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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 madeΦ ¢ƘŜ ǳǎŜǊΩǎ responses are then interpreted as labels. We apply these 
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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 

so 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. 
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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 ς e.g. task oriented, social or religious; by the time lag in the communication ς real time 

versus asynchronous, and by the modality of the communication ς speech based, text based, etc. They 

vary in the number of people involved, and also in the direction of the communication ς unidirectional, 

bidirectional, and multidirectional.  

A large fraction of these instances of human-ƘǳƳŀƴ ŎƻƳƳǳƴƛŎŀǘƛƻƴ ŀǊŜ ǇƻǇǳƭŀǊƭȅ ŎŀƭƭŜŘ άƳŜŜǘƛƴƎǎέΦ 

The Oxford English Dictionary defines ŀ ƳŜŜǘƛƴƎ ŀǎ άǘhe act or an instance of assembling or coming 

together for social, business, or other purposesΦέ We define meetings as instances of human-human 

communication that are speech-based, involve two or more humans, and are conducted in real-time1. 

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), 

(Ionescu, 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 

                                                           
1
 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 
άƳŜŜǘƛƴƎǎέ ς two or more collocated human beings communicating with each other through speech to accomplish 
a set of tasks ς ŀƴŘ ǎƻ ŦǊƻƳ ǘƘƛǎ Ǉƻƛƴǘ ƻƴ ǿŜ ǿƛƭƭ ǳǎŜ ǘƘŜ ǿƻǊŘ άƳŜŜǘƛƴƎέ ǘƻ ǊŜŦŜǊ ǘƻ ƻǳǊ ǘŀǊƎŜǘŜŘ ǎŜǘ ƻŦ ƘǳƳŀƴ-
human communications. 
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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, Jin, 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.  

IǳƳŀƴ ŜȄǇŜǊǘƛǎŜ ƛǎ ǊƻǳǘƛƴŜƭȅ ŜƳǇƭƻȅŜŘ ƛƴ ōǳƛƭŘƛƴƎ άƛƴǘŜƭƭƛƎŜƴǘέ ǎȅǎǘŜƳǎΦ In the realm of supervised 

learning, humans are asked to perform the task that the system will eventually perform automatically, 

resulting in labeled data. ¢ƘŜ ǎȅǎǘŜƳ ƛǎ ǘƘŜƴ ǘǊŀƛƴŜŘ ƻƴ ǘƘƛǎ ƭŀōŜƭŜŘ Řŀǘŀ ǘƻ ƳƻŘŜƭ ǘƘŜ ƘǳƳŀƴǎΩ ŀŎǘƛƻƴǎΦ 

To ŜƴǎǳǊŜ ǘƘŀǘ ǎǳŎƘ ǎȅǎǘŜƳǎ ƎŜƴŜǊŀƭƛȊŜ ǘƻ ƴŜǿ άǳƴǎŜŜƴέ ŘŀǘŀΣ ƛǘ ƛǎ ǳǎǳŀƭƭȅ ŜǎǎŜƴǘƛŀƭ ǘƻ collect a large 

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.  
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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 services that 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 

ǎȅǎǘŜƳΩǎ ƛƴǘŜǊŦŀŎŜ ƛƴ ǎǳŎƘ ŀ ǿŀȅ ǘƘŀǘ ǎƻƳŜ ƻǊ ŀƭƭ ƻŦ ŀ ǳǎŜǊΩǎ ƴƻǊƳŀƭ ƛƴǘŜǊŀŎǘƛƻƴǎ ǿƛǘƘ ǘƘŜ ǎȅǎǘŜƳ Ŏŀƴ ōŜ 

interpreted as labeled data. In the context of meetings, we design a note taking interface in such a way 

that ƳŜŜǘƛƴƎ ǇŀǊǘƛŎƛǇŀƴǘǎΩ note taking actions result in meeting 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 ǘƘŜ ǳǎŜǊΩǎ 

response to each suggestion ς accept or reject ς can be interpreted as ŀ άƴƻǘŜǿƻǊǘƘȅκƴƻǘ ƴƻǘŜǿƻǊǘƘȅέ 

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.  
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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-ǳǎŜǊΩǎ ǎǇŜŜŎƘ ŀƴŘ ƘŀƴŘǿǊƛǘƛƴƎ ǇŀǘǘŜǊƴǎΦ ! ǎǇŜŜŎƘ ǊŜŎƻƎƴƛȊŜǊ Ŏŀƴ ŀƭǎƻ 

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 user in an άenrollment ǇƘŀǎŜέ ǿƘŜǊŜ ǘƘŜ ǳǎŜǊ ƛǎ ŜȄǇƭƛŎƛǘƭȅ ŀǎƪŜŘ ǘƻ ƘŜƭǇ the system 

learn his characteristics. For example, many commercial dictation systems such as Nuance Dragon 

bŀǘǳǊŀƭƭȅ{ǇŜŀƪƛƴƎϰ (Nuance - Dragon NaturallySpeaking , 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 

