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Entropy-Friendly Neural Network Representations and their use in Training and Using

Neural Networks such as Autoencoders

TECHNICAL FIELD

[0001] This invention relates generally to neural networks and their use and, more

specifically, relates to training and use of neural networks such as autoencoders.

BACKGROUND

[0002] This section is intended to provide a background or context to the invention
disclosed below. The description herein may include concepts that could be pursued, but are
not necessarily ones that have been previously conceived, implemented or described.
Therefore, unless otherwise explicitly indicated herein, what is described in this section is not
prior art to the description in this application and is not admitted to be prior art by inclusion in
this section. Abbreviations that may be found in the specification and/or the drawing figures
are defined below, after the main part of the detailed description section.

[0003] Neural networks are being utilized in an ever-increasing number of
applications for many types of devices, such as mobile phones. Examples include image and
video analysis and processing, social media data analysis, device usage data analysis, and the
like.

[0004] Recently, there is an increasing trend in using artificial neural networks for
compressing and de-compressing data. Examples of data types are image, video, text, audio,
and the like. In particular, for image compression, one category of neural networks which are
being explored is deep convolutional autoencoders. Such autoencoders contain a neural
encoder part and a neural decoder part. The representations output by the encoder are the
compressed version of the original data. The output of the decoder is a reconstruction of the
input images from the representations output by the encoder.

[0005] In order to obtain a saving in terms of bitrate or file size, the encoded
representation may be quantized or binarized. Here, we consider the binarization case, which
comprises quantizing each values of the output tensor of the encoder into only two values: 0
(zero) or 1 (one). However, typically neural networks are able to output floating-point values.
Therefore, a binarization process may be used for converting the encoder’s output

representations to a proper bit-stream.
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[0006] Some methods impose a direct enforcing of the encoded representations to be a
bitstream. The last layer of the neural encoder may be a sigmoid layer, so that the
intermediate encoder’s representations which are passed through the sigmoid layer are
mapped to values within the [0, 1] range first. In order to obtain a binary value from a value in
the [0, 1] range, one straightforward way is to threshold the value, for example at 0.5.
However, using binary values (zeros or ones) during the training process may not be possible
if the training is based on the gradient of the loss with respect of the neural network’s
parameters, because the binarization process may not be differentiable or the gradient of the
binarization function with respect to its input is mostly zeros. This is a problem, as most
current neural networks are trained based on the gradient of the loss with respect to the neural
network trainable parameters (such as the connections’ weights). The thresholding operation
would make all gradients become zero, thus making it difficult to train the neural encoder.

[0007] Binarization can therefore be approximated via some tricks such as simulating
the binarization by adding a noise to representations, probabilistic derivatives, and the like.
Note that the challenge is only at training time, whereas in inference a real binarization can be
employed. The binarization would not allow for training the neural network components
which are before the binarization operation (in the order determined by a forward pass from
input to encoder to binarization to decoder), whereas it would still be possible to train the
decoder. One approach is to train both encoder and decoder using the binarization
approximation, optionally followed by a final training of only the decoder while using a real
binarization. Another approach is to train in two alternating phases, where during the first
phase both encoder and decoder are trained using the binarization approximation, and where

during the second phase the real binarization is used and only the decoder is trained.

BRIEF DESCRIPTION OF THE DRAWINGS

[0008] In the attached Drawing Figures:

[0009] FIG. 1 is a block diagram providing an overview, including a neural network
and a training method, of an exemplary proposed approach for training the neural network
using entropy-friendly neural network representations;

[0010] FIG. 2 is a block diagram illustrating computation of entropy-friendly loss, in

an exemplary embodiment;



10

15

20

25

30

WO 2019/185987 PCT/F12019/050238
3

[0011] FIG. 3 is a table presenting memory requirements (in megabytes) for codes for
a validation set of images that were not seen by the network during training, and compares
exemplary embodiments with conventional techniques;

[0012] FIG. 4 is a smooth concatenated vector in an exemplary embodiment;

[0013] FIG. 5A is a block diagram of an example of a system suitable for performing
exemplary embodiments;

[0014] FIG 5B is a block diagram of an example of a system suitable for performing
exemplary embodiments, using multiple neural networks;

[0015] FIGS. 6A and 6B are block diagrams of examples of another system and
corresponding methods suitable for performing exemplary embodiments;

[0016] FIG. 7 is a block diagram of an exemplary neural network at an inference
stage, in accordance with an exemplary embodiment;

[0017] FIG. 8A is an example of an entropy coder from FIG. 7, with an option of
plain coding; and

[0018] FIG. 8B is an example of an entropy coder from FIG. 7, with an option of

differential coding.

DETAILED DESCRIPTION OF THE DRAWINGS

[0019] The word “exemplary” is used herein to mean “serving as an example,
instance, or illustration.” Any embodiment described herein as “exemplary” is not necessarily
to be construed as preferred or advantageous over other embodiments. All of the
embodiments described in this Detailed Description are exemplary embodiments provided to
enable persons skilled in the art to make or use the invention and not to limit the scope of the
invention which is defined by the claims.

[0020] The rest of this disclosure is divided into sections, for case of reference.

[0021] I. Introduction

[0022] As described above, binarization enforcement during training is challenging
since the thresholding process is not differentiable or it would provide mostly zero gradients
during the backward pass. This challenge is only at training time, whereas in inference a real
binarization can be employed. However, a real binarization process may still be used for
training only the decoder, or anyway all the neural network components which are processed

or executed after the real binarization process (in the order specified by a forward pass).
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[0023] In information theory, entropy encoding is a lossless data compression scheme
that may be applied for example on a byte-stream. The key concept is that if the entropy of
the symbol is low, then a high coding efficiency can be satisfied with entropy coding. A
symbol may be for example a byte. A symbol with low entropy is a symbol which is easily
predictable and which may occur frequently. This is usually coded by an entropy encoder by
assigning to the symbol a short binary sequence. A symbol with high entropy is instead a
symbol which occurs rarely and which is less easily predictable. This is usually coded by an
entropy encoder by assigning to the symbol a longer binary sequence.

