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Abstract

With the rapid advancement of artificial intelligence and robotics, the integration of Large
Language Models (LLMs) with 3D vision is emerging as a transformative approach to
enhancing robotic sensing technologies. This convergence enables machines to perceive,
reason, and interact with complex environments through natural language and spatial
understanding, bridging the gap between linguistic intelligence and spatial perception.
This review provides a comprehensive analysis of state-of-the-art methodologies, appli-
cations, and challenges at the intersection of LLMs and 3D vision, with a focus on next-
generation robotic sensing technologies. We first introduce the foundational principles of
LLMs and 3D data representations, followed by an in-depth examination of 3D sensing
technologies critical for robotics. The review then explores key advancements in scene
understanding, text-to-3D generation, object grounding, and embodied agents, highlighting
cutting-edge techniques such as zero-shot 3D segmentation, dynamic scene synthesis, and
language-guided manipulation. Furthermore, we discuss multimodal LLMs that integrate
3D data with touch, auditory, and thermal inputs, enhancing environmental comprehension
and robotic decision-making. To support future research, we catalog benchmark datasets
and evaluation metrics tailored for 3D-language and vision tasks. Finally, we identify
key challenges and future research directions, including adaptive model architectures,
enhanced cross-modal alignment, and real-time processing capabilities, which pave the
way for more intelligent, context-aware, and autonomous robotic sensing systems.

Keywords: 3D vision; embodied agents; large language models; human robot interaction;
robot sensing; scene understanding; sensor applications; visual sensing

1. Introduction
Robot sensing is at the forefront of a future where humanity coexists with highly ad-

vanced, human-like robots capable of independent reasoning, natural interaction, and deep
environmental understanding. These next-generation robots will seamlessly handle tasks
ranging from household chores to managing companies, learning and adapting like human
children, but starting with the vast wealth of accumulated human knowledge. The inte-
gration of Large Language Models (LLMs) and 3D vision enables robots to perceive their
surroundings in three dimensions, comprehend complex instructions, and interact naturally
with humans and objects. This synergy is driving advancements in robotic manipulation,
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autonomous navigation, and environmental interaction, bringing us closer to a future
where robots are intelligent, integral partners in our daily lives.

In recent years, LLMs such as ChatGPT [1], LLaMA [2], Vicuna [3] MiniGPT [4], and
DeepSeek R1 [5] have emerged as transformative tools in natural language processing
(NLP), see Figure 1. These models exhibit exceptional capabilities in language understand-
ing, text generation, and translation. LLMs follow a two-phase process: pre-training and
fine-tuning. During pre-training, models are exposed to vast and diverse text corpora,
enabling them to learn intricate language patterns. Fine-tuning then adapts this pre-trained
knowledge to specific tasks or domains, enhancing task-specific performance.
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Figure 1. Major LLM Development: Various different LLM models (BERT [6], ALBERT [7],
DistilBERT [8], RoBERTa [9], SpanBERT [10], GPT [11], GPT-2 [12], GPT-3 [13], GPT-4 [1],
Llama 3.1 [14], InstructGPT [15], BART [16], DeepSeek R1 [5]), along with their parameter count and
key feature of improvement. 1 GPT-4 parameters count source: [17].

The integration of LLMs into 3D vision tasks has led to significant advancements
in fields such as scene understanding, visual question answering (VQA), and robotic
manipulation. Traditionally, methods in these domains have relied heavily on 2D visual
representations, as seen in foundational works [18–21]. The advent of LLMs, including
models like GPT and its variants, has introduced unprecedented improvements in common-
sense reasoning and contextual understanding. However, applying these models to 3D
data presents unique challenges and opportunities.

While recent efforts have aligned images with LLMs through Vision-Language Models
(VLMs), such as [22–26], grounding LLMs in 3D data remains a relatively unexplored area.
This is a critical limitation, as 3D data inherently provides richer spatial and contextual
information compared to 2D images. Despite rapid progress in multimodal LLMs [27–31],
the scarcity of comprehensive 3D datasets and the complexities of aligning dense 3D visual
data with textual embeddings pose significant challenges.

This review article aims to provide a comprehensive overview of the current state-
of-the-art (SOTA) research at the intersection of 3D vision and LLMs. We examine recent
breakthroughs in LLMs that excel at tasks requiring common-sense reasoning and contex-
tual comprehension, alongside the challenges of encoding and integrating 3D data within
these models. Additionally, we explore applications such as text-to-3D generation, 3D
scene understanding, VQA, and autonomous driving.

Recent research on the integration of LLMs into 3D vision can be broadly categorized
into three main methodologies: direct embedding, 2D-to-3D mapping, and pre-alignment.
These approaches provide foundational insights into this emerging field.

The remainder of this article is organized as follows. Section 2.1 presents an overview
of LLMs, their architectures, and recent advancements. This is followed by Section 2.2,
which introduces the foundational concepts of 3D vision, covering various types of 3D data
and key sensing technologies, and Section 2.3 presents the motivation behind combining
LLMs and 3D vision. Section 3 explores 3D vision and its applications in robotic sensing
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technologies. In Section 4, we review key advancements and applications of LLMs inte-
grated with 3D vision. We begin by discussing localization and grounding (Section 4.1),
a foundational capability for robots to interpret their surroundings and connect linguistic
descriptions to physical entities. Subsequently, Section 4.2 explores the understanding of
dynamic scenes, including critical tasks such as human action recognition, essential for
robots operating in human-centric environments. The distinct challenges and method-
ologies pertinent to indoor and outdoor scene understanding are detailed in Section 4.3.
A significant stride towards more adaptable systems, open vocabulary understanding, and
pretraining, which enables generalization to unseen objects and scenarios, is covered in
Section 4.4. Section 4.5 delves into techniques for generating detailed and customizable
3D environments from textual inputs, crucial for training and testing robotic systems.
Furthermore, the importance of integrating diverse multimodal inputs—such as touch,
audio, and thermal data—to achieve a more holistic and robust scene understanding is
emphasized in Section 4.6. Finally, Section 4.7 explores the advancements in embodied
agents, intelligent systems that perceive, interact with, and act upon their 3D environments
by leveraging these integrated capabilities. Sections 5 and 6 provide a comprehensive re-
view of existing datasets and evaluation metrics for training and assessing models. Finally,
Section 7 presents an analysis of current research limitations and future directions in 3D
vision and LLM-based robotic sensing technologies, leading to the conclusions outlined
in Section 8.

2. Background
This section provides an overview of the foundational technologies of LLMs and 3D

vision, examining their core principles, key advancements, and applications. We start
by defining the basic terminologies and concepts in these fields, illustrating how LLMs
have revolutionized natural language understanding and generation, while 3D vision has
empowered machines to perceive and interpret three-dimensional environments. Finally,
we discuss the rationale for integrating these two domains, highlighting their potential
to tackle complex challenges and enable novel applications at their intersection for next-
generation multimodal robotic sensing technologies.

2.1. Overview of LLMs

LLMs have had a transformative impact on the AI community and beyond. Open-
source LLMs, in particular, have driven significant advancements, making a substantial
contribution to the field’s development. These models offer a promising approach for
encoding and projecting human knowledge and experiences into a latent space.

Initially developed for text-based translation tasks, LLMs have now found applications
far beyond their original scope. These models exhibit exceptional capabilities in tackling
complex tasks that were once the exclusive domain of specialized algorithms or human
expertise. Their ability to reason from ambiguous human language and formulate precise
responses has led to extensive usage in embodied control and scene understanding via
images and other multimodal inputs [32–34].

Typically trained on extensive textual data, LLMs constitute foundation models,
also known as base models. They employ self-supervised objectives such as next-token
prediction [12,13] or masked token reconstruction [6,35]. Built on deep learning architec-
tures, with transformers playing a central role, pre-training forms the foundation of LLM de-
velopment. This process enables them to learn intricate language patterns and acquire broad
knowledge encompassing grammar, syntax, semantics, and general world understanding.
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According to [35], an effective LLM should possess four main qualities: understanding
the meaning of words and context in natural language, generating text that sounds human-
like, comprehending specialized contexts, and following instructions accurately.

Fine-tuning further tailors these models for specific applications such as summariza-
tion, translation, or question answering. LLMs like GPT-4, LLaMA [2], and MiniGPT [4]
have demonstrated remarkable generalization capabilities across diverse tasks and lan-
guages. The transformer architecture underlying LLMs emphasizes attention mechanisms,
which are instrumental in focusing on relevant parts of the input text. These mechanisms
enable the capture of long-range dependencies and contextual relationships, enhancing
their versatility across NLP and multimodal applications.

As depicted in Figure 2, the core innovation lies in its attention mechanism, which
allows the model to dynamically weight the importance of different input elements when
producing an output sequence. Unlike traditional models reliant on recurrence or convo-
lutions, Transformers achieve this by employing self-attention to capture dependencies
between tokens irrespective of their positional distance. This mechanism computes a con-
textually aware representation by calculating weighted sums based on learned relevance
scores derived from Query, Key, and Value projections. The success of this architecture in
natural language processing spurred its exploration in other modalities.
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Figure 2. Transformer Architecture: Constructed on an encoder-decoder framework, the architecture
employs multiple linear, normalization, embedding, feed-forward, self-attention, and cross-attention
blocks to generate outputs efficiently [36].

The Vision Transformer (ViT) [37] extended Transformer models to computer vision by
treating images as sequences of patches, achieving strong performance and often surpassing
traditional CNNs on image recognition benchmarks. To further improve attention quality
in visual tasks, the Differential Transformer [38] introduced a novel approach called differ-
ential attention. This method addresses the issue that standard attention mechanisms often
highlight not only important features but also irrelevant background noise. To mitigate this,
the Key and Query matrices are each split into two sub-parts. Attention maps are computed
separately for these sub-parts, and the final attention map is obtained by subtracting one
from the other. This subtraction helps cancel out common noise patterns, inspired by noise
cancellation principles, resulting in cleaner, more focused attention distributions. This
refinement enables the model to attend more precisely to salient visual information, thereby
contributing to enhanced performance on visual tasks.

LLMs such as GPT-4, LLaMA [2], and MiniGPT [4] have demonstrated remarkable
generalization capabilities across diverse tasks and languages, with fine-tuning further
tailoring them for specific applications like summarization, translation, or question answer-
ing. The underlying transformer architecture is instrumental in their success, emphasizing
attention mechanisms that capture long-range dependencies and contextual relationships.
As depicted in Figure 2, the core innovation is the self-attention mechanism, which dy-
namically weights the importance of input elements by computing a contextually aware
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representation from learned Query, Key, and Value projections, allowing the model to
focus on relevant parts of the input text irrespective of their positional distance. This
architectural success spurred its exploration in other modalities, leading to the Vision Trans-
former (ViT) [37], which extended these models to computer vision by treating images as
sequences of patches and often surpassed traditional CNNs.

To further refine attention quality in visual tasks, the Differential Transformer [38]
introduced a novel differential attention method to mitigate the issue of standard attention
highlighting irrelevant background noise. This approach involves splitting the Key and
Query matrices into sub-parts, computing separate attention maps, and then subtracting
one from the other to cancel out common noise patterns, resulting in cleaner, more focused
attention distributions that enhance performance by allowing the model to attend more
precisely to salient visual information.

DiffAttention(Q1, K1, Q2, K2, V) =

(
softmax

(
Q1K⊤

1√
d

)
−λ softmax

(
Q2K⊤

2√
d

))
V (2)

2.2. Fundamentals of 3D Vision

Three-dimensional vision encompasses the understanding and interpretation of spatial
and structural information from three-dimensional data. Unlike 2D vision, which relies on
flat image representations, 3D vision captures depth, geometry, and spatial relationships,
providing a richer context for perception and interaction. Core components of 3D vision
include point clouds, meshes, and volumetric data, which represent objects and scenes in
three-dimensional space.

Techniques such as depth estimation, 3D reconstruction, and object recognition form
the foundation of 3D vision systems. These systems have applications in diverse fields,
including autonomous driving, robotics, augmented reality (AR), and medical imaging.
Despite its potential, 3D vision faces challenges such as high computational requirements,
sparse and noisy data, and the need for specialized hardware, including LiDAR and depth
cameras, for capturing 3D data.

Three-dimensional data can be represented in various forms, with structural and
geometric properties varying across representations. As illustrated in Figure 3, 3D data can
be broadly categorized into 3D Euclidean Data and 3D Non-Euclidean Data [39]. Euclidean
data, such as voxel grids and multi-view images, comprises a grid structure, facilitating
the extension of 2D Deep Learning (DL) methods to the 3D domain, where networks still
utilize convolution operations. In contrast, non-Euclidean 3D data, such as point clouds
and meshes, lack a grid array structure, posing challenges for extending existing 2D DL
methods to the 3D domain [40].

Types of 3D Data

Voxels Octree

Descriptors Projections RGB-D Volumetric Multi-view Point
Clouds

Graphs Meshes

Euclidean Non-Euclidean

Figure 3. Categories of 3D Data Representations: 3D data can be classified into two primary cat-
egories: Euclidean (including Descriptors, Projections, RGB-D, Volumetric, and Multi-view) and
Non-Euclidean (comprising Point Clouds, Graphs, and Meshes) [39].
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Below is a brief overview of each type of 3D data representation:

• Descriptors: These are compact mathematical or statistical summaries of 3D shapes,
used for tasks like recognition or matching. Examples include shape histograms and
curvature descriptors.

• Projections: 3D objects are represented through their 2D projections from multiple
viewpoints, simplifying the representation while retaining key spatial information.

• RGB-D: Combines RGB color data with depth information captured by devices like
Kinect. This format is widely used in robotics and augmented reality applications.

• Voxel Grid: A 3D grid cell that represents a portion of space, storing attributes like
object presence, color, or density. It provides detailed 3D representations but can
be memory-intensive.

• Octree: A hierarchical structure that divides 3D space into smaller cubes only where
needed, reducing memory usage while maintaining detail in occupied regions.

• Multi-view: Uses multiple 2D images of a 3D object captured from various angles,
allowing algorithms to infer 3D structure.

• Point Clouds: A collection of points in 3D space, each representing a specific position
on an object’s surface. Used in lidar scanning and autonomous vehicles. For capturing
point cloud data Matterport pro camera, LiDAR, Microsoft Kinect, etc., can be used.

• Graphs: Represent 3D data as nodes and edges, where nodes correspond to object
elements and edges represent relationships. Common in structural analysis and
mesh processing.

• Meshes: Define 3D shapes using vertices, edges, and faces, forming a network of
polygons (typically triangles). They are widely used in computer graphics.

