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FIG. 2
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1
PRE-TRAINED MACHINE LEARNING
MODELS FOR REAL- TIME SPEECH FORM
CONVERSION

This application claims the benefit under 35 U.S.C. §
119 (e) of provisional application 63/528,251, filed Jul. 21,
2023, the entire content of which is hereby incorporated by
reference for all purposes as if fully set forth herein. This
application is related to Patent Application, entitled “Gen-
erating Parallel Data For Real-Time Speech Form Conver-
sion,” concurrently filed, having, the entire contents of
which are hereby incorporated by reference.

FIELD OF THE TECHNOLOGY

The present invention relates to the field of audio signal
processing, in particular to real-time speech form conversion
with machine learning techniques.

BACKGROUND

The approaches described in this section are approaches
that could be pursued, but not necessarily approaches that
have been previously conceived or pursued. Therefore,
unless otherwise indicated, it should not be assumed that any
of the approaches described in this section qualify as prior
art merely by virtue of their inclusion in this section.

The challenge in speech conversion is not only to be able
to convert speech audio from one form to another (e.g.,
accented speech to native speech) but also to do so in
real-time. In particular, the quest for efficient, high-quality
accent conversion has long been an area of interest within
speech and audio processing. Accent conversion has signifi-
cant potential for various applications, notably in real-time
audio communication. The challenge is to design an audio
processing algorithm that may transform a given input audio
signal with [.2 (original speech format, e.g., English with
accent speech) into L1 (desired speech format, e.g., native
English speech), maintaining the textual integrity and syn-
chronicity, yet changing the accentual characteristics.
Although the accent conversion for the English language is
used as an example speech conversion task, the techniques
described herein are equally applicable to other speech
conversion tasks such as voice conversion, emotion conver-
sion, bandwidth expansion, etc.

One approach to perform audio speech conversion may be
to first convert the original audio stream to text and then
convert the text data to the desired form of the audio speech
stream. This approach may work for offline audio process-
ing, but the real-time conversion would require extensive
computing resources and will present an additional chal-
lenge of synchronization.

The synchronization challenge is particularly acute for
real-time conversion. When the audio stream is converted to
a non-temporal format such as text, the temporal informa-
tion is lost, and thus, any conversion back to the audio
format may not be synchronized.

Thus, avoiding intermediate format generation, such as
text, to preserve the temporal aspects of the original audio
stream is important to preserve the synchronization of the
output audio stream with the input audio stream.

Even if an intermediate format is generated during the
conversion, the synchronicity has to be preserved between
the input, the intermediate format data and the output in the
target format. This approach requires a large amount of
synchronized speech data in the original, intermediate and
target formats. Without large amounts of such data, it is
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impossible to train an accurate model for real-time recog-
nition of phonemes. To address this challenge, it would be
extremely hard, if not impossible, to collect such data from
live recordings and much harder to synchronize such record-
ings.

BRIEF DESCRIPTION OF THE DRAWINGS

In the drawings of certain embodiments in which like
reference numerals refer to corresponding parts throughout
the figures:

FIG. 1 is a block diagram that depicts a data flow for
converting speech from an original form to a target form, in
an embodiment;

FIG. 2 is a block diagram that depicts a process for
transforming sampled speech audio data into frames of
spectral data, in an embodiment;

FIG. 3 is a block diagram that depicts example frames as
generated from input speech data, in an embodiment;

FIGS. 4A and 4B are block diagrams that depict Speech
ML System 150 in production, in one or more embodiments;

FIG. 5 is a block diagram that depicts a process of training
a Teacher Encoder Algorithm, in an embodiment;

FIG. 6 is a block diagram that depicts the process of
training a Teacher Decoder ML Algorithm of Speech ML
System 150, in an embodiment;

FIG. 7 is a block diagram that depicts a process of training
the Student ML Algorithm using the Teacher ML, Model, in
one or more embodiments;

FIG. 8 is a block diagram of a basic software system, in
one or more embodiments;

FIG. 9 is a block diagram that illustrates a computer
system upon which an embodiment of the invention may be
implemented.

DETAILED DESCRIPTION

In the following description, for the purposes of expla-
nation, numerous specific details are set forth in order to
provide a thorough understanding of the present invention.
It will be apparent, however, that the present invention may
be practiced without these specific details. In other
instances, structures and devices are shown in block diagram
form in order to avoid unnecessarily obscuring the present
invention.

General Overview

Techniques described herein generate synchronized
multi-form speech data for training speech form conversion
models and perform speech conversion from original form
to target form in real-time. The real-time aspect refers herein
to performing a conversion of form without having the full
speech data but rather a portion thereof, thereby performing
conversion while the original speech audio stream is being
received/acquired and generating audio data in the target
form of the speech without significant lag (e.g., 0.05 seconds
to 0.3 seconds) as compared to the captured audio data in the
original form.

In an embodiment, techniques include training a large-
scale speech form conversion machine learning (ML)
model, the Teacher Model on offline speech data. The
Teacher ML Algorithm is trained with infinite lookahead of
frame(s) of speech data, frames that may temporally be
subsequent to the input frame of the speech data. Stated
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differently, the training for each input frame may be per-
formed on complete speech data rather than on speech data
received in real-time.

Thus, in an implementation for each frame of speech data,
the Teacher Model is trained to generate the corresponding
frame of speech data in the target form using not only the
current frame (and/or the previous frame(s)) of speech data
but also the temporally subsequent frame(s) of speech data
(e.g., more than 5 seconds ahead) and up to the complete
frame set of the speech data itself. Additionally, the Teacher
Model may contain a greater number of layers and a larger
dimension of layer(s) than the production model, referred to
as the Student Model. Thus, the Teacher Model is more
accurate but cannot process speech frames in real-time and,
unlike the Student Model, may be too computationally
resource-consuming to execute in production on an end-user
computing device.

In one embodiment, the Teacher Model may include an
encoder machine-learning model and a decoder machine-
learning model. The term encoder ML model (or encoder)
refers to a machine-learning model that converts speech to
a speech-agnostic form of content-based data. A non-limit-
ing example of content-based data includes text or phonetic
posteriorgram (PPG) or opaque content representation data.
Non-limiting examples of content representation data may
include vectors derived from the output of layer(s) of an
encoder ML.

The term decoder ML model (or decoder) refers to a
machine-learning model that converts content-based speech
data that is speech form agnostic to speech data in a target
speech form that may be played back or readily converted to
be played back. For example, the decoder may be trained to
generate Waveform Audio File Format (WAV) data or spec-
tral speech data that can be transformed into WAV data.

In one embodiment, the encoder ML model may be
trained separately from the decoder. In such an embodiment,
the encoder model may be trained using transcribed textual
data or phoneme data set of the input speech data as the
target value set for the encoder model. The target value set
may be extracted using speech-to-text or speech-to-pho-
neme techniques.

During the training of an encoder, speech data in the
original form is fed into the encoder ML algorithm to
generate the predicted content data of the speech data. The
predicted content data is compared with the actual content of
the speech data to determine the loss function and to
improve the accuracy of the encoder model by modifying
the parameters of the encoder during the training.

Additionally or alternatively, target speech form speech
data may be provided as input to the encoder ML algorithm
during the training. Since the encoder ML algorithm con-
verts any form of speech data to form-independent encoded
speech data, the trained encoder ML model may accurately
convert both original and target forms of speech data into
content-based data, thereby generating content-based vector
sets.

The Teacher Model’s decoder is trained by providing as
input to the decoder ML algorithm the content-based data
generated by the already trained encoder ML model. The
content-based data itself may be generated by providing
speech data in its target form to the encoder ML as input.
The same speech data of the target form is the target speech
data, which is to be compared with the predicted speech data
generated by the decoder ML algorithm to determine the loss
function.

Thus, in such an embodiment, the training of the Teacher
Model may be performed without parallel speech data. The
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4

term “parallel speech data” (or “parallel data™) refers herein
to streams of speech data of the same content but different
speech forms and having time synchronicity. Each frame of
one speech form stream of parallel data has time correspon-
dence to the corresponding frame in the other speech form
stream of the parallel data of the same content.

