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(57) Abstract: A system and method of speech modification may include: receiving a recorded speech, comprising one or more
phonemes uttered by a speaker, segmenting the recorded speech to one or more phoneme segments (PS), each representing an uttered
phoneme; selecting a phoneme segment (PSk) of the one or more phoneme segments (PS); extracting a portion of the recorded speech,
said portion corresponding to a first timeframe (7) that comprises the selected phoneme segment; receiving a representation (P « ) of a
phoneme of interest P*; and applying a machine learning (ML) model on (a) the extracted portion of the recorded speech and (b) on the
representation (P = ) of the phoneme of interest P*, to generate a modified version of the extracted portion of recorded speech, wherein
the phoneme of interest (P*) substitutes the selected phoneme segment (PSk).
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MA CHINE-LEARNING-BASED SPEECH PRODUCTION CORRECTION

CROSS-REFERENCE TO RELATED APPLICATIONS

[0001] This application claims the benefit of priority of U.S. Patent Application No.
63/146,782, filed February 8, 2021, and entitled: “MACHINE-LEARNING-BASED
SPEECH PRODUCTION CORRECTION?”, the contents of which are incorporated herein

by reference in their entirety.

FIELD OF THE INVENTION

[0002] The invention relates to the field of speech analysis. More specifically, the present

invention relates to systems and methods of modifying speech.

BACKGROUND

[0003] The term “phoneme” may be used herein to refer to individual units of sound that

make up words of a spoken language.

[0004] Speech sound disorder (SSD) is a communication disorder in which speakers,
particularly young children, have persistent difficulty pronouncing words or sounds
correctly. Speech sound production describes the clear articulation of the phonemes
(individual sounds) that make up spoken words. Speech sound production requires both the
phonological knowledge of speech sounds and the ability to coordinate the jaw, tongue, and
lips with breathing and vocalizing to produce speech sounds. By the age of four, most
children can correctly pronounce almost all speech sounds. A speaker who does not
pronounce the sounds as expected may have a speech sound disorder that may include
difficulty with the phonological knowledge of speech sounds or the ability to coordinate the

movements necessary for speech.

[0005] These communication difficulties can result in a limited ability to participate in
social, academic, or occupational environments effectively. Overall, 2.3% to 24.6% of

school-aged children were estimated to have speech delay or speech sound disorders.

IPR2026-00273
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[0006] The foregoing examples of the related art and limitations related therewith are
intended to be illustrative and not exclusive. Other limitations of the related art will become
apparent to those of skill in the art upon a reading of the specification and a study of the

figures.

SUMMARY

[0007] The following embodiments and aspects thereof are described and illustrated in
conjunction with systems, tools and methods which are meant to be exemplary and

illustrative, not limiting in scope.

[0008] In one embodiment, provided herein is a method comprising: receiving a recording
of a word, words, a stream of words, and/or an utterance by a speaker, wherein the word,
the words, the stream of words, and/or the utterance comprises at least one phoneme of
interest, and wherein the at least one phoneme of interest is pronounced incorrectly by the
speaker; extracting, from the recording, a segment comprising the phoneme of interest and
neighboring phonemes; at a training stage, training a machine learning model on the
extracted segment, to learn a feature representation of the extracted segment; and at an
inference stage, applying the machine learning model to generate a modified version of the
segment, wherein the modified version comprises a corrected pronunciation of the phoneme
of interest, based on the learned feature representation and a known desired pronunciation

of the phoneme of interest.

[0009] In one embodiment, further provided herein that the generated modified version

retains voice characteristics of the speaker.

[0010] In one embodiment, further provided herein replacing, in the recording, the
extracted segment with the modified version of the segment, to generate a modified

recording.

[0011] In one embodiment, further provided herein that the machine learning model
comprises a neural network comprising an encoder-decoder architecture, and wherein the

neural network is configured to recover vocal data associated with a speech segment.

IPR2026-00273
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[0012] Inone embodiment, further provided herein that the machine learning model further
comprises a classifier configured to predict a similarity between the modified version of the

phoneme of interest and the desired pronunciation of the phoneme of interest.

[0013] Inone embodiment, further provided herein that the machine learning model further
comprises a Siamese neural network configured to evaluate a similarity between the
modified version of the phoneme of interest and the desired pronunciation of the phoneme

of interest, based, at least in part, on acoustic embedding.

[0014] In one embodiment, further provided herein synthesizing an audio presentation of

the modified version.

[0015] In one embodiment, further provided herein presenting the audio presentation

modified recording to the speaker.

[0016] In addition to the exemplary aspects and embodiments described above, further
aspects and embodiments will become apparent by reference to the figures and by study of

the following detailed description.

[0017] Embodiments of the invention may include a method of speech modification by at

least one processor.

[0018] According to some embodiments, the at least one processor may be configured to:
receive a recorded speech, may include one or more phonemes uttered by a speaker;
segment the recorded speech to one or more phoneme segments (PS), each representing an
uttered phoneme; select a phoneme segment (PSk) of the one or more phoneme segments
(PS); extract a first portion of the recorded speech, said first portion corresponding to a first
timeframe (T) that includes or envelops the selected phoneme segment; receive a
representation (P *) of a phoneme of interest P*; and apply a machine learning (ML) model
on (a) the first portion of the recorded speech and (b) on the representation (I?:k) of the
phoneme of interest P*, to generate a modified version of the first portion of recorded

speech, where the phoneme of interest (P*) substitutes the selected phoneme segment (PSk).

[0019] According to some embodiments, the at least one processor may receive or obtain
the representation of the phoneme of interest by calculating an embedding (PE*) such as an

embedding vector of the phoneme of interest (P*).

IPR2026-00273
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[0020] Additionally or alternatively, the at least one processor may analyze the one or more

phoneme segments (PS) to generate corresponding phoneme embeddings (PE).

[0021] Additionally or alternatively, the at least one processor may select a phoneme
segment (PSk) of the one or more phoneme segments by identifying a phoneme segment

(PSk) that may include a mispronounced version (P”) of the phoneme of interest (P*).

[0022] Additionally or alternatively, the at least one processor may identify the phoneme
segment of the mispronounced version (P’) by: comparing the generated phoneme
embedding (PE) of the mispronounced version (P’) with the embedding (PE*) of the
phoneme of interest (P*); and identifying the phoneme segment (PSk) of the mispronounced

version based on said comparison.

[0023] According to some embodiments of the invention, the at least one processor may
be configured to calculate a feature vector representation (X) of the recorded speech,
defining voice characteristics of the speaker. The at least one processor may, extract the first
portion of the recorded speech by extracting a section (XT) of the feature vector

representation (X), corresponding to the first timeframe ('f’).

[0024] According to some embodiments of the invention, the at least one processor may
apply a mask (M) on extracted section (XT), to create a masked version (M 7~") of the
extracted section (X T’), wherein a second timeframe (T), defined by borders of the selected

phoneme segment (PSk) is masked out.

[0025] Additionally or alternatively, the at least one processor may apply the ML model
on the first portion of the recorded speech by applying the ML model on the masked version
(M 'T') of the extracted segment (XT"). The at least one processor may generate the modified
version of the first portion of recorded speech by generating, by the ML model, a feature
vector representation (¥) that is a modified version of extracted segment (XT), such that

feature vector representation (¥) retains the voice characteristics of the speaker.

[0026] Additionally or alternatively, the at least one processor may apply a vocoder
module on the feature vector representation (X) and/or feature vector representation (17), to
produce a modified version of the received recorded speech, where the phoneme of interest

(P*) substitutes or replaces the selected phoneme segment (PSk).

4
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[0027] Additionally or alternatively, the at least one processor may be configured to:
calculate a first distance metric, representing a difference between feature vector
representation (17) and the extracted section (X T‘) in the second timeframe (T); calculate a
weighted loss function based on the first distance metric; and train the ML model to generate
the modified version of the first portion of recorded speech by minimizing a value of the

weighted loss function.

[0028] Additionally or alternatively, the at least one processor may be configured to
calculate a second distance metric, representing a difference between feature vector
representation (17) and the extracted section (X 7~1) of feature vector representation (X) in the
first timeframe (T"), excluding the second timeframe (T); and calculate the weighted loss

function further based on the second distance metric.

[0029] Additionally or alternatively, the at least one processor may be configured to
generate a set (SY) of feature vector representations (¥), each originating from a respective
predefined phoneme q*, other than the phoneme of interest p*; calculate a third distance
metric, representing a difference between the set (SY) of feature vector representations
(¥) and the extracted section (X 'T'); and calculate the weighted loss function further based

on the third distance metric.

[0030] Additionally or alternatively, the at least one processor may be configured to
segment the feature vector representation (¥) to one or more phoneme segments (PSy);
analyze the one or more phoneme segments (PSy) to generate corresponding phoneme
embeddings (PEy); calculate a cosine distance between one or more phoneme embeddings
(PEy) of feature vector representation (}N’) and one or more phoneme embeddings (PE)
corresponding to extracted section (X T‘); and calculate the weighted loss function further

based on the cosine distance.

[0031] Additionally or alternatively, during a training stage, the recorded speech may
include a desired pronunciation of the phoneme of interest P*. In such embodiments, the at
least one processor may be configured to omit a second timeframe (T) representing
utterance of the desired pronunciation of the phoneme of interest P* from the first portion

of recorded speech, so as to create a masked version of the first portion of recorded speech;

IPR2026-00273
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and train the ML model to reconstruct the first portion of recorded speech from the masked

version of the first portion of the recorded speech.

