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Abstract. Existing view-based methods excel at recognizing 3D objects
from predefined viewpoints, but their exploration of recognition under
arbitrary views is limited. This is a challenging and realistic setting be-
cause each object has different viewpoint positions and quantities, and
their poses are not aligned. However, most view-based methods, which
aggregate multiple view features to obtain a global feature representa-
tion, hard to address 3D object recognition under arbitrary views. Due
to the unaligned inputs from arbitrary views, it is challenging to ro-
bustly aggregate features, leading to performance degradation. In this
paper, we introduce a novel Part-aware Network (PANet), which is a
part-based representation, to address these issues. This part-based rep-
resentation aims to localize and understand different parts of 3D objects,
such as airplane wings and tails. It has properties such as viewpoint in-
variance and rotation robustness, which give it an advantage in address-
ing the 3D object recognition problem under arbitrary views. Our results
on benchmark datasets clearly demonstrate that our proposed method
outperforms existing view-based aggregation baselines for the task of
3D object recognition under arbitrary views, even surpassing most fixed
viewpoint methods.

Keywords: 3D object recognition · weakly-supervised learning

1 Introduction

Learning 3D with multi-view supervision has received widespread attention. It
covers various research domains such as NeRFs [15, 40], BEV detection [30, 62],
3D generation [33], 3D reasoning [9, 21], etc., among which 3D object recogni-
tion is considered one of the most fundamental problems. Thanks to mature and
transferable 2D vision models [11,47] and large-scale image datasets [10], render-
ing 3D objects into multiple 2D images and applying 2D networks to indirectly
recognize 3D objects has become the state-of-the-art method [57]. Furthermore,
compared with direct methods (e.g . , point-based [1,61], voxel-based [38]), view-
based methods are closer to human perception of 3D objects in the real world.
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Fig. 1: In practical scenarios, 3D objects are observed from arbitrary views(right).
The definition of arbitrary views is that each object is unaligned, and the viewpoint
positions and quantities vary for each object. Previous works have focused on 3D
object recognition in aligned views(left), where the pose of each object is aligned, and
the positions and quantities of viewpoints are predefined. Rotated views(middle) is
an extension that introduces random rotation for each 3D object while keeping the
viewpoint positions and quantities unchanged. Our work focuses on arbitrary views.

Previous view-based methods [5, 6, 49, 50, 56] focus on addressing 3D object
recognition tasks under fixed viewpoints, while recognition under arbitrary views
still lacks extensive research. As shown in Fig. 1, arbitrary views represent a more
challenging setting where each object may have different viewpoint positions and
quantities, and the poses of each object are not aligned.

However, most view-based methods [5,6,13,18,26,41,49,50,55–57,60,63–65],
which aggregate multiple view features to obtain a global feature representation,
hard to effectively address 3D object recognition under arbitrary views. This is
because the misaligned nature of arbitrary views complicates the representation
and aggregation of view features, which leads to performance degradation. For
example, when applied to arbitrary views, the performance of CVR [55] drops by
6.31% and 14.23% in ModelNet [59] and ScanObjectNN [53] datasets. Even some
multi-view aggregation methods [26, 56] cannot be applied to arbitrary views
because they require fixed viewpoint position information. Furthermore, view
aggregation methods [13, 49] typically jointly optimize feature extraction and
aggregation modules to maximize performance, but this may lead the extraction
module to overly focus on certain views while ignoring information from others,
resulting in information loss.

To address these challenges, we propose a novel part-based representation, as
shown in Fig. 2. This idea is inspired by cognitive science and biology [20], which
aims to understand different part features or specific regions in a multi-view se-
quence to better represent 3D objects. For example, a person can be composed
of multiple parts with unique attributes, such as the head, arms, body, legs, and
so on. By locating and integrating the features of these parts, we can more accu-
rately represent a person. Compared with the multi-view aggregation features,
part features offer several advantages. Firstly, an individual view contains abun-
dant part information. Even if only a few views are utilized, we can still extract
stable part features, thereby adapting to changes in the number of viewpoints
in arbitrary view settings. Secondly, the part features are more stable than the
multi-view aggregation features [37], which can better adapt to changes in ob-
ject rotation and viewpoint positions. Therefore, the part-based representation
method is robust and can better handle the challenge of 3D object recogni-
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Fig. 2: Comparison between multi-view aggregation representation (a) and part-based
representation (b) . View aggregation methods integrate features from di�erent views
and use the aggregated features to represent 3D objects. However, since the views
are not aligned, the aggregated features lack robustness, making it di�cult to handle
3D recognition on arbitrary views. Additionally, view aggregation methods su�er from
information loss, thus unable to fully utilize the features from each view. We newly
propose a part-based representation that focuses on multi-view part awareness and
combines multiple parts to robustly represent 3D objects.

