
Cross-Modal 3D Representation with Multi-View Images and Point Clouds

Ziyang Zhou1, Pinghui Wang1†, Zi Liang2, Haitao Bai1, Ruofei Zhang3,
1 MOE KLINNS Lab, Xi’an Jiaotong University

2 The Hong Kong Polytechnic University 3 Apple

Abstract

The advancement of 3D understanding and representation
is a crucial step for the next phase of autonomous driving,
robotics, augmented and virtual reality, 3D gaming and 3D
e-commerce products. However, existing 3D semantic repre-
sentation research has primarily focused on point clouds to
perceive 3D objects and scenes, overlooking the rich visual
details offered by multi-view images, thereby limiting the po-
tential of 3D semantic representation. This paper introduces
OpenView, a novel representation method that integrates
both point clouds and multi-view images to form a unified
3D representation. OpenView comprises a unique fusion
framework, sequence-independent modeling, a cross-modal
fusion encoder, and a progressive hard learning strategy.
Our experiments demonstrate that OpenView outperforms
the state-of-the-art by 11.5% and 5.5% on the R@1 metric
for cross-modal retrieval and the Top-1 metric for zero-shot
classification tasks, respectively. Furthermore, we showcase
some applications of OpenView: 3D retrieval, 3D captioning
and hierarchical data clustering, highlighting its generality
in the field of 3D representation learning.

1. Introduction

The core aim of 3D understanding is to extract valuable in-
sights from 3D data, which is a crucial technology for refin-
ing autonomous driving, robotics, and augmented/virtual re-
ality. Additionally, 3D games comprise a large number of 3D
models, and their development can benefit from automated
3D generation and retrieval. Furthermore, e-commerce prod-
uct displays are transitioning from 2D images to 3D models,
requiring 3D semantic understanding and representation.
These real-world applications show the importance of re-
search in 3D understanding. However, previous studies have
taken point clouds as the only medium for understanding
3D objects or scenes, overlooking the rich visual details con-
tained in multi-view images, which limits the depth of 3D
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understanding. This oversight calls for a paradigm shift in
3D representation learning by fusing multi-modal 3D data.

A crucial element in 3D understanding and representation
is the data format used to represent raw 3D data. Common
formats include meshes, volumes, point clouds, and multi-
view images. Among these, meshes [5] and volumes [34]
require particularly high resolution and are less suitable as
inputs to neural networks. Point clouds, on the other hand,
already have many foundation models [40, 41, 70] and 3D
representations methods [30, 64, 65, 72]. Recently, based
on single-view or multi-view images, some remarkable 3D
generation [31, 32, 49, 56] and 3D reconstruction [13, 67, 69,
73] works have been proposed, suggesting the unexplored
potential of multi-view images for 3D understanding.

Existing 3D representation methods can be categorized
into two types: (a) those focusing solely on 3D data
[17, 44, 55, 70], no multi-modal training, can be utilized
for classification and segmentation tasks, but fail to sup-
port cross-modal downstream tasks; (b) those unifying
the representation of images, text, and 3D point clouds
[30, 64, 65, 72], exhibiting commendable performance on
cross-modal tasks, such as cross-modal retrieval and 3D
captioning. However, these existing methods represent 3D
data only through point clouds, overlooking the rich texture
and color details provided by multi-view images. This over-
look results from previous research [27, 59] being driven
by autonomous driving, therefore focusing on the physical
information from point clouds, while ignoring the advantage
of multi-view images for semantic understanding. We seek
to build a more comprehensive framework that leverages
precise geometry from point clouds and rich visual details
from multi-view images.

This paper proposes a new representation learning method
called OpenView that combines multi-view images and point
clouds to represent 3D visuals. OpenView emphasizes four
key factors: (1) a novel fusion framework, (2) sequence-
independent modeling, (3) a cross-modal fusion encoder,
and (4) a progressive hard learning strategy. The combina-
tion of point clouds and multi-view images necessitates a
new fusion framework and encoder. Since multi-view im-
ages are often unordered, sequence-independent modeling is
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Figure 1. Overview. 3D objects can be rendered and scanned as multi-view images and point clouds. We propose a novel framework
that combines point clouds and multi-view images to obtain 3D semantic embeddings, which can be applied to downstream tasks such as
zero-shot 3D classification, text-query 3D retrieval and image-query 3D retrieval.

necessary. Furthermore, introducing the image modality can
cause the model to focus on a few easy-to-understand images,
which becomes a limitation for understanding global infor-
mation. Therefore, we design a progressive hard training
strategy to address this issue.

