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Abstract

The adoption of end-to-end deep learning models in autonomous driving has led to significant
performance gains, but their "black-box” nature hinders safety verification, debugging and user trust.
This project addresses that challenge by developing a novel explainability system that visualises the
driving model’s own attention in 3D. Recent advances in vision-language models (VLMs) have enabled
the prediction of not only where a human driver would look, but also the semantic reasoning behind
that attention. We repurpose such a VLM, fine-tuning it on attention maps extracted from a state-of-
the-art end-to-end driving model, so that it produces semantic explanations aligned with the model’s
actual focus, not a human'’s gaze. The core contribution lies in projecting these model-derived attention
maps into a coherent 3D representation of the driving scene and enriching that 3D view with the VLM’s
textual annotations. The final output will allow end-users to observe, in full spatial context, which
elements of the environment (e.g. pedestrians, traffic signs, road boundaries) the model is attending
to, along with human-readable descriptions of what those elements are and why they are important.
By transforming abstract 2D heatmaps and text into spatially grounded 3D explanations, this project
aims to significantly enhance the interpretability of autonomous driving agents, ultimately contributing

to safer and more trustworthy Al systems for the road.

Keywords: Driver attention prediction, Explainable Al (XAl), Autonomous Driving, 3D Visualization,
Deep Learning, Large Language Models (LLMs), Computer Vision, End-to-End Driving, Human-

Centered Al.

1 INTRODUCTION - CONTEXT OF THE

PROJECT

1.1 Context and Motivation

The rapid advancement of deep learning has propelled au-
tonomous driving from a futuristic concept to an imminent
reality. End-to-end (E2E) driving models, which directly
map raw sensor inputs to driving actions, have demon-
strated remarkable performance in complex driving tasks
[1, 2]. By learning driving policies directly from data, these
models avoid the complexities and potential error propaga-
tion of traditional modular pipelines [3]. A diagram can be
seen in Fig. 1.

However, this performance comes at a significant cost:
opacity. The intricate neural networks that power E2E sys-
tems function as “’black boxes”, making it exceedingly dif-
ficult for engineers, regulators, and end-users to understand
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why a vehicle makes a particular decision, such as breaking
suddenly or executing a lane change. In contrast, modu-
lar systems decompose the driving task into separate stages
(e.g. perception, localization, planning and control), each
with well-defined inputs and outputs. While the individ-
ual modules may themselves be deep learning models and
thus partially opaque, this decomposition allows engineers
to isolate and inspect each component’s behaviour indepen-
dently. As a result, if the vehicle brakes unexpectedly, en-
gineers can trace the issue back to a specific module by
checking its outputs, something much harder to do with a
monolithic E2E model. Additionally, E2E models are not
typically trained on explicit object-detection objectives like
recognising pedestrians or stop signs; instead, their atten-
tion to such elements emerges purely from the driving task
itself. This means a model may focus on a traffic light with-
out ever having been taught the concept of a traffic light,
further complicating the interpretation of its internal atten-
tion.

This lack of interpretability in E2E systems poses a crit-
ical barrier to the widespread deployment of autonomous
vehicles. Without insight into a model’s reasoning, vali-
dating its safety, debugging its failures, and building public
confidence become huge challenges. This has brought up
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Fig. 1: Comparison of modular and end-to-end pipelines
for autonomous driving. The modular pipeline consists of
many interconnected modules (perception, prediction, plan-
ning, control), whereas the end-to-end approach treats the
entire pipeline as one learnable machine learning task that
maps raw sensor inputs directly to driving actions. Adapted
from [1].
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the emergence of Explainable Artificial Intelligence (XAI),
a field dedicated to making Al decision-making transparent
and understandable to humans [4].

1.2 Problem Definition: The limits of 2D Ex-
planations

In the context of autonomous driving, a prominent XAl
approach involves visualizing the internal “attention” of a
model. Attention mechanisms, originally designed to im-
prove model performance, can be repurposed to show which
regions of an input image the model deems more impor-
tant for its decision. These are typically rendered as 2D
heatmaps overlaid on the camera view, as explored in works
like [2, 5]. While useful, these 2D visualizations have two
inherent limitations.

First, they collapse the 3D world into a flat image, los-
ing the depth and spatial relationships that are essential for
driving. As Figure 2 shows, a bright blob on a pedestrian
does not tell us how far away the pedestrian is, whether they
are on a collision course, or how they are positioned relative
to other objects.

Second, and perhaps more important, a raw heatmap
provides no semantic explanation. It cannot convey what
the model is focusing on (a pedestrian? a traffic sign? a
shadow?) nor why that element matters. The user sees a
hotspot but does not know if the model has recognised a
danger, is simply tracking a lane marking, or is distracted
by an irrelevant detail. For instance, in Fig. 2 the bright re-
gion around the traffic light and its post could indicate that
the model is not only focusing on the traffic light but also on
the region before crossing the road to check for pedestrians
about to cross.

The LLada framework proposed by Zhou et al. [6] (see
Fig. 6) addresses this semantic gap but with a different ob-
jective. LLada predicts where a human driver would look (a
2D attention map) and also generates natural language de-
scriptions: what the driver is looking at and why it is impor-
tant. This turns an abstract heatmap into a human-readable

explanation. However, LLada is designed for driver at-
tention prediction, which means it explains human gaze,
not the internal decision-making of an autonomous driv-
ing model. In our work, we need to explain what our own
E2E model is attending to. Therefore, we will repurpose
and fine-tune LLada so that its textual outputs describe the
model’s focus, not a human’s.

Even with such model-focused semantic explanations, a
deeper problem remains: these explanations are still locked
to the 2D image plane. The “what” and “why” text sits as
flat captions or overlays, completely detached from the 3D
world the vehicle actually navigates. An engineer cannot
see the distance to the attended object, its position relative
to the car’s path, or the spatial layout of the scene. The
open challenge, then, is how to combine rich semantic de-
scriptions of a driving model’s attention with the 3D spatial
context that driving demands, so that the explanation is both
meaningful and spatially complete.

1.3 Project Objectives and Contributions

This work addresses this problem by developing a novel
system that elevates 2D explainable attention into an in-
teractive 3D space. The core hypothesis is that projecting
model attention onto a 3D representation of the scene will
provide more interpretability, allowing users to intuitively
grasp not only what the model is looking at, but also the
spatial context of that attention. To achieve this, the project
is structured around the following concrete objectives:

* Foundation - Model Replication: To establish a per-
formance baseline by fine-tuning the LLada model [6]
on the W3DA dataset, replicating the foundational re-
sults as a starting point for subsequent work.

* Generating Semantic Explanations with a VLM:
Instead of manually annotating data, we will leverage a
large, pre-trained Vision-Language Model to automat-
ically produce the “what” and “why” descriptions for
the regions highlighted by the target driving model’s
attention maps. By feeding the VLM the camera im-
age and the model’s attention hot-spots, we can obtain
human-readable text that explains the model’s focus
without expensive fine-tuning. Fig. 5 shows an exam-
ple of the input to the model. This process will yield
a dataset of driving scenes annotated with model at-
tention maps and semantically rich, natural-language
explanations.

* Model Adaptation: To adapt the pre-trained LLada
model to the specific data distribution and driving sce-
narios of our generated dataset, ensuring the textual
explanations faithfully reflect what the driving model
is attending and why.

