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Abstract

Intelligent systems in autonomous driving increas-
ingly require the ability to infer social intentions to
ensure safe and fluid interactions with human road
users. However, current approaches typically frame
this problem as objective trajectory prediction or
fixed classification, ignoring the open-ended nature
of human interpretation where a single physical be-
haviour can generate multiple plausible narratives.
To address the gap between trajectory forecasting
and narrative understanding, this research investi-
gates how to systematically map the dimensions of
variation in driving situations to the range of inten-
tion narratives they generate. A literature survey
was conducted to distinguish between foundational
human social norms and current algorithmic ap-
proaches. By integrating script theory with the 3Cs
framework (Cues, Characteristics, Classes), this
study developed a dimension extraction framework
to analyse where objective observations diverge
into subjective interpretations. Through compara-
tive analysis of prototypical scenarios (lane merg-
ing and pedestrian negotiation), results revealed
that current intelligent systems operate predomi-
nantly in geometric space, optimizing for physical
feasibility, whereas human drivers operate in so-
cial space governed by normative scripts. The re-
search concludes that narrative open-endedness is
inversely proportional to the strength of physical
and social constraints. That is, when constraints are
weak, human internal scripts diverge from machine
logic, leading to critical prediction errors. Conse-
quently, future systems must shift from raw trajec-
tory output to semantic narrative understanding to
explicitly model this uncertainty and align machine
reasoning with human expectations.

1 Introduction

1.1 Motivation

Nowadays, more intelligent systems appear in complex hu-
man social environments from hospital settings, to social
gatherings and even in driving scenarios[12; 18; 42]. These
intelligent systems require the ability to infer social intentions
for safe and fluid interactions with the humans using those
systems. This research focused on the domain of autonomous
driving, a high-stakes environment where understanding the
intent of other road users, such as a pedestrian near a cross
walk or a driver changing their lane, can be the difference
between a smooth manoeuvrer or a catastrophic collision.

In traditional papers, this problem had been framed as
one of objective trajectory prediction. Specifically in pedes-
trian crossings, current approaches often relied on trajectory
prediction models that treated intention as a fixed classifi-
cation problem (e.g., will cross or will not cross)[18; 21;
32], ignoring the nuances of why an action was performed.
However, this approach often ignored the intention of the hu-
man as intention is not a singular physical property, but a sub-

jective narrative constructed by the observer based on their
current situation and their own experiences.

For example in another situation when a car driver hesitates
at an intersection, this could generate multiple equally plau-
sible narratives of intent depending on the context and the
surrounding driver’s perspective. To a defensive driver, the
hesitation might signal caution while to an aggressive driver,
it might signal incompetence. These different interpretations
are all equally valid narratives framed by the specific role and
internal script of the observer. These divergent interpretations
arise from what script theory, proposed by Fischer et al., [7]
described as a mismatch between external scripts (the objec-
tive rules of the road) and internal scripts (the subjective ex-
pectations of the driver).

Currently, intelligent system communities lacked a sys-
tematic framework to map these variations[2; 12]. With-
out formalising how these dimensions (e.g., environmental
cues) influenced perceived intention, designers could not ef-
fectively stress-test their models against ambiguity[2; 29].
By formalising these scenarios using script theory[7] and the
3Cs framework (Cues, Characteristics, Classes) proposed by
Rauthmann et al.[29], this research aims to provide intelligent
system designers with a structured roadmap. This benefits the
community by moving beyond simple outcome prediction to
a deeper narrative understanding, which is essential for creat-
ing robust systems that can negotiate open-ended social situ-
ations safely.

1.2 Research Questions

To address the gap between trajectory prediction and narra-
tive understanding, the primary research question driving this
study is:
How can we systematically map the dimensions of
variation in prototypical driving situations to the
range of plausible social intention narratives they
generate?

To answer this, the following secondary questions has been
investigated:

* SQ1 (Taxonomy): What are the primary dimensions of
variation that can be found in current literatures on so-
cial perception and intelligent systems that influence the
perception of intention in the context of driving?

SQ2 (Framework): How can external scripts and inter-
nal scripts be used to model the generation of divergent
intention narratives in distinct driving case studies?

SQ3 (Analysis): What is the relationship between the
open-endedness or constraint level of a driving scenario
and the degree of variation in plausible intention narra-
tives?

SQ4 (Strategy): Based on this analysis, what recom-
mendations can be provided to intelligent systems de-
signers for a research strategy that scales from con-
strained to unconstrained scenarios?

2 Theoretical Background

This section defines the socio-psychological concepts of the
open-endedness in driving environments and situations, and



how script theory and the 3Cs framework can be used to ex-
plain the reasons for the open-endedness.

2.1 The Challenge of Open-Endedness

Traditional engineering approaches often attempt to model
driving by listing a finite set of rules as motivated in [41].
However, social driving is defined by open-endedness. This
concept refers to the breadth of possible ways a single phys-
ical behaviour can be explained by one or more intentions.
Open-endedness arises when there is a mismatch between es-
tablished norms and subjective interpretations, or when the
environment is weakly regulated (e.g., an uncontrolled park-
ing lot vs. a strictly controlled toll-gate). In these scenarios,
a single set of physical cues can generate multiple equally
plausible narratives.

