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QUALITY-ADAPTIVE NEURAL NETWORK-BASED LOOP FILTER WITH SMOOTH

QUALITY CONTROL BY META-LEARNING

CROSS-REFERENCE TO RELATED APPLICATION
[0001] This application is based on and claims priority to U.S. Provisional Patent
Application No. 63/176,787, filed on April 19, 2021, the disclosure of which is incorporated by

reference heretn in its entirety.

BACKGROUND
[0002] Video coding standards such as H.264/Advanced Video Coding (H.264/AV(),

High-Efficiency Video Coding (HEVC) and Versatile Video Coding (VV() share a similar
{recursive) block-based hybrid prediction and/or transform framework. In such standards, to
optimize the overall efficiency, individual coding tools like the intra/inter prediction, integer
transforms, and coniext-adaptive eniropy coding, are intensively handerafied. These individual
coding tools leverage spatiotemporal pixel neighborhoods for predictive signal construction, to
obtain corresponding residuals for subsequent transform, quantization, and entropy coding.
Neural networks on the other hand extract different levels of spatiotemporal stimuli by analyzing
spatiotemporal information from the receptive field of neighboring pixels, essentially exploring
highly nonlinearity and nonlocal spatictemporal cosrelations. There is a need to explore
improved compression quality using highly nonlinear and nonlocal spatiotemporal correlations.
[0003] Methods of lossy video compression often suffer from the compressed video
having artefacts which severely degrade the Quality of Experience {QoE). The amount of
distortion tolerated often depends on the application, but in general, the higher the compression

ratio, the larger the distortion. Compression quality may be influenced by many factors. For
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example, the gquantization parameter (QP) determines the quantization step size, and the larger
the (P value, the larger the quantization step size, and the larger the distortion. To accommodate
different requests of users, the video coding methods need the ability to compress videos with
different compression qualities.

[0004] Although previous approaches involving deep neural networks (DINNs) have
shown promising performance by enhancing video quality of the compressed video, itis a
challenge for neural network-based (NN} quality eshancement methods to accoramodate
different QP settings. As an example, in previous approaches, ¢ach QP value is treated as an
individual task and one NN model instance is trained and deployed for each QF value. In
practice, different input channels have different QP values, e.g., chroma and luma components
having different QP values. In such a situation, previous approaches require a combinatorial
aumber of NN model instances. When more and ditferent types off quality settings are added,
the number of combinatorial NN models becomes prohibitively large. Moreover, a model
instance trained for a specific setting of quality factors (QF) generally does not work well for
other settings. While an entire video sequence usually has the same settings for some QF
parameters, to achieve best enhancement effects, different frames may require different QF
parameters. Therefore, methods, systems, and apparatuses that provide flexible quality control

with arbitrary smooth settings of the QF parameters are required.

SUMMARY
[0005] According to embodiments, a method for video enhancement based on neural
network based loop filtering using meta learning is provided. The method may be executed by at

feast one processor, and the method may include receiving reconsiructed video data; recetving
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one or more quality factors associated with the reconstructed video data; and generating
enhanced video data with artefact reduction, based on the one or more quality factors and the
reconstructed video data, using a neural network based loop filter, wherein the neural network
based loop filter comprises neural network based loop filter parameters that include shared
parameters and adaptive parameters.

[0006] According to embodiments, an apparatus for video enhancement based on neural
network based loop filtering using meta learniog is provided. The apparatus may include at least
one memory configured fo store program code; and at {east one processor configured to read the
program code and operate as instructed by the program code. The program code may include
first receiving code configured to cause the at feast one processor to receive reconstructed video
data; second receiving code configured to cause the at least one processor {o receive ong or more
quality factors associated with the reconstructed video data; and first generating code configured
to cause the at least one processor to generate enhanced video data with artefact reduction, based
on the one or more quality factors and the reconstructed video data, using a neural network based
loop filter, wherein the neural network based loop filter comprises neural network based loop
filter parameters that include shared parameters and adaptive parameters.

[0007] According to embediments, a non-transitory computer-readable medium that
stores instructions may be provided. The instructions, when executed by at least one processor,
cause the at least ovne processor to receive reconstructed video data; receive one or more quality
factors associated with the reconstructed video data; and generate enhanced video data with
artefact reduction, based on the one or more quality factors and the reconstructed video data,

using a neural network based loop filter, wherein the neural network based loop filter comprises
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nieural network based loop filter parameters that include shared parameters and adaptive

parameters.

BRIEF DESCRIPTION OF THE DRAWINGS
[0008] FIG. 1 is a diagram of an environment in which methods, apparatuses and systems
described herein may be implemented

according to embodiments.

>

100091 FIG. 2 is a block diagram of example components of one or more devices of FIG.
1.
[0010] FIGS. 3A and 3B are block diagrams of meta neural network loop filter {meta-

NNLF) architectures for video enhancement using meta learning, according to embodiments,
[0011] FIG. 4 is a block diagram of an apparatus for meta-NNLF model for video
enhancement using meta learning, according to embodiments.

{00127 FIG. S is a block diagram of a training apparatus for meta-NNLF for video
enhancement using meta learning, according to embodiments.

[0013] FIGK. 6A and 6B are flowcharts illustrating a process for video enhancement

using meta-NNLP, according to embodiments.

