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ABSTRACT

From Video Classification to Video Prediction: Deep Learning

Approaches to Video Modelling

by
Hehe Fan

Intelligent systems need the ability to understand not only the static scenes
around them but also the dynamic changes in the environment. In order to un-
derstand the dynamic changes, intelligent systems are expected to model spatio-
temporal sequences, i.e., videos. Learning video representations and predicting fu-

ture movements constitute two fundamental missions of video modelling.

This dissertation presents two works on video classification. In the first work,
based on video shot representations, which are extracted by convolutional neural
networks, a selective multi-instance learning method is proposed to automatically
detect whether an event of interest happens in temporally untrimmed videos which
usually consist of multiple video shots. This work can be seen as a binary video
classification problem. The second work focuses on efficiency, which aims to reduce
the computational cost for classification of temporally untrimmed videos while re-
taining similar accuracy. With deep reinforcement learning, a fast forward network
is devised to skip most of uninformative frames, and an adaptive stop network is
incorporated to generate timely trigger to stop the agent watching videos. The pro-
posed method enables agents to classify videos by watching a very small portion of

frames.

This dissertation also presents two works on video prediction. The core of video
prediction involves moving object capture and future motion prediction. While
object capture specifies which objects are moving in videos, motion prediction de-

scribes their future dynamics. Motivated by this analysis, a Cubic Long Short-Term



Memory (CubicLSTM) unit is proposed by splitting internal states into a spatial
state and a temporal state, which can better capture the spatio-temporal struc-
ture for video prediction. In addition to conventional 2D RGB videos, prediction
is also conducted on moving 3D point clouds. Compared to RGB videos, point
cloud videos provide accurate displacement measurements, which are generally un-
affected by lighting conditions. Prediction based on 3D point cloud videos provides
more flexibilities for future action planning in poor visibility environments, and cov-
ers more precise geometry dynamics than the conventional RGB video prediction.
To extend recurrent neural network for point cloud video prediction, a series of
point spatio-temporal correlation recurrent neural networks, including PointRNN,
PointGRU and PointLSTM, are proposed to jointly aggregate point coordinates
and features in input, states and output, which enable point to interact in a unified
way. Because point cloud videos exhibit unorderedness in the spatial dimension and
emerge inconsistently across different frames, a point spatio-temporal correlation
operation is used to dynamically model point relations during input-to-state and

state-to-state transitions.

Dissertation directed by Professor Yi Yang



Chapter 1

Introduction

This dissertation presents two video classification works, i.e., complex event detec-
tion in untrimmed videos, which can be seen as a binary video classification problem,
and efficient video classification, and two video prediction works, i.e., conventional
2D RGB video prediction and 3D point cloud video prediction. This chapter in-
troduces the background of video classification and video prediction, respectively,

research objectives and thesis organization.

1.1 Background

Since 2012, with the great success of AlexNet [4] on image classification, deep
neural networks, especially Convolutional Neural Networks (CNNs), e.g., VGG [5],
GoogLeNet [6], Inception v3 [7], ResNet [8], SqueezeNet [9], Wide ResNet [10],
DenseNet [11], and ResNeXt [12], and Recurrent Neural Networks (RNNs), e.g.,
LSTM [13] and GRU [14], have been widely used in computer vision [15, 16, 17,
18, 19, 20, 21], natural language processing [22, 23] and speech recognition [24, 25].
Generally speaking, CNN has become the dominant method for image processing
and RNN is well suitable for time series data processing. Because a video is essen-
tially a sequence of images, deep learning approaches are also widely used for video

processing.

1.1.1 Video Classification

Large progress has been made in generating compact and discriminative repre-

sentations for video classification. However, unlike image processing, there is not



a dominant method for video encoding. Basically, the deep learning methods for

video classification can be divided in to the following categories.

Two-stream 2D CNN. Two-stream convolutional neural networks [26] exploits
a spatial stream and a temporal stream to capture the complementary information
on appearance from still frames and motion between frames, respectively. To be
specific, given a video, the spatial stream uses a 2D CNN to extract the appearance
feature from a RGB frame in the video, while the temporal stream takes stacked
optical flow (the distribution of apparent velocities of movement of brightness pat-
tern in an image) frames as inputs and uses another 2D CNN to extract the motion
feature. The appearance feature and the motion feature are then used for classi-
fication. This method achieves comparable performance to tradition methods and
has motivated many researchers to use two-stream convolution neural networks for

action recognition [27, 28].

3D CNN. C3D networks [29] directly use 3D convolutional network to learn
spatio-temporal representations for short video clips. Then, 3D convolution based
neural networks become another family for action recognition [30, 31, 32, 33|. In the
work [31], 3D convolution is decomposed in to a 2D convolution to model spatial in-
formation and a 1D convolution to model temporal information, respectively. In this

dissertation, this (2+1)D convolution is considered as a variant of 3D convolution.

2D CNN + RNN. Because video is a kind of temporal sequence, based 2D CNN
frame features, recurrent neural networks are also applied into video analysis [34, 35].
For example, Ng et al. [36] used an LSTM to aggregate frame-level CNN features for
modelling video temporal sequences. Yeung et al. [37] proposed a recurrent neural
network-based agent for action detection. Zhu et al. [38] proposed an unsupervised
temporal modeling method that learns from untrimmed videos by encoding frames

of a clip with different intervals.
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Figure 1.1 : Illustrations of the for deep learning techniques for video classification.
The goal of these methods is to encode a video to a feature vector, which is then

used for classification.

2D CNN + 1D CNN. Similar to 2D CNN + RNN, 1D convolution neural
networks [39, 40] can also be used to encode frame features for generating a global

video representation. which is referred to as 2D CNN + 1D CNN in this dissertation.

In summary, two-stream 2D CNN, 3D CNN, 2D CNN 4+ RNN and 2D CNN +
1D constitute the basic techniques to embed videos for classification. Illustrations
of these methods are shown in Figure 1.1. Sometimes, two-stream 2D CNN and 3D

CNN are combined to further enhance video representation learning [30]. Besides,



the simple 2D CNN + Pooling method, which first uses CNN to extract frame-
level features and then employs max pooling or average pooling to aggregate frame-
level features to a video-level feature, is also used to extract video features when

motion information is not quite important for some scenarios.

This dissertation does not introduce new basic techniques for video representa-
tion learning, but aims to address another two problems in video classification. The
first problem focuses on the noise from context or irrelevant frames in untrimmed
videos, which should be removed to improve classification accuracy. The second
problem focuses on video classification efficiency. Usually, all video frames are ex-
ploited during classification, which consumes a large amount of time and compu-
tation. To reduce frames to be processed, uninformative frames should be skipped
and it is not necessary to watch the entire video to make a classification decision.
In the first work, 2D CNN + Pooling is used to extract shot representation for com-
plex event detection in untrimmed videos. In the second work, 2D CNN + RNN is

adopted as the backbone for efficient video classification.

1.1.2 Video Prediction

Predicting future frames in videos has become a promising direction of research
in both computer vision and robot learning communities. Different from video
classification, which focuses on sequence-level video modelling, video prediction aims
to encode and decode videos in the pixel or point level. Generally, suppose we
observe a sequence of m frames X t_m+1,X ey - - ,X ¢+ The video prediction
problem is to predict the most likely length-n sequence in the future given the

previous m observations, which can be formulated as follows,

Xist,o Xegn = argmax  p(Xept,- o Xewn| Xiomerts .-, Xo). (1.1)
Xit1,0 Xtgn

An example of video prediction is illustrated in Figure 1.2. Compared to video clas-

sification, because the future frames are self-contained in a video, video prediction



has an innate advantage that it usually does not require external human-annotated
supervised information. A number of existing works have addressed video prediction

with different settings. They can essentially be classified as follows.

Generation vs. Transformation. Video prediction can be classified as patch
level [41], feature level [41, 42, 43] and image level. For image-level prediction, the
generation group of methods generates each pixel in frames [1, 44]. Some of these
methods have difficulty in handling real-world video prediction due to the curse of
dimension. The second group first predicts a transformation and then applies the
transformation to the previous frame to generate a new frame [45, 46, 3, 47]. These
types of methods can reduce the difficulty of predicting real-world future frames.
In addition, some methods [48, 49, 50] first decompose a video into a stationary
content part and a temporally varying motion component by multiple loss functions,
and then combine the predicted motion and stationary content to construct future

frames.

Short-term prediction vs. Long-term prediction. Video prediction can
be classified as short-term (< 10 frames) prediction [51, 52] and long-term (> 10
frames) prediction [53, 1, 54, 3, 55] according to the number of predicted frames.
Most methods can usually undertake long-term predictions on virtual-word datasets
(e.g., game-play video datasets [53]) or synthetic datasets (e.g., the Moving-MNIST
dataset [42]). Since real-world sequences are less deterministic, some of these meth-
ods are limited to making long-term predictions. For example, dynamic filter net-
work [45] is able to predict ten frames on the Moving-MNIST dataset but three
frames on the highway driving dataset. A special case of short-term prediction is
the so-called next-frame prediction [51, 56], which only predicts one frame in the

future.

Single dependency vs. Multiple dependencies. Most methods need to
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Figure 1.2 : Illustration of a stacked ConvLSTM [1] sequence-to-sequence [2] model
for video prediction. The model consists of a encoding part and a decoding part.
Each part includes three ConvLSTMs. Given m observations, the encoding part
first embeds the sequence to three states, which are then used to initialize the three
states of decoding ConvLSTMs, respectively. Last, the decoding part produces n

predictions.

observe multiple context frames before making video predictions. Other methods,
by contrast, aim to predict the future based only on the understanding of a single

image [57, 58, 59, 51, 60, 61].

Unconditional prediction vs. Conditional prediction. The computer
vision community usually focuses on unconditional prediction, in which the future
only depends on the video itself. The action-conditional prediction has been widely
explored in the robotic learning community, e.g., video game videos [53, 62] and

robotic manipulations [3, 52, 44].

Deterministic model vs. Probabilistic model. One common assumption

for video prediction is that the future is deterministic. Most video prediction meth-



ods therefore belong to the deterministic model. However, the real-world can be full
of stochastic dynamics. The probabilistic model predicts multiple possible frames at
one time [63, 64]. The probabilistic method is also adopted in single dependency pre-
diction because the precise motion corresponding to a single image is often stochastic

and ambiguous [51].

This dissertation focuses on short-term, multiple-dependency, unconditional video
prediction with deterministic models. For conventional RGB video prediction, the
proposed method can be seen as a generation fashion because the future frames
are directly generated. For point cloud video prediction, the transformation-based
method is used, in which the 3D scene flow is first predicted and then is added to

the previous point cloud frame to generate the new point cloud frame.

1.2 Research Objectives

The aims of the project are as follows:

i. In order to improve accuracy for complex event detection, conduct studies
of removing noise from unrelated shots by identifying reliable shots from

untrimmed videos with CNN representation.

ii. Motivated by humans who classify videos by watching a very small portion of
frames, conduct studies of efficient video classification via deep reinforcement

learning based fast forward and adaptive stop mechanisms.

iii. In order to reduce the burden of spatio-temporal modeling for conventional
2D RGB video prediction, conduct studies of splitting internal states into a

temporal state and a spatial state.

iv. In order to extend video prediction to moving 3D point clouds, develop a series
of point spatio-temporal correlation recurrent neural networks to model point

cloud videos.



1.3

Thesis Organization

This thesis is organised as follows:

Chapter 2: This chapter presents a survey of complex event detection, efficient
video classification, conventional 2D RGB video prediction and 3D point cloud

prediction.

Chapter 3 Based on CNN representation, a multi-instance learning method
for complex event detection in untrimmed videos is derived in this chapter.
This work has been published at the International Conference on Computer

Vision 2017 [65].

Chapter 4: This chapter presents a deep reinforcement learning method for
efficient video classification. This work has been been published at the Inter-

national Joint Conference on Artificial Intelligence 2018 [66].

Chapter 5: A cubic LSTM for conventional 2D RGB video prediction is de-
scribed in this chapter. This work has been been published at the Association

for the Advancement of Artificial Intelligence 2019 [67].

Chapter 6: This chapter introduces a PointRNN, PointLSTM and PointGRU

for 3D point cloud video prediction.

Chapter 7. A brief summary of the thesis contents and its contributions are

given in the final chapter. Recommendation for future works is given as well.



Chapter 2

Literature Survey

This chapter provides a literature survey about complex event detection in untrimmed
videos, efficient video classification, conventional 2D RGB video prediction and 3D

moving point cloud prediction.

2.1 Complex Event Detection in Untrimmed Videos

Complex event detection aims to automatically detect an event of interest in
temporally untrimmed long videos, which can be seen as a kind of video classification
task. Unlike human action recognition [26, 36, 29] where actions are usually well-
defined and videos are constrained, complex event detection is more challenging
where the target event is complex and may only occur within a short period of time

in a video.

Existing works [65, 68] propose to use different strategies to exploit temporal
information for complex event detection. By decomposing the complex event like
“grooming a dog” as a set of actions like “prepare water”, “walk to dog”, “groom
dog”, “leave dog” and “clean up”, Tang et al. [65] adopted a Hidden Markov Model
based approach to model the complex event. Cheng et al. [68] used a sequence
memorizer approach to exploit temporal information by treating each video shot
as an individual visual word. However, the performance is still not quite satisfac-
tory because it is a non-trivial task to effectively exploit temporal information in
long videos like those from MEDTest-13 and MEDTest-14. Meanwhile, researchers

also explored information from Wikipedia to provide more detailed explanation and
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definition for each complex event. Chang et al. [69] proposed to first prioritize the
shots according to the salience scores from some pretrained concept detectors, and
then used a SVM based method to exploit ordering information of semantic con-
cepts. Yan et al. [70] proposed a dictionary learning approach for complex event
detection, in which the dictionary consists of a set of selected meaningful concepts
for all events. However, these approaches heavily depend on human knowledge in
order to design the elementary concepts for each complex event. It remains unclear
what and how many concept detectors should be pretrained for arbitrary events.
Li et al. [71] proposed a dynamic pooling method based on sliding windows. How-
ever, this sliding window based approach is computationally expensive. Moreover,
the work in [72] partitioned each untrimmed long video as a set of video shots and
used the multi-instance learning method «-SVM [73] for complex event detection.
The major limitation of this work is the assumption that almost all video shots in
positive bags are positive and all video shots in negative bags are negative, which is

overstrict in the real-world complex event detection applications.

