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The ability to accurately perceive objects and capture motion information from

the environment is crucial in many real-world applications, including autonomous

driving, augmented reality and robotics. This dissertation focuses on some funda-

mental challenges, regarding scene perception, scene understanding, and learning-

based autonomous system.

We first address the problem of developing a good representation of 3D sensor

data for solving scene perception tasks. We start by focusing on learning how to

explore the environment of a 3D perception system, including accurately perceiving

objects and understanding the motion of dynamic objects. For example, it is critical

for robotic agents to be able to develop a good understanding of objects in their

environment. We investigate and tackle this problem through different computer

vision tasks using a variety of input data. Compared with images, 3D point clouds

provide reliable depth and precise geometric information; however, they are gener-



ally sparse with varying densities. To handle these challenges, we present a number

of methods for efficient object detection and motion learning in the case of large-

scale LiDAR point cloud data. In the first part, we consider the problem of 3D point

cloud density, not well-explored characteristic for the task of 3D object detection.

Our proposed InfoFocus method improves detection by adaptively refining features

guided by the information of point cloud density in an end-to-end manner. Inspired

by the success of transformer-based architectures in a variety of computer vision

tasks, we consequently present another method M3DETR, which unifies multiple

point cloud representations, feature scales, as well as model mutual relationships

between point clouds simultaneously using transformers for 3D object detection.

We also consider the problem of understanding dynamic 3D environments and iden-

tifying motion information of objects, which is critical for 3D perception. In the

third part, we focus on a temporal sequence of 3D point clouds to extract point-wise

motion information. Specifically, we propose a point-based spatiotemporal pyramid

architecture, PointMotionNet which handles multiple frames and large-scale scenes,

avoids discretization and explicitly learns from the temporal ordering.

We note that having a deeper and holistic understanding of environment is

quite important to help safely navigate through complex traffic scenarios. Besides

accurately classifying, locating objects and predicting their behaviors, it would be

crucial for the autonomous system to understand traffic rules of the road, such as

spotting traffic signals or temporary road signs. The long-term goal is to build a

perception system that has the ability to reason about the environment and adap-

tively make plans under uncertainty in real time. To reason and make real-time



adjustments, the system needs to able to develop a good understanding of the road

signs information. Here we address this task of Text-VQA which aims at answering

questions that require understanding the textual cues in an image. In the fourth

part of the thesis, we develop a method to generate high-quality and rich question-

answer (QA) pairs by explicitly utilizing the existing rich text available in the scene

context of the input image. The proposed architecture, TAG exploits underexplored

scene text information and enhances scene understanding of Text-VQA models by

producing meaningful, and accurate QA samples using a multimodal transformer.

This method has the potential to be applied to identify challenging traffic situa-

tions that the autonomous vehicles will encounter on roads, such as traffic signs

(stop/speed limit), one-way street, or evolving streets including road closure or a

construction zone.



DEEP LEARNING FOR SCENE PERCEPTION
AND UNDERSTANDING

by

Jun Wang

Dissertation submitted to the Faculty of the Graduate School of the
University of Maryland, College Park in partial fulfillment

of the requirements for the degree of
Doctor of Philosophy

2023

Advisory Committee:
Professor Joseph F. JaJa, Chair/Advisor
Professor Larry S. Davis, Co-Chair/Co-Advisor
Professor Min Wu
Professor Furong Huang
Professor Yang Tao



© Copyright by
Jun Wang

2023



Dedication

This thesis is dedicated to my parents, Xiaolan Sun and Jinsheng Wang, as

well as my girlfriend Yuqian Hu, for their love and support.

ii



Acknowledgments

First and foremost, I would like to express my sincere gratitude to my advi-

sors, Professor Larry Davis and Professor Joseph JaJa, for their generous support

throughout my Ph.D. study and research. Their patience, motivation, enthusiasm,

and immense knowledge have been invaluable to me. I am particularly grateful for

Professor Davis’ insightful advice ”one thing at a time,” which has helped me stay

focused and productive, and for Professor JaJa’s wise counsel to ”prepare early,”

which has enabled me to tackle complex problems with confidence. I have learned

so much from both of them and deeply appreciate their help and inspiration. Their

knowledgeable guidance has been a constant source of support throughout the entire

research and writing process of this thesis. I feel incredibly fortunate to have had

such outstanding mentors for my Ph.D. study, and I am truly grateful for their

unwavering support and encouragement.

I am deeply grateful to Professor Min Wu, Professor Furong Huang, and

Professor Yang Tao for their invaluable contributions as members of my dissertation

committee and for their kind advice during the preparation of my dissertation. I am

also grateful to my collaborators and mentors, Mingfei Gao, Siheng Chen, Ran Xu,

Kishore Prahallad, Shiyi Lan, Tianrui Guan, Xiaolong Li, Yangheng Zhao, Bo He,

and Zuxuan Wu. Working with them has been an absolute pleasure, and I appre-

ciate their guidance, advice, and the opportunities they have provided me. I would

iii



also like to express my gratitude to all my colleagues in the computer vision lab,

who have made my graduate study a truly colorful experience. Xintong Han, Xiyang

Dai, Venkat Santhanam, Luyu Yang, Peng Zhou, Hengduo Li, Xitong Yang, Zhe

Wu, Ruichi Yu, Guangxiao Zhang, Yuheng Lu, Pallabi Ghosh, and Bharat Singh -

thank you for your support, friendship, and camaraderie. Your diverse perspectives

and expertise have enriched my learning and research journey in countless ways,

and I am truly grateful for the time we’ve spent together.

I would like to express my heartfelt gratitude to my dear friends at the Univer-

sity of Maryland - Vivian Lu, Chen Bai, Lei Chen, Jinjing Han, Chihuang Liu, Yu

Jin, Han Zhou, Xiaomin Lin, Yuntao Liu, Melanie Prange, Emily Irwin, and Maria

Hoo. Life with them during the past years has been an absolute pleasure, and I

am deeply grateful for their kind and generous help in my everyday life. Their

unwavering support, encouragement, and companionship have made my graduate

journey all the more meaningful and memorable. I would also like to thank some old

friends - Yuqiu Luo, Xin Yang, Fang Cao, Honglin Zhang, Yi Zhang, Yi Wang, and

Shouyun Deng - for their understanding and support during the past years. Their

friendship has been a constant source of comfort and strength to me, and I am truly

grateful for the enduring bonds we share.

I am deeply indebted to my parents for their unwavering love and unconditional

support throughout all these years. They have always been my rock, standing firmly

behind me as a strong backup, and helping me navigate some of the most challenging

times during my Ph.D. journey. Looking back, I realize that they had already given

me all the important things I needed a long time ago. Their life lessons have now

iv



become my lifetime treasures, and I am forever grateful for their guidance and

wisdom. I would also like to express my gratitude to my girlfriend, Yuqian Hu, for

her endless patience and unwavering understanding. Her unwavering support and

encouragement have been a source of comfort and inspiration to me, and I cannot

thank her enough for being a constant source of joy and positivity in my life.

Lastly, I would like to express my gratitude to all the people who have supported

me and helped me navigate the challenges of pursuing my Ph.D. I am deeply thankful

for their contributions to my success, and I could not have done it without them.

v



Table of Contents

Dedication ii

Acknowledgements iii

List of Tables ix

List of Figures xi

Chapter 1: Introduction 1

Chapter 2: InfoFocus: 3D Object Detection for Autonomous Driving with
Dynamic Information Modeling 4

2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4
2.2 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7
2.3 Proposed Approach . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

2.3.1 Deep Feature Extractor . . . . . . . . . . . . . . . . . . . . . 9
2.3.2 Region Proposal Network (RPN) . . . . . . . . . . . . . . . . 10
2.3.3 InfoFocus . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11
2.3.4 Loss Function . . . . . . . . . . . . . . . . . . . . . . . . . . . 14
2.3.5 Comparisons with Existing Approaches . . . . . . . . . . . . . 16

2.4 Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17
2.4.1 Dataset and Evaluation Metric . . . . . . . . . . . . . . . . . 18
2.4.2 Implementation Details . . . . . . . . . . . . . . . . . . . . . . 18
2.4.3 Main Results . . . . . . . . . . . . . . . . . . . . . . . . . . . 22
2.4.4 Ablation Studies . . . . . . . . . . . . . . . . . . . . . . . . . 23
2.4.5 Real-time Inference Analysis . . . . . . . . . . . . . . . . . . . 26

2.5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

Chapter 3: M3DETR: Multi-representation, Multi-scale, Mutual-relation 3D
Object Detection with Transformers 28

3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28
3.2 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33
3.3 Our Approach . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

vi



3.3.1 Multi-Representation Feature Embeddings . . . . . . . . . . . 36
3.3.2 Multi-representation, Multi-scale, and Mutual-relation Trans-

former . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38
3.3.3 Detection Heads Network . . . . . . . . . . . . . . . . . . . . 42
3.3.4 Loss Functions . . . . . . . . . . . . . . . . . . . . . . . . . . 44

3.4 Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45
3.4.1 Datasets and Evaluation Metric . . . . . . . . . . . . . . . . . 45
3.4.2 Implementation Details . . . . . . . . . . . . . . . . . . . . . . 46
3.4.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48
3.4.4 Ablation Studies . . . . . . . . . . . . . . . . . . . . . . . . . 50
3.4.5 Robustness of M3DETR . . . . . . . . . . . . . . . . . . . . . 51

3.5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52

Chapter 4: PointMotionNet: Point-Wise Motion Learning for Large-Scale LiDAR
Point Clouds Sequences 53

4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53
4.2 Related Works . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56
4.3 PointMotionNet . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

4.3.1 4D Point Spatiotemporal Convolution . . . . . . . . . . . . . . 59
4.3.2 4D Point Pyramid Network Architecture . . . . . . . . . . . . 62

4.4 Motion-Related Systems . . . . . . . . . . . . . . . . . . . . . . . . . 66
4.4.1 Point-based Motion Prediction . . . . . . . . . . . . . . . . . . 66
4.4.2 Multisweep Semantic Segmentation . . . . . . . . . . . . . . . 68

4.5 Experiments Results . . . . . . . . . . . . . . . . . . . . . . . . . . . 71
4.5.1 Point-based Motion Prediction . . . . . . . . . . . . . . . . . . 71
4.5.2 Multisweep 3D Semantic Segmentation . . . . . . . . . . . . . 75

4.6 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 76

Chapter 5: TAG: Boosting Text-VQA via Text-aware Visual Question-answer
Generation 77

5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 77
5.2 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 80

5.2.1 Text-related VQA . . . . . . . . . . . . . . . . . . . . . . . . . 80
5.2.2 Data Augmentation for VQA . . . . . . . . . . . . . . . . . . 81

5.3 Our Approach . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82
5.3.1 Multi-modality Feature Embeddings . . . . . . . . . . . . . . 84
5.3.2 Multi-modality Fusion . . . . . . . . . . . . . . . . . . . . . . 85
5.3.3 Text-aware Visual Question Prediction . . . . . . . . . . . . . 85

5.4 Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 87
5.4.1 Datasets and Evaluation Metrics . . . . . . . . . . . . . . . . 87
5.4.2 Implementation Details . . . . . . . . . . . . . . . . . . . . . . 88
5.4.3 Main Results . . . . . . . . . . . . . . . . . . . . . . . . . . . 90
5.4.4 Ablation Studies . . . . . . . . . . . . . . . . . . . . . . . . . 92

5.5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 94

vii



Chapter 6: Conclusions 95

Bibliography 97

viii



List of Tables

2.1 Object detection results (%) on nuScenes validation set . . . . . . . . 22
2.2 Object detection results (%) on nuScenes test set. Note that MonoDIS

and CenterNet are camera based methods, and the rest are LiDAR
based. Ours 2× indicates 2× training time with other settings being
the same with Ours . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23

2.3 Ablation studies on nuScenes validation set. ”Vis. Att” and ”Adp.
Att.” refer to Visibility Attention Module and Adaptive Attention
Module, respectively . . . . . . . . . . . . . . . . . . . . . . . . . . . 23

2.4 Inference time of 3D object detectors. Note that inference time for
the baseline here is the network reproduced by ourselves . . . . . . . 25

2.5 Comparison with rotated RoIAlign feature extraction results (%) on
the nuScenes validation set . . . . . . . . . . . . . . . . . . . . . . . . 26

3.1 M3DeTR outperforms in the Vehicle, Pedestrian and Cyclist classes
for both LEVEL 1 and LEVEL 2 difficulty levels on Waymo Open
Dataset test set. Note that PV-RCNN* is our reproduced results
with single point cloud frame input. . . . . . . . . . . . . . . . . . . . 43

3.2 M3DeTR outperforms in the Vehicle class with different size range
on Waymo Open Dataset test set. Note that PV-RCNN* is our repro-
duced results with single point cloud frame input. We underscore the
second best method in each column for comparison. . . . . . . . . . . 43

3.3 M3DeTR outperforms in the Vehicle class with IoU threshold of 0.7
on the full 202 Waymo Validation Set, especially on the far range
(50m to Inf). We underscore the second best method in each column
for comparison. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44

3.4 M3DeTR outperforms in both Car and Cyclist classes for 3D detec-
tion benchmark on KITTI Test Set. We underscore the second best
method in each column for comparison. . . . . . . . . . . . . . . . . . 48

3.5 Ablation studies of transformers in Car class with IoU threshold of
0.7 on KITTI Validation dataset. ”Rel. Trans.” and ”Rep. and Scal.
Trans.” refer to mutual-relation trans-former of 2 MHSA layer with
4 heads, and multi-representation and multi-scale transformer of 1
MHSA layers with 8 heads, respectively. . . . . . . . . . . . . . . . . 49

4.1 PointMotionNet outperforms in the motion prediction task
on Argoverse Validation Set. . . . . . . . . . . . . . . . . . . . . 67

ix



4.2 PointMotionNet outperforms in motion state estimation on
SemanticKITTI. RangeNet++ and MotionNet are in the range
view and BEV, respectively, while the rest are point-based. . . . . . . 67

4.3 PointMotionNet outperforms in multisweep semantic segmentation
on SemanticKITTI test set. Note that S represents the static fore-
ground category, and M denotes the moving foreground category. . . 69

4.4 Ablation Study of PointMotionNet on Argoverse Validation Set. We
vary several hyper-parameters: number of proxy points k, initial
sampling resolution d1, temporal operation, and input frames number
n. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70

4.5 Additional Ablation Study of PointMotionNet on Argoverse Vali-
dation Set. We further test different number of proxy points k. . . . . 74

5.1 TAG’s outperformance on the TextVQA dataset when trained
on original and augmented dataset under two settings. Note
that M4C† is the improved version from [1]. . . . . . . . . . . . . . . 89

5.2 Our framework outperforms prior work on the ST-VQA dataset.
Note that M4C† is the improved version from [1]. Specifically, our
model with TextVQA outperforms the SOTA approach TAP†† [1] that
is pre-trained with extra large-scale data from external TextCaps [2]
and OCR-CC [1] datasets. . . . . . . . . . . . . . . . . . . . . . . . . 90

5.3 Hyper-parameters of TAG. . . . . . . . . . . . . . . . . . . . . . . . . 91
5.4 Ablation study of TAG with TAP [1] under constrained setting on

TextVQA validation set. ”Ans.”, ”Obj.” and ”OCR.” refer to embed-
ding of answer words, detected objects and OCR tokens, respectively. 92

5.5 Ablation study of TAG with TAP [1] under constrained setting on
TextVQA validation set. Random means a random OCR token is
selected as the answer input to TAG, while top three means the top
three largest OCR tokens are selected. . . . . . . . . . . . . . . . . . 93

x



List of Figures

2.1 Left: we calculate the average point density across different parts of
objects in BEV of nuScenes training set. E1 -E4 indicate four edges
sorted by their normalized density scores (sum to 100%) and others
denotes areas inside objects. We set each edge width as 10% of the
length along the object size and only objects over more than 100
points are counted. Middle and right: we visualize an example of the
LiDAR point cloud in 2D image and its corresponding bird’s eye view
(BEV). Clearly, most of the point clouds locate on the contour of the
object . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

2.2 The proposed 3D object detection framework. It consists of three
parts: Deep Feature Extractor(DFE), Region Proposal Network, and
InfoFocus. InfoFocus contains three modules: PoI Pooling, Visibility
Attentive Module, and Adaptive Point-wise Attention Module . . . . 10

2.3 RoI Pooling vs. PoI Pooling. The grid represents the feature map,
and the dots denotes sampling points of interest. RoI Pooling samples
the whole box, while PoI Pooling focuses on the key-points from edge-
of-interest . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13

2.4 Left: illustration of the Visibility Attentive Module. We compute
hard attention for each sampled point depending on whether it is
visible to the sensor. We also show the visibility map on the bottom
left. Points on the blue line are visible while points on the orange
line are invisible. Right: the architecture of the Adaptive Point-wise
Attention Module. The point-wise attention is generated using a fully
connected (FC) layer followed by a Sigmoid function. The input of
FC layer is the feature of each point . . . . . . . . . . . . . . . . . . . 16

2.5 We visualize the detection results on nuScenes with 2D and 3D BEV
images. On the top, we demonstrate the 2D images with the 3D
bounding box annotated, while the BEV of LiDAR with ground truth
(red) and detection (blue) box are shown on the bottom. Note that
the line in the frame denotes the direction of the object . . . . . . . . 25

2.6 We visualize the BEV detection results for the same point cloud
sample on nuScenes with the vanillar PointPillars (left) and InfoFocus
(right) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

xi



3.1 M3 Transformers used in our approach: Left: Multi-representation
transformers; Middle Part: Multi-scale transformers; Right: Mutual-
relation transformers. We use these characteristics to present a novel
3D object detection architecture. . . . . . . . . . . . . . . . . . . . . 29

3.2 An overview of our M3DETR architecture: M3DETR is a transformer
based framework for object detection in a coarse-to-fine manner.
It consists of three parts. PointNets, VoxelNet, and 2D ConvNets
modules enable individual multi-representation feature learning. M3
Transformers enable inter-intra multi-representation, multi-scale, and
multi-location feature attention. With the Region Proposal Network
(RPN), the initial box proposals are generated. R-CNN captures
and refines region-wise feature representations from M3 transformer
output to improve detection performance. . . . . . . . . . . . . . . . 30

3.3 M3 Transformers consist of two parts: a multi-representation and
multi-scale transformer, and a mutual-relation transformer. Multi-
representation and multi-scale transformer takes the different feature
embedding and generates enriched cross-representations and cross-
scales embedding. On top of it, the mutual-relation transformer
further models point-wise feature relationship to extract the refined
features. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31

3.4 We highlight the 3D detection results of M3DETR on the Waymo
Open Dataset. The 3D ground truth bounding boxes are in green,
while the detection bounding box are shown in blue. . . . . . . . . . . 46

3.5 We visualize the 3D detection results for the same input point cloud
between PV-RCNN (left) and M3DETR (right) on Waymo Open
Dataset. We highlight the false negative boxes from PV-RCNN in
red. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50

3.6 Performance comparison of different M3 Transformers variants in Car
class on KITTI validation set. We show the mAP results with IoU
threshold of 0.7 for both 11 and 40 recall positions. Note that ”l”
and ”h” represent layer number and head dimension of M3 Trans-
formers, respectively. ”Top” denotes the number of proposals used
for keypoint sampling from RPN stage. . . . . . . . . . . . . . . . . . 51

