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Abstract

Most office workers participate in multiple meetings on a daily basis. Although surveys show that large
parts of these meetings are often not useful to all the participants, it has been shown (Banerjee, Rose, &
Rudnicky, 2005) that participants do sometimes need to retrieve information discussed at previous
meetings, and that this is usually a difficult task. The human-impact goal of this thesis is to help humans
retrieve the information they need from past meetings.

Several approaches have been explored in the past to help humans with this retrieval task. These
approaches include meeting recording and browsing systems (Cutler, et al., 2002), and systems that
automatically detect and extract pieces of useful information from the speech such as action items
(Purver, Ehlen, & Niekrasz, 2006). These approaches are often examples of either classic supervised
learning (with offline data collection, annotation and model training) or unsupervised learning with
some adaptation to the meeting participants. While these approaches make use of the expertise of
offline human annotators, we believe that little effort has been made to effectively harness the
knowledge that the meeting participants have. Specifically, meeting participants will be the best judges
of what information is important in a meeting. This judgment, if properly leveraged, can provide high
quality information with which to improve automatic meeting-understanding systems. The challenge of
leveraging meeting participant knowledge, however, is that they may have little motivation to provide
labeled data to the system without some perceptible and immediate benefit. Moreover providing such
information may be distracting and thus undesirable.

Our hypothesis is that despite this challenge, it is possible to motivate the human users of an interactive
system to provide supervision. We propose to extract this supervision by designing services that provide
the user with immediate benefit, but that are designed in such a way that as the user interacts with the
system, his actions can be interpreted as labeled data. Given this labeled data, the system can improve
its performance over time. We propose two mechanisms: passive and active supervision extraction. In
the passive approach, the system cannot select data points to query labels for, and data acquisition from
user actions occurs entirely due to the design of the interface. In the active approach, the system selects
data points and queries the user for their labels. Although this is similar to active learning, we are
interested in motivating ordinary users to provide data (as opposed to giving the data to labelers). We
create this motivation by embedding the queries in an interactive service that gives the user immediate
benefit every time a query is made® ¢ K S resgphisEs M then interpreted as labels. We apply these



two general methods to two meeting understanding tasks: Identifying the agenda item under discussion
at any given time in the meeting, and identifying noteworthy utterances spoken during the meeting.

The core technical contribution of this thesis will be a general framework for selecting data points for
label query by modeling both the immediate benefit to the user and the benefit to the model in a way
S0 as to optimize the two benefits.

This thesis proposal outlines the approaches in detail, and describes tasks completed thus far as well as
proposed tasks.



Contents

ADSTIACT . ...ttt bbb R R bR b h b e bbb 1
R [ 1 (oo [8 o3 4o o T TSSOSO PO PP 6
2 Extracting Supervision from Users: Past Approaches and Research ISSUES.............cccoovrvierenencniennen. 9
2.1  Strategies for Extracting SUPErviSion fromM USEIS .........coiieiiiiiiiiresesiesiee e 9
2.2 Research ISsues in Passive SUPEIVISION........c.ccuiieaiiieiierie e eite e ee e ste e ste e sre e e sresreesaesresneas 11
2.2.1 Research Issue 1: How to Interpret User Actions as Feedback?...........cccevvvvvieiviieinnnn, 11

2.2.2 Research Issue 2: How to Design Interfaces to Ease Interpretation of User Actions as

FEEADACK? ...t 12
2.3 Research ISSUES iN ACTIVE SUPEIVISION. .......cuiiiirririiiieiieieieiee sttt 12
2.3.1 Research Issue 1: How to Build a Label Query Mechanism? ...........cccoovveveiecvieseeiesieennas 13
2.3.2 Research Issue 2: How to Choose Data Points for Label QUEry?........ccocevvvvivcveeiesieenas 15
o] L0 T T=To I oI =T Ll o RS RS 17
3.1 TRESIS STALEIMENT. ...ttt bbbttt e et nb bt nn e 17
3.2 OVErVIEW OF APPIOGCINES.......ciuiitiieiieieie ettt 17
3.3 Passive Supervision Extraction through Interface DESIGN.......c.ccceeveieiecieiie i 17
3.3.1 Proposed General APPrOACH.........c.ooi it s sre s 17
3.3.2 Approach Applied to Meeting Agenda Identification .............ccccoevieiiieei e, 19
3.3.3 Expected Technical CONtribDULION ... 20
3.4 Active Supervision Extraction by Providing Immediate Value to USers..........cccccvvevevevivevennnnnns 20
34.1 RESEAICN GOAI ... 20
3.4.2 Proposed General FIamEWOIK ...........coviiiii ittt sttt sresba e sre s 21
3.4.3 Approach Applied to Improving Meeting SUummarization..........ccccccoceveeveveciese e, 22
3.4.4 Expected Technical CONTIiBULION .........cccviiiiic e 24
Passive Supervision Approach Applied to Agenda Item Detection ...........cccccevevveieneniieneseece e 26
A1 SYSTEIM GO ...ttt e rer s 26
4.2 Motivation fOr SYSEIM GOAl.........cc.eiviiiiiiiiiiie s 26
4.3 RESEAICH GOQI ...t 27
4.4  Designing an Interface to Acquire Labeled Data (Completed Task) ........ccccooveeerierieninieennnennnes 27
441 Applying the Proposed APProach ..o 27
4.4.2 The SMANTNOTES SYSTEIM ......viitiiiiieeeieee bbbt 28
4.4.3 Obtaining Agenda Item-Labeled Meeting Segments from SmartNOtes...........c.cccceverveneee. 32



45  Evaluation of SmartNotes and the Data It Acquires (Completed Task).........ccccoovrverenerenenienns 33

45.1 Usability of the SMartNOTES SYSTEM .........coiiiiiiiieieieiee e 33
452 Evaluation of the Labeled Data Obtained from SmartNotes.............cccocvveriiiniiicisennn 34
4.6 Algorithm for Automatic Agenda Detection (Proposed Task) ........cccccvevveveiecvieninniiene e 37
4.7  Evaluation of Automatic Agenda Detection (Proposed Task).........cccoveveveveeiienesieeneseesee e 37
Active Supervision Approach Applied to Meeting SUMMarization.............ccoccoerereiieiniineneneseneenes 39
51  System Goal and MOTIVATION..........cciiriiiiiieiiie s 39
5.2 RESEAICN GOAI ... 39
5.3  Algorithm for Detecting Noteworthy Utterances (Proposed Task) .........ccccovvvveverveviereevesennens 40
531 PIEVIOUS WOTK ...ttt 40
5.3.2 Proposed AlGOTTENM .......cviii et be s re et e te e e sreeraesrenre s 41
5.4 Designing the Label Query Mechanism (EXtenSion Task) .........cccuverererereieisieninesese e 42
541 GIOAUS. ...t E bbbttt b b n et n e 42
5.4.2 Direct Notes Suggestion MECNANISM ..........cccviiiiieiici ettt 42
543 d{dzAKA .2l30¢ b20GSa..{.dA3S4a0A2Yy..aSQKLYIAAY
5.4.4 Preliminary Wizard-of-Oz Studies on Labeling Mechanisms .............cccoeevivveiicieeieciennnns 45
545 Proposed Mechanism for Performing Queries through Direct Notes Suggestion.............. 47
5.4.6 Suggesting Sentences through the Sushi-Boat Interface...........ccocevvvivievcvievc i 50
5.5 BVAIUATION ..ottt 50
55.1 EVAlUALING ThE SEIVICE ....cuviiii ettt et st be e sbeebaesrenae s 50
5.5.2 Evaluating the SYSTEM TASK......ccciiiieiieiiiie ettt ettt be e sresba e sre s 51
TNESIS SUCCESS CITEITA ...tttk ettt b et 53
6.1  Show Feasibility of Acquiring Passive Supervision from Human USers ..........cccccocvevevveieninnnns 53
6.2  Show Feasibility of Actively Querying Data Labels from Unmotivated Humans.............c.......... 53
PropOSal TIMEIINE. . ..ot bbbttt sn e 54
Risk Assessment and CONtINGENCY PIAN ..........ooiiiiiiie e e 55
8.1  Failure on Task 1 is Non-Fatal for the TheSIS ..o 55
8.2  Failure on Task 2 is Potentially Fatal for the ThesSiS..........cooooiiiieiiieeee e 55
8.2.1 Non-Fatal Risk 1: Improvements in Noteworthy Utterance Detection do not Improve
INfOrmMation RELrIEVAI SPEEA.......c..oiiiiiie e 55
8.2.2 Risk 2: Speech Recognition ACCUracy iS 100 LOW........cceieriiieerieie e 56
8.2.3 Risk 3: The Concept is Learnable, but Not from Meeting Feedback..............ccccevviiennee. 56

4



8.24
Bibliography



1 Introduction

Human beings are social creatures, and spend a large part of their lives communicating with other
human beings. These communications vary in a large number of ways. They vary by the goal of the
communication ¢ e.g. task oriented, social or religious; by the time lag in the communication ¢ real time
versus asynchronous, and by the modality of the communication ¢ speech based, text based, etc. They
vary in the number of people involved, and also in the directionof the communication ¢ unidirectional,
bidirectional, and multidirectional.

A large fraction of these instances of human-K dzY' I 'y 02 YYdzyAOlF GA2YyY | NB

The Oxford English Dictionary defines I Y’ S S (i Ahg a8t of a& instarite of assembling or coming
together for social, business, or other purposes® /e define meetings as instances of human-human
communication that are speech-based, involve two or more humans, and are conducted in real-time®.
Meetings such as these are often the venue at which information is presented, progress is discussed,
negotiations are done, and decisions are made. Consequently meetings form a very important part of
the work place. Back in 1995, it was estimated that Fortune 500 companies alone held between three
and four billion meetings annually (Romano & Nunamaker, 2001). In a separate study, managers self-
estimated that their productivity at meetings ranged from 33% to 47% (Romano & Nunamaker, 2001).
This implies that although large parts of most meetings are unimportant to most participants, there are
small portions that are important, and may contain important information. Indeed, it has been shown
that meeting participants sometimes need to retrieve pieces of information that were discussed at
previous meetings (Banerjee, Rose, & Rudnicky, 2005), (Lisowska, 2003). However this retrieval task is
often difficult: Typically there are no audio/video recordings of meetings and notes are often insufficient
(Banerjee, Rose, & Rudnicky, 2005). Even if the meetings were recorded, browsing through the recorded
audio and/or video is not easy since, unlike text, it is much harder for humans to quickly scan through
audio/video recordings. The impact goal of this thesis is to help humans find information from past
meetings.

Different automated techniques to record and process meetings, and to help humans browse and
retrieve information from recorded meetings have been investigated in the past. Researchers have
presented different methods of recording the audio, video and other textual information such as
presentation slides and whiteboard activities at meetings (Banerjee, et al., 2004), (Cutler, et al., 2002),
(lonescu, Stone, & Winograd, 2002). Research has also been conducted on automatically understanding
some aspect of the recorded meeting, with an eventual goal of helping humans access meeting
information more easily. Examples of such research include automatically detecting the topic of

! Our definition of meetings vastly overlaps the set of human-human communications popularly called meetings,
but is not exactly the same set. On the one hand we preclude communications that are conducted entirely through
non-speech modalities (such as through text in email), or that are asynchronous in nature (such as
communications through voice mail). On the other hand, we do not exclude communications based on their
directionality (e.g. we include lectures) or their goal. We do so because our research is applicable to all speech-
based, real-time communications. However, our experiments are all conducted on what is popular understood as
G Y S S (i ¢tyicbantore collocated human beings communicating with each other through speech to accomplish

asetoftasksc YR &2 FNRBY GKA& LRAyld 2y ¢S 6Aff dzasS (kS

human communications.

LJ2 LJdzt |
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discussion (Galley, McKeown, Fosler-Lussier, & Hongyan, 2003), (Beeferman, Berger, & Lafferty, 1999),
(Barzilay & Lee, 2004), (Purver, Kording, Griffiths, & Tenenbaum, 2006), transcribing the speech in the
meeting (Stolcke, et al., 2004), (Metze, lin, Fugen, Laskowski, Pan, & Schultz, 2004), (Hain, et al., 2005),
(Yu, Tomokiyo, Wang, & Waibel, 2000), recognizing the activities of the participants through vision
processing (Rybski & Veloso, 2004), detecting the action items being decided at the meeting (Purver,
Ehlen, & Niekrasz, 2006) and summarizing the contents of the recording (Murray, Renals, & Carletta,
2005). Finally, researchers have demonstrated mechanisms to help participants browse the recorded
audio/video of meetings (Ehlen, Purver, & Niekrasz, 2007), (Cutler, et al., 2002), (Waibel, Bett, & Finke,
1998).

The different approaches to helping humans browse meetings fall into one of two categories: They
either attempt to ease navigation through the recorded meeting by overlaying it with structural
information (e.g. topic labels, event bookmarks), or make navigation unnecessary by extracting
information from the meeting (e.g. action items, summaries). The previously investigated mechanisms
for understanding meeting structure or extracting information from the meeting all share a common
thread: They are all examples of classical supervised or unsupervised machine learning. In the
supervised algorithms, relevant meeting data is first collected and annotated by researchers. Then the
algorithms are trained on the data, and eventually run on the actual meetings. The unsupervised
algorithms do not need labeled training data to train on, and some algorithms attempt to adapt to the
meetings they are run on (Huggins-Daines & Rudnicky, 2007). To our knowledge, however, no
comprehensive effort has been made to aggressively use the smartest resource available to meeting
processing algorithms: The meeting participants themselves. The science goal of this thesis is to present
a methodical framework for extracting expertise from the human meeting participants through their
normal during-meeting activities, in order to automatically learn how to structure and extract
information from meetings.

| dzYly SELISNIAAS Aada NRdAziAySte S Viithexadld Bf subeyvised dzA f RA Y
learning, humans are asked to perform the task that the system will eventually perform automatically,
resulting in labeled data¢ KS &ae&adSY A& GKSYy GNIAYySR 2y GKAa 1 0
ToSyadaNB GKFG adzOK aeaidsSvya 3ISYySNIf Al Scolieckalayyg§ s & dzy a
amount of human-generated data to cover the variations that can be expected in unseen data.

However, collecting labeled data from humans is typically a very expensive task. If the system is

intended to be used by one user (or a small group of users), then one way to abate the expense of

collecting human-labeled data is to collect the data from the actual end users of the system.

Additionally, such a system need not generalize beyond its user(s) and limited labeled data may suffice.

Another potential advantage is that the human may be induced to provide higher-quality information as

well as labels that represent idiosyncratic information. This approach has been successfully used in

adapting commercial dictation systems to the speaking style and vocabulary of the end user. Typically

however, this approach is often infeasible because users are usually reluctant to engage in a task (such

as providing training data) that does not have a clear and immediate benefit to them. For example,

meeting participants are unlikely to manually apply topic labels to meeting segments in order to train a

topic-labeling system, unless performing such labeling provides some immediate value to the user.



We hypothesize that despite these challenges, it is possible to entice the human end user of a system to
provide labeled data with which the system can improve its performance. Specifically, we propose to
elicit labeled data from end users by providing them with serviceghat give immediate and perceptible
benefit, but that are designed in such a way that as humans interact with them, their actions result in
labeled data that can be used to improve the performance of a system component.

In this thesis, we propose two general approaches for extracting labeled data from end users of

interactive systems: A passive approach and an active approach. In the passive approach, we design the

A2 A0RBWDENF I OS Ay &dzOK | gl @& GKIG a2y$sS 2N FEf 2F |
interpreted as labeled data. In the context of meetings, we design a note taking interface in such a way

thatY SS G Ay 3 LioteXakin®aktiodts sésiilgirimeeting segments being labeled with the agenda

item that was being discussed during that segment. This data can then be used to improve a meeting

topic labeling system. In the active approach to extracting labeled data from end users, we propose to

query the user for the labels of unlabeled data points. Instead of directly asking for labels however, we

embed the queries within an interactive service that provides immediate and perceptible value to the

user every time a label is queried. In the context of meetings, we design an in-meeting notes suggestion

mechanism. If accurate, such a service can provide immediate benefit to the meeting participant in

terms of reducing the amount of typing he needs to do to take notes. At the same time 0 KS dza SN a
response to each suggestion ¢ accept or reject ¢ can be interpretedas I a y NAIEK@x y20 y20Sg21
label on the suggested sentence. This labeled data can then be used to improve a meeting
summarization system. The core technical contribution of this thesis is a general framework for picking

unlabeled data points for label query, by balancing the immediate benefit to the user (from the

suggested note) against the benefit to the system (of getting a label for the suggested sentence).

