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Abstract

To address 3D object retrieval, substantial efforts have been made to generate highly discriminative descriptors for

3D objects represented by a single modality, such as voxels, point clouds, or multiview images. It is promising

to leverage complementary information from multimodal representations of 3D objects to further improve retrieval

performance. However, multimodal 3D object retrieval has rarely been developed or analyzed for large-scale datasets.

In this paper, we propose a self-and-cross-attention-based aggregation of point clouds and multiview images (SCA-

PVNet) for 3D object retrieval. With deep features extracted from point clouds and multi-view images, we design two

types of feature aggregation modules, namely the in-modality aggregation module (IMAM) and the cross-modality

aggregation module (CMAM ), for effective feature fusion. IMAM leverages a self-attention mechanism to aggregate

multiview features, whereas CMAM exploits a cross-attention mechanism to interact with point-cloud and multiview

features. The final descriptor of a 3D object for object retrieval can be obtained by concatenating the aggregated

feature outputs of both modules. Extensive experiments and analyses were conducted on four datasets ranging from

small to large scales to demonstrate the superiority of the proposed SCA-PVNet over state-of-the-art methods. In

addition to achieving state-of-the-art retrieval performance, our method is more robust in challenging scenarios when

views or points are missing during inference.
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1. Introduction

Recently, large amounts of 3D data have been produced in many applications, ranging from autonomous driving

to 3D printing. To manage such large-scale 3D data, an effective 3D object- retrieval system capable of producing a

ranked list of objects according to their semantic similarity to a given query object is required. In computer vision and

multimedia communities, 3D object retrieval has drawn significant research interest by exploiting different modal-

ities of 3D objects, such as voxels, point clouds, and multiview images. Existing methods for 3D object retrieval

are primarily deep learning models designed based on a single modality, that is, unimodal methods. For example,
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VoxNet [1], DGCNN [2], and MVCNN [3] are typical models based on voxels, point clouds, and multi-view repre-

sentations of 3D objects, respectively. Among the unimodal methods, voxel-based approaches acquire descriptors of

3D objects by employing dense and regular grids formed by voxels. VoxNet [1] was constructed as a 3D convolutional

neural network to generate the representations of the regular grids through cascaded 3D convolution operations and

pooling layers. Although voxel-based methods excel in leveraging the entirety of the objects information, they often

encounter challenges related to their high computational complexity. However , point-cloud-based methods obtain

descriptors of 3D objects by utilizing a set of sampled 3D points extracted from the objects. PointNet [4] was formu-

lated to construct a deep neural network for classifying 3D objects. As an extension, PointNet++ [5] was designed to

exploit the hierarchical multiscale features of PointNet. 3DCapsule [6] introduced a capsule network into the PointNet

architecture for point-cloud classification. The DGCNN [2] was constructed based on edge convolution operations

to learn the representations of point clouds through dynamic graph updates and hierarchical feature learning. Point-

cloud-based methods can also leverage almost the complete information of objects if the sampled points are dense and

can generally reduce the computational complexity compared with voxel-based methods. Multi-view-based methods

for learning 3D object descriptors involve a two-step process. First, they capture multi-view images of the 3D object

from various angles. Second, they combine the deep features extracted from each individual view into a single, unified

descriptor. The groundbreaking work, MVCNN [3], initiated this approach by extracting visual features from each

view image and then pooling them to create a global representation of the 3D object. Subsequent works have built

upon this foundation. For instance, [7] replaced the cross-entropy loss in MVCNN with a triplet center loss (TCL).

[8] proposed an enhanced MVCNN that incorporates group-view similarity learning. [9] treated view images as a set

of visual n-grams and generated rotation-invariant visual features based on these grams. MLVCNN [10] introduced a

hierarchical view-loop-shaped architecture to learn 3D shape representations at multiple scales. As well-engineered

2D deep CNNs for discriminative feature extraction [11, 12] have advanced, multiview-based methods have achieved

state-of-the-art performance in 3D object retrieval.

Based on the aforementioned analysis, multiview-based methods (e.g., MVCNN) only exploit the local and partial

information of 3D objects via a limited number of projected view images, whereas point-cloud-based methods (e.g.,

DGCNN) can efficiently learn the global representations of 3D objects by exploiting the complete information of

the objects. Hence, it is promising to leverage the complementary information of multimodal representations of 3D

objects to generate more discriminative descriptors, thereby improving retrieval performance. Several methods have

been proposed for multi-modal 3D object retrieval. These methods primarily focus on the effective fusion of point

clouds and multi-view features. Point-view network (PVNet) [13] proposes an embedding attention fusion scheme to

model the correlation and discriminability of different structures of point-cloud data by employing high-level features

from multiview data. This network (PVRNet) [14] effectively fuses the view and point cloud features with a proposed

relation score module. Both the multimodal information fusion network (MMFN) [15] and multimodal joint net-

work (MMJN) [16] employ correlations between different modalities for robust descriptor fusion. The feature fusion

schemes of the existing methods have two limitations: (i) they focus on cross-modality feature fusion but overlook
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in-modality feature fusion across multiview images and (ii) they typically fuse the cross-modality feature via simple

concatenation but overlook the interactions among the fused features. Moreover, although most existing studies were

evaluated using only small-scale datasets such as ModelNet40, they have rarely been analyzed on large-scale datasets.

