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Abstract

In comparison to 2D image data, 3D information is more closely related to
the human visual perception and helps intelligent machines better understand
the world. 3D information prediction and understanding, such as structure pre-
diction and semantic analysis, play significant roles in 3D visual perception.
Specific to the 3D structure, like depth data, although we can acquire it from
various 3D sensors, there still have been tremendous attempts made to predict
it from a single image, a video sequence, stereo data, or multi-modal data in
machine learning frameworks. The main reason is that the 3D sensors are usu-
ally costly and the captured 3D data is generally sparse and noisy. Moreover,
there are also numerous images in the website, of which we expect to obtain
the depth map. Recent studies have demonstrated the superiority of deep neural
networks, like deep convolutional neural networks (DCNNs), in relevant tasks.
Despite the great success of deep learning, there are still many challenging is-
sues to be solved. For example, although supervised deep learning has prompted
the great performance improvements of the depth estimation model, the demand
for amounts of ground truth depth data is hardly to satisfy in many scenarios.
Therefore, unsupervised learning strategy is required for training 3D structure
estimation model. In this thesis, we take a well-known specific task, i.e., monoc-
ular depth estimation, as an example to study this problem. To reduce the de-
mand for ground truth depth, we investigate the domain adaptation technique for
learning depth model on synthetic data and explore the geometric information
in real data to make the domain adaptation process aware of the geometric struc-
ture in real domain. Apart from the prediction from a single image or multiple

images, we can also estimate the depth from multi-modal data, such as RGB
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ABSTRACT ix

image data coupled with 3D laser scan data. To achieve this, some challenging
issues need to be addressed. For example, since the 3D data is usually sparse
and irregularly distributed, we are required to model the contextual information
from the sparse data and fuse the multi-modal features. In this thesis, we ex-
amine the issues by studying the depth completion task. In specific, we propose
to adopt graph propagation to capture the observed spatial contexts and intro-
duce the symmetric gated fusion strategy to effectively combine the extracted
multi-modal features.

Currently, various classical DCNNs have been proposed to process the 2D
image data for various analyses, like semantic understanding. In contrast, for 3D
point set, which is a significant 3D information representation, due to the spar-
sity and property to be unordered, instead of the conventional convolution, new
operations which can model the local shape are required in order to understand
the semantic contents. In this thesis, we select the point sets as the represen-
tation of 3D data, i.e., 3D point cloud, and then design a basic operation for
point cloud analysis. Previous works mainly consider the relation between each
pair of adjacent points for feature aggregation but ignore the relation between
edges, which encodes the local shape structure. To provide a remedy, we intro-
duce a novel adaptive edge-to-edge interaction learning module. Besides, due
to the diversity in configurations of the 3D laser scanners, the captured 3D data
often varies from dataset to dataset in object size, density, and viewpoints. As
a result, the domain generalization in 3D data analysis is also a critical prob-
lem. However, to our best knowledge, this problem is still under-explored. To
provide a preliminary exploration into this issue, we also study domain gener-
alization in 3D shape classification by proposing an entropy regularization term
that measures the dependency between the learned features and class labels.

Through studying four specific tasks, this thesis focuses on several crucial
issues in deep 3D information prediction and understanding, including model
designing, multi-modal fusion, sparse data analysis, unsupervised learning, do-

main adaptation, and domain generalization, as introduced above.
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CHAPTER 1

Introduction

We live in a 3D world. We naturally understand the scene we are seeing, such as
objects, scene structure, and object relation, through parsing the 3D information
we directly capture from the 3D world. For an intelligent machine, it can also
infer rich knowledge from the data containing 3D information, e.g., geomet-

ric structure, which has been exploited in various scenarios, like autonomous

driving ( ), indoor navigation ( ), robot manip-
ulation ( ), augmented reality ( ), and
virtual try-on ( ). We can obtain the 3D structure infor-

mation using different sensors, such as Kinect, LIDAR, and RADAR. However,
these sensors are usually costly and the captured 3D data is generally sparse
and noisy. More importantly, there are numerous single images and video se-
quences in the website. Therefore, it is worth studying how to extract the 3D
structure, such as depth information, from them, which can be further utilized to
serve the downstream tasks, like object detection ( ), room layout
estimation ( ), and saliency detection ( ).
Previous studies show that the human visual system can perceive specific 3D
forms in single 2D contour images through associating 2D pictures with 3D
structures ( ). However, it is a challenging task for ma-
chine to capture the 3D information from single or multiple images. Traditional
solutions to this target generally rely on handcrafted features, e.g., HOG (

), SURF ( ), and SIFT ( ), and typi-

cal machine learning algorithms, like PGMs ( ;
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). Past several decades have witnessed the advancement gained by these
conventional approaches for various computer vision tasks, including 3D struc-
ture estimation. However, designing suitable features for specific tasks itself
is a tricky problem, and decoupling the feature engineering and model learn-
ing might cause that we cannot extract discriminative knowledge from the input
data, like images. Luckily, in the deep learning era, these awkward issues have

been alleviated greatly.

In 2012, a noteworthy work, AlexNet ( ), was proposed,
which outperformed previous object recognition methods by a large margin.
The presences of AlexNet and several classical networks (e.g., VGGNet (
), GoogleNet ( ), and ResNet (

)) following it have prompted the impressive development of DCNNs
in the computer vision research community, especially for the 2D image under-
standing tasks. Despite being efficient for various computer vision tasks, these
networks still have limitations in, such as, dense pixel prediction, sparse data
representation, context modeling, and sequence modeling to name a few. To
provide remedies, various strategies and modules are proposed to integrate with
or replace the 2D convolution in those classical networks, such as, Atrous Spa-
tial Pyramid Pooling (ASPP) ( ), Sparse Convolution (

), Deformable Convolution ( ), Transformer / Atten-

tion ( ), and Convolutional LSTM (ConvLSTM) (

The early study on deep learning for computer vision mainly focuses the 2D
image analysis, including object detection ( ), semantic seg-
mentation ( ), and 3D structure prediction from images (

). Relying on DCNNSs, remarkable performance improvements have
been achieved for 3D structure prediction, like depth estimation. In recent years,
both academic and industrial circles attempt to make the autonomous driving

and robotics existing our imagination become true. In these intelligent systems,
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one key computer vision problem is estimating the 3D structure in a learning
framework, while another is processing and understanding the data containing
3D information captured from the equipped sensors, like 3D laser scan data, or
estimated using machine learning algorithms, like depth map. In comparison
with 2D image analysis, the selection of deep networks for 3D information un-
derstanding relies more on the data format. For example, the RGB-D saliency
detection ( ) and RGB-D segmentation (

) tasks often take an RGB image and a depth map as input, which can be
processed by the standard 2D convolution separately ( ) or jointly
by the 3D convolution ( ). In comparison to the typical RGB-D
saliency detection and RGB-D segmentation, in some scenarios where 3D laser
scanners are available, we are often required to process the raw 3D information,
like 3D point cloud, which is sparse and irregularly distributed, directly. Due
to the sparsity and irregular characteristic, it is difficult to apply the standard
2D or 3D convolution into the raw 3D data. As a result, existing works often

first select a specific representation for 3D data, such as voxels (

), meshes ( ), and points ( ), and then
design or select suitable operations, like sparse convolutions ( ),
mesh convolutions ( ), graph convolutions (

), and multi-layer perceptron ( ), to extract features for

high-level semantic analysis.

Designing suitable networks for specific tasks using the domain knowledge, im-
proving the robustness and generalization capabilities of deep models, and un-
derstanding the theory behind the deep learning are crucial issues for building
future intelligent systems and are still ongoing. In this thesis, we study two prob-
lems in 3D vision, including 3D information prediction and understanding, and
show our efforts to investigate the former two key issues in these two problems.
Our research on the first problem could help the industries develop efficient 3D

structure prediction deep networks by mining the specific domain knowledge,
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while the study on the second could provide some solutions to the issues in
real world applications, such as the lack of ground truth data and distribution

inconsistency.

1.1 Depth Prediction and Point Cloud Analysis

There are various ways to obtain the 3D structure, which can be divided two
main categories, i.e., sensors and learning. In specific, a direct way to capture
the structure is using sensors, such as Kinect for indoor and LiDAR for outdoor.
However, these devices are usually costly and the captured 3D data is gener-
ally sparse and noisy. Moreover, in some scenarios, we expect to extract the
structure information from images. To this end, lots of traditional machine al-
gorithms (e.g., HOG+PGMs) and deep learning algorithms have been proposed
for relevant tasks. Since depth data is a significant 3D structure representation,
a large number of previous works focus on the depth prediction task. Due to the
strong capability of modeling the discriminative features, deep learning, espe-
cially DCNNs, has dominated the depth estimation community. For example,
Eigen et al. ( ) make the first attempt to apply DCNNs for depth
estimation from a single image. In comparison with single images, stereo data,
multi-modal data (e.g., RGB image+sparse depth data), and video data contain
more geometric information, which is helpful to promote the performance in
depth estimation. In detail, deep stereo matching (or disparity estimation) mod-
els can be trained from a set of stereo images ( ;

). Moreover, exploiting the epipolar geometry, we can also learn a
monocular depth estimation model from stereo data in a unsupervised learning
framework ( ; ). In this way, we can reduce
the dependency on amounts of ground truth data. Structure-from-motion (SFM)
is an essential computer vision problem, which aims at inferring the geometric
structure from the motion information contained in a video sequence. In recent

years, various unsupervised deep learning methods have been proposed to learn
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the depth, camera pose, and optical flow jointly from videos ( ;

). In autonomous driving, as the RGB data and sparse 3D

laser scan data are available simultaneously, how to recover a dense depth map
from the multi-modal data, which is also called Depth Completion (

), has attracted interests from researchers recently. Two key points for

depth completion include sparse data processing and multi-modal data fusion,

while most of previous methods only attempt to solve one of them (

; ; ).

Different from depth estimation, which mainly takes 2D image or sequence as
input, analyzing data containing 3D information, such as 3D point cloud and
depth data, might involve multiple selections of input data format. As a result, in
many cases, we are required to design novel operations for specific data format
to analyze the input data instead of using the standard 2D and 3D convolutions.
For instance, for typical RGB-D saliency task, we can directly exploit the 2D
convolution ( ), while for point cloud analysis, an extensively
studied problem, we might need to first represent the points in a suitable way and
then develop new operations. In detail, in ( ), the mesh rep-
resentation is adopted and then two novel operations, i.e., mesh convolution and
mesh pooling, are proposed to process the irregular triangular meshes. In com-
parison, voxelization is a more general operation for point cloud representation,
and the voxelized points can be processed by the 3D convolution (

) directly or sparse convolution ( ) which is spe-
cially designed for the sparse data. However, due to the low resolution caused
by voxelization, the voxel-based approaches might suffer from quantization loss
of the structure. To alleviate this issue, another representation, i.e., point sets,
is widely adopted. In this way, different functions for associating the adjacent
points to represent the local shape are proposed, such as EdgeConv (

), RSConv ( ), and KPConv ( ).
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Whether for deep learning based depth prediction or point cloud understand-
ing, one key issue is the performance drop caused by domain shifts, which oc-
cur when the testing target data is sampled from a different distribution to the
source training data. According to the specific settings, two important research
problems, i.e., domain adaptation ( ) and domain general-
ization ( ), are defined. In detail, in domain adaptation,
we have access to one or multiple source domains with ground truth data and
one target domain without ground truth data, while in domain generalization,
we only have multiple source domains and no distribution information about
the target. The differences between domain adaptation and generalization cause
the different solutions to them. For example, in domain adaptation, since the
target data is available, we can directly learn a mapping between the source and
target domains ( ; ) or use the self-
paced curriculum learning to generate pseudo-labels for model training (

). In comparison, when we have no access to the target data, we
can address domain generalization through learning domain-invariant features
from the source domains ( ) or exploiting the data augmentation
strategy ( ). Specific to 3D structure prediction and point cloud
data understanding, there are many works studying domain adaptation in depth
prediction, 3D object detection, and semantic segmentation. For instance, At-
apour et al. ( ) train a monocular depth
estimation on synthetic dataset, and use image style transfer task as domain
adaptation technique to minimize the domain discrepancy between synthetic
and real data. To cope with domain adaptation in stereo matching, Sakuma et
al. ( ) propose an attention mechanism for the ag-
gregation of features in the left and right views, which is incorporated into an
image-to-image translation network for preserving the geometric structure dur-
ing image translation. For 3D data analysis, the domain shifts often result from
the geometric characteristics changes, like point cloud density, object scale, and

distance of an object to the sensors. To deal with the issues, Zhang et al. (
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) propose to align the features at multiple scales with the distance
information for 3D object detection, while Yi et al. ( ) design a
sparse voxel completion network to address the domain gap caused by different
3D point sampling strategy for 3D semantic segmentation. Although domain
adaptation techniques in 3D structure prediction and analysis have been stud-
ied well, to our best knowledge, domain generalization in these relevant tasks,

especially point cloud analysis, is still under-examined.

As we introduced above, 3D information prediction and understanding involve
various specific tasks and issues. In this thesis, we take two well-known prob-
lems, i.e., depth prediction and point cloud analysis, to show our studies and
efforts on deep 3D information prediction and understanding, respectively. In
detail, through studying four specific tasks, including monocular depth estima-
tion, depth completion, point cloud representation, and domain generalization,
we aims at investigating several crucial issues, i.e., 1) depth estimation from a
single image with domain adaptation in a unsupervised learning framework; 2)
dense depth recovery from a single RGB image and sparse depth data; 3) local
shape representation for point cloud analysis; and 4) domain generalization in
3D shape classification. In the following, we briefly introduce these tasks and

review some related works.

1.1.1 Monocular Depth Estimation

Monocular depth estimation is a straightforward way to predict 3D structure
from a single image using (deep) learning algorithms. Relying on the pow-
erful capability of modeling the contextual information, DCNNs have domi-
nated the research community in monocular depth estimation. In specific, Eigen
et al. ( ) develop the first deep network for monocular depth
estimation, which consists of two components, i.e., a global coarse-scale sub-
network and a local fine-scale sub-network. The global one predicts the overall

depth map structure, while the local one aligns the global representation with
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local details, such as object and wall edges, to refine the coarse prediction. The
whole model is trained on datasets containing labeled pairs of aligned RGB and
depth images in an end-to-end fashion using a scale-invariant regression loss,
which is adopted to address the scale ambiguous of objects. Following (

), various networks with the encoder-decoder structure have been

proposed. For example, in ( ), the novel up-projection block
containing a residual connection ( ) 1s introduced to replace the
unpooling operation ( ) for increasing the spatial resolu-

tion of feature maps. In comparison with unpooling, up-projection is beneficial
to yielding more accurate depth maps. Considering the continuous nature of the
depth values, Liu et al. ( ) explore the capacity of DCNNs and
continuous conditional random field (CRF) jointly in an end-to-end deep net-
work. To model the inherent ordinal correlation of depth values, Fu et al. (

) consider depth estimation as an ordinal regression problem instead
of a regression problem and propose an ordinary regression loss. The proposed
model outperforms all previous methods. These methods yield high-performing
depth maps, benefiting from the supervision of amounts of ground truth data.
However, labelling ground truth depths is both costly and difficult. To reduce
the demand of ground-truth training data, various unsupervised monocular depth
estimation approaches ( ; ) have been pro-
posed. The main clue they exploit is the epipolar geometry constraint existing
in the rectified stereo data. Such strategy only requires rectified stereo pairs
without ground truth depths during training, which are easier to collect than
the pair of RGB image and depth map. Similar clue can be also found in later
works which train unsupervised monocular depth estimation network on video

sequences ( ; ).
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Another solution to avoiding labelling the depth map for each image is using
synthetic images with ground truth depth, which can be acquired from the vir-
tual environment easily, like GTAV !, However, due to the domain shifts from
synthetic data to real-world data, the model trained on synthetic data generally
suffers performance drop on real data. To address this issue, domain adaptation
techniques ( ) are exploited through minimizing the domain
gap. A typical solution to transferring knowledge from synthetic images with
ground truth depth is exploiting the image-to-image translation technique to im-
plement image style transfer and then feeding the transferred images into the
depth estimation model ( ;

). However, the image-to-image translation process often introduces
undesirable distortions, which can degrade the performance of successive depth
prediction, due to the lack of paired images during the training stage of im-
age translation. To deal with this issue, in this thesis, we propose to explore
the labels in the synthetic data and epipolar geometry in the real data jointly,
which we prove that can be of benefit to better image style transfer and better
depth prediction performance through conducting comprehensive experiments

and ablations.

1.1.2 Depth Completion

In fact, estimating depth from a single image is always a very challenging task.
Luckily, in some scenarios, we have access to multiple data sources, which can
be exploited jointly for depth estimation. For instance, in an autonomous driving
system, we can capture the RGB image using the camera, and the 3D laser scan
data containing the depth and reflectance information using LiDAR. Projecting
the laser scan onto a 2D image plane results in a 2D depth map, which contains

sparse depth information. To make the depth data denser, we can integrate the

lhttps:// github.com/aitorzip/DeepGTAV
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sparse depth map with the dense RGB image data and then train a depth esti-
mation model on them. Such task is called depth completion, which aims to
recover a dense depth map from a pair of RGB image and aligned sparse depth
map ( ). Considering that the depth data is sparse and irregu-
larly distributed, some of previous works propose new convolution operations
specific for sparse depth data processing. For example, Uhrig et al. (

) propose a sparsity-invariant convolution, which, in comparison with the
standard convolution, evaluates only pixels with depth values by exploiting bi-
nary validity masks. Instead of using the binary masks, Eldesokey et al. (

) propose an algebraically-constrained normalized convolution,
where learned confidence maps with values ranging from O to 1 are used to nor-
malize the feature maps. Another way to exploit the sparsity is propagating the
depths directly. For example, Cheng et al. ( ) propose to learn
an affinity matrix for spatial depth propagation, while Park et al. (

), inspired by deformable convolution ( ), propose to prop-
agate the depth non-locally by learning the locations of the neighbours dynami-
cally. Besides, there are some works which do not consider the sparsity specially
and instead focus more on the multi-modal fusion or geometric constraints. For
instance, Jaritz et al. ( ) study two fusion strategy, namely early
fusion (concatenate the input maps) and late fusion (concatenate the intermedi-
ate feature maps), and the experiments show that the later one performs better.
Gansbeke et al. ( ) design two sub-networks for global
and local information extraction and exploit the RGB image as guidance to help
the local branch detect the noises in the LIDAR data. To utilize the 3D geometry
information to regularize the depth completion, both Xu et al. ( )
and Qiu ef al. ( ) associate the surface normal information with

the depth information within a sub-network.
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Previous works mainly exploit the convolution with fixed-size kernel to pro-
cess the sparse depth map, which cannot utilize the observed contextual infor-
mation effectively. In addition, these works usually consider either sparsity or
multi-modal fusion, while not both of them. In this thesis, we exploit the graph
propagation strategy to capture the multi-modal contexts adaptively and further

propose a symmetric gated fusion strategy for better multi-modal fusion.

1.1.3 Point Cloud Processing

Point cloud generally refers to a point set containing /N unordered 3D points
{(ps, fi)}X,, where f; denotes the feature vector of point p; € R3. Point cloud
processing aims to learn a local representation for each sampled point, which
can then be used for various tasks, such as classification ( ), se-
mantic segmentation ( ), and point cloud completion (

). Due to the sparse, irregular and unordered structure of point cloud,
it is difficult to directly apply the standard 2D and 3D convolutions, which have
been widely applied on 2D image data, for point cloud processing. To tackle
this issue, current works mainly design deep networks from two perspectives,
namely generic operation and concrete task. In detail, some works aim to de-
sign a novel basic operation to represent the local shape effectively and the op-
eration can be stacked into a deep network for classification and segmentation
like the 2D convolution. In comparison, some other works do not develop new
basic operations and instead they focus more on task-relevant learning strategy,
such as the boundary information modeling for semantic segmentation (

), candidate generation for instance segmentation ( ;
), and self-supervised learning for unlabelled point cloud
data ( ). In this thesis, we follow the former route,

i.e., developing a new basic operation for local shape representation.
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Although it is challenging to apply the standard convolution into the point cloud
data directly, we can achieve it by voxelizing the points. The volumetric repre-
sentation can then be fed into the conventional 3D CNNss (

). In fact, as the volumetric representation is still sparse, to reduce compu-
tational costs and memory requirements, sparse convolutions ( )
are proposed as the basic operation, where only the occupied voxels are calcu-
lated. To avoid voxelization, which causes low resolution and then the loss of
the structure information, various works aiming at learning representations from
the raw point cloud directly have been proposed. For this solution, the basic op-
eration is required to be permutation-invariant, since the points are unordered.
PointNet ( ), the first attempt to this clue, utilize the MLP as
the basic operation to process each point and then use the max-pooling opera-
tion to get the global representation. Following this work, lots of approaches

are proposed to improve the basic local shape representation operation through,

such as, considering the local structure ( ), modeling the rela-
tion between adjacent points ( ; ), exploiting
robust sampling strategy ( ; ), adopting the at-
tention mechanism ( ), or introducing kernel points (

; ). A common operation in most of these works
is modeling the point-to-point relation, which is used to associate the features
of adjacent points. However, they often model the relation for each pair of ad-
jacent points solely, which might make the learned representation for the edge
lack the local structure information and thus not robust and discriminative. To
alleviate this issue, we propose a novel module to model the edge-to-edge inter-
action, which can enhance the point-to-point relation and then improve the local
structure representation. Experiments on several public datasets demonstrate

the effectiveness of our methods.
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1.1.4 Domain Adaptation and Generalization

An ideal situation for deep learning is the training data and the testing data
come from the same distribution. However, this condition might not hold true in
many cases, i.e., the training and testing data are sampled from different distri-
butions respectively. Due to dataset bias ( ), a typical model
trained on the training (source) data often fails to generalize well to the test-
ing (target) data, and domain adaptation aims to address such an issue. We can
achieve domain adaptation through learning a domain-invariant feature repre-
sentation ( ; ) or learning a map-
ping between the source and target domains ( ;

). A typical solution to learning domain-invariant representations is intro-
ducing a gradient reversal layer and minimizing the domain gap between source
and target domains in an adversarial way ( ). Domain mapping
aims to transfer the data in one domain to a space where the source and target
domains have similar distributions. For example, we can use image-to-image
translation technique ( ) to make the images in source domain
have the same style to target domain. Domain shift is a common issue existing
in computer vision. As a result, domain adaptation techniques have been stud-
ied for various tasks, such as segmentation ( : ;

), object detection ( ;

), and re-identification ( ; ). In this thesis,
we study the domain adaptation problem in a well-known 3D structure predic-
tion task, i.e., monocular depth estimation, by exploring the geometric structure

of natural images.

In comparison with domain adaptation, domain generalization is more challeng-
ing, due to the lack of target data. In detail, in the setting of domain general-
ization, we only have multiple source domains available but have no access to
the target domain, and the model trained on the source domains is required to

generalize well to the target. Since multiple source domains are available, a
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classic solution for domain generalization is learning a domain-invariant feature
representation across source domains ( ; ).
For example, Li et al. ( ) exploit the adversarial learning to min-
imize the domain gap across the source domains for each category. Recently,
another effective solution, i.e., data augmentation, has been widely studied in
many works ( ; ; ). For
instance, Xu et al. ( ) propose a Fourier-based data augmenta-
tion strategy, motivated by the property of the Fourier transformation that the
phase component of Fourier spectrum contains the high-level semantic infor-
mation and the amplitude component contains the low-level information. By
using the MixUp strategy ( ) to perturb the amplitude in-
formation in the original images, new images are generated, which are then
used to train the model together with the original data. 2D object classification
task is commonly used to evaluate the generalization capability in the domain
generalization literature, while recently some works have studied the domain
generalization in more complex tasks, such as semantic segmentation (

; ) and re-identification ( ). Domain
shifts also exist in 3D data, like point cloud data, and domain adaption on 3D
point cloud has been studied in many works ( ;

). However, to the best of my knowledge, there is no work studying the
typical domain generalization problem for point cloud tasks, like shape clas-
sification. To provide an initial exploration to this problem, in this thesis, we
study the domain generalization problem in 3D shape classification. Consider-
ing the dependency between the learned features and the category, we propose
an entropy-regularization approach, which ensures the conditional invariance of
learned features and then improves the domain generalization capabilities. We
validate the effectiveness of our method on both 3D and 2D object classification

datasets.
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1.2 Outline

In the first chapter, we first present the problem of deep 3D information predic-
tion and understanding, then introduce four specific tasks, including monocular
depth estimation, depth completion, point cloud analysis, and domain gener-
alization. Through studying these tasks, we investigate several crucial issues,
such as multi-modal fusion, unsupervised learning, and model generalization,
in deep 3D information prediction and understanding. The reminder of this the-

sis is organized as five chapters, and the outline is as follows:

e Chapter 2 This chapter studies the domain adaptation technique and
unsupervised learning in 3D structure prediction by examining the well-
known monocular depth estimation task. We study how to explore the
geometric structure of natural images to improve the performance of

image-to-image translation and depth estimation model.

e Chapter 3 This chapter studies the sparse data representation and
multi-modal fusion in 3D structure prediction by investigating the depth
completion task. We present how to exploit graph propagation strategy
to capture rich contextual information for the sparse data, and intro-

duce an effective strategy for multi-modal fusion.

e Chapter 4 This chapter studies how to design novel operations for
sparse data representation in understanding data containing 3D infor-
mation by exploring the relation learning in point cloud analysis. We
propose a novel edge-to-edge interactive learning module to enhance

the point-to-point relation for point cloud processing.
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e Chapter 5 This chapter studies the challenging domain generaliza-
tion problem in processing data containing 3D information. We inves-
tigate the naive adversarial training for domain-invariant representa-
tions, and propose an entropy regularization approach to guarantee the
conditional invariance of learned features. The method is evaluated on

both 3D and 2D object classification datasets.

e Chapter 6 This chapter concludes our thesis and suggests some fu-

ture research possibilities.