4.1 PointMotionNet is a point-based spatiotemporal pyramid network to
achieve motion learning from a sequence of 3D point clouds. It can
handle multiple frames, large-scale open scenes, explicitly model the
temporal ordering, and does not suffer from discretization error. . . . 54

xii



4.2 4D point spatiotemporal convolution operation (Point-STC).
To extract spatiotemporal features, we gather all points across time
to the same spatial coordinate system. For each query point (with red
circle), we find its neighbors (in the orange ball) in each frame. With
the set of proxy points (in red triangle) of the query point, we extract
spatial features in each individual frame, which follows from (4.1a).
We next concatenate the spatial features across all timestamps and
use a MLP to obtain the final spatiotemporal features, which follows
from (4.1b). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 58

4.3 PointMotionNet is a point-based spatiotemporal pyramid
network. Point-STC layers enable spatiotemporal feature learning.
Downsampling and upsampling layers enable multiscale feature learning.
With the skip connections, the aggregation layers fuse features from
both encoder and decoder. . . . . . . . . . . . . . . . . . . . . . . . . 63

4.4 Point-based motion prediction system. With PointMotionNet
as a backbone, the system takes a sequence of 3D point clouds as the
input and generates the predicted motion vector and the estimated
motion state for each single 3D point in the current frame through
the motion vector head and the motion state head. For visualization,
we sample the moving points for the motion vector output. . . . . . . 64

4.5 Multisweep semantic segmentation system. It consists of four
parts: the segmentation backbone, extracting semantic features from
each individual 3D point cloud, the segmentation head, producing
the estimated semantic labels, PointMotionNet, extracting motion
features based on semantic features across time stamps, and the
motion state head, producing the estimated motion states. . . . . . . 64

4.6 PointMotionNet (right) qualitatively outperforms FlowNet3D
(middle) in point-based motion prediction on Argoverse. Moving
points are associated with green motion vectors and the static points
are in red; the remaining points are background, marked in grey. . . . 68

4.7 PointMotionNet (right) visually outperforms MeteorNet (middle) in
motion state estimation on SemanticKITTI. For six foreground classes,
moving points are in green and static ones are in red; for the remaining
background classes, points are in grey. . . . . . . . . . . . . . . . . . 70

5.1 Left: statistics of the numbers of annotated QA pairs (blue) and
scene text words (orange) for each image in the TextVQA training
set [3]. Clearly, the scene text words are not fully leveraged in the
annotations. Right: an example of a training image with more than
5 scene text words, which is typical. Best viewed in color. . . . . . . . 78

xiii



5.2 The proposed Text-VQA framework. It consists of two parts: a
text-aware visual question-answer generation module (TAG), followed
by a downstream Text-VQA model. TAG is based on a multi-modal
transformer architecture, which takes a single image and text words
(the answer) as input, and outputs a newly-generated question corre-
sponding to the input answer. The generated QA pairs from TAG
together with the originally labeled data are subsequently used to
train Text-VQA models, leading to better Text-VQA performance. . . 82

5.3 The illustration of our proposed TAG. High-dimensional feature
representations are first extracted for three modalities, including extended
answer words, visual objects, and scene text. Then, a multi-modal
transformer is used to model the interactions of different modalities.
Finally, a decoding module is used to predict the question corre-
sponding to the answer through iterative decoding with an auto-
regressive mechanism. Left: Originally labeled QA pairs are used
for training. Right: During inference, detected OCR words are used
as a novel answer to generate a question. Best viewed in color. . . . . 83

5.4 We visualize the examples of the generated QA pairs (bottom in
orange) by TAG module compared with the original annotated QA
pairs (top in blue) on the TextVQA training set. ”Q” and ”A” refer
to question and answer, respectively. Best viewed in color. . . . . . . 88

xiv



Chapter 1: Introduction

We live in a three dimensional world. In a variety of applications, such as

autonomous driving, and robotic exploration, the agents need to understand the 3D

environment around it. While a number of sensor data types can be used, the LiDAR

point cloud provides accurate geometry information. Moreover, LiDAR sensors have

become more available on commercial mobile devices. Compared with images gener-

ated by cameras, 3D point clouds provide more reliable depth information; however,

they are generally sparse with varying densities. To handle these challenges, we

present methods for efficient object detection using large-scale LiDAR point cloud.

We also live in a dynamic world. Many recognition tasks, such as estimating

the acceleration of a moving object, have benefited from sequences of temporal data.

In particular, we would like the agents to learn representations from dynamic 3D

point cloud sequences. Learned representation can be used in downstream tasks,

such as semantic segmentation, and motion learning scene flow estimation.

Chapter 2 based on our work in [4] addresses the problem of efficiently using 3D

point cloud data with varying densities, not a well-explored characteristic of point

cloud data for the task of 3D object detection. The goal of 3D object detection

is to localize and recognize objects in the 3D scene. The existing methods model
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the input space with features extracted from equally divided sub-regions without

considering the fact that point cloud is generally non-uniformly distributed over the

space. We propose a novel 3D object detection framework with dynamic information

modeling. The proposed framework is designed to make predictions progressively in

a coarse-to-fine manner. Coarse predictions are generated during the first stage via a

voxel-based region proposal network. Then our method, called InfoFocus, improves

the coarse detections by adaptively refining features guided by the information of

point cloud density. This results in a superior performance of our method compared

to previously published works.

In Chapter 3 based our work in [5], we extend the technique of Chapter

2 by presenting a novel architecture for 3D object detection, M3DETR, which

combines different point cloud representations (raw, voxels, bird-eye view) with

different feature scales based on multi-scale feature pyramids. M3DETR is the first

approach that unifies multiple point cloud representations, feature scales, as well

as models mutual relationships between point clouds simultaneously using trans-

formers. Specifically, we propose two stacked transformer encoder layers called M3

Transformers, where the first transformer integrates features with different scales

and representations, and the second transformer aggregates information from the

keypoints.

Chapter 4 focuses on learning motion information from a sequence of large-

scale 3D point clouds, based our work in [6]. We propose a point-based spatiotem-

poral pyramid architecture, called PointMotionNet. A core component of PointMo-

tionNet is a novel technique for point-based spatiotemporal convolution, which finds

2



the point correspondences across time by leveraging a time-invariant spatial neigh-

boring space and extracts spatiotemporal features. To validate PointMotionNet,

we consider two motion-related tasks: point-based motion prediction and multi-

sweep semantic segmentation. For each task, we design an end-to-end system where

PointMotionNet is the core block that learns motion information.

In Chapter 5 based our work in [7] , we propose TAG, the first generic

text-aware question-answer generation approach for Text-related Visual Question

Answering (VQA). Text-VQA aims at answering questions that require understanding

the textual cues in an image. Despite the great progress of existing Text-VQA

methods, their performance suffers from insufficient human-labeled question-answer

(QA) pairs. However, we observe that, in general, the scene text is not fully exploited

in the existing datasets – only a small portion of the text in each image participates

in the annotated QA activities. This results in a huge waste of useful informa-

tion. To address this deficiency, we develop a new method to generate high-quality

and diverse QA pairs by explicitly utilizing the existing rich text available in the

scene context of each image. Specifically, TAG is a text-aware visual question-

answer generation architecture that learns to produce meaningful, and accurate QA

samples using a multimodal transformer. The architecture exploits underexplored

scene text information and enhances scene understanding of Text-VQA models by

combining the generated QA pairs with the initial training data.

Finally, we conclude in Chapter 6 by outlining some future research directions.
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Chapter 2: InfoFocus: 3D Object Detection for Autonomous Driving

with Dynamic Information Modeling

2.1 Introduction

With growing interests in autonomous vehicles, 3D object detection has received

considerable attention. Due to the superior capability of modeling 3D objects,

point cloud is the most popular type of data source. Most existing 3D detec-

tors are point-based [8, 9, 10, 11, 12] and voxel-based [13, 14, 15, 16, 17]. Point-

based approaches generate features from raw point cloud data directly. Although

achieving promising performance, these methods suffer from high computational

complexity which discourages their application in real-time scenarios. Voxel-based

approaches [13, 14, 15, 16, 17] firstly convert point cloud into voxels and then employ

deep convolutional neural networks (DCNN) to conduct object detection. Taking

advantage of the advanced DCNN architecture, voxel-based approaches achieve the

state-of-the-art performance with low computational cost. Our work follows the

setting of voxel-based methods for their advanced balance of efficiency and effec-

tiveness.

Although much progress has been made in improving the performance of voxel-
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based detectors, an important characteristic of point cloud is not well explored:

input data points are usually not uniformly distributed over the space. The density

of point cloud can be affected by different factors, e.g., the distance of objects from

LiDAR sensor and object self-occlusion. As illustrated in Fig. 2.1, the density of

point cloud over objects highly depends on the relative locations of different parts.

It is also intuitive that the amount of information is highly related to the point

density. However, existing voxel-based detectors extract features from uniformly

divided sub-regions, regardless of the actual distribution of the points. We believe

that this will lead to loss of useful information and ultimately result in sub-optimal

detection performance.

To fully exploit the non-uniform distribution of point cloud, we propose a

novel 3D object detection framework, to adaptively model the rich feature of 3D

objects according to the information density of points. Illustrated in Fig. 2.2, our

framework contains two stages. Coarse detection results are obtained in the first

stage via voxel-based region proposal network. In the second stage, we introduce

InfoFocus, to model and extract the informative features from regions of interest

(RoI) (formed by the coarse predictions) according to the distribution of point cloud,

and the predictions are improved with the help of the refined features.

The InfoFocus is the core structure of our framework which contains three

sequentially connected modules including the Point-of-interest (PoI) Pooling, the

Visibility Attentive Module, and the Adaptive Point-wise Attention.

PoI Pooling. Unlike 2D objects which contain densely distributed infor-

mation over the whole RoI, more of the points of 3D objects locate on the their

5



Bird-eye-view Point Cloud RGB ImageStatistics in Training Set

E1

E2

E3

E4

Others

0%

10%

20%

30%

40%

50%

60%

E1 E2 E3 E4

Oth
ers

N
or

m
al

iz
ed

 D
en

si
ty

Figure 2.1: Left: we calculate the average point density across different parts of
objects in BEV of nuScenes training set. E1 -E4 indicate four edges sorted by their
normalized density scores (sum to 100%) and others denotes areas inside objects.
We set each edge width as 10% of the length along the object size and only objects
over more than 100 points are counted. Middle and right: we visualize an example
of the LiDAR point cloud in 2D image and its corresponding bird’s eye view (BEV).
Clearly, most of the point clouds locate on the contour of the object

surfaces. Therefore, we hypothesize that most informative feature concentrates on

the edge of RoI. Motivated by this intuition, we propose PoI Pooling which densely

samples features on the edge and sparsely samples feature in the middle of RoI to

accommodate the non-uniform information distribution of point cloud.

Visibility Attentive Module. Heavy self-occlusion is presented because of

the nature of LiDAR data that is no point cloud exists on the backside of object

relatively to the sensor. To mitigate this issue, our proposed Visibility Attentive

Module applies hard attention to emphasize the visible parts of objects and eliminate

the features from invisible points.

Adaptive Point-wise Attention. PoIs may contain different amount of

information, although they are all visible. We introduce Adaptive Point-wise Atten-

tion to re-weight the features to improve the modeling of 3D objects.

We conduct extensive experiments on the largest public 3D object detection
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benchmark, i.e, nuScenes [18]. Experimental results show that our approach signif-

icantly outperforms the baselines, achieving 39.5% mAP with 31 FPS. Results of

comprehensive ablation studies demonstrate the effectiveness of our InfoFocus and

that each sub-module makes considerable contributions to our framework.

2.2 Related Work

Point-based Detectors. Inspired by the powerful feature learning capability

of PointNet [19, 20] and the advanced modeling structure of 2D object detectors

[21, 22, 23], Frustum PointNets [8] extrude the 2D object proposals into frustums

to generate the 3D bounding boxes from raw point cloud. Lan et al. [10] add

a decomposition-aggregation module modeling local geometry to extract the global

feature descriptor of point cloud. Limited by initial 2D box proposals, those methods

yield low performance when objects are occluded. In contrast, PointRCNN [11]

generates 3D proposals directly from point cloud instead of 2D images. The recent

STD [12] attempts to refine the detection boxes in a coarse-to-fine manner. However,

all those methods are computationally expensive due to the large amount of data

points to be processed.

Multi-view 3D Detectors. MV3D [24] is proposed to fuse multi-view feature

maps for the generation of 3D box proposals. Following [24], Ku et al. [25] explore

high resolution feature maps to compensate the information loss for small objects.

These methods address the feature alignment between multi-modality in a coarse

level and are typically slow. Liang et al. [26] design a continuous fusion layer to
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deal with the continuous state of LiDAR and the discrete state of images. Later,

[27, 28] leverage different strategies to jointly fuse related tasks to improve feature

representation.

Voxel-based Detectors. Recently, there is a trend of using regular 3D voxel grids

to represent point cloud such that the input data can be easily processed by the

3D/2D convolution networks. Among those, VoxelNet [14] is the pioneering work

of performing voxelization on the raw 3D point cloud. To improve its efficiency,

Second [15] adopts Sparse Convolution and speeds up detection process without

compromising the detection accuracy. PointPillars [13] dynamically converts the

3D point cloud into a 2D pseudo image, making it more suitable for the application

of the existing 2D object detection techniques. In [16], Ye et al. design a new voxel

generator to preserve the information loss along the vertical direction. Building

upon voxel-based detectors, our model captures richer information of objects by

refining their feature representations at a second stage guided by the point cloud

density and ultimately improves the detection results.

There are several recent studies [29, 30] focusing on fusing the voxel-based

features with PointNet-based features in order to extract more fine-grained 3D

features. InfoFocus is complementary to these techniques and can be further applied

on top of them. WYSIWYG [17] is the most related method to our approach since

we both drive the model to encode visibility information. However, instead of using

a separate branch to generate the hidden invisibility representation, our method

directly aggregates the valuable point-wise features together from existing backbone

network to refine the proposals in an end-to-end manner.
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2.3 Proposed Approach

The proposed framework is illustrated in Fig. 2.2, which consists of a deep

feature extractor followed by a two-stage architecture. The deep feature extractor

containing a Pillar Feature Network and a DCNN, converts the input point cloud

to representative feature maps. Specifically, the Pillar Feature Network divides

the whole space into equal pillars and generates the so-called pseudo images [13].

The pseudo images are then processed by the DCNN to obtain the feature maps

which are shared by the two stages, i.e., Region Proposal Network (RPN) and

InfoFocus. The RPN generates the initial coarse bounding box proposals that are

refined by InfoFocus, with dynamic information modeling. Note that our Deep

Feature Extractor and RPN follow the setting of [13].

2.3.1 Deep Feature Extractor

Deep Feature Extractor is composed of two parts: 1) voxelization using Pillar

Feature Network that converts the orderless point cloud into a sparse pseudo image

via a simplified PointNet-like architecture and 2) feature extraction using DCNN to

learn informative feature maps.

Pillar Feature Network. The Pillar Feature Network operates on the raw point

cloud, and learns point-wise features for each pillar. After voxelizing raw point cloud

into evenly spaced pillars, we randomly sample N points from each non-empty pillar

and then obtain a dense tensor with the size of D × P ×N , where D indicates the

information dimension of each point, P denotes the number of non-empty pillars,
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Figure 2.2: The proposed 3D object detection framework. It consists of three parts:
Deep Feature Extractor(DFE), Region Proposal Network, and InfoFocus. InfoFocus
contains three modules: PoI Pooling, Visibility Attentive Module, and Adaptive
Point-wise Attention Module

and N denotes the number of points in each pillar. The Pillar Feature Network

utilizes a PointNet-like block to learn a multi-dimensional feature vector for each

pillar. The pillar-wise features are encoded into a 2D pseudo image with the shape

of W × L×C, where W and L indicate the width and length of the pseudo image,

and C is the channel of the feature map.

Deep Convolution Neural Network (DCNN). DCNN learns feature maps from

the generated pseudo 2D image. The DCNN uses conv-deconv layers to extract

features of different levels, and concatenates them to get the final features from

different strides.

2.3.2 Region Proposal Network (RPN)

The RPN takes the feature maps provided by DCNN as inputs and produces

high-quality 3D object proposals. Similar to the proposal generation in 2D object

detection, anchor boxes are predefined at each position and proposals are generated

by learning the offsets between anchors and the ground truths. To handle different
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scales of objects, a dual-head strategy is adopted. Specifically, the small-scale head

takes features from the first conv-deconv phase of the DCNN, while the large-scale

head takes the features from its concatenation phase.

2.3.3 InfoFocus

The InfoFocus serves as the second stage of our framework, which takes the

candidate proposals from RPN and extracts features of objects in a hierarchical

manner from the feature maps produced by the DCNN. Specifically, given each

3D object proposal, InfoFocus dynamically focuses on the informative parts of the

feature maps by gradually emphasizing the representative PoIs in the following

three steps: 1) the edge points are selected out from the whole proposal region by

PoI Pooling; 2) Visibility Attention module emphasizes on the informative points

according to their relative visibility to the LiDAR sensor and 3) in the Adaptive

Point-wise Attention module, the features of the visible points are further weighted

adaptively. The re-weighted features of the visible points are then fused to form the

final representation of the proposal, on top of which two fully-connected layers are

utilized to predict the refined box.

PoI Pooling. When representing a 3D proposal, the most intuitive way is adopting

the commonly used strategy in the two-stage 2D object detectors, i.e., RoI Pooling

(see Fig. 2.3 left). However, unlike the 2D images that have densely distributed infor-

mation over the region proposals, the 3D point cloud mostly resides on the object

surface which results in non-uniform information over the regions (most information
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locates on the edges of proposals).

The proposed PoI pooling is illustrated in Fig. 2.3 (right). Instead of equally

sampling points over a region of the feature maps, we focus on sampling the points

on the informative parts including four corners, the center point and key-points on

the edges. Note that we consider the center position as an additional useful signal

since it is likely to capture the semantic-level information.

We first project the 3D proposal to the birds’ view coordinate system. Let

p0, p1, p2 and p3 represent the positions of top-left, top-right, bottom-right, and

bottom-left corners of a proposal on the pseudo image, respectively and pc denotes

the center point. Along each edge, n more key-points are uniformly sampled. For

example, for the top edge between p0 and p1, the position of a sampled key-point

kpj = (p0
j

n+1
+ p1

n+1−j
n+1

), where j is an integer and 1 ≤ j ≤ n. To this end,

(5 + 4 ∗ n) PoIs are obtained. A high-dimensional feature is extracted for each PoI

according to its relative position on the feature map and then we obtain a feature

set Fpoi = {fpoi
1 , fpoi

2 , ..., f poi
Npoi

}, where Npoi = (5 + 4 ∗ n) representing the number of

selected PoIs within the considered region.

Visibility Attentive Module. Severe self-occlusion typically occurs in point

cloud, but is ignored by most of the existing methods. The Visibility Attentive

Module (see Fig. 2.4 left) is proposed to mitigate this issue by focusing on the

information provided by the visible parts of objects. We argue that visible regions

contain more useful information than the occluded ones. Formally, we propose to

re-weight features of PoIs according to their corresponding visibility by exploiting

the geometric relationship between the proposals and the LiDAR sensor in bird’s
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Figure 2.3: RoI Pooling vs. PoI Pooling. The grid represents the feature map, and
the dots denotes sampling points of interest. RoI Pooling samples the whole box,
while PoI Pooling focuses on the key-points from edge-of-interest

eye view. As shown in Eq. 2.1, Fvis denotes the updated feature set, where vpoii

indicates the visibility score of the ith PoI. Different weighting strategies can be

used and we use a hard attention strategy in this work for its simplicity, that is

assigning vpoii = 1 if the ith PoI is visible and vpoii = 0 otherwise. In other words,

we only take PoIs on the visible edges to represent the proposal.