[0024] In the instant disclosure, we consider a specific case of a neural network, for
example a convolutional autoencoder, where the encoded representations (e.g., output of
encoder) are a bitstream or an approximation of a bitstream, such as values between 0 (zero)
and 1 (one). Normally, i.e., when an auto-encoder is trained using only a reconstruction loss,
this bitstream can be of any entropy since during training conventionally there is no constraint
controlling the entropy.

[0025] In order to increase compression rates, it would be highly beneficial to train the
autoencoder in such a way that the encoder’s representation has as low entropy as possible. In
this disclosure, we propose methods in exemplary embodiments that target such problems.

[0026] As an overview, the techniques herein relate to the problem of training a neural
network so that its intermediate representations have as low entropy as possible. As an
example, we consider the use case of compressing data, although the techniques are not
limited to this. The neural network’s intermediate representations, i.c., the output of the neural
encoder, represent the information whose entropy could be minimized. Entropy is minimized
by training the encoder to output representations whose symbols (bytes) have as low entropy
as possible, for example so that each symbol is output as frequently as possible.

[0027] We consider neural autoencoders, which include a neural encoder and a neural
decoder. The intermediate representations are the output representations obtained by the
neural encoder. However, our techniques are not limited to autoencoders. For example,
recurrent neural networks may be used for obtaining a representation of the input data which
is more easily compressible. In general, the techniques may be applied to those cases where
there is a neural network which extracts features or representations from data, where these
representations are more casily compressible than the original data, where these

representations are binarized, and where the binarized representations are entropy-encoded.
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[0028] In exemplary embodiments, we propose a new loss in order to train the
autoencoder so that the encoder’s representations have low entropy and a new way to entropy
code these representations. We show that the exemplary proposed methods greatly improve
the coding efficiency. One exemplary embodiment includes a method that adds a constraint
(e.g., an additional loss) to the usual autoencoder loss, which penalizes encoder’s
representations which are not smooth. Another exemplary embodiment includes a method for
handling entropy between different bytes. The usual auto-encoder loss is the reconstruction
loss, which may be the mean squared error between the output of the decoder and the original
data which is input to the encoder. Alternatively or in addition to the mean squared loss, other
common auto-encoder losses are the L1 loss and the adversarial loss provided by an auxiliary
neural network.

[0029] II. Additional detail and examples

[0030] Now that an introduction has been provided, additional detail is provided.
Autoencoders contain two parts: a neural encoder and a neural decoder. An autoencoder may
also be referred to as an autoencoder neural network. The encoder encodes the input to a
variable or fixed length code depending on the type of autoencoder. For example, with fully
convolutional encoders, it is possible to encode to variable size codes, where the code size
depends on the input size. Autoencoders are usually trained with reconstruction loss, such as
mean squared error between the input to autoencoder and output from the autoencoder. Other
losses include adversarial loss (such as the losses used in Generative Adversarial Networks),
L1 (layer 1) loss, and the like. Autoencoders trained in this way do not impose any constraints
on the codes.

[0031] It should be noted that the techniques herein are not limited to autoencoders.
For example, recurrent neural networks may be used for obtaining a representation of the
input data which is more easily compressible. In general, the techniques may be applied to
those cases where there is a neural network which extracts features or representations from
data, where these representations are more casily compressible, where these representations
are binarized, and where the binarized representations are entropy-encoded.

[0032] Here we propose training the autoencoders by an additional loss, which we call
entropy-friendly loss. Please see an exemplary overview on FIG. 1, which includes a neural
network 100 and a training method 101, of an exemplary proposed approach for training the
neural network to produce entropy-friendly neural network representations. In this example,

the neural network is an autoencoder 100, which comprises two parts: a neural encoder 120
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and a neural decoder 130. The neural encoder 120 operates on input data 110 and creates
encoder’s representations 125. The neural decoder operates on the encoder’s representations
125 and outputs reconstructed data 135. The training method 101 comprises operations 140,
160, 170, and 180.

[0033] The neural encoder 120 has several layers 105, which may be convolutional
layers, batch normalization layers, activation functions, and the like. These are shown as
Layer 1 105-1 through layer N 105-N. Between nodes of each layer 105 are weights 106,
which can be adjusted, e.g., during training. The last layer may be a sigmoid layer 107, so
that the output tensor has elements whose values range between 0 and 1. The last layer of the
encoder may also be another similar squashing function, whose output range is limited, and
optionally followed by a re-scaling operation to modify the output to the range from 0 to 1.
For example, a hyperbolic tangent activation function can be used, which outputs a range
between -1 and 1, followed by a rescaling operation. After the sigmoid layer 107, the values
go through a simulation of the binarization process (illustrated as simulate binarization 108),
which may be for example the addition of a particular noise sample. This simulation of
binarization (e.g., 108) may be used only at training stage, whereas at an inference stage it
may be replaced by a real binarization process, such as a thresholding operation.

[0034] The neural decoder 130 may also comprise multiple layers 135, in this
example Layer 1 135-1 through Layer M 135-M. The layers 135 also have weights 136
between the layers 135. These weights 136 may be adjusted, ¢.g., during a training phase.

[0035] The training method 101 on FIG. 1 comprises an operation 140 to compute
entropy-friendly loss, which outputs the entropy-friendly loss 150. The operation 180 in the
training method 101 computes a mean squared error (MSE) loss based on the input data 110
and the reconstructed data 135. The MSE loss 190 is also referred to herein as a
reconstruction loss. Put differently, MSE loss is one type of reconstruction loss 190.
Alternatively, any other method for determining a difference between input data 110 and
reconstructed data 135 may be used to determine the reconstruction loss 190. The operation
160 in the training method 101 operates on the entropy-friendly loss 150 and the mean
squared error (MSE) loss 190 to combine losses as a final loss 165. The final loss can be
obtained by combining the two losses by for example a linear combination, where the weights
are either predefined or adaptive to the input content. The final loss 165 is used in a training
operation 170 (of the training method 101), the outputs 171, 172 of which are respectively
routed back to the neural encoder 120 and the neural decoder 130. The outputs 171, 172 are
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used to adjust at least some of the weights 106 and/or weights 136, respectively. As an
example, the training operation 170 may differentiate the final loss with respect to the
learnable parameters of the neural network, to obtain gradients. These gradients are used to
compute updates for the learnable parameters (such as the weights), by using one of the
available optimization routines, such as Stochastic Gradient Descent, Adam, and the like.

