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Abstract

Advancements in automated vehicle (AV) technology underscore the need to assess automated driving sys-
tems (ADS) across various driving scenarios to ensure they cover their Target Operational Domain (TOD).
Currently, rule-based methods dominate the generation of scenario-based test cases by classifying vehicle
trajectory data into corresponding scenario categories. Recent work involves applying transfer learning to
a pre-trained transformer-based model; an additional undertaking involves pre-training from scratch (Tra-
jPT). However, work on transformer-based architectures has focused on trajectory prediction rather than
scenario category classification or transition identification. Additionally, these models are based on either
encoder-decoder or decoder-only architectures, making them suitable for autoregressive tasks but not for dis-
criminative tasks such as classification. This motivated evaluating an encoder-based classifier and comparing
its performance with a conventional sequential model. This thesis proposes a new Transformers (BERT)
model for the multi-label classification of driving scenario categories and the identification of their transi-
tions. It evaluates it against two sequential machine learning baseline models, namely Long Short-Term
Memory (LSTM) and Bidirectional Long Short-Term Memory (BiLSTM), using the highD dataset. The
thesis defines a set of comprehensive evaluation metrics: macro Fl-score, hamming loss, NMABE,,crage;
MMRaverage; MMRST, .03 €valuating the model from both classification and transition identification per-
spectives. An extensive ablation study on the pre-training and fine-tuning setup of BERT highlighted the
impact of hyperparameter values on model training and performance. The study finds that the BERT model
pre-trained for 101,568 training steps in a curriculum-styled, three-stage learning approach and fine-tuned
using LoRA performs better on 4 of 5 evaluation metrics compared to (Bi)LSTM. Moreover, BERT fine-
tuning took = 94% less time and =~ 68% fewer trainable parameters. This shows the efficiency of transfer
learning over the conventional training method. For supervised learning of (Bi)LSTM and BERT fine-tuning,
a rule-based method (TNO’s StreetWise tool) was used to label/classify the highD, highlighting the necessity
of this approach for creating labelled data for ML model training. This shows that it will remain an essential
component of scenario-based testing, regardless of the final classification method selected.
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List of abbreviations

Table 1: Commonly used acronyms in Automated Vehicle [1] and Machine Learning domains.

Acronym Full form
Automated Vehicle Domain

AV Automated Vehicle
ADS Automated Driving System
ACC Adaptive Cruise Control
CAN Controller Area Network
TTC Time-To-Collision
PET Post-Encroachment Time
DRAC Deceleration Rate to Avoid Crash
THW Time Headway
DHW Distance Headway
ODD Operational Design Domain
TOD Target Operational Domain
LC Lane change
Machine Learning
RF Random Forest
SVM Support Vector Machine
NN Neural Network
SLP Single Layer Perceptron
ANN Artificial Neural Network
CNN Convolutional Neural Network
LSTM Long Short Term Memory
BiLSTM Bidirectional Long Short Term Memory
GRU Gated Recurrent Unit
RNN Recurrent Neural Network
LLM Large Language Model
MLM Masked Language Model
MFM Masked Frame Modelling
NMABE Normalised Mean Absolute Boundary Error
MMR Mean Miss Rate




Chapter 1

Introduction

As highlighted in Oliver Wyman’s Mobility Investment Radar!, funding in mobility solutions and technolo-
gies surged by US$10 billion in 2025 from 2024, reaching a global investment total of US$54 billion. The
‘autonomous and electric vehicle’ sector was pivotal in drawing attention within the mobility domain. The
rise in driving automation aimed at achieving full autonomy (level 5, as noted in Table 2.2) has underscored
the need to assess automated driving systems (ADS) across various scenarios to ensure they cover their target
operational domain (TOD). Due to its ability to effectively capture the dynamics and intricacies of driving
behaviour without actually driving the test vehicle, scenario-based testing is extensively used. This testing
relies on real-world vehicle trajectory data to generate test cases. The goal is to segment these trajectories
in relation to an ego vehicle into potential scenarios, classifying them into pertinent categories such as lane
change, car following, cut-in, cut-out, etc. Numerous methods have been employed for this purpose, with
rule-based strategies often being central [3]. These rule-based methods are either used on their own or cou-
pled with other data-driven algorithms. When used independently, they segment and label the data into
respective categories. When combined with other algorithms, they may create weak labels for supervised
learning or produce segmentations for clustering. Their popularity stems from their efficiency, as they reduce
the manual effort required for labelling and provide labelled data for classifier development.

Researchers have recently applied various machine learning techniques to classify driving scenario cate-
gories. Techniques ranging from unsupervised methods, such as clustering, to supervised methods such as
RF, SVM, 1D-CNN, LSTM, GRU, and eventually transformer-based architectures [4, 5, 6, 7, 8, 9]. Although
most studies do not directly target scenario category classification, they are related and hold potential as
relevant supporting work for this research task. With the rise and significance of transformers, reliance
on rule-based approaches diminishes during pre-training? due to self-supervised learning. However, labels
generated by these methods can be used for fine-tuning downstream classification tasks.

Recent research in vehicle trajectory prediction is moving towards testing transformer-based architectures.
However, the majority of the research study focused on implementing LLM for vehicle trajectory prediction
rather than scenario category classification or transition identification. In this thesis, the BERT model is
selected to model the trajectory sequence, since vehicle activity sequences define the vehicle trajectory and
have been observed to exhibit interdependence. The current activities could influence the future activities.
Given BERT’s capabilities, this motivated the implementation and experimentation with it for the multi-
label classification of the driving scenario category task, which has not yet been done. A rule-based method
(TNO’s StreetWise tool) was used to frame-level label highD [10] across 12 scenario categories. This data
was then used to fine-tune the model for the downstream task.

The thesis involves pre-training the BERT model from scratch. During the literature review, papers on
pre-trained LLMs trained on a vehicle trajectory dataset for trajectory prediction/forecasting were encoun-
tered. However, most are not publicly available as a foundation model. Additionally, these models have a
decoder-based architecture, i.e., they are suitable for generative tasks but not for discriminative tasks such
as classification. Although if trained on large enough data, it could generalise and exhibit emergent classifier
abilities. However, by nature, they were developed for next-token prediction (using masked self-attention) in

L An annual survey tracking the investments of 20,000 companies in mobility to uncover promising technologies [2].
2Training Transformer-inspired architectures from scratch is termed pre-training.
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an autoregressive task. Encoder-based architectures, such as BERT, utilise bidirectional self-attention with
masked language modelling, which aligns with the downstream task.

The following is a list of opportunities after a review of existing research:

e Recent research has evaluated the performance of LLMs (either encoder-decoder or decoder-only) in
predicting vehicle trajectories. However, research is lacking on how well a transformer-based model
(specifically the encoder) performs at classifying driving scenario categories (multi-label classification).

e No standard evaluation metrics are defined to assess how well the model identifies transitions between
scenario categories.

e Absence of an open-source BERT foundation model that is pre-trained on a vehicle trajectory dataset.

To address the above gaps, this study explores the core questions: Can BERT be applied to a vehicle trajectory
dataset for multi-label driving scenario category classification? How well does it perform compared to the
conventional sequential model ((Bi)LSTM)? On this basis, the following contributions are made:

e Defining enhanced metrics to evaluate the model’s ability to identify the transition between scenario
categories.

e Designing, implementing, and evaluating - LSTM, BiLSTM, and BERT, trained on highD data for
multi-label classification of scenario categories and comparing the performance of BERT with BiLSTM.

e Performing ablation studies to assess the impact of hyperparameters on BERT’s pre-training/fine-
tuning.

The thesis will elaborate on industry-accepted ontologies and definitions for driving scenarios in Chapter 2,
including domain knowledge of scenario-based testing and rudimentary ADS. Chapter 3 provides an overview
of existing work on the labelling/identification /classification of driving scenario categories, as well as on fore-
casting future vehicle trajectories. The chapter covers both traditional and state-of-the-art methods. Chapter
4 includes dataset selection and its rationale, as well as descriptive analysis to gain insights into the data
structure, distribution of scenario categories, feature trends, and data noise. Chapter 5 presents the research
methodology, experimental results, and findings, including the definition of evaluation metrics, the experi-
mental setup, and the implementation of the baseline models (BILSTM/LSTM) and BERT. It also presents
experimental results and findings, including hyperparameter tuning via an ablation methodology, observa-
tions on model performance across varying hyperparameter values, Comparisons of LSTM with BiLSTM,
and comparisons of BERT with the best baseline configuration. Chapter 6 concludes the paper and outlines
directions for future research.



Chapter 2

Background and Definitions

In this chapter, ontologies related to driving scenarios are defined. To avoid ambiguities, a widely accepted
standard paper published by Erwin de Gelder is referenced [11], maintaining coherence with the industry-
accepted definition. The paper aims to develop a framework that captures complex real-world driving situa-
tions in an abstract yet comprehensible manner. It formally defines the core units, concepts, and categories
that serve as the building blocks for scenario modelling and assessment. For convenience, the chapter is cat-
egorised into (i) definition and ontology of driving scenarios, (ii) scenario definition for assessment of ADS,
(iii) scenario-based testing, and (iv) automated Driving System.

2.1 Definition and ontology of driving scenarios

Driving involves continuous interaction with surrounding physical elements, such as road infrastructure,
vehicles, traffic lights, and pedestrians. The set of these elements forms a driving environment where
the ego vehicle operates. The ego vehicle is the main subject of a scenario through which the world
is perceived (environment). Dynamic physical elements in its environment are termed actors. A state
variable quantifies an actor at a given time. These (as exemplified in Table 2.1) are dynamic over time.
They can be used to determine future responses based on the equation describing the dynamics [11].

Table 2.1: Major actors of a driving scenario along their possible state variables [11].

Actor Possible State Variables
Ego Vehicle  Kinematics (Velocity, acceleration, position)
Pedestrian Walking speed, position

Cyclist Cycling speed, position
Traffic Light Light colour, time remaining
Road Surface temperature, condition (smooth, rough, potholes)

A system is said to be in a mode if there is no abrupt change in its state variables for a period. Parameter
remains stable within a mode, reflecting its current operational state. Change in state variables over time
defines an activity. Figure 9.1 graphically illustrates lateral (side by side) and longitudinal (straight) activi-
ties of a vehicle. Lateral activity is relative to the lane in which the ego vehicle is located. The start and end
of an activity are marked by an event. It is a defining point in time that marks either a mode transition, a
system reaching a given threshold, or both [11].

2.2 Scenario definition for assessment of ADS

A scenario is a sequence of activities and events within the time interval of the first and last relevant events
[11]. Tt consists of a quantitative description of relevant characteristics highlighted in the Figure 9.2. Similar
scenarios that share common characteristics and nature could be abstracted into qualitative categories such
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as ’cut-in’ and 'LC’. Within these, critical scenarios could be identified that pose a high risk or danger
to the operation and safety of ADS, such as collision, traffic violations, or other hazardous situations. The
criticality of a scenario can be assessed using a surrogate measure (see Table 9.1) that indicates how close
the scenario is to a hazardous outcome [12].

A vehicle’s trajectory consists of a consecutive group of scenarios. Moreover, transition is a point
where a scenario ends, and a new one begins. Apart from this, the scenario space defines Operational
Design Domain (ODD) under which an ego vehicle is designed to operate safely. In addition, the Target
Operational Domain (TOD) refers to the area where ADS will be deployed. The ideal ADS’s ODD should
cover TOD [11, 12].

2.3 Scenario-based testing

The test cases are derived from real-world driving scenarios extracted from driving data [11]. The question
here might arise as to “why scenario-based testing for ADS instead of traditional mileage testing?” The
answer is that driving is a complex task involving many test cases, which is infeasible to assess using mileage
or engagement testing. Some limitations of mileage testing [3]:

e It is not possible to cover all test cases. For this, AV might need to drive for billions of km, and still,
some edge cases might never occur.

e Infeasibility in terms of time and money. Driving an AV over such long distances in all kinds of scenarios
takes exponential time and a large sum of money.

e Threat to the traffic, the AV under the test poses a continuous threat to other physical entities sharing
the road (other vehicles, pedestrians, cyclists, etc.).

Strengths of scenario-based testing [13, 14, 15]:

e Test ADS on scenarios consisting of various combinations of activities, events, actors, and environmental
factors.

e Allows focusing on critical and rare scenarios that might never occur in a standard mileage test.
e Vast exploration of scenario space using scenario generation and simulation.
e Requires less time and money.

The other question that could arise is: “Why not activity-based testing?”. The answer is that activity-based
testing focuses on individual driving actions (such as accelerating, braking, and lane changing) rather than
on the interplay and dependencies between activities that often lead to safety-critical situations. Moreover,
scenarios best describe the ODD of ADS [15, 16].

2.4 Automated Driving System

The Society of Automotive Engineers (SAE) documented the taxonomy and definitions for terms related to
ADS - SAE J3016. This became the international standard for future work. Table 2.2 lists the standardised
levels of driving automation.

1 Mileage testing involves driving AV for long distances either on public or test roads to evaluate ADS’s safety under real-world
conditions.
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Table 2.2: The

six standardised levels of driving automation [1]

Level

Name

Human Role

Example

No Automation

Full Control

Automatic emergency braking,
blind spot and/or lane departure
warning

Driver Assistance

Monitor Environment

Lane centering or ACC

Partial Automation

Supervise

Lane centering or ACC

Conditional Automation

take over when required

Traffic jam chauffeur?

