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Motivation |

Congratvlations,
i€ only took you |

So many articles, so long
an article, so little time!

Summarization

There’s no argument.

sy Jolyon.Co.uk
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Motivation I

Personalized
Summarization

- | just need what | am interested

e Attention time (AT) reflects
the user interest
- AT = attention time spent by a

user on a certain word of the
article (browsing, reading, ...)
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System Overview
-

Acquiring the user AT through an eye-tracking
Interface on each word and sentence while reading
an article.

Analyzing the user’s interest on each part of the
article implicitly reflected by the attention time.

Re-rank all the sentences in the article according to
the predicted user’'s AT on them.

Pick up sentences with top AT as the summary.
Assumption: a user shall have more or less the
same amount of interest towards similar text.
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Organization of the Talk
-

e Related work

e Acquisition of eye-tracking samples

e Prediction of user’s interest on sentences
e User-oriented text summarization

e Experiment results

e Future work
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Related Work
«__ 0

e Text Summarization

- A comprehensive list of published research papers and
tools on the web page http://www.summarization.com/

- Popular tools:
e “AutoSummarize” functionality in Microsoft Word
e MEAD - A platform for multidocument multilingual text
summarization
e LexRank: Graph-based lexical centrality as salience in text
summarization
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Related Work I
«__ 0

e Eye-tracking Strategy

- E. H. Chi, M. Gumbrecht, and L. Hong. Visual foraging of
highlighted text: An eye-tracking study. In HCII '07: Proceedings of
HCI International Conference, pages 589-598, 2007.

— A. Bulling, D. Roggen, and G. Troster. It's in your eyes: towards
context-awareness and mobile HCI using wearable EOG Goggles.
In UbiComp '08: Proceedings of the 10th International Conference
on Ubiquitous Computing, pages 84-93, New York, NY, USA,
2008. ACM.

- R. W. Reeder, P. Pirolli, and S. K. Card. Webeyemapper and
weblogger: tools for analyzing eye tracking data collected in web-
use studies. In CHI '01: CHI '01 Extended Abstracts on Human
Factors in Computing Systems, pages 19-20, New York, NY, USA,
2001. ACM.
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Organization of the Talk
-

o

e Acquisition of eye-tracking samples

e Prediction of user’s interest on sentences
e User-oriented text summarization

e EXxperiment results

e Future work
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Web Camera
« /0007

e Eye-tracking with web
camera

- P. Zielinski. Opengazer:
open-source gaze
tracker for ordinary
webcams (software),
Samsung and The
Gatsby Charitable
Foundation.
http://www.inference.phy
.cam.ac.uk/opengazer/,
last visited on December
11 2008.
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Gathering AT for Each Word
-

Gaze point at | this example, gaze points
tlm62 (X2,¥2) has been next to the word
“Panda” for 6 times.

Gaze point at
timel (x1,yl)

- AT(“Panda”) =
~ (x4,y4) x1— X)* (yl-Y)?
(xEy3) exp( — ¢ 2a2) _(y2b2) )+
'(x5,y5) +eXp(—(X62;;() - (y62;2Y) )

NOTE: AT(w) - user attention
¥ (x6,y6) time on the word w
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A Snapshot of the Eye-tracking User
Interface

2.1.1.1. Single-document versus multi-docu-
ment. This is the unit input parameter or the span
parameter, as Sparck-Jones [7] and Mani [8] respec-
tively call it, which in simple words is the number of
documents that the system has to summarize. In
single-document summarization the system pro-
cesses just one ddcoment at a time, whereas in
multildocument%aﬁzatiun more_ than one
document are processed by the syste

2.1.1.2. Language. Another input factor is the
number of languages in which the input documents
arewntten. 5o, asystemcan be mon: ual, multi-
fu}guafc cross-lingual. In the firg c : e, the output
lahg &4 same as the lnp age. In the
Ccage) Kingual summanzatlo?gyslems. the
output la ge is the same as the input language,
but the s ten('):an handle a certain number of
languages. In the final case of cross-lingual summar-
izatjmn, the system can accept a source text in a

c language and deliver the summary in
another language, not necessarily the same as the
input one.

other important fagtor is the n}f;dlum sed to repl
sent thecBntent theln@ltdoehme '()s aswell as
the Sgg.ummarfThua jave text, or multi-
medig’ images, speech, video apart from tex-
tut\ htent) sﬁpaﬂzauon The most studi@d case

f course, ‘téxt summarization. However, there
are also summarization systemg:that deal, for exam-
ple, with the summarization of broadcast news [9]
and of diagrams [10].