[0036] Regarding operation 140 to compute entropy-friendly loss, determining the
entropy-friendly loss 150 may be based on calculating a difference, for example MSE,
between shifted versions of the output representation of the encoder. According to one
example let x be the output of the encoder, i.¢., the encoder’s representations 125. This may
be a vector or a tensor of floating-point values ranging from 0 to 1. Referring to FIG. 2, which
is a block diagram illustrating computation of entropy-friendly loss, in an exemplary
embodiment, we first obtain two vectors out of x by simply making two copies of the single
vector x. In FIG. 2, the vector x is labeled as 205, operation 210 performs the copy, creating
copies 205-1 and 205-2. Then one copy 205-1 is concatenated from the left-hand side (see
operation 220) with 0 (zero) and the other copy 205-2 is concatenated from the right-hand
side (see operation 230) with 0 (zero). We call them x5, 225-1 and x4, 225-2
respectively.

[0037] Our introduced 1088 Loy ¢r0py may be then determined as follows. lepiropy =

mse(Xere, Xrigne), Where mse stands for mean squared error and is computed as mse(x,y) =
%Zﬁ\;l(xi — y;)%. See operation 240 in FIG. 2, which results in the entropy-friendly loss 150.

Lentropy 18 therefore obtained by calculating MSE between shifted versions of encoder
representations 125. Minimizing lentropy therefore minimizes variations between consecutive
elements of the encoder representation vectors. It should be noted here that we are not
restricted to MSE, but can use basically any similarity loss between two vectors. One example
1S cosine similarity.

[0038] The description above and in particular FIGS. 1 and 2 primarily relate to a
training phase. Once the neural encoder 120 and neural decoder 130 have been trained, they
would then be used in an inference stage, e.g., where input data 110 would possibly be (e.g.,
likely be) data not seen before. The improvements made in the training phase are also
expected to create improvements in the inference phase, as described in more detail below.
Before proceeding with additional description of these and other improvements, it is helpful

to describe how a neural network at an inference stage might be configured.
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[0039] Turning to FIG. 7, this figure is a block diagram of an exemplary neural
network 700 at an inference stage, in accordance with an exemplary embodiment. For this
example, the input data is an input image 710, and the output data is output image 770, but
this is only exemplary and other data may be used. The neural network 700 comprises a
neural encoder 720, e.g., a trained neural encoder 120, and also comprises a neural decoder
730, ¢.g., a trained neural decoder 130. This is similar to the neural network 100 of FIG 1,
but there are additional elements in the neural network 700. One such element is a binarizer
725, which produces a bitstream 735, an entropy coder 745 that produces compressed data
755, an entropy decoder 765 that provides output to the neural decoder 730, which outputs an
output image 770. It is to be noted that neural network 700 may be distributed between
different devices. For example neural encoder 720, binarizer 725, and entropy coder 745 may
be implemented at an encoder or transmitter device. Entropy decoder 765 and neural decoder
730 may be implemented at a decoder or a receiver device. Both of these complementary
parts of neural network 700 may be considered to comprise an individual neural network.

[0040] There are multiple ways to implement the entropy coder 745. Note that the
design of the entropy decoder 765 would match with the design of the entropy coder 745, but
the details of the entropy decoder 765 should be able to be implemented once the design of
the entropy coder 745 is known. Two examples of implementations of the entropy coder 745
are illustrated in FIGS. 8A and §B.

[0041] For instance, FIG. 8A is an example of an entropy coder 745 from FIG. 7, with
an option of plain coding. The entropy coder 745-1 in FIG. 8A operates on bitstream 735
from the binarizer 725 and outputs compressed data 755. The entropy coder 745-1 comprises
a convert to byte vectors operation 810 followed by entropy coding 820.

[0042] FIG. 8B is an example of an entropy coder 745 from FIG. 7, with an option of
differential coding. The entropy coder 745-2 operates on bitstream 735 from the binarizer
725 and outputs compressed data 755. The entropy coder 745-2 comprises a concatenate a
zero to the left of the bitstream operation 830, followed by differential coding 840, followed
by a convert to byte vectors operation 810, which is followed by entropy coding 820.

[0043] The elements in FIGS. 7, 8A, and 8B, if not previously described, are referred
to and described in more detail below. This description occurs because the improvements by
incorporation of the entropy-friendly loss 140 in FIG. 1 also flow toward the neural network

700, and the design of neural network 700 also influences overall improvement (in
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combination with techniques using the entropy-friendly loss 140) in a system using such
neural networks 100/700.

[0044] This entropy-friendly loss 140 is not only trying to reduce the variation within
the code, but also trying to make the rightmost and leftmost bit zero. This is very useful for
continuous coding. For example, consider a case where the autoencoder can encode a limited
size input which is only a portion of entire file to be coded. In this case, since we enforce the
start and end of vectors to be zero, we automatically ensure a smooth transition with the next
or previous code, since their beginnings and ends are also enforced to be zero. Then, a
bitstream 735 corresponding to the entire file to be coded can be obtained with low entropy.

[0045] During entropy coding 820, the size of the entropy alphabet is also important.
A very widely used alphabet is bytes, but one can also use bits or longer data words such as
for example corresponding to 16 or 32 bits. An average size alphabet may be typically used
and in the following example we adopt the byte-alphabet. For this, we convert our bitstream
to bytes. This can simply be made by bit packing, where the binary code is represented by a
byte for every 8-bit sequence within the bitstream. If the code length is not divisible by 8,
then a simple zero-padding can be implemented. To prevent this, we may use code size (i.c.,
size of the encoder’s output vector) that is a multiple of 8.

