoid collisions and drive safely
9 -Try to make the behaviour human-like
10 -Keep an appropriate distance and try to take no risks unless the situation demands it
11 -Always reassess the situation with the other vehicle and adjust your behaviour as needed
12

13 First,{" decide if you want to yield or not at the merge, given your current observations.
Then," if have_to_merge else ""} decide if your strategy needs to change based on your
previously planned output and current observations. Then, decide on your strategy to
achieve your goals, taking into account your observations and the strategy you have
developed. With this action plan, derive your acceleration output for the coming
timesteps.

Ablation 1: Past Context
The first ablation was to remove the past accelerations and velocities. This part gives information on
past states of the vehicle and the other vehicle. By removing this, the model does not know past states
and might behave differently by taking less risk because of a lack of information or an increase in
collisions. Below are the alterations to the final prompt can be seen.

1 - Past context (each timestep is {self.dt /1000} seconds) of the last 2 seconds:
2 - -Your previous accelerations: {self.previous_actions[int(-2/self.dt *1000) :]}
3 - -Past observed velocities of the other vehicle: {self.past_velocities[int(-2/

self.dt *1000) :]}
4 - Use this information to stay consistent in your driving strategy and anticipate

the actions of the other vehicle.
5

6 + Use this information to stay consistent in your driving strategy

Ablation 2: Previous Plan
The previously planned accelerations is a separate ablation, because it does not tell the model about
past states, but the upcoming time steps. Removing this part can lead to an increase in tactical be-
haviour changes or a decrease in constant piecewise acceleration control. The changes from the final
prompt can be seen in the block below.

1 - -Your previously planned accelerations: {self.array_plan}
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Ablation 3: Behavioural Guidelines
Next, the important customs are removed one at a time to see how well the model performs without
them, or whether the output remains unchanged.

Ablation 3a: Safety
1 - -Always avoid collisions and drive safely

Ablation 3b: Human behaviour
1 - -Try to make the behaviour human-like

Ablation 3c: Distance and Risk
1 - -Keep an appropriate distance and try to take no risks unless the situation

demands it

Ablation 3d: Reassessment
1 - -Always reassess the situation with the other vehicle and adjust your behaviour

as needed

Ablation 4: Chain-of-Thought (CoT) Reasoning
Lastly, the tactical decision strategy is removed. Since this part is a form of CoT reasoning, it can have
a significant effect on the performance of the model.

1 - First ,{" decide if you want to yield or not at the merge, given your current
observations. Then," if have_to_merge else ""} decide if your strategy needs to
change based on your previously planned output and current observations. Then,
decide on your strategy to achieve your goals, taking into account your

observations and the strategy you have developed. With this action plan, derive
your acceleration output for the coming timesteps.
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D
Ablation Study Results

Ablation 1: Past Context
Table D.1: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on which

driver merged first for the human and LLM.

Feature Estimate SE Z P-value

Intercept - H -0.30 0.13 -2.26 0.02
Intercept - LLM 0.07 0.38 0.19 0.85
Projected headway - H 1.11 0.07 14.89 3.57× 10−50

Projected headway - LLM 1.42 0.41 3.44 5.88× 10−04

Relative velocity - H -3.30 0.31 -10.64 1.88× 10−26

Relative velocity - LLM -0.99 0.59 -1.68 0.09

Table D.2: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on the gap
at merge for the human and LLM.

Feature Estimate SE Z P-value

Intercept - H 3.88 0.26 15.25 0.00
Intercept - LLM 5.63 0.82 6.88 0.00
Abs. projected headway - H 0.05 0.08 0.59 0.55
Abs. projected headway - LLM 1.20 0.25 4.83 0.00
Abs. relative velocity - H -0.85 0.38 -2.27 0.02
Abs. relative velocity - LLM 3.16 1.21 2.61 0.01
Headway:velocity Interaction - H 0.24 0.12 2.01 0.04
Headway:velocity Interaction - LLM -0.88 0.38 -2.33 0.02
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Table D.3: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on the
RMSE velocity deviation from the initial velocity for the human and LLM.

