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(57) Abstract: The embodiments relate to a method and to a technical equipment implementing the method for image, video, or audio
encoding or decoding. The method comprises receiving input data divided into a plurality of blocks; overfitting a first neural encoder
network for a first block of the data based on a baseline encoder network (310); encoding the first block by the first overfitted neural
encoder network (305); overfitting a second neural encoder network for at least one subsequent block of the data based on a combination
of neural encoder networks used for previous blocks (300) and/or the baseline encoder network; and encoding the at least one subsequent
block by the second overfitted neural encoder network. Additionally, a block residual defining a difference between an original block
of data and a decoded block of the data may be received on the decoder side.
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A METHOD, AN APPARATUS AND A COMPUTER PROGRAM PRODUCT FOR
IMAGE COMPRESSION

Technical Field

The present solution generally relates to an image or video compression. In
particular, the solution relates to neural image (or video) compression.

Background

Many practical applications rely on the availability of semantic information
about the content of the media, such as images, videos, etc. Semantic
information is represented by metadata which may express the type of scene,
the occurrence of a specific action/activity, the presence of a specific object, etc.
Such semantic information can be obtained by analyzing the media.

The analysis of media is a fundamental problem which has not yet been
completely solved. This is especially true when considering the extraction of high-
level semantics, such as object detection and recognition, scene classification
(e.g., sport type classification) action/activity recognition, etc.

The development of various neural network techniques has enabled learning to
recognize image content directly from the raw image data, whereas previous
techniques consisted of learning to recognize image content by comparing the
content against manually trained image features. Very

recently, neural networks have been adapted to take advantage of visual
spatial attention, i.e. the manner how humans conceive a new environment by
focusing first to a limited spatial region of the scene for a short moment and then
repeating this for a few more spatial regions in the scene in order to obtain an
understanding of the semantics in the scene.

Summary

Now there has been invented an improved method and technical equipment
implementing the method. Various aspects of the invention include a method,
an apparatus, and a computer readable medium comprising a computer
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program stored therein, which are characterized by what is stated in the
independent claims. Various embodiments of the invention are disclosed in the
dependent claims.

According to a first aspect, there is provided a method comprising receiving input
data divided into a plurality of blocks; overfitting a first neural encoder network for a
first block of the data based on a baseline encoder network; encoding the first block
by the first overfitted neural encoder network; overfitting a second neural encoder
network for at least one subsequent block of the data based on a combination of
neural encoder networks used for previous blocks and/or the baseline encoder
network; and encoding the at least one subsequent block by the second overfitted
neural encoder network.

According to a second aspect, there is provided a method for a neural decoder
network comprising receiving a block residual defining a difference between an
original block of data and a decoded block of the data; based on the residual,
recovering the original block to be used as ground-truth data; and overfitting the
neural decoder network based on the ground-truth data.

According to a third aspect, there is provided an apparatus comprising at least one
processor, memory including computer program code, the memory and the
computer program code configured to, with the at least one processor, cause the
apparatus to receive input data divided into a plurality of blocks; overfit a first neural
encoder network for a first block of the data based on a baseline encoder network;
encode the first block by the first overfitted neural encoder network; overfit a second
neural encoder network for at least one subsequent block of data based on a
combination of neural networks used for previous blocks and/or the baseline
encoder network; and encode the at least one subsequent block by the second
overfitted neural encoder network.

According to an embodiment, the apparatus further configured to determine which
one of the overfitted neural encoder networks performs the best; and select such
overfitted neural encoder network for a current block.

According to an embodiment, the performance is determined according to one or
both of the following aspects: a reconstruction quality or a bitrate.
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According to an embodiment, the data comprises image data, video data, or audio
data.

According to a fourth aspect, there is provided an apparatus comprising at least one
processor, memory including computer program code, the memory and the
computer program code configured to, with the at least one processor, cause the
apparatus to receive a block residual defining a difference between an original block
of data and a decoded block of the data; based on the residual, recover the original
block to be used as ground-truth data; and overfit the neural decoder network based
on the ground-truth data.

According to an embodiment, the apparatus is further being configured to receive a
weight residual from a transmitter, the weight residual defining the difference
between weights of the decoder before and after an overfitting.

According to an embodiment, the data comprises image data, video data, or audio
data.

According to a fifth aspect, there is provided a computer program product
comprising computer program code configured to, when executed on at least one
processor, cause an apparatus or a system to receive input data divided into a
plurality of blocks; overfit a first neural encoder network for a first block of the data
based on a baseline encoder network; encode the first block by the first overfitted
neural encoder network; overfit a second neural encoder network for at least one
subsequent block of data based on a combination of neural networks used for
previous blocks and/or the baseline encoder network; and encode the at least one
subsequent block by the second overfitted neural encoder network.