2.1.1.3. Text vegs multimedia summaries.

2.1.2. Purpose factors

These factors concern the pessible uses of the sum:. ...

summaries.

2.1.2.2. Generic versus user-oriented summar-
jes. This factor concerns the information a system
needs to locate in order to produce a summary.
Generic systems cr a summary of a document
or a set of ducumggtakmg into account all the
information foudd in the documents. On the other
hand, user-oriented systems try to create a sum-
mary of the information found in the document(s)
which is relevant to a user query. In a sense, we can
say that the query-oriented summarization systems
are user-focused, adapting each time to the verbally
expressed needs of the users, as viewed through the
query t

make or through their %L (persona-
im rl&g) (@v
) 2N O]

lized s

Sdvdes Genem{ purpose gersus

General purpose systems can be easily
different domain (e. g{ﬁnanmal medical). Tl ﬁcan
be done, for instance, by changfig the (@sources
that characterize thgp domain (e.g. keywords, a
domain-specific nnmlogy)‘ or by tuning specific
parameters which concern selection of the most
appropriate techniques for the domain. On the

ather hand, domain-specific sy ¢ able to
process documents be nngmgégspec

2.1.3, d’utput factors

These factors are related. Q
used to judge the quality
as well as with the type of ¢

whether this is an extract from the original docu-
ment(s) or an abstraction.

domain.

2.1.3.1. Output quality. The developer of a sum-
marization_svstem.has to snecifv. certain aualitative
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Organization of the Talk
-

Prediction of user’s interest on sentences
User-oriented text summarization
Experiment results

Future work
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Essential Concept
-

e Prediction based on the content similarity of
text.

e \We assume If two words are sufficiently
similar, then a user shall have more or less
the same amount of interest towards either of
them.
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Estimating Word Similarities

e A good estimation of text similarity plays a critical
role in user’s interest prediction.

e \We utilize the method in the paper

- Y. Li, Z. A. Bandar, and D. Mclean. An approach for
measuring semantic similarity between words using multiple
Information sources. IEEE Transactions on Knowledge and
Data Engineering, 15(4):871-882, 2003.
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Predict AT on Words
«__ 0

Y ?:1 (AT(u!i,Uj )Sim(w; w)p(w; ,11!))
k (S?'-m (w;,w)p(w; ,tu}) +e

AT (w,U;) =

i=1

(w;, w) = 1 It Sim(w;,w) > 0.1
P W) =19 () Otherwise.

The AT on every word in the article is
determined by all the words that have sampled
AT and the semantic similarities between these

words.
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Predict AT on Sentences
« /0007

ATl'(s,U;) = AT (w; U)o (w;, U;)
J N 7

The AT on every sentence in the article is the
sum of AT on all the distinct words in that
sentence.
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Organization of the Talk
S

®

o

®

e User-oriented text summarization

e Experiment results

e Future work

User-Oriented Document Summarization through Vision-Based Eye-Tracking



User-oriented Summarization (l)
-

e For an article, c% sentences are reserved as
ItS summarization result.

e At first, get the summary generated by a
traditional semantic text summarization
algorithm with a compression rate of c%.

- MEAD
— Microsoft Word “AutoSummarize”
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User-oriented Summarization (ll)
-

e Increase the predicted AT of a sentence if it appears
In the summary generated by MEAD.
- AT on a sentence is adjusted as,
ATof pser(si.Uj) £ (1 — r) max{AT (sy,, Uj) 10 (s5,U;)
e Offset is O if the sentence is not in the summary by
MEAD; otherwise, offset is set as the maximum AT
over all the sentences.

e kis a user-tunable parameter. When k =0, it
performs completely the same as MEAD. When k =1,
the summary is fully determined by user AT.
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User-oriented Summarization (llI)
-

AT o (8:,U;) & AT (8;,U;) + AT, ¢ peer (84, U;)

e The top c% sentences according the adjusted AT
are extracted as the summary of the article.
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Organization of the Talk
-

e Experiment results
e Future work
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Evaluating the Summarization Result
c -]

e Two dataset of articles for experiments, each of
which has 60 randomly selected articles
- Data set 1: articles from the journal “Science”
—- Data set 2: articles about leisure things on New York Times

