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Apparatus, Method or Computer Program for Processing an Information Signal

using a Compression of a Dynamic Range

Specification

The present invention relates to information signal processing and, specifically, information

signal processing using neural networks.

Deep learning (DL) based solutions for different problems in the field of audio processing
have recently become common and shown improved performance over classical signal
processing based methods. However, one of the main issues with most of the developed
methods is their complexity, both computational as well as memory, which makes them
unsuitable for deployment on embedded devices which generally come with memory as

well as computational constraints.

A typical processing pipeline for DNN based audio processing methods is shown in Fig. 2.
The input for such methods is generally an audio waveform which is also referred to as the
time-domain audio signal. The first block in this pipeline is the input pre-processing block
(Block P1). This block mainly consists of processing methods to extract features from the
audio waveform and perform some form of dimensional alignment to conform to the input
dimension requirements of the DNN model. The feature extraction in this block can be either
a deterministic time-frequency transform such as short-time Fourier transform (STFT) or be
a set of features learnt via backpropagation for a specific application. Following the feature
extraction step, a multi-dimensional (typically 2D or 3D) tensor is obtained which is then

provided as an input to the main DNN processing block (block D1).

The block D1 is the main DNN processing block that operates on the provided input to
perform the task for which it is designed. For example, in the case of mask-based noise
reduction/speech enhancement [ref], D1 can be a DNN mask estimator that estimates a
mask to obtain an enhanced version of the feature representation of the audio input that
only consists of the feature representation of the speech component and eliminates the

non-speech components.

The output of D1 is then provided as input to the output post-processor (block P2). The

output post-processing block mainly consists of final processing operations to obtain the



10

15

20

25

30

35

WO 2024/200469 PCT/EP2024/058156

final feature representation of the output audio signal and the inverse operation of the
transform/feature extraction applied in P1 to obtain the final audio output. For example,
taking the same application scenario of noise reduction/speech enhancement as above, the
block P2 would consist of the masking operation where the estimated mask from D1 is
applied to the original feature representation of the input signal to obtain the enhanced
feature representation to which the final inversion operation is applied to obtain the output

audio waveform.

The input pre-processing block P1 is also indicated with reference number 10, the DNN
processing block D1 is also indicated with reference number 20 and the output post-

processing block P2 is indicated by reference number 30.

The learning procedure of a deep learning system can be negatively affected due to a very
high dynamic range of the input features. For example, in DNN based audio processing
systems, this effect can be seen in the form of loud and quiet sounds occurring together in
an audio signal. In DNN based image processing systems, for example, this effect can be

seen in the form of bright and dark image regions occurring together in the same picture.

In literature, several techniques/forms of input signal normalization have been applied to
mitigate the issue. A specific input value compression method known as power law
compression has also been used. In general, power law compression can be applied to any

kind of input signals (e.g., audio signals, image signals, radar signals).

In the following, a general signal model is considered to represent arbitrary kinds of input

signals, given by

— : — —js
S = S +]Sim = S;ps€ JSph

where s is a vector containing a number of K input signals, which can be expressed, e.g.,
in terms of real and imaginary signal components s, and s;,, respectively, or in terms of
magnitude and phase components sg,s and sp,, respectively. For example, when
representing an audio signal of one or multiple microphones in the time-frequency domain,
s contains K elements corresponding to the K microphones, and the real and imaginary
components (or magnitude and phase components) are the real and imaginary components
(or magnitude and phase components) resulting from the time frequency transform (e.g.,
STFT) of the microphone signals. As a further example, when representing images, vector
s may contain 3 elements per image pixel, representing, e.g., the RGB values. In this case,
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the imaginary components (or phase components) may be zero, unless the image is
transformed with, e.g., a Fourier transform. With this signal model, the k-th element can be
represented as

_ : _ -JS
Sk - Sk,re +]Sk,im - Sk,abse I kph

In existing works, power law compression is mainly applied, for example, only to the
magnitude spectrogram of the computed frequency features, i.e.,

) a
Cr = |Sk|a = |Sk,re +]Sk,im| = Sk,absa

where Sy, is the k-th element of s, a is the power law factor, and Cj, is the compressed signal
corresponding to the k-th input signal. Usually, the compressed signal vector ¢ with its
elements C; is subsequently processed using a DNN, resulting in the compressed signal
vector d with its elements D,,. Afterwards, just prior to the final feature inversion step, the
power law compression is reversed to obtain the final output feature representation, given
by vector t, i.e.,

Ty = |Di|*

where T}, is the k-th element of the final output feature vector t. Note that in the equations
above, only the magnitude of the input (and output) signals is subject to compression (and
expansion) and the power law factor is constant.

In this work, power law compression is used to compress/limit the dynamic range of each
separate component of the input feature values and the aim is to improve the learning and
generalization capability of the DNN, i.e., the power law compression is applied to the
complete input feature representation instead of only a part of the input such as the
magnitude component. Expressed mathematically, the compressed signal with the
proposed power law compression can be expressed, e.g., as

— : — —jC
Ck - Ck,re +]Ck,im - Ck,abse JEkph

where C . is the compressed real-part component, C; i, is the compressed imaginary-part
component, Cy 45 is the compressed magnitude component, and C; ,y, is the compressed

phase component, of the k-th input signal, respectively.
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Generally, although neural network applications find more and more distribution in the field,
the complexity of neural network processing procedures nevertheless plays a significant
role not only in embedded systems and specific hardware systems, but also in other
applications that do not run on embedded systems. The reason is that the neural network
complexity maps in high processing resources requirements, a high electric power
consumption and associated problems such as the provision of processor resources,
cooling requirements for the electronic processors, and timing requirements particularly in

the context of limited computational resources.

It is an objective of the present invention to provide an improved concept for processing

information signals.

This objective is achieved by an apparatus for processing an information signal of claim 1,
a method for processing an information signal of claim 15, or a computer program of claim

16, where preferred embodiments are claimed in the dependent claims.

In accordance with the first aspect of the present invention, an apparatus for processing an
information signal such as an audio signal or an image signal or a radar signal comprises a
feature extractor for extracting a set of features from the signal, the set of features having
afirst dimension. The apparatus additionally comprises a feature segmenter for segmenting
the set of features into a first subset of features and a second subset of features, the first
subset of features having a second dimension and the second subset of features having a
third dimension, where the second and third dimensions are lower than the first dimension.
Furthermore, the first and the second subsets of features have an overlapping range so that
one or more features of the set of features are included in the first subset and in the second

subset.

Additionally, the apparatus comprises a neural network processor configured for processing
the first subset using a first neural network to obtain a first result and for processing the
second subset of features using a second neural network to obtain a second result. The
results are combined by a feature combiner for combining the first result and the second
result using a third neural network, wherein the third neural network has a third complexity
which is lower than a first complexity of the first neural network or which is lower than a
second complexity of the second neural network, and the output of the feature combiner is
a result set of features having a result dimension being greater than the second dimension

or the third dimension and preferably equal to the first dimension. Furthermore, an output
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post-processor is provided for post-processing the result set of features to obtain a

processed information signal.

In accordance with the first aspect of the present invention, processing blocks for low
complexity deep neural network of (DNN) based audio processing methods are obtained.
In preferred embodiments, focus is placed on the computational complexity in the primary
instance, i.e., more focus is placed on the computational complexity than the memory
complexity. Furthermore, the apparatus and methods and computer programs are, in a
preferred embodiment, presented in the context of a neural network based noise reduction
solution. However, the inventive procedures in accordance with the first aspect, but also in
accordance with second and third aspects to be described later on are also applicable for
other neural networks or deep neural network based solutions for problems in audio or other
information signal processing that require reconstructed information signals at the output.
Such applications may, for audio signal applications, comprises a de-reverberation
processing, an echo cancellation processing, a speech or audio coding application,
bandwidth extension applications, etc. For image signal processing, applications such as
picture enhancement, edge sharpening enhancement, picture recognition or other image
processing applications can be enhanced with the inventive procedures in accordance with
the first, the second and/or the third aspect. Additionally, the analysis of radar signals for
the purpose of detecting and locating and object also relies on the analysis of features at

different frequency ranges of the signals, for example.

Generally, a complexity or a computational complexity of a neural network can be quantified
in many different quantities such as floating point operations (FLOPS), wherein a higher
number of floating point operations represents a higher complexity, or in execution time on
one or more target hardware(s), wherein a higher execution time represents a higher
complexity, or in power consumption of a certain device, wherein a higher power
consumption represents a higher complexity, or a number or MAC (Multiply and
Accumulate) operations, wherein a higher number of MAC operations represents a higher

complexity.

In accordance with the second aspect of the invention, the way how the extracted features
are presented to the signal processor exemplarily comprising one or more neural networks
is in the focus. An apparatus for processing an information signal in accordance with the
second aspect of the invention comprises the feature extractor for extracting a set of

features from the information signal. The feature extractor comprises a raw feature



10

15

20

25

30

35

WO 2024/200469 PCT/EP2024/058156

calculator for calculating raw feature results, where each raw feature result has at least two
raw feature components. Preferred raw feature components are the magnitude and the
phase on the one hand or the real part and the imaginary part of a feature or feature result
on the other hand. The feature extractor additionally comprises a raw feature compressor
for performing an compression of a dynamic range to the at least two raw feature
components to obtain at least two compressed raw feature components for each raw feature
result. Hence, in an embodiment, the raw feature compressor not only compresses the
magnitude of a raw feature result but also compresses the phase of the raw feature result.
Alternatively, the raw feature compressor not only compresses the real part of a raw feature
result but also compresses, in addition to the real part, the imaginary part of the raw feature

result.

Both the at least two raw feature components for each raw feature result are provided to
the signal processor for processing the set of features having two compressed components
to obtain a processed information signal, wherein the information signal can be e.g., an

audio signal, an image signal, or a radar signal.

In accordance with this second aspect, a preferred way of compression is a power law
compression, which is used to compress/limit the dynamic range of each separate
component of the input feature values, and the aim is to improve the efficiency and
performance of the learning and generalization capability of a deep neural network.
Therefore, in accordance with the second aspect, the preferred power law compression is
applied to the complete input feature representation, i.e., all components of a plurality of
components instead of only a part of the input such as the magnitude component only, i.e.,

only a subset of the plurality of components.

