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Abstract
In this paper we propose a novel network module, namely Robust Attentional Pooling (RAP),
that potentially can be applied in an arbitrary network for generating single vector representations for classification. By taking a feature matrix for each data sample as the input,
our RAP learns data-dependent weights that are used to generate a vector through linear
transformations of the feature matrix. We utilize feature selection to control the sparsity in
weights for compressing the data matrices as well as enhancing the robustness of attentional
pooling. As exemplary applications, we plug RAP into PointNet and ResNet for point cloud
and image recognition, respectively. We demonstrate that our RAP significantly improves
the recognition performance for both networks whenever sparsity is high. For instance, in
extreme cases where only one feature per matrix is selected for recognition, RAP achieves
more than 60% improvement over PointNet in terms of accuracy on the ModelNet40 dataset.
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Abstract—In this paper we propose a novel network module,
namely Robust Attentional Pooling (RAP), that potentially can be
applied in an arbitrary network for generating single vector representations for classification. By taking a feature matrix for each
data sample as the input, our RAP learns data-dependent weights
that are used to generate a vector through linear transformations
of the feature matrix. We utilize feature selection to control the
sparsity in weights for compressing the data matrices as well as
enhancing the robustness of attentional pooling. As exemplary
applications, we plug RAP into PointNet and ResNet for point
cloud and image recognition, respectively. We demonstrate that
our RAP significantly improves the recognition performance for
both networks whenever sparsity is high. For instance, in extreme
cases where only one feature per matrix is selected for recognition,
RAP achieves more than 60% improvement over PointNet in terms
of accuracy on the ModelNet40 dataset.

I. I NTRODUCTION
In the past few years, we have witnessed an explosion
of deep learning research [1], such as ResNet [2] for 2D
image classification and PointNet [3] for 3D point cloud
recognition that achieve the state-of-the-art performance in the
fields, respectively. In these deep networks, the learned feature
representations are aggregated into vectors before classification
through conventional pooling, such as max or average pooling.
Pooling plays an important role in deep neural networks as it
can reduce data variance as well as computational complexity
while extracting low-level features from the neighborhood.
However, conventional pooling methods tend to learn a global
feature vector without considering the relative importance of
each individual feature.
In fact, many computer vision problems are spatially region
related. Namely, some spatial locations may contain more information, while others include less or even irrelevant information.
For example, to classify an object in an image, only the areas
that are related to the object, both explicitly (e.g. object parts)
and implicitly (e.g. indicative background), are crucial, while
other areas can be considered as noisy background. Given an
image, instead of looking at the entire image, humans can
quickly understand the scene by attending to selective locations.
Mimicking human visual attention, spatial visual attention has
been extensively studied in recent years and deployed in various
applications, such as image classification [4], image captioning
[5][6][7], and visual question answering (VQA) [8][9][10].
While most attention models are developed for images and
videos, fewer efforts have been made for tasks with 3D point
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clouds [11][12]. Point cloud is a collection of data points
for object representation in the three-dimensional coordinate
system. Modern technology advancement in 3D laser scanners
empowers the proliferation of a large amount of point clouds
data, rendering point clouds storage, transmission, and applications in practice. Among all the data points in a point cloud, a
compact point descriptor is able to characterize the object shape
and structure. For instance, a bench is depicted by a 3D point
cloud with a large number (M ) of 3D data points. Nevertheless,
only a small set (K) of data points (K << M ) are crucial to
the object representation, such as those key points that capture
the main characteristics of the bench (e.g., back, seat, and
legs). Therefore, proper feature selection method is necessary
to replace the original large point clouds with selected and
simplified point clouds to facilitate the storage and transmission
of 3D point clouds.
In this paper, we introduce Robust Attentional Pooling
(RAP), which is simple and can be integrated with typical
deep neural networks to conduct end-to-end training for classification. RAP consists of three major components, a feature
adaptation module, an attention learning module, as well as a
feature selection module. Specifically, the feature adaptation
module is designed to transform the input data features to
assist subsequent attention learning process. Then the attention
learning module learns an attention vector which weights each
data feature discriminatively. With the learned attention vector,
feature selection is implemented to compress the data features
attentionally by ranking and selecting attention weights and
corresponding data features, generating a weighted feature
vector for further classification.
To validate the effectiveness of RAP, extensive experiments
have been conducted in both point cloud classification and
image classification. The experiment results show that RAP
is able to effectively select and aggregate input data features
attentionally. The input data features can be compressed greatly
with RAP by controlling attention weight sparsity, and the
recognition performance with both point clouds and images
can be significantly enhanced when the weight vector sparsity is
high. Visualizations in both 3D and 2D domains are conducted,
demonstrating that RAP is capable of compressing data features
effectively by selecting key data features.
II. R ELATED W ORK
In typical deep convolutional neural networks (ConvNets),
pooling layers play an important role in nonlinear downsampling. Specifically, the spatial size of feature representation

