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Vocoder technigues

Description
There are presented vocoder techniques and more in general techniques for gener-

ating an audio signal representation (e.g. a bitstream) and for generating an audio

signal (e.g. at a decoder).

The techniques here are generally explained as referring to learnable layers, which
may be embodied, for example, by neural networks (e.g. convolutional learnable

layers, recurrent learnable layers, and so on).

The present techniques are also called, in some examples, Neural End-2-End
Speech Codec (NESC).
Summary
The invention is defined in the independent claims.
In accordance to an aspect there is provided an audio generator, configured to
generate an audio signal from a bitstream, the bitstream representing the audio
signal, the audio signal being subdivided in a sequence of frames, the audio gen-
erator comprising:
a first data provisioner configured to provide, for a given frame, first data de-
rived from an input signal;
a first processing block, configured, for the given frame, to receive the first
data and to output first output data in the given frame,
wherein the first processing block comprises:
at least one preconditioning learnable layer configured to receive the
bitstream, or a processed version thereof, and, for the given frame, output
target data representing the audio signal in the given frame;
at least one conditioning learnable layer configured, for the given
frame, to process the target data to obtain conditioning feature parameters
for the given frame; and
a styling element, configured to apply the conditioning feature param-
eters to the first data or normalized first data;
wherein the at least one preconditioning learnable layer includes at least one

recurrent learnable layer.
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In accordance to an aspect there is provided an audio generator, configured to gen-
erate an audio signal from a bitstream, the bitstream representing the audio signal,
the bitstream being subdivided into a sequence of indexes, the audio signal being
subdivided in a sequence of frames, the audio generator comprising:
a quantization index converter configured to convert the indexes of the bit-
stream onto codes,
a first data provisioner configured to provide, for a given frame, first data de-
rived from an input signal from an external or internal source or from the bitstream;
a first processing block, configured, for the given frame, to receive the first
data and to output first output data in the given frame, wherein the first processing
block comprises:
at least one preconditioning learnable layer configured to receive the
bitstream, or a processed version thereof, and, for the given frame, output
target data representing the audio signal in the given frame;
at least one conditioning learnable layer configured, for the given
frame, to process the target data to obtain conditioning feature parameters
for the given frame; and
a styling element, configured to apply the conditioning feature parameters to

the first data or normalized first data.

In accordance to an aspect there is provided an encoder for generating a bitstream
in which an input audio signal including a sequence of input audio signal frames is
encoded, each input audio signal frame including a sequence of input audio signal
samples, the encoder comprising:

a format definer configured to define a first multi-dimensional audio signal
representation of the input audio signal, the first multi-dimensional audio signal rep-
resentation of the input audio signal including at least:

a first dimension, so that a plurality of mutually subsequent frames is
ordered according to the first dimension; and

a second dimension, so that a plurality of samples of at least one frame
are ordered according to the second dimension,

a learnable quantizer to associate, to each frame of the first multi-dimensional

or a processed version of the first multi-dimensional audio signal representation of
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the input audio signal, indexes of at least one codebook, so as to generate the bit-

stream.

In accordance to an aspect there is provided an encoder for generating a bitstream
in which an input audio signal including a sequence of input audio signal frames is
encoded, each input audio signal frame including a sequence of input audio signal
samples, the encoder comprising:

a learnable quantizer to associate, to each frame of a first multi-dimensional
audio signal representation of the input audio signal, indexes of at least one code-

book, so as to generate the bitstream.

In accordance to an aspect there is provided an encoder for generating a bitstream
encoding an input audio signal including a sequence of input audio signal frames,
each input audio signal frame including a sequence of input audio signal samples,
the encoder comprising:

a format definer configured to define a first multi-dimensional audio signal
representation of the input audio signal, the first multi-dimensional audio signal rep-
resentation of the input audio signal including at least:

a first dimension, so that a plurality of mutually subsequent frames is
ordered according to the first dimension; and

a second dimension, so that a plurality of samples of at least one frame
are ordered according to the second dimension,

at least one intermediate learnable layer;

a learnable quantizer to associate, to each frame of the first multi-dimensional
or a processed version of the first multi-dimensional audio signal representation of
the input audio signal, indexes of at least one codebook, so as to generate the bit-

stream.

In accordance to an aspect there is provided a method for generating an audio sig-
nal from a bitstream, the bitstream representing the audio signal, the audio signal
being subdivided in a sequence of frames, the method comprising:

providing, for a given frame, first data derived from an input signal;

through a first processing block, receiving the first data and outputting first

output data in the given frame,
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wherein the first processing block comprises:

at least one preconditioning learnable layer receiving the bitstream, or
a processed version thereof, and, for the given frame, output target data rep-
resenting the audio signal in the given frame;

at least one conditioning learnable layer processing, e.g. for the given
frame, the target data to obtain conditioning feature parameters for the given
frame; and

a styling element, applying the conditioning feature parameters to the
first data or normalized first data;
wherein the at least one preconditioning learnable layer includes at least one

recurrent learnable layer.

In accordance to an aspect there is provided a method for generating an audio sig-
nal from a bitstream, the bitstream representing the audio signal, the bitstream (3)
being subdivided into a sequence of indexes, the audio signal being subdivided in
a sequence of frames, the method comprising:
a quantization index converter step converting the indexes of the bitstream
onto codes,
a first data provisioner step providing, e.g. for a given frame, first data derived
from an input signal from an external or internal source or from the bitstream, and
a step using a first processing block to receive the first data and to output first
output data in the given frame,
wherein the first processing block comprises:
at least one preconditioning learnable layer to receive the bitstream,
or a processed version thereof, and, for the given frame, output target data
representing the audio signal in the given frame;
at least one conditioning learnable layer, e.g. for the given frame, to
process the target data to obtain conditioning feature parameters for the
given frame; and
a styling element, to apply the conditioning feature parameters to the first

data or normalized first data.
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In accordance to an aspect there is provided an audio signal representation gener-
ator for generating an output audio signal representation from an input audio signal
including a sequence of input audio signal frames, each input audio signal frame
including a sequence of input audio signal samples, the audio signal representation
generator comprising:

a format definer configured to define a first multi-dimensional audio signal
representation of the input audio signal, the first multi-dimensional audio signal
representation of the input audio signal including at least:

a first dimension, so that a plurality of mutually subsequent frames is
ordered according to the first dimension; and

a second dimension so that a plurality of samples of at least one frame
are ordered according to the second dimension,

at least one learnable layer configured to process the first multidimensional
audio signal representation of the input audio signal, or processed version of the
first multi-dimensional audio signal representation, to generate the output audio

signal representation of the input audio signal.

In accordance to an aspect there is provided an audio signal representation gener-
ator for generating an output audio signal representation from an input audio signal
including a sequence of input audio signal frames, each input audio signal frame
including a sequence of input audio signal samples, the audio signal representation
generator comprising:

a format definer configured to define a first multi-dimensional audio signal
representation of the input audio signal;

a second learnable layer which is a recurrent learnable layer configured to
generate a third multi-dimensional audio signal representation of the input audio
signal by operating along a first direction of the first multi-dimensional audio signal
representation, or a processed version thereof which is a second multi-dimensional
audio signal representation, of the input audio signal;

a third learnable layer which is a convolutional learnable layer configured to
generate a fourth multi-dimensional audio signal representation of the input audio
signal by sliding along the second direction of the first multi-dimensional audio sig-

nal representation of the input audio signal,
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So as to obtain the output audio signal representation from the fourth multi-

dimensional audio signal representation of the input audio signal.

In accordance to an aspect there is provided a method for generating an
output audio signal representation from an input audio signal including a sequence
of input audio signal frames, each input audio signal frame including a sequence of
input audio signal samples, the audio signal representation generator comprising:

defining a first multi-dimensional audio signal representation of the input au-
dio signal;

through a first learnable layer, generating a second multi-dimensional audio
signal representation of the input audio signal by sliding along a second direction of
the first multi-dimensional audio signal representation of the input audio signal;

through a second learnable layer which is a recurrent learnable layer gener-
ating a third multi-dimensional audio signal representation of the input audio signal
by operating along a first direction of the second multi-dimensional audio signal
representation of the input audio signal;

through a third learnable layer which is a convolutional learnable layer gen-
erating a fou‘rth multi-dimensional audio signal representation of the input audio
signal by sliding along the second direction of the first multi-dimensional audio sig-
nal representation of the input audio signal,

S0 as to obtain the output audio signal representation from the fourth multi-

dimensional audio signal representation of the input audio signal.

In accordance to an aspect there is provided an audio generator, configured to
generate an audio signal from a bitstream, the bitstream representing the audio
signal, the audio signal being subdivided in a sequence of frames, the audio gen-
erator comprising:

a first data provisioner configured to provide, for a given frame, first data
derived from an input signal, wherein the first data have multiple channels;

a first processing block, configured, for the given frame, to receive the first
data and to output first output data in the given frame, wherein the first output data

may comprise a plurality of channels,
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the audio generator also comprising a second processing block, configured,
for the given frame, to receive, as second data, the first output data or data derived
from the first output data,
wherein the first processing block comprises:
at least one preconditioning learnable layer configured to receive the
bitstream, or a processed version thereof, and, for the given frame, output
target data representing the audio signal in the given frame with multiple
channels and multiple samples for the given frame;
at least one conditioning learnable layer configured, for the given
frame, to process the target data to obtain conditioning feature parameters
for the given frame; and
a styling element, configured to apply the conditioning feature param-
eters to the first data or normalized first data;
wherein the second processing block is configured to combine the plurality
of channels of the second data to obtain the audio signal,
wherein the at least one preconditioning learnable layer includes at least one

recurrent learnable layer.

Figures:
Figs. 1a and 1b show examples.

Fig. 1¢c shows an operation according to an example.

Figs. 2a, 2b, 2¢ show experimental results.

Fig. 3 shows an example of elements of a decoder.

Fig. 4 shows an example of an audio generator.

Figs. 5 and 6 show experimental results of listening tests.

Fig. 7 shows an example of a decoder.

Fig. 8 shows an example of an encoder and a decoder.

Fig. 9 shows an operation according to an example.

Fig. 10 shows an example of generative adversarial network (GAN) discriminator.

Figs. 11 and 12 show examples of GRU implementations.

Examples
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Fig. 1b (of which Fig. 1a is a simplified version, or Fig. 8 in its more detailed version)
shows an example of a vocoder (or more in general, a system for processing audio
signals) system. The vocoder system may include, for example, an audio signal
representation generator 20 to generate an audio signal representation of an input
audio signal 1. The audio signal 1 may be processed by the audio signal represen-
tation generator 20. The audio signal representation of the input audio signal 1 may
be either stored (and e.g., used for purposes like processing of the audio signal) or
may be quantized (e.g., through a quantizer 300), so as to obtain a bitstream 3. A
decoder 10 (audio generator) may read the bitstream 3 and generate an output au-

dio signal 16.

Each of the audio signal representation generator 20, the encoder 2, and/or the
decoder 10 may be a learnable system and may include at least one learnable layer

and/or learnable block.

The input audio signal 1 (which may be obtained, for example, from a microphone
or can be obtained from other sources, such as a storage unit and/or a synthesizer)
may be of the type having a sequence of audio signal frames. For example, the
different input audio signal frames may represent the sound in a fixed time length
(e.g., 10 ms or milliseconds, but in other examples, different lengths may be defined,
eg., 5 ms and/or 20 ms). Each input audio signal frame may include a sequence of
samples (for example, at 16 kHz or kilohertz and there would be 160 samples in
each frame). in this case, the input audio signal is in the time domain, but in other
cases, it could be in the frequency domain. In general terms, however, the input
audio signal 1 may be understood as having a single dimension. in Fig. 1b (or Fig.
8 in its more detailed version), the input audio signal 1 is represented as having five
frames, each frame having only two samples (this is, of course, for simplicity pur-
poses). For example, the frame numbered as t-1 has two samples 0’ and 0’. The
frame number t in the sequence has the samples 1’ and 1. The frame number t+1
has the samples 2" and 2'. The frame number t+2 has the samples 3' and 3’. The
frame number t+3 has the samples 4’ and 4’. The input audio signal 1 may be pro-
vided to a learnable block 200. The learnable block 200 may be of the type having
a Dual Path (e.g. coping with at least one residual). The learnable block 200 may

provide a processed version 269 of the input audio signal 1 onto a second learnable
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block 290 (this may be avoided in some cases). Subsequently, the learnable block
200 or the learnable block 290 may provide its outputted processed version of the
input audio signal 1 to a quantizer 300. The quantizer 300 may provide the bitstream
3. It will be seen that the quantizer 300 may be a learnable quantizer. In some cases,
the output may be provided only by the learnable block 290, to have an audio signal
representation 269 as output. In some cases, the quantization 300 may therefore

not even exist.

The learnable block 200 may process the input audio signal 1 (in one of its pro-
cessed versions) after having converted the input audio signal 1 (or a processed
version thereof) onto a multi-dimension representation. A format definer 210 may
therefore be used. The format definer 210 may be a deterministic block (e.g., a non-
learnable block). Downstream to the format definer 210, the processed version 220
outputted by the format definer 210 (also called first audio signal representation of
the input audio signal 1) may be processed through at least one learnable layer
(e.g., 230, 240, 250, 290, 429, 440, 460, 300, see below). At least the learnable
layer(s) which is(are) internal to the learnable block 200 (e.g., layers 230, 240, 250)
are learnable layers which process the first audio signal representation 220 of the
input audio signal 1 in its multi-dimensional version (e.g., bi-dimensional version).
The learnable layers 429, 440, 460 may also process multidimensional versions of
the input audio signal 1. As will be shown, this may be obtained, for example,
through a rolling window, which moves along the single dimension (time domain) of
the input audio signal 1 and generates a multi-dimensional version 220 of the input
audio signal 1. As can be seen, the first audio signal representation 220 of the input
audio signal 1 may have a first dimension (inter frame dimension), so that a plurality
of mutually subsequent frames (e.g., immediately subsequent to one with respect
to each other) is ordered according to (along) first dimension. It is also to be noted
that the second dimension (intra frame dimension) is such that the samples of each
frame are ordered according to (along) the second dimension. As can be seen in
Fig. 1b, the frame t is then organized with the two samples 0’ and 0’ along the sec-
ond direction (inter frame direction). As can be seen, this sequence of frames t, t+1,
t+2, t+3, etc. may be respected along the first dimension while in the second dimen-
sion the sequence of samples is also respected for each frame. The format definer

210 is configured to insert, along the second dimension [e.g. intra frame dimension]



10

15

20

25

30

WO 2023/175198 PCT/EP2023/057108
10

of the first multidimensional audio signal representation of the input audio signal,
input audio signal samples of each given frame. The format definer 210 is, addition-
ally or in alternative, configured to insert, along the second dimension [e.g. intra
frame dimension] of the first multi-dimensional audio signal representation 220 of
the input audio signal 1, additional input audio signal samples of one or more addi-
tional frames immediately successive to the given frame [e.g. in a predefined num-
ber, e.g. application specific, e.g. defined by a user or an application]. The format
definer 210 is configured to insert, along the second dimension of the first multidi-
mensional audio signal representation 220 of the input audio signal 1, additional
input audio signal samples of one or more additional frames immediately preceding
the given frame [e.g. in a predefined number, e.g. application specific, e.g. defined

by a user or an application].

As repeated in Fig. 1c (in that case, each frame is considered to have nine samples,
but also as seen in Fig. 1b with a different number of samples) there is the possibility
of inserting, along the second (intra frame) dimension, also samples of the preced-
ing frame (immediately before) and/or samples of the successive (immediately fol-
lowing) frames. For example, in the example of Fig. 1c, in the first audio signal rep-
resentation 220 of the input audio signal 1, the first three samples of frame t are
actually occupied by the last three samples of the immediately preceding frame t-1.
Alternatively or in addition, the last three samples of the frame t in the first audio
signal representation 220 of the input audio signal 1, are occupied by the first three
samples of the immediately following frame t+1. This is performed frame by frame,
so that the first audio signal representation 220 has, in each from, the first samples
inherited from the last samples of the immediately preceding frame, and, as last
samples, the first samples of the immediately subsequent frame. Notably, the num-
ber of samples for each frame from the input version 1 to the processed version 220
is therefore increased. It is not always necessary, however, that this technique is
performed. It is not always necessary that the number of samples inherited from the
immediately preceding or the immediately successive or following frame is three
(different numbers may be possible, although they are generally less than the sam-
ples inherited from other samples do not account, in total, for more than 50% of the
samples of the frame in the version 220) or there may be different numbers of the

initial samples and/or the final samples. In some cases, the initial samples or the
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final samples are not inherited from the immediately preceding or in the immediately
subsequent frame. In some cases, this technique is not used. In the example of Fig.
1b (or Fig. 8 in its more detailed version), the frame t inherits the totality of the sam-
ples of a frame t-1, that frame t+1 inherits the totality of the samples of frame t, and
so on. This is notwithstanding just a representation. A downsampling technique us-
ing strided convolutions or interpolation layers is notwithstanding avoided. As will be
explained below, the inventors have understood that this is advantageous. Even for
each frame, also multidimensional structures may be defined, so that the first audio
signal representation 220 has more than two dimensions. This is an example of dual
path convolutional recurrent learnable layer (e.g. dual path convolutional recurrent
neural network). An example is also below, in the section “Discussion”, in the sub-

section 2.1.

Downstream to the format definer 210, at least one learnable layer (230, 240, 250)
may be inputted by the first audio signal representation 220 of the input audio signal
1. Notably, in this case, the at least one learnable layer 230, 240, and 250 may
follow a residual technique. For example, at point 248, there may be a generation
of a residual value from the audio signal representation 220. In particular, the first
audio signal representation 220 may be subdivided among a main portion 259a’ and
a residual portion 259a of the first audio signal representation 220 of the input audio
signal. The main portion 259a’ of the first audio signal representation 220 may there-
fore not be subjected to any processing up to point 265¢ in which the main portion
259a’ of the first audio signal representation 220 is added to (summed with) a pro-
cessed residual version 265b’ outputted by the at least one learnable layer 230, 240,
and 250 e.g. in cascade with each other. Accordingly, a processed version 269 of

the input audio signal 1 may be obtained.

The at least one residual learnable layer 230, 240, 250 may include:

- an optional first learnable layer (230), e.g. a first convolutional learnable
layer, which is a convolutional learnable layer configured to generate a sec-
ond multi-dimensional audio signal representation of the input audio signal
(1) by sliding along a second direction [e.qg. intra frame direction] of the first

multi-dimensional audio signal representation (220) of the input audio signal

(1)1
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- asecond learnable layer (240) which may be a recurrent learnable layer (e.g.
a gated recurrent learnable layer) configured to generate a third multi-dimen-
sional audio signal representation of the input audio signal (1) by operating
along the first direction [e.g. inter frame direction] of the second multi-dimen-
sional audio signal representation (220) of the input audio signal (1) [e.g. us-
ing a 1x1 kernel, e.g. a 1x1 learnable kernel, or another kernel, e.g. another
learnable kernel];

- a third learnable layer (250) [which may be, for example, a second convolu-
tional learnable layer] which is a convolutional learnable layer configured to
generate a fourth multi-dimensional audio signal representation (265b’) of the
input audio signal by sliding along the second direction [e.g. intra frame di-
rection] of the first multi-dimensional audio signal representation of the input

audio signal [e.g. using a 1x1 kernel, e.g. a 1x1 learnable kernel],

Notably, the first learnable layer 230 may be a first convolutional learnable layer. It
may have a 1 x 1 kernel. The 1 x 1 kernel may be applied by sliding the kernel along
the second dimension (i.e., for each frame). The recurrent learnable layer 240 (e.g.,
gated recurrent unit, GRU) may be inputted with the output from the first convolu-
tional learnable layer 230. The recurrent learnable layer (e.g., GRU) may be applied
in the first dimension (i.e., by sliding from frame t, to frame t+1, to frame t+2, and so
on). As it will be explained later, in the recurrent learnable layer 240, each value of
the output for each frame may also be based on the preceding frames (e.g., the
immediately preceding frame, or also a number n of frames immediately before the
particular frame; for example, for the output of the recurrent learnable layer 240 for
frame t+3 in the case of n=2, then the output will take into consideration the values
of the samples for the frame t+1 and for the frame t+2, but the values of the samples
of frame t will not be taken into consideration). The processed version of the input
audio signal 1 as outputted by the recurrent learnable layer 240 may be provided to
a second convolution learnable layer (third learnable layer) 250. The second convo-
lutional learnable layer 250 may have a kernel (e.g., 1 x 1 kernel) which slides along
the second dimension for each frame (along the second, intra frame dimension).
The output 265b’ of the second convolutional learnable layer 250 may then be

added, e.g. at point 265¢ (some or other) with the main portion 2593’ of the first
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audio signal representation 220 of the input audio signal 1, which has bypassed the
learnable layers 230, 240, and 250.

Then, a processed version 269 of the input audio signal 1 may be provided (as latent
269) to the at least one learnable block 290. The at least one convolutional learnable
block 290 may provide a version of e.g., 256 samples (even though different num-

bers may be used, such as 128, 516, and so on).

As shown in Fig. 8, the at least one convolutional learnable block 290 may include
a convolutional learnable layer 429, to perform a conv9olution (e.g. using a 1x1 ker-
nel) onto the signal 269 (e.g., as outputted by the learnable block 200). The convo-
lutional learnable layer 429 may be a non-residual learnable layer. The convolutional
learnable layer 429 may output a convoluted version 420 of the signal 269 and may

also be a processed versions of the input audio signal 1.

The at least one convolutional learnable block 290 may include at least one residual
learnable layer. The at least one convolutional learnable block 290 may include at
least one learnable layer(s) (e.g. 440, 460). The learnable layer(s) 440, 460 (or at
least one or some of them) may follow a residual technique. For example, at point
448, there may be a generation of a residual value from the audio signal represen-
tation or latent representation 269 (or its convoluted version 420). In particular, the
audio signal representation 420 may be subdivided among a main portion 459a’ and
a residual portion 459a of the audio signal representation 420 of the input audio
signal 1. The main portion 4592’ of the audio signal representation 420 of the input
audio signal 1 may therefore not be subjected to any processing up to point 465 in
which the main portion 459a’ audio signal representation 420 of the input audio sig-
nal 1 is added to (summed with) a processed residual version 465b’ outputted by
the at least one learnable layer 440 and 460 in cascade with each other. Accord-
ingly, a processed version 469 of the input audio signal 1 may be obtained, and may

represent the output of the audio representation generator 20.

The at least one residual learnable layer in at least one convolutional learnable block

290 may include at least one of:
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- afirst layer (430), configured to generate a residual multi-dimensional audio
signal representation of the input audio signal (1) from the audio signal rep-
resentation 420 (the first | layer 430 may be an activation function, e.g. a
Leaky Relu, see below);

- asecond, learnable layer (440) which is a convolutional learnable layer con-
figured to generate a residual multi-dimensional audio signal representation
of the input audio signal 1 by convolution [e.g. a kernel 3 may be used] from
the audio signal representation outputted by the first learnable layer (430);

- athird layer (450) to generate a residual multi-dimensional audio signal rep-
resentation of the input audio signal 1 from audio signal representation out-
putted by the second learnable layer (440) (the learnable layer 450 may be
an activation function, e.g. a Leaky Rel.u, see below);

- a fourth, learnable layer (460) which is a convolutional learnable layer con-
figured to generate a residual multi-dimensional audio signal representation
456b’ of the input audio signal 1 by convolution [e.g. a kernel 1x1 may be
used] from the residual multi-dimensional audio signal representation of the

input audio signal 1 outputted by the third learnable layer (450);

The output 465b’ of the second convolutional learnable layer 460 (fourth learnable
layer) may then be added to, at point 465, (summed with) the main portion 459a’ of
the audio signal representation 420 (or 269) of the input audio signal 1, which has
bypassed the layers 430, 440, 450, 460.

Itis to be noted that the output 469 may be considered the audio signal representa-

tion outputted by the audio signal representation generator 20.

Subsequently, a quantizer 300 may be provided in case it is necessary to write a
bitstream 3. The quantizer 300 may be a learnable quantizer [e.g. a quantizer using
at least one learnable codebook], which is discussed in detail below. The quantizer
(e.g. the learnable quantizer) 300 may associate, to each frame of the first multi-
dimensional audio signal representation (e.g. 220 or 469) of the input audio signal
(1), ora processed version of the first multi-dimensional audio signal representation,
index(es) of at least one codebook, so as to generate the bitstream [the at least one

codebook may be, for example, a learnable codebook].
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Notably, the cascade formed by the learnable layers 230, 240, 250 and/or the cas-
cade formed by layers 430, 440, 450, 460 may include more or less layers, and
different ch-oices may be made. Notably, however, they are residual learnable lay-
ers, and they are bypassed by the main portion 259’ of the first audio signal repre-

sentation 220.