We first evaluate OpenView on cross-modal retrieval tasks
and zero-shot classification tasks. Experiments indicate that
on the challenging Objaverse-LVIS [10] dataset, OpenView
outperforms the state-of-the-art methods by 11.5% on the
R@1 retrieval metric and 5.5% on the Top-1 classification
metric. Beyond classification and retrieval, we present de-
mos showcasing OpenView’s generalization ability in un-
derstanding 3D visuals. For instance, OpenView can be
employed in 3D captioning to generate text descriptions
for 3D data, through integrating with a downstream cap-
tion model [37]. Furthermore, OpenView can organize 3D
data hierarchically and perform clustering. Such hierarchical
clustering enables the optimization of retrieval complexity
in real-world databases [16, 68].

In summary, OpenView is a 3D semantic representa-
tion framework that perceives and understands 3D visuals
through multi-view images and point clouds. A new cross-
modal fusion method is designed for this purpose, which
includes a new fusion framework, a cross-modal encoder,
and sequence-independent modeling. Additionally, a new
training strategy is developed to facilitate global understand-
ing through progressive hard training. Experiments have
shown superior performance compared to state-of-the-art
methods, achieving an average improvement of 18.6% and
5.9% in cross-modal retrieval and classification tasks, re-
spectively, across three benchmark datasets. With this work,
we make steady steps towards an up-and-coming paradigm
shift in 3D understanding.

2. Related Work

2.1. 3D Rendering based on Multi-View Images

3D rendering based on multi-view images has been studied
for a long time in the history of computer graphics [4, 22,
46, 47, 50]. The basic approach is to render new views by
interpolating pixel values from a given set of multi-view

images. With the rise of deep learning, some studies [3,
8, 39, 57, 58] start to combine deep learning techniques
to predict depth information [3, 8, 39] and image features
[57, 58] to facilitate pixel matching between different views.
Recently, there have emerged many studies focusing on 3D
generation [29, 31–33] and 3D reconstruction [13, 20, 25,
73] from multi-view or single-view images. For instance,
SparseFusion [73] is based on a view-conditioned latent
diffusion model with few views as input and a 3D scene
representation as output, which can render novel views. The
above studies demonstrate that multi-view images contain
rich 3D visual information and reveal the feasibility of 3D
representation learning based on multi-view images.

2.2. Single-Modal 3D Representation Learning
Learning 3D Representations from Point Clouds. This
line of methods focuses on the self-supervised pretrain-
ing of point clouds using pretext tasks, without involving
multimodal alignment. These pretext tasks include self-
reconstruction [11, 44, 55], mask point modeling [38, 70],
and contrastive learning [45, 63, 71]. Further, beyond the
self-reconstruction task, Rao et al. [44] performed self-
supervised training by mapping global features and different
levels of local features to the same feature space. Besides,
Yu et al. [70] utilized a discrete variational auto-encoder to
generate discrete point tokens, mask local point patches, and
predict discrete point tokens during the training. Their down-
stream tasks include 3D classification, 3D pose estimation
[66], etc. However, the absence of multimodal alignment
hindered its applicability to cross-modal downstream tasks,
such as text-based 3D retrieval and 3D captioning.

Learning 3D Representations from Images. This line
of methods [18, 48, 60] learns a compact latent code that
encodes the texture, geometry, and pose details of the 3D
shape. The typical downstream task is 3D reconstruction
using the compact latent code. Both GINA-3D [48] and
LRM [18] translate an image into a triplane representation
based on a visual transformer. Then, a downstream generator
can generate a new view of the 3D shape with the triplane
representation as input. Such representations focus on the
details of 3D vision rather than semantic understanding.
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2.3. Multi-Modal 3D Representation Learning

This line of methods aims to establish unified representa-
tions across images, text, and 3D visuals. ULIP [64] ini-
tially proposed a multimodal alignment framework based
on contrastive learning [21], using point clouds, although
it was limited by small-scale datasets. Following ULIP’s
framework, with the release of the large-scale dataset Ob-
javerse [10], works such as OpenShape [30], Uni3D [72],
and ULIP-2 [65] explored scalable 3D representation pre-
training. However, these efforts focused on point clouds as
the sole medium for 3D perception, overlooking the potential
of multi-view images, which are abundant in visual details.
In this work, we aim to combine point clouds and multi-view
images to propose a new multi-modal 3D representation
learning framework.