In the next section we survey past approaches to extracting supervision from users. In the following
section we present the proposed general passive and active supervision extraction approaches. In the
next two sections we present details of the completed and proposed tasks for agenda item labeling and
noteworthy utterance detection. Finally we present the targeted timeline for the proposed tasks.



2 Extracting Supervision from Users: Past Approaches and Research
Issues

2.1 Strategies for Extracting Supervision from Users

Many interactive systems have the scope of improving their performance by modifying their behavior so

that they are better suited to the conditions in which they are deployed. Such conditions include the

characteristics of the human user of the system, the environment in which the system is used, etc. For

example, speech recognition and handwriting recognition systems can improve their accuracy by

adapting to the actual end-dza SND&a &LISSOK YR KFEYyRgNRGAY3I LI GG SN
improve by learning the noise characteristics of the surroundings in which it is used.

Several strategies have been used to learn the characteristics of the end user of the system. The first is

to simply engage the userinan éenrollment LIK 8 $¢ 6 KSNB (KS dza StNdsystem SE LI A O
learn his characteristics. For example, many commercial dictation systems such as Nuance Dragon

b I G dzNJ f f §Nudnl® F Draoy MhturallySpeaking , 2008) and the dictation system built into the

Microsoft Windows XP operating system encourage users to go through enrollment before they use the

system for the first time. During this phase, users are asked to read system-selected sentences into the
YAONRLIK2Yy ST &2 (KIFG GKS NBO2 Ityle produddiatidh, gtc. JudR bnLIG G 2
F LILINBF OK A& NBlFazylroftS gKSy (GKS dzaSNRa OKIF NI Ol SNJ
f2y3 LISNA2R 2F GAYS® LG A& f A1 St wilndtkhange diaskc8lly dza S ND a
over time, and the one-time training can be expected to be useful over a long period of time. On the

20KSNJ KIFIyRZ AF (KS dzaSNDa OKI NI Osucd Mdnétima @amingl NB € A |
may not be that useful. For example, learning what a meeting participant finds important in a meeting is

intuitively dependent on the topics of discussion at the meeting, which is likely to change vastly from

meeting to meeting. Asking the user to train the system on a few recorded meetings before the user

starts using the system is likely to not be useful in the long run.

Another strategy to adaptasystem i 2 | dza SNRa OK I NleracSdnafdm & IO dz@®S Nu2a |
every-day interactions with the system. (We categorize a labeled data extraction approach as being

passive, as opposed to active, if the system does not choose which data points the user will label). As the

user interacts with the system to perform his tasks, the system collects relevant data from his

interactions, and uses the data to retrain its algorithms and improve its performance. Such a strategy is

particularly viable ¢ K Sy {1 K S godl B t supdTttie user by automatically performing the task

that the user normally performs. For example, some email systems attempt to learn how a user assigns

his incoming email to folders, and then helps the user by automatically performing the assignment
GKSYS@PSNI 1KS aeaitSYy Aa O2yFARSyYyG 2F GKS [FaaAirdayySy
Ad (2 YAYAO (K&dzaANDDal 0 BK2 WA 2 RE N5 @dt tad be bs&ldodzt § Ay
retrain the system. This approach is taken in (Cohen, 1996) to learn how to assign incoming email to

folders. Such a strategy isviable S @Sy A F ndrmfafi FdESNIBA y 230 AAYAT NI G2 GK
the user has the option of correctingll KS &a@adSyYyQa 2dzilLlzis GKSNBoe& LISNF
time to time. For example, speech recognition based systems allow the user to correct incorrectly



transcribed words; the system then retrains itself on these manually corrected words. An example of
such an approach is (Burke, Amento, & Isenhour, 2006).

System improvement through passive observation can be doneeveni¥ (KS @G@BRAaATT SKVQR
tasks are never the same. In such a situation, systems typically improve the performance of their
learning component by first using the component to label unlabeled data, and then retraining it on data
that has been labeled with medium to high confidence. For example, a dictation system can improve its

aLISSOK NBO23yAl SNJ SOSy 6 A ( KadtdainticallykebrainitzgitiSe XekbgnizeY | v dzl- f

on previously spoken words that have been recognized with moderate to high confidence, e.g. (Kemp &
Waibel, 1999).

Finally, systems can improve their performance by actively soliciting feedback from the user as he uses
the system. Feedback can be solicited by actively informing the user that his feedback will be used to
improve the system and give the user better service. Such an approach is used by the movie rental
website Netflix.com. This website explicitly (and often) asks users to rate movies that they have seen in

thepast,in2 NRSNJ F2NJ 6 KS ¢S0aixids G2 €SNy GKS dzaSNDa

may also enjoy. Other systems seek feedback implicitly by simply performing a task, and observing the
dzZa SNDa NBalLlRyasS (Ferexdnfl§ (Webera&PSIAEIQ 2007) pagerit &nyaubomated
calendar management system that helps users schedule meetings by presenting them with a small set of
alternate schedules when the user receives a meeting request by email. Once the user selects one of the
dadz3aSaidArazyasr (KS dzaSNDAE NBeduidd yysteédn. ThedactidzdeSriing
component shows the user candidate schedules based on its learning agenda. (Note that Netflix.com
also gathers feedback implicitly by simply performing the task ¢ showing the user its predicted rating for
movies the user has not rated yet ¢ and then observing the dza S N & c¢NBethéxJghg udeScorrects
or accepts the predicted rating).

To summarize, the various strategies for leveraging the user to improve the performance of the system
are as follows:

1. Explicitly ask the user to train the system before using it for the first time.
2. Learn through passive observation of user interaction

LINJ

a. By getting labeleR R (I RA NB O faétionsF idhera 8iakiSS Yd2a@ S NiK} 53 |
NBE LX A Ol G DehavierS 2MISNRA GKS dzaSN) a2YSiAYSa

gla 2F O2NNBOGAYI GKS deadsSyoa 2 dziLidz

LIS N

b. By getting relevant data indirectly ¥ N2 Y (G KS dzawi@mMiess 8ladBAXEE T+ &

different fromthedza SN a G a1
3. Learn by actively querying the user for feedback
a. By explicitly stating to the user that his feedback will be used to improve the quality of
the service to him.
b. By implicitly performing an action, and then using i K S deéipSnbeXdoithat action as
feedback to improve the system performance.

10



Of these 5 strategies, strategies 2b and 3b are fundamentally different from the other strategies in

GSN¥Ya 2F K2g aSlaiateéd (KS dzaS NisiratehiedTiahdBy theu@t y 06S A
is being explicitly asked to provide feedback, so all his actions directly result in labeled data with which

the system can be retrained. InstratS3& Wl X &aAyO0OS (GKS dzaSNRa Gl ai Aa
actions can be easily interpreted as data with which to perform retraining. As a result, these three

strategies are often simple extensions of standard supervised learningi 2 G KS & 2 yStrateyieS ¢  a S G (.
2b and 3b on the other hand present harder interpretation problems. In strategy 2b, mostof i KS dza S N a
actions do not directly result in labeled data. The system must be designed to (a) choose a subset of his

actions for retraining, and (b) compute what the label of that data is. Similarly in strategy 3b,
AYGSNIINBGAY I (GKS dza SNDRA NB a LI2tylial.Sn this 2hesis, WeSfocus éna 1 SY QA
these two strategies ¢ learning through passive observatonwkK Sy G KS aeéadasSyqQa Gl aiy |y
are different, and learning through actively queryingi KS dza SN & AYLX AOAG FSSRol O
Gralz FyYyR 20aSNPAY3I (KSBa dradbinassiywvibgBectiond, veyplord e (G KS a4 @
research issues in each of these two strategies.

2.2 Research Issues in Passive Supervision

As mentioned above, within the realm of passive strategies for acquiring user supervision, our focus is

on strategies that must be employed when the dz& S N & § FHiaQK SyaS ASNS Yarsush@ Sy Qa i |
situation, there are two important research questions:

1. Given an interactive system, h2 4 (2 AYyUGSNILINB{G GKS dzaSNDa o6SKI @,
FSSRolI O]l 4AGK gKAOK G(GKS adaeaidisSyQa LISNF2NXIyOS O
2. How to designthe interface of an interactive system such that easily-interpretable behavior can
be elicited from the user?

2.2.1 Research Issue 1: How to Interpret User Actions as Feedback ?

Interactive systems have been built in the past that interpret different user actions as positive and
negative feedback in order to extract data for system improvement. For example, in the field of
AYF2NYE GA 2iyplichiBE NB Sy 68 S S RuhénQhg éiser figivs axubset-of theS R
documents presented to him based on his initial search query. The documents viewed by him are
interpreted as being relevant to his initial query, while the documents he ignored are viewed as being
irrelevant. This feedback can then be used to modify the search algorithm. Such an approach is taken in
(White, Ruthven, & Jose, 2005) where the document titles and summaries viewed by the user are
interpreted as providing feedback. Similarly (Mohammad & Nishida, 2007) presents an interactive
computer based drawing tool that intelligently modifies the drawing being constructed based on
interpretations of the human@ strokes on the screen. The angle and direction of repeated strokes made
by the human are interpreted as either intended to extend the current line or change its slope, and this
change is then automatically reflected in the drawing.

In addition to these systems, other systems have been built that perform minimal interpretation of user
actions. Specifically, some systems simply use all interaction data from the user, and perform
unsupervised S Ny Ay 3 2y (GKA&a RIFIGF G2 AYLINROGS GKS aeadsSy:
example, in (Kemp & Waibel, 1999) s K SNB (1 KS dzaSNXRa aLISSOK A& lFdzi2YIF G
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a confidence metric is applied to the resulting transcription, and the moderate-to-highly confident

words are used to retrain the speech recognizer. Such a purely unsupervised approach is also taken by

(Purver, Kording, Griffiths, & Tenenbaum, 2006) where the system takes the words uttered by the
YSSGAY3I LINIGAOALIYyGAZ YR tSINya (2 ARSYyGATe (GKS
(speakind v A& RAFTFSNBYd FNRY (KS aeadisSvyqQa Gl ai o0ARSyl.
F@FAflrofSd® LYadSIRY Fy dzyadzZZJSNBA&AZSR Ff 32NAGKY Aa
his spoken words.

2.2.2 Research Issue 2: How to Design Interfaces to Ease Interpretation of User Actions as
Feedback?

¢KS FANRG NBaSINOK ljdzSadAaz2y +talSR aDA@GSyYy | a

interface, how can we construct a deterministic algorithm to extract feedback from the dza S NJ I O

This is a useful question to ask when a system interface is already in place, and we are attempting to

extract feedback from user actions. However, a logical next step is to ask the question: If we are building

a new system, and one of the goals of the system is to improve through feedback extracted from user

actions, how should we design the interface to maximize the opportunity of learning from user actions?

To our knowledge, this is a novel research question. In the next chapter, we propose an approach to

designing interfaces for easy interpretation of user actions.

2.3 Research Issues in Active Supervision

As mentioned in section 2.1 above, one class of strategies for acquiring supervision from the users of a
aeaidsSy Aa al OvbefehSsysterdhaiSieIplion of gughging the user for labels for one or
more data points. Within such active strategies for supervision acquisition, there are two subsets of

strategy types:

1. Strategies that explicitly inform the user that his feedback is being sought in order to improve
the quality of the service to him.

2. Strategies that implicitly perform an action, and then extracts feedback information from the
dza SNDa NBaLRyasS (G2 GKFG I Ol AlatfeselteateglesyiiedBrdS (G K S
need not know that his feedback is being sought.

In this thesis we focus on the second set of strategies ¢ strategies that do not depend on motivating the

user to provide feedback with the promise of future benefit, but instead that function by offering
AYYSRAFGS o0SySTFAG G2 (KS . ichSridgiaskosPodzsignediiksGechai @ a G SY Q
way G KIF0 GKS dza SNRa NEB a éaulsanSJabelécRdataivitibwhiahéhie dyGevh canh O A 2 v
improve its performance.

There are two main research questions for systems that aim to actively extract supervision from the user
without explicitly asking for feedback:

1. How to build a label query mechanism?
2. Which data points to query labels for?
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In this thesis we explore both these research questions within the system task of automatically
improving a meeting summarization system. We explore several different label query mechanisms to
extract feedback from meeting participants. We also introduce a framework for selecting data points for
which to request labels that takes into account the expected benefit to both the system and the meeting
participant. In the following sections we describe these two research issues, our hypotheses, and the
proposed research plan to validate the hypotheses.

2.3.1 Research Issue 1:How to Build a Label Query Mechanism?

A label query mechanism is a mechanism through which the system can query the user for labels. Many
systems have been built in the past that query users for labels on data points, and then use the labeled
data points to retrain the system and improve its performance. These mechanisms usually fall into two
main categories:

1. Labeling data points with a class label.
2. Ordering data points according to an evaluation function.

We will now describe a few systems that have built label query mechanisms using these strategies. We
will also describe some other innovative strategies that go beyond labeling and ordering.

2.3.1.1 Asking Users toProvide Categorical Labels

The goal of many learning systems is to learn how to categorize data points, that is, assign data points to
one of a typically small group of categories. A natural label query mechanism for such systems is to
encourage the user to perform the same task ¢ that is, associate data points with categorical labels.

For example, systems that learn to label emails as spanor not often extract supervision from users by
observing how they label their emails. This supervision can be passive ¢ waiting for the user to classify
whatever emails he wishes to classify as spam or not ¢ or it can be active ¢ providing the users with
particular emails and asking them to label them. Both of these strategies were modeled in the 2006
TREC Spam Track evaluation (Cormack, 2006).

(Shen & Dietterich, 2007) present a system that learns to associate task labels with desktop resources
such as files, emails, directories on disc, etc. in order to provide time-saving services to the user, such as
helping him quickly find all related resources after an interruption, suggesting appropriate destination
directories for new files, etc. Users provide supervision by labeling resources through their own
initiative, or when labels are actively sought from them by the system.

(Failes & Olsen, 2003) LINB &Sy & da Ay i SNI Odq a Spproath Gokbuildi®) méctsne NI/ A y 3 €
learning6 F 8SR &déeadisSvya GKFG SEGNI OG FTSSRol O] vidaRY (GKS
basedrobot navigation systemthat learns to distinguish parts of the road that are safe to navigate on

from parts that are not. Whenever the robot is unable to make the distinction with enough confidence,

the user is asked to manually label the safe parts of the road through a pen based interface. The

manually labeled pixels are then used as feedback to retrain the image classification engine.
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Some systems encourage users to confirm or correct labels generated by the system. For example,
(Ehlen, Purver, & Niekrasz, 2007) present a mechanism for acquiring feedback from users to improve
automatic detection of action itemsn recorded meetings. Users have the opportunity to accept, delete

or modify automatically created actionitems. ¢ KS dzA SNR& I OldA2ya INB (GKSy dza:
detection engine. ThS dza SNXRa I+ OldAz2ya Oly o6S (K2dAKi 2F a O
Gf oSt aé¢ GKFEG 6SNB ldzi2YFGAOFtfe 3ISYSNIGSR oe (KS

2.3.1.2 Asking Users to Score orRank Data Points

Some systems attempt to learn how to rank data points according to some unknown scoring function,
rather than learning how to categorize the data points. As in the case of associating data points with
categorical labels, a useful supervision extraction strategy for such systems is to encourage the user to
either provide a score for the data points, or to provide either a complete or a partial rank ordering of
the specified data points. The score or ranking that the human produces is then used to retrain the
& @ & (i sBovin@ @ ranking algorithm.

