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Abstract

In recent research, the self-supervised video representation learning methods have achieved
improvement by exploring video's temporal properties, such as playing speeds and temporal
order. These works inspire us to exploit a new arti cial supervision signal for self-supervised
representation learning: the change of video playing speed. Speci cally, we formulate two
novel speediness-related pretext tasks, i.e. speediness change classi cation and speediness
change localization, that jointly supervise a shared backbone for video representation learn-
ing. This self-supervision approach solves the tasks altogether and encourages the backbone
network to learn local and long-ranged motion and context representations. It outperforms
prior arts on multiple downstream tasks, such as action recognition, video retrieval, and
action localization.
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Chapter 1

Introduction

With the advent of convolutional neural networks and other machine learning technologies
[44, 63, 32, 68, 87], the eld of computer vision has achieved rapid development in re-
cent years. Traditional problems involving still images, for example, semantic segmentation
[70, 50, 77], object recognition [73, 15, 33] can be solved by end-to-end machine learning
methods with good performance. As a result, engineers have created countless applications
[64, 23, 36, 83, 92] that bring convenience to our daily lives by combining neural network al-
gorithms with modern hardware. For example, face recognition technology replaces manual
password input on our cellphone or realizes automatic driving by combining object recogni-
tion and depth detection technology. Thanks to the modern fast GPU computing [57] and
new network architectures such as separable convolutional layers and knowledge distillation
[35, 34, 28, 27], the inference processes are signi cantly boosted to real-time and satisfy the
engineering requirements.

There are many applications in computer vision eld that require as an input a sequence
of still images, that is videos, as opposed to a single image. For example, if our task is to
identify an object's action, then the information in the temporal dimension is bene cial. For
example, yoga is a popular physical exercise with slow movement, and it will be easier to
distinguish it from other actions if the network learns the pace. Learning of pace requires
the input to be a video, as opposed to a single image.

Researchers are working towards neural networks can solve complex video-based tasks such
as human action recognition [65, 41]. Human action recognition is essential for multiple ap-
plications including human-computer interaction [14], patients behaviour monitoring [21, 25],
automated surveillance [7, 74], video summarization and labelling [5, 90, 6, 16]. In auto-
mated surveillance, for example, the monitoring system of the production line can alert the
workers if the cameras detect irregular actions to avoid safety hazards. Teaching computers
to understand human motion can also expand the human-computer interaction methods.



More and more TV manufacturers introduced their smart TV with motion-sensing cameras.
The sensors can detect human activities, so the users do not need a traditional TV remote
anymore. Instead, they can change the TV volumes or pause the video through simple hand
movements.

Figure 1.1:  An image from Samsung product news. Users can control the new Samsung smart TV with hand movements.

Therefore, the input to many tasks in computer vision (action recognition, list some others

as well) is a sequence of image frames, and a neural network architecture has to be modi ed
to adapt to the temporal dimension of the input. In 2013, Ji et al. [38] proposed to use a
three-dimensional convolutional network for action classi cation without any processing on
the video. Two papers on the new model architecture published in 2014 [39, 71] played a key
role in video processing related research, and several model designs that will be introduced
later are extended from these two methods. Researchers have developed many approaches
to dealing with video input, but there are still two problems: lack of annotated video data
and long training time. One approach to solve these two problems is self-supervised video
representation learning.

Representation learning is a concept inherited from traditional computer vision methods.
The work ow of traditional computer vision algorithms can be summarized as following
steps. First, perform feature extraction on the areas of interest in the image (or video)
and use xed-size vectors to represent them. Then choose a linear classi er [3] based on
the extracted representation, and perform the training and prediction. One of the factors
in deep learning becoming popular in the early days is simplifying the traditional pipelines
to enable end-to-end learning. The neural network learns all the intermediates between the
inputs data and nal outputs and all steps are trained simultaneously instead of sequentially.



