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Description

TECHNICAL FIELD

[0001] The present disclosure relates to performing machine learning (ML) key-guided signal transformations.

BACKGROUND

[0002] ML models of neural networks can model and learn a fixed signal transformation function. When there are
multiple different signal transformations or in case of a continuously time-varying transformation, such static ML models
tend to learn, for example, a suboptimal stochastically averaged transformation.
[0003] Ji et al , "Speaker-Aware Target Speaker Enhancement by Jointly Learning with Speaker Embedding Extrac-
tion", Proceedings IEEE INTERNATIONAL CONFERENCE ON ACOUSTICS, SPEECH AND SIGNAL PROCESSING
(ICASSP), 04-05-2020, DOI:10.1109/ICASSP40776.2020.9054311, pages 7294 - 7298, XP033793942, discusses target
speaker enhancement which seeks to extract a target speaker’s voice from a noisy and/or mixed speech waveform. A
pre-trained speaker embedder summarizes information about the target speaker into a single fixed speaker embedding
vector. Further, a mixed speech waveform is input into a trained enhancement neural network, wherein an embedding
of the mixed speech waveform and the speaker embedding are fused in a fusion layer of the enhancement neural network
for improved target speech enhancement.
[0004] Schmidt et al, "Blind Bandwidth Extension of Speech based on LPCNet", Proceddings of the 28th European
Signal Proceesing Conference (EUSIPCO), DOI: 10.23919/Eusipco47968.2020.9287465, 18-01-2018, pages 426 - 430,
URL: https://www.eurasip.org/Proceedings/Eusipco/Eusipco2020/pdfs/0000426.pdf , XP055789455 , discusses band-
width expansion, wherein the frequency range of a speech signal is extended from narrowband to wideband. Conditioning
parameters of an input audio (narrowband speech) are generated by using a trained neural network. The output of this
network is used as conditioning parameter to a sample-rate network generating a wideband speech excitation signal.
[0005] Klein et al, "Wavenet Based Low Rate Speech Coding", Proceddings IEEE ICASSP, 15-04-2018, pages
676-680, DOI: 10.1109/ICASSP.2018.8462529, XP033401793, describes how a WaveNet generative speech model
can be used to generate high quality speech from the bit stream of a standard parametric coder operating at 2.4 kb/s.
The produced by the system is able to additionally perform implicit bandwidth extension.
[0006] Cernak et al, "Composition of Deep and Spiking Neural Networks for Very Low Bit Rate Speech Coding",
ARXIV.ORG, 15-04-2016, XP080695631, discloses In this paper, we propose a speech coding framework based on
neural networks (NNs) for end-to-end speech analysis and synthesis which relies on phonological (sub-phonetic) rep-
resentation of speech, and it is designed as a composition of deep and spiking NNs: a bank of phonological analysers
at the transmitter, and a phonological synthesizer at the receiver, both realised as deep NNs, and a spiking NN as an
incremental and robust encoder of syllable boundaries for coding of continuous fundamental frequency (F0).
[0007] Jiang et al, "Low Bitrates Audio Bandwidth Extension Using a Deep Auto-Encoder", 17tg International Confer-
ence on Image Analysis and Processing (ICIAP), pages 528-537, 22-11-2015, ISBN 978-3-642-17318-9, XP047413612,
discloses a bandwidth extension method which the fine structure of a high frequency band from low frequency band by
a deep auto-encoder, and only extracts the envelope of high frequency as side information.
[0008] Huang et al, "A Parametric Spatial Audio Coding Method Based on Convolutional Neural Networks", AES
Convention 145, 07-10-2018, XP040699196, discloses estimation of inter-channel transfer functions (ITF) are through
training over fitting convolutional neural networks (CNN) on a specific frame. Perfectly reconstructing the original channel
and keeping the spatial cues the same are set as the target of the estimation.

SUMMARY

[0009] The present invention provides a method and a system, as set forth in the appended independent claims 1 and
7. Preferred embodiments are set forth in the appended dependent claims.

BRIEF DESCRIPTION OF THE DRAWINGS

[0010]

FIG. 1 is a high-level block diagram of an example system configured with a trained key generator ML model
configured to generate key parameters during inference, and a trained audio synthesis ML model to perform dynamic
key-guided signal transformations during inference based on the key parameters.

FIG. 2A is a flow diagram of an example first training process used to jointly train the key generator ML model and
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the audio synthesis ML model to perform a signal transformation.

FIG. 2B is a flow diagram expanding on an example key generator ML model training operation of the first training
process.

FIG. 3A is a flow diagram of an example first-stage of a second training process used to train the key generator ML
model.

FIG. 3B is a flow diagram of an example second-stage of the second training process used to train the audio synthesis
ML model based on the trained key generator ML model from the first-stage.

FIG. 4 is a block diagram of an example high-level communication system in which the key generator ML model
and the audio synthesis ML model, once trained using the first training process, may be deployed to perform
inference-stage key-guided signal transformations.

FIG. 5 is a flow diagram of an example inference-stage transmitter process, performed in a transmitter of the
communication system.

FIG. 6 is a flow diagram of an example inference-stage receiver process performed in a receiver of the communication
system.

FIG. 7 is a flow diagram of an example inference-stage receiver process performed in a receiver that includes the
key generator ML model and the audio synthesis model, once trained using the second training process.

FIG. 8 is a flowchart of an example method of performing key-guided signal transformation using the key generator
ML model and the audio synthesis ML model, trained previously, to perform the signal transformation.

FIG. 9 is a block diagram of an example computer device configured to implement embodiments presented herein.