DETAILED DESCRIPTION
[0014] Embodiments of the present disclosure describe methods, systems, and
apparatuses for a quality-adaptive neural network-based loop filtering (QANNLF) for processing
a decoded video to reduce one or more types on artefacts such as noises, blur, block effects, ete.
In embodiments, a meta neural network-based loop filtering {meta-NNLF} method and/or
process is described to adaptively compute quality-adaptive weight parameters of the underlying

neural network-based loop filtering (NNLF) model based on based on the current decoded video

A
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and theQF of the decoded video, such as the Coding Tree Unit {CTU) partition, the QP, the
deblocking filter boundary strength, the CU intra prediction mode, etc. According to
embodiments of the present disclosure only one Meta-NNLF model instance may achieve
effective artifact reduction over decoded videos with arbitrary smooth QF settings, including the
seen settings in the training process and the unseen settings in actual application.

(00157 FIG. 118 a diagram of an environment 100 in which methods, apparatuses and
systems described herein may be iroplemented, according to embodiments,

[0016] 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.

[0017] The user device 110 may include 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, efc.), a mobile
phone {e.g., a smart phone, a radiotelephone, etc ), a wearable device {e.g., a pair of smarnt
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.

[0018] The platform 120 may include one or more devices as described elsewhere herein.
In some implementations, the platforro 120 may include a cloud server or a group of cloud
servers. In some implermentations, 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.
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[0019] 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 (7.e., may be implemented cutside of a cloud
computing environment} or may be partially cloud-based.

[0020] The cloud computing environment 122 may include an environment that hosts the
platform 120. The cloud computing eavironment 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”7 and individually as “computing
resource 1247),

[0021] The computing resource 124 may include one or more personal computers,
workstation computers, server devices, or other types of computation and/or communication
devices. In some implernentations, 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, ete. 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.

100227 As further shown in FIG. 1, the computing resource 124 may include a group of

cloud resources, such as one or more applications (TAPPs”) 124-1, one or more virtual machines
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{("VMs”) 124-2, virtualized storage (“V$s7) 124-3, one or more hypervisors (“"HYPs”) 124-4, or
the like.

[0023] The application 124-1 may include one or more software applications that roay 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 capabie 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.

[0024] The virtual machine 124-2 may include s software implementation of a machine
{e.gz., a compuier) that executes programws 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 systern {087}, A process virtual machine may execute a single program, and way
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.

{00251 The virtualized storage 124-3 may include one or more storage systems and/or
one or more devices that use virtualization technigues within the storage systems or devices of

the computing resource 124 In some implementations, within the context of a storage system,
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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.

[0026] The hypervisor 124-4 may provide hardware virtualization techniques that aliow

33

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.

(00271 The network 130 may include 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 local area network
(LAN), a wide area network (W AN}, a metropolitan area network (MAN}, a telephone network

¢

{e.g., the Public Switched Telephone Network (PSTN}), a private network, an ad hoc natwork, an

intranet, the Internet, a fiber optic-based network, or the like, and/or a combination of these or

other types of networks.
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[0028] 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

[0029] FIG. 2 1s a block diagram of example components of one or more devices of FIG.
i
[0030] A device 200 may correspond 1o 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.

[O031] The bus 210 may include a coraponent that permits comununication among the
components of the device 200. The processor 220 may be implemented in hardware, firmware,
or a combination of hardware and software. The processor 220 may be a central processing unit
(CPU), a graphics processing unit (GPU), an accelerated processing untt (APU), a
microprocessor, a microcontroller, a digital signal processor (BSP), a field-programmable gate
array (FPGA), an application-specific integrated circuit {ASIC), or ancther type of processing
component. In some implementations, the processor 220 may include one or more processors

capable of being prograrmamed to perform a function. The memory 230 may include a random
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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 mermory) that stores
information and/or instructions for use by the processor 220.

[0032] 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 sohid 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.

[0033] The input component 250 may include 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 may include a component that provides output information from the device 200 {e.g., a
display, a speaker, and/or one or more light-emitiing dicdes (LEDs)).

[0034] The communication interface 270 may include a transceiver-like component {e.g.,
a transceiver and/or g separate receiver and transmitier) that enables the device 200 to
communicate with other devices, such as via a wired connection, a wireless connection, or g
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 anocther

device. For example, the communication interface 270 may include an Ethemnet interface, an
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optical interface, a coaxial interface, an infrared interface, a radio frequency (RF) interface, a
universal serial bus (USB) interface, a Wi-Fi interface, a cellular network interface, or the like.
[0035] 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 may be defined herein as a
non-transitory memory device. A memory device may include memory space within a single
physical storage device or memory space spread across multiple physical storage devices.
[0036] 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 insiructions 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.

[0037] 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.
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(00397 Methods and apparatuses for video enhancement based on neural network based
foop filtering using meta learning will now be described in detail.

100401 This disclosure proposes a QANNLE mechanism to supports flexible quality
control with arbitrary smooth settings of QF parameters for the compressed viden. According to
embodiments, meta-learning mechanism may be used to adaptively compute the quality-adaptive
weight parameters of the underlying NNLF model based on the current decoded video and the
OF parameters, enabling a single Meta-NNLF model instance to enhance decoded videos with
different and arbitrary smooth QF settings.