However, when researchers try to deploy deep learning algorithms into tasks in speci c elds
[61], they soon encounter the problem of insu cient data. Therefore, researchers introduce
deep video representation learning by borrowing the idea from traditional algorithms, but
now the representation vectors become the intermediate feature layer output of the model.
First, we need to design a task named pretext task, so that the labels for this tasks are easy
to generate automatically, without the need for human annotation. These automatically
generated labels will be used to train network for the pretext task [54, 52]. Since video com-
prises a series of semantically related frames, it has seful spatial and temporal features. The
temporality of these frames implies speci c inference rules and physical logic: for example,
the movement of objects should be smooth, and the gravity of the earth should be downward.
Our hypothesis is that even if the pretext task has no practical application [31], the neural
network can complete this task only by learning a useful spatial-temporal representation in
its feature layers. Then we can transfer the learned representation to other meaningful tasks
like action classi cation through sharing the weights of the features layers and netuning
with annotated data.

In summary, video representation learning has two applications. The main application is to
enhance neural network performance and reduce the training time by transferring knowledge
from abundant unannotated data to neural networks when we have insu cient annotated
video data for training. Many papers [30, 8, 81], prove that a good pretext task can help video
representation learning to obtain reliable data transfer abilities. Secondly, the representation
network can help us compare and calculate the similarity among two di erent video clips
by calculating their representation vectors' similarity score (e.g. dot product) [8]. Usually,
we can consider two video clips similar if they contain the same actions in di erent envi-
ronments. The same actions should have similar spatial-temporal features and the feature
representation network should output close feature vectors for these action. Calculating the
similarity between two video clips helps us perform video retrieval [49, 8] (searching similar
video clips from other videos rather than the query video) and temporal action localization
[8, 24] ( nding the occurring time of the query action in a single long video). The former
task can be used for a video recommendation system [9], and the latter task can help us to
summarize the video contents [85].

1.1 Video Representation Learning

Representation learning is essential in multiple computer vision tasks such as object recog-
nition, 3D model reconstruction, or robot navigation. Typically, we want the machine to
learn a representation that includes crucial information related to the input context. But
there is no restriction on feature format, and the de nition usually depends on the type of
problem or method. The traditional hand-crafted image feature descriptors such as SIFT



[51] de ne the features as small image patches that help identify the objects. The image
features are usually computed from some regions with interest points like corners, edges or
ridges. Similarly, researchers also proposed many hand-crafted spatio-temporal descriptors
for video representation, such as histograms of oriented 3D Spatio-temporal gradients to
build HOG3D descriptor [43] or looking for Spatial-temporal interest points (STIP [46]).

In 2013, Wang et al. [79] proposed improving dense trajectories (IDT) descriptors, which
achieved the best results among all hand-crafted video representation learning approaches.
However, hand-crafted methods have signi cant drawbacks. First, selecting which features
are valid for the target task is necessary, which means engineers have to decide or lter
features through a lengthy trial and error process. Second, we might also need to manually
tune a large group of parameters in the algorithm to get the best results. As the di culty

of the task increases, the cost of the selection and netuning can be prohibitive.

Deep learning is successful in computer vision to a large degree because intermediate en-
gineering feature design steps are down automatically with neural networks. While most
neural networks were designed for still images, there is increasing research in designing neu-
ral networks for video tasks. The most obvious way to take sequential image data is by
changing the 2D convolutional layers to 3D. Many well-established networks for video repre-
sentation learning inherit the designs of some popular image processing neural networks such
as C3D [71] (based on VGG network [63]) and I3D [10] (based on Google Inception network
[67]). The transformer is a widespread technique in the natural language processing eld,
and since we can consider the video inputs as sequences, researchers have also tried to build
video transformers. For example, Arnab et al. from the Google research introduced their
VIVIT [6] video transformer recently, and the performance is comparable to the previous
convolutional neural network approaches.

Unlike the traditional methods, the deep learning approach trains the neural networks with
many image samples to discover the latent patterns in images and automatically work out
the most de ning features. Although the trade-o s are higher computing requirements and
longer training time, modern engineers prefer the deep learning approach, which performs
far better than traditional methods. Also, the development of convolutional neural networks
has had a signi cant in uence in recent decades. This bursting trend has been enabled by
a big improvement in GPU computing power and an increased amount of data available for
training neural networks.

The main problem of all supervised video representation learning is the lack of annotated
video data. We need enough annotated data to apply supervised learning. However, labelling
video data is time-consuming and expensive. Compared to image annotation, the burden of
processing video data is much heavier because the annotators have to pay close attention to
the timeline if they want to crop out the target action from the raw videos. Furthermore,
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sometimes it isn't easy to obtain data in certain areas. For example, patient data is often
protected by law in healthcare, making it di cult to collect related data such as patient's
video recording. The large number of network parameters also cause a long training time.
Take training C3D [71] with Tesla K40 GPUs as an example; the training set UCF101 [65]
is a relatively small action recognition dataset with 9K videos but the training time for one
epoch is more than 19 hours when the input dimension is 16 frames of 256x256. By using
a network pretrained on a pretext task for multiple downstream applications, we can save
computational time.

