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Abstract

Combining information from multiple views is essential for discriminating similar
objects. However, existing datasets for multi-view object classification have several
limitations, such as synthetic and coarse-grained objects, no validation split for
hyperparameter tuning, and a lack of view-level information quantity annotations
for analyzing multi-view-based methods. To address this issue, this study proposes
a new dataset, MVP-N2, which contains 44 retail products, 16k real captured views
with human-perceived information quantity annotations, and 9k multi-view sets.
The fine-grained categorization of objects naturally generates multi-view label noise
owing to the inter-class view similarity, allowing the study of learning from noisy la-
bels in the multi-view case. Moreover, this study benchmarks four multi-view-based
feature aggregation methods and twelve soft label methods on MVP-N. Experi-
mental results show that MVP-N will be a valuable resource for facilitating the de-
velopment of real-world multi-view object classification methods. The dataset and
code are publicly available at https://github.com/SMNUResearch/MVP-N.

1 Introduction

Humans live in a three-dimensional (3D) environment comprising various 3D objects with rich
information, including shape, color, texture, and size. Human visual perception of 3D objects relies
on two-dimensional (2D) observations from different perspectives. Since single-view representations
may not provide discriminative features between similar objects, multi-view representations, which
combine information from multiple views, are preferred.

Recent multi-view-based methods [1, 6, 28, 30, 35, 41] aggregate multi-view features extracted from
well-established single-view classifiers [45, 46, 47, 48, 49, 50] and achieve superior performance.
However, some of the settings in the existing methods may not be practical for real-world multi-view
object classification. In real-world scenarios, objects are typically observed from diverse viewpoints,
and the spatial relationships between cameras and objects are not as easily acquired as in virtual
capture environments. Therefore, practical multi-view-based methods should satisfy three properties:
P1) Arbitrary numbers of input views are allowed in both the training and test stages. P2) The spatial
relationships between the cameras and objects, such as camera positions and relative poses, are not
utilized. P3) Views can be obtained from arbitrary viewpoints and permuted randomly rather than
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Method Year Main Components P1 P2 P3 Implementation

Two-stage:
MVCNN [1] 2015 element-wise maximum view-pooling 3 3 3 MATLAB
Pairwise Network [2] 2016 image sequence decomposition, pairwise learning, weighted view pairs 3 7 3 N/A
GIFT [3, 4] 2017 inverted �le, multi-view matching 3 3 3 N/A
RCPCNN [5] 2017 view similarity graph, dominant sets, recurrent clustering & pooling 3 3 3 MATLAB
GVCNN [6] 2018 raw view descriptor, grouping module, intra-group pooling, group fusion 3 3 3 PyTorchy

MHBN [7] 2018 harmonized bilinear pooling 3 3 3 PyTorchy

VERAM [8] 2018 observation subnetwork, LSTM, view estimation, reinforcement learning 3 7 3 Torch
SeqViews2SeqLabels [9] 2018 encoder-RNN, decoder-RNN, attention mechanism 3 3 7 TensorFlow
MVCNN-new [10] 2018 element-wise maximum view-pooling 3 3 3 PyTorch
MV-LSTM [11] 2018 bidirectional LSTM, sequence voting, highway network 3 3 7 N/A
DeepCCFV [12] 2019 DropMax block 3 3 3 N/A
MLVCNN [13] 2019 loop normalization, LSTM 7 3 7 N/A
3D2SeqViews [14] 2019 view feature encoding, hierarchical attention aggregation 3 3 7 N/A
RotationNet [15, 16] 2019 latent viewpoint variables, pose alignment, view-speci�c category likelihood 7 3 7 Caffe
3DViewGraph [17] 2019 latent semantic mapping, spatial pattern correlation, attentioned correlation aggregation7 7 3 N/A
MVSG-DNN [18] 2019 multi-view saliency modeling, LSTM 3 3 3 N/A
EMVN [19] 2019 group convolution, log-polar transform, homogeneous space convolution, �lter localization7 7 7 PyTorch
Relation Network [20] 2019 reinforcing block, self-attention mechanism, integrating block 3 3 3 N/A
View-GCN [21] 2020 view-graph, local graph convolution, non-local message passing, selective view-sampling7 7 3 PyTorch
HEAR [22] 2020 hybrid attention, multi-granular view pooling, hyperbolic embedding & neural network 7 3 7 N/A
DRCNN [23] 2020 multi-view features rearrangement, af�ne transformation, dynamic routing 7 3 3 N/A
VMM [24] 2020 view mixture model, neural expectation maximization, latent view alignment 7 3 3 PyTorch
JointMVCNN [25] 2020 inter-view information calculation, adaptive-weighting loss fusion 7 3 3 N/A
MVLADN [26] 2021 set-to-set matching kernel, kernel embedding, harmonized bilinear pooling, VLAD 3 3 3 N/A
DRMV [27] 2021 feature disentanglement, view permutation consistency regularization, gradient reverse layer7 3 3 N/A
DAN [28] 2021 deep-attention network, self-attention mechanism 3 3 3 PyTorch
CAR-Net [29] 2021 view-wise feature representation & re�nement, correspondence-aware representation learning3 7 3 N/A
CVR [30] 2021 feature encoder, canonical view representation & aggregator & feature separation loss3 3 3 PyTorch
SVHAN [31] 2021 hierarchical feature aggregation module, selective fusion module 3 3 7 N/A
MVT [32] 2021 patch & position embedding, local transformer encoder, global transformer encoder 7 3 3 N/A
VFMVAC [33] 2022 voting-based view �ltering, cross-view channel shuf�e, aggregating convolution 7 3 7 N/A

