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Audio Decoder, Apparatus for Determining a Set of Values Defining Characteristics
of a Filter, Methods for Providing a Decoded Audio Representation, Methods for
Determining a Set of Values Defining Characteristics of a Filter and Computer

Program

1. Technical Field

Embodiments according to the present invention are related to an audio decoder.

Further embodiments according to the present invention are related to an apparatus for

determining a set of values defining characteristics of a filter.

Further embodiments according to the invention are related to a method for providing a

decoded audio representation.

Further embodiments according to the invention are related to a method for determining a

set of values defining characteristics of a filter.

Further embodiments according to the invention are related to respective computer

programs.

Embodiments according to the invention are related to a real-valued mask based post-filter

for enhancing the quality of coded speech.
Embodiments according to the present invention are generally related to a Post-filter for
enhancing the decoded audio of an audio decoder, determining a set of values defining the

filter characteristics based on a decoded audio representation.

2. Background of the Invention

In the following, an introduction into some conventional solutions will be provided.
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In view of this situation, there is a desire for a concept which provides for an improved

compromise between bitrate, audio quality and complexity when decoding an audio content.

3. Summary of the Invention

An embodiment according to the present invention creates an audio decoder (e.g. a speech
decoder or a general audio decoder or an audio decoder switching between a speech
decoding mode, e.g. a linear-prediction-based decoding mode, and a general audio
decoding mode, e.g. a spectral-domain-representation based coding mode using scaling
factors for scaling decoded spectral values) for providing a decoded audio representation

on the basis of an encoded audio representation.

The audio decoder comprises a filter (or ‘post-filter’) for providing an enhanced audio
representation (e.g. X(k,n)) of the decoded audio representation (e.g. X (k, n)),wherein the
input audio representation which is used by the filter may, for example, be provided by a

decoder core of the audio decoder.

The filter (or post-filter) is configured to obtain a plurality of scaling values (e.g. mask
values, e.g. M(k,n)), which may, for example, be real valued, and which may, for example,
be non-negative, and which may, for example, be limited to a predetermined range, and
which are associated with different frequency bins or frequency ranges (e.g. having
frequency bin index or frequency range index k), on the basis of spectral values of the
decoded audio representation which are associated with different frequency bins or

frequency ranges (e.g. having frequency bin index or frequency range index k).

The filter (or post-filter) is configured to scale spectral values of the decoded audio signal
representation (e.g. X(k,n)), or a pre-processed version thereof, using the scaling values

(e.g. M(k,n)), to obtain the enhanced audio representation (e.g. X(k, n)).

This embodiment is based on the idea that an audio quality can be efficiently improved
using a scaling of spectral values of a decoded audio signal representation, wherein scaling
values are derived on the basis of the spectral values of the decoded audio representation.

It has been found that a filtering, which is effected by the scaling of the spectral values, can
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be efficiently adapted to the signal characteristics on the basis of the spectral values of the
decoded audio representation, and can enhance the quality of the decoded audio
representation. For example, on the basis of the spectral values of the decoded audio
representation, a filter setting (which may be defined by the scaling values) can be adjusted
in a manner to reduce an impact of a quantization noise. For example, the adjustment of
the scaling values on the basis of the spectral values of the decoded audio representation
may use a machine-learning structure or a neural network, which can provide the scaling

values in a computationally efficient manner.

In particular, it has been found that the derivation of the scaling values from the spectral
values of the decoded audio representation is still advantageous and possible with good
results even if the quantization noise is generally correlated with the signal. Accordingly, the
concept can be applied with particularly good results in this situation.

To conclude, the above-described audio encoder allows for an enhancement of an
achievable audio quality using a filter, a characteristic of which is adjusted on the basis of
the spectral values of the decoded audio representation, wherein the filtering operation may,
for example, be performed in an efficient manner by scaling spectral values using the
scaling values. Thus, a hearing impression can be improved, wherein it is not necessary to
rely on any additional side information to control the adjustment of the filter. Rather, the
adjustment of the filter may be solely based on the decoded spectral values of a currently
processed frame regardless of the coding scheme used for generating the encoded and the
decoded representations of the audio signal, and possibly decoded spectral values of one

or more previously decoded frames and/or one or more subsequently decoded frames.

In a preferred embodiment of the audio decoder, the filter is adapted to use a configurable
processing structure (e.g. a “machine learning” structure, like a neural net), a configuration

of which is based on a machine learning algorithm, in order to provide the scaling values.

By using a configurable processing structure, like a machine-learning structure or a neural
network, the characteristics of the filter can easily be adjusted on the basis of coefficients
defining the functionality of the configurable processing structure. Accordingly, it is typically

possible to adjust the characteristics of the filter over a wide range in dependence on the
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spectral values of the decoded audio representation. Consequently, it is possible to obtain

an improved audio quality under many different circumstances.

In a preferred embodiment of the audio decoder, the filter is configured to determine the
scaling values solely on the basis of the spectral values of the decoded audio representation
in a plurality of frequency bins or frequency ranges (e.g. without using any additional
signaling information when deriving the scaling values from the spectral values).

Using such a concept, it is possible to improve an audio quality independently from the

presence of a side information.

The computational and structural complexity can be kept reasonably low, as a coherent and
universal representation of the decoded audio signal (the spectral values of the decoded
audio representation) is used, which is agnostic to the coding techniques used to obtain the
encoded and decoded representation. In this case, complex and specific operations on
specific side-information values are avoided. In addition, it is generally possible to derive
scaling values based on the spectral values of the decoded audio representation using a
universal processing structure (such as a neural network), which uses a limited number of
different computation functionalities (such as scaled summations and evaluation of

activation functions).

In a preferred embodiment of the audio decoder, the filter is configured to obtain magnitude
values |)?(k, n)l (which may, for example, describe an absolute value or an amplitude or a

norm) of the enhanced audio representation according to

|X (e, m)| = M, n) = | X (k,n)],

wherein M(k,n) is a scaling value, wherein k is a frequency index (e.g. designating different
frequency bins or frequency ranges), wherein n is a time index (e.g. designating different
overlapping or non-overlapping frames), and wherein I)?(k, n)| is @ magnitude value of a
spectral value of decoded audio representation. The magnitude value |)?(k, n)| can be a

magnitude, an absolute value, or any norm of a spectral value obtained by applying a time-
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frequency transform like STFT (Short-term Fourier transform), FFT or MDCT, to the
decoded audio signal.

Alternatively, the filter may be configured to obtain values X(k,n) of the enhanced audio

representation according to

X(k,n) = M(e,n) * X (k,n),

wherein M(k,n) is a scaling value, wherein k is a frequency index (e.g. designating different
frequency bins or frequency ranges), wherein n is a time index (e.g. designating different
overlapping or non-overlapping frames), and wherein X(k,n) is a spectral value of the

decoded audio representation.

It has been found that such a simple derivation of the magnitude value of the enhanced
audio representation, or of (typically complex-valued) values of the enhanced audio
representation can be performed with good efficiency and still results in a remarkable

improvement of audio quality.

In a preferred embodiment of the audio decoder, the filter is configured to obtain the scaling
values such that the scaling values cause a scaling (or, in some cases, an amplification) for
one or more spectral values of the decoded audio signal representation, or for one or more
preprocessed spectral values which are based on the spectral values of decoded audio

signal representation.

By performing such a scaling, which may preferably, but not necessarily, cause an
amplification or an attenuation for at least one spectral value (and which may typically also
result in an attenuation of at least one spectral value), a spectrum of the decoded audio
representation can be shaped in an efficient manner. For example, by allowing both
amplification and attenuation by the scaling, artifacts, which could be caused by a limited
precision of a number representation can also be reduced in some cases. Furthermore, the

adjustment of the scaling values optionally comprises an additional degree of freedom by
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avoiding the restriction of scaling values to values smaller than one. Accordingly, a good

enhancement of an audio quality can be achieved.

In a preferred embodiment of the audio decoder, the filter comprises a Neural network or a
machine learning structure configured to provide the scaling values on the basis of a
plurality of spectral values describing the decoded audio representation (e.g. describing
maghnitudes of a transformed representation of the decoded audio representation), wherein

the spectral values are associated with different frequency bins or frequency ranges.

It has been found that using a neural network or a machine-learning structure in such a filter
brings along a comparatively high efficiency. It has also been found that a neural network
or a machine-learning structure can easily handle the spectral values of the decoded audio
representation of the input quantity, in cases in which the number of spectral values input
into the neural network or the machine-learning structure is comparatively high. It has been
found that neural networks or machine-learning structures can well handle such a high
number of input signals or input quantities, and it can also provide a large number of
different scaling values as output quantities. In other words, it has been found that neural
networks or machine-learning structures are well-suited to derive a comparatively large
number of scaling values on the basis of a comparatively large number of spectral values
without requiring excessive computational resources. Thus, the scaling values can be
adjusted to the spectral values of the decoded audio representation in a very precise
manner without undue computational load, wherein details of the spectrum of the decoded
audio representation can be considered when adjusting the filtering characteristic. Also, it
has been found that the coefficients of a neural network or of a machine-learning structure
providing the scaling values can be determined with reasonable effort, and that a neural
network or a machine-learning structure provides sufficient degrees of freedom to achieve

a precise determination of scaling values.

In a preferred embodiment of the audio decoder, input signals of the Neural network or of
the machine learning structure represent the logarithmic magnitudes, amplitude or norm of
spectral values of the decoded audio representation, wherein the spectral values are

associated with different frequency bins or frequency ranges.
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It has been found that it is advantageous to provide logarithmic magnitudes of spectral
values, amplitudes of spectral values or norms of spectral values as input signals of the
neural network or of the machine-learning structure. It has been found that the sign or the
phase of the spectral values is of subordinate importance for the adjustment of the filter, i.e.
for the determination of the scaling values. In particular, it has been found that logarithmizing
magnitudes of the spectral values of the decoded audio representation is particularly
advantageous, since a dynamic range can be reduced. It has been found that a neural
network or a machine-learning structure can typically better handle logarithmized
magnitudes of the spectral values when compared to the spectral values themselves, since
the spectral values typically have a high dynamic range. By using logarithmized values, it
is also possible to use a simplified number representation in the (artificial) neural network
or in the machine-learning structure, since it is often not necessary to use a floating point
number of representation. Rather, it is possible to design the neural network or the machine-
learning structure using a fixed point number representation, which significantly reduces an

implementation effort.

In a preferred embodiment of the audio decoder, output signals of the Neural network or of

the machine learning structure represent the scaling values (e.g. mask values).

By providing the scaling values as output signals (or output quantities) of the neural network
or of the machine-learning structure, an implementation effort can be held reasonably low.
For example, a neural network or a machine-learning structure providing a comparatively
large number of scaling values is easy to implement. For example, a homogenous structure

can be used, which reduces the implementation effort.

In a preferred embodiment of the audio decoder, the neural network or the machine learning
structure is trained to limit, to reduce or to minimize a deviation (e.g. a mean square error;
e.g. MSEwma) between a plurality of target scaling values (e.g. IRM(k,n)) and a plurality of
scaling values (e.g. M(k,n)) obtained using the neural network or using the machine learning

structure.

By training the neural network or the machine-learning structure in this manner, it can be
achieved that the enhanced audio representation, which is obtained by scaling the spectral
values of the decoded audio signal representation (or a preprocessed version thereof) using

the scaling values, provides a good hearing impression. For example, the target scaling
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values can easily be determined, for example, on the basis of a knowledge of an encoder-
sided lossy processing. Thus, it can be determined with little effort which scaling values best
approximate the spectral values of the decoded audio representation to an ideal enhanced
audio representation (which may, for example, be equal to an input audio representation of
an audio encoder). In other words, by training the neural network or the machine-learning
structure to limit, to reduce or to minimize a deviation between a plurality of target scaling
values and the plurality of scaling values obtained using the neural network or using the
machine-learning structure, for example, for a plurality of different audio contents or types
of audio contents, it can be achieved that the neural network or the machine-learning
structure provides appropriate scaling values even for different audio contents or different
types of audio contents. Furthermore, by using the derivation between the target scaling
values and the scaling values obtained using the neural network or using the machine-
learning structure as an optimization quantity, a complexity of the training process can be

kept small and numeric problems can be avoided.

