UNIVERSITAT ZU LUBECK

From the Institute of Neuro- and Bioinformatics
of the University of Liibeck
Director: Prof. Dr. rer. nat. Thomas Martinetz

Novel Machine Learning Methods for Video
Understanding and Medical Analysis

Dissertation
for Fulfillment of
Requirements
for the Doctoral Degree
of the University of Liibeck

from the Department of Computer Sciences and Engineering
Submitted by

Yaxin Hu

from Ningguo, Anhui, China

Liibeck, 2024



First referee:
Second referee:
Date of oral examination:

Approved for printing.



DECLARATION

I here by declare that the thesis entitled “Novel Machine Learning Methods
for Video Understanding and Medical Analysis” submitted by me, for the award of
the degree of Dr. rer. nat. to the University of Liibeck is a record of bonafide work
carried out by me under the supervision of Prof. Erhardt Barth, Institute for Neuro- and

Bioinformatics, University of Liibeck.

I further declare that the work reported in this thesis has not been submitted
and will not be submitted, either in part or in full, for the award of any other degree or

diploma in this institute or any other institute or university.

Place: Liibeck

Date: 15/10/2024 Signature of the Candidate
(Yaxin Hu)



CERTIFICATE

This is to certify that the thesis entitled “Novel Machine Learning Methods for
Video Understanding and Medical Analysis” submitted by Ms.Yaxin Hu in Institute for
Neuro- and Bioinformatics, University of Liibeck, Liibeck, Germany for the award of
the degree of Dr. rer. nat., is a record of research work carried out by her under my

supervision, as per the University of Liibeck code of academic and research ethics.

The contents of this report have not been submitted and will not be submitted
either in part or in full, for the award of any other degree or diploma in this institute or
any other institute or university. The thesis fulfills the requirements and regulations of

the University and in my opinion meets the necessary standards for submission.

Place: Liibeck

Date: 20/11/2024 Signature of the Supervisor
(Prof. Dr. Erhardt Barth)



ZUSAMMENFASSUNG

Kiinstliche Intelligenz hat sich im letzten Jahrzehnt rasant weiterentwickelt und
ist in viele Aspekte des Lebens eingedrungen, vor allem in Bereiche wie Mensch-
Computer-Interaktion, virtuelle Realitédt, autonomes Fahren und intelligente medizinis-
che Systeme. Bei Videos handelt es sich um hochdimensionale Daten, die eine Dimen-
sion mehr haben als Bilder und daher mehr Rechenressourcen erfordern. Da immer
mehr hochwertige, grof} angelegte Videodatensitze verdffentlicht werden, hat sich die
Analyse von Videos zu einer aktuellen Forschungsrichtung entwickelt. Es gibt inzwis-
chen viele erfolgreiche Ansétze zur Erkennung von dynamischen Inhalten in Videos.

Bei unserer Arbeit konzentrieren wir uns darauf, neue Ansitze und Architekturen
fiir die Analyse von Videos vorzuschlagen und deren Anwendungen in der Medizin
zu untersuchen. Wir fiihren eine neue RGB¢-Abtaststrategie ein, um mehr zeitliche
Informationen in einzelnen Bildern zu integrieren, ohne die Rechenlast zu erhohen
und untersuchen verschiedene Farbabtaststrategie, um die Erkennungsleistung weiter
zu verbessern. Wir finden, dass Einzelbilder mit zeitlichen Informationen, die durch
Fusion der griinen Kanile aus zeitlich verschiedenen Einzelbildern gewonnen werden,
die besten Ergebnisse erzielen. Wir verwenden Bereiche unterschiedlicher Grofle, um
zeitliche Information besser einzubetten, ohne die Rechenleistung zu erhthen. Wir
fiihren auBerdem ein neues aus der Hirnforschung inspiriertes Neuronenmodell ein. Wir
haben insgesamt eine neue rdumlich-zeitliche Netzwerk-Architektur vorgeschlagen, die
es 2D-CNNs ermoglicht, zeitliche Informationen zu nutzen. Alle genannten Methoden
werden anhand von mindestens zwei Benchmark-Datensitzen evaluiert und weisen alle
eine verbesserte Leistung auf.

Wir konzentrieren uns auch auf die Anwendung unserer Netzwerke in der Medi-
zin. Wir verwenden unsere Netzwerk-Architektur welche oOrtlich-zeitliche Schnitte
durch das Video verwendet fiir die Analyse von Glaukomen und Sehbehinderungen
und wir stellen fest, dass Sehbehinderungen das Gehverhalten von Menschen beein-
flussen konnen und somit das Gehverhalten diagnostisch relevant wird. Wir entwerfen
auerdem ein KI-Modell zur Diagnose von Psychosen und zeigen, dass es moglich ist

vorherzusagen, ob Risikopatienten tatsdchlich eine Psychose entwickeln.



ABSTRACT

Artificial intelligence has developed rapidly over the past decade and has penetrated
into nearly every aspect of life. New applications in areas such as human-computer
interaction, virtual reality, autonomous driving and intelligent medical systems have
emerged in large numbers. Video is a kind of high-dimensional data, which has one
more dimension than images, requiring more computing resources. As more and more
high-quality large-scale video datasets are released, video understanding has become a
cutting-edge research direction in the computer vision community. Action recognition
is one of the most important tasks in video understanding. There are many successful
network architectures for video action recognition.

In our work, we focus on proposing new designs and architectures for video under-
standing and investigating their applications in medicine. We introduce a novel RGB;
sampling strategy to fuse temporal information into single frames without increasing the
computational load and explore different color sampling strategies to further improve
network performance. We find that frames with temporal information obtained by fus-
ing the green channels from different frames achieve the best results. We use tubes of
different sizes to embed richer temporal information into tokens without increasing the
computational load. We also introduce a novel bio-inspired neuron model, the Min-
Block, to make the network more information selective. Furthermore, we propose a
spatiotemporal architecture that slices videos in space-time and thus enables 2D-CNNs
to directly extract temporal information. All the above methods are evaluated on at least
two benchmark datasets and all perform better than the baselines.

We also focus on applying our networks in medicine. We use our slicing 2D-CNN
architecture for glaucoma and visual impairments analysis. And we find that visual
impairments may affect walking patterns of humans thus making the video analysis
relevant for diagnosis. We also design a machine learning model to diagnose psychosis
and show that it is possible to predict whether clinical high-risk patients would actually

develop a psychosis.

Keywords: Deep Learning, Transformers, CNNs, Video Understanding, MRI Images.
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CHAPTER 1

Introduction

In the past decade, with the rise of the self-media industry and the increase in storage
capacity, a large number of high-quality and large-scale video datasets have emerged.
With the increase in computing power, researchers are increasingly interested in re-
search on video understanding tasks, and many great machine learning algorithms and
deep learning networks have been proposed. Video is a kind of high-dimensional data
because it has an additional time dimension, which greatly increases the dif culty of
video processing and analysis. Similarly, medical imagery such as MRI data is also
high dimensional. Usually, Al breakthroughs in a eld can be used in other elds,
which illustrates that methods performing well in the eld of video understanding can
also be transferred to medical high-dimensional image analysis. Human action recog-
nition is an important task in video understanding and has been an active research eld
for many years. Therefore, we here focus on human action recognition tasks.

The aim of this task is to analyze the ongoing actions performed in videos. The
actions consist of movements, gestures, interactions, and activities conducted usually
by humans (Aggarwal and Ryoo 2011). Movements usually refer to physical activities
performed by a person, such as walking, jumping, running, etc. Movement recognition
is commonly used in sports analytics and intelligent security systems. Gestures usually
refer to human hand gestures such as clicking, pointing, and throwing performed by
ngers, palms, and arms. But in a broad sense, gestures also include the movements
made by the head, legs and other human body parts. Gesture recognition enables users
to interact with devices without physical contact or complex input devices, thereby it
is widely used in virtual reality and human-computer interaction. Interaction refers to
actions between people or between people and devices, including facial expressions,
body language, etc. The dif culty of interaction recognition is not only to recognize
individual actions but also to understand situational relationships. Activities are mix-
tures of gestures, movements or interactions, such as cooking, doing housework, etc.
Activity recognition involves the recognition and understanding of complex activities
and is used in smart home and health monitoring system.

