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METHOD AND APPARATUS FOR DYNAMIC LEARNING RATES OF

SUBSTITUTION IN NEURAL IMAGE COMPRESSION

BACKGROUND

[0001] A traditional hybrid video codec is difficult to be optimized as a whole. An
improvement of a single module may not result in a coding gain in overall performance.
Recently, Standard groups and companies have been actively searching for potential needs
for standardization of future video coding technology. These standard groups and companies
have established JPEG-AI group focusing on Al-based end-to-end neural image compression
using Deep Neural Networks (DNN). The Chinese AVS standard has also formed AVS-Al
special group to work on neural image and video compression technologies. The success of
recent approaches has brought more and more industrial interests in advanced neural image

and video compression methodologies.

SUMMARY

[0002] According to exemplary embodiments, a method of substitutional end-to-end
(E2E) neural image compression (NIC) using a neural network, performed by at least one
processor, including receiving an input image to an E2E NIC framework, determining a step
size of the input image indicating a learning rate of a training model, determining a substitute
image based on the training model, encoding the substitute image in lieu of the input image to
generate a bitstream, and mapping the substitute image to the bitstream to generate a
compressed representation.

[0003] According to exemplary embodiments, an apparatus for substitutional end-to-
end (E2E) neural image compression (NIC) using a neural network, the apparatus comprising

at least one memory configured to store program code, and at least one processor configured
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to read the program code and operate as instructed by the program code. The program code
including receiving code configured to cause the at least one processor to receive an input
image to an E2E NIC framework, step size determining code configured to cause the at least
one processor to determine a step size of the input image indicating a learning rate of a
training model, first determining code configured to cause the at least one processor to
determine a substitute image, based on the training model, first encoding code configured to
cause the at least one processor to encode the substitute image in lieu of the input image to
generate a bitstream, and mapping code configured to cause the at least one processor to map
the substitute image to the bitstream to generate a compressed representation.

[0004] According to exemplary embodiments, a non-transitory computer readable
medium storing instructions that, when executed by at least one processor for substitutional
end-to-end (E2E) neural image compression (NIC), cause the at least one processor to receive
an input image to an E2E NIC framework, determine a step size of the input image indicating
a learning rate of a training model, determine a substitute image, based on a training model,
encode the substitute image in lieu of the input image to generate a bitstream, and map the

substitute image to the bitstream to generate a compressed representation.

BRIEF DESCRIPTION OF THE DRAWINGS

[0001] FIG. 1 is a diagram of an environment in which methods, apparatuses and

systems described herein may be implemented, according to embodiments.

[0002] FIG. 2 is a block diagram of example components of one or more devices of
FIG. 1.
[0005] FIG. 3 is an example block diagram of a general substitutional NIC framework

300, according to embodiments



WO 2022/220869 PCT/US2021/055040

[0006] FIG. 4 is an example diagram illustrating a substitutional learning-based
image coding preprocessing model.

[0003] FIG. 5 is a flowchart of a method of substitutional end-to-end (E2E) neural
image compression (NIC), according to embodiments.

[0004] FIG. 6 is a block diagram of an apparatus for substitutional end-to-end (E2E)

neural image compression (NIC), according to embodiments.

DETAILED DESCRIPTION

[0007] Embodiments may include receiving a picture and determining a substitutional
representation of the picture by performing an optimization process to tune elements of the
substitutional representation of the picture to optimize a rate-distortion performance of
coding the substitutional representation of the picture based on an end-to-end (E2E)
optimized framework. The E2E optimized framework can be an artificial neural network
(ANN) based image or video coding framework that is pretrained. The substitutional
representation of the picture can be encoded to generate a bitstream. In an artificial neural
network-based video coding framework, by performing a machine learning process, different
modules can be jointly optimized from input to output to improve a final objective (e.g., rate-
distortion performance), resulting in an end-to-end (E2E) optimized Neural Image
Compression (NIC).

[0005] FIG. 1 is a diagram of an environment 100 in which methods, apparatuses and
systems described herein may be implemented, according to embodiments.