2.2 Script Theory in Driving

To model the expectations that drive these narratives, the
script theory proposed by Fischer et al[7] had been utilised.
This theory proposed that humans navigate complex social
situations by following mental sequences of expected be-
haviours for a given context. In the domain of driving, these
scripts operate on two distinct levels:

» External Scripts: These represent the objective rules
and physical constraints of a scenario that everyone in
that scenario is familiar with and expects each other to
follow. For example, traffic lights, lane markings and
right-of-way laws.

* Internal Scripts: These represent the subjective men-
tal model of the observer. One example of this could be
a defensive driver versus an aggressive driver. Internal
scripts filter the observation of the external event based
on their own experience or driving style, leading to mul-
tiple interpretations of the same physical action.

2.3 The 3Cs Framework

To analyse how road users move from observation to interpre-
tation, the 3Cs Framework (Cues, Characteristics, Classes) by
Rauthmann et al.[29] has been adopted:

* Cues: Cues represent the physico-biological level of the
situation. They are the objectively quantifiable elements
physically present in the setting.Examples include sur-
rounding vehicles, lanes, speed limit signs and engine
noise. Cues serve as the raw input for the driver’s per-
ception to process to become meaningful.

* Characteristics: Characteristics capture the subjective-
functional reality of the situation. They represent the
psychological meaning ascribed to the cues by the ob-
server. While cues describe the setting, characteristics
describe the experience (e.g., identifying a driver as anx-
ious, impatient, or aggressive). This distinction is criti-
cal because raw cues do not have inherent meaning until
they are processed into psychological characteristics.

* Classes: Classes represent the abstract grouping or cat-
egory of the situation. They provide a high-level label
that overviews various cues and characteristics into a
recognisable type (e.g., a general traffic situation or a
lane change situation).

2.4 The Role of the Annotator

Recognizing this subjectivity requires a perspectivist turn in
data labelling [2]. Ground truth is not an objective physi-
cal reality but a subjective measurement shaped by the an-
notator’s internal script. For instance, labelling a driver as
“aggressive” is an attribution of a psychological character-
istic, not a measurement of a physical cue. Consequently,
disagreement between annotators is not statistical noise to be
eliminated, but a diamond standard signal reflecting the in-
trinsic complexity of social interaction [2]. A robust system
must therefore model this ambiguity as valid social informa-
tion rather than error.

3 Methodology

To address the research questions regarding the relation-
ship between contextual dimensions and narrative open-
endedness, this study adopted a multi-layered qualitative ap-
proach. First, a systematic literature survey was conducted
to curate large numbers of literatures about driving and vul-
nerable road user (VRU) scenarios to differentiate between
trajectory-based models and social narrative human interpre-
tations. These sources were then analysed using a hybrid
theoretical framework integrating the 3Cs (Cues, Character-
istics, Classes) with script theory. This framework served as a
structured lens to extract specific dimensions of variation and
map them to the activation of internal and external scripts.
Finally, these extracted dimensions were applied to construct
comparative case studies, where specific parameters were ma-
nipulated to rigorously observe the open-endedness or con-
vergence of intention narratives between human and machine
agents.

3.1 Literature Survey Methodology

To ensure the gathered literature was strictly relevant to the
research objectives, a structured search strategy was devel-
oped in parallel with specific scope definitions. This process
involved defining a search query to capture the broad inter-
section of driving and social intention, while simultaneously
applying inclusion criteria to ensure the results focused on
narrative understanding rather than pure trajectory prediction.

Search Strategy and Term Elicitation
The systematic search was performed using the Scopus
database. The specific terms and keywords can be seen in
Table 1. These were elicited through an iterative process. Ini-
tial keywords were identified from the titles and abstracts of
foundational starter papers provided in the beginning of this
research. These were then expanded with synonyms and re-
lated concepts (e.g., expanding “intention” to include “’plau-
sible narrative” and “script theory”) found during exploratory
searches to ensure coverage of both technical and psycholog-
ical domains.
The query combined four key conceptual blocks:
1. Intention/Behavior Understanding: Terms related to
the estimation, prediction, and interpretation of human
actions.

2. Subjectivity/Context: Terms capturing the variability
of interpretation, including “narratives,” ”’script theory,”
”social norms,” and ”contextual variation”.



3. The Driving Domain: Specific terms to constrain the
results to everyday automotive vehicle contexts (e.g.,
cars, traffic, ADAS).

4. Exclusion Criteria: A negative filter to remove irrele-
vant domains and technical specifications.

Category Search Terms

Intention &
Behavior

social intention*, intent* recognition, intent* estimat®,
intent detection, intent* predict*, behavio*r interpret*,
action understanding, social percept®, action prediction,
goal inference, narrative expl*, plausible narrative*, in-
tent* inferenc*, goal recogn*, goal estimat*, goal infer-
enc*, behavior recogn*, behavior estimat*, behavior in-
ferenc*, behavior understand*

Subjectivity &
Context

subjective annotation, plausible narrative®, alternative
narrative*®, script theory, social norm*, contextual vari-
ation, human factors, subjectivity, perspectiv*, multi-
perspective, ambigu*, uncertainty, context model*, situ-
ation awareness, external script*, internal script*, mul-
tiple annotator perspective®, multi-perspective, situa-
tional script*, commonsense script®, situation®, sce-
nario*, case?stud*

