ENEE NANYANG
TECHNOLOGICAL
UNIVERSITY

SINGAPORE

Towards Temporal Sentence Grounding in Videos

Zhang Hao

School of Computer Science and Engineering

A thesis submitted to the Nanyang Technological University
in partial fulfillment of the requirements for the degree of

Doctor of Philosophy

2022



Statement of Originality

I hereby certify that the work embodied in this thesis is the result of original
research, is free of plagiarised materials, and has not been submitted for a higher

degree to any other University or Institution.

25/07/2022 24AN G 1440

Date Zhang Hao



Supervisor Declaration Statement

I have reviewed the content and presentation style of this thesis and declare it
is free of plagiarism and of sufficient grammatical clarity to be examined. To
the best of my knowledge, the research and writing are those of the candidate
except as acknowledged in the Author Attribution Statement. I confirm that the
investigations were conducted in accord with the ethics policies and integrity
standards of Nanyang Technological University and that the research data are

presented honestly and without prejudice.

25/07/2022 ﬂ\

Date A/Prof. Aixin SUN

i



Authorship Attribution Statement

This thesis contains material from 4 papers published in the following peer-
reviewed journals / from papers accepted at conferences and and 2 under-reviewed

manuscripts in which I am listed as an author.

Chapter 2 is submitted as Hao Zhang, Aixin Sun, Wei Jing, and Joey Tianyi
Zhou. The Elements of Temporal Sentence Grounding in Videos: A Survey

and Future Directions. Under review.

The contributions of the co-authors are as follows:
e Prof. Sun suggested the research direction and the general framework.

* | collected the papers, categorized and analyzed existing work, wrote the

first manuscript, and revised the drafts.

* Prof. Sun, Dr. Jing and Zhou revised and proofread the manuscript.

Chapter 3 is published as Hao Zhang, Aixin Sun, Wei Jing, and Joey Tianyi
Zhou. Span-based Localizing Network for Natural Language Video Localiza-
tion. In Proceedings of the 58th Annual Meeting of the Association for Compu-
tational Linguistics (Volume 1: Long Papers), pages 6543—-6554, Online, 2020.

The contributions of the co-authors are as follows:

 Prof. Sun provided the initial research direction. Then we discussed about

several model designs at the early stage.

* [ came up with the idea, designed and performed all experiments, con-

ducted data analysis, wrote the first manuscript, and revised the drafts.

* Prof. Sun, Dr. Jing and Zhou revised and proofread the manuscript.

Chapter 4 is accepted as Hao Zhang, Aixin Sun, Wei Jing, Liangli Zhen, Joey
Tianyi Zhou, and Rick Siow Mong Goh. Natural Language Video Localization:

il



A Revisit in Span-based Question Answering Framework. In IEEE Transac-
tions on Pattern Analysis and Machine Intelligence, doi: 10.1109/TPAMI.2021.
3060449, 2021.

The contributions of the co-authors are as follows:
* Prof. Sun suggested the research direction.

* [ came up with the idea, designed and performed all experiments, con-

ducted data analysis, wrote the first manuscript, and revised the drafts.
e Prof. Sun, Dr. Jing and Zhou revised the manuscript.

* Dr. Zhen and Goh proofread the manuscript.

Chapter 5 is published as Hao Zhang, Aixin Sun, Wei Jing, Liangli Zhen, Joey
Tianyi Zhou, and Siow Mong Rick Goh. Parallel Attention Network with Se-
quence Matching for Video Grounding. In Findings of the Association for Com-
putational Linguistics: ACL-IJCNLP 2021 (Long Papers), pages: 776-790,
Online, 2021.

The contributions of the co-authors are as follows:
* Prof. Sun suggested the research direction.

* [ came up with the idea, designed and performed all the experiments, con-

ducted the data analysis, wrote the first manuscript, and revised the drafts.
 Prof. Sun, Dr. Jing and Zhou revised the manuscript.

* Dr. Zhen and Goh proofread the manuscript.

Chapter 6 is submitted as Hao Zhang, Aixin Sun, Wei Jing, and Joey Tianyi
Zhou. Towards Debiasing Temporal Sentence Grounding in Video. Under re-

View.

The contributions of the co-authors are as follows:

* Prof. Sun suggested the research direction.

v



* [ came up with the idea, designed and performed all experiments, con-

ducted data analysis, wrote the first manuscript, and revised the drafts.

* Prof. Sun, Dr. Jing and Zhou revised and proofread the manuscript.

Chapter 7 is published as Hao Zhang, Aixin Sun, Wei Jing, Guoshun Nan, Lian-
gli Zhen, Joey Tianyi Zhou, and Rick Siow Mong Goh. Video Corpus Moment
Retrieval with Contrastive Learning. In Proceedings of the 44th International
ACM SIGIR Conference on Research and Development in Information Retrieval
(Long Papers), pages: 685—695, Online, 2021.

The contributions of the co-authors are as follows:
* Prof. Sun suggested the research direction.

* | came up with the idea, designed and performed all experiments, con-

ducted data analysis, wrote the first manuscript, and revised the drafts.
 Prof. Sun, Dr. Jing and Zhou revised the manuscript.

* Dr. Nan, Zhen and Goh proofread the manuscript.

25/07/2022 214AN G 140

Date Zhang Hao



Acknowledgements

First and foremost, I would like to give my special gratitude to my supervisor Prof. Sun Aixin
for his guidance, support and encouragement throughout my Ph.D. study, which is one of the
most meaningful periods in my life. Besides being a supervisor, Prof. Sun is also a friendly
and great leader. Working under his supervision was a fruitful and enjoyable experience, which
allowed me to not just gain substantial knowledge about my research topic, but also broaden
my perspective to related fields.

I would also like to thank my co-supervisor Dr. Zhou Joey Tianyi for his support and in-
sightful advice. Without his sharing of knowledge and experience, it would be difficult for me
to complete the research work favourably. I am thankful to my colleagues, Dr. Goh Rick Siow
Mong, Dr. Liu Ping, Dr. Jing Wei, Dr. Yan Ming, Dr. Zhen Liangli, and Dr. Zhu Hongyuan for
their support and help.

I am thankful to my seniors, Dr. Chen Zhe, Dr. Jin Di, Dr. Nan Guoshun, Dr. Niu Yulei
for their sharing of knowledge and valuable comments; and my collaborators and lab-mates
(in chronological order), Dong Kuicai, Lin Ting, Ji Yitong, Ma Yubo, Puang En Yen, Toh Wei
Qi, Wang Jing, Wang Tianying, Xue Fuzhao, Wu Yin, Yu Sicheng, Zhou Shaowen, for their
companionship in the journey of pursuing knowledge and expanding the boundaries of our
understanding. The staffs in the graduate student office, especially Ms. Ker Shen Hui, helped
me a lot in various of affairs, and I am very grateful to them.

Last but not least, I would like to thank my parents for their unconditional love and encour-

agement. This thesis is dedicated to them who are the motivation for my hard work.

vi



Abstract

Temporal sentence grounding in videos (TSGV), a.k.a., natural language video localization
(NLVL) or video moment retrieval (VMR), aims to retrieve a temporal moment (i.e., a frac-
tion of a video) that semantically corresponds to a language query from an untrimmed video.
Connecting computer vision and natural language, TSGV has drawn significant attention from
researchers in both communities. Successful retrieval of temporal moments enables machines
to understand and organize multimodal information in a systematic manner. Different from
humans who can quickly identify temporal moments, which is semantically related to a given
language query, using their inference-making ability and commonsense knowledge, machines
do not have such intelligence. The main challenge is that machines require to understand the
semantics of both video and language query, as well as the precise cross-modal reasoning be-
tween them. As video and language query are different modalities, the recognition and local-
ization of temporal moments greatly depend on machine understanding of the input contents
and interactions between them.

In this thesis, we introduce several novel approaches to tackle the TSGV problem from a
new perspective. First, we propose to formulate TSGV as a span-based question answering
(QA) task by treating the input video as a text passage. Then we devise a video span localizing
network (VSLNet), on top of a typical span-based QA framework, to address TSGV by consid-
ering the differences between TSGV and span-based QA. The proposed method demonstrates
that adopting a span-based QA framework is a promising direction to solve TSGV, and superior
performance is obtained on several benchmark datasets.

Second, despite the promising performance achieved by VSLNet, we observe existing so-
lutions, including VSLNet, only perform well on short videos, but fail to generalize on long
videos. To address the issue of performance degradation on long videos, we extend VSLNet
to VSLNet-L by applying a multi-scale split-and-concatenation strategy. VSLNet-L splits the
untrimmed video into short clip segments and predicts which clip segment contains the tar-
get moment and suppresses the importance of other segments. Experimental results show that

VSLNet-L well addresses the issue of performance degradation on long videos.
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Third, when evaluation metric becomes strict, the results of TSGV methods drop signifi-
cantly. That is, the predicted moment boundaries cannot well fit the ground truth. Based on
VSLNet, we investigate a sequence matching approach, which incorporates the concepts of
named entity recognition (NER) to remedy moment boundary prediction errors. We first ana-
lyze the relationships between TSGV and NER and reveal that the moment boundary prediction
of TSGYV is a generalized entity boundary detection problem. This insight leads us to equip a
NER-style boundary detection module and develop a more effective and efficient TSGV algo-
rithm.

Fourth, we analyze the annotation distributional bias in widely used datasets for TSGV.
Existence of such bias “hints” a model to capture the statistical regularities of moment anno-
tations. To address this issue, we propose two debiasing strategies, i.e., data debiasing and
model debiasing, on top of VSLNet to “force” a TSGV model to focus on cross-modal reason-
ing for precise moment retrieval. Experimental results show that both strategies are effective in
improving model generalization capability and suppressing the effects of bias.

Finally, we study the video corpus moment retrieval (VCMR) task, which aims to retrieve
a temporal moment from a collection of untrimmed and unsegmented videos. VCMR is an
extension of the TSGV task, but it is more practical since VCMR does not hold the strict hy-
pothesis that a video-query pair must be given. In this task, we first study the characteristics
of two general frameworks for VCMR, where one framework is of high efficiency but inferior
retrieval performance, while the other is of better performance but low efficiency. We then pro-
pose a retrieval and localization network with contrastive learning to remedy the contradiction
between the efficiency and accuracy of existing approaches.

All in all, despite TSGV having been established and investigated for years, this thesis con-
tributes several key ideas to solve TSGV from different perspectives, i.e., from the view of
span-based QA and NER in NLP. Besides, we propose to address the annotation distributional
bias of TSGV and extend it to a more practical scenario. Meanwhile, we also shed light on a

few potential directions for future work.
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Chapter 1

Introduction

1.1 Motivation

Designing a system that can mimic complex human behaviors such as understanding human
languages and perceiving the surroundings (e.g., human vision simulation) was conceived long
before the development of computers. Prior research efforts mainly focus on solving computer
vision and natural language processing problems separately. Examples are image classifica-
tion [1, 2], object detection [3-5], action recognition [6, 7] and semantic segmentation [8, 9]
tasks in computer vision (CV) community, and language modeling [10-12], machine transla-
tion [13, 14], question answering [15, 16] and natural language understanding [17, 18] tasks in
natural language processing (NLP) community. With the fast development and innovation in
communication and media creation technologies, video has gradually become a major type of
information transmission media, and connections between vision (e.g., images and videos) and
language (e.g., text) are more stronger. A video is formed from a sequence of continuous image
frames possibly accompanied by audio and subtitle. Compared to the image and text, video
conveys richer semantic knowledge, as well as more diverse and complex activities. Despite
the strengths of video, searching for content from the video is challenging. Thus, there is a high
demand for techniques that could quickly retrieve video segments of user interest, specified
in natural language. Recently, many research work [19-23] explore jointly modeling both vi-
sion and language information with a unified framework and aim to solve vision-and-language
tasks, which involves both computer vision and natural language inputs. The temporal sen-
tence grounding in videos (TSGV)! is one of the fundamental and challenging problems in the

vision-and-language understanding research area.

I'The temporal sentence grounding in videos (TSGV) is also known as natural language video localization
(NLVL) or video moment retrieval (VMR). In this thesis, we use the term “TSGV” to represent this task.
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FIGURE 1.1: An illustration of temporal sentence grounding in videos (TSGV).

Given an untrimmed video, TSGYV is to retrieve a video segment, also known as a temporal
moment, that semantically corresponds to a query in natural language, i.e., sentence. As illus-
trated in Figure 1.1, for query “A person is putting clothes in the washing machine.”, TSGV
needs to return the start and end timestamps (i.e., 9.6s and 24.5s) of a video moment from the
input video as the answer, where the answer moment should contain the actions or events de-
scribed by the language query. As a canonical vision-and-language task, TSGV shares similar-
ities with some classic tasks in both CV and NLP. For instance, video action recognition [6, 7]
in CV is to detect video segments, which perform specific actions, from video. Although video
action recognition localizes temporal segments with activity information, it is constrained by
the predefined action categories. In contrast, TSGV is more flexible and aims to retrieve com-
plicated and diverse activities from video via arbitrary language queries. Meanwhile, TSGV is
similar to reading comprehension/question answering task [15, 16] in NLP, which is to retrieve
a span of words from a text passage to answer a given question. The core of reading compre-
hension is the interaction between text passage and query, while TSGV models the interaction

between two different modalities, making it more arduous and challenging.

Why the task is essential? TSGV serves as an intermediate step for a few downstream vision-
and-language tasks, such as video question answering and video-grounded dialogue. These
tasks require localizing relevant moments about questions, then discovering or generating the
answer to the input question by analyzing the retrieved moments. An accurate moment local-
ization process could significantly improve answer prediction or generation for the downstream
vision-and-language tasks. Naturally, TSGV connects CV and NLP communities and benefits
from advancements made in both areas.

Moreover, as a fundamental vision-and-language task, TSGV has multiple real-world ap-
plication scenarios. For instance, it can be applied to intelligent video surveillance services.

With the help of TSGV techniques, admin or public security can quickly retrieve the moment



of interest, e.g., dangerous behavior, from a long surveillance video by simply typing a lan-
guage search query. Also, it can be used to support intelligent video creation. A general video
creation procedure contains: writing a storyline; selecting appropriate materials; resizing/cut-
ting the materials as segments; and integrating segments into a video. Although, there are
already several video editing tools, selecting materials and resizing them as segments remain

time-consuming and labor-intensive. TSGV helps to facilitate these processes.

What are the challenges? TSGV contributes to an ultimate goal which is to help machines to
mimic complex human behaviors from both vision and language perspectives. Different from
humans who can use their prior knowledge to quickly understand and align the contents and
semantics between video and natural language, machines do not have such knowledge.

As illustrated in Figure 1.1, the video is taken under the same scene, where a person per-
forms different actions over time. Given a query “A person is putting clothes in the washing
machine.”, it contains four key components “person”, “putting”, “clothes” and “washing ma-
chine”. To achieve TSGYV, the system requires capturing the related objects/actions in the video
and maintaining their relations in the video, as well as linking those concepts to the correspond-
ing context in the language query. At the same time, it also needs to suppress the effects of the
background. Moreover, the system has to filter out similar but irrelevant content in the video to
avoid false predictions. Thus, TSGV is not simply a retrieval task; it further requires the seman-
tic understanding of both video and language contents as well as the fine-grained multimodal
interactions between video and language.

The video and language query are from different modalities, and their corresponding fea-
ture learning/extraction methods are varying a lot. The video is usually encoded by 3D-based
ConvNets [24, 25], while the language query is encoded by pre-trained word embeddings [26]
or language models [10]. The different data nature and feature extraction procedure lead to
significant discrepancies between the video and language query in the feature space. Thus,
how jointly modeling the uncorrelated modalities and conducting cross-modal reasoning be-
tween them are challenging. Meanwhile, the target moment usually occupies a small portion
of the video, making the positive and negative frames extremely imbalanced. The prevalent
solutions [27-32] primarily treat TSGV as a ranking task, and solve it with a propose-and-rank
pipeline. They mainly rely on dense proposal generation and multimodal matching with lan-
guage query for moment candidate selection. These methods do not well consider the global
video information as each proposal interacts with language query separately, which leads to
severe information loss. Densely sampling proposal candidates also hinders the flexibility of

TSGV models. Although an additional regression head is applied to adjust the location offset
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FIGURE 1.2: The comparison of feature processing between input video of TSGV and text
passage of span-based QA.

of proposal candidates, the proposal-level representations are not suitable for additional regres-
sion tasks. As a result, such methods neglect the moment boundary discrimination as well as
the sparsity issue in moment boundary prediction. Note the sparsity issue is caused by densely
sampling proposal candidates on video with a large overlap ratio, which is equivalent to repeat-
ing the video multiple times depending on the overlap ratio, leading to the numbers of positive
and negative samples being even imbalanced. Due to the repeated sampling, TSGV models
need to handle more content, causing an inferior efficiency issue. Moreover, the procedure of
these methods also deviates from the human perception mechanism, where human generally

retrieves the moment of interest by watching the video from start to end.

1.2 Approaches

In this thesis, we solve TSGV from a different perspective by incorporating several concepts
from the NLP tasks. The key theme of our approach is to formulate the TSGV into a span-based
question answering (QA) problem and utilize the QA-style framework to address this task.
The essence of TSGV is to search for a video moment as the answer to a given language
query from an untrimmed video. Although both TSGV and span-based QA have the language
query input, they are different tasks intuitively due to the different subjects to be queried. How-
ever, both the video and text passage need to be converted into feature representations when
tackling the corresponding tasks. As illustrated in Figure 1.2, the video in TSGV is encoded
into a video feature sequence using visual feature extractor (e.g., C3D [24] or I3D [25]), while

the text passage in span-based QA is encoded into a word feature sequence via textual feature
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extractor, such as GloVe [26] or BERT [10]. Accordingly, the temporal moment becomes a sub-
sequence of visual features in TSGV, and the same for the answer of span-based QA. In this
sense, TSGV and span-based QA have the same input and output formats at the feature space
level, regardless of the differences in their modalities. Thus, by treating the video as a text
passage, and the target moment as the answer span, TSGV shares significant similarities with
the span-based QA task. Thus, it is available to solve TSGV from the perspective of span-based
QA. Meanwhile, the solutions to span-based QA generally learn to extract the answer span in
an end-to-end manner, which do not require pre-segmenting the paragraph into multiple over-
lapped sub-paragraphs. In other words, the paragraph is interacted with the question as a whole,
so there is no issue of information loss and this process does not affect efficiency. Besides, so-
lutions to span-based QA basically encode paragraphs and interact with questions sequentially;
this process also well fits the human perception mechanism. Based on these reasons, we believe
itis a good choice to formulate TSGV as a span-based QA task.

By formulating TSGV as a span-based QA problem, we attempt to solve this task with a
multimodal span-based QA approach. Specifically, we apply a standard span-based QA frame-
work, named VSLBase, to solve the TSGV task, where the visual features are analogous to that
of text passage; the target moment is regarded as the answer span. VSLBase is trained to pre-
dict the start and end boundaries of the answer span directly. Despite the similarities, there are
two main differences between span-based QA and TSGV tasks. First, their data nature is dif-
ferent. Video is continuous with continuous causal relation inference between two consecutive
video events; while natural language is discrete and words in a sentence demonstrate syntactic
structure. Second, small shifts in video frames are less imperceptible to humans than words in
a text. By considering these differences, we propose a video span localizing network (VSLNet)
on top of VSLBase by introducing a query-guided highlighting (QGH) strategy. In QGH, we
consider a region that covers the target moment by extending its starting and ending frames a
bit further as foreground, while the rest is treated as background. Through QGH, VSLNet well
addresses the two differences. First, the longer region provides additional contexts for locating
answer span due to the continuous nature of video content. Second, the highlighted region helps
the network to focus on subtle differences between video frames, because the search space is
reduced compared to the full video.

We also observe that the performance of many TSGV methods degrades significantly along
with the increase in video length. Due to the fact that TSGV models generally perform well
on short videos, we propose to solve this issue by splitting a long video into multiple short clip

segments, where each clip segment is regarded as a short video. Similarly, by treating a long



video as a document, and a clip segment as a paragraph, TSGV can be viewed as the multi-
paragraph question answering (MPQA) task [33]. The target moment in a long video can be
considered as the answer span in a document for a given query. However, how properly splitting
the long video into clip segments is challenging. Paragraphs in a document are semantically
coherent units with boundaries defined by humans. Videos are continuous, and splitting the
video into semantically coherent clip segments is difficult. In addition, the answer span in
MPQA can be found in one of the paragraphs, but we cannot expect the target moment is
within a single clip segment. To this end, we propose a multiscale split-and-concatenation
strategy to partition the long video into clips of different lengths. Compared with fixed-length
splitting, the multiscale splitting strategy increases the chance of locating a target moment in
one segment. Thus, even if a target moment is truncated at one or several scales, segments in
other scales may still be able to fully contain it. In this way, we extend VSLNet to VSLNet-L
to locate the moment in the clips that are more likely to contain it.

Next, we study the moment boundary prediction issue in TSGV. In practice, the target mo-
ment is usually a very small portion of the video, making positive (frames in target moment)
and negative (frames not in target moment) samples imbalanced. Further, we aim to predict the
exact start/end boundaries of the target moment. If we view from the space of frames, sparsity is
a major concern, e.g., catching two frames among thousands. To mitigate this issue, we empha-
size the “sequence” nature of frames and adopt the concept of named entity recognition (NER)
in NLP to TSGV. Recall that TSGV is to retrieve a sequence of frames with start/end boundaries
of the target moment from the video. This is analogous to extract a multi-word named entity
from a sentence. The main difference is that words are discrete, so word annotations in sen-
tence are discrete, while the video is continuous and the changes between consecutive frames
are smooth. Thus, we relax the annotations on video sequence by specifying video regions,
instead of frames. Specifically, we label Begin, Inside, End, and Outside regions on the video,
and propose a parallel attention network with sequence matching (SeqPAN) to solve TSGV.

Besides, the commonly used benchmark datasets contain substantial distributional bias, i.e.,
many annotated moments locate in several specific regions in videos. Consequently, many
TSGV models rely on exploiting such statistical regularities of annotation distribution for mo-
ment retrieval, rather than the correct cross-modal reasoning, to achieve good performance. To
alleviate the bias issue, we propose two model-agnostic debiasing strategies, data debiasing and
model debiasing. Specifically, the data debiasing strategy aims to re-balance the moment an-
notations via data augmentation, i.e., creating more samples through video truncation. Model
debiasing strategy aims to explicitly capture the bias via two unimodal modules, and disentan-

gle bias from the TSGV model by adjusting losses to compensate for biases dynamically.



Finally, we explore an extension of the TSGV task, video corpus moment retrieval (VCMR).
Instead of localizing temporal moment from the single video, VCMR aims to retrieve a tem-
poral moment from a collection of untrimmed videos. There are two common frameworks for
VCMR. One is the unimodal encoding framework, which encodes video and text separately,
and learns the matching through late feature fusion. Another is the cross-modal interaction
framework, which takes in a video as a sequence of visual features, and the query as a sequence
of word features to learn their interactions. The unimodal encoding framework generally leads
to higher efficiency but inferior retrieval accuracy, while another framework has better retrieval
accuracy but lower efficiency. Based on the observations, we propose to remedy the contra-
diction between retrieval accuracy and efficiency of existing VCMR methods via contrastive

learning.

1.3 Research Contributions

We summarize our key contributions as follows:

* First, we investigate the idea to formulate TSGV as a span-based QA problem. We have
shown that TSGV is conceptually similar to span-based QA, and adopt a standard span-
based QA framework to solve TSGV. We further analyze the differences between them
and propose a video span localizing network (VSLNet) to mitigate these differences. The
experimental results demonstrate that formulating TSGV as span-based QA is a promis-
ing direction as well as the superior performance of VSLNet over other methods. This
work is reported in the Proceedings of the 58th Annual Meeting of the Association for

Computational Linguistics (ACL) [34].

* Second, we study the issue of performance degradation among existing TSGV solu-
tions on long videos. We propose to incorporate the concepts of multi-paragraph QA
to address it and devise a multi-scale split-and-concatenation strategy to simulate the
multi-paragraph setting in the video. The experiment shows that the proposed method ef-
fectively mitigates the performance degradation issue on long videos while maintaining
comparable performance on short videos. This work is published in the IEEE Transac-

tions on Pattern Analysis and Machine Intelligence (TPAMI) [35].

» Third, we investigate a sequence-matching approach for TSGV. We study the sparsity
issue of moment boundary prediction in TSGV. Inspired by the NER task and its labels
for named entities. We formulate TSGV as NER, which relaxes the boundary annota-

tion to regions, instead of two frames. We then propose a parallel attention network
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with sequence matching (SeqPAN). In our evaluation, SeqPAN yields more precise mo-
ment localization results and achieves state-of-the-art performance on multiple bench-
mark datasets. This work is reported in the Findings of the Association for Computational
Linguistics: ACL-IJCNLP [36].

* Forth, we analyze the bias in TSGV benchmark datasets. There are substantial distri-
butional biases that exist in TSGV datasets, where many annotated moments locate in
several specific regions in the video. Existing models usually rely on exploiting statisti-
cal regularities to achieve good performance. We propose two model-agnostic debiasing
strategies, data debiasing, and model debiasing, to mitigate the effect of bias by forcing

the model to focus on correctly cross-modal interactions. This work is under review [37].

* Finally, we explore an extension of TSGV named video corpus moment retrieval (VCMR).
We study two commonly used frameworks for VCMR and reveal the contradiction be-
tween retrieval accuracy and efficiency among the two frameworks. Based on the obser-
vations, we propose to remedy the contradiction issue through contrastive learning. The
experiment shows that the proposed method well balances the efficiency and retrieval
accuracy. This work is reported in the Proceedings of the 44th International ACM SIGIR

Conference on Research and Development in Information Retrieval (SIGIR) [38].

This thesis also provides a summary of fundamental concepts in TSGV and current research
status, as well as future research directions. As the background, we present a common structure
of functional components in TSGV, in a tutorial style. Then we construct a taxonomy of TSGV
techniques and elaborate methods in different categories with their strengths and weaknesses.
We also discuss issues with the current TSGV research and share our insights about promising

research directions. This work is under review [39].

1.4 Thesis Outline

This thesis contains the introduction (this chapter), a literature review, five main contributions,
and a conclusion. In Chapter 2, we provide the readers with a common structure of functional
components in TSGV in a tutorial style and a review of related work in TSGV. Chapter 3 starts
to investigate the TSGV problem. In this chapter, we propose to formulate the TSGV problem
as a span-based QA task and devise VSLNet based on a standard span-based QA framework to
address TSGV. Chapter 4 investigates the performance degradation of existing TSGV solutions
on long videos and proposes to incorporate the concepts of multi-paragraph QA to mitigate

the such issue by applying a multi-scale split-and-concatenation strategy. Chapter 5 studies a
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sequence-matching approach in which we apply the concepts of named entity recognition to
remedy the moment boundary prediction errors in TSGV. Chapter 6 analyzes the annotation
distributional bias in the commonly used benchmark datasets for TSGV. We then propose two
simple yet effective debiasing strategies, i.e., data debiasing and model debiasing, to allevi-
ate the bias issue. Next, Chapter 7 explores an extension of TSGV task termed video corpus
moment retrieval. In this task, we propose to remedy the contradiction between retrieval effi-
ciency and retrieval accuracy of existing approaches via contrastive learning. Finally, Chapter 8

concludes the thesis and discusses several potential directions for future work.






Chapter 2
Literature Review

In this chapter!, we present an overview of existing approaches for temporal sentence grounding
in videos as well as commonly used benchmark datasets and measures. To elaborate on what a
TSGV model looks like generally, in Section 2.1, we first introduce the background of TSGV
by presenting a common structure of functional components in TSGV, in a tutorial style: from
feature extraction from raw video and language query, to answer prediction of target moment.
We also review techniques for multimodal understanding and interaction, which is the key focus
of TSGV for effective alignment between the two modalities. In Section 2.2, we categorize
existing TSGV approaches into different groups according to the models’ architectures and
learning algorithms, and construct a taxonomy of TSGV approaches to reveal the hierarchical
relationships among different categories. We then provide a literature survey about the TSGV
methods in different categories with a consideration of their strengths and weaknesses. Finally,

we brief the commonly used benchmark datasets and measures of TSGV in Section 2.3.

2.1 TSGYV Background

As is illustrated in Figure 2.1, general pipeline architecture for TSGV consists of six compo-
nents, where the dotted line in the figure indicates that the proposal generator is an optional
component, and it may be placed at different stages. To be specific, a TSGV method takes a
video-query pair as input, where the video is a collection of consecutive image frames, and
the query is a sequence of words. The preprocessor prepares inputs for feature extraction,
e.g., downsampling and resizing image frames in the video, and tokenizing words in the query.
Feature extractor converts video frames and query words into their corresponding vector feature

representations. Then the encoder module maps video and query features to the same dimension

I'This chapter is submitted as Hao Zhang, Aixin Sun, Wei Jing, and Joey Tianyi Zhou. “The Elements of
Temporal Sentence Grounding in Videos: A Survey and Future Directions”. Under review [39].
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FIGURE 2.1: A general pipeline for temporal sentence grounding in videos.

and aggregates contextual information to enhance the representations. The interactor module,
an essential component in TSGYV, learns the multimodal representations by modeling the cross-
modal interaction between video and query. Finally, the answer predictor generates moment
predictions based on the learned multimodal representations. According to whether the pro-
posal generator is applied, TSGV models can be roughly categorized into proposal-based and
proposal-free methods. For proposal-based methods, the answer predictor makes predictions
based on proposals generated by the proposal generator. A proposal (a video segment sampled
from input video) can be considered as a candidate answer moment, which can be generated at
different stages. Proposal-free methods predict answers directly without the need of generating
proposals.

To better elaborate details of each TSGV component, we define the following notations.
Given a TSGV dataset, we denote its video corpus as V = {V1 V2 ... V¥} and its query set
as @ = {Q', Q% ..., QM}, where N and M are the number of videos and queries, respectively.
Note multiple queries can be posed to the same video with its different moments as answers;
typically M > N in TSGV datasets. Given a video-query pair, a video V' contains 7" frames
V =1[f1, f2,..., fr] and a query @ has m words @ = [q1, 2, - - - , gm], the start and end times-
tamps of ground-truth moment are denoted by 75 and 7., 1 < 74 < 7. < T'. Here, we use the
frame index to represent time points, based on a fixed frame rate or fps. Mathematically, TSGV
is to retrieve the target moment starting from 7, and ending at 7. by giving a video V' and query
Q:

Frsav : (V,Q) = (75, 7e). (2.1)

2.1.1 Preprocessor

Video is a series of still images and the number of frames can be very large. For instance, a
2-minute video with 20 fps has 2,400 frames in total. Thus, it is infeasible (and often unnec-

essary) to process every frame in a video due to computational cost. On the other hand, video
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is continuous, i.e., changes between consecutive frames are usually small and smooth. Hence
it is reasonable to downsample video for efficient computation. As illustrated in Figure 2.2,
if we sample 1 frame from every 20 consecutive frames, we only need to process 120 frames
instead of 2400 frames for this 2-minute video. With a downsample rate r;,, the number of
video frames becomes 7" = T'/r;5. Downsample rate has a direct impact on video quality and
should be carefully selected depending on the dataset.

Language query is discrete and words in a sentence demonstrate syntactic structure. Differ-
ent word combinations lead to very different semantic meanings. For instance, given a query
sentence “The man speeds up then returns to his initial speed.”, the words “initial” and “speed”
carry different meanings, and their combination describes a specific scene. For preprocess-
ing, the query is typically tokenized into word tokens. If a query contains too many words,
a common strategy is truncation, i.e., taking a fixed number of words from the beginning and

discarding the rest.