1.2 Self-supervised Methods

Self-supervised video representation learning teaches neural networks to extract helpful video
features from the abundant un-annotated videos by performing a particular task that doesn't
need manual annotation work. Instead, the data samples are transformed or sampled in order
to automatically obtain labels for some task which is not the nal task of interest. This task

is named the pretext task because our aim is not developing a classi er for this self supervised
task. Instead, we want our network to learn an e cient latent representation of the videos
so that we can use this video representation in the network training with the downstream
tasks, where the downstream task is actually the task we are interested in. Downstream
tasks, such as action recognition, are typically more challenging than the pretext tasks,
and require user annotation e ort to construct ground truth. A good pre-trained network
should help us extract useful video features from the original videos and reduce the train-
ing time signi cantly. Thus, the evaluation of the self-supervised network is based on how
well we can ne tuned it using annotated datasets to perform one or more downstream tasks.

Fully supervised training is more straightforward but challenging to guarantee performance
and versatility if the training dataset is small. The annotation work for video-based tasks
like action recognition is much heavier than the traditional image labelling because the
workers need to watch the whole video for each sample to annotate all query actions' time
boundaries accurately. In the industry, acquiring high-quality annotated video data is very
time-consuming and costly. However, the unannotated videos are relatively easy to col-
lect through the internet. The main bene t of self-supervised learning is unbounded video
datasets at the pre-train stage. Pre-training with unannotated but related videos can help
our networks learn critical features, thus increasing the training e ciency of the downstream
tasks. Self-supervised training is also an excellent solution for industry projects when devel-
opers don't have much-annotated data at the start time. This strategy can help them make
an early delivery while still waiting for more annotated data.

We can describe self-supervised video representation learning as a two-stage training strategy



to solve complicated video-based tasks like human action recognition. The rst stage will
be self-supervised training the network through a pre-designed task that applies appropri-
ate transformation on the original video to automatically generate an e ective supervisory
signal based on the transform itself or certain constraints(i.e. the pretext task). Then, we
can freely take advantage of billions of video data from any source. In the second stage,
we will evaluate the video representation learning performance by netuning the pre-trained
network from the rst stage for a speci ¢ video-related job such as action recognition, video
retrieval (i.e. downstream task). Of course, we still need an annotated dataset during the
netuning. However, this two-stage training routine bene ts us to reuse the pre-trained
network for di erent downstream tasks. Also, compared to fully supervised training using
the annotated dataset, starting from the self-supervised pre-trained network will reduce the
converge time signi cantly.

Figure 1.2:  An image of two stage training

1.2.1 Pretext Tasks

As shown in Figurel.2, we compose the network in two parts: a encoder or backbone part,
a convolutional neural network used to transform the input video clip into a latent feature
vector; and a decoder part which uses the feature vector to do the inference task such
as classi cation or regression. At the rst stage, we want our network to learn the video
representation of unannotated data through a speci ¢ simple task hamed pretext task. The
core requirement for the pretext task is that for each video sample, one can generate target
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labels automatically. Also, the learned representation should be easily adaptable for other
tasks unknown during training for the pretext task. For example, we can ask the network to
classify whether the input video clip (a sequence of video frames) is in order or shu ed [54,
84]. Each video sample contains a multiple of frames. We can sample three frames, and if they
are extracted in continuous order, we label it as positive; otherwise, if they are shu ed, the
label is negative. Then, we can program our data sampler to shu e the video clip randomly
and generate a binary label on the y. The network can only complete order classi cation
tasks when it understands the underlying video content and learns representative Spatio-
temporal features. Therefore, after the pretraining with such a pretext task, we can use the
encoder weights of the network as the initial weights for other tasks like action recognition.