DESCRIPTION OF EXAMPLE EMBODIMENTS

Example Embodiments

[0011] Embodiments presented herein are directed to a machine learning (ML) approach or framework that jointly
optimizes generation of a relatively small amount of metadata (e.g., key parameters), and synthesis of audio having
desired audio characteristics based on the metadata. More specifically, a key generator ML model and an audio synthesis
ML model are jointly trained for a specific/desired signal/audio transformation. During inference, the trained key generator
ML model generates the key parameters, and the trained audio synthesis ML model transforms input audio to desired
output audio based on the key parameters. In an embodiment in which the key parameters are transmitted from a remote
transmission end to a local audio synthesis end, the key generator ML model has access to the input audio and target
audio, which guide generation of the key parameters. In another embodiment, which is not encompassed by the wording
of the claims and in which the key parameters are not transmitted from the remote end to the local audio synthesis end,
the key generator ML model operates locally and only has access to the input audio.
[0012] A non-limiting example of the signal transformation includes resolution enhancement of input audio in the form
of pulse-code modulation (PCM)-based audio. In this example, given a low resolution/bandwidth representation and a
high resolution/bandwidth representation of an audio signal, the key generator ML model generates a size-constrained
set of metadata, e.g., key parameters, for guiding the audio synthesis ML model. Given the size-constrained set of
metadata, e.g., key parameters, and the low resolution/bandwidth representation of the audio signal, the audio synthesis
ML model synthesizes a high resolution/bandwidth representation of the audio signal.
[0013] In one embodiment, the two ML models (i.e., the key generator ML model and the audio synthesis ML model)
may be trained jointly (i.e., concurrently and based on a total cost that combines individual costs associated with each
of the ML models), and in accordance with the claimed invention, their respective trained instances (i.e., inferences) are
deployed in different environments. For example, the key generator ML model inference may be deployed in an HD
radio transmitter while the audio synthesis ML model inference may be deployed in an HD radio receiver. In another
embodiment, the ML models may be trained individually and sequentially, in which case their inference ML models may
both be deployed in the HD radio receiver. In either deployment arrangement, the HD radio transmitter may transmit a
rate reduced compressed audio signal, and the HD radio receiver may synthesize a higher resolution/bandwidth audio
signal from the compressed audio signal based on the key parameters. This represents a form of audio super resolution.
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[0014] With reference to FIG. 1, there is a high-level block diagram of an example system 100 configured with previously
trained ML models (also referred to as "neural network models" or simply "neural networks") to perform dynamic key-
guided/key-based signal transformations. System 100 performs "inference-stage" processing because the processing
is performed by the ML models after they have been trained. System 100 is presented as a construct useful for describing
concepts employed in different embodiments presented below. As such, not all of the components and signals presented
in system 100 apply to all of the different embodiments, as will be apparent from the ensuing description.
[0015] System 100 includes trained key generator ML model 102 (also referred to simply as "key generator 102") and
a trained audio synthesis ML model 104 (also referred to as an "audio synthesizer 104") that may be deployed in a
transmitter (TX)/receiver (RX) (TX/RX) system. In an example, key generator 102 receives key generation data that may
include at least an input signal and/or a target or desired signal. Based on the key generation data, key generator 102
generates a set of transform parameters KP, also referred to as "key parameters" or "key frame parameters" KP. Key
generator 102 may generate key parameters KP on a frame-by-frame basis, or over a group of frames, as described
below. Key parameters KP parameterize or represent a desired/target signal characteristic of the target signal, such as
a spectral/frequency-based characteristic or a temporal/time-based characteristic of the target signal, for example. In
one embodiment of the TX/RX system, key generator 102 generates key parameters KP at transmitter TX and then
transmits the key parameters KP to receiver RX along with the input signal. At receiver RX, audio synthesizer 104
receives the input signal and key parameters KP transmitted by transmitter TX. Audio synthesizer 104 performs a desired
signal transformation of the input signal based on key parameters KP, to produce an output signal having an output
signal characteristic similar to or that matches the desired/target signal characteristic of the target signal. In another
embodiment of the TX/RX system, key generator 102 and audio synthesizer 104 both reside at the receiver RX.
[0016] Key generator 102 and audio synthesizer 104 include respective trained neural networks. Each neural network
may be a convolutional neural network (CNN) that includes a series of neural network layers with convolutional filters
having weights or coefficients that are configured based on a conventional stochastic gradient-based optimization algo-
rithm. In another example, each neural network may be based on a recurrent neural network (RNN) model.
[0017] As mentioned above, key generator 102 is trained to generate key parameters KP. Audio synthesizer 104 is
trained to be uniquely configured by key parameters KP to perform a dynamic key-guided signal transformation of the
input signal, to produce the output signal, such that one or more output signal characteristics match or follow one or
more desired/target signal characteristics. For example, key parameters KP configure the audio synthesizer ML model
to perform the signal transformation such that spectral or temporal characteristics of the output signal match corresponding
desired/target spectral or temporal characteristics of the target signal.
[0018] In an example in which the input signal and the target signal include respective sequences of signal frames,
e.g., respective sequences of audio frames, key generator 102 generates key parameters KP on a frame-by-frame basis
to produce a sequence of frame-by-frame key parameters, and audio synthesizer 104 is configured by the key parameters
to perform the signal transformation of the input signal to the output signal on the frame-by-frame basis. That is, audio
synthesizer 104 produces a uniquely transformed output frame for/corresponding to each given input frame, due to the
frame-specific key parameters used to guide the transformation of the given input frame. Thus, as the desired/target
signal characteristics dynamically vary from frame-to-frame and the generator key parameters that represent the de-
sired/target signal characteristics correspondingly vary from fame-to-frame, the key-guided signal transformation will
correspondingly vary frame-by-frame to cause the output frames have signal characteristics that track those of the target
frames. In this way, key generator 102 and audio synthesizer 104 collectively implement/perform dynamic, key-guided
signal transformations on the input signal, to produce the output signal that matches the target signal characteristics
over time.
[0019] In various embodiments, the input signal may represent a pre-processed input signal that is representative of
the input signal and the target signal may represent a pre-processed target signal that is representative of the target
signal, such that key generator 102 generates key parameters KP based on the pre-processed input and target signals,
and audio synthesizer 104 performs the signal transformation on the pre-processed input signal. In another embodiment,
key parameters KP may represent encoded key parameters, such that the encoded key parameters configure audio
synthesizer 104 to perform the signal transformation of the input signal or pre-processed input signal. Also, the input
signal may represent an encoded input signal, or an encoded, pre-processed input signal, such that key generator 102
and audio synthesizer 104 each operate on the encoded input signal or the encoded pre-processed input signal. All of
these and further variations are possible in various embodiments, some of which will be described below.
[0020] By way of example, various aspects of system 100, ML model inference processing, and training of the ML
models, are now described in a context in which the input signal and the target signal are respective audio signals, i.e.,
"input audio" and "target audio." It is understood that the embodiments presented herein apply equally to other contexts,
such as a context in which the input signal and the target signal include respective radio frequency (RF) signals, image,
video, and so on. In the audio context, the target signal may be a speech or audio signal sampled at, e.g., 32 kHz, and
buffered, e.g., as frames of 32ms corresponding to 1024 samples per frame. Similarly, the input signal may be a speech
or audio signal that is, for example:
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a. Either sampled at the same sample rate as the target signal (e.g., 32 kHz) or sampled at a different sampling rate
(e.g., 16 kHz, 44.1 kHz, or 48 kHz).

b. Buffered at either the same frame duration as the target signal (e.g., 32ms) or a different duration (e.g., 16ms,
20ms, or 40ms).

c. A bandlimited version of the target signal. For example, the target signal is a full-band audio signal including
frequency content up to a Nyquist frequency, e.g., 16 kHz, while the input signal is bandlimited with audio frequency
content that is less than that of the target signal, e.g., up to 4 kHz, 8 kHz, or 12 kHz.

d. A distorted version of the target signal. For example, the input signal contains unwanted noise or temporal/spectral
distortions of the target signal.

e. Not perceptually or intelligibly related to the target signal. For example, the input signal includes speech/dialog,
while target signal includes music; or the input signal includes music for instrument-1 while the target signal includes
music from another instrument, and so on.