Fig. 7 shows an example of the decoder (audio generator) 10. The bitstream 3 (ob-
tained in input) may comprise frames (e.g. encoded as indexes, e.g. encoded by the
encoder 2, e.g. after quantization by the quantizer 300). An output audio signal 16
may be obtained. The audio generator 10 may include a first data provisioner 702.
The first data provisioner 702 may be inputted with an input signal (input data) 14
(e.g. from an internal source, e.g. a noise generator or a storage unit, or from an
external source e.g. an external noise generator or an external storage unit or even
data obtained from the bitstream 3). The input signal 14 may be noise, e.g. white
noise, or a deterministic value (e.g. a constant). The input signal 14 may have a
plurality of channels (e.g. 128 channels, but other numbers of channels are possible,
e.g. a number larger than 64). The first data provisioner 702 may output first data
15. The first data 15 may be noise, or taken from noise. The first data 15 may be
inputted in at least one first processing block 50 (40). The first data 15 may be (e.qg.,
when taken from noise, which therefore corresponds to the input signal 14) unre-
lated to the output audio signal 16, but in some cases they can be obtained from the
bitstream 3, e.g. LPC parameters, or other parameters, taken from the bitstream 3;
notably, an advantage of the present examples is that the first data 15 do not need
to be explicit acoustic features, and the first data 15 may be more easily noise). The
at least one first processing block 50 (40) may condition the first data 15 to obtain
first output data 69, e.g. using a conditioning obtained by processing the bitstream
3. The first output data 69 may be provided to a second processing block 45. From
the second processing block, an audio signal 16 may be obtained (e.g. through
PQMF synthesis). The first output data 69 may be in a plurality of channels. The first
output data 69 may be provided to the second processing block 45 which may com-
bine the plurality of channels of the first output data 69 providing an output audio
signal 16 in one signal channel (e.g. after the PQMF synthesis, e.g. indicated with
110 in Figs. 4 and 10, but not shown in Fig. 7).
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As explained above, the output audio signal 16 (as well as the original audio signal
1 and its encoded version, the bitstream 3 or its representation 20 or any other of
its processed versions, such as 269, or the residual versions 259a and 265b’, or the
main version 259a’, and any intermediate version outputted by layers 230, 240, 250,
or any of the intermediate versions outputted by any of layers 429, 430, 440, 450,
460) are generally understood as being subdivided according to the sequence of
frames (in some examples, the frames do not overlap with each other, while in some
other examples they may overlap). Each frame includes a sequence of samples.
For example, each frame may be subdivided into 16 samples (but other resolutions
are possible). A frame can be long, as explained above, 10 ms (in other cases 5 ms
or 20 ms or other time lengths may be used), while the sample rate may be for
example 16kHz (in other case 8kHz, 32kHz or 48kHz, or any other sampling rates),
and the bit-rate for example, 1.6 kbps (kilobit per second) or less than 2 kbps, or
less than 3 kbps, or less than 5 kbps (in some cases, the choice is left to the encoder
1, which may change the resolution and signal which resolution is encoded). It is
also noted that the multiple frames may be grouped in one single packet of the bit-
stream 3, e.g., for transmission or for storage. While the time length of one frame is
in general considered fixed, the number of samples per frame may vary, and up-

sampling operations may be performed.

The decoder (audio generator) 10 may make use of:

- a frame-by-frame branch 10a’, which may be updated for each frame, e.g.
using the frames obtained from the bitstream 3 (e.g. the frame may be in
form of indexes as quantized by the quantizer 300 and/or in form of codes
(such as scalar, vectors, or more in general tensors) 112, e.g. as converted
from a quantization index converter 313, which is also said reverse quan-
tizer or inverse quantizer, or index to tensor converter); and/or

- a sample-by-sample branch 10b’.

The sample-by-sample branch 10b’ may contain at least one of blocks 702, 77, and
69.
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As shown by Fig. 7, indexes may be obtained from the quantization index convertor
[or converter] 313 to obtain codes (e.g. scalars, vectors or more in general tensors)
112. The codes 112 may be multi-dimensional (e.g. bidimensional, tridimensional,
etc.) and may be here understood as being in the same format (or in a format which
is analogous or similar to) the format of the audio signal representation outputted by
the audio signal representation generator 20. The quantization index converter 313
may therefore be understood as performing the reverse operation of the quantizer
300. The quantization index converter 313 may include (e.g. be) learnable code-
books (the quantization index converter 313 may operate deterministically using at
least one learnable codebook). The quantization index converter 313 may be trained
together with the quantizer and, more in general, together with the other elements
of the encoder 2 and/or the audio generator 10. The quantization index converter
313 may operate in a frame-by-frame fashion, e.g. by considering a new index for
each new frame to generate. Hence each code (scalar, vector or more in general
tensor...) 112 has the same structure of each of latent representation which was
quantized, without necessary sharing the exact same value but rather an approxi-

mation of them.

The sample-by-sample branch 10b’ may be updated for each sample e.g. at the
output sampling rate and/or for each sample at a lower sampling-rate than the final
output sampling-rate, e.g. using noise 14 or another input taken from an external or

internal source.

Itis also to be noted that the bitstream 3 is here considered to encode mono signals
and also the output audio signal 16 and the original audio signal 1 are considered
to be mono signals. In the case of stereo signals or multi-channel signals like loud-
speaker signal or Ambisonics signal for example, then all the techniques here are
repeated for each audio channel (in stereo case, there are two input audio channels

1, two output audio channels 16, etc.).

In this document, when referring to “channels”, it has to be understood in the context
of convolutional neural networks, according to which a signal is seen as an activa-
tion map which has at least two dimensions:

- a plurality of samples (e.qg., in an abscissa dimension, or e.g. time axis); and
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- a plurality of channels (e.g., in the ordinate direction, or e.g. frequency axis).

The first processing block 40 may operate like a conditional network, for which data
from the bitstream 3 (e.g. scalars, vectors or more in general tensors 112) are pro-
vided for generating conditions which modify the input data 14 (input signal). The
input data (input signal) 14 (in any of its evolutions) will be subjected to several
processings, to arrive at the output audio signal 16, which is intended to be a version
of the original input audio signal 1. Both the conditions, the input data (input signal)
14 and their subsequent processed versions may be represented as activation maps
which are subjected to learnable layers, e.g. by convolutions. Notably, during its
evolutions towards the speech 16, the signal 1 may be subjected to an upsampling
(e.g. from one sample 49 to multiple samples, e.g. thousands of samples, in Fig. 4),
but its number of channels 47 may be reduced (e.g. from 64 or 128 channels to 1

single channel in Fig. 4).

First data 15 may be obtained (e.g. the sample-by-sample branch 10b’), for exam-
ple, from an input (such as noise or a signal from an external signal), or from other
internal or external source(s). The first data 15 may be considered the input of the
first processing block 40 and may be an evolution of the input signal 14 (or may be
the input signal 14). The first data 15 may be considered, in the context of conditional
neural networks (or more in general conditional learnable blocks or layers), as a
latent signal or a prior signal. Basically, the first data 15 is modified according to the
conditions set by the first processing block 40 to obtain the first output data 69. The
first data 15 may be in multiple channels, e.g. in one single sample. Also, the first
data 15 as provided to the first processing block 40 may have the one sample res-
olution, but in multiple channels. The multiple channels may form a set of parame-
ters, which may be associated to the coded parameters encoded in the bitstream 3.
In general terms, however, during the processing in the first processing block 40 the
number of samples per frame increases from a first number to a second, higher
number (i.e. the sampling rate, which is here also called bitrate, increases from a
first sampling rate to a second, higher sampling rate). On the other side, the number
of channels may be reduced from a first number of channels to a second, lower
number of channels. The conditions used in the first processing block (which are

discussed in great detail below) can be indicated with 74 and 75 and are generated
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by target data 12, which in turn are generated from target data 12 obtained from the
bitstream 3 (e.g. through the quantization index 313). It will be shown that also the
conditions (conditioning feature parameters) 74 and 75, and/or the target data 12
may be subjected to upsampling, to conform (e.g. adapt) to the dimensions of the
versions of the target data 12. The unit that provides the first data 15 (either from an
internal source, an external source, the bitstream 3, etc.) is here called first data

provisioner 702.

As can be seen from Fig. 7, the first processing block 40 may include a precondi-
tioning learnable layer 710, which may be or comprise a recurrent learnable layer,
e.g. arecurrent learnable neural network, e.g. a GRU. The preconditioning learnable
layer 710 may generate target data 12 for each frame. The target data 12 may be
at least 2-dimensional (e.g. multi-dimensional): there may be muitiple samples for
each frame in the second dimension and multiple channels for each frame in the
first dimension. The target data 12 may be in the form of a spectrogram, which may
be a mel-spectrogram, e.g. in case the frequency scale is non-uniform and/or is
motivated by perceptual principles. In case the sampling rate corresponding to con-
ditioning learnable layer to be fed is different from the frame rate, the target data 12
may be the same for all the samples of the same frame e.g. at a layer sampling rate.
Another up-sampling strategy can also be applied. The target data 12 may be pro-
vided to at least one conditioning learnable layer, which is here indicated as having
the layer 71, 72, 73 (also see Fig. 3 and also below). The conditioning learnable
layer(s) 71, 72, 73 may generate conditions (some of which may be indicated as B,
beta, and y, gamma, or the numbers 74 and 75), which are also called conditioning
feature parameters to be applied to the first data 12, and any upsampled data de-
rived from the first data. The conditioning learnable layer(s) 71, 72, 73 may be in the
form of matrixes with multiple channels and multiple samples for each frame. The
first processing block 40 may include a denormalization (or styling element) block
77. For example, the styling element 77 may apply the conditioning feature param-
eters 74 and 75 to the first data 15. An example may be element wise multiplication
of the values of the first data by the condition  (which may operate as bias) and an
addition with the condition y (which may operate as multiplier). The styling element

77 may produce a first output data 69 sample by sample.
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The decoder (audio generator) 10 may include a second processing block 45. The
second processing block 45 may combine the plurality of channels of the first output
data 69, to obtain the output audio signal 16 (or its precursor the audio signal 44,

as shown in Fig. 4).

Reference is now mainly made to Fig. 9. A bitstream 3 is subdivided onto a plurality
of frames, which are however encoded in the form of indexes (e.g. as obtained from
the quantizer 300). From the indexes of the bitstream 3, codes (e.g. scalars, vectors
or more in general tensors) 112 are obtained through the quantization index con-
verter 313. First and second dimensions are shown in codes 112 of Fig. 9 (other
dimensions may be present). Each frame is subdivided into a plurality of samples in
the abscissa direction (first, inter frame dimension). A different terminology may be
“frame index” for the abscissa direction (first direction) and “feature map depth”, “la-
tent dimension or coded parameter dimension ). In the ordinate direction (second,
intra frame dimension), a plurality of channels are provided). The codes 112 may be
used by the preconditioning learnable layer(s) 710 (e.g. recurrent learnable layer(s))
to generate target data 12, which may also be in at least two dimensions (e.g. multi-
dimensional), such as in the form of a spectrogram (e.g., a mel-spectrogram). Each
target data 12 may represent one single frame and the sequence of frames may
evolve, in the abscissa direction (from left to right) with time, along the first, inter
frame dimension. Several channels may be in the ordinate direction (second, intra
frame dimension) for each frame. For example, different coefficients will take place
in different entries of each column in association with coefficients associated with
the frequency bands. Conditioning learnable layer(s) 71, 72, 73, generate feature
parameter(s) 74, 75 (B and y). The abscissa (second, intra frame dimension) of 8
and y is associated to different samples of the same frame, while the ordinate (first,
inter frame dimension) is associated to different channels. In parallel, the first data
provisioner 702 may provide the first data 15. A first data 15 may be generated for
each sample and may have many channels. At the styling element 77 (and more in
general, at the first conditioning block 40) the conditioning feature parameters 8 and
y (74, 75) may be applied to the first data 15. For example, an element-by-element
multiplication may be performed between a column of the styling conditions 74, 75
(conditioning feature parameters) and the first data 15 or an evolution thereof. It will

be shown that this process may be reiterated many times.
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As clear from above, the first output data 69 generated by the first processing block
40 may be obtained as a 2-dimensional matrix (or even a tensor with more than two
dimensions) with samples in abscissa (first, inter frame dimension) and channels in
ordinate (second, intra frame dimension). Through the second processing block 45,
the audio signal 16 may be generated having one single channel and multiple sam-
ples (e.g., in a shape similar to the input audio signal 1), in particular in the time
domain. More in general, at the second processing block 45, the number of samples
per frame (bitrate, also called sampling rate) of the first output data 69 may evolve
from a second number of samples per frame (second bitrate or second sampling
rate) to a third number of samples per frame (third bitrate or third sampling rate),
higher than the second number of samples per frame (second bitrate or second
sampling rate). On the other side, the number of channels of the first output data 69
may evolve from a second number of channels to a third number of channels, which
is less than the second number of channels. Said in other terms, the bitrate or sam-
pling rate (third bitrate or third sampling rate) of the output audio signal 16 may be
higher than the bitrate (or sampling rate) of the first data 15 (first bitrate or first sam-
pling rate) and of the bitrate or sampling rate (second bitrate or second sampling
rate) of the first output data 69, while the number of channels of the output audio
signal 16 may be lower than the number of channels of the first data 15 (first number
of channels) and of the number of channels (second number of channels) of the first

output data 69.

The models processing the of coded parameters frame-by-frame by juxtaposing the
current frame to the previous frames already in the state are also called streaming
or stream-wise models and may be used as convolution maps for convolutions for

real-time and stream-wise applications like speech coding.

Examples of convolutions are discussed here below and it can be understood that
they may be used at any of the preconditional learnable layer(s) 710 (e.g. recurrent
learnable layer(s)), at least one conditional learnable layers 71, 72, 73, and more in
general, in the first processing block 40 (50). In general terms, the arriving set of

conditional parameters {e.qg., for one frame) may be stored in a queue (not shown)
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to be subsequently processed by the first or second processing block while the first

or second processing block, respectively, processes a previous frame.

A discussion on the operations mainly performed in blocks downstream to the pre-
conditioning learnable layer(s) 710 (e.g. recurrent learnable layer(s)) is now pro-
vided. We take into account the target data 12 already obtained from the precondi-
tioning learnable layer(s) 710, and which are applied to the conditioning learnable
layer(s) 71-73 (the conditioning learnable layer(s) 71-73 being, in turn, applied to
the stylistic element 77). Blocks 71-73 and 77 may be embodied by a generator
network layer 770. The generator network layer 770 may include a plurality of learn-

able layers (e.g. a plurality of blocks 50a-50h, see below).

Fig. 7 (and its embodiment in Fig. 4) shows an example of an audio decoder (gen-
erator) 10 which can decode (e.g. generate, synthesize) an audio signal (output
signal) 16 from the bitstream 3, e.g. according to the present techniques (also called
StyleMelGAN). The output audio signal 16 may be generated based on the input
signal 14 (also called latent signal and which may be noise, e.g. white noise (“first
option™), or which can be obtained from another source. The target data 12 may, as
explained above, comprise (e.g. be) a spectrogram (e.g., a mel-spectrogram), the
spectrogram (e.g. mel-spectrogram) providing mapping, for example, of a sequence
of time samples onto mel scale (e.g. obtained from the preconditioning learnable
layer(s) 710). The target data 12 and/or the first data 15 is/are in general to be pro-
cessed, in order to obtain a speech sound recognizable as natural by a human lis-
tener. In the decoder 10, the first data 15 obtained from the input is styled (e.g. at
block 77) to have a vector (or more in general a tensor) with the acoustic features
conditioned by the target data 12. At the end, the output audio signal 16 will be
recognized as speech by a human listener. The input vector 14 and/or the first data
15 (e.g. noise e.g. obtained from an internal or external source) may be, like in Fig.
4, a 128x1 vector (one single sample, e.g. time domain samples or frequency do-
main samples, and 128 channels) (Fig. 4 shows the input signal 14, to be provided
to the channel mapping 30, the first data provisioner 702 not being shown or being
considered to be the same as the channel mapping 30). A different length of the
input vector 14 could be used in other examples. The input vector 14 may be pro-

cessed (e.g. under the conditioning of the target data 12 obtained from the bitstream



10

15

20

25

30

WO 2023/175198 PCT/EP2023/057108
23

3 through the preconditioning layer(s) 710) in the first processing block 40. The first
processing block 40 may include at least one, e.g. a plurality of, processing blocks
50 (e.g. 50a...50h). In Fig. 4 there are shown eight blocks 50a...50h (each of them
is also identified as “TADEResBlock”), even though a different number may be cho-
sen in other examples. In many examples, the processing blocks 50a, 50b, etc. pro-
vide a gradual upsampling of the signal which evolves from the input signal 14 to
the final audio signal 16 (e.g., at least some processing blocks, e.g. 50a, 50b, 50c,
50d, 50e increases the sampling rate, in such a way that each of them increases
the sampling rate (also called bitrate) in output with respect to the sampling rate in
its input), while some other processing blocks (e.g. 50f-50h) (e.g. downstream with
respect to those (e.g. 50a, 50b, 50c, 50d, 50e) which increase the sampling rate)
do not increase the sampling rate (or bitrate). The blocks 50a-50h may be under-
stood as forming one single block 40 (e.g. the one shown in Fig. 7). In the first pro-
cessing block 40, a conditioning set of learnable layers (e.g., 71, 72, 73, but different
numbers are possible) may be used to process the target data 12 and the input
signal 14 (e.g., first data 15). Accordingly, conditioning feature parameters 74, 75
(also referred to as gamma, y, and beta, B) may be obtained, e.g. by convolution,
during training. The learnable layer(s) 71-73 may therefore be part of a weight layer
of a learning network. As explained above, the first processing block(s) 40, 50 may
include at least one styling element 77 (normalization block 77). The at least one
styling element 77 may output the first output data 69 (when there are a plurality of
processing blocks 50, a plurality of styling elements 77 may generate a plurality of
components, which may be added to each other to obtain the final version of the
first output data 69). The at least one styling element 77 may apply the conditioning
feature parameters 74, 75 to the input signal 14 (latent) or the first data 15 obtained

from the input signal 14..

The first output data 69 may have a plurality of channels. The generated audio signal

16 may have one single channel.

The audio generator (e.g. decoder) 10 may include a second processing block 45
(in Fig. 4 shown as including the blocks 42, 44, 46, 110). The second processing
block 45 may be configured to combine the plurality of channels (indicated with 47

in Fig. 4) of the first output data 69 (inputted as second input data or second data),
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to obtain the output audio signal 16 in one single channel, but in a sequence of

samples (in Fig. 4, the samples are indicated with 49).

The “channels” are not to be understood in the context of stereo sound, but in the
context of neural networks (e.g. convolutional neural networks) or more in general
of the learnable units. For example, the input signal (e.g. latent noise) 14 may be in
128 channels (in the representation in the time domain), since a sequence of chan-
nels are provided. For example, when the signal has 40 samples and 64 channels,
it may be understood as a matrix of 40 columns and 64 rows, while when the signal
has 20 samples and 64 channels, it may be understood as a matrix of 20 columns
and 64 rows (other schematizations are possible). Therefore, the generated audio
signal 16 may be understood as a mono signal. In case stereo signals are to be
generated, then the disclosed technique is simply to be repeated for each stereo

channel, so as to obtain multiple audio signals 16 which are subsequently mixed.

At least the original input audio signal 1 and/or the generated speech 16 may be a
sequence of time domain values. To the contrary, the output of each (or at least one
of) the blocks 30 and 50a-50h, 42, 44 may have in general a different dimensionality
(e.g. bi-dimensional or other multi-dimensional tensors). In at least some of the
blocks 30 and 50a-50e, 42, 44, the signal (14, 15, 59, 69), evolving from the input
14 (e.g. noise or LPC parameters, or other parameters, taken from the bitstream)
towards becoming speech 16, may be upsampled. For example, at the first block
50a among the blocks 50a-50h, a 2-times upsampling may be performed. An exam-
ple of upsampling may include, for example, the following sequence: 1) repetition of

same value, 2) insert zeros, 3) another repeat or insert zero + linear filtering, etc.

The generated audio signal 16 may generally be a single-channel signal. In case
multiple audio channels are necessary (e.g., for a stereo sound playback) then the

claimed procedure may be in principle iterated multiple times.

Analogously, also the target data 12 may have multiple channels (e.g. in spectro-
gram, such as mel-spectrogram), as generated by the preconditioning learnable
layer(s) 710. In some examples, the target data 12 may be upsampled (e.g. by a

factor of two, a power of 2, a multiple of 2, or a value greater than 2, e.g. by a
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different factor, such as 2.5 or a multiple thereof) to adapt to the dimensions of the
signal (59a, 15, 69) evolving along the subsequent layers (50a-50h, 42), e.g. to ob-
tain the conditioning feature parameters 74, 75 in dimensions adapted to the dimen-

sions of the signal.

If the first processing block 40 is instantiated in multiple blocks (e.g. 50a-50h), the
number of channels may, for example, remain at least some of the multiple blocks
(e.g., from 50e to 50h and in block 42 the number of channels does not change).
The first data 15 may have a first dimension or at least one dimension lower than
that of the audio signal 16. The first data 15 may have a total number of samples
across all dimensions lower than the audio signal 16. The first data 15 may have
one dimension lower than the audio signal 16 but a number of channels greater than

the audio signal 16.

Examples may be performed according to the paradigms of generative adversarial
networks (GANs). A GAN includes a GAN generator 11 (Fig. 4) and a GAN discrim-
inator 100 (Fig. 10). The GAN generator 11 tries to generate an audio signal 16,
which is as close as possible to a real audio signal. The GAN discriminator 100 shall
recognize whether the generated audio signal 16 is real or fake. Both the GAN gen-
erator 11 and the GAN discriminator 100 may be obtained as neural networks (or
other by other learnable techniques). The GAN generator 11 shali minimize the
losses (e.g., through the method of the gradients or other methods), and update the
conditioning features parameters 74, 75 (and/or the codebook) by taking into ac-
count the results at the GAN discriminator 100. The GAN discriminator 100 shall
reduce its own discriminatory loss (e.g., through the method of gradients or other
methods) and update its own internal parameters. Accordingly, the GAN generator
11 is trained to generate better and better audio signals 16, while the GAN discrim-
inator 100 is trained to recognize real signals 16 from the fake audio signals gener-
ated by the GAN generator 11. The GAN generator 11 may include the functionali-
ties of the decoder 10, without at least the functionalities of the GAN discriminator
100. Therefore, in most of the foregoing, the GAN generator 11 and the audio de-
coder 10 may have more or less the same features, apart from those of the discrim-
inator 100. The audio decoder 10 may include the discriminator 100 as an internal

component. Therefore, the GAN generator 11 and the GAN discriminator 100 may
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concur in constituting the audio decoder 10. In examples where the GAN discrimi-
nator 100 is not present, the audio decoder 10 can be constituted uniquely by the
GAN generator 11.

As explained by the wording “conditioning set of learnable layers”, the audio decoder
10 may be obtained according to the paradigms of conditional neural networks (e.g.
conditional GANs), e.g. based on conditional information. For example, conditional
information may be constituted by target data (or upsampled version thereof) 12
from which the conditioning set of layer(s) 71-73 (weight layer) are trained and the
conditioning feature parameters 74, 75 are obtained. Therefore, the styling element
77 is conditioned by the learnable layer(s) 71-73. The same may apply to the pre-

conditional layers 710.

The examples at the encoder 2 (or at the audio signal representation generator 20)
and/or at the decoder (or more in general audio generator) 10 may be based on
convolutional neural networks. For example, a little matrix (e.g., filter or kernel),
which could be a 3x3 matrix (or a 4x4 matrix, or 1x1, or less than 10x10 etc.), is
convolved (convoluted) along a bigger matrix (e.g., the channel x samples latent or
input signal and/or the spectrogram and/or the spectrogram or upsampled spectro-
gram or more in general the target data 12), e.g. implying a combination (e.g., mul-
tiplication and sum of the products; dot product, etc.) between the elements of the
filter (kernel) and the elements of the bigger matrix (activation map, or activation
signal). During training, the elements of the filter (kernel) are obtained (learnt) which
are those that minimize the losses. During inference, the elements of the filter (ker-
nel) are used which have been obtained during training. Examples of convolutions
may be used at at least one of blocks 71-73, 61b, 62b (see below), 230, 250, 290,
429, 440, 460. Notably, instead of matrixes, also three-dimensional tensors (or ten-
sors with more than three dimensions) may be used. Where a convolution is condi-
tional, then the convolution is not necessarily applied to the signal evolving from the
input signal 14 towards the audio signal 16 through the intermediate signals 59a
(15), 69, etc., but may be applied to the target signal 14 (e.g. for generating the
conditioning feature parameters 74 and 75 to be subsequently applied to the first
data 15, or latent, or prior, or the signal evolving form the input signal towards the

speech 16). In other cases (e.g. at blocks 61b, 62b, see below) the convolution may
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be non-conditional, and may for example be directly applied to the signal 59a (15),
69, etc., evolving from the input signal 14 towards the audio signal 16. Both condi-

tional and non-conditional convolutions may be performed.