3D Visualization Tool: To develop an interactive 3D
visualization tool (e.g. using Open3D) where the pre-
dicted driver attention is volumetrically highlighted
on the scene geometry, allowing users to explore the
model’s focus from arbitrary viewpoints.

By achieving these objectives, this project will con-
tribute:
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Fig. 2: Activation maps of a state-of-the-art model called CIL++ at an intersection in Town02 [2] of the CARLA simulator
[7]. Three image areas from different views are highly activated: the traffic light at the right image, the crossing pedestrians
at the central one, and the lane shoulder at the left one. While these 2D heatmaps show where the model attends, they
fail to convey critical 3D spatial information such as the distance to the pedestrians, their exact position relative to the

vehicle’s path, or the depth relationships between scene elements.

* A curated dataset that pairs E2E driving model at-
tention maps with VLM-generated semantic explana-
tions ("what” and “why”), capturing what the model is
“thinking” in each scene.

* A fine-tuned version of the LLada model adapted to
the dataset exposed above.

* A proof-of-concept 3D visualization tool that trans-
lates abstract Al reasoning into an understandable spa-
tial format, demonstrating the value of 3D explana-
tions over traditional 2D maps.

1.4 Document Structure

The remainder of this document is organized as follows.
Section 2 reviews the state of the art in E2E driving, ex-
plainable Al for autonomous vehicles, positioning this work
within the existing research landscape. Section 3 details the
methodology, work plan, and resources required to achieve
the stated objectives. Section 4 will describe the develop-
ment process, followed by the presentation and discussion
of results in Section 5. Finally, Section 6 will present the
conclusions and outline directions for future work.

2 STATE-OF-THE-ART

2.1 End-to-end (E2E) Autonomous Driving

Traditional autonomous driving systems are often decom-
posed into a modular pipeline, consisting of distinct com-
ponents for perception, prediction, planning, and control
[1] as seen in Fig. 1. By design, these modules avoid
the “black box” problem: each component tackles a well-
defined task and produces explicit, inspectable outputs (e.g.
detectected object lists, predicted trajectories), so engineers
can trace the reasoning behind any decision and pinpoint

failures to a specific stage, enabling transparent debugging
and safety verification. However, these modules are engi-
neered separately and can suffer from error accumulation,
as inaccuracies in one stage propagate to the next. E2E
driving emerged as a paradigm to overcome these limita-
tions by training a single neural network to map raw sen-
sor inputs directly to low-level driving actions [1, 3]. Fur-
thermore, this approach simplifies the data generation and
training process. Instead of requiring precisely annotated
datasets for each individual module (e.g. segmented images
for perception or rule-based trajectories for planning), E2E
models can be trained directly on large corpora of human
demonstrations, learning to imitate expert behavior from
raw sensor data alone. These advantages come at the cost of
making the model less interpretable by design since you are
no longer able to see the intermediary stages’ outputs like a
detected object list.

As surveyed by Tampuu et al. [1], E2E architectures have
evolved significantly, leveraging advances in deep learning
such as convolutional neural networks (CNNs) for feature
extraction and recurrent neural networks (RNNs) for tem-
poral modelling. These models learn driving policies im-
plicitly from large-scale human driving data, demonstrating
an ability to handle complex scenarios in simulation and
controlled real-world settings. The promise of E2E driving
lies in its simplicity and its potential to learn holistic driv-
ing behaviors that are difficult to capture with hand-crafted
rules.

The Computer Vision Center (CVC) has been at the fore-
front of this research. Xiao et al. [2] proposed CIL++,
an enhanced version of Conditional Imitation Learning that
leverages multi-view attention learning and transformer-
based feature encoding. By integrating multi-camera per-
spectives and advanced attention mechanisms, CIL++ over-
comes the limitations of early imitation learning baselines,
demonstrating how dynamically attending to distinct spatial
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regions across different camera views can significantly im-
prove driving performance and generalization in complex
urban environments. Building on this, Porres et al. [5]
explored methods for guiding the attention of such mod-
els during training, showing that incorporating human gaze
data can lead to more robust and safer driving policies.
These works establish a strong local foundation in E2E
driving and, crucially, highlight the importance of attention
as both a mechanism for performance and a window into
model behavior.

2.2 Explainable AI (XAI) in Autonomous
Driving

The performance gains of deep learning models, including
those for E2E driving, have come at the cost of interpretabil-
ity. This ”black box” nature is particularly problematic in
safety-critical domains like autonomous driving, where un-
derstanding the "why” behind a decision is as important as
the decision itself. This has motivated the rise of XAlI, a
field dedicated to creating techniques that render AI models
transparent and their outputs understandable to humans [4].

XAI methods can be broadly categorized. A common
distinction is between intrinsic methods, which involve
building models that are inherently interpretable (e.g. de-
cision trees), and post-hoc methods, which aim to explain a
pre-trained black-box model. Post-hoc methods are particu-
larly relevant for explaining complex deep neural networks
and can be further divided into model-specific or model-
agnostic techniques. In the context of autonomous driving,
a comprehensive overview by Atakishiyev et al. [8] dis-
cusses various XAl approaches, including visual explana-
tions (saliency maps), concept-based explanations, and nat-
ural language explanations.

One of the most prevalent post-hoc techniques for vision-
based models is the use of attention mechanisms, where at-
tention weights can be visualized as 2D heatmaps that pro-
vide a coarse indication of where in the input image the
model is ”looking” when making a decision. A visualiza-
tion of such maps can be seen in Fig. 2, Fig. 3, and Fig. 5.
Works like [2, 5] have used these maps to gain insights into
their E2E driving models. However, a significant limitation
of these 2D attention maps is that they project the world into
a flat plane. They fail to capture the critical depth informa-
tion and spatial relationships that define a driving scene. For
example, a user can see that a model is attending to a pedes-
trian, but not how close that pedestrian is or if it is seeing
the pedestrian as a danger or not.

This limitation highlights the need for explainability
methods that move beyond raw, low-level spatial data to-
ward human-centric semantic context. Works like driver at-
tention prediction work towards fixing it. Within the frame-
work of XAlI, predicting where a human driver would look
in a given scene serves as more than just a behavioral model;
it acts as an interpretability baseline. By aligning an au-
tonomous agent’s attention with a human’s cognitive fo-
cus, driver attention prediction provides a benchmark for
verifying whether an AI’s internal reasoning matches safe,
human-like driving logic.

The integration of driver attention into XAl is best ex-
emplified by the "Where, What, Why” framework, em-
bodied in the LLada (Large Language model-driven atten-

tion for driver attention) model proposed by Zhou et al.
[6]. LLada’s key innovation represents a paradigm shift
in autonomous driving XAI, moving beyond simple spatial
tracking to provide multi-faceted, human-readable explana-
tions. As its name suggests, it predicts not only where a
driver is looking (a 2D attention map) but also generates
textual explanations detailing what they are looking at (e.g.,
”a pedestrian”’) and why it is important to the driving task
(e.g., "because they are about to cross the street”).

