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COMMITMENT SUMMARY

Assigned to: Harry

Commitment: Send Sarah email about travel

(agreed at: 10:34, Wed., 5 June 2007, by: Harry, Sarah)

[click here to review recording]
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SUMMARIZATION SYSTEM

[0001] This application claims the benefit of U.S. Provi-
sional Patent Application 62/659,963, filed Apr. 19, 2018,
and U.S. Provisional Patent Application 62/662,169, filed
Apr. 24, 2018, the entire content of each of which 1s
incorporated herein by reference.

TECHNICAL FIELD

[0002] This disclosure relates to computing systems and,
more specifically, to computing systems for generating
meeting summaries.

BACKGROUND

[0003] Multiple participants engage with one another by
way of a meeting to exchange information, directives, ideas,
tasks, and so forth. Using voice recognition technology,
computing systems can generate a verbatim (or near-verba-
tim) transcript of the words uttered by participants 1n a
meeting, such as by processing an audio recording or live
stream of the meeting. As a result, anyone interested in the
contents of the meeting can review the transcript, which 1s
typically more readily and quickly comprehensible than the
audio recording or live stream of the meeting.

SUMMARY

[0004] In general, this disclosure describes techniques for
generating a summary of a meeting. In this disclosure, a
“meeting” may refer to spoken exchanges between two or
more people and also spoken monologue, such as a speech
or presentation, given by a single participant. The meeting
summary may include episode summaries that each repre-
sents a summary of an episode within the meeting. An
episode may include a set of utterances within the meeting
that relate to a single matter, where that matter can include,
e.g., an introduction, an agenda, an action item or task, an
explanation, an overall summary, or another type of episode.

[0005] The techniques of this disclosure involve one or
more technical improvements to voice recognition and dic-
tation-related technologies that provide at least one practical
application. For example, a computing system as described
herein may implement an automated system that produces
conversation summaries automatically using an abstractive
summarization method. The system may produce summaries
of decisions, action items, and other important conversa-
tional actions and outcomes, and distribute these to users.
The system may associate important factual details with
cach summary, including links to relevant portions of the
conversation recording. The system may then make the
summaries available to late-comers or absentees who want
to know what happened, or participants themselves who
need a reminder of key outcomes. The system may produce
abstractive summaries by first digesting the expressed mean-
ings of the conversation (1.e., understanding 1ts “content™),
distilling this into its essential parts, and then generating new
language to describe those essential pieces of the conversa-
tion.

[0006] As described herein, the automated system targets
the communicative activities within a meeting, such as a
conversation. It 1s recognized that spoken communication
can typically be broken into episodes (usually 1n the order of
30 seconds to 10 minutes long). The automated system of
this disclosure may identify the temporal bounds of these
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episodes, 1dentily the activity type of each of the episodes,
and may then apply a type-specific summarization process to
cach episode. There may be several benefits associated with
this type of approach. For example, determining conversa-
tional activity types and producing an episode summary for
an episode based on the determined conversational activity
type may produce episode summaries that more accurately
and/or concisely expresses and accords with the intent(s) of
the participant(s) 1n the episode.

[0007] In some examples, this disclosure describes a
method for automatically generating summaries ol meet-
ings, the method comprising: obtaiming, by a computing
system, a transcript of a meeting; producing, by the com-
puting system, based on the transcript of the meeting, a data
structure that comprises utterance features; determining, by
the computing system, based on the transcript of the meet-
ing, temporal bounds of a plurality of activity episodes
within the meeting, wherein for each respective activity
episode of the plurality of activity episodes, the utterance
features include at least one utterance feature associated
with the respective activity episode; generating, by the
computing system, a plurality of episode summaries,
wherein generating the plurality of episode summaries com-
prises, for each respective activity episode of the plurality of
activity episodes: determining, by the computing system,
based on the utterance features associated with the respec-
tive activity episode, a conversational activity type associ-
ated with the respective activity episode; and producing, by
the computing system, an episode summary for the respec-
tive activity episode that 1s dependent on the determined
conversational activity type associated with the respective
activity episode, the episode summary for the respective
activity episode summarizing a conversational activity that
occurred during the respective activity episode; and com-
bining, by the computing system, the plurality of episode
summaries to generate a summary of the meeting.

[0008] In some examples, this disclosure describes a com-
puting system for automatically generating abstractive sum-
maries of meetings, the computing system comprising: a
memory configured to store a transcript of a meeting; and
one or more processing circuits configured to: produce,
based on the transcript of the meeting, a data structure that
comprises utterance features; determine, based on the tran-
script of the meeting, temporal bounds of a plurality of
activity episodes within the meeting, wherein for each
respective activity episode of the plurality of activity epi-
sodes, the utterance features include at least one utterance
feature associated with the respective activity episode; gen-
erating a plurality of episode summaries, wherein the one or
more processing circuits are configured such that, as part of
generating the plurality of episode summaries the one or
more processing circuits, for each respective activity epi-
sode of the plurality of activity episodes: determine, based
on the utterance features associated with the respective
activity episode, a conversational activity type associated
with the respective activity episode; and produce an episode
summary for the respective activity episode that 1s depen-
dent on the determined conversational activity type associ-
ated with the respective activity episode, the episode sum-
mary for the respective activity episode summarizing a
conversational activity that occurred during the respective
activity episode; and combine the plurality of episode sum-
maries to generate a summary of the meeting.
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[0009] In some examples, this disclosure describes a non-
transitory computer-readable medium comprising instruc-
tions, wherein execution of the instructions causes one or
more processing circuits of a computing system to perform
operations comprising: obtaining a transcript of a meeting;
producing, based on the transcript of the meeting, a data
structure that comprises utterance features; determining,
based on the transcript of the meeting, temporal bounds of
a plurality of activity episodes within the meeting, wherein
for each respective activity episode of the plurality of
activity episodes, the utterance features include at least one
utterance feature associated with the respective activity
episode; generating a plurality of episode summaries,
wherein generating the plurality of episode summaries com-
prises, for each respective activity episode of the plurality of
activity episodes: determining, based on the utterance fea-
tures associated with the respective activity episode, a
conversational activity type associated with the respective
activity episode; and producing an episode summary for the
respective activity episode that 1s dependent on the deter-
mined conversational activity type associated with the
respective activity episode, the episode summary for the
respective activity episode summarizing a conversational
activity that occurred during the respective activity episode;
and combining the plurality of episode summaries to gen-
erate a summary of the meeting.

[0010] This disclosure describes techniques with reference
to specific examples. However, the intent 1s to cover all
modifications, equivalents, and alternatives of the tech-
niques that are consistent with this disclosure. Numerous
specific details are set forth, such as number of episodes,
length of episode, type of communication activity, type of
conversation, number of steps, etc., 1 order to provide a
thorough understanding of the present design. It will be
apparent, however, to one of ordinary skill 1n the art that the
present design can be practiced without these specific
details. In other instances, well-known components or meth-
ods have not been described in detail but rather in a block
diagram in order to avoid unnecessarily obscuring the pres-
ent design. Thus, the specific details set forth are merely
exemplary. Also, the features implemented in one embodi-
ment may be implemented in another embodiment where
logically possible. The specific details can be varied from
and still be contemplated to be within the spirit and scope of
the present design.

[0011] The details of one or more examples of the tech-
niques of this disclosure are set forth in the accompanying
drawings and the description below. Other features, objects,
and advantages of the techniques will be apparent from the
description and drawings, and from the claims.

BRIEF DESCRIPTION OF DRAWINGS

[0012] FIG. 1 1s a block diagram 1llustrating an example
system for generating meeting summaries, 1 accordance
with techniques of this disclosure.

[0013] FIG. 2 1s an example of an abstractive summary
generated 1n accordance with techniques of this disclosure.

[0014] FIG. 3 1s a block diagram illustrating an example
instance of the computing system of FIG. 1, according to
techniques of this disclosure.

[0015] FIG. 4 1s a conceptual diagram illustrating an
example conversation summarization process, in accordance
with a technique of this disclosure.
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[0016] FIG. 5 1s a conceptual diagram illustrating an
example utterance featurization process, 1n accordance with
a technique of this disclosure.

[0017] FIG. 6 1s a conceptual diagram illustrating an
example episode summarization process, 1n accordance with
a technique of this disclosure.

[0018] FIG. 7 1s a flowchart 1llustrating an example opera-
tion of a computing system for automatically generating
summaries of meetings 1n accordance with a technique of
this disclosure.

[0019] Like reference characters refer to like elements
throughout the figures and description.

DETAILED DESCRIPTION

[0020] Spoken conversations are an indispensable means
for getting things done. They come 1n many varieties, from
software development scrums to techmical “brown-bag”
discussions to project planning meetings. Spoken conversa-
tions are useful because they can be an incredibly eflicient
way to make decisions, share information, and solve prob-
lems. They are the fundamental natural mode for language-
based human interaction. For ease of explanation, this
disclosure may use the term “meeting” to refer to spoken
exchanges between two or more people and also spoken
monologues, such as a speech or presentation, given by a
single participant.

[0021] However, 1t 1s easy for a participant 1n a meeting to
forget what was discussed during a meeting. For example, a
participant may say that they will perform some action
during the meeting, but then forget that they said they would
perform the action. In the past, computing systems have
been used to automatically generate transcripts of meetings.
The transcript of a meeting 1s a written version of the words
uttered during the meeting. A user may then review the
transcript to determine what happened during the meeting.
However, reading through a transcript may be a time-
consuming endeavor. For instance, a business executive
might not have time to review what may be a lengthy
transcript in order to determine which member of the
executive’s team committed to which actions or who advo-
cated for which courses of action.