Domain driving W/25 (car* OR vehicle* OR road* OR automo-
bile* OR video* OR simulat* OR situat™*)

driver behaviour, driver performance, steering, pedes-
trian*, intelligent transport*, autonomous vehicle, self-
driving car, automated vehicle, autonomous car, au-

tonomous driving, traffic, ADAS, intelligent transport*

Exclusion
Criteria

ship*, vessel*, maritime, subway, rail transit, two-
wheeler*, Motorcyclist, bicycle, cyclist, drone*, UAV, in-
door robot, crane, lifting, chemical plant, wheel loader,
network security, bandwidth, respiratory, clinical, EEG,
pedometer, step count*,Exercise, health, alcohol, Cus-
tomer Insights, customer experience research, travel
planning, travel assistant, willingness-to-pay, carsharing,
Children, carbon mitigation, climate change, sexual be-
havior, crowd management, crowd control, public traffic,
Foot Traffic

Table 1: Search query keywords used to obtain initial literatures for
the literature survey

Selection Procedure

The initial query yielded over 600 results. To ensure a di-
verse and manageable selection of high-quality literature, the
following stratification and filtering process was applied:

1. Language Filter: Only papers written entirely in En-
glish were included to ensure accurate interpretation.

2. Subject Area Filter: Results were grouped by Sco-
pus subject area. To guarantee diversity, selection be-
gan with the least populated subject areas and pro-
gressed to the most populated. This prevented the over-
representation of a single dominant field (e.g., Engineer-
ing) and minimised duplicate checks.

3. Top-N Selection Strategy: Within each subject area,
two sorting lists were generated as of January 11, 2026:

* Most Recent: The top 5 most recently published
papers.
¢ Most Cited: The top 5 most cited papers.

These papers then underwent a further full-text review to
determine their suitability. This review utilised the thematic
criteria visualised in Figure 1 as a pass/fail filter.

All Papers Available
in Literature

Query Results

Exclusion Criteria

Scenario/Script Social
(internal/external) Situation

Individual + Al
===

Individual
==

Multiple
Disciplines

Figure 1: Visualisation of the inclusion criteria used during the
full-text review. The concentric diagram illustrates the hierarchical
scope: papers were retained only if they satisfied all inner bound-
ary conditions, specifically focusing on short-duration social inter-
actions modifiable by script theory from the driver’s perspective.

Papers were discarded and replaced by the next best-ranked
paper in their respective list if it was a duplicate from a pre-
vious subject area or if they failed to meet these criteria:

* Social Component: The scenario must involve interac-
tion between agents (e.g., between a driver and pedes-
trian or between a driver and a model) rather than single-
agent performance. This is because having multiple
agents allows the generation of multiple equally plau-
sible between these agents.

* Situational Duration: The study must focus on short
situations (approx. 5 to 30 minutes) to prioritize im-
mediate social interactions over long-term habits and to
make the actions as reliable as possible without risking
external noise[1].

* Theoretical Relevance: The paper must address ele-
ments modifiable by script theory and have modifiable
cues to allow the creation of case studies that contains
multiple narratives.

* Perspective: The study must present the scenario from
the perspective of the driver or ego-vehicle. This crite-
rion is necessary to maintain a consistent observer role
when analysing internal scripts, ensuring the focus re-
mains on how a driver interprets the intentions of other
road users.



3.2 Dimension Extraction Framework

This research integrated script theory with the 3Cs framework
(Cues, Characteristics, Classes) as defined in section 2, to ex-
tract the dimensions of variation in the driving domain. While
the theoretical background defines these concepts individu-
ally, this methodology merges them into a single analytical
model to trace the critical moment where objective observa-
tion diverges into subjective interpretation.

As illustrated in figure 2, the framework integrated the in-
teraction, where physical cues, situational classes and char-
acteristics served as triggers for the observer’s external and
internal script, which then generates multiple subjective nar-
ratives.

Memory or Associate

3Cs h
Triggers
Cues Characteristics Classes
Trauma
Nostalgia
Le— s L Response

Internal
Script

External
Script

E—

Script Theory

Situation in 5 - 30 min

Figure 2: The dimension extraction framework linking the 3Cs to
script theory. Cues, characteristics and classes trigger external and
internal scripts, which generate multiple plausible narratives.

For each paper in the final selection, the driving scenario
was analysed by extracting the following data points corre-
sponding to the 3Cs framework to allow for the extraction of
multiple plausible narratives that can be generated:

* Cue extraction: The specific physical variables the au-
thors treated as significant inputs were identified. For
example, did the model rely solely on kinematic cues
(e.g., velocity or position) or did it incorporate social
signaling cues (e.g., indicator timing or gaze direction)?

* Characteristic Attribution: The study was then anal-
ysed if it explicitly modelled the subjective meaning of
those cues. These include any evidence of characteris-
tic attribution where the model assigns a psychological
state (e.g., “aggressive,” “hesitant,” “distracted”) to an
agent before predicting their action.

¢ Class and Script Context: The study was checked if it
acknowledged the situational class (e.g., an unsignalised
intersection) and the active scripts (e.g., Right-of-Way
norms) that constrained the interaction.