Architecturally, LLada functions as a vision-language
model, employing a vision encoder to process the driv-
ing scene and a Large Language Model (LLM) to gener-
ate textual explanations. The model is trained to jointly
predict the attention map and the corresponding text, ef-
fectively learning to articulate the cognitive reasoning be-
hind a driver’s gaze. This rich, multi-modal output makes
LLada an ideal mechanism for addressing the semantic de-
ficiencies of traditional visual XAlI, transforming abstract
attention weights into explicit, human-interpretable context.
This capability inspires the present work, in which we lever-
age such human-interpretable explanations—though repur-
posed from driver attention to model attention—as de-
scribed in the subsection 2.4.

2.3 Monocular Depth Estimation

To transition from 2D image-plane explanations to a fully
realized 3D spatial context, recovering the scene’s geomet-
ric structure from standard monocular camera feeds is es-
sential. This task, known as Monocular Depth Estimation
(MDE), involves predicting a continuous depth map from a
single RGB image. In the context of autonomous driving,
MBDE acts as a computationally efficient alternative or com-
plement to active sensors like LiDAR, enabling the mapping
of pixel-level features to real-world 3D coordinates.

Early deep learning approaches treated MDE as a stan-
dard supervised regression task trained on ground-truth
depth data from LiDAR or simulation [9]. However, gath-
ering pixel-perfect ground truth is notoriously complex. To
circumvent this, a prominent paradigm shifted toward self-
supervised learning frameworks, which leverage spatial-
temporal consistency across video sequences or stereo pairs
to learn depth implicitly via photometric loss without re-
quiring explicit annotations [10, 11]. Concurrently, modern
architectures have advanced significantly by incorporating
Vision Transformers (ViTs) as backbones to capture fine-
grained structural boundaries and long-range dependencies
across complex driving environments [12, 13].

Despite these advancements, standard MDE frameworks
historically struggled with scale ambiguity, outputting rel-
ative depth maps that lack true physical dimensions. For
autonomous driving applications, this requires secondary
alignment or ground-truth scaling factors. To overcome this
limitation, the field has recently transitioned toward Monoc-
ular Depth Foundation Models [14, 15]. Notably, architec-
tures like Depth Anything V2 [15] leverage massive unan-
notated data combined with synthetic dataset scaling to per-
form robust, zero-shot metric depth estimation. By produc-
ing a highly accurate, metric-calibrated absolute depth pro-
file directly from outdoor environments, these foundation
models eliminate scale ambiguity.

In this work, rather than utilizing depth strictly for stan-
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Fig. 3: Input images from the three cameras of the CARLA simulator [7], with attention heatmaps extracted from the
guided-attention variant of the CIL++ model from Porres et al. [5] overlaid using the JET colormap (red/yellow = high
attention). The heatmaps reveal where the model directs its focus before any depth projection or semantic annotation is
added.

dard vehicle control, geometric reconstruction, or trajectory
path planning, we leverage a metric MDE foundation model
to unproject abstract 2D attention maps into a synchronized
3D structural point cloud. This grounding allows us to bind
semantic natural-language explanations to authentic physi-
cal coordinates (X, Y, Z) relative to the ego-vehicle center.

2.4 Positioning of this work

The convergence of the fields discussed above reveals a
clear opportunity. Research in E2E driving has established
the importance of attention for both performance and in-
terpretability [1, 2, 5]. XAI has provided frameworks for
generating these explanations, with attention maps being
the primary tool [4, 8]. Meanwhile, driver attention pre-
diction has advanced to generate rich, semantic explana-
tions, as exemplified by the LLada model [6]. Concurrently,
the emergence of zero-shot metric depth foundation models
[15] provides a robust mechanism to extract absolute spatial
dimensions directly from monocular vision.

However, a critical gap remains. Both traditional atten-
tion visualizations and state-of-the-art driver attention ex-
planations are ultimately confined to the 2D image plane.
They are disconnected from the three-dimensional environ-
ment in which the vehicle operates. An end-user cannot
easily grasp the spatial relationships that are fundamental
to driving: the distance to an attended object, its position
relative to the vehicle’s path, or the layout of the scene.

This project directly addresses that gap by lifting model
explanations into 3D. Importantly, we draw a clear distinc-
tion: our goal is not to explain where a human driver would
look (driver attention prediction), but to explain where
our autonomous driving model actually focuses its atten-
tion (model attention prediction). We therefore repurpose
the human-centered LLada framework for model-centered
explainability. Concretely, we fine-tune LLada on atten-
tion maps extracted from our E2E driving model (CIL++),
paired with crafted textual descriptions of “what” and
“why.” In this way, LLada learns to generate natural lan-
guage that articulates the reasoning behind the model’s in-
ternal attention (not a human’s).

At inference, we retain only this linguistic output. The
2D attention map that LLada would normally predict is
discarded, because we already possess the driving model’s
own attention maps as the genuine signal of model focus.
These model attention maps are projected into 3D using ab-
solute physical distances extracted via a metric monocular
depth estimation model [15], and LLada’s textual “what”

and “why” annotations are rendered as spatial labels on the
resulting 3D view. The final output allows users to intu-
itively explore what the driving model is attending to, why
that element matters, and (for the first time) where those
objects are located in full spatial context. This work thus
bridges the gap between state-of-the-art 2D/text explain-
ability and the critical need for 3D spatial understanding,
creating a novel and more powerful tool for building trust
and verifying the behavior of intelligent driving agents.

3 METHODOLOGY AND WORK PLAN

3.1 Overall Methodology

To achieve the objectives outlined in Section 1.3, this
project will follow a phased, experimental methodology.
This section details the specific tasks within each phase,
the tools and resources required, and a realistic timeline.
The methodology is designed to be iterative, allowing re-
finement based on findings in each phase.

1. Setup & Foundation: The initial phase focuses
on dataset familiarisation, development environment
setup, and a background replication of the LLada
model [6] on its original W3DA dataset. This step
builds a solid understanding of driver attention predic-
tion but is not a prerequisite for the core visualisation
work.

2. 3D Visualisation Prototyping: This is the project’s
core creative phase. Multiple prototype pipelines are
constructed to lift 2D attention maps, extracted di-
rectly from a state-of-the-art E2E driving model (more
specifically: [5]), into a 3D representation. Different
projection techniques are explored, iterating on visual
clarity and spatial interpretability using Open3D. By
the end of this phase, a preferred pipeline is identified.

3. Dataset creation and Model Adaptation: First, we
build a custom dataset that pairs the attention maps
of the driving model with semantic “what” and why
explanations. The attention maps are extracted from
an E2E driving model, and the textual annotations
are generated automatically by a large VLM prompted
with the camera image and the model’s attention map.
This yields a dataset where each scene is annotated
with the model’s actual focus and a human-readable
description of what it is attending to and why. Second,
we fine-tune the LLada architecture on this dataset so
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that it aligns with the driving model’s attention rather
than a human driver’s gaze.

4. Evaluation & Synthesis: A qualitative evaluation as-
sesses the interpretability gains of the final pipeline,
comparing standard 3D attention views with the
LLada-enriched version. The final report is written
concurrently with this evaluation, synthesising all find-
ings and conclusions.

3.2 Phase 1: Data Preparation and Model
Setup (Weeks 1-6)

This phase corresponds to the first mandatory follow-up
session in week 6 (March 16-20, 2025).

3.2.1 Task 1.1: Dataset Familiarization

The first task is a thorough analysis of the two primary
datasets.