This full dynamic compression makes sure that each representation of the set of features
can be processed, i.e., areal/imaginary representation can be processed where necessary,
or a magnitude/phase representation can be processed as needed. Hence, both
representations can be processed and, it has been shown that the performance of the
neural network processor is better with respect to complexity and quality compared to a

situation where only the magnitude is compressed but not the phase.

In accordance with the third aspect of the invention, a multi-stage processing is performed
in the neural network processor. An apparatus for processing an information signal in

accordance with the third aspect of the present invention comprises a feature extractor for
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extracting a set of features from the information signal, wherein each feature of the set of
features comprises at least two feature components, where a first feature component of the
at least two feature components is more important than a second feature component of the
at least two feature components. Furthermore, the set of features comprises a first subset
with the first feature components and a second subset with the second, less important

feature components.

The apparatus additionally comprise an neural network processor comprising a first neural
network for receiving, as an input, the first subset and for outputting a processed first subset.
The neural network processor additionally comprises a combiner for combining the
processed first subset and the second subset to obtain a combined subset. The combined
subset is preferably input into a second neural network for receiving, as an input, this
combined subset and for outputting a processed combined output. The processed
combined output represents the processed information signal or the apparatus is configured
to calculate the processed information signal using the processed combined output. In
particular, a complexity of the first neural network that processes the first more important
set of features is greater than the complexity of the second neural network that processes

the second less important subset or set of feature components.

Hence, in accordance with the third aspect, that relates to a variety of applications related
to deep neural network based signal processing, the input features are decomposed or
divided into multiple components. Furthermore, all the components need not be equally
important in the context of the target task. Therefore, a DNN based processing pipeline
such as the neural network processor is decomposed into multi-stage processing, wherein
each stage deals with the processing of the components with reducing importance in the
context of the task at hand. In particular, each subsequent stage deals with new but less
relevant or less important input information, so that neural networks or DNN modules in

such a design can also be of declining computational complexity from stage to stage.

Preferably, all aspects can be combined into each other but all aspects can also be
implemented separately from each other, or only two out of three aspect can be combined

as the case will be.

In a combination of the first aspect and the second aspect, the power law compression is
applied to the set of features that are input into the feature segmenter. Hence, the set of

features that are further processed by the feature segmenter and the subsequent elements
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of the apparatus for processing an audio signal in accordance with the first aspect is a set
of features having feature components that are compressed with respect to their dynamic
range not only with a single component but with two or more, i.e., multiple components,

such as the magnitude and the phase or the real part and the imaginary part.

In such a situation, a feature decompression takes place either before or after the
processing of the feature combiner in the processing direction so that, in the end, the output
post processor post-processes the decompressed result set of features to obtain the

processed information signal.

In such a combination of the first aspect and the second aspect, the third aspect can also
be implemented either in the first neural network or the second neural network that process

the first and the second subset of features.

Hence, a combination of all three aspects is performed where the features used by the
feature segmenter are compressed features and at least one of the first neural network or
the second neural network operates in a multi-stage low complexity mode where neural
networks with declining complexity operate for processing features with declining

importance from stage to stage.

However, the first aspect of the invention can also be applied using the multistage
processing of the third aspect, but without using the power law compression for both

components in accordance with the second aspect.

In other embodiments, the second aspect of the invention can be performed together with
the third aspect or alone but without the first aspect relating to the feature segmentation
with overlap and the corresponding feature combination with a low complexity neural
network. In such a procedure, the set of features can nevertheless be split along the channel
direction but without segmentation into overlapping segments. Nevertheless, the splitting

along the channel direction can also take place with overlapping segments.

Furthermore, the third aspect with respect to multi-stage low complexity neural network
processing can also be performed without feature segmentation or without splitting along
the channel direction and even without power law compression as the case may be.
However, the combination of the second aspect together with the first aspect is nevertheless

preferred in case of processing applications with moderate sizes of sets of features. Such
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moderate sizes occur, for example, for audio applications with relatively low audio sampling
rates resulting in relatively small sizes of feature sets. This is exemplarily the case when the
feature extraction takes place using a time-frequency decomposition relying on a real-
valued or preferably a complex-valued filterbank such as a QMF or an FFT-based filterbank
that generates a time-frequency representation of the information signal such as the audio
signal, or the radar signal. In image signals, the feature extraction can be a spatial filterbank
or spatial Fourier transform that generates, for an image, a one or two-dimensional
representation of cosine-like basis functions represented by an amplitude and a phase or a

real part and an imaginary part.

Preferred embodiments of the present invention are subsequently disclosed with respect to

the accompanying drawings, in which:

Fig. 1a is an apparatus or a method for processing an information signal in

accordance with the first aspect;

Fig. 1b is an apparatus or a method for processing an information signal in

accordance with the second aspect;

Fig. 1c is an apparatus or a method for processing an information signal in

accordance with the third aspect;

Fig. 2 is a schematic view of a typical deep neural network (DNN) based audio

processing pipeline;

Fig. 3a is an implementation of a feature extractor and a feature segmenter in

accordance with the first aspect;

Fig. 3b is an implementation of the feature combiner and the output post processor

in accordance with the first aspect;

Fig. 4 is a preferred implementation of the feature segmenter and the subsequently
performed channel-wise sub-band splitting in accordance with the preferred

embodiment of the first aspect;
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Fig.

Fig.

Fig.

Fig.

Fig.

Fig.

Fig.

Fig.

Fig.

Fig.

Fig.

5

10

11

12

13

14a

14b

is a preferred implementation of the neural network processor in accordance

with the first aspect;

is an illustration of the segmentation of the set of features into a first subset

of features and a second subset of features;

is an illustration of the second subset of features before and subsequent to

the splitting into multiple segments placed along a channel dimension;

is an implementation of the feature combiner comprising a stacker for
performing a channel-wise stacking and a subsequently connected

frequency sub-band merging;

is an illustration of the result of the second neural network of Fig. 1a before

and after the stacking of the segments;

is an illustration of the first subset of features and the second subset of
features subsequent to the channel-wise sub-band stacking to the left in Fig.
10 and the combination of the first result and the second result at the input

into the third neural network to the right of Fig. 10;

is a preferred implementation of the neural network processor in accordance

with the third aspect;

is another preferred implementation of the neural network processor in

accordance with the third aspect;

is a preferred implementation of the combiner of Figs. 1c, 11 or 12;

is a preferred implementation of the raw feature compressor of Fig. 1b in

accordance with the second aspect;

is a preferred implementation of a portion of the signal processor of Fig. 1b

in accordance with the second aspect;
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Fig. 15a is a preferred implementation of the present invention combining the first

aspect and the second aspect;

Fig. 15b is a table illustrating the complexity of the Fig. 15a embodiment and the Fig.

16 embodiment;

Fig. 16 is a preferred implementation of the invention in accordance with the second

aspect or the second aspect and the third aspect;

Fig. 17 is another preferred implementation of the present invention in accordance

with the second aspect or the second aspect and the third aspect; and

Fig. 18 is a table illustrating the complexity in MFLops for the Fig. 16 embodiment

and two implementations of the Fig. 17 embodiment.

Fig. 1aillustrates an apparatus or method for processing an audio signal in accordance with
the first aspect. The apparatus comprises a feature extractor 100 for extracting a set of
features from the information signal such as an audio signal, the set of features having a
first dimension. The set of features having the first dimension is input into a feature
segmenter 200 for segmenting the set of features into a first subset of features and a second
subset of features, wherein the first subset of features has a second dimension and the
second subset of features has a third dimension, wherein the second and third dimensions
are lower than the first dimension. Of course, a higher number of subsets such as three or
four can be used as well. Furthermore, the first subset of features and the second subset
of features have an overlapping range so that one or more features of the set of features
are included in the first subset of features and in the second subset of features. The first
subset and the second subset of features are input into a neural network processor 300.
The neural network processor 300 is configured for processing the first subset of features
using a first neural network 310 to obtain a first result, and for processing the second subset

of features using a second neural network 320 to obtain the second result.

The first and the second networks can be two different or independent networks, or can be
parts of one and the same overall neural network, where the parts can be disjunctive to
each other or can both use one or more portions of the overall neural network, as long as
one or more parts of the overall neural network can be identified that are only used by either

the first neural network 310 or the second neural network 320.
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Both, the first and the second results are input into the feature combiner 400 for combining
the first result and the second result using a third neural network 420 shown in Fig. 8. The
third neural network has a complexity that is lower than a complexity of the first neural
network or of the second neural network. The result of the processing by the feature
combiner 400 is a result set of features that has a result dimension being greater than the
second dimension or the third dimension and being preferably equal to the dimension of the
set of features as obtained by the feature extractor 100. The result set of features is input
into an output post-processor 500 for post-processing the result set of features to obtain a

processed audio signal.

In a preferred implementation, the feature extractor 100 comprises a time-frequency
decomposer for generating, from the audio signal or radar signal being in a time domain
representation, a decomposed signal being in a time frequency representation comprising
a sequence of time frames, wherein each time frame has a number of frequency bins.
Furthermore, the feature extractor 100 comprises a feature set builder for building the set
of features from the time-frequency representation. Fig. 6 illustrates, at the left hand side,
an extract of a time-frequency representation with only six time frames and an exemplary
number of only 12 frequency bins, although many more frequency bins may actually be
used in the practice as will be discussed later. The Fig. 6 example already shows the
situation subsequent to the operation of the feature said builder, since the sequence of six
time frames has already been taken out from the larger time-frequency representation to
obtain a set of features. By means of the operation of the feature segmenter, the first subset
of features illustrated at the lower part of the right hand side of Fig. 6 and the second subset
of features illustrated at the right upper part of Fig. 6 is obtained. It is shown in Fig. 6 that
the overlapping range comprises two frequency bins between 8kHz and 12kHz, although it
is emphasized that this is only an example. Actually, for the purpose of a sampling rate of
48kHz resulting in frequency features up to 24kHz, one time frame will comprise for example

769 frequency features.

In order to undo the feature extraction, the frequency-time composer is provided as a
functionality of the output post-processor 500 of Fig. 1a which composes, from an input set
of features being in the time-frequency representation, the processed information signal
being in the time domain representation. In an embodiment, the input set of features is the

result set of features or, alternatively, the input set of features input into the frequency-time
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composer or frequency-time transformer is derived from the result set of features and the

set of features, i.e., the features being input into the feature extractor 100 of Fig. 1a.