1.2.2 Downstream Tasks

Usually, the downstream tasks are applications uses to evaluate the quality of features learned
by self-supervised learning. The downstream task can be a classi cation or detection task
and can benet from the pretrained models when annotated training data are insu cient.
For video representation learning, the most common downstream task is action recognition
or video classi cation. Another usual downstream task is video retrieval: given a query
video and a set of candidate videos, select the video which corresponds to the query most.
Typically, the videos are returned as a ranked list of candidates and scored via retrieval
metrics. For the evaluation of pretext task pretraining, the retrieval metric is usually the
similarity scores among the feature vectors of query and candidate.

The primary evaluation method of our pretext task design is using the pre-trained net-
work for downstream task training. This type of evaluation is a case of transfer learning.
A good pretext task design should learn a video representation that needs a little training.
We will build a new classi er on top of the backbone, and the training of downstream tasks
includes two approaches: linear classi er and netuning. We can either freeze all param-
eters in the pre-trained backbone and only train the small linear classi er to perform the
downstream task or netune all parameters simultaneously but limit the number of train-
ing epochs. The netuning method is more common in self-supervised video representation
learning [84, 8, 81]. For example, the usual epoch number for netuning action recognition
tasks is 20-30 epochs for a large dataset like Kinnetics400, or 200-300 epochs for a smaller
HMDB51. The performance on downstream tasks can re ect the e ciency of our pretext
task design. Usually, a harder pretext task will improve downstream task performance.
However, the network may also need a lot of time to converge at the pretraining stage if the
pretext task is too hard, making self-supervised learning less useful.



1.3 Contributions

Recently, [8, 81] suggested video speediness classi cation as an e cient pretext task for video
representation learning. This idea was inspired by the fact that the human viewer can often
quickly notice if the playing speed of a video jumps up. Sped up a video reduces the playing
FPS (frame per second), thus reduces the smoothness of the object's movement. The jiggling
e ect is disturbing to the viewer because we usually know the motion dynamic of actions
or sports. The setting of speediness classi cation is simple: each data sample is a frame
sequence with a xed length and is extracted from the original video at a random start point
for everyp frame. The range of integep is de ned, and the network has to classify the value

of p. Therefore, the data sampler can generate the input data and target label at the same
time. Experiments prove results proved that speediness classi cation is a reliable pretext
task, and Wang et al. [81] claimed they got the best result when de ning within [1; 4].

However, the speediness classi cation does not use the relationship among the di erent play-
ing speeds, i.e. the motion dynamic increases as thancreases. For the frame sequences
sampled from the same action, same object but di erent speediness, only the sampling meth-
ods cause the di erences between the features, not the contexts. The network should focus
on these di erences because if some features change more than others as the playing speed-
iness changes, these features are more likely to come from the moving object, which is more
critical to representation learning. Converting the speediness classi cation to regression can
help reveal the speediness relationship, but it will also unnecessarily increase the hardness
of the pretext task [8]. It is hard to quantify the speediness of the frame sequence precisely
because the object in the video can also a ect the speediness. However, we assumed that
if the speediness is changed within the frame sequence, then the features extracted from
such sequence must relate to the speediness change. We can call such frame sequence as
speediness changing clip and the previous ones as the constant clip. If the network can learn
features from both types of sequence, it may help to develop better video representation.

Therefore, we design two di erent approaches to learn the features of speediness change clips:

(1) The rst approach is extending the previous method. On top of the pretext task de-
signed by [81], we add four new classes: two speediness jump-up classes and two speediness
drop-down classes. The speediness is increased (jump-up) or decreased (drop-down) at the
middle of the sequence in these new classes. And speediness change is further classi ed by
the extent of the change: it can be one-level change (e.g. sampling rate changes from 1
to 2, or 3 to 2) or two-level change (e.g. 2 to 4, 3to 1). Same to [81], we still have four
regular speediness classes start frop= 1 to p = 4, so there are eight classes in total. The
sampling probabilities are uniform for each category, and the pretext task is classifying the
input frame sequence into these eight classes.



(2) The second approach is a combination of speediness-change classi cation and localiza-
tion. The clip creating method is similar to the rst approach, but we randomly select the
change point of changing speediness clip instead of xing it at the middle of the sequence.
Thus, the network has two branches of classi ers to perform speediness change classi cation
and localization simultaneously. However, if we use the same settings in the rst approach,
task may be too di cult and the training may not converge. Therefore, we reduce the num-
ber of classes to three by merging the categories with the same speediness change pattern.
The network only has to classify the changing pattern as constant, jump-up or drop-down.
The speediness-change localization task asks the network to predict the speediness-change
position in the sequence. Each constant speediness sample will be mapped to a dummy
localization label.