By mapping these extracted elements onto the integrated
framework, 2 case studies had been generated. For each case
study, a constant class is used while manipulating specific

physical cues (e.g., gap size, gaze direction) to create strong
constraint and weak constraint variations. By comparing the
human interpretation derived from the framework against the
machine interpretation derived from standard geometric fea-
sibility models the specific conditions under which algorith-
mic predictions diverge from human social reality has been
isolated.

4 Literature Survey Results

To identify the current landscape of social intention in driv-
ing, the selected literature has been categorised into two pri-
mary domains: Non-Intelligent Systems and Intelligent Sys-
tems. This categorisation has been made to differentiate the
foundational understanding of human social norms against
the algorithmic approaches currently used to predict them.
Within each domain, literature were further sub-categorised
into the Driver and the Vulnerable Road User (VRU) groups
as these were the 2 primary roles being observed.

4.1 Non-Intelligent Systems

This category examined how humans naturally perceived in-
tention and negotiated space without the intervention of intel-
ligence systems.

The Driver Role

Within the complex social-technological construct of the
transportation system, the driver role is defined by a continu-
ous process of negotiation and intention [36; 45]. Using the
3Cs framework as described in section 2, it appeared that hu-
man drivers operated in various classes where they had to pro-
cess physical cues in each class to infer the intentions of other
road users.

These cues include objectively quantifiable elements such
as vehicle kinematics(eg., a vehicle’s average speed or their
acceleration and stopping behaviours), lateral positioning(a
vehicle’s movement across the width of a lane), and indicator
timing(the time when a vehicle makes an explicit turn signals
to signal a manoeuvre)[36; 14]. These cues served as the pri-
mary input for a driver’s internal script. This internal script
represented the driver’s subjective working model of the situ-
ation, which they use to predict the overall sequence of events
and execute specific individual actions like merging into an-
other lane or yielding for another driver.

Drivers relied heavily on implicit communication through
kinematics to assess the characteristics of others, of-
ten prioritising these signals over explicit Human-Machine
Interfaces[36; 22]. A research by Tian et al.[36] indicated
that specific kinematic cues, such as vehicle deceleration or
lateral offset, directly shaped a driver’s assessment of whether
the other driver had an egoistic, altruistic, or a competitive
perceived characteristic. However, it is notable that this study
seemingly treats these assessments as a single objective real-
ity. From a perspectivist lens, this approach potentially over-
looks the idea of multiple narratives, as it does not account
for how the observer’s own internal script might lead to dif-
ferent interpretations of the same kinematic cues. Another
research by Kauffmann et al. [14] identified that earlier in-
dicator signalled significant increase in a driver’s perceived



cooperativeness, thereby triggering a less defensive internal
script for the observer.

The open-endedness of driving often stemmed from the
gap between the external script and the driver’s internal script.
Research done by Gaymard et al. [9; 10] highlighted that
drivers often adopted a system of informal social norms that
justified legitimate transgressions, such as exceeding a speed
limit when they felt it was safe or socially acceptable. These
subjective interpretations meant that the same physical cue
could generate multiple equally plausible narratives of intent
depending on the observer’s personality.

The VRU Role

The role of the Vulnerable Road User (VRU), such as pedes-
trians and cyclists, was defined by a continuous process of
implicit communication and the negotiation of space with
surrounding drivers, rather than simple binary choices[35;
28]. Using the 3Cs framework as described in section 2, the
cues involved in these interactions such as physical proximity
between a car and a pedestrian, the vehicle speed, and the gap
acceptance threshold, served as the raw data from which road
users derived meaning[35; 30].

However, the characteristics of a situation, including the
psychological meaning of these cues (e.g., perceived stress
or threat), often led to open-endedness. A single observed
behaviour may support multiple equally plausible narratives
of intention. For instance, a pedestrian lingering at a kerb
might be interpreted as waiting for a gap, being distracted, or
cautiously yielding despite having the right of way.

Negotiation in these scenarios is heavily influenced by the
interplay between external and internal scripts. The external
script provided the standardised version of the situation, such
as the established rules of the road that grant pedestrians pri-
ority at zebra crossings. In contrast, a VRU’s internal script
is their personal working model, shaped by factors like age or
risk tolerance.

Ambiguity often arised from a mismatch between these
scripts, such as when a timid pedestrian’s internal script
caused them to hesitate, even when the external script granted
them the right of way. This negotiation is rarely instantaneous
as it is a temporal play where intent is progressively clarified
through social signalling (e.g., gaze or posture changes)[31;
28]. This dynamic renders pure trajectory forecasting insuffi-
cient since forecasting assumes a fixed path based on current
physics, but in a negotiation, the pedestrian’s future path is
conditional on the vehicle’s response. A system that focused
on stopping whenever a pedestrian is near, risks creating an
indefinite deadlock where neither agent moves because the
vehicle fails to signal the intent to yield.

A research by Rasouli et al.[28] into specific modalities
highlights that gaze and head orientation are primary indi-
cators used by VRUs to communicate awareness and initiate
space negotiation. A VRU’s change in head orientation acts
as an implicit signal that they are actively checking the state
of traffic or requesting the right of way, which helped to dis-
ambiguate their intention for other actors.