[0006] As shown in FIG. 1, the environment 100 may include a user device 110, a
platform 120, and a network 130. Devices of the environment 100 may interconnect via wired

connections, wireless connections, or a combination of wired and wireless connections.
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[0007] The user device 110 includes one or more devices capable of receiving,
generating, storing, processing, and/or providing information associated with platform 120.
For example, the user device 110 may include a computing device (e.g., a desktop computer,
a laptop computer, a tablet computer, a handheld computer, a smart speaker, a server, etc.), a
mobile phone (e.g., a smart phone, a radiotelephone, etc.), a wearable device (e.g., a pair of
smart glasses or a smart watch), or a similar device. In some implementations, the user device
110 may receive information from and/or transmit information to the platform 120.

[0008] The platform 120 includes one or more devices as described elsewhere herein.
In some implementations, the platform 120 may include a cloud server or a group of cloud
servers. In some implementations, the platform 120 may be designed to be modular such that
software components may be swapped in or out. As such, the platform 120 may be easily
and/or quickly reconfigured for different uses.

[0009] In some implementations, as shown, the platform 120 may be hosted in a
cloud computing environment 122. Notably, while implementations described herein describe
the platform 120 as being hosted in the cloud computing environment 122, in some
implementations, the platform 120 may not be cloud-based (i.e., may be implemented outside
of a cloud computing environment) or may be partially cloud-based.

[0010] The cloud computing environment 122 includes an environment that hosts the
platform 120. The cloud computing environment 122 may provide computation, software,
data access, storage, etc. services that do not require end-user (e.g., the user device 110)
knowledge of a physical location and configuration of system(s) and/or device(s) that hosts
the platform 120. As shown, the cloud computing environment 122 may include a group of
computing resources 124 (referred to collectively as “computing resources 124 and

individually as “computing resource 1247).
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[0011] The computing resource 124 includes one or more personal computers,
workstation computers, server devices, or other types of computation and/or communication
devices. In some implementations, the computing resource 124 may host the platform 120.
The cloud resources may include compute instances executing in the computing resource
124, storage devices provided in the computing resource 124, data transfer devices provided
by the computing resource 124, etc. In some implementations, the computing resource 124
may communicate with other computing resources 124 via wired connections, wireless
connections, or a combination of wired and wireless connections.

[0012] As further shown in FIG. 1, the computing resource 124 includes a group of
cloud resources, such as one or more applications (“APPs™) 124-1, one or more virtual
machines (“VMs™) 124-2, virtualized storage (“VSs™) 124-3, one or more hypervisors
(“HYPs™) 124-4, or the like.

[0013] The application 124-1 includes one or more software applications that may be
provided to or accessed by the user device 110 and/or the platform 120. The application 124-
1 may eliminate a need to install and execute the software applications on the user device
110. For example, the application 124-1 may include software associated with the platform
120 and/or any other software capable of being provided via the cloud computing
environment 122. In some implementations, one application 124-1 may send/receive
information to/from one or more other applications 124-1, via the virtual machine 124-2.
[0014] The virtual machine 124-2 includes a software implementation of a machine
(e.g., a computer) that executes programs like a physical machine. The virtual machine 124-2
may be either a system virtual machine or a process virtual machine, depending upon use and
degree of correspondence to any real machine by the virtual machine 124-2. A system virtual
machine may provide a complete system platform that supports execution of a complete

operating system (“OS”). A process virtual machine may execute a single program, and may
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support a single process. In some implementations, the virtual machine 124-2 may execute on
behalf of a user (e.g., the user device 110), and may manage infrastructure of the cloud
computing environment 122, such as data management, synchronization, or long-duration
data transfers.

[0015] The virtualized storage 124-3 includes one or more storage systems and/or one
or more devices that use virtualization techniques within the storage systems or devices of the
computing resource 124. In some implementations, within the context of a storage system,
types of virtualizations may include block virtualization and file virtualization. Block
virtualization may refer to abstraction (or separation) of logical storage from physical storage
so that the storage system may be accessed without regard to physical storage or
heterogeneous structure. The separation may permit administrators of the storage system
flexibility in how the administrators manage storage for end users. File virtualization may
eliminate dependencies between data accessed at a file level and a location where files are
physically stored. This may enable optimization of storage use, server consolidation, and/or
performance of non-disruptive file migrations.

[0016] The hypervisor 124-4 may provide hardware virtualization techniques that
allow multiple operating systems (e.g., “guest operating systems™) to execute concurrently on
a host computer, such as the computing resource 124. The hypervisor 124-4 may present a
virtual operating platform to the guest operating systems, and may manage the execution of
the guest operating systems. Multiple instances of a variety of operating systems may share
virtualized hardware resources.