is reduced through pooling operations to further reduce the
model and computational complexity. Overfitting problem can
be alleviated through pooling. Max pooling [13][14][15], average pooling [2], and stochastic pooling [16] are widely used in
various deep neural networks. In many deep networks, a global
pooling operation is implemented over the learned feature
representations in order to obtain a global feature map. For
example, global average pooling proposed in [17] was applied
in ResNet [2] prior to the final classifier. In 3D domain, a global
max pooling layer was placed prior to the classifier in PointNet
[3] for 3D point cloud classification. However, such global
pooling operations fuse the learned feature representations
without considering each location independently.
Incorporating visual attention into different computer vision
tasks not only contributes more attention to selective spatial
locations, but also facilitates the aggregation of data representations. While most of the research works are concerned with
applying attention to 2D computer vision tasks with images
[18][10][5][19] and videos [20][21], less attention mechanisms
are developed for problems in 3D domain. Some methods have
been proposed to deal with saliency detection of 3D surfaces
[22][23][24]. However, it is nontrivial to extend those methods
to unorganized 3D point clouds. A few works address saliency
problem of point sets. For instance, [25] proposed a method
to compute saliency maps by exploring local surface properties
in different scales as well as depth information. A saliency
detection technique in large point sets based on distinctness
was proposed in [11]. Nevertheless, those methods are complex
in terms of implementation and extra information are needed
besides the original point clouds. Although a number of deep
learning schemes have been developed on 3D point clouds
[26][3][27], as far as we know, deep learning based 3D visual
attention in point clouds has not been explored yet.
There are roughly three feature selection methods, i.e., filters
[28][29], wrappers [30], and sparsity-inducing feature selection
(SSFS) [31]. Filter methods select features as a pre-processing
step by applying a statistical measure of each feature, without considering the interactions among features. Though filter
methods are computationally fast, they may choose redundant
features. Wrapper methods involve learning algorithms that
optimize model performances, leading to better selection results
than filters at the cost of high computational burden. SSFS
methods take the structure of features into consideration while
regularizing by the `1 norm for sparsity learning. However,
SSFS methods suffer from the problem of high dimensionality.
In contrast, we propose a deep learning based feature selection
mechanism which takes visual attention into account.
III. O UR A PPROACH
A. Key Notations
We denote {(Xn , yn )}N
n=1 as a set of training data where
Xn ∈ Rd×Mn is the n-th feature matrix and yn ∈ Y is its class
label, Xnm ∈ Rd , m ∈ {1, · · · , Mn } as the m-th row in Xn ,
φ : Rd → RD as a feature mapping function, wn ∈ RMn , ∀n
as an attentional weighting vector corresponding to the n-th
training sample that consists of scalars {wnm }m=1,··· ,Mn , f :