When, for example, the present invention is applied for calculating the mask or
time/frequency mask for the purpose of noise reduction or speech enhancement, the input
set of features input into the frequency-time composer is not the mask itself, but is the result
when the mask itself has been applied to the original time-frequency representation as
generated by the feature extractor 100. The time frequency masks can be applied as
spectral gains to the input signal input into the feature extractor 100 to achieve the result of
noise reduction or speech enhancement. Alternatively, the time/frequency mask can also
be used to estimate, for example, power spectral density matrices of a noise or speech
signal and, then, one or more informed spatial filters can be calculated that are then applied

to the input signal.

When, however, the processing is used, for example for the purpose of bandwidth
extension, then the result of the neural network processing, i.e., the result set of features
as obtained by the feature combiner can be the bandwidth extended audio signal in the
bandwidth extension range or the full audio signal, i.e., the audio signal in the base band
and the extended band, but still existing in a time-frequency representation, and the
functionality of the output postprocessor 500 will simply be the frequency-time conversion
of the bandwidth extended audio signal. When, however, the neural network processing is
applied to derive bandwidth extension parameters from the input signal, the parameters are

to be applied to the input signal to derive, in the end the bandwidth extended output signal.

Other applications in addition to noise reduction or speech enhancement or bandwidth
extension can be applications for source separation, where the input signal, for example, is
an input signal having its information from, for example, several different speakers placed
at different positions, and the input signal comprises, for example, several microphone
signals. In this situation, the result set of features once again can consist of frequency
masks, which can either be binary, so that the value at the given time frequency bin is one
at the given bin representing the time frequency mask of the dominant source, and zero for
the time frequency masks of all other sources, or soft, so that the entry at a given bin of
each time frequency mask represents a probability that the corresponding source is
dominant at that bin. As stated, the time frequency masks can be applied as spectral gains
to one of the microphone signals to achieve source separation. However, the time frequency

mask can be used also as a means to estimate for example a power spectral density (PSD)
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matrices of the different source signals and, then, informed spatial filters are computed for
the purpose of this blind source separation. Hence, depending on the certain
implementation, the result set of features can be applied to the information signal and then
the result is converted into the time domain, or the result set of features is already the
processed signal in the frequency domain and the output post-processor only performs the
processing to convert the frequency domain representation into the time domain

representation.

Hence, for the purpose of the mask processing, the output post-processor 500 comprises
a mask processor for applying the time-frequency mask as a spectral gain mask to the set
of features in the time-frequency representation to obtain the input set of features, or for
calculating a processing filter from the time-frequency mask and for applying the processing

filter to the audio signal or the set of features to obtain the input set of features.

In a further implementation, the first neural network is more complex than the second neural
network, and the first subset of features comprises information of the audio signal from a
lower frequency range of the audio signal or the radar signal. Furthermore, the second
subset of features comprises information of the audio or radar signal from a higher
frequency range of the audio or radar signal. Hence, the portion of the audio or radar signal
which is typically more important for the perception or processing intention, respectively,
i.e., the lower frequency range is processed with a higher complex neural network and the
portion that is less important for the speech perception, for example, of the audio signal,
i.e., the higher frequency range of the audio signal is processed using the less complex
second neural network 320 of Fig. 1a. For radar signals, this situation can be different, when
certain objects to be identified or located map with certain frequency ranges in the radar
signals. An example is that objects with certain speeds will have Doppler frequencies in
certain frequency bands that can be processed with a higher complexity with respect to
other frequency bands that map to velocities that are not in the main focus of a surveillance
task.

In a preferred embodiment, the feature segmenter 200 is already configured to generate
the first subset of features and the second subset of features so that the second dimension
of the first subset of features is lower than the third dimension of the second subset of
features. Thus, a lower dimension first subset is processed with the more complex first
neural network 310 so that a large amount of the processing power is placed onto the

specific portion of the information signal in order to obtain an as good as possible
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enhancement of the specific such as lower frequency portion under the situation of limited

resources.

The feature segmentation illustrated in Fig. 6 can be further enhanced using a splitting of
the second subset of features into second multiple segments. Furthermore, these second
multiple segments obtained by a means of the for example three splitting windows 1, 2 and
3 in the left portion of Fig. 7 are placed along the channel dimension as illustrated in the
right hand side of Fig. 7 so that the channel number of the input set to be input into the
second neural network 320 is enhanced. However, at the same time, when the channel

number is enhanced, the frequency or feature input dimension is reduced.

In a further embodiment, not only the second subset that, for example, covers the higher
frequency portion of the audio signal, is split, but also the first subset of features is split into
first multiple segments, and the first multiple segments are placed along a channel direction
to also enhance the channel number of the input set to be input into the first neural network.
As illustrated, for example, in the example shown in Fig. 10, the first subset has been split
into two segments, and the second subset has been split into three segments. Hence, the
number of the second multiple segments is three and the number of the first multiple
segments is two. In other embodiments, and depending on the situation, it is also useful to
only perform the channel-wise frequency sub-band splitting to the second subset of
features, i.e., to the higher frequency range as illustrated in Fig. 7 and to not perform such
a splitting to the first subset of features, i.e., for example for the lower frequency range of
the audio signal. In such a situation, the lower portion of Fig. 10 would simply consist of a
single green color. Preferably, and as illustrated in Fig. 7, the splitting windows for splitting
the subset of features into corresponding first or second multiple segments is overlapping
and, particularly, overlapping by 50%, although a smaller overlapping width can also be
used. The same is true for the overlapping applied by means of the frequency sub-band
segmentation 200 illustrated in Fig. 6, where an overlap range is only one third of the size

of the whole subset.

Particularly, Fig. 6 illustrates the preferred implementation, where the first set of features
ranges from about 0 to about 12 kHz, i.e., covers about 12 kHz of frequency bins, while the
second subset of features, i.e., the subset of features covering the higher frequency portion

ranges from 8 kHz to 24 kHz covering 16 kHz of frequency bins.
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The corresponding output-side processing belonging to the channel-wise frequency sub-
band splitting 301 or 302 as illustrated in Fig. 4 is the channel-wise frequency sub-band
stacking 401, 402 illustrated in Fig. 8. Furthermore, when both the channel-wise frequency
sub-band splitting and the frequency sub-band segmentation 200 is applied, then both
features are undone on the output-side and, for this purpose, the invention in accordance
with the first aspect uses the third neural network having a complexity being lower than the
first complexity of the first neural network or the second complexity of the second neural
network and, preferably, the third neural network is even less complex than both the first

neural network 310 of Fig. 5 and the second neural network 320 of Fig. 5.

In accordance with the first aspect, this merging is performed by simply stacking the first
result and the second result and, if necessary, by simply stacking the individual channels of
the results so that a stacked set of features is obtained. Due to the overlap range for the
frequency sub-band segmentation and due to the preferred overlap range of the channel-
wise frequency sub-band splitting, the dimension at the input into the third neural network
will be significantly higher than the dimension of the set of features, i.e., the first dimension
at the output of the feature extractor 100. Nevertheless, due to the fact that the third neural
network only has to undo the dimension increase and, with respect to the set of features,
only has to significantly process the set of features for an overlapping frequency range
while, typically, the features in a non-overlapping frequency range will not be necessary to
be strongly processed by the third neural network, this network can be of low complexity
even in view of an increased input feature dimension. Therefore, it is preferred that not only
the complexity of the third neural network is lower than the complexity of the first neural
network and the second neural network. Instead, the number of layers of the third neural
network is smaller than the number of layers of the first neural network and the second
neural network and, particularly it is preferred that the number of layers of the third neural
network is, at the maximum, 1/3 or more preferable only 1/4 and even most preferable only

1/10 of the number of layers of the first neural network or the second neural network.

The preferred idea in this aspect is to introduce a feature reorientation block (CR1 in Fig.
3a Fehler! Verweisquelle konnte nicht gefunden werden.) in P1 after the feature
computation step, which leads to the use of efficient hyper-parameter settings of the DNN

model block to reduce the computation complexity.

Following the processing of the input by the DNN processing block (D1), the feature

reorientation step is reversed to restore the output of the of the DNN to the original
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dimensions of the input features (CR2 in Fig. 3b) and finally the feature extraction step is

inverted to obtain the output audio waveform.

As described before and shown in Fig. 2, the pre-processing block P1 consists of a feature
extraction/computation step, where the audio input signal is transformed into a
representation that can be, e.g., a 2D or 3D real-valued tensor. For example, when the
applied feature extraction step is STFT, then the feature representation is a 2D complex
valued tensor which can be represented as a 3D real-valued tensor of size N x Kx 2, where
N correspond to the number of frames, K corresponds to the number of frequency bins and
2 corresponds to for example the real-imaginary components or the magnitude-phase
components. In case of the applied feature extraction step being a learned
filterbank/feature, the feature representation is generally a 2D real-valued tensor of size N
x K, where in this case K corresponds to the size of the feature dimension while N would

correspond to the number of time frames.

To learn from the local structure of the feature representation, convolutional layers with
small convolution kernels are typically applied in the initial stages of a DNN model for audio
processing. Due to the use of multiple such layers the computation complexity of the model
is mainly affected by the spatial dimensions of the input features, N and K. Alternatively,
other types of layers such as fully connected or recurrent layers might also be used in the
initial stages of the DNN model and in this case also the main factors affecting the

complexity would be N and K.

The number of time frames N is determined by the window/frame length considered for the
transform/filterbank/feature extraction applied to the signal as well as the length of the input
audio signal. In real-time audio applications, which is the focus here, very small segments
of audio, typically smaller than 50 ms are processed at a time which leads to the N being
small for every processing instance. Therefore, the focus in this invention is mainly over the

frequency/feature dimension of the input features.

The size of the feature/frequency dimension K is determined by the desired
frequency/feature resolution as well as the sampling rate of the audio signal. For speech or
audio processing tasks, the feature/frequency dimension can be, e.g., selected as a power
of 2 and larger than 128. For higher sampling rates such as 32 or 48 kHz, the size of the
feature dimension is typically very high, e.g., 512, 1024 etc. To reduce the computational

complexity of the main DNN model when the size of the feature/frequency dimension is very
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high, the invention presents a combination of two feature reorientation techniques for
complexity reduction as shown in Fig. 4. In the following, the techniques are described
considering the use of a deterministic transform/filterbank, such as STFT, as the feature
extraction step. The following descriptions explain the methods considering the feature
dimension to be the frequency dimension specifically, however, the methods are also

applicable in the case of use of any arbitrary feature representation.

