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 a b s t r a c t

Multimodal Large Language Models have achieved impressive results on text and image benchmarks, yet their 
capacity to ground language in 3D geometry is still largely unexplored. Existing 3D evaluations are either con-
fined to specialised domains, such as indoor scans, or hampered by poor texture fidelity, and none allow a 
fair, modality-aligned comparison with the 2D counterparts. Without a rigorous benchmark, it remains unclear 
whether current 3D-aware models genuinely grasp shape, colour, pose, and quantity, or merely echo memorised 
textual priors.
 We address this gap with GLUE3D (General Language Understanding Evaluation for 3D Point Clouds), a bench-
mark built around 128 richly textured meshes spanning creatures, objects, architecture and transport. Each asset 
is provided both as a 50 k-point RGB point cloud and as a matched 512 × 512 rendering, enabling point-for-point 
evaluation across modalities. Over these assets we manually curate 1024 binary probes, 256 multiple-choice ques-
tions, 256 open-ended questions, and 128 caption prompts that jointly evaluate sub-entity recognition, physical 
state, colour attribution and counting, giving a fine-grained understanding of 3D geometry and its semantics. 
A comprehensive study of twelve recent systems reveals a pronounced modality gap: the image-conditioned 
Qwen-2.5-VL achieves 79% accuracy on binary probes and 74% on multiple-choice questions, while the best 
point-cloud model reaches only 55% and 33% respectively. Caption-quality assessments follow the same pattern, 
underscoring the gap that remains for genuine 3D understanding. We make GLUE3D publicly available, along 
with its evaluation scripts and baseline scores, to advance progress in geometry-aware multimodal language 
understanding.

1.  Introduction

Recent advances in artificial intelligence have led to the develop-
ment of Multimodal Large Language Models (MLLMs). MLLMs are able 
to integrate and understand multiple data modalities—such as text, im-
ages, and 3D geometry—to perform tasks that would be otherwise im-
possible or difficult to approach, like image captioning, visual question 
answering, image-conditioned generation, and many more. These mod-
els typically function by aligning modality-specific encoders with a lan-
guage backbone, often an instruction-tuned large language model. While 
MLLMs have shown impressive capabilities, the integration of different 
modalities introduces new challenges. For example, misalignment be-
tween the encoder and the language model can lead to hallucinated 
or incorrect outputs, where the model relies on learned textual priors 
rather than grounded perceptual understanding [1]. This highlights the 
need for comprehensive evaluation methodologies for assessing MLLM 
performance, especially when compared to the more mature unimodal 
benchmarks. In this work, we focus on a specific subclass of MLLMs: 
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3D Large Language Models (3D-LLMs), which are designed to understand 
and reason over three-dimensional inputs and connect them to language. 
These models enable tasks such as scene description, object-centric rea-
soning, and spatial understanding beyond what 2D images can typically 
support. Among the various 3D representations, we adopt point clouds 
as our modality of interest due to their widespread use in domains such 
as autonomous driving, robotics, and augmented reality. Point clouds 
provide rich spatial detail while remaining computationally efficient for 
large-scale data processing.

Existing benchmarks. While numerous 2D multimodal benchmarks have 
been developed to assess and diagnose vision-language models [2–6], 
analogous resources in the 3D domain remain limited. Existing 3D 
datasets often focus on narrow categories (e.g., indoor scans or street-
level reconstructions) and suffer from significant quality issues when 
point clouds are derived from 3D asset-sharing platforms (e.g., Sketch-
fab, CGTrader, Thingiverse). In particular, color fidelity is frequently 
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Fig. 1. Visual overview of the four evaluation tasks included in GLUE3D. The benchmark consists of four task types: binary question answering, multiple-choice 
question answering, open-ended question answering, and captioning. This diverse set of tasks enables a more robust and comprehensive assessment of multimodal 
understanding in 3D-LLMs.

degraded due to texture mispackaging and incompatibilities across pro-
prietary 3D file formats, many of which require specific rendering soft-
ware (e.g., Maya, Blender, Z-Brush) for correct interpretation. These lim-
itations hinder the development and evaluation of models capable of 
robust 3D semantic understanding. Moreover, to the best of our knowl-
edge, there exists no benchmark that enables a direct comparison be-
tween 2D and 3D LLMs. While prior work has explored each modality 
in isolation, a unified evaluation framework that allows for modality-
aligned inputs-such as matched point clouds and rendered images-is 
currently missing.

Our contributions. Inspired by similar work in the vision domain [3,5,6], 
we construct a benchmark composed of 1024 binary, 256 multiple-
choice, 256 open-ended, and 128 captioning questions related to both 
point cloud data and images. Fig. 1 provides an example of each of our 
question types on a 3D object representing a donut. Furthermore, for 
our binary task, each question is designed to probe a 3D-LLM’s under-
standing of specific properties. Given an input point cloud, the model’s 
understanding of color, state, number, and potential sub-components 
is assessed. The aim of our work is twofold: (i) to provide a carefully 
curated, high-quality benchmark1 for evaluating the capabilities of 3D-
LLMs; (ii) to shed light on the performance discrepancy between current 
state-of-the-art 2D-LLMs and comparable 3D-LLMs.

Paper structure. The paper is organized as follows: Section 2 introduces 
related works, i.e., similar benchmarks and/or datasets, both in the 
image and 3D domains. Section 3 provides an in-depth description of 
our benchmark, detailing the object categories and question types it in-
cludes, as well as the data collection and annotation processes. Finally, 

1 The benchmark data and evaluation scripts are available at https://github.
com/giorgio-mariani/GLUE3D.

Sections 4 and 5 describe our experimental setup and our findings, re-
spectively.

2.  Related work

2.1.  Multimodal large language models

Large Language Models (LLMs) have shown notable capabilities in 
natural language understanding and generation [7]. However, many 
real-world tasks require the interaction between multiple modalities, 
such as vision, audio, and text. This led to the emergence of Multimodal 
Large Language Models (MLLMs), which extend traditional LLMs by pro-
cessing and integrating information from diverse data sources.

Common MLLM architectures. MLLMs are typically built by aligning or 
integrating pretrained modality encoders (e.g., CLIP, ViT) with pow-
erful LLM backbones (e.g., GPT, LLaMA, Vicuna). This design enables 
the model to process visual inputs such as images, videos, or 3D point 
clouds alongside text. The fusion of modalities allows MLLMs to per-
form a broad range of tasks, including visual question answering, image 
captioning, visual grounding, and embodied reasoning.

Despite their progress, MLLMs face several challenges. For example, 
ensuring that visual and textual representations are meaningfully inte-
grated, that is, representation coming from the modality encoder must 
be properly aligned with the one found in the textual backbone, thus en-
suring a common ground between the two models [1,2]. This misalign-
ment, among other things, may cause the generation of inaccurate or 
fabricated content not grounded in visual input [8]. Furthermore, high-
quality, large-scale multimodal datasets are often limited compared to 
unimodal corpora. Because of this, developing robust benchmarks that 
can meaningfully measure multimodal reasoning and understanding can 
sometimes prove difficult.
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Fig. 2. Qualitative examples of various flaws in existing 3D-LLMs benchmarks. The origins of these issues are several, mostly caused by a combination of the 
automatic point cloud extraction process and inconsistent data information (such as incorrect texture paths) at the source.

