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Abstract. This chapter explores the integration of Light Detection and Ranging
(LiDAR) data with multimodal systems such as Visual Question Answering
(VQA) to enable robust contextual understanding. The chapter begins with an
overview of VQA, including its architecture, various modeling approaches, and
practical applications. The chapter then introduces LiDAR data, particularly
point clouds, and highlights how this 3D information enhances traditional visual
input in machine learning tasks. Special attention is given to recent efforts in
combining point cloud data with VQA, examining relevant datasets, deep
learning models, and fusion techniques. The chapter concludes by outlining
current limitations and future directions for advancing LiDAR-based multimodal
understanding in VQA.
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1 Introduction to Visual Question Answering (VQA)

Recent progress in deep learning algorithms has accelerated research in both
computer vision (CV) and natural language processing (NLP), along with their
combined use in multimodal applications such as Visual Question Answering
(VQA). VQA is a field that integrates computer vision and NLP to answer
questions about visual content [1]. In VQA systems, computer vision handles
the analysis and interpretation of images, while NLP helps to understand and
process the associated text or question. Related tasks to VQA in the multimodal
domain include image and video captioning [2], as well as retrieval [3]. VQA offers
a wide range of real-world applications, such as virtual assistants that help blind
users interact with their surroundings [4], chatbots that handle both visual and
textual data [5], and even applications in the medical field [6].

In a typical VQA system, the model takes an image and a question as in-
put, and the algorithm predicts an answer in the form of a word or short phrase.
There are also variations where answers are provided in binary formats (yes/no),
multiple-choice options, or fill-in-the-blank formats. The concept of VQA draws
inspiration from Textual Question Answering (TQA), but extends it to handle
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complex visual information. VQA is more challenging than related tasks like re-
trieval or captioning because it requires reasoning and domain-specific knowledge
to answer complex questions.

Chapter Scope and Objectives This chapter aims to provide a compre-
hensive understanding of VQA, its frameworks, and architecture, along with its
adaptation to Lidar data, with an emphasis on the integration of Lidar data
with multimodalities.

— This chapter provides a structured overview of Visual Question Answering
(VQA), covering the foundational frameworks and a variety of model archi-
tectures including attention-based methods, reasoning-based models, exter-
nal knowledge integration, bias mitigation strategies, and recent advances
in Vision-Language Models (VLMs). It also highlights the strengths and
limitations of each approach in addressing complex real-world queries.

— The chapter provides a detailed overview of LiDAR technology with a focus
on the nature of the data it produces—primarily 3D point clouds. It discusses
how this data captures geometric and spatial information of the surrounding
environment and how it is used in deep learning applications such as 3D
object detection, semantic segmentation, and scene understanding within
the context of computer vision and multimodal learning.

— A central focus of the chapter is on the intersection of LIDAR data and VQA.
It discusses recent efforts in extending VQA to 3D environments through
the use of point clouds, and examines benchmark datasets and models that
facilitate this task. The chapter emphasizes the importance of multimodal
fusion techniques and concludes with future research directions that include
integrating LiDAR with large vision-language models for improved general-
ization and real-world application.

2 Overview of VQA: Framework, Architectures, and
Applications

2.1 Framework of VQA Traditionally, in a general Visual Question An-
swering (VQA) framework, the system takes an input image and a question,
then predicts the answer by reasoning over the visual and textual inputs. This
process typically follows a sequence of steps: extracting features from both the
image and the text, fusing these features, and finally predicting the answer. In
contrast, current state-of-the-art Vision-Language Models (VLMs) streamline
the entire pipeline by performing feature extraction, fusion, and classification
within an end-to-end unified architecture.

In Visual Question Answering (VQA), various deep learning models have
been employed for visual feature extraction. These networks are typically de-
signed for specific tasks such as image classification or object detection and are
trained on large-scale datasets. For instance, the ImageNet [7] dataset is com-
monly used for image classification, while COCO [8] and PASCAL VOC [9]
datasets are widely used for object detection.
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Visual features can be extracted either from the entire image or from local re-
gions identified by object detection algorithms. Examples of classification-based
architectures include VGG [10], ResNet [11], GoogLeNet [12], and Vision Trans-
formers [13]. For object detection, models like Faster R-CNN [14] are commonly
used.