[0021] As mentioned above, the input signal and the target signal may each be pre-processed to produce a pre-
processed input signal and a pre-processed target signal upon which key generator 102 and audio synthesizer 104
operate. Example pre-processing operations that may be performed on the input signal and the target signal include
one or more of: resampling (e.g., down-sampling or up-sampling); direct current (DC) filtering to remove low frequencies,
e.g., below 50 Hz; pre-emphasis filtering to compensate for a spectral tilt in the input signal; and/or adjusting gain such
that the input signal is normalized before its subsequent signal transformation.
[0022] The inference-stage processing described above in connection with FIG. 1 relies on key generator 102 and
audio synthesizer 104 each being previously trained. Various training processes may be employed to train key generator
102 and audio synthesizer 104. A first training process that uses a first key cost implementation is now described in
connection with FIGs. 2A and 2B. FIG. 2A is a flow diagram for the first training process. The first training process jointly
trains key generator 102 and audio synthesizer 104 using various training signals. This means that key generator 102
and audio synthesizer are trained concurrently using a total cost that combines a first individual cost associated with the
key generator/the key parameters and a second individual cost associated with the audio synthesizer/signal transfor-
mation, as will be described more fully below.
[0023] The training signals include a training input signal (e.g., training input audio), a training target signal (e.g.,
training target audio), and training key parameters KPT (generated by key generator 102 during training and used to
train audio synthesizer 104) that have signal characteristics/properties generally similar to the input signal, the target
signal, and key parameters KP used for inference-stage processing in system 100, for example; however, the training
signals and the inference-stage signals are not the same signals. The training signals also including predetermined key
constraints KC. Non-limiting examples of key constraints include a total number of bits allocated for transmission of key
parameters in inference-stage processing (e.g., a length of vectors that represent the key parameters), and mutual
orthogonality of the key parameters (e.g., the vectors). The first training process operates on a frame-by-frame basis,
i.e., the training process operates on each frame of the input signal and corresponding concurrent frame of the target
signal.
[0024] At 202, the training process pre-processes an input signal frame to produce a pre-processed input signal frame.
Example input signal pre-processing operations include: resampling; DC filtering to remove low frequencies, e.g., below
50 Hz; pre-emphasis filtering to compensate for a spectral tilt in the input signal; and/or adjusting gain such that the input
signal is normalized before a subsequent signal transformation. Similarly, at 204, the training process pre-processes
the corresponding target signal frame, to produce a pre-processed target signal frame. The target signal pre-processing
may perform all or a subset of the operations performed by the pre-processing of the input signal frame.
[0025] At 206, (initially untrained) key generator 102 generates a set of key parameters KPT corresponding to the
input signal frame based on the key constraints and one or more of the input signal frame and the target signal frame.
Also, key generator 102 uses/and or computes at least one key constraint cost KCC (i.e., a first cost) associated with
key parameters KPT and used for training the key generator, i.e., that is to be minimized by the training.
[0026] At 210, (initially untrained) audio synthesizer 104 receives the pre-processed input signal frame and key pa-
rameters KPT for the input signal frame. Key parameters KPT configure audio synthesizer 104 to perform a signal
transformation on the pre-processed input signal frame, to produce an output signal frame. In addition, a cost optimizer
CO for implementing cost back propagation (CBP) receives the pre-processed target signal frame, the output signal
frame, and key constraint cost KCC. Cost optimizer CO computes an audio synthesizer output cost/error for audio
synthesizer 104, i.e., a second output cost associated with the signal transformation. Cost optimizer CO computes a
final cost based on the audio synthesizer output cost and the key generator key constraint cost KCC, e.g., as a weighted
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combination of the two costs. The final cost drives back propagation of cost gradients (depicted in dashed-line in FIG.
2A) of the final cost with respect to each of (i) the learnable/trainable model parameters employed by key generator 102,
and (ii) the learnable/trainable model parameters employed by audio synthesizer 104. The cost gradient with respect to
any particular model parameter further drives an update of that model parameter (e.g., weights of the model) to minimize
the relevant cost during the joint training process.
[0027] In a first example, cost optimizer CO may estimate a mean-squared error (MSE) or absolute error between the
pre-processed target signal and the model output signal as the signal transformation cost. In a second example, assuming
the target signal and the model output signal may be in the time domain, the spectral domain, or in the key parameter
domain, cost optimizer CO may compute a weighted combination of multiple errors estimated in the time-domain, spectral
domain, and key parameter domain as the signal transformation cost. Any known or hereafter developed back propagation
technique may be used to train the two models, based on the training examples and parameters described herein. An
example of computing key constraint cost KCC is described below in connection with FIG. 2B.
[0028] Operations 202-210 repeat for successive input and corresponding target signal frames to train key generator
102 to generate key parameters KPT that configure audio synthesizer 104 to perform the signal transformation on the
input signal such that the output signal characteristic of the output signal matches the target signal characteristic targeted
by the signal transformation. The first training process jointly trains key generator 102 and audio synthesizer 104 at the
same time on a frame-by-frame basis and using the back propagation to minimize the total cost across the two ML
models. Once key generator 102 and audio synthesizer 104 have been trained jointly over many frames of the input
signal and the target signal, the trained key generator and the trained audio synthesizer may be deployed for inference-
stage processing of an (inference-stage) input signal based on (inference-stage) key parameters. Further examples of
inference-stage processing are described below in connection with FIGs. 4-7.
[0029] With reference to FIG. 2B, there is a flow diagram expanding on training operation 210 of the first training
process, specifically with respect to computing key constraint cost KCC. For purposes of training, key generator 102
includes a key cost calculator 302 to compute key constraint cost KCC based on key parameters KPT, key constraints
KC, and the pre-processed target signal. In an embodiment assuming key parameters configured as vectors, a key
constraint cost implementation may be a measurement of orthogonality between the key parameter vectors. In particular,
assuming each key parameter vector Km includes a collection of specific key parameters over all Nb data points of a
batch of training data points (e.g., audio files), then 

where Km is the mth key parameter vector and Nk is the number of key parameters to be used for conditioning the audio
synthesizer 104.
[0030] A normalized key parameter vector is defined as 

[0031] All of the Nk normalized parameter vectors, when collected together, constitute a normalized key parameter
data matrix X, i.e., 

[0032] The correlation matrix R is defined as 
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where superscript Tdenotes a matrix transpose i.e., 

[0033] If the key vectors are orthogonal to each other, the correlation matrix R would be an identity matrix. Hence, it
is desirable for the key constraint cost to measure a deviation of R from the ideal identity matrix. The key constraint cost
can then be expressed as a ratio of the Frobenius norms of the undesired off-diagonal elements of the correlation matrix
to the desired diagonal elements of the correlation matrix R, i.e., 