ƳƛŎǊƻǇƘƻƴŜΣ ǎƻ ǘƘŀǘ ǘƘŜ ǊŜŎƻƎƴƛȊŜǊ Ŏŀƴ ŀŘŀǇǘ ǘƻ ǘƘŜ ǳǎŜǊΩǎ ǎǇŜŀƪƛƴƎ ǎtyle, pronunciation, etc. Such an 

ŀǇǇǊƻŀŎƘ ƛǎ ǊŜŀǎƻƴŀōƭŜ ǿƘŜƴ ǘƘŜ ǳǎŜǊΩǎ ŎƘŀǊŀŎǘŜǊƛǎǘƛŎǎ Ŏŀƴ ōŜ ŜȄǇŜŎǘŜŘ ǘƻ ōŜ ǊŜƭŀǘƛǾŜƭȅ ǎǘŀōƭŜ ƻǾŜǊ ŀ 

ƭƻƴƎ ǇŜǊƛƻŘ ƻŦ ǘƛƳŜΦ Lǘ ƛǎ ƭƛƪŜƭȅ ǘƘŀǘ ǘƘŜ ǳǎŜǊΩǎ ǎǇŜŀƪƛƴƎ ǎǘȅƭŜ ŀƴŘ ǇǊƻƴǳƴŎƛŀǘƛƻƴ will not change drastically 

over time, and the one-time training can be expected to be useful over a long period of time. On the 

ƻǘƘŜǊ ƘŀƴŘΣ ƛŦ ǘƘŜ ǳǎŜǊΩǎ ŎƘŀǊŀŎǘŜǊƛǎǘƛŎǎ ŀǊŜ ƭƛƪŜƭȅ ǘƻ ŎƘŀƴƎŜ ŦǊƻƳ Řŀȅ ǘƻ ŘŀȅΣ such a one-time training 

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 adapt a system ǘƻ ŀ ǳǎŜǊΩǎ ŎƘŀǊŀŎǘŜǊƛǎǘƛŎǎ ƛǎ ǘƻ ǇŀǎǎƛǾŜƭȅ extract data from ǘƘŜ ǳǎŜǊΩǎ 

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 ǿƘŜƴ ǘƘŜ ǎȅǎǘŜƳΩǎ goal is to support the 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 

ǿƘŜƴŜǾŜǊ ǘƘŜ ǎȅǎǘŜƳ ƛǎ ŎƻƴŦƛŘŜƴǘ ƻŦ ǘƘŜ ŀǎǎƛƎƴƳŜƴǘΦ Lƴ ŀ ǎƛǘǳŀǘƛƻƴ ǎǳŎƘ ŀǎ ǘƘƛǎ ǿƘŜǊŜ ǘƘŜ ǎȅǎǘŜƳΩǎ Ǝƻŀƭ 

ƛǎ ǘƻ ƳƛƳƛŎ ǘƘŜ ǳǎŜǊΩǎ ōŜƘŀǾƛƻǊΣ ǘƘe ǳǎŜǊΩǎ ŀŎǘƛƻƴǎ ŘƛǊŜŎǘƭȅ ǊŜǎǳƭǘ ƛƴ άƭŀōŜƭŜŘέ Řŀǘŀ that can be used to 

retrain the system. This approach is taken in (Cohen, 1996) to learn how to assign incoming email to 

folders. Such a strategy is viable ŜǾŜƴ ƛŦ ǘƘŜ ǳǎŜǊΩǎ normal ǘŀǎƪ ƛǎ ƴƻǘ ǎƛƳƛƭŀǊ ǘƻ ǘƘŜ ǎȅǎǘŜƳΩǎ ǘŀǎƪΣ ōǳǘ ƛŦ 

the user has the option of correcting ǘƘŜ ǎȅǎǘŜƳΩǎ ƻǳǘǇǳǘΣ ǘƘŜǊŜōȅ ǇŜǊŦƻǊƳƛƴƎ ǘƘŜ ǎȅǎǘŜƳΩǎ ǘŀǎƪ ŦǊƻƳ 

time to time. For example, speech recognition based systems allow the user to correct incorrectly 
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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 done even iŦ ǘƘŜ ǎȅǎǘŜƳΩǎ ǘŀǎƪ ŀƴŘ ǘƘŜ ǳǎŜǊΩǎ 

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 

ǎǇŜŜŎƘ ǊŜŎƻƎƴƛȊŜǊ ŜǾŜƴ ǿƛǘƘƻǳǘ ǘƘŜ ǳǎŜǊΩǎ Ƴŀƴǳŀƭ ŎƻǊǊŜŎǘƛƻƴǎ ōȅ automatically retraining the recognizer 

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 

the past, in ƻǊŘŜǊ ŦƻǊ ǘƘŜ ǿŜōǎƛǘŜ ǘƻ ƭŜŀǊƴ ǘƘŜ ǳǎŜǊΩǎ ǇǊŜŦŜǊŜƴŎŜǎΣ ŀƴŘ ǎǳƎƎŜǎǘ ƻǘƘŜǊ ƳƻǾƛŜǎ ǘƘŀǘ ǘƘŜ ǳǎŜǊ 

may also enjoy. Other systems seek feedback implicitly by simply performing a task, and observing the 