[0022] Moreover, the events that happen in conversations,
however, are usually not documented thoroughly. Some-
times, meeting minutes are taken by a minute-taker, or a
video recording of a conversation 1s preserved. Usually,
however, participants are burdened with taking their own
private notes. In organizations where a more disciplined
recording of notes 1s dictated, the process 1s usually viewed
as a hindrance to productivity and a distraction to partici-
pation 1n the conversation. Ultimately, a lack of shared
public documentation causes information loss and misun-
derstandings about what actually happened, what the out-
comes were, and what to do about them.

[0023] This disclosure describes techniques for imple-
menting an automated system that may address these prob-
lems and produce conversation summaries automatically
using an abstractive summarization method. The system
may produce summaries ol decisions, action items, and
other important conversational actions and outcomes, and
distribute these to users. The system may associate 1mpor-
tant factual details with each summary, including links to
relevant portions of the conversation recording. The system
may then make the summaries available to late-comers or
absentees who want to know what happened, or participants
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themselves who need a reminder of key outcomes. The
system may produce abstractive summaries by first digesting
the expressed meanings of the conversation (i.e., under-
standing 1ts “content”), distilling this 1nto 1ts essential parts,
and then generating new language to describe those essential
pieces of the conversation.

[0024] As described herein, the automated system targets
the communicative activities within a meeting, such as a
conversation. It 1s recognized that spoken communication
can typically be broken into episodes (usually 1n the order of
30 seconds to 10 minutes long). For example, consider a
30-minute project planning meeting consisting of three
episodes: a 10-minute episode consisting of reports on
project status from each of the participants, followed by a
15-minute episode during which the participants debate
various aspects of their project, and a final 10-minute
episode during which the participants agree to execute future
tasks (action 1items). The automated system of this disclosure
may 1dentily the temporal bounds of these episodes, identify
the activity type of each of the episodes, and may then apply
a type-specific summarization process to each episode. The
automated system may then collect each episode summary
into a sequential, time-indexed summary of the meeting.
There may be several benefits associated with this type of
approach. For example, the participants may be able to
understand the context of the conversations 1n a more
advantageous way. Additionally, the load on the notetakers
may be reduced. As another example, type-specific summa-
rization of an episode may produce episode summaries that
more accurately and/or concisely expresses and accords with
the intent(s) of the participant(s) 1n the episode.

[0025] FIG. 1 1s a block diagram 1llustrating an example
system 100 for generating meeting summaries, 1 accor-
dance with techniques of this disclosure. System 100
includes a computing system 102 and one or more audio
input devices 120A-120N (collectively, “audio input devices
1207). Computing system 102 1s a system of one or more
computing devices.

[0026] For example, computing system 102 may comprise
one or more server devices, personal computers, smart-
phones, tablet computers, wearable devices, special-purpose
computing devices, or other types of computing devices.

[0027] Each of audio input devices 120 may be configured
to generate a respective audio signal based on sounds
detected by audio input devices 120. Audio input devices
120 may represent a variety of devices or combinations of
devices, such as telephones, conferencing devices, desktop
or laptop computers, special-purpose microphone devices,
smartphones, tablet computers, voice recorders, wearable
devices, or other types of devices configured to generate
audio signals based on detected sounds. Although described
as mput devices, audio input devices 120 may also output
audio to users using speakers.

[0028] In the example of FIG. 1, users 119A through 119N
(collectively, “users 119”’) participate in a meeting. Although
FIG. 1 shows multiple users 119, a meeting may only have
one participant, such as the case where a person gives a
presentation to a silent audience or makes a dictation. In
some examples, such as the example of FIG. 1, each of users
119 1s associated with a different one of audio mnput devices
120. For instance, audio input devices 120 may be the
mobile phones of users 119. In other examples, multiple
users 119 may be associated with a single one of audio input
devices 120. For instance, multiple users 119 may meet 1n a
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conference room and one of audio mput devices 120 1s a
teleconferencing device situated 1n the conference room. In
this example, the teleconferencing device may be able to
detect the sounds of spoken utterances of each of users 119
in the conference room. In some examples, all of users 119
are present in the same location during a meeting. In other
examples, two or more of users 119 are present 1n different
locations during a meeting.

[0029] Insome examples, audio mnput devices 120 execute
respective meeting applications 122A-122N by which
respective users 119A-119N participate in a meeting. Each
of meeting applications 122 may include a conferencing
application, a Voice over Internet Protocol (VoIP) applica-
tion, a Video over IP application, a video conferencing
application, an Internet-based video conference application,
or a telephone application. In some examples, one or more
of audio 1input devices 120 includes special-purpose circuitry
configured to perform all or part of the functionality
described 1n this disclosure with respect to meeting appli-
cations 122.

[0030] In some examples, a centralized meeting applica-
tion executed by computing system 102 or another comput-
ing system receives audio signals (and 1n some cases other
media) from audio mput devices 120 and may distribute the
audio signals among audio input devices 120 for listening by
users 119. The centralized meeting application may be
cloud-based. In some examples, one or more computing
devices (e.g., one or more computing devices ol computing
system 102) include special-purpose circuitry configured to
perform all or part of the functionality described in this
disclosure with respect to the centralized meeting applica-
tion.

[0031] Audio mput devices 120 include mnput devices to
detect sound, such as the sound of spoken utterances from
users 119 and other types of sounds and convert the recerved
sound to audio signals. The combination of all audio signals
generated by audio input devices 120 1s meeting audio 130.
In some examples, the audio signals generated by audio
input devices 120 1s mixed (e.g., by computing system 102)
to generate meeting audio 130. In other examples, meeting
audio 130 comprises two or more separate audio signals that
are not mixed together. Meeting applications 122 and/or a
centralized meeting application may record meeting audio
130 to an audio file for storage and later processing.

[0032] Computing system 102 may obtain meeting audio
130. For example, meeting applications 122 and/or a cen-
tralized meeting application may stream meeting audio 130
to computing system 102. In some examples, computing
system 102 may generate meeting audio 130, e.g., by mixing
audio signals from two or more of audio input devices 120.
For instance, computing system 102 may execute the cen-
tralized meeting application, and 1n some cases, generate
meeting audio 130 from audio signals received from audio
input devices 120.

[0033] In the example of FIG. 1, computing system 102
includes an audio transcoder 104, a transcription engine 106,
and a summarizer 108. In other examples, computing system
102 may include more, fewer, or different components. Each
of these components may include software executed by
processing circuitry, hardware, or a combination of software
and hardware. Audio transcoder 104 receives audio signals
generated by audio mput devices 120 or a mix thereof, 1n the
form of meeting audio 130, and may convert meeting audio
130 to an appropriate file format for transcription engine
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106, which may be executed by a local server, or remote
server, such as a cloud-based transcription service.

[0034] Transcription engine 106 provides speech-to-text
conversion on an audio stream or recording of the conver-
sation occurring 1n a meeting and produces a text transcript
107. Transcription engine 106 may further perform diariza-
tion, 1n which each transcribed utterance 1s “diarized,” 1.e.,
tagged or associated with a corresponding participant who
spoke the utterance, such as by using speaker identification
techniques to analyze the meeting audio. In some examples,
diarization may include adding the i1dentity of the speakers
to text transcript 107. In some examples where transcription
engine 106 performs diarization, the identity may not be
known but the roles of the speakers may be known, where
roles may include “leader,” “manager,” “meeting facilita-
tor,” “audience member,” “participant,” “officer,” and so
forth. In some examples where each of the speakers has their
own microphones, each of the microphones may be associ-
ated with a different speaker’s name and transcription engine
106 may perform diarization by adding the speaker’s name
to text transcribed from speech captured by the microphone
associated with the speaker. In other examples, transcription
engine 106 may use acoustical directional processing to
determine the origin directions of speech sounds. Based on
data indicating the positions of each of the speakers and the
origin directions of the speech sounds, transcription engine
106 may perform diarization by adding the speaker’s name
to text transcribed from speech originating from various
origin directions. Thus, text transcript 107 may comprise
text of utterances 1n a meeting along with labels 1dentifying

people or roles of those who spoke the utterances.

[0035] In some examples, audio transcoder 104 and/or
transcription engine 106 may be distributed in whole or in
part to audio mput devices 120 such that audio mput devices
120 may perform the audio transcoding and transcription. In
such cases, audio input devices 120 may send meeting audio
130 as transcoded audio for transcription by transcription
engine 106 or, alternatively, may send a partial or complete
text transcript 107 for a meeting to computing system 102,
rather than audio data.

[0036] Summarizer 108 processes text transcript 107 for
meeting audio 130 for a meeting to produce meeting sum-
maries 132A through 132M (collectively, “meeting summa-
ries 132”) that each contain text summarizing at least
portions of the meeting. Computing system 102 may provide
summaries 132 to computing devices associated with one or
more users, such as users 119 or other users. In some
examples, each of summaries 132 1s the same. In other
examples, two or more of summaries 132 include different
text content. In some cases, computing system 102 may
provide a single meeting summary 132A for a meeting.

[0037] Each of meeting summaries 132 may include one
or more textual episode summaries, each of which represents
a summary of an episode within the meeting. An episode
may include a set of utterances within the meeting that relate
to a single matter, where that matter can include, e.g., an
introduction, an agenda, an action 1tem or task, an explana-
tion, an overall summary, or other type of episode. An
episode summary for an episode may include the full text of
the episode as well as text summarizing the episode.