There are various approaches to encode the textual data used in Visual Ques-
tion Answering (VQA). The simplest method is one-hot encoding, where each
word in the question is converted into a vector representation known as an
embedding. Farly VQA architectures also utilized basic methods such as Bag-
of-Words and Skip-gram models [15].

To capture the sequential nature of textual input, more advanced architec-
tures like Long Short-Term Memory (LSTM) [16] and Gated Recurrent Units
(GRU) [17] were introduced. LSTM networks include input, forget, and output
gates, while GRUs consist of update and reset gates.

In more recent developments, Bidirectional Encoder Representations from
Transformers (BERT) [18], which is composed of several transformer encoder
layers, has been widely adopted in VQA systems. Unlike the standard Trans-
former [19] architecture that includes both encoder and decoder components,
BERT uses only the encoder. Most recent VQA architectures have also utilized
large language models (LLMs) for text processing.

After extracting visual and textual features in a Visual Question Answering
(VQA) system, the next critical phase is feature enhancement. This stage focuses
on refining and enriching the extracted features by capturing more meaningful
representations within each modality (intra-modality enhancement) and estab-
lishing stronger associations between the two modalities (inter-modality align-
ment). Feature enhancement may also involve integrating external knowledge
to supplement reasoning, removing language biases to ensure fair and accurate
predictions, and employing compositional modeling to support multi-step and
logical reasoning across complex queries. Techniques such as attention mecha-
nisms, graph neural networks, and multimodal transformers are commonly used
in this phase.

Following feature enhancement, the next step is feature fusion or concatena-
tion, where the refined visual and textual features are combined into a unified
representation. This joint representation is then used for reasoning and answer
prediction. The simplest methods used by VQA architectures for feature fusion
involve basic operations such as vector concatenation, element-wise addition,
and element-wise multiplication between the visual and textual features. While
these approaches are straightforward and computationally efficient, they may
not fully capture the complex interactions between modalities.

To address this, neural network-based techniques, such as Convolutional Neu-
ral Networks (CNNs) and Long Short-Term Memory (LSTM) networks, have
also been employed for feature fusion in VQA. These models allow for more
expressive and learnable fusion mechanisms.

In addition, bilinear modeling has gained attention as a powerful technique
for feature fusion. This method computes the outer product of visual and textual
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features to capture all possible pairwise interactions between elements from both
modalities. Although bilinear fusion provides a rich joint representation, it comes
with a significant drawback: it is computationally intensive and demands sub-
stantial resources, especially when dealing with high-dimensional visual regions
and long textual inputs. In recent VQA architectures, transformer-based models
have been widely adopted in Vision-Language Models (VLMs) to effectively fuse
multimodal features within a unified attention-driven framework.

2.2 Different Architectures for VQA Over the years, a variety of architec-
tures have been proposed for Visual Question Answering (VQA), each designed
to address specific challenges such as visual grounding, contextual understand-
ing, and reasoning. These architectures differ in how they extract, represent, and
fuse visual and textual features, as well as how they handle complex queries.
Broadly, they can be categorized into the following types:

Attention-Based Models The attention mechanism was first introduced by
Bahdanau et al. [20] in the context of neural machine translation to allow mod-
els to dynamically focus on relevant parts of the input sequence. This concept
was later extended to computer vision tasks such as image captioning, where at-
tention helped models selectively focus on important regions of the image while
generating descriptive captions.

Inspired by its success, attention mechanisms were adopted in Visual Ques-
tion Answering (VQA) to align visual features with the question context. Early
VQA models used question-guided attention to identify relevant image regions
based on the question and image-guided attention to focus on textual segments
relevant to the visual input [21]. This bidirectional alignment evolved into co-
attention mechanisms, such as hierarchical co-attention [22], which applied at-
tention at multiple levels (word, phrase, and sentence) to enhance multi-granular
reasoning.

Further advancements led to the use of stacked attention networks [23], where
attention was applied repeatedly to refine focus, commonly referred to as single-
hop (a single pass of attention) and multi-hop attention (multiple iterations to
refine reasoning). These architectures allowed for more complex inference by
progressively narrowing down relevant regions and words.

The bottom-up and top-down attention [24] approach became popular in
later models. Here, object-level features (bottom-up) are extracted using object
detectors, and attention is applied top-down, guided by the question to focus on
semantically meaningful regions.

