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(57) ABSTRACT

A method of electronically documenting a conversation is
provided. The method includes capturing audio of a con-
versation between a first speaker and a second speaker;
generating conversation audio data from the captured audio;
and segmenting the conversation audio data into a plurality
of utterances according to a speaker segmentation technique.
The method further includes, for each utterance: storing time
data indicating the chronological position of the utterance in
the conversation; passing the utterance to a neural network
model, the neural network model configured to receive the
utterance as an input and generate a feature representation of
the utterance as an output; assigning the utterance feature
representation to a first speaker cluster or a second speaker
cluster according to a clustering technique; assigning a
speaker identifier to the utterance based on the cluster
assignment of the utterance; and generating a text represen-
tation of the utterance.
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SYSTEMS AND METHODS FOR AUDIO
PROCESSING

TECHNICAL FIELD

[0001] The following relates generally to audio process-
ing, and more particularly to systems and methods for
documenting a conversation using speaker clustering.

INTRODUCTION

[0002] Documentation of verbal conversations is a time-
consuming but often necessary component of providing
assistance or gathering information. Often, the information
gathered during such conversations can be of critical impor-
tance in determining next steps. In many cases, a verbal
conversation is had, and a participant must either split his
attention during the conversation by taking notes or rely on
an imperfect and incomplete version of the conversation by
writing up a recap after the conversation is over. These
approaches may produce less reliable artifacts documenting
the substance of the conversation and may increase the time
required to capture the substance of the conversation in the
artifact. Such time requirements can be burdensome on the
information gatherer and reduce the amount of time the
information gatherer can spend on other parts of his job.

[0003] In the medical context, such issues are particularly
prevalent. When a patient visits a medical clinic or other
healthcare facility, the patient may experience significant
wait times. This may be inconvenient for people with busy
schedules who have to take time out of their days to make
such a visit. Similarly, visits to the doctor can be stressful
and the patient may be in some discomfort, which waiting
can exacerbate.

[0004] For example, a patient may have to wait to see the
doctor first in a waiting room, and then may have to wait
again in a consultation room for the doctor to arrive. In some
cases, patients may interact with more than one healthcare
provider (e.g. physician assistant and physician) in
sequence, which may add even further waiting.

[0005] From the physician’s perspective, the physician is
going from room to room seeing various patients and having
to document each visit. A doctor may visit a patient and then
afterwards, before he can advance to the next patient, retreat
to an office to type up or otherwise document notes from the
previous patient in order to create an artifact of the meeting
that can be relied on later. In some cases, a doctor may spend
on average 30-45 minutes per patient inputting a diagnosis
note or transcription of the consultation. Psychiatric doctors
in particular need to complete a lot of documentation, much
of which is based off of a template which correlates to
Electronic Medical Record (“EMR”) system interfaces.
Similarly, for general physicians, there are templates that
can either be derived or obtained from these EMR to
summarize or narrate and input notes into the EMR for
physicians to review, which may reduce the time from 30
minutes to a couple of minutes on average.

[0006] The significant time spent per patient documenting
consultations can have negative effects including reducing
the number of patients that a doctor can see in a given time
period and adds significant administrative burden to the
doctor that is not stimulating and detracts from their ability
to use their skills to assist patients.
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[0007] Accordingly, there is a need for an improved sys-
tem and method for documenting conversations that over-
comes at least some of the disadvantages of existing systems
and methods.

SUMMARY

[0008] A method of electronically documenting a conver-
sation is provided. The method includes: capturing audio of
a conversation between a first speaker and a second speaker;
generating conversation audio data from the captured audio;
segmenting the conversation audio data into a plurality of
utterances according to a speaker segmentation technique;
for each utterance: storing time data indicating the chrono-
logical position of the utterance in the conversation; passing
the utterance to a neural network model, the neural network
model configured to receive the utterance as an input and
generate a feature representation of the utterance as an
output; assigning the utterance feature representation to a
first speaker cluster or a second speaker cluster according to
a clustering technique; assigning a speaker identifier to the
utterance based on the cluster assignment of the utterance;
generating a text representation of the utterance; generating
a digital transcript of the conversation by chronologically
ordering the text representations of the utterances according
to the time data for the utterances; and importing the digital
transcript into an electronic conversation artifact.

[0009] The first speaker may be a healthcare professional
and the second speaker may be a patient. The conversation
may be a medical consultation.

[0010] The electronic conversation artifact may be an
electronic medical record.

[0011] The neural network model may include a convo-
lutional neural network.

[0012] A method of generating and delivering an elec-
tronic prompt to a speaker during a conversation is also
provided. The method includes: capturing audio of a con-
versation between a first speaker and a second speaker;
generating conversation audio data from the captured audio;
segmenting the conversation audio data into a plurality of
utterances according to a speaker segmentation technique;
transcribing the utterance audio data to utterance text data;
analyzing the utterance text data to determine an utterance
subject matter; generating a prompt using the utterance
subject matter; and displaying the prompt at an information
gatherer device.

[0013] The utterance text data may be analyzed using a
text classifier.
[0014] A system for processing audio via speaker cluster-

ing is also provided. The system includes: an audio capture
device configured to capture audio of a conversation
between a first speaker and a second speaker and generate
conversation audio data from the captured audio; an audio
processing server communicatively connected to the audio
capture device, the audio processing server configured to:
receive the conversation audio data from the audio capture
device; segment the conversation audio data into a plurality
of utterances, each utterance comprising utterance audio
data, according to a segmentation technique; and process the
plurality of utterances via a speaker clustering pipeline,
including: passing each utterance to a neural network model,
the neural network model configured to generate a feature
representation of the utterance; passing the feature repre-
sentation to a cluster model, the cluster model configured to
assign the feature representation to a cluster based on
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speaker identity; and storing the cluster assignment in a
memory of the audio processing server.

[0015] The audio processing server may be configured to
generate a text representation of at least one utterance.
[0016] The audio processing server may be configured to
generate a digital transcript of the conversation including
text representations of two or more utterances.

[0017] The system may include an information gatherer
device communicatively connected to the audio processing
server via a network, the information gatherer device con-
figured to display the digital transcript for review by a user.
[0018] Upon approval of the digital transcript, the digital
transcript may be automatically imported into an electronic
conversation artifact.

[0019] The system may include an electronic conversation
artifact server communicatively connected to the audio
processing server via the network. The electronic artifact
server may be configured to generate and store the electronic
conversation artifact.

[0020] The neural network model may be a VGGish
model.
[0021] The speaker clustering pipeline may include

extracting time series data of the utterance audio data.

[0022] The time series data may be extracted using a
librosa library.
[0023] The speaker clustering pipeline may include

extracting mel features using an FFT window function.
[0024] The FFT window function may have a window
length of 25 ms.

[0025] The window function may have a hop length of 10
ms.
[0026] Each window data may have 64 mel frequencies

extracted therefrom.

[0027] The speaker clustering pipeline may include cre-
ating a two-dimensional spectrogram frame from the feature
representation. The two-dimensional spectrogram frame
may be used as a unit input for the neural network model.
[0028] The neural network model may be configured to
receive an input comprising a two-dimensional spectrogram
frame.

[0029] The two-dimensional spectrogram frame may have
a pixel size of 64x96.

[0030] The utterance data may be provided to the neural
network model as a batch of spectrogram frames.

[0031] The number of frames in the batch may be deter-
mined by the time length of the utterance audio data.
[0032] The clustering technique may be dominant sets and
cosine distance may be used as a distance metric.

[0033] The cluster model may implement a similarity
function for determining the cluster assignment.

[0034] The similarity function may use cosine distance.
[0035] The clustering technique may include at least one
of dominant sets, k-means, spectral clustering, and hierar-
chical clustering.

[0036] The audio processing server may include a speaker
identification subsystem including a convolutional neural
network and an attention-based LSTM layer.

[0037] The convolutional neural network may be SincNet.
[0038] In an aspect, the present disclosure provides a new
tensor flow model (VGGish) that may have improved per-
formance over state-of-the-art models, such as Visual Geom-
etry Group (VGGVox). The model may have improved
performance compared to VGGVox for the metric of mis-
classification rate.

Sep. 2, 2021

[0039] In another aspect, a model trained for common
speaker casualties may be transferred to Speaker clustering.
[0040] In another aspect, the present disclosure provides
systems and methods which apply transfer learning on a
modified VGGish audio classification model to extract deep
audio embeddings. The modified model may outperform
VGGVox speaker clustering results on studio quality data-
sets and noisy datasets. The improvements may include
improvement in pure speaker clustering capability apart
from application-dependent nuisances.

[0041] In an aspect, the present disclosure provides sys-
tems and methods for performing speaker clustering and/or
speaker identification which are primarily on robust high-
level feature extraction of voice.

[0042] In another aspect, the present disclosure provides a
speaker identification system which uses an Attention-based
LSTM architecture which may help extract high-level fea-
tures with a smaller amount of data while providing higher
accuracy.

[0043] Inanother aspect, the present disclosure provides a
speaker clustering system which uses transfer learning to
produce a robust generalized model that may be capable of
adapting to new languages and new accents.

[0044] In an embodiment, the speaker clustering system
may use a transtfer learning approach. The speaker clustering
system may perform a deep feature extracting technique that
is capable of producing a unified model for multi-language
multi accent speaker clustering that is robust to noise.
Transferring deep features from audio processing problems
to voice problems may be used to build such a highly
generalized model.

[0045] In another embodiment, batch normalization may
be used. Batch normalization may be used in contrast to
existing approaches to achieve a low internal covariant shift
and create more viable activation functions which results in
higher order generalization. A couple deeper networks may
capture the fine-grained deep features which help the clus-
tering to perform well on multiple domains. The proposed
approach may provide a unified model for speaker clustering
in a multi-language, multi accent setup. The proposed
approach may outperform prior approaches in both in-
domain and out-domain. The model may be robust to noise.
Further, test data may include multi-accent and multi-lan-
guage setups and noisy data set.

[0046] In an aspect, the speaker clustering system pro-
vided herein may outperform existing approaches. For
example, the speaker clustering system may outperform
VGGVox-based speaker clustering results on studio quality
datasets by 48% and in noisy datasets by 42% conforms a
better generalization and adaptability.

[0047] Other aspects and features will become apparent, to
those ordinarily skilled in the art, upon review of the
following description of some exemplary embodiments.

BRIEF DESCRIPTION OF THE DRAWINGS

[0048] The drawings included herewith are for illustrating
various examples of articles, methods, and apparatuses of
the present specification. In the drawings:

[0049] FIG. 1 is a schematic diagram of an audio capture
and processing system, according to an embodiment;
[0050] FIG. 2 is a block diagram of a computing device;
[0051] FIG. 3 is a block diagram of a computer system for
processing audio of a conversation, according to an embodi-
ment;
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[0052] FIG. 4 is a flowchart of a pipeline for generating a
digital transcript of a conversation using the system of FIG.
3, according to an embodiment;

[0053] FIG. 5 is a flowchart of a method of generating a
digital conversation transcript using the systems of the
present disclosure in a medical consultation context, accord-
ing to an embodiment;

[0054] FIG. 6 is a flowchart of a method of generating and
presenting real-time suggestions using the systems of the
present disclosure in a medical consultation context, accord-
ing to an embodiment;

[0055] FIG. 7 is a flowchart of a speaker clustering pipe-
line, according to an embodiment;

[0056] FIG. 8 is a model architecture of a convolutional
neural network (CNN) for generating audio feature repre-
sentations as part of a speaker clustering process, according
to an embodiment;

[0057] FIG. 9 is a graph showing a plot of miscalculation
rate versus number of clusters for the layers of the CNN of
the FIG. 8;

[0058] FIG. 10 is a schematic diagram of an architecture
of a standard Long Short-term Memory (“LSTM”);

[0059] FIG. 11 is a schematic diagram of an architecture
of an attention-based Bi-LSTM, according to an embodi-
ment; and

[0060] FIG. 12 is a graph showing learning curves of an
attention-based Bidirectional LSTM (“Bi-LSTM”) model of
the present disclosure compared with a standard Bi-LSTM
model.

