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Abstract

3D scene understanding is an important task, and there has
been a recent surge of research interest in aligning 3D repre-
sentations of point clouds with text to empower embodied Al
However, due to the lack of comprehensive 3D benchmarks,
the capabilities of 3D models in real-world scenes, particu-
larly those that are challenging with subtly distinguished ob-
jects, remain insufficiently investigated. To facilitate a more
thorough evaluation of 3D models’ capabilities, we propose
a scheme, ObjVariantEnsemble, to systematically introduce
more scenes with specified object classes, colors, shapes,
quantities, and spatial relationships to meet model evaluation
needs. More importantly, we intentionally construct scenes
with similar objects to a certain degree and design an LLM-
VLM-cooperated annotator to capture key distinctions as an-
notations. The resultant benchmark can better challenge 3D
models, reveal their shortcomings in understanding, and po-
tentially aid in the further development of 3D models.

Project Page — https://ove-benchmark.github.io/OVE/

1 Introduction

Building machine perception that can understand our 3D
world has been an attractive pursuit in recent years. Prior
works (Chang et al. 2015; Uy et al. 2019; Yu et al. 2022;
Sun et al. 2022) have focused on learning 3D representa-
tions from point clouds, making significant progress in ob-
ject classification. Due to the success of large language mod-
els (LLMs)(Touvron et al. 2023; Liu et al. 2024a), interest
has expanded beyond traditional object classification tasks.
Recent works, such as PointLLM(Xu et al. 2023) and 3D-
LLM (Hong et al. 2023), aim to align the latent representa-
tions of textual descriptions with 3D point clouds, allowing
machine perception systems to interpret and interact with
the physical world more effectively through text-based in-
structions. For instance, as illustrated in Figure 1, if a sys-
tem can accurately identify a target in a scene based on text
descriptions, it could significantly enhance the intelligence
of robotics applications, enabling tasks such as complet-
ing household chores through verbal instructions (Li et al.
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Figure 1: Comparison of 3D grounding benchmarks in chal-
lenging scenes: (a) one scene in ScanNet/ScanRef where the
text is insufficient to accurately locate a chair. (b) one scene
in ObjVariantEnsemble where one model accurately identi-
fies targets with sufficient descriptions.

2023; Ge et al. 2024) or improving human-robot collabora-
tion (Xiao et al. 2022; Team et al. 2023; Huang et al. 2023c).

However, the path towards the aforementioned vision
of 3D scene understanding is currently hindered by the
lack of comprehensive 3D benchmarks. Existing scene-
level benchmarks are primarily built on ScanNet (Dai
et al. 2017) that consists of 1600+ scans of real scenar-
i0s. Subsequent works, including ScanRef (Chen, Chang,
and NieBner 2020), Multi3DRef (Zhang, Gong, and Chang
2023), ScanQA (Azuma et al. 2022), efc. continue to refine
and enhance the text annotations to ScanNet, aiming to fa-
cilitate 3D model evaluation and development.

Despite many efforts, 3D benchmarks still fall short of
keeping pace with the needs of 3D model development.
(i) Small Scale. Compared to VLM works (Radford et al.
2021; Li et al. 2022; Liu et al. 2024a), which require large-
scale text-image pairs, 3D benchmarks, especially those
from real-world scans, are significantly smaller in scale.
(ii) Insufficient Annotation. Beyond data scale, the anno-
tation granularity is more crucial in determining whether



3D #Obj| s-t pairs Anno (#0bj)
Benchmark (wd/wod)
ModelNet 12k -
ShapeNet 51k - Cl
ScanObjectNN | 15k -
OmniObject 6k -
ScanRefer - 39k/12k Cl+s/co/l (1)
Multi3DRef - 33k/29k Cl+s/co/l (0/172..)
OVE(Ours) - 75k/12k Cl+s/co/l (1 wd)