1.3 Contributions

The main contributions of the thesis are summarized as follows:

e In Chapter 2, we propose an end-to-end domain adaptation framework
for unsupervised monocular depth estimation. We explore the labels
in the synthetic data and epipolar geometry in the real data jointly to
preserve the geometric structure during image translation. By conduct-
ing experiments, we show that training the monocular depth estima-
tor using ground truth depth in the synthetic domain coupled with the
epipolar geometry in the real domain can boost the performance. We
demonstrate the effectiveness of our method on KITTI dataset (

) and the generalization performance on Make3D

dataset ( ).

e In Chapter 3, we introduce the proposed co-attention guided graph
propagation for depth completion, which is adaptive to the sparsity pat-
terns of sparse depth input and thus enables the unobserved pixels to
capture useful observed contextual information more effectively. To

fuse the multi-modal contextual information better, we further present
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the symmetric gated fusion strategy, which can learn the heterogene-
ity of the two modalities adaptively. We demonstrate the effective-
ness of our model on two benchmarks, i.e., KITTI Depth Completion

dataset ( ) and NYU-v2 dataset (
).

In Chapter 4, we propose an adaptive edge-to-edge interaction learning
module for point cloud analysis, i.e., AEIL, which is able to enhance
the learned point-to-point relation and makes it more aware of the local
structure. We further extend the AE*IL to a symmetric version, namely
SymAE?IL, for better capturing the local shape information. Then, we
exploit the proposed modules to design models for point cloud classi-
fication and segmentation. We conduct experiments on several public
point cloud datasets, and the results show that our methods outperform

previous approaches and achieve state-of-the-art performance.

In Chapter 5, we first revisit the typical domain-invariant feature rep-
resentation learning methods for domain generalization, and then ar-
gue that the naive adversarial training can only guarantee the invariant
marginal distribution across source domains. To improve the domain
generalization capability, we propose an entropy regularization term to
ensure the conditional invariance. Together with the adversarial train-
ing on the marginal distribution, our method achieves better general-
ization capabilities in both 3D shape classification task and 2D object

recognition task.



CHAPTER 2

Geometry-Aware Symmetric Domain Adaptation for

Monocular Depth Estimation

Supervised depth estimation has achieved high accuracy due to the advanced
deep network architectures. Since the groundtruth depth labels are hard to ob-
tain, recent methods try to learn depth estimation networks in an unsupervised
way by exploring unsupervised cues, which are effective but less reliable than
true labels. An emerging way to resolve this dilemma is to transfer knowledge
from synthetic images with ground truth depth via domain adaptation tech-
niques. However, these approaches overlook specific geometric structure of
the natural images in the target domain (i.e., real data), which is important for
high-performing depth prediction. Motivated by the observation, we propose a
geometry-aware symmetric domain adaptation framework (GASDA) to explore
the labels in the synthetic data and epipolar geometry in the real data jointly.
Moreover, by training two image style translators and depth estimators symmet-
rically in an end-to-end network, our model achieves better image style transfer
and generates high-quality depth maps. The experimental results demonstrate
the effectiveness of our proposed method and comparable performance against

the state-of-the-art.

2.1 Introduction

Monocular depth estimation ( ; ;

; ) has been an active research area in the field

18
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of computer vision. Recent years have witnessed the great strides in this task,
especially after DCNNs were exploited to estimate depth from a single image
successfully ( ). Until now, there have been lots of follow-up
works ( ; ; ;

; ; ; ) improving or ex-
tending this work. However, since the proposed deep models are trained in a
fully supervised fashion, they require a large amount of data with ground truth
depth, which is expensive to acquire in practice. To address this issue, unsu-
pervised monocular depth estimation has been proposed ( ;

; ; ), using geometry-based
cues and without the need of image-depth pairs during training. Unfortunately,
this kind of method tends to be vulnerable to illumination change, occlusion
and blurring and so on. Compared to real-world data, synthetic data is much
easier to obtain the depth map. As a result, some works propose to exploit syn-
thetic data for visual tasks ( : ;

). However, due to domain shift from synthetic to real, the model
trained on synthetic data often fails to perform well on real data. To deal with
this issue, domain adaptation techniques are utilized to reduce the discrepancy

between datasets/domains ' ( ;

; ).

Existing works ( ; ;

) using synthetic data via domain adaptation have achieved
impressive performance for monocular depth estimation. These approaches typ-
ically perform domain adaptation either based on synthetic-to-realistic transla-
tion or inversely. However, due to the lack of paired images, the image transla-
tion function usually introduces undesirable distortions in addition to the style

change. The distorted image structures significantly degrade the performance of

'We will use domain and dataset interchangeably for the same meaning in most cases of
this chapter.
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Ground Truth GASDA

Figure 2.1. Estimated Depth by GASDA. Top to bottom: input real image in the target
domain (KITTI dataset (Menze and Geiger, 2015)) and synthetic image for training
(VKITTI dataset (Gaidon er al., 2016)), intermediate generated images in our approach,
ground truth depth map and estimated depth map using proposed GASDA.

successive depth prediction. Fortunately, the unsupervised cues in the real im-
ages, for example, stereo pairs, produces additional constraints on the possible
depth predictions. Therefore, it is essential to simultaneously explore both syn-
thetic and real images and the corresponding depth cues for generating higher-

quality depth maps.

Motivated by the above analysis, we propose a Geometry-Aware Symmetric
Domain Adaptation Network (GASDA) for unsupervised monocular depth
estimation. This framework consists of two main parts, namely symmetric style
translation and monocular depth estimation. Inspired by CycleGAN (Zhu ef al.,

2017), our GASDA employs both synthetic-to-realistic and realistic-to-synthetic
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T2Net ( ) GASDA
Figure 2.2. Different frameworks for monocular depth estimation using domain adap-
tation. First row to second row: basic pipeline, approach proposed in (
), ( ) and this work, respectively. S, T, F, S2T (T2S) and D
represent the synthetic data, real data, extracted feature, generated data, and estimated
depth. AL and MDE mean adversarial loss and monocular depth estimation, respec-

tively. Compared with existing methods, our approach utilizes real stereo data and
takes into account synthetic-to-real as well as real-to-synthetic during translation.

translations coupled with a geometry consistency loss based on the epipolar ge-
omery of the real stereo images. Our network is learned by groundtruth labels
from the synthetic domain as well as the epipolar geometry of the real domain.
Additionally, the learning process in the real and synthetic domains can be reg-
ularized by enforcing consistency on the depth predictions. By training the style
translation and depth prediction networks in an end-to-end fashion, our model is
able to translate images without distorting the geometric and semantic content,

and thus achieves better depth prediction performance.

2.2 Related Work

Monocular Depth Estimation has been intensively studied over the past decade
due to its crucial role in 3D scene understanding. Typical approaches sought
the solution by exploiting probabilistic graphical models (e.g., MRFs) (

; ; ), and non-parametric tech-

niques ( ; ; ). However, these
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methods showed some limitations in performance and efficiency because of the

employment of hand-crafted features and the low inference speed.

Recent studies demonstrated that high-performing depth estimators can be ob-
tained relying on DCNNs ( ; ; ;
; ; ). Eigen et
al. ( ) developed the first end-to-end deep model for depth es-
timation, which consists of a coarse-scale network and a fine-scale network. To
exploit the relationships among image features, Liu et al. ( )
proposed to integrate continuous CRFs with DCNNs at super-pixel level. While
previous works considered depth estimation as a regression task, Fu et al. (
) solved depth estimation in the discrete paradigm by proposing an or-

dinal regression loss to encourage the ordinal competition among depth values.

A weakness of supervised depth estimation is the heavy requirement of anno-
tated training images. To mitigate the issue, several notable attempts have in-
vestigated depth estimation in an unsupervised manner by means of stereo cor-
respondence. Xie et al. ( ) proposed the Deep3D network for
2D-to-3D conversion by minimizing the pixel-wise reconstruction error. This
work motivated the development of subsequent unsupervised depth estimation
networks ( : : :

). In specific, Garg et al. ( ) showed that unsupervised
depth estimation could be recast as an image reconstruction problem according
to the epipolar geometry. Following Garg et al. ( ), several later
works improved the structure by exploiting left-right consistency (

), learning depth in a semi-supervised way ( ), and

introducing temporal photometric constraints ( ).
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Domain Adaptation ( ) aims to address the problem that the
model trained on one dataset fails to generalize to another due to dataset bias (
). In this community, previous works either learn the
domain-invariant representations on a feature space (
; ) or learn a mapping between the source and
target domains at feature or pixel level ( ;
; ; ). For example, Long et al. (

) aligned feature distribution across the source and target domains

by minimizing a Maximum Mean Discrepancy (MMD) ( ).
Tzeng et al. ( ) proposed to minimize MMD and the classifi-
cation error jointly in a DCNN framework. Sun et al. ( )

proposed to match the mean and covariance of the two domain’s deep features

using the Correlation Alignment (CORAL) loss ( ).

Coming to domain adaptation for depth estimation, Atapour et al. (

) developed a two-stage framework. In specific,
they first learned a translator to stylize the natural images so as to make them
indistinguishable with the synthetic images, and then trained a depth estimation
network using the original synthetic images in a supervised manner. Kundu et
al. ( ) proposed a content congruent regularization method to
tackle the model collapse issue caused by domain adaptation in high dimen-
sional feature space. Recently, Zheng et al. ( ) developed an
end-to-end adaptation network, i.e. T?Net, where the translation network and
the depth estimation network are optimized jointly so that they can improve
each other. However, these works overlooked the geometric structure of the nat-
ural images from the target domain, which has been demonstrated significant
for depth estimation ( ; ). Motivated by
the observation, we propose a novel geometry-aware symmetric domain adap-

tation network, i.e., GASDA, by exploiting the epipolar geometry of the stereo
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images. The differences between GASDA and previous depth adaptation ap-

proaches ( ; ) are shown in Figure 2.2.

2.3 Method

2.3.1 Method Overview

Given a set of N synthetic image-depth pairs {(z%,y%)}Y , (i.e., source domain
Xs), our goal here is to learn a monocular depth estimation model which can
accurately predict depth for natural images contained in X; (i.e., target domain).
It is difficult to guarantee the model generalize well to the real data (

; ) due to the domain shift. We
thus provide a remedy by exploiting the epipolar geometry between stereo im-
ages and developing a geometry-aware symmetric domain adaptation network
(GASDA). Our GASDA consists of two main parts like existing works, includ-

ing the style transfer network and the monocular depth estimation network.

Specifically, unlike ( ; ;
), we consider both synthetic-to-real ( ) and
real-to-synthetic translations ( ;

). As a result, we can train two depth estimators F and F; on the
original synthetic data (X) and the generated realistic data (G so;( X)) using the
generator G 4o, in supervised manners, respectively. These two models are com-
plementary, since F has clean training set X but dirty test set Go5(X;) gener-
ated by the generator (45, with noises, such as distortion and blurs, caused by
unsatisfied translation, and vise verse for F;. Nevertheless, because the depth in-
formation is rather relevant to specific scene geometry which might be different
between source and target domains, the models trained on X or G (X) still
could fail to perform well on G25(X}) or X;. To provide a solution, we exploit

the epipolar geometry of real stereo pairs { (], ] )}, (¢} and z} represent
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Figure 2.3. The proposed framework. It consists of two main parts: image style trans-
lation and monocular depth estimation. i) Style translation network, incorporating two
generators (i.e., Gso; and Gyos) and two discriminators (i.e., Dy and Dy), is based on
CycleGAN. ii) Monocular depth estimation network contains two complementary sub-
networks (i.e., F5 and F;). We omit the side outputs, for brevity. More details can be
found in Section 2.3, Section 2.4.1.

the left and right image respectively?) during training to encourage F; and F,
to capture the relevant geometric structure of target/real data. In addition, we
introduce an additional depth consistency loss to enforce the predictions from
F; and Fj are consistent in local regions. The overall framework of GASDA 1is
illustrated in Figure 2.3. For simplicity, we will omit the superscript ¢ in most

cases.

2.3.2 GASDA

Bidirectional Style Transfer Loss Our goal here is to learn the bidirectional
translators Ggo; and Gyo, to bridge the gap between the source domain (syn-
thetic) X and the target domain (real) X;. Specifically, taking Gso; as an exam-

ple, we expect the G4 () to be indistinguishable from real images in X,;. We

2We will omit the subscript [ of ¢; for the left image in most cases of this chapter.
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thus employ a discriminator D;, and train G4 and D; in an adversarial fash-
ion by performing a minimax game following ( ). The

adversarial losses are expressed as:
Lyan(Gsaes Dy, X4y Xs) =Eqpox, [Di() — 1]+
B nx. [De(Gae(5))],
Lgan(Gias, Ds, X, X)) =Eqox, [Ds(as) — 1]+

E.~x, [Ds(Gt2s (xt))] .

2.1)

Unluckily, the vanilla GANs suffer from mode collapse. To provide a rem-
edy and ensure the input images and the output images paired up in a mean-
ingful way, we utilize the cycle-consistency loss ( ). Specifi-
cally, when feeding an image x, to Gy and Gyo4 orderly, the output should
be a reconstruction of x,, and vice versa for x;, i.e. Guos(Ga(7s)) = x5 and

Gs2t(Gyas(y)) = x4. The cycle consistency loss has the form as:

'Ccyc(Gﬂsa Gs?t) = ]E$5~Xs[

GtQS(GSQt(xs)) — Ty | | 1]

+ Ext~Xt [||G52t(Gt28($t)) - :I"t”l]‘

(2.2)

Apart from the adversarial loss and cycle consistency loss, we also employ an
identity mapping loss ( ) to encourage the generators to

preserve geometric content. The identity mapping loss is given by:

ﬁidt(GQsa Gs2t7 X87 Xt) = Ems"’Xs[

Gt23($s> - ms”l]

+ Eopox [[|Grae(20) = 2] []-

(2.3)
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The full objective for the bidirectional style transfer is as follow:
‘Ctrans(Gt237 Gth: Dt> Ds) = ['gan<G52t7 Dta Xta Xs)

+ ‘Cgan(GtQ& Dsa Xta Xs)
2.4)
+ )\lﬁcyc(GtQM Gs?t)

+ Mo Lia(Gras, Gsor, X, Xs)

where \; and )\, are the trade-off parameters.

Depth Estimation Loss We can now render the synthetic images to the “style"
of the target domain (KITTI), and then capture a new dataset Xy = Gor(X5).
We train a depth estimation network £} on X, in a supervised manner using
the provided ground truth depth in the synthetic domain X. Here, we minimize

the ¢, distance between the predicted depth 7, and ground truth depth y,:

‘Ctde(Fb Gs2t) = ||y8 - gts”- (25)

In addition to F;, we also train a complementary depth estimator F; on X di-

rectly with the ¢; loss:

Esde(Fs) - ||ys - gssH (26)

where s = F(z,) is the output of F;. Both the F and F; are important
backbones to alleviate the issue of geometry and semantic inconsistency coupled

with the subsequent losses. The full depth estimation loss is expressed as:
*Cde(Fta FS7 GsZt) = ﬁsde(Fs> + *Ctde(Fh Gth)- (27)

Geometry Consistency Loss Combining the components above, we have al-
ready formulated a naive depth adversarial adaptation framework. However,
the G and Gyo, are usually imperfect, which would make the predictions
Ust = Fs(Gas(zy)) and gy = Fy(x;) unsatisfied. Besides, previous depth adap-

tation approaches overlook the specific physical geometric structure which may
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vary from scenes/datasets. Our main objective is to accurately estimate depth
for real scenes, so we consider the geometric structure of the target data in the
training phase. To this end, we present a geometric constraint on F; and F by
exploiting the epipolar geometry of real stereo images and unsupervised cues.
Specifically, we generate an inverse warped image from the right image using
the predicted depth, to reconstruct the left. We thus combine an ¢; with single
scale SSIM ( ) term as the geometry consistency loss to align
the stereo images:

1 — SSIM (x4, ;)

2

1 — SSIM(xzy,x.,)
2

£gc(Ft7 Fsa Gt2s) = Etgc(Ft) + ﬁsgc<F57 GtZS)

*Ctgc(Ft) =1 +M||xt_x:it||7

(2.8)

Esgc(F& Gt23> =1 + :u’th - x;t“>

where L, represents the full geometry consistency loss, L, and L, denote
the geometry consistency loss of F, and F, respectively. z,, (x.,) is the inverse
warp of x;, using bilinear sampling ( ) based on the esti-
mated depth map y;; (ys:), the baseline distance between the cameras and the
camera focal length ( ). In our experiments, 7 is set to be
0.85, and v is 0.15.

Depth Smoothness Loss To encourage depths to be consistent in local homo-

geneous regions, we exploit an edge-aware depth smoothness loss:
Las(Fy, Fyy Gros) = € V[Vl | + €V [ Vija| (2.9)

where V is the first derivative along spatial directions. We only apply the
smoothness loss to X; and Xy, (real data), since X, and Xgo; (synthetic data)
have full supervision.

Depth Consistency Loss We find that the predictions for xy, i.e., Fi(x;) and
F(Gyas(x)), show inconsistency in many regions, which is in contrast to our
intuition. One of the possible reason is that G;o, might fail to translate x; with

details. To enforce such coherence, we introduce an ¢; depth consistency loss
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Figure 2.4. Inference Phase (Section 2.3.3).

with respect to 3, and ¥, as follows:

ﬁdc(E,Fs>Gt2s) = Hgtt - stt”- (2-10)

Full Objective Our final loss function has the form as:
L(Gat, Gras, Dy, Dy, Fy, F)
= Lirans(Gsat; Gras, Dy, Ds) + 11 Lae(Fy, Fi, Gaa) -
+ Yo Lge(Fy, Fy, Gias) + v3Lac(Fy, Fis, Gras) —
+ Y4Las(Fy, Fy, Gas)

where v,(n € {1,2,3,4}) are trade-off factors. We optimize this objective

function in an end-to-end deep network.

2.3.3 Inference

In the inference phase, we aim to predict the depth map for a given image in
real domain (e.g. KITTI dataset (Menze and Geiger, 2015)) using the resultant
models. In fact, there are two paths acquiring predicted depth maps: =, —
Fi(xy) — gy and 2y — Gos(xy) — 2495 — Fy(T42s) — Ust, as shown in

Figure 2.4, and the final prediction is the average of ;; and yg:

1 .
Yt = E(ytt + yst)- (2.12)
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_ Conv+IN+ Conv+IN+ 7\
X ReLU RelU \'T’/ y
Residual Block
Conv/dl+
BN+PRelLU
Conv/d3+ @ Conv+
X BN+PReLU BN+PReLU y
Conv/d5+
BN+PRelLU

Inception Block

Figure 2.5. All the convolution operations in each block are with the same feature
channels, kernel size and stride size, as presented in Table 2.2 and Table 2.1. Conv/dn
denotes the n-dilated convolution operation ( ), and CA represents
the concatenation operation.

2.4 Experiments

In this section, we first present the details about our network architecture and the
learning strategy. Then, we perform GASDA on one of the largest dataset in the
context of autonomous driving, i.e., KITTI dataset ( ).
We also demonstrate the generalization capabilities of our model to other real-
world scenes contained in Make3D ( ). Finally, we conduct

various ablations to analyze GASDA.

2.4.1 Implementation Details

Network Architecture Our proposed framework consists of six sub-networks,
which can be divided into three groups: G and G54 for image style transla-

tion, D; and D, for discrimination, [/} and F for monocular depth estimation.
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Depth Estimator Fi/F
Incex Layer Input | FC KS SS
1 Conv+BN+PReLU Image | 64 7 1
2 Pooling 1 64 2 2
3 Conv+BN+PReLU 2 128 3 1
4 Conv+BN+PReLU 3 128 3 1
5 Pooling 4 128 2 2
6 Conv+BN+PReLU 5 256 3 1
7 Conv+BN+PReLU 6 256 3 1
8 Pooling 7 256 2 2
9 Conv+BN+PReLU 8 256 3 1
10 Conv+BN+PReLU 9 256 3 1
11 Pooling 10 256 2 2
12 Conv+BN+PReLU 11 512 3 1
13 Conv+BN+PReLU 12 512 3 1
14 Pooling 13 512 2 2
15 IPBlock 14 512 3 1
16 IPBlock 15 512 3 1
17 IPBlock 16 512 3 1
18 Conv+BN+PReLU 17 512 3 1
19 DeConv+BN+PReLLU 18 256 3 2
20 | CA+Conv+BN+PRelLU | 19,8 |512 3 1
21 DeConv+BN+PReLLU 20 128 3 2
22 CA+Conv+Tanh 19,8 1 3 1
23 Upsample (x2) 22 1

24 | CA+Conv+BN+PReLU | 21,523 | 256 3 1

25 DeConv+BN+PReLU 24 64 3 2

26 CA+Conv+Tanh 21,523 | 1 3 1

27 Upsample (x2) 26 1 - -

28 | CA+Conv+BN+PRelLU | 25,2,27 | 128 3 1

29 DeConv+BN+PReLU 28 32 3 2

30 CA+Conv+Tanh 25,227 | 1 3 1

31 Upsample (x2) 30 1 - -

32 CA+Conv+Tanh 29,31 1 3 1
Table 2.1. The depth estimators employed in our experiment. CA: concatenation. BN:
batch normalization ( ). PReLU: parametric rectified linear
unit ( ). FC, KS and SS refer to the feature channel, kernel size, and stride

size, respectively. IPBlock, denoting the inception block, is showed in Figure 2.5.

The detailed configurations of image translator, discriminator and depth estima-
tor are shown in Table 2.2 and Table 2.1. The networks in each group share the

identical network architecture but are with different parameters. Specifically,
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Image Translator Go:/Gas

Layer Feature Channel Kernel Size Stride Size
Conv+IN+ReLLU 64 7 1
Conv+IN+ReLLU 128 3 2
Conv+IN+ReLLU 256 3 2

ResBlock 256 3 1
ResBlock 256 3 1
ResBlock 256 3 1
ResBlock 256 3 1
ResBlock 256 3 1
ResBlock 256 3 1
ResBlock 256 3 1
ResBlock 256 3 1
ResBlock 256 3 1
Deconv+IN+ReLU 128 3 2
Deconv+IN+ReLU 64 3 2
Conv+Tanh 3 7 1
Discriminator D,/D,

Layer Feature Channel Kernel Size Stride Size
Conv+LReLLU 64 4 2
Conv+IN+LReLU 128 4 2
Conv+IN+LReLU 256 4 2
Conv+IN+LReLU 512 4 1
Conv 512 4 1

32

Table 2.2. The generators and discriminators for image style translation employed

in our experiment. IN: instance normalization (Ulyanov er al., 2017).

LRelLU:

LeakyReLU (Maas er al., 2013) respectively. ResBlock, referring to the residual block,

is showed in Figure 2.5.

Input Image Ground Truth (Eigen et al., 2014)  (Zheng et al., 2018)

Figure 2.6. Qualitative comparison of our results against methods proposed by Eigen
etal. (Eigen et al.,2014) and Zheng et al. (Zheng et al., 2018) on KITTI. Ground truth
has been interpolated for visualization. To facilitate comparison, we mask out the top
regions, where ground truth depth is not available. Our approach preserves more details
and yields high-quality depth maps.
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Error Metrics (lower, better) [Accuracy Metrics (higher, better)

Method Sup.| Dataset | Cap. | g R TS ReTRMSERMSE logls < 1.256 < 1.257 § < 1.25%

( ) Yes| K _ [80m|| 0203 1.548 6307 0282 | 0702 0890 _ 0.958
) || Yes| K |80m| 0202 1614 6523 0275 | 0678  0.895  0.965

( ) ||No| K |80ml|| 0208 1768 6.856 0283 | 0.678 0885 0957
( ) || No | K+CS |80ml|| 0.198 1.836 6.565 0275 | 0718 0901  0.960

( J[Semi| K [80ml|| 0.113 0.741 4621 0.189 | 0862 0960  0.986
( ) || No | K |80m|| 0.148 1344 5927 0247 | 0803 0922 0964

All synthetic(baselinel) || No S 80m|| 0.253 2.303 6.953 0.328 0.635 0.856 0.937
All real(baseline2) No K 80m|| 0.158 1.151 5.285 0.238 0.811 0.934 0.970

( ) || No |K+S(DA)[80m]|| 0.214 1.932 7.157 0295 | 0.665  0.882 0.950
( ) || Semi| K+S(DA)[80m|| 0.167 1.257 5578 0237 | 0.771 0922 0.971
GASDA No | K+S(DA)| 80m|| 0.149 1.003 4.995 0.227 | 0.824  0.941 0.973

( N Yes| K  [50m|[ 0.117 0597 3.531 0.183 | 0.861  0.964 0.989
( )y ||No| K |50m|| 0.160 1.080 5.104 0273 | 0.740  0.904 0.962
( ) |[No| K |50m|| 0.140 0976 4471 0232 | 0.818  0.931 0.969

All synthetic(baselinel) || No S 50m|| 0.244 1.771 5354 0.313 0.647 0.866 0.943
All real(baseline2) No K 50m|| 0.151 0.856 4.043 0.227 0.824 0.940 0.973

( ) No | K+S(DA)| 50m|| 0.203 1.734 6.251 0.284 0.687 0.899 0.958
( ) || Semi| K+S(DA)| 50m|| 0.162 1.041 4.344  0.225 0.784 0.930 0.974
( ) No | K+S(DA)|50m/|| 0.168 1.199 4.674 0.243 0.772 0.912 0.966

GASDA No |K+S(DA)|50m/|| 0.143 0.756 3.846 0.217 0.836 0.946 0.976

Table 2.3. Results on KITTI dataset using the test split suggested in (

). For the training data, K represents KITTI dataset, CS is CityScapes
dataset ( ), and S is vKITTI dataset. Sup. refers to Supervised. Meth-
ods, which apply domain adaptation techniques, are marked by the gray.