A popularly deployed example of obtaining scoring information from users is in the realm of learning
dza Smidi€preferencesin (Garden & Dudek, 2005), for example, one of the implemented methods of
obtaining user supervision is by asking the user to provide numerical ratings for movies on the scale of 1
to 10. (The authors implement a few other innovative feedback mechanisms that we review below).

The field of information retrieval is concerned with learning to rank documents according to their

AAYAL I NRGe { Feedbak3s ondaines FoXxdch rinkin§ hdedarding which of the returned

documents users click on. The usersQactions can be thought of as either labeling documents as

GNBf SOFylky2id NBtSGOlFylés 2NJ ¢thus pedkidng thesBtemandthaS R 2 O dzy
partial ordering of the returned documents. (Ruthven & Lalmas, 2003) reviews a large number of such

relevance feedback techniques in the literature.

Similarly, (Weber & Pollack, 2007) acquire supervision from users to improve an automatic meeting
scheduling system. Users pick one of the suggested schedules, and this feedback can be seen as
providing a partial ordering of the suggested schedules.

2.3.1.3 Other Label Query Mechanisms

Besides the two main feedback mechanisms ¢ labeling and ordering/scoring data points ¢ some authors

have experimented with more innovative approaches of obtaining feedback from users. Most of these

approaches involve extracting feedback from the users not directly on the function that the system is

attempting to learn, but on intermediate | y 2 6t SR3IS 2 NJ a S ( dzNBéfanctianK & O y
that the system is trying to learn.

For example, in the (Garden & Dudek, 2005) LJ} LISNJ RSAONAROGSR | 02@0S3x (KS ae@.
preferences not only by asking the user to provide a numeric rating for movies, but also through two
other feedback mechanisms:

1. Users are asked to provide a numeric rating for the applicabilityof one or more dfeaturese for
the movie. Users can either choose from a set of pre-existing features for the movie, or create
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YySg FSIGdNBad 9d3dsr GKS dzaSNJ YI & aLISOATe GKI G
that it has an applicability of 9 on a scale of 1 to 10, where higher numbers imply increased
applicability.

2. Users are also required to provide a numeric opinionof that feature in that movie. For instance,
GKS dzaSNJ Yl @& aLlSOATFe GKIFIG KA& 2LAYA2Y 2F GKS -
scaleof-p G2 bBpI HKSNB KAIKSNISYdZRASNIARYLI28F YOXKNEI G
movie.

Observe that these two feedback mechanisms do not directly result in a rating of the movie. Instead

these feedback mechanisms result in creating information about the movie (features that are applicable
tothemovie) I yR Fo2dzi GKS dRdiffadentdedticeS of dusin® N Thus shisTbrgi A 2 Y
of feedback can be thought of as creating/influencing intermediate knowledge that can indirectly help

the system improve its movie recommendations.

Similarly  (Godbole, Harpale, Sarawagi, & Chakrabarti, 2004) present an innovative approach to
acquiring feature-feedback from users for document classificationUsers can not only label (clusters of)
documents with the category the documents belong to, but also label individual terms as being
indicative of a document category or not. Labeling keywords is an example of acquiring feedback
through labeling, but the feedback is being sought on features instead of the actual data points whose
labeling the system needs to learn ¢ the documents. Keyword feature based feedback to help text
categorization is also explored in (Raghavan, Madani, & Jones, 2006), while (Kumar, Garera, & Rudnicky,
2007) explore keyword based feedback to learn to identify sentences in reports that are important to
include in a summary.

We experiment with each of these three major feedback types ¢ asking users to provide labels, provide
ordering and provide keyword based feedback ¢ as described in section 5.

2.3.2 Research Issue 2:How to Choose Data Points for Label Query?

The second research issue in active supervision acquisition is the question of which data points to query

labels for. This is a well studied problem in the active learning community, where typically the focus is

on minimizing the number of data points that need to be labeled by the human to reach a specific target

error rate for the learner. (Monteleoni & Kaariainen, 2007), for example, compare two methods of

choosing data points for label query: A label is requested for a data point if the confidence that the

system has in its predicted label for that data pointislow,orA ¥ (G KS RFGF LRAYG Aa Of z
decision margin. If the label provided by thehumanR2 S& y2d YI GOK GKS aeadasSvyQa

the data point is used to retrain the hypothesis. (Saunier, Midenet, & Grumbach, 2004), on the other

hand present a system that requests labels for all incoming data points, presumably until the system is

well trained. Similar to the previous paper, retraining is done on data points for which the human-

LINE GARSR f10St R2Sa y2d YIFIGOK GKS adaidisSyQa LINBRAO

Most data point choosing mechanisms in active learning research make two assumptions:

1. First they assume that the human expectsto help the system improve its performance, that is,
that the human can be depended upon to provide the labels that are sought.
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2. Second, they assume that the cost to the human to label each data point is constant. The goal is
to minimize the cost to the human for the learner to reach a certain error rate, which translates
to minimizing the number of data points to request labels for.

We are interested in removing the first assumption above: We wish to actively obtain feedback from
users whose expectation may not be to provide the system with feedback in order to improve its
LISNF2NXYIFyOSd LyaidSFER &dzOK dza S NEn chepted5, vie presedt an
active supervision extraction method as follows: Since the user is unwilling to label data points, we
propose to query the user for labels in such a way that the query mechanism itself provides the user
with immediate benefit. The intuition here is that if the query mechanism gives the user immediate
benefit, the user may be willing to interact with the query mechanism ¢ and his interaction can result in
feedback with which the system can be improved.
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3 Proposed Research

3.1 Thesis Satement
The aim of the proposed research program is to develop approaches that implicitly extract supervision
from unmotivated human systerusers by providing them with immediate and perceptible benefit.

Our core assumption is that the targeted users have no motivation to provide supervision to the system.
In order to extract feedback from such unmotivated users, we propose mechanisms that are designed to
provide immediate benefito the users. Such benefit may be unrelated to the benefit that the user will
eventually derive from improvementsin i K S & erfan8avic@that result from his feedback.

There are two ways to extract supervision from system users ¢ through passive observation, and
through active solicitation of labels on unlabeled data points. Within the realm of active label
solicitation, the key issue is how to choose data points to query labels for, such that

(@) The user derives éenoughe immediate benefit from the query itself and remains motivated to
provide feedback, and

by ¢ KS NBadzZ GAy3a t+r06StSR RFEGF LRAyG OFy 06S dz
long term benefit of the user).

Qax
(0p))
¢

The core contribution of this thesis is the proposed approach to choosing data points for active implicit
label query by balancing the immediate and long term benefits to the user. An additional contribution is
the proposed mechanism of passive supervision extraction by designing the system interface in such a
gl & GKIF G K &radshsét khkreéof) can@elite2pyeted as feedback.

3.2 Overview of Approach es
In this thesis, we propose two approaches to extract supervision from users:

1. Passiveapproach: We propose an approach to intelligently design the interface to enable
interpretation of passively observable user actions. The approach is passive because the system
does not choose which unlabeled data points the user will label. This approach is described in
section 3.3.

2. Active approachWe propose an approach to actively extract supervision from users who lack
motivation to provide feedback, by embedding the label query mechanism within a service that
provides the user with immediate value. This approach is described in section 3.4.

3.3 Passive Supervision Extraction through Interface Design

3.3.1 Proposed General Approach

In this thesis our focus is on the question: How can we design a system interface that eases the
construction of a deterministic algorithm for extracting labeled data from 6 82 YS 2 NJ | f f 27F0
interaction data? The difference between this research question and the question about interpreting

user interactions as feedback (discussed in the previous chapter) is that here we allow ourselves to

design the interface itself, keeping in mind the goal of extracting labeled data from the user interactions.
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Before we design such a system, two conditions must be true:

1. There must be a system task that needs to be improved with feedback from the user.
2. The system must be interactive, allowing the user to take actions that are visible to the system.

I dzaSNJ I OlA2y A& G@OAaAotSé AT GKS aeadasSy KI &

Examples of visible user actions are words that he speaks or types into the system through a
YAONRLIK2YS 2N I (1Se062FNRX IOlAz2zya GKI G
through a mouse or a keyboard, etc. User actions that cannot be detected through available
sensors are not visible to the system, and cannot be harnessed for feedback. For example, in
some cases detecting which parts of the graphical interface the user is looking at may be a
useful piece of information for feedback extraction, but this information may be unavailable to
the system, unless the system has a suitable sensor such as an eye- or gaze-tracker.

Given these two conditions, we propose the following steps to design the interface:

1. Identify the kind of labeled data that is needed to improve the system.
2. ldentify a relationship between a user action and the function that needs to be learned.
3. Build an interface that takes advantage of this relationship.

To explain these steps through an example, let us see how these steps can be used to explain the design
of the Peekaboom game (von Ahn, Liu, & Blum, 2006). This is a 2 person collaborative game where one
LISNBR2Y A& 3IAGBSYy |y AYF3AS oale | LAOGAINBE 27
initially shown a blank screen, and the goal of the game is for the second person to guess the word
GR23I¢d ¢KS 3J2Ff 2F (GKS FANRBRG LISNER2Y Aa (2
but his only means of communication with the second person is to incrementally reveal small portions
of the image to him. It is intuitively obvious that to play this game well, typically the first person will
reveal parts of the image that contain the dog. The authors show that a bounding box around the image
of the dog (that is, the smallest box that contains the entire image of the dog) within the full image can
be obtained by aggregating the portions of the image revealed by different pairs of gamers playing the
game with the same image/word pair. The design of this game can be explained through the three steps
identified above, as follows:

1. LRSYdGATe 0KS 1AYR 2F tFr0StSR RIFGF GKI G
this game collects from human actions is bounding boxes around specific objects within images.
Although the authors do not construct an automatic image segmenter, the data that they collect
can be used to train such an image segmentation algorithm.

2. ldentify a relationship between a user action and the function that needs to be learned: The
relationship between user actions and the bounding box creation is:

a. When asked to show parts of the image that will best help their partners guess what
object is being referred to in the image, game players will click on the part of the image
that contains the specified object.

b. Different players playing with the same object/image pair will click on slightly different
points of the object, such that all the clicks together will cover the entire object.
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Observe that both of these two facts need to be true for the labeled data extraction to be
viable. If for example, gamers can reveal the word to their partners through some other means
(say through a text communication) then a bounding box cannot be extracted. Similarly, if all
game players click on the exact same point in the image, again a bounding box cannot be
constructed.

3. Build an interface that takes advantage of this relationship: The authors create a two-person
game as described above. Additionally, to ensure that the two facts above hold, they ensure
that random partners are paired, and that the partners have no other means of communication
with each other.

Note of course that for a given interactive system and a given target function, these three steps do not
guarantee that labeled data can be acquired ¢ it may not always be possible to identify a suitable user
action to harness for labeled data acquisition. In the next section we describe how we apply these steps
to acquire labeled data from in-meeting note taking for the task of meeting agenda identification.

3.3.2 Approach Applied to Meeting Agenda Identi fication

We validate the proposed approach by applying it to the task of acquiring supervision to train a meeting
agenda item labeling algorithm. The goal of the system task is to automatically identify the agenda item
being discussed at all times during the meeting. We acquire supervision passively by designing an
interface that allows the system to extract feedback in the form of agenda item-labeled meeting
segments from the meeting LI NI A OA LI y (i & Q . Wedésifn thé intgricy i folloWiniy zhe v &
above three steps as follows:

1. Identify the kind of labeled data that is needed to improve the system: In order to perform
automatic agenda-item labeling of meeting segments, we propose a language model based
algorithm (described in more detail in chapter 5) that can be trained on manually agenda item-
labeled meeting segments. Thus, we aim to acquire meeting segments labeled with the agenda
item being discussed during that segment from the labeled data acquisition method.

2. ldentify a relationship between a user action and the function that needs to be learned: We
target meeting LJ- NI A O A Ldbkiigidarilg méedingsSas the user action from which the
system will passively extract labeled meeting segments. The relationship between the lines of
notes taken by the user, and agenda-labeled meeting segments rests on the following two
observations:

a. Most lines of notes taken in a meeting refer to a particular discussion that occurred
during a particular segment of the meeting, and the notes can be said to belong to the
same agenda item as the discussion.

b. There are strong temporal and textual relationships between a meeting segment
containing a spoken discussion and the line of note referring to that discussion: Often,
the line of note occurs a short time after the discussion, and contains text that overlaps
significantly with the discussion.

By leveraging these two facts, we can sketch the outline of an algorithm for extracting agenda
itemf 6 St SR YSSGAYy3a aS3aAYSyda ¥FNaRing actiohs Ss foomsS (1 A y 3
Instead of asking the user to directly label meeting segments with agenda items, we aim to get
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users to associate the individual lines of noteswith the agenda item they belong to. Next, by
using the temporal and textual relationships between lines of notes and meeting segments, we
identify the meeting segment that the note refers to. Finally we propagate the agenda item
label on the note (as provided by the meeting participant) to the automatically identified
meeting segment, thus resulting in an agenda-item labeled meeting segment.

3. Build an interface that takes advantage of this relationship: We build SmartNotes (Banerjee &
Rudnicky, Segmenting Meetings into Agenda Items by Extracting Implicit Supervision from
Human Note-Taking, 2007) ¢ a note taking interface that provides the meeting participant with
the ability to announce the agenda at the beginning of the meeting, and then take notes for
each agenda itemin A i & RS&AIYIF GSR alF 3SyRI AGSY ie2iS o021
stamps with the notes and the recorded speech, and extracts agenda item-labeled meeting
segments as described above.

The completed experiments and further proposed research are described in more detail in chapter 4.

3.3.3 Expected Technical Contribution

The expected technical contribution of this aspect of the proposed research program is the approach to
automatically improving topic labeling of meetings through passive supervision extraction from meeting
participants.

3.4 Active Supervision Extraction by Providing Immediate Value to Users

3.4.1 Research Goal

Our goal is to perform active feedback extraction from users whose primary motivation is not to provide
feedback to improve the system, but to simply use the system to perform their own tasks. Specifically,
we assume that such users will not provide feedback if the system simply queries for a data label.
Instead, we propose to extract feedback from such users by providing them with immediate benefit
through the label query mechanisithat is, we will design the label query mechanism to have dual roles
¢ not only will it collect feedback from the user in order to improve the system, but it will also provide a
service to the user, and provide him with immediate benefit every time a data label is requested from
the user. By providing the user with immediate benefit, the user will be likely to interact with the label
request, and thus indirectly provide feedback to the system through his response.

Thus, each label query has two aspects:

a) The immediate benefit the query mechanism can provide to the user through that query.
b) The benefit the label will provide to the learner.

Depending on the label query mechanism, the degrees of benefit provided to the user and to the learner
may vary for each query. Ideally the degree to which the user is benefited from a query is proportional
to the degree to which the learner is benefited, that is, queries that give the user benefit also give the
learner a large benefit. If this is the case, then an adequate algorithm for choosing data points for label
query is to simply maximize learner benefit. It is possible though that, for a given system, the immediate
user benefit from a query in inverselyproportional to the learner benefit of acquiring the labeled data
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point. Data points from which the user is likely to benefit may be ones where the system is confident
FYR Aa dzyftA1Ste (G2 3IIFAy YdzOK FNRY point r wiizh fhalna NI &
learner is less confident are likely the ones that will give the most benefit to the learner. However, if the
learner is wrong, then the user may not benefit much. In fact, it is likely that data points that the learner
may get the most benefit from, are ones that actually costthe user instead of providing any benefit.
(From this point on, we refer to user costs as negative user benefits). Since queries can result in positive
or negative user-benefits, maximizing the benefit to the user is no longer trivially achieved by minimizing
the number of data points the user needs to label, as is done in the active learning community. Nor can
we simply maximize the short-term benefit to the user if it comes at the cost of no benefit to the
learner. Our goal is to strike a balance between the user- and the learner-benefit. In the next section we
propose a general approach for choosing data points for label query by taking into account the benefit
to the learner and the benefit to the user. By explicitly taking both factors into consideration, this
approach can handle any relationship between the benefit to the user and the benefit to the learner.