[0034] Note that by construction,  for all n.
[0035] As mentioned above, key constraint cost KCC is combined with the audio synthesizer cost to produce the final
cost, which drives the back propagation of the cost gradients.
[0036] A second training process in now described in connection with FIGs. 3A and 3B. At a high-level, the second
training process includes first and second independent sequential training stages that do not share their respective costs.
The first-stage trains key generator 102. Then, the second-stage trains audio synthesizer 104 using trained key generator
102 from the first-stage. FIG. 3A is a flow diagram of the first-stage used to train key generator 102. Input signal pre-
processing operation 202 produces a pre-processed input signal as described above. Target signal pre-processing
operation 204 produces a pre-processed target signal as described above. Key estimating operation 306 uses one or
more predetermined signal processing algorithms (not an ML process) to estimate target key parameters that serve as
target/reference key parameters for training key generator 102, i.e., the key estimating derives the target key parameters
algorithmically. Examples of target key parameters include a line spectral frequency (LSF) key, a harmonic key, and a
temporal envelope key, as described below. At 308, key generator 102 is trained on the pre-processed input signal,
without access to the target signal, such that the key generator learns to generate key parameters KPT that approximate
the target key parameters. To do this, cost optimizer CO computes an error between the target key parameters and the
key parameters KPT, and uses the error to drive cost back propagation (CBP) to update the learnable parameters of
key generator 102 used to generate the key parameters KPT, and thereby minimize the error. In an example, cost
optimizer CO computes an MSE or absolute error between the target key parameters and key parameters KPT.
[0037] To estimate the target key parameters, key estimating operation 306 (also referred to as key estimator 306)
may perform a variety of different analysis operations on the input signal and/or the target signal, to produce corresponding
different sets of target key parameters. In one example, key estimating operation 306 performs linear prediction (LP)
analysis of at least one of the target signal, the input signal, or an intermediate signal generated based on the target
and input signals. The LP analysis produces LP coefficients (LPCs) and LSFs that, in general, compactly represent a
broader spectral envelope of the underlying signal, i.e., the target signal, the input signal, or an intermediate signal. The
LSFs compactly represent the LPCs where they exhibit good quantization and frame-to-frame interpolation properties.
[0038] The LSFs of the target signal (i.e., which represents a reference or ground truth) serve as a good representation
for audio synthesizer 104 to learn or mimic the spectral envelope of the target signal (i.e., the target spectral envelope)
and impose a spectral transformation on the spectral envelope of the input signal (i.e., the input spectral envelope) to
produce a transformed signal (i.e., the output signal) that has that target spectral envelope. Thus, in this case, the target
key parameters represent or form the basis for a "spectral envelope key" that includes spectral envelope key parameters.
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The spectral envelope key configures audio synthesizer 104 to transform the input signal to the output signal, such that
the spectral envelope of the output signal (i.e., the output spectral envelope) matches or follows the target spectral
envelope.
[0039] In another example, key estimating operation 306 performs frequency harmonic analysis of at least one of the
target signal, the input signal, or an intermediate signal generated based on the target and input signals. The harmonic
analysis generates as the target key parameters a representation of a subset of dominant tonal harmonics that are, e.g.,
present in the target signal as target harmonics and are either in or missing from the input signal. Key estimating operation
306 estimates the dominant tonal harmonics using, e.g., a search on spectral peaks, or a sinusoidal analysis/synthesis
algorithm. In this case, the target key parameters represent or form the basis of a "harmonic key" comprising harmonic
key parameters. The harmonic key configures audio synthesizer 104 to transform the input signal to the output signal,
such that the output signal includes the spectral features that are present in the target signal, but absent from the input
signal. In this case, the signal transformation may represent a signal enhancement of the input signal to produce the
output signal with perceptually-improved signal quality, which may include frequency bandwidth extension (BWE), for
example. The above-described LP analysis that produces LSFs and harmonic analysis are each examples of spectral
analysis.
[0040] In yet another example, key estimating operation 306 performs temporal analysis (i.e., time-domain analysis)
of at least one of the target signal, or an intermediate signal generated based on the target and input signals. The
temporal analysis produces target key parameters as parameters that compactly represent temporal evolution in a given
frame (e.g., gain variations), or a broad temporal envelope of either the target signal or the intermediate signal (generally
referred to as "temporal amplitude" characteristics), for example. In both bandlimited and distorted cases, the temporal
features of the target signal (i.e., the reference or ground truth) serve as a good prototype for audio synthesizer 104 to
learn or mimic the temporal fine structure of the target signal (i.e., the desired temporal fine structure) and impose this
temporal feature transformation on the input signal. In this case, the target key parameters represent or form the basis
for a "temporal key" comprising temporal key parameters. The temporal key configures audio synthesizer 104 to transform
the input signal to the output signal such that the output signal has the desired temporal envelope.
[0041] FIG. 3B is a flow diagram of the second-stage of the second training process. The second-stage follows the
first-stage and uses trained key generator 102 to train audio synthesizer 104. In the second-stage, input signal pre-
processing 202 provides the pre-processed input signal to trained key generator 102 and initially untrained audio syn-
thesizer 104. Target signal pre-processing 204 provides the pre-processed target signal to cost optimizer CO. At 320,
key generator 102 operates in inference mode to generate key parameters KPT that approximate the target key param-
eters described above, responsive to the pre-processed input signal. At 322, key parameters KPT configure audio
synthesizer 104 to perform a signal transformation on the pre-processed input signal, to produce an output signal. Cost
optimizer CO computes an error between the output signal and the pre-processed target signal, and uses the error to
drive cost back propagation to the trainable parameters of audio synthesizer 104, and thereby minimize the error. In an
example, cost optimizer CO computes an MSE or absolute error between the pre-processed target signal and the output
signal.
[0042] With reference to FIG. 4, there is a block diagram of an example high-level communication system 400 in which
key generator 102 and audio synthesizer 104, once trained according to the first training process, for example, may be
deployed to perform inference-stage processing. Communication system 400 includes a transmitter (TX) 402, in which
key generator 102 may be deployed, and a receiver (RX) 404, in which audio synthesizer 104 may be deployed. Key
generator 102 of transmitter 402 generates key parameters KP (referred to as "key frame parameters" in FIG. 4 to
indicate their frame-by-frame generation during inference) based on in an input signal and a target signal. Transmitter
402 combines the key parameters and the input signal into a bit-stream and transmits the bit-stream to receiver 404
over a communication channel. Receiver 404 receives the bit-stream from the communication channel, and recovers
the input signal and the key parameters from the bit-stream. Audio synthesizer 104 transforms the input signal recovered
from the bit-stream based on key parameters recovered from the bit-stream, to produce an output signal. Inference-
stage processing performed in transmitter 402 and receiver 404 are described below in connection with FIG. 5 and FIGs.
6 and 7.
[0043] With reference to FIG. 5, there is a flow diagram of an example inference-stage transmitter process 500 per-
formed by transmitter 402 to produce a bit-stream for transmission to receiver 404. Transmitter process 500 operates
on a full set of signals, e.g., input signal, target signal, and key parameters KP, that have similar statistical characteristics
as the corresponding training signals of training process 200.
[0044] At 502, the process pre-processes an input signal frame to produce a pre-processed input signal frame, and
provides the pre-processed signal frame to key generator 102. Similarly, at 504, the process pre-process a target signal
frame to produce a pre-processed target signal frame, and provides the pre-processed target signal frame to key generator
102. Pre-processing operations 502 and 504 may include operations similar to respective pre-processing operations
202 and 204 described above, for example.
[0045] At 506, key generator 102, pre-trained according to the first training process, generates key parameters KP
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(i.e., "key frame parameters") corresponding to the input signal frame based on the pre-processed input and target signal
frames. At 508, the process encodes the input signal frame to produce an encoded/compressed input signal frame (e.g.,
encoded input signal frame parameters). Encoding operation 508 may encode the input signal frame using any known
or hereafter developed waveform preserving audio compression technique. At 510, a bit-stream multiplexing operation
multiplexes the encoded input signal frame and the key parameters for the input signal frame into the bit-stream (i.e., a
multiplexed signal) for transmission by transmitter 402 over the communication channel.
[0046] With reference to FIG. 6, there is a flow diagram of an example inference-stage receiver process 600 performed
by receiver 404. Operations of receiver process 600 perform their respective functions on a frame-by-frame basis, similar
to the operations of transmitter process 500. Receiver process 600 receives the bit-stream transmitted by transmitter
402. Receiver process 600 includes a demultiplexer-decoder operation 602 (also referred to simply as a "decoder"
operation) to demultiplex the encoded input signal and the key parameters from the bit-stream, and to decode the
encoded input signal to recover local copies/versions of the input signal (referred to as the "decoded input signal" in
FIG. 6) and the key parameters for the current frame.
[0047] Next, an optional input signal pre-processing operation 604 pre-processes the input signal from bit-stream
demultiplexer-decoder operation 602, to produce a pre-processed version of the input signal that is representative of
the input signal. Based on the key parameters, at 606, audio synthesizer 104, pre-trained according to the first training
process, performs a desired signal transformation on the pre-processed version of the input signal, to produce an output
signal (labeled "model output" in FIG. 6). In an embodiment that omits input signal pre-processing operation 604, audio
synthesizer 104 performs the desired signal transformation on the input signal, directly. The pre-processed version of
the input signal and the input signal may each be referred to more generically as "a signal that is representative of the
input signal."
[0048] Receiver process 600 may also include an input-output blending operation 610 to blend the pre-processed
input signal with the output signal, to produce a desired signal. Input-output blending operation 610 may include one or
more of the following operations performed on a frame-by-frame basis:

a. A constant-overlap-add (COLA) windowing, for example, with 50% hop and overlap-add of two consecutive
windowed frames.

b. Blending of windowed/filtered versions of the output signal and the pre-processed input signal to generate the
desired signal, the goal of the blending being to control characteristics of the desired signal in a region of spectral
overlap between the output signal and the pre-processed input signal. Blending may also include post-processing
of the output signal based on the key parameters to control the overall tonality and noisiness in the output signal.