Human actions are diverse and often complex, making it dif cult to accurately rec-
ognize and understand actions in videos. These actions have both strong intra- and



inter-class variations. The same action can be performed by different people with dif-
ferent postures at various speeds in different scenarios. Moreover, the same action
appears differently from different shooting angles and distances. These videos may be
Imed from above, from the side, or from the front of the participants. The action looks
very different due to the different viewpoints. Some different actions may have some
similar movement patterns or be performed in similar scenarios, these similarities make
them dif cult to be distinguished. In addition, factors such as background noise, camera
movement, lighting changes, and occlusions can also affect the performance of action
recognition tasks.

For video action recognition tasks, temporal reasoning is very important. For exam-
ple, the actions 'pushing’ and 'pulling’, and the actions 'opening the door' and 'closing
the door' look similar on still frames. However, by analyzing the context in the video, it
can be inferred that there are two actions. Complete action execution in video provides
more reliable and detailed information than frozen actions on static images. Therefore,
videos are more useful than images when it comes to recognizing and understanding
human actions. Therefore, extracting spatial features from a single frame is not suf -
cient to represent the video, it is also necessary to capture the changes among frames,
that is, the information in the temporal dimension. Human actions usually involve long-
term space-time interactions. Thus, utilizing spatiotemporal information is crucial for
human action recognition.

Video action recognition tasks involve extracting spatiotemporal representations of
videos and making classi cation decisions. Spatiotemporal representations of context
is obtained by extracting effective features from video. The methods of obtaining spa-
tiotemporal representation greatly affects the performance of action recognition and
computational ef ciency of the entire model. Therefore, we need networks that can
extract valid spatotemporal features and make precise decisions by using these features.

Despite similarities to still image processing, video understanding is much more
complex. Since videos have one more dimension than images, the networks for videos
processing require huge computation resources and longer training time. Another chal-
lenge is that the videos vary in length, but current networks can only process inputs
of the same length. Effective sampling to reduce video redundancy and computational
cost while retaining frames containing useful information is still a research direction
worth exploring. The balance between high accuracy and computational cost is another
important topic for video action recognition tasks.

In order to apply the model to actual scenarios, the generalization ability and real-
time performance of action recognition are crucial. Generalization performance refers
to the ability of a trained model to make accurate decisions on unseen data and it de-
scribes model performance on data independent of the training data. Most of the cur-
rently popular models are trained on public large-scale labeled datasets. When they are



applied to real scenarios, they often cannot generalize well. Because real-world data
comes from a wider range of sources, is more diverse, and has varying data quality.
Real-time performance refers to the ability of models to process data and display re-
sults instantaneously without any delays or interruptions (Maier-Hein et al. 2013). The
real-time performance is necessary for the model to be applied in the real world. The
delayed response of the model brings bad experiences to users, such as virtual reality
and human-computer interaction, and even causes dangerous situations, such as delayed
decision-making of surgical robots.

Video action recognition is a very promising research eld and understanding hu-
man behavior in visual data helps make progress in related research elds. These elds
include video retrieval and recommendation, game and entertainment, medical care,
education, etc. Smart Medicine is one of the most cutting-edge cross-cutting research
directions. The video action recognition architecture we studied can be applied to surgi-
cal robots for surgical videos segmentation and work ow recognition, thereby alerting
surgeons possible complications, reducing their operative mistakes and supporting de-
cision making. Moreover, the video architectures can be used in MRI data for detecting
tumors and analysing neurodegenerative diseases such as Alzheimer's disease, Parkin-
son's disease.

The rest of the thesis is structured as follows. In the Chapter 2, we review the
classic machine learning methods and convolutional neural network architectures, and
detail state-of-the-art video transformer architectures. In Chapter 3, we propose three
novel designs to improve the video transformer architecture. In Chapter 4, we present
a novel 2D-CNN architecture operating on salient spatiotemporal slices for Video Un-
derstanding. In Chapter 5, we apply the architecture proposed in Chapter 4 to glaucoma
diagnosis and visual impairment detecting. In Chapter 6, we investigate the effective
use of color and temporal information for videos and evaluate our ideas on 2D-, 3D-
CNNs and Video Transformers. In Chapter 7, we design a machine learning model to
diagnose psychosis and predict the transition of psychosis.



CHAPTER 2

Related Work

With the rapid increase of video resources, storage capacity and computing power,
video analysis has become an important and inevitable task in the eld of computer
vision. In recent years, deep learning methods have made great achievements in natural
language processing and image processing. Therefore, researchers have also changed
their research focus from initially using handcrafted features and machine learning clas-
si ers for video analysis to different designs that apply and extend 2D neural networks
to the time domain.

In this chapter, we rst brie y introduce the hand-crafted feature based methods. We
then describe the neural network architectures based on CNNs in detail and introduce
the various classic CNN-based architectures for video understanding tasks. Next, we
explain state-of-the-art networks for video processing - Video Transformers. In the end,
we summary the most common video benchmark datasets for video understanding.

2.1 Hand-crafted Features

Traditional machine learning methods for action recognition tasks typically combine
handcrafted features with machine learning classi ers (Zhu et al. 2020). There are two
main methods for extracting handcrafted features. One is based on holistic features, and
the other is based on local features.

2.1.1 Holistic Features

The action of subject in a video not only contains spatial information at different time,
but also dynamic information. Extracting holistic features requires precise localizing
and tracking to capture the motion information of the entire human body, usually based
on computing silhouette, shape and optical ow. Bobick and Davis (2001) proposed
temporal templates that combine motion energy images (MEI), which records the pres-
ence of motion at each pixel and motion history images (MHI), which shows the motion
location and path as it progresses based on MEI. Yilmaz and Shah (2005) presented
spatiotemporal action volumes (STV) by projecting the 3D boundary as 2D contour
in image plane and obtained a set of action descriptors based on the sign of Gaussian
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and mean curvature by analyzing the differential geometry of local volume surfaces.
Optical ow is the apparent motion pattern of image objects between two consecutive
frames caused by object or camera motion (Warren and Strelow 2013) and is a way to
characterize and quantify the motion in videos.

2.1.2 Local Features

However, holistic features based methods are sensitive to noise, perspective changes,
and occlusion. Local features can alleviate these problems by directly extracting fea-
tures from local regions that are more informative and salient. Laptev (2005) extended
spatiotemporal interest points (STIP) to the spatiotemporal domain to capture local
feature and introduced a Laplacian operator for scale selection in space-timéar Doll

et al. (2005) extracted a cuboid at each point of interest as a descriptor to contain all
the information needed to represent the corresponding action. Scovanner et al. (2007)
introduced a 3D SIFT descriptor to better represent the 3D nature of video data and
used a bag of words paradigm to improve model performance. Klaser et al. (2008) ex-
tended Histogram of Oriented Gradient (HOG) features to 3D local descriptors based
on histograms of oriented three-dimensional gradients in space-time. Wang and Schmid
(2013) proposed using speeded-up robust features (SURF) descriptors and dense optical
ow to match feature points between frames to estimate camera motion and perform cal-
ibration to improve the performance of descriptors such as Histogram of Optical Flow
(HOF).

2.2 Convolutional Neural Networks

Compared with hand-crafted features, deep learning networks can automatically extract
features and are more robust and more suitable for large datasets and complex scenarios.
With the breakthrough of convolutional neural networks (CNNs) for image processing,
researchers have adapted them to video processing. Videos have an additional temporal
dimension compared to images, which is a key issue in applying CNNs to videos. There
are several research directions in extending CNNs to the time domain for video analysis.