Motivated by these findings, we propose a self-and-cross attention-based aggregation of point clouds and mul-

tiview images (SCA-PVNet) for 3D object retrieval. It comprises two branches for the point-cloud modality and

multiview modality inputs. Within the multiview modality branch, we further exploit two types of representations

of multiview images at two hierarchical levels, namely, object- and view-level features. Object-level features are

generated by fusing the intermediate CNN features for all view images, whereas view-level features are generated by

average-pooling each of the intermediate CNN features for each view image. For both object- and view-level fea-

tures, to achieve single-modality and cross-modality feature aggregation, we propose two types of feature aggregation

modules, namely the in-modality aggregation module (IMAM) and the cross-modality aggregation module (CMAM).

Both aggregation modules were proposed to alleviate the two limitations of the feature fusion schemes of existing

methods. Specifically, IMAM leverages a self-attention mechanism to aggregate multiview features, whereas CMAM

exploits a cross-attention mechanism to facilitate interaction between point cloud features and the aggregation process

of multiview features. Finally, we concatenate the object- and view-level aggregated feature output by IMAM and

CMAM and feed the concatenated feature through a fully connected layer to obtain the final descriptors for object

retrieval.

Our motivation for jointly leveraging local and global information from multiview and point-cloud modalities is

illustrated in Fig. 1. In this paper, self-and-cross attention is proposed as a systematic method for effective feature

interaction and aggregation. First, the self-attention-based IMAM is proposed to (i) aggregate the local features

extracted from the multiview representations into a global descriptor and (ii) update each of the local features with the

knowledge provided by the other local features through self-attention-based interaction. Second, to facilitate effective

multimodality feature fusion, CMAM is proposed to update the global features extracted from the point cloud modality

with the information provided by the updated local features through cross-attention-based interaction.

...

Multi-View Images with Local Information

Point Cloud with Global Information

In-Modality Aggregation 

Via Self-Attention

Cross-Modality Aggregation
Via Cross-Attention

Object Descriptor

CNN

DGCNN

...

Concatenation
...

Figure 1: Illustration of our motivation for jointly leveraging the local and global information of the 3D object from its multi-view and point cloud

representations via the proposed modules.

3



Relevant studies on multimodality 3D object retrieval and recognition, that is, PVNet [13], PVRNet [14], MMFN [15],

MMJN [16] and attention-guided fusion networks [17], were only evaluated using small-scale datasets, that is, Mod-

elNet10 and ModelNet40. In this paper, we surpass these existing works by establishing a new benchmark for multi-

modality 3D object retrieval performance. We evaluate our method using two larger 3D datasets: ShapeNetCore55

and MCB-A. To this end, we made substantial efforts to generate a point cloud and the corresponding multiview

representations of these two large datasets. To facilitate further research on this topic, we released the generated data.

The major contributions of this paper are summarized as follows.

• We propose self-and-cross attention based aggregation of point clouds and multi-view images (SCA-PVNet)

for 3D object retrieval. This network enhances the aggregation process of multi-view features under two hier-

archical levels, namely object- and view-level features.

• We propose IMAM and CMAM to facilitate in-modality and cross-modality feature aggregation, respectively.

• We evaluate and analyze the proposed SCA-PVNet on four datasets (ModelNet40, ShapeNetCore55, ScanOb-

jectNN, and MCB-A), ranging from small to large scale, to show the superiority of the proposed method over

the state-of-the-art methods.

2. Related Work

In this section, we briefly review methods for 3D object retrieval, specifically focusing on unimodal and multi-

modal methods.

2.1. Uni-Modal Methods

Unimodel methods for learning 3D object descriptors can be categorized into three main approaches: voxel-based,

point-cloud-based, and multi-view-based. Voxel-based methods utilize voxelized grids to represent 3D objects and

employ 3D deep-learning models to learn their feature representations [1, 18, 19]. For instance, 3D ShapeNet [18]

uses a deep belief network, while VoxNet [1] employs a 3D convolutional neural network for this purpose. Despite the

advantage of using complete 3D object information, voxel-based methods often face significant computational com-

plexity challenges. Point-cloud-based methods, on the other hand, learn object representations from uniformly sam-

pled points on object surfaces [2, 4–6]. The seminal work, PointNet [4], constructs a 3D deep network for classifying

3D objects based on their point-cloud representations. PointNet++ [5] extends this by exploiting hierarchical multi-

scale features, while 3DCapsule [6] introduces a capsule network into the PointNet architecture. Point-cloud-based

methods generally have lower computational complexity compared to voxel-based methods. Multi-view methods

render multiple view images by projecting a 3D object from various viewpoints and learn descriptors by aggregating

the visual features extracted from these images [3, 7–10, 20–32]. These methods leverage the advancements in 2D

deep learning to extract discriminative features from the rendered view images. Mainstream studies represented by
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MVCNN [3] and its variants [7–10, 20–23, 25, 27, 29, 30, 30, 31] applied well-engineered deep CNNs to extract

features from view images and fuse these features into the descriptors of 3D objects. Another group of studies applied

RNNs to aggregate the deep features extracted from each view image based on the assumption that the view images

were a sequence of temporally correlated views [24, 26, 28]. Owing to the advancement of CNN/RNN networks,

multiview-based methods have achieved state-of-the-art performance in 3D object retrieval. Even though unimodal

methods exhibit such good performance, it is promising to explore and leverage complementary information from

various data modalities to further improve retrieval performance. In this paper, we investigated the task of multimodal

3D object retrieval.