According to a sixth aspect, there is provided a computer program product
comprising computer program code configured to, when executed on at least one
processor, cause an apparatus or a system to receive a block residual defining a
difference between an original block of data and a decoded block of the data; based
on the residual, recover the original block to be used as ground-truth data; and
overfit the neural decoder network based on the ground-truth data.

According to an embodiment, the computer program product is embodied on a non-
transitory computer readable medium.



10

15

20

25

30

35

WO 2020/008104 PCT/F12019/050483

Description of the Drawings

In the following, various embodiments will be described in more detail with reference
to the appended drawings, in which

Fig. 1 shows an example of a computer system according to an embodiment;
Fig. 2 shows an embodiment for a training process of a neural auto-encoder;
Fig. 3 shows a sequential encoder overfitting according to a first embodiment;
Fig. 4 shows another example of a sequential encoder overfitting according to

a first embodiment;

Fig. 5 shows a decoder overfitting according to a second embodiment;
Fig. 6 is a flowchart illustrating a method according to an embodiment; and
Fig. 7 is a flowchart illustrating a method according to another embodiment.

Description of Example Embodiments

In the following, several embodiments will be described in the context of image
compression. In particular, the several embodiments enable using neural network
for image compression/decompression. It is to be noted, however, that the
embodiments are not limited to compression/decompression of images, but
compression/decompression of video as well. Therefore, any time term “image” is
used in the following description, it is appreciated that the term covers also “video”
or “video frame”. In addition, the present embodiments are also applicable with other
media content, such as audio, speech, etc. For example, the data block
corresponding of the image block concept in audio signals may be an audio frame.
Spatially neighboring image blocks may correspond to temporally neighboring audio
frames. In addition, similar concepts of image blocks can be used when considering
audio spectrogram images.
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Figure 1 shows a computer system suitable to be used in data processing. The
generalized structure of the computer system will be explained in accordance with
the functional blocks of the system. Several functionalities can be carried out with
a single physical device, e.g. all calculation procedures can be performed in a
single processor if desired. A data processing system of an apparatus according to
an example of Fig. 1 comprises a main processing unit 100, a memory 102, a
storage device 104, an input device 106, an output device 108, and a graphics
subsystem 110, which are all connected to each other via a data bus 112.

The main processing unit 100 is a processing unit comprising processor
circuitry and arranged to process data within the data processing system. The
memory 102, the storage device 104, the input device 106, and the output
device 108 may include conventional components as recognized by those
skilled in the art. The memory 102 and storage device 104 store data within the data
processing system 100. Computer program code resides in the memory 102 for
implementing, for example, computer vision process. The input device 106 inputs
data into the system while the output device 108 receives data from the data
processing system and forwards the data, for example to a display, a data
transmitter, or other output device. The data bus 112 is a conventional data bus and
while shown as a single line it may be any combination of the following: a
processor bus, a PCIl bus, a graphical bus, an ISA bus. Accordingly, a skilled
person readily recognizes that the apparatus may be any data processing device,
such as a computer device, a personal computer, a server computer, a mobile
phone, a smart phone or an Internet access device, for example Internet tablet
computer.

It needs to be understood that different embodiments allow different parts to be
carried out in different elements. For example, various processes of the data
processing system may be carried out in one or more processing

devices; for example, entirely in one computer device, or in one server device

or across multiple user devices. The elements of data processing may be
implemented as a software component residing on one device or distributed
across several devices, as mentioned above, for example so that the devices form
a so-called cloud.

A neural network (NN) is a computation graph comprising several layers of
computation. Each layer comprises one or more units, where each unit performs an
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elementary computation. A unit is connected to one or more other units, and the
connection may have associated a weight. The weight may be used for scaling the
signal passing through the associated connection. Weights are usually learnable
parameters, i.e., values which can be learned from training data. There may be other
learnable parameters, such as those of batch-normalization layers.

Two examples of architecture for neural networks are feed-forward and recurrent
architectures.

Feed-forward neural networks are such that there is no feedback loop: each layer
takes input from one or more of preceding layers and provides its output as the input
for one or more of the subsequent layers. Also, units inside certain layers take input
from units in one or more of preceding layers, and provide output to one or more of
the following layers.

Initial layers (those close to the input data) extract semantically low-level features
such as edges and texture in images, and intermediate and final layers extract more
high-level features. After the feature extraction layers there may be one or more
layers performing a certain task, such as classification, semantic segmentation,
object detection, denoising, style transfer, super-resolution, etc.

In recurrent neural networks, there is a feedback loop, so that the network becomes
stateful, i.e., it is able to memorize information or a state.