ǳǎŜǊΩǎ ǊŜǎǇƻƴǎŜ ǘƻ ǘƘŜ ǎȅǎǘŜƳΩǎ ŀŎǘƛƻƴΦ For example, (Weber & Pollack, 2007) present an automated 

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 

ǎǳƎƎŜǎǘƛƻƴǎΣ ǘƘŜ ǳǎŜǊΩǎ ǊŜǎǇƻƴǎŜ ƛǎ ǳǎŜŘ ǘƻ ǊŜǘǊŀƛƴ ǘƘŜ scheduling system. The active learning 

component shows the user candidate schedules based on its learning agenda. (Note that Netflix.com 

also gathers feedback implicitly by simply performing the task ς showing the user its predicted rating for 

movies the user has not rated yet ς and then observing the ǳǎŜǊΩǎ ǊŜǎǇƻƴǎŜ ς whether the user corrects 

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 

a. By getting labeleŘ Řŀǘŀ ŘƛǊŜŎǘƭȅ ŦǊƻƳ ǘƘŜ ǳǎŜǊΩǎ actions, if the ǎȅǎǘŜƳΩǎ ǘŀǎƪ ƛǎ ǘƻ 

ǊŜǇƭƛŎŀǘŜ ǘƘŜ ǳǎŜǊΩǎ behaviorΣ ƻǊ ƛŦ ǘƘŜ ǳǎŜǊ ǎƻƳŜǘƛƳŜǎ ǇŜǊŦƻǊƳǎ ǘƘŜ ǎȅǎǘŜƳΩǎ ǘŀǎƪ ōȅ 

ǿŀȅ ƻŦ ŎƻǊǊŜŎǘƛƴƎ ǘƘŜ ǎȅǎǘŜƳΩǎ ƻǳǘǇǳǘ. 

b. By getting relevant data indirectly ŦǊƻƳ ǘƘŜ ǳǎŜǊΩǎ ŀŎǘƛƻƴǎΣ when the ǎȅǎǘŜƳΩǎ ǘŀǎƪ ƛǎ 

different from the ǳǎŜǊΩǎ ǘŀǎƪ. 

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 ǘƘŜ ǳǎŜǊΩǎ response to that action as 

feedback to improve the system performance. 
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Of these 5 strategies, strategies 2b and 3b are fundamentally different from the other strategies in 

ǘŜǊƳǎ ƻŦ Ƙƻǿ άŜŀǎƛƭȅέ ǘƘŜ ǳǎŜǊΩǎ ŀŎǘƛƻƴǎ Ŏŀƴ ōŜ ƛƴǘŜǊǇǊŜǘŜŘ ŀǎ ŦŜŜŘōŀŎƪ. In strategies 1 and 3a, the user 

is being explicitly asked to provide feedback, so all his actions directly result in labeled data with which 

the system can be retrained. In stratŜƎȅ нŀΣ ǎƛƴŎŜ ǘƘŜ ǳǎŜǊΩǎ ǘŀǎƪ ƛǎ ǎƛƳƛƭŀǊ ǘƻ ǘƘŜ ǎȅǎǘŜƳΩǎ ǘŀǎƪΣ Ƙƛǎ 

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 learning ǘƻ ǘƘŜ άƻƴƭƛƴŜέ ǎŜǘǘƛƴƎ. Strategies 

2b and 3b on the other hand present harder interpretation problems. In strategy 2b, most of ǘƘŜ ǳǎŜǊΩǎ 

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, 

ƛƴǘŜǊǇǊŜǘƛƴƎ ǘƘŜ ǳǎŜǊΩǎ ǊŜǎǇƻƴǎŜ ǘƻ ǘƘŜ ǎȅǎǘŜƳΩǎ ŀŎǘƛƻƴǎ ƛǎ ƻŦǘŜƴ ƴƻƴ-trivial. In this thesis, we focus on 

these two strategies ς learning through passive observation wƘŜƴ ǘƘŜ ǎȅǎǘŜƳΩǎ ǘŀǎƪ ŀƴŘ ǘƘŜ ǳǎŜǊΩǎ ǘŀǎƪǎ 

are different, and learning through actively querying ǘƘŜ ǳǎŜǊΩǎ ƛƳǇƭƛŎƛǘ ŦŜŜŘōŀŎƪ ōȅ ǇŜǊŦƻǊƳƛƴƎ ŀ ǎȅǎǘŜƳ 

ǘŀǎƪΣ ŀƴŘ ƻōǎŜǊǾƛƴƎ ǘƘŜ ǳǎŜǊΩǎ ǊŜŀŎǘƛƻƴ ǘƻ ǘƘŜ ǎȅǎǘŜƳΩǎ ŀŎǘƛƻƴΦ In the following sections, we explore the 

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 ǳǎŜǊΩǎ ǘŀǎƪ ƴŜǾŜǊ ƳŀǘŎƘŜǎ ǘƘŜ ǎȅǎǘŜƳΩǎ ǘŀǎƪΦ In such a 

situation, there are two important research questions:  