Itis possible to have, in some examples (at the decoder or at the encoder), activation
functions downstream to the convolution (ReLu, TanH, softmax, etc.), which may be
different in accordance to the intended effect. ReLu may map the maximum between
0 and the value obtained at the convolution (in practice, it maintains the same value
if it is positive, and outputs 0 in case of negative value). Leaky ReLu may output x if
x>0, and 0.1*x if x<0, x being the value obtained by convolution (instead of 0.1 an-
other value, such as a predetermined value within 0.1 + 0.05, may be used in some
examples). TanH (which may be implemented, for example, at block 63a and/or
63b) may provide the hyperbolic tangent of the value obtained at the convolution,
e.g.
TanH(x)=(e*-e™)/(e*+e™),

with x being the value obtained at the convolution (e.g. at block 61b, see below).
Softmax (e.g. applied, for example, at block 64b) may apply the exponential to each
element of the elements of the result of the convolution, and normalize it by dividing
by the sum of the exponentials. Softmax may provide a probability distribution for
the entries which are in the matrix which results from the convolution (e.g. as pro-
vided at 62b). After the application of the activation function, a pooling step may be
performed (not shown in the figures) in some examples, but in other examples it
may be avoided. It is also possible to have a softmax-gated TanH function, e.g. by
multiplying (e.g. at 65b, see below) the result of the TanH function (e.g. obtained at
63b, see below) with the result of the softmax function (e.g. obtained at 64b). Multi-
ple layers of convolutions (e.g. a conditioning set of learnable layers, or at least one
conditioning learnable layer) may, in some examples, be one downstream to an-
other one and/or in parallel to each other, so as to increase the efficiency. If the
application of the activation function and/or the pooling are provided, they may also
be repeated in different layers (or maybe different activation functions may be ap-

plied to different layers, for example) (this may also apply to the encoder).

At the decoder (or more in general audio generator) 10, the input signal 14 is pro-

cessed, at different sieps, to become the generated audio signal 16 (e.g. under the
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conditions set by the conditioning sei(s) of learnable layer(s) or the learnable
layer(s) 71-73, and on the parameters 74, 75 learnt by the conditioning set(s) of
learnable layer(s) or the learnable layer(s) 71-73). Therefore, the input signal 14 (or
its evolved version, i.e. the first data 15) can be understood as evolving in a direction
of processing (from 14 to 16 in Figs. 4 and 7) towards becoming the generated audio
signal 16 (e.g. speech). The conditions will be substantially generated based on the
target signal 12 and/or on the preconditions in the bitstream 3, and on the training

(so as to arrive at the most preferable set of parameters 74, 75).

It is also noted that the multiple channels of the input signal 14 (or any of its evolu-
tions) may be considered to have a set of learnable layers and a styling element 77
associated thereto. For example, each row of the matrixes 74 and 75 may be asso-
ciated to a particular channel of the input signal (or one of its evolutions), e.g. ob-
tained from a particular learnable layer associated to the particular channel. Analo-
gously, the styling element 77 may be considered to be formed by a multiplicity of
styling elements (each for each row of the input signal x, ¢, 12, 76, 76’, 59, 59a, 59b,

etc.).

Fig. 4 shows an example of the audio decoder (or more in general audio generator)
10 (which may embody the audio decoder 10 of Fig. 6), and which may also com-
prise (e.g. be) a GAN generator 11 (see below). Fig. 4 does now show the precon-
ditioning learnable layer 710 (shown in Fig. 7), even though the target data 12 are
obtained from the bitstream 3 through the preconditioning layer(s) 710 (see above).
The target data 12 may be a mel-spectrogram (or other tensor(s)) obtain from the
preconditioning learnable layer 710 (but they may be other kinds of tensor(s)); the
input signal 14 may be a latent (prior) noise or a signal obtained from internal or
external source, and the output 16 may be speech. The input signal 14 may have

w0

only one sample and multiple channels (indicated as “x”, because they can vary, for
example the number of channels can be 80 or something else). The input vector 14
may be obtained in a vector with 128 channels (but other numbers are possible). In
case the input signal 14 is noise (“first option”), it may have a zero-mean normal
distribution, and follow the formula z ~ N (0, I,,5); it may be a random noise of di-
mension 128 with mean 0, and with an autocorrelation matrix (square 128x128)

equal to the identity | (different choice may be made). Hence, in examples in which
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the noise is used as input signal 14, it can be completely decorrelated between the
channels and of variance 1 (energy). N (0,/,,5) may be realized at every 22528
generated samples (or other numbers may be chosen for different examples); the
dimension may therefore be 1 in the time axis and 128 in the channel axis. In exam-

ples, the input signal 14 may be a constant value.

The input vector 14 may be step-by-step processed (e.g., at blocks 702, 50a-50h,
42,44, 46, etc.), so as to evolve to speech 16 (the evolving signal will be indicated,
for example, with different signals 15, 59a, x, c, 76’, 79, 79a, 59b, 79b, 69, etc.).

At block 30, a channel mapping may be performed. It may consist of or comprise a
simple convolution layer to change the number channels, for example in this case
from 128 to 64. Block 30 may therefore be learnable (in some examples, it may be
deterministic). As can be seen, at least some of the processing blocks 50a, 50b,
50c, 50d, 50e, 50f, 50g, 50h (altogether embodying the first processing block 50 of
Fig. 6) may increase the number of samples by performing an upsampling (e.g.,
maximum 2-upsampling), e.g. for each frame. The number of channels may remain
the same (e.g., 64) along blocks 50a, 50b, 50c, 50d, 50e, 50f, 50g, 50h. The sam-
ples may be, for example, the number of samples per second (or other time unit):
we may obtain, at the output of block 50h, sound at 16 kHz or more (e.g. 22Khz).
As explained above, a sequence of multiple samples may constitute one frame.
Each of the blocks 50a-50h (50) can also be a TADEResBlock (residual block in the
context of TADE, Temporal Adaptive DEnormalization). Notably, each block 50a-
50h (50) may be conditioned by the target data (e.g., codes, which may be tensors,
such as a multidimensional tensor, e.g. with 2, 3, or more dimensions) 12 and/or by
the bitstream 3 At a second processing block 45 (Figs. 1 and 6), only one single
channel may be obtained, and multiple samples are obtained in one single dimen-
sion (see also Fig. 9). As can be seen, another TADEResBlock 42 (further to blocks
50a-50h) may be used (which reduces the dimensions to four single channels).
Then, a convolution layer 44 and an activation function (which may be TanH 46, for
example) may be performed. A (Pseudo Quadrature Mirror Filter)-bank) 110 may

also be applied, so as to obtain the final 16 (and, possibly, stored, rendered, etc.).

At least one of the blocks 50a-50h (or each of them, in particular examples) and 42,
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as well as the encoder layers 230, 240 and 250 (and 430, 440, 450, 460), may be,
for example, a residual block. A residual learnable block (layer) may operate a pre-
diction to a residual component of the signal evolving from the input signal 14 (e.g.
noise) to the output audio signal 16. The residual signal is only a part (residual com-
ponent) of the main signal evolving form the input signal 14 towards the output signal
16. For example, multiple residual signals may be added to each other, to obtain the

final output audio signal 16. Other architectures may be notwithstanding used.

Fig. 3 shows an example of one of the blocks 50a-50h (50). The blocks 50a-50h
(50) may be replica with each other, although, when trained, they may result to As
can be seen, each block 50 (50a-50h) is inputted with a first data 59a, which is either
the first data 15, (or the upsampled version thereof, such as that output by the up-
sampling block 30) or the output from a preceding block. For example, the block 50b
may be inputted with the output of block 50a; the block 50¢ may be inputted with the
output of block 50b, and so on. In examples, different blocks may operate in parallel
to each other, and there results are added together. From Fig. 3 it is possible to see
that the first data 59a provided to the block 50 (50a-50h) or 42 is processed and its
output is the output data 69 (which will be provided as input to the subsequent
block). As indicated by the line 59a’, a main component of the first data 59a actually
bypasses most of the processing of the first processing block 50a-50h (50). For
example, blocks 60a, 900, 60b and 902 and 65b are bypassed by the main compo-
nent 59a’. The residual component 59a of the first data 59 (15) may be processed
to obtain a residual portion 65b’ to be added to the main component 59a’ at an adder
65¢ (which is indicated in Fig. 3, but not shown). The bypassing main component
59a’ and the addition at the adder 65¢ may be understood as instantiating the fact
that each block 50 (50a-50h) processes operations to residual signals, which are
then added to the main portion of the signal. Therefore, each of the blocks 50a-50h
can be considered a residual block. The addition at adder 65¢ does not necessarily
need to be performed within the residual block 50 (50a-50h). A single addition of a
plurality of residual signals 65b’ (each outputted by each of residual blocks 50a-50h)
can be performed (e.g., at one single adder block in the second processing block
45, for example). Accordingly, the different residual blocks 50a-50h may operate in
parallel with each other. In the example of Fig. 3, each block 50 (50a-50h) may

repeat its convolution layers twice. A first denormalization block 60a and a second
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denormalization block 60b may be used in cascade. The first denormalization block
60a may include an instance of the stylistic element 77, to apply the conditioning
feature parameters 74 and 75 to the first data 59 (15) (or its residual version 59a).
The first denormalization block 60a may include a normalization block 76. The nor-
malization block 76 may perform a normalization along the channels of the first data
59 (15) (e.q. its residual version 59a). The normalized version ¢ (76’) of the first data
59 (15) (or its residual version 59a) may therefore be obtained. The stylistic element
77 may therefore be applied to the normalized version ¢ (76’), to obtain a denormal-
ized (conditioned) version of the first data 59 (15) (or its residual version 59a). The
denormalization at element 77 may be obtained, for example, through an element-
by-element multiplication of the elements of the matrix (or more in general tensor) y
(which embodies the condition 74) and the signal 76’ (or another version of the sig-
nal between the input signal and the speech), and/or through an element-by-ele-
ment addition of the elements of the matrix (or more in general tensor) B (which
embodies the condition 75) and the signal 76’ (or another version of the signal be-
tween the input signal and the speech). A denormalized version 59b (conditioned
by the conditioning feature parameters 74 and 75) of the first data 59 (15) (or its

residual version 59a) may therefore be obtained.

Then, a gated activation 900 may be performed on the denormalized version 59b of
the first data 59 (e.g. its residual version 59a). In particular, two convolutions 61b
and 62b may be performed (e.g., each with 3x3 kernel and with dilation factor 1).
Different activation functions 63b and 64b may be applied respectively to the results
of the convolutions 61b and 62b. The activation 63b may be TanH. The activation
64b may be softmax. The outputs of the two activations 63b and 64b may be multi-
plied by each other, to obtain a gated version 59c of the denormalized version 59b
of the first data 59 (or its residual version 59a). Subsequently, a second denormali-
zation 60b may be performed on the gated version 59c of the denormalized version
58b of the first data 59 (or its residual version 59a). The second denormalization
60b may be like the first denormalization and is therefore here not described. Sub-
sequently, a second activation 902 may performed. Here, the kernel may be 3x3,
but the dilation factor may be 2. In any case, the dilation factor of the second gated

activation 902 may be greater than the dilation factor of the first gated activation
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900. The conditioning set of learnable layer(s) 71-73 (e.g. as obtained from the pre-
conditioning learnable layer(s)) and the styling element 77 may be applied (e.g.
twice for each block 50a, 50b...) to the signal 59a. An upsampling of the target data
12 may be performed at upsampling block 70, to obtain an upsampled version 12’
of the target data 12. The upsampling may be obtained through non-linear interpo-
lation, and may use e.g. a factor of 2, a power of 2, a multiple of two, or another
value greater than 2. Accordingly, in some examples it is possible to have that the
spectrogram (e.g. mel-spectrogram) 12" has the same dimensions (e.g. conform to)
the signal (76, 76', c, 59, 59a, 59b, etc.) to be conditioned by the spectrogram. In
examples, the first and second convolutions at 61b and 62b, respectively down-
stream to the TADE block 60a or 60b, may be performed at the same number of
elements in the kernel (e.g., 9, e.g., 3x3). However, the second convolutions in block
902 may have a dilation factor of 2. In examples, the maximum dilation factor for the

convolutions may be 2 (two).

As explained above, the target data 12 may be upsampled, e.g. so as to conform to
the input signal (or a signal evolving therefrom, such as 59, 59a, 76’, also called
latent signal or activation signal). Here, convolutions 71, 72, 73 may be performed
(an intermediate value of the target data 12 is indicated with 71°), to obtain the pa-
rameters y (gamma, 74) and B (beta, 75). The convolution at any of 71, 72, 73 may
also require a rectified linear unit, RelLu, or a leaky rectified linear unit, leaky Relu.
The parameters y and 3 may have the same dimension of the activation signal (the
signal being processed to evolve from the input signal 14 to the generated audio
signal 16, which is here represented as x, 59, 59a, or 76’ when in normalized form).
Therefore, when the activation signal (x, 59, 59a, 76’) has two dimensions, also y
and B (74 and 75) have two dimensions, and each of them is superimposable to the
activation signal (the length and the width of y and 3 may be the same of the length
and the width of the activation signal). At the stylistic element 77, the conditioning
feature parameters 74 and 75 are applied to the activation signal (which may be the
first data 59a or the 59b output by the multiplier 65a). It is to be noted, however, that
the activation signal 76’ may be a normalized version (at instance norm block 76) of
the first data 59, 59a, 59b (15), the normalization being in the channel dimension. It

is also to be noted that the formula shown in stylistic element 77 (y*c+8, also indi-

+

cated with | we in fig. 3) may be an element-by-element product, and in
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some examples is not a convolutional product or a dot product. The convolutions 72
and 73 have not necessarily activation function downstream of them. The parameter
v (74) may be understood as having variance values and B (75) as having bias val-
ues. It is noted that for each block 50a-50h, 42, the learnable layer(s) 71-73 (e.g.
together with the styling element 77) may be understood as embodying weight lay-
ers. Also, block 42 of Fig. 4 may be instantiated as block 50 of Fig. 3. Then, for
example, a convolutional layer 44 will reduce the number of channels to 1 and, after
that, a TanH 46 is performed to obtain speech 16. The output 44’ of the blocks 44
and 46 may have a reduced number of channels (e.g. 4 channels instead of 64),
and/or may have the same number of channels (e.g., 40) of the previous block 50
or 42.

A PQMF synthesis (see also below) 110 is performed on the signal 44’, so as to

obtain the audio signal 16 in one channel.

In examples, the bitstream (3) may be transmitted (e.g., through a communication
medium, e.g. a wired connection and/or a wireless connection), and/or may be
stored (e.g., in a storage unit). The encoder 3 and/or the audio signal representation
generator 20 may therefore comprise and/or be connected and/or be configured to
control transmissions units (e.g., modems, transceivers, etc.) and/or storage units
(e.g. mass memories, efc.). In order to permit storage and/or transmission, between
the quantizer 300 and the converter 313 there may be other devices that process
the bitstream for the purpose of storing and/or transmitting, and reading and/or re-

ceiving.

Quantization and conversion from indexes onto codes using learnable tech-

higues

There are here discussed the operations of the quantizer 300 when it is a learna-
ble quantizer and of the quantization index converter 313 (inverse or reverse
quantizer) when it is a learnable quantization index converter. It is noted that quan-
tizer 300 may be inputted with a scalar, a vector, or more in general a tensor. The
quantization index converter 313 may covert an index onto at least one code

{which is taken from a codebook, which may be a learnable codebook). It is to be
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noted that in some examples the learnable quantizer 300 and the quantization in-
dex converter 313 may use a quantization/dequantization which as such determin-
istic, but uses at least one codebook which is learnable.

Here, the following conventions are used:

« x is the speech (or more in general input signal 1)

« E(x) is the output (e.g. 269) of the audio signal generator 20, (i.e. x after be-
ing processed by the learnable block 200 (DualPathConvRNN) and/or the
at least one convolutional learnable block 290 (ConvEncoder), which may
be a vector or more in general a tensor

e Indexes (e.g. i,, i,, i,) which refer (e.g. point) to codes (e.g. z,7,q) are in at
least one codebook (e.g. z,, 7., q,)

e Theindexes (e.g. i,, i,, i,) are written in the bitstream 3 by the learnable
quantizer 300 (or more in general by the encoder 2) and are read by the
quantization index converter 313 (or more in general by the audio decoder
10)

e A main code (e.g. z) is chosen in such a way to approximate the value E(x)

o Afirst (if present) residual code (e.g. r) is chosen in such a way to approxi-
mate the residual E(x) — z

s A second (if present) residual code (e.g. q) is chosen in such a way to ap-
proximate the residual E(x) —z —r

« The decoder 3 (e.g. quantization index converter 313) reads the indexes (e.q.
iz, iy, iq) from the bitstream 3, obtains the codes (e.g. z,7, q), and recon-
structs a tensor (e.g. a tensor which represents the frame in the first audio
signal representation 220 of the first audio signal 1), e.g. by summing the
codes (e.g. z + r + q) as tensor 112.

« Dithering can be added(e.g. after the tensor 112 is obtained, and/or before

the preconditioning layer 710), to avoid potential clustering effect.

The learnable quantizer (300) of the encoder 2 may be configured to associate, to
each frame of the first multi-dimensional audio signal representation (e.g., 220) of

the input audio signal 1 or another processed version (e.g. 269, 469, etc.) of the
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input audio signal 1, indexes read in the bitstream 3 to codes of the at least one
codebook (e.g. learnable codebook), so as to generate the bitstream 3. The learn-
able quantizer 300 may associate, to each frame (e.g. tensor) of the first multi-di-
mensional audio signal representation (e.g. 220) or a processed version of the first
multi-dimensional audio signal representation (e.g. as outputted by the block 290)
of the input audio signal 1, a code which best approximates the tensor (e.g. a code
which minimizes the distance from the tensor) of the codebook, so as to write in
the bitstream 3 the index which, in the codebook, is associated to the code which

minimizes the distance.

As explained above, the at least one codebook may be defined according to a re-
sidual technique. For example there may be:

1) A main (base) codebook z, which may be defined as having a plurality of
codes, so that a particular code z € z, in the codebook is chosen which is
associated to, and/or which approximates, the main portion of the frame
E(x) (input vector) outputted by the block 290;

2) An optional first residual codebook r,, having a plurality of codes, may be
defined, so that a particular code r € 7, is chosen which approximates (e.g.
best approximates) the residual E(x) — z of the main portion of the input
vector E(x);

3) An optional second residual codebook q,, having a plurality of codes, may
be defined, so that a particular code g € q, is chosen which approximates
the first-rank residual E(x) — z, — 7;

4) Possible optional further lower ranked residual codebooks.

The codes of each learnable codebook may be indexed according to indexes, and
the association between each code in the codebook and the index may be ob-
tained by training. What is written in the bitstream 3 is the index for each portion
(main portion, first residual portion, second residual portion). For example, we may
have:

1) Afirstindex i, pointing at z € z,

2) A second index i, pointing at the first residual r € ,,

3) A third index i, pointing at the second residual g € q,
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While the codes z, 1, q may have the dimensions of the output E(x) of the audio
signal representation generator 20 for each frame, the indexes i, i,, i; may be

their encoded versions (e.g., a string of bits, such as 10 bits).

Therefore, at the quantizer 300 there may be a multiplicity of residual codebooks,
so that:

the second residual codebook g, associates, to indexes to be encoded in
the audio signal representation, codes (e.g. scalar, vectors or more in general ten-
sors) representing second residual portions of the first multi-dimensional audio sig-
nal representation of the input audio signal,

the first residual codebook r, associates, to indexes to be encoded in the
audio signal representation, codes representing first residual portions of frames of
the first multi-dimensional audio signal representation,

the second residual portions of frames being residual [e.g. low-ranked] with

respect to the first residual portions of frames.

Dually, the audio generator 10 (e.g. decoder, or in particular the quantization index
converter 313) may perform the reverse operation. The audio generator 10 may
have a learnable codebook which may to convert the indexes (e.g. i, i,, i) of the
bitstream (13) onto codes (e.g. z, 1, q) from the codes in the learnable codebook.
For example, in the residual case of above, the bitstream may present, for each
frame of the bitstream 3:

1) A main index i, representing a code z € z, for converting from the index
(code) i, to the code z, thereby forming a main portion z of the tensor (e.g.
vector) approximating E(x)

2) Afirst residual index (second index) i, representing the code r € r, for con-
verting from the index i,. to the code r, thereby forming a first residual por-
tion of the tensor (e.g. vector) approximating E(x)

3) A second residual index (third index) i, representing the code g € 7, for
converting from the index i, to the code ¢, thereby forming a second resid-
ual portion of the tensor (e.g. vector) approximating E(x)

Then the code version (tensor version) 112 of the frame may be obtained, for

example, as sum z + r + g. Dithering may then be applied to the obtained sum.
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It is to be noted that solutions according to the particular kind of quantization can
also be used without the implementation of the preconditioning learnable layer 710
being a RNN. This may aiso apply in the case in which the preconditioning learna-

ble layer 710 is not present or is a deterministic layer.

GAN discriminator

The GAN discriminator 100 of Fig. 10 may be used during training for obtaining, for
example, the parameters 74 and 75 to be applied to the input signal 12 (or a pro-
cessed and/or normalized version thereof). The training may be performed before
inference, and the parameters (e.qg. 74, 75, and/or the at least one learnable code-
books) may be, for example, stored in a non-transitory memory and used subse-
quently (however, in some examples it is also possible that the parameters 74 or 75

are calculated on line).

The GAN discriminator 100 has the role of learning how to recognize the generated
audio signals (e.g., audio signal 16 synthesized as discussed above) from real input
signals (e.g. real speech) 104. Therefore, the role of the GAN discriminator 100 is
mainly exerted during a training session (e.g. for learning parameters 72 and 73)
and is seen in counter position of the role of the GAN generator 11 (which may be

seen as the audio decoder 10 without the GAN discriminator 100).

In general terms, the GAN discriminator 100 may be input by both audio signal 16
synthesized generated by the GAN decoder 10 (and obtained from the bitstream 3,
which in turn is generated by the encoder 2 from the input audio signal 1), and real
audio signal (e.g., real speech) 104 acquired e.g., through a microphone or from
another source, and process the signals to obtain a metric (e.g., loss) which is to be
minimized. The real audio signal 104 can also be considered a reference audio sig-
nal. During training, operations like those explained above for synthesizing speech
16 may be repeated, e.g. multiple times, so as to obtain the parameters 74 and 75,

for example.

in examples, instead of analyzing the whole reference audio signal 104 and/or the
whole generated audio signal 16, it is possible to only analyze a part thereof (e.g. a

portion, a slice, a window, efc.). Signal portions generated in random windows
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(105a-105d) sampled from the generated audio signal 16 and from the reference
audio signal 104 are obtained. For example random window functions can be used,
so that it is not a priori pre-defined which window 105a, 105b, 105¢, 105d will be

used. Also the number of windows is not necessarily four, at may vary.

Within the windows (105a-105d), a PQMF (Pseudo Quadrature Mirror Filter)-bank)
110 may be applied. Hence, subbands 120 are obtained. Accordingly, a decompo-
sition (110) of the representation of the generated audio signal (16) or the represen-

tation of the reference audio signal (104) is obtained.

An evaluation block 130 may be used to perform the evaluations. Multiple evaluators
132a, 132b, 132¢, 132d (complexively indicated with 132) may be used (different
number may be used). In general, each window 105a, 105b, 105c, 105d may be
input to a respective evaluator 132a, 132b, 132¢, 132d. Sampling of the random
window (105a-105d) may be repeated multiple times for each evaluator (132a-
132d). In examples, the number of times the random window (105a-105d) is sam-
pled for each evaluator (132a-132d) may be proportional to the length of the repre-
sentation of the generated audio signal or the representation of the reference audio
signal (104). Accordingly, each of the evaluators (132a-132d) may receive as input
one or several portions (105a-105d) of the representation of the generated audio

signal (16) or the representation of the reference audio signal (104).

Each evaluator 132a-132d may be a neural network itself. Each evaluator 132a-
132d may, in particular, follow the paradigms of convolutional neutral networks.
Each evaluator 132a-132d may be a residual evaluator. Each evaluator 132a-132d
may have parameters (e.g. weights) which are adapted during training (e.g., in a

manner similar to one of those explained above).

As shown in Fig. 10, each evaluator 132a-132d also performs a downsampling (e.g.,
by 4 or by another downsampling ratio). The number of channels may increase for
each evaluator 132a-132d (e.g., by 4, or in some examples by a number which is

the same of the downsampling ratio).
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Upstream and/or downstream to the evaluators, convolutional layers 131 and/or 134
may be provided. An upstream convolutional layer 131 may have, for example, a
kernel with dimension 15 (e.g., 5x3 or 3x5). A downstream convolutional layer 134

may have, for example, a kernel with dimension 3 (e.g., 3x3).

During training, a loss function (adversarial loss) 140 may be optimized. The loss
function 140 may include a fixed metric (e.g. obtained during a pretraining step)
betWeen a generated audio signal (16) and a reference audio signal (104). The fixed
metric may be obtained by calculating one or several spectral distortions between
the generated audio signal (16) and the reference audio signal (104). The distortion
may be measured by keeping into account:

- magnitude or log-magnitude of the spectral representation of the generated
audio signal (16) and the reference audio signal (104), and/or

- different time or frequency resolutions.