3. Method
We propose OpenView, an innovative approach for learning a
unified representation across text, 2D images, and 3D visuals.
Our proposed fusion framework for multi-view images and
point clouds is detailed in Section 3.1 and illustrated in
Figure 2. The model includes a cross-modal fusion encoder,
as described in Section 3.2. The multi-modal alignment
training objective is presented in Section 3.3. Finally, we
explored a progressive hard training strategy for OpenView
in Section 3.4.

3.1. MVI-PC Fusion Framework

Objective. Given a 3D shape or scene in the form of
(P,M) as input, where M denotes a set of multi-view im-
ages {Ii}mi=1 and P ∈ Rg×6 denotes the point cloud, the
model outputs a 3D representation eV ∈ RdE , aligned with
the image-text embedding space of OpenCLIP [7]. Here, Ii
denotes the i-th image, m is the total number of multi-view
images, dE is the latent dimension of the model, g is the
number of points, and each point has x, y, z coordinates and
RGB color.

Components. The fusion model comprises three key
components: an image encoder, a point cloud encoder, and
a fusion encoder, as depicted in Figure 2. The framework
is based on advanced embedding-based modeling, where
embeddings are extracted from multi-view images and point
clouds, allowing cross-modal fusion based on the attention
mechanism. The image encoder independently extracts fea-
tures {eIi }mi=1 ∈ RdE from m images of different views. The
point cloud encoder extracts features {eP }ki=1 ∈ RdE from
the point cloud. The cross-modal fusion encoder takes these
features as input and outputs a embedding eV ∈ RdE as the
3D semantic representation.

Image Encoder. The image encoder utilizes the prevalent
transformer-based ViT [12] network. The image is divided
into multiple 16 × 16 patches. Each patch is mapped as

an embedding by a fully connected layer, added with a po-
sitional embedding. With an extra [cls] embedding, these
embeddings interact with a multi-layer transformer. In this
process, each image is extracted into only one semantic em-
bedding, i.e., the [cls] embedding of the last layer is output.
The motivation behind this is: if all embeddings are out-
putted to the subsequent fusion encoder, the GPU memory
for inference will be extremely high. The batch size will
need to be reduced, which negatively impacts downstream
contrastive learning [43].

Point Cloud Encoder. The point cloud encoder uses
the network structure of Point-bert [70]. The point cloud
encoder divides the point cloud P ∈ Rg×6 into k sub-point
clouds and then extracts each sub-point cloud as a patch
embedding using a mini-PointNet [40]. Later, as in ViT [12],
the positional embedding is added. With an additional [cls]
embedding, these embeddings are interactively inferenced
in a multi-layer transformer.

Cross-modal Fusion Encoder. It is necessary to design a
cross-modal fusion encoder to fuse the embeddings {ePi }ki=1

from the point cloud modality and the embeddings {eIi }mi=1

from the image modality. The cross-modal fusion encoder
is designed as a variant of the transformer [54] structure. In
particularly, two special tokens are set to aggregate the global
information. The point-cloud modality utilizes the [cls]
token output by the point cloud encoder, while the image
modality takes the average feature of the image embeddings
{eI}mi=1 as the special token. Furthermore, to modeling
the intra-modal dependencies and inter-modal correlations
between the two modalities, intra-modal and inter-modal
attention mechanisms are designed, which will be described
in detail in Section 3.2.

Sequence-Independent Modeling. Since multi-view
images are typically unordered, the output should ideally
remain consistent regardless of the order of the input im-
ages. For this reason, we did not add additional positional
embedding in the subsequent cross-modal encoder for image
embeddings. Furthermore, to allow the cross-modal fusion
encoder to distinguish and accommodate the two modalities,
before feeding into the fusion encoder, each feature is added
with a learnable type embedding tI , tP ∈ RdE . As a result,
OpenView can adapt to any number of multi-view images,
and the output remains consistent regardless of the input
order of the multi-view images.

Parameter Initialization. The cross-modal fusion en-
coder utilizes random initialization based on a uniform dis-
tribution. The point cloud encoder is initialized with the
pre-trained OpenShape [30] model. The image encoder is
initialized with the pre-trained OpenCLIP [7]. This strategy
yields two critical benefits: (a) it effectively leverages prior
knowledge from large-scale pre-trained models, reducing
training costs; and (b) it paves the way for aligning the em-
bedding space of 3D data with the text-image embedding
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Figure 2. Framework of OpenView. The inputs are multi-view images and point clouds. These inputs are extracted into embeddings by an
image encoder and a point cloud encoder. These embeddings are then passed through a cross-modal fusion encoder, which outputs 3D
representations. Based on contrastive learning [43], alignment training is performed with the corresponding text embedding.

space of the OpenCLIP model.

