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Abstract

Understanding the world through natural language is a fundamental chal-
lenge in computer vision, requiring models to bridge the gap between geo-
metric representations and semantic understanding. While recent advances
in deep learning have enabled impressive progress in multimodal tasks, ef-
fectively connecting 3D data with language remains difficult due to the com-
putational complexity of 3D representations and the scarcity of high-quality
paired 3D-language datasets. In this Thesis, we focus on developing novel
deep learning techniques that can efficiently process and describe 3D data
through natural language. First, we address the critical lack of high quality 3D-
language datasets and reliable evaluation methods for text-to-3D generation
by introducing a benchmark comprising GPT2Shape, a dataset of 3D models
with high-quality language annotations, CrossCoherence, a novel quantitative
metric for evaluating text-to-3D coherence, and HST, a human-validated test
set. This benchmark demonstrates superior performance compared to existing
2D-based evaluation metrics. In the second part of this Thesis, we introduce
NeRF-language models — a new paradigm of Multimodal Large Language
Models that directly process the weights of Neural Radiance Fields (NeRFs)
rather than explicit representations like images or point clouds materialized
from them. We show that this approach enables holistic 3D understanding
without computationally expensive rendering, achieving state-of-the-art per-
formance on the first NeRF-language datasets. Finally, we propose a method
for computing spatially-aware tokens directly from the weights of a NeRF, en-
abling fine-grained spatial understanding and detailed scene comprehension.
Our resulting model demonstrates strong capabilities in spatial reasoning on

multi-object scenes, with promising generalization to real-world scenarios.
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Chapter 1
Introduction

Thanks to the transformative development of deep learning, many applica-
tions connecting visual concepts and text have been developed. CLIP [99]
has been a pioneering and influential work in this direction, introducing a
framework to learn joint representations of images and natural language. This
paradigm has reshaped research in multimodal learning, inspiring numerous
applications across vision, language, and their intersection. In this field, nu-
merous works have extended the paradigm, enabling applications like image
captioning [115], generation [140] and visual-question answering [67].

While most progress so far has focused on visual data, the natural next
step of this research field was to connect language and three-dimensional
data, which offer richer representations of the physical world. Unlocking
this connection opens the door to powerful opportunities in domains such
as robotics, augmented reality, and digital content creation, where reasoning
about spatial structure and geometry is essential. This Thesis aims to con-
tribute to the development of this field of research, that establishes a common

ground between 3D representations and natural language.

1.1 3D data and language

While language is a type of data with which, as humans, we are naturally
familiar, it is useful to provide an overview of the main 3D representations

employed in the research domain of this dissertation.

1.1.1 3D representations

Point clouds [61] represent 3D shapes as unordered set of points in 3D space,
each with Cartesian coordinates, and optionally attributes like color or normal.

Voxel grids [77] consist of unit cubes in 3D space, analogous to pixel
representations in 2D.
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Polygonal mesh representations [13] are composed of vertices and sur-
taces, providing a compact description of complex 3D shapes.

Neural fields [120] have attracted increasing attention in the 3D research
community over recent years. A neural field defines a mapping from spa-
tial coordinates to scene properties (such as occupancy, color, radiance, etc).
Unlike voxel grids, where the mapping associates each discrete cell with a
stored value, neural fields rely on a learned function, typically a multi-layer
perceptron. This enables them to implicitly capture compact, continuous, and
differentiable representations of 3D shapes and scenes. One family of neural
tields is known as Neural Radiance Fields (NeRFs) [88], which are designed
to model and render view-dependent color and volume density (radiance) by
querying a multi-layer perceptron with both spatial coordinates and viewing
direction.

3D Gaussian Splatting [53] can be considered a variation of point cloud
representations, where each point carries additional information describing
the radiance emitted in the spatial neighborhood, modeled as an anisotropic
3D Gaussian “blob”. These Gaussians are typically initialized from structure-
from-motion (SfM) point clouds and then optimized via differentiable render-
ing. By relying on efficient rasterization instead of ray tracing, 3D Gaussian
Splattings enable state-of-the-art novel view synthesis.

Each of these representations presents distinct advantages and limitations,
making each of them more suitable for certain applications than for others.
For instance, point clouds are quite simple to acquire, especially with mod-
ern depth sensors and LiDAR devices, and are widely used in robotics and
autonomous driving. However, their lack of explicit connectivity makes
them less suitable for applications requiring detailed surface reconstructions,
such as high-fidelity 3D modeling or physical simulations. Meshes are a
compact and widely adopted format in graphics and computer-aided de-
sign, well-suited for rendering and animation pipelines. Nonetheless, their
irregular structure and non-differentiability hinder their direct use in mod-
ern deep learning frameworks, unless combined with specialized processing
techniques. Voxel grids, by contrast, provide a uniform and structured repre-
sentation, which facilitates the use of convolutional neural networks for tasks
such as 3D semantic segmentation. Yet, their cubic scaling in memory with
resolution severely limits their practicality for large-scale or high-resolution
scenes. Neural fields offer a powerful alternative by implicitly encoding
continuous geometry and appearance through neural networks. This allows

for differentiable pipelines and has led to breakthroughs in tasks such as
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novel-view synthesis and surface reconstruction. Still, their training can be
computationally intensive, and generalization across scenes often remains a
challenge. Finally, 3D Gaussian Splatting strikes a balance between efficiency
and quality: it achieves state-of-the-art rendering performance with lower
computational cost compared to NeRF, making it attractive for real-time appli-
cations. Nevertheless, its reliance on initialization from point clouds and the
need for careful parameter tuning can limit its flexibility in scenarios where
input data is sparse or noisy.

In summary, the choice of representation strongly depends on the target
application: robotics and autonomous systems often rely on point clouds for
their efficiency and sensor compatibility, graphics and CAD systems benefit
from meshes for precise modeling and rendering, while neural fields and 3D
Gaussian Splatting open new possibilities for photorealistic rendering and
differentiable scene understanding.

1.1.2 Brief history of Research on 3D-language

The emergence of research in this area was inspired by the rapid development
of the 2D-language field, which found one of its most prosperous applications
in text-to-image generation [101, 106, 105]. Such models were enabled by
the abundance of large-scale image—text datasets [108, 72, 113]. In contrast,
research on 3D-language has faced a major obstacle from the very beginning:
the lack of paired data.

One of the earliest applications in this field was text-to-3D shape gener-
ation. Text2Shape [20], the first work in this direction, introduced a method
to generate 3D voxels from textual descriptions. The model was trained on
a manually annotated dataset comprising only two object categories (chairs
and tables) from ShapeNet [17], for a total of 15K objects. Faced with such
scarcity of data, many works leveraged advances from the vision-language
domain, including both representation learning models like CLIP [99] and
text-to-image generative models [105]. This insight led to the development of
numerous text-to-3D generation methods across different kinds of 3D repre-
sentations: CLIP-Forge [107] for voxels, Liu et al. [76], Shap-E [52] and [36] for
implicit functions, DreamFields [50], DreamFusion [95], Magic3D [70], and
ProlificDreamer [130] for NeRFs, Point-E [92] for point clouds, TextMesh [123]
for meshes, and GSGEN [24] and DreamGaussian [119] for Gaussian Splatting.
In parallel, text-guided editing of 3D shapes was also proposed, enabling the
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modification of style [86, 26], texture [104, 68], and geometry [42, 55] of 3D
meshes.

The advent of Large Language Models (LLMs) has had a profound im-
pact on 3D-language research. The remarkable reasoning and conversational
abilities of models like LLaMA [122] and GPT-4 [1] stimulated progress in
several directions. First, they led to the rise of Multimodal Large Language
Models (MLLMs). These models are capable of performing language tasks
using input data from diverse modalities, including images, videos, audio,
and 3D. The earliest MLLMs to demonstrate strong potential were those for
2D vision-language tasks, fueled by the availability of massive image—text
datasets. BLIP-2 [63] and LLaVA [74] achieved significant advancements in
image comprehension and captioning. Crucially, these models enabled large-
scale automatic generation of textual annotations for 3D datasets, producing
collections with hundreds of thousands of 3D-language pairs [80, 133, 98].
The availability of such datasets provided new momentum for 3D-language
research.

Therefore, MLLMs were extended to the 3D domain. This is the case for
PointLLM [133], GPT4Point [133] and ShapeLLM [139], which all take single-
object point clouds as input. The growing availability of large and diverse
3D-language datasets has further enabled the extension of 3D MLLMs to large
indoor and outdoor scenes [43, 132, 73, 84].

More recently, a new line of research has emerged, leveraging Transformer-
based models to generate 3D shapes autoregressively, in the same way that
LLMs generate text. Several publications [134, 23, 21, 129, 112] have proposed
models that, with one unified architecture, are capable of producing textual
descriptions and dialogues as well as 3D assets in mesh form, by converting
3D representations into sequences of discrete tokens.

This Thesis situates itself within this literature, contributing along several
directions. First, it addresses the construction of high-quality 3D-language
datasets and the development of a dedicated metric for 3D-language align-
ment. Since most existing text-to-3D generation and editing models rely on
2D quantitative metrics, computed on images rendered from a 3D object —
such as CLIP Similarity or CLIP R-Precision [99] — one contribution of this
dissertation is to directly tackle this limitation. Specifically, we improve the
quality of an existing 3D-language dataset using an LLM and propose the first
metric designed to quantify the consistency between a colored point cloud
and a textual description. This work is detailed in Chapter 2.

The dissertation also advances the research area of 3D MLLMs, introducing
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the first MLLM designed for NeRFs, which until then had only been developed
for explicit 3D data representations like point clouds and meshes. A peculiar
feature of this work is that the proposed model can directly process the
weights of the neural network that represents the NeRF of an object. Building
upon this contribution, we further investigate and extend the capabilities of
our model to more complex data and larger, more powerful LLMs. The details
of this research are described in Chapter 3.

Finally, we introduce a novel method for converting NeRF weights into a
sequence of spatially-aware tokens, enabling the construction of a new MLLM
for NeRFs with strong spatial reasoning capabilities. This contribution is
presented in Chapter 4.

1.2 Thesis Organization

The structure of this dissertation is as follows:

Chapter 2 - Looking at words and points with attention: a benchmark for text-to-
shape coherence.

In this chapter, we propose a benchmark for text-to-shape coherence, com-
prising a dataset of 3D assets paired with high-quality language annotations,
a state-of-the-art quantitative metric employable on colored point clouds, and
a human-validated test set, used to evaluate and compare text-driven 3D
generative models.

Chapter 3 - The rise of NeRF-language models. We introduce LLaNA, the
tirst Multimodal Large Language Model (MLLM) for NeRFs, capable of per-
forming new tasks such as NeRF captioning and Q&A. Notably, this method
directly processes the weights of a NeRF’s MLP to extract information about
the represented objects without the need to render images or materialize
3D data structures. The results of this work show that LLaNA performs
favourably against MLLMs processing explicit 2D or 3D representations from
NeRFs. We also propose an extension of LLaNA, in terms of data, model scale
and experimental evaluation. First of all, we introduce ObjaNeRF-Text, the
first large-scale dataset of NeRFs paired with language annotations, compris-
ing 280K data samples. Secondly, we scale our model, by integrating a larger
underlying LLM. Finally, we extend the previous experimental setup through
a detailed scaling analysis of the model and an ablation study on the impact
of the size of the LLM in state-of-the-art MLLMs on NeRF-language tasks.

Chapter 4 - Spatially-aware Weights Tokenization for NeRF-Language Mod-
els. We address the problem of performing accurate and spatially-aware
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NeRF-language tasks. To this end, we introduce Spatial LLaNA: a novel
MLLM for NeRF, that relies on a new NeRF weights encoder. This encoder,
weights2space, is able to compute a sequence of spatially-aware tokens from
the weights of a NeRF’s MLP. This local representation is crucial to obtain
excellent performance in NeRF-language tasks, allowing Spatial LLaNA to
estabilsh itself as the state-of-the-art MLLM for NeRFs, particularly effective

on spatial reasoning.



Chapter 2

Looking at words and points with

attention

This Chapter refers to the work “Looking at words and points with attention: a
benchmark for text-to-shape coherence”, published at the peer-reviewed workshop
"Al for 3D Content Creation" at the International Conference of Computer
Vision (ICCV) 2023.

2.1 Introduction

Text-conditioned 3D object generation and manipulation has rapidly advanced
in recent years, driven by progress in large generative models. However, the
initial development of this field has been severely limited by two aspects. First,
the lack of general, high-quality 3D-text datasets: at the time of the publication
this Chapter refers to [5], the only datasets for text-driven shape generation
were Text2Shape [20] and its extended version Text2Shape++ [36], containing
text descriptions for chairs and tables from ShapeNet [17]. However, as shown
in Figure 2.1 (top, left), the textual descriptions provided by these datasets are
often generic and fail to capture all the key, fine-grained details of the objects in
terms of both geometry and appearance. The lack of datasets with fine-grained
descriptions poses a significant challenge in training effective generative mod-
els. A supervision that comes from imprecise and noisy text prompts hinders
the ability of the model to generate high-quality and contextually accurate
3D data. Another important limitation is the lack of a common benchmark.
It is impossible to overstate the importance of benchmarks in enabling and
driving the rapid developments of deep learning: this is a cornerstone of the
field since ImageNet [31] gave rise to the AlexNet breakthrough [59]. The
definition of a clear benchmark for text-to-shape generation is hindered not
only by the absence of high-quality paired 3D-text datasets but also by metrics.
Most currently adopted quantitative metrics can measure only the generative
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Text2Shape GPT2Shape

"A wooden table with a
rectangular top, featuring a
depression on the side, in
brown, black, and gray."

“this is a brown color table."

Rectangular wooden desk
with brown finish,

gray veneer top,

three drawers and four legs

CLIP-Similarity CrossCoherence

FIGURE 2.1: Benchmarking text-to-shape generative models calls for better

datasets and better metrics. Top: as existing datasets [20] contain many

uninformative descriptions (left), we automatically create high-quality text

prompts (right) by leveraging GPT-3 [15]. Bottom: the existing metric CLIP-

Similarity judges the left shape as more coherent to the given text than the

right one, whilst our novel CrossCoherence prefers the right shape over the
left one.

ability of a method, i.e., the realism of the generated shapes in terms of the
distance between their distribution and the ground truth one. These metrics,
however, are not able to quantify how closely a 3D shape fits a text, arguably
the most important aspect to properly evaluate text-to-shape methods. Ex-
ceptions are metrics based on CLIP embeddings [99], which are computed
from 2D renderings of the 3D shape and text embeddings. However, these
approaches may turn out sensitive to rendering parameters and struggle to
capture coherence with individual words or fine-grained geometric details
due to the global nature of the CLIP text and visual embeddings. In this work,
we propose the first benchmark for text-to-shape generation and manipulation
that addresses both shortcomings highlighted above. Since collecting a novel
dataset from scratch is a time-consuming and costly effort, we investigate the
effectiveness of pre-trained large language models (LLMs) to leverage existing
datasets and improve their quality at a fraction of the cost. In particular, as
shown in Figure 2.1 (top, right), we create an improved version of Text2Shape,
which we dub GPT2Shape, whose textual descriptions have been generated
by the large language model GPT-3 [15] starting from the text prompts of
the original dataset. The higher quality of such text prompts has been val-
idated through a human evaluation study. GPT2Shape provides multiple
fine-grained textual descriptions for every 3D shape. The detail and accuracy
of textual descriptions can enable training of generative models, which can

effectively capture and learn relationships between the words in the input



Looking at words and points with attention 9

text and the localized details of the corresponding 3D shape. Such capability
would be very hard to achieve with noisy and imprecise text prompts. We
also propose a novel metric, dubbed CrossCoherence, which exploits the cross-
attention mechanism to quantify the coherence between a colored point cloud
and a textual description at the word and geometric detail level. We use the
text-shape pairs validated through the human study to compare the existing
text-to-shape coherence metrics quantitatively and show how CrossCoherence
outperforms previous proposals (Figure 2.1, bottom). Our metric can also be
used in a comparative scenario, where a text prompt and two corresponding
point clouds are provided. CrossCoherence can determine which point cloud is
more faithful to the text. Thus, the performance of different text-driven shape
generation methods can be compared in terms of text fidelity. Finally, as a
by-product of our human evaluation study, we created the Human-validated
Shape-Text (HST) dataset by collecting the textual descriptions that have
been coherently associated with a shape by the participants. The usefulness of
the HST dataset is twofold: it provides a set of prompts and associated shapes,
that can be used as a test set of our benchmark since they are not present in
the training set but come from the same distribution on which CrossCoherence
has been trained; it may also serve as a benchmark for the development of
new text-to-shape coherence metrics.
To sum up, the main contributions described in this Chapter are:

* GPT2Shape, an automatically improved dataset consisting of shape-text

pairs with high-quality, fine-grained textual descriptions;

* CrossCoherence, a state-of-the-art quantitative metric for text-to-shape

coherence, which can be directly applied to RGB point clouds;

e HST, a human-validated test set where CrossCoherence can be used to
evaluate and compare text-to-shape generative models and foster their
development as well as the development of new text-to-shape coherence

metrics.

2.2 Related Work

Text-to-shape coherence metrics. A large number of studies have addressed
the task of text-conditioned 3D generation. Most of them have proposed
quantitative metrics, which, however, are only able to measure the generative

capability of the methods, i.e., the realism of the generated shapes. To assess
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tidelity to the input prompt [76, 107, 20] compute several distance measures
between a generated shape and the one associated with the input prompt in
the ground truth set, such as Intersection-over-Union (IoU), Earth’s Mover
Distance (EMD), Chamfer Distance (CD) and Mean Squared Error (MSE).
The main limitation of such a strategy is that, in generative tasks, a ground
truth shape is just one possible correct outcome of the generation process and
relatively higher or lower distances from it do not measure the quality of the
output nor, in the case of text-conditioned generation, its coherence with the
given text. The most convincing metrics for text-to-shape coherence are based
on CLIP embeddings [99]. One such metric is CLIP R-precision [94], used in
several studies [92, 76, 95, 52]. It is defined as the accuracy with which CLIP
retrieves the correct caption among a set of distractors given a rendering of
the generated shape. Yet, such quantitative assessment is affected by several
limitations: first of all, it is based on renderings, therefore it is influenced by
a number of parameters, like virtual camera placement, virtual illumination,
and number of rendered views; secondly, the selection of the text distractors
is arbitrary; finally, as it relies purely on rendered views, whose quality is
not homogeneous among 3D data representations, a comparison between
3D shapes from different representations (e.g. point clouds and meshes)
can be unfair. CLIP-similarity [36], instead, computes the cosine-similarity
between CLIP image features extracted from several shape renderings and
CLIP text features. Due to the reliance on renderings, this metric shares the
same limitations of CLIP R-precision.

ShapeCrafter [36] has been the first work to use ShapeGlot [2] as a text-
shape fidelity metric. In its original formulation, given a set of shapes, this
metric can discriminate which one is the most coherent with respect to an
input text description by extracting 3D features, 2D features from renderings,
and text features. Despite its usefulness, there are some clear disadvantages
associated with this method. Firstly, similar to CLIP-based metrics, its ef-
fectiveness relies on the parameter settings used to render the views of the
shape. Secondly, the text representation employs an LSTM architecture, which
has been acknowledged to have difficulties in representing long text descrip-
tions [14].

To address all the above limitations, we propose CrossCoherence, a metric
for text-to-shape coherence that does not depend on rendering parameters,
operates directly on colored point clouds to take both geometry and appear-
ance into account, leverages LLMs to extract better text features, and exploits

cross-attention to assess the coherence of words with shape parts.
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Datasets. Several text-driven 3D generation models require supervision in
the form of text-shape pairs. Unlike in the 2D case, where web scraping can be
used to obtain large amounts of image-text pairs [22, 121, 116, 108], obtaining
such labeled data is extremely difficult, due to 3D shapes not being common
on the Internet and the complexity and cost of creating text descriptions
for large 3D datasets like ShapeNet [17]. Text2Shape [20] has been the first
dataset with shape-text pairs to be introduced. It contains text prompts for
two Shapenet classes: chairs and tables. Overall, Text2Shape provides 75K
shape-text pairs, with multiple text descriptions for each 3D object. However,
the quality of these descriptions is highly variable: the prompts are either
too generic (“A chair with four legs”) or contain irrelevant details (“Table with
high-quality wood, you can eat and enjoy with your family”) or both. Sometimes
the text does not correctly describe the geometry and/or appearance of the
objects (“A table with three legs” but the table has actually four legs). In addition,
many sentences contain grammatical and syntactical errors. These nuances
make the process of learning the complex relationship between 3D data and
text even more difficult and limit the validity of comparisons carried out on
this dataset. Text2Shape++ [36] is a dataset built upon Text2Shape, including
369K shape-text pairs. This dataset has been built specifically for the task
of recursive shape generation; indeed, the original text descriptions from
Text2Shape have been split into multiple smaller sentences with incremental
amount of information (e.g. “a chair”, “a chair with four legs”, “a chair with
four legs and no armrests”). Since Text2Shape++ is built starting from the same
descriptions of Text2Shape, its text prompts suffer from the same limitations.

