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Abstract reading the logs and selecting log entries (referred anste

hereon) suitable for a summary of group activity. Learning
We describe a briefing system that learns to predict the is based on noting information about which items are se-
contents of reports generated by users who create periodiclected by the team leader. We further collect data identify-
(weekly) reports as part of their normal activity. We ad- ing the “features” deemed important by the leader creating
dress the question whether data derived from the implicit the summary. This is done by asking the team leader to
supervision provided by end-users is robust enough to sup-highlight key words/phrases in the selected summary items
port not only model parameter tuning but also a form of (the phrases that they believe led them to select that item).
feature discovery. The system was evaluated under realis-This might be thought of as having the users directly select
tic conditions, by collecting data in a project-based umive  Summary Content Units [9] or identify Rouge-like units (n-
sity course where student group leaders were tasked withgrams, word sequences) [7]. The data collected was used to
preparing weekly reports for the benefit of the instructors, perform off-line learning experiments.
using the material from individual student reports. The plan of this paper is as follows. We describe rele-
vant ideas from the literature. We then describe the domain
and the report generation tasks performed by the class and
1 Introduction give details of the data collected. The Learning System sec-
tion outlines key details (feature representation, wéngft
anking, model selection etc.). After describing the basic

In this paper we describe a personalized Iearmng-basec{eaming framework, we describe the Experiments and Re-

approach to summarization that minimizes the need for . .
: . - sults from the different settings of our system followed by
learning-expert time and eliminates the need for expert- .
the Conclusions.

generated evaluation materials such as a “gold standard’
summary, since each user provides their own standard. Of
course this comes at a cost, which is the end-user time2 Related Work
needed to teach the system how to produce satisfactory
summaries. We would however argue that end-user involve-  Although automatic text summarization has been ex-
ment is more likely to generate quality products that reflect plored for almost a half-century, most current work focuses
both functional needs and user preferences and is indee@n generic newswire summaries [1]. [10] provides a use-
worth the effort. ful distinction between briefings and the general concept of
The current paper describes the application of this ap-summaries where they focus on generating multi-document
proach in the context of an engineering project class in newswire briefings. [8] also focuses on generating brief-
which students were expected to produce weekly sum-ings, however their approach contrasts with ours and is in
maries of their work. While each student produces their a different domain. They assume that users are given an
own logs, their team leader was additionally tasked with outline of the briefing and then try to populate the outline,
*We would like to thank Daniel P. Siewiorek and Asim Smailafgic whereas our sysFem does not provide an initial structure (ex
allowing us to do data collection in their class and Susagétiand team cept for a generic template). From our current perspective
for helping us in instrumenting the data collection. We vabalso like to we believe that the system should focus on identifying im-
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tions. This work was supported by DARPA grant NBCHDO03001(e T organization into a coherent presentation.

content of the information in this publication does not reseeily reflect . . . .
the position or the policy of the US Government, and no offieiaorse- A few personalized interactive learning systems have

