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ABSTRACT formation overload. We simply do not have enough time to

Our research aims at interactive document viewers that candigest even a small portion of the available information- Au
select and highlight relevant text passages on demand. An-tomatic support for digesting the available documents en th
other related objective is the generation of topic-spesifin- World-Wide Web has been developed chiefly in the form of
maries of texts as opposed to general purpose summariesinformation retrieval systems and web search engines. An-
This paper introduces our notionsdicourse structure tree  other important line of research deals with automatic text
andlevel-of-detail tree Both structures are used to represent summarization.
relevant aspects of a text segment for the above mentioned
purposes. Furthermore, we introduce a Knowledge Acqui- This paper proposes to go beyond traditional text summa-
sition Framework for DIScourse processing (KAFDIS) that rization by providing help in two forms: a) Sophisticated
allows the incremental and efficient acquisition of knowl- assistance when reading documents on the screen by auto-
edge for the reliable construction of the discourse stmectu matically highlighting portions of the text that are deemed
graph and the level-of-detail tree based on cue phrases. Arrelevant to the readers’ interest, possibly by using mieltip
effective knowledge acquisition process is crucial towallo  windows to allow the simultaneous display of text from mul-
the economical development of systems that can handle atiple pages. b) The automatic generation of topic-based sum
large variety of topics. Our knowledge acquisition approbac maries of a document.
ensures always a consistent knowledge base whose seman-
tics are well controlled by the expert. Itis anincremengala  The idea of interactive document viewing involves an irtell
proach that allows patching of the knowledge base as soon agent document viewer that can colour-code various portions
the need arises without causing any inconsistencies. We als of the text as well as allowing users to interactively reques
present promising experimental results with our approach. additional information such as the motivation for some tech
nigues, justification for a statement, the definition or expl

Categories and Subject Descriptors nation of technical terms, the limitations of a technique or
1.2.7 [Artificial Intelligence ]: Natural Language Process- approach, etc. The user would indicate some sentences or

ings; 1.2.4 Artificial Intelligence |: Knowledge Represen- phrases and then select a particular type of request by-press

tation Formalisms and Methods; I.Ddcument and Text ing a key. '!'he requested .information can be displayed in_a
Processing: Miscellaneous ' separate window by marking the relevant parts of the origi-

nal text. Such an intelligent document viewer has the poten-
tial to substantially reduce the time required to captuee th

General Terms parts of the document a reader might be interested in. This
Algorithms, Human Factors allows users to drill deeper into a topic where required and

otherwise just to skim through a document or to skip large
1. INTRODUCTION parts altogether.

The advent of the Web has made billions of documents avail-

able in electronic format. This gives us more access to a Automatic text summarization is an established field of re-

wide pool of knowledge but also causes the problem of in- search. The selection of the most telling chunks, usually
sentences, of the original text proved to be the most feasibl
approach. Generally, the detection of cue phrases alotg wit
statistical measures to select useful sentences provearea
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ELABi j;ATION

Figure 1: A discourse structure graph of the first para- Figure 2: A level-of-detail tree of the first paragraph of
graph of section 2. Nodei represents the;i*" sentence in section 2. Node represents thei” sentence in the text.
the text.

generation of the graph and tree structures. Section Sqese
our initial experimental results. Finally, the conclusare

Research on text summarization so far focused on the Cre'presented in section 6.

