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Abstract

We introduce MM-Mixing, a multi-modal mixing align-
ment framework for 3D understanding. MM-Mixing applies
mixing-based methods to multi-modal data, preserving and
optimizing cross-modal connections while enhancing diver-
sity and improving alignment across modalities. Our pro-
posed two-stage training pipeline combines feature-level and
input-level mixing to optimize the 3D encoder. The first stage
employs feature-level mixing with contrastive learning to
align 3D features with their corresponding modalities. The
second stage incorporates both feature-level and input-level
mixing, introducing mixed point cloud inputs to further re-
fine 3D feature representations. MM-Mixing enhances in-
termodality relationships, promotes generalization, and en-
sures feature consistency while providing diverse and realistic
training samples. We demonstrate that MM-Mixing signifi-
cantly improves baseline performance across various learning
scenarios, including zero-shot 3D classification, linear prob-
ing 3D classification, and cross-modal 3D shape retrieval.
Notably, we improved the zero-shot classification accuracy
on ScanObjectNN from 51.3% to 61.9%, and on Objaverse-
LVIS from 46.8% to 51.4%. Our findings highlight the poten-
tial of multi-modal mixing-based alignment to significantly
advance 3D object recognition and understanding while re-
maining straightforward to implement and integrate into ex-
isting frameworks.

Introduction
In the field of 3D vision, integrating multiple data modali-
ties such as text, images, and point clouds has shown great
potential for enhancing object recognition and scene under-
standing. This multi-modal approach is vital for applications
in mixed reality (Dargan et al. 2023; Mendoza-Ramı́rez
et al. 2023), autonomous navigation (Chen et al. 2020a; Tan,
Robertson, and Czerwinski 2001) and 3D scene understand-
ing (Armeni et al. 2016; Liu et al. 2021; Vu et al. 2022),
where accurate 3D perception is crucial. Recent advance-
ments in multi-modal learning have underscored their capa-
bility in this domain, with notable contributions from sem-
inal works like PointCLIP (Zhang et al. 2022b; Zhu et al.
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Figure 1: Performance comparison with previous meth-
ods. MM-Mixing achieves better performance than previous
pre-training methods across various datasets with the same
backbone Point-BERT. “ModelNet40-ShapeNet” represents
the model is pretrained on ShapeNet and evaluated on Mod-
elNet40, similarly for other dataset combinations.

2023), CLIP2 (Zeng et al. 2023), ULIP (Xue et al. 2023a,b),
OpenShape (Liu et al. 2024), and TAMM (Zhang, Cao, and
Wang 2024). These studies have demonstrated the effective-
ness of leveraging text, images, and point clouds to improve
3D object recognition and understanding.

However, a significant challenge remains in effectively
aligning and utilizing these heterogeneous data sources to
optimize model performance. With recent advancements in
3D vision, there’s a growing emphasis on multi-modal learn-
ing approaches. These frameworks are becoming increas-
ingly crucial, especially when it comes to processing and
learning from multi-modal data, which integrates textual in-
formation, 2D images, and 3D point cloud data. Despite the
success of these approaches, there is a notable gap in the
literature regarding multi-modal data augmentation. The co-
hesive augmentation of triplets has the potential to unlock
further performance improvements by enriching the diver-
sity of data and promoting better alignment across modal-
ities. This presents a promising avenue for research to ex-
plore comprehensively the benefits of multi-modal learning
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frameworks.
In previous studies, many mixing-based data augmen-

tation methods have been proposed for point cloud (Kim
et al. 2021; Rao et al. 2021; Lee et al. 2022). Mixing-based
methods like PointCutMix (Zhang et al. 2022a) and Point-
Mixup (Chen et al. 2020b) enhance training data diversity
through techniques such as region splicing and feature inter-
polation. By introducing controlled perturbations and het-
erogeneity into the training process, these approaches en-
able models to learn invariant and discriminative features,
thereby improving their robustness and generalization to di-
verse and unseen data distributions (Umam et al. 2022; Kim
et al. 2021; Wang et al. 2024b).