In a preferred embodiment of the audio decoder, the neural network or the machine learning
structure is trained to limit, to reduce or to minimize a deviation (e.g. MSEsa) between a
target magnitude spectrum, a target amplitude spectrum, a target absolute spectrum or a
target norm spectrum (e.g. |X(k,n)|, e.g. an original spectrum of a training audio signal)
and a (enhanced) magnitude spectrum, a amplitude spectrum, an absolute spectrum or a
norm spectrum obtained using a scaling (e.g. a frequency-dependent scaling) of a
processed (e.g. decoded, e.g. quantized, encoded and decoded) spectrum (which is, for
example, based on the target magnitude spectrum and/or on the training audio signal) which
uses scaling values that are provided by the neural net or by the machine learning structure

(wherein input signals of the neural net are, for example, based on the decoded spectrum).

By using such a training approach, a good quality of the enhanced audio representation can
typically be ensured. In particular, it has been found that neural networks or machine-
learning structures also provide appropriate scaling coefficients if the decoded audio
representation represents a different audio content when compared to an audio content
used for the training. Furthermore, it has been found that the enhanced audio representation
is perceived as being of good quality if the magnitude spectrum or the amplitude spectrum
or the absolute spectrum or the norm spectrum is in a sufficiently good agreement with a
desired (target) magnitude spectrum or (target) amplitude spectrum or (target) absolute

spectrum or (target) norm spectrum.
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In a preferred embodiment of the audio, the neural network or the machine learning
structure is trained such that a scaling for one or more spectral values of the spectral
decomposition of the decoded audio signal representation, or for one or more preprocessed
spectral values which are based on the spectral values of the spectral decomposition of the
decoded audio signal representation, lies within a range between 0 and a predetermined

maximum value.

It has been found that a limitation of the scaling (or of the scaling values) is helpful to avoid
an excessive amplification of spectral values. It has been found that a very high amplification
(or scaling) of one or more spectral values could result in audible artifacts. Also, it has be
found that excessively large scaling values could arrive during a training, for example, if the
spectral values of the decoded audio representation are very small or even equal to zero.
Thus, the quality of the enhanced audio representation can be improved by using such a

limitation approach.

In a preferred embodiment of the audio decoder, the maximum value is greater than 1 (and

can for example be 2, 5 or 10).

It has been found that such limitation for the scaling (or for the scaling values) brings along
particularly good results. For example, by allowing an amplification (e.g., by allowing a
scaling or a scaling value larger than one) artifacts which would be caused by “spectral
holes” can also be partly compensated. At the same time, excessive noise can be limited
by an attenuation (for example, using a scaling or scaling values smaller than one).

Consequently, a very flexible signal improvement can be obtained by the scaling.

in a preferred embodiment of the audio decoder, the neural network or the machine learning
structure is trained such that the scaling (or the scaling values) for one or more spectral
values of the spectral decomposition of the decoded audio signal representation, or for one
or more preprocessed spectral values which are based on the spectral values of the spectral

decomposition of the decoded audio signal representation, is (or are) limited to 2, or is (or
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are) limited to 5, or is (or are) limited to 10, or is (or are) limited to a predetermined value

greater than 1.

By using such an approach, artifacts can be kept reasonably small, while amplification is
allowed (which may, for example, help to avoid “spectral holes”). Thus, a good hearing

impression can be obtained.

In a preferred embodiment of the audio decoder, the neural network or the machine
learning structure is trained such that the scaling values are limited to 2, or are limited to

5, or are limited to 10, or are limited to a predetermined value greater than 1.

By limiting the scaling values to such a range, particularly good quality of the enhanced

audio representation can be achieved.

In a preferred embodiment of the audio decoder, a number of input features of the neural
network or of the machine learning structure (e.g. 516 or 903) is larger, at least by a factor
of 2, than a number of output values (e.g. 129) of the neural network or of the machine

learning structure.

It has been found that usage of a comparatively large number of input features for the neural
network or the machine-learning structure, which is larger than the number of output values
(or output signals) of the neural network or of the machine-learning structure results in
particular reliable scaling values. In particular, by choosing a comparatively high number of
input features of the neural network, it is possible to consider information from previous
frames and/or from the following frames, wherein it has been found that the consideration
of such additional input features typically improves the quality of the scaling values and

therefore the quality of the enhanced audio representation.

In a preferred embodiment of the audio decoder, the filter is configured to normalize input
features (e.g. represented by input signals) of the neural network or of the machine learning

structure (e.g. magnitudes of spectral values obtained using a short term Fourier transform)
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to a predetermined mean value (e.g. to a mean value of zero) and/or to a predetermined

variance (e.g. to a unit variance) or standard deviation.

It has been found that a normalization of input features of the neural network or of the
machine-learning structure makes the provision of the scaling values independent from a
volume or loudness or intensity of the decoded audio representation. Accordingly, the
neural network or the machine-learning structure can “focus”™ on the structural
characteristics of the spectrum of the decoded audio representation and is not affected (or
not affected significantly) by volume changes. Furthermore, by performing such a
normalization, it can be avoided that nodes of a neural network are excessively saturated.
Furthermore, the dynamic range is reduced, which is helpful to keep a number
representation used within the neural network or within the machine-learing structure

efficient.

In a preferred embodiment of the audio decoder, the neural net comprises an input layer,

one or more hidden layers and an output layer.

Such a structure of the neural network has proven to be advantageous for the present

application.

in a preferred embodiment of the audio decoder, the one or more hidden layers use rectified

linear units as activation functions.

It has been found that using rectified linear units as activation functions allows for the
provision of scaling vectors on the basis of spectral values of the decoded audio

representation with good reliability.

In a preferred embodiment of the audio decoder, the output layer uses (unbounded) rectified
linear units or bounded rectified linear units or sigmoid functions (e.g. scaled sigmoid

functions) as activation functions.
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By using rectified linear units or bounded rectified linear units or sigmoid functions as
activation functions in the output layer, the scaling values can be obtained in a reliable
manner. In particular, usage of bounded rectified linear units or of sigmoid functions allows
for a limitation of the scaling values to a desired range, as discussed above. Thus, the

scaling values can be obtained in an efficient and reliable manner.

In a preferred embodiment of the audio decoder, the filter is configured to obtain short term
Fourier transform coefficients (e.g. X(k,n)) which represent the spectral values of the
decoded audio representation, which are associated with different frequency bins or

frequency ranges.

It has been found that short-term Fourier transform coefficients constitute a particularly
meaningful representation of the decoded audio representation. For example, it has been
recognized that short-term Fourier transform coefficients are better usable by a neural
network or by machine-learning structure than MDCT coefficients in some cases (even
though MDCT coefficients may be used by the audio decoder for the reconstruction of the

decoded spectral representation).

In a preferred embodiment of the audio decoder, the filter is configured to derive logarithmic
magnitude, amplitude, absolute or norm values (e.g. on the basis of the short term Fourier
transform coefficients) and to determine the scaling values on the basis of the logarithmic

magnitude, amplitude, absolute or norm values.

it has been found that the derivation of the scaling values on the basis of non-negative
values, like logarithmic magnitude values, amplitude values, absolute values or norm
values, is efficient, since a consideration of the phase would significantly increase the
computational demand without bringing any substantial improvement of the scaling values.
Thus, the removal of the sign and typically also of the phase of the spectral values (for
example, obtained by the short-term Fourier transform) brings along a good tradeoff

between complexity and audio quality.
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In a preferred embodiment of the audio decoder, the filter is configured to determine a
plurality of scaling values associated with a current frame {e.g. a current frame of the
decoded audio representation, or a current frame of the short term Fourier transform) on
the basis of spectral values of the decoded audio representation, which are associated with
different frequency bins or frequency ranges, of the current frame, and on the basis of
spectral values of the decoded audio representation, which are associated with different
frequency bins or frequency ranges, of one or more frames preceding the current frame

(e.g. past context frames).

However, it has been found that the consideration of spectral values of one or more frames
preceding the current frame helps to improve the scaling vectors. This is due to the fact that
many types of audio content comprise temporal correlation between subsequent frames.
Thus, the neural network or a machine-learning structure may, for example, consider a
temporal evolution of spectral values when determining the scaling values. For example,
the neural network or the machine-learning structure may adjust the scaling values to avoid
(or counteract) excessive changes of scaled spectral values (for example, in the enhanced

audio representation) over time.

In a preferred embodiment of the audio decoder, the filter is configured to determine a
plurality of scaling values associated with a current frame (e.g. a current frame of the
decoded audio representation, or a current frame of the short term Fourier transform) on
the basis of spectral values of the decoded audio representation, which are associated
with different frequency bins or frequency ranges, of one or more frames following the

current frame (e.g. future context frames).

By considering spectral values of the decoded audio representation of one or more frames
following the current frames, correlations between the subsequent frames can also be

exploited, and the quality of the scaling values can typically be improved.

An embodiment according to the present invention creates an apparatus for determining a
set of values (e.g. coefficients or a neural network, or coefficients of another machine-

learning structure) defining characteristics of a filter (e.g. a neural net based filter, or a filter



10

15

20

25

30

35

14
WO 2020/208137 PCT/EP2020/060148

based on another machine learning structure) for providing an enhanced audio
representation (e.g. X(k,n)) on the basis of a decoded audio representation (which may,

for example, be provided by an audio decoding).

The apparatus is configured to obtain spectral values (e.g. magnitudes or phases or MDCT
coefficients, e.g. represented by magnitude values, e.g. l)?(k,n)l) of the decoded audio

representation, which are associated with different frequency bins or frequency ranges.

The apparatus is configured to determine the set of values defining the characteristics of
the filter, such that scaling values provided by the filter on the basis of the spectral values
of the decoded audio representation, which are associated with different frequency bins or
frequency ranges, approximate target scaling values (which may be computed on the basis
of a comparison of a desired enhanced audio representation and the decoded audio

representation).

Alternatively, the apparatus is configured to determine the set of values defining the
characteristics of the filter such that a spectrum obtained by the filter on the basis of the
spectral values of the decoded audio representation, which are associated with different
frequency bins or frequency ranges and using scaling values obtained on the basis of the
decoded audio representation approximates a target spectrum (which may correspond to a
desired enhanced audio representation, and which may be equal to an input signal of an
audio encoder in a processing chain comprising the audio encoder and an audio decoder

including the filter).

Using such an apparatus, a set of values defining characteristics of the filter, which is used
in the above-mentioned audio decoder, can be obtained with moderate effort. In particular,
the set of values, which can be coefficients of a neural network, or coefficients of another
machine-learning structure, defining characteristics of the filter can be determined such that
the filter uses scaling values which result in a good audio quality and lead to an improvement
of the enhanced audio representation over the decoded audio representation. For example,
the determination of the set of values defining characteristics of the filter can be performed
on the basis of a plurality of training audio contents or reference audio contents, wherein
the target scaling values or the target spectrum can be derived from the reference audio
contents. However, it has been found that the set of values defining the characteristics of a

filter is typically also well-suited for audio contents which differ from the reference audio
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contents, provided that the reference audio contents are at least to some degree
representative of the audio contents which are to be decoded by the audio decoder
mentioned above. Moreover, it has been found that using the scaling values provided by
the filter or using the spectrum obtained by the filter as an optimization quantity results in a

reliable set of values defining characteristics of the filter.

In a preferred embodiment of the apparatus, the apparatus is configured to train a machine
learning structure (e.g. a neural net), which is a part of the filter and which provides scaling
values for scaling magnitude values of the decoded audio signal or spectral values of the
decoded audio signal, to reduce or minimize a deviation (e.g. a mean square error; e.g.
MSEwma) between a plurality of target scaling values (e.g. IRM(k,n)) and a plurality of scaling
values (e.g. M(k,n)) obtained using the neural network on the basis of spectral values of a
decoded audio representation, which are associated with different frequency bins or

frequency ranges.

By training the machine-learning structure using target scaling values, which may, for
example, be derived on the basis of an original audio content which is encoded and decoded
in a processing chain comprising the audio decoder (which derives the decoded audio
representation), the machine-learning structure can be designed (or configured) to at least
partially compensate for signal degradations in the processing chain. For example, the
target scaling values can be determined such that the target scaling values scale the
decoded audio representation in such a manner that the decoded audio representation
approximates an (original) audio representation input into the processing chain (e.g., input
into an audio encoder). Thus, the scaling values provided by the machine-learning structure
can have a high degree of reliability and can be adapted to improve a reconstruction of an

audio content, which undergoes the processing chain.

In a preferred embodiment, the apparatus is configured to train a machine learning structure
(e.g. a neural net) to reduce or minimize a deviation (e.g. MSEsa) between a target
(magnitude) spectrum (e.g. |X(k,n)|, e.g. an original spectrum of a training audio signal)
and a (enhanced) spectrum (or magnitude spectrum) obtained using a scaling (e.g. a
frequency-dependent scaling) of a processed (e.g. decoded, e.g. quantized, encoded and
decoded) spectrum (which is, for example, based on the target magnitude spectrum and/or

on the training audio signal) which uses scaling values that are provided by the machine
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learning structure (e.g. neural net). For example, input signals of the machine learning

structure or of the neural net are based on the decoded spectrum.