In examples, the adversarial loss may be obtained by randomly supplying and eval-
uating a representation of the generated audio signal (16) or a representation of the
reference audio signal (104) by one or more evaluators (132). The evaluation may
comprise classifying the supplied audio signal (16, 132) into a predetermined num-
ber of classes indicating a pretrained classification level of naturalness of the audio
signal (14, 16). The predetermined number of classes may be, for example, “REAL”
vs “FAKE".

Examples of losses may be obtained as
£(D; G) = Ey; [ReLU(L — D) + ReLU (1 + D(G(z %)),
where:
x is the real speech 104,
z is the latent input 14 (which may be noise or another input obtained from
the bitstream 3),
s is the tensor representing x (or more in general the target signal 12).
D(...) is the output of the evaluators in terms of distribution of probability
(D(...) = 0 meaning “for sure fake”, D(...) = 1 meaning “for sure real”).
The spectral reconstruction loss L. is still used for regularization to prevent the

emergence of adversarial artifacts. The final loss is can be, for example:
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L= %Z?=1£(Di; G) + Lyec.

where each i is the contribution at each evaluator 132a-132d (e.g.. each evaluator

132a-132d providing a different D;) and L, is the pretrained (fixed) loss.

During training session, there is a search for the minimum value of £, which may be

expressed for example as

+ Lrec)

4
mGin(Ez [z —D; G(s,z)
i=1

Other kinds of minimizations may be performed.

In general terms, the minimum adversarial losses 140 are associated to the best

parameters (e.g., 74, 75) to be applied to the stylistic element 77.

1)

Itis to be noted that the training session, also the encoder 2 (or at least the
audio signal representation generator 20) may be trained together with the
decoder 10 (or more in general audio generator 10). Therefore, together with
the parameters of the decoder 10 (or more in general audio generator 10),
also the parameter of the encoder 2 (or at least the audio signal representa-
tion generator 20) may be obtained. In particular, at least one of the following
may be obtained by training: The weights of the learnable layers 230, 250
(e.g., kernels)

The weights of the recurrent learnable layer 240

The weights of the learnable block 290, including the weights (e.g., kernels)
of the layers 429, 440, 460

The codebook(s) (e.g. at least one of z, re, ge) to be used by the learnable
quantizer 300 (dually to the codebook(s) of the quantization index converter
313).

A general way to train the encoder 2 and the decoder 10 one together with the other

is to use a GAN, in the discriminator 100 shall discriminate between:

audio signals 16 generated from frames in the bitstreams 3 actually
generated by the encoder 1; and
audio signals 16 generated from frames in bitstreams non-generated

by the encoder 1.
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Generation of the at least one codebook

With particular attention to the codebook(s) (e.g. at least one of ze, re, ge) to be used
by the learnable quantizer 300 and/or by the quantization index converter 313, it is

noted that there may be different way of defining the codebook(s).

During the training session a multiplicity of bitstreams 3 may be generated by the
learnable quantizer 300 and are obtained by the quantization index converter 313.
Indexes (e.g. iz, ir, ig) are written in the bitstreams (3) to encode known frames rep-
resenting known audio signals. The training session may include an evaluation of
the generated audio signals 16 at the decoder 2 in respect to the known input audio
signals 1 provided to the encoder 2: associations of indexes of the at least one
codebook are adapted with the frames of the encoded bitstreams [e.g. by minimizing

the difference between the generated audio signal 16 and the known audio signals

1.

In the cases in which a GAN is used, the discriminator 100 shall discriminate be-
fween:
audio signals 16 generated from frames in the bitstreams 3 actually
generated by the encoder 1; and
audio signals 16 generated from frames in bitstreams non-generated

by the encoder 1.

Notably, during the training session it is possible to define the length of the indexes
(e.g., 10 bits instead of 15 bits) for each index. The training may therefore provide
at least:

a multiplicity of first bitstreams (e.g. generated by the encoder 2) with first
candidate indexes having a first bitlength and being associated with first known
frames representing known audio signals, the first candidate indexes forming a first
candidate codebook, and

a multiplicity of second bitstreams with second candidate indexes having a
second bitlength and being associated with known frames representing the same
first known audio signals, the second candidate indexes forming a second candidate

codebook.
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The first bitlength may be higher than the second bitlength [and/or the first bitlength
has higher resolution but it occupies more band than the second bitlength]. The
training session may include an evaluation of the generated audio signals obtained
from the multiplicity of the first bitstreams in comparison with the generated audio
signals obtained from the multiplicity of the second bitstreams, to thereby choose
the codebook [e.g. so that the chosen learnable codebook is the chosen codebook
between the first and second candidate codebooks] [for example, there may be an
evaluation of a first ratio between a metrics measuring the quality of the audio signal
generated from the multiplicity of first bitstreams in respect to the bitlength vs a sec-
ond ratio between a metrics measuring the quality of the audio signal generated
from the multiplicity of second bitstreams in respect to the bitrate (also called sam-
pling rate), and to choose the bitlength which maximizes the ratio]{e.g. this can be
repeated for each of the codebooks, e.g.. the main, the first residual, the second
residual, etc.]. The discriminator 100 may evaluate whether the outputs signal 16
generated using the second candidate codebook with low bitlength indexes appear
to be similar to outputs signal 16 generated using fake bitstreams 3 (e.g. by evalu-
ating a threshold of the minimum value of £ and/or an error rate at the discriminator
100), and in positive case the second candidate codebook with low bitlength indexes
will be chosen; otherwise, the first candidate codebook with high bitlength indexes

will be chosen.

In addition or alternative, the training session may performed by using:

a first multiplicity of first bitstreams with first indexes associated with first
known frames representing known audio signals, wherein the first indexes are in a
first maximum number, the first multiplicity of first candidate indexes forming a first
candidate codebook; and

a second multiplicity of second bitstreams with second indexes associated
with known frames representing the same first known audio signals, the second
multiplicity of second candidate indexes forming a second candidate codebook,
wherein the second indexes are in a second maximum number different from the

first maximum number.

The training session may include an evaluation of the generated audio signals 16

obtained from the first multiplicity of the first bitstreams 3 in comparison with the
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generated audio signals 16 obtained from the second multiplicity of the second bit-
streams 3, to thereby choose the learnable indexes [ e.g. so that the chosen learn-
able codebook is chosen among the first candidate codebook and the second can-
didate codebook] [for example, there may be an evaluation of a first ratio between
a metrics measuring the quality of the audio signal generated from the first multiplic-
ity of first bitstreams vs a second ratio between a metrics measuring the quality of
the audio signal generated from the second multiplicity of second bitstreams in re-
spect to the bitrate (or sampling rate), and to choose the multiplicity, among the first
multiplicity and second multiplicity, which maximizes the ratio] [e.g. this can be re-
peated for each of the codebooks, e.g.. the main, the first residual, the second re-
sidual, etc.]. In this second case, the different candidate codebooks have different
numbers of codes (and indexes pointing to the codes), and the discriminator 100
may evaluate whether the low-number-of-codes is necessary or the high-number-of
codes is necessary (e.g., by evaluating a threshold of the minimum value of £ and/or

an error rate at the discriminator 100).

In some cases, it is possible to decide which resolution to use (e.g., how many low-
ranked codebook to use). This may be obtained, for example, by using:

a first multiplicity of first bitstreams with first indexes representing
codes obtained from known audio signals, the first multiplicity of first bit-
streams forming at least one first codebook [e.g. at least one main code-
book ze]; and

a second multiplicity of second bitstreams including both the first in-
dexes representing main codes obtained from known audio signals and
second indexes representing residual codes in respect to the main codes,
the second multiplicity of second bitstreams forming the at least one first
codebook [e.g. at least one main codebook ze] and at least one second
codebook [e.g. at least one residual codebook re].

The training session may include an evaluation of the generated audio sig-
nals obtained from the first multiplicity of the first bitstreams in comparison with the
generated audio signals obtained from the second multiplicity of the second bit-
streams. The discriminator 100 may choose among using:

only a low resolution encoding (e.g., only main codes) having only

the first multiplicity [and/or the first candidate codebook ze] and t
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he second multiplicity [and/or the first candidate codebook ze as main
codebook, together with the at least one second codebook used as residual
codebook re] [e.g. so that the chosen learnable codebook is chosen among
the first candidate codebook and the second candidate codebook] (the use
of the second multiplicity may mean to also use more low-ranked residual
codebooks with respect to the first multiplicity).

[for example, there may be an evaluation of a first ratio between a metrics
measuring the quality of the audio signal generated from the first multiplicity of first
bitstreams vs a second ratio between a metrics measuring the quality of the audio
signal generated from the second multiplicity of second bitstreams in respect to
the bitrate (or sampling rate), and to choose the multiplicity, among the first multiplic-
ity and second multiplicity, which maximizes the ratio] [e.g. this can be repeated
for each of the codebooks, e.g.. the main, the first residual, the second residual,

etc.].

In some examples, the discriminator 100 will choose the low-resolution multiplicity
(e.g., only the main codebook) by evaluating a threshold of the minimum value of
L and/or an error rate, or otherwise the second multiplicity (high resolution, but

also high payload in the bitstream) is necessary.

Recurrent learnable layer

The learnable layer 240 of the encoder (e.g. audio signal representation generator
20) may be of the recurrent type (the same may apply to the preconditioning learn-
able layer 710). In this case, the output of the learnable layer 240 and/or precondi-
tioning learnable layer 710 for each frame may be conditioned by the output of the
previous frame. For example, for each t-th frame, the output of the learnable layer
240 may be f(t, t-1, t-2,...) wherein the parameters of the function f() may be ob-
tained by training. The function f() may be linear or non-linear (e.g., a linear function
with an activation function). For example, there may be weights W0, W1 and W2
(with W0, W1 and W2 obtained by training) so that, if the output 240 for the frame t-
1is Fv1 and for the frame -2 is Fr2 then the output Fi for the frame t is Ft = WO#F4
+ W1xFi2 + W2+Fi3, and the output Fu1 for the frame t+1 is F1 = WOxFt + W1xFiq

+W2xFi2. Hence the output Ft of the learnable layer 240 for a given frame t may be
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conditioned by at least one previous frame (e.g. t-1, t-2, etc.) e.g. before (e.g. im-
mediately before) the given frame t. In some cases, the output value of the learnable
layer 240 for the given frame t may be obtained through a linear combination (e.g.,
through the weights W0, W1 and W2) of the previous frames (e.g. immediately)

preceding the given frame t.

Notably, each frame may have some samples obtained from the immediately pre-

ceding frame, and this simplifies the operations.

In examples, a GRU may operate in this way. Other types of GRUs may be used.
Fig. 11 shows an example of GRU which may be used (e.g. in the layer 240 and/or

in the preconditioning learnable layer 710).

In general terms, a recurrent learnable layer (e.g. a GRU, which may be a RNN)
may be seen as a learnable layer having states, so as each time step is conditioned,
not only by the output, but also by the state of the immediately preceding time step.
Therefore, the recurrent learnable layer may be understood as being unrollable in a
plurality of feedforward modules (each corresponding to a time step), in such a way
that each feedforward module inherits the state from the immediately preceding
feedforward module (while the first feedforward module may be inputted with a de-

fault state).

in Fig. 11, one single GRU 1100 is shown. The GRU (or a cascade of GRUs) may
form, for example, the learnable layer 240 of the encoder and/or of the precondition-
ing learnable layer 710 of the decoder. We can note in Fig. 12 that a single GRU or
recurrent unit 1100 can be unrolled in feedforward modules (1100t1, 1100t, 11001,
etc.) removing the backward path of it. In this case the t" module of the GRU follows
the (t-1)"" (accept its output state as input) module and precedes the (t+1)" module

by conveying its state.

Alternatively, a cascade of recurrent modules can be used (like in Fig. 12) wherein

each GRU or recurrent unit will maintain independently its own states. In this case
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GRUs may be built one over the other and this time the output of one GRU is con-
veyed to the input of the next GRU. Another alternative could be to also connect the

states between the cascaded recurrent units with mechanisms such an attention.

The relationships may be governed, for example, by formulas such as at least one

of the following:

2y = o(W, + (hemy, x1))

I ﬁ‘(’v’if;a - (he-y, Xt))
he = tanh(w (e * Ry, xt))
he=(1—2z)%h,_y +2 *h,

i i
R
]31
i

where:

t refers to the time instant/step, and in case of unrolled GRUs, refers also to
the particular module in the unrolled structure (e.g. t=0 is the first module, first time
instant, =1 the second, and so on);

xt refers to the input vector of the recurrent module at instant t (e.g. to the
frame atthe time t, e.g. with or without the samples taken from the (e.g. immediately)
preceding frame and/or with or without the samples taken from the (e.g. immedi-
ately) preceding frame);

ht refers to the state and output at instant t of the recurrent unit, which will be
inherited by the (t+1)" feedforward module in the unrolled case (with reference to
Fig. 11, hteis reintroduced in feedback as ht1, see below; with reference to Fig. 12,
htis provided to the immediately subsequent feedforward module);

ht1 refers 1o the state and output at time step t-1, which is the input of the unit
at instant t. In case of unrolled GRU (Fig. 12), hw1 is an input of t* feedforward mod-
ule (i.e., either the output of the immediately preceding recurrent module, or the
input of the GRU) (if the t" module is the first module, then hw1 will be a default
value);

h, refers to a candidate state and/or output of the recurrent module;

zt refers to an update gate vector;

re refers to a reset gate vector;



10

15

20

25

30

WO 2023/175198 PCT/EP2023/057108
47

W, Wz, W;, and b refer to learnable parameters (e.g., matrixes) obtained by
training;

o (e.g., sigmoid function) and tanH are activation functions (different activa-
tion functions may be chosen);

the operator “ * ” is an element-wise product;

the operator “ - " is a vector/matrix product;

the comma indicates concatenation.

The output ht of the t" module/time step may be obtained by summing #, (weighted
on the update gate vector zi) with ht1 (weighted on the complement to one of the
update gate vector zi). The candidate output A, may be obtained by applying the
weight parameter W (e.g. through matrix/vector multiplication) to both the element-
wise product between the reset gate vector rt and hw1 concatenated with input xi,
preferably followed by applying an activation function (e.g. tanH). The update gate
vector zt may be obtained applying the parameter Wz (e.g. through matrix/vector
multiplication) to both hw.1 and the input xt, preferably followed by applying an acti-
vation function (e.g., sigmoid, o). The reset gate vector rt may be obtained by apply-
ing the parameter W (e.g. through matrix/vector multiplication) to both ht1 and the

input xt, followed by applying an activation function (e.g., sigmoid, o).

In general terms:

the update gate vector [z] may be seen as providing information on both
how much is to be taken from the candidate state and/or output and how much is
to be taken from the state and/or output [ht.1] of the preceding time step. E.g. if zt
=0, the state and/or output for the current time instant is only taken from the state
and/or output [ht-1] of the preceding time step; while if the z: =1, the the state and/or
output for the current time instant is only taken from the candidate vector]; and/or

the reset gate vector [r] may be understood as giving information on how
much the state and/or output [ht.1] of the preceding time step shall be reset][if r: =0,
we reset everything and we keep nothing from ht1, while if rt is higher, then we

keep more from he1].
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Notably, the candidate state and/or output h, keeps into account the input xt of the
current time instant, while the state and/or output ht.1 at time step t-1 does not
keep into account the input x: of the current time instant. Hence:

the higher the update gate vector [z] (e.g. z: having all the components
equal to 1, or closer to 1), the less the state and/or output ht.1 at time step t-1 will
be taken into account for generating the current state and/or output ht, and

the lower the update gate vector [z] (e.g. zt having all the components
equal to 0, or closer to 0), the more the state and/or output ht.1 at time step t-1 will

be taken into account for generating the current state and/or output ht.

Further, when generating the candidate state and/or output h,, the reset gate vector
[rt] may be taken into account:

the higher the reset gate vector [r{] (e.g. all the elements of rt being 1 or closer
to 1), the higher the more relevant the state and/or output hi.1 at time step t-1 will be
for generating the current state and/or output hy, and

the lower the reset gate vector [r] (e.g. all the elements of rt being 0 or closer
to 0), the less relevant will the state and/or output hi1 at time step t-1 will be for

generating the current state and/or output ht.

In the present examples, at least one of the weight parameters W, W, W, (obtained
by training) may be the same for different time instants and/or modules (but in some

examples.

The input of each t" time step or feedforward module is in general indicated with x
but refers to:
1) at the GRU 240 of the encoder, the particular frame in the first audio signal
representation 220 of the audio signal 1 (or a processed version thereof, e.g.,
the output of the convolutional learnable layer 230);
2) atthe preconditioning learnable layer 710 of the decoder, the codes, tensors,
vectors, etc. as obtained from the bitstream 3 (e.g., as outputted by the quan-

tization index converter 313).

The output of each t" time step or feedforward module may be the state ht. There-

fore ht (or a processed version thereof) may be:
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1) at the encoder, the output of the GRU 240, provided to the convolutional
learnable layer 250;

2) at the encoder, the output of the preconditioning learnable layer 710, e.g.
constituting the target data 15, to be provided, to the conditioning learnable
layer(s) 71-73

In the present discussion it is often imagined that, for each time step and/or module,
the state is the same of the output. This is why we have used the term ht1 for indi-
cating both the state and the output of each time step and/or module. However, this
is not strictly necessary: the output of each time step and/or module may be in prin-
ciple different from the state which is inherited by the subsequent time step and/or
module. For example, the output of each time step and/or module may be a pro-

cessed version of the state of the time step and/or module, or vice versa.

There are many other ways of making a recurrent learnable layer, and the GRU is
not the only one technique to be used. It is notwithstanding preferably to have a
learnable layer which keeps also into account, for each time instant and/or module,
the state and/or the output of the preceding time instant and/or module. It has been
understood that, accordingly, vocoder techniques are advantaged. Each time in-
stant, indeed, is generated by also taking into account the preceding time instant,
and this greatly advantages operations like encoding and decoding (in particular

encoding and decoding voice).

Instead of a GRU, we may also use for the recurrent learnable layer a long/short-

term memory (LSTM) recurrent learnable layer, or “delta differences”.

The learnable layers discussed here can be, for example, neural networks (e.g. re-

current neural networks and/or GANs).

In general terms, in a recurrent learnable layer also the relevance of the preceding
time instants is subjected to training, and this is a great advantage of such a tech-

nique.

Discussion
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Neural networks have proven to be a formidable tool to tackle the problem of speech
coding at very low bit rates. However, the design of a robust neural coder that can
be operated robustly under real-world conditions remains a major challenge. There-
fore, we present Neural End-2-End Speech Codec (NESC) (or more in general in
the present examples) a robust, scalable end-to-end neural speech codec for high
quality wide band speech coding at 3 kbps. The encoder of NESC (or more in gen-
eral in the present examples), uses a new architecture configuration, which relies
on our proposed Dual-PathConvRNN (DPCRNN) layer, and the decoder architec-
ture is based on our previous work Streamwise-StyleMelGAN [1]. Our subjective
listening tests show that NESC (or more in general in the present examples), is
particularly robust to unseen conditions and noise, moreover, its computational com-

plexity makes it suitable for deployment on end-devices.

Index Terms: neural speech coding, GAN, quantization

1. Introduction

Very low bit rate speech coding is particularly challenging when using classical tech-
niques. The usual paradigm employed is parametric coding, since it yields intelligible
speech, the achievable audio quality however is poor, and the synthesized speech
sounds unnatural. Recent advances in neural networks are filling this gap, enabling

speech coding of high-quality speech at very low bit rates.

We categorize the possible approaches to solving this problem according to the role

played by the neural networks.

level 1 post-filtering: encoder and decoder are conventional, and a neural network
is added after the decoder, in a post-processing step, in order to enhance the
coded speech. This enables the enhancing of existing communication sys-

tems with minimal effort.

level 2 neural decoder: the encoder is classical and the speech is decoded using a
neural network conditioned on the bitstream. This enables backward compat-

ible decoding of existing bitstreams.
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tevel 3 end-2-end: both encoder and decoder are neural networks, which are trained
jointly. The input of the encoder is the speech waveform and possibly the
quantization is jointly learned, hence obtaining directly the optimal bitstream

for the signal.

Level 1 approaches such as [2, 3, 4, 5, 6] are minimally invasive, as they can be
deployed over existing pipelines. Unfortunately they still suffer typical unpleasant

artifacts, which are especially challenging.

The first published level 2 speech decoder was based on WaveNet [7], and served
as a proof of concept. Several follow-up works [8, 9] improved quality and compu-
tational complexity, and [10] presented LPCNet, a low complexity decoder which
synthesizes good quality clean speech at 1.6 kbps. We have shown in our previous
work [1] that the same bitstream used in LPCNet can be decoded using a feed-

forward GAN model, which provides significantly better quality.

All of these models produce high-quality clean speech, but are not 100% robust in
the presence of noise and reverberation. Lyra [11] was the first model to directly
tackle this problem. Its robustness for more general modes of speech was enforced
via the use of variance regulation and a new bitstream still encoded in a classical
way. Overall it seems that the generalization capabilities and the quality of level 2
models are partly weakened by the limitations of the classical representation of

speech at the encoder side.

Many approaches tackling the problem from the perspective of a level 3 solution
were proposed [12, 13, 14, 15], but these models usually do not target very low bit

rates.

The first fully end-to-end approach which works at low bit rates and is robust under
many different noise perturbations was SoundStream [16]. The architecture at the
core of SoundStream is a convolutional U-Net-like encoder decoder, with no skip
connections, and using a residual quantization layer in the middle. According to the
authors’ evaluation SoundStream is stable under a wide range of real-life coding

scenarios. Moreover, it permits to synthesize speech at bit rates ranging from 3 kbps
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to 12 kbps. Finally, SoundStream works at 24 kHz, implements a noise reduction
mode, and can also code music. More recently the work [17] presents another level

3 solution using a different set of techniques.

We present NESC (or more in general in the present examples) a new model capa-
ble of robustly coding wideband speech at 3 kbps. The architecture behind NESC
(or more in general in the present examples) is fundamentally different from Sound-
Stream and is the main aspects of novelty of our approach. The encoder architec-
ture is based on our proposed DPCRNN, which uses a sandwich of convolutional
and recurrent layers to efficiently model intra-frame and inter-frame dependencies.
The DPCRNN layer is followed by a series of convolutional residual blocks with no
downsampling and by a residual quantization. The decoder architecture is com-
posed of a recurrent neural network followed by the decoder of Streamwise-
StyleMelGAN (SSMGAN [1]).

Using data augmentation we can achieve robustness against a wide range of differ-
ent types of noises and reverberation. We extensively test our model with many
types of signal perturbations and unseen speakers as well as unseen languages.
Moreover, we visualize some clustering behaviour shown by the latent and learned

in an unsupervised way.

Contributions are inter alia the following:

e  Weintroduce NESC (or more in general in the present examples) a new end-
to-end neural codec for speech.

e We present the DPCRNN layer, which offers an efficient way of exploiting
intra and inter-frame dependecies, for learning a latent representation suita-
ble for quantization.

e  We analyze some interesting clustering behaviour exhibited by the NESC’s
quantized latent.

¢ We show NESC’s robustness against many types of noise and reverbera-

tion scenarios, via objective and subjective evaluations.

2. Proposed Architecture
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As illustrated in Fig. 1, the proposed model consists of a learned encoder, a
learned quantization layer and a recurrent pre-net fol-lowed by a SSMGAN de-

coder.

The encoder architecture may count, for example, 2.09 M parameters, whereas
the decoder may have 3.93 M parameters. The encoder rarely reuses the same
parameters in computation, as we hypothesize that this favors generalization. It
may run around 40x faster than real time on a single thread of an Intel(R)
Core(TM) i7-6700 CPU at 3.40GHz. The decoder may run around 2x faster than
real time on the same architecture, despite only having double as many parame-
ters as the encoder. Our implementations and de-sign are not even optimized for

inference speed.

Our proposed model consists or comprises of a learned encoder, a learmned quanti-
zation layer and a recurrent prenet followed by a SSMGAN decoder ([1]). For an

overview of the model see Fig. 1.

2.1. Encoder (or Audio signal Representation Generator)

The encoder architecture may rely on our newly proposed DPCRNN, which was
inspired by [18]. This layer consists of or in particular comprises a rolling window
operation format at definer 210 followed by a 1x1-convolution, a GRU, and finally
another 1x1-convolution (respectively, 230, 240, 250). The rolling window transform
reshapes the input signal of shape [1, t] into a signal of shape [s, ], where s is the
length of a frame and f is the number of frames. We may use frames of 10 ms with
5 ms from the past frame and 5 ms lookahead. For 1 s of audio at 16 kHz this results
ins =80+ 160 + 80 = 320 samples and f = 100. The 1x1-convolutional layers (e.g.
at 230 and/or 250) then model the time dependencies within each frames, i.e. intra-
frame dependencies, whereas the GRU model (e.g. at 240) the dependencies be-
tween different frames, i.e. inter-frame dependencies. This approach allows us to
avoid downsampling via strided convolutions or interpolation layers, which in early
experiments were shown to strongly affect the final quality of the audio synthesized
by SSMGAN [1].
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The rest of the encoder architecture (at block 290) consists of (or in particular com-
prises) 4 residual blocks each a 1d-convolution with kernel size 3 followed by a 1x1-
convolution and activated via LeakyRelLUs. The use of the DPCRNN allows for a
compact and efficient way to model the temporal dependencies of the signal, hence
making the use of dilation or other tricks for extending the receptive field of the re-

sidual blocks unnecessary.