To avoid the use of parallel data, the training of the
encoder ML algorithm of the Teacher Model takes as input
either the target or original form speech data to train the
encoder to generate speech-form agnostic content-based
data as the target output. Thereby, the training of the encoder
algorithm requires only correspondence of speech data of
any form with its content. And the decoder ML algorithm
may be trained only using target-form speech data. Accord-
ingly, the techniques for training the Teacher Model may use
target-form or original-form speech data independently of
one another.

Because of the availability of both the target-form and
original-form speech data in vast amounts, the training of the
teacher model may be performed with large amounts of such
data without the need for the target and original-form speech
data to be synchronous (parallel data).

The Teacher Model’s Encoder, having a large size (e.g.,
greater number of layers and/or dimensions of the layers
than the Student Model), generates accurate speech-agnostic
data for any form of speech data. For the same reason, the
Teacher Model Decoder Model, also having a greater num-
ber of parameters, once trained, is very accurate.

Therefore, in an embodiment, the trained Teacher Model
generates sets of accurate parallel data. Original-form
speech data is provided as input to the Teacher Model, and
the Teacher Model generates the corresponding temporally
synched target-form speech data. The generated parallel data
is of the same content and is time-synched between the
original form and the target form. Accordingly, the Teacher
Model may generate an unlimited amount of parallel data,
given the availability of speech data in the original form.

In an embodiment, the generated parallel data is used to
train a lightweight and real-time Student Model. The ML
algorithm of the Student Model may differ from the ML
algorithm of the Teacher Model by having a lesser number
and/or smaller size of layers, a lower order of execution, and
a lesser number of parameters and features. Accordingly,
having less of one or more of the mentioned entities in the
ML algorithm of the Student Model makes the trained
Student Model much faster to process speech data and
generate the corresponding target-form speech data with
lesser lag.

Moreover, the Student Model is a real-time processing
ML algorithm. The Student ML algorithm uses frames of
speech data that are temporally prior to the input frame of
the speech data for training. Consequently, the Student
Model, unlike the Teacher Model, is a real-time model that
contemporaneously processes input speech data stream,
each input frame processing relying on the frames that are
temporally within the allowable lag for the real-time pro-
cessing.

Additionally or alternatively, the Student Model may
depend on the Teacher Model during the training. In an
embodiment, one or more properties may be extracted from
the trained larger ML model, such as the Teacher Model, and
used for the training of the Student Algorithm. For example,
one or more of the layers in the Teacher Model retains at
least a portion of the information on how to accurately
convert the original speech form data into the target speech
form data. In such an embodiment, the Student Model is
generated to be based at least in part on one or more layers
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of the Teacher Model. For example, during the training of
the Student Model, additional constraints are imposed on
one or more layers of the Student Model to track (have the
acceptable threshold of difference) with the one or more
layers of the Teacher Model. Stated differently, the loss
function for the training of the Student Model includes the
similarity of layers (e.g., the vectors thereof) with the same
corresponding layer in the trained Teacher Model. Thus, a
layer (and the parameters thereof) in the Student Model may
be trained to be within the acceptable error margin of the
corresponding layer (and the parameters thereof) in the
Teacher Model.

Data Flow Overview

FIG. 1 is a block diagram that depicts a data flow for
converting speech from an original form to a target form, in
an embodiment. At Speech Signal Acquisition block 110,
Speech Signal 100 is acquired in real-time by sampling the
signal at a predetermined sampling frequency. For example,
a non-native speech may be acquired as Speech Signal 100
by a microphone of a recording device, and, in response,
Speech ML System 150 generates speech with the same
content in the target form. Additionally, Speech Signal 100
may be in the target form for one or more embodiments of
training ML algorithms of Speech ML System 150.

In an embodiment, Speech Signal Acquisition block 110
acquires and samples a portion of Speech Signal 100 to
produce Sampled Speech Data 120. The duration portion
may be pre-configured to be at least the minimum duration
that is necessary to acquire enough speech samples for
capturing the frequency spectrum of a speech audio signal.
A non-limiting example may be a portion of 256 samples of
Speech Signal 100 acquired at the 44.1 KHz sampling/
frequency, yielding 0.0058 seconds for each portion dura-
tion. Each generated portion of Speech Signal Acquisition
block 110 may contain a sequence of amplitude values for
the acquired Speech Signal 100 as part of Sampled Speech
Data 120.

Alternatively, Sampled Speech Data 120 may be obtained
from a pre-acquired and stored audio file. A non-limiting
example may be a WAV file that contains Sampled Speech
Data 120 in the original form (e.g., non-native accented
speech) or the target form (e.g., native speech).

At Frequency Domain Conversion block 130, the process
performs frequency domain transformation of Sampled
Speech Data 120, thereby generating Spectral Frame Data
140. The transformation converts the sequence of sampled
audio data of a frame in the time domain to frequency
component values in the frequency domain, yielding Spec-
tral Frame Data 140. Frequency Domain Conversion block
130 may use a Short-Time Fourier Transform (STFT) algo-
rithm to generate a time-frequency transformation of non-
stationary signals. However, the exact frequency conversion
methodology is not material to the techniques described
herein.

FIG. 2 is a block diagram that depicts a process for
transforming sampled speech audio data into frames of
spectral data, in an embodiment. At step 210, the process
obtains a portion of speech audio samples. Sampled Speech
Data 120 may be an audio stream, portions of which are
processed sequentially by the process.

At step 220, the process applies a window function (e.g.,
a Hanning, Hamming, Vorbis, Gaussian, or other windowing
techniques) of finite length. The length of the window is also
called the frame length. In an embodiment, the frame length
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6
is fixed to the same length for speech data being processed
by the ML models of Speech ML System 150 (e.g., 20 ms
to 80 ms audio portion).

FIG. 3 is a block diagram that depicts example frames as
generated from input speech data, in an embodiment. Frame
301 is a sample frame that contains one hundred speech data
samples from Sample T1 to Sample T100. Each sample
frame includes an amplitude value or the window function
application result on the amplitude value of the Speech
Signal 100.

For example, the window function may be a discrete
function (e.g., a vector) of a given amount of samples. The
window function is applied by taking a portion of the audio
stream with the number of samples equal to the frame
length. Each of these samples is then multiplied by the
corresponding value of the window function, resulting in a
windowed frame.

At step 230, the process converts the speech audio signal
from the time domain to the speech audio signal to its
spectral data in the frequency domain. For example, the
process may perform the Discrete Fourier Transform (DFT)
on the windowed frame.

Additional steps may be performed, such as calculating
the magnitudes or squares of magnitudes of Fourier coeffi-
cients, applying band compression techniques, and/or trans-
forming the scale of the frequency coeflicients (calculating
the logarithms of the output). As a result, the process
generates temporally arranged spectral features of the audio
stream. Non-limiting examples of such features are log
power spectrum (LPS), mel spectrogram, mel frequency
cepstral coefficients (MFCC), etc.

At step 260, the temporally arranged sequence of frames
of generated spectral features may be provided to Speech
ML System 150 for generating the corresponding frame of
the output speech signal in the target form. Additionally or
alternatively, the frame of spectral feature speech data may
be provided for training one or more ML algorithms to
generate the corresponding ML models of Speech ML
System 150.

At step 240, the process selects the next frame in the
received portion(s) of the speech samples. The frames may
overlap depending on the starting point selected for the next
frame. The amount (number of audio samples) by which the
window for framing is moved. The amount of audio samples
moved for the next windowing of a frame is referred to as
the hop size or hop length. Accordingly, when the hop size
is less than the frame length then windowed frames may
overlap.

Continuing with FIG. 3 example, the next frame, Frame
302, is selected using a hop size of 70 samples. Thus,
Samples T71 through T100 overlap in Frame 301 and Frame
302. When selecting, at step 240, the next frame includes a
portion that has not yet been received by the process; at step
250, the process may proceed to step 210 to select the next
portion.

In an embodiment, when all portions of speech data are
received by the process and the above-mentioned techniques
performed on the speech data, the process, at step 260,
provides a 2D time-frequency representation of the signal
where one axis represents time when arranged in time
sequence of the corresponding frames (derived from the
window positions), and the other represents frequency mag-
nitude.