[0032] Additionally or alternatively, during a training stage, the at least one processor may
be configured to calculate a loss function value, representing a difference between (a) the
modified version of the first portion of recorded speech and (b) the first portion of the
recorded speech; and train the ML model to reconstruct the first portion of recorded speech
from the masked version of the first portion of the recorded speech, based on the calculated

loss function value.

[0033] According to some embodiments, the ML model may further include a Siamese
neural network, configured to evaluate a similarity between said modified version of said
phoneme of interest and said desired pronunciation of said phoneme of interest, based, at

least in part, on acoustic embedding.

[0034] Additionally or alternatively, the at least one processor may be configured to
synthesize an audio presentation of said modified version; and present the audio

presentation modified recording to said speaker.

[0035] Additionally or alternatively, the at least one processor may be configured to define,
or receive (e.g., via a user interface) a definition of a treatment protocol that may represent
a course of speech therapy. The treatment protocol may include, for example one or more
phonemes of interest. The at least one processor may prompt the speaker pronounce the one
or more phonemes of interest, resulting in the received recorded speech. Subsequently, the
at least one processor may be configured to play the recorded speech data element and/or
the modified version of the recorded speech to the speaker as feedback, thus allowing the

speaker to improve their pronunciation the phonemes of interest P*.

[0036] Additionally or alternatively, the at least one processor may be configured to
calculate a metric of the speaker’s progress, and alter or modify the treatment protocol based

on the calculated progress metric.

[0037] Embodiments of the invention may include a system for speech modification.
Embodiments of the system may include: a non-transitory memory device, wherein modules
of instruction code are stored, and at least one processor associated with the memory device,
and configured to execute the modules of instruction code.

6
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[0038] Upon execution of the modules of instruction code, the at least one processor may
be configured to: receive a recorded speech, that may include one or more phonemes uttered
by a speaker; segment the recorded speech to one or more phoneme segments (PS), each
representing an uttered phoneme; select a phoneme segment (PSk) of the one or more
phoneme segments (PS); extract a first portion of the recorded speech, said first portion
corresponding to a first timeframe (T') that may include the selected phoneme segment;
receive a representation (P *) of a phoneme of interest P*; and apply a machine learning
(ML) model on (a) the first portion of the recorded speech and (b) on the representation
(P %) of the phoneme of interest P*, to generate a modified version of the first portion of
recorded speech, wherein the phoneme of interest (P*) substitutes the selected phoneme

segment (PSk).

BRIEF DESCRIPTION OF THE FIGURES

[0039] Exemplary embodiments are illustrated in referenced figures. Dimensions of
components and features shown in the figures are generally chosen for convenience and

clarity of presentation and are not necessarily shown to scale. The figures are listed below.

[0040] Fig. 1 is a block diagram depicting a computing device, which may be included
within an embodiment of a system for modification of speech, according to some

embodiments of the invention;

[0041] Fig. 2 is a block diagram of an exemplary system for a machine learning-based a
speech production correction stimuli for training patients suffering from speech disorders,

according to some embodiments of the present invention;

[0042] Fig. 3 is a flowchart depicting a machine learning-based speech production
correction method and stimuli for training patients suffering from speech disorders,

according to some embodiments of the present invention;

[0043] Fig. 4 illustrates a masking operation, according to some embodiments of the

present invention;

[0044] Fig. 5 schematically illustrates a dataflow of a machine learning model, according

to some embodiments of the present invention; and

IPR2026-00273
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[0045] Fig. 6 is a block diagram depicting an additional aspect of a system for modifying

speech, according to some embodiments of the present invention; and

[0046] Fig. 7 is a flow diagram depicting a method of modifying speech by at least one

processor, according to some embodiments of the present invention.

DETAILED DESCRIPTION

[0047] Disclosed herein are a system, method and computer program product which
provide for a machine learning-based speech production correction stimuli for training

patients suffering from speech disorders.

[0048] Reference is now made to Fig. 1, which is a block diagram depicting a computing
device, which may be included within an embodiment of a system for modification of

speech, according to some embodiments.

[0049] Computing device 1 may include a processor or controller 2 that may be, for
example, a central processing unit (CPU) processor, a chip or any suitable computing or
computational device, an operating system 3, a memory 4, executable code 5, a storage
system 6, input devices 7 and output devices 8. Processor 2 (or one or more controllers or
processors, possibly across multiple units or devices) may be configured to carry out
methods described herein, and/or to execute or act as the various modules, units, etc. More
than one computing device 1 may be included in, and one or more computing devices | may

act as the components of, a system according to embodiments of the invention.

[0050] Operating system 3 may be or may include any code segment (e.g., one similar to
executable code 5 described herein) designed and/or configured to perform tasks involving
coordination, scheduling, arbitration, supervising, controlling or otherwise managing
operation of computing device 1, for example, scheduling execution of software programs
or tasks or enabling software programs or other modules or units to communicate. Operating
system 3 may be a commercial operating system. It will be noted that an operating system
3 may be an optional component, e.g., in some embodiments, a system may include a

computing device that does not require or include an operating system 3.

[0051] Memory 4 may be or may include, for example, a Random-Access Memory

(RAM), a read only memory (ROM), a Dynamic RAM (DRAM), a Synchronous DRAM
8
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(SD-RAM), a double data rate (DDR) memory chip, a Flash memory, a volatile memory, a
non-volatile memory, a cache memory, a buffer, a short term memory unit, a long term
memory unit, or other suitable memory units or storage units. Memory 4 may be or may
include a plurality of possibly different memory units. Memory 4 may be a computer or
processor non-transitory readable medium, or a computer non-transitory storage medium,
e.g., a RAM. In one embodiment, a non-transitory storage medium such as memory 4, a
hard disk drive, another storage device, etc. may store instructions or code which when

executed by a processor may cause the processor to carry out methods as described herein.

[0052] Executable code 5 may be any executable code, e.g., an application, a program, a
process, task, or script. Executable code 5 may be executed by processor or controller 2
possibly under control of operating system 3. For example, executable code 5 may be an
application that may modify speech as further described herein. Although, for the sake of
clarity, a single item of executable code 5 is shown in Fig. 1, a system according to some
embodiments of the invention may include a plurality of executable code segments similar
to executable code 5 that may be loaded into memory 4 and cause processor 2 to carry out

methods described herein.

[0053] Storage system 6 may be or may include, for example, a flash memory as known
in the art, a memory that is internal to, or embedded in, a micro controller or chip as known
in the art, a hard disk drive, a CD-Recordable (CD-R) drive, a Blu-ray disk (BD), a universal
serial bus (USB) device or other suitable removable and/or fixed storage unit. Data
pertaining to speech modification may be stored in storage system 6 and may be loaded
from storage system 6 into memory 4 where it may be processed by processor or controller
2. In some embodiments, some of the components shown in Fig. 1 may be omitted. For
example, memory 4 may be a non-volatile memory having the storage capacity of storage
system 6. Accordingly, although shown as a separate component, storage system 6 may be

embedded or included in memory 4.

[0054] Input devices 7 may be or may include any suitable input devices, components, or
systems, e.g., a detachable keyboard or keypad, a mouse and the like. Output devices 8 may
include one or more (possibly detachable) displays or monitors, speakers and/or any other

suitable output devices. Any applicable input/output (I/O) devices may be connected to

IPR2026-00273
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Computing device 1 as shown by blocks 7 and 8. For example, a wired or wireless network
interface card (NIC), a universal serial bus (USB) device or external hard drive may be
included in input devices 7 and/or output devices 8. It will be recognized that any suitable
number of input devices 7 and output device 8§ may be operatively connected to Computing

device 1 as shown by blocks 7 and 8.

[0055] A system according to some embodiments of the invention may include
components such as, but not limited to, a plurality of central processing units (CPU) or any
other suitable multi-purpose or specific processors or controllers (e.g., similar to element
2), a plurality of input units, a plurality of output units, a plurality of memory units, and a

plurality of storage units.

[0056] A neural network (NN) or an artificial neural network (ANN), e.g., a neural
network implementing a machine learning (ML) or artificial intelligence (Al) function, may
refer to an information processing paradigm that may include nodes, referred to as neurons,
organized into layers, with links between the neurons. The links may transfer signals
between neurons and may be associated with weights. A NN may be configured or trained
for a specific task, e.g., pattern recognition or classification. Training a NN for the specific
task may involve adjusting these weights based on examples. Each neuron of an
intermediate or last layer may receive an input signal, e.g., a weighted sum of output signals
from other neurons, and may process the input signal using a linear or nonlinear function
(e.g., an activation function). The results of the input and intermediate layers may be
transferred to other neurons and the results of the output layer may be provided as the output
of the NN. Typically, the neurons and links within a NN are represented by mathematical
constructs, such as activation functions and matrices of data elements and weights. A
processor, e.g., CPUs or graphics processing units (GPUs), or a dedicated hardware device

may perform the relevant calculations.

[0057] In some embodiments, a speech production correction stimuli of the present
invention automatically generates a patient-specific presentation for a patient, which
provides a corrected and/or desired version of a misarticulated and/or mispronounced word,
words, stream of words and/or speech utterance, crucially using the speaker’s own voice

characteristics.

10
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[0058] In some embodiments, the present invention provides for real-time, automated re-
synthesis of a speaker’s speech, to correct misarticulation and/or mispronunciation of a
word, words, a stream of words and/or one or more utterances (e.g., one or more phonemes),
in a way which preserves characteristics of the original speech, including, but not limited

to, perceived speaker voice and identity, naturalness, intonation, and/or rhythm.