2.2. Quantization

The encoder architecture (at block 290) produces a latent vector of dimension 256
for each packet of 10 ms. This vector is then quantized using a learned residual
vector quantizer based on Vector-Quantized VAE (VQ-VAE) [19] as in [16]. In a
nutshell, this quantizer learns multiple codebooks on the vector space of the en-
coder latent packets. The first codebook approximates the latent output of the en-
coder z = E(x) via the closest entry of the codebook ze. The second codebook does
the same on the "residual” of the quantization, i.e. on z — ze, and so on for the
following codebooks. This technique is well known in classical coding, and permits
to effectively use the vector space structure of the latent to code many more points

in the latent space than the trivial union of the codebooks would allow.

In NESC (or more in general in the present examples), we use a residual quantizer
with three codebooks each at 10 bits to code a packet of 10 ms, hence resulting in
a total of 3 kbps. Even though we did not train for this, at inference time it is possible
{o drop one or two of the codebooks and still retrieve a distorted version of the out-
put. NESC (or more in general in the present examples), is then scalable at 2 kbps
and 1 kbps.

2.3. Decoder

The decoder architecture that we use is composed of a recurrent neural network
followed by a SSMGAN decoder [1]. We use a single non-causal GRU layer as a
prenet in order to pre-pare the bitstream before feeding it to the SSMGAN decoder
[1]. This provides better conditioning information for the Temporal Adaptive DEnor-
malization layers, which constitute the working horse of SSMGAN [1]. We do not
apply significant modifications to the SSMGAN decoder [1], except for the use of a

constant prior signal and the conditioning provided by the 256 latent channels. We
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refer to [1] for more details on this architecture. Briefly, this is a convolutional de-
coder which is based on TADE (also known as FiLM) conditioning and softmax-
gated tanh activations. It upsamples the bit stream with very low upsampling scales

and provides the conditioning information at each layer of upsampling.

It outputs four Pseudo Quadrature Mirror Filterbank (PQMF) subbands, which are
then synthesized using a synthesis filter. This filter has 50 samples of lookahead,
effectively introducing one frame of delay in our implementation. The total delay of
our system is then 25 ms, 15 ms from the encoder and the framing and 10 ms from

the decoder.

3. Evaluation

3.1. Experimental setup

We trained NESC (or more in general in the present examples) on the complete
LibriTTS Dataset [20] at 16 kHz which comprises around 260 hours of speech. We
augmented the dataset with reverberation and background noise addition. More pre-
cisely, we augment a clean sample coming from LibriTTS by adding background
noise coming from the DNS Noise Challenge Dataset [21] at a random SNR be-
tween 0 dB and 50 dB, and then convolved via real or generated room impulse
responses (RIRs) from the SI.LR28 Dataset [22].

The training of NESC (or more in general in the present examples) is very similar to
the training of SSMGAN [1] as described in [1]. We first pretrain encoder and de-
coder together having the spectral reconstruction loss of [23] and the MSE loss as
objective for around 500k iterations. We then turn on the adversarial loss and the
discriminator feature losses from [24] and train for another 700k iterations, beyond
that, we have not seen substantial improvements. The generator is trained on audio
segments of 2 s with batch size 64. We use an Adam [25] optimizer with learning
rate 1 - 107 for the pretraining of the generator, and bring down the learning rate to
5 - 107% as soon as the adversarial training starts. We use an Adam optimizer with

learning rate 2-1074 for the discriminator.

3.2. Complexity
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We report the computational complexity estimates in the following table.

Model Encoder Complexity  Decoder Complexity
SSMGAN 0.05 GMACs 4.50 GMACS
SoundStream 5 GMACs 5 GMACs

NESC 0.5 GMACs 7TGMACS

Table 1: Complexity estimation.

Our implementation runs faster than real time on a single
thread of an Intel(R) Core(TM) i7-6700 CPU at 3.40GHz

3.3. Qualitative statistical analysis of the latent

We provide a qualitative analysis of the distribution of the latent in order to give a
better understanding of its behaviour in practice. The quantized latent frames are
embedded in a space of dimension 256 hence in order to plot their distribution we
use their t-SNE projections. For each experiment we first encode 10 s of audio with
different recording conditions and we label each frame depending on a priori infor-
mation regarding its acoustic and linguistic characteristics. Each subplot represent
a different set of audio randomiy selected from the LibriTTS, VCTK and NTT Da-
tasets. Afterwards we look for clusterings in the low dimensional projections. Notice
that the model is not trained with any clustering objective, hence any such behaviour

shown at inference time is an emergent aspect of the training set up.

We test both speaker characteristics, such as language and gender, and acoustic
aspects like voicing and noisiness. In our first experiment (Fig. 2a) we test voicing
information using a VAD algorithm to label each frame automatically. We notice a
clear clustering of voiced, unvoiced and silent frames with the boundary consisting
of transition frames. We similarly label voiced frames based on their quantized pitch
values, but this shows no significant clustering behaviour. We do not show the pic-

ture because of lack of space.
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In our second experiment (Fig. 2b) we test the effect of noise introduced as in 3.1.
We once again notice a clear division between noise frames and clean frames in
the latent space, suggesting that the model is using distinct parts of the latent for

these distinct modes.

Finally we test linguistic and speaker dependent characteristics such us gender (Fig.
2c) and language. In these cases we do not observe any particular clusterings, sug-

gesting that the model is not able to distinguish between these macro-level aspects.

We hypothesize that the mentioned clustering behaviors might reflect the compres-
sion strategy of the model, which would be in line with well-known heuristics already

used in classical codecs.

3.4 Objective scores

We evaluate NESC using several objective metrics. It is well-known that such met-
rics are not reliable for assessing the quality of neural codecs [7, 10], as they dis-
proportionately favor waveform-preserving codecs. Nonetheless, we report their val-
ues for comparison purposes. We consider ViSQOL v3 [29], POLQA [30] and the
speech intelligibility measure STOI [31].

The scores are calculated on two internally curated test sets, the StudioSet and the
InformalSet, respectively in Table 1 and 2. The StudioSet is constituted of 108 multi-
lingual samples from the NTT Multi-Lingual Speech Database for Telephonometry,
totalling around 14 minutes of studio-quality recordings. The InformalSet is consti-
tuted of 140 multi-lingual samples scraped from several datasets including LibriVox,
and totalling around 14 minutes of audio recordings. This test set includes samples
recorded with integrated microphones, more spontaneous speech, sometimes with
low background noise or reverberation from a small room. NESC (invention) scores

the best among the neural coding solutions across all three metrics.

Table 1: Average objective scores for neural decoders on the StudioSet. For all
metrics higher scores are better. Confidence intervals are negligible for POLQA and
ViSQOL v3, while for STOI they are smaller than 0.02.
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Codec POLQA STOI VIiSQOL v3
OPUS 6 kbps 1.681 0.480 2.273
EVS 5.9kbps 3.308 0.553 3.036
SSMGAN 1.6 kbps 2.213 0.536 2.505
NESC 1 kbps 1.534 0.612 2.109
NESC 2 kbps 2.382 0.641 2.615
NESC 3 kbps 2.548 0.643 2.841

Table 2: Average objective scores for neural decoders on the In-formalSet. For all
metrics higher scores are better. Confidence intervals are negligible for POLQA and
ViSQOL v3, while for STOI they are smaller than 0.025

Codec POLQA STOl ViIiSQOL v3
OPUS 6 kbps 1.833 0.613 2.357
EVS 5.9kbps 3.486 0.736 3.071
SSMGAN 1.6 kbps 2.267 0.647 2.476
NESC 1 kbps 1.659 0.745 2.074
NESC 2kbps 2.492 0.802 2.595
NESC 3 kbps 2.707 0.817 2.822

3.5. Subjective Evaluation

We test the model only on challenging unseen conditions in order to assess its ro-
bustness. For this we select a test set of speech samples from the NTT Dataset
comprising unseen speakers, languages and recording conditions. In the test set
"m" stands for male, "f" for female, "ar" for Arabic, "en" for English, "fr" for French,

"ge" for German, "ko" for Korean, and "th" for Thai.

We also test the model on noisy speech. For this we select the same speech sam-
ples as for the clean speech test and apply a similar augmentation policy as in Sec-
tion 3.1. We add ambient noise samples (e.g. airport noises, typing noises, ...) at
SNR between 10 dB and 30 dB and then convolve with room impulse responses
(RIR) coming from small, medium and big sized rectangular rooms. More precisely,

"ar/f", "en/f", "fr/m", "ko/m", and "th/f" are convolved with RIRs from small rooms,
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and hence for these signals the reverberation does not play a big role; whereas the
other samples are convolved with RIRs medium and large size rooms. The augmen-
tation datasets are the same used in training as they are vast enough to make mem-

orization and overfitting unfeasible for the model.

We conducted two MUSHRA listening test to assess the quality NESC (or more in
general in the present examples), for clean speech and noisy speech involved 11
expert listeners. The results of the test on clean speech are shown in Fig. 5, and
show that NESC (or more in general in the present examples), is on par with
SSMGAN [1] and Enhanced Voice Services (EVS) in this case. The results of the
test on noisy speech are shown in Fig. 6, and they confirmed that SSMGAN [1] is
not robust to such scenarios while showing that NESC (or more in general in the

present examples), is on par with EVS in this case.

The anchor for the tests is generated using the OPUS at 6 kbps, since the quality is
expected to be very low at this bit rate. We took EVS at 5.9 kbps nominal bit rate as
good benchmark for the classical codecs. In order to avoid an influence of CNG

frames with different signature on the test, we deactivated the DTX transmission.

Finally, our solution was also tested against our previous neural decoder SSMGAN
[1] at 1.6 kbps. This model yields high quality speech under clean conditions, but is
not robust in noisy and real-life environments. SSMGAN [1] was trained on VCTK,
hence the comparison with NESC (or more in general in the present examples), is
not completely fair. Early experiments showed that training SSMGAN [1] with noisy
data is more challenging than expected. We suppose that this issue is due to the
reliance of SSMGAN [1] on the pitch information, which might be challenging to es-
timate in noisy environments. For this reason we decided to test NESC (or more in
general in the present examples), against the best neural clean speech decoder that
we have access to, namely SSMGAN [1] trained on VCTK, and still add it to the

noisy speech test as an additional condition to show its limitations.

Both tests clearly show that NESC (or more in general in the present examples), is

on par with EVS, while effectively having half of its bit rate. The noisy test moreover
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shows the limitations of SSMGAN [1] when working with noisy and reverberant sig-
nals, while showing how the quality of NESC stays high even in this challenging

conditions.

4. Conclusions

We present NESC (or more in general in the present examples), a new GAN model
capable of high-quality and robust end-to-end speech coding. We propose the new
DPCRNN as the main building block for efficient and reliable encoding. We test our
setup via objective quality measures and subjective listening tests, and show that it
is robust under various types of noise and reverberation. We show a qualitative
analysis of the latent structure giving a glimpse of the internal workings of our codec.
Future work will be directed toward further complexity reduction and quality improve-

ments.
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Figures 1b and 8: Neural End-2-End Speech Codec high level architecture.
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Figure 2a: t-SNE projection of the latent frames labeled based on voicing infor-
mation. Voiced and unvoiced frames are clearly clustered. Each subplot represents
10 s of speech data.

Figure 3: -SNE projection of the latent frames clusters noisy and clean speech
frames. Each subplot represents 10 s of speech data

Figure 2b: t-SNE projection of the latent frames shows no clustering based on gen-
der. Each subplot represents 10 s of speech data.

Figure 3c: The listening test on clean speech shows that NESC is on par with EVS
and SSMGAN.

Figure 5: The listening test on clean speech shows that NESC is on par with EVS
and SSMGAN.

Figure 6: The listening test on noisy speech shows that NESC is robust under very

challenging conditions

7. Conclusions

We present NESC a new GAN models capable of high-quality and robust end-to-
end speech coding. We propose the new DPCRNN as the main building block for
efficient and reliable encoding. We show how residual quantization and SSMGAN's
decoder yield high-quality speech signals, which is robust under various types of

noise and reverberation.

The question of how to increase the quality of speech even more while reducing the

computational complexity of the model stays open.

8. Important Aspects
8.1 Potential applications and benefits from present examples:
e Generate a compact but generic and meaningful representation of speech
signals, even if recorded in noisy and reverberant environments.
e Application: process speech in so-generated latent representation, like
speech enhancement (e.g. denoising, dereverberation), or disentanglement,
separation, modification, suppression of paralinguistic features (speaker 1D,

emotion...) for applications like voice conversion, privacy-preservation...
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e Application in speech transmissions: Code and transmit speech at very low
bitrates (or sampling rates) while maintaining a natural and good quality, sur-

passing coding efficiency of conventional coding schemes.
8.2  General-purpose speech representation

Main novelties are the adoption of GRUs and the use of a dual path acoustic
frontend based on the rolling windows. The rolling window operation consists in re-
shaping the signal in time domain of shape (1, time length) into overlap-ping frames
of shape (frame length, number of frames). For example a signal (t0, t1, t2, t3)
passed through a rolling window with frame length 2 and overlap 1 results in the

reshaped signal

(to, t1, L2, t3) = ((2) ’ (2) ’ (Z))

which has 3 frames each of length 2. The time dimension along the frames is inter-
preted as the input channels for a 1x1 convolution, i.e. a convolution with kernel size
1, which models the dependencies inside each frame. This is then followed by a

GRU which models the dependencies amongst different frames.

For more details refer to Figs. 1b and 8.
Prior art: HUBERT, wav2vec.

Reference above and below is also made to an audio representation method (or
more in general technique) to generate a latent representation (e.g. 269) from an
input audio signal (e.g. 1), the audio signal (e.g. 1) being subdivided in a sequence
of frames, the audio representation 200 comprising:
e a rolling window transformation 210, reshaping the successive samples split
into frames of the input audio signal into a reshaped input (tensor) of at least
2 dimensions, one (inter-frame) dimension across the frame indices, and
another (intra-frame) dimension across the sample position within one

frame or more than one overlapping frames,
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° at least one sequence of learnable layers (e.g. 230, 240, 250) to provide an
encoded representation (e.g. 269, 469) of the input audio signal (e.g. 1) at

a given frame and accepting as input the reshaped input (tensor).
The input audio signal (e.g. 1) may be speech or speech recorded or mixed with
background noise or a room effect. In addition or alternatively, the at least one se-
quence (e.g. 230, 240, 250) of learnable layers may include a recurrent unit (e.qg.
240) (e.g. applied along the inter-frame dimension). In addition or alternatively, the
at least one sequence (e.g. 230, 240, 250) of learnable layers may include a convo-
lution 230 (e.g. 1x1 convolution) (e.g. applied along the intra-frame dimension). In
addition or alternatively, the at least one sequence (e.g. 230, 240, 250) of learnable
layers may include a convolution (e.g. 1x1 convolution) 230 e.g. followed by a re-

current unit 240 followed by a convolution (e.g. 1x1 convolution) 240.

8.3  Application speech transmission: Encoder
Encoder aspects cover the novelty of the model presently disclosed, by exploiting
the speech representation method disclosed above.

Prior art: SoundStream [5].

Here, there is disclosed, inter alia, an audio encoder (e.g. 2), configured to generate
a bitstream (e.g. 3) from an input audio signal (e.g. 1), the bitstream (e.g. 3) repre-
senting the audio signal (e.g. 1), the audio signal (e.g. 1) being subdivided in a se-
quence of frames, the audio encoder comprising:

¢ arolling window transformation (e.g. 210), reshaping the successive samples
split into frames of the input audio signal into a reshaped input (tensor) of at
least 2 dimensions, one (inter-frame) dimension across the frame indices,
and another (intra-frame) dimension across the sample position within one
frame or more than one overlapping frames,

s at least one sequence (e.g. 230, 240, 250) of learnable layers to provide an
encoded representation of the input audio signal (e.g. 1) at a given frame and
accepting as input the reshaped input (tensor).

e a quantizer (e.g. 300), configured to quantize the latent representation at the
given frame.

Additionally or alternatively, the at least one sequence (e.g. 230, 240, 250) of learn-

able layers may include a recurrent unit (applied along the inter-frame dimension)
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240 (e.g. a GRU, or a LSTM). Additionally or alternatively, the at least one sequence
(e.g. 230, 240, 250) of learnable layers includes a 1x1 (e.g. 1x1 convolution) (e.g.
applied along the intra-frame dimension). Additionally or alternatively, the at least
one sequence of learnable layers may include a convolution (e.g. 1x1 convolution)
230 followed by a recurrent unit 240 followed by a convolution (e.g. 1x1 convolution)
250. Additionally or alternatively, the quantizer 300 may be a vector quantizer. Ad-
ditionally or alternatively, the quantizer 300 may be a residual or a multi-stage vector
quantizer. Additionally or alternatively, the quantizer 300 may be learnable and is
learned together with the at least one learnable layer and/or the codebook which

uses is learnable.

It is to be noted that the at least one codebook (at the quantizer 300 and/or at quan-
tization index converter 313) can have fixed length. In case there are multiple rank-
ings, it may be possible that the encoder signals in the bitstream which indexes of

which ranking are encoded.

8.4  Application speech transmission: Decoder
The decoder uses features from the published Streamwise-StyleMelGAN
(SSMGAN). Decoder aspects are then about using a RRN (e.g. GRU) as pre-net-
work (prenet) used before condition SSMGAN.

Prior art: SSMGAN [1].

There is disclosed an audio decoder (e.g. 10), configured to generate an output
audio signal (e.g. 16) from a bitstream (e.g. 3), the bitstream (e.g. 3) representing
the audio signal (e.g. 1) intended to be reproduced, the audio signal (e.g. 1) being
subdivided in a sequence of frames, the audio decoder (e.g. 10) comprising at least
one of:
e a first data provisioner (e.g. 702) configured to provide, for a given frame,
a first data derived from an external source or internal source or from the
bitstream (e.g. 3),
¢ atleast one preconditioning learnable layer (e.g. 710) based on recurrent
unit(s) configured to receive the bitstream (e.g. 3) and, for the given frame,
output target data (e.g. 12) representing the audio signal (e.g. 1) in the

given frame.
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e at least one conditioning learnable layer configured, for the given frame,
to process the target data (e.g. 12) to obtain conditioning feature parame-
ters (e.g. 74, 75) for the given frame.

e astyling element (e.g. 77) configured to apply the conditioning feature pa-
rameters (e.g. 74, 75) to the first data (e.g. 15) or normalized first data to

obtain the output audio signal (e.g. 16).

Final summaries

The examples above are here summarized. Some new features can also integrate
examples above (e.qg. integrated by square brackets, which create additional em-

bodiments and/or variants).

As shown in examples above, there is disclosed an audio generator (10) config-
ured to generate an audio signal (16) from a bitstream (3), the bitstream (3) repre-
senting the audio signal (16), the audio signal being subdivided in a sequence of
frames, the audio generator (10) comprising:

a first data provisioner (702) configured to provide, for a given frame, first
data (15) derived from an input signal (14) [e.g. from an external or internal source
or from the bitstream (3)], [wherein the first data (15) may have one single channel
or multiple channels; the first data may be, for example, completely unrelated with
the target data and/or with the bitstream, while in other examples the first data may
have some relationship with the bitstream, since it may be obtained from the bit-
stream, e.g. from the LPC parameters of the bitstream, or other parameters taken
from the bitstream];

a first processing block (40, 50, 50a-50h), configured, for the given frame, to
receive the first data (15) and to output first output data (69) in the given frame,
[wherein the first output data (69) may comprise a one single channel or a plurality
of channels (47)],

fe.g. the audio generator also comprising a second processing block (45),
configured, for the given frame, to receive, as second data, the first output data (69)
or data derived from the first output data (69),]

wherein the first processing block (50) comprises:

at least one preconditioning learnable layer (710) configured to receive

the bitstream (3), or a processed version (112) thereof, and, for the given
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frame, output target data (12) representing the audio signal (16) in the given
frame [e.g. with multiple channels and multiple samples for the given frame};
at least one conditioning learnable layer (71, 72, 73) configured, for
the given frame, to process the target data (12) to obtain conditioning feature
parameters (74, 75) for the given frame; and
a styling element (77), configured to apply the conditioning feature pa-
rameters (74, 75) to the first data (15, 59a) or normalized first data (59, 76');
[wherein the second processing block (45), if present, may be configured to
combine the plurality of channels (47) of the second data (69) to obtain the audio
signal (16)],
wherein the at least one preconditioning learnable layer (710) includes at
least one recurrent learnable layer [e.g. a gated recurrent learnable layer, such as
a gated recurrent unit, GRU]
[e.g. configured to obtain the audio signal (16) from the first output data (69)

or a processed version of the first output data (69)].

The audio generator (10) may be configured to obtain the audio signal (16) from

the first output data (69) or a processed version of the first output data (69).

The audio generator (10) may be such that the first data (15) have multiple chan-
nels, wherein the first output data (69) comprise a plurality of channels (47),

the audio generator also comprising a second processing block (45), config-
ured, for the given frame, to receive, as second data, the first output data (69) or
data derived from the first output data (69), the output target data (12) being with
multiple channels and multiple samples for the given frame, wherein the second
processing block (45) is configured to combine the plurality of channels (47) of the

second data (69) to obtain the audio signal (16).

As shown in examples above, there is disclosed an audio generator (10), config-
ured to generate an audio signal (16) from a bitstream (3), the bitstream (3) repre-
senting the audio signal (16), the audio signal being subdivided in a sequence of
frames, the audio generator (10) comprising:

a first data provisioner (702) configured to provide, for a given frame, first

data (15) derived from an input signal (14), [e.g. from an external or internal source
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or from the bitstream (3)], [wherein the first data (15) may have one single channel
or multiple channels; the first data may be, for example, completely unrelated with
the target data and/or with the bitstream, while in other examples the first data may
have some relationship with the bitstream, since it may be obtained from the bit-
stream, e.g. from the LPC parameters of the bitstream, or other parameters taken
from the bitstream];

a first processing block (40, 50, 50a-50h), configured, for the given frame, to
receive the first data (15) and to output first output data (69) in the given frame,
wherein the first output data (69) may comprise a plurality of channels (47),

the audio generator also comprising a second processing block (45), config-
ured, for the given frame, to receive, as second data, the first output data (69) or
data derived from the first output data (69),

wherein the first processing block (50) comprises:

at least one preconditioning learnable layer (710) configured to receive
the bitstream (3), or a processed version (112) thereof, and, for the given
frame, output target data (12) representing the audio signal (16) in the given
frame [e.g. with multiple channels and multiple samples for the given frame];

at least one conditioning learnable layer (71, 72, 73) configured, for
the given frame, to process the target data (12) to obtain conditioning feature
parameters (74, 75) for the given frame; and

a styling element (77), configured to apply the conditioning feature pa-

rameters (74, 75) to the first data (15, 59a) or normalized first data (59, 76');

wherein the second processing block (45), if present, may be configured to
combine the plurality of channels (47) of the second data (69) to obtain the audio
signal (16), ’

wherein the at least one preconditioning learnable layer (710) includes at
least one recurrent learnable layer [e.g. a gated recurrent learnable layer, such as
a gated recurrent unit, GRU, or LSTM]

[e.g. the audio generator may be configured to obtain the audio signal (16) from

the first output data (69) or a processed version of the first output data (69)].

The audio generator may be such that the recurrent learnable layer includes at

least one gated recurrent unit, GRU.
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The audio generator may be such that the recurrent learnable layer includes at

least one long short term memory, LSTM, recurrent learnable layer.

The audio generator may be such that the recurrent learnable layer is configured
to generate the output, which is [target data (12)] for a given time instant by keep-
ing into account the output [target data (12)] and/or a state of a preceding [e.g.
immediately preceding] time instant, wherein the relevance of the output [target
data (12)] and/or state of a preceding [e.g. immediately preceding] time instant is

obtained training.

The audio generator o may be such that the recurrent learnable layer operates
along a series of time steps each having at least one state, in such a way that
each time step is conditioned by the output and/or state of the [e.g. immediately]
preceding time step [the state of the preceding time step may be the output]fit may
be, like in Fig. 11, that the step and/or output of each step is recursively provided
to a subsequent time step, e.g. the immediately subsequent time step][alterna-
tively, like in fig. 12, there may be a plurality of feedforward modules, each provid-
ing the state and/or output to the subsequent module, e.g. the immediately subse-
quent module]fthe implementation of Fig. 12 may be understood, in some exam-
ples, like the unrolled version of the implementation of Fig. 11][in examples, the
parameters of different time instants and/or feedforward modules may be in gen-

eral different from each other, but in some examples they may be the same].