The distinction between Euclidean (grid-like) and Non-Euclidean (irregular) 3D data
provides a helpful starting point for choosing deep learning models, but it’s not a strict rule.
The main issue is that this classification confuses an object’s true physical shape with the
digital format we use to represent it. A perfect example of this ambiguity is RGB-D data,
which is stored in a grid-like format, similar to a regular image (Euclidean), but contains
depth information that describes a 3D scene (Non-Euclidean). To solve this, the community
often refers to this as “2.5D” data and resolves the ambiguity based on the specific goal
or task. For a task like semantic segmentation, where a pixel-by-pixel map is needed,
the RGB-D data is treated as a 2.5D image and processed with CNNs. However, for tasks
like robotic grasping that require precise 3D geometry, the data is converted into a point
cloud (a non-Euclidean format) and processed with geometric deep learning models [41].
Therefore, the most rigorous approach, supported by surveys such as [39], is to view this
taxonomy not as a rigid binary choice, but as a flexible, task-dependent framework where
the final application determines how the data is interpreted and used.

2.3. Motivation Behind Combining LLMs and 3D Vision

Recent advancements in LLMs and their potential applications in the 3D Vision field,
see Table 1, present an opportunity to address critical challenges for embodied agents.
Motivated by the integration of LLMs and 3D vision for next-generation multimodal robotic
sensing technologies, this research investigates three pivotal research questions (RQ):

• RQ1: What are the dominant architectural paradigms and cross-modal alignment
strategies for integrating the symbolic, semantic reasoning of Large Language Models
with the raw geometric and spatial data from diverse 3D sensors (e.g., LiDAR, RGB-D)
to achieve robust spatial grounding and object referencing in robotic systems?

• RQ2: What architectural frameworks and semantic grounding techniques enable
Large Language Models to interpret and reason over heterogeneous, non-visual
sensor data—such as tactile force distributions, thermal signatures, and acoustic
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cues—thereby enriching a robot’s 3D world model to enhance situational awareness
and allow for more nuanced physical interaction under conditions where visual data
is ambiguous or unreliable?

• RQ3: Given the inherent challenges of 3D data scarcity and the modality gap be-
tween unstructured point clouds and structured language, what emerging method-
ologies—spanning open-vocabulary pre-training, procedural text-to-3D generation,
and the fusion of non-visual sensory inputs (tactile, thermal, auditory)—are being
employed to create more generalizable and robust robotic perception systems?

Table 1. Summary of 3D data input modalities utilized by various models. The Table categorizes the
input types into Euclidean and Non-Euclidean formats, highlighting the specific data representation
employed by each study in their methodologies. A ✓symbol indicates instances where the model
can directly accept the given 3D data representation as input or with minimal adjustments, such as
bypassing or modifying specific sub-modules.

Models
Euclidean Non-Euclidean

RGB-D Voxel Multi-View Point Cloud Graph Mesh

WildRefer [42] ✓ - - ✓ - -
CrossGLG 1 [43] ✓ - - - - -
3DMIT [44] - - - ✓ - -
LiDAR-LLM [45] - - - ✓ - -
SceneVerse [46] - - - ✓ - -
Agent3D-Zero [47] - - ✓ ✓ - -
PointLLM [48] - - - ✓ - -
QueSTMaps [49] ✓ - - ✓ - -
Chat-3D [50] - - - ✓ - -
ConceptFusion [51] ✓ - - ✓ - -
RREx-BoT [52] - - - ✓ - -
PLA [53] ✓ - - ✓ - -
OpenScene [54] - - ✓ ✓ - -
ULIP [55] - - ✓ ✓ - -
PolarNet [56] ✓ - ✓ ✓ - -

1 Temporal Input.

This article explores these questions, reviewing recent advancements in the field and
identifying future research directions. The integration of LLMs with 3D vision leverages
the complementary strengths of these technologies, allowing for enhanced capabilities.
LLMs excel in reasoning, language understanding, and contextual interpretation, while
3D vision provides detailed spatial and geometric information. Combining these capabili-
ties facilitates the development of more intelligent and context-aware systems. Figure 4
illustrates the various research areas and applications within the 3D + LLM domain. It
is important to note that the boundaries between these categories are fluid, resulting in
significant overlap in the technologies and architectures used to address each problem.

In robotics, for example, understanding 3D scenes through visual data can be enhanced
by LLMs’ ability to interpret and generate instructions in natural language. Similarly,
in applications such as autonomous vehicles and augmented reality (AR), LLMs can
provide semantic understanding and decision-making capabilities, complementing the
spatial awareness afforded by 3D vision. The convergence of these domains holds promise
for innovative solutions to complex real-world problems.
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Figure 4. Research areas at the intersection of 3D and LLMs: Advancing capabilities in 3D scene un-
derstanding, generation, and modification; object grounding and referencing; developing embodied
agents; and integrating 3D data with multimodal language models.

Practical applications of integrating 3D vision with large language models (LLMs)
span crucial areas like robotic grasping and autonomous driving, where spatial intelligence
and contextual reasoning are tightly interwoven. For robot grasping, frameworks such
as ORACLE-Grasp [57] leverage multimodal large models to semantically interpret 3D
environments and zero-shot select task-appropriate grasps on previously unseen objects,
avoiding reliance on exhaustive labeled datasets or retraining. Leveraging video-based
3D geometry encoders, Multimodal LLMs can learn to reason about 3D scenes directly
from video streams, enhancing scene understanding and spatial inference without ex-
plicit 3D data inputs [58]. Such capabilities empower robots to manage unstructured
environments robustly.

In the autonomous driving domain, vision-language models enrich 3D perception,
planning, and decision-making by incorporating language-guided reasoning, supported
by datasets like OmniDrive [59] that embed counterfactual reasoning for better trajectory
planning. Novel 3D tokenization methods, such as Atlas [60], incorporate the physical
priors of 3D space to improve reliability in end-to-end planning tasks. Large-scale 3D-
grounded datasets like 3D-GRAND [61] provide densely grounded 3D text pairs that
significantly reduce hallucinations while improving grounding accuracy in 3D-LLMs,
facilitating more reliable scene interpretation and interaction. These advancements enable
practical tasks, including grounded object reference, scene captioning, and spatial question
answering, essential for effective embodied agents and autonomous systems operating in
real-world 3D environments.

As shown in Table 2 the integration of Large Language Models (LLMs) into 3D
pipelines introduces a substantial computational gap compared to traditional methods,
motivating a deeper investigation into their practical viability. While established 3D process-
ing frameworks often operate efficiently within a range of 10–200 GigaFLOPs (GFLOPs),
consume a modest 20–80 Watts on edge hardware, and achieve low latencies between
10–100 ms [62,63], emerging LLM–3D systems present a starkly different profile. These
advanced pipelines, exemplified by architectures like OmniDrive [59] and Lidar-LLM [45],
escalate computational demands to the 1–5+ TeraFLOPs (TFLOPs) scale, require over
250 Watts of power typically from high-performance GPUs, and exhibit significantly higher
latencies from 200 ms to several seconds. This profound increase in resource requirements,
consistently observed across various 3D-language tasks [56,64], creates a critical bottleneck
for their deployment in real-time, power-constrained applications such as autonomous
robotics and embodied agents, thus underscoring the urgent need to benchmark and
analyze the computational efficiency of these powerful new models.
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While recent comprehensive surveys provide expansive overviews of multimodal
Large Language Models (LLMs), often covering model architectures and applications across
general domains with a primary focus on 2D vision-language fusion [29,65], this review
uniquely advances the discourse by concentrating specifically on the critical intersection of
LLMs and 3D vision, framed entirely within the context of intelligent robotic perception
and autonomy. We move beyond 2D representations to deeply analyze varied 3D data
types—including point clouds, voxels, and meshes—and further distinguish our contri-
bution by systematically examining the integration of non-visual sensory inputs such as
tactile, thermal, and auditory data, which are pivotal for robust embodied interaction [66].
Consequently, our distinct robotics-specific contribution is to provide a targeted roadmap
that bridges high-level semantic reasoning with low-level sensing hardware, addressing
key challenges in spatial grounding, open-vocabulary scene understanding, and real-time
deployment bottlenecks on resource-constrained platforms. By cataloging robotics-centric
datasets and evaluation metrics, this review serves as a specialized guide for develop-
ing the next generation of embodied agents capable of complex perception, reasoning,
and interaction in the physical world [67].

Table 2. Comparison between LLM–3D pipelines and traditional methods.

Metric Traditional 3D Methods LLM-3D Pipeline

FLOPs 10–200 GFLOPs per inference 1–5+ TFLOPs per inference

Power (Watts) 20–80 W (embedded GPUs,
edge devices)

250+ W (high-performance
GPUs/clusters)

Latency 10–100 ms 200 ms

3. Sensing Technologies for Robotic Perception
In robotics, vision systems are critical as they enable robots to interact intelligently with

their environment by providing essential feedback about object locations and robot poses.
This information is vital for controlling robot motion. Visual serving techniques are often ap-
plied for precise control, ranging from positioning robotic arms [68] and helping humanoid
robots navigate environments [69] to estimating object poses for recognition [70,71] and as-
sisting with robot motion estimation [72,73]. Additionally, these vision systems contribute
to sophisticated tasks like object grasping [74,75].

Beyond merely detecting objects, robotic vision aims to help robots understand their
representations, which is key for efficient decision-making and task execution. Effective rep-
resentation methods should be independent of changes in object orientation or viewpoint.
As discussed earlier Section 2.2, 3D data comes in various formats, as in Figure 3, each
needing to be mapped into latent spaces that facilitate comprehensive object understanding.

Modern advancements in stereo vision and image acquisition systems have further
cemented the importance of 3D vision for mobile robots [76]. Stereo Vision uses two or more
cameras to infer depth via triangulation from disparities between views and produces dense
or semi-dense depth maps, often registered with RGB images (RGB-D). They are commonly
used for close-range manipulation [77], obstacle avoidance [78,79], visual odometry [80,81],
and 3D reconstruction [82] in textured environments. But they are sensitive to textureless
surfaces, baseline limits range/accuracy, and computationally intensive matching.

Visual sensors in robotic systems are typically categorized into three types [83]: linear
transducers, such as single laser radar systems [84]; 2D sensor arrays, such as embedded
cameras [85]; and 3D depth sensors utilizing specialized light-based cameras [86]. Current
technologies for 3D depth sensing rely on monocular structured light methods [87], binoc-
ular structured light systems [88], and time-of-flight (TOF) approaches [89], see Figure 5.
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3D sensing methods are categorized into active and passive techniques, as summarised
in Table 3. Passive methods determine an object’s shape by using its reflectance and the
scene’s illumination, which means they don’t need active devices. These methods generate
range data, representing the distances between the sensor and the object’s surface. However,
Shape from Shading (SFS) is not suitable for mirrored surfaces, as it relies on the shadows
cast by the surface under different lighting conditions to create a 3D model and has limited
applicability in robotics due to its requirement for accurate light source parameters. This
requirement renders SFS ineffective in complex lighting conditions, such as outdoor scenes.
Shape from Texture (SFT) also has limitations, as it requires high-quality texture data
and precise modeling of projection distortions, making it challenging to use in novel
robotic environments.

Table 3. Comparison of various 3D Sensing Methods [83,90].

Method Principle Modality Type

Stereo Vision Triangulation Passive Direct
Structured Lighting Triangulation Active Direct
Shape from Shading Monocular Images Passive Indirect
Shape from Texture Monocular Images Passive Indirect

Time of Flight Time Delay Active Direct
Interferometry Time Delay Active Direct

LiDAR Time Delay/Phase Shift Active Direct

.
. .
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Figure 5. Overview of different 3D vision sensing techniques work: stereo vision (a), structured
light (b), and time of flight (c), illustrating their working principles and components for capturing
spatial information.
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Structured lighting projects known light patterns (e.g., stripes, grids) onto the scene
and observes their deformation using a camera to calculate depth via triangulation. It
produces dense RGB-D point clouds or depth maps. This method is widely used be-
cause of its simplicity and precision in applications like depth perception [91,92]. In mo-
bile robotics, structured lighting facilitates navigation and obstacle detection [93,94],
scene understanding [95], and 3D reconstruction [96,97]. It is also applied in shape
acquisition [98], object modeling [99], and 3D hand-eye robot vision systems [100]. Table 4
contains the basic information about various sensors for different techniques available in
the market. But it’s sensitivity to ambient light (especially sunlight), reflective surfaces,
and struggles with inter-sensor interference, leading to major limitations, and range is also
typically limited.

Table 4. Common 3D Sensor Examples for Robotic Perception Grouped by Technology [83,90,101,102].

Technology Sensor Example Key Specs
(Resolution/Rate/Points) Typical Range (m) Integrated IMU

Stereo Vision

Bumblebee 2 648 × 488 @ 48 fps 0.1–20 ×
Bumblebee XB3 1280 × 960 @ 16 fps 0.1–20 ×

Nerian SP1 1440 × 1440 @ 40 fps - ×
DUO3D Stereo Camera 640 × 480 @ 30 fps - ✓

OrSens3D Camera 640 × 640 @ 15 fps - ×

Structured Light

Microsoft Kinect v1 320 × 240 @ 30 fps 1.2–3.5 ×
PrimeSense Carmine 640 × 480 @ 30 fps 0.35–3 ×

Orbbec Astra Pro 640 × 480 @ 30 fps 0.6–8 ×
Intel RealSense D435 1280 × 720 @ 90 fps 0.1–10+ ×
Intel RealSense R200 640 × 480 @ 60 fps 3–4+ ×
Intel RealSense R399 640 × 480 @ 60 fps 0.1–1.2 ×

Intel RealSense ZR300 480 × 360 @ 60 fps 0.5–2.8 ✓

Time-of-Flight

Microsoft Azure Kinect 1024 × 1024 @ 30 fps 0.5–3.86 (NFOV) ✓
Microsoft Kinect v2 512 × 484 @ 30 fps 0.5–4.5 ×
SICK Visionary-T 144 × 176 @ 30 fps 1–7 ×

Basler ToF ES Camera 640 × 480 @ 20 fps 0–13 ×
MESA SR4000 176 × 144 @ 54 fps 5/10 ×
MESA SR4500 176 × 144 @ 30 fps 0.8–9 ×
Argos3D P100 160 × 120 @ 160 fps 3 ×
Argos3D P330 352 × 287 @ 40 fps 0.1–10 ×
Sentis3D M520 160 × 120 @ 160 fps 0.1–5 ×

LiDAR

Velodyne VLP-16 (Puck) 16 Ch ∼300k pts/s ∼100 Optional/Ext.
Ouster OS1-64 64 Ch ∼1.3M pts/s ∼100–120 ✓

Hesai PandarXT-32 32 Ch ∼640k pts/s ∼120 ✓
Livox Mid-70 NRS ∼100k pts/s ∼70 ✓

Ch: Channels; NRS: Non-repetitive Scan; 3D: three-dimensional; IMU: inertial measurement unit; ToF: time of
flight; fps: Frames per second; ✓: Present; ×: Absent.