tion under arbitrary views. We also provide comprehensive experimental results
in Sec. 4 to demonstrate the e�ectiveness of part-based representation. When
switching to arbitrary views, we do not observe signi�cant performance degra-
dation in our method, and it even outperforms most �xed viewpoint methods.

Speci�cally, this paper proposes a novel part-aware network (PANet). Firstly,
it employs weakly supervised learning to locate and recognize parts in each
view, obtaining local view part features. Then, local view parts are input into
the adaptive part re�nement (APR) module. This module adaptively perceives
the correlation of local view parts and further integrates these view parts to
obtain global parts, which aims to adapt to the viewpoint changes of parts
across di�erent views. Finally, we combine these global parts to represent a 3D
object. It is worth noting that we also introduce a regularization loss in the part
localization module to ensure that part features can better focus on the object.

The primary contributions of this work can be summarized as follows:
� Unlike existing view aggregation methods, we propose a novel part-based

representation. We consider a 3D object as a collection of part features rather
than an abstract multi-view aggregated feature. This part-based representation is
not limited by the position and quantity of viewpoints or a�ected by object poses,
making it more �exibly applicable to various viewpoint scenarios, especially in
arbitrary views.

� Further, we newly develop a Part-Aware Network (PANet), for extracting
parts in multiple views. The network employs a weakly supervised method to
localize parts on each view, enabling it to obtain local view parts. Then, we
further re�nes these view parts through the proposed Adaptive Part Re�nement
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(APR) module to obtain global parts. These global parts can better adapt to
di�erences in parts across viewpoints. Finally, integrating these global parts
forms a comprehensive description of a 3D object.

� We conduct experiments on various datasets, including ScanObjectNN,
ModelNet, and RGBD. Our method outperforms existing methods in both �xed
views and arbitrary views. In particular, the performance in arbitrary views
exceeds most existing �xed viewpoint methods based on �xed views, achieving
robust recognition of 3D objects.

2 Relative Work

3D object Recognition methods: 3D object recognition using deep neu-
ral networks can be broadly divided into three main categories: point-based
methods [17, 42, 43], voxel-based methods [28, 38, 46], and view-based methods.
View-based methods render 3D objects into multiple views and utilize multiple
views to jointly represent 3D objects. Bene�ting from mature and transferable
2D vision models and large-scale image datasets, they can better handle 3D
object recognition tasks.