More recently, attention mechanisms have been transformed through the
use of self-attention, a core component of transformer architectures [19]. Self-
attention enables the model to learn dependencies and interactions across all
elements of the input, both within and across modalities. This paradigm shift
has led to powerful Vision-Language Models (VLMs) that integrate vision and
language understanding into a single unified architecture, significantly advancing
the performance of modern VQA systems.
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External Knowledge-Based Models Visual Question Answering (VQA) is a
complex task that requires answering questions based on visual content, guided
by the information provided in the question. While visual and textual inputs are
the primary sources for inference, they are often not sufficient to handle questions
that require reasoning beyond what is directly observable in the image. In many
real-world scenarios, external knowledge is essential to improve the accuracy and
depth of understanding.

Questions like “Why are people holding umbrellas?” cannot be answered
correctly based solely on image pixels and question words. To interpret such
questions accurately, the model must incorporate commonsense knowledge—for
instance, understanding that umbrellas are used for protection against rain or
sunlight. This highlights a limitation of many VQA datasets, which are typi-
cally designed for a fixed scope, making models prone to generating random or
inaccurate answers when queried outside of their training context.

To address this challenge, VQA systems have started integrating external
knowledge sources into their architecture. These systems leverage two types of
knowledge:

— Implicit Knowledge: This is the information that the model learns indi-
rectly from large-scale pretraining on massive datasets. It includes patterns,
facts, and language associations that the model internalizes during training.
While implicit knowledge provides generalization, it may not cover specific
or uncommon facts needed for specialized questions.

— Explicit Knowledge: This refers to structured or semi-structured data
retrieved from curated knowledge bases. It allows models to query and in-
corporate relevant factual information that is not present in the image or
question. This approach helps in answering questions that require reasoning
based on external context.

Several external knowledge sources have been used in VQA research to enhance
question answering capabilities, including:

— ConceptNet [25]: A semantic network of commonsense knowledge that
provides relationships between words and concepts.

— DBpedia [26]: A structured version of Wikipedia content, offering factual
information in RDF format.

— WebChild [27]: A knowledge base that connects words and concepts using
web-mined relationships, particularly useful for commonsense and compara-
tive knowledge.

— YAGO [28]: A large ontology combining information from Wikipedia, Word-
Net, and GeoNames to provide hierarchical and relational knowledge.

— Freebase [29]: A collaboratively created knowledge graph containing struc-
tured facts about people, places, and things, often used for entity-based
reasoning.

By integrating these knowledge sources, external knowledge-based VQA models
can perform more robust reasoning, make informed inferences, and handle open-
domain questions that go beyond visual-textual inputs. This approach bridges
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the gap between visual understanding and real-world knowledge, significantly
improving performance in complex and explanatory VQA tasks.

Language Bias Mitigation Based Models There is no doubt that Vi-
sual Question Answering (VQA) has achieved remarkable results. However, sev-
eral studies have identified significant language and dataset biases within VQA
benchmarks. One of the main reasons is the strong priors present in the training
and test splits of the VQA datasets. As a result, when faced with complex rea-
soning tasks, VQA models often rely on these priors—answering questions based
on language correlations rather than actual visual understanding [30].

For example, in the VQA 1.0 dataset, many counting-related questions are
disproportionately answered with ”2”, and most color-related questions tend to
have "white” as the answer. To address this issue, the authors of VQA 1.0 revised
the dataset by modifying the answer distributions to reduce such biases. Various
approaches have been proposed to overcome language biases in VQA systems.
One such method involves adversarial regularization [31], which utilizes a dual-
stream architecture. The first stream processes both visual and textual data,
while the second stream focuses solely on the question, allowing the model to
disentangle language priors from visual reasoning.

Another approach is ensemble-based learning [32], which enhances perfor-
mance on out-of-domain VQA questions by fusing the gradients from multiple
networks to improve generalization.

In addition, counterfactual data augmentation has been employed to generate
counterfactual samples, helping to reduce bias during training by exposing the
model to more diverse question-answer pairs [33].

Furthermore, the integration of Generative Adversarial Network (GAN) ob-
jectives, knowledge distillation, and vision-language models (VLMs) has also
gained traction, offering improved robustness and fairness in VQA tasks. Over-
all, these techniques aim to make VQA models less reliant on superficial correla-
tions and more grounded in visual reasoning, leading to fairer and more accurate
performance across diverse scenarios [34, 35].