Fvis = {fpoi
1 ∗ vpoi1 , fpoi

2 ∗ vpoi2 , ..., f poi
Npoi

∗ vpoiNpoi
} (2.1)

For the consideration of model efficiency, a simple yet effective method is used

to estimate the visibility of points in the bird’s eye view. To figure out the sides

of proposals facing to the sensor, we first compute the distance of each corner to

the LiDAR sensor and determine the one that is closest to the sensor. Then, we

consider the two edges passing this closest corner as the visible edges and the other

two as the occluded ones.

Adaptive Point-wise Attention Module. PoI Pooling and Visibility Attentive
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Module are motivated by the nature of the non-uniform density of point cloud.

However, two points may offer different amount of information even though they

are all visible by the sensor. Adaptive Point-wise Attention Module provides the

flexibility for the visible PoIs to contribute unequally to the prediction. Suppose

Fvis = {f vis
1 , f vis

2 , ..., f vis
Nvis

} indicates the feature set of visible PoIs. Adaptive Point-

wise Attention Module learns an attention weight, wi, for each f vis
i adaptively for the

next-step feature aggregation. Specifically, a shared fully connected (FC) layer with

sigmoid as the activation function is used to learn the attention weights, formally

expressed as vvisi = Sigmoid(Wf vis
i + b). We use Fatt = {fatt

1 , fatt
2 , ..., fatt

Nvis
} to

represent the re-weighted feature set of visible PoIs updated using Fvis and the

attention weights, where fatt
i = f vis

i ∗ vvisi .

The final representation of each proposal aggregates the features of its visible

PoIs. Let e0, e1, e2 and e3 denote the top, right, down, left edges of a proposal,

respectively. We first compute f e
i by applying max pooling to all the visible points

on ei. Then, the final representation is obtained by f e
0 ||f e

1 ||f e
2 ||f e

3 ||fp
c , where fp

c

indicates the feature of the center point and || indicates concatenation.

2.3.4 Loss Function

Given the output PoI feature representation from the aforementioned three

modules topped by fully-connected layers, the head network consists of three branches

predicting the box class, localization and direction. The ground truth and anchor

boxes are parameterized as (x, y, z, w, l, h, θ), where (x, y, z) is the center of box,
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(w, l, h) is the dimension of box, and θ is the heading along the z-axis in the LiDAR

coordinate system. The box regression target is computed as the residuals between

the ground truth and the anchors as:

△x =
xgt − xa

da
,△y =

ygt − ya

da
,△z =

zgt − za

ha
,

△w = log(
wgt

wa
),△l = log(

lgt

la
),△h = log(

hgt

ha
),

△θ = θgt − θa

(2.2)

where xgt and xa refer to ground truth and anchor box respectively, and da =√
(wa)2 + (la)2. To deal with severe class imbalance problem in the dataset, we

adopt the focal loss [31] for the classification loss. Smooth L1 loss [21] is used for

the regression loss. In addition, to compensate for direction prediction missing in

the regression, we adopt a softmax classification loss on orientation prediction.

Similar with that of the vanilla PointPillars network [13], we formally define

a multi-task loss for both stages as threefold,

Lstage i =
1

Npos

(βclsLcls i + βregLreg i + βdirLdir i), (2.3)

where i could be either RPN or InfoFocus stage, Npos refers to the number of

positive anchors and βcls, βreg, βdir are chosen to balance the weights among classi-

fication loss, regression loss and direction loss.
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Visibility Attention

…

Adaptive Point-wise Attention

…

Figure 2.4: Left: illustration of the Visibility Attentive Module. We compute hard
attention for each sampled point depending on whether it is visible to the sensor.
We also show the visibility map on the bottom left. Points on the blue line are
visible while points on the orange line are invisible. Right: the architecture of the
Adaptive Point-wise Attention Module. The point-wise attention is generated using
a fully connected (FC) layer followed by a Sigmoid function. The input of FC layer
is the feature of each point

2.3.5 Comparisons with Existing Approaches

Point-based Approaches. Our framework uses PointNet to extract features from

equally divided sub-grids and employs a DCNN to generate 2D feature maps while

point-based techniques [8, 9, 10, 11] only use PointNet as its backbone. Both our

approach and point-based approaches apply two-stage architecture to infer objects.

Meanwhile, we both sample features considering the distribution of point cloud.

However, compared to PointNet, InfoFocus is more computationally efficient without

performance degradation.

Fusion-based Approaches. Fusion-based detectors [29, 30] make use of both RGB

images and point cloud data for 3D object detection. InfoFocus is much faster than

fusion-based approaches, since they contain two backbones to process multi-view

sources and are heavily engineered. On the other hand, InfoFocus also achieves

competitive results compared to fusion-based approaches.
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Traditional Voxel-based Approaches. Our method shares the similar backbone

as the existing voxel-based architectures [13, 14, 15, 16]. However, previous voxel-

based detectors pay less attention to the distribution of LiDAR data that most 3D

point cloud locates on the surface of the objects. Our proposed PoI Pooling, Visi-

bility Attentive Module, and Adaptive Point-wise Attention model the non-uniform

point cloud using dynamic information focus. First, the PoI Pooling decreases the

sampling from the inside of objects where few points locate. Next, the Visibility

Attentive Module eliminates the noise from the back of objects where points are

occluded. Last, we apply the Adaptive Point-wise Attention to learn the focus on

each sampled points. Jointly, these modules contribute significantly to the superior

performance of InfoFocus.

2.4 Experiments

Our method is mainly evaluated on the nuScenes dataset [18] which is consid-

ered as the most challenging 3D object detection benchmark. We first present our

implementation details. We compare with the existing approaches both quantita-

tively and qualitatively. Then, extensive ablation studies are conducted to demon-

strate the effectiveness of each designed module. Last, we analyze the inference time

and the desired speed accuracy trade-off provided by our method.
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2.4.1 Dataset and Evaluation Metric

NuScenes [18] is one of the largest datasets for autonomous driving. There

are 1000 scenes of 20s duration each, including 23 object classes annotated with

28,130 training, and 6,019 validation samples. We use the LiDAR point cloud as

the only input to our method and all the experiments follow the standard protocol

on the training and validation sets. Officially, nuScenes evaluates the detection

accuracy across different classes, based on the average precision metric (AP) which

is computed based on 2D center distance between ground truth and the detection

box on the ground plane. In details, the AP score is determined as the normalized

area under the precision recall curve above 10%. The final mean AP (mAP) is the

average among the set of ten classes over matching thresholds of D = {0.5, 1, 2, 4}

meters.

2.4.2 Implementation Details

We integrate InfoFocus into a state-of-the-art real-time 3D object detector [13]

to improve the detection performance without largely compromising speed. Closely

following the codebase1 recommended by the authors of PointPillars [13], we use

PyTorch to implement our InfoFocus modules and integrate it into vanilla PointPil-

lars network.

Pillar Feature Network. Closely following the codebase, we focus on the input

LiDAR point cloud range with [-50, -50], [-50, 50] and [-5, 3] meters in x, y, z axis

1https://github.com/traveller59/second.pytorch.
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respectively. The voxel size is [0.25, 0.25, 8] and thus the pillars’ size is 400 × 400

after the voxelization. The generated pseudo 2D image [13] is 400 × 400 × 64 from

Pillar Feature Network with 64-d output channels. Specifically, the width and length

of the pseudo image, W and L, are set to be 400 and 400, while the channel size C

is 64.

DCNN. The structure of DCNN includes three blocks of fully convolutional layers,

where each of block consists of down-sampling convolutional layers to produce top-

down features and de-convolutional layers to upsample and concatenate the feature

maps from different strides [13]. Each convolution/deconvolutional uses the kernel

with size 3 × 3 and is followed by a BatchNorm layer and a ReLU layer. In details,

the input/output size of the first convolutional block is 400 × 400 × 64 and 200 ×

200 × 64, respectively. After the first deconvolutional layer, the dimension of first

block feature map becomes 100× 100× 128. Similarly, the input/output size of the

second convolutional block is 200× 200× 64 and 100× 100× 128. After the second

deconvolutional layer, the dimension of second block feature map is 100×100×128.

For the last deconvolutional layer, the input/output size is 100 × 100 × 128 and

50 × 50 × 256. After the last deconvolutional layer, the dimension of third block

feature map becomes 100× 100× 128. The final concatenated feature map from the

output of three deconvolutional layers has a size of 100 × 100 × 384.

RPN. Unlike the original PointPillars [13] that adopts a Single Shot Detector (SSD)

[32] as detection head, we utilize an improved implementation with a dual-head

for the RPN. Specifically, an 1 × 1 convolutional layer is used in each of three

branches following the suggested codebase. The dataset is empirically divided into
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two groups based on the object size, e.g., {car, bus, construction vehicle, trailer,

truck} and {barrier, bicycle, motorcycle, pedestrian, traffic cone}. Specifically, the

small-scale head takes the feature map from the first convolutional block with size

of 200 × 200 × 64, while the large-scale head takes the concatenated feature map

with size of 100 × 100 × 384, both from the deep feature extractor. The output

of RPN is the candidate proposals with classification, bounding box and direction

predictions.

For each class of objects, the RPN anchor size is set by calculating the average

of all objects from the corresponding class in training set of nuScenes. In addi-

tion, the matching thresholds are based on the custom configuration following the

suggested codebase. 1,000 proposals are obtained from RPN, on which NMS with a

threshold of 0.5 is applied to remove the overlapping proposals for both training and

inference. The final top-ranked 300 proposals are kept for the InfoFocus stage to

simultaneously predict the category, location and direction of objects during both

the training and inference.

InfoFocus. The second stage is our proposed InfoFocus. The three novel modules

process object-centric feature sequentially based on the initial bounding box proposals

from RPN. The number of sampled key-points for each edge, n, is set to be 2. Thus,

the total number of PoIs, Npoi, is 13, including a center, 4 corners and 2 key-points

on each edge. Similar to RoIAlign [33], bi-linear interpolation is used to compute

the deep feature from four neighboring regular locations of each point.

As mentioned before, we apply a max-pool layer to summarize the features of

points along each edge, resulting in 5 features for each proposal, including features
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from top, right, down, left edges and the center. When concatenating these features,

we always treat the edge that is closest to the sensor as the top edge. A fully

connected layer with a single node is used to generate point-wise attention weight

for each point.

The feature of each proposal is transformed by two consecutive FC layers with

512 nodes each and passed to three sibling linear layers, a box-regression branch,

a box-classification branch and a box-direction branch. For the regression target

assignment, anchors having Intersection over Union (IoU) bigger than 0.6 with the

ground truth are considered positive, and smaller than 0.55 are assigned negative

labels.

Training Parameters. Experiments are conducted on a single NVIDIA 1080Ti

GPU. The weight decay is set to be 0.01. We adopt the Adam optimizer [34], and

use a one-cycle scheduler proposed in [35]. We train our model with a total of

20 epochs as a default choice, taking about 40 hours from scratch. For the first

8 epochs, the learning rate progressively increases from 3 × 10−4 to 3 × 10−3 with

decreasing momentum from 0.95 to 0.85, while in the remaining 12 epochs learning

rate decreases from 3 × 10−3 to 3 × 10−6 with increasing momentum from 0.85 to

0.95. The focal loss [31] with α = 0.25 and γ = 2.0 is adopted for the classification

loss. The balancing weights for the classification, box regression, and direction loss

βcls, βreg, βdir of both stages are 1, 2 and 0.2, respectively.
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Method car peds. barri. traff. truck bus trail. const. motor. bicyc. mAP

PointPillars [13] 70.5 59.9 33.2 29.6 25.0 34.3 16.7 4.5 20.0 1.6 29.5

WYSIWYG [17] 80.0 66.9 34.5 27.9 35.8 54.1 28.5 7.5 18.5 0 35.4

Ours 77.6 61.7 43.4 33.4 35.4 50.5 25.6 8.3 25.2 2.5 36.4

Table 2.1: Object detection results (%) on nuScenes validation set

2.4.3 Main Results

First, we compare our framework with the state-of-the-art methods on the

nuScenes validation set, including the vanilla PointPillars [13] as our baseline, and

recently published WYSIWYG [17]. As can be seen from Table. 2.4.3, the baseline

has an mAP of 29.5% with a single stage, while InfoFocus improves it by a massive

6.9%. This demonstrates the effectiveness of InfoFocus. We also visualize the detec-

tion results of our framework on 2D and 3D BEV images in Fig. 2.5. As shown in

Fig. 2.6, compared to the vanilla PointPillars qualitatively, InfoFocus helps remove

the false positives significantly and obtains better results.

In addition, we submit the detection results of test set on the nuScenes test

server. The results show that our method achieves the state-of-the-art performance

with inference speed of 31 FPS, improving the baseline performance by 7% mAP.

Note that all methods listed in Table. 2.2 are LiDAR-based except that MonoDIS

[36] and CenterNet[37] are camera-based methods. Without bells and whilstles, our

approach works better than WYSIWYG [17]. Considering that our model contains

more parameters than the vanilla PointPillars, we empirically increase the number

of the training epoch by 2 times. With all the others settings the same, our method

is improved by 2% mAP on the nuScenes test set as shown in Table. 2.2 (Ours 2×).
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Method car peds. barri. traff. truck bus trail. const. motor. bicyc. mAP

MonoDIS [36] 47.8 37.0 51.1 48.7 22.0 18.8 17.6 7.4 29.0 24.5 30.4

PointPillars [13] 68.4 59.7 38.9 30.8 23.0 28.2 23.4 4.1 27.4 1.1 30.5

SARPNET [16] 59.9 69.4 38.3 44.6 18.7 19.4 18.0 11.6 29.8 14.2 32.4

CenterNet [37] 53.6 37.5 53.3 58.3 27.0 24.8 25.1 8.6 29.1 20.7 33.8

WYSIWYG [17] 79.1 65.0 34.7 28.8 30.4 46.6 40.1 7.1 18.2 0.1 35.0

Ours 77.2 61.5 45.3 40.4 31.5 44.1 35.9 9.8 25.1 4.0 37.5

Ours 2× 77.9 63.4 47.8 46.5 31.4 44.8 37.3 10.7 29.0 6.1 39.5

Table 2.2: Object detection results (%) on nuScenes test set. Note that MonoDIS
and CenterNet are camera based methods, and the rest are LiDAR based. Ours 2×
indicates 2× training time with other settings being the same with Ours

PoIPool Vis. Att. Adp. Att. mAP

29.5

✓ 32.5

✓ ✓ 34.8

✓ ✓ 34.8

✓ ✓ ✓ 36.4

Table 2.3: Ablation studies on nuScenes validation set. ”Vis. Att” and ”Adp. Att.”
refer to Visibility Attention Module and Adaptive Attention Module, respectively

In total, our method outperforms WYSIWYG[17] by 4.5% mAP on the nuScenes

test set. In the rest of chapter, the default setting of training epochs is adopted. To

the best of our knowledge, our framework is superior than all the published real-time

methods with respect to mAP.

2.4.4 Ablation Studies

To understand the contribution of our major component to the success of

InfoFocus, Table. 2.4.4 summarizes the performance of our framework when a certain

module is disabled, including PoI Pooling, Visibility Attention Module and Adaptive

Attention Module.
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PoI Pooling. To investigate the effect of PoI Pooling, we simply add the PoI

Pooling on top of the vanilla PointPillar. This baseline introduces 3.0% mAP

improvement. However, when we vary the number of pooling key-points on each

edge, we see that our framework with four key-points (n = 4) on each edge degrades

slightly by 0.8% mAP than that of two key-points (n = 2). A possible reason is

that the higher number of samples along each edge might bring more noise which

harms the detection performance.

Visibility Attention. We further add the Visibility Attention module to filter out

invisible edges before PoI pooling. Table. 2.4.4 shows that when using the features

from two visible edges, the mAP result is improved by 2.3% mAP compared to base-

line+PoIPool. Generally, the visible parts of objects correspond to their sides closer

to the LiDAR sensor, thus they may capture richer information. By applying visi-

bility attention, our method focuses more on the representative information which

results in better performance.

Adaptive Point-wise Attention. Without the Adaptive Point-wise Attention

module, the framework naturally allows the same weight for each PoI feature. As

we can see in Table. 2.4.4, when adding this module, the result of baseline+PoIPool

improves by 2.3% mAP and that of baseline+PoIPool+Vis.Att. improves by 1.6%.

These results suggest that the Adaptive Point-wise Attention module helps empha-

size on useful points which leads to a better performance.

Rotated RoIAlign Comparison. One widely considered way to extract the

region-wise features in the two-stage architecture is RoIAlign [33]. So, it is intu-

itive to compare with this strategy under the setting of 3D object detection. We
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Method Input Format mAP Inference Time (ms)

Baseline [13] LiDAR 30.5 26.9
MonoDIS [36] RGB 30.4 29.0
SARPNET [16] LiDAR 32.4 70.0
Ours LiDAR 37.5 32.9

Table 2.4: Inference time of 3D object detectors. Note that inference time for the
baseline here is the network reproduced by ourselves

Figure 2.5: We visualize the detection results on nuScenes with 2D and 3D BEV
images. On the top, we demonstrate the 2D images with the 3D bounding box
annotated, while the BEV of LiDAR with ground truth (red) and detection (blue)
box are shown on the bottom. Note that the line in the frame denotes the direction
of the object

implement rotated RoIAlign (RRoI) operation [38] to compensate for the rotated

bounding box, since in our case they are often not axis-aligned. We conduct experi-

ments exploring two different pooling sizes, 4× 4 (pooled length and pooled width),

and 8× 4 with 4 sampled points in each bin. One of the reasons that we use 8× 4 is

that most of the objects like car and bus’s length is larger than their width. With

all other implementations the same as InfoFocus, Table. 2.4.4 presents detection

results utilizing the rotated-RoI with different pooling sizes. Compared with the
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Method car peds. barri. traff. truck bus trail. const. motor. bicyc. mAP

RRoI 4x4 76.9 60.1 37.6 29.5 32.4 50.6 22.4 5.0 20.8 3.8 33.9

RRoI 8x4 77.0 59.5 36.7 29.2 33.2 51.5 25.4 4.5 24.0 1.8 34.3

Ours 77.6 61.7 43.4 33.4 35.4 50.5 25.6 8.3 25.2 2.5 36.4

Table 2.5: Comparison with rotated RoIAlign feature extraction results (%) on the
nuScenes validation set

vanilla PointPillars [13], adding the RoIAlign layer with size of 4 × 4 increases the

mAP performance by 4.4%. However, InfoFocus still outperforms RoIAlign by 2.5%

with the better information modeling scheme.

2.4.5 Real-time Inference Analysis

As indicated in Table. 2.4.4, our framework takes about 32.9 ms to perform

detection on an example of point cloud in the nuScenes, compared with 26.9 ms of

the vanilla PointPillars when both are evaluated on a single NVIDIA 1080Ti GPU.

In details, the pillar feature extraction time is 12.6 ms, the DCNN costs 1.1 ms,

RPN takes 7.3 ms to generate proposals, and the InfoFocus stage takes 11.9 ms.