1. Given an interactive system, hƻǿ ǘƻ ƛƴǘŜǊǇǊŜǘ ǘƘŜ ǳǎŜǊΩǎ ōŜƘŀǾƛƻǊ ƛƴ ƻǊŘŜǊ ǘƻ ǊŜǘǊƛŜǾŜ ǳǎŜŦǳƭ 

ŦŜŜŘōŀŎƪ ǿƛǘƘ ǿƘƛŎƘ ǘƘŜ ǎȅǎǘŜƳΩǎ ǇŜǊŦƻǊƳŀƴŎŜ Ŏŀƴ ōŜ ƛƳǇǊƻǾŜŘΚ  

2. How to design the 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 

ƛƴŦƻǊƳŀǘƛƻƴ ǊŜǘǊƛŜǾŀƭΣ άimplicit ǊŜƭŜǾŀƴŎŜ ŦŜŜŘōŀŎƪέ ƛǎ ƻōǘŀƛƴŜŘ when the user views a subset of the 

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 humanΩs 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 ƭŜŀǊƴƛƴƎ ƻƴ ǘƘƛǎ Řŀǘŀ ǘƻ ƛƳǇǊƻǾŜ ǘƘŜ ǎȅǎǘŜƳǎΩ ǇŜǊŦƻǊƳŀƴŎŜΦ {ǳŎƘ ŀƴ ŀǇǇǊƻŀŎƘ ƛǎ ǘŀƪŜƴΣ ŦƻǊ 

example, in (Kemp & Waibel, 1999) ǿƘŜǊŜ ǘƘŜ ǳǎŜǊΩǎ ǎǇŜŜŎƘ ƛǎ ŀǳǘƻƳŀǘƛŎŀƭƭȅ ǘǊŀƴǎŎǊƛōŜŘ ōȅ ǘƘŜ ǎȅǎǘŜƳΣ 
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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 

ƳŜŜǘƛƴƎ ǇŀǊǘƛŎƛǇŀƴǘǎΣ ŀƴŘ ƭŜŀǊƴǎ ǘƻ ƛŘŜƴǘƛŦȅ ǘƘŜ ƳŀƧƻǊ ǘƻǇƛŎǎ ƻŦ ŘƛǎŎǳǎǎƛƻƴ ŀǘ ǘƘŜ ƳŜŜǘƛƴƎΦ ¢ƘŜ ǳǎŜǊΩǎ ǘŀǎƪ 

(speakinƎύ ƛǎ ŘƛŦŦŜǊŜƴǘ ŦǊƻƳ ǘƘŜ ǎȅǎǘŜƳΩǎ ǘŀǎƪ όƛŘŜƴǘƛŦȅƛƴƎ ǘƻǇƛŎǎ ƻŦ ŘƛǎŎǳǎǎƛƻƴύΣ ǎƻ ƴƻ ŘƛǊŜŎǘ ŦŜŜŘōŀŎƪ ƛǎ 

ŀǾŀƛƭŀōƭŜΦ LƴǎǘŜŀŘΣ ŀƴ ǳƴǎǳǇŜǊǾƛǎŜŘ ŀƭƎƻǊƛǘƘƳ ƛǎ ŀǇǇƭƛŜŘ ǘƻ ǘƘŜ Řŀǘŀ ŎƻƭƭŜŎǘŜŘ ŦǊƻƳ ǘƘŜ ǳǎŜǊΩǎ ŀŎǘƛƻƴǎ ς 

his spoken words.  

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

Feedback? 

¢ƘŜ ŦƛǊǎǘ ǊŜǎŜŀǊŎƘ ǉǳŜǎǘƛƻƴ ŀǎƪŜŘ άDƛǾŜƴ ŀ ǎȅǎǘŜƳ ƛƴǘŜǊŦŀŎŜ ŀƴŘ ǘƘŜ ǎŜǘ ƻŦ ǇƻǎǎƛōƭŜ ǳǎŜǊ ŀŎǘƛƻƴǎ ǿƛǘƘ ǘƘŀǘ 

interface, how can we construct a deterministic algorithm to extract feedback from the ǳǎŜǊ ŀŎǘƛƻƴǎΚέ 

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 

ǎȅǎǘŜƳ ƛǎ άŀŎǘƛǾŜ ǎǳǇŜǊǾƛǎƛƻƴέ where the system has the option of querying 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 

ǳǎŜǊΩǎ ǊŜǎǇƻƴǎŜ ǘƻ ǘƘŀǘ ŀŎǘƛƻƴ ǘƻ ƛƳǇǊƻǾŜ ǘƘŜ ǎȅǎǘŜƳ ǇŜǊŦƻǊƳŀƴŎŜΦ In these strategies the user 

need not know that his feedback is being sought.  