Reasoning Models VQA that requires reasoning over both visual and textual
information is often referred to as compositional VQA. These models perform
multi-step reasoning on images using cues from the associated questions. For
example, consider the question: "What is the color of the object above the oval
shape?”—this requires the model to first locate the oval shape, then identify the
object positioned above it, and finally classify its color.

To support such complex reasoning, various compositional architectures have
been proposed. These include Neural Module Networks (NMNs) [36] and Episodic
Memory Modules, which allow dynamic reasoning based on question structure.
Another example is the Multi-modal Relational Network (MUReL) [37], which
learns representations by reasoning over visual inputs in an end-to-end manner.

A more recent approach is Programmatic VQA (PVQA) [38], which answers
questions by generating executable programs based on the question and visual
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content. PVQA typically consists of three components: (1) Large Language Mod-
els (LLMs) for code generation, (2) Image processing modules to extract relevant
features, and (3) a code executor to run the generated programs. The LLM takes
the question as input and produces code that, when executed with the help of
the defined image processing modules, yields the answer.

These compositional approaches enable fine-grained, interpretable reasoning
and are especially effective for complex queries that require structured under-
standing of visual scenes.

Vision-Language Models (VLMs) In the current era, Large Language Mod-
els (LLMs) have demonstrated remarkable capabilities in capturing and applying
world knowledge, resulting in exceptional performance across various Natural
Language Processing (NLP) tasks [39]. Motivated by these advancements, re-
searchers have extended their investigation to vision-language tasks, leading to
the emergence of Vision-Language Models (VLMs). The primary objective of
Vision-Language Models (VLMs) is to effectively learn the correlation between
image-text pairs. Given a vision-text data pair as input, VLMs extract both
visual and textual features and apply a pretraining objective function to model
their semantic alignment. Once trained, VLMs are evaluated using a zero-shot
learning approach on unseen data by aligning the embeddings of image-text pairs
in a shared representation space [40].

VLM pretraining involves the use of deep neural networks to extract visual
and textual features from paired image-text data. The architecture of a typical
VLM consists of two main components: an image encoder and a text encoder,
both based on deep neural networks. These encoders are responsible for trans-
forming the input modalities into corresponding image and text embeddings
within a shared representation space.

For visual feature extraction, two main architectures have been widely adopted:
Convolutional Neural Networks (CNNs) and Vision Transformers (ViTs). Early
VLMs primarily relied on CNN-based models such as VGG [10], ResNet [11], and
GoogLeNet [12] due to their strong performance in traditional computer vision
tasks. However, in recent years, Vision Transformers [13] have gained significant
popularity for tasks like image classification, object detection, and segmenta-
tion. Most state-of-the-art VLMs now employ Vision Transformers for visual
representation learning. On the textual side, Transformer-based architectures
[19] and their variants have become the standard choice, owing to their success
in modeling complex linguistic patterns and context.

Pretraining objectives play a crucial role in the development of Vision-Language
Models (VLMs), as they enable the models to effectively understand and asso-
ciate visual and textual information. These objectives generally fall into three
categories: contrastive, generative, and alignment-based approaches.

Together, these pretraining strategies enable VLMs to capture rich multi-
modal representations, forming the foundation for their success across a wide
range of downstream vision-language tasks like VQA [41].
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2.3 Applications of VQA Visual Question Answering (VQA) is increasingly
being used in real-world scenarios by combining computer vision and natural
language processing [42]. Here are some of its practical applications:

Healthcare and Medical Imaging VQA can assist doctors in analyzing med-
ical images like X-rays or MRIs by answering specific questions, such as detecting
fractures or abnormalities. It enhances diagnostic efficiency and supports medi-
cal decision-making [6].

Assisting Visually Impaired Individuals VQA enables blind or visually
impaired users to interact with their environment by asking questions about
images or surroundings, such as identifying objects or reading signs [4].

Education and Advertising In education, VQA can make learning more in-
teractive by helping students understand images. In advertising, it helps analyze
and describe visual content, ensuring brand consistency and message clarity

[5, 43).

Surveillance and Autonomous Vehicles VQA improves surveillance by
helping systems identify unusual activities or objects. In autonomous vehicles, it
helps interpret road scenes, such as detecting pedestrians or traffic signals [44].