2.2 Efficient Video Classification

The accuracy of video classification task has been significantly improved, befit-
ting from the recent advances of Convolutional Neural Networks (CNNs) [4, 8] and
Recurrent Neural Networks (RNNs) [13]. While a lot of attention has been paid
to the accuracy aspect of video classification, very few existing works have tried to

enhance another crucial aspect: efficiency.

A common procedure for video classification is first extracting frame features
by CNNs and then aggregating the features into a single representation by pooling
methods or RNNs. While pooling methods ignore the order of frames and tempo-
ral information in videos, RNNs such as Long Short-Term Memory (LSTM) [13]

model video temporal structure by encoding the frame features sequentially. Both
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approaches have shown promising results on video classification [36, 26]. However,
extracting frame features by CNNs for large-scale video classification is computa-
tionally expensive because the amount of computation scales linearly with the video
length, which makes it difficult to deploy current video classification algorithms into

web-scale applications.

The solutions of dealing with the efficiency of video processing can form two
different axises which are orthogonal to each other, i.e., the time to process one
frame and the number of processed frames. For the first axis, there has been a vivid
community to lower the computation of CNNs [74] or to build specific hardwares
to accelerate the CNNs computation time [75]. The efficiency of feature extraction
can directly benefit from this line of research. For the second axis, the solution is to
lower the number of frames the algorithm needs to process, which is more inherent
to the video classification task. This dissertation will show that the second solution

has a great potential to improve video classification efficiency.

2.3 Conventional 2D RGB Video Prediction

Videos contain a large amount of visual information in scenes as well as profound
dynamic changes in motions. Understanding scenes, learning video representations
and imagining motions and are fundamental missions in computer vision. It is
indisputable that a model, which is able to predict future frames after watching
several context frames, has the ability to achieve these missions [42]. As video is
a kind of spatio-temporal sequences, recurrent neural networks (RNNs), especially
Long Short-Term Memory (LSTM) [13] and Gated Recurrent Unit (GRU) [76], have

been widely applied to video prediction.

One of the earliest RNN models for video prediction [41] directly borrows a struc-
ture from the language modeling literature [77]. It quantizes the space of frame

patches as visual words and therefore can be seen as patch-level prediction. Later
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work [42] builds encoder-decoder predictors using the fully connected LSTM. In
addition to patch-level prediction, it also learns to predict future frames at the fea-
ture level. Since the traditional LSTM (or GRU) units learn from one-dimensional
vectors where the feature representation is highly compact and the spatial informa-
tion is lost, both of these methods attempt to avoid directly predicting future video

frames at the image level.

To predict spatio-temporal sequences, convolutional LSTM (ConvLSTM) [1]
modifies LSTM by taking three-dimensional tensors as the input and replacing fully
connected layers by convolutional operations. ConvLSTM has become an important
component in several video prediction works [3, 55, 63, 56]. However, directly adapt-
ing LSTM makes it difficult for ConvLSTM to simultaneously exploit the temporal
information and the spatial information in videos. The convolutional operation in
ConvLSTM has to process motions on one hand and capture moving objects on the
other hand. Similarly, the state of ConvLSTM must be able to carry the motion
information and object information at the same time. It could be insufficient to use

only one convolution and one state for spatio-temporal prediction.

2.4 3D Point Cloud Video Prediction

Most modern robot and self-driving car platforms rely on 3D point clouds for
geometry perception. Compared to 2D images, 3D point clouds provide accurate

displacement measurements, which are generally unaffected by lighting conditions.

In the general setting, a point cloud is a set of points in 3D space. Usually,
the point cloud is represented by the three coordinates P € R™ 3 of points and
their features X € R™? (if features are provided), where n and d denote the num-
ber of points and feature channels, respectively. Essentially, point clouds are un-
ordered sets and invariant to permutations of their points. For example, the set

{(1,1,1),(2,2,2),(3,3,3)} and {(3,3,3),(1,1,1),(2,2,2)} represent the same point
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cloud. This irregular format data structure considerably increases the challenge to
reason point clouds, making many existing achievements of deep neural networks on

image and video fail to directly process point clouds.

However, most of the existing works focus on static point cloud analysis, e.g.,
classification, segmentation and detection [78, 79, 80, 81]. Few works study point
cloud video prediction. Following the conventional 2D RGB video prediction, we
can try to employ RNNs and their variants to model point cloud videos. How-
ever, they have a severe limitation on processing point cloud sequences. To be
specific, RNNs and their variants aggregate the previous state and the current in-
put based on a concatenation operation. However, because point cloud sequences
exhibit unorderedness in the spatial dimension and emerge inconsistently across

different frames, concatenation can not be directly applied to point cloud frames.
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Chapter 3

Selective Multi-Instance Learning for Complex
Event Detection in Untrimmed Videos with CNN
Representation

3.1 Introduction

This chapter presents a multi-instance learning method for complex event detec-
tion in untrimmed videos. Complex event detection aims to automatically detect an
event of interest in temporally untrimmed long videos, which can be seen as a kind
of binary video classification task. Because only video-level labels are given and
untrimmed videos usually contain a number of unrelated context shots or frames,
the proposed method treats complex event detection as a weakly supervised learn-
ing problem. To be specific, each untrimmed video can be partitioned as a set of
video shots. For each event class, it is observed that some video shots in positive
(resp. negative) videos are irrelevant (resp. relevant) to this event. This problem
becomes even more severe for long videos. To address the unreliability issue, in this
chapter, the complex event detection task is formulated as a multi-instance learning
(MIL) [82, 83, 84, 85, 73, 86, 87, 88| problem by treating each video as a bag and the
video shots in the video as instances. In contrast to the existing MIL methods that
directly infer instance labels, a new multi-instance learning method is developed for
complex event detection by identifying reliable instances from positive and negative
bags, rather than predicting instance labels. The new objective function simultane-
ously learns a linear SVM classifier and infers a binary indicator for each instance, in

which the indicator indicates whether this instance is selected as a reliable instance.
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3.2 Method

The framework for complex event detection is shown in Figure 3.1. After par-
titioning each untrimmed long video as a set of video shots, the CNN features are
extracted from a set of uniformly sampled key-frames in each video shot. The frame
features are then merged as a single feature vector to represent the video shot by
using pooling methods. Next, the shot labels are initialized as the corresponding
video label and the linear SVM classifier is Single Instance Learning SVM (SIL-
SVM). Then the framework selects reliable shots to learn and update the classifier,

until no more shots are added into the reliable shot set.

video 1: Dog Show
m Feature Extraction Initialize Shot Labels
7777777777777 8 o shots of “dog show” i oss = 2 o
| | i ==
Qo 0O | 3 BaEE |
2 W | i \ i
Video 2 Dog Show ’ 8%8 = O 8 ’ G g i | k st -
EHR " 00 © ||
A — i :
fffffffffffff Q0 I
§ o | 8 iy iy
= | - S 4 4
. - | 2 7 i e Mo o8 - i
CNN Initialize shot labels as | S 3 i i L i ek
video labels. | 3 loss =0.006 oss = ‘
I < Update Classifier I |
| I
| |

Multi-Instance Learning by Selecting Reliable Instances

Figure 3.1 : Illustration of the training process of the detector for the event “dog

show” by using the proposed MIL-SRI method.

Three types of instances are involved in untrimmed videos:

e Reliable instances. Positive (resp. negative) instances in positive (resp. nega-

tive) bags.

e Ambiguous instances. Instances that are difficult to be defined or classified as

positive or negative instances.

e Noisy instances. Positive (resp. negative) instances in negative (resp. positive)

bags.
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The three types of shots in videos are illustrated in Figure 3.2 (a).

3.2.1 Problem Formulation

Suppose we have V videos and ! is the feature vector of the i-th shot in the
v-th video. In the proposed method, each shot is considered as an “instance” and
each video is considered as a “bag”. A positive or negative bag B, is associated with
a bag label Y, € {£1} and the instance-level labels are unknown. It is assumed that
the reliability ratio is known and not less than P,, which is defined as the proportion
of positive instances in the positive bag or the proportion of negative instances in
the negative bag. The aim of complex event detection is to learn a linear SVM

classifier for each event class, only based on video-level labels.

3.2.2 The MIL-SRI Model

According to the above settings, complex event detection can be transformed into
binary classification and solved by multi-instance learning. In traditional multi-
instance learning methods, one step is to infer instance labels, which means that
instance-level labels are updated in training iterations. However, it is non-trivial to
infer the instances’ labels. The proposed method does not infer instance-level labels
but train the SVM classifier by inferring a set of reliable instances.

This work assumes the decision function is in the form of f(x) = w’z + b.

Suppose ¢’ denotes the selection indicator of instance x'. If ¢/ equals to 1, @ is
selected as a reliable instance; otherwise, the shot is discarded when training the
SVM classier. Suppose q, = [¢Z, ..., qLB”|] denotes the selection indication vector for

the v-th video and |B,| stands for the cardinality of bag B,. The proposed method
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(a) Reliable, ambiguous, noisy shots in videos.
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(b) Reliable shot selection for event “dog show” .

Multi-instance learning by selecting reliable instances

X: unreliable shots, will be removed in next training iteration

Figure 3.2 : Illustration of three types of shots in videos and the basic principle
of the proposed MIL-SRI method. Besides dogs and their hosts, audience usually
appears in the event “dog show” when compared with the event “grooming animal”.
A shot only with a dog is ambiguous in both events. From the perspective of SVM,
shots with loss < A are reliable shots, while those with A < loss < 1 are ambiguous
shots, and shots with 1 < loss will be treated as noisy shots. These ambiguous and

noisy shots should not be used when training the SVM classifier.
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can be formulated as the following optimization problem,

14
.1
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where C' > 0 is the parameter that controls the relative importance of detection

I 5LB”‘] is the slack variable vector of the v-th video and A,y

correctness, €, = [e
are two non-negative parameters. The first term |w||? controls the complexity of
the proposed model to avoid overfitting. The second term aims to minimize the
training errors from a set of selected confident training instances. To minimize
the second term, we need to set all g, as zeros, which tends not to select any
training instances as confident ones. By adding the negative sign in front of the
l1-ly mixed-norm regularizer (A||@y||1 + 7||@vll2), We need to set all g, as ones in
order to minimize this -/-l mixed-norm regularizer, which encourages all training
instances to be selected as training instances. By balancing the training errors
and the l-ly mixed-norm regularizer in Eq. (3.1), we can select the most reliable
training instances (shots) by using the proposed approach. Next, I describe how

the mixed-norm regularizer and constraints influence the behavior of multi-instance

learning.

oA # 0,7 =0: When A > 0, the instance whose loss is less than A is dis-
carded in the iterative process. The parameter A is a trade-off to remove unreliable
instances. Meanwhile, when the training errors are becoming smaller during the
iterative process, more selection indicators {¢’} are expected to become 1 in order
to minimize the negative [-lo mixed-norm regularization term. As a result, more

and more instances are added into the reliable instance set, until no more reliable
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Figure 3.3 : Effect of the Iy norm for the event “repairing appliance”. In this
example, the regularizer $||w||? is ignored and C =1, P, = 1/|B,|. When setting
A = 0.1,7 = 0, the algorithm tends to select shots {b, ¢, e} in order to achieve
the minimal loss 0 while the constraint ||g,||y > P,|B,| is satisfied. When setting
A = 0.1,7 = 0.2, the algorithm selects shots {a, b, ¢, e, f} as it can lead to the
minimal loss -0.4, which is smaller than -0.346 when selecting {b, ¢, e}. Therefore,
the proposed algorithm can select the shots from a diverse set of videos when we

additionally consider the [;-norm based regularizer.

instances can be added. Figure 3.2 illustrates how to select shots for event “dog

show” according to .

e\ # 0,7 # 0: The P, has been defined as the lower bound for the percentage
of reliable shots in each video, which can guarantee that at least P,|B,| shots will
be selected from each video when learning the SVM classifier. This constraint can
conduct selection diversity to some extent, however, we aim to flexibly select more
reliable instances from different videos by utilizing an additional /-norm regulariza-

tion term. Figure 3.3 illustrates that more reliable instances can be selected from a
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diverse set of bags after using this lo-norm regularizer.

o|lgy|l1 > P,|B,|: With this constraint, we will choose at least a certain per-
centage of reliable instances from each bag. This can avoid a special case that all
instances are inferred as unreliable instances, which may lead to an incorrect hy-
perplane. In the case of P, = 1/|B,| if Y, = +1 and P, = 1 if Y, = —1, the
new constraint will become the constraint in many existing multi-instance learning
methods [82], namely, there is at least one positive instance in each positive bag and

all instances in a negative bag are negative.