It is therefore clear that the development of reliable benchmarks is 
essential to improving the accuracy and effectiveness of future MLLMs.

2.2.  Evaluation methodologies for MLLMs

Two-dimensional domain. Traditional vision-language benchmarks have 
primarily targeted specific capabilities of interest, such as visual recog-
nition [9], image captioning [10,11], scene text understanding [12,13], 
and several more. However, the emergence of general-purpose MLLMs 
has created a pressing need for updated benchmarks that reflect the 
complexity and integration demands of modern multimodal tasks.

This demand has led to the development of 2D-LLM-specific bench-
marks designed to assess broad multimodal understanding across a vari-
ety of tasks. For instance, the Multimodal Model Evaluation (MME) bench-
mark [4] targets fine-grained visual perception and reasoning, using bi-
nary questions organized into 14 coarse- and fine-level categories over a 
curated image dataset. Similarly, MMBench [5] evaluates MLLMs on a di-
verse set of perception and reasoning tasks, and additionally introduces 
multilingual support in both English and Chinese. MMBench adopts a 
free-form-to-multiple-choice conversion strategy to standardize answer 
evaluation. The Multimodal-Veterinarian (MM-Vet) benchmark [6] takes 
a different approach by leveraging the LLM-as-a-Judge framework [14] 
to evaluate models on tasks that require multiple overlapping compe-
tencies, such as spatial awareness, factual knowledge, OCR capabilities, 
and more. In parallel, more specialized benchmarks have been proposed 
to target specific issues such as hallucination. The Polling Object Probing 
Evaluation (POPE) benchmark [3], for example, diagnoses hallucination 
tendencies in 2D-LLMs using binary probing questions constructed from 
MSCOCO annotations [10].

Three-dimensional domain. Arguably, the development of 3D-LLMs is 
still in its early stages, and accordingly, the field lacks well-established 
benchmarks for comprehensive evaluation. Existing benchmarks are of-
ten limited in scope or data quality. For example, 3D-POPE [15] focuses 
specifically on evaluating object hallucinations for indoor scenes, pro-
viding valuable insights but within a narrow task domain. Other bench-
marks, such as those proposed in [16,17], are built on datasets with 
often suboptimal texture quality, which can compromise the represen-
tativeness and generalizability of their evaluation results. Furthermore, 
they both utilize GPT-as-a-Judge strategies, making the evaluation less 
long-lasting and depending on the current OpenAI available models. As 

Table 1 
Comparison between GLUE3D and existing 3D object under-
standing benchmarks. The percentages indicates the number of 
surfaces in each benchmark that have a singular—or very few—
colors in the point cloud (all colors are quantized into 83 bins). 
Furthermore, we can see that GLUE3D offers a greater amount of 
questions, arguably providing an overall better evaluation of fine-
grained understanding capabilities of 2D and 3D-LLMs.

 Benchmark  Shape number  Question number
 3D-MM-Vet  59 shapes  232 questions
 PointLLM test set  200 shapes 200 × 3 questions
 GLUE3D  128 shapes 1024 + 256 × 2 + 128 questions

 Single color  Five colors (≤)
 3D-MM-Vet  14.40%  35.5%
 PointLLM test set  12.0%  15.5%
 GLUE3D  0.00%  0.00%

such, there remains a need for high-quality, diverse, and task-rich bench-
marks to effectively assess the capabilities of 3D-LLMs.

3.  The GLUE3D benchmark

In this section, we introduce our benchmark and describe its core 
design principles and methodology. Following established practices in 
multimodal evaluation [3,18], our framework primarily relies on binary 
questions to assess the perceptual and semantic understanding capabil-
ities of MLLMs. The full benchmark comprises 1024 binary questions, 
256 multiple-choice questions, 256 open-ended questions, and 128 cap-
tioning instances.

2D vs 3D. One of our aims for this benchmark is to assess the 
existence—and extent—of performance disparities between publicly 
available 2D-LLMs against common 3D-LLMs. To enable such a compar-
ison, each three-dimensional asset in our benchmark is accompanied by 
human-curated two-dimensional renderings. This dual-modality setup 
allows for a controlled evaluation of point cloud-based models along-
side image-based vision-language models. Specifically, the benchmark 
includes 128 high-quality textured polygon meshes, from which we de-
rive three distinct representations: a 3D point cloud, a single 2D im-
age, and multiple-view images of the same object. Each point cloud 
comprises 50,000 points sampled from the mesh surface, capturing 
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Fig. 3. Representative subsamples of GLUE3D 3D-surfaces. The 3D geometries offered by GLUE3D are both high-quality and diverse in style and coloring, thus 
providing a strong foundation for our evaluation tasks.

fine-grainedgeometric detail. Corresponding 2D images are rendered us-
ing a human-provided camera view, at a resolution of 512 × 512 RGB 
pixels (each channel ranging from 0 to 255). Bridging between the 2D 
and 3D domains, we adopt a multiple-view setting, in which five RGB 
images (optionally accompanied by depth maps and camera parameters) 
are utilized instead of a single image or a single RGB point cloud. Ide-
ally, this setting should provide more information than a single image, 
though at the cost of increased computational requirements due to the 

use of several images during inference. More information on the point 
cloud and rendering generation procedure can be found in Section 3.3. 

3D Geometry. The 128 surfaces contained in our benchmark can be cat-
egorized into four distinct classes—creatures, objects, architecture, and 
transport—each containing exactly 32 instances. This classification en-
compasses object types commonly encountered in computer graphics 
and 3D processing scenarios, ensuring broad applicability across vari-
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Fig. 4. Distribution of question types in GLUE3D. The benchmark includes 
1024 binary question-answer pairs, 256 multiple-choice question-answer pairs, 
256 open-ended question-answer pairs, and 128 captioning question-answer 
pairs.

ous domains. For each of these surfaces, an average of eight binary, two 
multiple-choice, and one captioning question-answer pairs are provided.

Comparison with existing 3D benchmarks. As discussed in Section 2, mul-
tiple benchmarks for evaluating 3D-LLM object understanding have al-
ready been introduced [16,17]. However, they face some notable limi-
tations: the quality of point cloud color annotations, the overall bench-
mark size (e.g., 3D-MM-Vet), and fewer fine-grained object understand-
ing questions.2 Moreover, both benchmarks only provide raw point 
clouds, which restricts the generalization to different architectures op-
erating on different 2D/3D representations. In contrast, our benchmark 
makes textured meshes available, enabling a possible expansion through 
variations in lighting conditions and/or surface representations (e.g., 
signed distance functions, Gaussian splats). We argue that this ability 
to generalize to different contexts allows for a more future-proof and 
universal benchmark, reducing the limitations of a specific 3D repre-
sentation.