3.4.2 Proposed General Framework

Our goal is to make the decision whether to query the user for a label on a data point. We assume that
GKS aeadSy A& that %t aNdgigen @iyt fofAtifieS the system has access to a small
number of data points that become available sequentially, and it has a short window of opportunity to
request labels for each data point. Once the window of opportunity expires for a data point, the system
cannot request a label for that data point any more. Given this setting, the goal of the system is to
decide which, if any, of the currently available data points it should query a label for from the user.

As described above, intuitively we wish to make this decision by striking a balance between the benefit

the learner will derive if this data point were labeled, and the benefit the query will provide the user.

However, rather than directly striking a balance between these two quantities, we instead choose to

maximize a linear combination of the learner benefit and the likelihood that the user will provide

feedback to the system when he receives this query. We model this likelihood because it directly

captures the value we wish to maximize ¢ the likelihood of getting feedback. While this likelihood will

certainly depend upon the benefit the query provides the user, it can also take into account other

factors that influence thS dzA SNN& RSOAaAA2Yy (2zaddDNR OKARS 1§ KSSRMISOL
O23yAlGAGS 2R K2g f2y3 |32 KS g1 & ljdSNASRI | YK
feedback. All things being equal, different users may have different inclinations to provide feedback or

not due to different factors i KS dza SNDa (y2¢f SRIST GKS dzaSNDa oAt
etc. (In chapter 5 we present a few preliminary results that show analyses of different rates of feedback-

giving by different users in our application). 2 S LINR L2 aS G2 € SFNYy GKA& LI NI,
providing feedback, given the query and other relevant features. Note that this likelihood is learnable

from the end user because it is trivially observable. Given a new user, the system can start with a

conservative general likelihood of receiving feedback, and then adapt to the particular user as it
20a4SNPSa (GKS dzZaSNRa NBalLkRyasSa G2 fFoSt [jdSNASa®

Thus, given a data point, the system decides whether it should request a label for it or not by modeling
the following properties of the data point:
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1. The benefit the learner is likely to derive if this data point was labeled.
2. The likelihood that the user will respond, if a label is queried for this data point.

The first property ¢ the benefit the learner is likely to derive if this data point was labeled ¢ depends on
the learning algorithm the system uses to train on the data points, and is a well studied problem in the
active learning community.

The second property ¢ the likelihood that the user will respond to the query ¢ will, in turn depend on
the various factors, such as:

1. The benefit that the user is likely to derive from this query.
2. ¢KS dzaSNNR& OdNNByid F20dza 2F |iGSyliAazyo
3. The number of data points on which he has provided feedback in the recent past.

20K GKS o0SYSTAG GKIFIG GKS dzaSNJ Aa tA1Ste G2 RSNRO
be modeled in a domain-specific manner. In addition, depending on the domain, other factors may also

be relevant to model this property. We describe how we model these properties in our domain in the

next section.

Thus our proposed framework for deciding whether to query the label of a data point is a 2-stage
process:

1. First the system models the likelihood that the user will respond to a query made on the data
point. Through this modeling process the system will learn (and track) user specific levels of
willingness to provide feedback given a variety of features (benefit to user, focus of attention,
etc).

2. NextthesystemcoYOAYy Sa& (GKAAa fA|1StAK22R GAGK Fy SadGAYIl(
provides the learner, to create a single-y’ dzY 6 SNJ & @ f dzS ¢ Bg threshbliy onR I G | LJ?
this, the system will decide whether or not to query the label for the data point.

We provide a specific implementation of this framework for the task of learning how to identify
important spoken phrases in the meeting. This implementation and the associated proposed
experiments are described next.

3.4.3 Approach Applied to Improving Meeting S ummarization

We validate the proposed framework by applying it to the task of identifying the noteworthy utterances
in a meeting in order to perform meeting summarization. We briefly describe each of the modeling
choices we make in order to apply the framework to this task.

~

The system task¢ K S & Bultimafe Yask & to perform meeting summarization. Towards this end, it

must learn to identify important utterances. We define an utterance as being important if the

LI NLAOALI yi o0StAS@Sa GKIG AG akK2dZ R 0S AyOf dzZRSR
utterances & o0 SAYy 3 4Gy 20 S ¢ 7 RINK WE dpdyNie propdsdd frafn@widrss to get

labeled data from meeting participants to improve at this classification task.
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What constitutes a data point and its labeln thistaskz S| OK dzi G SN» yOS Ay (KS YS¢

and its label is eitK S Natevtorthyé 2 Ndot@wb@hyé ®

Label query mechanismiVe make the assumption that sentences that are important or unimportant
for inclusion in a meeting summary are also important or unimportant for inclusion in notes. With this
assumption, we embed the label query mechanism within a service that helps meeting participants take
notes by extracting and suggesting important phrases to include in the notes. Specifically, the system
OK22aSa |y dzi G Snelewod$é (k2 notetigiliy® flifer@Sdaerforms the query
by suggesting the phrase to the user for inclusion in his notes. If the user accepts the suggestion, the
dz G SN yOS A& | &aadaodwrthig2y KIyeRS AGTK Skdewdikgd & Gid & S
immediate benefit is in the form of time saved typing the notes.

Modeling learner benefit: We implement the extractive meeting summarization system described in
(Murray, Renals, & Carletta, 2005). This is a supervised machine learning algorithm that learns to
distinguish important utterances from unimportant ones from labeled data. We choose Support Vector
Machines as the algorithm for performing the classification. This choice enables us to estimate the
learner benefit of a data point by computing the proximity of the data point to the support vectors, as
described in (Monteleoni & Kaariainen, 2007).

Modeling likelihood of user responding to query¥e model the likelihood of the user responding to
the query by modeling the various factors prescribed by the framework, as follows:

1. Benefit to the user: We model the benefit the user is likely to derive from the suggested phrases
by estimating the amount of typing time he can save by accepting the suggested phrase, minus

the time cost of reading the suggestion(s). 2 S 02 Y LJzi S GKS dzia SNDa

observing the notes that he types, and use this speed and the length of the suggested phrase to
compute the time benefit of accepting the suggestion. We also use the length of the phrase to
compute the reading time cost. We weigh this benefit with the degree of importance of the
suggested phrase, as predicted by the SVM important-utterance classifier. By doing this

weighting, we can predict negativeuser-o SY STAG AT (KS &dzZ3asSadsSR

AY L2 NIy G (This @ocess i§ escritzéd $ Nilive detail in section 5).

2. ! & Sdddsiof attentionY 2 S Y 2 RS ffocus &f &tterdimn $yNcuating the length of
speech that he has uttered in an immediately preceding (short) window of time. This measure is
intended to capture the degree to which the user is involved in the current discussion, and is an

dzt 8 NX

Y 2 NI |

LIK NJ

F LILINBEAYFGAZ2Y 2F GKS dzaASNRE O023ayAGAQS 21 RO

3. Recent history of acceptances and rejections: We also include the recent history of acceptances
and rejections to estimate the likelihood that he will provide feedback for this utterance.

We combine these two aspects (with the time since the last query), and learn to predict the likelihood of
the user responding to queries using logistic regression. Finally, we compute a linear combination of the
estimated likelihood of the user responding (as output by the learned logistic regression function) and
the estimated learner benefit, and then perform the query if it is greater than a threshold. We
empirically establish the weights of the linear combination and the threshold through in-lab
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experiments with real users, with the goal of maximizing the number of labeled data points obtained
from the participant over a unit of time. Figure 1 shows this decision process diagrammatically. The
completed and proposed experiments are described in more detail in chapter 5.

[ Utterance u ] Utterance [ Meeting participant p ]
classification model m

Y A 4
Compute likelihood of getting feedback for
utterance u from participant p

v

v v Compute benefit of
Compute benefit to model m of suggesting u as a note to
having participant p label utterance participant p

u as noteworthy or not

Estimate participant pQ a
level of attention

Count # acceptances and
rejections this meeting

Y
Combine using
logistic regression

Compute linear weighted
combination

Ve

Yes Suggest utterance u to meeting
participant p for inclusion in notes

> threshold?

(&

Figurel Process of deciding whether or not to suggest an utterance to a participant

3.4.4 Expected Technical Contribution
The expected technical contributions of this aspect of the proposed research program are:

1. A general framework for performing active learning with unmotivated users by learning user-
specific tradeoffs of user- and learner- benefits of label queries.
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2. A specific implementation of this framework to automatically improve meeting summarization,
by acquiring labeled data from meeting participants.
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4 Passive Supervision Approach Applied to Agenda Item Detection

4.1 System Goal

In many task oriented meetings, an agenda is decided on either prior to or just after the meeting starts,
and the conversation then proceeds by discussing one agenda item at a time. The order in which agenda
items are discussed may be different from the order in which they are listed in the agenda, some agenda
items may not be discussed at all, and some agenda items may be visited multiple times during the
meeting. Our goal is to create a system that can detect which agenda item is being discussed at any
given point of time in the meeting.

Of course not all meetings follow a clear agenda. Many meetings are held without an explicitly stated

agey RIF'Y 2NJ gAGK 2yfte 2yS YI22NJ 6dzyaidl G6SRo al 3SyRI
agenda, sometimes the conversation goes off the agenda. When meetings are not structured with an
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(Gruenstein, Niekrasz, & Purver, 2005) report that when human annotators were asked to identify the

topics of discussion in a meeting (and were not provided with the agenda used in the meeting, if any)

and then asked to segment the meeting into topics, they achieved low inter-annotator agreement for

topic segments. We focus on automatically detecting agenda items in well-structured meetings for

which human annotators are in strong agreement in terms of which agenda item was being discussed at

different times during the meeting. The task of detecting which agenda item is being discussed is very

similar to the task of topic identification, segmentation and labeling, with topics defined as agenda
AGSYad |1 26SOSN) S O2yGAydzS (2 eaphSsizedouit &finitid bikhe a I 3 Sy R
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4.2 Motivation for System Goal

Detecting which agenda item was being discussed at any time during a meeting is valuable for several
reasons. First, such identification can help meeting participants retrieve information from recorded
meetings faster. This was shown in (Banerjee, Rose, & Rudnicky, 2005) where the time taken by
participants of a user study to retrieve answers to questions by navigating through the recorded
audio/video of a meeting was statistically significantly less (p < 0.01) when different segments of the
meeting recording were labeled (albeit manually) with the agenda items discussed during that segment.
Thus, automatically performing such a labeling fits our overarching goal of helping meeting participants
retrieve information from meetings faster.

A second motivation for performing agenda item detection is that this information can help automatic
summarization of meeting discussions. Specifically, one way of performing meeting summarization is to
first split the meeting into the major topics of discussion, and then summarize each major segment, as
done by (Zechner & Waibel, 2000) for spontaneous human-human dialog. In chapter 5, we propose a
mechanism to use the automatically detected agenda item information to aid meeting summarization.
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4.3 Research Goal

Our research goal is to use this system task of automatically identifying the agenda item being discussed
during the meeting to demonstrate the proposed general approach to passive supervision acquisition
through intelligent interface design. Specifically, we aim to do the following tasks:

1. Use the proposed approach to design and construct an interface to get labeled data from the
human user that can be used to automatically improve the performance of the agenda item
detection algorithm.
2. Evaluate both the supervision acquisition system developed in step 1 and the data acquired
through it in real meetings with real meeting participants.
3. Develop a trainable algorithm for agenda item detection.
4, Evaluate 0 KS | f 32NAGKYQa o0l aStAyS LISNF2NXYIyOS FyR A
data obtained through the labeled data acquisition interface, and evaluate the usefulness of
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Some of these tasks are completed, while some are proposed. We discuss these tasks in more detail in
the following sections.

4.4 Designing an Interface to Acquire Labeled Data (Completed Task)

4.4.1 Applying the Proposed Approach
As proposed in section 3.3.1, there are 2 conditions that must be true in order to apply the proposed
approach for passive supervision:

1. There must be a system task that needs to be improvéte system task in question here is
the automatic detection of the agenda item being discussed at all times during the meeting. The
primary input data is all the speech recorded at the meeting, time-stamped relative to the start
2F GUKS YSSUAy3as YR (KS 2dzillzi A& dGAYS &asS3aySy
YAydziSa AydG2 K Shthedgenilaitghdoging discusséd Srik) Bachdenient.
There are two sources for the actual agenda item labels that will be applied to the meeting
segments. They can be provided as input to the algorithm for the test meeting (as provided by
the meeting participants of that particular meeting). They can also come from the labeled data
acquired from meeting participants in previous meetings in the same meeting sequence.
2. There must be user actions that are visible to the systerthere are two human actions during
meetings that can be visible to the system ¢ their speech and the notes that they take during
meetings. As described above, the speech is the primary input to the agenda item detection
FfIA2NARGKYD 2SS gAftf KI NI S aaking dckofs inYoRI& dioAexfract LJ- NI A C
feedback for improving agenda item detection.

Given these two conditions, the proposed approach specifies three steps to design a passive interface
(KNRAAK 6KAOK dKSS daSaIDMy I OLilskMgighsicnk ihXhiy dasa Qcanype (i S
harnessed to extract feedback. Below we describe how we have used these three steps to design the
SmartNotes interface (Banerjee & Rudnicky, Segmenting Meetings into Agenda Items by Extracting
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Implicit Supervision from Human Note-Taking, 2007) to extract agenda item-labeled meeting segments
FNRBY YSSGAYy3 LinaddingnOratakingy G 4 Q R dzNA y 3

1. Identify the kind of hBbeled datathat is neededto improve the systemIn order to improve the
system, we aim to collect meeting segments labeled with the agenda item being discussed
during that segment. The agenda item label should be a text string that serves as a caption for
the topics being discussed in that segment. The agenda item identification algorithm proposed
below assumes that different segments (from the same or different meetings) that contain
discussion on the same basic agenda item will be labeled with the exact same agenda item text
string.

2. ldentify a relationship between auser action andthe function that needs to be learnedAs
described in section 3.3.2, the relationship between the notes taken by meeting participants and
the agenda items discussed during the meeting rests on two facts:

a. Most lines of notes refer to discussions that occur during a particular segment of the
meeting, and the notes can be said to belong to the same agenda item as the
discussions.

b. A line of note usually occurs shortly after the meeting segment that contains the
discussion it refers to, and there are large textual overlaps between the notes and the
words spoken in during the discussion they refer to.

Using these two facts, we can construct a labeled data acquisition mechanism whose goal is to
encourage meeting participants to label individual lines of notes with the agenda item they
belong to. By automatically identifying the meeting segment that line of note refers to, we can
then propagate the agenda item label from the note to the meeting segment, thus resulting in
labeled data with which the agenda item labeling algorithm can be (re)trained.

3. Interface to take advantage of this relationshifWe have developed the SmartNotes interface
that takes advantage of the above relationship between notes and agenda item-labeled meeting
segments. We describe this interface in the next subsection.

4.4.2 The SmartNotes System

The SmartNotes Client is a desktop application that meeting participants can use to take notes as well as
record their speech. Each meeting participant is expected to come to the meeting with a laptop running
the client on it, and with a close-talking microphone connected to the laptop. Figure 2 shows a
screenshot of this application being used in a meeting.

Synchronization, Authentication and Joining a Meetin@efore the meeting commences, each
participant first starts the SmartNotes client. Each client synchronizes itself to a single pre-specified NTP
machine. This ensures synchronicity between event timestamps created by different clients. Next, the
user logs into the client by authenticating himself. The client authenticates the user by sending his
username and password to a central dMeeting Serveré. The advantage of authenticating each user is
that this allows us to trivially identify the speaker for each utterance, and the note taker for each line of
notes written, instead of having to deduce these facts through sophisticated methods. Once
authenticated, the server sends the client the names of the currently running meetings; the user has the
option of either joining one of these meetings, or ccreatingé a new meeting. Typically the meeting
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leader logs in first and creates a new meeting, and then the remaining meeting participants join the
meeting. By joining the same meeting, users can share their notes, as described below.

Recording SpeechAs soon as a participant joins a meeting, his audio starts getting recorded. The
application has a VU-meter that continuously shows the user his volume level; meeting participants can
use this VU-meter to adjust their microphone volume to an appropriate level. (This VU-meter is visible
on the left margin of Figure 2. Audio is recorded at 16 kHz and uploaded to the Meeting Server
opportunistically, based on network bandwidth availability. The transfer can continue beyond the end of
the meeting, if sufficient network bandwidth is not available during the meeting. Additionally, the audio
transfer is robust to network loss and power shutdowns.