3.2. Cross-Modal Fusion Encoder

Motivation. A key challenge in fusing features from multi-
view images and point clouds is the significant gap between
image features {eIi }mi=1 and point cloud features {ePi }ki=1.
Our experimental findings indicate that the cosine similarity
between image features in the same 3D object is approx-
imately 0.85, while the image features with point cloud
features are typically around 0.25. This gap implies that
utilizing self-attention [54] alone for inter-modal interaction
would be inefficient. Based on this observation, we incor-
porate cross-attention [52] into the inter-modal attention
mechanism. This cross-attention prompts the image features
to be updated using the point cloud features and vice versa.
Meanwhile, the self-attention is retained to ensure the inter-
action of global features. The two attention are parallel to
facilitate efficient inter-modal interaction.

Intra-modal. We utilize the self-attention [54] to model
the intra-modality relationship for image features and point
clouds features, respectively. Given a set of features F =

{e1; e2; . . . ; ek}, where ei ∈ R1×dE

, F ∈ Rk×dE

, the query
(Q), key (K) and value (V ) are computed as follows:

Q = FWQ,K = FWK , V = FWV , (1)

where WQ,WK ∈ RdE×dK

,WV ∈ RdE×dE

. The feature
F ′ updated by self-attention is:

F ′ = softmax(
QKT

√
dK

)V. (2)

OpenView also utilizes the multi-head attention mechanism
[54], but omits its introduction. Then, the feature F ′ =
{e′1; e′2; . . . ; e′k} passes through a feed-forward layer and it
can be described as:

FFN(e′i) = ReLU(e′iW1 + b1)W2 + b2, (3)

where W1 ∈ RdE×dF

,W2 ∈ RdF×dE

, b1 ∈ R1×dF

, b2 ∈
R1×dE

, dE and dF are latent dimensions.
Inter-modal. We utilize cross-attention [52] and self-

attention [54] in parallel for inter-modal modeling. Given
a set of image features FI = {eI1; eI2; . . . ; eIm} and a set of
point cloud features FP = {eP1 ; eP2 ; . . . ; ePk }, the query, key
and value are computed as follows:

QI = FIW
Q,KI = FIW

K , VI = FV WV , (4)

QP = FPW
Q,KP = FPW

K , VP = FPW
V , (5)

where WQ,WK ∈ RdE×dK

,WV ∈ RdE×dE

, FI ∈
Rm×dE

, FP ∈ Rk×dE

. The features F
′

I and F
′

P updated
by cross-attention and self attention is computed as:

F
′
I = softmax(

QIK
T
P√

dK
)VP + softmax(

QIK
T
I√

dK
)VI , (6)

F
′
P = softmax(

QPK
T
I√

dK
)VI + softmax(

QPK
T
P√

dK
)VP . (7)

Then, the features F
′

I and F
′

P passes through the same feed-
forward layer, as described in intra-modal.

Subsequently, the outputs of inter-modal and intra-modal
are added together, and normalized to be the input for the
next layer of the encoder. In addition, to mitigate the gra-
dient vanishing, residual connections [15] from the input
are added to the output of each layer. Finally, the represen-
tation output is the normalized addition of the two special
token embeddings (detailed in 3.1) in the last layer of the
cross-modal fusion encoder.

3.3. Cross-Modal Training Objective

Motivation. This study aims to align the embedding space of
3D data with the text-image embedding space of OpenCLIP
[7]. To achieve this, contrastive learning [43] is a prevalent
paradigm for cross-modal representation learning. Previous
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works [30, 64, 65, 72] have used contrastive learning to set
images and text as alignment targets for 3D representations.
However, a notable drawback of prior works is the random
sampling of one view from the multi-view images as the
alignment target. Some views of a 3D shape can be mislead-
ing, for example, a wall lamp may appear like a frying pan
from above. This can introduce unnecessary noise during
alignment training. Therefore, unlike previous studies, we
remove the image modality from the alignment targets.