In response to these challenges, we propose an automatically improved
version of Text2Shape, referred to as GPT2Shape, which contains new text
descriptions for every object of Text2Shape. These novel sentences can de-
scribe more accurately the geometry, appearance and texture of all the objects
in the dataset, as proved by our human evaluation study and exemplified in

Figure 2.2.

2.3 GPT2Shape

As can be seen from this Figure, the quality of the original descriptions is
highly variable and some of them are quite poor: for instance, the sentence
“grey desk” is too generic and not able to drive any generative model towards

the intended 3D shape. Improving such a dataset through a new human-based
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Input
to GPT-3: f
| "Thisisa professional table color is silver”
"Silver rectangular table looks like metal material,”
Text2Shape "This student desk is grey and has four legs. It is thin and has
Descriptions slotted sections for supplies.,”

"grey desk”
"Long rectangle shaped school desk”

Designed _| Describe geometry, shape, color and other key
request features in less than 40 words, in 5 different ways

-\ Y
hd

"This sleek silver desk has a rectangular shape with four thin
legs and slotted sections for supplies.”

~

"This desk is grey with a rectangular shape and four legs. It
Output has a metal-like finish and slots for supplies.”

"This grey desk has a rectangular shape and four legs. It has a
(GPT2Shape silver finish and slots for organizing supplies.”

descriptions): "This rectangular desk is grey with a silver finish and four thin

legs. It has slots for supplies.”
"This metal-like desk is grey with a rectangular shape and
four legs. It has a silver finish and slots for supplies."

J

FIGURE 2.2: An example of the text prompts rephrasing process. The green
box contains Text2Shape descriptions for a shape together with the designed
request; their combination represents the input prompt to GPT-3. The blue
box is the output of GPT-3, providing the textual descriptions of GPT2Shape.

annotation on the Amazon Mechanical Turk crowd-sourcing platform [27],
utilized by Text2Shape, would be extremely time-consuming and expensive.

At the same time, enough details about a shape are usually present in
Text2Shape if information from multiple prompts are merged, as shown again
in Figure 2.2. On the basis of this observation, we decided to explore if an
automatic improvement of the existing dataset was feasible, by exploiting
LLMs. In particular, the generation of the new text prompts has been achieved
through the OpenAl GPT-3 model [15] davinci. GPT-3 has been used in its
text completion scenario in this manner: for each shape of the dataset, all its
corresponding text prompts from Text2Shape have been given as input to the
language model, along with the request to generate better text descriptions.
The request itself was the result of a careful prompt engineering process, in
order to obtain the best possible result. Figure 2.2 illustrates an example of
this process, showing the initial text descriptions, the request to GPT-3, and
the resulting sentences. As it can be noticed, the output textual descriptions
contain all the relevant geometric and appearance information regarding the

object. In addition, any contradictions contained in the source sentences have
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Text2Shape GPT2Shape

“A square-shaped, brown wooden chair with
four legs and a padded seat, featuring three
horizontal wooden stripes on the back.”

“A brown, wood chair with a square seat and
four legs, featuringa geometric design of three
horizontal stripes on the back.”

“a wooden chair with a square padded seat and
four legs, the back has three horizontal
wooden stripes”

“A home-use chair with a square seat and four
legs, made of wood and featuring a brown
color and three horizontal stripes on the back.”

“A wooden chair with a square seat, four legs,
and a brown color, featuring a geometric
design of three horizontal stripes on the back.”

“Wooden chair with 4 wooden legs and
wooden back support.”

)
g N

“Ablue and grey chair with a rectangular

“a blue and grey chair with a rectangular
opening on its back.”

“Chair with blue legs and a grey back and
seat. The back has a keyhole cut-out and the

cut-out in the back, featuring four square
legs and a cushion seat and backrest.”

“A designer chair with a blue and maple
finish, featuring a grey cushion seat and

front and back legs are each connected.” backrest, and four square legs.”

“A blue and maple finish designer chair for “A relaxing and inviting chair with a grey
office or domestic use, very relaxing and cushion and blue borders, featuring a
inviting.” rectangular cut-out in the back and four

.. . square legs.”
“chair is made of fiber and cusion seat and q 8

back rest is fitted with cusion and it is in blue
and grey color having four legs.”

“A comfortable chair with a grey cushion
and blue borders, featuring a keyhole cut-out
in the back and four conjoined legs.”

A\ _/ & /

FIGURE 2.3: Example of Text2Shape and GPT2Shape textual annotations.
The green box contains the original Text2Shape descriptions for the 3D shape
in the middle. The blue box shows the rephrased text prompts of GPT2Shape.
In yellow, we highlight the ambiguous or wrong descriptions of Text2Shape.

been automatically filtered by the LLM during the text generation process.
This text rephrasing process was carried out on the whole train-val-test splits
of Text2Shape, so as to keep the same amount of data samples as the original
dataset: 15032 shapes, with a total of 75358 shape-text pairs. In Figure 2.3,
an example of the textual annotations from Text2Shape and GPT2Shape is
provided.
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2.4 GPT2Shape vs Text2Shape: a user study

Rectangular grey table with black metal legs and a black
bar connecting two of the legs.

| cannot decide between the two objects.

FIGURE 2.4: Layout of the user study

Once the rephrased sentences had been obtained via GPT-3, a user study
aimed at comparing the informativeness of the old (Text2Shape) and new
(GPT2Shape) text prompts was carried out. The layout of this user study is
shown in Figure 2.4: each user was shown a pair of views from two objects
together with a text prompt. The prompt comes from the test set of either
Text2Shape or GPT2Shape and describes one of the two objects (i.e., the
reference object, unknown to the user) while the other one acts as a distractor.
The left/right position of the reference object was randomized. The task
consisted in clicking on the object which, according to the user, would be
described better by the given text. In case of uncertainty, due to the prompt
describing equivalently well both objects or not sufficiently well any of the two,
the user could click on a third option, located under the images. This enabled
us to compare the two datasets based on users” choices: the higher the number
of clicks on the -unknown- reference object, the higher the informativeness of
the associated text prompt.

To avoid presenting the user with a task far too simple, as it might have
been the case had distractors been chosen randomly, the reference-distractor-text
triplets were built as follows. For every reference object, we have defined
two hard distractors and one easy distractor. All distractors for a shape have
been selected within its class (e.g., chairs or tables) and defined based on
the Euclidean distance in the latent space of a point cloud autoencoder. The
architecture of this network is reported in Figure 2.5. This autoencoder is
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T-net Set Set Set Decoder
Abstraction 1 Abstraction 2 Abstraction 3

2048x3 512x3 128x3
2048x6 (xyz) (xyz) (xyz) 2048x6

Xxyz Xyz Xyz

—> >
I:'\> features I:> features |:> features I:>

2048x3 512x320 [ 128x640 ] 1x1024
(RGB) (features) (features) features

FIGURE 2.5: Architecture of the PointNet++ autoencoder. In red the features
used by CrossCoherence, and in blue the embeddings that have been used to
compute the easy and hard distractors for each reference shape.

composed of a transformation network T-Net [96], a PointNet++ [97] encoder
with three set abstraction layers, and a simple convolutional decoder, made
of three stacked 1 x 1 convolutions with ReLUs in between. Different from a
standard PointNet++ encoder, the input of this network is an RGB point cloud
featuring spatial coordinates (x, y, z) and colors (R, G, B), which are used as
input features for every point. The model has been trained on the task of shape
reconstruction on the chair and table categories of ShapeNet [17]. To build the
easy and hard shape distractors, we extracted the shape embeddings from the
third set-abstraction layer, which is a global feature vector of dimension 1024.

Leveraging the two hard distractors and one easy distractor for each refer-
ence object, we built three pairs of 3D shapes. When running the user study,
one pair of shapes was randomly sampled from this set, whereas the text
describing the reference shape was taken from Text2Shape or GPT2Shape
with 50% probability. In the publication [5], we provide more details and
examples on easy-hard shape distractors and triplets from the user study.

Overall, 175 users took part in the study, contributing with 3642 data
samples (i.e., clicks). In order to evaluate Text2Shape and GPT2Shape, we
kept track of the answers provided by the users when presented with text
prompts from both datasets. Table 2.1 summarizes the results by reporting
the percentages of times users selected the reference object, the distractor, or
felt they could not decide when presented with a text from Text2Shape or
GPT2Shape. When the text came from GPT2Shape, about 75% of the answers
were correct, i.e. the human selected the reference shape as the most coherent
with the provided text description. On the other hand, Text2Shape allowed
the users to answer correctly only 65% of the time. Moreover, the percentage
of undecidable sentences is higher for Text2Shape (about 25%) compared to
GPT2Shape (about 16%).

Such experimental findings validate our claim that large language models
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Dataset reference (1) | cannot decide (]) | distractor (})
Text2Shape 65.65% 24.95% 9.40%
GPT2Shape 75.76% 16.21% 8.02%

TABLE 2.1: Summary of user study results

can be used to automatically filter and combine information from multiple
incomplete textual descriptions. They also validate that textual descriptions in
GPT2Shape are more informative than the original prompts from Text2Shape.

2.5 Human-validated Shape-Text dataset

The results of the user study were also used to aggregate a refined test set
of shape-text pairs with descriptive texts from the test sets of Text2Shape
and GPT2Shape, which we dub the Human-validated Shape-Text (HST)
dataset. When building this subset, we only selected the sentences for which
all users made the same choice between the two objects, i.e., where there was
unambiguous consensus among participants that the description described
well only one of the two shapes. HST, which contains 2153 text-shape pairs,
provides a human-validated benchmark to assess the quality of text-to-shape
generative models. It can be used as a set of descriptive text prompts to
evaluate such models with text-to-shape coherence metrics. To provide a
comprehensive dataset, for every pair in the HST dataset, we also included
the other object that was shown to the human evaluators, along with the
indication of the correct association for the text. This extended version of HST
is useful for quantitatively validating metrics for text-to-shape coherence, as

we do in the next section.

2.6 CrossCoherence

In this Section, we describe the details of our proposed metric for text-to-
shape coherence, CrossCoherence. Recent works on text-conditioned generative
models have demonstrated that frozen Large Language Models (LLMs) such
as BERT [33], GPT [15], and T5 [100], despite being trained solely on text, serve
as highly effective text encoders for multimodal tasks. Notably, Imagen [106]
showed that these LLMs can outperform encoders specifically trained on
paired image-text data, such as CLIP [99]. Furthermore, the success of such
architectures is often attributed to sophisticated text-conditioning schemes

based on the cross-attention mechanism. Motivated by these observations, we
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explore the integration of a frozen LLM with bilateral cross-attention layers to

define a robust 3D fidelity metric.

2.6.1 Architecture and Training Objective

Cross Attention

inhd) Pool ~—|
S Ny
" Condition
Encoders ¥ s
N injection @
"a red armchair” Z -3 K Pool
Q
T

Cross Attention

cc(s, T)

FIGURE 2.6: Architecture of CrossCoherence

The proposed architecture of CrossCoherence is illustrated in Figure 2.6.
The model takes as input a text description and a pair of N colored point
clouds, characterized by coordinates (x,y,z) and color values (R, G, B). The
architecture is designed to extract features from both modalities and reason
over their correspondence to predict which point cloud best aligns with the
input text.

Feature Extraction. We employ the encoder portion of a PointNet++ net-
work [97] as our Point Cloud Encoder, pre-trained for shape reconstruction
on the ShapeNet chairs and tables categories. While the distractor generation
process described in Section 2.4 utilizes global embeddings from the third set
abstraction layer, CrossCoherence leverages the second set abstraction layer to
preserve local features on the downsampled point cloud. For the Language En-
coder, we utilize the frozen encoder from T5 [100] to extract high-dimensional
textual embeddings.

Bilateral Cross-Attention. To evaluate coherence, the model employs
two bilateral cross-attention layers for every point cloud. These layers are
designed to capture the mutual relationship between words and 3D details:
the first layer uses shape features as queries and text embeddings as keys and
values, while the second layer reverses this roles. This mechanism allows
the model to perform fine-grained reasoning on how specific words relate
to local geometric features. The resulting embeddings are average-pooled,
concatenated, and fed into an MLP to produce a raw coherence score s; for

each point cloud.
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Loss Function. During training, the scores s; for each point cloud
i € {1,...,N} are normalized using a softmax function to obtain predicted
probabilities 3;:

eXp(Si) 21
ijlNexp(sj) @1)

The model is supervised using a categorical cross-entropy loss:

81 =

N
L=-) yilog(s;) (22)
i=1

where y; € {0,1} denotes the ground-truth correspondence between the input
text and the i-th point cloud.

Discussion on the supervision. While contrastive objectives, such as the
InfoNCE loss used in CLIP [99], are the standard for multimodal alignment,
we opted for cross-entropy supervision for two primary reasons. First, data
efficiency: contrastive learning typically requires massive datasets and large
batch sizes to provide sufficient "hard negatives" to prevent representation
collapse. Given our constrained 3D-text dataset, cross-entropy provides a
more stable supervisory signal. Secondly, fine-grained reasoning: contrastive
losses excel at global "coarse" alignment. However, 3D fidelity evaluation
requires fine-grained, local interaction between modalities. By treating the
task as a discriminative selection problem, our model is forced to reason on
the specific structural differences between candidates, a task-specific focus
that directly aligns with our inference setting.

2.6.2 Training

During training, the network is fed with (shapes, text) pairs and target vectors
indicating the ground truth shape corresponding to the textual description.
Based on the outcome of the user study, we train CrossCoherence on the training
set of GPT2Shape. Before training, following the same strategy applied for
the human evaluation survey, described in Section 2.4, for every shape in the
training set of GPT2Shape, we extract one easy and two hard distractors. This
easy-hard training strategy was found to be more effective than constructing
the pairs randomly due to the network learning to deal with cases where the
input point clouds are very similar to each other, which in turn is conducive

to better generalization to unseen examples.
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Method Accuracy on chairs (1) | Accuracy on full HST (1)
ShapeGlot 70.21% -
CLIP-Similarity 77.79% 77.06%
CrossCoherence 81.04% 80.45%

TABLE 2.2: Comparison between ShapeGlot, CrossCoherence and CLIP-
Similarity. The first column reports accuracy for methods trained and tested
only on chairs, while the second column is for methods trained and tested

on the full HST.
Test set ShapeGlot | CrossCoherence | CLIP R-precision
HST chairs 5.36% 17.26% 9.87%
full HST - 16.85% 9.38%

TABLE 2.3: Comparison between ShapeGlot, CrossCoherence and CLIP R-

precision based on the R-precision protocol. The first row reports the results

for methods trained and tested only on chairs, while the second row is for
methods trained and tested on full HST.

2.7 Experimental Results

We performed several experiments to assess the effectiveness of CrossCoher-

ence.

2.7.1 Comparison with existing metrics

In this section, we evaluate the accuracy in assessing text-to-shape coherence
for our proposed CrossCoherence metric, as well as for Shapeglot [2], CLIP-
Similarity [36, 99], and CLIP R-precision [94, 99]. The accuracy computation
relies on the triplets of HST (Section 2.5) and consists of two different evalua-
tion protocols. When comparing with CLIP-Similarity, we report how often
each metric yields a higher score to the ground truth shape than to the other
one in the triplet for the given text description. In contrast, when dealing with
CLIP R-precision, we adopt the protocol introduced in [50] and used by [92,
76, 95]: given a text prompt and the corresponding ground truth 3D shape
from HST, we construct a set of 153 text descriptions. This set comprises the
ground truth prompt and 152 other texts randomly sampled from a desig-
nated test set, in our case, HST. Every metric will predict which text prompt
within the set exhibits the highest coherence to the given 3D shape. By com-
paring the predicted prompt to the ground truth prompt, we can assess the
performance of the evaluation metric. To evaluate both CLIP-Similarity and
CLIP R-precision, we conduct experiments using various CLIP base models
and different numbers of rendered views. When dealing with more than one

rendered view, we used the maximum similarity across the views, as in [36].
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The configuration that achieves the best performance, which we consider
here, relies on ViT-L/14 CLIP Encoder and 20 renderings. Yet, we deem it
worth highlighting that the accuracy of CLIP-based metrics varies significantly
depending on the chosen configuration (CLIP base model, 3D data represen-
tation, rendering parameters), as shown in additional experiments reported
in the publication [5]. As for ShapeGlot [2], we train the network on the same
dataset as CrossCoherence, i.e., easy and hard samples from GPT2Shape, as
described in Section 2.6. However, while the training of CrossCoherence relies
only on point clouds and text prompts, ShapeGlot also consumes rendered
views of objects” meshes and requires a pre-trained VGG encoder to extract
features from these renderings. Unfortunately, the authors did not release the
weights of the VGG model and made available only pre-computed features for
the chair class of Text2Shape. Hence, we can assess the accuracy of ShapeGlot
only on the chair subset of HST.

The outcome of our evaluation is shown in Tables 2.2 and 2.3. These results
indicate that CrossCoherence is the most effective metric. We can observe how
the performance of ShapeGlot is the least satisfactory. Moreover, the gap in
accuracy between this metric and CrossCoherence suggests that modern text-
analysis tools like LLMs and cross-attention layers are key to creating a more
effective metric. Indeed, the main differences between CrossCoherence and
ShapeGlot include the use of LLMs instead of LSTMs as well as the incorpora-
tion of the cross-attention mechanism. Finally, in both settings, CLIP-based
metrics turn out to be the strongest competitors; however, CrossCoherence
outperforms CLIP-Similarity by more than 3% and is more accurate than CLIP
in the challenging R-precision setting with a gap around 7%, being the most
widely used protocol for evaluating text-to-shape coherence.

Qualitative examples of the choices made by CLIP-Similarity and Cross-
Coherence are provided in Figure 2.7. The errors made by CLIP-Similarity
seem to be caused by the use of global embeddings to compare shapes and
text, which prevents the metric from evaluating fine details when judging the
shape-text agreement. For instance, CLIP-Similarity does not take into account
the shape of the table legs in the first row, the presence of the chair cushion
in the second row and the geometry of the glass table in the last example.
As shown in Figure 2.8, CLIP R-precision suffers from the same weakness
as CLIP-Similarity in understanding fine-grained details of visual input and
text. For example, CLIP R-precision provides high scores for text prompts
that contain multiple wrong references to the geometry and appearance of the
input shape, i.e.”Rectangular wooden table” in the first row, “Armless rocking
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This stylish table features a long
rectangular top with a brown
and grey striped cloth cover, and
four Y-shaped grey metal legs.

Dining chair with concave back.

Dark coloured, with a lighter
cushion on the seat.

Round glass top table with four
silver-gray L-shaped legs.

x v
CLIP-Similarity CrossCoherence

FIGURE 2.7: Qualitative results of CLIP-Similarity and CrossCoherence on HST

dataset. The green check indicates the shape associated with the prompt,

while the red cross identifies the distractor. For all these triplets, CLIP-
Similarity prefers the left shape while CrossCoherence the right one.

An ornate, glass topped,
octagonal wooden table with
interlocking circles cut into
each side.
v

Rectangular wooden table
with steel H-shaped legs,
greenish marble top,
and two metal feet.

A modern, armless rocking
chair with a red geometric
patterned fabric and a gray

metal semicircle base. x

A vibrant red reclining
chair with a curved seat
and thin legs. v

A low, square wooden

table with a dark brown

finish, four stubby legs,
and a smooth top. v/

Rectangular brown wooden
table with two legs. %

CLIP R-precision CrossCoherence

FIGURE 2.8: Qualitative results of CLIP R-precision and CrossCoherence on

HST dataset. The green check indicates the ground truth text. For all these

triplets, CLIP R-precision retrieves the left text while CrossCoherence the right
one.

chair” in the second example, “two legs” in the last row. This weakness has
been highlighted in [124] and [138], which discuss how CLIP models, proba-
bly due to their contrastive pretraining strategy, have difficulty in processing
tine-grained descriptions of visual content. Indeed, the performance of such
models on the Attribution, Relation, and Order (ARO) benchmark [138] show
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Method CrossCoherence | CLIP-Similarity | CLIP-Similarity
Point-E [92] 27.33% 24.36% 27.04%
Shap-E [52] 38.02% 65.47% (STF) 57.18% (NeRF)
Liu et al. [76] 34.65% 10.18% 15.78%

TABLE 2.4: Comparison of CrossCoherence and CLIP R-precision across gener-

ative models. Each entry in a column reports how often a metric considers a

prompt more coherent with the shape generated by one method versus the
others.

that CLIP exhibits poor relational understanding and tends to behave like
bag-of-words models. The use of cross-attention between local embeddings
in CrossCoherence, on the other hand, enables to capture and link together
important shape and text details, leading to the selection of the reference
shape or text, as shown in Figures 2.7 and 2.8, respectively.