DETAILED DESCRIPTION

[0061] Various apparatuses or processes will be described
below to provide an example of each claimed embodiment.
No embodiment described below limits any claimed
embodiment and any claimed embodiment may cover pro-
cesses or apparatuses that differ from those described below.
The claimed embodiments are not limited to apparatuses or
processes having all of the features of any one apparatus or
process described below or to features common to multiple
or all of the apparatuses described below.

[0062] One or more systems described herein may be
implemented in computer programs executing on program-
mable computers, each comprising at least one processor, a
data storage system (including volatile and non-volatile
memory and/or storage elements), at least one input device,
and at least one output device. For example, and without
limitation, the programmable computer may be a program-
mable logic unit, a mainframe computer, server, and per-
sonal computer, cloud-based program or system, laptop,
personal data assistance, cellular telephone, smartphone, or
tablet device.

[0063] Each program is preferably implemented in a high-
level procedural or object oriented programming and/or
scripting language to communicate with a computer system.
However, the programs can be implemented in assembly or
machine language, if desired. In any case, the language may
be a compiled or interpreted language. Each such computer
program is preferably stored on a storage media or a device
readable by a general or special purpose programmable
computer for configuring and operating the computer when
the storage media or device is read by the computer to
perform the procedures described herein.

[0064] A description of an embodiment with several com-
ponents in communication with each other does not imply
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that all such components are required. On the contrary, a
variety of optional components are described to illustrate the
wide variety of possible embodiments of the present inven-
tion.

[0065] Further, although process steps, method steps,
algorithms or the like may be described (in the disclosure
and/or in the claims) in a sequential order, such processes,
methods and algorithms may be configured to work in
alternate orders. In other words, any sequence or order of
steps that may be described does not necessarily indicate a
requirement that the steps be performed in that order. The
steps of processes described herein may be performed in any
order that is practical. Further, some steps may be performed
simultaneously.

[0066] When a single device or article is described herein,
it will be readily apparent that more than one device/article
(whether or not they cooperate) may be used in place of a
single device/article. Similarly, where more than one device
or article is described herein (whether or not they cooperate),
it will be readily apparent that a single device/article may be
used in place of the more than one device or article.

[0067] Referring now to FIG. 1, shown therein is a block
diagram illustrating an audio capture and processing system
10, in accordance with an embodiment.

[0068] The systems of the present disclosure perform
speaker clustering. The system includes a speaker clustering
model that may have improved results over existing state-
of-the-art models such as Visual Geometry Group
(VGGVox). The system may include a new tensor flow
model (VGGish) that has shown improved performance as
compared to VGGVox results.

[0069] The model may use a transfer learning approach,
such as by transferring a model trained for common speaker
casualties to speaker clustering.

[0070] Experiments were performed to test the model and
approaches on TIMIT (Texas Instruments Massachusetts
Institute of Technology) and VCTK (Voice Cloning Toolkit)
datasets, and achieve state of the art achieved improved
results compared to VGG Vox for the metric of Misclassi-
fication Rate (MR).

[0071] The system 10 can be used to electronically docu-
ment a conversation between an information gatherer and an
information provider. Generally, the information gatherer
may have a responsibility to document the substance of the
conversation. In some cases, the responsibility to document
may include a legal or regulatory obligation. The meeting
between the information gatherer and the information pro-
vider may be initiated by the gatherer or the provider. The
information gatherer may be a healthcare provider (e.g.
doctor, nurse, physician assistant), an emergency worker
(e.g. police officer), a social worker, a psychiatrist or other
mental health professional, forensic personnel, or the like.
The information provider may be a patient, witness, victim,
client, etc.

[0072] The system 10 may process received audio data
and generate a prompt. In some cases, the system 10 can
generate and present a prompt to an information gatherer
through analyzing the substance of a conversation in real-
time. The prompt may be a suggested action or consideration
and may help the information gatherer manage the conver-
sation and improve information gathering. In an example, a
physician or other healthcare professional consulting with a
patient may be presented with a prompt by the system 10
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related to the subject matter of the conversation. The prompt
may help guide the physician more efficiently through the
consultation.

[0073] For example, a computer system for processing
audio of a conversation (e.g. computer system of FIG. 3,
described below) may include software components config-
ured to generate prompts based on the processed audio and
output the prompt in a suitable format (e.g. via utterance
analyzed 346, prompt generator module 350 of FIG. 3,
below). The prompt contains information that may be useful
to a recipient of the prompt and may inform subsequent
action. The prompt recipient may be a conversation partici-
pant or a third party (i.e. not a conversation participant). The
prompt is determined based on the processed audio data. The
prompt may be outputted to a prompt recipient in any
suitable format, such as a visual output on a device (e.g. text
or other visual representation) or an audio output (e.g. audio
message, signal) via a device speaker. The prompt may be
provided to the recipient as a text or graphical message. The
message may be an SMS message or the like on a mobile
device, an email, a message in an application user interface,
or other electronic message format. In an example, the
prompt recipient may be a conversation participant (e.g. a
speaker) and the prompt may be displayed on a device of the
conversation participant. In another example, the prompt
recipient may be a third party and the prompt may be
transmitted to a device of the third party (not shown in FIG.
1, but may be connected to the audio processing server 12
via a network connection) where the prompt can be output-
ted to the third party as a message in visual, audio, or other
suitable format.

[0074] The prompt may include a suggestion or recom-
mendation to the recipient. In some cases, the prompt may
be used to manage a conversation, or the information
gathered or to be gathered therefrom, such as by directing
lines of inquiry or providing considerations. In some cases,
the prompt may indicate or suggest a subsequent action to be
taken, such as by the prompt recipient or other party.
[0075] The system 10 includes an audio processing server
platform 12, which communicates with an audio capture
device 16, information gatherer devices 18-1 and 18-2, and
an electronic conversation artifact server 22 via a network
20. The information gatherer devices 18-1 and 18-2 are
referred to herein collectively as information gatherer
devices 18 and generically as information gatherer device
18. The information gathering devices 18 are associated with
an information gatherer. The information gatherer devices
18 may be any suitable computing device. In FIG. 1,
information gatherer device 18-1 is depicted as a mobile
device (tablet) and information gatherer device 18-2 is
depicted as a workstation or desktop. The mobile informa-
tion gathering device 18-1 may advantageously be used by
the information gatherer during the conversation and taken
easily from one conversation location to another.

[0076] The server platform 12, and devices 16, 18, 22 may
be a server computer, desktop computer, notebook com-
puter, tablet, PDA, smartphone, or another computing
device. The devices 12, 16, 18, 22 may include a connection
with the network 20 such as a wired or wireless connection
to the Internet. In some cases, the network 20 may include
other types of computer or telecommunication networks.
The network 20 may be a secure network configured to
securely transmit personal health information or other con-
fidential information in accordance with established laws or
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standards. The devices 12, 16, 18, 22 may include one or
more of a memory, a secondary storage device, a processor,
an input device, a display device, and an output device.
Memory may include random access memory (RAM) or
similar types of memory. Also, memory may store one or
more applications for execution by processor. Applications
may correspond with software modules comprising com-
puter executable instructions to perform processing for the
functions described below. Secondary storage device may
include a hard disk drive, floppy disk drive, CD drive, DVD
drive, Blu-ray drive, or other types of non-volatile data
storage. Processor may execute applications, computer read-
able instructions or programs. The applications, computer
readable instructions or programs may be stored in memory
or in secondary storage or may be received from the Internet
or other network 20.

[0077] Input device may include any device for entering
information into device 12, 16, 18, 22. For example, input
device may be a keyboard, keypad, cursor-control device,
touchscreen, camera, or microphone. Display device may
include any type of device for presenting visual information.
For example, display device may be a computer monitor, a
flat-screen display, a projector or a display panel. Output
device may include any type of device for presenting a hard
copy of information, such as a printer for example. Output
device may also include other types of output devices such
as speakers, for example. In some cases, device 12, 16, 18,
22 may include multiple of any one or more of processors,
applications, software modules, second storage devices,
network connections, input devices, output devices, and
display devices.

[0078] Although devices 12, 16, 18, 22 are described with
various components, one skilled in the art will appreciate
that the devices 12, 16, 18, 22 may in some cases contain
fewer, additional or different components. In addition,
although aspects of an implementation of the devices 12, 16,
18, 22 may be described as being stored in memory, one
skilled in the art will appreciate that these aspects can also
be stored on or read from other types of computer program
products or computer-readable media, such as secondary
storage devices, including hard disks, floppy disks, CDs, or
DVDs; a carrier wave from the Internet or other network; or
other forms of RAM or ROM. The computer-readable media
may include instructions for controlling the devices 12, 16,
18, 22 and/or processor to perform a particular method.
[0079] Devices such as server platform 12 and devices 16,
18, 22 can be described performing certain acts. It will be
appreciated that any one or more of these devices may
perform an act automatically or in response to an interaction
by a user of that device. That is, the user of the device may
manipulate one or more input devices (e.g. a touchscreen, a
mouse, or a button) causing the device to perform the
described act. In many cases, this aspect may not be
described below, but it will be understood.

[0080] As an example, it is described below that the
devices 16, 18, 22 may send information to the server
platform 12. For example, a user using the device 18 may
manipulate one or more inputs (e.g. a mouse and a keyboard)
to interact with a user interface displayed on a display of the
device 18. Generally, the device 18 may receive a user
interface from the network 20 (e.g. in the form of a
webpage). Alternatively, or in addition, a user interface may
be stored locally at a device (e.g. a cache of a webpage or
a mobile application).
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[0081] Server platform 12 may be configured to receive a
plurality of information, from each of the plurality of
devices 16, 18 and the server 22.

[0082] In response to receiving information, the server
platform 12 may store the information in storage database.
The storage may correspond with secondary storage of the
devices 16, 18 and the server 22. Generally, the storage
database may be any suitable storage device such as a hard
disk drive, a solid-state drive, a memory card, or a disk (e.g.
CD, DVD, or Blu-ray etc.). Also, the storage database may
be locally connected with server platform 12. In some cases,
storage database may be located remotely from server
platform 12 and accessible to server platform 12 across a
network for example. In some cases, storage database may
comprise one or more storage devices located at a networked
cloud storage provider.

[0083] The audio capture device 16 is a device configured
to capture audio of the conversation between the information
gatherer and information provider and generate audio data
comprising a digital representation of the conversation. The
audio capture device 16 may include a recording device such
as a microphone, an audio data generating subsystem for
generating audio data from an audio signal, and a commu-
nication subsystem for transmitting the audio data to the
audio processing server 12.

[0084] In some cases, the audio capture device 16 may be
a physically separate device from the information gatherer
device 18 designated for capturing audio. In other cases, the
audio capture device 16 may be a component of the infor-
mation gatherer device 18.

[0085] The electronic conversation artifact server 22 is
configured to generate, store, and manipulate electronic
conversation artifacts such as an electronic medical record.
The server 22 may implement a server-side component of an
electronic artifact management system. The server-side
component may interact with a client-side component of the
electronic artifact management system implemented at the
information gatherer device 18.

[0086] The server platform 12 may be a purpose-built
machine designed specifically for processing audio data via
machine learning techniques such as clustering. In particu-
lar, the server platform 12 may process audio data of a
conversation via speaker clustering to generate a digital
transcript of the conversation that may be incorporated into
an electronic conversation artifact stored at the electronic
artifact server 22. The server 12 may process the audio data
to generate and present prompts to the information gatherer
at the information gatherer device 18 in real-time as the
conversation is taking place.