As we mentioned, both benchmarks suffer from the presence of 
several poor-quality point clouds, mostly due to the automatic point 
cloud extraction procedure and errors (or inconsistencies) in the origi-
nal three-dimensional data. Some representative examples of common 
issues that can be found are shown in Fig. 2. These can be broadly cat-
egorized into the following: (i) Missing color information. The original 
mesh may lack texture data; this may be because the original mesh does 
not provide it, or because the texture paths in the mesh are incorrect 
(or assume a specific folder structure). (ii) Low quality surfaces. Some 
meshes may be lower-quality and not easily understandable even to 
a human observer. The inclusion of these in a benchmark may lower 
its evaluation capabilities. (iii) Incorrect rendering setup. Some surfaces 
may require specific rendering setups and/or rendering engines. Using 
the default Blender rendering setup may produce artifacts and incor-
rect color information. Table 1 shows the percentage of surfaces with 
no color information (i.e., a single color), and/or very limited color in-
formation. As can be seen, both the PointLLM test set and 3D-MM-Vet 
contain a significant amount of low color-information point clouds. We 
argue that this may hinder their overall quality (Fig. 3).

3.1.  Benchmark tasks

Inspired by prior work in the field [3,4,6,16,17], our benchmark inte-
grates a diverse set of evaluation methodologies to comprehensively as-
sess model capabilities. First, we adopt a binary question format to probe 

2 The PointLLM test set only has broad object understanding tasks: a closed-
vocabulary object classification task, an open-vocabulary object classification 
task, and finally a captioning task. 3D-MM-Vet offers more complex questions, 
probing for different understanding capabilities, however fine-grained visual 
recognition question account for only 59 questions (i.e., ∼ 25% of the bench-
mark).

the model’s understanding of specific properties, following methodolo-
gies established in [3,4]. In addition, we include a set of more challeng-
ing multiple-choice questions, inspired by formats used in [5], which 
may require more complex reasoning capabilities. Finally, we incorpo-
rate both an open-ended variant of the multiple-choice questions and 
an open-ended captioning task, wherein the model is asked to gener-
ate descriptive summaries of 3D shapes. These generated captions are 
then evaluated against human-written references using a unimodal LLM-
based scoring system, similar to the approach taken in [16,17].

By combining these complementary evaluation strategies, our bench-
mark provides a more holistic and interpretable assessment of multi-
modal LLM performance compared to current benchmarks in the 3D 
domain [15–17].

Binary Questions. As illustrated in Fig. 4, the majority of GLUE3D con-
sists of binary questions, which serve as focused probes into the compre-
hension capabilities of the MLLMs under evaluation. To enable a fine-
grained analysis of model performance and failure modes, we categorize 
these binary questions into four distinct types, each targeting a specific 
dimension of 3D semantic understanding: (i) subentity understanding, (ii) 
pose or physical state recognition, (iii) color attribution, and (iv) quantity 
estimation. This differentiation facilitates a more structured evaluation 
of robustness and generalization.

• Subentity understanding: 3D assets in our benchmark often represent 
complex composite entities—such as characters, vehicles, or archi-
tectural structures—that consist of multiple semantically meaningful 
parts. Subentity questions probe whether the model correctly iden-
tifies which constituent components are plausibly present or hallu-
cinates plausible but absent elements (e.g., assuming a sword in the 
hand of a medieval character or a pilot in an aircraft).

• Pose/State recognition: Certain objects or subentities admit a set of 
physically plausible configurations. Pose-related questions assess the 
model’s ability to reason about such states; for instance, identifying 
whether a tire appears deflated or whether a hand is open or closed. 
Errors in this category may suggest difficulties in interpreting fine-
grained geometric variation.

• Color attribution: Although the point clouds are colorized using 
RGB values, models may still hallucinate canonical or expected col-
orations based on learned priors rather than grounded visual input. 
Alternatively, models may misattribute color to the wrong segment 
(e.g., inverting the color of a vehicle’s roof and hood), indicating a 
lack of spatial-color alignment.

• Quantity estimation: Counting subcomponents or repeated elements 
remains a difficult challenge for many multimodal LLMs [2]. Ques-
tions in this category test whether the model can accurately estimate 
the number of specific parts (e.g., wheels on a car or blades on a fan), 
providing insight into its capacity for global and local structure pars-
ing.

By designing questions along these four axes, GLUE3D enables a more 
targeted and interpretable assessment of where and how 3D-LLMs may 
succeed or fail. Examples for each question type can be seen in Fig. 5.

Multiple-Choice Questions. To complement the binary question frame-
work, we include a smaller but more complex set of multiple-choice 
questions aimed at evaluating higher-level semantic reasoning in 3D-
LLMs. Unlike binary questions that test the presence or absence of spe-
cific properties, multiple-choice questions require models to select the 
most accurate answer from a set of plausible alternatives.

Open-ended Questions. We further introduce an open-ended variant of 
our multiple-choice task. These questions are derived directly from the 
multiple-choice set (often the same) but allow the model to freely gener-
ate its response rather than select from predefined options. Each open-
ended question-answer pair was manually converted from its corre-
sponding multiple-choice counterpart to preserve semantic consistency. 
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Fig. 5. Examples of each binary question type. Using these different question categories allows for a more fine grained assessment of the understanding capabilities 
of the model under evaluation. For example, many multimodal-LLMs struggle with counting questions (see Table 5).

This open-ended formulation aims to disentangle the model’s semantic 
understanding from its instruction-following ability, offering a clearer 
view of the model’s intrinsic comprehension skills. To assess the quality 
of generated answers, we employ an LLM as an automated judge, follow-
ing trends established in recent MLLM evaluation studies [6,16,17], both 
in the 2D and 3D domains. Each predicted answer is compared against 
a human-written reference one, and the model’s output is scored on a 
range between 0 and 100.

Captioning Task. To evaluate general understanding capabilities, we in-
clude an open-ended captioning task. Given a point cloud (or image) 
input, the model is prompted to produce a natural language description 
for the object.  Similarly to the open-ended question-answering task, 
we employ an LLM as an automated judge to evaluate generated cap-
tions. The captioning task complements our binary and multiple-choice 
components by testing holistic understanding and linguistic fluency, of-
fering insight into a model’s capacity to extract and articulate structured 
semantic content from 3D input.

3.2.  Shape categories

We categorize the 3D assets in our benchmark into four broad classes 
that reflect the diversity commonly found in digital content creation and 
virtual environments. These categories—Creatures, Objects, Architecture, 
and Transport-are derived from common taxonomies observed in large-
scale asset repositories (e.g., SketchFab), promoting consistency with 
common workflows in computer graphics and similar settings. The Crea-
tures category encompasses entities such as human characters, animals, 
and monster-like figures, all of which are central to computer graphics 
and video game development and require detailed structural and seman-
tic understanding. The Objects category includes everyday items, such 
as electronics and household goods, which are relevant both in embod-
ied AI contexts and in scene construction for interactive media. The Ar-
chitecture category covers spatial structures like buildings, rooms, and 
staircases, commonly utilized in architectural design and engineering 
software, including tools such as Autodesk Inventor. Finally, the Trans-
port category comprises various transportation modes, from bicycles to 
aircraft, frequently appearing in digital art and simulation-based appli-
cations.

This partitioning facilitates granular analysis of model performance 
with respect to geometric and semantic classes. In particular, we aim 

to identify systematic failure modes or category-specific limitations that 
may arise in 3D-LLMs.  A more in-depth analysis of how performance 
across MLLMs may be affected by a specific shape category can be found 
in Appendix A.