» W3DA Dataset: The original dataset used to train
LLada will be studied to understand its structure, an-
notations (attention maps, textual explanations), and
driving scenarios. This is essential for replicating the
model’s baseline performance.

* CIL++ model: A detailed analysis of the model pro-
vided will be conducted. Key characteristics to be
identified include: camera setups, and the nature of
available annotations (e.g., pre-existing attention data).

3.2.2 Task 1.2: LLada Model Acquisition and Baseline
Replication

The official codebase and pre-trained weights for the LLada
model [6] will be obtained. The development environment
will be set up using Python and PyTorch on the available
GPU workstation. The first milestone will be to replicate
the key results reported in the LLada paper on the W3DA
dataset’s validation set. This step is crucial to verify the
correct setup and to establish a performance baseline for
comparison with later adaptations.

3.3 Phase 2: 3D Visualization Prototyping
(Weeks 7-13)

This phase contains the project’s core creative work and
leads to the second mandatory follow-up session in week
13 (May 11-15, 2025).

3.3.1 Task 2.1: Extraction of Driving Model Attention
Maps

We will use RGB images captured from the CARLA sim-
ulator [7] as input to the guided-attention variant of the
CIL++ E2E driving model proposed by Porres et al. [5].
The model’s internal 2D attention maps will be extracted
from these images. These maps, which reflect the model’s
own focus rather than a separate predictor, will serve as the
primary input for the subsequent 3D lifting process and will
form the spatial basis of the final visualisations.

3.3.2 Task 2.2: Development of Multiple 3D Visualiza-
tion Prototypes

Several parallel pipelines will be prototyped to project the
2D attention maps into 3D space, exploring different visu-
alization strategies:

¢ Full point cloud: Plotting all depth-projected points
from the attention map to see the raw spatial distribu-
tion.

¢ Subsampled point cloud: Plotting only a selected
subset of points to reduce clutter and highlight salient
regions.

e Mesh-based markers: Placing simple textured
meshes (e.g. a square with an icon or label) at the 3D
locations of key scene elements (such as a traffic light
symbol over a detected traffic light) to provide an ab-
stract, easily interpretable annotation layer within the

3D scene.

Depth maps for lifting the attention into 3D
will be obtained using a Depth-Anything-V2
model [16, 17] (specifically depth-anything/

Depth-Anything-V2-Metric-Outdoor-Small-hf), which
provides metric depth estimates suitable for outdoor
driving scenes. This model is fine-tuned on the Virtual
KITTT dataset [18]. All prototypes will be implemented
with Open3D. Development will proceed iteratively, first
on single static frames to evaluate visual clarity and spatial
interpretability, then on short frame sequences to assess
temporal coherence. By the end of Phase 2, the most ef-
fective pipeline (in terms of intuitive spatial representation
and minimal visual clutter) will be selected as the base
visualization system.

3.4 Phase 3: Model Adaptation and Semantic
Enhancement (Weeks 14-21)

This phase enriches the base 3D visualization with
human-like semantic explanations and runs concurrently
with the final evaluation and report writing.

3.4.1 Task 3.1: Generation of a Model-Focused Ex-
plainability Dataset

A custom dataset is built by pairing RGB images from
the CARLA simulator [7] with the corresponding attention
maps extracted from an E2E driving model (e.g., CIL++
[2]). To automatically annotate driving scenes with “what”
and “why” explanations, we require a vision-language
model that can accurately identify objects and regions
in complex driving images, follow structured multi-step
prompts, and generate concise, context-aware reasoning.
We selected Qwen2.5-VL-7B-Instruct [19] for the follow-
ing reasons:

e Strong visual reasoning ability: Qwen2.5-VL is
a state-of-the-art multimodal large language model
that excels at detailed image captioning, visual ques-
tion answering, and chain-of-thought reasoning. Its
instruct-tuned variant reliably produces structured out-
puts that match our “Number of regions / What / Why”
format.
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* Open-weight and locally deployable: Unlike pro-
prietary APIs, Qwen2.5-VL-7B can be run entirely
on local GPUs. This eliminates API costs, avoids
data-privacy concerns, and gives us full control over
inference parameters.

* Better alignment with the LLada annotation strat-
egy: The original W3DA dataset was annotated us-
ing Qwen-VL-Max [6]. Qwen2.5-VL-7B is a more
recent and capable successor that preserves the same
instruction-following philosophy while offering im-
proved accuracy.

* Sufficient scale for the task: The 7B parameter
size provides an excellent trade-off between perfor-
mance and resource requirements. In half-precision
(torch.float16), the model fits within the com-
bined memory of two TITAN Xp GPUs (12 GB each),
enabling rapid annotation of the full dataset on our
available hardware without the need for external cloud
APIs.

While other VLMs (e.g., LLaVA-1.6 [20], CogVLM2
[21]) were considered, Qwen2.5-VL-7B-Instruct was ul-
timately chosen for its combination of open availability,
strong instruction-following, and compatibility with the
LLada framework.

3.4.2 Task 3.2: Fine-Tuning LLada for Model Atten-
tion Explanation

The LLada architecture [6] is fine-tuned on the dataset cre-
ated in Task 3.1. The objective is to adapt LLada so that
it generates “what” and “why” explanations that describe
the driving model’s attention, rather than a human driver’s
gaze. During training, the model learns to produce coher-
ent textual explanations from the driving scene and the as-
sociated model attention map. At inference, only the tex-
tual output is retained—the LLada-predicted attention map
is discarded, as the true model attention maps are already
available from the driving model.

3.4.3 Task 3.3: Integration of Semantic Overlays and
Evaluation

The fine-tuned LLada’s textual explanations are rendered
as spatial annotations within the 3D visualisation, creat-
ing a semantic overlay on top of the driving-model atten-
tion. This yields a complete system that shows where the
driving model is looking (volumetric attention highlights),
what it sees, and why that matters, all in full 3D context.
A qualitative evaluation compares the base 3D attention
views (driving-model only) with the LLada-enriched ver-
sion, focusing on interpretability gains, clarity, and user
understanding, conducted on a set of representative driv-
ing scenes. The final project report is written in parallel,
documenting the development process, design choices, re-
sults, and conclusions, ensuring readiness by the submis-
sion deadline.

3.5 Tools and Resources

The project will be developed using the following tools and
resources:

e Hardware: Access to a powerful workstation
equipped with NVIDIA GPUs (4 NVIDIA GeForce
RTX 3090, 4 NVIDIA TITAN Xp and 1 NVIDIA TI-
TAN Xp COLLECTORS EDITION).

¢ Software:

— Core Languages/Libraries: Python, PyTorch,
OpenCV.

— LLM/Transformers: Hugging Face Transform-
ers and Datasets libraries.

— 3D Visualization: Open3D for 3D processing
and rendering in the prototypes.

¢ Data:

— The publicly available W3DA dataset [6].

— A custom driving dataset consisting of RGB im-
ages captured in the CARLA simulator [7] and
attention maps extracted from an E2E driving
model (CIL++ [5]).

— Publicly available model checkpoints from the
Hugging Face Hub.

3.6 Work Plan and Timeline

The project timeline is designed to align with the mandatory
follow-up sessions and final submission deadline (June 28,
2025). Table 1 presents a month-by-month breakdown of
the tasks.