2.1.2 Feature Extractor

The feature extractor bridges the raw inputs and the model by converting inputs into feature
representations. Textual Feature Extractor maps a query sentence to an embedding space,
which can be categorized into token-level and sentence-level extractors. Token-level extractor
converts each word into its corresponding word embedding by using pre-trained word embed-
dings (PWE), e.g., Word2Vec [40] and GloVe [26], or pre-trained language models (PLM), e.g.,
BERT [10] and RoBERTa [41]. We represent token-level extraction as:

PWE/PLM

Q: [QIa---?Qm] Q: [q17"'7qm] ERdeqa (2.2)
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where d, denotes word embedding dimension.

Sentence-level extractor encodes the entire query into a sentence feature in dy dimension,
by using the pre-trained sentence encoder (PSE), e.g., the Skip-Thought [42], InferSent [43],
Sentence-BERT [44], or the PWE/PLM with a trainable sentence encoder (TSE). We represent

the process as:

PSE
QZ[Ql?"‘JQm]'—)qseRdsuor (2.3)
Q:[qh_”’qm] MQGRmxdqﬂqseRds'

Visual Feature Extractor converts video frames into a sequence of visual features. De-
pending on whether proposals are generated directly on input video, there are two types of
feature extraction. Recall that a proposal is a candidate answer. A straightforward approach is
to sample video segments from input video as proposals. Proposals may contain the different
number of frames. Suppose there are ny, video segments as proposals, the feature extraction

process is described as:

sals wg visual feat seg
V@ RT < Srame PORSIS (oo ment, € RX<Srameyts palfeaure, gy g o gyt () 4

=1
extractor

where y is the number of frames in a proposal, and d, denotes the dimension of extracted
features. The task becomes to determine whether a proposal represented by v, ; is the correct
answer.

If proposals are not generated directly from the input video, then the video is uniformly
decomposed into a sequence of non-overlapping snippets. Suppose there are n,, video snippets

and each snippet contains & frames, the extraction process is:

decompose
_

V e RT'xframe [snippet,]*" € Rswx&xframe % V = [v]m € Rrswxe,
(2.5)
Here we distinguish “video snippet” from “video segment”. The video segment is sam-
pled as a proposal to match the target moment, and the video snippet is a very short clip that
only contains a few frames, i.e., £ << x in general. Further, as each video segment is one
candidate answer, video segments are irrelevant to each other and they are further processed
separately in TSGV. As very short clips, video snippets are maintained in a sequence, and are
jointly processed in later stages. Each frame is a still image. From video frames to features, the
commonly used visual feature extractor are (i) 3D-based ConvNet pre-trained for action recog-
nition, e.g., C3D [24] or I3D [25], and (ii) 2D-based ConvNet pre-trained for object detection,

e.g., VGG [45] or ResNet [1].
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FIGURE 2.3: The common input/output (I/O) feature formats of feature interactor in TSGYV,

where pyq € R4va denotes the learned multimodal proposal feature; H,, = [h},q, N U

R™*dva is the multimodal snippet feature sequence; h,, € R%a is the pooled multimodal
snippet feature; and d,, denotes the dimension of output multimodal feature.

2.1.3 Feature Encoder and Interactor

Feature encoder maps visual and textual features to the same dimension, and refines their fea-
ture representations by encoding their corresponding contextual information. Existing TSGV
methods use various feature encoders, from simple multi-layer perceptrons to complex trans-
formers and graph neural networks. The design of the feature encoder highly depends on the
model architecture. Briefed in Section 2.1.1, there are token-level and sentence-level query
features. There are also two types of visual features, depending on whether the proposal gen-
erator is applied to input video, i.e., proposal feature and video snippet feature sequence. Let
d be the target dimension for both visual and textual features. Mapping of sentence-level and

token-level query features is defined as:

q. € Rds textual feature q/ c Rd, and Q c Rdeq textual feature Q, c Rde. (2 6)

s
encoder encoder

For the proposal feature and video snippet feature sequence, the mapping is written as:

isual feat isual feat
v, c Rd” visual feature v c Rd, andV € RnXdu visual feature v’ c RnXd, (27)

encoder p encoder

where we simply use v, € R% to represent the visual feature of a proposal, and n to replace
the ngpp, OF Ngey.

Feature interactor, an essential component in any TSGV method, aims to learn the cross-
interaction between video and query. Recall the goal of TSGV is to retrieve a target moment
from the video that semantically corresponds to the query. Thus, the feature interactor requires
understanding the semantic meaning of the query and recognizing various activities in the video
simultaneously. It then performs to fuse query and video representations by emphasizing the
portion of video content that is most relevant to the query semantics. In general, the quality of

the feature interactor determines the performance of a TSGV method to a large extent.
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FIGURE 2.4: Illustration of the sliding window (SW), proposal generated (PG), anchor-based,
and 2D-Map strategies.

Figure 2.3 summarizes the various input and output formats of different feature interactors
among existing TSGV methods. The input is determined by the types of query features (token-
level or sentence-level), and the types of visual features (proposal or snippet sequence). The
common output feature formats include (i) the learned multimodal proposal feature p,, € R,
(i) the multimodal snippet feature sequence H,, = [h} ... h] € R™*%, and (iii) the
pooled multimodal snippet feature k., € R%9. Here, d,, is the dimension of the multimodal
feature. The output format of the feature interactor is highly correlated to the answer predictor
in a TSGV method. The answer predictor may depend on proposals that can be generated at

different stages. We next brief proposal generation, before answer predictor.

2.1.4 Proposal Generation

Depending on whether a proposal generation module is used, existing TSGV methods can be
roughly categorized into proposal-based and proposal-free methods. As shown in Figure 2.1,
proposal generator can be integrated into the model at various positions. For instance, proposals
can be directly sampled on the input video. Proposals can also be generated before or after
the feature interactor based on the visual features. Anchor-based methods generate proposals
during answer prediction. A method may also engage multiple proposal generation strategies.
Sliding window-based (SW) strategy [27, 28, 46—48] generates proposal candidates by densely

sampling fixed-length video segments on input video, using pre-defined multi-scale sliding win-
dows. SW strategy is usually performed directly on video frames. Illustrated in Figure 2.4(a),
given a downsampled video with 7" frames and a set of sliding windows, each sliding window
samples video segments sequentially, with a preset overlap ratio. In our illustration, we use
three different sliding windows sw € {k¢}.—234 (s denotes a basic window size) and set the
overlap ratio as 0.5. The overlap ratio is necessary to increase the chance of covering the target

moment. Then we have a set of video segments as proposals.
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Proposal-generated (PG) strategy [29, 49-52] produces proposals by utilizing auxiliary mod-
ules, e.g., a pre-trained segment proposal network (SPN) [53] or a carefully designed proposal
detector. The PG strategy is usually performed on visual features, but it involves the query as
input to guide its proposal generation process, illustrated in Figure 2.4(b). Hence, the proposal
generated is related to the query. Depending on the position of the proposal detector, the PG
strategy may also involve a feature encoder and interactor.

Anchor-based strategy [30, 31, 54, 55] generates proposals with pre-set multi-scale anchors.
Different from the SW strategy, it is performed on the encoded visual features and is integrated
into the answer predictor. Suppose we have K different scale anchors, and the length of a
basic anchor is ¢. Figure 2.4(c) plots a commonly used anchor-based strategy. This strategy
applies K preset anchors to generate proposals, ending at a time step ¢, where ¢ is the index of
multimodal visual feature in the feature sequence.

Another version of anchor-based strategy is 2D-Map strategy [32, 56-59]. Different from
the standard anchor-based strategy above, the 2D-Map strategy is usually applied after the
feature extractor, i.e., before the answer predictor. It generates proposals by modeling temporal
relations between video moments through a two-dimensional map. One dimension indicates
the start time of a moment; the other indicates the end time. Given a visual feature sequence
with n x d,,, all possible proposal candidates are computed based on a 2D temporal feature map.
Shown in Figure 2.4(d), a candidate proposal representation can be computed by max-pooling
the corresponding visual features across the specific time span, resulting in the 2D feature map
with n X n x d,. Note the start (a) and end (b) timestamps of a proposal candidate should satisfy
a < b. Therefore, only proposal candidates that locate in the upper triangular part of the 2D

map are valid.

2.1.5 Answer Predictor and Objective

The answer predictor is responsible for predicting the position of a target moment based on
the learned multimodal features. Next, we brief the commonly used answer predictors and
their corresponding objectives, for both proposal-based and proposal-free methods. Methods
may combine multiple answer predictors or incorporate various auxiliary objectives to boost
performance. In this background section, we only focus on the main objectives.

For proposal-based methods, the answer predictor computes a score for each proposal. Ide-
ally, a proposal gets a higher score if it is closer to the ground-truth moment. Specifically, given
a multimodal proposal feature p,,, its score is computed as s = o(A(py,)) € R', where A

denotes the answer predictor and o is an (optional) activation function. Then, the proposal with
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the highest score is selected as the answer. If the proposals are generated by anchor-based strat-
egy, the score is computed based on the multimodal snippet feature sequence H,,, by applying
multi-scale anchors in the answer predictor.

Various learning objectives have been developed for proposal-based methods. The align-

ment loss is commonly used for SW and PG strategies, defined as:

Nneg

Lon = vlog(l+ e %) + Z log(1 + e®7), (2.8)
J=0,j#1

where s;; is the score of aligned (or positive) proposal-query pair, and s; ; is the score of
misaligned (or negative) pair; 7y is a hyper-parameter to control the weight between positive
and negative pairs; V,,., represents the number of negative pairs. For a given query, a proposal
is considered positive if it has a good overlap with the ground truth moment, measured by
IoU (intersection area over union area). Otherwise, the proposal is negative. Nevertheless,
a negative pair can also be constructed by replacing a random query or pairing random but
unmatched proposals and queries. In general, £,;,, encourages aligned proposal-query pairs
to have positive scores and misaligned pairs to have negative scores. Besides, the triple-based

ranking loss has also been used for SW and PG strategies:
Liripe = max(0,n + s" — s), (2.9)

where s denotes the score of matched proposal-query pair and s’ is the score of the mis-
match proposal-query pair. Similarly, £, encourages similarities between aligned pairs to
be greater than misaligned pairs by some margin 1 > 0.

For anchor and 2D-Map strategies, binary cross-entropy is usually adopted, defined as:
‘Cbce:/y’y' 10g8+(1_y) IOg(l—S), (2.10)

where 7y is an optional balance weight, determined based on the number of positive and negative
samples. y is the corresponding anchor label for the proposal; y = 1 if the proposal candidate
has IoU with ground-truth moment larger than a threshold 6, i.e., positive. Otherwise y = 0. y
may also be defined as the scaled IoU value between the proposal and the ground-truth moment.

Proposal-free methods do not generate proposals. They use a regressor or span predictor
as the answer predictor. Specifically, regression-based predictor aims to regress the start and
end times of the target moment directly. It takes the pooled multimodal snippet feature h,,
as input and predicts the temporal positions (¢, t.). Mathematically, we represent this process

as (ts,te) = o(A(hy,)) € R? where A denotes the regressor, and o is (optional) Sigmoid
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activation to normalize the output to [0, 1]. Given a predicted (¢, t.) and the normalized ground-
truth (75, 7. ), the smoothed L; loss or MSE loss, i.e., R € {smooth,, MSE}, is commonly used
as learning objective:

Lreg = R(ts — 75) + R(te — 7e). (2.11)

Span predictor also predicts the start and end boundaries of the target moment directly.
Different from the repression-based predictor, the span predictor computes the probability of
each video snippet being the start and end points of the target moment. Specifically, it takes the
multimodal snippet feature sequence H,,, and computes the start and end boundary scores as
(Ss,S.) = A(H,,) € R™2. Then, the probability distributions of boundaries are computed
by P, = softmax(S;) € R" and P, = softmax(S.) € R", where Pst/e denotes the probability
of t-th snippet be the start/end boundary. Cross-entropy and Kullback-Leibler (KL) divergence

are both commonly used for span prediction. The cross-entropy objective is defined as:

Espan :fXE(PS7Y:-S>+fXE<PBJ.l/:3)J (212)

where fxp is the cross-entropy loss; Y; and Y, denote the ground-truth labels for start and
end boundaries, respectively. Y. is a n-dim one-hot vector, which is generated by setting the
index of the snippet contains 7/, as 1, and others as 0. Similarly, the KL-divergence objective
is defined as:

Lopan = Drr(P||Y5) + Drcr(Pe|[Y0), (2.13)

where Dy denotes KL-divergence; Y, and Y, are the ground-truth start and end boundary
distributions. Not specified in an one-hot Y., the ground-truth boundary distribution is for-
mulated as ;. ~ N (7y/e, 02%4), where N'(j1, 0%, is the normal distribution with expectation
4 and standard deviation .

To summarize, we brief the main components of TSGV methods from input processing to
answer prediction. Although existing TSGV methods may contain more sophisticated struc-
tures and diverse ancillary modules, their model frameworks generally follow this pipeline.
Among the components, the effectiveness of the feature interactor highly affects TSGV perfor-
mance. Proposal generation strategies are highly correlated with the design of answer predictor,
and each strategy has its own advantages and drawbacks. Lastly, all methods rely on effective

feature extractors, mainly developed in CV and NLP areas.
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FIGURE 2.5: The taxonomy of TSGV methods.

2.2 TSGYV Approaches

The majority of solutions proposed for TSGV belong to the supervised learning paradigm.
Early solutions mainly rely on sliding windows or segment proposal network to pre-sample
proposal candidates from input video. Then, the proposals are paired with the query to gen-
erate the best answers through cross-modal matching. However, this two-stage “propose-and-
rank” pipeline is inefficient, because densely sampling candidates with overlap are essential to
achieve high accuracy, leading to redundant computation and low efficiency. Meanwhile, the
pairwise proposal-query matching may also neglect the contextual information. To overcome
these drawbacks, alternative solutions like anchor-based and proposal-free methods are devel-
oped to address TSGV in an “end-fo-end” manner. These methods encode the entire video
sequence and all video information is maintained in the model, gradually becoming predomi-
nant solutions for TSGV.

Supervised learning requires a large number of annotated samples to train a TSGV method.
Considering the difficulty and cost of data annotation, recent studies attempt to solve TSGV
with weakly-supervised learning. These methods relieve the annotation burden by learning
from video-query pairs without the detailed annotation of temporal locations of events in videos.

Accordingly, the simple classification of proposal-based and proposal-free methods in Sec-
tion 2.1 is incapable of well covering all TSGV methods. Based on methods’ architectures and
learning algorithms, we propose a new taxonomy in Figure 2.5 to categorize TSGV methods.
Next, we review solutions to TSGV following this taxonomy and discuss the characteristics of
each method category. Because the majority are supervised learning solutions, this section is

organized mainly based on the categories under supervised learning.
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2.2.1 Supervised Method
2.2.1.1 Proposal-based Method

Depending on the ways to generate proposal candidates, proposal-based methods can be split
into three categories, i.e., sliding window-based, proposal-generated, and anchor-based meth-
ods. Sliding window-based and some proposal-generated methods follow a two-stage propose-
and-rank pipeline, where the generation of proposal candidates is separated from the model
computation. Anchor-based methods incorporate proposal generation in model computation to

achieve end-to-end learning.

Sliding Window-based Method. The sliding window-based method adopts multi-scale sliding
windows (SW) to generate proposal candidates (ref. Figure 2.4(a)). Then multimodal matching
module finds the best matching proposal for a query. CTRL [27] and MCN [46] are two canon-
ical SW methods, which are also pioneering work in TSGV. They define the task and construct
corresponding benchmark datasets.

CTRL first produces proposals in various lengths through sliding windows, then encodes
these proposals by a visual encoder, shown in Figure 2.6 (reproduced from Gao et al. [27]). The
query is converted to sentence representation via a textual encoder. For cross-modal reasoning,
it builds a relatively simple multi-modal processing module with three operators, i.e., add,
multiply, and fully connected (FC) layer, to fuse visual and textual features. CTRL designs
multi-task objectives by using both alignment predictor and regressor. The alignment predictor
computes matching score between the proposal and query (ref. Equation (2.8)). However, for
an aligned proposal-query pair, the position of the proposal may not match the ground-truth
moment exactly. The regressor uses smoothed L; loss to compute the corresponding offsets
(ref. Equation (2.11)) to better align the proposal.

Different from CTRL, MCN aims to project both proposal and query features to a common
embedding space. Then, it encourages the distance between the query and aligned proposal to
be smaller than that of negative proposals. Specifically, MCN minimizes the squared distance
between query and proposals to supervise model learning. Negative proposals can be mis-
aligned proposals within the same video (intra-video), or proposals from other videos (inter-
video). Thus, MCN builds both intra and inter-triple-based ranking loss (ref. Equation (2.9))
as objectives. The intra-loss differentiates subtle differences within a video, and the inter-loss
differentiates broad semantic concepts. Based on MCN, Hendricks et al. [60] further propose
MLLC, which treats video context as a latent variable and unifies MCN and CTRL.

The prior methods encode the entire query into one feature vector and apply simple cross-

modal reasoning for feature fusion. However, treating queries holistically may obfuscate the
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FIGURE 2.6: An illustration of the CTRL architecture, which is a canonical sliding window-
based method.

keywords that have rich temporal and semantic cues. The simple fusion strategy also leads
to inferior cross-modal understanding. Temporal dependencies and reasoning between video
events and texts are not fully considered. Also, spatial-temporal information inside the video or
query is overlooked. A number of methods are proposed to address these issues. Among them,
ROLE [47], MCF [48], ACRN [61], TCMN [62], and ASST [63] mainly focus on refining the
multimodal interaction/fusion between visual and textual features, through more sophisticated
structures or semantic decomposition of video/query. ACL [28], built upon CTRL, explicitly
mines activity concepts from both video and language modalities as prior knowledge, to cali-
brate the confidence of the proposal to be the target moment. In addition to multimodal interac-
tion refinement, SLTA [64] and MMRG [65] also exploit to incorporate appearance knowledge,
i.e., object-level spatial visual features, to enhance cross-modal reasoning as an additional view
of video content. Instead of generating proposals at the initial stage, Ning et al. [66] equip SW
strategy inside their model enabling end-to-end training.

In general, early SW-based methods have simple architectures. These methods lack both
in-depth analyses of semantic knowledge of modalities and fine-grained multimodal fusion
mechanisms, leading to inferior performance. The following up work attempts to address these
weaknesses by devising various techniques to better exploit video content and query, enhancing
cross-modal reasoning between them. Despite continuous improvements, the two-stage sliding
window-based methods suffer from inevitable drawbacks. Specifically, densely sampling pro-
posals with multi-scale sliding windows results in heavily computational cost, as many over-
lapped areas are re-computed. These methods are also sensitive to negative samples, where

fallacious negative samples may lead to inferior results.

Proposal Generated Method. Proposal generated (PG) method alleviates the computation
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FIGURE 2.7: An illustration of the QSPN architecture, which is a canonical proposal generated
method.

burden of SW-based methods by avoiding a dense sampling process. Instead, PG methods gen-
erate proposals conditioned on the query. The number of proposals hence reduces remarkably.

Early proposal-generated methods still follow the two-stage propose-and-rank pipeline. Xu
et al. [50] employ a pre-trained segment proposal network (SPN) [53] for proposal candidate
generation, rather than adopting sliding windows. Based on Xu et al. [50], QSPN [29] further
ameliorates SPN to produce query-specific proposal candidates. As illustrated in Figure 2.7(a)
(reproduced from Xu et al. [29]), QSPN interacts query embedding with visual features to de-
rive temporal attention weights and re-weights the visual features to refine proposal generation.
With the generated proposal feature, QSPN sequentially encodes the proposal with each token
in query and predicts the similarity score, at last, shown in Figure 2.7(b) (reproduced from Xu
et al. [29]). QSPN is optimized by triple-based ranking loss (ref. Equation (2.9)), while a cap-
tioning loss is adopted to improve performance via query re-generation. Similarly, SAP [49]
directly trains a visual concept detector to generate proposal candidates by measuring visual-
semantic correlations between query and video frames.

Although the two-stage PG methods mitigate computation complexity to some degree, they
still encounter some ineluctable drawbacks. To achieve good performance, PG methods still
need to sample proposal candidates relatively densely, to increase the chance that at least one
proposal can cover or is close to the ground-truth moment. Similar to SW-based methods, the
two-stage PG methods also rely on ranking-based objectives, making them sensitive to negative
samples. Besides, proposal candidates are processed separately; hence individual pairwise
proposal-query matching may neglect the contextual information.

To overcome these defects, recent solutions [51, 52, 67] reformulate the pipeline of PG meth-
ods to a single-pass pattern, in an end-to-end manner. Specifically, BPNet [51] and APGN [52]
propose to replace the separate proposal generator with a proposal-free module (detailed in
Section 2.2.1.2) and jointly train it with the main model. In this case, the proposal generation
is supervised by ground-truth moment, and only a few proposals are required to be generated.

Besides, since the whole video is encoded as a feature sequence (ref. Section 2.1.3), visual
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FIGURE 2.8: An illustration of the TGN architecture, which is a canonical standard anchor-
based method.

features are jointly learned and interacted with the query. Thus, the model is able to consider
contextual information. LPNet [67] maintains a boundary-aware predictor and a learnable pro-
posal module in parallel, where the boundary-aware predictor could refine predictions of the
learnable proposal module. Furthermore, CMHN [68] generates proposal candidates with 1D
regular convolution, and modeling proposal-query matching in the Hamming space through

cross-modal hashing.

Anchor-based Method. Sliding window and the early proposal-generated methods follow the
two-stage propose-and-rank pipeline which suffers from various drawbacks. Researchers then
source for alternative structures without pre-cutting proposal candidates at the input stage. One
kind of solution is anchor-based methods, which incorporate proposal generation into answer
prediction and maintain the proposals with various learning modules. According to how the
anchors are produced and maintained, we further classify them into standard anchor-based and
2D-Map methods.

Standard Anchor-based Methods. Methods in this category produce proposal candidates
with multi-scale anchors and maintain them sequentially or hierarchically. They aggregate
contextual multimodal information and generate the final grounding result in one pass. The
first anchor-based method for TSGV is Temporal GroundNet (TGN) by Chen et al. [30], shown
in Figure 2.8 (reproduced from Chen et al. [30]). TGN temporally captures the evolving fine-
grained frame-by-word interactions between video and query. At each time step, multi-scale
proposal candidates ending at the current time are generated using pre-set anchors. Then a se-
quential LSTM grounder simultaneously scores the group of proposals. TGN adopts weighted
binary cross-entropy loss (ref. Equation (2.10)) to optimize the model. In contrast, MAN [54]
and SCDM [31] adopt temporal convolutional network to produce proposal candidates hierar-
chically. That is, proposals with different scales are generated at different levels of the stacked

temporal convolution module.
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method.

Subsequent work generally follows the strategies of TGN or SCDM with more sophisticated
learning modules and/or auxiliary objectives. To be specific, CMIN [55], CBP [69], FIAN [70],
HDRR [71], and MIGCN [72] adopt the strategy of TGN, while CSMGAN [73], RMN [74], IA-
Net [75], and DCT-Net [76] apply the strategy of SCDM. These solutions design various cross-
modal reasoning strategies to perform more fine-grained and deeper multi-modal interaction
between video and query, for precise moment localization. In addition, CBP [69] introduces an
auxiliary boundary module to compute the confidence of the feature at each time step to be the
boundary of the target moment. Some other works adopt boundary regression module to refine
the start and end timestamps of generated moments. MIGCN [72] develops a rank module apart
from the boundary regression module to distinguish the optimal proposal from a set of similar

proposal candidates.

2D-Map Anchor-based Methods. Standard anchor-based method produces proposal candi-
dates with preset multi-scale anchors and maintains them sequentially or hierarchically. These
proposals are individually processed and their temporal dependencies are not well consid-
ered. Further, the lengths of proposals are restricted by preset anchors. 2D-map anchor-based
methods use a two-dimensional map to model temporal relations between proposal candidates,
shown in Figure 2.4(d). Theoretically, 2D-Map could enumerate all possible proposals at any
length, while maintaining their adjacent relations.

Before 2D-Map methods, a prior work TMN [77] first proposes to enumerate all possible
consecutive segments as proposals and predict the best-matched proposal as result through in-
teracting each proposal with query. However, TMN generates proposals in the answer predictor;
its enumeration strategy is more like a variant of the standard anchor-based strategy.

2D-TAN [32] is the first solution modeling proposals with a 2D temporal map, and its over-
all architecture is shown in Figure 2.9 (reproduced from Zhang et al. [32]) left. 2D-TAN first

extracts visual features and converts them into a 2D feature map, while the query is encoded in
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sentence-level representation. A temporal adjacent network is proposed to fuse the query fea-
ture with each proposal feature and embed the video context information with a convolutional
network. As shown in Figure 2.9 right, 2D-TAN divides video into evenly spaced video snip-
pets with duration 7, where (7, j) on the 2D map denotes a proposal candidate from time i7 to
j72. Instead of enumerating all possible consecutive segments as proposals, 2D-MAN proposes
a sparse sampling strategy to remove redundant moments which have large overlaps with the
selected proposals. The model adopts binary cross-entropy loss for model learning. 2D-TAN
is further extended with multi-scale modeling [78] to achieve a larger receptive field and obtain
a richer context. The extended version reduces the complexity of proposal generation from
quadratic to linear, making dense video prediction more efficient.

Due to its effectiveness, a series of works follows 2D-TAN’s proposal generation® or its
overall structure. 2D-TAN directly encodes query into sentence-level representation and in-
teracts with proposals via simple Hadamard product. In this sense, multimodal interaction is
overlooked. To remedy, PLN [79], SMIN [57], CLEAR [80], and STCM-Net [81] disentan-
gle video proposals into different temporal granularities [79, 81] or different semantic con-
tents [57, 80], and perform cross-modal reasoning at both coarse- and fine-grained granulari-
ties. VLG-Net [82] and RaNet [58] maintain query words and video proposals in a graph, and
adopt GCN [83, 84] to conduct intra- and inter-modal interactions for cross-modal reasoning.
SV-VMR [85] decomposes query into multiple semantic roles [86] and performs multi-level
cross-modal reasoning at semantic level. MATN [56] further concatenates proposals and query
words into a sequence and encodes them through a single-stream transformer network. It also
devises a novel multi-stage boundary regression to refine the predicted moments. Instead of us-
ing the simple Hadamard product, DMN [87] proposes to project proposals and query features
to common embedding space and leverage metric learning for cross-modal pair discrimination.
Moreover, FVMR [59] claims that the standard cross-modal interaction module is inefficient

and replaces it with a semantic embedding module to model multimodal interaction.

2.2.1.2 Proposal-free Method

Proposal-based methods perform various proposal generations and essentially depend on the
ranking of proposal candidates. In contrast, proposal-free methods directly predict the start and
end boundaries of the target moment on fine-grained video snippet sequence, without ranking
a vast of proposal candidates. Depending on the format of moment boundaries, proposal-free

methods are categorized into regression-based and span-based methods.

2j < j, i.e., only the upper triangular area of 2D map is valid
3Some methods follow 2D-TAN’s proposal generation to produce proposal candidates, but they may not main-
tain the proposals with 2D map.

26



Multi-modal Co-attention Interaction ' Attention Based

Visual Feature Visual Feature ' 1 Coorodinates Regression |

Extractor (C3D) Encoder (BILSTM)| | Attention Weight

“d. i e 1 Based Regression

V e R™% He

i ==
| : : : (ts, e) E

Attention Feature

Based Regression

Qlf_e%;glrl:t:l;z ts(};)c}:lei;is Textual Feature Textual Feature _,D
P o Extractor (GloVe) Encoder (BiLSTM)| ! (5 D E:)
initial speed. > t)
Q c Rmxdq ’

FIGURE 2.10: An illustration of ABLR architecture, which is a canonical regression-based
method.

Regression-based Method. Regression-based method computes a time pair (5, t.) and com-
pares the computed pair with ground-truth (7, 7.) for model optimization. Attention-based
location regression (ABLR) [88] is one of the first regression-based solutions for TSGV. De-
picted in Figure 2.10 (reproduced from Yuan et al. [88]), ABLR extracts visual and textual
features and encodes them through BiLSTM networks to aggregate contextual information, re-
spectively. Then, a three-stage multimodal co-attention is developed to perform cross-modal
reasoning. The multimodal feature is fed to the regressor for moment prediction. ABLR ex-
plores two types of regressors. One is attention weight-based regression, which takes video
attention weights as inputs. Another is attended feature-based regression, which fuses the at-
tended visual and textual features as inputs. The model is optimized by smoothed L, loss.
ABLR also devises an attention calibration loss to refine video attention, which encourages
higher attention weights to video snippets within the ground-truth moment.

Concurrently, ExCL [89] also addresses TSGV by regression and designs three different
answer predictors following ideas from reading comprehension in NLP [15, 16, 90]. Simi-
lar to proposal-based methods, subsequent regression work [91-98] dives in designing various
feature encoding and cross-modal reasoning strategies for superior multimodal interaction and
accurate moment localization. From the perspective of regression, DEBUG [91], GDP [92], and
DRN [94] analyze data imbalance issue in TSGV: the number of video frames is large, but the
positive samples are sparse i.e., only two frames for start and end timestamps. They regard all
frames within the ground-truth moment as positive and densely predict the distances to bound-
aries for each frame within the ground-truth moment to mitigate the sparsity issue. CMA [93]
and DeNet [97] study bias issue in TSGV. Specifically, CMA [93] rectifies the inevitable anno-
tation bias by moment boundary ambiguities via a two-branch cross-modality attention network
and a task-specific regression loss. DeNet [97] disentangles query into relation and modified
features and devises a debias mechanism to alleviate both query uncertainty and annotation bias

issues.
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FIGURE 2.11: Anillustration of VSLNet architecture, which is a canonical span-based method.

There are also regression-based methods [99-101] incorporating additional modalities from
video to improve localization performance. For instance, HVTG [99] extracts both appearance
and motion features from video. In addition, PMI [100] further exploits audio features from
video extracted by SoundNet [102]. DRFT [101] leverages visual, optical flow, and depth flow

features of video, and analyzes retrieval results of different feature view combinations.

Span-based Method. Span-based methods aim to predict the probability of each video snip-
pet/frame being the start and end positions of the target moment. Inspired by QA task in
NLP [15, 16, 90], L-Net [103] and ExCL [89] first formulate TSGV as span prediction task.

Based on the two methods, Zhang et al. [34] further compares differences between QA and
TSGYV tasks and propose VSLNet. Shown in Figure 2.11 (reproduced from Zhang et al. [34]),
VSLNet exploits a context-query attention modified from QANet [90] to perform fine-grained
multimodal interaction. Then a conditioned span predictor computes the probabilities of the
start/end boundaries of the target moment. VSLNet also introduces a query-guided highlighting
module to bridge the gaps between QA and TSGV. This module effectively narrows down
moment search space to a smaller highlighted region. Existing methods including VSLNet
generally perform better on short videos than on long videos. Their follow-up work [35] extends
VSLNet to handle long videos by incorporating the concepts from multi-paragraph question
answering [33]. Long videos are split into multiple short videos and a hierarchical searching
strategy is deployed for moment localization.

In general, overall frameworks of regression- and span-based methods are similar. Thus, the
continuous performance improvements of subsequent work [36, 104—115] are also achieved
by modifying the feature encoding and multimodal interaction modules, introducing auxiliary
objectives, and/or augmenting additional features. In particular, SeqPAN [36] introduces the
concepts of NER [116-118] in NLP by splitting snippet sequence into begin, inside, and end
regions of target moment, and background region. IVG-DCL [106] introduces a dual con-
trastive learning mechanism to enhance multimodal interaction and leverages structured causal
model [119] to address the selection bias of TSGV. CI-MHA [108] proposes to remedy the
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FIGURE 2.12: An illustration of sequence decision making formulation in TSGV.

start/end prediction noise caused by annotator disagreement via auxiliary moment segmentation
task. ABIN [111] devises auxiliary adversarial discriminator networks to produce coordinate
and frame correlation distributions for moment boundary refinement. DORi [113] incorporates
appearance features and captures relations between objects and actions guided by the query.
CBLN [114] addresses TSGV from a new perspective. It reformulates TSGV by scoring all

pairs of start and end indices simultaneously and predicting moments with a biaffine structure.