2.2.1 Two-Stream Architectures

One research direction is to use two-stream networks, typically one stream is used to
capture spatial information and the other stream is used to model temporal dependen-
cies and then a late fusion is applied to the two streams to obtain the nal spatiotemporal
representation of the video. The typical architecture of two-stream networks is shown
in Figure 2.1. DeepVideo is one of the earliest attempt, Karpathy et al. (2014) pro-
posed DeepVideo that investigated four different approaches to fuse temporal informa-



tion and a multiresolution architecture, which consisted of a context stream processing
low-resolution image and a fovea stream operating high-resolution center crop.

Fig. 2.1Architecture of a two-stream network.

Optical ow is used as the input for the temporal stream in two-stream networks
because it is able to represent the motion information of moving objects and is not af-
fected by background and camera motion. Simonyan and Zisserman (2014) explored a
two-stream network with a spatial stream taking a single still frame as input to extract
spatial information and a temporal stream using optical ow (Horn and Schunck 1981)
as input to capture dynamics between video frames. However, optical ow is computa-
tionally expensive and time consuming, making it is unsuitable for large dataset training
and end-to-end learning.

2.2.2 Segment-based Architectures

Two-stream networks have shown that CNNs can be applied to video processing. How-
ever, they have a limited ability to extract temporal information. Therefore, a novel
sampling strategy was proposed to rst uniformly segment the video into multiple snip-
pets, and then randomly select one frame from each snippet to form a clip that represents
the video. The clips obtained through this strategy not only cover the entire temporal
dimension of the video but also make the network more robust.

Wang et al. (2018) presented the Temporal Segment Network (TSN) that used a
spatial ConvNet to capture spatial features from sparsely sampled frames, a temporal
ConvNet to model temporal dependencies from not only stacked optical ow elds
but also RGB differences. Compared to previous studies, they designed a sparse frame
sampling strategy and used a consensus aggregation module to model longer time series.
Figure 2.2 shows the architecture of the TSN. Lin et al. (2019) introduced a Temporal
Shift Module (TSM) that used TSN as backbone and shifted feature map along temporal
dimension to better model context. Liu et al. (2021) designed a Temporal Adaptive
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Fig. 2.2 Architecture of TSN.

Module (TAM) with two branches, a local branch to model short-term dynamics for
speci ¢ video operations, which is location sensitive, and a global branch to generate
an adaptive kernel by using long-range dynamics, which is location invariant.

2.2.3 CNN-RNN Architectures

Recurrent neural networks (RNNSs) contain recurrent structure that allows information
to be passed among neurons, enabling RNNSs to effectively process time series data and
preserve the contextual information of the data. Combinations of CNNs and RNNs are
often used in video analysis, especially CNNs combined with long short-term memory
(LSTM) networks (Hochreiter and Schmidhuber 1997). The typical architecture of a
CNN-RNN network is shown in Figure 2.3. LSTM contains memory units and gate
functions that enable it to model longer temporal information. A CNN architecture rst
takes frames as input to extract spatial representation and then a LSTM network cap-
tures temporal representation based on the output of the CNN, and at last a MLP clas-
si er is applied for prediction (Donahue et al. 2015, Yue-Hei Ng et al. 2015). However,
the temporal memory of RNNSs is quite short and cannot capture long-range tempo-
ral information. Furthermore, RNNs process spatial and temporal information serially
rather than in parallel, which is both computationally expensive and time-consuming.

2.2.4 Other 2D-CNN Architectures

There are also studies that explore other methods to model dynamics. Temporal down-
sampling can reduce video redundancy to a certain extent but also lead to the loss of
temporal details. Andrearczyk and Whelan (2018) proposed a slicing approach to di-
rectly capture dynamics from slices obtained in three orthogonal planes by using unsu-
pervised learning (PCA) and a shallow CNN. Figure 2.4 shows the architecture of this
network. By slicing the video from different perspectives, CNNs have the capacity to



Fig. 2.3 Architecture of a CNN-RNN network.

directly capture temporal feature on simple frames.

Fig. 2.4 Architecture of the PCANet.

2.2.5 3D-CNN Architectures

In addition to the above use of 2D-CNN architectures to process videos, a more straight-
forward method is to extend the 2D kernels to 3D kernels, so that the 3D-CNN (Yao
et al. 2015) can capture spatial and temporal information simultaneously. Tran et al.
(2015) explored a 10-layer 3D-CNN architecture, trained it on the large dataset Sport1M
(Karpathy et al. 2014) and used the learned feature extractors for various video tasks.
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C3D generalized well on other tasks, but the training on the SportlM dataset is very
time-consuming and computationally expensive. The bene t of expanding the kernel is
that 3D-CNNs can directly use 2D-CNNs' weights pretrained on large image datasets
by simply in ating them. Carreira and Zisserman (2017) presented a Two-Stream In-
ated ConvNet (I13D) to learn seamless spatio-temporal features from videos using a
ImageNet-pretrained Inception-V1 (loffe 2015) as backbone. They post-pretrained the
network on kinetics datasets (Kay et al. 2017) and evaluated 13D on smaller datasets,
such as UCF101 (Soomro et al. 2@)2nd HMDB51 (Kuehne et al. 2011). And they
also compared the results of taking only RGB or only optical ow or both of them as
input and concluded that the two-stream architecture achieved the best results. The
architecture of 13D is shown in Figure 2.5. 13D is a milestone in the development of
video processing, after large-scale datasets have become the benchmarks for video un-
derstanding tasks.

Fig. 2.5Architecture of 13D network.

After 13D, a lot of 3D-CNN variants have been proposed. ResNet3D (Hara et al.
2018) directly in ated a 2D-ResNet into 3D and also adopted the weights of 2D-ResNet
pretrained on ImageNet. Feichtenhofer (2020) proposed a simple step-wise expansion
approach for 2D-CNNs along space, time, width, and depth to obtain a good trade-off
between accuracy and complexity.

Inspired by the primate visual system, Feichtenhofer et al. (2019) argued that differ-
ent temporal speeds should be taken into account. Thus, they proposed a two-pathway
SlowFast Network, a slow pathway operating at low frame rate to capture spatial seman-
tics, and a fast pathway operating at high frame rate to capture motion at ne temporal
resolution. Figure 2.6 shows the architecture of the SlowFast network. Although the
SlowFast network has two pathways, it is not a two-stream network. It is essentially a
single-stream network operating at two different framerates.



Fig. 2.6 Architecture of the SlowFast network.

2.2.6 3D Convolution Factorization

3D-CNNs are diffcult to train and require high computational costs. Some ideas about
3D factorization were explored. One idea is to factorize a 3D spatiotemporal kernel into
a 2D spatial kernel and a 1D temporal kernel. The factorization of space and time is
shown as Figure 2.7. Tran et al. (2018) presented an R(2+1)D network to sequentially
extract spatial features and capture temporal features, and introduced more non-linearity
by using additional ReLUs to enable the network to learn more complex semantics. The
results showed that the R(2+1)D network performed better compared to networks of
similar capacity, and this advantage became more obvious as the network deepens.

Fig. 2.7 Factorization of space and time.

Another idea is to split a full convolution layer into two separate layers, a depth-
wise convolution layer that applies a single convolutional Iter per input channel, and
a pointwise convolution layer that applies 1 x 1 convolution. Figure 2.8 shows the fac-
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torization of space-time and channel. Sandler et al. (2018) proposed MobileNetV2 that
explored depthwise separable convolutions, linear bottlenecks together with inverted
residuals blocks to obtain a good balance of performance and ef ciency. Tran et al.
(2019) designed a ChannelSeparated Convolutional Network (CSN) that explored how
the channel interactions affected the performance and found that factorizing convolution
improved the accuracy and reduced the computational loads.

Fig. 2.8 Factorization of space-time and channel.