[0038] In one example, consider a conversation outcome
that 1s essential to workplace meetings such as the commit-
ment to future action (1.e., the “action item™). Workers rely
on action items because they formalize one of most 1impor-
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tant reasons for having conversations in the first place, 1.¢e.,
to make decisions and plan next steps. If action items are
misremembered or missed, this may cause problems for the
organization and 1ts members. Consider the following
extract from a recorded project planning meeting (Burger et
al., “The ISL Meeting Corpus: The impact of meeting type
on speech style.” In proceedings of the 7th International

Conference on Spoken Language Processing, ICSLLP2002-
INTERSPEECH 2002, Denver, Colo., USA, Sep. 16-20,

2002):
[0039] Sarah: Yeah. also, cause you said you were
gonna send me an email about how to set up our travel.
[0040] Harry: Yeah, I’'m gonna send—yeah, I’'ll send
you the email uhm when I go back.
[0041] send you the email. uhm and you’re gonna have to
contact him, and they have a travel agency.

[0042] Sarah: Okay.

[0043] Being able to view a transcript like this could be
quite useful to someone trying to remember their action
items. However, a better summary would be abstractive and
allow a user to quickly understand that action item. FIG. 2
1s an example of an abstractive summary 200 generated 1n
accordance with techniques of this disclosure. The example
of FIG. 2 1s based on the example conversation between
Sarah and Harry set forth in the previous paragraph. A user,
such as Sarah, Harry, or another user, may be able to use the
abstractive summary of FIG. 2 to quickly understand that
Harry committed to send an email to Sarah about travel.
FIG. 2 1s an example of a type-specific episode summary, 1n
that the abstractive summary 200 of FIG. 2 1s specific to the
action 1tem commitment type of conversational activity.

[0044] One problem with conventional approaches 1s that
they typically focus on the subject matter of the conversa-
tion, seeking to i1dentily the most topically relevant words
and utterances 1n the conversation. A problem with applying
this approach to spoken conversation 1s that spoken conver-
sation 1s generally much more oriented toward performing
activities to achieve outcomes. Sometimes they are solely
about communicating information (subject matter) from one
person to another, which 1s the usual job of textual commu-
nication. But usually they are much more about what hap-
pened, what was achieved, how things went, and what to do
next, as opposed to what information did the participants
provide?

[0045] The techniques of this disclosure focus on com-
municative activities. It 1s recognized that spoken commu-
nication can typically be broken into episodes (usually in the
order of 30 seconds to 10 minutes long). For example,
consider a 30-minute project planning meeting consisting of
three episodes: a 10-minute episode consisting of reports on
project status from each of the participants, followed by a
15-minute episode during which the participants debate
various aspects of their project, and a final 10-minute
episode during which the participants agree to execute future
tasks (action i1tems). In accordance with the techniques of
this disclosure, summarizer 108 identifies the temporal
bounds of these episodes, identifies the activity type of each
of them, and then applies a type-specific summarization
process to each episode. Summarizer 108 may then collect
cach episode summary into a sequential, time-indexed sum-
mary of the meeting. The techmques of this disclosure may
address the deficiencies of a purely extractive approach by
generating abstractive summaries that are more readily
usable and readable. Additionally, summarizer 108 may
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address the deficiencies of approaches that target subject-
matter by generating summaries oriented toward communi-
cative activities and achievements. Also, summarizer 108
may employ summarization processes that are activity-type
specific, which may address the unique characteristics of
particular types of conversational activities, producing type-
specific episode summaries that are more readily digestible
and usable.

[0046] FIG. 3 1s a block diagram 1llustrating an example
instance of computing system 102 of FIG. 1, according to
techniques of this disclosure. In this example, computing
system 102 includes one or more input devices 343, one or
more processors 341, one or more output devices 346, one
or more storage devices 347, and one or more communica-
tion units 345. In some examples, computing system 102
represents a cloud computing system, server farm, and/or
server cluster (or portion thereof) that provides services to
client devices and other devices or systems. In other
examples, computing system 102 may represent or be imple-
mented through one or more virtualized compute instances
(e.g., virtual machines, containers) of a data center, cloud
computing system, server farm, and/or server cluster. As
shown 1n the example of FIG. 3, computing system 102 may
obtain meeting audio 130, which may include audio of
conversational episodes 302A through 302N (collectively,
“conversational episodes 3027).

[0047] One or more of the devices, modules, storage areas,
or other components of computing system 102 may be
interconnected to enable inter-component communications
(physically, communicatively, and/or operatively). In some
examples, such connectivity may be provided by through
communication channels, a system bus, a network connec-
tion, an inter-process communication data structure, or any
other method for communicating data.

[0048] One or more processors 341 of computing system
102 may implement functionality and/or execute instruc-
tions associated with computing system 102 or associated
with one or more modules 1llustrated herein and/or described
below. One or more processors 341 may be, may be part of,
and/or may include processing circuitry that performs opera-
tions in accordance with one or more aspects of the present
disclosure. Examples of processors 341 include micropro-
cessors, application processors, display controllers, auxil-
lary processors, one or more sensor hubs, and any other
hardware configured to function as a processor, a processing,
unit, or a processing device. Computing system 102 may use
one or more processors 341 to perform operations 1n accor-
dance with one or more aspects of the present disclosure
using software, hardware, firmware, or a mixture of hard-
ware, software, and firmware residing 1n and/or executing at
computing system 102.

[0049] One or more communication units 345 of comput-
ing system 102 may communicate with devices external to
computing system 102 by transmitting and/or receiving data,
and may operate, 1n some respects, as both an mput device
and an output device. In some examples, communication
units 345 may communicate with other devices over a
network. In other examples, communication units 345 may
send and/or receive radio signals on a radio network such as
a cellular radio network. In other examples, communication
units 345 of computing system 102 may transmit and/or
receive satellite signals on a satellite network such as a
Global Positioning System (GPS) network. Examples of
communication units 345 include a network interface card
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(e.g. such as an Fthernet card), an optical transceiver, a radio
frequency transceiver, a GPS receiver, or any other type of
device that can send and/or receive information. Other
examples of communication units 345 may include devices
capable of communicating over Bluetooth®, GPS, NFC,
Zi1gBee, and cellular networks (e.g., 3G, 4G, 5G), and
Wi-Fi® radios found in mobile devices as well as Universal
Serial Bus (USB) controllers and the like. Such communi-
cations may adhere to, implement, or abide by appropriate
protocols, including Transmission Control Protocol/Internet
Protocol (TCP/IP), Ethernet, Bluetooth, NFC, or other tech-

nologies or protocols.

[0050] One or more input devices 343 may represent any
input devices of computing system 102 not otherwise sepa-
rately described herein. One or more input devices 343 may
generate, receive, and/or process mput from any type of
device capable of detecting input from a human or machine.
For example, one or more mput devices 343 may generate,
receive, and/or process input in the form of electrical,
physical, audio, 1mage, and/or visual input (e.g., peripheral
device, keyboard, microphone, camera).

[0051] One or more output devices 346 may represent any
output devices of computing system 102 not otherwise
separately described herein. One or more output devices 346
may generate, receive, and/or process mput from any type of
device capable of detecting input from a human or machine.
For example, one or more output devices 346 may generate,
receive, and/or process output in the form of electrical
and/or physical output (e.g., peripheral device, actuator).

[0052] One or more storage devices 347 within computing
system 102 may store information for processing during
operation of computing system 102. Storage devices 347
may store program instructions and/or data associated with
one or more of the modules described 1n accordance with
one or more aspects of this disclosure. One or more proces-
sors 341 and one or more storage devices 347 may provide
an operating environment or platform for such modules,
which may be implemented as software, but may in some
examples include any combination of hardware, firmware,
and software. One or more processors 341 may execute
instructions and one or more storage devices 347 may store
instructions and/or data of one or more modules. The
combination of processors 341 and storage devices 347 may
retrieve, store, and/or execute the instructions and/or data of
one or more applications, modules, or software. Processors
341 and/or storage devices 347 may also be operably
coupled to one or more other software and/or hardware
components, including, but not limited to, one or more of the
components of computing system 102 and/or one or more
devices or systems illustrated as being connected to com-
puting system 102.

[0053] Insome examples, one or more storage devices 347
are temporary memories, meaning that a primary purpose of
the one or more storage devices 1s not long-term storage.
Storage devices 347 of computing system 102 may be
configured for short-term storage of information as volatile
memory and therefore not retain stored contents 1f deacti-
vated. Examples of volatile memories include random
access memories (RAM), dynamic random access memories
(DRAM), static random access memories (SRAM), and
other forms of volatile memories known 1n the art. Storage
devices 320, 1n some examples, also include one or more
computer-readable storage media. Storage devices 320 may
be configured to store larger amounts of information than
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volatile memory. Storage devices 320 may further be con-
figured for long-term storage of information as non-volatile
memory space and retain information after activate/ofl
cycles. Examples of non-volatile memories include mag-
netic hard disks, optical discs, Flash memories, or forms of
electrically programmable memories (EPROM) or electri-
cally erasable and programmable (EEPROM) memories.

