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YOICE MODIFICATION

[30603] This Application claims the benefit of U.S. Provisional Patent Application
63/222,226, filed 15 July 2021, the entive content of which 1s incorporated herein by
reference.

TECHNICAL FIELD

{0082} The disclosure relates 1o speech processing and, more particularly, to machine

learning systerns for speech processing.

BACKGROUND

{0003} Machine leaming sysiems may use various techniques o receive input features
and ouiput modified representation of the input feahuwres. Autoencoders, for example, are
an unsupervised learming technique, which use neural networks for representation
learmning. Autoencoders may receive mnput features in the form of images. video or audio
waveforms, among other signals. For example, using voice recognition technology,
computing svstems can generate a transcript, which 1s a modified representation of the
words uttered by a presenter or participanis in a meeting. A machine learning system
may process an audio recording or live stream of an event and produce a modified
represeniation of the audio recording or hive stream, such as a transeript or a modified live

stream.

SUMMARY

[6004] In general, the disclosure describes techniques for voice accent modification. In
an example, a computing system executes an application that implements a roethod based
on an awoencoder with several competing discriminators. The computing system
receives as input an audio waveform representing speech from an individual desiring to
modify their accent (e.g., for a foreign speaker seeking better intelhigibility by alocal
audience), and the computing system produces as output a modified version of the audio
waveform that mamtains all of the speaker’s speech characteristics. Some example
characiensiics mclude derived features such as prich, phonemes and emphasis as well as
prosody for specific utterances {e.g., voice timbre, intonation, timing, pauses, and

mtensity ). This output may be modifiable by the user to allow independent adjustment of
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and trade-offs between the amount of accent modification (e g, reduction} and the
identifiability of the speaker's voice in the resulting waveforms.

00051 To one example, the disclosure describes a svstern comprising: an input device
configured {o receive an input audio waveform comprising ufterances by a speaker; and a
computation engine comprising processing circuiry for executing a machine learning
svstem. The roachine leaming system is configured to tmoplement an avtoencoder, the
autoencoder comprising a decoder trained to characterize a target accent such as for a
target audience using {1) a speaker identification (ID) loss function that applies a penalty
based on an identity for the speaker and (2) a text loss function that apphies a penalty for
loss of intelligibility. The machine learmung system 1s also configured to process the mput
audic waveform fo generate an output audio waveform comprising the utterances by the
speaker that are modified by the trained decoder to conform to the accent for the target
audience, and the machine learning svstern is configured to output the output audio
waveform.

{30806} In another example, the disclosure describes a method comprising: processing,
with an encoder of a machine learning svstem, an input andio waveform comprising first
utterances by a speaker to generate an encoder output, the {irst uiterances having a first
accent, processing, with a decoder of the machine leaming system, the encoder output to
generate an output audio waveform comprising second utterances, the second utterances
having a second accent different from the first accent, computing, with a signal loss
discriminator of the machine learning svstem and based on the ioput audio waveform and
the output audio waveform, a signal 1oss for the output andio waveform, computing, with
an identification loss discrininator of the machine learning svstem, based on the input
audic waveform and the output audio waveform, an identification loss for the output
audic waveform, computing, with a text loss discrimunator of the machine leaming
svstem, based on the input audio waveform and the ouiput audio waveform, a text foss for
the output audic waveform; and traiming the decoder using the signal loss, the

wdentification loss, and the text loss.

BRIEF DESCRIPTION OF DRAWINGS

[G007] FIG. 1 is a block diagram iHustrating a bottleneck-based astoencoder configurad
to output a modified audio waveform according to one or more technigues of this

disclosure,
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(0008} FIG. 2 15 a block diagram tllustrating an example speech intelligibility
enhancement svstem according o one or more techniques of this disclosure.

{00091 FIG. 3 15 a conceptual block diagram iHusirating an example operation of a speech
mtetligibility matching process according to one or more techniques of this disclosure.
{0810} FIG. 415 a block diagram of a number of electronic systems and devices
cormmunicating with each other in a network environiuent according to one or more
technigues of this disclosure.

{3811} FIG. 5 is a block diagram iHustrating a computing device operating in {raining
mode to implement an autoencoder configured (o output a modified audio waveform
according to one or more techniques of this disclosure.

10612] FIG. 6 depicts example speech spectrograms.

{00813} FIG. 7 are diagrams depiciing example speech waveforms and analysis for
multiple words spoken by differently accented individuals, according to one or more

technigues of this disclosure.

DBETAILED DESCRIPTION

{60141 The disclosure describes technigues for voice accent modification. Inan example,
a compiting system executes an applicanion that implements a method based on an
autoencoder with several competing discrimunators. The computing system receives as
input an audio waveform representing speech from an individual desiring to modity their
accent {e g., for a foreign speaker seeking betier mtelligibility by a local audience) and
produces as output a modified version of the audio waveform that maintains all of the
speaker's speech characteristics {timbre) as well as prosody for specific utterances {e.g..
voice imbre, intonation, iming, intenstiy). This cutput may be modifiable by the user to
allow independent adjustment of and trade-offs between the amount of accent
modification {e.g, reduction} and the identifiability of the speaker's voice in the resulting
waveforms.