2.2.1.3 Reinforcement Leaning-based Method

From the perspective of proposal usage, reinforcement learning (RL) based methods are also
proposal-free methods. However, the task formulation of the RL-based method is fundamen-
tally different from the proposal-free methods reviewed earlier. RL-based method formulates
TSGV as a sequence decision-making problem and utilizes deep reinforcement learning tech-
niques to solve it. Illustrated in Figure 2.12, the RL-based method usually maintains a sliding
window (the dark red rectangle). The sliding window here is different from that discussed in
Section 2.2.1.1. The RL-based method only adopts a single window, controlled by an agent.
An agent, i.e., a learnable module, controls the movement of the window based on a set of
handcraft-designed temporal transformations, e.g., shifting, and scaling. At each learning step,
after each movement, a reward is generated to indicate whether the window is closer or far-
ther away from the target moment. The agent will adapt its action for the next step within the
pre-defined action space.

RWM-RL [120] is one of the first works to define and solve TSGV with an RL framework.
Shown in Figure 2.13 (reproduced from He et al. [120]), RWM-RL consists of three modules.
The environment module converts the query, global video, and local video segment within the

window into corresponding representations. Then the observation network fuses query and
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FIGURE 2.13: An illustration of RWM-RL architecture, which is a canonical reinforcement
learning-based method.

video features to output the current state of the environment, i.e., multimodal representation, at
each learning step. In the decision-making module (i.e., agent), RWM-RL leverages actor-critic
algorithm [121] to compute state-value and action policy, i.e., the probabilistic distribution of
all pre-designed actions in action space. The state-value is used for reward computation, and
the action policy determines the movement of the sliding window to adjust temporal bound-
aries. RWM-RL defines 7 actions: six moving/shifting actions and a STOP action. In general,
the iterative process ends when encountering STOP action or reaching the preset maximum
number of iteration steps. RWM-RL adopts GRU to model the sequential decision-making
process for the actor-critic module. A reward is computed at each step, where the reward is
designed to encourage the agent to find a better matching position step by step. All rewards are
accumulated for model optimization by utilizing the advantage function [121] as objective and
Monte Carlo sampling [122] for policy gradient approximation. To increase action diversity,
RWM-RL further introduces entropy of the policy output as an auxiliary objective following
A2-RL [123].

SM-RL [124] presents an RNN-based semantic matching RL model to selectively observe
proposal candidates produced by a controllable agent. TSP-PRL [125] designs a hierarchical
action space with a tree-structured policy, inspired by human’s coarse-to-fine decision-making
mechanism. The action selection is controlled by a switch over an interface in a tree-structured
policy. AVMR [126] treats the RL-based module as a generator and devises a Bayesian rank-
ing module as a discriminator to rank proposals. STRONG [127] considers both appearance
and motion features and employs parallel spatial- and temporal-level RL. modules for moment
localization. TripNet [128] mainly focuses on ameliorating observation network to boost per-
formance. Instead of using sliding windows, MABAN [129] leverages two individual agents to

model start and end points separately.
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2.2.1.4 Other Supervised Method

In addition to the aforementioned method categories, researchers also explore other types of
formulation to address TSGYV, or under different settings. Shao et al. [130] design a unified
framework based on TAG [131] to perform both video-level retrieval and moment-level lo-
calization simultaneously. The two tasks could reinforce each other. DPIN [132] devises a
dual-path interaction network to integrate the benefits of both proposal-based and proposal-
free methods. Inspired by Patrick et al. [133], Ding et al. [134] propose a support-set based
cross-supervision strategy to enhance multimodal interaction learning, through discriminative
contrastive and generative caption objectives. Bao ef al. [135] claim that multiple moments
in a video are semantically correlated and temporally coordinated according to their order.
Thus, they explore a novel setting of TSGV, dubbed as dense events grounding. This setting
allows jointly localizing multiple moments described in a paragraph, i.e., multiple sentences.
SNEAK [136] studies the adversarial robustness of TSGV models by examining three facets
of vulnerabilities, i.e., vision, language, and cross-modal interaction, from both attack and de-
fense aspects. Xu et al. [137] further investigate model pre-training for TSGV by constructing a
large-scale synthesized dataset with annotations and designing a novel boundary-sensitive pre-
text task. Cao et al. [138] reformulate TSGV as a set prediction task, and propose a multimodal
transformer model inherited from DETR [5].

2.2.1.5 Summary of Supervised Method

Hereto we have reviewed different categories of supervised TSGV methods, as well as their
advantages and shortcomings. In general, early sliding window-based and proposal-generated
methods suffer from low efficiency and flexibility, because of dense and overlapped proposals.
These methods also rely on ranking-based loss, making them sensitive to negative samples.
Anchor-based methods, another form of the proposal-based solution, learn TSGV in an end-
to-end manner. The proposal generation process is incorporated into the model, abnegating the
ineffective SW and PG strategies. Anchor-based methods also enable contextualized represen-
tation learning and fine-grained multimodal interaction. However, the anchor-based methods
still need to maintain a mass of proposals during prediction, which hinders model efficiency.
Proposal-free methods directly learn to predict the boundaries of the target moment, without
maintaining any proposals. These methods are more efficient and flexible to adapt to mo-
ments with diverse lengths. Nevertheless, compared to proposal-based methods, proposal-free
methods overlook the rich information between start and end boundaries and fail to exploit
the proposal-level interaction. They also suffer from severe imbalance issues between the pos-

itive and negative training samples, i.e., only two (start and end) frames are positive in the
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whole video. Also belonging to the proposal-free category, the design of RL-based methods
is intuitive and effective, kind of simulating human’s decision-making strategy. However, their
performance is unstable due to the difficulty of optimizing RL-based methods.

Despite the vast number of methods in each category, all methods focus on ameliorating
cross-modal reasoning module, to achieve fine-grained and precise multimodal interaction.
That also means that the high-level pipeline of methods in each category is similar in gen-
eral. Recall feature interactor is responsible for understanding semantic concepts of both query
and video, and fusing them to emphasize video contents that are semantically relevant to the
query. In this sense, the quality of the interactor module determines TSGV performance to a

great extent.

2.2.2 Weakly-supervised TSGV Method

Supervised learning usually needs a large number of annotations for model training. Annotating
temporal boundaries on video with text description is extremely time-consuming and labor-
intensive, often not scalable. Further, annotations also suffer from the inaccurate issue, i.e.,
action boundaries in videos are usually subjective and inconsistent across different annotators.
Under a weakly-supervised setting, TSGV methods only need video-query pairs but not the
annotations of starting/end time. They explore to find results in a shared multimodal feature
space or with a reconstruction-based strategy. In general, existing weakly-supervised TSGV

methods can be roughly grouped into multi-instance learning and reconstruction-based models.

Multi-Instance Learning Method. Multi-instance learning method generally regards the input
video as a bag of instances with bag-level annotations. The prediction of instance, i.e., proposal
candidates, is aggregated as the bag-level prediction. TGA [139] first solves TSGV under
the multi-instance learning setting. As shown in Figure 2.14 (reproduced from Mithun et al.
[139]), TGA first encodes video and query features and presents text-guided attention to learn
text-specific global video representations. Then both visual and textual features are projected
into joint space. TGA regards the video and its corresponding query descriptions as positive
pairs, while the video with other queries and the query with other videos as negative pairs.
TGA learns visual-text alignment at the video level by maximizing matching scores of positive
samples while minimizing scores of negative samples.

To achieve good performance, MIL-based methods have to perform precise semantics align-
ment between video and query. Thus, subsequent solutions [140—152] mainly focus on devis-
ing sophisticated cross-modal alignment module, designing robust proposal selection strategy,

and/or building effective learning objectives. WSLLN [140] models alignment and detection
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FIGURE 2.14: Anillustration of TGA architecture, which is a canonical multi-instance learning
method.

modules in parallel to perform proposal selection and video-level alignment simultaneously.
VLANet [142] designs a surrogate proposal selection module to prune irrelevant proposal can-
didates. Chen et al. [141] and Teng et al. [150] perform video-query alignment at multiple gran-
ularities. CCL [144] and VCA [146] introduce contrastive learning mechanism to effectively
distinguish positive and negative (or counterfactual positive) proposals. BAR [143] involves an
additional RL module to progressively refine retrieved proposals. FSAN [147], WSTAN [151],
and LoGAN [152] focus on mining video and query contents and their correlations. Then they
design a fine-grained cross-modal alignment module for accurate moment localization. Da et al.
[145] study the uncertain false-positive frame issue, i.e., an object might appear sparsely across
multiple frames and devise an AsyNCE loss to mitigate the issue by disentangling positive
pairs from negative ones. CRM [148] uses a cross-sentence relation mining strategy to explic-
itly model cross-sentence relations in the paragraph and explore cross-moment relations in the
video. LCNet [149] further deploys self-supervised cycle consistent loss to guide video-query

matching.

Reconstruction-based Method. Reconstruction-based method tackles TSGV in an indirect
way. Methods in this category first take video and query as inputs to produce desired proposals
matched to the query. Then the proposals are used to reconstruct the query, where the interme-
diate proposals are treated as localization results. The idea of reconstruction is first explored by
Duan et al. [153]. They propose a method to solve weakly supervised dense event captioning
(WS-DEC), where moment localization is an auxiliary sub-task to assist model training. The
authors indicate that moment localization and event captioning is a pair of dual tasks. Moment
localization is to learn a mapping ly, : (V, Q) — m, i.e., retrieving a moment m corresponded
to the caption C; from video V. Event captioning inversely generates caption () for the given
m, i.e., gg, : (V,m) — Q. Since ) and m are a one-to-one correspondence, the dual prob-

lems exist simultaneously, and () and m are tired together. By nesting the dual functions,
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FIGURE 2.15: An illustration of WS-DEC architecture, which is a canonical reconstruction-
based method.

caption-moment pair ((), m) becomes a fixed-point solution as:

Q = 9920/7 l91 (‘/a Q))7 m = l91 (‘/7 9020/7 m))a (214)

where [y, and gy, are localization and captioning modules, respectively. Shown in Figure 2.15
(reproduced from Duan et al. [153]), WS-DEC first retrieves moment 1m by giving video V'
and caption @); Then the retrieved m and V' are used to reconstruct the caption, denoted by ()’;
Finally, the reconstructed )" and V" are utilized to relocate the moment 1’ again. The objective
of WS-DEC is to minimize the distances of m-m’ and )-Q)’ pairs simultaneously.

SCN [154] adopts a similar idea as WS-DEC. However, SCN is designed for solving weakly
supervised TSGV directly; it does not use a specific caption generation module, but switches
to reconstruct the masked query. Specifically, SCN first retrieves a set of proposals from video.
The model then selects top-K proposals as inputs to reconstruct masked query, and compute
rewards based on reconstruction loss. The rewards further act as feedback to refine proposal
generation. MARN [155] leverages both proposal-level and clip-level video features to produce
more accurate proposal candidates. The proposal-level and clip-level features are generated
by 2D-Map strategy [32] and BMN [156], respectively. EC-SL [157] improves WS-DEC by

introducing a concept learner and an induced set attention block.

Other Weakly-supervised Method. In addition to MIL and reconstruction-based methods,
Zhang et al. [158] consider both inter- and intra-sample confrontments to address the draw-
back of standard MIL-based methods. The latter generally ignores intra-sample confrontment
between moments with semantically similar contents. Luo et al. [159] present a new setting
of TSGYV task, also in a semi-supervised way. They construct a teacher-student network. The
teacher module produces instant pseudo labels for unlabeled samples based on predictions. The
student module learns from pseudo labels via self-supervised learning. Nam et al. [160] further

propose to learn a TSGV model in a zero-shot manner to eliminate annotation cost. In the
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zero-shot setting, video-query pairs are not provided. They utilize an off-the-shelf object de-
tector and pseudo-query generation module fine-tuned on ROBERTa [41] to produce proposals
and queries, and simulate the standard TSGV learning. Gao and Xu [161] explore leveraging
an off-the-shelf visual concept detector and a pre-trained image-sentence embedding space to

perform TSGV without using text annotations on video.

2.3 Datasets and Measures

2.3.1 Benchmark Datasets

Datasets are essential resources for building and evaluating TSGV methods. A TSGV dataset
typically contains a collection of videos. Each video may come with one or more annotations,
i.e., moment-query pairs. Each annotation has a query corresponding to a moment in the video.
A few TSGV datasets have been developed, covering various scenarios with distinct character-
istics, e.g., different scenes, and activity complexities, summarized in Table 2.1. For DiDeMo
and MAD datasets, we directly obtain their statistical results from original papers. For others,
we conduct statistics on raw datasets. We also filter out or modify some invalid annotations in

each dataset.

DiDeMo. DiDeMo dataset has its root in YFCC100M [162] dataset, and the latter contains
over 100k Flickr videos about various human activities. Hendricks et al. [46] randomly select
over 14, 000 videos, then split and label video segments. Each segment is a five-second video
clip, hence the length of the ground-truth moment is five seconds. DiDeMo dataset consists of
10,464 videos and 40, 543 annotations in total, on average 3.87 annotations per video. Note
that, the videos are released in the form of extracted visual features, hence we cannot provide
detailed statistics in Table 2.1. Hendricks et al. [60] further collect a TEMPO dataset, which is
built on top of DiDeMo, by augmenting more language queries via template model and human
annotators. In particular, the template model utilizes the language templates to augment the
original sentences in DiDeMo with template words. The template allows to generate a large
number of sentences with known ground truth base and context moments. However, template
language lacks the complexity of human language, so additional fully user-constructed samples
are collected by human annotators, which contain more specific temporal words. Compared to

DiDeMo, TEMPO contains more complex human-language queries.

Charades-STA. Charades-STA dataset is built by Gao et al. [27] from the Charades dataset [163].

The Charades dataset contains 9, 848 annotated videos about human daily indoor activities for
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TABLE 2.1: Statistics of the TSGV benchmark datasets.

Dataset DiDeMo | Charades-STA |ActivityNet Captions| TAC0S, TACoS,pran | MAD
Source Flickr Homes YouTube Lab Kitchen Movie
Domain Open |Indoor Activity Open Cooking Open
# Videos | 10,464 6,672 14,926 127 650

# Moments| 26,892 11,767 71,953 3,290 7,069 -

# Queries | 40,543 16,124 71,953 18,818 18,227 384,600
Ly 3.87 2.42 4.82 148.17 143.52 -
Nyocab 7,785 1,303 15,505 2,344 2,287 61,400
Ly 30.00s 30.60s 117.60s 286.59s 6,646.20s
L/ max - |5.50s/194.33s| 1.58s/755.11s 48.30s / 1,402.18s -
L - 8.09s 37.14s 6.10s 27.88s 4.10s
[min/max - 1.68s/80.80s | 0.05s/408.80s |0.31s/166.97s 0.48s / 843.20s -
Lo - 7.22 14.41 10.05 9.42 12.70
Lgin/ma" - 3/13 4/91 2/229 2/69 -

“La /v denotes the average queries or annotations per video; Nyocap Tepresents the vocabulary size; Ly and

Lgin /M2 denote the average and min/max video length in seconds, respectively; L,, and " /M2 are the

average and min/max moment length in seconds, respectively; and L¢, and Lgm/ "% represent the average

and min/max query length. Note the number of moments and queries are not equal, since different queries
may correspond to the same moment.

video activity recognition. The original dataset provides 27, 847 video-level sentence descrip-
tions, 66, 500 temporally localized intervals for 157 action categories, and 41, 104 labels for
46 object categories. Based on Charades, Gao et al. [27] design a semi-automatic way to
generate sentence temporal annotation and construct the Charades-STA dataset. They first de-
compose long video descriptions into sub-sentences by a set of conjunctions. Then, they parse
the activity labels from video descriptions using Stanford CoreNLP [164] and match labels
with sub-sentences. Finally, they align sub-sentences with the original label-indicated temporal
intervals. In this way, a collection of (sentence query, target moment) pairs is generated as
annotations. Because the original descriptions are quite short, Gao et al. [27] further combine
consecutive descriptions into a more complex sentence to enhance description complexity for
the test. Charades-STA dataset contains 6,672 videos and 16, 124 annotations, where 12,404
annotations for training and 3, 720 annotations for test. Average video length, moment length,

and query length are 30.60 seconds, 8.09 seconds, and 7.22 words, respectively.

ActivityNet Captions. ActivityNet Captions dataset is developed by Krishna et al. [165] for
dense video captioning task. However, the sentence-moment pairs in this dataset can naturally
be adopted for the TSGV task. Specifically, the videos of ActivityNet Captions are taken from
the ActivityNet [166] dataset, a human activity understanding benchmark. ActivityNet con-

tains around 20k videos and provides samples from 203 activity classes, with an average of 137
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untrimmed videos per class and 1.41 activity instances per video [166]. Since the official test
set of ActivityNet Captions is withheld for competition, existing work mainly uses the official
“vall” and/or “val2” development sets as test sets. Thus, statistics of ActivityNet Captions in
Table 2.1 do not consider its official test set. In total, there are 14, 926 videos and 71, 953 anno-
tations in ActivityNet Captions, where each video contains 4.82 temporally localized sentences
on average. Average video and moment lengths are 117.60 and 37.14 seconds, respectively.

The average query length is about 14.41 words.

TACoS. TACoS [167] is selected from the MPII Cooking Composite Activities dataset [168],
which is originally developed for human activity recognition under specific scene, i.e., compos-
ite cooking activities in lab kitchen. TACoS contains 127 videos, and each video is associated
with two types of annotations: (1) fine-grained activity labels with temporal location, and (2)
natural language descriptions with temporal locations. The natural language descriptions are
from crowd-sourcing annotators, who describe the video content by sentences [167]. TACoS
has 18, 818 moment-query pairs. Average video and moment lengths are 286.59 and 6.10 sec-
onds, and the average query length is 10.05 words. Each video in TACoS contains 148.17
annotations on average. Here we name this dataset TACoS,,, in Table 2.1. A modified version
TACoS;pran 1s made available by Zhang et al. [32]. TACoS,pran has 18, 227 annotations with
9,790, 4,436, and 4,001 for training, validation, and test, respectively. On average, there are
143.52 annotations per video. The average moment length and query length after modification

are 27.88 seconds and 9.42 words, respectively.

MAD. MAD [169] is a large-scale dataset containing mainstream movies. Compared to pre-
vious datasets, MAD aims to avoid hidden biases and provide accurate and unbiased annota-
tions for TSGV. Instead of relying on crowd-sourced annotations, Soldan et al. [169] adopt a
scalable data collection strategy. They transcribe the audio description track of a movie and
remove sentences associated with the actor’s speech, to obtain highly descriptive sentences that
are grounded in long-form videos. MAD contains 650 movies with over 1, 200 hours of video
length in total, where the training, validation, and test sets of MAD consist of 488, 50, and 112
movies, respectively. The average video duration is around 110 minutes. Each video in MAD
is a full movie without pruning. MAD has 348, 600 queries with vocabulary size of 61, 400.
The average query length is 12.7 words. The average length of the temporal moment in MAD
is mere 4.1 seconds, making the localization process more challenging. Note the MAD dataset

is not publicly available, hence we cannot provide detailed statistics in Table 2.1.

Dataset Analysis. Videos in aforementioned datasets may be from open domain or constrained

in narrow and specific scenes (see Table 2.1). Open domain videos contain more diverse and
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FIGURE 2.16: Statistics of the query length and normalized moment length~ (f)m) over the
Charades-STA, ActivityNet Captions and TACoS benchmark datasets, where L, is computed
as moment length divided by the corresponding video length.

complex activities, making them more challenging, but are closer to real-world scenarios. Al-
though DiDeMo videos are from the open domain, answers in this dataset are fixed-length,
i.e., five-second. The fixed length considerably reduces the complexity of finding answers in
DiDeMo. ActivityNet Captions and DiDeMo have much larger vocabulary sizes than Charades-
STA and TACoS, suggesting that the former two datasets provide rich variations in language
queries. From the perspective of query length (see Figure 2.16(a)), a large portion of queries in
Charades-STA (93.8%) and TACoS (> 67.0%) has fewer than 10 words. Query length distri-
bution indicates that ActivityNet Captions contain more queries with complicated expressions.
Figure 2.16(b) depicts the normalized moment length (L) distribution, computed against the
length of its source video. A small L,, means the moment is difficult to retrieve due to moment
sparsity [35]. The figure shows more than 70.7% of the moments in TACoS has L, < 0.1,
while 70.1% moments in Charades-STA are in the range of 0.2 < L, <0.5.

2.3.2 Evaluation Metrics

TSGV is generally evaluated by comparing predictions with ground-truth annotations. The
widely used measures include: mean IoU (mlIoU), (R@n, IoU@ ), and (dR@n, ToU@ p).
Intersection over Union (IoU) is a metric commonly used in object detection [170—172] for
measuring similarity between two bounding boxes. Hence the standard IoU in object detection
is defined on a two-dimensional spatial space. TSGV focuses on the temporal dimension only.
Thus, temporal IoU is adopted to measure the similarity between the ground truth and predicted

moments in TSGYV, illustrated in Figure 2.17(a). IoU is computed as the ratio of intersection
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FIGURE 2.17: The temporal intersection over union (IoU), and the discounted-R@n,JoU@m
(dR@n,JoU@m), where p; and p§ are start and timestamps of predicted moments, g%/€ is
start/end timestamp of ground-truth moment, and | - | denotes the absolute operation.

area over union area between two moments, in the range of 0.0 to 1.0. A larger [oU means the
two moments match better, and IoU = 1.0 denotes an exact match. The mloU metric is the
average temporal IoUs among all annotations in the test set. Mathematically, mloU is defined
as:
]
mloU = N, ;IoUi, (2.15)
where N, denotes the total number of annotations, and IoU; is the IoU value of :-th sample.
The mloU is computed based on the single top-ranked prediction for each query. However,
given a query, the top-ranked prediction by a TSGV model may not always have the best match
with ground truth. It is reasonable to relax the evaluation by considering top-n retrieved mo-
ments for each query. The (R@n, IoU@) [173] is the percentage of queries, having at least
one result whose temporal IoU with ground-truth is larger than x among the top-n retrieved
moments. For query ¢;, among its top-n retrieved moments, if there exists at least one moment
whose IoU with ground-truth is larger than u, then g; is considered as positive, denoted by

r(n, i, q;) = 1. Otherwise, r(n, 11, ¢;) = 0. Thus, (R@n, IoU@) is calculated as:

N,
1 q
R@n,JoU@yu = E;T(n,u,qi). (2.16)
Yuan et al. [174] reveal that (R@n, ToU@ ) is unreliable on small IoU thresholds. A method
tends to generate long predictions if a substantial proportion of ground-truth moments are long

in a dataset. In this way, the method increases its chance of correct prediction under small
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IoU thresholds. Discounted-R@n, IoU@ (AR @n, IoU@ ) is proposed to alleviate this prob-
lem [174]. This new measure leverages “temporal distance” between the predicted and ground-

truth moments to discount r(n, u, ¢;) value. (dR@n, IoU@ ) is calculated as:

Ny

dR@n,JoU@p = Niq Zl r(n, g, q;) - of - af, (2.17)
where the discounted ratio of = 1 — |pf — g¥|, x € {s,e}. |pf — g7| is the absolute distance
between the boundaries of predicted and ground-truth moments (see Figure 2.17(b)). Note both
p; and g; are normalized in 0.0 to 1.0 by dividing the corresponding whole video length. If the
predicted moment exactly matches ground-truth, then discounted ratio o] = 1, and the metric
degrades to (R@n, IoU@ ). Otherwise, even if IoU threshold is met, r(n, j, ¢;) is discounted
by o, which helps to restrain over-long predictions.

In Figure 2.17(b), (p;;,p§,) and (p;,, pf,) are two example predicted moments of query ¢;,
and (g7, g¢) is ground-truth moment. Suppose both Predictions 1 and 2 in Figure 2.17(b) have
the same IoU value which satisfies ToU > p, (1 < 0.5 here), (dR@n, IToU@ ) penalizes more
on Prediction 2 since its temporal boundaries are farther from ground-truth. With respect to
(R@n,JoU@p) and (dR@n,JoU@ ) metrics, community is habituated to set n € {1,5,10}
and ;o € {0.3,0.5,0.7}.
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Chapter 3

Span-based Question Answering for
TSGV

3.1 Introduction

TSGV aims to retrieve a matching span, i.e., a temporal moment, from a given video that
semantically corresponds to a given language query. Prior solutions primarily treat TSGV
as a ranking task, which rely on various proposal generation modules and solve TSGV with
multimodal matching architecture to retrieve the best matching video segment for the given
language query. Some work explores to model cross-interactions between video and query, and
to regress the temporal locations of target moment directly. There are also studies to formulate
TSGV as a sequence decision making problem and to solve it by reinforcement learning. Given
an untrimmed video and a language query, the key to correctly retrieve the target moment
is the semantic understanding of both video and language query, as well as the cross-modal
reasoning between them. In this chapter!, we investigate a novel TSGV framework that utilizes
the concepts of span-based question answering in NLP to perform moment localization.

The essence of TSGV is to search for a video moment as the answer to a given language
query from an untrimmed video. Before the untrimmed video can be used for TSGV model
training or inference, it requires to be converted into a sequence of visual features through pre-
trained 3D-CovNet. Similarly, in span-based question answering task, the text passage also
need to be transformed into a sequence of word embeddings. As illustrated in Figure 1.2,

by treating the video as a text passage, and the target moment as the answer span, TSGV

I'This chapter is published as Hao Zhang, Aixin Sun, Wei Jing, and Joey Tianyi Zhou. “Span-based Localizing
Network for Natural Language Video Localization”. In Proceedings of the 58th Annual Meeting of the Association
for Computational Linguistics (Volume 1: Long Papers), pages 6543—-6554, Online, 2020 [34].
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shares significant similarities with span-based question answering (QA) task. That is, the span-
based QA framework [15, 16, 175] can be adopted for TSGV theoretically. Inspired by the
similarities between span-based QA and TSGYV tasks, we attempt to solve the TSGV problem
with a multimodal span-based QA approach.

Although TSGV and span-based QA tasks share significant similarities, there are still two

main differences between them:

* First, video is continuous and causal relations between video events are usually adja-
cent. Natural language, on the other hand, is inconsecutive and the words in a sentence
demonstrate syntactic structure. For instance, changes between adjacent video frames
are usually very small, while the adjacent word tokens may carry distinctive meanings.
As the result, many events in a video are directly correlated and can even cause one an-
other [165]. The causalities between word spans or sentences are usually indirect and can

be far apart in general.

» Second, compared to word spans in text, human is insensitive to small shifting between
video frames. In other words, small offsets between video frames do not affect the un-
derstanding of video content, but the differences of a few words or even one word could

change the meaning of a sentence.

Thus, we will address two research questions: Whether the TSGV task can be formulated as
span-based question answering, and be solved with the standard span-based QA framework?

and How to effectively address the differences between span-based QA and TSGV tasks?

Our Approach. To answer the first question, we directly apply a standard span-based QA
framework with slightly modifications, termed VSLBase, to solve the TSGV task. Specifically,
visual features are analogous to that of text passage; the target moment is regarded as the answer
span. VSLBase is trained to predict the start and end boundaries of the answer span.

Since VSLBase does not address the two aforementioned major differences between video
and natural language. We then propose an improved version named Video Span Localizing
Network, i.e., VSLNet. VSLNet introduces a Query-Guided Highlighting (QGH) strategy in
addition to VSLBase. Here, we regard the target moment and its adjacent contexts as fore-
ground, while the rest as background, i.e., foreground covers a slightly longer span than the
answer span. With QGH, VSLNet is guided to search for the target moment within a high-
lighted region. Through region highlighting, VSLNet well addresses the two differences. First,
the longer region provides additional contexts for locating answer span due to the continuous
nature of video content. Second, the highlighted region helps the network to focus on subtle dif-

ferences between video frames, because the search space is reduced compared to the full video.

42



)

—>
a |v E=HP = o g
) : -V E e HERENE (-2
2 EI::> =3 & v ZV.s 8
2 [ H» 2z & £ -z 2 E
: N [fe ) 2N 8 2 /®
[k > = £ o —> > = g g
— o~y =8 ER=! I BN 23 ]
_____ Shared R s Shargd R TE
| - ~ -] a o I ~- 20 2 e
P =] 5 g =
= & & | Thi = £ [ s = £ & 2
EiiRe T L e e AE BH®) T ezr A3 Lhe
z. 2} !
R A et B N gl S —+350s £
|g(7; &’;: : § : Z %E IQ z %E
=25 = ° = © - = ©
ki s B e s
Feature Extractor (fixed during training) (a) VSLBase (b) VSLNet

FIGURE 3.1: An overview of the proposed architecture for TSGV. The visual and textual fea-
ture extractors are fixed during training. Figure (a) depicts the adoption of standard span-based
QA framework, i.e., VSLBase. Figure (b) shows the structure of VSLNet.

We study the performance of our approaches on three benchmark datasets. The results show
that adopting span-based QA framework is suitable for TSGV. With a simple network archi-
tecture, VSLBase delivers comparable performance to strong baselines. In addition, VSLNet

further boosts the performance and achieves the best among all evaluated methods.

3.2 VSLNet Framework

Let V. = {fi}/_, be the untrimmed video and @ = {¢;}7-, be the language query, where
T and m are number of frames and words, respectively. 7, and 7, represent start and end
timestamps of temporal moment, i.e., answer span. To address TSGV from the perspective
of span-based question answering (QA), its data should be transformed into a set of SQuAD
style triples (Context, Question, Answer) [176]. For each video, we extract its video snippet
feature sequence V' = {w;}!" | through a pre-trained 3D ConvNet [25], where n is number of
extracted features. Here, V' can be regarded as sequence of word embeddings for a text passage
with n tokens. Similar to word embeddings, each feature v; here is a video feature vector.
Since span-based QA aims to predict start and end boundaries of an answer span, the
start/end time of a video sequence needs to be mapped to the corresponding boundaries in
the visual feature sequence V. Suppose the video duration is 7, the start (end) span index
is calculated by ay.) = (7s)/T x n), where (-) denotes the rounding operator. During the
inference, the predicted span boundary can be easily converted to the corresponding time via
Ts(e) = Qs(e) /n x T. After transforming moment annotations in TSGV dataset, we obtain a set
of (V,Q, A) triples. Visual features V' = [vy, vs,...,v,] act as the passage with n tokens;
Q = |[¢1,q,--.,qn) is the query with m tokens, and the answer A = [v,_, V41, .-, Vq,]
corresponds to a piece in the passage. Then, the TSGV task becomes to find the correct start

and end boundaries of the answer span, a, and a..
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FIGURE 3.2: The structure of Feature Encoder.

3.2.1 Feature Encoder

We already have visual features V' = {v;}?, € R"™%, Word embeddings of a text query
Q, Q = {qj}}”:l € R™*4 are easily obtainable, e.g., GloVe [26]. We first project them into
the same dimension d, V’ € R™*? and Q' € R™*<, by two linear layers (see Figure 3.1(a)).
Then we build the feature encoder with a simplified version of the embedding encoder layer in
QANet [90]. That is, instead of applying a stack of multiple encoder blocks, we use only one
encoder block. As shown in Figure 3.2, this encoder block consists of four convolution layers,
followed by a multi-head attention layer [177]. A feed-forward layer is used to produce the
output. Layer normalization [178] and residual connection [179] are applied to each layer. The

encoded visual features and word embeddings are as follows:

V = FeatureEncoder(V"’), (3.1)

Q = FeatureEncoder(Q’),

where the parameters of feature encoder are shared by visual features and word embeddings.