Production Speech Machine [earning System

FIGS. 4A and 4B are block diagrams that depict Speech
ML System 150, in one or more embodiments. Speech ML
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System 150, when in production, includes one or more
already trained models, collectively referenced as Produc-
tion Student Model 405/407. Speech ML System 150 may
process each frame of Spectral Frame Data 140 in real-time
as the speech is acquired by Speech Signal Acquisition block
110 and transformed to corresponding one or more frames of
Speech Spectral Frame Data 140. Production Student Model
405/407 may have access to temporally previous frames of
the received frame but very few, if not none of the frames
that are temporally subsequent to the received frame. At
most, Production Student Model 405 may have access to as
many frames subsequent to the current frame being pro-
cessed that will not cause a significant delay/lag in gener-
ating the corresponding frame of Predicted Speech Data 160
in the target speech form. For example, the number of
subsequent frames should not exceed the accepted lag for
real-time processing of Production Speech ML System 150
(e.g., 0.05 seconds to 0.3 seconds duration).

In FIG. 4A, Production Student Model 405 includes
Student Encoder Model 410 and Student Decoder Model
450, in an embodiment. In such an embodiment, Student
Encoder Model 410 is a neural network ML model having
Neural Network (NN) Layers 411_1 through 411_N. NN
Layers 411_1 through 411_N are trained (configured) to
process each frame of Spectral Frame Data 140 to yield the
corresponding frame of content-based data such as Content
Vector Set 480.

Student Decoder Model 450 takes as input a content-
based vector and produces back a new frame of speech
corresponding to the original frame but in a target speech
form that is different from the original speech form of
Spectral Frame Data 140. NN Layers 431_1 through 431_N
may be trained (configured) to reproduce the content-based
vector in different speech forms. Non-limiting examples of
target speech forms of Predicted Speech Data 160 are a
native form of speech and/or noiseless form of speech from
an accented form of speech and/or noisy form of speech of
Spectral Frame Data 140, respectively. Predicted Speech
Data 160 may be reproduced by an audio device.

FIG. 4B is another embodiment of Speech ML System
150, having Production Student Model 407. In this embodi-
ment, Production Student Model 407 has a single ML model
having NN Layers 407_1 through 407_N. The difference
between a single ML real-time student model and multiple
ML real-time student models is that in the multiple ML
models, the models may be trained separately and may be
more accurate for the specific task of each model. While in
the single ML model, all the layers are trained together.

Since Production Student Model 405/407 is executed in a
constraint computing resource environment (e.g., on-site
server, a personal computer, or a smartphone), Production
Student Model 405/407 has to be as compact as possible yet
accurate and fast in processing (minimal lag between the
frame acquired and the frame produced.

Teacher Training

In an embodiment, to make Production Student Model
405/407 accurate, yet without adding a significant process-
ing lag, one or more Teacher Models are trained, and the
training knowledge may be “transferred” to the Production
Student Model 405/407. Since the Teacher Model is trained
offline, no computing resource constraint exists. Thus, the
Teacher Model may have more NN layers, and each layer
may have much larger dimensions (have more parameters)
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than the Production Student Model 405/407. For example,
the Teacher Model may have more than 100 million param-
eters.

Additionally, the Teacher Model is trained with infinite
lookahead of speech data that is not available to the real-time
Student Model. For example, the Student Model, being
executed in real-time with the acquisition of the speech
signal, cannot take into account the speech frames that are
temporally significantly ahead of the current frame because
such processing introduces at least as much lag as the
number of future frames. On the other hand, the Teacher
Model, being executed offline, can use pre-recorded speech
data and may look ahead as much as necessary, if not
completely, till the end of the speech data itself.

Another advantage of using the Teacher Model is the
production of parallel data of original form speech and target
form speech by the trained Teacher Model. Teacher Model
having more layers with more parameters and trained with
higher quality data may produce a very accurate transfor-
mation of the speech form. More importantly, the transfor-
mation produced is in complete temporal synch with the
original form of the speech. Such generated parallel data
may be used in the training of Production Student Model
405/407 to make it more accurate.

In an embodiment, the Teacher Model processes tempo-
rally sequential frames, e.g., spectral features of input
speech, and includes recurrent neural network block(s). The
Teacher Model transforms the input and finds patterns in the
data structure, not just along the frequency dimension but
also temporally, among the frames because of the Teacher
Model’s ability to look ahead into the subsequent frame(s)
and look back into the previous frame(s).

In an embodiment, the Teacher Model may include vari-
ous neural network block(s) such as Gated Recurrent Units
(GRUs) and Long Short-Term Memory (LSTM) block(s).
Multihead attention-based block(s), such as a conformer
block, may also be used. For the Teacher model to generate
the output for the current input audio frame, the information
from the previous and future frames may be used (bidirec-
tional processing).

Teacher Encoder Training

In an embodiment, Teacher ML Algorithm of Speech ML
System 150 includes Teacher ML Encoder Algorithm and
Teacher ML Decoder Algorithm to be trained separately to
generate corresponding Teacher ML, Encoder Model and
Teacher ML Decoder Model.

In an embodiment, the Teacher Encoder Algorithm is
trained to generate content-based data that contains infor-
mation on the content of the input audio signal. The training
dataset for this model comprises a large collection of origi-
nal and target forms of speech data. For example, a large
number of accented and native US English speech audio
samples, along with their corresponding textual content
transcriptions.

FIG. 5 is a block diagram that depicts a process of training
a Teacher Encoder Algorithm, in an embodiment. Speech
ML System 150 may be configured to train Teacher Encoder
ML Algorithm 510. Teacher Encoder ML Algorithm 510
may be trained to extract the content of speech data from
both the original speech form and the target speech form, or
both, whichever is used as input to the training.

For example, when applying a US phoneme/text predic-
tion task to the encoder network of Teacher Encoder ML
Algorithm 510, the model of Teacher Encoder ML Algo-
rithm 510 implicitly learns to encode the phonetic structure
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of US native speech. Similarly, when provided with the
accented form, the encoder model learns how to recognize
and encode the phonetic structure of the accented speech.

In an embodiment, the training is performed by providing
to Teacher Encoder ML Algorithm 510 with Original or
Target Speech Spectral Frame Data 520 and the correspond-
ing transcription content data as the training data set. During
the training, Teacher Encoder ML Algorithm 510 generates
Predicted Teacher Content-based Data 580. For example,
Teacher Encoder ML Algorithm 510 is trained with speech-
to-text or phoneme recognition tasks or even self-supervised
learning on audio speech data or any other audio pattern
recognition task.

In the training, each frame of Predicted Teacher Content-
based Data 580 is compared with the corresponding frame
portion of Teacher Target Content Data through the appli-
cation of Loss Function 530. A non-limiting example of a
loss function is a Connectionist Temporal Classification
(CTC) loss calculation, which accurately calculates prob-
abilities of a match even in a temporally misaligned com-
parison of predicted and target data.

Using the same techniques, Teacher Encoder ML Algo-
rithm 510 is trained to detect content (e.g., text or PPG) even
when the input is noisy, in an embodiment. Original or
Target Speech Spectral Frame Data 520 is augmented with
noise and provided to the Teacher Encoder ML, Algorithm to
generate the content of Spectral Frame Data 520. Thus,
when the Teacher Encoder ML Algorithm is trained, the ML,
model thereof may generate accurate content even if the
input is noisy speech data.

Once the ML model of Teacher Encoder ML Algorithm
510 is generated by the training, the process selects at least
one of the hidden layers of the ML, model (e.g., the last
hidden layer) as the layer for generating Predicted Content
Vector Set 582. The encoder ML model returns audio
frame-level Predicted Content Vector Set 582 for encoded
content information based on the output vector(s) of the
selected layer(s) for each input frame. The generated speech
based on Predicted Content Vector Set 582 closely approxi-
mates the target form of speech, such as the US native
speech form, exhibiting significantly fewer phonetic errors
compared to the input accented speech.

Teacher Decoder Training

A Teacher ML Decoder Model may convert the content-
based data frames generated by the Teacher ML, Encoder
Model back into speech data but in the target speech form.
In an embodiment, the Teacher MLL Decoder Algorithm is
trained to receive as an input a sequence set of content-based
vectors and generate speech data in the target form.