Feature Estimate SE Z P-value

Intercept - H 0.83 0.12 6.87 0.00
Intercept - LLM 1.64 0.17 9.51 0.00
Abs. projected headway - H -0.08 0.04 -2.11 0.04
Abs. projected headway - LLM -0.09 0.05 -1.71 0.09
Abs. relative velocity - H -0.19 0.18 -1.04 0.30
Abs. relative velocity - LLM -0.32 0.26 -1.24 0.22
Headway:velocity Interaction - H 0.10 0.06 1.68 0.09
Headway:velocity Interaction - LLM 0.05 0.08 0.63 0.53
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Ablation 2: Previous Plan
Table D.4: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on which

driver merged first for the human and LLM.

Feature Estimate SE Z P-value

Intercept - H -0.30 0.13 -2.26 0.02
Intercept - LLM 0.29 0.36 0.79 0.43
Projected headway - H 1.11 0.07 14.89 3.57× 10−50

Projected headway - LLM 1.01 0.20 5.13 2.94× 10−07

Relative velocity - H -3.30 0.31 -10.64 1.88× 10−26

Relative velocity - LLM -1.43 0.57 -2.52 0.01

Table D.5: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on the gap
at merge for the human and LLM.

Feature Estimate SE Z P-value

Intercept - H 3.88 0.26 15.25 0.00
Intercept - LLM 8.67 1.13 7.65 0.00
Abs. projected headway - H 0.05 0.08 0.59 0.55
Abs. projected headway - LLM 0.75 0.35 2.16 0.03
Abs. relative velocity - H -0.85 0.38 -2.27 0.02
Abs. relative velocity - LLM 0.98 1.69 0.58 0.56
Headway:velocity Interaction - H 0.24 0.12 2.01 0.04
Headway:velocity Interaction - LLM -0.38 0.53 -0.71 0.48

Table D.6: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on the
RMSE velocity deviation from the initial velocity for the human and LLM.

Feature Estimate SE Z P-value

Intercept - H 0.83 0.12 6.87 0.00
Intercept - LLM 1.55 0.19 8.24 0.00
Abs. projected headway - H -0.08 0.04 -2.11 0.04
Abs. projected headway - LLM -0.02 0.06 -0.39 0.70
Abs. relative velocity - H -0.19 0.18 -1.04 0.30
Abs. relative velocity - LLM 0.00 0.28 0.00 1.00
Headway:velocity Interaction - H 0.10 0.06 1.68 0.09
Headway:velocity Interaction - LLM 0.01 0.09 0.09 0.93
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Ablation 3: Behavioural Guidelines
Ablation 3a: Safety
Table D.7: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on which

driver merged first for the human and LLM.

Feature Estimate SE Z P-value

Intercept - H -0.30 0.13 -2.26 0.02
Intercept - LLM -0.04 0.36 -0.12 0.90
Projected headway - H 1.11 0.07 14.89 3.57× 10−50

Projected headway - LLM 1.19 0.28 4.23 2.32× 10−05

Relative velocity - H -3.30 0.31 -10.64 1.88× 10−26

Relative velocity - LLM -1.02 0.56 -1.81 0.07

Table D.8: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on the gap
at merge for the human and LLM.

Feature Estimate SE Z P-value

Intercept - H 3.88 0.26 15.25 0.00
Intercept - LLM 8.56 0.71 12.12 0.00
Abs. projected headway - H 0.05 0.08 0.59 0.55
Abs. projected headway - LLM 0.32 0.22 1.45 0.15
Abs. relative velocity - H -0.85 0.38 -2.27 0.02
Abs. relative velocity - LLM -0.63 1.06 -0.59 0.55
Headway:velocity Interaction - H 0.24 0.12 2.01 0.04
Headway:velocity Interaction - LLM 0.04 0.33 0.11 0.91

Table D.9: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on the
RMSE velocity deviation from the initial velocity for the human and LLM.