2.7.2 Text-to-shape coherence of generative methods

A text-to-shape coherence metric can be used to evaluate text-conditioned
3D shape generative models. Here we address this setting and compare
CrossCoherence, CLIP-Similarity [36] and CLIP R-precision [94] in their ability
to judge upon the coherence to the input text of the shapes generated by Point-
E [92], Shap-E [52] and the model proposed by Liu et al. [76]. These models
employ distinct data representations, with Point-E being a method for text-
driven point cloud generation, Shap-E using both NeRF (neural radiance field)
and STF (signed textured field), Liu et al. [76] employing occupancy fields.
The goal of this experiment is to show an example of the use of our metric and
to demonstrate its improved ability to capture shape-text coherence, compared
to CLIP-based metrics, in shapes generated by state-of-the-art models.

We used the pretrained weights provided by the authors for Point-E and
Shap-E, while we trained from scratch Liu et al. [76] on GPT2Shape. We then
used them to generate one shape for each prompt in the HST dataset and used
CrossCoherence, CLIP-Similarity and CLIP R-precision to decide which shape
was more coherent with the input prompt. We adopted the same experimental
protocols as in Section 2.7.1, the only difference being that here the 3D shapes
compared to the text prompts are not the ground truths from HST, but they
have been generated by either Shap-E or Point-E or Liu et al.

Results are reported in Tables 2.4 and 2.5.

Since Shap-E represents the generated shape as an STF and a NeRF, for
CLIP-Similarity and CLIP R-precision, we report the results computed on

renderings from both representations. The differences in performance for
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Method CrossCoherence CLIP R-precision
Point-E [92] 5.95%

Shap-E [52] 7.09% 20.41% (STF) | 15.78% (NeRF)
Liu et al. [76] 5.09%

TABLE 2.5: Comparison of CrossCoherence and CLIP R-precision across
generative models.

Shap-E suggest again that CLIP-based metrics are significantly affected by the
rendering process. In these experiments, we notice that all metrics agree on
Shap-E being the method that generates the 3D shapes closest to the input
text. However, the ranking of the other two methods in relation to Shap-E
is very different. In fact, CrossCoherence ranks the method of Liu et al. [76]
second, with a modest gap of 4% in the first protocol and 2% in the second. In
contrast, CLIP-similarity and CLIP R-precision rank Point-E in second place
with a very large gap in performance with respect to Shap-E (around 30% in
the first protocol, and from 10% to 15% in the second one).

Point-E Shap-E Liuetal.

1 -

A tan tear drop shaped
wooden table with a
grey cubicle base.

‘ CSuene ¥

A brown color
rectangular wooden table
with four black legs.

A tall, black-upholstered
high chair with four
brown wooden legs.

This armchair has a square
back, tan leather upholstery,
and light brown wooden
arms and legs.

} .
4 %
©®
\:,,./—""'

CLIP-Similarity CrossCoherence

FIGURE 2.9: Examples of shapes generated by Point-E (left), Shap-E (center)

and Liu et al. (right) for the given text prompt. As highlighted, for all these

triplets, CLIP-Similarity prefers the shape in the middle while CrossCoherence
the one on the right.

By inspecting some triplets on which CrossCoherence and CLIP-Similarity
disagree, shown in Figure 2.9, we can notice how CLIP-similarity seems
unable to recognize certain geometric and color details, present in the shapes
generated by Liu et al. [76], which are critical for determining the shape
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Rectangular wooden table
with two legs, light brown
in color with 10 drawers, 5
on each side.

Rectangular brown
wooden table with four
straight legs.

Rectangular steel chair with
armrests and four legs,
white wooden finish.

Grey colored elegant
chair with dark grey legs
and without armrests.

A dark brown circular
wooden table with a
circular base for
support and stability.

A brown color wooden
table with oval shaped
top and four legs.

Rectangular wooden table
with sharp edges, and a black
stripe around the edge, in a
brown hue.

This is a tall, brown,
rectangular table with a door
that opens on the end.

It is made of wood.

CLIP R-precision CrossCoherence

FIGURE 2.10: Examples of shapes generated by Shap-E with the correspond-
ing text retrieved by CLIP R-precision, on the right, and CrossCoherence, on
the left.

most coherent to the given text prompt. In the first row of Figure 2.9 CLIP-
Similarity prefers the table in the middle although it lacks the “grey cubicle
base” and the “tear drop shape” described in the text. In the second row, CLIP-
Similarity is not able to localize the parts with the colors specified in the text.
As discussed in Section 2.7.1, such weakness may be caused by the difficulty
of CLIP in processing fine-grained text descriptions and understanding the
spatial relations among the objects’ parts.

In Figure 2.10 we report some qualitative examples to motivate the large
gap between CrossCoherence and CLIP R-Precision. Here, it is possible to
observe that even if in some cases CLIP R-precision retrieves the ground truth
text as the most coherent with the shape from Shap-E, these descriptions
contain details that are not present in the generated shape (e.g., “two legs” in
the first row, “with armrests” in the second row, “four legs” in the third row
and “with a door that opens on the end” in the last row). This behavior arises
because Shap-E fails to generate all the specified details in the ground truth
text and CLIP R-precision cannot accurately recognize the absence of these

elements in the generated shape. On the contrary, CrossCoherence can retrieve
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more comprehensive and accurate text prompts which are more coherent with

the generated shapes.

2.8 Ablation experiments on the attention layers of

CrossCoherence

In Table 2.6, we show the performance achieved by CrossCoherence using differ-

ent attention schemes. In particular, we evaluate the following architectures:

1. Without Attention: in this architecture, the shape and text embeddings
directly undergo an average pooling layer, before being concatenated.

No attention layer is present.

2. Bilateral Cross-Attention: this is the original scheme for CrossCoherence,
featuring two cross-attention layers where in the first one the queries
of the attention maps are computed on the shape features, whereas
the keys and values are obtained from the text embeddings, while in
the second layer this computation is reversed. Finally, the resulting
embeddings from both the layers are concatenated, after undergoing an
average pooling layer.

3. Self-Attention: we replace the cross-attention layers with self-attention
layers and perform pooling and concatenation of their results.

4. Bilateral Self-Attention and Cross-Attention: before performing cross-
attention, we feed the queries of each layer into a self-attention layer

(one for the shape features and one for the text features).

5. Bilateral Cross-Attention and Feed-Forward: after performing cross-
attention, we process the queries of each layer with a feed-forward
layer (one for the shape features and one for the text features).

The Table points out clearly that the proposed Bilateral Cross-Attention (first
row) is more effective than all the other formulations considered in the ex-
periments. This suggests that the Cross-Attention mechanism effectively
captures meaningful relationships between shape and text features, leading
to improved performance. The models utilizing Self-Attention alone and
the combination of Self-Attention and Cross-Attention achieved very simi-
lar results, just below the best architecture. Self-Attention allows the model

to attend to different parts of the input sequence, but it seems to be less
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effective in capturing complex dependencies compared to Cross-Attention.
However, when equipped with a cross-attention layer, the performance had
very slight variations on both the subset and the full HST, suggesting that
adding Cross-Attention in this configuration did not provide any substantial
benefit. Interestingly, the combination of Cross-Attention and Feed-Forward
yielded the second-highest accuracy on the chairs of HST, 80.28%, but ob-
tained performance comparable to the other schemes on the full HST. Finally,
the architecture without any attention layer achieved the lowest accuracy on
both datasets.

These findings highlight the importance of carefully selecting attention
mechanisms in the design of models, with Cross-Attention being a particularly

valuable choice for this specific task.

Attention layers Accuracy on chairs (1) | Accuracy on full HST (1)
No Attention 75.95% 74.54%
Cross-Attn 81.04% 80.45%
Self-Attn 78.98% 78.08%
Self-Attn and Cross-Attn 78.76% 78.40%
Cross-Attn and Feed-Forward 80.28% 77.66%

TABLE 2.6: Comparison on the HST test set between CrossCoherence using

different attention schemes. The second column specifies the kind of attention

used in the model. The third column reports accuracy for models trained and

tested only on chairs, while the fourth column shows the results for models
trained and tested on both chairs and tables.

2.9 Sensitivity of CLIP-based metrics to different

3D representations

We have carried out a sensitivity study on the 3D representation adopted
to compute CLIP-Similarity and CLIP R-precision, by comparing the results
achieved on HST with renderings obtained from point clouds and meshes.
Numbers are reported in Tables 2.7 and 2.8.

These results highlight the strong dependence of CLIP-based metrics on
the used 3D data representation. In particular, Tables 2.7 and 2.8 suggest that
point clouds should be transformed into meshes to enable effective evaluation
of text-to-shape coherence. Conversely, CrossCoherence is designed to work
natively on point clouds and can judge effectively upon this kind of data
without requiring conversion into meshes. This behavior of CLIP-based
metrics can make them less generalizable across different types of 3D data

and potentially biased towards certain types of representations. This can
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lead to inaccurate similarity scores and limit the usefulness of such metrics in

applications that require robust similarity measures.

Data representation | Accuracy on chairs () | Accuracy on full HST (1)
Mesh 77.79% 77.06%
Point cloud 72.26% 70.78%

TABLE 2.7: Sensitivity study of CLIP-similarity to different 3D representa-

tions.
Test set Data representation | CLIP R-precision
HST chairs Mesh 9.38%
HST chairs Point cloud 8.95%
full HST Mesh 9.87%
full HST Point cloud 7.83%

TABLE 2.8: Sensitivity study of CLIP R-precision to different 3D representa-
tions.

2.10 Sensitivity of CLIP-based metrics to CLIP base

model and number of renderings.

Given the same 3D representation, the performance of CLIP-based metrics as
text-shape coherence metrics is strongly influenced by two factors: first, the
CLIP base model used to compute the image and text embeddings; second, the
number of rendered views used to compute the metric. Table 2.9 summarizes
the results of CLIP-Similarity obtained using two different CLIP models and
considering 1 or 10 or 20 rendered views. We report the two CLIP models that
provided the best performance, with ViT-L 14 performing slightly better than
ViT-B 32. The rendered views are obtained from the mesh of every 3D shape.
The gap in performance between the best and worst configuration is larger
than 6% for CLIP-Similarity..

CLIP model | Renderings | Accuracy on chairs (1) | Accuracy on full HST (1)
ViT-B 32 1 73.46% 70.51%
ViT-B 32 10 76.49% 75.43%
ViT-B 32 20 77.14% 75.89%
ViT-L 14 1 72.91% 70.32%
ViT-L 14 10 77.03% 76.73%
ViT-L 14 20 77.79% 77.06%

TABLE 2.9: Performance of CLIP-Similarity on HST dataset using different
CLIP base models and a different number of rendered views.
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Since both CLIP R-precision and CLIP Similarity rely on the same vision-
language model (e.g., CLIP) the sensitivity issues we discussed earlier re-
garding CLIP Similarity also apply to CLIP R-precision. In other words, both
metrics are sensitive to the data representation, the CLIP-base model and the

number of rendered views.

2.11 Conclusion

In this Chapter, we have addressed two of the most significant bottlenecks
in the text-to-3D field: the scarcity of high-quality, fine-grained datasets and
the lack of reliable metrics for evaluating text-shape coherence. By leveraging
Large Language Models to curate GPT2Shape and introducing the CrossCo-
herence metric, we have demonstrated that effective 3D-language alignment
requires moving beyond global embeddings (like CLIP) toward a more local-
ized, cross-attention-based understanding of how specific words correspond
to geometric and appearance-based details in a point cloud.

The development of CrossCoherence provided a crucial insight: 3D-
language understanding is highly sensitive to the underlying representation
of the 3D data. While point clouds offer a direct way to model geometry and
color, they remain a discrete and often sparse representation. The challenges
encountered in Chapter 1, specifically the difficulty of capturing fine-grained
coherence from noisy or resolution-dependent data, motivated a shift in per-
spective. If a model is to truly "understand" an object, perhaps it should
not rely on sampled points or 2D renderings, but rather on the continuous,
high-fidelity information stored within the neural representation itself.

This realization serves as the catalyst for the following chapters. Having
established a framework for evaluating 3D-text coherence, we now transition
from evaluating alignment in discrete point clouds to architecting systems
that can inherently "reason" about 3D objects. In Chapter 2, we move beyond
the limitations of point clouds and explore Neural Radiance Fields (NeRFs) as
a primary input for Multimodal Large Language Models. We will investigate
whether the weights of these neural representations, which compactly encode
the full geometric and appearance-based essence of a scene, can be directly

ingested by an LLM to create a more robust and versatile 3D assistant.
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Chapter 3

The Rise of NeRF-language Models

This Chapter refers to the works "LLaNA: Large Language and NeRF Assis-
tant” [4], published at the peer-reviewed Conference on Neural Information
Processing Systems (NeurlIPS) 2024, and "Scaling LLaNA: Advancing NeRF-
Language Understanding Through Large-Scale Training” [6], currently under
review for the journal "IEEE Transactions on Pattern Analysis and Machine

Intelligence".

3.1 Introduction

The field of Natural Language Processing has been profoundly transformed
by Large Language Models (LLMs) [33, 100, 1, 122], due to their text compre-
hension and generation capabilities. These results have fostered the develop-
ment of Multimodal LLMs (MLLMs) [74, 142, 44], which can process various
modalities such as images, videos, and audio, to generate text describing and
reasoning about the content of such modalities. Recently, MLLMs have also
been extended to 3D data [133, 98, 43], primarily represented as colored point
clouds, yielding remarkable results even in this scenario.

Another approach for representing objects and scenes has emerged along-
side traditional images and 3D data: Neural Radiance Fields (NeRFs) [88].
NeRFs are coordinate-based neural networks, typically Multi-Layer Percep-
trons (MLPs), designed to capture both the geometry and the photorealistic
appearance of an object. By learning a continuous radiance field across 3D
space, NeRFs can be used to generate realistic images from any viewpoint
or reconstruct the 3D surface of an object, by querying the trained model.
Using NeRFs to represent 3D data offers distinct advantages over conven-
tional approaches like multi-view images or point clouds. The continuous
nature of NeRFs allows generating unlimited photorealistic images at any
desired resolution while only requiring the storage of MLP weights rather

than a large collection of images. Moreover, unlike point clouds that lack



30 The Rise of NeRF-language Models

information about texture, lighting, and material properties, NeRFs explic-
itly model view-dependent appearance, enabling realistic rendering effects
such as specular highlights and transparency. They also provide a unified
representation that seamlessly combines geometry and appearance, avoiding
the need for separate texture maps or mesh-based pipelines. In addition,
the neural representation is compact and compressible, often requiring less
memory than dense voxel grids or high-resolution images, while still support-
ing high-quality reconstructions. Finally, the differentiable nature of NeRFs
makes them compatible with gradient-based optimization, facilitating down-
stream tasks such as 3D reconstruction, scene editing, or integration into larger
learning framew orks.

The increasing adoption of NeRFs and their appealing characteristics
motivate our research question: Is it possible to build an MLLM able to directly
ingest NeRFs? Inspired by recent studies on meta-networks that can process
neural fields [102, 69], we answer this question positively by showing that it is
possible to process the weights of a given NeRF with a meta-network encoder
that projects the NeRF weights into the embedding space of a pre-trained LLM
such as LLaMA 2 [122]. By doing so, we create the first MLLM for NeRFs,
dubbed Large Language and NeRF Assistant (LLaNA), which can perform
NeRF-language tasks such as NeRF captioning, NeRF Q&A, and zero-shot
NeRF classification.

We also introduce the first NeRF-language benchmark for NeRF textual
assistants. This benchmark consists of two datasets of NeRFs paired with
language annotations: ShapeNeRF-Text, including 40K synthetic objects from
ShapeNet [17] and ObjaNeRF-Text, featuring 280K NeRFs trained on synthetic
and real 3D models from Objaverse [30].

A natural baseline for building an assistant for NeRFs is to convert the rep-
resentation into conventional modalities—by rendering images or extracting
3D point clouds—and then process them with existing MLLMs designed for
such inputs. We therefore compare LLaNA against these indirect approaches
on the proposed benchmark. Our results show that the quality of the MLLM’s
output is sensitive to the resolution of the extracted geometry or images, and,
in the case of images, also to the chosen rendering viewpoints, which can sub-
stantially limit performance. Important details may be lost when rendering
from suboptimal viewpoints or when the extracted geometry lacks sufficient
resolution. In contrast, by operating directly on the MLP weights, our method
leverages the full information encoded in the NeRF without requiring addi-

tional design choices. As a result, LLaNA provides the most effective way
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[ NeRF brief captioning ] NeRF Question Answering

NeRF NeRF

‘ Whatis e colo scherne ofhe o design of e | /@\‘
car?

The color scheme of the interior design is dark, possibly black or
b | grey, with a contrasting lighter color on the grille and headiights.

How can this car be e
used?

A3D model of a small toy airplane with two propellers, featuring a pink and biue
color scheme

[ NeRF detailed captioning ]

comfortable and stylish ride for passengers.

Whatis the design of the roof of the ‘ L
car?
The roof of the luxury sedan features a sunroof, adding to its
b sleek and sophisticated design

[ This luxury sedan can be used for transportation, providing a J

NeRF

Zero-shot NeRF Classification

>
‘ Ofer a detailed interpretation of this NeRF | /@\ (Whatis the ass|  NeRF
of the NeRF?

/@\,‘,

[ This is a stylized boat with a distinctly toy-like quality. The boat features a striking color
scheme of vibrant blue and red, creating a playful visual contrast. ts hull is
characterized by a pointed front, a straight back, and a single cabin. The entire craft
lacks textural details or material indicators which reinforces ts appearance as a
miniature model or children's plaything rather than a realistic watercraft. The mast is
| kely used for sailing or anchoring, and the overall design is reminiscen of a child's toy. )

=l

FIGURE 3.1: LLaNA. A new Multimodal Large Language Model that under-

stands and reasons on an input NeRF. Notably, our framework processes

directly the NeRF weights and performs tasks such as captioning, Q&A, and
zero-shot classification of NeRFs.

to build a NeRF assistant, consistently outperforming MLLMs that rely on
rendered images or queried 3D geometries.

In this Chapter, the following contributions are presented:

* LLaNA, the first MLLM capable of performing tasks such as captioning
and Q&A on NeRFs.

¢ We show that it is possible to build such an assistant by directly process-
ing the NeRFs weights with a meta-encoder, which is faster and captures

more information compared to rendering images or extracting 3D data.

* A NeRF-language benchmark for MLLMs, built on ShapeNet and Ob-
javerse, which contains more than 320K NeRFs of synthetic and real
objects, paired with text annotations. Our evaluation on this benchmark
demonstrates that LLaNA outperforms traditional MLLMs operating on

discrete representations derived from NeRFs.

3.2 Related Work

Multimodal Large Language Models. Significant advancements in Large
Language Models (LLMs) have revolutionized language understanding, rea-
soning, and generalization [33, 100, 1, 122]. These capabilities have recently
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been extended to Multimodal Large Language Models (MLLMs), which inte-
grate sensory modalities such as images [74], audio [44], and video [142].

A common paradigm in MLLM design involves aligning visual features
with a textual embedding space to leverage the reasoning power of a frozen
LLM. For instance, BLIP-2 [63] introduces a Querying Transformer (Q-Former)
to bridge the modality gap. This lightweight module uses a set of learnable
query tokens to extract a fixed number of relevant visual features from a frozen
image encoder, effectively acting as an information bottleneck before passing
tokens to the LLM. In contrast, LLaVA [74] adopts a simpler yet effective
approach by using a linear projection layer (later upgraded to a Multi-Layer
Perceptron in LLaVA-1.5) to map features from a CLIP vision encoder directly
into the word embedding space of the pre-trained LLM. While models like
Kosmos [45] are trained from scratch, the trend has shifted toward these
modular architectures (e.g., InstructBLIP [28], Qwen-VL [9]) that preserve the
pre-trained knowledge of the underlying language model, by fine-tuning it.