Specifically, the proposal generation for the InfoFocus stage including NMS is 5.1

ms, the PoI feature extraction time is 3.1 ms, and the second stage including three

branches takes 0.7 ms. We also note that WYSIWYG [17] provides the overhead of

computing visibility over a 32-beam LiDAR point to be 24.4 ± 3.5 ms on average

and InfoFocus is faster than WYSIWYG [17] since we share the similar backbone

network. The framework with RROIAlign has an inference time of 32.2 ms. Further,

compared with other point-based methods [11, 12], InfoFocus is considerably faster

and conceptually simpler.
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PointPillars InfoFocus

Figure 2.6: We visualize the BEV detection results for the same point cloud sample
on nuScenes with the vanillar PointPillars (left) and InfoFocus (right)

2.5 Conclusion

Non-uniform distribution of point cloud causes varying amount of informa-

tion at different locations. Therefore, we argue that this imbalance distribution of

information may result in degradation on previous 3D voxel-based detectors when

modeling 3D objects. To address this issue, we propose a 3D object detection

framework with InfoFocus to dynamically conduct information modeling. Info-

Focus contain three effective modules including PoI Pooling, the Visibility Attentive

Module, and the Adaptive Point-wise Attention. Demonstrated by the comprehen-

sive experiments, our framework achieves the state-of-art performance among all

the real-time detectors on the challenging nuScenes dataset.
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Chapter 3: M3DETR: Multi-representation, Multi-scale, Mutual-

relation 3D Object Detection with Transformers

3.1 Introduction

3D object detection is a fundamental problem in computer vision and many

applications, including autonomous driving [39, 40], augmented reality [41] and

robotics [42]. Moreover, different methods have been proposed for various sensors,

including monocular cameras, depth cameras, LiDAR, and radars [8, 12, 19, 20,

43, 44, 45, 46]. 2D object detection deals with detecting objects from RGB images

and videos, while 3D object detection utilizes point cloud-based representations

obtained from LiDARs or other sensors. Moreover, it is known that point cloud

data obtained from LiDAR sensors tends to be more accurate than RGB images

and videos [47]. Consequently, point clouds are being widely used for scene under-

standing in autonomous driving and AR.

The previous state-of-the-art methods for 3D object detection base on different

networks [45, 46]. However, there are two key limitations:

Ineffective point cloud representations: The three major techniques used to

process point clouds are based on voxels [14, 15], raw point clouds [8, 11, 12, 19, 20,
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Multi-representation
Transformer

Multi-scale
Transformer

Mutual-relation
Transformer

Figure 3.1: M3 Transformers used in our approach: Left: Multi-representation
transformers; Middle Part: Multi-scale transformers; Right: Mutual-relation trans-
formers. We use these characteristics to present a novel 3D object detection archi-
tecture.

30, 48], and bird’s-eye-view [24, 25, 49]. Each representation has a unique advantage

and it has been shown that combining these representations can result in terms of

detection accuracy [8, 29, 45]. However, fusing these representations is non-trivial.

First, the architectures corresponding to the VoxelNets, the PointNets, and the 2D

convolutional neural networks are different. Moreover, raw point clouds need to

be converted to voxels and pixels before techniques based on VoxelNets and 2D

convolutional neural networks can be applied. The differences between the inputs

of these three neural models can result in semantic gaps. Previous works [29, 45]

tend to use feature concatenation and attention modules to fuse multi-representation

features. However, the correlation between features of different representations has

not been addressed.

Insufficient modeling of multi-scale features: Fusing multi-scale feature maps

is a well-known technique used for improving the detection performance of 2D object

detection. In terms of 3D object detection, current approaches tend to use multi-
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Point Clouds

PointNets

VoxelNet

…

2D ConvNets RPN

R-CNN

M3 Transformers

Voxel Set 
Abstraction

BEV
Interpolation

Point Cloud
Sub-sampling

Figure 3.2: An overview of our M3DETR architecture: M3DETR is a transformer
based framework for object detection in a coarse-to-fine manner. It consists of
three parts. PointNets, VoxelNet, and 2D ConvNets modules enable individual
multi-representation feature learning. M3 Transformers enable inter-intra multi-
representation, multi-scale, and multi-location feature attention. With the Region
Proposal Network (RPN), the initial box proposals are generated. R-CNN captures
and refines region-wise feature representations from M3 transformer output to
improve detection performance.

scale feature pyramids [13, 19, 20, 43, 44, 50]. However, fusing these multiple

feature pyramids is non-trivial because the higher resolution and the larger recep-

tive fields are conflicting [20, 51]. Existing methods [20, 43, 45] fuse the multi-scale

features using bi-linear down-sampling/up-sampling and concatenation. Although

these approaches [20, 43, 45] can improve the accuracy by a large margin, there

are many challenges with respect to the underlying fusion method in terms of the

correlation between feature maps of different scales.

A key issue in terms of designing a good approach for object detection is

exploiting the correlation between different representations and the large size of the

receptive fields. Our approach is motivated by use of transformers [52], a form of

neural network based on attention that has been used in natural language processing

[53, 54, 55, 56]. Specifically, transformers use multi-head attention to narrow the

30



…

…

…

…… … … …

Multi-scale and Multi-representation 
Transformers

Mutual-relation Transformers

Concat & Split

Feature Reduction Layer

Figure 3.3: M3 Transformers consist of two parts: a multi-representation and multi-
scale transformer, and a mutual-relation transformer. Multi-representation and
multi-scale transformer takes the different feature embedding and generates enriched
cross-representations and cross-scales embedding. On top of it, the mutual-relation
transformer further models point-wise feature relationship to extract the refined
features.

semantic gap between different representations by adapting to informative features

and eliminating noise.

Another key aspect of 3D object detection is to model the mutual relationships

between different points in the point cloud data [19, 20, 50, 57]. Modeling mutual

relationships can enhance the ability to recognize the fine-grained patterns and can

generalize to complex scenes. Prior works in 3D object detection have modeled these

relationships using multi-layer perceptrons [8, 19, 20, 45], farthest point sampling
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layers [11, 20, 45], max pooling layers [11, 20, 45, 50], and graph convolutional

networks [58]. However, a key challenge is to model these mutual relationships

along with fusing different representations and multi-scale features.

We present M3DETR, a novel two-stage architecture for 3D object detec-

tion task. Given raw 3D point cloud data, our approach can localize static and

dynamic obstacles with state-of-the-art accuracy. As illustrated in Figure 3.1, the

key components of our approach are M3 transformers, which are used to combine

different feature representations. Conceptually, each of the M3 transformers are

used for aggregating point cloud representations, multi-scale representations and

mutual relationships among a subset of points in the point cloud data.

Summary of contributions:

• M3DETR is the first unified architecture for 3D object detection with trans-

formers that accounts for multi-representation, multi-scale, mutual-relation

models of point clouds in an end-to-end manner.

• M3DETR is robust and insensitive with respect to the hyper-parameters of

transformer architectures. We test multiple variants with different transformer

blocks designs. We demonstrate improved performance of M3DETR regard-

less of hyper-parameters.

• Our unified architecture achieves state-of-the-art performance on KITTI 3D

Object Detection Dataset [39] and Waymo Open Dataset [40]. We outperform

the previous state-of-the-art approaches by 2.86% mAP for car class on the
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Waymo validation set and 1.48% mAP for all classes on the Waymo test set.

3.2 Related Work

Multi-representation modeling. Existing techniques for modeling 3D point

cloud data include bird-eye-view (BEV), volumetric, and point-wise representa-

tions. Generally, BEV-based approaches [24, 25, 27, 59] first project 3D point

clouds into 2D BEV space and then adopt the standard 2D object detectors to

generate 3D object proposals from projected 2D feature maps. To deal with the

irregular format of input point clouds, voxel-based architectures [13, 14, 15] use

equally spaced 3D voxels to encode the point clouds such that the volumetric repre-

sentation can be consumed by the region proposal network (RPN) [23]. Inspired

by the PointNet/PointNet++ approach [19, 20], which is invariant under transfor-

mation, [8, 11] extend this method to the task of 3D object detection and directly

process the raw point clouds to infer 3D bounding boxes. However, these methods

are typically limited due to either information loss or high computation cost. Recently,

many approaches [12, 30, 45, 46, 60] have combined the advantages of speed (of

voxel-based representation) and efficiency (of point-based representation) by fusing

point-voxel features for 3D object prediction.

Multi-scale modeling. Modeling multi-scale features is an important proce-

dure in deep learning-based computer vision [4, 20, 51, 61, 62, 63, 64, 65, 66] because

it is able to enlarge the receptive field and increase resolution. In 3D representa-

tion, modeling multi-scale features is also popular and important. PointNet++ [20]
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proposes the set abstraction module to model local features of a cluster of point

clouds. To model multi-scale patterns of point clouds, they use 3 different sampling

ranges and radii with 3 parallel PointNets and thus fuse the multi-scale. In 3D

object detection, [4, 43, 66] adopt different detection heads with multi-scale feature

maps to handle both large and small object classes.

Mutual-relation modeling. 2D Convolutional Neural Networks [67] are

commonly used to process mutual relations in 2D images. As point clouds are scat-

tered and lacking structure, passing information from one point to its neighbors is

not trivial. PointNets [20] proposes the set abstraction module to model the local

context by using the subsampling and grouping layers. After this well-known work,

many convolution-like operators [50, 57, 58] on point clouds have been proposed to

model the local context and the mutual relation between points. Recently, trans-

formers [68, 69, 70, 71] have been introduced in PointNets to model mutual relation.

However, those previous works mainly focus on the local and global contexts of point

clouds by applying mutual-relation transformers on points. Instead, our approach

not only models the mutual relation between points, but it also models multi-scale

and multi-representation features of point clouds.

Transformers in computer vision. Inspired by their success in machine

translation [52], transformer-based architectures have recently become effective and

popular in a variety of computer vision tasks. Particularly, the design of self-

attention and cross-attention mechanisms in transformers has been successful in

modeling dependencies and learning richer information. [72] leverages the direct

application of transformers on the image recognition task without using convolu-
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tion. [73, 74] apply transformers to eliminate the need for many handcrafted compo-

nents in conventional object detection and achieve impressive detection results.

[75, 76] explore transformers on image and video synthesis tasks. [68] investigates

the self-attention networks on 3D point cloud segmentation task.

Recently, there have been several joint representation fusion research attempts.

PointPainting [77] proposes a novel method that accepts both images and point

clouds as inputs to do 3D object detection by appending 2D semantic segmentation

labels to LiDAR points. In the visual question answering task, [53] jointly fuses and

reasons over three different modality representations. [78] combines multimodal

information to solve robust emotion recognition problems. Building on a multi-

representation and multi-scale transformer, our proposed model addresses the voxel-

wise, point-wise, and BEV-wise feature representation gap and enables effective

cross-representation interactions with different levels of semantic features. Coupled

with a point-wise mutual-relation transformer, our framework learns to capture

deeper local-global structures and richer geometric relationships among point clouds.

3.3 Our Approach

M3DETR takes point cloud data as input and generates 3D boxes for different

object categories with state-of-the-art accuracy as shown in Figure 3.2. Our goal is

to perform multi-representation, multi-scale, and mutual-relation fusion with trans-

formers over a joint embedding space. Our method consists of three main steps:

• Generate feature embeddings for different point cloud representations using
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VoxelNet, PointNet, and 2D ConvNet.

• Fuse these embeddings using M3 transformer that leverages multi-representation

and multi-scale feature embedding and models mutual relationships between

points.

• Perform 3D detection using detection heads network, including RPN and R-

CNN stages.

3.3.1 Multi-Representation Feature Embeddings

Our network processes the raw input point clouds P = {p1,p2, ...,pn} and

encodes them into three different embedding spaces, namely, voxel-, point-, and

BEV-based feature representations. We discuss the embedding process for each

representation in detail.

Voxels: Voxel-wise feature extraction is divided into two steps: (1) the voxeliza-

tion layer, which is used by VoxelNet [14], takes the raw input point clouds P and

converts them into equally spaced 3D voxels v ∈ RL×W×H ; (2) voxel-wise features

f voxel at different scales are extracted with 3D sparse convolutions, which is visual-

ized in Figure 3.2. We denote the size of each discretized voxel as L×W ×H ×C,

where L,W,H indicate the length, width, and height of the voxel grid and C repre-

sents the channel of the voxel features. We adopt the average of the point-wise

features from all the points to represent the whole non-empty voxel feature. After

voxelization, the input feature is propagated through a series of 3 × 3 × 3 sparse

cubes, including four consecutive blocks of 3D sparse convolution with downsampled
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sizes of 1×, 2×, 4×, 8×, using convolution operations of stride 2. Specifically, each

sparse convolutional block includes a 3D convolution layer followed by a LayerNorm

layer and a ReLU layer. Unlike [14, 15], all four different scales of obtained 3D

voxel CNN features, f voxel = {f voxel 1×, f voxel 2×, f voxel 4×, f voxel 8×} are passed

to the transformer stage as shown in Figure 3.2.

Bird’s-eye-view: 2D ConvNets takes the 8× downsampled voxel-based feature

map f voxel 8× from the 3D Voxel CNN branch and generates a corresponding BEV-

representation embedding. To directly apply 2D convolution, we start by combining

the z-dimension and the channel dimension of the input voxel features into a single

dimension. The structure of 2D ConvNets includes two encoder-decoder blocks,

where each block consists of 2D down-sampling convolutional layers to produce top-

down features, as well as de-convolutional layers to upsample to the input feature

size. Specifically, both encoder and decoder paths are composed of a number of 2D

convolutional layers with the kernel size of 3 × 3 followed by a BatchNorm layer

and a ReLU layer. The output BEV-based feature from 2D ConvNets, denoted as

f bev ∈ RLbev×Wbev×Cbev , was further converted into keypoint feature F bev ∈ Rn×cbev

through bi-linear interpolation.

Points: Typically, there are more than 10K raw points inside an entire point

cloud scene. In order to cover the entire point set effectively without large memory

consumption, we apply Furthest-Point-Sampling (FPS) algorithm to sample n keypoints,

denoted as P̂ ⊂ P . Adopted from PointNet++ [20] and PV-RCNN [45], Set

Abstraction and Voxel Set Abstraction (VSA) module take raw point coordinates P

and the 3D voxel-based features f voxel, respectively, to generate keypoint features
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for P̂ . In particular, the corresponding keypoint features from raw points P is

F point ∈ Rn×cpoint , and the corresponding keypoint features from voxels f voxel are

{F voxel 1×, F voxel 2×, F voxel4×, F voxel 8×}, where F i ∈ Rn×ci .

3.3.2 Multi-representation, Multi-scale, and Mutual-relation Trans-

former

Once the three feature embedding sequences, F voxel, F point and F bev are gener-

ated, they are able to dynamically and intelligently attend to each other, generating

final cross-representations, cross-scales, and cross-points descriptive feature repre-

sentations as shown in Figure 3.2. In the remainder of this section, we will briefly

review transformers basics followed by discussing the multi-representation, multi-

scale, and mutual-relation transformer layers.

Transformer basics. A transformer is a stacked encoder-decoder architecture

relying on a self-attention mechanism to compute representations of its input and

output [52]. Consider two input matrices Xl ∈ Rl×din and Xs ∈ Rs×din , where l and

s are the lengths of the input sequence of dimension din. The attention layer output

is defined as:

Attention(Q,V ,K) = Softmax(
QKT

√
din

)V ∈ Rl×dout ,

where Q = XlWq, K = XlWk and V = XsWv.

The matrices Q, K and V represent query, key and value respectively, obtained

through projection matrices Wq,Wk ∈ Rdin×dh and Wv ∈ Rdin×dout , where dh is the
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hidden dimension, and dout is the output dimension. When two input matrices Xl

and Xs represent the same feature maps, the attention module is usually referred to

as self-attention. Each transformer layer consists of one Multi-head Self-attention

(MHSA) module and a few linear layers, as well as normalization and activation

layers.

Building on the attention mechanism, Multi-head Self-attention (MHSA) with

N heads and the input matrix X is defined as follows:

MHSA(Q,K,V ) = Concatenate[head1, ..., headN ]WO,

where headi = Attention(QW q
i ,KW k

i ,V W v
i ) and Q,K,V are linear projections

of X. The projection matrices W q
i ∈ Rdh×dq , W k

i ∈ Rdh×dk , W v
i ∈ Rdh×dv , WO ∈

Rdv×dout are learnable parameters in the network that correspond to each of the

attention heads, where dk, dv and dq are the hidden dimensions of each attention

head for K, V , and Q, respectively.

Now, we present the proposed transformers used to capture the inter- and

intra- interactions among input features. Specifically, we propose two stacked trans-

former encoder layers named M3 Transformers, as shown in Figure 3.3: (1) the

multi-representation and multi-scale transformer, and (2) the mutual-relation trans-

former.

Multi-representation and multi-scale transformer layer. First, we focus on

the intra-point representation fusion. For each individual point, the input sequence

to this transformer layer is its several different corresponding point cloud features,
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including various scales and distinctive representations. The input sequence to the

transformer is F = [F voxel 1×, F voxel 2×, F voxel 4×, F voxel 8×, F point, F bev], where

each F i ∈ Rn×ci . After explicitly modeling all element-wise interactions among

those features for each point separately, the output from the block is the updated

feature vectors after aggregating the information from all the input sequence F .

The multi-representation and multi-scale transformer layer takes 6 different

inputs: F point, F voxel1×, F voxel2×, F voxel4×, F voxel8×, F bev. As different inputs

may have different feature dimensions, we use the single-layer perceptron to apply

feature reduction on the input features to align the feature dimensions of each

feature embeddings. The outputs of the feature reduction layer are F̂ = [F̂ voxel 1×,

F̂ voxel 2×, F̂ voxel 4×, F̂ voxel 8×, F̂ point, F̂ bev], where the output dimension of each

feature is equivalent to ĉ.

After the feature reduction layer, the multi-representation and multi-scale

transformer layer takes F̂ as inputs and generates self-attention features T voxel 1×,

T voxel 2×,T voxel 4×,T voxel 8×, T point, T bev, which corresponds to F̂ voxel 1×, F̂ voxel 2×,

F̂ voxel 4×,F̂ voxel 8×, F̂ point, F̂ bev. We visualize the multi-representation and multi-

scale transformer in Figure 3.3.

Mutual-relation transformer layer. Inspired by [19, 20, 71], inter-points feature

fusion within a spatial neighboring space is leveraged in the mutual-relation layer of

the transformer. Our goal is to attend to and aggregate the neighboring information

in an attention manner for each point with an enriched feature.

From the first transformer block output, we obtain aggregated features T of

different scales and representations after the first transformer block. We concatenate

40



channels along the point dimension and rearrange those points into a sequence as

the input of the mutual-relation transformer. Let the learned concatenated feature

T = concat {T voxel 1×, T voxel 2×, F voxel 4×, T voxel 8×, T point, T bev} ∈ Rn×cT , where

cT is the sum of all channel size in T . Note that, the first dimension of T is the

number of keypoints n. To model the mutual-relation between keypoints, we need

to split T into n point-wise feature T = {Ti}, where Ti ∈ RcT . The concatenation

and split module is showed in Figure 3.3.

The mutual-relation transformer takes point-wise features of n keypoints as

inputs and uses the multi-head self-attention head to model the mutual relationship

between keypoints. The outputs of the mutual-relation transformer are T̂ .