With advancements in artificial intelligence, the role of Visual Question
Answering (VQA) in daily life continues to grow rapidly. In the near future,
VQA will be integrated into intelligent chatbots and virtual assistants, enabling
users to interact with images and videos more naturally. These systems will not
only answer visual questions but also offer real-time guidance, support decision-
making, and personalize user experiences across healthcare, education, shopping,
and smart home environments. As VQA evolves, it will make technology more
accessible, intelligent, and seamlessly responsive to both visual and verbal human
queries.

3 Lidar Meets VQA

Light Detection and Ranging (LiDAR) is a remote sensing technology that uses
laser pulses to measure distances to objects and generate high-resolution, three-
dimensional information about the environment. LiDAR sensors produce point
cloud data, which is a dense collection of data points in three-dimensional space.
Each point represents a precise location on the surface of an object, typically de-
fined by its X, Y, and Z coordinates. These points are generated when laser pulses
emitted by the sensor reflect off surfaces and return to the receiver, allowing ac-
curate measurement of distance and shape. Point clouds capture the geometric
structure of real-world environments and are crucial for tasks such as object
detection, 3D reconstruction, and scene understanding. The richness of spatial
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details in point clouds makes them highly valuable in computer vision applica-
tions, especially in autonomous navigation, robotics, and smart infrastructure
mapping. Unlike traditional 2D images, LiDAR provides structural geometry,
making it a valuable modality for visual understanding in autonomous systems,
robotics, and environmental monitoring.

In recent years, significant advancements have been made in vision-language
tasks such as Visual Question Answering (VQA) and image captioning, partic-
ularly on 2D image data. However, when these models—originally designed for
2D images—are applied to 3D scenes, their performance often degrades. This
decline is primarily due to the lack of spatial context, such as relative directions
and distances, which are not well represented in 2D projections. Furthermore,
occlusion becomes a major challenge, as some objects may be partially or fully
hidden behind others, making it difficult for models to accurately identify and
localize them. As a result, these models struggle with reliable object localization
and identification in complex 3D environments 45, 46].

Currently, several 3D spatial understanding models have been developed for
tasks such as 3D object localization. Notable examples include ScanRefer [47],
ReferIt3D [48], and Scan2Cap [49], which leverage 3D data to ground language
in spatial scenes. However, compared to their 2D counterparts, datasets for 3D
Visual Question Answering (VQA) are still limited in both scale and diversity.
They often lack rich environmental annotations and offer a narrow range of ques-
tion types, which restricts the development and evaluation of more generalized
and robust 3D VQA models.

3.1 Deep Learning Models for Point Cloud Understanding Models
designed to process point cloud data are specifically tailored to handle its un-
ordered, irregular, and sparse structure. Point-based models such as PointNet
and PointNet++ directly operate on raw 3D points. PointNet [45] treats each
point independently and then aggregates global features, while PointNet++ [50]
improves upon this by capturing local neighborhood structures through hierar-
chical learning. Another notable model, DGCNN (Dynamic Graph CNN) [51],
constructs dynamic graphs to capture local geometric relationships using edge
convolutions.

Voxel-based models convert point clouds into regular 3D voxel grids and ap-
ply 3D convolutional networks. VoxNet [52] was one of the earliest models in
this category, followed by more complex architectures like 3D ResNets and 3D
U-Nets. Although effective, voxel-based methods often suffer from high memory
consumption due to the sparsity of 3D space. To address this, octree-based mod-
els such as O-CNN [54] use hierarchical spatial partitioning (octrees) to reduce
computational costs while maintaining spatial detail.

Another approach involves projection-based models, which project point clouds
onto 2D views and process them with traditional 2D CNNs. Multi-view CNN
(MVCNN) is a prominent example that combines multiple 2D projections to
represent the 3D structure [59]. More recently, transformer-based and hybrid
models have gained attention. For example, the Point Transformer [53] lever-
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ages self-attention mechanisms adapted for point clouds to model long-range
dependencies, while PAConv introduces dynamic kernel aggregation to improve
feature flexibility and learning capacity.

Finally, graph-based models treat point clouds as graphs and apply graph
convolutions to capture spatial relationships between neighbouring points [55].
These diverse approaches reflect the growing interest in effectively learning from
point cloud data across a variety of complex 3D understanding tasks. How-
ever, existing 3D data understanding approaches often struggle to generalize
to unseen environments or data distributions. As a result, their performance on
downstream tasks such as Visual Question Answering (VQA) and scene caption-
ing remains suboptimal. To address this limitation, recent research has focused
on incorporating 3D point cloud data, leveraging its inherent sparsity and rich
geometric relationships. By capturing spatial structures more effectively, point
clouds offer a more robust foundation for building models capable of understand-
ing complex 3D scenes.