Given a sampled batch of triplets {(Pi,Mi, Ti)}ni=1,
where Pi and Mi denote a point cloud and multi-view im-
ages of 3D data, Ti denotes corresponding text, and n is the
number of samples in a batch. With a learnable temperature
τ , the contrastive loss is calculated as:

Loss = − 1

2n

n∑
i=1

(log
exp(eVi · eTi /τ)∑n
j=1 exp(e

V
i · eTj /τ)

+ log
exp(eTi · eVi /τ)∑n
j=1 exp(e

T
i · eVj /τ)

)

(8)

where eVi = fV (Pi,Mi) and eTi = fT (Ti) denote normal-
ized representation vectors of 3D data and corresponding
text. fV denotes OpenView’s 3D representation model. fT

denotes the text encoder of OpenCLIP [7] and is frozen in
the training.

3.4. Progressive Hard Learning
Motivation. In comparison to prior work, we have intro-
duced the image modality to enhance 3D understanding.
However, 3D representation models may focus on a few
easy-to-understand views of images, but give up a global
3D understanding. This limits a more comprehensive and
deeper understanding. Inspired by curriculum learning [51],
we propose a training strategy that employs a more challeng-
ing training mode. This mode forces the 3D representation
model to learn a more comprehensive correlation between
the point cloud and the images.

Specifically, in the hard training mode, partial easy-to-
understand multi-view images are removed. The criteria
for determining whether an image is easy-to-understand are
based on the text description T of the 3D data. Multi-view
images are sorted based on cosine similarity between image
features and text features. To enable batch training in the
hard mode, it is designed to remove a progressive proportion
of input images for each training sample, rather than setting
a threshold. For each epoch, 10% of the multi-view image is
reduced until 50% of the multi-view image remains.

4. Experiments
4.1. Datasets

We utilize the six datasets following [30, 72]. The ensem-
ble training datasets include Objaverse [10], ShapeNetCore

[2], ABO [9], and 3D-Future [14]. The three evaluation
benchmarks are Omniobject3D [61], ModelNet40 [62] and
Objaverse-LVIS [10]. Each 3D model was sampled into a
point cloud of 10,000 colored points and a set of 10 images
captured from different viewpoints.

• Objaverse dataset [10] comprises 798.8k 3D models.
Note that Objaverse-LVIS is the evaluation subset of
46.8k 3D models across 1,156 categories that are re-
moved during the training.

• ShapeNetCore dataset [2] comprises 52.5k human-
verified CAD 3D models across 55 categories.

• ABO dataset [9] comprises 8.0k real-world 3D models
derived from Amazon.com products.

• 3D-Future dataset [14] comprises 16.6k 3D furniture
models across 34 categories.

• ModelNet40 test dataset [62] comprises 2.4k synthetic
CAD 3D models across 40 categories.

• Omniobject3D test dataset [61] comprises 6.0k real-
world 3D models across 190 categories, with text de-
scriptions annotated by human experts.
Textual descriptions in training. Liu et al. [30] have

used BLIP [24] and Azure Cognitive Services to generate
textual descriptions for the ensemble training datasets. This
results in two unique textual descriptions for each 3D model,
which are used during the training phase. Specifically, for
each training iteration, one of the two descriptions is ran-
domly selected to serve as the target text.

Manual text description in testing. In the cross-modal
retrieval task, two test subsets of 1,000 3D models were
sampled from Objaverse-LVIS [10] and Omniobject3D [61].
Furthermore, to ensure the quality of the evaluation, we man-
ually annotated text descriptions for the subset of Objaverse-
LVIS. In the zero-shot classification task, to be fair, we fol-
low the template-based prompt engineering technique from
ULIP [64] and OpenShape [30].

4.2. Implementation Details

Training. Notably, the evaluation subset Objaverse-LVIS
has been excluded from the training. The pre-trained image
encoder and text encoder from OpenCLIP are frozen in train-
ing due to their robust generalisation and large parameters.
OpenView is trained on 8 Tesla V100 GPUs (32G) with
a batch size of 64, a learning rate of 1e-7, and 10 epochs,
taking 24 hours. The optimizer is AdamW [35] and utilizes
the cosine schedule for the learning rate.

Hyperparameter. The latent dimension dE , dF are set as
1280 and 4096. The layers of the cross-modal encoder and
the point cloud encoder are set to 6 and 12, respectively. The
image encoder and the text encoder utilises the ViT-bigG-14
model from OpenCLIP [7].

Metric. For cross-modal retrieval tasks, the metric is
recall@k, i.e., the percentage of ground-truth appearing in
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Table 1. Zero-shot classification on Objaverse-LVIS [10], ModelNet40 [62] and Omniobject3D [61]. The best results are bolded, and the
second-best results are underlined.