Comparison with previous point-based transformers Prior work has explored

the transformer application on the task of point cloud processing. First, [68, 69, 70]

leverage the inherent permutation invariance of transformers to capture local context

within the point cloud on the shape classification and segmentation tasks, while our

M3DETR mainly investigates the strong attention ability of transformers between

input embeddings for the 3D object detection task. Pointformer [71] is the approach

most related to our method because we both address the 3D object detection task by

capturing the dependencies among points’ features. However, Pointformer adopts

a single PointNet branch to extract points feature, while M3DETR considers all

three different representations and also applies the transformer to learn aggregated

representation-based features.
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3.3.3 Detection Heads Network

After we obtain the enriched embedding T̂ from the M3 transformer, the

detection network is composed of two stages that predict 3D bounding box class,

localization, and orientation in a coarse-to-fine manner, including RPN and R-CNN.

Please refer to PV-RCNN [45] for more details.

RPN: Region Proposal Networks take the deep semantic features f bev produced

by the 2D ConvNets as inputs and generate high-quality 3D object proposals B,

as shown in Figure 3.2. A 3D object box Bi is parameterized as (x, y, z, l, h, w, θ),

where (x, y, z) is the center of the box, (l, h, w) is the dimension of the box, and θ

is the orientation in bird’s-eye-view. Similar to the conventional RPN in 2D object

detection [23] each position on the deep feature map is placed by predefined bounding

box anchors denoted as (xa, ya, za, la, ha, wa, θa). Then initial proposals are

generated by predicting the relative offset of an object’s 3D ground truth bounding

box (xgt, ygt, zgt, lgt, hgt, wgt, θgt).

R-CNN: R-CNN serves as the second stage and it takes the initial region proposals

B from RPN as input to conduct further proposal refinement. For each input

proposal box, the RoI-grid pooling module [45] is adopted to extract the corre-

sponding proposal-specific grid points’ features from the transformer-based embed-

dings T̂ . Compared with previous works, M3DETR leverages the richer embedding

information from the learned transformers for the fine-grained proposal refinement.

As the main component to extract refined features, the RoI-grid pooling module

uniformly samples N ×N ×N grid points per 3D proposal. For each grid point, the
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output feature is generated by applying a PointNet-block [19] on a small number

of surrounding keypoints, M , within its spatial surrounding region with a radius of

r. Specifically, keypoints are the subset of input points that are sampled using the

Furthest-point-sampling algorithm to cover the entire point set.

Vehicle Pedestrian Cyclist All

Method L1 mAP L1 mAPH L2 mAP L2 mAPH L1 mAP L1 mAPH L2 mAP L2 mAPH L1 mAP L1 mAPH L2 mAP L2 mAPH L1 mAP L1 mAPH L2 mAP L2 mAPH

PV-RCNN* [45] 76.89 76.30 67.99 67.46 65.43 55.85 59.56 50.74 66.38 64.68 63.42 61.81 69.57 65.61 63.65 60.00

M3DeTR 77.66 77.09 70.54 69.98 68.20 58.50 60.64 52.03 67.28 65.69 65.31 63.75 71.05 67.09 65.50 61.92

Improvement +0.77 +0.79 +2.55 +2.52 +2.77 +2.65 +1.08 +1.29 +0.90 +1.01 +1.89 +1.94 +1.48 +1.48 +1.85 +1.92

Table 3.1: M3DeTR outperforms in the Vehicle, Pedestrian and Cyclist classes
for both LEVEL 1 and LEVEL 2 difficulty levels on Waymo Open Dataset test set.
Note that PV-RCNN* is our reproduced results with single point cloud frame input.

3D mAP LEVEL 1 3D mAPH LEVEL 1 3D mAP LEVEL 2 3D mAPH LEVEL 2

Method Overall 0-30m 30-50m 50m-Inf Overall 0-30m 30-50m 50m-Inf Overall 0-30m 30-50m 50m-Inf Overall 0-30m 30-50m 50m-Inf

RCD [79] 69.59 87.2 67.8 46.1 - - - - - - - - - - - -

StarNet [80] 61.50 82.20 56.60 32.20 61.00 81.70 56.00 31.80 54.9 81.3 49.5 23.0 54.50 80.80 49.00 22.70

PointPillars [13] 68.62 87.20 65.50 40.92 68.08 86.71 64.87 40.19 65.21 87.93 63.80 38.20 64.29 87.30 62.36 36.87

Det3D [81] 73.29 90.31 70.54 49.10 72.27 89.65 68.96 47.45 65.21 87.93 63.80 38.20 64.29 87.30 62.36 36.87

RangeDet [82] 75.83 88.41 73.83 55.31 75.38 87.95 73.38 54.84 67.12 87.53 67.99 44.40 66.73 87.08 67.58 44.01

PV-RCNN* [45] 76.89 92.27 75.51 55.35 76.30 91.82 74.79 54.27 67.99 89.18 69.39 42.80 67.46 88.75 68.70 41.95

M3DeTR 77.66 92.54 76.27 57.12 77.09 92.09 75.61 56.02 70.54 89.43 70.19 45.57 69.98 89.01 69.54 44.62

Improvement +0.77 +0.27 +0.76 +1.77 +0.79 +0.27 +0.82 +1.18 +2.55 +0.25 +0.80 +1.17 +2.52 +0.26 +0.84 +0.61

Table 3.2: M3DeTR outperforms in the Vehicle class with different size range on
Waymo Open Dataset test set. Note that PV-RCNN* is our reproduced results
with single point cloud frame input. We underscore the second best method in each
column for comparison.

Finally, the refined representations of each proposal are first passed to two

fully connected layers and then generate the box 3D Intersection-over-Union (IoU)

guided confidence scoring of class prediction and location refinement of regression

targets, B̂. Compared with the traditional classification-guided box scoring, 3D

IoU guided confidence scoring considers the IoU between the proposal box and its

corresponding ground truth box. Empirically, [45, 83] show that it achieves better

results compared with the traditional classification confidence based techniques.
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3D mAP LEVEL 1 3D mAPH LEVEL 1 3D mAP LEVEL 2 3D mAPH LEVEL 2

Method Overall 0-30m 30-50m 50m-Inf Overall 0-30m 30-50m 50m-Inf Overall 0-30m 30-50m 50m-Inf Overall 0-30m 30-50m 50m-Inf

LaserNet [84] 52.11 70.90 52.90 29.60 50.05 68.70 51.40 28.60 - - - - - - - -

PointPillars [13] 56.62 81.00 51.80 27.90 - - - - - - - - - - - -

RCD [79] 69.59 87.20 67.80 46.10 69.16 86.80 67.40 45.50 - - - - - - - -

RangeDet [82] 72.85 87.96 69.03 48.88 - - - - - - - - - - - -

PV-RCNN [45] 70.30 91.90 69.20 42.20 69.69 91.34 68.53 41.31 65.36 91.58 65.13 36.46 64.79 91.00 64.49 35.70

M3DeTR 75.71 92.69 73.65 52.96 75.08 92.22 72.94 51.80 66.58 91.92 65.73 40.44 66.02 91.45 65.10 39.52

Improvement +2.86 +0.79 +4.45 +3.98 +5.39 +0.88 +4.41 +6.3 +1.22 +0.34 +0.6 +3.94 +1.23 +0.45 +0.61 +3.82

Table 3.3: M3DeTR outperforms in the Vehicle class with IoU threshold of 0.7 on
the full 202 Waymo Validation Set, especially on the far range (50m to Inf). We
underscore the second best method in each column for comparison.

3.3.4 Loss Functions

In this section, we define the loss function. The bounding box regression

target for both RPN and R-CNN stages is calculated as the relative offsets between

the anchors and the ground truth as: △x = xgt−xa

da
,△y = ygt−ya

da
, △z = zgt−za

ha

△h = log(h
gt

ha ), △w = log(w
gt

wa ), △θ = θgt − θa, where da =
√

(wa)2 + (la)2. Similar

to [45, 83], the focal loss is applied [31] for the classification loss, Lcls. Smooth L1

loss [85] is adopted for the box localization regression target’s losses, Lreg and Lref .

In addition, 3D IoU loss [45, 83] is used for Liou.

Similar to PV-RCNN [45], we formally define a multi-task loss for both the

RPN and R-CNN stages,

Lcls = −αa(1 − pa)γ log pa,

Lreg =
∑

b∈(x,y,z,w,l,h,θ)

Ls(△b),

L = Lcls + βregLreg + βiouLiou + βrefLref ,

(3.1)

where pa is the model’s estimated class probability for an anchor box, and

βreg, βiou and βref are chosen to balance the weights between classification loss, IoU
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loss and regression loss for RPN stage and R-CNN stage. We adopt the default

α = 0.25, and γ = 2.0 from the parameters of focal loss [31].

3.4 Experiments

In this section, we evaluate M3DETR both qualitatively and quantitatively on

the Waymo Open Dataset [40] and the KITTI Dataset [39] in the task of LiDAR-

based 3D object detection. Our main results include achieving a state-of-the-art

accuracy on these datasets and robustness to hyper-parameter tuning.

3.4.1 Datasets and Evaluation Metric

Waymo Open Dataset: The Waymo Open Dataset [40] is a large-scale autonomous

driving dataset containing 1000 scenes of 20s duration each, with 798 scenes for

training and 202 scenes for validation. Each scene is sampled at a frequency of

10Hz. Overall, the dataset includes 12M labeled objects and thus we only use one

fifth of the training scenes for the following experiment. We consider LiDAR data as

the input to our approach. The evaluation protocol on the Waymo dataset consists of

the mean average precision (mAP) and mean average precision weighted by heading

(mAPH). For each object category, the detection outcomes are evaluated based on

two difficulty levels: LEVEL 1 denotes the annotated bounding box with more than

5 points and LEVEL 2 represents the annotated bounding box with more than 1

point.

KITTI dataset The KITTI 3D object detection benchmark [39] is another
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Figure 3.4: We highlight the 3D detection results of M3DETR on the Waymo Open
Dataset. The 3D ground truth bounding boxes are in green, while the detection
bounding box are shown in blue.

popular dataset for autonomous driving. It contains 7, 481 training and 7, 518 testing

LiDAR scans. We follow the standard split on the training (3, 712 samples) and

validation sets (3, 769 samples). For each object category, the detection outcomes

are evaluated based on three difficulty levels based on the object size, occlusion

state, and truncation level.

3.4.2 Implementation Details

Closely following the codebase1, we use PyTorch to implement our M3 trans-

former modules and integrate them into the PV-RCNN network [45].

Backbone: The 3D voxel CNN branch consists of 4 blocks of 3D sparse convolutions

with output feature channel dimensions of 16, 32, 64, 64. Those 4 different voxel

representations of different scales, as well as point features from point cloud input,

are used to refine keypoint features by PointNet [20] through set abstraction and

voxel set abstraction [45]. The number of sampled keypoints n is 2,048 for both

Waymo and KITTI. In order to sample the keypoints effectively and accurately, we

uses FPS on points within the range of top 1000 or 1500 initial proposals with a

radius r of 2.4.

1https://github.com/open-mmlab/OpenPCDet.
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For the Waymo Open Dataset, the voxel size is [0.1, 0.1, 0.15], and we focus on

the input LiDAR point cloud range with [-75.2, 75.2], [-75.2, 75.2], and [-2, 4] meters

in x, y, and z axis, respectively. The 2D ConvNets output size is 188 × 188 × 512.

For the KITTI dataset, the voxel size is [0.05, 0.05, 0.1], and we focus on the

input LiDAR point cloud range with [0, 70.4], [-40, 40], and [-3, 1] meters in x, y,

and z axis, respectively. The 2D ConvNets output size is 200 × 176 × 512.

M3 Transformer We project the embeddings obtained from the backbone network

with different scales and representations to 256 channels, as the input of the multi-

representation and multi-scale transformer requires, and project the output features

back to their original dimensions before passing into the mutual-relation transformer.

Due to the GPU memory constraint, we experiment with two types of MHSA module

designs: 2 encoder layers with 4 attention heads and 1 encoder layer with 8 attention

heads.

Detection Heads The RPN anchor size for each object category is set by computing

the average of the corresponding objects from the annotated training set. Uniformly,

the RoI-grid pooling module samples 6 × 6 × 6 grid points within each initial 3D

proposal to form a refined features. Specifically, the number of surrounding points

used to extract the grid point’s feature, M, is 16.

During the training phase, 512 proposals are generated from RPN to R-CNN,

where non-maximum suppression (NMS) with a threshold of 0.8 is applied to remove

the overlapping proposals. In the validation phase, 100 proposals are fed into R-

CNN, where the NMS threshold is 0.7.

Training Parameters Models are trained from scratch on 4 NVIDIA P6000 GPUs.
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Car Cyclist

Method Easy Mod Hard Easy Mod Hard

F-PointNet [8] 72.27 56.12 49.01 82.19 69.79 60.59

VoxelNet [14] 77.47 65.11 57.73 61.22 48.36 44.37

SECOND [15] 83.34 72.55 65.82 75.83 60.82 53.67

PointPillars [13] 82.58 74.31 68.99 77.10 58.65 51.92

PointRCNN [11] 86.96 75.64 70.70 74.96 58.82 52.53

STD [12] 87.95 79.71 75.09 78.69 61.59 55.30

HotSpotNet [86] 87.60 78.31 73.34 82.59 65.95 59.00

PVRCNN [45] 90.25 81.43 76.82 78.60 63.71 57.65

M3DeTR 90.28 81.73 76.96 83.83 66.74 59.03

Improvement +0.03 +0.3 +0.14 +1.24 +0.79 +0.03

Table 3.4: M3DeTR outperforms in both Car and Cyclist classes for 3D detection
benchmark on KITTI Test Set. We underscore the second best method in each
column for comparison.

We use the Adam optimizer with a fixed weight decay of 0.01 and use a one-cycle

scheduler proposed in [35]. For the Waymo Open Dataset, we train our models for

45 epochs with a batch size of 8 scenes and a learning rate 0.01, which takes around

50 hours. For the KITTI dataset, we train our models for 80 epochs with a batch

size of 8 scenes per and a learning rate 0.01, which takes around 15 hours.

3.4.3 Results

Waymo Open Dataset: We first present our object detection results for the

vehicle, pedestrian, and cyclist classes on the test set of Waymo Open Dataset

in Table 3.1 compared with PV-RCNN [45]. We evaluate our method at both

LEVEL 1 and LEVEL 2 difficulty levels. Note that we reproduce the baseline PV-

RCNN with a single frame input since they recently adopt two-frames input on

the test set. As we can see, PV-RCNN achieves 69.57% and 63.65% on average in
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Recall 11 Recall 40
Rel. Trans. Rep. and Scal. Trans. Easy Mod Hard Easy Mod Hard

x x 88.66 79.07 78.49 91.17 82.61 82.06
✓ x 88.82 83.23 78.64 91.37 84.40 82.34
x ✓ 88.93 83.63 78.59 91.72 84.68 82.39
✓ ✓ 89.28 84.16 79.05 92.29 85.41 82.85

Table 3.5: Ablation studies of transformers in Car class with IoU threshold of
0.7 on KITTI Validation dataset. ”Rel. Trans.” and ”Rep. and Scal. Trans.”
refer to mutual-relation trans-former of 2 MHSA layer with 4 heads, and multi-
representation and multi-scale transformer of 1 MHSA layers with 8 heads, respec-
tively.

LEVEL 1 mAP and LEVEL 2 mAP, respectively, while M3DETR improves them

by 1.48% and 1.85%, respectively. Without bells and whistles, our approach works

better than PV-RCNN [45]. Furthermore, we compare our framework on the vehicle

class for different distances with state-of-the-art methods, including StarNet [80],

PointPillars [13], RCD [79], Det3D [81], RangeDet [82] and PV-RCNN [45]. In

Table 3.2, M3DETR outperforms PV-RCNN significantly in both LEVEL 1 and

LEVEL 2 difficulty levels across all distances, demonstrating the effectiveness of

the newly proposed framework. Moreover, we visualize the detection results of

M3DETR in Figure 3.4.

Compared with the PV-RCNN shown in Figure 3.5, M3DETR successfully

captures the inter- and intra- interactions among input features and effectively

helps the model generate high-quality box proposals. To the best of our knowl-

edge, M3DETR achieves the state-of-the-art in the Vehicle class in both LEVEL 1

and LEVEL 2 difficulty levels among all the published papers with a single frame

LiDAR input.

We also evaluate the overall object detection performance with an IoU of 0.7
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PV-RCNN M3DeTR

Figure 3.5: We visualize the 3D detection results for the same input point cloud
between PV-RCNN (left) and M3DETR (right) on Waymo Open Dataset. We
highlight the false negative boxes from PV-RCNN in red.

for the Vehicle class on the full Waymo Open Dataset validation set as in Table 3.3,

further proving that our architecture is more efficient for jointly modeling the input

features.

KITTI dataset: We compare our approach with the state-of-the-art methods on

the KITTI test set [45, 86]. We compute the mAP on three difficult types of both car

and cyclist classes in 3D detection metric. Table 3.4 shows that M3DETR achieves

state-of-the-art performance and outperforms the previous work by a large margin

especially on the cyclist class. In particular, HotSpotNet [86] achieves 82.59% in the

“easy” categories of 3D detection metric, while M3DETR improves these results

by significant 1.24%.

3.4.4 Ablation Studies

To demonstrate the individual benefits of the multi-representation, multi-scale,

and mutual-relation layers of the M3 transformer, we perform ablation experiments

and tabulate the results in Table 3.5. All experiments are conducted on the valida-
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Figure 3.6: Performance comparison of different M3 Transformers variants in Car
class on KITTI validation set. We show the mAP results with IoU threshold of 0.7
for both 11 and 40 recall positions. Note that ”l” and ”h” represent layer number
and head dimension of M3 Transformers, respectively. ”Top” denotes the number
of proposals used for keypoint sampling from RPN stage.

tion set of KITTI dataset.

With the single multi-representation and multi-scale transformer layer, we

can achieve 4.07% and 1.71% on the moderate difficulty in car class with 11 and

40 recall positions, respectively compared with the PV-RCNN baseline. On the

other side, with the single mutual-relation transformer layer, the performance gain

are 4.47% and 1.99% compared with the PV-RCNN baseline. Without hyper-

parameter tuning, M3DETR benefits from unifying multiple point cloud repre-

sentations, feature scales, and model mutual-relations simultaneously which results

in the best performance.

3.4.5 Robustness of M3DETR

To demonstrate the robustness of M3DETR to hyper-parameter tuning, we

perform a series of tests by varying the sampling size, number of detection heads,

and number of transformer encoder layers. We present the results of these tests
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in Figure 3.6, where we observe that M3DETR performs consistently well for the

“car” category with IoU threshold of 0.7 for both 11 and 40 recall positions on the

KITTI validation set.

3.5 Conclusion

In this chapter, we present M3DETR, a novel transformer-based framework

for object detection with LiDAR point clouds. M3DETR is designed to simulta-

neously model multi-representation, multi-scale, mutual-relation features through

the proposed M3 Transformers. Overall, the first transformer integrates features

with different scales and representations, and the second transformer aggregates

information from all keypoints. Experimental results show that M3DETR outper-

forms previous work by a large margin on the Waymo Open Dataset and the KITTI

dataset. Without bells and whistles, M3DETR is demonstrated to be invariant to

the hyper-parameters of transformer.

52



Chapter 4: PointMotionNet: Point-Wise Motion Learning for Large-

Scale LiDAR Point Clouds Sequences

4.1 Introduction

Capturing and interpreting motion information from the environment is crit-

ical for autonomous systems that must interact with the three-dimensional (3D)

world. Although many researchers have emphasized visual sensing for this purpose

(e.g., optical flow for 2D images [87]), the growing popularity of 3D sensing tech-

niques has led to a need for improved motion analysis of 3D point clouds.