3.2.3 Optimization Strategy

To solve MIL-SRI, the involved parameters (w,b) and {q,}/_; are alternately
optimized. Let L(-) > 0 be a classic loss function for supervised learning, e.g., hinge

loss.

e Optimize (w,b) when {q,}/_; is fixed: In this step, the optimal problem

degenerates to the classic weighted SVM problem [89]:

Vo Byl
: 1 2 7 T,.i
min o jw| +CY Y g LY, w'E, +b), (3.2)

v=1 i=1
which can be easily solved. Suppose |B| is the average number of shots per video, and

d is the number of the feature dimension. Since I aim to learn a linear SVM classifier,

the computational complexity of this step is O(max(V|B|, d)min(V|B|, d)?).

e Optimize {q,}"_, when (w,b) is fixed: The goal of this step is to select the in-
stances according to the reliability and diversity. The optimization problem becomes

the following;:

\% |By|

min 37 (D2 ah LV w2, +b) = Alguls ~ 10l s
v=1 =1 .

st. |gulli > Po|Bul; ¢ € {0,1};0=1,2,..,V

This optimal problem can be solved by [90] and the details are provided in Alg
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Algorithm 1: Optimization Procedure
Input : Instances {{z!}}; Video-level labels {Y,}; Reliability ratio {P,};

Video length {|B,|}; Parameters C, A, 7.
Output: Classifier (w,b).
Initialization: ¢’ < 1.
1 while not convergence do
2 optimize (w,b) when g, is fixed;

3 forv=1t V do

4 calculate loss §; = L(Y,,, wlx¢ + b);
5 sort {d;} in ascending order — {9’ };
6 denote 7(j) as 87 = d.(j);

7 for j =1 to |B,| do

8 if 0 <A+ =l==orj < P,|B,| then
9 P 1;

10 else

11 qZ(j) «— 0;

12 end

13 end

14 end
15 end

1 (see step 3 to step 14). Specifically, the video shots with j < P,[B,| or ¢} <
A+v/(vVi++/J — 1) will be selected into the training process, where j is the instance
rank w.r.t. its loss value within its video. Since the threshold A +~/(v/7 + 7 — 1)
decreases as the rank j grows for each video, this optimization strategy penalizes
the shots that are monotonously selected from the same video and thus naturally

conducts diversity. The computational complexity of loss calculation is O(V|B|d)
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and the sort operation costs O(V|B|log|B|). Therefore, the computation complexity

of this step is O(V|B|d) because we usually have d >> log|B].

3.3 Experiments

In this section, extensive experiments are conducted to validate the proposed
method on two real-world datasets. The parameter C'is set to 1 in all experiments.
Training is stopped when the difference of Y°)_,||go||1 between two iterations is less

than 100.

Datasets: Following recent works on Multimedia Event Detection (MED) [69,

70], the MIL-SRI method is tested on two real-world event detection datasets.

e MEDTest-13: Similar to MEDTest 2014 dataset. Note that 10 of 20 events
overlap with those in MEDTest-14. The detailed event description can be

found at *.

e MEDTest-14: The TRECVID MEDTest 2014 dataset contains approximately
100 positive training examples per event, and all events share the same (~5000)
negative training exemplars. The testing set has approximately 23,000 videos.

There are 20 events in total, whose detailed descriptions can be found at .

For the two MED datasets, I detect each event separately according to the NIST
standard. Both 100Ex and 10Ex settings provided by NIST are considered, which

have 100 and 10 positive training exemplars respectively.

Feature extraction: Each video is split into multiple video shots using the

color histogram difference as the indication of the shot boundary. For simplicity,

*http://nist.gov/itl/iad /mig/med13.cfm
Thttp://nist.gov /itl/iad /mig/med14.cfm
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the center frame is chosen from each shot, resized it to 224 x 224 and extracted the

frame feature from the fc6 layer of VGG16 [5].

Evaluation metric: According to the NIST standard, mean Average Precision
(mAP) is used as evaluation metric. Average precision (AP) is a single-valued metric
approximating the area under the precision-recall curve, which is widely used in
information retrieval tasks. Mean Average Precision is the mean of AP over all

event classes.

Comparison with the baseline algorithms

In this section, the baselines and a Recurrent Neural Network (RNN) based

method, i.e., CNN-LSTM, are evaluated.

In CNN-LSTM, one frame is sampled per second from the video and then extract
the same CNN feature for each frame. Afterwards, an LSTM takes CNN features as
inputs and generates an output at each step. I average-pool the output activations
and conduct a 21-way classification (20 categories and 1 background category). The

LSTM cell size is set to 1,024.

In the SMIL-TopK method, the parameter £ is decided by using cross-validation
from the range {0.1,0.2,...,0.9}. In the MIL-SRI method, both A and 7 are decided
by using cross-validation from the range of {1075,107%,1073,1072,107%, 1, 10, 10?}.
The percentage P, is set to 0.1 and 0.5 for positive and negative videos, respec-
tively. Following the TRECVID protocol, a classifier is trained for each event. The

experimental results are reported in Table 3.1.

From the experimental results, we can see that sparse MIL and SIL-SVM meth-
ods achieve lower performances. The CNN-LSTM method can be treated as one
type of pooling operation and it achieves better performance. Both SMIL-TopK

and MIL-SRI attain higher performances, which demonstrates the importance of
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Table 3.1 : mAP(%) comparison of baselines on the TRECVID MEDTest-14 and

MEDTest-13 datasets.

MEDTest-14 MEDTest-13
100Ex 10Ex 100Ex 10Ex
Sparse MIL 19.8 14.3 23.3 16.4
SIL-SVM 22.2 18.5 24.0 19.8
CNN-LSTM 31.1 20.4 33.8 21.7
SMIL-TopK 36.9 26.2 40.5 26.9
MIL-SRI (Ours) 38.6 28.4 43.1 28.7

using reliable shots.

Comparison with models using a single feature

In this section, the proposed method is compared with a few recent state-of-the-
art methods that use a single type of feature. The experimental results are reported
in Table 3.2. Following [91], a Spatial Temporal Network (STN) is pre-trained
by using the Sports-1M dataset [91]. Then, the top three layers are fine-tuned.

Additionally, a pre-trained C3D network [29] is fine-tuned for feature extraction.

From the experimental results, we can observe that the proposed method com-
pares favorably against the other methods. Note that previous methods can only
achieve the best performance on some datasets, e.g., Xu et al.[96] achieved the
state-of-the-art results on MEDTest-13 100Ex while Chang et al.[69] obtained the
best performance on MEDTest-13 10Ex. However, my method consistently achieves
the state-of-the-art performance on both MEDTest-13 and MEDTest-14 datasets.

Specifically, the proposed method outperforms the state-of-the-art methods by 2.9%
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Table 3.2 : mAP(%) comparison between our MIL-SRI method and the state-of-

the-art baselines using a single type of feature on the TRECVID MEDTest-13 and

MEDTest-14
(a) MEDTest-13 (b) MEDTest-14

Method 100Ex 10Ex  Method 100Ex 10Ex
Video Story [92] 32.0 19.6  DP [71] 28.8 17.6
x-SVM [72] 33.4 21.6 x-SVM [72] 28.6 17.4
ESR [93] 36.2 20.1 ESR [93] 29.6 18.4
C3D [29] 36.9 222  CNN-Exp [97] 29.7 -

MIFS [94] 36.9 19.3 STN [91] 30.4 19.8
STN [91] 37.1 20.4 C3D [29] 314 20.5
StMM + TP [95] 38.6 21.8  MIFS [94] 29.0 14.9
CNN + VLAD [96] 40.3 25.6 CNN + VLAD [96] 35.7 23.2
NI-SVM [69] 39.2 26.8 NI-SVM [69] 34.4 26.1
MIL-SRI (Ours) 43.1 28.7  MIL-SRI (Ours) 38.6 28.4

(2.3%) on MEDTest-14 100Ex (10Ex) and 2.8% (1.9%) on MEDTest-13 100Ex

(10Ex), which is a large improvement for both datasets.

To demonstrate how the proposed method works in complex event detection, a
few of examples of shot selection after the second training iteration in shown Fig
3.4. As can be seen, the MIL-SRI method is able to distinguish the three types of

shots, 1.e., reliable shots, ambiguous shots and noisy shots.

Comparison with the state-of-the-art systems

In this section, the proposed method is compared with some state-of-the-art

systems that combine multiple types of features. Improved Dense Trajectories
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Figure 3.4 : Visualization of shot selection results. There are three types of shots,
i.€., reliable shots, ambiguous shots and noisy shots. In ambiguous shots, we can
observe semantic ambiguity and visual ambiguity. Specifically, semantically
ambiguous shots have similar semantic meaning to the target event or contain a few
of elementary concepts about it. In visually ambiguous shots, the event actually
happens but can not be detected evidently due to dim weather, camera angles or
distances. These ambiguous shots lead to non-discriminative event features and

MIL-SRL removes them from the training set. The figures are best viewed in color.

(IDT) [98] have dominated complex event detection in the past few years due to
their excellent performance over other features. The prediction results are fused

from VGG16 and IDT by averaging classification scores.

The experimental results are reported in Table 3.3, from which we observe that
the proposed method performs competitively against all the existing methods. After
fusing the IDT feature, mAP can be improved from 28.4% to 29.6% on MEDTest-14
10Ex and even more improvement is obtained on MEDTest-13 100Ex (from 43.1%

t0 49.7%). It shows the benefit of fusing motion features in complex event detection.

Xu et al. [96] fused multiple features from three different layers of VGG16, i.e.,
pool5, fc6 and fc7. The proposed method consistently outperforms [96] in both
MEDTest-13 and MEDTest-14 datasets with about 5% absolute improvement. The

proposed also outperforms the previous state-of-the-art system [69] by more than 3%
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Table 3.3 : mAP (%) comparison against state-of-the-art systems that fuse multiple

types of features on the TRECVID MEDTest-14 and MEDTest-13 datasets.

MEDTest-14 MEDTest-13
100Ex 10Ex 100Ex 10Ex
C3D [29] + IDT 33.6 22.1 39.5 26.7
CNN-Exp [97] 38.7 - - -
CNN + VLAD [96] 36.8 24.5 44.6 29.8
NI-SVM + IDT [69] 38.1 27.2 46.3 31.5
MIL-SRI + IDT 41.5 29.6 49.7 34.6

absolute improvement on MEDTest-13 dataset. The MIL-SRI method thus achieves

the new state-of-the-art result on both MEDTest-13 and MEDTest-14 datasets.

3.4 Summary

To avoid that irrelevant shots may mislead event detection in untrimmed videos,
an MIL-SRI is proposed to distinguish reliable and unreliable shots based solely
on video-level labels. Compared to existing MIL methods, MIL-SRI relies on a
more reasonable assumption that both reliable and unreliable shots can occur in all
videos. To reduce noise form irrelevant shots, MIL-SRI learns SVM classifiers only
by reliable shots and formulates complex event detection as a multi-instance learning
problem. To be specific, MIL-SRI can adaptively select reliable instances and do
not need to infer instance label. By this method, the state-of-the-art performance

in complex event detection is attained on two real-world datasets.
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Chapter 4

Deep Reinforcement Learning for Efficient Video
Classification

4.1 Introduction

This chapter presents a reinforcement learning method for efficient video classi-
fication, which enables an agent to classify videos by watching a very small portion

of frames like what humans do.

Fpironment Caach

Fosh Mob!

Stop! I'm sure this video is related to dancing. "

—
a 4 b B W I R

Figure 4.1 : A demonstration for the “fast forward” and “adaptive stop” mecha-
nisms. At each time step, the agent chooses a skip interval from seven “fast for-
ward” actions. After collecting enough information to make decision, the agent stops

watching the video and emits the classification decision.

To be specific, first, whenever the agent finds the current frame does not add

any helpful information to classify the video, it can play the video in a faster speed.
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When finding some informative frames, the agent can slow down the watching speed
and look into details. This mechanism is referred to as “fast forward”. Specifically,
a series of discrete time intervals are predefined. The agent decides where to watch
at the next time step by selecting a time interval to skip forward. As shown in Fig-
ure 4.1, when classifying category like “dancing”, the agent would prefer to select a
longer time interval, e.g., 16s, to skip after watching some video introduction frames.
When the agent catch a potential dancing frame, it would slow down and select a
shorter forward time, e.g., 1s, to get more details. Second, the agent is capable of
measuring confidence score to make decision. When confident enough, the agent
can stop watching the video, which is referred to as “adaptive stop” mechanism.
The “fast forward” and “adaptive stop” mechanisms lead to a Partially observable
Markov decision process (POMDP) problem in Reinforcement Learning literature,
which can be trained with REINFORCE algorithms [99] though the decision pro-

cesses are not differentiable.

4.2 Method

The proposed method is formulated into the reinforcement learning paradigm,
which is about an agent interacting with an environment, and learning an optimal
policy, by trial and error, for sequence decision making. The “fast forward” and
“adaptive stop” mechanisms are considered as two sequential decision processes of
a goal-driven agent interacting with a video player. At each time step, the agent
is limited to observe only one frame from a video by a pre-trained CNN. However,
the agent is capable of controlling which frame to be watched at the next time step
or stop watching the video to emit classification decision at the current time step.
The agent acts based on the current frame and history to watch the video efficiently.
At the final step, the agent receives a scalar reward which depends on whether the

classification decision is correct and the number of watched frames. The goal of the
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agent is to maximize such rewards.

4.2.1 Architecture

The agent is built around a core network as shown in Figure 4.2. At each time
step t, the agent takes a frame feature i; as input, integrates history information
hi_1, and determines where to watch a; at the next time step (fast forward network)
or whether to stop watching ¢; (adaptive stop network) to make classification at the
current step. When the agent decides to stop, a classification network is applied
on the agent’s internal state h; and emits the prediction p. A baseline network is
also added to predict the expected return b, according to the current internal state,

which is used to reduce variance during training [99].

Core network: The core network maintains an internal state which summarizes
watching history information about the past frames; it encodes the agent’s knowl-
edge of the video and provides the information to guide the agent how to act at
the next time step. The internal state h; at time ¢ is formed by a recurrent neural
network f,, which is parameterized by 6, and updated over time with taking the
external frame feature vector i, as input hy = fj,(hy_1,%;;6,). The internal state hy
plays a core role in the proposed approach. The fast forward action, adaptive stop

action, baseline and classification decision are all based on this internal state.