3.2 VQA Using Point Cloud Data Visual Question Answering (VQA) us-
ing point cloud data extends traditional 2D VQA into the 3D domain, enabling
machines to understand and reason about complex spatial environments. Un-
like images, point clouds provide rich geometric and depth information, making
them ideal for tasks that require spatial awareness and object localization. This
approach empowers applications in robotics, autonomous systems, and assistive
technologies that operate in real-world 3D spaces.

Point Cloud QA focuses specifically on leveraging raw 3D point cloud data
for spatial reasoning and object-centric queries. Both aim to enrich scene under-
standing by incorporating depth and geometric context beyond 2D vision.

The proposed work TransVQA3D [56] leverages 3D point clouds combined
with instance indicators for question answering. It utilizes a cross-modal Trans-
former to fuse object features with language inputs. Subsequently, scene graph
initialization is performed, and additional edges are integrated from the scene
graph to apply scene graph-aware attention for more effective reasoning in
PointQA.

Another model, ScanQA [57], addresses question answering in 3D indoor
environments using point clouds and sequential RGB frames to capture scene
dynamics. The model employs VoteNet to extract geometric features from point
clouds and a BiLSTM to encode contextual word features from questions. The
final architecture fuses these modalities using three main components: a 3D
scene and question encoder, a fusion layer, and a classification layer for answer
prediction.

While early research primarily focused on indoor scenes, recent studies have
extended these efforts to outdoor urban environments, especially for autonomous
driving applications.

The proposed Sg-CityU [58] model tackles this by jointly processing ques-
tions, scene graphs, and point clouds. It uses VoteNet as the backbone for point
clouds, GCN for scene graphs, and BERT for natural language understanding.
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These multimodal features are fused using a combination of self-attention and
cross-attention mechanisms in a fusion layer, followed by an answer prediction
layer.

Similarly, NuScenes-QA [59] targets autonomous driving scenarios and aims
to answer questions based on street-view contextual information. It processes
LiDAR point clouds and multi-view images to obtain bird’s-eye view (BEV)
features, which are then fused with language features to generate answers.

Another approach, AutoQA [44], also focuses on autonomous driving envi-
ronments, utilizing PointNet++ for extracting features from point clouds and
LSTM for processing questions. The fused features are then used for answer
generation.

Recently, large language models (LLMs) and vision-language models (VLMs)
have demonstrated remarkable performance not only on natural language pro-
cessing (NLP) tasks but also on multimodal tasks involving 2D image under-
standing. Building on this progress, researchers have begun to explore their po-
tential for 3D data interpretation. To leverage the capabilities of LLMs in the
3D domain, the proposed work LiDAR-LLM [60] utilizes raw LiDAR data and
harnesses the reasoning and understanding power of LLMs to comprehensively
interpret complex outdoor 3D scenes.

Overall, these models highlight the growing capability of combining geometric
understanding from 3D point clouds with natural language processing to perform
complex reasoning tasks in both indoor and outdoor 3D environments.

3.3 Dataset

3.4 ScanQA ScanQA [57] is a 3D question answering (3D-QA) dataset built
upon RGB-D scans of indoor scenes, with annotations derived from the Scan-
Net dataset. The captions were initially generated using object-level captions
from ScanRefer and were manually refined to correct any invalid entries. Ad-
ditionally, the authors collected free-form answers and object annotations from
human annotators using an interactive 3D scene viewer. Overall, the dataset
comprises 41,362 questions and 58,191 answers, including 32,337 unique ques-
tions and 16,999 unique answers.

3.5 CLEVER3D CLEVR3D [56] is a Visual Question Answering (VQA)
dataset based on 3D point clouds, designed for VQA-3D tasks. Its foundation
lies in the 3D Semantic Scene Graph (3DSSG) annotations [10] from the 3RScan
dataset [44]. In total, CLEVR3D comprises 8,771 scenes and 171,174 associated
questions. The dataset is divided into two subsets: (a) CLEVR3D-REAL and
(b) CLEVR3D-SIM, used to evaluate real-scene VQA-3D and common-sense
independent VQA-3D (CSI-VQA-3D), respectively.

