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The ever-increasing pace of neural network (NN) based solutions for computer vi-
sion tasks is making them one of the main consumers of digital images nowadays.
This raises the question of whether the traditional human-oriented image codecs,
or the adapted version of these codecs for the machine-targeted use cases are effi-
cient enough for the massive amount of image data generated every day for both
humans and machines. This thesis explores the abilities of the image codecs that
are designed specifically only for machine-consumption. To the best of the student’s
knowledge, this is the first end-to-end learned machine-oriented image codec pro-
posal. It presents an end-to-end framework for designing NN-based image codecs for
machines, as well as a set of training strategies that address the delicate problem of
balancing competing losses in multi-task training, namely image distortion loss, rate
loss, and computer vision task losses. The experimental results show the superior
coding efficiency of the proposed codecs in comparison with the current state-of-the-
art standard VVC/H.266 on object detection and instance segmentation, achieving
-37.87% and -32.90% BD-rate gain, respectively while being extremely fast thanks
to its compact size. These results also serve as a proof-of-concept for a new approach

to Image coding for machines.
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learning, image codec.
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1 Introduction

For the last decades, digitalized signals have been replacing the role of analog sig-
nals as the main form for media archiving. Video coding describes the techniques of
storing digitalized video signal (encoding), and reconstructing the input data from
the encoded data (decoding). The primitive objective of video coding is to reduce
the footprint of the encoded data while preserving the fidelity of the decoded data,
therefore video coding is also referred to as video compression. There are mainly
two groups of coding techniques: lossless compression and lossy compression. Loss-
less compression techniques seek to faithfully restore the coded data with perfect
fidelity to the original input, while the lossy techniques explore the optimal trade-
offs between footprint size and the volume of distortions in the reconstructed data
with respect to its input. This thesis will only discuss the latter approach, and such
devices or programs that encode or decode data streams are hereafter referred to as
“codecs”.

Image coding is a special case of video coding where the video sequence con-
tains only one frame, hence the development of video coding also implies the evolu-

tion of image coding.
1.1 Traditional coding standards - image coding for humans

There are many video coding standards developed throughout the years, such as
AVC/H.264 [1], HEVC/H.265 [2|, VVC/H.266 [3] and VP8 [4]. These standards
can be used for image coding with the “All-Intra” configuration, where each frame
in the video sequences is coded independently. In other words, in this configuration,
each frame is treated as an individual image. Within the scope of this thesis, video
codecs in the “All-Intra” configuration are considered as image codecs and they are
referred to only in this configuration. There are also other image coding standards
that are designed specifically for image coding, such as JPEG [5], JPEG-2000 [6, 7],
WebP [8] and BPG [9].

All of the above-mentioned standards exploit the human vision redundancies to
achieve lower bitrate. Figure 1.1 illustrates the pipeline of image coding for human
consumption and the trade-off optimization problem that comes with it. In this
pipeline, the image visual quality is measured by human evaluation, which is why

the traditional standards are always optimized for the human visual system.
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Figure 1.1 The traditional approach of image coding — Image coding for humans. In this
scheme, the uncompressed image data is compressed and decompressed respectively by the
encoder and decoder from the traditional codecs, such as HEVC or VVC. The decompressed
data is evaluated in terms of visual quality by human consumers. The coding efficiency is
measured considering the bitstream size or bitrate and the visual quality.

1.2 Image coding for machines

According to Cisco Annual Internet Report (2018-2023) [10], machine-to-machine
connections will be the fastest-growing category, taking up 50% of the total devices
and connections by 2023. The rising use of neural network (NN)-based approaches
for computer vision tasks (Figure 1.2) has made machine learning applications,
besides humans, occupy a large proportion of image data consumption, oftentimes
being the only ones, e.g. self-steering system for autonomous cars in [11]. In this
thesis the computer vision tasks are simply referred to as machines. These ma-
chines are usually trained and applied on human-targeted compressed images. The

problems with this approach are two-fold:

e Machine vision does not share all the characteristics of human vision. The
human-targeted images are compressed by the traditional coding standards
that exploit the human visual redundancies, hence may contain distortions
that are less perceivable by humans but can severely damage the performance

of the machines.

e A significant amount of the information contained in these images is likely to be
unnecessary for a NN to perform a task. For example, a pedestrian detection
network does not need too many details of the sky or of the buildings on the

sides of the road.

These problems directly lead to sub-optimal compression performance. Thus, it is

likely that higher coding efficiency can be achieved with a codec that is designed
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Figure 1.2 Image coding for machines — ICM. Instead of optimizing for human visual
quality, the ICM codecs aim for vision task accuracy. The coding efficiency therefore is
measured by bitrate—task performance trade-off optimization.

to serve machines as its first-class consumer. Additionally, machine learning appli-
cations usually require a massive amount of data for their model training. There-
fore a new domain of solutions for image coding specifically designed for machine-
consumption is desirable. This new category of image coding techniques is expected
to enhance data compression efficiency while preserving machines’ performance, con-
sequently named “Image coding for machines” (ICM).

The ultimate goal of ICM is to have superior coding efficiency when the con-
sumers are machines, without the knowledge of its down-stream tasks, therefore can
effectively replace the role of traditional image coding standards in these use cases.
This is an emerging topic and it has been actively studied in recent years, alongside
Video coding for machines (VCM). An overview of the challenges and prior work to
this problem will be presented in chapter 2. At this early stage, while being com-
pletely task-agnostic is still the long-term target, the current studies, including this
thesis, also explore the potential of different coding paradigms that are conditioned
to some extent to the information of the consumer machines.

In the scope of this thesis, a new end-to-end approach to ICM is proposed, its
effectivity is explored as a proof-of-concept on two task networks: object detection
and instance segmentation, and its potential is discussed in the later chapters. This
thesis views the two main goals of image coding for machines, low bitrate and high
task performance, as the objectives of an optimization problem. It then proposes
a compression framework that is able to achieve a more optimal bitrate — task
performance trade-off for machines than that of the latest traditional image/video
coding method VVC/H.266.

The contributions of this thesis are the followings:



e Proposing a training, evaluation, and inference pipeline that can be trained in

an end-to-end fashion using common deep learning algorithms.

e Introducing a novel loss weighting strategy for multi-task training applied to

the above pipeline.

e Providing the benchmark results of two learned codecs targeting two differ-
ent vision tasks: object detection and object segmentation. The results are
compared against the performance of the state-of-the-art traditional codec
VVC/H.266 on different targeted bitrates.

The rest of this thesis is structured as follows: chapter 2 presents the theoretical
background and prior arts in machine-targeting image/video coding. chapter 3 and
chapter 4 propose and evaluate an end-to-end pipeline for training image coding
for machines codecs. Chapter 5 presents the evaluation results, in comparison to
traditional standard VVC/H.266. Further discussion and conclusions are presented

in chapter 6.



2 Background

This thesis is proposing a neural network autoencoder based method of image cod-
ing in the use cases of Image coding for machines. Additionally, by posing the
problem as a multi-task learning problem, the work in this thesis also develops the
training strategy based on the prior work in the subject. In the first section of
this chapter, the theoretical background of neural networks and image coding is
reviewed. Next, the ongoing standardization activities and conducted studies on
different paradigms of ICM that are compatible with the traditional image coding
standards are presented. Then, the neural network-based studies of image compres-
sion and the general concept of autoencoders is discussed. The following section
presents the recent techniques of training multi-task neural networks and the last
section gives a brief overview of the vision task network architectures that are used

in this thesis.

2.1 Preliminary background

2.1.1 Neural networks

In this section, the fundamentals background of the convolutional neural network
(CNN) and data compression are reviewed. “Artificial Neural networks” or simply
“Neural networks” in this thesis are statistical data models inspired by biological
neural networks. In the last 2 decades, because of the long stride ahead in terms
of computing infrastructure that is made available mainly via parallel computing
frameworks on Graphical Processing Unit (GPU) hardware, NN-based solutions
have become more affordable and practical. Neural networks since then have been
receiving a lot of attention.

The building block of neural networks is perceptron (Figure 2.1) that receives
the signals from other perceptrons in the neural network, processes the input data
with its learned weights and bias, and sends the result through a non-linear function,
such as sigmoid or ReLLU [12], to other perceptrons.

Let z1, 2o, ...,x, € ® denote the input signals, the output of the perceptron is
defined as:

y= O wiri+b),w; €0 (2.1)
=1

where 6 denotes the weights, b denotes the bias of the perceptron, and f(-) is a non-
linear function. The weights and biases in literature sometimes are referred to as

“parameters” of the neural networks. To simplify the notation, biases are considered
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Figure 2.1 A perceptron in neural networks. The output y is an input to the perceptrons
i the next layer.

as special weights. During the training process of a neural network, its parameters
are updated so that the expected distances between the outputs and the targets, i.e.,
the loss, are minimized. The most common algorithms for updating the parameters
are gradient-based methods, in which the weights are updated by a function of the

gradients of the loss with respect to the weights:
0=0—a-VeJ0), (2.2)

where a and V,J(0) denotes the learning rate and the gradients with respect to
0, respectively. For more information regarding the neural networks, readers are
referred to [13].