[0054] Summarizer 108 1n the example of FIG. 3 includes
a featurization module 350, a segmentation module 352, a
classification module 354, an episode summarization mod-
ule 356, and a collation module 358. As described 1n greater
detail elsewhere 1n this disclosure, featurization module 350
may perform an utterance featurization process that pro-
cesses text transcript 107 (FIG. 1) to produce a data structure
contaiming utterance features. An utterance feature 1s a
numeric value that represents some characteristic (1.e., “fea-
ture”) of a spoken utterance. The following are some
examples of utterance features: (1) the number of personal
pronouns 1n the utterance, (2) the utterance duration in
seconds, (3) the age of the speaker of the utterance, or (4) the
total number of syllables. To form a comprehensive repre-
sentation of an utterance, many such features are concat-
enated together to form a numeric vector which one can refer
to as the “utterance feature vector” or “utterance features™.

[0055] Segmentation module 352 identifies temporally
contiguous conversational episodes, producing information
regarding the temporal location (e.g., start and end times) of
cach episode. For each episode, classification module 354
takes the utterance features associated with the episode and
determines an activity type (1.e., a conversational activity
type) of the episode. Furthermore, for each episode, episode
summarization module 356 produces an episode summary
based on the determined activity type for the episode.
Collation module 358 collates each episode summary of the
conversation to generate meeting summaries 132. As shown
in the example of FIG. 3, each of meeting summaries 132
may 1nclude episode summaries 360A-360N (collectively,
“episode summaries 360). In some examples, different
meeting summaries 132 may include different episode sum-
maries 360.

[0056] FIG. 4 1s a conceptual diagram illustrating an
example conversation summarization process, 1n accordance
with a technique of this disclosure. In the example of FIG.
4 and other figures of this disclosure, slanted boxes corre-
spond to data and square-cornered boxes correspond to
actions.

[0057] Inthe example of FIG. 4, featurization module 350
(FIG. 3) receives diarized conversation transcript 107 and
performs an utterance featurization step (400). In the
example of FIG. 4, utterance featurization step i1s denoted as
“Step 1.” As a result of performing the utterance featuriza-
tion step, featurization module 350 generates utterance fea-
tures 402. Utterance featurization 1s the transformation of
utterance transcripts (e.g., diarized conversation transcript
107) 1nto sets of numeric features (1.e., utterance features)
that are used as 1nputs to subsequent steps in the summari-
zation process.

[0058] In some examples, utterance featurization pro-
cesses may be specifically-designed to support summariza-
tion of specific types of activity episodes. For instance, an
action 1tem commitment conversation episode may be spe-
cifically designed to support summarization of action item
commitment conversation episodes, which are particular
types of episodes. More specifically, an action item com-
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mitment conversation episode 1s an activity episode in which
at least one of the participants agrees to perform some action
or task at a future time. FIG. 5, which 1s described 1n detail
below, 1s a conceptual diagram illustrating an example
utterance featurization process, such as an utterance featur-
1zation process that 1s specifically designed to support sum-
marization of action item commitment conversation epi-
sodes. In some examples, an utterance featurization process
may extract utterance features for multiple types of activity
episodes. Such an utterance featurization process may be
considered to be specifically designed to support summari-
zation of each of these types of activity episodes.

[0059] Furthermore, in the example of FIG. 4, segmenta-
tion module 352 (FIG. 3) performs a communicative activity
segmentation process that determines, based on the diarized
conversation transcript 107, temporal bounds of one or more
(e.g., a single activity episode or a plurality of activity
episodes) activity episodes within a meeting (404). In this
way, segmentation module 352 identifies activity episodes.
The example of FIG. 4, the communicative activity segmen-
tation process 1s denoted as “Step 2.” Activity segmentation
1s the process of 1dentifying a contiguous temporal region of
a conversation in which a coherent episode of communica-
tive activity has occurred. In other words, the process of
activity segmentation produces a segmentation of the con-
versation that 1s akin to drawing a horizontal line between
the sections of a document. In other words, the utterances of
a conversation are grouped together to form temporal con-
tiguous episodes. To form temporal contiguous episodes,
segmentation module 352 may first form vectors of the
utterance features of each utterance. Based upon the utter-
ance feature vectors, segmentation module 352 may derive
an episode-level feature vector by adding together the utter-
ance feature vectors of all the utterances 1n the episode. In
some examples, segmentation module 352 may perform the
activity segmentation process by considering all possible
segmentations of the meeting, calculating a score for each
segmentation. In this example, the score for a segmentation
1s the sum of the entropy of episode feature vectors in the
conversation. The entropy of an episode feature vector may
be defined as the sum of the entropy each utterance feature
in the episode feature vector, where the entropy of an
utterance feature may be defined as H(X)=E[-log(P(X))],
where H 1s the entropy, X 1s a discrete random variable (1.e.,
the value of the utterance feature), log 1s a logarithm
function, and P(X) 1s a probability mas function of X. The
segmentation with the lowest score (1.e., the minimum total
entropy) 1s selected as the segmentation.

[0060] In some examples, the communicative activity
segmentation process may be specifically designed to sup-
port specific types of activity episodes. For example, an
activity segmentation process can be specifically designed to
support summarization of action item commitment conver-
sation episodes. The process involves submitting the results
of the Action Item Commitment featurization process
defined 1n the previous section and elsewhere 1n this disclo-
sure (e.g., with respect to FIG. 5) as input to the generic
episode segmentation algorithm. In an example where an
activity segmentation process 1s specifically designed to
support summarization of action item commitment conver-
sation episodes, the parameters of the activity segmentation
algorithm may be adjusted to optimize accuracy on a set of
manually-annotated Action Item Commitment training
examples.
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[0061] As described above, the utterance features may be
the primary input to the segmentation algorithm. By modi-
fying the set of utterance features included 1n the processing,
the nature of the segmentation can be influenced. To cause
the segmentation algorithm to produce a segmentation that
identifies action item commitment episodes, utterance fea-
tures may be incorporated that are indicative of action item
discussions, and utterance features that are not indicative of
action item discussions may be excluded. Therefore, the
process of adjusting the segmentation to suit a particular
desired segmentation may be one of adding or excluding
certain features from the feature vector. For example, for
action 1tem segmentation, utterance features relevant for
action 1tems, such as (1) mentions of future tasks, (2)
mentions of meeting participants, and (3) mentions of tem-
poral expressions would be included, while other features
would be excluded.

[0062] FIG. 4 1ncludes a set of overlapped boxes 405, each
of which corresponds to a different one of the activity
episodes 1dentified by segmentation module 352. Thus, there
may be a respective activity episode 406, activity type
classification step 408, activity type-specific summarization
step 410, and episode summary 412 for each of the activity
episodes 1dentified by segmentation module 352. Activity
episode 406 may comprise those utterance features 402 that
are associated with a respective activity episode.

[0063] For each of the identified activity episodes, classi-
fication module 354 (FIG. 3) may use the utterance features
for the activity episode 406 to perform an activity type
classification process to determine an activity type of the
activity episode (408). In the example of FIG. 4, the activity
type classification process 1s denoted as “Step 3.” Activity
type classification 1s a process of classifying the type of a
detected activity episode. This disclosure may use the term
“activity type classification process” to refer to an activity
type classification process that 1s specifically designed to
support summarization of Action Item Commitment conver-
sation episodes. An activity type classification process may
also support summarization of other processes or there may
be separate processes to classily different types of activity
episodes. The activity type classification process involves
submitting the results of the Action Item Commitment
featurization process defined above and elsewhere 1n this
disclosure as mnput to the activity type classification algo-
rithm defined in the previous section. In some examples, the
activity type classification algorithm 1s a supervised machine
learning algorithm 1n which a classification model 1s learned
automatically from a set of manually annotated Action Item
Commitment training examples. For instance, in such
examples, the activity type classification algorithm may be
implemented using a standard statistical classification model
such as Decision Trees, Neural Networks, or Support Vector
Machines to perform this task. Manually-labeled utterances
may be used as a training set, and a model to predict whether
the episode 1s of the labeled type may be learned from this.

[0064] Additionally, episode summarization module 356
(FIG. 3) may perform an activity type-specific summariza-
tion process to produce an episode summary 412 for activity
episode 406 (410). That 1s, the summarization process to
product episode 412 for activity episode 406 may be depen-
dent on the conversational activity type determined for
activity episode 406. In the example of FIG. 4, the activity
type-specific summarization process 1s denoted as “Step 4.”
Episode summarization 1s the process of accumulating and
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synthesizing observations 1n an activity episode to produce
an abstractive summary of the episode. This process 1is
illustrated 1n the example of FIG. 6.

[0065] Collation module 358 may perform a collation
process to collate episode summaries 412 of a conversation
or meeting to generate at least one conversation summary
132, which 1s an example of a meeting summary (414). In
the example of FIG. 4, the collation process 1s denoted as
“Step 5.” In conversation summary 132, each of episode
summaries 412 may be linked to a corresponding location in
an original transcript and/or to a corresponding location 1n
an audio recording. For instance, as noted above, segmen-
tation module 352 may determine temporal locations of the
activity episodes. For instance, segmentation module 352
may determine that a particular activity episode begins at
minute 1:30 of meeting audio 130 (FIG. 1) and ends at
minute 2:56 of meeting audio 130. In this example, collation
module 358 may use the temporal locations of the activity
episodes to order the activity episodes within conversation
summary 132. In some examples, collation module 358 may
use the temporal locations of the activity episodes to gen-
erate links or other references to corresponding locations 1n
meeting audio 130 and/or text transcript 107.