Unfortunately, 3D-CNNs have limitations in modeling long-term temporal depen-
dencies due to its limited receptive eld. Moreover, a 3D-CNN is computationally in-
tensive and data hungry. Thus, new architectures are needed for modeling longer-term
temporal information.

2.3 Video Transformers

The great success of Transformers in the eld of natural language processing showed
its excellent capacity in processing sequence data. This has also contributed to the de-
velopment of Transformers in the eld of computer vision. Soon, Transformers and its
variants replaced the dominance of convolutional neural networks in the eld of im-
age processing, becoming the cutting-edge architectures for large image benchmarks
such as ImageNet (Deng et al. 2009). Based on the achievements of Transformers in
image processing and their ability to model long-range dependency, it is also consid-
ered a promising architecture for processing video. Naturally, Transformers have been
also adapted to video understanding tasks and have quickly become the state-of-the-art
architectures for almost all video benchmarks.

2.3.1 Tokenlization

Similar to natural language processing (NLP), input words or characters are represented
as a sequence of tokens (Vaswani et al. 2023). Figure 2.9 shows the input tokenization
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procedure for images and videos. Forimage processing tasks, input images are splitinto
non-overlapping, xed-size patches and these patches are then linearly embedded into
tokens (Dosovitskiy et al. 202); for video understanding tasks, videos are represented

as a series of sampled frames and divided into non-overlapping, xed-size tubelets (it
consists of patches with different time index in the same space, and the number of
patches is greater than or equal to one.), and then these tubelets are linearly embedded
as tokens (Arnab et al. 2021).

(a) Image tokenization.

(b) Video tokenization.

Fig. 2.91Input tokenization for Vision Transformersl$ represents class tokes, rep-
resents thé™" token embedded frori" patch or tubelet, an®E represents Position
Embedding).

As shown in Figure 2.9 (b), the detailed description of video tokenization for an
input of dimensionf H W is as following:

Z =[zys; EXq; EXo; il EXn] + PE; (2.1)

wherex; 2 R" ¥ is thei™ non-overlapping video tubeleE represents the projection
performed on tubelets in order to obtain tokens, &nd usually performed by 3D
convolution with kernel sizé h w and stridg(t; h; w). z is the sequence of tokens

obtained by projection andys is the learned classi cation tokenPE 2 RNum d
H

c bﬂcisthe
h w

" . T
represents the learned position embedding, Mod = ch b
number of tubelets.
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2.3.2 Architecture

Although there are many variants of Video Transformers, most of them are based on
the architecture shown in Figure 2.10. After tokenization, the tokens are fed into a
Transformer encoder, which consistshfsequentially connected Transformer blocks.
Each blockn contains multi-headed self-attention (MSA) (Vaswani et al. 2023), layer
normalisation (LN) (Ba 2016), and Multilayer Perceptron (MLP). The formulas are
de ned as below:

y" = MSA(LN (z")) + z"; (2.2)
z"*t = MLP (LN (y™)) + y™; (2.3)
Class = MLPHead(zgs"): (2.4)

wherez" represents the tokens after tokenization layer or the output of'th@rans-
former block. y" is the output of multi-headed self-attention (MSA) modul'*!
represents the output of tme+ 1™ Transformer block. At last the learned classi ca-
tion tokenzgs is passed through a MLP head for classi cation.

Fig. 2.10Basic architecture of a Transformer encoder

Transformers succeed not only due to their architectures, but also because of their
multi-headed self-attention (MSA) mechanism. Each head focuses on different parts
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of the input, allowing the model to capture different information at the same time and
learn more complex semantic representation. Suppose thenehasals, the dimension
of each head id and? representg after layer normalisation (LN).

MSA(2) = Concat{O1(2); 0»(2);:::: On(2)W °; (2.5)
A; = Softmax Qi l;_i(z)T ; (2.7)
k

whereQ; is the output of theay, head in multi-headed self-attention (MSA)oncat
represents the concatenate operation of multiple ha&i@sis the weight matrix of the
linear transformation.

2.3.3 Related Work

The capability of capturing long-term temporal dynamics has led to the rapid develop-
ment of Transformers in the eld of video processing. There are many video Trans-
former variants. Neimark et al. (2021) presented the VTN model for video recognition
by adding a temporal attention-based encoder on top of a 2D spatial backbone to model
temporal dependencies of extracted spatial features and use an MLP head for classi ca-
tion. VTN is similar to the CNN-RNN architecture, but uses an attention mechanism for
temporal information instead of a RNN. Bertasius et al. (2021) proposed the convolution
free architecture Timesformer, which is a fully self-attention-based video classi cation
method. Following VIT (Dosovitskiy et al. 202, Timesformers obtain patches from
frames and learn spatiotemporal features directly from a sequence of patches. Arnab
et al. (2021) proposed the ViviT architecture that adapted the ViT (Dosovitskiy et al.
202() network pretrained on CLIP400 (Schuhmann et al. 2021) to videos; it intro-
duced tubelet embedding on video clips to tokenize the spatiotemporal information si-
multaneously and explored four attention designs to nd the most effective and ef cient
way of handling spatial attention and temporal attention.

In addition to the aforementioned early attempts to adapt Transformers to video,
there are Transformer variants that introduce some novel video-speci ¢ designs. Fan
et al. (2021) designed MVIT, a channel-resolution scale model that progressively ex-
pands the channel capacity while reducing spatiotemporal resolution to extract low-
level visual features at early layers and model complex semantic features at deep layers.
Yan et al. (2022) presented the MTV architecture, which uses multiple encoders to ex-
tract spatiotemporal features from tokens obtained by tubelets of different dimensions,
and uses cross-view fusion and a global encoder to fuse the features from different
views. Li et al. (2022) proposed UniFormer, which combines a Transformer with 3D
convolution to capture local and global spatiotemporal features, allowing it to reduce
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the redundancy of videos while modeling long-range dependencies. Piergiovanni et al.
(2023) explored TubeViT that uses sparse video tubes of different sizes and a ViT en-
coder to work seamlessly with images and videos.

Local attention is also one of the research directions in Transformers. Liu et al.
(2022) proposed Swin Transformers, using a 3D shifted windows based multi-head
self-attention module to introduce cross-window connections for capturing the spatio-
temporal locality of videos. There are also Transformers that focus on self-supervised
learning to improve generalization performance. Tong et al. (2022) proposed Video-
MAE, which works by rst randomly masking most patches and then using an encoder
operating on the visible patches and a light decoder processing all patches to reconstruct
the input in the pixel space.

2.4 Multimodality

Due to the rapid increase in large networks and large-scale benchmark datasets of var-
ious modalities, multimodal models have become a promising research area. There
are many different data modalities, including RGB, RGB-Depth, Optical Flow, audio,
video, various signals and so on. The state-of-the-art architectures are currently de ned
by multi-modality Transformers. Wang et al. (2022) proposed video foundation model
the InternVideo, which conducted self-supervised pretraining by using a video masked
modeling module (Tong et al. 2022) and a video-language contrastive learning module,
and then enhanced video representation by using supervised post-pretraining, and next
used cross representation learning to unify two modules. Srivastava and Sharma (2024)
presented OmniVec network that consists of a modality encoder to extract the features
from modalities, a projection layer to project the features conditioned on meta tokens
of modalities, a Transformer network to process the patches obtained from projection
and a vectorizer to output embeddings for the original data point. Then the output can
be used for different downstream tasks.

2.5 Benchmark Datasets

As computing power and storage capabilities increase, the scale and the quality of
datasets grows. This further increases the complexity of deep learning networks. Fig-
ure 2.11 shows the most common datasets in video understanding tasks. Video datasets
can be roughly divided into two categories.

One are scene-related datasets, such as UCF101 (Soomro et &), 20DB51
(Kuehne et al. 2011) and Kinetics (Kay et al. 2017). The recognition of actions in scene-
related datasets relies more on spatial information such as objects and backgrounds. For
example, the model can predict the action “playing basketball' correctly by recognizing
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Fig. 2.11An overview of representative datasets for action recognition.

the basketball, the human and other scenes related to basketball. Sometimes, the model
can recognize the action by only using a still image of the video, without requiring
much temporal information.