Convolutional neural networks

A multi-layer perceptron neural network theoretically can learn to capture any pat-
terns, given it has enough perceptrons. Unfortunately, in such cases, the algorithm
complexity grows exponentially. In computer vision, the input data is usually in
the form of images or videos that have a large number of individual values for every
sub-pixel that would make a multi-layer perceptron infeasible. The convolutional
neural network (CNN) is invented to alleviate this problem, inspired by the human
visual system. One of the first CNN is introduced in [14], whose authors perform a
handwriting recognition task using a neural network with convolutional layers [15]
and spatial sub-sampling layers, representing the basic form of CNNs. The convo-

lutional layers convolve a fixed size kernel on their inputs. The outputs of every



layer in a CNN are called “feature maps”, which are treated as inputs by the fol-
lowing layers. The spatial sub-sampling layers in between the convolution layers are
to widen the receptive field of the neural network so that it could capture spatial
features in different sizes.

A CNN, by mimicking the “receptive field” of human vision, can effectively cap-
ture the visual patterns on the input image with much fewer parameters because
the parameters of fully-connected layers are now replaced by the shared parameters
of the kernels. Fewer parameters means faster and smaller model hence less de-
pendent on the hardware devices. Additionally, the linear convolution operator can
be implemented as matrix multiplications and run in parallel by GPUs. Besides,
CNNs inherit a few merits from the human vision that make them suitable for vi-
sion tasks: the trained parameters in CNN tend to be robust to visual features of

different scales, positions, or rotations.
2.1.2 Entropy coding

The common paradigm of image /video coding in many coding standards, e.g. JPEG,
JPEG-2000 or VVC/H.266 [2, 3, 5, 6] is transform coding [16], where the input data
is transformed into a more compressible representation, such as DCT transforms in
JPEG, VVC or Discrete Wavelet Transform in JPEG-2000. The compressibility is
measured by the number of bits needed to encode the data into a bitstream. This
number is lower-bounded by Shannon entropy [17], thus this bitstream coding step
in image/video coding is also known as “Entropy coding”. There are two widely
adopted entropy coding families of algorithms that can almost guarantee the lower-
bound is achieved, given a long enough string of input symbols: arithmetic coding
and asymmetric numeral systems (ANS).

In arithmetic coding, a string of symbols will be encoded into one float number.
The probability of the next symbol determines which sub-range of value that symbol
will be encoded into. For example, given a dictionary of 4 symbols A, B, C, D with
the probabilities in Table 2.1. The string of symbols “ACD” would be encoded as

shown in Figure 2.2.

Symbol | Probability
A 0.6
B 0.2
C 0.1
D 0.1

Table 2.1 Probability distribution

The arithmetic encoder and decoder need to look upon the Table 2.1 to ac-

complish their tasks, therefore this table is also referred to as “prior distribution”.
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Figure 2.2 Encoding of symbol string “ACD” . Source: [18] (Public domain).

In the case of “adaptive” arithmetic coding, this table would change at every step
according to the “context”. As for asymmetric numeral systems, instead of looking
into sub-ranges of the current range, this algorithm to scales up the range by a factor
based on the prior distribution. ANS may not be as optimal in terms of compres-
sion efficiency as arithmetic coding, but in return almost as fast as Huffman coding.
This graceful trade-off makes ANS a useful family of entropy coding algorithms in
practice.

The entropy model (sometimes referred to as prior probability model) tries to
predict this table for the entropy coder. The more accurate it is, the lower entropy
it gets, lower-bounded by the entropy of the unknown actual distribution of the

symbols.

2.2 Traditional standards-based approaches to image coding

targeting machine consumption

2.2.1 Standardization activities

The conventional way of using traditional codecs for task networks exposes its weak-
ness in the explosion of IoT (Internet of Things) devices when the amount of visual
signal data that is the material of machine-to-machine communications exponen-
tially growing. Here arise the concerns whether the traditional codecs for visual
signal compression are efficient enough for this new era. In order to address this,
Moving Picture Experts Group (MPEG) has issued the standardizations of Com-
pact Descriptors for Visual Search (CDVS) [19], Compact Descriptors for Visual
Analysis (CDVA)[20] and lately, Video Coding for Machines (VCM) Ad-hoc group
[21]. CDVS and CDVA explore the “Analyze then Compress” paradigm, as opposed
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to “Compress then Analyze”, where the input data is compressed and transmit-
ted to the machines for visual features extraction and analysis. In “Analyze then
Compress”, instead of transmitting the visual signal data, its visual features are ex-
tracted and transmitted instead. Here are a few key points of these standardization

activities:

CDVS aims to improve the visual searching speed and accuracy in mobile devices.
It specifies a normative feature extraction process with hand-crafted descriptors.
This approach also helps distribute the work of feature descriptors extraction. How-
ever, it has difficulties handling more complicated analysis, where the hand-crafted

descriptors of the images are not sufficient for good task performance.

CDVA further improves the task performance by adopting the feature descriptors
based on deep neural networks into a normative feature extractor. This approach is
being explored, initial studies have shown promising results [22]. In [23], the authors
use the CDVA descriptors as the input for autonomous agents of different types to
make decisions or detection actions. The current limitation of this approach is,
however, it needs a generic deep neural network that can extract features for broad
use. Given the fast-changing development of the deep learning community, finding

such NNs is challenging.

VCM Ad-hoc group explores the techniques of compressing video primarily
for machine-consumption, and optionally also for human analysis. For example,
a surveillance camera sends its signals directly to the task network for anomaly
detection with no human interaction, but when a human agent wants to investigate
the footage, there might be a way to reconstruct the human-consumable signal with
an additional bitstream of data. The requirement documents for this study group
are still in an early stage, but it is expected to bridge the gap between traditional
video coding and other machine-targeting video coding techniques. At the time
of this thesis, the VCM group was focusing on a few major computer vision tasks,
namely: object detection, object tracking, instance segmentation, action recognition
and event detection. A more complete list of the key tasks can be found in [24].
The work of this thesis falls within the scope of VCM activities.

2.2.2 Feature maps compression

In a computer vision system, the task networks are located on the receiver-side,
thus the devices on this side are required to have enough computational power for
the task. When dealing with a centralized system, for instance, a smart city IoT

system in which the cloud center receives data from the edge devices and returns
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the vision task results such as object detection back to them. The bandwidth and
computational requirement for this central unit could be prohibitively expensive
when the number of edge devices grows. By following the “Analyze then Compress”
strategy, authors of [25] and [26] alleviate this problem by splitting the task net-
work and putting the parts into both sides, off-loading the computational demand
on the cloud center. The sender-side devices extract and pack the intermediate
feature maps at the splitting point, compress them using a standard video codec
(HEVC/H.265) and send the bitstream to the other side. The compressed features
are unpacked on the receiver-side and then are fed into the other part of the task
network for task results. The intermediate feature maps of a vision task network
usually have smaller spatial sizes and more channels than those of the natural input
image, e.g. 512 channels. Therefore to compress these feature maps using a standard
video codec that is designed for 3-channel images, the feature maps tensor would be
transformed into a compatible format. Authors of [25, 26] experiment with tiling
the feature maps for a big grayscale image or stacking them along the temporal
axis with a determined order of correlation level. The transformed tensor would
be treated as a normal video by the video codec, with their pseudo-spatiotemporal
redundancy analyzed and exploited for compression. So far none of the work in this
direction has reported coding efficiency in comparison with the conventional scheme.
Additionally, the application of feature compression-based methods to improve the

coding efficiency encounters the following challenges:

e The traditional codecs are designed for natural image formats (e.g., 3-channel
color image), while the feature maps tend to have arbitrary dimensional sizes
or even be in arbitrary dimensionality. In order to deal with this issue, one
can reshape the feature maps to satisfy the input format requirement, such
as proposed in [25, 26]. However, this is clearly an unexpected behavior to
the traditional image codecs, and the algorithms determining the order of the

feature maps in the new pseudo-image are still open for study.

e Moreover, in many cases, the intermediate feature maps of a neural network
contain much more latent elements than the number of sub-pixels in the input
image. On top of that, these latent elements have different value distributions
than that of natural images, for which the traditional codecs are optimized.
Therefore the coding efficiency of a traditional codec in this case is likely to

be sub-optimal.

e Finding a clean “splitting point” can be challenging as the model architectures
in deep learning have been adopting more complicated structures, for example,
the residual connections [27] or feature pyramid architecture [28] may limit the

options for such points.
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2.2.3 Other standard-compliant approaches

To directly optimize the video codecs for task performance, some authors endeavor
to modify the video codecs that are designed for humans, while preserving the coded
bitstream format, thus keeping it still compatible with the unmodified modules.