MVCNN [48] is a pioneering multi-view network for 3D object classi�cation.
It utilizes a view pooling strategy to integrate features from di�erent views. Yang
et al. [63] proposes a relational network to e�ectively connect corresponding re-
gions from di�erent viewpoints, thus enhancing the information of each view.
3D2Seq2views [18] method treats multiple views as a sequence and employs a
convolutional neural network with novel hierarchical attention aggregation to ag-
gregate sequential views. DRCNN [50] utilizes the dynamic routing algorithm of
capsule networks to construct a new Dynamic Routing Layer (DRL), which inte-
grates features from each view. View-GCN [56] employs multiple views as nodes
in a view graph, leveraging a graph convolutional network (GCN) architecture
to hierarchically aggregate information and learn robust 3D shape descriptors.
These methods assume that each object has a prede�ned set of viewpoints and
are trained and tested on these viewpoints. This assumption may limit model
performance when dealing with 3D object recognition in arbitrary views. As
far as we know, there are few studies [31, 34, 55] that have made signi�cant
progress beyond �xed viewpoint settings. The MVTN [34] implements view-
point regression for 3D object recognition based on the latest research progress
of di�erentiable rendering. The motivation of CVR [55] is to restore the intrinsic
alignment of arbitrary views, transform it into aligned representations and then
perform aggregation. In our work, we newly propose part-based representation.
Part features exhibit viewpoint invariance and rotation robustness, making them
more suitable for handling changes in viewpoint positions and quantities in ar-
bitrary views. Moreover, the key idea of part-based representation is not to rely
on multi-view aggregation, thus avoiding information loss.
Discriminative Part Localization: The perception and localization of ob-
ject part-level features are usually challenging. Many existing approaches [25,35,
66, 67] suggest using bounding boxes and additional annotations to accurately
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locate discriminative regions of objects. However, this method often requires
expert knowledge and extensive annotation e�orts, rendering it impractical for
real-world applications. Fortunately, more and more research [14, 23, 45, 68, 69]
has shown that important object regions can also be localized using weakly su-
pervised methods. These methods rely solely on image-level supervision to iden-
tify part features. Early works usually locate class-speci�c discriminative regions
via CAM [69]. Fu et al. proposes Recursive Attention CNN (RACNN) [14] to
iteratively focus on predicting the locations of attention regions and extract dis-
criminative features. Zhenget al. proposes Multi-Attention CNN (MACNN) [68],
which proposes channel grouping loss to generate multiple parts by clustering.
WSDAN [23] proposes weakly supervised attention learning to generate the dis-
tribution of parts. Meng et al. [39] introduces an end-to-end part discovery model
(PDM) that aims to uncover robust and diverse object parts within a uni�ed
framework. Our PANet focuses on perceiving multiple discriminative regions in
each view, extracting su�cient local view parts, and proposing the Adaptive
Part Re�nement (APR) module to further re�ne them to obtain global parts.
These global parts can adapt to changes in viewpoint for parts across di�erent
views, making them more suitable for 3D objects.

3 Proposed Method

In this work, we newly propose a Part-Aware Network (PANet) that aims to solve
the challenge of 3D object recognition (especially under arbitrary views). The
overall architecture of the proposed PANet is shown in Fig. 3, consisting of three
modules: weakly supervised part localization, adaptive part re�nement, and joint
part representation. We �rst introduce a weakly supervised method to perform
part localization and feature extraction on each view (Sec. 3.1). Secondly, to
adapt to the variations of part features across views, we propose the Adaptive
Part Re�nement (APR) module, which re�nes redundant part features from
multiple views into more compact representations (Sec. 3.2). Finally, we integrate
these re�ned features to represent a 3D object (Sec. 3.3).

3.1 Weakly-Supervised Part Localization

It is worth noting that we do not rely on supervised positional annotations [67],
such as bounding boxes or keypoints, for part localization. Instead, we employ
a more cost-e�cient weakly-supervised learning approach [23, 68] that utilizes
image-level annotations to identify discriminative regions, which requires no ex-
pertise and no extensive annotation e�ort.

We generate a multi-view sequenceX = f X 1; X 2; : : : ; X v g by rendering a 3D
object from di�erent viewpoints. Here, v denotes the number of views,X i repre-
sents thei -th view, where i 2 [1; v]. Then, each view is encoded by an image clas-
si�cation network e.g. , ResNet [19] to obtain view featuresI = f I 1; I 2; : : : ; I v g,
where I i 2 RH� W � C 1; i 2 [1; v] is corresponding to the feature map of thei -th
1 H, W, and C represent the height, width, and number of channels of the feature

layer, respectively
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Fig. 3: Overview of our proposed Part-Aware Network (PANet). The network takes
multi-view images as input, encodes them by CNN, obtains view features I , and uses
the cross-view association (CVA) module to enhance the view features. Firstly, employ
weakly-supervised methods to perceive part regions and generate view part sequences
T . Then, given some learnable part tokens P , the sequencesT and P are concatenated
and input to the adaptive part re�nement (APR) module. The module aims to re�ne the
sequenceT into a more compact representation, resulting in the global part features.
Finally, multiple global parts P together serve as a representation of a 3D object.

view X i . To align the features from multiple views into the same feature space,
we share the weights among each of the convolutional neural network.
Enhance Multi-view Features: However, the associations between view fea-
tures I are not explicitly modeled. Therefore, we develop a cross-view associa-
tion (CVA) module to obtain enhanced view features F i , enabling each view to
incorporate information from other views.