ment should be inferred. also been proposed for summarization. [2] describes a




query-relevant text summary system based on interactiveapplication to allow the creation of leader summaries. The
learning. Learning is in the form of query expansion and augmented application provided an interface that allowed
sentence scoring by classification. [6] have explored in- the leader to more easily prepare a report and was also in-
teractive multi-document summarization, where the inter- strumented to collect data about their behavior. Instrumen
action with the user was in terms of giving the user control tation included mouse and keyboard level events (we do not
over summary parameters, support rapid browsing of docu-report any analysis of these data in this paper).
ment set and alternative forms of organizing and displaying  Data Collection ProcessFollowing [5], the leader se-
summaries. Their approach of ‘content selection’ to iden- |ected items from a display of all items from the student
tify key concepts in unigrams, bigrams and trigrams basedreports. The leader was instructed to go through the items
on the likelihood ratio [4] is different from our statistica and select a subset for inclusion in the report. Selecticn wa
analysis and is of some interest. [13] have proposed a perdone by highlighting the “important” words/phrases in the
sonalized summarization system based on the user's annoitems (described to the participant as being those words or
tation. They have presented a good case of the usefulnesphrases that led them to select that particular item for the
of user’s annotations in obtaining personalized summaries report). The items with highlighted text automatically be-
However their system differs from the current one in sev- come the candidate briefing iterhs’he highlighted words
eral respects. Their scenario is a single document newswireand phrases subsequently were designated as custom user
summary and is very different from a briefing. Also, their features and were used to train a model of the user’s selec-
system is purely statistical and does not include the canception behavior.
of a human-in-the-loop that improves performance. Data Collected We were able to collect a total of com-
[5] describe a summarization system for a recurring plete 61 group-weeks of data. One group-week includes the
weekly report-writing taking place in a research project. time logs written by the members of a particular group and
They found that knowledge-engineered features lead to thethe associated extractive summaries. The class consisted o
best performance, although this performance is close to thatwo stages, design and implementation, lasting about 6 and
based on n-gram features. Given this, it would be desir-9 weeks respectively. To provide consistent data for devel-
able to have a procedure that leverages human knowledg@pment, testing and analysis of our system, we selected 3
to identify high-performance features but does not require groups from the later stage of the class that produced re-
the participation of experts in the process. We describe anports most consistently (these are described further in the
approach to this problem below. Evaluation section below).

3 Target Domain 4 Learning System

We identified a domain that while similar in its reporting
structure to the one studied by [5] differed in some signif-
|car_1t respects. Specifically, the report-writers were et e all training data available to that point (i.e., from thepre
perienced researchers who were asked to generate weekl . . )

) us weeks). This model was then used to predict the user’s
reports but were students taking a course that already had a . . .
: . Selections in the current week. For example, a model built
requirement for weekly report generation. The course was .
. . : . . . on weeks 1 and 2 was tested on week 3. Then a model built
project-based and taught in a university engineering dchoo
o . : .. onweeks, 1, 2 and 3 was tested on week 4, and so on.
The students, who were divided into groups working on dif- B th bul od sianificantly f K
ferent projects were required to produce a weekly reportt eczl;l(use te _voc;a u 2ry| varie S'gT' |tc;1an y rorg Wie
of their activities, to be submitted to the instructors. IEac 0 week, we trained models using only those words (fea-

group had well-defined roles, including that of a leader- Stu turei) that W.fre tol(;ae f?gnd n thg r?\'\l’tdita .for thg tlarget
dents in the class logged the time spent on the different ac-VEEK, since it would not be meaningtul to tran models on
non-observed features.

tivities related to the course. Each time-log entry inchiide h " del i q lassi h did
the following fields: date, category of activity, time spent 1 ne resulting model is used to classify each candidate
item as belonging in the summary or not. The confidence

and details of the activity. The category was selected from ™" , o
a predefined set that included Coding, Group Meeting Re.assigned to this classification was used to rank order the raw
' ’ items and the top 5 items were designated as the (predicted)

search and others (all previously set by the instructors). ; § .
The task of the team leader was to prepare a weekly re.Summary for that week. The following sections explain the
learning system in more detail.

port for the benefit of the instructor, using the time-log en-
tries of the individual team members as raw material. As —— —--— "~~~ .. (109%) and maximum (409)-num

the.StUden_ts were alrgady USin_g an on-line system tq Creat@er (as percentages of the total number of items for theopdati week) of
their logs, it was relatively straightforward to augmernisth  item selections to make sure some summary is reported

We modeled our Learning process on the one described
by [5]; that is, models were rebuilt on a weekly basis, using