[0066] The sequence of steps described above produces a
segmentation and segment summarization for a particular
activity type. The system may therefore be configured to
produce multiple independent segmentations and segment
summaries for multiple different activity types by applying
them 1n parallel. In this case, the detected and summarized
episodes may overlap with summarized episodes of a dii-
fering activity type.

[0067] In some examples, the Utterance Featurization and
Communicative Activity Segmentation steps (1.e., steps 402
and 404) can be performed 1n batch on an entire conversa-
tion transcript, or they can be executed in an 1terative,
on-line, real-time manner, one utterance at a time. In the
real-time mode, as utterances are processed one by one, the
Communicative Activity Segmentation will eventually
determine that an episode segmentation point has been
reached. At this point, 1t 1s possible to proceed to Step 3 for
any episodes that have been completed. In this manner, the
summary can be accumulated one segment at a time 1n a
dynamic fashion.

[0068] To provide concrete evidence to support the
abstracted episodic summaries (e.g., episode summaries
412), the system (e.g., computing system 102) may also use
an extractive utterance extraction algorithm. In this case,
rather than applying type-specific analysis (as performed in
Step 4 of FIG. 4, the system may apply a lexically-oriented
extractive summarization algorithm which causes the sys-
tem to identify and select a small set of highly relevant but
non-redundant set of utterances to characterize the main
content of each activity episode. For instance, TextRank
(available from https://web.eecs.umich.edu/mihalcea/pa-
pers/mihalcea.emnlp04.pdi) 1s an example of a lexically-
oriented extractive summarization algorithm that the system
may use to i1dentify and select such utterances. In general
terms, the TextRank algorithm interprets each utterance as
carrying some semantic meaning, and each pair of utterances
as having some semantic similarity. Then, the TextRank
algorithm selects those utterances that are central 1n clusters
of semantically similar sets. This may be presented (e.g., by
computing system 102, one or more of audio input devices
120, and/or other devices) to a user in addition to or in the
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alternative to the abstractive summary. That 1s, computing
system 102 may select a set of utterances to characterize
content of the activity episode. In this example, computing
system 102 may present the selected set of utterances to a
user 1n addition to an episode summary for the activity
episode.

[0069] It 1s to be appreciated that FIG. 4 1s one example.
Other example conversation summarization processes
implemented in accordance with the techmiques of this
disclosure may include more, fewer, or diflerent steps. For
istance, 1n some example, a conversation summarization
process may omit the step of collating episode summaries.
In such an example, episode summaries 412 may remain
separate.

[0070] FIG. 5 1s a conceptual diagram illustrating an
example utterance featurization process, 1n accordance with
a technique of this disclosure. As noted above, utterance
featurization 1s the transformation of utterance transcripts
(e.g., diarized conversation transcript 107) into sets of
numeric features (i.e., utterance features) that are used as
iputs to subsequent steps in the summarization process. In
some examples, utterance featurization processes may be
specifically designed to support summarization of specific
types of activity episodes. In other examples, an utterance
featurization process may extract utterance features for
multiple types of activity episodes.

[0071] The example utterance featurization process of
FIG. § 1s specifically-designed to support summarization of
action 1tem commitment conversation episodes. This disclo-
sure may use the term “conversation episode” interchange-
ably with the term “activity episode.” The process of FIG. 5
may comprise or consist of a combination of multiple
featurization sub-processes, each of which are described 1n
this disclosure and shown in FIG. 5.

[0072] Inthe example of FIG. 5, featurization module 350
may receive diarized conversation transcript 107. Featuriza-
tion module 350 may perform a parsing process (500) on the
diarized conversation transcript 107. By performing the
parsing process, featurization module 350 generates parses
502. Parses 502 may comprise data indicating logical syn-
tactic components within diarized conversation transcript
107. For example, parses 502 may comprise data that
identily verb phrases within diarized conversation transcript
107. In some examples, featurization module 350 may use
natural language parsing software, such as The Stanford
Parser. A description of The Stanford Parser may be found
at https://nlp.stanford.edu/software/lex-parser.shtml. The
natural language parsing software may produce a tree-
formatted output where the words of each utterances (sen-
tence) are assigned to syntactic categories and then
assembled by links to each other into a tree structure, where
nodes 1n the tree represent phrases of various syntactic types.

[0073] As shown 1n the example of FIG. 5, one featuriza-
tion sub-process (1.e., task reference recognition sub-process
504) extracts features that describe references to tasks.
References to tasks are verb phrases that describe an action
that a person might perform, such as “sending an email” or
“preparing the final report for Bob.” This featurization
sub-process works by applying a syntactic analysis to 1den-
tify each verb phrase, and then applying a lexical-semantic
similarity analysis against an unsupervised co-clustering of
a large background collection of similarly identified phrases.
This produces an “embedding” representation of the phrase.
The lexical-similarity analysis may operate by representing
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cach word or phrase as an “embedding,” which 1s a numeric
representation 1n a space. Semantic similarity may then be
computed via a proximity function, e.g., cosine distance or
delta divergence, between two embeddings in the space.

[0074] As mentioned above, the featurization sub-process
may include application of an unsupervised co-clustering of
a background collection of similarly identified phrases. In
general terms, clustering means the organization of unla-
beled data into groups, which may be called clusters. In the
context of this disclosure, each cluster may be a set of words
or phrases that correspond to the same utterance feature. In
one example, featurization module 350 may apply a clus-
tering algorithm such as that found 1n Section 3 of Dayne
Freitag, ““Irained Named Entity Recognition Using Distri-
butional Clusters,” (available from https://aclweb.org/an-
thology/W04-3234). In such examples, featurization module
350 may perform an approximate maximization of My,
where M ,~ 4~ 1s the mutual information between variables X
and Y, X 1s a random variable over vocabulary terms as
found 1n a text corpus, and Y 1s a range over immediately
adjacent tokens encoding co-occurrences 1n such a way as to
distinguish left and right occurrences. Featurization module
350 may perform the approximate maximization of My
using a simulated annealing procedure 1n which each trial
move takes a symbol x or y out of the cluster to which 1t 1s
tentatively assigned and places 1t into another cluster. Fea-
turization module 350 may chose candidate moves by select-
ing a non-empty cluster uniformly at random, randomly
selecting one member of the selected cluster, and then
randomly selecting a destination cluster other than the
source cluster. When the temperature 0 1s reached, featur-
ization module 350 may repeatedly attempt all possible
moves until no further improvements are possible. By apply-
ing this procedure, featurization module 350 can derive a
representation of each term that 1s a distribution over clus-
tered contexts. This dense vector representation may be
viewed as an “embedding”.

[0075] Furthermore, 1n the example of FIG. §, one featur-
1zation sub-process (1.e., participant reference recognition
sub-process 512) extracts features that describe references to
conversation participants. In other words, participant refer-
ence recognition sub-process 512 extracts participant refer-
ence features 514. References to conversation participants
are noun phrases that are used to refer to people who are
present 1n the conversation. Some references are pronomi-
nal, such as “you”, “I”, and “we”. Other references are
proper names, such as “Dave” and “Janet.” For each occur-
rence of these words and phrases, the featurization sub-
process uses either a turn-taking analysis (in the case of
pronouns), or background information about the partici-
pants’ names, to infer who the referent(s) is(are), and then
transforms this into a numeric feature, with one feature per
participant.

[0076] In the example of FIG. 5, one featurization sub-
process (1.e., tense/aspect/mood recognition sub-process
508) extracts features that describe the utterance 1n terms of
grammatical tense-aspect-mood. In other words, tense/as-
pect/mood recognition sub-process 508 extracts tense/as-
pect/mood features 510. Grammatical tense-aspect-mood
are properties of linguistic expressions that typically convey
concepts like location 1n time, fabric of time, degree of
necessity, evidentiality, and others. For example, the phrases
“have to VB,” “will VB,” “was going to VB,” and “VB’ed”,

all convey different temporal properties associated with the
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verb VB. Featurization sub-process 508 may identily these
properties by analyzing and extracting the morphology of
verbs, compound verb phrases, and auxihiary verbs. Then,
the extracted contents are compared (e.g., by featurization
sub-process 508) against a co-clustering of a background
corpus of such extractions. The co-clustering of the back-

ground corpus may be generated using the clustering algo-
rithm described above.

[0077] Other utterance featurization processes 1n accor-
dance with the techniques of this disclosure may include
more, fewer, or different featurization sub-processes than
those shown 1n the example of FIG. 5. For example, an
additional or alternative utterance featurization sub-process
not illustrated in the example of FIG. 5 extracts features that
describe agreement-oriented speech acts. Agreement-ori-
ented speech acts are phrases like “OK.,” “Sure, no prob-
lem,” or “I don’t think so” which communicate agreement or
disagreement. This sub-process 1dentifies these phrases
using a machine learning trained text classifier. Then, after
applying the classifier to 1dentity the phrases, the extracted
phrases are compared against the co-clustering of a large
background corpus of similarly-extracted phrases. In some
examples, a featurization sub-process extracts features that
describe references to future dates and times. References to
future dates and times are phrases like “tomorrow,” “the end
of the week,” and “nine PM.” This featurization sub-process
identifies these phrases using a temporal expression 1denti-
fier, and then transforms the extracted expressions into a
numeric feature vector by comparing the extracted phrase to
the result of co-clustering a large corpus of such expressions.
By performing co-clustering on a large corpus, the featur-
1zation sub-process may obtain co-cluster-based embed-
dings for a collection of temporal phrases. The featurization
sub-process may then estimate whether a target phrase 1s a
temporal phrase by measuring the proximity of that target
phrase to either the centroid of the temporal phrase cluster,
or by computing a generalized mean of the distance from the
target to each of the terms in the temporal phrase cluster. The
clements of the numeric feature vector are numerical i1den-
tifiers of the clusters identified for the temporal expressions.