We further apply contrastive learning [12] to regularize the classi cation for both approaches.
We evaluated each pretext task by two downstream tasks: action recognition and video re-
trieval on HMDB51 [45] and UCF101 [65] datasets. We also did the ablation study on both
approaches to assess each sub-component in pretext tasks. Our experiments show that both
approaches outperform the previous methods on modern video representation networks, and
the second multi-task approach is even better than the rst one.

1.4 Thesis Organization

In the next chapter, we will further introduce some basic concepts about modern convolu-
tional neural networks, self-supervised learning, and contrastive learning. Chapter 2 also
introduces more previous self-supervised video representation learning methods, and some
popular neural network architecture for video representation learning including the models
we used for this work.

Chapter 3 describes our rst pretext task: speediness change classi cation. Chapter 4 de-
scribes our multi-task approach, which combines the classi cation and localization task of
speediness change. The experiment details and results of both methods are in Chapters 3 and
4, respectively. Chapter 5 summarizes and concludes our work in this thesis and proposes
some possible future research directions.



Chapter 2
Related Work

2.1 Convolutional Neural Network

The convolutional neural network (CNN) is a feed-forward neural network. Its arti cial
neurons can respond to the neighbour units in the coverage area. Therefore, it has excellent
performance for image processing. The convolutional neural network includes convolutional
layers with corresponding pooling layers for learning the features. Also, we need a few fully
connected layers to perform the nal classi cation or regression task [47]. This design en-
ables convolutional neural networks to extract the two-dimensional spatial features of the
input data. Compared with other deep learning structures, convolutional neural networks
can give better performance on image-related tasks. We can use back-propagation algo-
rithms to train this type of network. Furthermore, convolutional neural networks need to
consider fewer parameters than other feed-forward neural networks, making it an attractive
deep learning structure.

Figure 2.1:  LeNet-5 architecture as published in the original paper [47].

In 1989, Yann LeCun et al. published a convolutional neural network structure named
LeNet [47]. From the current point of view, LeNet is a small network. However, LeNet is
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a milestone in the CNN network structure, de ning the modern CNN network structure for
the rst time and demonstrating its application in image classi cation. The paper de nes
the basic framework of Convolutional Neural Network: Convolutional Layer + Pooling Layer

+ Fully Connected Layer. Compared with the fully connected layer, the convolutional layer
has two advantages: local connection and weight sharing. When the human eye observes the
outside world, it rst observes the local information of the object and then obtains the global
knowledge through the local feature, that is, recognizes what the object is. So if we design a
neural network according to this principle, every neuron does not need to perceive the global
image. Instead, each neuron only perceives the local image area. Then, the network can
obtain comprehensive information at a higher level by synthesizing these neurons that sense
di erent parts. First, the convolutional layer uses convolution to achieve local connections.
Then each neuron in the output data convolves the image with the same convolution kernel
(shared weight) and adds the same bias. In the classic fully connected layer, a neuron needs
to correspond to a weight and a bias. But in convolutional layers, each neuron corresponds to
the same convolution kernel and the same bias, signi cantly reducing the parameter amount.

The operation performed in the convolutional layer is called convolution. Each convolu-
tion operation multiplies each element on the convolution kernel with the corresponding
input data (pixels), adds all the results, and then moves the convolution kernel by one stride
until the convolution kernel traverses the input data. Sometimes, we want to pad the input
matrix with xed data (such as zero) before the convolution operation. Padding helps the
network to keep information at the borders and preserve the height and width of the feature
map. It allows us to design deeper networks. Without padding, reduction in volume size
would reduce too quickly. We can call the input and output data of the convolutional layer
a feature map. In the convolutional layer, each convolution kernel extracts a feature, so the
number of convolution kernels is equal to the number of output feature maps. To calculate
the height and width of output feature map C; H; W), assume we have input sizec(h;w),

C kernels with size ¢€; kh; kw), padding p, stride s:

(h;w)+2p  (kh; kw) ‘1

(H;wW) = S

(2.1)