[0046] We can further improve the entropy coding 820 as follows. Consider the
following code: [00000000000000001111111111111111].Thiscanbe
converted to bytes as follows: [0 0 255 255].

[0047] However, one can alternatively only entropy-code the difference vector: [0 0 O
0000000000000100000000000000 0], which can be converted to bytes as [0
0 128 0], which has lower entropy than the previous code. The difference vector can be
calculated via taking the absolute value of difference of one element with the previous
clement. As a simpler example, say a code is [0 1 1 1]. We add one 0 (in this example) in the
beginning and make it [0 0 1 1 1], and then difference coding 840 would make it: [0 1 0 0].
While reverting this (e.g., in the entropy decoder 765), we know that in this example the
artificial bit in the beginning was 0. So we can easily reconstruct the code according to the
change indicators in the difference coded vector and obtain the original code: [0 1 1 1].

[0048] The sign of the difference does not matter, since in a binary vector the
direction of change does not matter, i.¢., if there is a change in 0 only alternative is 1 anyway,
so no need to keep signs. The difference related to first element is taken with 0, therefore one

can also know the first element, during decoding.
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[0049] The proposed entropy-friendly loss 140 may be combined with one or more
traditional autoencoder losses, such as MSE between reconstructed data and input data,
adversarial loss provided by a third neural network, L1 loss, and the like. The combination
process may comprise applying a linear combination (where the weights may be determined
for example by minimizing the combined loss on a validation dataset or learned by another
neural network) or a meta-learning neural network (which would learn to combine the losses
in an improved or optimal way).

[0050] As an example, one possible combination is the following:

[0051] Loss = IvsE + lentropy-

[0052] As one set of results, FIG. 3 presents memory requirements (in megabytes) for
codes for a validation set of images that were not seen by the network during training. The
MSE related to all cases are similar to each other. As can be seen with the new loss
techniques herein, the memory requirements are lower for both new loss with plain coding
(c.g., see FIGS. 7 and 8A) and new loss with difference coding (e.g., see FIGS. 7 and §B),
relative to without new loss but with entropy coding and also without entropy coding.

[0053] III. Example system

[0054] Turning to FIG. 5A, this figure is a block diagram of an example of a system
500 suitable for performing exemplary embodiments. The system 500 comprises a training
device 510, such as a server, coupled to at least one using device 560, such as a mobile phone
or an Internet of Things (IoT) device. These devices are coupled through one or more
networks 550, such as wireless or wired networks including possibly local area networks,
wide area networks, and/or the Internet.

[0055] The training device 510 comprises one or more processors 515-1, one or more
memories 520-1, and one or more network (N/W) interfaces (I/F(s)) 535-1. The one or more
processors 515-1 are circuitry configured to cause the training device 510 to perform
operations as described herein. These may be single-core or multiple-core general purpose
processors and/or application specific integrated circuits and/or programmable logic devices
and/or graphics processing units (GPUs). It should be noted that the one or more processors
515 may contain memory, such as cache memory, latches, and/or registers. The one or more
memories 520-1 may be volatile or non-volatile memories. The one or more memories 520-1
comprise computer program code 525-1. The one or more network interfaces 535-1 may be
wired or wireless network interfaces and are used to communicate via the network(s) 550.

The training method 501 (e.g., including training method 101 and/or other methods and
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techniques as described above) and the neural network 100 may be implemented in hardware,
as part of the one or more processors 515-1, implemented in the computer program code 525-
1 (which the one or more processors 515-1 would retrieve and execute, to cause the training
device 510 to perform the operations described herein), or implemented in both hardware or
computer program code. For instance, the structure of the neural network 100 could be
implemented in the one or more processors 515-1, say as programmable logic, while the
weights 106, 136 or other variables are in the one or more memories 520-1. The training
method 501 accesses the training images 530, and trains the neural network 100, as previously
described.

[0056] It is noted that the training device 510 may also be the device that uses the
trained neural network 700. That is, the training device 510 may also be the using device 560,
as this device is described below.

[0057] Assuming the training device 510 and the using device 560 are separate
devices (as illustrated in FIG. 5A), the training device 510 can send information 540 to the
using device 560. The using device 560 is similar to the training device 510 and comprises
ong or more processors 515-2, one or more memories 520-2 (comprising the computer
program code 525-2), and one or more network (N/W) interfaces (I/F(s)) 535-2. These are
similar to the one or more processors 515-1, one or more memories 520-1 (comprising the
computer program code 525-1), and one or more network (N/W) interfaces (I/F(s)) 535-1 and
will not be described further. The using device 560 may also have a camera (e.g., and audio)
system 590, which can take and store image(s) 555, including a series of the same (along with
audio) as video. In this example, the using device 560 implements the neural network 700 in
one or both of the one or more processors 515-2 and memories 520-2.

[0058] In one example, the using device 560 receives information 540, such as
indications of the weights 106 and 136, from the training device 510, and programs or
modifies the programming of the neural network 700. The using device 560 can then take an
image 555 (or access the same) and apply the encoder 120 of the neural network 700 to the
image 555 to create a compressed image 555-1, e.g., as encoder’s representation 125. This
compressed image 555-1 could be stored, e.g., in the one or more memories 520-2. In order
to view or use the image, the using device 560 could apply the decoder 130 to the compressed
image 555-1 to create the decompressed image 555-2, which is a lossy version of the original

image 555.
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[0059] In another example, the using device 560 receives one or more compressed
images 555-1, applies the decoder 130 to these images, and creates the decompressed images
555-2, which would be lossy versions of the corresponding original images 555.