[0049] In summary, process 600 includes (i) receiving input audio and key parameters representative of a target audio
characteristic, and (ii) configuring audio synthesizer 104, that was previously trained to be configured by the key param-
eters, with the key parameters to cause the audio synthesizer to perform a signal transformation of audio representative
of the input audio (e.g., either the input audio or a pre-processed version of the input audio), to produce output audio
with an output audio characteristic that matches the target audio characteristic. The key parameters may represent a
target spectral characteristic as the target audio characteristic, and the configuring includes configuring audio synthesizer
104 with the key parameters to cause the audio synthesizer to perform the signal transformation of an input spectral
characteristic of the input audio to an output spectral characteristics of the output audio that matches the target spectral
characteristic.
[0050] With reference to FIG. 7, there is a flow diagram of an example inference-stage receive/decode process 700
performed by a receiver that includes both key generator 102 and audio synthesizer 104 each trained according to the
second training process, i.e., using the second key cost implementation. Process 700 employs some, but not all, of the
operations of process 600. Process 700 receives a bit-stream including an encoded input signal, but no key parameters.
Decoding operation 702 decodes the encoded input signal in the bit-stream to recover a local copy of the input signal,
i.e., a decoded input signal. Optional input signal pre-processing operation 604 pre-processes the input signal, to produce
a pre-processed version of the input signal that is representative of the input signal. At 705, key generator 102 generates
key parameters locally based on the input signal. At 606, trained audio synthesizer 104 performs a desired signal
transformation on the pre-processed version of the input signal (or the input signal) based on the key parameters, to
produce an output signal. Input-output blending operation 610 blends the pre-processed input signal with the output
signal, to produce a desired signal. Thus, receive/decode process 700 synthesizes key parameters locally (i.e., at the
receiver/decoder) during inference, instead of generating the key parameters at the transmitter/encoder and transmitting
them in a bit-stream as is done in transmitter process 500.
[0051] With reference to FIG. 8, there is a flowchart of an example method 800 of performing a key-guided signal
transformation during inference-stage processing using key generator 102 (referred to as a "first neural network") and
audio synthesizer 104 (referred to as a "second neural network").
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[0052] At 802, one or more of input audio and target audio having a target audio characteristic are received. The input
audio and target audio may each include a sequence of audio frames.
[0053] At 804, using a first neural network, trained to generate key parameters that satisfy one or more predetermined
key constraints and that represent the target audio characteristic based on one or more of the target audio and the input
audio, key parameters are generated. The first neural network may generate the key parameters on a frame-by-frame
basis to produce a sequence of frame-by-frame key parameters. The key constraints represents or are indicative of key
cost, e.g., (1) mutual orthogonality of key vectors when the key parameters are generated from the target audio in the
first training process, or (2) MSE match of the algorithmically estimated key parameters (e.g., the LSF key) when the
key parameters are generated from the input audio in the second training process.
[0054] At 806, a second neural network, trained to be configured by the key parameters, is configured by/with the key
parameters to cause the second neural network to perform a signal transformation of the input audio, to produce output
audio having an output audio characteristic corresponding to and that matches the target audio characteristic. That is,
the signal transformation transforms the input audio characteristic to the output audio characteristic that matches or is
similar to the target audio characteristic. The second neural network may be configured by the sequence of frame-by-
frame key parameters on a frame-by-frame basis to transform each input audio frame to a corresponding output audio
frame, to produce the output audio as a sequence of output audio frames (one output audio frame per one input audio
frame and per set of frame-by-frame key parameter).
[0055] Previous to operations 802-806, the first and second neural networks are trained using any of various training
processes. For example, a first training process jointly trains the first neural network and the second neural network to
perform the key generation and the signal transformation, respectively, to minimize a combined cost, derived based on
a first cost associated with the key parameters and a second cost associated with the signal transformation. The combined
cost is configured to drive back propagation of cost gradients of the combined cost with respect to each of the first neural
network and the second neural network. The first cost measures mutual orthogonality between vectors representative
of the key parameters, and the second cost measures an error between training target audio and training output audio
produced by the signal transformation.
[0056] In another example, a second training process includes sequential independent first and second-stages. The
first-stage trains the first neural network to minimize a first cost associated with the key parameters. That is, the first
neural network is trained to generate the key parameters to approximate target key parameters derived algorithmically
from the target signal, such that the key parameters minimize error (i.e. the first cost) between the key parameters and
the target key parameters. Then, the second-stage trains the second neural network using the trained first neural network
to minimize a second cost (independent of the first cost) associated with the signal transformation.
[0057] With reference to FIG. 9, there is a block diagram of a computer device 900 configured to implement embod-
iments presented herein. There are numerous possible configurations for computer device 900 and FIG. 9 is meant to
be an example. Examples of computer device 900 include a tablet computer, a personal computer, a laptop computer,
a mobile phone, such as a smartphone, and so on. Also, computer device 900 may be incorporated into a transmitter
or receiver as described herein, such as in an HD radio transmitter or receiver. Computer device 900 includes one or
more network interface units (NIUs)/Radios 908, and memory 914 each coupled to a processor 916. The one or more
NIUs/Radios 908 may include wired and/or wireless connection capability that allows processor 916 to communicate
over a communication network. For example, NIUs/Radios 908 may include an Ethernet card to communicate over an
Ethernet connection, a wireless RF transceiver to communicate wirelessly with cellular networks in the communication
network, a radio configured to transmit and receive RF signals (e.g., for HD radio) over an air interface (I/F), optical
transceivers, and the like, as would be appreciated by one of ordinary skill in the relevant arts. Processor 916 receives
sampled or digitized audio, and provides digitized audio to, one or more audio devices 918, as is known. Audio devices
918 may include microphones, loudspeakers, analog-to-digital converters (ADCs), and digital-to-analog converters
(DACs).
[0058] Processor 916 may include a collection of microcontrollers and/or microprocessors, for example, each config-
ured to execute respective software instructions stored in the memory 914. Processor 916 may host/implement one or
more ML models, including one or more of key generator ML model 102 and audio synthesis ML model 104. Processor
916 may be implemented in one or more programmable application specific integrated circuits (ASICs), firmware, or a
combination thereof. Portions of memory 914 (and the instructions therein) may be integrated with processor 916. As
used herein, the terms "acoustic," "audio," and "sound" are synonymous and interchangeable.
[0059] The memory 914 may include read only memory (ROM), random access memory (RAM), magnetic disk storage
media devices, optical storage media devices, flash memory devices, electrical, optical, or other physical/tangible (e.g.,
non-transitory) memory storage devices. Thus, in general, the memory 914 may comprise one or more computer readable
storage media (e.g., a memory device) encoded with software comprising computer executable instructions and when
the software is executed (by the processor 916) it is operable to perform the operations described herein. For example,
the memory 914 stores or is encoded with instructions for control logic 920 to implement modules configured to perform
operations described herein related to one or both of the ML models, training of the ML models, operation of the ML
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models during inference, input/target signal pre-processing, input/target signal encoding and decoding, cost computation,
cost minimization, back propagation, bit-stream multiplexing and demultiplexing, input-output blending (post-processing),
and the methods described above.
[0060] In addition, memory 914 stores data/information 922 used and generated by processor 916, including key
parameters, input audio, target audio, and output audio, and coefficients and weights employed by the ML models, and
so on.
[0061] Each claim presented below represents a separate embodiment.

Claims

1. A method comprising:

receiving input audio and target audio having a target audio characteristic;
using a first neural network deployed at a radio transmitter, trained to generate key parameters that represent
the target audio characteristic based on one or more of the target audio and the input audio, generating the key
parameters based on one or more of the target audio and the input audio;
encoding the input audio into encoded input audio at the radio transmitter;
transmitting the key parameters and the encoded input audio from the radio transmitter;
receiving the key parameters and the encoded input audio at a radio receiver;
decoding the encoded input audio to recover the input audio at the radio receiver; and
configuring a second neural network deployed at the radio receiver, trained to be configured by the key param-
eters, with the key parameters to cause the second neural network to perform a signal transformation of audio
representative of the input audio, to produce output audio having an output audio characteristic corresponding
to and that matches the target audio characteristic; wherein
generating the key parameters is performed at the radio transmitter; and
configuring the second neural network is performed at the radio receiver.

2. The method of claim 1, wherein:

the generating the key parameters with the first neural network includes generating the key parameters to
represent a target characteristic of the target audio; and
the configuring the second neural network includes configuring the second neural network with the key param-
eters to cause the second neural network to perform the signal transformation as a transformation of an input
characteristic of the input audio to an output characteristic of the output audio that matches the target charac-
teristic.

3. The method of claim 1, wherein:

the input audio and the target audio include respective sequences of audio frames;
the generating the key parameters includes generating the key parameters on a frame-by-frame basis; and
the configuring the second neural network includes configuring the second neural network with key parameters
generated on the frame-by-frame basis to cause the second neural network to perform the signal transformation
on a frame-by-frame basis, to produce the output audio as a sequence of audio frames.

4. The method of claim 1, wherein:
the first neural network and the second neural network were trained jointly to minimize a combined cost, including
a first cost associated with the key parameters and a second cost associated with the signal transformation.

5. The method of claim 4, wherein the combined cost is configured to drive back propagation of cost gradients of the
combined cost with respect to each of the first neural network and the second neural network.