3.3.  Benchmark development stages

Due to the multimedia and multimodal nature of GLUE3D, its devel-
opment required a multi-stage pipeline encompassing data preprocess-
ing, point cloud generation, automatic question synthesis, and human 
annotation. A visual overview of the full development process is pro-
vided in Fig. 7.

STAGE I: Data Collection. As a first step, we select 128 textured polygon 
meshes from TurboSquid (https://www.turbosquid.com/), a large 3D 
asset-sharing platform. We deliberately choose TurboSquid over other 
sources (e.g., Sketchfab, CGTrader) because it is not included in the Ob-
javerse dataset [19], which serves as the main source of training data 
for many 3D-LLMs. In addition, similar to the motivation in [19], Tur-
boSquid offers a broader variety of styles and surface types than more 
traditional 3D datasets such as ModelNet [20] and ShapeNet [21].

Each of these is then processed: The mesh is normalized in a cube 
of size 1.0, while it is appropriately revolved so that the forward di-
rection aligns with the positive y axis and the upward direction with 
the positive x axis. Incorrect texture and/or materials are also replaced 
with suitable ones, ensuring high-quality color information during the 
point cloud creation step. Finally, we convert each mesh into binary 
GLTF format, which makes it portable and (in the future) could allow 
the generation of different 3D representations, such as Gaussian splats 
[22], signed distance functions, and many others. All of the 128 meshes 
contain texture and material information, allowing for non-trivial sur-
face signals.

STAGE II: Point Cloud and Image Generation. Using the Blender open-
source software, we produce for each polygon mesh thirty random RGB-
D views: Each mesh is normalized in a cube of size 1, and placed at the 
origin point. In particular, using the camera parameters, it is possible 
to transform the depth maps into global three-dimensional coordinates. 
These polygon meshes are then converted to point clouds using Blender: 
using the CYCLES rendering engine, we produce 30 random views of 
512 × 512 RGB-D images (the depth channel uses half-precision floating 
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Fig. 6. Example of the multiple view renderings adopted for GLUE3D. The five views surround the objects at angles of 72°, with one always pointing towards 
the front of the object. The camera is at an angle of 30°, pointing downwards towards the origin, at a distance of 2.0 units (all surfaces are normalized to fit inside a 
unit cube).

point instead of a single byte). Using each view’s camera parameters, we 
convert the depth channel to the world three-dimensional coordinates 
of the points, resulting in a collection of points 𝑃 , each with position 
coordinates and color coordinates (the latter containing discrete val-
ues between [0, 255]). To keep the size of the point cloud feasible, we 
downsample it using further-point-sampling to 50,000 points, which we 
denote as the set 𝑃 . To compute the color of a point 𝑝 ∈ 𝑃 , we use the 
average color of all the points 𝑝̂ ∈ 𝑃  whose closest point in 𝑃  is 𝑝 itself.

To generate the RGB images for 2D-LLMs evaluation, we select a 
representative view for each mesh, storing its respective camera param-
eters. From these, we render a 512 × 512 RGB image. Similarly to the 
point clouds included in our benchmark, the color channels for these 
images use discrete values between [0, 255]. Our multiple-view gener-
ation was done similarly to the single image setting, with the difference 
that five equidistant views are used instead of a human-provided one. 
Fig. 6 provides an example of a multiview rendering present in GLUE3D.

STAGE III: Binary Question Generation. To improve the development 
time of our benchmark, we decided to automatically generate plausible 
binary questions for each polygon mesh collected during STAGE I. To 
do so, we use the publicly available Qwen3-30B-A3B LLM [23]: This is 
a 30-billion, Mixture-of-Experts Model with reasoning capabilities. The 
generation procedure is as follows: for each polygon mesh, we manu-
ally produce a brief caption (e.g., “a cat sitting”, “a car”, …), and then 
prompt the language model to produce plausible binary questions.

STAGE IV: Question Labeling. Each binary question previously generated 
is then edited by a human annotator. Specifically, the annotator chooses 
whether or not a question is relevant to the input point cloud and, if so, 
annotates it with either a positive or negative answer. The annotator 
may also edit the question when they think it might be relevant. Build-
ing upon the annotated set of 1024 binary questions, we generate a set 
of 256 multiple-choice questions using the Qwen3-30B-A3B language 
model. For each 3D shape in the benchmark, the model is prompted 
to generate two multiple-choice questions, using the human-annotated 
labels.  Finally, each multiple-choice question-answer pair is manually 
validated and reformulated into an open-ended format, resulting in our 
open-ended task. 

4.  Experimental setup

4.1.  Task design

Question answering procedure. All MLLMs evaluated in our benchmark 
are instruction-tuned and designed to operate within a conversational, 
user-assistant framework typical of modern chatbot interfaces. Accord-
ingly, for each question in our benchmark, we first provide the input 
point cloud (or image) normalized to match the specific input require-
ments of the target MLLM, then we embed the question as part of a user 
message. Binary question responses are obtained by substituting each 
question into the prompt template shown in Table 8, and selecting the 
token with the highest predicted probability between Yes and No. For 
multiple-choice questions, the procedure is analogous: each prompt is 

Table 2 
Prompt-adherence percentage for GLUE3D binary 
and multiple-choice tasks. While most models show 
robust performance on binary questions without requir-
ing explicit generation constraints, their performance 
deteriorates for multiple-choice queries. This is espe-
cially true for current 3D-LLMs, suggesting a strug-
gle with instruction-following tasks that involve higher 
structural or semantic complexity.

 Q&A Task
 Model  Binary  Multiple-choice
 3D-LLMs
 PointLLM v1.2 7B  99.90%  5.86%
 PointLLM v1.2 13B  99.71%  1.95%
 MiniGPT-3D  0.00%  0.00%
 ShapeLLM 7B  100.00%  0.39%
 2D-LLMs
 Qwen2.5-VL 7B instruct  100.00%  100.00%
 Phi 3.5 vision-instruct  100.00%  100.00%
 LlaVa 1.5 7B  100.00%  100.00%
 Multiview LLMs
 Qwen2.5-VL 7B instruct  100.00%  100.00%
 Phi 3.5 vision-instruct  100.00%  100.00%
 LlaVa 3D  100.00%  98.05%

evaluated by computing the next-token probabilities over the four can-
didate choices: A, B, C, and D, and selecting the option with the highest 
score.  For the captioning and open-ended tasks, sampling is performed 
by iteratively selecting the next most probable token.

Prompt-adherence for binary and multiple-choice questions. The advan-
tages of using binary and multiple-choice question is the lack of so-
phisticated evaluation procedure, which may hinder the benchmark ap-
plicability and longevity. However, to properly work, the model under 
scrutiny must have the necessary instruction-following capabilities to 
follow the requested format. Unfortunately, as can be observed in Ta-
ble 2, when generating without constraints, 3D-LLMs seem to struggle 
in following the required output format. This is especially true for the 
multiple-choice task. Furthermore, since both ShapeLLM, PointLLM, and 
LlaVa 1.5 share the same textual backbone, the observation that only the 
first two models exhibit difficulties in following instructions suggests 
that either the 3D multimodal alignment is suboptimal or that catas-
trophic forgetting may have occurred during the multimodal fine-tuning 
phase. Either way, as can be seen from the 2D-LLMs performance, we 
should expect a sufficiently instruction-tuned model to easily be able to 
adapt to our instruction prompts. 