2.2. Multi-Modal Methods

Learning from multimodal data has significantly boosted the performance of computer vision models, such as

vision-language models, where images and texts are employed for contrastive learning [33]. In remote sensing (RS),

a growing number of studies [34, 35] have focused on leveraging multimodal RS data (e.g., hyperspectral, multi-

spectral, and SAS) to train powerful AI models for remote sensing applications. Several methods have recently been

proposed for multimodal 3D object retrieval. Because learning from voxelized dense grids is computationally expen-

sive, most existing studies have focused on leveraging point clouds and multiview representations of 3D objects to

learn discriminative descriptors for retrieval. PVNet [13] is a trailblazing initiative that combines point clouds and

multiview data for 3D object recognition. It uses high-level features from multi-view data to analyze and discern

the correlation and distinctiveness of structural features derived from point cloud data. PVRNet [14] was proposed

to effectively fuse point clouds and multiview features using the proposed relation score module. MMJN [16] and

MMFN [15] leverage the correlations among point clouds, multiple views, and panorama view modalities by intro-

ducing correlation loss. In [17], a novel attention-guided fusion network comprising point clouds and multiple views

was proposed for 3D object recognition. In [36], a self-supervised cross-modal constructive-learning method called

CrossPoint was proposed via enabling 3D-2D correspondence by maximizing the similarity between point clouds and

the corresponding rendered 2D images. In particular, it introduced an intra-modal instance discrimination (IMID)

loss to enforce the learning of geometric transformation-invariant representations of point clouds and a cross-modal

instance discrimination (CMID) loss to enhance the similarity between the point cloud feature and deep CNN feature

extracted for the rendered image. Compared with PVNet, PVRNet, MMJN, and MMFN, which focus on effectively

fusing multimodal features, SCA-PVNet addresses the correlation and interaction of cross-modality features dur-

ing the feature aggregation process. Additionally , most existing methods [13, 14, 16] were only evaluated using

small-scale datasets such as ModelNet40 but rarely evaluated on large-scale datasets. In this paper, we evaluated the

proposed SCA-PVNet on three datasets ranging from small to large scales to demonstrate the superiority of the pro-

posed method. Compared with CrossPoint, which focuses on learning cross-modality correspondence representations

via contrastive loss, our SCA-PVNet focuses on learning discriminative feature representations via classification loss.

Our proposed IMAM and CMAM are different from IMID and CMID in CrossPoint. Specifically, we proposed a
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Figure 2: Overall architecture of the proposed SCA-PVNet which comprises three stages: (i) Feature Extraction; (ii) Feature Aggregation and (iii)

Feature Classification.

self-and-cross attention mechanism to facilitate feature interaction and fusion within and across modalities instead of

enforcing feature agreement across different modalities.

3. Proposed Method

In this section, we introduce the proposed network for multi-modal 3D object retrieval. The overall architecture

of the proposed network is shown in Fig. 2. Generally, it comprises three stages: (i) feature extraction, (ii) feature

aggregation, and (iii) feature classification. The network uses two types of modalities as inputs: point clouds and

multi-view images). A given 3D object is first represented as a point cloud and a set of view images captured from

multiple viewpoints. In the feature extraction stage, the point cloud is fed through a DGCNN [2] to obtain the point

cloud feature, whereas the view images are fed into a CNN to generate the deep feature representations. For view fea-

ture extraction, we exploited two hierarchical levels of representation: object- and view-level features. In the feature

aggregation stage, the object- and view-level features were aggregated via a self-attention process to generate object-

and view-level global features, respectively. Simultaneously, we propose leveraging the cross-attention mechanism

to correlate point cloud features with object- and view-level features to obtain object- and view-level cross-modality
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global features, respectively. Finally, in the feature classification stage, we concatenate all global features and exploit

a fully connected layer to map the concatenated features to the final descriptor. The details of each stage are presented

in the following subsections.

3.1. Feature Extraction

In this paper, we exploited two modalities to represent a 3D object: point clouds and multiview images, as shown

in Fig. 2. For the point cloud modality, the object Oi is represented by n sampled points via the farthest point

sampling (FPS) algorithm, denoted by Pi = {p1, p2, . . . , pn}, where pj ∈ R3 contains the 3D coordinates of the jth

point. A DGCNN was used to extract the vectorized representation for the point cloud modality. Following the model

outlined in [2], a DGCNN is built using a 3D spatial transform network, several EdgeConv layers, and a max-pooling

operation. Pi is fed through DGCNN to generate the point-cloud modality features,

fpoint,i = DGCNN(Pi; θpoint), (1)

where fpoint,i denotes the point cloud modality feature for Oi and θpoint denotes the learnable parameters for the

DGCNN.

For the multiview representation of object Oi, multiple view images {I1
i , I

2
i , . . . , I

M
i } are rendered by setting up M

virtual cameras around the object with a uniform interval angle of 30 along the Z-axis. Multi-view modality features

were generated by feeding these view images through a CNN without the pooling operation and classification head:

F j
view,i = CNN(I j

i ; θview), j = 1, 2, . . . ,M, (2)

where F j
view,i ∈ RC×H×W denotes the feature map of the jth view of Oi and θview denotes the CNN parameters. With

these intermediate CNN feature maps corresponding to the view images, we introduce two hierarchical levels of

representations for the multiview modality, that is, object- and view-level representations. To generate object-level

representation Fobject,i, the intermediate feature maps {F1
view,i, F

2
view,i, . . . , F

M
view,i} are fed through an Inter-View Pooling

module where the feature maps are fused via average pooling across the views:

Fobject,i = APInter(F1
view,i, F

2
view,i, . . . , F

M
view,i), (3)

where APInter denotes inter-view average pooling operation. Fobject,i ∈ RC×H×W summarizes the multi-view images

and it comprises HW C-dimensional vectorized features { f l
object,i}(l = 1, 2, . . . ,HW). f l

object,i contains the global

object-level semantics of Oi at the location l. In addition to object-level view representation, we introduce view-level

representation by feeding each intermediate feature map through an intra-view pooling module via an average pooling

operation:

f j
view,i = APIntra(F j

view,i) j = 1, 2, . . . ,M, (4)

where APIntra denotes intra-view average pooling. f j
view,i contains the local view-level semantics of Oi reflected in

view image I j.
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3.2. Feature Aggregation

After the feature extraction stage, given Oi for the point cloud modality, the global feature fpoint,i is generated.