4.2 Intelligent Systems

This category reviews the evolution of algorithmic prediction
from early probabilistic models to modern Large Language
Models (LLMs). While achieving high quantitative accuracy,
a critical analysis reveals a methodological gap in how these
systems predominately treat intention as a geometric output,
often failing to reconstruct the underlying reasoning process.

Predicting the Driver

The prediction of driver intention has transitioned through
three technical paradigms. Early methodologies utilized
Bayesian networks and Hidden Markov Models (HMMs)
to map unobservable states to vehicular dynamics [13; 24].
While these provided transparency, they struggled with high-
dimensional nonlinearity [43; 33]. The field subsequently
shifted toward sequence learning (LSTMs, RNNs) and hybrid
CNN architectures to capture temporal dependencies [19; 39;
47; 11]. However, these “black box™ models prioritize out-
come prediction over causal reasoning, often averaging di-
verse behaviour modes into unrealistic trajectories [23].

Recent advancements between 2023 and 2026 have estab-
lished transformer architectures and Large Language Mod-
els (LLMs) as the dominant paradigm due to their self-
attention mechanisms, which enable global context modelling
and the parallel processing of multimodal inputs (LiDAR,
radar, cameras, and HD maps)[5]. These systems excel at
capturing long-range spatiotemporal dependencies and so-
cial correlations among multiple agents in dense traffic[5;
8l.

Separate research by Wang et al. [40] and Peng et al.
[25] replaced traditional recurrence with multi-head atten-
tion. This mechanism paralleled the cue selection phase of
human cognition where rather than processing all input data
sequentially, the attention heads assigned dynamic weights to
specific interactions. This effectively isolated physical cues
to construct a more accurate representation of the scenario’s
global class.

Furthermore, the integration of Large Language Models
(LLMs) has introduced a behavioural cognition layer aimed
at high-level reasoning and risk assessment[46; 5]. Specif-
ically, an emerging research by Peng et al.[26] using a LC-
LLM (Lane Change-Large Language Model), reformulated
intention prediction as a language modelling problem, util-
ising Chain-of-Thought (CoT) reasoning to generate natural
language explanations for predicted manoeuvrers. Founda-
tion models are now being tested to interpret corner cases and
provide semantic explanations for manoeuvrers, such as iden-
tifying a cut-in risk, and generating actionable advice for the
autonomous system[46; 5].

Simultaneously, hybrid models are integrating Mamba (Se-
lective State Space Models) with transformers and CNNs to
maintain linear computational complexity while capturing the
long-range dependencies required for real-time edge deploy-
ment [34].

Despite the increasing accuracy of these models, they suf-
fer from a cold cognition approach [38]. This approach re-
lies on brute-force learning that maps cues from sensor read-
ings directly to action (predicted trajectory or manoeuvrer la-
bel). This explicitly skips the characteristic which represents



the driver’s internal psychological script, emotional state, and
subjective meaning of the situation.

By focusing solely on realised outcomes, these models
fail to capture the open-endedness of behavioural interpreta-
tion where the same physical behavior can stem from mul-
tiple, equally plausible internal narratives. Furthermore,
even state-of-the-art LLM-based approaches frequently per-
formed post-hoc rationalisation rather than true intent mod-
elling. This is because they generate a semantic narra-
tive to justify a trajectory after it has been predicted, rather
than simulating the driver’s internal goal-setting process [46;
26]. Consequently, the system lacked a deep understanding
of the subjective norms and internal scripts (e.g., an aggres-
sive vs. a timid driver’s perspective) that can lead to divergent
intention narratives from identical environmental cues.

Predicting the VRU

Research into pedestrian intention estimation has pivoted to-
wards leveraging high-dimensional sensory data to anticipate
interactions before they manifest as physical actions. Current
methodologies for VRU analysis can be categorised into two
primary streams: trajectory forecasting (predicting future co-
ordinates) and intention estimation (predicting high-level be-
havioural states).

The first primary input modality is vision-based ap-
proaches. These approaches primarily extracted physiolog-
ical features to predict immediate actions[32]. Many sys-
tems, such as the hybrid framework developed by Li et
al.[16], utilise pose estimation algorithms, such as Part Affin-
ity Fields (PAFs), to generate human skeleton representa-
tions from monocular video frames. These models operate on
the premise that skeletal keypoints, specifically those corre-
sponding to the head, torso, and legs, signalled the shift from
a stationary state to a crossing state [3].

In addition to body pose, head orientation and gaze are
also treated as powerful predictors of a pedestrian’s situa-
tional awareness and if they want to yield to the incoming
vehicle or cross the street[4; 6]. For instance, dynamic fuzzy
automata models incorporate head steering angles and torso
tilt to determine if a pedestrian is actively checking for on-
coming traffic at nighttime, acting as an indication for the in-
ternal script of caution [15]. While effective for binary cross-
ing prediction, these vision-centric models often struggle to
generalise across crowded or occluded scenarios where high-
quality skeletal data is difficult to extract[20].