FIG. 6 is a block diagram that depicts the process of
training a Teacher Decoder ML Algorithm of Speech ML
System 150, in an embodiment. To generate a training data
set for training Teacher ML Decoder Algorithm 650, previ-
ously trained Teacher Encoder ML, Model 610 is provided
with Input Target Speech Data 640. Based on the provided
Input Target Speech Data 640, Teacher Encoder ML Model
610 generates form-agnostic content-based data describing
the content of Input Target Speech Data, Predicted Content-
based Vector Set 680.

Based on providing Predicted Content-based Vector Set
680 as input in the training, Teacher Decoder ML Algorithm
650 learns to generate back the original input speech data in
the same target form as Input Target Speech Data 640.
Thereby, Predicted Target Speech Data 660 is generated by
Teacher Decoder ML Algorithm 650. Accordingly, Teacher
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10
Decoder ML Algorithm 650 attempts to generate the speech
data in the target form with the same content as the input to
Teacher Encoder ML Model 610.

Comparing Predicted Target Speech Data 660 with Input
Target Speech Data 640 by Loss Function 630 may yield an
error for the training of Teacher Decoder ML Algorithm 650.
The output of Loss Function 630 is used to adjust the
parameters of Teacher Decoder ML Algorithm 650 to gen-
erate more accurate predicted speech data in the next round
until the error is within an acceptable margin.

Because Teacher Decoder ML Algorithm 650 is trained to
generate speech data in the target speech form, Input Target
Speech Data 640 is also provided in the target form. Each
frame of Input Target Speech Data 640 in the target form
generates form-agnostic frame data for Predicted Content
Vector Set 680. In an embodiment, Input Target Speech Data
640 before being provided to Teacher Model 615 may be
converted to spectral frame data (not depicted in FIG. 6).
Nevertheless, the frame data of Predicted Target Speech
Data 660 generated by Teacher Decoder ML Algorithm 650
during the training is compared for Loss Function 630 such
as combination of Least Square Error or Least Absolute
Error for predicted and target speech data spectral features
and Generative Adversarial Network (GAN) training losses.
And Teacher Decoder ML Algorithm 650 is adjusted accord-

ingly.
Generating Parallel Data

When the Teacher ML Algorithm is trained using large
data sets, the generated Teacher MLL Model is highly accu-
rate in converting the input original form of speech data to
the corresponding output target form of speech data. Accord-
ingly, the original form of input Spectral Speech Data may
be provided as an input sequence of frames of spectral data
in the original speech form (which itself was generated from
the corresponding sequence of frames of speech data in the
original form) to generate the corresponding sequence of
frames of speech data in the target form, in an embodiment.
Thereby, because of the frame correspondence between
input and output, the Teacher ML Model generates tempo-
rally synched parallel data that may include one or more
input speech data, input speech spectral data, a form-
agnostic content-based vector set, and output speech data.

For example, accented (and/or noisy) speech is processed
by the Teacher Encoder MLL Model on a frame-by-frame
basis, which generates the corresponding sequence set of
content-based vectors that are speech form agnostic. The
generated sequence set of content-based vectors is tempo-
rally synched with input speech in the original form (both in
the spectral as well as the original representation) and, thus,
may be used as parallel data for the Student Model training.

Additionally, in such an example, the Teacher Decoder
ML Model takes the sequence set of content-based vectors
as input and generates the corresponding frames of US
native speech data. Since the processing of speech audio
again occurs on the frame-by-frame level, the input and
generated speech waveforms are time-synchronized, ensur-
ing temporal alignment. By combining the input and gen-
erated output speech waveforms, parallel data of input
(spectral) speech data in the original and output speech data
in the target form is obtained.

In another embodiment, Teacher ML, Model 615 may
include a vocoder ML model in addition to a decoder ML
Model. In such an embodiment, the decoder ML model is
trained to generate frame-level spectral speech data of the
target form. The additional ML model, the vocoder ML
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model, is trained to generate speech-framed data in the target
form from the spectral-framed data obtained from the
decoder, thereby reconstructing the final waveform of the
target speech signal. Since the additional model still pro-
duces speech data that is framed synched with the inputs to
the Teacher Encoder MLL Model and the Teacher Decoder
ML Model, the Teacher MLL Model of this embodiment may
still produce similar parallel data for Student ML, Algorithm
training.

Alternatively, parallel data may be used to train a Teacher
Model. In such an embodiment, the Teacher ML Algorithm
may also have a single neural network architecture, a single
ML model, which takes as input the spectral feature
sequence of the original form speech (e.g., accented speech)
and generates an approximate target form speech signal
(e.g., accent-converted speech signal). In such an embodi-
ment, to train the single model parallel speech data is
requested as input for training. The parallel speech data
includes frame-level aligned speech data in the original form
and in the target form (e.g., accented and US-native English
speech audio signals). Such an alignment may be achieved,
for example, using a dynamic time warping (DTW) algo-
rithm applied on the accented and target speech signal
feature sequences, other methods for parallel data generation
also may be applied.

Training Student ML Algorithm

The large-scale trained Teacher ML, Model serves as a
resource for more accurate and faster training of the Student
ML Algorithm. In an embodiment, the Teacher ML, Model
may generate parallel data as described above as a compre-
hensive temporally synched training data set for the Student
ML Algorithm.

Additionally or alternatively, the same or different
Teacher ML Model may provide the trained NN layers to the
Student ML Algorithm during training. The Student ML
Algorithm may use the NN layer parameters of the Teacher
ML Model to compare with the corresponding parameters of
its NN layer(s).

In an embodiment, the comparison may be performed as
part of the loss function for the training of the Student ML,
Algorithm to ensure that the corresponding layers (and the
parameters thereof) of the Student ML Algorithm track the
same layers (and the parameters thereof) of the Teacher MLL
Model. In such an embodiment, the Teacher ML Algorithm
may use the same dimension NN Layers as the Student ML,
Algorithm. If the dimensions sizes are different, a layer size
scaling function may be applied to the vector of NN Layer
parameters of the Teacher ML Model to match that of the
Student ML, Algorithm.

FIG. 7 is a block diagram that depicts a process of training
the Student ML, Algorithm using the Teacher ML, Model, in
one or more embodiments. As discussed above, once the
Teacher ML Algorithm is trained, Teacher ML, Model 715
may generate parallel data for training Student ML, Algo-
rithm 705. The Encoder Model of Teacher ML Model 715
may generate Parallel Data 760 (frame-by-frame synchro-
nized) of input Original (Spectral) Speech Data 720 in the
original speech form and the corresponding sequence of
content-based (form-agnostic) vector set (part of Parallel
Data 760). Such Parallel Data 760 may be used to train
Student Teacher ML Encoder Algorithm 705 with Loss
Function 730 applied on comparison of the predicted
sequence of content-based vectors with the corresponding
sequence of content-based vectors from Parallel Data 760.
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Parallel Data 760 may include a training set of Original
Speech Data in the original form (e.g., accented and/or
noisy) and the corresponding frame-by-frame sequence of a
content-based vector set.

Additionally or alternatively, parameter(s) of one or more
layers of NN Layers 711_1 to 711_N from the Encoder
Model of Teacher ML, Model 715 may be compared with
corresponding parameters of NN Layers 701_1 to 701_N of
the Encoder Algorithm of Student ML, Algorithm 705 as part
of applying Loss Function 730. Therefore, training the
Encoder Model of Student ML Algorithm 705 ensures that
the parameters for these layer(s) closely track (within the
margin of error set for Loss Function 730) the values for the
corresponding parameters of the corresponding layers the
Encoder Model of Teacher ML Model 715.

Similar techniques may be used for the training of the
Decoder Algorithm of Student ML Algorithm 705. The
Decoder Model of Teacher ML. Model 715 may generate
Parallel Data 760 (frame-by-frame synchronized) of input
Original (Spectral) Speech Data 720 and the corresponding
output (spectral) speech data (part of Parallel Data 760).
Such Parallel Data 760 may be used to train the Decoder
Algorithm of Student Teacher ML Decoder Algorithm 705
with Loss Function 730 applied on comparison of the
predicted sequence of output (spectral) speech data with the
corresponding sequence of Parallel Data 760.

Additionally or alternatively, parameter(s) of one or more
layers of NN Layers 711_1 to 711_N from the Decoder
Model of Teacher ML, Model 715 may be compared with
corresponding parameters of NN Layers 701_1 to 701_N of
the Decoder Algorithm of Student ML Algorithm 705 as part
of applying Loss Function 730. Accordingly, the training of
the Decoder Algorithm of Student ML Algorithm 705
ensures that the parameters for these layer(s) closely track
(within the margin of error set for Loss Function 730) the
values for the corresponding parameters of the correspond-
ing layers of the Decoder Model of the Teacher ML Model
715.