Collaborative Note Takingrhe main function of the SmartNotes client is to allow meeting participants
to take notes during the meeting. Once a user joins a meeting, he is shown the note taking interface, as

shown in Figure 20 ¢ KA & AYUGSNFI OS O2yairada 2F (62 YIAYy yz2i
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author's name, and shared with all other meeting participants. This sharing is facilitated through the
Meeting Server, and occurs in real time so that at all times, every meeting participant's shared notes
look exactly the same. To avoid the problem of multiple simultaneous edits, participants can only
edit/delete their own notes. Notes typed into the private notes area are not shared with any other
meeting participant.

Agenda Based Notd@aking The goal of this note taking interface is not only to acquire labeled data to
improve agenda item detection, and to also help meeting participants organize their notes as they are
taken. (By providing the users with some value, they are likely to use the interface as suggested). To
serve both these goals, the interface provides a mechanism for participants to enter the agenda for the
meeting. (Entering the agenda can be done at any time and by anyone, although typically it is done at
the beginning of the meeting by the meeting leader). The interface splits the shared notes area (in each
meeting participant’s client) into as many text boxes as agenda items in the entered agenda, and labels
each text box with the name of the corresponding agenda item. In Figure2~x G KS | 3Sy R
02ttt SOGA2YE3Y G{LISSOK NBO23aYyAGA2Yy adl ddzaé¢ |
expected to type notes on a particular agenda item in the box labeled with that agenda item's name.

The immediate benefit to the meeting participants of grouping their notes by agenda item is that since
the notes are shared live with all participants in the meeting, it helps participants ground their
understanding of what the agenda items for that meeting are and which agenda item is being discussed
at any given point of time. (The notes themselves help participants ground their understanding of what
is being said in the meeting). Additionally, grouping notes by agenda item helps meeting participants
quickly retrieve all notes on a single agenda item (particularly ones that recur across multiple meetings)
from the SmartNotes website, described in more detail in (Banerjee & Rudnicky, SmartNotes: Implicit
Labeling of Meeting Data through User Note-Taking and Browsing, 2006).

As meeting participants take notes in an agenda item box, they are indicating that the note belongsto
that agenda item. Additionally, the SmartNotes system records the time at which the note was written.
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These two pieces of information together allows the system to extract meeting segments labeled with
the agenda item that was being discussed during those segments as described above.

Other Aspects of the SmartNotes interfact order to provide further value to meeting participants,
the system also allows users to specially mark action items, and also provides them with a one-click
mechanism of emailing the notes to all the participants in the meeting.
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Figure2: The SmartNotes Client
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4.4.3 Obtaining Agenda Item -Labeled Meeting Segments from SmartNotes

Given the time-stamped and agenda item-labeled notes in the SmartNotes system, we extract agenda
item-labeled meeting segments through the following algorithm. For each line of note typed by the user,
we have the following pieces of information:

The agenda item box it was typed into.
The time at which it was typed.

The meeting participant who typed it.
The text in the note.

Mo

Our goal is to use these pieces of information to automatically detect which meeting segment this note
refers to, and associate the agenda item label of this note with that meeting segment. For simplification
however, we only use the time stamp of the note. Table 1 shows these two pieces of information for
each line of note in a hypothetical meeting that is 370 seconds long.

Note # Time stamp (seonds Agenda item label

from start of meeting) on the note
1 100 Agenda item 1
2 150 Agenda item 1
3 170 Agenda item 2
4 230 Agenda item 2
5 250 Agenda item 1
6 290 Agenda item 3
7 350 Agenda item 3

Tablel: Hypothetical Time Stamps and Agenda Labels on Notes

To obtain agenda item-labeled meeting segments, we first order the notes according to their time
stamps. Next, for every pair of chronologically consecutive notes that were typed into different agenda
item boxes, we hypothesize a boundary midway between the time stamps of those two notes. Thus, in
the hypothetical example in Table 1, the algorithm does not hypothesize a boundary between notes 1
and 2, but does hypothesize one halfway between notes 2 and 3, that is, at time point 160 seconds from
the start of the meeting. Similarly, there would be no boundary hypothesized between notes 3 and 4,
but there would be one halfway between notes 4 and 5 at time point 240 seconds, and again one
halfway between notes 5 and 6, and so on. Thus, for this hypothetical example, the labeled segments
would be as shown in Table 2:

Segment Agenda ltem Relative Relative
# Label Start Time  End Time
1 Agenda item 1 0 160
2 Agenda item 2 160 240
3 Agenda item 1 240 270
4 Agenda item 3 270 370

Table2: Extracted Labeled Segments from Hypothetical Meeting

The method described above is only one way of determining which segments to transfer the agenda
item labels to. Another reasonable method may be to split the distance between two consecutive notes
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from different agenda items closer towards the earlier note, instead of halfway as is done above. More
effectively, the location of the split could be determined based on the text in the notes and the speech.

Because of the simplicity of the algorithm of determining which meeting segments to transfer labels to,
the algorithm's accuracy completely depends on the note taking behavior of the participants in the
meeting. For example, if the participants discuss an agenda item, but do not type even a single note on
that item, then this algorithm will not output a segment corresponding to that agenda item at all.
Similarly, if a participant types notes into one agenda item box while the discussion is focusing on a
different agenda item, then again this segmentation would be incorrect. Finally, the quality of these
labeled segments will depend on the lengths of the gaps between consecutive notes that are in different
agenda item boxes. The larger this gap is on average, the harder it is to tell where exactly the drealé
boundary is. The advantage of this mechanism of course is that since the text in the speech is not
required, the algorithm is not affected by the transcription accuracy of the uttered speech in the
meeting.

4.5 Evaluation of SmartNotes and the Data It Acquires (Completed Task)

4.5.1 Usability of the SmartNote s System

We evaluate both the SmartNotes system, as well as the labeled data we acquire through it. We

evaluate the SmartNotes interface by asking how often meeting participants use the system in the
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participants enter their agenda into the meeting, and how often do they take their notes in the agenda

item boxes as prescribed.

We have deployed the SmartNotes system among different teams that meet on a regular weekly basis.
The deployment started on January 23, 2006, and so far (February 22, 2008) 75 meetings have taken
place where participants have used SmartNotes to record their audio, and take notes. 16 unique
participants have taken part in 4 meeting sequences of at least 3 meetings each. An agenda has been
specified and at least one line of note has been taken in each of these 75 meetings.

For more detailed analysis we looked at a subset of 10 meetings from April to June 2006. In these
meetings, on average meetings are 31 minutes long, has 4.1 agenda items, and has 3.75 participants
(ranging from 2 to 5). Each agenda item has on average 5.9 lines of notes in them, for a total of about 25
lines of notes per meeting. Note of course that these notes include all the notes taken by all the
participants in the meeting in the shared note taking area.

These numbers show that the users the system was deployed with made consistent and frequent use of
SmartNotes. More importantly they used the system in the manner that results in labeled data ¢ that is,
they entered their agenda item at the beginning of the meeting, and then took notes within the agenda
item boxes. This shows that users find enough value in the system for them to use it on a regular basis.
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4. 5.2 Evaluation of the Labeled Data Obtained from SmartNotes

4.5.2.1 Evaluation Strategy
We aim to evaluate the quality of the labeled data acquired from the meeting participant through the
SmartNotes passive supervision acquisition mechanism. We perform this evaluation in two ways:

1. Weperforml GRANBOGE( SGI f debmpdriyythe BbEled indetthg sByments
obtained through the SmartNotes system with manually labeled meeting segments. We
describe this evaluation in this section.

2. We also evaluate to what degree the performance of the automatic agenda item detection
algorithm can be improved by using the acquired labeled data. We describe this evaluation in
section 4.7.

Given the labeled segments for a meeting, we evaluate them by comparing them to the segments
labeled by human annotators. This comparison can be done in two parts: First, we determine the
accuracy of the segmentationitself ¢ that is, how close the segment boundaries obtained through the
human note taking (coupled with the segment labeling algorithm described above) are to the manually
annotated segment boundaries ¢ and second, we determine how well the labelsof the segments match
with the labels determined by the human annotators.

4.5.2.2 Unsupervised Segmentation Baseline

LYy 2NRSNJ G2 aAadGdzardS GKS S@lftdz GAz2y 2F GKS
through the SmartNotes system, we establish a simple unsupervised baseline by implementing the
popular TextTiling algorithm described in (Hearst, 1997). Here we give a brief overview of our
implementation of this algorithm. The algorithm’s input is all the audio recorded during a meeting, along
with the meeting's absolute start and end times. The algorithm's output is a set of time points within the
meeting's start and end times that the algorithm considers to be times at which the meeting participants
finished discussing an agenda item, and started discussing another one. Note that in our implementation
of this algorithm, we cannot output labels for the segments.

The algorithm proceeds by considering each time point t seconds from the start of the meeting, where t
takes values 0, 1, 2, etc till the end of the meeting. For each such time point t, two windows are
considered, one starting at time t - k and ending at t and another starting at t and ending at time t +k.
For each of these two k-seconds long windows, it constructs a vector containing the frequencies of the
words uttered during the window by all the meeting participants, as output by a speech recognizer or as
manually transcribed by a human, depending upon the experimental setup. Closed class words such as
the articles and prepositions are ignored. Next the cosine distance between these two vectors is
computed, according to the formula in Equation 1.

n
Zi: 1 Wi,v1 Wi,vz

cos(vy,vy) =

n 2 n 2
i=1 Wiy, izt Wiv,

Equationl: Cosine Similarity
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Here, v, and v, represent the two vectors whose similarity is being computed, w;, represents the
frequency of the i word in vector v, (and similarly, w; v, the frequency of the i word in vectorv,), and
n is the size of the vectors. Care is taken to ensure that each dimension in the two vectors represents
the frequency of the sameword in the two windows. Words that occur in one window but not in the
other are considered to have a frequency of 0 in the other window. For time points near the beginning
and the end of the meeting, we use smaller values of k to ensure that the windows to the left and right
of any given time point have the same size.

The computed value quantifies how ésimilaré the word frequencies in the two windows are. Intuitively,
the more dissimilar they are, the more likely it is that those two windows contain discussions on
different agenda items, and consequently that the time point between those two windows is a topic
boundary. After calculating the cosine similarity values, a depth scords computed for all the time points
being considered in the meeting, as described in (Hearst, 1997) and (Banerjee & Rudnicky, A TextTiling-
Based Approach to Topic Boundary Detection in Meetings, 2006). Roughly speaking, depth scores are
non-zero only for the bottoms of valleys and are higher if the valleys have étall walls€. Given these depth
scores, a threshold is computed from them (the mean of the depth scores, plus half their standard
deviation), and all time points with depth scores more than the threshold are reported as agenda item
boundaries.

Observe that this algorithm is almost completely unsupervised; the only parameters that can be tuned
are the size of the window (the value of k in the description above), and the threshold above which
boundaries are reported. We set the value of k to 350 seconds as this value performed well on separate
held out data. As mentioned above, we follow (Hearst, 1997) in computing the threshold, with the only
difference being that we add half the standard deviation instead of subtracting it; adding performed
better on our data.

The algorithm has no notion of the contents of different topics, and hence cannot be used to identify
the topics for labeling purposes, for example. This fact is both its strength and weakness: While it does
not need to be pre-trained on the specific topics in the meeting it needs to segment, its accuracy is low.

4.5.2.3 Evaluation Metric

We evaluate meeting segmentation using the P, metric (Beeferman, Berger, & Lafferty, 1999). This
metric computes the probability that two randomly drawn points a fixed time interval k seconds apart
from the meeting are incorrectly segmented by the hypothesized segmentation, as compared to a
NEFSNBYyOS &aSaySyidaridizysr 6KSNBE | aO2NNBO¢
hypothesis put the two points in a single segment, or both put them in different segments. Note that if
the hypothesis and the reference put the two points in different segments, the hypothesis is deemed to
be correct for those two points, even if the hypothesis and the reference predict different numbers of
boundaries between the two points. Following (Beeferman, Berger, & Lafferty, 1999), we compute the
value of k for a given meeting to be half the average size of the segments in the reference segmentation
for that meeting. Observe that P, is a measure of error, and hence lower values are better. Specifically,
Py ranges between 0 (the reference and the hypothesis segmentations agree on every pair of points k
seconds apart) and 1 (they disagree on every point).
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4.5.2.4 Data Used for Ewaluation, Inter -Annotator Agreement

For the evaluation reported here, we used the first 10 meetings from this sequence. On average, each
meeting is 31 minutes long, has 4.1 agenda items, and has 3.75 participants (ranging from 2 to 5). Each
agenda item has on average 5.9 lines of notes in them, for a total of about 25 lines of notes per meeting.
Note of course that these notes include all the notes taken by all the participants in the meeting in the
shared note taking area.

Each meeting was manually segmented by two independent annotators. These annotators were
provided with the agenda of the meeting (but not with the notes) and were asked to split the meeting
into segments such that each segment corresponded to one of the agenda items in that list. To compute
the degree of agreement between their annotations, we follow (Gruenstein, Niekrasz, & Purver, 2005)
and simply compute the P, between the two annotations. Since the choice of the reference affects the
value of k (the distance between the two probe points in the calculation of P,), we chose to perform this
computation twice, each time using a different person's annotation as the reference. The resulting
average Py value over the 10 meetings was 0.062 (standard deviation: 0.049), regardless of the choice of
reference annotation. These agreement numbers are substantially better than those reported in
(Gruenstein, Niekrasz, & Purver, 2005). Several factors may have contributed to these high levels of
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paper. Second, the meeting participants in our corpus typically displayed a somewhat disciplined
adherence to the agenda at hand, unlike many of the meetings annotated in (Gruenstein, Niekrasz, &
Purver, 2005). Finally, and perhaps most crucially, our annotators had access to the list of agenda items
in the meeting they were annotating, whereas the annotators in that paper were asked to identify the
topics in addition to segmenting the meetings into the topics, which can introduce further variability
between annotators.

4.5.2.5 Evaluation Results

Our adaptation of the TextTiling baseline algorithm uses the spoken words as input. We used the CMU
Sphinx-3 speech recognizer to automatically transcribe the speech in the meeting. Across all the
participants over the entire set of 10 meetings, the Word Error Rate was 45%. The baseline algorithm
achieved an average Py of 0.387 (standard deviation: 0.096), ranging from 0.272 to 0.543. This implies
that in approximately 38.7% cases, the algorithm incorrectly segmented a randomly drawn pair of points
from the meeting. The segmentation output by the algorithm described in section 4.4.3 achieved an
average P, of 0.212 (standard deviation: 0.099), ranging from 0.085 to 0.382. This result represents a
45% improvement over the baseline algorithm, and is a significant improvement (p < 0.01, using the
Wilcoxon matched-pairs signed-ranks test). As mentioned in the previous section, the human-human
annotator agreement measured using P, was 0.062

These results show that while the labeled meetings segments extracted from the human meeting
participants through the SmartNotes system do not produce a segmentation that is as accurate as that
produced by the humans themselves, they do contain enough information to significantly beat the
unsupervised baseline algorithm. This suggests that the labeled data obtained from SmartNotes could
be useful to improve an automatic agenda detection algorithm.
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4.6 Algorithm for Automatic Agenda Detection ( Proposed Task)

Our goal is to automatically detect the agenda item being discussed at all times during the meeting. In
section 4.5.2 we described how the extracted labeled meeting segments from the meeting participants
can be directly used as a labeling of the meeting data. However, observe that this data is not available if
the meeting participants do not enter an agenda, or if they do not take notes on every agenda item. Our
goal is for the system to learn how to automatically detect agenda items from meetings in which
participants do enter their agenda and take notes as prescribed by the SmartNotes system, and then to
automatically detect the agenda items being discussed in meetings in which either the participants do
not enter an agenda item, or do not take notes on one or more agenda items.