In [29], the authors first compare the task performance on HEVC/H.265 coded
data with on VVC/H.266 coded data. The bitrate saving gain with respect to task
performance when using the new VVC codec is not as much as the saving gain
concerning the human vision metric. Furthermore, they found that almost all of
the in-loop filters have a negative impact on the bitrate saving and computational
complexity for the machine-targeting pipeline. By disabling these filters, a signifi-
cant bitrate saving gain can be achieved. Again this work shows that the traditional
codecs are not optimal for computer vision tasks.

The work in [30] proposes to reformulate the conventional rate-distortion op-
timization (RDO) in VVC/H.266 by replacing pixel-based distortion metrics with
feature-based distortion metrics, consequently guides the standard encoder to re-
duce the distortion of the features for the task network, thus improves the coding
efficiency. The authors of [31] on the other hand fine-tune the weights of JPEG XS
[32] “High” profile for task performance.

Although the above methods manage to improve coding efficiency or reduce the
computational complexity, they don’t aim to completely replace the conventional
pipeline for human-oriented coding but instead, they only add incremental capabil-

ities to the system.

2.3 Neural network based image codecs

Although Image coding for machines is still a new research field, the use of neural
network-based modules to aid or completely replace the traditional image codec has
already been actively studied recently.

In [33], a CNN post-filter is used to further enhance the image quality, while [34—
37] seek to effectively model the distribution of the input images that is provided to
the entropy coder for lossless compression. Additionally, auto-encoders have been
widely used as the neural network-based image codecs in recent work for end-to-end
training. More details regarding the distribution modeling and auto-encoder codecs

will be discussed in the next subsections.
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2.3.1 Prior probability distribution modeling

Autoregressive context models - Pixel RNN/CNN and Pixel CNN—++

The bold idea of this scheme is first proposed in [34] with Pixel Recurrent Neural
Network (Pixel RNN) and Pixel Convolutional Neural Network (Pixel CNN). The
main goal of Pixel RNN/CNN is to model the prior distribution of the input image
x with an autoregressive model illustrated in Figure 2.3. In an autoregressive
model, a value z,, is conditioned on the previous values xz,_1, %, 2, ..., x,_;. In the
proposed scheme, the dependencies are in the sub-pixel level, i.e. x, denotes the
channel-wise value. With a powerful RNN, in Pixel RNN, 7 is unbounded and the
dependencies can go all the way to the start, i.e. xy. However, this creates a burden
of computational complexity, therefore the authors also adapt their idea to a CNN
architecture (Pixel CNN), in which the dependencies are bounded naturally by the

receptive fields of the masked convolutional kernels.

z,5 Context

Context

Figure 2.3 The autoregressive model in [34]. Left: Pixel x; is conditioned on all
previously generated pizels (context). Right: The connectivity of the masked convolutions.
In the first layer, each channel connects to the context and the previous channels. In the
subsequent layers, the channels are also connected to themselves.

While Pixel RNN/CNN demonstrates superior compression efficiency, its encod-
ing speed and computational power requirements are impractical for broad usage.
To this end, [35] further improves the coding speed by using a discretized logistic
mixture likelihood to model the element values, hence reduce the number of param-
eters, together with relaxing the sub-pixel level to whole-pixel level dependencies,
and other modifications. Even though the speed improvement is significant, it still

cannot take advantage of parallel computational power in GPUs for feasible runtime
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because of the autoregressive “context” nature of this scheme in general.

Lossless image compression through super-resolution - SRec

The authors of [37] proposed a hierarchical learning scheme that involves distribution
estimation at multiple scales. The overview of this model is shown in Figure 2.4.
The goal of this model is to learn the distribution P(z!|z!*1), where 2! denotes the
downsampled version of z!, this step can be done multiple times at multiple scales.
As a result, only the downsampled image are encoded, together with the super-
resolution distributions for every scale with the expectation that the total size of
the coded bitstreams is smaller than that of the full-size image. The downsampling
is done by Average Pooling with a stride of 2, meaning the average of 4 pixels in
produce 1 pixel in the downsampled image 2'*1. This deterministic behavior makes
the fourth pixel in the group can be obtained for free given the other three during

the upsampling process, consequently further increases the bitrate saving gain.

SR SR \ SR
bitstream bitstream j bitstream
lossless SR o lossless SR [/ al i lossless SR

Figure 2.4 Image compression with super-resolution pipeline in [37]. Instead of com-
pressing the full-size image, this scheme compresses the smallest-scale image and the loss-
less super-resolution bitstreams (SR bitstreams) of the subsequent scales.

Lossless image compression using multi-scale feature maps — L3C

In L3C [36], the probability distribution model is a factorization of the component
distributions learned at different scales of the feature pyramid. The feature elements
are modeled by discretized logistic mixtures that are conditioned on the prior from
the previous scales as shown in Figure 2.5. By using non-autoregressive models
at almost every step, encoding and decoding using this architecture are orders of
magnitude faster than Pixel CNN. This makes L3C a practical model, although its

compression efficiency is not as good as Pixel CNN.
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Figure 2.5 (Courtesy of the authors of [36], permissions to use this figure and its
caption are given for this thesis): Overview of the L3C model architecture. At every scale
s € [1, 5], the output of the feature extractor Fs is quantized as zs. The joint distribution
p(x, 21, ..., z5) is modeled using the non-autoregressive predictors Ps.

Hyper-prior models

In [38-40], the authors propose end-to-end pipelines for image transform coding [16],
where the image’s latent representation and its distribution are entropy encoded
instead using hierarchical learned hyperprior. This is a line of work that is utilized
in the proposed method of this thesis, in which the main targeted end-users are the
task networks, and the main coder is substituted by a more capable one. The details

of these models are discussed later in section 3.2 of chapter 3.

2.3.2 Auto-encoder in image coding

An auto-encoder in the scope of this thesis is a neural network architecture that
consists of an encoder and a decoder. Figure 2.6 illustrates an overview of autoen-
coders. Auto-encoders have been widely adopted to learn the semantic features or to
reduce the dimensionality of the input. Many proposals on NN-based image codecs
are using this structures, e.g. [36, 38-40]. Given an input x, the encoder E(-) takes

@ as input and transforms it to a latent representation z. The decoder D(-) then
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inverses the latent representation z to reconstruct the input as &. Formally:

z=FE(z;0E)

& D(=:0p), 2%

where @ and @p denote the parameters of the encoder and decoder, respectively.
The approximation relationship between & and & is usually imposed by minimizing

the difference between them, for example using a f,-norm distance:
d = |z — &3 (2.4)

In image coding, the difference between & and & is also referred to as “distortion”.
In order to avoid trivial solutions, for example, both E(-) and D(-) are identity
functions, in many cases, the latent dimensionality is forced to be narrower than
that of the input, hence the information capacity is also smaller. This way, the
parameters O of E(-;0g) have be adjusted so that information contained in the
latent representation z is the most crucial. Consequently, the parameters Op of
D(;0p) have to adapt to the latent representation of the input image in order
to reconstruct it. As a result, the encoder learns to present the input in a more
compact way (compress), and the decoder learns to reconstruct the original input
from the encoded tensor (decompress).

In image coding, the “compact” nature is measured by bits per pixel (bpp or
BPP), meaning the average number of bits that are used to store the information
for each pixel on the original image. This metric is also referred to as “bitrate” or

“rate” interchangeably in this thesis.

Figure 2.6 Basic architecture of an autoencoder.
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The use of residual connections in auto-encoders

The concept of residual connections is first introduced in [27]. It is proved that
residual connections can help neural networks go much deeper without gradient
vanishing or gradient exploding. The use of residual connections is also studied and
experimented on auto-encoders. In [41] shown the importance of residual connec-
tions for better representation learning. They significantly boost the performance
on both classification and reconstruction tasks, in comparison with a system without
residual connections. The authors of [42] study auto-encoders usage with residual
connections in text document image restoration, in which the combination of two
types of residual connections yields superior performance to the other compared
methods.

2.4 Neural network training techniques for multi-task sys-

tem

Conducted study in [43-46] give evidences of the complicated trade-off relationship
between vision task performance, rate, perception and distortion in image coding.
The authors of [43, 44] prove the existence of the three-way trade-offs of classification
error rate, distortion, and the perceptual differences that cannot be optimal at
the same time. Similarly, [46] shows that bitrate, distortion, and the perceptual
differences are at odds with each other. In an end-to-end system such as the one
being proposed in this thesis, the goal is to find the optimal trade-offs between the
objectives, i.e. bitrate and task prediction error. Thus, balancing the objectives is
a critical matter.