Table 1: Benchmark Comparison: “s-t pairs (wd/wod)”
represent scene-text pairs with and without distractors.
“Anno(#0bj)” refers to the types of annotation information
available for the target object. “Cl,” “s,” “co,” and “I” stand
for Class, shape, color, and location, respectively. Numbers
in parentheses indicate the number of targets the annotation
can locate within the scene. Compared to other benchmarks,
our dataset offers more challenging scene-text pairs.

we can objectively evaluate 3D model strengths and weak-
nesses for potential improvement. Figure 1(a) demonstrates
a scene and its associated annotation from ScanRef. Though
the predictions of two 3D models, Multi3DRef and Chat-
3D-v2 (Huang et al. 2023a) do not align with ground truth
label, it is hard to say the models are incapable, since the text
itself contains certain ambiguities and can refer to multiple
objects in the scene.

(iii) Lack of customizable challenge levels. Current 3D
benchmarks are based on limited scene layouts and in-scene
object combinations and placements. While they may in-
clude certain challenging scenes, they are not customizable,
which can potentially lead to overfitting. It is better to have
diverse scene data with customizable difficult level to facili-
tate sufficient evaluation of model capabilities.

Motivated by above gaps and persistent needs for more
comprehensive 3D datasets, we propose to synergize
object-level and scene-level 3D point cloud resources to
construct scenes with greater variety. The community has
developed comprehensive object-level 3D resources, e.g.,
ModelNet (Sun et al. 2022), ShapeNet (Chang et al. 2015),
ScanObjectNN (Uy et al. 2019), and OmniObject (Wu et al.
2023), among others as shown in Table 1. These object-
level dataset generally offer broader object classes and rich
variants within a class compared to scene-level ones, as de-
tailed our project page. This makes them highly promis-
ing as a candidate pool to ensemble new scenes, especially
challenging ones featuring subtly distinguished objects. For
instance, Figure 1(b) showcases an ensembled scene with
3 chairs, one from ScanRef and the others retrieved from
OmniObject. Besides scene construction, we further inte-
grate LLMs and 2D Vision-Language Models (VLMs)
together to build an automated and fine-grained anno-
tation pipeline. Specifically, we instruct the LLM to guide
the VLM in focusing on the differences between target and
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Figure 2: OVE Benchmark Construction Overview.

distractors, summarizing their distinctions in terms of multi-
ple aspects (color/shape/location/...) as the annotation, e.g.,
the text in Figure 1(b).

Our technical framework, ObjVariantEnsemble (OVE) is
shown in Figure 2. We will elaborate the technical details in
$3. In summary, we make the following contributions:

e We designed an effective 3D scene construction and an-
notation framework to significantly expand the 3D dataset,
resulting in 75k newly created scenes and associated fine-
grained annotations, as summarized in Table 1.

e We developed a systematic and flexible method to in-
troduce subtly distinguished objects adjacent to the target,
along with an automated scheme to capture their key differ-
ences. This enriches the semantic complexity of the bench-
mark, enabling a more in-depth evaluation of 3D model.

e We evaluate state-of-the-art 3D understanding models on
OVE benchmark and provide a fine-grained analysis to re-
veal the limitations of existing models in pure spatial rela-
tionship reasoning without visual features like shape, guid-
ing potential directions for model improvement.

2 Related Works

In this paper, we focus on 3D understanding with point cloud
data. We briefly discuss related works as follows.