For each view featureI i , the cross-view association (CVA) module calculates
the matching score between it and the overall view featureI . Here, the dot
product function is selected as the matching function. Then, I i is enhanced
based on the correlation scores with other views. The enhanced view feature
F i 2 RH� W � C can be expressed in detail as follows:

F i = sof tmax
�
! (I i )T � ! (I )

�
I ; (1)

where ! (I i ) 2 RC represents the use of average pooling operations.
Part Sampler: After passing through the cross-view association module, the
enhanced view featuresF comprehensively incorporate information from other
views. Next, we sample parts from the enhanced view featuresF.

Inspired by [23, 45], we implement the attention model  to learn the spa-
tial distribution of each part within each view. For view i , the distribution of



Beyond Viewpoint 7

view parts is represented by the attention mapA i 2 RH� W � M , which can be
computed by:

A i =  (F i ) = f A i; 1; A i; 2; : : : ; A i; M g; (2)

where A i;j 2 RH� W ; i 2 [1; v] ; j 2 [1; M] represents the j -th part region or
visual pattern of the object's i -th views, such as a car wheel or an airplane wing.
M denotes the number of attention maps, each view extracts the same number
of regions of interest.

Next, we employ the attention map A i;j to softly weight the enhanced feature
maps F i , followed by the global average pooling operation! to obtain the parts
on view i (See Eq. 3).

t i;j = ! (F i 
 A i;j ) ; (3)

where t i;j 2 RC , 
 denotes element-wise multiplication between two tensors.
Finally, we concatenate all the view part features together, resulting in a 3D

multi-view part sequenceT 2 RN� C (see Eq. 4).

T = [ t 0;0; t 0;1; : : : ; t 0;M ; t 1;0; t 1;1; : : : ; t 1;M ; :::; t v;0; t v;1; : : : ; t v;M ]; (4)

where N represents the total number of parts(v � M) in the multi-view.

3.2 Adaptive Part Re�nement

In Sec. 3.1, we have obtained a multi-view part sequenceT . However, there are
di�erences in parts across di�erent views, where each elementt ij in T can only
represent local view features. It is challenging to generalize the overall features
of a 3D object relying solely on local view parts. Therefore, we newly propose
an Adaptive Part Re�nement (APR) module, which aims to explicitly model
the correlations between parts across views, thus enhancing the robustness of
part features to viewpoint variations. This module adaptively integrates part
information from multiple views and re�nes it to obtain global part features
that are more suitable for 3D objects.

Formally, the APR (Adaptive Part Re�nement) module contains a trans-
former block. Given some global part tokens [4, 7, 11]P 2 RL � C , where L rep-
resents the number of parts. We concatenateP and T as input to the APR
module. After passing through the APR module, local partst i;j can learn cross-
view correlations and obtain global parts P 2 RL � C suitable for 3D objects.
We also observe the diversity of global part featuresP (See Fig. 4).

3.3 Joint Multi-Part Representation

Relying solely on individual parts may not be su�cient to represent a 3D object.
To overcome this limitation, we jointly describe the 3D object using multiple
parts. We make predictions for each part and then average them to obtain the
prediction for the 3D object. Each 3D object can be represented as Eq. 5:

P =
h
p

1
; p

2
; : : : ; p

L

i
; where P 2 RL � C (5)
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The proposed PANet is optimized through supervised learning, including
instance classi�cation lossL ce and part-aware lossL awe . The loss function for
multi-view X is de�ned as follows:

pi = sof tmax
�

p
i
W p + bp

�
; where p

i
2 R1� C ; i 2 [1; L]

qj = sof tmax
�

t j W q + bq

�
; where t j 2 R1� (M � C) ; j 2 [1; v] ;

L = L ce + L awe = �
KX

k=1

yk logp̂k + 


 

�
1
v

vX

i =1

KX

k=1

yk logqj
k

!

;

(6)

whereW p, W q, bp, and bq are learnable parameters.pi represents the predicted
probability of the i -th global part, p̂k represents the average of the predicted
probabilities for L global parts, and qj represents the predicted probability for
the j -th view part. yk is the ground truth label of class k. L ce represents the
cross-entropy loss of the �nal parts. L awe represents the classi�cation loss ofM
part features in each view, which is used to constrain the generation of parts.
Furthermore, we apply techniques such as �ipping and random erasure to aug-
ment the image for more robust part results.