Neural networks may be utilized in an ever-increasing number of applications for
many different types of device, such as mobile phones. Examples include image
and video analysis and processing, social media data analysis, device usage
analysis, etc.

One of the important properties of neural networks (and other machine learning
tools) is that they are able to learn properties from input data, either in supervised
way or in unsupervised way. Such learning is a result of a training algorithm, or of a
meta-level neural network providing the training signal. In general, the training
algorithm changes some properties of the neural network so that its output is as
close as possible to a desired output. For example, in the case of classification of
objects in images, the output of the neural network can be used to derive a class or
category index which indicates the class or category that the object in the input
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image belongs to. Training may happen by minimizing or decreasing the output’s
error, also referred to as the loss. Examples of losses are mean squared error,
cross-entropy, etc. In deep learning techniques, training is an iterative process,
where at each iteration the algorithm modifies the weights of the neural net to make
a gradual improvement of the network’s output, i.e. to gradually decrease the loss.
In the present description terms “neural network”, “neural net” and “network™ are
used interchangeably, and also the “weights” of neural network may be referred to
as “learnable parameters” or “parameters”.

A neural network has two main modes of operation: training phase and testing
phase. The training phase is the development phase, where the network learns to
perform the final task. Training may involve iteratively updating the weights between
units. Training a neural network is an optimization process, where the goal of
optimization or training process is to make the neural network to learn the properties
of the data distribution from a limited training dataset. In other words, the goal is to
learn to use a limited training dataset in order to learn to generalize the previously
unseen data, i.e., data which was not used for training the neural network. This may
be referred to as generalization. In practice, data may be split into at least two sets,
the training set and the validation set. The training set is used for training the
network, i.e., to modify its learnable parameters in order to minimize the loss. The
validation set is used for checking the performance of the network on data which
was not used to minimize the loss, as an indication of the final performance of the
neural network. In particular, the errors on the training set and on the validation set
are monitored during the training process to understand the following things:

- If the neural network is learning at all — in this case, the training set error
should decrease, otherwise the neural network is in the region of
underfitting.

- If the network is learning to generalize — in this case, also the validation
set error needs to decrease and not to be too much higher than the
training set error. If the training set error is low, but the validation set error
is much higher than the training set error, or it does not decrease, or it
even increases, the neural network is in the regime of overfitting (i.e.
optimization). This means that the neural network has just memorized the
training set’s properties and performs well only on that set, but performs
poorly on a set not used for tuning its parameters.
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Recently, neural image compression and decompression systems are based on
neural auto-encoders, or simply auto-encoders. An auto-encoder may comprise two
neural networks, one of which is the neural encoder (also referred to as “encoder”
in this description for simplicity) and the other is the neural decoder (also referred to
as “decoder” in this description for simplicity). The encoder is configured to map the
input data (such as an image, for example) to a representation which is more easily
or more efficiently compressed. The decoder gets the compressed version of the
data and is configured to de-compress it, thus reconstructing the data.

The two networks in the auto-encoder may be trained simultaneously, in an end-to-
end fashion. The training may be performed by using at least a reconstruction loss,
which trains the auto-encoder to reconstruct the image correctly. An example of
reconstruction loss is the mean squared error (MSE). In order to achieve also high
compression gains, an additional loss on the output of the encoder may be used.

Fig. 2 illustrates an example of a neural auto-encoder training process for image
compression.

After training, the output of the encoder may be binarized and entropy-coded.
Binarization is a non-differentiable operation, so it cannot be used during training of
the encoder, because it is not possible to obtain useful gradients for the encoder.
However, even if there is a binarization operation, it is still possible to train the
decoder. One common training strategy is to have two alternate training steps: in
one training step no binarization is used (optionally, a differentiable approximation
of the binarization may be used instead), and both encoder and decoder are trained;
in the second training step, binarization is used and only the decoder is trained.

In machine learning and neural networks, the training may be performed on a big
dataset, which is good representative of the data that may be used at test time. This
way, the network is trained to generalize on unseen data (but which is still sufficiently
similar to the training data). However, the performance of a neural network can
drastically be improved if the network is optimized on the target input data on which
it will be used. In the present disclosure this specific optimization to one or more test
input data is referred to as “overfitting” or “fine-tuning”. Overfitting may refer to
optimizing or training (e.g., updating the learnable parameters of) a neural network
on a certain test datum or several test data, as opposed to optimizing on a general
set of training data. The test data is the data on which the neural network is applied
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when it is utilized for its purpose (for example, the test data may include an image
that is to be compressed). Overfitting is for example beneficial when there is a
sudden domain shift in the data, and especially if the domain shift happens
continuously and gradually. A data domain shift means that the data domain or
context or type changes, for example a camera may start to capture data from a
different-looking scene, where the difference may be in the lighting, in the type or
amount of objects, in the type or amount of motion, in the type or amount of texture,
etc. A neural network which is trained on a different data domain than the one on
which it is run may perform sub-optimally.