[0059] In some embodiments, the present invention provides for real-time, automated re-
synthesis of a speaker’s speech, to correct misarticulation and/or mispronunciation of any
one or more phonemes in the speech, which may comprise any one or more phoneme

classes, and is not limited to a specific class of phoneme.

[0060] Accordingly, in some embodiments, a speech production correction protocol of the
present invention may include receiving a recorded speech by a speaker, wherein the speech
may comprise incorrect pronunciation of one or more phonemes. In some embodiments, the
speech may be analyzed to generate a representation and/or embedding of voice
characteristics of the speaker. In some embodiments, the model representation and/or
embedding of the voice characteristics of the speaker may be used to automatically re-
synthesize a corrected version of one or more segments of the speech that includes incorrect
pronunciation. In some embodiments, the re-synthesized segments may be inserted within
the original speech, to produce a modified version of the original speech comprising
corrected pronunciation of the one or more phonemes which were mispronounced
originally. In some embodiments, the modified version of the speech may be presented to
the speaker promptly after recording the speech, to provided instantaneous feedback which

will encourage learning of a correct pronunciation of the one or more phonemes.

[0061] In some embodiments, the present invention provides for identifying a
misarticulated word, words, stream of words and/or utterance including a segment thereof
(e.g., a phoneme) in an input speech, and for replacing the misarticulated segment with a
new word, words, stream of words and/or speech utterance including a segment thereof,
wherein the new word, words, stream of words and/or speech utterance including a segment
thereof represents corrected and/or desired speech and is based on the input speech word,
words, stream of words and/or utterance, and wherein the new word, words, stream of words

and/or speech utterance including a segment thereof replaces the corresponding wrongly-
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pronounced input speech segment. In some embodiments, the replaced segment may be of

the same or a slightly different duration as the originally pronounced segment.

[0062] In some embodiments, a modified re-synthesized version of an original speech
constructed according to the present invention may be presented to the speaker during a
self-administered speech therapy session, using an interactive speech therapy system of the
present invention. In some embodiments, the modified re-synthesized version of the speech
generated according to the present invention may be presented to the speaker in a
presentation comprising audio and/or visual output. In some embodiments, the re-
synthesized version of the speech may be presented to the user by providing an avatar on a

display to communicate the training version of the speech.

[0063] By way of background, children generally acquire speech by comparing their own
speech production with reference to speech models in their environment. In the learning
process, children make articulatory adjustments to tweak their own speech production, to
match the reference models, and step by step, their speech approaches the norms of their
environment. Children with a phonological disorder (PD) have problems in speech
production. The problems are often systematic across the child’s speech and affect
phonological patterns rather than single speech sounds. For example, a child can display
patterns of devoicing of stops, velar fronting, or consonant cluster reductions. However, the
child’s phonological problems are rarely limited to the production of speech, but are often

accompanied by difficulties in perception.

[0064] One important factor accounting for the variation in the reported findings from
speech perception studies is the nature of the stimuli and to what extent they reflect the
children’s speech production deficits. For example, research suggests that children with
speech production deficits often have difficulties discriminating contrasts that they do not

display in their own speech.

[0065] Speakers, and particularly children, with speech sound disorder (SSD) are typically
referred to speech therapy, which usually takes around 15 weeks. At first, the clinician
works with the child on an auditory diagnosis for the distorted sounds at different levels (a
sound, a syllable, an expression, and a single word). Next, the work is focused on learning

the motor skills of sound production and on the articulator organs during the production,
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sometimes using visual feedback in addition to auditory feedback. Many research papers
show that the most critical part of the treatment is the feedback given to the patient, which

helps her or him to develop a correct model of pronunciation.

[0066] Because patients typically only see a therapist once a week, there is a critical lack
of supervised training. To compensate for this, many therapists give the child assignments
for practicing at home. To reach an effective treatment, the patient must practice 3-4 times
a day. In practice, children seldom adhere to this schedule. Furthermore, the assignments
usually consist of self-looking in a mirror or receiving feedback from a parent. A significant
problem with this method is, thus, that the feedback for these assignments is either non-
existent or unreliable, because, in some cases, the parents may suffer from a similar

untreated disorder.

[0067] Attempts to solve those problems with remote face-to-face sessions with therapists
have been tried but are very hard to maintain. Another approach is to use automatic speech
recognition systems (ASR) to detect the wrong pronunciation and give the patient feedback.
However, the performance of such systems on this task is insufficient. The feedback

provided by those systems is in the form of a grade of the quality of the production (i.e.,

99 ¢ 95 < 99 ¢

“excellent,” “good,” “medium,” “wrong”), but it lack proper guidance as to how to correctly
pronounce the word, or precisely the word should sound. On the technical side, the ASR-
based systems are trained on adult speakers rather than on children, and are also trained on
speakers with no background of any speech or hearing disorders. This limits their

performance on children with pronunciation disorders.

[0068] Accordingly, in some embodiments, the present invention provides for a speech
production correction protocol which automatically generates immediate and accurate
feedback to the patient. In some embodiments, the present invention modifies the wrongly-
pronounced speech with an automatically-generated version with the corrected
pronunciation, using the child’s own voice. This version may then be replayed following
and/or alongside the original version, to provide accurate guidance with respect to correct

pronunciation.

[0069] A potential advantage of the present invention is, therefore, in that it provides for

an automated speech production correction protocol which generates immediate, accurate
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feedback for training and guidance purposes. The present protocol may be implemented
remotely, for self-training and monitoring, using any desktop or portable computing device,
and thus may offer a simple, cost-effective solution for self-training with correct feedback
in the child’s own voice, without the need for in-person clinic visits or the continual

supervision of expert clinicians.

[0070] Fig. 2 is a block diagram of an exemplary system 10 for a machine learning-based
a speech production correction stimuli for training patients suffering from speech disorders,

according to some embodiments of the present invention.

[0071] System 10 as described herein is only an exemplary embodiment of the present
invention, and in practice may have more or fewer components than shown, may combine
two or more of the components, or a may have a different configuration or arrangement of
the components. The various components of system 10 may be implemented in hardware,
software or a combination of both hardware and software. In various embodiments, system
10 may comprise a dedicated hardware device, or may be implement as a hardware and/or

software module into an existing computing device, e.g., any desktop or hand-held device.

[0072] System 10 may comprise one or more hardware processors 1110, and a non-
transitory computer-readable storage medium 1118. Storage medium 1118 may have
encoded thereon software instructions or components configured to operate a processing
unit (also "hardware processor”, "CPU," or simply "processor"), such as hardware processor
1110. In some embodiments, the software components may include an operating system,
including various software components and/or drivers for controlling and managing general
system tasks (e.g., memory management, storage device control, power management, etc.),
and facilitating communication between various hardware and software components. In
some embodiments, the program instructions are segmented into one or more software
modules, which may comprise, e.g., a voice analysis module 1112, a voice modeling module

1114, a voice synthesis module 1116, and/or a user interface 1120.

[0073] In some embodiments, user interface 1120 comprises one or more of a display for
displaying images and videos, a control panel for controlling system, control means (e.g.,
keyboard, mouse, etc.), a speaker system for providing audio feedback, and/or an imaging

device. In some embodiments, user interface 1120 comprises a recording module which
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may be configured for digitally recording voice samples of subjects at, e.g., a range of

specified sampling rates and bit depths.

[0074] In some embodiments, system 10 comprises a software application which runs on
system 10 and is configured to implement therapy and/or training sessions of the present
invention. In some embodiments, the patient application drives the various input and output
modalities of system 10 during a patient therapy session. During such a session, the patient
application may present interactive audiovisual activities, which are intended to train the
patient to pronounce certain sounds, words, or phrases correctly. Instructions may be given
to the patient visually via a display and/or audibly via a speaker. A recording module may
capture the patient's speech and conveys the captured speech signals to the patient
application, which analyzes the sounds, words, and sentences to identify speech particles,
phonemes and words. The patient application determines the activities to present to the
patient, as well as the audio and visual content of each sequential step of those activities,
according to a protocol, typically set by one or more protocol scripts, which are typically
configured by a clinician. A protocol may be based on general and patient-specific clinical
guidelines and adapted to a given patient, as described further herein. Audio content may
include sounds, words and sentences presented. Visual content may include objects or text
that the patient is expected to visually or auditory recognize and to express verbally.
Activities are intended to integrate patient training into an attractive visual and audio
experience, which is also typically custom-designed according to a patient's specific

characteristics, such as age and interests.

[0075] Fig. 3 is a flowchart of the functional steps is a process for machine learning-based
a speech production correction stimuli for training patients suffering from speech disorders,

according to some embodiments of the present invention.

[0076] In some embodiments, at step 2200, the present invention provides for obtaining or
receiving an input word, words, stream of words and/or utterance generated, e.g., by
prompting a speaker, who potentially has a phonological speech disorder, to pronounce an
utterance, a word, words, and/or a stream of words comprising a sequence of phonemes. In
some embodiments, the speaker may be prompted to pronounce, e.g., a word or sequence

of words in which a known phoneme of interest, denoted p*, is to be pronounced. In some
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embodiments, the speaker may be prompted using, e.g., user interface 1120 of system 10 to
communicate to a user audio and/or visual prompts. In some embodiments, the word, words,
stream of words and/or utterance may be recorded using, e.g., a recording module of user

interface 1120.

[0077] In some embodiments, at step 2202 the received recorded speech may be analyzed,

e.g., using voice analysis module 1112 of system 10.

[0078] In some embodiments, the input recorded speech comprises a word sequence

denoted by w, and its corresponding phoneme sequence denoted as

ﬁ = (pl' "'!pK)a
where py is from the set of the phonemes of the language, P.