Feature Estimate SE Z P-value

Intercept - H 0.83 0.12 6.87 0.00
Intercept - LLM 1.50 0.15 9.75 0.00
Abs. projected headway - H -0.08 0.04 -2.11 0.04
Abs. projected headway - LLM -0.09 0.05 -1.97 0.05
Abs. relative velocity - H -0.19 0.18 -1.04 0.30
Abs. relative velocity - LLM -0.21 0.23 -0.93 0.35
Headway:velocity Interaction - H 0.10 0.06 1.68 0.09
Headway:velocity Interaction - LLM 0.07 0.07 0.96 0.34
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Ablation 3b: Human behaviour
Table D.10: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on which

driver merged first for the human and LLM.

Feature Estimate SE Z P-value

Intercept - H -0.30 0.13 -2.26 0.02
Intercept - LLM 1.01 0.40 2.52 0.01
Projected headway - H 1.11 0.07 14.89 3.57× 10−50

Projected headway - LLM 1.35 0.32 4.23 2.35× 10−05

Relative velocity - H -3.30 0.31 -10.64 1.88× 10−26

Relative velocity - LLM -0.63 0.57 -1.10 0.27

Table D.11: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on the
gap at merge for the human and LLM.

Feature Estimate SE Z P-value

Intercept - H 3.88 0.26 15.25 0.00
Intercept - LLM 8.00 0.65 12.33 0.00
Abs. projected headway - H 0.05 0.08 0.59 0.55
Abs. projected headway - LLM 0.62 0.20 3.13 0.00
Abs. relative velocity - H -0.85 0.38 -2.27 0.02
Abs. relative velocity - LLM 0.44 0.96 0.45 0.65
Headway:velocity Interaction - H 0.24 0.12 2.01 0.04
Headway:velocity Interaction - LLM -0.25 0.30 -0.83 0.41

Table D.12: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on the
RMSE velocity deviation from the initial velocity for the human and LLM.

Feature Estimate SE Z P-value
Intercept - H 0.83 0.12 6.87 0.00
Intercept - LLM 1.41 0.17 8.25 0.00
Abs. projected headway - H -0.08 0.04 -2.11 0.04
Abs. projected headway - LLM -0.03 0.05 -0.56 0.58
Abs. relative velocity - H -0.19 0.18 -1.04 0.30
Abs. relative velocity - LLM 0.17 0.25 0.66 0.51
Headway:velocity Interaction - H 0.10 0.06 1.68 0.09
Headway:velocity Interaction - LLM -0.08 0.08 -0.97 0.33
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Ablation 3c: Distance and Risk
Table D.13: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on which

driver merged first for the human and LLM.

Feature Estimate SE Z P-value

Intercept - H -0.30 0.13 -2.26 0.02
Intercept - LLM -0.51 0.39 -1.28 0.20
Projected headway - H 1.11 0.07 14.89 3.57× 10−50

Projected headway - LLM 1.24 0.28 4.42 1.00× 10−05

Relative velocity - H -3.30 0.31 -10.64 1.88× 10−26

Relative velocity - LLM -1.49 0.59 -2.50 0.01

Table D.14: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on the
gap at merge for the human and LLM.

Feature Estimate SE Z P-value

Intercept - H 3.88 0.26 15.25 0.00
Intercept - LLM 9.16 0.57 15.98 0.00
Abs. projected headway - H 0.05 0.08 0.59 0.55
Abs. projected headway - LLM 0.34 0.17 1.97 0.05
Abs. relative velocity - H -0.85 0.38 -2.27 0.02
Abs. relative velocity - LLM -0.88 0.84 -1.05 0.29
Headway:velocity Interaction - H 0.24 0.12 2.01 0.04
Headway:velocity Interaction - LLM -0.06 0.26 -0.24 0.81

Table D.15: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on the
RMSE velocity deviation from the initial velocity for the human and LLM.