[0041] Embodiments of the present disclosure relate to enhancing decoded videos to
achieve effective artifact reduction over decoded videos with arbitrary smooth QF settings,
including the seen settings in the training process and the unseen settings in actual application.
[0042] Generally, a video compression framework may be described as follows. Given
an input videc comprising of plurality of image inputs x4, ... Xy where each input image x, may
be of size {4,w,c}, may be an entire frame or a micro-block in an image trame such as a CTU
where &, w, ¢ are a height, a width, and a number of channels, respectively. Each image frame
may be a color image (¢ = 3), a gray-scale image (¢ = 1), an rgb + depth image (¢ = 4}, etc. To
encode video data, in a first motion estimation step, the input image{s} may be further partitioned
into spatial blocks, each blocks partitioned into smaller blocks iteratively, and a set of motion
vectors m,; between a current input x; and a set of previous reconstructed inputs {f]}t_lis
computed for each block. The subscript ¢ denotes the current #~th encoding cycle, which may not

match the timne starup of the image input. Additionally, {@} ,may contain reconstructed inputs

e
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from multiple previous encoding cycles, such that the tiroe difference between inputs in {Jg}ti
may vary arbitrarily. Then, in a second motion compensation step, a predicted input ¥, may be
obtained by copying the corresponding pixels of the previous {:@}fl based on motion vectors
m,. Then, a residual r; between the original input x, and the predicted input %, may be obtained
Then a quantization step may be performed where the residual 1 may be quantized. According
to embodiments, transformations such as DCT where the DCT coefficients of 1, are guantized
are performed prior quantizing the restdual 7. A result of the quantization may be a quantized
;. Then both the motion vectors m; and quantized ¥, are encoded into bitstreams using entropy
coding and sent to decoders. On the decoder side, the quantized §; may be dequantized to obtain
the residual r, which is then added back to the predicted input %, to obtain reconstructed input
Z.. Without hmitations, any method or process may be used for dequantization, such as inverse
transformations like IBCT with the dequantized coefficients. Additionally, without limitation,
any video compression method or coding standard may be used.

[0043] in previous approaches, one or mukltiple enhancement modules may be selected to
process reconstructed X, including Deblocking Filter (DF), Sample-Adaptive Offset (SAC),
Adaptive Loop Filter (ALF), Cross-Component Adaptive Loop Filter (CCALF), etc, to enhance
the visual quality of the reconstructed input ¥,

[0044] Embodiments of the present disclosure are directed to further improving the
visual quality of the reconstructed input £,. According to embodiments of the present disclosure,
a QANNLF mechanism may be provided for enhancing the visual quality of the reconstructed
input ¥, of a video coding system. The target is to reduce artifacts such as noises, blur, blocky

effects in £, resulting in a high-quality 2. More specifically, a meta-NNLF method may be used
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to compute £ with only one model instance that may accommodate multiple and arbitrary
smooth QF settings.

{00457 According to erobodirnents of the present disclosure, the proposed QANNLF and
meta-NNLF may be used in combination with one or multiple of the previously mentioned
additional components (i.e, DF, SAQ, ALF, CCALF etc.) to improve the visual quality of the
reconstructed input £,. As an example, the reconstructed input £, may go through DF first,
followed by the Meta~-NNLF, further followed by SAQ and ALF. The order of how these
components may be change arbitrarily. In one embodiment, the proposed method may be used
alone as a replacement of all the other components to enhance the visual quality of reconstructed
input £, to obtain enhanced £f.

[0046] Embodiments of the proposed meta-NNLF mechanism may operate on frame, tile,
slice, CTU and/or CU level, in combination with one or multiple of the above mentioned
additional components {e.g., DF, SAD, ALF, CCALF etc.). In other words, reconstructed input
%, may be one entire frame when fed into the Meta-NNLF, but in some embodiments, the

reconstructed input X, may also be a block when fed inte the Meta-NNLF, e.g., a tile, slice, CTU

or CU.
(00471 FIGS. 3A and 3B are block diagrams of meta-NNLF architectures 300A and

300B for for video enhancement using meta learning, according to embodiments.

[0048] As shown in FIG. 34, the meta-NNLF architecture 300A may include a shared
NNLF NN 305, an adaptive NNLF NN 310.

[0049] As shown in FIG. 3B, the meta-NNLF architecture 300B may include shared

NNLF layers 325 and 330, and adaptive NNLF layers 335 and 340

-14-



WO 2022/225643 PCT/US2022/021870

[0050] in this disclosure, model parameters of an underlying NNLF model are separated
into 2 parts 8, 8, denoting Shared NNLF Parameters (SNNLFP) and the Adaptive NNLF
Parameters {ANNLFP), respectively. FIGS. 3A and 3B show two embodiments of an NNLF
network architecture.

[0051] In FIG. 3A, Shared NNLF NN with SNNLFP &, and the Adaptive NNLF NN
with ANNLFP 8, areseparated individual NN modules, and these individual modules are
connected to each other sequentially for network forward computation. Here, FIG. 3A shows a
sequential order of connecting these individual NN modules. Other orders may be used here.
[0052] In FIG. 3B, a parameter split is within NN layers. Let 8,(0), 8,({) denote the
SINLFP and ANNLEP for the /-th layer of the NNLF model, respectively. The network wiil
compute the inference outputs based on the corresponding inputs for the SNNLFP and ANNLFP
respectively, and these outputs will be combined (e.g., by addition, concatenation, roultiplication,
etc.y and then send to the next layer.

[O053] The embodiment of FIG. 3A may be seen as a case of FIG. 3B, in which layers in
the Shared NNLF NN 325 8,(i) may be empty, layers in the adaptive NNLF NN 340 8, (i} may
be empty. Therefore, in other embodiments, the network structures of FIGS. 3A and 3B may be
combined.

[0054] FIG 4 13 a block diagram of an apparatus 400 for meta-NNLF for video
enhancement using meta learning, during a test stage, according to embodiments.