Time-of-Flight (ToF) measures the round-trip time of emitted light (often infrared)
reflecting off surfaces. Indirect ToF measures phase shift, while direct ToF measures
pulse delay, eventually both of them producing depth maps, often with an associated
amplitude/intensity image. They can also provide RGB-D when combined with an
RGB sensor. They are good for medium-range depth sensing, less affected by texture
than stereo/SL, and are used in gesture recognition [103], indoor navigation [104,105],
and obstacle detection [105]. As a limitation, they can suffer from multi-path interfer-
ence, lower spatial resolution compared to SL, and accuracy can depend on surface
reflectivity [106,107]. While Time-of-Flight (ToF) sensors are powerful, their deployment
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in robotics has historically been hampered by multipath interference (MPI), where signals
reflecting off multiple surfaces create erroneous depth measurements that can compromise
navigation and manipulation, especially in cluttered indoor environments with corners
or reflective objects. To address this, recent advancements have focused on two com-
plementary strategies: innovative multi-tap pixel architectures and sophisticated deep
learning-based denoising. On the hardware front, multi-tap pixel designs allow the sensor
to capture the incoming light at multiple distinct time intervals, or gates, which enables
it to better separate the direct light signal from the delayed, indirect signals causing the
interference [108]. This hardware-level solution provides more accurate depth information
from the source, significantly improving reliability in scenes with challenging materials
like glass. Concurrently, software-based approaches utilizing deep learning have demon-
strated remarkable success in mitigating the remaining distortions. These methods use
neural networks, such as CNNs, that are trained on vast datasets to recognize the specific
patterns of MPI noise and effectively remove them from the depth images, resulting in
smoother and more physically accurate 3D maps [109–112]. The synergy of these advanced
multi-tap sensors and powerful denoising algorithms has a direct and substantial impact
on robotic deployment by reducing depth errors, leading to more robust 3D mapping
and obstacle detection, and ultimately enabling safer and more reliable navigation and
manipulation in complex, real-world scenarios [113]. This fosters greater autonomy by
reducing the computational burden for downstream tasks, such as scene understanding
and path planning, thereby expanding the operational capabilities of robots in dynamic,
human-centric environments.

LiDAR (Light Detection and Ranging) emits laser pulses and measures the time/phase
of reflected signals to determine distance. Mechanical LiDARs spin to cover 360°, while
Solid-State LiDARs use MEMS mirrors or optical phased arrays. They generate sparse or
dense 3D point clouds, often with intensity values. They are standard for autonomous
driving (long-range perception, mapping), outdoor/large-scale mapping [114], and mobile
robot navigation [115]. But for the limitations, typically they are more expensive, data is
often sparser than camera-based methods (especially vertically), can struggle with certain at-
mospheric conditions (fog, rain) or specific materials (black, highly reflective) [114,116,117].
Of course. There is a significant, underexploited opportunity in integrating the nuanced
physical characteristics of advanced LiDAR systems into Large Language Model (LLM)
pipelines. Physics-aware LiDAR variants, such as Frequency-Modulated Continuous-Wave
(FMCW) and those operating at different wavelengths (905 nm vs. 1550 nm), offer richer
data that can enhance robotic reasoning. FMCW LiDAR, for instance, provides simulta-
neous range and velocity measurements for every point, granting it superior resilience
to interference and robust performance in adverse weather. Integrating this 4D data into
LLM frameworks requires specialized encoders that process not just geometry, but also
physical metadata like velocity and reflectance, a concept well-suited for the hierarchical
embeddings in transformer architectures as explored in recent bio-inspired systems [45].
Similarly, the choice of wavelength critically impacts scene understanding; 1550 nm systems
provide better eye safety and longer range, whereas 905 nm systems are more cost-effective
and perform better in rain or fog [118,119]. A physics-aware LLM could leverage these
wavelength-specific features—such as atmospheric attenuation and material reflectance—to
improve its reasoning about the environment and its own sensor limitations. To achieve
this integration, a clear strategy is necessary: first, feature vectors must be engineered to
explicitly include physical data, such as velocity or phase. Next, these features must be
aligned with language embeddings using cross-modal transformer models, similar to the
approaches in recent LiDAR-LLM frameworks [45]. This, however, necessitates the cre-
ation of new training datasets containing rich text descriptions linked to this physical data.
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Successfully implementing this would significantly enhance applications like autonomous
driving in dynamic or challenging weather conditions. Nonetheless, major challenges
remain, including the scarcity of annotated physics-aware LiDAR datasets, the computa-
tional cost of processing such complex data in real-time, and the need for adaptive fusion
models that can intelligently leverage different sensor modalities based on context —a key
challenge in the broader field of robotic perception and autonomy.

The field of robotic vision benefits from the continuous development of new sensors.
Obtaining high-quality initial data directly can significantly reduce computational demands
in subsequent processes. A major challenge is the high cost of 3D acquisition equipment,
especially for small and medium-sized enterprises (SMEs), though increased market com-
petition and technological advancements are gradually lowering prices. The complexity of
these systems, which necessitates skilled operators, also hinders their widespread use in
industrial applications.

While 3D vision provides essential geometric understanding, achieving truly robust
and nuanced interaction with the world often requires robots to leverage other senses.
Vision alone can be ambiguous or insufficient, especially during physical contact, in oc-
cluded scenarios, or when non-visual cues are critical. Integrating modalities like touch,
hearing, and thermal perception, often fused and interpreted with the aid of advanced
models like LLMs, allows robots to build a more complete and actionable understanding of
their surroundings and interactions. Refer to Table 5 for an overview of tactile, audio and
thermal sensor examples.

Table 5. Concise Examples of Tactile, Auditory, and Thermal Sensors in Robotics [120–122].

Type Sensor Principle/Specs Output Applications Limitations

Tactile

GelSight Optical cam;
elastomer def.

Hi-res surface,
texture, force map

Dexterous
manipulation, object
ID, slip detection

Bulky, wear,
calibration, high
processing

BioTac/Weiss Biomimetic;
piezoresistive array

Force, vibration,
temperature

Grasp stability,
material ID, HRI

Wiring, calibration
drift, signal
interpretation

FlexiForce Thin-film
piezoresistive Single-point force Contact detection,

basic force sensing
Low spatial info,
shear wear

Audio

ReSpeaker/UMA-8 MEMS mic
array (4–8)

Multi-channel audio,
DOA, text

Voice command,
speaker localization,
ambient sound
monitoring

Noise handling,
source separation,
non-speech
interpretation

Built-in Mic Arrays Custom array config. Similar to above Same as above
Proprietary
processing, limited
flexibility

Single Mic Condenser/MEMS Mono audio Sound recording,
basic event detection

No directional info,
noise sensitivity

Thermal

FLIR Lepton LWIR, 160 × 120 px Low-res thermal
image

Presence detection,
human detection

Low resolution and
frame rate, emissivity
dependence

FLIR Boson LWIR, 320 × 640 px Medium/high-res
thermal image

Surveillance,
machine monitoring,
HRI

High cost, lower
resolution than
visual

Seek CompactPRO LWIR, 320 × 240 px Medium-res
thermal image

Easy integration,
human detection,
diagnostics

Varying performance,
requires adaptation
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Tactile Sensing provides the crucial sense of touch, essential for dexterous manipula-
tion and safe physical interaction — capabilities often limited by vision, particularly when
a target object is occluded by the robot’s own gripper. Robots equipped with tactile sensors
can confirm stable grasps, actively identify objects based on perceived texture, shape,
or hardness, detect slip during manipulation and adjust grip force accordingly, and gather
vital safety feedback during physical human-robot interaction (HRI) to avoid exerting exces-
sive force [123]. Sensor technologies range from simple binary contact switches to complex
arrays mounted on robot fingertips or palms (e.g., on platforms like the Shadow Dexterous
Hand [123] or integrated into grippers like those from Robotiq or Weiss Robotics). These
sensors rely on various physical principles, including piezoresistive, capacitive, piezo-
electric, or optical methods. The data generated can include force distributions across
a contact area, pressure maps, high-resolution contact images capturing micro-geometry
and texture [124], vibration patterns, and even thermal contact properties (like with the Bio-
Tac sensor). Despite their benefits, significant challenges remain in tactile sensing, including
the complexity of integrating wiring and electronics into compact robotic hands, sensor
durability under repeated contact, reliable calibration, and the computational difficulty
of interpreting the rich, high-dimensional tactile data streams in real-time [124]. Formally
connecting haptic feelings, like “slippery” or “rough,” with natural language is achieved by
creating a latent space, where both the data from a robot’s touch sensors and the words used
to describe that feeling share the same feature vector. The primary technique involves using
a multimodal learning framework, which combines specialized tactile encoders—often
adapted from audio processing models because of their similar data structures—with
powerful large language models. Through a process called contrastive learning, the system
is trained to pull the vector for a specific touch signal (e.g., the high-frequency vibrations
from a rough surface) close to the vector for the corresponding word (“rough”) within this
shared space. This ensures that the robot’s sensory experience and human language are
quantitatively and qualitatively aligned. More advanced models enhance this process by in-
corporating material priors, which help the system make better guesses about new textures
it encounters, as demonstrated by frameworks like RETRO [125]. For these systems to work
effectively, they must be trained on large, specifically annotated multimodal datasets, such
as HapticCap [126], Touch-Vision-Language sets [127], and others that show success in
tasks like zero-shot texture recognition [128]. The ultimate goal, as explored in foundational
reviews of latent and embedding spaces, is to create a robust connection that allows for
two-way communication; a robot can not only generate a linguistic description of a new
surface it touches but can also interpret a verbal command, like “apply a gentle, smooth
motion,” and translate it into a specific physical action, a capability explored in research that
embeds force profiles and language together [129]. The success of this language-to-touch
alignment is then measured by analyzing how closely related sensory signals and their
word descriptors cluster together in the latent space, confirming that the system has built
a meaningful bridge between feeling and speaking, see Figure 6.

Auditory Sensing equips robots with the ability to perceive sound events and under-
stand spoken language, enabling richer interaction and broader environmental awareness.
This is critical for applications ranging from service robots responding to voice commands
or calls for help, to industrial robots detecting machine faults through characteristic sounds,
or mobile robots navigating based on auditory cues. Robots need to detect important envi-
ronmental sounds (alarms, impacts, breaking glass), robustly understand human speech
commands even in noisy conditions, localize sound sources to orient towards a speaker
or event, and maintain general environmental awareness through background sound
analysis. While single microphones can be used, microphone arrays (often in circular
or linear configurations) are commonly used in robotics, as they enable sound source
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localization through techniques like beamforming [130]. The raw data consists of audio
waveforms, which are often processed into spectrograms (time-frequency representations)
or specific acoustic features (e.g., Mel-Frequency Cepstral Coefficients—MFCCs) for tasks
like sound classification [131]. For speech interaction, output includes the recognized text
and potentially the estimated direction of the speaker. Key challenges include effectively
filtering background noise, separating overlapping sound sources (the “cocktail party
problem”) [132], and accurately interpreting the semantic meaning of diverse non-speech
sounds within the robot’s operational context. Transformer-based temporal models have
become foundational for aligning acoustic sequences with textual reasoning, enhancing
robotic perception in complex environments. These models utilize self-attention to cap-
ture long-range dependencies within sequential acoustic inputs, such as waveforms and
spectrograms, while cross-attention mechanisms synchronize these features with textual
representations for robust semantic grounding and reasoning [23]. Architectures such
as AudioCLIP exemplify this by creating a shared latent space for audio and text, en-
abling advanced tasks including acoustic event recognition, voice command interpretation,
and audio-driven robotic control. The integration of such temporal models is now a core
component of modern Multimodal Large Language Models (MM-LLMs), which unify
acoustic sensing with other modalities to perform sophisticated reasoning in dynamic
settings [28,30]. This synergy between acoustic data and language processing is critical for
improving robotic autonomy, supporting applications from speech-driven manipulation to
acoustic scene classification in embodied agents.

Thermal Sensors

Outputs: Thermogram

Applications: Human detection, Distinguish

between hot and cold food

Limitations: Low Resolution, Costly

Tactile Sensors

Outputs: Pressure Map

Applications: Grasp, Slip Detection

Limitations: Bulk, Wiring

Auditory Sensors

Outputs: Audio, Text, DOA

Applications: Voice Command, Alarm

Detection

Limitations: Noise, Overlap

Vision Sensors

Outputs: Point Cloud, Depth Map, RGB

Applications: Object Recognition, Navigate,

Pose Estimation

Limitations: Occlusion, Lighting

Algo

Figure 6. Multimodal robot perception: A robot equipped with visual, tactile, auditory, and thermal
sensors, illustrating their respective applications and limitations. Visual sensors aid navigation but
are hindered by occlusion; tactile sensors enable manipulation but are often bulky; auditory sensors
process voice commands but struggle with noise; and thermal sensors detect heat for safety but are
constrained by low resolution and cost (Image of central robot generated via ChatGPT-4o).

Thermal Sensing allows robots to perceive the environment based on temperature
distributions, offering unique advantages independent of visible light conditions. This is
particularly useful for detecting humans or animals reliably in darkness, fog, smoke,
or cluttered environments (e.g., in search and rescue scenarios or for human-aware
navigation) [133,134], monitoring machinery temperature for predictive maintenance, or
detecting overheating failures [133], identifying active heat sources or thermal leaks, and
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generally enhancing safety in HRI by detecting human presence when vision might fail.
The primary sensors are thermal cameras operating typically in the Long-Wave Infrared
(LWIR) spectrum (roughly 8–14 µm), capturing emitted rather than reflected radiation.
They produce thermal images (thermograms), where pixel intensity values correspond
directly to estimated surface temperatures. While powerful, thermal sensing in robotics
faces challenges: thermal cameras often have lower spatial resolution and slower frame
rates compared to visual cameras [135], interpreting thermal signatures requires contextual
knowledge (e.g., emissivity of different materials affects readings), and high-performance
thermal cameras can be costly, although smaller, lower-cost modules (like the FLIR Lepton
series) are becoming increasingly common for robotic integration [133]. Beyond basic
heat detection, a significant emerging trend involves leveraging Large Language Model
(LLM) priors to dramatically enhance the interpretability of low-resolution thermal im-
agery, a process known as semantic super-resolution. This approach enables a robot to infer
rich, detailed semantic context that goes far beyond what the raw thermal pixel data can
provide on its own. By fusing sparse thermal signals with other sensor modalities, such
as RGB cameras or LiDAR, and integrating the extensive world knowledge embedded
in LLMs, robots can effectively “upsample” the meaning of a scene, allowing for robust
object recognition and human presence detection even in visually degraded conditions,
such as complete darkness or thick fog. For example, pioneering frameworks like RTFNet
have demonstrated effective fusion of RGB and thermal data for segmentation [136], while
newer methods extend this concept by using LLM-guided attention to achieve superior
performance in safety-critical domains like autonomous driving, as explored in benchmarks
like OpenRSS [137]. This fusion capability, central to modern systems like ConceptFusion,
which creates open-set 3D maps from multiple sensors [51], promises to turn thermal
cameras from simple heat sensors into powerful tools for semantic scene understanding.
However, this advancement carries a critical safety caveat that must be addressed. The pri-
mary risk is that an LLM might “hallucinate” or confidently “fill in” details that are not
actually present, potentially obscuring small or partially occluded real-world hazards that
the low-resolution thermal sensor was incapable of detecting in the first place. This issue of
reliably grounding language-based inference to sparse physical data remains a significant
challenge, as noted in broader discussions on universal 3D scene dialogue [50]. Further-
more, the reliability of these models is constrained by the current scarcity of large-scale,
annotated thermal-language datasets needed for robust training and validation. Therefore,
for any safety-critical application, it is imperative that the implementation of semantic
super-resolution is balanced with rigorous uncertainty quantification and explicit fail-safe
mechanisms to ensure that inferred semantic details never override the detection of crit-
ical safety cues from raw sensor data. Future research must prioritize the development
of multimodal fusion architectures that not only incorporate LLM-driven insights but
also explicitly model uncertainty and are validated against curated datasets designed for
thermal-language alignment.