Feature Estimate SE Z P-value
Intercept - H 0.83 0.12 6.87 0.00
Intercept - LLM 1.53 0.16 9.61 0.00
Abs. projected headway - H -0.08 0.04 -2.11 0.04
Abs. projected headway - LLM -0.07 0.05 -1.45 0.15
Abs. relative velocity - H -0.19 0.18 -1.04 0.30
Abs. relative velocity - LLM -0.17 0.23 -0.71 0.47
Headway:velocity Interaction - H 0.10 0.06 1.68 0.09
Headway:velocity Interaction - LLM -0.00 0.07 -0.06 0.96
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Ablation 3d: Reassessment
Table D.16: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on which

driver merged first for the human and LLM.

Feature Estimate SE Z P-value

Intercept - H -0.30 0.13 -2.26 0.02
Intercept - LLM -0.42 0.40 -1.04 0.30
Projected headway - H 1.11 0.07 14.89 3.57× 10−50

Projected headway - LLM 16.90 3594563.26 0.00 1.00
Relative velocity - H -3.30 0.31 -10.64 1.88× 10−26

Relative velocity - LLM -1.03 0.64 -1.62 0.10

Table D.17: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on the
gap at merge for the human and LLM.

Feature Estimate SE Z P-value

Intercept - H 3.88 0.26 15.25 0.00
Intercept - LLM 8.31 0.93 8.91 0.00
Abs. projected headway - H 0.05 0.08 0.59 0.55
Abs. projected headway - LLM 0.52 0.29 1.83 0.07
Abs. relative velocity - H -0.85 0.38 -2.27 0.02
Abs. relative velocity - LLM 0.74 1.39 0.53 0.59
Headway:velocity Interaction - H 0.24 0.12 2.01 0.04
Headway:velocity Interaction - LLM -0.32 0.44 -0.72 0.47

Table D.18: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on the
RMSE velocity deviation from the initial velocity for the human and LLM.

Feature Estimate SE Z P-value
Intercept - H 0.83 0.12 6.87 0.00
Intercept - LLM 1.44 0.17 8.52 0.00
Abs. projected headway - H -0.08 0.04 -2.11 0.04
Abs. projected headway - LLM -0.05 0.05 -1.02 0.30
Abs. relative velocity - H -0.19 0.18 -1.04 0.30
Abs. relative velocity - LLM 0.03 0.25 0.14 0.89
Headway:velocity Interaction - H 0.10 0.06 1.68 0.09
Headway:velocity Interaction - LLM -0.03 0.08 -0.34 0.74
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Ablation 4: Chain-of-Thought (CoT) Reasoning
Table D.19: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on which

driver merged first for the human and LLM.

Feature Estimate SE Z P-value

Intercept - H -0.30 0.13 -2.26 0.02
Intercept - LLM -0.44 0.39 -1.11 0.27
Projected headway - H 1.11 0.07 14.89 3.57× 10−50

Projected headway - LLM 1.15 0.23 4.92 8.86× 10−07

Relative velocity - H -3.30 0.31 -10.64 1.88× 10−26

Relative velocity - LLM -2.00 0.64 -3.10 0.00

Table D.20: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on the
gap at merge for the human and LLM.

Feature Estimate SE Z P-value

Intercept - H 3.88 0.26 15.25 0.00
Intercept - LLM 9.08 0.93 9.81 0.00
Abs. projected headway - H 0.05 0.08 0.59 0.55
Abs. projected headway - LLM 0.43 0.28 1.50 0.14
Abs. relative velocity - H -0.85 0.38 -2.27 0.02
Abs. relative velocity - LLM -1.41 1.37 -1.02 0.31
Headway:velocity Interaction - H 0.24 0.12 2.01 0.04
Headway:velocity Interaction - LLM 0.16 0.43 0.38 0.71

Table D.21: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on the
RMSE velocity deviation from the initial velocity for the human and LLM.