However, the potential of mixing-based methods in multi-
modal scenarios remains largely unexplored. Integrating
mixing-based techniques with multi-modal alignment could
enhance multi-modal learning by generating diverse feature
spaces, fostering robust cross-modal correspondences, and
revealing invariant features across modalities. This leads to
an important question: Can we design a simple yet effec-
tive framework that improves alignment quality and stability
while enhancing model generalization through augmented,
coherent multi-modal representations?

To address this issue, we introduce MM-Mixing, a
multi-modal approach for 3D understanding that inte-
grates mixing-based methods with multi-modal triplet data.
Our two-stage training pipeline combines feature-level and
input-level mixing to optimize the 3D encoder, enhancing
intermodality relationships and promoting generalization. In
the first stage, MM-Mixing leverages feature-level mixing
and contrastive learning to align mixed 3D features with
their corresponding modalities. This mixing-based align-
ment strategy fosters consistency across different modalities
and significantly enhances the 3D encoder’s cross-modal un-
derstanding. Specifically, by aligning point cloud mixed fea-
tures with text mixed features, we capture semantic infor-
mation that provides a contextual understanding of the 3D
shapes. Additionally, aligning point cloud mixed features
with image mixed features bolsters the capture of intricate
visual details and spatial relationships. This dual alignment
of mixed features not only ensures cross-modal consistency
but also amplifies the 3D encoder’s ability to understand and
represent complex, multi-modal data effectively. The second
stage incorporates feature-level and input-level mixing, in-
troducing mixed point cloud inputs to refine 3D feature rep-
resentations further. By aligning mixed point cloud features
with feature-level mixed point cloud features, we enhance
the network’s ability to capture and represent variations and
nuances within the data, resulting in more robust and dis-
criminative feature representations. This stage generates di-
verse and realistic samples that enhance the 3D encoder’s
ability to generalize across different datasets.

By seamlessly integrating these methods, MM-Mixing
significantly boosts the baseline model’s performance across
various settings, including zero-shot 3D classification, lin-
ear probing 3D classification, and cross-modal 3D shape re-
trieval, while remaining straightforward to implement and
integrate into existing 3D understanding frameworks. Our
main contributions can be summarized as follows:

• We introduce MM-Mixing, a novel multi-modal mix-
ing alignment framework specifically designed for multi-
modal data, addressing a previously unexplored issue in
3D understanding, which can be easily integrated with ex-
isting frameworks.

• An efficient two-stage framework is proposed that inte-
grates feature-level and input-level augmentation to opti-
mize the 3D encoder, enhance cross-modal relationships,
and promote generalization.

• Our MM-Mixing not only strengthens the 3D understand-
ing of models but also significantly enhances cross-dataset
generalization, demonstrating exceptional performance in
downstream tasks such as zero-shot 3D classification, lin-
ear probing 3D classification, and cross-modal retrieval.