The pooling layer usually follows a convolutional layer to reduce the data size. The pooling
layer also has a pooling window to move the feature map. Pooling operation calculates the
maximum or average value in the pooling window in each move, so the pooling layer typi-
cally has no parameters to learn. The pooling layer sub-samples the image to retain helpful
information and to be robust to small position changes. When the input data has a slight
deviation, the pooling will still return the same result.
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In 2012, Krizhevsky and Hinton launched AlexNet. They won the ILSVRC (ImageNet
Large-Scale Visual Recognition Challenge) that year with an absolute advantage of 10.9 per-
centage points above second place, which aroused many scholars' research on deep learning.
At that time, the computing power of AlexNet is not as strong as it is now. The GTX
580 used by AlexNet has only 3GB of video memory, but it has completed a signi cant
breakthrough on ImageNet [15]. AlexNet uses a dual GPU framework. Many of the current
deep learning frameworks have this ability. Still, at the time, it was only possible to design
a larger and deeper network by manually implementing the underlying code. AlexNet uses
ReLU instead of Tanh as the activation function to solve the problem of gradient disap-
pearance and speed up the network convergence. The stride in AlexNet's pooling operation
is smaller than the pooling kernel size, so adjacent pooling areas have overlapping parts.
This operation is called overlapping pooling. According to the author, this operation can
reduce the index top-1/top-5 error rate by ®%=0:3% and reduce over- tting. In terms of
data enhancement, the authors randomly crop the training image from 258 256 to 224

O 224. They cut image patches from the four corners and the center of the image during
the test and performed mirror ipping. They collect ten patches and average the results of
these patches to calculate the nal prediction result. Due to the continuous development of
GPU power, AlexNet appears too "small" for many tasks. However, the above improvements
made by the author are worthy of reference. For example, when training a model and the
structural design of the model itself, we can use additional training techniques such as data
reinforcement and dropout to improve the e ciency of the training model.

In 2014, Google proposed the Inception network and built GoogLeNet [68] based on it.
Inception "deepened” the network by building Conv Layer Groups (or blocks), which com-
bine multiple convolutional layers plus activation function. The author pointed out that
the most direct way to improve the expressive ability of the model is to increase the "size"
of the model, which in turn will lead to two problems: the larger the model, the larger is
the number of network parameters, and the easier it is to overt and to require a larger
dataset, but the construction cost of a large dataset is very high; the larger the model, the
greater the demand for computing resources, which is unacceptable in practical tasks. The
author believes that the primary method to solve these two problems is changing the fully
connected and convolutional layers to a sparse network structure. The Inception module
contains parallel convolutional layers with kernel sizes ofd1, 303, 505 and pooling layers.
Then they concatenate the feature maps obtained by the subsequent input. The author
hopes that the deep Inception Module in the model can capture higher abstraction. The
density of the convolutional layer in the Inception is gradually reduced to capture features
of a larger area. Therefore, the deeper the Inception, the more the output channels of the
convolutional layers. But this will increase the amount of calculation signi cantly. So the au-
thors suggests deploying the convolutional layers with a kernel size @1. These layers can
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increase non-linearity to improve the network's expressive ability and simultaneously reduce
dimensionality, decreasing the calculation cost. Since the Inception Module maintains the
same input and output size, GoogLeNet can be modularized according to task requirements.

Figure 2.2: Residual learning: a building block [32]

In 2015, Kaiming He proposed ResNet [32] to solve the degradation problem in neural net-
works (i.e. the problem that with more layers, CNNS have a larger training/test errors).
Furthermore, the proposed residual block signi cantly improves the learning ability of neural
networks. The author presents residual learning to solve the degradation problem. For a
stacked-layer structure (Conv Layer Group), we de ne the input ax, the learned feature
as H(x), and now we hope it can learn the residuaF (x) = H(x) x so that the original
learning feature become$ (x) + x. The reason for this is that residual learning is easier
than learning original features directly. When the residual is 0, the layer group only performs
identity mapping at this time; at least the network performance will not decrease. In fact,
the residual will not be 0, making the layer group learn new features based on the input
features to have better performance.

Figure 2.3: A deeper residual function F for ImageNet. Left: a building block (on 56 (56 feature maps) for ResNet34. Right:
a \bottleneck" building block for ResNet-50/101/152. [32]
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Since the residual block does not require additional parameters and calculations, Kaiming
conducted multiple sets of controlled experiments to prove the e ectiveness of the network
structure. However, suppose the depth of the model is to continue to increase. In that case,
it needs to be improved: the original residual block (shown on the right side of the gure
2.3) is enhanced to bottleneck block to reduce the parameters and calculations of the model.
ResNet is modi ed based on the VGG network [63] and added residual learning. For 18-layer
and 34-layer ResNet, it performs residual learning between two layers. When the network is
deeper, it performs residual learning between three layers.