Feature Estimate SE Z P-value

Intercept - H 0.83 0.12 6.87 0.00
Intercept - LLM 1.63 0.15 10.52 0.00
Abs. projected headway - H -0.08 0.04 -2.11 0.04
Abs. projected headway - LLM -0.08 0.05 -1.69 0.09
Abs. relative velocity - H -0.19 0.18 -1.04 0.30
Abs. relative velocity - LLM -0.32 0.23 -1.37 0.17
Headway:velocity Interaction - H 0.10 0.06 1.68 0.09
Headway:velocity Interaction - LLM 0.06 0.07 0.88 0.38
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E
Sensitivity Analysis

Baseline
Table E.1: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on which

driver merged first for the human and LLM.

Feature Estimate SE Z P-value

Intercept - H -0.30 0.13 -2.26 0.02
Intercept - LLM 0.08 0.30 0.26 0.79
Projected headway - H 1.11 0.07 14.89 3.57× 10−50

Projected headway - LLM 0.50 0.13 3.97 7.23× 10−05

Relative velocity - H -3.30 0.31 -10.64 1.88× 10−26

Relative velocity - LLM 2.12 0.53 3.97 7.08× 10−05

Table E.2: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on the gap
at merge for the human and LLM.

Feature Estimate SE Z P-value

Intercept - H 3.88 0.26 15.25 0.00
Intercept - LLM 2.12 0.59 3.60 0.00
Abs. projected headway - H 0.05 0.08 0.59 0.55
Abs. projected headway - LLM 0.68 0.18 3.82 0.00
Abs. relative velocity - H -0.85 0.38 -2.27 0.02
Abs. relative velocity - LLM 0.53 0.89 0.59 0.56
Headway:velocity Interaction - H 0.24 0.12 2.01 0.04
Headway:velocity Interaction - LLM -0.16 0.28 -0.57 0.57
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Table E.3: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on the
RMSE velocity deviation from the initial velocity for the human and LLM.

Feature Estimate SE Z P-value

Intercept - H 0.83 0.12 6.87 0.00
Intercept - LLM 0.84 0.22 3.80 0.00
Abs. projected headway - H -0.08 0.04 -2.11 0.04
Abs. projected headway - LLM -0.06 0.07 -0.96 0.34
Abs. relative velocity - H -0.19 0.18 -1.04 0.30
Abs. relative velocity - LLM 0.03 0.34 0.09 0.93
Headway:velocity Interaction - H 0.10 0.06 1.68 0.09
Headway:velocity Interaction - LLM 0.02 0.11 0.21 0.83
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Ablation 1: Past Context
Table E.4: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on which

driver merged first for the human and LLM.

Feature Estimate SE Z P-value

Intercept - H -0.30 0.13 -2.26 0.02
Intercept - LLM 0.56 0.64 0.88 0.38
Projected headway - H 1.11 0.07 14.89 3.57× 10−50

Projected headway - LLM 0.99 0.36 2.78 0.01
Relative velocity - H -3.30 0.31 -10.64 1.88× 10−26

Relative velocity - LLM 2.67 1.39 1.91 0.06

Table E.5: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on the gap
at merge for the human and LLM.

Feature Estimate SE Z P-value

Intercept - H 3.88 0.26 15.25 0.00
Intercept - LLM 3.81 1.23 3.10 0.00
Abs. projected headway - H 0.05 0.08 0.59 0.55
Abs. projected headway - LLM 0.43 0.38 1.12 0.26
Abs. relative velocity - H -0.85 0.38 -2.27 0.02
Abs. relative velocity - LLM 1.69 1.99 0.85 0.39
Headway:velocity Interaction - H 0.24 0.12 2.01 0.04
Headway:velocity Interaction - LLM -0.73 0.60 -1.21 0.23

Table E.6: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on the
RMSE velocity deviation from the initial velocity for the human and LLM.