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

user to provide feedback with the promise of future benefit, but instead that function by offering 

ƛƳƳŜŘƛŀǘŜ ōŜƴŜŦƛǘ ǘƻ ǘƘŜ ǳǎŜǊ ǘƘǊƻǳƎƘ ǘƘŜ ǎȅǎǘŜƳΩǎ ŀŎǘƛƻƴǎ. Such strategies must be designed in such a 

way ǘƘŀǘ ǘƘŜ ǳǎŜǊΩǎ ǊŜǎǇƻƴǎŜ ǘƻ ǘƘŜ ǎȅǎǘŜƳ ŀŎǘƛƻƴ results in labeled data with which the system can 

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 to Provide 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 ς that is, associate data points with categorical labels.  

For example, systems that learn to label emails as spam or not often extract supervision from users by 

observing how they label their emails. This supervision can be passive ς waiting for the user to classify 

whatever emails he wishes to classify as spam or not ς or it can be active ς 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) ǇǊŜǎŜƴǘ άƛƴǘŜǊŀŎǘƛǾŜ ƳŀŎƘƛƴŜ ƭŜŀǊƴƛƴƎέ ς an approach to building machine 

learning-ōŀǎŜŘ ǎȅǎǘŜƳǎ ǘƘŀǘ ŜȄǘǊŀŎǘ ŦŜŜŘōŀŎƪ ŦǊƻƳ ǘƘŜ ǎȅǎǘŜƳΩǎ ǳǎŜǊǎΦ ¢ƘŜ ŀǳǘƘƻǊǎ ŎǊŜŀǘŜ ŀ vision-

based robot navigation system that 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 items in recorded meetings. Users have the opportunity to accept, delete 

or modify automatically created action items. ¢ƘŜ ǳǎŜǊΩǎ ŀŎǘƛƻƴǎ ŀǊŜ ǘƘŜƴ ǳǎŜŘ ǘƻ ǊŜǘǊŀƛƴ ǘƘŜ ŀŎǘƛƻƴ ƛǘŜƳ 

detection engine. ThŜ ǳǎŜǊΩǎ ŀŎǘƛƻƴǎ Ŏŀƴ ōŜ ǘƘƻǳƎƘǘ ƻŦ ŀǎ ŎƻƴŦƛǊƳƛƴƎ ƻǊ ŎƻǊǊŜŎǘƛƴƎ ǘƘŜ ŀŎǘƛƻƴ ƛǘŜƳ 

άƭŀōŜƭǎέ ǘƘŀǘ ǿŜǊŜ ŀǳǘƻƳŀǘƛŎŀƭƭȅ ƎŜƴŜǊŀǘŜŘ ōȅ ǘƘŜ ǎȅǎǘŜƳΦ  

2.3.1.2 Asking Users to Score or Rank 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 

ǎȅǎǘŜƳΩǎ scoring or ranking algorithm.  

A popularly deployed example of obtaining scoring information from users is in the realm of learning 

ǳǎŜǊǎΩ movie preferences. In (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 

ǎƛƳƛƭŀǊƛǘȅ ǘƻ ǘƘŜ ǳǎŜǊΩǎ ǉǳŜǊȅΦ Feedback is obtained for such ranking by recording which of the returned 

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

άǊŜƭŜǾŀƴǘκƴƻǘ ǊŜƭŜǾŀƴǘέΣ ƻǊ ŀǎ ǇƛŎƪƛƴƎ ǎƻƳŜ ŘƻŎǳƳŜƴǘǎ ƻǾŜǊ ƻǘƘŜǊǎ ς thus providing the system with a 

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 ς labeling and ordering/scoring data points ς 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 ƪƴƻǿƭŜŘƎŜ ƻǊ άŦŜŀǘǳǊŜǎέ ǘƘŀǘ Ŏŀƴ ƛƴŘƛǊŜŎǘƭȅ ƘŜƭǇ the function 

that the system is trying to learn.  

For example, in the (Garden & Dudek, 2005) ǇŀǇŜǊ ŘŜǎŎǊƛōŜŘ ŀōƻǾŜΣ ǘƘŜ ǎȅǎǘŜƳ ƭŜŀǊƴǎ ǳǎŜǊǎΩ ƳƻǾƛŜ 

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 applicability of one or more άfeaturesέ for 

the movie. Users can either choose from a set of pre-existing features for the movie, or create 
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ƴŜǿ ŦŜŀǘǳǊŜǎΦ 9ΦƎΦΣ ǘƘŜ ǳǎŜǊ Ƴŀȅ ǎǇŜŎƛŦȅ ǘƘŀǘ άǊƻōƻǘǎέ ƛǎ ŀ ŦŜŀǘǳǊŜ ƻŦ ǘƘŜ ƳƻǾƛŜ ά{ǘŀǊ ²ŀǊǎέΣ ŀƴŘ 

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 opinion of that feature in that movie. For instance, 