3D Point Cloud Benchmarks Existing 3D point cloud
datasets fall into two categories: object-level and scene-
level. Object-level datasets (Chang et al. 2015; Uy et al.
2019; Sun et al. 2022; Wu et al. 2023) feature individual
objects in various classes and styles, along with class-level
text, to facilitate the evaluation of downstream tasks such
as classification and object partial segmentation. Scene-level
datasets are primarily built on ScanNet, which mainly cov-
ers indoor scenes scanned from the real world. An impor-
tant subsequent work, ScanRefer, annotates objects with
natural language descriptions to support the evaluation of
3D grounding tasks. Additionally, ReferIt3D (Achlioptas
et al. 2020) has introduced two datasets: Sr3D, with tex-
tual annotations generated based on predefined templates,
and Nr3D, with human-annotated descriptions for more
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fine-grained understanding. Multi3DRef generalizes Scan-
Ref from single-target grounding to various target ground-
ing, i.e., 0, 1, 2, and so on. However, these benchmarks
are inherently limited by the available scenes in ScanNet,
which are fixed and limited. Our work aims to break this
constraint by incorporating additional object resources to
assemble more scenes, particularly challenging ones. It is
worth mentioning that while Multi3DRef handles scenar-
i0s where one text corresponds to varying numbers of ob-
jects, our approach focuses on scenarios where one text cor-
responds to a single object with multiple distractors.

Point Cloud LLM Owing to the great success of LLMs,
there has been increasing interest in aligning various modal-
ities, including point clouds with textual data, to apply the
common-sense knowledge learned by LLMs to multi-modal
understanding (Han et al. 2023). Technically, this demands a
robust point cloud feature extractor, which has driven many
prior works on 3D representation learning (Yu et al. 2022;
Huang et al. 2023b; Zeng et al. 2023; Hong et al. 2023). It
is noteworthy that many of these works leverage relatively
mature VLMs driven by large-scale image-text pairs to help
learn representations of 3D point clouds. Recently, the re-
lease of large-scale point cloud datasets (Wu et al. 2023;
Deitke et al. 2023) has enabled scalable pretraining (Xue
et al. 2023; Liu et al. 2024b; Zhang et al. 2023), significantly
advancing the capabilities of point cloud encoders.
However, when dealing with scene-level point clouds,
object-level encoders often struggle to manage complex spa-
tial relationships. 3D-LLM attempts to address this by pro-
jecting 3D features into 2D to integrate them into LLMs
and incorporating positional embeddings and learnable po-
sition tokens. Meanwhile, Chat-3D-v2 (Huang et al. 2023a)
segments scenes into object-level point clouds and inte-
grates the features and positional information obtained from
object-level 3D encoders. Additionally, Any2Point (Tang
et al. 2024) has proposed positional encoding that merges
spatial features across 3D, 2D, and 1D, mitigating alignment

errors caused by spatial relationships. Despite these design
efforts, existing models still have limited pure spatial rela-
tionship reasoning over point cloud data, as evidenced by
our evaluation in § 4.

3 Benchmark Data Construction

In this section, we will provide an overview of the OVE
framework and then illustrate the technical details.

3.1 OVE Overview

As shown in Figure 2, OVE consists of two main modules:
Object Retriever & Scene Integrator: This module sorts
available object-level 3D resources by their features, includ-
ing class, color and shape, and then assembles multiple ob-
jects with varying levels of similarity into a specific scene
background to construct a new scene.
Distinction Recognizer & Annotator: Most object-level
datasets only have class labels, as indicated in Table 1, which
are insufficient as effective annotations in the context of our
constructed scene. Therefore, this module leverages the ca-
pabilities of advanced LLMs and VLMs to extract the key
characteristics that distinguish the target object from others
and summarize these as annotations.

In the following, we illustrate these two modules in detail.

3.2 Object Retriever & Scene Integrator

Figure 3 shows the detailed procedure for assembling a new
scene by fully leveraging object-level and scene-level 3D re-
sources. The construction process involves three steps: ob-
ject collator, object retriever and scene integrator.

Object Collator As shown in Figure 3, this step aims to
prepare an object candidates pool for the subsequent re-
trieval stage. To achieve this, we sort the object-level re-
sources based on class, color, and shape. Specifically, we re-
tain the object class from its original source dataset. We then
represent color using the standard 3-tuple RGB values and



: ® & [

Target Distractor LIIM VIIM ProTpts
v v

Multi-View Render Distinction Recognizer

O viewt E Initialize Question
M Promgt
1. Achair with a square seat.
_)k 2. Achair with a round seat.