Further Details on Training Machine Learning
Model

Machine learning techniques include applying a machine
learning algorithm on a training data set, for which
outcome(s) are known, with initialized parameters whose
values are modified in each training iteration to more
accurately yield the known outcome(s) (referred herein as
“label(s)”). Based on such application(s), the techniques
generate a machine-learning model with known parameters.
Thus, a machine learning model includes a model data
representation or model artifact. A model artifact comprises
parameter values, which are applied by a machine learning
algorithm to the input to generate a predicted output. Train-
ing a machine learning model entails determining the param-
eter values of the model artifact. The structure and organi-
zation of the parameter values depend on the machine
learning algorithm.

Accordingly, the term “machine learning algorithm™ (or
simply “algorithm”) refers herein to a process or set of rules
to be followed in calculations in which a model artifact,
comprising one or more parameters for the calculations, is
unknown. The term “machine learning model” (or simply
“model”) refers herein to the process or set of rules to be
followed in the calculations in which the model artifact,
comprising one or more parameters, is known and has been
derived based on the training of the respective machine
learning algorithm using one or more training data sets.
Once trained, the input is applied to the machine learning
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model to make a prediction, which may also be referred to
herein as a predicted outcome or output.

In supervised training, training data is used by a super-
vised training algorithm to train a machine learning model.
The training data includes input and “known” output, label.
In an implementation, the supervised training algorithm is
an iterative procedure. In each iteration, the machine learn-
ing algorithm applies the model artifact and the input to
generate a predicted output. An error or variance between
the predicted output and the known output is calculated
using an objective function, loss function. In effect, the
output of the loss function indicates the accuracy of the
machine learning model based on the particular state of the
model artifact in the iteration. By applying an optimization
algorithm based on the loss function, the parameter values of
the model artifact are adjusted. The iterations may be
repeated until the desired accuracy is achieved or some other
criteria are met.

In an implementation, to iteratively train an algorithm to
generate a trained model, a training data set may be arranged
such that each row of the data set is input to a machine
learning algorithm and further stores the corresponding
actual outcome, label value, for the row. For example, each
row of the adult income data set represents a particular adult
for whom the outcome is known, such as whether the adult
has a gross income over $500,000. Each column of the adult
training dataset contains numerical representations of a
particular adult characteristic (e.g., whether an adult has a
college degree or the age of an adult) based on which the
algorithm, when trained, can accurately predict whether any
adult (even one who has not been described by the training
data set) has a gross income over $500,000.

The row values of a training data set may be provided as
inputs to a machine learning algorithm and may be modified
based on one or more parameters of the algorithm to yield
a predicted outcome. The predicted outcome for a row is
compared with the label value, and based on the difference,
an error value is calculated. One or more error values for the
batch of rows are used in a statistical aggregate function to
calculate an error value for the batch. The “loss” term refers
to an error value for a batch of rows.

At each training iteration, based on one or more predicted
values, the corresponding loss values for the iteration are
calculated. For the next training iteration, one or more
parameters are modified to reduce the loss based on the
current loss. Any number of iterations on a training data set
may be performed to reduce the loss. The training iterations
using a training data set may be stopped when the change in
the losses between the iterations is within a threshold. In
other words, the iterations are stopped when the loss for
different iterations is substantially the same.

After the training iterations, the generated machine learn-
ing model includes the machine learning algorithm with the
model artifact that yielded the smallest loss.

For example, the above-mentioned adult income data set
may be iterated using the Support Vector Machines (SVM)
algorithm to train an SVM-based model for the adult income
data set. Each row of the adult data set is provided as an
input to the SVM algorithm, and the result, the predicted
outcome, of the SVM algorithm is compared to the actual
outcome for the row to determine the loss. Based on the loss,
the parameters of the SMV are modified. The next row is
provided to the SVM algorithm with the modified param-
eters to yield the next row’s predicted outcome. The process
may be repeated until the difference in loss values of the
previous iteration and the current iteration is below a pre-
defined threshold or, in some implementations, until the
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difference between the smallest loss value achieved and the
current iteration’s loss is below a pre-defined threshold.

Once the machine learning model for the machine learn-
ing algorithm is determined, a new data set for which an
outcome is unknown may be used as input to the model to
calculate the predicted outcome(s) for the new data set.

In a software implementation, when a machine learning
model is referred to as receiving an input, executing, and/or
generating output or prediction, a computer system process
executing a machine learning algorithm applies the model
artifact against the input to generate predicted output. A
computer system process executes a machine learning algo-
rithm by executing software configured to cause the execu-
tion of the algorithm.

Further Details on Machine Learning Algorithms
and Domains

A machine learning algorithm may be selected based on
the domain of the problem and the intended type of outcome
required by the problem. The non-limiting examples of
algorithm outcome types may be discrete values for prob-
lems in the classification domain, continuous values for
problems in the regression domain, or anomaly detection
problems in the clustering domain.

However, even for a particular domain, there are many
algorithms to choose from for selecting the most accurate
algorithm to solve a given problem. As non-limiting
examples, in a classification domain, Support Vector
Machines (SVM), Random Forests (RF), Decision Trees
(DT), Bayesian networks (BN), stochastic algorithms such
as genetic algorithms (GA), or connectionist topologies such
as artificial neural networks (ANN) may be used.

Implementations of machine learning may rely on matri-
ces, symbolic models, and hierarchical and/or associative
data structures. Parameterized (i.e., configurable) implemen-
tations of best-of-breed machine learning algorithms may be
found in open-source libraries such as Google’s TensorFlow
for Python and C++ or Georgia Institute of Technology’s
ML Pack for C++. Shogun is an open-source C++ ML library
with adapters for several programming languages, including
CH#, Ruby, Lua, Java, MatlLab, R, and Python.

Hyper-Parameters, Cross-Validation and Algorithm
Selection

A type of machine algorithm may have unlimited variants
based on one or more hyper-parameters. The term “hyper-
parameter” refers to a parameter in a model artifact that is set
before the training of the machine algorithm model and is
not modified during the training of the model. In other
words, a hyper-parameter is a constant value that affects (or
controls) the generated trained model independent of the
training data set. A machine learning model with a model
artifact that has only hyper-parameter values set is referred
to herein as a “variant of a machine learning algorithm” or
simply “variant.” Accordingly, different hyperparameter val-
ues for the same type of machine learning algorithm may
yield significantly different loss values on the same training
data set during the training of a model.

For example, the SVM machine learning algorithm
includes two hyperparameters: “C” and “gamma.” The “C”
hyper-parameter may be set to any value from 1073 to 10°,
while the “gamma” hyper-parameter may be set from 107>
to 10°. Accordingly, there are endless permutations of the
“C” and “gamma” parameters that may yield different loss
values for training the same adult income training data set.
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Therefore, to select a type of algorithm or, moreover, to
select the best-performing variant of an algorithm, various
hyper-parameter selection techniques are used to generate
distinct sets of hyper-parameter values. Non-limiting
examples of hyper-parameter value selection techniques
include a Bayesian optimization such as a Gaussian process
for hyper-parameter value selection, a random search, a
gradient-based search, a grid search, hand-tuning tech-
niques, a tree-structured Parzen Estimators (TPE) based
technique.

With distinct sets of hyper-parameters values selected
based on one or more of these techniques, each machine
learning algorithm variant is trained on a training data set. A
test data set is used as an input to the trained model for
calculating the predicted result values. The predicted result
values are compared with the corresponding label values to
determine the performance score. The performance score
may be computed based on calculating the error rate of
predicted results in relation to the corresponding labels. For
example, in a categorical domain, if out of 10,000 inputs to
the model, only 9,000 matched the labels for the inputs, then
the performance score is computed to be 90%. In non-
categorical domains, the performance score may be further
based on a statistical aggregation of the difference between
the label value and the predicted result value.