The other kind of dataset is temporal-related dataset, such as Something to Some-
thing V1/V2 (Goyal et al. 2017) and Moment in Time (Monfort et al. 2019). The actions
in temporal-related datasets are more ne-grained. It is not easy for a model to predict
the ne-grained actions correctly by only using spatial information. For example, if
there is a single image with a table, a cup on the table and a human's hand on it. Even
humans are not sure whether the action is "take a cup from the table” or "put a cup on
the table.” To predict action like this, the model needs to know the context of this single
image. Thus, temporal information is needed for correct prediction.

The KTH (Schuldt et al. 2004) and Weizmann (Blank et al. 2005) datasets were
commonly used for hand-crafted feature based models, both of them are very small and
have controlled background. UCF101 (Soomro et al. 202ad HMDB (Kuehne et al.

2011) datasets were classic benchmarks for video action recognition tasks before 13D
was proposed. Sports-1M (Karpathy et al. 2014) is one of the largest datasets com-
monly used to pretrain 3D-CNN architectures for evaluation on UCF101 and HMDB51
datasets. ActivityNet (Caba Heilbron et al. 2015) consists of untrimmed videos, each
containing multiple activities. YouTube-8M (Abu-El-Haija et al. 2016) is currently the
largest video dataset, its annotations are generated through retrieval methods. Charades
(Sigurdsson et al. 2016) includes videos for daily indoor activities, and it is a multi-label
dataset.

The other datasets in Figure 2.11 are most commonly used as benchmarks for Video
Transformers. Kinetics Family (Kay et al. 2017) is the current mainstream benchmark
for video analysis and usually used for post-pretraining for large networks. Something-
Something (Goyal et al. 2017) is the most temporal dependent dataset, most of the
actions in it require strong temporal reasoning. Moments in Time (Monfort et al. 2019)
contains videos that involve not only people, but also animals, objects and natural phe-
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nomena. EPIC-Kitchens (Damen et al. 2018) is a dataset of rst-person vision of par-
ticipants recorded by head-mounted cameras. These videos involve different kitchen
tasks. Detailed information about the above datasets can be found in Appendix A.
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CHAPTER 3

Novel Designs of Video Transformers for Action Recognition

3.1 Introduction

In action recognition tasks, actions can be very dif cult for networks to classify. The
same action can be performed by different subjects with different gestures at differ-
ent speeds in different scenarios, meaning that network have to nd the commonalities
among these videos. And the different actions can also be performed by the same sub-
ject with similar motion patterns at similar speed in the same background, these simi-
larities make the networks dif cult to detect the subtle differences. Therefore, making
good use of both spatial information and temporal information is crucial for video ac-
tion recognition. A successful network must have the capacity to capture useful spa-
tiotemporal features for correctly action classi cations. Due to the additional temporal
dimension of videos, much more computational resources are required by video pro-
cessing networks. Thus, a good trade-off between accuracy and computational costs is
a key issue for video action recognition tasks.

3D-CNNSs can extract spatiotemporal features from a relatively small 3D neighbor-
hood to capture local dependencies but have limitations in modeling global dependen-
cies on video context due to the limited receptive eld. Transformers can capture longer
temporal information due to their self-attention mechanism, but they are limited in re-
ducing local redundancies because all the input tokens are compared blindly.

The combination of 3D convolution and Transformer architecture can simultane-
ously capture local and global spatiotemporal features. UniFormerV2 (Li et ala022
is a successful variant of Transformers combining 3D convolution and spatio-temporal
self-attention to reduce the local redundancy and also capture long-time dependencies
in videos. Thus, we choose UniFormerV2 as our backbone for further improving. How-
ever, like other Transformers, the performance of UniFormerV2 is also limited by the
size of the dataset. Therefore, we aim to demonstrate the effectiveness of our three
novel design ideas through relative improvements on small datasets.

The inputs of Video Transformers are usually video clips sampled from videos. The
length of the clips is limited by the available computational resources but the perfor-
mance is proportional to some extent to the length of the clips. Thus, we are motivated
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to nd a way to model longer temporal dependencies of videos without increasing much
computational costs and to introduce a bio-inspired nonlinear connection between neu-
rons that makes neurons more selective.

3.2 Methodology

Videos are essentially stacked images in the temporal dimension. They have additional
temporal information, which makes the data higher dimensional and more redundant.
Thus, video processing is more complicated and requires more computational resources
than image processing. It is very important to get a good balance of network perfor-
mance and computational costs.

In this section, we introduce three different novel design ideas that improve Video
Transformer networks on action recognition tasks. We rst propose a RGBt Sampling
strategy to sample red, green and blue channels at different times to extract local dynam-
ics. Then we design a tokenization method to use different dimensional tubes to embed
richer temporal information into the tokens. We also present the MinBlock architecture
to implement a bio-inspired nonlinear connection between neurons to make the neurons
more selective, we here extend MinBlock from image processing to video processing
and we also explore the best position to insert MinBlocks within a UniFormerV2 archi-
tecture.

3.2.1 RGBt Sampling

Videos are high dimensional data and have different lengths, which means processing
the entire videos at once is not affordable for computers and impossible for networks.
Therefore, the strategy is to temporally downsample the videos into clips of the same
length. For almost all Video Transformer networks, the inputs are obtained by sampling

a certain number of frames from each video to form a clip representing this video. Usu-
ally, a video is uniformly divided into a certain number of segments along the temporal
dimension, and then a frame is randomly selected from each segment. All the selected
frames together form a clip to represent the original video. This sparse sampling strat-
egy is reasonable because videos are proven to be redundant and have high temporal
correlation (Tong et al. 2022).

However, due to the limited computational resources, the number of used frames
representing a video is usually not enough and increasing the number of selected frames
will improve the network performance. Especially for temporal-related datasets, the
improvement will be more obvious. To obtain a good trade-off between network per-
formance and computational costs, we introduce a novel strategy to sample the three
color channels at different times. In detail, we rst sample 3*N frames from each video
rather than the original N frames. We then only useRhe,, G;, andB;.; channels
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of the selected frames instead of usiRg G;, andB; from the same frame, in order

to form a RGBt frame containing temporal information, as shown in Fig 3.1. Thus, we
not only introduce additional temporal information without increasing the input size but
also reduce the spatial redundancy of frames to some degree.

Fig. 3.1Description of RGBt sampling strategy

3.2.2 Variable Sized Tubes Tokenization

Our backbone UniFormerV2 is one of the state-of-the-art architectures. It achieves im-
pressive top-1 accuracies largely due to the pretrained Clip-ViT (Radford et al. 2021)
weights. This bene ts the network but also introduces some shortcomings. For using
the pretrained weights of ViT, UniFormerV2 has to keep the same structure as ViT and
then insert its own blocks into the ViT structure. Because of that, the 3D convolutional
layer for tokenization in UniFormerV2 has to keep the same channel dimension of 768
as the VT structure, which is very redundant. Inspired by the concept of Inception net-
works, we can |l 768 channels by concatenating different feature maps in the channel
dimension by tokenizing video clips using 3D kernels of different sizes. By doing this,
temporal information from frames of different lengths is fused by using tubes of differ-
ent sizes. The obtained tokens can span different temporal periods (shorter or longer)
and contain richer information about the dynamics of the actions.

Fig. 3.2 shows how we implement our idea, we rst sample 32 frames from each
video to form a clip with dimension 32 x 224 x 224 x 3 (T x H x W x C) as input.
Then we use tubes of three different sizes (1 x 16 x 16, 4 x 16 x 16 and 8 x 16 x 16) to
tokenize the inputs, and obtain three outputs with the same shape: 8 x 14 x 14 x 256
(T1x Hy x Wy x C;). After that, we obtain the nal tokens by concatenating the three
outputs in the channel dimension, which have the same channel dimension of 8 x 14 x
14 x 768 as the tokenization layer of ViT.