[0060] IV. Combining entropy coding with block-based processing

[0061] In an exemplary embodiment, the entropy-friendly loss 140 that is used
enforces the beginning and the end of each code to be zero. This is very useful if an image is
divided into blocks and each block is coded separately. It enables even using different
encoders or encoder parameters per block. For example, let a block be represented by: [0 0 0
001111000 0]and another by: [0 0 1 0 0 0]. Notice that the bit-rates are varying. In the
end, since these two vectors are concatenated, and the end and start bits of both vectors are
enforced to be zero, then it will give rise to a smooth concatenated vector as follows: [0 0 0 0
0111100000010 00].FIG. 4 reproduces this vector. The encircled bits represent the
end bit 410 of the first vector 405-1 and start bit 420 of the second vector 405-2. Notice that
the final code is smooth and suitable for entropy coding. Below, we describe an embodiment
which follows this described enabler.

[0062] The following is described with reference to FIG. 5B, which is similar to FIG.
5A, so only the differences will be described. In this example, there are multiple neural
networks 100A, 100B, and 100C, used in a training phase, that are trained using various
techniques, some of which are described below. There are a corresponding number of neural
networks 700A, 700B, and 700C, used in an inference phase. Only three NNs 100/700 are
shown, but this is merely exemplary, and there could be two or four or other numbers of NNs.
As part of the using device 560, there is also a neural network selection process 595, which
selects which one of the neural networks 700A, 700B, or 700C should be used, based on
certain criteria.

[0063] In this embodiment, we make use of our entropy coding loss’s benefits of
enabling encoding with different encoders and use three different neural networks 100 with
different encoding rates ( i.e., the three neural networks 100 A-C have different
dimensionality of the encoder’s output representations). For example, the neural networks 100
A-C take a 32x32 patch (e.g., a crop of an image) and encode it to a fixed bit rate which may
be different for each neural network: 64, 216 and 368 bit rates, respectively. We train each
neural network 100 individually. During inference, we set a target peak signal-to-noise ratio
(PSNR) for each block and encode each block by the lowest bit rate network 700 A, B, or C
possible which can achieve the target PSNR. This is performed by the neural network
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selection process 595. This is performed in order to use low bitrates for easier blocks and to
save from the overall bits. This also allows using high bit rates for more complex patches.

[0064] We have made an experiment on 102 high quality validation images. A single
neural network with fixed 216 bit rate provides 26.889 PSNR, whereas the combination of
networks provides 27.53 PSNR while keeping the required memory space fixed (4.7 MB for
both). It is noted that memory space may also be referred to as storage space.

[0065] An alternative approach to select (via process 595) the neural network 700 A-C
to be used for a certain block is to compute the lowest rate-distortion cost, for example a
Lagrangian such as Cost = rate + lambda * distortion, where the rate may be the encoder’s
output dimension (e.g., 64) and distortion may be derived from the PSNR obtained by the
corresponding decoder. Lambda may be tuned in order to achieve a target size of the encoded
data.

[0066] Also, as an additional embodiment, the neural networks 100 A-C with different
encoder’s output sizes may be trained in two steps. In the first step, they are pre-trained on all
blocks of the training images 530. In the second step, each neural network 100 A, B, or C is
trained on a different type of block, where the type may be specified by the frequency range
(e.g., a block may have mostly low frequency content, another block may have high
frequency content), or by any other suitable measure of the “difficulty” to encode that block
such as the rate-distortion cost. One further option is to perform directly the step 2, i.e.,
training directly on different types of blocks. These “expert” neural networks 700 A-C may
then be used at inference time based on the same evaluation metric used during training. That
is, the neural network selection process 595 selects the appropriate one of the neural networks
700 A, B, or C based on the evaluation metric.

[0067] Concerning additional block-based embodiments, the input blocks (e.g., for
training images 530 or input data 110) may be residual blocks, i.e., the difference between
one block and the neighboring block in the same image.

[0068] Furthermore, in inference (no training), optionally, instead of concatenating the
blocks' codes (before entropy encoding 820), we can concatenate the difference of one block's
code with respect to the previous block's code. Only the first block's code is sent as is. When
using multiple neural networks (with different encoder's output sizes), this technique may be

applied to only the blocks with same encoder's output sizes.
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[0069] 1V. Distributed training embodiments

[0070] As additional embodiments, we propose how to use the present techniques in
the context of distributed training. Distributed training includes having two or more devices
(e.g., mobile phones, IoT devices, and the like) referred to as training devices performing
partial trainings of a neural network, and a server which collects the results from the partial
trainings and combines them for training the neural network. The results of partial trainings
may be updates to the some or all of the weights 106, 136 of the neural network 100. The
combination of weight updates may be performed by averaging or by any other suitable
means.

[0071] Turning to FIGS. 6A and 6B, these figures are block diagrams of examples of
another system 600 and corresponding methods suitable for performing exemplary
embodiments. The entities in FIGS. 6A and 6B are the same, but the information being
transferred is not. This is described in more detail below. In this example, there is a server
610 that communicates with each of the training devices 660. There are X training devices
660-1 through 660-X, each of which implements a corresponding neural network 100-1
through 100-X (each with a corresponding encoder 120-1 through 120-X and decoder 130-1
through 130-X). Each of the training devices 660-1 through 660-X operates its corresponding
neural network (NN) 100-1 through 100-X based on corresponding (e.g., different) training
images 530-1 through 530-X. In some embodiments a subset of neural network , ¢.g. a subset
of layers, may be implemented at each of the training devices 660-1 through 660-X.

[0072] Now, we consider the case where the neural network to be trained is a network
for performing image or video compression, as the example described in this disclosure. Each
training device 660 may use different data for performing its partial training, such as images
(e.g., training images 530) captured by a local camera. Each training device will then input
the data to the encoder, obtain the encoder’s representations 125, and compute the decoder’s
output as reconstructed data 135.

[0073] In one implementation of this embodiment, shown in FIG. 6A, both the
encoder’s representations 125 and the decoder’s output (reconstructed data 135) are sent from
the training devices 660 to the server 610, which will use those for computing the entropy-
friendly loss 125 and the reconstruction loss (e.g., MSE loss 190). In order to compute the
reconstruction loss, the server needs to have also the input image to the auto-encoder. This
input image may be already present at the server side or it may be sent to (or accessed by) the

server from the training device or from a third-party entity which provides input images to the
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training device. The final loss 165 is derived by combining all entropy-friendly losses 125 and
reconstruction losses 190 from all devices 660, and is (or are) sent back to the devices 660 for
computing the weight update.