Towards this end we propose a language modeling approach to learning and detecting the agenda item
being discussed in meetings, similar in spirit to the approach taken by (Spitters & Kraaij, 2001). In this
paper, the authors propose a language model based mechanism to automatically cluster newswire
stories into groups of similar stories, and to assign new stories to existing clusters. We propose to adapt
this work to our setting as follows:

We will consider the labeled meeting segments obtained from the meeting participants through the
SmartNotes system analogous to the stories in (Spitters & Kraaij, 2001). In that paper, the authors must
cluster the stories in order to find stories that belong to the same topic. In our work, since the meeting
segments are already labeled, we do not need to perform this clustering step. Instead we will simply
concatenate all the transcribed speech from meeting segments that are labeled with the same agenda
item, and train a trigram language model from the combined text. We will interpolate this agenda item-
specific language model with a generic language model. We will use either a small fixed interpolation
weight as done in (Huggins-Daines & Rudnicky, 2007) if the total length of the labeled meeting segments
for a single agenda item is shorter than a threshold, or will interpolate on a held out portion of the
meeting segments labeled with the same agenda item. Thus we will create one language model per
agenda item.

Next, given a new meeting that we must detect agenda items for (because the agenda is unavailable
and/or notes are unavailable), we will perform agenda item labeling as follows. We will first use our
adaptation of the TextTiling topic segmentation algorithm described in section 4.5.2.2 above to first
create a segmentation of the meeting. Next, for each segment thus created, we will compute the
perplexity of each previously trained agenda item-specific language model (described above). We will
label each segment with the agenda item label of the language model that has the lowest perplexity, if
the perplexity is below a certain threshold. If no language model achieves perplexity below the
threshold, we will declare the meeting segment as being a previously unseen agenda item.

4.7 Evaluation of Automatic Agenda Detection (Proposed Task)

We will perform two evaluations of the automatically detected agenda items labels. First we will directly
evaluate the automatically created labeling against manually annotated agenda items. To do so, we will
compute labeling accuracy by comparing the automatically assigned label on each second of meeting
time to the label applied by the human annotator to the same second of meeting time. We will divide
the number of labels that match by the total number of seconds in the meeting to compute the labeling
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accuracy. We will compare the accuracy of this labeling accuracy to an information retrieval based
baseline system that assigns agenda item labels to meeting segments by computing text similarity
between the words in the agenda item labels and the spoken words in the meeting segments.

Separately, we will also evaluate the effectiveness of the automatically detected agenda labels for
humans to get information from past meetings. Towards this end, we design a user study as follows. We
will target 2 regularly scheduled meeting sequences for evaluation such that each meeting sequence
features at least 5 unique meeting participants, for a total of 10 uniqgue meeting participants overall.
Over a period of 10 meetings, participants will meet and take notes within the SmartNotes system. At
the end of each meeting, a participant will be asked to frame questions whose answers were discussed
in the meeting, but were not included in the notes. The question framer will be excused for the rest of
the evaluation for this particular meeting. At least one week later the remaining participants will be
asked to answer these questions. The participants will be divided into 3 groups. The first group will have
access to the recorded meeting speech with meeting segments labeled with the agenda item labeler
trained on the data collected from participant notes of previous meetings in the sequence. The second
group will have access to the recorded meeting speech with meeting segments labeled with the baseline
information retrieval based system (described above). The last group will have access to no agenda item
labeling. The participants will be monetarily motivated to answer the questions both as quickly and as
accurately as possible. Their answers wilf 6S 3INJF RSR o0& O2YLJ} NAy3
compared to see what effect having the automatically agenda item-labeled meeting segments has both
on the speed and the accuracy of answering questions, as compared to having meeting segments
labeled by the baseline system, or having no labeling at all. Given that there will be 4 test subjects per
meeting who will answer the questions, and 2 meeting sequences, we will have more than 20
participants per condition after testing on the 2 10-meeting sequences. The role of the question-framer
will be rotated among the 5 meeting participants of each sequence for each test meeting.
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5 Active Supervision Approach Applied to Meeting Summarization

5.1 System Goaland Motivation

The third system task is to automatically create a summary of the meeting by identifying and
highlighting important information. The previous task ¢ automatically identifying the agenda item being
discussed during a meeting ¢ was aimed at making it easier to navigate through the recorded audio (and
video, if available) of past meetings. The goal of this second task in contrast is to reduce the need to
navigate through the recording at all. When a human needs a piece of information that was discussed at
a prior meeting, and he cannot recall it from memory nor wishes to ask someone else who was at the
meeting, his only recourse is to revisit the notes taken at that meeting. The importance of notes for
fulfilling information needs is made clear from two facts shown by (Banerjee, Rose, & Rudnicky, 2005):

1. The availability of notes has a big impact on whether an information need gets met.
2. Notes are often not available.

Therefore it is likely that a system that enhances the quality and quantity of notes taken at a meeting
can help meeting participants find the information they seek from previous meetings. One way to
improve the quality and quantity of notes taken by humans at a meeting is to create a system that
supplements the notes with other noteworthy utterances automatically identified from the speech.

One approach to retrieving information from recorded meetings is to simply perform Information
Retrieval type free-text searches through the automatically transcribed meeting speech. While we do
not argue against this approach as a last resort, automatically identifying the noteworthy phrases in the
meeting has a few advantages over the search approach: First, only a small percentage of the utterances
in a meeting are truly noteworthy and contain information that is likely to be needed in the future. If
these utterances can be automatically identified, then the resulting summary will be far more concise
than the whole transcript, thus requiring less time for the human to scan through the information.
Second, a system that identifies salient phrases can shield the user from the low transcription accuracy
rates that are typical of spontaneous speech recognition by taking into account word-level confidence
scores of the transcribed words and only producing phrases that are likely to have been accurately
transcribed.

5.2 Research Goal

Our research goal is to use the task of summarizing meetings to demonstrate the proposed general
approach to active supervision acquisition for reluctant users. Specifically, we aim to do the following
tasks:

1. Develop an algorithm to perform extractive meeting summarization. This is the component that
needs to be improved by acquiring supervision from humans.

2. Use the proposed general framework to design a label query mechanism through which the
system can query humans for labels on data points in order to improve meeting summarization
performance.
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3. Evaluate both the label query mechanism developed in step 1 and the data acquired through it
in real meetings with real meeting participants.

Some of these tasks are completed, while others are proposed. We discuss these tasks in more detail in
the following sections.

5.3 Algorithm for Detecting Noteworthy Utterances (Proposed Task)

5.3.1 Previous Work

The task of identifying the noteworthy phrases spoken in a meeting is very similar to the task of speech

summarization. Ly & LISSOK &dzYYIF NAT I GA2yS GKS 321t Ag G2 ON
often a meeting or a recording of broadcast news. The summary is expected to contain the main

information in the original document, and can be provided to the human user either as transcribed

speech, or as a collection of audio (or video) segments. Summarization approaches are usually classified

into one of two categories: extractive summarization and abstractive summarization. Extractive

summarization techniques attempt to identify the utterances (in the case of speech summarization, and

sentences in the case of text summarization) that, when extracted out of the original document and put

together (perhaps in sequential order), can form a summary of the document. On the other hand,

abstractive summarization attempts to extract text from the original document, and then modify the

extracted text by, for example, making it more readable, grammatical, cohesive, etc. Another distinction

2F0Sy RNI gy 0S06SSy RAFFSNBY(G &a&dzYYIENRTIFGA2Yy GSOKYy
2 NJ & dza S NGerkrk Siaraadz&iéndechniques attempt to capture the important information in a

document, without regard to the intended audience, whereas user-focused techniques attempt to tailor

the summary to what a specific user (or small group of users) would find important. Finally a third

distinction between summarization techniques is based on whether the system is trainable or not.
GENFAYLFof S GSOKyAldzSa OFad GKS adzYYENRTFGAZ2Y G 3
32Kt A& G2 GNYXYAYy | OflF aaiTAaGdnieg € JINBoFreatd dachia S NI y OS¢
summarization system, utterances in the training data are first manually labeled as being summary

utterances or not. Then a set of features are manually identified, extracted from the training data, and a

typical machine learning model is trained on the data. Finally this classifier is used to classify utterances

from unseen data as being part of the summary or not. Examples of such an approach are shown in

(Maskey & Hirschberg, Comparing Lexical, Acoustic/Prosodic, Structural and Discourse Features for

Speech Summarization, 2005) that uses the Naive Bayes algorithm, and in (Zhu & Penn, 2006), which, in

addition to Naive Bayes, employs and compares a host of other machine learning algorithms such as

support vector machines and logistic regression. The other set of techniques that are not called

GGUGNI AYylFof Sé | NB dza dzl f Gn@ exadgfedofizuds dlAljoatiRis the tvaxENAIRA ( K Y & @
Marginal Relevance (Carbonell & Goldstein, 1998) algorithm which uses an information retrieval-

inspired approach to iteratively select sentences that are at once most similar to a specified query, and

most different from the sentences already selected as summary sentences. This approach results in a set

of summary sentences that are all relevant to the starting query, and yet are diverse. To apply this

YSGK2R G2 adzYYFENRTFGA2y S (GeLAOFtte GKS aljdsSNEE A&
focused summary), or it is assumed to be the vector of words representing the entire document. Such

an approach is applied to speech summarization by (Murray, Renals, & Carletta, 2005).
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5.3.2 Proposed Algorithm

Since our end goal is to find phrases that are considered noteworthy by the meeting participants of a

sequence of related meetings, our goal is similar to that of creating user-focused summaries. However,

unlike the MMR approach (Carbonell & Goldstein, 1998) described above, our goal is not to depend on

getting a query from the user. Instead, the goal of our system is to find the important phrases from a

meeting without any user prompting, and to use these phrases to enhance the notes taken by the

meeting participants. Hence odzNJ | LILINR F OK A& G2 ONBFGS | aiNIAYLl of
group of users find noteworthy in a sequence of meetings.

5.3.2.1 Casting Summarization as a Classification Problem

In order to perform trainable extractive speech summarization, we turn the problem into a binary
classification problem (as described in (Zhu & Penn, 2006)) where the task is to classify each utterance in
the summary as belonging in the summary or not. Like (Zhu & Penn, 2006) we apply the Support Vector
Machine algorithm to learn the classification task. We make this choice for two reasons. First the
authors of that paper find SVMs perform quite well at their speech summarization task. Additionally,
there is a straightforward mechanism of deciding how important a data point is likely to be from the
point of view of retraining the SVM classifier ¢ as described in (Monteleoni & Kaariainen, 2007). This
feature is important for deciding which data points to query labels for, as discussed below. In the next
section we describe the features we propose to extract in order to train the SVM classifier.

Before we obtain labeled data from the meeting participants, we will need to create an initial system.

This initial system will be trained on notes taken by meeting participants at previously recorded

meetings. Using the notes, we will manually identify speaker utterances that each line of note refers to

(if any), and label themas @ bh ¢ 92 EWC IgKAE S GKS NBYIFAYAYy3 dziGd SNy
b h ¢ 92 h wThe init&al §ystem will be trained on this data.

5.3.2.2 Proposed Features
We plan to use the following features that have been previously used in the literature:

Lexical features:

Named entities: We will perform named entity extraction using MinorThird to identify person names,
organization names, and place names. Our features will count the number of entities in each such
group, as well as the number of entities in total. Additionally we will have features that count the
number of words in the current, previous and next sentence. These features have been used in (Maskey
& Hirschberg, Comparing Lexical, Acoustic/Prosodic, Structural and Discourse Features for Speech
Summarization, 2005).

Numbers: We will count the number of times a number is mentioned in an utterance since often times,
numbers are important to note down.

Keywords and their tf-idf scores: These features have been used very successfully in text summarization
(e.g. (Mani & Bloedurn, 1998)), as well as speech summarization ( (Zhu & Penn, 2006)).
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Prosodicfeatures: Speaking rate (# voiced frames / # frames), FO minimum, maximum, mean, FO range,
slope, RMS energy minimum, maximum, mean, slope, and utterance duration.

Agenda item feature:As described in section 4, we will have a system that detects the agenda item
being discussed at the time the utterance was spoken. We will use this agenda item id as a feature for
utterance importance detection.

Structural features Normalized utterance position in turn, speaker identity, next speaker identity,
previous speaker identity, speaker change, number of utterances since the last typed note.

The above prosodic features have been used by both (Maskey & Hirschberg, Comparing Lexical,
Acoustic/Prosodic, Structural and Discourse Features for Speech Summarization, 2005) and (Zhu & Penn,
2006), while the structural features have been experimented with in (Maskey & Hirschberg, Comparing
Lexical, Acoustic/Prosodic, Structural and Discourse Features for Speech Summarization, 2005).

Disfluency based featurednstead of simply removing the disfluencies (repetitions, false starts, filled
pauses, etc) from the speech, (Zhu & Penn, 2006) have made good use of these features of speech to
detect which utterances may contain important information.

5.4 Designing the Label Query Mechanism (Extension Task)

5.4.1 Goals

To learn how to identify noteworthy sentences, our system needs labeled data of the form (X, Y), X € {all
the sentences and phrases spoken at the meeting}, Y € {NOTEWORTHY, NOT-NOTEWORTHY}. The most
accurately labeled data would be obtained if the system could ask each meeting participant to manually
label all utterances in the meeting as important or not-important after the meeting. However this
approach is likely to be infeasible outside laboratory experiments where participants can be monetarily
reimbursed for their efforts. On the other hand, meeting participants are best placed to provide the
subjective judgment of which sentences are noteworthy and which are not. Specifically we hypothesize
(and provide preliminary evidence below) that humans participating in a sequence of related meetings
evolve a shared understanding of which pieces of information (and by extension, which utterances) in a
meeting are noteworthy. That is, meeting participants agree with each other about the noteworthiness
of utterances significantly more often than they do with outside observers. Our goal is to develop label
guery mechanisms that extract these noteworthy/not noteworthy labels from the meeting participants
in order to learn to automatically identify utterances that the meeting participants would find
noteworthy. In this thesis proposal, we propose two mechanisms, as described below.

5.4.2 Direct Notes Suggestion Mechanism

To acquire labeled data from the meeting LIt NI AOA LI yida Ay GKS F2NY

bh¢92hwel | ¢ 2dzR 3 Yultefailcas spkgn atithé Reetifid, Wedrve developed a service
that helps meeting participants take notes during the meeting. Specifically, the service aims to reduce
the effort of taking notes by suggestindines of notes (sentences or phrases) to the user for inclusion in

the notes. We propose to extract the phrases fromthe Y SS G A y 3  LIspéeth lisihg redt tyhé a Q

speech recognition, and classifying them as being noteworthy or not as described in section 5.3. A
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subset of these phrases will then be suggested to the user for inclusion as notesz
adz3asSadrazy. YSOKIYyAaYE

In this mechanism, the chosen phrase is directly shown to the user through a window that fades onto

the screen, as shown in Figure 2. The user is given the following options:

1. Accept the suggestion and insert it into the notes by clicking on the button with the check mark,

or by

2. Reject the suggestion by clicking on the button with the cross mark, or by pressing the Escape

key.
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will be removed from the next version of the system). Before or after accepting a suggestion the user

can manually edit the suggested text if he so wishes. As soon as the user accepts or rejects, the window

disappears. Care is taken not to make a suggestion when the user is typing (that is, if the user has typed

a character a very short period of time before).
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labels, respectively, for the suggested utterance. By design, the meeting participant must either accept
or reject the suggestion in order to take further notes in the SmartNotes system. Thus, for each
suggested text, the system is guaranteed to acquire a labeled data point that can then be used to retrain
the noteworthiness detection system.