4 Experiments

4.1 Datasets and Experimental Setup

We conduct an extensive evaluation of PANet on several benchmark datasets,
namely ScanObjectNN [53], ModelNet [59], and RGBD [29]. In order to facili-
tate fair comparisons, we strictly adhere to the methodologies proposed in prior
works [26, 48, 55] for preparing the training and testing data on the di�erent
datasets. Speci�cally, we adopt the training scheme introduced by MVCNN [48]
and adopt the same viewpoint generation and rendering method as Rotation-
Net [26] to handle the multi-view images from the ModelNet and ScanObjectNN
datasets. Experiment on rotated datasets also follows CVR [55] setting. For arbi-
trary views, the number of views for each 3D object ranges randomly from 10 to
20. Throughout the training process, we utilize the AdamW [36] optimizer with
a learning rate of 1e-5. We select ResNet50 as our backbone network and utilize
label smoothing regularization [51] to enhance the generalization capability of
our model. 
 is the weighting factor for the part-aware loss as in Eq. 6, which we
set 
 = 1 for the experiments. Please refer to the Appendix for implementation
details of our method.

4.2 Comparison with State-of-the-Art Method

The ScanObjectNN Datasets. As a recently introduced real-world 3D object
classi�cation dataset, ScanObjectNN [53] provides scanned indoor scene data.
The dataset comprises approximately 15,000 objects, spanning 15 categories,
and includes 2,902 unique object instances. Compared with CAD handcrafted
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Table 1: Classi�cation on ScanObjectNN. `Aligned' means that every 3D object is in
the same pose. `Rotated' means that each 3D object is misaligned. `-' indicates that
the speci�c result is not reported.

Method Type Aligned Rotated

Per Class Acc. Per Ins. Acc. Per Class Acc. Per Ins. Acc.

PointNet++ [43] Point 82.10% 84.30% - -
DGCNN [54] 84.00% 86.20% - -

MVCNN [48]

View

85.71% 87.82% 78.21% 80.62%
GVCNN [13]

(�xed)

86.64% 88.68% 82.86% 83.70%
RotationNet [26] 84.88% 86.90% 74.68% 76.16%
View-GCN [56] 88.67% 90.39% 81.99% 83.50%
CVR [55] 88.39% 90.74% 84.70% 85.59%
View-GCN++ [57] 89.10% 91.30% 85.80% 86.80%
Ours 93.21% 93.99% 86.15% 87.82%

CVR [55] (arbitrary) - - 68.07% 71.36%
Ours 91.77% 93.48% 84.08% 86.45%

datasets, ScanObjectNN o�ers more realistic challenges as it re�ects the noise,
complexity, and incompleteness present in real-world environments, incorporat-
ing the appearance and geometric shapes of actual objects. Consequently, it is
better for assessing the robustness of the model. We train PANet under dif-
ferent viewpoint settings and compare with point-based methods [43, 54] and
view-based methods [13,26,48,55�57], as shown in Tab. 1. View-based methods
primarily rely on view aggregation, and it is di�cult to robustly aggregate fea-
tures from structurally misaligned views, especially for arbitrary views. When
switching to arbitrary views, the performance of these methods drops sharply.
Our PANet is observed to signi�cantly outperform previous approaches in both
class accuracy and instance accuracy, whether in aligned views, rotated views,
or arbitrary views. In aligned views, compared with the current state-of-the-art
methods e.g. , View-GCN++ [57] and CVR [55], PANet improves instance ac-
curacy and class accuracy by 2.69% and 4.11%. PANet also achieves signi�cant
improvements of 1.02% and 0.35% in rotated views. Surprisingly, even under ar-
bitrary views, our performance surpasses that of most �xed viewpoint methods,
demonstrating that PANet can robustly recognize 3D objects unconstrained by
the scene. Please refer to the Appendix for more detailed comparisons.