{0015} In an example, the disclosure describes a system that receives as input an audio
waveform representing speech from an individual and produces as ouiput 2 modified
version of the audio waveform that maintaing all of the speaker's speech characterisiics as
well as prosody for specific viterances.  The system uses a bottleneck-based autoencoder

with speech spectrograrss as input and output. In other words, the neural netwaork

|8



WO 2023/288265 PCT/US2022/073721

architecture may include a bottleneck in the network which forces a compressed
knowledge representation of the onginal input.
{0616} To produce the output audio waveform, the svstern includes a decoder trained
using a reconstruction error-based loss fimetion with two additional and adversanal loss
functions. The second loss function is speaker “real vs fake” discriminator that penalizes
for the output not sounding like the speaker. The third loss function is a speech
intetligibility scorer that penalizes the output for speech that 1s difficult for the target
poputation to understand. A decoder may be frained for a specific imdividual targeted to a
specific population, while the encoder may be considered a universal encoder. A user
may independently adjust the amount of accent modification {e g., accent reduction)} and
the degree of individual 1dentifiability of the speaker's voice i the resulting output
waveforms.
{0017} In this disclosure, an “accent” may refer to an individual's distinctive or
characteristic pronunciation, inflection, tone, or prosody. The mndividual's speech
characteristics may be particular to that person and may be a result of the individual’s
native fanguage, the region where the individual learned to speak one or more languages,
the individual’s anatomy, and other factors. In some examples, an accent may also refer
10 a way of speaking that is typical of a particular group of people and especially of the
natives or residents of a region. For example, the Spanish spoken in Puerio Rico has
differences from the Spanish spoken in Spain, Mexico and other regions. The Arabic
spoken in Egypt may use different words for the same items and have different inflections
than the Arabic spoken in Sawdi Arabia. The Mandarin spoken in Beijing may sound
different from the Mandarin spoken n other regions of China.
{0618 In other examples, an accent may result from leaming a new language. An
mdividual whose native language 1s United States English, for example, may speak
German, Spanish, Yiddish and so on, with an identifiable United States English accent.
[0819] In other examples, an “accent” may also refer to other differences i speech, for
example, slurred words caused by a stroke or other anatonucal differences, e.g., a clefi
palate, and so on. A person who was bom deaf or hard of hearing may speak in a
particular manner that, for the purposes of this disclosure, may also be referred to as an
accent. A decoder of this disclosure may help convert a speech waveform to produce a
modified audio waveform with an enhanced speech cutput that delivers speech in a target
accent that may be more intelligible for the target audience, e g, reduced slurring, or
accented for the target audience, without sacrificing the personality of the speaker. For
4
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example, for a U8, English speaker with a target audience in Ireland, the decoder may
deliver speech that sounds more like Irish English, e.g., the target accent, yet retamn the
speaker’s recogmizable language characteristics.

{0020} The system of this disclosure may have several practical applications, including
ouiputting an audio waveform with accent modification for a foreign speaker seeking
better intelligibility by a local audience. In some examples, the bottleneck-based
auwtoencoder may be similar to an autoencoder used to process images.

{3821} FIG. 1 is a block diagram ilustrating a bottleneck-based autoencoder configured
to outpul a modified version audio waveform according to one or more technigues of this

disclosure. The exaruple of system 10 m FIG. 1 may include an autoencoder 15

onfigured to receive an input audio waveform 11 from any speaking individual. In some
examples, converter 12 may convert the waveform to provide spectrogram-like inputs to
autoencoder 15, An example converter may include a fast Fourier transform, e.g., a
short-time fast Fourier {ransform (STFFT), which 15 a tool that may be used in speech and
other time-varying signal processing areas. The STFFT may be performed in real time,
and therefore may be implemented using computationally efficient techniques. The
STFET returns a two-sided spectrurn m complex form {real and imaginary parts). In
some examples the ouwtput from decoder 16 may pass through an inverse converter 18,
e.g., an inverse STFFT, to deliver the enhanced output waveform 20, In other examples,
the converter may constilute a phoneme embedding compudation, e.g., that has been
tramned as a preprocessor for use 1 autornatic speech recognition systerus.
{3822} As shown in the example of FIG. 1, autoencoder 15 of system 10 has the
following components: encoder 14, decoder 16 with a bottdeneck laver 22 between
encoder 14 and decoder 16, An encoder 14 15 the part of the neural network which takes
in the inpwt and produces a lower dimensional encoding. The bottleneck laver 22 may be
the lower dimensional hidden faver where the encoding is produced. The bottleneck layer
22 may have a lower number of nodes than encoder 14 in the neural network. The
number of nodes in the bottleneck layer 22 also gives the dimension of the encoding of
the input. The decoder 16 takes in the encoding and recreates the input. The decoder
may decode to a spectrogram or to some other intermediate representation first and then
from there to an output waveform, or 1t mayv decode directly to the output waveform.
The loss functions used in training the decoder may recreate the enhanced output