6. The method of claim 4, wherein:

the first cost measures mutual orthogonality between vectors representative of the key parameters; and
the second cost represents an error between training target audio and training output audio produced by the
signal transformation.
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7. A system comprising:

a transmitter including a radio coupled to a processor and configured to:

receive input audio and target audio having a target audio characteristic;
use a first neural network, trained to generate key parameters that represent the target audio characteristic
based on one or more of the target audio and the input audio, to generate the key parameters based on
one or more of the target audio and the input audio;
encode the input audio into encoded input audio; and
transmit the key parameters and the encoded input audio; and

a receiver including a radio coupled to a processor and configured to:

receive the key parameters and the encoded input audio;
decode the encoded input audio to recover the input audio; and
configure a second neural network, trained to be configured by the key parameters, with the key parameters
to cause the second neural network to perform a signal transformation of audio representative of the input
audio, to produce output audio having an output audio characteristic corresponding to and that matches
the target audio characteristic.

8. The system of claim 7, wherein:

the first neural network is configured to generate the key parameters to represent a target characteristic of the
target audio; and
the receiver is configured to configure the second neural network by configuring the second neural network with
the key parameters to cause the second neural network to perform the signal transformation as a transformation
of an input characteristic of the input audio to an output characteristic of the output audio that matches the target
characteristic.

9. The system of claim 7, wherein:

the input audio and the target audio include respective sequences of audio frames;
the first neural network is configured to generate the key parameters by generating the key parameters on a
frame-by-frame basis; and
the receiver is configured to configure the second neural network by configuring the second neural network with
key parameters generated on the frame-by-frame basis to cause the second neural network to perform the
signal transformation on a frame-by-frame basis, to produce the output audio as a sequence of audio frames.

10. The system of claim 7, wherein:
the first neural network and the second neural network were trained jointly to minimize a combined cost, including
a first cost associated with the key parameters and a second cost associated with the signal transformation.

11. The system of claim 10, wherein the combined cost is configured to drive back propagation of cost gradients of the
combined cost with respect to trainable model parameters of each of the first neural network and the second neural
network.

12. The system of claim 10, wherein:

the first cost measures mutual orthogonality between vectors representative of the key parameters; and
the second cost measures an error between training target audio and training output audio produced by the
signal transformation.

13. The method of claim 1, wherein receiving input audio comprises:

receiving a bit-stream including encoded input audio; and
decoding the encoded input audio to recover input audio.

14. The method of claim 13, wherein:
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the first neural network is trained to generate the key parameters to approximate target key parameters derived
algorithmically from the target audio, such that the key parameters minimize an error between the key parameters
and the target key parameters.

15. The method of claim 13, wherein:

the generating the key parameters using the first neural network includes generating the key parameters as
spectral envelope key parameters including LP coefficients (LPCs) or line spectral frequencies (LSFs) that
represent a target spectral envelope of the target audio; and
the configuring includes configuring the second neural network with the spectral envelope key parameters to
cause the second neural network to perform the signal transformation as a transformation of an input spectral
envelope of the input audio to an output spectral envelope of the output audio that matches the target spectral
envelope.

16. The method of claim 13, wherein:

the generating the key parameters includes generating the key parameters as harmonic key parameters that
represent target harmonics present in the target audio; and
the configuring includes configuring the second neural network with the harmonic key parameters to cause the
second neural network to perform the signal transformation of the audio representative of the input audio, such
that the output audio includes harmonics that match the target harmonics.

17. The method of claim 13, wherein:

the generating the key parameters includes generating the key parameters as temporal key parameters that
represent a target temporal characteristic of the target audio; and
the configuring includes configuring the second neural network with the temporal key parameters to cause the
second neural network to perform the signal transformation as a transformation of an input temporal characteristic
of the input audio to an output temporal characteristic of the output audio that matches the target temporal
characteristic.

Patentansprüche

1. Verfahren, umfassend:

Empfangen von Eingangsaudio und Zielaudio mit einer Zielaudio-Charakteristik;
Verwenden eines ersten neuronalen Netzwerks, das an einem Funksender eingesetzt wird, das trainiert ist,
Schlüsselparameter zu erzeugen, die die Zielaudio-Charakteristik basierend auf einem oder mehreren der
Zielaudios und der Eingangsaudios repräsentieren, Erzeugen der Schlüsselparameter basierend auf einem
oder mehreren der Zielaudios und der Eingangsaudios;
Codieren des Eingangsaudios in codiertes Eingangsaudio am Funksender;
Übertragen der Schlüsselparameter und des codierten Eingangsaudios von dem Funksender;
Empfangen der Schlüsselparameter und des codierten Eingangsaudios an einem Funkempfänger;
Decodieren des codierten Eingangsaudios, um das Eingangsaudio an dem Funkempfänger wiederherzustellen;
und
Konfigurieren eines zweiten neuronalen Netzwerks, das am Funkempfänger eingesetzt wird, das trainiert wird,
um durch die Schlüsselparameter konfiguriert zu werden, mit den Schlüsselparametern, um das zweite neuro-
nale Netzwerk zu veranlassen, eine Signaltransformation von Audio, das das Eingangsaudio repräsentiert,
durchzuführen, um Ausgangsaudio zu produzieren, das eine Ausgangsaudio-Charakteristik aufweist, die der
Zielaudio-Charakteristik entspricht und mit dieser übereinstimmt;
wobei
das Erzeugen der Schlüsselparameter beim Funksender durchgeführt wird; und
das Konfigurieren des zweiten neuronalen Netzwerks am Funkempfänger durchgeführt wird.

2. Verfahren nach Anspruch 1, wobei:

das Erzeugen der Schlüsselparameter mit dem ersten neuronalen Netzwerk das Erzeugen der Schlüsselpara-
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meter beinhaltet, um ein Zielmerkmal des Zielaudios zu repräsentieren; und
das Konfigurieren des zweiten neuronalen Netzwerks beinhaltet das Konfigurieren des zweiten neuronalen
Netzwerks mit den Schlüsselparametern, um das zweite neuronale Netzwerk zu veranlassen, die Signaltrans-
formation als eine Transformation einer Eingangscharakteristik des Eingangsaudios in eine Ausgangscharak-
teristik des Ausgangaudios durchzuführen, die mit der Zielcharakteristik übereinstimmt.

3. Verfahren nach Anspruch 1, wobei:

das Eingangsaudio und das Zielaudio jeweilige Sequenzen von Audioframes beinhalten;
das Erzeugen der Schlüsselparameter das Erzeugen der Schlüsselparameter auf einer Frame-für-Frame-Basis
beinhaltet; und
das Konfigurieren des zweiten neuronalen Netzwerks das Konfigurieren des zweiten neuronalen Netzwerks
mit Schlüsselparametern beinhaltet, die auf Frame-für-Frame-Basis erzeugt werden, um das zweite neuronale
Netzwerk zu veranlassen, die Signaltransformation auf Frame-für-Frame-Basis durchzuführen, um das Aus-
gangsaudio als eine Sequenz von Audioframes zu produzieren.

4. Verfahren nach Anspruch 1, wobei:

das erste neuronale Netzwerk und das zweite neuronale Netzwerk gemeinsam trainiert wurden, um kombinierte
Kosten zu minimieren, der erste, den Schlüsselparametern zugeordnete Kosten und zweite, der Signaltrans-
formation zugeordnete Kosten beinhaltet.

5. Verfahren nach Anspruch 4, wobei die kombinierten Kosten dazu konfiguriert sind, die Ausbreitung von Kostengra-
dienten der kombinierten Kosten in Bezug auf das erste neuronale Netzwerk und das zweite neuronale Netzwerk
zurückzutreiben.

6. Verfahren nach Anspruch 4, wobei:

die ersten Kosten messen die gegenseitige Orthogonalität zwischen Vektoren, die für die Schlüsselparameter
repräsentativ sind; und
die zweiten Kosten repräsentieren einen Fehler zwischen dem Trainingszielaudio und dem durch die Signal-
transformation produzierten Trainingsausgangsaudio.