543 03 OO0E ENote$ Sugyéstion Mechanism
In addition to the direct notes suggestion mechanism described above, we have designed a second

mechanism of suggesting text to the user for inclusion innotes G K & ¢S Ol ff G(KS

suggestion service, as shown in Figure 4. In this mechanism, phrases extracted from the speech that are
predicted to be important are used to populate the dParticipant dzii i S NBugu® 8 the panel on the
right hand side of the SmartNotes interface. Unlike the direct notes suggestion mechanism where each
suggested phrase is targeted at individual meeting participants, here the same phrases are shown to all
the meeting participants. Phrases are inserted in the order they are spoken, and are not removed. If
participants notice a phrase that they feel should be inserted into the notes, they can double-click on
the phrase, and it is automatically inserted into the shared notes area. Unlike the direct notes
suggestion mechanism, the participants have the option of not interacting with phrases that are not
important. Thus there is very low cost to the user for phrases that are clearly not important to them.
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Phrases included in the notes can be interpreted as being labeled with the NOTEWORTHY label. Phrases
not double-clicked on by the participants, however, cannot automatically be assumed to be labeled with
the NOT-NOTEWORTHY label, because it is possible that participants simply did not notice an important
suggested phrase.

5.4.4 Preliminary Wizard -of-Oz Studies on Labeling Mechanisms

In order to evaluate the usefulness of the notes suggestion services described above, we have
conducted pilot studies in a Wizard of Oz setting. In this setting, meeting participants take part in
natural, regularly scheduled meetings 6 YSSiAy3a (GKIFG ¢2dAd R KIF@S GF{1Sy
performing the WoZ study). Each meeting participant is provided with a laptop, on which he uses the
SmartNotes system. Meeting participants take shared notes in the SmartNotes system. In a separate
room, the Wizard of Oz listens to the meeting through a telephone connection, identifies phrases that
he believes are noteworthy, and then suggests the phrases to the meeting participants through one of
the two notes suggestion services. For each phrase, the Wizard decides who this piece of information is
most important to, and suggests it to that person. All relevant information is logged ¢ when each
suggestion was sent, who they were sent to, whether they were accepted or not, etc. Using this data, it
is possible to draw some preliminary conclusions on the usefulness of the notes suggestion system, as
follows.

We performed the WoZ study on 6 meetings. In 2 of these 6 meetings, notes were suggested to the
participants through the direct notes suggestion service, and in the remaining 4, notes were suggested
through the sushi-boat notes suggestion service. In the 2 meetings in which notes were suggested
through the direct notes suggestion service, a total of 36 notes were suggested to meeting participants.
Recall that each direct suggestion is targeted at a specific meeting participant, and not all the meeting
participants of the meeting at once. Thus, on 36 occasions a window with the suggested line of note
popped up on the screen of one of the various meeting participants. Due to the nature of the topics
0SAy3a aLR1Sy Ay (GKS YSSiAy3azr IyR GKS 2ATFNRQAa LINX
relevant to, the number of suggestions to each participant is non-uniform. Normalized by the length of
the meeting, each participant was sent on average one suggestion every 8.4 minutes (standard
deviation: 4.3 seconds). The shortest time between suggestions shown to a participant in a meeting was
3.96 minutes, and the longest time was 14.88 minutes.

Of these 36 suggestions shown to the participants, 17 were accepted and inserted into the notes. That
is, across the two test meetings, 47% of the suggestions shown to the participants were accepted, while
the remaining were rejected. Per participant per meeting rejection rates vary as well from 0.29 to 0.50
(standard deviation 0.21).

In the remaining 4 meetings, phrases were suggested to the meeting participants through the sushi-boat

notes suggestion service. Recall that in this mechanism, SI OK LK NJ} &S A& AYyaSNISR
dzi G SN} yOSa¢ LI ySt 2F St OK YS S (iAtofall of 278 phiasksQueredr v i Q &
suggested to the participants in the meetings. Normalized by meeting length, on average a phrase was

suggested every 1.8 minutes (standard deviation 0.8)> | YR A Y aASNI SR Asyfgeted-S I OK LJ
notes panel. The 4 meetings were 38.0 minutes long on average, standard deviation 19.0.
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Of these 273 suggestions, 95 were double clicked on by one or more participants, and inserted into the
notes. That is, on average, 34.8% of the phrases suggested in a meeting were accepted. This fraction is
lower than the percentage of phrases accepted through the direct notes suggestion mechanism (47%).
This is to be expected. Because the sushi-boat interface is less intrusive than the direct notes suggestion
interface, the Wizard was willing to suggest phrases whose importance he was less confident about than
that phrases suggested through the direct suggestion mechanism. As a consequence a lesser percentage
of phrases were selected by meeting participants for inclusion in notes. On the other hand, if normalized
by meeting length, the number of suggestions accepted per minute through the sushi-boat interface ¢
0.6 ¢ was larger than the number accepted through the direct suggestion mechanism ¢ 0.2. The number
of phrases accepted by each participant is highly skewed, as shown in Table 3: nearly 83% of the
accepted suggestions were accepted by a single participant (Participant 1 in the table). Such a skew can
also be observed in manual note taking (right-most column of Table 3). In the 5 meetings prior to the
test meetings in the same meeting sequence (involving 3 of the 4 participants in the test meetings)
where notes were not suggested to the meeting participants, Participant 1 wrote 90% of the notes. This
behavior suggests that Participant 1isi KS RS FF OG2 aRSaA3aIyFiSR y2iS
The same participant who wrote most of the notes in the previous meetings accepted most of the
suggestions during the test meetings.

i1

# suggestions
accepted in 4
test meetings

% of suggestions
accepted

% of notes written in
previous 5 meetings

Participant 1 87 82.9% 90%
Participant 2 4 3.8% 10%
Participant 3 6 5.7% 0%
Participant 4 8 7.6% Did not attend
Totals 105

Table3 # and % of suggestions accepted during and before test meetings

From these 6 meetings, we can conclude that meeting participants are willing to accept phrases of text
extracted from the speech as notes, if the speech recognition accuracy is high and appropriate phrases
are selected.

For the meetings in which the phrases were suggested through the sushi-boat suggestion mechanism,
we attempted to ascertain which phrases participants would continue to find important after the
meeting when they do not have the cognitive load of having to participate in the meeting. Towards this
end, for 3 of the 4 meetings in which phrases were suggested through the sushi-boat interface, we
asked meeting participants to re-label the phrases as being noteworthy or not. Interestingly, although
only 35% of the suggested sentences were accepted by meeting participants during the meeting, on
average 50% of the sentences were accepted by 2 or more meeting participants after the meeting. Of
the sentences accepted during the meeting, on average only 64% were re-accepted by 2 or more
participants after the meeting. On the other hand, of the sentences rejected during the meeting, 28%
were accepted by 2 or more participants after the meeting. This large discrepancy between acceptances
during and after a meeting is not entirely clear, although several possibilities suggest themselves. The
re-labeling experiments were done one or more weeks after the original meetings were held.
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Additionally, participants did not have the benefit of the spoken context of the suggested phrases. As a
result, it is possible that, many of the suggested phrases were no longer meaningful to the participants,
and were thus rejected on reconsideration. Another possible reason for the discrepancy is that labeling
sentences as being noteworthy or not after the meeting is not the same as writing down notes during
the meeting. It is possible that there maybel RA&GAYy OlGA 2y Ay YSSiGAy3
constitutes important information and what constitutes a phrase that is important enough for him to
note down during a meeting. Particularly, it is possible that participants hear phrases during the meeting
that contain important information in their judgment, but they elect not to make the effort to write
them down. However when explicitly asked to mark utterances as important or not, they identify all
such utterances as being important, whether they would have written them down during the meeting or
not.

5.4.5 Proposed Mechanism for Performing Quer ies through Direct Notes Suggestion

Our goal is to decide whether or not to query the label for an utterance by suggesting it to the user for
AyOfdzaazy Ay y20Sas | yR {KSyc acBeptdSeydtiAAf mentidriedS
above, among the two notes suggestion interfaces, the direct notes suggestion mechanism is more likely
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suggestions, and is thus more likely to generate reliable positive and negative examples. The sushi-boat
interface on the other hand is more subtle, does not let users explicitly and unselected suggestions are
likely to form less reliable negative examples. Hence, for each utterance during the meeting, we first
calculate the tradeoff between the learner- and the user-benefit of suggesting it through the direct
suggestion mechanism. If this tradeoff is poorer than a threshold, we then consider suggesting it
through the sushi-boat interface. In this subsection we describe the decision process of deciding
whether to seek a label for an utterance through the direct suggestion mechanism. In the next
subsection we describe the decision process of showing the suggestion in the sushi-boat interface.

As described in chapter 3, we propose to base the decision of whether or not to query the
NOTEWORTHY/NOT-NOTEWORTHY label for an utterance by trading off the benefit the model is likely to
derive from the label versus the benefit the user may derive from the query itself (in this case, from the
suggested note). Further, we perform this tradeoff by modeling the learner benefit and the likelihood of
getting reliable user feedback, and then thresholding on a linear combination of these two values. This
process is described in more detail below.

5.4.5.1 Modeling Learner Benefit
Picking a data point that is likely to benefit the learner most is well studied in the Active Learning
literature. For the Support Vector Machine learner, (Tong & Koller, 2002) present a simple mechanism of

NI A

NI A

Iy R

choosing data points to seek queriesfor, CANR G (G KS& RSTAYS GKS a@OSNRBRAZ2Y a

union of all hyperplanes in the feature space that can correctly classify the labeled data points. The goal
is to reduce the size of this version space as quickly as possible. Towards this end, they propose the

GAAYLE S YINBAYE FfI2NRGKY AY 6KAOK (KSacedeior2a$s

the largest hypersphere that fits in the version space. They query a label for the chosen data point, and
then retrain the SVM on the union of the previously available labeled data points, and the newly labeled
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data point. They show that this algorithm is likely (though not guaranteed) to minimize the label
complexity of reaching a specified learner error rate.

We will use this algorithm to compute the learner benefit of getting labels on unlabeled utterances.
Specifically we compute learner benefit as the inverse of the distance of each unlabeled data point to
the center of the version space of the currently trained SVM ¢ the larger this value, the more likely that
a label on the data point will help reduce the version space of the SVM.

5.4.5.2 Modeling the Likelihood of Getting Reliable Feedback

Instead of directly computing a tradeoff between the benefit to the model learner (of getting a label)
and the benefit to the user (of having the utterance be suggested for inclusion in notes), we propose to
model the likelihood of getting reliable feedback from the user. We define reliable feedback as feedback
that is provided by the user after having read the suggested text. Although we do not expect users to
accept suggested text without reading them, it is possible that users may reject suggestions without
reading, simply to remove the suggestion from the screen. If a user rejects a suggestion without reading,
the system cannot interpret that user action as resulting in a NOT-NOTEWORTHY label. Worse, too many
such rejections-without-reading actions may be symptoYF 6 A O 2F (GKS dzaSNJ Kl gAy3
interface, which is a dire situation for the system as a whole. Thus it is crucial to estimate and track the
likelihood of getting reliable feedback. We propose to do so by estimating the following component
feature values, and then combining the features, as described below.

Modeling User Benefit

The most important component of whether the user will provide meaningful feedback or not is the
benefit the suggested text provides to him. Similar in spirit to (Foster, Langlais, & Lapalme, 2002), we
model the benefit the user is likely to derive from the suggested phrases by estimating the amount of
typing time he can save by accepting the suggested phrase, minus the time cost of reading the
suggestion(s), weighted by the probability that the suggestion is important or unimportant to the user.

Specifically, we wish to model the benefit to the user B(s) where s is the phrase that is about to be
suggested to the user. We factor in the probability of the suggestion s being important or unimportant
to the user, as follows:

B(s) = z P(imp|s) B(s,imp)
imp e {-1,1}

Where imp = 1 implies the suggestion s is expected to be important to the user, and imp = —1 implies
it is expected to not be important, and P(imp|s) is the probability that the suggestion s is either
important or not important. This probability will be obtained from the SVM learner that has been
trained on previously available data points. We model B(s, imp) as:

T(s) — R(s), imp=1

B(s, imp) :{ —R(S), imp= -1
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Where T(s) is the time the user takes to type the suggestion, and R(s) is the time taken to read the
suggestion. To compute T(s) we will measureii KS  dza SNRa y2NXIf (&LAy3
he types, and use this speed times the length of the suggested phrase to compute the value of T(s). We
will compute R(s) as a user-independent value established through empirical tests, since it is difficult to
automatically observe this value from meeting participants.

EstimatingHow Busythe Userls:
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which the user is busy in the current conversation. The more deeply engrossed the user is with the
current conversation, the more likely he is to not provide feedback. We estimate the degree to which a
user is busy with the current conversation by measuring the amount of speech he has spoken in an
immediately preceding window of time. We will use the speech recognizer itself to end point the speech
uttered by this participant in order to establish the amount of speech spoken by the participant in the
window of time.

Other Features of Likelihoodf Providing Feedback:

Other features include the number of suggestions accepted and rejected so far in the current meeting,
and the time since the last suggestion.

Combining All Features:

We train a logistic regression model from these feature values to predict the likelihood of getting
reliable feedback from the user. For new users, we will use a model trained on other users. Over a
sequence of meetings, we will gather data from the user in question. If the user rejects direct
suggestions faster than a preset threshold of time, those rejections will be assumed to be unreliable. All
other acceptances and rejections will be assumed to be reliable. Using this data we will retrain the
regression model and adapt it, over time, to the particular user.

5.4.5.3 Comhining Learner Benefit and Likelihood of Getting Feedback

Finally, we will compute a linear combination of the estimated likelihood of the user responding (as
output by the learned logistic regression function) and the estimated learner benefit. We will empirically
establish the weights of the linear combination and the threshold through in-lab experiments with real
users. The weights and the threshold will be selected to maximize the number of labeled data points
obtained without resulting in the user learning to give up on the system. In the live system, we will
compute this linear combination for each available utterance data point, and for each meeting
participant. We will then pick the utterance ¢ participant pair that has the highest score; if this score is
higher than a preset threshold, we will suggest the query to that participant. We will repeat this whole
process every time the speech recognizer returns a complete new utterance.

A diagrammatic view of this decision process for selecting utterances to suggest as notes to the
participants is shown in Figure 1.
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5.4.6

Suggesting Sentences through the Sushi-Boat Interface

If the combination of the learner benefit and the likelihood of getting feedback for a particular phrase is
not above the threshold for direct suggestion to any meeting participant, we will make the secondary
decision of whether or not to suggest the phrase through the sushi-boat interface. Since this interface

does no

t force the user to respond, it represents lower cost to the user. Also, this interface results only

in one type of feedback ¢ acceptance. Hence we base the decision on whether or not to show a phrase

through
above).
number
phrases

this interface merely on how likely the phrase is to benefit the user (function B(s) described
If this value is over a certain threshold (again set empirically in lab experiments to maximize the
of acceptances), we will show the phrase through the sushi-boat interface. Acceptances of
in this interface can then be used as additional positive examples.

5.5 Evaluation

We will

551

separately evaluate both the in-meeting service as well as the system task separately, as follows.

Evaluating the Service

The usability and the usefulness of the service F N2 Y G KS YSSGAy3 LIhaEdréR LI yviQa

bearing

on the extent to which the system can extract useful data with which to train the salient-phrase

detector. We will evaluate both the usability and usefulness of the service, through the two following

metrics:

User satisfaction of the system: We will deploy the phrase suggestion system at 2 regularly
scheduled real meeting sequences (that is, meetings that would have taken place even if we
g SNByYy Qi Rauatibr. Atitlie $nd of each meeting, we will provide the meeting
participants with a short survey asking them to specifically evaluate the suggestion system.
(Although filling out surveys after every meeting seems daunting, in practice each participant in
the test will likely go to only one such meeting a week, and will therefore have to fill the
questionnaire only once a week). Questions will enquire about the timeliness of the suggestions,
their accuracy, and the distraction they may have caused the users. From their answers we will
SaldAYl (S pérde@Bionsifatis Nghidity and usefulness of the suggestion service. As
shown in (Foster, Langlais, & Lapalme, 2002), ii A & LJ2 & &A 0 f Bercepitiérs of
usefulness of the suggestions are different from the actual usefulness of the service, as
measured below. We will also observe these user-satisfaction evaluations over a period of
several weeks to ascertain how the evaluations change as users get accustomed to the service.
Such a longitudinal evaluation was missing in (Foster, Langlais, & Lapalme, 2002).