4. LLMs and 3D Vision Advancements and Applications
With the advent of advanced 3D data acquisition methods, the quality of 3D data

has improved significantly compared to earlier, noisier, and lower-quality datasets. Today,
high-performance 3D sensors (see Table 4) are available at increasingly affordable prices,
making high-quality data collection accessible to a much broader audience. However,
to fully harness the potential of this richer data, several challenges and bottlenecks still
need to be addressed. This section highlights some of the key advancements that have been
made in this area.
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4.1. Localization and Grounding

The foundational step in scene understanding for embodied agents is localization,
followed by classification. After knowing where it is and what objects are present, a
robot can begin to interpret its surroundings. This initial challenge has been extensively
addressed, with numerous fast and accurate models now available for segmenting images
(including RGBD and thermal data) and 3D point clouds from LiDAR sensors [48,138–140].
Once objects are localized and classified, the next hurdle is holistic scene understanding,
which goes beyond individual objects to the challenge of object grounding. Here, the robot
must not only recognize objects but also connect linguistic descriptions to specific physical
entities in its environment. This requires integrating language understanding with visual
and spatial context to precisely identify the referenced object.

Figure 7 illustrates two main strategies for object grounding: pre-explored and self-
exploring environments. The pre-explored approach leverages detailed prior information,
such as annotated maps or datasets, to quickly and efficiently locate objects-making it ideal
for static environments with minimal changes, as it offers predictable performance and
lower computational demands. However, it can struggle to adapt when faced with dynamic
or unfamiliar settings. In contrast, the self-exploration approach enables real-time adapta-
tion and learning, using techniques like Simultaneous Localization and Mapping (SLAM)
or reinforcement learning to navigate and understand complex, changing environments.
While this method is more flexible and robust, it typically requires more computational
resources and may be less accurate in highly unstructured scenes.

Figure 7. Bifurcation of Object Grounding Approaches: A visual comparison of pre-explored and
self-exploring environment strategies, highlighting their unique characteristics, methodologies,
and application scenarios.

Enforcing long-term temporal consistency when fusing Simultaneous Localization and
Mapping (SLAM) state with Large Language Model (LLM) memory is critical for robust 3D
object grounding in dynamic environments. A primary strategy involves incremental mem-
ory updates, where the SLAM state—encompassing robot pose, map features, and object
locations—is periodically integrated into the LLM’s memory while reconciling environmen-
tal changes, such as loop closures. This fusion is often managed through probabilistic filter-
ing techniques to handle uncertainty and drift, alongside cross-modal alignment, which
synchronizes geometric SLAM data with the LLM’s semantic embeddings. Advanced
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memory architectures, leveraging episodic memory or temporal attention mechanisms as
explored in foundational works on models like Palm-e [141] and CrossGLG [43], enable
coherent reasoning across extended time horizons. State-of-the-art frameworks such as
ConceptFusion [51] and OmniDrive [59] exemplify this by implementing semantic map
fusion, which allows an LLM to perform temporally informed spatial queries on updated
maps. While significant progress has been made, as also seen in efforts to empower LLMs
with temporal understanding of point clouds [48], key challenges persist in managing the
computational overhead and high-dimensional state representations for real-time perfor-
mance, pointing towards future research in efficient memory distillation and continual
learning paradigms.

Together, these methodologies provide a robust framework for tackling the diverse
challenges of object grounding. Advances in this area allow AI systems to link natural
language to specific objects and spatial locations, empowering robots to interpret, manip-
ulate, and interact with their environment based on verbal instructions. Recent research
has introduced a range of innovative approaches. For example, Ref. [52] frames object
grounding as an information retrieval problem, they fine-tune a pretrained VL backbone
(ViLBERT [142]) with 3D positional encodings for object proposals derived from RGBD
observations. To handle the challenge of scoring hundreds of thousands of 3D region
proposals, they introduce a “bag of tricks,” which includes: augmenting training with both
positive and negative viewpoints, adding contextual region features, limiting exploration
range using a path-length-based threshold, and grouping region proposals by viewpoints
for inference-time scoring. During inference, the agent performs local exploration using
a frontier-based strategy, samples region proposals at each viewpoint, and selects the
highest-scoring match to the language query. Similarly, D3Net [143] system processes
3D point clouds using a detector (PointGroup [144]) to generate object proposals, which
are then described by a speaker module that produces natural language captions. These
captions are matched to objects via a transformer-based listener that localizes referred
objects. Critically, the model is trained with a self-critical reinforcement learning objective
that uses listener feedback (grounding accuracy and classification) to refine the speaker’s
caption generation, encouraging more discriminative and spatially-aware descriptions as
described by the architecture in the Figure 8. This integration allows the model to leverage
partially annotated data, enabling semi-supervised learning. At the intersection of 3D
vision and language, large language models are employed not only to generate coherent
and context-sensitive captions but also to interpret and ground them within complex 3D
scenes, enhancing both understanding and localization of objects in natural language-based
robotic applications.

Detector

Scans

GT Captions

Scans

Object Proposals

Object Proposals

Speaker

Sampled
Captions

Listener

CiDEr
Reward

Localization
Reward

Localisation
Reward

REINFORCE

REINFORCE

Sampled
Captions

Figure 8. D3Net processes point clouds to generate object proposals, which the speaker captions.
The listener matches captions to objects, and REINFORCE propagates rewards from captioning and
localization. It also supports end-to-end training without ground truth descriptions (bottom pink
block) [143].
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Building on these, the Transcrib3D [145] methodology begins by applying a 3D object
detector (Mask3D [146]) to a colored point cloud, which is obtained via a LiDAR sensor.
This process extracts each object’s semantic category, position, size, and color, and then
transcribes them into a structured textual scene description. To focus reasoning, the system
filters this list to retain only objects relevant to the referring expression, reducing distraction
and computational load. As can be seen in the Figure 9, the core innovation lies in leveraging
LLMs as reasoning engines: the filtered textual scene and the referring expression are
combined into a prompt for the LLM, which iteratively generates and refines Python code
to perform necessary spatial calculations, interprets the results, and updates its reasoning
until it identifies the correct object. This process is enhanced by principle-guided zero-shot
prompting-embedding spatial heuristics into the LLM’s instructions- and a self-correction
fine-tuning mechanism that enables smaller models to approach the performance of large
ones. By using text as the bridge between visual perception and language reasoning,
Transcrib3D sidesteps the need for massive multimodal datasets.

Hybrid grounding systems offer a compelling solution by balancing the reliability of
pre-explored priors with the adaptability of real-time SLAM-based exploration, address-
ing the limitations inherent in using either approach alone [147]. These systems create
a synergistic framework by utilizing static, pre-annotated maps to constrain the SLAM
search space, thereby enhancing localization efficiency and reducing odometric drift. Si-
multaneously, they integrate live SLAM data, allowing the robot to adapt to dynamic or
unmapped environmental changes. The integration of Large Language Models (LLMs) fur-
ther empowers these hybrid systems by providing advanced contextual reasoning; LLMs
can interpret and reconcile information from both the static priors and dynamic sensory
inputs to achieve more robust semantic grounding and nuanced spatial understanding,
as demonstrated by recent methodologies like Transcrib3D and D3Net [143,145]. Looking
forward, a key research direction involves developing adaptive architectures that dynami-
cally weigh the influence of prior knowledge against real-time observations, potentially
guided by LLM-driven logic, to optimize computational efficiency and grounding accuracy
for next-generation robotic perception in diverse and evolving environments.
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Semantic Info
of all objects Object Filter
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of relevant
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Generate
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Debug Need info Output
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the corner of the room, between

the white and yellow desks?”

Prompt

Figure 9. Transcrib3D converts 3D spatial data into text to enable object grounding through language
models, using code generation and reasoning. It supports zero-shot and fine-tuned modes [145].
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4.2. Dynamic Scenes

As robots move from static to dynamic scene understanding, a key challenge is en-
abling them to interpret and predict changes in their environment over time-especially
human motion. This capability is critical for robots that will assist people in homes or facto-
ries, as it allows them to safely and effectively respond to human activities. Human-centric
dynamic scene understanding involves not only recognizing and categorizing movements,
but also interpreting interactions within a shared space [43,46,47,148,149]. Research in neu-
roscience has shown that humans recognize motion by focusing on a few key body joints,
a principle adopted in robotics through point-light motion capture systems. These systems
use reflective markers on major joints and infrared cameras to triangulate 3D positions
over time, producing stick-figure animations that capture the essence of movement [148].
Commercial systems like Vicon and OptiTrack are widely used for this purpose.

Inspired by these biological and technological insights, early robotics approaches
relied on low-level joint data for action recognition. However, more advanced methods
now integrate high-level semantic information from large language models (LLMs) to
improve action understanding. For instance, CrossGLG [43] centers around leveraging
LLMs to enrich vision-based one-shot 3D action recognition. It’s dual-branch framework
combines high-level semantic guidance from LLM-generated textual descriptions with
low-level skeletal motion data. During training, global textual prompts are used to identify
key joints relevant to an action (global-to-local), and then joint-level textual descriptions
interact with joint features to form a holistic action representation (local-to-global) as can
be understood from Figure 10. This cross-modal guidance enables the skeleton encoder to
focus on semantically critical motion cues, improving generalization. Importantly, LLMs
act as semantic translators, injecting human-level understanding into the vision model
without being needed at inference time. This is particularly important in applications like
autonomous vehicles, where predicting human actions, such as a pedestrian’s next move,
and that too in real time, is vital for safety.
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Figure 10. CrossGLG The model includes a Joint Importance Discrimination (JID) module to assess
joint importance from skeleton features. A cross-modal guidance branch aids skeleton feature
learning, but during novel class inference, only the skeleton encoding branch is used without
text [43].

Recent advances have extended beyond action recognition to encompass general
scene understanding in dynamic environments. The Grounded Pre-training for Scenes
(GPS) framework demonstrates that large-scale, open-vocabulary datasets can significantly
improve the generalization of 3D vision-language models, achieving state-of-the-art results
in 3D scene understanding tasks [46]. Pushing this further, Agent3D-Zero [47] method
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mimics human-like scene comprehension by analyzing images captured from strategically
selected viewpoints. The process starts with a bird’s-eye view (BEV) image enhanced by
the Set-of-Line Prompting (SoLP) technique, which overlays grid lines and coordinates
to guide the VLM in selecting informative camera angles. Crucially, the VLM serves not
just as a passive interpreter but as an active agent, planning which views to observe and
reasoning over them using its embedded world knowledge. This intersection of vision and
language allows Agent3D-Zero to bypass the need for extensive 3D annotations.

To address the complexity of real-world environments, ConceptGraphs [149] constructs
a dynamic, scene graph as the robot explores. It first employs class-agnostic segmentation
and vision-language foundation models to extract and fuse object-level features from RGB-D
images into a compact 3D scene graph. Each object node is semantically enriched using
LVLMs (e.g., LLaVA [150]) for multi-view captioning, which is then refined using LLMs
(e.g., GPT-4 [1]) to provide coherent object descriptions. Spatial relationships between objects
are inferred through LLMs by reasoning over object captions and 3D geometry, resulting in
semantically meaningful graph edges. This structured representation enables natural language
interaction with robots, allowing them to interpret complex open-ended queries.

Altogether, these developments are equipping embodied robots with the tools needed
to understand and operate in dynamic, human-centered environments-enabling safer, more
adaptive, and more intelligent robotic assistance.

4.3. Indoor and Outdoor Scene Understanding

One notable advantage of indoor environments is their clear division into purpose-
defined rooms, which allows robots to significantly narrow down their search space and
focus their computational resources. For example, if a robot is asked to fetch a toothbrush
and finds itself in the living room, it can infer that the probability of locating the toothbrush
there is extremely low. Instead of searching the entire living room, the robot can prioritize
moving toward the bathroom, where the item is most likely to be found. This targeted ap-
proach reduces unnecessary computation. To facilitate this, methods like QueSTMaps [49]
have been developed to generate queryable topological and semantic representations of
indoor 3D environments. The approach begins by reconstructing a 3D point cloud from
posed RGB-D images and introduces a novel multi-channel occupancy representation,
combining top-down density, floor, and ceiling occupancy maps, to enhance room and
transition region segmentation via a Mask R-CNN [151] instance segmentation network.
For semantic labeling, object instances within each segmented room are identified using a
3D semantic mapping pipeline, where each object is embedded with CLIP features. These
object-level CLIP embeddings are aggregated for each room and then processed through
a self-attention transformer, aligning the room representations with natural language de-
scriptions of the rooms. This alignment empowers the system to interpret and respond to
open-ended, room-level queries, leveraging the reasoning and open-vocabulary capabilities
of LLMs to bridge visual scene understanding and flexible language-based interaction,
achieving superior performance in room segmentation and classification on datasets such
as Matterport3D [152]. Such scene classification and semantic mapping approaches are
crucial for efficient indoor robot operation, as they allow robots to leverage contextual cues
and object-level information to infer room categories and functional areas [152].