Error Metrics (lower, better) |Accuracy Metrics (higher, better)

Method Datasel A RelSq ReIRMSERMSE logd < 1.255 < 1.252 § < 1.259
( ) K [ 0.124 1388 6.125 0217 | 0.841 0936 0975
( ) K+CS|[ 0.104 1.070 5417 0.188 | 0.875 0956 0983
( )| K+S* || 0.101 1.048 5308 0.184 | 0.903 0988  0.992
GASDA K+S || 0.106 0.987 5215 0.176 | 0.885 0963 0986

Table 2.4. Results on 200 training images of KITTI stereo 2015 benchmark. S* is
captured from GTAS, and more similar to real data than vKITTI. Our approach yields
lower errors than state-of-the-art approaches, and achieve competitive accuracy com-
pared with ( ).

we employ generators (G4, and Gyo4) and discriminators (D and D,) provided
by CycleGAN ( ). For monocular depth estimators F; and F}, we
utilize the standard encoder-decoder structures with skip-connections and side
outputs as ( ).

Datasets The target domain is KITTI ( ), which is a real-
world computer vision benchmark consisting of 42, 382 rectified stereo pairs in
the resolution about 375 x 1242. In our experiments, the ground truth depth

maps provided by KITTI are only for evaluation purpose. The source domain is
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Figure 2.7. Iteratively updating stage. We learn our model by iteratively updating im-
age style translators and depth estimators, i.e., freezing the module with dashed box
while updating the one with solid line box. See main text for details. We omit D; and
Dy for brevity.

Synthetic Image CycleGAN GASDA

Figure 2.8. Qualitative image style translation results of our approach and CycleGAN.
First row: real-to-synthetic translation; Second row: synthetic-to-real translation. Our
method can preserve geometric and semantic content better for both synthetic-to-real
translation and the inverse one. Note that, the translation result is a by-product of
GASDA. The improvement is marked by the yellow box.

Virtual KITTI (vKITTI) (Gaidon e /., 2016), which contains 50 photo-realistic
synthetic videos with 21, 260 image-depth pairs of size 375x1242. Additionally,
in order to study the generalization performance of our approach, we also apply

the trained model to Make3D dataset (Saxena er al., 2009). Since Make3D does
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Method Error Metrics (lower, better) Accuracy Metrics (higher, better)
AbsRel SqRel RMSE RMSElog | 6 < 1.25 0 < 1.252 § < 1.253
Domain Adaptation
SYN 0.253 2303  6.953 0.328 0.635 0.856 0.937
SYN2REAL 0.229 2.094  6.530 0.294 0.691 0.886 0.951
SYN2REAL-E2E 0.220 1.969  6.377 0.284 0.703 0.895 0.956
Geometry Consistency
REAL 0.158 1.151 5.285 0.238 0.811 0.934 0.970
SYN-GC 0.156 1.123  5.255 0.235 0.814 0.937 0.971
SYN2REAL-GC 0.153 1112 5.213 0.233 0.819 0.938 0.972
SYN2REAL-GC-E2E 0.152 1.130  5.227 0.231 0.821 0.939 0.972
Symmetric Domain Adaptation
REAL2SYN-SYN-GC-E2E 0.160 1.226  5.412 0.240 0.806 0.933 0.969
GASDA-w/oDC 0.151 1.098  5.136 0.230 0.822 0.940 0.972
GASDA-F} 0.150 1.014  5.041 0.228 0.824 0.941 0.973
GASDA-Fs 0.156 1.087  5.157 0.235 0.813 0.936 0.971
GASDA 0.149 1.003 4995 0.227 0.824 0.941 0.973

Table 2.5. Quantitative results for ablation study on KITTI dataset using the test split
suggested in ( ). SYN, REAL, REAL2SYN, and SYN2REAL repre-
sent the model trained on X, Xy, Gyas(Xy), and Gsoi(Xs); E2E represents the end-
to-end training; GC and DC denote the geometry consistency and depth consistency,
respectively; GASDA-F; (F}) represents the output of F; (Fs) in GASDA.

not offer stereo images, we directly evaluate our model on the test split without

training or further fine-tuning.

Training Details We implement GASDA in PyTorch. We train our model in a
two-stage manner, i.e., a warming up stage and end-to-end iteratively updating
stage. In the warming up stage, we first optimize the style transfer networks for
10 epochs with the momentum of 3; = 0.5, 55 = 0.999, and the initial learning
rate of & = 0.0002 using the ADAM solver ( ). Then
we train Fy on { Xy, Gst(X5)}, and F on { X, Gas(X;)} for around 20 epochs
by setting 51 = 0.9, 8o = 0.999, and o = 0.0001. To make style translators
generate high-quality images, so as to improve the subsequent depth estimators,
we fine-tune the network in an end-to-end iteratively updating fashion as shown
in Figure 2.7. In specific, we optimize G; and Gyo5 with the supervision of F}
and F for m epochs, and then train F and F; for n epochs. We set m = 3 and
n = 7 in our experiments, and repeat this process until the network converges
(around 40 epochs). In this stage, we employ the same momentum and solver as

the first stage with the learning rates of 2e —6 and 1e — 5 for the two respectively.
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Input Image Ground Truth GASDA

Figure 2.9. Qualitative results on Make3D dataset. Left to right: input image, ground
truth depth, and our result.

The trade-off factors are set to \; = 10, Ay = 30, 7, = 50, 2 = 50 and 3 = 50
and 4 = 0.5. In the training phase, we down-sample all the images to 192 x
640, and increase the training set size using some common data augmentation
strategies, including random horizontal flipping, rotation with the degrees of

[—5°, 5°], and brightness adjustment.

2.4.2 KITTI Dataset

We test our models on the 697 images extracted from 29 scenes, and use all the
23, 488 images contained in other 32 scenes for training (22, 600) and validation
(888) (Figen er al., 20145 Godard er al., 2017). To make a comparison with
previous works, we evaluate our results in the regions with the ground truth
depth less than 80m or 50m using standard error and accuracy metrics (Go-
dard er al., 2017; Zheng et al., 2018). Note that, the maximum depth value in
VvKITTI is 655.35m instead of 80m in KITTI, but unlike (Zheng er al., 2018),
we do not clip the depth maps of VKITTI to 80m during training. In Table 2.3,
we report the benchmark scores on the Eigen split (Figen er al., 2014) where
the training sets are only KITTI and vKITTI. GASDA obtains a convincible

improvement over previous state-of-the-art methods. Specifically, we make the
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. Error Metrics (lower, better)
Method Trained™® | Rel SqRel RMSE
( ) Yes 0.398  4.723 7.801
( ) Yes 0.198 1.665 5.461
( ) Yes 0.452 5.71 9.559
( ) No 0.505 10.172 10.936
( ) No 0.647 12.341 11.567
( ) No 0.423 9.343 9.002
GASDA No 0403 6709 10424

Table 2.6. Results on 134 test images of Make3D. Trained* indicates whether the
model is trained on Make3D or not. Errors are computed for depths less than 70m
in a central image crop ( ). It can be observed that our approach is
comparable with those trained on Make3D.

comparisons with two baselines, i.e., All synthetic (baselinel, trained on labeled
synthetic data) and All real (baseline2, trained on real stereo pairs), and the lat-
est domain adaptation methods ( ; ) and
(semi-)supervised/unsupervised methods ( ; ;
). The significant improvements in all the metrics demonstrate the supe-
riority of our method. Note that, GASDA yields higher scores than (
) which employs additional ground truth depth maps for natural im-
ages contained in KITTI. GASDA cannot outperform (

) in the Eigen split. The main reason is that the synthetic im-
ages employed in ( ) are captured from
GTAS5 °, and the domain shift between GTAS and KITTI is not that signifi-
cant than the one between vKITTI and KITTI. In addition, the training set size
in ( ) is about three times than ours.
However, GASDA performs competitively on the official KITTI stereo 2015
dataset ( ) and Make3D compared with (

), as reported in Table 2.4 and Table 2.6. Apart from quanti-
tative results, we also show some example outputs in Figure 2.6. Our approach
preserves more details, and is able to recover depth information of small objects,
such as the distant cars and rails, and generate clear boundaries.

3https ://github.com/aitorzip/DeepGTAV.
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2.4.3 Make3D Dataset

To discuss the generalization capabilities of GASDA, we evaluate our approach
on Make3D dataset ( ) quantitatively and qualitatively. We do
not train or further fine-tune our model using the images provide by Make3D. As
shown in Table 2.6 and Figure 2.9, although the domain shift between Make3D
and KITTI is large, our model still performs well. Compared with state-of-the-
art models ( ; ; ) trained on
Make3D in a supervised manner and others using domain adaptation (

; ), GASDA obtains impressive

performance.

2.4.4 Ablation Study

Here, we conduct a series of ablations to analyze our approach. Quantitative
results are shown in Table 2.5, and some sampled results for style transfer are

shown in Figure 2.8.

Domain Adaptation We first demonstrate the effectiveness of domain adap-
tation by comparing two simple models, i.e. SYN (Fj trained on X) and
SYN2REAL (F; trained on G (Xs)). As shown in Table 2.5, SYN cannot
capture satisfied scores on KITTI due to the domain shift. After the translation,
the domain shift is reduced which means that the synthetic data distribution is
relative closer to real data distribution. Thus, SYN2REAL is able to general-
ize better to real images. Further, we train the style translators (G4o; and Gyas)
and the depth estimation network (£3}) in an end-to-end fashion (SYN2REAL-
E2E), which guides to a further improvement as compared to SYN2REAL. As a
conclusion, the depth estimation network can improve the style transfer by pro-
viding a pixel-wise semantic constraint to the translation networks. Moreover,
we can also observe the improvement in Figure 2.8 by comparing the translation

results of original CycleGAN ( ) with ours.
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Geometry Consistency We then study the significance of the geometric con-
straint coming from stereo images based on the epipolar geometry. In spe-
cific, we employ the stereo images provided by KITTI when optimizing F; in
SYN2REAL-E2E. We enforce the geometry consistency between the stereo im-
ages as a constraint as stated in Eq. 2.8. The model SYN2REAL-GC-E2E out-
performs SYN2REAL-E2E by a large margin, which demonstrates that the ge-
ometry consistency constraint can significantly improve standard domain adap-
tation frameworks. On the other hand, the comparisons among SYN2REAL-
GC, SYN-GC (trained on real data and synthetic data without domain adapta-
tion) and REAL (F; trained on real stereo images without extra data) can show
the significance of synthetic data with ground truth depth and domain adapta-
tion.

Symmetric Domain Adaptation In contrast to previous works, we expect to
fully take advantage of the bidirectional style translators Go; and Gyo,. Thus,
we learn REAL2SYN-SYN-GC-E2E whose network architecture is symmetri-
cal to the aforementioned SYN2REAL-GC-E2E. We jointly optimized the two
coupled with a depth consistency loss. As shown in Table 2.5, GASDA is su-
perior than GASDA-w/oDC which demonstrates the effectiveness of the depth
consistency loss. In addition, the comparisons (GASDA-F} v.s. SYN2ERAL-
GC-E2E and GASDA-F; v.s. REAL2SYN-GC-E2E) show that the two can

benefit each other in the jointly training.

2.4.5 More Qualitative Results

Lastly, we show other qualitative results on the KITTI Eigen Split (
) (Figure 2.10) and CityScapes dataset ( ) (Figure 2.11).
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Input Image Ground Truth Eigen et al. Zheng et al. GASDA

Figure 2.10. Qualitative comparisons of our results with methods proposed by Eigen
et al. (Eigen et al., 2014) and Zheng et al. (Zheng et al., 2018) on the KITTI Eigen
Split. The model is trained on KITTI using the split of Eigen et al. (Figen er al., 2014).
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2.5 Conclusion

In this chapter, we present an unsupervised monocular depth estimation frame-
work GASDA, which trains the monocular depth estimation model using the
labelled synthetic data coupled with the epipolar geometry of real stereo data in
a unified and symmetric deep learning network. Our main motivation is learn-
ing a depth estimation model from synthetic image-depth pairs in a supervised
fashion, and at the same time taking into account the specific scene geome-
try information of the target data. Moreover, to alleviate the issues caused by
domain shift, we reduce the domain discrepancy using the bidirectional image
style transfer. Finally, we implement image translation and depth estimation in
an end-to-end network so that then can improve each other. Experiments on
KITTI and Make3D datasets show GASDA is able to generate desirable results

quantitatively and qualitatively, and generalize well to unseen datasets.
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Figure 2.11. Qualitative results on CityScapes dataset. The model is trained on KITTI
using the split of Eigen et al. (Eigen ef al., 2014) without further fine-tuning.



CHAPTER 3

Adaptive Context-Aware Multi-Modal Network for Depth

Completion

Taking advantage of domain adaptation techniques, last chapter explores 3D
structure information prediction from a single image, i.e., monocular depth es-
timation. In this chapter, we study depth completion, which aims to recover a
dense depth map from the sparse depth data and the corresponding single RGB
image, i.e., multi-modal data. The observed pixels provide the significant guid-
ance for the recovery of the unobserved pixels’ depth. However, due to the spar-
sity of the depth data, the standard convolution operation, exploited by most of
existing methods, is not effective to model the observed contexts with depth val-
ues. To address this issue, we propose to adopt the graph propagation to capture
the observed spatial contexts. Specifically, we first construct multiple graphs
at different scales from observed pixels. Since the graph structure varies from
sample to sample, we then apply the attention mechanism on the propagation,
which encourages the network to model the contextual information adaptively.
Furthermore, considering the mutli-modality of input data, we exploit the graph
propagation on the two modalities respectively to extract multi-modal represen-
tations. Finally, we introduce the symmetric gated fusion strategy to exploit the
extracted multi-modal features effectively. The proposed strategy preserves the
original information for one modality and also absorbs complementary infor-
mation from the other through learning the adaptive gating weights. Our model,

named Adaptive Context-Aware Multi-Modal Network (ACMNet), achieves the

43
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Sparse Depth Map

Ground Truth Depth Map Recovered Dense Depth Map

Figure 3.1. Depth Completion from LiDAR Data and RGB Image by ACMNet. Top:
RGB image and sparse LiDAR data; Bottom: ground truth depth map and dense depth
map obtained by our approach.

state-of-the-art performance on two benchmarks, i.e., KITTI and NYU-v2, and

at the same time has fewer parameters than latest models.

3.1 Introduction

Depth information is crucial for 3D vision tasks, e.g., 6D object pose estima-
tion (Wang er al., 20192a), 3D object detection (Xu er al/., 2018b), and hu-
man pose estimation (Moon er al., 2018). To complete these tasks, various
depth sensors such as LiDAR have been invented to acquire depth information.
However, current depth sensors are not able to obtain dense maps for outdoor
scenes, which are essential in various applications, especially autonomous driv-
ing. Therefore, depth completion from sparse depth maps' and RGB images
has attracted intensive attention. Depth completion is a challenging problem
because the depth values obtained by sensors are highly sparse and irregularly
spaced. For example, in the KITTI dataset (Geiger er al., 2012a), there are

only 5.9% pixels with depth information obtained by the Velodyne HDL-64¢

The sparse depth map is generated by projecting the LiDAR data to the image plane, and
the value in locations without depth information is 0.
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(64 layers) LiDAR in the whole image space, as shown in Figure 3.1. Tradi-
tional methods ( ; ; )
rely on handcrafted features and global constraints on the output depth values,
which are inaccurate. Recent studies ( ;

; ; ) have demonstrated great
advantages of deep Convolutional Neural Networks (CNNs) on depth comple-
tion. By extending the convolutional operation with sparsity-invariance (

; ; ) or introducing more
geometric information ( ; ), these deep methods

can achieve way better performance than traditional methods.

In spite of the encouraging progress, existing depth completion methods suf-
fer from a significant issue, which limits the depth completion performance.
Specifically, the conventional convolutional operation applies kernels with reg-
ular structure (e.g., 3 x3) at all locations, which ignores the fact that the observed
depth values are irregularly distributed in a sparse depth map and associates
limited observed contexts for the unobserved, as shown in Figure 3.2. Thus,
CNN-based methods are not adaptive to the pattern of observed spatial contex-
tual information in a sparse depth map, resulting in a sub-optimal prediction of

depth in unobserved locations.

To address this issue and further boost depth completion accuracy, we propose
an Adaptive Context-Aware Multi-Modal Network (ACMNet, shown in Fig-
ure 3.3). Firstly, inspired by recent works on point cloud analysis (

), we model the observed contextual information adaptively by applying
attention based graph propagation within multiple graphs constructed from ob-
served pixels. Based on the efficient graph propagation, the model can associate
the spatial context with observed depth values and then enhance the features

of the unobserved pixels. To illustrate this, we provide a simple example in
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Convolution Graph Propagation, Convolution

Figure 3.2. Illustration of convolution and graph propagation. Left: convolution (3 x 3
kernel); Right: graph propagation (2-nearest neighbours) and convolution (3 x 3 kernel).
The observed pixels are marked by the yellow, while the unobserved are marked by the

gray.

Figure 3.2. Compared to the sole convolutional operations, the proposed graph
propagation (followed by a convolution) can make the unobserved pixels cap-

ture more related observed contextual information.

Furthermore, since we have multi-modality data, we need to reconsider the
novel graph propagation in a multi-modal setting. Firstly, to better learn the
relationship between observed pixels (nodes), we use the co-attention mecha-
nism ( ) to propagate the multi-modal information of observed
pixels in a symmetric structure. This step is conducted in the encoder to ex-
tract multi-scale and multi-modal features. However, this mechanism does not
consider the fusion of multi-modal contextual information. A simple way to
fuse the multi-modal data is by applying the simple concatenation or element-
wise summation operation on the extracted feature maps, which was used by
most of the existing works, e.g., ( ; ). How-
ever, this type of fusion strategy cannot fully explore the heterogeneity of the
two modalities. To address the issue, we further present the symmetric gated
fusion strategy to combine the depth and RGB information in the decoder. In

specific, the presented fusion strategy consists of two branches. One branch
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focuses on fusing the RGB information as supplementary into the depth infor-
mation through learning an adaptive gating function, and the other one does the
opposite. Therefore, each branch can maintain its own information and benefit
from supplementary information from the other. Benefiting from the adaptive
co-attention guided graph propagation and symmetric gated multi-modal feature

fusion, our ACMNet is able to generate high-quality dense depth maps.

3.2 Related Work

Depth Completion. Traditional approaches solve the depth completion prob-
lem by formulating the task as an energy function optimization problem (
). However, these works showed some limitations in performance due to

the employment of hand-crafted features.

Currently, CNNs have been a dominant solution for depth completion (

b b b b

; ; ; ), outperforming
traditional methods by a wide margin. In specific, to learn representations of
the irregular and sparse LiDAR data, Uhrig ef al. ( ) proposed
the sparsity-invariant convolutional operation. Following this work, some vari-
ants of the sparse convolution are introduced ( ;

; ). In the case of additional RGB data, Jaritz
et al. ( ) showed that the late fusion strategy outperformed
the early fusion. Ma et al. ( ) utilized self-supervised learning
on sparse LiDAR data coupled with the stereo image pair to mitigate the need
for ground truth dense depth. Yang et al. ( ) exploited the

Conditional Prior Network ( ) to learn a depth prior on
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synthetic images. Additionally, there are also a bunch of works (

; ; ) exploring other
cues. For example, Zhang et al. ( ) trained a net-
work to predict local surface normals for indoor scene depth completion, and
later an extension for outdoor scenes was introduced in their latest work (

). Similarly, Xu et al. ( ) also explored the surface nor-
mal information to improve the performance by introducing a diffusion mod-
ule. Cheng et al. ( ; ) proposed to learn
affinities between adjacent pixels for the spatial propagation of the depth infor-
mation. Following the two works, a recent work ( ) improved
the propagation strategy through concentrating on the non-local neighbors and
introducing a learnable affinity normalization. Inspired by the guided image
filtering, Tang et al. ( ) designed a guided convolution mod-
ule, which generates dynamic spatially-variant kernels using the image features,
to extract the depth image features. In comparison, a recent work (

) proposed to dynamically learn the filter by applying the Graph Neural
Network (GNN) ( ) on the graph constructed from the predicted
dense depth map. In a nutshell, existing works mainly exploit the standard con-
volutional operation or its variations to extract the contextual information. In
specific, they first model the representation for the RGB and sparse depth data
separately, and then fuse them together in a single path. In contrast to these
approaches, out work applies the graph propagation strategy (CGPM) on the
observed points so that the unobserved pixels can capture more useful observed
contextual information. In addition, taking advantage of the proposed symmet-
ric gated fusion strategy, our method can make better use of the multi-modal
information (SGFM). Finally, it is worth pointing out that although the latest
work ( ) also exploits the graph models, there are many differ-
ences between it and ours. For example, it aims to consider the neighborhood
relationship of the points in the 3D space through constructing a 3D graph from

the dense depth map, which is obtained using a deep model. To arrive at this,
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it applies the dynamic kernel, which is learned through using a typical GNN
model on the constructed graph, on the dense features at 1/8 of original scale.
In comparison, in this chapter we study the propagation of the contexts with
observed depth values at multiple scales in a multi-modal setting to enhance the

features of the unobserved pixels.

Monocular Depth Estimation. From approaches based on probabilistic graph-
ical models (e.g., MRFs) with hand-crafted features ( ;
) to the deep learning-based ( ; ;

; ), the improvement of performance for monocu-
lar depth estimation has been pushed forward. Eigen et al. ( )
were the first to develop deep models for depth estimation. Following their
work, a lot of supervised approaches ( ; ;

; ) have been proposed. However, these meth-
ods rely on large quantities of ground truth depth data, which is hard to acquire.
To address this issue, Garg et al. ( ) and Godard et al. (

) proposed to predict depth maps from stereo pair images by
exploring unsupervised cues, while some recent works tried to utilize synthetic
data ( : :

; ; ) based on the domain

adaptation technique ( ).

Graph-based Models. Conventional deep learning modules, such as CNNs,
do not perform well on graphs. To model the graph data efficiently, Graph
Models have been applied on various computer vision tasks ( ;
; ), such as action recognition ( ;

), point cloud analysis ( ; ),

few-shot image classification ( ; ), and

person re-identification ( ). Graph Models are able to learn the
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representation of each target node by propagating its neighborhood information
in a data-driven way and thus associate the contextual information. In this work,
we design an attention-based graph propagation module and then extend it to the
co-attention guided graph propagation for multi-modal data, which is capable
of learning an efficient multi-modal representation for the input data through

encouraging the adaptive contextual interactions.

Multi-modal Information Fusion. Multi-modal information fusion has been
studied in various computer vision tasks, such as visual question answering (

), video action recognition ( ),
3D object detection ( ), and many more. A simple approach to
fuse the multi-modal data is applying concatenation or summation operation
into the input data or extracted feature maps ( ;

). However, for a specific task, different modalities often pro-
vide different information, and therefore, the naive fusion strategy might fail
to combine them effectively. To address this issue, some works, e.g., (

; ), proposed to exploit the attention mechanism to
improve the performance. As for depth completion, current works mainly em-
ployed the naive fusion strategy. In fact, both naive strategy and attention based
approaches fuse the multi-modal features in a single way, which is not enough
to extract complementary information and then limits the performance. In con-
trast, we present the symmetric gated fusion strategy consisting of two fusion
paths, each of which only focuses on one modal and extracts useful information

adaptively from the other.
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3.3 Our Approach

3.3.1 Problem Formulation

Our goal is to recover a dense depth map from the observed sparse depth data
and a single RGB image. Mathematically, given a set of paired RGB image and
sparse depth map { (X, Xs);} 5", we expect to learn a mapping function f(-)
that satisfies Y = f(Xg, X;), where X5 € RV X, € R>*H*W 'and Y €
RZ*W represent the sparse depth map, the RGB image, and the ground truth
depth map, respectively. To achieve this target, we develop a high-performing
depth completion network (ACMNet) building on two novel modules, including
a co-attention guided graph propagation module (CGPM) and a symmetric gated
fusion module (SGFM), as shown in Figure 3.3. In specific, we first employ
a series of CGPMs to effectively extract contextual information from Xg and
X;. Then we exploit SGFMs to learn the complementarity between contextual

representations from multi-modalities. In the following, we will present our

network architecture and the proposed modules in detail.

3.3.2 Network Architecture

Our overall network architecture follows a two-stream encoder-decoder fash-
ion as previously ( ; ;

; ), but with the improvement by
integrating the novel CGPM and SGFM. We show the whole framework in Fig-

ure 3.3, and briefly explain the encoder and the decoder right here.