ation of a general purpose summary of a text. This is in con-
trast to the fact that for complex documents, different siser
will have different information needs which makes differen 02' OUR APPROACH . .
parts of the original text relevant. For example a scientist /|1 ne crucial step in our approach towards forming topic-
might be interested to know the experimental approach be-based summarles.of a do_cum_ent is to annotate the existing
ing used in the study that a paper describes. To assist indocument by relating the individual sentences in a text seg-
that, a specialized summary emphasizing the experimentalment, such as a section, to each othgo do that we create
method used needs to be produced. At other occasions, g0 Structures™The first one is théevel-of-detail tree“The
scientist might be interested to learn about the basic iflea o (€€ assigns one node to each individual sentence and edges
the new technique being presented in a paper, without want-to relate sentences to each otH&rhe level-of-detail tree is

ing to know all the details of the technique or the merits and thought to reflect the hierarchical structure that is tyjpyca
limitations of the approach. found in technically written papers.The second structure

is thediscourse structure graph®The discourse structure

A major problem that needs to be overcome is given by the graphis meant to reflect additional i_nformation that goes be-
fact that for the automatic construction of topic-based sum Yond the scope of the level-of-detail tréSuch information
maries we will need to tailor our tools towards the topic W_|II reflect relatlonshlp_s among sentences that are otlaer th
as well as towards the domain of the documents to be pro_dllf'ferent levels of detail®The d|scour§e structure graph as-
cessed. For instance, means to recognize useful sentenceddns a node to each sentence and directed labelled edges be-
about the experimental method used are likely to vary sub- tv_veen sentences to indicate the respecnve_ relation¥Tie .
stantially for different disciplines, e.g. in computatiin- discourse structure tree can be trgversed in order to fgenti
guistics, physics or sociology. This implies that we need the role of a sentence within the discourse in a text segment.
effective methods that allow us to economically tailor our )
tools towards a new topic and/or a new domain. 2.1 How the graph structures are being used
The discourse structure graph and level-of-detail tredef t
We propose to build a discourse structure graph and a level-previous paragraph are shown in figure 1 and 2 (where
of-detail tree. Both structures are constructed on thestidsi  the superscripts show the numbering of the following sen-
recognizing significant cue phrases in the text. We demon-tences).
strate how those structures can be utilized to extract & shor
summary of different aspects of a document. The level-of-detail tree can easily be used to generate a sum
mary of adjustable length by just picking the desired num-
To address the mentioned problem of economically tailoring ber of sentences from the top of the tree. E.g. a summary
our tools, we introduce a new incremental knowledge acqui- of length 1 would result in only the first sentence 0, while a
sition approach, implemented in our Knowledge Acquisition summary of length 4 would result in the sentences 0, 1, 2,
Framework for DIScourse processing (KAFDIS). KAFDIS and 5.
allows us to effectively build a knowledge base that con-
trols the construction of the discourse structure graph of a Unlike the discourse structure tree, the level-of-detatis
text segment as well as the level-of-detail tree. Our knowl- not suited to find, e.g. the limitations of the tdelel-of-
edge acquisition approach borrows ideas from Ripple Down detail treeas explained in sentence 6. If, e.g. in an interac-
Rules [3] but substantially extends this known technique by tive viewing scenario, the user wants to know the limitasion
introducing a new rule language making it applicable to ac- of the level-of-detail tree, an answer can be generated by
quiring knowledge for natural language processing. traversing the discourse structure graph in Figure 1 sognni
the sentences for the key phrdeeel-of-detail tree which
The paper is organized as follows: In section 2 we introduce occurs in sentence 2. From sentence 2 one can easily arrive
our level-of-detail tree and the discourse structure graph at sentence 6 containing limitations of the level-of-detee
Section 3 discusses related work. In the following section 4 with an elaboration in sentence 7. Similarly, for summariz-
we describe how to built knowledge bases that control the ing certain aspects of the text segment we can strip the text



segment of the motivational part of the discourse structure
graph (again in sentence 6 and 7) if that is desired. It is
also easy to extract the description of only a particulanjte
such as the level-of-detail tree by identifying sentence/2 b
matching it against the phrase and selecting sentence 3 and
4 as further elaboration.