Feature Estimate SE Z P-value

Intercept - H 0.83 0.12 6.87 0.00
Intercept - LLM 0.84 0.28 3.03 0.00
Abs. projected headway - H -0.08 0.04 -2.11 0.04
Abs. projected headway - LLM -0.04 0.09 -0.52 0.61
Abs. relative velocity - H -0.19 0.18 -1.04 0.30
Abs. relative velocity - LLM 0.16 0.45 0.36 0.72
Headway:velocity Interaction - H 0.10 0.06 1.68 0.09
Headway:velocity Interaction - LLM 0.03 0.14 0.23 0.82
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Ablation 2: Previous Plan
Table E.7: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on which

driver merged first for the human and LLM.

Feature Estimate SE Z P-value

Intercept - H -0.30 0.13 -2.26 0.02
Intercept - LLM 0.19 0.39 0.50 0.62
Projected headway - H 1.11 0.07 14.89 3.57× 10−50

Projected headway - LLM 0.46 0.16 2.83 0.00
Relative velocity - H -3.30 0.31 -10.64 1.88× 10−26

Relative velocity - LLM 2.38 0.77 3.09 0.00

Table E.8: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on the gap
at merge for the human and LLM.

Feature Estimate SE Z P-value

Intercept - H 3.88 0.26 15.25 0.00
Intercept - LLM 5.25 1.07 4.91 0.00
Abs. projected headway - H 0.05 0.08 0.59 0.55
Abs. projected headway - LLM 0.16 0.33 0.50 0.62
Abs. relative velocity - H -0.85 0.38 -2.27 0.02
Abs. relative velocity - LLM -1.40 1.65 -0.85 0.40
Headway:velocity Interaction - H 0.24 0.12 2.01 0.04
Headway:velocity Interaction - LLM 0.09 0.51 0.17 0.86

Table E.9: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on the
RMSE velocity deviation from the initial velocity for the human and LLM.

Feature Estimate SE Z P-value

Intercept - H 0.83 0.12 6.87 0.00
Intercept - LLM 0.98 0.23 4.18 0.00
Abs. projected headway - H -0.08 0.04 -2.11 0.04
Abs. projected headway - LLM -0.05 0.07 -0.64 0.52
Abs. relative velocity - H -0.19 0.18 -1.04 0.30
Abs. relative velocity - LLM -0.10 0.38 -0.26 0.80
Headway:velocity Interaction - H 0.10 0.06 1.68 0.09
Headway:velocity Interaction - LLM 0.04 0.17 0.23 0.81
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Ablation 3: Behavioural Guidelines
Ablation 3a: Safety
Table E.10: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on which

driver merged first for the human and LLM.

Feature Estimate SE Z P-value

Intercept - H -0.30 0.13 -2.26 0.02
Intercept - LLM 0.75 0.60 1.24 0.21
Projected headway - H 1.11 0.07 14.89 3.57× 10−50

Projected headway - LLM 0.97 0.38 2.58 0.01
Relative velocity - H -3.30 0.31 -10.64 1.88× 10−26

Relative velocity - LLM 4.16 1.70 2.45 0.01

Table E.11: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on the gap
at merge for the human and LLM.

Feature Estimate SE Z P-value

Intercept - H 3.88 0.26 15.25 0.00
Intercept - LLM 2.14 0.83 2.60 0.01
Abs. projected headway - H 0.05 0.08 0.59 0.55
Abs. projected headway - LLM 0.50 0.25 2.01 0.04
Abs. relative velocity - H -0.85 0.38 -2.27 0.02
Abs. relative velocity - LLM 0.98 1.28 0.76 0.45
Headway:velocity Interaction - H 0.24 0.12 2.01 0.04
Headway:velocity Interaction - LLM -0.27 0.39 -0.68 0.49

Table E.12: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on the
RMSE velocity deviation from the initial velocity for the human and LLM.

Feature Estimate SE Z P-value

Intercept - H 0.83 0.12 6.87 0.00
Intercept - LLM 0.64 0.20 3.24 0.00
Abs. projected headway - H -0.08 0.04 -2.11 0.04
Abs. projected headway - LLM -0.04 0.06 -0.61 0.54
Abs. relative velocity - H -0.19 0.18 -1.04 0.30
Abs. relative velocity - LLM 0.17 0.31 0.56 0.58
Headway:velocity Interaction - H 0.10 0.06 1.68 0.09
Headway:velocity Interaction - LLM 0.01 0.10 0.05 0.96
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Ablation 3b: Human behaviour
Table E.13: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on which

driver merged first for the human and LLM.