[0074] In terms of FIG. 6A, the devices 660 perform method 602-1. Note that the
method 602-1 would be implemented in one or both of the one or more processors 515-2 and
memories 520-2. Each device 660 uses the NN (neural network) 100 to determine the
information of the encoder’s representations 125 and the reconstructed data 135. See
operation 690-1. Note that this operation may also occur during training of the NN 100, but
this is not necessary. In operation 695-1, the training device 660 sends (e.g., indications of)
the determined information of the encoder’s representations 125 and the reconstructed data
135 toward the server 610. This is illustrated by the training device 660-1 sending the
information 640-1 (comprising indications of the encoder’s representations 125-1 and the
reconstructed data 135-1) toward the server 610, and by the training device 660-X sending the
information 640-X (comprising indications of the encoder’s representations 125-X and the
reconstructed data 135-X) toward the server 610.

[0075] The server 610 performs the combining method 601-1 using this information
640-1 through 640-X. The method 601-1 would be implemented in one or both of the
processor(s) 515-1 and memory/memories 520-1. The server 610 in operation 615-1 of
method 601 computes losses 150, 190 using received information (125, 135) to determine
final loss 165. The server then distributes (operation 620-1) final loss 165 to the training
devices 660. This is illustrated by information 680 (e.g., indication(s) of the determined final
loss 165) being distributed from the server 610 toward the training devices 660-1 through
660-X.

[0076] The training devices 660 in block 696-1 receive the revised information 680,
comprising indication(s) of the final loss 165, and in block 697-1 compute weights 106, 136
using the received final loss 165.

[0077] In another implementation, illustrated in FIG. 6B, each training device 660
computes both the partial entropy-friendly loss 150 and the partial reconstruction loss 190 and
sends them to the server 610, which then combines them with the other partial losses coming
from all devices 660. The combined loss is then sent back to the devices 660 for computing
the weight update.

[0078] In the example of FIG. 6B, this is illustrated as follows. The devices 660
perform method 602-2. Note that the method 602-2 would be implemented in one or both of
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the one or more processors 515-2 and memories 520-2. Each device 660 trains the NN
(neural network) 100 to determine the entropy-friendly loss 150 and the reconstruction (e.g.,
MSE) loss 190. See operation 690-1. In operation 695-2, the training device 660 sends (e.g.,
indications of) the determined information of the entropy-friendly loss 150 and the
reconstruction (e.g., MSE) loss 190 toward the server 610. This is illustrated by the training
device 660-1 sending the information 650-1 (comprising indications of the entropy-friendly
loss 150-1 and the reconstruction loss 190-1) toward the server 610, and by the training
device 660-X sending the information 650-X (comprising indications of the entropy-friendly
loss 150-X and the reconstruction loss 190-X) toward the server 610.

[0079] The server 610 performs the combining method 601-2 using this information
650-1 through 650-X. The method 601-2 would be implemented in one or both of the
processor(s) 515-1 and memory/memories 520-1. The server 610 in operation 615-2 of
method 601 combines received information (150, 190) to determine a final loss 165. The
server then distributes (operation 620-2) revised information (the final loss 165) to training
devices. This is illustrated by information 680 (e.g., indication(s) of the final loss 165) being
distributed from the server 610 toward the training devices 660-1 through 660-X.

[0080] The training devices 660 in block 696-2 receive the revised information 680,
comprising indication(s) of the final loss 165, and in block 697-2 compute updates of weights
106, 136 using the received final loss 165.

[0081] In both implementations, there may be two streams of data from each training
device 660 to the server 610: one from the encoder’s output (either the encoder’s
representations 125 in FIG. 6A or the entropy-friendly loss 150 in FIG. 6B) and one from the
decoder’s output (either the reconstructed data 135 in FIG. 6A or the reconstruction loss 190
in FIG. 6B). Optionally, the training device sends also the input data, if the server does not
have it by other means.

[0082] The operations described above are operations of an exemplary method or
methods, results of execution of computer program instructions embodied on a computer
readable memory, functions performed by logic implemented in hardware, and/or
interconnected means for performing functions in accordance with exemplary embodiments.

[0083] Without in any way limiting the scope, interpretation, or application of the
claims appearing below, a technical effect of one or more of the example embodiments
disclosed herein is a reduction in memory (e.g., storage) requirements for neural networks.

Another technical effect of one or more of the example embodiments disclosed herein is
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encoder’s representations have lower entropy than with previous techniques. Another
technical effect of one or more of the example embodiments disclosed herein is encoder’s
representations which are smoother than with previous techniques and therefore have lower
entropy. Another technical effect of one or more of the example embodiments disclosed
herein is improved handling entropy between different bytes.

[0084] Embodiments herein may be implemented in software (executed by one or
more processors), hardware (e.g., an application specific integrated circuit), or a combination
of software and hardware. In an example embodiment, the software (e.g., application logic,
an instruction set) is maintained on any one of various conventional computer-readable
media. In the context of this document, a “computer-readable medium” may be any media or
means that can contain, store, communicate, propagate or transport the instructions for use by
or in connection with an instruction execution system, apparatus, or device, such as a
computer, with one example of a computer described and depicted, e.g., in FIGS. 5A, 5B, 6A,
and 6B. A computer-readable medium may comprise a computer-readable storage medium
(e.g., memories 520-1 and 520-2 or other device) that may be any media or means that can
contain, store, and/or transport the instructions for use by or in connection with an instruction
execution system, apparatus, or device, such as a computer. A computer-readable storage
medium does not comprise propagating signals.

[0085] If desired, the different functions discussed herein may be performed in a
different order and/or concurrently with each other. Furthermore, if desired, one or more of
the above-described functions may be optional or may be combined.

[0086] Although various aspects are set out above, other aspects comprise other
combinations of features from the described embodiments, and not solely the combinations
described above.