The extension of MLLMs to 3D data has primarily been driven by two ap-
proaches. The first approach is based on the abundance of 2D vision-language
data by rendering 3D assets into multi-view images. A prominent example is
3D-LLM [43], which utilizes a 3D feature extractor to reconstruct 3D features
from multi-view rendered images, effectively "injecting" 3D spatial informa-
tion into a pre-trained Vision-Language Model (VLM). It further introduces
a 3D localization mechanism with position embeddings to help the model
reason about spatial relationships and navigation.

The second approach involves training models directly on native 3D rep-
resentations, such as point clouds. PointLLM [133] employs a point cloud
encoder (Point-BERT [136]) to convert colored point clouds into tokens that
the LLM can process. It utilizes a two-stage training strategy: latent space
alignment, followed by instruction tuning on a large-scale dataset of point-
text pairs. Similarly, GPT4Point [98] introduces a unified framework for both
understanding and generation. It utilizes a Point-Q-Former for alignment and
is supported by Pyramid-XL, a large-scale point-language dataset. Beyond
simple Q&A, GPT4Point is capable of controllable 3D generation by using the
aligned features to guide a diffusion-based 3D generator.

Neural radiance fields. NeRF [88] have been applied in several visual
tasks such as novel view synthesis [83], generative media [95], robotics [135],
and computational photography [87]. The base formulation employs MLPs to
convert spatial coordinates into colors and densities. Recent advancements
substitute or enhance MLPs with explicit data structures [18, 117, 35, 90] for
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faster training and inference.

Neural radiance fields and language. The interaction between NeRF and
language has been recently investigated for several practical applications.
Many works address the problem of generating geometrically consistent
views of objects or scenes described by textual prompts [111, 85, 51, 110, 62,
60, 95]. Other approaches focus on editing the scene represented by a NeRF
through text, e.g., by changing the appearance and shape of objects [127, 46,
114,128,118, 39, 137, 145], or by inserting/removing objects in the scene [8,
89]. Some techniques investigate new types of radiance fields that predict
language features for each spatial location alongside density and color [54, 57].
By transferring knowledge from vision-language models into these enhanced
radiance fields, they can be queried by textual prompts. Such language fields
are parametrized by a neural network. Unlike all previous methods, the
solution proposed in [10] is the first to utilize the weights of a NeRF’'s MLP
as an input modality. This method aims to learn a mapping between the
embedding spaces of the NeRF and CLIP [99] to perform tasks such as NeRF
retrieval from textual or image queries. Differently, our goal is to develop an
MLLM capable of reasoning about NeRFs.

Deep learning on neural networks. Several studies have explored using
meta-networks, i.e., neural networks that process other neural networks. Ini-
tially, researchers concentrated on predicting network characteristics, such
as accuracy and hyperparameters, by processing their weights [125, 109, 56,
49, 79]. Several recent works focus on processing networks that implicitly
encode data, e.g., Implicit Neural Representations (INR) or Neural Fields.
These methods are able to classify or segment data by processing solely the
weights of the input neural networks. Functa [34] trains a single shared net-
work on a full dataset to learn compact modulation embeddings for each
sample, which can then be used for various downstream tasks. More recent
research has shifted focus to analyzing networks that represent individual
data samples, such as networks trained to model specific objects. By lever-
aging a novel encoder architecture for MLP weights, inr2vec [29] extracts
compact embeddings from INRs of 3D shapes, which are employed as inputs
for downstream tasks. nf2vec [102] extends inr2vec to ingest the weights to
classify, segment, or retrieve similar NeRFs. The solution from [16] develops
a strategy to process neural fields represented by a hybrid tri-plane struc-
ture. Other approaches [91, 144, 143] develop equivariant architectures to
handle MLPs by exploiting weight space symmetries [40] as an inductive bias.
Also, Graph Neural Networks have been investigated to compute a network
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representation [58, 69]. Since we aim to process NeRFs directly from the
network weights, we employ nf2vec as our meta-encoder due to its efficient
and scalable architecture.

3.3 Methodology

This section describes the proposed Large Language and NeRF Assistant
(LLaNA). We first provide an overview of NeRFs and the meta-encoder that
maps NeRF weights into a global embedding. Then, we present the overall
LLaNA framework and discuss our training protocol.

3.3.1 Neural Radiance Fields

A Neural Radiance Field (NeRF) [88] is a framework that employs coordinate-
based neural networks, typically Multi-Layer Perceptrons (MLP), to model 3D
scenes or objects. It is trained on a set of images taken from various vantage
points. Once trained, a NeRF can be used to perform novel views synthesis,
i.e., photorealistic rendering of images from viewpoints unseen at training
time.

In its base formulation, the MLP is a function of continuous 3D coordinates
p = (x,y,z) € R3, that yields a four-dimensional output, RGBo € [0, 1]*. This
output encodes the RGB color and the volume density ¢ at each 3D location
in the scene. The volume density ¢ can be interpreted as the differential prob-
ability of a ray terminating at a point p. After training, a NeRF can be used to
render images from any desired viewpoint at arbitrary resolution by querying
it for the values of RGB and ¢ at several points along the ray corresponding
to each pixel and applying the volumetric rendering equation [88].

In this work, we implement NeRFs as MLPs composed of one input layer,
L hidden layers, and one output layer. An example of MLP with 1 input, 1
output, and 1 hidden layer is shown in Figure 3.3 (left).

A layer is parameterized by a weight matrix plus a bias vector. More in
detail, the hidden layers in our architecture have the same number of input
and output neurons, H, thus having squared weight matrices W; € RF*H for
I =1,...,Land H-dimensional biases b; € R. The input p goes through a
24-frequency encoding [88], therefore the first layer has W, € R44xH and
b;, € RY. The final layer has Wy,; € RP*4 and b,,; € R Adopting the
same architecture used in [102], an instance of the employed NeRF has L = 3
hidden layers, with 64 neurons each. The ReLU activation function is applied
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between all layers except for the last one, which directly computes the density
and RGB values without any activation function. Our NeRFs are trained
using a Smooth L; loss [38] between the predicted and ground truth RGB
pixel intensities, weighting background pixels less than foreground pixels
(0.8 foreground vs. 0.2 background). The final rendered images are obtained
by querying the neural network with 3D coordinates to obtain RGB color
values and density estimates. These values are then integrated along camera
rays using volumetric rendering techniques [88], to produce the final image.
Each NeRF is trained for approximately 2000 steps, until it achieves good
reconstruction quality as measured by the Peak Signal-to-Noise Ratio (PSNR).

3.3.2 Meta-encoder

In this work, we investigate how to design a Multimodal Large Language
Model (MLLM) that works directly on the weights of NeRFs. We expect the
NeRF weights to contain comprehensive information about the represented
object, such as its geometry and appearance. Thus, an encoder can extract all
the relevant information from these weights to perform language-based tasks
like generating captions and answering questions about the object.

Inspired by the recent development of meta-networks capable of pro-
cessing neural fields [69, 102], we employ nf2vec [102] as our meta-encoder
architecture. This framework was specifically designed by Ballerini et al. to
derive a meaningful and compact representation of an input NeRF solely by
processing its weights, without the need to sample the underlying function.
A significant challenge in designing such an encoder is scaling to large NeRFs;
a naive MLP mapping flattened weights to an embedding could require hun-
dreds of millions of parameters for even small NeRFs. To address this, nf2vec
treats the weights as a structured input. In particular, the weight matrices
and biases of the input NeRF are stacked along the row dimension to form
a matrix M € R, where S = (I+1) + L(H + 1) + (H + 1). In our model
[ =75, L =3,H = 64, then S = 336. Figure 3.2 shows the architecture of
nf2vec.

The meta-encoder is parametrized as an MLP with batch normalization
layers [47] and ReLU non-linearities. This architecture processes each row of
M independently, which allows it scale gracefully regardless of the depth of
the NeRF or the total of parameters. After extracting S tokens of length G,

they are processed by a max-pooling layer to provide a global representation
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FIGURE 3.2: Architecture of nf2vec.
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FIGURE 3.3: Framework overview. Example of NeRF captioning.
The meta-encoder of this model is nf2vec, shown in Figure 3.2

¢ € R of the NeRF, with G = 1024 in our experiments. Crucially, the suc-
cess of this weight-processing approach relies on the alignment of weights
across different NeRFs. Since fitting an individual NeRF involves randomness
(e.g., initialization and shuffling), weights in the same position may not share
the same semantic role across samples. To ensure a well-organized latent
space, we follow the practice of initializing all input NeRFs with a shared,
pre-computed random vector, which favors weight alignment and enables
framework convergence. The encoder is pre-trained using a self-supervised
protocol. It is paired with an implicit decoder that, given the global embed-
ding and a spatial coordinate, predicts the original field values (e.g., RGB
values and density ¢). The framework is supervised via volumetric rendering,
minimizing the regression loss between predicted and true pixel values from
arbitrary viewpoints.

This ensures that the resulting embeddings capture a high-fidelity, 3D-
consistent representation of the geometry and appearance of the input object.
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3.3.3 Large Language and NeRF Assistant

Inspired by recent approaches that proposed effective Multimodal Large
Language Models, we build LLaNA by leveraging on a pre-trained LLM
with a Transformer backbone [126], in our experiments LLaMA 2 [122], and
projecting the NeRF modality into its embedding input space, as proposed for
images and 3D data [74, 133] (see Figure 3.3, right). Thanks to the self-attention
mechanism, the transformer can understand the contextual relationships
between the text and the NeRF tokens, enabling it to generate responses based
on both the text and the NeRF inputs.

We define a projector network, ¢, composed of a stack of 3 trainable linear
layers, interleaved with GeLU activation functions, that project the embedding
of the input NeRF computed by the meta-encoder into the embedding space
of LLaMA 2. More in detail, the NeRF embedding is encapsulated between
two special tokens, <n_start> and <n_end>, whose embeddings are learned
end-to-end while training. Finally, an input sequence composed by the NeRF
embedding and k word tokens, (<n_start>, ¢(g), <n_end>, wy, wy, ..., wy), is

provided as input to the LLM which predicts a sequence of word tokens

(warl/ wk+2/ ceey Zbeos)-

3.3.4 Training protocol

To train our framework, we hold multiple conversations about each NeRF
leveraging both our ShapeNeRF-Text and ObjaNeRF-Text datasets (see Sec-
tion 3.4). These conversations are organized into a set of prompts from the
user and expected ground truth answers that are used to optimize the orig-
inal auto-regressive objective of the LLM. For the meta-encoder, we train
nf2vec on ShapeNeRF-Text and ObjaNeRF-Text for 100 epochs on 4 NVIDIA
A100 GPUs.: When training LLaNA we follow a two-stage training protocol,
keeping the nf2vec encoder frozen:

Stage 1: projector training. In the first stage, we train the projector network
¢ to align the NeRF and the word embedding spaces while keeping the LLM
weights fixed. We train on an instruction dataset of brief descriptions from
ShapeNeRF-Text and ObjaNeRF-Text to learn the projection layer efficiently.
We also train the embeddings of the special tokens used to encapsulate the
NeRF one. We optimize the projector weights and the embeddings for 3
epochs with a learning rate of 0.002 and a batch size of 16 on each GPU.

Stage 2: instruction tuning. The second stage of training focuses on teach-
ing the model to understand and reason about NeRF data using three types of
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FIGURE 3.4: Automatic annotation pipeline

text from ShapeNeRF-Text and ObjaNeRF-Text: brief descriptions, detailed
descriptions, and Q&A conversations. In this phase, we optimize both the
projector and the LLM for 3 epochs. We employ a learning rate of 0.00002 and
a batch size of 4 on each GPU.

Our model is implemented in PyTorch and trained on NVIDIA A100
GPUs with 64GB of VRAM each. The model variant based on the 7B LLAMA
architecture requires 4 GPUs for training, while our largest version, which
uses the 13B LLAMA architecture, needs 8 GPUs. Training either version of
the model takes approximately one day to complete.

3.4 Benchmark

3.4.1 ShapeNeRF-Text

ShapeNeRF-Text features paired NeRFs and language annotations for
ShapeNet objects [17], in particular for all the 40K NeRFs available in the
nf2vec dataset [102]. We followed the strategy defined in PointLLM [133] to
build the textual annotations. More in detail, we generated a brief description,
a detailed description, 3 single-round Q&As, and one multi-round Q&A for each
object. The brief descriptions are concise captions of the object, taking into ac-
count its global structure and appearance. The detailed descriptions are longer
sentences that describe all the details of the object. The single-round Q&As

consist of a question about the object and the corresponding ground truth
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metallic sheen, likely made of a material like steel or aluminum.
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rear, and a cockpit area visible from the side perspective. The
color scheme is predominantly gray and white, with a white stripe
running along the side in the stylized representation. The jet's
design appears to be a blend of realism and stylization, possibly
indicating a stealth-designed aircraft with a focus on functionality
and aerodynamics.
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< © combat, air-to-ground strikes, or reconnaissance missions.
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The white stripe is a stylized representation and may indicate the
< * jet's affiliation or nationality.

FIGURE 3.5: Example of data sample from ShapeNeRF-Text

answer. Finally, the multi-round Q&As are longer conversations formed by 3
questions and the relative answers. The automatic data annotation pipeline is
inspired by Cap3D [80] and is shown in Figure 3.4. First, multiple views of
each ShapeNet object have been rendered from different perspectives. Then,
each view has been provided as input to LLaVA (LLaVA2-13b) [74] to get a
detailed description of the object from that point of view. Afterward, starting
from the captions generated by LLaVA, LLaMA 3 (LLaMA3-8B-chat) was used
to generate the final ground truth text data (brief and detailed descriptions,
single and multi-round Q&As). Both the frozen LLMs employed to create our
benchmark (LLaVA2-13b, LLaMA3-8b-chat) are equipped with safeguards.

When building the ground truth data, to ensure diversity in the language
annotations, each brief and detailed description has been associated with a
question randomly sampled from 30 instructions for each kind of description.
Such instructions, together with the carefully engineered request prompts for
LLaVA and LLaMA, are reported in our publication [4]. ShapeNeRF-Text
comprises 40K objects, with 240K textual annotations: 40K brief captions, 40K
detailed descriptions, 120K single-round Q&A, and 40K three-round Q&A.
Figure 3.5 shows an example of the resulting textual annotations.

We split the dataset into train, validation, and test sets, stratified on the
ShapeNet classes, containing distinct objects in proportions of 80%, 10%, and
10% of the total number of shapes, respectively.
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3.4.2 ObjaNeRF-Text

ObjaNeRF-Text was built leveraging on the rendered views from G-Buffer
Objaverse [146]. This dataset provides high-quality rendered views of 280K
models from Objaverse. Each object was captured from 40 different camera
positions: 38 views taken around the object at two different elevation angles,
plus one view from above and one from below. We trained a NeRF for each
object, using these rendered views. The textual annotations of ObjaNeRF-Text
are derived from the dataset proposed in [133]. This work provides machine-
generated textual annotations for Objaverse models, divided into the same
categories as ShapeNeRF-Text: brief descriptions, detailed descriptions and
Q&A conversations. When building ObjaNeRF-Text, we identified the inter-
section between the 280K objects in G-Buffer Objaverse and the 3D models
from this textually annotated dataset. Overall, the training set of ObjaNeRF-
Text comprises around 280K 3D models with brief descriptions, and 30K
complex text annotations including detailed descriptions and Q&A conver-
sations, associated with 7K different objects. For our evaluation benchmark,
we created two different test sets: one for comparison with PointLLM [133]
and another for comparison with GPT4Point [98], leveraging the splits pro-
posed in these works. This dualsplit approach was necessary to ensure the
largest and most fair evaluation possible since many samples in the test set of
PointLLM were used to train GPT4Point. The final test sets contain human-
annotated captions for 1366 objects in the PointLLM test set and 518 objects in
the GPT4Point test set. To facilitate the training and test of LLaNA, the words
of the original text annotations referring to the point cloud data structure, such
as “point cloud”, “3D point cloud” or “cloud of points” have been modified
into “NeRF”.

3.4.3 Language tasks and metrics

The experimental results on ShapeNeRF-Text and ObjaNeRF-Text are re-
ported divided by tasks: brief captioning, detailed captioning and single-
round Q&A. Since the test sets of ObjaNeRF-Text contain short human-
annotated captions, such results fall into the brief captioning category. Further-
more, for this task, we also evaluate the methods on the GPT2Shape Human
Shape Text (HST) dataset [5], a subset of ShapeNet for which human-curated
brief descriptions are publicly available. We employ standard language simi-
larity metrics to evaluate these methods. We compute the cosine similarity
between the global embeddings of the generated and ground truth sentences
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provided by the pre-trained encoders Sentence-BERT [103] and SimCSE [37].
These metrics were shown to be the most effective in measuring the qual-
ity of the generated output [133]. We also include standard handcrafted
metrics based on n-gram statistics, like BLEU-1 [93], ROUGE-L [71], and
METEOR [11].

3.5 Experimental results

As our method is the first to investigate language tasks on NeRF, there are
no baselines in the literature. However, given a NeRF, a straightforward way
to create an assistant for it could be to render an image and use an MLLM
capable of ingesting images. Alternatively, we could extract the 3D shape
from the NeRF and use one of the recent 3D MLLMs. Hence, we evaluate
LLaVA (v1.6) [74] and BLIP-2 [63] for images, as well as PointLLM [133] and
GPT4Point [98] for colored point clouds. Since NeRFs can render arbitrary
viewpoints after training, we also include the evaluation of LLaVA [74] in a
multi-view scenario. More in detail, we render images from N viewpoints
randomly sampled between the set of camera poses used to train each NeRF;
then, we concatenate tokens from these N images and fed them into LLaVA
alongside text instructions. We set N=3 because the model cannot process a
higher number of images correctly. In addition, we test 3D-LLM [43], which
processes meshes and multi-view images. When evaluating the baselines
on ShapeNeRF-Text and ObjaNeRF-Text, we employ the official code and

pre-trained models released by the respective authors'.

3.5.1 Experiments on ShapeNeRF-Text and ObjaNeRF-Text

Brief captioning The results for the brief description task are reported in
Tables 3.1, 3.2, 3.3, and 3.4. When evaluating image-based methods on
ObjaNeRF-Text, we use random object views since Objaverse 3D models lack
consistent orientation, making it impossible to identify standard front and
back views as in ShapeNeRF-Text.

LLaNA-13b consistently achieves the best performance across all metrics,
often with substantial margins over the runner-up. Notably, the second-best

LLaVA: https://github.com/haotian-1iu/LLaVA BLIP-2: https://github.com/
salesforce/LAVIS/tree/main/projects/blip2 PointLLM: https://github.com/
OpenRobotLab/PointLLM GPT4Point: https://github.com/Pointcept/GPT4Point 3D-
LLM: https://github.com/UMass-Foundation-Model/3D-LLM
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Model Modality S-BERT SimCSE BLEU-1 ROUGE-L METEOR
GPT4Point-Opt-2.7b  Point cloud ~ 41.85 40.22 11.76 16.54 11.63
3D-LLM FlanT5-x1 Mesh + MV 59.46 56.42 12.69 21.49 14.32
LLaVA-vicuna-7b Image (FV)  59.85 62.35 22.67 23.24 23.35
LLaVA-vicuna-7b Image (BV) 55.68 58.46 21.97 22.46 22.50
LLaVA-vicuna-7b Image (MV)  59.77 61.42 23.16 22.68 23.01
PointLLM-7b Point cloud  49.59 48.84 16.74 17.92 14.56
LLaNA-7b NeRF 74.94 76.41 42.73 43.64 41.95
BLIP-2 FlanT5-xx1 Image (FV) 56.13 58.21 5.46 18.69 9.67
BLIP-2 FlanT5-xx1 Image (BV) 52.48 54.05 5.67 18.20 9.50
LLaVA-vicuna-13b Image (FV)  61.00 61.16 14.30 20.00 23.31
LLaVA-vicuna-13b Image (BV) 54.35 56.09 21.94 21.67 22.09
LLaVA-vicuna-13b  Image (MV)  59.64 61.01 22.84 22.17 23.08
PointLLM-13b Point cloud  51.54 50.35 17.20 18.51 14.92
LLaNA-13b NeRF 75.09 76.45 42.83 43.70 42.21

TABLE 3.1: NeRF brief captioning results on ShapeNeRF-Text. Best results
are in bold, runner-up is underlined.