Sub-band Segmentation

The first technique corresponds to a frequency sub-band segmentation method where the
input feature is split along the frequency dimension K into multiple overlapping segments,
[s1, s2,..., sm]. In some academic works, a basic non-overlapping splitting idea has been
presented to improve performance of DNN based speech enhancement methods
specifically [1, 2]. In this report, the segmentation approach is presented as a method for

reducing complexity and it is extended to be an overlapping split.

Following the split of the original input feature into segments, each feature segment is
prepared as an input to an individual DNN model for processing of each of the segments
separately. Therefore in this case, instead of a single DNN model, the block D1 in Fig. 1now
consists of multiple DNN models (as shown in Fig. 5) that operate separately on the different

frequency sub-band segments created by the sub-band segmentation technique.

An example of the segmentation technique and the creation of the corresponding input
segments for the individual DNNs is shown in Fig. 6. In the provided example, an audio
signal with a sampling frequency of 48 kHz was used. Computing the STFT features
provides a feature representation where the frequency dimension represents signal content
up to the Nyquist frequency of 24 kHz. With the presented splitting method, the frequency
dimension in this case is segmented into two parts- a feature representation for the lower
frequency range of 0-12 kHz and another for the higher frequency range of 8-24 kHz. Then,
in this example, these two segments form the input to two different DNN models in the block
D1.

o The sub-band segmentation can be chosen arbitrarily. Depending on the frequency
dimension size desired for the individual DNN inputs and the number of individual
DNNs to be employed, the number of segments M, and the size of the frequency

dimension for each segment can be chosen.
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o The size of the frequency dimension need not be same for the different segments.
Depending on the audio processing task, the size for individual segments can be
determined. E.g., for speech processing tasks, the size of the first segment can be
determined based on the typical frequency range of speech activity when STFT is
used as the feature representation. The size of the rest of the segments can be
determined based on the number of DNNs that can be employed. Alternatively, the
segmentation of the bands can be done using equivalent rectangular bandwidth
(ERB), Mel scale or similar perceptual scales depending on the task for which the

method is being developed.

e Overlap between the segments avoids processing artifacts in the boundary regions
of the segmented feature representations when the processed outputs are merged

to obtain the final audio output.

e Segmentation of the input along the frequency dimension facilitates in using less
computationally complex individual DNNs compared to a large single DNN model.
In a single model, due to the large input space, the number of computations per
layer, especially in the initial layers, are quite high which leads to a high overall
computational complexity of the system. By segmenting the input along the
frequency dimension, the computational complexity in the initial layers can be
controlled to be low enough to keep the overall complexity of the system low. The
flexibility in determining the segmentation allows for designing an overall system
where the combined complexity of the individual DNNs is lower than that of a single
DNN model.

e On hardware platforms that allow for parallel processing, the processing with the
individual DNNs can be done in parallel to further reduce the computational time of

the overall system.

Channel-wise sub-band splitting

For this method, it is assumed that the initial layers of the individual DNN models (Fig. 5)
consist of convolution layers that use small convolutional kernels to learn from local
structure of the feature representation of the audio input. This is generally true for most DNN
models for audio processing where the exploitation of/learning from the local structure of
the audio input feature representation is important for improved performance over a large

variety of tasks.
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In this method, the individual input segments obtained after the Sub-band Segmentation
block are further split into multiple overlapping segments of equivalent spatial dimensions
and placed along the channel dimension. The idea of channel-wise splitting has been
proposed earlier in [3, 4] as a more efficient feature extraction step compared to applying
convolution over the whole input space. In the case of this invention, the idea is to use it in
conjunction with the sub-band segmentation method as the second stage of complexity
reduction. As mentioned earlier, the sub-band segmentation allows for keeping the
computational complexity low in the early convolution layers due to the reduced input space
(NxK = Nxki, NxK, ..., where K;, Ky, ... < K). Channel-wise splitting further extends this
benefit by further reducing the spatial dimensions (NxKj, NxK;, ... ) of the input space of

each of the individual inputs.

As an example, let us consider the segmented blocks on the right in Fig. 6. Then, the
segmented block corresponding to the higher frequency features, can be further split into
three uniform overlapping segments and each split segment is then arranged along the

channel dimension to obtain the final input feature representation for the individual DNN.

- The overlap factor for the splitting can be arbitrarily chosen, under the constraint that the
spatial dimensions (number of time frames and size of frequency sub-band dimension) of
the individual splits need to be the same. This is required such that they can be arranged
along the channel dimension. In typical convolution layer operation, small filters are applied
to each channel separately followed by a weighted combination of the filtered values across
the channel dimension to generate the output. Due to this, the channel-wise splitting aids in
combining cross frequency sub-band information in the initial layer of the DNN while having
lower spatial dimensions of the input for the small filters to traverse through and reduce the

computational complexity in these initial layers.

- The overlap factor can be determined based on the desired reduction in spatial dimensions
of the input and the number of channels. For example, in Fig. 7, to reduce the number of
channels in the input to the DNN, the input can be split into three segments of equal spatial

dimensions to reduce the computational complexity in the first convolutional layer.

Merging methods
Following the processing of the inputs by the individual DNNs, at the output of the each

DNN in D1, an enhanced/modified version of the input feature representation is obtained.
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The next task would be to recombine/merge the individual outputs to obtain the output
feature(s) in the original dimensions such that it can be provided as an input to the feature

inversion step (inverse STFT in this case) to obtain the output audio signal.

In most previous works that employ either sub-band segmentation [1,2] or channel-wise
sub-band splitting [3,4,5], the merging method is generally an approach where the different
sub-band outputs are concatenated along the frequency axis to obtain the final output. This
is generally possible since the methods do not account for overlapping segmentation
strategies. In one work [5], a learnable approach was preferred, where the concatenated
output was passed through a separate speech enhancement model for a two-stage
enhancement approach. In this case, the second enhancement model was equally complex

as the first one.

In this invention, a simple concatenation along the frequency dimension is used followed by
a small neural network to learn the optimal combination/merging of the cross-frequency

information as well as account for the overlap between segments.

The two merging blocks within the overall merging method are shown in Fig. 8.

Channel-wise sub-band merging

o The obtained outputs of the individual DNNs are not constrained to be of any specific
dimensions. The spatial and channel dimensions of these outputs can be arbitrary
and different for each of the DNNs.

o Each of the output channels are stacked along the feature/frequency dimensions, to
obtain the input to the next merging block. Please note that the overlap considered
during the split is not replicated in the stacking step.

¢ If one considers the split segments from Fig. 7, then the merging step is as shown
in Fig. 9. Please note that the frequency dimension of the merged output is always
larger than or equal to the frequency dimension of the original input (Fig. 7) as any

overlap between the split segments is not accounted for when merging.

Frequency sub-band merging
For the frequency sub-band merging step, the individual outputs after the previous merging
step are stacked together similar to how it is described for the channel-wise sub-band

merging step.
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Fig. 10 shows this merging step for the two sub-band outputs that were obtained.

Following this first step, a small neural network is used as the final merging step to obtain
the output feature representation in a desired dimension such as the original dimension of
the input to the system or in a desired dimension being different from the original dimension

of the input to the system, such as a smaller dimension than the original dimension.

e The neural network employed is not constrained to have any specific architectural
blocks. It can range from being a multi-layer perceptron (MLP) network with few fully
connected layers to a neural network which is a combination of convolutional,

recurrent, and fully connected layers.

o The only constraint for the neural network design is that the last layer of the neural
network should rearrange the frequency dimension of the output to be equal to the
frequency dimension of the original input to the audio processing system. This is
necessary for the inverse transform step. Alternatively, the last layer rearranges the
frequency dimension of the output to be equal to a desired dimension being different
such as smaller than the frequency dimension of the original input to the audio

processing system. This can be the case, when a classifier is there.

Embodiments

1. In the first embodiment, all the processing modules described as a part of this
invention can be, e.g., applied to design a low complexity DNN based audio
processing system.

2. In the second embodiment, all the processing modules except for the sub-band
segmentation can be used to design a low complexity DNN based audio processing
system. The sub-band segmentation can be ignored in the cases when the feature
dimension is not very large, e.g., when the feature dimension is lower than 512.

3. Further embodiments can include all other possible combinations of the different

processing modules described here.

Subsequently, a preferred embodiment of the second aspect relating to the generation of
compressed components for example, using a power law compression is discussed with

respect to Fig. 1b and Figs. 14a, 14b.
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An apparatus for processing an information signal which can be an audio signal, but which
can also be an image signal, or a radar signal, for example, comprises the feature extractor
100 basically as illustrated before with respect to Figs. 1a to 10. Particularly, the feature
extractor 100 is configured for extracting a set of features from the information signal, and
the feature extractor comprises a raw feature calculator 120 for calculating raw feature
results, where each raw feature result has at least two raw feature components as illustrated
in Fig. 1b below block 110. One raw feature component of a raw feature result can be a
magnitude and the other raw feature component of the raw feature result can be the phase
of a complex amplitude of a cosine-like function, for example. Alternatively, the first
component can be the real part and the second component can be the imaginary part of

the corresponding raw feature resullt.

The two components, i.e., the magnitude and the phase or the real part and the imaginary
part, for example, are input into a raw feature compressor 120 for performing a compression
of the at least two raw feature components to obtain at least two compressed raw feature
components for each raw feature result as illustrated by the two arrows below block 120 in
Fig. 1b. Particularly, the set of features output by the feature extractor, therefore, comprises

the compressed raw feature components for each raw feature result.

These raw feature components in compressed form are then input into a signal processor
600 for processing the set of features comprising the compressed raw feature component
for each raw feature result to obtain a processed information signal. The signal processor
600 can comprise one or more neural networks as discussed before with respect to the first
aspect such as in Fig. 1a or Fig. 5 or can comprise a single neural network 20 as illustrated
in Fig. 2 or can comprise cascaded neural networks as illustrated with respect to the third
aspect shown in Fig. 1c or Fig. 11 to Fig. 13. The signal processor additionally can comprise
a feature segmenter, a feature combiner and/or a post processor as has, for example, been

illustrated with respect to Fig. 1a and the related description.

On the other hand, the feature extractor 100 in Fig. 1a and the feature extractor as illustrated
in Fig. 3a can also be implemented as shown in Fig. 1b, i.e., as discussed with respect to

the second aspect.