2.2 Discourse Relations

A text is more than just a random collection of sentences
but there are discourse relations linking portions of text t
gether making the text coherent. However, there is cugrent!
no overall agreement about how to define a standard set of
discourse relations.The number of relations proposeésari

in terms of semantics [6], intentions [5] or a combina-
tion of both [10]. As noted by [12], although current dis-
course theories are built on fundamentally different grinc
ples, they all share some common intuitions. Using our ap-
proach, whenever an expert specifies that a relation holds
between two sentences, (s)he needs to justify the decision
so that KAFDIS can form a rule from that. We do not de-
fine the relations used in this work formally but allow the
experts to use their intuition. The experts could add more
relations as the need arises. In the end, there were 22 dif-

G andTp contain onlySy
fori =1tondo

Gz‘ = Gifl, T, =Ti—1, LinkSet = { }
CandidateSet = { Py, .. P, & their siblings}
for all nodestarget in CandidateSet do
relation = graph rule-baseg¢rget, Si, Ti—1)
if relation # null then
G, += edge {arget, S;, relation)
LinkSet = LinkSet + {target}
end if
end for
if LinkSet N { P1,..P, } =={} then
G; +=edge fi—1, S;, UNKNOWN
LinkSet = LinkSet +{ S;—1 }
end if
CandidateSet = { }
for all nodestargetin {P,.., P,} NLinkSet do
val = tree rule-baserget, S;)
if (val==true)then
CandidateSet +={ target }
end if
end for
if CandidateSet =={ } then
S = highest index if P, .., P, } NLinkSet
T, = T; +edge 5, Si, Gi(S, S:))
else
S = sentence with highest index @andidateSet
Ti += edge 67 Si7 02(57 Sl))
end if

ferent relations of which ELABORATION, COMPONENT,
SEQUENCE, DESCRIPTION, DEFINITION, COMPARI-
SON,CONTRIBUTION, ASSUMPTION, EXPERIMENT,
CONSEQUENCE were most frequently encountered.

end for
return G, & T,

Figure 3: The graph and tree construction algorithm in

pseudo code.
2.3 Building the discourse structure graph and

level-of-detail tree tence can be directly related $o while the other is not. This
Let S, S1,....5, denoten + 1 sentences of the text segment s pecause the two appear in different contexts. It is tiogeef
in order. Figure 3 shows the pseudo code on how to build yegjraple that not all nodes @;_ are candidates for being
the discourse structure graph and the level-of-detailtree  |inked to.S;. To model thicontextotion, we use a heuristic

based on the level-of-detail trée_;.
We will now describe how to construct both the discourse €

structure graph and the level-of-detail tree. For every node in the tree, its children represent some elab-

. . oration, sub-components, supporting arguments or similar
The graph and tree are built together incrementally by pro- The path from the root node to the most recently added node
cessing one sentence at a time in the order of their appearyj e 5. ) is considered to be the current thread of argu-
ance in the text segment. The level-of-detail tree is a Sub- men in the text.S; is expected to be related to the current
graph of the discourse structure graph and is used to guideihead or subcomponents of the arguments in the thread. Let
the expansion of the discourse structure graph. Atstee Py,...,P: denote the current thread of argument whErds
have a discourse structure gragh_; and a level-of-detail S, and P, is S;_,. Then, the candidate nodes that are con-

treeT;_,. We consider how to expar@,, and7;, to G; sidered for linkingS; to are now restricted té,..,P;, and
andT; respectively by adding;. Initially we startatstep 1 sibling nodes of? ..., P.

with Go andTy containing onlySy. G; is constructed first
based orz;_1 andT;_;. Next,T; is constructed using;_,

90 All the nodes with corresponding relations that the graph
an i

rule-base suggests to lirfi; to would be added t6-;_; re-
sulting inG;. In case the graph rule-base does not suggest

In building the discourse structure graph and level-ohaiet anything, the default rule is to lin; to its previous sentence
tree, we use a graph rule-base and a tree rule-base respes . with the UNKNOWNrelation.

tively (See section 4 for details).