7. System, umfassend:
einen Sender, der ein mit einem Prozessor gekoppeltes Funkgerät beinhaltet und dazu konfiguriert ist:

Eingangsaudio und Zielaudio mit einer Zielaudio-Charakteristik zu empfangen;
ein erstes neuronales Netzwerk zu verwenden, das trainiert wurde, um Schlüsselparameter zu erzeugen, die
die Ziel-Audio-Charakteristik basierend auf einem oder mehreren der Zielaudios und der Eingangsaudios re-
präsentieren, um die Schlüsselparameter basierend auf einem oder mehreren der Zielaudios und der Ein-
gangsaudios zu erzeugen;
das Eingangsaudio in codiertes Eingangsaudio zu codieren; und
den Schlüsselparameter und des codierten Eingangsaudios zu empfangen; und
einen Empfänger, der ein mit einem Prozessor gekoppeltes Funkgerät beinhaltet und dazu konfiguriert ist:

den Schlüsselparameter und das codierte Eingangsaudio zu empfangen;
das codierte Eingangsaudio zu decodieren, um das Eingangsaudio wiederherzustellen; und
ein zweites neuronales Netzwerk zu konfigurieren, das trainiert wird, um durch die Schlüsselparameter
konfiguriert zu werden, mit den Schlüsselparametern, um das zweite neuronale Netzwerk zu veranlassen,
eine Signaltransformation von Audio, das das Eingangsaudio repräsentiert, durchzuführen, um Aus-
gangsaudio zu produzieren, das eine Ausgangsaudio-Charakteristik aufweist, die der Zielaudio-Charakte-
ristik entspricht und mit dieser übereinstimmt.

8. System nach Anspruch 7, wobei:

das erste neuronale Netzwerk dazu konfiguriert ist, die Schlüsselparameter zu erzeugen, um ein Zielmerkmal
des Zielaudios zu repräsentieren; und
der Empfänger dazu konfiguriert ist, das zweite neuronale Netzwerks durch Konfigurieren des zweiten neuro-
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nalen Netzwerks mit den Schlüsselparametern zu konfigurieren,
um das zweite neuronale Netzwerk zu veranlassen, die Signaltransformation als eine Transformation einer
Eingangscharakteristik des Eingangsaudios in eine Ausgangscharakteristik des Ausgangaudios durchzuführen,
die mit der Zielcharakteristik übereinstimmt.

9. System nach Anspruch 7, wobei:

das Eingangsaudio und das Zielaudio jeweilige Sequenzen von Audioframes beinhalten;
das erste neuronale Netzwerk dazu konfiguriert ist, die Schlüsselparameter beim Erzeugen der Schlüsselpa-
rameter auf einer Frame-für-Frame-Basis zu erzeugen; und
der Empfänger dazu konfiguriert ist, das zweite neuronale Netzwerk durch Konfigurieren des zweiten neuronalen
Netzwerks mit Schlüsselparametern zu konfigurieren, die beim Erzeugen Frame-für-Frame erzeugt werden,
um das zweite neuronale Netzwerk zu veranlassen, die Signaltransformation Frame-für-Frame durchzuführen,
um das Ausgangsaudio als eine Sequenz von Audioframes zu produzieren.

10. System nach Anspruch 7, wobei:
das erste neuronale Netzwerk und das zweite neuronale Netzwerk gemeinsam trainiert wurden, um kombinierte
Kosten zu minimieren, die erste, den Schlüsselparametern zugeordnete Kosten und zweite, der Signaltransformation
zugeordnete Kosten beinhaltet.

11. System nach Anspruch 10, wobei die kombinierten Kosten dazu konfiguriert sind, die Ausbreitung von Kostengra-
dienten der kombinierten Kosten in Bezug auf trainierbare Modellparameter sowohl des ersten neuronalen Netzwerks
als auch des zweiten neuronalen Netzwerks zurückzutreiben.

12. System nach Anspruch 10, wobei:

die ersten Kosten die gegenseitige Orthogonalität zwischen Vektoren messen, die für die Schlüsselparameter
repräsentativ sind; und
die zweiten Kosten einen Fehler zwischen dem Trainingszielaudio und dem durch die Signaltransformation
produzierten Trainingsausgangsaudio messen.

13. Verfahren nach Anspruch 1, wobei das Empfangen von Eingangsaudio umfasst:

Empfangen eines Bitstroms, der codiertes Eingangs-Audio beinhaltet; und
Decodieren des codierten Eingangsaudios, um das Eingangsaudio wiederherzustellen.

14. Verfahren nach Anspruch 13, wobei:
das erste neuronale Netzwerk trainiert wird, um die Schlüsselparameter zu erzeugen, um sich den Ziel-Schlüssel-
parametern anzunähern, die algorithmisch aus dem Ziel-Audio abgeleitet werden, so dass die Schlüsselparameter
einen Fehler zwischen den Schlüsselparametern und den Ziel-Schlüsselparametern minimieren.

15. Verfahren nach Anspruch 13, wobei:

das Erzeugen der Schlüsselparameter unter Verwendung des ersten neuronalen Netzwerks das Erzeugen der
Schlüsselparameter als Spektralhüllkurven-Schlüsselparameter einschließlich LP-Koeffizienten (LPCs) oder
Linienspektralfrequenzen (LSFs) beinhaltet, die eine Ziel-Spektralhüllkurve des Zielaudios repräsentieren; und
das Konfigurieren das Konfigurieren des zweiten neuronalen Netzwerks mit den Spektralhüllkurven-Schlüssel-
parametern beinhaltet, um das zweite neuronale Netzwerk zu veranlassen, die Signaltransformation als eine
Transformation einer Eingangsspektralhüllkurve des Eingangsaudios in eine Ausgangsspektralhüllkurve des
Ausgangsaudios durchzuführen, die mit der Zielspektralhüllkurve übereinstimmt.

16. Verfahren nach Anspruch 13, wobei:

das Erzeugen der Schlüsselparameter das Erzeugen der Schlüsselparameter als harmonische Schlüsselpa-
rameter beinhaltet, die die im Zielaudio vorhandenen Zielharmonischen repräsentieren; und
das Konfigurieren das Konfigurieren des zweiten neuronalen Netzwerks mit den harmonischen Schlüsselpa-
rametern beinhaltet, um das zweite neuronale Netzwerk zu veranlassen, die Signaltransformation des das
Eingangsaudio repräsentierenden Audios durchzuführen, so dass das Ausgangsaudio Harmonische beinhaltet,
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die mit den Zielharmonischen übereinstimmen.

17. Verfahren nach Anspruch 13, wobei:

das Erzeugen der Schlüsselparameter das Erzeugen der Schlüsselparameter als zeitliche Schlüsselparameter
beinhaltet, die eine zeitliche Zielcharakteristik des Zielaudios repräsentieren; und
das Konfigurieren das Konfigurieren des zweiten neuronalen Netzwerks mit den zeitlichen Schlüsselparametern
beinhaltet, um das zweite neuronale Netzwerk zu veranlassen, die Signaltransformation als eine Transformation
einer zeitlichen Eingangscharakteristik des Eingangsaudios in eine zeitliche Ausgangscharakteristik des Aus-
gangsaudios durchzuführen, die mit der zeitlichen Zielcharakteristik übereinstimmt.