It is nontrivial to achieve effective motion learning on a sequence of 3D point

clouds. A particular issue is that fine-grained point correspondences are often not

available between consecutive sweeps due to the spatial and temporal resolution

of the sensors. Recent systems, such as FlowNet3D [88], HPLFlowNet ,[89] and

PointPWC-Net[90], have addressed this problem by generalizing optical flow to the

3D domain. However, these techniques rely on learning point-to-point correspon-

dences between consecutive 3D point clouds, and this assumption often does not

extend to multiple sweeps. An alternative is MotionNet [91], which handles multiple

sweeps by representing 3D point clouds in bird’s-eye-view (BEV) maps. However,
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Figure 4.1: PointMotionNet is a point-based spatiotemporal pyramid network to
achieve motion learning from a sequence of 3D point clouds. It can handle multiple
frames, large-scale open scenes, explicitly model the temporal ordering, and does
not suffer from discretization error.

this approach results in inevitable discretization errors. MeteorNet [92] is a recent

method that performs motion learning based on PointNet, which utilizes raw points

and does not require voxelization. To handle temporal information, it gathers 3D

points from multiple sweeps and encodes the time stamp in an additional feature

channel. However, MeteorNet does not design specific operations to explicitly handle

temporal information. Occupancy Flow [93] and CaSPR [94] explicitly consider the

temporal ordering by leveraging tools like continuous normalizing flows and neural

ordinary differential equations. However, these methods work well for 3D point sets

that are densely sampled, which is often not the case for sparse, outdoor scenes.

To address these issues, we propose a novel method to achieve motion learning

that can handle multiple frames, does not suffer from discretization (voxelization)

error, explicitly models temporal ordering, and handles large-scale open scenes.

Because this method is based on raw points and focuses explicitly on motion learning,

we call it PointMotionNet ; see Figure 4.1. It has a pyramid structure that enables
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spatiotemporal feature learning at multiple spatial scales. A core operation in

PointMotionNet is a novel point spatiotemporal convolution (Point-STC ) operation.

Instead of looking for point-to-point correspondences, the proposed Point-STC finds

the correspondences across time by leveraging the time-invariant neighboring space.

It handles 4D points (3D coordinates + time index) in two steps. Step 1 considers

spatial information: at each timestamp, the system finds the spatial neighbors for

each 4D point and designs trainable multi-kernel functions to aggregate neighboring

information to extract spatial features. Step 2 considers temporal information: It

concatenates the spatial features sequentially based on their time stamps and then

uses a multilayer perceptron to aggregate spatiotemporal features and output final

motion features. Overall, PointMotionNet is a point-based architecture that avoids

the voxelization issue, explicitly models the temporal ordering, and accommodates

multiple sweeps and large-scale scenes.

To validate PointMotionNet, we apply it as a core module to handle two

motion-related tasks: point-based motion prediction and multisweep semantic segmen-

tation. For the task of point-based motion prediction, we aim to predict the 3D

motion vector for each point in the current frame, which is the displacement from

the current 3D position to a future 3D position. We validate the system’s perfor-

mance empirically on the Argoverse [95], and find that PointMotionNet significantly

outperforms others. For the task of multisweep semantic segmentation, the system

aims to estimate the semantic and motion labels for each point in the current frame,

extending semantic segmentation from a single sweep to multiple sweeps. We vali-

date the system’s performance on the SemanticKITTI [96], and find that PointMo-
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tionNet achieves top performance on the leaderboard.

In summary, the main contributions include:

• we design a novel point-based spatiotemporal convolution operation (Point-STC)

that extracts spatiotemporal features from raw points;

• we implement two systems based on PointMotionNet to handle two motion-related

tasks, point-based motion prediction, and multisweep semantic segmentation; and

• we have conducted extensive experiments on point-based motion prediction and

multisweep semantic segmentation. Experimental results show that the proposed

approach consistently outperforms previous state-of-the-art methods.

4.2 Related Works

Deep learning on 3D point clouds.. Current approaches can be divided

into three categories, based on the input representations: projection-based, voxel-

based, and point-based. The projection-based methods, including [97, 98, 99, 100,

101, 102], leverage well-established 2D convolutional networks by projecting 3D

point clouds into 2D images. SqueezeSeg [100, 101] projects a 3D LiDAR point cloud

onto a spherical surface. RangeNet++ [102] further proposes a nearest-neighbor

search for point labels. However, projection-based approaches might suffer from

discretization errors that result from the projections. The voxel-based methods, such

as [4, 60, 103, 104, 105, 106, 107, 108, 109], focus on mapping points into regular

3D voxels and then applying 2D/3D convolution operations to extract features.

PolarNet [108] and Cylinder3D [110] discretize the points based on a polar coor-
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dinate system, which makes input points more evenly distributed compared with

Cartesian coordinates. However, those methods are characterized by large memory

and computational demands.

To directly process raw points, [20, 111] introduce PointNet/PointNet++ for

point-cloud classification and segmentation. Many researchers [112, 113, 114] have

extended those techniques to 3D object detection. Instead of using the multi-layer

perceptron (MLP) from PointNet/PointNet++, KPConv [57] implements an explicit

spatial kernel point convolution to directly operate on the input points without any

intermediate representation. RandLA-Net [115] demonstrates a new random point

sampling method to encode spatial information. In this work, instead of working

with a single point cloud, we aim to learn motion information from a temporal

sequence of 3D point clouds based on a novel point-based method. Although concur-

rent work [116, 117, 118] deal with point cloud sequences, [116, 117, 119] is generic

for recognition and segmentation, and [118] aims at panoptic segmentation.

Motion learning on 3D point cloud sequences. Modeling and learning motion infor-

mation for a temporal sequence of 3D point clouds is crucial to scene understanding

for dynamic environments. Recently, FlowNet3D [88], MeteorNet [92] and HPLFlowNet

[120], and PointPWC-Net [90] leveraged various strategies to generate 3D scene flow

between two consecutive frames to represent previous motion displacements. Recent

works like [121] can do motion estimation for multiple frames, however, it still follows

a sequential scene flow learning strategy between adjacent frames. Besides scene

flow estimation, there are several studies of motion prediction jointly trained with
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proxy point

Figure 4.2: 4D point spatiotemporal convolution operation (Point-STC).
To extract spatiotemporal features, we gather all points across time to the same
spatial coordinate system. For each query point (with red circle), we find its neigh-
bors (in the orange ball) in each frame. With the set of proxy points (in red triangle)
of the query point, we extract spatial features in each individual frame, which follows
from (4.1a). We next concatenate the spatial features across all timestamps and use
a MLP to obtain the final spatiotemporal features, which follows from (4.1b).

object detection using deep neural networks [122, 123, 124], which typically require

bounding-box annotations. MotionNet [91] predicts future motion behaviors from a

sequence of point clouds without bounding box annotations. However, MotionNet

works with bird’s-eye-view representations, with limited precision by the voxeliza-

tion. In this work, we aim to capture motion information for each point without

any discretization.
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4.3 PointMotionNet

Our goal is to propose a generic neural network module to extract motion

information from a temporal sequence of 3D point clouds. The motion information

could include the motion state (static/moving), the motion displacement and many

others. Let P = {S(t)}−T
t=0 be a temporal sequence of 3D point clouds, where the

set S(t) = {p(t)i }Nt
i=1 is the point cloud collected at the tth frame with p

(t)
i the ith

point in the tth frame. Here t = 0 denotes the current frame and t < 0 denotes

previous frames. Let p
(t)
i ∈ R3 be the 3D coordinate of the point p

(t)
i . Since p

(t)
i is

also indexed by time, together with 3D coordinates, we consider it a 4D point and

P a 4D point cloud. We aim to design a neural network f(·) to produce motion

information for each point in the current frame; that is, m
(0)
i = f(p

(0)
i ,P), where

m
(0)
i could be a scalar to indicate the moving probability, or a 3D vector to indicate

the motion displacement.

4.3.1 4D Point Spatiotemporal Convolution

To extract motion features for 4D points, we consider a spatiotemporal convo-

lution operation. Let x
(t)
i be the input features of the point p

(t)
i . For p

(t)
i , the 4D
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point spatiotemporal convolution (Point-STC) operates as,

y
(t+τ)
i =

∑
p
(t+τ)
j ∈S(t+τ)

⋃
N (p

(t)
i )

Ψ
p
(t)
i ,p

(t+τ)
j

(
x
(t+τ)
j

)
,

(4.1a)

z
(t)
i = MLP

(
concat

(
{y(t+τ)

i }
)−T

τ=0

)
, (4.1b)

where MLP(·) denotes the multilayer perceptron network shared by all the points

and concat(·) denotes the concatenation operation that combines several short vectors

to output a long vector, a kernel function Ψ
p
(t)
i ,p

(t+τ)
j

(
x
(t+τ)
j

)
that evaluates the

effect from point p
(t+τ)
j to point p

(t)
i with τ being time difference and N (p) = {q ∈

R3|∥q − p∥2 ≤ r} defines a neighboring set of points for point p with r ∈ R a

pre-defined radius, reflecting a fixed 3D-ball space. Step (4.1a) is a spatial convo-

lution that aggregates the neighboring information at each single frame and y
(t+τ)
i

denotes the intermediate feature extracted at frame t+τ ; and step (4.1b) aggregates

temporal features sequentially based on time stamps and z
(t)
i denotes the output

feature for p
(t)
i . Since the sequence length T is usually small in practice, MLP works

effectively. Combining (4.1a) and (4.1b), we achieve information aggregation over

both the spatial and temporal dimensions; see in Figure 4.2. Note that instead of

looking for point-to-point correspondences, Point-STC finds correspondences across

time by leveraging the time-invariant neighboring space. Because for each point,

the neighboring space is fixed given a radius, we can evaluate the spatial features

within this space across time to extract motion features.
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To define the kernel function Ψ
p
(t)
i ,p

(t+τ)
j

(
x
(t+τ)
j

)
, instead of directly consid-

ering the pairwise effect from p
(t+τ)
j to p

(t)
i , inspired by [57], we first introduce a few

proxy points to represent each 4D point and then consider the effect from p
(t+τ)
j to

each of the proxy points. The benefit is to leverage multiple kernels to make the

training more stable and effective. The set of proxy points for a 4D point p
(t)
i is

K(p
(t)
i ) = {p(t)

i − bk ∈ R3}Kk=1, where the offsets bk ∈ R3 are pre-defined so that

each proxy point belongs to the vertices or center of a regular polyhedron in 3D

space. With this, we consider a multi-kernel function as

Ψ
p
(t)
i ,p

(t+τ)
j

(
x
(t+τ)
j

)
=

∑
δk∈K(p

(t)
i )

wkh(δk,p
(t+τ)
j )x

(t+τ)
j , (4.2)

where wk are trainable parameters shared by all the points and the kernel associated

with each proxy point is

h(δk,p
(t+τ)
j ) = max

0, 1 −

∥∥∥δk − p
(t+τ)
j

∥∥∥
2

σ

 ∈ R,

where σ = r/2 is a hyperparameter related to the neighboring radius. In (4.2),

h(δk,p
(t+τ)
j ) reflects the spatial proximity prior between p

(t+τ)
j and the kth proxy

point of p
(t)
i and wk can further adaptively change the kernel weight. Note that the

set of proxy points is similar to rigid kernel points in [57]. The difference is that

KP-Conv considers a pair of points at the same timestamp, while (4.2) evaluates a

pair of points across time. This is also related to grid points in [125], where they use

a fixed global grid; while we recenter the proxy points to each query point, where
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the relative displacements are shift-invariant.

The proposed Point-STC (4.1) directly handles raw 4D points without any

discretization. Since the operation only takes the neighboring points, we do not

need to handle the entire point cloud at the same time; instead, we can split a

large-scale point cloud into multiple patches, which are small-scale point clouds,

and handle each patch locally. This can significantly ease the computation and

make it easier to handle large-scale 3D point clouds.

Compared to recent point-based methods, the proposed Point-STC can effec-

tively operate on a sequence of large-scale 3D point clouds. Specifically, FlowNet3D [88]

and HPLFlowNet [120] generate scene flow by learning the point-to-point correspon-

dence between two frames. However, they could only operate on two frames; while

the proposed Point-STC can operate on multiple frames by concatenating spatial

features from all frames. Although MeteorNet [92] can take multiple frames, it

gathers the 3D points from all frames together and encodes the time stamp as a

separate feature channel, which is not dedicated to extracting the temporal infor-

mation; while the proposed Point-STC preserves the temporal ordering by sequen-

tially concatenating spatial features from each frame and uses MLP to fully extract

temporal information.

4.3.2 4D Point Pyramid Network Architecture

Here we propose a network architecture to systematically handle a sequence of

3D point clouds. This architecture has a pyramid structure; see Figure 4.3. The left
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Point-STC

downsampling

upsampling

MLP

concatenation

Figure 4.3: PointMotionNet is a point-based spatiotemporal pyramid
network. Point-STC layers enable spatiotemporal feature learning. Downsampling
and upsampling layers enable multiscale feature learning. With the skip connec-
tions, the aggregation layers fuse features from both encoder and decoder.

part acts like an encoder that extracts spatiotemporal features at multiple scales;

and the right part acts like a decoder that only focuses on aggregating features at

the current frame from both the previous layer and the encoder.

Point-STC layer As the main component to extract spatiotemporal features from

points, a Point-STC layer implements the 4D point spatiotemporal convolution (4.1).

The first layer takes raw points from multiple frames as the input, where the point

features are their 3D coordinates. For the deeper layers, the point features are hidden

features from the previous layer. For each point, the spatiotemporal neighborhood

is implemented by collecting a certain number of the 3D points within a pre-defined

spatial distance to this query point at each timestamp. The neighborhood radius is
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Figure 4.4: Point-based motion prediction system. With PointMotionNet as a
backbone, the system takes a sequence of 3D point clouds as the input and generates
the predicted motion vector and the estimated motion state for each single 3D point
in the current frame through the motion vector head and the motion state head.
For visualization, we sample the moving points for the motion vector output.

Background

Moving Object
Static Object

4D point
decoder

●
●
●

PointMotionNet

4D point 
encoder

!(")

!($%)

●
●
●

Time
Segmentation 

head

Motion state 
head

Segmentation 
backbone

Segmentation 
backbone

Segmentation 
backbone

!($&)

share

Car
Road
Building
Sidewalk
Vegetation
Other Building

Figure 4.5: Multisweep semantic segmentation system. It consists of four
parts: the segmentation backbone, extracting semantic features from each individual
3D point cloud, the segmentation head, producing the estimated semantic labels,
PointMotionNet, extracting motion features based on semantic features across time
stamps, and the motion state head, producing the estimated motion states.

defined as rℓ+1 = 2rℓ, where ℓ is the network layer index. In a deeper layer, we need

a larger reception field for a Point-STC to extract more global features.

Downsampling layer. Since we increase the reception field in a deep layer,

the corresponding Point-STC needs to handle many more points. In a large-scale

scene, a point cloud is usually irregularly sampled, where nearby points are relatively

denser and far-away points are relatively sparser. Uniformly downsampling would

make far-away points too sparse. To resolve this issue, we adopt downsampling
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based on grids following [57]. We first partition a 3D scene into a series of non-

overlapping 3D grids. For a non-empty grid cell with multiple 3D points, we only

take their barycenter as their proxy. At each timestamp, we collect the sampled

points from all the grids to be a downsampled 3D point cloud. In this manner, we

would downsample more points nearby and fewer points far away, balancing the

spatial distribution of point density. The grid size is defined as dℓ+1 = 2dℓ, where ℓ

is the network layer index. Note that the downsampled 3D points are still irregularly

scattered in the 3D space, which is clearly different from the regular voxelization.

Upsampling layer. Each upsampling layer aims to populate point features

from a downsampled point cloud to an original point cloud (the previous layer before

the downsampling layer). For each 3D point in the original point cloud, we find its

closest point in the downsampled point cloud and take its associated point features.

Aggregation layer. Each aggregation layer aims to aggregate point features

from both the encoder and the decoder at the same scale. In our pyramid architec-

ture, we use a skip connection to introduce the point features at the current times-

tamp from the encoder side and concatenate them with the corresponding point

features from the upsampled point cloud. We then use a multilayer perceptron to

aggregate the concatenated features.

Compared with previous works, the proposed pyramid architecture explicitly

preserves the temporal ordering. MeteorNet [92] merges the entire input sequence of

3D point clouds directly to a denser 3D point cloud without ordering them among

the temporal axis; while the proposed architecture preserves the complete temporal

information and our design decouples the spatio-temporal convolution along spatial
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and temporal dimensions. In addition, MeteorNet [92] uses FPS sampling as in

PointNet++ [20], while we adopt grid-based sampling, which balances the spatial

distribution of point density. [105] relies on high-dimensional sparse convolutions to

extract spatiotemporal information from discretized 4D data; while PointMotionNet

directly operates on raw points instead of voxels. The proposed Point-STC leverages

a fixed set of proxy points, and it covers a general polyhedron compared to regular

voxels.

4.4 Motion-Related Systems

In this section, we apply PointMotionNet as a core module to two motion-

related systems.

4.4.1 Point-based Motion Prediction

Our aim is to predict a motion vector for each point in the current frame given

a sequence of 3D point clouds. Each motion vector of a point is the displacement

from the 3D coordinate at the current timestamp to the 3D coordinate at some

future timestamp. Here we consider point-level motion, instead of an instance level

or a cell level.

Architecture. Figure 4.4 illustrates a point-based motion prediction system.

The proposed PointMotionNet takes a sequence of 3D point clouds as the input

and produces the intermediate motion features to two output heads: the motion

vector head, which predicts the motion vector for each 3D point in the current

frame, and the motion state head, which estimates the binary motion state for
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Method View mIoUtotal ↑ (%) mIoUstatic ↑ (%) mIoUmoving ↑ (%) Static ↓ Speed ≤ 5m/s ↓ Speed > 5m/s ↓
MotionNet [91] BEV 94.8 97.8 91.7 0.007 0.755 0.503

FlowNet3D [88] Point 75.2 90.5 59.9 0.003 1.535 1.834

MeteorNet [92] Point 93.8 97.4 90.2 0.005 1.014 0.749

PointMotionNet Point 98.5 99.4 97.6 0.001 0.416 0.445

Table 4.1: PointMotionNet outperforms in the motion prediction task on
Argoverse Validation Set.

each 3D point in the current frame. As the backbone network, the PointMotionNet

has 4 downsampling layers in total. We also set the neighborhood radius in the

first Point-STC layer to be rℓ = 0.15m, the grid size in the first downsampling

layer be dℓ = 0.06m, the number of the proxy points be 15. The motion vector

head is implemented by three fully-connected layers and the motion state head is

implemented by one fully-connected layer followed by a softmax layer.

Loss function. We apply the smooth L1 loss Lvector to supervise motion

vector prediction and use the cross-entropy loss Lstate for the motion state estima-

tion. We jointly train motion state estimation and motion vector prediction with

the overall loss L = Lvector + 0.1Lstate. In the testing phase, the estimated binary

motion states are used to refine the predicted motion vectors: when the estimated

motion state is static, the corresponding motion vector is set to zero.

Models mIoUtotal ↑ (%) mIoUstatic ↑ (%) mIoUmoving ↑ (%)

RangeNet++ [102] 72.0 97.6 46.5
MotionNet [91] 81.4 98.6 64.2
FlowNet3D [88] 59.0 97.1 20.8
MeteorNet [92] 72.0 97.9 46.1

4D-PointNet2 [20] 68.3 97.1 39.5

PointMotionNet 81.8 98.7 64.9

Table 4.2: PointMotionNet outperforms in motion state estimation on
SemanticKITTI. RangeNet++ and MotionNet are in the range view and BEV,
respectively, while the rest are point-based.