[0087] Generally, the server 12 receives audio data of a
conversation from the audio capture device 16, processes the
audio data into speaker-homogeneous components or clus-
ters, and generates a transcript of the conversation using the
output of the audio processing task. Processing the audio
data includes segmenting the audio data into a plurality of
speaker utterances and allocating the speaker utterances, via
a clustering technique, to a set of components where each
component contains utterances from a unique speaker. The
number of components (clusters) is equal to the number of
unique speakers in the utterance set.

[0088] FIG. 2 shows a simplified block diagram of com-
ponents of a device 1000, such as a mobile device or
portable electronic device. The device 1000 may be, for
example, any of devices 12, 16, 18, 22 of FIG. 1.
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[0089] The device 1000 includes multiple components
such as a processor 1020 that controls the operations of the
device 1000. Communication functions, including data com-
munications, voice communications, or both may be per-
formed through a communication subsystem 1040. Data
received by the device 1000 may be decompressed and
decrypted by a decoder 1060. The communication subsys-
tem 1040 may receive messages from and send messages to
a wireless network 1500.

[0090] The wireless network 1500 may be any type of
wireless network, including, but not limited to, data-centric
wireless networks, voice-centric wireless networks, and
dual-mode networks that support both voice and data com-
munications.

[0091] The device 1000 may be a battery-powered device
and as shown includes a battery interface 1420 for receiving
one or more rechargeable batteries 1440.

[0092] The processor 1020 also interacts with additional
subsystems such as a Random Access Memory (RAM)
1080, a flash memory 1100, a display 1120 (e.g. with a
touch-sensitive overlay 1140 connected to an electronic
controller 1160 that together comprise a touch-sensitive
display 1180), an actuator assembly 1200, one or more
optional force sensors 1220, an auxiliary input/output (1/O)
subsystem 1240, a data port 1260, a speaker 1280, a micro-
phone 1300, short-range communications systems 1320 and
other device subsystems 1340.

[0093] In some embodiments, user-interaction with the
graphical user interface may be performed through the
touch-sensitive overlay 1140. The processor 1020 may inter-
act with the touch-sensitive overlay 1140 via the electronic
controller 1160. Information, such as text, characters, sym-
bols, images, icons, and other items that may be displayed
or rendered on a portable electronic device generated by the
processor 102 may be displayed on the touch-sensitive
display 118.

[0094] The processor 1020 may also interact with an
accelerometer 1360 as shown in FIG. 1. The accelerometer
1360 may be utilized for detecting direction of gravitational
forces or gravity-induced reaction forces.

[0095] To identify a subscriber for network access accord-
ing to the present embodiment, the device 1000 may use a
Subscriber Identity Module or a Removable User Identity
Module (SIM/RUIM) card 1380 inserted into a SIM/RUIM
interface 1400 for communication with a network (such as
the wireless network 1500). Alternatively, user identification
information may be programmed into the flash memory
1100 or performed using other techniques.

[0096] The device 1000 also includes an operating system
1460 and software components 1480 that are executed by
the processor 1020 and which may be stored in a persistent
data storage device such as the flash memory 1100. Addi-
tional applications may be loaded onto the device 1000
through the wireless network 1500, the auxiliary /O sub-
system 1240, the data port 1260, the short-range communi-
cations subsystem 1320, or any other suitable device sub-
system 1340.

[0097] Forexample, in use, a received signal such as a text
message, an e-mail message, web page download, or other
data may be processed by the communication subsystem
1040 and input to the processor 1020. The processor 1020
then processes the received signal for output to the display
1120 or alternatively to the auxiliary /O subsystem 1240. A
subscriber may also compose data items, such as e-mail
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messages, for example, which may be transmitted over the
wireless network 1500 through the communication subsys-
tem 1040.

[0098] For voice communications, the overall operation of
the portable electronic device 1000 may be similar. The
speaker 1280 may output audible information converted
from electrical signals, and the microphone 1300 may con-
vert audible information into electrical signals for process-
ing.

[0099] Referring now to FIG. 3, shown therein is a com-
puter system 300 for processing audio of a conversation,
according to an embodiment.

[0100] The computer system 300 can process received
audio data of a conversation and generate a transcript of the
conversation. The audio data may be received from the
audio capture device 16 of FIG. 1.

[0101] The computer system 300 may process received
audio data and generate a prompt, which can be provided to
and used by a recipient.

[0102] The system 300 includes a memory 302 in com-
munication with a processor 304.

[0103] The memory 302 stores various data that may be
received, manipulated, or generated by the system 300. The
memory 302 may be stored at any one or more of an audio
processing server (e.g. server 12 of FIG. 1), a conversation
participant device (e.g. information gatherer device 18 of
FIG. 1), and an electronic conversation artifact server (e.g.
server 14 of FIG. 1).

[0104] The processor 304 is configured to execute a plu-
rality of software modules including computer-implemented
instructions that, when executed, cause the system 300 to
perform actions, operations, and functions described herein.
The processor 304 may be located at the server 12, infor-
mation gatherer device 18, or artifact server 14.

[0105] The system 300 includes a user input device 306
which may be located at the information gatherer device 18.
The user input device 306 receives user input from a
conversation participant (speaker) such as a healthcare pro-
fessional.

[0106] The system 300 includes a display 308 which may
be located at the information gatherer device 18. The display
308 displays a user interface 310 for facilitating user inter-
action with the system 300.

[0107] The memory 302 stores conversation audio data
312. The conversation audio data 312 may be an audio file
in any suitable audio file format. The conversation audio
data 312 may be received from an audio capture device, such
as audio capture device 16 of FI1G. 1. The conversation audio
data 312 may be received and processed as an audio stream
or batch. The conversation audio data 312 may be received
from the audio capture device 16 via a communication
interface of the system 300. The conversation audio data 312
includes a plurality of utterances from a plurality of speak-
ers.

[0108] The conversation audio data 312 comprises a digi-
tal representation of the audio of a conversation. The con-
versation is a verbal exchange between two or more speak-
ers. The speakers may include an information gatherer and
one or more information providers. The information gath-
erer may be a healthcare provider (e.g. physician, nurse),
police officer, social worker, or the like. The information
provider may be a patient, witness, victim, or the like. In
some cases, the conversation may include additional infor-
mation providers (a secondary information provider) such as
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a parent, guardian, adult child, etc. that may participate in
the conversation to assist and facilitate provision of infor-
mation from the primary information provider to the infor-
mation gatherer.

[0109] The conversation may be a consultation. The con-
sultation may be a medical consultation, such as between a
patient and healthcare provider. The conversation may be
any interaction between two parties in which one party is
responsible for documenting the conversation as part of a
formal recording process. Once such example may be a
police statement between a police officer and a witness,
victim, suspect, or other information provider.

[0110] The conversation audio data 312 is fed to a seg-
menter module 314 which is located at the processor 304.
The segmenter module 314 generates a plurality of utter-
ances by segmenting the audio data 312 into speaker seg-
ments.

[0111] The segmenter module 314 generates utterances
according to a speaker segmentation technique. The seg-
mentation technique may include speaker change detection.
Speaker change detection may include detecting speaker
change points in the audio data 312 and portioning the audio
data 312 according to the speaker change points. The
segmenter module 314 may use audio characteristics to
determine speaker change points. The segmenter module
314 may generate utterances comprising acoustically homo-
geneous segments.

[0112] The utterances are stored in memory 302 as utter-
ance audio data 316. An utterance comprises a unit of speech
corresponding to some portion of the recorded conversation.
The utterance includes a single speaker (i.e. speaker homo-
geneous). Utterances may be of variable length.

[0113] Each utterance includes time data 318 associated
therewith which is stored in memory 302.

[0114] The time data 318 indicates the chronological posi-
tion of the utterance in the conversation. Certain time data
318 may be included with the conversation audio data 312.
For example, the audio capture device 16 may be configured
to generate conversation audio data 312 that includes time
metadata.

[0115] The time data 318 may include an utterance start
time and/or an utterance end time. The time data 318 may
include a time label or value that indicates the chronological
position of the utterance. For example, a conversation hav-
ing ‘n’ utterances may have time labels 1, 2, 3, . . ., n, where
1 corresponds to the first utterance (chronologically) and n
to the nth utterance. The time label may be determined from
the utterance start or end time.

[0116] The utterance audio data 316 for a given utterance
is fed to a trained neural network model 320. The neural
network model 320 is located at processor 304.

[0117] The neural network model 320 may act as an
embedding extractor. The neural network 320 may be a
convolutional neural network (“CNN™). In an embodiment,
the neural network model 320 may have an architecture as
shown in FIG. 8.

[0118] The neural network model 320 is configured to
receive utterance audio data 316 as an input and generate a
feature representation 322 of the utterance as an output. The
feature representation 322 is stored in memory 302. The
feature representation 322 may comprise an m-dimensional
feature vector.
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[0119] The neural network model 320 may be a tensor
flow model. The neural network model 320 may be built on
a VGG backbone.

[0120] The neural network model 320 may be a VGGish
model.
[0121] The network model 320 may outperform existing

models and approaches. The neural network model 320 may
be a network trained using a transfer learning process. The
neural network model 320 may include a network trained for
common speaker casualties transferred to speaker clustering
via transfer learning.

[0122] The neural network model 320 may provide
improved results for misclassification metric (MR) over
existing approaches. The neural network model 320 may
shown an improvement in pure speaker clustering capability
apart from application-dependent nuisances over existing
approaches. The neural network model 320 may learn large-
scale audio classification tasks.

[0123] The neural network model 320 may include a
generic audio embedding model. The generic audio embed-
ding model may differentiate a wide range of voice charac-
teristics and capture acoustic and linguistic content. The
neural network model 320 may include a large-scale audio
classification model such as AlexNet, VGG, Inception, or
ResNet.

[0124] The neural network model 320 is trained using a
neural network training module 324. The neural network
training module 324 is stored at the processor 304.

[0125] The neural network training module 324 imple-
ments a neural network training process. The training pro-
cess may be a supervised learning process.

[0126] The neural network training module 324 uses neu-
ral network training data 326 which is stored in memory
302. The neural network training data 326 is provided as
input to the neural network training module 324 and used to
generate the neural network model 320 as an output.
[0127] In a supervised learning process, both the inputs
and the outputs are provided. The network processes the
inputs and compares resulting outputs against the desired
outputs. Errors are propagated back through the system,
causing the system to adjust the weights which control the
network. This process occurs over and over as the weights
are continually tweaked. The neural network training data
326 enables the training. During the training of a network
the same set of training data 326 may be processed many
times as the connection weights are refined.

[0128] The feature representation 322 is fed to a cluster
model 328. The cluster model 328 is located at the processor
304.

[0129] The cluster model 328 includes a plurality of
clusters. The cluster model 328 assigns the utterance, based
on the feature representation 322, to a cluster according to
a clustering technique. In doing so, the cluster model 328
generates a cluster assignment or label for the utterance
which can differentiate utterances from one speaker in the
conversation from utterances of the other speakers in the
conversation. The labelled utterance (or cluster assignment)
330 is stored in memory 302.

[0130] The clusters correspond to different speakers in the
conversation. For example, the system 300 may process a
conversation having a first speaker (e.g. a doctor) and a
second speaker (e.g. a patient) where the cluster model 328
is configured to assign utterances (using their feature rep-
resentations 322) from the first speaker to a first cluster and
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utterances from the second speaker to a second cluster.
Accordingly, the clusters represent speaker homogenous
components or groupings of utterances from the conversa-
tion.

[0131] The cluster model 328 may use any suitable clus-
tering technique such as hierarchical clustering, spectral
clustering, dominant sets, k-means, or the like.