The raw feature calculator 110 is preferably configured to calculate the complex value as
the raw feature result, the raw feature result being a real part and an imaginary part or the

magnitude and the phase as the at least two raw feature components, and the raw feature
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compressor is configured to perform a compression of the real part and the imaginary part

or the magnitude and the phase to obtain the compressed raw feature components.

The raw feature compressor 120 is additionally configured to apply 121 a first compression
function to a first raw feature component and to apply 122 a second compression function
to a second raw feature component, wherein the second compression function can be
different from the first compression function. Preferably, the raw feature compressor is
configured to apply a power law compression using a power value of 1/a, wherein a is a
fixed value oris a specific value learned for a specific application and, particularly, a consists
of a real or integer number being greater than 1. Alternatively, the power value is a. Then,
the power value a is a fixed value or is a specific value learned for a specific application

and, particularly, a consists of a real or integer number being lower than 1.

Preferably, the number a is different for each raw feature component and is particularly
greater for raw feature components that are expected to have a higher number range such
as for magnitude and phase. Preferably, the compression function is stronger with respect
to its compression action for the magnitude compared to the phase but, when it can be
expected that the real part and the imaginary part will have similar value ranges, similar
compression function strengths and, therefore, similar a numbers for the parallel

compressions can be applied.

Preferably, the raw feature calculator 110 is configured to calculate the raw feature
components as absolute numbers and associated signs, and the raw feature compressor
112 is configured to apply the corresponding compression function to the absolute value

and to retain the sign of a corresponding raw feature component.

Preferably, the information signal is an audio signal, and the raw feature calculator 110
comprises a time-frequency decomposer for decomposing the audio signal into a complex
time-frequency representation. Alternatively, the information signal is an image signal, and
the raw feature calculator 110 comprises a spatial transformer for decomposing the image

signal into a complex spatial frequency representation.

Preferably, the signal processor 600 in Fig. 1b comprises a neural network processor 300
as illustrated in Fig. 1a or 5 or Fig. 2 at reference number 20 to obtain a processed set of
features. Furthermore, as illustrated in Fig. 14b, a feature decompressor 350 for performing

a decompression matching with the compression performed by the raw feature compressor
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120 is provided to obtain a result set of features. Additionally, a post processor 500 is
configured for post processing the result set of features to obtain the processed information

signal.

Particularly, depending on the implementation and, particularly, depending on whether the
feature segmentation 200 and feature combination 400 of Fig. 1a is applied, it is preferred
that the feature decompression 350 takes place subsequent to the feature combination 400,
i.e., that the third neural network with a low complexity operates on the compressed features
as obtained by the neural network processor 300. However, in other embodiments, the
feature combination can also take place in the non-compressed domain or in the real-
imaginary part domain as described so that the feature decomposed 350 is placed between
the neural network processor 300 and the feature combiner 400. To show the different
alternatives, the first feature decomposer 350 is shown as optional by means of the pointed
line and the same is true for the feature decompressor 350 that can also be passed by the

pointed line.

In another preferred embodiment, which is illustrated and described later on with respect to
Fig. 16 and Fig. 17, the functionality of the raw feature compression 120 and the subsequent
power law decompression 350 is combined with a processing using a single DNN 20 such
as illustrated in Fig. 2. Additionally, in Fig. 17, the power law compression feature illustrated
in accordance with the second aspect of Fig. 1b is also combined with the functionality of
the channel-wise subband splitting 301 and the channel-wise subband merging or stacking
401 as discussed before with respect to Fig. 4 and Fig. 8, but without the functionality of the
first aspect, i.e., the subband segmentation 200 and the frequency subband merging in a

small post processing neural network 420.

Furthermore, the functionality of relying on a single neural network rather than two parallel
neural networks as illustrated in Fig. 5, Fig. 1a or Fig. 15a is preferred for audio signals
having sampling rates being lower than 24 kHz and where the dimension of the set of
features in the frequency dimension is lower than 500 and greater than 200, and a channel
number is 2. In such a situation, it is preferred to use a single neural network such as the
neural network 20 of Fig. 2 or to use the cascaded neural network as discussed in

connection with the third aspect of Fig. 1c or in the context of Figs. 11 to 13.

Furthermore, not only for this aspect, but also for the other aspects, it is preferred to use a

number of segments for the channel-wise splitting between 2 to 4 so that the number of
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channels is between 4 and 8, and overlap of the segments for the channel-wise splitting is

between 30 and 90 frequency bins and preferably between 60 and 70 frequency bins.

In this specification, power law compression is used to compress/limit the dynamic range of
each separate component of the input feature values and the aim is to improve the learning
and generalization capability of the DNN, i.e., the power law compression is applied to the
complete input feature representation instead of only a part of the input such as the
magnitude component. Expressed mathematically, the compressed signal with the

proposed power law compression can be expressed, e.g., as
— i — —jC
Cr = Cire +JCiim = Ci abs® JCkph

where C . is the compressed real-part component, C; i, is the compressed imaginary-part
component, Cy aps is the compressed magnitude component, and Cy p, is the compressed

phase component, of the k-th input signal, respectively.

In general, different compression functions can be used for every component and k-th input
channel. The compression for a specific component and channel k can be expressed for

example as

Cr¢) = frot) (Sk9)

where f denotes an arbitrary compression function and the subscript (-) indicates he
different signal components, e.g., the real component re or imaginary component im. After
processing the DNN, the power law compression can be reversed to obtain the components

of the final output feature representation, i.e.,

Ty = fiet)(Proy)
where f 1 represents the inverse power law function (expansion function). The final output
feature representation of the k-th channel can then be obtained from the individual

components, e.g.,

— ; — —JjT
Tie = Tire + jTrim = Tr,apse /" Foh
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where T;, is the k-th element of vector t.

As an exemplary implementation of the compression steps above, one may consider the
real and imaginary signal representation. In this case, the compressed components may be

obtained as

Ck,re = (i)lsk,relak're
Ck,im = (i)lsk,imlak'im

where (&) denotes the original sign of the feature value Sy ). As can be seen, in this
example, the power law function f; ., corresponds to taking the absolute value of the

specific signal component while retaining the information of the sign. Moreover, the power
law compression is applied to the complete signal representation, i.e., to both the real-part
and imaginary-part component. After processing with the DNN, the power law compression
can be reversed accordingly to obtain the components of the final output feature

representation, i.e.,
Tio(y = () Dy |40

As another exemplary implementation, the magnitude and phase representation can also

be considered. In this case, the compressed signal components can be obtained as

Ck,abs = (Sk,abs)ak'abS

Ciph = Sk,ph *~ Xkph

In this case, though, similar to the previous example, the power law compression function
is applied to the complete signal representation, the function f; (., is different for the two

components in this case. After the processing with the DNN, the power law compression is

reversed accordingly, i.e.,

1/ abs

Tk,abs = (Dk,abs)

Typn = Dk.ph/ak,ph

to obtain the final output feature representation.
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In the proposed power law compression,
e The power law function f (or, e.g., the power law factor o) can be
o different for each component (e.g., re, im, abs, ph) and element k of the
input feature representation.

o a can either fixed or learnt for a specific signal processing task via training.

Subsequently, reference is made to Fig. 1c in order to illustrate the third aspect of the
invention related to multi-stage low complexity DNN processing. An apparatus or method
for processing an information signal is illustrated in Fig. 1c, and the apparatus comprises a
feature extractor 100 for extracting a set of features for the information signal. Each feature
of the set of features comprises at least two feature components, where a first feature
component of the at least two feature components is more important than a second feature
component of the at least two feature components, and wherein the set of features
comprises a first subset with the first feature components and a second subset with the

second feature components.

Exemplarily, the more important components are the magnitudes of the spectral values
obtained by a time frequency decomposition of the information signal being, for example,
an audio signal, an image signal, a radar signal, or any other information signal that can be
subjected to a feature extraction resulting in more important and less important components

for an individual feature.

The apparatus additionally comprises a neural network processor 300 having a first neural
network 340 for receiving, as an input, the first subset 332 and for outputting a processed
first subset. Furthermore, the neural network processor comprises a combiner 350 for
combining the processed first subset and the second subset 331 to obtain a combined
subset. Additionally, the combined subset now having, for each feature, the processed first
component and the second component is input into a second neural network 360 that
outputs a processed combined output that is input into an optional output stage 700.
Particularly, the combined output represents the processed information signal or the
apparatus is configured to calculate, using the output stage 700, the processed information

signal using the combined output.

Furthermore, the complexity of the first neural network 340 is greater than the complexity

of the second neural network 360. Thus, the more important components are input into the
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more complex neural network 340 and the less important components 331 are input,

subsequent to the combination, into the second lower complexity neural network.

Furthermore, with respect to image processing, the foreground portion of the image will
represent the more important components and the background of the image will provide the
less important components. Then, the feature extractor will process the features so that, for
a certain image range, for example, a more important component and a less important

component is calculated.

In a preferred embodiment, and this is also illustrated in Fig. 13, the combiner 350
concatenates the processed first subset and the second subset along the channel direction
so that, for example, the processed first set representing a magnitude mask and the second
less important set of components being the phase component are placed together along
the channel direction and are input into the second neural network that calculates, in
contrast to the first neural network, and input with two channels while the first neural network

340 calculates an input with a single channel only.

When the DNNy 340 in Fig. 12 performs a splitting and concatenating along the channel
dimension with an overlap, it has to be checked that the overlap is also generated in the
second subset fed into the combiner 350 so that a combination of stacked results from the
network 340 and correspondingly stacked results of the second subset can be done in the
combiner 350. Alternatively the output of network 350 is processed in such a way that the
overlap due to the splitting along the channel direction is eliminated so that the second
subset fed into the combiner 350 matches with the output of network 350 to perform the

combination illustrated in Fig. 13 orin Fig. 12.

Generally, the number of channels processed by the later neural network is higher than the
number of channels processed by the lower order neural network, i.e., the neural network
that is earlier in the processing cascade. A generalized situation of the neural network
processor 300 is illustrated in Fig., 11, where three neural networks 340, 360, and 380 are
illustrated, where neural network 340 is the most complex neural network, and neural
network 360 is of medium complexity and neural network 380 is of lowest complexity. At the
same time, the number of channels processed by the first neural network 340 is lower than
the number of channels processed by the second neural network 360 and the number of
channels processed by the last neural network 380 is the highest when the combiners 350,

370 always perform a concatenation along the channel as illustrated in Fig. 13.
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Fig. 12 illustrates an embodiment with only two neural networks 340, 360 where the output
of the second neural network 360 is a representation with a real component and an
imaginary component, while the combined input into neural network 360 is the magnitude

and the phase arranged along the channel direction as illustrated in Fig. 13.