It has been found that such a training of the machine-learning structure also results in
scaling values which allow for a compensation of signal degradations in a signal processing
chain (which may comprise an audio encoding and an audio decoding). For example, the
target spectrum may be a spectrum of a reference audio content or training audio content
which is input in a processing chain comprising a (lossy) audio encoder and the audio
decoder providing the decoded audio representation. Thus, the machine-learning structure
may be trained such that the scaling values scale the decoded audio representation to
approximate the reference audio content input into an audio encoder. Consequently, the
machine-learning structure can be trained to provide scaling values which help to overcome

a degradation within the (lossy) processing chain.

In a preferred embodiment, the apparatus is configured to train the machine learning
structure (e.g. neural network) such that a scaling (or a scaling value) for spectral values of
the decoded audio signal representation, or for one or more preprocessed spectral values
which are based on the spectral values of decoded audio signal representation, lies within
a range between 0 and 2 or lies within a range between 0 and 5 or lies within a range
between 0 and 10, or lies within a range between 0 and a maximum value (which may, for

example, be larger than 1).

By limiting the scaling to a predetermined range (for example, between zero and a
predetermined value, which may typically be larger than one), it is possible to avoid artifacts
which could be caused, for example, by excessively large scaling values. Also, it should be
noted that the limitation of the scaling values (which may be provided as output signals of
a neural network or of a machine-learning structure) allows for a comparatively simple
implementation of the output stages (e.g. output nodes) of the neural network or of the

machine-learning structure.

In a preferred embodiment of the apparatus, the apparatus is configured to train the
machine learning structure (e.g. neural network) such that the magnitude scaling (or the
scaling values) for spectral values of the decoded audio signal representation, or for one or

more preprocessed spectral values which are based on the spectral values of decoded
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audio signal representation, is (are) limited to lie within a range between 0 and a

predetermined maximum value.

By limiting the magnitude scaling (or the scaling values) to lie within a range between zero
and a predetermined maximum, degradation switch would be caused by an excessively

strong magnitude scaling are avoided.

In a preferred embodiment of the audio decoder, the maximum value is greater than 1 (and

can for example be 2, 5 or 10).

By allowing that the maximum value of the magnitude scaling is larger than one, both
attenuation and amplification can be achieved by the scaling using the scaling values. It has
been shown that such a concept is particularly flexible and brings along a particularly good

hearing impression.

An embodiment of the invention creates a method for providing a decoded audio

representation on the basis of an encoded audio representation.

The method comprises providing an enhanced audio representation (e.g. X(k,n)) of the
decoded audio representation (e.g. X(k,n)), wherein the input audio representation which
is used by a filter providing the enhanced audio representation may, for example, be

provided by a decoder core of the audio decoder.

The method comprises obtaining a plurality of scaling values (e.g. mask values, e.g. M(k.n)),
which may, for example, be real valued and which may, for example, be non-negative, and
which may, for example, be limited to a predetermined range, and which are associated
with different frequency bins or frequency ranges (e.g. having frequency bin index or
frequency range index k), on the basis of spectral values of the decoded audio
representation which are associated with different frequency bins or frequency ranges (e.g.

having frequency bin index or frequency range index k).
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The method comprises scaling spectral values of the decoded audio signal representation
(e.g. X(k,n)), or a pre-processed version thereof, using the scaling values (e.g. M(k,n)), to

obtain the enhanced audio representation (e.g. X(k,n)).

This method is based on the same considerations as the above-described apparatus. Also,
it should be noted that the method can be supplemented by any of the features,
functionalities and details described herein, also with respect to the apparatuses. Moreover,
it should be noted that the method can be supplemented by any of these features,

functionalities and details both individually and taken in combination.

An embodiment creates a method for determining a set of values (e.g. coefficients or a
neural network, or coefficients of another machine-learning structure) defining
characteristics of a filter (e.g. neural net based filter, or a filter based on another machine
learning structure) for providing an enhanced audio representation (e.g. X(k,n)) on the
basis of a decoded audio representation (which may, for example, be provided by an audio

decoding).

The method comprises obtaining spectral values (e.g. magnitudes or phases or MDCT
coefficients, represented by magnitude values, e.g. |)?(k,n)|) of the decoded audio

representation, which are associated with different frequency bins or frequency ranges.

The method comprises determining the set of values defining the characteristics of the filter,
such that scaling values provided by the filter on the basis of the spectral values of the
decoded audio representation, which are associated with different frequency bins or
frequency ranges, approximate target scaling values (which may be computed on the basis
of a comparison of a desired enhanced audio representation and the decoded audio

representation).

Alternatively, the method comprises determining the set of values defining the
characteristics of the filter such that a spectrum obtained by the filter on the basis of the
spectral values of the decoded audio representation, which are associated with different
frequency bins or frequency ranges and using scaling values obtained on the basis of the
decoded audio representation approximates a target spectrum (which may correspond to a

desired enhanced audio representation, and which may be equal to an input signal of an
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audio encoder in a processing chain comprising the audio encoder and an audio decoder

including the filter).

This method is based on the same considerations as the above-described apparatus.
However, it should be noted that the method can be supplemented by any of the features,
functionalities and details described herein, also with respect to the apparatus. Moreover,
the method can be supplemented by the features, functionalities and details both

individually and taken in combination.

An embodiment according to the invention creates a computer program for performing the

method described herein, when the computer program runs on a computer.

4. Brief Description of the Figures

Embodiments according to the present invention will subsequently be described taking

reference to the enclosed figures in which:

Fig. 1 shows a block schematic diagram of an audio decoder, according to an embodiment

of the present invention;

Fig. 2 shows a block schematic diagram of an apparatus for determining a set of values
defining characteristics of a filter, according to an embodiment of the present

invention;

Fig. 3 shows a block schematic diagram of an audio decoder, according to an embodiment

of the present invention;

Fig. 4 shows a block schematic diagram of an apparatus for determining a set of values
defining characteristics of a filter, according to an embodiment of the present

invention;
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Fig. 5 shows a block schematic diagram of an apparatus for determining a set of values
defining characteristics of a filter, according to an embodiment of the present

invention;

Table 1 shows a representation of a percentage of mask values that lie in an interval

(0, 1) for a different signal-to-noise ratio (SNR);

Table 2 shows a representation of a percentage of mask values in different threshold

regions measured at lowest three bitrates of AMR-WB;

Fig. 6 shows a schematic representation of a fully connected neural network (FCNN) that
maps log-magnitude to real-valued masks;

Fig. 7 shows a graphic representation of average PESQ and POLQA scores evaluating an

Oracle experiment with different bounds of the mask at 6.65 kbps;

Fig. 8 shows a graphic representation of average PESQ and POLQA scores evaluating
the performance of proposed methods and EVS post-processor;

Fig. 9 shows a flowchart of a method, according to an embodiment of the present invention;

and

Fig. 10 shows a flowchart of a method, according to an embodiment of the present invention.

5. Detailed Description of the Embodiments

1) Audio decoder according to Fig. 1

Fig. 1 shows a block schematic diagram of an audio decoder 100, according to an
embodiment of the present invention. The audio decoder 100 is configured to receive an
encoded audio representation 110 and to provide, on the basis thereof, an enhanced audio

representation 112, which may be an enhanced form of a decoded audio representation.

The audio decoder 100 optionally comprises a decoder core 120, which may receive the
encoded audio representation 110 and provide, on the basis thereof, a decoded audio

representation 122. The audio decoder further comprises a filter 130, which is configured
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to provide the enhanced audio representation 112 on the basis of the decoded audio
representation 122. The filter 130, which may be considered as a postfilter, is configured
to obtain a plurality of scaling values 136, which are associated with different frequency bins
or frequency ranges, on the basis of spectral values 132 of the decoded audio
representation, which are also associated with different frequency bins or frequency ranges.
For example, the filter 130 may comprise a scaling value determination or a scaling value
determinator 134 which receives the spectral values 132 of the decoded audio
representation and which provides the scaling values 136. The filter 130 is further
configured to scale spectral values of the decoded audio signal representation, or a pre-
processed version thereof, using the scaling values 138, to obtain the enhanced audio

representation 112.

It shouid be noted that the spectral values of the decoded audio representation, which are
used to obtain the scaling values, may be identical to the spectral values which are actually
scaled (for example, by the scaling or scaler 138), or may be different from the spectral
values which are actually scaled. For example, a first subset of the spectral values of the
decoded audio representation may be used for the determination of the scaling values, and
a second subset of the spectral values of the spectrum or amplitude spectrum or absolute
spectrum or norm spectrum may be actually scaled. The first subset and the second subset
may be equal, or may overlap partially, or may even be completely different (without any

common spectral values).

Regarding the functionality of the audio decoder 100, it can be said that the audio decoder
100 provides a decoded audio representation 122 on the basis of the encoded audio
representation. Since the encoding (i.e. the provision of the encoded audio representation)
is typically lossy, the decoded audio representation 122 provided, for example, by the
decoder core may comprise some degradations when compared to an original audio
content (which may be fed into an audio encoder providing the encoded audio
representation 110). It should be noted that the decoded audio representation 122 provided,
for example, by the decoder core, may take any form and may, for example, be provided by
the decoder core in the form of a time domain representation or in the form of a spectral
domain representation. A spectral domain representation may, for example, comprise

(discrete) Fourier Transform coefficients or (discrete) MDCT coefficients, or the like.

The filter 130 may, for example, obtain (or receive) spectral values representing the

decoded audio representation. However, the spectral values used by the filter 130 may, for



10

15

20

25

30

35

22
WO 2020/208137 PCT/EP2020/060148

example, be of a different type when compared to the spectral values provided by the
decoder core. For example, the filter 130 may use Fourier coefficients as the spectral
values, while the decoder core 120 originally only provides MDCT coefficients. Also, the
filter 130 may, optionally, derive the spectral values from a time domain representation of
the decoded audio representation 120, for example, by a Fourier transform or MDCT

transform or the like (for example, a short-time-Fourier-transform STFT).

The scaling value determination 134 derives the scaling values 136 from a plurality of
spectral values of the decoded audio representation (e.g. derived from the decoded audio
representation). For example, the scaling value determination 134 may comprise a neural
network or a machine-learning structure, which receives the spectral values 132 and derives
the scaling values 136. Moreover, spectral values of the enhanced audio representation
112 may be obtained by scaling spectral values of the decoded audio representation (which
may be equal to or different from the spectral values used by the scaling value determination
134) in accordance with the scaling values 136. For example, the scaling values 136 may
define a scaling of spectral values in different frequency bins or frequency ranges.
Moreover, it should be noted that the scaling 136 may operate on complex-valued spectral
values, or on real-valued spectral values (for example, amplitude values or magnitude

values or norm values).

Accordingly, when using an appropriate determination of the scaling values 136 on the basis
of the spectral values 132 of the decoded audio representation, the scaling 138 may
counteract a degradation of an audio quality caused by the lossy encoding used to provide

the encoded audio representation 110.

For example, the scaling 138 may reduce a quantization noise, for example by selectively
attenuating spectral bins or spectral ranges comprising a high quantization noise.
Alternatively or in addition, the scaling 138 may also result in a smoothing of a spectrum
over time and/or over frequency, which can also help to reduce quantization noise and/or

to improve a perceptual impression.
However, it should be noted that the audio decoder 100 according to Fig. 1 can optionally
be supplemented by any of the features, functionalities and details disclosed herein, both

individually and in combination.

2) Apparatus according to Fig. 2
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Fig. 2 shows a block schematic diagram of an apparatus 200 for determining a set of values
(e.g. coefficients of a neural network, or coefficients of another machine-learning structure)
defining characteristics of a filter (e.g., a neural-network based filter, or a filter based on

another machine-learning structure).

The apparatus 200 according to Fig. 2 is configured to receive a decoded audio
representation 210 and to provide, on the basis thereof, a set 212 of values defining a filter,
wherein the set 212 of values defining a filter may, for example, comprise coefficients of a
neural network or coefficients of another machine-learning structure. Optionally, the
apparatus 200 may receive target scaling values 214 and/or a target spectrum information
216. However, the apparatus 200 may, optionally, itself generate the target scaling values

and/or the target spectrum information 216.