What are the differences in

@ View2 the height of the two chairs?
f k Roughly the same.
ﬁ A What are the differences in
the shapes of their backs?
< View3 1. Straight backrest

2. Curved backrest

)
)

)

Targetx1, Distractorx4

§ Spatial Left+Right

LLM  Prompts +Front+Back  Position Dict

J J ! !

Distinction Annotator

Summa Position
VLM ’ Sprmaty :
Prompt Dict
Outputs } J

= Spatial Relationship
LTVT: @ Descriptor
The chair features a square The chair is
seat, a straight backrest.

,'f ‘U The chair
£ "'\. , features a square
‘ seat, a straight backrest.

Ensembled Scene

Figure 4: Process for Capturing Annotations with Key Distinguishing Information. We render multi-view images and use
LLAVA(Liu et al. 2024a) to extract differences from various perspectives. A LLM is then employed to generate questions based
on previous Q&A interactions. Finally, we use LLM to summarize the key differences from all descriptions.

use the L2-norm to quantify color similarity. Shape is harder
to quantify, so to reduce potential bias, we currently focus
on standard shapes, mainly including cuboids, L-shapes and
spheres that are prevalent in our candidates to facilitate sub-
sequent scene construction with similar-shaped objects.

Object Retriever This step aims to retrieve objects based
on retrieval specifications. A retrieval specification consists
of: i) a target object, where the retrieved objects are expected
to preserve certain similarities with the target one, and ii)
similarity dimension, where the distinction could occur in
class, color, shape, or a combination of these factors. The
example in Figure 3 shows a case of finding an object with
the same class and color but a different shape compared to
the target, a brown chair. The object retriever searches over
the object candidate pool and identifies another brown chair
with a different shape to serve as the distractor. When choos-
ing distractors, we prioritize real-scanned objects (OmniOb-
ject /ScanObjectNN). If no suitable objects found, we then
consider CAD data (ModelNet/ShapeNet).

Scene Integrator This step involves seamlessly integrat-
ing the retrieved distractors and the target object into a real-
world scanned background extracted from the scene-level
dataset. As shown in Figure 3, the integration specifications
determine the number of distractors, which adjusts the chal-
lenge level of the assembled scene for model understanding.
With more distractors, it generally becomes more difficult
for the model to locate the correct target object.
Additionally, we specify the spatial relationship between
the target and distractors. To better cover various possi-
ble object placements, we use six spatial primitives: left,
right, front, back, up and down. Building upon these
primitives and their combinations, we define a total of 13

spatial predicates (detailed in our project page), including
terms such as lower left, between, surrounding
for scenarios with multiple distractors.

It is worth mentioning that we carefully ensure the coher-
ence of the ensembled scene. First, the target object is seg-
mented from the scene-level dataset, and we use its original
scene background as the base for constructing the new scene.
Second, for the retrieved distractor objects, we properly re-
sample, rescale, and reorient them to ensure coherence with
the target and the scene, effectively mitigating scale mis-
matches between their original datasets and the target’s ones.
Third, after enforcing spatial relationship between distractor
and target object, we calculate their bounding boxes to only
exclude overlapping background objects to ensure scene rea-
sonability. We manually screen assembled scenes and have
not identified noticeably odd aspects.

The output of Object Retriever&Scene Integrator is newly
ensembled scenes, each with a target object and a few dis-
tractor objects that share certain similarities with the target,
as illustrated in the lower right of Figure 3.

3.3 Distinction Recognizer & Annotator

3D scenes alone cannot serve to evaluate the model with-
out associated annotations. Figure 4 shows the detailed pro-
cedure to derive the key distinctions between the target ob-
ject and the distractors to obtain an accurate annotation. This
process involves two main steps: distinction recognizer and
distinction annotator.