For the multi-view modality, we obtain a set of object-level global features { f l
object,i}(l = 1, 2, . . . ,HW) and a set of

view-level local features { f j
view,i}( j = 1, 2, . . . ,M), respectively.

In the feature aggregation stage, we designed two types of feature aggregation modules: the in-modality aggre-

gation module (IMAM) and cross-modality aggregation module (CMAM). IMAM leverages the multihead self-

attention mechanism inspired by the vision transformer (ViT) [37] to aggregate object-level global and view-level

local features. By contrast, CMAM exploits a cross-attention mechanism inspired by the cross-attention vision

transformer (CrossVit) [38] to interact with the point cloud global feature with the object- and view-level features in

the aggregation process, thereby generating cross-modality global representations of the object. For implementation

simplicity, both object-level IMAM/CMAM and view-level IMAM/CMAM adopt similar self- and cross-attention

architectures that vary with different input dimensions. None of the modules shared any parameters. Specifically,

object-level IMAM/CMAM aggregates object-level features with different spatial information, whereas view-level

IMAM/CMAM aggregates view-level features with different viewpoint information. Therefore, they were proposed

to facilitate the interaction and fusion of local multi-view features from different perspectives.

3.2.1. In-Modality Aggregation Module

As shown in Fig. 2, the two IMAMs correspond to object-level global features and view-level local features, that

is, the object- and view-level IMAMs. For simplicity, we denote the two levels of input features for Oi by FT,i, where

T ∈ {object, view}. Given FT,i as the input, a class token is prepended to FT,i which is learnable and serves as the

summarized feature representation of the input features. Subsequently , a set of learnable position embeddings is

added to the input features (together with the class-token feature) to generate position-relevant feature embeddings

ZT,i. To aggregate these features as shown in Fig. 3, ZT,i is fed through a ViT encoder, as follows:

Z
′

T,i = MSA(LN(ZT,i)) + ZT,i, (5)

Z∗T,i = LN(MLP(LN(Z
′

T,i)) + Z
′

T,i). (6)

As shown in Fig. 3, Z′T,i denote the intermediate features of the multi-head attention module. Z∗T,i denote the output

features from the ViT encoder, LN denotes LayerNorm operation, MSA denotes multihead self-attention (MSA), and

MLP refers to multilayer perceptron (MLP) blocks. After the feature aggregation process, the object- and view-level

self-attended global features, denoted by f S
object,i and f S

view,i are the features associated with the class token.

f S
T,i = Z∗T,i[class token] T ∈ {object, view}. (7)

3.2.2. Cross-Modality Aggregation Module

Similar to the IMAM, as shown in Fig. 4, two CMAMs are proposed to implement cross-modality aggregation

for object-level global features and view-level local features, respectively, that is, object- and view-level IMAMs.
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The key motivation of CMAM is to correlate the point cloud modality global feature with the aggregation process of

multi-view modality features to enhance the feature discriminative capability. To this end, we leveraged the cross-

attention mechanism introduced in cross-attention ViT to design CMAMs. Specifically, given FT,i for Oi where

T ∈ {object, view} is the input, the input features are first fed into an IMAM module to generate aggregated features,

as introduced in Section 3.2.1:

ZS
T,i = IMAM(FT,i). (8)
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Figure 4: Architecture of CMAM.
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Subsequently, the global feature for the point cloud modality fpoint generated from Eq. (1) is concatenated with

the aggregated multiview features ZS
T to construct the hybrid aggregated features ZH

T .

ZH
T,i = g( fpoint,i) ⊕ ZS

T,i, (9)

where function g(·) performs feature dimension alignment and ⊕ denotes feature concatenation. Finally, to obtain the

global cross-modality feature fC
T,i, the point cloud feature g( fpoint,i) serves as the query vector that interacts with the

hybrid aggregated features ZH
T,i via a cross-attention mechanism:

q = g( fpoint,i)Wq, k = ZH
T,iWk, v = ZH

T,iWv, (10)

A = softmax(qkT /
√

D/h), (11)

ZC
T,i = Av, (12)

where Wq, Wk and Wv refer to learnable transformation matrices for generating query, key, and value features for

attention computation. D denotes the feature dimension, and h denotes the number of heads for the multihead self-

attention module. As shown in Fig. 4, the object- and view-level cross-modality global features fC
object,i and fC

view,i are

calculated by adding g( fpoint,i) with the class token feature in ZC
T,i:

fC
T,i = g( fpoint,i) + ZC

T,i[class token] T ∈ {object, view}. (13)

3.3. Feature Classification

After the feature aggregation stage, for Oi, four aggregated features are obtained, namely object-level and view-

level self-attended global features f S
object,i and f S

view,i, together with object-level and view-level cross-modality global

features fC
object,i and fC

view,i. The final descriptor fglobal,i is obtained by feeding forward the concatenation of all four

aggregated features through an MLP layer as follows:

fglobal,i = MLP( f S
object,i ⊕ f S

view,i ⊕ fC
object,i ⊕ fC

view,i). (14)