The term “trial” refers herein to the training of a machine
learning algorithm using a distinct set of hyper-parameter
values and testing the machine learning algorithm using at
least one test data set. In an implementation, cross-validation
techniques, such as k-fold cross-validation, are used to
create many pairs of training and test datasets from an
original training data set. Each pair of data sets together
contains the original training data set, but the pairs partition
the original data set in different ways between a training data
set and a test data set. For each pair of data sets, the training
data set is used to train a model based on the selected set of
hyperparameters, and the corresponding test data set is used
for calculating the predicted result values with the trained
model. Based on inputting the test data set to the trained
machine learning model, the performance score for the pair
(or fold) is calculated. If there is more than one pair (i.e.,
fold), then the performance scores are statistically aggre-
gated (e.g., average, mean, min, max) to yield a final
performance score for the variant of the machine learning
algorithm.

Each trial is computationally very expensive, as it
includes multiple training iterations for a variant of the
machine algorithm to generate the performance score for
one distinct set of hyper-parameter values of the machine
learning algorithm. Accordingly, reducing the number of
trials can dramatically reduce the necessary computational
resources (e.g., processor time and cycles) for tuning.

Furthermore, since the performance scores are generated
to select the most accurate algorithm variant, the more
precise the performing score itself is, the more precise the
generated model’s prediction relative accuracy is compared
to other variants. Indeed, once the machine learning algo-
rithm and its hyper-parameter value-based variant are
selected, a machine model is trained by applying the algo-
rithm variant to the full training data set using the techniques
discussed above. This generated machine-learning model is
expected to predict the outcome with more accuracy than the
machine-learning models of any other variant of the algo-
rithm.

The precision of the performance score itself depends on
how much computational resources are spent on tuning
hyper-parameters for an algorithm. Computational resources
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can be wasted on testing sets of hyper-parameter values that
cannot yield the desired accuracy of the eventual model.

Similarly, less (or no) computational resources may be
spent on tuning those hyper-parameters for a type of algo-
rithm that is most likely to be less accurate than another type
of algorithm. Accordingly, the number of trials may be
reduced or eliminated for hyper-parameters of discounted
algorithms, thus substantially increasing the performance of
the computer system.

Software Overview

FIG. 8 is a block diagram of a basic software system 800
that may be employed for controlling the operation of
computing system 900 of FIG. 9. Software system 800 and
its components, including their connections, relationships,
and functions, are meant to be exemplary only, and not
meant to limit implementations of the example embodiment
(s). Other software systems suitable for implementing the
example embodiment(s) may have different components,
including components with different connections, relation-
ships, and functions.

Software system 800 is provided for directing the opera-
tion of computing system 900. Software system 800, which
may be stored in system memory (RAM) 906 and on fixed
storage (e.g., hard disk or flash memory) 910, includes a
kernel or operating system (OS) 810.

The OS 810 manages low-level aspects of computer
operation, including managing execution of processes,
memory allocation, file input and output (I/O), and device
1/0. One or more application programs represented as 802A,
802B, 802C . . . 802N, may be “loaded” (e.g., transferred
from fixed storage 910 into memory 906) for execution by
the system 800. The applications or other software intended
for use on computer system 900 may also be stored as a set
of downloadable computer-executable instructions, for
example, for downloading and installation from an Internet
location (e.g., a Web server, an app store, or another online
service).

Software system 800 includes a graphical user interface
(GUI) 815, for receiving user commands and data in a
graphical (e.g., “point-and-click” or “touch gesture”) fash-
ion. These inputs, in turn, may be acted upon by the system
800 in accordance with instructions from operating system
810 and/or application(s) 802. The GUI 815 also serves to
display the results of operation from the OS 810 and
application(s) 802, whereupon the user may supply addi-
tional inputs or terminate the session (e.g., log off).

OS 810 can execute directly on the bare hardware 820
(e.g., processor(s) 904) of computer system 900. Alterna-
tively, a hypervisor or virtual machine monitor (VMM) 830
may be interposed between the bare hardware 820 and the
OS 810. In this configuration, VMM 830 acts as a software
“cushion” or virtualization layer between the OS 810 and the
bare hardware 820 of the computer system 900.

VMM 830 instantiates and runs one or more virtual
machine instances (“guest machines™). Each guest machine
comprises a “guest” operating system, such as OS 810, and
one or more applications, such as application(s) 802,
designed to execute on the guest operating system. The
VMM 830 presents the guest operating systems with a
virtual operating platform and manages the execution of the
guest operating systems.

In some instances, the VMM 830 may allow a guest
operating system to run as if it is running on the bare
hardware 820 of computer system 900 directly. In these
instances, the same version of the guest operating system
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configured to execute on the bare hardware 820 directly may
also execute on VMM 830 without modification or recon-
figuration. In other words, VMM 830 may provide full
hardware and CPU virtualization to a guest operating system
in some instances.

In other instances, a guest operating system may be
specially designed or configured to execute on VMM 830 for
efficiency. In these instances, the guest operating system is
“aware” that it executes on a virtual machine monitor. In
other words, VMM 830 may provide para-virtualization to a
guest operating system in some instances.

A computer system process comprises an allotment of
hardware processor time, and an allotment of memory
(physical and/or virtual), the allotment of memory being for
storing instructions executed by the hardware processor, for
storing data generated by the hardware processor executing
the instructions, and/or for storing the hardware processor
state (e.g. content of registers) between allotments of the
hardware processor time when the computer system process
is not running. Computer system processes run under the
control of an operating system and may run under the control
of other programs being executed on the computer system.

Multiple threads may run within a process. Each thread
also comprises an allotment of hardware processing time but
share access to the memory allotted to the process. The
memory is used to store the content of processors between
the allotments when the thread is not running. The term
thread may also be used to refer to a computer system
process in multiple threads that are not running.

Cloud Computing

The term “cloud computing” is generally used herein to
describe a computing model which enables on-demand
access to a shared pool of computing resources, such as
computer networks, servers, software applications, and ser-
vices, and which allows for rapid provisioning and release of
resources with minimal management effort or service pro-
vider interaction.

A cloud computing environment (sometimes referred to as
a cloud environment, or a cloud) can be implemented in a
variety of different ways to best suit different requirements.
For example, in a public cloud environment, the underlying
computing infrastructure is owned by an organization that
makes its cloud services available to other organizations or
to the general public. In contrast, a private cloud environ-
ment is generally intended solely for use by or within a
single organization. A community cloud is intended to be
shared by several organizations within a community; while
a hybrid cloud comprises two or more types of cloud (e.g.,
private, community, or public) that are bound together by
data and application portability.

Generally, a cloud computing model enables some of
those responsibilities which previously may have been pro-
vided by an organization’s own information technology
department, to instead be delivered as service layers within
a cloud environment, for use by consumers (either within or
external to the organization, according to the cloud’s public/
private nature). Depending on the particular implementa-
tion, the precise definition of components or features pro-
vided by or within each cloud service layer can vary, but
common examples include: Software as a Service (SaaS), in
which consumers use software applications that are running
upon a cloud infrastructure, while a SaaS provider manages
or controls the underlying cloud infrastructure and applica-
tions. Platform as a Service (PaaS), in which consumers can
use software programming languages and development tools
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supported by a PaaS provider to develop, deploy, and
otherwise control their own applications, while the PaaS
provider manages or controls other aspects of the cloud
environment (i.e., everything below the run-time execution
environment). Infrastructure as a Service (IaaS), in which
consumers can deploy and run arbitrary software applica-
tions, and/or provision processing, storage, networks, and
other fundamental computing resources, while an IaaS pro-
vider manages or controls the underlying physical cloud
infrastructure (i.e., everything below the operating system
layer).

The above-described basic computer hardware and soft-
ware and cloud computing environment presented for the
purpose of illustrating the basic underlying computer com-
ponents that may be employed for implementing the
example embodiment(s). The example embodiment(s), how-
ever, are not necessarily limited to any particular computing
environment or computing device configuration. Instead, the
example embodiment(s) may be implemented in any type of
system architecture or processing environment that one
skilled in the art, in light of this disclosure, would under-
stand as capable of supporting the features and functions of
the example embodiment(s) presented herein.