It should be noted that the target scaling values may, for example, describe scaling values
which bring the decoded audio representation 210 close (or closer) to an ideal (undistorted)
state. For example, the target scaling values may be determined on the basis of a
knowledge of a reference audio representation, from which the decoded audio
representation 210 is derived by an encoding and a decoding. For example, it can be
derived from a knowledge of spectral values of the reference audio representation and from
a knowledge of spectral values of the decoded audio representation which scaling causes
the enhanced audio representation (which is obtained on the basis of the spectral values of
the decoded audio representation using the scaling) to approximate the reference audio

representation.

Moreover, the target spectrum information 216 may, for example, be based on a knowledge
of the reference audio representation, from which the decoded audio representation is
derived by an encoding and a decoding. For example, the target spectrum information may

take the form of spectral values of the reference audio representation.

As can be seen in Fig. 2, the apparatus 200 may optionally comprise a spectral value
determination, in which the spectral values of the decoded audio representation 210 are
derived from the decoded audio representation 210. The spectrum value determination is
designated with 220, and the spectral values of the decoded audio representation are

designated with 222. However, it should be noted that the spectral values determination
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220 should be considered as being optional, since the decoded audio representation 210

may directly be provided in the form of spectral values.

The apparatus 200 also comprises a determination 230 of a set of values defining a filter.
The determination 230 may receive, or obtain, the spectral values 222 of the decoded audio
representation and provide, on the basis thereof, the set 212 of values defining a filter. The
determination 230 may optionally use the target scaling values 214 and/or the target

spectrum information 216.

Regarding the functionality of the apparatus 200, it should be noted that the apparatus 200
is configured to obtain the spectral values 222 of the decoded audio representation, which
are associated with different frequency bins or frequency ranges. Moreover, the
determination 230 may be configured to determine the set 212 of values defining the
characteristics of the filter, such that scaling values provided by the filter on the basis of the
spectral values 222 of the decoded audio representation, which are associated with different
frequency bins or frequency ranges, approximate target scaling values (for example, the
target scaling values 214). As mentioned, the target scaling values may be computed on
the basis of a comparison of a desired enhanced audio representation and the decoded
audio representation, wherein the desired enhanced audio representation may correspond
to the reference audio representation mentioned before. Worded differently, the
determination 230 may determine and/or optimize a set of values (for example, a set of
coefficients of a neural network, or a set of coefficients of another machine-learning
structure) defining characteristics of a filter (for example, of a neural-network based filter, or
of a filter based on another machine-learning structure), such that this filter provides scaling
values on the basis of spectral values of the decoded audio representation which
approximate the target scaling values 214. The determination of the set 214 of values
defining the filter may be done using a single-pass forward computation, but may typically
be performed using an iterative optimization. However, any known training procedures for

neural networks or for computer-learning structures may be used.

Alternatively, the determination 230 of the set 212 of values defining a filter may be
configured to determine the set 212 of values defining the characteristics of the filter, such
that a spectrum obtained by the filter on the basis of the spectral values of the decoded
audio representation (which are associated with different frequency bins or frequency
ranges) and using the scaling values obtained on the basis of the decoded audio

representation approximates a target spectrum (which may, for example, be described by
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the target spectrum information 216). In other words, the determination 230 may select the
set 212 of values defining the filter such that the filtered version of the spectral values of the
decoded audio representation 210 approximates spectral values described by the target
spectrum information 216. To conclude, the apparatus 200 may determine the set 212 of
values defining a filter such that the filter at least partially approximates spectral values of
the decoded audio representation to “ideal” or “reference” or “target” spectral values. For
this purpose, the apparatus typically uses decoded audio representations representing
different audio content. By determining the set 212 of values defining a filter on the basis of
different audio content (or different types of audio contents), the set 212 of values defining
a filter can be chosen such that the filter performs reasonably well for audio contents which
are different from the reference audio contents used for the training of the set 212 of values

defining the filter.

Thus, it can be achieved that the set 212 of values defining the filter is well-suited for
enhancing a decoded audio representation obtained in an audio decoder, for example, in
the audio decoder 100 according to Fig. 1. In other words, the set 212 of values defining a
filter can be used, for example, in the audio decoder 100 to define the operation of the

scaling value determination 134 (and, consequently, to define the operation of the filter 130).
However, it should be noted that the apparatus 200 according to Fig. 2 can optionally be

supplemented by any of the features, functionalities and details described herein, both

individually and taken in combination.

3) Audio decoder 300 according to Fig. 3

Fig. 3 shows a block schematic diagram of an audio decoder 300, according to another
embodiment of the present invention. The audio decoder 300 is configured to receive an
encoded audio representation 310, which may correspond to the encoded audio
representation 110, and to provide, on the basis thereof, an enhanced audio representation
312, which may correspond to the enhanced audio representation 112. The audio decoder
300 comprises a decoder core 320, which may correspond to the decoder core 120. The
decoder core 320 provides a decoded audio representation 322 (which may correspond to
the decoded audio representation 122) on the basis of the encoded audio representation
310. The decoded audio representation may be in a time domain representation, but may

also be in a spectral domain representation.
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Optionally, the audio decoder 300 may comprise a conversion 324, which may receive the
decoded audio representation 322 and provide a spectral domain representation 326 on the
basis of the decoded audio representation 322. This conversion 324 may, for example, be
useful if the decoded audio representation does not take the form of spectral values
associated with different frequency bins or frequency ranges. For example, the conversion
324 may convert a decoded audio representation 322 into a plurality of spectral values if
the decoded audio representation 322 is in a time domain representation. However, the
conversion 324 may also perform a conversion from a first type of spectral domain
representation to a second type of spectral domain representation in case the decoder core
320 does not provide spectral values useable by the subsequent processing stages. The
spectral domain representation 326 may, for example, comprise the spectral values 132 as

shown in the audio decoder 100 of Fig. 1.

Moreover, the audio decoder 300 comprises a scaling value determination 334, which, for
example, comprises an absolute value determination 360, a logarithmic computation 370
and a neural net or machine-learning structure 380. The scaling value determination 334
provides scaling values 336 on the basis of the spectral values 326, which may correspond

to the spectral values 132.

The audio decoder 300 also comprises a scaling 338, which may correspond to the scaling
138. In the scaling, spectral values of the decoded audio representation, or a preprocessed
version thereof, are scaled in dependence on scaling values 336 provided by the neural
net/ machine-learning structure 380. Accordingly, the scaling 338 provides the enhanced

audio representation.

The scaling value determination 334 and the scaling 338 may be considered as a filter or

“post-filter”.
In the following, some further details will be described.

The scaling value determination 334 comprises the absolute value determination 360. The
absolute value determination 360 may receive the spectral domain representation 326 of
the decoded audio representation, for example, X (k,n). The absolute value determination

360 may then provide absolute values 362 of the spectral domain representation 326 of the
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decoded audio representation. The absolute values 362 may, for example, be designated
with | Xk, n)|-

The scaling value determination also comprises a logarithm computation 370, which
receives the absolute values 362 of the spectral domain representation of the decoded
audio representation (e.g., a plurality of absolute values of spectral values) and provides,
on the basis thereof logarithmized absolute values 372 of the spectral domain

representation of the decoded audio representation. For example, the logarithmized

absolute values 372 may be designated with logo|X (k, ).

It should be noted that the absolute value determination 360 may, for example, determine
absolute values or magnitude values or norm values of a plurality of spectral values of the
spectral domain representation 326, such that, for example, signs or phases of the spectral
values are removed. The logarithm computations, for example, compute a common
logarithm (with base 10) or a natural logarithm, or any other logarithm which may be
appropriate. Also, it should be noted that the logarithm computation may optionally be
replaced by any other computation which reduces a dynamic range of the spectral values
362. Moreover, it should be known that the logarithm computation 370 may comprise a
limitation of negative and/or positive values, such that the logarithmized absolute values

372 may be limited to a reasonable range of values.

The scaling value determination 334 also comprises a neural network or a machine-learning
structure 380, which receives the logarithmized absolute values 372 and which provides,
on the basis thereof, the scaling values 332. The neural net or machine-learning structure
380 may, for example, be parametrized by a set 382 of values defining characteristics of
the filter. The set of values may, for example, comprise coefficients of a machine-learning
structure or coefficients of a neural network. For example, the set of values 382 may
comprise branch-weights of a neural network and optionally also parameters of an
activation function. The set of values 382 may, for example, be determined by the apparatus

200, and the set of values 382 may, for example, correspond to the set of values 212.

Moreover, the neural net or machine-learning structure 380 may optionally also comprise
logarithmized absolute values of a spectral domain representation of the decoded audio
representation for one or more frames preceding a current frame and/or for one or more
frames following the current frame. In other words, the neural net or machine-learning

structure 380 may not only use logarithmized absolute values of spectral values associated
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with a currently processed frame (for which the scaling values are applied), but may also
consider the logarithmized absolute values of spectral values of one or more preceding
frames and/or of one or more subsequent frames. Thus, the scaling values associated with
a given (currently processed) frame may be based on spectral values of the given (currently
processed) frame and also on spectral values of one or more preceding frames and/or of

one or more subsequent frames.

For example, the logarithmized absolute values of the spectral domain representation of the
decoded audio representation (designated with 372) may be applied to inputs (e.g. input
neurons) of the neural network or machine-learning structure 380. The scaling values 336
may be provided by outputs of the neural net or machine-learning structure 380 (for
example, by output neurons). Moreover, the neural net or the machine-learning structure
may perform a processing in accordance with the set of values 382 defining the

characteristics of the filter.

The scaling 338 may receive the scaling values 336, which may also be designated as
“masking values” and which may, for example, be designated with M(k,n), and also spectral
values, or preprocessed spectral values of a spectral domain representation of the decoded
audio representation. For example, the spectral values which are input into the scaling 338
and which are scaled in accordance with the scaling values 336 may be based on the
spectral domain representation 326 or may be based on the absolute values 362, wherein,
optionally, a preprocessing may be applied before the scaling 338 is performed. The
preprocessing may, for example, comprise a filtering, for example in the form of a fixed
scaling or a scaling determined by a side information of the encoded audio information.
However, the preprocessing may also be fixed an may be independent form a side
information of the encoded audio representation. Moreover, it should be noted that the
spectral values which are input into the scaling 338 and which are scaled using the scaling
values 336 do not necessarily need to be identical to the spectral values which are used for

the derivation of the scaling values 336.

Accordingly, the scaling 338 may, for example, multiply the spectral values which are input
into the scaling 338 with the scaling values, wherein different scaling values are associated
with different frequency bins or frequency ranges. Accordingly, the enhanced audio
representation 312 is obtained, wherein the enhanced audio representation may, for

example, comprise a scaled spectral domain representation (e.g. X (k,n) or scaled absolute

values of such a spectral domain representation (e.g. IX(k, n)]). Thus, the scaling 338 may,
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for example, be performed using a simple multiplication between spectral values associated
with the decoded audio representation 322 and associated scaling values provided by the

neural network or machine-learning structure 380.

To conclude, the apparatus 300 provides an enhanced audio representation 312 on the
basis of the encoded audio representation 310, wherein a scaling 338 is applied to spectral
values which are based on the decoded audio representation 322 provided by the decoder
core 320. The scaling values 336, which are used in the scaling 338, are provided by a
neural net or by a machine-learning structure, wherein input signals of the neural network
or of the machine-learning structure 380 are preferably obtained by logarithmizing absolute
values of spectral values which are based on the decoded audio representation 322.
However, by an appropriate choice of the set of values 382 defining the characteristics of
the filter, the neural network or the machine-learning structure can provide the scaling
values in such a manner that the scaling 338 improves the hearing impression of the

enhanced audio representation when compared to the decoded audio representation.

Moreover, it should be noted that the audio decoder 300 can optionally be supplemented

by any of the features, functionalities and details described herein.

4) Apparatus according to Fiq. 4

Fig. 4 shows a block schematic diagram of an apparatus 400 for determining a set of values
(e.g. coefficients of a neural network or coefficients of another machine-learning structure)
defining characteristics of a filter. The apparatus 400 is configured to receive a training
audio representation 410 and to provide, on the basis thereof, a set of values 412 defining
characteristics of a filter. It should be noted that the training audio representation 410 may,
for example, comprise different audio content which is used for the determination of the set

of values 412.