67



Ground Truth PointMotionNetFlowNet3D

Figure 4.6: PointMotionNet (right) qualitatively outperforms FlowNet3D
(middle) in point-based motion prediction on Argoverse. Moving points are
associated with green motion vectors and the static points are in red; the remaining
points are background, marked in grey.

4.4.2 Multisweep Semantic Segmentation

The task of multisweep semantic segmentation aims to estimate the semantic

label and motion state for each 3D point in the current sweep given a sequence of

point clouds.

Architecture. A straightforward design for multisweep semantic segmenta-

tion is to take multiple sweeps as the input and directly estimate all the semantic

and motion labels. However, we observe that for foreground categories, such as car,

person, and bicyclist, semantic information and motion information are mostly inde-

pendent. Jointly training the semantic and motion information would potentially
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TangentConv [98] 34.1 20.7 84.9 40.3 0.0 30.1 1.6 1.9 0.0 42.2 18.5 6.4 21.1 1.1

DarkNet53 [96] 41.6 24.2 84.1 61.5 0.0 28.9 7.5 0.2 0.0 37.8 20.7 15.2 20.0 14.1

SpSeqnet [107] 43.1 25.5 88.5 53.2 0.0 2.3 6.3 36.2 0.0 0.1 22.7 26.2 29.2 41.2

LatticeNet [99] 45.2 33.7 91.1 54.8 0.0 44.6 6.8 49.9 0.0 64.3 23.1 0.6 65.4 3.5

KP-Conv [57] 51.2 40.5 93.7 69.4 0.0 67.4 21.6 67.5 0.0 47.2 38.6 0.5 42.5 0.5

Cylinder3D [110] 51.5 31.4 93.8 68.1 0.0 60.0 12.9 63.1 0.1 0.4 37.6 0.1 41.2 0.0

PointMotionNet 54.8 39.2 93.8 71.4 6.2 62.2 13.7 61.8 23.4 15.1 38.1 29.9 44.2 10.5

Table 4.3: PointMotionNet outperforms in multisweep semantic segmentation on
SemanticKITTI test set. Note that S represents the static foreground category, and
M denotes the moving foreground category.

harm the performances on both tasks. Moreover, previous sweeps might not signif-

icantly benefit the point-wise semantic labeling of the current sweep because the

points across sweeps do not have a clear point-to-point correspondence. Therefore,

our design rationale is to split multisweep semantic segmentation into two separated

tasks: semantic segmentation based on a single sweep and motion state estimation

based on multiple sweeps.

Figure 4.5 illustrates a multisweep semantic segmentation system. The overall

architecture consists of four parts: the segmentation backbone, the segmentation

head, PointMotionNet and the motion state head. The segmentation backbone

consumes each individual sweep and learns per-point semantic features. All sweeps

share the same backbone network. The segmentation head takes semantic features

of all the points in the current sweep to generate the per-point semantic labels. It

is implemented by a fully-connected layer followed by a softmax layer. The third

component, PointMotionNet, learns motion features based on semantic features from
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Ground Truth PointMotionNetMeteorNet

Figure 4.7: PointMotionNet (right) visually outperforms MeteorNet (middle) in
motion state estimation on SemanticKITTI. For six foreground classes, moving
points are in green and static ones are in red; for the remaining background classes,
points are in grey.

the segmentation backbones across all sweeps. The motion state head takes the

motion features to estimate the motion state for each point in the current sweep. It

is implemented by a fully-connected layer followed by a softmax layer.

proxy points(k) d1 temporal op. # frames (n) mIoUtotal mIoUstatic mIoUmoving Static Speed ≤ 5m/s Speed > 5m/s

15 0.06 MLP 3 0.985 0.994 0.976 0.001 0.416 0.445

6 0.06 MLP 3 0.981 0.992 0.970 0.002 0.461 0.543

15 0.24 MLP 3 0.983 0.993 0.974 0.002 0.398 0.461

15 0.06 Conv. 3 0.976 0.990 0.962 0.002 0.558 0.782

15 0.06 MLP 4 0.982 0.996 0.969 0.001 0.341 0.422

Table 4.4: Ablation Study of PointMotionNet on Argoverse Validation Set. We vary
several hyper-parameters: number of proxy points k, initial sampling resolution d1,
temporal operation, and input frames number n.

Loss function. We adopt the cross-entropy losses for both multi-category

semantic segmentation and the binary motion state estimation. Based on the

groundtruth of the semantic category, we apply a foreground mask to the motion

state estimation, so that only the losses of foreground points are counted. The
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overall loss function combines the semantic segmentation loss and the motion state

loss. In the training phase, we could also use a pre-trained segmentation backbone to

focus on motion training and accelerate the training time. In the inference phase, for

estimated background categories, the system would set the corresponding estimated

motion states to be static.

4.5 Experiments Results

In this section, we validate PointMotionNet both quantitatively and qualita-

tively on Argoverse and SemantiKITTI.

4.5.1 Point-based Motion Prediction

Dataset. Argoverse [95] is an autonomous driving dataset for 3D tracking

and forecasting. We follow the official split to generate 65 logs for training and

24 logs for validation. Since there is no direct labeling for motion information, we

generate the ground truth based on 3D bounding boxes.

Baselines. We compare PointMotionNet with several state-of-the-art methods,

including MotionNet [91], which is a BEV-based method, and MeteorNet [92], which

is a point-based method. We adjust the output head of MeteorNet for future motion

vector prediction and motion state estimation. We also consider a 3D scene flow

method, FlowNet3D [88], which only takes 2 frames. We train it to estimate the

3D scene flow between one past frame and the current frame, and then lift the

predictions to motion displacements in future frames using a linear motion model.
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Experimental setup. The inputs are 3 sequential frames of point clouds

S(t−0.2s),S(t−0.1s),S(t), which are synchronized to the same coordinate system. The

final motion prediction contains a binary motion state, i.e. static or moving, together

with the displacements from current time stamp to the next 5 future time stamps

{t + τ}0.5sτ=0.1s.

Since Argoverse dataset [95] doesn’t provide motion vectors information, we

generate motion vectors annotations by leveraging the labels from Argoverse 3D

Tracking v1.1. We end with 6561 samples for training, and 2507 samples for valida-

tion. The preprocessing could be divided into two steps:

For the Ego-motion compensation, each original frame is taken from its own

local coordinate while the vehicle is moving forward. After selecting a short video

clip containing several sequential scans, we set a frame as current frame, and synchro-

nize all other frames to current frame, together with the original 3D bounding boxes.

More specifically, given the vehicle poses registered in global map, Mt of current

frame St
local, Mt+τ of another frame St+τ

local, we could compute the synchronized point

cloud coordinates St+τ
synced = M−1

t+τMtS
t+τ
local, here M is 4 × 4 homogeneous transfor-

mation matrix, while S is padded with 1 to create homogeneous coordinates. The

same operation is applied to the center and 6 corners of each 3D bounding box in

frame t + τ to get synchronized pose in current frame;

On the other hand, for the motion vector assignment, Using the unique tracker

ids, we could associate poses between current frame and synchronized future frames

for each instance belonging to current frame, and compute the relative 6D pose
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transformation between them. Then for each bounding box in current frame, we

will first rotate it to align with xyz axis, and the same transformation is applied to

the whole point cloud. So we could check the membership with the aid of aligned

axis to find all points that are inside the 3D bounding box. Finally we apply

the relative transformation to all points belonging to current bounding box, the

substraction between transformed coordinates and original coordinates will result

in the 3D motion vector annotations. We apply the same process to all 5 future

frames.

Results. We adopt the mean intersection-of-union (mIoU) [96] to evaluate

motion state estimation for static and moving points. For the motion vector predic-

tion, we evaluate on two speed intervals, which shows performances on both slow

and fast motions. Since MotionNet will only predict 2D motion vector at each

cell, we reproject its predictions back to each point, and quantitatively evaluate all

methods on xy plane only. Table 4.1 shows that as a point-based method, Point-

MotionNet outperforms its competitors. Figure 4.6 shows that PointMotionNet

visually outperforms FlowNet3D. Due to the limitation of fusing only two consec-

utive frames, FlowNet3D tends to easily fail to predict the motion state of objects

either too closer or the too far away from the LiDAR sensor.

Ablation Studies. Table 4.4 considers several variants of PointMotionNet.

We see that i) Less proxy points results in slightly worse results; ii) increasing the

grid resolution up to 0.24m in downsampling makes minor effects; iii) MLP works

significantly better than convolution in the temporal aggregation (4.1b); and iv)

increasing the number of sweeps improves the performance.
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proxy points(k) # frames mIoUtotal ↑ mIoUstatic ↑ mIoUmoving ↑ Static ↓ Speed ≤ 5m/s ↓ Speed > 5m/s ↓
15 3 0.985 0.994 0.976 0.001 0.416 0.445

15 2 0.980 0.992 0.969 0.001 0.453 0.568

15 4 0.982 0.996 0.969 0.001 0.341 0.422

12 3 0.984 0.994 0.975 0.002 0.395 0.489

9 3 0.982 0.992 0.971 0.002 0.406 0.559

6 3 0.981 0.992 0.970 0.002 0.461 0.543

3 3 0.964 0.985 0.942 0.003 0.588 0.847

Table 4.5: Additional Ablation Study of PointMotionNet on Argoverse Validation
Set. We further test different number of proxy points k.

To better explore the performance bound of our method, and understand how

different parameters would affect the model performance, we designed several more

experiments over the choice of input frame number, number of proxy points. The

results are shown in Table 4.5.

Number of frames. Using more frames as input would bring in richer information

of the 3D scene regarding both geometric features and motion dynamics, but also

more complexity to the learning process. We tested our model’s performance on

motion estimation by inputting 2-4 sequential frames, while other parameters are

fixed. As demonstrated by Table 4.5, our model could still work well when taking 4

frames as input, and it actually achieves the best performance under the fact that

more computation is involved. To achieve a better balance between efficiency and

accuracy, we consider 3 frames as our final setting for our motion estimation task.

Number of proxy points. Proxy points interact with all spatiotemporal neighbors

at multiple scales in our pyramid network, and their number will affect the model

performance. By decreasing the proxy points number from 15 to 3, we found that

the accuracy drops consistently on future motion vector regression, but we don’t

necessarily always need that much proxy points. Using 9 or 12 proxy points could
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still work very well for those slow-moving points.

4.5.2 Multisweep 3D Semantic Segmentation

Dataset. SemanticKITTI [96] is another one of the largest datasets for

LiDAR-based semantic segmentation. There are 22 labeled sequences consisting

of over 43, 000 input laser scans. The experiments follow the standard protocol on

the training, validation, and test sequences. Note that we manually remove the

first 130 corrupted validation scans with inconsistent annotation when we evaluate

PointMotionNet and previous architectures. The multiple-scan benchmark evaluates

mIoUs on the 25 classes, including six moving and non-moving foreground classes,

car, bicyclist, person, motorcyclist, other-vehicle and truck.

Baselines. We compare PointMotionNet with several state-of-the-art methods,

including KP-Conv [57], and recent cylinder coordinates-based Cylider3D [110].

Experimental setup. We use the SGD optimizer with momentum 0.98 and

weight decay of 10−3 and an initial learning rate of 0.01. We train the PointMo-

tionNet and the heads for 500 epochs. Following MotionNet [91], we use a consis-

tency loss to enforce that the points belonging to the same object have the same

motion state.

Results. First, we validate PointMotionNet in the point motion state esti-

mation task on SemanticKITTI validation set. We compute the overall mIoUtotal,

mIoUstatic for static points and mIoUmoving for moving points. Table. 4.2 shows

that PointMotionNet outperforms its competitors. Second, we visualize the motion
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state estimation results for the foreground classes on SemanticKITTI validation set.

Figure 4.7 shows that with the same semantic segmentation backbone, PointMo-

tionNet outperforms MeteorNet. Third, we evaluate the overall multisweep semantic

segmentation performance on the SemanticKITTI test server. Table. 4.3 shows that

the proposed PointMotionNet could improve the overall performance on 25 classes

semantic segmentation using a simple single-frame semantic segmentation backbone.

4.6 Conclusion

The proposed PointMotionNet is a novel point-based method to achieve motion

learning. It handles multiple frames and large-scale scenes, avoids discretization, and

explicitly learns from the temporal ordering. We further integrate PointMotionNet

into two systems to handle point-based motion prediction and multisweep semantic

segmentation. Experimental results show that PointMotionNet outperforms base-

lines on Argoverse and SemanticKITTI.
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Chapter 5: TAG: Boosting Text-VQA via Text-aware Visual Question-

answer Generation

5.1 Introduction

Visual question answering (VQA) task [126] aims at inferring the answer to

a question based on a holistic understanding of an image. It facilitates many AI

applications such as robot interactions [127], document analysis [128] and assis-

tance for visually impaired people [129]. Text-VQA specifically addresses question

answering requests where reasoning text in an image is essential to answer a ques-

tion. It is a more challenging task in a sense that it requires not only understanding

the question and the visual context, but also the embedded text in an image [3].

To achieve this goal, Text-VQA methods [1, 53, 130] aim at studying the interac-

tions among question words, visual objects, and scene text in an image. Recent

approaches have focused on either improving transformer-based architectures [52]

in a multi-modal manner [53, 130, 131, 132, 133, 134, 135], or adopting pre-training

using additional large-scale data [1] to further boost their model performance. All

of these methods heavily rely on annotations of question-answer (QA) pairs for

model training. Intuitively, the more annotated pairs are leveraged, the better
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Figure 5.1: Left: statistics of the numbers of annotated QA pairs (blue) and scene
text words (orange) for each image in the TextVQA training set [3]. Clearly, the
scene text words are not fully leveraged in the annotations. Right: an example of
a training image with more than 5 scene text words, which is typical. Best viewed
in color.

performance a model can achieve. Thanks to the development of text-related VQA

datasets [128, 136, 137, 138], Text-VQA has achieved rapid progress.

However, the amount of Text-VQA annotations available is still limited due

to the sparse labeling of QA pairs in recent datasets. Consider for example the

TextVQA dataset [3] whose statistics are illustrated in Figure 5.1. It shows that

only one or at most two QA pairs are annotated in the training images. Meanwhile,

we also compute the number of text words presented in each image1 and observe

that most of the images contain at least 5 text words. This observation indicates

that scene text is not fully utilized in the annotations, and hence not fully leveraged

by recent methods. A natural question would be – can we fully take advantage of

text words in images without incurring extra annotation costs?

As illustrated in Figure 5.2, we propose to tackle the problem by learning

1We compute the average of different OCR tokens acquired by the Microsoft-OCR system [1]
for the entire training set.
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to generate large-scale and diverse text-related QA pairs from existing Text-VQA

datasets, using the generated QA pairs to expand the training set and ultimately

improving Text-VQA models. Towards this end, we introduce TAG, a text-aware

QA generation model, that generates novel text-related QA pairs at scale. It takes

text words (the answer) as one of the inputs and aims at generating a question

corresponding to this answer by leveraging the rich visual and scene textual cues.

TAG is trained using the originally annotated QA pairs and adapts to generate

new QA pairs containing scene text words in images that are not utilized in orig-

inal annotations. No extra human annotation is required in our framework, so the

size and diversity of the training data could be easily and largely increased. Since

our generation process is disentangled with the training of Text-VQA models, our

generated QA pairs can be used by most of the recent methods.

In summary, we introduce a simple yet efficient text-aware generation approach,

which automatically and efficiently generates new QA pairs to improve the perfor-

mance of the current Text-VQA methods. The main contributions of our work are

three-fold:

• We identify and analyze possible deficiencies of current Text-VQA datasets–

sparse annotations of QA pairs - and propose to better utilize unused scene

text information within each image to improve the model performance.

• To the best of our knowledge, TAG is the first method that explores scene text-

related QA pairs generation for improving Text-VQA tasks without additional

labeled data.
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• We consistently demonstrate the effectiveness of our method with two recent

Text-VQA models on two Text-VQA datasets. The experimental results suggest

that the existing Text-VQA algorithms can benefit from training with the

high-quality and diverse QA pairs generated by our method.

5.2 Related Work

5.2.1 Text-related VQA

To study and evaluate the Text-VQA task, several scene text-based datasets

are introduced, including VizWiz [136], OCR-VQA[128], TextVQA [3], and ST-VQA

[138]. With the help of these datasets, numerous approaches have been proposed

in recent years which increasingly improve Text-VQA performance [1, 3, 53, 130,

131, 132, 133, 134, 135, 139, 140, 141, 142, 143, 144]. LoRRA [3] is an early work

that extends the original VQA models [139, 140] with an extra OCR attention

branch to select the answer from either a fixed word vocabulary or OCR tokens.

Recent studies [72, 73, 109, 145, 146, 147, 148, 149, 150, 151, 152, 153] show the

benefits of transformer for different vision, language and speech tasks. M4C [53]

develops a transformer-based architecture to fuse different input modalities and

iteratively predicts answers through a multi-step answer decoder. Inspired by M4C,

more transformer-based models have been proposed with varied structure modifica-

tions. Among them, CRN [132] constructs a graph network to model the interactions

between text and visual objects. LaAP-Net [133] predicts a bounding box to explain

the generated answer. SSBaseline [134] proposes to split the OCR token features

80



into separate visual and linguistic attention branches. SMA [131] reasons over struc-

tural text-object graphs and produces answers in a generative way. LOGOS [135]

introduces a question-visual grounding pre-training task to connect question text

and image regions. SA-M4C [130] builds a spatial graph to explicitly model relative

spatial relations between visual objects and OCR tokens. TAP [1] presents three

text-aware pre-training tasks to align representations among scene text, text words,

and visual objects.

However, most of the existing works focus on designing sophisticated archi-

tectures that leverage the annotated text in an image and overlook the rich text

information that is underused by the annotated QA activities. We fully explore the

embedded scene text in images and explicitly generate novel QA pairs that can be

used to boost the performance of downstream Text-VQA models.

5.2.2 Data Augmentation for VQA

Data augmentation has been demonstrated to be an effective approach to

improve the performance of the VQA task [154, 155, 156, 157, 158, 159, 160]. Kafle et

al. [154] propose to generate new questions using the existing semantic segmentation

annotations and templates. Shah et al. [155] introduce a cycle-consistent scheme

generating question rephrasings to make VQA models more robust to linguistic

variations. Ray et al. [156] propose a consistency-improving data augmentation

module to make VQA models answer consistently. Agarwal et al. [157] explore data

augmentation to improve the VQA model’s robustness to semantic visual variations.
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Q: “what does the ad on the 
left of the coca cola say?”

A: firefighters

Figure 5.2: The proposed Text-VQA framework. It consists of two parts: a
text-aware visual question-answer generation module (TAG), followed by a down-
stream Text-VQA model. TAG is based on a multi-modal transformer architecture,
which takes a single image and text words (the answer) as input, and outputs a
newly-generated question corresponding to the input answer. The generated QA
pairs from TAG together with the originally labeled data are subsequently used to
train Text-VQA models, leading to better Text-VQA performance.

Tang et al. [158] use data augmentation to inject proper inductive biases into the

VQA model. Wang et al. [159] introduce a generative model for cross-modal data

augmentation on VQA. Kant et al. [160] adopt the contrastive loss to make the

VQA model robust to linguistic variations in generated questions. However, these

approaches are designed for the traditional VQA systems that do not emphasize the

importance of scene text in their QA tasks. Our method is tailored for the problem

of Text-VQA. It takes advantage of the underexploited scene text in images and

enlarges the training samples by generating novel text-related QA pairs without the

extra labeling cost.