Groupl Group2 Group3

Week No| TNI | ANW | NIS | ANS || TNI | ANW | NIS | ANS || TNI | ANW | NIS | ANS
1 8 8 2 2 15 8.6 6 2 21 6.9 5 3
2 10 11 4 1 15 8.6 5 2.8 13 9.5 3 3
3 26 7 7 2.6 24 7.4 7 1.4 22 7.5 4 1.2
4 18 7.9 5 1.6 17 5.5 3 2.7 11 3.2 2 2
5 25 8.6 6 4.3 18 | 10.7 3 8.3 18 7.7 4 7.2
6 15 8.5 2 25 16 | 14.7 7 6.1 12 | 10.2 2 5
7 20 8.4 3 1.3 24 | 134 7 7.4 17 | 11.7 3 3.3
8 25 9.3 6 3.8 26 7.1 6 1.7 16 9.5 4 8
9 28 7.2 4 25 - - - - - - - -

Table 1. Week-wise item details for the three selected groups. TNI - Total # of ltems, ANW - Avg # of
words/ltem, NIS - # of Iltems selected, ANS - Avg # of words highlighted/selected Item

4.1 Classifier Settings weighing method - TF (term frequency), TF.IDF, Salton-
Buckley(SB) [12]. b) Corpus for measuring IDF: For any
4.1.1 Features word, the inverse document frequency can be obtained by

considering either the documents in the training set or the
The features used in the classifier are words (or unigrams)iest set or both. Therefore we have three different ways of
stemmed and with stop words removed. We experimentedcalculating IDF. ¢) Normalization scheme for the various
with three different classes of features: Nifalse only scoring functions: no normalization, L1 and L2.
unigrams b)NEclass unigrams + abstracted named enti-  Feature scoring in the first setting of extracting uni-
ties using only the NEclass label (i.e., person, orgampati - gram feature'z,,, is straightforward using the above men-
etc.) eg. 'White House' is treated as a unique token ('Lo- tioned IR parameters (TF, TF.IDF or SB). For combining
cation’) representing its clagsc) NEuniq: raw unigrams +  the scores under the second setting with the ‘user-specific’
eaCh named en“ty Substituted by a Unique tOken eg. ,Whitefeatures we used the fo”owing equation:
House’ is treated as a unique token (‘Location-1"). We used
BBN-Identifinder [3] for extracting the Named Entities. Sp=(1+a)*S,.. 1)

whereq is the weight contribution for the user-specific fea-
tures andSy, __ is the base score (TF or TF.IDF or SB). We
We extract the features in two different settings. Firstly, empirically fixeda to ‘1’ for the current study.

we use the entire sentences for extracting the unigram fea- \We tested the above mentioned variations of feature de-
tures: Frq.,. Secondly, we combine the entire sentence fea- scription, feature extraction and feature scoring using fo
tures with the user-specific featursse, (Fuser € Fraw) learning schemes: Naive Bayes, Voted Perceptron, Support
which is similar to the idea of combining the ‘context’ and Vector and Logistic Regression. In the event, preliminary
‘annotated keywords’ described in [13The details of how  testing indicated that Support Vector and Logistic Regres-
the final scores were computed are given below. sion were not suited for the problem at hand and so these
were eliminated from further consideration. We used the
Weka [11] package for developing the system.

4.1.2 Feature Extraction

4.1.3 System Description

Standard Information Retrieval (IR) metrics were used t0 4 2 Evaluation
score the features. We did not fix the parameters in the
schemes as the characteristics of the data did not particu-
larly recommend any particular setting. The tunable param-
eters in the schemes and their possible values are: a) Ter

The base performance metric is Recall, defined in terms
of the items recommended by the system compared to the
rTi}ems ultimately selected by the udeWe justify this by
2The idea being to capture user’s preference wrt particuémses of noting that Recall can be directly linked to the expectee@tim

NEs i.e. the user prefers to select an item where a personrgadipation
are mentioned together 4We are not doing a ROUGE-like [7] evaluation as we have matiele
3We also experimented with using just the user-specific featin iso- our problem as creating a draft summary in terms of the lapstéo be

lation but found these less useful than a combination ofaflures. selected and not a final polished summary.
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Figure 1. Figure showing the various experiments.