The present embodiments relate to neural image (or video) compression. This may
include using neural networks for compressing and/or de-compressing images (or
other data), with high compression gain and a high reconstruction quality. The
compression gain can be measured by the number of bits of the encoded or
compressed representation. The reconstruction quality can be measured by a
certain metric which compares the original image and the de-compressed or
reconstructed image.

The various embodiments provide a set of techniques for optimizing image
compression auto-encoders on the specific input data (“overfitting”), and in a way
which improves the encoding speed and the reconstruction quality, or alternatively
improves the encoding speed and the compression gain.

In the various embodiments of the solution, an auto-encoder is used as an example.
The auto-encoder is optimized (i.e., overfitted) to a specific input data on which it is
used. This optimization may be performed at network utilization time, not at training
time.

According to a first embodiment of the present solution, the encoding is sped up via
sequential neural encoder network overfitting. According to a second embodiment,
the decoding quality is improved via neural decoder network overfitting.

In general, the neural decoder network should not be optimized for a certain input
data because sending the data to the decoder for performing the optimization may
require too many bits. However, in the second embodiment, a strategy allowing
trade-offs between bitrates and decoding quality is introduced.
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Overfitting (i.e. optimization) may be more effective if it is performed on an image-
block level. So, there will be as many optimized networks as there are blocks in the
image.

A baseline network is assumed to be available, which has been trained on a large
dataset. This baseline network is overfitted to the first block of the image. For
subsequent blocks, the overfitting is performed by starting from the neural network
overfitted on the neighboring blocks. This will speed up the overfitting process as it
may require much less training iterations than if started from the baseline network.

However, it is possible that the baseline network is better to act as a starting neural
network in some situations, thus multiple evaluation strategies are introduced for
selecting the starting neural network.

An initial network to be overfitted can be one of the already overfitted ones for
neighboring blocks, without combining their weights. So, each of the previously-
overfitted networks may be overfitted on the current block and then evaluated to
determine the best performing network. According to an embodiment, for at least
one of the previously-overfitted networks, the multiple weight versions obtained at
different training iterations during the previous overfitting process may be stored
(e.g., every 100 iterations). Each of such weight versions may be referred to as an
intermediate version of a neural network. Then, overfitting on the current block may
be done on a plurality of network versions previously-overfitted on the at least one
neighboring block. Finally, a comparison of the plurality of overfitted networks may
be performed. This comparison may include the network(s) overfitted from baseline,
the network(s) overfitted from previously-overfitted network(s) on neighboring
blocks, the network(s) overfitted from intermediate version(s) of previously-
overfitted networks(s) on neighboring blocks, and network(s) overfitted from a
combination of previously-overfitted on neighboring blocks

Regarding the second embodiment, the neural decoder network overfitting process
may be performed at the encoder side, where the neural decoder network is
overfitted to one block of every N blocks. If this overfitting results into a much
improved PSNR (Peak Signal-to-Noise Ratio) for the considered block and for its
neighbors compared to the bitrate increase caused by sending the necessary
additional data to the decoder’s side, then also the decoder’s side uses the overfitted
neural network.
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In an additional embodiment, if there are multiple auto-encoders in order to achieve
variable bitrate, neural decoder network overfitting may allow using a lower-
dimensional auto-encoder so that the PSNR is similar to the one obtained by a
higher-dimensional auto-encoder but with a lower bitrate, thus resulting into higher
compression efficiency.

In the example of various embodiments, there is one entity preforming the encoding
or compression of a data, here referred to as the “transmitter’, and one entity
performing the decoding or de-compression of the encoded data, here referred to
as the “receiver”. Thus, the transmitter may comprise the neural encoder network,
and the receiver may comprise the neural decoder network. Although terms
“transmitter” and “receiver” are used, it should be noticed that the solution is not
limited only to applications where encoded data is transmitted from the transmitter
to the receiver. For example, the encoded data may be saved on the same device
from which is will be decoded, or it may be saved on another device which will be
used for moving the data to another memory device from which the decoder will
decoded the encoded data.