waveform 20 based on the input waveform 11

(V4
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{3823} Svstem 10 may also encode as well as decode the waveforms at a phoneme
trigram level, to enable more accurate rendering of contextual differences in speech
sounds. Phoneme recognition may use, for example, no-gram, bigrar, and trigram
phoneme language models, which are statistical language models. Statistical language
models are the type of models that assign probabilities {o the sequences of words. For
example, in those models an N-gram is a sequence of N words. Therefore, a bigram is a
two-word sequence of words while a trigram is a three-word sequence of words. By
contrast here a phoneme trigram is a sequence of three phonemes.
{3624} The computing sysiem of this disclosure may provide technical improvements 1o
voice recognition and conversion processes that have several practical applications,
including outputting an audio waveform with accent modification for a foreign speaker
seeking better mtelligibility by alocal audience. Other example applications may inclade
adding or removing shurred speech, changing a speaker’s voice fo hide {disguise) the
speaker’s identity, such as for wilness protection or other purposes as well as other
similar spesch modification applications.
[0025] In this disclosure, a “meeting” may refer to spoken exchanges between two or
more peopie and also spoken monologue, such as a speech or presentation, given by a
single participant. The spoken exchange may include a sat of utterances within the
meeting that relate to e.g., an introduction, an agenda, an action item or task, an
explanation, an overall summary, and other utterances.
[0026] In some examples, inputs 1o autoencoder 15 from mput waveform 11 may include
several derived features in the speach of the speaking individual, also referred to as the
“speaker” in this disclosure. Some example derived features may inchude prich,
phonemes, energy, emphasis, pauses and similar derived features, such as measuring local
temporal dvnamics of these features, that may be identifiable characteristics of speech for
a particuiar person. Autoencoder 15 may include analysis of such derived features in the
enhanced output waveform 20, which allow histeners to recognize and identify the
speaker by histerung fo versions of output wavelorm 20, In this manner, autoencoder 13
of this disclosure mav provide advantages over other speech systems in reproducing
identifiable speech, or hiding the identity of a speaker, based on mput waveform 11,
{60271 Each decoder may be trained to be specific to a particular speaker and to a specific
audience. For example, a speaker from India may hold a teleconference with an audience
of one or more persons from a specific location, e.g., London England, Dublin freland or
Cork Treland. The decoder training library may include three separately trained decoders
6
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for the speaker from India configured to accurately convey the speaker’s speech
characteristics and prosody. Each respective decoder may be trained such that the
enhanced outpul waveform includes characteristics, e.g., accent and speech ulierances,
that are understandable 10 an audisnce from Dublin, vs. an audience from London. In
contrast {o other speech conversion sysiems, the enhanced output waveform of this
disclosure may also retain the recogmzable individual language charactenstics of the
speaker.

{30828} The system of this disclosure may have advantages over other types of systems.
For example, speech-fo-text encoder and text-to-speech decoder, or similar processes,
may be used m tandem to convert one speaker's voice to sound hike another speaker’s
voice, However, all prosody mformation, e g, the patterns of stress and indonation in a
speaker’s language, may be tost. The resulting speech can sound generic and without
affect, even if the speech 15 a realistic and intelligible rendermg m the speaker’s preferred
voice. Some other autoencoder-based methods for voice conversion, such as those
involving varational autoencoders {VAEs), may be difficult to train, and to date not been
demonstrated for accent reduction in the same voice, but only for conversion from oneg
voice to another

106291 FIG. 2 15 a block diagram illustrating an example speech intelligibility
enhancement sysiem according o one or more techniques of this discloswre. Svstem 20 is
an example of system 10 described above in relation to FIG. 1. System 20 1s configured
{0 receive an input audio waveform {rom a differently accented individual’s {DAT) speech
input and owtput an enhanced speech outpit.  As described above for FIG. 1, in some
examples the enhanced speech ouiput may reduce or otherwise change the accent and
other characteristics of the DAL s speech input to an output in a target accent that may be
more easily understood by a target andience. In other examples, system 20 mav hide the
identity of the speaker. System 20, as with system 10, may retain the individual speech
patterns, e.g., prosody and infonation, and derived features of DAL, rather than g generic
speech output.  Though vot shown in FIG. 2, system 20 roay also include one or more
converters, such as an STFFT, described in FIG 1

[3630] System 20 inchudes umiversal encoder based auwtoencoder 28 that uses a universal
speech-to~-text toss function. The decoder 26 of system 20 1s configured to output
evhanced speech audio waveform 30 by including both a speach intelhigibility matcher
loss function 36 with real vs fake outpui discriminaior (DALs speaker 1D) 32 along with

a text loss function 34 comparing universal to DADs speech-to~text (STT3, for text loss

~
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from ground truth of DAL intended text. In other words, a speaker identification loss
function may apply a penalty based on an identity for the speaker. As noted above, in
some examples, the machine learmang system may generate the output waveform fo retain
recognizable individual language characteristics of the speaker. In other examples, the
machine learning svstem may generate the output waveform to disguise recognzable
individual language characteristics of the speaker, e.g., the “target accent” may be to lnde
the identity of the speaker. To disguise the language characteristics, speaker 1D loss