Encoder. The encoder targets learning discriminative multi-scale features from
both the sparse depth and the RGB image. While researchers reached a consen-
sus that standard convolutional operations can perform well in the image data,
how to extract rich information from observed spatial contexts is still an open

problem due to the extreme sparsity ( ; ;



3.3 OUR APPROACH 52

Encoder  Decoder It

SGFM OUTPUT i
i
N
Qs |
v

ResBlock ~—>

Learning

Fll FIHl '

@ Element-Wise Summation ® Element-Wise Multiplication @ Channel-Wise Concatenation

ResBlock —

ﬁ' & 401 *;-

Figure 3.3. The proposed ACMNet in this chapter. Left upper part: Encoder; Right
upper part: Decoder. In encoding stage, we extract multi-scale multi-modal features
using a stack of CGPMs (Marked by blue dotted box, Sec. 3.3.3), and the adaptive
attentional weights are learnt from spatial locations, depth features and RGB features.
In decoding stage, we fuse the multi-modal features progressively by exploiting the
SGFMs, represented by red dotted boxes (Sec. 3.3.4). Lastly, final output is calculated
from the dense maps and confidence maps produced by the two branches of the decoder
or predicted using the intermediate fused features maps, shown in the green dotted box
(Sec. 3.3.5). Note that, the yellow dotted box denotes that there is no ResBlock behind
the initial fusion (see Sec. 3.3.4) in the SGFM. Blue arrow: convolution; Gray arrow:
graph propagation; Black arrow: summation/multiplication/concatenation.

; ). In this chapter, we show that the proposed CGPM has the
potential to capture the related contextual information from the observed pixels
with various patterns in an adaptive manner through learning dynamic weights
of the relationship between adjacent nodes in the constructed graph. Specifi-
cally, our encoder consists of two conventional convolutional layers followed
by a stack of CGPMs. The encoded features at each scale {FL}~ | and {F\}X

can be computed as:

w

(Fi, FY) = fUFY L FLY), Fl, Bl e RO, 3.1)
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where | = 1,2, ..., L, and f! denotes the CGPM at level /, and F% and F9 are

the outputs of the beginning convolutional layers.

Decoder. The decoder aims to predict depth values of unobserved pixels in Xg
given multi-scale and multi-modal features generated by the encoder mentioned
above. To this end, one of the commonly studied problems is how to take full
advantage of multi-modal representations. A straightforward idea is to directly
concatenate or sum features progressively at different scales ( ;

). However, as analyzed before, these naive fusion strategies fail
to model the complementary information between multiple modalities satisfy-
ingly. To alleviate the issue, we propose an adaptive symmetric gated fusion
strategy to fuse the multi-modal contextual representations in a parallel struc-
ture. In specific, we design two parallel branches in the decoder, i.e., the depth
and image branches. The depth branch preserves discriminative information of
the sparse depth modality and meanwhile adaptively captures comprehensive in-
formation from the image model through learning dynamic gating weights, and
vise versa for the image branch. The overall decoder architecture is described

as follows.

As shown in Figure 3.3, at the beginning of the decoder, we feed F% coupled
with F} into the first SGFM to generate the fused feature Q%; and Q%;', which
is acquired by up-sampling QX; through one deconvolutional layer. At the fol-
lowing levels [ from L — 1 to 0, Q5;"", F& and F} are fed into the SGFM at
level [ together. Similarly, we can obtain the intermediate features Q44 in the

image branch. The procedure can be expressed as:

(QSDQIS’ SI7 ) fd (F )
(QfS‘I’QlIS’ fSLTI? lT) fd( H_LT QZ—HTF )

where | = L —1,L — 2, ..., 0, and f! represents the SGFM.

(3.2)
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Finally, we present two methods, i.e., end-integration and feature-integration, to
combine the two branches to obtain the final recovered dense depth map, which

will be described in detail in Sec. 3.3.5.

3.3.3 Co-Attention Guided Graph Propagation (CGPM)

The proposed CGPM is composed of a residual connection and a co-attention
guided graph propagation module. First, we introduce the basic graph prop-
agation module, which is employed in CGPM. In specific’, given the spatial
position set P = {pg, p1, ..., pn_1} of n pixels with observed depth values, we
define a graph G(V, E), where V is the vertex (or node) set corresponding to
P,and E C |V] x |V] is the edge set. For a vertex i, we connect it to the &k
nearest neighbours according to the spatial locations. Note that, we build an
individual graph for the CGPM at each scale. Thus, to obtain a specific P! at
level [, which is in lower resolution, we generate X by applying max-pooling
based down-sampling operation on Xls_l. The graph’s construction process can
be found in Figure 3.4. In the following, we first introduce the basic attention
guided graph propagation component at level [ by taking the image stream as an

example, then present the full CGPM.

Given the graph G constructed from P! and the input feature maps F. !, we
expect to learn discriminative F by both adaptively encoding the contextual
information of scenes and exploiting guidance for unobserved pixels from ob-
served pixels. Specifically, we exploit two efficient stages, i.e., adaptive feature
propagation within observed pixels and feature enhancement of unobserved pix-

els.

At the first stage, we employ one standard convolutional layer to extract F; from

F/~!, and denote F;, € R"* as the feature vectors of all the nodes in G. Then,

’In the following part, we deprecate the scale indexes [ to simplify our presentation in some
cases.
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Figure 3.4. Graph Construction. At each scale, we use k (e.g., k is 3 in this example)
nearest neighbour to construct the graph from the observed pixels, represented by gray
circles.

we adaptively aggregate neighboured information for each node 7 in GG as:

ij exp(W*)
T T cap(Wiky’
: D )
KN ,. (3.3)
Fi.=> aF],

JEN;
where o/ is the computed attentional weight, ; represents the nearest neigh-
bours of the node i, and W*/ is the adaptive weight between neighboured nodes
¢t and j. Here, inspired by the works ( ; ;
) on point cloud, we exploit the self-attention mechanism (
) to learn W/ adaptively by modeling the relationship between the
connected nodes. Mathematically, the mapping function f,, between F  and

WJ can be expressed as:
W = [ ([ApY||AF L), G € N, (34

where [-||] represents the concatenation operation, Ap*/ = p’ —p’ and AF}io’j =
F/IJO —F} denote the spatial and feature distances between node i and j, respec-
tively. The f,, is implemented by a two-layer MLP, the first one followed by

one LeakyReLU activation function ( ). Note that, permutation
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variant operations like convolution are not allowed here due to the unordered
input. After obtaining F7 , the features of unobserved pixels are enhanced by
a standard convolutional operation. In addition, a residual connection (

) is also utilized to preserve early information. We can use the same

algorithm to conduct propagation in the depth stream.

As shown in Figure 3.3, in the CGPM in our encoder, we learn the adaptive
weights Wg and W by considering both information from the image stream
and the sparse depth stream, inspired by the co-attention mechanism (

). Therefore, in each CGPM, Eq. 3.4 can be re-written as:

¥ = fsu([ApY||[[AFS | AF]), j € N, s

Wi = fr,([ApY||[AF || AF ), j € N,

3.3.4 Symmetric Gated Fusion (SGFM)

For obtained features Fg and F;, we develop an effective fusing strategy to
adaptively absorb complementary information from the multi-modal contextual
representations. For example, depth features encode the scene geometry struc-
ture, e.g., the distance from the camera to partial spatial locations. It contributes
to inferring the depth of unobserved locations directly. In addition, RGB fea-
tures contain semantic information and provide prior appearance knowledge of
unobserved pixels. Instead of concatenating or summing them together directly
with or without attention mechanism, we exploit the proposed SGFM with a
symmetric structure, as shown in Figure 3.3. More specifically, at the beginning
of the decoder, we employ the convolutional operation followed by a Sigmoid
function on F% to generate the adaptive gating weight G5. By applying the
adaptive attention mechanism, the network can absorb meaningful information
from the RGB branch and filter out the unrelated. Then we we feed the ini-
tial fused feature [F||G% * F¥] into the Residual Block (abbr. ResBlock) (

) to obtain the final fused features ng, which is then fed into a
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Figure 3.5. Different fusion strategies. Note that, in implementation, we consider the
features in both encoder and decoder.

deconvolutional layer to generate Qg}T. Therefore, the depth features can be
improved by the complementary information automatically. At the other levels,
there is a slight difference in learning the adaptive weights. In specific, at level
l € {L—1,L—2,..,0}, we learn the gating weights G using QISJ}LT, rather
than FL. Moreover, we feed the concatenated feature [Q5;""||[FL||GL * F]]
into the ResBlock atl € {L —1, L —2, ..., 1} or one convolutional layer at [ = 0
to get the fused feature. Due to the symmetry of the structure, a similar proce-
dure is employed in the image branch. To illustrate the difference between the
proposed fusion strategy and the existing ones, e.g., direct fusion and direct at-

tention fusion, we provide the visual and quantitative comparisons among them

in Figure 3.5 and the ablation study, respectively.
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3.3.5 Branch Integration

By applying the proposed symmetric gated fusion modules, we obtain two sets
of features, one from the image branch and the other from the depth branch.
Here, we consider two methods, i.e., end-integration and feature-integration, to

integrate them together and then obtain the final prediction result.

3.3.5.1 End-integration

For each branch, we can predict a dense depth map, i.e., Yg, YI e RHEXW,
Since the two branches focus on different information, the reliability of the two
predictions varies across the whole image plane. To integrate them adaptively,
following ( ; ), we further predict two
confidence maps Cg, C; € R?*W  which indicate the reliability of the predic-
tions. Therefore, the final dense depth map can be obtained as follows:

- exp(Cg) * Y + exp(Cy) * Y;
. p—
exp(Cg) + exp(Cy)

(3.6)

?

where * represents the element-wise multiplication.

3.3.5.2 Feature-integration

Apart from the integration in the end, we can also combine the features ex-
tracted by the two branches. In specific, as shown in Figure 3.6, we fuse the
intermediate features Qg; and Qg through several convolutional operations to
obtain QQr progressively, and lastly obtain the final prediction Y by applying

one convolutional operation on the final integrated features.

3.3.6 Loss Function

The network is mainly driven by a masked mean squared error (MSE) loss be-

tween the ground truth semi-dense depth map Y and the prediction Y, which is
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Figure 3.6. Feature-integration. Note that, we ignore some inputs of the SGFM for
simplicity.
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defined as:

¥ 1 i i i,
Lnse(Y,Y) = FZ (Y™ > 0)(Y™ = Y™)?, 3.7)
,J

where I(-) denotes the indication function, and N, represents the number of
labeled pixels. In addition, similar to previous works ( ),
we also apply an edge-aware smoothness loss to encourage depths to preserve
spatial continuity:
N 1 N
Lon(Y;X;) = FHVYHle_”VXf”l, (3.8)
where N, denotes the number of pixels in the whole image space, and V repre-
sents first derivative along spatial directions. Finally, the full objective is:
/L(Y Ys, Y Y; X) £mse(Y Y)+
71£mse (Yﬁh Y)+
X (3.9)
71£mse (Y[, Y>+
72£sm(Y7 XI)7

where v, and 7, are the trade-off factors, and are set to 0.5 and 0.01 in our

experiments, respectively.
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3.4 Experiments

In this section, we first introduce the datasets ( ;
) used in our experiments, and the implementation details. Then we
evaluate our method by making comparisons against state-of-the-art methods.

Finally, we conduct several ablations to analyze our framework.

3.4.1 Benchmark Datasets

KITTI Depth Completion Benchmark ( ). It is currently
the main benchmark for depth completion. The dataset consists of over 90, 000
frames with the ground truth semi-dense depth map for training and validation,
and 1, 000 frames without the ground-truth for test. We train depth completion
models on the training set, and then evaluate the performance on the official
selected validation and test sets. During training, we crop all training data (im-
ages and depth maps, 375 x 1242) to the size of validation and test data, i.e.,
352 x 1216. For evaluation, we adopt the official error metrics: root mean
squared error (RMSE in mm, main metric for ranking), mean absolute error
(MAE in mm), root mean squared error of the inverse depth GRMSE in 1/km),

and mean absolute error of the inverse depth i(MAE in 1/km).

NYU-v2 ( ). This dataset consists of RGB and depth im-
ages collected from 464 different indoor scenes. According to the official data
split strategy, 249 scenes are used for training, and 654 labeled images are se-
lected for evaluating the final performance ( ;
). In our experiments, we sample around 48k images with annotations from
the training set for training. Adopting similar experimental setting as (
; ), we firstly down-sample all images to half
and center-crop them to 304 x 228, and then sample 500 sparse LiDAR points
from the provided dense depth map randomly as the sparse depth data. We ex-

ploit root mean square error (RMSE in meter), mean absolute relative error
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Method H PAR. \ FLOPs \ Time (s) \ Mem. H RMSE \ MAE \ iRMSE \ iMAE
SparseConv - - - - 1601.33 | 481.27 | 4.94 1.78
MorphNet - - - - 1045.45 | 31049 | 3.84 1.57
CSPN 17.41 - - - 1019.64 | 27946 | 2.93 1.15
Spade-RGBsD ~53 - - - 917.64 | 23481 | 2.17 0.95
HMSNet - - - - 841.78 | 25347 | 2.73 1.13
DDP 18.8 - - - 832.94 | 20396 | 2.10 0.85
NConv-CNN-L2 0.36 305 0.05 5.2 829.98 | 23326 | 2.60 1.03
Sparse2Dense 26.10 | 1247 0.07 3.7 814.73 | 24995 | 2.80 1.21
PwP 28.99 - - - 777.05 |235.17 | 2.42 1.13
Certainty 2.55 111 0.02 54 772.87 |215.02| 2.19 0.93
DeepLiDAR 53.44 | 3070 0.04 4.0 758.38 | 226.05 | 2.56 1.15
UberATG-FuseNet || 1.89 - - - 752.88 | 221.19 | 2.34 1.14
CSPN++ ~26 - - - 743.69 |209.28 | 2.07 0.90
NLSPN 25.84 | 1353 0.14 33 741.68 | 199.59 | 1.99 0.84
ACMNet 4.9 544 0.08 2.9 74491 |206.09 | 2.08 0.90

Table 3.1. Quantitative results on the test set of KITTI depth completion benchmark,
ranked by RMSE. Our method performs better than most of previous methods, and
yields close performance to CSPN++ and NLSPN with a much smaller model size
(PAR./M). Our model also runs faster than NLSPN, and has lower FLOPs (G) and
consumes less GPU memory (Mem./G) than most of approaches during inference. For
fair comparison, we run the methods with released code and pretrained models on one
Tesla V100 GPU.

(REL in meter), and the percentage of relative errors inside a certain threshold

(0;, t € {1.25,1.25%,1.25%}) as evaluation metrics.

3.4.2 Implementation Details

Graph Construction. For KITTI dataset, we build the graphs at three scales
with 10000, 5000, and 2500 observed pixels randomly sampled from the down-
sampled sparse depth maps, respectively, and we calculate 6 nearest neighbours
for each node. For NYU-v2, we randomly sample 250, 125, and 60 points, re-
spectively. Note that, we can create the graphs using either the 3D coordinates
(e.g., camera coordinates) or the 2D coordinates (e.g., pixel coordinates). Here,

we use the 3D coordinates, and we will study the differences in ablation studies.

Architecture Details. At each level of the encoder, we employ two CGPMs,

and in the decoder, two ResBlocks are utilized in the symmetric gated fusion
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module at each scale. The feature channels in the modules are set to 64. Our
final results are obtained using the feature-integration, and in this case, we use

two convolutional layers, each with 64 output channels at each scale.

Training Details. We implement our depth completion framework in PyTorch.
In specific, we optimize our network with the momentum of 3; = 0.9, f; =
0.999, and the initial learning rate of & = 0.0005 using the ADAM solver (

). The model is trained for around 40 epochs with a batch size of

8, and the learning rate is delayed by 0.5 every 10 epochs during training.

3.4.3 Comparison against the State-of-the-art

KITTI Dataset. In Table 3.1, we report the number of parameters as well as the
performance of our approach and previous peer-reviewed works on KITTI depth

completion benchmark. The comparison methods include SparseConv (

), MorphNet ( ), CSPN ( ),
Spade-RGBsD ( ), HMSNet ( ), DDP (
), NConv-CNN-L2 ( ), Sparse2Dense (
), PWP ( ), Certainty ( ), DeepLi-
DAR ( ), UberATG-FuseNet ( ), CSPN++ (
), and NLSPN ( ). Note that, some of the existing

approaches employ additional data during training. For example, DeepLiDAR
renders 50K training samples using an open urban driving simulator to train
the surface normal prediction network, and Certainty utilizes a pre-trained se-
matic segmentation model on Cityscapes ( ) as network ini-
tialization, which can provide high-level semantic information for depth com-
pletion. In contrast to these approaches, we train our network from scratch
without any additional data. Nevertheless, our approach obtains a convincible
improvement over most of the previous methods. In comparison to the latest
works, i.e., CSPN++ and NLSPN, our model achieves very close performance,

but our model has fewer parameters. Specifically, the RMSE errors of NLSPN
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RGB Image DeepLiDAR Certainty PwP Sparse2Dense Ours

Figure 3.7. Qualitative comparison of our method against four state-of-the-art ap-
proaches on KITTT test set. Left to right: RGB image, results of DeepLiDAR, Certainty,
PwP, Sparse2dense, and ACMNet, respectively. For better comparison, we show color
images, dense predictions, and zoom-in views of details and error maps (darker, better).
Best viewed in color.

and CSPN++ are 3mm and 1mm less than ours, respectively, but the number
of their parameters is around four times larger than ours. Moreover, our method
runs faster than NLSPN, and has lower FLOPs and GPU memory consumption

than most of approaches during inference.

Figure 3.7 shows some qualitative results of ACMNet and other four state-of-
the-art methods ( ; ; ;

). Benefiting from our proposed co-attention guided graph propaga-
tion and symmetric gated fusion strategy, which exploit observed pixels’ infor-
mation and capture the heterogeneity of the two modalities efficiently, ACMNet
is capable of yielding high-performing dense depth map, preserving more de-
tails over boundary regions (e.g., the 2nd and 3rd examples), and performing

better on the tiny/thin objects (the 1st example).
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Method H RMSE‘ REL ‘ 51_25 ‘ 51.252 ‘ (51.253
TGV ( ) 0.635 |0.123|81.9| 93.0 | 96.8
Bilateral ( ) 0.479 10.084|92.4| 97.6 | 98.9
Zhang et al. ( ) || 0.228 {0.042]97.1] 99.3 | 99.7
Ma et al. ( ) 0.204 {0.043|97.8| 99.6 | 99.9
CSPN ( ) 0.117 {0.016]99.2| 99.9 |100.0
DeepLiDAR ( ) 0.115 {0.022]99.3| 99.9 |100.0
Xuetal. ( ) 0.112 | 0.018]99.5| 99.9 |100.0
NLSPN ( ) 0.092 {0.012|99.6 | 99.9 | 100.0
ACMNet 0.105 {0.015]99.4| 99.9 |100.0

Table 3.2. Quantitative results on NYU-v2 with the setting of 500 sparse depth sam-
ples. RMSE, REL: lower better; d;: higher better.

Models || RMSE | MAE | PARAMs (M) | Time (s) | FLOPs (G)

- FI (D) 789.72 | 216.65 1.13 0.057 151
-FI(T) 785.97 | 213.24 1.17 0.068 153
-SG (D) || 806.87 | 220.97 0.72 0.053 86
-SG(T) || 801.76 | 219.18 0.76 0.063 88
- GP 794.13 | 218.56 1.32 0.018 189
Full (D) 786.89 | 216.24 1.35 0.061 191
Full (T) 781.66 | 212.61 1.39 0.072 193

Table 3.3. Investigation on the model with one module disabled. - FI: using end-
integration instead of feature-integration, i.e., feat-integration disabled; - SG: removing
SGFM and using the direct fusion strategy instead; - GP: removing CGPM. D: default
attention operator in CGPM; T: point transformer in CGPM.

NYU-v2 Dataset. As shown in Table 3.2, most of latest works have close per-
formance on this dataset. Our method performs better than almost all of methods
except NLSPN ( ), but as stated above the number of our model’s
parameters is far less than it. In more specific, on NYU-v2, the PARAMs (M),
FLOPs (G), Running Time (s), and Inference Memory (GB) of ours / NLSPN /
CSPNis 4.9/25.8/21.8,122/220/262,0.02/0.03/0.05,and 1.3/1.7/2.5,

respectively.
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Method [ RMSE | MAE | iRMSE | iMAE
Baseline 815.61 224.43 2.59 1.02
+GP 806.87 220.97 2.42 0.97
+GP/D 810.85 224.64 2.45 0.99
+GP/W 809.09 221.44 2.42 0.97
+SG 796.79 219.86 2.39 0.97
+GP+SG 789.72 216.65 2.32 0.96
+GP/D+SG 792.49 215.14 2.33 0.95
+GP/W+SG 790.75 217.34 2.39 0.97

Table 3.4. Quantitative results on KITTI validation set for ablation study on Graph
Propagation. Noticeable improvements gained by +GP demonstrate the effectiveness of
our proposed graph propagation module.

Method || RMSE | MAE | iRMSE | iMAE
DF 815.61 224.43 2.59 1.02
DAF 807.35 224.70 2.46 1.00
SG 796.79 219.86 2.39 0.97
GP+DF 807.49 218.74 2.39 0.96
GP+DAF 804.69 221.09 2.44 0.99
GP+SG 789.72 216.65 2.32 0.96

Table 3.5. Investigation for different fusion strategies. DF: direct fusion; DAF: direct
fusion with attention mechanism; SG: our proposed adaptive symmetric gated fusion
strategy.

3.4.4 Ablation Study

Here, we conduct comprehensive ablation studies on KITTI selected validation
dataset to verify the effectiveness of our proposed components. In following ex-
periments, we set the channels of intermediate layers in networks to 32 to speed
up model training. Unless otherwise specified, we exploit the end-integration in

most cases.

Investigation on the model with one module disabled. At first, to better un-
derstand the performance improvement brought by the proposed modules, we
conduct a series of experiments by removing one component from the full model

each time and observe how the performance changes. The results are shown in
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Table 3.3, and we can observe the performance drops with any component dis-
abled. In specific, SGFM can yield lower RMSE than CGPM and requires less
time, but CGPM has fewer parameters and lower FLOPs. Therefore, the pro-

posed two modules have both strengths and shortcomings.

In addition, currently there are various ways of modeling the attention guided
propagation. As a result, we wonder whether there exist attention operators
which can extract the observed contextual information better. To address this
problem, we re-implement the attentional weights learning and neighboured in-
formation aggregation (Eq. 3.3, Eq. 3.4, and Eq. 3.5) using the Point Trans-
former operator, which is proposed by the latest work ( ). We
refer the original implementation as Default (D), and the re-implementation as
Transformer (T). As shown in Table 3.3, the performance can be improved fur-
ther by the new attention operator with slight increase of FLOPs and PARAMs,
which demonstrates the potential of CGPM for bringing improvement. In the

following, we make detailed analysis for each module.

The effectiveness of the graph propagation. We demonstrate the effective-
ness of the proposed co-attention guided graph propagation by comparing the
performance in four cases, i.e., (1) Baseline: no propagation used in the encoder
and direct fusion in the decoder; (2) +GP: graph propagation in the encoder
and direct fusion in the decoder; (3) +SG: no propagation in the encoder and
symmetric gated fusion in the decoder; (4) +GP+SG: our whole model with the
end-integration. As shown in Table 3.4, +GP and +GP+SG outperform Baseline
and +SG, respectively, which demonstrates that the proposed graph propagation
module better captures the spatial contextual information from sparse LiDAR

data.

Furthermore, we carry out four additional experiments to analyze in which
stage, such as the encoder (i.e., +GP and +GP+SG), decoder (referred as +GP/D
and +GP/D+SG), or whole network (referred as +GP/W and +GP/W+SG), the



3.4 EXPERIMENTS 67

Graph [ RMSE | MAE | iRMSE | iMAE
10K_2D_6NN 792.56 21631 2.34 0.95
10K_3D_6NN 789.72 216.65 2.32 0.96
10K_3D_3NN 792.13 216.64 2.35 0.96
10K_3D_9NN 795.09 216.57 2.37 0.96
08K_3D_6NN 794.59 216.64 2.36 0.95
12K_3D_6NN 793.61 215.81 2.34 0.95

Table 3.6. Ablation study on the coordinate system and the number of nearest neigh-
bours and sampled points.

Method | RMSE | MAE | iRMSE | iMAE
End-Integration 789.72 | 216.65 2.32 0.96
Feature-Integration || 786.89 | 216.24 2.28 0.96
El/Depth 802.66 | 219.88 2.40 0.97
El/Image 807.34 | 223.26 2.47 1.00

Table 3.7. Investigation for the two proposed integration methods.

graph propagation module performs better. As shown in Table 3.4, the compar-
isons (+GP v.s. +GP/D, and +GP+SG v.s. +GP/D+SG) indicate that applying the
propagation module in the feature extraction stage is more effective in modeling
the contextual information. Additionally, we can also observe that compared to
+GP (+GP+SG), +GP/W (+GP/W+SG) causes some performance drop. This
might be because in the decoder the structure of the observed pixels is not well-

preserved after several operations in the encoder.

The effectiveness of the symmetric gated fusion. To verify that the proposed
symmetric gated fusion strategy performs better than direct fusion, e.g., con-
catenation with or without attention (referred as DAF and DF, respectively), we
compare six models, i.e., DF (namely Baseline), DAF, SG, GP+DF (namely
Baseline+GP in Table 3.4), GP+DAF, and GP+SG. As shown in Table 3.5,
SG outperforms both DAF and DF, demonstrating that the proposed symmet-
ric gated fusion strategy is capable of combining the multi-modal information
more effectively. Moreover, the comparisons between GP+SG, GP+DAF, and

GP+DF can further support this conclusion.
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Figure 3.8. Qualitative example of the end-integration. First row: input image, pre-
diction of EI/Depth and El/Image, respectively; Second row: final prediction, and con-
fidence maps corresponding to the predictions in the first row. We can find that each
branch can capture different information.