Related Works
3D Understanding. Understanding 3D structures is a cru-
cial aspect of computer vision (Peng et al. 2023; Qi et al.
2023). Mainly three representation learning methods have
emerged: projecting-based methods where 3D point clouds
are projected into various image planes (Goyal et al. 2021),
voxel-based methods which transform the point clouds with
3D voxelization (Riegler, Osman Ulusoy, and Geiger 2017;
Canfes et al. 2023), and direct modeling of 3D point clouds
with point-centric architectures (Qian et al. 2022; Ma et al.
2022). These approaches highlight the use of specialized
models like SparseConv (Choy, Gwak, and Savarese 2019)
for efficiently handling sparse voxel data, and Transformer-
based models (Zhang et al. 2023) such as Point-MAE (Pang
et al. 2022) and Point-BERT (Yu et al. 2022) for leverag-
ing self-supervised learning paradigms. Moreover, the inte-
gration of image-language models like CLIP (Radford et al.
2021) into 3D shape understanding represents a significant
trend (Zhang, Cao, and Wang 2024; Zhu et al. 2024). Models
are trained to align 3D shape embeddings with CLIP’s lan-
guage and/or image embeddings through multimodal con-
trastive learning (Huang et al. 2024). Notably, ULIP (Xue
et al. 2023a,b), I2P-MAE (Zhang et al. 2023), and Open-
Shape (Liu et al. 2024) have refined the approach by opti-
mizing the distillation of CLIP features into 3D representa-
tions and expanding training datasets for more generalizable
learning outcomes.
3D Mixing-based Methods. Traditional techniques primar-
ily involved simple transformations such as rotation, scaling,
and jittering at the point level (Goyal et al. 2021). Recently,
PointAugment (Li et al. 2020) optimizes both enhancer and
classifier networks to generate complex samples, while tech-
niques like Mixing-based augmentation (Chen et al. 2020b;
Zhang et al. 2022a; Lee et al. 2021; Wang et al. 2024a) em-
ploy strategies from the 2D domain, such as optimal linear
interpolation and rigid transformations, to mix multiple sam-
ples effectively. Furthermore, the advent of Transformer-
based methods and attention mechanisms in point cloud
processing has opened new possibilities for data augmen-
tation. PointWOLF (Kim et al. 2021) introduces multiple
weighted local transformations, and PointMixSwap (Umam
et al. 2022) utilizes an attention-based method to swap divi-
sions across point clouds, adding a layer of complexity and
diversity.
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Figure 2: The overall scheme of MM-Mixing. MM-Mixing consists of two stages. In the first stage, the point cloud FM-
Encoder is trainable, while the image and text FM-Encoders are pre-trained and frozen. Feature embeddings are extracted for
contrastive learning with the 3D features. In the second stage, we initialize a new trainable 3D encoder. All FM-Encoders
remain frozen. Two input point clouds are mixed using FPS and point-level mixing, and then fed into the 3D encoder. Then we
adopt contrastive learning to align the features of mixed point clouds with mixed feature representations of all three modalities.

Method
The overall MM-Mixing pipeline is shown in Figure 2. We
first review the problem definition to establish the context of
our approach. Then, we introduce our mixing-based align-
ment strategy specifically designed for point clouds, images,
and texts, which enhances the variability and robustness of
the training data. Finally, we detail the MM-Mixing frame-
work, demonstrating how our method integrates seamlessly
into existing frameworks.

Problem Definition
Given a set of K triplets {(Pi, Ii, Ti)}Ki=1, where Pi is
a 3D point cloud, Ii represents the corresponding image
produced by projecting the 3D point cloud Pi into 2D
from an arbitrary perspective, and Ti denotes the associ-
ated text generated using advanced vision-language mod-
els such as BLIP (Li et al. 2022), the objective is to
learn high-quality 3D representations from these triplets.
Following ULIP (Xue et al. 2023a) and OpenShape (Liu
et al. 2024) which leverage the CLIP (Radford et al.
2021) model, we enhance this framework by incorporat-
ing mixing-based methods. Specifically, the 3D features of
the mixed point cloud mM

i = EP (IM (Pi, Pj)) are ob-
tained by passing two point clouds sequentially through
the input-level mixing IM and the 3D encoder EP . The
corresponding mixed features of the point cloud modality
mP

i = FM (EP (Pi), EP (Pj)), the mixed features of the

image modality mI
i = FM (EI(Ii), EI(Ij)), and the mixed

features of the text modality mT
i = FM (ET (Ti), ET (Tj))

are generated by passing the features produced by the trained
modality-specific encoders EP , EI and ET through the
feature-level mixing FM , respectively. During the optimiza-
tion of the 3D encoder EP , contrastive learning is used to
align the 3D features of the mixed point cloud mM

i with the
mixed features of the three modalities mP

i , mI
i , mT

i .