The second primary input modality is context-aware mod-
els. Context-aware models extend the predictive horizon
by integrating environmental data and social interactions
through Graph Convolutional Networks (GCNs) and spa-
tiotemporal reasoning[17]. These frameworks move beyond
individual kinematics to model the spatiotemporal relation-
ships between a pedestrian and other entities in the scene,
such as vehicles, traffic lights, and zebra crossings [44;
17]. For example, the pedestrian graph approach by Liu et
al.[17], where the pedestrian and surrounding objects (vehi-
cles, traffic lights) serve as nodes, allowed the system to rea-
son about relationships over time.

Furthermore, some models accounts for group informa-
tion, acknowledging that a pedestrian’s crossing decision is

often influenced by the behaviour of surrounding crowds[48;
20]. By using semantic segmentation to parse the global con-
text, these systems can adapt to complex urban environments
where localised pedestrian information must be weighted
against broader environmental cues[20]

Despite these technical advancements, a critical method-
ological gap remains in how these systems conceptualise hu-
man intent. Most existing systems treat intention as a binary
classification problem (Cross vs. No-Cross)[21], effectively
conflating the trajectory prediction with the inference of so-
cial intent.

As argued by Hung et al.[12], with the exception of specific
intention-focused datasets (see subsection 4.3), the majority
of trajectory-based models models suffered from the inten-
tion by outcome bias wherein an intent is only validated if
it results in a completed action. Crossing scenarios are not
merely physical displacements but social negotiations. Be-
fore initiating a crossing, a VRU often seeks to establish trust
or mutual awareness with the driver. However, current mod-
els often ignore the subtle cues used for this negotiation, such
as subtle gestures and eye contact used to establish trust[37].
While recent approaches cast forecasting as a probability dis-
tribution over potential futures, they remain limited to a de-
scription of kinematics behaviour rather than the embodiment
of intention narratives. A probabilistic model may simulate
multiple trajectories, but without understanding the causal in-
ternal script driving those trajectories, it cannot distinguish
between a high-risk gamble and a calculated negotiation. By
committing to a single ground truth rather than accounting for
multiple plausible narratives, intelligent systems risk making
catastrophic errors in high-stakes driving environments where
the correct response depends on the meaning of the action, not
just its likelihood.

Section 4 will explicitly address this gap by applying the
dimension extraction framework mentioned in the methodol-
ogy section to real-world collision scenarios to demonstrate
how the inclusion of characteristics resolves the ambiguity of
unrealised intentions.

4.3 Notable Exclusions and Limitations of the
Search

It is necessary to acknowledge that the strict inclusion cri-
teria of the systematic search strategy in table 1 resulted in
the exclusion of certain literatures that are relevant to the do-
main of intention estimation. A prominent example is the PIE
dataset[27] by Rasouli et al. While this work is fundamental
to the distinction between trajectory forecasting and intention
estimation, it did not appear in the final search query, likely
due to the specific combination of keywords. Although ex-
cluded from the systematic analysis, its contribution has been
acknowledged in addressing the outcome bias. Unlike stan-
dard datasets that label intention based on physical displace-
ment, PIE explicitly labels crossing intention independently
of action. This aligns with the perspectivist approach pro-
posed in this thesis, though future iterations of this review
would require broader search terms to formally capture such
datasets.



5 Case Studies

This section applies the theoretical framework established in
Section 3.2 to two prototypical driving scenarios: a manda-
tory lane merge (Case A) and a pedestrian crossing interac-
tion (Case B). The primary objective was to demonstrate the
inverse relationship between contextual constraints and nar-
rative open-endedness.

5.1 Case Study A: Lane Merging

Table 2 compares two variations of a mandatory lane change
event. For case Al’s scenario, vehicle A is forcing a manda-
tory merge in front of Vehicle B. For case A2, vehicle A ex-
ecutes the same mandatory merge infront of a vehicle B but
with parameters adjusted for safety and social compliance.
By keeping the class constant (mandatory merge) but varying
the cues (gap size, signaling), these variations were made to
show how open-endedness emerges from script conflict.

5.2 Case Study B: Pedestrian near Zebra Crossing

This case study tests interpretation in a shared space (Class:
Urban uncontrolled zebra crossing).  Unlike traditional
outcome-based models [12], this analysis focuses on unreal-
ized intentions where a pedestrian’s intent may not manifest
as immediate physical movement. In case B1, a pedestrian
stands at the curb of an urban uncontrolled zebra crossing but
is looking down at their smartphone. They are stationary but
standing close to the road edge while a driver is heading to-
wards the zebra crossing. In case B2, the pedestrian stands
at the same curb on the edge of the uncontrolled zebra cross-
ing but now they are looking directly at the oncoming traffic.
They are stationary but standing close to the road edge while
a driver is heading towards the zebra crossing.

6 Discussion and Recommendations

6.1 Discussion

Synthesizing the findings from Section 5 answers the third
research question regarding the relationship between con-
straints and narrative variation. The analysis reveals a distinct
inverse relationship where as the strength of physical or so-
cial constraints increases, the dominance of the external script
rises, resulting in low open-endedness where human and ma-
chine interpretations converge.