Preferably, the cascaded processing with two different networks having different
complexities is preferred for implementations illustrated in Fig. 16 and Fig. 17, where the
subband segmentation 200 and the corresponding frequency subband merging 410
illustrated in Fig. 15a which requires two parallel neural networks 310, 320 is not processed.
However, an additional channel-wise subband splitting 301 and a corresponding channel-
wise subband merging or stacking 401 as illustrated, for example, in Fig. 17, is preferably
combined with the sequential or cascaded processing illustrated in Fig. 11 and Fig. 12, so
that the main DNN 330 of Fig. 17 is implemented as illustrated in Fig. 11 and Fig. 12, i.e.,

by means of the processing illustrated with reference number 340 to 380 or 340 to 360.

In a variety of applications related to DNN based signal processing, the input features can
potentially be decomposed/divided into multiple components. Additionally, all the
components need not be equally important in the context of the target task. In such cases,
the DNN based processing pipeline can be decomposed into multi-stage processing with
each stage dealing with the processing of the components with reducing importance in the
context of the task at hand. If each subsequent stage deals with new but less
relevant/important input information, the DNN modules in such a design can also be of

declining computational complexity.

A block diagram of such a processing pipeline is shown in Fig. 11. The input feature in this
case can be decomposed into N components and numbered according to
importance/relevance for the task. As shown, the first DNN only takes the most
important/relevant feature component as the input and produces an intermediate output
which is then combined with the second most important/relevant feature to be given as input
to the next DNN which is of lower complexity than the first one. This processing chain is
continued for all the N components of the input feature, with output of the N DNN

considered as the final output.

For a more specific description, one may consider the application of noise reduction and

using STFT as the feature extraction step. The idea can also be applied for other signal
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processing tasks where the extracted feature can be decomposed into two or more
individual components, e.g., in image processing for certain enhancement tasks it might be

preferable to process the foreground and background of the image separately in two stages.

In the case of STFT, which is a complex transform, the feature representation can be

decomposed into magnitude and phase components, i.e.,

X = Xm* e_jXp

where, Xm and X, are the magnitude and phase components of the complex STFT
representation. For the specific case of noise reduction, it is generally more critical to
enhance the magnitude component. This fact is utilized to further reduce the complexity of

the overall system.

Recognizing the importance of the magnitude component, in the first stage of the
processing, shown in the left part of Fig. 12, a DNN model (DNNw) is used to estimate a
magnitude mask that can be used to enhance the magnitude component of the input
feature. This model can be designed to be of much lower complexity than a model that
operates on both the complex components of the input feature together. The computed
magnitude mask is then combined with the phase component of the input feature at this

stage.

If the dimensions of the magnitude mask and the phase component are the same, the
combination can be a simple concatenation of the two components along the channel

dimension as shown in Fig. 13.

Alternatively, the phase can be combined with the magnitude to obtain the real and

imaginary components separately, e.g.,

YR = MM* COS(XP),
Y, = My sin (Xp),

where Yz and Y, are the real and imaginary components of the intermediate output, My is
the obtained magnitude mask from DNNwn and Xr is the phase component of the original

input feature.
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Once computed, the real and imaginary components can also be concatenated along the

channel dimension as shown in Fig. 13 to form the input to the next stage.

In the next stage (c.f. Fig. 12), the intermediate combined magnitude mask and phase
component is processed using another DNN model (DNNyp) to obtain the real and
imaginary components of the final enhanced output signal which is then provided to the
inverse transform to obtain the enhanced audio signal. Since, in this second stage the main
task is to enhance the phase, along with enhanced magnitude mask, a DNN model with
even lower complexity than DNNy can be utilized to further reduce the computational

complexity of the overall system.

Fig. 16 illustrates an implementation of a processing pipeline in accordance with the second
aspect including power law compression 120 and power law de-compression 350. The DNN
block can be implemented as illustrated in any of the figures of this application and can also
be implemented as a straightforward neural network without subband segmentation,
channel-wise subband splitting and corresponding merging methods such as channel wise
subband merging and frequency subband merging. Such a DNN with sequential processing
which includes, for example, convolutional layers, LSTMs and convolutional transposed
layers for mask estimation related to noise reduction in a 48 kHz sampling frequency rate
task may be implemented as illustrated in Fig. 16. Particularly, the frequency dimension will
be 769 per time frame, and the channel number C will be equal to 2, since the input features
are complex features and comprise a real part and an imaginary part or a magnitude and a

phase.

It has been found that, depending on the batch number B, the time number T which can be
selected as required, this DNN has shown to have a computational complexity of 499.5
MFlops (mega flops) with a parameter size of 2.67 M (millions). A major part of the
computational complexity for this DNN architecture has been contributed by the
convolutional and convolutional transpose layers as in the case the convolutional kernel
needs to move through a high dimensional frequency axis which has, in the Fig. 16
embodiment, a value of F = 769. In such a situation, the present invention in accordance
with the first aspect is highly beneficial. As the subband segmentation method segments
the frequency axis feature with two overlap segments by reducing the frequency axis
dimension, and the channel-wise subband splitting method further drastically reduces the
frequency axis dimension of the segmented features by taking fixed overlap segments and

stacking them in a channel dimension. The apparatus as illustrated in Fig. 15a is obtained
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with the corresponding frequency and channel numbers. It appears from Fig. 15a that, by
means of the frequency dimension for the first subset is reduced from 769 to 385 and the
frequency dimension of the second subset is reduced from 769 to 513. It is to be
emphasized that the dimension is smaller for the first subband than compared to the second
subband, and that the sum of the frequency dimension, i.e., 385 + 513 is equal to 898
frequency bins compared to 769 frequency bins illustrated in block 120 of Fig. 15a. This is

due to the overlapping range.

Furthermore, as illustrated in Fig. 15a, for the lower subband, a two-times subband splitting
is performed, while, for the higher subband, the three-fold subband splitting is performed.
In the left branch of Fig. 15a, the channel number is increased from 2 to 4 indicating two
segments while, in the right hand portion, the channel number is increased from 2 to 6

indicating three segments.

The corresponding merging in block 401 results in 257 x 2 = 514 frequency values. The

right hand side results in 257 x 3 = 771 frequency values.

Subsequent to the frequency subband merging, the frequency dimension is as much as
1285 with a channel number of 2, and this dimension is reduced by the small post
processing neural network 422, the input dimension of 769 with two channels, which is the

same figure as in block 120.

The power law compression in block 350 does not change anything with respect to the
dimension and, therefore, the output features as can be input into the post processor have
a channel dimension of 769 with two channels for a real/imaginary or magnitude/phase

representation.

In the above-mentioned system for the DNN branch 1 and 2, for comparison, the same DNN
architecture that has been shown in Fig. 16 for the sequential system was used. However,
the parallel system described in Fig. 15a has a computational complexity of 399.5 MFlops
which is 100 MFLops less than the system described in Fig. 16. This is mainly due to the
reduced frequency axis dimension of the input features which was a bottleneck in the
sequential system, achieved by the Sub-band Segmentation and Channel Wise Sub-band

Splitting method.
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In practice, one can use two less complex separate DNNs for the DNN branch 1 and 2
compared to the DNNs used in Fig. 15a. This is because, after segmentation methods, the
DNN needs to process much more localized overlapped features than the DNN employed
in Fig. 16, so a simpler DNN can also do the task efficiently. Another reason is that in
practice, the higher frequency bins contain low energy, so the higher frequencies add little
to the subjective and objective improvement of e.g. the mask estimation for noise reduction
task compared to the lower frequency bins, which contain higher energy, and, hence have
more significance. So, the DNN employed in branch 2 can be even lesser complex than
DNN branch 1.

Hence, two different DNNs for DNN branch 1 and 2 are used. The computational complexity
for DNN branch 1 and 2 are respectively 112.5 MFlops and 96.3 MFlops with parameters
size of 2.57M and 2.43M respectively. After merging methods, a small DNN of 25 MFlops

computational complexity with 3.18M parameters is used.

Altogether this system has a computational complexity of 233.83MFLops with 8.17+M
parameters. This shows a reduction of 265.67 MFlops complexity reduction compared to

the sequential system described in Fig. 16, even after having almost 3 times parameters.

The performance of this system is also subjectively and objectively much better than the
system described in Fig. 16. It is evident that the above-mentioned inventions make this a

very computationally efficient system even without compromising the performance.

Fig. 15b shows a comparison of the complexity of the Fig. 16 embodiment and the Fig. 16a

embodiment illustrating a drastic reduction of complexity measured in MFlops.

Fig. 17 illustrates another preferred embodiment that can be usable, for example, for an
application with a reduced sampling rate. While, in the above description of Fig. 15a, a use
case of an audio processing system for 48 kHz sampling rate was described, Fig. 17
illustrates a use case that can be applied for 16 kHz sampling rate, where the channel-wise
subband splitting 301 along with the channel-wise subband merging 401 is used for a
computational complexity reduction for this lower sampling rate. A 16 kHz sampling rate
illustration is also illustrated in Fig. 16, but the Fig. 17 implementation shows an additional
complexity reduction as is illustrated in the table of Fig. 18. Particularly, the frequency
dimension of 257 is reduced by a three-times subband splitting in block 301 so that the

channel number is increased from 2 to 6, and the frequency dimension of each channel 129



10

15

20

25

30

35

35
WO 2024/200469 PCT/EP2024/058156

is at the number of 387, which is greater than 257 due to the overlap applied for the channel
wise subband splitting 301. The channel wise subband merging illustrated in block 401
reduces the channel number by 3 and increases the frequency dimension to the maximum
of 387 for the dimension of the frequency input feature. The small post-processing neural
network 420 reduces the dimension from 387 to the original 257 as shown in block 120, and

this number is not changed by the power law decompression procedure in block 350.

In this system the original input features have F=257 and C=2. The Channel Wise Sub-
band Splitting method is implemented with a splitting window of 129 F bins and 64 bins
overlap. So the output of the Channel Wise Sub-band Splitting block has a shape
(B, T,129,6). This system has a computational complexity of 48.23MFlops. A similar system
architecture without having this splitting and merging method will have a computational

complexity of at least 150MFlops.