High Automation

No intervention in defined ODD

Local driver-less taxi

Y =W N+~

Full Automation

No intervention anywhere

Same as 4, but can drive any-

where in all conditions.

As per SAE J3016, the ADS is a combination of software and hardware that jointly navigate the dynamic
driving tasks of its ODD. Figure 2.1 graphically represents the basic functioning of ADS listed below [1]:

e The perception module uses raw sensor data from lidar, camera, radar, GPS, or IMU sensors on the
vehicle to create a representation of the environment perceived by the ego vehicle. This representation
may include road layout, obstacles, and details of surrounding vehicles (velocity, position, etc.).

The prediction module uses this representation of the perceived world to predict trajectories of sur-
rounding objects (vehicle, cyclist, pedestrian).

e The planning module uses these predictions to plan a safe future trajectory of the ego vehicle that
satisfies goals (driving safely), constraints (road, traffic laws, etc.) and predicted behaviour of other
vehicles.

e The control module converts these plans to low-level actions such as steering, braking, and accelerating.

~ — — — f— _- — i — f— \ JE—— _. — ——— —- . — i

/ Perception \ { Planning / Motion Control
I I
| | |
| Localization I | Prediction | 1 Trajectory Control |
I
| ! l ! . :
i | I S
| Lane Detection Situation | | Longitudinal :
| I Analysis v
| | Traffic Signal detection and 5| Perceived World | * I ! |
classification J et Model | I [ Lateral [
I | Behaviour \ J
| |Object Detection, Tracking and ! Planning ! NS e e TR o
I Fusion | | I
| | Trajectory I
\ Other Perceptions / | Planning [
~ P \ /

Figure 2.1: Rudimentary functioning of Automated Driving System, referred from [12].



Chapter 3

Related Work

This chapter discusses the initial and recent developments in driving scenario category classification and
transition identification using a vehicle trajectory dataset. For convenience, the chapter is categorised into
(i) rule-based and unsupervised machine learning (ML), (ii) conventional deep neural networks (DNN), and
(iii) transformer-based models. There was little to no literature specifically focused on identifying scenario
transitions; therefore, most of the literature concerns scenario category classification. Scenario transition
is an implicit part of the scenario category classification process; without identifying the transition point,
scenarios cannot be segmented and classified. Given the limited research on this specific problem statement,
the review also examines the literature on trajectory prediction. Although the objectives differ, the shared
domain makes them relevant enough to include. The fitness of papers published in journals was evaluated
based on their impact factor and quartile. Papers of high impact factor (IF) and first quartile (Q1) were
preferred. Additionally, papers published in conferences were evaluated on their presence and ranking in
the CORE Conference. The following tools were used to retrieve relevant papers: arXiv, ChatGPT-5 (deep
research feature enabled), DeepSeek, Perplexity.ai, Gemini, Google Scholar, Grok, IEEE Xplore, and CORE.

3.1 Rule-based and Unsupervised ML model

For testing of ADS, the inefficiency of mileage-based testing has been established, and scenario-based testing
is widely accepted for its practicality and efficiency. A rule-based method was proposed to extract and classify
scenarios from vehicle trajectory data. Dependence on a rule-based approach increased manual effort and
the domain expertise required for rule creation [17]. Subsequent research sought to reduce this by limiting its
use to either data segmentation or the creation of weak labels for a classifier [4, 5, 6]. Identifying and slicing
at transition points to create scenarios of varying lengths. Clustering (K-Medoids, KPAM) was employed to
group similar scenario segments into categories [4], and the elbow method was used to determine the optimal
number of categories (clusters) [4]. The model was not evaluated quantitatively [4].

3.2 Conventional DNN models

A study by Elspas et al [5] proposed a fully connected 1D time-series convolutional network (1D-FCN) for
semantic segmentation of driving data to detect two scenarios: ‘LC’ and ‘cut-in’. Labelling each time step
(frame) with one or more scenarios. Identifying consecutive time steps with a common scenario label defines
a complete scenario. The model was trained on weak labels generated by a rule-based scenario detection
method rather than manual labelling, as this is less time-consuming and more scalable. 1D-FCN, being
a fully connected network, uses both past and future context, improving its predictive performance and
generalisation. To compare the two scenario detection methods (1D-FCN and rule-based), manual labelling
(actual ground truth) is performed on a subset of data, and the scenarios detected by both methods are
compared. 1D-FCN achieved a higher Fl-score and recall, but lower precision [5].

In another paper by Aboah et al [6], published around the same time, the authors demonstrate how
‘driving data — segmentation — classification — scenario detection’ is better than applying only classifi-
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cation, i.e., ‘driving data — classification — scenario detection’. Used the Energy Maximisation Algorithm
(EMA) for segmenting the trajectory data to identify the start and end of scenarios. Segmented scenario
durations fairly match the actual, 59.3% accuracy in ‘left LC’ and 85.6% in ‘lane keeping’. Among 1D-
CNN, LSTM, RF, and SVM, 1D-CNN achieved the highest accuracy of 98.99% when classifying segments
into pertinent scenario categories [6]. Recently, Zhou et al [7] incorporated bottom-up segmentation with
Dynamic Time Wrapping (DTW) to merge adjacent similar points iteratively until a similarity threshold
is reached. DTW helped normalise and align different scenario behaviours. A GRU + LSTM hybrid deep
learning model was used to label these generated segmentations into discrete regimes such as acceleration,
deceleration, cruise, and steady-state vehicle. Achieved an improvement of 43.38% and 26.1% reduction in
displacement error (MSE) over baseline LSTM [7].

3.3 Transformer-based models

Lu et al [8] implemented transfer learning by fine-tuning a pre-trained transformer-based model to predict
LC (left or right) intent from vehicle trajectory. It was fine-tuned and tested on the highD and NGSIM
datasets, and outperformed eight state-of-the-art baselines by at least 10.5%. Average Displacement Error
(ADE)! and Final Displacement Error (FDE)? were used as evaluation metrics [8].

Li et al [9] pre-trained a transformer model (encoder + decoder) on pNEUMA [18] (vehicle trajectory
dataset) named TrajPT. It used an autoregressive pre-training framework in which the model learned to pre-
dict the next frame’s trajectory (spatio-temporal position/interaction) from previous frames. With TrajPT,
the paper introduced a graph-based joint spatial-temporal attention module that enables the model to learn
complex vehicle dynamics, capturing spatial interactions with nearby vehicles within frames and temporal
patterns across frames3. The authors performed two key downstream tasks: lane change and trajectory
prediction. The evaluation metrics for lane change prediction are accuracy, and for trajectory prediction,
ADE and FDE are used. Experiments showed that it performed better than the baseline models (LSTM and
a classic feedforward NN) and generalised well across different vehicle trajectory datasets (highD for lane
change prediction comparisons and NGSIM for trajectory prediction) [9].

There has been little research specifically on multi-label scenario category classification and transition
identification using the BERT or transformer architecture. The nearest topic is ‘vehicle trajectory predic-
tion,” for which some recent research has used transformers. Some notable mentions are: [19] and [20].

3.4 Summarisation and conclusive remark

To summarise, the initial research used a rule-based approach to classify scenario categories [17]. Subsequent
studies reduced reliance on rule-based methods because creating rules required manual effort and did not
guarantee successful classification. Rule-based approaches were used only to detect transition points in
scenarios, segment trajectories into prospective scenario segments, and cluster similar scenario segments [4].
However, rule-based methods were not entirely abandoned; deep learning networks such as 1D-FCN and 1D-
CNN were trained on weak labels generated by rule-based systems or manually annotated data for scenario
category classification [6, 5]. Over time, time-series models such as GRU and LSTM were explored, followed
by the introduction of transformers |7, 8]. Recent work involves applying transfer learning to a pre-trained
transformer-based model; an additional undertaking involves pre-training from scratch, such as TrajPT [9].
However, work on transformer-based architectures has been limited to trajectory prediction rather than
classification or transition identification. Additionally, these models are based on either encoder-decoder
(transformer) or decoder-only architectures. Regarding the dataset, most papers used publicly available
vehicle trajectory datasets, except for a few that used their proprietary datasets. The public datasets used
were: highD [10], NGSIM [21], Nebraska NDS [22], and pNEUMA [18]. The evaluation metrics used for
scenario category classification were accuracy, precision, recall, and Fl-score. This thesis bridges the gap
in applying transformer-based architecture for the driving scenario category classification task. Moreover,

LADE: Euclidean distance between actual and predicted values averaged across the trajectory.
2FDE: Euclidean distance between actual and predicted value for the final position at the predicted horizon
3Frame refers to an instance where the vehicle trajectory was recorded in tabular format.
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defines comprehensive evaluation metrics that incorporate transition identification along with classification
performance.



Chapter 4

Dataset

This chapter defines the dataset used in this study, its features, and explains the rationale for its selection.
Moreover, exploratory and descriptive analyses were performed to gain insights into the feature trends.

HighD (Highway Drone Dataset) is an initiative of the Institute for Automotive Engineering (ika) of
RWTH Aachen University. The highD dataset was collected primarily for the safety validation of highly
automated vehicles. Trajectories for more than 110,500 vehicles were captured using a drone from six differ-
ent locations on German highways, covering different traffic states. The vehicle trajectory, including type,
size, and manoeuvre, is automatically extracted with a position error of less than 10 cm. Pre-extracted
information includes surrounding vehicles, metrics such as time headway (THW) or time-to-collision (TTC),
and manoeuvres such as lane changes (LCs) [10].

420 m

Figure 4.1: Visual depiction of data collecting [10]

4.1 Reason for choosing highD

Apart from highD, there are other vehicle trajectory datasets, such as SHRP2 [23], KITTT [24], Cityscapes
[25], and NGSIM [21]. Each of them has limitations. SHRP2 (USA) was collected using radar, CAN bus,
GPS position, and cameras, but is not in the public domain. KITTT and Cityscapes focus on computer
vision tasks. NGSIM is the most favourable of these, but it also has limitations. Cameras mounted on tall
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buildings captured the vehicle’s trajectory on the highway. It was collected in 2005-2006; therefore, the camera
resolution was poor, leading to inaccuracies during vehicle segmentation (overlapping vehicle boundaries
resulting in false collisions) and speed estimation. It was unable to capture the complete description of the
dynamic scenario as outlined in Figure 9.2.

highD was collected using 4K DJI Phantom 4 Pro Plus drones, capturing the vehicle’s longitude and latitude
with high accuracy. It is more diverse due to more sites and different times of the day. Moreover, has a larger
number of critical manoeuvres. Therefore, it outperforms NGSIM in data quality, diversity, and accuracy
[10].

Maturalistic
behavior

Static scenario
description

Dynamic

Effort )
L. scenario
effectiveness -
description
i rone

s @ Vehicle with series-production sensors
=== = Vehicle with HAD sensors

Infrastructure sensors

Figure 4.2: Comparison of vehicle trajectory capture methods [10]

10
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4.2 Descriptive Analysis

Table 4.1: highD description [10]

Attribute Value

drone vision/range [m| | 420

Driven distance [km| 45 000

Driven time [hrs 447

Sampling rate 25 frames per second (25 Hz; meaning 0.04 s gap between frames)
Lanes (per direction) 2-3

Vehicles 110 000

Cars 90 000

Trucks 20 000

Table 4.2: Comparison of Parameters between Car and Truck (values are approximate)

Parameter Car Truck
Mean Std Mean Std
Speed [m/s] 32.8 4.9 23.5 1.85
Minimum DHW [m] 66.9 68.5 69.2 67.3
Minimum THW [s] 2.1 2.1 2.9 2.1
Minimum TTC [s] 163.17 2282.26 165.68 2430.74
LC per vehicle 0.15 0.37 0.01 0.11

Distribution of Frames per Vehicle with KDE Overlay

0.008 -

0.007

0.006 -

0.005

Density

0.004

0.003

0.002 A

0.001 A

0.000

7 i 7
) 100 300 400 500 600 700 800
Frames per Vehicle (0-800)

Figure 4.3: Probabilistic distribution of frames per vehicle. For most vehicles, frames range from 250 to 450
numbers.

4.2.1 Cut-in, LC, and traffic behaviour

From Figure 9.3a, it could be inferred that the most cut-ins occur with a THW between 0.75 and 2 s, peaking
around 1 s and signifying that in most cut-ins, the following vehicle in the target lane is close. It could also
be noticed that there are the following vehicles in the target lane with THW < 1 that are considered unsafe
on a highway [26]. The distribution is skewed to the left, forcing the following vehicle in the target lane to

11



Leiden University

react quickly.

From Figure 9.3b, it can be seen that with an increase in the speed of the ego vehicle, there is also a slight,
gradual increase in THW (&~ 1 —=& 2). Moreover, after 130 km /h, the variation in THW gradually reduces.
These observations align with the general understanding and behaviour of driving, where the cut-in vehicle
generally tends to maintain a larger gap if the following vehicle in the target lane is at a higher speed.
However, irrespective of speed, drivers still perform unsafe cut-ins (THW < 1) [10].