Figure 2.4: A table of architectures for ImageNet. Building blocks are shown in brackets, with the numbers of blocks stacked.
Downsampling is performed by conv3 _1, conv4_1, and conv5_1 with a stride of 2 [32]

Around 2017, researchers became interested in lightweight neural networks, i.e. networks
with less parameters. Standard methods include designing lightweight network models or
compressing trained complex networks (such as pruning, etc.). At this time, Google proposed
a lightweight model: MobileNet [35], which became the baseline model that people often use
for comparison. In MobileNet, the authors use depthwise separable Convolution to design a
lightweight network. Furthermore, users can change the network width (channels) and input
resolution according to their needs by setting the two hyperparameters: width multiplier
and Resolution Multiplier. Thus, the users can trade o the model between latency and
accuracy according to the actual scene.

As shown in Fig 2.5, depthwise separable Convolution splits standard convolution into two
parts: depthwise convolution and pointwise convolution. The shape of each lter in the
original standard convolution is Dy;Dg; M), where M is the channel number of the input
feature map. Each Iter performs convolution on the input feature map, and the output
shape is Dout; Dut; 1). If there areN lters, the output Shape is (Dout; D ut;N). On the
other hand, in the depthwise convolution stage, the shape of each depthwise convolution |-
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Figure 2.5: The standard convolutional Iters in (a) are replaced by two layers: depthwise convolution in (b) and pointwise
convolution in (c) to build a depthwise separable lter. [35]
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ter is (Dg; Dy; 1), and there areM lIters in total. Therefore, the shape of the output result

is (Dout;Dout;M ). Next, in the pointwise convolution stage, each pointwise convolution
lter has the shape (3 1;M) and N lters in total. Thus, the shape of the output result

is (Dout; Dout; N ). Accordingly, we can calculate that the required parameter of standard
convolutionisDy D¢ M N and the required parameter of depthwise separable convo-
lutionisDy Dy M+M N=M (Dy Dg+ N. Compared with standard convolution,
the reduced number of parametersisl 1 Dy, Dy N.

2.2 Self-supervised Learning for Images

Self-supervised learning allows us to derive various labels from data without additional cost.
This motivation is very straightforward. The cost of generating a data set with "clean”
(no noise) labels is high, but unlabeled data is produced all the time. In order to use a
large amount of unlabeled data, one solution is to set a reasonable learning goal to obtain
the supervision signal from the target data itself. Self-supervised tasks (also called pretext
tasks) allow us to deploy the supervision loss function. Most of the time, are not interested
in the nal performance of the pretext task. We are only interested in the learnt latent
representations. We hope that these representations can cover good semantic or structural
meanings and benet various downstream practical tasks. For example, we can randomly
rotate images and train a model to predict how each input image is rotated. This rotation
prediction task is arti cially constructed, so the actual accuracy is not essential, just like we
treat auxiliary tasks. However, we expect the model to learn high-quality latent variables for
real-world tasks using a small amount of labelled data. Actually, all generative models can
be regarded as self-supervised. However, their goal is di erent: generative models focus on
creating a variety of realistic pictures, while self-supervised representation learning focuses
on generating good features that are generally helpful for multiple tasks. Researchers have
put forward many ideas for self-supervised representation learning of images. The common
work ow is to train a model on one or more pretext tasks that use unlabeled images and then
use an intermediate feature layer of the model to provide input for the multi-class logistic
regression classi er of the ImageNet classi cation task or other downstream tasks. Some
researchers have recently proposed using labelled data to train supervised learning while
using unlabeled data to train self-supervised pretext tasks with shared weights [88, 66].