[0055] FI1G. 4A shows an overall workflow of the test stage or inference stage of the
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[0056] Let reconstructed input X of size (hw,c,d) denote the input of the Meta-NNLF
system, where 4, w, ¢, 4 are the height, width, number of channels, and number of frames,
respectively. Thus, a numberof d — 1 {d — 1 = ) adjacent frames of £; may be used together
with £, as input £, to help generate the enhanced £/, These multiple adjacent frames usually
include a set of previous frames {£,'}, { < t, where each & may be decoded frame ¥ or the
enhanced frame 2 at a time /. Let A, denote QF setting, each &, associated with each £] to
provide the corresponding QF information, and A, may be the QF setting for the current decoded
frame Z;. The QF settings may include various types of quality control factors, such as the QP
value, the CU intra prediction mode, the CTU partition, the deblocking fitter boundary strength,
the CU motion vector, and so on.

[0057] Let 8,(0) and 8,({) denote the SNNLFP and ANNLFP for the i-th layer of the
Meta-NNLF model 400, respectively. This is a general notation, since for a layer that may be
completely shared, 8,(i) is empty. For a layer that may be completely adaptive, 8,{{) may be
empty. In other words, this notation may be used for both embodiments of FIGS. 3A and 3B.
[0058] An example embodiment of an inference workflow of the meta-NNLF model 400
for an i-th layer is provided.

[0059] Given the tuput X, and given the QF settings A,, the Meta-NNLF method
computes the enhanced £ Let £(i) and f{i + 1) denote the input and output tensor of the j-th
tayer of the Meta-NNLF model 400. Based on a current input A7) and 8,(f), the SNNLFP
Inference portion 412 computes a shared feature g{i) based on a shared inference function
Gi{(f{D),8,(i}) ) that may be modeled by a forward computation using the SEP in the i-th layer.

Based on f{{}, g{i),8,¢(i) and A, an ANNLFP Prediction portion 414 computes an estimated
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ANNLEFP 8,(i) for the i-th layer. The ANNLFP prediction portion 414 may be an NN, e.g,
including convolution and fully connected layers, which predicts the updated 8,(1) based on the
original ANNLFP 6,(i), the current input, and the QF settings A;. In some embodiments, the
current input A7} may be used as an input to the ANNLFP prediction portion 414, In some other
embodiments, the shared feature g{i} may be used instead of the current input /7). In other
embodiments, an SNNLFP loss may be computed based on the shared feature g(i), and a
gradient of the oss may be used as input to the ANNLFP prediction portion 414, Based on the
estimated ANNLFP 8, (i) and the shared feature g{i), the ANNLFP inference portion 416
computes an output tensor Ai+1) based on an ANNLFP inference function A;(g(i}, 8,(1)) that
may be modeled by the forward computation using the estimated AEP in the i-th layer.

[0060] Note that the workflow described in FIG. 4 1s an example notation. For a layer
that may be completely shared with the 8, (i) being empty, ANNLFP-related modules and

Fi + 1) = g(@) may be omitted. For a layer that may be completely adaptive with the

A.(i) being empty, SNNLFP-related modules and g{i) = F(i) may be omitted.

(00617 Assume there are a total of NV layers for the meta-NNLF model 400, an output of a
fast layer may be the enhanced 2],

[0062] Note that the meta-NNLF framework allows an arbitrary smooth QF settings for
flexible quality control. In other words, the processing workflow described above will be able to
enhance the quality of decoded frame with arbitrary smooth QF settings that may or may not be
included in the training stage.

[0063] In a case, when the ANNLFP prediction pottion 414 only performs prediction

over a pre~defined set of QF settings with/without considering the input £7), a meta~-NNLF model
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reduces to a multi-QF NNLF model which uses one NNLF model instance to accommodate the
enhancement of multiple pre-defined QF settings. Other reduced special cases may certainly be
covered here,

[0064] FIG. 5 is a block diagram of a training apparatus 500 for meta-NNLF for video
enhancement using meta learning, during a training stage, according to embodiments.

[0065] As shown in FIG. 5, the training apparatus 500 may include a task sampler 510,
an inner-loop loss generator S20, an inner-foop update portion 530, a meta loss generator 540, a
meta update portion 550 and a weight update portion 560.

[0066] A training process aims at learning the SNNLFP 6,(i) and ANNLEFP ,(i),i =
1, -+, N for the Meta-NNLF model 400, as well as the ANNLFP Prediction NN {model
parameters denoted as @)
[0067] In embodiments, a Model-Agnostic Meta-Learning (MAML) mechanism may be
used for a training purpose. FIG. 5 gives an example workflow of a meta-training framework.
Other meta-training algorithms may be used here,

[0068] For training, there may be a set of training data Uy, (Ai) i=1,- K, where each
Gy (1“3) corresponds to a training QF setting, and there are K training QF settings (thus K
training data sets}) in total. For training, there may be g, different training QP values,

Gery different training CTU partitions, etc., and there may be a finite number of K = g, X
dery X -+ different training QF settings. Therefore, each training data set Uy, (Ai) may be
associated with each of these OF settings. In addition, there may be a set of validation data

Opai (Aj }, j=1,-, P, where each O, (Aj ) corresponds to a validation QF settings, and there

are P validation QF settings in total. The validation QF settings may include different values
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from the training set. The validation QF settings may also have same values as those from the
training set.

[0069] An overall trainiog goal is to fearn a meta-NNLF model so that it way be broadly
applied to all {including training and future unseen) values of QF settings. The assumption being
that an NNLF task with a QF setting may be drawn from a task distribution P{A). To achieve the
training goal mentioned above, a oss for leaming the meta-NNLF model may be minimized
across all training data sets across all training QF settings.