From Table 9.2, it can be observed that the majority of LCs occur between 2 <+ 3 (le ftward direction) and
4 + 5 (rightward direction). These lanes are the fast lanes for their respective directions. This observation
makes sense, as slower, larger vehicles, such as trucks, typically occupy the outermost lanes and perform
fewer lane changes. Another notable finding is that the portion of LCs from the inner lanes to the outer lanes
exceeds that in the opposite direction. For example, 4 -5>5—4, 5—-6>6 — 5

It was found that vehicles at higher speeds take less time to LC. Moreover, heavy vehicles (trucks) take
more time in LC than light vehicles (cars) [27].

Furthermore, the areas near the entrance/exit point of the highway experience more lane changes than
the rest [28]. It was also found that there was a negative correlation between LC and vehicle speed with
traffic density [number of vehicles/km]. Similarly, THW showed a negative correlation with vehicle flow rate
[29].

4.2.2 About extracted scenario categories from highD

Using a rule-based method (TNO’s StreetWise tool), the highD data was classified into 12 unique driving
scenario categories (see Table 9.3). In these scenario categories, the ego vehicle is either keeping or changing
lanes while interacting with surrounding actors that may affect its trajectory. Some scenario categories can
co-occur, while others are mutually exclusive (see Table 9.4). Table 9.5 illustrates the data imbalance, with
‘Ego merging into an occupied lane’ having the least presence (0.7%), and ‘Lead vehicle cruising’ having
the most (52.8%). Moreover, it shows that the scenario categories in which the ego vehicle maintains the
lane, whether or not it is following another vehicle, last the longest. Table 9.6 highlights smooth transition
combinations. Generally, identifying a transition point between such smooth consecutive scenario categories
is challenging due to the ambiguity. Still, some transitions are easier to identify because of a drastic change
in parameters. Scenario categories like ‘overtaking an ego vehicle’ are independent of preceding scenarios
and can co-occur with others. The plot in Figure 9.5 shows that there are no significant overlaps among
consecutive scenario categories with smooth transitions.

The highD data set is large, comprising 60 CSV files totalling around 40 MB each. Therefore, the initial
few files were processed to create sequences for supervised learning of the baseline ML models. Sample
training datasets of 221,700 and 484,507 sequences were created using a sliding window of 25 and a stride of
1. Tables 9.3 and 9.5 were based on sample data of 484,507 sequences.

12



Chapter 5

Proposed method

During the literature review (Chapter 3), it was clear that the research was moving towards testing transformer-
based architectures for multi-label classification of driving scenario categories and transition identification.

In this paper, a BERT-based model is proposed and evaluated for the task. This chapter introduces BERT

and explains the rationale for its selection.

5.1 BERT

BERT (see Figure 9.11), as an encoder in the transformer, introduced bidirectional multi-head self-attention
[30]. This enables the model to process input tokens in parallel and to create contextual embeddings that
capture global context and inter-dependencies between features (e.g., velocity, TTC, THW) or activities (e.g.,
acceleration, Lane change, deceleration). It is faster, more scalable, and can handle larger datasets. This
thesis builds it from scratch, involving pre-training and fine-tuning [30]:

e Pre-training is a self-supervised task. It is done to create generalised weights that can serve as a
foundation for downstream tasks such as classification. It involves training BERT for a fixed number of
steps, generally a very large one (> 100,000). Moreover, it is preferred to do this on a large, unlabelled
training dataset. The larger the training step and the data, the better the model will be able to
generalise and form rich contextual embeddings.

e Fine-tuning is a supervised task. Pre-trained weights are further fine-tuned using labelled highD data
for the respective downstream task.

BERT is also known as a masked language model (MLM), as during pre-training it masks random tokens in
sequences and tries to predict them, thereby learning the context [31, 32].

5.1.1 Why transformer-based encoder?

The sequences of vehicle activities define the vehicle trajectory, and it has been observed that these activities
sometimes exhibit interdependence. The current activities could influence the future activities. For exam-
ple, an AV navigating through a city encounters an obstacle and performs a manoeuvre; in this case, the
manoeuvre depends on obstacle detection. Moreover, a vehicle’s action or activity is also dependent on the
trajectory of surrounding vehicles. For example, a preceding vehicle in the left lane decides to LC to the ego
vehicle’s lane, which could prompt the ego vehicle to decelerate if there is a chance of collision.

Having established this understanding, it is clear how important it is to take the context of other actions/ac-
tivities into account when identifying scenario category transitions. Naive RNN methods could be used, but
they all come with limitations:

e RNN (Many-to-One): In hidden layers, uses activation functions like tanh and ReLLU, which cause van-
ishing or exploding gradient issues. As a result, it is unable to retain information for longer sequences.
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e LSTM: To some extent, it overcame traditional RNN’s limitations by introducing control gates to
withhold relevant context for longer down the line. However, it processes the input in a sequential
order, which makes it slower and suboptimal for large datasets. Moreover, sequential input processing
limited its ability to capture the global context.

ht C h

hi.1 Xt Ct-1 hy.4 Xt

Figure 5.1: Simple schematic representation of RNN and LSTM, where z; refers to the input at current
timestamp ¢. hy — 1 and hy refer to the output of the previous and current hidden state, respectively. Cy — 1
and Cy refer to previous and updated context vectors, respectively, that carry relevant information.

Transformer introduced the concept of self-attention, which enables the model to process input tokens in
parallel and to create contextual embeddings that capture global context and interdependencies between
features (e.g., velocity, TTC, THW) or activities (e.g., acceleration-LC, ASV-deceleration, LVD-braking). It
is faster, more scalable, and can handle larger datasets.
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Chapter 6

Experiments

This thesis aims to answer the following core questions with its experiments:

e Can BERT be applied to a vehicle trajectory dataset for multi-label driving scenario category classifi-
cation?

e What is the effect of various hyperparameters on BERT’s pre-training and fine-tuning processes?
e How well does it perform compared to the conventional sequential model?

This chapter defines a baseline model and task-specific evaluation metrics to compare with BERT. Ablation
studies were conducted to identify optimal hyperparameter configurations and understand their impact. Each
configuration was run three times with different seed values to assess the model’s robustness. For convenience,
the chapter is categorised into (i) exploring methods for the baseline, (ii) scope and setup, (iii) (Bi)LSTM,
and (iv) BERT.

6.1 Exploring methods for the baseline

Given the temporal data and the nature of the task LSTM and BiLSTM appeared to be the most suitable
baseline. It can model time and handle high-dimensional data while capturing smooth transitions. It processes
data sequentially and addresses the limitations of 1D-CNNs and RNNs when handling longer input sequences
and capturing global context. The usage of three control gates (input, output, and forget gates) and additive
gradient updates enabled it to mitigate the vanishing gradient problem and retain relevant information for
longer [33]. Moreover, many recent studies used it as a baseline for a similar task [6, 7, 9]. Apart from this,
GRU is a faster alternative but is less accurate.

6.2 Scope and setup

The research is limited to the kinematic (velocity, acceleration, etc.) and surrogate safety (TTC, THW, etc.)
features presented in the highD dataset. However, driving is a complex task influenced by exogenous factors
such as weather, lighting, and the driver’s vision and physical health. These factors, which were not part
of the dataset, were not considered. Moreover, highD with scenario category labelling done by a rule-based
method (TNO’s StreetWise tool!) was assumed to be the ground truth.

Apart from this, all implementations and experimentation were performed on a Kaggle environment.
This itself comes up with memory and compute constraints. Therefore, the code was optimised to run on
the following hardware configurations:

LFor more information, click here
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Table 6.1: Hardware configuration on Kaggle workspace with respect to the method used.

Method Accelerator GPU RAM | CPU RAM | Disk space
BERT NVIDIA P100 16 GB 30 GB 57 GB
(Bi)LSTM | NVIDIA T4 x2 56 GB 15 GB 57 GB

6.3 Model evaluation

Models were evaluated from two different perspectives- scenario category classification and scenario category
transition identification. As shown in Table 9.5, the dataset is imbalanced, making traditional metrics such
as accuracy misleading. Therefore, for multi-label scenario category classification, the selected evaluation
metrics are macro Fl-score and hamming loss. Macro Fl-score treats all classes equally, and hamming loss
captures the fraction of incorrectly predicted labels and is not as strict as subset accuracy (exact match).
Reason for choosing F'8 — I3 was that it weights precision and recall equally when computing their harmonic
mean. During their calculation, masked frames where mutually exclusive scenario categories co-occur were
not considered (noise; not ground truth).

B 2.TP
~ 2.TP+FP+FN

Fy

C
1
Flmacro _ 6 § :Fl,i
=1

. .. N C
. Number of incorrect label predictions 1 .
Hamming loss = =N E E {yi; # Uiy}

Total number of labels across all samples po
Where:

e TP = True positive,

e FP = False positive,

e FN = False negative,

e N = number of frames,

e C = number of unique target classes (12 in the case of this study),

¥i,; = true label for frame i, class 7,

9:,; — predicted label for frame 4, class j,

1{-} = 1 if the condition is true, otherwise 0.

On the other hand, to evaluate the identification of the transition between scenario categories, Normalised
Mean Absolute Boundary Error (NMABE) was used. It computes the difference between the predicted
transition point for a scenario category and the actual transition point (the point refers to the frame). This
difference is then averaged over all sequences for that scenario category. This yields 12 NMABE values for
12 distinct scenario categories. To get a single number, the average is taken.

e} Tiv
1 1 1 : 7nearest
NMABEaverage = E Z fv Z ﬁ Z |b(z’,v)j - b(i,v)j 5 0 < NMABEaverage < 1.
i=1 v V=1

Where:
e T;, = number of transitions (0 — 1) for a particular class and vehicle in actual test data,

e [, = trajectory length of the vehicle v,
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e b;, = true transition point for class ¢ in the trajectory of vehicle v,
° Eﬁ?re“ = predicted transition point for class i in v, that is nearest to the b; ..

As vehicle trajectories vary, longer trajectories are more prone to higher MABE. Therefore, it is necessary
to have a normalised MABE value that provides an unbiased comparison regardless of varying trajectory
lengths.

6.3.0.1 Supplementary evaluation

In addition to the three aforementioned metrics, two additional metrics were defined. These could be con-
sidered an extension of NMABE;yerqge-

e Mean miss rate (MMR): Calculates the ratio of vehicles where the model missed (misclassified) the
actual scenario category throughout its entire trajectory. MMRgyerage takes the macro average across
all scenario categories. See Algorithm 3 for the definition.

e Mean miss rate over smooth transitions (MMRgr): Calculates the ratio of instances where the model
missed (misclassified) the actual smooth transition (see Table 9.6 for smooth transition pairs) through-
out the entire trajectory of the vehicles. MMRgr,,.,,,. takes the macro average across all such pairs.
See Algorithm 4 for the definition.

See Appendix 9.5.3 for the test set preparation.

6.4 (Bi)LSTM

Stateless (Bi)LSTMs are employed considering shorter average sequence length and sequence shuffling to
mitigate overfitting and improve generalisation. It treats sequences independently and trains faster [34].
These layers were set to return__sequences = True, which allowed the layers to pass output for individual
frames rather than for the final frame of the sequence, which would have been the case otherwise. This
allows the model to learn and backpropagate the cumulative loss across all the frames in the sequence. In the
output layer, ’sigmoid’ was used as an activation function (multi-label classification). For model definition
summary, see Table 9.7 and for data preprocessing steps see Appendix 9.5.1.

(Bi)LSTM, being a supervised learning technique, requires labelled data. A rule-based method was used
for the frame-level labelling of highD. Input with 38 features, among which 12 are one-hot encoded target
features (scenario categories, Table 9.3).

6.4.1 Ablation study setup

An ablation study on key parameters (see Table 6.2) was conducted, varying each parameter individually
while keeping the others at their baseline values. See Appendix 9.5.1 for data pre-processing steps.

Table 6.2: Hyperparameter Setting for Ablation Study on BiLSTM/LSTM — the bold values indicate the
best results and were kept static for further ablation on [training size, layer]

Hyperparameter Ablation values Baseline value
Batch size [32, 64] 32
Optimizer [Adam, AdamW]| AdamW
Classifier threshold [static (0.5), custom to each class| custom
(Bi)LSTM layer (size: 64) [2, 4] -
Training size (sequence numbers) | [221700, 484507] -

On performing the ablation study, the best hyperparameter values of each (highlighted in bold in Table 6.2)
were taken and further ablation was performed on [training size, layer].
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6.5 BERT

6.5.1 Pre-training: Ablation study setup

An ablation study on key parameters (see Table 6.3) was conducted, varying each parameter individually
while keeping the others at their baseline values. See Appendix 9.5.2 for data pre-processing and pre-training
setup.