Consider the graph and tree in figure 1 and 2. The construc-
tion of both when adding sentence 6 (nasig to G5 and

To constructG; by addings; to G,_1, we have to decide  T5 respectively proceeds as follows: The current thread of
which node inG;_; to link S; to. Given a node5' in G;_ argument is the patly,S1, S5. As all siblings of the thread
and the current sentencés, there is a graph rule-base that nodes are also candidates for linkiSg to, the candidates
decides whether there is any relation between the two, andareS,,51, Sz, andSs. The graph rule-base suggests to link
which relation it is. However, there are situations where Sg to S5 andSs with the relations MOTIVATION and LIM-
G,-1 has the same sentence at multiple locations. One sendTATION respectively.

2.3.1 How to build the discourse structure graph



2.3.2 How to build the level-of-detail tree tered. The cornerstone case is intended to assist the expert
Among those nodes that are connectedStan G;, only in coming up with a justification, since a valid justification
those in the last patR;,...,P;, are considered to be selected must point at differences between the cornerstone case and
for constructingZ;. This is based on the assumption that the case at hand for whidk does not perform satisfactorily.
the author would elaborate on one idea completely before
going to the next idea. Though this is a simplifying assump- This approach resulted in the expert system PEIRS used for
tion, a more general structure is represented in the diseour interpreting chemical pathology results [3]. PEIRS appear
structure graph. This assumption is a heuristic working hy- to have been the most comprehensive medical expert system
pothesis that is not critical to our overall approach asiit ca yet in routine use, but all the rules were added by a pathol-
be altered without the need to abandon our overall approach.0gy expert without programming or knowledge engineering
Given a node in the path;,...,.P, connected t&; in G;, the support or skill whilst the system was in routine use. The
tree rule-base is used to decide whetBgis to be linked to basic idea has been extended into a number of directions -
that node inf;. none of it addressing the specific problems present in NLP
applications. Ripple-Down Rules and some further devel-
BecauseT; is a tree,S; can only be connected to one node opments are now successfully exploited commercially by a
in T;_1. When the tree rule-base does not suggest any nodesiumber of companies.
to link S; to, the default rule would links; to the candidate
sentence with the highest index in that last path. Otherwise Single Classification Ripple Down Rules (SCRDR)
S; would be connected to the sentence with highest index in
the list of nodes suggested by the tree rule-base. A single classification ripple down rule (SCRDR) tree is a
finite binary tree with two distinct types of edges. These
Revisiting the example in Figure 2, we wantto constflict  edges are typically calleeixceptandif not edges. See Fig-
from Gg in Figure 1 andls by seleting the node to which  ure 4. They are used for evaluating cases and will be dis-
S should be linked to. It is trivial if there is only one edge cussed later. Associated with each node in a treeusea A
connectingSs in Gs. However in this case we have two rule hasthe formif « thens whereais called thecondition

edges to consider, i..5{,S5) and (Ss,52). The tree rule-  andg theconclusion

base is used here to decide which edge should be used, and it

suggests the edgé(,Ss) with the MOTIVATION relation. Cases in SCRDR are evaluated by passing a case to the root
of the tree. At any node in the tree, if the example entails the

3. RELATED WORK condition of the node, the node is saidite. If a node fires,

o . . the example is passed to the next node followingetheept
3.1 Knowledge Acquisition with Ripple Down  branch. Otherwise, the case is passed dowif tiat branch.
Rules This determines a path through a SCRDR tree for an exam-

Ripple Down Rules (RDR) is an unorthodox approach to ple. The conclusion g.iven. by this process is the conclusion
knowledge acquisition upon which we built KAFDIS. RDR ~ from the last node which fired on this path. To ensure that a
does not follow the traditional approach to knowledge based conclusion is always given, the root node typically corgain
systems (KBS) where a knowledge engineer together with a& trivial condition which is always satisfied. This node is
domain expert performs a thorough domain analysis in order called thedefaultnode.