Feature Estimate SE Z P-value

Intercept - H -0.30 0.13 -2.26 0.02
Intercept - LLM -0.17 0.28 -0.61 0.54
Projected headway - H 1.11 0.07 14.89 3.57× 10−50

Projected headway - LLM 0.61 0.13 4.55 5.32× 10−06

Relative velocity - H -3.30 0.31 -10.64 1.88× 10−26

Relative velocity - LLM 2.24 0.55 4.10 4.19× 10−05

Table E.14: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on the
gap at merge for the human and LLM.

Feature Estimate SE Z P-value

Intercept - H 3.88 0.26 15.25 0.00
Intercept - LLM 3.32 0.66 5.03 0.00
Abs. projected headway - H 0.05 0.08 0.59 0.55
Abs. projected headway - LLM 0.45 0.20 2.21 0.03
Abs. relative velocity - H -0.85 0.38 -2.27 0.02
Abs. relative velocity - LLM 0.84 0.99 0.85 0.40
Headway:velocity Interaction - H 0.24 0.12 2.01 0.04
Headway:velocity Interaction - LLM -0.46 0.31 -1.48 0.14

Table E.15: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on the
RMSE velocity deviation from the initial velocity for the human and LLM.

Feature Estimate SE Z P-value
Intercept - H 0.83 0.12 6.87 0.00
Intercept - LLM 0.79 0.26 3.10 0.00
Abs. projected headway - H -0.08 0.04 -2.11 0.04
Abs. projected headway - LLM -0.03 0.08 -0.38 0.71
Abs. relative velocity - H -0.19 0.18 -1.04 0.30
Abs. relative velocity - LLM 0.13 0.38 0.34 0.74
Headway:velocity Interaction - H 0.10 0.06 1.68 0.09
Headway:velocity Interaction - LLM -0.01 0.12 -0.04 0.96
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Ablation 3c: Distance and Risk
Table E.16: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on which

driver merged first for the human and LLM.

Feature Estimate SE Z P-value

Intercept - H -0.30 0.13 -2.26 0.02
Intercept - LLM -0.20 0.33 -0.61 0.54
Projected headway - H 1.11 0.07 14.89 3.57× 10−50

Projected headway - LLM 0.83 0.19 4.29 1.76× 10−05

Relative velocity - H -3.30 0.31 -10.64 1.88× 10−26

Relative velocity - LLM 1.34 0.54 2.48 0.01

Table E.17: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on the
gap at merge for the human and LLM.

Feature Estimate SE Z P-value

Intercept - H 3.88 0.26 15.25 0.00
Intercept - LLM 1.87 0.86 2.17 0.03
Abs. projected headway - H 0.05 0.08 0.59 0.55
Abs. projected headway - LLM 0.34 0.27 1.28 0.20
Abs. relative velocity - H -0.85 0.38 -2.27 0.02
Abs. relative velocity - LLM 1.40 1.29 1.08 0.28
Headway:velocity Interaction - H 0.24 0.12 2.01 0.04
Headway:velocity Interaction - LLM 0.03 0.42 0.08 0.93

Table E.18: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on the
RMSE velocity deviation from the initial velocity for the human and LLM.

Feature Estimate SE Z P-value
Intercept - H 0.83 0.12 6.87 0.00
Intercept - LLM 0.71 0.17 4.05 0.00
Abs. projected headway - H -0.08 0.04 -2.11 0.04
Abs. projected headway - LLM -0.05 0.05 -0.92 0.36
Abs. relative velocity - H -0.19 0.18 -1.04 0.30
Abs. relative velocity - LLM 0.11 0.26 0.42 0.67
Headway:velocity Interaction - H 0.10 0.06 1.68 0.09
Headway:velocity Interaction - LLM -0.01 0.09 -0.06 0.95

55



Ablation 3d: Reassessment
Table E.19: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on which

driver merged first for the human and LLM.