The apparatus 400 comprises an audio encoder 420, which is configured to encode the
training audio representation 410, to thereby obtain an encoded training audio
representation 422. The apparatus 400 also comprises a decoder core 430, which receives
the encoded training audio representation 422 and provides, on the basis thereof, a
decoded audio representation 432. It should be noted that decoder core 420 may, for
example, be identical to the decoder core 320 and to the decoder core 120. The decoded

audio representation 432 may also correspond to the decoded audio representation 210,
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The apparatus 400 also comprises, optionally, a conversion 442 which converts the
decoded audio representation 432, which is based on the training audio representation 410,
into a spectral domain representation 446. The conversion 442 may, for example,
correspond to the conversion 324, and the spectral domain representation 446 may, for
example, correspond to the spectral domain representation 326. The apparatus 400 also
comprises an absolute value determination 460, which receives the spectral domain
representation 446 and provides, on the basis thereof, absolute values 462 of the spectral
domain representation. The absolute velue determination 460 may, for example,
correspond to the absolute value determination 360. The apparatus 400 also comprises a
logarithm computation 470, which receives the absolute values 462 of the spectral domain
representation and provides, on the basis thereof, logarithmized absolute values 472 of the
spectral domain representation of the decoded audio representation. The logarithm

computation 470 may correspond to the logarithm computation 370.

Moreover, the apparatus 400 also comprises a neural net or machine-learning structure
480, which corresponds to the neural net or machine-learning structure 380. However, the
coefficients of the machine-learning structure or neural net 480, which are designated with
482, are provided by a neural net training/machine-learning training 490. It should be noted
here that the neural network/ machine-learning structure 480 provides the scaling values,
which the neural net/ machine-learning structure derives on the basis of the logarithmized

absolute values 372, to the neural net training/machine-learning training 490.

The apparatus 400 also comprises a target scaling value computation 492, which is also
designated as “ratio mask computation”. For example, the target scaling value computation
492 receives the training audio representation 410 and the absolute values 462 of the
spectral domain representation of the decoded audio representation 432. Accordingly, the
target scaling value computation 492 provides a target scaling value information 494, which
describes desired scaling values which should be provided by the neural net/machine-
learning structure 480. Accordingly, the neural net training/ machine-learning training 490
compares the scaling values 484 provided by the neural net/ machine-learning structure
480 with the target scaling values 494 provided by the target scaling value computation 492
and adjusts the values 482 (i.e., the coefficients of the machine-learning structure or of the
neural network) to reduce {or minimize) a deviation between the scaling values 484 and the

target scaling values 494.
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In the following, an overview of the functionality of the apparatus 400 will be provided. By
encoding and decoding the training audio representation (which may, for example, comprise
different audio contents) in the audio encoder 420 and in the audio decoder 430, the
decoded audio representation 432 is obtained, which typically comprises some degradation
when compared to the training audio representation due to losses in the lossy encoding.
The target scaling value computation 492 determines which scaling (e.g. which scaling
values) should be applied to the spectral values of the decoded audio representation 432
such that scaled spectral values of the decoded audio representation 432 well-approximate
spectral values of the training audio representation. It is assumed that the artifacts
introduced by the lossy encoding can at least partially be compensated by applying a scaling
to the spectral values of the decoded audio representation 432. Consequently, the neural
net or machine-learning structure 480 is trained by the neural net training/ machine-learning
training such that the scaling values 482 provided by the neural net/ machine-learning
structure 480 on the basis of the decoded audio representation 432 approximate the target
scaling values 494. The optional conversion 442, the absolute value determination 460 and
the logarithm computation 470 merely constitute (optional) preprocessing steps to derive
the input values 472 (which are logarithmized absolute values of spectral values of the

decoded audio representation) for the neural network or machine-learning structure 480.

The neural net training/ machine-learning training 490 may use an appropriate learning
mechanism (for example, an optimization procedure) in order to adjust the coefficients 482
of the machine-learning structure or of the neural network such that a difference (for
example, a weighted difference) between the scaling values 484 and the target scaling

values 494 is minimized or brought below a threshold value or at least reduced.

Accordingly, coefficients 482 of the machine-learning structure or of the neural network (or,
generally speaking, a set of values defining characteristics of the filter) are provided by the
apparatus 400. These values can be used in the filter 130 (to adjust the scaling value
determination 134) or in the apparatus 300 (to adjust the neural net/ machine-learning
structure 380).

However, it should be noted that the apparatus 400 can optionally be supplemented by any

of the features, functionalities and details described herein.

5. Apparatus according to Fig. 5
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Fig. 5 shows a block schematic diagram of an apparatus 500 for determining a set 512 of
values defining a filter, wherein the values 512 may be, for example, the coefficients of a

machine-learning structure or of a neural network.

It should be noted that the apparatus 500 is similar to the apparatus 400, such that identical
features, functionalities and details will not be outlined again. Rather, reference is made to

the above explanations.

The apparatus 500 receives a training audio representation 510 which may, for example,
correspond to the training audio representation 410. The apparatus 500 comprises an audio
encoder 520, which corresponds to the audio encoder 420 and which provides an encoded
training audio representation 522 which corresponds to the encoded training audio
representation 422. The apparatus 500 also comprises a decoder core 530, which

corresponds to the decoder core 430 and provides a decoded audio representation 532.

The apparatus 500 optionally comprises a conversion 542, which corresponds to the
conversion 442 and which provides a spectral domain representation (for example, in the
form of spectral values) of the decoded audio representation 552. The spectral domain
representation is designated with 546 and corresponds to the spectral domain
representation 446. Moreover, the apparatus 500 comprises an absolute value
determination 560 which corresponds to the absolute value determination 460. The
apparatus 500 also comprises a logarithm computation 570, which corresponds to the
logarithm computation 470. Furthermore, the apparatus 500 comprises a neural net or
machine-learning structure 580 which corresponds to the machine-learning structure 480.
However, the apparatus 500 also comprises a scaling 590, which is configured to receive
spectral values 546 of the decoded audio representation or absolute values 562 of spectral
values of the decoded audio representation. The scaling also receives the scaling values
584 provided by the neural net 580. Accordingly, the scaling 590 scales the spectral values
of the decoded audio representation or the absolute values of the spectral values of the
audio representation, to thereby obtain an enhanced audio representation 592. The
enhanced audio representation 592 may, for example, comprise scaled spectral values (e.g.
X(k,n)) or scaled absolute values of spectral values (e.g. |)?(k, n)l). In principle, enhanced
audio representation 592 may correspond to the enhanced audio representation 112
provided by the apparatus 100 and to the enhanced audio representation 312 provided by

the apparatus 300. Insofar, the functionality of the apparatus 500 may correspond to the
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functionality of the apparatus 100 and/or to the functionality of the apparatus 300, except
for the fact that the coefficients of the neural net or of the machine-learning structure 580,
which are designated with 594, are adjusted by a neural net training/machine-learning
training 596. For example, the neural net training/ machine-learning training 596 may
receive the training audio representation 510 and also the enhanced audio representation
592 and may adjust the coefficients 594 such that the enhanced audio representation 592

approximates the training audio representation.

It should be noted here that, if the enhanced audio representation 592 approximates the
training audio representation 510 with a good accuracy, signal degradations caused by the
lossy encoding are at least partially compensated by the scaling 590. Worded yet differently,
the neural net training 596 may, for example, determine a (weighted) difference between
the training audio representation 510 and the enhanced audio representation 592 and
adjust the coefficients 594 of the machine-learning structure or of the neural network 580 in
order to reduce or minimize this difference. The adjustment of the coefficients 594 may, for

example, be performed in an iterative procedure.

Accordingly, it can be reached that the coefficients 594 of the neural net or machine-learning
structure 580 are adapted such that, in a normal operation, a machine-learning structure or
neural net 380 using the determined coefficients 594 can provide scaling values 336 which

result in a good quality enhanced audio representation 312.

Worded yet differently, the coefficients 482, 594 of the neural net or machine-learning
structure 480 or of the neural net or machine-learning structure 580 can be used in the
neural net 380 of the apparatus 300, and it can be expected that the apparatus 300 provides
a high quality enhanced audio representation 312 in this situation. Of course, this
functionality is based on the assumption that the neural net/ machine-learning structure 380
is similar or even identical to the neural net/ machine-learning structure 480 or to the neural

net/machine-learning structure 580.

Moreover, it should be noted that the coefficients 482, 412 or the coefficients 594, 512 can

also be used in the scaling value determination 134 of the audio decoder 100.

Moreover, it should be noted that the apparatus 500 can optionally be supplemented by any
of the features, functionalities and details described herein, both individually and taken in

combination.
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6). Details and Embodiments

In the following, some considerations underlying the present invention will be discussed and
several solutions will be described. In particular, a number of details will be disclosed, which

can optionally be introduced into any of the embodiments disclosed herein.

6.1 Problem formulation

6.1.1 Ideal Ratio Mask (IRM}

From a very simplistic mathematical point of view, one can describe the coded speech z(n),
e.g., a decoded speech provided by a decoder core, (e.g., the decoder core 120 or the

decoder core 320 or the decoder core 430 or the decoder core 530) as:

X(n) = x(n) +4(n) (1

where x(n) is the input to the encoder (e.g., to the audio encoder 410, 510) and §(n) is the
quantization noise. The quantization noise §(n) is correlated to the input speech since
ACELP uses perceptual models during the quantization process. This correlation property
of the quantization noise makes our post-filtering problem unique to speech enhancement
problem which assumes the noise to be uncorrelated. In order to reduce the quantization
noise, we estimate a real valued mask per time-frequency bin and multiply this mask with

that of magnitude of the coded speech for that time-frequency bin.

|R(k,n)| = M(k,n) * | X (k,m)| (2)
where M(k,n) is the real valued mask, X (k,n) is magnitude of the coded speech, X(k, n) is
the magnitude of enhanced speech, k is the frequency index and n is the time index. If our
mask is ideal (e.g., if the scaling values M(k,n) are ideal), we can reconstruct the clean
speech from coded speech.

|X(k,n)] = IRM (I, ) = | X (k,n)] (3)

where |X (k,n)| is the magnitude of the clean speech.
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Comparing the Eq. 2 and 3, we obtain the ideal ratio mask (IRM) (e.g., an ideal value of the

scaling values M(k,n)) and is given by

_ _IX(km)
IRM(k,n) = o o (4)

where y is very small constant factor to prevent division by zero. Since the magnitude values

lies in the range [0, 0], the values of IRM also lie in the range [0, «].

Worded yet differently, for example, an enhanced audio representation X(k,n) can be
derived on the basis of the decoded audio X (k, n) using a scaling, wherein scaling factors
may be described by M (k,n). Also, for example, the scaling factors M (k,n) can be derived
from the decoded audio representation since there is typically a correlation between a noise
(which is at least partially compensated by the scaling using the scaling factors M (k, n)) and
the decoded audio representation X (k, n). For example, a scaling as given in Equation (2)
can be performed by the scaling 138, wherein the scaling value determination 134 may, for
example, provide scaling values M(k,n), which will approximate ideal scaling vectors

IRM (k,n) as described, for example, by Equation (4).

Thus, it is desirable that the scaling value determination 134 determines scaling values

which approximate IRM (k, n).

This can, for example, be achieved by an appropriate design of the scaling value
determination 134 or of the scaling value determination 334, wherein, for example, the
coefficients of the machine-learning structure or neural network used to implement the block

380 may be determined as outlined in the following.

6.1.2 MMSE Optimizations

For example, two different types of minimum mean square error (MMSE) optimization can
be used to train the neural network (e.g., the neural network 380): mask approximation (MA)
(e.g., as shown in Fig. 4) and signal approximation (SA) [10] (e.g., as shown in Fig. 5). MA
optimization approach tries to minimize the mean square error (MSE) between the target
mask (e.g., target scaling values) and estimated mask (e.g., scaling values 484 provided by

the neural network).



10

15

20

25

30

36
WO 2020/208137 PCT/EP2020/060148

MSEya = Y025 2k=o URM(k,n) — M(k,n))? (5)

where IRM(k,n) is the target mask, M (k, n) is the estimated mask.

SA optimization approach tries to minimize the mean square error (MSE) between the target
magnitude spectrum |X(k,n| (e.g., a magnitude spectrum of the ftraining audio
representation 510) and enhanced magnitude spectrum |X(k,n)| (e.g., a magnitude

spectrun of the enhanced audio representation 592).

MSEss = Y025 2io (1X(k,nl — 1X(k,n)])? (6)

where the enhanced magnitude spectrum is given by Eq. 2

Worded yet differently, the neural network used in the scaling value determination 134 or in
the scaling value determination 334 can be trained, for example, as shown in Figs. 4 and 5.
As can be seen from Fig. 4, the neural net training/machine-learning training 490 optimizes
the neural net coefficients or machine-learning structure coefficients 482 in accordance with

the criterion defined in Equation (5).