Table 6.3: Hyperparameter Setting for Ablation Study on BERT pre-training - the bold values indicate the
best results

Hyperparameter Ablation values Baseline value
Sequence length (64, 128, 192] 64
Batch size 256, 128, 64] 256
Masking ratio 0.15, 0.3, 0.9] 0.15
Masking method [default: feature/frame-level, dy- default frame-level
namic, span]
Training loss function [MSE, Huber]| Huber
Activation f (FFN in encoder) | [GeLU, SWiGLU]| GeLU
Dropout ratio [0.0, 0.05, 0.1, 0.15] 0.0
Overlapping sequence ratio [0.0, 0.2, 0.5, 0.8] 0.0
Learning rate scheduling [(Warmup+CosineLRschedule), | (Warmup + CosineL Rschedule)
Reduce LROnPlateau]

For completing the ablation study in a reasonable time, 10% of the total processed data of sequence length 64
was considered. Moreover, the model capacity was kept low, as fewer parameters— lower computation/mem-
ory usage. See Table 6.4 for BERT’s configuration when performing an ablation study and full pre-training
on optimal hyperparameter configuration. A common seed was set for numpy, os, random, and tensorflow
for consistent weight assignment and floating-point operations during experimentation.

Table 6.4: Configuration of BERT in ablation and full pre-training mode.

Mode Model dimension | Number of heads in an attention layer | Number of encoder blocks
Ablation 64 4 2
Full pre-training 256 8 8

Note: Before analysing the ablation plots below, it is important to understand their nature.

e Up to a point where the val (— —) or train (—) curves horizontally straighten up, meaning they become
parallel to the x-axis, is the point till the model actually runs (Epochs model ran). For example, in
the MAE plot of Figure 7.1a, the model with sequence length 64 (blue curve) runs for &~ 90 epochs.

e Used EarlyStopping(patience = 10). Therefore, when evaluating loss/MAE curves, will look till
Epochs _model ran — 10 epochs.

6.5.2 Computational and memory estimation for the pre-training

From the time of release of the quintessential paper on transformers [30], there has been a general practice of
pre-training transformer-based models for a fixed number of steps. No additional stopping criteria, such as
early stopping, are used. The transformer models are intrinsically data and training-hungry. The more data
and training steps, the better the model understands and creates richer contextual embeddings, equipping
it to generalise and perform better on downstream tasks [35, 36]. This makes it important to estimate the
training time per epoch and the memory required for forward/backward propagation before actually pre-
training. This mitigates the risk of encountering an out-of-memory (OOM) error or prolonged training time.
Calculations are found in Appendix 9.5.4.
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6.5.3 Fine-tuning: Ablation study setup

After completing the ablation study on the pre-training setup, clarity emerged on the optimal hyperparameter
values. The model’s performance during the ablation study was evaluated on the validation set under MLM
rather than on a test set specific to the downstream multi-label classification task. Therefore, this underscores
the importance of examining whether the performance of some of these hyperparameters translates into
classification evaluation metrics on the test set or not. Fine-tuning is necessary to tune the pre-trained
model in a supervised manner for the downstream task and labelled highD (done by StreetWise tool) data
was used for this. Low-Rank Adaptation (LoRA) was adopted for fine-tuning, as recent research finds it
matches or slightly exceeds full fine-tuning performance while being more parameter and memory-efficient
[37]. ‘All-linear-only’ LoRA was chosen for its memory and compute efficiency over ‘all-in fine-tuning’ and
better performance than ‘attention-only’ LoRA. LoRA adapters are injected into every linear transformation
of the encoder, including both attention and feed-forward layers, while the base model weights were kept
frozen (see equation below). Refer to Algorithm 8 to get an overview of fine-tuning using LoRA.

y=zW +a-zAB
Where:
e 1 is an input sequence of trajectory data,

e y is a multi-label binary scenario category indicator per frame,

W is frozen pre-trained weights,

A and B are LoRA adapters
e « controls the adaptation strength.

LoRA made it feasible to fine-tune around = 108,850 weights rather than 6,894,556 pre-trained weights,
which is a reduction of 63x. To keep the final evaluation unbiased, the pre-trained BERT was fine-tuned on
the same labelled data (subset of highD) as the BiLSTM (baseline) was trained on. The best model config-
uration from Table 9.12 was used to pre-train BERT for 101,568 steps, and the resultant BERT101,568 steps
was used for the ablation study in Tables 9.13 and 9.14. Since the dataset was imbalanced, it was decided
to exclude scenario categories occurring in fewer than 100 vehicles when computing the macro Fl-score. A
threshold of 100 was set heuristically and resulted in the removal of the following two categories: ‘Ego vehicle
performing lane change with vehicle behind’ and ‘Ego merging into an occupied lane’. This ensures that the
model is not punished for performing poorly on rare categories, and that it did not encounter enough during
training to generalise well.
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Chapter 7

Results and observations

This chapter presents the results of the ablation studies conducted on LSTM, BiLSTM, and BERT. It evalu-
ates how various hyperparameters affect the pre-training and fine-tuning processes of BERT. Additionally, it
compares the performance of BERT against the baseline, focusing on their respective optimal hyperparameter
configurations.

7.1 Ablation study on (Bi)LSTM

The purpose of conducting an ablation study on (Bi)LSTM is to identify optimal hyperparameter config-
urations. Utilising the determined hyperparameter values to establish an effective baseline against BERT.
From the ablation study, it was observed that the BiLSTM achieved the best performance of macro f1- 0.38,
hamming loss- 0.073, and MMRgr,,.,,,.- 0-77, evident from Table 7.1. However, LSTM achieved the lowest

NMABE yerqge of 0.146 and MMRgyerqge of 0.32. The coefficient of variation across all configurations and
five evaluation metrics was less than 0.05, suggesting model reliability.

Table 7.1: Performance of LSTM and BiLSTM on test set with best hyperparameter values (refer to Table
6.2). For experiments, the model was trained on either 221,700 or 484,507 overlapping sequences of size 25
with either 2 or 4 (Bi)LSTM layers. Performance was evaluated on an unseen set of 41,689 non-overlapping
sequences of size 25 (created from trajectories of 1,908 unique vehicles). The model with each configuration
is run three times with different seed values to report mean 4 standard deviation. The coeflicient of variation
across all configurations and five evaluation metrics is less than 0.05, suggesting model reliability.

LSTM BiLSTM
Metric 221,700 484,507 221,700 484,507
2 layers 4 layers 2 layers 4 layers 2 layers 4 layers 2 layers 4 layers
Macro Fl-score 1 0.35+0.007 0.34+0.007 | 0.374+0.007  0.36+0.0 0.37£0.0  0.3640.007 | [0.380.0] [0.38£0.007]
Hamming loss | 0.079£0.0  0.08£0.0 | 0.077£0.001 0.0790.001 [0.074%0.001 0.076£0.0 |[0.073£0.0| [0.073£0.0]

NMABEaverage +
MMRave'rage \L
MMRST,perage +

Training time (mins)

0.160 £ 0.009 0.170 £ 0.0

0.35£0.004 0.37£0.01 ’ 0.32 £ 0.007 ‘ ’ 0.32£0.007|| 0.35£0.002 0.38+0.02 | 0.33 £0.007
0.95+0.05 0.88+0.057 | 0.87+£0.044 0.83 £0.04 0.89+£0.02 0.874+0.014
~ 20 ~ 28 ~ 57 ~ 70 ~ 16 ~ 29

0.146 £0.02 | 0.176 = 0.003

0.184 £0.016 0.167 = 0.006

0.173 £0.005 0.178 +0.008
0.37 £ 0.016

0.94£0.049 |0.77+0.014

~ 72 ~ 85

Metrics (1) indicate that higher values are better and vice versa for ({). ’ mean * standard deviation | suggests the best value

for the respective evaluation metric.

The following is a list of observations from the experiments performed with varying data size and
(Bi)LSTM layer:
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e Increasing the capacity of the model, that is, adding more layers, generally decreased the performance on
all three evaluation metrics. This seems contradictory at first; however, larger models require more data
to generalise, and this is most likely the case here (see the following point). Moreover, in some cases,
additional layers can cause gradients to vanish during backpropagation, leading the initial parameters
to stop learning and the model to perform poorly (this is unlikely to be the case here).

e Increasing the size of the training set (sequences in Table 7.1) improved performance across all three
evaluation metrics, indicating that more data adds complexity and, with an adequate number of model
parameters, enhances generalisation. However, the NMABE yerqge increased for the BiLSTM/LSTM
model with 4 layers. This could be explained by the fact that training the model using negative log-
likelihood enhances its understanding of the class distributions. Still, it does not necessarily improve
temporal alignment for larger models (4 layers). It may require additional data to achieve better
temporal alignment.

e Each BiLSTM configuration (sequence — layer combination) performed better on macro Fl-score and
hamming loss compared to LSTM. However, the same cannot be said for NMABEerqge. Indicating
that the succeeding frames enhanced understanding of class distribution, but were unable to improve
temporal alignment.

e For smaller data, both LSTM and BiLSTM converged after a similar time. However, on a larger set, a
considerable increase in the convergence time was observed (21 — 26% 1).

e Increasing either the training set or model capacity improved its temporal alignment and lowered
the MMRyverage and MMRgr, ., .,.- Apart from this, at the model level, LSTM performed better
on MMRgyerage, indicating better identification of transitions between scenario categories. However,
BiLSTM performed better on MMRgr, indicating better smooth-scenario category transition

identification.

verage?

e Out of the total 16 possible smooth transition combinations (see Table 9.6), only 7 were found in the
defined test set of 41,689 sequences (1 sequence = 25 frames). This suggests that the remaining
smooth transitions are rare. Identifying the transition point for ‘Ego vehicle driving in lane without
lead vehicle — Lead vehicle cruising’ was the least challenging compared to other smooth transitions
(see Table 9.11). On the contrary, ‘Cut-out in front of ego vehicle — Lead vehicle cruising’ transition
point seems most challenging to identify.

e As training instances for scenario category (‘Vehicles’ column) increase, the F1 score increases as well
(see Table 7.3). This monotonic relationship was confirmed by fitting regression (OLS), and the results
(R? = 0.534 & p = 0.006) suggest a statistically significant linear trend. The quadratic term did not
significantly improve the R? or p, indicating that the relationship was primarily linear. Interestingly,
‘Ego vehicle performing lane change’ achieved a decent F'1-score of 0.65 despite lower support. Showing
that it was easier for the model to learn its pattern.

Based on the observations, the BiILSTM model with hyperparameter [sequences : 484, 507; layers : 4] achieved
the highest performance across three evaluation metrics. It excelled in classification-based metrics, specifically
the macro Fl-score and Hamming loss. However, it performed worse than the LSTM model on transition-
based metrics, such as NMABEqyerage and MMRyerage, except MMRst,,.,,,.- This indicates that while
capturing temporal alignment is generally challenging, the BiLSTM model was more successful in recognising
smooth transitions. Performing best on 3/5 evaluation metrics makes it the ideal choice as the final baseline

against the proposed BERT-based model.

7.2 Ablation study on BERT

The purpose of this section is to understand how hyperparameters affect the pre-training and fine-tuning
processes of BERT. Additionally, we aim to identify the optimal hyperparameter configuration for a complete
BERT implementation.
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7.2.1 Pre-training

— Train Sequence length = 128 — Train Batch size = 128
===+ Val Sequence length = 192 ===+ Val Batch size = 256
Sequence length = 64 Batch size = 64
Train & Validation LOSS Train & Validation LOSS
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Train & Validation MAE Train & Validation MAE
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(a) Training and validation loss/MAE on different input (b) Training and validation loss/MAE on different batch
sequence lengths sizes

Figure 7.1: Comparing ablation results for sequence and batch size.

Observing Figure 7.1a, all three sequence lengths converged to near zero loss without much difference
in train — & — val. The sequence length of ‘64’ showed the steepest/fastest convergence, reaching a lower
loss earlier. Similarly, on the MAE graph, ‘64’ converged to the lowest value. Larger sequences ‘128’ and
‘192’ showed slightly erratic behaviour, converging to a suboptimal higher MAE. Moreover, the train — & —
val M AFE difference seems to increase with larger sequence lengths. Additionally, the sequence length of ‘64’
trains for ~ 90 epochs, suggesting that a model trained on a shorter sequence length requires fewer iterations
before it starts overfitting.

In Figure 7.1b, overlapping curves show that all three batch sizes showed similar convergence to a low
loss. In the MAE plot, all three converged to a similar MAE. Batch size of ‘64’ showed early convergence
(= 58" epoch) followed by ‘128’ (~ 60 epoch), highlighting that increasing batch size reduces how fast the
model learns, which is intuitive as the backward propagation of loss is less frequent. A batch size of ‘128’,
being the middle value, balances the convergence speed and training stability.
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— Train Masking ratio = 0.15 — Train Loss = Huber
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(a) Training and validation loss/MAE on different mask- (b) Training and validation loss/MAE with different loss
ing ratios functions.

Figure 7.2: Comparing ablation results for masking ratio and loss function.

Observing Figure 7.2a, a trend could be noticed where increasing the masking ratio also increases the
loss/train — & — val gap, and counterintuitively, the opposite was observed in the MAE plot. This strange
behaviour could be narrowed down to the following reasons:

e A higher masking ratio significantly increases the number of masked tokens per batch. This also
increases the likelihood that each batch will contain hard-to-predict trajectory events, such as ‘Ego
merging into an occupied lane’ and ‘Cut-out in front of ego vehicle’ (see Table 9.9), at the masked
position. These behave as outliers when the model attempts to predict them, leading to a higher MSE.
The paper [38] proposes using the RMSE-to-MAE ratio for outlier detection. The effect of these outliers
was apparent when the batch-level RMSE /M AE! ratio was plotted. Model with 90% masking showed
ratios between 2.8 — 3.4, compared to the 1.4 — 1.6 range observed with 30% masking (see Figure
9.8). MSE penalises errors quadratically; therefore, occasional outliers (significant errors) dominate the
training loss, even when the majority of predictions are accurate.

e MAE, being a linear error metric, is less sensitive to these outliers. 90% masking derived model with
the steeper learning curve, causing it to have richer supervision, resulting in lower MAE on the masked
positions.