Model Modality ~S-BERT SimCSE BLEU-1 ROUGE-L METEOR
GPT4Point-Opt-2.7B  Point cloud  43.15 42.22 12.02 18.73 13.69
3D-LLM FlanT5-x1 Mesh + MV 56.07 52.13 15.94 20.71 15.22
LLaVA-vicuna-7b Image (FV) 54.31 56.28 10.08 14.71 14.53
LLaVA-vicuna-7b Image (BV)  51.75 52.29 8.13 13.96 14.18
LLaVA-vicuna-7b Image (MV)  54.15 56.87 10.32 12.76 15.13
PointLLM-7b Point cloud  43.40 44.50 8.53 11.64 9.97
LLaNA-7b NeRF 64.78 65.01 20.65 23.24 24.10
BLIP-2 FlanT5-xx1 Image (FV)  57.11 59.43 8.21 18.02 12.14
BLIP-2 FlanT5-xx1 Image (BV)  54.11 56.37 9.09 17.38 11.79
LLaVA-vicuna-13b Image (FV) 55.62 55.56 6.56 11.81 14.52
LLaVA-vicuna-13b Image (BV)  50.00 50.79 9.39 12.76 14.46
LLaVA-vicuna-13b Image (MV)  54.25 55.56 9.78 14.13 1499
PointLLM-13b Point cloud  45.41 46.39 9.57 12.38 11.92
LLaNA-13b NeRF 65.66 66.09 20.80 24.28 25.90

TABLE 3.2: NeRF brief captioning results on HST. Best results are in bold,
runner-up is underlined.

Model Modality S-BERT SimCSE BLEU-1 ROUGE-L METEOR
3D-LLM FlanT5-x1 Mesh + MV~ 38.22 39.60 5.47 7.29 10.75
LLaVA-vicuna-7b ~ Image (RV) 39.29 40.93 522 8.35 12.49
LLaVA-vicuna-7b  Image (MV)  40.15 41.09 5.62 9.07 13.22
PointLLM-7b Point cloud  38.81 40.11 5.55 8.39 11.24
LLaNA-7b NeRF 41.36 42.28 13.21 16.93 15.63
BLIP-2 FlanT5-xx1 ~ Image (RV) 35.48 35.19 7.69 13.75 11.68
LLaVA-vicuna-13b  Image (RV) 38.57 39.05 4.62 7.63 11.85
LLaVA-vicuna-13b Image (MV)  41.01 41.10 4.87 8.03 12.35
PointLLM-13b Point cloud  39.64 40.63 5.94 8.43 11.63
LLaNA-13b NeRF 42.08 42.40 13.86 17.51 16.18

TABLE 3.3: NeRF brief captioning results on ObjaNeRF-Text (PointLLM test
set). Best results are in bold, runner-up is underlined.

results are most frequently obtained by LLaNA-7b, which shares the same
architecture but employs a smaller LLM.

The difference in the quality of the captions generated by LLaNA compared
to the baselines is shown in Figures 3.6, 3.7, and 3.8, where the descriptions
provided by LLaNA are the most accurate.

A consistent trend observed in both the tables and qualitative results is

that image-based models generally outperform those processing point clouds.



The Rise of NeRF-language Models 43

Model Modality S-BERT SimCSE BLEU-1 ROUGE-L METEOR
GPT4Point-Opt-2.7b  Point cloud  34.42 31.89 8.76 13.62 13.55
3D-LLM FlanT5-xI  Mesh+ MV 41.26 37.74 11.08 12.26 15.58
LLaVA-vicuna-7b Image (RV)  41.59 42.38 7.24 11.74 16.01
LLaVA-vicuna-7b Image (RV) 42.34 43.21 8.59 11.94 18.52
LLaNA-7b NeRF 43.73 43.09 20.22 25.15 22.21
BLIP-2 FlanT5-xx1 Image (RV)  37.24 37.32 10.63 16.87 14.69
LLaVA-vicuna-13b Image (RV) 42.08 41.04 6.53 10.57 15.67
LLaVA-vicuna-13b  Image (MV)  44.15 43.19 6.75 10.86 16.10
LLaNA-13b NeRF 44.26 43.75 20.61 25.62 22.36

TABLE 3.4: NeRF brief captioning results on ObjaNeRF-Text (GPT4Point
test set). Best results are in bold, runner-up is underlined.

LLaNA-13b PointLLM-13b GPT4Point-Opt-2.7b LLaVA-13b BLIP-2 FlanT5-xxI

the model s a spe
yellow logo on it

FIGURE 3.6: Qualitative results on ShapeNeRF-Text brief descriptions.

This is likely attributable to the larger training datasets used for the image
modality, millions of images compared to only hundreds of thousands of
shapes, which enhances generalization. Additionally, images can capture
more fine-grained details than point clouds at the input resolutions required
by image-based versus 3D MLLMs. Nonetheless, our method, which operates
on NeRFs, benefits from a holistic view of the object and provides the most
accurate descriptions. Remarkably, in LLaNA, all the necessary information for
this language task can be extracted from a single global embedding obtained
by directly processing the NeRF weights. Comparing the results of image-
based MLLMs when processing front versus back views, we can see that the
vantage point has a non-negligible effect on the performance of such baselines,
with SentenceBERT and SimCSE metrics diminishing by about 4 points in
all baselines. In a dataset without canonical poses for objects, this would
be a relevant limitation that processing NeRF weights seamlessly sidesteps.
Finally, we observe that the multi-view setup of LLaVA provides better per-
formance to the single-view counterpart. Regarding LLM size scaling, our
analysis reveals only marginal performance improvements with larger mod-
els in brief captioning tasks. On ShapeNeRF-Text, LLaVA shows a minimal
improvement in S-BERT scores from 59.85 to 61.00 when using the 13B pa-
rameter model, while other metrics actually deteriorate. Similarly, PointLLM
exhibits modest gains of approximately 1 point across metrics, and LLaNA
demonstrates even smaller improvements. This trend is consistent across
HST and ObjaNeRF-Text datasets. These findings suggest that the ability
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FIGURE 3.7: Qualitative results on ObjaNeRF-Text brief descriptions
(PointLLM test set).
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FIGURE 3.8: Qualitative results on ObjaNeRF-Text brief descriptions
(GPT4Point test set).

to perform NeRF-language tasks is not strongly correlated with LLM size.
Unlike traditional NLP tasks, where larger models generally lead to signifi-
cant performance boosts due to their enhanced language understanding and
generation capabilities, NeRF-based captioning appears to depend more on
the model’s ability to process and integrate 3D and visual information from
the input NeRF. Given the substantial computational costs of training and
deploying larger models, the minimal performance gains observed in brief
captioning tasks may not justify the increased resource demands. Another
key observation is that the quality of the input encoding and the processing
pipeline, which turns NeRF representations into LLM-compatible features,
have a greater impact on performance than increasing the size of the un-
derlying LLM. For example, despite using LLMs of similar sizes (2.7B for
GPT4Point and 3B for 3D-LLM), these models exhibit very different perfor-
mance levels. One possible explanation is that these tasks require precise
spatial and geometric reasoning, which may not inherently improve with a
larger LLM. Models like 3D-LLM, which incorporate multi-view processing
and colored meshes, likely benefit more from their specialized architecture
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Model Modality S-BERT SimCSE BLEU-1 ROUGE-L METEOR
GPT4Point-Opt-2.7b  Point cloud 42.44 38.33 3.72 9.21 5.13
3D-LLM FlanT5-x1 Mesh + MV 58.00 53.91 1.58 14.40 5.28
LLaVA-vicuna-7b Image (FV) 57.55 57.68 14.99 22.82 14.36
LLaVA-vicuna-7b Image (BV)  53.11 54.46 14.73 22.47 14.05
LLaVA-vicuna-7b Image (MV)  55.26 58.46 15.07 24.05 14.85
PointLLM-7b Point cloud  59.02 58.30 10.28 19.26 10.55
LLaNA-7b NeRF 75.25 77.42 19.57 32.96 20.45
BLIP-2 FlanT5-xxl Image (FV) 41.27 40.69 0.18 7.83 2.60
BLIP-2 FlanT5-xxl Image (BV) 38.49 37.89 0.19 7.72 2.58
LLaVA-vicuna-13b Image (FV) 59.08 58.87 23.63 23.55 22.55
LLaVA-vicuna-13b Image (BV)  50.09 50.33 13.77 21.36 13.18
LLaVA-vicuna-13b  Image (MV)  60.21 59.51 15.07 32.16 14.64
PointLLM-13b Point cloud  59.64 58.55 10.52 19.44 10.83
LLaNA-13b NeRF 75.51 77.63 19.87 32.93 20.46

TABLE 3.5: NeRF detailed captioning on ShapeNeRF-Text.
Best results are in bold, runner-up is underlined.
(FV: front-view, BV: back-view, MV: multi-view)

LLaNA-13b PointLLM-13b GPT4Point-Opt-2.7b LLaVA-13b BLIP-2 FlanT5-xxI

NeRF

i

Elaborate on the details | -
of this NeRF. please

FIGURE 3.9: Qualitative results on ShapeNeRF-Text detailed descriptions.
From top to bottom: brief and detailed descriptions, single-round Q&A

than from parameter scaling.

Detailed captioning The results for the detailed captioning task are pre-
sented in Table 3.5. LLaNA demonstrates superior performance compared
to all other models, showing significant improvements in data-driven met-
rics such as Sentence-BERT and SimCSE. For traditional metrics like BLEU-1,
ROUGE-L, and METEOR, our model achieves comparable results to LLaVA.
3D-LLM [43], processing multi-view images and colored meshes, performs
well on the Sentence-BERT metric, whereas all other metrics show poor results.
Interestingly, the point-based model PointLLM [133] performs similarly to the
image based one, LLaVA [74]. Considering the Sentence-BERT metric, LLaNA-
13b achieves 75.51, notably 15.87 points more than PointLLM and 15.30 points
more than LLaVA-13b multi-view setup. These substantial performance gaps
suggest that, while individual or aggregated images may be sufficient for
brief descriptions, they may lack all the details needed to provide a compre-
hensive description. Moreover, the dependency of the output quality on the

selected vantage points remains strong, as proven by the varying performance
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LLaNA-13b PointLLM-13b GPT4Point-Opt-2.7b LLaVA-13b BLIP-2 FlanT5-xxl|

FIGURE 3.10: Qualitative results on ShapeNeRF-Text single-round Q&A.

achieved by LLaVA across front-view, back-view, and multi-view scenarios.
In contrast, the NeRF weights contain detailed and complete information
about the object, which is fundamental for more granular description tasks,
with the additional advantage of not requiring tuning such hyperparameters.
The ability of NeRF to capture holistic information about the object is also
shown in Figure 3.9, where only the direct processing of NeRF weights lets
LLaNA understand that the object is a TV. PointLLM and LLaVA generate
detailed but wrong descriptions, likely because of the need to extract the
intermediate discrete representation as a point cloud or an image, losing infor-
mation. Indeed, in both cases, it is hard even for a human observer to provide
the right description from the intermediate modalities shown in the figure.
When comparing the different versions of our model, the 13B variant slightly
outperforms its 7B counterpart, a pattern consistently observed across other
models in the table, such as PointLLM and LLaVA. Specifically, the relative
improvements from 7B to 13B versions on Sentence-BERT and SimCSE are:
0.62 and 0.25 for PointLLM, 1.53 and 1.19 for LLaVA, 0.26 and 0.21 for LLaNA.
This limited performance gain suggests that the architectural improvements
and training strategies employed in these models may be more crucial for
performance than simply scaling up model size, as also observed with the
results obtained in the brief captioning task. Regarding the training strategies
of these models, an interesting observation can be made. Overall, the highest
performance on NeRF detailed captioning is achieved by LLaNA, LLaVA, and
PointLLM; notably, the only models incorporating LLM fine-tuning in their
training protocol. This pattern strongly suggests that fine-tuning the LLM
plays a crucial role in enhancing the quality of the generated descriptions.
While this fine-tuning stage appears less critical for generating brief captions,
it significantly impacts the quality of longer, detailed descriptions. This can
be attributed to the ability of the fine-tuned LLM to adapt its pre-trained lan-
guage understanding capabilities to the specific characteristics and vocabulary
of NeRF-based object descriptions.
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Model Modality S-BERT SimCSE BLEU-1 ROUGE-L METEOR
GPT4Point-Opt-2.7b  Pointcloud  27.62 31.41 6.26 9.38 5.41
3D-LLM FlanT5-xI  Mesh+ MV  69.62 67.55 32.19 40.95 35.83
LLaVA-vicuna-7b Image (FV) 71.79 71.96 25.79 34.04 34.86
LLaVA-vicuna-7b Image (BV)  70.88 70.93 25.17 33.30 34.22
LLaVA-vicuna-7b Image (MV)  72.26 70.67 24.09 34.67 35.64
PointLLM-7b Point cloud 74.70 74.40 36.81 4441 39.76
LLaNA-7b NeRF 81.03 81.61 45.98 53.27 49.97
BLIP-2 FlanT5-xx1 Image (FV)  45.20 47.92 11.50 20.16 13.49
BLIP-2 FlanT5-xx1 Image (BV)  45.06 47.66 11.50 19.98 13.44
LLaVA-vicuna-13b Image (FV) 71.61 70.98 20.19 30.42 32.53
LLaVA-vicuna-13b  Image (BV)  68.25 69.06 20.03 29.84 32.27
LLaVA-vicuna-13b  Image (MV) 71.84 71.16 20.04 30.20 33.46
PointLLM-13b Point cloud ~ 74.65 74.18 37.16 44.86 40.13
LLaNA-13b NeRF 81.05 81.60 46.08 53.44 49.98

TABLE 3.6: NeRF single-round Q&A on ShapeNeRF-Text.
Best results are in bold, runner-up is underlined.
(FV: front-view, BV: back-view, MV: multi-view)

Single-round Q&A In the single-round Q&A experiment, we test the ability
of the assistants to provide accurate answers to specific questions about the
object. We prompt the models with the NeRF, or the image/cloud extracted
from it, followed by one of the questions in the single-round Q&A annotations
associated with the NeRF. We then collect the answer generated by the model
and compare it against the ground truth answer with the selected metrics.
Results are reported in Table 3.6. Interestingly, PointLLM [133] performs
better than LLaVA [74] in this task, likely because it has been specifically
trained to answer detailed questions about objects represented as point clouds.
Nevertheless, LLaNA maintains its position as the top-performing method
across all metrics by substantial margins, mirroring our findings from the
brief and detailed captioning tasks. Using the 13B LLAMA backbone, the
performance gaps between LLaNA and the second-best model, PointLLM,
are large: 6.40 for Sentence-BERT, 7.42 for SimCSE, 8.92 for BLEU-1, 8.58 for
ROUGE-L, and 9.85 for METEOR. Notably, these margins remain consistently
large even when using the 7B LLAMA backbone. The performance advantage
of LLaNA shows that our meta-encoder and projector architecture are capable
of effectively extracting fine-grained information from the NeRF represen-
tation, even if they are processing directly NeRF weights. Remarkably, the
amount of information they can extract lets LLaNA answer more precisely
than when images or point clouds are extracted from the NeRF. Indeed, as
shown in Figure 3.10 which reports a qualitative example from ShapeNeRF-
Text, the only assistant able to answer correctly to a precise question about the
material of the chair is LLaNA. Similar to our findings with brief and detailed
descriptions, the Q&A results show minimal performance difference between
LLaNA-13B and LLaNA-7B, further reinforcing that MLLM performance on
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Model Modality  Accuracy (%)
GPT4Point-Opt-2.7b  Point cloud 41.93
3D-LLM FlanT5-x] =~ Mesh + MV 60.55
LLaVA-vicuna-7b Image (FV) 60.25
LLaVA-vicuna-7b Image (BV) 57.00
LLaVA-vicuna-7b Image (MV) 67.25
PointLLM-7b Point cloud 50.14
LLaNA-7b NeRF 67.56
BLIP-2 FlanT5-xx1 Image (FV) 63.67
BLIP-2 FlanT5-xx1 Image (BV) 61.47
LLaVA-vicuna-13b Image (FV) 66.13
LLaVA-vicuna-13b Image (BV) 63.90
LLaVA-vicuna-13b ~ Image (MV) 73.45
PointLLM-13b Point cloud 48.72
LLaNA-13b NeRF 69.27

TABLE 3.7: Zero-Shot NeRF Classification.
Best results are in bold, runner-up is underlined.
(FV: front-view, BV: back-view, MV: multi-view)

these tasks is not strongly dependent on the size of the underlying language
model. Furthermore, the consistently superior performance of LLaNA, LLaVA,
and PointLLM across both tasks underscores the critical role of LLM finetun-
ing in developing models that can effectively describe and answer questions
regarding 3D objects.

Zero-shot classification We compare assistants on the task of zero-shot clas-
sification. We query the models with the sentence “What is the class of the
NeRF/image/cloud? Choose among these: [ShapeNet classes]” where [ShapeNet
classes] are the 10 ShapeNet classes available in ShapeNeRF-Text. We consider
the answer correct only if the ground truth class appears in the response. We
report results in Table 3.7 on ShapeNeRF-Text. Using multiple views boosts
the zero-shot classification performance of LLaVA-13b, which turns out to
be the best model for this task, followed by LLaNA-13b. Similar to the brief
captioning task, image-based models tend to outperform point cloud-based
models on this classification task. This performance pattern aligns with the
requirements of these tasks. For brief captioning and classification, which
primarily require high-level understanding and concise outputs, image-based
models excel by leveraging visual features directly from 2D views, where
the nature of the object and its appearance are readily accessible. However,
the pattern reverses for detailed captioning and Q&A tasks, where geometric
precision and spatial understanding become crucial. These tasks often require
reasoning about specific object parts, their relationships, and fine-grained
spatial details - information that is inherently preserved in point cloud repre-

sentations. While image-based models might struggle with occlusions and
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loss of information due to the chosen vantage points, point cloud-based ap-
proaches can directly reason about the complete 3D geometry, leading to more
accurate and detailed responses.

Model Modality S-BERT SimCSE BLEU-1 ROUGE-L METEOR
GPT4Point-Opt-2.7b  Point cloud  37.96 39.00 21.33 22.29 24.88
PointLLM-7b Point cloud  55.48 57.28 21.67 25.84 24.54
LLaNA-7b NeRF 76.04 77.13 45.00 45.87 44.52
LLaVA-vicuna-13b Image (FV) 42.86 43.22 15.56 13.74 15.27
LLaVA-vicuna-13b ~ Image (MV)  44.29 41.85 16.67 16.26 17.58

TABLE 3.8: Brief captioning on ShapeNeRF-Text of trained baselines. Best
results are in bold, runner-up is underlined.

Model Modality S-BERT SimCSE BLEU-1 ROUGE-L METEOR
GPT4Point-Opt-2.7B  Point cloud ~ 30.50 31.08 8.12 12.35 11.62
PointLLM-7b Point cloud  44.65 44.68 8.91 12.33 12.64
LLaNA-7b NeRF 65.42 66.44 19.63 23.39 23.46
LLaVA-vicuna-13b Image (FV) 33.79 42.66 10.28 13.22 12.19
LLaVA-vicuna-13b ~ Image (MV)  34.45 42.54 11.04 12.36 11.48

TABLE 3.9: Brief captioning on HST of trained baselines. Best results are in
bold, runner-up is underlined.

Model Modality S-BERT SimCSE BLEU-1 ROUGE-L METEOR
GPT4Point-Opt-2.7b  Point cloud 41.33 40.52 14.48 19.15 13.80
PointLLM-7b Point cloud  67.30 59.56 15.39 21.42 11.37
LLaNA-7b NeRF 75.83 77.92 20.22 33.80 21.20
LLaVA-vicuna-13b Image (FV) 44.69 42.31 10.08 23.46 12.70
LLaVA-vicuna-13b  Image (MV)  45.72 42.49 12.17 23.48 14.25

TABLE 3.10: Detailed captioning on ShapeNeRF-Text of trained baselines.
Best results are in bold, runner-up is underlined.

Model Modality S-BERT SimCSE BLEU-1 ROUGE-L METEOR
GPT4Point-Opt-2.7b Point cloud =~ 22.22 28.66 8.76 13.46 14.19
PointLLM-7b Point cloud  79.24 80.38 46.00 52.60 42.36
LLaNA-7b NeRF 81.94 82.43 47.73 54.97 51.78
LLaVA-vicuna-13b Image (FV) 56.29 62.36 26.87 29.55 30.49
LLaVA-vicuna-13b  Image (MV)  56.42 64.47 25.41 30.09 32.04

TABLE 3.11: Single-round Q&A on ShapeNeRF-Text of trained baselines.
Best results are in bold, runner-up is underlined.