[0017] The network 130 includes one or more wired and/or wireless networks. For
example, the network 130 may include a cellular network (e.g., a fifth generation (5G)
network, a long-term evolution (LTE) network, a third generation (3G) network, a code

division multiple access (CDMA) network, etc.), a public land mobile network (PLMN), a
6
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local area network (LAN), a wide area network (WAN), a metropolitan area network (MAN),
a telephone network (e.g., the Public Switched Telephone Network (PSTN)), a private
network, an ad hoc network, an intranet, the Intemet, a fiber optic-based network, or the like,
and/or a combination of these or other types of networks.

[0018] The number and arrangement of devices and networks shown in FIG. 1 are
provided as an example. In practice, there may be additional devices and/or networks, fewer
devices and/or networks, different devices and/or networks, or differently arranged devices
and/or networks than those shown in FIG. 1. Furthermore, two or more devices shown in
FIG. 1 may be implemented within a single device, or a single device shown in FIG. 1 may
be implemented as multiple, distributed devices. Additionally, or alternatively, a set of
devices (e.g., one or more devices) of the environment 100 may perform one or more

functions described as being performed by another set of devices of the environment 100.

[0019] FIG. 2 is a block diagram of example components of one or more devices of
FIG. 1.
[0020] A device 200 may correspond to the user device 110 and/or the platform 120.

As shown in FIG. 2, the device 200 may include a bus 210, a processor 220, a memory 230, a
storage component 240, an input component 250, an output component 260, and a
communication interface 270.

[0021] The bus 210 includes a component that permits communication among the
components of the device 200. The processor 220 is implemented in hardware, firmware, or a
combination of hardware and software. The processor 220 is a central processing unit (CPU),
a graphics processing unit (GPU), an accelerated processing unit (APU), a microprocessor, a
microcontroller, a digital signal processor (DSP), a field-programmable gate array (FPGA),
an application-specific integrated circuit (ASIC), or another type of processing component. In

some implementations, the processor 220 includes one or more processors capable of being
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programmed to perform a function. The memory 230 includes a random access memory
(RAM), a read only memory (ROM), and/or another type of dynamic or static storage device
(e.g., a flash memory, a magnetic memory, and/or an optical memory) that stores information
and/or instructions for use by the processor 220.

[0022] The storage component 240 stores information and/or software related to the
operation and use of the device 200. For example, the storage component 240 may include a
hard disk (e.g., a magnetic disk, an optical disk, a magneto-optic disk, and/or a solid state
disk), a compact disc (CD), a digital versatile disc (DVD), a floppy disk, a cartridge, a
magnetic tape, and/or another type of non-transitory computer-readable medium, along with a
corresponding drive.

[0023] The input component 250 includes a component that permits the device 200 to
receive information, such as via user input (e.g., a touch screen display, a keyboard, a keypad,
a mouse, a button, a switch, and/or a microphone). Additionally, or alternatively, the input
component 250 may include a sensor for sensing information (e.g., a global positioning
system (GPS) component, an accelerometer, a gyroscope, and/or an actuator). The output
component 260 includes a component that provides output information from the device 200
(e.g., adisplay, a speaker, and/or one or more light-emitting diodes (LEDs)).

[0024] The communication interface 270 includes a transceiver-like component (e.g.,
a transceiver and/or a separate receiver and transmitter) that enables the device 200 to
communicate with other devices, such as via a wired connection, a wireless connection, or a
combination of wired and wireless connections. The communication interface 270 may
permit the device 200 to receive information from another device and/or provide information
to another device. For example, the communication interface 270 may include an Ethernet

interface, an optical interface, a coaxial interface, an infrared interface, a radio frequency
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(RF) interface, a universal serial bus (USB) interface, a Wi-Fi interface, a cellular network
interface, or the like.

[0025] The device 200 may perform one or more processes described herein. The
device 200 may perform these processes in response to the processor 220 executing software
instructions stored by a non-transitory computer-readable medium, such as the memory 230
and/or the storage component 240. A computer-readable medium is defined herein as a non-
transitory memory device. A memory device includes memory space within a single physical
storage device or memory space spread across multiple physical storage devices.

[0026] Software instructions may be read into the memory 230 and/or the storage
component 240 from another computer-readable medium or from another device via the
communication interface 270. When executed, software instructions stored in the memory
230 and/or the storage component 240 may cause the processor 220 to perform one or more
processes described herein. Additionally, or alternatively, hardwired circuitry may be used in
place of or in combination with software instructions to perform one or more processes
described herein. Thus, implementations described herein are not limited to any specific
combination of hardware circuitry and software.