Distinction Recognizer This step aims to capture as many
distinctions as possible, even subtle ones, between the target
and its distractors. We employ two methods to achieve this
goal: 1) multi-view recognizer. To avoid missing critical dis-




Algorithm 1: Target Annotation Process

1: for each (tgt, distr) in pairs do
2:  for each rnd in rounds do

3: for each v in views do
4: tgt_desc.append(v : LLaVA(tgt_.img))
5: distr_desc.append(v : LLaVA (distr_img))
6: img + Concat(tgt_img, distr_img)
7: cap < IterCap(img, iter_rounds)
8: cap-all.append(v : cap)
9: end for
10: sum <— GPT(cap_all, SUM_P_2)
11: tgt_sum < GPT(tgt_desc, SUM_P_2)
12: distr_sum - GPT(distr_desc, SUM_P_2)
13:  end for

14:  desc < GPT(tgt_sum, distr_sum, sum, SUM_P_3)
15: end for

tinctions, we render the target-distractor pair from multiple
perspectives and then let VLMs recognize the differences.
ii) iterative difference capturing: we design an iterative QA
process between VLM and LLM to enhance the comprehen-
siveness of distinction recognition. Specifically, after initial-
izing the VLM to recognize differences, we prompt a LLM
to continuously ask VLM about new potential distinction di-
mensions, forcing the VLM to capture more differences, as
illustrated in Figure 4. This QA process would be repeated
multiple rounds (6-7 in our case) to ensure sufficient and
high-quality distinctions are captured. The detailed algo-
rithm is provided in Algorithm 1, and the involved prompts
are detailed in our project page.

Distinction Annotator All answers from VLM above are
then compiled and fed into a summarization LLM to dis-
till the most essential distinction information, as shown in
Figure 4. It is worth mentioning that during the distinction
recognition stage, VLMs are primarily used to identify dis-
tinctions in terms of detailed shape and color. For a complete
annotation, we further enhance the spatial location informa-
tion based on the integration specifications used for scene
construction. With this, we can further describe the target’s
location in the scene and combine this with others to create
a fine-grained annotation, as illustrated in Figure 4.

OVE ensures high-quality annotations through: (i) Basic
attribute annotations (e.g., class, color, position) are guar-
anteed during scene construction. (ii) LLM-VLM collabora-
tion helps capture high-quality visual difference annotations.
Multi-round QA is used to reduce hallucinations. In each
round, the LLM prompts the VLM to focus on a single at-
tribute (e.g., height). The LLM asks the same question mul-
tiple times and discards overly verbose answers. The sum-
mary prompt explicitly instructs the LLM to exclude unspec-
ified aspects, such as texture. (iii) We continuously sample
annotations for manual verification to ensure quality.

3.4 OVE Benchmark Summary

In a nutshell, we construct comprehensive scenes with var-
ious challenge levels and distinction dimensions. The re-
sultant benchmark is summarized in Figure 5. We sup-
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Figure 5: OVE Benchmark Summary

port four different distinction types between the target
object and distractors: location, location+shape,
location+color, and location+class. Compared
to existing scene-level 3D datasets, our work substantially
expands the semantic richness of 3D benchmarks. The
newly constructed scenes, with customizable challenge lev-
els and fine-grained distinction annotations, can be used
to better evaluate and develop 3D models. Moreover, our
highly customizable pipeline can be seamlessly extended to
construct more tasks during scene creation, including 3D ob-
ject counting, captioning, QA, efc..

4 Benchmark on ObjVariantEnsemble

In this section, we evaluate the performance of state-of-the-
art models on our benchmark.