Usefulness of the suggestions: In addition to the surveys, we will directly measure the extent to
which users accept the suggestions, and the resulting percentage of the notes that are
automatically provided by the system. As the users use this system over multiple meetings, we
gAtft faz2 YSIFIadz2NE AF GKSNB Aa afSHNyAy3
change over time, and also if the total number of lines of notes increases over time. Our hope is
that as users get accustomed to using the service, they will find that it makes note taking easier,
and hence will be more willing to take more notes.
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5.5.2 Evaluating the System Task

Our second evaluation target is the system task ¢ evaluating whether and how much the system
improves at automatically detecting important phrases in the meeting. While the quality of the salient-
phrase detector is indirectly evaluated in the tests above (the phrase-suggestion & S NJJusabilytast
1) and usefulness (test 2) are both dependent on the LINB R A dddlirgcyy,Xodr aim is to test this
component directly, rigorously and in a controlled manner.

Past approaches:

Evaluation of an extractor of important phrases from speech is very similar to the evaluation of a speech
summarization system. Two methods are popularly employed to evaluate speech summaries. The first
method is particularly suited to systems that perform extractive summarization. In this evaluation
method, the utterances in the original speech document that should be extracted to form the summary

are first identified by one or more human judgesz (2 T2 N) .{The® thessdr@nérikaion & S i
a & a i Sy Qiatterahaxlateldainpared with thisd 32 f R¢ aSG3X | yR LiNBu@d aAizy |
The higher the precision and recall values, the closer the systemQ & 2 id0 huilizi judgment of which

dz G SNI yOSa I NB & a davaviadiBf ¢his elmluétiSnNdetifod iS thabit ntakeéSa hard

binary choice for each utterance in the original speech ¢ each utterance is either a summary sentence or

it is not. If the system extracts an utterance that has not been marked for extraction by a human judge

the system is penalized, even though the utterance may be similar to another utterance that hasbeen
marked for extraction by the human. To address this shortcoming, a second evaluation method called

Rouge (Lin & Hovy, 2003) has gained popularity in both speech and text summarization. This method

takes into account the number of overlappingn-AN} Y& 060SG ¢SSy (KS aeaidisSyvyQa 2d:
or more gold summaries created by humans. This method is applicable to both extractive summarization
systems, as well as systems that go beyond simple extractions. Also, unlike the first evaluation method,

this method can take actual human summaries as input. Both of these evaluation methods have been

used in recent speech summarization work. Rouge is used for evaluation by (Murray, Renals, & Carletta,

2005) and (Zhu & Penn, 2006), while (Maskey & Hirschberg, Comparing Lexical, Acoustic/Prosodic,
Structural and Discourse Features for Speech Summarization, 2005) applies both Rouge as well as the

first evaluation method.

Our approach:

Typically speech summarization research is performed on a fixed dataset of recorded speech
documents. Human annotators are asked to create summaries for these documents once, and then
algorithms are trained and tested on this data multiple times. However, as mentioned earlier, we plan to
perform an ongoing evaluation of real meetings with real meeting participants. Additionally, our goal is
to employ the meeting participants themselves to judge the importance of the extracted phrases, since
this judgment is subjectives I yR GKS aeaidisSvyQa 3I2Ff A& G2 SNy
meeting participants. This implies that the evaluation must not be a time-consuming process. Requiring
the meeting participants to re-listen to the recorded meeting and create a summary is a prohibitively
lengthy process. Instead, our evaluation plan is as follows: At some point of time shortly after the
meeting ends, each participant will be shown the phrases that the system has automatically identified as
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noteworthy. The meeting participant will 6 S I &1 SR (2 Y| Nijotewsrkh@@ K 2LNE N& ya2SG |
noteworthy¢ ® ¢ KS 3J2Ft 2F K Swunb& andfBction bfdhrase@the huyhéhNBks 8 S (1 K S
as noteworthy. Note that this evaluation technique measures precision, and separately scores the

absolute numberof important phrases retrieved by the system. It does not score recall because that

would require the human to go through the meeting and identify all the important phrases.

In addition to this form of evaluation, we shall also perform a task based evaluation, similar to the
evaluation for agenda item labeling. Our goal is to observe whether improvements in the automatic
identification of noteworthy utterances (where the improvement is due to retraining on labeled data
acquired from meeting participants over a sequence of related meetings) translates to improvements in
the speed and accuracy with which users can retrieve information from recorded meetings. Towards this
end we design a between- and within-subjects user study as follows. We will target 3 sequences of
regularly scheduled meetings attended by at least 5 unique participants each (for a total of 15 unique
participants). In all 3 sequences, we will deploy an automatic note-suggestion system pre-trained on
meetings unrelated to the test sequences. The first 10 meetings in each sequence will be treated as the
training phase, and the last 5 meetings will be treated as the test phase. During the 10 training phase
meetings, the deployed systems for each of the 3 meeting sequences will continuously suggest notes
during the meetings, and will use the resulting user responses to retrain the noteworthy utterance
detection systems. (It is expected that after the 10 training phase meetings, the 3 systems will have
adapted to the different contents of the two meeting sequences). During the 5 test phase meetings, the
during-meeting notes suggestion systems will be switched off. Participants will be allowed to manually
take notes if they wish. For each such test meeting, one of the participants will be asked to compile a set
of questions and answers regarding pieces of information that he considers are important in the
meeting. He will be asked to frame these questions immediately after the meeting, and without
consulting the notes in order to avoid biasing the questions towards those that can be answered from
the notes. This participant will then be excused from the experiment for that test meeting. At least one
week later, the remaining meeting participants will be divided into three groups. All three groups will be
asked to answer the set of test questions created above. The first (experimental) group will have access
to the notes taken by the humans at the meetings, as well as noteworthy phrases automatically
identified by the retrained noteworthy-utterance detection system. The second group will have access
to the human notes and noteworthy phrases automatically identified by the baselinenoteworthy-
utterance detection system (that is, the pre-trained system that has not been retrained on labeled data
obtained during the meeting). The last group will have access only to the human notes. The groups will
be monetarily motivated to answer both as quickly and as accurately as possible. Their answers will be
graded by comparing to the & 3 2 fnBakrs, and then compared to see what effect having the
automatically identified phrases has both on the speed and accuracy of answering questions, as
compared to having phrases identified without the learning, or having no automatically identified
phrases. Given that there will be 4 test subjects per meeting who will answer the questions, 3 meeting
sequences, and 5 test meetings per sequence, we will have 20 participants per condition overall. The
role of the question-framer will be rotated among the 5 meeting participants of each sequence over the
5 test meetings.
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6 Thesis Success Criteria
The success criteria for the proposed research program are as follows:

6.1 Show Feasibility of Acquiring Passive Supervision from Human Users
We achieve this criterion by showing the two following results:

1. Show that the agenda item-labeled data obtained from meeting participants over a sequence of

related meetings can be used to produce statistically significantly more accurate agenda item
detection, as compared to the baseline information retrieval based system (as described in
section 4.7).

Show that meeting participants can retrieve information from recordings of previous meetings
faster when meetings segments are labeled with agenda items trained on supervision
automatically acquired from the meeting participants. In the two control conditions, meeting
segments will be either labeled with agenda items using the baseline system, or not be labeled
at all (as described in section 4.7).

6.2 Show Feasibility of Actively Querying Data Labels from Unmotivated

Humans
We achieve this criterion by showing the two following results:

1. Show that the noteworthy utterance detection algorithm can be statistically significantly

improved (as compared to the baseline algorithm trained on prior data) by training it on the
onoteworthy/not-noteworthyé¢-labeled data obtained from meeting participants in a sequence
of related meetings (as described in section 5.5.2).

Show that meeting participants can retrieve information from previous meetings faster when
their own notes are augmented with utterances identified as being noteworthy by the system
that is retrained on the labeled data extracted during the meetings. In the two control
conditions, participants will have access to either only their own notes taken at the meeting, or
their own notes plus noteworthy utterances identified by a pre-trained baseline system that was
not retrained on the extracted labeled data (as described in section 5.5.2).
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7 Proposal Timeline
The proposed tasks and the estimated timeline to completing them are as below

Time frame

Scheduled task

April ¢ June 08

1. Iteratively do the following:
a. Continue running Wizard of Oz studies in real meetings to fine-tune
label query mechanisms.
b. Analyze WoZ data to identify features for the automatic
summarizer
2. Inparallel, implement baseline meeting summarizer

Deploy online summarization and notes suggestion system in real meetings, and

July ¢ August 08 iterate on its development based on feedback

September ¢ o L. .

October 08 Upon stabilization, perform summarization user study on test meeting groups
November 08 Implement agenda detection algorithm

December 08 Perform agenda detection-based user study

January 09 ¢ o .

March 09 Write dissertation

April 09 Defend thesis
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8 Risk Assessment and Contingency Plan
In this thesis proposal, we have proposed two high-level tasks:

1. Improve agenda item detection of (related) meetings in which no notes were taken

2. Improve automatic detection of noteworthy utterances

8.1 Failure on Task 1 is Non -Fatal for the Thesis

In the first task, our goal is to show that the agenda item-labeled meeting segments extracted from
YSSGAyYy 3 Lihotedihrolgh thd Syiaitiof®s system can be used to train an agenda item labeler,
which can then be used to automatically segment and label future meetings in the same meeting
sequence, without the need for notes in that meeting. Failure on this task is defined as not being able to
show a significant improvement in agenda item labelingo¥ YSSidAy3a (GKIFG R2y Qi KI @€
to a baseline algorithm that was not trained on the data extracted through SmartNotes. Such a failure
can be attributed to various factors ¢ poor speech recognition, problems with the modeling technique,
etc. Such a failure is however non-fatal to our thesis, because our goal is to show that high quality
agenda item-labeled meeting segments can be extracted from notes through appropriate interface
design, and we have already achieved this goal by directly evaluating the extracted meeting segments,
as described in section 4.4.

8.2 Failure on Task 2 is Potentially Fatal for the Thesis

On the other hand, a complete failure of the second task ¢ improving the automatic detection of
noteworthy utterances through active supervision from meeting participants ¢ is potentially a fatal
failure for the thesis, because such a failure implies that we have not been able to show the feasibility of
acquiring active supervision from system end-users. There are 3 main sources of risk that can cause the
task to fail, and one source of non-fatal risk. In the following subsections, we state each risk in increasing
order of magnitude, and also describe how we will identify the risk, and mitigate it if it exists.

8.2.1 Non-Fatal Risk 1: Improvements in Noteworthy Utterance Detection do not Improve
Information Retrieval Speed

It is possible that over a course of meetings, participants remain engaged with the notes suggestion
system and provide sufficient feedback, and the accuracy of the noteworthy utterance detector
improves significantly, and yet there are no significant improvements in the speed at which participants
can retrieve information from the meetings using the automatically identified noteworthy utterances.
We characterize such a failure as non-fatal because despite this result, we will have shown the feasibility
of the proposed active supervision technique in automatically improving system performance through
actively acquired supervision from system end-users. In addition, we can identify other end-to-end
metrics ¢ such as fraction of notes manually written, time to write notes during the meeting, etc ¢ in
which we may be able to show a significant improvement due to an improvement in the noteworthy
utterance detector.
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8.2.2 Risk 2: Speech Recognition Accuracy is too Low

Why fatal: If the speech recognition accuracy is too low for the suggested utterances to be useful to the
participants, then participants will learn to simply ignore the suggestions, and the system will not be
able to learn how to identify noteworthy utterances.

Identification: This risk can be identified through a Wizard of Oz study that is similar to those described
in section 5.4. Instead of requiring the wizard to both transcribe speech as well as identify which
utterances should be suggested to which participant, we can perform transcription automatically, and
use the wizard to choose utterances from the recognition output to suggest to participants. If the
participants continue to find value in the resulting suggestions, and continue to accept/reject the
suggestions, then we may conclude that the speech recognizer is accurate enough for use.

Mitigation: On the other hand, if meeting participants are unwilling to accept notes suggested from the
speech recognition output, one way to mitigate the problem is to have a Wizard perform the speech
recognition. The rest of the system would function as before, including automatically choosing
sentences to suggest, and using the acceptances and rejections to improve the noteworthy utterance
detector.

Resulting best case thesis rdsulf the rest of the framework is successful and the noteworthy

dz G SN} yOS RSGSOG2NI AYLINR@SA ¢gAGK GKS LI NIAOALI yia
can claim that the research is successful assuming high speech recognition accuracy.

8.2.3 Risk 3: The Concept is Learnable, but Not from Meeting Feedback

¢tKS 02yOSLIi 6S sAaK G2 fSINYy Aay a! GGSNIryOSa aLk
LI NI AOALI yia ¢2dzZRS AP MIRGH SNR 10K Sl wedl SGZypOra LG I a
suitably trained noteworthy utterance detector is sufficient for the human participants to remain

engaged with the system and not learn to always ignore the suggestions. It is possible that this concept

is learnable in a supervised learning setting, but not through the feedback obtained from meeting

participants through the notes suggestion mechanisms developed above (described in section 5.4). The

feedback can be insufficient for a number of reasons ¢ e.g., it may be too sparse, it may be too noisy,

etc.

Why fatal: If the concept cannot be learned from the feedback available through the feedback
mechanisms, we will not be able to show an improvement in the coy OS LJG f St Ny SNRA& LIS NF
thus not be able to show the feasibility of the proposed active supervision approach.

Identification: There is no easy way to identify this risk short of learning the concept from the available
feedback. We will use feedback data obtained through the Wizard of Oz studies described in section
5.4.4, and will attempt to train a noteworthy utterance detector on this data. We will then use this
learned model to suggest utterances in future meetings, and observe whether the participants are
accepting/rejecting the suggestions, or learning to give up on the system.

Mitigation: One possible reason for the feedback during meetings not being useful for learning the
concept is that the meeting groups at which our system is deployed for development purposes consist
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of participants who typically do not have a frequent need to retrieve information from past meetings. As
a result, participants are less likely to be interested in writing notes or accepting/rejecting notes
suggested through the system. To mitigate this problem, we will simulate a post-meeting information
need by asking participants to answer questions about past meetings using the notes. Further we may
provide monetary incentive to answer the questions quickly and correctly. This simulated information
need and incentive may translate into richer note-taking during meetings. (Note that it is unlikely that all
office workers lack a frequent information need from meetings. For example, in many business settings
it is often the case that one or more participants must create meeting minutes after the meeting, and
may need to refer to notes to do so).

Resulting bestase thesis resulttf the feedback obtained during the meeting due to the influence of
the simulated post-meeting information need enables the concept to be learned, and the system
succeeds over all, we can claim that the research is successful for participants who have a strong need
for information from past meetings.

8.2.4 Risk 4: The Concept is Not Learnable
It is possible that the concept (noteworthy utterances) is not learnable even in a supervised learning
aSGGAY3 6A0GK GLISNFSOGE REGE P

Why fatal: If the highest accuracy to which a detector can be trained is insufficient for the user to
remain engaged with the suggestion system, the user will not provide useful feedback, and we will not
be able to show whether our approach to active supervision works, thus resulting in a fatal failure.

Identification: As in the previous risk, there is no way to tell whether this risk exists short of actually
attempting to learn the concept, and using the learned model to suggest notes to meeting participants,
and observing their response. We will train a model using supervised learning on perfect data ¢
utterances manually marked as noteworthy or not by one or more meeting participants after the
meeting 0 0 Kdzd G KS ¥ S S RWelwdl thenusk thié Ied@edin8dél dioésuggest notes at a
future meeting in the same sequenceand2 6 & SNIIS LJ NI A OA LJFthye &uggetiohsOOS LIG I y OS

Mitigation: If after sufficient effort we have not been able to achieve an accuracy rate at which the user
is likely to accept suggestions, we will declare the concept as not learnable. At this point, we will
attempt to identify a learnable sub-category of notes, e.g. action items or question-answer pairs. We

GAEE OKIy3IS 2dNJ GF &1 FNBY 6Gldzi2YlFiAO RSGSOGAZY 27
FOGA2Yy AlSYa active sapkrdsiomNiianieworkavifl reriiaid Se same.

Resulting bestase thesis resulttf we can identify an alternate learnable concept (and all other risks
are mitigated), we will still be able to achieve the original thesis goal ¢ showing the feasibility of the
proposed general approach to active supervision acquisition
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