In various embodiments, the auto-encoder has been trained on a large collection of
images, such as ImageNet, Places 2, or similar datasets. This pre-trained auto-
encoder is referred in this disclosure to as “baseline auto-encoder” or “baseline
network” or simply as “baseline”. The encoder and decoder of the autoencoder, will
be referred to as the “baseline encoder” and “baseline decoder” respectively, or
simply as “baselines”, when it is clear that both encoder and decoder are being
referred to. The training of the baseline network is assumed to have been performed
for the task of image (or other specific data) compression, thus by using at least one
reconstruction loss and at least one compression loss. The baseline network will be
the starting point for overfitting either the encoder or the decoder or both. Here, the
baseline network is considered to be a neural network which is able to compress
and decompress well any piece of data which is not too different from the training
data. Thus, it is a neural network which is able to generalize. Although having such
generalization characteristics is beneficial, the present embodiments are not
restricted to this requirement.

As mentioned, neural network can be optimized (i.e. “overfitted” or “fine-tuned”) on
a specific input data. Such optimization operation is a training operation, thus
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comprising one or more training iterations, where the weights of the neural network
are changed in order to improve the performance of the neural network on the input
data. In this operation, the neural network may deviate from its generalization
capabilities and will become instead specific or fine-tuned on the input data on which
it was optimized. This optimization operation may performed at inference time and
not at training time. l.e., it may be performed during encoding or decoding the data.

The overfitting may be performed on a block-level. Therefore, an image can be
divided into blocks and a neural network will be fine-tuned on at least one block.
According to an embodiment the blocks are non-overlapping. For video data, a
network may be optimized on at least one block and at least one frame, or
alternatively it may be optimized on at least one whole frame.

The first and second embodiments are described in more detailed manner in the
following.

First embodiment: sequential encoder overfitting

In an example of the first embodiment, shown in Fig. 3 evaluation is performed by
overfitting the candidate neural networks on the current block, and the choosing the
best neural network.

The transmitter receives an input image 300 (or other data) which needs to be
encoded. The transmitter has at least one baseline encoder network 310 (i.e.
encoder of the pretrained auto-encoder). The transmitter may divide the image 300
into blocks (1, 2, 3, 4, ...., 12, ...), if the image hasn’t been already divided. After
that, the transmitter overfits a neural encoder network 305 to each block of the
image. Alternatively, the transmitter may decide to overfit neural encoder network
to a subset of all blocks, and to use the neural network overfitted on neighboring
blocks for encoding the blocks on which no overfitting was performed. However, for
the sake of simplicity, in an example of this embodiment, the transmitter has
overfitted one neural encoder network for each block.

For overfitting on the first block (which may be anywhere in the image but it is
considered here to be the top-left most block with number 1), the only available
neural encoder network is the baseline encoder 310, so the overfitting will start from
the baseline encoder 310. A copy of the original baseline encoder may be made
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and kept at the transmitter side. In general, the overfitting of the first block starts
from a baseline encoder. In one embodiment, the baseline encoder may be
determined to be an encoder corresponding to a block of a previous image or video
frame having same or nearby (e.g. adjacent) location with respect to the first block.
The baseline encoder may be also determined based on similarity of the first block
of the current image or video frame and a block of a previous image or video frame.

A neural network is defined by its topology or architecture (e.g., number and type of
layers), and by its weights. It is assumed in this example that only the weights of the
neural encoder network are changed during the optimization processes, but the
topology may be changed as well, for example based on type of content in the
relevant block of image. The neural network can be characterized or represented by
a point in the weight space, where each dimension of this space is a weight of the
neural network. The baseline network may be considered to be a point in weight
space which is relatively close to the optimal points for all images, but not too close
to any of those optimal points. By the optimization operation, the optimized neural
network gets closer in weight space to the optimal neural network for the data on
which it was optimized.

In images, video, audio, speech, text and other types of data, there is high structural
correlation which means that there is lot of either spatial or temporal correlations, or
both. This correlation means that two nearby blocks are likely to have similar
content, and thus two neural networks optimized separately on these two blocks are
likely to be close in weight space, or anyway closer than their distance from the
baseline. Thus, optimizing for a second block (and subsequent blocks) by starting
from the neural network optimized on the first block (or neighboring blocks) is likely
to require much less training iterations to converge. Due to this the encoding speed
may drastically increase.

If multiple neighboring blocks 302 (with respect to the current block 301) were used
for overfitting encoders 305, the overfitting for the current block 301 can be started
from a combination of the overfitted neural networks on those neighboring blocks
302. The combination may be an average of the weights 306, or any suitable neural
network combining method.