[0027] The number and arrangement of components shown in FIG. 2 are provided as
an example. In practice, the device 200 may include additional components, fewer
components, different components, or differently arranged components than those shown in
FIG. 2. Additionally, or alternatively, a set of components (e.g., one or more components) of
the device 200 may perform one or more functions described as being performed by another
set of components of the device 200.

[0008] Given an input image X, the target of NIC is to use the image x as the input to
a DNN encoder to compute a compressed representation X that is compact for storage and

transmission purposes. And then, use the compressed representation X as the input to a DNN
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decoder to reconstruct an image X. Some NIC methods may take a variational autoencoder
(VAE) structure, where the DNN encoders directly use the entire image x as its input, which
is passed through a set of network layers that work like a black box to compute the output
representation (i.e. the compressed representation X). Correspondingly, the DNN decoders
take the entire compressed representation X as its input, which is passed through another set
of network layers that work like another black box to compute the reconstructed image x. A
Rate-Distortion (R-D) loss is optimized to achieve trade-off between the distortion loss

D (x, %) of the reconstructed image X and the bit consumption R of the compressed

representation X with a trade-off hyperparameter } using the following target loss function L

(x,%,%):
[0009] L (x,%x,X)=AD(x,%x) + R(X) Equation (1)
[0010] Embodiments relating to the preprocessing propose that, for each input image

to be compressed, online training may be used to find an optimal substitute and compress this
substitute instead of the original image. FIG. 3 is an example block diagram of a general
substitutional NIC framework 300, according to embodiments. As shown in FIG. 3, the
general substitutional NIC framework 300 includes a substitution module 310, an encoding
module 320, and a decoding module 330.

[0011] The input image x is passed through the substitution module 310 to generate a
substitutional image with minimal target loss according to equation (1). By using this
substitute, the encoding module 320 can achieve better compression performance. The
compressed image may be decoded using the decoding module 330 to generate a
reconstructed output z;. This method is used as a preprocessing step for boosting the
compression performance of any E2E NIC framework. It does not require any training or

fine-tuning on the pretrained compression model itself or any training data. A detailed
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method and an apparatus for the preprocessing model, according to one or more
embodiments, will now be described.

[0012] FIG. 4 is an example diagram illustrating a substitutional learning-based
image coding preprocessing model.

[0013] Leaming-based image compression can be viewed as a two-step mapping
process. As shown in FIG. 4, the original image x, in a high dimensional space is mapped to
a bit-stream with length R(xy) (an encoding mapping 400), which is then mapped back to the
original space at X, (a decoding mapping 410) with a distortion loss D (%, x;).

[0014] In an example embodiment, as shown in FIG. 4, if there exists a substitution
image x; such that it is mapped to a bit-stream with length R (x), which is then mapped to a
space J/CZ that is closer to the original image x, with a distortion loss D(J/Cz, Xo). Given a
distance measurement or loss function, better compression can be achieved using a
substitution image. Best compression performance is achieved at the global minimum of the
target loss function according to equation (1). In another example embodiment, substitutions
may be found in any middle steps of the ANN, to reduce the differences between the decoded
image x, and the original image x,.

[0015] Unlike in a model training phase where the gradient is used for updating the
model’s parameters, in the preprocessing model, the model’s parameters are fixed and the
gradient may be used to update the input image itself. The entire model is made differentiable
(so that the gradients can be backpropagated) by replacing the non-differentiable parts with
differentiable ones (e.g., replacing quantization with noise injection). Therefore, the above
optimization can be iteratively solved by gradient descent.

[0016] There are two key hyperparameters in this preprocessing model: step size and
number of steps. Step size indicates the ‘learning rate’ of the online training. Images with

different types of content may correspond to different step sizes to achieve the best
11
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optimization results. Number of steps indicates the number of updates operated. Together
with the target loss function L (x, &, X), the hyperparameters are used for the learning process.
For example, the step size may be used in a gradient descent algorithm or a backpropagation
calculation performed in the learning process. The number of iterations may be used as a
threshold of a maximum number of iterations to control when the learning process can be
terminated.

[0017] In an example embodiment, during the iterative online training, the learning
rate (i.e step size) can be altered in each step by a scheduler. The scheduler decides the
learning rate value, which may be increasing or decreasing. The leamning rate may also be
kept the same for one or more iterations of the online training.