On the other hand, in a multi-task neural network system, the training loss is
a combination of the component losses corresponding to the objectives. A naive

training loss is given by a weighted summation of the component losses:

N
'Ctotal = sz : £i7 (25)
=1

where N denotes the number of component losses and w; denotes the weight for
component loss £;. The authors of [47] provide a multi-task training overview, which
discusses the importance of loss weighting and gives highlights to a few automatic
loss balancing techniques, as opposed to fixed weighted losses. These techniques are

summarized below:

Dynamic weight average [48]: The authors via this work propose a dynamic

loss weighting strategy that considers the rate of loss change of each task at each
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iteration. The weight of task ¢ at iteration t is given by:

exp(Ai(t —1)/T)

Za:l eXp(Aa(t - 1)/T) (2 6)
, Li(t—1) '

In this equation, \; expresses the changing rate of £; and T' controls the “softness”

of the weighting: a large T results in more even distribution between tasks.

Loss weighting using uncertainty [49]: This approach balances the losses
by maximizing the likelihood with task-dependent uncertainty. For instance, let
F(x;0F) be the output of a NN-based regression model with parameters @ given

the input . We can define the likelihood of this model as a Gaussian as follow:
p(y;|F(x;0r)) = N (F(z;0r),07), (2.7)

where y, denotes the target of task ¢« and o; denotes the observation noise. For

multiple tasks, the likelihood becomes a factorization over the outputs:

(Y1, - Yn|F(x;0F)) = p(y,|F(x;0F))...p(yn|F(x;0F)) (2.8)

Then one can design their loss function to maximize the likelihood with respect to
o; to balance the losses. In practice, the loss function weighted by this method is

often given by:

Ltotal = Z (2%‘_712 : Ll(yz, F(.’.C, 0F>> + ln(af)) s (29)

i=1

where o; are trainable parameters.

Loss weighting using uncertainty with positive regularization term [50]:
The loss function in Equation 2.9 can yield negative value when ¢? < 0. This
work adapt the loss weight technique in [49] by simply modify the regularization
term from In(c?) to In(o? + 1), enforcing positive value for the losses. The revised

equation is given by:

Liotal = Z < ! Li(y;, F(x;0F)) + l”(gz‘Q + 1)) (2.10)

, 202
i=1 ¢

These techniques automatically balance the loss weights based on their statistical

analysis. While this is a nice feature, they don’t directly offer full control over the
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priorities of the objectives. In the work of this thesis, it is a key feature for successful
codec training. Therefore a new non-fixed (dynamic) loss weighting strategy is

presented in subsection 3.4.1.

2.5 Neural network for computer vision tasks

The neural network architectures that are used for object detection and instance

segmentation in this thesis will be reviewed in this section.

2.5.1 Object detection

This vision task seeks to identify the rectangular bounding box of the object in-
stances in the input image. The network architecture for this task is Faster R-CNN
[51], which aims to improve the region proposals in Fast R-CNN [52]. Fast R-CNN
is an object detection network that detects and classifies objects on each region of
interest (Rol) proposal. The region proposals in Fast R-CNN are found by a se-
lective search algorithm [53]. In essence, the training loss of this network is made
up of two components: object classification loss and bounding-box regression loss,

denoted by Ly and L,.4, respectively. The overview of Fast R-CNN is shown in

Figure 2.7.
Feature maps
Fully —> Class
feCaTuNre ~Rol pooling=>| | connected
extractor Q layers —> Bounding box
For each Rol
Input image

Region proposals

Figure 2.7 Fast R-CNN architecture for object detection as described in [52]. The re-
gional proposals are given by a selective search algorithm. Rol pooling extracts the features
corresponding to the region proposals and feeds them to the classifier.

In Faster R-CNN, instead of using a selective search algorithm, the authors
introduce a Region Proposals Network (RPN) in order to boost the detection speed
of the system by sharing the feature extraction layers with the detection branch,
which is essentially the Fast R-CNN network. The architecture of Faster R-CNN is
given by Figure 2.8. Outputs of the RPN network contains two parts: “objectness”
indicates whether the proposed region is an object or background, and bounding

box regression for the offsets from the pre-defined anchors. Therefore the training
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loss for this module has 2 components: objectness loss L, and region proposal
regression loss £,,.,. Formally, the two branches of RPN and object classifier are

optimized with a training loss given by:

Etask £cl3 + Ereg + ‘Cpreg + »Cob] (211)

Cla551ﬁer branch RPN branch

Feature maps

Fully Class
Input image f;';lu'\:e ~Rol pooling connected
layers Bounding box

extractor

For each Rol

B S
RPN

Region proposals

Figure 2.8 Faster R-CNN architecture for object detection as described in [51]. The
region proposals are suggested by a region proposal network (RPN).

2.5.2 Instance segmentation

The Mask R-CNN framework [54] shown in Figure 2.9 is used for task instance
segmentation. The goal of instance segmentation is to detect the object bound-

aries at pixel-level for every object instance. This network architecture is simply an

Feature maps

\ Fully Class
Inputimage ———>| feCaTu'\:e > Rol pooling= | connected
N layers Bounding box

extractor
For each Rol
Exl
RPN ——> Rol align—> CNN ——> Binary mask
N N
Region proposals For each Rol

Figure 2.9 Mask R-CNN architecture for instance segmentation as described in [54]
Another branch dedicated to binary mask prediction is added to the system.

extension of the Faster R-CNN discussed in the previous subsection. It adds a seg-

mentation mask prediction branch to predict the masks on each Rol in parallel with
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the existing Fast R-CNN branch for object classification. The new mask prediction
branch is independent of the classifier branch, since it predicts the binary masks
for every class, regardless of the object classification. This branch is optimized by
imposing the minimization of segmentation loss, denoted by L,,4sx The training loss

for this network is given by:

Etask - \Ecls tﬁrng +‘\Cp7"eg + Cob]/‘+ Emask (212)

~
classifier branch RPN branch mask branch
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3 Proposed method

The proposed Image Coding for Machines (ICM) system has three main neural
components which are shown in Figure 3.1: a pair of encoder-decoder (autoencoder)
as the main coder, an entropy model, and a task network. In contrast to the end-
to-end framework in [40], the proposed system targets task performance instead of
pixel-domain fidelity. When one needs to perform a specific task on an image x, the
image is sent to the encoder network E(+; @) to produce a more compressible latent
representation y = E(x; 0g), which is then quantized and losslessly compressed by
the Entropy Encoder (EE) using the probability distribution pg estimated by the
Entropy model (discussed in section 3.2). The output bitstream of this compression
is transmitted to the receiver-side to be decompressed and eventually reconstructed
by the decoder & = D(g;0p). The task network analyzes & as input and returns
the task results.

bilgt?':zram Receiver side
Q,—2—> EE > ED
zT lé
Hyper Encoder Hyper Decoder
A i
Probability
model
( n—n
N bitstream
Q —j—> EE > ED Prediction
g, i
Encoder E Decoder D Fealk i
Input image Output image z
Figure 3.1 Overview of the proposed ICM system. The main codec consists of the

neural network Encoder E and Decoder D. The Hyper Encoder and Hyper Decoder learn
the hyperprior from the latent tensor y. The Probability model estimates the probability
distribution using the hyperprior and provide it for the entropy encoder (EE) and entropy
decoder (ED). The task network in this system is a frozen pretrained network and provide
task loss Ligsk during the training stage and prediction in the evaluation stage.
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3.1 Auto-encoder

Instead of reducing distortion in the reconstructed signal like other common auto-

encoders, the proposed auto-encoder aims to produce a data tensor of the same

(b) Inside the “Res blocks” blocks

Figure 3.2 The convolutional blocks are illustrated by sharp rectangles. “Tconv” denotes
the transposed convolutional layers. In each convolutional block, “S” denotes the stride and
“C” denotes number of output channels for all of the children blocks. These values are
inherited from the parent block if not stated.
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size as the input image that provides good task performance while consuming a low
bitrate. The architecture for the autoencoder is built from blocks of convolutional
layers and skip connections as shown in Figure 3.2. For non-linearity, ReLU [12]
and PReLU [55] are applied on output of each convolutional block or layer. Instead
of reducing distortion in the reconstructed signal like other common auto-encoders,
the proposed auto-encoder aims to produce a data tensor of the same size as the
input image that provides good task performance while consuming a low bitrate.
These two objectives are formally denoted as task loss Li,sx and rate loss L e
respectively.