Analysis of graph construction. Here, we investigate the impacts of three
factors involved in constructing graphs. Note that, we conduct the following
experiments using our final model with the end-integration. We report the results

in Table 3.6.

Firstly, since we aim at capturing more observed multi-modal information to
enhance the features of unobserved pixels by finding their spatial neighbours,
it is interesting to explore the selection of the coordinate system, i.e., pixel co-
ordinate system or camera coordinate system. In specific, for a set of observed
pixels, we can construct a graph according to their 2D coordinates { (u;, v;)}7=
directly or 3D coordinates {(z;, s, z;)}:—y, which are obtained according to
Eq. 3.10, where f,, f,, ¢, ¢, denote the camera parameters, and d; represents
the depth value. In Table 3.6, we compare two models (1I0K_2D_6NN v.s.
10K_3D_6NN), where 6-nearest neighbours algorithm is utilized to construct
graphs and 10, 000 points are sampled at the first scale. We can find 10K_3D_6NN
slightly outperforms 10K_2D_6NN on the RMSE metric. It is mainly because
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Figure 3.9. Performances under different levels of sparsity. For better comparison,
we also show the performances on lower (the second and fifth) and larger (the third
and sixth) densities separately. In comparison to Certainty, Sparse2dense, and NConv-
CNN, ACMNet performs better under all input densities.

propagation in the camera (3D) coordinate system can learn the scene’s geomet-

ric structure.

T (3.10)
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Secondly, we discuss the performance of the model under different numbers of
nearest neighbours. By setting &k (k nearest neighbours) to different values, i.e.,
3,6,9, we train three models, i.e., 10K_3D_3NN (k = 3), 10K_3D_6NN (k =
6), and 10K_3D_9NN (k£ = 9), all of which propagate features in the camera
coordinate system. As shown in Table 3.6, in comparison to 10K_3D_3NN and
10K_3D_6NN, 10K_3D_O9NN causes a slight decrease in the performance, it
might be because increasing the number of nearest neighbours encourages the

model to see unrelated contexts.

Lastly, we study the number of sampled points. In specific, we sample 10, 000,
8,000, and 12,000 points at the first scale, respectively, and at the following
scales, half of points are sampled from the last scale. From Table 3.6, we can
observe that more or fewer points might degrade the performance on the RMSE

metric.

In a nutshell, the selection of coordinate system, the number of nearest neigh-
bours and sampled points might affect the performance, but in most settings, the

model performs well.

Analysis of branch integration. In Section 3.3.5, we introduce two methods
for the integration of the two branches. Here, we analyze their performances.
As shown in Table 3.7, the comparison (RMSE: 786 v.s. 789) between Feature-
Integration (abbr. FI) and End-Integration (abbr. EI) shows that integration at
the feature level is more powerful than the end in learning the reliability of the

two branches.

In addition, we also evaluate the performance of the two branches. Taking the
end-integration as an example, we report the performance of EI/Depth fusing the
RGB information into the depth, and El/Image doing the opposite. Although the
two branches yield close scores on all metrics, by learning confidence maps to

fuse them together, a significant improvement on all metrics is obtained. To
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understand the two branches deeply, we provide a qualitative example in Fig-
ure 3.8. It can be seen that the depth branch is able to generate dense depth
map with higher confidence in most locations, while the image branch performs
better in capturing the boundary information. This result also further supports

that the two modalities are complementary to each other.

3.4.5 Generalization Capabilities

Lastly, we evaluate the generalization capabilities of our method on the sparsity,

including the number of observed points and the sparse data pattern.

Number of known points. To show the generalization capabilities of ACM-
Net on different levels of sparsity, we evaluate our approach and other three
state-of-the-art methods with publicly available code, i.e., Certainty (
), Sparse2dense ( ), and NConv-CNN (
), on KITTI selected validation set under different input densities.
In specific, we first uniformly sub-sample the raw LiDAR depth by ratios of
0.8,0.6,0.4,0.2,0.1,0.05, and 0.025 to generate sparse depth maps with dif-
ferent densities, and then test pretrained models on the generated sparse depth
maps. Note that, all the models are trained on KITTI training set under the
original sparsity (sampling ratio of 1.0) but not fine-tuned on the new sparse
depth maps. Figure 3.9 shows that our approach performs better under all in-
put densities in terms of both RMSE and MAE metrics, which demonstrates the
impressive generalization capabilities of our approach under different levels of

sparsity.

Sparsity pattern. The NYU-v2 dataset provides dense depth maps, so we can
evaluate the model on different sparsity patterns through applying different sam-
pling method to generate the sparse depth map. Here, we compare our method
with NLSPN ( ) and CSPN ( ), which released

the code and pretrained models. In specific, we firstly define three patterns, i.e.,
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Method H RMSE ‘ REL ‘ 51_25 ‘ (51_252 ‘ 51‘253
Uniform

CSPN ( ) 0.117 | 0.016 | 99.2 | 99.9 | 100.0

NLSPN ( ) 0.092 | 0.012 | 99.6 | 99.9 | 100.0

ACMNet 0.105 | 0.015 | 994 | 99.9 | 100.0
Gaussian

CSPN ( ) 0.121 | 0.017 | 99.1 | 99.8 | 100.0

NLSPN ( ) 0.093 | 0.013 | 99.5 | 99.9 | 100.0

ACMNet 0.110 | 0.017 | 99.3 | 99.9 | 100.0

Grid

CSPN ( ) 0.123 | 0.017 | 99.2 | 99.8 | 100.0

NLSPN ( ) 0.095 | 0.013 | 99.5 | 99.9 | 100.0

ACMNet 0.090 | 0.012 | 99.6 | 99.9 | 100.0

Table 3.8. Quantitative results on NYU-v2 with different sparsity patterns. RMSE,
REL: lower better; §;: higher better.

Uniform, Gaussian, and Grid. As shown in Figure 3.10, Uniform indicates that
we randomly sample n (= 500) points from the dense depth map as the known
points and each point could be selected with equal probability; Gaussian means
that the closer the point is to the central location, the larger the probability of
being selected is; Grid means we sample the points regularly. All models, in-
cluding NLSPN, CSPN, and ACMNet are trained on the Uniform patterns, and
then evaluated on all three patterns. As shown in Table 3.8, the scores of all
models on RMSE and MAE drop slightly in the Gaussian pattern, since the
number of points in two sides of the sparse depth map with Gaussian pattern
is fewer than Uniform pattern. In comparison, on the Grid pattern, which can
be considered as the easier version of the Uniform, our model generates higher
scores. In contrast, other two methods still yield lower scores, which exploit the
standard convolutional operation to extract the features. Therefore, our method

generalizes well to different sparsity patterns.
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Figure 3.10. Different sparsity patterns. Zoom in for best view.

3.5 Conclusion

In this chapter, we have developed an Adaptive Context-Aware Multi-Modal
Network (ACMNet) to recover a dense depth map from sparse LiDAR data and
dense RGB data. The critical issue in depth completion is how to exploit the ob-
served spatial contexts from multi-modal data efficiently. To this end, we apply
the co-attention guided graph propagation within multiple graphs constructed
from observed pixels, which adaptively extracts multi-scale and multi-modal
features and contributes to the feature enhancement for unobserved pixels. Fur-
thermore, to fuse the multi-modal features in an effective way, we propose the
symmetric gated fusion strategy, which has the capability of learning the het-
erogeneity of the two modalities. Finally, we implement our ACMNet, where a
stack of CGPMs are employed in the encoder and SGFMs are used in the de-

coder. Benefiting from the two new modules, ACMNet is capable of generating
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high-quality dense depth maps. Our extensive experiments have demonstrated

the effectiveness of the network as well as the network components.



CHAPTER 4

Adaptive Edge-to-Edge Interaction Learning for Point Cloud
Analysis

Previous chapters study 3D structure prediction from single images and multi-
modal data, i.e., monocular depth estimation and depth completion, respectively.
In this and next chapter, we are investigating 3D information understanding
through exploring local shape representation and model generalization for 3D
point cloud analysis, respectively. Recent years have witnessed the great suc-
cess of deep learning on various point cloud analysis tasks, e.g., classification
and semantic segmentation. Since point cloud data is sparse and irregularly
distributed, one key issue for point cloud data processing is extracting useful
information from local regions. To achieve this, previous works mainly extract
the points’ features from the local region through learning the relation between
each pair of adjacent points. However, these works ignore the relation between
edges in the local region, which encodes the local shape information. Associ-
ating the neighbouring edges could potentially make the point-to-point relation
more aware of the local structure and more robust. To explore the role of the
relation between edges, this chapter proposes a novel Adaptive Edge-to-Edge
Interaction Learning module (AE?IL), which aims to enhance the point-to-point
relation through modeling the edge-to-edge interaction in the local region adap-
tively. We further extend the AE’IL module to a symmetric version, named
SymAE?IL, to capture the local structure more thoroughly. Taking advantage of

the proposed modules, we develop two networks, AE*INetCls and AE*INetSeg,

75
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for shape classification and segmentation tasks, respectively. Various experi-
ments on several public point cloud datasets show that our models achieve state-

of-the-art performance for point cloud analysis.

4.1 Introduction

In recent years, a lot of works have been made to exploit deep learning for
3D point cloud analysis, which is important for real-world applications, such
as autonomous driving ( ) and robotics manipulation (

). Since point cloud data does not have a regular structure
like images, it cannot be processed straightforwardly in the deep convolutional
neural networks (DCNNs). To address this issue, some works (

; ; ) propose to voxelize the points
and obtain the volumetric representation, which can be fed into the conventional
CNNs. However, these voxel-based approaches often suffer from quantization

loss of the structure due to the low resolution caused by voxelization.

Another solution is designing a deep model that can learn representations from
the raw point cloud directly. The pioneering work of this clue, i.e., PointNet (

), extracts the features from each point directly using the multi-layer
perceptron (MLP). Despite being efficient, however, it omits the local structure,
which is significant for learning discriminative representations. PointNet++ (

), as an extension of PointNet, attempts to model the local shape by
introducing a hierarchical encoder-decoder structure with point sampling and

feature propagation operations.

Following these two works, a lot of variants ( ;

; ; ; )
have been proposed to extract discriminative features from the local regions. A
typical clue they exploit is aggregating the information of a point into its neigh-

bours according to their relationships, i.e., the edge’s features. For example,
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DGCNN ( ) proposes the EdgeConv operation that extracts
the local features from the center point and the edges (e.g., spatial relative posi-
tion) between it and its neighbours. Another interesting work, RS-CNN (

) maps the predefined geometric priors between two adjacent points
into a high-level relation expression, and then considers it as weights to aggre-
gate the local contextual information. These methods improve the performance
of several typical point cloud tasks, including shape classification, part segmen-

tation, and semantic segmentation, remarkably.

However, as these methods solely model the point-to-point relation for each pair
of adjacent points, the learned representation for the edge might lack the local
structure information, making the relation not discriminative and not robust. For
example, given two point pairs (p1, p2) and (ps, ps), if we calculate the relation
for each pair respectively, then we might get close results, even though they
locate in different objects. In comparison, if we exploit the local structure to
enhance the point-to-point relation (pl and p,, ps and p4) through considering

other edges in the same local region, then the results could be more distinctive.

Based on the analysis above, we propose an Adaptive Edge-to-Edge Interaction
Learning (AE’IL) module. Specifically, for a point, we first find its K neigh-
bours, and thus there are K edges emanating from it to its neighbours. Then, for
each edge we consider other edges’ information through modeling the edge-to-
edge interaction in three steps: 1) find its nearest neighbours from the K edges;
2) learn the relation between it and its neighbours; 3) use these learned relations
to update its information. Furthermore, to model the local structure thoroughly
and explore the reverse edges, we extend the AE’IL to a symmetric version,

namely SymAE?IL, the details of which can be found in the third section.

Taking advantage of the (symmetric) adaptive edge-to-edge interaction learn-
ing modules, we develop two networks, i.e., AE*INetCls and AE*INetSeg, for

shape classification and segmentation, respectively. The experimental results
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show that the designed models outperform previous approaches on several pub-

lic point cloud datasets, and achieve state-of-the-art performance.

4.2 Related Work

Currently, many efforts have been made to exploit deep learning on point cloud

processing. In this section, we briefly review some of them, especially those

point based methods. We refer to the survey ( ) for a thorough
understanding.
Following PointNet ( ), which is the first attempt to apply deep

learning directly on the sparse and unstructured point sets, and its extension

PointNet++ ( ), a lot of efforts ( ;

b b b b

; ) have investigated the feature extraction
of the local structure. Most of these point based works mainly focus on one or
more of the following components: 1) points sampling, 2) relation learning, and

3) convolutional operation.

Points Sampling. To capture the contextual information in a hierarchical struc-
ture, PointNet++ ( ) exploits the farthest point sampling (FPS)
algorithm to sample a subset from the input points. Since the FPS algorithm is
permutation-variant and samples points from low-dimension Euclidean space,
PAT ( ) proposes Gumbel Subset Sampling to select the sub-
set, which is more robust to outliers. In comparison, to overcome the issue

existing in FPS, PointASNL ( ) proposes an adaptive sampling
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strategy to refine the initial sampled points, which considers both low- and high-
dimension embedding space. Interestingly, a recent work, RandLA-Net (
) compares several point sampling approaches, and observes that the

Random Sampling strategy is more suitable for large-scale point clouds.

Relation Learning. To represent the local structure, PointNet++ (

) extracts the features of each point in the local region using the MLP and
then exploits the Max-Pooling operation to get the local region feature vec-
tor. However, it ignores the geometric relationships between points, which
causes the limitation on the modeling of local structures. To improve this,
DGCNN ( ) exploits the proposed EdgeConv on the con-
structed local neighbourhood graph to model local geometric structures. Edge-
Conv aggregates the features of the edges emanating from the central point of
the local region as its new representation. In comparison, some works aim to
map the edge features into weights for feature association. For example, ex-
tending regular 2D CNN to irregular configuration, RS-CNN ( )
encodes the predefined geometric priors, e.g., the spatial distance, between two
adjacent points as a high-level relation expression, i.e., weight vector. Simi-
larly, GAC ( ) learns attentional weights from both spatial and
feature distances. One point in common among these works is that in a local
region, only the edges connecting the central point to the others are considered.
In comparison, PointWeb ( ) constructs a densely-connected
graph and aims to find the interaction between all adjacent points for better de-
scription of the local structure. This chapter attempts to learn the edge-to-edge

interaction adaptively for the enhancement of the point-to-point relation.

Convolutional Operation. Motivated by the standard 2D convolution kernel,
KPConv ( ) designs a set of 3D kernel points. The kernel

points are used to define the area where the kernel weights are applied to extract
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the features. A recent work, PAConv ( ), proposes to construct
the convolutional kernels by dynamically assembling basic weight matrices in a
pre-defined Weight Bank. In addition, some works attempt to apply projection in
the feature space so that the projected features can be processed by the standard
convolutional operation directly. Fox example, PointCNN ( )
transforms the points in a local region to the canonical order through learning
a transformation matrix and then the traditional convolution can be applied. In
comparison with PointCNN, FPConv ( ) learns a weight map
to softly project local points onto a 2D grid, which is further processed by the

regular 2D convolutional operation.

4.3 Our Approach

In this section, we present the proposed novel adaptive edge-to-edge interaction
learning modules, AE*IL and its symmetric version SymAE?IL in detail. In
addition, we also provide an analysis for the differences between an existing

work and our approach in the last.

4.3.1 AE’IL Module

Let P = {p1,p2,...,pn} C R3, where p; represents the point’s spatial position,
denote the processed point cloud consisting of N points, 7 = { f1, fa, ..., fnv} C
R denote the corresponding feature set, where Cj,, is the number of channels.
Our new AE?IL module takes P and JF as the input, and outputs the enhanced
representation f? € R« for each point p; in P*. P* is a subset sampled from

‘P via the FPS technique ( ), and C',,; is the channel number.

Specifically, for a certain point p;, we find its K neighbours A/ (p;) C P from P.
This is implemented by the K-nearest neighbour (K-NN) algorithm according to

the spatial distance. To extract the local features, we follow ( ;
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; ) to first encode the point-to-point relation

(hi;) based on the spatial relative position and difference between features as:

hij = o([(p; — p)lI(f5 = £i])), pj € N(pi), 4.1)

where [-||-] is the concatenation operation, and o (-) denotes a mapping function.
In this chapter, we use MLP as the function. Given the learned point-to-point
relation h;;, we can integrate the point feature f; and its K neighbouring fea-
tures f; following ( ; ; ).
However, as discussed before, only studying the relations between two points
solely may fail to model the local structure well. We thus seek a solution by

adaptively investigating the interaction between the edges.

In detail, for the central point p; we have K directed edges'. Among them, the
edge ¢;; emanates from point p; to its neighbour p; € N (p;). We then utilize
K-NN algorithm to find the K. nearest neighbours for each edge according to

the distance between edges. Here, the distance between e;; and e;;, is computed

Dist(e;;, i) = \/ lpj — prll2, (4.2)

i.e., the spatial Euclidean distance between the terminal points of the edges.

as:

For a specific edge e;;, we denote its neighbours as e;, € N (eij), where e;,
represents the edge from p; to its neighbour p, € N(p;). We take E; i to
represent the edge from e;; to e;;,, and define H, j;, as their interaction. These

symbolic marks are illustrated in Figure 4.1.

To obtain Hj, j;, we extract the information of edge F; j,. Here, we consider

three kinds of information. The first two are the spatial relative position D; ;,

and difference between features le 5+ Before computing D{i k> We first use

Note that, in this chapter the edge e;; between p; and p; is directed, where p; is the staring
/ emanating point and p; is the terminal point.
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MLPs (¢ and 1) to encode the edges’ features, and then calculate the two rela-

tions as:
S _
Di,jk = Dk — Dy

; 4.3)
D; ;1. = ¢(hir) — ¥ (hij).

Apart from D7, and D{ jk» We further compute the surface normal Dy ;; as

follows:
D5 5 = (pk — pi) % (0 — pi),; (4.4)
where x denotes the cross product operation. By taking Dy, D{ > and D7 5,

as the inputs, we first encode the spatial information into a new feature vector

and then capture H; j; via a summation operation:

Hiji = DI +v(D5 1D 1), (4.5)

1,7k

where 7 is an MLP. Therefore, the edge-to-edge interaction H, j;, not only en-
codes the relations between edges in both low- (Euclidean) and high- (feature)
dimensional space, but also considers the plane information. We refer to the

ablation studies for more analysis.

The next goal is to update the point-to-point relation /;; using the learned edge-
to-edge interactions between e;; and its /. neighbours N (ei;) via the attention
technique ( ; ). In specific, we first calculate
the attentional weights as follows:
wigr = o(Hiji),
o exp(wi ) (4.6)
gk = D leNi(ery) €TP(Wigt)”

where « is an MLP, and N/ (e;;) denotes an index set containing the index of the
terminal point of the edges in AV (e;;). We then aggregate {f} ¢ (., ) and the

spatial relation (D; || D5 ;) using the learned attentional weights as follows:

hiy= > w - (B(ha) + 9D l[D5 1)), 4.7)
kGN(eij)
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where - denotes the element-wise multiplication operation, and /3 is an MLP.

Now, we achieve the interaction between the edges emanating from p;, and get
the enhanced representation h;j for each directed edge e;;. Lastly, we employ
three consecutive operations, i.e., a shared MLP ;. and a max-pooling operation,
and a residual connection ( ; ), to update the

features of p; so that it contains the extracted local structure information, i.e.,
iz = plfillhig]),
(f)e = max  (fis)e + (plfi))es

je[L,2,...,

(4.8)

where ¢ € [1,2, ..., C,ul, p is an MLP, and (f); is the i*" element of the feature

vector f.

4.3.2 SymAE’IL Module

For a local region centering on point p;, AE?IL exploits the local structure to
enhance the point-to-point relation /;; through learning the edge-to-edge inter-
actions between ¢;; and its neighbours A (e;;). Taking an example of one of
its neighbours e;, (j # k) starting from p; to p,. AE*IL models the interac-
tion between e;; and e;;, but overlooks the reverse edge e;;. We find that further
studying the interaction between e;; and ej;, could exploit the local structure bet-
ter. From another perspective, through modeling the two interactions, we can
also extract the structure information contained in the triangle constructed by p;,
pj, and py.. We call this new module as SymAE?IL, i.e., Symmetric Adaptive
Edge-to-Edge Interaction Learning, which simultaneously learns the represen-

tations of both e;; and e;.

To achieve this, we first define a new edge set N (ej;), which contains all edges
emanating from p; to the terminal point of the edges in A/ (e;;), as the neighbours
of the edge e;;. Then, we compute the feature of each edge in N (eji), and

update the feature of e;; as we do to update the feature of e, i.e., from Eq. 4.3
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to Eq. 4.7. This process is illustrated by the boxes in the bottom of Figure 4.1.

Denoting the output feature of e;; by ﬁﬂ», then we reformulate Eq. 4.8 as:

fig = n([fill (hig + B3))),
(f{)e= maXK]<fij>c + (p(fi))e-

]6[172 77777

4.9)

We can use AEIL or SymAE?ZIL as a basic operator to construct deep networks
for point cloud analysis, including shape classification and segmentation. In
our experiments, we use SymAE?IL as the core operation, and we will study
the two modules in the ablation. The networks for segmentation and classifica-
tion are named as AE’INetSeg and AE?INetCls, respectively. The structures of
the networks and detailed architectures of AE?IL, SymAE?IL, AE*INetCls, and
AE*INetSeg are provided in Sec. 4.3.4.

4.3.3 Relation to PointWeb

In this chapter, we consider the edge-to-edge interaction, which involves the
point-to-point relation between the neighbours of the central point as well as the
central point and its neighbours. Technically, the feature of an edge are updated
with its neighbouring edges, while not in most of existing works. However, an
interesting work, PointWeb ( ), develops the Adaptive Feature
Adjustment (AFA) module to update all points in the local region before the
feature aggregation. As a result, the point-to-point relation in PointWeb can be
viewed as being updated. Here, we analyze the differences between the AFA

strategy in PointWeb and ours.

Firstly, we consider a simplified implementation of our AE?IL, defined as:

hij = Z w(hik — hij) - g, (4.10)
kJEN(eij)
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where h;; = o(f; — fi), and w is an MLP followed by a SoftMax function. We

can re-write the equation as:

h;»j = Z w(h,k — h”) : hzk;
kEN (eij)
= > wloli—f)—olfi=f))-olfi = )
kEN(eq',j)
= Z w(o(fi — f7) - o(fi — fi)
kEN(eq',j)
= > S fe— ) olfe— 1), (.11)
kEN(eij)
where 0 denotes the SoftMax function and 7 is an MLP. Similarly, the symmetric

version of the simplified AE?IL can be written as:
o S(r(fe— i) - o(fs = fi)+
kEN(ei]‘)

> 6 (= 1) o' (fe = i) (4.12)

kEN(e”)

where 7/ and ¢’ are both MLPs. Using our notations, we can represent the h;j

in AFA module as follows:

hiy =1f = fi
=fi+ Y = f) =t =i+ D &= f) - (fi= 1)
kEN (es;) kEN (ei)
= N [Efi =S (fi = fo) =€ = fi) - (fi = f)] + 1
kGN(eij)
= > EUNF = o) + U e — )+ SR (i = £)] + hij, (413)
kGN(eij)

where £ is an MLP. Note that, PointWeb considers 7 = k and j = £ as a special

case, while we ignore that for simplicity, which does not affect the conclusion.
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Taking an example of three points {p;, p;, px }, Where p;, pr, € N(p;) and k €
N (ei;), we analyze the differences between PointWeb and ours. Firstly, com-
paring Eq. 4.11, Eq. 4.12, and Eq. 4.13, we can find that when using the edge
eix, to update e;;, our method exploits the relation between the two edges, which
is the difference between the terminal points’ features in the simplified version.
Although PointWeb also exploits the neighbouring edges, it does not involve
the interaction between the edges. Instead, it sums the edges’ features directly
taking the points’ features as the weights, or Eq. 4.13 can be explained as that
it sums the new points’ features taking the difference between points’ features
as the weights. In comparison, we update the edge’s feature according to the
relation between edges adaptively. In addition, through modeling the edge-to-
edge interaction directly, we can exploit complicated functions (Eq. 4.3-Eq. 4.7
v.s. Eq. 4.10), such as the learning of both low- and high-level relations be-
tween edges, easily. As a result, in comparison to PointWeb, our method is able

to learn the edge-to-edge interaction more effectively and thus model the local

structure better.

4.3.4 Network Details

In the following, we introduce the architecture details of the proposed two net-
works, i.e., AE’INetCls and AE’INetSeg, respectively. Before that, We first
introduce the architectures of AE’IL and SymAEzlL, which are used as the
basic operator to construct deep networks for point cloud analysis. In our exper-

iments, we use SymAEZIL as the core operation.