Multi-Modal Mixing
We adopt two kinds of mixing methods for multi-model
data, including feature-level mixing and input-level mixing.
Feature-level mixing. Feature-level mixing augments the
features by combining features from two different inputs.
This process involves first passing each input through the
network independently to extract their respective features.
Specifically, the first input is fed into the network, which
processes it and extracts its feature vector fi. Similarly, the
second input is also passed through the network, resulting in
the extraction of its feature vector fj . Then the features are
combined using a mixing operation to create a new, com-
bined feature vector mi, which can be expressed as:

mi = λfi + (1− λ)fj . (1)

Input-level mixing. For input-level mixing, we follow
PointCutMix (Zhang et al. 2022a), which generates a new
training point cloud p̃ from a pair of point clouds p1 and
p2. The combination process of input-level augmentation is
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defined as follows:

M = S ⊙ P1 + (1− S)⊙ P2, (2)

λ =
∑

S/N, (3)

where M is the mixed point cloud, S ∈ {0, 1}N indicates
which sample each point belongs to, ⊙ represents element-
wise multiplication, and λ is sampled from a beta distribu-
tion Beta(β, β). This implies that ⌊λN⌋ points are selected
from p1, and N − ⌊λN⌋ points are selected from p2.

Feature-level mixing operates on the encoded feature
vectors, inducing implicit changes in the high-dimensional
space. This allows for efficient data augmentation under
cross-modal conditions, ensuring consistency of the aug-
mented features across different modalities. In contrast,
input-level augmentation directly manipulates the raw data,
generating concrete and intuitive mixed samples. These re-
alistic samples, which are both challenging and diverse, help
the model better understand 3D shapes in downstream tasks.
MM-Mixing combines these two augmentation strategies,
achieving dual enhancement between raw data and latent
features, thereby significantly improving the model’s gen-
eralization ability.

MM-Mixing Framework
MM-Mixing refines feature representations through a com-
bination of contrastive learning and mixing-based augmen-
tation techniques, which improves the encoder’s ability
to generalize and discriminate between different classes
through a two-stage training framework.

As shown in Figure 2, in the first stage, the point cloud
Feature Mixing Encoder (FM-Encoder) is trainable, we
freeze the image and text Feature Mixing Encoders (FM-
Encoders), which are a combination of a single-modal en-
coder from CLIP (Radford et al. 2021) with a feature mix-
ing module. Initially, point clouds are fed into the trainable
point cloud Feature Mixing Encoder (FM-Encoder) to obtain
3D mixed feature embeddings. Concurrently, correspond-
ing images and textual descriptions are processed through
the frozen image and text Feature Mixing Encoders (FM-
Encoders) to extract image and text mixed feature embed-
dings. These extracted 3D, image, and text features are then
combined to mixed feature triplets. Employing a contrastive
learning objective, the mixed 3D features are aligned with
the image and text mixed features. This encourages the point
cloud Feature Mixing Encoder (FM-Encoder) to learn a fea-
ture space that is consistent with the representations of the
frozen encoders from other modalities, enhancing its ability
to discriminate between different 3D objects. The Stage 1
corresponding contrastive loss LS1 is calculated as:

F (x, y) = log
exp(x · y/τ)∑
j exp(xj · yj/τ)

, (4)

LS1 = − 1

4n

∑
i

(F (mP
i ,m

I
i ) + F (mI

i ,m
P
i )+

F (mP
i ,m

T
i ) + F (mT

i ,m
P
i )),

(5)

where n is the number of mixed features in a batch, τ is a
learnable temperature, and mP

j , mI
j ,m

T
j denote normalized

projected features of the mixed features of point clouds, im-
ages, and text respectfully. Because the image encoder and
text encoder are frozen, we extract and cache the features
before training for acceleration.

In the second stage, We initialize a new trainable 3D
encoder. All Feature Mixing Encoders (FM-Encoders) re-
main frozen in this stage. Then we introduce a mixed point
cloud input to further refine the 3D feature representations.
Two input point clouds are selected and processed using far-
thest point sampling (FPS) and point-level mixing to create
a novel mixed point cloud. The mixed point cloud is input
to the new trainable 3D encoder to obtain mixed 3D fea-
ture embeddings. Simultaneously, the frozen Feature Mixing
Encoders (FM-Encoders), are used to extract mixed features
from their respective inputs. Using a contrastive learning ob-
jective, the 3D features of the mixed point cloud are aligned
with the mixed features from the frozen encoders, ensuring
that the new 3D encoder learns robust and discriminative
mixed feature representations from different modalities. The
Stage 2 contrastive loss LS2 is calculated as:

LS2 = − 1

6n

∑
i

(F (mM
i ,mI

i ) + F (mI
i ,m

M
i )+

F (mM
i ,mT

i ) + F (mT
i ,m

M
i )+

F (mM
i ,mP

i ) + F (mP
i ,m

M
i )),

(6)

where mM
j denotes normalized projected features of the

mixed point clouds M .
By leveraging these two stages, the MM-Mixing train-

ing pipeline fully exploits the complementary advantages of
image and text encoders, integrating multi-modal informa-
tion to develop a 3D encoder capable of producing highly
discriminative features. In the first stage, the point cloud-
image-text feature-level mixing ensures the consistency of
augmented features across different modalities, facilitating
the 3D encoder’s cross-modal understanding. The second
stage introduces input-level mixing, providing a vast array
of complex and realistic samples that enhance the 3D en-
coder’s generalization ability. Under the constraints of con-
trastive learning, MM-Mixing maintains the consistency be-
tween the features of the mixed point clouds and the mixed
features of the point clouds.

Experiments
Experimental Setup
Pre-training datasets. In our experimental setup, we utilize
datasets following the approach outlined by the state-of-the-
art OpenShape (Liu et al. 2024). Our model is pre-trained
using triplets generated from four key datasets: ShapeNet-
Core (Chang et al. 2015), 3D-FUTURE (Fu et al. 2021),
ABO (Collins et al. 2022), and Objaverse (Deitke et al.
2023). Specifically, the ”ShapeNet” training set is composed
entirely of triplets from the ShapeNetCore dataset, which
includes 52,470 3D shapes along with their associated im-
ages and text descriptions. The comprehensive ”Ensembled”
dataset includes a total of 875,665 triplets, encompassing
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Pre-training
Dataset

3D
Backbone Pre-training Method ModelNet40 ScanObjectNN Objaverse

Top1 Top3 Top5 Top1 Top3 Top5 Top1 Top3 Top5

Projected
images - PointCLIP (Zhang et al. 2022b) 19.3 28.6 34.8 10.5 20.8 30.6 1.9 4.1 5.8

PointCLIP v2 (Zhu et al. 2023) 63.6 77.9 85.0 42.2 63.3 74.5 4.7 9.5 12.9

ShapeNet

Transformer
ReCon (Qi et al. 2023) 61.2 73.9 78.1 42.3 62.5 75.6 1.1 2.7 3.7

CG3D (Hegde, Valanarasu, and Patel 2023) 48.7 60.7 66.5 42.5 57.3 60.8 5.0 9.5 11.6
CLIP2Point (Huang et al. 2023) 49.5 71.3 81.2 25.5 44.6 59.4 2.7 5.8 7.9

SparseConv
OpenShape (Liu et al. 2024) 72.9 87.2 89.5 52.7 72.7 83.6 11.6 21.8 27.1

MM-Mixing (Ours) 75.2 88.9 91.9 60.7 79.0 87.3 13.0 23.4 28.6
↑ Improve +2.3 +1.7 +2.4 +8.0 +6.3 +3.7 +1.4 +1.6 +1.5

Point-BERT

ULIP (Xue et al. 2023a) 60.4 79.0 84.4 51.5 71.1 80.2 6.2 13.6 17.9
OpenShape (Liu et al. 2024) 70.3 86.9 91.3 51.3 69.4 78.4 10.8 20.2 25.0

MM-Mixing (Ours) 74.1 88.8 91.6 61.9 83.0 91.8 13.0 22.9 27.9
↑ Improve +3.8 +1.9 +0.3 +10.6 +13.6 +13.4 +2.2 +2.7 +2.9

Ensembled

SparseConv
OpenShape (Liu et al. 2024) 83.4 95.6 97.8 56.7 78.9 88.6 43.4 64.8 72.4

MM-Mixing (Ours) 86.7 97.7 98.7 58.4 79.5 89.4 46.2 68.2 75.8
↑ Improve +3.3 +2.1 +0.9 +1.7 +0.6 +0.8 +2.8 +3.4 +3.4

Point-BERT

ULIP (Xue et al. 2023a) 75.1 88.1 93.2 51.6 72.5 82.3 26.8 44.8 52.6
OpenShape (Liu et al. 2024) 84.4 96.5 98.0 52.2 79.7 88.7 46.8 69.1 77.0