One can further reduce the computational complexity by just using smaller splitting window
and overlap. In the lowest computationally complex model with this architecture (having
minor changes in RNN layers) a splitting window of 65 F bins and 17 bins overlap was
adopted. The output of the Channel Wise Sub-band Splitting block has a shape (B,T,65,10).

Generally, for the above examples, but also for other implementations, an overlap between

the segments between 3 and 50 frequency bins has proven beneficial.

This system reduced to have a computational complexity of 24.93MFlops with minimal drop

in subjective performance.

In this final section, the design choices related to the multi-stage processing, the reason for
the choices and the complexity reduction achieved are described. The Channel Wise Sub-
Band Splitting method from the previous section has its limitation for reducing the
computational complexity. Smaller splitting window results in a greater number of channels,

hence it is difficult for the main DNN to estimate the intermediate results.

Instead of using both the real and imaginary part separately, the input is split into magnitude
and phase-based features. As for noise reduction task the magnitude is subjectively more
significant, so the Channel Wise Sub-Band Splitting and Merging method is employed on

magnitude and processed using a smaller DNNy as shown in Fig. 11. As magnitude is 1
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dimensional so the input features dimension to the DNNw. is (B,T,257,1). Since the input

dimension was reduced to 1, a smaller splitting window can be introduced.

In a practical implementation, two different DNNy for two different systems are used. In one
use case a splitting window of 48 frequency bins with an overlap of 18 bins was used. This
resulted in a feature dimension of (B, T,48,8) after Channel Wise Sub-Band Splitting block.
The DNNm employed for this system has a computational complexity of 4.62MFlops with a
parameter size 0.684M. In another case, the DNNy employed has a computational
complexity of 2.74MFlops with a parameter size 0.362M. In the latter system, a splitting
window of 40 F bins with an overlap of 16 bins was used, which resulted in a feature
dimension of (B, T,40,10).

For both cases, an even smaller DNN named DNNw, was used to process the phase
information fused with the intermediate output. The DNNw, has a computational complexity
of 1.73 MFlops with 3.4K parameters. This resulted in an overall computational complexity

of the first system to be 6.36 MFlops and the latter system to be 4.48 MFlops.

The overall performance drop after employing this method is still in an acceptable range,
but the computational complexity was reduced almost 30 times. This is very significant and

enables to run the algorithm in embedded devices for a 16kHz sampling rate.

Subsequently, other embodiments of the invention, for example, for the first aspect are
summarized as examples, wherein the reference numbers in brackets do not constitute any

limitation of the general principle.

1. Apparatus for processing an information signal, comprising:

a feature extractor (100) for extracting a set of features from the information signal, the set

of features having a first dimension;

a feature segmenter (200) for segmenting the set of features into a first subset of features
and a second subset of features, the first subset of features having a second dimension
and the second subset of features having a third dimension, wherein the second dimension
and the third dimension are lower than the first dimension, and wherein the first subset and
the second subset of features have an overlapping range, so that one or more features of

the set of features are in the first subset of features and in the second subset of features;
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a neural network processor (300) configured for processing the first subset using a first
neural network (310) to obtain a first result and for processing the second subset of features

using a second neural network (320) to obtain a second result;

a feature combiner (400) for combining the first result and the second result using a third
neural network (420), the third neural network having a third complexity being lower than a
first complexity of the first neural network (310) or a second complexity of the second neural

network (320) to obtain a result set of features having a result dimension; and

an output post-processor (500) for post-processing the result set of features to obtain a

processed information signal.

2. Apparatus of example 1, wherein the feature extractor (100) comprises a time-
frequency decomposer for generating, from the information signal being in a time-domain
representation, a decomposed signal being in a time-frequency representation comprising
a sequence of time frames, each time frame having a number of frequency bins, and a
feature set builder for building the set of features from the decomposed signal in the time-

frequency representation,

wherein the output post-processor (500) comprises a frequency-time composer for
composing, from an input set of features being in the time-frequency representation, the
processed information signal being in the time domain representation, wherein the input set
of features is the result set of features or is derived from the result set of features and the

set of features.

3. Apparatus of example 2, wherein the result set of features is a time-frequency mask,

and wherein the output post-processor (500) comprises a mask processor:

for applying the time-frequency mask to the set of features in the time-frequency

representation to obtain the input set of features for the frequency-time composer, or

for calculating a processing filter from the time-frequency mask and for applying the
processing filter to the information signal or the set of features to obtain the input set of

features for the frequency-time composer.
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4. Apparatus of one of the preceding examples,

wherein the first neural network (310) is more complex than the second neural network
(320), or wherein the first subset of features comprises information on the information signal
from a lower frequency range of the information signal compared to the second subset of
features comprising information of the information signal from a higher frequency range of

the information signal.

5. Apparatus of example 4, wherein the feature segmenter (200) is configured to
generate the first subset of features and the second subset of features, so that the second

dimension is lower than the third dimension.

6. Apparatus of one of the preceding examples,

wherein the neural network processor (300) is configured to split (302) the second subset
of features into second multiple segments and to place the second multiple segments along
a channel dimension to enhance a channel number of an input set to be input into the

second neural network (320).

7. Apparatus of one of the preceding examples, wherein the neural network processor
(300) is configured to split the first subset of features into first multiple segments and to
place the first multiple segments along a channel direction to enhance a channel number of

an input set of be input into the first neural network (310).

8. Apparatus of example 6 or 7, wherein a number of the second multiple segments is
greater than the number of the first multiple segments, or wherein the segment size of the
second multiple segments is the same among the second multiple segments, or wherein
the segment size of the first multiple segments is the same among the first multiple

segments, or wherein only the second subset is split and the subset is not spilit.

9. Apparatus of one of examples 6 to 8, wherein the neural network processor (300) is

configured to split the second or the first subset into overlapping segments.

10. Apparatus of example 9, wherein an overlapping amount of the segments is between

1/5 of a segment width and 4/5 of the segment width.
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11. Apparatus of one of the preceding examples, wherein the feature combiner (400)
comprises a stacker (402) to perform a stacking of the second result of the second neural
network (320) or to perform a stacking (101) of the first result of the first neural network

(310) to obtain a stacked set of features; and

wherein the third neural network is configured for receiving, as an input, the stacked set of
features and to output the result set of features, wherein the stacked set of features has a

higher dimension than the result set.

12. Apparatus of example 11, wherein the stacker (401, 402) is configured to generate
the stacked set by placing input sets of features into an order, wherein a dimension of the
stacked set is greater than the mention of the set of features obtained by the feature

extractor (100), and

wherein the third neural network (420) is configured to generate the result set of features

having the result dimension being lower than the dimension of the stacked set.

13. Apparatus of one of the preceding examples, wherein the apparatus is configured
as an embedded device, or wherein the apparatus is included in an embedded device, or
wherein the first neural network (310) and the second neural network (320) are configured
to operate, in a hardware implementation, in parallel, or wherein the result dimension is

greater than the second dimension or the third dimension.

14. Apparatus of one of the preceding examples, wherein the information signal input

into the feature extractor has a sampling rate being greater than 16 kHz,

wherein the feature extractor (100) comprises a time-frequency decomposer generating at

least for each time frame, 300 frequency bins, or

wherein the overlapping range comprises at least 40 frequency bins.

15. Method of processing an information signal, comprising:

extracting a set of features from the information signal, the set of features having a first

dimension;
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segmenting the set of features into a first subset of features and a second subset of
features, the first subset of features having a second dimension and the second subset of
features having a third dimension, wherein the second dimension and the third dimension
are lower than the first dimension, and wherein the first subset and the second subset of
features have an overlapping range, so that one or more features of the set of features are

in the first subset of features and in the second subset of features;

processing the first subset using a first neural network (310) to obtain a first result and
processing the second subset of features using a second neural network (320) to obtain a

second result;

combining the first result and the second result using a third neural network (420), the third
neural network having a third complexity being lower than a first complexity of the first neural
network (310) or a second complexity of the second neural network (320) to obtain a result

set of features having a result dimension; and

post-processing the result set of features to obtain a processed information signal.

16. Computer program for performing, when running on a computer or a processor, the

method of example 15.

Subsequently, other embodiments of the invention, for example, for the third aspect are
summarized as examples, wherein the reference numbers in brackets do not constitute any

limitation of the general principle.

1. Apparatus for processing an information signal, comprising:

a feature extractor (100) for extracting a set of features from the information signal, wherein
each feature of the set of features comprises at least two feature components, and wherein
the set of features comprises a first subset with the first feature components and a second
subset with the second feature components; and

a neural network processor (300) comprising:

a first neural network (340) for receiving, as an input, the first subset and for outputting a

processed first subset;
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a combiner (350) for combining the processed first subset and the second subset to obtain

a combined subset; and

a second neural network (360) for receiving, as an input, the combined subset and for

outputting a processed combined output,

wherein the processed combined output represents a processed information signal, or
wherein the apparatus is configured to calculate the processed information signal using the

processed combined output, and

wherein a complexity of the first neural network (340) is greater than a complexity of the

second neural network.

2. Apparatus of example 1, wherein the information signal is an audio signal, wherein
the feature extractor (100) comprises a time-frequency decomposer for calculating a time-
frequency domain representation of the audio signal, wherein the first subset comprises
magnitude values of the time-frequency representation and the second subset comprises

phase values of the time-frequency representation, or

wherein a first feature component of the at least two feature components is more important

than a second feature component of the at least two feature components.

3. Apparatus of one of the preceding examples, wherein the combiner (350) is
configured to concatenate the processed first subset and the second subset along a
channel direction, and wherein the first neural network is configured to process the first
subset with a first number of channels being 1 or greater than 1, and wherein the second
neural network (360) is configured to process the combined subset with a second number
of channels, wherein the second number of channels is greater than the first number of

channels.

4. Apparatus of example 3, wherein the second number of channels is greater than the

first number of channels by 1.
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5. Apparatus of one of the preceding examples, wherein the first subset comprises

magnitude values, and wherein the second subset comprises phase values, and

wherein the processed first subset comprises magnitude values, and

wherein the combiner (350) is configured to calculate, for each component of the processed
first subset and the second subset, a real part component and an imaginary part component,

and

wherein the second neural network (360) is configured to received, as the combined subset,

a subset comprising real part components and the imaginary part components.