[0078] FIG. 6 1s a conceptual diagram illustrating an
example episode summarization process, in accordance with
a technique of this disclosure. There may be diflerent
episode summarization processes for different activity types.
For example, there may be a first episode summarization
process for debate activity episodes (1.e., activity episode in
which two or more participants debate something) and a
second episode summarization process for action 1item com-
mitment conversation episodes.

[0079] Episode summarization module 356 (FIG. 3) may
receive utterance features 402 associated with an activity
episode (e.g., activity episode 406). Different episode sum-
marization processes may receive different types of utter-
ance features. For instance, in the example of FIG. 6, box
600A represents an episode summarization process in which
episode summarization module 356 may receive task refer-
ence features 506, tense/aspect/mood features 510, and
participant reference features 514. In another example, an
episode summarization process may receive more, fewer, or
different types of utterance features. For instance, an episode
summarization process may receive utterance features cor-
responding to agreement-oriented speech acts, utterance
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features corresponding to references to future times and
dates, and/or other utterance features corresponding to other
speech acts.

[0080] Furthermore, episode summarization module 356
may extract one or more underspecified extractions for the
activity episode. Each underspecified extraction may com-
prise a tuple that consists of one or more features. A tuple 1s
an ordered list of elements. With respect to extractions such
as those for an action item, a tuple may contain all of the
components of an ordered list representing the information
being extracted, e.g., timeframe, owner, task, etc. An under-
specified extraction may therefore contain some unknowns
as elements 1n that list. The tuples of underspecified extrac-
tions for different activity types may contain different fea-
tures. For instance, a tuple of an underspecified extraction
for a debate activity episode may consist of a first set of
clements and a tuple of an underspecified extraction for an
action 1tem commitment conversation episode may consist
of a second set of elements difierent from the first set of
clements. The elements 1n the tuple of an underspecified
extraction for an activity types may be predefined. Thus, the
tuples of each underspecified extraction for a particular
activity episode type may always include the same set of
clements.

[0081] During an activity episode, the participants may
mention something multiple times. Thus, an activity episode
may make multiple “observations” of the same type of
activity within a single activity episode. For example, during
an action 1tem commitment episode, one of the participants
may indicate several times that they will perform an action
in somewhat different ways. For instance, a participant may
indicate that they will send an email by Wednesday and then
later say that they will send the email by Tuesday instead.
Accordingly, episode summarization module 356 may gen-
erate multiple underspecified extractions for a single action
episode. Each of the underspecified extractions may corre-
spond to a different observation. FIG. 6 includes a set of
boxes 600A through 600N (collectively, “boxes 600°") that

represent different observations.

[0082] Episode summarization module 356 may use the
underspecified action item extractions for an activity episode
to generate an activity episode summary for the activity
episode. For example, episode summarization module 356
may aggregate and compose the underspecified action item
extractions. The aggregation and composition process may
involve first a pair-wise directional similarity comparison of
cach pair of underspecified extractions. In other words, for
each pair of underspecified extractions for the same activity
episode, episode summarization module 356 may compare
the elements in the tuples of the pair of underspecified
extractions. For instance, episode summarization module
356 may compare the first element of the tuple of a first
underspecified extraction with the first element of the tuple
of a second underspecified extraction; compare the second
clement of the tuple of the first underspecified extraction
with the second element of the tuple of the second under-
specified extraction; and so on.

[0083] A similarity matrix defined by these pair-wise
comparisons 1s then used as the basis for assigning a
numerical weighting to each extraction, with the goal of
measuring the importance of each extraction. In other words,
episode summarization module 356 may generate a similar-
1ty matrix in which each row corresponds to a diflerent one
of the underspecified extractions and each column corre-
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sponds to a different one of the underspecified extractions.
For each cell of the similarity matrix, the cell may indicate
how many of the elements of the pair of underspecified
extractions match (or do not match). By summing (or
otherwise applying a function to) the values 1n the cells 1n a
row (or column) corresponding to an underspecified extrac-
tion, episode summarization module 356 may determine a
level of similarity (e.g., a numerical weighting) between the
underspecified extraction and the other underspecified
extractions. In some examples, an underspecified extraction
that 1s most similar to the other underspecified extractions of
the activity episode may be considered to be more important
than underspecified extractions of the activity episode that
are less similar to the other underspecified extractions of the
activity episode.

[0084] This importance weighting 1s then used to select a
single underspecified extraction as the principal seed for
composition of the abstractive summary. For instance, in
examples 1n which there are a plurality of underspecified
extractions for an activity episode, episode summarization
module 356 may select, based on the numerical weightings
assigned to the underspecified extractions for the activity
episode, a particular underspecified extraction from among
the plurality of underspecified extractions for the activity
episode.

[0085] The tuple corresponding to that seed 1s used to
populate a summary, and the contents of any other under-
specified extractions that are determined to have a high
similarity to the seed are used to populate or supplement the
components of the finally produced tuple. For example,
there may be different summary templates for different
activity types. The summary template for an activity type
may 1include fixed text and blanks. For instance, in the
example of FIG. 2, the ftitle “COMMITMENT SUM-
MARY?”, “Assigned to:”, “Commitment:”, “(agreed at:” *,
by:” and *“)” are each instances of fixed text and the text
“Harry”, “Send email about travel”, “10:34, Wed., 5 Jun.
20077, and “Harry, Sarah™ are examples of text inserted into
blanks of the summary template. Different summary activity
templates for different activity types may have different

fixed texts and blanks.

[0086] Episode summarization module 356 may populate
a summary by filling values of elements of the tuple of the
seed 1nto the blanks of the template for the activity type of
the activity episode. In some examples where a value 1s not
specified for an element of the tuple of the seed, episode
summarization module 356 may {ill a blank corresponding
to the element with a value for the element from a tuple of
an underspecified extraction having high similarity to the
seed. For example, let underspecified extraction A be the
seed. In this example, the similarity matrix may indicate that
underspecified extraction B has fewer differences from
underspecified extraction A than any other underspecified
extraction for an activity episode. Hence, 1n this example, 1f
the tuple for underspecified extraction A does not specily a
value for element x and the tuple for underspecified extrac-
tion B does specily a value for element x, episode summa-
rization module 356 may use the value of element x to fill
a blank 1n the summary template.

[0087] Thus, each respective conversational activity type
of a predefined plurality of conversational activity types may
be associated with a respective tuple that includes a plurality
of elements different from pluralities of elements of tuples
associated with other conversational activity types of the
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predefined plurality of conversational activity types. Fur-
thermore, for each respective activity episode of the plurality
of activity episodes, episode summarization module 356
may produce an episode summary for the respective activity
episode. As part of generating the episode summary for the
respective activity episode, episode summarization module
356 may generate one or more intermediate extractions (1.e.,
underspecified extractions) for the respective activity epi-
sode. Each of the one or more intermediate extractions 1s an
instance of a tuple associated with a conversational activity
type associated with the respective activity episode. For
each respective intermediate extraction of the one or more
intermediate extractions for the respective activity episode,
episode summarization module 356 may generate the
respective mtermediate extraction by assembling utterance
features from among the utterance features associated with
the respective activity episode into tuple components of the
tuple of the respective intermediate extraction. In some
examples, after generating the plurality of intermediate
extractions for the respective activity episode, episode sum-
marization module 356 may perform a pairwise similarity
comparison of the intermediate extractions for the respective
activity episode. Episode summarization module 356 may
then assign, based on the pairwise similarity comparison,
numerical weightings to the intermediate extractions for the
respective activity episode. Episode summarization module
356 may select, based on the numerical weightings assigned
to the intermediate extractions for the respective activity
episode, the particular intermediate extraction from among
the plurality of intermediate extractions for the respective
activity episode.

[0088] Furthermore, episode summarization module 356
may use the tuple of a particular intermediate extraction of
the one or more intermediate extractions for the respective
activity episode to populate the episode summary for the
respective activity episode. In some examples, the one or
more intermediate extractions includes a plurality of inter-
mediate extractions for the respective activity episode. Epi-
sode summarization module 356 may produce the episode
summary for the respective activity episode further com-
prises using, by the computing system, the tuples of one or
more of the intermediate extractions other than the particular
intermediate extraction to supplement the episode summary
for the respective activity episode.

[0089] FIG. 6 may be specific to action item commit-
ments. Accordingly, the following defines an episode sum-
marization process for Action Item Commitment conversa-
tion episodes. This process 1s triggered upon positive
classification of an Action Item Commitment episode during
the previous step. The first step in the process involves
extraction of intermediate/underspecified action 1tem extrac-
tions. When an activity episode 1s an action item commit-
ment episode, an underspecified action 1tem extraction may
be a tuple consisting of one or more of the following
features: (1) a task reference, (2) a conversational participant
reference, and/or (3) a future date or time reference. In the
example of FIG. 6, the task reference features correspond to
task reference features 506, the conversational participant
reference corresponds to participant reference features 514,
and the future date or time reference corresponds to tense/
mood/aspect features 3510. The tuple components are
assembled from their corresponding featurizations in each
utterance. In this way, episode summarization module 356
may generate an intermediate/underspecified action item
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reference 602. This disclosure may refer to an underspeci-
fled extraction as an intermediate reference. Hence, under-
specified action item extraction 602 is labeled intermediate/
underspecified action item reference i FIG. 6. Each
utterance can have O or 1 underspecified action item extrac-
tion tuples. The second step involves the aggregation and
composition of the underspecified extractions into a final
episode summary. Thus, as shown 1n the example of FIG. 6,
episode summarization module 356 may perform an aggre-
gation/composition process 604 to generate action item
episode summary 606.