The ModelNet Datasets. ModelNet [59] is a dataset of hand-drawn point
clouds generated from CAD models. It comprises 12,311 3D shapes, covering 40
categories, with 9,483 models allocated for training and 2,468 for testing. The
experimental results on the ModelNet dataset are presented in Tab. 2. We �rst
compare with point-based and voxel-based methods, including PointNet++ [43],
Kd-Networks [27], RS-CNN [22], KP-Convs [52], MVTN [34], 3DShapeNets [58],
VoxNet [38], and VRNEnsemble [3]. Our PANet outperforms them by more than
3.93% and 4.6% in instance accuracy and class accuracy and is also 3.73% and
4.37% higher in free viewpoints. We also compared with view-based approaches,
including MVCNN-new [48], GVCNN [13], HEAR [5], RotationNet [26], View-
GCN [56], MVT [6], HMVCM [32], MVD [24], DAN [41], DRCNN [50], EMV [12],
View-GCN++ [57], CVR [55], and HGNN+ [16]. PANet consistently outper-
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Table 2: Classi�cation on Aligned Mod-
elNet40. `-' indicates that the speci�c re-
sult is not reported, `�xed' denotes sam-
pling from a �xed viewpoint. `free' means
that the arbitrary number of viewpoints.

Aligned ModelNet40

Method Type Class Acc. Ins. Acc.

3DShapeNets [58]
Voxel

77.3% -
VoxNet [38] 83.0% -
VRNEnsemble [3] 91.4% 93.8%

PointNet++ [43]

Point

- 91.9%
Kd-Networks [27] 88.5% 91.8%
RS-CNN [22] - 93.6%
KP-Convs [52] - 92.9%
MVTN [34] 92.0% 93.8%

MVCNN-new [48] 92.40% 95.00%
GVCNN [13] 90.70% 93.10%
HEAR [5] 95.20% 96.70%
RotationNet [26] - 97.37%
View-GCN [56] 96.50% 97.60%
MVT [6] - 97.50%
HMVCM [32] - 94.57%
MVD [24] View 92.61% 94.41%
DAN [41] - 93.50%
DRCNN [50] 94.86% 96.84%
View-GCN++ [57] 96.50% 97.60%
CVR [55] 95.77% 97.16%
HGNN+ [16] - 96.92%
Ours 96.60% 97.73%

Ours (free) 96.37% 97.53%

Table 3: The accuracy of 3D object clas-
si�cation on Rotated ModelNet40.

Rotated ModelNet40

Method #View Class Acc. Ins. Acc.

MVCNN [48]

�xed

87.95% 88.17%
GVCNN [13] 89.69% 88.10%
EMV [12] 88.80% 90.00%
RotationNet [26] 84.74% 85.29%
View-GCN [56] 85.90% 88.25%
CVR [55] 91.12% 92.22%
View-GCN++ [57] 90.70% 92.80%
Ours 90.35% 92.87%

CVR [55] arbitrary 84.01% 86.91%
Ours 90.69% 92.23%

Table 4: The accuracy of object classi�-
cation on RGBD (in%).

Method # View Ins. Acc.

MDSICNN [2] � 120 89.6%
CFK [8] � 120 86.8%
MMDCNN [44] � 120 86.8%
RotationNet [26] 12 89.3%
View-GCN [56] 12 94.3%
View-GCN++ [57] 12 92.5%
Ours 12 96.5%

MVCNN [48]

4-12

89.0%
GVCNN [13] 89.8%
CVR [55] 91.8%
Ours 95.9%

forms these methods in �xed views. Its performance at free viewpoints surpasses
that of most existing approaches. We next report the robustness of PANet in
rotated views, as shown in Tab. 3. Under the rotated views, PANet also achieves
the highest score in instance accuracy.
The RGBD Datasets. The RGBD [29] dataset comprises 51 categories of
domestic objects captured in the real world, encompassing RGBD views from
multiple viewpoints. To ensure a fair comparison, we adopt the identical experi-
mental setup as RotationNet [26] and View-GCN [56]. Speci�cally, we uniformly
sample 12 RGB images from the same circle for each 3D object as input and
report the average results using ten-fold cross-validation. We keep the same set-
tings as CVR [55] in arbitrary views, sampling images from 4 to 12 viewpoints as
input to the network. The experimental results are summarized in Tab. 4. The
performance of PANet in arbitrary views is impressive. Compared with work in
arbitrary views e.g. , CVR [55], PANet signi�cantly improves by 4.1%. Addi-
tionally, compared with the work in �xed views, such as view-GCN [56], PANet
has also improved by 1.6%. This further validates the superiority of our method.

4.3 Model Analysis

All experiments are conducted on the ScanObjectNN dataset in rotated views.
Please refer to the Appendix for detailed experimental analyses.
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