[0070] The MAML training process may have an outer loop and an inner loop for
gradient-based parameter updates. For each outer loop tteration, the task sampler S10 fivst
samples a set of K’ training QF settings (K' < K). Then for each sampled training QF setting AY,
the task sampler 510 samples a set of training data 3, (Ai:) from the set of training data Oy, (A‘}
Also, the task sampler 510 samples a set of P/ (P’ < P) validation GF settings, and for each
sampled validation QF setting A/, samples a set of validation data amg(A-'i ) from the set of
validation data 0,4 (Ai } Then for each sampled datum 7, € O, (Ai}q a meta-NNLF forward
computation may be conducted based oo current parameters 8, 8,, and @ and the inner-loop

foss generator 520 then computes an accumulated inner-loop foss i”:,a”,»,&g)(ﬁs, 85, @,Ai):

(¥

[0071] Lﬁtr‘:‘,\i}({%; O ®A) = Tg e, (a) L 20 86, 0, ©,4D (1)
[0072] The loss function L{ £, 85, 8, ©, A" may include a distortion loss between a

. ¢ o o o
ground-truth image xtg and the enhanced output £f*; D(x‘f ,2{) and some other regularization

toss (e.g., auxiliary loss of distinguishing the intermediate network output targeting at different

-10-
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(JF factors). Any distortion metric may be used, e.g., MSE, MAE, S8IM, etc., may be used as
D{ 1{‘1? AZL

[0073] Then, based on the inner-loop loss Ly, ( Ai}(f)s, 8q, P, A", given step sizes a; and
ey as quality control parameters/hyperparameters for A’ the inner-loop update portion 530

computes an updated task-specific parameter update:

[0074] B, =0, — 35 Ve I 5, m(a 8., ®, AL, (2); and
[0075] 6, =0,-3%, iV, L5, ity (Be B B, A (3).
[0076] Gradient Vgalfﬁ-tr(l\i){gs, 8,9, /‘\i) and gradient Vgsi,ﬁ-w(Ai) (i‘)s, 8, B, A"':) of the

accumulated inner-loop loss Lvﬁﬁ_( Az)(ﬁg, A, @, A‘} may be used to compute an updated version
of adaptive patameters 8, and 8,, respectively.
[0077] Then, a meta loss generator 540 computes an outer meta objective or loss over all

sampled validation quality control parameters:

[0078] L(8s 60, @) = 55, L, a1y (0 B, 09), (4): and
[0079] LU 1(41\(85' ‘L}a; P, A ) Lax,@(‘t, (& )l ( X 6’0 Qa, P, A ) (S)>
[0080] where L( £;, 8., 85, @, ) may be the loss computed for decoded frame £, based

on the meta-NNLF forward computation using parameters 8, 8, @, with QF setting A/ Given
step size f3,; and f3,;; as hyperparameters for A, the meta update portion 550 updates the model
parameters as:

Ar Pt N j Sy
[0081] Oy = 8y — Ejaa ,L?ajvgal,ﬁvmw)(_gs; g, 9, A}) (6}, and

[0082] b = 6 — 5y By Vs, Ly, (1) (B B B, 8T (7).
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100831 in some embodiments, 8, may not be updated in the inner loop, i.e, oy = 0,

8, = 0,. The non-updation helps to stabilize the training process.

[0084] As for parameters @ of the ANNLFP Prediction NN, the weight update portion
560 updates them in a regular training manner. That is, according to the training and validation
data ﬁ!;r(z'xi},i =, K ﬁ,,.az(Af),j =1, -, P’ based on the current &, 8,, ®, we may
compute loss L %, 8, 8,, ®, A" of all samples &, € Gy, (Ai) and L{ %, 8,8, ® A forall
samples £, € ﬁml(Af } And gradients of all these losses may be accumulated {e.g. added up) to
perform parameter updates over @ through regular back-propagation.

[0085] Embodiments of the present disclosure are not restricted to the above-mentioned
optimization algorithm or loss functions for updating these model parameters. Any optimization
algorithm or loss functions for updating these model parameters known in the art may be used.
[0086] For a case in which the ANNLFP prediction portion 414 of the Meta-NNLF
model only performs prediction over the pre-defined set of training QF settings, the validation
OF settings will be the same with the training ones. The same MAML training procedure may be
used to train the above-mentioned reduced meta-NNLF model (i.e, a multi-GF-setting NNLF
model that uses one model instance to accommodate compression effects of multiple pre-defined
bitrates}.

(00871 Embodiments of the present disclosure allows for using only one QANNLF
model instance to accommodate multiple QF settings by using meta-learning. Additionally,
embodiments of the present disclosure enable using only one instance of a meta-NNLF model to
accommodate different types of inputs (e.g., frare level or block level, single image or multi-

image, single channel or multi-channel) and different types of QF parameters (e.g., an arbitrary
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combination of QP values for different input channels, CTU partitions, the deblocking filter
boundary strength, etc.)

[0088] FIG. 6A is a flowchart of a method 600A for video enhancernent based on neural
network based loop filtering using meta learning, according to embodiments.

[0089] As shown in FIG. 6A, at operation 010, the method 600A may include receiving
reconstructed video data recetving one or more quality factors associated with the reconstructed
video data.

[0090] in some embodiments, the reconstructed video data may include a plurality of
reconstructed input frames, and the methods described herein may be applied on a current frame
of the plurality of reconstructed input frames. In some embodiments, the reconstructed input
frames may be further broken down and used as the input to the meta-NNLF wodel.