Fast forward network: After observing a frame, the agent determine where to
watch at the next time step by choosing an action a; from a fast forward action
space A. In this chapter, the fast forward action space consists of seven discrete
actions:

A ={-2s,—1s,+1s,+2s, +4s, +8s, +16s} (4.1)

where ‘+’ means forward and ‘—’ means rewind. The motivation of this definition is
that videos have local patterns, which can be learned and used to predict what will

happen or appear within a few seconds. It is premised that, exceeding 16 seconds,
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Figure 4.2 : (A) Architecture: The agent is built around a recurrent neural network.
At each time step, it takes the frame feature as input, integrates history informa-
tion (internal state), and determine how to act (forward or stop) at the next time
step. The classification network generates the prediction based on the internal state.
Additionally, a baseline network is added to reduce variance during training. (B)
Fast forward network: Provide the policy 7, that maps the internal state to the fast
forward action space A, e.g., {—2s, —1s,+1s, +2s, +4s, +8s, +16s}. (C) Adaptive
stop network: Provide the policy m. that maps the internal state to the adaptive

stop action space C, i.e., {0, 1}, where 0 represents ‘continue’ and 1 represents ‘stop’.

the pattern is too weak to be exploited. Therefore, the agent is limited to forward
16s at most at each time step. Sometimes, the agent may forward too much and
miss information. To rescue this case, two rewind actions are added. However, the
agent is not allowed to rewind too much because this would damage the efficiency.

The agent should learn how to avoid over forward.

The fast forward network is implemented by a fully connected layer which is
applied on h;, parameterized by 6,, and followed by a softmax. This network outputs
a multinomial probability distribution, i.e., the policy 7,(|hs; 0,), which represents
the probability of each action in A should be adopted. As shown in Figure 4.2(B), a;

is sampled from 7, during training a; ~ 7,(+|h¢; 6,). During evaluation, maximum a
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posteriori estimation is used to choose forward action, i.e., a; = argmax, m,(-|h; 0,).

Adaptive stop network: Adaptive stop is the other action which can be con-
trolled by the agent. This action decides when to stop watching videos to begin
classification. Unlike a;, the adaptive stop action ¢; is a binary variable whose range
is defined as:

C = {continue, stop} (4.2)

In this chapter, 0 to represents “continue” and 1 represents “stop”. The adaptive
stop network is a fully connected layer parameterized by 6. and followed by a sigmoid,
which takes h; as input and outputs a Bernoulli probability distribution, i.e., the
policy 7.(-|hs; 0..), representing the probability of stop. As shown in Figure 4.2(B),

¢; is sampled from the 7. during training ¢; ~ 7.(-|h¢; 6,)

Baseline network: To reduce variance during training, a baseline network is em-
ployed to establish a baseline b; to encourage (if R; > b;) or discourage (if R; < by)
both the fast forward action a; and adaptive stop action ¢;, where R; is the return
(cumulative discounted reward) at the time step ¢ with a discount factor v € (0, 1]:
R, = ZZ;S ¥*ri4s. The baseline network is a linear regressor parameterized by 6,
and takes the core network’s state h; as input b, = fy(hy; 0). The quantity Ry — by,

which is also called advantage, will be used to scale the policy gradients.

Classification network: When the adaptive stop is triggered, the classification
network f, is applied on the final internal state hp. I consider a binary classification
setting and train the agent for every class. Suppose the positive video is labeled
as 1 and the negative video is labeled as 0, then f, outputs the likelihood p of the
video to be positive. A fully connected layer is used as the classification network,
which parameterized by 6, and followed by a sigmoid to predict the video label

p = fp(hr;6,), where T is the final time step which satisfies ¢; = 1.

Reward function: After classification, the agent receives a reward signal based on
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whether the prediction is correct and the number of watched frames. The goal of
the agent is to maximize this reward. The reward function is defined as follows,

1—-2p—g|—uT, fort=T;
Ty = (43)

0, fort<T,
where g denotes the ground truth of the video label. When ¢t = T, the reward
function consists of two parts. The first one 1 — 2|p — g| is called accuracy reward,
which depends on the correctness of prediction. Since p € [0,1] and g € {0,1}, this
part maps the accuracy reward to [—1,+1]. The second part —uT is called frame

penalty which is used to encourage the agent to watch less frames.

4.2.2 Training

The parameters of the agent consists of the parameters from the core network,
fast forward network, adaptive stop network, baseline network and classification
network, i.e., 0 = {0,0,,0,0p,0,}. The standard backpropagation is used to train
fv, fp and the REINFORCE is used to train m,,7m.. The parameter of the core
network 6, is not directly optimized but can be updated by the gradients from the

other four networks.

Classification loss: In this work, every agent focuses only on one specific video
class. The output of the agent is a scalar variable with range [0, 1], which indicates
the confidence score of a video example being positive. Therefore, the classification

network parameter 6, is optimized by minimizing the binary cross entropy loss,
B(6p,01) = log p+ (1 — g)log(1 — p) (4.4)

Baseline loss: The baseline network f;, is trained by minimizing the mean squared

error loss:

T
M(6,,0,) =1/T thl |R, — by|[? (4.5)
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At each training iteration, the fast forward network and adaptive stop network
are first updated by the reward and the baseline. The baseline network is then
optimized by Eq. (4.5). Note that this loss does not backpropagate to the fast

forward network or the adaptive stop network.

Policy gradients: This section derives the expressions of the parameter gradients
for the proposed method. Recall that the method takes two actions, i.e., fast forward
action a; and adaptive stop action ¢; at each time step. The objective of the agent

is to maximize the reward rp achieved at the final step T

J(0,,0.,0,) = E rr (4.6)

Ta,Tc

Note that r, = 0 for t < T according to the reward function Eq. (4.3). The gradient

of 6, can be derived as follows:

VQGJ: E V@alog Wa(at|ht)Rt (47)

Ta,Te

As we can see from Eq. (4.7), the gradient Vg, J is directly proportional to R;.
Updating the parameter directly according to R; will make training very unstable.
To reduce the variance of the gradient estimate, the baseline b; is subtracted from
Ry:

Vo,J = E Vg, log m,(as|hy)(Ry — by) (4.8)

Ta,Tc
This is an unbiased estimation to the gradient because E Vg log m,(as|hy)b; =

b:Vg,1 = 0. Similarly, gradient w.r.t. 0., i.e., Vy_J can be derived as follows:

VQCJ = E Vgclog 7TC(Ct|ht>(Rt — bt) (49)

Ta,Te

Since the dimension of the possible action sequence can be very high, it is im-
possible to optimize Eq. (4.8) and Eq. (4.9) directly. Following REINFORCE [99],

Monte Carlo sampling is used to approximate the policy gradients.
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Encourage exploration: To avoid highly-peaked 7, towards a few fast forward
actions or a few fixed action sequences, which over-optimizes on a small portion
of the environment, i.e., video in this work, an entropy term is used to encourage
diversity [100]:

T
1
H (0, 00) = == ZG@NEAﬂa(a|ht)1og7ra(a|ht) (4.10)
t=1

When all actions almost have the same probability, the entropy will be high. Con-
versely, when one action has near 1 probability, the entropy will be low. Therefore,
adding a negative entropy term to the loss function will penalize the actions that

dominate the policy too quickly and encourage exploration.

Finally, the proposed objective is to minimize the following hybrid loss function:
L(0) =aB+ M — \J — pH (4.11)

where «, 8, A and p are positive factors to control the weights of different sub-losses.

4.3 Experiments

4.3.1 Datasets and Settings

Since reinforcement learning usually needs large-scale datasets, the proposed
method is evaluated on the YouTube-8M [101] dataset, which is a large-scale
video classification benchmark. YouTube-8M consists of ~8 million videos - 500K
hours of video, annotated with 4800 classes. The average length of the videos in
the dataset is 230 seconds. 20 classes are selected from the 4800 visual entities
to evaluate the proposed model. Specifically, first, the videos whose lengths are
less than 16 seconds are removed. Then, for every class, 10,000 positive videos
and 40,000 negative videos are randomly collected for training, and 1,000 positive
videos and 4,000 negative videos for evaluation. If the class contains less than
10,000 positive videos, all positive videos are used. The videos in YouTube-8M are

usually with multiple labels. When selecting negative videos, the target class does
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Table 4.1 : Evaluation of the fast forward network with different numbers of frames

allowed to be watched.

class 5 10 15 30

vehicle 92.6 95.0 95.2 95.4
video game 88.6 90.0 90.2 90.4
concert 95.3 96.3 96.9 96.9
car 94.9 96.3 96.5 96.6
dance 89.2 90.1 90.2 90.3

not appear in them, meaning that the positive videos and negative videos may have
some intersection labels. The mean average precision (mAP) is reported for all

experiments.

4.3.2 Implementation Details

Videos are decoded at one frame per-second and extract features from the last
hidden representation of Inception-v3 network [102] before the classification layer.
The features are then normalized by /5 normalization. The hidden state size of RNN
is set to 128. Each agent is trained for 50 epochs. The batch size, dropout rate and
gradient clipping are set to 32, 0.5 and 5.0, respectively. The Adam optimizer is
used to optimize the model, with a fixed the learning rate of 1 x 1073. The values
of a, B, X and p in Eq. (4.11) are searched on the wvehicle class. Then, a = 1.0,
B =0.5, A =1.0 and p = 0.01 are fixed in all experiments. The discount factor v is

set to 0.9.

4.3.3 Ablation Study

Fast forward network. To explore what policy the fast forward network learns,

the frame penalty p is set to but the agent is forced to watch 5, 10, 15, and 30
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Table 4.2 : Evaluation of the adaptive stop network with different frame penalty p.

pw=10"1 w=10"2 u=10"3 p=10"%
class
mAP  # frames | mAP  # frames | mAP  # frames | mAP  # frames

vehicle 68.4 2.12 95.1 7.58 95.2 10.24 95.1 10.64
video game | 62.0 1.91 90.2 7.84 90.4 9.04 90.4 9.25
concert 71.0 2.42 96.5 6.73 96.8 7.82 96.9 8.46
car 67.1 2.33 96.3 7.46 96.5 9.30 96.7 10.66
dance 60.7 1.88 90.1 6.69 90.5 7.99 90.6 9.01

frames in this experiment.

The fast forward mechanism is evaluated on the vehicle, video game, concert, car
and dance classes. The experiment results are listed in Table 4.1. Basically, when
the number of frames allowed to be watched increases, the mAP improves. However,
when the number of frames allowed to be watched exceeds 10, the mAP does not

improve much.

Adaptive stop network. The step penalty factor p controls the number of frames
the agent will see. Generally, a large u can improve the efficiency for video classi-
fication but may damage the accuracy. This section explores how the step penalty
factor influences the behavior of the adaptive stop network. The p is selected from
{1071,1072,1073,107*}. The average of used frames and the accuracy reward are
recorded during training. The results of first 2,500 training batches are shown in Fig-

ure 4.3.

When p changes from 107! to 1073, the agent uses more and more video frames
for classification. However, the accuracy reward do not increase when p < 1072,
which indicates that increasing the number of watched frames may not always sig-

nificantly improve the performance.
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Figure 4.3 : Change of watched frames (top row) and accuracy reward (bottom row)

during training agent to recognize vehicle with different frame penalty pu. The video

class used in this experiment is vehicle and the RNN is GRU.

I evaluate the influence of different © on the classes vehicle, video game, concert,
car and dance. The experiment results are shown in Table 4.2. Basically, when p
decreases, the number of frames to be watched increases. However, when p < 1072,

the mAP is not significantly improved.

Dose the baseline network reduce variance? This section explores whether
the baseline network helps reduce variance during training. To remove the influence
of baseline network, the 3 in Eq. (4.9) is set to 0. The frame penalty y is set to 1073,
The video class is vehicle and GRU is used. The average of frames to be used and the
accuracy reward during the first 2,500 training batches are shown in Figure 4.3(d).
Compared with Figure 4.3(c), the training process without baseline network is con-
siderably unstable, especially for the change of the amount of watched frames as

shown in Figure 4.3(d). Therefore, replacing the return R, by the advantage R, — b,
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can significantly reduce variance during training.

4.3.4 Comparison with Other Methods

This section compares the proposed approach with other four methods, 1i.e.,
max pooling, average pooling, LSTM and GRU. For each method, three cases are
considered: randomly sampling 10 frames (R10), uniformly sampling 10 frames
(U10) and using all frames (All). For each model using random sampling, I evaluate
three times and report the average results. For the proposed approach, the u is
set to 1072, Both LSTM and GRU are evaluated. All 20 classes are used in this
experiment. The results are listed in Table 4.3. In order to facilitate the distinction
between the proposed model and the RNN models, the proposed method with LSTM

is denoted as RL-LSTM and the proposed method with GRU is denoted as RL-GRU.

Compared with max pooling, average pooling, LSTM and GRU using 10 frames,
The proposed method achieves the best performance. Especially for RL-GRU, it
only uses 7.74 frames on average but acquire 88.0% mAP, which outperforms R10-
GRU by 1.0% and U10-GRU by 1.2%. RL-GRU also achieves very similar mAP
to the AlI-GRU (88.5%). What is more, for some classes, RL-GRU even achieves
better performance the All-GRU. Take the class album as an example, All-GRU
achieves 79.3% while RL-GRU achieves 79.5% but only uses 9.36 frames on average.
For the class village, All-GRU achieves 82.3% while RL-GRU achieves 82.4% using
only 7.24 frames on average. This proves that the proposed method is capable of

achieving comparable and even better performance than using all frames.

Recall that the average length of videos in YouTube-8M is 230s and videos are
decoded at one frame per-second, which indicates that using all frames means using
230 frames on average. The proposed RL-GRU model achieves similar mAP to
the AIl-GRU using only 7.74 frames on average, which significantly improves the

classification efficiency.
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4.4 Summary

This chapter presents a deep reinforcement learning method which can make
classification decision by watching temporally untrimmed videos efficiently. The
method contains two mechanisms, i.e., “fast forward” and “adaptive stop” mech-
anism, which are trained by REINFORCE. By the “fast forward” and “adaptive
stop” mechanisms, agents significantly reduce the computational cost for video clas-

sification while maintaining the accuracy.
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Table 4.3 : Experiment results (mAP%) of max pooling, average pooling, LSTM,

GRU and the proposed methods (RL-LSTM, RL-GRU). For the first four methods,

randomly sampling 10 frames (R10), uniformly sampling 10 frames (U10) and using

all frames (All) are evaluated. For the proposed methods, the frame penalty p is set

to 1072. All the 20 video classes are used in this experiment.