4.1 Evaluation Setting

Evaluation Task: We adopt 3D grounding as our evalua-
tion task, because it is a fundamental perception task to sup-
port higher-level tasks like reasoning (Hong et al. 2023) and
planning (Bai et al. 2024). Specifically, we feed the point
cloud scene S), and its associated textual description T" from
the OVE benchmark into a model M. The model is then re-
quired to predict the target object’s bounding box B; in the
scene. Formally, this can be described as follows:

B = M(S,,T) (1)

Evaluation Metric: We adopt Acc@0.25 and Acc@0.5 as
evaluation metrics, i.e., prediction accuracy when the inter-
section over union (IoU) between the predicted and actual
bounding boxes reaches 0.25 and 0.5, respectively.

Evaluation Models: We chose to evaluate 3D understand-
ing models that rely solely on 3D scene information and
ID textual information to complete 3D grounding tasks.
Chat-3D-v2 represents the state-of-the-art performance in
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3D grounding, while Multi3DRef takes the initiative in ad-
dressing multi-object grounding. Both models utilize seg-
mentation as an auxiliary task to extract scene features and
then employ a fusion module to align 3D features with 1D
text. Chat-3D-V2 uses Mask3D (Schult et al. 2023) for seg-
mentation and Uni3D (Zhang et al. 2023) for encoding to
realize 3D object identification and localization. We also
incorporated a fine-tuned version of Chat-3D-v2 for addi-
tional evaluation using Vicunal.5 (Zheng et al. 2024) and
LORA (Hu et al. 2021). The training was conducted using a
one-stage joint method, with a batch size of 32. Multi3DRef
employs PointGroup (Jiang et al. 2020) as its detector and
a CLIP-based (Radford et al. 2021) encoder to realize ef-
fective multi-object localization in complex scenes. We se-
lected a configured version of M3dRefCLIP that utilizes
only the use_color and use_normal settings. All ex-
periments were performed on 4 NVIDIA A6000 cards.

4.2 Evaluation Results

Impact of #Distractors Here, we aim to evaluate whether
existing 3D understanding models can maintain their perfor-
mance, i.e., predict the correct object bounding box, across
various challenge levels, specifically with different numbers
of distractors. To do this, we selected objects from the val-
idation set of ScanRefer as the target and assembled scenes
with the target and varying numbers of distractors, ranging
from 2 to 10, to observe the model’s performance. The eval-
uation results are shown in Figure 6a. It is noted that as the

number of distractors increases, the grounding performance
of the evaluated models declines to some extent. M3DRef-
CLIP achieves the average performance reported in Scan-
Refer (Chen, Chang, and Nieiner 2020) with 2 distractors
but shows a decline as the number of distracting objects
increases. The original Chat-3D-v2 performs rather poorly
on the OVE benchmark, significantly less than reported in
ScanRefer, potentially due to its overfitting to ScanRefer
dataset. However, the fine-tuned version of Chat-3D-v2, us-
ing a portion of our dataset for fine-tuning, demonstrates
enhanced performance. Compared to ScanRefer, the OVE
benchmark supports a more fine-grained model evaluation.

Impact of Distinction Type We further investigate which
aspects of existing 3D models’ capabilities have the most
weaknesses. We used four distinction types with a well-
balanced distribution of distractor numbers, as shown in Fig-
ure 5 to conduct a more fine-grained evaluation on M3DRef-
CLIP and the fine-tuned version of Chat-3D-v2. The evalu-
ation results are presented in Figure 6b. The results indicate
that the current models’ ability to align textual information
with pure location information is far inferior to their ability
to correspond to visual features like shape, color, and class.
Even though Chat-3D-v2 includes an additional encoding
scheme for location information, its performance does not
surpass that of Multi3DRef in challenging scenarios. This
suggests that the spatial reasoning capabilities of current 3D
understanding models are still ineffective.