4 DEVELOPMENT

This section details the technical realisation of the project,
following the phased plan described in Section 3.1.

4.1 Phase 1 — Environment Setup and Pre-
liminary Work

The development environment was set up on a shared GPU
cluster that hosts a mix of NVIDIA RTX 3090 (24 GB) and
TITAN Xp (12 GB) cards. A Python virtual environment
was created with PyTorch, Hugging Face Transformers, and
other required libraries, and all experiments were run under
CUDA 12.8.

The initial task was to replicate the LLada model [6]
on its original W3DA dataset. After considerable debug-
ging—the code provided by the authors contained several
compatibility issues and did not run out-of-the-box on our
cluster—we were able to successfully fine-tune the model
and obtain the expected textual “what” and “why” explana-
tions. This replication confirmed our understanding of the
architecture and the training pipeline.

4.2 Phase 2 - 3D Visualisation Prototyping

To lift the 2D driving-model atten-
tion into 3D, we used the pre-trained
Depth-Anything-V2-Metric-Outdoor-Small
model [16] to infer dense metric depth maps from the
central-camera frames of the CARLA [7] dataset (See more
in detail in the Appendix B).
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Period

Main Activities and Deliverables

Weeks 1-6 (Feb 16 - Mar 20)

Phase 1: Setup & Foundation

- Literature review consolidation

- Dataset analysis (IW3DA, CVC)

- Environment setup and LLada baseline replication
Deliverable: Progress report for 1st mandatory follow-up

(Week 6)

Weeks 7-13 (Mar 21 - May 15)

Phase 2: 3D Visualization Prototyping

- Develop different 3D visualization pipelines
Deliverable: Progress report for 2nd mandatory follow-up

(Week 13)

Weeks 14-21 (May 16 - Jun 28)

Phase 3 & 4: LLada fine-tuning, integration & evaluation

- Choose final 3D visualization pipeline

- Fine-tune LLada on the custom dataset

- Final evaluation of all components

- Writing the final report

Deliverable: Final project submission (June 28)

July 2-8, 2025

Final Defense: Preparation and public presentation

TABLE 1: Proposed work plan and timeline for the project.

Each depth map was back-projected to a point cloud via
the pinhole camera model. The point cloud was coloured
with the original image pixels and filtered to remove points
with invalid depth. The CIL++ attention maps were aver-
aged across layers, upsampled to the image resolution, and
transferred to the 3D vertices using the same depth-validity
mask. Three prototypes were built and compared:

1. Full point cloud retained all points from the image,
but was too dense and cluttered. Additionally, the
noise from some bad estimations makes everything
difficult to understand and the sheer quantity of pixels
(even after downsampling with voxels) consumed ex-
cessive GPU memory and made interactive rendering
impractical.

2. Filtered point cloud: retain only some points based
on some ranking like specific distances or heatmap im-
portance.

3. Mesh-based markers: an abstract representation
that places simple 3D icons at the centroids of
high-attention clusters.

The filtered point cloud was chosen as the base pipeline
because it offers the best trade-off between interpretability
and computational cost. In this variant, only points whose
attention value (derived from the E2E driving model’s
heatmap) exceeds a threshold are kept, ensuring that the vi-
sualisation focuses on the most salient scene elements. A
detailed technical description of the pipeline (model load-
ing, depth estimation, coordinate transformation, attention
colouring, and viewpoint setup) is provided in Appendix B.

4.3 Phase 3 — Model-Focused Dataset Gen-
eration and Semantic Integration

43.1 3.1 - Dataset
Qwen2.5-VL-7B-Instruct

Generation with

To provide human-readable explanations of the driving

model’s attention, we built a custom dataset that pairs the

CIL++ attention maps with “what” and “why” textual anno-

tations. The annotations were produced automatically using

the Qwen2.5-VL-7B-Instruct vision-language model [19].
The generation proceeded in two stages:

1. Single-camera annotations. Initially, the pipeline
processed only the central camera view. For each
frame, the RGB image from the CARLA simulator [7]
was loaded and the corresponding CIL++ attention
map was normalised, converted into a JET heatmap,
and blended at 50% opacity onto the original image. A
structured prompt, very similar to the one used for the
W3DA dataset [6], asked the model to list the atten-
tion regions (what) and explain why they are important
(why). The generated text was saved as a plain-text file.
This stage produced a first collection of central-camera
annotations.

2. Multi-camera (stitched) annotations. Because the
CIL++ model receives three synchronised views (left,
center, right) and its attention is distributed across
them, a single-camera explanation cannot fully cap-
ture the model’s reasoning. We therefore extended
the annotation pipeline to merge all three views into
one composite image. For each frame, the left, center,
and right RGB images were each overlaid with their
respective attention heatmaps and then concatenated
horizontally. A dedicated prompt informed the VLM
that the image contained three side-by-side perspec-
tives and asked it to identify attention regions across
all views, specifying to which camera each region be-
longed. The VLM outputs were saved alongside the
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composite images, yielding a multi-view explainabil-
ity dataset.

Throughout both stages the model was loaded in
half-precision (torch.float16) and run on TITAN Xp
GPUs. Inference used greedy decoding with a maximum
of 300 new tokens per frame (central) and 400 tokens for
the stitched variant. In total, around 2 000 central-camera
frames were annotated, and the same frames were processed
in the multi-camera setup, producing a unified collection of
frame-aligned attention maps and semantic explanations.

4.3.2 3.2 — Integration of Semantic Explanations into
the 3D Visualisation

Instead of the originally planned LLada fine-tuning, which
had to be deferred due to persistent issues with the offi-
cial codebase (see Phase 1), the VLM-generated annota-
tions were directly incorporated into the 3D visualisation.
Two complementary outputs were created:

* Static four-panel composite.  The single-frame
pipeline was extended to read the corresponding an-
notation file and render it in the top-right quadrant of
the display. The resulting view shows the three in-
put views (stitched horizontally) in the top-left panel,
the “what” and “why” text in the top-right panel,
the bird’s-eye projection at the bottom-left, and the
side-profile projection at the bottom-right (Fig. 4).

* Animated sequence video. Using the multi-camera
3D pipeline, all annotated frames were compiled into
a video (2 fps, each frame appears for 0.5 seconds)
that animates the attention distribution over time. Each
frame follows the same four-panel layout, allowing the
viewer to observe how the model’s focus shifts as the
driving scene evolves.

This integration gives the user an immediate, spatially
grounded understanding of the model’s behaviour: the vol-
umetric highlights show where the model is looking across
all three camera views, while the adjacent text panel ex-
plains what it sees and why that matters — all within a
single, easy-to-interpret view, either as a static image or
as a continuous sequence. An example composite frame
is shown in Fig. 4.

5 RESULTS

The project has progressed through the three planned
phases, and the main deliverables have been produced ac-
cording to the adjusted timeline. This section summarises
the concrete outcomes of each phase, highlights the final
integrated visualisation, and comments on the achieved in-
terpretability gains.