Three-stage (Hypergraph):
iMHL [34] 2018 hypergraph construction, inductive multi-hypergraph learning 3 3 3 N/A
HGNN [35] 2019 hypergraph construction, hypergraph neural network 3 3 3 PyTorch
MHGNN [36] 2021 hypergraph construction, multi-scale hypergraph neural network 3 3 3 N/A
HGNN+ [37] 2022 HGNN, hyperedge groups construction & fusion, two-stage hypergraph convolution 3 3 3 PyTorch
AMHCN [38] 2022 hypergraph construction, adaptive multi-hypergraph convolutional network 3 3 3 N/A
GHSC [39] 2022 hypergraph with edge-dependent vertex weights, general hypergraph spectral convolution3 3 3 N/A

Three-stage (Part):
Parts4Feature [40] 2019 generally semantic parts, region proposal network, global feature learning 3 3 3 N/A
FG3D-Net [41] 2021 generally semantic parts, region proposal network, RNN, hierarchical part-view attention3 3 3 TensorFlow

Table 1: Summary of 39 multi-view-based feature aggregation methods published from 2015 to
August 2022.N/A: The source code is not publicly available. `†': Unof�cial implementation.

RGB-D Object [42] ModelNet40 [43] MIRO [15] ScanObjectNN [44] FG3D [41]MVP-N (ours)

Year 2011 2015 2018 2019 2021 2022
Representation RGB-D Mesh RGB Point Cloud Mesh RGB
#Categories 51 40 12 15 66 44
Real-world objects 3 7 3 3 7 3
Real capture environment 3 7 3 7 7 3
Fine-grained 7 7 7 7 3 3
Validation set 7 7 7 7 7 3
View-level annotation 7 7 7 7 7 3

Table 2: Comparison of MVP-N and existing multi-view object classi�cation datasets.

prede�ned view con�gurations. Table 1 summarizes 39 recent multi-view-based feature aggregation
methods with these three properties.

Moreover, as shown in Table 2, existing datasets [42, 43, 15, 44, 41] may not be suf�cient for
developing practical multi-view-based methods owing to three main limitations: 1) Synthetic polygon
mesh objects and coarse-grained categorization. 2) No validation split causes hyperparameter tuning
directly on the test set. 3) The lack of view-level information quantity annotations makes it dif�cult
to interpret how informative and uninformative views are utilized for discriminating objects.

To resolve the above limitations, this study proposes MVP-N, a new dataset containing 9k multi-view
sets constructed from 16k real captured views of 44 real-world �ne-grained retail products. In MVP-
N, different objects can appear similar or identical in speci�c views, referred to as high inter-class
view similarity. In this case, humans cannot classify an object accurately from these views for
�ne-grained (instance-level) object categorization, making the classi�cation task challenging. Here,
views with human uncertainty of class labels are denoted as uninformative views. The inconsistency
between the one-hot manner of class labels and human judgment causes multi-view label noise. Soft
label methods [51, 52, 53, 54, 55, 56, 57, 58, 59, 60] can help alleviate the inconsistency and render
view-level predictions more consistent with human judgments, allowing the study of learning from
noisy labels [61, 62] in the multi-view case.
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Figure 1: Illustration of the framework for multi-view object classi�cation.FA: Feature Aggregation.
RPN: Region Proposal Network.FC: Fully Connected Layer.HL : Hypergraph Learning.HNN:
Hypergraph Neural Network.SF: Score Fusion.

MVP-N provides a human-perceived information quantity (HPIQ) annotation for each view in the
train/valid/test split, which is de�ned as informative or uninformative. HPIQ annotations can help
analyze how multi-view-based feature aggregation methods discriminate similar objects. Furthermore,
this study proposes a new metric and an evaluation protocol based on HPIQ annotations to evaluate
the performance of soft label methods for multi-view object classi�cation.