Hardware Overview

According to one embodiment, the techniques described
herein are implemented by one or more special-purpose
computing devices. The special-purpose computing devices
may be hard-wired to perform the techniques, or may
include digital electronic devices such as one or more
application-specific integrated circuits (ASICs) or field-
programmable gate arrays (FPGAs) that are persistently
programmed to perform the techniques, or may include one
or more general-purpose hardware processors programmed
to perform the techniques pursuant to program instructions
in firmware, memory, other storage, or a combination. Such
special-purpose computing devices may also combine cus-
tom hard-wired logic, ASICs, or FPGAs with custom pro-
gramming to accomplish the techniques. The special-pur-
pose computing devices may be desktop computer systems,
portable computer systems, handheld devices, networking
devices or any other device that incorporates hard-wired
and/or program logic to implement the techniques.

For example, FIG. 9 is a block diagram that illustrates a
computer system 900 upon which an embodiment of the
invention may be implemented. Computer system 900
includes a bus 902 or other communication mechanism for
communicating information, and a hardware processor 904
coupled with bus 902 for processing information. Hardware
processor 904 may be, for example, a general-purpose
MiCroprocessor.

Computer system 900 also includes a main memory 906,
such as a random access memory (RAM) or another
dynamic storage device, coupled to bus 902 for storing
information and instructions to be executed by processor
904. Main memory 906 also may be used for storing
temporary variables or other intermediate information dur-
ing execution of instructions to be executed by processor
904. Such instructions, when stored in non-transitory storage
media accessible to processor 904, render computer system
900 into a special-purpose machine that is customized to
perform the operations specified in the instructions.

Computer system 900 further includes a read-only
memory (ROM) 908 or other static storage device coupled
to bus 902 for storing static information and instructions for
processor 904. A storage device 910, such as a magnetic disk
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or optical disk, is provided and coupled to bus 902 for
storing information and instructions.

Computer system 900 may be coupled via bus 902 to a
display 912, such as a cathode ray tube (CRT), for displaying
information to a computer user. An input device 914, includ-
ing alphanumeric and other keys, is coupled to bus 902 for
communicating information and command selections to
processor 904. Another type of user input device is cursor
control 916, such as a mouse, a trackball, or cursor direction
keys for communicating direction information and com-
mand selections to processor 904 and for controlling cursor
movement on display 912. This input device typically has
two degrees of freedom in two axes, a first axis (e.g., x) and
a second axis (e.g., y), that allows the device to specify
positions in a plane.

Computer system 900 may implement the techniques
described herein using customized hard-wired logic, one or
more ASICs or FPGAs, firmware and/or program logic
which in combination with the computer system causes or
programs computer system 900 to be a special-purpose
machine. According to one embodiment, the techniques
herein are performed by computer system 900 in response to
processor 904 executing one or more sequences of one or
more instructions contained in main memory 906. Such
instructions may be read into main memory 906 from
another storage medium, such as storage device 910. Execu-
tion of the sequences of instructions contained in main
memory 906 causes processor 904 to perform the process
steps described herein. In alternative embodiments, hard-
wired circuitry may be used in place of or in combination
with software instructions.

The term “storage media” as used herein refers to any
non-transitory media that store data and/or instructions that
cause a machine to operation in a specific fashion. Such
storage media may comprise non-volatile media and/or
volatile media. Non-volatile media includes, for example,
optical or magnetic disks, such as storage device 910.
Volatile media includes dynamic memory, such as main
memory 906. Common forms of storage media include, for
example, a floppy disk, a flexible disk, hard disk, solid-state
drive, magnetic tape, or any other magnetic data storage
medium, a CD-ROM, any other optical data storage
medium, any physical medium with patterns of holes, a
RAM, a PROM, and EPROM, a FLASH-EPROM,
NVRAM, any other memory chip or cartridge.

Storage media is distinct from but may be used in con-
junction with transmission media. Transmission media par-
ticipates in transferring information between storage media.
For example, transmission media includes coaxial cables,
copper wire, and fiber optics, including the wires that
comprise bus 902. Transmission media can also take the
form of acoustic or light waves, such as those generated
during radio-wave and infra-red data communications.

Various forms of media may be involved in carrying one
or more sequences of one or more instructions to processor
904 for execution. For example, the instructions may ini-
tially be carried on a magnetic disk or solid-state drive of a
remote computer. The remote computer can load the instruc-
tions into its dynamic memory and send the instructions over
a telephone line using a modem. A modem local to computer
system 900 can receive the data on the telephone line and
use an infra-red transmitter to convert the data to an infra-red
signal. An infra-red detector can receive the data carried in
the infra-red signal, and appropriate circuitry can place the
data on bus 902. Bus 902 carries the data to main memory
906, from which processor 904 retrieves and executes the
instructions. The instructions received by main memory 906
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may optionally be stored on storage device 910 either before
or after execution by processor 904.

Computer system 900 also includes a communication
interface 918 coupled to bus 902. Communication interface
918 provides a two-way data communication coupling to a
network link 920 that is connected to a local network 922.
For example, communication interface 918 may be an
integrated services digital network (ISDN) card, cable
modem, satellite modem, or a modem to provide a data
communication connection to a corresponding type of tele-
phone line. As another example, communication interface
918 may be a local area network (LAN) card to provide a
data communication connection to a compatible LAN. Wire-
less links may also be implemented. In any such implemen-
tation, communication interface 918 sends and receives
electrical, electromagnetic, or optical signals that carry
digital data streams representing various types of informa-
tion.

Network link 920 typically provides data communication
through one or more networks to other data devices. For
example, network link 920 may provide a connection
through local network 922 to a host computer 924 or to data
equipment operated by an Internet Service Provider (ISP)
926. ISP 926, in turn, provides data communication services
through the world wide packet data communication network
now commonly referred to as the “Internet” 928. Local
network 922 and Internet 928 both use electrical, electro-
magnetic or optical signals that carry digital data streams.
The signals through the various networks and the signals on
network link 920 and through communication interface 918,
which carry the digital data to and from computer system
900, are example forms of transmission media.

Computer system 900 can send messages and receive
data, including program code, through the network(s), net-
work link 920 and communication interface 918. In the
Internet example, a server 930 might transmit a requested
code for an application program through Internet 928, ISP
926, local network 922 and communication interface 918.

The received code may be executed by processor 904 as
it is received, and/or stored in storage device 910 or other
non-volatile storage for later execution.

Computing Nodes and Clusters

A computing node is a combination of one or more
hardware processors that each share access to a byte-ad-
dressable memory. Each hardware processor is electroni-
cally coupled to registers on the same chip of the hardware
processor and is capable of executing an instruction that
references a memory address in the addressable memory,
and that causes the hardware processor to load data at that
memory address into any of the registers. In addition, a
hardware processor may have access to its separate exclu-
sive memory that is not accessible to other processors. The
one or more hardware processors may be running under the
control of the same operating system

A hardware processor may comprise multiple core pro-
cessors on the same chip, each core processor (“core”) being
capable of separately executing a machine code instruction
within the same clock cycles as another of the multiple
cores. Each core processor may be electronically coupled to
connect to a scratchpad memory that cannot be accessed by
any other core processor of the multiple core processors.

A cluster comprises computing nodes that each commu-
nicate with each other via a network. Each node in a cluster
may be coupled to a network card or a network-integrated
circuit on the same board of the computing node. Network
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communication between any two nodes occurs via the
network card or network integrated circuit on one of the
nodes and a network card or network integrated circuit of
another of the nodes. The network may be configured to
support remote direct memory access.

In the foregoing specification, embodiments of the inven-
tion have been described with reference to numerous spe-
cific details that may vary from implementation to imple-
mentation. The specification and drawings are, accordingly,
to be regarded in an illustrative rather than a restrictive
sense. The sole and exclusive indicator of the scope of the
invention, and what is intended by the applicants to be the
scope of the invention, is the literal and equivalent scope of
the set of claims that issue from this application, in the
specific form in which such claims issue, including any
subsequent correction.