Pooling Method

Recurrent Neural Network

Proposed Method

class Max Pooling | Average Pool LSTM GRU RL-LSTM | RL-GRU
R10 U10 All |[R10 U10 All |R10 U10 All |[R10 U10 All |\mAP #frms|mAP #frms
vehicle 88.3 86.3 83.1/93.4 93.2 94.7(93.7 93.7 94.8/94.1 93.9 95.5| 94.2 5.68 | 95.1 7.58
video game |77.6 75.9 65.7|81.7 81.6 83.0({88.9 90.6 88.5(88.9 88.6 90.6| 88.8 5.57 |90.2 7.85
concert 93.3 91.1 88.3|94.8 94.6 95.1(96.0 97.0 96.6]96.2 96.0 97.0| 96.3 5.17 | 96.5 6.73
car 92.4 90.5 87.6|94.8 94.7 95.3|95.8 95.5 96.4/95.6 95.1 96.6| 95.7 7.57 [96.3 7.45
dance 85.7 84.0 79.3|88.4 88.4 89.3(89.3 89.2 89.6(89.6 89.7 90.4| 89.9 7.48 | 90.1 6.69
animation [82.9 80.2 76.1|86.8 86.9 87.8|88.6 88.3 88.9|89.1 88.8 90.1| 88.5 5.54 [90.2 8.33
musician  |88.6 87.7 84.3|92.0 92.1 92.6(92.5 92.6 93.1]92.8 92.7 94.2| 92.4 5.56 | 93.9 7.77
music video|73.0 71.5 64.6|78.0 77.7 80.5(82.2 82.5 84.9(83.5 83.1 87.7| 83.1 5.83 |87.3 7.08
animal 82.0 80.1 63.1|88.1 87.9 89.8|89.7 89.5 90.6{89.0 89.2 91.4| 89.3 6.18 [ 90.5 8.02
album 73.0 70.4 67.1|76.2 76.2 77.3|76.8 76.7 77.9|79.0 78.7 79.3| 78.7 5.27 | 79.5 9.36
medicine  |74.1 71.9 62.8]79.7 79.8 81.0(83.0 83.2 84.3|84.8 84.6 85.5| 84.0 7.15 | 85.0 8.69
kitchen 94.1 93.0 88.3|95.4 95.2 95.3|95.2 95.0 96.1{95.5 95.2 96.6| 94.8 5.38 | 95.9 9.01
computer [90.4 87.9 84.7|93.2 93.0 93.9(94.1 94.0 95.2(94.3 93.9 95.4| 94.1 6.51 | 94.7 6.51
Christmas [65.6 64.3 49.3|71.7 71.8 73.2|74.0 74.3 76.2|76.1 76.5 78.4| 74.9 5.85 |77.2 7.71
eating 84.2 83.9 67.9|88.7 88.6 89.3(89.5 89.2 90.1{89.7 89.6 90.8| 90.2 7.45 |89.9 7.64
shooter 87.6 85.9 79.3|89.8 89.5 90.8(91.1 90.3 92.2/91.3 91.1 92.8| 91.9 5.47 [ 92.5 8.75
rain 71.1 70.3 62.4|77.1 77.2 78.7|78.2 78.3 79.7|78.4 78.6 80.5| 78.3 5.81 | 79.8 8.06
champion [63.7 62.9 58.1(68.9 69.0 70.2|72.4 72.4 73.1|73.0 73.1 75.6| 72.6 7.02 | 74.1 7.84
egg 65.6 63.8 51.3|74.4 74.8 76.3|77.0 76.7 78.3|77.5 77.3 78.7| 77.6 6.76 | 77.9 6.57
village 71.2 70.0 60.6|76.0 75.7 77.9(80.8 80.7 81.5(81.1 80.9 82.3| 80.8 5.79 | 824 7.24
mean 80.2 78.6 71.2|84.5 84.4 85.6(86.4 86.5 87.9/87.0 86.8 88.5| 86.8 6.15 | 88.0 7.74
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Chapter 5

Cubic LSTMs for Conventional Video Prediction
with Independent Spatial and Temporal States

5.1 Introduction

This chapter presents a new recurrent unit, i.e., the Cubic Long Short-Term
Memory (CubicLSTM) unit, for conventional 2D RGB video prediction. Given a
series of history visual observations, the goal of this task is to predict the most likely
frames in the future. To better capture the spato-temporal structure of videos, the
CubicLSTM unit is equipped with two states, a temporal state and a spatial state,
which are respectively generated by two independent convolutions. The motivation
is that different kinds of information should be processed and carried by different
operations and states. CubicLSTM consists of three branches, which are built along

the three axes in the Cartesian coordinate system.

e The temporal branch flows along the z-axis (temporal axis), on which the con-
volution aims to obtain and process motions. The temporal state is generated

by this branch, which contains the motion information.

e The spatial branch flows along the z-axis (spatial axis), on which the convo-
lution is responsible for capturing and analyzing moving objects. The spatial
state is generated by this branch, which carries the spatial layout information

about moving objects.

e The output branch generates intermediate or final prediction frames along

the y-axis (output axis), according to the predicted motions provided by the
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temporal branch and the moving object information provided by the spatial

branch.

Stacking multiple CubicLSTM units along the spatial branch and output branch
can form a two-dimensional network. This two-dimensional network can further
construct a three-dimensional network by evolving along the temporal axis, which

can be used for conventional video prediction.

5.2 CubicLSTM

This section first reviews fully-connected Long Short-Term Memory (LSTM)
[13] and Convolutional LSTM (ConvLSTM) [1], and then presents the proposed

CubicLSTM unit in detail.

5.2.1 LSTM

LSTM is a special recurrent neural network (RNN) unit for modeling long-term
dependencies. The key to LSTM is the cell state ¢; which acts as an accumulator of
the sequence or the temporal information. The information from every new input
x; will be integrated to ¢; if the input ¢, is activated. At the same time, the past
cell state c;—; may be forgotten if the forget gate f, turns on. Whether ¢; will be
propagated to the hidden state h, is controlled by the output gate o,. Usually, the
cell state ¢; and the hidden state h; are jointly referred to as the internal LSTM
state, denoted as (¢, ht). The updates of fully-connected LSTM for the ¢-th time

step can be formulated as follows:
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iy =0(W; - [, hyq] + by),

fi=0W;- [z, hii] + by),

O:O-WO'CU7h7 +b07

Lora ] O = TWorlme bl o) (5.1)
ét = tanh(WC : [:Bt, h’t—l] + bc),

Ct:ftQCt_t+Zt®Ct,

h, = o; ® tanh(¢;),

\

where -, ® and [| denote the matrix product, the element-wise product and the

concatenation operation, respectively.

To generate %;, f,, o; and ¢; in the LSTM, a fully-connected layer is first applied
on the concatenation of the input x; and the last hidden state h;_; with the form
W - [y, hy_1] + b, where W = [W, W W, W_.] and b = [b;,bs,b,,b.]. The
intermediate result is then split into four parts and passed to the activation functions,
i.e., o and tanh. Last, the new state (¢, h;) is produced according to the gates and
¢; by element-wise product. In summary, LSTM takes the current input «; as input,
the previous state (¢;_1, hy_1) and generates the new state (¢, h;), parametrized by

W and b. For simplicity, in this chapter, LSTM is reformulated as follows:
LSTM: (e, hy) = LSTM (24, (¢i-1, hyi1); W, b; ). (5.2)

The input «; and the state (¢, h;) in LSTM are all one-dimensional vectors,
which cannot directly encode spatial information. Although we can use one-dimensional
vectors to represent images by flattening the two-dimensional data (greyscale im-
ages) or the three-dimensional data (color images), such operation loses spatial cor-

relations.

5.2.2 ConvLSTM

To exploit spatial correlations for video prediction, ConvLSTM takes three-

dimensional tensors as input and replaces the fully-connected layer (matrix product)



45

in LSTM with the convolutional layer. The updates for ConvLSTM can be written

as follow:

ConvLSTM :  (Cy, Hy) = LSTM(X, (Ci_1, H,—1); W, B; %), (5.3)

where x denotes the convolution operator and X, (C,_1, H; 1), (C;, H;) are all
three-dimensional tensors with shape (height, width, channel). As LSTMs are de-
signed to learn only one type of information, directly adapting LSTM makes it
difficult for ConvLSTM to simultaneously process the temporal information and
the spatial information in videos. To predict future spatio-temporal sequences, the
convolution in ConvLLSTM has to catch motions on one hand and capture moving
objects on the other hand. Similarly, the state of ConvLSTM must be capable of

storing motion information and visual information at the same time.

5.2.3 The Proposed CubicLSTM

To reduce the burden of prediction, CubicLSTM unit processes the temporal in-
formation and the spatial information separately. Specifically, CubicLSTM consists
of three branches: a temporal branch, a spatial branch and a output branch. The
temporal branch aim to obtain and process motions. The spatial branch is respon-
sible for capturing and analyzing objects. The output branch generates predictions
according to the predicted motion information and the moving object information.
As shown in Figure 5.1(a), the unit is built along the three axes in a space Cartesian

coordinate system.

e Along the z-axis (temporal axis), the convolution operation obtains the cur-
rent motion information according to the input X,;, the previously motion
information Hy_,; and the previously object information Hj, ;. The current
motion information is then used to update the previous temporal cell state

C;_1,; and produce the new motion information Hy;.
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e Along the z-axis (spatial axis), the convolution captures the current spatial
layout of objects. This information is then used to rectify the previous spatial

cell state C};_; and generate the new object visual information H;.

e Along the y-axis (output axis), the output branch combines the current motion
information and the current object information to generate an intermediate
prediction for the input of the next CubicLSTM unit or construct the final

prediction frame.

The topological diagram of ConvLSTM is shown in Figure 5.1(b). The updates of
CubicLLSTM are formulated as Eq. (5.4), where [, and ” denote the spatial network

layer, the spatial branch and the output branch respectively.

temporal branch : (Cy;, Hy;) = LSTM(X ¢, H;’lfl, (Ci_14, Hi—1,); W, B; %),
CubicLSTM ¢ spatial branch : (CQ,Z,HQJ) =LSTM(X;, Hy—1y, (C;,l_l, Hi, );W' B';%),

output branch : Yy, = W" « [H,;, H} ;| + B".

(5.4)

Essentially, in a single CubicLSTM, the temporal branch and the spatial branch
are symmetrical. However, in experiment, experiments show that adopting 1 x 1
convolution for temporal branch achieves higher accuracy than adopting 5 x5 convo-
lution. This may indicate that “motion” should focus on temporal neighbors while
“object” should focus on spatial neighbors. Their functions also depend on their po-
sitions and connections in stacked CubicLSTM networks. To deal with a sequence,
the same unit is repeated along the temporal axis. Therefore, the parameters are
shared along the temporal dimension. For the spatial axis, multiple units can be
stacked to form a multi-layer structure to better exploit spatial correlations and

capture objects. The parameters along the spatial axis are different.
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Figure 5.1 : (a) 3D structure of the CubicLSTM unit. (b) Topological diagram of the
CubicLSTM unit. (c) A two-spatial-layer CubicLSTM network. The unit consists of
three branches, a spatial (z-) branch for extracting and recognizing moving objects,
a temporal (y-) branch for capturing and predicting motions, and an output (z-)

branch for combining the first two branches to generate the predicted frames.

At the end of spatial direction, rather than being discarded, the spatial state
is used to initialize the starting spatial state at the next time step. Formally, the

spatial states between two time steps are defined as follows,
C;,l = Czlt—l,La H;,1 = :t—l,La (5~5)

where L > 1 is the number of layers along the spatial axis. A 2-spatial-layer Cu-
bicLSTM network is demonstrated in Figure 5.1(c), which is the smallest network
formed by CubicLSTMs.

5.3 Stacked CubicLSTM Network for Video Prediction

The aim of video prediction is to predict the possible frames in the future after
watching several consecutive frames. This section presents how to apply the pro-

posed CubicLSTM unit for video prediction. The prediction network is created by
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Figure 5.2 : A stacked CubicLSTM network with three spatial layers and two output -

window
|

layers, which can watch three frames at one time.

first stacking multiple CubicLSTM units along the spatial axis and along the output
axis, which forms a two-dimensional network, and then evolving along the temporal

branch, which forms a three-dimensional structure.

In contrast to traditional LSTM structures, CubicLSTM is capable of watching
multiple adjacent frames at one time along the spatial axis, which forms a sliding
window. The size of the sliding window is equal to the number of spatial layers.
Suppose we have L spatial layers: CubicLSTM network will observe the previous
X 41, , X1 frames to predict the t-th frame. The sliding window enables
the CubicLSTM network to better capture the information about both motions and

objects. An example of stacked CubicLSTM network is illustrated in Figure 5.2.

5.4 Experiments

The proposed CubicLSTM is evaluated on three video prediction datasets, Moving-
MNIST dataset [42], Robotic Pushing dataset [3] and KTH Action dataset [103],
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including synthetic and real-world video sequences. All models are trained using the
ADAM optimizer [104] and implemented in TensorFlow with eight GPUs in parallel.

Batch size is set 4 for each GPU.

5.4.1 Moving MNIST dataset

The Moving MNIST dataset consists of 20 consecutive frames, 10 for the input
and 10 for the prediction. Each frame contains two potentially overlapping hand-
written digits moving and bouncing inside a 64 x 64 image. The digits are chosen
randomly from the MNIST dataset and placed initially at random locations. Each
digit is assigned a velocity whose direction is chosen uniformly on a unit circle and
whose magnitude is also chosen uniformly at random over a fixed range. The size of
the training set can be considerable large. I use the code provided by [1] to generate
training samples on-the-fly. For the test, following [55], models are evaluated with
two settings, i.e., two moving digits (MNIST-2) and three moving digits (MNIST-3)
with the mean square error (MSE) and binary cross-entropy (BCE) were used. Pixel

values are converted into the range [0, 1].