3.5.2 Ablation study on training data

In this section, we conduct an ablation study where we train from scratch
some methods on the same training set, i.e. ShapeNeRF-Text. This is done to
assess the influence of the training set on the results. Due to the considerable
computational resources required for training these models, we evaluated a
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Model Modality  Accuracy (%)
GPT4Point-Opt-2.7b  Point cloud 26.30
PointLLM-7b Point cloud 49.69
LLaNA-7b NeRF 69.06
LLaVA-vicuna-13b  Image (FV) 36.49
LLaVA-vicuna-13b ~ Image (FV) 39.27

TABLE 3.12: Zero-shot NeRF classification of baselines trained on
ShapeNeRF-Text. Best results are in bold, runner-up is underlined.
(FV: front-view, MV: multi-view)

Model Task Dataset SBERT SimCSE BLEU-1 ROUGE-L METEOR
LLaMA-7b  brief Shape 31.08 27.44 22.13 19.39 17.44
LLaMA-13b brief Shape 29.29 24.69 16.95 18.93 13.85
LLaMA-7b  brief HST 26.05 21.48 13.85 14.74 10.48
LLaMA-13b  brief HST 26.83 21.44 13.19 15.30 10.12
LLaMA-7b  brief Obja-P 28.20 29.33 10.37 13.59 12.95
LLaMA-13b  brief Obja-P 23.19 21.29 10.25 13.45 10.91
LLaMA-7b  brief Obja-G =~ 23.82 21.70 13.21 16.79 13.50
LLaMA-13b  brief Obja-G =~ 2343 19.54 14.18 17.40 13.81
LLaMA-7b  detailed Shape 37.51 32.47 9.66 16.67 9.67
LLaMA-13b detailed Shape 40.20 35.80 11.35 18.82 11.29
LLaMA-7b  Q&A Shape 76.89 76.61 42.01 49.74 45.69
LLaMA-13b Q&A Shape 76.85 76.79 42.30 49.92 45.86

TABLE 3.13: Language-only baselines NeRF captioning and NeRF single-
round Q&A. (Shape: ShapeNeRF-Text, Obja-P: ObjaNeRF-Text PointLLM
test set, Obja-G: ObjaNeRF-Text GPT4Point test set)

subset of baselines using their official training code. Accordingly, we followed
their protocol, which, for all methods, keeps the modality-specific encoder
frozen and trains an adaptor. In PointLLM and LLaVA, the LLM is finetuned
during an additional training stage.

Tables 3.8, 3.9, 3.10, 3.11, and 3.12 report results for both LLaNA and the
baselines trained solely on ShapeNeRF-Text. We notice that these baselines
exhibit different behaviors to their pre-trained counterparts, with LLaVA
performing significantly worse and PointLLM showing clear improvements.
As for GPT4Point, we observe greater variability across metrics; however,
overall, it shows no significant benefit from training on ShapeNeRF-Text.
Also in this scenario, LLaNA yields the best performance compared to all
baselines.

3.5.3 Isthe LLM all you need?

Finally, we investigate how LLAMA 2, the LLM on which LLaNA relies,
performs on NeRF-language tasks. For this evaluation protocol, the LLM, fine-
tuned during the second training stage of LLaNA, is provided with questions
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belonging to our datasets, requiring it to generate correct answers without ac-
cess to NeRF data. Consequently, its predictions rely solely on textual patterns
present in the training set. These experiments offer valuable insights into
the language annotations in ShapeNeRF-Text and ObjaNeRF-Text, as well
as the impact of different LLM sizes. Results are shown in Table 3.13. Com-
paring this table with the ones reporting the results of LLaNA, we observe a
significant performance gap between LLaNA and LLAMA. For instance, using
the Sentence-BERT metric, LLaNA achieves scores of 75.09 and 75.51 on the
brief and detailed captioning tasks of ShapeNeRF-Text, respectively, while
LLAMA-13B attains only 29.29 and 40.20. This corresponds to performance
drops of approximately 61% and 47%. Similarly, for the brief captioning task
on ObjaNeRF-Text, the performance drop is around 45% on the PointLLM test
set and 47% on the GPT4Point test set. These substantial gaps indicate that
ShapeNeRF-Text and ObjaNeRF-Text provide language tasks that require
access to 3D object information. Without the information from the NeRF token,
the LLM is not able to provide correct descriptions. Therefore, our datasets
can be used as reliable benchmarks for evaluating NeRF-language tasks. With
regards to the single-round Q&A annotations, LLAMA-2 can answer correctly
to a large set of questions leading to a limited performance gap with LLaNA:
from 81.05 to 76.85, corresponding to a relative decrease of 5%. This relatively
small difference can be attributed to the nature of the questions themselves:
many of them rely on common sense and general object knowledge rather
than specific 3D object information. For instance, questions like How can the
filing cabinet be used to organize office documents?, What is a suitable use for this
table? can be answered without detailed information from the corresponding
3D objects. These types of questions were deliberately included to preserve
the strong reasoning capabilities of LLAMA while creating more natural and
comprehensive conversations. An additional noteworthy finding concerns
the relationship between LLM size and performance on NeRF-language tasks.
As discussed previously, using a larger LLM does not significantly improve
the performance of LLaNA. This pattern is also evident in Table 3.13, where
LLAMA-7b and LLAMA-13b provide very similar results on ShapeNeRF-Text
and ObjaNeRF-Text. This suggests that the ability of the model to process and
comprehend 3D object inputs - through its pre-trained encoder and projection

layers - is more important than the size of the LLM.
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LLaNA PointLLM GPT4Point LLavA BLIP-2

FIGURE 3.11: Brief description example from ShapeNeRF-Text.

3.5.4 Additional qualitative examples

Figures 3.11, 3.12, and 3.13 show additional qualitative examples.
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3.6 Conclusion

In this Chapter, we have introduced LLaNA, the first Multimodal Large Lan-
guage Model capable of directly ingesting the weights of Neural Radiance
Fields. By utilizing a meta-network encoder to project NeRF weights into
the embedding space of a pre-trained LLM, we have demonstrated that it
is possible to perform complex reasoning tasks such as captioning, Q&A,
and zero-shot classification without the need for intermediate renderings or
discrete geometry extraction. Our large-scale NeRF-language benchmark,
comprising over 320K samples from ShapeNet and Objaverse, has further
validated that operating directly on neural weights is not only faster but also
more effective than relying on resolution-dependent proxies like point clouds
or 2D images.

The success of LLaNA underscores a fundamental shift in 3D-language
understanding: the weights of a coordinate-based neural network serve as a
compact and holistic representation of an object. However, the development
of this model also revealed a significant architectural bottleneck. Because
LLaNA relies on a meta-encoder that compresses the entire NeRF into a single
global embedding, the LLM views the scene through a "bottleneck" that lacks
explicit spatial structure. While this is sufficient for identifying an object or
describing its general attributes, it falters when the task requires a granular
understanding of the scene. Specifically, LLaNA struggles with spatial QA
and scenes containing multiple objects, where the relationships between parts
are as important as the whole.

This limitation suggests that while neural weights contain the necessary
information, a single global token is insufficient to "unlock" the full spatial
potential of a NeRF. For an assistant to truly navigate a complex scene or
describe the relative positions of its components, it requires a representation
that is not just holistic, but localized.

This realization provides the motivation for the next Chapter. Having
proven that LLMs can "read" neural weights, we now seek to improve how
they read them. We transition from a global weight-to-token paradigm to a
spatially-aware architecture. In the following Chapter, we introduce S-LLaNA,
a model designed to turn the information distributed across NeRF weights
into localized, spatially-grounded tokens. By moving beyond a single global
representation, we aim to bridge the gap between neural representations and

the fine-grained spatial reasoning required for a truly versatile 3D assistant.
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Chapter 4

Spatially-aware Weights
Tokenization for NeRF-Language
Models

This Chapter refers to the work “Spatially-aware Weights Tokenization for NeRF-
Language Models” [7], published at the peer-reviewed Conference on Neural
Information Processing Systems (NeurIPS) 2025.

41 Introduction

While the previous Chapter proved the feasibility of directly ingesting Neural
Radiance Fields (NeRFs) into Multimodal Large Language Models (MLLMs),
it primarily focused on capturing a holistic, global representation of the scene.
As demonstrated with the introduction of LLaNA [4], processing the MLP
weights of a NeRF allows for efficient captioning and Q&A without the
computational overhead of rendering or the resolution limits of point clouds.

However, a significant challenge remains: granularity. While the meta-
encoder strategy is remarkably faster than image-based alternatives, the re-
liance on a single global token to represent a whole NeRF inherently limits the
ability of the model to capture fine-grained details and understand precise spa-
tial relationships among objects, as illustrated in Figure 4.1 (left). In traditional
MLLMs operating on images [74] or point clouds [133], spatial reasoning is
typically achieved by dividing inputs into localized regions (patches or sets).
NeRF weights, by contrast, lack an explicit spatial structure; the information
is distributed across the MLP, with no single weight directly associated with a
specific part of the object.

This observation leads to the central research question of this Chapter:
Is it possible to elicit a spatially-aware representation from the weights of a NeRF?
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FIGURE 4.1: (left) LLaNA relies on a single global representation of the input
NeRF. (right) S-LLaNA processes multiple spatially-aware tokens extracted
by our new meta-encoder and, thus, can provide detailed descriptions that
capture the relationships between objects. In particular, the answer of S-
LLaNA contains more fine-grained information (e.g., it hints at the “wooden
shelf with a red ceramic pot” and enumerates the “four wheels” and the “three
wooden benches”) while also reasoning spatially (e.g., it discriminates between
objects “on one side” and objects “Inside the carriage”).

To answer this, we propose a novel self-supervised framework,
weights2space, trained to reorganize the information encoded within the
weights of a NeRF into spatially-aware tokens. Specifically, weights2space
employs a novel Transformer-based meta-encoder that ingests weights of a
NeRF and outputs a sequence of tokens that are reorganized into a tri-plane [16]
structure during training, so as to associate each token with a specific, local-
ized spatial region. The meta-encoder is trained alongside a decoder to render
images from the tri-plane representations. This approach allows the meta-
encoder to extract a localized, spatially-grounded representation of the input
NeRF. By leveraging this novel representation, we introduce Spatial LLaNA
(S-LLaNA), a novel Multimodal Large Language Model for NeRFs which is ca-
pable of reasoning about fine-grained object details and spatial relationships,
as shown in Figure 4.1, right.

To validate our approach, we thoroughly evaluate S-LLaNA on the existing
NeRF-language datasets: ShapeNeRF [102], HST [5], and ObjaNeRF [6]. More-
over, we create a novel dataset, Spatial ObjaNeRF, consisting of 100 NeRF mod-
els from Objaverse [30] paired with detailed language descriptions focusing
on object parts and their spatial relations. Experimental results demonstrate
the substantial improvements offered by our approach in NeRF-language
reasoning.

In summary, the research project presented in this Chapter proposes:
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e weights2space: a self-supervised framework featuring a novel
Transformer-based meta-encoder capable of extracting spatially-aware token
representations directly from the weights of a NeRF.

e Spatial LLaNA: a novel MLLM for NeRFs that leverages the localized
representations from the weights2space meta-encoder to achieve detailed
spatial reasoning.

e Spatial ObjaNeRF: a new manually annotated dataset of 100 NeRFs ex-
plicitly designed to evaluate detailed spatial reasoning tasks involving NeRFs.

e Spatial LLaNA achieves state-of-the-art performance on spatial reasoning
tasks, as well as on existing benchmarks dealing with NeRF captioning and
NeRF Q&A.

4,2 Related work

Learned representations in Multimodal Large Language Models. Multi-
modal Large Language Models (MLLMs) expand the capabilities of existing
LLMs [33, 100, 122, 1] by combining language with other modalities like im-
ages, audio, or 3D data. Vision-language models [74, 63, 9] encode images us-
ing pre-trained Vision Transformers (ViT) [99] that convert image patches into
sequences of visual tokens. These local representations capture fine-grained
spatial information across the image. 3D MLLMs [133, 98, 139, 43] divide the
input point cloud into local patches. Transformer-based encoders like Point-
BERT [136] and Recon++ [139] compute discrete token sequences that preserve
spatial relationships. MLLMs for audio [44, 32, 141] split acoustic inputs into
temporal patches and encode them using audio-specific encoders [19], pro-
ducing sequences of tokens that retain temporal structure. Similarly, MLLMs
for video-language understanding [64, 82, 142, 75, 81] use visual encoders to
compute local features on each video frame, preserving both spatial and tem-
poral information. UniPose [66] leverages a pose tokenizer to convert human
pose data into discrete tokens that represent local body part configurations. In
contrast to these local representation approaches, the only existing MLLM for
Neural Radiance Fields (NeRFs), LLaNA [4], computes a single global embed-
ding from the weights of a NeRF’s MLP. Although this approach enables basic
language tasks on NeRFs, it critically overlooks spatial information since it
does not adopt the local token-based representation strategy successfully used
in other modalities. In this work, we propose Spatial LLaNA, a novel MLLM
framework for NeRF which relies on our new weights2space meta-encoder
to compute a set of spatial tokens from the weights of the input NeRF’s MLP,
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preserving crucial spatial information while also allowing to extract richer

and more detailed information from the input NeRF.

4.3 weights2space: spatially-aware NeRF weights

tokenization

4.3.1 Architecture of weights2space

Our goal is to compute a spatially-aware representation of an object directly
from the weights of its NeRF model. The only existing MLLM for NeRF,
LLaNA [4], utilizes a global representation of the input NeRF, in the form of a
single embedding. In contrast, state-of-the-art MLLMs typically operate on
spatially-aware, token-based representations computed by Transformer en-
coders [99, 136, 139]. These architectures allow the model to capture localized
features crucial for detailed understanding and downstream language tasks.

Inspired by these approaches, we introduce a novel self-supervised frame-
work, weights2space, that learns how to transform the weights of a NeRF

into a sequence of spatially-aware embeddings, as shown in Figure 4.2.

weights2space meta-encoder
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FIGURE 4.2: Overview of weights2space.

NeRF encoding. Similar to LLaNA [4], we assume NeRFs to be MLPs
consisting of L hidden layers with H neurons, an input layer, and an output
layer. The input layer has a weight matrix W; € R™H and biases b; €
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R, where I depends on the frequency encoding [88] used to encode the
input coordinates. Hidden layers have the same number of input and output
neurons, H, thus their squared weight matrix has dimension W; & RH*H
and biases b; € R. The output layer, which predicts the RGB colour and
density o at a given 3D coordinate, has a weight matrix of W, € R*4 and
biases by, € R*. The parameters of this MLP are packed as in nf2vec [102] to
provide the input to the meta-encoder. In particular, the weight matrices and
biases of the input MLP are stacked along the row dimension to form a matrix
W € R%*H where S = I + L * (H + 1) + H + 2. The weights and biases of
the output layer, W, and b,, are padded with zeros to obtain H columns. In
our implementation, L=3, H=64, and [=75, leading to S=336.

Meta-encoder. Our meta-encoder processes the parameters of the input
MLP packed into matrix W through two components: a weights2seq module
and a seq2space module.

The weights2seq module, consisting of a series of linear layers — 4 in our
experiments —, batch normalizations [48] and ReLU activations [3], processes
each row of W independently for efficient computation. The module yields a
set of tokens V € R®*©, each representing a row of parameters in the input
MLP, with S = 336 and G = 1024 in our setup. We note that this per-row
processing module is the same as nf2vec [102], yet with one key modification:
our architecture does not perform a final max-pooling to aggregate all row-
level features into a single global representation. We conjecture that the pooled
vector, which is the sole input utilized by LLaNA [4] to represent a NeRF,
contains compact and coarse information on the underlying object. Instead,
by skipping this pooling step, we aim at retaining more comprehensive and
fine-grained information.

In standard MLLM pipelines for visual or 3D modalities, the encoder [99,
136] computes a sequence of spatially localized tokens, each representing a
specific image patch or set of 3D points. However, the tokens computed by
the weights2seq module have no direct correspondence to any specific spatial
location or object part.

To elicit spatial information from the weights of the NeRF, we deploy
the seq2space module, a Transformer decoder with 12 decoder layers, where
the keys and values of the cross-attention layers are obtained from the se-
quence of tokens V. Input to seq2space is a sequence of learnable queries
X = (x1,%,...,xy) € RN*C where N is the number of queries and C is the
feature dimension. The Transformer decoder, hence, outputs a new sequence

of tokens Y = (y1,y2,...,yn) € RVNXC. In our experiments, we employ
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N = 3072 and C = 516.

Tri-plane representation and decoder. To force each token of Y to contain
localized information, we reshape the N tokens of Y into a tri-plane feature
map [16], defined as M = (Fyy, Fz, Fyz). Each plane F € REXWXC where H,
W are the spatial dimensions, is obtained by arranging a subset of the tokens
into a 2D grid. In particular, we reshape the 3072 tokens into three 32 x 32
spatial planes. Thus, each plane F has dimensions H=W=32 and C=516. In
this way, each token of Y corresponds to a specific location in one of the
three orthogonal planes. This design introduces spatial structure and locality
into the otherwise unstructured token sequence originally obtained by the
weights2seq module.

Given a 3D point p € R3, we can obtain its 3D feature by projecting it onto
the three orthogonal planes to its corresponding 2D coordinates: pxy, Pxz, Pyz-
Then, for each projection, bilinear interpolation is performed on the four
nearest neighbors’ features within the corresponding plane to extract three
vectors of dimension C: fxy, fyz, fyz. These are summed element-wise to obtain
a unified point-wise feature vector f € RC. A detailed explanation on this
interpolation is reported in the publication this Chapter refers to [7].

This feature vector is then concatenated with a positional encoding [88] of
p, PE(p), and fed into an MLP decoder ®(-) that predicts the radiance field
value g = ®(p, 0), consisting of color and density components (R, G, B, 7).
® has the same architecture as the decoder used in [102]. It consists of 4
linear layers. A skip connection is applied after the second layer by adding
a projection of the input. Each linear layer is followed by a ReLU activation,
except for the final output layer, which is followed by a sigmoid for RGB and
a shifted exponential for ¢.

Training. All modules of weights2space are optimized end-to-end using
differentiable volumetric rendering [65]. At each training step, a set of camera
poses is sampled. For each pose, multiple rays are cast — together forming a
training batch R — and 3D points are sampled along these rays. Each point is
processed through the tri-plane module and the decoder as described above.
The predicted radiance and density values are then aggregated along each ray
using volumetric rendering to produce final RGB values. The framework is

supervised using a smooth L1 loss between rendered and ground truth colors:

Liender = Y_ SmoothL1(C(r) — C*(x)) (4.1)
reR

where C*(r) is the ground truth RGB color for ray r and C(r) is the predicted
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color by the decoder. Since NeRF can be a standalone modality with ground
truth images unavailable, we adopt a self-supervised approach. Specifically,
we render images directly from the input NeRFs using volumetric rendering.
These pseudo ground truth images serve as reference images, making the
entire training protocol fully self-supervised in the standalone NeRF scenario.
The model is trained on 300K NeRFs from ShapeNeRF-Text and ObjaNeRF-
Text for 500 epochs with a learning rate of 0.00001, as done in LLaNA [6].
Training takes ~ 2 days on four 64GB A100 GPUs to reach convergence.

NeRF
v

User: <t _end> Provide a
<t start> weights2space detailed description
meta-encoder of the NeRF.
Y vee Y
- odo--0od--ad -
Tokenizer Y v Tokenizer
| Projector U 4 |
v
I:”:‘ DD... DDDD I:”:‘ ........ I:”:‘

LLM

The image shows a sushi platter. On a light
wooden tray, there are three pieces of
sushi. On the side a tamago sushi...

FIGURE 4.3: Overview of Spatial LLaNA.

4.3.2 Design Rationale: Weights-to-Tri-plane or Tri-plane-to-
Language

A relevant question arises regarding the architecture of the input NeRF: if
spatial locality is desired, why not restrict the framework to NeRFs that are
natively parameterized as tri-planes or grids? While representations like Tri-
planes [16] or Voxel grids [117] offer explicit spatial structures that are easier
to tokenize, we deliberately chose to support the standard, coordinate-based
MLP parameterization [88] for the following reasons:

Generalization. The MLP-based NeRF remains the fundamental baseline
for neural representations. Many existing large-scale datasets and pre-trained
models (e.g., those used in 3) are stored as MLP weights. By designing
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weights2space to ingest these weights, we ensure our MLLM is compatible
with the "standard" NeRF format without requiring the user to re-optimize
every scene into a tri-plane format first.

Scientifically relevant contribution. From a research perspective, ex-
tracting spatiality from an unstructured set of weights is a more significant
scientific contribution than simply subsampling a grid. We demonstrate that
the information in an MLP is not "lost" or "flat": it is merely encoded within its
weights. Our framework proves that a meta-encoder can learn to "de-serialize"
these weights back into a spatially-meaningful 3D proxy.