In scenarios defined by strong constraints, such as the Co-
operative Merge (Case A2) or Attentive Pedestrian (Case
B2), ambiguity is minimised. Strong cues (e.g., a 30m gap
or direct eye contact) act as clear triggers for shared exter-
nal scripts, aligning the human driver’s yielding intention
with the machine’s geometric safety assessment. Conversely,
open-endedness peaks when constraints are weak. In the
Aggressive Merge (Case Al), the machine’s geometric logic
(finding the gap feasible) clashes with the human’s territorial
defence script triggered by the hostile late signal [14]. Simi-
larly, in the Distracted Pedestrian scenario (Case B1), the ma-
chine infers safety from a lack of motion, failing to capture
the narrative risk of distraction.

To address these disconnects between geometric process-
ing and social interpretation, this study proposes three strate-
gies for future intelligent systems:

1. Shift from Trajectory to Narrative Output: Cur-
rent cold cognition models prioritise outcome prediction over
causal reasoning [38]. To bridge the gap exposed in Case Al,
future architectures must move beyond mapping raw inputs
to a single ground truth. Instead, systems should output se-
mantic intention labels (e.g., Yielding, Harassing, Distracted)
as an intermediate or primary objective. Explicitly modelling
these characteristics allows the system to reason about social
compliance and explain why an action is taken, rather than
just calculating physical feasibility.

2. Uncertainty as a Safety Signal: In high open-endedness
scenarios, systems must avoid forced binary decisions (e.g.,
Cross/No Cross). As seen in Case B1, a stationary but dis-
tracted pedestrian represents high narrative uncertainty de-
spite low kinematic risk. A narrative-aware system should de-
tect this script mismatch where physical cues suggest safety
but psychological characteristics suggest risk, and output a
high uncertainty state to widen safety margins.

3. Explainable Social Interfaces: Finally, adopting nar-
rative understanding requires a parallel evolution in Human-
Machine Interfaces (HMI). If an autonomous vehicle yields
to an aggressive merger (Case A1) without explanation, a hu-
man passenger may perceive it as a sensor error. However, if
the HMI explicitly communicates the inferred narrative (e.g.,
"Yielding to Aggressive Driver”), it aligns the passenger’s in-
ternal script with the machine’s logic, thereby maintaining
trust in the system’s social competence.

7 Responsible Research

This section outlines the measures taken to ensure the sci-
entific integrity of this study. It includes the reproducibility
of the literature survey, the ethical implications of social in-
tention modelling in intelligent driving systems, and trans-
parency regarding the use of artificial intelligence tools.

7.1 Reproducibility

To ensure the reproducibility of the literature survey pre-
sented in Section 4, the search strategy and selection process
have been documented in the methodology in Section 3.

The systematic search was conducted using the Scopus
database. To minimise selection bias and allow for replica-
tion, the exact search query keywords used to search for the
literature papers are detailed in Table 1.

Given that the initial query yielded a substantial volume of
results (exceeding 600 entries), a rigorous manual screening
process was employed as detailed in subsection 3.1. Each
paper was individually evaluated for relevance to ensure the
final selection strictly aligned with the research objectives.

To extract the dimensions, a theoretical dimension exten-
sion framework had been created to aid in the creation of case
studies. This framework is explained in detail in section 3.2

7.2 Ethical Concerns

The core motivation of this research causes ethical impli-
cations for the design of Intelligent Transportation Systems
(ITS). As highlighted in subsection 1.1, autonomous driv-
ing is a high-stakes environment where misinterpreting so-
cial intent can lead to catastrophic collisions. Traditional sys-



Table 2: Comparison of Human vs. Machine Interpretation in Lane Merging Scenarios (Class: Mandatory Lane Change)

Feature Case Al: Aggressive Merge Case A2: Cooperative Merge

Cues Gap: 9.4m (Critical); Late Signal (12m prior) Gap: 30m (Safe); Early Signal (60m prior)
Psychological Hostile, Egoistic, Rule-Violator. Late signal implies pri-  Safe, Polite, Skilled. Early signal is perceived as coop-
Characteristic ority of efficiency over social fairness [36]. erative [14].

Internal Script
(Human)

Territorial Defence. Vehicle B’s driver feels justified in
punishing the behaviour to maintain social order.

Yielding. Vehicle B’s driver allows vehicle A to merge
safely.

Machine Interpre-
tation

Safe to Yield. TSWHMM model [19] sees gap as feasi-
ble and assumes standard traffic rules apply.

Safe to Yield. Model sees geometric feasibility and
alignment with traffic rules.

Outcome High Open-endedness (Divergence). Machine predicts Low Open-endedness (Convergence). Both agents pre-
yield to vehicle A but vehicle B’s driver may block in-  dict yielding to vehicle A’s driver.
stead.
Table 3: Comparison of Human vs. Machine Interpretation in Pedestrian Scenarios
Feature Case B1: Distracted Pedestrian Case B2: Attentive Pedestrian
Cues Velocity: 0; Head: Down/Away; Eye contact: on their  Velocity: 0; Head: Facing Road; Eye contact: on on-
smartphone coming traffic
Psychological Distracted, Unaware. Future actions unpredictable de-  Attentive, Aware, Waiting. Direct gaze confirms mutual
Characteristic spite current stance. awareness.

Internal Script
(Human)

Caution/Hesitation. Driver slows down due to potential
for sudden, unchecked crossing [31; 35].

Mutual Awareness. Driver trusts pedestrian sees them
and prepares to yield/pass safely.

Machine Interpre-
tation

No Crossing. Trajectory model projects stationary state
forward (Velocity=0 implies no intent).