to come up with a knowledge base. Instead a KBS is built . )
with RDR incrementally, while the system is already in use. A new node is added to an SCRDR tree when the evaluation
No knowledge engineer is required as the domain expert re-Process returns the wrong conclusion. The new node is at-
pairs the KBS as soon as an unsatisfactory system respons@Ched to f[he I_ast node evaluateq in the tree. If the node has
is encountered. The expert is merely required to provide an N0 exception link, the new node is attached using an excep-
explanation for why in the given case,e.g. the classificatio tion link, otherwise anf not link is used. The case causing
should be different from the system’s classification. Sag, t  the new node being added (call this exang)les associated
system’s classification was produced by some Rile The with the new node_ and is called thernerstone casfor that
explanation would refer to attributes of the case, such as pa hode. To determine the rule for the new node, the expert
tient data in the medical domain. The new rig will only formulates a rule which is satisfied leyout not by the cor- -

be applied to cases for which the provided condition&jn nerstone case for the last node which fired in the evaluation
are true and for which rul& 4 would produce the classifica- path.

tion, if rule Rp had not been entered. I.e. in order fog to . . .

be applied to a case as an exception rul&1g rule R4 has While th_e process of incrementally developing knowledge
to be satisfied as well. A sequence of nested exception rules?@ses will eventually lead to a reasonably accurate knowl-
of any depth may occur. Whenever a new exception rule is €dge base, provided the domain does not drift and the ex-
added, a difference to the previous rule has to be identified P€'s are making the correct judgements, the time it takes to
by the expert. This is a natural activity for the expert when develop a good knowledge base depends heavily on the ap-
justifying his/her decision to colleagues or apprenticAs. propriateness of the used language in Wh|c_:h conditions can
number of RDR-based systems store the case which trig-D€ €xpressed by the expert. For example, if the target func-
gered the addition of an exception rule along with the new tion to_be _represented is a linear th_r(_ashold function in the
rule. This case, being called the cornerstone case of the newpumerical input space and the conditions an expert can use
rule R, is retrieved when an exception foneeds to be en- allow only axis-parallel cuts, it will take very long untilost



[11] presented work on rhetorical structure theory (RST)
Node 1 based summarization. He proposed an approach using cue
except

phrasesto build a RST tree. The RST tree can then be used to

it(C) except| if (\and B) | except if (D and not F generate general purpose sentence-extraction summagy. Th
then class ' then class 2 then class ' latter two approaches seek to generate general purpose sum-
Node 2 if not l Node 3 Node 4 maries'
if (D)
then class 3 4. BUILDING RULE-BASES
oot L Node 5 The graph rule-base and the tree rule-base are used in con-
structing the discourse structure graph and the leveletdit
if (not E) except| if (Fand G) tree respective]y_
then class '2' then class '4’
Node 6 Node 7 Both rule-bases are Single Classification Ripple Down Rules

) ) (SCRDR). Rules are composed of a condition part and a con-
Figure 4: An example SCRDR tree. Node 1 is the default  clusion part. Both, graph rules and tree rules take one sen-
node. A case for which only Aand C are true, is classified  tences, called thetarget in the graph3,_; and the current
as 'l If only "Ais true, it is classified as '0". If only A, sentenceS; and returns the rule’s conclusion if the rule’s
B, and C are true, itis classified as '2". If only 'A, C, and condition is satisfied.

D are true, it is classified as '3’, etc.
The graph rule’s conclusion is a relation between the target
sentence and the current sentence and a correspondingly la-
of the relevant objects will be classified correctly. belled edge is inserted into the graph. The relationid
if no edge is to be inserted. The tree rule’s conclusion is a
. .. . boolean value. It isrue if the target sentence and the cur-
3.2 Automatically recognizing discourse rela- rent sentence are connected in both the graph and the level-

tions of-detail tree. Below is an example of a graph rule:

[12] proposes an approach to automatically recognize rela- Condition:

tions between two consecutive portions of text using word ) ) ) )

pairs appearing in those portions. In our approach, not only targetChild.contains Firstly, algorithm

do we look at words in those texts but also at the structure of sentence.contains Secondly, algorithm

the whole document and other pieces of texts related to the Conclusion:

ones at hand. Furthermore, we recognize relations between '

non-adjacent sentences which arguably has the potential to DESCRIPTION

give a substantially more comprehensive discourse stiCtu  This rule says that the target sentence and the current sen-
of the document. tence should be linked WithRESCRIPTIONelation if a child

sentence of the target sentence contaiinstly, algorithm
and the current sentence conta8econdly, algorithmThe

3.3 Summarization approaghe_s . child-parent relationship comes from the level-of-detai.
There have been several summarization approaches includ-

ing [7, 4] (see [8] for a recent survey). The works below are .
particularly relevant to our approach in the sense thataliey 4.1 Condition

seek to represent certain aspects of the text in a grapheor tre A condition in our rule-bases is a conjunction of boolean at-
structure in order to generate a summary. tributes. An attribute has an identifier part and a conterit pa

The identifier part determines what sentence the attritsute i

[9] presented an approach to topic-focused multi-document@pplied to. Possible identifiers are the senteficehetar-
summarization, which is, however, based on individual term getsentence and sentences surrounding the target sentence
to encode the topic. This contrasts our objective, where we in the level-of-detail tree such dargetChild targetParent

seek to identify various aspects of, e.g., a technical term, andtargetSibling

such as justification, motivation, etc. In [9] each document ) .

different positions. The relationships include proximity- tion to thesentences;. A pattern consists of a sequence of
reference, synonymy and hypernymy. A spreading activa- a0 arbitrary number of words. Between two yvords therg may
tion algorithm is then used starting with the query terms to P€ @ gap. A gap represents effectively a wild-card which is
find salient terms in documents. matched by any sequence of words.

[13] presented a graph-based cohesion work where nodesVhen the content is a pattern, the attribute is true if the pat
were paragraphs and edges were labelled with the similarity {€rn maiches the identifier sentence. When the content is
scores between paragraphs. Paragraphs that were connectéd'elation, the attribute is true if the identifier senterge i
to many other paragraphs with a similarity score above a par-!inked to the sentencs; with that relation.
ticular threshold were considered salient as they wouyik
to contain topics discussed in many other paragraphs. Part of speech phrase and parametrized patterns



To increase the expressiveness of the rule patterns, vee intr
duce part of speech (POS) phrases and parameters.

Every sentence is tagged automatically using the Brill tag-
ger [1]. The output tags are from the Penn Treebank project
but we just use a subset of it, namely: NN (noun), VB (verb),
RB (adverb), JJ (adjective), CD (cardinal number) and DT
(determiner). Noun, verb and adjective are broad categjorie
including all sub-categories. For example, in the Penn-Tree
bank project, there are four different groups of nouns id¢lu
ing singular, plural and proper nouns. We group them under
one NN tag.

A word in the pattern can be tagged with a part of speech
by users. Initially, the POS tagged by Brill's POS tagger is

suggested to the users. Possible POS for a word in a patter
are NN, VB, JJ,RB and CD. POS in a pattern has a differ-
ent meaning. If a word in the pattern is not tagged with a
POS, it will only match that word. With a POS tagged, the

word matches a phrase of that POS according to the follow-
ing rules:

e Adv phrase— (RB)+

Adj phrase— [Adv phrase €] (JJ)+

Verb phrase— [Adv phrase| €] VB

Noun phrase- [CD | DT | €] [Ad]j phrase| £] (Noun)+

Cardinal phrase-» CD

Except for Cardinal phrase, a word tagged with P@@&atches
all P phrases ending with that word. A word tagged with CD
matches everything in the sentence tagged CD by Brill's part
of speech tagger. For example, in the pattern

We introduce algorithm/NN

algorithmis tagged as a Noun phrase. The pattern therefore
would match these sentences:

We introduce/VB a/DT new/JJ algorithm/NN
We introduce/VB an/DT algorithm/NN....
We introduce/VB the/DT Apriori/NN algorithm/NN....