The number of channels of the intermediate layers and the last layer are con-
siderably low to remain a compact model size for a better encoding speed and low
resource consumption. This auto-encoder is optimized with the aforementioned loss
terms. The details for this training will be discussed in section 3.4

Let z, & € R">H>*3 denote a pair of color images of spatial size W x H. The
encoder transforms the input x into a latent representation y = E(x;0g), with
RS RS *5%6 and @5 denotes the learnable parameters of the encoder. The latent
tensor y is then quantized by the quantizer § = Q(y) and sent to the decoder for
a reconstruction: & = D(g;0p). During training process the quantization step is
relaxed to make gradients back-propagation possible, the details are discussed in

subsection 3.4.2.

3.2 Entropy model

For entropy coding, the proposed pipeline uses an asymmetric numeral systems
(ANS) [56] codec. An ANS entropy encoder first encodes a stream of symbols into a
single natural number according to the probability distribution of the symbols then
converts the number into a binary bitstream. The proposed ICM system aims to
encode the quantized latent § with the unknown associated marginal distribution my
into a bitstream with minimum code length, which is lower-bounded by the Shannon
entropy [17]. Since my arises from both the unknown input image distribution p,,
and the transformation method Q(E(-;0)), the code length can only be estimated

by Shannon cross-entropy:

R =Egum, [~ 108, pg(9)]

(3.1)
=Epp, [—1log, pg(Q(E(x;0F)))]

where pgy denotes the estimated distribution of . The Shannon cross-entropy is
minimized when py is identical to mg. The entropy model secks to learn py, also
known as “prior” of ¢ in order to minimize R. The next sub-sections present the

entropy model used in this [CM system.
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Figure 3.3 (Courtesy of the authors of [39], permissions to use this figure and its
caption are given for this thesis): Left: an image from the Kodak dataset [57]. Middle
left: wvisualization of a subset of the latent representation y of that image, learned by
a factorized-prior model. Note that there is clearly wvisible structure around edges and
textured regions, indicating that a dependency structure exists in the marginal which is not
represented in the factorized prior. Middle right: standard deviations & of the latents
as predicted by the model augmented with a hyperprior. Right: latents y divided element-
wise by their standard deviation. Note how this reduces the apparent structure, indicating
that the structure is captured by the new prior.

3.2.1 The scale-hyperprior model

This model is originally proposed in [39] based on the intuition that the spatially
neighboring elements of the latent representation y tend to vary together in their
scales (standard deviations). This structure dependency is usually not well-captured
by a factorized-prior model, resulting in sub-optimal compression efficiency. There-
fore the authors propose a “hyperprior” architecture in order to capture this de-
pendency. Their example illustration of the spatial scale-variation is shown in Fig-
ure 3.3.

The authors of [39] model the elements of the approximated quantized latent

tensor y by a zero-mean Gaussian:

11
where standard deviation (“scale”) o; is predicted by the hyperprior model, and
the uniform distribution U(-) is the approximation of quantization step (further
discussed in subsection 3.4.2) The probability of ¢; is then given by a closed-form
formula:
A A . . A 11 A 9i+1/2 A
pa 1150 =g 1) = (N 0,00 su (~5.5) Yo = [ "W 0.3y
9i—1/2
(3.3)
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Because of this formulation, & is considered as the “prior” of pg, making it the

“hyperprior” of g.

The “hyperprior model” in general includes another auto-encoder structure
that takes the latent y as input, stacked on top of the main auto-encoder. The
“hyperprior” tensor &|6& has the same dimensionality as that of the quantized latent
tensor g|y, meaning each element ¢;|y; of §|g will get one scale prediction 6;|d;. The

pipeline overview is shown in Figure 3.4.

Hyper- > ‘ 5|3y Hyper } .
encoder Z u Q z |z decoder Hypelrprlor
Y '
\ 4
Main ) ~ 1~ ) Main > F|3
encoder Y u ‘ Q y|y decoder a:|a:
T

Figure 3.4 General overview of the “hyperprior” approaches. The hyper encoder and
hyper decoder pipeline are stacked on top of the main coder, take the latent y as its input.
The “hyper-latents” is denoted as z. The hyperprior learned from the hyper coder pipeline
is use for distribution estimation of y.

3.2.2 The joint autoregressive and hierarchical priors model

Extending the “scale hyperprior” model [39] (subsection 3.2.1), this model, proposed

in [40], captures more correlations in the latent representation y by:

e Switching from zero-mean Gaussian scale models to Gaussian mixture models
for the latent elements modeling. That means the hyperprior will also include
the means of the Gaussians, which are assumed to be zero-mean in [39]. The
output hyperprior tensor therefore has double the number of channels for both

means and scales.

e Adding an autoregressive context model and another NN model to combine
the context information with the output of the hyper-autoencoder in order to

produce the final hyperprior. The whole pipeline is shown in Figure 3.5.
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Figure 3.5 (Courtesy of the authors of [40], permissions to use this figure and its cap-
tion are given for this thesis): The combined model jointly optimizes an autoregressive
component that predicts latents from their causal context (Context Model) along with a
hyperprior and the underlying autoencoder. Real-valued latent representations are quan-
tized (Q) to create latents (y) and hyper-latents 2 ), which are compressed into a bitstream
using an arithmetic encoder (AE) and decompressed by an arithmetic decoder (AD). The
highlighted region corresponds to the components that are executed by the receiver to re-
cover an image from a compressed bitstream.

The probability of g, given the learned parameters then becomes:

Dby ('g | 2,014, 0 cm; eep) = Hz (N (“1701‘2) (_% %)) (3_4)
with Hiy O = Jep (¢7 q',)i; 96]2) 71'[) = Ghn (2; Ghd) and (bz Gem <y<17 ecm) ’

where 014,60, and 0., are the learned parameters of the hyper-decoder, context
model, and entropy parameters networks, respectively.

Without the zero-mean assumption of the Gaussian mixtures, the predicted dis-
tribution of § would have smaller scales and would be more accurate, thus improves
the compression rate. Additionally, combining the information stream from the con-
text model with one from the hyper-autoencoder, in the authors’ words, is beneficial

from two perspectives:

e Context model can provide more information without giving up bitrate because

it is autoregressive.

e The hyper-autoencoder can “look into the future” to provide more useful in-

formation.

Figure 3.6 visualizes the different results coming from different hyperprior ap-
proaches. By the trained model of each kind, the same input image is compressed, of
which the latents of the highest entropy channel are visualized. The proposed model
with a context module shows superior predictions of the latent values, consequently

leading to the best entropy compression efficiency.
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Figure 3.6 (Courtesy of the authors of [40], permissions to use this figure and its
caption are given for this thesis): Each row corresponds to a different model variant and
shows information for the channel with the highest entropy. The visualizations show that
more powerful models reduce the prediction error, require smaller scale parameters, and
remove the structure from the normalized latents, which directly translates into a more
accurate entropy model and thus higher compression rates. Their entropy model assumes
that latents are conditionally independent given the hyperprior, which implies that the
normalized latents, i.e. values with the predicted mean and scale removed, should be closer
to independent and identically distributed Gaussian notise.

3.2.3 The entropy model in the proposed ICM system

One major drawback of the proposed joint context and hyperprior model in subsec-
tion 3.2.2 is the causality inherited from the autoregressive context model, meaning
the inference on this model has to be sequential. This makes the inference speed
prohibitively slow since the model can not take advantage of parallel computing, re-
sulting in an impractical solution. Because of that, the proposed ICM system in this
thesis opts for a more practical variant of this model for its Entropy module, which
is a simpler extension of the scale-hyperprior model described in subsection 3.2.1.
This model transforms the hyperprior into mean and scale parameters, but unlike
the joint context-hyperprior model, it does not employ the context model. The final
pipeline is thus shown in Figure 3.1, where the Encoder and Decoder modules are
described in section 3.1. Note that the proposed ICM pipeline can also be viewed
as a modified version of the “Mean & scale Hyperprior” described in [40], with

the main coder replaced by the auto-encoder in section 3.1.
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3.3 Task networks

Since the proposed ICM system targets the image vision task-NNs as the main
consumers, the high fidelity output images is not a requirement. Instead, task
performance is prioritized. Good task performance can be achieved by imposing
corresponding task loss L5 minimization on the proposed system training. In
order to validate the proposed system, 2 different models are trained and evaluated
for image compression targeting 2 different computer vision tasks: object detection
with Faster R-CNN [51] and instance segmentation with Mask R-CNN [54]. The
VCM Ad-hoc group also chooses these vision tasks and network architectures for
study in the MPEG standardization activities.

The task network in the proposed pipeline (illustrated in Figure 3.1) is frozen,
meaning no modification is allowed to the pre-trained model weights. The task
loss term Ly, is assigned to the training task loss of the respective task model.
Gradients derived from the task loss differentiation are back-propagated to update
the main coder. The task networks are frozen in this system is a practical aspect that
enables the resulting system to be easily integrated to other workflows. Without
this constraint, the ICM system might achieve even better compression efficiency
due to the fact that the task network is further optimized, but the integration of the
learned codec would require also the fine-tuning of the task network in the existing
host workflows, therefore makes it less adoptive.