As shown in Fig. 5, the neural net training/machine-learning training 596 optimizes the
neural net coefficients /machine-learning structure coefficients 594 in accordance with the

criterion shown in Equation (6).
6.1.3 Analysis of Mask Values

In most of the proposed mask based approaches for speech enhancement and
dereverberation, the mask values are bounded to one [9] [10]. This is because,
conventionally, if the mask values are not bounded to one, estimation errors might cause
the amplification of noise or musical tones [15]. Hence, these approaches use sigmoid as

output activations in order to bound the mask values to 1.

Table 1 shows the percentage of mask values that lie that lie in interval (0,1) for different
signal to noise ratio (SNR). These mask values were computed by adding white noise at

different SNR's to clean speech. We can infer from the table 1, that majority of the mask
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values lie in the interval [0,1] and hence the bounding to the mask values to 1 has no

adverse effect on neural network based speech enhancement systems.

We then computed the distribution of mask values at lower three bitrates (6.65kbps,
8.85kbps and 12.65kbps) of AMR-WB. Table 2 shows the computed distribution. One major
difference with table 1 is the percentage of mask values that lie in the range [0,1]. While
39% of values lie in this range at 6.65kbps, at 12.65kbps, this value increases to 44%.
Almost 30-36% of mask values lie in the range of (1,2]. Almost 95% of the mask values lie
in the range [0,5]. Hence, for post-filtering problem, we cannot simply bound the mask value
to 1. This prevents us from using sigmoid activations (or simple, non-scaled sigmoid

activations) at the output layer.

In other words, it has been found that it is advantageous to use mask values (also
designated as scaling values) which are larger than one in the embodiments according to
the invention. Also, it has been found that it is advantageous to fimit the mask values or
scaling values to a predetermined value, which should be larger than one, and which may,
for example, be in a region between 1 and 10 or in a region between 1.5 and 10. By limiting
the mask value or scaling value, an excessive scaling, which might result in artifacts, can
be avoided. For example, an appropriate range of scale values can be achieved by using a
scaled sigmoid activation in an output layer of the neural network, or by using a (for

example, rectified) limited linear activation function as an output layer of the neural network.

6.2 Experimental setup

In the following, some details regarding an experimental setup will be described. However,
it should be noted that the features functionalities and details described herein can

optionally be taken over into any of the embodiments disclosed herein.

Our proposed post-filter computes short time Fourier transform (STFT) of frames with length
16 ms with 50% overlap (8 ms) at 16 kHz sampling rate (e.g., in block 324). The time frames
are windowed with hann window before fast Fourier transform (FFT) of length 256 was
computed resulting in 129 frequency bins (e.g., spatial domain representation 326). From
the FFT, log magnitude values are computed in order to compress the very high dynamic
range of magnitude values (e.g., logorithmized absolute values 372). Since speech has

temporal dependency, we used context frames around the processed time frame (e.g.,
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designated with 373). We tested our proposed model in two conditions: a) only past context
frames were used and b) both past and future context frames were used. This was done
because the future context frames adds to the delay of the proposed post-filter and we
wanted to test the benefit of using the future context frames. The context window of 3 was
chosen for our experiments leading of delay of just one frame (16 ms) when only past
context frames was considered. When both past and future context frames were

considered, the delay of the proposed post-filter was 4 frames (64 ms).

The input feature dimension (e.g., of values 373 and 373) to our proposed neural network
when tested with only past 3 context frames and current processed frame was 516 (4*129).
When tested with both past and future context frames, the input feature dimension was 903
(77129). The input features (e.g., values 372 and 373) were normalized to zero mean and
unit variance. However, the target, either the real valued mask (e.g., values 494) or
magnitude spectrum of uncoded speech (e.g., the magnitude of values 410) was not

normalized.

Fig. 6 shows FCNN 600 that is trained to learn the mapping function f; between the log-

magnitude and real valued mask.

M(k,n) = fo(log.o(IX (k,n)])) )

An FCNN is a simple neural network that has an input layer 610, one or more hidden layers
612a to 612d and an output layer 614. We implemented the FCNN in python with Keras
[16] and used Tensorflow [17] as backend. In our experiments, we have used 4 hidden
layers with 2048 units. All the 4 hidden layers used Rectified linear units (RelLU) as
activation functions [18]. The output of hidden layers were normalized using batch
normalization [19]. In order to prevent overfitting, we set the dropout [20] to 0.2. To train our
FCNN, we used Adam optimizer [21] with learning rate 0.01 and the batch size used was
32.

The dimension of the output layer 614 was 129. Since our FCNN estimates rel valued (or
real valued) mask and these masks can any value between [0, ], we tested with both
bounding the mask values and no bounding. When the mask values were unbounded, we
used RelU activation in our output layer. When the mask values were bounded, we either
used bounded RelU activation or sigmoid function and scaled the output of sigmoid

activation by a certain scaling factor N.
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To train our FCNN, we used the two loss functions (MSE,,, and MSEg,) as defined in sec
6.1.2 Clip norm was used in order to ensure the convergence of the model when bounded

RelLU or unbounded Rel.U was used as output layer activation.

The gradients at the output layer when bounded or unbounded Rel U is used is:

3E
m—(tar-out)xlxh (8)
where tar is either magnitude spectrum (e.g., the magnitude of audio representation 510)
or IRM (e.g., values 494), out is either enhanced magnitude (e.g., values 542) or estimated
mask (e.g., values 484) which takes in any value between 0 and threshold and h is the
output of a hidden unit which is given as input to the output unit. When bounded ReLU is

used, equ 8 is zero beyond the bounded value.

The gradients at the output layer when scaled sigmoid is used is:
g—li- = (tar —out) * N * Mg * Mogy * (1 — Mege) ¥ h (9)

where tar is either magnitude spectrum or IRM (e.g., values 494), out is either enhanced
magnitude or estimated mask west Which takes in any value between 0 and 1 and h is the

output of a hidden unit which is given as input to the output unit.

For our training, validation and testing we used the NTT database [22]. We also performed
cross-database testing on TIMIT database [23] to confirm the model’'s independence on
training database. Both NTT and TIMIT databases are clean speech database. TIMIT
database consists of mono speech files at 16kHz sampling rate. NTT database consists of
stereo speech files sampled at 48kHz. In order to obtain mono speech files at 16kHz, we
performed passive downmix and resampling on NTT database. NTT database consists of
3960 files, out of which 3612 files were used for training, 198 files were used for validation
and 150 files were used for testing. The NT database consists of both male and female
speakers and also consists of languages such as American and British English, German,

Chinese, French and Japanese.

The time domain enhanced speech was obtained using inverse short time Fourier transform
(iISTFT). iISTFT made use of phase of the coded speech without any processing.
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To conclude, a fully connected neural network 600 as shown in Fig. 6 is used in
embodiments according to the invention to implement the scaling value determination 134
or the neural net 380. Also, the neural net 600 may be trained by the apparatus 200 or by
the apparatus 400 or by the apparatus 500.

As can be seen, the neural net 600 receives logarithmized magnitude values (for example,
logarithmized absolute values of spectral values 132, 372, 472, 572) in its input layer 610.
For example, logarithmized absolute values of spectral values of a currently processed
frame and of one or more preceding frames and of one or more subsequent frames may be
received at the input layer 610. The input layer may, for example, receive the logarithmized
absolute values of spectral values. The values received by the input layer may then be
forwarded, in a scaled manner, to the artificial neurons of the first hidden layers 612a. The
scaling of the input values of the input layer 612 may, for example, be defined by the set of
values defining characteristics of the filter. Subsequently, the artificial neurons of the first
hidden layer 612, which may be implemented using non-linear functions, provide output
values of the first hidden layer 612a. The output values of the first hidden layer 612a are
then provided, in a scaled manner, to the inputs of the artificial neurons of the subsequent
(second) hidden layer 612b. Again, the scaling is defined by the set of values defining the
characteristics of the filter. Additional hidden layers comprising a similar functionality may
be included. Finally, the output signals of the last hidden layer (for example, of the fourth
hidden layer 612d) are provided, in a scaled manner, to the inputs of the artificial neurons
of the output layer 614. The functionality of the artificial neurons of the output layer 614
may, for example, be defined by an output layer activation function. Accordingly, the output
values of the neural net may be determined using an evaluation of the output layer activation

function.

Furthermore, it should be noted that the neural network may be “fully connected” which
means, for example, that all input signals of the neural network may contribute to input
signals of all artificial neurons of the first hidden layer and that output signals of all artificial
neurons of a given hidden layer may contribute to the input signals of all artificial neurons
of a subsequent hidden layer. However, the actual contributions may be determined by the
set of values defining characteristics of the filter, which is typically determined by the neural

network training 490, 596.
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Moreover, it should be noted that the neural network training 490, 596 may, for example,
use the gradients as provided in Equations (8) and (9) when determining the coefficients of

the neural network.
It should be noted that any of the features, functionalities and details described in this
section may optionally be introduced into any of the embodiments disclosed herein, both

individually and taken in combination.

6.3 Experiments and results

In order to estimate the bound of the mask values, we con-ducted an oracle experiment. In
this, we estimated the IRM and bounded the IRM with different threshold values as shown in
Fig. 7. We used objective measures such as perceptual evaluation of speech quality (PESQ)
[24] [25] [26] and perceptual objective listening quality assessment (POLQA)27] for our
evaluation. From Fig. 7 it can be inferred that setting the threshold to 1 do not perform as
good as setting the threshold values to 2, 4 or 10. There are very minute differences between
threshold values 2, 4 and 10. Hence, we chose to bound our mask values

to 2 in further experiments.

Moreover, Fig. 8 shows average PESQ and POLQA scores evaluating the performance of
proposed methods and EVS post-processor. It can be seen that the application of the
concepts described herein results in an improvement of a speech quality, both for the case
that signal approximation (for example, as shown in Fig. 5) and masked approximation (for

example, as shown in Fig. 4) is used for the training of the artificial neural network.

7. Conclusions

It has been found that the quality of coded speech suffers greatly at lower bit-rates due to
high quantization noise. Post-filters are usually employed at low bit-rates in order to mitigate
the effect of the quantization noise. In this disclosure, we propose a real valued mask based
post-filter in order to enhance the quality of de-coded speech at lower bitrates. To estimate
this real valued mask, we employ, for example, a fully connected neural network that
operates on normalized log-magnitudes. We tested our proposal on adaptive muilti-rate
wideband (AMR-WB) codec at lower 3 modes (6.65kbps, 8.85kbps and 12.65kbps). Our

experiment shows improvement in PESQ, POLQA and subjective fistening tests.
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In other words, embodiments according to the invention are related to a concept which uses
a fully connected network in the context of speech coding and/or speech decoding.
Embodiments according to the invention are related to coded speech enhancement.
Embodiments according to the invention are related to a post-filtering. Embodiments
according to the invention are related to a concept which deals with quantization noise (or,

more precisely, with a reduction of quantization noise).

In embodiments according to the invention, a CNN (convolutional neural network) is used
as a mapping function in a cepstral domain. [14] proposed a statistical context based post-

filter in a log-magnitude domain.

in this contribution, we formulate the problem of enhancing the coded speech as a

regression problem. A fully connected neural network (FCNN) is trained to learn the

mapping function fg between the input (log-magnitude) and output (real valued mask). The
estimated real valued mask is then multiplied with the input magnitude in order to enhance
the coded speech. We evaluated our contribution on the AMR-WB codec at bitrates
6.65kbps, 8.85kbps and 12.65kbps. In embodiments, the post-filter can be used in EVS
[41[3] as our reference post-filter. For further details, reference is made to sections 6.1 and
6.2. As can be seen, verbal listening test results are provided. For example, a favorable

PESQ and POLQA scores can be achieved using embodiments according to the invention.

In the following, some additional important points will be described.

According to a first aspect, a mask-based post-filter to enhance the quality of the coded

speech is used in embodiments according to the invention.

a. The mask is real valued (or the scaling values are real-valued). Itis estimated
for each frequency bin by a machine-learning algorithm (or by a neural
network) from the input features
R(k,n) = Mog (k,m) * X (k,)

Where M, (k, n) is the estimated mask, X(k,n) is the magnitude value of
coded speech and X(k, n) is the post-processed speech at frequency bin k

and time index n
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d. The input features used currently are log magnitude spectrum but can also

be any derivative of magnitude spectrum.

According to a second aspect, there may optionally be a limitation of mask values or scaling

values.