savings for the eventual users of a prospective summarizagroups had different number of weeks, we grouped the ob-
tion system based on the ideas developed in this study. Theservations into three phases by combining the results from
objective functions that we used for selecting the system successive weeks to create a phase. Merging the data into
model (built on the basis Recall) are: three phases is also consistent with our intuition about the
1. Weighted mean reca(]WMR): of the system across task, that is, an activity has an initial starting perioddmi
all weeks. The weeks are given linearly increasing weights dle activities and then the closing activity. We combined
(normalized) which captures the intuition that the perfor- the observations with a sliding window to form the three
mance in the later weeks is increasingly more important asphases. The window size and the overlap were different for
they have consecutively more training data. the groups, though the same within a group.
2. Slope of the phase-wise performance cuSBpe): We Since we treated modeling technique as a free variable,
first calculate the three phase-wise recall performance val we ran experiments for all the possible combinations of
ues (normal average of the recall values) and then computdeature and system dimensions described in the previous
the slope of the curve for these three points. section. The overall best performing system based on the
Note that these metrics are used as a selection criteriorjointly optimized metrics of WMR and Slope was selected
only. Results in Figure 1 are stated in terms of the original as the final model from which to generate the system pre-
Recall values averaged over the phase and across the thragictions. The final model has the following system parame-
users. We compare these with the results for the randomters - Learning Scheme: Voted Perceptron, Term Weighing
baseline. The random baseline is calculated by randomlyScheme: Salton-Buckley, Document Frequency Set: Train-
selecting items over a large (10000) runs of the system anding set, Normalization scheme: None. The feature set that

determining the mean performance valtie. gave best performance was NEuniq.
Figure 1 shows the key results of our experiments with
5 Experiment and Results the above-mentioned model. In the figure, ‘Raw N-grams’

is based on all n-grams in the items, ‘User-combined’
We selected for experimentation the three groups thatrepresents the group-wise (single user) selected features
most consistently generated complete weekly datasets combined with Raw n-gram features and ‘IG-Combined’
These groups had 9, 8 and 8 complete weeks of data. Dels the Information Gain selected features combined with
tailed statistics of the data are shown in Table 1. Since theRaw n-grams. ‘Cross-group’ is the training data pooled
5For our domain, other baseline methods that have beenitraallly across groups and the users §electlons combined with Raw
used such as the ‘first’ sentence of a document etc. are riabRutue to n-grams. The performance is averaged across the three
the characteristics of the corpus and the requirementsedagk. groups.




Selection Phase| Phase| Phase
Mechanism 1 2 3

Information Gain(1G) 1.1 1.3 1.6

users. We also show that naive end-users are able to consis-
tently select features at least as well as an automatic psoce
There is moreover evidence that the feature sets selected by

Cross-group pooled(CG) 5.5 121 | 201 humans may turn out to be more robust in the long run than
Single User(SU) 55 11.1 | 17.6 automatic features (since predictive power is spread over a
Overlap 1G/SU 0 0.6 04 larger number of features). Although this in itself is a use-
Overlap CG/SU 56 51 89 ful result, it also opens the possibility of understanding a

eventually automating the apparently sophisticated featu
selection process used by humans.

These results, together with the implicit-feedback
paradigm embodied in the report-generation interface sug-

Figure 1(a) shows that the performance obtained with gest that it may be possible to design viable learning sys-
generic n-gram features is comparable to the performancaems that can be effectively trained by an end-user. Such an
incorporating user-specific features. While one would approach to customization may be more powerful than ones
have hoped that user-specific features would do better tharhased on adaptation, where models and features sets may be
generic ones, it's clear that users select consistent pal'so pre-determined, and that may produce system behavior that

features. more faithfully reflects the needs of individual users.
Figure 1(b) shows that user-selected features are at least

as good as those selected based on information gain, arReferences
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