ǘƘŜ ǳǎŜǊ Ƴŀȅ ǎǇŜŎƛŦȅ ǘƘŀǘ Ƙƛǎ ƻǇƛƴƛƻƴ ƻŦ ǘƘŜ ŦŜŀǘǳǊŜ άǊƻōƻǘǎέ ƛƴ ǘƘŜ ƳƻǾƛŜ ά{ǘŀǊ ²ŀǊǎέ ƛǎ п ƻƴ ŀ 

scale of -р ǘƻ ҌрΣ ǿƘŜǊŜ ƘƛƎƘŜǊ ƴǳƳōŜǊ ƛƳǇƭȅ ƳƻǊŜ άǇƻǎƛǘƛǾŜέ ƻǇƛƴƛƻƴ ƻŦ ǘƘŀǘ ŦŜŀǘǳǊŜ ƛƴ ǘƘŀǘ 

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 

to the movie)Σ ŀƴŘ ŀōƻǳǘ ǘƘŜ ǳǎŜǊ όǘƘŜ ǳǎŜǊΩǎ ƻǇƛƴƛƻƴ of different features of this movie). Thus this form 

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 classification. Users 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 ς 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 ς asking users to provide labels, provide 

ordering and provide keyword based feedback ς 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 point is low, or ƛŦ ǘƘŜ Řŀǘŀ Ǉƻƛƴǘ ƛǎ ŎƭƻǎŜ ǘƻ ǘƘŜ ŎƭŀǎǎƛŦƛŜǊΩǎ 

decision margin. If the label provided by the human ŘƻŜǎ ƴƻǘ ƳŀǘŎƘ ǘƘŜ ǎȅǎǘŜƳΩǎ ǇǊŜŘƛŎǘŜŘ ƭŀōŜƭΣ ǘƘŜƴ 

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-

ǇǊƻǾƛŘŜŘ ƭŀōŜƭ ŘƻŜǎ ƴƻǘ ƳŀǘŎƘ ǘƘŜ ǎȅǎǘŜƳΩǎ ǇǊŜŘƛŎǘŜŘ ƭŀōŜƭΦ  

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

1. First they assume that the human expects to 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 

ǇŜǊŦƻǊƳŀƴŎŜΦ LƴǎǘŜŀŘ ǎǳŎƘ ǳǎŜǊǎ Ƴŀȅ ǎƛƳǇƭȅ ǿŀƴǘ ǘƻ άǳǎŜέ ǘƘŜ ǎȅǎǘŜƳΦ In chapter 5, we present 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 ς and his interaction can result in 

feedback with which the system can be improved.  
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3 Proposed Research 

3.1 Thesis Statement  
The aim of the proposed research program is to develop approaches that implicitly extract supervision 

from unmotivated human system-users 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 benefit to the users. Such benefit may be unrelated to the benefit that the user will 

eventually derive from improvements in ǘƘŜ ǎȅǎǘŜƳΩǎ performance that result from his feedback.  

There are two ways to extract supervision from system users ς 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  

(a) The user derives άenoughέ immediate benefit from the query itself and remains motivated to 

provide feedback, and 

(b) ¢ƘŜ ǊŜǎǳƭǘƛƴƎ ƭŀōŜƭŜŘ Řŀǘŀ Ǉƻƛƴǘ Ŏŀƴ ōŜ ǳǎŜŘ ǘƻ ƛƳǇǊƻǾŜ ǘƘŜ ǎȅǎǘŜƳΩǎ ǇŜǊŦƻǊƳŀƴŎŜ όŀƴŘ ǘƘǳǎ ǘƘŜ 

long term benefit of the user). 

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 

ǿŀȅ ǘƘŀǘ ǘƘŜ ǳǎŜǊΩǎ ŀŎǘƛƻƴǎ (or a subset thereof) can be interpreted as feedback. 

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

1. Passive approach: 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 approach: We 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 όǎƻƳŜ ƻǊ ŀƭƭ ƻŦύ ǘƘŜ ǳǎŜǊΩǎ 

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. 

! ǳǎŜǊ ŀŎǘƛƻƴ ƛǎ άǾƛǎƛōƭŜέ ƛŦ ǘƘŜ ǎȅǎǘŜƳ Ƙŀǎ ǎŜƴǎƻǊǎ ǘƘǊƻǳƎƘ ǿƘƛŎƘ ǘƘŜ ǳǎŜǊ Ŏŀƴ ƛƴǇǳǘ Ƙƛǎ ŀŎǘƛƻƴǎΦ 

Examples of visible user actions are words that he speaks or types into the system through a 

ƳƛŎǊƻǇƘƻƴŜ ƻǊ ŀ ƪŜȅōƻŀǊŘΣ ŀŎǘƛƻƴǎ ǘƘŀǘ ƘŜ ǘŀƪŜǎ ǿƛǘƘ ǘƘŜ ǎȅǎǘŜƳΩǎ ƎǊŀǇƘƛŎŀƭ ǳǎŜǊ ƛƴǘŜǊŦŀŎŜ 

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. Identify 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 

ǇŜǊǎƻƴ ƛǎ ƎƛǾŜƴ ŀƴ ƛƳŀƎŜ όǎŀȅ ŀ ǇƛŎǘǳǊŜ ƻŦ ŀ ŘƻƎ ŀƴŘ ŀ Ŏŀǘύ ŀƴŘ ŀ ǿƻǊŘ όǎŀȅ άŘƻƎέύΣ ǘƘŜ ƻǘƘŜǊ ǇŜǊǎƻƴ ƛǎ 

initially shown a blank screen, and the goal of the game is for the second person to guess the word 