3.2.2 Context-Query Attention

After feature encoding, we use context-query attention (CQA) [16, 90, 180] to capture the cross-
modal interactions between visual and textural features. Given two inputs, the goal of CQA is
to encode the relationships between each pair of the elements in the two inputs. Specifically,
CQA first calculates the similarity scores, S € R"*", between each visual feature and query

feature as:
S=V'.-W.QeR"™, (3.2)
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where W € R%? and S € R™™. Then context-to-query (.A) attention and query-to-context

(B) attention weights are computed as:

A=S8,-Q e R,

_ (3.3)
B=S, -8V e R

where S, and S, are the row- and column-wise normalization of & by Softmax function, re-

spectively. Finally, the output of context-query attention is calculated as:
VI=FFN([V; A4V 0 AV 6 H]), (3.4)

where V¢ € R™4; FFN is a single feed-forward layer; ® denotes element-wise multiplication;
and “;” represents concatenation operation. In this way, the information of é € Rm™x4 i

properly fused into V' € R™*, resulting in the multimodal representations V7 € R"*4,

3.2.3 Conditioned Span Predictor

We construct a conditioned span predictor by using two unidirectional LSTMs and two feed-
forward layers, inspired by Ghosh et al. [89]. The main difference between ours and Ghosh
et al. [89] is that we use unidirectional LSTM instead of bidirectional LSTM. We observe
that unidirectional LSTM (UniLSTM) shows similar performance with fewer parameters and
higher efficiency. The two LSTMs are stacked so that the LSTM of end boundary can be
conditioned on that of start boundary. Then the hidden states of the two LSTMs are fed into the

corresponding feed-forward layers to compute the start and end scores:

h; = UniLSTMuq(vf, h] ),
h{ = UniLSTM..q(h{, h{_,),
Si = W, x ([hj; v]]) + b,
Si = We x ([hi;v/]) + be.

(3.5)

Here, S} and S§ denote the scores of start and end boundaries at position ¢; v represents the ¢-
th feature in V4. W, and b, . denote the weight matrix and bias of the start/end feed-forward
layer, respectively. Then, the probability distributions of start and end boundaries are computed
by P, = SoftMax(S*®) € R" and P, = SoftMax(S¢) € R", and the training objective is defined

as:
1
»Cspan = 5 [fCE(Psa Y:s) + fCE(Pea Yve)}a (3.6)
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FIGURE 3.4: The structure of Query-Guided Highlighting.

where fcg represents cross-entropy loss function; Y; and Y, are the labels for the start (a,) and
end (a.) boundaries, respectively. During inference, the predicted answer span (s, a.) of a

query is generated by maximizing the joint probability of start and end boundaries by:

span(as, a.) = arg max Py(as) Pe(a.),
e 3.7)

s.t. 0<a, < a, < n.

We have completed the VSLBase architecture (see Figure 3.1(a)). VSLNet is built on top of
VSLBase with query-guided highlighting (QGH), to be detailed next.

3.2.4 Query-Guided Highlighting

A Query-Guided Highlighting (QGH) strategy is introduced in VSLNet, to address the major
differences between text span-based QA and TSGV tasks, as shown in Figure 3.1(b). With
QGH strategy, we consider the target moment as the foreground, and the rest as background,
illustrated in Figure 3.3. The target moment, which is aligned with the language query, starts
from a, and ends at a, with length L. = a. — as. QGH extends the boundaries of the foreground

to cover its antecedent and consequent video contents, where the extension ratio is controlled by
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a hyperparameter ov. As aforementioned in Introduction, the extended boundary could poten-
tially cover additional contexts and also help the network to focus on subtle differences between
video frames.

By assigning 1 to foreground and 0 to background, we obtain a sequence of 0-1, denoted by
Yh. QGH is a binary classification module to predict the confidence a visual feature belongs to
foreground or background. The structure of QGH is shown in Figure 3.4. We first encode word
features é into sentence representation (denoted by hg), with self-attention mechanism [13].
Then hy is concatenated with each feature in V9 as V4 = [99, ..., %], where ¥/ = [v]; hg).

The highlighting score is computed as:
Sy = o(ConviD(VY)), (3.8)
where o denotes Sigmoid activation; &y, € R™. The highlighted features are calculated by:
Vi=S§, V. (3.9)

Accordingly, feature V' in Equation (3.5) is replaced by V7 in VSLNet to compute Lgpan.
The loss function of query-guided highlighting is formulated as:

'CQGH = fCE(S}hKl)a (310)

and VSLNet is trained in an end-to-end manner by minimizing the following loss:

L = Lspan + LocH- (3.11)

3.3 Experiments

Our experiments is designed to study the effectiveness of the proposed VSLBase and VSLNet
frameworks, and to evaluate their performance in comparison to other state-of-the-art methods.
We utilize the Charades-STA, ActivityNet Captions and TACoS,,, datasets to report the model’s

performance and analyze its behaviors.

3.3.1 Experimental Settings

Evaluation Metrics. We adopt “R@n, loU@ 4 and “mloU” as the evaluation metrics, follow-
ing the common evaluation settings [27, 61, 88]. Recall the R@n,loU@ 1, denotes the percent-

age of language queries having at least one result whose Intersection over Union (IoU) with
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TABLE 3.1: “R@1,IoU@y” and “mloU” results (%) compared with the state-of-the-art on
Charades-STA.

Model p=03 p=0>5 p=0.7 mloU

3D ConvNet without fine-tuning as visual feature extractor

CTRL - 23.63 8.89 -
ACL-K - 30.48 12.20 -
QSPN 54.70 35.60 15.80 -
SAP - 27.42 13.36 -
SM-RL - 24.36 11.17 -
RWM-RL - 36.70 - -
MAN - 46.53 22.72 -
DEBUG 54.95 37.39 17.69 36.34
VSLBase  61.72 40.97 24.14 42.11
VSLNet 64.30 47.31 30.19 45.15
3D ConvNet with fine-tuning on Charades dataset
ExCL 65.10 44.10 23.30 -
VSLBase 68.06 50.23 30.16 47.15
VSLNet 7046 54.19  35.22 50.02
TABLE 3.2: “R@1,IoU@y” and “mloU” TABLE 3.3: “R@1,IoU@y” and “mloU”
results (%) compared with the state-of-the- results (%) compared with the state-of-the-
arts on ActivityNet Captions. arts on TACoSg.
Model uw=0.3 =05 pu=0.7 mloU Model ©=0.3 p=0.5p=0.7 mloU
TGN 45.51  28.47 - - CTRL 18.32  13.30 - -
ABLR 55.67  36.79 - 36.99 TGN 21.77  18.90 - -
RWM-RL - 36.90 - - ACRN 19.52  14.62 - -
QSPN 45.30  27.70 13.60 - ABLR 19.50  9.40 - 13.40
ExCL* 63.00 43.60 24.10 - ACL-K  24.17 20.01 - -
DEBUG 55.91 39.72 - 39.51 L-Net - - - 13.41
VSLBase 58.18 39.52 23.21 40.56 DEBUG 23.45 11.72 - 16.03
VSLNet 63.16 43.22 26.16 43.19 VSLBase 23.59 20.40 16.65 20.10

VSLNet 29.61 24.27 20.03 24.11

ground truth is larger than p in top-n retrieved moments. The mlIoU is the average IoU over all

testing samples. In our experiments, we use n = 1 and p € {0.3,0.5,0.7}.

Implementation. For language query (), we use 300d GloVe [26] vectors to initialize each
lowercase word; the word embeddings are fixed during training. For untrimmed video V', we
downsample frames and extract RGB visual features using the 3D ConvNet which was pre-
trained on Kinetics dataset [25]. We set the dimension of all the hidden layers in the model
as 128; the kernel size of convolution layer is 7; the head size of multi-head attention in trans-

former block is 8. For all datasets, the model is trained for 100 epochs with batch size of 16
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and early stopping strategy. Parameter optimization is performed by Adam [181] with learning
rate of 0.0001, linear decay of learning rate and gradient clipping of 1.0. Dropout [182] of 0.2

is applied to prevent overfitting.

Baselines. We evaluate our VSLBase and VSLNet with the following TSGV baselines:

Sliding window-based methods: CTRL [27], ACRN [61], and ACL-K [28]

Proposal generated methods: QSPN [29] and SAP [49].

Standard anchor-based methods: TGN [30] and MAN [54].

Reinforcement learning-based methods: SM-RL [124] and RWM-RL [120].

* Regression-based methods: ExCL [89], ABLR [88], and DEBUG [91].

Span-based methods: L-Net [103].

3.3.2 Overall Performance

The results of the VSLBase, VSLNet and the state-of-the-art baselines on benchmark datasets
are reported in Table 3.1, 3.2 and 3.3, respectively. In all result tables, the scores of compared
methods are reported in the corresponding works. Best results are in bold and second best
underlined.

The results on Charades-STA are summarized in Table 3.1. For fair comparison with ExCL,
we follow the same setting in ExCL [89] to use the 3D ConvNet fine-tuned on Charades dataset
as visual feature extractor. Observed that VSLNet significantly outperforms all baselines by a
large margin over all metrics. It is worth noting that the performance improvements of VSLNet
are more significant under more strict metrics. For instance, VSLNet achieves 7.47% improve-
ment in g = 0.7 versus 0.78% in yu = 0.5, compared to MAN. Without query-guided high-
lighting, VSLBase outperforms all compared baselines over x = 0.7, which shows adopting
span-based QA framework is promising for TSGV. Moreover, VSLNet benefits from visual
feature fine-tuning, and achieves state-of-the-art results on this dataset.

Table 3.2 summarizes the results on ActivityNet Caption dataset. Note that this dataset re-
quires YouTube clips to be downloaded online. We have 1, 309 missing videos, while ExCL
reports 3, 370 missing videos. Strictly speaking, the results reported in this table are not di-
rectly comparable. Despite that, VSLNet is superior to ExCL with 2.06% and 0.16% absolute
improvements over ¢ = 0.7 and p = 0.3, respectively. Meanwhile, VSLNet surpasses other

baselines.
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TABLE 3.4: Comparison between models with al- TABLE 3.5: Performance gains

ternative modules in VSLBase on the Charades-STA (%) of different modules over
dataset. “R@1,IoU@0.7” on Charades-
STA dataset.
Module =03 pu=0>5 p=07 mloU
BiLSTM + CAT ~ 61.18  43.04 2642 42.83 Module CAT CQA A
CMF + CAT 63.49 44.87 27.07  44.01 BiLSTM 26.42 2855 +2.13
BiLSTM + CQA  65.08 46.94 28.55  45.18 CMF 27.07 30.16 +3.09
CMF + CQA 68.06 50.23 30.16  47.15 A +0.65 —+1.61 -
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FIGURE 3.5: Similarity scores, S, between visual and language features in the context-query
attention. as/a. denote the start/end boundaries of ground truth video moment, a, /. denote
the start/end boundaries of predicted target moment.

Similar observations hold on TACoS,,, dataset. Reported in Table 3.3, VSLNet achieves
new state-of-the-art performance on all evaluation metrics. Without QGH, VSLBase shows

comparable performance with baselines.

3.3.3 Ablation Study

To reveal how the proposed VSLBase and VSLNet work, we conduct ablative experiments to
analyze the importance of feature encoder and context-query attention in our approach. We also
investigate the impact of extension ratio « (see Figure 3.3) in query-guided highlighting (QGH).
Finally we visually show the effectiveness of QGH in VSLNet, and discuss the weaknesses of
VSLBase and VSLNet.

Module Analysis. We study the effectiveness of our feature encoder and context-query atten-
tion (CQA) by replacing them with other modules. Specifically, we use bidirectional LSTM

(BILSTM) as an alternative feature encoder. For context-query attention, we replace it with a
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FIGURE 3.6: Analysis of the impact of extension ratio « in Query-Guided Highlighting on the
Charades-STA dataset.

simple method (named CAT) which concatenates each visual feature with a max-pooled query
feature.

Recall that our feature encoder consists of Convolution + Multi-head attention + Feed-
forward layers (see Section 3.2.1), we name it CMF. With the alternatives, we now have 4
combinations, listed in Table 3.4. Observing from the results, CMF shows stable superiority
over CAT on all metrics regardless of other modules; CQA surpasses CAT whichever feature
encoder is used. This study indicates that CMF and CQA are more effective.

Table 3.5 reports performance gains of different modules over “R@1, IoU@0.7” metric.
The results show that replacing CAT with CQA leads to larger improvements, compared to
replacing BILSTM with CMF. This observation suggests CQA plays a more important role in
our model. Specifically, keeping CQA, the absolute gain is 1.61% by replacing the encoder
module. Keeping CMF, the gain of replacing the attention module is 3.09%.

Figure 3.5 visualizes the matrix of similarity score between visual and language features in
the context-query attention (CQA) module (S € R™ ™ in Section 3.2.2). This figure shows

visual features that are more relevant to the verbs and their objects in the query sentence. For
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FIGURE 3.7: Histograms of the number of predicted results on test set under different IoUs, on
the Charades-STA and ActivityNet Captions datasets.

example, the similarity scores between visual features and “eating” (or “sandwich”) are higher
than that of other words. We believe that verbs and their objects are more likely to be used to
describe video activities. Our observation is consistent with Ge et al. [28], where verb-object
pairs are extracted as semantic activity concepts. In contrast, these concepts are automatically

captured by the CQA module in our method.

The Impact of Extension Ratio in QGH. We now study the impact of extension ratio « in
the query-guided highlighting module on the Charades-STA dataset. We evaluated 12 different
values of o from 0.0 to oo in experiments. 0.0 represents no answer span extension, and co
means that the entire video is regarded as foreground.

The results for various s are plotted in Figure 3.6. It shows that query-guided highlighting
consistently contributes to performance improvements, regardless of « values, i.e., from 0 to co.
Along with « raises, the performance of VSLNet first increases and then gradually decreases.
The optimal performance appears between o = 0.05 and 0.2 on all metrics. Note that, when
a = 00, which is equivalent to no region is highlighted as a coarse region to locate the target
moment, VSLNet remains better than VSLBase. As shown in Figure 3.4, when o = oo, QGH
effectively becomes a straightforward concatenation of sentence representation with each of
the visual features. The resultant feature remains helpful for capturing semantic correlations
between vision and language. In this sense, this function can be regarded as an approximation

or simulation of the traditional multimodal matching strategy [27, 46, 61].

Qualitative Analysis. Figure 3.7 shows the histograms of predicted results on test sets of
Charades-STA and ActivityNet Caption datasets. Results show that VSLNet beats VSLBase
by having more samples in the high IoU ranges, e.g., IoU > 0.7 on the Charades-STA dataset.
More predicted results of VSLNet are distributed in the high IoU ranges for the ActivityNet
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(b) Two example cases on the ActivityNet Caption dataset

FIGURE 3.8: Visualization of predictions by VSLBase and VSLNet. Figures on the left depict
the localized results by the two models. Figures on the right show probability distributions of
start/end boundaries and highlighting scores.

Captions dataset. This result demonstrates the effectiveness of the query-guided highlighting
(QGH) strategy.

We also show two examples in Figures 3.8(a) and 3.8(b) from the Charades-STA and the
ActivityNet Caption datasets, respectively. From the two figures, the localized moments by
VSLNet are closer to the ground truth than that by VSLBase. Meanwhile, the start and end
boundaries predicted by the VSLNet are roughly constrained in the highlighted regions S,
computed by QGH.

We further study the error patterns of predicted moment lengths, as shown in Figure 3.9.
The differences between moment lengths of ground truths and predicted results are measured.
A positive length difference means the predicted moment is longer than the corresponding
ground truth, while a negative means shorter. Figure 3.9 shows that VSLBase tends to predict
longer moments, e.g., more samples with length error larger than 4 seconds in Charades-STA
or 30 seconds in ActivityNet. On the contrary, constrained by QGH, VSLNet tends to predict
shorter moments, e.g., more samples with length error smaller than —4 seconds in Charades-

STA or —20 seconds in ActivityNet Caption. This observation is helpful for future research on
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FIGURE 3.9: Plots of moment length errors in seconds between ground truths and results
predicted by VSLBase and VSLNet, respectively.

Language Query: The person turns off the light.
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(a) A failure case on the Charades-STA dataset with loU@0.11.

Language Query: After, the man grabs the girl’s arm, then the girl pushes the man over the wall.
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(b) A failure case on the ActivityNet Captions dataset with loU@0.17.

FIGURE 3.10: Two failure examples predicted by VSLNet, a®/a® denote the start/end bound-
aries of ground truth video moment, °/a® denote the start/end boundaries of predicted target

moment.

adopting a span-based QA framework for TSGV.

In addition, we also examine failure cases (with IoU predicted by VSLNet lower than 0.2)
shown in Figure 3.10. In the first case, as illustrated by Figure 3.10(a), we observe an action that
a person turns towards the lamp and places an item there. The QGH falsely predicts the action
as the beginning of the moment “turns off the light”. The second failure case involves multiple

actions in a query, as shown in Figure 3.10(b). QGH successfully highlights the correct region
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by capturing the temporal information of two different action descriptions in the given query.
However, it assigns “pushes” with a higher confidence score than “grabs”. Thus, VSLNet only

captures the region corresponding to the “pushes’ action, due to its confidence score.

3.4 Summary

To this end, we have studied the idea of utilizing span-based question answering to perform
TSGV in an end-to-end manner. We show that this approach is effective and efficient to deal
with the TSGV problem. Our proposed VSLBase is based on the standard QA framework
modified from the QANet [90]. VSLBase first converts the TSGV dataset into a set of SQuAD
style triples (Context, Question, Answer); Then it learns to retrieve the target moment by
jointly predicting the start and end boundaries in a typical QA style. By converting the TSGV
into the format of span-based QA, we also study the differences between standard span-based
QA and TSGYV tasks. To address the differences, we further propose VSLNet by introducing
a query-guided highlighting module on the VSLBase. The query-guided highlighting module
bridges the span-based QA and TSGV and guides VSLNet to search for the target moment
within a highlighted region. Different from the majority of TSGV solutions, our VSLNet is the
first work to solve TSGV from the perspective of span-based question answering. Meanwhile,
VSLNet belongs to proposal-free approaches, which are free from the low-efficient and compu-
tationally expensive proposal generation process, compared to the majority of proposal-based
solutions. The experiments on three benchmark datasets have demonstrated the robustness and

effectiveness of the proposed model.
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Chapter 4

Multi-Paragraph Question Answering for
TSGV

4.1 Introduction

The previous chapter has studied the video localizing network for TSGYV, which is built on top
of a standard span-based question answering framework. Because TSGV shares significant
similarities with the span-based QA task, modeling TSGV from the perspective of span-based
QA is a promising direction. Considering the different data nature of video in TSGV and text
passage in span-based QA, we further develop a query-guided highlighting module to bridge
the differences and boost the performance. However, one challenge in TSGV is that the per-
formance of many existing methods, including VSLNet, degrades significantly along with the
increase of video length (detailed in Section 4.3.3). In this chapter!, we develop an extension
of VSLNet which alleviates the issue of performance degradation on long videos by incorpo-
rating the concepts of multi-paragraph question answering to retrieve the target moment in an
coarse-to-fine structure.

Although there is significant performance degradation of existing TSGV solutions on long
videos, these methods generally perform well on short videos. Based on this observation, one
straightforward solution to address this issue is to split a long video into multiple short clip
segments. Then each clip segment is regarded as a short video. By treating a long video as a
document, a clip segment as a paragraph, TSGV can be viewed as the multi-paragraph question
answering (MPQA) task [33]. The target moment in a long video can be considered as the

answer span in a document for a given language query.

I'This chapter is accepted as Hao Zhang, Aixin Sun, Wei Jing, Liangli Zhen, Joey Tianyi Zhou, and Rick Siow
Mong Goh. “Natural Language Video Localization: A Revisit in Span-based Question Answering Framework”. In
IEEE Transactions on Pattern Analysis and Machine Intelligence, doi: 10.1109/TPAMI.2021.3060449, 2021 [35].
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However, how to properly split long video into clip segments is still challenging. Paragraphs
in a document are semantically coherent units with boundaries defined by humans. Videos are
continuous, and splitting the video into semantically coherent clip segments is difficult, even if
it is feasible. In addition, the answer span in MPQA can be found in one of the paragraphs, but
we cannot expect the target moment can be found within a single clip segment, regardless of

how to split the videos.

Our Approach. In order to solve this issue, we propose a multi-scale split-and-concat strategy
to partition long video into clips of different lengths. Compared with fixed length splitting, the
multi-scale splitting strategy increases the chance of locating a target moment in one segment.
In this way, even if a target moment is truncated at one or several scales, segments in other
scales may still be able to fully contain it. Thus, we can locate the moment in the clips that are
more likely to contain it. Based on the multi-scale split-and-concat strategy, we further develop
a Nil Prediction Module (NPM) to tackle the multiple short videos simultaneously, and intro-
duce NPM into the VSLNet to construct an enhanced TSGV framework, termed VSLNet-L?.
With VSLNet-L, we first coarsely search for the video segment which is more likely containing
the target moment, then a fine-grained moment localization process is conducted to precisely re-
trieve the target moment. We study the performance of VSLNet-L on two benchmark datasets.
The results show that VSLNet-L well mitigate the issue of the performance degradation on long

videos, and it also significantly boost the TSGV performance on the benchmark datasets.

4.2 VSLNet-L Framework

The overall architectures of VSLNet and VSLNet-L are illustrated in Figure 4.1. The detailed

introduction of VSLNet are presented in Section 3.2 of Chapter 3. Here, we focus on the

elaboration of multi-scale split-and-concat strategy and nil prediction module in VSLNet-L.
As illustrated in Figure 4.2(a), given a long video, VSLNet-L splits it into K clip segments:

V = [C,]E |, and C}, = [v;]"* 4.1)

i=(k—1)x01’

where [ is the length of each clip segment C}, i.e., K x| = n. Note that, in our implementation,
we perform video split at visual feature level, instead of the untrimmed video itself for compu-
tational efficiency. Specifically, we split the features V' = [v;]!"_; obtained from the pre-trained
3D ConvNet (see Section 3.2 of Chapter 3), and use the feature vector V' in Equation (4.1)

accordingly.

2<L” represents the multi-scale split-and-concat strategy and the nil prediction module for Long videos.
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(a) Video Span Localizing Network (VSLNet) (b) VSLNet with Multi-scale Split-and-Concat Strategy (VSLNet-L)

FIGURE 4.1: An overview of the proposed architectures for TSGV. The feature extractors,
i.e., GloVe and 3D ConvNet, are fixed during training. (a) depicts the structure of VSLNet. (b)
shows the architecture of VSLNet-L. The VSLNet-L is built on top of VSLNet by incorporating
multi-scale split-and-concat strategy and the nil prediction module (NPM).

Each clip segment C, is then processed by feature encoder and CQA, to learn query-
attended representations C{ = [C?]fzx(lk,l)xl € R™4, as shown in Figure 4.1(b). Thus, C}
encodes the cross-modal features between clip segment £ and query. Then, a Nil Prediction
Module (NPM) is introduced in VSLNet-L, to predict whether a clip segment contains or
partially contains the temporal moment that corresponds to the text query, as shown in Fig-
ure 4.1(b). Next, we detail the structure of the NPM following the illustration in Figure 4.3.

For each clip segment, its query-attended features C} are first encoded by feature encoder
as:

6’,3 = FeatureEncodernpm(C}). 4.2)

The self-attention mechanism [13] is adopted to encode 6’2 into clip representation h} _»and

the nil-score is computed as:

oy = SoftMaX(Conle(ég))a

!
h¢, = Zi:l ki * C?kq)xlﬂv (4.3)

8 = o(FRN(RE, ),

nil

where o, € R and hqck € R?. Sk € R is a scalar, which indicates the confidence of clip

nil

segment k containing the ground truth moment. The loss of NPM is formulated as:
Lxpm = fee(Sait; Yair), (4.4)

Yai 1s a 0-1 sequence provided during training. A clip segment is positive (label 1) if and
only if it overlaps with ground truth moment, illustrated in Figure 4.2. Clip segments that do

not contain ground truth moment are negative (label 0). After computing the nil-scores of all
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clip segments, i.e., Spii = [Syy, - -, Sh] € R™, we normalize the scores. The output for clip
segment k is:

5 Shil = = g
— q __ Ck q
Snil = S Cl =S8, xCf, 4.5)
max( nil)

where S, is the normalized nil-score and C’,Z is the re-weighted representations of clip segment
k. The NPM highlights the clip segments that contain the target moment, and suppresses other
segments. Then the subsequent modules could localize the result by focusing more on the
highlighted segments, which is equivalent to narrowing down the searching scope from a long
video to a short segment of it.

With the clip segments processed separately in the previous step, we now concatenate the
representations of all clip segments, for two reasons. First, a single clip segment may not
fully cover the target moment. Second, even if a segment is predicted to be negative (or low

confidence), it might provide useful contextual information for localizing the target moment.
Cy =[G G-I G, (4.6)

where || denotes the concatenation operator and C"q, € R™ 9, Accordingly, the input feature V¢
of QGH is replaced by (_Z"q/ in VSLNet-L to compute Logu and Lgpa,. The combined training
loss for VSLNet-L is:

L = Lpan + Locu + Lnpm- 4.7)

Unlike a text document, there are no paragraphs as semantic units in a video. Any split
in the video may break important contextual information to different clip segments. Although

all clip segments will be concatenated again for video level localization, each clip segment is
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processed separately, and the contextual information between two segments may not be well
captured. To address this issue, we propose a multi-scale split mechanism, to split the video
at different segment lengths, i.e., different K (see Figure 4.2(c)). Suppose we use N, different

scales, and for each scale we have:
Kixl;=n, Vi=12,... N, 4.8)

where K; and [; denote the number of clip segments and clip segment length for the ¢-th scale,
respectively. Through a multi-scale split, contextual information is well captured. Meanwhile,
a multi-scale split also provides variation in training samples for the same video and query
pair input. The target moment may be located in multiple different clip segments, and its
contexts are also different. Note that the same training process as the single-scale split-and-
concat applies, except that the clip segments of each scale are fed separately into VSLNet-L, to
optimize the objective.

Consequently, we derive /N predicted moments for a given video and language query pair,
because the clip segments at each scale would lead to a pair of start/end boundaries for a pre-
dicted moment. During inference, we adopt two simple candidate selection strategies to derive
the final target moment. VSLNet-L-F,, strategy selects the candidate with the highest joint
boundary probability, P,, = max{P%, }i*, where Pi,. = P:(a*)Pi(a) is the maximal joint
boundary probability of the moment generated by i-th scale using Equation (3.7). VSLNet-L-U
strategy selects two moments with the largest overlap from N, candidates, and computes their

union as the final result.

4.3 Experiments

4.3.1 Experimental Settings

We use the same evaluation metric settings as in Section 3.3.1 of Chapter 3. For benchmark
datasets, we utilize ActivityNet Captions, TACo0S,,, and TACoS;p.tan. Note the Charades-
STA dataset is not used to evaluate VSLNet-L due to its short video length (ref. Table 2.1 in
Section 2.3.1 of Chapter 2).

Implementation. For a text query (), we lowercase all its words and initialize them with 300d
GloVe [26] embeddings. The word embeddings are fixed during training. For the untrimmed
video V/, we extract its visual features using 3D ConvNet pre-trained on Kinetics dataset [25].

We set the maximal feature length n as 300 for ActivityNet Captions, i.e., the extracted visual
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feature sequence of a video will be uniformly downsampled if its length > n, or zero-padding
otherwise. While two maximal feature lengths, n € {300,600}, are used for evaluation on
TACoS. When evaluating VSLNet-L, the visual features are split into multiple clip segments
using different scales, we use I = {60, 75,100, 150} (i.e., K = {5,4,3,2}) for n = 300, and
I = {100,120, 150,200} (i.e., K = {6,5,4,3}) for n = 600. We set the dimension of all the
hidden layers in the model as 128; the kernel size of the convolution layer is 7; the head size of
multi-head attention is 8. All the models are trained for 100 epochs with a batch size of 16 and
an early stopping strategy for all datasets. Adam [181] is used as the optimizer, with a learning
rate of 0.0001, linear decay of learning rate and gradient clipping of 1.0. Dropout [182] of 0.2

is applied to prevent overfitting.?

Baselines. For VSLNet-L, we compare it with the following state-of-the-arts:

Sliding window-based methods: CTRL [27], ACRN [61], ACL-K [28].

Proposal generated methods: QSPN [29] and SAP [49].

Standard anchor-based methods: TGN [30], MAN [54], SCDM [31] and CBP [69].

2D-map anchor-based methods: 2D-TAN [32].

* Regression-based methods: ABLR [88], ExCL [89], DEBUG [91], GDP [92], LGI [95]
and DRN [94].

Reinforcement learning-based methods: SM-RL [124], RWM-RL [120], TSP-PRL [125].

4.3.2 Overall Performance

Recall that VSLBase is a direct implementation of span-based QA framework on the TSGV
task; VSLNet is the extension of VSLBase with QGH; VSLNet-L is a further extension of
VSLNet with multi-scale split-concat strategy, designed to handle long videos more effectively.
In the following, we show that VSLBase is comparable to existing baselines on TSGV tasks,
while VSLNet surpasses VSLBase and all existing baselines, and achieves state-of-the-art re-
sults. We then show that VSLNet-L well addresses the issue of performance degradation on
TSGV for long videos, compared to VSLNet.

Table 4.1 reports the results on both versions (if available) of TACoS dataset. In general,
VSLNet outperforms previous methods over all evaluation metrics. In addition, with the Split-

and-Concat mechanism, VSLNet-L further improves the performance, on top of VSLNet. On

3 All experiments are conducted on dual NVIDIA GeForce RTX 2080Ti GPUs workstation.
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TABLE 4.1: “Rank@]1,loU@y” and TABLE 4.2: “Rank@1,IoU@u” and
“mloU” results (%) compared with the “mlIoU” results (%) compared with state-
state-of-the-art on TACoS. of-the-arts on ActivityNet Captions.

Rank@1,IoU = p Rank@1,IoU = p

Dataset Model p=03 =05 p=07 mloU Model L=03 p=05p=07 mloU
CTRL [27] 1832 1330 - - TGN [30] 4551 2847 - -
TGN [30] 2177  18.90 - - ACRN [61] 4970  31.67 1125 -
ACL [28] 2417 2001 - - ABLR [88] 55.67  36.79 - 3699
ACRN [61] 1952 14.62 - - RWM-RL [120] - 36.90 - -
ABLR [88] 1950  9.40 - 1340 QSPN [29] 4530 2770 13.60 -
SM-RL [124] 2025 1595 - - DEBUG [91] 5591  39.72 - 3951
DEBUG [91] 2345 1172 - 16.03 SCDM [31] 54.80 3675 19.86 -

_, SCDM[31] 26.11  21.17 - - TSP-PRL [125] 56.08  38.76 - 3921
Z GDP[92] 24.14  13.90 - 1618 GDP [92] 56.17  39.27 - 3980
o CBP[69] 2731 2479  19.10 21.59 CBP [69] 5430 3576 1780 -
& DRN[94] - 23.17 - - DRN [94] - 4545 2436 -
) LGI [95] 58.52 4151 23.07 -
VSLNet(£) 2978 2471 19.64 23.96 2D-TAN Conv [32] 58.75 4405 27.38 .
VSLNet-L-Pp,, (%) 3194 2672 2236 2571 VSLBase* 58.18  39.52 2321 40.56
VSLNet-L-U(®)  31.69 2679 22.02 25.78 VSLNet* 6316 4322 2616 43.19
VSLNet 61.61 4378 2654 4322
VSLNet—L—PT(n L()L> 32.04 2792 2328 2640 VSLNetL-P,, 6218 4369 2722 43.67
VSLNet-L-U 31.86  27.64 22.72 26.25 VSLNet-L-U 6235 4386 2751 44.06
2D-TAN Pool [32] =~ 3729 2532 - - * denotes that the maximal visual sequence length n
2D-TAN Conv [32] 3522  25.19 - - of the VSLBase and VSLNet is set as 128, which is
VSLNet($) 4266 3272 2312 33.07 consistent with [34].
VSLNet(£) 4142  30.67 2232 3192

NV.L‘GZSODVL

VSLNet-L-P,,(5)  47.66 3615 2619 36.24
VSLNet-L-U(5) 47.66 36.12 2587 35.98

VSLNet-L-P, (L) 4711 3634 2642 36.61
VSLNet-L-U (£) 4644 3574  26.19 36.05

(S) denotes n = 300 and (L) represents n = 600.