100917 ing some embodiments, the one or more quality factors associated with the
reconstructed video data may include at least one of a coding tree unit partition, a quantization
parameter, a deblocking filter boundary strength, a coding unit motion vector, and a coding unit
prediction mode.

[0092] in some embodiments, the reconstructed video data may be generated from a
bitstream comprising decoded quantized video data and motion vector data. As an example,
generating the reconstructed video data may include receiving a stream of video data including
guantized video data and motion vector data. Then, generating the reconstructed video data may
include dequantizing the stream of quantized data, using an inverse transformation, to obtaina
recovered residual; and generating the reconstructed video data based on the recovered residual

and the motion vector data.
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[0093] The method 600A further may include generating enhanced video data with
artefact reduction, based on the one or more quality factors and the reconstructed video data,
using a neural network based loop filter, wherein the neural network based loop filter comprises
neural network based loop filter parameters that include shared parameters and adaptive
parameters. As an example, the meta-NNLF model 400 may be used, over a plurality of layers to
generate enhanced video data with artefact reduction, based on the one or more quality factors
and the reconstructed video data. In some embodiments, the generation of the enbanced video
data using the neural network based loop filter may include operations 015-630. In some
preferred embodiments, the generation of the enhanced video data using the neural network
based loop filter may include operations 615-630 being repeated for a plurality of layers of the
meta-NNLF model, example, roeta~-NNLF model 400

00941 Therefore, for each of a plurality of layers in the neural network based loop
filtering using meta learning, at 615, the method may include generating shared features based on
an output from a previous layer, using a first shared neural network loop filter having first shared
parameters. As an example, SNNLFP inference portion 412 may generate shared features g(i)
for an i layer based on an output from the ;-7 layer, using a first shared neural network loop
filter having first shared parameters SNNLFP 6£(J)

[0095] At 620, the method may include computing estimated adaptive parameters, based
on the output from the previous layer, the shared features, first adaptive parameters from a first
adaptive neural network loop filter, and the one or more quality factors, using a prediction neural
network. As an example, the ANNLFP prediction portion 414 may compute estimated adaptive

parameters 62 ( /), based on the output from the -/ layer, the shared features g{{}, first adaptive
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parameters from a first adaptive neural network foop filter 85 (4}, and the one or more quality
factors A, using a prediction neural network.

[0096] in some embodiments, the training of the prediction network may include
generating a first loss for training data corresponding to the one or more quality factors, and a
second loss for validation data corresponding to the one or more quality factors, based on the one
of more quality factors, the first shared parameters, the first adaptive parameters, and prediction
parameters of the prediction neural network, followed by updating the prediction parameters,
based on gradients of the generated first loss and the generated second loss.

(00971 At 625, the method may include generating aun output for a current layer, based on
the shared features and the estimated adaptive parameters. As an example, the ANNLFP

inference portion 416 may generate an output 7+ 7/} based on the shared features g(f) and the

J

=

estimated adaptive parameters 85(7).

[0098] At 630, the method may include generating enhanced video data, based on an
output of a last layer of the neural network based loop filter.

[0099] in some embodiments, the method 600A may include post-enhancement
processing including applying at least one of a deblocking filter, an adaptive loop filter, a sample
adaptive offset, and a cross-component adaptive loop filter to the enhanced video data. As an
example, post-enhancement processing may be performed subsequent to operation 630.

[0100] in some embodiments, the method 600B may include pre-enhancement
processing including applying at least one of a deblocking filter, an adaptive loop filter, a sample

adaptive offset, and a cross-component adaptive toop filter to the enhanced video data prior {o
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generating the enhanced video data. As an example, pre-enhancement processing may be
performed prior to operation 620

[0101] FIG 6B is a flowchart of a method 600B of adaptive neural image compression
with rate control by meta-learning, according to embodiments.

[0102] As shown in FIG. 0B, at 650, the method 600B may include receiving
reconstructed video data recetving one or more quality factors associated with the reconstructed
video data.

[0103] in some embodiments, the reconstructed video data may include a plurality of
reconstructed input frames, and the methods described herein may be applied on a current frame
of the plurality of reconstructed input frames. In some embodiments, the reconstructed input
frames may be further broken down and used as the input to the meta-NNLF wodel.

10104] ing some embodiments, the one or more quality factors associated with the
reconstructed video data may include at least one of a coding tree unit partition, a quantization
parameter, a deblocking filter boundary strength, a coding unit motion vector, and a coding unit
prediction mode.

[0105] In some embodinments, the reconstructed video data may be generated from a
bitstream comprising decoded quantized video data and motion vector data. As an example,
generating the reconstructed video data may include receiving a stream of video data including
guantized video data and motion vector data. Then, generating the reconstructed video data may
include dequantizing the stream of quantized data, using an inverse transformation, to obtaina
recovered residual; and generating the reconstructed video data based on the recovered residual

and the motion vector data.
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[0106] The method 600B may further include generating enhanced video data with
artefact reduction, based on the one or more quality factors and the reconstructed video data,
using a neural network based loop filter, wherein the neural network based loop filter comprises
neural network based loop filter parameters that include shared parameters and adaptive
parameters. As an example, the meta-NNLF model 400 may be used, over a plurality of layers to
generate enhanced video data with artefact reduction, based on the one or more quality factors
and the reconstructed video data. In some embodiments, the generation of the enhanced video
data using the neural network based loop filter may include operations 655-670. In some
preferred embodiments, the generation of the enhanced video data using the neural network
based loop filter may include operations 655-670 being repeated for a plurality of layers of the
meta-NNLF model, example, roeta~-NNLF model 400

{01071 At 655, the method may include generating a first shared cutput based on a
previous combined output from a previcus layer, using a first shared neural network loop filter
having first shared parameters. At 660, the method may include generating a first adaptive output
based on the previous combined output from the previous layer, using a first adaptive neural
network foop filter having first adaptive parameters. At 665, the method may tnclude combining
the first shared cutput and the first adaptive output to generate a first combined output. At 670,
the method may further tnclude generating the enhanced video data, based on a combined output
of a last layer of the neural network based loop filter.