In some situations, such as at objects boundaries, it may happen that the current
block’s 301 neighboring blocks are very dissimilar from the current block 301, so the
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neural networks overfitted to those neighboring blocks may be even farther away in
weight space than the baseline mode or previously overfitted neural networks. Thus,
the transmitter may apply an evaluation phase where the best neural network for
the start is selected. This can be made for example by running parallel overfitting
sessions from different neural networks used as a start, such as from the
“neighboring overfitted neural networks” (the neural networks overfitted on
neighboring blocks), from the baseline network, and optionally from any other
previously-overfitted neural network. After the multiple overfitting sessions are
completed, the neural network performing best on the current block is selected, for
example, according to the reconstruction quality, according to the bitrate, or
according to a combination of these aspects. Determining which neural network
performs the best may include comparing the network overfitted from a combination
of networks overfitted on neighboring blocks to the network overfitted from the
baseline network

Fig. 4 shows an alternative strategy for the first embodiment, wherein the evaluation
is performed by running candidate starting neural networks on the current block 401,
and the best performing neural network is then used as the starting neural network
for being overfitted to the current block 401. In this example, selecting the best
neural network for the current block may include running (i.e. only inference stage,
instead of overfitting) the candidate neural networks on the current block and of
determining which neural network performs best without any optimization on the
current block. The best neural network may be selected, and used as a reference
encoder to overfit on the current block. The motivation is that if a neural network is
already performing well on the current block 401, it is likely to be close in weight
space to the optimal point for the current block 401. This strategy has the advantage
of avoiding having multiple overfitting session for the current block 401, as only
inference phase is run on all candidate neural networks and then only one neural
network is optimized.

In a case, where the data type is video, a further additional neural network to be
evaluated (either by running the overfitting process or by running the inference step)
may be a neural network overfitted on the current block but on the previous frame,
or on neighboring blocks on the previous frame, or a combination thereof.
Furthermore, neural networks from multiple previous frames may be considered too.
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After the encoder has been overfit to a certain input block, the original decoder may
still be used at inference stage because during overfitting the original decoder was
used and its weights were not modified. This enables optimizing the encoder during
data transmission without a need to send updated weights of the decoder to the
receiver.

Second embodiment: decoder overfitting

Overfitting the decoder means that the neural decoder network is further optimized
on the current block so that the decoding or reconstruction of the encoded block is
improved. Fig. 5 illustrates an example of decoder overfitting. The transmitter 510
overfits the decoder 512 by using the original block as ground-truth, in order to
obtain the overfitted decoder 514. The overfitted decoder 514 will be evaluated and
compared to other decoders which are available at receiver’'s 520 side, in order to
decide if it is worth using such overfitted decoder 514 with respect to the bitrate
increase of sending the needed additional information. This evaluation is done for
the current block and N subsequent blocks. If it is worth, in order to enable the
receiver 520 to perform the overfitting, the transmitter 510 computes the block
residual and sends it to the receiver 520. The receiver 520 uses the block residual
to recover the high quality block and uses it as ground-truth for performing the
overfitting. It is realized that the overfitting is done at the receiver (decoder) device
based on the residual, instead of just receiving the overfitted version of the neural
network from the transmitter. This avoids sending the updated decoder weights to
receiver 520 and reduces the overhead to the block residuals.

Training a neural network may involve using ground-truth data in order to compute
the loss or error value, which is then differentiated with respect to the network’s
weights, and the obtained gradients are used for updating the weights’ value. The
ground-truth for training a decoder is the desired reconstructed blocks, which usually
are the original blocks which are input to the encoder. However, the original blocks
are available only at transmitter’s side. Therefore, two possible alternatives are
possible:

a) The transmitter sends the block residual to the receiver, i.e., the difference
between the original block and the decoded block. This way, the receiver
can recover the original block and use it as ground-truth for performing
the overfitting. The additional signaling associated with this option may
include informing the receiver that the transmitted data is the block
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residual for a certain block or a certain image, using unique IDs for both,
for example a block identifier and/or an image identifier or a frame
number. Fig. 4 illustrates this.

b) The transmitted performs the overfitting of the decoder, and sends to the
receiver the decoder’s weight residual, i.e., the difference between the
weights of the decoder before and after the overfitting. The additional
signaling associated with this option may include informing the receiver
that the transmitted data is weights’ residual and each single weight
residual value may be associated to an identifier of the weight to be
applied to. In order to reduce the amount of signaling, one may send the
weight residual for all weights, where the order of the weights residuals
implicitly identify what weights they need to be applied to, and where
many weights residuals may be zero. Other suitable ways of associating
the weights residuals to the correct weights may be used.

The transmitter may choose to consider both of the above two options initially. Then,
it may compute the bitrate increase separately for each option and select the option
with minimal bitrate increase. However, in some cases the bitrate increase for
allowing the receiver to run an overfitted decoder for the current block may not be
worth the reconstruction quality increase. Thus, since subsequent nearby blocks are
likely to benefit also by the decoder overfitted to the current block (due to spatial
correlation/redundancy in images), the transmitter may take into account the
reconstruction quality (e.g., PSNR) increase for the current block and for the
subsequent N blocks. If the quality increase for those blocks is worth bitrate
increase, then the transmitter may send the additional data (either the block residual
or the weights residual) to the receiver.