20



Fig. 3.2 Tokenization with tubes of different sizes

3.2.3 Bio-inspired MinBlock

Min-Nets are a variant of FP-Nets (@ring et al. 2022) inspired by end-stopped cortical
cells with units that output the minimum of two learned lIters (Bing and Barth 2022,
Gruning and Barth 2023). In previous studies, it has been proven that the addition of
MinBlocks can improve the performance of state-of-the-art CNNs in object recognition
tasks and make the CNNs more robusti(@ng et al. 2022, Gming and Barth 2023).
ENets are networks that employ the bio-inspired principle of end-stopping, and both
FP-Net and Min-Nets are particular variants of eNetsiftarg and Barth 2023). Here,
we combine not two units, but three pairs of two units in order to generalize eNets
from images to videos. Such computations are related to optical ow computation
(Barth 200®) and also to the way biological neurons process motion information (Barth
and Watson 2000, Barth 2080 The geometrical motivation is based on the fact that
the curvature of a 3-dimensional manifold de nes the structure of the manifold and
is captured by the invariants of the Riemann curvature tensor based on the sum of 3
pairwise combinations of the derivatives (Barth 200Barth and Watson 2000).
Technically, our MinBlock consists of three point-depth-wise convolutional layers,
the pairwise minimum operations and the add operation, as shown in Fig 3.3. We insert
three additional 1x1x1 convolutional layers to convolve the previous feature maps and
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use minimum functions to element-wise combine the feature maps learned by each pair
of 1x1x1 convolutions, and we use an add operation to combine the three outputs from
minimum operations. The 1x1x1 convolutional layers are used as spatiotemporal lters
and capture features across channels by creating one-to-one projections of the feature
maps. The pairwise minimum operations aim to make the neurons more selective and
more robust than classical neuronsi{@ing and Barth 2022). And the add operation is

to keep the nal output dimension the same as the input of MinBlock.

Fig. 3.3The structure of a MinBlock.

There is clear evidence that MinBlocks can improve the performance of convolu-
tional neural networks on image processing. Therefore, we expect MinBlocks to bring
performance improvements in video understanding tasks as well. To investigate the
inserted position of MinBlocks, we insert MinBlocks at two different locations in the
backbone architecture that performs convolutions. As shown in Fig 3.4, one position
we chose is after the 3D convolutional tokenization layer is performed. And the other
position is inside the Local UniBlock as shown in Fig 3.5.

3.3 Experiments

3.3.1 Datasets

Since we lack the computational resources to deal with larger benchmarks, we use
the classic scene-related dataset UCF101 and a subset of the temporal-related dataset
Something-Something V2 as our datasets to verify the effectiveness of our novel design
ideas.

UCF101 (Soomro et al. 20&2is a small dataset for action recognition tasks. UCF101
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Fig. 3.4Inserting MinBlock after the tokenization layer.

has 101 different action classes with mainly ve types of actions: human-object interac-
tion, body-motion only, human-human interaction, playing musical instruments, sports.
Those actions are rather de ned by spatial information, which means a relatively good
performance can be obtained even without any temporal information. UCF101 has
13320 videos with an average length of 7.21s and a spatial resolution of 320x240 pix-
els, it consists of around 9.5k training videos and 3.7k validation videos. We randomly
select videos proportionally from each class in the training set forming a total of about
1.6k videos for our validation set, and use the original validation videos as our test set.
Something-Something V2 (Goyal et al. 2017) is one of the most popular datasets for
Video Transformers in video understanding tasks. It consists of 220,847 videos, with
around 169K in the training set, 25k in the validation set and 27k in the test set. The
actions in Something-Something V2 are more temporal-related and thus require more
temporal information for making correct predictions. It has 174 different ne-grained
action classes of human-object interaction scenarios, with an average duration of 4.03s.
More speci cally, Fine-grained means the understanding of the actions relies on videos
rather than images, which is important for validating the capacity of networks in captur-
ing temporal information. Action groups in Something-Something V2 usually contain
some very similar actions with only subtle differences, and in order to distinguish these
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Fig. 3.5Inserting MinBlock inside the local UniBlock.

similar actions within a group, a good understanding of the ne-grained actions at both
spatial and temporal levels is required.

SthSth32 is a subset of the Something-Something V2 dataset containing only 32
classes selected to reduce computational costs. The training set, validation set, and test
set are randomly grabbed from the original sets as suggested by Goyal et al. (2017). The
resulting dataset SthSth32 contains about 41k training videos, 6.1k validation videos
and 6.2k test videos - see Appendix B for more details.

We train our networks from scratch, because pretrained weights are trained on stan-
dard RGB frames and are not available for our RGBt frames. Unfortunately, both
UCF101 and SthSth32 datasets are not large enough to train Transformer networks
to maximum performance, we here therefore focus on the relative improvements of
network performance brought by our novel design ideas.

3.3.2 Implementation Details

As described above, we rst uniformly sample a number of frames to form a video clip
representing the video. We sample 3*N (N is 8 for UCF101 and 4 for SthSth32) frames
for RGBt sampling, 4*N frames for differently sized tubes tokenization and N frames
for MinBlock. All selected frames are then resized into a jittering scale range [240, 320]
and randomly cropped to 224x224 pixels for training. All frames are directly resized to
224x224 pixels for validation and test. Note that before feeding into the Transformer
structure, the dimensions are the same: 8x224x224x768 (T x H x W x C).

Our training batch size is 256, both validation and test batch sizes are 128. We
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choose the AdamW optimizer to learn network parameters and follow the training
recipe reported in (Li et al. 2082, a cosine learning rate schedule (Loshchilov and
Hutter 2016) with a linear warm-up strategy for the rst 5 epochs. Our warm-up start
learning rate is 1e-6 and cosine end learning rate is the same, and the base learning rate
we use is 1e-5. The momentum is set to 0.9 and the weight decay is 0.05. We conduct
all experiments on 4 NVIDIA A100 40G GPUs.

3.3.3 Results and Discussions

We validate our three novel design ideas on UniFormerV2 backbone respectively using
both the UCF101 and SthSth32 datasets. The improvements of network performance
shown in the tables below demonstrate the effectiveness of our designs.

The results for the UCF101 dataset are shown in Table 3.1. The RGB row shows
the baseline performance of the original UniFormerV2 with standard RGB frames, with
43.67% top-1 accuracy and 69.84% top-5 accuracy. RGBt sampling achieves a 3.2%
higher top-1 accuracy compared to the RGB baseline without increasing the correspond-
ing FLOPs and the number of parameters. And tokenization with tubes of different sizes
with standard RGB frames obtains a 6.85% high top-1 gain in accuracy with slightly
more FLOPs and parameters. And inserting MinBlocks into the backbone leads to a
2.34% top-1 accuracy improvement. We nd that RGB with variable sized tubes setting
improves the network the most based on both top-1 and top-5 accuracy.

Table 3.1Comparison of RGB, RGBt, RGB tubes and MinBlock on UCF101.

Method #Frames Param.(M) FLOPs(G) Topl Top5

RGB 8 123.82 157.41 43.67 69.84
RGB; 3*8! 8 123.82 157.41 46.87 74.23
RGB tubes 4*8 8 125.78 160.50 50.52 79.54
RGB Min’ 8 145.08 190.71 46.01 72.83

1 3*8! 8 means 3*8 frames are used to form 8 RGBt frames;

2 4*8! 8 means 4*8 frames are used for tokenization, and 8 is the temporal di-
mension after tokenization;

3 Min" reports MinBlock inserted inside Local UniBlock.

Table 3.2 shows the results for the SthSth32 dataset. The baseline performance of
the backbone with RGB frames is 44.91% top-1 accuracy. With RGBt sampling, the
top-1 accuracy is improved by 5.75% compared to the RGB baseline without increasing
parameters and FLOPs. And using different tubes with RGB frames leads to a 6.77%
higher top-1 accuracy gain. The top-1 accuracy obtains 1.3% improvement by adding
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MinBlocks. Again, we notice that RGB tubes setting achieves the best performance on
both top-1 and top-5 accuracy.