2

funciion 32 may apply a penalty for correctly identifving the speaker. Simmlarly, the text

loss function 34 may apply a penalty for loss of mtelligibility,
{0631} Tn this manner the autoencoder 25 of system 20 may provide an enhanced speech
ouiput 30 with an accurate representation of the meaning of DAI's input utterances 21 as
weldl as retaining the individual speech charactenstics specific to the DAL In other
words, the enhanced speech output audio waveforra 30 from systern 20 in a target accent
that may increase speaker's imtelligibility to a target audience without sacrificing
individuality of the speaker's voice. Each decoder 26 for system 20 may be a function
trained based on a source DAT to a target audience,
00321 Duning tratoing of DAUs decoder, all three losses, including signal loss 36, feed
nto the decoder 26, The loss functions may be adversarial, in that the final enhanced
speech outpui 30 may result from a trade-off between the three loss functions. In some
ways, system 20 may be similar {0 a Generative Adversarial Network {GAN} and
recognize patterns and relationships in the traiming examples (o create a model for the
decoder that can be used by the machine leaming syvstem to render the enhanced speech
output, for example to generale audio waveforms from spectrograms. In further examples,
the machine learning system may apply one or more of nearest neighbor, naive Bayes,
decision irees, linear regression, support vector machines, neural networks, k-Means
clustering, (-learning, temporal difference, deep adversarial netwosks, or other
supervised, unsupervised, semi-supervised, or reinforcement learning algorithms to train
the decoders in the hibrary of decoders. In some examples, any one or more of the loss
funciions may be fixed during training, or may be trained along with the autoencoder
modules, e.g., in an adversarial fashion.
{0633} The signal loss function 36 compares the enhanced speech ouiput fo the DADs
speech input o ensure the decoder accurately decompresses the input audio waveform
that passed through the bottlenack of the neural network of autoencoder 25. In other
words, the signal loss function 36 is the feedback to ensure the enhanced speech output is
3
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as much like the DALs speech input as possible. In system 20, the addition of the ID loss
32 and text loss 34 make the speech cutput into the enhanced speech cutput 30. Tn other
words, the 1D loss and text loss modify the output waveforra 30 away from a perfect
rendering of the input waveform 21 to add the accent modification and intethigibility
modification for the target accent. Decoder 26, {or the same speaker, ¢.g., the same DAY,
may be trained differently for a different target accent and stored in decoder ibrary 154
of FIG. 1. In other words, each speaker may have one or more decoders based on one or
more target accents.

{3634} The texi loss 34 compares the DAL s speech to text to the output of a umiversal
speech to text that receives the enhanced speech output. The text loss comparison may
penalize DAT's decoder for intelligibility. The text loss comparison may include a speech
intelhigibility scorer that penalizes the output for speech that 15 difficult for the target
population to understand.

0035 In some examples, svstem 20 may adjustably trade-off intelhigibility vs how much
the enhanced speech output sounds like real DAL by differentially weighting text foss vs
1D loss. In the example of FIG. 2, system 20 includes a user interface 38 that may control
the weighting, e.g., of inteligibility versus wdentifiability. In some exarples, the
weighting controls may operate individually. In other examples the weighting controls
mayv operate together, similar to a single bass-treble knob or slider on an audio amplifier.
{30836} In some examples, the process may include pre-training the DATDs text loss
function 34 and DADs speaker 1D loss function 32, and using the fixed, pre-trained loss
funciions to train the decoder 26. In other examples, the loss functions of FIG. 2 mav be
trained along with the encoder and decoder as an adversarial network.

{00637} As shown in the example of system 20, the culput signals are back propagated 40,
In some examples the loss functions of system 20 may be gradient descent loss functions.
Aloss function may also be described as a cost function in this disclosure. Gradient
descent is an iterative optimization algorithm in machine learning to minimize a loss
function. Gradient descent process may update the parameters of the model. In some
examples, parameters may refer to coefficients in weights, hinear regression and so on in
neural networks.

[00638] Once trained, system 20 may operate as a simple encoder/decoder with only a
rurtime module. Such an encoder/decoder may avoid the need for explicit modeling of

complex vocal actions.
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{0039} In some examples, system 20 may include baseline voice conversion, which may
include conversion of one person’s voice to reahistic rendering of another person’s voice.
Svstern 20 may also include accent conversion, which may convert speech from one
accent into speech from another accent. The accent conversion training of system 20 may
be based on a single mdividuaal with and without specific accent. In other examples,
svstem 20 may be configured for full accent conversion. Full accent conversion may
convert speech from one accent into speech from another, withowt requiring accented and
wnaccented speech from the same person. The full accent conversion may incorporate
individual and group phoneme classifiers for accent modification. In other examples,
svstern 20 may be configured to avtomatically detect the speaker’s accent and pick an
appropriate neural network. Automatically selecting the neural network may minmize
tratning time for the decoder, and/or encoder. In some examples, svstem 20 may also be
configured for online traiming refinement, intelligibiliyv/identifiability adjustroent, speex
of operation, voice quality and so on.

{0040} FIG. 3 13 a conceptual biock diagram tfiusirating an example operation of a speech
intetligbility maiching process according to one or more techniques of this disclosure.
Svstern 100 1o the exarople of FIG. 3 depicts an example of tratning the DAI speaker 1D
{oss function described above in relation to FIG. 2. As described above, the encoder may
be a multiple input encoder, e.g., an encoder configured to encode audio input from more
than one speaker. The encoder may also be described as “mudtiple speaker encoder.”
Each decoder may be specific to a speaker as well as specific to the target accent. To
train the decoder to be specific to the speaker, the training process may imclude a speaker
“real” vs “fake” discriminator that penalizes for the ouiput not sounding like the speaker.
In thas disclosure, “real” may refer to the speaker for the decoder, where “fake” may refer
1o a different speaker.