Transitioning from indoor to outdoor environments introduces a host of new chal-
lenges. Outdoor spaces are generally less structured, combining natural and artificial
elements, and are subject to widely varying lighting conditions due to weather, time of
day, and shadows. Unlike the controlled lighting and confined spaces of indoor settings,
outdoor environments are vast and dynamic, requiring robots to use long-range sensors
such as LiDAR and GPS. The complexity and scale of outdoor scenes demand robust
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solutions for real-time understanding and localization. The task of 3D Visual Ground-
ing in the Wild (3DVGW), as introduced in [42]. Their approach addresses the challenge
of grounding natural language descriptions in real-world 3D scenes by utilizing multi-
modal inputs—namely, synchronized LiDAR point clouds, RGB images, and free-form
linguistic queries. To bridge the gap between these heterogeneous modalities, the au-
thors design a Triple-modal Feature Interaction (TFI) module that fuses semantic informa-
tion from a pretrained RoBERTa language model, geometric features from point clouds
(via PointNet++ [140]), and visual features from images (via ResNet34 [153]). Moreover,
to handle temporal dynamics—crucial in human-centric, changing scenes—they introduce
a Dynamic Visual Encoder (DVE) employing a transformer-based attention mechanism
to track motion across frames. This enables the model to align motion-related textual
cues (e.g., “a boy running with a red balloon”) with dynamic visual evidence. The fused
representation is passed through a DETR-style transformer decoder [154] to localize the
target object directly in 3D space. By integrating language-guided attention into a vision
pipeline, WildRefer demonstrates how LLMs can semantically anchor object detection
in dynamic 3D environments, paving the way for intelligent human-robot interaction in
open-world settings.

Other key subdomains of general scene understanding includes (a) Shape
Correspondence [155], enabling alignment and matching of 3D models, (b) Outdoor Scene
Understanding [42], focused on object and context recognition in open environments,
(c) Scene Question Answering [156], which facilitates contextual comprehension of visual
scenes through question answering, (d) Action Recognition [157], identifying human ac-
tions using spatial-temporal cues, (e) Indoor Scene Understanding [54], capturing room
layouts and object placements, and (f) 3D Object Classification [48], categorizing objects
from geometric data.

4.4. Open Vocabulary Understanding and Pretraining

Despite significant progress, a persistent challenge in robotics is that most models
are trained in a fully supervised manner on fixed datasets. This approach restricts their
ability to generalize to unseen objects or new environments, often requiring fine-tuning
or even retraining for each novel scenario. Collecting new datasets for every unfamiliar
object or context is not only labor-intensive but also limits scalability. To address these
issues, the field is moving toward open-vocabulary understanding, which includes both
open-vocabulary grounding and classification, enabling robots to handle a broader range
of queries and objects without explicit retraining [158].

Visual Programming [158] introduces an innovative solution by leveraging large
language models (LLMs) to generate structured programs for open-vocabulary object lo-
calization. Instead of relying on traditional supervised learning with extensive object-text
annotations, the authors employ LLMs to interpret natural language queries and generate
modular visual programs that decompose complex spatial reasoning tasks. These visual
programs, comprising view-independent, view-dependent, and functional modules, are
automatically translated into executable Python code that interacts with 3D scene data
(such as point clouds and detected objects). The LLMs are crucial for parsing free-form
descriptions (Figure 11), identifying relevant objects and spatial relations, and orchestrating
the logic needed for localization. A key technical innovation is the language-object correla-
tion (LOC) module, which fuses geometric features from 3D point clouds with appearance
cues from 2D images, enabling open-vocabulary object recognition and precise grounding.
This approach leverages LLMs’ reasoning and planning abilities to bridge the gap between
language and 3D vision, allowing the system to generalize to unseen categories and spatial
relations without additional training or annotations.
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Figure 11. (a) Supervised 3DVG uses 3D scans and text queries with object-text annotations.
(b) Zero-shot 3DVG relies on LLM-generated programs (target, anchor, relation) to locate objects,
excelling at spatial reasoning without annotations [158].

A notable approach in this space is Context-Aware Alignment and Mutual Masking
for 3D-Language Pre-Training, which addresses challenges such as sparse point clouds and
relational ambiguities. Its Context-Aware Spatial-Semantic Alignment (CSA) aligns spatial
relationships in 3D with textual semantics to reduce ambiguity, while Mutual 3D-Language
Masked Modeling (M3LM) jointly masks 3D proposals and language tokens, boosting
cross-modal learning. This framework has demonstrated strong generalization across tasks
such as 3D visual grounding and question answering, consistently outperforming baselines
on datasets like ScanRefer [159] and ScanQA [156,160].

Similarly, ULIP [55] aims to learn a unified representation for images, text, and 3D
point cloud data. It constructs triplets from CAD model meshes, using randomized surface
sampling for point clouds, multi-view imaging, and text annotations for descriptions.
Through contrastive learning, the 3D encoder is trained to align with the CLIP [23] feature
space, making ULIP agnostic to the underlying 3D backbone architecture (e.g., [62,139,140]).
Pre-training on large-scale datasets like ShapeNet55 allows ULIP to achieve state-of-the-
art results in both standard and zero-shot 3D classification tasks, as demonstrated on
benchmarks such as ModelNet40 [161] and ScanObjectNN [162].

Large Language Models (LLMs) effectively handle ambiguous open-vocabulary seg-
mentation queries and mitigate semantic drift by integrating advanced reasoning with
spatial-semantic constraints and programmatic decomposition. To overcome the broad
interpretations and potential for drift inherent in underspecified language, frameworks
such as Transcrib3D [145] convert 3D spatial data into structured text, allowing the LLM
to iteratively generate and refine executable code guided by spatial heuristics that con-
strain the query’s scope and prevent semantic deviation. Similarly, visual programming
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approaches translate ambiguous natural language into modular, executable programs that
precisely aggregate spatial and semantic cues, ensuring robust object grounding [158]. This
capability is further strengthened by context-aware alignment models like CSA and M3LM,
which anchor textual descriptions to 3D spatial relations, thereby reducing relational ambi-
guity and improving semantic consistency across modalities [160]. The fusion of language
with multimodal data, demonstrated in works like D3Net and WildRefer, and the use of
structured dynamic scene understanding, as seen in ConceptGraphs, also play a crucial
role by using established spatial relationships to disambiguate queries [42,143,149]. Collec-
tively, these methods showcase how LLMs, when combined with programmatic reasoning
and tight multimodal integration, can maintain semantic fidelity and perform accurate
segmentation without drifting towards irrelevant interpretations.

Collectively, these open-vocabulary approaches are paving the way for more flexible,
adaptive, and scalable robotic systems that can operate in diverse, real-world settings
without requiring exhaustive retraining or manual data collection.

4.5. Text to 3D

Most of the models discussed so far rely on fully supervised training, which demands
large annotated datasets to achieve reasonable performance. This becomes especially
challenging in the context of 3D scene understanding, where the diversity of possible
outputs, ranging from classification and localization to planning, makes comprehensive
data collection both time-consuming and expensive. Unlike 2D computer vision, where
abundant image data is readily available online, 3D datasets are scarce and difficult to
generate, even with synthetic modeling, which itself is a slow and resource-intensive
process. To address this bottleneck, data generation models, particularly those leveraging
text-to-3D technology, have emerged as a promising solution. These models can synthesize
detailed and semantically rich 3D environments from natural language descriptions, thus
providing valuable resources for training and evaluating robotic vision systems.

Text-to-3D models, originally developed for applications in movies and games, are
now being adapted for 3D computer vision research. For instance, DreamFusion [163]
utilizes Score Distillation Sampling (SDS) to optimize Neural Radiance Fields (NeRFs) [164]
using pretrained 2D diffusion models. In this process, a NeRF is randomly initialized and
iteratively refined using multiview images under the guidance of a 2D diffusion model,
resulting in a 3D representation that can render the object from arbitrary viewpoints or be
exported as a 3D model. While this approach effectively bridges the gap between 2D and 3D
data without requiring large-scale 3D datasets and offers high-fidelity reconstructions ideal
for detailed scene understanding, it has limitations. Specifically, DreamFusion requires
training a separate NeRF for each object or scene, and these extensive per-scene training
requirements limit its generalizability and real-time applicability in dynamic robotic en-
vironments. In contrast to NeRFs, other methodologies present distinct advantages for
robotics. Gaussian splatting, seen in models like GALA3D [165], provides a compelling
balance between rendering quality and computational efficiency, which is critical for rapid
scene synthesis. Diffusion models, such as GPT4Point [166], excel at generating diverse
3D point clouds with fine-grained control, benefiting robotic manipulation and object
recognition. However, procedural generation, exemplified by 3D-GPT [64], which uses
large language models to programmatically create and edit 3D content, currently represents
a highly relevant paradigm for robotics due to its unparalleled controllability, interpretabil-
ity, and seamless integration with existing robotic simulation and planning toolchains. Thus,
while Gaussian splatting and diffusion models show promise for real-time applications and
NeRFs remain valuable for offline modeling, the procedural approach’s alignment with
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task-specific, iterative environment modeling makes it exceptionally suitable for current
robotic systems.

Other approaches, such as GPT4Point [166], directly align features from text to
3D point cloud space. GPT4Point employs a two-stage architecture: first, it uses the
QFormer [167] framework for feature alignment, then applies point diffusion models for
controllable text-to-3D generation. While DreamFusion excels at realistic texture rendering,
GPT4Point is particularly well-suited for tasks that require precise point-cloud recognition.

Beyond object-level generation, some models focus on designing entire 3D scenes from
natural language [165,168,169], with interactive capabilities that allow users to iteratively
modify the scene during generation [168]. For example, 3D-GPT [64] decomposes the
complex task of 3D scene synthesis into a planning–reasoning–execution pipeline powered
by LLMs. Three specialized agents—task dispatch, conceptualization, and modeling—work
in unison (Figure 12): the task dispatch agent identifies the relevant procedural functions
needed based on user instructions; the conceptualization agent enriches vague scene
descriptions into detailed visual specifications; and the modeling agent translates these
into executable Python code for Blender using the Infinigen library. Rather than generating
raw 3D geometry directly, LLMs are tasked with understanding the semantics of user input
and leveraging rule-based procedural generation, which enables fine-grained control over
parameters such as shape, texture, lighting, and animation. This synergy between language
understanding and vision tool manipulation demonstrates how LLMs can act as intelligent
controllers within traditional 3D software ecosystems.

The interplay between methodologies, such as NeRFs in DreamFusion [163], Gaussian
splatting in GALA3D [165], and procedural generation in 3D-GPT [64], demonstrates the
rapid advancement and increasing sophistication of text-to-3D research. Looking ahead,
future work will likely focus on improving model resolution and efficiency, leveraging
higher-capacity language models, and exploring new applications in interactive robotics
and augmented reality.

Task Dispatch Agent

Conceptualisation Agent

Modeling Agent

Python Code

Procedure Function Set

3D Model

“Translate the scene into a
winter settings.”

1st Instruction 2nd Instruction nth Instruction

“A misty spring morning,
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Figure 12. 3D-GPT uses large language models (LLMs) within a multi-agent framework, where three
cooperative agents work together to generate 3D content procedurally. These agents reference docu-
mentation from the procedural generator, determine the necessary function parameters, and generate
Python code. This code interacts with Blender’s API to create and render 3D models [64].



Sensors 2025, 25, 6394 26 of 51

4.6. Multimodality

Why limit ourselves to just vision, when humans naturally rely on a rich combination
of senses, like touch, temperature, and sound, to fully understand their surroundings?
The same philosophy is now being adopted in robotics, leading to the development of
multimodal systems that integrate multiple types of sensory input for a more robust and
adaptable perception of the world [44,45,48,50,51]. By combining data from different
modalities, robots can overcome the limitations of vision alone and extend their capabilities
far beyond simply “seeing” a scene.

For example, in foggy conditions where RGBD cameras struggle, thermal imaging
(using infrared rays) can penetrate the fog and provide a clear thermogram, allowing the
robot to perceive its environment when vision fails. Similarly, if a robot is asked to fetch hot
food, thermal vision can help it distinguish hot items from cold ones-something that would
be difficult with vision alone. There are numerous scenarios where alternative sensory
data, such as tactile, auditory, or thermal input, can significantly impact perception and
decision-making.

As shown in Figure 13 Modern multimodal approaches typically use dedicated en-
coders for each input type (e.g., LiDAR, RGB, thermal, tactile), followed by adapters
that map the encoded data into a shared latent space for reasoning within a large lan-
guage model (LLM) [48,50]. LiDAR-LLM, for instance, uses a view-aware transformer
and a three-stage training process to make raw LiDAR data more interpretable, which is
particularly valuable for autonomous vehicles and robotic navigation [45]. Alternatively,
3DMIT bypasses explicit alignment by directly embedding 3D scene information into lan-
guage prompts, enabling multi-task scene understanding-such, such as 3D visual question
answering, captioning, and grounding, without the need for complex cross-modal mapping.
This direct approach has shown strong performance, even surpassing models that require
explicit 3D-language alignment [44].
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Figure 13. General Architecture of an MLLM: A framework where inputs like images, video, audio,
and 3D point clouds are processed by specialized encoders (Visual: [23,37,170,171], Audio: [172–175],
3D: [55,176]). These encoded features are aligned into a unified latent space via projectors (e.g., MLP,
Cross-attention) and then fed into an LLM backbone (e.g., [2,3]). This enables multimodal un-
derstanding and generation tasks like image synthesis or cross-modal reasoning through its
input/output projectors.

ConceptFusion [51] presents a novel methodology that tightly integrates large vision-
language foundation models (like CLIP [23], DINO [177], and AudioCLIP [178]) with
dense 3D mapping systems to build open-set, multimodal 3D scene representations. At its
core, the method fuses pixel-aligned semantic features, extracted in a zero-shot fashion
from pre-trained foundation models, directly into 3D maps constructed using traditional
SLAM techniques. These maps can be queried across modalities—text, images, audio,
and clicks—enabling powerful open-set recognition and spatial reasoning. To bridge the
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gap between global (image-level) and local (region-level) context, ConceptFusion introduces
a feature fusion mechanism that combines CLIP’s global embeddings with region-specific
embeddings derived from class-agnostic object proposals. This enables robust localization
of long-tailed and fine-grained concepts without any finetuning. Furthermore, LLMs are
employed not just for parsing complex natural language queries but also for compos-
ing symbolic 3D spatial functions (e.g., “how far is X from Y?”) over the semantic map,
demonstrating a powerful intersection of LLMs and 3D visual perception for downstream
embodied reasoning and robotics tasks.

While Multimodal Large Language Models (MLLMs) integrated with diverse sensory
inputs hold promise for robust robotic perception, their resilience under adversarial sensor
corruption presents a critical challenge for safe deployment. Phenomena such as LiDAR
spoofing, where malicious actors inject false spatiotemporal signals, and audio jamming,
which disrupts environmental sound recognition, can severely degrade the reliability of
perception modules feeding into the MLLM’s reasoning pipeline. Although multimodal
fusion theoretically offers robustness through cross-modal consistency checks, empirical
vulnerabilities persist, driving research into countermeasures like adversarial training
and data augmentation. For example, recent frameworks such as LiDAR-LLM [45] show
improved noise tolerance through advanced transformer-based encoding, while systems
like ConceptFusion [51] and OmniDrive [59] leverage sensor redundancy to detect incon-
sistent signals. However, progress is hindered by significant open challenges, including the
scarcity of annotated adversarial datasets, the difficulty of real-time anomaly detection in
complex sensor streams, and the opaque reasoning pathways of LLMs under corrupted
conditions. Therefore, promising future research trajectories involve creating adaptive
fusion strategies that dynamically weigh sensor trustworthiness, developing explainable
anomaly detection mechanisms, and establishing standardized benchmarks for evaluating
the adversarial robustness of embodied agents.