MM-Mixing (Ours) 86.0 96.6 98.4 54.3 79.9 89.1 51.4 73.1 80.1
↑ Improve +1.6 +0.1 +0.4 +2.1 +0.2 +0.4 +4.6 +4.0 +3.1

Table 1: Zero-shot 3D classification on ModelNet40, ScanObjectNN and Objaverse-LVIS. We report the top-1, top-3 and
top-5 classification accuracy (%) for different 3D backbones pre-trained on ShapeNet and Ensembled.

Pre-training
Dataset

Pre-training
Method M-40 ScanObjectNN

OBJ-BG OBJ-ONLY PB-T50-RS

ShapeNet

ULIP 90.6 75.4 75.4 64.8
OpenShape 88.5 77.8 78.5 64.1

MM-Mixing 90.6 83.3 85.0 73.2
↑ Improve +2.1 +5.5 +6.5 +9.1

Ensembled
OpenShape 91.3 85.9 85.4 78.0

MM-Mixing 91.7 86.9 86.2 79.3
↑ Improve +0.4 +1.0 +0.8 +1.3

Table 2: Linear probing 3D classification results. We re-
port the classification accuracy (%) of Point-BERT on Mod-
elNet40 and three splits of ScanObjectNN.

data from all four datasets, thereby providing a rich source of
varied 3D shapes and their corresponding images and texts.
Evaluation datasets. For the evaluation of our model, we
use a set of datasets that ensures a thorough assessment
across different types of 3D data. The Objaverse-LVIS
dataset (Deitke et al. 2023), which is part of our evaluation,
contains an extensive variety of categories with 46,832 high-
quality shapes distributed across 1,156 LVIS (Gupta, Dollar,
and Girshick 2019) categories, offering a diverse and chal-
lenging environment for testing. Additionally, we include
ModelNet40 (Wu et al. 2015) in our evaluation process, a
well-known synthetic indoor 3D dataset consisting of 40
categories with a test split of 2,468 shapes. The ScanOb-
jectNN (Uy et al. 2019) dataset, which includes scanned ob-
jects from 15 common categories, provides multiple variants
such as OBJ-BG, OBJ-ONLY, and PB-T50-RS, each pre-
senting unique challenges (Qi et al. 2023; Wu et al. 2022).
Our experiments are conducted across several distinct tasks:
zero-shot 3D classification, linear probing 3D classification,
and cross-modal 3D shape retrieval to highlight the capabil-

ities and versatility of our model. Further details regarding
the implementation specifics for pre-training and evaluation
are provided in the Appendix.

Zero-shot 3D Classification
Zero-shot classification refers to the process where a pre-
trained model is directly employed to classify a target
dataset without any supervision or prior knowledge from
that specific dataset. This task presents a considerable chal-
lenge for the model, requiring it to exhibit robust knowl-
edge generalization, deep understanding of 3D shapes, and
efficient cross-modal alignment. We conduct extensive ex-
periments to validate the effectiveness and robustness of our
proposed MM-Mixing on three benchmark datasets: Model-
Net40, ScanObjectNN, and Objaverse.

As shown in Table 1, MM-Mixing consistently outper-
forms state-of-the-art methods under the same configura-
tions (e.g., pre-trained datasets, training epochs, 3D back-
bones) and enhances the performance of various 3D mod-
els across all datasets. For instance, when pre-trained on
ShapeNet, MM-Mixing boosts the accuracy of Point-BERT
from 51.3% to 61.9% on the real-world dataset ScanOb-
jectNN, even surpassing the 52.2% achieved by OpenShape
pre-training on the Ensembled dataset. It indicates that MM-
Mixing makes full use of limited multi-modal data to im-
prove the model’s understanding of 3D shapes and shows
strong performance in handling complex noise interference.