{0841} In the example of FIG. 3, the universal encoder may receive inpud audio
waveforms from several speakers, e.g., speaker A, and speaker B through speaker N.
During tramning, decoder A may receive the output for speaker A as well as for speaker B
through speaker N (not shown in FIG. 3} from the encoder. An intelligibility matcher for
decoder A may penalize crossed outputs for intelhgibility differences between real (from
speaker A) and fake (from speakers B through speaker N} in the loss feedback to decoder
A The intelligibility decoder for decoder B through speaker N may operate in a similar

manner as described for decoder A, In addition, in some examples, the intethigibility

16
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matcher may augment the decoder discriminator to provide extra sensitivity for speech
over, for example, senstiivity for other sounds.
00421 FIG. 4 15 a block diagram of a number of electronic systers and devices
communicating with each other in a network environment according to one or morg
techniques of this disclosure. Components of the voice moedification system, e.g.,
svatems 10, 20 and 100 described above in relation to FIGS. 1, 2 and 3 as well as the
components of computing device 700 described in FIG. 5, may operate in a distributed
network environment.
{3043} The network environment has a communications network 320 that connacts server
computing svstems 304 A through 3048, and at least one or roore chient computing
svstems 302 A to 302G, As shown, there may be many server computing systems 304A
through 3048 and many client computing systerns 302A to 302G connected to each other
via the network 320. Examples of network 320 nught be or include one or more of’ an
optical network, a cellular network, the Internet, a Local Area Network (LAN), Wide
Area Network (WAN), satellite link, fiber network, cable network, or a combination of
these and/or others. Each server compuling system 304 A-304B can have circuitry and
software to conyounication with the other server computing systems 304A through 3048
and the client computing svstems 302A to 302G across network 320, Bach server
computing systems 304 A to 3048 can be associated with one or more databases 306A fo
306B and may be configured o store iformation such as decoder hibrary 154 of FIG. 1.
Each server 304 A to 3048 may have one or more instances of a virtual server tunning on
that physical server and multiple virtual instances may be implemented by the design. A
firewall may be established between a client computing system, for example, 302D and
the network 320 to protect data integrity on the chient computing svstern 3020,
Processing circuitry on any one or more of servers 304 A — 304B mav perform the
functions described above in refation to FIGS. 1 - 3, e.g., encoder and decoder functions
of autoencoder 15, traiming of machine learning systems, applving toss functions or other
operations described herein.
{3044} A cloud provider service can install and operate application software in the cloud
and users can access the software service from the chient devices. For example, a user
may select and apply one or more decoders from decoder hibrary 154 or apply settings to
one or more loss functions. Cloud users who have a site in the cloud may not solely
manage the cloud ifrastructure and platform where the application runs. Thus, the
servers and databases may be shared hardware where the user is given a certain amount of
11
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dedicated use of these resources. The user’s cloud-based site is given a virtual amount of
dedicated space and bandwidth in the cloud. Cloud applications can be different from
other applications in their scalability, which can be achieved by cloning tasks onto
multiple virtual machines at nm-time 1o meet changing work demand. Load balancers
distribute the work over the set of virtual machines. This process is transparent (o the
cloud user, who sees only a single access point.
{0045} The cloud-based remote access 15 coded to uhilize a protocol, such as Hypertext
Transfer Protocol (HTTP), to engage in a request and response cvele with both a mobile
device application resident on a client device, 302A — 302G, as well as a web-browser
application resident on the chient device, 302A — 302G, In some situations, the cloud-
based remote access for a wearable electronic device 302C. can be accessed via a mobile
device, a desktop, atablet device, cooperating with that wearable electronic devige 302C.
The cloud-based remote access between a chient device 302A 302G and the cloud-based
provider site 304A is coded to engage in one or more of the following 1) the request and
response cvele from all web browser based applications, 2} SMS/twiiter based request
and response message exchanges, 3) the request and response cvcle from a dedicated on-
line server, 4) the request and response cycle directly between a native mobtle application
resident on a chient device and the cloud based remote access to a wearable electronic
device, and 5) combinations of these.
{0846} In an embodiment, the server computing systern 304A may include a server
engine, a web page management component or onhine service or ondine app component, a
content management component, and a database management component. The server
engine performs basic processing and operating system level {asks. The web page
management component, online service, or online app component may handle creation
and display or routing of web pages or screens associated with receiving and providing
digital content and digital advertisemenis. Users may access the server-computing device
by means of a URL associated therewith. The content management component handles
maost of the functions in the embodiments described herein. The database management
component includes storage and retrieval tasks with respect 1o the database, gueries to the
database, and storage of data.
{00471 FIG. 515 a block diagram iHustrating a computing device 700 operating in {raining
mode to implement an autoencoder configured to output a modified audio waveform
according to one or more techniques of this disclosure. In the example of FIG. S,
computing device 700 includes computation engine 730, and one or more inpuf devices
12
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702. In the example of FIG. 3, the funciions of computing device 700 may operate on a
single computing device, e.g., a computing device with one or more processors. In other
examples, the functions of computing device 700 may be distributed in a netwaork
environment, as described above in relation to FIG. 4.
{0848} In the example of FIG. 5, a user of computing device 700 may provide input
ncluding an audio waveform of a speaker, target accent constraints and inputs froma
user interface adjusting the weights for text loss vs 1D loss, as described above. Some
examples of target accent constraints may include the target audience language, the
region for audience {e.g., Enghsh from New York City, Liverpool England or Ozark
Alabama), the venue (e.g., teleconference, lecture, large or small meeting), subject matier
1o be discussed, and similar constramits. Input devices 702 may include a kevboard,
pointing device, voice responsive system, video camera, biometric detection/response
svatem, button, sensor, mobile device, control pad, nucrophone, presence-sensitive
screen, network, or any other type of device for detecting input from a human or machine,
[0049] Computation engine 730 may process the constraints, such as constraints that
characterize an accent for a target audience, as well as process weight adjustments and the
roput audio wavetorm with machine leaming system 102, In some exaroples, a constraint
may be considered a label for a specified accent, e.g., for a group of people who speak in
a particuiar way. In other examples, a constraint may inciude some characterization of a
way of speaking.
{0058} In some examples the speaker audio waveforro may also include metadata
describing the speaker’s accent, type of language, language rhythm, intonation, and other
characiensiics. Machine learming system 102 may represent software exgcutable by
processing circuitty 706 and stored on storage device 708, or a combination of hardware
and software. Such processing circuttry 706 may include any one or more of &
nicroprocessor, a controller, a digital signal processor (28P), an application specific
integrated circuit (ASIC), a field-programmable gate array (FPGA), or equivalent discrete
or integrated logic circuiry. Storage device 708 may include memory, such as random
access memory {(RAM). read only memory (ROM), programimable read only memory
{(PROM), erasable programmable read only memory (EPROM), electromcally erasable
programyoable read only memory (EEPROM), flash roemory, comprising executable
mstructions for causing the one or more processors to perform the actions attributed to
them. In some examples, at least a portion of computing device 700, such as processing
circuitry 706 and/or storage device 708, may be distributed across a cloud computing