[0090] FIG. 7 1s a flowchart 1llustrating an example opera-
tion of a computing system for automatically generating
summaries of meetings 1n accordance with a technique of
this disclosure. Other examples may include more, fewer, or
different steps than shown 1n the example of FIG. 7. In the
example of FIG. 7, computing system 102 may obtain a
transcript of a meeting (700).

[0091] Furthermore, computing system 102 may produce,
based on the transcript of the meeting, a data structure that
comprises utterance features (702). For instance, computing
system 102 may determine references to tasks, determine
references to conversation participants, determine refer-
ences to future dates; determine features that describe an
utterance 1n terms of grammatical tense-aspect-mood, deter-
mine agreement-oriented speech acts, or other characteristic
(1.e., “feature”) of a spoken utterance. The data structure
may be a vector, array, stack, queue, database, file, or other
type of structure for organizing data.

[0092] Computing system 102 may determine, based on
the transcript of the meeting, temporal bounds of a plurality
of activity episodes within the meeting (704). For each
respective activity episode of the plurality of activity epi-
sodes, the utterance features include at least one utterance
feature associated with the respective activity episode. In
some examples, two or more of the activity episodes are
associated with different conversational activity types and
overlap temporally.

[0093] Additionally, computing system 102 may generate
a plurality of episode summaries (706). As part of generating
the plurality of episode summaries, computing system 102
may determine, based on the utterance features associated
with a respective activity episode, a conversational activity
type associated with the respective activity episode (708).
As part of determining the conversational activity type
associated with the respective activity episode, computing
system 102 may select the conversational activity type
associated with the respective activity episode from among
a predefined plurality of conversational activity types. Each
conversational activity type of the predefined plurality of
conversational activity types corresponds to a different type
of activity capable of being performed by participants of the
meeting by conversing.

[0094] Computing system 102 may also produce an epi-
sode summary for the respective activity episode that 1s
dependent on the determined conversational activity type
associated with the respective activity episode (710). The
episode summary for the respective activity episode sum-
marizes a conversational activity that occurred during the
respective activity episode. Computing system 102 may
perform actions (708) and (710) for each respective activity
episode of the plurality of activity episodes. Furthermore, 1n
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the example of FIG. 7, computing system 102 may combine
the plurality of episode summaries to generate a summary of
the meeting (712).

[0095] The above examples, details, and scenarios are
provided for illustration, and are not intended to limit the
disclosure 1n any way. Those of ordinary skill 1n the art, with
the included descriptions, should be able to implement
appropriate functionality without undue experimentation.

2?2 &«

References 1n the specification to “an embodiment,” “con-
figuration,” “version,” etc., indicate that the embodiment
described may include a particular feature, structure, or
characteristic, but every embodiment may not necessarily
include the particular feature, structure, or characteristic.
Such phrases are not necessarily referring to the same
embodiment. Further, when a particular feature, structure, or
characteristic 1s described in connection with an embodi-
ment, 1t 15 believed to be within the knowledge of one skilled
in the art to aftfect such feature, structure, or characteristic in

connection with other embodiments whether or not explic-
itly 1ndicated.

[0096] Embodiments 1n accordance with the disclosure
may be implemented in hardware, firmware, software, or
any combination thereof. Modules, data structures, function
blocks, and the like are referred to as such for ease of
discussion and are not intended to imply that any specific
implementation details are required. For example, any of the
described modules and/or data structures may be combined
or divided 1nto sub-modules, sub-processes or other units of
computer code or data as may be required by a particular
design or implementation. In the drawings, specific arrange-
ments or orderings of schematic elements may be shown for
case ol description. However, the specific ordering or
arrangement of such elements 1s not meant to 1imply that a
particular order or sequence of processing, or separation of
processes, 1s required 1n all embodiments.

[0097] In general, schematic elements used to represent
instruction blocks or modules may be implemented using
any suitable form of machine-readable 1nstruction, and each
such instruction may be implemented using any suitable
programming language, library, application programming
intertace (API), and/or other software development tools or
frameworks. Similarly, schematic elements used to represent
data or information may be implemented using any suitable
clectronic arrangement or data structure. Further, some
connections, relationships or associations between elements
may be simplified or not shown 1n the drawings so as not to
obscure the disclosure. This disclosure 1s to be considered as
exemplary and not restrictive 1n character, and all changes
and modifications that come within the spirit of the disclo-
sure are desired to be protected.

[0098] The techniques described in this disclosure may be
implemented, at least in part, in hardware, software, firm-
ware or any combination thereof. For example, various
aspects of the described techniques may be implemented
within one or more processors, including one or more
microprocessors, digital signal processors (DSPs), applica-
tion specific integrated circuits (ASICs), field programmable
gate arrays (FPGAs), or any other equivalent integrated or
discrete logic circuitry, as well as any combinations of such
components. The term “processor’” or “processing circuitry”
may generally refer to any of the foregoing logic circuitry,
alone or in combination with other logic circuitry, or any
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other equivalent circuitry. A control umt comprising hard-
ware may also perform one or more of the techniques of this
disclosure.

[0099] Such hardware, software, and firmware may be
implemented within the same device or within separate
devices to support the various operations and functions
described 1n this disclosure. In addition, any of the described
units, modules or components may be implemented together
or separately as discrete but interoperable logic devices.
Depiction of different features as modules or units 1is
intended to highlight different functional aspects and does
not necessarily imply that such modules or units must be
realized by separate hardware or software components.
Rather, functionality associated with one or more modules
or units may be performed by separate hardware or software
components or integrated within common or separate hard-
ware or software components.

[0100] The techniques described in this disclosure may
also be embodied or encoded i1n a computer-readable
medium, such as a computer-readable storage medium,
contaiming instructions. Instructions embedded or encoded
in a computer-readable storage medium may cause a pro-
grammable processor, processing circuitry, or other proces-
sor, to perform the method, e.g., when the instructions are
executed. Computer readable storage media may include
random access memory (RAM), read only memory (ROM),
programmable read only memory (PROM), erasable pro-
grammable read only memory (EPROM), electronically
erasable programmable read only memory (EEPROM), flash
memory, a hard disk, a CD-ROM, a floppy disk, a cassette,
magnetic media, optical media, or other computer readable
media. A computer-readable medium may include any
mechanism for storing or transmitting information 1n a form
readable by a machine. For example, a computer-readable
medium may include any suitable form of volatile or non-
volatile memory. In some examples, the computer-readable
medium may comprise a computer-readable storage
medium, such as non-transitory media. The term “non-
transitory” may indicate that the storage medium 1s not
embodied 1n a carrier wave or a propagated signal. In certain
examples, a non-transitory storage medium may store data
that can, over time, change (e.g., in RAM or cache).

What 1s claimed 1s:

1. A method for automatically generating summaries of
meetings, the method comprising:

obtaining, by a computing system, a transcript of a
meeting;
producing, by the computing system, based on the tran-

script of the meeting, a data structure that comprises
utterance features;

determining, by the computing system, based on the
transcript of the meeting, temporal bounds of a plural-
ity of activity episodes within the meeting, wherein for
cach respective activity episode of the plurality of
activity episodes, the utterance features include at least
one utterance feature associated with the respective
activity episode;

generating, by the computing system, a plurality of epi-
sode summaries, wherein generating the plurality of
episode summaries comprises, for each respective
activity episode of the plurality of activity episodes:

determining, by the computing system, based on the
utterance features associated with the respective
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activity episode, a conversational activity type asso-
ciated with the respective activity episode; and
producing, by the computing system, an episode sum-
mary for the respective activity episode that 1is
dependent on the determined conversational activity
type associated with the respective activity episode,
the episode summary for the respective activity
episode summarizing a conversational activity that
occurred during the respective activity episode; and
combining, by the computing system, the plurality of
epi1sode summaries to generate a summary of the meet-
ng.
2. The method of claim 1, wherein determining the
utterance features comprises at least one of:

determining references to tasks;
determining references to conversation participants;
determining references to future dates;

determining features that describe an utterance in terms of
grammatical tense-aspect-mood; or determining agree-
ment-oriented speech acts.

3. The method of claim 1, wherein two or more of the
activity episodes are associated with different conversational
activity types and overlap temporally.

4. The method of claim 1, wherein:

determining the conversational activity type associated
with the respective activity episode comprises select-
ing, by the computing system, the conversational activ-
ity type associated with the respective activity episode
from among a predefined plurality of conversational
activity types, and

cach conversational activity type of the predefined plu-
rality of conversational activity types corresponds to a

different type of activity capable of being performed by
participants of the meeting by conversing.