[0108] The proposed methods 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 (€.¢., One Or More processors of one or more integrated circuits). In one example, the

<
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one of MOore Processors execute a program that is stored in a non-transitory computer-readable
medium.

[0109] In some implementations, one or more process blocks of FIGS. 6A and 6B may
be performed by the platform 120, In some implementations, one or more process blocks of
FIGS. 6A and 68 may be performed by another device or a group of devices separate from or
including the platform 120, such as the user device 110

[0110] The foregoing disclosure provides ilustration 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.

[0111] As used herein, the term component is intended to be broadly construed as
hardware, firmware, or a combination of hardware and sofiware.

[0112] {t 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.
[0113] 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
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recited in the claims and/or disclosed in the specification. Although each dependent claim listed
below may directly depend on only one claim, the disclosure of possible implermentations may
include each dependeunt claim in combination with every other claim in the claim set.

[0114] 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 terro “set” is intended to tnclude oue or more items {e.g, related
iterns, 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 1s used. Also, as used herein, the termus “has,” “have,” “having,” or the like are intended

to be opeun-ended terms. Further, the phrase “based oun” is intended to mean “based, at least in

part, on” unless explicitly stated otherwise.
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WHAT IS CLAIMED IS:

1. A method for video enhancement based on neural network based loop filtering using
meta learing, the method being executed by at least one processor, the method compsising:
receiving reconstructed video data;
receiving one or more quality factors associated with the reconstructed video data;
determining a neural network based loop filter comprising neural network based loop
filter parameters and a plurality of layers, wherein the neural network based loop filter
parameters include shared parameters and adaptive parameters; and
generating enhanced video data with artefact reduction, based on the one or more quality

factors and the reconstructed video data, using the neural network based loop filter,

2. The method of claim 1, wherein the generating the enhanced video data using the neural
network based loop filter comprises:
for each of the plurality of layers in the neural vetwork based loop filter:

generating shared features based on an cutput from a previous layer, using a first
shared neural network loop filter having first shared parameters;

computing estimated adaptive parameters, based on the output from the previous
fayer, the shared features, first adaptive parameters from a first adaptive neural network loop
filter, and the one or more quality factors, using a prediction neural network; and

generating an output for a current laver, based on the shared features and the

estimated adaptive parameters; and
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generating the enhanced video data, based on an cutput of a last layer of the neural

network based loop filter.

3. The method of claim 2, wherein training the prediction neural network comprises:
generating a first loss for training data corresponding to the one or more quality factors,
and a second loss for validation data corresponding to the one or more quality factors, based on
the one or more quality factors, the first shared parameters, the first adaptive parameters, and
prediction parameters of the prediction neural network; and
updating the prediction parameters, based on gradients of the generated first loss and the

generated second loss.

4 The method of claim 1, wherein the one or more guality factors associated with the
reconstructed video data include at least one of a coding tree unit partition, a quantization
parameter, a deblocking filter boundary strength, a coding unit motion vector, and a coding unit

prediction mode.

5. The method of claim 2, wherein training the neural network based loop filter comprises:
generating an inner-loop loss for training data corresponding to the one or more quality
factors, based on the one or more quality factors, the first shared parameters, and the first
adaptive parameters;
first updating the first shared parameters and the first adaptive parameters, based on

gradients of the generated inner-loop loss;
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generating a meta loss for validation data corresponding to the one or more quality
factors, based on the one or more quality factors, the first updated first shared parameters, and
the first updated first adapiive parameters; and

second updating the first updated first shared parameters and the first updated first

adaptive parameters, based on gradients of the generated meta loss.

6. The method of claim 1, wherein geverating the received reconstructed video data
comprises:

receiving a stream of video data including guantized video data and motion vector data;

dequantizing the stream of quantized data, using an inverse transformation, to obtain a
recovered residual; and

generating the reconstructed video data based on the recovered residual and the motion

vector data.

7. The method of claim 1, further inchuding post-enhancement processing including
applying at least one of a deblocking filter, an adaptive loop filter, a sample adaptive offset, and

a cross-component adaptive loop filter to the enhanced video data.

8. The method of claim 1, wherein, prior to generating the enbanced video data, the method
including pre-enhancement processing including applying at least one of a deblocking filter, an
adaptive loop filter, a sample adaptive offset, and a cress-component adaptive loop filter to the

enhanced video data.
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9. The method of claim 1, wherein the reconstructed video data comprises a plurality of
recoustructed input frames; and wherein the metbod of claim 1 is applied on a current frame of

the plurality of reconstructed input frames.

10 The method of claim 1, wherein the generating the enhanced video data using the neural
network based Toop filter comprises:
for each of the plurality of layers in the neural network based ioop filter:
generating a first shared output based on a previous combined output from a
previous layer, using a first shared neural network loop filter having first shared parameters;
generating a first adaptive output based on the previous combined cutput from the
previous layer, using a first adaptive neural netwosk loop filter having first adaptive parameters;
and
combining the first shared output and the first adaptive output to generate a first
combined output; and
generating the enhanced video data, based on 3 combined output of a last laver of the

nieural network based loop filter,

1t The method of claim 4, wherein the combining comprises at least one of an addition, a

concatenation, or a multiplication.