RD → R as the classifier, Φ, W, F as the feasible solution
spaces for the corresponding variables.
B. General Objective for Feature Selection
In this paper we are interested in optimizing the following
nonconvex problem in general:


min
Ω φ, {wn }, f
φ∈Φ,{wn ∈Wn },f ∈F

Mn
N

X

X
+C
` yn , f
wnm φ (Xnm ) , (1)
n=1

m=1

where Ω denotes the regularizer over variables, ` denotes a loss
function such
 Pas hinge loss, and C≥ 0 is a predefined constant.
Mn
decision function.
We call f
m=1 wnm φ (Xnm )
Note that Φ, W, F define the constraints on the variables.
For instance, we can constrain each wn to be non-negative,
i.e. wnm ≥ 0, ∀m. The functionality of attentional vectors w’s
is to select informative features for recognition.
Discussion: From the perspective of problem definition, mathematically our objective in Eq. 1 can be considered as generalization of several classic machine learning problems such as
multiple instance learning (MIL) [32], multiple kernel learning
(MKL) [33], and boosting [34].
In addition, from the algorithmic perspective, Eq. 1 can be
utilized as general objective in many algorithms as well by
substituting the variables with different realizations, such as
attentional pooling [35] and attentive pooling networks [36].
C. Robust Attentional Pooling (RAP)
In general Eq. 1 defines a nonconvex optimization problem.
Traditionally this problem is solvable using alternating optimization, i.e. updating one variable while fixing the rest. Note
that in order to compute the decision score, the variables in Eq.
1 have to be applied sequentially, i.e. φ → w → f , generally
speaking without considering special substitution of variables.
This sequential behavior in computing the decision function
in Eq. 1 inspires us to propose a new deep model based solver,
as illustrated in Fig. 1. Specifically,
1) Feature adaptation module is for learning φ that transfers
the original features into another space for generating
discriminative weighted features;
2) Attention learning module is for learning w that weights
informative features data-dependently. The weight vector
w with the dimension of M is learned by passing
the transformed features through a stack of two fullyconnected layers, then ReLU is operated over w;
3) Feature selection module is for selecting and aggregating
the K most informative features. To be specific, we sort
the attention vector w and select top K of them as well
as the K corresponding features, where 0 < K 6 M .
Then we do a weighted sum with the selected weights
N
and features, generating a single feature vector. The
in Fig. 1 denotes weighted sum;
4) Classification module is for learning f that makes decision based on the weighted feature vector from feature
selection module.

Fig. 1: RAP for visual recognition.

In the feature selection module, sorting can be written as a
sequence of max functions, and thus it is differentiable in this
sense. While selection serves as an operation to find indexes.
Therefore, given the network realization of each module,
the variables in Eq. 1 can be learned simultaneously using
back-propagation.
Visual Object Recognition Networks with RAP: Many deep
networks have been proposed for object recognition, such as
ResNet [2] for 2D images and PointNet [3] for 3D point clouds.
Such networks utilize the pooling layer to fuse the information
from different spatial locations. Though pooling operates easily
in terms of computation, it discards the difference in feature
discriminality, leading to informative features faded away. In
contrast, our RAP is developed intentionally to capture such
difference for generating discriminative weighted features by
training attention mechanism. The attentional weights can be
utilized to select informative features for further usage such as
data compression. Empirically we can introduce the attention
mechanism into ResNet or PointNet by replacing their pooling
layer with RAP for recognition.
Realization of RAP for Visual Object Recognition: Visual
data has a remarkably large amount of redundancy for recognition. For instance, in 3D point clouds, corner and edge points
will be more informative for recognition than the points on
the surface. Here we are interested in the RAP that can locate
such key points/locations in the visual data based on attention
mechanism robustly without sacrificing recognition accuracy
significantly, compared with using all the data information.
Therefore, we consider optimizing Eq. 1 under the constraints on w’s so that
def
Wn = {w | w ≥ 0, kwk0 ≤ K} ,
(2)
where ≥ here is an element-wise operator, k · k0 denotes the
`0 -norm of a vector that counts the non-zeros in the vector, and
K ≥ 0 is a predefined constant.
Fig. 1 provides us a novel general framework to construct
RAP. For instance, we can substitute each module with a network as a realization of RAP. In particular, we design a specific
network architecture as shown in Fig. 1 as our RAP used in the
experiments for visual recognition. We find that empirically this