Textual baseline. To better contextualize the performance of vision- and 
geometry-based MLLMs, we include a textual-only baseline in our eval-
uation. This baseline serves to quantify how much of the task can be 
completed using language priors alone, without access to visual or geo-
metric input. To construct this baseline, we provide to a large language 
model only a brief textual caption associated with the 3D object (e.g., 
“a cat sitting”, “a red sports car”), and prompt it with the same binary or 
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Fig. 7. Construction pipeline of GLUE3D. The process unfolds in four stages. Stage I: 3-D assets are selected and downloaded from a public repository, cleaned, and 
saved in GLB format. Stage II: Each asset is converted to two complementary representations: (i) multi-view RGB-D renderings that are fused into RGB point clouds, 
and (ii) a curated single RGB view for image-based evaluation. Stage III: Caption prompts and a pool of candidate binary questions are automatically generated for 
every asset. Stage IV: Experts annotate the binary questions and author multiple-choice items, completing the captioning, binary, and multiple-choice subsets that 
make up the final benchmark.

multiple-choice question used in the full benchmark. No visual or point 
cloud data is supplied. The caption is manually written by human anno-
tators. Because the caption encodes high-level semantic information—
but omits spatial or appearance-specific details—this setup tests whether 
models may infer plausible answers based solely on the object class.

4.2.  Models

Given the multimodal nature of our benchmark, we evaluate a di-
verse set of models spanning various input modalities. In particular, it 
is useful to differentiate between 3D-LLMs, 2D-LLMs, and traditional uni-
modal LLMs. Table 3 gives an overview of the size and modalities for 
each tested model.

3D models. For 3D-LLMs, we use the current state-of-the-art models in 
object-oriented question answering: These include PointLLM v1.2 7B, 
PointLLM v1.2 13B [16], ShapeLLM 7B [17], and minigptd [24].

The PointLLM models use Vicuna v1.1 [14] (7B and 13B respec-
tively) as their textual backbone, while the point cloud encoder con-
sists of Point-BERT [25]. It adopts a two-stage training approach; first, 
learning projection matrices between point-BERT and Vicuna, then fine-
tuning everything together. Similarly to PointLLM, ShapeLLM [17] also 
adopts Vicuna v1.1 as their language backbone; however, rather than us-
ing Point-BERT as modality encoder, they opt for a variation of a more 
recent (and seemingly improved) point cloud encoder, i.e., ReCon [26]. 
MiniGPT-3D adopts a more parameter-conscious approach and works by 
updating an existing 2D and 3D priors (BLIP-2 and Point-BERT, respec-
tively) and aligning them with the Phi-2 [27] language backbone. This 
results in a surprisingly powerful yet efficient 3D-LLM. Finally, to bridge 
3D and 2D models, we include LLaVA-3D [28], a multimodal language 
model that uses RGBD image sequences as its input. LLaVA-3D lever-
ages LlaVa 1.5 7B [29] 2D priors to build its three-dimensional scene 
understanding capabilities. This is achieved by injecting depth informa-
tion using 3D positional encodings, thus providing more information to 
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Fig. 8. GLUE3D Task Templates. Prompts used for our benchmark tasks: At test time, blue text is substituted with the appropriate content. Each prompt is wrapped 
in a user message and dispatched to the MLLMs under scrutiny along with its respective input point cloud (or image).

the language backbone. Empirical results indicate that LLaVA-3D offers 
greater 3D understanding compared to many prior works [30–32].

2D models. For our 2D-LLMs, we provide baseline data from the follow-
ing models: LlaVa 1.5 7B [29], phivision [33], and qwenvl [34], as they 
present strong baselines for current medium-sized MLLMs capabilities.

LlaVa 1.5 7B was among the first image-conditioned Large Language 
Models, and utilizes a relatively simple architecture. It learns a set of vi-
sion tokens (obtained from the projections of a frozen vision encoder) 
to prepend to the main textual body. Learning data consists of 158K 
instruction-following samples. As the final training stage they fine-tune 
end-to-end both the projection matrices and the LLM backbone. Phi 3.5 
vision-instruct is part of the Phi-3.5 family of LLMs, developed by Mi-
crosoft. It utilizes CLIP as its visual encoder and Phi-3.5-mini-instruct as 
its textual backbone. The model is pre-trained on a multimodal dataset 
of 0.5 trillion tokens and fine-tuned on a dataset of 33 billion tokens. 
The Qwen 2.5 VL family is the latest among the above models; it uses 
several sophisticated techniques to handle a variety of media, from im-
ages to videos. Fittingly, it utilizes Qwen 2.5 LLMs and a custom ViT 
encoder architecture. These are then pre-trained on large quantities of 
multimodal data (∼ 4 trillion tokens) and fine-tuned on two million sam-
ples of complex single-turn and multi-turn instruction-following data.

Textual only models. For textual only models, we use Phi-3.5-mini-
instruct [33] and Llama-3-instruct [35]. These are instruction-tuned 
variants of their respective pretrained language models. For this bench-
mark, these models are used to provide the expected answer using only 
minimal textual information. Furthermore, we include both Vicuna v1.1 
7B and Vicuna v1.1 13B: Since they act as backbones for both PointLLM 
and ShapeLLM, having an idea of their general understanding concern-
ing GLUE3D tasks may be insightful. Finally, we include LLaMA-Mesh 
[36], a language model fine-tuned to unify textual and mesh represen-
tations, as a more spatially grounded textual baseline. Its built-in spatial 
understanding capabilities make it suitable for providing more general 
and spatially informed answers.

4.3.  Metrics

To assess model performance across the different task types in our 
benchmark, we employ both classification and open-ended evaluation 
metrics: For the binary and multiple-choice tasks, we report commonly 
used classification metrics: Accuracy, Precision, Recall, and F1 score. In 

Table 3 
Overview of the language models employed in our anal-
ysis. As most existing 3D-LLMs fall within the small to 
medium parameter range (approximately 3B-13B), we also 
selected 2D-LLMs and text-only LLMs of comparable size to 
ensure a fair evaluation.
 Model  Parameters  Modalities
 PointLLM v1.2 7B  7 Billion  Point Cloud-Text
 PointLLM v1.2 13B  13 Billion  Point Cloud-Text
 MiniGPT-3D  2.7 Billion  Point Cloud-Text
 ShapeLLM 7B  7 Billion  Point Cloud-Text
 ShapeLLM 13B  13 Billion  Point Cloud-Text
 LlaVa 3D  7 Billion  RGBD Images-Text
 Qwen2.5-VL 7B instruct  8 Billion  Image-Text
 Phi 3.5 vision-instruct  4.2 Billion  Image-Text
 LlaVa 1.5 7B  7 Billion  Image-Text
 Llama 3 8B instruct  8 Billion  Text-only
 Phi 3.5 mini-instruct  2.7 Billion  Text-only
 Vicuna v1.1 7B  7 Billion  Text-only
 Vicuna v1.1 13B  13 Billion  Text-only
 LlaMA-Mesh  8 Billion  Text-only