Each state in the implementation of CubicLSTM has 32 channels. The size of
the spatial-convolutional kernel was set to 5 x 5. Both the temporal-convolutional
kernel and output-convolutional kernel were set to 1 x 1. Models are trained using
MSE and BCE, corresponding to the different evaluation metrics. The encoder-
decoder framework [42, 1] is adopted for prediction, in which the initial states of the
decoder network are copied from the last states of the encoder network. The inputs
and outputs are fed and generated as shown in Figure 5.2. All models are trained
for 300K iterations with a learning rate of 102 for the first 150K iterations and a

learning rate of 10™* for the latter 150K iterations.

Improvement by the spatial branch. Compared to ConvLSTM [1], Cubi-

cLSTM has an additional spatial branch. To prove the improvement achieved by
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Table 5.1 : Results of stacked CubicLSTM network and state-of-the-art models
on the Moving-MNIST dataset. The “CubicLSTM (¢ X y X z)” denotes that the
CubicLSTM model has z spatial layer(s) and y output layer(s), and the channel
size of its state is ¢. The per-frame mean square error (MSE) and per-frame binary
cross-entropy (BCE) of generated frames are reported. Lower MSE or CE means

better prediction accuracy.

MSE BCE

Models
MNIST-2 MNIST-3 MNIST-2

LSTM [42] 118.3 162.4 483.2
CridLSTM [105] 111.6 157.8 419.5
ConvLSTM (128 x 4) [1] 103.3 142.1 367.0
PyramidLSTM [106] 100.5 142.8 355.3
CDNA [3] 97.4 138.2 346.6
DEN [45] 89.0 130.5 285.2
VPN baseline [52] 70.0 125.2 110.1
PredRNN with spatialtemporal memory [55] 74.0 118.2 118.5
PredRNN + ST-LSTM (128 x 4) [55] 56.8 93.4 97.0
CubicLSTM (32 x 3 x 1) 1115 158.4 386.3
CubicLSTM (32 x 1 x 3) 73.4 127.1 210.3
CubicLSTM (32 x 3 x 2) 59.7 110.2 121.9
CubicLSTM (32 x 3 x 3) 47.3 88.2 91.7

this branch, I compare two models, both of which have 3 CubicLSTM units. The
first model stacks units along the output axis forms, forming a structure of 1 spatial
layer and 3 output layers. Since each state has 32 channels, I denote this structure as
(32 x 3x 1). The second model stacks the three units along the spatial axis, forming

a structure of 3 spatial layers and 1 output layer structure, denoted as (32 x 1 x 3).

The results are listed in Table 5.1.
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context

ground
truth
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Figure 5.3 : Prediction examples on the Moving MNIST dataset (top) and visual-
izations of the spatial hidden state (middle) and temporal hidden state (bottom).
The spatial state provides the object information such as contours and appearances,
while the temporal state provides the motion information of potential motion areas.

The two states will be exploited to generate the future frame by the output branch.

On one hand, although both have 3 units, CubicLSTM (32 x 1 x 3) significantly
outperforms CubicLSTM (32 x 3 x 1). As the spatial branch and the temporal
branch in CubicLSTM (32 x 3 x 1) are identical, the model does not exploit spatial
correlations well and only achieves similar accuracy to ConvLSTM (128 x 4). On
the other hand, even though CubicLSTM (32 x 1 x 3) uses fewer parameters than
ConvLSTM (128 x 4), it obtains better predictions. This experiment validates that

the temporal information and the spatial information should be processed separately.

Comparison with other models. All the results from existing models on
the Moving MNIST dataset are listed in Table 5.1. Two CubicLSTM settings are
reported. The first has three output layers and two spatial layers (32 x 3 x 2), and

the second one has three output layers and three spatial layers (32 x 3 x 3). The
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CubicLSTM (32 x 3 x 3) model produces the best prediction. The prediction of

CubicLSTM is improved by increasing the number of spatial layers.

Two prediction examples produced by CubicLSTM (32 x 3 x 3) are illustrated in
the first row of Figure 5.3. The model is capable of generating accurate predictions
for the two-digit case (MNIST-2). In the second and third rows of Figure 5.3, the
spatial hidden states and the temporal states of the last CubicLSTM unit in the
(32 x 3 x 3) structure are visualized when it predicts the first frames of the two
prediction examples. These states have 32 channels and I visualize each channel
by the function o(-) x 255. As can be seen from the visualization, the spatial
hidden state reflects the visual and the spatial information of the digits in the
frame. The temporal hidden state suggests that it is likely to contain some “motion
areas”. Compared with the relatively precise information of objects provided by the
spatial hidden state, the “motion areas” provided by the temporal hidden state are
somewhat rough. The output branch will apply these “motion areas” on the digits

to generate the prediction.

5.4.2 Robotic Pushing dataset

Robotic Pushing [3] is an action-conditional video prediction dataset which re-
codes 10 robotic arms pushing hundreds of objects in a basket. The dataset consists
of 50,000 iteration sequences with 1.5 million video frames and two test sets. Ob-
jects in the first test set use two subsets of objects in the training set, which are
so-called “seen objects”. The second test set involves two subsets of “novel objects”,
which are not used during training. Each test set has 1,500 recorded sequences. In
addition to RGB images, the dataset also provides the corresponding gripper poses
by recoding its states and commanded actions, both of which are 5-dimensional vec-
tors. Following [3], images are center-cropped and downsampled to 64 x 64, and use

the Peak Signal to Noise Ratio (PSNR) [58] to evaluate the prediction accuracy.



93

~+ CubicLSTM + CDNA
-# ConvLSTM + CDNA
4+ CNN + CDNA

spatial (z-) axis

Time
123 456 78 910

(b) Seen objects

~+- CubicLSTM + CDNA

-#- ConvLSTM + CDNA
—+ CNN + CDNA

bk . » Time
CubicLSTM output (y-) axis B, 3 456780910

(a) CubicLSTM + CDNA (c) Novel objects

1 1 1 1
CubicLSTM CubicLSTM CubicLSTM CubicLSTM CubicLSTM ~ CubicLSTM

Figure 5.4 : (a): Architecture of the model for the Robotic Pushing dataset. The
model is largely borrowed from the convolutional dynamic neural advection (CDNA)
model proposed in [3] and replaces ConvLSTMs in the CNDA model with Cubi-
cLSTMs. The model has three spatial layers, among which the convolutions and
the deconvolutions are shared. (b)-(c): Frame-wise PSNR comparisons of “Cubi-
cLSTM + CDNA”, “ConvLSTM + CDNA” [3] and “CNN + CDNA” on the Robotic

Pushing dataset. Higher PSNR means better prediction accuracy.

The model is illustrated in Figure 5.4(a). The model is largely borrowed from
the convolutional dynamic neural advection (CDNA) model [3] which is an encoder-
decoder architecture that expands along the output direction and consists of several
convolutional encoders, ConvLLSTMs, deconvolutional decoders and CDNA kernels.
The CDNA model in [3] is denoted as “ConvLSTM + CDNA”. The model re-
places ConvLSTMs in the CNDA model with CubicLSTMs and expands the model
along the spatial axis to form a three-spatial-layer architecture. The convolutional
encoders and the deconvolutional decoders are shared among these three spatial
layers. The proposed model is referred to as “CubicLSTM + CDNA”. A baseline
model is also designed by replacing ConvLSTMs in the CNDA model with CNNs,

denoted as “CNN 4+ CDNA”. Since CNNs do not have internal state that flows
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CDNA” [3] and “CNN + CDNA” on the Robotic Pushing dataset. The proposed
“CubicLSTM 4 CDNA” method can generate clearer frames than others, especially

for the videos with novel objects.

along the temporal dimension, it cannot exploit the temporal information. In this
experiment, all models are given three context frames before predicting 10 future
frames and were trained for 100K iterations with the mean square error loss and

the learning rate of 1072, The results are shown in Figure 5.4(b) and Figure 5.4(c).

The “ConvLSTM + CDNA” model only obtains similar accuracy to the “CNN
-+ CDNA” model, which indicates that convolutions of ConvLSTMs in the CDNA
model may mainly focus on the spatial information while neglecting the temporal
information. These ConvLSTMs almost degenerate to CNNs. The “CubicLSTM
+ CDNA” model achieves the best prediction accuracy among these three models.
Therefore, CubicLSTMs is capable of exploiting the temporal information better.
A qualitative comparison of predicted video sequences is given in Figure 5.5. The

“CubicLSTM + CDNA” model generates sharper frames than other models.
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5.4.3 KTH Action dataset

The KTH Action dataset [103] is a real-world videos of people performing one of
six actions (walking, jogging, running, boxing, handwaving, hand-clapping) against
fairly uniform backgrounds. The proposed method is compared with the Motion-
Content Network (MCnet) [48] and Disentangled Representation Net (DrNet) [49]

on the KTH Action dataset.

Figure 3: Comparision with DrNet and MCNet on KTH Actions dataset.

Time t=12 t=15 t=17 t=21 =25 t=27  t=30 |Accuracy|
Ground PSNR
truth
DrNet 20.3
MCnet 26.1
CubicLSTM 28.2
(Ours) )

Figure 5.6 : Qualitative and quantitative comparison of generated sequences between

DrNet, MCnet and CubicLSTM.

The qualitative and quantitative comparisons between DrNet, MCnet and Cu-
bicLSTM are shown in Figure 5.6. Although DrNet can generate relatively clear
frames, the appearance and position of the person is slightly changed. Therefore,
the PSNR accuracy is not quite high. For MCnet, the generated frames are a little
distorted. Compared to DrNet and MCnet, the proposed CubicLSTM model can

predict more accurate frames and therefore achieves the highest accuracy.

Figure 4: Obje

Spatial branch
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5.5 Summary

This chapter presents the CubicLSTM unit for conventional RGB video predic-
tion. The unit processes spatio-temporal information separately by a spatial branch
and a temporal branch. The spatial branch recognizes and extracts moving ob-
jects while the temporal branch captures and predicts motions. The spatial branch
aim to capture moving objects and the temporal branch is responsible for process-
ing motions. This separation can efficiently reduce the video prediction burden for
deep neural networks. The stacked CubicLSTM network generates better predic-
tions than prior models, which validates our belief that the spatial information and

temporal information should be processed separately.
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Chapter 6

Point Spatio-temporal Correlation RNNs for
Point Cloud Video Prediction

6.1 Introduction

Modern robotic and automatic driving systems usually employ real-time depth
sensors such as LiDAR to perceive the geometric information of scenes accurately
while being robust to different lighting conditions. Generally, a point cloud is ex-
pressed as a set of coordinates {(z,y, )}, i.e., P € R™3 indicating positions of each
measured point in 3D space, associated with point features X € R"*? if features are
available, where n is the number of points and d is the feature dimension. Because
motion is the change in position with respect to time, point cloud videos are more
suitable for motion analysis than conventional videos. Therefore, it is promising to

conduct video prediction on moving 3D point clouds.

However, unlike conventional grid based RGB videos, point cloud videos are ir-
regular and unordered in the spatial dimension, and emerge inconsistently in the
temporal dimension. The conventional RNNs have two severe limitations on pro-
cessing point cloud sequences. On one hand, RNNs learn from one-dimensional
vectors, in which the input, state and output are highly compact. It is difficult for
a vector to represent an entire point cloud. Although the P and X can be flatten
to one-dimensional vectors, such operation heavily damages the data structure and
increases the challenge for neural networks to understand point clouds. Moreover,
this operation is not independent of point permutations. If we use the global fea-

ture to represent a point cloud, the local structure will be lost. One the other hand,
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RNNs aggregate the previous state and the current input based on a concatenation
operation. Because point clouds are unordered, concatenation can not be directly
applied to point cloud frames. Therefore, new RNN units should be extended to

overcome this problem.

This chapter presents a series of point spatio-temporal correlation recurrent neu-
ral networks [107], including PointRNN, PointGRU and PointLSTM, for point-level
point cloud video modelling, which are then applied to point cloud video predic-
tion by building sequence-to-sequence (seq2seq) [2] models. Experimental results
on a synthetic moving MNIST point cloud dataset and two large-scale autonomous
driving datasets, i.e., Argoverse [108] and nuScenes [109], show that PointRNN,
PointGRU and PointLSTM produce promising predictions, confirming their ability

to process moving point clouds.

6.2 PointRNN

This section first reviews the standard (vanilla) RNN and then describes the

proposed PointRNN in detail.

The RNN is a class of deep neural networks which uses its state s € R¥*! to
process sequences of inputs, which allows it to exhibit temporal dynamic behavior.
Usually, RNNs rely on a concatenation operation to aggregate the past s;_; and the

current x; € R%!, which is referred to as the rnn function in this chapter,
sy =rnn(xy, Sg—1; W, b) = W - [x, s4-1] + b, (6.1)

where - denotes matrix multiplication and [-, -] denotes concatenation. The W €
R *(@+4) and b € R? are the parameters of RNN to be learned. This operation
can be implemented by fully-connected (FC) layer in deep neural networks (shown

in Figure 6.1(a)). Usually, RNN uses its state s; as output, i.e., y, = s;.