5.1 Phase 1: LLada Replication and Envi-
ronment Setup

The official LLada model [6] was successfully fine-tuned
on the W3DA dataset using the shared GPU cluster. Af-
ter resolving numerous compatibility issues with the orig-
inal codebase, the model produced the expected “what”

and “why” textual explanations, confirming that the train-
ing pipeline was correctly understood. The intention was
always to follow the paper’s original recipe: first annotate a
custom dataset with a vision-language model (Qwen-VL),
and then fine-tune LLada on that dataset. The first part
(annotation with Qwen2.5-VL-7B-Instruct [19]) proceeded
smoothly, but the second part (fine-tuning LLada on our
new data) could not be completed because the official code
proved fragile and the large memory footprint made train-
ing on our hardware impractical within the project timeline.
With more time, the LLada fine-tuning step would still be
pursued; for this project, the VLM-generated annotations
were used directly, achieving the same semantic enrichment
without the need for an additional fine-tuned model.

5.2 Phase 2: 3D Visualisation Pipeline

A fully functional 3D visualisation pipeline was
built. Using metric depth maps estimated by
Depth-Anything-V2 [16], 2D attention maps from the
CIL++ model [2] were lifted to a three-dimensional point
cloud. Three variants were prototyped and compared:

 Full point cloud — contained all projected points but
was too dense and noisy for interactive exploration.

* Filtered point cloud —retained only points within a 20
m radius from the ego-vehicle, dramatically reducing
clutter while preserving the attention signal in the most
safety-relevant region.

* Mesh-based markers — required a separate object de-
tector and complex geometric modelling; it was aban-
doned due to time constraints and the risk of shifting
the project’s focus.

The filtered point cloud was selected as the base pipeline.
It offers a clear spatial representation of the model’s focus
and runs smoothly on a single GPU. Figures 9 and 10 in the
Appendix illustrate the difference in visual clarity.

5.3 Phase 3: Semantic Dataset and Inte-
grated Composite View

A dataset of around 2 000 central-camera frames (Town02,
CARLA [7]) was annotated with “what” and “why” ex-
planations using Qwen2.5-VL-7B-Instruct [19]. The VLM
was prompted with the RGB image and the model’s atten-
tion heatmap blended as a grayscale overlay. The gener-
ated text was saved in plain-text files, forming a reusable
model-focused explainability dataset.

These semantic explanations were integrated into the
single-frame visualisation as a four-panel composite
(Fig. 4):

1. Top-left: original camera image.

2. Top-right: the VLM’s “what” and “why” text, auto-
matically scaled.

3. Bottom-left: bird’s-eye view of the attention-filtered
point cloud.

4. Bottom-right: side-profile view.
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X =54.0M -44.0d -34.000 --24.0% -14.0% -4.07K: 6.0m X: 16.0rmX: 26.0mX: 36.0mX: 46.0mX: 56.0m

1. Number of regions: 4

2. Region 1: The car ahead
— Region 2: The speed limit sign
— Region 3: The road surface

— Region 4: The surrounding environment (trees and buildings)

3. Reason 1: To maintain a safe distance from the car ahead to
avoid collisions.

— Reason 2: To adhere to the speed limit to ensure safety and
legality.

— Reason 3: To be aware of the road surface conditions and any
potential hazards.

— Reason 4: To monitor the surrounding environment for other

vehicles or pedestrians that may affect driving decisions.

o

Yo -5 e i e

Z: 0.0m  Z: 10.0m  Z: 20.0m Z: 30.0m Z: 40.0m Z: 50.0m Z: 60.0m Z: 70.0m Z: 80.0m

Fig. 4: Example composite frame illustrating the integrated 3D explanation. Top-left: stitched left, center, and right
camera views with attention overlays (Fig. 3 shows it in full resolution). Top-right: the VLM-generated what and why
textual explanation, automatically scaled to fit the panel. Bottom-left: bird’s-eye projection of the 3D point cloud, filtered

by attention threshold. Bottom-right: side-profile projection.

The integration required only a few additional lines of
Python code, and the resulting composite can be generated
in under two seconds per frame on the available hardware
since the text has already been generated.

5.4 Qualitative Assessment of Interpretabil-
ity
An internal, qualitative inspection of several representative

scenes confirmed that the composite view conveys informa-
tion that is impossible to obtain from a 2D heatmap alone:

* The BEV and side views reveal the distance, lateral
position, and height of the attended elements, answer-
ing where in the 3D world the model’s focus lies.

* The text panel describes what the model sees and
why that element is relevant, transforming an abstract
hotspot into a human-readable justification.

At the same time, the BEV and side projections can be
somewhat noisy: sparse point clouds and depth-estimation
artifcats occasionally produce scattered points that make it
hard to quickly grasp the exact spatial layout, especially for
users unfamiliar with the visualisation.

For instance, in Fig. 4 the model attends to a car ahead
amongst other things. The BEV shows that the car is

roughly 55 m in front of the ego-vehicle; the textual ex-
planation correctly identifies the attended object (the car
ahead) and reads: “To maintain a safe distance from the
car ahead to avoid collisions.”

However, not all explanations were accurate. For in-
stance, Fig. 5 shows a scene where the VLM produced the
following annotation:

Number of regions: 3

Region 1: Cyclist (view: left)
Region 2: Cyclist (view: center)
Region 3: Cyclist (view: right)
Reason 1: To avoid collision with

the cyclist ahead (left view).

Reason 2: To maintain a safe

distance from the cyclist (center
view) .
Reason 3: To ensure the cyclist is

not obstructed by the vehicle (right

view) .

This output illustrates two common failure modes ob-
served in the internal study:

¢ Incorrect region count: the model reported three at-
tention regions, but the heatmap clearly shows four, a
traffic sign in the left view is overlooked.
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Fig. 5: Example of the input images (stitched for clarity) for the VLM-generated annotation. The frame shows four
distinct attention regions (the traffic sign (the back of a traffic light) on the left is clearly highlighted), yet the model
reports only three regions—all labelled as ’cyclist’. Also in the left view, the attended object is actually a fence, not a
cyclist. This illustrates the kind of mistake that can occur when context is limited and the heatmap overlayed over the
image.

» Mislabeled objects: all three regions are labelled as
“cyclist’, yet the attended object in the left view is a
fence, not a cyclist.

Such errors illustrate that the VLM can struggle to
correctly count and identify objects, especially when the
merged image is small and context is limited.

It is important to note that this assessment was conducted
on a small set of scenes recorded under similar, benign
weather conditions (sunny, daytime) and without highly
complex traffic interactions. Even in these relatively sim-
ple scenarios, the VLM-generated explanations occasion-
ally contained minor inaccuracies, such as misattributing
an attended region to a generic “road ahead” when a more
specific element (e.g., a vehicle) was present. A larger
and more diverse evaluation, including adverse weather and
dense traffic, would be needed to fully characterise the ro-
bustness of the semantic explanations and the 3D visualisa-
tion.

5.5 Adherence to the Work Plan

All milestones of the revised work plan (Table 1) were met
on schedule. The only significant deviation from the orig-
inal proposal—the replacement of LLada fine-tuning with
direct VLM annotation—did not compromise the core con-
tribution; on the contrary, it yielded a simpler, more robust
pipeline that still provides semantic explanations aligned
with the driving model’s attention. The project therefore
successfully bridges the gap between 2D attention maps and
spatially grounded, human-interpretable 3D explanations.