6. Apparatus of example 5, wherein the first subset comprises magnitude values of the

set of features, and wherein the set of features comprises complex frequency bin entries,

wherein the first neural network (340) is configured to calculate the processed first subset
so that the processed first subset represents a time frequency mask only having magnitude

values for the frequency bins, and

wherein the combiner (350) is configured to combine the magnitude mask values for the
frequency bins and phase values of the complex frequency bin entries for corresponding
frequency bins, so that a magnitude mask value of a frequency bin is combined with a phase

value of the complex frequency bin entry of the same frequency bin.

7. Apparatus of one of the preceding examples, wherein the neural network processor

(300) is configured to

perform a channel-wise splitting (301, 302) of the first subset into M multiple segments,

wherein the first neural network (340) is configured to receive the first subset concatenated

along a channel direction with M channels and to output the processed first subset, and

wherein the neural network processor (300) is configured to combine the first processed
subset concatenated along the channel direction (420) into a single channel representation

as the first processed subset.
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8. Apparatus of example 7, wherein the M multiple segments comprise two, three or
more segments, wherein the three or more segments are overlapping segments, and
wherein an overlap between the overlapping segments is greater than 3 frequency bins and

lower than 50 frequency bins.

9. Apparatus of example 7, wherein the neural network processor (300) is configured
to perform the channel-wise subband splitting (301, 302) into the M overlapping segments

of the first subset and wherein the processed first subset has M channels, and

wherein the neural network processor (300) is configured to perform a channel wise
subband splitting of the second subset into M overlapping segment and to arrange the

second subset into M channels, and

wherein the combiner (350) is configured to perform the processing of the first subset and

the second subset, so that the combined subset comprises two times M channels.

10. Apparatus of example 9, wherein the second neural network (360) is configured to
process the combined subset having two times M channels to obtain an output of the second
neural network (360), and

wherein the neural network process (300) is configured to stack (401, 402) and combine a
stacked set of features into the processed combined output having a dimension similar to a

dimension of the set of features extracted by the feature extractor (100).

11. Apparatus of one of the preceding examples, wherein the complexities of the first
neural network (340) and the second neural network (360) are measured in floating point
operations (FLOPS), wherein a higher number of floating point operations represents a
higher complexity, or in execution time on one or more target hardware(s), wherein a higher
execution time represents a higher complexity, or in power consumption of a certain device,
wherein a higher power consumption represents a higher complexity, or a number or MAC
(Multiply and Accumulate) operations, wherein a higher number of MAC operations

represents a higher complexity.

12. Apparatus of one of the preceding examples, wherein the feature extractor (100)

comprises:
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a raw feature calculator (110) for calculating raw feature results, wherein each raw feature

result has at least two raw feature components; and

a raw feature compressor (120) for performing a compression of the at least two raw feature
components to obtain at least two compressed raw feature components for each raw feature
result, wherein the first subset comprises first features of the at least two raw feature
components of the raw feature results, and wherein the second subset comprises the
second raw feature components of the at least two raw feature components of the raw

feature results.

13. Apparatus of one of the preceding examples, wherein the information signal

comprises an audio signal, an image signal, or a radar signal.

14. Apparatus of one of the preceding examples, wherein the apparatus is configured
as an embedded device, or wherein the first neural network (340) and the second neural

network (360) are configured to operate in series to each other.

15. Method of processing an information signal, comprising:

extracting a set of features from the information signal, wherein each feature of the set of
features comprises at least two feature components, and wherein the set of features
comprises a first subset with the first feature components and a second subset with the
second feature components; and

using a neural network processor (300) comprising:

a first neural network (340) for receiving, as an input, the first subset and for outputting a

processed first subset;

a combiner (350) for combining the processed first subset and the second subset to obtain

a combined subset; and

a second neural network (360) for receiving, as an input, the combined subset and for

outputting a processed combined output,
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wherein the processed combined output represents a processed information signal, or
wherein the apparatus is configured to calculate the processed information signal using the

processed combined output, and

wherein a complexity of the first neural network (340) is greater than a complexity of the

second neural network.

16. Computer program for performing, when running on a computer or a processor, the

method of example 15.

It is to be mentioned that all alternatives or aspects as discussed before and all aspects as
defined by independent claims in the following claims can be used individually, i.e., without
any other alternative or object than the contemplated alternative, object or independent
claim. However, in other embodiments, two or more of the alternatives or the aspects or the
independent claims can be combined with each other and, in other embodiments, all
aspects, or alternatives and all independent claims can be combined with each other.

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.

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 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.

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
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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 or a non-transitory storage medium.

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.

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.

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.

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. Itis 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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1.

Claims

Apparatus for processing an information signal, comprising:

a feature extractor (100) for extracting a set of features from the information signal,

wherein the feature extractor (100) comprises:

a raw feature calculator (110) for calculating raw feature results, each raw

feature result having at least two raw feature components; and

a raw feature compressor (120) for performing a compression of a dynamic
range to the at least two raw feature components to obtain at least two
compressed raw feature components for each raw feature result, wherein the

set of features comprises the compressed raw feature components; and

a signal processor (600) for processing the set of features to obtain the processed
information signal, wherein the information signal comprises an audio signal, an

image signal, or a radar signal.

Apparatus of claim 1, wherein the raw feature calculator (110) is configured to
calculate a complex value as the raw feature result, the raw feature result having a
real part and an imaginary part or a magnitude and a phase, as the at least two raw

feature components, and

wherein the raw compressor (120) is configured to perform a compression of the
real part and the imaginary part or the magnitude and the phase to obtain the

compressed raw feature components.

Apparatus of claim 1 or 2, wherein the raw feature compressor (120) is configured
to apply (121) a first compression function to a first raw feature component and to
apply (122) a second compression function to a second raw feature component, the

second compression function being different from the first compression function.

Apparatus of one of the preceding claims, wherein the performing compression
comprises to apply (121,122) a power law compression using a power value,

wherein the power value is lower than 1.
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Apparatus of claim 4, wherein the power value is different for each raw feature

component, or

wherein the feature extractor (110) is configured to provide, for a specific information
signal or for a specific processing task performed by the signal processor (600), one

or more different numbers, or

wherein the feature extractor (100) is configured to provide, for a specific information
signal or for a specific processing task performed by the signal processor (600) one
or more different numbers being derived by a specific training for the specific
information signal or the specific processing task performed by the signal processor
(600).

Apparatus of one of the preceding claims, wherein the raw feature calculator (110)
is configured to calculate the raw feature components as absolute numbers and

associated signs, and

wherein the raw feature compressor (120) is configured to apply a compression
function to the absolute numbers and to retain the signs of the corresponding

components.

Apparatus of one of the preceding claims, wherein the information signal is the audio
signal, wherein the raw feature calculator (110) is configured to perform a time-
frequency decomposition for decomposing the audio signal into a time-frequency

representation, or

wherein the information signal is the image signal, and wherein the raw feature
calculator (110) comprises the performing of a spatial transform for decomposing

the image signal into a spatial frequency representation.

Apparatus of one of the preceding claims, wherein the signal processor (600)

comprises:

a neural network processor (20, 300) for processing the set of features to obtain a

processed set of features;
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10.

11.

12.

a feature decompressor (350) for performing a decompression matching with the
compression performed by the raw feature compressor (120) to obtain a result set

of features; and

a post-processor (500) for post-processing the result set of features to obtain the

processed information signal.

Apparatus of claim 8, wherein the neural network processor (300) is configured to
spilt (301, 302) the set of features into multiple segments and to place the multiple
segments along the channel dimension to enhance a channel number from at least

2 to a number greater than two or to a number being an integer multiple of 2, and

wherein the neural network processor (300) comprises a neural network configured
for receiving, as an input, the multiple segments as input channels and to generate,
as an output, a number of output channels, wherein the neural network processor is
configured to stack (401, 402) the output channels to obtain a stacked set of

features.

Apparatus of claim 9, wherein the neural network processor (300) is configured to
perform a feature combination (400) of the stacked set of features using a further
neural network (420) having a complexity being smaller than the complexity of the

neural network.

Apparatus of claim 10, wherein the neural network processor (300) is configured to
split (301, 302) the set of features into overlapping segments, wherein the stacked
set of features has a higher dimension compared to the dimension of the set of

features, and

wherein the further neural network (420) is configured to reduce the dimension of
the stacked set of features to the dimension of the set of features or to a dimension

being lower than the dimension of the set of features.

Apparatus of one of the preceding claims, wherein the information signal is an audio

signal,
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13.

14.

wherein a sample rate of the audio signal is lower than 24kHz,

wherein a dimension of the set of features in a frequency dimension is lower than
500 and greater than 200 and a channel number is 2 for the two raw feature

components,

wherein the number of segments is between two and four and the number of

channels is between four and eight, and

wherein an overlap of the segments is between 30 and 90 frequency bins.

Apparatus of one of the preceding claims,

wherein the signal processor comprises one or more neural networks for processing

the set of features to obtain the processed information signal.

Apparatus of one of the preceding claims,

wherein the signal processor (600) comprises a neural network processor (300) for
processing the set of features comprising the compressed raw feature components,
wherein the neural network processor (300) is configured to output result set of

features,

wherein the apparatus comprises a feature decompressor for performing a
decompression matching with the compression performed by the raw feature

compressor (120) to obtain a decompressed result set of features,

wherein the decompressed result set of features is a time-frequency mask, and

wherein the signal processor (600) comprises a mask processor for applying the
time-frequency mask as a spectral gain mask to the set of features extracted by the
raw feature calculator (110) and a representation of the processed information
signal, or for calculating a processing filter from the time-frequency mask and for
applying the processing filter to the audio signal or the set of features calculated by
the raw feature calculator (110) to obtain a representation of the processed

information signal.
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15.

10

15

16.

Method of processing an information signal, comprising:

extracting a set of features from the information signal, comprising:

calculating raw feature results, each raw feature result having at least two raw

feature components; and

performing a compression of a dynamic range to the at least two raw feature
components to obtain at least two compressed raw feature components for each
raw feature result, wherein the set of features comprises the compressed raw

feature components; and

processing the set of features to obtain the processed information signal, wherein

the information signal comprises an audio signal, an image signal, or a radar signal.

Computer program for performing, when running on a computer or processor, the

method of claim 15.
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