Decoupling Input from Reasoning. By using the tri-plane only as an
intermediate bottleneck during training, we gain the best of both worlds: we
can ingest any compact MLP weight vector, but we reason using spatially-
grounded tokens. This makes the system a flexible "adapter" rather than a

rigid pipeline that only works with specific grid-based data structures.

4.4 Spatial LLaNA: spatially-aware MLLM for
NeRF

Architecture. Spatial LLaNA (S-LLaNA) is the MLLM that performs NeRF-
language tasks by taking as input the NeRF tokens Y € RN*¢ computed by
the weights2space meta-encoder. This architecture is shown in Figure 4.3.
Inspired by [4], we process these tokens with a shared projector network
Y, composed of a stack of 2 trainable linear layers, interleaved with GeLU
activation functions [41]. This network maps each NeRF token into the inter-
nal embedding space of the language model, LLaMA-2 [122]. The input to
the LLM consists of the projected NeRF tokens, encapsulated between two
learnable special tokens <t_start> and <t_end>, and concatenated with a
sequence of k language tokens corresponding to the user’s prompt. LLaMA
processes the combined sequence to generate relevant textual outputs.
Training. We adopt the training protocol introduced in [6], using the
ShapeNeRF-Text and ObjaNeRF-Text datasets. In a first stage, S-LLaNA is
trained using brief textual descriptions, optimizing only the projection lay-
ers ¥ and the trainable special tokens <t_start> and <t_end>. In a second
stage, the full model, including the LLM, is fine-tuned using both brief and
detailed descriptions, as well as Q&A annotations. Importantly, the encoder
responsible for computing the NeRF tokens Y is kept frozen during both
training stages. The total training set consists of approximately 300K NeRFs
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with textual annotations. We supervise S-LLaNA by minimizing the negative

log-likelihood of the text token at each position:

T
Lcg = —) log P(wy | ..., W2, D1, ¥(Y)) (4.2)
t=1
where P(w; | @p..., Wi—p, @1, ¥(Y)) is the probability assigned by the LLM to
the correct token w; at step t, conditioned on the previously predicted tokens
and the projected sequence of NeRF tokens ¥ (Y).

Implementation details. S-LLaNA shares the same LLM backbone as
LLaNA [6], i.e., the 7B Vicuna and 13B Vicuna [25] of LLaMA-2 [122]. For
experimental fairness, S-LLaNA follows the same training protocol as [6] and
is trained on 300K samples from ShapeNeRF-Text and ObjaNeRF-Text for 3
epochs for each training stage. The projection network ¥ has 2 trainable linear
layers which bring each token from dimension C=516 to the hidden dimension
of the LLM, i.e., 4096 for LLaMA-7B and 5192 for LLaMa-13B. S-LLaNA is
implemented in PyTorch and trained on NVIDIA A100 GPUs with 64GB of
VRAM each. The 7B model requires 8 GPUs for training, while the 13B model
requires 16 GPUs. Training either version of the model takes approximately
one day.

The training configurations of each training stage are the following:

¢ Stage 1: Training on brief textual descriptions from ShapeNeRF-Text
and ObjaNeRF-Text for 3 epochs, using a learning rate of 0.002. We use

AdamW [78] as optimizer and a cosine learning rate scheduler.

* Stage 2: Training on brief and detailed textual descriptions, along with
Q&A conversations from the same datasets, for 3 epochs, with a learning
rate of 0.00002. We use AdamW [78] as optimizer and a cosine learning

rate scheduler.

4.5 Experimental setup

Baselines. The only direct competitor of S-LLaNA is LLaNA [6], as this is the
only MLLM performing NeRF-language tasks without rendering any 2D im-
age or extracting an explicit 3D structure from input NeRFs. We also evaluate
the same reference baselines as LLaNA [6], i.e. state-of-the-art MLLMs ingest-
ing images or explicit 3D data like point clouds and meshes, with these models
processing explicit data rendered or extracted from the input NeRFE. As for 3D



64 Spatially-aware Weights Tokenization for NeRF-Language Models

MLLMSs, included baselines are GPT4Point [98], PointLLM [133], 3D-LLM [43]
and ShapeLLM [139]. As for 2D MLLMs, we consider LLaVA-1.6 [74] and
BLIP-2 [63]. Since multiple views can be rendered from an input NeRF, these
2D baselines are evaluated using different viewpoints, i.e. front-view (FV),
back-view (BV), random-view (RV), and in a multi-view (MV) scenario where
we concatenate image tokens from N = 3 images rendered from random
viewpoints. For each method, we report standard metrics employed in MLLM
literature [6, 98, 133]: Sentence-BERT [103] and SimCSE [37] based on pre-
trained encoders; BLEU-1 [93], ROUGE-L [71], and METEOR [11] based on

n-gram statistics.

NeRF-language datasets. As in [6], we evaluate the baselines on the test
sets of the existing NeRF-language datasets ShapeNeRF-Text and ObjaNeRF-
Text. Two different test sets for ObjaNeRF-Text are considered to ensure fair
comparison with PointLLM and GPT4Point. Results on these datasets are
divided into three tasks: brief captioning, detailed captioning, and single-
round Q&A conversation. In addition, within the brief captioning task, we
evaluate the performance of the methods on HST [5], a subset of ShapeNet

objects with manually annotated short captions.

Spatial ObjaNeRF. To evaluate the ability of NeRF-language models to
capture spatial relationships and fine-grained geometric details, we introduce
Spatial ObjaNeRF, a curated benchmark specifically designed for this purpose.
This benchmark consists of 100 human-annotated 3D models from ObjaNeRE-
Text. To test the spatial reasoning capability of MLLMSs, each data sample
is a scene featuring multiple objects. For each scene, we created a detailed
textual description that emphasizes spatial structure, highlighting the size,
shape, and relative positioning of specific objects. These annotations are
designed to evaluate whether the MLLMs can reason about detailed geometry
and fine-grained spatial layout. The MLLM models must extract and attend
to localized features across the 3D structure to succeed. Examples of such
annotations and their comparison with those present in ObjaNeRF-Text are

provided in Figure 4.4.
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Input

ObjaNeRF-Text

Spatial ObjaNeRF

A covered vintage horse-drawn
carriage carrying merchandise.

This is a vintage horse-drawn
carriage with

A 3D model of a table with

The object is a table with
. The table has a
dark brown tablecloth with

The
arrangement of the objects

suggests a still-life composition,

with the book and fruit bowl

placed side by side.

FIGURE 4.4: Comparison between the annotations of ObjaNeRF-Text

(GPT4Point test set) and Spatial ObjaNeRF.

In

, the fine-grained spatial details.

ShapeNeRF-Text

HST

Model Modality | S-BERT SimCSE BLEU-1 ROUGE-L METEOR | S-BERT SimCSE BLEU-1 ROUGE-L METEOR
LLaVA-vicuna-7b  Image (FV) | 59.85 6235  22.67 23.24 23.35 54.31 5628  10.08 14.71 14.53
LLaVA-vicuna-7b  Image (BV) | 5568 5846  21.97 2246 22,50 5175  52.29 8.13 13.96 14.18
LLaVA-vicuna-7b  Image (MV) | 59.77 6142  23.16 22.68 23.01 5415 5687  10.32 12.76 1513
BLIP-2 FlanT5-xxI ~ Image (FV) | 5613 5821 5.46 18.69 9.67 57.11 59.43 821 18.02 12.14
BLIP-2 FlanT5-xxI ~ Image (BV) | 5248 5405 5.67 18.20 9.50 54.11 56.37 9.09 17.38 11.79
LLaVA-vicuna-13b  Image (FV) | 61.00  61.16 1430 20.00 2331 5562  55.56 6.56 11.81 14.52
LLaVA-vicuna-13b  Image (BV) | 5435  56.09  21.94 21.67 22.09 5000  50.79 9.39 12.76 14.46
LLaVA-vicuna-13b  Image (MV) | 59.64  61.01  22.84 2217 23.08 5425 5556 9.78 14.13 14.99
3D-LLM FlanT5-x] ~ Mesh+MV | 5946 5642  12.69 21.49 14.32 5607 5213 1594 20.71 15.22
GPT4Point-Opt-2.7b  Pointcloud | 4185 4022 1176 16.54 11.63 4315 4222 1202 18.73 13.69
PointLLM-7b Pointcloud | 4959 4884 1674 17.92 14.56 4340 4450 8.53 11.64 9.97
ShapeLLM-7b Pointcloud | 39.16 3834 2071 21.35 17.50 3272 3566 9.39 11.33 9.76
PointLLM-13b Pointcloud | 5154 5035  17.20 18.51 14.92 4541 46.39 957 12.38 11.92
ShapeLLM-13b Pointcloud | 4229 4018 2159 21.87 17.96 2509 3824  10.03 13.26 9.94
LLaNA-7b NeRF 7494 7641 4273 43.64 41.95 6478 6501  20.65 23.24 24.10
S-LLaNA-7b NeRF 7891 7991  47.81 49.08 4758 67.76  68.63  20.31 2361 24.47
LLaNA-13b NeRF 7509 7645  42.83 43.70 4221 6566 6609  20.80 24.28 25.90
S-LLaNA-13b NeRF 7898 7998  47.97 49.22 47.87 6743 6826 2091 23.86 25.03

TABLE 4.1: NeRF brief captioning on ShapeNeRF-Text and HST datasets.
Best results are in bold, runner-up is underlined. (FV: front-view, BV: back-

view, MV: multi-view)

4.6 Experimental results

4.6.1 Results on ShapeNeRF-Text, HST, and ObjaNeRF-Text.

We evaluate S-LLaNA on the tasks of NeRF brief captioning, detailed cap-
tioning, and Q&A on ShapeNeRF-Text, HST, and ObjaNeRF-Text. Results
are presented in Tables 4.1, 4.2, 4.3, and 4.4. Across all benchmarks and
tasks, S-LLaNA consistently outperforms LLaNA and all other 2D and 3D
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| ObjaNeRF-Text (PointLLM test set) | ObjaNeRF-Text (GPT4Point test set)

Model Modality | S-BERT SimCSE BLEU-1 ROUGE-L METEOR | S-BERT SimCSE BLEU-1 ROUGE-L METEOR
LLaVA-vicuna-7b Image (RV) | 39.29 40.93 522 8.35 12.49 41.59 4238 7.24 11.74 16.01
LLaVA-vicuna-7b Image (MV) | 40.15 41.09 5.62 9.07 13.22 42.34 43.21 8.59 11.94 18.52
BLIP-2 FlanT5-xx1 Image (RV) | 35.48 35.19 7.69 13.75 11.68 37.24 37.32 10.63 16.87 14.69
LLaVA-vicuna-13b Image (RV) 38.57 39.05 4.62 7.63 11.85 42.08 41.04 6.53 10.57 15.67
LLaVA-vicuna-13b ~ Image (MV) | 41.01 41.10 4.87 8.03 12.35 44.15 43.19 6.75 10.86 16.10
3D-LLM FlanT5-x1 Mesh + MV | 3822 39.60 5.47 7.29 10.75 41.26 37.74 11.08 12.26 15.58
GPT4Point-Opt-2.7b  Point cloud - - - - - 34.42 31.89 8.76 13.62 13.55
PointLLM-7b Point cloud 38.81 40.11 5.55 8.39 11.24 - - - - -
ShapeLLM-7b Point cloud | 30.13 3242 5.80 7.72 11.38 25.92 25.57 8.04 9.60 13.23
PointLLM-13b Point cloud | 39.64 40.63 5.94 8.43 11.63 - - - - -
ShapeLLM-13b Point cloud | 31.44 32.69 6.01 7.59 11.66 26.87 27.03 831 9.65 14.10
LLaNA-7b NeRF 41.36 4228 13.21 16.93 15.63 4373 43.09 20.22 25.15 2221
S-LLaNA-7b NeRF 4523 4580 1572 19.98 17.70 5012 4955 2449 30.72 26.15
LLaNA-13b NeRF 42.08 4240 13.86 17.51 16.18 44.26 4375 20.61 25.62 22.36
S-LLaNA-13b NeRF 45.44 46.18 15.78 20.17 17.61 50.68 50.30 24.53 30.52 26.41

TABLE 4.2: NeRF brief captioning on ObjaNeRF-Text. Best results are in
bold, runner-up is underlined. (RV: random view, MV: multi-view)

Model Modality S-BERT SimCSE BLEU-1 ROUGE-L METEOR
LLaVA-vicuna-7b Image (FV)  57.55 57.68 14.99 22.82 14.36
LLaVA-vicuna-7b Image (BV)  53.11 54.46 14.73 22.47 14.05
LLaVA-vicuna-7b Image (MV)  55.26 58.46 15.07 24.05 14.85
BLIP-2 FlanT5-xx1 Image (FV) 4127 40.69 0.18 7.83 2.60
BLIP-2 FlanT5-xx1 Image (BV) 3849 37.89 0.19 7.72 2.58
LLaVA-vicuna-13b Image (FV)  59.08 58.87 23.63 23.55 22.55
LLaVA-vicuna-13b Image (BV)  50.09 50.33 13.77 21.36 13.18
LLaVA-vicuna-13b  Image (MV)  60.21 59.51 15.07 32.16 14.64
3D-LLM FlanT5-xI =~ Mesh + MV 58.00 53.91 1.58 14.40 5.28
GPT4Point-Opt-2.7b  Point cloud — 42.44 38.33 3.72 9.21 513
PointLLM-7b Point cloud ~ 59.02 58.30 10.28 19.26 10.55
ShapeLLM-7b Point cloud 4345 40.92 8.18 18.47 10.15
PointLLM-13b Point cloud  59.64 58.55 10.52 19.44 10.83
ShapeLLM-13b Point cloud  43.26 40.98 10.47 18.42 10.20
LLaNA-7b NeRF 75.25 7742 19.57 32.96 20.45
S-LLaNA-7b NeRF 81.03 83.00 44.74 40.08 36.03
LLaNA-13b NeRF 75.51 77.63 19.87 3293 20.46
S-LLaNA-13b NeRF 80.98 82.90 44.78 40.09 36.24

TABLE 4.3: NeRF detailed captioning on ShapeNeRF-

Text.

Model Modality ~S-BERT SimCSE BLEU-1 ROUGE-L METEOR
LLaVA-vicuna-7b Image (FV)  71.79 71.96 25.79 34.04 34.86
LLaVA-vicuna-7b Image (BV)  70.88 70.93 25.17 33.30 34.22
LLaVA-vicuna-7b Image (MV)  72.26 70.67 24.09 34.67 35.64
BLIP-2 FlanT5-xx1 Image (FV)  45.20 47.92 11.50 20.16 13.49
BLIP-2 FlanT5-xx1 Image (BV) 45.06 47.66 11.50 19.98 13.44
LLaVA-vicuna-13b Image (FV) 71.61 70.98 20.19 30.42 32.53
LLaVA-vicuna-13b Image (BV) 68.25 69.06 20.03 29.84 32.27
LLaVA-vicuna-13b  Image (MV) 71.84 71.16 20.04 30.20 33.46
3D-LLM FlanT5-xI ~ Mesh + MV 69.62 67.55 32.19 40.95 35.83
GPT4Point-Opt-2.7b  Point cloud ~ 27.62 3141 6.26 9.38 541
PointLLM-7b Point cloud  74.70 74.40 36.81 4441 39.76
ShapeLLM-7b Point cloud  46.60 46.32 19.47 17.13 12.83
PointLLM-13b Point cloud  74.65 74.18 37.16 44.86 40.13
ShapeLLM-13b Point cloud  47.22 46.59 20.03 17.45 13.22
LLaNA-7b NeRF 81.03 81.61 45.98 53.27 49.97
S-LLaNA-7b NeRF 83.49 84.06 50.89 58.39 54.52
LLaNA-13b NeRF 81.05 81.60 46.08 53.44 49.98
S-LLaNA-13b NeRF 83.60 84.17 50.86 58.25 54.58

TABLE 4.4: NeRF single-round Q&A on ShapeNeRF-
Text.

MLLM baselines, often by substantial margins. The 13B variant of S-LLaNA
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; What kind of object is illustrated by this Ne
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FIGURE 4.5: Qualitative evaluation of the brief captioning task on
ShapeNeRF-Text and ObjaNeRF-Text. In red, the hallucinations generated
by the MLLMs. In , the correct fine-grained and spatial details.

achieves the highest performance in nearly every setting, while the 7B vari-
ant is typically the second-best model, outperforming all the other baselines.
These results demonstrate the effectiveness of the NeRF spatially-aware tok-
enized representation learned by our weights2space meta-encoder in existing
public NeRF-language datasets. On the brief captioning task, reported in
Tables 4.1 and 4.2, S-LLaNA outperforms LLaNA by approximately ~ 4 points
on Sentence-BERT and SimCSE metrics, consistently across all datasets and
model sizes. This indicates that even in tasks requiring high-level object de-
scriptions, the spatially-aware NeRF tokens produced by the weights2space
meta-encoder provide more discriminative and semantically rich input than
the global representation of LLaNA. Table 4.4 shows that, on the Q&A task,
S-LLaNA outperforms LLaNA with performance improvements comparable
to those observed in brief captioning. This suggests that the ability to reason
over object structure and part-level features, supported by our spatial encod-
ing, is also beneficial to this task. We observe larger gains on the detailed
captioning task, in Table 4.3, where S-LLaNA surpasses LLaNA by up to 6
points on Sentence-BERT and SimCSE and over 10 points on reference-based
metrics. These results confirm that the rich, fine-grained geometric informa-
tion captured by the weights2space meta-encoder helps guide the language
model toward more complete and structured descriptions. All the MLLMs
operating on explicit data structures, i.e., Vision Language Models and 3D
MLLMs, show significantly worse performance than LLaNA and S-LLaNA,
highlighting the effectiveness of building NeRF-language models operating
directly on NERF weights. Figures 4.5, 4.6, and 4.7 show qualitative examples
of S-LLaNA against the baselines on these NeRF-language tasks.
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PointLLM @

Input

shap le n the square shape and a
side where the lid meets the body in the middle
of the box.

The image appears to be a
cal e

white with a darker
airplane appears to be in flight,

FIGURE 4.6: Qualitative evaluation of the detailed captioning task on
ShapeNeRF-Text. In red, the hallucinations generated by the MLLMs. In
, the correct fine-grained and spatial details.

Input S-LLaNA @ LLaNA @ PointLLM ﬁ LLaVA x ground-truth @

The airplane has The airplane has a propeller at
5 the back.

Input S-LLaNA @ LLaNA @

nd a black soft top.

The airplane has a single-bladed
propeller.

AR
LLava Z80 ground-truth @

No, the car does not appear to be
a convertible

‘ The airplane has ‘

No, the car is not a convertible.

FIGURE 4.7: Qualitative evaluation of the single-round Q&A task on
ShapeNeRF-Text. In red, the hallucinations generated by the MLLMs. In
, the correct fine-grained and spatial details.

4.6.2 Results on Spatial ObjaNeRF

Model Modality S-BERT SimCSE BLEU-1 ROUGE-L METEOR
LLaVA-vicuna-7b Image (RV) 70.11 73.25 21.95 24.26 20.09
LLaVA-vicuna-7b Image MV)  72.13 74.98 2244 26.87 21.33
BLIP-2 FlanT5-xx1 Image (RV)  54.12 60.23 8.47 10.23 6.59
LLaVA-vicuna-13b ~ Image (RV)  70.55 75.82 21.31 29.45 19.74
LLaVA-vicuna-13b ~ Image (MV)  73.42 77.06 24.20 30.85 20.47
3D-LLM FlanT5-xI ~ Mesh + MV 53.24 54.69 12.05 14.57 16.88
GPT4Point-Opt-2.7b  Point cloud ~ 40.08 40.72 4.65 11.71 5.88
PointLLM-7b Point cloud  72.67 73.93 25.90 24.75 19.05
ShapeLLM-7b Point cloud  62.48 64.64 9.26 21.55 17.69
PointLLM-13b Point cloud  73.08 75.07 26.39 25.02 19.18
ShapeLLM-13b Point cloud ~ 64.22 67.98 9.55 21.07 16.84
LLaNA-7b NeRF 70.61 71.77 25.61 25.66 19.21
S-LLaNA-7b NeRF 75.01 77.30 29.43 28.85 21.70
LLaNA-13b NeRF 73.20 74.76 26.78 29.15 20.37
S-LLaNA-13b NeRF 78.25 80.58 32.34 31.03 24.56

TABLE 4.5: Detailed spatial captioning on Spatial ObjaNeRF. Best results
are in bold, runner-up is underlined. (RV: random view, MV: multi-view)
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USER: Provide a very detailed description of the object. Focus on the relative
position of the parts of the objects. Include as many details as possible.