Method Input Type
Modality

Objaverse-LVIS [10] ModelNet40 [62] Omniobject3D [61]

Top-1 Top-3 Top-5 Top-1 Top-3 Top-5 Top-1 Top-3 Top-5

PointCLIP v2 [75]

Point Cloud

4.7 9.5 12.9 63.6 77.9 85.0 7.3 12.0 14.8
ReCon [42] 1.1 2.7 3.7 61.2 73.9 78.1 10.0 16.8 19.6

CLIP2Point [19] 2.7 5.8 7.9 49.5 71.3 81.2 7.5 14.2 18.2
ULIP [64] 6.2 13.6 17.9 60.4 79.0 84.4 7.6 15.1 19.7

OpenShape [30] 39.1 60.8 68.9 85.3 96.2 97.4 33.2 49.6 56.7
Uni3D [72] 47.2 68.8 76.1 86.8 97.3 98.4 37.9 54.9 62.0

PointCLIP v2 [75] Multi Views 24.9 40.9 47.6 50.7 69.1 74.6 32.8 49.4 57.2

Transformer [54] Point Cloud
+ Multi Views

38.2 59.5 67.7 81.6 93.5 95.3 39.2 54.7 63.6
OpenView 52.7 74.6 81.1 87.5 97.0 98.5 58.5 73.5 78.6

Table 2. Cross-modal 3D retrieval on Objaverse-LVIS [10] and Omniobject3D [61]. ”Text → 3D” denotes retrieving the corresponding 3D
model given a textual description. ”3D → Text” denotes retrieving the corresponding textual description given a 3D model.

Method
Input Type
Modality

Objaverse-LVIS [10] Omniobject3D [61]

Text → 3D 3D → Text Text → 3D 3D → Text

R@1 R@5 R@10 R@1 R@5 R@10 R@1 R@5 R@10 R@1 R@5 R@10

PointCLIP v2 [75]

Point Cloud

15.4 38.1 47.8 4.8 15.0 20.4 3.5 12.2 19.0 1.5 5.4 8.3
ReCon [42] 7.0 20.5 29.9 2.8 11.1 16.5 2.8 12.4 19.3 1.7 4.4 7.5

CLIP2Point [19] 13.7 35.8 45.2 4.6 14.3 19.0 4.2 14.2 20.8 2.2 6.4 9.1
ULIP [64] 5.2 17.0 24.7 3.9 15.0 21.6 2.6 8.3 12.9 1.5 6.4 11.0

OpenShape [30] 56.1 89.0 93.2 54.0 87.9 93.1 11.0 33.3 45.6 9.8 32.2 45.8
Uni3D [72] 44.1 78.2 86.1 48.8 84.3 91.0 8.0 24.0 33.2 10.9 30.2 39.5

PointCLIP v2 [75] Multi Views 46.9 80.9 88.0 28.3 61.6 73.0 27.3 61.7 75.2 22.0 51.3 61.6

Transformer [54] Point Cloud
+ Multi Views

50.0 83.4 90.4 45.7 78.8 86.7 29.9 63.2 78.4 26.6 55.8 65.9
OpenView 67.6 92.8 96.4 62.9 91.5 94.6 41.0 77.8 86.1 36.8 71.4 80.2

the top k search results. For zero-shot classification tasks, the
metric is top-k accuracy, i.e., the percentage of the correct
category appearing in the top k categories.

Baselines. In order to facilitate a comprehensive com-
parison, we take six previous works [19, 30, 42, 64, 72, 75]
as baselines, utilising their open-source models and check-
points. Furthermore, two new baselines are devised for the
comparison of input types: 1) In PointCLIP v2 [75], the
projection of the point cloud is replaced with multi-view
images. 2) The cross-modal fusion encoder in OpenView
was replaced with a base transformer [54] of the same size.

4.3. Zero-Shot Classification

In zero-shot classification task, the evaluation is conducted
on three benchmarks: Objaverse-LVIS [10], ModelNet40
[62], Omniobject3D [61]. The zero-shot classification is
based on the cosine similarity between the 3D representation
and the template-based prompt text representation. For ex-
ample, the template ”a 3D model of {}”, which will be filled
with category names. The text encoder is used to obtain
multiple template representations and perform averaging for
classification. To be fair, we use the same template-based
prompt as previous work [30, 64, 72].