The rst type of pretext tasks is image transformation recognition. We expect that sub-
tle distortions on the image will not change its original semantics or geometric form. We
can think that the slightly deformed image is the same as the original image, so it is ex-
pected that the learned features are invariant to the deformation operation. Dosovitskiy
et al. published in 2015 "Exemplar-CNN" [19] using unlabeled image patches to create an
alternative dataset. They sampled images at di erent locations and di erent scales to obtain
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N 32*32 patches. They only select patches from areas with large gradients because these
areas contain edges and are more likely to contain objects or parts of objects. After obtain-
ing the base patches, they deform each patch by applying various random transformations
(translation, rotation, scaling, etc.). The deformed patches obtained from the same initial
patch are regarded as belonging to the same class. Their pretext task is to teach the network
to distinguish between the di erent classes. We can create as many classes as we need and
do not require manual annotation.

Figure 2.6: left: Exemplary patches sampled from the unlabeled dataset. Right: In the upper left corner is the original patch
of a deer. After applying the random transformation, various deformed patches are produced. In the pretext task, all these
tiles should be classi ed into the same category. [19]

Rotating the entire image is another low-cost method to modify the input image while
keeping the semantic content unchanged. Each input image is rst randomly rotated by
multiples of 90 degrees, corresponding to’[®C°, 18C, 27C]. Then, Gidaris et al. [22] train

the CNN model to predict the rotation class, which is a 4-classi cation problem. In order

to recognize the same image rotated by di erent angles, the model must learn to recognize
high-level target parts (such as the head, nose, and eyes) and recognize the relative positions
of these parts instead of only recognizing local patterns. The pretext task enables the model
to learn the semantic concepts of objects in this way.

The second type of self-supervised learning task extracts multiple patches from an image
and requires learning the position relationship between these patches. A paper published
by Doersch et al. in 2015 [17] formalized the pretext task as predicting the relative position
between two random patches in the same image. In order to recognize the relative positions
of di erent parts, the model needs to understand the spatial environment of the target. The
patch sampling method used for training is as follows. The rst patch is randomly sampled
without referring to any image content. Then it is considered that the rst patch is in the
center of a 3*3 grid, and the second patch is sampled from 8 locations adjacent to the rst
patch. In order to avoid that the model only captures low-level unimportant signals (for
example, connecting a straight line that crosses a boundary or pairing local patterns), they
apply additional noise through data augmentation: (1) increase the gap between patches (2)
small position jitter (3) randomly down-sample some patches, and then up-sample them to
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Figure 2.7:  Self-supervised learning by rotating the entire image. The model learns to predict how many degrees the picture
is rotated. [22]

achieve robustness to pixelation (4) randomly discard two of the three colour channels or
convert green and red colour on patches to grey to remove the chromatic aberration, which
may cause trivial solution.

Figure 2.9: The algorithm receives two

patches in one of these eight possible spa-
Figure 2.8:  Self-supervised learning by predicting the relative tial arrangements, without any context, and
position of two random patches must then classify which con guration was

sampled. [17]

Generative modelling as a pretext task is to reconstruct the original input while learning
meaningful latent representations. Generative Adversarial Networks (GAN) can learn the
mapping from simple latent variables to complex data distributions. Many studies have
shown that the latent space of this generative model can capture semantic changes in data.
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For example, when we use face data to train GAN, some latent variables are related to
features such as facial expressions, glasses, and gender [89]. The denoising autoencoder will
learn to restore the original image based on the partially damaged, or random noise image
[78]. The inspiration for this design stems from the fact that even if there is noise, humans
can easily identify objects in the picture, which shows that the algorithm can extract key
visual features and separate them from the noise. Thus, we can train the context encoder
to Il in a certain piece of the image [59]. LetM be a binary mask, where value 0 means
discarding the pixel, and a value of 1 means keeping the input pixel. The shape of the dele-
tion area de ned by the mask is arbitrary. We can use a combination of L2 reconstruction
loss and adversarial loss to train the model:

L(X) = Ladv(x)+ I—recon(x) (2.2)
Lrecon(X) = k(1 M) (x EM x))K3 (2.3)
Laav(x) = max Ex[logD(x) + log(1 D(E(M  x)))] (2.4)

where means elementwise productD (:) is the decoder andE(:) is the encoder as Fig.
2.10

Figure 2.10:  Context Encoder. The context image is passed through the encoder to obtain features which are connected to
the decoder using channel-wise fully-connected layer. The decoder then produces the missing regions in the image. [59]

2.3 Self-supervised Contrastive Learning

Contrastive self-supervised learning technology is a promising method, which builds repre-
sentations by learning to encode things that make two things similar or di erent. Generative
self-supervised learning requires the model to reconstruct the image or part of the image.
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