The conventional RNN learns from one-dimensional vectors, limiting its applica-
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Figure 6.1 : a) The RNN aggregates the input ;, € R? and state s,_; € R? by a con-
catenation operation, followed by an fully-connected (FC) layer. b) The PointRNN
aggregates X; € R™? and 8, € R™? according to point coordinates by a point
spatio-temporal correlation. First, for each point in P; € R™*3, PointRNN searches
k neighbors in P; ;. Second, for each neighbor, the feature of the query point in
X, the state of the neighbor in S;_;, and the displacement from the neighbor to
the query point are concatenated. Third, the k concatenated representations are

processed by an FC layer. At last, pooling is used to merge the k representations.

tion to process point cloud sequences. To keep the spatial structure, the proposed
PointRNN directly takes the coordinates P; and features X; as input. Similarly,
the state s; and the output y, in RNN are extended to §; € R**? and Y, € R™*?
in PointRNN. The update for the point states of PointRNN at the ¢-th time step is

formulated as follows,

S; = point—rnn((Pt, X4),(Py_1,Si-1); W, b))

o : ‘ (6.2)

= { pooling {W - [X},S/_, P, — P,_,| + b}}
iIP}_ eN(P}) T

where W € R?*(@+d'+3) ' ¢ R? and N(-) is neighborhood query. This point-based

spatial-temporal correlation is referred as point-rnn. Similar to RNN, by default,

PointRNN uses S; as output, i.e., Y; = S;.
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The goal of the point-rnn function is to aggregate the past and the current accord-
ing to point coordinates (shown in Figure 6.1 (b)). Given (P, X;) and (P;_1, S;-1),
point-rnn merges X; and S;_; according to P; and P,_;. Specifically, for each point
in P,, taking the i-th point P! for instance, point-rnn first finds its neighbors in
P, ;. The neighbors potentially share the same geometry and motion information
about the query point P!. Second, for each neighbor, taking the neighbor P{fl for
instance, the feature X! of the query point, the state S{_l of the neighbor, and
the displacement P! — PJ_, from the neighbor to the query point are concatenated,
which are subsequently processed by a shared FC layer. Third, the processed con-
catenations are pooled to a single representation. The output of point-rnn, i.e.,
S, contains the past and the current information of each point in P;. Note that,
compared with the rnn function in Eq. (6.1), if we ignore the parameters caused by

the displacements, the point-rnn function does not introduce additional parameters.

Two methods for neighborhood query are studied in this chapter. The first one
directly finds k nearest neighbors for the query point (kNN). The second one works
by first finding all points that are within a radius to the query point and then
sampling k neighbors from the points (ball query [79]). Since a point cloud is a set
of orderless points, point states or features of two time steps at the same row may
correspond to different points. Without point coordinates, an independent S; or
Y, is meaningless. Therefore, the point coordinates P; is added into the state and

output of PointRNN.

The PointRNN provides a prototype that extends RNN to process point cloud
sequence. Each component in PointRNN is necessary. However, we can design more
effective point spatio-temporal correlation methods to replace point-rnn, which can

be further studied in the future.
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6.3 PointGRU and PointLSTM

Because PointRNN inherits RNN;, it may encounter the same exploding and van-
ishing gradient problems as RNN. Therefore, two variants, which combine Point RNN
with GRU and LSTM, respectively, are proposed to overcome these problems. The
concatenation operations in GRU are replaced with the point spatio-temporal cor-
relation operations, i.e., point-rnn, forming the PointGRU unit. The updates for
PointGRU at the ¢-th time step are formulated as follows,

Z, = 0(point—rnn((Pt, X)), (Pyq,S11); W, bz)),

R, = a(point—rnn((Pt, X)), (Pi—1,S1-1); W,, br)>,

S,1 = point—rnn((Pt, None), (P;_1,8;-1); W, bg), (6.3)

S, = tanh (W5 - [X,, R, © §;_1] + bs),

S, =Z,08_,+01-2,)06S8,
where Z, is the update gate and Ry is the reset gate. The o(-) denotes the sigmoid
function and ® denotes the Hadamard product. Similar to PointRNN, the input of
PointGRU is (Py, X;), the state is (Py, S¢) and by default, the output is (Py, Sy).
Note that, besides the point-rnn function, another difference between GRU and
PointGRU is that, PointGRU has an additional step S;_;. The goal of this step is
to weight and permute S;_; according to the current input points P;. Only after

this step can we perform Hadamard product between the previous state S,_; and

the current reset gate R;.

Similarly, the concatenation operations in LSTM are replaced with the point-rnn
functions, forming the PointLSTM unit. The updates for PointLSTM at the ¢-th
time step are formulated as Eq. (6.4), where I, is the input gate, F is the forget
gate, O, is the output gate, C; is the cell state and H; is the hidden state. The
input of PointLSTM is (P, X;), the state is (P;, H;, C;) and by default, the output

is (P, Hy). Like from GRU to PointGRU, compared with LSTM, PointLSTM has
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an additional step C,_1, which weights and permutes C;_; according to the current
input points P;.

I, = 0<point—rnn((Pt, X)), (Pyy,H, 1); W, bi)>,

F, = a<point—rnn( P, X,),(P,_1,H, ); Wy, bf)>,

O, = 0<point—rnn( P, X,),(P,1,H, 1);W, b, ))

C, = point—rnn((Pt, None), (Py_1,Cy_1); W, bé) (6.4)
C, = tanh (point—rnn((Pt, X)), (Pyy,Hy 1); W ,b~)>,
Ci=F,0C,,+1,0C,

Ht = Ot ® tanh(Ct),

6.4 Point Cloud Video Prediction

6.4.1 Architecture

This section presents a basic model and an advanced model based on the seq2seq
framework. The basic model (shown in Figure 6.2 (a)) is composed two parts, i.e.,
one part for encoding the given point cloud sequence and one part for predicting.
Specifically, an encoding PointRNN, PointGRU or PointLSTM unit watches the in-
put point clouds one by one. After watching the last input P, its state is used to
initialize the state of a predicting PointRNN, PointGRU or PointLSTM unit. The
predicting unit then takes P, as input and begins to make predictions. Rather than
directly generating future point coordinates, the proposed models predict displace-
ments AP, that will happen between the current step and the next step, which can

be seen as 3D scene flow.

Multiple PointRNN, PointGRU or PointLSTM units can be stacked to build up
a multi-layer structure for hierarchical prediction. However, because all points are
processed in each layer, a major problem of this structure is that it is computation-

ally intensive, especially for high-resolution point sets. To alleviate this problem,
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a) Basic model predicting b) Advanced model (predicting part) coordinates features
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Figure 6.2 : Architectures for point cloud video prediction. a) Basic model (with one
PointRNN layer). A PointRNN encodes the given point cloud sequence to a state,
i.e., (P, S}), which is then used to initialize the state of a predicting PointRNN.
Multiple PointRNN layers can be stacked along the output direction. The prediction
P, is achieved by P, + AP,. b) Predicting part of the advanced model (with
three PointRNN layers). Sampling (S) and grouping (G) are used to down-sample
points and group features, respectively. PointRNNs aggregate the past and the
current, and outputs features for prediction. Feature propagation (FP) layers are
used to propagate features from subsampled points to the original points. The

fully-connected (FC) layer regresses features to predicted displacements AP;.

an advanced model (shown in Figure 6.2 (b)) is proposed. This model borrows two
components from PointNet++ [79], i.e., 1) a sampling operation and a grouping
operation for down-sampling points and their features and 2) a feature propagation
layer for up-sampling the representations associated with the intermediate points to
the original points. By this down-up-sampling structure, the advanced model can
take advantage of hierarchical learning, while reduce the points to be processed in

each layer.

6.4.2 Training

There are two strategies to train recurrent neural networks. The first one uses
ground truths as inputs during predicting, which is known as teacher-forcing train-

ing. The second one works using predictions generated by the network as inputs



64

(Figure 6.2 (a)), which is referred to as free-running training. When using the
teacher-forcing training, it shows that models quickly get stuck in a bad local op-
tima, in which A P; tends to be 0 for all inputs. Therefore, the free-running strategy

is used for training.

Since point clouds are unordered, point-to-point loss functions can not directly
apply to compute the difference between the prediction and ground truth. Loss
functions should be invariant to the order of input points. In this chapter, the
Chamfer Distance (CD) and Earth Mover’s Distance (EMD) are adopted. The CD
between the point set P and P’ is defined as follows,

Lop(P, P') Z min, [|p — p/|* + > min |[p’ - p]*. (6.5)

P eP’
Basically, this loss function is a nearest neighbour distance metric that bidirection-
ally measures the error in two sets. Every point in P is mapped to the nearest point

in P’ and vice versa. The EMD from P to P’ is defined as follows,
Leyp (P, P') in, Z Ip — o), (6.6)

where ¢ : P — P’ is a bijection. The EMD calculates a point-to-point mapping

between two point clouds. The overall loss is as follows,
L(P,P') = aLlop(P,P')+ BLeup(P, P'), (6.7)

where the hyperparameter «, 5 > 0.

6.5 Experiments

I conduct experiments on one synthetic moving MNIST point cloud dataset and
two large-scale real-world datasets, i.e., Argoverse [108] and nuScenes [109]. Models
are trained for 200k iterations using the Adam [104] optimizer with a learning rate

of 107°. Gradients are clipped in the range [—5,5]. The « and § in Eq. (6.7) are
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set to 1.0. Following point cloud reconstruction [110, 111, 112}, CD and EMD are
used for quantity evaluation. Model details are listed in Table 6.1. Max pooling is
used for the proposed models. For the two real-world datasets, because they contain
too many points to be processed by the basic model, only the advanced model is
evaluated. I randomly synthesize or sample 5,000 sequences from test subsets of

these datasets as the test data.

Three baselines are devised for comparison. 1) Copy last input. This method
does not make predictions and just copies the last input in the given sequence as
outputs. Models that outperform this method can prove their effectiveness to model
point cloud sequence. 2) PointNet++ - LSTM. This method first uses set ab-
straction (SA) layers from PointNet++ [79] to encode a point cloud to a global
feature. Then, LSTMs take the global features as inputs and output predicted fea-
tures. At last, like the advanced model, FP layers are used to propagate features
to predicted displacements. 3) PointCNN - ConvLSTM. The PointCNN [80]
provides an X-Conv operator that can weight and permute input points and fea-
tures before they are processed by a typical convolution. Therefore, Point CNN and
ConvLLSTM can be combined for point cloud sequence processing by using X'-Conv
to permute ConvLSTM states. This combination is evaluated with the advanced

model.

6.5.1 Moving MNIST Point Cloud

Experiments on the synthetic Moving MNIST point cloud dataset can provide
some basic understanding of the behavior of the proposed recurrent units. To synthe-
size moving MNIST digit sequences, a generation process similar to that described
in [42] is used. Each synthetic sequence consists of 20 consecutive point clouds,
with 10 for inputs and 10 for predictions. Each point cloud contains one or two

potentially overlapping handwritten digits moving and bouncing inside a 64 x 64
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area. The digits are chosen randomly from the MNIST dataset and placed initially
at random locations. Each digit is assigned a velocity whose direction is chosen
uniformly on a unit circle and whose magnitude is also chosen uniformly at random
over a fixed range. Pixels whose brightness values (ranged from 0 to 255) are less
than 16 are removed. Locations of the remaining pixels are transformed to (x,y)
coordinates. The z-coordinate is set to 0 for all points. I randomly sample 128
points for one digit and 256 points for two digits as input, respectively. Batch size

is set to 32.

Besides the three baselines, the proposed methods is also compared with two
conventional video prediction models, i.e., ConvLSTM [1] and CubicLSTM [67].
Essentially, the Moving MNIST point cloud dataset is 2D. Digit point clouds can
be first voxelized to images and then apply conventional video based methods to
process them. Specifically, a pixel in the voxelization image is set to 1 if there exists
a point at the position. Otherwise, the pixel is set to 0. In this way, a 2D point
cloud sequence is converted to a video. For training, the binary cross entropy loss is
used to optimize each output pixel. For evaluation, because the number of output
points is usually not consistent with that of input points, points whose brightness
are in top 128 (for one digit) or top 256 (for two digits) are collected as the output

point cloud.

Experimental results are listed in Table 6.2 (the proposed methods are with ball
query). The NN results are listed in Table 6.3. The performance of advanced
models (ball query) with different numbers of layers is reported in Table 6.4. Two
prediction examples are visualized in Figure 6.3 (the proposed models are with the
advanced architecture and ball query). The following conclusions on the moving

MNIST point cloud dataset can be drawn.

PointRNN, PointGRU and PointLSTM are superior to other methods. For ex-
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Table 6.1 : Architecture specs. Each component (C) is described by four attributes,
i.e., number of output points (#pts), search radius (r), number of neighbors (k)
and number of output channels (¢). S: sampling. G: grouping. PU: PointRNN,

PointGRU or PointLSTM unit. FP: feature propagation. FC: fully-connected layer.

Moving MNIST Point Cloud Argoverse & nuScenes
C basic model advanced model advanced model
#pts r k c #pts r k c #pts r k c
S - n/2 1.0 4 - n/2 0.5 8 -
PU n 4.0 8 64 n/2 4.0 12 64 n/2 1.0 24 128
SG - n/4 2.0 4 - n/4 1.0 8 -
PU n 8.0 8 128 n/4 8.0 8 128 n/4 20 16 256
SG - n/8 4.0 4 - n/8 2.0 8 -

PU n 12.0 8 256 n/8 12.0 4 256 n/8 4.0 8 512

FP - n/4 - - 128 n/4 - - 256
FP - n/2 - - 128 n/2 - - 256
FP - n - - 128 n - - 256
FC n - - 64 n - - 64 n - - 128
FC n - - 3 n - - 3 n - - 3

ample, in Table 6.2, the CD of advanced PointLSTM on one-digit prediction is 1.16,
less than ConvLLSTM by 56.93, CubicLSTM by 8.35, PointNet++ - LSTM by 174.1

and PointCNN - ConvLSTM by 14.21.

Compared with the basic architecture, the advanced architecture significantly
reduces computation. For example, in Table 6.2, for the one-digit prediction, the
FLOPs of the basic PointGRU is 14.84 billion and the FLOPs of the advanced

PointGRU is only 2.00 billion.

The advanced architecture also achieves lower prediction error than the basic

architecture. For example, in Table 6.2, for the two-digit prediction, the CD of the
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Table 6.2 : Prediction error (CD and EMD), #params (million) and FLOPs (billion)

on the moving MNIST point cloud dataset.