In Figure 7.2b, model training with MSE as a loss function and MAE curve showed high instability
compared to when using Huber loss. This instability is caused by high MSE from outliers, leading to drastic
weight changes and an increased risk of overfitting.

1Higher values indicate that the model has a few significant errors, often due to outliers, which inflate the RMSE relative to
the more evenly distributed errors measured by MAE.
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Figure 7.3: Comparing ablation results for masking method.

In Figure 7.3, an ablation was performed on the following masking methods:

e Default: randomly masked 15% of the input sequence (either frame or feature-level) while the masked
tokens remain the same throughout training, meaning masking locations will remain static irrespective
of epoch.

e Dynamic: randomly masked 15% of the input sequence while the pattern of masking is dynamic per
epoch, meaning masking locations will change after each epoch.

e Span: it is similar to the default masking, except it masks the contiguous tokens as per the span length.

Figure 7.3a shows that all methods lead to similar losses. In Figure 7.3a, the default frame-level masking
method converged to the lowest MAE and maintained it throughout training. The introduction of the default
feature-level masking in Figure 7.3b, shows that it converged early and sustained the lowest MAE. It shows
that fine-grained masking helps the model learn context more effectively, resulting in faster convergence and
improved generalisation.
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Figure 7.4: Comparing ablation results for learning rate decay method and dropout ratio.

From Figure 7.4a, it can be seen that employing (Warmup + CosineLRschedule) helps the model to
converge to a lower MAE. On the other hand, using Reduce LROnPlateau plateaus MAE early. Ablation on
dropout ratio in Figure 7.4b shows that a higher ratio diminished the performance. This is mainly because a
smaller model size is less prone to overfitting and does not require higher dropout layers. During pre-training
of the larger BERT, keeping model generalisation in mind, a dropout of 0.1 will be used.
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Figure 7.5: Comparing ablation results for scenario overlapping rate and activation function.

From Figure 7.5a, it can be observed that the model trained on 20% overlapping sequences generalised bet-
ter and achieved the lower MAE. Training MLM on overlapping sequences helps the model better understand
the context of the initial and later frames of the sequence. The reason behind this is that if a sequence,, ends
with frame,, then the consecutive sequence, will have frame, within it, enabling the model to understand
the context of frame, with reference to preceding and succeeding frames.

Recent advancements have been made in the activation function for FFNs in transformer-based archi-
tectures. [39] shows how replacing standard ReLU/GeLU with GLU variants improves the transformer’s
pre-training and downstream performance. Though in the paper, the author tested performance on T5
(encoder-decoder) rather than on a vanilla encoder such as BERT. This made it crucial to determine whether
the performance translates to BERT. Figure 7.5b shows SwiGLU (GLU’s variant) performs better than GeL U
for BERT pre-training. Apart from this, experimenting with sparse attention did not yield a significant im-
provement in performance or computational efficiency compared to self-attention.

Based on the observations, the BERT model with the following hyperparameter values performed the best

in their respective ablation study: [sequence length : 64, batch _size : 128, masking ratio : 0.9,

masking _method : feature—level, dropout ratio : 0.0, loss__function : Huber, overlapping _sequence _ratio :
0.2, LR_scheduling : warmup + CosineLRschedule, activation f (FFN in encoder) : SwiGLU].

Most of these values would be used for pre-training, except [sequence length, batch _size, dropout ratio,
masking _method]. As already established, curriculum learning will be used for pre-training. This will
change sequence length and batch _size per learning stage. Instead of 0.0 dropout ratio, it was decided

to keep it at 0.1, as a larger model size demands stronger regularisation than a smaller ablation model.
Finally, the frame-level masking method aligns more with the downstream task of per-frame classification.
Additionally, feature-level masking brings more implementation complexity.

7.2.2 Fine-tuning

Table 9.12 shows that the BERT pre-trained on 90% masked data, when fine-tuned for the downstream task,
performed better on AUPRC and Fl-score compared to BERT pre-trained on 30%. This shows that, with
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a higher masking ratio, the model acquired representations that are much better at distinguishing whether
a label is present. Moreover, adding dropout and replacing GeLLU with SwiGLU improved the performance.
Apart from this, to confirm the superiority of curriculum-style pre-training over pre-training with a fixed
sequence length, a BERT was pre-trained with sequence length : 64, and batch_size : 128 (best values
from the pre-training ablation, see Table 6.3) and fine-tuned with the same configuration as curriculum-style
pre-trained BERT for fair comparison. It was found that curriculum-based learning improved AUPRC and
F1 scores by ~ 3 — 6% compared to the non-curriculum method.

Based on the observations, the BERT model pre-trained with [curriculum manner, masking ratio :
0.9, masking _method : frame — level, dropout ratio: 0.1, loss__ function : Huber,
overlapping sequence ratio: 0.2, LR _scheduling : warmup + CosineLRschedule,
activation function (FFN in encoder) : SwiGLU| performed the best with the following fine-tunning
hyperparameter values: [sequence length : 192, batch _size : 4, LoRA rank : 4, alpha : 4].

It was also observed that the BERT pretrained with half the training steps performed equivalently to the
larger BERT under the same hyperparameter configuration (performance: BERT50 784 steps = BERT101,568 steps)-
This signals that the norm of pre-training LLMs for the maximum number of training steps to produce better
weights does not translate to MLMs such as BERT, which are pre-trained on trajectory data. This suggests
that a stopping criterion could be applied during BERT’s pre-training to save time, memory and compute.
Further research could identify appropriate stopping criteria to limit the execution of additional redundant
training steps.

7.3 BERT vs BiLSTM (baseline)

From Table 7.2, it becomes evident that BERT outperforms BiLSTM. BERT performed better on 4 of
5 metrics, improving ~ 26.3% in macro Fl-score, 0.6% in hamming loss, 9.4% in NMABEqyerage, 1% in
MMR average With =~ 94% less time and ~ 68% less trainable parameters.

Table 7.2: Performance of BERT compared to baseline- BiLSTM, on a test set of 41,689 non-overlapping
sequences of size 25 (created from trajectories of 1,908 unique vehicles). Both models are run three times with
different seed values to report mean=+standard deviation. The coefficient of variation across all configurations

and two evaluation metrics is less than 0.05, suggesting model reliability. ’mean:l:standard deviation
suggests the best value for the respective evaluation metric.

Metric BiLSTM BERT

Macro F1-score 1 0.38 = 0.007 0.48 + 0.009
Hamming loss | 0.073 £0.0 0.067 £ 0.001
NMABEqverage + 0.178 £ 0.008 0.084 £+ 0.007

MMRauverage + 0.374+0.016 | [0.36+0.012
MMRST,perage + 0.774+0.014] | 0.89+0.017

Training time (mins) ~ 85 ~5

BiLSTM had 341,516 trainable parameters, whereas BERT had 108,892. Making BERT yield better performance on 4/5
metrics converging in & 94% less time and with ~ 68% less trainable parameters.
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Table 7.3: Average duration (seconds) of scenario categories from a sample of 41,689 seconds of driving data,
along with their Fl-score calculated using BILSTM and BERT with best configurations. ‘Vehicles’ column
signifies the number of vehicles in which the particular scenario category occurs.

Scenario categories Average duration(s)?|Vehicles|F1-scoregiLsTm|F1-scoregert
Vehicle overtaking ego vehicle 3.06 1352 0.61 0.59
Ego vehicle overtaking vehicle in adjacent lane 3.32 1265 0.37 0.57
Cut-in in front of ego vehicle 3.3 130 0.03 0.04
Cut-out in front of ego vehicle 3.52 124 0.02 0.11
Ego vehicle performing lane change 3.88 279 0.65 0.69
Lead vehicle cruising 5.28 3040 0.69 0.71
Ego vehicle approaching slower lead vehicle 6.8 201 0.47 0.43
Ego vehicle driving in lane without lead vehicle 6.88 2655 0.84 0.85
Lead vehicle decelerating 6.91 588 0.23 0.34
Lead vehicle accelerating 7.56 696 0.37 0.47

(1) indicates column sorted in ascending order.

From Table 7.3, it can be noted that BERT performs better on 8 of 10 scenario categories. Overall, the
improvement is not much; however, considering how little time and parameters it took to fine-tune a pre-
trained BERT and achieve slightly better performance on 4/5 metrics is notable. This shows that, if a vehicle
trajectory pre-trained model is available, using it as a foundation model and fine-tuning it for a downstream
task takes less time and resources than training a conventional ML model.
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Chapter 8

Conclusion and Future Work

This thesis aims to evaluate the ability of sequential ML models, such as LSTM, BiLSTM, and BERT, to
classify vehicle trajectories into multi-label driving scenario categories. A rule-based method was used to
generate labelled data for (Bi)LSTM and BERT-fine-tuning training. The thesis proposes evaluating models
from two different perspectives: scenario category classification and transition identification. A total of
five evaluation metrics were used for model comparison: macro Fl-score, hamming loss, NMABE,yerage;
MMRverage; MMRsT,, ., 0,.- An ablation study was performed for each of the three models to understand
the impact of different hyperparameters and get the optimal configuration. LSTM and BiLSTM were initially
implemented. After the ablation study, BiLSTM, which performed better, was selected as the baseline against
the proposed BERT-based classifier.

An ablation study on BERT’s pre-training setup showed that a masking probability of 90% outperformed
the standard 15% and 30%. It produced smoother convergence of the training and validation curves, leading
to lower MAE and better downstream classification after fine-tuning. A plausible explanation is that higher
masking forces the model to learn from a steeper learning curve with stronger supervision per observed token,
which, in turn, reduces MAE at masked positions. Additionally, it was found that the model, pre-trained or
fine-tuned on overlapping trajectory sequences, better understands the context of the initial and later frames
of a sequence. In the ablation study, a 20% overlap rate for a 64-length sequence was found optimal.

Regarding the activation function for the FFN in the encoder, SwiGLU performed better than GeLU. Fur-
thermore, learning rate scheduling of warmup+CosineL Rschedule performed better than ReduceL ROnPlateau.
Moreover, the use of a dropout layer helped the model generalise and prevented overfitting. Lastly, it was
found that the curriculum-style pre-training—conducted in three stages with a gradual increase in the model’s
exposure to longer sequences—performed ~ 3 — 6% better on the downstream classification task than pre-
training with a fixed sequence length.

BERT was pre-trained using masked frame modelling for 101, 568 training steps in a curriculum-based,
three-stage approach. The pre-trained model was then fine-tuned using LoRA. It performed slightly better
than the BiLSTM (baseline) on 4 of 5 evaluation metrics and achieved a higher F1 score on 8 of 10 sce-
nario categories. Demonstrating that it improved the classification and identification of transitions of driving
scenario categories. However, BILSTM outperforms on MMRys7,,.,.,., suggesting that it is more effective
at recognising smooth transitions. Additionally, BERT fine-tuning took ~ 94% less time and ~ 68% fewer
trainable parameters. Showing the efficiency of transfer learning over the conventional training method.
This shows that, if a vehicle trajectory pre-trained model is available, using it as a foundation model and
fine-tuning it for a downstream task takes less time and resources than training a conventional ML model.

Further research could be done to identify appropriate stopping criteria that limit the execution of addi-
tional redundant training steps when pre-training MLMs (specifically, BERT based on vehicle trajectory).
Ultimately saving time, memory and computing. Additionally, future work could involve generating or record-
ing vehicle trajectory data alongside exogenous factors such as weather, lighting, and the driver’s vision and
physical health. Further, use it to pre-train BERT and see if it improves performance on the downstream
task of multi-label classification of scenario categories. Moreover, highD fails to record the following vehicle’s
velocity /acceleration; further research could be conducted to understand its importance for the ego vehicle’s
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behaviour. Along the same lines, the distribution of feature importance across scenario categories could be
studied, and further understanding of how preceding or succeeding scenario categories affect the current one
could be gained.
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Chapter 9
Appendix

This appendix contains entities that would have taken up too much space to include in the main thesis. For
convenience, the appendix is categorised into (i) algorithm, (ii) tables, (iii) figures, (iv) model/data pipeline,
(v) ablation study- tables/line graphs.