[0132] The cluster model 328 may perform cluster assign-
ment based on a distance or similarity function. In an
embodiment, the similarity function may use cosine dis-
tance.

[0133] Inanexample, the clustering technique is dominant
sets. Dominant sets is a graph-based clustering algorithm.
Dominant set clustering is a graph-based method that gen-
eralizes the problem of finding a maximal clique to edge-
weighted graphs. A natural application of this method is for
partitioning (clustering) a graph into disjoint sets. In this
framework, a dataset is modeled as an undirected edge-
weighted graph G=(V, E, w) with no self loops, in which the
nodes V are the items of the dataset (represented by feature
vectors). The edges ECVxV are the pairwise relations
between nodes and their weight function w: E—=+R=0 calcu-
lates pairwise similarities.

[0134] A distance matrix for given embeddings can be
computed using the cosine distance to construct a similarity
function. Cosine distance may provide good performance on
speaker classification tasks. Given two utterances and their
m-dimensional feature vectors f; and 1, the following func-
tion can be applied:

olfi 1) = exof- 2L

[0135] In the above function, d is the cosine distance
between given features and a is the similarity scaling param-
eter.

[0136] We formulated o=0,. o, where the similarity scal-
ing factor depends on local neighborhoods of given features
f; and f; and it is determined as follows:

1
oi= g 2, A

keN;

[0137] In the above function, Ni represents the nearest
neighborhood of element i. In an embodiment, INil=7,
[0138] Upon assigning a feature representation 322 to a
cluster, a label may be applied to the feature representation
322 and to the utterance (e.g. utterance audio data 316)
represented by the feature representation 322. The label may
be applied to all feature representations 322 assigned to the
same cluster.

[0139] The cluster label may be generic and non-descrip-
tive, such as cluster 1, cluster 2, etc., or speaker 1, speaker
2, etc. The cluster label may then be used to generate a
speaker identifier (speaker ID) 332. The speaker ID 332 is a
descriptive label for utterances of the same cluster. The
speaker IDs may be used to generate a transcript in which
utterances are attributed to a particular speaker. Example
speaker IDs may include patient and physician, or John Doe
(patient) and Dr. Smith (physician).
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[0140] In an embodiment, the speaker IDs 332 may be
provided by the information gatherer via the user interface
310 prior to or after the conversation. The system 300 may
automatically assign the speaker IDs 332 to the labeled
utterances 330 based on the cluster assignment. In other
cases, the information gatherer user may manually relabel
labeled utterances 330 with speaker ID 332 to generate a
more descriptive transcript.

[0141] In some cases, the cluster label assigned by the
cluster model 328 upon clustering may be a speaker iden-
tifier 332.

[0142] The cluster model 328 may include a classifier
configured to treat labels assigned during clustering as
classes. For example, the classifier may predict a class for
the utterance based on the feature representation 322.
[0143] Utterance audio data 316 is fed to an utterance text
generator 334. The utterance text generator 334 is located at
the processor 304.

[0144] The utterance text generator 334 generates an utter-
ance text 336 comprising a text representation of the utter-
ance from the utterance audio data 316. The utterance text
336 is stored in memory 302.

[0145] The utterance text generator 334 may be configured
to generate a text file (or other text representation) from an
audio file. The utterance text generator 334 may use speech-
to-text software to generate the utterance text 336.

[0146] The utterance text 336 is fed to a transcript gen-
erator 338 which is located at the processor 304. The
transcript generator 338 also receives time data 314 and
speaker ID 332 for the given utterance text 336. In some
cases, the speaker ID 332 may be attributed to utterance text
336 as part of the utterance text generation process carried
out by the utterance text generator 334.

[0147] The transcript generator 338 generates a digital
transcript 340 from the utterance text 336 of a plurality of
utterances. The digital transcript 340 is a text representation
of the conversation that includes two or more utterances. In
this sense, the conversation transcript 340 may cover a
portion of the conversation or the entire conversation.
[0148] To create the transcript 340, the transcript genera-
tor 338 may arrange the utterance text 336 in chronological
order using the time data 314. The transcript generator 338
may also include instructions for the presentation of the
transcript 340 according to a desired format, such as where
each subsequent utterance is presented on a new line to
increase readability. For example, a portion of the transcript
340 may look like this:

[0149] Speaker 1: [utterance text]
[0150] Speaker 2: [utterance text]
[0151] Speaker 1: [utterance text]
[0152] The processor 304 also includes a transcript inte-

grator module 342. The transcript integrator module 342
receives the conversation transcript 340 and integrates the
transcript 340 into an electronic conversation artifact 344. In
some embodiments, this process may be performed auto-
matically by the system 300.

[0153] The electronic conversation artifact 344 may be
stored at the server 22 of FIG. 1. The electronic conversation
artifact 344 may be generated via an artifact generator
module which may be located at the electronic artifact server
22 of FIG. 1. The artifact generator module may be part of
an electronic artifact management system operating at the
electronic artifact server 22 and the information gatherer
device 18.
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[0154] The electronic conversation artifact 344 may be an
electronic medical report (EMR), a police report (e.g. wit-
ness report, victim statement, etc.), or the like. The elec-
tronic conversation artifact 344 may be a formal electronic
representation of the conversation having a predefined for-
mat and that includes certain mandated or required infor-
mation about the encounter for documentation and record
keeping purposes. Different types of artifacts 344 may have
different required information and different formats.

[0155] In many cases, industry-specific electronic conver-
sation artifact management systems such as EMR systems
may already be in use. Accordingly, the transcript integrator
342 may be configured to operate in conjunction with such
existing software systems by facilitating the import of the
transcript 340 into the conversation artifact 344 including
any necessary format conversion.

[0156] The transcription integrator module 342 may allow
a user to select what portions of the transcript goes into the
artifact 344 (e.g. an excerpt). In some cases, such as where
full documentation of the conversation is critical or required,
the whole transcript 340 may automatically be imported into
the artifact 344.

[0157] The transcript integrator module 342 may allow a
user to edit or add content to the artifact 344 that is related
to the transcription 340, such as annotations or notes.

[0158] The transcript integrator module 342 provides a
visual display of the transcription 340 to be integrated into
the artifact 340 for approval by a reviewer (e.g. the infor-
mation gatherer, such as a documenting physician).

[0159] The transcript integrator module 342 may be con-
figured to convert the transcript 340 into another format that
is accepted by the artifact management system prior to
importing the transcript 340 into the artifact 344.

[0160] The system 300 is also configured to analyze
utterance data (utterance audio data 316 or utterance text
336), determine a subject matter or topic that has been
discussed, and generate a suggestion or recommendation to
the information gatherer that can be presented via the user
interface 310 at the information gatherer device 18.

[0161] The processor 304 includes an utterance analyzer
346. The utterance analyzer 346 receives an utterance (e.g.
utterance text 336 or utterance audio data 316) and analyzes
the utterance to detect one or more subject matters or topics
of the utterance. In a medical context, detected topics may
include a particular disease, or a potential diagnosis, treat-
ment, prescription, referral, prognosis, etc. The utterance
may be utterance audio data 316 or utterance text data 336.

[0162] The utterance analyzer 346 uses machine learning
to generate a subject matter determination 348. In an
embodiment, the utterance analyzer 346 may include a
machine learning model (e.g. a trained classifier) configured
to receive an utterance as an input and generate a subject
matter determination (e.g. classification) as an output.

[0163] In an embodiment, the utterance analyzer 346
includes a text classifier configured to perform text classi-
fication on utterance text data 336 to identify a subject
matter.

[0164] The utterance analyzer 346 may analyze all utter-
ances or a subset of utterances. The subset may include a
single utterance, commonly labelled utterances (i.e. utter-
ances from a particular speaker, such as a patient), or a
conversation transcript 340.
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[0165] The utterance analyzer 346 may be configured to
analyze utterance text 336 or some other digital represen-
tation of the utterance (e.g. audio data of the utterance).
[0166] The utterance analyzer 346 receives the utterance
text 336 as an input, analyzes the utterance text 336 for
subject matter and outputs one or more utterance subject
matters or topics 348.

[0167] The utterance subject matter 348 is fed to a prompt
generator 350. The prompt generator 350 is located at the
processor 304.

[0168] The prompt generator 350 is configured to generate
a subject-matter related prompt 352 based on the utterance
subject matter 348. The prompt 352 is presented to the
information gatherer via visual (e.g. text) or auditory pre-
sentation. For a visual prompt, the prompt 352 is displayed
via the user interface 310 at the information gatherer device
18. Visual presentation of the prompt 352 may advanta-
geously provide discreet presentation and assistance to the
information gatherer without knowledge of the information
provider.

[0169] Prompts 352 may be stored in a prompt database.
The prompt 352 may be linked in the prompt database to an
utterance subject matter 348 such that inputting or querying
a particular utterance subject matter 348 returns a prompt for
that utterance subject matter 348. Generally, the utterance
subject matter determination 348 is descriptive enough to
allow a meaningful prompt 352 to be identified and dis-
played to the information gatherer.

[0170] The prompt 352 may be a suggestion or a question.
The prompts 352 may be designed to assist the information
gatherer navigate the conversation and/or analyze the infor-
mation provided by the information provider. For example,
in a medical context the utterance analyzer 346 may analyze
the utterance text 336 and detect that disease X (i.e. utter-
ance subject matter 348) has been discussed. The utterance
subject matter 348 of disease X is provided to the prompt
generator 350 which generates a prompt 352 comprising a
suggestion “have you considered prescribing drug Y?”
[0171] In some embodiments, the utterance analyzer 346
may include a machine learning model configured to receive
an utterance as input and output a prompt. The prompt
outputted from the machine learning process may be con-
verted to a suitable output format and transmitted or stored,
as necessary.

[0172] The utterance analysis and prompt generation and
output capabilities of the computer system 300 and other
systems described herein may have application across a
variety of fields. One particular field of application is
medical consultation. In an embodiment, the computer sys-
tem 300 can process audio of a medical consultation (e.g.
between a doctor and a patient) and generate a prompt that
suggests, recommends, or indicates a medical diagnosis for
the patient based on the processed audio of the conversation.
In another embodiment, the computer system 300 can pro-
cess audio of a medical consultation and generate a prompt
which suggests, recommends, or indicates one or more
questions (e.g. a set of questions) to ask the patient and
present the prompt to the information gatherer. The question
determination process may use patient medical history data.
In another embodiment, the computer system 300 can pro-
cess audio of a medical consultation and generate a prompt
which suggests, recommends, or indicates a potential side
effect of a medication or medication exceptions based on
patient medical history data or patient prescription data.
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Medication exceptions include medications that should not
be used by or prescribed to the patient based on one or more
factors, such as prior adverse reactions, adverse drug inter-
actions, etc. In cases where the prompt generation process
utilizes data other than audio data from the medical consul-
tation in the analysis, such as patient medical history data
and patient prescription data, such other data may be stored
by or is otherwise accessible to the computer system 300
(e.g. in memory 302). The prompts may be generated and
provided to a recipient device in real-time, such that the
information gatherer can be prompted without significant
interruptions in the consultation or without materially inter-
rupting the flow of the conversation.

[0173] Referring now to FIG. 4, shown therein is an
example audio processing and transcription pipeline 400
carried out by the system 300 of FIG. 3, according to an
embodiment. Aspects of the pipeline 400 are carried out by
the audio processing server 12 of FIG. 1.

[0174] As shown, the pipeline 400 starts with conversation
audio data 312. The conversation audio data 312 is a digital
representation of a conversation between an information
gatherer and an information provider. The conversation
audio data 312 is generated by the audio capture device 16
and provided to the audio processing server 12 for process-
ing.

[0175] The conversation audio data 316 is provided to the
segmentation module 314, which generates utterance audio
data 316 for a plurality of utterances.