TAC0S,y, the results of VSLNet®) is comparable to that of VSLNet'™), while VSLNet-L(*)
surpasses VSLNet-L(%) for both candidate selection strategies. Here, L and S denote the maxi-
mal video feature length 600 and 300, respectively. Similar observations hold on TACoS;p.tan-
These results demonstrate that VSLNet-L is more adept than others at localizing temporal mo-
ments in longer videos. Moreover, VSLNet-L-F,, is generally superior to VSLNet-L-U under
different n for both versions of the TACoS dataset.

The results on the ActivityNet Captions dataset are summarized in Table 4.1. We observe
that VSLBase shows similar performance to or slightly better than most of the baselines, while
VSLNet further boosts the performance of VSLBase significantly. Comparing VSLNet with
n = 128 and that with n = 300, we find that small n leads to better performance on loose metric
(e.g., 63.16 versus 61.61 on IoU = 0.3) and large n is beneficial for strict metric (e.g., 26.16
versus 26.54 on IoU = 0.7). Meanwhile, the performance of VSLNet-L is comparable to state-
of-the-art methods. It is worth noting that 99% annotations in ActivityNet Captions belong

to videos that are shorter than 4 minutes. As VSLNet-L is designed to address performance
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TABLE 4.3: Statistics of videos and annotations with regard to different video lengths over
TSGV datasets.

Dataset Split # Videos # Annots # of videos / annotations w.r.t. different video lengths

0 ~ 2 min 2 ~ 4 min 4~ 6min 6 ~8min 8 ~ 10 min 10 ~ 12 min > 12 min
Train 75 10,146  27/2,847 29/4,015 8/1,284 4/607  3/616 2/328 2/449
TACoSore  Val 27 4,589 3/312 5/771 5/887 7/1,275 1/173 4/830 2/341
Test 25 4,083 5/578 6/937 3/564  3/447  2/373 3/617 3/567
Train 75 9,790  27/2,769 29/3,840 8/1,227 4/576  3/597 2/336 2/445
TACoSop.tan Val 27 4,436 3/311 6/929 4/639 7/1,225 1/171 47812 2/349
Test 25 4,001 5/594 6/907 3/535  3/428  2/370 3/598 3/569
ANetCap  Train 10,009 37,421 5,278/17,806 4,715/19,551  8/28 3/10 4/22 0/0 1/4
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FIGURE 4.4: The Mean IoU (%) perfor- FIGURE 4.5: Mean IoU (%) of VSLNet
mance of CTRL, SCDM, 2D-TAN Pool on TACoS,, dataset under different max-
and VSLNet on the TACoS dataset. imal visual representation lengths n.

degradation on long videos, it is reasonable to observe that VSLNet-L achieves less significant
performance improvement on ActivityNet Captions compared to TACoS, w.r.t. the state-of-the-
arts. Moreover, VSLNet-L-U performs better than VSLNet-L-F,, on ActivityNet Captions,
different from the observation on TACoS. This could be due to the different ratios of Loment
and Ly, in the two datasets (see Table 2.1 in Section 2.3.1 of Chapter 2). The strategy to

select longer spans works better on ActivityNet Captions dataset.

4.3.3 Performance on Videos with Different Length

As discussed in Section 3.1 and illustrated in Figure 4.4, existing methods including VSLNet
still underperform on NLVL with long videos. That is, the localization performance decreases
dramatically along with the increase of video length. Summarized in Table 4.3, there are fewer
videos/annotations along the increase of video length in the datasets. The relatively small

number of training samples may lead to instability of the evaluated models, and performance
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degradation on long videos, to some extent. However, we believe that the following are the two

main reasons for the performance degradation:

* Downsampling of visual features of long videos in most existing methods adversely af-
fects localization accuracy due to information loss. As shown in Figure 4.5, sparsely
downsampling video feature presentations below certain number (e.g., n < 200) would

lead to dramatic performance degradation.

* As plotted in Figure 4.6, the average normalized length of ground truth moments grad-
ually decrease along with the increase of video length. The sparsity of moments also

contributes to poor performance on long videos.

Table 4.4 reports the “mloU” gains of VSLNet-L on the TACoS dataset for videos with dif-
ferent lengths. Compared to the results of VSLNet (the best performing method without consid-
ering video length), larger improvements are observed on longer videos, which demonstrates
the superiority of VSLNet-L for localizing temporal moments in long videos. For instance,
VSLNet-L(%) achieves more than 3% absolute improvements in mIoU for videos longer than 8
minutes versus less than 2% gains for videos shorter than 8 minutes on TACoS,,,. Despite the
slight performance reduction on videos shorter than 2 minutes, along with video length raises,
consistent improvements are observed on TACoS,p.tan for both n = 300 (5) and 600 (L),
compared to VSLNet. Figure 4.7 plots the performance improvements along video lengths for
better visualization. Results on ActivityNet Captions are reported in Table 4.5. Despite that
the videos are relatively short, VSLNet-L manages to improve localization performance, with
larger improvements observed on longer videos. These results show consistent superiority of

VSLNet-L over VSLNet for both candidate selection strategies, on videos of different lengths.
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TABLE 4.4: Comparison of mloU (%) between VSLNet and VSLNet-L. on TACoS dataset
w.r.t. different video lengths.

Dataset Video Length O~2min 2~4min 4~6mn 6~8mn 8~ 10min 10~ 12min > 12 min

# Test Annotations 578 937 564 447 373 617 567

= VSLNet(5) 38.93 27.68 21.56 28.95 12.12 20.59 9.01

% VSLNet-L-Py,, (5) 39.91 +0.98 28.11 +0.43 24.63 +3.07 30.45+1.50 1526 +3.14 24.56 +3.97 12.75+3.74

éon VSLNet-L-U(S)  39.54 +0.61 28.69 +1.01 24.85+3.29 30.37 +1.42 15.27 +3.15 24.87+4.28 12.15 +3.14

- VSLNet(%) 35.32 29.72 26.34 30.78 11.37 19.19 8.58
VSLNet-L-Pp, (1) 36,11 +0.79 29.84 +0.12 27.85+1.51 31.88+1.10 15.68 +4.31 26.50 +7.31 11.90 +3.32
VSLNet-L-UL) 3575 +0.43 29.98 +0.26 28.21+1.87 31.78 +1.00 15.31+3.94 2537 +6.18 12.26 +3.68
# Test Annotations 594 907 535 428 370 598 569
VSLNet(%) 47.64 3593 33.95 36.43 21.44 29.37 21.40

VSLNet-L-P,,, (5) 46.12-1.52 37.76 +1.83 36.51 +2.56 41.37 +4.94 29.71+827 34.84+547 25.08 +3.68
VSLNet-L-U(S)  4591-1.73 37.52+1.59 36.85+2.90 41.85+5.42 28.30+6.86 33.84 +4.47 25.20 +3.80

NVJ.'GZSQDV L

VSLNet(£) 46.73 34.19 33.34 33.11 18.66 31.71 19.45
VSLNet-L-P,, (L) 44.32 -2.41 36.86 +2.67 37.70 +4.36 40.15 +7.04 29.99 +11.33 39.33+7.62 25.88 +6.43
VSLNet-L-U(E) 43,56 -3.17 36.74 +2.55 37.90 +4.56 40.06 +6.95 27.97 +9.31 39.01 +7.30 24.48 +5.03

(S) denotes n = 300 and (L) represents n = 600. Performance gain and loss are indicated in different
colors.

TABLE 4.5: Comparison of mloU (%) between VSLNet and VSLNet-L on ActivityNet Cap-
tions w.r.t. different video lengths.

Video Length 0 ~ 2 min 2 ~ 4 min > 4 min
# Test Samples 8,193 9,274 38

VSLNet 46.21 40.60 35.24
VSLNet-L-P,, 46.59+0.38 41.11 +0.51 38.40+3.16
VSLNet-L-U  47.03 +0.82 41.46 +0.86 39.63 +4.39

Performance gain and loss are indicated in different colors.

4.3.4 Ablation Study

In this section, we conduct ablative experiments to analyze the effects of proposed multi-scale
split-and-concat strategy in VSLNet-L, as well as visually show the effectiveness of the pro-
posed methods and discuss their limitations.

Compared to VSLNet, VSLNet-L further introduces a multi-scale split-and-concat strategy
to address performance degradation on long videos. Here, we study the impact of the multi-
scale split on the TACoS dataset with n = 600, against the single-scale split. We evaluate 4
different values of single-scale, i.e., [ € {100,120, 150,200}. The multi-scale mechanism is
jointly trained with the four scales. The results are summarized in Table 4.6. Compared to
VSLNet, split-and-concat strategy in VSLNet-L consistently contributes to performance im-
provements, regardless of the [ value. The best single-scale [ is 120 for TACoS,,, and 150 for
TACoS,,. Compared to VSLNet-L with single-scale, VSLNet-L-P,, (-U) further improves all
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TABLE 4.6: Results (%) of VSLNet-L on TACoS using different split scales with n. = 600.

Rank@1,IoU = u

Dataset Model Scales (1) =03 p=05 p=07 mloU
VSLNet - 29.78 24.71 19.64 23.96

100 30.18 25.81 20.77 24.46

> - 120 3113 2687  21.19  25.12
g Cg 150 30.42 26.38 20.89 24.73
2 gﬁ 200 30.59 26.07 21.01 24.61
- -P,, 32.04 27.92 23.28 26.40

-U 31.86 27.64 22.72 26.25

VSLNet - 41.42 30.67 22.32 31.92

100 42.24 32.69 23.67 32.41

§ < 120 43.39 33.37 24.19 33.45
g (ﬁ 150 44.61 33.99 24.27 33.71
g (ZDi 200 43.74 33.67 23.74 33.50
- -P, 47.11 36.34 26.42 36.61

-U 46.44 35.74 26.19  36.05

Query: The person cl!ops the tops and !)otloms off the br!)ad beans. Query: The person washes her hands and then the cutting board in the sink.
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FIGURE 4.8: Visualizations of two predicted examples by VSLNet and VSLNet-L on TACoS
dataset.

metrics significantly. The multi-scale split-and-concat mechanism not only alleviates the issue
of target moment truncation but also captures contextual information in the video; both improve
the generalization ability of VSLNet-L.

Figure 4.8 depicts two predicted examples from the TACoS dataset as case studies. The
localized moments by VSLNet-L are more accurate and closer to the ground truth moment than
that of VSLNet. Both figures show the results of VSLNet-L are constrained in the positive clip
segments, i.e., the clip segment that contains ground truth. In the second example, VSLNet
does not capture the concept “the cutting board in the sink” and focuses on retrieving “washes”
action only, which leads to an error prediction. In contrast, VSLNet-L correctly understands

both “washes” and the position of “cutting board”, leading to the correct prediction.
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4.4 Summary

In this chapter, we have studied a common weakness of the existing TSGV solutions, that is,
the performance of existing methods degrades significantly along with the increase of video
length. Then, we presented an enhanced VSLNet architecture termed VSLNet-L to solve the
issue of performance degradation on long videos for TSGV. Specifically, the VSLNet-L borrow
the concepts of multi-paragraph question answering to decompose the long videos into multiple
short videos with multi-scale split-and-concat strategy, where each short video can be regarded
as a text passage in the document. In this sense, retrieving target moment from long videos is
equivalent to 1) predicting the video segment that more likely contains the target moment and 2)
precisely localizing the target moment within the selected video segment. To achieve the video
segment selection, we developed a nil prediction module to measure the probabilities of each
video segment contains the target moment in parallel. The experimental results demonstrate
that our proposed method, VSLNet-L, can well mitigate the performance degradation issue on
long videos. Meanwhile, with the distinct improvements on long videos, VSLNet-L further
outperforms the evaluated state-of-the-art baselines by a large margin.

Besides, both VSLNet (Chapter 3) and VSLNet-L (Chapter 4) leverage the concepts of
question answering task in NLP, where VSLNet is inherited from the standard span-based QA
and VSLNet-L simulates the multi-paragraph QA. Although question answering is a typical
NLP task, TSGV shares significant similarities with QA at the feature level as presented in
Section 3.1 of Chapter 3. Thus, the extension from VSLNet to VSLNet-L further demonstrate

the effectiveness of solving TSGV from the perspective of question answering.
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Chapter 5

Parallel Attention Network with Sequence
Matching

5.1 Introduction

The previous chapters have studied the idea of solving TSGV from the perspective of question
answering. Specifically, we first develop a standard span-based QA approach named VSLBase
on TSGV task; VSLNet-L is the extension of VSLBase with query-guided highlighting module
to bridge the differences between TSGV and span-based QA; VSLNet-L is a further extension
of VSLNet with multi-scale split-and-concat strategy, designed to handle long videos more ef-
fectively. All of those approaches belongs to the one-stage proposal-free span-based solutions,
which directly predict start/end boundaries of target moments, through modeling video-text
interactions.

As discussed in Section 2.1 of Chapter 2, the feature interactor plays a key role in TSGV,
and the quality of feature interactor determines the performance of TSGV model to a large
extent. However, the previous proposed approaches, VSLBase, VSLNet and VSLNet-L, do not
explore more on the multimodal interaction between video and text. Besides, despite the high
computation-efficiency and localization accuracy, many existing proposal-free methods, which
directly predicts the start and end boundaries of target moments, suffer from sparsity issue, i.e.,
the positive and negative training samples are extremely imbalanced. Such issue hinders the
accuracy of moment boundary prediction significantly. To address the aforementioned issues, in
this chapter!, we focus on the video-text interaction modeling and moment boundary prediction

to improve the TSGV performance.

I'This chapter is published as Hao Zhang, Aixin Sun, Wei Jing, Liangli Zhen, Joey Tianyi Zhou, and Siow Mong
Rick Goh. “Parallel Attention Network with Sequence Matching for Video Grounding”. In Findings of the Asso-
ciation for Computational Linguistics: ACL-IJCNLP 2021 (Long Papers), pages: 776790, Online, 2021 [36].
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Label: B-ORG O O O O

Sent: KinderCare Learning Centers  Inc. said that a debt ...

FIGURE 5.1: An example of the annotations in NER, where “ORG” is for “Organization”, “B”,
“I” and “E” denote the begin, inside and end of the organization entity, respectively.

Video-Text Interaction Modeling. In order to model video-text interaction, various attention-
based methods have been proposed [27, 31, 95]. In particular, transformer block [177] is widely
used in vision-language tasks and proved to be effective for multimodal learning [19, 21, 22].
In TSGYV task, fine-grain scale unimodal representations are also important to achieve good
localization performance. However, existing solutions do not refine unimodal representations
of video and text when doing cross-modal reasoning, and thus limit the performance. To better
capture informative features for multi-modalities, we encode both self-attentive contexts and
cross-modal interactions from video and query. That is, instead of solely relying on sophis-
ticated cross-modal learning as in most existing studies, we learn both intra- and inter-modal

representations simultaneously, with improved attention modules.

Moment boundary prediction. In terms of the length, target moment is usually a very small
portion of the video, making positive (frames in target moment) and negative (frames not in
target moment) samples imbalanced. Further, we aim to predict the exact start/end boundaries
(i.e., two video frames?) of the target moment. If we view from the space of video frames, spar-
sity is a major concern, e.g., catching two frames among thousands. Recent studies attempt to
address this issue by auxiliary objectives, e.g., to discriminate whether each frame is foreground
(positive) or background (negative) [88, 95], or to regress distances of each frame within target
moment to ground truth boundaries [91, 94]. However, the “sequence” nature of frames or
videos is not considered. Thus, we emphasize the “sequence” nature of video frames and adopt
the concept of sequence labeling in NLP to video grounding. We use named entity recognition
(NER) [116, 183] as an example sequence labeling task for illustration in Figure 5.1. Video
grounding is to retrieve a sequence of frames with start/end boundaries of target moment from
video. This is analogous to extract a multi-word named entity from a sentence. The main dif-
ference is that, words are discrete, so word annotations (i.e., B, I, E, and O tags) in sentence
are discrete. In contrast, video is continuous and the changes between consecutive frames are
smooth. Hence, it is difficult (and also not necessary) to precisely annotate each frame. We

relax the annotations on video sequence by specifying video regions, instead of frames. With

>The “frame” is a general description, which can refer to a frame in a video sequence or a unit in the corre-
sponding video feature representation.
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FIGURE 5.2: The architecture of the Parallel Attention Network with Sequence Matching (Se-
qPAN) for TSGV.

respect to the target moment, we label B, I, E and O (BIEO) regions on video (see Figure 5.2)

and introduce label embeddings to model these regions.

Our Approach. Based on the above analysis, we propose a Parallel Attention Network with
Sequence matching (SeqPAN) for TSGV task. Note that SeqPAN also follows a similar struc-
ture to the span-based question answering framework, i.e., VSLBase and VSLNet. In SeqPAN,
we first design a self-guided parallel attention (SGPA) module to capture both self- and cross-
modal attentive information for each modality simultaneously. In SGPA module, a cross-gating
strategy with self-guided head is further used to fuse self- and cross-modal representations.
We then propose a sequence matching (sq-match) strategy, to identify BIEO regions in video.
The label embeddings are incorporated to represent label of frames in each region for region
recognition. The sq-match guides SeqPAN to search for boundaries of target moment within
constrained regions, leading to more precise localization results. Via extensive experiments
on three benchmark datasets, we show that both SGPA and sq-match consistently improve the

performance; and SeqPAN surpasses the state-of-the-art methods.

5.2 SeqPAN Framework

The overall architecture of the proposed SeqPAN model is shown in Figure 5.2. Since SeqPAN
also follows a similar task formulation as VSLNet, the details of task formulation are same in

Section 3.2 of Chapter 3.
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FIGURE 5.3: Self-Guided Parallel Attention (SGPA). Left: the structure of SGPA; Right: the
parallel streams of encoding visual and textual inputs.

5.2.1 Encoder Module

Given visual features V' € R™ % of the video and word embeddings Q@ € R™*% of the
language query, we map them into the same dimension d with two FFNs, respectively. The
encoder module mainly encodes the individual modality separately. As position encoding offers
a flexible way to embed a sequence, when the sequence order matters, we first incorporate a
position embedding to every input of both video and query sequences. Then, we adopt stacked
1D convolutional block to learn representations by carrying knowledge from neighbor tokens.

The encoded representations are written as:

V'’ = ConvBlock(FFN, (V) + E,), 5.1)
Q’ = ConvBlock(FFNy(Q) + E,), '

where V'’ € R"*? and Q' € R™*%; E, denotes the positional embeddings. FFN denotes the
single-layer feed-forward network, where FFN(X) = W - X + b. Both position embeddings

and convolutional block are shared by the video and text features.

5.2.2 Self-Guided Parallel Attention Module

A self-guided parallel attention (SGPA) module (see Figure 5.3) is proposed to improve mul-
timodal representation learning. Compared with standard transformer (TRM) encoder, SGPA
uses two parallel multi-head attention blocks to learn both uni-modal and cross-modal represen-
tations simultaneously, and merge them with a cross-gating strategy.® Taking video modality as

an example, the attention process is computed as:

. K QvK}
W= (T i

3A detailed comparison of SGPA and standard TRM s is summarized in the experiments.

)-Vv, and Ve :05< )-VQ, (5.2)
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where o, denotes Softmax; )y, Ky and Vi are the linear projections of V'; ¢, K¢ and Vj
are linear projections of Q’; Vs encodes the self-attentive contexts within video modality; and
Ve integrates information from query modality according to cross-modal attentive relations.

The self- and cross-modal representations are then merged together by a cross-gating strategy:
V = o (FFN(VC)) © Vs + o (FFN(V3)) © Vk, (5.3)

where o denotes Sigmoid function and ® represents Hadamard product. The cross-gating ex-
plicitly interacts features obtained from the self- and cross-attention encoders to ensure both
are fully utilized, instead of relying on only one of them. Finally, we employ a self-guided head
to implicitly emphasize the informative representations by measuring the confidence of each
element in V as:

V = o(FFN,(V)) ® FEN(V). (5.4)

The refined representations Q for the query modality are obtained in a similar manner (e.g.,

swapping visual and query features).

5.2.3 Video-Query Integration Module

This module further enhances the cross-modal interactions between visual and textual features.
It utilizes context-query attention (CQA) strategy [90] and aggregates text information for each
visual element. To better elaborate the computation process of this module, suppose we have
two inputs X € RY=*4and Y € R"v*?, Given the two inputs, the context-query attention first

computes similarities between each pair of X and Y elements as:
S=X-W.Y', (5.5)

where W € R%4 and S € RV=*Nv, Then X-to-Y and Y-to-X attention weights are computed
by:
Axy =S, Y ¢ RY*4 and Ayx = S,-S) - X € RV=x4, (5.6)

where S, and S, are the row- and column-wise normalization of S by Softmax function. The

final output of context-query attention is calculated as:
XY :FFN([X;AXY§X@AXY§X®~AYX])7 (5.7)

where ® denotes element-wise multiplication, *“;” denotes concatenation operation, and XY €

RN=x4_Tn this way, the information of Y is properly fused into X.
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By setting X = V € R™%and Y = Q € R™, we can derive the query-aware video

representations V¢ € R™*¢, Similarly, the video-aware query representations Q" € R™*? is
obtained by setting X = Q andY = V.

Next, we encode QY = [q(‘)/ ,...,qy;_1] into sentence representation g with additive atten-
tion [13]:
o= SoftmaX(QV . Wa) e RM,
M-1 (5.8)
q= Zaixqi‘/eRd,
i=0
where W, € R¥1, q is then concatenated with each element of V¥ as H = [hy,... , h,] €

R"*%4 where h; = [’UZQ : ). Finally, the query-attended visual representation is computed as:
.HZH'Wh-i—bh, (5.9

where W}, € R2¥? and b;, € R? denote the learnable weight and bias, and H € R"*<,

5.2.4 Sequence Matching Module

As illustrated in Figure 5.2, we considers the frames within ground truth moment and several
neighboring frames as foreground, while the rest as background. Then, we split the foreground
into Begin, Inside, and End regions. For simplicity, we assign each region a label, i.e., “B-
M” for begin, “I-M” for inside, “E-M” for end region, and “O” for background. B-M/E-M
explicitly indicate potential positions of the start/end boundaries. We also specify orthogonal
label embeddings Ey,, € R**? to represent those labels, and to infuse label information into
visual features after region label predictions.

Note our approach is different from previous work [184] on temporal action proposal gener-
ation task, where the target proposal is split into start, centre, and end regions. The probability
of a frame belonging to each of three regions is predicted separately in a regression manner,
leading to three separate probability sequences, one for each region. The maximum proba-
bilities in the sequences are used to guide proposal generations. In contrast, we formulate
matching process as a multi-class classification problem and predict a concrete region label for
each frame, i.e., same as a sequence labeling task in NLP. Label embeddings are then assigned
to the frames based on the labels of the predicted region.

A straightforward solution to predict the confidence of an element belonging to each region

1s multi-class classifier:

H,., = FFNyy(H), Sieq = 05(Hyq) € R™, (5.10)
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where S, encodes the probabilities of each visual element in different regions. Then label
index with highest probability from S is selected to represent the predicted label for each
visual element:

Ly, = [argmax(S7, )]’ € R™. (5.11)

seq

However, a major issue here is that Equation (5.11) needs to sample from a discrete probabil-
ity distribution, which makes the back-propagation of gradients through S, in Equation (5.10)
infeasible for optimizer.

To make back-propagation possible, we introduce the categorical reparameterization strat-
egy. Categorical reparameterization, e.g., the reinforce-based approaches [185, 186], straight-
through estimators [187] and the Gumbel-Softmax [188, 189], is a strategy that enables discrete
categorical variables to back-propagate in neural networks. It aims to estimate smooth gradient
with a continuous relaxation for categorical variable. In SeqPAN, we use Gumbel-Softmax to
approximate the sequence labels from a probability distribution. Then those labels are applied
to lookup the corresponding embeddings for region representation in sequence matching mod-
ule. Let x = (z1,...,;) be a categorical distribution, where [ is the number of categories,
x. 1s probability score of category c and 22:1 xz. = 1. Given the independent and identically
distributed Gumbel noise g = (g1, . . ., g;) from Gumbel(0, 1) distribution®, the soft categorical

sample can be computed as:
y= Softmax((log(w) + g)/T), (5.12)

where 7 > 0 is annealing temperature, and Equation (5.12) is referred as Gumbel-Softmax

operation on . As 7 — 0T, vy is equivalent to the Gumbel-Max form [190, 191] as:
§ = Onehot ( arg max(log(x) + g)), (5.13)

where ¢ is an unbiased sample from x and thus we can draw differentiable samples from
the distribution during training. Note, when input @ is unnormalized, the log( - ) operator in
Equation (5.12) and Equation (5.13) shall be omitted [188]. During inference, discrete samples
can be drawn with the Gumbel-Max trick directly.

Thus, with the Gumbel-Max [190, 191] trick, we can re-formulate Equation (5.11) as:

n—1

L, = [Onehot(arg max(HZ + g))L.:O,

seq

(5.14)

“The Gumbel(0,1) distribution can be sampled using inverse transform sampling by drawing u ~
Uniform(0, 1) and computing g = — log(— log(u)) [188].
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where i)lab € R™ 4, Then, we utilize the Gumbel-Softmax [188, 189] to relax the arg max so as
to make Equation (5.14) being differentiable. Formally, we use Equation (5.15) to approximate
Equation (5.14) as:

Ly = 05((Hyq + g)/7) € RV (5.15)

As T — 0, Liyp ~ ﬁ]ab, while 7 — o0, each element in L,,, will be the same and the
approximated distribution will be smooth. Note we use Equation (5.14) during forward pass
while Equation (5.15) for backward pass to allow gradient back-propagation. As the result,
the embedding lookup process is differentiable and the label-attended visual representations is
derived as:

H=Ey- L+ H. (5.16)

In general, the training objective is defined as:
Lseq = fXE(Elaba Kab) + ||E1—£bElab ®© (1 - I)HIQ:? (517)

where Y}, denotes the ground truth sequence labels, 1 is the matrix with all elements being 1
and I is the identity matrix. The second term in Equation (5.17) is the orthogonal regulariza-

tion [192], which ensures Ey,;, to keep the orthogonality.

5.2.5 Localization Module

Finally, we present a conditioned localizer to predict the start and end boundaries of the target
moment. The localizer consists of two stacked transformer blocks and two FFNs. The scores

of start and end boundaries are calculated as:

—~ —~

H, = TRM,(H), S, = W,[H; H] + b, (5.18)
H,.=TRM.(H,), S, = W.[H.; H] + b., '

where S,/ € RY. W, /e and b,/ are the weight and bias of start/end FFNs, respectively.
Note the representations of end boundary (H.) are conditioned on that of start boundary (Hj)
to ensure the predicted end boundary is always after start boundary. Then, the probability
distributions of start/end boundaries are computed by P,,, = Softmax(S;,.) € R". The
training objective is:

Lie = 5 % [Fxe(P ¥o) + fua(P Vo)), (5.19)

where fxg is cross-entropy function, Y /. is one-hot labels for start/end boundaries.
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5.3 Experiments

5.3.1 Experimental Settings

We use the same evaluation metric settings as in Section 3.3.1 of Chapter 3. For benchmark
datasets, we utilize Charades-STA, ActivityNet Captions, TACo0S,,, and TAC0S,p._tan-.

Implementation. We follow [34, 89, 95, 104] and use 3D ConvNet pre-trained on Kinetics
dataset (i.e., I3D) [25] to extract visual features from videos. The maximal visual feature se-
quence lengths are set to 64, 100, and 256 for Charades-STA, ActivityNet Captions, and TACoS,
respectively. This setting is based on the average video lengths in the three datasets. The fea-
ture sequence length of a video will be uniformly downsampled if it is larger than the pre-set
threshold, or zero-padding otherwise. For the language queries, we lowercase all the words
and initialize them with GloVe [26] embeddings. The word embeddings and extracted visual
features are fixed during training.

For other hyper-parameters, we use the same settings for all datasets. The dimension of the
hidden layers is 128; the head number in multi-head attention is 8; the number of SGPA blocks
(Nsgpa) is 2; the annealing temperature 7 of Gumbel-Softmax is 0.3; The Dropout [182] is
0.2. The maximal training epochs £/ = 100 is used, with batch size of 16 and early stopping
tolerance of 10 epochs. We adopt Adam [181] optimizer, with initial learning rate of 3, =
0.0001, weight decay 0.01, and gradient clipping 1.0, to train the model. The learning rate

decay strategy is defined as 5. = 3y x (1 — %), where e denotes the e-th training epoch.’

Baselines. We compare SeqPAN with the following state-of-the-arts methods:

* Sliding window-based methods: ACL [28].

Standard anchor-based methods: TGN [30], MAN [54], SCDM [31], and CBP [69].

2D-map anchor-based methods: 2D-TAN [32].

Regression-based methods: DEBUG [91], ExCL [89], GDP [92], LGI [95], DRN [94].

Span-based methods: VSLNet [34] and TMLGA [104].

Reinforcement learning-based methods: TSP-PRL [125].

>The SeqPAN is implemented using TensorFlow 1.15.0 with CUDA 10.0 and cudnn 7.6.5. All the
experiments are conducted on a workstation with dual NVIDIA GeForce RTX 2080Ti GPUs.
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TABLE 5.1: Comparison with the SOTA methods on Charades-STA dataset.

Methods A § @; ’iogb_ /L o mloU
DEBUG 54.95 37.39 17.69 | 36.34
ExCL 61.50 44.10 22.40 -
MAN - 46.53 22.72 -
SCDM - 54.44 3343 -
CBP - 36.80 18.87 -
GDP 54.54 3947 18.49 -
2D-TAN - 39.81 23.31 -
TSP-PRL - 45.30 24.73 | 40.93
TMLGA 67.53 52.02 33.74 -
VSLNet 70.46 54.19 35.22 | 50.02
DRN - 53.09 31.75 -
LGI 72.96 59.46 35.48 -
SeqPAN 73.84 60.86 41.34 | 53.92

TABLE 5.2: Comparison with the SOTA
methods on ActivityNet Captions dataset.

TABLE 5.3: Comparison with the SOTA

methods on TACoS dataset.