[0087] It is also noted herein that while the above describes example embodiments of
the invention, 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 invention.

[0088] The following abbreviations that may be found in the specification and/or the
drawing figures are defined as follows:

GPU graphics processing unit
I/F interface

IoT Internet of things
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peak signal-to-noise ratio
megabytes

mean squared error
neural network

network
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CLAIMS

What is claimed is:

1. A method, comprising:
performing training on a neural network comprising an encoder which extracts
representations from input data, wherein a decoder in the neural network is
configured to decode the representations into reconstructed data, the training
comprising:
computing a first loss from the encoder’s representations; and

using at least the first loss to train the neural network.

2. The method of claim 1, wherein:
the training further comprises:
computing one or more second losses for the neural network;
determining a final loss based on the first loss and one or more second losses;
and
using at least the first loss to train the neural network further comprises using the final

loss to train the neural network.

3. The method of claim 2, wherein:
computing one or more second losses for the neural network further comprises
computing a second loss between the input data and reconstructed data; and
determining a final loss based on the first loss and one or more second losses further
comprises determining the final loss as a combination of the first loss and the

second loss between the input data and reconstructed data.

4. The method of claim 3, wherein computing a second loss between the input data and

reconstructed data further comprises computing the second loss as a mean squared

error between the input data and reconstructed data.
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The method of claim 2, wherein:
using the final loss to train the neural network further comprises using final loss to

update weights for one or both of the encoder and decoder.

The method of any of claims 1 to 5, wherein computing a first loss from the encoder’s

representations further comprises:

copying a vector from the encoder’s representations to create two copies;

concatenating a first of the two copies from a left-hand side of the first copy with a
zero to create a left-hand vector;

concatenating a second of the two copies from a right-hand side of the second copy
with a zero to create a right-hand vector; and

computing a similarity between the left-hand vector and the right-hand vector, the

similarity being the first loss.

The method of claim 6, wherein computing a similarity between the left-hand vector
and the right-hand vector further comprises computing a mean squared error between

the left-hand vector and the right-hand vector.

The method of any of claims 1 to 7, wherein:

performing training on a neural network performs training on multiple neural
networks, each neural network comprising an encoder which extracts
representations from input data, wherein a decoder in the neural network is
configured to decode the representations into reconstructed data;

each of the multiple neural networks has a different fixed bit rate; and

the training is performed using a plurality of same blocks of input data for each of the

multiple neural networks at their individual different fixed bit rates.

The method of claim 8, wherein the training is performed in two steps:

in a first step, the multiple neural networks are pre-trained on all blocks of input data;

in a second step, each of the multiple neural networks is trained on a different type of
block selected for an individual one of the multiple neural networks based on

an evaluation metric.
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The method of claim 9, wherein:

the training creates multiple trained neural networks; and

an inference phase using the multiple trained neural networks comprises using the
evaluation metric to select which one of the multiple trained neural networks is

used to encode blocks of input data.

The method of claim 8, wherein:

the training creates multiple trained neural networks; and

an inference phase using the multiple trained neural networks comprises setting a
target for each input block and encoding each block by a lowest fixed bit rate

one of the multiple trained neural networks that can achieve the target.

The method of claim 11, wherein the target is a peak signal-to-noise ratio.

The method of claim 11, wherein the target is a rate-distortion cost.

The method of claim 13, wherein the rate-distortion cost is cost = rate + lambda *
distortion, where the rate is an encoder’s output dimension, distortion is derived from
a peak signal-to-noise ratio obtained by a corresponding decoder, and lambda is tuned

in order to achieve a target size of encoded data.

The method of any of the above claims, wherein the input data comprises input blocks
from a same image that are residual blocks, containing a difference between one block

and a neighboring block in the same image.

The method of any of the above claims, wherein:

the training creates a trained neural network; and

an inference phase using the trained neural networks comprises concatenating a
difference of one block's code with respect to a previous block's code, wherein
only a first block's code is sent as is and the concatenating a difference is

performed on all subsequent blocks.
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The method of any of the above claims, wherein at least one of the neural networks

comprises an autoencoder.

A method, comprising;:

receiving information from a plurality of devices, each of the plurality of devices
implementing a neural network comprising an encoder which extracts
representations from input data, wherein a decoder in the neural network is
configured to decode the encoder’s representations into reconstructed data,
wherein the information comprises information used to create a final loss used
to train the neural networks;

determining a final loss based on the information; and

distributing one or more indications of the final loss toward the plurality of devices to

be used by the devices to train the neural networks.

The method of claim 18, wherein:

the information comprises indications of the encoder’s representations and the
reconstructed data; and

the determining a final loss based on the information further comprises determining a
first loss based on the encoder’s representations and a second loss based on the
reconstructed data, and determining the final loss based on the first loss and the

second loss.

The method of claim 18, wherein:

the information comprises indications of a first loss determined using the encoder’s
representations and a second loss determined using the input data and the
reconstructed data; and

the determining a final loss based on the information further comprises determining

the final loss based on the first loss and the second loss.

A method, comprising:
determining information at a device, the device implementing a neural network
comprising an encoder which extracts representations from input data, wherein

a decoder in the neural network is configured to decode the encoder’s
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representations into reconstructed data, wherein the information comprises
information used to create a final loss used to train the neural network;
sending indications of the information toward the server;
receiving from the server and in response to the information a final loss based on the
information; and

training the neural network based at least on the final loss.

The method of claim 21, wherein:
the information comprises the encoder’s representations and the reconstructed data

and indication of the reconstructed data.

The method of claim 21, wherein:
the information comprises a first loss determined using the encoder’s representations

and a second loss determined using the input data and the reconstructed data.

A computer program, comprising code for performing any of the methods of claims 1

to 23, when the computer program is run on a processor.

The computer program according to claim 24, wherein the computer program is a
computer program product comprising a computer-readable medium bearing computer

program code embodied therein for use with a computer.

A computer program product comprising a computer-readable storage medium
bearing computer program code embodied therein for use with a computer, the
computer program code comprising code for performing any of the methods of claims

1 to 23.