[0176] The utterance audio data 316 is passed to the CNN
model 320, which generates the feature representation 322.
[0177] The feature representation 322 is passed to the
cluster model 328, which generates a cluster assignment 330
by assigning the feature representation 322, and the utter-
ance represented thereby, to a cluster according to a clus-
tering technique.

[0178] The utterance audio data is also passed to the
utterance text generator 334, which generates utterance text
data 336 comprising a text representation of the utterance.
[0179] The utterance text data 336, cluster assignment
330, and speaker ID 332 are passed to the transcript gen-
erator 338. The utterance text data includes time data 318
indicating the chronological position of the utterance in the
conversation. The transcript generator arranges the text
utterances 336 in chronological order using the time data
318 associated with the utterances. The transcript generator
338 assigns a speaker ID label 332 to each of the utterances
based on the cluster assignment 330 for each utterance. The
resulting conversation transcript 340 includes text of the
utterances arranged in chronological order with each utter-
ance attributed to a speaker according to the speaker ID 332.
[0180] The digital transcript 340 is passed to the transcript
integrator module 342, which incorporates the digital tran-
script 340 (or an excerpt therefrom) into the electronic
conversation artifact 344.

[0181] Referring now to FIG. 5, shown therein is a method
500 of generating a transcript via the system 300 of Figure
in a medical context, according to an embodiment. The
medical context includes a patient visiting a physician for a
consultation. The consultation includes a conversation
between the patient and the physician wherein the patient is
the information provider and the physician is the informa-
tion gatherer.

[0182] Optionally, prior to the start of the conversation the
physician may input speaker IDs 332. In an embodiment,
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this may include the physician inputting his name and the
patient’s name via the user interface 310 at the information
gatherer device 18. In other cases, the speaker IDs 332 may
be autopopulated according to an appointment record which
includes a physician name and a patient name.

[0183] At 510, audio of the conversation between the
physician and the patient is captured via the audio capture
device 16 and conversation audio data 312 is generated
therefrom.

[0184] At 512, the conversation audio data 312 is trans-
mitted from the audio capture device 16 to the audio
processing server 12 via the network 20.

[0185] At 514, the conversation audio data is segmented
into speaker specific utterances 316 via the segmenter mod-
ule 314. The speaker specific utterances 316 include patient
utterances and physician utterances. In an example, a phy-
sician utterance may comprise a question, such as “do you
have any pain?” and a patient utterance may comprise an
answer to the question, such as “yes, I have been experi-
encing a shooting pain down my leg”.

[0186] At 516, the utterance generated at 514 is passed to
the neural network model 320 which generates the feature
representation 322 of the utterance 316.

[0187] At 518, the feature representation 322 is passed to
the cluster model 328. The cluster model 328 assigns the
feature representation 322 to a cluster. The cluster label
associated with the assigned cluster is assigned to the
utterance on which the feature representation 322 is based.
For example, physician utterances may be assigned to a first
speaker cluster and patient utterances assigned to a second
speaker cluster.

[0188] At 520, a speaker ID 332 is assigned to the utter-
ance based on the cluster label applied to the feature
representation 322. For example, utterances having a first
speaker label assigned during clustering may be given a “Dr.
Smith” speaker 1D 332.

[0189] At 522, a text representation (utterance text data
336) of the utterance is generated using the utterance audio
data 316 via the utterance text generator 334. The text
representation may be generated prior to, during, or after the
processing of the audio data via the neural network and
cluster models 320, 328.

[0190] At 524, the transcript generator 338 generates a
conversation transcript 340 using the utterance text 336 (and
text representations of other utterances), speaker ID 332, and
time data 318. The transcript includes utterances arranged in
chronological order and attributed to either the physician or
the patient.

[0191] At 526, the conversation transcript 340 is displayed
at the information gatherer device 18 via the user interface
310. This allows the physician to review and confirm the
transcript 340 and include any notes.

[0192] At 528, the conversation transcript 340 is incorpo-
rated into an electronic medical record (electronic artifact
340) for the patient. This may occur automatically upon the
physician approving the transcript 340 at 526. In other cases,
the physician may be presented with the option to import the
transcript 340 into the EMR via a selectable icon or the like
in the user interface 310.

[0193] Referring now to FIG. 6, shown therein is a method
600 of generating a subject matter prompt 352 via the system
300 of FIG. 3 in a medical context, according to an embodi-
ment. The medical context includes a patient visiting a
physician for a consultation. The consultation includes a
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conversation between the patient and the physician wherein
the patient is the information provider and the physician is
the information gatherer.

[0194] At 610, audio is captured of a conversation
between a physician and a patient via the audio capture
device 16. The audio capture device 16 generates audio data
312 representing the conversation.

[0195] At 612, the audio data 312 is transmitted to the
audio processing server 12 via the network 20.

[0196] At 614, the audio data 312 is segmented into
speaker specific utterances 316.

[0197] At 616, the utterances audio data 316 is processed
into utterance text 336 via the utterance text generator 334.
[0198] At 618, the utterance text 336 is analyzed via the
utterance analyzer 346. In some cases, the conversation
transcript 340 may be generated and provided to the utter-
ance analyzer 346.

[0199] The analysis of the utterance text may include
some form of topic detection or text classification. For
example, the utterance text may be analyzed and classified
according to medical topic. Medical topics may include
potential medical conditions. Topics may be detected based
on the content of the conversation. The utterance analyzer
346 may analyze the utterance text and determine the
conversation is about Condition X (i.e. subject matter deter-
mination 348).

[0200] At 622, the prompt generator 350 generates a
patient care prompt 352 based on the subject matter deter-
mination 348. For example, the prompt 352 may be a
condition X-specific prompt such as suggesting a specific
prescription for condition X or a diagnosis of condition X.
Prompts 352 may be stored and linked to the subject matter
determinations 348.

[0201] At 624, the patient care prompt 352 is transmitted
from the audio processing server 12 to the information
gatherer device 18.

[0202] At 626, the patient care prompt 352 is displayed on
the information gatherer device 18 via the user interface 310.
In other cases, the prompt 352 may be or include an auditory
prompt. In the medical context, a visual prompt on the
physician device 18 may be more suitable so as to not alert
the patient.

[0203] Specific embodiments of the systems of the present
disclosure implementing a speaker clustering approach will
now be described.

[0204] Speaker clustering is the task of segmenting avail-
able speaker utterances into speaker homogeneous sections
or groupings (i.e. clusters).

[0205] Speaker clustering tasks include allocating the
given speaker-specific utterances into a set of components,
wherein each component contains utterances from a single
speaker. The number of components should be equal to the
number of unique speakers in the utterance set. The system
is not aware of the identity of the speakers. It is called
speaker diarization when the task of segmenting the audio
stream into speaker-specific utterances is handled simulta-
neously.

[0206] Speaker Verification (SV), Speaker Identification
(SI), and Audio Classification (AC) are some of the relevant
problem domains to speaker clustering where some of the
solution techniques can be fostered. Speaker Verification
tasks include evaluating whether a voice utterance belongs
to a given speaker or not. Speaker Identification tasks
include identifying the correct speaker for an utterance.
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Audio Classification is a multiclass classification problem
where a label out of n labels is added to a given audio
recording. The imperceptibility regarding the identity and
the number of speakers may make the speaker clustering
problem a much more complex task than Speaker Verifica-
tion, Speaker Identification, and Audio Classification.
Speaker Verification, Speaker Identification, and Audio
Classification are supervised problem domains, but speaker
clustering is a completely unsupervised problem wherein the
identity of speakers and the number of utterances per
speaker is unknown.

[0207] Speaker Clustering is considered to be a prominent
research area due to its potential usage in various tasks,
domains, and application areas including conference/meet-
ing minutes summarization, as a pre-processing step in
automatic speech recognition, or as a component of an
information retrieval system for audio archives. Further,
Speaker Clustering may represent an abstract prototype for
speaker diarization and may be a potential component in
automated medical scribing systems, which intend to reduce
the burden on human scribes.

[0208] Existing approaches have considered hand-crafted
features and deep feature representations.

[0209] Traditionally, lower level feature extraction has
been performed using Traditionally Mel Frequency Cepstral
Coeflicient (MFCC), Perceptual Linear Prediction (PLP),
Line Spectral Frequencies (LSP), Pitch and the extracted
features modelled using techniques such as Gaussian Mix-
ture Models, Universal Background Model and i-vectors.
Performance from directly clustering hand-crafted features
using the above techniques has been shown to have a glass
ceiling.

[0210] Embodiments of the present disclosure may imple-
ment a speaker clustering pipeline, as shown in FIG. 7. The
speaker clustering pipeline may be implemented by the
audio processing server 12 of FIG. 1 or the computer system
300 of FIG. 3.

[0211] FIG. 7 illustrates speaker clustering pipeline 700,
according to an embodiment. The speaker clustering pipe-
line 700 includes three stages. The input to the pipeline 700
includes audio utterances outputted by a segmentation pro-
cess (e.g. utterance audio data 316 outputted via segmenta-
tion module 314 of FIG. 3).

[0212] At a first stage 710, an acoustic feature extraction
process is applied to the audio utterances to generate lower
level acoustic features.

[0213] At a second stage 712, voice feature aggregation
via speaker modeling is performed on the extracted lower
level features to generate a voice feature-based representa-
tion (e.g. feature representation 322 of FIG. 3).

[0214] Stages 710 and 712 may be performed via a neural
network model such as CNN model (e.g. neural network
model 320 of FIG. 3).

[0215] At a third stage 714, a clustering technology is
applied to the voice feature-based representation to generate
clustered utterances. The clustered utterances includes a
cluster assignment wherein the assigned cluster includes
speaker homogeneous utterances.

[0216] Referring now to FIG. 8, shown therein is a model
architecture 800 of a CNN model for embedding extraction,
according to an embodiment. The CNN model may be
neural network model 320 of FIG. 3.

[0217] The CNN model is structured with a combination
of convolutional and max-pooling layers with padding size
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2x2, 3x3, respectively, followed by three fully connected
layers with 4096, 4096, and 128 nodes, respectively.
[0218] The CNN model is a VGG model trained for
large-scale audio classification tasks which differentiates
1000 classes of audios. VGG is a neural network model
trained using Audioset with 1,010,480 random YouTube
videos of 2,793.5 hours. It is an intuition that a model which
is trained with this diverse set of acoustic database may have
better generic speaker nuances than other generic audio
embeddings.

[0219] The model of FIG. 8 may have an improved MR
compared to existing models. Misclassification Rate (MR)
may be used to evaluate the clustering performance. MR
may be characterized by the following equation:

13
MR = — e

NZ o
J=1

[0220] N corresponds to the total number of utterances to
be clustered, Nc to the number of speakers (=clusters) and
ej to the number of incorrectly assigned utterances of
speaker j. MR lies between 0 and 1 where O indicates the
perfectly clustered utterances without any mis assignments
to nonmatching clusters and 1 correspond to the scenario
where all the speaker utterances are clustered to false
speakers.

[0221] Current embedding extraction approaches may
have performance concerns. For example, experiments per-
formed on current embedding extraction approaches show
that their performance on same quality unseen data is not as
expected as the audio feature representation from that model
overfitted to the training data of TIMIT. of such models on
unseen data. Further, it was identified that the extracted 512,
1024 feature dimensions include some non-relevant or
redundant features by observing the same performance with
reduced dimensions.

[0222] Embedding Extraction

[0223] One approach to improving model performance
may include shifting focus to generic audio embeddings
which can differentiate a wider range of voice characteristics
and capture both acoustic and linguistic content.

[0224] Large-scale audio classification models including
AlexNet, VGGish (slightly modified VGG), Inception, and
ResNet may be potential candidates for the application of
speaker clustering.