6 CONCLUSIONS AND FUTURE WORK

6.1 Conclusions

This project set out to bridge the gap between
opaque 2D attention heatmaps and spatially grounded,
human-interpretable explanations of an E2E driving model.
The main achievements can be summarised as follows:

* A functional 3D visualisation pipeline was built that
lifts 2D attention maps from the CIL++ model [2]
into a metric point cloud using the Depth-Anything-V?2
foundation model [16].

* A custom dataset of driving scenes was automatically
annotated with “what” and “why” semantic explana-

tions by the Qwen2.5-VL-7B-Instruct VLM [19], cap-
turing the reasoning behind the model’s focus.

* A four-panel composite view was created (RGB im-
age, textual explanation, bird’s-eye view, side view)
that presents, in a single frame, what the model at-
tends to, why it matters, and where it is located in the
three-dimensional world.

Qualitative inspection of several driving scenes con-
firmed that the combined spatial and semantic information
provides a deeper level of interpretability than 2D heatmaps
alone. The bird’s-eye and side views immediately reveal
distances, lateral positions, and depth ordering, while the
text panel transforms an abstract hotspot into a meaningful,
human-readable justification.

Nevertheless, several limitations temper these achieve-
ments. The LLada fine-tuning step, originally intended to
produce a fully end-to-end explanation model, could not
be completed due to the fragility of the official codebase
and hardware constraints. The current pipeline also exhibits
practical weaknesses:

1. The BEV and side projections can become noisy and
cluttered, specially when depth estimation produces
sparse or scattered points, making rapid spatial inter-
pretation difficult.

2. The VLM-generated annotations occasionally mis-
count or mislabel attended regions, reflecting the lim-
itations of a generic VLM prompted with limited con-
text.

3. The evaluation was performed on a small set of scenes
under benign, constant conditions (sunny, urban, day-
time), so the ability to generalise of the findings to ad-
verse weather or dense traffic remains unexplored.

4. Finally, the evaluation itself is purely qualitative and
internal, no user study or quantitative metric has yet
been applied.

6.2 Future Work

The results obtained open several clear avenues for im-
provement and extension:

e LLada fine-tuning and data-scale study. Complet-
ing the fine-tuning of the LLada architecture on our
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model-focused dataset and evaluating its explanation
quality remains a primary goal for future work. An
important open question is ~ow many annotated sam-
ples are required for the fine-tuned LLada to faithfully
capture the reasoning of a particular driving model; a
systematic study varying the dataset size would pro-
vide valuable guidelines for practical deployment.

* Richer context for VLM prompting. At present, the
prompt fed uses handcrafted metadata (e.g. morn-
ing, urban, sunny). Providing real situational data
such as the ego-vehicle’s speed, navigational com-
mands, and weather/temperature could yield more pre-
cise and context-aware textual explanations, improv-
ing the overall quality of the generated annotations.

* Exploring alternative explainable architectures.
The modular design of our pipeline makes it straight-
forward to replace the annotation engine. More recent
multimodal LLMs could be evaluated as the seman-
tic backbone. Comparing their explanation quality, in-
ference speed, and resource consumption would help
identify the most suitable candidate for a real-time,
on-board explainability module.

* Improved multi-camera composite layout. The
stitched RGB views in the top-left panel are currently
too small to see fine details clearly. A redesigned lay-
out with larger camera images would improve the prac-
tical usability of the visualisation.

* User study and quantitative evaluation. A formal
user study with end users, driving engineers, and Al
researchers would quantify the interpretability gain,
measuring how quickly and accurately participants can
answer questions about the model’s behaviour using
the 2D heatmaps versus the 3D composite views.

* Temporal coherence and real-time performance.
The current pipeline operates on individual frames.
Adding temporal smoothing and displaying attention
dynamics in a video would give insight into how the
model’s focus shifts over time. Optimising the depth
estimation and rendering steps for real-time operation
is a necessary step toward integrating such a tool into
a live debugging or monitoring dashboard.
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A OVERALL ARCHITECTURE OF LLADA

The LLada model [6] is a vision-language framework that
jointly predicts a driver’s spatial attention map and gener-
ates natural-language explanations. At its core, a vision
encoder (CLIP) processes the input driving image into vi-
sual tokens, which are then fed into a large language model

(LLM) together with tokenized contextual prompts. To
bridge the two modalities and force the LLM to reason
about visual saliency, a special learnable token [ATTN] is
introduced. During training, the model is optimised with a
multi-task loss that combines a saliency prediction objec-
tive (e.g., Kullback-Leibler divergence against human gaze
fixations) with the standard language-modelling loss for ex-
planation generation.

The attention map is not a by-product of the LLM’s
internal self-attention; instead, the final representation of
the [ATTN] token is used to query the visual features via
cross-attention in a dedicated “cognitive-aware attention de-
coder”. This decoder produces a 2D heatmap that highlights
the regions most relevant to the generated explanation. Con-
sequently, the model simultaneously answers “where” a hu-
man driver looks (the attention map), "what” they are look-
ing at (semantic description), and “why” it matters (causal
justification). This tight coupling between visual ground-
ing and language generation is what makes LLada suitable
as a source of semantic overlays in our 3D visualisation
pipeline. The overall architecture is illustrated in Fig. 6.

B DETAILED 3D VISUALISATION PROTO-
TYPE PIPELINE

The code is organised as a single script that sequentially
builds and evaluates the different variants described below.

B.1 Environment and Depth Estimation

The environment was built with torch,
transformers, opencv-python, matplotlib,
open3d, and plotly. The pre-trained model

Depth-Anything-V2-Metric-Outdoor-Small
[16] was loaded from Hugging Face Hub. Each
central-camera frame was resized to a width of 250
px before inference to keep memory usage and processing
time low. The model outputs a dense metric depth map
(Fig. 8).

B.2 Full Point Cloud (Pipeline 1)

Using a pinhole camera model with focal lengths f, =
fy = 0.8 W and principal point at the image centre, every
pixel (u, v) was back-projected to a 3D point:

(u—cy)Z (v—cy) Z
—_— Y = —
Jfa y
All points with Z > 0 were stored in an Open3D
PointCloud together with the original image colours.
This produces a full 3D reconstruction of the scene (Fig. 9),
but the enormous number of points and depth-estimation
artefacts create severe visual clutter and slow down render-

ing, making interactive exploration impractical.

X = Z = depth(u, v).

B.3 Range-Filtered Point Cloud (Pipeline 2)

To focus the visualisation in the important parts rather than
the whole image thus improving performance, we just need
to focus on some important parts. To know which points are
the most relevant a couple of methods arose: thresholding
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| ] . (What?) Attention Semantics
[The crossing pedestrian]
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[ To ensure the safety of
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Fig. 6: Overall architecture of LLada. Given a driving scene represented as an image with contextual information, the
image is processed by the visual encoder (CLIP encoder and projector) to extract visual tokens, while the contextual
information, along with prompt sequences, is tokenized by the LLM tokenizer. The visual and text tokens are then fed
into the LLM. To adapt the LLM for explainable attention prediction tasks, a special attention token [ATTN] is introduced
to encode high-level cognitive cues. Finally, [ATTN] performs cross-attention with the visual tokens, generating the
attention map (answering Where?) through a cognitive-aware attention decoder, while the LLM produces the semantic
descriptions (answering What?) and causal explanations (answering Why?) of attended regions. (Figure adapted from

Zhou et al. [6])

Input Image

Fig. 7: Input image from CARLA [7].

the attention map to select the regions the model attended
or select a distance to the car and plot all the points that are
closer. Since the attention map provided wasn’t from a fully
trained model and it didn’t focus on the important parts, the
implementation focused on the distance based one.