the multiple-choice scenario, Precision and Recall are computed as the 
average of multiple—one per choice—binary classification tasks. In con-
trast, the open-ended question-answering and the captioning task are 
inherently generative, making traditional classification metrics unsuit-
able. To address this, we adopt an LLM-as-a-judge framework, following 
prior work [6,16,17], wherein a language model evaluates the correct-
ness of the generated answers. Prompts used by our evaluation judge are 
reported in Appendix B. Consistent with prior work [16], we include a 
description of the question-answer evaluation task, together with repre-
sentative scoring examples. For the sake of reproducibility, the language 
model of our choice is Qwen3-30B-A3B [23], a powerful open-source lan-
guage model with impressive generation and understanding capabilities. 
Additionally, to provide a broader comparison of caption quality, we 
compute sentence-level similarity scores using established embedding-
based methods, namely Sentence-BERT [37] and SimCSE [38], and more 
traditional n-gram based metrics such as BLEU [39], METEOR [40], and 
ROUGE [41].
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Table 4 
Classification results for the binary question-answering task. This 
task exhibits the largest performance gap between 3D-LLMs and 2D-
LLMs. In terms of accuracy, most 3D-LLMs fail to surpass even the ran-
dom baseline of 0.5 or the textual-only baseline, suggesting significant 
limitations in their current perception or instruction-following capa-
bilities.

 Binary Questions
 Model  Accuracy  Precision  Recall  F1-score
 3D-LLMs
 PointLLM v1.2 7B  0.485  0.488  0.866  0.624
 PointLLM v1.2 13B  0.490  0.491  0.909  0.638
 ShapeLLM 7B  0.494  0.494  1.000  0.661
 MiniGPT-3D  0.548  0.536  0.632  0.580
 2D-LLMs
 Qwen2.5-VL 7B instruct  0.796  0.888  0.672  0.765
 Phi 3.5 vision-instruct  0.728  0.707  0.765  0.735
 LlaVa 1.5 7B  0.682  0.630  0.864  0.728
 Multiview LLMs
 Qwen2.5-VL 7B instruct  0.798  0.914  0.652  0.761
 Phi 3.5 vision-instruct  0.716  0.683  0.792  0.734
 LlaVa 3D  0.662  0.627  0.783  0.696
 Textual baselines
 Phi 3.5 mini-instruct  0.591  0.623  0.435  0.512
 Llama 3 8B instruct  0.608  0.610  0.575  0.592
 Vicuna v1.1 7B  0.549  0.553  0.451  0.497
 Vicuna v1.1 13B  0.559  0.539  0.729  0.620
 LlaMA-Mesh  0.579  0.569  0.611  0.589

5.  Results and analysis

5.1.  Quantitative comparison

We report quantitative performance of all evaluated models across 
the four core tasks of our benchmark: binary question-answering, 
multiple-choice selection, open-ended question-answering, and caption 
generation. Table 4 introduces the results for the binary classification 
task, including accuracy, precision, recall, and F1 score for each model. 
These metrics offer insight into the models’ ability to correctly iden-
tify fine-grained properties in point clouds and images. This is further 
analyzed in Tables 5, 6, which provide model results across various 
questions and 3D geometry types. Tables 7, 8 show the performance on 
the multiple-choice task, and its open-ended variant. Finally, Tables 9, 
10 report the results of the captioning task, where generated captions 
are compared against ground-truth descriptions. Together, these tables 
provide a comprehensive view of the strengths and weaknesses of each 
model across different modalities and task formats.

5.2.  Discussion

3D vs 2D. As can be seen in Tables 4 to 10, 2D-LLMs systematically 
outperform 3D-LLMs in all settings. It is difficult to assess the causes 
of this imbalance; it might be related to the larger volume of low- and 
high-quality training data, or maybe less effective point cloud encoding 
architectures with respect to the image ones. Similar textual backbones 
are adopted by both 2D-LLMs and 3D-LLMs, thus it is unlikely that to 
be the cause of this performance deficit.

Multiview setting. Interestingly, the additional views—while providing 
a slight improvement with respect to the single view setting—do not 
particularly improve performance of current 2D-LLMs models. This may 
suggest that, for most cases, the supplementary information contained 
in the different views is not required to produce satisfactory results on 
GLUE3D.  In particular, Qwen2.5-VL 7B instruct is often able to prop-
erly exploit the additional information provided by the multiple views, 
as can be clearly seen in the multiple-choice and open-ended tasks (Ta-
bles 7 and 8). On the contrary, Phi 3.5 vision-instruct performance often 
worsens when adopting multiple views, suggesting that the additional 

Table 5 
Accuracy scores across various types of binary probing ques-
tions. While question type does not appear to affect 3D-LLMs sig-
nificantly, 2D-LLMs show greater difficulty with quantification and 
counting questions.
 Binary Questions
 Model  Color  Counting  Pose  Subentity
 3D-LLMs
 PointLLM v1.2 7B  0.492  0.494  0.461  0.492
 PointLLM v1.2 13B  0.492  0.498  0.457  0.511
 ShapeLLM 7B  0.492  0.494  0.486  0.504
 MiniGPT-3D  0.619  0.530  0.482  0.556
 2D-LLMs
 Qwen2.5-VL 7B instruct  0.800  0.723  0.788  0.868
 Phi 3.5 vision-instruct  0.758  0.632  0.747  0.771
 LlaVa 1.5 7B  0.708  0.538  0.735  0.744
 Multiview LLMs
 Qwen2.5-VL 7B instruct  0.835  0.759  0.767  0.827
 Phi 3.5 vision-instruct  0.792  0.617  0.686  0.763
 LlaVa 3D  0.723  0.534  0.645  0.741
 Textual baselines
 Phi 3.5 mini-instruct  0.542  0.613  0.604  0.605
 Vicuna v1.1 7B  0.512  0.565  0.559  0.560
 Vicuna v1.1 13B  0.565  0.573  0.539  0.556
 Llama 3 8B instruct  0.550  0.589  0.653  0.643
 LlaMA-Mesh  0.523  0.561  0.624  0.609

Table 6 
Accuracy scores for both the binary and multiple-choice Q&A tasks 
across various classes of surfaces; Architecture (Ar), Creatures (Cr), Ob-
jects (Ob), and Transport (Tr). For the models under evaluation, surface 
type does not appear to significantly influence performance.