The audio generator may further comprising a plurality of feedforward modules,

each providing the state and/or output to the immediately subsequent module.

The audio generator may be such that the recurrent learnable layer is configured

to generate a state and/or output [hy [for a particular t-th state or module] by:
weighting a candidate state and/or output through an update gate vector [z{]

[whose elements may have a value between 0 and 1, or another value between 0

and c, with ¢>0], to generate a first weighted addend; and



10

15

20

25

30

WO 2023/175198 PCT/EP2023/057108
71

weighting the state and/or output [ht-1] of the preceding time step through a
vector which is complementary to 1 [i.e. its components are complementary to 1]
with the update gate vector z, to generate a second weighted addend; and

adding the first addend with the second addend

[the update gate vector [zi] provides information on both how much is to be
taken from the candidate state and/or output and how much is to be taken from the
state and/or output [he1] of the preceding time step; e.g. if zt =0, the state and/or
output for the current time instant is only taken from the state and/or output [ht.1] of
the preceding time step; while if the z: =1, the state and/or output for the current

time instant is only taken from the candidate vector].

The audio generator may be such that the recurrent learnable layer is configured
to generate a state and/or output [ht] by:

through reciprocally complementary weighting vectors, adding a weighted
version of a candidate state and/or output with a weighted version of the state

and/or output he.1 of the preceding time step.

The audio generator may be such that the recurrent learnable layer is configured
to generate the candidate state and/or output by at least applying a weight param-
eter [W], obtained by training, to:

an element-wise product between a reset gate vector [r] and the state
and/or output [he1] of the preceding time step, concatenated with the input [xi] for
the current time instant;

optionally foliowed by applying an activation function (e.g. tanH)

[the reset gate vector [ri] giving information on how much the state and/or
output [ht1] of the preceding time step shall be reset][if rt =0, we reset everything

and we keep nothing from he1, while if rcis higher, then we keep more from h.1].

The audio generator may be further configured to apply an activation function after

having applied the weight parameter W. The activation function may be TanH.

The audio generator may be such that the recurrent learnable layer is configured

to generate the candidate state and/or output by at least:
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weighting, through weight parameter W obtained by training, a vector which
is conditioned by both: ‘

the input [x{ for the current time instant and

the state and/or output [ht1] of the preceding time step weighted onto a re-
set gate vector [ri], [the reset gate vector giving information on how much the state
and/or output [ht1] of the preceding time step shall be reset][if r. =0, we reset eve-
rything and we keep nothing from ht1, while if rt is higher, then we keep more from
ht1]
The audio generator may be such that the recurrent learnable layer is configured
to generate the update gate vector [z] by applying a parameter [W;] to a concate-
nation of:

the input [ht.1] of the recurrent module [ht1] concatenated with

the input [x{] for the current time instant [e.g. the input to the at least one
preconditioning learnable layer (710)],

optionally followed by applying an activation function (e.g., sigmoid, o).

The audio generator may be configured, after having applied the parameter W-, to

apply an activation function.
The audio generator may be such that the activation function is a sigmoid, O.

The audio generator may be such that the reset gate vector rt is obtained by apply-
ing a weight parameter W, to a concatenation of both:
the state and/or output ht1 of the preceding time step and

the input xt for the current time instant.

The audio generator may be configured, after having applied the parameter W, to

apply an activation function.
The audio generator may be such that the activation function is a sigmoid, O.

An audio generator (10) may comprise a quantization index converter (313) [also

called index-to-code converter, inverse quantizer, reverse quantizer, etc.] config-
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ured to convert indexes of the bitstream (13) onto codes [e.g., according to the ex-
amples, the codes may be scalars, vectors or more in general tensors][e.g. ac-
cording to a codebook, e.g. a tensor may be muitidimensional, such as a matrix or
its generalization onto multiple dimensions, e.g. three dimensions, four dimen-
sions, etc.]le.g. the codebook may be learnable or may be deterministic][e.g. the

codebooks 112 may be provided to the preconditioning learnable layer (710)].

As shown in examples above, there is disclosed an audio generator (10) con-
figured to generate an audio signal (16) from a bitstream (3), the bitstream (3) rep-
resenting the audio signal (16), the bitstream (3) being subdivided into a sequence
of indexes, the audio signal being subdivided in a sequence of frames, the audio
generator (10) comprising:

a quantization index converter (313) [also called index-to-code converter, in-
verse quantizer, reverse quantizer, etc.] configured to convert the indexes of the
bitstream (13) onto codes [e.g., according to the examples, the codes may be sca-
lars, vectors or more in general tensors][e.g. according to a codebook, e.g. a tensor
may be multidimensional, such as a matrix or its generalization onto multiple dimen-
sions, e.g. three dimensions, four dimensions, etc.][e.g. the codebook may be learn-
able or may be deterministic],

a first data provisioner (702) configured to provide, for a given frame, first
data (15) derived from an input signal (14) from an external or internal source or
from the bitstream (3), [wherein the first data (15) may have one single channel or
multiple channels][;

a first processing block (40, 50, 50a-50h), configured, for the given frame, to
receive the first data (15) and to output first output data (69) in the given frame,
[wherein the first output data (69) may comprise a one single channel or a plurality
of channels (47)], and

[there may be a second processing block (45), configured, for the given
frame, to receive, as second data, the first output data (69) or data derived from the
first output data (69)],

wherein the first processing block (50) comprises:

at least one preconditioning learnable layer (710) configured to receive
the bitstream (3), or a processed version (112) thereof [e.g. the processed

version (112) may be outputted by the quantization index converter (313)],
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and, for the given frame, output target data (12) representing the audio signal
(16) in the given frame [e.g. with multiple channels and multiple samples for
the given frame];

at least one conditioning learnable layer (71, 72, 73) configured, for
the given frame, to process the target data (12) to obtain conditioning feature
parameters (74, 75) for the given frame; and

a styling element (77), configured to apply the conditioning feature pa-
rameters (74, 75) to the first data (15, 59a) or normalized first data (59, 76’);

[wherein the second processing block (45), if present, may be config-
ured to combine the plurality of channels (47) of the first output data or of the
second output data (69) to obtain the audio signal (16)]
[e.g. configured to obtain the audio signal (16) from the first output data (69)

or a processed version (16) of the first output data (69)).

The audio generator may be such that the first data has a plurality of channels, the
first output data comprises a plurality of channels, the target data being with multiple
channels,

further comprising a second processing block (45) configured to combine the

plurality of channels (47) of the first output data to obtain the audio signal (16).

The audio generator may be such that the least one codebook is learnable.

The audio generator may be such that the quantization index converter
(313) uses at least one codebook associating indices [e.g. codebook(s) ze, re, Je,
with the index iz representing a code z approximating E(x) and being taken from
the codebook ze, the index ir approximating E(x)-z and being taken from the code-
book re, and the index ge approximating E(x)-z-r and being taken from the code-
book iq] encoded in the bitstream to codes e.g. scalars, vectors or more in general
tensors, representing a frame, several frames or portions of a frame of the audio

signal to generate.

The audio generator may be such that the at least one codebook [e.g. ze, re,

ge] is or comprises a base codebook [e.g. ze] associating indexes [e.g. z] encoded
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in the bitstream (3) to codes [e.g. scalar, vectors or more in general tensors] repre-

senting main portions of frames [e.g. latent].

The audio generator may be such that the at least one codebook is a [or more
comprises] a residual codebook [e.g. a first residual codebook, e.g. re and maybe
a second residual codebook, e.g. ge, and maybe even more low-ranked residual
codebooks; further codebooks are possible] associating indexes encoded in the
bitstream to codes [e.g. scalars, vectors, or more in general tensors] representing
residual [e.g. error] portions of frames [e.g., wherein the audio generator is also
configured to recompose the frames, e.g. by addition of the base portion to the

one or two or more residual portions for each frame].

The audio generator may be such that there are defined a multiplicity of re-
sidual codebooks, so that

a second residual codebook associates indexes encoded in the bit-
stream to codes (scalar, vector, tensor...) representing second residual por-
tions of frames, and

a first residual codebook associates indexes encoded in the bit-
stream to codes representing first residual portions of frames,

wherein the second residual portions of frames are residual [e.g. low-

ranked] with respect to the first residual portions of frames.

The audio generator may be such that the bitstream (3) signals whether in-
dexes associated to residual frames are encoded or not, and the quantization in-
dex converter (313) is accordingly configured to read [e.g. only] the encoded in-
dexes according to the signalling [and, in case of different rankings, the bitstream
may signal which indexes of which ranking are encoded, and/or the at least one
codebook (313) accordingly reads, e.g. only, the encoded indexes according to the

signalling].

The audio generator may be such that at least one codebook is a fixed-
length codebook [e.g. at least one codebook having a number of bits between 4

and 20, e.g. between 8 and 12, e.g. 10].
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The audio generator may be configured to perform dithering to the codes.

The audio generator may be such that a training session is performed by receiving
a multiplicity of bitstreams, with indexes associated with known codes, represent-
ing known audio signals, the training session including an evaluation of the gener-
ated audio signals in respect to the known audio signals, so as to adapt associa-
tions of indexes of the at least one codebook with the frames of the encoded bit-
streams [e.g. by minimizing the difference between the generated audio signal and

the known audio signals] [e.g. using a GAN].

The audio generator may be such that the training session is performed by receiv-
ing at least:

a multiplicity of first bitstreams with first candidate indexes having a first bitlength
and being associated with first known frames representing known audio signals,
the first candidate indexes forming a first candidate codebook, and

a multiplicity of second bitstreams with second candidate indexes having a second
bitlength and being associated with known frames representing the same first
known audio signals, the second candidate indexes forming a second candidate
codebook,

wherein the first bitlength is higher than the second bitlength [and/or the first
bitlength has higher resolution but it occupies more band than the second
bitlength],

the training session including an evaluation of the generated audio signals ob-
tained from the multiplicity of the first bitstreams in comparison with the generated
audio signals obtained from the multiplicity of the second bitstreams, to thereby
choose the codebook [e.g. so that the chosen learnable codebook is the chosen
codebook between the first and second candidate codebooks] [for example, there
may be an evaluation of a first ratio between a metrics measuring the quality of the
audio signal generated from the multiplicity of first bitstreams in respect to the
bitlength vs a second ratio between a metrics measuring the quality of the audio
signal generated from the multiplicity of second bitstreams in respect to the bitrate
(sampling rate), and to choose the bitlength which maximizes the ratio][e.g. this
can be repeated for each of the codebooks, e.g.. the main, the first residual, the

second residual, etc.].
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The audio generator may be such that the training session is performed by receiv-
ing:

a first multiplicity of first bitstreams with first indexes associated with first known
frames representing known audio signals, wherein the first indexes are in a first
maximum number, the first multiplicity of first candidate indexes forming a first
candidate codebook; and

a second multiplicity of second bitstreams with second indexes associated with
known frames representing the same first known audio signals, the second multi-
plicity of second candidate indexes forming a second candidate codebook,
wherein the second indexes are in a second maximum number different from the
first maximum number,

the training session including an evaluation of the generated audio signals ob-
tained from the first multiplicity of the first bitstreams in comparison with the gener-
ated audio signals obtained from the second multiplicity of the second bitstreams,
to thereby choose the learnable indexes [ e.g. so that the chosen learnable code-
book is chosen among the first candidate codebook and the second candidate
codebook] [for example, there may be an evaluation of a first ratio between a met-
rics measuring the quality of the audio signal generated from the first multiplicity of
first bitstreams vs a second ratio between a metrics measuring the quality of the
audio signal generated from the second multiplicity of second bitstreams in respect
to the bitrate (sampling rate), and to choose the multiplicity, among the first multi-
plicity and second multiplicity, which maximizes the ratio] [e.g. this can be re-
peated for each of the codebooks, e.g.. the main, the first residual, the second re-

sidual, etc.].

The audio generator may be such that the training session is performed by receiv-
ing:

a first multiplicity of first bitstreams with first indexes representing codes obtained
from known audio signals, the first multiplicity of first bitstreams forming at least
one first codebook [e.g. at least one main codebook ze}; and

a second multiplicity of second bitstreams including both the first indexes repre-
senting main codes obtained from known audio signals and second indexes repre-
senting residual codes in respect to the main codes, the second multiplicity of sec-

ond bitstreams forming the at least one first codebook [e.g. at least one main
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codebook ze] and at least one second codebook [e.g. at least one residual code-
book re];

the training session including an evaluation of the generated audio signals ob-
tained from the first multiplicity of the first bitstreams in comparison with the gener-
ated audio signals obtained from the second multiplicity of the second bitstreams,
to thereby choose among the first multiplicity [and/or the first candidate codebook
Ze] and the second multiplicity [and/or the first candidate codebook ze as main
codebook, together with the at least one second codebook used as residual code-
book re] [e.g. so that the chosen learnable codebook is chosen among the first
candidate codebook and the second candidate codebook] [for example, there may
be an evaluation of a first ratio between a metrics measuring the quality of the au-
dio signal generated from the first muttiplicity of first bitstreams vs a second ratio
between a metrics measuring the quality of the audio signal generated from the
second multiplicity of second bitstreams in respect to the bitrate (sampling rate),
and to choose the multiplicity, among the first multiplicity and second multiplicity,
which maximizes the ratio] [e.g. this can be repeated for each of the codebooks,

e.g.. the main, the first residual, the second residual, etc.].

The audio generator may be configured so that the bitrate (sampling rate) of the
audio signal (16) is greater than the bitrate (sampling rate) of both the target data
(12) and/or of the first data (15) and/or of the second data (69).

The audio generator further comprising a second processing block (45) configured
to increase the bitrate (sampling rate) of the second data (69), to obtain the audio
signal (16) [and/or wherein the second processing block (45) is configured to re-
duce the number of channels of the second data (69), to obtain the audio signal

(186).

The audio generator may be such that the first processing block (50) is configured
to up-sample the first data (15) from a number of samples for the given frame to a
second number of samples for the given frame greater than the first number of sam-

ples.
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The audio generator may comprise a second processing block (45) configured to
up-sample the second data (69) obtained from the first processing block (40) from
a second number of samples for the given frame to a third number of samples for

the given frame greater than the second number of samples.

The audio generator may be configured to reduce the number of channels of the
first data (15) from a first number of channels to a second number of channels of

the first output data (69) which is lower than the first number of channels.

The audio generator further comprising a second processing block (45) configured
to reduce the number of channels of the first output data (69), obtained from the first
processing block (40), from a second number of channels to a third number of chan-
nels of the audio signal (16), wherein the third number of channels is lower than the

second number of channels.

The audio generator may be such that the audio signal (16) is a mono audio signal.

The audio generator may be configured to obtain the input signal (14) from the bit-
stream (3, 3b).

The audio generator may be configured to obtain the input signal from noise (14).

The audio generator may be such that the at least one preconditioning learnable
layer (710) is configured to provide the target data (12) as a spectrogram or a de-

coded spectrogram.

The audio generator be such that the at least one conditioning learnable layer or a
conditioning set of learnable layers comprises one or at least two convolution layers
(71-73).

The audio generator be such that a first convolution layer (71-73) is configured to
convolute the target data (12) or up-sampled target data to obtain first convoluted

data (71’) using a first activation function.
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The audio generator may be such that the first activation function is a leaky rectified linear

unit, leaky RelLu, function.

The audio generator be such that the at least one conditioning learnable layer or a condi-
tioning set of learnable layers (71-73) and the styling element (77) are part of a weight layer
in a residual block (50, 50a-50h) of a neural network comprising one or more residual blocks
(50, 50a-50h).

The audio generator be such that the audio generator (10) further comprises a nor-

malizing element (76), which is configured to normalize the first data (59a, 15).

The audio generator be such that the audio generator (10) further comprises a nor-
malizing element (76), which is configured to normalize the first data (59a, 15) in the

channel dimension.

The audio generator be such that the audio signal (16) is a voice audio signal.

The audio generator be such that the target data (12) is up-sampled by a factor of

a power of 2 or by another factor, such as 2.5 or a multiple of 2.5.

The audio generator be such that the target data (12) is up-sampled (70) by non-

linear interpolation.

The audio generator be such that the first processing block (40, 50, 50a-50k) further
comprises:

a further set of learnable layers (62a, 62b), configured to process data de-
rived from the first data (15, 59, 59a, 59b) using a second activation function (63b,
64b),

wherein the second activation function (63b, 64b) is a gated activation function.

The audio generator be such that the further set of learnable layers (62a, 62b) may

comprise one or two or more convolution layers.

The audio generator be such that the second activation function (63a, 63b) is a

softmax-gated hyperbolic tangent, TanH, function.
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The audio generator be such that the first activation function is a leaky rectified linear

unit, leaky Relu, function.

The audio generator be such that convolution operations (61b, 62b) run with maxi-

mum dilation factor of 2.

The audio generator comprise eight first processing blocks (50a-50h) and one sec-

ond processing block (45).

The audio generator be such that the first data (15, 59, 59a, 59b) has own dimension

which is lower than the audio signal (16).

The audio generator may be such that the target data (12) is a spectrogram.

The audio signal (16) may be a mono audio signal.

As shown in examples above, there is disclosed an audio signal representation gen-
erator (2, 20) for generating an output audio signal representation (3, 469) from an
input audio signal (1) including a sequence of input audio signal frames, each input
audio signal frame including a sequence of input audio signal samples, the audio
signal representation generator comprising:

a format definer (210) configured to define a first multi-dimensional audio sig-
nal representation (220) of the input audio signal (1), the first multi-dimensional au-
dio signal representation (220) of the input audio signal including at least:

a first dimension [e.g. inter frame dimension], so that a plurality of mu-
tually subsequent frames [e.g. immediately subsequent] is ordered according
to the first dimension; and

a second dimension [e.g. intra frame dimension], so that a plurality of
samples of at least one frame are ordered according to the second dimension
[the format definer may be configured to order mutually subsequent samples,
e.g. immediately subsequent samples, one after the other one according to

the second dimension],
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at least one learnable layer (230, 240, 250, 290, 300) configured to process
the first multidimensional audio signal representation (220) of the input audio signal
(1), or processed version of the first multi-dimensional audio signal representation,

to generate the output audio signal representation (3, 469) of the input audio signal

(1)

The audio signal representation generator may be such that the format definer (210)
is configured to insert, along the second dimension [e.g. intra frame dimension] of
the first multidimensional audio signal representation of the input audio signal, input

audio signal samples of each given frame.

The audio signal representation generator may be such that the format definer (210)
is configured to insert, along the second dimension [e.g. intra frame dimension] of
the first multi-dimensional audio signal representation (220) of the input audio signal
(1), additional input audio signal samples of one or more additional frames immedi-
ately successive to the given frame [e.g. in a predefined number, e.g. application

specific, e.g. defined by a user or an application].

The audio signal representation generator may be such that the format definer (210)
is configured to insert, along the second dimension of the first multidimensional au-
dio signal representation (220) of the input audio signai (1), additional input audio
signal samples of one or more additional frames immediately preceding the given
frame [e.g. in a predefined number, e.g. application specific, e.g. defined by a user

or an application].

The audio signal representation generator may be such that the at least one learn-

able layer includes at least one recurrent learnable layer (240) [e.g. a GRU].

The audio signal representation generator may be such that the at least one recur-
rent learnable layer (240) is operated along the first dimension [e.g. inter frame di-

mension].

The audio signal representation generator may further comprise at least one first

convolutional learnable layer (230) [e.g. with a convolutional kernel, which may be
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a learnable kernel and/or which may be a 1x1 kernel] between the format definer
(210) and the at least one recurrent learnable layer (240) [e.g. GRU, or LSTM].

The audio signal representation generator may be such that in the at least one first
convolutional learnable layer (230) [first learnable layer] the kernel is slid along the
second direction [e.g. intra frame direction] of the first multi-dimensional audio signal

representation (220) of the input audio signal (1).

The audio signal representation generator may further comprise at least one convo-
lutional learnable layer (250) [e.g. with a convolutional kernel, which may be a learn-
able kernel and/or which may be a 1x1 kernel] downstream to the at least one re-
current learnable layer (240) [e.g. GRU, or LSTM].

The audio signal representation generator may be such that in the at least one con-
volutional learnable layer (250) [first learnable layer] the kernel is slid along the sec-
ond direction [e.g. intra frame direction] of the first multi-dimensional audio signal

representation (220) of the input audio signal (1).

The audio signal representation generator may be such that at least one or more of

the at least one learnable layer is a residual learnable layer.

The audio signal representation generator may be such that at least one learnable
layer (230, 240, 250) is a residual learnable layer [e.g. a main portion of the first
multidimensional audio signal representation (220) of the input audio signal bypass-
ing (259') the at least one learnable layer (230, 240, 250), and/or the at least one
learnable layer (230, 240, 250) is applied to at least a residual portion (259a) of the

first bidimensional audio signal representation (220) of the input audio signal (1)].

207b". The audio signal representation generator may be such that the re-
current learnable layer operates along a series of time steps each having at least
one state, in such a way that each time step is conditioned by the output and/or
state of the [e.g. immediately] preceding time step [the state of the preceding time
step may be the output]fit may be, like in Fig. 11, that the step and/or output of

each step is recursively provided to a subsequent time step, e.g. the immediately
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subsequent time step][alternatively, like in fig. 12, there may be a plurality of feed-
forward modules, each providing the state and/or output to the subsequent mod-
ule, e.g. the immediately subsequent module]fthe implementation of Fig. 12 may
be understood, in some examples, like the unrolled, e.g. developed, version of the
implementation of Fig. 11][in examples, the parameters of different time instants
and/or feedforward modules may be in general different from each other, but in

some examples they may be the samel].

The audio signal representation generator may be such thatthe step and/or

output of each step is recursively provided to a subsequent time step.

The audio signal representation generator may comprise a plurality of feed-
forward modules, each providing the state and/or output to the subsequent mod-

ule.

The audio signal representation generator may be such that the recurrent
learnable layer generates the output [target data (12)] for a given time instant by
keeping into account the output [target data (12)] and/or a state of a preceding
[e.g. immediately preceding] time instant, wherein the relevance of the output
and/or state of a preceding [e.g. immediately preceding] time instant is obtained

training.

As shown in examples above, there is disclosed an audio signal representa-
tion generator (2, 20) for generating an output audio signal representation (3, 469)
from an input audio signal (1) including a sequence of input audio signal frames,
each input audio signal frame including a sequence of input audio signal samples,
the audio signal representation generator (2, 20) comprising:

a [e.g. deterministic] format definer (210) configured to define a first multi-
dimensional audio signal representation (220) of the input audio signal (1) [e.g. the
same of above];

[an optional first learnable layer (230), e.g. a first convolutional learnable
layer, which is a convolutional learnable layer configured to generate a second multi-

dimensional audio signal representation of the input audio signal (1) by sliding along
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a second direction [e.g. intra frame direction] of the first multi-dimensional audio
signal representation (220) of the input audio signal (1);]

a second learnable layer (240) which is a recurrent learnable layer configured
to generate a third multi-dimensional audio signal representation of the input audio
signal (1) by operating along a first direction [e.g. inter frame direction] of the second
multi-dimensional audio signal representation (220) of the input audio signal (1) [e.g.
using a 1x1 kernel, e.g. a 1x1 learnable kernel, or another kernel];

a third learnable layer (250) [which may be, for example, a second convolu-
tional learnable layer] which is a convolutional learnable layer configured to gener-
ate a fourth multi-dimensional audio signal representation (265b’) of the input audio
signal by sliding along the second direction [e.g. intra frame direction] of the first
multi-dimensional audio signal representation of the input audio signal [e.g. using a
1x1 kernel, e.g. a 1x1 learnable kernel],

so as to obtain the output audio signal representation (269) from the fourth
[or the second or the third] multi-dimensional audio signal representation (265b’) of
the input audio signal (1) [e.g., after having added the fourth multi-dimensional audio
signal representation (265b’) with a main portion of the multi-dimensional audio sig-
nal representation (220) of the input audio signal (1), or after the block 290 and/or

quantization block 300].

The audio signal representation generator may further comprise a first learnable
layer (230) which is a convolutional learnable layer configured to generate a second
multi-dimensional audio signal representation of the input audio signal (1) by sliding
along a second direction of the first multi-dimensional audio signal representation

(220) of the input audio signal (1).

The audio signal representation generator may be such that the first learnable layer
is applied along the second dimension of the first multidimensional audio signal rep-

resentation of the input audio signal.

The audio signal representation generator may be such that the first learnable layer

is a residual learnable layer.
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The audio signal representation generator may be such that at least the sec-
ond learnable layer (240) and the third learnable layer (250) are residual learnable
layer[e.g. a main portion of the first multidimensional audio signal representation
(220) of the input audio signal bypasses (259’) the first learnable layer (230), the
second learnable layer (240), and the third learnable layer (250), and/or the first
learnable layer (230), the second learnable layer (240), and the third learnable layer
(250) are applied to at least a residual portion (259a) of the first bidimensional audio
signal representation (220) of the input audio signal (1)].