9.1 Algorithms

Algorithm 1: Average of scenario categories excluding all-zero groups

Input: DataFrame D with columns: identifier vehicle id and binary encoded scenario categories
blab27---7bm
Output: Mean values per scenario category

1. Group D by identifier vehicle id to form groups G1,Gs,...,Gy;

2. For each group G;:
For each scenario category b:
compute s;; = > 7., b; (the total number of 1s in column b; for group G);

If s;; = 0, set s;; < NA (ignore this entry);

3. For each scenario category b;:
compute column mean

= i1 5ij
! #{i | sij # NA}
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Algorithm 2: Data preprocessing pipeline for (Bi)LSTM

Input: highD CSV data
Output: Scaled train, val, and test data with valid mask
Step 1: Data cleaning and direction normalization
Remove rows where all scenario category labels are zero
if xVelocity < 0 then
xVelocity < —xVelocity
Flip the signs of features to maintain consistency across the data.
end
Remap laneld to a consistent numerical representation
Compute valid_mask (exclude overlapping mutually exclusive scenario categories)
Compute boundary (1 if y; # y:—1, else 0)
end
Step 2: Feature engineering and indicators
‘ Binary encoding of features containing vehicle ID (Id > 0 — 1)
end
Step 3: Sequence generation and splitting
Group data by (document_id, vehicle_id)
Generate sliding window sequences of length— 25
Perform train : 70%, val : 15%, test : 15% random split on the generated sequences.
end
Step 4: Leakage-free scaling
Fit StandardScaler Syqin 00 Xirqin (non-binary features).
Fit StandardScaler Sprec 00 Xirqin (‘precedingXVelocity’) only where it is non-null.
Apply Simain and Sprec to Train, Val, and Test sets.
end

Algorithm 3: MMRgyerage

Input: Ground truth sequences Yi, ., predicted sequences Yy, .4, set of labels L, and vehicle
identifiers V'

Output: Average miss rate across all classes
1. Group Yirue and Yypeq by identifier vehicle id to form groups Vi, Va, ..., Vy;

2. For each group V; (vehicle):
For each label [ € L: 4
If class [ occurs in Y,V

true»
If Yp(;t)g 4(1) contains no positive frames, increment missed; by 1;

3. For each label | € L:
Compute miss rate per class:

increment support; by 1;

MMR, = missed,;
support;

4. Compute overall average miss rate:

1
MMRaverage = 7 MM
Raverage = 177 ; R;

35



Leiden University

Algorithm 4: MMRgr

average

Input: Ground truth sequences Yi,y, predicted sequences Y, cq, set of smooth transition pairs
P = {(p, )}, and vehicle identifiers V
Output: Average missed transition identification rate across all classes

1. Group Yirye and Y.cq by identifier vehicle id to form groups Vi, Va, ..., Vy;
2. For each group V; (vehicle):
For each transition pair (p,c) € P:

Identify true transition instances where parent p ends and child ¢ begins (}Q(,,?Le), Increment
support, oy by |instances|;

Identify predicted transition instgnces (Yp(:i Mk

If fewer predicted transitions (Yp(ﬁid) of type (p, c) are found, increment missed, . by the

difference.;

3. For each label (p,c) € P:
Compute miss rate per transition pair:

missed(p q)

MMR =
5Tw.e) SUppPort (p, o)

4. Compute overall average miss rate:

1
MMRs7 = —

average | |

Z MMRST(%C)
(p,c)€P
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Algorithm 5: TFRecord sharding and benchmarking for BERT pre-training

Input: Parquet directory P, TFRecord output directory T', sequence lengths S = {64, 128,192},
batch sizes B = {256,128, 64}, number of features F', target shard memory M (unit : M B).
Output: Sharded TFRecords, and benchmark results.
1. Load data from parquet files
foreach seq len € S do
Extract sequences with a sliding window, and a stride of length seq len across all features F.
Store these non-overlapping sequences in all _sequences[seq len].
end
nd
. Compute sharding strategy and write TFRecords
target _bytes <— M x 1024 x 1024
foreach seq len € S do
memory _per _sequence <— seq_len x F X bytes _per _float
seq_per shard + [target bytes/memory per sequence|
num__shards < [total _sequences/seq _per _shard]
Partition all _sequences[seq len| into num__shards
end
foreach i do
‘ write sequences to TFRecord file
end

N O

end
3. Build dataset pipeline
‘ Parse serialised TFRecords into fixed-length feature vector (usable tensors).
end
4. Benchmark loading performance
foreach (seq_len,batch_size) € (S, B) do
Load dataset
Measure execution time and report throughput (batches/sec)
end
end
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Algorithm 6: End-to-end data pipeline: From raw CSV to multi-scale TFRecords

Input: highD CSVs: training, fine-tuning, and testing CSVs, seq_sizes € {64, 128,192}
Output: Preprocessed parquet files, and serialised TFRecords
Phase 1: Global scaling (leakage prevention)
Initialize StandardScaler for independent vehicle features
foreach Training file do
Normalize driving direction: If v, < 0, flip signs of —ve features
partial_fit scalers on current file data // partial_fit mitigates 0OM error

end
end
Phase 2: Parquet creation & feature preprocessing
foreach dataset (Train, Fine-tune, Test) do
Apply direction normalization and laneId remapping
Binary encoding of features containing vehicle ID (ID >0 — 1)
Transform features using global scalers
if generating file for BERT pre-training then
‘ Save 20-feature matrix to .parquet with integer headers
end
else if generating file for fine-tuning the pre-trained BERT or testing the fine-tuned model
then
| Stack [IDs (3), Features (20), Labels (12)] into combined parquet
end

end
end
Phase 3: Multi-scale TFRecord sharding
Partition data by unique (document_id, vehicle_id)
70%/15%/15% split at the vehicle level to ensure no data leakage
foreach split € {Train, Val, Test} do
foreach size € seq sizes do
Extract windows of length size from each vehicle trajectory using sliding window logic
Apply 0-padding to reach maxz_seq_len (192)
Generate valid_mask (1 for active frames, 0 for padding)
Serialize to tf.train.Example with float features
Write to shards (Target: 20MB per shard for I/0 efficiency)

end

end

end
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Algorithm 7: BERT pre-training via masked frame modelling

Input: Multi-size TFRecords, masking ratio mask _prob, number of epochs E
Output: Pre-trained BERT model weights

Build BERT: Transformer-based encoder with positional embeddings and FFN
Define WarmUpCosine scheduler with 10% linear warmup (fixed training steps)
Curriculum learning strategy:

Stage 1: Sample from {64} length records

Stage 2: Sample from {64,128} with weights [0.7,0.3]

Stage 3: Sample from {64, 128,192} with weights [0.5,0.3,0.2]

end

oreach F do

Select current stage based on training progress

foreach batch in curriculum stage’s dataset do

="

P + Padding mask for current batch
Generate random mask M where M; ; < mask_prob A P; ; == 1
Xmasked < X © (1 — M) // Zero-out masked frames
YV« Model(X naskeds P) // Forward pass with padding mask
Loss <+ loss_f(f’, X, weight = M) // Loss on masked frames only
Update weights via AdamW with Mixed Precision

end

end

Algorithm 8: Fine-tuning and evaluating BERT for multi-label driving scenario category classifi-
cation using LoRA

Input: Labelled TFRecords, pre-trained BERT Weights, LoRA rank r, Alpha «
Output: Multi-label fine-tuned model, Macro F1-score, and Hamming loss
Phase 1: LoRA parameter adaptation
Load Pre-trained BERT Model
foreach Dense Layer in Encoder do
Freeze original weights W € RI**
Initialize LoRA adapters: A € R4*" (Normal) and B € R"™** (Zeros)
Define LoRA output: h = 2W + %(zAB)
end
Attach a Classification Head: Dense(units=12, activation="sigmoid’)
end
Phase 2: Supervised training
Initialize WarmUpCosine schedule with base Ilr, min_lr, and warmup _steps
Compile using masked binary cross-entropy to ignore padded frames

_ >(BCE(y,)-valid_mask)
Loss = > valid _mask
Train using AdamW; apply Early stopping on wvalidation loss

end
Phase 3: Threshold optimization & evaluation
Predict probabilities § on Test Set
foreach Scenario Category i € [1,12] do
| Tterate ¢ € [0.1,0.9] to find threshold maximizing F'1;
end
Apply best thresholds to calculate final Macro F1 and Hamming Loss
end
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9.2 Tables

Table 9.1: Common criticality measures for driving scenarios [12]

Type Example Metric Indicating

Spatial Minimum Distance Distance remaining to hazard

Temporal TTC, PET TTC: Time remaining to collision assuming physical en-
tities remain in their constant state.
PET: Time gap between one actor leaving the conflict
region and another entering.

Severity Impact Speed Seriousness of the impact.

System Response | Evasive Action Emergency brakes and/or manoeuvres.

Safety Margin Distance/Speed, DRAC | Predefined safe limits.

Table 9.2: LC direction and corresponding LC portions from classified 10,127 LCs from location 1 1 [28].
Refer to Figure 9.4 for visuals.

Lanes 4, 5, 6 (rightward) 4to5 5to6 6tob 5to4

LC portion 0.37 0.17 0.13 0.33
Lanes 1, 2, 3 (leftward) 1to2 2to3 3to2 2tol
LC portion 0.13 0.30 0.38 0.19
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Table 9.3: Scenario categories and activities detected by the TNO’s StreetWise tool. Multi-label scenario
category classification was performed on the highD dataset across 12 unique categories [40]. The ‘Count’
represents the number of sequences for a particular scenario category from a sample of 484,507 sequences
created using a sliding window of 25 and a stride of 1.

Symbol | Name Ego Vehicle Activ- | Main Actor(s) Activity Count
ity

C1 Cut-in in front of ego | Keeping lane Changing lane to become leading ve- 2156
vehicle. hicle.

C2 Cut-out in front of ego | Keeping lane, leading | 2954
vehicle. the ego wvehicle, and

then changing lane.

C3 Merging into an occu- | Changing lane Both main actors stay in their lanes 811

pied lane. and become leading and following
vehicles after the ego vehicle’s lane
change.

C4 Approaching slower ve- | Keeping lane Keeping lane and driving slower 15,025
hicle. than ego vehicle.

Ch5 Ego vehicle driving in | Keeping lane None 184,261
lane without lead vehi-
cle.

C6 Ego vehicle overtaking | Keeping lane Keeping lane, overtaken by ego ve- 63,400
vehicle. hicle in adjacent lane.

Cr Ego vehicle performing | Changing lane None 11,189
lane change.

C8 Changing lane with ve- | Changing lane Behind ego vehicle on adjacent lane. 3445
hicle behind.

C9 Leading vehicle accel- | Keeping lane Keeping lane and accelerating. 40,320
erating.

C10 Leading vehicle cruis- | Keeping lane Keeping lane and cruising. 256,027
ing.

Cl11 Leading vehicle decel- | Keeping lane Keeping lane and decelerating. 37,028
erating.

C12 Vehicle overtaking ego | Keeping lane Keeping lane and overtaking ego ve- 67,035
vehicle. hicle on adjacent lane.

Table 9.4: The scenario categories listed form a mutually exclusive set: No two (or more) categories from

this set can co-occur.

Mutually Exclusive Scenario Categories

{C5, C10, C9, C11}

{C7, C8, C3}
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Table 9.5: 4(%;1%) secs’ and ‘[ 4 100]%’ computes average duration and class distribution of scenario

484507

categories. See Algorithm 1 for the average frame calculation.

Scenario category Average Frames (%) secs | [FZount 4 100]%
Cut-in in front of ego vehicle 66 2.64 0.44
Cut-out in front of ego vehicle 86 3.44 0.16
Ego merging into an occupied lane 111 4.44 0.16
Ego vehicle approaching slower lead vehicle 156 6.24 3.1
Ego vehicle driving in lane without lead vehicle 175 7 38
Ego vehicle overtaking vehicle in adjacent lane 70 2.8 13
Ego vehicle performing lane change 91 3.64 2.3
Ego vehicle performing lane change with vehicle 84 3.36 0.7
behind

Lead vehicle accelerating 163 6.52 8.3
Lead vehicle cruising 166 6.64 52.8
Lead vehicle decelerating 151 6.04 7.6
Vehicle overtaking ego vehicle 96 3.84 13.8

Computation done using a sample of 484,507 sequences or 80460 seconds of driving data created using a sliding window of 25

and a stride of 1.
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Table 9.6: Identified smooth transition combinations from the 12 unique scenario categories (Table 9.3).
Smooth transitions are more likely to exhibit scenario overlap around the transition point due to ambiguity.
16 unique combination pairs are forming.