[0079] In some embodiments, p* denotes a phoneme of interest within the input speech
which is considered to be mispronounced by the speaker. As noted above, the speaker may

be prompted to pronounce a word (or sequence of words) in which the phoneme p* appears.

[0080] In some embodiments, the result of the phoneme segmentation operation may be a
phoneme sequence p = (py, ..., Px), Wherein the k-th phoneme in this sequence, p), may
be the mispronounced phoneme, e.g., p, = p*, and the first and the last phonemes represent

silence.

[0081] Insome embodiments, the input recorded speech may be segmented into phonemes,
e.g., using any suitable segmentation technique, e.g., forced-alignment. Thus, in some
embodiments, the input recorded speech X = (X4, ..., Xy) may be aligned according to the
canonical phoneme sequence P to get the alignment t = (ty, ..., tx) of the start time of each

phoneme.
[0082] Accordingly, in some embodiments, the speech may be denoted
x = (xl! ""xT)

where each x; € R? is a D-dimensional feature vector for 1<t <T. In some
embodiments, this feature vector may comprise or represent voice characteristics of the

speaker. For example, each feature vector x, may include or may represent voice
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characteristics such as frequency bins of the Mel-spectrum or mel-cepstrum of the recorded

speech of the speaker.

[0083] As known in the art, the term Mel-spectrum or mel-cepstrum may refer to a
representation of the short-term power spectrum of a sound, based on alinear cosine
transform of alog power spectrum on a nonlinear Mel scale of frequency. It may be
appreciated by a person skilled in the art that additional representations of voice

characteristics of the speaker may be used as well.

[0084] The duration of the word, words, stream of words and/or speech utterance, T, may
not fixed. In some embodiments, the portion of the word, words, stream of words and/or

speech utterance from time frame t; to time frame t, — 1 may be denoted by:

2 = (e 50,m1)

[0085] Thus, in some embodiments, at step 2202, the input speech may be segmented into
individual phonemes in the speech by t = (4, ..., tx), where 1 < t,, < T is the start time

(in number of frames) of the k-th phoneme p,.. In some embodiments, the speech segment

that is associated with the k-th phoneme py, is denoted as )_(?l:“.

[0086] In some embodiments, the method of the present invention may take the phoneme
boundaries of segment T into account, so as to create a smooth transition when replacing
the original speech portion T with a modified re-synthesized one. Accordingly, in some
embodiments, the present invention uses a duration T which is longer by a specified time
period, e.g., 30% or between 20-45%, from T. Accordingly, the speech segment

corresponding to the phoneme pj, with its neighborhood is denoted by

~ _ —tgp+T-7
Xk - th-‘t' ’

where 1 < 7 < T is selected to be T = T/2 whenever possible.

[0087] In some embodiments, at step 2204, a masking operation may be applied to the
segmented input recorded speech, to isolate a segment of interest comprising the k-th

phoneme pj, and its immediate vicinity.
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[0088] Thus, a binary masking vector of length T may be defined as mfi whose elements

are either 0 or 1. This vector is set to zeros for frames in the region [t;, t, — 1] and to ones

k+1

. - ~ t
otherwise. For exmaple, as can be seen in Fig. 4, m;, = m;

may be denoted to be the

mask vector of the k-th phoneme pj. Similarly, f)g may be defined as the phoneme
embedding sequence, where each of its elements is an embedding of the phoneme symbol
at the corresponding time frame. For the phoneme k, the embedding sequence is denoted as
P

[0089] In some embodiments, the result of the masking operation is a speech segment with

the mask applied to it, iy, © X;, where ( stands for the element-by-element product, and

a sequence of phoneme embedding of the same length py,.

[0090] Insome embodiments, at step 2206, a trained machine learning mode] of the present
invention may be applied to an input speech segment of length T as generated in step 2204.
In some embodiments, a machine learning model of the present invention may be trained to
generate an embedding vector for a sequence of speech features. In some embodiments, a
machine learning model of the present invention may be deployed using, e.g., voice

modeling module 1114 of system 10 in Fig. 2.

[0091] Fig. 5 schematically illustrates a dataflow of a machine learning model of the

present invention.

[0092] In some embodiments, the output of the machine learning model is a speech

segment of the same duration T.

[0093] The machine learning model’s output, ¥, = G(i, O X, P), may be a sequence
of vectors with the same representation as X, (e.g., Mel-spectrum bins), and with the same
duration as the input segment. Importantly, the machine learning model uses the portions of

the speech for which M;, equals one to recover the missing phoneme.

[0094] Accordingly, in some embodiments, a trained machine learning model of the
present invention may be trained to recover an acoustic signal spanned by a mispronounced
phoneme p; and its neighborhood, including, e.g., a preceding and subsequent phonemes.
In some embodiments, this approach retains as much of the original signal, and fills in any

‘missing’ phoneme, which is replaced with zeros using the mask operation fix. The model
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may be based on an encoder-decoder-like architecture. In some embodiments, the machine
learning model of the present invention provides for an encoder with a long-enough
receptive field configured to capture the contextual information of the phoneme’s vicinity,
and a decoder configured to accurately generate the missing phoneme while preserving its

surrounding voice signal.

[0095] In some embodiments, a machine learning model of the present invention may be
based on autoencoder neural networks which learn an efficient data coding in an
unsupervised manner. The aim of the autoencoders is to learn a representation (encoding)
for a set of data. Along with the reduction side, a reconstructing side is learnt, where the
autoencoder tries to generate from the reduced encoding a representation as close as possible
to its original input, wherein the learned representations of the input may assume useful
properties. In some embodiments, the autoencoders may be trained against an adversary

discriminative network.

[0096] In some embodiments, a machine learning model of the present invention may be
trained on unimpaired speech only, e.g., speech that represents accurate pronunciation only.
In some embodiments, a machine learning model of the present invention may be trained
on input speech comprising a masked segment which is the result of a masking operation as
described above, and corresponding to the phoneme py,, wherein the model may be trained

to recover this phoneme.

[0097] In some embodiments, a machine learning model of the present invention may be
trained to (i) recover a phoneme p, which is similar to the desired phoneme p* (which,
during training, represents the original phoneme prior to its masking); and (ii) retain the
original neighborhood of the phoneme. The first objective deals with the recovered
phoneme. The output of the machine learning model ¥, is a speech signal that spans in
duration the recovered phoneme as well as its environment. The span area of the recovered
phoneme is (1 — i) © ¥ and it should be similar to the original signal (1 — M) O ¥,.
Similarly, the second objective deals with the phoneme neighborhood, where the recovered
neighborhood iy, ( §; should be similar to the original environment My () ¥. In some
embodiments, the similarity may be determined using the £ loss function, and the overall

objective may be calculated as elaborated in Eq. 1, below:
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Eq.1

MLy (1 —1My) OFg, (1 —1My) ORy) + L (M O Fi, i O Xy)

[0098] In some embodiments, a machine learning model of the present invention may be
based on an architecture comprising a Convolutional Neural Network (CNN), e.g., a U-Net.
A U-Net consists of a contracting path and an expansive path, which gives it a u-shaped
architecture. In some embodiments, the structure of the network consists of convolutional
layers narrowing from the input size to a bottleneck (down-sampling) and then extending
back to the input size (up-sampling). The output of each layer in the down-sampling is fed
both to the next convolutional layer and to the corresponding layer in the up-sampling stage.
The correspondent connections help to use the contextual information. The down-sampling
uses a gradually growing receptive field, thus encoding the contextual information to

generate more adequately the desired output.

[0099] In some embodiments, a machine learning model of the present invention may
further provide for predicting whether a generated speech is associated with the target
desired phoneme p”*, rather than merely recovering a missing speech part. Accordingly, in
some embodiments, a training scheme for a machine learning model of the present invention
may provide for additional loss terms to the objective in Eq. (1) above. In some
embodiments, this additional loss term is minimized when the reconstructed speech is
acoustically associated with the desired phoneme p*. In some embodiments, the present
invention provides for training a classifier whose input is a word, words, a stream of words
and/or a speech utterance of T frames and its output is the phoneme that was pronounced in
this word, words, stream of words and/or utterance. The classifier is trained on annotated
speech data, where the objective is the cross entropy loss function. Accordingly, in some
embodiments, a machine learning model of the present invention may be configured to
predict whether a reconstructed phoneme is similar to the target phoneme p*. In some
embodiments, a machine learning model of the present invention may be further configured
to generate speech corresponding to any other phoneme q # p”, as elaborated in Eq. 2,
below:

Eq.2

ALE(C((1 = i) O F1) p*) + Ay Bgmpr LEC((L = Biy) © Gy O %o G1)) @)
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where {y, is the embedding of the phoneme symbols like P, with the difference of the k-th
phoneme, p* is replaced with q. and LCE is the cross-entropy loss. Note that during the

training of this model the classifier is not updated.

[0100] In some embodiments, a machine learning model of the present invention may
provide phoneme acoustic embedding in order to evaluate a generated phoneme. In some
embodiments, phoneme embedding may be based on the acoustic characteristic of each
phoneme. The acoustic phoneme embedding allows the model to measure whether two
acoustic inputs can be associated with the same phoneme or not. The phoneme acoustic
embedding is a function that gets as input a speech segment X of length T and returns a
vector of a fixed size L, where L is independent of the input length T. This allows to compare
two speech segments of different lengths. To achieve this goal, a Siamese structure model
may be trained with cosine similarity loss applied between the embedding vectors. The
Siamese net uses the same weights while working in tandem on two different input vectors

to compute comparable output vectors.