Article set I IT [+10
Articles in the set 60 60 120
Words per article 979.0 | 942.3 | 960.7
Sentences per article 37.6 | 532 | 454
Paragraphs per article 9.1 11.3 10.2
Sentences per manual summary | 124 | 14.7 13.6
Manual compression rate 33.0% | 27.6% | 29.8%
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Measurements

e Three measurements — Recall (R), Precision (P)
and F-rate (F)—are introduced to evaluate the

machine summarization quality against the human
expected summary result.

pa Number of common sentences in SU, and SU
Number of sentences in SU

A Number of common sentences in SU, and SU
| Number of sentences in SU,

2PR
P+ R

F£
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Comparison with Popular
Summarization Tools

Summarization Algorithm

Compression Rate

10%

20%

30%

Recall | Precision | F-rate

Recall | Precision | F-rate

Recall | Precision | F-rate

MS Word AutoSummarize || 0.13 0.25 0.17 0.20 0.27 0.23 0.23 0.27 0.25
MEAD 0.18 0.47 0.26 0.25 0.44 0.32 0.30 0.42 0.35
Our Algorithm (0.2 (.64 0.39 0.42 0.60 0.49 0.53 0.58 0.55
(a) Algorithm performance statistics for article set |
Compression Rate
Summarization Algorithm 10% 20% 30%

Recall | Precision | F-rate

Recall | Precision | F-rate

Recall | Precision | F-rate

MS Word AutoSummarize | 0.16 (.23 0.19 0.21 0.2% 0.24 (.23 0.30 0.26
MEAD 0.18 (0.36 (0.24 0.26 (.45 0.33 (.29 0.60 0.39
Our Algorithm (.25 (.70 0.37 0.44 (.64 0.52 (.56 0.61 (.58
(by Algorithm performance statistics for article set 11
Compression Rate
Summarization Algorithm 10% 20% 30%

Recall | Precision | F-rate

Recall | Precision | F-rate

Recall | Precision | F-rale

MS Word AutoSummarize || 0.15 0.24 0.18 0.20 0.27 0.23 0.23 0.29 0.26
MEAD 0.18 0.41 0.25 0.25 0.44 0.32 0.30 0.51 0.37
Our Algorithm 0.27 0.67 (.38 0.43 0.62 0.50 0.54 0.59 0.57
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Organization of the Talk
-

®
o
®
®
®
e Future work

User-Oriented Document Summarization through Vision-Based Eye-Tracking



Conclusion & Future Work
«__ 0

e Experiment shows the excellent performance
of our algorithm.

e Achieving an optimal balance between
document summarization following the
traditional discourse analysis approach and
our learning based approach.

e (Generating personalized summary for any
future article that has not been read.
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Q&A
<

Thank you!

songhua.xu@gmail.com
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Performance under different parameter

settings
-
Measurement | yoG 1025 7050 [0.75 [ T.00 _
Recall 0331041 [0.53 0587 0.61 The compression rate
Precision || 0.35 | 0.44 | 0.58 | 0.65 | 0.70 is 30%.
Frale || 034 | 042 [ 0.55 | 0.61 | 0.63

]

(a) Performance measurement statistics for article set

NI"' . ‘ a
easurement |y (0257050 [0.75 [ 1.00

Recall 0.39 | 0.44 | 0.56 | 0.56 | 0.46
Precision 0.42 | 045 | 0.61 | 0.60 | 0.50
F-rate 040 | 045 ] 0.58 | 058 | 0.47

(b) Performance measurement statistics for article set 11

p
Measurement | =550 770,25 10,50 [ 0.75 | 1.00
Recall 036 | 042 | 0.54 | 0.57 | 0.54
Precision 038 | 046 | .59 | 0.62 | 0.60
F-rate 0.37 | 0.44 | 0.57 | 0.60 | 0.55
(c) Performance measurement statistics for both article sets
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Future Work
« /0007

e Achieving an optimal balance between
document summarization following the
traditional discourse analysis approach and
our learning based approach.

e (Generating personalized summary for any
future article that has not been read.

e Improve the text content similarity metrics.
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