The audio signal representation generator may be such that the first learnable
layer is applied [e.g. by sliding the kernel] along the second dimension of the first

multidimensional audio signal representation of the input audio signal.

The audio signal representation generator may be such that the third learna-
ble layer is applied [e.g. by sliding the kemel] along the second dimension of the

third multi-dimensional audio signal representation of the input audio signal.

The audio signal representation generator may further comprise an encoder
[and/or a quantizer] to encode a bitstream from the output audio signal representa-

tion.

The audio signal representation generator may further comprise at least one
further learnable block (290) downstream to the at least one learnable block (230)
[and/or upstream to the quantizer, which may be a learnable quantizer, e.g. a quan-
tizer using a learnable codebook] to generate, from the fourth [or the first, or the
second, or the third, or another] multi-dimensional audio signal representation (269)
of the input audio signal (1) [and/or from the output audio signal representation (3,
469) of the input audio signal (1)], a fifth audio signal representation (469) of the
input audio signal (1) with multiple samples [e.g. 256, or at least between 120 and
560] for each frame [e.g. for 10ms, or for 5ms, or for 20ms] [the learnable block may
be, for example, a non-residual learnable block, and it may have a kernel which may

be a learnable kernel, e.g. a 1x1 kernel].
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The audio signal representation generator may be such that the at least one
further learnable block (290) downstream to the at least one learnable block (230)
[and/or upstream to the quantizer] includes:

at least one residual learnable layer [e.g. a main portion (459a’) of the audio
signal representation (429) bypasses (459’) at least one of a first layer (430) [e.g.
an activation function, e.g. leaky ReLU]the first bypassed layer 430 may therefore
be a non-learnable activation function], a second, learnable layer (440), a third layer
(450) [e.g. an activation function, e.g. leaky RelL U] and a fourth, learnable layer
(450) [e.g. without being followed by an activation function] and/or at least one of a
first layer (430), a second, learnable layer (440), a third layer (450) and a fourth,
learnable layer (450) is applied to at least a residual portion (459a) of the audio

signal representation (359a) of the input audio signal (1)].

The audio signal representation generator may be such that the at least one
further learnable block (290) downstream to the at least one learnable block (230)
[and/or upstream to the quantizer] includes:

at least one convolutional learnable layer.

The audio signal representation generator may be such that the at least one
further learnable block (290) downstream to the at least one learnable block (230)
[and/or upstream to the quantizer] includes:

at least one learnable layer activated by an activation function (e.g.
Relu or Leaky Rel.u).

The audio signal representation generator may be such that the activation
function is Relu or Leaky Relu.
The audio signal representation generator may be such that the format definer (210)
is configured to define a first multi-dimensional audio signal representation (220) of
the input audio signal (1), the first multi-dimensional audio signal representation
(220) of the input audio signal including at least:
a first dimension [e.g. inter frame dimension], so that a plurality of mu-
tually subsequent frames [e.g. immediately subsequent] is ordered according

to the first dimension; and
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a second dimension [e.g. intra frame dimension], so that a plurality of
samples of at least one frame are ordered according to the second dimension
[the format definer may be configured to order mutually subsequent samples,
e.g. immediately subsequent samples, one after the other one according to

the second dimension.

As shown in examples above, there is disclosed an an encoder (2) comprising the
audio signal representation generator (20) and a quantizer (300) to encode a bit-

stream (3) from the output audio signal representation (269).

The encoder (2) of may be such that the quantizer (300) is a learnable quantizer
(300) [e.g. a quantizer using at least one learmable codebook] configured to associ-
ate, to each frame of the first multi-dimensional audio signal representation (290) of
the input audio signal (1), or a processed version of the first multi-dimensional audio
signal representation, indexes of at least one codebook, so as to generate the bit-

stream [the at least one codebook may be, for example, a learnable codebook].

As shown in examples above, there is disclosed an an encoder (2) for generating a
bitstream (3) in which an input audio signal (1) including a sequence of input audio
signal frames is encoded, each input audio signal frame including a sequence of
input audio signal samples, the encoder (2) comprising:

a format definer (210) configured to define [e.g. generate] a first multi-dimen-
sional audio signal representation (220) of the input audio signal, the first multi-di-
mensional audio signal representation of the input audio signal including at least:

a first dimension [e.g. inter frame dimension], so that a plurality of mu-
tually subsequent frames [e.g. immediately subsequent] is ordered according
to the first dimension; and

a second dimension [e.g. intra frame dimension], so that a plurality of
samples of at least one frame are ordered according to the second dimension
[the format definer may be configured to order mutually subsequent samples,
e.g. immediately subsequent samples, one after the other one according to
the second dimension],
optionally, at least one intermediate layer [e.g. a deterministic layer and/or at

least one learnable layer, such as a recurrent learnable layer, e.g. a GRU, or LSTM)]
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to provide at least one processed version of the first multi-dimensional audio signal
representation of the input audio signal;

a learnable quantizer [e.g. a quantizer using a learnable codebook, while the
quantization as such may be deterministic or learnable] to associate, to each frame
of the first multi-dimensional or a processed version of the first multi-dimensional
audio signal representation of the input audio signal, indexes of at least one code-

book, so as to generate the bitstream.

As shown in examples above, there is disclosed an encoder for generating a bit-
stream in which an input audio signal including a sequence of input audio signal
frames is encoded, each input audio signal frame including a sequence of input
audio signal samples, the encoder comprising:

a learnable quantizer to associate, to each frame of a first multi-dimensional
audio signal representation of the input audio signal, indexes of at least one code-

book, so as to generate the bitstream.

As shown in examples above, there is disclosed an an encoder for generating a
bitstream encoding an input audio signal including a sequence of input audio signal
frames, each input audio signal frame including a sequence of input audio signal
samples, the encoder comprising:

a format definer configured to define a first multi-dimensional audio signal
representation of the input audio signal, the first multi-dimensional audio signal rep-
resentation of the input audio signal including at least:

a first dimension [e.g. inter frame dimension], so that a plurality of mu-
tually subsequent frames [e.g. immediately subsequent] is ordered according
to the first dimension; and

a second dimension [e.g. intra frame dimension], so that a plurality of
samples of at least one frame are ordered according to the second dimension
[the format definer may be configured to order mutually subsequent samples,
e.g. immediately subsequent samples, one after the other one according to
the second dimension],
at least one intermediate learnable layer [e.g. such as a recurrent learnable

layer, e.g. a GRU, or LSTM, which may be residual, and which may be in cascade

with at least one convolutional learnable layer] to provide at least one processed
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version of the first multi-dimensional audio signal representation of the input audio
signal;

a learnable quantizer to associate, to each frame of the first multi-dimensional
or a processed version of the first multi-dimensional audio signal representation of

the input audio signal, indexes of at least one codebook [e.g. learnable codebook],

10
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20

25

30

so as to generate the bitstream.

The encoder may be such that the learnable quantizer [or quantizer] uses the at
least one codebook [e.g. learnable codebook] associating indexes [e.g. iz, ir, iq,
with the index iz representing a code z approximating E(x) and being taken from
the codebook [e.g. learnable codebook] ze, the index ir representing a code r ap-
proximating E(x)-z and being taken from the codebook [e.g. learnable codebook]
re, and the index iq representing a code q approximating E(x)-z-r and being taken

from the codebook [e.g. learnable codebook] ge] to be encoded in the bitstream.

The encoder may be such that the at least one codebook [e.g. learnable code-
book] [e.g. ze, re, ge] includes at least one base codebook [e.g. learnable code-
book] [e.g. ze] associating, to indexes [e.g. iz] to be encoded in the bitstream, multi-
dimensional tensors [or other types of codes, such as vectors] of the first multi-di-

mensional audio signal representation of the input audio signal.

The encoder may be such that the at least one codebook [e.g. learnable code-
book] includes at least one residual codebook [e.g. learnable codebook] [e.g. a
first residual codebook, e.g. re and maybe a second residual codebook, e.g. Ge,
and maybe even more low-ranked residual codebooks] associating, to indexes to
be encoded in the bitstream, multidimensional tensors of the first multi-dimen-

sional audio signal representation of the input audio signal.

The encoder may be such that there are defined a multiplicity of residual
codebooks [e.g. learnable codebooks], so that:
a second residual codebook [e.g. second residual learnable code-
book] associates, to indexes to be encoded in the audio signal representa-
tion, multidimensional tensors representing second residual portions of the

first multi-dimensional audio signal representation of the input audio signal,
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a first residual codebook [e.g. second residual learnable codebook]
associates, to indexes to be encoded in the audio signal representation,
multidimensional tensors representing first residual portions of frames of the
first multi-dimensional audio signal representation,

wherein the second residual portions of frames are residual [e.g. low-

ranked] with respect to the first residual portions of frames.

The encoder may be configured to signal, in the bitstream (3), whether indexes as-
sociated to residual frames are encoded or not, and the quantization index (313)
accordingly reads [e.g. only] the encoded indexes according to the signalling [and,
in case of different rankings, the bitstream may signal which indexes of which
ranking are encoded, and/or the at least one codebook [e.g. learnable codebook]

(313) accordingly reads, e.g. only, the encoded indexes according to the signal-

ling].

The encoder may be such that at least one codebook [e.g. learnable codebook] is
a fixed-length codebook [e.g. at least one codebook having a number of bits be-

tween 4 and 20, e.g. between 8 and 12, e.g. 10].

The encoder may further comprise [e.g. in the intermediate layer or down-
stream to the intermediate layer but upstream to the quantizer] at least one further
learnable block (290) downstream to the at least one learnable block (230) [and/or
upstream to the quantizer, which may be a learnable quantizer, e.g. a quantizer
using a learnable codebook] to generate, from the fourth multi-dimensional audio
signal representation (269) or another version of the input audio signal (1), a fifth
audio signal representation of the input audio signal (1) with multiple samples [e.g.
256, or at least between 120 and 560] for each frame [e.g. for 10ms, or for 5ms, or
for 20ms] [the learnable block may be, for example, a non-residual learnable block,

and it may have a kernel which may be a learnable kernel, e.g. a 1x1 kernel].

The encoder may be such that the at least one further learnable block (290) down-
stream to the at least one learnable block (230) [and/or upstream to the quantizer]

includes:
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at least one residual learnable layer [e.g. a main portion (459a’) of the audio
signal representation (429) bypasses (459’) at least one of a first learnable layer
(430), a second learnable layer (440), a third learnable layer (450) and a fourth
learnable layer (450) and/or at least one of a first learnable layer (430), a second
learnable layer (440), a third learnable layer (450) and a fourth learnable layer (450)
is applied to at least a residual portion (459a) of the audio signal representation

(359a) of the input audio signal (1)].

The encoder may be such that the at least one further learnable block (290) down-
stream to the at least one learnable block (230) [and/or upstream to the quantizer]
includes:

at least one convolutional learnable layer.

The encoder may be such that the at least one further learnable block (290) down-
stream to the at least one learnable block (230) [and/or upstream to the quantizer]
includes:

at least one learnable layer activated by an activation function (e.g.
Relu or Leaky Rel.u).

The encoder may be such that a training session is performed by generating a
muiltiplicity of bitstreams with candidate indexes associated with known frames
representing known audio signals, the training session including a decoding of the
bitstreams and an evaluation of audio signals generated by the decoding in re-
spect to the known audio signals, so as to adapt associations of indexes of the at
least one codebook [e.g. learnable codebook] with the frames of the encoded bit-
streams [e.g. by minimizing the difference between the generated audio signal and

the known audio signals] [e.g. using a GAN].

The encoder may be such that the training session is performed by receiving at
least:
a multiplicity of first bitstreams with first candidate indexes having a
first bitlength and being associated with first known frames representing
known audio signals, the first candidate indexes forming a first candidate

codebook, and
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a multiplicity of second bitstreams with second candidate indexes
having a second bitlength and being associated with known frames repre-
senting the same first known audio signals, the second candidate indexes
forming a second candidate codebook,
wherein the first bitlength is higher than the second bitlength [and/or the first
bitlength has higher resolution but it occupies more band than the second
bitlengthl],

the training session including an evaluation of the generated audio signals
obtained from the multiplicity of the first bitstreams in comparison with the gener-
ated audio signals obtained from the multiplicity of the second bitstreams, to
thereby choose the codebook [e.g. so that the chosen learnable codebook is the
chosen codebook between the first and second candidate codebooks] [for exam-
ple, there may be an evaluation of a first ratio between a metrics measuring the
quality of the audio signal generated from the multiplicity of first bitstreams in re-
spect to the bitlength vs a second ratio between a metrics measuring the quality of
the audio signal generated from the multiplicity of second bitstreams in respect to
the bitrate (sampling rate), and to choose the bitlength which maximizes the ra-
tio]fe.g. this can be repeated for each of the codebooks, e.g.. the main, the first re-

sidual, the second residual, etc.].

The encoder may be such that the training session is performed by receiving:

a first multiplicity of first bitstreams with first indexes associated with
first known frames representing known audio signals, wherein the first in-
dexes are in a first maximum number, the first multiplicity of first candidate
indexes forming a first candidate codebook; and

a second multiplicity of second bitstreams with second indexes asso-
ciated with known frames representing the same first known audio signals,
the second multiplicity of second candidate indexes forming a second can-
didate codebook, wherein the second indexes are in a second maximum
number different from the first maximum number,
the training session including an evaluation of the generated audio signals

obtained from the first multiplicity of the first bitstreams in comparison with the

generated audio signals obtained from the second multiplicity of the second bit-
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streams, to thereby choose the learnable indexes [ e.g. so that the chosen learna-
ble codebook is chosen among the first candidate codebook and the second can-
didate codebook] [for example, there may be an evaluation of a first ratio between
a metrics measuring the quality of the audio signal generated from the first multi-
plicity of first bitstreams vs a second ratio between a metrics measuring the quality
of the audio signal generated from the second multiplicity of second bitstreams in
respect to the bitrate (sampling rate), and to choose the multiplicity, among the
first multiplicity and second multiplicity, which maximizes the ratio] [e.g. this can be
repeated for each of the codebooks, e.g.. the main, the first residual, the second

residual, etc.].

In the learnable layer 240 of the encoder, which may have a recurrent learnable
layer (e.g. a GRU), in some examples the recurrent learnable layer may be config-
ured to generate the output (e.g. to be provided to the convolutional layer 250)
(e.g. for a given time instant) by keeping into account the output and/or a state of a
preceding [e.g. immediately preceding] time instant, wherein the relevance of the
output [target data (12)] and/or state of a preceding [e.g. immediately preceding]

time instant may be obtained by training.

The recurrent learnable layer of the learnable layer 240 may operates along a se-
ries of time steps each having at least one state, in such a way that each time step
is conditioned by the output and/or state of the [e.g. immediately] preceding time
step [the state of the preceding time step may be the output][it may be, like in Fig.
11, that the step and/or output of each step is recursively provided to a subse-
quent time step, e.g. the immediately subsequent time step][alternatively, like in
fig. 12, there may be a plurality of feedforward modules, each providing the state
and/or output to the subsequent module, e.g. the immediately subsequent mod-
ule]the implementation of Fig. 12 may be understood, in some examples, like the
unrolled version of the implementation of Fig. 11][in examples, the parameters of
different time instants and/or feedforward modules may be in general different

from each other, but in some examples they may be the same].
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The GRU of the learnable layer 240 may further comprise a plurality of feedfor-
ward modules, each providing the state and/or output to the immediately subse-

quent module.

The GRU of the learnable layer 240 may be configured to generate a state and/or
output [ht] [for a particular t-th state or module] by:

weighting a candidate state and/or output through an update gate vector [z{]
[whose elements may have a value between 0 and 1, or another value between 0
and c, with c>0], to generate a first weighted addend; and

weighting the state and/or output [hw.1] of the preceding time step through a
vector which is complementary to 1 [i.e. its components are complementary to 1]
with the update gate vector z, to generate a second weighted addend; and

adding the first addend with the second addend

[the update gate vector [z} may provide information on both how much is to
be taken from the candidate state and/or output and how much is to be taken from
the state and/or output [ht1] of the preceding time step; e.g. if zt =0, the state
and/or output for the current time instant is only taken from the state and/or output
[he.1] of the preceding time step; while if the z: =1, the state and/or output for the

current time instant is only taken from the candidate vector].

The GRU of the learnable layer 240 may be such that the recurrent learnable layer
is configured to generate a state and/or output [hi] by:

through reciprocally complementary weighting vectors, adding a weighted
version of a candidate state and/or output with a weighted version of the state

and/or output hi1 of the preceding time step.

The GRU of the learnable layer 240 may be configured to generate the candidate
state and/or output by at least applying a weight parameter [W], obtained by train-
ing, to:

an element-wise product between a reset gate vector [r] and the state
and/or output [ht1] of the preceding time step, concatenated with the input [x{ for
the current time instant;

optionally followed by applying an activation function (e.g. tanH)
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[the reset gate vector [r] giving information on how much the state and/or
output [he1] of the preceding time step shall be reset][if rt =0, we reset everything

and we keep nothing from ht1, while if rt is higher, then we keep more from h.1].

The GRU of the learnable layer 240 may be further configured to apply an activa-
tion function after having applied the weight parameter W. The audio generator

may be such that the activation function is TanH.

The GRU of the learnable layer 240 may be configured to generate the candidate
state and/or output by at least:

weighting, through weight parameter W obtained by training, a vector which
is conditioned by both:

the input [x{] for the current time instant and

the state and/or output [ht1] of the preceding time step weighted onto a re-
set gate vector [rt], [the reset gate vector giving information on how much the state
and/or output [he.1] of the preceding time step shall be reset][if r: =0, we reset eve-
rything and we keep nothing from ht.1, while if rt is higher, then we keep more from
ht-1]

The GRU of the learnable layer 240 may be configured to generate the update
gate vector {z:] by applying a parameter [Wz] to a concatenation of:

the input [ht.1] of the recurrent module [ht1] concatenated with

the input [x{ for the current time instant [e.g. the input to the at least one
preconditioning learnable layer (710)],

optionally followed by applying an activation function (e.g., sigmoid, o).

After having applied the parameter Wz, an activation function may be applied. The

activation function is a sigmoid, O.

The reset gate vector r may be obtained by applying a weight parameter Wr to a
concatenation of both:
the state and/or output ht1 of the preceding time step and

the input xt for the current time instant.
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After having applied the parameter Wr, an activation function may be applied. The

activation function is a sigmoid, O.

The audio generator may be such that the training session is performed by receiv-
ing:
a first muitiplicity of first bitstreams with first indexes representing
codes obtained from known audio signals, the first mulitiplicity of first bit-
streams forming at least one first codebook [e.g. at least one main code-
book ze]; and
a second multiplicity of second bitstreams including both the first in-
dexes representing main codes obtained from known audio signals and
second indexes representing residual codes in respect to the main codes,
the second multiplicity of second bitstreams forming the at least one first
codebook [e.g. at least one main codebook ze] and at least one second
codebook [e.g. at least one residual codebook re];
the training session including an evaluation of the generated audio signals
obtained from the first multiplicity of the first bitstreams in comparison with the
generated audio signals obtained from the second multiplicity of the second bit-
streams,

to thereby choose among the first multiplicity [and/or the first candidate
codebook ze] and the second muiltiplicity [and/or the first candidate codebook ze as
main codebook, together with the at least one second codebook used as residual
codebook re] [e.g. so that the chosen learnable codebook is chosen among the
first candidate codebook and the second candidate codebook] [for example, there
may be an evaluation of a first ratio between a metrics measuring the quality of the
audio signal generated from the first multiplicity of first bitstreams vs a second ratio
between a metrics measuring the quality of the audio signal generated from the
second multiplicity of second bitstreams in respect to the bitrate (sampling rate),
and to choose the muiltiplicity, among the first multiplicity and second multiplicity,
which maximizes the ratio] [e.g. this can be repeated for each of the codebooks,

e.g.. the main, the first residual, the second residual, etc.].
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As shown in examples above , there is disclosed a method for training the audio
signal generator [e.g. decoder], may comprise a training session including gener-
ating a multiplicity of bitstreams with candidate indexes associated with known
frames representing known audio signals, the training session including a decod-
ing of the bitstreams and an evaluation of audio signals generated by the decoding
in respect to the known audio signals, so as to adapt associations of indexes of
the at least one codebook with the frames of the encoded bitstreams [e.g. by mini-
mizing the difference between the generated audio signal and the known audio

signals] [e.g. using a GAN].

As shown in examples above , there is disclosed a method for training an audio
signal generator [e.g. decoder] as above, may comprise a training session includ-
ing generating a multiplicity of bitstreams with candidate indexes associated with
known frames representing known audio signals, the training session including
providing to the audio signal generator bitstreams non-provided by the encoder, so
as to obtain the indexes to be used [e.g. obtain the codebook] by optimizing a loss

function.

As shown in examples above, there is disclosed a method for training an audio
signal generator [e.g. decoder] as above, may comprise a training session includ-
ing generating multiple output audio signal representations of known input audio
signals, the training session including an evaluation of the multiple output audio
signal representations [e.g. bitstreams] in respect to the known input audio signals
and/or minimizing a loss function, so as to adapt parameters of at least one learn-

able layer(s) optimizing a loss function.

As shown in examples above , there is disclosed a method for training an audio
signal representation generator (or encoder) as above, may comprise a training
session including receiving a multiplicity of bitstreams with indexes associated with
known frames representing known audio signals, the training session including an
evaluation of the generated audio signals in respect to the known audio signals, so
as to adapt associations of indexes of the at least one codebook with the frames of

the encoded bitstreams and/or optimizing a loss function [e.g. by minimizing the
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difference between the generated audio signal and the known audio signals] [e.g.
using a GAN].

As shown in examples above , there is disclosed a method for training an audio
signal representation generator (or encoder) as above together with an audio sig-
nal generator [e.g. decoder] e.g. as above, may comprise:

providing a plurality of audio signals (1) to the audio signal representation
generator, so as to obtain audio signal representations and/or bitstreams (3) and,
at the audio signal generator (10), generating the output signals (16) from the au-
dio signal representations and/or bitstreams (3);

providing, to the audio signal generator (10), a plurality of audio signal rep-
resentations and/or bitstreams (3) which not generated by the audio signal repre-
sentation generator (20), and, at the audio signal generator (10), generating the
output signals (16) from the audio signal representations and/or bitstreams (3);

evaluating a loss function associated to the output signals (16) from the au-
dio signal representations and/or bitstreams (3) vs the output signals (16) from the
audio signal representations and/or bitstreams (3), so as to obtain the parameters
of the learnable layers and blocks of the audio signal generator (10) and of the au-

dio signal representation generator by minimizing the loss function.

As shown in examples above , there is disclosed a method for generating an audio
signal (16) from a bitstream (3), the bitstream (3) representing the audio signal (16),
the audio signal being subdivided in a sequence of frames, the method may com-
prise:

providing, for a given frame, first data (15) derived from an input signal
(14)[e.g. from an external or internal source or from the bitstream (3)], [wherein the
first data (15) may have one single channel or multiple channels];

though a first processing block (40, 50, 50a-50h), receiving [e.g. for the given
frame] the first data (15) and outputting first output data (69) in the given frame,
[wherein the first output data (69) may comprise a one single channel or a plurality
of channels (47)],

[e.g. the method also comprising through a second processing block (45),
e.g. for the given frame, receiving, as second data, the first output data (69) or data
derived from the first output data (69),]

wherein the first processing block (50) comprises:
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at least one preconditioning learnable layer (710) receiving the bit-
stream (3), or a processed version (112) thereof, and, for the given frame,
output target data (12) representing the audio signal (16) in the given frame
[e.g. with multiple channels and multiple samples for the given frame];
at least one conditioning learnable layer (71, 72, 73) processing, e.g.
for the given frame, the target data (12) to obtain conditioning feature param-
eters (74, 75) for the given frame; and
a styling element (77), applying the conditioning feature parameters
(74, 75) to the first data (15, 59a) or normalized first data (59, 76’);
[wherein the second processing block (45), if present, may combine the plu-
rality of channels (47) of the second data (69) to obtain the audio signal (16)],
wherein the at least one preconditioning learnable layer (710) includes at
least one recurrent learnable layer [e.g. a gated recurrent learnable layer, such as
a gated recurrent unit, GRU, or LSTM]
fe.g. obtaining the audio signal (16) from the first output data (69) or a pro-

cessed version of the first output data (69)].