The estimated mask values lie, for example, in the range [0,e4]. In order to prevent such a

large range, a threshold can optionally be set. In ftraditional speech enhancement
algorithms, the mask is bounded to 1. In contrast we bound it to a threshold value that is
greater than 1. This threshold value is determined by analyzing the mask distribution. Useful
threshold values may, for example, lie anywhere between 2 to 10.

a. Since the estimated mask values are, for example, bounded to a threshold and since
the threshold valued is greater than 1, output layer can either be bounded rectified

linear units RelLU or scaled sigmoid.

b. When the machine learning algorithm is optimized using mask approximation MMSE
(minimum mean square estimation optimization) method, the target mask (e.g. the
target scaling values) can optionally be modified by either setting the mask values
(e.g. the target scaling values) above the threshold in the target mask to 1 or can be

set to threshold.

According to a third aspect, the machine-learning algorithm may be used as a fully
connected neural network. A long short-term memory (LSTM) can also be used as an

alternative.

a. The fully connected neural network consists of, for example, 4 hidden layers. Each
hidden layer, for example, consists of 2048 or 2500 rectified linear units (RelLU)

activations.

b. The input dimension of the fully connected neural network is dependent on the
context frames and size of FFT. The delay of the system is also dependent on the

context frames and frame size.
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C. The size of the context frames can, for example, be anywhere between 3 and 5. For
our experiments, we used, for example, 256 (16ms @ 16 kHz) as frame size and
FFT size. The size of the context frames were set to 3 since there was very smali
benefit when going beyond 3. We also tested with both future+past context frames

and only past context frames.

According to a fourth aspect, the fully connected network was trained with following MMSE
(minimum mean square estimation optimization): Mask Approximation and Signal

Approximation.

a. In mask approximation, mean square error between the target mask (e.g. the target
scaling values) and estimated mask (e.g. scaling values scaling values determined
using the neural net) is minimized. The target mask is modified, for example, as in

(2.b) (e.g. in Aspect 2, subsection b).

b. In signal approximation, mean square error between the enhanced magnitude (e.g.
the enhanced magnitude spectrum 592) and target magnitude(e.g. a magnitude
spectrum of the audio representation 510) is minimized. The enhanced magnitude
is obtained by multiplying the estimated mask from DNN (e.g. from the neural
network) with that of coded magnitude. The target magnitude is the uncoded speech

magnitude.

To conclude, the embodiments described herein can optionally be supplemented by any of
the important points or aspects described here. However, it should be noted that the
important points and aspects described here can either be used individually or in
combination and can be introduced into any of the embodiments described herein, both

individually and in combination.

8. Method according to Fig. 9

Fig. 9 shows a block schematic diagram of a method 900 for providing an enhanced audio
representation on the basis of an encoded audio representation, according to an

embodiment of the present invention.
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The method comprises providing 910 a decoded audio representation (X (k, n).

Moreover, the method comprises 920 obtaining a plurality of scaling values (M(k,n)), which
are associated with different frequency bins or frequency ranges, on the basis of spectral
values of the decoded audio representation which are associated with different frequency
bins or frequency ranges, and the method comprises scaling 930 spectral values of the
decoded audio signal representation (X(k,n)), or a pre-processed version thereof, using

the scaling values (M(k,n)), to obtain the enhanced audio representation (X (k, n)).

The method 900 can optionally be supplemented by any of the features, functionalities and
details described herein, both individually and in combination.

9. Method according to Fig. 10

Fig. 10 shows a block schematic diagram of a method 1000 for determining a set of values
defining characteristics of a filter for providing an enhanced audio representation (X(k,n))
on the basis of a decoded audio representation, according to an embodiment of the present

invention.

The method comprises obtaining 1010 spectral values (l)?(k,n)[) of the decoded audio

representation, which are associated with different frequency bins or frequency ranges.

The method also comprises determining 1020 the set of values defining the characteristics
of the filter, such that scaling values provided by the filter on the basis of the spectral values
of the decoded audio representation, which are associated with different frequency bins or

frequency ranges, approximate target scaling values.

Alternatively, the method comprises determining 1030 the set of values defining the
characteristics of the filter such that a spectrum obtained by the filter on the basis of the
spectral values of the decoded audio representation, which are associated with different
frequency bins or frequency ranges and using scaling values obtained on the basis of the

decoded audio representation approximates a target spectrum.

10. Implementation Alternatives
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Although some aspects have been described in the context of an apparatus, it is clear that
these aspects also represent a description of the corresponding method, where a block or
device corresponds to a method step or a feature of a method step. Analogously, aspects
described in the context of a method step also represent a description of a corresponding
block or item or feature of a corresponding apparatus. Some or all of the method steps may
be executed by (or using) a hardware apparatus, like for example, a microprocessor, a
programmable computer or an electronic circuit. In some embodiments, one or more of the

most important method steps may be executed by such an apparatus.

The inventive encoded audio signal can be stored on a digital storage medium or can be
transmitted on a transmission medium such as a wireless transmission medium or a wired

transmission medium such as the Internet.

Depending on certain implementation requirements, embodiments of the invention can be
implemented in hardware or in software. The implementation can be performed using a
digital storage medium, for example a floppy disk, a DVD, a Blu-Ray, a CD, a ROM, a
PROM, an EPROM, an EEPROM or a FLASH memory, having electronically readable
control signals stored thereon, which cooperate (or are capable of cooperating) with a
programmable computer system such that the respective method is performed. Therefore,

the digital storage medium may be computer readable.

Some embodiments according to the invention comprise a data carrier having electronically
readable control signals, which are capable of cooperating with a programmable computer

system, such that one of the methods described herein is performed.

Generally, embodiments of the present invention can be implemented as a computer
program product with a program code, the program code being operative for performing
one of the methods when the computer program product runs on a computer. The program

code may for example be stored on a machine readable carrier.

Other embodiments comprise the computer program for performing one of the methods

described herein, stored on a machine readable carrier.
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In other words, an embodiment of the inventive method is, therefore, a computer program
having a program code for performing one of the methods described herein, when the

computer program runs on a computer.

A further embodiment of the inventive methods is, therefore, a data carrier (or a digital
storage medium, or a computer-readable medium) comprising, recorded thereon, the
computer program for performing one of the methods described herein. The data carrier,
the digital storage medium or the recorded medium are typically tangible and/or non-

transitionary.

A further embodiment of the inventive method is, therefore, a data stream or a sequence of
signals representing the computer program for performing one of the methods described
herein. The data stream or the sequence of signals may for example be configured to be

transferred via a data communication connection, for example via the Internet.

A further embodiment comprises a processing means, for example a computer, or a
programmable logic device, configured to or adapted to perform one of the methods

described herein.

A further embodiment comprises a computer having installed thereon the computer program

for performing one of the methods described herein.

A further embodiment according to the invention comprises an apparatus or a system
configured to transfer (for example, electronically or optically) a computer program for
performing one of the methods described herein to a receiver. The receiver may, for
example, be a computer, a mobile device, a memory device or the like. The apparatus or
system may, for example, comprise a file server for transferring the computer program to

the receiver.

In some embodiments, a programmable logic device (for example a field programmable
gate array) may be used to perform some or all of the functionalities of the methods
described herein. In some embodiments, a field programmable gate array may cooperate
with a microprocessor in order to perform one of the methods described herein. Generally,

the methods are preferably performed by any hardware apparatus.
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The apparatus described herein may be implemented using a hardware apparatus, or using

a computer, or using a combination of a hardware apparatus and a computer.

The apparatus described herein, or any components of the apparatus described herein,

may be implemented at least partially in hardware and/or in software.

The methods described herein may be performed using a hardware apparatus, or using a

computer, or using a combination of a hardware apparatus and a computer.

The methods described herein, or any components of the apparatus described herein, may

be performed at least partially by hardware and/or by software.

The above described embodiments are merely illustrative for the principles of the present
invention. It is understood that modifications and variations of the arrangements and the
details described herein will be apparent to others skilled in the art. It is the intent, therefore,
to be limited only by the scope of the impending patent claims and not by the specific details

presented by way of description and explanation of the embodiments herein.
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Claims

An audio decoder (100; 300) for providing a decoded audio representation
(122; 322; X(k,n)) on the basis of an encoded audio representation
(110;310),

wherein the audio decoder comprises a filter (130; 360,370,380,338) for
providing an enhanced audio representation (112; 312; X(k, n)) of the
decoded audio representation (122; 322; X (k,n)),

wherein the filter is configured to obtain a plurality of scaling values
(136;336; M(k,n)), which are associated with different frequency bins or
frequency ranges, on the basis of a plurality of spectral values (132;

326; X(k,n)) of the decoded audio representation which are associated with

different frequency bins or frequency ranges, and

wherein the filter is configured to scale the plurality of spectral values of the
decoded audio signal representation (X(k,n)), or a pre-processed version
thereof, using the scaling values (136;336; M(k,n)), to obtain the enhanced
audio representation (122;312;X (k, n));

wherein the filter (130; 360,370,380,338) comprises a neural network (380;
600) or a machine learning structure configured to provide the scaling
values (136;336; M(k,n)) on the basis of the plurality of spectral values (132;
326; X(k,n)) describing the decoded audio representation (122;

322; X(k,n)), the plurality of spectral values being associated with different

frequency bins or frequency ranges;

wherein the neural network (380;600) or the machine learning structure is
trained such that a scaling for one or more of the plurality of spectral values
(132; 326; X(k,n)) of the spectral decomposition of the decoded audio

signal representation (122; 322; X (k, n)), or for one or more preprocessed
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spectral values which are based on the plurality of spectral values of the
spectral decomposition of the decoded audio signal representation, lies

within a range between 0 and a predetermined maximum value,

wherein the maximum value is greater than 1.

The audio decoder (100; 300) according to claim 1,

wherein the filter (130; 360,370,380,338) is adapted to use a configurable
processing structure, a configuration of which is based on a machine
learning algorithm, in order to provide the scaling values (136;336; M(k,n)).

The audio decoder (100;300) according to claim 1 or claim 2,
wherein the filter (130; 360,370,380,338) is configured to determine the
scaling values (136;336; M(k,n)) solely on the basis of the plurality of

spectral values (132; 326; X (k,n)) of the decoded audio representation

(122; 322; X(k,n)) in a plurality of frequency bins or frequency ranges.

The audio decoder (100;300) according to one of claims 1 to 3,
wherein the filter (130; 360,370,380,338) is configured to obtain magnitude

values |X(k,n)| of the enhanced audio representation according to
|X(k,n)| = M(k,n) = |X(k,n)|,

wherein M(k,n) is a scaling value,

wherein k is a frequency index,

wherein n is a time index,
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wherein |X(k,n)|] is a magnitude value of a spectral value of the plurality of

spectral values of the decoded audio representation; or

wherein the filter is configured to obtain values X (k,n) of the enhanced

audio representation according to
X(k,n) = M(k,n) * X(k,n),
wherein M(k,n) is a scaling value,
wherein k is a frequency index,
wherein n is a time index,

wherein X(k,n) is a spectral value of the plurality of spectral values of the

decoded audio representation.

The audio decoder (100;300) according to one of claims 1 to 4,

wherein the filter (130; 360,370,380,338) is configured to obtain the scaling
values (136;336; M(k,n)) such that the scaling values cause a scaling or an
amplification for one or more of the plurality of spectral values (132;

326; X(k,n)) of the decoded audio signal representation (122;

322; X (k,n)), or for one or more preprocessed spectral values which are
based on the plurality of spectral values (132; 326; X (k,n)) of decoded
audio signal representation (122; 322; X (k, n)).

The audio decoder (100;300) according to one of claims 1 to 5,
wherein the filter (130; 360,370,380,338) comprises a neural network (380;

600) or a machine learning structure configured to provide the scaling
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values (136;336; M(k,n)) on the basis of the plurality of spectral values
(132; 326; X(k,n)) describing the decoded audio representation (122;
322; X(k,n)), the plurality of spectral values being associated with different

frequency bins or frequency ranges.

The audio decoder (100;300) according to claim 6,

wherein input signals (372) of the neural network (380;600) or of the
machine learning structure represent the logarithmic magnitudes, amplitude
or norm of the plurality of spectral values of the decoded audio
representation, the plurality of spectral values being associated with
different frequency bins or frequency ranges.

The audio decoder (100;300) according to one of claims 6 to 7,

wherein output signals (336) of the neural network (380;600) or of the

machine learning structure represent the scaling values (136;336; M(k,n)).