Moreover, on the challenging long-tail dataset, Objaverse,
Point-BERT pre-trained with MM-Mixing achieves the ac-
curacy of 51.4%, outperforming OpenShape’s 46.8%. An-
other 3D backbone, SparseConv, also showed a 2.8% im-
provement in accuracy with our pre-training method. It indi-
cates that existing 3D encoders can be easily incorporated
into MM-Mixing framework, leading to a significant en-
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Mixing
level

ModelNet40 ScanObjectNN Objaverse
Top1 Top5 Top1 Top5 Top1 Top5

Baseline 72.9 89.5 52.7 83.6 11.6 27.1
FM 74.1 90.1 56.4 84.7 12.2 27.3
IM 73.8 90.4 58.9 85.2 12.4 27.5

FM+IM 75.2 91.9 60.7 87.3 13.0 28.6

Table 3: Ablation studies on Mixing level in align-
ment. “FM” represents feature-level mixing. “IM” repre-
sents input-level mixing.

Stage ModelNet40 ScanObjectNN Objaverse
Top1 Top5 Top1 Top5 Top1 Top5

One stage 73.6 90.2 59.5 85.8 12.3 27.7
Two stages 75.2 91.9 60.7 87.3 13.0 28.6

Table 4: Ablation studies on Alignment stage. “One stage”
represents all learnable networks are trained simultaneously.

hancement in 3D shape understanding.
When the pre-training data is expanded from ShapeNet

to a larger Ensembled dataset, the performance gains from
MM-Mixing are slightly diminished. However, it still pro-
vides consistent accuracy gains to the models, underscoring
the effectiveness of MM-Mixing on large-scale datasets.

Linear Probing 3D Classification
To better adapt the model to the specific classification of
downstream tasks, we train a dataset-dependent learnable
linear layer to process the 3D features generated by the pre-
trained model. Since only the linear layer is activated in this
process, the training is lightweight.

The linear probing results are illustrated in Table 2. When
pre-trained on ShapeNet, MM-Mixing achieves 90.6% ac-
curacy on ModelNet40, outperforming OpenShape by 2.1%.
On ScanObjectNN, MM-Mixing shows significant improve-
ments, surpassing OpenShape (Liu et al. 2024) by 5.5%,
6.5% and 9.1% on OBJ-BG, OBJ-ONLY, and PB-T50-RS,
respectively. When using the Ensembled dataset for pre-
training, MM-Mixing maintains its lead with 91.7% accu-
racy on ModelNet40 and consistent superiority on ScanOb-
jectNN three subsets, with accuracies of 86.9%, 86.2%, and
79.3% respectively. These findings emphasize that MM-
Mixing has learned robust and discriminative 3D feature
representations during pre-training, which can be efficiently
applied to downstream specific classification tasks through
a simple linear layer.

Ablation Study
We systematically study the impact of different components
in MM-Mixing on the model’s performance, including the
mixing level, alignment stage, modality loss function, and
training costs analysis. All results are the classification ac-
curacy (%) of SparseConv pre-trained on ShapeNet.
Mixing levels in alignment. We investigate the impact
of different mixing levels, including Feature-level Mix-
ing (FM), Input-level Mixing (IM), and their combination

LT LI LP
ModelNet40 ScanObjectNN Objaverse
Top1 Top5 Top1 Top5 Top1 Top5

✓ 72.6 89.2 58.9 85.4 11.4 24.7
✓ ✓ 73.8 90.8 60.7 85.4 12.5 27.9
✓ ✓ 73.9 89.7 60.4 85.6 11.7 25.7
✓ ✓ ✓ 75.2 91.9 60.7 87.3 13.0 28.6

Table 5: Ablation studies on Modality loss function. LT
represents the text loss. LI represents the image loss. LP
represents the point cloud loss.