architecture has already achieved reasonably good performance
and therefore we do not fine-tune the network architecture
intensively.
IV. E XPERIMENT
To evaluate the effectiveness of proposed RAP, extensive
experiments have been conducted for both point cloud classification and image classification. To verify the effectiveness of
feature adaptation and attention learning modules, we propose
a simplified RAP called AL, by removing feature adaptation
module from RAP architecture as shown in Fig. 1.
A. RAP in point cloud classification
Datasets: RAP for point cloud classification is evaluated on
three datasets, including 2D point clouds and 3D point clouds.
Following [37], MNIST handwritten digits are converted to
2D point clouds by taking image coordinates of all nonzero pixels. Two 3D point clouds datasets are utilized for
evaluation, including ModelNet40 [38] and ShapeNet [39].
ModelNet40 is a 3D CAD benchmark dataset, including 9843
training instances and 2468 testing instances from 40 object
classes. ShapeNet benchmark contains 16881 instances of 16
categories of 3D shapes.
Configuration and training: In RAP based point cloud
classification network, we apply feature extraction module
to extract point features following [3]. Then the extracted
point features are input to RAP for feature selection. We take
PointNet for comparison, which selects K data points randomly
from M data points (M = 256 for MNIST, M = 1024 for
ModelNet40 and ShapeNet) for classification. While RAP and
AL select K out of M data points attentionally. Specifically,
the features of M data points are passed over to the feature
adaptation module in RAP. Then, attention mechanism is
implemented to learn attention vectors (each with M attention
weights) based on transformed features. By ranking and
selecting the top K attention weights, the features of K data
points are selected and aggregated through weighted sum. The
output of RAP and AL module is a global feature vector,
which is fed to the classifier. Feature adaptation module
and attention learning module are composed of a stack of
fully-connected layers, as shown in Fig. 1. ReLU and tanh are

used as activation functions, dropout and batch normalization
are performed for regularizations. Training hyperparameters
are set to be the same as that in PointNet [3], except that RAP
and AL apply a different dropout value (0.5). Batch size is
32 and learning rate is 0.001. Each experiment is run for 250
epochs, taking 6 to 8 hours on a single NVIDIA GPU.
Experiment results: The experiment results of point cloud
classification on MNIST, ShapeNet, and ModelNet40 are summarized in Table. I, Table. II and Table. III, respectively. It
can be seen that when fewer data points are selected, RAP
and AL outperform PointNet. Specifically, from Table. I and
Table. II we can see that by selecting K = 4 data points, RAP
and AL are capable of achieving comparable performance with
PointNet when it utilizes all the M data points. Therefore,
the experiment results indicate that RAP and AL can select
point clouds effectively and robustly. RAP achieves better
performance than AL when the weight sparsity increases. When
the weight sparsity becomes increasingly high, AL tends to
perform better than RAP in the end. RAP and AL are slightly
inferior to PointNet when the weight sparsity is low (larger K).
K
256
128
64
32
16
8
4
2
1

PointNet
98.6 ± 0.0
98.0 ± 0.0
96.3 ± 0.0
91.3 ± 0.1
80.3 ± 0.1
63.1 ± 0.2
44.8 ± 0.1
30.8 ± 0.1
21.4 ± 0.1

AL
98.2 ±
98.3 ±
97.7 ±
98.1 ±
97.9 ±
97.8 ±
97.8 ±
98.3 ±
98.2 ±

0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0

RAP
98.2 ± 0.3
98.3 ± 0.0
98.3 ± 0.0
98.4 ± 0.0
98.2 ± 0.0
98.3 ± 0.0
98.1 ± 0.0
97.4 ± 0.1
95.7 ± 0.5

TABLE I: Point cloud classification results on MNIST

K
1024
512
256
128
64
32
16
8
4
2
1

PointNet
98.6 ± 0.0
98.5 ± 0.0
98.6 ± 0.0
98.4 ± 0.0
98.2 ± 0.1
97.3 ± 0.2
95.4 ± 0.1
89.2 ± 0.2
74.0 ± 0.3
60.2 ± 0.4
48.6 ± 0.2