[0018] According to embodiments, it may be a single scheduler or multiple different
schedulers deciding the learning rate for different input images. That is, multiple substitutions
are generated based on multiple schedulers. The scheduler with the best compression
performance is chosen for each substitution. Further, according to embodiments, an image
may be compressed by splitting to patches. To this end, multiple learning rate schedules may
be assigned for an image in order to achieve better compression results.

[0019] FIG. 5 is a flowchart of a method 500 of substitutional end-to-end (E2E)
neural image compression (NIC), according to the embodiments.

[0020] In some implementations, one or more process blocks of FIG. 5 may be
performed by the platform 120. In some implementations, one or more process blocks of FIG.
11 may be performed by another device or a group of devices separate from or including the
platform 120, such as the user device 110.

[0021] As shown in FIG. 5, in operation 510, the method 500 includes receiving an

input image to an E2E NIC framework.
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[0022] In operation 520, the method 500 includes determining a step size of the input
image indicating a learning rate of a training model.

[0023] In operation 530, the method 500 includes determining a substitute image,
based on a training model. The substitution image may be determined by an optimization
process of the training model. This is done by adjusting elements of the input image to
generate substitute representations, and selecting the elements with a least distortion loss
between the input image and the substitute representations to use as the substitute image.
Further, the training model may be trained based on the determined step size, a number of
updates to the input image, and a distortion loss. The step size may be increasing, decreasing,
or kept the same for one or more iterations of the training model. One or more substitute
images may be generated based on the different step sizes. Step size values corresponding to
the different step sizes may be determined based on schedulers. A substitute image based on a
step size resulting in better compression performance is selected. Alternatively, the input
image may be split into patches and each of the patches assigned a different scheduler.
[0024] The substitute image exist such that it maps to the input image, and a distance
between the substitute image to a reconstructed image of the input image is shorter than a
distance between the substitute image to the input image as measured by a distance
measurement or loss function.

[0025] In operation 540, the method 500 includes encoding the substitute image in
lieu of the input image to generate a bitstream.

[0026] In operation 550, the method 500 includes mapping the substitute image to the
bitstream to generate a compressed representation. In embodiments, one or more of the
bitstream or the compressed representation may be transmitted to, for example, a decoder

and/or a receiving apparatus.
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[0027] In the case of the input image being split into patches, a substitute patch is
determined for each patch and each substitute patch is encoded and compressed according to
operations 530-550.

[0028] The method 500 may use an artificial neural network based on a pretrained
image coding model wherein the parameters of the artificial neural network are fixed and a
gradient is used to update the input image.

[0029] Although FIG. 5 shows example blocks of the method, in some
implementations, the method may include additional blocks, fewer blocks, different blocks,
or differently arranged blocks than those depicted in FIG. 5. Additionally, or alternatively,
two or more of the blocks of the method may be performed in parallel.

[0030] FIG. 6 is a block diagram of an apparatus 600 of substitutional end-to-end
(E2E) neural image compression (NIC), according to the embodiments.

[0031] As shown in FIG. 6, the apparatus 600 includes receiving code 610, step size
determining code 620, determining code 630, encoding code 640, and mapping code 650.
[0032] The receiving code 610 is configured to cause the at least one processor to
receive an input image to an E2E NIC framework.

[0033] The step size determining code 620 is configured to cause the at least one
processor to determine a step size of the input image indicating a learning rate of a training
model.

[0034] The determining code 630 is configured to cause the at least one processor to
determine a substitute image, based on a training model.

[0035] The encoding code 640 is configured to cause the at least one processor to
encode the substitute image in lieu of the input image to generate a bitstream.

[0036] The mapping code 650 is configured to cause the at least one processor to map

the substitute image to the bitstream to generate a compressed representation.
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[0037] The substitution image determined by the determining code 620 may be
determined by an optimization process of the training model. This is done by adjusting code
configured to cause the at least one processor to adjust elements of the input image to
generate substitute representations, and selecting code configured to cause the at least one
processor to select the elements with a least distortion loss between the input image and the
substitute representations as the substitute image. Further, the training model may be trained
based on the determined step size, a number of updates to the input image, and a distortion
loss. The step size may be increasing, decreasing, or kept the same for one or more iterations
of the training model. One or more substitute images may be generated based on the different
step sizes. The step size values corresponding to the plurality of step sizes are determined
based on a plurality of schedulers. Additionally, the input image may be split into patches
where each of the patches are assigned a different scheduler and encoded.