Methods = 01'{3@; ’iog 5_ ; _o7 mloU
DEBUG | 5591 39.72 - 39.51
ExCL 63.00 43.60 24.10 -
SCDM 5480 36.75 19.86 -
CBP 5430 3576 17.80 -
GDP 56.17 39.27 - 39.80
2D-TAN | 5945 4451 27.38 -
TSP-PRL| 56.08 38.76 - 39.21
TMLGA | 51.28 33.04 19.26 -
VSLNet | 63.16 4322 26.16 (43.19
DRN - 4545  24.36 -
LGI 58.52 41.51 23.07 -
SeqPAN | 61.65 45.50 28.37 |45.11

Methods = Oi@;’iog; /f _o7 mloU
TGN 21.77  18.90 - -
ACL 2417  20.01 - -
DEBUG | 2345 11.72 - 16.03
SCDM 26.11  21.17 - -
CBP 2731  24.79 19.10 |21.59
GDP 2414 13.90 - 16.18
TMLGA | 2454 21.65 1646 -
VSLNet | 29.61 2427 20.03 (24.11
DRN - 23.17 - -
SeqPAN | 31.72 27.19 21.65 |25.86
OD-TAN| 3729 2532 - -
SeqPAN | 48.64 39.64 28.07 |37.17

5.3.2 Comparison with State-of-the-Arts

The results on the Charades-STA are summarized in Table 5.1. SeqPAN surpasses all baselines
and achieves the highest scores over all metrics. Observe that the performance improvements
of SeqPAN are more significant under more strict metrics. The results show that SeqPAN can
produce more precise localization results. For instance, compared to LGI, SeqPAN achieves
5.86% absolute improvement by “R@1, loU@0.7”, and 1.40% by “R@1, IoU@0.5”. Table 5.2
reports the results on ANetCaps. SeqPAN is superior to baselines and achieves the best perfor-

mance on “R@1, loU@0.7” and mean [oU. As reported in Table 5.3, similar observations hold
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module. Top: the structure of each module; Bottom: the parallel streams of encoding visual
and textual inputs. (a) The standard transformer block with self-attention; (b) The standard
transformer block with cross-attention; (c) The self-guided parallel attention (SGPA) module.

on TACoS. Note 2D-TAN [32] pre-processes the TACoS dataset, making it is slightly different
from the original one. We also conduct experiments on their version for a fair comparison.

SeqPAN outperforms the baselines over all evaluation metrics on both versions.

5.3.3 Analysis on Self-Guided Parallel Attention

The SGPA (see Figure 5.3) is a variant of transformer(TRM), designed for learning cross-
modality interactions between visual and text feature. Here, we compare SGPA with standard
TRMs. In general, two ways are mainly used to adopt the transformer block for multi-modal

representation learning:

e Transformer block with the self-attention (Se-TRM), which encodes visual and textual

inputs in separate streams, shown in Figure 5.4(a).

e Transformer block with the cross-attention (Co-TRM), which encodes both visual and

textual inputs with interactions through co-attention, shown in Figure 5.4(b).

Several works [34, 91, 92] adopt Se-TRM to learn visual and textual representations in video
grounding task. Se-TRM separately encodes each modality, it focuses on learning the refined
unimodal representations within each modality for video and text respectively. Without any
connection between two modalities, Se-TRM cannot use information from other modality to

improve the representations. Co-TRM® is commonly used as a basic component in various

61t is also known as co-attentional, multi-modal or cross-modal transformer block in different works.
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FIGURE 5.5: The structures of SeCo-TRM and CoSe-TRM.

vision-language methods [19, 22]. Co-TRM relies on co-attention to learn the cross-modal
representations for both visual and textual inputs. However, Co-TRM lacks the ability to encode
self-attentive context within each modality.

The cascade of Se-TRM and Co-TRM is also used in recent vision-language models [19, 22,
23] to learn both unimodal and cross-modal representations. In general, there are two cascade
forms: 1) stacking Co-TRM upon Se-TRM (SeCo-TRM) in Figure 5.5(a); and 2) stacking Se-
TRM upon Co-TRM (CoSe-TRM) in Figure 5.5(b). These stacked TRMs learn the unimodal
and cross-modal information in a sequence manner. Hence, their final outputs focus more on
either the self-attentive contexts or cross-modal interactions. Our SGPA combines advantages
of both Se-TRM and Co-TRM, but not through cascade. As shown in Figure 5.4(c), SGPA
contains two parallel multi-head attention blocks. One block takes single modality as input
and the other takes both modalities as inputs. Thus, SGPA is able to learn both unimodal and
cross-modal representations simultaneously. Then, a cross-gating strategy is designed to fuse
the self- and cross-attentive representations. We also employ a self-guided head to replace
the feed forward layer in transformer block. This design implicitly emphasizes informative
representations by measuring the confidence of each element.

To better reflect the performance of different TRMs, we remove the sequence matching
component and only use a single block (i.e., Nsgpa = 1) in the experiment. The results are
reported in Table 5.4. Observe that SGPA is superior to TRMs on both datasets. Co-TRM
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TABLE 5.4: Comparison between SGPA with standard transformer blocks on Charades-STA
and ActivityNet Captions datasets, where Se-TRM is the transformer block with single modal-
ity inputs, and Co-TRM is with dual modality inputs, PA is the SGPA without self-guided head
(i.e., replaced by FFEN). The scores in bracket denotes standard deviation.

R@1,IoU = p
Methods W=03 pu=05 =07
Charades-STA
Se-TRM 68.84 (046) 51.92 (0549 34.58 (0.18)
Co-TRM 69.03 049) 52.34 0.50) 35.07 (0.32)
SeCo-TRM | 69.11 (024) 52.63 (0.49) 35.17 (0.22)
CoSe-TRM | 69.08 (026) 52.82 0.43) 35.09 (0.50)
PA 69.21 0279 54.37 046) 36.22 (0.49)
SGPA 69.47 (032) 54.63 (043) 36.36 (0.24)
ActivityNet Captions

Se-TRM 57.64 038 40.76 035 25.10 (0.30)
Co-TRM 57.39 0290 40.55 045y 24.85 (0.47)
SeCo-TRM | 57.47 (038 40.70 0240 25.07 (0.21)
CoSe-TRM | 57.72 041y 40.85 017) 25.16 (0.15)
PA 58.27 0.13) 41.59 024) 25.88 (0.28)
SGPA 58.40 031y 41.72 0.199 26.07 (0.16)

TABLE 5.5: Ablation studies of sequence matching strategy in SeqPAN, where the values in
bracket denote standard deviation.

sq-match Charades-STA ActivityNet Captions
Method 4 R@L, 10U = 1 IoU R@L,IoU = & IoU
p=03 pu=05 p=07 p=03 =05 =07

G Ew

SeqPAN w/ fb-match 70.27(0.75) 56.96(0.46) 38.95(0.27) | 51.84(0.40)| 59.99(0.25) 43.71(0.19) 26.72(0.29)|43.23(0.23)

SeqPAN w/o sq-match| X X [69.62(0.54) 55.29(0.30) 36.71(0.48)|51.13(0.25)|59.03(0.35) 42.65(0.32) 26.29(0.13)|42.51(0.36)
SeqPAN w/ Gumbel | ¢/ X |71.64(0.64) 57.61(0.26) 39.26(0.31)|52.15(0.45)|59.74(0.42) 43.85(0.35) 27.12(0.20)|43.69(0.24)
SeqPAN v Vv |7270(0.51) 60.15(0.50) 41.02(0.36)|53.19(0.38)|61.12(0.39) 45.09(0.37) 27.97(0.27)|44.77(0.23)

performs better on Charades-STA but worse on ANetCaps comparing with Se-TRM. Compared
to Se-TRM and Co-TRM, SGPA learns both self-modal contexts and cross-modal interactions,

which is approximately equivalent to parallel connection of two modules.

Impact of SGPA block numbers Nggpa. We now study the impact of SGPA block numbers
on Charades-STA and ANetCaps. We evaluate five different values of Nggpy from 1 to 5.
The performance across the number of SGPA blocks in SeqPAN are plotted in Figures 5.6(a)
and 5.6(b). Best performance is achieved at Nggpa = 2 on both datasets. In general, along with
increasing Nsgpa, the performance of SeqPAN first increases and then gradually decreases, on
both datasets. We also note that performance on Charades-STA is not very sensitive to the

setting of Nggpa.
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FIGURE 5.6: The impact of SGPA block numbers (Nsgpa) on the Charades-STA and Activi-
tyNet Captions datasets.

5.3.4 Analysis on Sequence Matching

The conventional matching strategy [88, 91, 95] (denoted by fb-match) is to predict whether a
frame is inside or outside of target moment, i.e., foreground or background. In SeqPAN, we
predict begin-, inside- and end-regions, and introduce label embeddings (E),,) to represent each
region. The prediction process also uses the Gumbel-Max trick. In this experiment, we analyze
the effects of label embeddings and Gumbel-Max trick in sequence matching.

Summarized in Table 5.5, both Gumbel-Max trick (denoted by () and label embeddings
contribute to the grounding performance improvement. In addition, consistent improvements
are observed by incorporating G' and Ej,, into the model. SeqPAN is superior to SeqPAN
w/ fb-match over all evaluation metrics. The performance improvements are more significant
under more strict metrics. The results show that sq-match is more effective than the fb-match
strategy. Regional indication of potential positions of start/end boundaries does help the model

to produce accurate predictions.

Impact of Annealing Temperature 7. We then analyze the impact of annealing temperature 7
of Gumbel-Softmax in sequence matching module. Gumbel-Softmax distributions are identical
to a categorical distribution when 7 — 07. With 7 — oo, its distribution is smooth. We evaluate

11 different 7 values from 0.01 to 1.0, where 0.01 is used to approximate 0.0 since 0.0 is not
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FIGURE 5.7: The impact of annealing temperature 7 in sequence matching on Charades-STA
and ActivityNet Captions datasets.

divisible. The results are compared against vanilla Softmax as a baseline. For vanilla Softmax,
we multiply the probability distribution of labels with E,;, to aggregate label information into
the visual representations.

Figure 5.7 plots the results of different 7’s on Charades-STA and ANetCaps, respectively.
We observe similar patterns on the four sets of results. The best performance is achieved when
7 = 0.3 over both metrics on both datasets. From Figure 5.7(a), when 7 is too small or too large
(i.e., the probability distribution from Gumbel-Softmax becomes too sharp or too smooth),
Gumbel-Softmax performs poorer than vanilla Softmax. This result suggests that a proper
annealing temperature 7 is crucial to achieve good performance. Similar observations hold on
ANetCaps (see Figure 5.7(b)).

5.3.5 Qualitative Analysis

Figure 5.8 shows the number of predicted test samples within different IoU ranges on Charades-
STA and ANetCaps. Here, we compare SeqPAN with two of its variants: (i) removal of se-
quence matching module, and (ii) replacement of sequence matching with fb-match. All three
variants show similar patterns. Nevertheless, within the higher IoU ranges, e.g., IoU > 0.5 on
both datasets, SeqPAN and the variant with fb-match outperform the variant without sequence

matching. The results show that having auxiliary objectives (e.g., foreground/background or
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FIGURE 5.8: Plots of the number of predicted test samples within different IoU ranges on
Charades-STA and ActivityNet Captions datasets.

sequential regions) is helpful in video grounding task. Results in Figure 5.8 also show that our
sequence matching is more effective than fb-match, for highlighting the correction regions for
predicting start/end boundaries.

Figure 5.9 depicts two video grounding examples from the ANetCaps dataset. From the
two examples, the moments retrieved by SeqPAN are closer to the ground truth than that are
retrieved by SeqPAN without utilizing the sq-match strategy. Besides, the start and end bound-
aries predicted by SeqPAN are roughly constrained within the pre-set potential start and end
regions. In addition, the predicted sequence labels (PSL) in Figure 5.9 also reveal the weakness
of sq-match strategy. The predicted labels by sq-match strategy are not continuous, where mul-
tiple start, inside, and end regions are generated. In consequence, the localizer may be affected
by wrongly predicted regions and leads to inaccurate results. To further constrain the generated

regions is part of our future work.

5.4 Summary

In this chapter, we have analyzed the importance of video-text interaction and the sparsity issue
in the moment boundary prediction for many existing proposal-free methods. To address those
issues, we presented a framework termed Parallel Attention Network with Sequence matching
(SeqPAN). In SeqPAN, we first design a parallel attention module to improve the multimodal
representation learning by capturing both self- and cross-modal attentive information simul-
taneously. On top of the parallel attention module, we ameliorate the standard context-query
attention and propose a video-query integration module, which further enhances the cross-
modal interactions between visual and textual features. In addition, we propose a sequence

matching strategy, which splits the video into four different regions, i.e., begin, inside, end and
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FIGURE 5.9: Qualitative results of SeqPAN and SeqPAN w/o sq-match on ANetCaps. “GSL”
is the ground truth sequence labels; “PSL” is the predicted labels by sq-match of SeqPAN.

background, and explicitly indicates the potential start and end regions of the target moment to
allow the localizer precisely predicting the boundaries. Compared to VSLBase and VSLNet,
SeqPAN also follows the canonical span-based question answering framework, but it incorpo-
rate the concepts of named entity recognition and equip with more sophisticated multimodal
interaction module to boost performance. Through extensive experimental studies, we show
that SeqPAN outperforms the state-of-the-art methods on three benchmark datasets; and both
the proposed parallel attention and sequence matching modules contribute to the grounding

performance improvement.
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Chapter 6

Towards Debiasing TSGV

6.1 Introduction

The previous chapters have explored to formulate TSGV as a multimodal span-based ques-
tion answering problem, and developed a standard span-based QA framework to solve TSGV.
However, recent studies [174, 193] reveal that: 1) Substantial distribution bias exists in the
benchmark datasets; 2) Many TSGV models rely on exploiting the statistical regularities of
annotation distribution for moment retrieval, to achieve good performance. To illustrate the
annotation distribution bias in the benchmark datasets, we use Charades-CD dataset! as an
example and visualize its annotation distribution, as shown in Figure 6.1(a). The “Start” and
“End” axes denote the normalized start and end time points of the annotated moments in videos.
Observe that many annotated moments in the train set of Charades-CD locate in the normal-
ized temporal region of 0.2 ~ 0.4 of the video length. Hence, a TSGV model could make a
good guess of start/end time points, even without taking into consideration the input video and
language query. Consequently, the existing TSGV methods achieve impressive performance
on the independent-and-identical distribution (iid) test set, but fail to generalize on the out-of-
distribution (ood) test set.

The aforementioned studies [174, 193] well analyze the issue of distribution bias in TSGV
datasets and models. However, they do not attempt to address the bias. To solve this problem,
Yang et al. [194] propose a causality-inspired TSGV framework that builds a structural casual
model [119] to disentangle confounding effects of moment location from visual content for
correct prediction. Luo et al. [159] devise a self-supervised approach to solve TSGV with

pseudo label generation, which does not rely on the original biased annotations. Instead of

'Charades-CD dataset is built from Charades-STA dataset, Yuan et al. [174] redesign the Charades-STA to
form Charades-CD dataset for the purpose of evaluating model biasing, with dedicated iid test set and ood test set.
Details of Charades-CD and ActivityNet-CD are introduced in the experiments.
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FIGURE 6.1: Moment annotation distributions of the Charades-CD and ActivityNet-CD

datasets, where “Start” and “End” axes represent the normalized start and end time points,
respectively. Deeper color represents larger density (i.e., more annotations) in the dataset.

designing sophisticated architectures, in this chapter?, we aim to mitigate bias in TSGV models
with simple yet effective strategies. Specifically, we propose two debiasing strategies, data
debiasing and model debiasing. The data debiasing strategy is model-agnostic, which could be
applied to various TSGV models. The model debiasing strategy, inspired from visual question
answering debiasing [195, 196], is designed for proposal-free TSGV models.

From data perspective, bias is caused by the imbalanced distribution of moment annota-
tions, i.e., many annotations are concentrated in several regions as shown in Figure 6.1. To
mitigate the bias, we artificially re-balance the moment annotations via data augmentation, i.e.,
creating more samples through video truncation. Specifically, we partition each training video
into multiple non-overlapping clips, and gradually cut background clips (i.e., clips that do not

contain target moment) to form new videos. Each newly created video hence has a different

2This chapter is submitted as Hao Zhang, Aixin Sun, Wei Jing, and Joey Tianyi Zhou. “Towards Debiasing
Temporal Sentence Grounding in Video”. Under review [37].
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start/end time point from the original training sample. Besides, each query corresponds to mul-
tiple videos of different lengths after data debiasing. This oversampling implicitly encourages a
TSGV model to focus more on the interactions between the language query and target moment.

The model debiasing strategy is inspired by the question-only branch in visual question
answering (VQA) debiasing [195, 196]. Bias in VQA comes from the suspicious correlations
between answer occurrences and certain patterns of questions, e.g., color of a banana is always
answered as “yellow” regardless the input image contains a yellow or green banana. Bias in
TSGYV, on the other hand, is caused by the regularities in the moment boundaries. That is, a
TSGV model with video- or query-only input could achieve fairly good performance by making
a good guess of the distribution bias. Thus, our model debiasing is conceptually different from
the strategies in VQA models. To debias, we add two unimodal models, i.e., video- and query-
only branches, in addition to the TSGV model. Both unimodal models learn to capture the bias,
and to disentangle bias from the TSGV model by adjusting losses to compensate for biases
dynamically. Specifically, the gradients backpropagated through TSGV model are reduced for
biased examples and are increased for the less biased after loss adjustment.

We evaluate the proposed data and model debiasing strategies on the Charades-CD and
ActivityNet-CD datasets, by using VSLNet as the base model. Experimental results demon-
strate their ability of well generalization on out-of-distribution test set. With both debiasing

strategies, VSLNet achieves further improvements against the base model.

6.2 Debiasing TSGV Framework

We first recall the formulation of TSGV task in feature space. Then we elaborate the proposed
data and model debiasing strategies. The data debiasing strategy is model-agnostic, hence
can be applied to any TSGV model in principle. The proposed model debiasing strategy is
applicable to proposal-free models. Lastly, we use VSLNet [34] as a backbone to illustrate how
to apply the two debiasing strategies.

We denote an untrimmed video with 7" frames as V' = | ft]tT:’ol, language query with m words
as () = [qi];’;_ol, 7s and 7. as the start and end time of ground truth moment. The video V' is
then split into 7 units and encoded into visual features V' = [v;]"-) € R™*% with pre-trained
visual feature extractor. The query () is initialized by the pre-trained word embeddings, such
as GloVe [26], as Q = [wi]ﬁgl € R™*%_ The Ts(e) are mapped to the corresponding indices
as(e) In the feature sequence, where 0 < a, < a. < n — 1. The goal of TSGV is to localize the

moment starting at a; and ending at a,..
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(a) An illustration of the data debiasing strategy with (b) The train set distribution before and after the data
ideal and non-ideal cases. debiasing (DD) strategy.

FIGURE 6.2: The illustration of data debiasing (DD) strategy and an example of augmented
train set distribution for Charades-CD dataset. Note the decimals with green color in (a) rep-
resent the normalized start and end time according to the position of the ground truth moment
and the video length. The red rectangles in (b) highlight the regions of biased samples in
Charades-CD train set before and after the data debiasing (DD) strategy.

6.2.1 Data Debiasing

As shown in Figure 6.1, the iid test set shares identical distribution of start/end positions with
the train set, while the ood test has an entirely different distribution. From a data perspective,
this issue is caused by the fact that the train set does not cover many moment annotations that
start and end at different positions of the untrimmed video. Thus, we propose a simple data
debiasing (DD) strategy to include more annotations with varying start/end positions.

Ideally, the moment annotations of the train set should uniformly distribute in the upper
triangle area in the distribution plot (see Figure 6.1). To this end, we oversample annotations
through video truncation. As illustrated in Figure 6.2(a), for each video-query pair, we first
partition the video into multiple non-overlapping clips. If a clip overlaps with the ground
truth moment, then it is regarded as foreground, otherwise as background. If the ground truth
moment happens to be partitioned into multiple clips, then these clips are merged back to ensure
the ground truth moment is unaffected. Then we gradually truncate the video to generate new
videos by throwing background clips from both ends. The newly generated videos hence are
sub-clips of the original video, with their overall length reduced, but all contain the ground truth
moment. The relative positions of the start and end boundaries of the ground truth moment are
then well distributed. Because the correspondence between the language query and ground truth
moment does not change, this oversampling process makes each query correspond to multiple
videos of different lengths. It is worth noting that a query is paired with multiple copies of the
corresponding video (original/clipped versions) after DD, thus, there is mostly no information
loss from the perspective of all samples as the dropped background still exists in the original

or other clipped versions. In this way, data debiasing implicitly encourages the TSGV model
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FIGURE 6.3: A standard proposal-free VMR model (a), and model debiasing strategy (b).

to learn the multimodal matching between the query and the target moment, with different
amounts of irrelevant content in videos. Note that, we do not rotate or permutate background
clips, to ensure semantic continuity in the generated videos.

We use the train set of Charades-CD as an example to illustrate the effect of DD in Fig-
ure 6.2(b). After data debiasing, the moment annotation distribution of the augmented train
set spreads to a much larger area than that of the original train set. Besides, the proportion of
biased samples (highlighted in red rectangle in the figure) in the entire training samples reduces
from 38.83% to 21.80%.

6.2.2 Model Debiasing

We propose model debiasing for proposal-free TSGV models, which directly learn cross-modal
interactions between video and query, and directly predict boundaries of target moment. Next,
we use the computation process of span-based TSGV model to present our debiasing strategy.

A typical span-based model consists of a video encoder ¢, : V € R™% — V ¢ R"¥4,
a query encoder ¢, : Q € R™ 4 — Q € R™? a cross-modal interaction module m,, :
V x Q — H,, € R™4, and an answer predictor g,, : H,, — 2% = {2,227} € R™2
The overall architecture is shown in Figure 6.3(a), where we combine the cross-modal inter-
action module m,, and answer predictor g,, as cross-modal decoder ¢, : V x Q — 2% =
{zv, 29} € R™*? for better visualization, and a(,, = Softmax(z(,). The training objective

is defined as:
1
*qu = 5 X [fXE(a§q7 ys) + fXE(a:qa ye)}a (61)

where fxg is cross-entropy function, y, and y. are the corresponding one-hot labels for start

(as) and end (a.) boundaries, respectively.
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Due to the existence of substantial data distribution biases in TSGV datasets, TSGV mod-
els tend to rely on the statistical regularities to generate predictions even without having to
consider the video and query inputs [193]. Hence, a TSGV model with unimodal input (i.e.,
either video or query) could also achieve fair performance by capturing the distribution bi-
ases in TSGV datasets. Inspired by VQA debiasing [195, 196], we adapt unimodal models,
i.e., video-only module and query-only module, as separate branches and integrate them into
TSGV model, illustrated in Figure 6.3(b). The unimodal models learn to explicitly capture the
distributional bias from TSGV benchmarks, and force the TSGV model to focus on learning
cross-modal interaction between video and query by removing the biased information from its
answer predictions.

It is worth noting that VQA usually suffers from language prior bias. For example, whenever
a query mentions “banana”, systems will answer “yellow” regardless whether image contains
“yellow” or “green” banana. In this sense, VQA methods only adopt the query-only branch for
debiasing. In contrast, for TSGV, bias has negative effects on both video and query sides. Thus,
we have to detect and remove the effects of bias from both sides.

Specifically, given the encoded visual (V) and textual (Q) features, the TSGV model re-

trieves the answer with cross-modal decoder as:

z" = qu(qu(‘_/7 Q)) (6.2)

Because the video-only branch does not contain query input, the video-only decoder gener-
ate answer by:
2z’ = g,(V). (6.3)

In other words, the video-only branch directly takes video as input to predict the possible target
moment without the assistance of language query. If the benchmark datasets are uniformly
distributed, the video-only branch cannot learn correct patterns from the dataset, and degenerate
to random guess. However, due to the existence of strong distributional bias, the video-only
branch could easily capture the bias to encode the suspicious correlations and achieve fair
performance via iteratively model updating.

For query-only branch, as TSGV task requires to retrieve start and end boundaries of target
moment, we follow Otani et al. [ 193] to replace V with a learnable feature sequence V; € R4

in the same shape, to simulate visual input. The answer is computed as:

27 = g,(my(V;, Q). (6.4)
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Similar to the video-only branch, the query-only branch also captures the bias to obtain
correct predictions through model learning. Note that, the structures of m, and m,,, are the
same, but their parameters are not shared. Also, g,, g,, and g,, are the same.

Since both video-only and query-only branches encode the bias information through model
learning, we can explicitly remove the learned bias by disentangling the biased representations
from the TSGV model. Specifically, with the biased prediction 2z, and z,, we modify the
prediction of TSGV model z,, as:

2y, =2"100(27) ©o(2"), (6.5)

where © denotes element-wise multiplication and o is Sigmoid activation to map the biased
prediction between 0 and 1. The key of Equation (6.5) is to dynamically alter the loss, by
modifying predictions of the TSGV model, to prevent the model to pick up distribution biases
from the dataset.

Given a biased sample, both unimodal branches and the TSGV model tend to generate high
confidence to the correct answer and low confidence to others. The confidence score of the
correct answer predicted by the TSGV model will be further increased with Equation (6.5).
Thus, the loss from a biased sample is much smaller. Accordingly, since the gradients are gen-
erally proportional to loss, the gradient backpropagated through the TSGV model is very small,
reducing the importance of this biased sample in training. On the contrary, the importance of
a non-biased sample will be increased. The reason is, all the models tend to assign low confi-
dence to the correct answer, hence the score is further decreased through Equation (6.5). With
a large loss, the TSGV model is forced on learning non-biased samples. To be specific, the
model debiasing is to minimize overall risk. During training, we further increase confidence of
correct predictions for biased samples with help of unimodal branches. Thus, model will guess
those samples are well learned and pay less attention to them. In contrast, for unbiased samples,
we suppress confidence of correct predictions, which makes model pay more attention to learn
them to increase confidence for reducing risk. In short, a higher confidence of sample leads
to lower cross-entropy loss, i.e., the gradients are smaller, thereby reducing their importance.
Vice versa for the samples with lower confidences.

Finally, we jointly optimize the two unimodal models and the TSGV model as:
Loy = Log+ Ly + L,. (6.6)

Note that, both £, and £, do not optimize the query (e,) and video (e,) encoders, i.e., the “stop

gradient” in Figure 6.3(b), to prevent them from directly learning distribution biases. L, is
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FIGURE 6.4: The moment annotation distributions of train and test sets for the Charades-STA,
Charades-CD, ActivityNet Captions and ActivityNet-CD datasets, respectively.

TABLE 6.1: Statistics of the TSGV benchmark datasets.

Dataset Split # Videos # Annotations
train 4,564 11,071

val 333 859

Charades-CD test-iid (iid) 333 823
test-ood (ood) 1,442 3,375

train 10,984 51,415

.. val 746 3,521
ActiviyNet-CD |4 id (iid) 746 3,443
test-ood (ood) 2,450 13,578

train 5,338 12,408

Charades-STA fest 1,334 3,720
.. . train 10,009 37,421
ActivityNet Captions test 4917 34.536

used to optimize all the modules except the learnable feature sequence for query-only decoder.

During inference, only the TSGV model is used.
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6.3 Experiments

6.3.1 Experimental Settings

Datasets. We conduct experiments on the Charades-CD and the ActivityNet-CD datasets,
prepared by [174]. The two datasets originate from the Charades-STA [27] and the Activi-
tyNet Captions [165] datasets, respectively. The train/test instances are reorganised by [174]
into train, val, iid test and ood test sets. The moment annotation distributions of the evalu-
ated datasets, i.e., Charades-STA [27], Charades-CD [174], ActivityNet Captions [165] and
ActivityNet-CD [174] are depicted in Figure 6.4. Robustness of TSGV models are measured
by the performance gap between their iid and ood test sets. Note that, the number of samples
in the iid test sets for both Charades-CD and ActivityNet-CD datasets are small, which lead to
large variances and may not accurately reflect the performance of our proposed strategies. For
this reason, we also conduct experiments on original Charades-STA and ActivityNet Captions

datasets to further validate our strategies. Statistics of the datasets are summarized in Table 6.1.

Evaluation Metric. The measure R@n,loU@, denotes the percentage of test samples that
have at least one result whose Intersection over Union (IoU) with ground truth is larger than g
in top-n predictions. The measure dR@n, loU @y, is the discounted-R@n, [oU@ ;, proposed
by Yuan et al. [174]. This metric introduces two discount factors computed from the boundaries
of predicted and ground truth moments to restrain over-long predictions. We also report mloU,

which is the average IoU over all test samples. We set n = 1 and p € {0.3,0.5,0.7}.

Implementation. We use VSLNet [34] as the backbone model to evaluate both debiasing
strategies, due to its simple architecture and prominent performance. VSLNet consists of a
transformer-based module as video encoder e,, a transformer-based module as query encoder
€4, a video-query co-attention layer as cross-modal reasoning module m,,,, and the stacked
LSTMs as answer predictor g,,. Here, we replace the stacked LSTMs with stacked transformer
blocks [177] for faster training and inference. In our implementation, the VSLNet is regarded
as the standard TSGV model. Then we initialize a new answer predictor g, with stacked trans-
former blocks as video-only decoder. The query-only decoder is constructed by creating a new
cross-modal reasoning module m, and a new answer predictor g,. As mentioned before, the
m, and m,,, have the same structure but their parameters are not shared, while g,, g, and g,,
are the same. Finally, the VSLNet, query-only decoder and video-only decoder are integrated
together following Figure 6.3(b).

We utilize the 300d GloVe [26] vectors to initialize lowercase words in query (). For video
V', we follow Yuan et al. [174] with the pre-trained 13D features [25] for Charades-CD and
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TABLE 6.2: The performance (%) of unimodal models and VSLNet on Charades-CD dataset.

R@1,loU@yu | dR@1,IoU@pu
p=0.5 p=0.7 | u=0.5 p=0.7
Q-only | 29.65 17.89 | 26.98 17.06 | 34.67
ild | V-only | 30.38 20.29 | 27.94 19.28 | 33.24
VSLNet | 60.51 41.07 | 56.12 39.25 | 54.39
Q-only | 15.17 599 | 1296 5.54 | 20.87
ood | V-only | 16.71 6.96 | 14.18 6.48 | 20.03
VSLNet | 48.18 28.89 | 43.29 27.20 | 45.56

Split | Method mloU

Charades-STA, and the pre-trained C3D features [24] for ActivityNet-CD and ActivityNet Cap-
tions. For all benchmark datasets, we set the maximal visual sequence feature length as 128.
For the model parameters, we follow Zhang et al. [34] and use the hidden size of 128 for all
hidden layers, the head size of 8 for multi-head attention, and the kernel size of 7 for convolu-
tions. For data debiasing, we empirically partition each video into N;;, = 5 clips. Adam [181]
optimizer is used with batch size of 16 and learning rate of 0.0005 for training. The model is

trained by 100 epochs in total with early stopping tolerance of 10 epochs.?

6.3.2 Bias in Backbone Model

We first study the performance of backbone model on Charades-CD dataset. In particular, we
separately train the standard VSLNet, query-only model (Q-only), and video-only model (V-
only). The results are summarized in Table 6.2. Observe that both Q-only and V-only models
achieve fair performance on iid test set, but poorer on ood test set, e.g., 17.06% on iid versus
5.54% on ood for Q-only model over the dR@n, [oU@0.7 measure. Similar observation holds
on the standard VSLNet. We conclude that Q-only and V-only models can well capture the

distributional bias, and the backbone model fails to generalize well on test set with ood samples.

6.3.3 Impact of data and model debiasing

The results of applying data debiasing (DD) and model debiasing (MD) strategies are summa-
rized in Table 6.3, where “all” means all samples in both iid and ood test sets. On iid test sets,
performance drop is observed after applying DD and MD strategies. One reason is that both
DD and MD prevent the model from exploiting distribution bias in training. Another reason is
that the number of samples in iid test sets are small, which leads to large variances and may

not well reflect the accurate effects of the proposed debiasing strategies. On contrast, on ood

3 All experiments are conducted on a workstation with dual NVIDIA GeForce RTX 3090 GPUs.
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TABLE 6.3: The performance (%) of applying data debiasing (DD) and model debiasing (MD)
strategies on top of VSLNet on the Charades-CD and ActivityNet-CD datasets.