One digit Two digits

Method #params
FLOPs CD EMD | FLOPs CD EMD
Copy last input - - 262.46 15.94 - 140.14 15.18
ConvLSTM [1] (voxel-based) 2.16 34526 58.09 885 | 34526 13.02 5.99
CubicLSTM [67] (voxel-based) 6.08 448.88 9.51 4.20 | 448.88 6.19 4.42
PointNet++ - LSTM 2.50 1.01 175.26 15.86 1.94 100.08 15.10
PointCNN - ConvLSTM 2.97 1.43 1537  5.45 2.86 49.92 10.31
PointRNN 0.27 5.32 2.65 2.79 10.65 16.08  6.62
E PointGRU 0.96 14.84 1.43  2.03 29.73 729 487
PointLSTM 1.22 24.74 1.40  2.00 49.55 7.28  4.82
9 PointRNN 0.36 0.77 1.78  2.32 1.54 1144  5.87
§ PointGRU 1.04 2.00 1.18  1.85 4.00 5.79  4.49
B PointLSTM 1.30 3.18 1.16 1.78 6.37 5.18 4.21

Table 6.3 : Prediction error of PointRNN, PointGRU and PointLSTM with £NN on

the moving MNIST point cloud dataset.

One digit Two digits

Method
CD EMD CD EMD
PointRNN 5.86 3.76 22.12 7.79
E PointGRU 2.61 2.53 19.74 7.64
PointLSTM 2.72 2.56 17.34 7.20
g PointRNN 2.25 2.53 14.54 6.42
é PointGRU 1.55 2.07 8.88 5.33
- PointLSTM 1.43 1.98 8.29 5.13

basic PointRNN is 16.08 and the CD of the advanced PointRNN is 11.44.
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Figure 6.3 : Visualization of moving MNIST point cloud prediction. Left: one

moving digit. Right: two moving digits.

PointGRU and PointLLSTM are superior to PointRNN. However, it is difficult to
declare a winner between PointGRU and PointLSTM. For example, in Table 6.2,
for the two-digit prediction, the EMDs of the advanced PointGRU and PointLSTM
are 4.49 and 4.21, respectively, which are similar and lower than that (5.87) of

PointRNN.

The ball query is superior to the kNN. For example, when applying the advanced
PointLSTM model to the two-digit prediction, the EMD of the ball query is 4.21

(in Table 6.2) and the EMD of the kNN is 5.13 (in Table 6.3).

Hierarchical structure by stacking multiple layers can effectively improve accu-
racy. For example, on the one-digit prediction, the CDs of the advanced PointGRU

with one, two and three layers are 3.72, 1.48 and 1.18, respectively.

Learning via global features fails to make predictions. In Table 6.2, although
the PointNet++ - LSTM combination obtains lower CDs than the copy-last-input
method, their EMDs are similar. In Figure 6.3, PointNet++ - LSTM fails to predict

neither appearance nor motion.

Point-based models consume less FLOPs than voxel-based models. Taking the
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Table 6.4 : Performance of advanced models (ball query) with different numbers of

layers on the moving MNIST point cloud dataset.

One digit Two digits

Method #params

FLOPs CD EMD FLOPs CD EMD
. PointRNN 0.025 0.176 8.23 4.35 0.354 29.92 8.30
% PointGRU 0.051 0.454 3.72 2.99 0.912 19.41 6.99
- PointLSTM 0.060 0.710 4.34 3.17 1.427 18.37 7.14
s PointRNN 0.109 0.485 2.77 2.80 0.972 16.51 6.62
% PointGRU 0.268 1.224 1.48 2.05 2.453 8.22 5.13
- PointLSTM 0.328 1.962 1.50 2.06 3.931 7.82 4.96

two-digit prediction for instance, the basic PointLSTM model consumes only 49.55
billion FLOPs, while the voxel-based ConvLSTM consumes 345.26 billion FLOPs.
The reason is that, the FLOPs of point-based models only depends on the number
of input points, while voxel-based models have to process the entire space no matter

how many points are actually in the space.

Voxel-based models are not sensitive to sparse point clouds. According to Ta-
ble 6.2 and Figure 6.3, the predictions of ConvLLSTM and CubicLSTM on one moving
digit are worse than those on two moving digits, which is counterintuitive. One pos-
sible reason is that, for one-digit prediction, there is only 128/(64 x 64) = 3.125%

point area, which is too sparse for voxel-based methods.

6.5.2 Argoverse and nuScenes

Argoverse [108] and nuScenes [109] are two large-scale autonomous driving datasets.
The Argoverse data is collected by a fleet of autonomous vehicles in Pittsburgh
(86km) and Miami (204km). The nuScenes data is recorded in Boston and Singa-

pore, with 15h of driving data (242km travelled at an average of 16km/h). These
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Table 6.5 : Details of the Argoverse and nuScenes datasets. #pcs: number of point

clouds, #pts/pc: number of points per point cloud on average.

trainval test
Dataset frequency #pts/pc range
#logs #pcs #logs #pcs
Argoverse [108] 89 18,211 24 4,189 10Hz 90,549 200m
nuScenes [109] 68 297,737 15 52,423 20Hz 34,722 70m

datasets are collected by multiple sensors, including LiDAR, RADAR, camera, etc.
In this chapter, only the data from LiDAR sensors is used, without any human-
annotated supervision, for moving point cloud prediction. Details about Argoverse

and nuScenes are listed in Table 6.5.

Predicting moving point clouds on real-world driving datasets is considerably
challenging. Content of a long driving point cloud sequence may change dramati-
cally. Because we can not predict what are not provided in the given inputs, models
are asked to make short-term prediction on the driving datasets. Each driving log
is considered as a continuous point cloud sequence. 10 successive point clouds are
randomly choiced from a driving log for training, with 5 for inputs and 5 for predic-
tions. Since Argoverse and nuScenes are high-resolution, using all points requires
considerable computation and running memory. Therefore, for each cloud, only the
points whose coordinates are in the range [—5m, 5m| are used. Then, 1,024 points
are randomly sampled from the range as inputs and ground truths. Batch size is set
to 4. Experimental results are listed in Table 6.6 (the proposed methods are with
ball query). The result details over time are illustrated in Figure 6.4. The kNN

results are listed in Table 6.7.

PointRNN, PointGRU and PointLSTM are superior to PointNet++ - LSTM and

PointCNN - ConvLSTM. For example, in Table 6.6, the CD of advanced Point RNN
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Figure 6.4 : Comparison of different methods over time.

on Argoverse is 0.2789, less than PointNet++ - LSTM by 0.1037 and PointCNN -
ConvLLSTM by 0.0668. In Figure 6.4, the proposed models achieve lower prediction

error than PointNet++ - LSTM and PointCNN - ConvLSTM at most time steps.

The kNN and ball query achieve similar accuracy on Argoverse and nuScenes.
For example, when applying the advanced PointLSTM model to Argoverse, the
EMD of the ball query is 0.8892 (in Table 6.6) and the EMD of the kNN is 0.8856
(in Table 6.7).

Two prediction examples are visualized in Figure 6.5 (the proposed models are
with the ball query). For the first example, PointNet++ - LSTM and PointCNN

- ConvLSTM fail to predict car A or car B to move backward, while PointRNN,
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Table 6.6 : Prediction error (CD and EMD), #params (million) and FLOPs (billion)

on Argoverse and nuScenes.

Argoverse nuScenes

Method #params  FLOPs

CD EMD CD EMD
Copy last input - - 0.5812 1.0667 0.0794 0.3961
PointNet++ - LSTM 9.98 26.54 0.3826 1.0011 0.0716 0.3953
PointCNN - ConvLSTM 12.04 24.17 0.3457 0.9659 0.0683 0.3874
PointRNN 1.42 22.40 0.2789 0.8964 0.0619 0.3750
PointGRU 4.15 59.49 0.2994 0.9084 0.0620  0.3738
PointLSTM 5.18 98.49 0.2966  0.8892 0.0624 0.3745

Inputs

Ground truths

PointNet++ - LSTM

PointCNN - ConvLSTM

PointRNN (ours)

PointGRU (ours)

PointLSTM (ours)

Figure 6.5 : Visualization of moving point cloud prediction on Argoverse. Left: an
example of bird’s-eye view (color encodes height). Right: an example of worm’s-eye
view (color encodes depth). Moving objects are marked with bounding boxes at the

last time step.

PointGRU and PointLSTM can predict the movement of car B correctly and the
movement of car A with a little error at the rear. For the second example, Point-

Net++ - LSTM fails to predict the movements of the pedestrian or the two cars.
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Table 6.7 : Prediction error of PointRNN, PointGRU and PointLSTM with £NN on

Argoverse and nuScenes.

Argoverse nuScenes
Method
CD EMD CD EMD
PointRNN 0.2541 0.8743 0.0627 0.3739
PointGRU 0.2922 0.9054 0.0610 0.3711
PointLSTM 0.2890 0.8856 0.0619 0.3730

The PointCNN - ConvLSTM model can predict the pedestrian to a certain degree,

but fails to predict the cars. PointRNN, PointGRU and PointLSTM can predict the

movements of both the pedestrian and the cars.

The predicted scene flow (AP) by the advanced PointLSTM model (ball query)
is visualized in Figure 6.6. The point whose flow magnitude ||Apl|| is less than 0.01m
is removed. The model outputs reasonable scene flow. This suggests a promising

method to learn 3D scene flow from point clouds in an unsupervised manner.

6.6 Summary

This chapter extends RNN, GRU and LSTM to PointRNN, PointGRU and
PointLSTM, respectively, for point cloud sequence processing. Based on the pro-
posed recurrent units, a basic seq2seq model and an advanced seq2seq model are
devised for point cloud video prediction. Experimental results on a synthetic dataset
and two real-world datasets demonstrate their ability to model point cloud se-
quences. This chapter also shows the proposed method provides a promising unsu-
pervised learning solution for 3D scene flow estimation. Additionally, the proposed
PointRNN, PointGRU and PointLSTM have the potential for other temporal-related

applications, such as 3D action recognition based on point cloud and sequential 3D
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Figure 6.6 : Visualization of predicted scene flow (AP). The color of scene flow
encodes flow magnitude. a) When the LiDAR is uniformly moving, the model
generates similar scene flow. b) When the LiDAR stops moving, the scene flow

vanishes.

scene semantic segmentation. For example, in the 3D scene semantic segmentation
task, the proposed units can help intelligent agents to parse whether a car is mov-
ing or parking according to a few consecutive observations. More effective spatio-
temporally correlation methods can be studied to improve PointRNN, PointGRU

and PointLSTM.
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Chapter 7

Conclusion

This dissertation presents four works about video modelling, with two works on
video classification and two works on video prediction. The first video classifica-
tion work focused on complex event detection in untrimmed videos, which can be
seen as binary video classification problem. Because that only video-level labels are
given, the proposed MIL-SRI method treat complex event detection as a weakly-
supervised learning task and formulate it as an multi-instance learning problem. By
treating each video as a bag and the video shots in the video as instances, MIL-SRI
identifies reliable instances from positive and negative bags, rather than predicting
instance labels, which simultaneously learns a linear SVM classifier and infers a bi-
nary indicator to indicates whether the instance is selected as a reliable instance or
not. Experimental results on real-world datasets demonstrate the proposed MIL-SRI
method effectively improve complex event detection accuracy in untrimmed videos.
By extending MIL-SRI to multiple classification, the proposed method have a po-
tential to be applied in to temporal action proposals (producing a set of candidate
temporal segments that are likely to contain a human action) and temporal action
localization (temporally localizing activities in untrimmed video sequences, where
videos can contain more than one activity instance, and multiple activity categories

can appear in the video).

The second video classification work focuses on the efficiency problem of video
classification. Motivated by humans who classify videos by watching a very small

portion of frames, a reinforcement learning based method is proposed for efficient
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video classification. The proposed method consists of a “fast forward” mechanism
and and an “adaptive stop” mechanism. when finding the current frame does not
add any helpful information to classify the video, “fast forward” plays the video
in a faster speed. When finding informative frames, “fast forward” slow downs
the watching speed and look into details. When confident enough, “adaptive stop”
stop watching the video and the model emits the classification decision. By the
“fast forward” and and “adaptive stop” mechanisms, the computational cost for
video classification is significantly reduced while maintaining the similar accuracy.
To improve the accuracy, a promising method is to avoid the noise from watched

irrelevant frames being merged into the model state, which can be studied in future.

For video prediction, the first work focuses on conventional 2D RGB videos. To
reduce the burden of deep neural networks for spato-temporal modelling, a Cubi-
cLSTM unit is developed which processes spatio-temporal information separately
by a spatial branch and a temporal branch. The spatial branch recognizes and
extracts moving objects while the temporal branch captures and predicts motions.
The sequence-to-sequence architecture, which stacks multiple CubicLSTM units,
generates better predictions than existing models, validating the motivation that
the spatial information and temporal information should be processed separately.
In order to further improve prediction accuracy, hierarchical architectures can be
devised with CubicLSTMs to better capture the spatio-temporal structure, rather

than simple stack multiple units.

The second video prediction work extends prediction to moving 3D point cloud
sequences, which has been largely ignored by the community. To model the spatio-
temporal correlations in 3D point cloud videos, a series of point spatio-temporal
recurrent neural networks, including PointRNN, PointGRU and PointLSTM, are
proposed. To apply PointRNN, PointGRU and PointLSTM to 3D point cloud video

prediction, based on the ssequence-to-sequence architecture, a basic model and an
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advanced model are developed. Experimental results on a synthetic dataset and
two real-world self-driving datasets demonstrate the proposed method is able to
effectively model point cloud videos. The proposed units have the potential for
other temporal-related applications, such as 3D action recognition based on point
cloud and sequential scene semantic segmentation. More effective spatiotemporally-
local correlation methods can be studied to improve PointRNN, PointGRU and

PointLSTM, which can be further studied in future.
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