12. An apparatus comprising:

372
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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:
first recetving code configured to cause the at least one processor to receive
reconstructed video data;
second receiving code configured to cause the at least one processor to receive
one or more quality factors associated with the reconstructed video data;
first determining code configured to cause the at least one processor to determing
a neural network based loop filter comprising neural network based loop filter parameters and a
plurality of layers, wherein the neural network based loop filter parameters include shared
parameters and adaptive parameters; and
first generating code configured to cause the at least one processor to generate
enhanced video data with artefact reduction, based on the one or more quality factors and the

reconstructed video data, using the neural network based loop filter.

13. The apparatus of claim 12, wherein the first generating code comprises:

shared feature generating code configured to cause the at least one processor to generate,
for a layer among the plurality of layers, shared features based on an output from a previous
fayer, using a first shared neural network loop filter having first shared parameters;

estimation code configured to cause the at least one processor to compute estimated
adaptive parameters, for the layer among the plurality of layers, based on the output from the

previous layer among the plurality of layers, the shared features, first adaptive parameters from a

~33.
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first adaptive neural network loop filter, and the one or more quality factors, using a prediction
neural network; and

second generating code configured to cause the at least one processor to generate an
output for the fayer among the plurality of layers, based on the shared features and the estimated
adaptive parameters; and

video enhancing code configured to cause the at least one processor to generate the
enhanced video data, based on an output of a last layer among the plurality of layers of the neural

network based loop filter.

14, The apparatus of claim 12, wherein the first receiving code comprises:

third receiving code configured to cause the at least one processor to receive a stream of
video data including quantized video data and motion vector data;

dequantizing code configured to cause the at least one processor to dequantize the stream
of quantized data, using an inverse transformation, to obtain a recovered residual; and

reconstruction code configured to canse the at least one processor to generate the

recounstructed video data based on the recovered residual and the motion vector data.

15 The apparatus of claim 12, wherein the first generating code comprises:

first shared output generating code counfigured to cause the at least one processor to
generate a first shared output, for a layer among the plurality of layers, based on a previous
combined output from a previous layer among the plurality of layers, using a first shared neural

network loop filter having first shared parameters;

-34.
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first adaptive output generating code configured to cause the at least one processor to
generate a first adaptive output for the layer among the plurality of layers, based oun the previous
combined output from the previous laver among the plurality of layers, using a first adaptive
neural network loop filter having first adaptive parameters; and

combining code configured to cause the at least one processor to combine, for the layer
among the plurality of layers, the first shared output and the first adaptive output to generate a
first combined output; and

video enhancing code configured to cause the at least one processor (o generaie the
enhanced video data, based on a combined output of a last layer among the plurality of layers of

the neural network based loop filter.

16. A nop-transitory computer-readable medium storing instructions that, when executed by
at least one processor, causes the at least one processor to:

receive reconstructed video data;

receive one or more quality factors associated with the recounstructed video data;

determine a neural network based loop filter comprising neural network based loop filter
parameters and a plurality of layers, wherein the neural network based loop filter parameters
include shared parameters and adaptive parameters; and

generate enhanced video data with artefact reduction, based on the one or more guality

factors and the reconstructed video data, using the neural network based loop filier,
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17. The non-transitory computer-readable medium of claim 16, wherein the generating the
enhanced video data using the neural network based loop filter comprises instructions, when
execuied by the at least one processor, further cause the at least one processor to:
for each of the plurality of layers in the neural network based loop filter:
generate shared features based on an output from a previous layer, using a first
shared neural network loop filter having first shared parameters;
compute estimated adaptive parameters, based on the output from the previous
fayer, the shared features, first adaptive parameters from a first adaptive neural network loop
filter, and the one or more quality factors, using a prediction neural network; and
generate an cutput for a current layer, based on the shared features and the
estimated adaptive parameters; and
generate the enhanced video data, based on an output of a last layer of the neural network

based loop filter.

18. The nou-transitory computer-readable medium of claim 16, wherein the generating the
enbanced video data using the neural network based loop filter comprises instructions, when
executed by the at least one processor, further cause the at least one processor to:
for each of the plurality of layers in the neural network based loop filter:
generate a {irst shared output based on a previous combined cutput from a

previous layer, using a first shared neural network loop filter having first shared parameters;
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generate a first adaptive output based on the previous combined output from the
previous layer, using a first adaptive neural network loop filter having first adaptive parameters;
and
combine the first shared cutput and the first adaptive output to generate a first
combined output; and
generate the enhanced video data, based on a combined output of a last laver of the neural

network based loop filier.

19. The non-transitory computer-readable medium of claim 17, wherein training the
prediction neural network comprises instructions, when exccuted by the at least one processor,
further cause the at least one processor to!

generate a first loss for training data corresponding to the one or more quality factors, and
a second loss for validation data corresponding to the one or more quality factors, based on the
one or more quality factors, the first shared parameters, the first adaptive parameters, and
prediction pararseters of the prediction neural network; and

update the prediction parameters, based on gradients of the generated first loss and the

generated second loss.

20, The non-transitory computer-readable medium of claim 16, wherein generating the

received reconstructed video data comprises:

receive a stream of video data including quantized video data and motion vector data;

-37-



WO 2022/225643 PCT/US2022/021870

dequantize the stream of quantized data, using an inverse transformation, to obtain a
recovered residual; and
generate the reconstrucied video data based on the recovered residual and the motion

vector data.
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