Table 1 shows the results. It is evident that OpenView
outperforms previous work on all three benchmarks. In
particular, on the Objaverse-LVIS dataset, which is of high

quality and has a large number of categories, OpenView
achieves a new level of classification accuracy, increasing
the Top-1, Top-3, and Top-5 accuracy to 52.7%, 74.6%, and
81.1%, respectively. This indicates a more comprehensive
understanding of the real-world 3D domain. Furthermore,
substituting the cross-modal encoder with a base transformer
resulted in an 14.5% reduction in Top-1 accuracy, which re-
flects the effectiveness of the cross-modal encoder proposed
in this paper. On the ModelNet40 dataset, the advantage
of OpenView is not significant. We analyze the reason is
that the ModelNet40 dataset is a CAD synthetic 3D model
with no color and no texture details, and thus the information
benefit brought by the multi-view images is not substantial.

4.4. Cross-Modal Retrieval

In cross-modal retrieval task, the 3D models and texts are
employed to retrieve each other, thereby validating the broad
understanding of 3D domain. It should be noted that to
ensure the quality of the evaluation, the textual descriptions
in the experiment are annotated by human experts.

Table 2 presents the results. OpenView exhibits a notable
advantage over previous work. It is notable that OpenView
outperforms the state-of-the-art method by 11.5% and 11.2%
on the R@1 metric. This result indicates that OpenView has
a superior understanding of the colours and texture details
of 3D objects and scenes. Moreover, the new PointCLIP
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Table 3. Ablation study. Cross-modal retrieval and zero-shot classification on Objaverse-LVIS [10]. When no extra notes, the experiments in
this paper utilize 10 multi-view images. Avg. (∆) denotes the difference from the average score of the full model.

Variant

Cross-modal Retrieval
Zero-shot Classification Avg. (∆)Text → 3D 3D → Text

R@1 R@5 R@10 R@1 R@5 R@10 Top-1 Top-3 Top-5

No multi-view images 56.0 88.2 93.0 53.9 86.7 92.1 39.0 60.8 68.9 -7.2
No point clouds 64.6 90.9 94.0 61.1 88.3 93.6 49.9 70.9 77.6 -1.4

No fusion encoder 50.0 83.4 90.4 45.7 78.8 86.7 38.2 59.5 67.7 -11.6
No sequence-independent modeling 64.7 89.7 93.3 61.7 88.6 92.9 50.0 71.7 77.4 -1.5

No inter-modal attention 64.0 89.8 93.7 60.2 87.4 93.1 50.4 72.3 78.2 -1.6
No intra-modal attention 65.1 90.4 93.9 60.9 89.7 93.5 50.9 72.7 78.4 -0.9

3 multi-view images 63.4 88.8 93.5 61.0 87.7 92.7 50.8 72.1 77.8 -1.7
6 multi-view images 65.7 91.0 93.9 61.8 89.8 93.7 51.5 72.5 78.6 -0.5

Full 66.2 91.6 94.3 62.3 90.8 93.9 51.8 73.2 79.3 0.0
Full + progressive hard learning 67.6 92.8 96.4 62.9 91.5 94.6 52.7 74.6 81.1 +1.2

v2 [75], which utilises multi-view images, performs better
than using point cloud projection. This experiment illus-
trates the wealth of visual information in multi-view images
and underscores the benefits of utilising multi-view images.
Similar to the classification task, a reduction in performance
was observed when our cross-modal encoder was replaced
with a base transformer [54], with an average reduction in
R@k of 12.8%. Besides, OpenShape [30] and Uni3D [72]
perform poorly on the Omniobject3D [61] dataset, mainly
because Omniobject3D does not provide the RGB values of
the point cloud, which makes it unable to obtain the colour
information for the methods based on the point cloud only.

4.5. Ablation Study

Input of multi-view images and point clouds. The results
presented in Table 3 demonstrate that removing the multi-
view images or the point clouds data resulted in a notable
decline in the model’s performance. Furthermore, removing
the multi-view image led to a more pronounced reduction
in performance, with > 10% decreases in both the Top-1
classification and R@1 retrieval metrics. These findings
substantiate the visual information benefits that multi-view
images provide to the model.

Fusion encoder. The fusion encoder has been replaced
with the base transformer [54]. This has resulted in a 13.6%
decrease in Top-1 and a 16.2% decrease in R@1. This
comparison illustrates the pivotal role of the cross-modal
fusion encoder that we developed for OpenView.

Sequence-independent modeling. The sequence-
independent modelling introduced in 3.1 is removed and
positional embedding [23] is added. This variation results in
a reduction in model performance, which is primarily due to
the fact that multi-view images are typically unordered.