 Binary  Multiple-Choice
Model  Ar  Cr  Ob  Tr  Ar  Cr  Ob  Tr
 3D-LLMs
PointLLM v1.2 7B  0.52  0.43  0.48  0.50  0.33  0.23  0.27  0.41
PointLLM v1.2 13B  0.48  0.49  0.51  0.47  0.38  0.30  0.34  0.38
ShapeLLM 7B  0.50  0.49  0.50  0.48  0.30  0.28  0.27  0.39
MiniGPT-3D  0.56  0.54  0.56  0.54  0.25  0.30  0.25  0.31
 2D-LLMs
Qwen2.5-VL 7B in-
struct

 0.80  0.81  0.81  0.76  0.72  0.81  0.73  0.73

Phi 3.5 vision-
instruct

 0.74  0.78  0.71  0.67  0.62  0.69  0.66  0.62

LlaVa 1.5 7B  0.72  0.70  0.67  0.64  0.56  0.58  0.55  0.55
 Multiview LLMs
Qwen2.5-VL 7B in-
struct

 0.79  0.84  0.81  0.75  0.81  0.77  0.73  0.81

Phi 3.5 vision-
instruct

 0.72  0.75  0.69  0.71  0.64  0.64  0.67  0.75

LlaVa 3D  0.66  0.71  0.65  0.64  0.48  0.50  0.48  0.50
 Textual baselines
Phi 3.5 mini-instruct  0.53  0.59  0.63  0.61  0.42  0.44  0.50  0.52
Vicuna v1.1 7B  0.55  0.57  0.52  0.56  0.42  0.34  0.45  0.38
Vicuna v1.1 13B  0.56  0.54  0.56  0.58  0.31  0.38  0.38  0.44
Llama 3 8B instruct  0.57  0.59  0.63  0.64  0.50  0.50  0.62  0.56
LlaMA-Mesh  0.52  0.60  0.59  0.61  0.47  0.53  0.62  0.55

information is actually detrimental and may be causing the model to 
misunderstand the input objects. 

3D vs text. Interestingly enough, 3D-LLMs seem to struggle even with 
respect to textual models. This suggests that either they are not able 
to categorize the input geometries correctly, or they do not properly 
harness their language backbone to provide the most probable answer. 
This can be seen both for the binary and multiple-choice tasks Tables 4, 7 
respectively. On the contrary, 2D-LLMs do not suffer the same problem.

Main limitations of the available models. Many MLLMs seem to struggle 
in instruction-following tasks, as can be observed by their poor results in 
the binary and multiple-choice tasks; Indeed, some models tend to sys-
tematically choose to answer positively for binary questions, and with 
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Table 7 
Classification results for the multiple-choice question-answering 
task. Similar to the binary question-answering task, 3D-LLMs also ex-
hibit difficulty on multiple-choice questions, with their performance 
consistently falling short of both 2D-LLMs and textual-only baselines.
 Multiple-Choice Questions
 Model  Accuracy  Precision  Recall  F1-score
 3D-LLMs
 PointLLM v1.2 7B  0.309  0.407  0.309  0.261
 PointLLM v1.2 13B  0.348  0.436  0.348  0.320
 MiniGPT-3D  0.277  0.304  0.277  0.202
 ShapeLLM 7B  0.309  0.600  0.309  0.220
 2D-LLMs
 Qwen2.5-VL 7B instruct  0.750  0.760  0.750  0.752
 Phi 3.5 vision-instruct  0.648  0.669  0.648  0.649
 LlaVa 1.5 7B  0.559  0.633  0.559  0.555
 Multiview LLMs
 Qwen2.5-VL 7B instruct  0.781  0.786  0.781  0.782
 Phi 3.5 vision-instruct  0.676  0.689  0.676  0.676
 LlaVa 3D  0.492  0.621  0.492  0.483
 Textual baselines
 Phi 3.5 mini-instruct  0.469  0.470  0.469  0.469
 Vicuna v1.1 13B  0.375  0.427  0.375  0.369
 Vicuna v1.1 7B  0.398  0.494  0.398  0.369
 Llama 3 8B instruct  0.547  0.575  0.547  0.545
 LlaMA-Mesh  0.543  0.577  0.543  0.538

Table 8 
Judge scores for the open-ended question-answering task. We report 
both the overall average score of each model and the per-category results 
across the four surface categories: Architecture (Ar), Creatures (Cr), Ob-
jects (Ob), and Transport (Tr). Similar to other tasks in our benchmark, 
2D-LLMs consistently achieve better performance. This seems to corrob-
orate our hypothesis of a gap between current 2D-LLMs state-of-the-art
models and their three-dimensional counterparts.

 Open-Ended Questions
 Model  Ar  Cr  Ob  Tr  Average
 3D-LLMs
 PointLLM v1.2 7B  52.97  68.44  63.05  64.53  62.25
 PointLLM v1.2 13B  52.42  67.11  68.05  61.25  62.21
 ShapeLLM 7B  53.67  67.73  61.33  63.28  61.50
 MiniGPT-3D  58.91  70.23  65.94  64.06  64.79
 2D-LLMs
 Qwen2.5-VL 7B instruct  69.84  79.30  74.53  75.55  74.80
 Phi 3.5 vision-instruct  68.72  77.34  72.50  75.00  73.39
 LlaVa 1.5 7B  67.39  84.06  75.08  72.66  74.80
 Multiview 2D-LLMs
 Qwen2.5-VL 7B instruct  77.66  82.27  77.19  75.86  78.24
 Phi 3.5 vision-instruct  66.84  74.22  73.05  74.22  72.08
 LlaVa 3D  69.03  79.45  72.50  73.12  73.53

Table 9 
Results for the GLUE3D captioning task. Interestingly, 3D-LLMs 
exhibit a smaller performance gap on the captioning task compared 
to other evaluation settings. This may be attributed to the fact that 
a significant portion of the training data [42] for the PointLLM, 
ShapeLLM, and MiniGPT-3D models consists of relatively simple 
captioning instructions.
 Captioning Task
 Model  Qwen3-as-a-Judge  S-BERT  SimCSE
 3D-LLMs
 PointLLM v1.2 7B  56.680  50.612  46.860
 PointLLM v1.2 13B  53.750  49.267  47.158
 ShapeLLM 7B  38.047  36.012  30.524
 MiniGPT-3D  55.859  51.877  46.249
 2D-LLMs
 Qwen2.5-VL 7B instruct  68.867  65.558  65.277
 Phi 3.5 vision-instruct  67.070  58.629  60.112
 LlaVa 1.5 7B  64.688  59.686  60.013
 Multiview LLMs
 Qwen2.5-VL 7B instruct  69.531  64.598  63.821
 Phi 3.5 vision-instruct  66.758  58.993  60.172
 LlaVa 3D  57.109  40.346  44.349

Table 10 
Additional results for the GLUE3D captioning task, evaluated using 
traditional n-gram-based NLP metrics. We report BLEU (B), ROUGE-
L (R-L), and METEOR (M) scores for all evaluated models, grouped by 
modality.

 Captioning Task
 Model  B-1  B-2  B-3  R-L  M
 3D-LLMs
 PointLLM v1.2 7B  6.935  2.162  1.014  10.569  14.619
 PointLLM v1.2 13B  6.665  2.196  1.071  10.477  14.235
 ShapeLLM 7B  7.395  2.286  1.344  9.982  8.835
 MiniGPT-3D  12.091  5.837  3.216  16.091  17.830
 2D-LLMs
 Qwen2.5-VL 7B instruct  10.766  4.674  2.455  16.139  20.981
 Phi 3.5 vision-instruct  9.442  4.087  2.573  16.134  11.490
 LlaVa 1.5 7B  11.057  4.919  2.444  17.262  18.932
 Multiview LLMs
 Qwen2.5-VL 7B instruct  9.419  4.308  2.163  14.533  20.106
 Phi 3.5 vision-instruct  10.627  4.533  2.687  16.795  12.516
 LlaVa 3D  0.051  0.015  0.012  0.443  0.643

choice A for multiple-choice. We are not the first to observe this re-
sult, as a similar occurrence was also reported in [3].  This is consistent 
with what we observed in Table 2; several 3D-LLMs have difficulties 
in precisely following the user-provided instructions, more so than cur-
rent state-of-the-art 2D-LLMs. Thus, an important direction for future 
3D-LLMs should be the development of models able to precisely follow 
instructions.