Architectures of AE*IL and SymAEZ?IL. The main operations (functions) in
AE’IL and SymAE?IL include MLP, Leaky-ReLU, and batch normalization
(BN). In specific,
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Figure 4.1. Illustration of AE’IL and SymAE?IL. AE’IL marked by the gray dotted
line consists of Step 1, Step 2, and Step 3, while SymAE?IL marked by the gray solid
line contains all steps. The edges located in one gray ellipse are neighbours. In this
example, pg is the central point, and p;-ps are its neighbours. Note that, from Step 2 to
Step 6, we take the example of the edges eg; and eqg. The blue dotted arrow denotes
the edge between edges. The two association operations are formulated as Eq. 4.8 (for
the top one) and Eq. 4.9 (for the below one), respectively. Notations are identical to the
text. Best viewed in color (zoom in for details).

e 0 in Eq. 4.1 contains a shared single-layer MLP followed by one BN
layer and one Leaky-ReL.U layer;

e pand p in Eq. 4.8 and Eq. 4.9 contain a shared single-layer MLP fol-
lowed by one BN layer, and there is a Leaky-ReLU layer after the
summation operation in Eq. 4.8 and Eq. 4.9;

e ¢and ¢ in Eq. 4.3, and [ in Eq. 4.7 contain a shared single-layer MLP;

e v in Eq. 4.5 and « Eq. 4.6 in contain a shared two-layer MLP, where
the first one is followed by one BN layer and one Leaky-ReL.U.

AE?INetCls for Classification. AE?INetCls contains three consecutive SymAE?ILs.
In the [*" layer, given N;_; points as the input, we sample N; points (N;_; > N;)
using the FPS algorithm ( ). Taking the samples as the central
point, the SymAE?IL module is able to extract the structure information of the

corresponding local regions. For the ModelNet40 dataset ( ),
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we feed 1,024 points (Ny = 1,024) into the network. In all layers, we con-
sider 32 (K = 32) nearest neighbours for each sampled central point. The
number of central points sampled in each layer is 512 — 128 — 32, respec-
tively. The output feature dimension (C,,;) is 128, 256, and 512, respectively.
In addition, in each module, for the features obtained from the functions {o}

and{¢, ¢, a, 3,7}, we set the number of channels as % and %, respectively.

AE?INetSeg for Segmentation. For the segmentation tasks, including part seg-
mentation and semantic segmentation, we build the networks on the encoder-
decoder architecture with skip connections, which is exploited widely by most
previous works ( ; ; ). The
encoder part consists of a stack of SymAE?ILs, which is identical to AE*INetCls.
After the encoder, the original point is sub-sampled, so we need to upsample the
encoded features into the original resolution progressively. In specific, for the
upsampling layer corresponding to the " layer in the encoder, we aim to prop-
agate point features from /V; points to /N;_; points, which can be achieved by
the Feature Propagation Operation in PointNet++ ( ). The output
feature dimension (C,,,;) of each module in the encoder is 64, 128, 256, 512, and
512, respectively. As in AE?INetCls, in each module, for the features obtained
from the functions {o} and{¢, v, o, 5,7}, we set the number of channels as
% and %, respectively. For ShapeNetPart ( ) (Ny = 2,048),
S3DIS ( ) (Ng = 14,000), and ScanNet v2 (

) (No = 14,000), in each SymAE?IL, we sample 1, 024/4,096/4,096 —
512/1,024/1,024 — 256/256/256 — 128/128/128 — 64/64/64 points, re-
spectively. In each layer of the encoder, we consider 16 (K = 16) nearest
neighbours for each sampled central point. In each layer of the decoder, we
exploit the FPS to upsample the point features, which is followed by a shared
two-layer MLP to update the points’ features. The output feature dimensions in

the decoder are symmetrical to the input feature dimensions in the encoder.
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Figure 4.2. AE’INetCls and AE’INetSeg. FPL, Seg, Cls, and Skip denote feature
propagation layer (Qi ez al., 2017b), segmentation, classification, and skip connections,
respectively.

The structures of AE*INetCls and AE*INetSeg are shown in Figure 4.2.

4.4 Experiments

To examine the effectiveness of our point cloud analysis approach, we conduct
experiments on several tasks, including semantic segmentation, part segmenta-
tion, and classification, on widely studied benchmarks, such as S3DIS (Armeni
etal., 2016), ScanNet v2 (Dai er al., 20172), ShapeNetPart (Yi e a/., 2016), and
ModelNet40 (Wu er al., 2015). The results and ablations for our modules are re-
ported in the following, while some detailed results and visualization examples

are provided in Sec. 4.5.

4.4.1 Implementation Details

We train all networks with an initial learning rate of 0.1 using the SGD optimiza-
tion algorithm. For the semantic segmentation task on S3DIS (ScanNet v2), we

train for 100 (1000) epochs with a batch size of 8 (10) and decay the learning
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6-fold Area 5
Method oA mAcc mloU \ oA mAcc mloU
PointNet 78.6 66.2 47.6 - 49.0 41.1

PointNet++ | 81.0 67.1 54.5 - - -
PointCNN 88.1 75.6 654 | 859 639 57.3
DGCNN 84.1 - 56.1 - - -
PointWeb 87.3 76.2 66.7 | 87.0 66.6 60.3
HPEIN 88.2 76.3 67.8 | 87.2 68.3 61.9

KPConv* - 79.1 70.6 - 72.8 67.1
FPConv - - 68.7 | 883 689 62.8
SegGCN 88.2 704 63.6

RandLA-Net | 88.0 82.0 70.0 - - -
Point2Node | 89.0  79.1 70.0 | 88.8 70.0 63.0
SCF-Net* 88.4 827 71.6 - - -
PAConv* - 78.7 69.3 - 73.0 66.6
AE*INetSeg | 89.6  81.7 73.0 | 89.7 735 67.3
AE’INetSeg* | 89.9  82.6 7377 | 89.9 743 68.0

Table 4.1. The mloU (%), mAcc (%) and oA (%) on S3DIS dataset. The mark ‘*’
denotes that the voting scheme ( ) is adopted at testing.

rate by 0.1 after 60 (600) epochs and 80 (800) epochs, respectively. For classi-
fication (ModelNet40) and part segmentation (ShapeNetPart) tasks, we reduce
the learning rate until 1e — 3 using the cosine annealing (

) policy. We train the networks for 250 / 200 epochs with a batch size of
32 / 16 on ModelNet40 / ShapeNetPart. Following previous works (

; ; ; ), we exploit data
augmentations. In specific, for classification and part segmentation, we aug-
ment the point cloud with 1 ) random anisotropic scaling in a range from —0.66
to 1.5 and 2) random translation in a range from —0.2 to 0.2, while for semantic
segmentation, we exploit random rotation along the vertical axis, scaling in a

range from 0.8 to 1.1, and gaussian jittering.

4.4.2 3D Scene Semantic Segmentation

Here, we study 3D scene segmentation on S3DIS ( ) and

ScanNet v2 ( ) to evaluate the capacity of AE’INetSeg.
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Figure 4.3. The mloU on ScanNet v2 (Dai er al., 2017a). We make comparisons
against PointConv (Wu e al., 2019), HPEIN (Jiang et al., 2019), KPConv (Thomas et
al.,2019), SegGCN (Lei er al., 2020), FPConv (Lin er al., 2020a), and PointASNL (Yan
et al., 2020).

S3DIS contains 271 rooms captured from 6 areas. It provides 3D points and
their corresponding RGB values. Each point is annotated with one of the se-
mantic labels from 13 categories, such as table, wall, and sofa. In training time,
we randomly select 14,000 points from a 2m x 2m block on-the-fly. Each
point is represented as a 9-dim vector with XYZ, RGB, and normalized posi-
tion in the room. All points are evaluated at test time. We study two settings
for the task, i.e., 6-fold cross-validation and Area 5 validation. In Table 4.1,
we make comparisons against the previous methods, including PointNet (Q1
et al., 2017a), PointNet++ (Q1i er al., 2017b), PointCNN (Li er al., 2018e),
DGCNN (Wang er al., 2019d), PointWeb (Zhao er al.. 2019a), HPEIN (Jiang
et al., 2019), KPConv (Thomas er al., 2019), FPConv (Lin er al., 2020a), Seg-
GCN (Lei er al., 2020), RandLA-Net (Hu er a/., 2020a), Point2Node (Han ef
al., 2020), SCF-Net (Fan er al., 2021a), and PAConv (Xu ¢r al., 2021a). Since
some works evaluates the model using the voting scheme at testing, which is
helpful to improve the performance, we also report the results obtained with
the voting scheme (marked by ‘*’). As shown in Table 4.1, we can find that
both AE?INetSeg and AE’INetSeg* perform better than almost all of existing

peer-reviewed works on all metrics, including overall Accuracy (0A), mean loU
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(mloU), and mean class Accuracy (mAcc). It is worth noting that our method
outperforms PointWeb ( ) by a large margin, which demon-
strates the superiority of the proposed edge-to-edge interaction. The scores for

each class are given in Sec. 4.5.

For ScanNet v2 ( ), we train the model on the training set (1201
scans), and make evaluation on the test set (100 scans). There are 20 meaningful
categories and one class for free space. During training, we randomly sample
14, 000 points from a 2m x 2m block on-the-fly. Each point is represented as a
6-dim vector with XYZ and RGB. We mainly compare our model with previous
point based methods. As shown in Figure 4.3, our model performs better than
most of methods by a large margin. In the benchmark website, we can find some
methods yield higher scores through exploring other clues, such as, rendering
virtual views ( ), training multiple tasks ( ),
and combining 2D and 3D domains ( ). See the detailed scores

for each class in Sec. 4.5.

4.4.3 3D Shape Part Segmentation

The shape part segmentation task aims to predict part category label for each
point in a 3D model. We evaluate the proposed AE*INetSeg on the ShapeNet-
Part dataset ( ). There are 16,881 CAD models from 16 object
categories, which are labeled with 50 parts in total. Following ( ;

), we split the models into 14, 006 for training and 2,875 for
testing. During training, we randomly sample 2, 048 points on mesh surfaces.
In the inference stage, we sample 2, 048 points multiple times to make sure all
the points have at least ten predictions. We present the instance average IoU
(mloU, %) and class average loU (mcloU, %) in Table 4.2. We observe that our
AE’INetSeg achieves competitive or even better scores compared with existing
methods, including PointNet ( ), PointNet++ ( ),
PCNN ( ), PointCNN ( ), DGCNN (
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), RSCNN ( ), DensePoint ( ), KP-
Conv ( ), 3D-GCN ( ), and PAConv (

). We can also find that the performance is improved slightly over
the recent years. Specifically, while our model ranks third place w.r.t mcloU, it

yields higher mIoU (86.8%) than previous approaches.

Method|mcloU mloU pfgrrle bag cap car chair pﬁgﬁ . guitar knife lamp laptop rg?lggr mug pistol rocket glég}% table

PointNet| 80.4 83.7|83.4 78.782.574.9 89.6 73.0 91.5 85.9 80.8 953 65.2 93.0 81.2 579 72.8 80.6
PointNet++| 81.9 85.1 [82.4 79.087.777.390.8 71.8 91.0 859 83.7 953 71.6 94.1 81.3 58.7 76.4 82.6
PCNN| 81.8 85.182.4 80.185.579.590.8 73.2 91.3 86.0 85.0 95.7 73.2 94.8 83.3 51.0 75.0 81.8
PointCNN| 84.6 86.1 |84.1 86.586.080.8 90.6 79.7 92.3 88.4 853 96.1 77.2 953 84.2 64.2 80.0 83.0
DGCNN| 82.3 85.1|84.2 83.784.477.190.9 78.5 91.5 87.3 829 96.0 67.8 93.3 82.6 59.7 75.5 82.0
RSCNN| 84.0 86.2 [83.5 84.888.879.691.2 81.1 91.6 88.4 86.0 96.0 73.7 94.1 83.4 60.5 77.7 83.6
DensePoint| 84.2 86.4|84.0 85490.079.291.1 81.6 91.5 87.5 84.7 959 743 94.6 829 64.6 76.8 83.7
KPConv| 85.1 86.4|84.6 86.387.281.191.1 77.8 92.6 88.4 82.7 96.2 78.1 95.8 854 69.0 82.0 83.6
3D-GCN| 82.1 85.1[83.1 84.086.677.590.3 74.1 90.9 86.4 83.8 95.6 66.8 94.8 81.3 59.6 75.7 82.8
PAConv| 84.6 86.1|84.3 85.090.479.790.6 80.8 92.0 88.7 82.2 959 73.9 94.7 84.7 659 81.4 84.0
AE’INetSeg| 84.4 86.8 |84.9 84.988.481.891.9 76.5 92.0 88.8 86.4 96.1 75.5 95.6 84.1 639 763 83.5

Table 4.2. Quantitative results on ShapeNetPart dataset. Our method yields higher
mloU score than previous approaches, and competitive mcloU score.

Method \Input #Points mA oA Aligned

PointNet++ | PN 5k - 919 No
PointNet P 1k 86.2 89.2 No
PointNet++ P 1k - 907 No
PointCNN P 1k 88.1 92.2 No
AE’INetCls | P 1k 89.9 924 No
PointASNL | PN 1k - 932 Yes
DGCNN P 2k 90.7 93.5 Yes
PointCNN P 1k 88.8 92.5 Yes
DGCNN P 1k 90.2 929 Yes
RSCNN P 1k - 936 Yes
ShellNet P 1k - 931 Yes
PointASNL P 1k - 929 Yes
GridGCN P 1k 91.3 93.1 Yes
PAConv P 1k - 939 Yes
AE’INetCls | P 1k 91.6 94.2 Yes

Table 4.3. The mA (%) and oA (%) on ModelNet40 dataset. P denotes Point, while
PN denotes Point and Normal.
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4.4.4 3D Shape Classification

We evaluate our model on the ModelNet40 ( ) shape classifica-
tion benchmark. There are 9, 843 3D models for training and 2, 468 for testing.
During training, we uniformly sample 1,024 points on the mesh surfaces. Not-
ing that, a large percentage of 3D models in ModelNet40 have been pre-aligned
to the common up direction and horizontal facing direction. As reported in
PointCNN ( ), random horizontal rotation (i.e., Not aligned) has
a non-negligible impact on the performance. We thus consider both settings in

our experiments, i.e., Pre-aligned and Unaligned.

Here, we only make comparisons against several previous methods, including

PointNet ( ), PointNet++ ( ), DGCNN (
), PointCNN ( ), PointASNL ( ),
RSCNN ( ), GridGCN ( ), ShellNet (
), and PAConv ( ). More comparisons can be found

in Sec. 4.5. As reported in Table 4.3, AE*INetCls outperforms previous state-
of-the-art approaches in terms of both oA (overall accuracy) and mA (mean
per-class accuracy). It is worth noting that the improvement on the ModelNet40
classification benchmark is only around 1.1% w.r.t oA over the last two years.
The SOTA methods are ShellNet in 2019 (93.1%), RSCNN in 2019 (93.6%),
GridGCN 1n 2020 (93.1%), and PAConv in 2021 (93.9%), respectively. This

observation may further show the significance of our approach.

4.4.5 Ablation Study

The comparisons against the state-of-the-art methods demonstrate the effective-
ness of our model in exploiting the local structures. Here, we conduct extensive
ablations to inspect the proposed modules and analyze their involved compo-

nents on Area 5 of S3DIS ( ).
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Analysis | Config. \ oA mAcc mloU
K, =2 89.3 73.0 66.2
#Near. K, =3 89.8 73.1 66.8
Neb. K, =4 89.7 73.5 67.3
K.,=5 89.4 73.1 66.8
Baseline 88.3 69.7 63.9
+AE’IL 88.7(0.471T) 72.1(2471) 653141
Eff. of | +SymAE’IL | 89.7(1.41) 73.5(3.81) 67.3(3.471)
modules AFA* 87.9 69.8 63.9
AE?IL* 88.1 70.0 64.1
SymAE?IL* 88.1 70.6 64.2
D7 87.9 70.7 64.2
Relation | D/ + D® 89.1 72.8 65.9
learning DJ 4 D¢ 88.6 71.6 65.5
D! + D¢+ D¢ 89.7 73.5 67.3
RSConv 86.9 66.6 60.3
Comb. +SymAE’IL | 884 (1.51) 692(261) 63.5(3.27)
w/others GAConv 86.0 67.3 59.8
+SymAE’IL | 87.7 (1.71) 719(4.61) 64.6(4.87)

Table 4.4. Ablation study on the proposed modules.
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Method | mloU (A5/6F) | #Par/M | FLOPs/G | Mem./G | T./s

PointWeb
FPConv
PAConv

Ours

60.3/66.7
62.8/68.7
66.6/69.3
68.0/73.7

1.0
17.4
0.6
3.6

142
1032
52
312

8.4
9.8
13.2
94

0.18
0.69
0.28
0.37

Table 4.5. The mloUs (Area 5 and 6-fold), the parameters (#Par.), FLOPs, Inference
memory (Mem.), and Inference time (T.) of the segmentation models on S3DIS dataset.
We calculate the FLOPs, Mem., and T. by processing 12 samples, each one containing
14,000 points, on one Tesla v100 GPU.

Method | None | 90° | 180° [ 270° | x0.8 | x1.2 | 0.5% [ 1%
PointWeb* | 5477 | 52.5 | 542 | 515 | 54.0 | 51.7 | 545 | 544
FPConv* 56.0 | 540 | 543 | 524 | 54.3 52.5 55.6 | 55.1
Ours* 58.1 | 565 | 58.0 | 556 | 58.0 | 563 | 579 | 57.7
PAConv 59.5 | 554 | 58.1 | 539 | 58.7 | 59.1 | 58.8 | 58.3
Ours 623 | 62.1 | 599 | 61.1 | 623 | 594 | 62.0 | 61.2

Table 4.6. Robustness analysis. We evaluate the robustness through performing rota-
tion (90°,180°,270°), scaling (x0.8,x1.2), and adding noises (0.5%, 1%) on 20 rooms
of S3DIS dataset. Since FPConv and PointWeb are trained without data augmentation
(DA), for fair comparisons, we also re-train our model without DA (Ours*).
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Number of nearest neighbours. We first study the impacts of the number of
nearest neighbors for an edge, i.e., /.. As reported in Table 4.4, the model per-
forms better when we set /. to 4, which is used in all experiments. It is also
worth noting that when we set K, to 2 or 3, the model still outperforms most of
existing works list in Table 4.1. When setting K, to 5, we find that the perfor-

mance drops, due to the aggregation of some unrelated information.

Effectiveness of the proposed modules. To study the effectiveness of the pro-
posed AE?IL and SymAE?IL, we compare three model, i.e, Baseline (no edge-
to-edge interaction), AE*INetSeg with AEIL, and AE*INetSeg with SymAE?IL,
in Table 4.4. The comparisons show that the basic edge-to-edge interaction can
improve the performance and the symmetric information can bring a further
improvement. In addition, to further provide supports for the analysis on the
differences between ours and PointWeb experimentally, we re-implement the
AFA module proposed by PointWeb in our framework (AFA*). The compar-
isons between AFA* and the simplified version of our modules (AE*IL* and
SymAE?IL*) in Table 4.4 also show the superiority of our methods over AFA
strategy in PointWeb.

Relations learning between edges. In Eq. 4.5, we introduce three kinds of
information, i.e., relative position D?, difference between features DY, and nor-
mal vector D¢, to learn the low and high-level relations between the edges. To
evaluate their impacts, we revise SymAE?IL by considering four kinds of fea-
ture combinations, including DY, D + D3, DI + D¢, and DI + D* + D°. The
results in Table 4.4 show that the geometric relations (D°® and D) can bring
improvements, and when all relations are exploited, the performance can be im-

proved greatly.
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Combination with other point cloud operations. To further show the effec-
tiveness of our method, we compare four models by integrating our module
(SymAEZIL) with two point cloud operations, i.e., RSConv ( )
and GAConv ( ). In specific, since they aim to learn (at-
tentional) weights from the edge information, here we insert the edge-to-edge
interaction into the two operations to enhance the edge representations. As show
in Table 4.4, we can observe that our module can bring remarkable performance

improvements for both two operations.

Model complexity. In Table 4.5, we report the mloUs, parameters, FLOPs,
inference memory, and inference time of our segmentation model and several
state-of-the-art works, including PointWeb ( ), FPConv (

), and PAConv ( ). We can observe that our model
complexities and running time are competitive to recent approaches, while our
model outperforms previous methods for various point cloud analysis tasks, as

shown in Table 4.1, Table 4.2, Table 4.3, and Figure 4.3.

Robustness analysis. Our method aims to enhance the point-to-point relation
through modeling the edge-to-edge interaction adaptively, which could make
the relation aware of the local structure and thus more robust to the geometry
transformation. We make robustness evaluation through performing rotation,
scaling, and adding noises on the input data during inference. As shown in

Table 4.6, our method performs better than previous methods under all settings.
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4.5 Supplementary Experiments

4.5.1 More Quantitative Results

In Sec. 4.4.2, we presented the oA, mloU, and mAcc obtained under the 6-
fold cross-validation evaluation setting and Area-5 setting on S3DIS (

), and the mloU on ScanNet v2 ( ). Here, we pro-
vide the category-level scores in Table 4.7 (6-fold S3DIS), Table 4.8 (Area-5
S3DIS), and Table 4.9 (ScanNet v2). The compared methods include Point-

Net ( ), PointCNN ( ), DeepGCN ( ),
PointWeb ( ), PAT ( ), KPConv (
), FPConv ( ), PAConv ( ), HPEIN (
), SAGC ( ), and SegGCN ( ).

As shown in Table 4.7, Table 4.8, and Table 4.9, our model achieves compet-
itive or state-of-the-art scores (ranking first or second) in comparison against

previous methods for most of classes on both two datasets.

In addition, we provide more comparisons for the classification task on Model-

Net40 dataset ( ) in Table 4.10.

Method[ 0A mloU[ceil. floor wall beam col. wind. door table chair sofa book. board clutter

PointNet | 78.6 47.6 | 88.0 88.7 69.3 424 23.1 475 51.6 541 420 9.6 382 294 352
PointCNN | 88.1 654 |94.8 973 758 633 51.7 584 572 69.1 716 612 39.1 522 58.6
DeepGCN | 859 60.0 |{93.1 953 782 339 374 56.1 682 649 610 34.6 515 51.1 544

PointWeb | 87.3 66.7 {935 942 809 524 413 649 68.1 714 67.1 503 627 622 585

PAT 643 [93.0 984 735 585 389 774 677 627 673 30.6 59.6 66.6 414
KPConv| - 70.6 |93.6 924 83.1 639 543 66.1 76.6 640 57.8 749 693 613 603
FPConv| -  68.7 |94.8 97.5 82.6 428 41.8 586 734 71.0 810 59.8 619 642 642
PAConv 69.3 [943 935 82.8 569 457 652 749 746 59.7 61.8 674 658 584

AE?INetSeg | 89.9 73.7 |95.0 97.5 829 60.9 468 68.6 754 76.0 77.7 722 70.5 709 64.5

Table 4.7. Semantic segmentation scores on S3DIS 6-fold cross-validation.

4.5.2 Visualization Examples

We provide several visualization examples on ShapeNetPart ( )

(Figure 4.4) and S3DIS ( ) (Figure 4.5). For S3DIS, we
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Method | 0A mIoU[ceil. floor wall beam col. wind. door table chair sofa book. board clutter

PointNet
PointWeb
PAT

HPEIN
KPConv
FPConv
SAGC
SegGCN
PAConv
AE?INetSeg

41.1 | 888 973 69.8 0.1 39 463 108 589 526 59 403 264 332

87.0 603 [92.0 985 794 00 21.1 59.7 348 763 883 469 693 649 525

60.1 {93.0 985 723 10 415 851 382 57.7 83.6 48.1 67.0 613 33.6

872 619 [915 982 814 00 233 653 40.0 755 87.7 585 67.8 656 494

67.1 1928 973 824 00 239 580 69.0 815 91.0 754 753 66.7 589

875 62.8 [94.6 985 809 00 19.1 60.1 489 80.6 88.0 532 684 682 549
87.5 60.1 |933 954 783 437 27.6 503 68.1 692 712 30.6 57.6 41.0 546
882 63.6 [93.7 98.6 80.6 00 285 42.6 745 809 887 69.0 713 444 543

66.6 {94.6 98.6 824 00 264 580 60.0 804 89.7 69.8 743 735 577

899 68.0 (953 985 832 00 21.8 594 634 81.7 914 775 758 76.6 58.7

Table 4.8. Semantic segmentation scores on S3DIS Area 5.

Method[mIOU[bath. bed book. cab. cha. cou. cur. des. door floor oth. pic. refr. show. sink sofa tab. toi. wall wind.

HPEIN
KPConv
FPConv
SegGCN
AE’INetSeg

61.8
68.4
63.9
58.9
68.5

72.9 66.8 64.7 59.776.641.468.052.052.5 94.6 43.221.549.3 59.9 63.861.757.089.780.6 60.5
84.775.8 78.4 64.781.447.377.260.559.4 93.545.018.158.7 80.5 69.078.561.488.281.9 63.2
78.576.0 71.3 60.379.839.253.460.352.4 94.8 45.725.053.8 72.3 59.869.661.487.279.9 56.7
83.373.1 53.9 51.478.944.846.757.348.4 93.639.6 6.1 50.1 50.7 59.470.056.387.477.1 49.3
81.977.2 71.6 65.682.949.081.362.460.5 95.1 48.426.756.6 59.8 70.275.060.792.4 82.9 69.5

Table 4.9. Semantic segmentation scores on ScanNet v2 test set. Our model yields
higher mIoU score than previous works.