[0101] In some embodiments, a machine learning model of the present invention may be
trained to minimize a loss denoted as L%°%(Xy,X,), which represents the cosine distance
between two speech segments X; and X, with a different durations 7; and T,. This loss is

implemented using an acoustic phoneme embedding, as elaborated below in Eq. 3:

Eq.3
As L (p(FrP™) 1 Zpr) + 6L (p(G (g O Ky, Gik)> 9) 1 Zg)

where p(§, p) may be an operator that truncates its input to be the speech segment which

corresponds to (g, treq — 1),

and Z,, may be a randomly selected example of the phoneme p, that is, a speech segment of

phoneme p from the training set.

[0102] In practice, q is selected to be from the same phonemic class of p, e.g., if p is /r/

then g might another liquid phoneme (e.g., /w/ or /y/).

[0103] In some embodiments, a machine learning model of the present invention may be

described as in Eq. 4, below:
[0104]
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Eq.4

MLy + ALy + AsLES(G) + A,L°5(6)

[0105] In some embodiments, with continued reference to step 2206 in Fig. 3, a trained
machine learning model of the present invention may be inferenced on a target sample X,
to transform the target sample along with the desired phoneme p,. The output of the
inference stage may be given by G(fy; O ¥, Px)- In some embodiments, an output of a
trained machine learning model of the present invention comprises the spectrogram features
of the desired phoneme. In some embodiments, step 2206 utilizes a synthesized speech

portion of step 2208.

[0106] In some embodiments, at step 2208, an output of a machine learning model of the
present invention may be used to synthesize a speech portion comprising the phoneme of
interest p* and its surrounding. In some embodiments, at step 2208, an output of a machine
learning model of the present invention is used to synthesize a speech portion comprising
the phoneme learning model based identification of a segment of speech comprising a

phoneme of interest and its immediate vicinity (step 2204) as described hereinabove.

[0107] In some embodiments, a synthesized speech portion may be generated using, e.g.,
voice synthesis module 1116 of system 10 in Fig. 2. In some embodiments, the synthesized
generated speech may be used to generate a new speech utterance, word, words, stream of
words, and/or segment thereof, wherein the new speech utterance, word, words, stream of
words, and/or segment thereof represents corrected and/or desired speech. In some
embodiments, the new speech utterance segment, word, words, stream of words, and/or
segment thereof is spliced and/or joined into the original input speech, to replace a
corresponding wrongly pronounced speech segment. In some embodiments, the result is a
modified version of the original input speech comprising corrected pronunciation of a
phoneme of interest, which was mispronounced originally. In some embodiments, the
synthesized speech portion may be based on recovering phase information of the speech. In
some embodiments, recovering phase information may be performed using any suitable
means, e.g., the Griffin-Lim algorithm to estimates the missing phase information, and/or
using WaveGlow, a flow-based network capable of generating high quality speech from

Mel-spectrograms.
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[0108] In some embodiments, at step 2210, the modified version of the speech may be
presented to the speaker, to provided instantaneous feedback which will encourage learning
of a correct pronunciation of the one or more phonemes. In some embodiments, the modified
version may be presented to the speaker using, e.g., user interface module 1120 of system
10 in Fig. 2. In some embodiments, the modified version of the speech may be presented to
the user by providing an avatar on a display to communicate the training version of the
speech. In some embodiments, an avatar of the present invention may comprise an animated
character appearing on a display of system 10. The avatar may represent an instructor or the
clinician. In further embodiments, the motions and communications of the avatar may be
controlled by a live clinician in real time, thereby providing a virtual reality avatar
interaction. In some embodiments, the avatar may be animated to provide visual cues as to
the correct pronunciation and articulation of phonemes and words, e.g., by visually
demonstrating correct coordinate jaw, tongue, and lips movement, as may be coordinated

with breathing and vocalizing.

[0109] Reference is now made to Fig. 6, which is a block diagram depicting aspects of
system 10 for speech modification, according to some embodiments of the invention. It may

be appreciated that system 10 of Fig. 6 may be the same as system 10 of Fig. 2.

[0110] According to some embodiments of the invention, system 10 may be implemented
as a software module, a hardware module, or any combination thereof. For example, system
10 may be, or may include a computing device such as element 1 of Fig. 1, and may be
adapted to execute one or more modules of executable code (e.g., element 5 of Fig. 1) to

modify speech, as elaborated herein.

[0111] As shown in Fig. 6, arrows may represent flow of one or more data elements to
and/or from system 10 and/or among modules or elements of system 10. Some arrows have

been omitted in Fig. 6 for the purpose of clarity.

[0112] As shown in Fig. 6, system 10 may include, or may be associated with a recording
module 110, configured to record a speaker, so as to obtain a speech data element 20. Speech
data element 20 may be a data structure (e.g., an audio file, an audio stream, and the like)
that may represent the recorded speech of the speaker. The terms “speech” and “speech data

element” may be used herein interchangeably. In other words, “speech 20” may be used
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herein to indicate an audible utterance (e.g., one or more syllables, one or more phonemes,
one or more words, a stream of words and the like) produced by the speaker. Additionally,
or alternatively, “speech 20” may be used herein to indicate the speech data element 20
(e.g., the audio file) that was produced by recording module 110, and that represents the
utterance of the speaker. Similarly, and as shown in Fig. 6, “speech 20” may include one or
more phonemes 20A uttered by the speaker. Phonemes 20 may refer herein to both vocal
utterances produced by the speaker, and to portions of the speech data element 20 (e.g., the

audio file) that include a representation of corresponding, uttered phonemes.

[0113] As shown in Fig. 6, system 10 may include a segmentation module 120, configured
to segment the received or recorded speech data element 20 to one or more phoneme
segments 120A, each corresponding to a phoneme 20A. For example, segmentation module
120 may be configured to apply a “forced alignment” or “phoneme alignment” algorithm,
as known in the art, on speech data element 20, so as to produce the one or more phoneme

segments 120A.

[0114] According to some embodiments, segmentation module 120 may be, or may be

included in voice analysis module 1112 of Fig. 2.

[0115] Additionally or alternatively, system 10 may include a phoneme representation
module 130, also referred to herein as a phoneme embedding module 130. Phoneme
representation module 130 may be configured to receive at least one phoneme segment
120A, and obtain or produce a corresponding representation 130A of the received phoneme

segment 120A.

[0116] For example, phoneme representation module 130 may be configured to calculate
an acoustic phoneme embedding vector, as explained herein, as a representation 130A of

the relevant phoneme represented by phoneme segment 120A.

[0117] Additionally or alternatively, phoneme representation module 130 may be
configured to produce representation 130A as a reference or an index, indicating the relevant
phoneme. For example, phoneme representation module 130 may produce a “one-hot”
index vector, where a single ‘1’ value represents the identity of the relevant phoneme
represented by phoneme segment 120A. Other types of representations 130A may also be
possible.
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[0118] Additionally or alternatively, system 10 may receive a representation 130B (e.g.,
element P * of Fig. 5) of a phoneme of interest P*. For example, representation 130B may
be, or may include a reference or an index (e.g., a “one-hot” index vector) that may identify
a specific phoneme of interest P*. In another example, representation 130B may be or may

include an embedding vector 130B that may represent the specific phoneme of interest P*.

[0119] As shown in Fig. 6, system 10 may include a selection module 150, configured to

select a phoneme segment (PSk) 150A of the one or more phoneme segments (PS) 120A.

[0120] For example, selection module 150 may receive (e.g., via input device 7 of Fig. 1)

a selection (e.g., a manual selection) of a specific phoneme segment 120A of speech 20.

[0121] Additionally or alternatively, selection module 150 may be adapted to identify at
least one phoneme segment 120A as representing a mispronounced phoneme 20A, and

select the identified at least one phoneme segment 120A.

[0122] For example, system 10 may include a user interface (U], e.g., element 8§ of Fig. 1),
and may utilize the Ul to prompt a speaker to read a predetermined text representing a word
or a sentence. The user may read the prompted text, and system 10 may produce
corresponding phoneme segments 120A, as elaborated herein. Selection module 150 may
receive a transcription 130B’ of the prompted text to that includes a representation (PE*)
(e.g., an embedding vector) of the phoneme of interest (P*) 130B. Selection module 150
may analyze transcription 130B’ and phoneme segments (PS) 120A to identifying a
phoneme segment (PSk) that includes a mispronounced version (P”) of the phoneme of
interest (P*), and select the phoneme segment (PSk) 150A corresponding to the identified

mispronounced phoneme.

[0123] In other words, selection module 150 may compare the representation 130A (e.g.,
the generated phoneme embedding (PE)) of the mispronounced version (P’) with the
representation 130B (e.g., embedding (PE*)) of the phoneme of interest (P*), and identify
the phoneme segment (PSk) 120A corresponding to the mispronounced version (P’) based
on the comparison. For example, selection module 150 may calculate a cosine similarity
value 150B, defining a similarity between representation 130A and representation 130B
(e.g., embedding 130A and embedding 130B), and determine that a relevant phoneme is

mispronounced when the cosine similarity value falls below a predetermined threshold. In
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a complementary manner, selection module 150 may calculate a cosine distance value
150B’, defining a distance between representation 130A and representation 130B (e.g.,
embedding 130A and embedding 130B), and determine that a relevant phoneme is

mispronounced when the cosine distance value surpasses a predetermined threshold.

[0124] As shown in Fig. 6, system 10 may include a voice analysis module 140, which

may be the same as, or included in voice analysis module 1112 of Fig. 2.