[0225] Out of these large-scale audio classification mod-
els, VGGish was selected. VGGish was trained using Audio-
set with 1,010,480 random YouTube videos of 2,793.5 hrs.
[0226] It is an intuition that a model which is trained with
this diverse set of acoustic databases will have better generic
speaker nuances compared to other generic audio embed-
dings.

[0227] Thus, we experimented with the VGGish model
trained for large scale audio classification task which dif-
ferentiates 1000 various acoustic classes.

[0228] We extracted the time series data of the audio
utterance using a librosa library and extracted mel features
from the audio utterance with a Fast Fourier Transform
(FFT) window having a length of 25 ms and a window hop
length of 10 ms.

[0229] The time series data may be an audio signal,
denoted by v, and represented as a one-dimensional numpy.
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ndarray of floating-point values. y[t] corresponds to ampli-
tude of the waveform at sample t.

[0230] The window may be a vector or function used to
weight samples within a frame when computing a spectro-
gram. The frame may be a short slice of the time series used
for analysis purposes which may correspond to a single
column of a spectrogram matrix. The window length may be
the length (width) of the window function (e.g., Hann
window). The window length may be smaller than the frame
length used in a short-time Fourier transform. The window
length may be denoted as a positive integer variable win_
length. The hop length may be the number of samples
between successive frames, e.g., the columns of a spectro-
gram, and may be denoted as a positive integer hop_length.

[0231] From each window data 64 mel frequencies are
extracted.
[0232] From the extracted embeddings, 960 ms data is

gathered to create a two-dimensional frame (single spectro-
gram frame). The two-dimensional frame is used as the unit
input for the convolutional VGG model. A frame may be a
short slice of a time series used for analysis purpose and may
correspond to a single column of a spectrogram matrix. The
spectrogram may be a matrix S where the rows index
frequency bins, and the columns index frames (time). Spec-
trograms may be either real-valued or complex-valued. By
convention, real-valued spectrograms are denoted as numpy.

ndarrays.

[0233] The pixel size of the single spectrogram frame is
64%96.

[0234] For a given utterance, the data is provided to the

VGGish network as a batch of frames (a prepared spectro-
gram batch), where the number of frames is determined by
the time length of the audio data.

[0235] The prepared spectrogram batch is provided as the
input for the VGGish network and audio embeddings are
extracted from all 13 layers of the network to identify the
best embeddings layer which discriminates the speakers
well.

[0236] From VCTK corpus, 40 speakers were randomly
selected with ten utterances per speaker. Selected per
speaker utterances were combined into two big utterances
joining the first eight and last two utterances together so that
the actual cluster contains two utterances per cluster. Finally,
dominants sets clustering was applied on the embeddings
using cosine as the distance metric and the clustering
performance was measured using misclassification rate.
[0237] The VGGish model was evaluated with state of the
art models VGGVox and RNN with TIMIT Small, TIMIT
full, VCTK small, Noisy VCTK, and Sinhala ASR.

[0238] Misclassification Rate (MR) may be used to evalu-
ate clustering performance according to the following equa-
tion:

N
[0239] N corresponds to the total number of utterances to
be clustered.
[0240] Nc corresponds to the number of speakers (=clus-
ters).
[0241] ej corresponds to the number of incorrectly

assigned utterances of speaker J.
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[0242] MR lies between 0 and 1, where O indicates that all
utterances are perfectly clustered without any mis-assign-
ments and 1 indicates that all utterances are assigned in
correct clusters.

[0243] Referring now to architecture 800, the CNN
includes a plurality of convolutional layers, max pooling
layers, and fully connected layers.

[0244] The colored squares in the architecture 800 indicate
the accuracy while FIG. 9, described below, shows the
Misclassification rate, depicting the case that as the layer
depth increases the MR is reduced while once it passes layer
828, then again MR goes up. So, FIG. 8 shows how
Miscalculation rate is lower (the image depicts the inverse
with the number of squares).

[0245] The convolutional layers include convolutional
layers 810, 814, 818, 820, 824, and 826.

[0246] The max pooling layers include max pooling layers
812, 816, 822, and 828.

[0247] The fully connected layers include fully connected
layers 830, 832, and 834.

[0248] Embeddings from all thirteen layers 810-834 of the
CNN model 800 (VGGish model) were extracted and evalu-
ated for the clustering performance.

[0249] For the fully connected layers 830, 832, 834, the
two-dimensional embeddings were averaged over the vec-
tors in a single batch.

[0250] For the max pooling layers 812, 816, 822, 828 and
the convolutional layers 810, 814, 818, 820, 824, 826, the
output embeddings were in 4 dimensions. Therefore, the
embeddings were averaged over the frames in a single batch.
[0251] Referring now to FIG. 9, shown therein is a graph
900 showing performance of each embedding layer of the
model 800 of FIG. 8 for the speaker clustering task. The
graph 900 includes a horizontal axis 910 which represents
the actual clusters in the selected data and a vertical axis 912
which represents the misclassification rate (MR) value.
[0252] The labels of the layers in graph 900 correspond to
the network architecture 800 of FIG. 8. The layer .11 in
graph 900 represents the clustering performance using the
flattened embeddings of layer [.10. As shown, as the layer is
deeper, the MR is reduced and .10 is where the least MR,
while as soon as you pass 110, MR becomes higher as you
near [14.

[0253] The embeddings from top layers closely relate to
the handcrafted mel features showing poor performance for
the speaker clustering task. The top layers are the CNN
layers that are near L.1.

[0254] The embeddings from the bottom layers summa-
rize the learning showing better performance for clustering.
Bottom layers include the ones that are approaching to L.10,
where 110 is the most optimal and has the lowest MR.
[0255] When getting closer to the final softmax layer, the
learning captures the information for the classification task
and the performance deteriorates again.

[0256] The best performing embeddings extracted from
the final max pool layer 110 (layer 128 of FIG. 8) with
respect to the above argument. The softmax is the deepest
layer (e.g. it may be the 13 or 14th layer), however the
performance deteriorates shown by increased MR.

[0257] The CNN model 320 for speaker clustering
described herein may provide competitive performance on
different datasets.
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[0258] Existing state-of-the-art approaches, such as RNN
and VGGVox (VoxCeleb) may have an inability to distin-
guish unseen data.

[0259] The competitive performance of the VGGish
embedding layer was verified on unseen data by testing the
clustering performance on both TIM IT and VCTK corpus.

[0260] Table 1 shows the MR variation for TIMIT and
VCTK for an embodiment of the CNN model of the present
disclosure (VGGish trained using Audioset) compared to
state-of-the-art VGG Vox (VoxCeleb) and RNN models on
unseen data from datasets including TIM IT small, TIMIT
full, TIMIT full (k-means), VCTK small, Noisy VCTK, and
Sinhala ASR:

VGGVox VGGish

Datasets RNN (VoxCeleb) (Audioset)

TIMIT small 0.04 0.0 0.0

TIMIT full 0.26 0.035 0.027

TIMIT full

(K-Means)

VCTK Small 0.20 0.04 0.01

Noisy VCTK 0.48

Sinhala ASR 0.614 0.521 0.512
[0261] As the number of speakers increases, the K-Means

clustering may show better results than dominant sets after
a threshold of 400 speakers. This emphasizes an intuition
that with a very large number of speakers, DS clustering is
miscalculating the speaker numbers while it performs sig-
nificantly better compared to other approaches when the
speakers are under 400.

[0262]

[0263] Table 2 below shows the performance of both
VGGVox and VGGish in terms of MR on noisy data
extracted from VoxCeleb according to geographical regions
with minimum 30 speakers per region.

Noise and Language Sensitivity Analysis

Region/ VGGVox VGGish

Speakers AHC KM DS AHC KM DS
Aus (30) 037 038 024 021 021 013
USA (40) 041 044 040 035 033 022
UK (40) 035 033 031 028 024 020
Ca (40) 031 026 026 024 022 018
[0264] As shown, the Dominant Sets (DS) clustering

method proved to be better compared to agglomerative
hierarchical clustering (AHC) and K-means (KM), due to its
ability to identify the number of speakers when there is a
small number of actual clusters available in the data. Fur-
thermore, VGGish embeddings-based clustering is shown to
be more robust against noisy environment and change of
speaker accents. This may be supported by the ability of
VGGish model to distinguish a wider range of voice char-
acteristics.

[0265] Table 3 below shows testing of the language sen-
sitivity of the models. As shown, better results were obtained
for VGGish. It is not a significant improvement compared to
VGGVox, but it is an improvement in terms of capturing
acoustic features from different languages.
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VGGVox VGGish
Dataset RNN (VoxCeleb) (Audioset)
Sinhala 0.614 0.521 0.512
ASR
Chinese 0.634 0.536 0.517
dateset
[0266] Proposed herein is a new deep audio embedding

extraction mechanism for the speaker clustering pipeline.
This method uses the application of transfer learning applied
to a pre-trained AC model. It outperforms the VGGVox
approach and other clustering techniques, and proved to be
more robust against noisy utterances, accent variations and
different languages. Further it is identified that the perfor-
mance of a clustering algorithm may depend on the number
of speakers and embeddings type. The speaker clustering
performance was measured with noisy utterances, accent
variations and language differences.

[0267] Features may include the application of various
domain adaptation techniques to improve the performance
of this method on noisy utterances, accent variations and
language variations. Additional features may include scaling
the number of utterances belonging to a unique speaker/
cluster to match with real world use cases.

[0268] Datasets and data preparation techniques used for
experiments used to test models described herein will now
be described. Experiments were performed with a specific
number of speakers from TIMIT dataset. The TIMIT dataset
is composed of 6,300 phrases (10 phrases per speaker),
spoken by 438 males (70%) and 192 females (30%) sampled
at 16 kHz. Speakers coming from 8 different regions and
having different dialects. Then VCTK speech data uttered by
109 native speakers of English with various accents where
each speaker has 400 sentences was used. Data was sampled
at 48 kHz.

[0269] For experimental purposes we used TIMIT small
(40 Speakers), TIMIT full (630 Speakers) and VCTK small
(40 Speakers) notations were used and followed the notation
of Sinhala ASR for new dataset. We use VoxCeleb dataset
was used to evaluate the embedding extraction mechanism
against noisy data and speaker accent variation. To analyze
the language sensitivity of the model, the models were
evaluated using Sinhala language utterances from Sinhala
Automated Speech Recognition (ASR) and Chinese man-
darin datasets in Open Speech and Language Resources.
[0270] To ensure enough training data, 8 of the 10 sen-
tences for each speaker were used for training. The remain-
ing two sentences, corresponding to approximately 5 sec-
onds, were used as test data.

[0271] In another embodiment, the systems of the present
disclosure (e.g. computer system 300 of FIG. 3) include a
speaker identification subsystem. The speaker identification
subsystem may include one or more computer programs
comprising computer-executable instructions that, when
executed by a processor of the system (such as processor 304
of FIG. 3), cause the system to perform various speaker
identification functions described herein.

[0272] The speaker identification subsystem may be
implemented by an audio processing server, such as the
audio processing server 12 of FIG. 1.

[0273] The speaker identification subsystem may be used
to determine the identity of a speaker. In an example, the
speaker identification subsystem may be configured to pro-
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cess audio of a conversation between a healthcare profes-
sional and a patient and determine an identity for the
healthcare professional (e.g. Dr. Smith) and an identity for
the patient (e.g. John Doe). The speaker identification sub-
system may be used together with speaker clustering func-
tionalities to provide improved audio processing and con-
versation transcript generation.

[0274] The speaker identification subsystem may include
an end to end speaker model for speaker identification with
minimal training.

[0275] In an embodiment, the speaker identification sub-
system includes an attention-based LSTM model.

[0276] Details of various embodiments of the speaker
identification subsystem will now be provided.