Figure 4.4. Visualization examples on ShapeNetPart dataset. Best viewed in color.

compare our method and the baseline model (i.e., no edge-to-edge interaction

used). We can observe that our model generates more accurate prediction results

for some objects (marked with red dotted bounding box), like door (the 4" and
7th examples), board (5'*), bookcase (1), wall (2"?, 6" and 8*), and column

(274, 374, and 5'").
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Input Ground Truth Baseline (No E2E) Ours

Figure 4.5. Segmentation examples on S3DIS dataset. Best viewed in color.
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Method Input #Points mA oA  Aligned
PointNet++ ( Point+Normal 5k - 91.9 No
SpiderCNN ( Point+Normal 1k - 924 No
KPConv ( Point Tk - 92.9 No
PointNet ( Point 1k 86.2 89.2 No
PointNet++ ( Point 1k - 90.7 No
3D-GCN ( Point 1k - 921 No
PointCNN ( Point 1k 88.1 922 No
AE?INetCls Point 1k 899 924 No
SO-Net ( Point+Normal 5k 90.8 93.4 Unknown
PAT ( Point+Normal 1k - 91.7 Unknown
PConv ( Point+Normal 1k - 92.5 Unknown
FPConv ( Point 1k - 92.5 Unknown
CN ( Point 1k - 93.3 Unknown
PointASNL ( ) Point+Normal 1k - 93.2 Yes
DGCNN ( ) Point 2k 90.7 93.5 Yes
PointCNN ( ) Point 1k 88.8 92.5 Yes
PCNN ( ) Point 1k - 92.3 Yes
DGCNN ( ) Point 1k 90.2 929 Yes
Point2Seq ( ) Point 1k 904 92.6 Yes
RSCNN ( ) Point 1k - 936 Yes
PointWeb ( ) Point 1k 894 923 Yes
DensePnt ( ) Point 1k - 93.2 Yes
ShellNet ( ) Point 1k - 931 Yes
PointASNL ( ) Point 1k - 92.9 Yes
GridGCN ( ) Point 1k 91.3 93.1 Yes
WCPNet ( ) Point 1k 90.5 924 Yes
PosPool ( ) Point 1k - 93.2 Yes
GDANet ( ) Point 1k - 93.8 Yes
PAConv ( ) Point 1k - 93.9 Yes
AE?INetCls Point Ik  91.6 942 Yes

Table 4.10. Mean per-class accuracy (mA) and overall accuracy (0A) on ModelNet40
dataset.

4.6 Conclusion

In this chapter, we propose a novel adaptive edge-to-edge interaction learning
module, i.e., AE*IL, for point cloud analysis. Through learning the interaction
between edges, the module makes the point-to-point relation aware of the local
shape, which is beneficial to capture the discriminative local structure informa-
tion. Moreover, to model the local structure more thoroughly, we further extend
the AE’IL to a symmetric version, i.e., SYymAE?IL. To examine the effective-

ness of the proposed module, we design two networks, i.e., AE?INetCls and
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AE’INetSeg, for point cloud classification and segmentation, respectively. The

experimental results on several typical point cloud tasks and ablations show the

models’ capability of representing the local structure.



CHAPTER 5

Domain Generalization via Entropy Regularization

Domain generalization aims to learn from multiple source domains a predictive
model that can generalize to unseen target domains. One essential problem in
domain generalization is to learn discriminative domain-invariant features. To
arrive at this, some methods introduce a domain discriminator through adver-
sarial learning to match the feature distributions in multiple source domains.
However, adversarial training can only guarantee that the learned features have
invariant marginal distributions, while the invariance of conditional distribu-
tions is more important for prediction in new domains. To ensure the condi-
tional invariance of learned features, we propose an entropy regularization term
that measures the dependency between the learned features and the class labels.
Combined with the typical task-related loss, e.g., cross-entropy loss for classi-
fication, and adversarial loss for domain discrimination, our overall objective
is guaranteed to learn conditional-invariant features across all source domains
and thus can learn classifiers with better generalization capabilities. We demon-
strate the effectiveness of our method through comparison with state-of-the-art
methods on simulated 3D and 2D object classification datasets and real-world

2D object recognition datasets.

103
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5.1 Introduction

Recent years have witnessed the remarkable success of modern machine learn-
ing techniques in various applications. However, a fundamental problem ma-
chine learning suffers from is that the model learned from training data often
does not generalize well on data sampled from a different distribution, due to
the existence of data bias ( ; ) between
the training and test data. To tackle this issue, a significant effort has been made
in domain adaptation, which reduces the discrepancy between source and target
domains ( ; ; ;
; ; ). The main
drawback of this approach is that one has to repeat training for each new dataset,
which can be time-consuming. Therefore, domain generalization (
) is proposed to learn generalizable models by leveraging information

from multiple source domains ( ; ;

; ).

Since there is no prior information about the distribution of the target domain
during training, it is difficult to match the distributions between source and tar-
get domains, which makes domain generalization more challenging. To improve
the generalization capabilities of learned models, various solutions have been
developed from different perspectives. A classic but effective solution to do-
main generalization is learning a domain-invariant feature representation (

; ) across source domains. Muandet
et al. ( ) presented a kernel-based optimization algorithm,
called Domain-Invariant Component Analysis, to learn an invariant transforma-
tion by minimizing the dissimilarity across domains. Ghifary et al. (

) proposed to learn features robust to variations across domains by

introducing multi-task auto-encoders. Another line of research explores various
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data augmentation strategies ( ; ;

). For example, Shankar et al. ( ) presented a
gradient-based domain perturbation strategy to perturb the input data. By aug-
menting the original feature space, Blanchard et al. ( )
viewed the problem of domain generalization as a kind of supervised learning
problem. Then, they developed a kernel-based method that predicts classifiers
from the augmented feature space. To make theoretical complementary to these
empirically supported approaches, Deshmukh et al. ( )
proved the first known generalization error bound for multi-class domain gen-
eralization through studying a kernel-based learning algorithm. Apart from the
clues aforementioned, some recent works ( ; ;

; ) attempted to exploit meta-learning for
domain generalization. A latest work, MASF ( ), proposed a
model-agnostic episodic learning procedure to regularize the semantic structure

of the feature space.

In this chapter, we revisit the domain-invariant feature representation learn-
ing methods. Most of existing methods assume that the marginal distribution
P(X) changes while the conditional distribution P(Y|X) stays stable across
domains '. Therefore, significant effort has been made in learning a feature
representation F'(X) that has invariant P(F'(X)), either by traditional moment
matching ( ) or modern adversarial training (

; ). To ensure the universality of F'(X) and also
make it discriminative, a joint classification model is trained on all the source
domains and can be used for prediction in new datasets. However, the stability
of P(Y|X) is often violated in real applications, leading to sub-optimal solu-
tions. Li et al. ( ) proposed to learn invariant class-conditional

distribution (P(F(X)|Y)) by doing adversarial training for each class. How-

ever, the method becomes less effective as the number of classes increases.

"Here, X and Y represent the sample and corresponding label, respectively.
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To tackle the aforementioned issues, we propose an entropy-regularization ap-
proach which directly learns features that have invariant P(Y|F(X)) across
domains. In specific, the conditional entropy term H (Y |F' (X)) measures the
dependency between F'(X) and class label Y, and we aim to minimize the de-
pendency by maximizing the conditional entropy. We show theoretically that
our entropy-regularization together with the cross-entropy classification loss ef-
fectively minimize the divergence between P(Y|F(X)) in all source domains.
In addition, we show that H(Y'|F'(X)) can be effectively estimated by assum-
ing a multinomial distribution for P(Y|F(X)), which is a weak assumption for
discrete class labels. Together with the adversarial training on P(F (X)), our
approach can guarantee the invariance of the joint distribution P(F'(X),Y") and
thus has a better generalization capability. We demonstrate the effectiveness of
our approach through conducting comprehensive experiments on several 2D ob-
ject recognition datasets, including simulated and real-world scenes. Moreover,
since currently there is no work studying domain generalization in 3D shape
analysis, we also test our model on a simulated 3D object classification dataset

as a tentative exploration to this problem.

5.2 Related Work

5.2.1 Domain Generalization

According to the number of source domains, we can divide the domain general-
ization problem into two sub-problems, i.e., multi-soruce domain generalization
and single domain generalization. Multi-source domain generalization (
; ; ; ;
), which this chapter focuses on, refers to domain generalization using
multiple source domains. Here, we briefly categorize previous efforts into three
groups, i.e., domain-invariant features learning, data augmentation, and meta-

learning. We refer to a recent survey about domain generalization (
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) for a thorough understanding of more detailed categorization. Early
methods mainly follow the first clue through aligning the distributions across
source domains. For example, Li et al. ( ) minimize MMD dis-
tance ( ) to align the distributions across source domains,
and force the aligned distribution to be similar to a pre-defined prior distribu-
tion via adversarial learning. Matsuura et al. ( )
use a multi-class domain discriminator to learn domain-invariant features. To
learn domain-invariant class-conditional distribution, Li et al. ( )
exploit adversarial training for each category separately as well as for global
datasets. Recently, data augmentation technique for domain generalization has
been studied extensively. For instance, Zhou et al. ( ) propose
to increase the diversity of the training data through training a synthetic data
generator. To generate new data, the generator is required to be distant from
the known source domains and to preserve the semantic content. Taking ad-
vantage of the property of the Fourier transformation that the phase component
preserves high-level semantic content while the amplitude component contains
low-level statistics, Xu et al. ( ) first get the Fourier transfor-
mation of the images, then interpolate between the amplitude spectrums of two
images using the MixUp strategy ( ), and lastly use the new
amplitude spectrum to generate new data. Another solution to domain general-
ization ( ; ; ; ) is
using meta-learning ( ), where the training domains are
split into meta-train and meta-test at each iteration, to simulate domain shift. To
learn semantically consistent features across source domains, Dou et al. (

) propose to regularize the semantic structure of the feature space in a
model-agnostic episodic learning framework. In this chapter, we follow the first
clue, i.e., learning domain-invariant features, and exploit the proposed entropy
regularization to learn a classifier and a feature extractor with better generaliza-

tion capabilities.
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In comparison with multiple domain generalization, single domain generaliza-
tion ( ) is more challenging. To achieve domain generalization
from a single source domain, existing works often exploit the data augmentation
technique ( ; ; ) to create fic-
titious domains using adversarial training. For instance, Qiao et al. (

) exploit adversarial training to augment the samples and train the model
on original data and augmented data using meta-learning. To increase the diver-
sity between the original data and the augmented data, Wang et al. (

) synthesize samples with unseen styles out of original distributions and
enlarge the domain shifts gradually via a proposed style-complement module.
Batch normalization ( ) has widely been used in most
of modern neural networks, which can reduce the internal covariate shift by
normalizing each layer’s input using the statistics. However, in single domain
generalization, due to the domain shift from source domain to target domain, the
source domain statistics and target domain statistics are usually different, which
might cause significant performance drops. To address this issue, Fan et al. (

) study the statistics of normalization layers and propose an adap-
tive normalization approach, where the standardization and rescaling statistics

are enabled to be adaptive to each individual input sample.

5.2.2 Domain Adaptation in Point Cloud Analysis

Currently, domain generalization in 2D image analysis, like object classifica-
tion and semantic segmentation, has been studied extensively ( ;

; ), while domain generalization in 3D point
cloud analysis is still largely under-explored. In comparison, some efforts to
address domain adaptation in several 3D point cloud tasks, like object detec-
tion ( ), classification ( ), and semantic
segmentation ( ; ; ), have been

made recently. The domain shifts in 2D image data are mainly from the changes
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in style, like texture and color, while in 3D point cloud, the domain shifts largely
result from, such as, the density, object size, and sensor location. For domain
adaptation in 3D objection detection from point cloud, Yang et al. (

) exploit a random object scaling strategy to mitigate the negative effects
resulting from the object size bias and use self-training to improve the detector
on target domain. For domain adaptation in 3D semantic segmentation, Zhao et
al. ( ) learn the simulation-to-real domain adaption, i.e., from
synthetic data to real-world data, at two levels, i.e., pixel level through self-
supervised dropout noise rendering and feature level using feature alignment
between the simulation and real domains. To adapt a 3D shape classifier from
source domain to target domain, Achituve et al. ( ) design a
self-supervised task, i.e., deformation reconstruction, to capture the structure of
the target data, and propose a Point Cloud MixUp strategy to learn robust feature
representations. Although there is no work to cope with domain generalization
in 3D point cloud analysis tasks, we believe previous attempts to domain adap-
tation in related tasks can motivate the researchers to study the more challenging
problem. In this chapter, we study the general domain generalization problem,
and evaluate our method’s generalization capabilities on both 3D and 2D object

classification datasets.

5.3 Method

5.3.1 Problem Definition

Let X and ) be the feature and label spaces, respectively. In the domain gen-
eralization subject, there are K source domains {D;}X, and L target domains®
{DZ}ZL:Jr Iﬁl. The goal is to generalize the model learned using data samples of
source domains to unseen target domains. In the following, we denote the joint

distribution of domain ¢ by P;(X,Y") (defined on X x })). During the training

2Source/Target: seen/unseen during training.
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process, there are K datasets {S;}XX, available, where S; {(Xgi),y](-i))}j-v:"l.
Here, N; is the number of samples of S;, which are sampled from the i** do-
main. In the test stage, we evaluate the generalization capabilities of the learned
model on L datasets sampled from the L target domains, respectively. This
chapter mainly studies domain generalization for image classification, where

the label space ) contains C discrete labels {1,2,--- ,C}.

5.3.2 Domain Generalization Through Adversarial Learning

We first present how domain generalization can be learned in an adversarial

learning framework.

For the classification subject, the model consists of one feature extractor /' pa-
rameterized by # and one classifier 7" parameterized by ¢. We can optimize 6

and ¢ on the K source datasets by minimizing a cross-entropy loss:

min L.(0, ¢) = — Z log(Q" (Y|F(X)))]

FT (X,Y) ~P (X,Y)

S.D

is the one-hot vector of the class label 3", «.”

where y( O ;

J represents the dot

product operation, and QT (Y|F (X)) denotes the predicted label distribution

(conditioned on F'(X)) corresponding to domain 1.

However, optimized by the classification loss solely, the model cannot learn
domain-invariant features, and thus shows limitations in generalizing to the un-

seen domains. By exploiting the adversarial learning ( ),
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we can alleviate the issue. Specifically, we further introduce a domain discrimi-
nator D parameterized by v, and train D and F' in a minimax game as follows:

m}inmgxﬁadv(Q,lp) = Z ;]g; [log D(F(X))]

(5.2)

where dy) is the one-hot representation of the domain label ;.

Although optimizing Eq. 5.2 can lead to invariant marginal distributions i.e.,
P (F(X)) = Po(F(X)) = -+ = Pg(F(X)), it cannot guarantee the condi-
tional distribution P(Y'|F'(X)) is invariant across domains. This would degrade
the generalization capabilities of the model. Even though the classifier attempts
to cluster the samples from the same category together in the feature space,
which benefits to the learning of the invariant conditional distribution, there still
exists an issue. We take the simulated data for example. Firstly, we sample
data from two 2D-distributions (shown in Figure 5.1) as the Domain_0 and Do-
main_1, respectively. The marginal distributions of the first dimension (z() in
the two domain are the same, while the second (z;) comes from different mar-
ginal distributions. Each domain consists of three components. We take each
dimension as the input to train a classifier using Eq. 5.1 and Eq. 5.2, and we find
that the classifier distinguishes the second dimension better than the first (loss:
—0.34 v.s. —0.16). This indicates that the classifier might not select the domain-
invariant feature, but select the features easier to discriminate. Therefore, it is
challenging for the typical classification loss to achieve a balance between learn-

ing domain-invariant features and discriminative features.

5.3.3 Entropy Regularization

Description. To address the issues aforementioned, we propose to regular-

ize the distributions of the features by minimizing the KL divergence between
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Figure 5.1. Simulated data. We create two domains from the two 2D-distributions (left
and right), respectively. The data in Domain_0 and Domain_1 is two-dimensional. In
specific, the first dimensions in two domains are both sampled from Marginal_0 (top-
middle), while the second dimension in Domain_0 and Domain_1 is sampled from
Marginal_0 and Marginal_1 (bottom-middle), respectively.

the conditional distribution P;(Y'|F(X)) in the i"* domain and the conditional
distribution Q7 (Y|X). Pi(Y|F (X)) denotes the predicted label distribution
conditioned on the learned features. By matching any conditional distribu-
tion P;(Y|F (X)) to a common distribution Q7 (Y'|F (X)), we can obtain the
domain-invariant conditional distribution P(Y'|F'(X)). For the purpose, we de-
fine an optimization problem as follows:
K
min )  KL(P(Y|F(X))|IQT(Y]F(X))). (5.3)

FT
i=1

By using the definition of the KL divergence, we have:

K
min > KL(P(Y[F(X)IQT (Y|F(X)))
=1
N P(Y|F(X))
B ; oo B QT(VIF(X)).
K K
T
=2 B B RYIFCON =2 B s @ IFEO),
5.4)

The second term is actually the cross-entropy classification loss (Eq. 5.1), while
the first one is the sum of K negative conditional entropy terms "1 | — Hp, (Y|F(X)).

However, it is difficult to optimize —Hp, (Y|F(X)) directly, since we do not
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know the conditional distribution P;(Y|F(X)). To overcome this issue, we first
provide the following theorem to exploit the relationship between the negative
conditional entropy term and the Jensen-Shannon divergence (JSD) between the

conditional distributions { P;(F(X)|Y = ¢)}<,.

THEOREM 1. Assuming that all classes are equally likely, minimizing —Hp, (Y| F(X))

is equivalent to minimizing the JSD between the conditional distributions { P,(F/(X)|Y =
c)}C_,. The global minimum is achieved if and only if P;(F(X)|Y = 1) =
P(F(X)|Y =2)=--- = P(F(X)|Y = C). Note that, if the dataset is bal-

anced, it is easy to make the assumption satisfied. Otherwise, we can enforce it

through biased batch sampling.

The proof is given in Sec. 5.5. Inspired by Theorem 1 and the minimax game
proposed in GAN ( ) and conditional GAN (
), we introduce K additional classifiers {7} }X |, and then present the
following minimax game:
K
m;n{;rllax V(E, T, Ty, ,Ty) = ; Xy)NP(XY logQ (Y|F( NI,
(5.5)
where T/ parameterized by ¢, represents a classifier trained on data sampled
from domain D;, and QiT"l (Y|F(X)) denotes the conditional distribution in-
duced by 7. The following theorem (the proof can be found in Sec. 5.5) shows
that the minimax game is equal to minimizing the JSD between the conditional
distributions {P;(F(X)|Y = ¢)}<,. According to Theorem 1, we can thus

c=1

achieve the optimization of >_~  —Hp, (Y |F(X)).

THEOREM 2. If U(F) is the maximum value of V (F,T{,T3,--- ,T}.), i.e

{T/}E
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the global minimum of the minimax game is attained if and only if P;(F(X)|Y =
1) =P(F(X)|Y =2)=---= P(F(X)|Y = C). At this point, U(F) attains
the value —KC'log C.

Therefore, our proposed entropy regularization loss can be defined as:
K

min max Lo (0. {0}5) =Y B [logQ'(Y|F(X).  (5.7)

Combining Eq. 5.7 with the classification loss (Eq. 5.1) and the domain discrim-

ination loss (Eq. 5.2), we obtain the training objective:

min max  L£(0, ¢, v, {#/}E)

FT D{T/}E

(5.8)
=Las(0,0) + a1Laan(0, 1) + @zl (0, {d)/z}z[il)v

where o and a, are trade-off parameters.

Algorithm. In our experiments, we observed that directly optimizing the loss
Eq. 5.8 may show instability, since the minimax game in Eq. 5.7 encourages
the learned features not to be distinguished by the classifiers. That may impede
the optimization of the classification loss. To alleviate this issue, we introduce
additional classifiers {E}fi1 and add a new cross-entropy loss L;:

min L (0, {d:},) = — Z | E log Qi (Y|F(X))]

FAT} K,

K K
=2 D By B @ IFCO)L

(5.9)
where Q7' (Y|F(X)) denotes the conditional distribution induced by 7;. Here,
F and T; mean that we fix the parameters of F' and T during the training pro-
cedure, respectively. Specifically, we feed the learned features in the i* domain

into 7} to optimize its parameters ¢;. Additionally, we expect the feature ex-

tractor can map the data in domains {D; }f(zl ;i to a representation, which can
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be distinguished by 7; accurately. This strategy, on the one hand, can impose
regularization on the feature distribution of domains {D; }szl i~ On the other

hand, the new loss can be considered as a complementary of L.

Thus, our final objective is formulated as:

min max  L(0, ¢, ¢, {o:}E,, {o M
F,T,{Ti}f{zl D,{Ti’ Z-Kzl ( ¢ ’l/} {¢ =1 {¢1}1—1)

(5.10)
:'Ccls + O-/lﬁadv + a2£er + a/?vccela

where a3 is a weighting factor. To illustrate the training process clearly, we

provide the pseudo-code of our algorithm in Alg. 1.

Algorithm 1: Training algorithm for domain generalization via en-

tropy regularization.

Input: {S;}2,: K source training datasets

Input: o, as, az: weighting factors

Output: F: feature extractor; T, {T; } X, {T/} K : classifier; D:
discriminator

while training is not end do
Sample data from each training dataset respectively

Update 6, ¢, and ¢ by optimizing the first and second terms of
Eq. 5.10

foriinl: K do
Sample data from the ** dataset .S;

Update {¢;}X | by optimizing the forth term of Eq. 5.10
Update 6, and {¢}}X | by optimizing the third term of Eq. 5.10

Sample data from datasets {5; }f{: 1jti

Update 6 by optimizing the forth term of Eq. 5.10.

end

end
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Figure 5.2. Illustration of our framework. GRL represents the gradient reversal layer.
All components are trained, but only F' and 7" are preserved for test.

Framework. Here, we provide an illustration of our framework in Figure 5.2
for better understanding of the proposed components. The main module con-
sists of a feature extractor F' and a classifier 7". In addition, we exploit a do-
main discriminator D to discriminate domains, and 2K classifiers ({7;}X, and
{T!}K ) to regularize the generated features. We insert a gradient reversal layer
(GRL) ( ) between F' and D, and F' and T, respec-
tively. In the inference stage, only the main module (/' and 7T) is required.
Discussion. In comparison with the typical classification loss, our entropy reg-
ularization loss can push the network to learn domain-invariant features. For
instance, in the example of simulated data in Figure 5.1, the summation of
the classification loss, the regularization loss and the domain adversarial loss is
—0.16 in classifying the first dimension, and is —0.02 in classifying the second
dimension. Therefore, our training objective can enforce the learned features to

be domain-invariant.

5.4 Experiments

In this section, we study domain generalization on four datasets, including three
simulated datasets, i.e., Rotated MNIST ( ), Rotated CIFAR-
10, and Rotated ModelNet40 ( ), and two real-world datasets, i.e.,
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VLCS ( ) and PACS ( ). We make comparisons
against state-of-the-art methods to demonstrate the effectiveness of the proposed
algorithm. We conduct extensive ablations to discuss our method comprehen-

sively.

5.4.1 Simulated 2D Datasets

Rotated MNIST. Following the setting in ( ), we first ran-
domly choose 100 samples for each category (1, 000 in total) from the original
dataset ( ) to form the domain M. Then, we create 5 ro-
tating domains { M5, M3, Mys, Mgo, M5} by rotating each image in M, five
times with 15 degrees intervals in clock-wise direction. As done by previous
works ( ; ), we conduct leave-one-domain-
out experiments by selecting one domain to hold out as the target. For fair
comparisons, we exploit the standard MNIST CNN, where the feature network
consists of two convolutional layers and one fully-connected (FC) layer, and the
classifier has one FC layer. We train our model with the learning rate of le — 4
(F,T,and D), and le — 5 ({T;, T/}3_,) for 3,000 iterations. We set the weight-
ing factors to 0.5 (aq), 0.005 (), and 0.01 («3), respectively. We repeat all of
the experiments 10 times, and report the average mean and standard deviation

of recognition accuracy in Table 5.1.

Rotated CIFAR-10. We randomly choose 500 samples per category (5,000
in total) from the original CIFAR-10 dataset ( ), and then
create additional 5 domains using the same strategy as stated in Rotated MNIST.
We use AlexNet ( ) as our backbone network. In spe-
cific, the feature extractor F' consists of the top layers of AlexNet model till
the POOLS layer, while T' contains FC6, FC7, and an additional FC layer. For
{T;, T!}5_, and D, we use a similar architecture to 7. We train the whole net-

r

work from scratch with the learning rate of 1le — 3 (£, T, and D) and le — 4
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Target | CrossGrad MetaReg Reptile Feature-Critic DeepAll Basic-Adv Ours

Mo 86.03 85.70  87.78 87.04 88.37 £1.19 88.88+1.08 90.09 +1.25
Mis 98.92 98.87  99.44 99.53 99.13+£0.41 99.10+£0.19 99.24 +£0.37
M3o 98.60 98.32  98.42 99.41 99.28 £0.27 99.25+0.14 99.27£0.16
Mys 98.39 98.58  98.80 99.52 99.09 £0.29 99.25+£0.17 99.31 £0.21
Mo 98.68 98.93  99.03 99.23 99.14 £0.28 99.16 £0.32 99.45+0.19
Mpzs 88.94 89.44  87.42 91.52 87.48 £1.01 89.06 +£1.54 90.81 £1.35
Avg. 94.93 94.97  95.15 96.04 95.42 95.78 96.36

Table 5.1. Results on MNIST dataset with object recognition accuracy (%) averaged
over 10 runs.

Method MO M15 M30 M45 M60 MT75 Avg.

DeepAll | 71.28 £1.59 97.94+0.32 99.14 £0.04 99.06 £0.19 99.07 £0.40 76.59 £0.89 | 90.51
Basic-Adv| 75.85 £1.45 99.03£0.18 99.16 £0.06 99.14+£0.11 99.29 £0.13 81.14 £ 1.34|92.27
Ours [77.91 £0.83 99.05 £ 0.22 99.33 £ 0.09 99.39 + 0.14 99.40 + 0.29 80.12+ 0.60 {92.53

Table 5.2. Results on CIFAR-10 dataset with object recognition accuracy (%) averaged
over 5 runs.