άŘƻƎέΦ ¢ƘŜ Ǝƻŀƭ ƻŦ ǘƘŜ ŦƛǊǎǘ ǇŜǊǎƻƴ ƛǎ ǘƻ ƘŜƭǇ ǘƘŜ ǎŜŎƻƴŘ ǇŜǊǎƻƴ ƎǳŜǎǎ ǘƘŜ ǿƻǊŘ ŀǎ ǉǳƛŎƪƭȅ ŀǎ ǇƻǎǎƛōƭŜΣ 

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. LŘŜƴǘƛŦȅ ǘƘŜ ƪƛƴŘ ƻŦ ƭŀōŜƭŜŘ Řŀǘŀ ǘƘŀǘ ƛǎ ƴŜŜŘŜŘ ǘƻ ƛƳǇǊƻǾŜ ǘƘŜ ǎȅǎǘŜƳΥ ¢ƘŜ άƭŀōŜƭŜŘ Řŀǘŀέ ǘƘŀǘ 

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. Identify 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 ς 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 ǇŀǊǘƛŎƛǇŀƴǘǎΩ ƴƻǘŜ ǘŀƪƛƴƎ ŀŎǘƛƻƴǎ. We design the interface by following the 

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. Identify a relationship between a user action and the function that needs to be learned: We 

target meeting ǇŀǊǘƛŎƛǇŀƴǘǎΩ ƴƻǘŜ-taking during meetings as 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 

item-ƭŀōŜƭŜŘ ƳŜŜǘƛƴƎ ǎŜƎƳŜƴǘǎ ŦǊƻƳ ǘƘŜ ƳŜŜǘƛƴƎ ǇŀǊǘƛŎƛǇŀƴǘǎΩ ƴƻǘŜ-taking actions as follows: 

Instead of asking the user to directly label meeting segments with agenda items, we aim to get 



20 
 

users to associate the individual lines of notes with 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) ς 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 item in ƛǘǎ ŘŜǎƛƎƴŀǘŜŘ άŀƎŜƴŘŀ ƛǘŜƳ ƴƻǘŜ ōƻȄέΦ ¢ƘŜ ƛƴǘŜǊŦŀŎŜ ŀǎǎƻŎƛŀǘŜǎ ǘime 

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 mechanism. That is, we will design the label query mechanism to have dual roles 

ς 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 inversely proportional 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 

ŀƴŘ ƛǎ ǳƴƭƛƪŜƭȅ ǘƻ Ǝŀƛƴ ƳǳŎƘ ŦǊƻƳ ǘƘŜ ǳǎŜǊΩǎ ǊŜǎǇƻƴǎŜΦ hƴ ǘƘŜ ƻǘƘŜǊ ƘŀƴŘΣ Řŀǘŀ points for which the 

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 cost the 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 

ǘƘŜ ǎȅǎǘŜƳ ƛǎ άƴŜŀǊƭȅ ƻƴƭƛƴŜέ ς that is, at any given point of time, 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 ς 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 thŜ ǳǎŜǊΩǎ ŘŜŎƛǎƛƻƴ ǘƻ ǇǊƻǾƛŘŜ ŦŜŜŘōŀŎƪ ƻǊ ƴƻǘ ς ǎǳŎƘ ŀǎ ǘƘŜ ǳǎŜǊΩǎ ŎǳǊǊŜƴǘ 

ŎƻƎƴƛǘƛǾŜ ƭƻŀŘΣ Ƙƻǿ ƭƻƴƎ ŀƎƻ ƘŜ ǿŀǎ ǉǳŜǊƛŜŘΣ ŀƴŘ ŀƭǎƻ ǘƘŜ άƴŀǘǳǊŀƭ ǘŜƴŘŜƴŎȅέ ƻŦ ǘƘƛǎ ǇŜǊǎƻƴ ǘƻ ǇǊƻǾƛŘŜ 

feedback. All things being equal, different users may have different inclinations to provide feedback or 

not due to different factors ς ǘƘŜ ǳǎŜǊΩǎ ƪƴƻǿƭŜŘƎŜΣ ǘƘŜ ǳǎŜǊΩǎ ǿƛƭƭƛƴƎƴŜǎǎ ǘƻ ŜƴƎŀƎŜ ǿƛǘƘ ǘƘŜ ǎȅǎǘŜƳΣ 

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). ²Ŝ ǇǊƻǇƻǎŜ ǘƻ ƭŜŀǊƴ ǘƘƛǎ ǇŀǊǘƛŎǳƭŀǊ ǳǎŜǊΩǎ ƭƛƪŜƭƛƘƻƻŘ ƻŦ 