[0125] As elaborated herein, voice analysis module 140 may analyze speech 20 to
calculate a feature vector representation 140A (X), defining voice characteristics of the
speaker. For example, feature vector representation (X) 140A may include a plurality of
elements Xt, where each Xt is a D-dimensional vector for 1<t<T, and where each D-
dimensional vector includes frequency bins of a computed Mel-spectrum. Other feature

vector representations of the speaker’s voice may be used as well.

[0126] As elaborated herein (e.g., in relation to Fig. 4 and/or Fig. 5) voice analysis module
140 may be configured to extract a portion of speech 20, corresponding to timeframe T,
which includes, or envelops the selected phoneme Xk (represented by a corresponding
selected phoneme PSk 150A). In some embodiments, the extraction of the first portion of
the recorded speech (e.g., corresponding to timeframe T) may include, or may be
implemented by extracting a section (XT) of the feature vector representation (X), that

corresponds to the timeframe T.

[0127] As shown in Fig. 6, system 10 may include a masking module 160. As elaborated
herein (e.g., in relation to Fig. 4 and/or Fig. 5) masking module 160 may be configured to
apply a mask (M, also denoted ", " in Figs. 4, 5) on extracted section (XT), to create a
masked version (M T') 160A of the extracted section (XT). Masked version (M 'f') 160A is
also denoted "M, X" in Fig. 5. As shown in Figs. 4 and 5, masked version (M'T') 160A

(e.g., “M,OX,") may be characterized by having a second timeframe T (which is defined

by the borders of the selected phoneme segment (PSk)) omitted, or masked out.

[0128] As shown in Fig. 6, system 10 may include an ML model 170, which may be the

same as, or included in model G of Fig. 5.
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[0129] As elaborated herein, system 10 may apply ML model 170 on the extracted portion
(X T‘) of the recorded speech, to generate a feature vector representation 170A (¥, denoted
Jx in Fig. 5), where (¥) 170A is a modified version of extracted section (XT') of the portion
of recorded speech 20. Additionally, or alternatively, and as depicted in Fig. 5, system 10
may apply ML model 170 on the masked version (M 7~") 160A (denoted “1, OX;" in Fig.

5) of the extracted segment (XT) to generate feature vector representation (¥).

[0130] As shown in Figs. 4 and 5, masked version (M’T') 160A may include audio
information corresponding to time periods that surround the timeframe T of the selected
phoneme Xk (represented by phoneme segment PSk). Therefore, by applying ML model
170 on masked version (MT’) 160A, system 10 may utilize this audio information to
generate the modified version (¥) 170A of extracted segment (XT), such that feature vector

representation (¥) retains voice characteristics of the speaker.

[0131] For example, feature vector representation (¥) 170A may be a modified version of
extracted segment (XT), and may yet include voice characteristics such as mel-spectrum
bins that characterize the speaker’s voice. It may be appreciated that this retaining of speaker
voice characteristics may allow system 10 to seamlessly integrate or concatenate the
modified speech portion to other portions of original speech 20. The term “seamless” may

be used in this context to indicate lack of noticeable audible difference in tone, volume etc.

[0132] As shown in Fig. 6, system 10 may be communicatively connected to a vocoder
module 30. Additionally, or alternatively, system 10 may include vocoder module 30.
Additionally or alternatively, vocoder module 30 may be the same as, or may be included

in voice synthesis module 1116 of Fig. 2.

[0133] According to some embodiments, system 10 may apply vocoder module 30 on
feature vector representation ()7) to produce a modified version of a portion of recorded
speech 20, corresponding to timeframe T, where the phoneme of interest (P*) replaces or

substitutes the selected phoneme segment (PSk).

[0134] Additionally or alternatively, system 10 may apply vocoder module 30 on feature

vector representation 140A (X) and feature vector representation (¥) 170A, to produce a
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modified version 30B of the received recorded speech 20, where the phoneme of interest

(P*) substitutes, or replaces the selected phoneme segment (PSk).

[0135] For example, vocoder module 30 may be configured to splice feature vector
representation 140A (X), to omit a section of recorded speech 20, corresponding to
timeframe T, and insert or integrate vector representation (¥) in place of the omitted section,

to obtain a modified version 30A of feature vector representation 140A (X).

[0136] Additionally or alternatively, vocoder module 30 may be configured to convert the
modified version 30A of feature vector representation 140A (X) to an audio format. For
example, modified version 30A may include spectral information (e.g., mel-spectrum bins).
In such embodiments vocoder module 30 may apply a spectrum-to-waveform conversion
of modified version 30A, to obtain the modified version 30B of the received recorded

speech 20.

[0137] As shown in Fig. 6, system 10 may be communicatively connected to treatment
module 40. Additionally, or alternatively, system 10 may include treatment module 40.
Additionally, or alternatively, treatment module 40 may implemented as a user interface

(UD) such as input device 7 and/or output device 8 of Fig. 1.

[0138] According to some embodiments, treatment module 40 may allow a user (e.g., a
clinician) to define, via a Ul, a treatment protocol 40A, that may define or represent a course
of speech therapy. Treatment protocol 40A may include, for example a list of phonemes,
words, and/or sentences of interest that a speaker or patient is to read or pronounce, and be
recorded by module 110, resulting in recorded speech data element 20. According to some
embodiments, treatment module 40 may present (e.g., as written syllables) or play (e.g., as
an audible signal) recorded speech data element 20 and/or modified version 30B to the
speaker, as feedback 40B. It may be appreciated that such feedback may be produced
automatically, and in near-real time, allowing the speaker to improve their pronunciation of

specific syllables or phonemes (e.g., phoneme of interest P*).

[0139] Additionally or alternatively, treatment module 40 may be configured to alter or
modify treatment protocol 40A, according to the speaker’s progress. For example, phoneme
selection module may identify mispronounced phonemes of interest (P*), as elaborated

herein. Treatment module 40 may subsequently calculate a metric (e.g., a numerical value)
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representing the speaker’s progress (e.g., representing an amount or extent of
mispronunciation of phonemes of interest (P*)). Treatment module 40 may be configured
to automatically alter treatment protocol 40A based on the calculated progress metric. For
example, treatment module 40 may increase a number of phoneme of interest P* that have

been identified as mispronounced, to be read by the speaker.

[0140] As shown in Fig. 6, system 10 may include a training module 180, configured to
train ML model 170.

[0141] For example, training module 180 may be configured to calculate a first distance
metric, representing a difference between feature vector representation (¥) and the extracted
section (X 'T') in the second timeframe (T). For example, the first distance metric may be as

elaborated in Eq. 1 as:

L((1—my) OV, (1 —m) OXK,). Additionally, training module 180 may be
configured to calculate a weighted loss function based on the first distance metric. For

example, the weighted loss function (e.g., weighted by 4,) may be as elaborated in Eq. 1 as:

L L((1—1my) OF, (1 —m,) OX,). According to some embodiments, training
module 180 may be configured to train ML model 170 to generate the modified version
170A of the first portion of recorded speech by minimizing a value of the weighted loss

function elaborated above.

[0142] In another example, training module 180 may be configured to calculate a second
distance metric, representing a difference between feature vector representation (¥) and the
extracted section (X T) of feature vector representation (X) in the first timeframe (T'),

excluding the second timeframe (T). For example, the second distance metric may be as

elaborated in Eq. 1 as:
ALy (e O Fie, i © Kie)

training module 180 may be configured to calculate the weighted loss function (e.g.,
weighted by A, and 4,) based on the first distance metric and the second distance metric, as

elaborated in Eq. 1:

ALy (1= y) O Fe, (1= y) O %) + ALy (e O Fre, iy O Kie).
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Subsequently, training module 180 may be configured to train ML model 170 to generate
the modified version 170A of the first portion of recorded speech by minimizing a value of

the weighted loss function as elaborated above.

[0143] In another example, training module 180 may be configured to generate set (S Y)of
one or more feature vector representations (¥), each originating from a respective
predefined phoneme q¥*, other than the phoneme of interest p*. Each feature vector
representation of the set (SY) of feature vector representations (¥) is denoted in Eq. 2 by
the symbol . Training module 180 may then calculating a third distance metric value,
representing a difference between the set (SY) of feature vector representations (¥) and the

extracted section (X T’), as elaborated in Eq. 2 as:

DL - ) © 6y O %o 81)) )
q*p*
Training module 180 may proceed to calculate the weighted loss function (e.g., weighted

by A3, A,) further based on the third distance metric, e.g., as elaborated in Eq. 2:

ALEEC((A — i) O Fi) ,p7) + 44 Z LEE(C((1 =) © Gy O K, Gx)) » q)
q*p*

and may train ML model 170 to generate the modified version 170A of the first portion of

recorded speech by minimizing a value of the weighted loss function as elaborated above.

[0144] In yet another example, training module 180 may be configured to collaborate with
segmentation module 120 to segment the feature vector representation (¥) to one or more
phoneme segments (PSy), as elaborated herein. Additionally, training module 180 may be
configured to collaborate with phoneme representation module 130 to analyze the one or
more phoneme segments (PSy), and generate corresponding phoneme embeddings (PEy).
training module 180 may subsequently calculate a cosine distance value, representing a
cosine distance between one or more phoneme embeddings (PEy) of feature vector
representation (¥) and one or more phoneme embeddings (PE) corresponding to extracted

section (X T‘). These cosine distance values are denoted in Eq. 3 as elements “L£°%”.
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[0145] Training module 180 may proceed to calculate the weighted loss function (e.g.,
weighted by Ag, A5 ), further based on the calculated cosine distance values, as elaborated

in Eq. 3:
ASLCOS(P@’}(_' px) 'ZP*) + A6Lcos(p(6(fﬁk @ ik' q,{)l q) ) zq)

and may train ML model 170 to generate the modified version 170A of the first portion of

recorded speech by minimizing a value of the weighted loss function as elaborated above.