Also, the transmitter may take into account the baseline and other decoders
previously overfitted and which are already available at receiver’s side. If the
baseline decoder performs well enough (especially compared to the bitrate increase
for using an overfitted decoder), the transmitter may not send any additional data. If
one of the previously overfitted decoders which are available at receiver’'s side
performs well enough, the transmitter will signal to the receiver to use that overfitted
decoder (e.g., by using a unique decoder’s ID).

Also, in this embodiment, it is possible that the overfitting starts from the baseline,
from the neural networks overfitted on previous blocks, or from neural networks
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overfitted on previous frames, or a combination thereof, similarly to what was done
in the first embodiment.

As a further embodiment, the overfitted decoder can be used for bitrate saving. The
PSNR gain brought up by a better decoder can be exploited for achieving a better
compression gain. This means that original PSNR can be achieved with a lower
bitrate. This can be implemented for example by having multiple auto-encoders, one
for each encoding dimension (e.g., 64 bits and 216 bits). If overfitting the decoders
allows to obtain the same or better PSNR with a lower-dimension auto-encoder, and
the saved bits are lower than the overhead bits needed by the block residual or by
the weights residual, then there is compression gain.

Fig. 6 is a flowchart illustrating a method according to an embodiment. A method
comprises receiving 601 input data divided into a plurality of blocks; overfitting 602
a first neural encoder network for a first block of the data based on a baseline
encoder network; encoding 603 the first block by the first overfitted neural encoder
network; overfitting 604 a second neural encoder network for at least one
subsequent block of the data based on a combination of neural networks used for
previous blocks and/or the baseline encoder network; and encoding 605 the at least
one subsequent block by the second overfitted neural encoder network.

An apparatus according to an embodiment comprises means for receiving input data
divided into a plurality of blocks; means for overfitting a first neural encoder network
for a first block of the data based on a baseline encoder network; means for
encoding the first block by the first overfitted neural encoder network; means for
overfitting a second neural encoder network for at least one subsequent block of the
data based on a combination of neural encoder networks used for previous blocks
and/or the baseline encoder network; and means for encoding the at least one
subsequent block by the second overfitted neural encoder network. The means
comprises at least one processor, and a memory including a computer program
code, wherein the processor may further comprise processor circuitry. The memory
and the computer program code are configured to, with the at least one processor,
cause the apparatus to perform the method of Fig, 6 according to various
embodiments.

Fig. 7 is a flowchart illustrating a method according to another embodiment. A
method for neural decoder network comprises receiving 701 a block residual
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defining a difference between an original block of data and a decoded block of the
data; based on the residual, recovering 702 the original block to be used as ground-
truth data; and overfitting 703 the neural decoder network based on the ground-truth
data.

An apparatus according to an embodiment comprises means for receiving a block
residual defining a difference between an original block of data and a decoded block
of the data; based on the residual, means for recovering the original block to be
used as ground-truth data; and means for overfitting the neural decoder network
based on the ground-truth data. The means comprises at least one processor, and
a memory including a computer program code, wherein the processor may further
comprise processor circuitry. The memory and the computer program code are
configured to, with the at least one processor, cause the apparatus to perform the
method of Fig, 7 according to various embodiments.

The various embodiments may provide advantages. For example, the various
embodiments improve the inference speed and decoding quality, or alternatively
inference speed and compression efficiency, for neural image (or video)
compression.

The various embodiments can be implemented with the help of computer program
code that resides in a memory and causes the relevant apparatuses to carry out the
method. For example, a device may comprise circuitry and electronics for handling,
receiving and transmitting data, computer program code in a memory, and a
processor that, when running the computer program code, causes the device to
carry out the features of an embodiment. Yet further, a network device like a server
may comprise circuitry and electronics for handling, receiving and transmitting data,
computer program code in a memory, and a processor that, when running the
computer program code, causes the network device to carry out the features of an
embodiment. An apparatus may comprise means for performing functions described
in the appended claims and throughout the description. The computer program code
comprises one or more operational characteristics.

According to an embodiment, said operational characteristics are being defined
through configuration by said computer based on the type of said processor,
wherein a system is connectable to said processor by a bus, wherein a
programmable operational characteristic of the system comprises receiving input



10

15

20

25

WO 2020/008104 PCT/F12019/050483

19

data divided into a plurality of blocks; overfitting a first neural encoder network for a
first block of the data based on a baseline encoder network; encoding the first block
by the first overfitted neural encoder network; overfitting a second neural encoder
network for at least one subsequent block of the data based on a combination of
neural networks used for previous blocks and/or the baseline encoder network; and
encoding the at least one subsequent block by the second overfitted neural encoder
network.