Revendications

1. Procédé comprenant :

la réception d’un signal audio d’entrée et d’un signal audio cible ayant une caractéristique audio cible ;
l’utilisation d’un premier réseau neuronal déployé au niveau d’un émetteur radio, entraîné à générer des para-
mètres clés qui représentent la caractéristique audio cible en fonction au moins du signal audio cible et/ou du
signal audio d’entrée, pour générer des paramètres clés en fonction au moins du signal audio cible et/ou du
signal audio d’entrée ;
le codage du signal audio d’entrée en signal audio d’entrée codé au niveau de l’émetteur radio ; et
la transmission des paramètres clés et du signal audio d’entrée codé à partir de l’émetteur radio ; et
la réception des paramètres clés et du signal audio d’entrée codé au niveau d’un récepteur radio ;
le décodage du signal audio d’entrée codé pour récupérer le signal audio d’entrée au niveau du récepteur radio ;
et
la configuration d’un second réseau neuronal déployé au niveau du récepteur radio, entraîné pour être configuré
par les paramètres clés, les paramètres clés amenant le second réseau neuronal à réaliser une transformation
de signal d’un signal audio représentatif du signal audio d’entrée, afin de produire un signal audio de sortie
ayant une caractéristique audio de sortie correspondant à la caractéristique audio cible ; dans lequel
la génération des paramètres clés est réalisée au niveau de l’émetteur radio ; et
la configuration du second réseau neuronal est réalisée au niveau du récepteur radio.

2. Procédé selon la revendication 1, dans lequel :

la génération des paramètres clés avec le premier réseau neuronal comporte la génération des paramètres
clés pour représenter une caractéristique cible du signal audio cible ; et
la configuration du second réseau neuronal comporte la configuration du second réseau neuronal avec les
paramètres clés pour amener le second réseau neuronal à réaliser la transformation de signal en tant que
transformation d’une caractéristique d’entrée du signal audio d’entrée en une caractéristique de sortie du signal
audio de sortie correspondant à la caractéristique cible.

3. Procédé selon la revendication 1, dans lequel :

le signal audio d’entrée et le signal audio cible comportent des séquences respectives de trames audio ;
la génération des paramètres clés comporte la génération des paramètres clés trame par trame ; et
la configuration du second réseau neuronal comporte la configuration du second réseau neuronal avec des
paramètres clés générés trame par trame pour amener le second réseau neuronal à réaliser la transformation
de signal trame par trame, afin de produire le signal audio de sortie sous la forme de séquence de trames audio.

4. Procédé selon la revendication 1, dans lequel :
le premier réseau neuronal et le second réseau neuronal ont été formés conjointement pour minimiser un coût
combiné, comportant un premier coût associé aux paramètres clés et un second coût associé à la transformation
de signal.

5. Procédé selon la revendication 4, dans lequel le coût combiné est configuré pour repousser la propagation de
gradients de coûts du coût combiné par rapport à chacun du premier réseau neuronal et du second réseau neuronal.
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6. Procédé selon la revendication 4, dans lequel :

le premier coût mesure l’orthogonalité mutuelle entre des vecteurs représentatifs des paramètres clés ; et
le second coût représente une erreur entre le signal audio cible d’apprentissage et le signal audio de sortie
d’apprentissage produite par la transformation de signal.

7. Système comprenant :

un émetteur comprenant une radio couplée à un processeur et configuré pour :

recevoir un signal audio d’entrée et un signal audio cible ayant une caractéristique audio cible ;
utiliser un premier réseau neuronal, formé pour générer des paramètres clés qui représentent la caracté-
ristique audio cible en fonction au moins du signal audio cible et/ou du signal audio d’entrée, pour générer
les paramètres clés en fonction au moins du signal audio cible et du signal audio d’entrée ;
coder le signal audio d’entrée en signal audio d’entrée codé ; et
transmettre les paramètres clés et le signal audio d’entrée codé ; et

un récepteur comportant une radio couplée à un processeur et configuré pour :

recevoir les paramètres clés et le signal audio d’entrée codé ;
décoder le signal audio d’entrée codé pour récupérer le signal audio d’entrée ; et
configurer un second réseau neuronal, entraîné pour être configuré par les paramètres clés, les paramètres
clés amenant le second réseau neuronal à réaliser une transformation de signal d’un signal audio repré-
sentatif du signal audio d’entrée, pour produire un signal audio de sortie ayant une caractéristique audio
de sortie correspondant à la caractéristique audio cible.

8. Système selon la revendication 7, dans lequel :

le premier réseau neuronal est configuré pour générer les paramètres clés pour représenter une caractéristique
cible du signal audio cible ; et
le récepteur est configuré pour configurer le second réseau neuronal en configurant le second réseau neuronal
avec les paramètres clés pour que le second réseau neuronal réalise la transformation de signal en tant que
transformation d’une caractéristique d’entrée du signal audio d’entrée en une caractéristique de sortie du signal
audio de sortie qui correspond à la caractéristique cible.

9. Système selon la revendication 7, dans lequel

le signal audio d’entrée et le signal audio cible comprennent des séquences respectives de trames audio ;
le premier réseau neuronal est configuré pour générer les paramètres clés en générant les paramètres clés
trame par trame ; et
le récepteur est configuré pour configurer le second réseau neuronal en configurant le second réseau neuronal
avec des paramètres clés générés trame par trame pour que le second réseau neuronal réalise la transformation
de signal trame par trame, afin de produire le signal audio de sortie sous la forme d’une séquence de trames audio.

10. Système selon la revendication 7, dans lequel :
le premier réseau neuronal et le second réseau neuronal ont été formés conjointement pour minimiser un coût
combiné, comportant un premier coût associé aux paramètres clés et un second coût associé à la transformation
de signal.

11. Système selon la revendication 10, dans lequel le coût combiné est configuré pour repousser la propagation des
gradients de coût du coût combiné par rapport aux paramètres de modèle entraînables de chacun du premier réseau
neuronal et du second réseau neuronal.

12. Système selon la revendication 10, dans lequel :

le premier coût mesure l’orthogonalité mutuelle entre des vecteurs représentatifs des paramètres clés ; et
le second coût mesure une erreur entre le signal audio cible d’apprentissage et le signal audio de sortie d’ap-
prentissage produite par la transformation de signal.
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13. Procédé comprenant :

la réception d’un train de bits comportant le signal audio d’entrée codé ;
le décodage du signal audio d’entrée codé pour récupérer le signal audio d’entrée.

14. Procédé selon la revendication 13, dans lequel :
le premier réseau neuronal est formé pour générer les paramètres clés afin d’approximer les paramètres clés cibles
dérivés algorithmiquement du signal audio cible, de telle sorte que les paramètres clés minimisent une erreur entre
les paramètres clés et les paramètres clés cibles.

15. Procédé selon la revendication 134, dans lequel :

la génération des paramètres clés à l’aide du premier réseau neuronal comporte la génération des paramètres
clés en tant que paramètres clés d’enveloppe spectrale comportant des coefficients LP (LPC) ou des fréquences
spectrales de ligne (LSF) qui représentent une enveloppe spectrale cible du signal audio cible ; et
la configuration comporte la configuration du second réseau neuronal avec les paramètres clés d’enveloppe
spectrale pour amener le second réseau neuronal à réaliser la transformation de signal en tant que transformation
d’une enveloppe spectrale d’entrée du signal audio d’entrée en une enveloppe spectrale de sortie du signal
audio de sortie qui correspond à l’enveloppe spectrale cible.

16. Procédé selon la revendication 13, dans lequel :

la génération des paramètres clés comporte la génération des paramètres clés en tant que paramètres clés
harmoniques qui représentent des harmoniques cibles présents dans le signal audio cible ; et
la configuration comporte la configuration du second réseau neuronal avec les paramètres clés harmoniques
pour amener le second réseau neuronal à réaliser la transformation de signal du signal audio représentatif du
signal audio d’entrée, de telle sorte que le signal audio de sortie comporte des harmoniques correspondant aux
harmoniques cibles.

17. Procédé selon la revendication 14, dans lequel :

la génération des paramètres clés comporte la génération des paramètres clés en tant que paramètres clés
temporels qui représentent une caractéristique temporelle cible du signal audio cible ; et
la configuration comporte la configuration du second réseau neuronal avec les paramètres clés temporels pour
amener le second réseau neuronal à réaliser la transformation de signal en tant que transformation d’une
caractéristique temporelle d’entrée du signal audio d’entrée en une caractéristique temporelle de sortie du signal
audio de sortie correspondant à la caractéristique temporelle cible.
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