What is claimed is:

1. A computer-implemented method comprising:

training a first machine learning algorithm to generate a
first machine learning model including a first plurality
of parameters of the first machine learning model, at
least by:
providing first training input speech data in an original

form to the first machine learning model to generate

a first predicted speech-related data set in a particular

form;

based at least in part on the first training input speech
data, generating the first predicted speech-related
data set in the particular form by the first machine
learning model;

wherein each frame of the first predicted speech-related
data set is based at least in part, on a) a corresponding

frame in the first training input speech data and b) a

plurality of frames that are temporally subsequent to

the corresponding frame in the first training input
speech data;
training second machine learning algorithm to generate a

second machine learning model, at least by:

providing second training input speech data in the
original form to the second machine learning model
to generate a second predicted speech-related data
set in the particular form;

based at least in part on the second training input
speech data, generating the second predicted speech-
related data set in the particular form by the second
machine learning model;

determining one or more loss functions of the second
machine learning model at least by:

a) comparing the second predicted speech-related
data set in the particular form with target speech-
related data set in the particular form correspond-
ing to the second training input speech data in the
original form, and

b) comparing a subset of a second plurality of
parameters of the second machine learning model
with a corresponding subset of the first plurality of
parameters of the first machine learning model;

wherein the first machine learning model is trained to
generate a particular speech-related data set in the
particular form from particular input speech data in
the original form;

based on the one or more loss functions, adjusting the
second plurality of parameters of the second machine
learning algorithm that includes the subset of the
second plurality of parameters.

22
2. The method of claim 1,
wherein the second machine learning model is an encoder
machine learning model, and
wherein the particular form of the second predicted
speech-related data set is a content-based vector set of
form-agnostic data having a same content as the second
training input speech data.
3. The method of claim 1, wherein the second machine
learning model is an encoder machine learning model, and

% the method further comprising:
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providing real-time input speech data of the original form
to the second machine learning model, thereby, at least,
generating real-time output speech-related data set in
the particular form;

wherein the particular form of the real-time output

speech-related data is a content-based vector set of
form-agnostic data having a same content as the real-
time input speech data;

providing the real-time output speech-related data set in

the particular form to a decoder machine learning
model, thereby, at least, generating real-time output
speech data in a target form.

4. The method of claim 3, wherein the original form is a
non-native accented form of speech, and the target form is
a native accented form of speech.

5. The method of claim 3, wherein the original form is a
noisy form of speech, and the target form is a noiseless form
of speech.

6. The method of claim 3, wherein the original form is a
non-native accented form of speech, and the particular form
is a native accented form of speech.

7. The method of claim 3, wherein the original form is a
noisy form of speech, and the particular form is a noiseless
form of speech.

8. The method of claim 1,

wherein the first machine learning model and the second

machine learning model are neural networks having a
first set of layers and a second set of layers, respec-
tively;

wherein the first set of layers includes one or more

particular first layers having the corresponding subset
of the first plurality of parameters of the first machine
learning model;

wherein the one or more particular first layers correspond

to one or more particular second layers that include the
subset of the second plurality of parameters.

9. The method of claim 8, wherein the first set of layers
of the first machine learning model has a greater number of
layers than the second set of layers of the second machine
learning model.

10. The method of claim 8, wherein each layer of the one
or more particular first layers that corresponds to the one or
more particular second layers includes a greater number of
parameters than corresponding each layer of the one or more
particular second layers.

11. The method of claim 1,

wherein the first training input speech data is larger than

the second training input speech data.

12. A system comprising one or more processors and one
or more storage media storing one or more computer pro-
grams that include instructions, which, when executed by
the one or more processors, cause:

training a first machine learning algorithm to generate a

first machine learning model including a first plurality
of parameters of the first machine learning model, at
least by:
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providing first training input speech data in an original
form to the first machine learning model to generate

a first predicted speech-related data set in a particular

form;

based at least in part on the first training input speech
data, generating the first predicted speech-related
data set in the particular form by the first machine
learning model;

wherein each frame of the first predicted speech-related
data set is based at least in part, on a) a corresponding

frame in the first training input speech data and b) a

plurality of frames that are temporally subsequent to

the corresponding frame in the first training input
speech data;
training a second machine learning algorithm to generate

a second machine learning model, at least by:

providing second training input speech data in the
original form to the second machine learning model
to generate a second predicted speech-related data
set in the particular form;

based at least in part on the second training input
speech data, generating the second predicted speech-
related data set in the particular form by the second
machine learning model;

determining one or more loss functions of the second
machine learning model at least by:

a) comparing the second predicted speech-related
data set in the particular form with target speech-
related data set in the particular form correspond-
ing to the second training input speech data in the
original form, and

b) comparing a subset of a second plurality of
parameters of the second machine learning model
with a corresponding subset of the first plurality of
parameters of the first machine learning model;

wherein the first machine learning model is trained to
generate a particular speech-related data set in the
particular form from particular input speech data in
the original form;
based on the one or more loss functions, adjusting the
second plurality of parameters of the second machine
learning algorithm that includes the subset of the
second plurality of parameters.
13. The system of claim 12,
wherein the second machine learning model is an encoder
machine learning model, and
wherein the particular form of the second predicted
speech-related data set is a content-based vector set of
form-agnostic data having a same content as the second
training input speech data.
14. The system of claim 12, wherein the second machine
learning model is an encoder machine learning model, and
wherein the one or more programs include instructions,
which, when executed by the one or more processors, further
cause:
providing real-time input speech data of the original form
to the second machine learning model, thereby, at least,
generating real-time output speech-related data set in
the particular form;
wherein the particular form of the real-time output
speech-related data is a content-based vector set of
form-agnostic data having a same content as the real-
time input speech data;
providing the real-time output speech-related data set in
the particular form to a decoder machine learning
model, thereby, at least, generating real-time output
speech data in a target form.
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15. The system of claim 14, wherein the original form is
a non-native accented form of speech, and the target form is
a native accented form of speech.

16. The system of claim 14, wherein the original form is
a noisy form of speech, and the target form is a noiseless
form of speech.

17. The system of claim 12,

wherein the first machine learning model and the second

machine learning model are neural networks having a
first set of layers and a second set of layers, respec-
tively;

wherein the first set of layers includes one or more

particular first layers having the corresponding subset
of the first plurality of parameters of the first machine
learning model;

wherein the one or more particular first layers correspond

to one or more particular second layers that include the
subset of the second plurality of parameters.

18. The system of claim 12,

wherein the first training input speech data is larger than

the second training input speech data.

19. One or more non-transitory computer-readable media
storing a set of instructions, wherein the set of instructions
includes instructions, which, when executed by one or more
hardware processors, cause:

training a first machine learning algorithm to generate a

first machine learning model including a first plurality

of parameters of the first machine learning model, at

least by:

providing first training input speech data in an original
form to the first machine learning model to generate
a first predicted speech-related data set in a particular
form;

based at least in part on the first training input speech
data, generating the first predicted speech-related
data set in the particular form by the first machine
learning model;

wherein each frame of the first predicted speech-related
data set is based at least in part, on a) a corresponding
frame in the first training input speech data and b) a
plurality of frames that are temporally subsequent to
the corresponding frame in the first training input
speech data;

training a second machine learning algorithm to generate

a second machine learning model, at least by:

providing second training input speech data in the
original form to the second machine learning model
to generate a second predicted speech-related data
set in the particular form;

based at least in part on the second training input
speech data, generating the second predicted speech-
related data set in the particular form by the second
machine learning model;

determining one or more loss functions of the second
machine learning model at least by:

a) comparing the second predicted speech-related
data set in the particular form with target speech-
related data set in the particular form correspond-
ing to the second training input speech data in the
original form, and

b) comparing a subset of a second plurality of
parameters of the second machine learning model
with a corresponding subset of the first plurality of
parameters of the first machine learning model;

Page 23 of 24



US 12,223,979 Bl
25

wherein the first machine learning model is trained to
generate a particular speech-related data set in the
particular form from particular input speech data in
the original form;

based on the one or more loss functions, adjusting the 5
second plurality of parameters of the second machine
learning algorithm that includes the subset of the
second plurality of parameters.

20. The non-transitory computer-readable media of claim
19, wherein the second machine learning model is an 10
encoder machine learning model, and wherein the set of
instructions includes instructions, which, when executed by
the one or more hardware processors, further cause:

providing real-time input speech data of the original form

to the second machine learning model, thereby, at least, 15

generating real-time output speech-related data set in

the particular form;

wherein the particular form of the real-time output
speech-related data is a content-based vector set of
form-agnostic data having a same content as the 20
real-time input speech data;

providing the real-time output speech-related data set in
the particular form to a decoder machine learning
model, thereby, at least, generating real-time output
speech data in a target form. 25
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