Inspired by the work [22, 25], which applied contrastive losses to learn discriminative features in the angular

feature space to generate a highly discriminative final descriptor for object retrieval, we exploited the additive angular

margin loss (ArcFace) [39] to train the network. Given a minibatch of N objects belonging to K classes, we first

generate the final descriptors fglobal,i (i = 1, 2, . . . ,N). These final descriptors are normalized using their L2 norm,

that is, f̂global,i =
fglobal,i

|| fglobal,i ||
. We then introduce a weight matrix W ∈ RD×K where the kth column of W denoted by

Wk is related to the kth category and is also L2 normalized. To enhance the discriminative capability of the features,

the ArcFace loss function incorporates an additional angular margin to the angle between the feature and the weight

associated with the ground truth class:

L = −
1
N

N∑
i=1

log
es cos(θyi +m)

es cos(θyi +m) +
∑K

k=1,k,yi
es cos θk

, (15)
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where yi is the ground truth class of the ith training sample. θk , arccos(WT
k f̂global,i) denotes the angle between Wk and

f̂global,i. m represents the value of the additive angular margin, and s represents the scaling factor. The overall network

was trained by minimizing the ArcFace loss L. After training, the final descriptor for each object is adopted for 3D

object retrieval.

4. Experiments

In this section, experiments are conducted on three benchmark datasets, ranging from small to large scales, to

demonstrate the effectiveness of the proposed SCA-PVNet.

4.1. Datasets and Evaluation Metrics

We adopted four benchmark datasets to evaluate the retrieval performance: ModelNet40, ShapeNetCore55, ScanOb-

jectNN, and mechanical components benchmark (MCB). The ModelNet40 dataset comprises 12,311 3D CAD models

derived from 40 distinct categories, partitioned into a training set with 9,843 objects and a testing set with 2,468

objects. ShapeNetCore55 includes 51,162 3D objects categorized into 55 primary classes and 203 subordinate

classes. Following the official setting of the SHREC2017 competition, the training/validation/testing splitting was

70%/10%/20%, respectively . We leveraged the aligned version of the ShapeNetCore55 dataset, which comprises

organized 3D objects. ScanObjectNN is a point-cloud dataset comprising 2902 3D objects from 15 categories. This

dataset was challenging because the samples were from real-world scenes with occlusions, background noise, and

deformation. We conducted experiments on the PB-T50-RS splits of ScanObjectNN, which represent the most chal-

lenging cases with 11,416 training samples and 2,882 testing samples. The MCB dataset comprised 58,696 objects

across 68 categories. For our experiments, we utilized the MCB dataset version A (MCB-A), wherein the objects

were uniformly aligned, adhering to the training and testing split configurations established in the original study [40].

We generated a point-cloud representation of each 3D object by sampling 1024 points using the FPS method. Ad-

ditionally, we rendered 12 view of the object using the Blender software and Phong shading. This was accomplished

by positioning 12 virtual cameras around the object, each at a 30-degree angle along the z-axis. For ScanObjectNN,

we used the point-cloud representations of 2040 points for each object and generated 12 224 224 depth images by

projecting the point clouds from different perspectives as the input for the multiview branch.

To evaluate the metrics on ModelNet40, we used mean average precision (MAP). This involves calculating the

average precision for each 3D object in the test set and using it as a query sample. A ranked list of all test objects

was then generated based on pairwise cosine distances, and the mean of these average precisions was calculated. For

ShapeNetCore55, we use the SHREC2017 competition released evaluator to compute the retrieval performance in

terms of F1@N, mAP, and normalized discounted cumulative gain (NDCG) under “micro” and “macro” settings. For

ScanObjectNN dataset, the overall classification accuracy (OA) was adopted as a performance metric. For the MCB

dataset, we report F1@N, mAP, and NDCG@N under “micro, “macro, and “micro + macro” settings, respectively.
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4.2. Implementation and Training Details

In the feature extraction stage, the DGCNN [2] was adopted for the point cloud modality on ModelNet40,

ShapeNetCore55, and MCB-A. Conversely, PointNext [41] was used for ScanObjectNN. For all datasets, the MVCNN

was adopted for the multiview modality. We used AlexNet [42] as the backbone network of the MVCNN for Model-

Net40 and ResNet-34 [43] for ShapeNetCore55, ScanObjectNN, and MCB-A. Following [14], both the DGCNN and

MVCNN were pretrained on the training set using cross-entropy loss. During the feature aggregation phase for the

IMAM model, we set the multihead self-attention count to four . In addition, the dimensions of the hidden features

were set to 128, and the dimensions of the aggregated features were set to 512. For CMAM, the number of attention

heads was set to four, and the dimension of the aggregated feature was set to 512. In the feature classification stage,

the fully connected layer maps the concatenated aggregated feature fglobal,i onto a vector whose dimension is the same

as the number of object categories. In the pre-training phase, the batch size, learning rate, weight decay, and number

of epochs were set to 400, 0.01, 0.001, and 50, respectively. For fine-tuning, we followed the settings in PVRNet [14].

During the initial 10 epochs, the feature extraction models remained unchanged, while the remaining components,

namely IMAM, CMAM, and the FC layers, were fine-tuned. The learning rate for the first 10 epochs was set at 0.01,

and 0.001 after the subsequent 10 epochs. The batch size was set to 28 per GPU, the weight decay to 1e−5 and the

number of epochs to 50. For ArcFace loss, the angular margin was set to 0.5, and the scale was set to 64.