Main limitations of GLUE3D and future directions. While GLUE3D offers a 
structured and interpretable evaluation framework for 3D-LLMs, it also 
presents several limitations that we aim to address in future work. First, 
the current set of tasks-particularly binary and multiple-choice formats-
relies heavily on instruction-tuned capabilities, which may bias evalua-
tion toward models optimized for chat-based interactions. Future itera-
tions could incorporate tasks that are less instruction-sensitive, such as 
contrastive or retrieval-based setups. Second, the benchmark currently 
includes a limited number of surfaces—only 128; expanding the dataset 
to cover a broader range of shapes, textures, and structural complex-
ity would improve diversity and robustness. Finally, most of the cur-
rent tasks focus on perceptual understanding. Extending the benchmark 
to include higher-level reasoning tasks would enable deeper evaluation 
of 3D-LLMs beyond object-level understanding. We view these direc-
tions as key steps toward a more comprehensive and generalizable mul-
timodal benchmark on point clouds.

A further compelling future direction would be to leverage GLUE3D 
resources (3D data and textual annotations), to develop broader mul-
timodal benchmarks, making possible the evaluation of different types 
of multimodal models and architectures than solely 2D/3D LLMs. For 
example, the development of methodologies for evaluating multimodal 
self-supervised approaches, as well as surface (or image) generative 
models, could be a worthwhile endeavor. 

6.  Conclusion

In this work, we introduced GLUE3D, a novel benchmark designed to 
evaluate the capabilities of multimodal large language models in under-
standing 3D point cloud data. Our benchmark provides a diverse set of 
evaluation tasks-including binary questions, multiple-choice questions, 
and open-ended questions-enabling fine-grained and holistic assessment 
across different perception modalities. Furthermore, by aligning 3D data 
with their 2D projections, GLUE3D offers a unified framework for prob-
ing both 2D and 3D language models, effectively quantifying their dif-
ference in performance.

Through this benchmark, we aim to shed light on the limitations of 
current 3D-LLMs in spatial, geometric, and semantic understanding. By 
presenting every asset as both a colour-rich point cloud and its matched 
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RGB rendering, GLUE3D compels multimodal LLMs to reconcile com-
plementary geometric and photometric cues within a single generative 
framework, effectively turning evaluation itself into information fusion 
tasks. This dual-view design, together with tasks that demand spatial 
reasoning, attribute binding, and free-form description, offers a system-
atic lens on how well current models integrate heterogeneous sources 
rather than relying on text-only priors. In doing so, the benchmark sup-
plies not just fresh data but a principled yardstick for pushing scalable, 
geometry-aware fusion methods grounded in generative AI.
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Appendix A.  Category analysis

In the main paper, we report evaluation metrics across four seman-
tic categories (Architecture, Creatures, Objects, and Transport) to gain 
a deeper understanding of the models’ understanding capabilities over 
different types of surfaces. However, the variations in performance ob-
served across categories may also arise from external factors, such as dif-
ferences in geometric complexity or data distribution, rather than from 
inherent model limitations. To better interpret these category-wise dis-
crepancies, we therefore conduct a simple comparative analysis using 
the PointLLM Objaverse captioning task [16]

We manually annotated each of the 200 point clouds in the Obja-
verse captioning task according to our proposed categories. The result-
ing distribution is illustrated in Fig. A.1. Following the same evalua-
tion procedure described in Section 4.3, we employ Qwen3-30B-A3B as 
an automated judging model to assess the quality of model-generated 
captions. The comparative results for both GLUE3D and Objaverse are 
presented in Table A.1. From this analysis, we observe two main trends:

Fig. A.1. Distribution of point cloud categories in Objaverse. Differ-
ently from GLUE3D, the object categories in Objaverse are not evenly 
distributed. Indeed, of the 200 point clouds in the benchmark, 26 are 
architectural structures, 54 are creatures and characters, 80 are every-
day objects, and 40 are real and fictional vehicles. These categories 
were manually annotated by us, and can be found at the follow-
ing URL: https://huggingface.co/datasets/giorgio-mariani-1/GLUE3D/resolve/
main/annotations/categories/categories_Objaverse200.jsonl.

Table A.1 
Judge scores on both GLUE3D and the Objaverse caption-
ing tasks. It is interesting to observe that minima (under-
lined) and maxima (bold) scores seem to be aligned across 3D-
LLMs, suggesting a possible bias in the 3D training datasets, as 
PointLLM, ShapeLLM, and MiniGPT-3D share portions of their 
training data.
 Objaverse Captioning Task
 Model  Ar  Cr  Ob  Tr
 PointLLM v1.2 7B 51.77  52.20  53.02  54.95
 PointLLM v1.2 13B 51.92  54.94  52.24  56.50
 ShapeLLM 7B  48.58 46.39  48.19  50.62
 MiniGPT-3D 54.15  54.37  53.40  58.98
 GLUE3D Captioning Task
 PointLLM v1.2 7B 49.84  55.31  58.75  62.81
 PointLLM v1.2 13B 50.31  51.88  56.25  56.56
 ShapeLLM 7B 32.50  33.12  38.12  48.44
 MiniGPT-3D 49.69  57.50  55.78  60.47
 LlaVa 3D 52.50  56.25  59.06  60.62
 Qwen2.5-VL 7B instruct 66.88  70.62  68.28  69.69
 Phi 3.5 vision-instruct  63.44 63.12  71.41  70.31
 LlaVa 1.5 7B  63.91  66.88  64.84 63.12

Fig. A.2. Spearman’s rank correlation between mean category scores of 
various 3D-LLMs. This figure presents the Spearman correlation between the 
category-level judge scores obtained on Objaverse and those on GLUE3D. As also 
shown in Table A.1, the performance of most 3D-LLMs exhibits a strong positive 
correlation across datasets, suggesting a shared underlying factor influencing 
category-wise performance.

• 3D-LLMs exhibit correlated performance across both benchmarks 
and models, suggesting consistent category-specific challenges.

• 2D-LLMs (which can be evaluated only on GLUE3D) do not show 
such correlations, indicating that the underlying cause is likely spe-
cific to 3D models-potentially due to factors such as incorrect or in-
sufficient training data, suboptimal point-cloud encoders, or limita-
tions in multimodal alignment (Fig. A.2).
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Fig. B.1. LLM-as-a-judge evaluation template. We adopt the above prompt template for scoring captioning results in GLUE3D.

Appendix B.  LLM-as-a-judge prompts

As described in Section 4.3, we adopt an LLM-as-a-Judge approach 
for evaluation of our open-ended and captioning tasks. The prompts 
used by our judge can be seen in Figs. B.1, B.2. They are based on 
prompts adopted in previous work [16] (Fig. B.2).
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Fig. B.2. LLM-as-a-judge evaluation template. We adopt the above prompt template for scoring answers in GLUE3D.
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