({T;, T!}?_,) using the Adam optimizer ( ) for 2, 000 iter-
ations. The weighting factors (a1, as, ag) are set to 0.5, 0.001, and 0.1, respec-

tively. We repeat all experiments 5 times, and provide the results in Table 5.2.

Results. We make comparisons against several recent works, including Cross-
Grad ( ), MetaReg ( ), Reptile (

), and Feature-Critic ( ), on Rotated MNIST. To bet-
ter illustrate the generalization capabilities of our model, we also evaluate the
performance of two additional models, i.e., DeepAll and Basic-Adv, on both
Rotated MNIST and Rotated CIFAR-10. DeepAll trains F' and 7" on all of
the source domains without performing any domain generalization (Eq. 5.1),
while Basic-Ady is the basic solution through adversarial learning (Eq. 5.1 and
Eq. 5.2). We can find all of the algorithms perform well on Rotated MNIST
from Table 5.1, which means the generated domains have similar distributions.
Nevertheless, our approach still performs better than existing approaches. Fur-
thermore, the higher accuracy compared with DeepAll and Basic-Adv on both
Rotated MNIST and Rotated CIFAR-10 shows the better generalization capa-

bilities of the proposed algorithm.
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Method ([0°,0°,0°]) ([30°,15°,45°]) ([80°,60°,75°]) ([120°,90°,60°]) ([270°,210°,180°]) Avg.
DGCNN

DeepAll | 34.81 +£0.96 34.83 £1.82 54.04 £ 2.13 26.87 = 1.21 29.30 & 1.03 35.91

Basic-Adv| 36.17 +1.48 45.06 +2.27  56.24 + 1.09 29.28 +1.70 31.00 + 2.69 39.55

Ours 38.00 £1.67 44.13+£1.26 59.17 £1.49 30.28 £1.45 30.85 4+ 2.01 40.49
PointNet

DeepAll | 16.47 +0.44  20.37 +0.57 33.83 +0.32 12.80 £ 0.75 16.72 £0.11 20.04

Basic-Adv|19.68 +0.69 22.91 +0.93 34.86 + 0.71 14.44 + 0.67 18.24 £ 0.52 22.02

Ours 16.56 £0.59 25.31+0.23 35.66 +0.32 13.96 £+ 0.56 19.90 + 0.21 22.28

Table 5.3. Results on ModelNet40 dataset with 3D shape recognition accuracy (%)
averaged over 5 runs.

Method [ Pascal VOC2007 LabelMe Caltech SUNO09 Average
MLP

D-MATE ( ) 63.90 60.13 89.05 61.33 68.60
DBADG ( ) 65.58 58.74 92.43 61.85 69.65
CCSA ( ) 67.10 62.10 92.30 59.10 70.15
MetaReg ( 65.00 60.20 92.30 64.20 70.43
CrossGrad ( ) 65.50 60.00 92.00 64.70 70.55
DANN ( ) 66.40 64.00 92.60 63.60 71.65
MMD-AAE ( ) 67.70 62.60 94.40 64.40 72.28
MLDG ( ) 67.70 61.30 94.40 65.90 72.33
Epi-FCR ( ) 67.10 64.30 94.10 65.90 72.85
DeepAll 70.07£0.79 60.54 +1.02 93.83+1.08 65.95+1.13 | 72.60
Basic-Adv 70.47£0.59 60.944+0.94 93.84+1.00 66.05+0.91 | 72.82

Ours 70.54 £0.55 60.81+1.38 94.44+0.98 66.11 £0.75| 72.97

E2E

DBADG ( ) 69.99 63.49 93.64 61.32 72.11
JiGen ( ) 70.62 60.90 96.93 64.30 73.19
MMLD ( ) 71.96 58.77 96.66 68.13 73.88
CIDDG ( ) 73.00 58.30 97.02 68.89 74.30
DeepAll 73.11£0.67 58.07+0.52 97.15+0.40 68.79+0.44 | 74.28
Basic-Adv 72.79 £0.67 5853 +£0.69 97.00+0.50 68.70+0.69 | 74.26

Ours 73.24£0.49 5826+0.82 96.92+0.40 69.10+0.46| 74.38

Table 5.4. Results on VLCS dataset with object recognition accuracy (%) averaged
over 20 runs.

5.4.2 Simulated 3D Dataset

Rotated ModelNet40. Here, we evaluate our method on a simulated 3D shape
classification dataset, i.e., ModelNet40 ( ), which consists of
9,843 3D models for training and 2,468 for testing. We uniformly sample
1,024 points as input for each 3D model on the mesh surfaces. In addition, the
3D models in ModelNet40 have been pre-aligned to the common up direction

and horizontal facing direction. To evaluate the generalization capability and

speed up the evaluation, we sample 20 categories (5, 112 samples for training,
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Method [ Art Painting Cartoon Photo Sketch [ Average

D-MATE ( ) 60.27 58.65 91.12 47.68 64.48
CrossGrad ( ) 61.00 67.20 87.60 55.90 67.93
DBADG ( ) 62.86 66.97 89.50 57.51 69.21
MLDG ( ) 66.23 66.88 88.00 58.96 70.01
Epi-FCR ( ) 64.70 72.30 86.10 65.00 72.03
Feature-Critic ( ) 64.89 71.72 89.94 61.85 71.20
CIDDG ( ) 66.99 68.62 90.19 62.88 72.20
MetaReg ( ) 69.82 70.35 91.07 59.26 72.62
JiGen ( ) 67.63 71.71 89.00 65.18 73.38
MMLD ( ) 69.27 72.83 88.98 66.44 74.38
MASEF ( ) 70.35 72.46 90.68 67.33 75.21
DeepAll 68.35+£0.80 70.144+0.87 90.83£0.32 64.98+1.92 | 73.57
Basic-Adv 71.34+0.81 70.11+£1.18 88.86+0.50 70.914+0.94 | 75.31

Ours 71.34 £0.87 70.29£0.77 89.92+0.42 71.15+1.01| 75.67

Table 5.5. Results on PACS dataset with object recognition accuracy (%) averaged over
5 runs.

MO My Mo M3 My

Figure 5.3. Data Visualization on Rotated ModelNet40 dataset. For better observation,
we select different viewpoints for the two objects.

1,202 samples for testing) from the original ModelNet40 dataset (M), and then
create additional 4 domains by rotating each point cloud in M, four times: 1)
M ([30°,15°,45°]), 30 degrees in z-axis, 15 degrees in y-axis, and 45 degrees
in z-axis; 2) M- ([80°,60°, 75°]), 80 degrees in x-axis, 60 degrees in y-axis, and
75 degrees in z-axis; 3) M3 ([120°,90°, 60°]), 120 degrees in z-axis, 90 degrees
in y-axis, and 60 degrees in z-axis; 4) M, ([270°,210°,180°]), 270 degrees in
x-axis, 210 degrees in y-axis, and 180 degrees in z-axis. Visualization for data
in the simulated dataset is shown in Figure 5.3. We use DGCNN (

) and PointNet ( ) as the backbone network, respectively.

Take an example of DGCNN. In detail, the feature extractor I’ consists of shape
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representation layers of DGCNN model, while 7' contains the remaining linear
layers. For {T;,T!}}, and D, we use a similar architecture to that in Rotated
CIFAR-10. We train the whole network from scratch with the learning rate of
le — 3 (F, T, and D) and le — 4 ({T;, T}}}

y T Ji=1

) using the SGD optimizer for
80 epochs. The weighting factors (a, awe, ag) are set to 0.5, 0.01, and 0.1,
respectively. For PointNet, we exploit similar configurations. We repeat all

experiments 5 times, and provide the results in Table 5.3.

Results. To illustrate the generalization capabilities of our model, we also eval-
uate the performance of two additional models, i.e., DeepAll and Basic-Adv as
we do on Rotated CIFAR-10 and Rotated MNIST. As shown in Table 5.3, we
can observe that all three methods, especially when PointNet is used as the back-
bone, yield low scores. Nevertheless, our approach still outperforms other two
methods. In addition, the accuracy of the model DGCNN (PointNet) trained on
{My, My, M3, My} is 96.01% (72.58%) on the validation dataset, while 38.00%
(16.56%) on the test set, i.e., My. The great performance drops mean that the
domain shift, like geometric changes, in 3D shape classification is a very seri-
ous problem for current deep networks, which is worth further investigating. In
addition, the comparisons between DGCNN and PointNet show that the local
shape representation operations also have significant impacts on the generaliza-

tion capability, which would motivate us to develop more effective operations.

5.4.3 Real-World Datasets

VLCS. VLCS ( ) contains images from four well-known
datasets, i.e., Pascal VOC2007 (V) ( ), LabelMe (L) (
), Caltech (C) ( ), and SUNOQ9 (S) (

). There are five categories, including bird, car, chair, dog, and person. Fol-
lowing previous works ( ; ; ),

we randomly split each domain data into training (70%) and test (30%) sets, and
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do the leave-one-out evaluation. For the configuration of the network, we con-
sider two cases, i.e., MLP and E2E. In specific, in MLP, we use the pre-extracted
DeCAF6 features (4096-dimensional vector) as the input, and F’ consists of two
FC layers with latent dimensions of 1024 and 128. For the classifiers 7" and
(1.1}

y L1 Ji=1>

we use one FC layer, respectively. For the discriminator D, we uti-
lize three FC layers with the output dimensions of 128, 64, and 3 (the number of
source domains). In this case, we train our model with the learning rate of 1e —3
for 30 epochs using the SGD optimizer. We set all trade-off parameters to 0.1.
In another setting (E2E), we employ the same network configuration as used on
Rotated CIFAR-10, but use the model pre-trained on ImageNet (

). We set the learning rate to 1e — 4, and the weighting factors o, as,
and a3 to 0.1, 0.001, and 0.05, respectively. We train the model with the batch
size of 64 for each source domain for 60 epochs and repeat all of the experiments

20 times.

PACS. PACS ( ) is proposed specially for domain generalization.
It contains four domains, i.e., Photo (P), Art Painting (A), Cartoon (C), and
Sketch (S), and seven categories: dog, elephant, giraffe, guitar, house, horse,
and person. For a fair comparison, we use the same training and validation
split as presented in ( ). Our network configuration is the same as
that used for VLCS (E2E), and we set the weighting factors to 0.5 (ay), 0.01
(ao), and 0.05 (ag), respectively. Then we train the model with the learning
rate of le — 3 (F, T, D) and le — 4 ({1}, T!}?_,) for 60 epochs. We repeat all

experiments 5 times, and report the results in Tabel 5.5.

Results. As shown in Table 5.4, although the baselines (DeepAll and Basic-
Adv) are competitive with previous methods in both cases (MLP and E2E),
our proposed entropy regularization still improves the performance further on
VLCS. Furthermore, the highest average score and the highest score on several
domains of PACS can also demonstrate the effectiveness of our approach. For

example, Table 5.5 shows that our method improves the average accuracy by
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2.1% on PACS over DeepAll, and improves 6.17% and 2.99% on Sketch and Art
Painting, respectively. In addition, from the results in Table 5.4 and Table 5.5,
we can observe that the performance (Ours v.s. DeepAll and Basic-Adv v.s.
DeepAll) gains obtained by our regularization policy on PACS are more notable
than those on VLCS. A possible reason we guess is that only one domain (C)
in VLCS is object-centric, while others are all scene-centric. This makes the
generalization of the model difficult, although the domain shifts in VLCS are
small ( ). In contrast, the images in all domains of PACS are
mostly object-centric, and objects in different domains mainly have different
styles and shapes. This can better evaluate the generalization capabilities of the

model.

5.4.4 Ablation Studies

The experimental results above have demonstrated the effectiveness of our pro-
posed algorithm for domain generalization. Here, we provide the ablation stud-
ies on the designed loss and network backbone to analyze the contributions of

the proposed entropy regularization further.

Different Weighting Factors. We conduct various experiments with different
weighting factors on PACS to examine their impacts. We report the average
accuracy of 5 trials in Table 5.7. The results marked by the “gray” color cor-

[T

respond to the results reported in Table 5.5. means the corresponding loss
term is ignored. As shown in Table 5.7, in most cases, our proposed conditional
entropy regularization (s # 0) can yield some improvements. Besides, by op-
timizing the full objective, our approach can further improve the generalization

capabilities of the model.

Deeper Networks. We further study the generalization capabilities of our model
by taking deeper networks, e.g., ResNet-18 and RestNet-50 ( ), as

the backbone network. The models are pre-trained on ImageNet, and fine-tuned
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on PACS using the proposed loss. In specific, we take the last FC layer as our
task network 7', and other layers as the feature extractor F'. We use three FC
layers with output dimensions of 1024, 256, and the number of source domains
/ categories to construct the discriminator D and classifiers {7}, T} }3_,, respec-
tively. For both ResNet-18 and ResNet-50, we use the same hyper-parameters,
ie., ap = 0.1, ap = 0.001, a3 = 0.05, and the learning rate of le — 3 (F', T,
D) and le — 4 ({T;, T!}?_,). We learn models for 100 epochs, and report the
average scores of 5 trials. As shown in Table 5.6, even though we take deeper
networks as our backbones, our approach still yield higher scores than the two

baselines.

Class Imbalance. We address the class imbalance issue by using the weighted
cross-entropy loss according to the number of each class in each batch. If not
using the weighted loss i.e., setting the weight to 1 for each class, the model
yields a lower average accuracy of 75.58% (weighted loss used: 75.67%) on

PACS, but still has better generalization capabilities.

Feature Visualization. To better understand the distribution of the learned fea-
tures, we exploit t-SNE ( ) to analyze the feature space
learned by DeepAll, Basic-Adv, and Ours, respectively. We conduct this study
on PACS, and in specific, we take the Photo dataset as the target, and others as
the source. As shown in Figure 5.4, both Ours and Basic-Adv are capable of
minimizing the distance between the distributions of the domains. For exam-
ple, in DeepAll (Domains), we can observe that the Sketch (Green) is far away
from other domains, while in Ours (Domains) and Basic-Adv (Domain), do-
mains are clustered better. Furthermore, the comparison between Ours (Classes,
Domains) and Basic-Adv (Classes, Domains) can show that our approach also

discriminates the data from different categories better than Basic-Adv.



5.5 PROOFS 125
Method Art Painting Cartoon Photo Sketch [ Average
ResNet-18
DeepAll 78.93 £ 0.46 75.02 £0.89 96.60 £ 0.16 70.48 +0.84 80.25
Basic-Adv 80.54 + 1.71 75.21 +0.92 96.67 £0.21 70.65+1.91 80.77
Ours 80.70 £0.71 76.40 £ 0.34 96.65 £ 0.21 7177 £1.27 81.38
ResNet-50
DeepAll 86.18 + 0.34 76.79 £ 0.33 98.14 £ 0.15 74.66 + 0.93 83.94
Basic-Adv 87.11 +1.08 78.65 +1.13 98.22 £ 0.17 76.48 £1.09 85.11
Ours 87.51+£1.03 79.31+1.40 98.25 +£0.12 76.30 + 0.65 85.34

Table 5.6. Results of deeper networks on PACS dataset with object recognition accu-

racy (%) averaged over 5 runs.

5.5 Proofs

In this section, we provide the proofs of Theorem 1 and Theorem 2.

5.5.1 Proof of Theorem 1

PROOF. According to the definition of mutual information and under the

assumption that all classes are equally likely, we have:
— Hp,(Y[F(X))

15, (Y. F(X)) - H(Y)

:é ZC: B % CH®Y)
ZKL (XY = o)|[ (X)) — H(Y)
ZKL XY = o)||P(F(X))) — H(Y)
=JSD(P(F(X)]Y =1), B(F(X)]Y =2),--- , B(F(X)]Y = C)) = H(Y).

(5.11)
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Since H(Y') is a constant, then minimizing —Hp, (Y|F (X)) is equivalent to
minimizing JSD(P(F(X)[Y = 1),B(F(X)]Y = 2),--- ,P(F(X)]Y =
(")), the global minimum of which is achieved at P;(F'(X)|Y = 1) = P(F(X)|Y =
2)=---=P(F(X)|Y =0C). O

5.5.2 Proof of Theorem 2

PROPOSITION 1. Let V(F, {T}}) = K, E [logQ (Y\F( ))]. Then
(va)NPi(va)

the optimal prediction probabilities of T, are
s Y =c¢)
T (x))e = Q1 (Y = c|x B : 5.12
A s e

where (z); denotes the i'" element of z, and x; = F(x;).

PROOF. For a fixed F', ming maxry V(F, {7}}) reduces to maximizing
V(F7 {T‘z/ zlil) w.r.t. {T1/7 T2/7 e 7TI/{}3:

{17 (), <T{*(X’)>2, e (T e}

=arg / Xi|Y = ¢) log({T} (x})) ) dx, (5.13)

{T!(x))e Clcl

s.t. Z(T’ X,
c=1

Maximizing the value function point-wisely and applying Lagrange multipliers,

we obtain the following problem:

U7 N, AT (X ) )2, - -+ (T (X)) o}
—arg | max S R = o) log(T/)) + A>T, — 1),
o = (5.14)

Setting the derivative of Eq. 5.14 w.r.t. (T (X)) to zero, we obtain (T/*(x;)). =

_ Pi(x}|Y=¢)

&——. Through substituting the value of (77*(x;)). into the constraint

3Here, we only consider 77 for simplicity.
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S (T!(x}))e = 1, we can obtain \; = — chzl P;(x,|Y = ¢), and thus get the
P;(x}|Y=c)
Sl Py =)’ -

optimal solution (77*(x})). =
THEOREM 3. IfU(F) is the maximum value of V (F,{T!}X ), i.e.,

ZZ Pi(X(|Y = c)
U F = E 10 1 : (515)
( ) i=1 c=1 XiNPi(X)[ © 25:1 Pi(XﬂY = C)]

the global minimum of the minimax game is attained if and only if P;(X!|Y =
1)=P(X]|]Y =2)=---=P(X[|Y =C) foranyi € {1,2,--- | K}, where
U(F) achieves the value —K C'log C.

PROOF. Adding KC'log C to U(F’) can obtain:

U(F)—I—KC’logC’—ZK:ZC:{ E [log RXGY = o) | +1og C}
i=1 c=1 Xi~Pi(X) Zgzl P%(X1,|Y = C)
SIS P(X{|Y =¢)
- ZZ I [log 1 c / ]
=1 =1 Xi~PiX) G 2 PX{Y =¢)

c

M)~

C
KL(PXY = o)l Y0 POXY = ).
c=1

=1 c=1

(5.16)
According to the definition of the Jensen-Shannon divergence, we can obtain
U(F) = —KClog C+Y. K, C-JSD(P(X![Y = 1), P(X[|[Y =2),--- , PAX]|Y =
(). Since the JSD between multiple distributions is always non-negative, and

zero iff they are equal, then we have

P(X{]Y =1) = A(X{]Y =2) =--- = P(Xj]Y = O),
Py(Xo]Y =1) = B(Xo]Y =2) = -+ = P(Xo|]Y = O),

(5.17)
Pi(X|Y =1) = Pe(Xp|Y =2) =+ = Pe(Xg[Y = 0),

and the global minimum of U(F') is —KC'log C. O
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a1, a2, a3 [ Art Painting Cartoon Photo Sketch [ Average
- -, [ 68.35 + 0.80 70.14 4+ 0.87 90.83 + 0.32 64.98 + 1.92 l 73.57
10,-,- 64.46 + 3.80 64.07 + 3.01 83.48 +1.39 66.70 + 2.64 69.68
05,-,- 71.35 + 0.81 70.11 +1.18 88.86 + 0.50 70.91 4+ 0.94 75.31
0.1,-,- 68.22 + 0.89 70.13 £ 0.67 90.60 + 0.37 64.61 +1.93 73.39
0.5,0.05, - 70.83 +1.35 70.06 4+ 0.98 89.25 +0.38 71.34 £0.82 75.37
0.5,0.01, - 71.05 + 1.62 70.29 £+ 0.88 89.44 4+ 0.36 70.06 £+ 1.80 75.21
0.5,0.001, - 71.72+0.77 69.84 + 1.65 88.88 +0.42 70.85 + 0.83 75.32
0.5,-,0.5 68.92 + 0.59 69.62 + 0.51 89.99 + 0.38 70.04 £ 0.63 74.74
0.5,-,0.1 71.04 +0.96 69.78 + 0.98 89.68 + 0.51 70.95 +0.81 75.36
0.5,-,0.05 71.59 +1.01 68.97 + 1.42 89.57 + 0.23 69.81 + 3.45 74.99
0.5,0.05,0.1 71.09 +1.10 69.55 + 0.54 89.56 + 0.33 71.31 £0.90 75.37
0.5,0.01,0.1 70.91 +0.81 70.05 + 1.33 89.80 +0.44 71.46 £+ 0.46 75.56
0.5,0.005,0.1 70.95 + 0.77 69.78 + 0.91 89.56 + 0.64 71.00 £ 1.12 75.32
0.5,0.05,0.05 70.55 + 1.17 69.57 +1.14 89.33 + 0.55 70.40 £+ 2.88 74.96
0.5, 0.01, 0.05 71.34 + 0.87 70.29 +0.77 89.92 4+ 0.42 71.15 4+ 1.02 75.67
0.5, 0.005,0.05 70.51 + 2.26 69.60 + 0.58 89.69 + 0.39 71.51 +£0.84 75.33

Table 5.7. Results with different weighting factors on PACS.

5.6 Conclusion

In this chapter, we aim at learning the domain-invariant conditional distribution,
which the basic adversarial learning based solutions cannot reach. We analyze
the issues existed in related works, and propose an entropy regularization term,
i.e., the conditional entropy H(Y|F(X)), as the remedy. Our approach can
produce domain-invariant features by optimizing the proposed regularization
term coupled with the cross-entropy loss and the domain adversarial loss, and
thus has a better generalization capability. The experimental results on both
simulated and real-world datasets demonstrate the effectiveness of our proposed
method. In the future, we can extend our approach to other challenging tasks,

like semantic segmentation.
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CHAPTER 6

Conclusions

In this thesis, we studied the problem of 3D information prediction and under-
standing in the deep learning framework. In detail, our goal was to investigate
several crucial issues in deep 3D information prediction and understanding, such
as multi-modal fusion, sparse data processing, relation learning, model general-
ization, and unsupervised learning, through studying four specific tasks, includ-
ing monocular depth estimation, depth completion, point cloud analysis, and

domain generalization.

First, we studied the domain adaptation from synthetic data to real data for un-
supervised monocular depth estimation. We found that previous works ignore
the geometric information of the natural images and thus the generated images
might suffer from distortions in the image-to-image translation process, which
then causes the performance drop of depth estimation model. To alleviate this
issue, we proposed to jointly explore the ground truth data in synthetic data and
the epipolar geometry in real data. We demonstrated our model is able to gen-
erate high-quality image-to-image translation results and depth maps through a

comparison with previous related works.

Second, we analyzed the shortcomings of standard convolution with fixed size
kernel in modeling the contextual information of sparse data, and proposed to
exploit the graph propagation to capture rich multi-modal contexts effectively

through developing a co-attention guided graph propagation module. Then, for

130
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multi-modal information fusion, we introduced a symmetric gated fusion mod-
ule, which has two branches, one focusing on fusing the depth information as
supplementary into the RGB information and the other one doing the opposite.
Taking advantage of the proposed two modules, our designed model achieves
the state-of-the-art performance on two depth completion datasets, and at the

same time has fewer parameters and lower computational costs.

Third, we developed an adaptive edge-to-edge interaction learning module for
local shape representation of 3D point cloud data. We hypothesized that as-
sociating the neighbouring edges could potentially make the point-to-point re-
lation more aware of the local structure and more robust. We, thereby, intro-
duced an edge-to-edge interaction learning strategy to enhance the representa-
tion of point-to-point relation. Then, we extended the basic interaction module
into its symmetric version to modeling the local structure thoroughly. At last,
we designed the models for classification and segmentation using the proposed
modules. To show the effectiveness of our method in point cloud analysis, we
evaluated the performances on several public point cloud datasets. Our models

outperform previous related works on almost all of metrics.

Finally, we investigated the domain generalization from multiple source do-
mains to unseen target domains for a basic task, i.e., object classification. We
first revisited previous works which aim to learn domain-invariant representa-
tions across source domains, and found that these methods cannot ensure the
conditional invariance of the learned features. To address this issue, we pro-
posed an entropy regularization term which measures the dependency between
the learned features and the category. Together with the adversarial training on
the marginal distribution of the learned features, our model can guarantee the
invariance of the joint distribution of learned features and category. We eval-
uated the generalization capability on a 3D object classification dataset as an

initial step to the study on domain generalization in point cloud analysis as well
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the 2D object classification datasets. The experimental results can show the

effectiveness of our method.

This thesis suggests two possible further studies on deep 3D information pre-
diction and understanding. First, since we can obtain the 3D information, such
as depth data, from stereo data, multi-view images, or video, and then further
analyze the 3D information, like detecting objects and labelling each pixel, it
is worthwhile to study how to complete these two tasks in a unified end-to-end
deep learning framework. As a result, learning the two tasks jointly would po-
tentially enhance each other. Second, the domain generalization in 2D object
classification has been studied extensively, while for 3D information prediction
and understanding, like depth estimation, 3D segmentation, and 3D reconstruc-
tion, there is hardly any work exploring the problem. In the future study, we can
investigate the domain generalization in these more complex and challenging

tasks through taking advantage of the domain knowledge.
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