The task loss L., is defined for each task object detection and instance seg-

mentation by Equation 2.11 and Equation 2.12 of chapter 2, respectively.
3.4 Training strategy

Human-oriented image coding is often formularized as a rate-distortion optimization
(RDO) problem:
J=R+X-D, (3.5)

where J denotes the cost function, R is the expected rate loss and D is the expected
distortion loss, and A is the Lagrange multiplier governing the trade-off between
them [1-3, 5, 6, 36—40]. The expected distortion is usually measured by the f5-norm
distance between the input image « and output images &: D = ||@;—&;||3. To reduce
distortion D on the output, more information needs to be encoded, consuming more
encoding bits, i.e. high bitrate R, and the other way around. The common way of
performing RDO in NN-based methods is to find a certain set of values for A (and
other hyperparameters) for each working point so that the desired bitrate-distortion
is achieved after a certain number of training iterations [36-40]. The search space for
RDO is illustrated in Figure 3.7. The learned models are then saved as compression

models for the bitrate that they achieved on the validation set.
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Optimal trade-offs

>
R

Figure 3.7 The rate-distortion trade-off search space as described in [38]. The shaded
region represents all the possible rate-distortion trade-offs over all possible parameter set-
tings.

Since the proposed ICM system is optimizing for task performance, it naturally
extends the above mentioned conventional RDO approach by adding the task loss
Liqs1 to the “distortion” term D. The training is then formulated as a multi-task

optimization, the general training loss function is given by:

'Ctotal = wrate»crate + wmseﬁmse + wtask/:'taskv (36)

where Wy qte, Wnse and wyqs, are the scalar weights for each loss term L4, Linse and
Lyqsk, respectively. The Mean Square Error (MSE) loss term is error between the
input and output of the codec: L = + ZZ]\;H:BZ — &;]|3, where N denotes the
mini-batch size. L5 and L, 4. were defined and discussed earlier in section 3.3 and

section 3.2, respectively.
3.4.1 Loss weighting strategy

Multi-task training loss such as Equation 3.6 can be optimized by simply pre-
defining a set of scalar values for wpqie, Wnse and wy,s, that result in the desired
minimization of each loss term. Another approach is to dynamically balance the
losses based on different on-the-fly statistical analysis of the gradients or the losses

themselves [48-50].
Rather than using fixed loss weights, the proposed ICM system uses a dynamic
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loss weighting strategy for effective multitask training because of the following rea-

sSons:

e The competing nature of the loss terms makes their respective gradients to
worsen the performance of the others’. It is critical to have the right balance
between the objectives in each update, which is very challenging for fixed loss

weighting due to its inflexibility.
e Exhaustive search for the optimal weights is very time-consuming [49].

However, the dynamic loss balancing techniques mentioned above are based on the
statistics data (e.g. loss changing rate, prediction uncertainty), that are only vis-
ible in runtime. Therefore governing the trade-off between the objectives requires
analysis and manipulation at low-level functions, which poses a challenge to those
who wish to shift the balance between objectives. In image and video coding, the
priorities of the objectives are different for each use case. For example, a traffic
surveillance camera system may prefer a low latency transmission to the ultra-high
video quality, thus it accepts the low bitrate and higher distortion trade-off. In
contrast, a photo library software may prioritize better quality for its offline image
labeling using a classification model, hence prefers low distortion with high bitrate
trade-offs. The ability to control the trade-offs for multiple targeted bitrates, often
referred to as “rate-control”, is a feature well-desired by image and video codecs. To
tackle all of the aforementioned requirements, the proposed loss weighting strategy
is a dynamic loss weighting technique that offers better “rate-control” in a higher-
level expression than the previous automatic loss balancing techniques, while still
manages to handle the competing-losses balancing problem effectively. The gen-
eral principles of the proposed strategy is discussed below, followed by two concrete

examples.

General strategy: The task networks are trained on natural images, thus expect
close-to-natural images as their input. In that light, the proposed ICM system
trains a base model with only Lse (Wiask = Wrate = 0,Wmse = 1). The base
model is capable of reconstructing images for decent task performance since the
reconstructed images are very good resemblances of the input ones, imposed by
low MSE. Then it fine-tunes the base model by gradually raising w,q. and wyqs,
which eventually leads to the dominant impact of the gradients of L, and L
on the accumulated gradients flow, effectively pushing the system to achieve an
optimal task performance for a given bitrate constraint, i.e. closer trade-off values
to the convex hull in Figure 3.7. Consequently, the same training instance is able
to achieve a new rate-task performance value for a different targeted bitrate after

every iteration (see the results in section 5.2). In other words, in every iteration,



32

the model tries to obtain a trade-off value that is close to the optimal convex hull.

Learning rate decay [58] is applied to keep the training stable, as the magnitude of

L in Equation 3.6 tends to increase over time due to the raising loss weights.

At inference time, the desired bitrate can be achieved by using the closest model’s

checkpoint (i.e., saved parameters) in terms of bitrate achieved during training on

a validation set.

Example 1: In this example, the evolutions of the loss weights throughout training

iterations happen in five phases. They are illustrated in Figure 3.8. Each phase of

the training is intuitively designed in accordance with the user’s intentions:

Phase 1: To train the base model with only £, for decent task performance.

The weights for the other losses are Os.
Phase 2: L, starts to contribute to the gradients due to the increasing wyqsx.
Phase 3: L, 4. is gradually introduced to the training.

Phase 4: To focus on enhancing the task performance by increasing w;,s. while

keeping w4t unchanged.

Phase 5: The system is now stable. Search for the best trade-offs of the two
main objectives (L5 and L4 ) in different policies imposed by the increasing
gradient flow dominance of them. For example, since the w,4. is high in this
phase, the network is forced to heavily compress the input data thus achieve
a low bitrate, while high wy, at the same time force the system to store the

information that is critical for the task-NN under the given bitrate constraint.

Example 2: Another example of the loss weighting techniques that uses the pro-

posed principles is illustrated by Figure 3.9. The strategy is designed as followings:

Similar to the previous loss weighting example, let £,,,. dominate the gradient

flow in the first phase, the ease down its influence.
Liqsr and then L, gradually get improved after the “warm-up” phase.

Liqsr stops increasing its impact after a certain number of iterations, therefore,

leaves room for the bitrate L. improvement.

L,qte keeps increasing its influence till the end of the training, effectively push-

ing for the best bitrate-task performance trade-offs.
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Figure 8.8 Ezample 1: Loss weights evolution over iterations. There are 5 phases in
this strategy, separated by the vertical lines.
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Figure 3.9 Example 2: Loss weights evolution over iterations. There are 4 phases in
this strategy, separated by vertical lines.
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3.4.2 Quantization approximation

The quantization step Q(-) makes the gradients with respect to the parameters of
the encoder become zero almost everywhere. In order to enable end-to-end training
for the proposed ICM system, the quantization approximation [59] is applied, which

substitutes the quantization step with additive uniform noise. During the training

Figure 3.10 (Courtesy of the authors of [59], permissions to use this figure and its
caption are given for this thesis): pg, is densities of the quantized y; (U;). pg, is the
continuous approrimation of the mass in each quantization bin.

process, the quantization step is relaxed by this technique, and it is switched back on
during compression (inference stage). The approximated quantization of an element
y; is denoted by a tilde: ¢; = y; + Ay;, with Ay; ~ Z/{(—%, %) Then the density

function is
11

where “x” is the continuous convolution operation. The example densities are illus-
trated in Figure 3.10.
In section 5.4 of chapter 5, the effect of this technique on the proposed codecs is

Py, = Dy, * u(

evaluated.



35

4 Experiments

The framework in chapter 3 is evaluated on two tasks: instance segmentation and
object detection as these are ones of the key vision tasks that receive the attention
of the VCM Ad-hoc group [24]. Both of the neural network models for the two tasks
use Resnet-50-FPN backbones [28]. The task networks are pre-trained on COCO
dataset [60]. The pre-trained models are provided by Torchvision![61], and the rest
of the framework is implemented with Pytorch 1.5 [62].