According to another embodiment, the programmable operational characteristic of
the system comprises receiving a block residual defining a difference between an
original block of data and a decoded block of the data; based on the residual,
recovering the original block to be used as ground-truth data; and overfitting the
neural decoder network based on the ground-truth data.

If desired, the different functions discussed herein may be performed in a different
order and/or concurrently with other. Furthermore, if desired, one or more of the
above-described functions and embodiments may be optional or may be combined

Although various aspects of the embodiments are set out in the independent claims,
other aspects comprise other combinations of features from the described
embodiments and/or the dependent claims with the features of the independent
claims, and not solely the combinations explicitly set out in the claims.

It is also noted herein that while the above describes example embodiments, these
descriptions should not be viewed in a limiting sense. Rather, there are several
variations and modifications, which may be made without departing from the scope
of the present disclosure as, defined in the appended claims.
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Claims:

. A method, comprising:

- receiving input data divided into a plurality of blocks;

- overfitting a first neural encoder network for a first block of the data based
on a baseline encoder network;

- encoding the first block by the first overfitted neural encoder network;

- overfitting a second neural encoder network for at least one subsequent
block of the data based on a combination of neural encoder networks
used for previous blocks and/or the baseline encoder network; and

- encoding the at least one subsequent block by the second overfitted
neural encoder network.

. The method of claim 1, further comprising:

- determining which one of the overfitted neural encoder networks
performs the best; and
- selecting such overfitted neural encoder network for a current block.

The method according to claim 2, wherein the performance is determined
according to one or both of the following aspects: a reconstruction quality or
a bitrate.

. A method for a neural decoder network comprising:

— receiving a block residual defining a difference between an original
block of data and a decoded block of the data;

— based on the residual, recovering the original block to be used as
ground-truth data; and

— overfitting the neural decoder network based on the ground-truth data.

. The method according to claim 4, further comprising

- receiving a weight residual from a transmitter, the weight residual defining
the difference between weights of the decoder before and after an
overfitting.

. An apparatus comprising at least one processor, memory including computer

program code, the memory and the computer program code configured to,
with the at least one processor, cause the apparatus to:
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receive input data divided into a plurality of blocks;
overfit a first neural encoder network for a first block of the data based on
a baseline encoder network;
encode the first block by the first overfitted neural encoder network
overfit a second neural encoder network for at least one subsequent block
of the data based on a combination of neural networks used for previous
blocks and/or the baseline encoder network; and
encode the at least one subsequent block by the second overfitted neural
encoder network.

7. The apparatus of claim 6, further being caused to:

determine which one of the overfitted neural encoder networks performs
the best; and

select such overfitted neural encoder network for a current block of the
data.

8. The apparatus according to claim 7, wherein the performance is determined
according to one or both of the following aspects: a reconstruction quality or
a bitrate.

9. The apparatus according to any of the claims 6 to 8, wherein the data
comprises image data, video data, or audio data.

10.An apparatus comprising at least one processor, memory including computer
program code, the memory and the computer program code configured to,
with the at least one processor, cause the apparatus to:

receive a block residual defining a difference between an original block of
data and a decoded block of the data;

based on the residual, recover the original block to be used as ground-
truth data; and

overfit the neural decoder network based on the ground-truth data.

11.The apparatus according to claim 10, further being caused to

receive a weight residual from a transmitter, the weight residual defining
the difference between weights of the decoder before and after an
overfitting.
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12.The apparatus according to any of claims 10 or 11, wherein the data
comprises image data, video data, or audio data.

13.A computer program product comprising computer program code configured
to, when executed on at least one processor, cause an apparatus or a system

to:

receive input data divided into a plurality of blocks;

overfit a first neural encoder network for a first block of the data based on
a baseline encoder network;

encode the first block by the first overfitted neural encoder network
overfit a second neural encoder network for at least one subsequent block
of the data based on a combination of neural networks used for previous
blocks and/or the baseline encoder network; and

encode the at least one subsequent block by the second overfitted neural
encoder network.

14.A computer program product according to claim 13, wherein the computer
program product is embodied on a non-transitory computer readable
medium.

15.A computer program product comprising computer program code configured
to, when executed on at least one processor, cause an apparatus or a system

to:

receive a block residual defining a difference between an original block of
data and a decoded block of the data;

based on the residual, recover the original block to be used as ground-
truth data; and

overfit the neural decoder network based on the ground-truth data.

16.A computer program product according to claim 15, wherein the computer
program product is embodied on a non-transitory computer readable
medium.
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