Table 3.2Comparison of RGB, RGBt, RGB tubes and MinBlock on SthSth32.

Method #Frames Param.(M) FLOPs(G) Topl Top5

RGB 4 123.76 78.72 4491 77.49
RGB; 3*4! 4 123.76 78.72 50.66 81.94
RGB tubes 4*4 4 125.73 80.26 51.68 83.14
RGB Min’ 4 145.03 95.37 46.21 79.02

1 3*41 4 means 3*4 frames are used to form 4 RGBt frames;
2 4*41 4 means 4*4 frames are used for tokenization;
3 Min" refers to MinBlocks inserted inside the Local UniBlock.

The results from the Table 3.1 and Table 3.2 show that all our three designs can
improve the performance for not only scene-related dataset but also temporal-related
dataset (see overview in Fig. 3.6). The performance improvements indicate that using
RGBt sampling can help the network to model longer dynamic dependencies of videos
without increasing FLOPs and the number of parameters, adding Tubes with differ-
ent sizes can embed richer temporal information into tokens and inserting MinBlocks
presumably makes the neurons more selective of useful information than the classic
neurons.

We also perform ablation experiments on UCF101 dataset to explore the best posi-
tion for inserting MinBlocks. As discussed in previous section, MinBlocks can improve
the performance of convolutions. Thus, we choose two positions with convolutions:
one is after the 3D convolutional tockenization layer (as shown in Fig. 3.4), the other is
inside the Local UniBlock and on top of ViT Block (as shown in Fig. 3.5).

Table 3.30verview of comparison of MinBlocks with different positions on UCF101.

Method Position Param.(M) FLOPs(G) Topl Top5

RGB Min  Token 125.59 160.19 43.93 70.08
RGB Min  Local 145.08 190.71 46.01 72.83

! Min indicates the use of MinBlocks;
2 Token: MinBlock inserted after the tokenization layer as in Fig. 3.4;
3 Local: MinBlock inserted inside the local UniBlock as in Fig. 3.5.

Table 3.3 shows the results of ablation experiments, the MinBlocks inserted after the
tokenization layer with RGB frames lead to a 0.26% performance improvement, while
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Fig. 3.6 Top-1 accuracy improvements by our designs on UCF101 and SthSth32.

MinBlocks inserted inside the local UniBlock obtain a 2.34% higher top-1 accuracy.
In Table 3.1 and Table 3.2, we therefore report the better performances obtained by
MinBlocks inserted inside the Local UniBlock.

Table 3.4Extra experiments on UCF101.

Methods Position Topl Top5

RGB andRGB; - 48.30 74.25
RGB; tubes Token 53.22 79.60
RGB tubes and Min  Local 54.04 80.63

RGB; Min Local 49.08 75.42

With the inspiration of the Temporal Segments Networks (TSN) (Wang et all2016
we used both RGB and RGBt frames as two different modalities and fused them at a
late stage on UCF101 dataset to obtain a better performance. The rst row of Table 3.4
shows that this fusion achieves a 4.63% top-1 accuracy improvement compared to us-
ing only RGB frames and a 1.43% top-1 accuracy gain compared to using only RGBt
frames. From previous experiments we show that both RGBt sampling and tokeniza-
tion with tubes of different sizes can improve the network performance, so that we also
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try the combination of these two designs. The second row of Table 3.4 shows that the
combination obtains a 9.55% top-1 accuracy gain relative to the RGB baseline and an
extra 2.7% top-a accuracy improvement compares to adding only variable size tubes.
Besides, we also run experiment on combining variable tubes with MinBlocks. This
operation leads to a 10.67% higher top-1 accuracy than RGB baseline. Moreover, the
combination of RGBt sampling and inserting MinBlocks also achieves higher accuracy
(49.08%) than both only RGBt sampling (46.87%) and only MinBlocks (46.01%).

The performance of all combinations as well as the performance of individual de-
signs are shown in the Fig. 3.7. Obviously, all kinds of pairwise combinations of our
design elements can further improve the performance of the network.

Fig. 3.7Top-1 accuracy improvements by different combinations on UCF101.

3.4 Conclusion

In this chapter, we propose three novel design ideas for Vision Transformers in video
understanding tasks. The rst idea is to sample frames differently, which we called

RGBt sampling, that is, sample 3 times the number of frames and select red channel,
green channel and blue channel from the consecutive frames to form new RGBt frames.
This way, the input clips not only contain three times longer temporal sequence but also
maintain the same dimension, meaning that RGBt frames do not introduce additional
computational costs and parameters. The second idea is to tokenize the input clips
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with tubes of different sizes (with 3D kernel dimensions of 1x16x16, 4x16x16 and
8x16x16), in order to span the temporal information from different lengths of frames
and thus embed richer temporal representation into the nal tokens. The third idea
is using MinBlocks to introduce a novel type of neurons which are more information
selective and can make the network more robust. We also conduct ablation experiments
to explore the best position to insert the MinBlocks.

We validate our three designs on a scene-related dataset and a temporal-related
dataset. All results on both datasets show that our three novel ideas can improve net-
work performances in action recognition tasks. Moreover, the combinations of two
arbitrary design elements can further achieve even better network performance.

Due to the limitation of computational resources, we train our networks from scratch
and focus only on the relative improvements compared to the baseline. We would expect
better results on large datasets and using pretrained weights.
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CHAPTER 4

Salient Spatiotemporal Slices on 2D-CNNs for Video Understanding

4.1 Introduction

Video understanding is a popular research eld in computer vision. Action recognition
and hand gesture recognition are two main classi cation tasks in video understanding.
The purpose of action recognition is to capture spatiotemporal features that can rep-
resent the entire video and thus make predictions of the speci c action. There are a
lot of applications of action recognition, such as intelligent traf c control, smart home
control and so on. For gesture recognition, the goal is to recognize hand gestures of dif-
ferent subjects, and virtual reality, augmented reality and human-computer interaction
are common applications.

2D-CNNs have proven to be good at capturing spatial features of images but cannot
capture temporal information. Therefore, for video understanding, researchers extended
2D kernels to 3D to also extract temporal information by adding a time dimension.
However, 3D-CNNs can only model local dependencies in a rather small 3D neighbor-
hood due to the limited receptive eld. This limited 3D-CNNs performance in video
understanding, since long-range dependency modeling is important for this task.

Video understanding remains a challenge because how to effectively use tempo-
ral information is still a key issue. Current methods generally sample a number of
frames to form a video clip as an input representing the entire video. Such temporal
downsampling often causes the loss of critical temporal information. Moreover, current
state-of-the-art networks (e.g., visual transformer variants) require high computational
costs even with the downsampled videos. Generally, video is treated as stacked images
in time. In our work, we have a new perspective on video, treating it as a 3D block.

If we look at the 3D block from the front, we see xy slices (frames); from the above
perspective, we see xt slices and from the left we see yt slices. So, xt slices contain
the horizontal spatial and temporal information and yt slices contain the vertical spatial
and temporal information. The visualization of temporal information on slices makes it
possible for 2D-CNNs to directly extract spatiotemporal features.

It is known that videos are redundant (Tong et al. 2022), because the spatial content
changes little in consecutive frames. Thus, not all frames are needed for videos analysis.
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Likewise, not all xt and yt slices are needed. The redundancy of spatiotemporal slices is
more serious than that of spatial frames. Thus, we propose a simple method to exclude
redundant xt and yt slices by using saliency.