An apparatus, comprising:

one or more processors; and

one or more memories including computer program code,

the one or more memories and the computer program code configured, with the one or
more processors, to cause the apparatus to perform any of the methods of

claims 1 to 23.
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An apparatus, comprising:

means for performing training on a neural network comprising an encoder which
extracts representations from input data, wherein a decoder in the neural
network is configured to decode the representations into reconstructed data, the
training comprising;:

means for computing a first loss from the encoder’s representations; and

means for using at least the first loss to train the neural network.

The apparatus of claim 28, wherein:

the means for training further comprises:

means for computing one or more second losses for the neural network;

means for determining a final loss based on the first loss and one or more second
losses; and

means for using at least the first loss to train the neural network further comprises

using the final loss to train the neural network.

The apparatus of claim 29, wherein:

the means for computing one or more second losses for the neural network further
comprises means for computing a second loss between the input data and
reconstructed data; and

the means for determining a final loss based on the first loss and one or more second
losses further comprises means for determining the final loss as a combination
of the first loss and the second loss between the input data and reconstructed

data.

The apparatus of claim 30, wherein the means for computing a second loss between
the input data and reconstructed data further comprises means for computing the

second loss as a mean squared error between the input data and reconstructed data.
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The apparatus of claim 29, wherein:
the means for using the final loss to train the neural network further comprises means
for using final loss to update weights for one or both of the encoder and

decoder.

The apparatus of any of claims 28 to 32, wherein the means for computing a first loss

from the encoder’s representations further comprises:

means for copying a vector from the encoder’s representations to create two copies;

means for concatenating a first of the two copies from a left-hand side of the first copy
with a zero to create a left-hand vector;

means for concatenating a second of the two copies from a right-hand side of the
second copy with a zero to create a right-hand vector; and

means for computing a similarity between the left-hand vector and the right-hand

vector, the similarity being the first loss.

The apparatus of claim 33, wherein the means for computing a similarity between the
left-hand vector and the right-hand vector further comprises means for computing a

mean squared error between the left-hand vector and the right-hand vector.

The apparatus of any of claims 28 to 34, wherein:

means for performing training on a neural network comprises means for performing
training on multiple neural networks, each neural network comprising an
encoder which extracts representations from input data, wherein a decoder in
the neural network is configured to decode the representations into
reconstructed data;

cach of the multiple neural networks has a different fixed bit rate; and

the training is performed using a plurality of same blocks of input data for each of the

multiple neural networks at their individual different fixed bit rates.

The apparatus of claim 35, wherein the training is performed in two steps:

in a first step, the multiple neural networks are pre-trained on all blocks of input data;
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in a second step, each of the multiple neural networks is trained on a different type of
block selected for an individual one of the multiple neural networks based on

an evaluation metric.

The apparatus of claim 35, wherein:

the training creates multiple trained neural networks; and

an inference phase using the multiple trained neural networks comprises means for
using the evaluation metric to select which one of the multiple trained neural

networks is used to encode blocks of input data.

The apparatus of claim 35, wherein:

the training creates multiple trained neural networks; and

an inference phase using the multiple trained neural networks comprises means for
setting a target for each input block and encoding each block by a lowest fixed

bit rate one of the multiple trained neural networks that can achieve the target.

The apparatus of claim 38, wherein the target is a peak signal-to-noise ratio.

The apparatus of claim 38, wherein the target is a rate-distortion cost.

The apparatus of claim 40, wherein the rate-distortion cost is cost = rate + lambda *
distortion, where the rate is an encoder’s output dimension, distortion is derived from
a peak signal-to-noise ratio obtained by a corresponding decoder, and lambda is tuned

in order to achieve a target size of encoded data.

The apparatus of any of claims 28 to 41, wherein the input data comprises input blocks
from a same image that are residual blocks, containing a difference between one block

and a neighboring block in the same image.

The apparatus of any of claims 28 to 42, wherein:
the training creates a trained neural network; and
an inference phase using the trained neural networks comprises means for

concatenating a difference of one block's code with respect to a previous
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block’s code, wherein only a first block's code is sent as is and the

concatenating a difference is performed on all subsequent blocks.

The apparatus of any of claims 28 to 43, wherein at least one of the neural networks

comprises an autoencoder.

An apparatus, comprising:

means for receiving information from a plurality of devices, each of the plurality of
devices implementing a neural network comprising an encoder which extracts
representations from input data, wherein a decoder in the neural network is
configured to decode the encoder’s representations into reconstructed data,
wherein the information comprises information used to create a final loss used
to train the neural networks;

means for determining a final loss based on the information; and

means for distributing one or more indications of the final loss toward the plurality of

devices to be used by the devices to train the neural networks.

The apparatus of claim 45, wherein:

the information comprises indications of the encoder’s representations and the
reconstructed data; and

the means for determining a final loss based on the information further comprises
means for determining a first loss based on the encoder’s representations and a
second loss based on the reconstructed data, and means for determining the

final loss based on the first loss and the second loss.

The apparatus of claim 45, wherein:

the information comprises indications of a first loss determined using the encoder’s
representations and a second loss determined using the input data and the
reconstructed data; and

the means for determining a final loss based on the information further comprises

means for determining the final loss based on the first loss and the second loss.
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48.  An apparatus, comprising:

means for determining information at a device, the device implementing a neural
network comprising an encoder which extracts representations from input data,
wherein a decoder in the neural network is configured to decode the encoder’s

5 representations into reconstructed data, wherein the information comprises

information used to create a final loss used to train the neural network;

means for sending indications of the information toward the server;

means for receiving from the server and in response to the information a final loss
based on the information; and

10 means for training the neural network based at least on the final loss.

49. The apparatus of claim 48, wherein:
the information comprises the encoder’s representations and the reconstructed data
and indication of the reconstructed data.
15
50. The apparatus of claim 48, wherein:
the information comprises a first loss determined using the encoder’s representations

and a second loss determined using the input data and the reconstructed data.
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