13
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system, a data center, or across a network, such as the Internet, ancther public or private
communications network, for instance, broadband, celludar, Wi-Fi, and/or other types of
comvmumication networks, for fransnutiing data between computing systems, servers, and
computing devices.

{0051} Machine learning system 102 may implement autoencoder 106, which is an
example of the autoencoders descerbed above m relation to FIGS. 1 - 3 and may perform
the same or similar functions and include the same or sinular characteristics. In other
words, maching learning svstem 102, while in training mode, may train each respeciive
decoder with a combination of imtelligibility loss and speaker identification loss for a
specific speaker and a specific target accent. The trained decoder of autoencoder 106
may be configured to maintain intelligibility for the target audience without sacrificing
the personality of the speaker, e.g., without sacrificing individuality of the uiterances by

the speaker. Said another way, the machine learning system may generate the ouiput

waveform to retain recognizable individual language characteristics of the speaker but
adjust the speech for the target accent.
00521 As described above i refation to FIG.2, in some examples, machine learning
svstern 102 may implement a GAN, while in other examples other types of neural
networks mayv be used. For example, the techniques of the disclosure may make use of a
single neural network (e.g., that does not undergo optimization through competition with
a second neural network). In forther examples, machine learming system 102 may apply
one or more of nearest neighbor, naive Baves, decision trees, hinear regression, support
vector machines, newral networks, k-Means clustering, (Q-learning, temporal difference,
deep adversarial networks, or other supervised, unsupervised, semu-~-supervised, or
reinforcement learning algorithms to frain one or more models for generating the
evhanced speech cutput.
{08537 FIG. 6 depicts example speech spectrograms. For example, the figure may depict
an example of an individoal with a Japanese accent after conversion 1o an American
accent.
{0054} FIG. 7 are diagrams depicting example speech waveforms and analvsis for
muldtiple words spoken by differently accented individuals, according (o one or more
echmigques of this disclosure. For example, the figure depicts three English words as
spoken by an mdividual whose native language is Japanese, and therafore may speak