Charades-CD
R@1,IoU@pu dR@1,IoU@y
1=0.3 p©=0.5 ©=0.7|u=0.3 u=0.5 pu=0.7
75.09 60.51 41.07|66.72 56.12 39.25
74.73 59.54 38.40|65.79 55.01 36.78
73.39 59.17 39.13165.22 54.69 37.41
74.85 59.97 40.55[67.19 55.66 38.87
65.93 48.18 28.89(55.85 43.29 27.20
71.88 54.84 33.69|60.68 49.02 31.69
70.79 54.90 33.30{60.59 49.26 31.64
70.10 55.82 34.70|60.81 50.37 32.70
67.72 50.60 31.28|57.98 45.81 29.56
72.44 55.76 34.61|61.68 50.19 32.81
70.25 55.79 35.30160.93 50.63 33.33
71.03 57.03 36.06|62.06 51.40 34.08

ActivityNet-CD
R@1,IoU@u dR@1,IoU@pu
1=0.3 p=0.5 ©=0.7|u=0.3 u=0.5 pu=0.7
63.18 49.16 32.37|52.41 43.40 31.37
62.08 47.95 30.10|51.81 42.45 28.28
58.73 45.10 29.32|50.23 40.51 27.60
60.65 45.84 29.94151.26 40.88 28.11
41.71 23.31 12.06|32.99 20.96 11.59
42.21 26.81 14.33|35.12 24.29 13.45
42.43 27.70 15.01|36.08 25.33 14.41
42.78 27.33 15.10|36.16 25.05 14.67
46.02 28.49 16.14|36.89 25.47 15.66
46.19 29.68 17.23|38.18 26.77 16.43
45.70 31.19 17.88|38.92 28.38 17.05
46.38 31.09 18.14|39.21 28.25 17.43

Split| Method

mloU mloU

VSLNet
+DD
+MD

+DD+MD

VSLNet
+DD
+MD

+DD+MD

VSLNet
+DD
+MD

+DD+MD

54.39
53.42
53.26
53.92
45.56
49.60
49.49
50.30
47.30
50.57
50.40
51.01

47.57
45.90
43.62
44.71
29.95
30.19
30.55
30.56
33.19
33.31
33.17
33.42

iid

ood

all

TABLE 6.4: The performance (%) of applying data debiasing (DD) and model debiasing (MD)
strategies on top of VSLNet on the Charades-STA and ActivityNet Captions datasets.

Charades-STA ActivityNet Captions
Method R@1,IoU@u dR@1,IoU@y mloU R@1,IoU@u dR@1,IoU@y mloU
1=0.3 p=0.5 p=0.7|p=0.3 p=0.5 p=0.7 1=0.3 p=0.5 p=0.7|p=0.3 p=0.5 p=0.7
VSLNet |71.18 55.73 36.83[62.04 51.22 35.08|51.31|59.30 42.50 26.01|48.13 37.16 24.29|43.01
+DD |71.75 55.38 38.90(62.49 51.12 37.10(51.96|59.68 42.21 26.19|48.18 36.88 24.45|43.31
+MD |70.19 55.75 37.80|61.72 51.55 36.05|51.17|58.46 42.14 26.7447.96 37.16 25.03|42.88
+DD+MD|70.05 58.49 39.92|62.27 53.97 38.06|52.18|59.66 42.89 26.99|48.99 37.45 25.26 |43.46

test sets, both DD and MD significantly improve the performance. In addition, by combining
DD and MD, further improvements are observed on ood test sets. Thus, the performance gaps
between iid and ood sets are reduced further. On the combined test samples (iid + ood), DD
and MD together bring performance increase on both datasets.

Table 6.4 reports results on original Charades-STA and ActivityNet Captions datasets. Note
moment annotation distributions of train and test sets are almost the same for both Charades-
STA and ActivityNet Captions datasets [174], and the number of test samples in both datasets
is relatively large. Observe that small improvements are observed after applying DD and MD
strategies on both datasets. The DD and MD encourage TSGV model to focus more on ex-
ploiting cross-modal reasoning between video and query, which contributes to the performance
improvements.

In general, without debiasing, the standard TSGV model can easily capture shortcuts for
good predictions. However, the shortcuts do not reveal correct cross-modal interactions, which
leads to poor performance on ood. With debiasing, shortcuts are blocked; the results can no

longer be easily predicted based on shortcuts, but learned cross-model interaction. Thus, the
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FIGURE 6.5: Results (in %) of dR@1, [oU@0.7 and the performance gap (%) between iid and
ood test sets for SOTA TSGV models, VSLNet and proposed debiasing strategies on Charades-
CD and ActivityNet-CD.

overall generalization ability of TSGV model is improved with debiasing, leading to better

performance on test sets.

6.3.4 Comparison with the State-of-the-Arts

Although two recent work proposes to solve bias issue of TSGV, Yang et al. [194] do not con-
duct experiments on Charades-CD or ActivityNet-CD datasets. Instead, they synthesize ood
samples from original datasets, i.e., Charades-STA and ActivityNet Captions, by inserting a
random-generated video clip at the beginning of videos. While Luo et al. [159] solve bias is-
sue with self-supervised learning under the semi-supervised setting. Due to the differences in
datasets and settings, their methods are not directly comparable to our proposed method. Fig-
ure 6.5 depicts the dR@1, IoU@0.7 results of SOTA models on Charades-CD and ActivityNet-
CD datasets. We compare with 1) proposal-based methods, CTRL [27], ACRN [61] and
SCDM [31]; 2) proposal-free methods, ABLR [88], 2D-TAN [32] and DRN [94]; 3) RL-based
method TSP-PRL [125]. Results of these models are reported by Yuan et al. [174]. In general,
our backbone model, and the version with DD and MD strategies, are superior to the compared
SOTA models on both datasets.

Although the performance of these models varies greatly, we are more interested in their
performance gap between 1id and ood test sets. Specifically, we define the performance gap as:

_ 8000 = sl 15007 (6.7)

pgap - Sd
2
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TABLE 6.5: The performance (%) of VSLNet with data debiasing (DD) strategy over different
number of clip N, on the Charades-CD and ActivityNet-CD datasets.

Charades-CD ActivityNet-CD
Split| Neiip| R@1,IoU@pu dR@1,IoU@pu mioU R@1,loU@u dR@1,IoU@pu
1=0.3 p=0.5 p=0.7|u=0.3 pu=0.5 pu=0.7 1=0.3 p=0.5 p=0.7|u=0.3 pu=0.5 pu=0.7

mloU

74.00 59.17 39.13|65.82 54.75 37.46|53.75|61.49 46.49 28.90|51.36 41.15 27.16|45.17
iid 74.73 59.54 38.40|65.79 55.01 36.78|53.42|62.08 47.95 30.10|51.81 42.45 28.28|45.90
74.24 61.24 38.52|65.67 56.46 36.86|53.86|61.92 46.30 30.45|51.46 41.21 28.61|45.63
70.43 54.28 33.24|59.89 48.63 31.31|48.86|42.56 26.47 14.07|35.31 24.04 13.45|30.39
ood 71.88 54.84 33.69|60.68 49.02 31.69(49.60|42.21 26.81 14.33|35.12 24.29 13.45|30.19

69.66 54.52 32.71|59.45 48.81 30.80|49.33|42.62 26.04 13.68|35.08 23.73 13.16|30.33
71.13 55.55 34.40|61.05 50.09 32.51|49.82|46.36 29.49 17.05|38.53 26.47 16.24|33.35
72.44 55.76 34.61|61.68 50.19 32.81|50.57|46.19 29.68 17.23|38.18 26.77 16.43|33.31
70.56 55.84 33.85|60.67 50.31 31.99|50.22|46.49 29.10 17.05|38.36 26.23 16.26|33.40

all

> T I N N NV RN N . NNV NN

where |- | denotes absolute value operation, s;;; and s,,q represent the score of a model on iid
and ood test sets, respectively. Smaller p,,, means the model is more robust.

On Charades-CD dataset, CTRL and ACRN achieve comparable performance gap between
iid and ood test sets. Other methods, including VSLNet, show large performance gap between
iid and ood test sets. Compared to those SOTAs, the gap of VSLNet is moderate, with py,, =
30.70%. With data debiasing, p,q, of VSLNet decreases from 30.70% to 13.84%. DD strategy
significantly improves the results on ood test set by balancing the distribution of train set to
be more uniform. MD strategy also reduces the pg,,, distinctly by disentangling the bias from
the TSGV model with two unimodal branches during training. On ActivityNet-CD dataset, the
performance gap between iid and ood test sets are more conspicuous than that on Charades-
CD dataset. Specifically, py,, of VSLNet is 63.05%, the second largest among all models. By
applying DD and MD strategies, the results on ood set increase and the results on iid set slightly
decrease. After debiasing, p,,, of VSLNet reduces significantly.

6.3.5 Analysis of Data Debiasing Strategy

We now study the effect of number of clips N, in data debiasing (DD) strategy on Charades-
CD dataset. We evaluate N;, € {4,5,6} and report results in Table 6.5. Observe that
performances of VSLNet+DD with different /V;,8 are comparable on iid test set. However,
VSLNet+DD with Ny;, = 5 generally outperforms the model with other N;, values on ood
test set. Besides, VSLNet+DD with N;, = 5 also performs best over all test samples. Similar
observations hold on the ActivityNet-CD dataset.
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TABLE 6.6: The performance (%) of VSLNet with different model debiasing (MD) strategies
on the Charades-CD and the ActivityNet-CD datasets.

Split| Method

Charades-CD

ActivityNet-CD

R@1,IoU@u
1=0.3 4=0.5 pu=0.7

drR@1,IoU@pu
1=0.3 p=0.5 pu=0.7

mloU

R@1,loU@u
1=0.3 4=0.5 pu=0.7

dR@1,IoU@u
1=0.3 4=0.5 pu=0.7

mloU

VSLNet

+V-MD

+Q-MD
+MD

iid

75.09 60.51 41.07
73.63 60.87 39.61
73.51 60.39 40.83
73.39 59.17 39.13

66.72 56.12 39.25
65.68 56.41 38.04
65.56 55.95 38.95
65.22 54.69 37.41

54.39
54.11
53.41
53.26

63.18 49.16 32.37
61.27 46.88 30.16
60.88 46.14 30.94
58.73 45.10 29.32

52.41 43.40 31.37
51.80 41.94 28.41
51.67 41.37 29.15
50.23 40.51 27.60

47.57
45.09
45.00
43.62

VSLNet

+V-MD

+Q-MD
+MD

ood

65.93 48.18 28.89
68.24 52.74 32.47
67.11 51.59 32.18
70.79 54.90 33.30

55.85 43.29 27.20
58.21 47.50 30.53
57.90 46.63 30.33
60.59 49.26 31.64

45.56
48.42
47.60
49.49

41.71 23.31 12.06
42.85 27.23 14.56
42.89 27.06 14.60
42.43 27.70 15.01

32.99 20.96 11.59
36.07 24.91 13.96
36.14 24.73 14.01
36.08 25.33 14.41

29.95
30.45
30.58
30.55

VSLNet

+V-MD

+Q-MD
+MD

all

67.72 50.60 31.28
69.92 54.34 33.87
68.37 53.31 33.87
70.25 55.79 35.30

57.98 45.81 29.56
59.67 49.25 32.00
59.40 48.45 32.02
60.93 50.63 33.33

47.30
49.53
48.74
50.40

46.02 28.49 16.14
46.54 31.18 17.12
46.50 30.88 17.28
45.70 31.19 17.88

36.89 25.47 15.66
39.23 28.13 16.75
39.26 27.86 16.85
38.92 28.38 17.05

33.19
33.35
33.47
33.17

TABLE 6.7: Data statistics of Charades-CD and ActivityNet-CD. Ly// L) is the average
video/moment length in seconds, l_}Q is average number of words in query, N4 /v 1s average
annotations per video, N,.qqp 1S the vocabulary size and N, is the size action verb. Note we
only count the verb with occurrence larger than 5 for N,;.

Dataset Ly Ly Lo Nayw  Nooeas Nact
Charades-CD 30.75s  8.12s 622 242 1,255 69
ActivityNet-CD | 117.60s 37.14s 14.41 4.82 13,707 901

6.3.6 Analysis of Model Debiasing Strategy

Here we study the effect of each unimodal model, i.e., video-only and query-only branches on
VSLNet. The results are summarized in Table 6.6. V-MD and Q-MD denotes debiasing using
video-only or query-only branch only. Both V-MD and Q-MD strategies lead to significant
improvement on the ood test set, and slight degradation on the iid test set. We observe the same
on the ActivityNet-CD dataset. This set of results indicate that model debiasing on both video

and query sides are necessary for learning a robust TSGV model.

6.3.7 Performance Differences on Charades-CD and ActivityNet-CD

The data and model debiasing strategies show their strong generalization capability on the test
set with out-of-distribution. However, we observe that the performance of the two strategies on
ActivityNet-CD are inferior to that on Charades-CD. Based on data statistics of the two datasets
(see Table 6.7), ActivityNet-CD dataset is more challenging than Charades-CD, because aver-
age video and query lengths are much larger. Besides, ActivityNet-CD contains more than 900

different action verbs while Charades-CD has 69 verbs only. That is, the activities/events of
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FIGURE 6.6: Visualization of moment annotation distributions of train, iid and ood test sets in
ActivityNet-CD dataset, and that predicted by VSLNet and the proposed debiasing strategies.

ActivityNet-CD are many more diverse than that in Charades-CD. This could contribute to the
difficulty of debiasing ActivityNet-CD. Figure 6.6 depicts the predicted annotation distribu-
tions of VSLNet and two proposed debiasing strategies on iid and ood test sets. Despite the
improvements made by DD and MD, we observe that the predicted distributions of ood test set
by VSLNet+DD/+MD remain similar to that of train set. In other words, the bias issue is more

challenging to address on ActivityNet-CD dataset.

6.4 Summary

In this chapter, we have studied the annotation distribution bias issue existing in the commonly
used benchmark datasets. Specifically, the bias denotes that the annotation distributions of train
and test sets are independent-and-identical. In this sense, existing TSGV approaches tend to

rely on exploiting the statistical regularities of annotation distribution for moment retrieval, to
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achieve good performance. In other words, these methods could make a good guess of start/end
time points, even without taking into consideration the input video and language query. To mit-
igate the suspicious correlations in the benchmark datasets, we propose two simple yet effective
strategies, data debiasing and model debiasing. The data debiasing strategy is to balance the
data sample distribution by oversampling with video truncation. While the model debiasing
guides the TSGV model to learn accurate cross-modal interactions by explicitly eliminating the
unimodal biases. With the help of two unimodal branches, we reduce the loss propagated to
the TSGV model for biased samples and amplify the loss of non-biased samples. Thus, those
non-biased samples are drawn more attention by the model during training. Through extensive
experiments, we show that both data and model debiasing strategies contribute performance

improvement on ood test sets.
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Chapter 7

Video Corpus Moment Retrieval with

Contrastive Learning

7.1 Introduction

TSGV aims to retrieve a short video segment from an untrimmed video that semantically cor-
responds to the given language query. In the previous chapters, we have explored to formulate
TSGV as span-based question answering task and adopt the standard span-based QA frame-
work to solve it. In this chapter!, we study a new task, named video corpus moment retrieval
(VCMR), which is an extension of TSGV task. Compared to TSGV which localizes relevant
moments in a single video, VCMR is more challenging, since it aims to retrieve a temporal
moment that semantically corresponds to a given text query from a collection of untrimmed
and unsegmented videos, i.e., a video corpus. Meanwhile, compared to TSGV, VCMR is more
closer to the practical scenarios. Because acquiring a large collection of video-query pairs for
TSGYV is labor-intensive and time-consuming, and VCMR covers more applications like video
surveillance, search, and navigation, within a video corpus. The comparison between TSGV
and VCMR is depicted in Figure 7.1. VCMR was first extended from TSGV by Escorcia et al.
[197], who devise a ranking-based clip-query alignment model. The model compares query fea-
tures with uniformly partitioned video clips. Then several subsequent approaches [198, 199]
are developed to solve this problem. Note that TSGV also known as single video moment re-
trieval, i.e., SVMR. To better compare with the VCMR, we replace TSGV with SVMR in the

following content.

IThis chapter is published as Hao Zhang, Aixin Sun, Wei Jing, Guoshun Nan, Liangli Zhen, Joey Tianyi Zhou,
and Rick Siow Mong Goh. “Video Corpus Moment Retrieval with Contrastive Learning”. In Proceedings of the
44th International ACM SIGIR Conference on Research and Development in Information Retrieval (Long Papers),
pages: 685-695, Online, 2021 [38].
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TSGV (SYMR)
Input: an untrimmed video, language query
Output: target moment
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Input: video corpus with multiple videos, language query
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FIGURE 7.1: The comparison between TSGV (SVMR) and VCMR tasks.

Similar to SVMR, in order to perform query-based video moment retrieval, we need to learn
the matching between query and video from training samples. In general, there are two ap-
proaches, illustrated in Figure 7.2. One is to encode video and text separately, and learn the
matching through late feature fusion, known as unimodal encoding [197, 198]. With unimodal
encoding, the text query is encoded to a d-dimensional feature vector. A video is encoded to
a sequence of d-dimensional feature vectors, where each vector corresponds to a small frac-
tion of the video, e.g., a few frames. The other is cross-modal interaction learning, which
takes in a video as a sequence of visual features, and the query as a sequence of word features
to learn their interactions [199]. The latter typically leads to better retrieval accuracy as the
learned parameters capture the relevance between query and video at fine-grained granularity.
However, in query evaluation, cross-modal encoding needs to be performed between query and
every video in corpus (illustrated by “x N’ in Figure 7.2), leading to high computational cost.
On the other hand, with unimodal encoding, visual features can be pre-encoded and stored. In
query evaluation, we only need to encode query and then perform video retrieval and moment
localization. The challenge becomes to refine two separate encoders during training process,
such that the encoded features are well aligned for accurate retrieval. Thus, there is a contra-
diction between high efficiency and high-quality retrieval for existing two approaches. That
is, unimodal encoding approaches are with high efficiency but low retrieval accuracy, while
cross-modal encoding approaches are with high retrieval accuracy but low efficiency.

Compared to SVMR which focuses on moment localization, VCMR contains two objec-
tives, i.e., video retrieval and moment localization (see Figure 7.2). Thus, given a language
query, VCMR requires to first retrieve the best matched video from video corpus, then perform
moment localization in the retrieved video. Besides, for both approaches, video retrieval and
moment localization are performed jointly, i.e., the model is trained with a joint objective. An
earlier study [198] has shown that joint learning outperforms two-stage learning where video

retrieval and moment localization are treated as two separate subtasks and performed in stages.
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FIGURE 7.2: Two approaches to VCMR: unimodal encoding vs. cross-modal interaction learn-
ing.

We aim to remedy the contradiction between high efficiency and high-quality retrieval in
VCMR, and achieve the advantages of both unimodal and cross-modal encoding approaches.
The essence of cross-modal interaction is to highlight the relevant and important information
from both modalities via co-attention mechanisms. Meanwhile, contrastive learning [200-202]
is a strategy to maximize the mutual information (MI) [203, 204] of positive pairs and to mini-
mize the MI of negative pairs. In our context, a pair of matching video and query is a positive
pair and a non-matching pair is a negative pair in training. We consider that both cross-modal
interaction learning and contrastive learning share the same objective of emphasizing the rele-
vant information of input pairs. Hence, we can apply contrastive learning to refine encoders in

unimodal encoding to achieve similar effectiveness.

Our Approach. We develop a Retrieval and Localization Network (ReLoNet) as a base net-
work to separately encode video and query representations, i.e., in an unimodal encoding style,
and to (late) fuse them for joint retrieval. We then introduce contrastive learning to ReL.oNet to
simulate cross-modal interactions between video and query, and propose ReLoCLNet. Build on
top of ReLLoNet, ReLoCLNet is trained with two contrastive learning objectives: VideoCL and
FrameCL. The VideoCL objective aims to learn video and text features such that the semanti-
cally related videos and queries are close to each other, and far away otherwise. The FrameCL
works at frame-level for moment localization, which simulates fine-grained cross-modal inter-
actions between visual and textual features within a video. In FrameCL, we regard the features
within target moment as foreground (positive samples), while the remaining as background

(negative samples). Thus, FrameCL enhances the MI between query and foreground, while
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suppresses the MI between query and background. Once trained, the learned parameters in
video encoder and text encoder can be used to encode video and text features separately and in-
dependently. Accordingly, all videos in a given corpus can be pre-encoded by the learned video
encoder and stored, as illustrated in Figure 7.2, for efficient retrieval. Experiments on two
benchmarks to demonstrate that ReLoCLNet achieves comparable accuracy with cross-modal

interaction learning, with much faster retrieval speed.

7.2 ReLoCLNet Framework

To ensure retrieval efficiency, we follow the unimodal encoding approach and aim to develop
video encoder and text encoder for effective feature encoding separately. To achieve high-
quality retrieval results, we aim to simulate the cross-modal interaction learning to better align
the encoded video and text features. To this end, we introduce contrastive learning to our
model. Conceptually, contrastive learning and cross-modal interaction learning share a simi-
lar objective of highlighting the relevant information of input pairs, i.e., matching video-query
pairs in our setting. Different from cross-modal interaction learning, contrastive learning is
only engaged in the training phase. Once trained, the learned parameters ensure the alignment
between the encoded video features and text features even though the two features are encoded
separately. The task objective, i.e., video retrieval and moment localization, can then be easily
achieved through late feature fusion. In this section, we first develop the ReLLoNet as a base
model, to separately encode video and query inputs and fuse them for prediction. Then we
design two contrastive learning objectives: (i) Video-level Contrastive Learning (VideoCL) for
video retrieval, and (ii) Frame-level Contrastive Learning (FrameCL) for moment localization.
During training phrase, VideoCL and FrameCL simulate the cross-modal interaction to enhance
the representation learning. During inference (i.e., retrieval) phrase, the model separately en-
codes video and query to maintain retrieval efficiency. The overall architecture of the proposed
model is shown in Figure 7.3. Next, we formally formulate the research problem, then detail
the components in ReLoNet and ReLoCLNet.

7.2.1 Problem Formulation

We denote a video corpus as V = {V!1 V2 ... VM} where M is the number of videos and
VF = [f,]=, represents the k-th video with T frames.> Given a text query Q = [g¢;]7,", we

aim to retrieve the temporal moment (starting from 7, and ending at 7.) in V'* that semantically

ZVideos in V could be of different lengths; we simply use T to represent the length (in number of frames) of
an arbitrary video.
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FIGURE 7.3: In both ReLoNet and ReLoCLNet, query is encoded to q,,/, and video is encoded
to H,,, for video retrieval and moment localization. ReLoCLNet adds contrastive learning
objectives through g,/ and H ! /s 1O refine query and video encoders.

corresponds to () from video corpus V. Here VV* denotes a video that contains the ground
truth moment and 7,/ are the start/end time points of target moment in V'*. Thus, VCMR has
two objectives: (i) video retrieval, i.e., finding V* from V; and (ii)) moment localization, i.e.,
locating the target moment in V™.

For words in (), the initial encoding is obtained from pre-trained word embeddings or lan-
guage models as Q = [q;];' € R™%, where d, is the word feature dimension. For each
video V' € V, we split it into n clip units, and use pre-trained feature extractor to encode them
into visual features V' = [v;]72) € R"*% where d, is the visual feature dimension. Then,
Ts(e) are mapped to the corresponding indices a(.) in the visual feature sequence, and the target
moment is represented as m* = {v;|i = ag,- -+, a.}, where 0 < ay, < a, < n — 1. That is, in
term of visual feature space, m* may correspond to a sequence of v;’s of any length within n

starting from any index. The best matching m* can be estimated by:

m*—arg_max p(m|V,Q)p(V|Q). .1)

meVvV,Vey

Given M videos in V with average video feature length n, the search space is O(M x n?).

It is infeasible to compute m* in such a large space. Hence, we approximate Equation (7.1) by:
V* =argmaxp(V|Q) and m” =~ arg max p(m|V* Q). (7.2)
\4 meV*

Equation (7.2) is consistent with two objectives of VCMR, e.g., video retrieval and moment
localization. The search space reduces to O(M + M’ x n?), where M’ is the top-M’ retrieved
videos (M’ < M) from the video corpus. In addition to visual features, a video may con-

tain its own multi-modality features, such as subtitle and audio. For instance, videos in TVR
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dataset [198] come with subtitles. We denote the subtitle of a video by S, and the features
extracted from subtitle by S € R% <" For easy presentation, we assume all videos come with

subtitles and simply use “video” to refer “video + subtitle”.

7.2.2 Query Encoder

The structure of query encoder is shown in Figure 7.3. Given a text query () with m words,
we first apply textual feature extractor to covert words in the query to corresponding features
Q = [q.);' € R™*%. Then we project the obtained features into dimension d with a feed-
forward layer as Q = Q - W, + b, € R™*¢, where W, € R%*? and b, € R? are the learnable
weight and bias, respectively.

Positional embedding is incorporated to each feature of the query sequence Q before they
are fed to the transformer blocks [177]. We adopt the transformer block to better capture the
contextual representations of the query, for its proven effectiveness [34, 91, 92]. Specifically,
the transformer block consists of a multi-head attention layer and a feed-forward layer. Resid-
ual connection [179] and layer normalization [178] strategies are applied to each layer in the
transformer block. The encoded contextual representations of the query after the transformer
block become CN):

Q= Transformerq(Q). (7.3)

We use rwo transformer blocks in the query encoder. Then we apply additive attention
mechanism [13] to compute the attention scores of each query word. The scores computed are
utilized to aggregate the information of é = [Go, G2, - - -, @m—1) to compute the modularized

query vector, i.e., the sentence representation of Q:
m—1
al = Softmax(Q . Wm@) e R", q,, = Z al x g; € R?, (7.4)
=0

where @,, € R? denotes the modularized query vector. m € {v, s} means two modularized
query vectors, g, and gs, are computed for matching with visual and subtitle features, respec-
tively. Both g, and g, are d-dimensional vectors as shown in Figure 7.3. If the videos to be

retrieved do not contain subtitles, then only g, is computed.

7.2.3 Video Encoder

We detail the video encoder with the assumption that the videos come with subtitles, as shown
in Figure 7.3. Given a video with its subtitle, we first use visual and textual feature extractors to

obtain the corresponding visual and subtitle features V' € R"*% and § € R"*%, respectively.
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Then both V' and S are projected into dimension d with two feed-forward layers as VvV =
V-W,+b, e R and § = §- W, + b, € R™?, where W, € R%*? and b, € R? are the
weight and bias for video feed-forward layer; W, € R%*? and b, € R? are the weight and bias
for subtitle feed-forward layer.

Similar to the query encoder, we add positional embeddings to both V and S, and feed them

to the transformer block. The encoded contextual representations for video and subtitle are:

V = TransformerU(V), and S = Transformers(g), (7.5)

where V € R and § € R™¥<.

Different from the query encoder, we do not use two transformer blocks here. Instead,
after the first transformer blocks, we use co-attentional transformer blocks [19, 22, 23, 198].
Because the visual content in a video and its subtitle are well aligned, through co-attentional
transformers, we are able to better capture the cross-modal representations of video and subtitle

within a video. Given V and S , the cross-modal representations are encoded as:
H' = Co-Transformer,,(V, S), and H' = Co-Transformer,,(S, V), (7.6)

where H! € R™*¢ and H! € R™*? are the learned cross-modal representations of video and
subtitle, respectively. Finally, we refine the encoded cross-modal representations of H and
H! with standard transformer blocks by learning the self-attentive contexts, respectively. The

final output is calculated as:
H, = Transformer,(H)), and H, = Transformer,(H), (7.7)

where H, € R"*? and H, € R"*? are the final output representations of video and subtitle,
respectively.

If videos do not come with subtitles, then the feature encoding pipeline for subtitle will be
removed. Accordingly, the co-attentional transformer becomes the standard transformer, and

the final output is H,, only.

7.2.4 Video Retrieval Module

Through query encoding, a query is encoded to two d-dimensional vectors g, € R% m €
{v, s}, for matching with visual and subtitle features from a video. Recall that, with video
encoding, each video is encoded to H,, = [h0 k2 ... h" '] € R™9 ie, a sequence of

h,,’s each represents two d-dimensional vectors for visual and subtitle features extracted from
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a small fraction of a video. We estimate the matching between the query and a video by cosine
similarities computed on q,,, and H,,, i.e., a simple late feature fusion. Specifically, we compute

the cosine similarities between gq,, and each element of H,, as:
@ = norm(H,') -norm(g,,), (7.8)

where m € {v, s}, ¢, € R", and norm denotes the /2 normalization operation. Then we select

the maximum score in ¢,,, to represent the matching between query and video:

P = max(py,) = max([ph,, On - @n ), (7.9)

where ¢, 1s a scalar. If videos come with subtitles, then ¢ = %(% + ¢5), otherwise ¢ = ©,.
We adopt the hinge loss as training objective for video retrieval, similar to [198, 205-207].
We first sample two sets of negative pairs {(Q;,V)}Y, and {(Q,V;")} Y, for each positive
pair (@, V'), where Q— and V'~ denote the negative (i.e., non-matching) query and video, re-
spectively.® Suppose the computed similarity scores of both sets of negative pairs are ¢’ and

", the hinge loss is calculated as:
LYE = max(0, A + — Zgo — ) + max(0,A + — Zgo (7.10)

where A is the pre-defined margin value and we set A = 0.1.

7.2.5 Moment Localization Module

For efficiency purpose, moment localization is also computed based on the encoded query fea-
tures g, and video features H,,, through late feature fusion, following [184, 198]. Specifically,
g, is further encoded with a feed-forward layer as g/, = W,,,- q;, + b, € R¢. Then we com-

pute video-query similarity scores as:
Smg=H) -q, € R™, where m € {v,s}. (7.11)

Again, if subtitle is available, S = (S, + Sy,), otherwise S = 8,,. The start and end

scores for target moment are generated by convolutional start-end boundary predictor [198]:

Sitart = Convi1Dyuy(S), and Sepg = ConviDey(S), (7.12)

3We simply use V' to represent a video with its subtitle if available.
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where Sgavena € R™. Then, the probability distributions of start and end boundaries are
computed by:
P, = Softmax(Syun), and Peyg = Softmax(Senq)- (7.13)

For a video-query pair, the predicted start and end boundaries of the target moment are

derived by maximizing the joint probability:

(dsa de) = argmax ljstart(as) X Ijend(a'e)a
(7.14)
P = Pstart(&s) X Pend(de)a

where 0 < a5 < @, < n — 1, and P*¢ is the score of best boundaries (as, a.). The training

objective of moment localization is:

1
£ = =% (fce(Pas Yoar) + fce(Ponts Yond) ). (7.15)

where fxg is the cross-entropy function, Y, and Y., are one-hot labels for start (as) and end
(a.) boundaries of the ground truth moment, respectively.

We now have the full picture of the base architecture ReLLoNet with four modules: query
encoder (Section 7.2.2), video encoder (Section 7.2.3), video retrieval and moment localization
modules (Sections 7.2.4 and 7.2.5). Next, we incorporate contrastive learning objectives into
ReLoNet to develop ReLoCLNet.

7.2.6 Video and Frame Contrastive Learning

In ReLoNet, video retrieval and moment localization are fully based on the encoded query fea-
tures q,, and video features H,,. They are both computed by simple late future fusion. Quality
of the final moment retrieval hence heavily relies on the effectiveness of the two separate en-
coders, query encoder and video encoder. In ReLoCLNet, we aim to guide the two encoders to
simulate cross-modal interaction learning in the training phase. To this end, we introduce two
contrastive learning objectives, VideoCL and FrameCL. VideoCL guides the two encoders to
better distinguish matching video-query pairs from non-matching pairs. FrameCL guides the
two encoders to better distinguish the matching moment to the query from the non-matching

moments.