AL
98.2 ±
98.3 ±
98.1 ±
97.5 ±
98.1 ±
97.8 ±
98.0 ±
98.2 ±
98.1 ±
98.2 ±
97.9 ±

0.0
0.0
0.0
0.1
0.0
0.0
0.1
0.0
0.0
0.0
0.1

RAP
98.2 ± 0.0
98.1 ± 0.1
98.0 ± 0.1
97.5 ± 0.0
98.0 ± 0.0
97.9 ± 0.0
98.2 ± 0.1
97.3 ± 0.1
97.9 ± 0.1
97.9 ± 0.2
94.1 ± 0.3

TABLE II: Point cloud classification results on ShapeNet

RAP visualizations on 3D point clouds: To further demonstrate that RAP has the capability of selecting key point features
of point clouds, the selected data points with RAP on some
examples from ModelNet40 are visualized in Fig. 2. Note that
different colors in Fig. 2 imply different z coordinate values
for each data point in the point cloud.
When fewer points are selected, for example, 256, 128, 64
and 32 points, the visualization results imply that RAP tends
to select those crucial points that capture the key features of
the objects’ shapes. By taking the desk in Fig. 2 (second row)
for example, RAP is able to select 128 out of 1024 data points

K
1024
512
256
128
64
32
16
8
4
2
1

PointNet
88.9 ± 0.1
88.8 ± 0.1
88.6 ± 0.1
87.3 ± 0.1
85.2 ± 0.1
82.2 ± 0.1
73.4 ± 0.1
54.6 ± 0.2
33.2 ± 0.2
19.6 ± 0.3
11.3 ± 0.1

AL
88.4 ±
87.8 ±
87.6 ±
87.6 ±
85.6 ±
86.3 ±
85.4 ±
84.1 ±
85.2 ±
86.4 ±
83.6 ±

0.1
0.1
0.1
0.1
0.3
0.2
0.1
0.1
0.2
0.0
0.2

RAP
88.2 ± 0.0
88.1 ± 0.1
88.0 ± 0.1
87.6 ± 0.1
87.0 ± 0.2
87.3 ± 0.1
86.3 ± 0.0
85.1 ± 0.2
83.4 ± 0.4
78.4 ± 0.3
74.0 ± 1.8

TABLE III: Point cloud classification results on ModelNet40

which correspond to the desk’s legs as the most informative
parts.
B. RAP in image classification
Datasets: RAP based image classification is evaluated on
CIFAR10 dataset [40], which consists of 50000 labeled training
images and 10000 labeled test images from 10 classes. To
evaluate the effectiveness of RAP on image classification,
ResNet50 for image recognition [2] is deployed for image
feature extraction. In our experiments, image features are
extracted in two ways. The first set of image features are
learned with ResNet50 which is pretrained on ImageNet
[41]. In addition, we extract image features from finetuned
ResNet50 on CIFAR10 with mean image subtracted.
Configuration and training: In RAP and AL based image
classification network, the extracted image features with
ResNet50 prior to global average pooling layer with the shape
of 7 × 7 × 2048 are reshaped to 49 × 2048 and input to the
subsequent RAP and AL modules, here M = 49. We take
ResNet50 as our baseline model, which selects the features
of K (0 < K 6 49) locations randomly and pools them
with global average pooling. While RAP and AL select and
aggregate image features data-dependently, generating a single
feature vector for classification. Similarly, dropout and batch
normalization are used for regularization, ReLU and tanh are
applied for nonlinearity. Batch size is 250 and learning rate is
0.001. We run each experiment for 100 epochs, taking 4 to 6
hours on a single GPU.
Experiment results: Table. IV and Table. V present the
experiment results of image classification. It can be seen from
Table. IV that with finetuned ResNet50 for feature extraction,
RAP achieves comparable results with ResNet50 and AL
when all the image features are deployed for classification.
When the features of K locations are selected, AL model
achieves better performance than ResNet50 while RAP
outperforms ResNet50 and AL model. As shown in Table.
V, when with pretrained ResNet50 for feature extraction, AL
model gains better performance than ResNet50 and RAP is
superior to ResNet50 and AL model. The experiment results
not only demonstrate that RAP and AL are effective and
robust in attention learning and feature selection for image
classifications, but also verify the effectiveness of feature