English with a Japanese accent.
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30855} The techniques described in this disclosure may be implemenied, at least in part,
in hardware, software, firmware or any combination thereof. For example, vartous aspects
of the described techumigues may be iroplemented withun one or more processors,
imcluding one or move microprocessors, digital signal processors (BSPs), application
specific mtegrated circuits {ASICs), fleld programmnable gate arrays (FPGAs), or any
other equivalent integrated or discrete logic circuitry, as well as any combinations of such
components. The term “processor” or “processing circuiiry”” may generally refer to any of
the foregoing logic circuitry, alone or in combination with other logic circuitry, or any
other equivalent circuitry. A countrol unit comprising hardware may also perform one or
more of the technigues of this disclosure.
10056] Such hardware, software, and firmware may be implemented within the same
device or within separate devices to support the various operations and functions
described in this disclosure. In addition, any of the described umits, modules or
components may be implemented together or separately as discrete but interoperable
logic devices. Depiction of different features as modules or units is intended to highlight
different functional aspects and does not necessanly imply that such modules or umils
st be realized by separate hardware or software components. Rather, functionality
associated with one or more modules or units may be performed by separate hardware or
software components or integrated within common or separate hardware or software
components.
{0057} The technigues described in this disclosure may also be embodied or encoded i a
computer-readabie medium, such as a computer-readable siorage medium, containing
instructions. Instructions embedded or encoded in a computer-readable storage medium
may cause a programmable processor, or other processor, to perform the moethod, e g,
when the mstructions are executed. Computer readable storage media may include
random access memory {(RAM), read only memory (ROM), programmable read only
memory {PROM), erasable programmable read only memory (EPROM), electronically
erasable programmable read only memory (EEPROM), flash memory, a hard disk, a CD-
ROM, a floppy disk, a cassette, magnetic media, optical media, or sther computer
readable media.
{06588 [n sunmmary, the disclosure describes a svstem that receives as input an audio
waveform representing speech from an individual and produces as output a modified
version of the audio waveform that maintaing all of the speaker’s speach characteristics
(tirnbre) as well as prosody for specific uiterances {e.g., voice timbre, intonation, fiming,
15
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infensity). The system uses a bottleneck-based autoencoder with speech specirograms as
input and output. To produce the oulput audio waveform, the system includes a
reconstruction ervor-based loss function with two additional loss functions. The second
loss function is speaker “real vs fake” discriminator that penalizes for the output not
sounding like the speaker, e.g., a penalty for misidentifving the speaker. The third loss
function s a speech intelhigibility scorer that penalizes the output for speech that 15
difficult for the target population to understand. In some examples, the bottleneck-based
autoencoder may be similar to an autoencoder used 1o process images. The techniques of
this disclosure may also be further described by the {ollowing examples.

{00659 [n one or more examples, the functions descrbed above may be imoplemented in
hardware, software, firmware, or any combination thereof. For example, the various
components of FIGS. 1 - 5, such as auioencoder 15, converter 12, processing circuitry
706 and similar components may be implemented in hardware, software, firmaware, or any
combination thereof. I implemented 1n software, the functions may be stored on or
transmitied over, as one or more instructions or code, a computer-readable medium and
executed by a hardware-based processing umit. Computer-readable media may include
computer-readable storage media, which corresponds fo a tangible medium such as data
storage media, or communication media including anv medium that facilitates transfer of
a computer program from one place 1o another, e.g., according ¢ a communication
protocol. In this mamner, compuier-readable media generally may correspond to (1)
tangible computer-readable storage redia which is non-transitory or {2} a communication
meditm such as a signal or carrier wave. Data storage media may be any available media
that can be accessed by one or more COMpULers OF one o MOore Processors to refrieve
fnstructions, code and/or data structures for implementation of the techniques described in
this disclosure. A computer program product may include a computer-readable medium.
{0060} The term “non-transitory” may indicate that the storage medium is not embodied
in a carrier wave or a propagated signal. Tn certain exarnples, a non-transitory storage
medium may store data that can, over time, change (e.g.. in RAM or cache). By way of
example, and not limitation, such computer-readable storage media, may include random
access memory (RAM]}, read only memory (ROM), programmable read only memory
{(PROM), erasable programmable read only memory (EPROM), electronically erasable
programunable read only memory (EEPROM), flash memory, a hard disk, a compact disc

ROM (CD-ROM), a floppy disk, a cassetie, magnetic media, optical media, or other
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computer readable media. In some examples, an article of manufactire may imclude one
or more computer-readable storage ruedia.

00611 Also, any connection is properly terrned a computer-readable medium. For
example, if instructions are transmitied from a website, server, or other remote source
using a coaxial cable, fiber optic cable, twisted patr, digital subscriber line (DSL), or
wireless technologies such as infrared, radio, and microwave, then the coaxial cable, fiber
optic cable, twisted pair, DSL, or wireless technologies such as infrared, radio, and
microwave are included in the definition of medium. It should be understood, however,
that compuier-readable storage media and data storage media do not include connections,
carrier waves, signals, or other transient media, but are mstead directed to non-transient,
tangible storage media. Combmations of the above should also be included within the
scope of computer-readable media.

{0062} Instructions may be executed by one or more processors, such as one or more
DSPs, general purpose microprocessors, ASICs, FPGAs, or other equivalent integrated or
discrete fogic circuitry. Accordingly, the term “processor” and “processing circiutry,” as
used herein, such as processing circutry 806 of FIG. 4B, may refer to any of the
foregoing structure or any other structure suttable for tuplementation of the techniques
described herein. Also, the technigues could be fully implemented in one or more circuits
or logic elements.

{30863} The technigues of this disclosure may be implemented v a wide vaniety of devices
or apparatuses, including, an integrated circwit (1) or a set of ICs (e.g., a chip set).
Varous components, modules, or units are described in this disclosure {0 emphasize
fimctional aspects of devices configured to perform the disclosed techniques, but do not
necessarily require realization by different hardware units. Rather, as described above,
various units may be combined in a hardware unit or provided by a collection of
imteroperative hardware umis, including one or more processors as described above, in

conjunction with suitable software and/or firmware.
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CLAIMS

What 1s claimed 15

L. A system comprising:
an input device configured to receive an input audio waveform comprising
uiterances by a speaker; and
a computation engine comprising processing circuttry for executing a roachine
leaming system,
wherein the machine learning svstem is configured to umplement an
autoencoder, the autoencoder comprising a decoder trained fo characterize an
accent for a target accent using (1) a speaker identification (ID) loss function that
applies a penalty based on an identity for the speaker and (2} a text loss function
that applies a penally for loss of intelhgibility,
wherein the roachine leaming system 1s configured to process the mput
audic waveform to generate an output audio waveform comprising the utterances
by the speaker that are modified by the trained decoder to conform to the targel
accent, and
wherein the machine leamning svstem is configured to output the output

audio waveform.