The contributions of this study can be summarized as follows:

• A real-world multi-view �ne-grained dataset with HPIQ annotations is proposed to resolve
the limitations of existing datasets for developing practical multi-view-based methods.

• Recent multi-view-based feature aggregation methods are comprehensively summarized
regarding their practicability in real-world scenarios.

• A new metric and an evaluation protocol are proposed based on HPIQ annotations to evaluate
the performance of soft label methods in the multi-view case.

• Four multi-view-based feature aggregation methods and twelve soft label methods are
benchmarked on MVP-N, introducing new �ndings.

The rest of this paper is organized as follows. Section 2 brie�y reviews recent multi-view-based
feature aggregation methods, existing datasets, and soft label methods. Sections 3 and 4 present the
details of MVP-N and the benchmark, respectively. Section 5 presents the analysis results. Section 6
concludes the study and discusses its broader impact.

2 Related Work

Multi-view-based feature aggregation. As illustrated in Figure 1, existing methods can be catego-
rized into two-stage and three-stage strategies. Two-stage strategies render 2D images from different
viewpoints of a 3D object and then perform classi�cation by aggregating multi-view features extracted
from 2D convolutional neural networks (CNNs) [45, 46, 47, 48, 49] or vision transformers [50].
The pioneering work, MVCNN [1], aggregates multi-view features in a view-pooling layer based
on the element-wise maximum operation. MVCNN is straightforward but causes information loss
in the views, and it treats all views equally without exploiting the relationship among them. Later
studies attempt to address this issue and perform better multi-view feature aggregation, such as
pooling across similar views [5, 6, 7, 22, 26], weighting information from views via the self-attention
mechanism [9, 14, 20, 28, 30, 31, 32], and encoding the spatial relationship among views with
known capturing settings [9, 11, 14, 17, 21, 29]. Three-stage strategies can be categorized into
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Figure 2: (a) Sample objects in �ve existing datasets. (b) Sample objects in the proposed MVP-N.

hypergraph-based [34, 35, 36, 37, 38, 39] and part-based [40, 41] methods. Hypergraph-based meth-
ods exploit the high-order correlation among objects by constructing a hypergraph on object-level
features [1, 6] and help learn discriminative representations from a global perspective. However, most
methods [35, 36, 37, 38, 39] require a certain number of test samples to construct the hypergraph,
meaning that a single test sample is not allowed in the inference phase. Part-based methods �rst detect
the generally semantic parts (GSPs) from multi-view features via a region proposal network [63]
and then perform aggregation on the top K region proposals selected according to their semantic
scores. In the training stage of GSPs detection, ground truth GSPs are generated from the 3D shape
segmentation benchmarks [64, 65, 66]. Three-stage strategies are more sophisticated than two-stage
strategies but may not be practical in real-world scenarios because of the complex inference phase or
additional part-level annotations.

Multi-view object classi�cation datasets. ModelNet40 [43] is the most commonly used dataset
for developing multi-view-based methods. Since its objects are synthetic and coarse-grained, some
research [15, 16, 21, 41, 30, 33] selectively uses other datasets for further evaluation, including
RGB-D Object [42], MIRO [15], ScanObjectNN [44], and FG3D [41]. The performance of multi-
view-based methods on the above datasets is provided in Appendix A. Figure 2 shows a comparison
of objects between the existing datasets and MVP-N.

Soft label. Soft label methods can be categorized into implicit regularization, human annotation,
and label refurbishment. Implicit regularization [54] softens labels by taking an average with a
uniform distribution over one-hot labels. Human annotation [60] uses the distribution of human
categorization judgments to construct soft labels. Label refurbishment [51, 52, 53, 56, 55, 57, 58, 59]
generates soft labels via a weighted combination of one-hot labels and model predictions. The main
differences among label refurbishment methods are how to utilize model predictions, class-level or
image-level soft labels, the period of supervision with soft labels, and the weighting factor. Unlike
general single-image classi�cation tasks [67, 68, 69, 70, 71, 72], this study validates the robustness
of soft label methods for multi-view object classi�cation.

3 MVP-N: Dataset Design and Construction

Object selection. Retail products can be distinguished without semantic confusion3. Therefore, a
�ne-grained categorization [73] can be easily established. Furthermore, retail products of the same
brand with different �avors provide high inter-class view similarity. In total, 44 retail products from

3Ma et al. [11] and Chen et al. [8] point out the semantic confusion issue in ModelNet40 [43].
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Figure 3: List of 44 objects in MVP-N. Nineteen groups of similar-looking objects are illustrated.