4.3. Comparison with State-of-the-art Methods

4.3.1. Performance Comparison on ModelNet40 Dataset

Table 1 lists the retrieval performance of ModelNet40 on the mAP. The table indicates that our SCA-PVNet

outperforms all the other methods. Particularly, our method outperforms all methods (PVNet, PVRNet, MMFN, and

Attention-Guided Fusion Network) that use point clouds and multiview modalities for 3D object retrieval. Compared

with PVRNet, which uses the same feature extraction networks (DGCNN and MVCNN with AlexNet) as our method,

our method produced a 2.0% performance gain in mAP, reflecting the effectiveness of the proposed IMAM and

CMAM in feature aggregation. Compared with MMFN, which uses three data modalities, including point cloud,

multi-view, and panorama views, our method can still achieve better performance (with a 2.2% performance gain),

even though we only exploit two data modalities. Additionally, our method outperformed the methods based on

a single modality (point cloud or multiview). In particular, compared to the vanilla MVCNN [3], we achieved a

12.3% performance gain. Compared with advanced MVCNN variants, such as MVCNN with cube loss [44], we still

achieved a 3.6% performance gain. These observations demonstrate the superiority of effectively incorporating point-

cloud representations and interacting with multi-view representations. Finally, it is evident that our model, trained

using the ArcFace loss, outperforms models trained with other metric learning losses, such as TCL [7, 8], ATCL [25],

and cube loss [44].

We compared the proposed SCA-PVNet with multimodal methods for 3D object classification in full-set and few-

shot settings. In this experiment, full-set setting refers to the case in which all training samples were used to train
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Table 1: Retrieval performance comparison on ModelNet40 (in %). The best results are in bold.
Methods mAP

SPH [45] 33.3

LFD [46] 40.9

3DShapeNet [18] 49.2

DLAN [47] 85.0

DeepPano [48] 76.8

GIFT [49] 81.9

MVCNN (AlexNet) [3] 80.2

MVCNN (ViT-B-16) [3] 83.3

RED [50] 86.3

GVCNN [51] 85.7

TCL [7] 88.0

ATCL [25] 86.1

SeqViews2SeqLabels [28] 89.1

VDN [52] 86.6

Batch-wise [53] 83.8

MVCNN (Cube loss) [44] 88.9

VNN [9] 88.9

NCENet [23] 87.1

3DViewGraph [54] 90.5

GSL (ATCL) [8] 90.1

DAN [21] 90.4

DAGL+Attention-NetVlad [55] 91.1

PVNet [13] 89.5

MMJN [16] 89.8

PVRNet (AlexNet) [14] 90.5

PVRNet (ViT-B-16) [14] 90.6

MMFN [15] 90.3

Attention-Guided Fusion Network [17] 91.4

Our SCA-PVNet 92.5

Table 2: Classification performance comparison on ModelNet40 under the full-set setting (in %)

Method Classification Acc

PVNet [13] 93.3

MMJN [16] 93.8

PVRNet [14] 93.6

MMFN [15] 92.9

Attention-Guided Fusion Network [17] 93.5

Our SCA-PVNet 94.1

the model. The few-shot setting refers to the case in which only k samples (k shots”) from each category are adopted

to train the model. For both settings, the trained models were evaluated using all the testing samples in the testing

set of ModelNet40. Table 2 lists the classification performance of ModelNet40 in a full-set setting. Our method also

outperforms these multimodal methods in 3D object classification, demonstrating the effectiveness of the proposed

modules in producing discriminative feature representations for 3D objects. Fig. 5 shows the few-shot classification

performance with shot numbers selected from {8, 16, 32, 64, 128}. We compared our method to PointCLIP [56] which

was evaluated using a similar few-shot setting protocol. PointCLIP adopts the recently released contrastive language-
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Figure 5: Classification performance comparison on ModelNet40 under few-shot setting

image pretrain (CLIP) model to extract features from projected point-cloud views for 3D model classification. From

the figure, it can be observed that our SCA-PVNet outperforms PointCLIP for all shot number settings.

4.3.2. Performance Comparison on ShapeNetCore55 Dataset

Table 3 lists the retrieval performance of the ShapeNetCore55. Based on the table, our SCA-PVNet demonstrated

superior performance in five of the six performance metrics, excluding F1@N. Although RotationNet emerged as

the winning solution in the SHREC2017 competition for 3D object retrieval, our method outperformed it in terms

of mAP and NDCG in both micro and macro settings. For F1@N, our method achieved the same performance as

RotationNet under the micro setting and was only 0.8% lower under the macro setting. Compared with MVCNN, our

method achieves a significant performance gain in all six metrics, demonstrating the effectiveness of incorporating an

additional point cloud modality.

Table 3: Performance comparison on ShapeNetCore55 (in %)

Methods
micro macro

F1@N mAP NDCG F1@N mAP NDCG

RotationNet [29] 79.8 77.2 86.5 59.0 58.3 65.6

Improved GIFT [57] 76.7 72.2 82.7 58.1 57.5 65.7

ReVGG [58] 77.2 74.9 82.8 51.9 49.6 55.9

DLAN [47] 71.2 66.3 76.2 50.5 47.7 56.3

MVFusionNet [59] 69.2 62.2 73.2 48.4 41.8 50.2

CM-VGG5-6DB [60] 47.9 54.0 65.4 16.6 33.9 40.4

ZFDR [61] 28.2 19.9 33.0 19.7 25.5 37.7

DeepVoxNet [1] 25.3 19.2 27.7 25.8 23.2 33.7

GIFT [57] 68.9 64.0 76.5 45.4 44.7 54.8

MVCNN [3] 76.4 73.5 81.5 57.5 56.6 64.0

Our SCA-PVNet 79.8 78.6 86.6 58.2 59.3 66.6
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4.3.3. Performance Comparison on ScanObjectNN Dataset

Table 4 lists the overall classification accuracy for the ScanObjectNN dataset. We compared our SCA-PVNet

with two multimodal methods: PVNet [13] and PVRNet [14]. To establish a fair comparison, PointNext [41] and

MVCNN [3] were used as the backbone networks to extract features for the point-cloud and multi-view modalities,

respectively. From the table, SCA-PVNet outperformed both methods.