Scenario A Scenario B (consecutive scenario to A)
Cut-in in front of the ego vehicle (C1)

e Lead vehicle accelerating (C9)
e Lead vehicle cruising (C10)
e Lead vehicle decelerating (C11)

Cut-out in front of the ego vehicle (C2)

e Ego vehicle driving in lane without lead vehicle (C5)
e Lead vehicle cruising (C9)
e Lead vehicle decelerating (C10)

e Lead vehicle accelerating (C11)

Ego merging into an occupied lane (C3)

e Lead vehicle cruising (C9)
e Lead vehicle decelerating (C10)

e Lead vehicle accelerating (C11)

Ego vehicle performing lane change (C7)

e Ego vehicle driving in lane without lead vehicle (C5)

Ego vehicle performing lane change with vehi-

cle behind (C8) e Ego vehicle driving in lane without lead vehicle (C5)

Ego vehicle driving in lane without the lead

vehicle (C5) e Ego vehicle approaching slower lead vehicle (C4)

e Lead vehicle accelerating (C9)
e Lead vehicle cruising (C10)
e Lead vehicle decelerating (C11)

Table 9.7: Baseline model definition summary - 4 layers

Layer (type) Output shape | Param # Layer (type) Output shape | Param #
Input layer (None, 25, 20) 0 Input layer (None, 25, 20) 0
LSTMgtateiess (None, 25, 64) 21,760 BiLSTMtateless (None, 25, 128) 43,520
LSTM,rareress (x3) | (None, 25, 64) 99,072 BILSTM,tareress (x3) | (Nome, 25, 128) | 296,448
DenseTimeDistributed (NOH& 257 12) 780 DenseTimeDistributed (NOHG, 257 12) 17548
Total trainable params 121,612 Total trainable params 341,516
(a) LSTM definition (b) BiLSTM definition
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Table 9.8: Mapping of 'right — left’ lane 1D to equivalent 'left — right’ lane ID in a three lane highway.

right — left lane ID — equivalent left — right lane ID

lane 1 — lane 6
lane 2 — lane 5
lane 3 — lane 4

Table 9.9: Average duration (seconds) of scenario categories from a sample of 41,689 seconds of driving data,
along with their Fl-score calculated using BiLSTM with best configurations. ‘Vehicles’ column signifies the
number of vehicles in which the particular scenario category occurs.

Scenario categories Average duration (s) T | Vehicles | Fl-score
Vehicle overtaking ego vehicle 3.06 1352 0.61
Ego vehicle performing lane change with vehicle behind 3.31 93 0.33
Ego vehicle overtaking vehicle in adjacent lane 3.32 1265 0.37
Cut-in in front of ego vehicle 3.3 130 0.03
Cut-out in front of ego vehicle 3.52 124 0.02
Ego vehicle performing lane change 3.88 279 0.65
Ego merging into an occupied lane 5.11 20 0.00
Lead vehicle cruising 5.28 3040 0.69
Ego vehicle approaching slower lead vehicle 6.8 201 0.47
Ego vehicle driving in lane without lead vehicle 6.88 2655 0.84
Lead vehicle decelerating 6.91 588 0.23
Lead vehicle accelerating 7.56 696 0.37

(1) indicates column sorted in ascending order.
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9.3 Figures

(a) Lateral activities of a vehicle.

[ iogsars s |
[ | [ o |

(b) Longitudinal activities of a vehicle.

Figure 9.1: Lateral and longitudinal activities of a vehicle [11]
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Street level (L1)
—- Geometry and topology
- Condition, boundaries

Traffic infrastructure (L2)
—1- Construction barriers
- Signs, traffic guidance

Temporal modifications to L1 and L2 (L3)
—1- Geometry and topology overlay
- Time dependent > 1 day

Movable objects (L4)
—1- Dynamic, movable
- Interactions, maneuvers

Environment conditions (L5)
- Influence on properties of other levels

Figure 9.2: 5 Layer model defining scenario description [10]
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(b) Cut-in THW dependency on ego vehicle’s speed

Figure 9.3: (a) Distribution of the tailing vehicle’s THW to a lane-changing vehicle at the time it enters the
tailing vehicle’s lane. (b) The dependency of this THW on the tailing vehicle’s speed. The dashed line shows

the median, while the shades indicate deciles [10].
Note: THW and DHW are calculated at the instant when the midpoint of the cut-in vehicle crosses the

target lane marking.
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Figure 9.4: Diagrammatic representation of a 3-lane highway depicting a driving scene with LCs.

47



Leiden University

Transition counts A - B (within [-1, 0] frames)
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Figure 9.5: The above two heatmaps show that there is no significant scenario overlap (in the case of a
smooth transition, refer to Table 9.6), as the count is almost the same.
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Figure 9.6: Longitudinal and lateral kinematics signs as per vehicle direction.
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Figure 9.7: Batches processed per second against different shard sizes for the labelled sequence length and
batch size configurations. For the algorithm, see 5.
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Figure 9.8: RMSE/M AFE ratio showing outlier dominance at masked positions with different masking ratios.
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9.4 Model/data pipeline

Encoded labelled data
from rule-based method for
training & testing

!

Data preprocessing

e Noise removal

o Data Standardisation

e Masking frames with overlapping
mutually exclusive scenarios

e Binary encoding

e Sequence creation

e Data split

e Feature scaling

!

LSTM/BIiLSTM
(to capture long-range
dependencies and context)

!

Model evaluation

o Scenario classification: F1 score and
Hamming loss

o Transition identification: MAE on
predicted vs actual boundary

Figure 9.9: (Bi)LSTM pipeline
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Data preprocessing

» Noise removal

« Data Standardisation
» Binary encoding

« Data split (80:10:10)
» Feature scaling

Y

Reading Parquet files and
creating dictionary of
seq_lengths [64, 128, 192]

Y

Sharding —» serialisation —» TFRecords If ablation If pre-training

Masked batch input of
varied seq_length as per
the curriculum stage

10% data of masked

\ batch input

Deserialisation —» padding/masking —» | -
shuffle —» batching — prefetching

v a ¢

Masked Frame Modelling |.* Static embedding using SLP
v s Learned positional
embedding
BERT pipeline

seq1_emb, seq2_emb, ...[Random masking]..., seqN_emb, [Pad]...[Pad]

Y

Pre-training initiation as

Attention layer...
per the 'ablation' status y

Figure 9.10: Overview of the BERT data pipeline
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Figure 9.11: Overview of the BERT pipeline processing vehicle trajectory.
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9.5 Experiments

This section contains data preprocessing steps, calculations, and ablation results that would have taken
up too much space to include in the main thesis.

9.5.1 (Bi)LSTM: Data preprocessing

The majority of the time was spent planning and designing this module. Below are the steps followed in
sequential order to get labelled data ready for model training and testing:

1.

Noise removal: The rows where all the 12 targets are inactive (having value ‘0’, meaning not present)
were removed. This is because the last 100 m of the 420 m was not labelled for any vehicle. Otherwise,
all other vehicles in front would suddenly disappear, resulting in inconclusive scenario boundaries. Such
frames constituted ~ 29% of the sampled data.

. Data standardisation: highD was collected for highways directing both ways (left — right & right —

left). Due to the image coordinate system, for opposite directions, the vehicle kinematic features,
such as velocity and acceleration (both longitudinal and lateral), were assigned opposite signs. For
example, a vehicle travelling from left — right will have a positive kinematics value compared to a
vehicle travelling right — left. Therefore, to maintain consistency across the data, vehicles travelling
right — left were identified, and the sign of their kinematic features was reversed, along with assigning
a new relevant lane ID, see Figure 9.6 and Table 9.8.

. Masking frames with overlapping mutually exclusive scenario categories: Masking frames where mutu-

ally exclusive scenario categories, as listed in Table 9.4, are co-occurring. For masking, a new binary
column was added, with ‘1’ indicating co-occurrence. These frames were treated as noise and excluded
from loss computation during backpropagation and model evaluation.

Binary encoding: Columns containing vehicle IDs were converted to binary, where ‘1’ represents a
vehicle’s presence. This was done to reduce noise, as the vehicle ID itself does not provide any infor-
mation about the scenario category, and keeping it might lead the model to learn illogical patterns and
generalise poorly.

. Sequence creation: The data is grouped by ego vehicle ID, and then a sequence of 25 frames (also called

a sliding window) is created with a stride of 1 within each vehicle trajectory.

. Data Split: [train : val] — [80 : 20] split was performed keeping shuffle enabled. This shuffled the

sequences while preserving the within-sequence frame-level temporal consistency.

Feature scaling: After the split, the numerical features were scaled using StandardScaler. Scaling is
essential for model performance and smooth gradient convergence, especially when dealing with large
magnitudes.

See Algorithm 2, defining the preprocessing pipeline and Figure 9.9 for overall (Bi)LSTM pipeline.

Note: Initially, [train : val : test] — [75 : 15 : 15] split was used. However, during experimenta-
tion, it was found that the model was giving unusually high performance on the test set. However,
when tested on a new, isolated test set (not split during training and validation set creation), the
same model performed very poorly, highlighting data leakage in the earlier test set. The reason for the
leakage was that, after shuffling the train and test sets, both sets shared sequences from a common set
of vehicles. Though the sequences themselves were different, the fact that they came from the same
vehicle caused the leakage. Apart from this, data splitting by vehicle and then shuffling was attempted
to prevent data leakage. However, the model started overfitting after an epoch and performed poorly
on the test set.

Finally, it was decided to train the model as is, but to use an isolated test set not generated from the
conventional train-test split.
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9.5.2 BERT: Data preprocessing and pre-training setup

Steps 2, 4, 6, and 7 of Section-9.5.1 were followed as is. The standardised data was stored as Parquet
files to save RAM and enable quick operations (e.g., reading and writing to the file), reducing storage
requirements by 85% from 4.8 GB (CSV) to 0.697 GB (Parquet). Moreover, when creating TFRecords,
it is preferred due to compatibility with TensorFlow. TFRecords holds a serialised object (binary) of the
data, making it optimised for input-output tasks and memory [41]. See Algorithm 6, defining the pipeline:
CSV — Parquet creation & feature preprocessing — T F Records generation.

It was decided to pre-train BERT on three different input sequence lengths rather than a single one.
The objective is that each of these values will cover the spectrum of scenario category durations. A shorter
sequence length will force the model to learn local patterns and scenario categories with shorter durations.
On the other hand, a larger sequence length will push the model to capture more global patterns and scenario
categories spanning across multiple frames. These three values were heuristically decided using Table 9.5.
From Table 9.5, it could be observed that 5/12 scenario categories have a duration of > 6s, 5/12 have
3 — bs, and the remaining 2 have 2 — 3s. Therefore, the resulting three sequence length values become
[64 (= 25), 128 (~ 5s), 192 (=~ 7s)] 2. All three are kept as multiples of 2 for maximum cache utilisation and
to ensure the least is wasted during padding. Having different sequence lengths makes it important to have
a custom batch size for each. The following are the main reasons:

e Quadratic memory complexity: Attention layer has memory complexity of O(n?) where n is the sequence
length. This makes it challenging to maintain a consistent batch size that effectively utilises GPU
resources across all sequence lengths without triggering OOM errors.

e GPU/TPU utilisation: Effective resource utilisation could be done by performing dynamic batching.
Smaller sequence lengths can sustain larger batch sizes, whereas longer lengths must limit batch sizes.
This makes sure that the resource capacity is utilised without crashing (OOM).

The following batch sizes were decided: [256, 128, 64], respectively. Both sequence lengths and batch sizes
are kept even to align with the GPU architecture and achieve maximum parallelism, efficiency, and cache
optimisation. Data read from Parquet files is split into shards and converted to TFRecord files. Shards
(chunks of data) improve: data loading, data shuffling, prevent bottlenecks, and GPU utilisation during
BERT pre-training.

From Figure 9.7, it is visually evident that 20MB is the optimal shard size across the three sequence
lengths and batch size combinations. Additionally, it was observed that with larger sequence length and
smaller batch size, the batches/sec increase. It may seem counterintuitive at first, but it all makes sense
when it is realised that GPU parallelisation prefers fewer, larger operations over many smaller ones. With a
20MB shard size, the number of shards for the three pairs (sequence length, batch size) came out to be 152
(see ‘num_shards’ in Algorithm 5).

Before performing operations on the data to make it input-ready for BERT, TFRecords were deserialised
and reconstructed as tensors. After which, tensors are passed through the following pipeline: padding —
attention masking — shuf fling — batching — prefetch(tf.data. AUTOTUNE) — M FM. The discussion
below entails the necessity of each part of this pipeline:

e Padding: It is done to increase shorter sequence lengths ([64, 128]) to make them as long as the
maximum sequence (192) the model is going to see. This maintains a common input sequence length
throughout the pre-training.

e Attention masking: In padded shorter sequences, the actual sequence length of importance is less.
The rest ([pad]) should not be considered in the attention layer for context learning. Moreover,
it has the added benefit of keeping the compute and memory load lower. Attention mask: [1 —
vaid frame present, 0 — [pad]].

e Shuffling: It ensures the trajectory sequences are shuffled before batching. Shuffled set improves model
generalisation.

2|[Number of frames (corresponding duration in seconds)]
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Batching: The shuffled data is batched into three batches ([256, 128, 64]) corresponding to the three
sequence lengths ([64, 128, 192]).

Prefetch(tf.data. AUTOTUNE): It prepares the next batch of data while the model processes the current.
This results in faster training by overlapping CPU (data loading, parsing, shuffling, etc.) and GPU
(forward and backward passes) jobs. This way, the GPU hardly sits idle. AUTOTUNE here determines
the number of batches to prefetch based on the system’s CPU, GPU, and memory.

Masked frame modelling (MFM): The 2%? batched data are then masked either at the frame-level or
the feature-level. Masking is performed only on the valid tokens/frames and not [pad].

Curriculum learning: It was decided to pre-train BERT in a curriculum manner, starting with shorter
sequence lengths and gradually showing larger ones. From Table 9.5, it was observed that the scenario
categories have varying durations, and setting a common pre-training sequence length might not be
optimal, potentially limiting the model’s ability to fully understand the dynamics across all scenario
categories. Moreover, for different sequence lengths, it is imperative that their batch sizes be set
accordingly rather than a single global batch size. As sequence length increases, the batch size is
reduced to maintain a similar computational cost. The curriculum learning is divided into the following
three stages:

— Stage 1: Start training on 100% of sequence length 64 with batch size 256.