As shown in examples above, there is disclosed a method for generating an audio
signal (16) from a bitstream (3), the bitstream (3) representing the audio signal (16),
the bitstream (3) being subdivided into a sequence of indexes, the audio signal be-
ing subdivided in a sequence of frames, the method may comprise:

a quantization index converter step (313) [also called index-to-code converter
step, inverse quantizer step, reverse quantizer step, etc.] converting the indexes of
the bitstream (13) onto codes [e.g., according to the examples, the codes may be
scalars, vectors or more in general tensors][e.g. according to a codebook, e.g. a
tensor may be multidimensional, such as a matrix or its generalization onto multiple
dimensions, e.g. three dimensions, four dimensions, etc.][e.g. the codebook may be
learnable or may be deterministic],

a first data provisioner step (702) providing, e.g. for a given frame, first data
(15) derived from an input signal (14) from an external or internal source or from the
bitstream (3), [wherein the first data (15) may have one single channel or muitiple
channels][;

a step using a first processing block (40, 50, 50a-50h), e.g. for the given

frame, to receive the first data (15) and to output first output data (69) in the given
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frame, [wherein the first output data (69) may comprise a one single channel or a
plurality of channels (47)], and
[there may be a second processing block (45), e.g. for the given frame, to
receive, as second data, the first output data (69) or data derived from the first output
data (69)],
wherein the first processing block (50) comprises:
at least one preconditioning learnable layer (710) to receive the bit-
stream (3), or a processed version (112) thereof, and, for the given frame,
output target data (12) representing the audio signal (16) in the given frame
[e.g. with multiple channels and multiple samples for the given frame};
at least one conditioning learnable layer (71, 72, 73), e.g. for the given
frame, to process the target data (12) to obtain conditioning feature parame-
ters (74, 75) for the given frame; and
a styling element (77), to apply the conditioning feature parameters
(74, 75) to the first data (15, 59a) or normalized first data (59, 76’);
[wherein the second processing block (45), if present, may combine
the plurality of channels (47) of the first output data or of the second output
data (69) to obtain the audio signal (16)]
[e.g. to obtain the audio signal (16) from the first output data (69) or a pro-
cessed version (16) of the first output data (69)].

As shown in examples above, there is disclosed a method for generating an output
audio signal representation (3, 469) from an input audio signal (1) including a se-
quence of input audio signal frames, each input audio signal frame including a se-
quence of input audio signal samples, the audio signal representation generator (2,
20) may comprise:

defining a first multi-dimensional audio signal representation (220) of the in-
put audio signal (1) [e.g. the same of above];

through a first learnable layer (230), [e.g. a first convolutional learnable layer,
which is a convolutional learnable layer] generating a second multi-dimensional au-
dio signal representation of the input audio signal (1) by sliding along a second di-
rection [e.g. intra frame direction] of the first multi-dimensional audio signal repre-

sentation (220) of the input audio signal (1);
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through a second learnable layer (240) which is a recurrent learnable layer
generating a third multi-dimensional audio signal representation of the input audio
signal (1) by operating along a first direction [e.g. inter frame direction] of the second
multi-dimensional audio signal representation (220) of the input audio signal (1) [e.g.
using a 1x1 kernel, e.g. a 1x1 learnable kernel, or another kemnel];

through a third learnable layer (250) [which may be, for example, a second
convolutional learnable layer] which is a convolutional learnable layer generating a
fourth multi-dimensional audio signal representation (265b’) of the input audio signal
by sliding along the second direction [e.g. intra frame direction] of the first muilti-
dimensional audio signal representation of the input audio signal [e.g. using a 1x1
kernel, e.g. a 1x1 learnable kernel],

so as to obtain the output audio signal representation (469) from the fourth
multi-dimensional audio signal representation (265b’) of the input audio signal
(1)[e.g., after having added the fourth multi-dimensional audio signal representation
(265b’) with a main portion of the multi-dimensional audio signal representation
(220) of the input audio signal (1), or after the block 290 and/or quantization block
300].

A non-transitable storage unit storing instruction may be such that, when executed

by a processor, cause the processor to perform a method as above.

Further examples

Generally, examples may be implemented as a computer program product with pro-
gram instructions, the program instructions being operative for performing one of
the methods when the computer program product runs on a computer. The program
instructions may for example be stored on a machine readable medium. Other ex-
amples comprise the computer program for performing one of the methods de-
scribed herein, stored on a machine readable carrier. In other words, an example of
method is, therefore, a computer program having a program instructions for per-
forming one of the methods described herein, when the computer program runs on
a computer. A further example of the methods is, therefore, a data carrier medium
(or a digital storage medium, or a computer-readable medium) comprising, recorded
thereon, the computer program for performing one of the methods described herein.

The data carrier medium, the digital storage medium or the recorded medium are
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tangible and/or non—transitionary, rather than signals which are intangible and tran-
sitory. A further example of the 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
transferred via a data communication connection, for example via the Internet. A
further example comprises a processing means, for example a computer, or a pro-
grammable logic device performing one of the methods described herein. A further
example comprises a computer having installed thereon the computer program for
performing one of the methods described herein. A further example comprises an
apparatus or a system transferring (for example, electronically or optically) a com-
puter program for performing one of the methods described herein to a receiver.
The receiver may, for example, be a computer, a mobile device, a memory device
or the like. The apparatus or system may, for example, comprise a file server for
transferring the computer program to the receiver. In some examples, a program-
mable 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
examples, a field programmable gate array may cooperate with a microprocessor in
order to perform one of the methods described herein. Generally, the methods may
be performed by any appropriate hardware apparatus. The above described exam-
ples are merely illustrative for the principles discussed above. It is understood that
modifications and variations of the arrangements and the details described herein
will be apparent. It is the intent, therefore, to be limited by the scope of the claims
and not by the specific details presented by way of description and explanation of
the examples herein. Equal or equivalent elements or elements with equal or equiv-
alent functionality are denoted in the following description by equal or equivalent

reference numerals even if occurring in different figures.

Also, further examples are defined by the enclosed claims (examples are also in the
claims). It should be noted that any example as defined by the claims can be sup-
plemented by any of the details (features and functionalities) described in the fol-
lowing chapters. Also, the examples described in the above passages can be used
individually, and can also be supplemented by any of the features in another chap-
ter, or by any feature included in the claims. The text in round brackets and square

brackets is optional, and defines further embodiments (further to those defined by
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the claims). Also, it should be noted that individual aspects described herein can be
used individually or in combination. Thus, details can be added to each of said indi-
vidual aspects without adding details to another one of said aspects. It should also
be noted that the present disclosure describes, explicitly or implicitly, features of a
mobile communication device and of a receiver and of a mobile communication sys-
tem. Depending on certain implementation requirements, examples may be imple-
mented in hardware. The implementation may be performed using a digital storage
medium, for example a floppy disk, a Digital Versatile Disc (DVD), a Biu-Ray Disc,
a Compact Disc (CD), a Read-only Memory (ROM), a Programmable Read-only
Memory (PROM), an Erasable and Programmable Read-only Memory (EPROM),
an Electrically Erasable Programmable Read-Only Memory (EEPROM) or a flash
memory, having electronically readable control signals stored thereon, which coop-
erate (or are capable of cooperating) with a programmable computer system such
that the respective method is performed. Therefore, the digital storage medium may
be computer readable. Generally, examples may be implemented as a computer
program product with program instructions, the program instructions being operative
for performing one of the methods when the computer program product runs on a
computer. The program instructions may for example be stored on a machine read-
able medium. Other examples comprise the computer program for performing one
of the methods described herein, stored on a machine-readable carrier. In other
words, an example of method is, therefore, a computer program having a program-
instructions for performing one of the methods described herein, when the computer
program runs on a computer. A further example of the methods is, therefore, a data
carrier medium (or a digital storage medium, or a computer-readable medium) com-
prising, recorded thereon, the computer program for performing one of the methods
described herein. The data carrier medium, the digital storage medium or the rec-
orded medium are tangible and/or non~transitionary, rather than signals which are
intangible and transitory. A further example comprises a processing unit, for exam-
ple a computer, or a programmable logic device performing one of the methods
described herein. A further example comprises a computer having installed thereon
the computer program for performing one of the methods described herein. A further
example comprises an apparatus or a system transferring (for example, electroni-
cally or optically) a computer program for performing one of the methods described

herein to a receiver. The receiver may, for example, be a computer, a mobile device,
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a memory device or the like. The apparatus or system may, for example, comprise
a file server for transferring the computer program to the receiver. In some exam-
ples, 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 examples, a field programmable gate array may cooperate with a
microprocessor in order to perform one of the methods described herein. Generally,
the methods may be performed by any appropriate hardware apparatus. The above
described examples are illustrative for the principles discussed above. It is under-
stood that modifications and variations of the arrangements and the details de-
scribed herein will be apparent. It is the intent, therefore, to be limited by the scope
of the impending patent claims and not by the specific details presented by way of

description and explanation of the examples herein.



10

15

20

25

30

WO 2023/175198 PCT/EP2023/057108
106

Claims

1. An audio signal representation generator (2, 20) for generating an
output audio signal representation (3, 469) from an input audio signal (1) including
a sequence of input audio signal frames, each input audio signal frame including a
sequence of input audio signal samples, the audio signal representation generator
comprising:

a format definer (210) configured to define a first multi-dimensional audio
signal representation (220) of the input audio signal (1), the first multi-dimensional
audio signal representation (220) of the input audio signal including at least:

a first dimension, so that a plurality of mutually subsequent frames is
ordered according to the first dimension; and

a second dimension so that a plurality of samples of at least one frame
are ordered according to the second dimension,

at least one learnable layer (230, 250, 290, 300) configured to process the
first multidimensional audio signal representation (220) of the input audio signal
(1), or processed version of the first multi-dimensional audio signal representation,

to generate the output audio signal representation (3, 469) of the input audio signal

(1).

2. The audio signal representation generator of claim 1, wherein the for-
mat definer (210) is configured to insert, along the second dimension of the first
multidimensional audio signal representation of the input audio signal, input audio

signal samples of each given frame.

3. The audio signal representation generator of claim 1 or 2, wherein the
format definer (210) is configured to insert, along the second dimension of the first
multi-dimensional audio signal representation (220) of the input audio signal (1),
additional input audio signal samples of one or more additional frames immediately

successive to the given frame.

4, The audio signal representation generator of any of claims 1-3,
wherein the format definer (210) is configured to insert, along the second dimension

of the first muitidimensional audio signal representation (220) of the input audio
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signal (1), additional input audio signal samples of one or more additional frames

immediately preceding the given frame.

5. The audio signal representation generator of any of claims 1-4,
wherein the at least one learnable layer includes at least one recurrent learnable
layer (240).

6. The audio signal representation generator of claim 5, wherein the at

least one recurrent learnable layer (240) includes a gated recurrent unit, GRU.

7. The audio signal representation generator of claim 5 or 6, wherein the
at least one recurrent learnable layer (240) is operated along the first dimension.

8. The audio signal representation generator of any of the preceding
claims, further comprising at least one first convolutional learnable layer (230) be-

tween the format definer (210) and the at least one recurrent learnable layer (240).

9. The audio signal representation generator of claim 8, wherein in the
at least one first convolutional learnable layer (230) the kernel is slid along the
second direction of the first multi-dimensional audio signal representation (220) of

the input audio signal (1).

10. The audio signal representation generator of any of the preceding
claims, further comprising at least one convolutional learnable layer (250) down-

stream to the at least one recurrent learnable layer (240).

11.  The audio signal representation generator of claim 10, wherein in the
at least one convolutional learnable layer (250) the kernel is slid along the second
direction of the first multi-dimensional audio signal representation (220) of the input

audio signal (1).



10

15

20

25

30

WO 2023/175198 PCT/EP2023/057108
108

12.  The audio signal representation generator of any of the preceding
claims, wherein at least one or more of the at least one learnable layer is a residual

learnable layer.

13.  The audio signal representation generator of claim 12, wherein at least
one learnable layer (230, 240, 250) is a residual learnable layer, a main portion of
the first multidimensional audio signal representation (220) of the input audio signal
bypassing (259) the at least one learnable layer (230, 240, 250), and/or the at least
one learnable layer (230, 240, 250) is applied to at least a residual portion (259a)
of the first bidimensional audio signal representation (220) of the input audio signal

(1).

14.  The audio signal representation generator of any of claims 5-13,
wherein the recurrent learnable layer (240) operates along a series of time steps
each having at least one state, in such a way that each time step is conditioned by

the output and/or state of the preceding time step.

15. The audio signal representation generator of claim 14, wherein the

step and/or output of each step is recursively provided to a subsequent time step.

16.  The audio signal representation generator of claim 14 or 15, com-
prising a plurality of feedforward modules, each providing the state and/or output

to the subsequent module.

17.  The audio signal representation generator of any of claims 5-16,
wherein the recurrent learnable layer (240) generates the output for a given time
instant by keeping into account the output and/or a state of a preceding time in-
stant, wherein the relevance of the output and/or state of a preceding time instant

is obtained training.

18. The audio signal representation generator of any of the preceding
claims, the format definer begin configured to order mutually subsequent samples,

one after the other one according to the second dimension.
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19.  An audio signal representation generator (2, 20) for generating an
output audio signal representation (3, 469) from an input audio signal (1) including
a sequence of input audio signal frames, each input audio signal frame including a
sequence of input audio signal samples, the audio signal representation generator
(2, 20) comprising:

a format definer (210) configured to define a first multi-dimensional audio
signal representation (220) of the input audio signal (1);

a second learnable layer (240) which is a recurrent learnable layer configured
to generate a third multi-dimensional audio signal representation of the input audio
signal (1) by operating along a first direction of the first multi-dimensional audio
signal representation (220), or of a processed version thereof which is a second
multi-dimensional audio signal representation, of the input audio signal (1);

a third learnable layer (250) which is a convolutional learnable layer config-
ured to generate a fourth multi-dimensional audio signal representation (265b’) of
the input audio signal by sliding along the second direction of the third multi-di-
mensional audio signal representation of the input audio signal,

so as to obtain the output audio signal representation (269) from the fourth
multi-dimensional audio signal representation (265b") of the input audio signal (1).

20. The audio signal representation generator of claim 19, further comprising a
first learnable layer (230) which is a convolutional learnable layer configured to
generate a second multi-dimensional audio signal representation of the input audio
signal (1) by sliding along a second direction of the first multi-dimensional audio

signal representation (220) of the input audio signal (1).

21.  The audio signal representation generator claim 20, wherein the first learna-
ble layer is applied along a second dimension of the first multidimensional audio

signal representation of the input audio signal.

22. The audio signal representation generator claim 21, wherein the first learnable

layer is a residual learnable layer.
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23.  The audio signal representation generator of any of claims 19-22,
wherein at least the second learnable layer (240) or the third learnable layer (250)

is residual learnable layer.

24.  The audio signal representation generator of any of claims 19-23,
wherein the third learnable layer is applied along a second dimension of the third

multi-dimensional audio signal representation of the input audio signal.

25.  The audio signal representation generator of any of claims 19-24, fur-
ther comprising an encoder or quantizer to encode a bitstream from the output

audio signal representation.

26.  The audio signal representation generator of any of claims 19-25, fur-
ther comprising at least one further learnable block (290) downstream to the at
least one learnable block (230) to generate, from the fourth multi-dimensional audio
signal representation (269) of the input audio signal (1), a fifth audio signal repre-
sentation (469) of the input audio signal (1) with multiple samples for each frame.

27.  The audio signal representation generator of claim 26, wherein the at
least one further learnable block (290) downstream to the at least one learnable
block (230) includes:

at least one residual learnable layer, a second, learnable layer (440), a third

layer (450) and a fourth, learnable layer (450).

28.  The audio signal representation generator of claim 26 or 27, wherein
the at least one further learnable block (290) downstream to the at least one learn-
able block (230) includes:

at least one convolutional learnable layer.

29. The audio signal representation generator of any of claims 26-28,
wherein the at least one further learnable block (290) downstream to the at least
one learnable block (230) includes:

at least one learnable layer activated by an activation function.
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30. The audio signal representation generator of claim 29, wherein the

activation function is ReLu or Leaky Relu.

31. The audio signal representation generator of any of claims 19-30, wherein
the format definer (210) is configured to define a first multi-dimensional audio signal
representation (220) of the input audio signal (1), the first multi-dimensional audio
signal representation (220) of the input audio signal including at least:

a first dimension, so that a plurality of mutually subsequent frames is
ordered according to the first dimension; and
a second dimension, so that a plurality of samples of at least one frame

are ordered according to the second dimension.

32.  An encoder (2) comprising an audio signal representation generator
(20) according to any of the preceding claims and a quantizer (300) to encode a

bitstream (3) from the output audio signal representation (269).

33. Theencoder (2) of claim 32, wherein the quantizer (300) is a learnable
quantizer (300) configured to associate, to each frame of the first multi-dimensional
audio signal representation (290) of the input audio signal (1), or a processed ver-
sion of the first multi-dimensional audio signal representation, indexes of at least

one codebook, so as to generate the bitstream.

34.  The encoder of claim 33, wherein the learnable quantizer uses the at
least one codebook associating indexes i, ir, ig, with the index i, representing a
code z approximating E(x) and being taken from the codebook z., the index ir rep-
resenting a code r approximating E(x)-z and being taken from the codebook re,
and the index iq representing a code q approximating E(x)-z-r and being taken

from the codebook ge to be encoded in the bitstream.

35.  The encoder of any of claims 33-34, wherein the at least one code-

book includes at least one base codebook associating, to indexes to be encoded in
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the bitstream, multidimensional tensors of the first multi-dimensional audio signal

representation of the input audio signal.

36.  The encoder of any of claims 33-35, wherein the at least one code-
book includes at least one residual codebook associating, to indexes to be en-
coded in the bitstream, multidimensional tensors of the first multi-dimensional au-

dio signal representation of the input audio signal.

37.  The encoder of any of claims 33-36, wherein there are defined a
multiplicity of residual codebooks, so that:

a second residual codebook associates, to indexes to be encoded in the au-
dio signal representation, multidimensional tensors representing second residual
portions of the first multi-dimensional audio signal representation of the input au-
dio signal,

a first residual codebook associates, to indexes to be encoded in the audio
signal representation, multidimensional tensors representing first residual portions
of frames of the first multi-dimensional audio signal representation,

wherein the second residual portions of frames are residual with respect to

the first residual portions of frames.

38.  The encoder of any of claims 32-37, configured to signal, in the bit-

stream (3), whether indexes associated to residual frames are encoded or not.

39. The encoder of any of claims 33-38, wherein at least one codebook

is a fixed-length codebook.

40.  The encoder of any of claims 32-39, further comprising at least one
further learnable block (290) downstream to the at least one learnable block (230)
to generate, from the fourth multi-dimensional audio signal representation (269) or
another version of the input audio signal (1), a fifth audio signal representation of

the input audio signal (1) with multiple samples for each frame.
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41.  The encoder of claim 40, wherein the at least one further learnable
block (290) downstream to the at least one learnable block (230) includes:

at least one residual learnable layer.

42. The encoder of claim 40 or 41, wherein the at least one further learn-
able block (290) downstream to the at least one learnable block (230) includes:

at least one convolutional learnable layer.

43. The encoder of any of claims 40-42, wherein the at least one further
learnable block (290) downstream to the at least one learnable block (230) includes:
at least one learnable layer activated by an activation function (e.g.

RelLu or Leaky Relu).

44. A method for generating an output audio signal representation (3,
469) from an input audio signal (1) including a sequence of input audio signal
frames, each input audio signal frame including a sequence of input audio signal
samples, the audio signal representation generator (2, 20) comprising:

defining a first multi-dimensional audio signal representation (220) of the
input audio signal (1);

through a first learnable layer (230), generating a second multi-dimensional
audio signal representation of the input audio signal (1) by sliding along a second
direction of the first multi-dimensional audio signal representation (220) of the input
audio signal (1);

through a second learnable layer (240) which is a recurrent learnable layer
generating a third multi-dimensional audio signal representation of the input audio
signal (1) by operating along a first direction of the second multi-dimensional audio
signal representation (220) of the input audio signal (1);

through a third learnable layer (250) which is a convolutional learnable layer
generating a fourth multi-dimensional audio signal representation (265b") of the
input audio signal by sliding along the second direction of the first multi-dimensional
audio signal representation of the input audio signal,

so as to obtain the output audio signal representation (469) from the fourth

multi-dimensional audio signal representation (265b") of the input audio signal (1).
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45. A non-transitable storage unit storing instruction which, when executed by

a processor, cause the processor to perform a method according to claim 44.

46.  Audio generator (10), configured to generate an audio signal (16) from a
bitstream (3), the bitstream (3) representing the audio signal (16), the audio sig-
nal being subdivided in a sequence of frames, the audio generator (10) compris-
ing:

a first data provisioner (702) configured to provide, for a given frame, first
data (15) derived from an input signal (14), wherein the first data (15) have multiple
channels;

a first processing block (40, 50, 50a-50h), configured, for the given frame,
to receive the first data (15) and to output first output data (69) in the given frame,
wherein the first output data (69) may comprise a plurality of channels (47),

the audio generator also comprising a second processing block (45), config-
ured, for the given frame, to receive, as second data, the first output data (69) or
data derived from the first output data (69),

wherein the first processing block (50) comprises:

at least one preconditioning learnable layer (710) configured to receive
the bitstream (3), or a processed version (112) thereof, and, for the given
frame, output target data (12) representing the audio signal (16) in the given
frame with multiple channels and multiple samples for the given frame;

at least one conditioning learnable layer (71, 72, 73) configured, for
the given frame, to process the target data (12) to obtain conditioning feature
parameters (74, 75) for the given frame; and

a styling element (77), configured to apply the conditioning feature

parameters (74, 75) to the first data (15, 59a) or normalized first data (59,

76"); ,

wherein the second processing block (45) is configured to combine the plu-
rality of channels (47) of the second data (69) to obtain the audio signal (16),
wherein the at least one preconditioning learnable layer (710) includes at least

one recurrent learnable layer.
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47. The audio generator of claim 46, wherein the recurrent learnable layer is
configured to generate the output, which is target data (12), for a given time in-
stant by keeping into account the output and/or a state of a preceding time in-
stant, wherein the relevance of the output and/or state of a preceding time in-

stant is obtained training.

48.  The audio generator of any of claims 46-47, wherein the recurrent learna-
ble layer operates along a series of time steps each having at least one state, in
such a way that each time step is conditioned by the output and/or state of the

preceding time step.

49.  The audio generator of claim 48, further comprising a plurality of feedfor-
ward modules, each providing the state and/or output to the immediately subse-

quent module.

50.  The audio generator of any of claims 46-49, wherein the recurrent learna-
ble layer is configured to generate a state and/or output h: for a particular t-th
state or module by:

weighting a candidate state and/or output through an update gate vector
z:, to generate a first weighted addend; and

weighting the state and/or output ht: of the preceding time step through a
vector which is complementary to 1 with the update gate vector z;, to generate a
second weighted addend; and

adding the first addend with the second addend.

51.  The audio generator of any of claims 48-50, wherein the recurrent learna-
ble layer is configured to generate a state and/or output h: by:

through reciprocally complementary weighting vectors, adding a weighted
version of a candidate state and/or output with a weighted version of the state

and/or output ht.1 of the preceding time step.
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52.  The audio generator of claim 50 or 51, wherein the recurrent learnable
layer is configured to generate the candidate state and/or output by at least ap-
plying a weight parameter W, obtained by training, to:

an element-wise product between a reset gate vector r: and the state
and/or output he.1 of the preceding time step, concatenated with the input x; for

the current time instant.

53. The audio generator of any of claims 50-52, wherein the recurrent learna-
ble layer is configured to generate the candidate state and/or output by at least:

weighting, through weight parameter W obtained by training, a vector
which is conditioned by both:

the input x; for the current time instant and

the state and/or output ht of the preceding time step weighted onto a re-

set gate vector rt.

54. The audio generator of any of claims claim 50-53, wherein the recurrent
learnable layer is configured to generate the update gate vector z: by applying a
parameter W; to a concatenation of:

the input ht.1 of the recurrent module ht.1 concatenated with

the input x; for the current time instant.

55.  The audio generator of any of claims 50-54, wherein the reset gate vector rt
is obtained by applying a weight parameter W; to a concatenation of both:

the state and/or output h. of the preceding time step and

the input x: for the current time instant. 56. Audio generator (10) accord-
ing to any claims 46-55, comprising a quantization index converter (313) config-

ured to convert indexes of the bitstream (13) onto codes.

57.  The audio generator of any of claims 46-56, configured so that the bitrate
of the audio signal (16) is greater than the bitrate of both the target data (12)
and/or of the first data (15) and/or of the second data (69).
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58.  The audio generator of any of claims 46-57, configured to obtain the input
signal (14) from the bitstream (3, 3b).

59. The audio generator of any of claims 46-57, configured to obtain the input

signal from noise (14).

60.  The audio generator of any of claims 46-59, wherein the at least one precon-
ditioning learnable layer (710) is configured to provide the target data (12) as a

spectrogram or a decoded spectrogram.

61. The audio generator according to any of claims 46-60, wherein the at least
one learnable layer or a conditioning set of learnable layers comprises one or at

least two convolution layers (71-73).

62. The audio generator according to any of claims 46-61, wherein a first convo-
lution layer (71-73) is configured to convolute the target data (12) or up-sampled

target data to obtain first convoluted data (71") using a first activation function.

63. The audio generator according to any one of claims 46-62, wherein the first
data (15, 59, 59a, 59b) has own dimension which is lower than the audio signal
(16).

64.  The audio generator according to any one of claims 46-63, wherein the target

data (12) is a spectrogram.

65.  Audio generator according to any one of claims 46-64, wherein the audio

signal (16) is a mono audio signal.