Feature Estimate SE Z P-value

Intercept - H -0.30 0.13 -2.26 0.02
Intercept - LLM -0.11 0.48 -0.23 0.82
Projected headway - H 1.11 0.07 14.89 3.57× 10−50

Projected headway - LLM 0.94 0.34 2.80 0.01
Relative velocity - H -3.30 0.31 -10.64 1.88× 10−26

Relative velocity - LLM 2.37 0.99 2.40 0.02

Table E.20: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on the
gap at merge for the human and LLM.

Feature Estimate SE Z P-value

Intercept - H 3.88 0.26 15.25 0.00
Intercept - LLM 1.75 1.08 1.62 0.11
Abs. projected headway - H 0.05 0.08 0.59 0.55
Abs. projected headway - LLM 0.50 0.33 1.49 0.14
Abs. relative velocity - H -0.85 0.38 -2.27 0.02
Abs. relative velocity - LLM 1.79 1.61 1.11 0.27
Headway:velocity Interaction - H 0.24 0.12 2.01 0.04
Headway:velocity Interaction - LLM -0.39 0.51 -0.77 0.44

Table E.21: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on the
RMSE velocity deviation from the initial velocity for the human and LLM.

Feature Estimate SE Z P-value
Intercept - H 0.83 0.12 6.87 0.00
Intercept - LLM 0.66 0.21 3.19 0.00
Abs. projected headway - H -0.08 0.04 -2.11 0.04
Abs. projected headway - LLM -0.04 0.06 -0.54 0.59
Abs. relative velocity - H -0.19 0.18 -1.04 0.30
Abs. relative velocity - LLM 0.16 0.31 0.52 0.60
Headway:velocity Interaction - H 0.10 0.06 1.68 0.09
Headway:velocity Interaction - LLM 0.02 0.10 0.16 0.87
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Ablation 4: Chain-of-Thought (CoT) Reasoning
Table E.22: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on which

driver merged first for the human and LLM.

Feature Estimate SE Z P-value

Intercept - H -0.30 0.13 -2.26 0.02
Intercept - LLM 0.21 0.73 0.29 0.77
Projected headway - H 1.11 0.07 14.89 3.57× 10−50

Projected headway - LLM 1.23 0.50 2.46 0.01
Relative velocity - H -3.30 0.31 -10.64 1.88× 10−26

Relative velocity - LLM 3.74 1.79 2.08 0.04

Table E.23: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on the
gap at merge for the human and LLM.

Feature Estimate SE Z P-value

Intercept - H 3.88 0.26 15.25 0.00
Intercept - LLM 0.91 1.52 0.60 0.55
Abs. projected headway - H 0.05 0.08 0.59 0.55
Abs. projected headway - LLM 0.76 0.43 1.75 0.08
Abs. relative velocity - H -0.85 0.38 -2.27 0.02
Abs. relative velocity - LLM 2.90 2.16 1.34 0.18
Headway:velocity Interaction - H 0.24 0.12 2.01 0.04
Headway:velocity Interaction - LLM -0.82 0.64 -1.29 0.20

Table E.24: Mixed-effects logistic regression models describing the effect of projected headway and relative velocity on the
RMSE velocity deviation from the initial velocity for the human and LLM.

Feature Estimate SE Z P-value

Intercept - H 0.83 0.12 6.87 0.00
Intercept - LLM 0.73 0.35 2.08 0.04
Abs. projected headway - H -0.08 0.04 -2.11 0.04
Abs. projected headway - LLM -0.06 0.09 -0.59 0.56
Abs. relative velocity - H -0.19 0.18 -1.04 0.30
Abs. relative velocity - LLM 0.02 0.48 0.04 0.97
Headway:velocity Interaction - H 0.10 0.06 1.68 0.09
Headway:velocity Interaction - LLM 0.02 0.13 0.15 0.88
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