[0146] It may be appreciated that any combination of loss functions, such as the loss

function examples brought above may also be possible.

[0147] According to some embodiments, during a training stage, the recorded speech 20
may be, or may include a desired, or unimpaired pronunciation of a phoneme of interest P*.
ML model may be a neural network such as a U-Net or autoencoder, that may be trained to
reconstruct the unimpaired pronunciation of phoneme of interest P*, from masked version

160A.

[0148] In other words, during a training stage, masking module 160 may omit timeframe
T (representing utterance of the desired pronunciation of the phoneme of interest P*) from
the first portion of recorded speech (corresponding to timeframe T'), thus creating masked
version 160A of the extracted portion (corresponding to section XT and timeframe T) of
recorded speech 20. Training module 180 may then train ML model 170 to reconstruct the
first portion XT of recorded speech from masked version 160A of the first portion of the

recorded speech 20.

[0149] For example, and as elaborated herein, training module 180 may calculate a loss
function value, representing a difference between (a) the modified version of the first
portion of recorded speech and (b) the first portion of the recorded speech. Subsequently,
training module 180 may train ML model 170 to reconstruct the first portion of recorded
speech from the masked version 160A of the first portion of the recorded speech, based on

the calculated loss function value.

[0150] Reference is now made to Fig. 7, which is a flow diagram depicting a method of
speech modification by at least one processor (e.g., processor 2 of Fig. 1), according to some

embodiments of the invention.

31

IPR2026-00273
Krisp Technologies EX1026 Page 33



WO 2022/168102 PCT/1L2022/050158

[0151] As shown in step 7005, the at least one processor 2 may receive a recorded speech
data element (e.g., “Original speech” 20 of Fig. 6). Received speech data element 20 may
include, for example a recording of a speaker, and may include one or more phonemes 20A

uttered by the speaker.

[0152] As shown in step 7010, the at least one processor 2 may employ a segmentation
module (e.g., element 120 of Fig. 6, or element 1112 of Fig. 2) to segment the recorded
speech data element 20 to one or more phoneme segments (PS) 120A in a process
commonly referred to in the art as “phoneme alignment”, or “forced alignment”. The one

or more phoneme segments may each represent an uttered phoneme 20A of the speaker.

[0153] As shown in step 7015, the at least one processor 2 may select a phoneme segment
(PSk) (e.g., element 150A of Fig. 6) of the one or more phoneme segments (PS) 120A. For
example, the at least one processor 2 may receive a selection of the specific phoneme
segment 120A from an input device (e.g., element 7 of Fig. 1). Additionally, or alternatively,
and as elaborated herein (e.g., in relation to Fig. 6), the at least one processor 2 may employ
a selection module 150, adapted to identify at least one phoneme segment 120A as
representing a mispronounced phoneme 20A, and select the identified at least one phoneme

segment 120A.

[0154] As shown in step 7020, the at least one processor 2 may extract a portion of the
recorded speech 20, corresponding to a first timeframe that includes the selected phoneme
segment 150A. As demonstrated in the example of Fig. 4, the extracted portion of the
recorded speech may correspond to timeframe T of Fig. 4, and may include, or envelope a
second timeframe, T, which corresponds to the selected phoneme segment 150A (denoted

in Fig. 4 as “phoneme k™).

[0155] As shown in step 7025, the at least one processor 2 may receive a representation
(e.g., element P of Fig. 5, element 130B of Fig. 6) of a phoneme of interest P*. For
example, representation 130B may be, or may include a reference or an index (e.g., a “one-
hot” index) that may identify a specific phoneme of interest P*. In another example, as
depicted in Fig. 6, representation 130B may be or may include an embedding vector that

may represent the specific phoneme of interest P*.
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[0156] In some embodiments representation 130B (e.g., embedding vector 130B) may the
relevant phoneme of interest P* in a context of a specific linguistic parameters, such as a

specific language, a specific dialect, a specific accent, and the like.

[0157] As shown in step 7030, the at least one processor 2 may apply a machine learning
model or algorithm (e.g., generator 170 of Fig. 6, and/or element ‘G’ on Fig. 5) on (a) the
extracted portion of the recorded speech (e.g., denoted M, OX in Fig. 5) and (b) on the
representation 130B (e.g., denoted P x in Fig. 5) of the phoneme of interest P*. The ML
model 170 may be trained to generate, based on this input, a modified version (e.g., element
170A of Fig. 6, element ¥, of Fig. 5) of the extracted portion of recorded speech. As shown
in Fig. 5, the modified version (e.g., element 170A of Fig. 6, element ¥, of Fig. 5) of the
extracted portion of recorded speech 20 may be characterized by having the phoneme of
interest (P*) in place of, or substituting or replacing the selected phoneme segment 150A

(PSK).

[0158] According to some embodiments, during a training phase, recorded speech data
element 20 may include a desired, or unimpaired pronunciation of the phoneme of interest
P*. As elaborated herein, ML model may be trained based on speech data element 20 to
maximize a metric of similarity (e.g., minimize a value of a loss function) between the
modified version 170A of the extracted portion of recorded speech 20 and the desired,
unimpaired pronunciation.

Experimental Results

[0159] The inventors trained a machine learning model of the present invention using an
Adam optimizer with an initial learning rate of 10™* and early stopping. The machine
learning model comprises a U-Net encoder-decoder, wherein each arm of the U-Net
comprises five 1D-convolutional layers with p-ReLu activation, in which two layers are
down-sampling/up-sampling layers respectively achieved with kernels of size 3, stride 2.

No batch norm was used since it shows no improvement to a slight decrease.

[0160] A classifier component of the machine learning model comprises four 2D
convolutional layers with window size 4X2 and LeakyReLu activation function, using
dropout. The last convolution layer’s output is fed to a fully connected layer, classifying 39

different phonemes, with cross-entropy loss function as described hereinabove.
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[0161] A Siamese network of the present machine learning model consisted of one layer
of bidirectional GRU with hidden size 300, followed by a liner layer with a ReLu activation
function. The network returned the embedding vector, and the loss was the embedding

distance, namely, the cosine similarity between the two inputs.

[0162] A pre-trained WaveGlow model (see, e.g., R. Prenger, R. Valle and B. Catanzaro,
"Waveglow: A Flow-based Generative Network for Speech Synthesis," ICASSP 2019 -
2019 IEEE International Conference on Acoustics, Speech and Signal Processing
(ICASSP), Brighton, United Kingdom, 2019, PD- 3617-3621, doi:
10.1109/ICASSP.2019.8683143.) was trained on the LJ Speech dataset (available at
https://keithito. com/LJ-Speech-Dataset). This data set consists of 13,100 short audio clips
of a single speaker reading passages from 7 non-fiction books. A considerable advantage of

the WaveGlow compared to other methods is in training simplicity and inference speed.

[0163] The present machine learning model was trained on TIMIT Acoustic-Phonetic
Continuous Speech Corpus dataset, after resampling to 22.5 KHz. The training preserved
the original train and test split, and further split the training corpus to train and validation
sets with a ratio of 0.8 and 0.2. The mel-spectrograms of the original audio were used as the
input, with 80 bins, where each bin is normalized by the filter length. The mel- spectrogram
parameters were FFT size 1024, hop size 256, and window size 1024. For optimal results,

the raw waves were normalized to match LJ speech data range.

[0164] The machine learning model of the present invention was further evaluated on
several datasets comprising children voices, including mispronounced English,
mispronounced Hebrew, mispronounced Arabic, TIMIT and LibriSpeech. Preliminary

results only on LibriSpeech are presented hereinbelow.

[0165] In some embodiments, the Siamese network of the present invention learned the
embedding vector for a sequence of mel-spectrogram features, while requiring that diffident

sequences of the same phoneme will be close and vice versa.

[0166] Table 1 below shows similarity measures between original examples of /s/ and /sh/
and their corresponding embedding. No similarity is expressed as a 90-degree angle, while

total similarity of 1 is a O-degree angle, i.e., complete overlap.
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_Table I:
S S_gen SH SH gen |W W_gen

J 0.94 + 0.96 0.72 + 0.96 + 0.72 + -0.18 £
0.21 0.15 0.21 0.15 0.21 0.117

s_gen 0.96 + 0.72 + 0.72 + 0.72 + 0.72 + 0.72 +
0.15 0.21 0.21 0.21 0.21 0.21

sh 0.92 + 0.72 + 0.72 + 0.72 + 072+- |-0173 ¢
0.219 0.21 0.21 0.21 0.173 0.124

sh_gen 0.96 + 0.72 + 0.72 + 0.72 + 0.72 + 0.72 +
0.15 0.21 0.21 0.21 0.21 0.21

\d -0.18+  |0.72 £ -0.173 £ 072 + 0.72 £ 0.566 +
0.117 0.21 0.124 0.21 0.21 0.448

r 0017+ 027+ 0.72 + 0.72 + 0.72 + 0.253 +
0.096 0.21 0.21 0.21 0.21 0.419

[0167] The present invention may be a system, a method, and/or a computer program
product. The computer program product may include a computer readable storage medium
(or media) having computer readable program instructions thereon for causing a processor

to carry out aspects of the present invention.

[0168] Embodiments of the invention may include a practical application for modifying
portions of speech in real-time or near real time. Such modifying of speech portions may be

integrated, for example, in a system for speech therapy.