Inter-modal and intra-modal attention. We remove
inter-modal and intra-modal attention respectively to test
their effectiveness. The model performance all decreased,
demonstrating the necessity of modeling inter-modal rela-
tionships and intra-modal dependencies.

Number of multi-view images. In the majority of exper-
iments in this paper, the number of multi-view images is 10.
As the number of images decreases, there is a slight decline
in the model performance, indicating that OpenView is not
sensitive to the number of multi-view images.

Progressive hard learning. To enable the model to focus
on global features, we developed progressive hard learning
introduced in 3.4. By gradually reducing the number of
easy-to-understand images in training, the model’s ability to
understand point clouds and ambiguous images is enhanced.

5. Applications

Text-query and image-query 3D Retrieval. Figure 3a and
3b shows the retrieval results. The 3D, text and image rep-
resentation vectors are extracted using OpenView, the text
encoder and image encoder of OpenCLIP [7], respectively.
Their similarity is measured using the cosine similarity mea-
sure. This application utilises texts and images to retrieve
3D objects in the Objaverse [10] dataset respectively, demon-
strating the wide range of understanding of OpenView.

3D captioning. Figure 3c shows the 3D captioning re-
sults. The 3D embedding space of OpenView is aligned with
the text-image embedding space of the CLIP [43] model,
enabling the integration of OpenView with CLIP-based cap-
tioning models [37] to implement 3D captioning. In partic-
ular, we utilise CLIP ViT-B/32 to construct OpenView to
adapt the downstream ClipCap [37] caption model.

Hierarchical Clustering. Figure 3d shows some exam-
ples of data clustering results, utilising the t-SNE technique
[53]. The semantic embedding extracted by OpenView can
be employed to organize the data hierarchically. In this ex-
ample, furniture and transport are two larger categories. By
clustering, the subcategories table, chair, car, and bicycle
can be separated, which can assist in optimising the retrieval
complexity of real-world databases [16, 68].
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(a) Image-query 3D retrieval.
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(b) Text-query 3D retrieval.
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(c) 3D captioning.
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(d) Hierarchical data clustering.

Figure 3. Applications. OpenView can be employed in a wide range of applications. (a) Image-query 3D retrieval. Retrieve 3D objects based
on the input images. (b) Text-query 3D retrieval. Retrieve 3D objects based on the input texts. (c) 3D captioning. Generate text descriptions
of the input 3D objects. (d) Hierarchical data clustering. Utilize 3D embedding to hierarchically cluster and organize data.

6. Discussion

Does adding multi-view images to 3D representation in-
troduce complexity in data collection? Multi-view images
are one of the common data formats for 3D perception. For
scenarios such as 3D games, e-commerce products and vir-
tual reality, the 3D models are always visualised for the user,
which makes it straightforward to collect multi-view images.
Even in the autonomous driving scenarios, Tesla is explicitly
based on the technical route of multi-view images [6].

Does the ambiguity of some images affect the under-
standing of the model? One example of ambiguity is that a
wall lamp may appear like a frying pan from above. In order
to mitigate the effects of ambiguity, we have developed a pro-
gressive hard learning strategy to enhance the understanding
of these ambiguous images.

Why not utilize a large language model [28, 36] as the
backbone? Instead of stacking large-scale model parameters
and training data, our research focuses on exploring a fusion
framework for multi-view images and point clouds. Our
framework and idea can be leveraged by future work to
incorporate 3D modalities into large language models.

Does the addition of multi-view images have an impact
on the robustness of the model? In contrast to previous
work [30, 64, 65, 72] in the field of 3D semantic representa-
tion, our method adds the input of multi-view images. How-
ever, neural networks are vulnerable to adversarial attacks
[1]. For the image modality, researchers have proposed many
adversarial attack [26] and defense [74] methods. Thus, it is
necessary to explore the effect of adding multi-view images
on model robustness in future work.

7. Conclusion

This work presents OpenView, an innovative framework for
learning unified multi-modal 3D representations by fusing
point clouds and multi-view images. Experiments indicate
that OpenView outperforms the state-of-the-art in text-based
retrieval and zero-shot classification tasks. Furthermore,
OpenView aligns with the image-text embedding space of
CLIP, thereby enabling a wide range of cross-modality appli-
cations, such as 3D retrieval, 3D captioning and hierarchical
clustering for database management, highlighting its versa-
tility in the field of 3D representation learning.
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