Table 4: Performance comparison on ScanObjectNN dataset (in %)

Method OA

PVNet [13] 88.1

PVRNet [14] 88.0

Our SCA-PVNet 89.1

4.3.4. Performance Comparison on MCB-A Dataset

Table 5 presents the retrieval performance for the MCB-A dataset. We compared our method with that reported

in [40]. Among the nine performance metrics, our method secured the first rank in eight metrics. In particular,

compared with PointCNN which achieves the best performance among those using only the point-cloud modality,

our method produces 10.4%, 7.8%, and 10.3% in F1@N, mAP, and NDCG@N under the Micro+Macro settings,

respectively. However, compared with RotationNet which achieves the best performance among those using only

multi-view modality data, under the Micro+Macro settings, our method achieves scores of 30.6% in F1@N, 15.1%

in mAP, and 27.0% in NDCG@N. Additionally, we present the 2D t-SNE embeddings of the testing samples in the

MCB-A dataset for all compared methods in Fig. 6. This figure illustrates that our method generated the most

distinguishable embeddings for the test samples, leading to the highest retrieval performance.

Table 5: Performance comparison on MCB-A dataset (in %). The best results are in bold.

Method
Micro Macro Micro + Macro

F1@N mAP NDCG@N F1@N MAP NDCG@N F1@N mAP NDCG@N

PointCNN [62] 69.0 88.9 89.8 83.3 88.6 85.4 76.2 88.3 87.6

PointNet++ [5] 61.3 79.4 75.4 71.2 80.3 74.6 66.3 79.9 75.0

SpiderCNN [63] 66.9 86.7 79.3 77.6 87.7 81.2 72.3 87.2 80.3

MVCNN [3] 48.8 65.7 48.7 58.5 73.5 64.1 53.7 69.6 56.4

RotationNet [64] 50.8 80.5 68.3 68.3 81.5 73.5 56.0 81.0 70.9

DLAN [65] 56.8 87.9 82.8 82.0 88.0 84.5 69.4 88.0 83.7

VRN [19] 40.2 65.3 51.9 50.7 66.4 57.6 45.5 65.9 54.8

Our SCA-PVNet 92.8 94.0 99.1 80.4 98.1 96.7 86.6 96.1 97.9

4.4. Discussion

In this section, we describe several ablation experiments conducted to analyze the proposed SCA-PVNet.
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Figure 6: 2D t-SNE embeddings of all the testing samples in the MCB-A dataset.

4.4.1. On the proposed modules

First, we analyze the effects of the proposed modules. We consider eight ablational models: (i) DGCNN using

only the point cloud modality; (ii) MVCNN using only multi-view modality; (iii) the model exploiting a direct con-

catenation of feature representations of (i) and (ii); (iv) the proposed model without view-level feature aggregation

branch; (v) the proposed model without an object-level feature aggregation branch; (vi) the proposed model without

IMAM (for both branches); (vii) the proposed model without CMAM (for both branches); and (viii) the proposed

SCA-PVNet. Table 6 lists the retrieval mAP for ModelNet40 produced by each ablation model. The models incorpo-

rating both modalities significantly outperform those incorporating a single modality by approximately 10% in mAP.

Second, the model incorporating the proposed view-level or object-level feature aggregation branches outperformed

the model that directly concatenated the features generated by DGCNN and MVCNN. It was demonstrated that re-

moving either the view- or object-level feature aggregation branches caused performance degradations of 1.3% and

1.1%, respectively. Regarding the aggregation modules, removing IMAM or CMAM reduced the retrieval perfor-

mance by 1.2% and 1.1%, respectively. To summarize, our SCA-PVNet incorporating both aggregation branches

and aggregation modules, achieved the best retrieval performance among all ablation methods, demonstrating the

effectiveness of the proposed modules.

4.4.2. On Loss Function

In this section, we compare the retrieval performance of the proposed SCA-PVNet trained using cross-entropy

loss and ArcFace loss. We then conducted ablation studies on the key hyperparameters of ArcFace loss, namely, the

scaling factor s and margin m.

Table 7 presents the mAP on ModelNet40 produced by the SCA-PVNet trained with cross-entropy loss and that

with ArcFace Loss. From the table, both ablation models could produce comparable performances, and SCA-PVNet

16



Table 6: mAP for the ablation models for the proposed modules (in %)

Model mAP

DGCNN (Point Cloud Modality) 81.6

MVCNN (Multi-View Modality) 80.2

Direct Concatenation 91.0

Ours w/o View-Level Feature Aggregation 91.2 (-1.3)

Ours w/o Object-Level Feature Aggregation 91.4 (-1.1)

Ours w/o IMAM 91.3 (-1.2)

Ours w/o CMAM 91.4 (-1.1)

Our SCA-PVNet 92.5

with ArcFace Loss slightly outperformed its counterpart trained with cross-entropy loss. Compared to PVRNet trained

with cross-entropy loss, SCA-PVNet with cross-entropy loss produced a 1.6% performance gain in the retrieval mAP.

From the experimental observations, we conclude that the loss function does not play a dominant role in performance

gain.