Ultimately, integrating multiple sensory modalities-much like humans do-enables
robots to operate more reliably in complex, dynamic environments, adapting to challenges
that would confound single-modality systems. This multimodal perception is key for the
next generation of intelligent, human-assistive robots.

4.7. Embodied Agent

In recent years, the integration of large language models (LLMs) with 3D vision sys-
tems has driven remarkable progress in robotics, especially for tasks related to perception,
manipulation, and navigation [179,180]. Figure 14 describes the basic pipeline for all embod-
ied agent robots which perceive their environment, process the information, and take action
based on that. By harnessing the reasoning and language understanding abilities of LLMs,
robots can now interpret complex instructions, recognize and localize objects, and perform
sophisticated actions within dynamic, real-world 3D environments [59,149,179]. This fusion
of technologies has led to the development of fully autonomous embodied agents-intelligent
systems with a physical or simulated body that can perceive, interact with, and act upon
their environment [63,181,182]. Unlike traditional software agents that operate solely in
digital domains, embodied agents exist in spatial worlds, integrating sensors and actuators
to perceive and manipulate their surroundings [59,149]. In observed environments, object
localization is often simplified to selecting from a list of detected objects, and the ability of
these systems to generalize is rigorously tested in unobserved settings [180]. Autonomous
vehicles are a standout application area, where the integration of LLMs and 3D vision has
enabled significant advances in perception and decision-making [59].
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Figure 14. Generic Robotic Perception Pipeline: A typical perception loop where a robot gathers
sensor data from its environment, which is then fused into a structured representation (e.g., a 3D
model or panoptic map). Deep learning models process this representation to gain environmental
understanding and make decisions, creating a continuous cycle that repeats until the task is complete.

A notable example is PolarNet [56], which advances language-guided robotic manipu-
lation by leveraging point cloud representations to encode 3D spatial information more
effectively than traditional 2D image-based methods [141,183–186]. PolarNet reconstructs
point clouds from multi-view RGB-D images and utilizes the Open3D toolkit for downsam-
pling and filtering. The system encodes point clouds using PointNext [62] and processes
language instructions with a CLIP encoder [23]. These representations are then fused using
self-attention and cross-attention networks [36], and decoded through an MLP to predict
robot actions in 7 degrees of freedom (7-DoF): Cartesian coordinates axyz

t ∈ R3, rotations as
quaternions aq

t ∈ R4, and gripper open/close states ao
t ∈ 0, 1. This comprehensive action

space enables robots to execute complex manipulation tasks with high precision. The gen-
eralization ability of PolarNet is further supported by studies on point cloud normalization
and sim-to-real transfer [63,181,182]. Meanwhile, works such as ConceptGraphs [149]
and OmniDrive [59] highlight how LLMs can enhance both reasoning and perception,
with ConceptGraphs focusing on object manipulation and OmniDrive on navigation and
decision-making in autonomous driving. Datasets like HM3D-AutoVLN [180] and systems
like PolarNet [56] underscore the importance of large-scale data generation and 3D spatial
encoding for tackling challenges of scalability and precision in embodied AI.

While integrating 3D data and LLMs has advanced autonomous driving, real-world
outdoor driving presents unique challenges that go beyond simply perceiving proximity
and making reactive decisions. To safely navigate, vehicles often need a broader, long-
range view to anticipate and respond to distant events, but this introduces new issues such
as occlusions, fog, and smog, which can severely limit the effectiveness of conventional
vision and depth sensors [136,137]. To overcome these limitations, sensor fusion-combining
multiple sensing modalities-becomes essential.

Thermal imaging, for example, is increasingly recognized as a critical component in
autonomous driving systems. Unlike visible light, infrared radiation has a longer wave-
length that allows it to penetrate fog, smog, and darkness, providing clear detection of
objects, pedestrians, and animals even in low-visibility conditions [136,137]. This capability
greatly enhances safety and situational awareness, as thermal sensors can reliably identify
hazards that RGB cameras might miss [136,137]. Recent models such as OpenRSS [137]
and RTFNet [136] demonstrate the effectiveness of fusing RGB and thermal data, achieving
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robust semantic segmentation and object detection in challenging environments by leverag-
ing lightweight cross-modal fusion techniques and efficient encoder-decoder architectures.

Beyond visual data, tactile sensing is gaining traction for its ability to provide vehicles
with a “sense of touch.” Tactile sensors can detect differences in road texture, surface grip,
and even tire conditions, offering insights that vision alone cannot provide [187]. This infor-
mation is particularly valuable when visually similar surfaces have vastly different physical
properties, such as wet versus dry pavement. By integrating tactile data, autonomous
vehicles can better assess road safety and adapt their driving strategies accordingly [187].

Audio data also plays a complementary role, especially when objects are occluded
from view. Acoustic signals can help identify activities or hazards, such as approaching
emergency vehicles or construction, enabling vehicles to react even without direct visual
confirmation [187]. Similarly, RGB-D images, while useful, are highly dependent on
ambient lighting; thermal and other non-visual modalities can fill in these gaps during
nighttime or adverse weather [137].

Recent research has explored aligning 3D point cloud representations with natural
language, and some models even use 2D images as a bridge for this alignment [188–190].
However, the integration of additional modalities is proving vital for addressing the
limitations of vision-only systems. For instance, OpenRSS [137] introduces a Thermal
Information Prompt to inject thermal data into vision encoders, while RTFNet [136] employs
dual encoders for RGB and thermal fusion, achieving state-of-the-art segmentation in urban
driving scenarios.

The MultiPLY model [187] exemplifies the next step in multi-sensory embodied AI
that actively explores and interacts with its surroundings, rather than passively receiving
data, using a large-scale dataset that includes tactile and temperature information alongside
visual data. The system constructs object-centric representations of the 3D world, lever-
aging pretrained LLMs (e.g., LLaVA [150]) to encode and reason over both abstract visual
features and real-time sensory feedback. By introducing structured action tokens (such
as <TOUCH> or <HIT>) and state tokens (e.g., <TEMPERATURE>, <IMPACT SOUND>),
the model enables bidirectional communication between language understanding and
physical interaction, allowing the LLM to guide exploration and update its internal state
based on multisensory observations.

Autonomous vehicles predominantly rely on LiDAR sensors to perceive their sur-
roundings, primarily because LiDAR provides highly accurate and reliable depth estimates,
which are crucial for ensuring safety in self-driving scenarios where even a single error can
have serious consequences [59]. Compared to RGB-D cameras, LiDAR systems are less
affected by changing lighting conditions and can deliver precise range data over longer
distances, making them particularly well-suited for outdoor environments and high-speed
navigation. While RGB-D sensors offer dense texture and are effective in controlled indoor
settings, their depth accuracy and performance degrade significantly in bright sunlight
or at greater distances, limiting their utility for outdoor autonomous driving. As a result,
most research and practical deployments in autonomous driving leverage LiDAR as the
primary input modality.

A notable example is OmniDrive [59], which enters by integrating advanced vision
technologies with LLMs to enable robust 3D perception, reasoning, and planning for au-
tonomous driving. The core approach employs a novel 3D multimodal LLM architecture
inspired by Q-Former [167], where multi-view, high-resolution images are processed by
a shared visual encoder and then compressed into a set of sparse queries augmented
with 3D positional encoding. These queries jointly encode dynamic objects and static
map elements, effectively creating a condensed and spatially-aware world model. This
representation is then aligned with an LLM, which uses its strong reasoning and language
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capabilities to perform complex tasks such as scene description, traffic regulation under-
standing, 3D grounding, counterfactual reasoning, and motion planning. The system is
trained in two stages: first, 2D pretraining leverages large-scale image-text pairs to align
visual and language features, followed by 3D finetuning that enhances spatial localization
and temporal modeling for video input Looking ahead, the developers of OmniDrive plan
to validate its robustness and scalability on larger datasets such as nuPlan [191], which
offers extensive real-world driving data and a comprehensive evaluation framework for
autonomous vehicle planning.

For safety-critical open-vocabulary understanding applications of embodied agents,
it is necessary to achieve sub-100 ms reasoning latencies, but it remains a significant chal-
lenge. The primary bottleneck stems from the formidable computational demands of
processing high-dimensional, multimodal inputs, such as 3D point clouds, and executing
complex reasoning within large language models (LLMs). Current systems often rely on
multi-stage pipelines for perception and planning, which introduce significant latency over-
heads that are incompatible with hard real-time constraints (Section 7). Although research
into end-to-end architectures that directly embed 3D scene information into lightweight
prompts Section 4.4 and efficient fusion techniques like Vision-and-Language Transformers
(VILT) [26] or adapter modules show promise, but these approaches have yet to consis-
tently meet the stringent sub-100 ms threshold. Future progress towards bridging this gap
will likely depend on innovations in real-time adaptive architectures, policy steering via
latent alignment [22], and aggressive hardware-software co-design tailored for accelerated,
high-fidelity reasoning (Section 7).

Overall, advancing autonomous driving requires moving beyond traditional vision
and depth sensing to embrace a broader spectrum of modalities, including thermal, tactile,
audio, and more. These innovations collectively enhance perception, safety, and adapt-
ability, ensuring autonomous systems can operate reliably in the complex, unpredictable
conditions of real-world driving environments [136,137,187–190].

Collectively, these models demonstrate the rapidly expanding capabilities of LLMs
and related technologies in advancing 3D scene understanding across various domains.
By integrating spatial data with language, recent frameworks have achieved notable im-
provements in accurately interpreting and reasoning about complex 3D environments. This
synergy not only boosts the precision and adaptability of scene understanding but also
broadens the scope of practical applications, ranging from robotics and autonomous vehi-
cles to urban planning and smart environments. As the field progresses, future research will
likely focus on creating more robust and versatile autonomous agents capable of seamlessly
transitioning between tasks such as manipulation, navigation, and driving, dynamically ad-
justing to the needs of their environment. Hardware platforms like TurtleBot [52], LoCoBot,
and Fetch exemplify the kinds of robots that can embody these advanced models, serving as
practical testbeds for developing and evaluating next-generation 3D scene understanding
and embodied intelligence.

5. Datasets
Datasets are building blocks of any machine learning or deep learning model. They are

like the alphabet, using which the model learns to spell words and sentences. Having high-
quality and big datasets is therefore crucial for training any neural network architecture.
The better the quality of our training dataset the better the quality of our model will be.
In this section, we explore the various datasets that are available out there, along with
some of their statistics (number of scenes) and attributes (kind of scenes) for training robots
for various tasks of scene understanding, grounding, and visual question answering for
an embodied agent. Table 6 gives statistics for various available 3D datasets.
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Table 6. Summary of key statistics and features of various benchmark 3D datasets, covering applica-
tions like grounding, scene reconstruction, semantic annotations, and embodied AI training.

Datasets Remarks

ScanNet [192] 2.5M views in 1513 scenes with 3D poses, reconstructions, and semantic annotations.
Sr3D 1 [193] 83,572 synthetic utterances. Built on top of ScanNet [192].
Sr3D+ 1 [193] 83,572 synthetic utterances. Enhanced with fewer-distractor utterances.
Nr3D 1 [193] 41,503 human utterances. Built on top of ScanNet [192].
ScanRefer 1 [159] 51,583 descriptions of 11,046 objects from 800 ScanNet scenes [192].
3RScan [194] 1482 RGB-D scans of 478 environments with 6DoF mappings and temporal changes.
ScanScribe 1 [195] 2995 RGB-D scans of 1185 scenes with 278K paired descriptions.
KITTI360Pose 1 [196] 150K+ images, 1B 3D points with coherent 2D-3D semantic annotations.
ScanNet++ [197] 460 scenes, 280,000 captured DSLR images, and over 3.7M iPhone RGBD frames.
ARKitScenes [198] 5047 captures of 1661 unique scenes with oriented Bounding Box of room-defining objects.
HM3D [199] 1000 3D reconstructions of multi-floor residences and private indoor spaces.
MultiScan [200] 273 scans of 117 scenes with 10,957 objects, part-level semantics, and mobility annotations.
Structured3D 2 [201] Comprises 3500 scenes, 21,835 rooms, 196K renderings, with “primitive + relationship” structures.
ProcTHOR 2 [202] 10,000 procedurally generated 3D scenes for training embodied AI agents.
Matterport3D [152] 10,800 panoramas, 194,400 RGB-D images of 90 scenes with 2D/3D semantics.
ModelNet 2 [161] 151,128 3D CAD models belonging to 660 unique object categories.
Kaist [203] 95K color-thermal image pairs with 103K annotations and 1182 unique pedestrians.
ScanObjectNN [162] 15,000 3 in 15 categories with point-based attributes and semantic labels.
ScanQA [156] 40K question-answer pairs from 800 indoor scenes drawn from the ScanNet [192] dataset.
SQA3D [204] 650 scenes [192] with 6.8K situations, 20.4K descriptions, and 33.4K reasoning questions.
SUNCG 2 [205] 45,622 scenes, 49,884 floors, 404,058 rooms, and 5.7M object instances across 84 categories.
REVERIE [206] 10,318 panoramas of 86 buildings with 4140 objects, and 21,702 crowd-sourced instructions.
FAO [207] 1500 aligned IR-visible image pairs across 14 classes, covering harsh conditions.
FMB [208] 4K sets of annotated instructions with 40K trajectories.
nuPlan [191] 1282 h of driving scenarios with auto-labeled object tracks and traffic light data.
NTU RGB+D 120 [209] 114K+ RGB+D human action samples, 120 action classes and 8M+ frames.
STCrowd [210] Synchronized LiDAR and camera data with 219K pedestrians, 20 persons per frame.
FLIR ADAS [211] RGB + Thermal frames, for various weather conditions for ADAS.
3D-Grand [61] 40,087 household scenes paired with 6.2 million densely grounded scene-language instruction.
EmbodiedScan [212] Over 5k scans, 1M egocentric RGB-D views, 1M language prompts, 160k 3D-oriented boxes for 760 categories.
M3DBench [213] Over 320K language pairs with 700 scenes with a special prompting that interweaves language with visual cues.
SceneVerse [46] 68K scenes with 2.5M vision-language pairs generated using human annotations and scene-graph-based approach.
PhraseRefer [214] 227K phrase-level annotations from 88K sentences across the Nr3D, Sr3D, and ScanRefer [193] datasets.
CLEVR3D [215] 171K questions about object attributes and spatial relationships, generated from 8771 3D scenes.