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 

ƻōǎŜǊǾŜǎ ǘƘŜ ǳǎŜǊΩǎ ǊŜǎǇƻƴǎŜǎ ǘƻ ƭŀōŜƭ ǉǳŜǊƛŜǎΦ  

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 ς the benefit the learner is likely to derive if this data point was labeled ς 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 ς the likelihood that the user will respond to the query ς will, in turn depend on 

the various factors, such as:  

1. The benefit that the user is likely to derive from this query. 

2. ¢ƘŜ ǳǎŜǊΩǎ ŎǳǊǊŜƴǘ ŦƻŎǳǎ ƻŦ ŀǘǘŜƴǘƛƻƴΦ 

3. The number of data points on which he has provided feedback in the recent past. 

.ƻǘƘ ǘƘŜ ōŜƴŜŦƛǘ ǘƘŀǘ ǘƘŜ ǳǎŜǊ ƛǎ ƭƛƪŜƭȅ ǘƻ ŘŜǊƛǾŜ ŦǊƻƳ ŀ ǉǳŜǊȅ ŀƴŘ ǘƘŜ ǳǎŜǊΩǎ ŎǳǊǊŜƴǘ ŎƻƎƴƛǘƛǾŜ ƭƻŀŘ Ƴǳǎǘ 

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. Next the system coƳōƛƴŜǎ ǘƘƛǎ ƭƛƪŜƭƛƘƻƻŘ ǿƛǘƘ ŀƴ ŜǎǘƛƳŀǘŜ ƻŦ ǘƘŜ ōŜƴŜŦƛǘ ǘƘŜ Řŀǘŀ ǇƻƛƴǘΩǎ ƭŀōŜƭ 

provides the learner, to create a single-ƴǳƳōŜǊ άǾŀƭǳŜέ ƻŦ ǘƘŜ Řŀǘŀ ǇƻƛƴǘΦ By thresholding on 

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: ¢ƘŜ ǎȅǎǘŜƳΩǎ ultimate task is to perform meeting summarization. Towards this end, it 

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

ǇŀǊǘƛŎƛǇŀƴǘ ōŜƭƛŜǾŜǎ ǘƘŀǘ ƛǘ ǎƘƻǳƭŘ ōŜ ƛƴŎƭǳŘŜŘ ƛƴ ǘƘŜ ƴƻǘŜǎΦ ¢Ƙǳǎ ƻǳǊ ǎȅǎǘŜƳΩǎ ǘŀǎƪ ƛǎ ǘƻ ŎƭŀǎǎƛŦȅ 

utterances ŀǎ ōŜƛƴƎ άƴƻǘŜǿƻǊǘƘȅέ ƻǊ άƴƻǘ ƴƻǘŜǿƻǊǘƘȅέΦ We apply the proposed framework to get 

labeled data from meeting participants to improve at this classification task.  
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What constitutes a data point and its label: In this taskΣ ŜŀŎƘ ǳǘǘŜǊŀƴŎŜ ƛƴ ǘƘŜ ƳŜŜǘƛƴƎ ƛǎ ŀ άŘŀǘŀ ǇƻƛƴǘέΣ 

and its label is eitƘŜǊ άnoteworthyέ ƻǊ άƴƻǘ noteworthyέΦ  

Label query mechanism: We 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 

ŎƘƻƻǎŜǎ ŀƴ ǳǘǘŜǊŀƴŎŜ ǘƻ ǉǳŜǊȅ ǘƘŜ άnoteworthyέ κ άƴƻǘ noteworthyέ ƭŀōŜƭ for, and performs the query 

by suggesting the phrase to the user for inclusion in his notes. If the user accepts the suggestion, the 

ǳǘǘŜǊŀƴŎŜ ƛǎ ŀǎǎǳƳŜŘ ǘƻ ƘŀǾŜ ǘƘŜ ƭŀōŜƭ άnoteworthyέΣ ŀƴŘ ƛŦ ƘŜ ǊŜƧŜŎǘǎΣ άƴƻǘ noteworthyέΦ ¢ƘŜ ǳǎŜǊΩǎ 

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: We 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).  ²Ŝ ŎƻƳǇǳǘŜ ǘƘŜ ǳǎŜǊΩǎ ƴƻǊƳŀƭ ǘȅǇƛƴƎ ǎǇŜŜŘ ōȅ 

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 negative user-ōŜƴŜŦƛǘ ƛŦ ǘƘŜ ǎǳƎƎŜǎǘŜŘ ǇƘǊŀǎŜ ƛǎ ǇǊŜŘƛŎǘŜŘ ǘƻ ōŜ άƴƻǘ 

ƛƳǇƻǊǘŀƴǘέ ǘƻ ǘƘŜ ǳǎŜǊΦ (This process is described in more detail in section 5). 

2. ¦ǎŜǊΩǎ focus of attentionΥ ²Ŝ ƳƻŘŜƭ ǘƘŜ ǳǎŜǊΩǎ focus of attention by counting 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 

ŀǇǇǊƻȄƛƳŀǘƛƻƴ ƻŦ ǘƘŜ ǳǎŜǊΩǎ ŎƻƎƴƛǘƛǾŜ ƭƻŀŘΦ 

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 