Table 7: mAP for the ablation models for the loss functions (in %)

Method mAP

SCA-PVNet with Cross-Entropy Loss 92.1

SCA-PVNet with ArcFace Loss 92.5

We also conducted a sensitivity analysis of the scaling factor s and margin m for ArcFace loss in Eq. (15)

using the ModelNet40 dataset. For s, we fixed the margin m at 0.5 and selected s from a set of values, that is,

{16, 32, 64, 128, 256}. Fig. 7(a) shows mAP with respect to s. It is observed that mAP is robust to different values

of s where comparable performance is achieved. We set s to 64 because this produced the best performance, that is,

92.5%. For m, we fixed the scale s at 64 and selected m from {0.1, 0.3, 0.5, 0.7, 0.9}. From Fig. 7(b), we note that the

mAP improves as s increases from 0.1 to 0.5 and then significantly decreases from 92.5% to 85.4% as s decreases

from 0.5 to 0.9. Therefore, in this paper, m is set to 0.5.

4.4.3. On Model Complexity.

We also analyzed the relationship between performance gain and model complexity. We compared the different

ablation models of our SCA-PVNet with the baseline method, PVRNet [14] because PVRNet shares the same fea-

ture extraction networks (DGCNN and MVCNN) as our method. Table 8 presents the retrieval performance of the

ModelNet40 and model complexity (in terms of the # of parameters) of the four ablation models. By progressively

incorporating the proposed feature aggregation branches, the performance of our method was consistently improved,

with only a slight increase in model complexity.
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(a) (b)

Figure 7: Sensitive analysis in mAP on ModelNet40 with respect to (a) s and (b) m.

Table 8: Model Complexity

Model mAP # of Params (M)

PVRNet 90.5 70.00

Ours w/o View-Level Feature Aggregation 91.2 70.53

Ours w/o Object-Level Feature Aggregation 91.4 74.19

Our SCA-PVNet 92.5 75.76

4.4.4. On Robustness Towards Missing Testing Data

In this section, the robustness of the proposed method for missing testing data is analyzed. In real-world applica-

tions, the testing data are only partially available. In our case, there may have been missing views or missing points.

One merit of multimodal approaches is their robustness towards missing data in one of the modalities because the

other modality can compensate for the information loss for the object to be retrieved.

Motivated by PVRNet [14], we investigated the influence of scenarios with missing views and points. Our SCA-

PVNet was trained using 12 views and 1024 points. For the missing-view scenario, during testing, we retained the

number of points for each point cloud at 1024 and varied the number of views in the range of [2, 12] with an interval

of 2. Fig 8 shows the mAP for different numbers of missing views for PVRNet and the proposed method. It was

demonstrated that reducing the number of testing views leads to a degradation in retrieval performance. By reducing

the number of testing views from 12 to 2, compared with the severe performance drop of 9.3% for PVRNet, the

performance drop of our method was only 4.7%. For the edge case of only two views available during testing, our

method still obtained 87.8% in mAP compared with 81.2% for PVRNet. In summary, our method exhibits better

robustness towards missing views than PVRNet.

In scenarios where points were missing, we maintained the number of views at 12 during testing; however, the

number of points was adjusted within a range of 1281024, increasing in steps of 128. The retrieval mAPs under

different settings are shown in Fig. 9. Similarly, it was observed that missing points caused performance degradation.
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Figure 8: Retrieval MAPs for both methods under different settings in the missing views scenario.

Compared to PVRNet, whose retrieval mAP decreased from 90.5% to 70.3% when the number of points was reduced

from 1024 to 128, the mAP of our method decreased from 92.5% to 84.1%. Therefore, we conclude that the proposed

method is more robust to missing points.
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Figure 9: Retrieval MAPs for both methods under different settings in the missing points scenario.

In this experiment, we focused on evaluating our models robustness towards missing data in either modality,

following the prior work on PVRNet [14]. It would be interesting to evaluate the robustness of SCA-PVNet under

other degradation, noise effects, and variabilities during the data generation process, as analyzed in [66]. This topic

will be explored in future studies.

4.4.5. Qualitative Results

In Fig.10, we show the top 10 retrieval results for four testing samples (with category “table,” “chair,” “car,” and

“monitor”) from the ShapeNetCore55 testing set. The query sample contains both the point cloud and view image

modalities, and we use one view image to represent each retrieved result. From the figure, it can be observed that our

method can achieve good performance even for those with large within-class variations, such as chairs with different

styles, as shown in the second row of Fig.10.
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Query Top 10 retrieval examples

Figure 10: Qualitative results using the testing samples picked from the ShapeNetCore55 dataset.

5. Conclusion

This study proposes a self-and-cross attention-based aggregation of point clouds and multiview images (SCA-

PVNet) for 3D object retrieval. To facilitate effective feature fusion, two types of aggregation modules, IMAM and

CMAM, have been proposed by leveraging self-attention and cross-attention mechanisms, respectively. Extensive

experiments and analyses were conducted on three datasets, ranging from small to large scales, to validate the supe-

riority of the proposed SCA-PVNet over state-of-the-art methods. In addition to producing state-of-the-art retrieval

performance, SCA-PVNet also shows more robustness in scenarios where there are missing views or missing points

during inference. In future studies, we will further investigate extending the current self-and-cross attention frame-

work to more representative modalities of 3D objects, such as voxels or panorama-view images. Additionally, it could

be promising to extend the current method for large-scale real-world 3D object recognition. Another interesting future

study could be the introduction of more advanced AI backbone networks to extract features from different modalities

and further improve the retrieval performance of SCA-PVNet.
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