Fig. 2: RAP visualizations examples with point clouds on ModelNet40: left to right, K = 1024, 512, 256, 128, 64, 32.

adaptation module in RAP architecture for image classification.
K
49
32
16
8
4
2
1

PointNet
95.6 ± 0.0
94.8 ± 0.0
86.2 ± 0.0
69.5 ± 0.0
63.0 ± 0.0
50.6 ± 0.0
42.8 ± 0.1

AL
95.6 ±
95.2 ±
93.7 ±
88.8 ±
74.6 ±
60.4 ±
48.9 ±

0.0
0.0
0.1
0.0
1.9
3.7
0.0

RAP
95.6 ± 0.0
95.5 ± 0.0
95.0 ± 0.0
94.7 ± 0.0
94.2 ± 0.0
74.5 ± 0.6
63.8 ± 0.3

TABLE IV: Image classification results on Finetuned CIFAR10 features

K
49
32
16
8
4
2
1

PointNet
90.5 ± 0.1
89.1 ± 0.0
74.2 ± 0.1
57.2 ± 0.0
50.3 ± 0.0
39.8 ± 0.1
34.6 ± 0.1

AL
91.1 ±
90.7 ±
88.6 ±
80.8 ±
65.0 ±
52.8 ±
45.4 ±

0.1
0.1
0.1
0.1
0.1
0.1
0.1

RAP
92.0 ± 0.0
92.1 ± 0.1
91.0 ± 0.1
89.7 ± 0.1
88.4 ± 0.1
85.7 ± 0.1
79.6 ± 0.1

TABLE V: Image classification results on Pretrained CIFAR10 features

RAP visualizations on images: Visualizations of learned attention masks for CIFAR10 test images with RAP are presented
in Fig. 3. Specifically, Fig. 3a shows five examples of CIFAR10
test images, while Fig. 3b and Fig. 3b show the learned
attention masks for the 5 test images with pretrained and
finetuned ResNet50, respectively. Attention heatmaps are used
to present the attention masks, where the brighter the areas
are, the more attention being paid to. From learned attention
masks (both pretrained and finetuned cases) we can see that the
important areas that describe the key objects in the images have
received more attention, indicating that RAP can effectively
learn good attention masks for 2D images.
V. C ONCLUSIONS
This paper presents Robust Attentional Pooling (RAP), a
novel pluggable network module for feature selection in 3D

(a) CIFAR10 test images

(b) Attention masks(pretrained)

(c) Attention masks(finetuned)
Fig. 3: RAP visualization examples with CIFAR10.

and 2D visual recognition. RAP is characterized with a feature
adaptation module, an attention learning module and a feature
selection module. Attention learning module learns a datadependent attention vector over transformed features output
from feature adaptation module. Features are then selected in
the feature selection module by sorting and selecting sparse
attention weights and corresponding features, based on which
a single weighted feature vector is generated for classification.
Extensive experiments have been conducted for point cloud
classification and image classification by plugging RAP to
PointNet and ResNet50. Compared with conventional pooling
functions in PointNet and ResNet, RAP is an attentional
pooling module. Experiment results and visualizations validate
the capability of RAP in effectively learning attention vectors
and significantly compressing data features while maintaining
good performance. When the sparsity of attention weights is
high, RAP enhances the recognition performance in both tasks
and outperforms PointNet and ResNet50, achieving much better
classification performance.
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