1 Generally used for grounding; 2 Synthetic Dataset; 3 The number provided in the paper is an approximation.

Typical 2D Vision (Images) Datasets have number of data points in Millions (M) and
Billions (B) [23,216–221], but on the other hand as can be seen from Table 6 that 3D datasets
are much smaller in size as compared to 2D datasets with number of datapoints being
in Thousands (T/K). Due to this, the current state of the art (SOTA) for 2D VLMs is way
ahead of current 3D VLMs in terms of accuracy and precision. This problem of scarcity of
available 3D Data for training models is further discussed in Section 7.

There might exist a distributional bias in the dataset, such as imbalances between
urban/rural or day/night scenes that degrade 3D-LLM generalizability, so to mitigate
these, a combination of dataset-level and model-level strategies is essential. At the dataset
level, this involves not only curating diverse real-world data but also enriching train-
ing distributions with rare scenarios through synthetic data generation via text-to-3D
models [163,166] and applying specialized point cloud augmentations. At the model level,
domain adaptation techniques are used to align feature distributions and minimize discrep-
ancies between different conditions [222,223], while the fusion of complementary sensor
modalities like LiDAR, camera, and thermal data enhances perceptual robustness against
environmental shifts [224,225]. Crucially, leveraging the broad contextual knowledge from
large-scale pretraining for open-vocabulary and zero-shot learning enables generalization
to unseen conditions, directly countering the effects of biased training data, as exemplified
by foundational models like CLIP [23] and unified frameworks such as ULIP [55].
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6. Evaluation Metrics
Evaluation Metrics play a crucial role in training any deep learning/machine learning

model. It can be a loss function or reward function, which essentially acts as a feedback for
the model on its performance, based on which the model weights are updated after each
iteration while training. In this section, we discuss a few of those evaluation metrics used
in the literature while training their models.

To evaluate the sentence similarity at the word level, we can use metrics like [226–228]
as used in [59]. Ref. [226] is an automatic metric for Machine Translation (MT) evaluation,
which has been demonstrated to have high levels of correlation with human judgments of
translation quality, outperforming the then SOTA IBM’s Bleu [229] metric—can be used as
a target function in parameter optimization training procedures [226]. Metric for Evaluation
of Translation with Explicit ORdering or METEOR [226] evaluates machine translation
by comparing a candidate with reference translations, and a sequence of word-mapping
modules incrementally produces this alignment. It computes unigram precision P and
recall R as P = matched words

candidate words and R = matched words
reference words , combining them into a weighted

harmonic mean given by Equation (3).

Fmean =
(1 + α) · P · R

α · P + R
with α = 0.9 (3)

A fragmentation penalty Pfrag = γ · fragβ and

frag =
chunks

matched words

0 < γ < 1, accounts for maximum penalty and β determines the functional relationship
between fragmentation and penalty. The final score is METEOR = Fmean · (1− Pfrag). It incor-
porates linguistic features like stemming, synonyms, and penalizes disordered alignments.

The CIDEr [228] (Consensus-based Image Description Evaluation) metric evaluates
how well a candidate sentence describes an image by comparing it to a set of reference
sentences. It focuses on n-grams and incorporates a Term Frequency-Inverse Document
Frequency (TF-IDF) weighting scheme. Each sentence (candidate or reference) is repre-
sented using a set of n-grams, where an n-gram is an ordered sequence of n words. For this
metric, n-grams up to a length of 4 are used (i.e., unigrams, bigrams, trigrams, and 4-g).
The weight of an n-gram ωk is computed using TF-IDF, which accounts for its importance
within the dataset. The TF-IDF vector is calculated using the Equation (4).

gk
(
sij
)
=

hk
(
sij
)

∑ωl∈Ω hl
(
sij
) log

 I

∑Ip∈I min
(

1, ∑q hk
(
spq
))
 (4)

where hk(sij) is the frequency of the n-gram ωk in sentence sij, I is the total number of images
in the dataset, Ω is the vocabulary of all n-grams, and min(1, ∑ hk(spq)) indicates whether
ωk is present in the reference set. The similarity for n-grams of length n is calculated using
the average cosine similarity between the candidate and reference sentences. The cosine
similarity is calculated using Equation (5).

CIDErn(ci, Si) =
1
m ∑

j

gn(ci) · gn(sij)

∥gn(ci)∥∥gn(sij)∥
(5)

where gn(ci) is the TF-IDF vector for n-grams of the candidate sentence ci, gn(sij) is the
TF-IDF vector for n-grams of the reference sentence sij, and m is the number of reference
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sentences. The final CIDEr score, which combines scores from different n-gram lengths, is
given by Equation (6).

CIDEr(ci, Si) =
N

∑
n=1

wn · CIDErn(ci, Si) (6)

where wn is the weight for each n-gram length, typically wn = 1/N (i.e., uniform weight-
ing), and N = 4 is the maximum n-gram length. The TF component captures how frequently
an n-gram appears in the candidate/reference sentence, while the IDF discounts n-grams
that are common across all images, emphasizing visually descriptive and rare words. Co-
sine similarity measures alignment between the candidate and reference sentences in terms
of n-gram usage. This metric is particularly effective for evaluating image descriptions as it
balances precision and recall while penalizing generic terms.

To evaluate the performance of the counterfactual reasoning, we can use any general-
purpose LLM like [1,6,11] to extract keywords based on the predictions. Then the extracted
keywords can be compared with the ground truth to calculate the Precision and Recall for
each category. This method has been implemented in OmniDrive [59], where they use it
to predict the category of accident (safety, collision, running a red light, out of drivable
area, etc.).

The Top-k A metric is a common evaluation measure used in machine learning tasks,
such as those used in [190], particularly in classification and ranking problems, to assess the
performance of a model. It determines how often the correct label or item appears within
the top k predictions made by the model. Normally, for a given test sample, the model
produces a ranked list of predictions, and the Top-k metric checks if the ground truth label
is among the top k predictions. The Top-k metric is particularly useful in scenarios where
multiple predictions are acceptable, or when the model’s top choice may not always be
correct, but the correct answer is still ranked highly. By adjusting k, the metric can provide
insights into the model’s ability to rank relevant items near the top of its predictions,
making it a flexible and informative evaluation tool.

Cross-entropy loss is a widely used loss function for classification tasks like [53,230],
particularly in scenarios involving probabilistic models. It measures the dissimilarity
between the true label distribution and the predicted probability distribution produced
by the model. Given a dataset with N samples, the cross-entropy loss is computed by
Equation (7).

LCE = − 1
N

N

∑
i=1

C

∑
c=1

yi,c log(ŷi,c) (7)

where yi,c is a binary indicator (0 or 1) that specifies whether class c is the correct class for
sample i, ŷi,c is the predicted probability of class c for sample i and C is the total number
of classes. The loss penalizes incorrect predictions by assigning a higher penalty when
the model assigns a low probability to the correct class. Intuitively, the cross-entropy loss
quantifies how well the predicted probability distribution aligns with the true labels. It is
particularly effective when combined with softmax activation in the final layer of a neural
network, as the softmax ensures that the predicted probabilities form a valid distribution.
The loss function drives the model to maximize the predicted probability for the correct class
while minimizing probabilities for incorrect classes, thus promoting accurate classification.
Gradient-based optimization methods like stochastic gradient descent make use of the
differentiability of the cross-entropy loss function to arrive at the optimum value.

Ref. [230] uses smooth L1 loss, also referred to as Huber loss, which is a combination
of L1 and L2 loss functions, designed to be less sensitive to outliers while retaining the
benefits of both. It applies a piecewise definition: small errors are treated with a squared
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error (L2), while large errors are treated with an absolute error (L1). The smooth L1 loss for
a single prediction is defined as given in Equation (8).

LSmoothL1(x) =

0.5x2 if |x| < δ,

δ(|x| − 0.5δ) otherwise
(8)

where x = yi − ŷi is the prediction error, and δ is a threshold that determines the transition
point between L1 and L2 behavior. For small errors (|x| < δ), the loss behaves like L2 loss,
providing smooth gradients that are beneficial for optimization. For large errors (|x| ≥ δ),
the loss transitions to L1 loss, reducing the influence of outliers. The smooth L1 loss is
widely used in computer vision tasks, such as object detection, because it provides a balance
between robustness to outliers and smooth optimization.

The Earth Mover’s Distance (EMD) [231] is a metric used to quantify the similarity
between two probability distributions or sets by solving a transportation problem as used
in [230,232]. It measures the minimum cost of transforming one distribution into the other.
For two equally sized subsets S1 ⊆ R3 and S2 ⊆ R3, the EMD is defined by Equation (9).

dEMD(S1, S2) = min
ϕ:S1→S2

∑
x∈S1

∥x − ϕ(x)∥2 (9)

where ϕ is a bijection mapping each element in S1 to an element in S2. Intuitively, EMD
represents the minimum “work” required to match all elements of S1 with those in S2,
where work is defined as the product of the distance between matched elements and the
amount of “mass” being moved. EMD is differentiable almost everywhere, making it
suitable for gradient-based optimization. This property has made EMD popular as a loss
function in applications such as image retrieval, 3D shape comparison, and generative
modeling, where preserving structural similarity between distributions or sets is critical.
Its robustness and interpretability make it a valuable tool in tasks requiring alignment
between complex data representations.

Embodied agent not only involves the task of grounding in the 3D scene, but sub-
sequent tasks involve navigating to the object and performing the task, for which some
special metrics are used.

Ref. [180] uses the SPL (Success weighted by Path Length) metric, which evaluates
how efficiently an agent completes a task in navigation scenarios by comparing the agent’s
path length P to the shortest path length L. It is defined in Equation (10).

SPL = S · L
max(P, L)

(10)

where S is 1 if the agent successfully completes the task and 0 otherwise, P is the agent’s
path length, and L is the shortest path length from the start to the goal. While SPL rewards
agents for completing tasks with shorter paths, it does not account for energy efficiency or
dynamics, potentially favoring point-turn behaviors that may be suboptimal. Additionally,
SPL does not penalize redundant or inefficient actions like pausing or pivoting if they do
not increase path length.

To address these limitations, the Success weighted by Completion Time (SCT) metric is
proposed [233], which incorporates time efficiency. SCT is defined as given by Equation (11).

SCT = S · T
max(C, T)

(11)

where C is the agent’s completion time, and T is the shortest possible time to reach the
goal based on the agent’s dynamics. Unlike SPL, SCT accounts for energy-efficient and
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time-optimal behaviors, providing a more holistic evaluation of agent performance. It
incentivizes agents to minimize completion time while adhering to task requirements,
making it suitable for scenarios where dynamics and efficiency are critical.

In evaluating language-enabled robotic systems, a critical distinction must be made be-
tween task-driven outcomes and generic natural language processing (NLP) scores. While
NLP metrics such as BLEU and CIDEr are useful for assessing the linguistic quality of
generated text, they often fail to correlate with the functional success of a robotic agent.
These scores primarily measure n-gram overlap and language similarity, which can be
misleading as a robot might generate a linguistically fluent response that leads to incorrect
or unsafe physical actions [234,235]. Therefore, for robotics applications where physical
interaction and safety are paramount, task-driven metrics must be prioritized. Metrics like
success rate, completion time, and energy consumption provide direct, objective measures
of a robot’s operational effectiveness, efficiency, and safety. A comprehensive evaluation
framework should thus integrate both types of metrics, with task-driven outcomes serving
as the primary indicators of performance and NLP scores acting as complementary diag-
nostics for the language interface, especially in safety-critical domains where functional
reliability is non-negotiable [236,237]. Future research should focus on developing novel,
integrated metrics that holistically capture both semantic understanding and successful
task execution.

When evaluating the transfer of knowledge from 2D Vision-Language Models (VLMs)
to 3D Vision-Language Models (LVMs), the choice of knowledge distillation (KD) ar-
chitecture is a critical factor influencing performance on downstream tasks. Empirical
evidence suggests that hybrid KD architectures, which synergistically combine teacher-
student frameworks with contrastive loss objectives, are most effective. This dominant
approach utilizes a pre-trained 2D-VLM as a teacher to guide a 3D-LVM student, align-
ing the student’s 3D spatial features with the teacher’s rich semantic priors, a technique
successfully employed in models such as ULIP [55] and for spatial-semantic alignment
in methods like CSA & M3LM [160]. The integration of a contrastive loss, foundational
to modern multimodal alignment [23] and also central to ULIP [55], further enhances
transfer by explicitly forcing the alignment of 2D and 3D embeddings in a shared latent
space to improve modality-agnostic representation and open-vocabulary generalization.
As a computationally economical alternative, adapter-based methods inject lightweight,
trainable modules into frozen 2D-VLM backbones to adapt them for 3D inputs, minimizing
parameter overhead while effectively bridging the domain gap [189]. Collectively, while
these methods are powerful, significant challenges remain in mitigating the modality gap
between 2D pixels and 3D spatial data and overcoming data scarcity. Future directions
point towards multi-stage distillation and synthetic data augmentation to further enhance
the robustness and zero-shot capabilities of 3D-LVMs.

7. Challenges and Limitations
Working with 3D data and LLMs in the context of embodied agent understanding

poses significant challenges, particularly in terms of computational resources, data avail-
ability, interpretability, and real-time performance. Processing 3D data—often derived from
sensors such as LiDAR or depth cameras—requires handling high-dimensional information
that is computationally intensive. Tasks such as point cloud generation, depth estimation,
and segmentation demand substantial computational power, especially when real-time
processing is required. Simultaneously, LLMs, with their high parameterization and exten-
sive resource requirements for training and inference, further exacerbate the computational
load. The intersection of these two domains creates a bottleneck for practical applications,
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particularly in environments such as robotics and augmented reality, where efficiency and
scalability are crucial.

This scale limit of 3D data, caused by the high cost of 3D data collection and
annotation [161,176,238,239], has been hindering the generalization of 3D recognition mod-
els and their real-world applications. Another critical limitation is the scarcity of high-
quality, annotated 3D datasets. Unlike 2D image datasets, which are widely available,
3D data remains underrepresented due to the challenges associated with its collection
and annotation. Creating labeled 3D datasets involves resource-intensive processes, in-
cluding capturing point clouds or depth images and annotating spatial relationships or
object categories. Annotation in 3D requires specialized expertise and tools, making it both
time-consuming and expensive. Some researchers have attempted to mitigate this issue
through automatic annotation pipelines or synthetic data generation, leveraging simulation
environments to produce large-scale datasets. For instance, models like PointLLM have
been utilized to generate annotated 3D data automatically, thus reducing the dependency
on manual efforts and accelerating dataset creation [48].