Crossing Intention. Model predicts crossing based on
head orientation facing traffic.

Outcome

High Open-endedness (Divergence). Human prepares
for sudden risk while machine assumes safety.

Low Open-endedness (Convergence). Machine as-
sumes safety. Pedestrian’s eye contact acts as a closing

social signal to human.

tems that classify intention as a binary ground truth ignore
the inherent ambiguity of human interaction. An ethical con-
cern arises if future systems act with high confidence on am-
biguous signals. By acknowledging that a single behaviour
(e.g., hesitation) can generate multiple plausible narratives,
this framework advocates for systems that maintain uncer-
tainty rather than forcing potentially dangerous deterministic
decisions.

Another ethical implication is that the proposed use of in-
ternal scripts to model multiple driver’s perspectives intro-
duces the risk of encoding human biases into algorithmic
decision-making. If an autonomous vehicle’s internal script
is trained on data that disproportionately associates specific
driving styles or certain demographics or regions, it may un-
fairly penalise or misinterpret the actions of individuals that
are not part of these groups. Responsible research in this do-
main must ensure that the definition of situational norms is in-
clusive and does not reinforce harmful stereotypes that might
cause unpredictable behaviours within the system.

7.3 Usage of Al

The usage of Al in this research, particularly Large Language
Models(LLMs), are listed in this section.

e Processing and Summarisation: LLMs particularly
Gemini and NotebooklLM, were utilised to assist in the

processing of the initial literature results of approxi-
mately 600 papers. Al tools were used to generate sum-
maries of each paper individually to aid in the exclusion
of irrelevant literature papers. However, the final selec-
tion of papers and categorisation of the literatures were
performed manually to ensure accuracy.

¢ Language Refinement: LLMs were used to check for
grammatical and spelling errors.

8 Conclusion

8.1 Summary of Research Findings

This research investigated the disconnect between algorith-
mic trajectory prediction and human social interpretation in
the domain of autonomous driving. The primary research
question sought to determine how contextual constraints in-
fluence multiple equally plausible narratives of social inten-
tions.

By integrating the 3Cs framework (Cues, Characteristics,
Classes) with script theory, this study concludes that current
intelligent systems operate predominantly in geometric space,
optimizing for physical feasibility (e.g., velocity vectors). In
contrast, human interaction occurs in social space, governed
by normative scripts.

An analysis of the case studies yielded a definitive answer
to sub-research question 3, where open-endedness is struc-



turally inversely proportional to the strength of physical and
social constraints. When constraints are strong (e.g., a coop-
erative merge scenario with a large gap between vehicles), the
external script (traffic rules) dominates, and human-machine
interpretations converge. Conversely, when constraints are
weak or ambiguous (e.g., an aggressive merge with a small
gap between vehicles), the external script fails. Humans then
start to rely on their subjective internal scripts (e.g., territorial
defence), whereas geometric intelligent models fails to cap-
ture these variables, leading to potentially critical prediction
errors.

8.2 Contributions

The primary contribution of this work is the formalisation of
script mismatches as the root cause of intelligent system fail-
ure in social settings. Unlike previous studies that attribute
prediction errors to sensor noise or occlusion, this research
demonstrates that errors often arise because the machine per-
ceives a trajectory, while the human perceives a violation of
norms. By mapping specific physical cues (like a late turn
signal) to psychological characteristics (aggression), this the-
sis provides a theoretical blueprint for why even technically
safe manoeuvrers can be perceived as socially dangerous.

8.3 Open Issues and Future Directions

While this study establishes a theoretical framework, several
open issues remain. First, this research relied on qualita-
tive case study analysis derived from literature and it lacks
large-scale empirical validation with human subjects to quan-
tify exactly when a script mismatch is triggered. Secondly,
a major barrier to implementing the proposed framework is
the scarcity of training data. Current datasets are heavily bi-
ased towards geometric labels (like bounding boxes and ve-
locity). To validate the 3Cs framework, the community re-
quires new datasets annotated with socio-psychological labels
(e.g., "Hesitation,” ”Aggression,” ”Negotiation Phase”) simi-
lar to the approach taken by the PIE dataset, but expanded to
vehicle-to-vehicle interactions. Lastly, integrating an LLM-
based reasoning layer may introduce significant inference la-
tency. A key open issue is how to distil these complex script
understandings into lightweight models capable of real-time
inference in a short amount of time is required for safety-
critical braking decisions.

8.4 Recommendations for Further Research

Firstly, future architectures should treat intention as a seman-
tic classification task (e.g., outputting labels like ~Yielding”
or “Distracted”) as an intermediate or primary objective. This
forces the model to learn the why before predicting the trajec-
tory of where.

Secondly, research should focus on systems that can detect
script divergence. If a pedestrian’s kinematics conflict with
their context, the system should explicitly quantify this narra-
tive uncertainty to adjust safety margins.

Finally, as autonomous systems begin to make decisions
based on invisible social cues, they must be able to explain
these decisions to human passengers. Future research should
focus on Human-Machine Interfaces (HMI) that can translate
the system’s internal script assessment into natural language

(e.g., Slowing down because the pedestrian looks distracted),
thereby calibrating human trust in the automated system.
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