[0038] The substitute image exist such that it maps to the input image, and a distance
between the substitute image to a reconstructed image of the input image is shorter than a
distance between the substitute image to the input image as measured by a distance
measurement or loss function.

[0039] Additionally, the apparatus 600 may use an artificial neural network based on
a pretrained image coding model wherein the parameters of the artificial neural network are
fixed and a gradient is used to update the input image.

[0040] Although FIG. 6 shows example blocks of the apparatus, in some
implementations, the apparatus may include additional blocks, fewer blocks, different blocks,
or differently arranged blocks than those depicted in FIG. 6. Additionally, or alternatively,

two or more of the blocks of the apparatus may be combined.
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[0041] Embodiments herein describe E2E image compression methods. The methods
exploit substitution mechanisms to improve the NIC coding efficiency by using a flexible and
general framework that accommodates various types of quality metrics.

[0028] The E2E image compression methods, according to one or more embodiments,
may be used separately or combined in any order. Further, each of the methods (or
embodiments), encoder, and decoder may be implemented by processing circuitry (e.g., one
or more processors or one or more integrated circuits). In one example, the one or more
processors execute a program that is stored in a non-transitory computer-readable medium.
[0029] The foregoing disclosure provides illustration and description, but is not
intended to be exhaustive or to limit the implementations to the precise form disclosed.
Modifications and variations are possible in light of the above disclosure or may be acquired
from practice of the implementations.

[0030] As used herein, the term component is intended to be broadly construed as
hardware, firmware, or a combination of hardware and software.

[0031] It will be apparent that systems and/or methods, described herein, may be
implemented in different forms of hardware, firmware, or a combination of hardware and
software. The actual specialized control hardware or software code used to implement these
systems and/or methods is not limiting of the implementations. Thus, the operation and
behavior of the systems and/or methods were described herein without reference to specific
software code—it being understood that software and hardware may be designed to
implement the systems and/or methods based on the description herein.

[0032] Even though combinations of features are recited in the claims and/or
disclosed in the specification, these combinations are not intended to limit the disclosure of
possible implementations. In fact, many of these features may be combined in ways not

specifically recited in the claims and/or disclosed in the specification. Although each
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dependent claim listed below may directly depend on only one claim, the disclosure of
possible implementations includes each dependent claim in combination with every other
claim in the claim set.

[0033] No element, act, or instruction used herein may be construed as critical or
essential unless explicitly described as such. Also, as used herein, the articles “a” and “an”
are intended to include one or more items, and may be used interchangeably with “one or
more.” Furthermore, as used herein, the term “set” is intended to include one or more items
(e.g., related items, unrelated items, a combination of related and unrelated items, etc.), and
may be used interchangeably with “one or more.” Where only one item is intended, the term
“one” or similar language is used. Also, as used herein, the terms “has,” “have,” “having,” or
the like are intended to be open-ended terms. Further, the phrase “based on” is intended to

mean “based, at least in part, on” unless explicitly stated otherwise.
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WHAT IS CLAIMS IS:

1. A method of substitutional end-to-end (E2E) neural image compression (NIC)
using a neural network performed by at least one processor, the method comprising:

receiving an input image to an E2E NIC framework;

determining a step size of the input image indicating a leaming rate of a training
model;

determining a substitute image, based on the training model;

encoding the substitute image in lieu of the input image to generate a bitstream; and

mapping the substitute image to the bitstream to generate a compressed

representation.

2. The method according to claim 1, wherein the substitute image is determined
by performing an optimization process of the training model, comprising;

adjusting elements of the input image to generate substitute representations; and

selecting the elements with a least distortion loss between the input image and the

substitute representations to use as the substitute image.

3. The method according to claim 1, wherein the substitute image maps to the
input image; and

wherein a distance between the substitute image to a reconstructed image of the input
image is shorter than a distance between the substitute image to the input image as measured

by a distance measurement or loss function.

4. The method according to claim 1, wherein the training model is trained based

on the determined step size, a number of updates to the input image, and a distortion loss; and
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wherein the step size can be increasing, decreasing, or kept the same for one or more

iterations of the training model.