16 brands are selected. Each brand contains two to �ve objects with similar appearances. Figure 3
lists the selected objects.

Data collection. A multi-camera setup is built to collect multi-view images. This design enables
a sizable and closed capture space with a clean white background. Twenty cameras (Logitech
StreamCam4) are mounted above the tabletop and around the workspace. All cameras are well-
calibrated and have manual focus. Lighting equipment is installed above the setup to illuminate the
object and its surroundings. Figure 4(a) shows the real capture environment and camera con�gurations.
To provide different distributions of views in the train/valid/test split, we collect multi-view images in
two ways, as follows:

• Collection A(24 trials in the 12-camera con�guration): The object is placed at the center of
the tabletop using a prede�ned pose and rotation. Here, six poses (top, bottom, front, back,
left, and right) and four rotations (0� , 90� , 180� , and270� ) are de�ned. With 24 trials and
12 cameras, 288 images of the object are captured.

• Collection B(50 trials in the 16-camera con�guration): The object is randomly placed on
the tabletop, and its pose and rotation are set randomly for each trial. With 50 trials and 16
cameras, 800 images of the object are captured.

Data annotation. We hire ten well-trained annotators with more than six months of experience in
image classi�cation and bounding box annotations. The annotators �rst observe5 the objects and then
group them based on their similarity in appearance. Consequently, 19 groups are assigned. Next, the
captured images are distributed equally among the annotators. Each image is annotated once by a
single annotator. Since the class label is automatically obtained when capturing an image of a single
object, annotators draw a bounding box to enclose the foreground object and judge the quantity of
information in its view. The following three options are provided for information quantity judgment:

• Suf�ciently informative: A distinctive appearance is suf�ciently included in this view. The
object can be classi�ed correctly without additional information from other views.

• Less informative: A distinctive appearance is partially included in this view. High classi�ca-
tion accuracy cannot be guaranteed using only this view.

• Uninformative: A distinctive appearance is not included in this view. Additional information
from other views is required to classify the object correctly.

Figure 4(b) shows examples of human judgments on information quantity. The average annotation
time per image is 45 s.

4https://www.logitech.com/en-us/products/webcams/streamcam.960-001289.html
5Text recognition of the product packaging is not considered here.
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Figure 4: Illustration of the construction for MVP-N. (a) The real capture environment and camera
con�gurations. (b) Examples of human judgments on information quantity. (c) Examples of multi-
view sets in the train and validation/test sets. The informative and uninformative views are respectively
marked with red and green rectangles.

Quality control and data �ltering. Two researchers check the quality of the bounding box annota-
tions. Subsequently, the annotators correct the missed and imprecise ones. To guarantee the quality
of `informative/uninformative' (HPIQ) annotations, images with `less informative' annotations are
�rst �ltered. Since a single annotation per image may introduce an annotation bias, two researchers
and a volunteer6 provide three additional information quantity annotations for the remaining images.
Subsequently, images with annotation disagreements are �ltered. Each remaining image has one
HPIQ and one bounding box annotation.

Data preprocessing. The resolution of captured images is1920� 1080. Since the commonly used
resolution of views in existing datasets is224� 224, each image is cropped based on the center point
of its bounding box annotation. Speci�cally, if the width and height of the bounding box are less than
224 pixels, the image is directly cropped to224� 224. Otherwise, it is cropped to the maximum
value between the width and height of the bounding box and then resized to224� 224. This step
removes most of the background and leaves the entire foreground object with its original aspect ratio.

Train/valid/test split and design rationalization. The design scheme comprises view sampling
and multi-view set construction. Multi-view sets are constructed by combining the sampled views.
For the training set, 20 informative and 20 uninformative views are manually sampled fromCollection
A for each object to cover its overall appearance. Subsequently, ten multi-view sets are constructed for
each object. Each set has two to six views, containing at least one informative and one uninformative
view. For the validation and test sets, 40 informative and 120 uninformative views are randomly
sampled fromCollections A and Bfor each object. Subsequently, 100 multi-view sets are constructed
for each object. Each set has two to six views, containing only a single informative view. No multi-
view set shares more than two views with others to guarantee the diversity of view combinations.
Examples of the multi-view sets are shown in Figure 4(c). The training set design enables suf�cient
learning. A recent study [30] uses a similar design7 and achieves approximately 90% category-level
accuracy on RGB-D Object [42]. Compared with the training set, the large-scale validation and
test sets provide diverse view combinations with different proportions of informative views, thus
reducing the test bias caused by limited multi-view sets. Since all multi-view sets contain at least one
informative view, the human accuracy on MVP-N is 100%.

6Graduate student majoring in Korean Language and Literature.
7The training set comprises 40 sampled views and �ve multi-view sets on average per category.
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