[0169] The present invention may include several benefits over currently available systems

for speech modification.

[0170] For example, embodiments of the invention may automatically (e.g., without
intervention of a clinician), and adaptively (e.g., based on recoded speech of a speaker) train

the speaker to improve pronunciation of phonemes of interest, as elaborated herein.
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[0171] In another example, embodiments of the invention may provide a modified,
corrected version of a speech as feedback to the speaker, and may do so while retaining the
speaker’s voice characteristics, as elaborated herein.

[001] Unless explicitly stated, the method embodiments described herein are not constrained
to a particular order or sequence. Furthermore, all formulas described herein are intended as
examples only and other or different formulas may be used. Additionally, some of the
described method embodiments or elements thereof may occur or be performed at the same
point in time.

[002] While certain features of the invention have been illustrated and described herein,
many modifications, substitutions, changes, and equivalents may occur to those skilled in the
art. It is, therefore, to be understood that the appended claims are intended to cover all such

modifications and changes as fall within the true spirit of the invention.

[0172] Various embodiments have been presented. Each of these embodiments may of
course include features from other embodiments presented, and embodiments not

specifically described may include various features described herein.
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CLAIMS
L. A method of speech modification by at least one processor, the method comprising:
receiving a recorded speech, comprising one or more phonemes uttered by a speaker;

segmenting the recorded speech to one or more phoneme segments (PS), each

representing an uttered phoneme;
selecting a phoneme segment (PSk) of the one or more phoneme segments (PS);

extracting a first portion of the recorded speech, said first portion corresponding to a

first timeframe (T°) that comprises the selected phoneme segment;
receiving a representation (ﬁ:k) of a phoneme of interest P*; and

applying a machine learning (ML) model on (a) the first portion of the recorded
speech and (b) on the representation (ﬁ:k) of the phoneme of interest P*, to generate a
modified version of the first portion of recorded speech, wherein the phoneme of interest

(P*) substitutes the selected phoneme segment (PSk).

2. The method of claim 1, wherein receiving the representation of the phoneme of

interest comprises calculating an embedding (PE*) of the phoneme of interest (P*),

and wherein the method further comprises analyzing the one or more phoneme segments

(PS) to generate corresponding phoneme embeddings (PE),

and wherein selecting a phoneme segment (PSk) of the one or more phoneme segments
comprises identifying a phoneme segment (PSk) that comprises a mispronounced version

(P’) of the phoneme of interest (P*).

3. The method of claim 2, wherein identifying the phoneme segment of the

mispronounced version (P’) comprises:

comparing the generated phoneme embedding (PE) of the mispronounced version (P”)

with the embedding (PE*) of the phoneme of interest (P*); and
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identifying the phoneme segment (PSk) of the mispronounced version based on said

comparison.

4. The method according to any one of claims 1-3, further comprising calculating a
feature vector representation (X) of the recorded speech, defining voice characteristics of

the speaker,

and wherein extracting the first portion of the recorded speech comprises extracting a

section (XT) of the feature vector representation (X), corresponding to the first timeframe

(M.

5. The method of claim 4, further comprising applying a mask (M) on extracted section
(XT), to create a masked version (M T") of the extracted section (XT), wherein a second

timeframe (T), defined by borders of the selected phoneme segment (PSk) is masked out.

6. The method of claim 5, wherein applying the ML model on the first portion of the
recorded speech comprises applying the ML model on the masked version (M 'T') of the

extracted segment (XT),

and wherein generating a modified version of the first portion of recorded speech comprises
generating a feature vector representation (¥) that is a modified version of extracted
segment (XT), such that feature vector representation (¥) retains voice characteristics of

the speaker.

7. The method of claim 6, further comprising applying a vocoder module on feature
vector representation (X) and feature vector representation (¥), to produce a modified
version of the received recorded speech, wherein the phoneme of interest (P*) substitutes

the selected phoneme segment (PSk).
8. The method according to any one of claims 6 and 7, further comprising:

calculating a first distance metric, representing a difference between feature vector

representation (17) and the extracted section (X T’) in the second timeframe (T);
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calculating a weighted loss function based on the first distance metric; and

training the ML model to generate the modified version of the first portion of

recorded speech by minimizing a value of the weighted loss function.
9. The method of claim 8, further comprising:

calculating a second distance metric, representing a difference between feature
vector representation (¥) and the extracted section (X ’T') of feature vector representation

(X) in the first timeframe (T'), excluding the second timeframe (T); and
calculating the weighted loss function further based on the second distance metric.
10. The method according to any one of claims 8 and 9, further comprising:

generating a set (SY) of feature vector representations (¥), each originating from a

respective predefined phoneme g*, other than the phoneme of interest p*;

calculating a third distance metric, representing a difference between the set (SY) of

feature vector representations (¥) and the extracted section (X T'); and
calculating the weighted loss function further based on the third distance metric.
11.  The method according to any one of claims 8-10, further comprising:

segmenting the feature vector representation (Y) to one or more phoneme segments

(PSy);

analyzing the one or more phoneme segments (PSy) to generate corresponding

phoneme embeddings (PEy);

calculating a cosine distance between one or more phoneme embeddings (PEy) of
feature vector representation (¥) and one or more phoneme embeddings (PE) corresponding

to extracted section (X 'T'); and

calculating the weighted loss function further based on the cosine distance.
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12.  The method according to any one of claims 1-11, wherein during a training stage,

the recorded speech comprises a desired pronunciation of the phoneme of interest P*.

13.  The method according to any one of claims 1-12, wherein the training stage further

comprises:

omitting a second timeframe (T) representing utterance of the desired pronunciation
of the phoneme of interest P* from the first portion of recorded speech, thus creating a

masked version of the first portion of recorded speech; and

training the ML model to reconstruct the first portion of recorded speech from the

masked version of the first portion of the recorded speech.
14.  The method according to any one of claims 1-13, further comprising:

calculating a loss function value, representing a difference between (a) the modified
version of the first portion of recorded speech and (b) the first portion of the recorded

speech; and

training the ML model to reconstruct the first portion of recorded speech from the
masked version of the first portion of the recorded speech, based on the calculated loss

function value.

15. The method according to any one of claims 1-14, wherein said ML model further
comprises a Siamese neural network, configured to evaluate a similarity between said
modified version of said phoneme of interest and said desired pronunciation of said

phoneme of interest, based, at least in part, on acoustic embedding.

16. The method according to any one of claims 1-15, further comprising: synthesizing
an audio presentation of said modified version; and presenting said audio presentation

modified recording to said speaker.

17. The method according to any one of claims 7-16, further comprising:
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defining a treatment protocol 40A, that represents a course of speech therapy, said

treatment protocol 40A comprising one or more phonemes of interest;

prompting the speaker pronounce the one or more phonemes of interest, resulting in

the received recorded speech; and

playing the recorded speech data element 20 and/or the modified version of the
recorded speech 30B to the speaker as feedback, thus allowing the speaker to improve their

pronunciation the phonemes of interest P*.
18.  The method of claim 17, further comprising:
calculating a metric of the speaker’s progress; and
altering the treatment protocol based on the calculated progress metric.

19. A system for speech modification, the system comprising: a non-transitory memory
device, wherein modules of instruction code are stored, and at least one processor associated
with the memory device, and configured to execute the modules of instruction code,
whereupon execution of said modules of instruction code, the at least one processor is

configured to:
receive a recorded speech, comprising one or more phonemes uttered by a speaker;

segment the recorded speech to one or more phoneme segments (PS), each

representing an uttered phoneme;
select a phoneme segment (PSk) of the one or more phoneme segments (PS);

extract a first portion of the recorded speech, said first portion corresponding to a

first timeframe (T°) that comprises the selected phoneme segment;
receive a representation (ﬁ}) of a phoneme of interest P*; and

apply a machine learning (ML) model on (a) the first portion of the recorded speech

and (b) on the representation (P %) of the phoneme of interest P*, to generate a modified
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version of the first portion of recorded speech, wherein the phoneme of interest (P*)

substitutes the selected phoneme segment (PSk).

20.  The system of claim 19, wherein during a training stage, the at least one processor
is further configured to receive recorded speech that comprises a desired pronunciation of

the phoneme of interest P*.

21.  The system according to any one of claims 19 and 20, wherein during the training

stage, the at least one processor is further configured to:

omit a second timeframe (T) representing utterance of the desired pronunciation of
the phoneme of interest P* from the first portion of recorded speech, thus creating a masked

version of the first portion of recorded speech; and

train the ML model to reconstruct the first portion of recorded speech from the

masked version of the first portion of the recorded speech.

22.  The system according to any one of claims 19-21, wherein during the training stage,

the at least one processor is further configured to:

calculate a loss function value, representing a difference between (a) the modified
version of the first portion of recorded speech and (b) the first portion of the recorded

speech; and

train the ML model to reconstruct the first portion of recorded speech from the
masked version of the first portion of the recorded speech, based on the calculated loss

function value.

23. The system according to any one of claims 19-22, wherein the at least one processor

is further configured to:

define a treatment protocol 40A, that represents a course of speech therapy, said

treatment protocol 40A comprising one or more phonemes of interest;
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prompt the speaker pronounce the one or more phonemes of interest, resulting in the

received recorded speech; and

play the recorded speech data element 20 and/or the modified version of the recorded
speech 30B to the speaker as feedback, thus allowing the speaker to improve their

pronunciation the phonemes of interest P*.

24. The system according to any one of claims 19-23, wherein the at least one processor

is further configured to:
calculate a metric of the speaker’s progress; and

alter the treatment protocol based on the calculated progress metric.
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