The uncompressed dataset Cityscapes (fine annotations) [63] is used for training
the proposed models (train subset), and for codec evaluation (val subset). The val
(validation) subset consisting of 500 images is used for the evaluations of the VVC
codec and the proposed learned codecs targeting 2 different tasks: object detection
and instance segmentation. Since the task models are pre-trained on the COCO
dataset, only the results for the common classes of the 2 datasets are evaluated,
which are: car, person, bicycle, bus, truck, train, motorcycle. The environmental

configurations are shown in Table 4.1.
Table 4.1 Environmental configurations

Hardware configurations Software

OS: Ubuntu 18.04.4 LTS
Pytorch: 1.5.0
Torchvision: 0.6.0
CUDA: 10.2

Python: 3.8.3 64bit

CPU: Intel Core i9-9940X
GPU: NVIDIA RTX 2080Ti 11GB (x2)

4.1 Pareto front

In multi-objective optimization, the Pareto front (or Pareto frontier) [64] is used
for representing the most efficient allocations that are not strictly dominated by
any other candidates. In other words, it is the set of best solutions for every given
criterion. An example of a Pareto front is given by Figure 4.1. For a fair and
practical comparison, the candidates from the proposed method and the baseline
should be the best possible ones from both sides, hence the Pareto front is used as

the algorithm to select the candidates for the comparison of the results.

!The pre-trained models can be found at https://pytorch.org/docs/stable/torchvision/
models.html
2 Available at https://commons.wikimedia.org/wiki/File:Front_pareto.svg


https://pytorch.org/docs/stable/torchvision/models.html
https://pytorch.org/docs/stable/torchvision/models.html
https://commons.wikimedia.org/wiki/File:Front_pareto.svg
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f2(A) < f2(B) f2

Figure 4.1 (Courtesy of Johann Dréo® under the CC BY-SA 8.0 license) An example of
Pareto front. The bozed points represent feasible choices (candidates), and smaller values
are preferred to larger ones. Point C is not on the Pareto frontier because it is dominated
by both point A and point B. Points A and B are not strictly dominated by any other, and
hence lie on the frontier.

4.2 Evaluation baseline - VVC codec anchors

The baseline performance is established by using the reference software VITM-8.2
[65], All-Intra configuration of the state-of-the-art codec standard VVC, under JVET
common test conditions (CTC) [66]. The Quantization Parameter (QP) values are
commonly used for rate-control, i.e. achieving different bitrate-distortion trade-off,
in traditional codecs such as VVC. Considering the task networks are state-of-the-
art models which are trained to be robust to the input image scales, the scaling
factors of the input images are also taken into account as rate-control options of
VVC in an ICM system. Thus, in addition to using the QP parameters to achieved
different bitrates, the VVC codec in this evaluation also takes advantage of the
scale-robustness of the task network to create better baseline anchors. For example,
the object detection task network may produce the same level of task performance
when using inputs that are downsampled by 2 in both width and height, resulting in
a 4 times bitrate reduction while preserving the same task performance. Therefore,
there are two set of settings for rate-control with VVC in this ICM benchmark:
QP € {22,27,32,37,42,47,52} and resolution € {100%, 75%, 50%, 25%}, making
up a total of 28 combinations. The resolution represents the downsampled size of

the images in both width and height, e.g. a resolution 50% image has its width


https://creativecommons.org/licenses/by-sa/3.0/deed.en
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and height equal to half of them of the 100% resolution image, which means it has
a 4 times less number of pixels. The validation set (val subset of Cityscapes) is
compressed using these 28 configurations, resulting in 28 versions. Each version is
evaluated for bitrate and task performance as an anchor point. A summary of the
anchor generation for each combination of QP and resolution is shown in Figure 4.2.

The Pareto front (discussed in section 4.1) of the anchors is chosen to be the

baseline for ICM targeting the corresponding task network, visualized in Figure 5.1.

Original PNG Down- Convert PNG to Compress with Calculate
image scaling YUV VTM-8.2 BPP
Calculate Run task Up-scalin Convert to Decompress
mAP network P 9 PNG with VTM-8.2

Figure 4.2 Baseline anchor generation for each set of QP and resolution configurations
of the VVC codec. Note that PNG [67] is a lossless compression, therefore the PNG
decoded data is still considered as uncompressed images.

4.3 System setup for training and evaluation of the learned

codecs

4.3.1 Training setup

The proposed systems for two NN-based codecs targeting the two task networks are
trained on the train subset of Cityscapes (fine annotations) dataset, which consists
of 2975 2048 x 1024 images and pixel-level annotations for both object detection
and instance segmentation. Fach of the codecs has about 1.5 millions trainable
parameters. Because of the GPU memory limitation, the auto-encoder (codec) and
the task network are placed into two separate GPUs, in each system setup. The
codecs were optimized using gradient-based Adam optimizer [68] with batch size of
1 and learning rate starting at 107°. The learning rate is scheduled to decrease by
0.005% every epoch. The two codecs were trained for 984 and 993 epochs for object

detection and instance segmentation, respectively, in roughly 2 weeks.

Loss weighting strategy In these experiments, the loss weight values w,,se, Wiask
and Wy, discussed earlier in subsection 3.4.1, are modeled as functions of the

training epoch number that follow the example strategy number 1 illustrated by
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Figure 3.8. Concretely, the weight values at epoch number e is given by:

Wmse = 17
0, e < p
Wtask = s
4f,(e —p1,1.01), e>=p
(0, e < p2 (4.1)

w o 2f’w(6_p271-01)7 P2 <=¢€ < p3
rate — ,

2fw(e —p3,1.01), p3s <=-e < py
(2fw(e —ps,1.02), e>=py

where (p1, p2, p3, pa) = (50, 75,120,165) and f,(z,a) = 1073(a®1)
4.3.2 Evaluation setup

After every epoch of training, the trained model is evaluated on the validation set
and its states are saved as a checkpoint. The model is evaluated on 500 images of
the val (validation) subset of Cityscapes (fine annotations). The evaluation result
for every epoch comprises the average bitrate and the average task performance
over the whole validation set. The metric for bitrate is Bits Per Pixel (BPP),
calculated by dividing the length of the compressed bitstream by the number of
pixels in the original image, which in this case is 2048 x 1024 = 2097152 pixels for
every image in the validation set. The task performance metrics, for both object
detection and instance segmentation, are mean Average Precision (mAP) of different
IoU thresholds in range [0.5:0.05:0.95] as described in [63]. The results for every
epoch is saved as candidates for Pareto set selection (discussed in section 4.1) in
later comparison with the baseline. Note that the reported bitrates for comparison
with the baseline in chapter 5 are the actual bitrates arising from the length of the

compressed bitstream using the learned codecs.
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5 Evaluation results

5.1 Baseline performance - VVC anchors

Bitrate - Task performance (Det)

0_25-"""'""“"';;:—;:;E""_.i__'____._-_-:"—:_—_—_—*"
X
0.20+ Yaal
ﬂf < Pareto front
% 0.15¢ --e-- Resolution 25%
€ 510 ” Resolution 50%
' ,? —-=- Resolution 75%
0.051 i --+- Resolution 100%
A N R Uncompressed
ooo X
0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35
Bits per pixel

(a) Object detection

Bitrate - Task performance (Seq)

IR o Rt Al X
0.20 S
015 x  Pareto front
o ﬁ? --e-- Resolution 25%
€ 0.101 Resolution 50%
' --=-- Resolution 75%
0.05; --+-- Resolution 100%
o - Uncompressed
ooof®*
0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35
Bits per pixel

(b) Instance segmentation

Figure 5.1 Baseline performance given by the VVC codec for two tasks: object detection
and instance segmentation.

Figure 5.1 shows the anchors and their Pareto fronts, which are chosen to be
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the baselines for the targeted tasks. The baseline evaluation process is described in
the previous chapter. As can be seen from the figures, most of the data points are
included in the Pareto sets. Additionally, it is clearly shown in the evaluation of task
instance segmentation, the curve of resolution 75% lies above the one of resolution
100% (i.e. it has better trade-offs) in bitrate range [0.05,0.25], while the curve of
resolution 25% is the most efficient in bitrate range [0,0.05]. In the evaluation of
object detection, the right-most green anchor points, corresponding to QP option 22
of resolution 75%, has almost the same task performance as the one from resolution
100%, QP 22 (the right-most red anchor point), while saving about 40% of bitrate.
The above analysis proves that the resolution factor, in addition to @QP, is also a
valuable bitrate control option for ICM. Therefore the Pareto fronts of these anchor
points are closer representations of the optimal solutions for ICM using a traditional
codec, namely VVC.

Lastly, it should be noticed that due to the compression distortions of the tradi-
tional codec, the task performance on the compressed data is always worse than the
task performance of the uncompressed data, which is represented by the horizontal

lines on the top of the two figures.