5.3 Our Approach

The proposed framework is illustrated in Figure 5.2, which consists of a trans-

former based text-aware visual QA generation module named TAG, followed by

a downstream Text-VQA model. Our core module, TAG, carries out text-aware

data augmentation tailored for the Text-VQA task and generates novel QA pairs
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Figure 5.3: The illustration of our proposed TAG. High-dimensional feature
representations are first extracted for three modalities, including extended answer
words, visual objects, and scene text. Then, a multi-modal transformer is used
to model the interactions of different modalities. Finally, a decoding module is
used to predict the question corresponding to the answer through iterative decoding
with an auto-regressive mechanism. Left: Originally labeled QA pairs are used for
training. Right: During inference, detected OCR words are used as a novel answer
to generate a question. Best viewed in color.

by leveraging underused scene text in an image. After the TAG module generates a

large amount of new QA pairs, we directly augment the training data by combining

the generated set and the originally labeled set. The augmented set is used by the

downstream Text-VQA models to boost the model performance.

The workflow of our method is as follows. Given an image, an OCR system

and an object detector are used to detect scene text and visual objects, respectively.

As illustrated in Figure 5.3, our TAG takes the scene text words of interest (the

answer words), the visual objects and all the detected OCR tokens in the image as

inputs and generates a question explicitly corresponding to the answer. Specifically,

the answer words, visual objects, and all the OCR tokens are first represented by

high-dimensional features (Section 5.3.1). Then, the multi-modality information is

fully aggregated through a transformer architecture with the attention mechanism

(Section 5.3.2). Finally, the enriched features are used to predict a question to the

answer through iterative decoding in an auto-regressive manner (Section 5.3.3).
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5.3.1 Multi-modality Feature Embeddings

We describe the feature embedding strategy of our work. The answer words,

detected visual objects, and all the detected OCR tokens are embedded as high-

dimensional features and then projected into a common d-dimensional embedding

space.

Embedding of extended answer words. We follow [1] to use an extended

representation to embed answer words. Given an answer input wans, we extend

the words with labels of objects wobj (detected from the object detector) and scene

text OCR words wocr (generated from the OCR system) as a set of K text words.

A trainable BERT-style model [145] is adopted to extract the embedding of those

text words, F ans = {fans
1 , fans

2 , ...,fans
K }, where k = {1, 2, ..., K}, and fans

k is the

d-dimensional feature vectors for kth text word. The embeddings of the set of words

are used jointly as the feature of the answer.

Embedding of detected objects. Following M4C [53], we run a pre-trained 2D

object detector, Faster R-CNN [23] to localize M visual objects for each image. Two

visual object features, including appearance and location features are extracted and

then combined together to encode each detected object, F obj = {f obj
1 , f obj

2 , ...,f obj
m },

where m = {1, 2, ...,M} and f obj
m is the projected d-dimensional feature vectors for

mth object. Specifically, the feature vector output of the object detector (from the

fc7 layer) is used to encode the appearance feature and the relative bounding box

coordinates are employed as the location feature.

Embedding of OCR tokens. For the N OCR tokens extracted by an OCR system,
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we construct the embedding for each token containing both its visual and text

feature. The visual feature extraction follows the strategy of the above visual object

embedding. Additionally, FastText [161] and PHOC features [162] are extracted

for each OCR token to represent its textual cues. A rich OCR representation is

thus obtained, F ocr = {f ocr
1 , f ocr

2 , ...,f ocr
n }, where n = {1, 2, ..., N} and f ocr

n is the

projected d-dimensional feature vectors for nth OCR token.

5.3.2 Multi-modality Fusion

Once the feature embedding representation from individual modality, F ans,

F obj and F ocr are generated, they are able to dynamically attend to each other from

a stack of L transformer layers [52] as shown in Figure 5.3. The input sequence to the

multi-modal transformer is F = {F ans,F obj,F ocr}. The multi-modal transformer

leverages feature embeddings from different modalities and accordingly models inter-

action among them through the multi-head attention mechanism. From the output

of the multi-modal transformer, we extract a sequence of d-dimensional feature

vectors for each modality, which is an enriched feature from a joint semantic embed-

ding space.

5.3.3 Text-aware Visual Question Prediction

With the enriched embedding from the multi-modal transformer, the multi-

step decoding module predicts a question to the input answer and iteratively gener-

ates the question word by word. At each iterative decoding step, we feed in an
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embedding of previously predicted words, and then the next output word could

be either selected from the fixed frequent word vocabulary or from the extracted

OCR tokens. Similar to [1, 53], two special tokens < begin > and < end > are

appended to the word vocabulary, where < begin > is used as the input to the first

decoding step and < end > indicates the end of the decoding process. Alternatively,

the decoding process ends when the maximum number of steps T is reached. Our

decoding module is based on a dynamic pointer network [163], which allows both

copying words via pointing, and generating words from a fixed vocabulary obtained

from the training set.2

During training, our TAG is supervised with the binary cross-entropy loss

applied using the originally annotated QA pairs and adapts to generate novel QA

pairs during generation. During the QA pairs generation process, we pass an input

answer, each of which is selected from the extracted OCR tokens, into the TAG

module and generate the corresponding question accordingly. In this way, the gener-

ated QA pairs cover a diverse set of scene text which was not directly exploited in

the original annotation set. For answer selection, we perform a simple yet efficient

strategy that is feeding the OCR token with the largest bounding box as the answer

candidate to the proposed TAG. The intuition behind this design is that the scene

text with the largest bounding box region is likely to encode semantically mean-

ingful information for scene text-based understanding and reasoning. Also, scene

text with a larger font size has a higher chance to be detected correctly without

2Our decoding module is implemented following the implementation of the decoding module in
TAP [1]. We keep their default hyper-parameters except otherwise noted.
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recognition error in general. As we illustrate in our experiments, our simple design

facilitates a better understanding of the visual content and provides promising Text-

VQA performance. Note that, more high-quality QA pairs could be continuously

augmented with a more sophisticated answer-candidate selection strategy. We leave

this direction as future work.

5.4 Experiments

We evaluate TAG both qualitatively and quantitatively on the TextVQA [3]

and the ST-VQA [138] datasets. We first present a brief overview of the datasets

and implementation details. Then, we empirically validate the effectiveness of

our proposed method by comparing it with the existing Text-VQA approaches.

Our framework clearly outperforms previous work by a significant margin on both

datasets.

5.4.1 Datasets and Evaluation Metrics

TextVQA dataset [3] is a widely used benchmark for the Text-VQA task. It

consists of 28,408 images sourced from the Open Images dataset [164], with human-

annotated questions that require reasoning over text in the images. We follow the

standard split on the training, validation and test sets [1, 53]. For each question,

the answer prediction is evaluated based on the soft-voting accuracy of 10 human-

annotated answers [1, 53, 165].

ST-VQA dataset [138] is another popular dataset for the Text-VQA task. It
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contains 23,038 images from multiple sources including ICDAR 2013 [166], ICDAR

2015 [167], ImageNet [168], VizWiz [136], IIIT STR [169], Visual Genome [170],

and COCO-Text [171]. The standard evaluation protocol on the ST-VQA dataset

consists of accuracy and Average Normalized Levenshtein Similarity (ANLS) [138].

5.4.2 Implementation Details

We use PyTorch to implement our TAG3 that is used to augment the initially

labeled data. The augmented dataset is used to improve two recent Text-VQA

models, M4C [53] and TAP [1]. M4C† is a variant version [1] of M4C, where the

detected object labels and scene text tokens are also included in the text encoder,

which further improves the performance.

Q: what is the first ingredient listed? 
A: water

Q: what is the name of this drink?
A: SAIGON

Q: what type of store is this?
A: duty free

Q: what is the name of the store?
A: URERTY

Q: what is the van's license plate number?
A: ls09 vgk

Q: what does the van say?
A: CTYPOLICE

Q: what kind of tickets can you buy?
A: ferry

Q: what letter is in the green?
A: F

Figure 5.4: We visualize the examples of the generated QA pairs (bottom in orange)
by TAG module compared with the original annotated QA pairs (top in blue) on
the TextVQA training set. ”Q” and ”A” refer to question and answer, respectively.
Best viewed in color.

TAG. We project the multi-modality feature embedding to be d = 768 channels. We

extract the embedding of extended answer words using the same trainable structure

as BERTBASE [145]. Specifically, we initialize the weights of the model from the

first three layers of BERTBASE and eliminate the separate text transformer. In

3Our implementation is built upon the codebase: https://github.com/microsoft/TAP.
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Method OCR system Extra Data Val Acc. Test Acc.
CRN [132] Rosetta-en × 40.39 40.96
LaAP-Net [133] Rosetta-en × 40.68 40.54
SMA [131] SBD-Trans OCR × 43.74 44.29
SSBaseline [134] SBD-Trans OCR × 43.95 44.72
LOGOS [135] Microsoft-OCR × 50.79 50.65
M4C† [53] Microsoft-OCR × 44.50 44.75
M4C† + TAG Microsoft-OCR × 45.68 45.96
TAP [1] Microsoft-OCR × 49.91 49.71
TAP + TAG Microsoft-OCR × 52.54 52.57
LaAP-Net [133] Rosetta-en ST-VQA 41.02 41.41
SA-M4C [130] Google-OCR ST-VQA 45.40 44.60
SMA [131] SBD-Trans OCR ST-VQA 44.58 45.51
SSBaseline [134] SBD-Trans OCR ST-VQA 45.53 45.66
LOGOS [135] Microsoft-OCR ST-VQA 51.53 51.08
M4C† [53] Microsoft-OCR ST-VQA 45.22 -
M4C† + TAG Microsoft-OCR ST-VQA 46.33 46.38
TAP [1] Microsoft-OCR ST-VQA 50.57 50.71
TAP + TAG Microsoft-OCR ST-VQA 53.63 53.69

Table 5.1: TAG’s outperformance on the TextVQA dataset when trained
on original and augmented dataset under two settings. Note that M4C† is
the improved version from [1].

terms of the object embedding, a Faster R-CNN object detector [23] pre-trained

on the Visual Genome dataset [170] is adopted to extract M = 100 top-scoring

objects on each image and represents each object with its appearance and location

features. The Microsoft-OCR system [1] is used to extract OCR tokens per image

with each token represented with its appearance, location, FastText [161] and PHOC

features [162]. The multi-modality fusion module is a four-layer transformer with

12 attention heads, which has the same hyper-parameters as BERTBASE. We use

T = 30 decoding steps to predict the output question word by word in an auto-

regressive manner.

Training parameters. Experiments are conducted on 4 Nvidia P6000 GPUs. We
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Method Extra Data Val Acc. Val ANLS Test ANLS
CRN [132] × - - 0.483
LaAP-Net [133] × 39.74 0.497 0.485
SMA [131] × - - 0.486
SA-M4C [130] × 42.23 0.512 0.504
SSBaseline [134] × - - 0.509
LOGOS [135] × 44.10 0.535 0.522
M4C† [53] × 42.28 0.517 0.517
M4C† + TAG × 44.52 0.540 0.529
TAP [1] × 45.29 0.551 0.543
TAP + TAG × 50.18 0.595 0.586
SSBaseline [134] TextVQA - - 0.550
LOGOS [135] TextVQA 48.63 0.581 0.579
M4C† [53] TextVQA 46.60 0.560 0.552
M4C† + TAG TextVQA 48.69 0.579 0.571
TAP†† [1] TextVQA, TextCaps, OCR-CC 50.83 0.598 0.597
TAP + TAG TextVQA 53.53 0.620 0.602

Table 5.2: Our framework outperforms prior work on the ST-VQA dataset.
Note that M4C† is the improved version from [1]. Specifically, our model with
TextVQA outperforms the SOTA approach TAP†† [1] that is pre-trained with extra
large-scale data from external TextCaps [2] and OCR-CC [1] datasets.

train TAG for 24K iterations with a batch size of 128. We adopt the Adam optimizer

[34] with a learning rate of 1e-4 and a staircase learning rate schedule, where we

multiply the learning rate by 0.1 at 14K and at 19K iterations. We keep the original

parameter settings of downstream Text-VQA models except that we increase their

maximum iteration in proportion to the increased size of the augmented data to

accommodate the enlarged number of training samples. Table. 5.3 overviews the

hyper-parameter settings of TAG.

5.4.3 Main Results

TextVQA dataset. To perform a fair comparison with prior work, we conduct

experiments in both the constrained setting (top part of Table 5.1) and the uncon-
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Hyper-parameters Value
Max length of answer words wans 20
Max length M of visual objects wobj 100
Max length N of scene texts wocr 100
Max length K of extended answer words 220
max length T of decoding step 30
optimizer Adam
batch size 128
max iterations 24K
base learning rate 1e-4
learning rate steps 14K, 19K
learning rate decay 0.1

Table 5.3: Hyper-parameters of TAG.

strained setting (bottom part of Table 5.1) on the TextVQA dataset [3].4 The

number of our augmented training QA examples for Text-VQA is 69.2K compared

with 34.6K for the original one. In the constrained setting (top), our TAG improves

the corresponding M4C and TAP baselines by 1.18% and 2.63% on the valida-

tion set, respectively. We note that although LOGOS [135] in Table 5.1 uses an

extra grounding dataset with 1.1 million images for pre-training and yet our method

performs better. In the unconstrained setting (bottom), TAG further boosts M4C

and TAP baselines by 1.11% and 3.06% on the validation set, respectively. On

the TextVQA test set, TAG also obtains significant performance gains over existing

methods. This validates the effectiveness of TAG.

We also visualize the generated QA pairs of our TAG in Figure 5.4. It shows

that our TAG generates meaningful QA pairs that are novel compared to the origi-

nally annotated ones.

ST-VQA dataset. We also compare our approach with the state-of-the-art (SOTA)

4The constrained setting means training without extra data and the unconstrained one indicates
otherwise.
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methods under both the constrained setting and the unconstrained setting on the

ST-VQA dataset [138]. We compute the accuracy and ANLS score as the evalua-

tion metrics. The number of the newly built training QA examples for the ST-VQA

task after augmentation is 46.8K compared with 23.4K for the original one. Table

5.2 suggests that TAG achieves SOTA performance and significantly outperforms

the baselines. In particular, TAP [1] achieves 50.83%, and 0.598 in terms of the

accuracy and ANLS score on the validation set with additional TextVQA and 1.4

million large-scale pre-training data, while TAG improves these results by a signifi-

cant 2.70% and 0.022 with only additional TextVQA data. In addition, we submit

the prediction results of test set on the ST-VQA test server. The results show that

TAG with TAP achieves the SOTA performance with ANLS score of 0.602 on the

test set. Without bells and whistles, our approach greatly outperforms the baselines,

M4C [53] and TAP [1].

5.4.4 Ablation Studies

We conduct extensive ablation studies to demonstrate the effectiveness of TAG

using TAP [1] under the constrained setting on the TextVQA validation set.

Ans. Obj. OCR. Val Acc.
✓ 48.76
✓ ✓ 48.95
✓ ✓ 49.13
✓ ✓ ✓ 52.54

Table 5.4: Ablation study of TAG with TAP [1] under constrained setting on
TextVQA validation set. ”Ans.”, ”Obj.” and ”OCR.” refer to embedding of answer
words, detected objects and OCR tokens, respectively.
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Answer Selection Val Acc.
random 49.26
largest 52.54
top three 52.73
top five 52.19

Table 5.5: Ablation study of TAG with TAP [1] under constrained setting on
TextVQA validation set. Random means a random OCR token is selected as the
answer input to TAG, while top three means the top three largest OCR tokens are
selected.

Contribution of each modality in TAG. To understand the contribution of

different input modalities to the success of TAG, Table. 5.4 summarizes the perfor-

mance of our framework when a certain modality is removed. It suggests that when

both the visual objects and OCR tokens modalities are removed, the performance of

our TAG decreases by 3.78%. On the other side, when removing the visual objects

modality and OCR tokens modality separately, the performance drops by 3.59% and

3.41%, respectively.

Impact of the answer selection strategy. To better explore the performance of

our TAG, and understand how different answer selection strategies would affect the

model performance, we design several experiments over the choice of input answer

selection strategy. Our method adopts the largest OCR word as the answer candi-

date for TAG. We compare this strategy with other possibilities in Table. 5.5. The

table shows that, if we use a random OCR token as the input answer, the perfor-

mance drops by 3.28%. On the other hand, if we increase the number of answer

candidates by including the top-3 largest OCR tokens to augment the labeled data

by 3×, the performance boosts additional 0.19% as compared to the largest strategy

while it introduces 3× training time. To achieve a better balance between training
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efficiency and accuracy, we consider the OCR token with the largest bounding box

as our final setting for the input answer to TAG. As we have mentioned previ-

ously, more high-quality QA pairs could be continuously augmented with a more

sophisticated answer-candidate selection strategy. We leave this direction for future

work.

5.5 Conclusion

We propose a novel architecture TAG, a text-aware visual question-answer

(QA) generation method to deal with the sparse annotation of existing Text-VQA

datasets. Our approach leverages the rich yet underexplored visual and scene text

information and directly enlarges the existing training set by generating high-quality

and rich QA pairs without extra labeling cost. Without bells and whistles, exper-

imental results show that our generated QA pairs boost the performance of recent

Text-VQA models by a large margin on both TextVQA and ST-VQA datasets.
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Chapter 6: Conclusions

In this dissertation, we mainly focus on learning how to interact with the

environment for the 3D perception system, including accurately perceiving objects,

capturing the motion of dynamic objects and understanding the scenes. It is critical

for the robotic agents to perceive the real world. We investigate and tackle the

problem from different computer vision tasks through a variety of forms of input

data.

In Chapter 2 and Chapter 3, we proposed different frameworks for effective

and efficient 3D object detection from a single frame of point clouds. Specifically,

we introduced InfoFocus, an end-to-end framework which dynamically models point

cloud distribution to capture varying amount of information at different locations.

InfoFocus improves the accuracy of 3D object detection with little overhead by

forcing the network to attend to the most informative part of the point cloud. On the

other hand, we developed M3DETR, a transformer-based architecture that accounts

for multi-representation, multi-scale, mutual-relation models of point clouds in an

end-to-end manner.

In Chapter 4, we study on the scene understanding by leveraging a sequences

of 3D raw point clouds, especially on the motion of dynamic objects. It is crucial
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for the robotic agents to understand dynamic 3D environment. We propose a novel

technique for representation learning of 3D point cloud sequences. We also intro-

duce PointMotionNet, a pyramid architecture building on the proposed point-based

spatiotemporal convolution, which finds the point correspondences across time by

leveraging a time-invariant spatial neighboring space and extracts spatiotemporal

features.

In Chapter 5, we investigate an additional modality information for the scene

understanding. Besides accurately classifying, locating objects, and predicting their

behaviors, the scene is always text-rich scenarios, which provides useful contextual

information and can further help the perception. For example, to safely navigate

through complex traffic scenarios, an autonomous system needs to understand traffic

rules of the road, such as spotting traffic signals or temporary road signs. We

introduce TAG, which exploits underexplored scene text information and enhances

scene understanding of Text-VQA models by producing meaningful, and accurate

question-answer (QA) samples using a multimodal transformer. TAG has the poten-

tial to be applied to identify challenging traffic situations that the autonomous vehi-

cles will encounter on roads.
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