[0277] Deep learning has achieved good popularity and, in
some cases, has outperformed GMM and i-vectors for
speaker recognition. Neural network approaches have
obtained promising results when fed by raw speech samples
directly. A modified convolutional neural network (CNN)
architecture called SincNet (referred to herein as “sincnet”),
based on parameterized sinc functions, may offer a very
compact way to derive a customized filter bank in short
utterance. The filter bank is an array of band-pass filters that
separates the input signal into multiple components. SincNet
is based on parameterized Sinc functions, which is imple-
mented using band-pass filters. Customized filter bank
describes the Sinc function in sincnet.

[0278] The present disclosure provides an attention-based
Long Short-Term Memory (LSTM) architecture that may
enable discovery of more meaningful speaker-related fea-
tures with minimal training. An attention layer built using
neural network technology may offer a unique and efficient
representation of the speaker characteristics explore the
connection between an aspect and the content of short
utterances. In order to identify the speaker in a system, the
speech should represent unique characteristics. However,
the previous methods include a lot of unrelated features in
the speaker representations. In order to avoid the unrelated
features in this mechanism, attention to the speaker-related
features is needed. An attention layer built using neural
network technology helps in achieving this task and helps to
represent the speaker characteristics.

[0279] Experiments carried out on speaker identification
tasks show that the proposed architecture may converge
faster and perform better than sincnet.

[0280] Speaker identification includes classifying an iden-
tity of an unknown voice among a set of speakers. Speaker
identification may have a broad scope on various research
areas with application across many domains such as foren-
sics, biometric authentication, speech recognition, and
speaker diarization. Earlier state-of-the-art models include
models based on the i-vector representation of speech seg-
ments, which offered significant advancements over previ-
ous Gaussian Mixture Model-Universal Background Models
(GMMUBMs). Deep learning has provided success in vari-
ous speech-related tasks, including recent research in
speaker identification. Deep Neural Networks (DNNs) have
been used within the i-vector framework to compute frame-
level feature extraction.

[0281] DNNs have also been used as an end to end
learning model for direct classification of speakers because
of the elegant and brute force nature of deep learning. Even
Though coefficients have been used in past research, there
are no guarantees that such representations are optimal for
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all speech-related tasks because these engineered features
are originally designed from perceptual evidence. Recent
works reveal that CNN has been a successtul architecture for
processing raw speech samples, with CNN’s built-in fea-
tures such as weight distribution, local filters, and pooling
helping the retrieval of robust and invariant representations.
A restrained CNN architecture for speech recognition named
sincnet, which includes of a set of parametrized sinc func-
tions that implement band-pass filters, may ease the network
to perform better than the previous speaker identification
systems. It has been observed that sincnet comprehends the
fine tuning on low-level feature extraction but did not study
about the higher-level feature extraction. There are two
types of feature extractions done in speaker identification
tasks. The first is a low-level feature embedding extraction.
The second is a high-level feature embedding extraction.
Low-level feature extraction focuses on the extraction of
acoustic information such as cepstral features and other
voice parameters from raw audio. High-level feature extrac-
tion focuses on the extraction of phonetic, prosodic, or
lexical information and other speaker-related characteristics.
The output after a low-level feature extraction is fed as the
input for high-level feature extraction. The SincNet meth-
odology focuses on giving an effective low-level feature
extraction means the scope is limited to low-level feature
extraction. The filters learned by the sincnet may carry some
incongruous multi-band shapes, especially when the number
of training samples is very low. This representation makes
some sense for the neural network but does not appear to be
an efficient representation without higher-level feature fine-
tuning of the speech signal, which may need some automatic
feature selections from the clusters of features.

[0282] To help the sincnet discover more meaningful
filters in the input layer, the present disclosure provides an
approach which adds an attention-based LSTM layer to the
sincnet implementation. This architecture may achieve bet-
ter representation of the speech embeddings.

[0283] Compared to the sincnet model, where the low-
level speech characteristics are well represented and convo-
Iuted with the waveform with a set of parametrized sinc
functions that implement band-pass filters, a similar
approach has been followed on the higher level using the
attention layer. The attention layer may take each represen-
tation and give a weighted attention representation automati-
cally. This solution may offer considerable flexibility and
may force the network to concentrate only on the unique
speaker characteristics with broad impact on the speaker
identification task with minimal training. The use of the
attention mechanism of the present disclosure may provide
a way to search for the information related to the speaker and
thus obtain better high-level embeddings, including better
performance on speaker identification using the extracted
embeddings. Further, the obtained higher-level embeddings
are more discriminative than the existing model.

[0284] Experiments on this approach have been carried
out under challenging but practical conditions, defined by
minimal training data (e.g. 12-15 seconds for each speaker)
and short test utterances (lasting from 2 to 6 seconds).
Results obtained on two datasets show that the proposed
attention-based LSTM achieves better accuracy on the
speaker identification task than an existing state of the art
model. Under the considered experimental setting, the archi-
tecture of the present disclosure also outperforms a more
traditional speaker identification system based on i-vectors.
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[0285] Details of the attention and LSTM layer architec-
ture, according to an embodiment, will now be described.

Long Short-Term Memory (LSTM)

[0286] Recurrent neural network (RNN) is an extension of
the standard feed-forward neural network. Long Short-Term
Memory networks (called “LLSTMs”) are an enhanced ver-
sion of RNN capable of learning long-term dependencies
while avoiding gradient vanishing and exploding problems.
The LSTM architecture includes three gates and a cell
memory state.

[0287] Referring now to FIG. 10, shown therein is an
architecture 1000 of a standard LSTM.

[0288] {x,, X, . ..TL,} represents the low level features of

an utterance.

[0289] {h,, h,, ..., h} is the hidden vector.

[0290] Each Long short-term memory cell can be formed

using the following equations:
X=[h, %] (€9
F=o(W;. . . X+b) )
i=o(W;:X+b;) ®
0=0(W,X+b,) 4
e, =f,Oc, 1+, tan h(W_X+b,) 3)
h=0,0 tan h(c,) 6)

[0291] The weights and the biases of the input, forget, and

output gates W,, W, W, e R**?and b,, b, b, € R, respec-
tively.

[0292] o is the sigmoid function and © stands for element
wise multiplication.

[0293] x, and h,i are input and output hidden vectors,
respectively.

Attention Layer with LSTM

[0294] The unidirectional LSTM cannot distinguish which
is the essential part for speaker Identification. Bidirectional
LSTMs are an extension of traditional LSTMs that can
improve model performance on sequence classification
problems. In speaker identification tasks, a speaker voice
utterance can be considered a sequence of time-stamped
events which makes speaker identification task a sequence
classification problem (an utterance may contain a sequence
of' words). Unidirectional LSTM only learns in one direction
at the same time. Bidirectional LSTM learns from forward
and backwards. Bidirectional LSTM makes use of past data
as well as future data, which helps tune the weights of the
model in a way that the model can identify the essential part
of speaker utterances. While bidirectional LSTM may pro-
vide efficient results as the bidirectional LSTM (or bi-
LSTM) can understand context better, the bidirectional
LSTM lacks on setting the unique features from the long
dimensional feature vector. To address this issue, the present
disclosure provides an attention mechanism that can grab a
key part of speech features.

[0295] Referring now to FIG. 11, shown therein is an
architecture 1100 of an attention-based Bi-LSTM, according
to an embodiment. The attention-based Bi-LSTM may be
used as part of a speaker identification subsystem of the
present disclosure.
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[0296] {c, ..., @k, {Wy, W, ..., W,} represent the
attention vectors and the utterance representations, respec-
tively.

[0297] The attention mechanism produces an attention
weight vector a and by multiplying the attention with the
hidden vectors h produces the context vectors w. This
procedure can be explained using the following equations:

=<7, B s @)
Wt:htxat (8)
[0298] These context vectors may better represent the

most important part of utterances when different aspects are
considered.

[0299] Several works have recently been explored in the
speaker identification field. Deriving speaker-related char-
acteristics from short utterances has been a difficult task
throughout time. Development on deep learning such as
DNN, CNN and LSTM, however, has helped significantly in
selecting the unique features. Even though the i-vector
system reduces the supervector dimension and effectively
summarizes utterances, modified CNN architectures that
utilize the sinc filters for time-domain audio processing from
raw waveforms have been shown to outperform on both
speaker identification tasks and speaker verification tasks.
Studies show that sincnet may effectively summarize the
raw audio form better than the MFCC and Raw CNN.

[0300] The architectures of the present disclosure may
focus on higher-level speech embedding, which may only
consider the needed features for the speaker identification
tasks and may neglect the irrelevant characteristics for the
context. Past works that use attention include machine
translation, reasoning about entailment, and sentence sum-
marization. The present disclosure explains the effectiveness
of the proposed attention architecture on the speech identi-
fication domain on the realistic scenario characterized by a
few seconds of training data for each speaker and short
utterances for testing. One intention of the speaker identi-
fication task is to prove that it works well even on very small
utterances because of the attention mechanism that is imple-
mented on the model. In order to train the model, we need
training data. The data is characterized by a few seconds of
training data (the data used to train the model) for each
speaker and short utterances for testing (the data used to test
the model).

[0301] An experimental setup of the speaker identification
subsystem will now be described.

[0302] The proposed architecture has been evaluated on
different datasets and compared to various speaker identifi-
cation baselines. In the spirit of reproducible research, we
perform most experiments have been performed using pub-
licly available data such as Librispeech and TIM IT.
[0303] An overview of the experimental settings will now
be provided.

Datasets

[0304] To provide experimental proof on datasets charac-
terized by different numbers of speakers, the present disclo-
sure considers the TIMIT (462 speakers, train chunk) and
Librispeech (2484 speakers) datasets.

[0305] The silence observed at the beginning and end of
each utterance has been removed for the purposes of the
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experiments. Utterances observed with internal silences
remaining more than 125 ms were split into multiple chunks.
[0306] Five sentences for each speaker were used for
training, while the remaining three sentences were used for
testing.

[0307] For the training and testing, tracks have been
randomly picked to exploit 12-15 seconds of training tracks
for each speaker and test utterances lasting 2-6 seconds.
[0308] Table 1 shows statistics of the dataset used for the
speaker identification task.

Dataset Context No of speaker
LibriSpeech [21] English speech 921
TIMIT [22] English speech 630

Low Level Feature Extraction

[0309] MFCC and sincnet were each used to extract the
low-level features from the raw audio.

[0310] The raw audio data is processed. Processing may
include includes splitting the waveform of each speech
utterance (voice of speaker) into chunks with overlapping
frames. For example, the waveform of each speech utterance
may be split into chunks of 200 ms with 10 ms overlapping
frames.

[0311] In a first experiment, the processed data was fed
into the SincNet architecture. The results from this operation
were fed into the proposed architecture of the present
disclosure.

[0312] Inasecond experiment, the low-level features were
extracted using the 0.25 ms with 10 ms overlap frames (i.e.
to make the context the same (200 ms)) were used to
generate 39 MFCCs (13 static coefficients, 13 delta coeffi-
cients, 13 delta-delta coefficients) each. As the MFCC
feature vector describes only the power spectral envelope of
a single frame, it seems like speech would also have
information in the dynamics (e.g. what are the trajectories of
the MFCC coefficients over time). It was determined that
calculating the MFCC trajectories and appending them to
the original feature vector increases ASR performance sig-
nificantly (e.g. if there are 13 MFCC coefficients, we would
also get 13 delta coeflicients, 13 delta-delta coefficients
which would combine to give a feature vector of length 39).
[0313] Table 2 shows experiments conducted on different
low-level feature extraction models.