The 3D model represents a typical table
setting with a tablecloth, featuring two
bowls, one filled with a red fruit, possibly a
strawberry, and another with a green fruit,
possibly a pear. There are also two books
placed on the table, positioned under the bowl
of fruit. The tablecloth has a checkered
pattern, adding a touch of elegance.

The 3D object model is a representation of a
cartoon character. The character is depicted
in a playful, non-realistic style, with
vibrant colors and exaggerated features. The
sombrero hat, being the focal point, is
detailed with intricate designs and colors.
This model could be used in animation, video
games, or other digital media for
entertainment purposes.

@ The 3D model represents a table with a
3 " rectangular top. The table is adorned with a

dark tablecloth with .
, is present with a variety of
fruits. Also present
, there is , which is a .
The table appears to be set for a meal or a
study session, with the books and fruits
suggesting this.

The 3D model represents a cartoon character in
the form of a ,

, complete with a . The
character's add a unique,
fantastical element to its appearance. The
character's , possibly
indicating a specific role or state, such as a
'white glove' requirement for a certain action

or power within a game or animation.

FIGURE 4.8: Qualitative examples on Spatial ObjaNeRF

Unlike previous captioning tasks, Spatial ObjaNeRF targets explicitly the
understanding of relative positions, part-whole hierarchies, and size compar-
isons: skills that require a structured and localized representation of geometry.
This benchmark, described in Section 4.5, is proposed as a key tool to assess
whether NeRF-language models can achieve fine-grained 3D understanding.
Quantitative results on Spatial ObjaNeRF are reported in Table 4.5. S-LLaNA-
13b achieves the best performance across all metrics, followed by S-LLaNA-7b.
The performance gap between S-LLaNA and LLaNA highlights the importance
of explicitly modeling spatial features within the representation provided as
input to the LLM. While LLaNA relies on a global embedding computed
by processing the weights of the NeRF’s MLP with linear layers, S-LLaNA
benefits from spatially-aware tokens extracted by the weights2space meta-
encoder. Qualitative examples in Figure 4.8 illustrate this advantage. In the
first example, only S-LLaNA accurately recognizes the objects on the table
and correctly describes their spatial arrangement. Indeed, it notes that the
book is “next to the bowl”. LLaNA mistakenly reports the presence of “two
bowls” and “two books” and describes their relative position by stating that
the books are “under the bowl of fruit”. In the second example, S-LLaNA
demonstrates precise part-level reasoning, describing the hat of the character
as a “regal crown”, while LLaNA incorrectly describes it as a “sombrero”.
These examples further demonstrate the superior ability of S-LLaNA to in-
terpret complex scenes with fine-grained details, particularly when multiple
objects interact spatially. More qualitative examples on Spatial ObjaNeRF are
shown in Figure 4.9.
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FIGURE 4.9: Qualitative evaluation on Spatial ObjaNeRF. In red, the hallu-
cinations generated by the MLLMs. In green, the correct fine-grained and
spatial details.

4.6.3 Failure cases of Spatial LLaNA

Figure 4.10 presents some failure cases of Spatial LLaNA on Spatial ObjaNeRF.
These failures can be broadly categorized into two main categories: (i) the
model fails to recognize the main object in the scene (first and second row),
or (ii) the model generates short descriptions lacking specific details (third
row). Such failures may happen in cases where out-of-distribution objects
are provided as input to the model. For example, in the first row, the model
is fooled by the unusual shape of the teapot, leading to the weird descrip-
tion “a square device for making tea”, while the “pink teapot” had already
been correctly included in the answer. In the second row, since most of the
snowmen of ObjaNeRF-Text are simple white snowballs with outstretched
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USER: Provide a very detailed description of the object. Focus on the relative position of the
parts of the object. Include as many details as possible.

4 (©)
Input S-LLaNA @ ground-truth @

The teapot is a three-dimensional object with
a matte finish.
A 3D model of a small pink teapot placed on a
grey table, possibly accompanied by a square
device for making tea.
The snowman model is composed of two main
parts: the head and the body.
@ i A 3D model of a cartoon character wearing

o The rest of the
body is white.

The color of the
teapot is a constant shade of pink, and there
are no visible textures or patterns.

The object is a toy truck with a
predominantly blue colour. It is made of metal
and the platform is surrounded by a wooden

frame.

3D model of a blue toy truck with a wooden
bed.

FIGURE 4.10: Examples of failure cases of Spatial LLaNA on
Spatial ObjaNeRF. In red, the hallucinations generated by the model.

In , the correct fine-grained and spatial details.
SN-T brief captioning | ON-T brief captioning | SN-T detailed captioning | SN-TQ&A |  Spatial test
Model LLM Finetuned # Trainable params ‘ S-BERT SimCSE ‘ S-BERT SimCSE ‘ S-BERT SimCSE ‘ S-BERT SimCSE ‘ S-BERT SimCSE
LLaNA-7b v 6.75B 74.94 76.41 41.36 42.28 75.25 7742 81.03 81.61 70.61 71.77
LLaNA-7b 143M 67.75 68.88 33.26 33.73 71.25 71.74 71.25 71.74 62.48 61.44
S-LLaNA-7b v 6.75B 7891 79.91 45.23 45.80 81.03 83.00 83.49 84.06 73.20 74.76
S-LLaNA-7b 140M 79.29 80.36 45.17 45.81 81.03 82.90 8243 83.01 73.27 70.99
LLaNA-13b v 13.03B 75.09 76.45 42.08 42.40 75.51 77.63 81.05 81.60 75.01 77.30
LLaNA-13b 178M 70.48 68.85 35.21 36.68 72.66 70.41 7224 72.62 62.34 61.50
S-LLaNA-13b v 13.03B 78.98 79.98 45.44 46.18 80.98 82.90 83.60 84.17 78.25 80.58
S-LLaNA-13b 175M 79.05 80.17 44.87 45.41 80.63 82.50 82.10 82.67 77.72 80.47

TABLE 4.6: Experiments on LLM finetuning. Best results are in bold, runner-
up is underlined. (SN-T: ShapeNeRF-Text, ON-T: ObjaNeRF-Text PointLLM
test set)

arms made of sticks, this particular snowman is incorrectly described as a
“cartoon character”. Another interesting case appears in the last row, where
Spatial LLaNA correctly detects a “blue toy truck” but omits any distinctive
features in the generated description. This may be attributed to the complexity
or uniqueness of the object, which challenges the ability of Spatial LLaNA to
generate a detailed description.

4.6.4 Ablation on LLM finetuning

As described in Section 4.5, both LLaNA and S-LLaNA are trained in two
stages: first, the projection network ¥ is trained independently; then, it is
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jointly fine-tuned with the LLM. This protocol, common among state-of-the-art
MLLMs [74, 133], leads to high computational costs, particularly prohibitive
when using large LLMs with tens of billions of parameters. This section
investigates whether comparable performance can be achieved without fine-
tuning the LLM, by optimizing only the projection network ¥ on the full
dataset. Results are shown in Table 4.6, where rows marked "LLM Finetuned"
correspond to the two-stage protocol, while the remaining rows represent
models trained solely with the first stage on the full dataset. For the brief
captioning task on ObjaNeRF-Text, we evaluate the models on the PointLLM
test set, which is larger than the GPT4Point test set. Interestingly, S-LLaNA
maintains excellent performance even without finetuning LLaMA. In fact, the
non-finetuned S-LLaNA-7b and S-LLaNA-13b closely match their finetuned
counterparts with performance gaps consistently under 1 point across all
metrics. In some cases, the non-finetuned variants even outperform the fine-
tuned ones. For instance, on the brief captioning task of ShapeNeRF-Text,
the Sentence-BERT score improves from 78.91 to 79.29 for S-LLaNA-7B, and
from 78.98 to 79.05 for S-LLaNA-13B. In contrast, LLaNA struggles without
LLM fine-tuning. Its non-finetuned versions exhibit substantial drops across
all benchmarks, with gaps exceeding 10 points on challenging tasks like
Spatial ObjaNeRF. This trend persists even for the larger 13B model. We
hypothesize that the failure of LLaNA in the non-finetuned regime stems from
the global NeRF representation used as input to the LLM. This representation
cannot be directly mapped to a specific language token, making fine-tuning
of the LLM — and thus adaptation of its input token space — a crucial step.
In contrast, to represent objects, S-LLaNA uses N = 3072 spatial tokens that
encode more local and lower-level concepts. Thus, it is more likely that the
projector can learn a mapping from these tokens to the input space of the
LLM, without requiring LLM fine-tuning. This property of S-LLaNA allows
for significantly faster and more cost-effective training, while still achieving

comparable performance.

Visualization of attention maps of LLaMA. In Figure 4.11, we visualize
the self-attention maps within the LLM of S-LLaNA-13b when prompted with
questions designed to force the model to focus on specific object parts of a
NeRF from the ObjaNeRF test set. Specifically, we extract the self-attention
maps computed on the input sequence fed into LLaMa-13b, which consists
of N = 3072 NeRF tokens, concatenated with the text tokens of the question,
for a total of B tokens. For visualization, we focus on the final decoder
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FIGURE 4.11: Visualization of the self-attention maps of the LLM (LLaMA 2)

‘ What color is the base of the cup? ‘ ‘What color is the vase of the flower?‘
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FIGURE 4.12: Visualization of the normalized self-attention scores of single
NeRF tokens towards the text tokens of the question. In yellow, surrounded
by a red circle, the reference NeRF token.

layer of LLaMA-13b and average the attention scores across all 40 attention
heads, obtaining a matrix A € RB*B. We visualize the part of a column in A
corresponding to the attention between a word in the question and the 3072
spatial tokens. To better visualize these scores, we reshape them into three
images corresponding to each tri-plane of dimension H x W, where H = W =
32. Several patterns emerge from these attention maps. First, in each plane of
the tri-plane, the outline of the object is distinctly visible. This indicates that
the supervision of the weights2space meta-encoder successfully injects spatial
object information into the NeRF token representation. Moreover, attention
is clearly localized: tokens with the highest attention scores to a given word
correspond to spatial regions where the referenced element is located. For
instance, in the right example, the word “flower” activates tokens in the
upper region of the object, and “vase” focuses attention on the lower portion.
These visualizations highlight the ability of S-LLaNA to ground linguistic
concepts into spatially localized NeRF representations. In Figure 4.12, we
show the self-attention maps in the opposite direction. For a given NeRF
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token at a specific object location, we visualize the normalized attention scores
to each text token in the question. These maps are derived from the final
decoder layer of LLaMA-13B, with attention scores averaged across all 40
heads. These attention maps confirm the ability of the weights2space meta-
encoder to generate spatially-aware tokens from the weights of the input
NeRF. As shown in the first row of the Figure, tokens located at the base of
the cup and on the vase of the flower exhibit the strongest attention to the
words “base” and “vase”, respectively, while showing much lower scores for
the remaining words. Similarly, in the second row, tokens covering the top of
the objects correlate most strongly with the words “cup” and “flower”. These
visualizations further highlight the ability of S-LLaNA to connect the words of
the question with the NeRF tokens representing specific parts of the object.

4.6.5 Real-world generalization of Spatial LLaNA

Although ObjaNeRF-Text already contains 3D models of real scenes, to further
test the real-world generalization of S-LLaNA, we perform qualitative experi-
ments on OmniObject3D [131] and mip-NeRF360 [12] datasets. The former
provides meshes of real-scanned objects, captured in a controlled environment
with neutral lighting and background, while mip-NeRF 360 includes com-
plex real-world unbounded scenes. This is one of the most commonly used
datasets for novel view synthesis tasks. Figure 4.13 shows qualitative exam-
ples on OmniObject3D. Such predictions highlight the generalization ability
of S-LLaNA, which is able to provide meaningful and spatially-grounded
descriptions even for scenes that do not belong to the training distribution of
the model. In Figure 4.14, we can notice how S-LLaNA has the potential to
generalize to unbounded in-the-wild NeRF scenes. Such data are extremely
different from the training set of the model, from different points of view. First
of all, our training data are purely object-centric with a single large object in
the center, while in this case the vase of flowers on the table is quite far from
the camera view. Secondly, the 3D models of our training set have a neutral
back background, while in-the-wild scenes have very complex backgrounds
with rich details. Such features make the task of generalizing to in-the-wild
scenes very challenging. Despite this, S-LLaNA is able to recognize the main
subjects of the scene (“a round wooden table with a vase of flowers on top”) and
their spatial relations ("A wvase is placed on top of the table”). Interestingly, S-
LLaNA can also provide some information about the background of the scene

("The background is green, covered with plants.”), which has never seen in any
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USER: Provide a very detailed description of the object. Focus on the relative position of the
parts of the object. Include as many details as possible.

S-LLaNA @

(@)
ground-truth @

This is a 3D model of a cartoon-style
building, predominantly brown in color, with a
distinctive pink facade. A large coconut tree
is behind the building. The structure appears

to be a whimsical representation of a
building, possibly from a children's animated
show or game. The yellow roof adds a playful

touch, making the building appear less

realistic and more imaginative.

The house has a main building and an annex
with doors on the left and right sides, a man
standing in front of the main door and a
coconut tree behind it. The main part of the
bouse is mainly brown in color and the eaves
are yellow, pointed, triangular and not
symmetrical.

This is a 3D model of a cartoon-style, green-
colored train. At the front of the train, a
cartoon-style head is visible. Its vibrant
green color makes it eye-catching. This type

of object could be used in various
applications such as animation, video game
design, or digital art due to its playful and

This toy train is overall green, the front is
a cartoon face head, the back is dark green
and with a small bump, the rear part is green
with gold stripes, there is also a small bump,
there are some irregular patterns on the side,
the front and rear each have a bump, a total
of six wheels, four small, two large, the

modern aesthetic. overall structure of the axis of symmetry.

FIGURE 4.13: Qualitative examples of S-LLaNA on OmniObject3D

Input

S-LLaNA @

This is a 3D model of an outdoor scene from a
park or a garden. It features a round wooden
table with a vase of flowers on top. The
background is green, covered with plants. The
scene suggests a peaceful, rural life setup.

USER: Provide a very detailed
description of the object. Focus on the
relative position of the parts of the
object. Include as many details as
possible.

USER: What is placed on top of the
table?

A vase is placed on top of the table.

USER: Where is the vase placed in the
scene?

The vase is placed on a table, which is
positioned at the center of the scene.

FIGURE 4.14: Qualitative examples of S-LLaNA on Mip-NeRF 360
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Chapter 5

Final remarks

5.1 Summary of Thesis Achievements

In this Thesis, novel deep learning techniques have been proposed to con-
tribute to the field of multimodal AI for 3D-language understanding.

In Chapter 1, we introduced the fundamental background of this field, pro-
viding the reader with the tools to navigate this manuscript. We described the
most common 3D representations in computer vision and provided a review
on the state-of-the-art in multimodal 3D-language deep learning.

In Chapter 2, we presented a benchmark for text-to-shape coherence, compris-
ing: GPT2Shape, a dataset of 3D models paired with high-quality language
annotations, CrossCoherence, a state-of-the-art quantitative metric for text-to-
3D coherence, suitable for the evaluation of text-driven 3D generative models,
and HST, a human-validated test set for the evaluation of such models. This
benchmark showed impressive performance on this task, outperforming com-
monly used quantitative metrics that rely on 2D representations.

Chapter 3 described the origin of NeRF-language models, i.e., Multimodal
Large Language Models specifically designed to ingest NeRFs as the only
input modality. Such models have the key characteristic to directly process
the weights of a NeRF’s MLP, allowing to obtain a holistic representation
of the input data, without the need to render images or materialize 3D data
structures, which are daunting tasks from a computational point of view
and sensitive to rendering parameters. The effectiveness of this strategy was
confirmed by a wide range of quantitative experiments on ShapeNeRF-Text
and ObjaNeRF-Text, the established benchmarks for NeRF-language tasks.
Our model LLaNA was able to outperform state-of-the-art Multimodal Large
Language Models which process explicit data representations, such as images
and point clouds.

Chapter 4 introduced a method to compute spatially-aware tokens from the
weights of a NeRF’s MLP. This local representation was shown to be extremely
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rich in terms of fine-grained detail and spatial understanding, empowering
the definition of Spatial LLaNA, a new NeRF-language Model capable of
performing detailed spatial captioning and Q&A on complex scenes with
multiple objects. Our model also showed promising performance on real-

world generalization tasks.

5.2 Current limitations

Despite the significant progress reported in this Thesis, multimodal 3D-
language understanding and generation remain substantially constrained
when compared to the quality and robustness exhibited by recent vision-
language models.

A primary limitation stems from the critical scarcity of large-scale, high-quality
paired 3D-language datasets. The creation of such datasets is extremely chal-
lenging, due to the inherent difficulty in acquiring, processing, and annotating
3D data. Furthermore, the predominance of synthetic datasets limits their
domain diversity.

In the specific case of NeRF-language models, research is still in its early phase.
Existing approaches rely on datasets of limited size, restricting their scalability
and generalization. Furthermore, these models are typically designed around
a specific NeRF architecture, limiting their compatibility with the many ar-
chitectural variants that were published in literature. These limitations slow
down the broader adoption of NeRF-language models within the research
community.

Finally, as models become increasingly large and multimodal, their training
and deployment costs grow substantially. The current reliance on very large
language backbones makes experimentation expensive and limits accessibility
for smaller research groups. This poses an additional barrier to progress and
inclusivity in the field.

These limitations illuminate several promising avenues for future research.

5.3 Future Directions

The future of multimodal 3D-language understanding will be shaped by the
creation of large-scale, diverse, and well-annotated datasets. Recent advances
in 3D scanning hardware and software make the large-scale digitization of
real-world assets increasingly feasible. At the same time, the availability of

powerful language and vision-language models offers new opportunities for
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generating or refining text annotations automatically. The emergence of such
datasets will enable the training of 3D-language foundation models, poten-
tially playing a role analogous to CLIP [99] in the vision-language domain,
providing a shared backbone for a wide range of downstream 3D tasks.

Beyond fixed representations: the shift to Gaussian Splatting. While this
Thesis explored NeRF-based architectures, a critical area for future research
is the adaptation of these findings to 3D Gaussian Splatting (3DGS) [53]. As
the community increasingly pivots toward 3DGS for its real-time rendering
capabilities, a natural question arises: Can weight-based reasoning (like the
weights2space approach proposed in this Thesis) translate to splat-based
representations?

Unlike the implicit weights of an MLP in a NeRF, 3DGS parameters are ex-
plicit and spatially grounded. However, one of the core ideas of this Thesis,
i.e. treating the parameters of a neural network as tokens for a Transformer,
remains highly applicable. Future work could explore: (a) The adaptation of
weights2space to map the geometric and appearance attributes of individual
Gaussians into a shared latent space; (b) The use of Point-based Transform-
ers as encoders for 3DGS; (b) The development of a unified multimodal
framework capable of processing both implicit (NeRF) and explicit (3DGS)
representations, thereby enhancing model generalization across diverse data

sources.

Task expansion. In addition to the type of representation used, the tasks
these models can perform can also be expanded. While the focus of this Thesis
was on captioning and question-qnswering (Q&A) tasks, a logical extension
would be the inclusion of 3D grounding. This task would further test and
develop the spatial reasoning and fine-grained localization capabilities of
NeRF-language models.

From Understanding to Generation. A compelling extension of the findings
in this Thesis is the transition from 3D understanding to 3D generation. While
Spatial LLaNA treats the tri-plane representation as an input for multimodal
reasoning, the same discretized latent space could be utilized as a target
output for a Large Language Model. Recent literature has demonstrated that
LLMs can be transformed into generative models by framing 3D generation
as a next-token prediction task [134, 23, 21, 129, 112]. Following this logic,
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an LLM could be trained to autoregressively generate the tokens of a tri-
plane representation conditioned on a text prompt. Because the tri-plane
provides a structured yet compact spatial encoding, it represents a more
tractable generation target than raw 3D voxels or unconstrained MLP weights.
This "Generative Spatial LLaNA" would effectively unify 3D perception and
synthesis within a single transformer backbone, enabling a truly bidirectional
interface where the model can both describe a 3D scene and manifest one

from natural language descriptions.

Efficiency. Finally, future work should also focus on improving the
computational efficiency and scalability of these models. Research into
more compact, modular architectures or efficient training strategies could
make multimodal 3D-language models more tractable and sustainable
for broad deployment. Reducing their computational footprint would
significantly lower the barrier to entry for researchers and practitioners,
accelerate experimentation, and pave the way for real-time applications
beyond academic research.

The path towards inclusive, efficient, and truly multimodal artificial
intelligence is undoubtedly challenging, yet it has never been more exciting
than it is today.
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