Video Contrastive Learning (VideoCL). VideoCL guides the encoders to learn a joint feature
space where the semantically related videos and queries are close to each other, and far away
otherwise. In other words, VideoCL aims to reduce the distance of matching video-query pairs,

and to increase the distance of non-matching pairs, in the joint feature space.
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We encode the latent representation of video H! € R™*? from Equation (7.6) (illustrated
as H! and H_ in Figure 7.3) into its modularized video representation c¢,,. Similar to modular

component in query encoder, we adopt additive attention mechanism to compute c,),:

Ny—1
o™ = Softmax(H,, - W,,) € R™, ¢, = Z o' x hy (7.16)
=0

where ¢, € R, W, , € R and m € {v, s}.
Given a set of positive (i.e., matching) video-query pairs P = {(¢,,, ;) } and the sampled
set of negative (i.e., non-matching) video-query pairs N = {(¢/,,q’,)}, we adopt the noise-

contrastive estimation (NCE) [20, 208-210] to compute the VideoCL score:

S eflem)T glam)
(Cm7(Im)eP

> eflem)T glagm) + 3 efle)T 'g(qin)> ’

(Cmaqm)ep (C:nyQ{n)NN

It = log (7.17)

where the exponential term, e/ ()" -ale), computes the mutual information (MI) between ¢ and
g. f(-)and g(-) denote the parametrized mappings, which project video and query representa-
tions into the same embedding space. Again, 7¢ = %(Ig +Z¢) if subtitle is available, otherwise
Z¢ = I¢. The objective of NCE is to optimize maxy ,(Z¢), which is equivalent to maximizing
the ratio of the summed MT’s of all samples in P and the summed MTI’s of all samples in N [20].
The loss of VideoCL is defined as:

EVideoCL — _7e€. (718)

Frame Contrastive Learning (FrameCL). FrameCL focuses on moment localization within
a given pair of video-query, where the video retrieval module predicts the video contains a
matching moment to the query. We regard the video features that reside within boundaries of
the target moment as foreground or positive samples, and the rest as background or negative
samples. Then we compute the contrastive loss by measuring MI between the query and the
positive/negative video features. For this purpose, we utilize a discriminative approach based
on mutual information maximization [211, 212].

The structure of FrameCL module is shown in Figure 7.4. The inputs H, H!, q,, and g; are
outputs illustrated in Figure 7.3. Given the latent representation of video H/, € R™*?, we first
split it into two parts by boundaries of target moment. The positive/foreground video features

are H) , = {h/, [i =1, ... i} € R"*9 which are features within the target moment.* The

4n; =3¢ — i® 4+ 1, and it denotes the length of target moment.
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FIGURE 7.4: Structure of the FrameCL module.

negative/background features H), ; = {h/ [i=0,...,i*—=1,i°+1,... ,n,—1} € RIn—m)xd,
are not in the target moment.

With query representation q,,, foreground representation H,, ., and background represen-
tation H, 5, our goals are to maximize the MI between the query and the foreground, as well
as to minimize the MI between the query and the background. Since MI estimation is in general
intractable for continuous and random variables, we choose to maximize the value over lower

bound estimators of MI, through Jensen-Shannon MI estimator [211] as:

Ti, = Em |~ sp(~ Cola, H}, )| — Emy, , [sp(Cola. HL )|, (719)

where sp(x) = log(1 + ex) is the Softplus activation. Cy : d x d — R refers to a discriminator.
Similarly, Z* = $(Z¢ + Z2) if subtitle is available, otherwise Z* = Z¢. The contrastive loss of
FrameCL is:

LlrameCL — _7a (7.20)

Note that, both VideoCL and FrameCL are training objectives, and their losses are used to
update video and query encoders. Although the two objectives are designed for video retrieval
and moment localization respectively, they mutually affect each other, because both video and
query encoders are adjusted based on the loss from both VideoCL and FrameCL, together with

other losses.
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7.2.7 Training and Inference

The overall training loss for ReLoCLNet is:
L= )\1 % £VR + )\2 % EML + )\3 % EVideoCL + )\4 % LFrameCL’ (721)

where );’s are hyperparameters to balance the contribution of each loss. We set \; = 1.0 and
2,34 = 0.01 to keep all losses at the same order of magnitude i.e., equal contributions from the
four components. Note that each video contains a large number of candidate moments.

During inference for VCMR, given a text query and a video corpus with M videos, we first
use Equation (7.8) and Equation (7.9) to compute the similarity between the query and each of
the M videos, leading to ¢ = [p1, o, . .., @u]. The top-K most relevant videos are retrieved
based on ¢ (K = 100 in our implementation). For each retrieved video, we compute the scores
of a few candidate predicted moments by Equation (7.14). Let P*¢ be the score of one predicted

moment in the video. The final VCMR score is computed by:
0= P xe?. (7.22)

The exponential term and the hyperparameter ~y are used to balance the importance of video

retrieval and moment localization scores.

7.3 Experiments

7.3.1 Experimental Settings

Datasets. We conduct experiments on two benchmark datasets: ActivityNet Captions [165] and
TVR [198]. ActivityNet Captions contains around 20K videos taken from the ActivityNet [166]
dataset. The average video duration is about 120 seconds, the average query length is around
14.78 words, the average moment duration is about 36.18 seconds, and each video contains
3.68 annotations on average. This dataset is originally designed for SVMR task, then adapted
to VCMR by Escorcia et al. [197]. We follow the setup in [197, 199] with 10,009 and 4,917
videos (i.e., 37,421 and 17, 505 annotations) for train and test, respectively. TVR is collected
by Lei et al. [198], which contains 21.8K videos and 109K queries in total. The average video
duration is 76.2 seconds, the query contains 13.4 words on average, the average moment dura-
tion is 9.1 seconds, and each video contains 5 annotations on average. We follow Zhang et al.

[199] with 17,435 and 2, 179 videos for train and test, respectively. Same as Lei et al. [198]
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TABLE 7.1: The hyper-parameters for TVR and ActivityNet Captions.

Hyperparameter Name TVR | ANetCaps

n, (max video sequence) 128

n, (Max query sequence) 30 64

d, (visual feature dim) 3072 2048(ResNet)+1024(13D) 1024 a3p)

d,, (word feature dim) 768 (RoBERTa) 300 (Glove)

d (hidden size) 384

v 30 \ 20

# negative samples in VR: 10 Optimizer: AdamW [10]
Dropout rate: 0.1 Weight decay rate: 0.01 Batch size: 128
Learning rate (Ir): 0.0001 Ir warmup proportion: 0.01
Early stop tolerance: 10 # total training epochs: 100

and Zhang et al. [199], we utilize both video and subtitle features in the TVR dataset for train

and test.

Evaluation Metrics. We evaluate the models for the VCMR task as well as its two subtasks:
video retrieval (VR) and SVMR. For VR, we use “Recall@k” (k € {1,5,10,100}) as the
evaluation metric following [198, 199]. Note that we do not use “Precision@k” because each
query only corresponds to one ground truth video, in both datasets. For SVMR and VCMR,
we use “Recall@k,IoU=." as the evaluation metric, which denotes the percentage of test
samples that have at least one predicted moment whose intersection over union (IoU) with the
ground-truth moment is larger than y in the top-k predictions. We set k£ € {1,10,100} and
€ {0.5,0.7}. A prediction is correct if (i) the predicted video matches the ground truth video,
and (i1) the predicted moment has high overlap with the ground truth moment, where temporal

IoU is used to measure the overlap [198].

Implementation. For the ActivityNet Captions, we use 13D [25] pre-trained on the Kinetics
dataset [213] as the visual feature extractor following Zhang et al. [199], and adopt GloVe em-
beddings [26] as the textual feature extractor for query words. For TVR, we directly use the
visual and textual features provided by Lei et al. [198]. The visual feature is the concatenation
of appearance feature extracted by ResNet152 [179] pre-trained on ImageNet [214] and tempo-
ral feature extracted by I3D. The textual feature of query and subtitle is extracted by 12-layer
pre-trained RoBERTa [41]. The negative sets of video retrieval and VideoCL modules are sam-
pled within each mini-batch during training. The hyperparameters are summarized in Table 7.1.

Other hyperparameters are given when describing the corresponding model components.’

>Our model is implemented in PyTorch 1.7.0 with CUDA 11.1 and cudnn 8.0.5. All experiments are conducted
on a workstation with dual NVIDIA GeForce RTX 3090 GPUs.

115



TABLE 7.2: Results of VCMR on TVR and ActivityNet Captions datasets.

Dataset | Method Recall@k, IoU = 0.5 | Recall@k, IoU = 0.7
R1 R10 R100 | R1 R10 R100

XML [198] - - - 262 9.05 2247
HERO [215] - - - 298 10.65 18.25

Q>4 FLAT [199] 845 21.14 30.75 | 4.61 1129 16.24
= HAMMER [199] | 9.19 21.28 31.25 | 513 11.38 16.71
ReLoNet 546 16.65 3508 |2.71 937 2287
ReLoCLNet 8.03 21.37 44.10 | 4.15 14.06 32.42

MCN [46] 0.02 0.18 1.26 |0.01 0.09 0.70

E CAL [197] 021 132 6.82 [0.12 089 479
2 FLAT [199] 257 13.07 30.66 | 1.51 7.69 17.67
B HAMMER [199] | 2.94 1449 3249 | 1.74 8.75 19.08
2 ReLoNet 2.16 996 2454 | 126 564 1743
ReLoCLNet 3.09 1128 2595 [1.82 691 1833

7.3.2 Overall Performance

We compare our models with MCN [46], CAL [197], XML [198], HERO [215], FLAT [199]
and HAMMER [199]. Among them, MCN, CAL, XML, and HERO follow unimodal encoding
approaches, while FLAT and HAMMER belong to cross-modal interaction learning approaches
(see Figure 7.2). FLAT is a variant of HAMMER without using hierarchical structure. In all
tables, results of the compared models are reported in their corresponding papers.® The best
results are in boldface and the second bests are in italic.

The results of VCMR on TVR and ActivityNet Captions datasets are reported in Table 7.2.
On TVR dataset, ReLoNet is comparable to XML with slightly better performance. ReLo-
CLNet outperforms all baselines over Recall@10 and Recall@100 metrics. Observe that the
performance of ReLoCLNet is lower than FLAT and HAMMER over Recall@1. Since both
FLAT and HAMMER adopt fine-grained cross-modal interaction learning, they are more ade-
quate to align video and query for precise moment retrieval. Compared with ReL.oNet, ReLo-
CLNet achieves significant improvements over all evaluation metrics, which demonstrate the
effectiveness of the proposed contrastive learning objectives.

On ActivityNet Captions dataset, ReLLoNet surpasses the ranking-based methods, MCN
and CAL, by large margins over all evaluation metrics. Similarly, ReLoCLNet is superior to
ReLoNet thanks to the contrastive learning components. Compared with FLAT and HAMMER,
ReLoCLNet outperforms both over Recall@1 but is poorer over Recall@10 and Recall@100.
This observation is contrary to that on TVR dataset. Recall that FLAT and HAMMER adopt

%Two sets of results are reported for HERO in [215], with and without large-scale pre-training. We choose the
version without pre-training as all other models compared here do not use pre-training.
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TABLE 7.3: Retrieval efficiency on the TVR dataset.

Retrieval Efficiency
Method Total Time  Average Per Query
XML [198] 39.34 seconds 3.61 milliseconds
HAMMER [199] | 2,378.67 seconds 218.33 milliseconds
ReLoNet e
ReLoCLNet 42.07 seconds 3.86 milliseconds

cross-modal interactions learning between video and query, and we have separate encoders for
video and query. In addition, FLAT and HAMMER utilize pre-trained RoBERTa to extract
textual features for query, while we simply adopt GloVe embeddings. All these contribute the
differences between our results and that of FLAT and HAMMER. Overall, we consider RelL.o-
CLNet achieves comparable effectiveness with FLAT and HAMMER.

7.3.3 Retrieval Efficiency

Here we compare the retrieval efficiency among different methods. We consider VCMR in
the validation set of TVR dataset containing 2, 179 videos with 10,895 queries. The retrieval
efficiency is summarized in Table 7.3. The time spent on data pre-processing and feature extrac-
tion by pre-trained extractor are not counted since the same process applies to all methods. We
used the XML code released by the authors, and re-implemented HAMMER according to their
paper as its code is not released. Observe that the retrieval efficiency of our models are com-
parable to XML, and our models are far more efficient than HAMMER. Although HAMMER
performs better on more strict metrics (e.g., Recall@1, IoU=0.7), our models are around 56.71
times faster than HAMMER in retrieval. Note that, ReLoCLNet and RelLoNet have the same
retrieval efficiency, because neither VideoCL nor FrameCL introduces additional parameters;

and all additional computations of ReLoCLNet happen in training stage.

7.3.4 Ablation Study

Now we study the performance of our models on VR and SVMR subtasks, and the effects of

different components.

Video Retrieval Subtask. Table 7.4 reports the results on TVR and ActivityNet Captions
datasets. Observe that ReL.oNet performs slightly better than XML on TVR, and significantly
better than HAMMER on ActivityNet Captions. ReLoCLNet outperforms all baselines by large

margins on both datasets. In particular, ReLoCLNet achieves 5.59% improvement in Recall@1
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TABLE 7.4: Results of VR subtask on TVR and ActivityNet Captions datasets

Recall@k
Dataset Method b1 k=5 k—10 k—100

MCN [46] 0.05 0.38 0.66 3.59

CAL [197] 0.28 1.02 1.68 8.55

TVR MEE [216] 7.56 20.78 29.88 73.07
XML [198] 16.54 38.11 5041 88.22

ReLoNet 16.96 39.28 51.34 88.46
ReLoCLNet 22.13 4585 57.25 90.21

FLAT [199] 5.37 - 29.14 71.64
ActivityNet HAMMER [199] | 5.89 - 30.98 73.38
ReLoNet 7.02 2442 3524 78.08
ReLoCLNet 9.64 28.02 40.26 79.13

TABLE 7.5: Results of SVMR subtask on TVR and ActivityNet Captions datasets

Dataset | Method [ lée?:: alL@:l, (1)05U ; M: 07

MCN [46] - 13.08 5.06

CAL [197] - 12.07 4.68

ExCL [89] - 31.34 14.19

TVR XML [198] - 30.75 13.41
ReLoNet 48.14 29.49 13.13
ReLoCLNet 49.87 31.88 15.04

FLAT [199] 57.58 39.60 22.59
ActivityNet HAMMER [199] | 59.18 41.45 24.27
ReLoNet 39.27 23.67 14.55
ReLoCLNet 42.65 28.54 17.76

comparing with XML on TVR dataset. On ActivityNet Captions dataset, ReLoCLNet obtains
9.64% absolute score in Recall@1, compared with 5.89% of HAMMER.

Temporal Sentence Grounding in Videos Subtask. The results of SVMR on both datasets
are reported in Table 7.5. On TVR, ReLoCLNet achieves best performance, and obtains sig-
nificant improvements against ReLoNet. Compared with ExCL, ReLoCLNet only outperforms
by a small margin. ExCL is specially designed for SVMR, with fine-grained cross-modal in-
teractions learning. On ActivityNet Captions, ReLoCLNet is superior to ReL.oNet by large
margins, which again shows the effectiveness of contrastive learning. However, ReLoCLNet
performs worse than FLAT and HAMMER. Because both FLAT and HAMMER inherit their
architectures designed for SVMR, which contain sophisticated and computational expensive
cross-modal interactions for high-quality moment retrieval. In contrast, ReLoCLNet only re-

lies on simple late fusion of separately encoded query and video features.
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TABLE 7.6: The effects of different objectives on TVR dataset (VR=Video Retrieval,
ML=Moment Localization, VideoCL=Video Contrastive Learning, and FrameCL=Frame Con-

trastive Learning)

Objective VCMR VR SVMR

Recall@k, IoU=0.5 |Recall@k, IoU=0.7 Recall@k Recall@k, IoU=0.5 |Recall@k, IoU=0.7
VR ML VideoCL FrameCL| 1 10 100 1 10 100 1 10 100 1 10 100 1 10 100
v X X X - - - - - - 16.23 49.33 87.38| - - - - - -
X v b 4 X - - - - - - - - - 130.21 59.81 83.4313.91 41.55 68.51
vV Vv X X 546 16.65 35.08 (2.71 9.37 22.87 [16.96 51.34 88.46(29.49 54.06 75.89 [13.13 35.46 58.84
vV Vv v X 6.63 18.16 39.69 (3.24 11.78 27.69 |20.69 55.70 89.71|29.52 57.32 78.65 [13.76 38.26 64.27
vV Vv X v 7.21 20.04 42.45 |3.75 12.77 30.32 |19.81 54.38 88.96|31.75 62.20 85.99|14.73 44.60 71.44
vV Vv v (4 8.03 21.37 44.10 [4.15 14.06 32.42 [22.13 57.25 90.21|31.88 63.89 86.67 |15.04 45.24 72.12

Analysis on the Learning Objectives. Table 7.6 reports the contributions of different training
objectives on TVR dataset. Note ReLLoNet equals to VR+ML objectives, and ReLoCLNet is
with all the four objectives. We first analyze the video retrieval (VR) and moment localization
(ML) objectives. ReLoNet jointly trains VR and ML objectives for the VCMR task. Comparing
VR with ReLoNet, the performance of ReLoNet on video retrieval is slightly better than that of
VR, which means the ML objective also contributes to refine video retrieval learning process.
In contrast, compared to ML only, ReLoNet underperforms ML on moment localization with
marginal performance degradation, which implies that VR objective has negligible negative
impact on moment localization.

Now we analyze the effects of VideoCL and FrameCL objectives. Observe that VideoCL
contributes to performance improvements on both VCMR and VR, while it achieves marginal
improvements on SVMR. Recall that VideoCL adopts noise-contrastive estimation to enlarge
the similarities of matched video-query pairs, and reduce similarities between unpaired videos
and queries; this is in line with video retrieval objective. Thus, it is beneficial to video retrieval
learning. ReLLoNet with FrameCL outperforms ReLoNet on all the three tasks. FrameCL aims
to distinguish the matching moment from non-matching moment within a video. In this case,
FrameCL guides the model to search for boundaries of target moment for precise moment lo-
calization. In fact, the matching between query and video is largely based on the matching
moment in the video. In this sense, by highlighting matching moment, FrameCL does con-
tribute to video retrieval task as well. Combining VideoCL and FrameCL, ReLoCLNet further
boosts the performances on all three tasks by incorporating the advantages of both VideoCL
and FrameCL.

Qualitative Analysis. Figure 7.5 plots Recall@1 and Recall@10 of VCMR performances on
TVR dataset over different IoU thresholds. We evaluate 9 different loU(y) values, from 0.1 to
0.9. ReLoCLNet consistently outperforms Rel.oNet, and relative performance improvements

of ReLoCLNet are larger under more strict metrics. For instance, compared with ReLLoNet,
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FIGURE 7.5: Recall@1 and Recall@10 of VCMR on TVR dataset over different IoU thresh-
olds.
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FIGURE 7.6: Recall@1 and Recall@10 of SVMR on TVR dataset over different IoU thresh-
olds.
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ReLoCLNet achieves 47.07% relative gains (8.03 vs 5.46) in Recall@1, IoU=0.5 versus 28.35%
relative gains (21.37 vs 16.65) in Recall@10, IoU=0.5.

Figure 7.6 plots Recall@1 and Recall@10 of SVMR over different IoU thresholds, and sim-
ilar observations hold on this task. Figure 7.7 plots the video retrieval (VR) results of ReL.oNet
and ReLoCLNet over different recall thresholds on TVR dataset. Similarly, ReLoCLNet sur-
passes ReLoNet over all thresholds, and the relative performance improvement ratio is larger
under more strict metrics.

Finally, we show two retrieval examples in Figure 7.8 from ActivityNet Captions dataset.
The figure shows the predicted moments by ReLoCLNet and ReL.oNet+FrameCL are closer
to ground truth than that by ReLoNet and ReLLoNet+VideoCL, which demonstrates the effec-
tiveness of FrameCL module. Note FrameCL is designed to maximize the mutual information

between query and frames within the target moment, and to minimize the MI between the
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FIGURE 7.8: Visualization of moment localization predictions by ReLoNet, ReLoCLNet, and
ReLoNet with VideoCL or FrameCL, for two queries on ActivityNet Captions dataset.

query and frames outside target moment. With FrameCL, the model is guided to search for the

boundaries within the region of target moment.

7.4 Summary

VCMR aims to retrieve a temporal moment that semantically corresponds to a given text query
from a collection of untrimmed and unsegmented videos, i.e., a video corpus. As an extension
of TSGV (SVMR), VCMR is more challenging and closer to practical application scenarios.
In this chapter, we propose a Retrieval and Localization Network with Contrastive Learning
(ReLoCLNet) for video corpus moment retrieval (VCMR) task. Specifically, we introduce two
contrastive learning objectives (VideoCL and FrameCL) on top of a unimodal encoding ap-
proach, ReLLoNet, to address the contradiction between retrieval efficiency and retrieval quality.
The VideoCL objective guides the video and query encoders to shorten the distance of match-
ing videos and queries while enlarge the non-matching pairs. The FrameCL objective works
at frame-level to simulate the fine-grained cross-modal interactions between visual and textual
features within a video. Through extensive experimental studies, we show that ReLoCLNet
addresses VCMR with high efficiency, and its retrieval accuracy is comparable with state-of-
the-art methods which are much costly in terms of computation. Compared with the expensive
cross-model interaction learning, we show that unimodal encoding with contrastive learning is
a promising direction to explore for video corpus moment retrieval. Nevertheless, the perfor-

mance of existing approaches, including our proposed method, are still inferior and far apart
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to be deployed in the real-world applications. Thus, this task needs more attention to move it

forward.
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Chapter 8

Conclusion and Future Work

8.1 Conclusion

In this thesis, we have presented several new ideas to effectively utilize the concepts, i.e., ques-
tion answering and named entity recognition in NLP, to reformulate the TSGV problem. We
also investigate the annotation distributional bias issue among TSGV benchmark datasets. Be-
sides, we explore an extension of TSGYV, video corpus moment retrieval (VCMR), and devise an
effective solution to solve it. In the first chapter, Chapter 1 - Introduction, we highlight motiva-
tions of our research problem and its applications in video question answering, video grounded
dialogue, intelligent video surveillance, and intelligent video creation/edit. We also discuss
the main challenges regarding the large discrepancy between video and language modality, the
cross-modal reasoning between them, as well as the sparsity issue of moment boundary pre-
dictions. Chapter 2 - Literature Review provides a summary of fundamental concepts in TSGV
and current research status. The next five chapters detail our key contributions, in which three
chapters serve TSGV, one chapter studies the bias issue in TSGV, and one chapter associates
with VCMR.

Chapter 3 - Span-based Question Answering for TSGV presents a new idea which formulates
TSGV as a multimodal span-based question answering task. We investigate the similarities and
differences between TSGV and span-based QA. Based on the observations, we devise a span-
based QA baseline (VSLBase) and its improved version (VSLNet) to solve TSGV and mitigate
the differences between TSGV and span-based QA, respectively. Experiments demonstrate
that formulating TSGV as span-based QA is a promising research direction, and the proposed
models are simple yet effective. Nevertheless, existing TSGV methods, including VSLNet,
suffer from a common defect, that is, the performance degradation along with the increase of

video length. To tackle this issue, Chapter 4 - Multi-Paragraph Question Answering for TSGV
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introduces the concepts of MPQA by regarding a long video as a document, and splitting the
long video into multiple short clip segments (i.e., short videos), where each short video is
treated as a paragraph. Due to the different data nature between document and video, how to
properly split long video into clip segments is challenging. To this end, we present a multiscale
split-and-concatenation strategy to partition long video into clips of different lengths. Equipped
with the strategy, we extend VSLNet to VSLNet-L to solve the performance degradation issue
and boost the TSGV performance. Furthermore, our analysis reveals that the target moment is
usually a very small portion of the video, making positive and negative samples imbalanced.
As TSGYV is to start/end boundaries of target moment. Thus, the sparsity is a major concern of
TSGYV, e.g., catching two frames among thousands. Chapter 5 - Parallel Attention Network with
Sequence Matching aims to tackle the moment boundary prediction issue in TSGV. Specifically,
we introduce the concepts of NER by emphasizing the “sequence” nature of frames. We devise
a loose region label annotation strategy and a parallel attention network with sequence matching
to alleviate the sparsity issue of TSGV and boost its performance.

In addition, Chapter 6 - Towards Debiasing TSGV studies the bias issue in TSGV. Our anal-
ysis reveals that commonly used benchmark datasets contain substantial distributional bias in
moment annotations, and TSGV models tend to capture these statistical regularities to achieve
spurious success on evaluation and result in poor generalization ability. To mitigate the bias is-
sue, we develop two strategies, data debiasing and model debiasing, to “force” a TSGV model
to focus on cross-modal interactions by correcting the dataset distribution via video truncation
(data debiasing) and altering biased predictions via unimodal branch learning (model debias-
ing). Experiments show that both strategies effectively suppress the bias and improve the model
generalization ability. Chapter 7 - Video Corpus Moment Retrieval with Contrastive Learning
further explores an extension task of TSGV, i.e., video corpus moment retrieval (VCMR). We
investigate two common VCMR structures and show the contradiction between high efficiency
and high-quality retrieval in these VCMR solutions. We then devise a contrastive learning-
based framework to remedy such contradiction, and demonstrate its effectiveness via extensive
experiments.

In conclusion, TSGV has been a fruitful research problem because of its significant impact
on a wide range of downstream applications. The problem not only relates to CV and NLP,
but also requires the sophisticated interactions between these two domains. As such, existing
models have to consider techniques in both CV and NLP. In this thesis, we have walked the
readers through different ideas to solve TSGV problem and improve the TSGV performance.
However, in a bigger picture, as vision and languages are changing and evolving, more new

challenges for TSGV and its related tasks will arise. To conclude, we will briefly discuss
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several potential directions for future work.

8.2 Future Work

8.2.1 Effective Feature Extractor(s)

Feature quality directly affects TSGV performance. Existing solutions extract visual and tex-
tual features independently using corresponding pre-trained visual and textual extractors. Thus
there is a large gap between extracted visual and textual features for in different feature spaces.
Although TSGV methods attempt to project them into the same feature space, the natural gap
between them is hard to be eliminated. There may be also differences between TSGV datasets
and the datasets used to pre-train feature extractors, which leads to information loss or inaccu-
rate representations.

Recently, Zhang et al. [56] develop a single-stream feature extraction framework for TSGV
task, following BERT [10]. Visual and textual features are concatenated and jointly encoded
with stacked transformer blocks. However, the visual and textual features remain separately
generated by different pre-trained extractors. Xu et al. [137] propose a pre-training strategy
for TSGV by constructing a large-scale synthesized dataset with TSGV annotations. Inspired
by ViT [217], Cao et al. [138] develop a video cubic embedding module to extract 3D visual
tokens and learn video content from scratch without reliance on pre-trained visual feature ex-
tractor. Although they adopt GloVe [26] embeddings for query, the issues of feature gap are
well alleviated. Considering recent advances in video-based vision-language pre-training (e.g.,
BVET [218], ActBERT [23], ClipBERT [219], and VideoCLIP [220]), dedicated or more ef-

fective feature extractors for TSGV are much expected.

8.2.2 TSGYV with Multiple Answers

Existing TSGV benchmark datasets generally hold an implicit assumption that there is only
one ground-truth moment exist in input video for a query. In reality, a query may describe mul-
tiple disjoint moments in a video. Lei et al. [221] present a unified benchmark dataset named
QVHighlights for both TSGV and highlight detection tasks. Given a query, QVHighlights pro-
vides one or multiple disjoint moments in a video, enabling a more realistic evaluation of TSGV
methods. The authors then propose Moment-DETR to solve the TSGV as a direct set prediction
problem, inspired by DETR [5]. From query perspective, Bao et al. [135] convert TSGV to a
dense events grounding task, which aims to jointly localize multiple moments described in a

paragraph, i.e., multiple queries. Jointly localizing multiple moments could help to alleviate
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the bias issue in TSGV. This joint localization may also help to improve accuracy as moments
are semantically correlated and temporally coordinated by their order in a video. In general,
multiple answers for a query is a novel task inherited from the standard TSGV task. The setting

1s more realistic and less-biased.

8.2.3 Spatio-Temporal Sentence Grounding in Videos

Spatio-temporal sentence grounding in videos (STSGV) is another extension of TSGV. STSGV
aims to sequentially localize the referring instances from a sequence of continuous frames in
a video, i.e., a spatio-temporal tube, that semantically correspond to the given sentence query.
STSGV is more complicated, since the task requires to not only localize the temporal bound-
aries of the event in video, but also detect bounding boxes among frames within the temporal
boundaries. Recently, a series of work [222-228] is proposed for this problem. A number of
datasets are available, including VID-sentence [229] which is based on ImageNet video object
detection, ActivityNet-SRL [222] from existing caption and grounding datasets, VidSTG [223],
and HC-STVG [227].

Despite multiple datasets being made available, annotating spatio-temporal tubes from video
is even difficult and labor-intensive, compared with TSGV annotation. Thus, many meth-
ods [229-233] seek to solve STSGV under weakly-supervised setting, which do not require
fully annotated dataset. Although some promising results are achieved, STSGV remains under

explored and is far apart to be addressed.

8.2.4 Multi-modal Temporal Grounding in Video

TSGYV is a form of temporal video grounding using text sentence as query, i.e., language modal-
ity. Other modalities, such as audio, image, and short video clip, may also serve as queries for
temporal video grounding. In fact, audio-visual event localization (AVEL) [234-240] is to re-
trieve the synchronized video segment for a given audio content from an untrimmed video. The
task of Image-to-Video Retrieval (IVR) [241-244] localizes video segments that contain sim-
ilar activity as in a query image. Similarly, given a query video and a reference video, video
re-localization (VRL) [245-248] localizes a segment in the reference video that semantically
corresponds to the query video. Conceptually, the query is in the form of audio in AVEL, ap-
pearance vision in IVR, and motion vision in VRL, respectively. Compared to TSGV, temporal

video grounding with such modalities are not fully exploited.
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Different query modalities could provide extra guidance to boost performance for moment
localization in videos. For instance, audio signals (e.g., dog bark, noise in kitchen) offer auxil-
iary clues [100, 249] for precise localization. Converting voice in video (if exists) into subtitle
texts using ASR [250] could provide relevant information for the cross-modal alignment be-
tween video and query. From the perspective of query, different modalities of query (e.g.,
audio, sentence, and image) that describe the same event could perform cross-validation of the
retrieved results. Although TSGV, AVEL, IVR, and VRL accept different input modalities as

query, there is lack of a unified framework, which is suitable for all settings.

8.2.5 Video Corpus Moment Retrieval

Video corpus moment retrieval (VCMR) extends video sources for TSGV. Instead of localizing
moments in a single video, VCMR aims to retrieve a matching moment to a query from a
collection of untrimmed and unsegmented videos. Escorcia et al. [197] first extend TSGV
to VCMR, and devise clip-query alignment model to compare query features with uniformly
partitioned video segments. Lei et al. [198] construct the TVR dataset, where videos come with
associated textual subtitles. Then Lei et al. [251] further extend TVR to a multilingual version
named mTVR, containing both English and Chinese queries.

A few recent methods [38, 199, 215, 252-254] tackle the VCMR problems. Zhang et al.
[199] develop a hierarchical multi-modal encoder to learn multimodal interactions at both
coarse- and fine-grained granularities. Hou et al. [254] develop a two-step multimodal fusion
for precise and efficient moment retrieval. In Chapter 7, we propose to introduce contrastive
learning to replace the time-consuming multimodal interaction strategy in VCMR to achieve a
balance between efficiency and retrieval accuracy. In general, VCMR contains two sub-tasks,
i.e., video retrieval and moment localization. If a TSGV model is directly adapted, the query
needs to interact with every video in the corpus, which is infeasible. However, VCMR is more

closer to the practical scenarios as videos are ubiquitous.
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