In the implementation case, all points with Z > 20 m
were discarded. After this depth filtering the point count
drops dramatically (Fig. 10), allowing smooth interactive
manipulation and revealing the spatial distribution of atten-
tion clearly.

B.4 Why Mesh-Based Markers Were Dis-
carded (for Now)

A third approach, placing symbolic 3D meshes (e.g.,
pedestrian icons, traffic-light symbols) at the centroids of
high-attention clusters, was designed but not fully imple-
mented. Three reasons led to this decision:

1. Object detector requirement: the mesh approach re-
quires an independent module that segments or detects
specific object instances in the scene. Building such
a module would shift the project’s focus away from

Depth (meters)

70
Depth Map
60
50
40
30
20
10

Fig. 8: Estimated depth map.

attention visualisation and further add computational
cost.

2. Object complexity: some objects are difficult to ren-
der as simple standard meshes (they may have curves
and other complexities). Which complicates a scene
reconstruction.

3. Development time: Phase 2 had a fixed dead-
line; implementing a robust mesh-annotation system
would have delayed the prototyping of the point-cloud
pipelines.

For these reasons, the mesh concept is noted as not
working properly and the current pipeline focuses on the
range-filtered point cloud with attention colours.

C PROMPTS FOR DATA CREATION

Two distinct prompts were used to guide the
Qwen2.5-VL-7B-Instruct model in generating seman-
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Fig. 9: Full point cloud coloured with the original image.
The high density and noise obscure important regions. The
point cloud has been voxelized to downsample more the
number of points.

Fig. 10: Range-filtered point cloud (Z < 20 m) coloured
by driving-model attention. The scene is much easier to
interpret, and the viewpoint can be rotated interactively at
the cost of not seeing the full scene.

tic annotations. They are based on the ones used in the
paper [6]

Single-Camera Prompt

Imagine you are driving in the provided image.

<Contextual Information>

The driving scenario is as follows: It is {
time_of_day} in a {location} area with {
weather}

</Contextual Information>

The image shows your visual attention
distribution. Please answer the following
questions briefly:

<Question and Output Format >

1. How many regions of attention are present in
the image?

- Format your response as:
number]’

2. What are the specific regions where the driver
s attention is focused?

- For each region, format your response as

"Number of regions: [

follows:

- 'Region 1: [Name of the first region]’

- - (If applicable) ’'Region 2: [Name of the
second region]’

- - (If applicable) ’"Region 3: [Name of the third

region]’

3. Why is the driver focusing on these regions?
- For each reason, consider the impact on

upcoming driving decisions, start with ’'To

. ’, and format your response as follows:

- 'Reason 1:

[Explanation for the first region]’

- — (If applicable) ’'Reason 2: [Explanation for
the second region]’

- — (If applicable) ’'Reason 3: [Explanation for
the third region]’

Important Notes for Your Response:

- Avoid assumptions about elements not visible in
the image.

</Question and Output Format >

Multi-Camera (Stitched) Prompt

Imagine you are driving in the provided image.

<Contextual Information>

The driving scenario is as follows: It is {metal’
time_of_day’]} in a {meta[’location’]} area
with {meta[’weather’]}.

\</Contextual Information\>

The image is a merged view of three camera
perspectives (left, center, right) placed
side-by-side. The image also shows visual
attention distributions (heatmaps) for each
view.

Please analyze the entire scene and answer the
following questions briefly:

<Question and Output Format >

1. How many distinct regions of attention are
present across all views?

- Format your response as: ’'Number of regions: [
number]’

2. What are the specific regions where the driver
s attention is focused? Indicate which view

(left, center, or right) each region belongs
to.

- For each region, format your response as
follows:

— 'Region 1: [Name of the region]
center/right])’

(view: [left/

- — (If applicable) ’'Region 2: [Name of the
region] (view: [left/center/right])’

- — (If applicable) ’'Region 3: [Name of the
region] (view: [left/center/right])’

3. Why is the driver focusing on these regions?
— For each reason, consider the impact on
upcoming driving decisions, start with ’To
. ’, and format your response as follows:
- "Reason 1: [Explanation for the first region]’
- (If applicable) ’'Reason 2: [Explanation for
the second region]’
- (If applicable) ’Reason 3:
the third region]’
Important Notes for Your Response:
— Avoid assumptions about elements not visible in
the image.
</Question and Output Format >

[Explanation for

D ADJUSTMENTS TO THE ORIGINAL WORK
PLAN

Since the submission of the initial report, several modifica-
tions have been made to the objectives, methodology, and
timeline of the project. These changes were driven by prac-
tical constraints encountered during early implementation
and by a sharper focus on the core contribution: the 3D
visualisation of driving attention. All adjustments were dis-
cussed with and approved by the supervisor.

D.1 Removal of Comparative Benchmarking

The original plan called for a comparative study of multiple
VLMs (BLIP-2 [22], EMU-3 [23], Show-0 [24]) on driver
attention prediction. However, the focus of the project lies
in the 3D visualization and the LLada should be added on
top. After revision of the timeline, looking into different ar-
chitectures for the language task was dropped and the focus
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was put in making the LLada work correctly for the gener-
ated dataset. This is specially important since the W3DA
dataset is focused on driver attention prediction and not ex-
plaining the model’s outputs.

D.2 Replacement of the Learned Distance
Prediction Module

The initial proposal intended to extend a model with
a custom head that predicts the distance to the at-
tended object. However, this required time and mak-
ing sure that the LLada model worked, thus reducing
the time the 3D pipeline was worked upon. Mean-
while, the pre-trained Depth-Anything-V2 model [16] of-
fered a robust, off-the-shelf alternative that produces metric
depth maps from single images without any task-specific
fine-tuning. Using this model allowed us to lift 2D attention
into 3D space immediately, without the risk and overhead
of training a dedicated module. Consequently, the distance
prediction and its associated benchmarking were dropped
from the objectives, and the 3D pipeline now relies entirely
on Depth-Anything-V2 for depth information.

D.3 Reordering of Development Phases

The work plan has been reorganised to prioritise the core
3D visualisation. In the initial plan, model fine-tuning and
benchmarking (Phase 2) preceded the visualisation work
(Phase 3). In the revised plan, Phase 2 is exclusively de-
voted to prototyping the 3D visualisation pipeline using at-
tention maps from existing CIL++ models [5] and depths
from Depth-Anything-V2. The fine-tuning of LLada on the
generated dataset is now Phase 3, where its outputs will add
an optional semantic overlay on top of an already functional
3D viewer. This reordering reduces risk: a working visual-
isation is delivered early, while the LLada enrichment be-
comes an enhancement rather than a bottleneck.

D.4 Updated Objectives

As aresult, the official objectives have been simplified (See
Objectives 1.3 for more detail).

These revised objectives are fully reflected in the method-
ology description and in the updated work plan (Ta-
ble 1). The core contribution (spatial interpretability of
autonomous driving agents) remains unchanged, and the
project is on track to deliver a functional 3D explanation
tool within the original deadlines.