Key Takeaways Through the lens of OVE, we reexamine
the grounding capability of state-of-the-art 3D understand-
ing models. We highlight how different types of information
help distinguish multiple similar objects, revealing the mod-
els’ strengths and weaknesses. From Figure 6b, we observe
that shape and class contribute significantly more than color
or location, with location playing the least role in object
grounding. This raises our natural questions about the effec-
tiveness of model designs related to position embedding. We
may need more effort to better include spatial information in
3D representations.

4.3 Reexamining 3D Representation Learning

The performance gain from class/shape information shown
in Figure 6b suggests a hypothesis that the 3D encoders un-
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derlying 3D models could be robust, potentially owing to
large-scale pre-training on object-level point clouds.

To test this hypothesis, we constructed scenes with multi-
ple objects using the same concatenation method as in OVE
scene construction framework. We created two cases, as il-
lustrated in Figure 8: i) Loc+Shape: objects in the scene
belong to the same class but differ in shape and location;
ii) Loc+Class: objects differ in class and location but share
similar shapes. The evaluation task is object partial segmen-
tation, i.e., correctly segmenting parts of objects. The evalu-
ation metric is mloU;(%), the mean IoU across all instances.
3D grounding evaluates model capacity for text-visual align-
ment (§4.2), while 3D segmentation assesses visual modal
understanding (§4.3). We evaluate both tasks to study how
shape and class differences affect model performance.

We selected Uni3D (Zhang et al. 2023) and PointBERT
(Yu et al. 2022) for evaluation, as they represent state-of-
the-art performance. Considering the data adaptation issue,
where models may require fine-tuning to perform well on
new tasks, we added extra fully connected layers to fine-tune
existing models on the tasks we constructed. We used two
types of data for fine-tuning: ‘sc’ refers to scenes containing
objects from the same class, while ‘dc’ refers to scenes with
objects from different classes.

The experiment results are shown in Figure 7. Compared
to their performance on single objects, which is 85.6% for
PointBERT and 78.2% for Uni3D, we observe that the pres-
ence of distractors slightly hinders object partial segmenta-
tion. Figure 8 visualizes some segmentation results, high-
lighting some errors these models make when predicting the
IoU of targets. For example, when locating tables that are
distracted by skateboards, both PointBERT and Uni3D in-
correctly identify the skateboard as part of the bottom of
the table. This suggests that while these 3D encoders can
distinguish between similar objects, there is still room for
improvement for more complex scenarios.

Comparing the performance across different datasets (‘sc’
v.s. ‘dc’), we found that models trained on scenes contain-
ing objects from the same class performed better than those
fine-tuned on data with different classes. This insight sug-
gests that incorporating more distractor cases in the training
data may be beneficial for enhancing 3D grounding capabil-
ities. More details on segmentation results across different
categories and shapes can be found in our project page.

5 Conclusion and Future Work

OVE advances point cloud LLM evaluation. It incorpo-
rates objects with controlled variations in properties (e.g.,
class, color, shape) and spatial relationships into real-world
scanned scenes, enabling scene-level challenge customiza-
tion. Besides, we develop an LLM-VLM-cooperated anno-
tator to obtain fine-grained annotations for 3D grounding.
Previously, evaluating which aspects a 3D model relies on
for object differentiation was challenging; with OVE, such
fine-grained evaluations are now more accessible. Our eval-
uation shows existing 3D models are limited in pure spa-
tial reasoning when visual features (e.g., shape) are absent,
which offer insights for improving 3D models, e.g., rethink
position encoding effectiveness.

In the future, we plan to apply OVE to a broader range
of scenes, including synthetic ones (Jia et al. 2024; Yang
et al. 2024), and expand our spatial predicate set to cap-
ture more spatial relationships. Besides, most object-level
datasets only retain point information and lack mesh data,
which means OVE cannot render 2D images with rich tex-
ture details, unlike real-scanned scenes in ScanNet. This pre-
vents us from objectively evaluating 3D models that heavily
rely on 2D features (Chen et al. 2024). We plan to incor-
porate generative models to generate mesh data from point
information to address this issue.
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