5.2 Compression efficiency in comparison against the base-

line

Figure 5.2 shows that the proposed codecs outperform their baselines at almost
every given bitrate, i.e. the task performance on the dataset compressed by the pro-
posed codecs is almost always better than the one coming from VVC compression,
indicated by the blue curves of proposed codecs being above the red curves of VVC
standard codec, in both of the figures for the two tasks. Interestingly, while the tra-
ditional codec VVC introduces distortions that are harmful to the task performance,
even with configurations for high-quality output such as QP 22 of resolution 100%,
the learned codec can improve the task performance if the bitrate budget allows,
as shown on the figures, where the blue curves manage to rise above the horizontal
lines of uncompressed task performance, for example, when the bitrates are higher
than 0.15 bpp, the instance segmentation performance of the data compressed by
the learned codec is better than that of the uncompressed data. It is worth men-
tioning that at the peak performance, the proposed codecs still consume less than
70% amount of bitrate for the QP 22 of resolution 100%, in both tasks.
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—— VVC Pareto front
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(a) Object detection
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(b) Instance segmentation

Figure 5.2 Performance comparison of the proposed codecs against the baselines for the
corresponding tasks

In traditional image compression, one way to compare the efficiency of two codecs
is to calculate the Bjgntegaard Delta Rate (BD-Rate)[69] with respect to Peak Signal
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To Noise Ratio (PSNR). This metric reports the average difference between the two
Rate-Distortion curves. Within the ICM landscape, the PSNR metric is replaced
by the task performance, as well as the Rate—Distortion curves are replaced by the
Rate—Task performance curves such as the ones in Figure 5.2. For this thesis, the
main comparisons would be between the Pareto fronts of the same targeted task.
As a common practice, each anchor point on the baseline curves is matched with
a point of the comparing curves (i.e. the curves from the proposed codecs) that
has the closest bitrate. Then the BD-Rate values are calculated on the overlapping
range in terms of bitrate between the pairs of curves made up from the matched
points.

The BD-Rate values of the curves in Figure 5.2 are shown in Table 5.1. These
values represent the average bitrate savings of the proposed codecs in comparison
with the VVC baselines. For instance, the proposed codec for task object detection
on average consumes 37.87% less bitrate for a similar level of task performance
compared to the Pareto front of VVC anchors. Similarly, the proposed codec for task
instance segmentation also outperforms the VVC codec by 32.90% of bitrate saving.
As a reference, although not directly comparable, for instance segmentation using
the same validation data (val subset of Cityscapes) and same task-NN architecture
(Mask R-CNN with Resnet-50-FPN backbone), the authors of [30] report up to
9.95% of bitrate saving compared to VVC codec for the following QPs: 12, 17, 22
and 27 of resolution 100%. Note that they use different QP values and their model

is pre-trained directly for Cityscapes on its train subset [70].

Table 5.1 Bjontegaard Delta Rate (BD-Rate) with respect to task performance of the
proposed codecs against the baseline and additional VVC' anchors of different resolution
settings.

Resolution
Targeted task Pareto front (baseline) — 100% 75% 50% 25%
Detection -37.87% -32.86% -33.89% -34.76% -38.76%
Segmentation -32.90% -33.77% -28.58% -29.98% -28.04%

The average encoding time of a 2048 x 1024 image in the Cityscapes validation
set is approximately 0.15 seconds with a batch size of 1. As a reference, the VVC
encoding runtime for the same resolution (100%) validation image is about 126
seconds on a cluster with Intel Xeon Gold 6154 CPUs (Table 5.2).

Table 5.2 VVC codec encoding time using VTM-8.2 reference software [65]

Resolution
Encoding time  100% 75% 50% 25%
Overall (Sec.) 376777.6 251454.6 142702.3 48529.95
Average (Sec.) 125.5925 83.8182 47.56743 16.17665
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5.3 Visual output inspection

In this section, a few examples of the output images from the proposed codec for
instance segmentation are examined to gain important insights into the efficiency
of the method. Figure 5.3 shows the decompressed images by the learned codec,
which are given to the task network (instance segmentation) for task performance
evaluation. The images on the same row are the outputs of the codec for different
targeted bitrate, given the same input image. These outputs show that the system
has learned to compress more aggressively on the regions that are not too important
to the task network. In particular, the shapes and edges of the pedestrians or vehicles
on the street are better-preserved than other regions on the images, since those are
the instances that the task network has to identify. The learned codec, by effectively
suppressing the details for non-important regions, manages to consume less bitrate
for the compressed data, while preserving the task performance, eventually leads to

a better compression efficiency than that of the traditional VVC standard codec.

5.4 Ablation study on the quantization approximation ac-

curacy

As mentioned in subsection 3.4.2, a relaxed quantization is applied during the train-
ing process of the model. In practice, to avoid extra complexity and reduce training
time, the experiments in this thesis after every epoch of training also report an
estimated bitrate with approximated quantizations instead of running an actual
compression that outputs the binary bitstream. The preliminary Pareto fronts are
selected by evaluating the estimated bitrates of their corresponding checkpoints.
The checkpoints that are selected to be on the preliminary Pareto front then are
re-evaluated for the accurate bitrate for the benchmark reports. The differences
between the estimated bitrates with relaxed quantization and the actual bitrates
obtained by running compression with quantization are insignificant, as shown in
Figure 5.4. In the lower bitrate range, the estimated bitrates and the actual bitrates

are almost identical, for both codecs targeting the two tasks.
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BPP: 0.045 BPP: 0.008

BPP: 0.030 BPP: 0.006

“

BPP: 0.028

BPP: 0.222 BPP: 0.054 BPP: 0.007

Figure 5.3 Decoded outputs for instance segmentation in different bitrate ranges. The
lower bitrate, the more suppressed background to reserve the bitrate budget for the more
important regions that include the objects the task network is trying to detect. In those
images that contain many important object instances, the backgrounds are almost flattened
out.
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Figure 5.4 Estimated bitrates using quantization approrimation versus the actual bi-
trates. “Pareto front (reported)” denotes the curves that are obtained by running real
compressions and were reported for comparison with the VVC anchors in chapter 5.
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6 Discussion and summary

In this thesis, the downsides of using traditional video coding standards for machines
to machines communication are addressed. They mostly come from the fact that
traditional codecs are designed for human-consumption. That makes the traditional
codecs inefficient when the end-users are vision tasks, both in terms of bitrate and
task-performance. Next, an overview of prior work aiming to tackle those problems
is given. At the time when this thesis is in progress, the prior arts are mainly focused
on modifying or enhancing the traditional paradigms for better task performance.
In chapter 3, a novel ICM (Image coding for machines) system is proposed. In
this system, the codec is trained to directly improve the performance of the task
networks. To the best of the author’s knowledge, this is the first time an end-to-end
neural network-based system is proposed to address the Rate-Task performance op-
timization considering machines as the only consumers. Additionally, an effective
training strategy for multi-task optimization is also introduced. The efficiency of the
new proposed system is compared to that of the state-of-the-art traditional codec,
VVC/H.266 (chapter 5). In this comparison, the proposed method demonstrates
its superior efficiency when it comes to machines-targeted image coding by outper-
forming the traditional codec VVC/H.266. Moreover, the effect of the quantization
approximation is also studied, it shows that the additive uniform noise can closely
model the quantization effect on the latent representation. The experimental results

reveal a few key points of the proposed method:

e Coding efficiency: The VVC baseline performance evaluation in this thesis
are designed to take advantage of the spatial scaling robustness of the tar-
geted task networks, on top of the conventional bitrate-control technique us-
ing Quantization parameters (QP). Even when compared to that baseline, the
Rate—Task performance of the proposed method on average still saves 37.87%
of bitrate for the same object detection performance with Faster R-CNN and
32.90% of bitrate for the same instance segmentation performance with Mask
R-CNN.

e Codec that acts as an enhancing module: Instead of causing distortions
that deteriorate the task performance as in traditional codecs, the results of
the proposed codecs show that they are able to enhance the task performance
on uncompressed data while significantly reduce the bitrate consumption. This

is also proof of the inefficiency of traditional codecs in ICM use cases.

e Coding complexity: With a modest model size of 1.5M parameters, the
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proposed codecs can compress image data at a practical speed (roughly 0.15

seconds per 2K image).

e Compatibility: Since the proposed method aims to completely replace the
traditional codecs in ICM, the trained codecs can be seamlessly integrated into
other pipelines without modifying the other components, e.g. fine-tuning the

task networks in the existing workflow.

e Further explorations: The reconstructed output of the proposed codec in-
dicate that although the codecs are trained for specific task networks, it still
learns to preserve the critical information that is beneficial to different tasks
or different architectures. On the other hand, there are likely correlations be-
tween the features needed by different tasks, which implies that compressing
a generic bitstream for multiple tasks is more efficient than compressing the

bitstreams separately. These are subjects for future work.

The proposed ICM system and the multi-task training techniques proposed in
this thesis are highly adaptive and configurable. It can be easily utilized in other
work targeting different objectives, or in the scope of ICM, targeting different task
networks. As for further developments, this work opens new interesting research di-
rections, such as the multitask bitstream compression and task features correlations
study mentioned earlier. The auto-encoder architecture is also a promising topic
since a rather small and simple one as proposed in this thesis already works out

very well.
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