2. The system of claim 1,

wherein the autoencoder 1s configured to encode the input audio waveform based
at least in part on derived features of the utterances by the speaker, and

wherein the derived features comprise one or more of pitch, emphasis, phonemes,

energy OF Pauses.

3 The system of claim 1,
wherein the machine learning systern is configured to receive a user input, and
wherein the machine learning system is configured to, in response to the user
input, adjust a differential weighting between the text loss fimction and the identification

{oss function.

4. The system of claim 3,

18
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wherein the target accent is a first target accent, and the output audio waveform is
a first output audio waveform,

wherein the decoder 1s further trained using constramnts for a second target accent,
wherein the consiraints for the second farget accent are different from the constraints for
the first target accent, and

wherein, 10 response to user input, the machine leamning systern is configured o
output a second audio waveform different from the first audio waveform based on the

constraints for the second target accent.

5. The systerm of clairo 1, wheren the roachine learniong svstem s configured to
generate the output audio waveform to adjust intetiigibility of utterances by the speaker
based on the target accent and retain recognizable individual language characteristics of

the speaker.

6. The system of claim §,
wherein the machine leaming system is configured to generate the outpud audio
wavelform o retain recognizable individual language characteristics of the speaker, and
wherein the speaker 1D loss function is configured to apply the penalty for

misidentifving the speaker.

=~

The system of claam 1,

wherein to conform to the target accent, the machine leaming system is
configured to generate the outpul audio waveform to disguise recognizable individual
fanguage characteristics of the speaker, and

wherein the speaker 1 loss function is configured to apply the penalty for

correctly identifying the speaker.

8. The system of claim 1,
wherein the processing circuitrv further execirtes a converter, and
wherein the converter i1s configured to receive the input andio waveform and

provide an output to the autoencoder, the outputl comprising a spectrograr.

9. The system of claim 1, wherein the antoencoder comprises a neural network.
1%
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10, The system of claim 1, wherein the autoencoder i1s configured o encode and

decode the nput audio wavelorm at least in part at a phoneme trigram level.

it The system of claim 1, wherein the one or more loss functions farther comprise a

signal oss function.

12. The system of claim 1,

wherein at feast one of the one or more loss functions 1s g separate, pre~trained
{oss fimction, and

wherein the decoder is trained based on the at least one separate, pre-trainad loss

function.

13, The system of claim 1. wherein the autoencoder 15 trained along with the one or

more loss functions as an adversanal network.

4. The systern of clairo 1, wherein the decoder 15 a first decoder of a plurality of

decoders stored at a decoder library operatively coupled to the machine learning system.

15, The system of claim 14, wherein the computation engine 13 configured to:
recelve user mput indicting a desived accent,
select a decoder of the plurality of decoders that characterizes the desired accent,
and

apply the selected decoder to generate the output.
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16, A method comprising:

processing, with an encoder of a machine learning system, an wnput audio
waveform comprising {rst utterances by a speaker (o generate an encoder output, the first
utterances having a first accent;

processing, with a decoder of the machine learning system, the encoder ouiput to
generate an output audio wavelorm coraprising second utterances, the second utterances
having a second accent different from the first accent;

computing, with an identification loss discriminator of the machine learning
systermn, based on the input audio waveform and the output audic waveform, an
identification loss for the output audio waveform;

computing, with a text {oss discriminator of the machine learning system, based
on the input audio waveform and the ouiput audio waveform, a fext toss for the output
audic waveforny and

fraining the decoder using the signal loss, the identification loss, and the text loss.

17.  The method of claim 17, further comprising encoding, by the machine learmning
systern the input audio waveform based at least in part on derived features of the first
utterances by the speaker, wherein the derived features comprise one or more of: pitch,

emphasis, phonemes and pauses.

i8. The method of claim 17, wherein the decoder 1s a first decoder of a plurality of
decoders stored at a decoder library operatively coupled to the machine leaming system,
the method further comprising, selecting, by the machine learning system, a second

decoder from the decoder library based on 1nput from a user.

19. A non-transitory computer-readable storage medium comprising instructions that,
when executed, cause one or more processors of a computing device to:
recerve an nput audio waveforro comprising utierances by a speaker; and
gxecuie a machine learning system,
wherein the machine learning svstem is configured to umplement an
autoencoder, the autoencoder comprising a decoder trained fo characterize an
accent for a target accent using (1) a speaker identification (ID) loss function that
applies a penalty based on an identity for the speaker and (2} a text loss function
that applies a penally for loss of intelhgibility,

21
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wherein the machine learning svstem s configured to process the mput
audio waveform to generate an output andio waveform comprising the utierances
by the speaker that are modified by the trained decoder to conform fo the target
accent, and

wherein the machine leaming system is configured to output the output

audio waveform.

20. The non-transitory computer-readable storage medium of claim 16, further
comprising mstructions for causing the programmable processor to generate the output
audio waveform to:

adjust intelhgibility of utterances by the speaker based on the target accent; and

retain recognizable individual language characteristics of the speaker.
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