The interpretability of both 3D models and LLMs poses another significant challenge,
particularly in applications that require high reliability, such as autonomous driving or
healthcare. Deep learning models for 3D tasks, including object recognition and scene un-
derstanding, often lack inherent transparency, making it difficult to understand how spatial
features are interpreted. Similarly, LLMs operate as black boxes, making the reasoning
behind their decisions opaque. This lack of explainability is a major limitation in ensuring
safety and trust in embodied agents. While techniques such as attention mechanisms and
post-hoc analysis tools have been proposed to enhance interpretability, these approaches
remain nascent and require further development [240].

Integrating 3D data with LLMs introduces multimodal challenges, particularly in
aligning and synchronizing diverse input modalities. For example, an agent may need
to process textual commands provided by an LLM while simultaneously interpreting its
3D environment to execute actions. Natural language instructions are often ambiguous or
context-dependent, making alignment with 3D spatial data complex. Effective multimodal
integration is crucial for ensuring that embodied agents can reason and act coherently, yet
achieving this remains a significant technical hurdle. Misalignment between textual and
spatial representations can result in poor performance, undermining the agent’s ability to
execute tasks effectively [67].

A significant challenge arises when fusing data from multiple sensors, especially when
integrating this information with Large Language Models (LLMs). Each sensor—such
as a camera, microphone, or thermal imager—has its own unique type of noise and sta-
tistical profile, making it challenging to combine their data accurately. To address this,
two primary uncertainty quantification frameworks are particularly well-suited: Bayesian
fusion and factor graphs. Bayesian fusion is a foundational approach that treats each
sensor’s measurement as a probability. It combines prior knowledge with new sensor data
using Bayes’ rule to produce a final, unified estimate that also includes a clear measure of its
own confidence or uncertainty. This method is highly flexible, can be updated dynamically
as new data arrives, and is capable of handling sensor failures or missing signals, which is
essential for real-world robotics applications [241]. For more complex, high-dimensional,
and non-linear fusion tasks, factor graphs provide a more advanced graphical modeling
solution. In this framework, system variables and sensor measurements are represented as
nodes in a graph, and the probabilistic relationships between them are encoded as "factors."
This structure enables the joint optimization of all sensor inputs simultaneously and sup-
ports both batch and incremental updates, making it highly efficient. Factor graphs have
proven to be more stable and consistent than traditional filters, especially in challenging
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navigation and perception tasks where they can recover from errors caused by sensor
dropouts or misalignments [242,243]. The latest frontier involves integrating LLMs into
these frameworks by feeding them structured representations of the fused, uncertain data,
such as probability maps. The LLM then adds a layer of semantic reasoning to interpret
this information, correct errors, and make more robust decisions in dynamic, open-world
environments. Researchers are now exploring how LLMs can enhance fusion for specific
goals like target detection through transfer learning [244] and are developing sophisticated
ensemble and causal methods to better decompose and mitigate sources of uncertainty
within the LLM’s reasoning process itself [245,246].

Point cloud data augmentation is a critical strategy to address overfitting and poor
generalization, challenges commonly observed in 3D deep learning models due to lim-
ited diversity in training datasets and inherent variations in real-world 3D data, such as
occlusions, noise, and changes in object pose or scale. As shown in Figure 15, augmenta-
tion methods are broadly divided into two main categories: basic and specialized point
cloud augmentation [247]. Basic augmentation techniques, such as affine transformations
(translation, rotation, flipping, and scaling), introduce geometric variations to improve
robustness to changes in orientation, position, and size. Methods like point dropping
and jittering simulate occlusions and sensor noise, while ground truth sampling retains
structural integrity while generating diverse samples. Specialized augmentation techniques
address domain-specific challenges, including mixup operations that blend multiple point
clouds for diversity, domain adaptation to align training and testing data distributions,
and adversarial deformations to test robustness against distortions. Additional approaches,
such as up-sampling and completion, address sparsity and occlusions by densifying or re-
constructing point clouds, while generation and multimodal augmentation enrich datasets
through synthetic samples and cross-modal integration. These techniques collectively
enhance dataset diversity, improve model robustness, and mitigate overfitting, enabling
better performance in real-world 3D vision tasks.

A primary vulnerability lies in sensor failure and data robustness. LLM-driven sys-
tems are semantically sensitive, meaning corrupted or ambiguous sensor data can lead
to catastrophic failures. For instance, vision-only systems suffer significant performance
degradation in adverse weather conditions like rain and fog [116]. While multimodal sensor
fusion—incorporating thermal imaging to penetrate obscurants [137] or tactile sensing
for physical property recognition [116]—is a promising solution, it introduces new chal-
lenges. The abstract nature of non-visual data is often difficult for LLMs to interpret with-
out specialized pre-training and sophisticated fusion and alignment architectures [66,67].
Furthermore, all sensors are susceptible to inherent errors, such as multi-path interfer-
ence in Time-of-Flight (ToF) cameras, which requires dedicated deep learning models for
correction [109]. Current robotic systems often lack real-time monitoring and dynamic re-
covery mechanisms, highlighting the need for unified frameworks that can detect, identify,
and correct execution-time failures as they occur.
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Figure 15. Augmentation Methods: Classification of point cloud data augmentation techniques into
basic and specialized methods.
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Another significant concern is adversarial robustness and safety. Embodied agents
are highly susceptible to adversarial attacks and hazardous instructions, which can exploit
model vulnerabilities to cause harm. Research using safety benchmarks has revealed
that current agents frequently violate core safety principles when subjected to “jailbreak”
prompts designed to elicit unsafe behaviors. This is particularly true at the decision-making
level, where LLM-based systems exhibit low robustness. For high-stakes applications
such as autonomous driving, ensuring the system can reliably interpret its environment
and make safe decisions is paramount [60]. Future work must focus on developing com-
prehensive safety evaluation frameworks, including risk-aware instruction datasets and
simulation sandboxes, to systematically test and harden the agent’s entire decision-making
pipeline against adversarial manipulation.

The ethical deployment and interpretability of these systems remain major open
problems. The risk of LLMs enacting discriminatory or unlawful actions due to biases in
their vast training data is a significant ethical concern. This necessitates the development of
comprehensive guidelines and evaluation frameworks that address fairness, transparency,
accountability, and robust safety guardrails. A major barrier to achieving this is the lack of
interpretability in both LLMs and 3D deep learning models, which often function as “black
boxes” [29]. This opacity makes it difficult to audit decisions, verify safety, and build trust.
Consequently, future research must prioritize the development of explainable AI (XAI)
techniques, formal verification methods, and policy steering mechanisms to ensure that
LLM-driven robots are not only capable but also transparent, safe, and ethically aligned.

Ensuring real-time performance and scalability is a persistent challenge. Embodied
agents must process continuously changing 3D data while generating timely responses
through LLMs, a combination that places immense computational demands on the system.
For applications such as robotics, where delays can compromise functionality or safety,
achieving the necessary computational efficiency is critical. Furthermore, scaling these
systems to handle larger environments or more complex scenarios exacerbates the difficulty,
as both 3D data processing and language models are inherently resource-intensive. Ad-
dressing these limitations is essential for advancing the practical deployment of embodied
agents in real-world scenarios.

Large Language Models (LLMs) face significant challenges when working with non-
textual modalities such as thermal, tactile, and auditory data. For thermal data, the abstract
nature of thermal signatures (such as temperature gradients and emissivity variations)
makes it challenging for LLMs, primarily trained on text and visual data, to interpret and
correlate these patterns with rich semantic descriptions without extensive, specialized
pre-training. The typically low spatial resolution of thermal imagery further hampers
the ability of LLMs to ground fine-grained textual descriptions or infer detailed object
geometry. Moreover, the scarcity of large-scale, annotated thermal-language datasets limits
the development of robust, thermal-aware LLMs, restricting their zero-shot or few-shot
learning capabilities [248,249].

Grounding abstract human commands, such as “tidy the room,” into reliable physical
3D affordances presents a significant challenge, requiring the integration of advanced
perception, reasoning, and interaction capabilities. The process begins with scene under-
standing, where robots utilize 3D sensors, such as LiDAR and RGB-D cameras, to construct
detailed spatial models and localize objects within them. To bridge the semantic gap,
language-3D alignment models are crucial; systems like D3Net [143] and Transcrib3D [145]
leverage Large Language Models (LLMs) to convert natural language commands into
spatial queries, effectively identifying task-relevant objects within the 3D representation.
This is often coupled with task decomposition, where the LLM reasons over the scene to
break down the abstract goal into a sequence of concrete, goal-directed actions. A key step
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is affordance extraction, where physical interaction possibilities—like graspability, mov-
ability, or switchability—are inferred from an object’s 3D geometry and semantic category.
For instance, frameworks like PolarNet [56] demonstrate how point cloud data can be
encoded with language to guide robotic manipulation based on such inferred affordances.
To handle ambiguity and dynamic environments, this pipeline is enhanced by multimodal
sensor fusion and continuous adaptation. Despite significant progress, challenges persist
in resolving linguistic ambiguity, aligning complex 3D data, and the general scarcity of
large paired language-3D datasets. Future work aims to improve zero-shot generalization,
enhance LLM spatial reasoning as explored in ConceptGraphs [149], and enable richer
affordance detection through sophisticated multimodal integration.

Despite its promise, mandating formal verification for entire large-scale language
models is currently infeasible due to fundamental challenges in scale, complexity, and spec-
ification. Modern LLMs, with their billions of parameters, present a state space that is
intractably vast for exhaustive analysis by current formal methods, a problem often termed
the “curse of dimensionality”. A more profound obstacle is the semantic or abstraction gap
that arises when attempting to formalize high-level, context-dependent safety properties,
such as “harmlessness” or “honesty,” into precise, machine-verifiable logical formulas. This
difficulty is rooted in the inherent limitations of LLMs in deeply understanding human
language and cognition. [248]. This challenge is significantly amplified in multimodal
systems, such as those used in autonomous driving [59], where verifying the correct in-
terpretation and fusion of diverse data streams like 3D point clouds [247] and visual data
is an unsolved problem [27,67]. Consequently, guarantees proven for a simplified, ab-
stract model may not hold for the complex, often opaque behavior of the actual deployed
system [240], particularly given that LLMs face significant challenges in non-textual modal-
ity understanding [249], making a universal mandate for formal verification impractical
at present.

A significant challenge in the field is precisely defining the scope of adaptive archi-
tectures, as they do not exclusively imply any single methodology but rather represent
a synergistic integration of multiple advanced techniques. For instance, modular trans-
formers provide structural flexibility, allowing for dynamic expansion and task-specific
customization without complete model retraining, as demonstrated by the Task Attentive
Multimodal Continual Learning (TAM-CL) framework, which adds task-attention layers
to a base transformer for efficient scaling [250]. This modularity is intrinsically linked to
continual learning (CL), where techniques like knowledge distillation and experience replay
are employed within the same framework to mitigate catastrophic forgetting and enable
positive knowledge transfer across sequential tasks [250]. Furthermore, reinforcement-
based controllers are integrated to enhance computational efficiency through mechanisms
like adaptive attention spans, where each attention head learns a variable-length context
window via L1 regularization, effectively pruning unnecessary computations in memory-
intensive reinforcement learning tasks [251]. Therefore, the primary challenge lies not in
choosing between these paradigms but in developing architectures that effectively com-
bine their strengths to achieve robust, scalable, and efficient lifelong learning in complex,
real-world environments.

Similarly, tactile data presents high dimensionality and lacks intuitive linguistic equiv-
alents, complicating its representation and interpretation for LLMs. Concepts such as
“slippery” or “fragile” are abstract and require explicit mapping from raw sensor data,
which is often sparse and context-dependent, making scene-level understanding challeng-
ing. For auditory data, LLMs struggle with the ambiguity and noise inherent in real-world
auditory scenes, particularly when distinguishing and interpreting non-speech environmen-
tal sounds. The temporal complexity of sound, where meaningful events unfold over time,



Sensors 2025, 25, 6394 40 of 51

adds another layer of difficulty, as synchronizing these patterns with static or asynchronous
textual descriptions remains a significant hurdle [248,249]. Research in multimodal AI and
dimensionality reduction highlights these challenges, noting the interpretability gap and
the need for better frameworks to connect high-dimensional, non-linguistic sensory data
with language models.

8. Conclusions
This review has provided a comprehensive examination of the synergistic integration

of Large Language Models (LLMs) with 3D vision, charting the progress toward creating
more intelligent and autonomous robotic systems. Our analysis was structured to address
pivotal research questions concerning the architectural, multimodal, and generalization
challenges in this rapidly evolving field.

In response to our first research question on architectural paradigms for spatial ground-
ing, we have detailed the dominant strategies for aligning the symbolic reasoning of LLMs
with raw geometric data from 3D sensors. We explored a spectrum of methodologies,
from supervised techniques that rely on dense annotations to more flexible, program-
matic frameworks that leverage LLMs to decompose linguistic commands into executable
spatial queries. These approaches are fundamental to achieving robust object referenc-
ing and localization, enabling robots to connect abstract language to physical entities in
their environment.

Addressing our second question regarding the integration of non-visual sensor feed-
back, this paper highlighted how LLMs serve as a central reasoning engine for fusing
heterogeneous data streams. By interpreting tactile force distributions for nuanced ma-
nipulation, thermal signatures for human detection in perceptually degraded conditions
like fog or darkness, and acoustic cues for event localization, LLMs construct a more
holistic and robust 3D world model. This capability moves robotic perception beyond
vision-centric limitations, significantly enhancing situational awareness, safety, and the
capacity for complex physical interaction.

Finally, to answer our third question concerning the challenges of 3D data scarcity
and the modality gap, we identified and analyzed key emerging solutions. The paper
surveyed open-vocabulary pre-training methods, which enable generalization to unseen
objects without task-specific fine-tuning. Furthermore, we examined procedural text-to-3D
generation systems, which mitigate data bottlenecks by programmatically synthesizing
rich, annotated 3D environments from language prompts. The fusion of diverse sensory
modalities, as explored throughout the paper, also serves as a critical strategy to build
more robust and generalizable perception systems that are less dependent on any single
data source.

Our key contributions include a thorough analysis of 3D-language alignment strate-
gies, a resource catalog of benchmark datasets and evaluation metrics to standardize
progress, and a forward-looking discussion on multimodal integration. Future research
must prioritize the development of real-time adaptive architectures, advance cross-modal
distillation techniques to bridge the semantic gap between 2D and 3D modalities, and refine
evaluation protocols to better capture task-driven success over purely linguistic metrics.
By continuing to merge the cognitive power of language with the spatial acuity of 3D
perception, LLM-driven robotic systems are poised to achieve unprecedented levels of
autonomy and awareness, unlocking new frontiers in manufacturing, healthcare, and
embodied AI.
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