The audio decoder (100;300) according to one of claims 6 to 8,

wherein the neural network (380;600) or the machine learning structure is
trained to limit, to reduce or to minimize a deviation (MSEwma) between a
plurality of target scaling values (494, IRM(k,n)) and a plurality of scaling
values (484, M(k,n)) obtained using the neural network (380; 580; 600) or

using the machine learning structure.

The audio decoder (100;300) according to one of claims 6 to 9,
wherein the neural network (380;600) or the machine learning structure is
trained to limit, to reduce or to minimize a deviation (MSEsa) between a

target magnitude spectrum (510), a target amplitude spectrum, a target
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absolute spectrum or a target norm spectrum (|X(k,n)|) and a magnitude
spectrum (592), an amplitude spectrum, an absolute spectrum or a norm
spectrum obtained using a scaling of a processed spectrum which uses
scaling values (584) that are provided by the neural network (380;580;600)

or by the machine learning structure.

The audio decoder (100;300) according to one of claims 6 to 10,

wherein the neural network (380;600) or the machine learning structure is
trained such that the scaling for one or more of the plurality of spectral
values of the spectral decomposition of the decoded audio signal
representation, or for one or more preprocessed spectral values which are
based on the plurality of spectral values of the spectral decomposition of
the decoded audio signal representation, is limited to 2, or is limited to 5, or
is limited to 10, or is limited to a predetermined value greater than 1.

The audio decoder (100;300) according to one of claims 6 to 11,

wherein the neural network (380;600) or the machine learning structure is
trained such that the scaling values are limited to 2, or are limited to 5, or
are limited to 10, or are limited to a predetermined value greater than 1.

The audio decoder (100;300) according to one of claims 6 to 12,

wherein a number of input features of the neural network (380;600) or of the
machine learning structure is larger, at least by a factor of 2, than a number

of output values of the neural network or of the machine learning structure.
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The audio decoder (100;300) according to one of claims 6 to 13,

wherein the filter (130; 360,370,380,338) is configured to normalize input
features of the neural network or of the machine learning structure to a
predetermined mean value and/or to a predetermined variance or standard

deviation.

The audio decoder (100;300) according to one of claims 1 to 14,

wherein the neural network (380;600) comprises an input layer (610) , one
or more hidden layers (612a-612d) and an output layer (614).

The audio decoder (100;300) according to claim 15,

wherein the one or more hidden layers (612a-612d) use rectified linear units

as activation functions.

The audio decoder (100;300) according to one of claims 15 to 16,
wherein the output layer (614) uses rectified linear units or bounded

rectified linear units or sigmoid functions as activation functions.

The audio decoder (100;300) according to one of claims 1 to 17,

wherein the filter (130; 360,370,380,338) is configured to obtain short term
Fourier transform coefficients (132; 326; X(k,n)) which represent the
spectral values of the decoded audio representation, which are associated
with different frequency bins or frequency ranges.
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The audio decoder (100;300) according to one of claims 1 to 18,

wherein the filter (130; 360,370,380,338) is configured to derive logarithmic
magnitude, amplitude, absolute or norm values (372) and to determine the
scaling values (136;336; M(k,n)) on the basis of the logarithmic magnitude,
amplitude, absolute or norm values, wherein the logarithmic magnitude
values comprise logarithmic magnitude values of the absolute values of

spectral domain representations of the decoded audio representation.

The audio decoder (100;300) according to one of claims 1 to 18,

wherein the filter (130; 360,370,380,338) is configured to determine a
plurality of scaling values (136;336; M(k,n)) associated with a current frame
on the basis of the plurality of spectral values (132; 326; X (k,n)) of the
decoded audio representation (122; 322; X(k, n)), which are associated with
different frequency bins or frequency ranges, of the current frame, and on
the basis of the plurality of spectral values (132; 326; X(k,n — 1)) of the
decoded audio representation (122; 322; X(k,n — 1)), which are associated
with different frequency bins or frequency ranges, of one or more frames
preceding the current frame.

The audio decoder (100;300) according to one of claims 1 to 20,

wherein the filter (130; 360,370,380,338) is configured to determine a
plurality of scaling values associated with a current frame on the basis of
the plurality of spectral values (132; 326; X(k,n + 1)) of the decoded audio
representation (122; 322; X(k,n + 1)), which are associated with different
frequency bins or frequency ranges, of one or more frames following the

current frame.
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An apparatus (200;400;500) for determining a set of values defining
characteristics of a filter (130; 360,370,380,338) for providing an enhanced
audio representation (112;312; X(k,n)) on the basis of a decoded audio

representation (122;322),

wherein the apparatus is configured to obtain spectral values
(132;326;|X (k, n)|) of the decoded audio representation (122;322), which

are associated with different frequency bins or frequency ranges, and

wherein the apparatus is configured to determine the set of values
(382;412;512) defining the characteristics of the filter (130;
360,370,380,338), such that scaling values (136;336;484;584) provided by
the filter on the basis of the spectral values of the decoded audio
representation, which are associated with different frequency bins or

frequency ranges, approximate target scaling values (494), or

wherein the apparatus is configured to determine the set of values
(382;412;512) defining the characteristics of the filter (130;
360,370,380,338) such that a spectrum obtained by the filter on the basis of
the spectral values (1 32;326;|)?(k, n)|) of the decoded audio representation
(122;322), which are associated with different frequency bins or frequency
ranges and using scaling values (136;336;484;584) obtained on the basis of
the decoded audio representation (122;322) approximates a target
spectrum (510);

wherein the apparatus is configured to train a machine learning structure
(380;480;580) such that the magnitude scaling for spectral values of the
decoded audio signal representation, or for one or more preprocessed
spectral values which are based on the spectral values of decoded audio
signal representation, is limited to lie within a range between 0 and a

predetermined maximum value,

wherein the maximum value is greater than 1.
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The apparatus (200;400) according to claim 22,

wherein the apparatus is configured to train a machine learning structure
(380; 480;580), which is a part of the filter (130; 360,370,380,338) and
which provides scaling values (136;336; 484; 584; M(k,n)) for scaling
magnitude values (362,372;462,472;562) of the decoded audio signal
(122;322;432; 532) or spectral values (326;446;546) of the decoded audio
signal, to reduce or minimize a deviation (MSEwma) between a plurality of
target scaling values (494; IRM(k,n)) and a plurality of scaling values
(136;336;484;584; M(k,n)) obtained using the neural network on the basis of
spectral values (326;446;546) of a decoded audio representation, which

are associated with different frequency bins or frequency ranges.

The apparatus (200;500) according to claim 22,

wherein the apparatus is configured to train a machine learning structure
(380;480;580) to reduce or minimize a deviation (MSEsa) between a target
spectrum (510;|X (k,n)|) and a spectrum (592; |)?(k, n)|) obtained using a
scaling of a processed spectrum (532;546) which uses scaling values (584)
that are provided by the machine learning structure.

The apparatus (200;400;500) according to one of claims 22 to 24,

wherein the apparatus is configured to train the machine learning structure
(380;480;580) such that a scaling for spectral values of the decoded audio
signal representation, or for one or more preprocessed spectral values
which are based on the spectral values of decoded audio signal
representation, lies within a range between 0 and 2 or lies within a range

between 0 and 5 or lies within a range between 0 and 10.
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A method (900) for providing an enhanced audio representation on the
basis of an encoded audio representation,

wherein the method comprises providing (910) a decoded audio

representation (X(k,n)] of the encoded audio representation,

wherein the method comprises obtaining (920) a plurality of scaling values
(M(k,n)), which are associated with different frequency bins or frequency
ranges, on the basis of spectral values of the decoded audio representation
which are associated with different frequency bins or frequency ranges, and
wherein the method comprises scaling (930) spectral values of the decoded
audio signal representation (X(k,n)), or a pre-processed version thereof,
using the scaling values (M(k,n)), to obtain the enhanced audio

representation (X(k,n));

wherein the method comprises providing, using a neural network (380; 600)
or a machine learning structure, the scaling values (136;336; M(k,n)) on the
basis of a plurality of spectral values (132; 326; X (k,n)) describing the

decoded audio representation (122; 322; X (k, n)), spectral values which are

associated with different frequency bins or frequency ranges;

wherein the neural network (380;600) or the machine learning structure is
trained such that a scaling for one or more spectral values (132;

326; X (k,n)) of the spectral decomposition of the decoded audio signal
representation (122; 322; X(k,n)), or for one or more preprocessed spectral
values which are based on the spectral values of the spectral
decomposition of the decoded audio signal representation, lies within a

range between 0 and a predetermined maximum value,

wherein the maximum value is greater than 1.
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A method (1000) for determining a set of values defining characteristics of a
filter for providing an enhanced audio representation (X (k,n)) on the basis

of a decoded audio representation,

wherein the method comprises obtaining (1010) spectral values (|)?(k, n)|)
of the decoded audio representation, which are associated with different
frequency bins or frequency ranges, and

wherein the method comprises determining (1020) the set of values defining
the characteristics of the filter, such that scaling values provided by the filter
on the basis of the spectral values of the decoded audio representation,
which are associated with different frequency bins or frequency ranges,

approximate target scaling values, or

wherein the method comprises determining (1030) the set of values defining
the characteristics of the filter such that a spectrum obtained by the filter on
the basis of the spectral values of the decoded audio representation, which
are associated with different frequency bins or frequency ranges and using
scaling values obtained on the basis of the decoded audio representation
approximates a target spectrum;

wherein the method comprises training a machine learning structure
(380;480;580) such that the magnitude scaling for spectral values of the
decoded audio signal representation, or for one or more preprocessed
spectral values which are based on the spectral values of decoded audio
signal representation, is limited to lie within a range between 0 and a

predetermined maximum value,

wherein the maximum value is greater than 1.
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A computer program for performing the method of claim 26 or 27 when the

computer program runs on a computer.

An audio decoder (100; 300) for providing a decoded audio representation
(122; 322; X(k,n)) on the basis of an encoded audio representation
(110;310),

wherein the audio decoder comprises a filter (130; 360,370,380,338) for
providing an enhanced audio representation (112; 312; X(k, n)) of the
decoded audio representation (122; 322; X(k,n)),

wherein the filter is configured to obtain a plurality of scaling values
(136;336; M(k,n)), which are associated with different frequency bins or
frequency ranges, on the basis of spectral values (132; 326; X(k,n)) of the
decoded audio representation which are associated with different frequency

bins or frequency ranges, and

wherein the filter is configured to scale spectral values of the decoded audio
signal representation (X(k,n)), or a pre-processed version thereof, using
the scaling values (136;336; M(k,n)), to obtain the enhanced audio
representation (122;312;X(k,n));

wherein the filter (130; 360,370,380,338) comprises a Neural network (380;
600) or a machine learning structure configured to provide the scaling
values (136;336; M(k,n)) on the basis of a plurality of spectral values (132;
326; X(k,n)) describing the decoded audio representation (122;

322; X(k,n)), spectral values which are associated with different frequency

bins or frequency ranges;
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wherein the neural network (380;600) or the machine learning structure is
trained such that the scaling for one or more spectral values of the spectral
decomposition of the decoded audio signal representation, or for one or
more preprocessed spectral values which are based on the spectral values
of the spectral decomposition of the decoded audio signal representation, is
limited to 2, or is limited to 5, or is limited to 10, or is limited to a
predetermined value greater than 1.

An audio decoder (100; 300) for providing a decoded audio representation
(122; 322; X(k,n)) on the basis of an encoded audio representation
(110;310),

wherein the audio decoder comprises a filter (130; 360,370,380,338) for
providing an enhanced audio representation (112; 312; X(k, n)) of the
decoded audio representation (122; 322; X (k,n)),

wherein the filter is configured to obtain a plurality of scaling values
(136;336; M(k,n)), which are associated with different frequency bins or
frequency ranges, on the basis of spectral values (132; 326; X(k,n)) of the
decoded audio representation which are associated with different frequency
bins or frequency ranges, and

wherein the filter is configured to scale spectral values of the decoded audio
signal representation (X(k,n)), or a pre-processed version thereof, using
the scaling values (136;336; M(k,n)), to obtain the enhanced audio
representation (122;312;X(k,n));

wherein the filter (130; 360,370,380,338) comprises a Neural network (380;
600) or a machine learning structure configured to provide the scaling
values (136;336; M(k,n)) on the basis of a plurality of spectral values (132;
326; X(k,n)) describing the decoded audio representation (122;
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322; X(k,n)), spectral values which are associated with different frequency

bins or frequency ranges;

wherein the neural network (380;600) or the machine learning structure is
trained such that the scaling values are limited to 2, or are limited to 5, or
are limited to 10, or are limited to a predetermined value greater than 1.