For CLEVR3D-REAL, the training and test sets consist of 38,806 and 5,765
questions from 1,176 and 157 real 3D scenes, respectively. In contrast, CLEVR3D-
SIM includes 109,351 training questions and 17,252 test questions derived from
6,510 and 928 simulated 3D scenes.
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3.6 nuScenes-QA NuScenes-QA [59] presents a dataset for Visual Ques-
tion Answering (VQA) in the context of autonomous driving, designed to an-
swer queries based on street-view clues. The dataset is built upon the nuScenes
dataset, a widely used benchmark for autonomous driving research. Inspired
by the CLEVR dataset, NuScenes-QA adopts a similar approach to annotate
question—answer pairs.

Overall, NuScenes-QA comprises 459,941 question—answer pairs related to
34,149 visual scenes. The training split includes 376,604 questions from 28,130
scenes, while the testing split contains 83,337 questions from 6,019 scenes.

3.7 City-3DQA City-3DQA [58] supports city-level scene understanding
for VQA by incorporating scene semantics and human—environment interac-
tion tasks within urban environments. It is built upon the 3D city point cloud
dataset UrbanBIS. City-3DQA covers 193 unique scenes across six cities: Qing-
dao, Wuhu, Longhua, Yuehai, Lihu, and Yingrenshi, incorporating a total of 2.5
billion point clouds.

The dataset includes information from 3,370 instances across these cities,
covering elements such as buildings, vehicles, bridges, and boats.

3.8 Auto-QA The AutoQA [44] dataset aims to investigate and evaluate the
effectiveness of localization-based question answering, specifically in the context
of autonomous driving—where such functionality is particularly critical. This
dataset is built on top of the Argoverse dataset and offers a multimodal set-
ting, providing seven views per frame along with point cloud data to support
answering localization-related questions.

Overall, the dataset contains 31,259 scenes associated with 300,000 questions.
These questions cover 15 different object categories present in the scenes and
include 4,000 unique question types.

3.9 Future Recommendations The fusion of LiDAR point clouds with
language models for VQA is still an emerging area. With rapid progress in large
language and vision models, several research directions are recommended for
future exploration:

Foundation Model Integration for VQA-3D The emergence of vision-
language models (VLMs) such as GPT-4V [61] and LLaVA [62] has opened
up new possibilities for multimodal learning. Future research can harness these
models to enable zero-shot and few-shot VQA directly on 3D LiDAR scenes
without heavy supervision.

Real-Time VQA for Robotics and Autonomous Vehicles Future models
should be optimized for low-latency processing to support real-time VQA in
robotics, drones, and self-driving systems using sparse LiDAR data and minimal
compute.



122 M. Z. Khan et al.

Interactive and Multi-turn VQA in 3D Enabling dialogue-based 3D VQA
for real-world tasks—Ilike navigation, robot assistance, or situational analysis—
can make systems more human-centric and useful in dynamic environments.

Enhanced 3D Scene Understanding through Scene Graphs Future sys-
tems should incorporate semantic scene graphs for complex spatial reasoning,
occlusion handling, and relational understanding of 3D environments in response
to natural language queries.

4 Conclusion

This chapter provided a comprehensive overview of the evolution and integra-
tion of Visual Question Answering (VQA) with LiDAR data for enhanced multi-
modal scene understanding. We began by exploring the fundamentals of VQA, its
core architecture, and the major categories of models, including attention-based
methods, external knowledge integration, language bias mitigation strategies,
reasoning-based approaches, and emerging vision-language models (VLMs).

Following this, we delved into the characteristics of LiDAR sensors, focusing
on their ability to generate rich 3D point cloud data. We discussed how deep
learning techniques have been adapted to process point clouds, and examined
their role in extending VQA to 3D spatial understanding. Several benchmark
datasets supporting point cloud-based VQA were reviewed, highlighting their
contributions and limitations.

Finally, we emphasized the future potential of combining LiDAR data with
powerful language and vision models. Recommendations were made for advanc-
ing this field, including leveraging foundation models, enhancing spatial rea-
soning, and enabling real-time, context-aware applications in robotics and au-
tonomous driving. As multimodal AI continues to evolve, the fusion of LiDAR
and VQA offers promising pathways for deeper, geometry-aware human-machine
interaction.
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