Experiment 1 Experiment 2

Feature Extraction MFCC [11] SincNet [14]

Frame size 25 ms 280 ms

Type of processing Traditional sound Neural architecture
processing

Attention Based LSTM Setup

[0314] The first standard Bidirectional layer performs a
many-to-many encoding of the low-level features. This may
generate a higher-dimensional output vector at the output
layer from an input vector (e.g. sequence) through the
application of functions (e.g. matrix multiply) to the input
vector and other data generated therefrom.
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[0315] The output of the bidirectional layer contains two
hidden vectors for each cell, respectively.

[0316] A 128 (64*2) dimensional vector was passed
through the attention mechanism. The attention weights for
each vector are computed using the dense layer.

[0317] A neural network with 128 neurons computes the
attentions and a softmax layer is used to normalize the sum
of attention vectors to one.

[0318] The attention weights are then multiplied with the
hidden state.
[0319] Frame-level speaker classification may be obtained

by applying a softmax classifier which provides a set of
posterior probabilities over the targeted speakers.

[0320] A sentence-level classification may be derived by
averaging the frame predictions and voting for the speaker
which maximizes the average posterior.

[0321] Training may use a Root mean square prop opti-
mizer, with a learning rate of 0.001, alpha valued 0.95 and
epsilon of 10-7, and mini-batches of size 128.

[0322] All the hyper-parameters of the architecture may be
tuned on TIMIT dataset, and then inherited for Librispeech
as well.

Baseline Setups

[0323] An embodiment of the architecture of the present
disclosure was compared with several alternative systems.
[0324] First, Standard BI-LSTM was considered and fed
using the methods explained above.

[0325] This network is also fed with the CNN SincNet-
based feature extraction model.

[0326] A comparison with the popular low-level feature
extraction mechanism was also performed.

[0327] Thirty-nine MFCCs (13 static coefficients, 13 delta
coeflicients, 13 delta-delta coefficients) and 40 FBANKs
were computed using the LibROSA toolkit.

[0328] A CNN was used for FBANK features, while a
Multi-Layer Perceptron (MLP) was used for MFCC.
[0329] Layer normalization was used for the FBANK
network, while batch normalization was applied for the
MFCC network.

[0330] The hyper-parameters of the FBANK and MFCC
networks were also tuned using the previously researched
procedures. Prior research suggests certain values for these
parameters which are optimal for any research. These
parameters are not tuned using the software but are done by
a person.

[0331] The i-vector baseline was also examined.

[0332] The i-vector system was implemented with the
SIDEKIT open-source toolkit.

[0333] The GMM-UBM model, the Total Variability (TV)
matrix, and the Probabilistic Linear Discriminant Analysis
(PLDA) were trained on the Librispeech data.

[0334] GMM-UBM was included 2048 Gaussians, and the
rank of the TV and PLDA Eigen voice matrix was 400.
[0335] The enrollment and test phase is conducted on
Librispeech using the same set of speech segments used for
DNN experiments.

[0336] Results of the experiments will now be described.
[0337] The results provide an experimental validation of a
proposed attention based Bi-LSTM layer of the present
disclosure.

[0338] First, a comparison between the architecture of the
present disclosure and the baseline standard BI-LSTM was
performed.

IPR2026-00274

Krisp Technologies EX1019 Page 29



US 2021/0272571 Al

[0339] Next, the architecture of the present disclosure was
compared with other competitive systems on both speaker
identification task.

[0340] Accuracy on experiments shows that the standard
Bi-LSTM does not exhibit a meaningful accuracy compared
to the architecture of the present disclosure. Experiments on
the Attention-based Bidirectional LSTM model of the pres-
ent disclosure have demonstrated improved accuracy over
the baseline approach of Bidirectional LSTM model. This
indicates that the proposed model provided an architecture
for effectively representing the speaker which led to higher
accuracy.

[0341] The attention mechanism of the architecture
focuses on the unique characteristics and may be more
selective than the Bi-LSTM (where it fails to learn the
context). The proposed model is based on self-attention that
implicitly focuses on the information outputted from the
hidden layers of Bi-LSTM. However, Bi-LSTM itself
includes no speaker-related data. To focus only on the
speaker-related features, the attention mechanism is used.
[0342] FIG. 12 shows a plot 1200 of frame rate error
(FMR) (%) of the Attention Bi-LSTM model of the present
disclosure and the standard Bi-LSTM model over various
training epochs. Results are from TIMIT dataset

[0343] FIG. 12 shows learning curves of an Attention-
based Bi-LSTM model of the present disclosure compared
with a standard Bi-LSTM model. These results, achieved on
the TIMIT dataset, highlight a faster decrease of the Frame
Error Rate (FER %) when the Attention layer is used.
Moreover, the Attention layer converges to better perfor-
mance leading to a FER of 31.98% against a FER of 43.2%
achieved with the Bi-LSTM baseline.

[0344] Table 3, provided below, shows Classification
Error Rate (CER %) of speaker identification systems
trained on TIM IT and Librispeech datasets. The Attention
Bi-LSTM model of the present disclosure outperforms the
competing alternatives.

TIMIT LibriSpeech
DNN-MFCC 0.99 2.02
CNN-FBANK 0.86 1.55
SINCNET 0.85 0.96
Bi-LSTM 0.94 1.32
Sincnet Attention Bi-LSTM 0.72 0.89
MFCC Attention Bi-LSTM 0.76 0.93

[0345] Table 3 reports the achieved Classification Error
Rates (CER %).

[0346] Table 3 shows that the Attention Bi-LSTM model
outperforms other systems on both TIMIT and Librispeech
datasets, verifying the effectiveness of Attention-based Bi-
LSTM with minimal training.

[0347] Regardless of the type of low-level feature extrac-
tion, the attention Bi-LSTM has been shown to achieve
better accuracy not only with the sincnet architecture but
also with the MFCC. Hence, standard Bi-LSTM models may
be limited in their ability to represent the speaker embed-
dings correctly, while the attention-based Bi-LSTM of the
present disclosure may perform well or better on those
utterances with the help of the attention mechanism and
aspect embedding.

[0348] The present disclosure provides a speaker identi-
fication subsystem includes an attention-based Bidirectional
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LSTM. The attention-based bidirectional LSTM includes a
neural network architecture which may uniquely identify the
speaker characteristics.

[0349] The attention-based Bidirectional LSTM model is
inspired by the way the attention has been used on the
machine translation in natural language processing field.
The models of the present disclosure may learn unique
characteristics and let aspects of the speaker utterances
participate in computing attention weights.

[0350] The models of the present disclosure can focus on
different parts of utterances when different aspects are given
so that they are more competitive for unique speaker iden-
tification tasks. A critical and apparent disadvantage of this
fixed-length context vector design (the out from the Bi-
LSTM) is the incapability of the system to remember longer
sequences. Often the earlier parts of the sequence are
forgotten once the entire sequence has been processed. The
attention mechanism described herein solves this problem.
As aresult, it can focus on different parts of utterances when
different aspects are given so that they are more competitive
for unique speaker identification tasks.

[0351] Experiments show that the speaker identification
models of the present disclosure may provide superior
performance over the baseline models.

[0352] In a further embodiment, the speaker identification
model may include an attention mechanism such as in the
attention-based bidirectional LSTM model and a temporal
convolutional network (“TCN”). This may be advantageous
given the TCN architecture can take a sequence of any
length and map it to an output sequence of the same length,
just as with an RNNs.

[0353] In yet further embodiments, variations of the
speaker identification models described herein, such as the
attention-based bidirectional LSTM model, may be used to
process time-series and applied in other fields, such as
speech recognition, emotion recognition, speech separation,
and music processing. For example, variations of the models
described herein may be used where a user is in a noisy
background and with different recording devices.

[0354] While the above description provides examples of
one or more apparatus, methods, or systems, it will be
appreciated that other apparatus, methods, or systems may
be within the scope of the claims as interpreted by one of
skill in the art.

1. A method of electronically documenting a conversa-
tion, the method comprising:
capturing audio of a conversation between a first speaker
and a second speaker;
generating conversation audio data from the captured
audio;
segmenting the conversation audio data into a plurality of
utterances according to a speaker segmentation tech-
nique;
for each utterance:
storing time data indicating the chronological position
of the utterance in the conversation;
passing the utterance to a neural network model, the
neural network model configured to receive the
utterance as an input and generate a feature repre-
sentation of the utterance as an output;
assigning the utterance feature representation to a first
speaker cluster or a second speaker cluster according
to a clustering technique;
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assigning a speaker identifier to the utterance based on
the cluster assignment of the utterance;
generating a text representation of the utterance;
generating a digital transcript of the conversation by
chronologically ordering the text representations of the
utterances according to the time data for the utterances;
and

importing the digital transcript into an electronic conver-

sation artifact.

2. The method of claim 1, wherein the first speaker is a
healthcare professional and the second speaker is a patient,
and wherein the conversation is a medical consultation.

3. The method of claim 1, wherein the electronic conver-
sation artifact is an electronic medical record.

4. The method of claim 1, wherein the neural network
model includes a convolutional neural network.

5. A method of generating and delivering an electronic
prompt to a speaker during a conversation, the method
comprising:

capturing audio of a conversation between a first speaker

and a second speaker;

generating conversation audio data from the captured

audio;

segmenting the conversation audio data into a plurality of

utterances according to a speaker segmentation tech-
nique;

transcribing the utterance audio data to utterance text

data;

analyzing the utterance text data to determine an utterance

subject matter;

generating a prompt using the utterance subject matter;

and

displaying the prompt at an information gatherer device.

6. The method of claim 5, wherein the utterance text data
is analyzed using a text classifier.

7. A system for processing audio via speaker clustering,
the system comprising:

an audio capture device configured to capture audio of a

conversation between a first speaker and a second
speaker and generate conversation audio data from the
captured audio;

an audio processing server communicatively connected to

the audio capture device, the audio processing server

configured to:

receive the conversation audio data from the audio
capture device;

segment the conversation audio data into a plurality of
utterances, each utterance comprising utterance
audio data, according to a segmentation technique;
and

process the plurality of utterances via a speaker clus-
tering pipeline, including:

Sep. 2, 2021

passing each utterance to a neural network model,
the neural network model configured to generate a
feature representation of the utterance;

passing the feature representation to a cluster model,
the cluster model configured to assign the feature
representation to a cluster based on speaker iden-
tity; and

storing the cluster assignment in a memory of the
audio processing server.

8. The system of claim 7, wherein the audio processing
server is further configured to generate a text representation
of at least one utterance.

9. The system of claim 88, wherein the audio processing
server is further configured to generate a digital transcript of
the conversation including text representations of two or
more utterances.

10. The system of claim 7, further comprising an infor-
mation gatherer device communicatively connected to the
audio processing server via a network, the information
gatherer device configured to display the digital transcript
for review by a user.

11. The system of claim 7, wherein upon approval of the
digital transcript, the digital transcript is automatically
imported into an electronic conversation artifact.

12. The system of claim 11, further comprising an elec-
tronic conversation artifact server communicatively con-
nected to the audio processing server via the network,
wherein the electronic artifact server is configured to gen-
erate and store the electronic conversation artifact.

13. The system of claim 7, wherein the neural network
model is a VGGish model.

14. The system of claim 7, wherein the speaker clustering
pipeline further includes extracting time series data of the
utterance audio data.

15. The system of claim 7, wherein the speaker clustering
pipeline further includes extracting mel features using an
FFT window function.

16. The system of claim 14, wherein the utterance audio
data is provided to the neural network model as a batch of
spectrogram frames.

17. The system of claim 16, wherein the number of frames
in the batch is determined by the time length of the utterance
audio data.

18. The system of claim 7, wherein the cluster model
implements a similarity function for determining the cluster
assignment.

19. The system of claim 7, wherein the audio processing
server comprises a speaker identification subsystem com-
prising a convolutional neural network and an attention-
based LSTM layer.

20. The system of claim 19, wherein the convolutional
neural network is SincNet.

#* #* #* #* #*
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