Modeling longer range temporal dependencies can improve the network perfor-
mance in video understanding, but requires higher computational loads. As most current
methods are not able to utilize the temporal information across the entire video and our
salient spatiotemporal xt and yt slices contain the complete timeline of the video, we
propose a simple model that can capture the long-range spatiotemporal representations
by using simple 2D-CNNs on our spatiotemporal slices with a low computational cost.
Moreover, we evaluate our model on ve different datasets (for both action recognition
and hand gesture recognition tasks) to prove its ef ciency and robustness. We conduct
experiments on only xy, xt and yt slices respectively to compare the performances on
different types of slices, so that we can evaluate the effectiveness of spatiotemporal
slices. Moreover, we combine different types of slices to further improve performance.

4.2 Methodology

4.2.1 Spatiotemporal Slices (xt and yt)

Video is essentially frames stacked in time, so we can think of a video as a 3D cube in
X, Y, and t coordinate systems. In this perspective, a frame is a slice of the video in the
xy plane (xy slice), which represents 2D-spatial information of the video. Thus, a slice
in the xt plane (xt slice) represents horizontal spatiotemporal information of the video.
Similarly, the slice in the yt plane (yt slice) contains vertical spatiotemporal represen-
tation of the video. All kind of slices are shown in Fig. 4.1. Xt and yt slices describe
the movement trajectories of the subjects over the complete timeline of the video, i.e.,
containing every time index. In this way, action dynamics are well represented in the
xt and yt slices, so that simple 2D-CNNs have capacity to extract spatiotemporal infor-
mation simultaneously. 2D-CNNs trained on these spatiotemporal slices are of lower
complexity compared to 3D-CNNs and Video Transformers.

4.2.2 Sampling Strategies

Videos have proven to be quite redundant, because the visual content changes slowly
over consecutive frames. The redundancy also exists in xt and yt slices. We can take
advantages of these redundancies by selecting only a subset of frames and slices that
are useful and suf cient for action recognition. We aim to nd sampling strategies that
preserve the essential visual content and temporal context over the entire video.
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Fig. 4.10verview of slicing xy, xt, and yt slices ("Jump on place” action from the Weiz-
mann dataset. Note how the jumping action is well represented in the spatiotemporal yt
slices).

4.2.2.1 Sparse Sampling

For xy slices (frames) selection, we use a sparse global sampling strategy described
in (Wang et al. 2018). We rst uniformly divide a video into N segments, and then
randomly choose a frame from each segment to form a clip (de ned by the selected
frames) that represents the entire video. Uniform sampling helps our network to model
spatial information changes of the entire video and random sampling makes our net-
work more robust. However, this down-sampling of xy slices may lead to the loss of
temporal information, that's why we need xt and yt slices to provide the information of
the complete timeline.

4.2.2.2 Saliency-based Sampling

In most cases, for the subjects who are taking the action, their moving does not occupy
the whole video cube; actions only take place at a certain region (as shown on xy slice
in Fig. 4.2). So, there are some xt and yt slices without any motion trajectories. Objects
that do not move, are represented as straight lines in the xt and yt slices (see non-salient
slices shown in Fig. 4.2). These non-salient slices are not helpful for decision making
or may even hurt the performance of the network. Thus, we calculate a saliency value
for each slice to exclude such redundant slices.
Since the redundant frames are de ned by straight lines, we use a simple curvature
measure to detect the salient slices as those that do not contain only straight lines.
Assume we have a gray-scale image (or slice)f we take a patch at; ) and
shift it by (x;t), the gray-scale differences of these two patches is

X X
E(xt) = LG +x +0) 1G5 (4.1)

with ! (; ) being a window that slides over the image.
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Fig. 4.2 Examples of salient slices and non-salient slices from the Weizmann dataset
(Action: Jack). The salient xt and yt slices are de ned by the region of interest indicated
by the red rectangle.

After applying a Taylor expansion we can get

-
h i X
E(x;t) X t J o (4.2)
whereJ is the structure tensorgfine 1993)
X X “ 2 #
IX( ’ )It( ’ ) It( ’ )
When! (; ) is anidentity matrix,) is simpli ed to
X " 2 #
J= 'x 'X'Zt : (4.4)
o e 1

A simple way to measure deviation from atness is to use the determinat of
which is equal to zero for straight lines:

R = det(J): (4.5)

Technically, we rst convert the xt and yt slices into gray-scale images and apply
a Gaussian low-pass lIter. Then we use the Sobel operator to calculate the derivatives
in thex (andy) andt directions. After that, we calculate the different terms in Equa-
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tion 4.4 and perform Gaussian Itering on these terms. Furthermore, we calculate the
determinant of] to obtain R. Finally, we apply hon-maximum suppression to get op-
timal values and use the average of these values for selecting salient slices. For fusing
Xy, Xt, and yt features, we sample the same number of xt slices and yt slices by selecting
the top values of calculated saliency. By using saliency-based sampling, we ensure that
each xt or yt slice we select contains the entire motion trajectory of the subject.

4.2.3 Architecture

We use simple 2D-CNN architectures (such as the ResNet18) as backbones for our
model. We rst obtain all xy, xt and yt slices from videos and select the most infor-
mative slices by applying our sampling strategies as described in section 4.2.2, then we
feed these selected slices into our CNN backbone. As shown in Fig. 4.3, we explore
several ways to utilize the different types of slices for classi cation: (i) using the results
obtained from only one type of slice (e.g. just xt slices), (ii) fusing two types of slices
(e.g. xt and yt slices), and (iii) fusing all three types of slices (xy, xt and yt slices).

Fig. 4.30verview of our salient spatiotemporal slicing CNN. (Type 1, 2, 3 respectively
represent one of xy, xt and yt slices; means the combination of different types of
slices.)

In Fig.4.3, the top branch describes the use of only xy, xt, and yt slices respectively.
The results illustrate how useful the spatiotemporal slices are compare to xy slices. The
middle branch implements different paired combinations of the three types of slices
by using a two-stream network, because the spatiotemporal slices contain the temporal
information of the entire video but cannot fully replace the visual content represented in
xy slices. The last branch combines information from all three types of slices to explore
complementary and redundancy of information.

Since our backbone is a 2D-CNN, the network makes decisions based on each indi-
vidual slice. Thus, we use a voting mechanism to choose the majority prediction of the
sampled slices from the same video as the nal prediction for the video.
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4.3 Experiments

4.3.1 Datasets

To evaluate the model, we use ve rather small video datasets. Two for action recog-
nition tasks and three for hand gesture recognition tasks, so that we can show that our
network performs well not only on coarse-grained action recognition but also on ne-
grained action recognition (hand-gesture). Datasets such as UCF101 (Soomro et al.
20123) contain static visual clues of objects and backgrounds, i.e., actions can be recog-
nized without much temporal information. Therefore we choose the Weizmann (Blank
et al. 2005) and KTH (Schuldt et al. 2004) datasets (examples are shown in Fig. 4.4)
in which the static frames do not contain many clues to reveal the action classes. Fine-
grained activities are more dif cult to distinguish, the reasoning relies more on the
subtle differences over time. Therefore, we also use hand-gesture datasets such as
the Cambridge Hand Gesture (Kim et al. 2007), Northwestern University Hand Ges-
ture (Shen et al. 2012), and IPN Hand(Benitez-Garcia et al. 2021) datasets (examples
are shown in Fig. 4.5). The classes of each dataset are detailed in Table 4.1.

Fig. 4.4Examples of frames and salient spatiotemporal slices of the action recognition
datasets (Weizmann dataset with actiackand KTH dataset with actioBoxing)

The Weizmann Dataset (Blank et al. 2005) consists of 90 videos (resolution 180x144,
25fps) collected from 9 different subjects, each subject performs 10 actions. And the
backgrounds for all subjects and actions is the same.

The KTH Dataset (Schuldt et al. 2004) contains 2391 videos (resolution 160x120,
25fps) for 6 different actions, each action is performed by 25 different subjects within
4 different scenarios: outdoors, outdoors with scale variation, outdoors with different
clothes, and indoors.
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