5. The method according to claim 1, wherein a plurality of substitute images are
determined based a plurality of step sizes,

wherein step size values corresponding to the plurality of step sizes are determined
based on a plurality of schedulers, and

a substitution image with a highest compression performance is selected for encoding.

6. The method according to claim 5, further comprising:
splitting the input image into one or more patches,
wherein each of the one or more patches is assigned a scheduler from the plurality of

schedulers.

7. The method according to claim 1, wherein the training model is an artificial
neural network based on pretrained image coding, and
wherein parameters of the artificial neural network are fixed and a gradient is used to

update the input image.

8. An apparatus for substitutional end-to-end (E2E) neural image compression
(NIC) using a neural network, the apparatus comprising:

at least one memory configured to store program code; and

at least one processor configured to read the program code and operate as instructed

by the program code, the program code comprising:
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receiving code configured to cause the at least one processor to receive an input image
to an E2E NIC framework;

step size determining code configured to cause the at least one processor to determine
a step size of the input image indicating a learning rate of a training model;

determining code configured to cause the at least one processor to determine a
substitute image, based on the training model,;

encoding code configured to cause the at least one processor to encode the substitute
in lieu of the input image image to generate a bitstream; and

mapping code configured to cause the at least one processor to map the substitute

image to the bitstream to generate a compressed representation.

9. The apparatus according to claim 8, wherein the substitute image is
determined by performing an optimization process of the training model, comprising;

adjusting code configured to cause the at least one processor to adjust elements of the
input image to generate substitute representations; and

selecting code configured to cause the at least one processor to select the elements
with a least distortion loss between the input image and the substitute representations to use

as the substitute image.

10. The apparatus according to claim 8, wherein the substitute image maps to the
input image; and

wherein a distance between the substitute image to a reconstructed image of the input
image is shorter than a distance between the substitute image to the input image as measured

by a distance measurement or loss function.
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11.  The apparatus according to claim 8, wherein the training model is trained
based the determined step size, a number of updates to the input image, and a distortion loss;
and

wherein the step size can be increasing, decreasing, or kept the same for one or more

iterations of the training model.

12. The method according to claim 8, wherein a plurality of substitute images are
determined based a plurality of step sizes,

wherein step size values corresponding to the plurality of step sizes are determined
based on a plurality of schedulers, and

a substitution image with a highest compression performance is selected for encoding.

13. The apparatus according to claim 12, further comprising;
splitting code configured to cause the at least one processor to split the input image
into one or more patches;

wherein each of the one or more patches is assigned a scheduler from the plurality of

schedulers.

14.  The apparatus according to claim 8, wherein the training model is an artificial
neural network based on pretrained image coding, and
wherein parameters of the artificial neural network are fixed and a gradient is used to

update the input image.
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15. A non-transitory computer readable medium storing instructions that, when

executed by at least one processor for substitutional end-to-end (E2E) neural image
compression (NIC), cause the at least one processor to:

receive an input image to an E2E NIC framework;

determine a step size of the input image indicating a learning rate of a training model;

determine a substitute image, based on the training model;

encode the substitute image in lieu of the input image to generate a bitstream;

map the substitute image to the bitstream to generate a compressed representation.

16. The non-transitory computer readable medium of claim 15, wherein the
instructions, when executed by the at least one processor, further cause the at least one
processor to performing an optimization process of the training model, comprising:

adjust elements of the input image to generate substitute representations; and

select the elements with a least distortion loss between the input image and the

substitute representations to use as the substitute image.

17.  The non-transitory computer readable medium of claim 15, wherein the

substitute image maps to the input image; and

wherein a distance between the substitute image to a reconstructed image of the input

image is shorter than a distance between the substitute image to the input image as measured

by a distance measurement or loss function.

18. The non-transitory computer readable medium of claim 15, wherein the

training model is trained based on the determined step size, a number of updates to the input

image, and a distortion loss; and
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wherein the step size can be increasing, decreasing, or kept the same for one or more

iterations of the training model.

19.  The non-transitory computer readable medium of claim 15, wherein a plurality
of substitute images are determined based a plurality of step sizes,

wherein step size values corresponding to the plurality of step sizes are determined
based on a plurality of schedulers, and

a substitution image with a highest compression performance is selected for encoding.

20. The non-transitory computer readable medium of claim 19, wherein the
instructions, when executed by the at least one processor, further cause the at least one
processor to:

split the input image into one or more patches,

wherein each of the one or more patches is assigned a scheduler from the plurality of

schedulers.
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