— Stage 2: Training continues with model weights from stage 1, on 70% of sequence length 64, having
batch size 256, and the remaining 30% of sequence length 128, having batch size 128.

— Stage 3: Training continues with model weights from stage 2, on 50% of sequence length 64 having
batch size 256, 30% of sequence length 128 having batch size 128, and the remaining 20% of
sequence length 192 having batch size 64.

Note: In the later Section 7.2.2, BERT was pre-trained with and without curriculum stages, and it was
found that pre-training with curriculum performed ~ 3 — 6% better on the downstream classification
task.

- See Algorithm 7 defining the pre-training via masked frame modelling and Figure 9.10 for the entire
data pipeline.

9.5.3 Test set preparation

An isolated test set was used that underwent the data preprocessing steps mentioned in Appendix 9.5.1,
except for data splitting and shuffling. In addition, unlike the training set, which involved overlapping
sequence creation, the test set sequences were non-overlapping to avoid duplicate frames. Previously fitted
scalers were applied for the feature scaling. The trajectory is generally fed as a continuous temporal set for
scenario category classification. This makes it essential that the test set maintains sequence-level temporal
continuity for unbiased evaluation.

9.5.4 Computational and memory estimation for the pre-training

The calculations below estimate compute and memory requirements for a full pre-training setup (see
Table 6.4).

3z here is a tunable parameter; baseline value is kept 0.15, i.e., 15% during ablation study.
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Table 9.10: Trainable parameter breakdown for BERTs pre-training configuration (model dimension = 256,
encoder layers = 8, Input features = 20)

Component \ Layer Type \ Formula \ Parameters
A. Input Stack
Input Projection (Dense) Dense (20 - 256) + 256 5,376
Positional Embedding Embedding 192 - 256 49,152
Input Layer Norms LN 2-20 40
Subtotal (A) 54,568
B. Single Transformer Encoder Layer (Repeated 8 times (nlayers))
Multi-Head Attention (MHA) | Dense (Q, K, V, Out) | 4-256 - 256 262,144
Feed-Forward Network (FFN) | Dense (Inner, Outer) | (256 - 256) + 256 65,792
Gated FFN (SwiGLU) Dense (Inner, Outer) | 2-[(256-682)+682]+(256-682)+ 525,396
256
Layer Normalization (x2) LN 2-(2-256) 1,024
Subtotal Per Layer 854,356
Total Transformer Stack (8 layers) 6,834,848
C. Output Head
Output Projection Dense | (256-20) +20 5,140
Subtotal (C) 5,140
TOTAL TRAINABLE PARAMETERS 6,894,556

Total memory footprint (model size + temporary memory):

e Model size:

Mweights = Protal X Sizerpsa
MWeights = 6,894,556 x 4 = 27,578,224 bytes ~ 27.5M B

e Temporary memory:*

e Total:

MOptimizer =2- MWeights ~2x27.5~55MB

MGradient ~ MWeights ~ 27.5MB

M activationn,.. = batch size X sequence length x model dimension X sizerpig
M activationp,.. = 256 X 192 x 256 x 2 ~ 2,51, 65,824 bytes ~ 25.1M B

M activation = Mactivationpae X |Activation|

Mactivation 2 25.1 X [1 +5 X |layers|] = 25.1 X [1+5 x 8] = 1029M B

MTotal = MWeights + MOptimizer + MGradient + MActivation
Mot = 1,139M B = 1.13GB ~ 1GB

FLOPS and training time calculation:
The following formula is derived from reference [30, 35, 42, 43]. Calculates floating-point operations in a
single training step containing a forward and a backward pass.

Where:

FLOPs/step =3 x2x L x Bx [2x S? x D+ 13 x S x D?]

e [ is the number of encoder layers,

4Temporary memory generated during forward pass remains in cache for the backpropagation and is cleared once training
completes. To be conservative, attention memory is computed using the maximum batch size and sequence length.
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B is the batch size,
e S is the sequence length,

e D is the model’s dimension,

x3 to get FLOPs for both forward and backward passes. A backward pass is considered to have x2
FLOPs of the forward pass,

e x2 MACGs to FLOPs conversion.
Find below the FLOPs/step computed for each (S, B) configuration- [(64,256), (128,128), (192, 64)].
FLOPs/step g4, 956) = 6 X 8 x 256 x [2 x 64% x 256 + 13 x 64 x 256%] ~ 0.69 TFLOPS

FLOPs/step jg5 195 = 6 X 8 x 128 x [2 x 128” x 256 + 13 x 128 x 256°] ~ 0.72 TFLOPS
FLOPs/step( gy g4) = 6 X 8 X 64 x [2 x 1922 x 256 + 13 x 192 x 256°] ~ 0.56 TFLOPS

Theoretically, NVIDIA P100 is documented to have ~ 9.5 TFLOPS; however, in practice, it varied
between 1.4 and 1.9 TFLOPS. For the time-per-step calculation, the middle value of 1.7 TFLOPS was used.

Time/step g4, 956y ~ 0.69€12/1.7e12 ~ 0.405 s
Time/step 195 108) &~ 0.72€12/1.7€12 ~ 0.423 s
Time/step gy g4y & 0.56€12/1.7e12 ~ 0.329 s

To estimate the total training time, the number of training steps per pre-training curriculum stage is
needed.

Steps(stage 1) = 2760, where 100% — (64, 256)
Steps(siage 2) = 2760, where 70% — (64, 256) and 30% — (128, 128)
Steps(stage 3) = 2944, where 50% — (64, 256), 30% — (128, 128) and 20% — (192, 64)

Epoch time gyage 1) = (2760 x 0.405)/60 ~ 18.63 mins

Epoch time gage 2) = [(2760 x 0.7 x 0.405) + (2760 x 0.3 x 0.423)] /60 ~ 18.87 mins

Epoch time gyage 3) = [(2760 x 0.5 x 0.405) + (2760 x 0.3 x 0.423) + (2944 x 0.2 x 0.329)]/60 ~ 18.38 mins
Planned on running each stage for 12 epochs (101,568 training steps). The following would be the

estimation of the total pre-training time:

Total pre-training time (101 568 steps) = [(12 X 18.63) + (12 x 18.87) + (12 x 18.38)]/60 ~ 11.2 hrs

9.5.5 Ablation study tables

The results given here consist of all conditions, of which three models were given in the main thesis. As
in the thesis, ablation studies were performed to identify optimal hyperparameter configurations and assess
their impact.
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Table 9.11: Smooth scenario category transitions against their NMABE,,; when using BILSTM ([sequences :
484,507; layers : 4]). ‘Support’ signifies the total number of instances summed up across all vehicle trajec-
tories. ‘Missed’ signifies the total number of instances where the model missed that particular transition for
that vehicle. “ scenario; — scenario; " signifies the pair which was difficult to identify and missed by almost

all LSTM/BIiLSTM configurations.

Smooth transitions present in the test | NMABE,,, | Support | Missed
set (7 out of possible 16 pairs.)

Cut-in in front of ego vehicle — Lead vehicle 0.72 9 7
cruising

Cut-out in front of ego vehicle — Ego vehicle _ 1 1
driving in lane without lead vehicle

Cut-out in front of ego vehicle — Lead vehi- _ 91 91
cle cruising

Ego performing lane change — Ego vehicle 0.15 2 0
driving in lane without lead vehicle

Ego vehicle driving in lane without lead ve- B 1 1
hicle — Lead vehicle accelerating

Ego vehicle driving in lane without lead vehi- 0.13 30 19
cle — Lead vehicle cruising

Ego vehicle driving in lane without lead ve- B 1 1
hicle — Lead vehicle decelerating

Table 9.12: Evaluating fine-tuned BERT50 784 steps (Signifies BERT pre-trained for 50,784 steps) with
different configurations while doing iterative hyperparameter optimisation. Kept base configuration of

seq_len = 192 and batch size = 32. The average, is calculated using the formula: w, giving
equal weightage to both F1 and AUPRC.
Model configuration AUPRC 1t F1 Score 1 Average 1

Model (90% masking+dropout (0.1)4+SwiGLU)

0.7896 + 0.0116

Model (30% masking) 0.4646 £+ 0.0091 | 0.1462 + 0.0064 0.3054
Model (90% masking) 0.5121 £ 0.0569 | 0.1461 + 0.0084 0.3291
Model (90% masking+dropout (0.1)) 0.7914 £0.0121 | 0.3519 £ 0.0405 0.5716

0.3775 £ 0.0196

0.5835

Metrics (1) indicate that higher values are better. BERT50,784 used for quicker initial comparison. The best overall
performance, as determined by the average score, was achieved by 90% masking, 0.1 dropout ratio, and SwiGLU as
activation function () The model with each configuration is run three times with different seed values to report
mean £ standard deviation. The coefficient of variation across all configurations and two evaluation metrics is less than 0.05,

suggesting model reliability.
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Table 9.13: Ablation Study: Impact of sequence length and batch size on fine-tuning performance for multi-
label classification. Study done on BERT101 568 steps While keeping LoRA rank = 4 and alpha = 4. The

composite score is calculated using the normalised formula:

F1+AUPRC+(1—Hamming loss)

3

Seq. length Batch size

AUPRC 1

F1 Score 1

Hamming loss | Composite Score 1

64

4
8
16
32

0.8315 £ 0.0068
0.8096 £ 0.0090
0.7725 £ 0.0115
0.7320 £ 0.0027

0.3969 £ 0.0088
0.3920 £ 0.0040
0.3504 £ 0.0252
0.3299 £ 0.0282

0.0711 £ 0.0006
0.0746 = 0.0010
0.0786 £ 0.0026
0.0826 £ 0.0026

0.7191
0.7090
0.6814
0.6598

128

4
8
16
32

0.8492 £ 0.0080
0.8309 £ 0.0069
0.8131 £ 0.0057
0.7731 £ 0.0156

0.4200 £ 0.0101
0.4025 £ 0.0130
0.3932 £ 0.0141
0.3666 £ 0.0066

0.0717 £ 0.0018
0.0724 £ 0.0020
0.0758 £+ 0.0039
0.0788 £+ 0.0029

0.7325
0.7203
0.7102
0.6869

192

4
8
16
32

0.8564 £ 0.0053
0.8501 £ 0.0029
0.8156 = 0.0115
0.7868 £ 0.0030

0.4356 £ 0.0091
0.4278 = 0.0089
0.3920 = 0.0182
0.3805 £ 0.0046

0.0678 £ 0.0017
0.0700 £ 0.0007
0.0710 £ 0.0008
0.0759 £ 0.0030

0.7359
0.7122
0.6971

Metrics (1) indicate that higher values are better and vice versa for (]). The best overall performance, as determined by the
composite score, was achieved by the configuration: seq len = 192 and batch size = 4 (), effectively balancing
high values of AUPRC and F1 against the low value of hamming loss. Apart from this, performance with batch _size =1 (not
included in the table) was also tested and found to perform poorly. The model with each configuration is run three times with
different seed values to report mean £ standard deviation. The coefficient of variation across all configurations and two
evaluation metrics is less than 0.05, suggesting model reliability.

Table 9.14: Ablation Study: Impact of LoRA rank and alpha on the best base configuration (seq len =
192 and batch _size = 4).

LoRA Rank LoRA Alpha

AUPRC

F1 Score 1

Hamming loss | Composite Score 1

1

0O OO =~ I =

16
16
32
32
64
64

0O CO = >

16

16

32

32

64

64
128

0.8512 £ 0.0043
0.8427 £+ 0.0127
0.8564 £ 0.0053
0.8505 £ 0.0068
0.8459 £ 0.0075
0.8440 £ 0.0031
0.8520 £ 0.0053
0.8420 £+ 0.0076
0.8469 £ 0.0009
0.8389 £ 0.0073
0.8398 £ 0.0068
0.8349 £ 0.0106

0.4224 + 0.0048
0.4165 £ 0.0111
0.4356 £ 0.0091
0.4249 £ 0.0127
0.4387 £ 0.0086
0.4207 £ 0.0043
0.4269 £ 0.0073
0.4381 £ 0.0092
0.4160 £ 0.0027
0.4223 £ 0.0227
0.4155 £ 0.0065
0.4124 £ 0.0167

0.0713 £ 0.0021
0.0713 £ 0.0034
0.0678 £ 0.0017
0.0709 £+ 0.0011
0.0724 £ 0.0003
0.0703 £ 0.0015
0.0689 4 0.0014
0.0687 £+ 0.0018
0.0713 £ 0.0027
0.0700 £ 0.0011
0.0682 £ 0.0004
0.0696 £ 0.0002

0.7341
0.7293
0.7348
0.7374
0.7315
0.7367
0.7371
0.7305
0.7304
0.7290
0.7259

The maximum composite score was achieved by the rank = 4 and alpha = 4 configuration (), indicating the best

trade-off between maximising AUPRC and F1 while minimising hamming loss. The model with each configuration is run three
times with different seed values to report mean + standard deviation. The coefficient of variation across all configurations and
two evaluation metrics is less than 0.05, suggesting model reliability.
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