5. The method of claim 4, wherein:

cach respective conversational activity type of the pre-
defined plurality of conversational activity types 1is
associated with a respective tuple that includes a plu-
rality of elements different from pluralities of elements
of tuples associated with other conversational activity
types of the predefined plurality of conversational
activity types; and

for each respective activity episode of the plurality of
activity episodes, producing the episode summary for
the respective activity episode comprises:

generating, by the computing system, one or more
intermediate extractions for the respective activity
episode, wherein each of the one or more interme-
diate extractions 1s an 1nstance of the tuple associated
with the conversational activity type associated with
the respective activity episode,

wherein, for each respective intermediate extraction of
the one or more intermediate extractions for the
respective activity episode, generating the respective
intermediate extraction comprises assembling, by
the computing system, utterance {features from
among the utterance features associated with the
respective activity episode mto tuple components of
the tuple of the respective intermediate extraction;
and

using, by the computing system, the tuple of a particu-
lar intermediate extraction of the one or more inter-
mediate extractions for the respective activity epi-
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sode to populate the episode summary for the
respective activity episode.

6. The method of claim 5, wherein:

the one or more intermediate extractions mcludes a plu-
rality of intermediate extractions for the respective
activity episode, and

producing the episode summary for the respective activity
episode further comprises:

alfter generating the plurality of intermediate extrac-
tions for the respective activity episode, performing,
by the computing system, a pairwise similarity com-
partson of the intermediate extractions for the
respective activity episode;

assigning, by the computing system, based on the
pairwise similarity comparison, numerical weight-
ings to the intermediate extractions for the respective
activity episode; and

selecting, by the computing system, based on the
numerical weightings assigned to the intermediate
extractions for the respective activity episode, the
particular intermediate extraction from among the

plurality of intermediate extractions for the respec-
tive activity episode.

7. The method of claim 5, wherein:

the one or more intermediate extractions icludes a plu-
rality of intermediate extractions for the respective
activity episode, and

producing the episode summary for the respective activity
episode further comprises using, by the computing
system, the tuples of one or more of the intermediate
extractions other than the particular intermediate
extraction to supplement the episode summary for the
respective activity episode.

8. The method of claim 1, further comprising, for each of
the activity episodes:

selecting, by the computing system, a set of utterances to
characterize content of the activity episode; and

presenting, by the computing system, the selected set of
utterances to a user in addition to the episode summary
for the activity episode.

9. A computing system for automatically generating
abstractive summaries of meetings, the computing system
comprising;

a memory configured to store a transcript of a meeting;

and

one or more processing circuits configured to:

produce, based on the transcript of the meeting, a data
structure that comprises utterance features;

determine, based on the transcript of the meeting,
temporal bounds of a plurality of activity episodes
within the meeting, wherein for each respective
activity episode of the plurality of activity episodes,
the utterance features include at least one utterance
feature associated with the respective activity epi-
sode;

generating a plurality of episode summaries, wherein
the one or more processing circuits are configured
such that, as part of generating the plurality of
episode summaries the one or more processing cCir-
cuits, for each respective activity episode of the
plurality of activity episodes:
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determine, based on the utterance features associated
with the respective activity episode, a conversa-
tional activity type associated with the respective
activity episode; and

produce an episode summary for the respective
activity episode that 1s dependent on the deter-
mined conversational activity type associated with
the respective activity episode, the episode sum-
mary for the respective activity episode summa-
rizing a conversational activity that occurred dur-
ing the respective activity episode; and

combine the plurality of episode summaries to generate
a summary of the meeting.

10. The computing system of claim 9, wherein the one or
more processors are configured such that, as part of deter-
mining the utterance features, the one or more processors
determine at least one of:

references to tasks;
references to conversation participants;
references to future dates;

features that describe an utterance 1n terms of grammati-
cal tense-aspect-mood; or agreement-oriented speech
acts.

11. The computing system of claim 9, wherein two or
more of the activity episodes are associated with different
conversational activity types and overlap temporally.

12. The computing system of claim 9, wherein:

the one or more processors are configured such that, as
part of determining the conversational activity type
associated with the respective activity episode, the one
or more processors select the conversational activity
type associated with the respective activity episode
from among a predefined plurality of conversational
activity types, and

each conversational activity type of the predefined plu-
rality of conversational activity types corresponds to a
different type of activity capable of being performed by
participants of the meeting by conversing.

13. The computing system of claim 12, wherein:

each respective conversational activity type of the pre-
defined plurality of conversational activity types 1s
associated with a respective tuple that includes a plu-
rality of elements different from pluralities of elements
of tuples associated with other conversational activity
types of the predefined plurality of conversational
activity types; and

for each respective activity episode of the plurality of
activity episodes, the one or more processors are con-
figured such that, as part of producing the episode
summary for the respective activity episode, the one or
more processing circuits:

generate one or more intermediate extractions for the
respective activity episode, wherein each of the one
or more mtermediate extractions 1s an instance of the
tuple associated with the conversational activity type
associated with the respective activity episode,

wherein, for each respective intermediate extraction of
the one or more intermediate extractions for the
respective activity episode, the one or more process-
ing circuits are configured such that, as part of
generating the respective intermediate extraction, the
one or more processing circuits assemble utterance
features from among the utterance features associ-
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ated with the respective activity episode into tuple
components of the tuple of the respective interme-
diate extraction; and

use the tuple of a particular intermediate extraction of
the one or more intermediate extractions for the
respective activity episode to populate the episode
summary for the respective activity episode.

14. The computing system of claim 13, wherein:

the one or more intermediate extractions mcludes a plu-
rality of intermediate extractions for the respective
activity episode, and

the one or more processing circuits are configured such

that, as part of producing the episode summary for the
respective activity episode, the one or more processors:

alfter generating the plurality of intermediate extrac-
tions for the respective activity episode, perform a
pawrwise similarity comparison of the intermediate
extractions for the respective activity episode;

assign, based on the pairwise similarity comparison,
numerical weightings to the intermediate extractions
for the respective activity episode; and

select, based on the numerical weightings assigned to
the intermediate extractions for the respective activ-
ity episode, the particular intermediate extraction
from among the plurality of intermediate extractions
for the respective activity episode.

15. The computing system of claim 13, wherein:

the one or more intermediate extractions mcludes a plu-
rality of intermediate extractions for the respective
activity episode, and

the one or more processing circuits are configured such
that, as part of producing the episode summary for the
respective activity episode, the one or more processing
circuits further use the tuples of one or more of the
intermediate extractions other than the particular inter-

mediate extraction to supplement the episode summary
for the respective activity episode.

16. The computing system of claim 9, wherein, for each
of the activity episodes, the one or more processing circuits
are configured to:

select a set of utterances to characterize content of the
activity episode; and

present the selected set of utterances to a user 1n addition
to the episode summary for the activity episode.

17. A non-transitory computer-readable medium compris-
ing 1nstructions, whereimn execution of the instructions
causes one or more processing circuits of a computing
system to perform operations comprising:

obtaining a transcript of a meeting;

producing, based on the transcript of the meeting, a data
structure that comprises utterance features;

determining, based on the transcript of the meeting,
temporal bounds of a plurality of activity episodes
within the meeting, wherein for each respective activity
episode of the plurality of activity episodes, the utter-
ance features include at least one utterance feature
associated with the respective activity episode;

generating a plurality of episode summaries, wherein
generating the plurality of episode summaries com-
prises, for each respective activity episode of the plu-
rality of activity episodes:
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determining, based on the utterance features associated
with the respective activity episode, a conversational
activity type associated with the respective activity
episode; and
producing an episode summary for the respective activ-
ity episode that 1s dependent on the determined
conversational activity type associated with the
respective activity episode, the episode summary for
the respective activity episode summarizing a con-
versational activity that occurred during the respec-
tive activity episode; and
combining the plurality of episode summaries to generate
a summary of the meeting.
18. The non-transitory computer-readable medium of
claim 17, wherein:
determining the conversational activity type associated
with the respective activity episode comprises selecting
the conversational activity type associated with the
respective activity episode from among a predefined
plurality of conversational activity types, and
each conversational activity type of the predefined plu-
rality of conversational activity types corresponds to a
different type of activity capable of being performed by
participants of the meeting by conversing.
19. The non-transitory computer-readable medium of
claim 18, wherein:
each respective conversational activity type of the pre-
defined plurality of conversational activity types 1s
associated with a respective tuple that includes a plu-
rality of elements different from pluralities of elements
of tuples associated with other conversational activity
types of the predefined plurality of conversational
activity types; and
for each respective activity episode of the plurality of
activity episodes, producing the episode summary for
the respective activity episode comprises:
generating one or more intermediate extractions for the
respective activity episode, wherein each of the one
or more intermediate extractions 1s an mnstance of the
tuple associated with the conversational activity type
associated with the respective activity episode,
wherein, for each respective intermediate extraction of
the one or more intermediate extractions for the
respective activity episode, generating the respective
intermediate extraction comprises assembling utter-
ance features from among the utterance features
associated with the respective activity episode to
tuple components of the tuple of the respective
intermediate extraction; and
using the tuple of a particular intermediate extraction of
the one or more intermediate extractions for the
respective activity episode to populate the episode
summary for the respective activity episode.
20. The non-transitory computer-readable medium of
claim 19, wherein:
the one or more 1intermediate extractions includes a plu-
rality of intermediate extractions for the respective
activity episode, and
producing the episode summary for the respective activity
episode further comprises:
after generating the plurality of intermediate extrac-
tions for the respective activity episode, performing
a pairwise similarity comparison of the intermediate
extractions for the respective activity episode;
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assigning, based on the pairwise similarity comparison,
numerical weightings to the intermediate extractions
for the respective activity episode; and

selecting, based on the numerical weightings assigned
to the intermediate extractions for the respective
activity episode, the particular intermediate extrac-
tion from among the plurality of intermediate extrac-
tions for the respective activity episode.

e s e x s
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