(FM+IM). Compared to the baseline without mixing, all
three strategies consistently improve the performance across
all datasets. In Table 3, Feature-level Mixing (FM) and
Input-level Mixing (IM) individually contribute to the per-
formance gains, and their combination (FM+IM) further im-
proves the results. It confirms that the two mixing levels
complement each other: Feature-level Mixing (FM) ensures
cross-modal consistency in the feature latent space, while
Input-level Mixing (IM) refines the realistic point cloud
representation with challenging samples. Together, they en-
hance the model’s ability of 3D understanding.
Alignment stages. As shown in Table 4, we evaluate the
effectiveness of our two-stage alignment design. Compared
to one-stage alignment, the two-stage alignment method can
better utilize diverse mixed samples to enhance cross-modal
consistency.
Modality loss functions. Our ablation studies on different
modality loss functions are shown in Table 5. The text loss
LT provides a strong foundation for learning 3D represen-
tations with semantic information, while the image loss LI
and point cloud loss LP offer complementary visual and
shape information, enhancing the model’s performance. The
combination of all three modality loss functions consistently
achieves the best results across all datasets, demonstrating
the effectiveness of our framework.
Training costs analysis. Notably, the epochs of one-stage
methods are the same as the two-stage training epochs of
MM-Mixing for a fair comparison. Both 3D encoders are
trained independently for the duration of one stage with-
out shared weights. The experimental results demonstrate
that the performance gains of MM-Mixing primarily stem
from our mixing-based alignment framework, and the two-
stage training framework further enhances the effectiveness
of dual-level mixing. Moreover, for previous methods like
OpenShape, adding additional training costs (e.g. training
time and training parameters) does not significantly improve
the performance of the 3D backbone (See Appendix for
more details).

Qualitative Analysis
Hard sample recognition. In real-world scenarios, numer-
ous objects exhibit similar morphological or visual charac-
teristics despite belonging to distinct categories. We desig-
nate these challenging instances as ”hard samples.” There
are some such category pairs in ModelNet40, such as: ”vase
& cup”, ”table & desk”, ”TV stand & dresser”, and ”plant &
flower pot”. As illustrated in Figure 3, MM-Mixing demon-
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Figure 3: Hard sample recognition on ModelNet40. Compared to OpenShape, MM-Mixing enables the model to better
capture typical features across different categories and the ability to distinguish hard samples.

Figure 4: Cross-modal 3D shape retrieval on Objaverse. Compared to OpenShape, MM-Mixing enhances the model’s un-
derstanding of point cloud shapes, image colors, and textual descriptions, effectively improving cross-modal 3D shape retrieval
capabilities. PC represents Point Cloud.

strates the capability to capture subtle differences between
objects that may appear similar but have different cate-
gories. Additionally, it can leverage detailed features to pre-
vent misidentifying a table as a desk. It can be confirmed
that MM-Mixing enhances model performance in 3D object
recognition.

Cross-modal 3D shape retrieval. The visualization in Fig-
ure 4 illustrates the superior performance of our method,
MM-Mixing, compared to OpenShape in various cross-
modal retrieval tasks. For PC-to-PC retrieval, MM-Mixing
demonstrates a finer capture of shape details, as seen with
the more accurate symmetrical guitar shape. In Image-to-
PC retrieval, our method excels in preserving color details,
which can retrieve more rational and approximate point
clouds, such as the cake example. Additionally, in text-to-PC
retrieval, MM-Mixing shows enhanced compatibility with
complex textual descriptions, accurately reflecting shape,
color, and material details, as evidenced by the ”single fab-
ric sofa” example. These results highlight MM-Mixing’s ef-
fectiveness in improving shape fidelity, color accuracy, and
textual comprehension in cross-modal retrieval.

Conclusion

In this paper, we propose MM-Mixing, a multimodal mix-
ing alignment approach that addresses the challenges of
multi-modal alignment and enhances model generation for
3D understanding. By integrating the mixing-based method
with multimodal data through a two-stage training pipeline,
MM-Mixing enhances the performance and generalization
capabilities of the models, which ensures a cohesive en-
hancement of features from different modalities. Extensive
experiments demonstrate the effectiveness of MM-Mixing,
significantly boosting baseline performance across various
settings, including zero-shot 3D classification, linear prob-
ing 3D classification, and cross-modal 3D shape retrieval.
Moreover, MM-Mixing addresses the previously unexplored
issue of multimodal mixing alignment, offering a simple yet
effective solution that can be easily integrated into existing
frameworks. As 3D vision continues to evolve and find ap-
plications in various domains, MM-Mixing represents a sig-
nificant step forward in meeting the challenges of robust and
generalizable models.
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