Because one condition can have patterns applied to multiple

4.2 Using KAFDIS for building the graph and

tree rule-bases
When using KAFDIS the user is presented with the text. At
each step, whether it is to expand the discourse structure
graphG;_; or the level-of-detail tred’;_;, KAFDIS uses
the corresponding rule-base to automatically suggesttwhic
nodes should be connectedYpand in case of building the
discourse structure graph how the edge should be labelled.
The user then verifies the displayed result. If a target node o
the relation between the current sentence and the target was
incorrectly suggested, the user needs to provide a conditio
that discriminates between the current case and the corner
stone case of the fired rule, i.e. the case for which the fired
rule was originally entered. A case consists of the sentence
S; together with the graph and tree at the time of processing

The sentence, the target sentence in the graph or tree,@nd th

conclusion. To support the user, both cases as well as the
fired rule are displayed and the phrases that match the rule
are highlighted. With this support it is quite easy to come up
with a new exception rule that differentiates the two.

KAFDIS then checks the new rule for consistency against
the existing set of previously classified cases. There is a
conflict if the new rule misclassifies a case that has been cor-
rectly classified before. In the conflict case, the new rule
is rejected and the user has to construct a different condi-
tion possibly by modifying the previous one. The conflict-
ing case would be presented to the user to help revising the
condition. The user has to go through this process until the
new rule is accepted into the rule-base. Finally, the new cas
is added into the list of previously seen cases for future con
sistency checks.

This process results in a possibly complex tree of rules and
their exception rules modelling the domain. The acquisitio
of new rules does not become measurably more difficult or
time consuming as the tree grows.

4.3 Example

Let's look at the italic example text in section 5 (Figure 6
shows the level-of-detail tree and the discourse strutteed

to see how the expert constructs the two rule-bases to build
the graph and tree representations at various steps.

sentences, it is sometimes desirable to be able to put condnitially, the graph rule-base (GRB) has only one default
straints on words appearing in different patterns of the con rule that assigns theul! relation to the pair ofarget and
dition. Parametrized patterns are allowed in our condition sentence. The tree rule-base (TRB) has only one default
to enable this. If we want multiple patterns to share a se- rule with the false conclusion. At step 1, our discourse

quence of words, we can define that sequence of words as #tructure grapl@, and level-of-details tre&;, contain only
parameter. For example, if we have a condition So. GRB recommends theul! relation betweenentence

S1 andtarget Sy. The expert corrects GRB by adding to it
arule:

Condition
target.contains X1/NN
sentence.contains X1/NN (gap) is given in

target.contains We introduce X1n our paper.
sentence.contains This X1must

thenX1can be matched by any non-empty phrase.

Parameters can further be constrained by tagging it with a Conclusion
POS. This will in turn make sure that the parameter only

matches phrases of that POS. For instance, if the condition DESCRIPTION

has parameteX 1 tagged with NN, this parameter will only At step 4, bothGis, T3 containsSy,S1,52,53 with relations
match noun phrases. shown in figure 6. We now need to addntenceS, to



It makes multple passes over the database

DESCRIPTION

target Suggest: null Custom: COMPONENT

[E] Overview of the Apri
@ £ OESCRITION) T 1 /) pass/NN

@ Ot makes multiple p: lataba subsequent/)) pass/NN

[ ccompoNENT) I

< D}

acceptsuggestion || Moty Retaion | | N Retaton || Emter Rute || Define Laber | | sectaber

[ ShowRuteBase || Addtoks || Refaonal Auribute | | LastodeAuribute | | RoowodeAuribute ELABORATION _ CONSEQUENCE

Figure 5: A snapshot of the rule formation process show- Figure 6: A discourse structure graph and a level-of-
ing the graph structure. detail tree. The level-of-detail tree is shown in boldface.
Nodei representsi* sentence in the text.

G'3. According _toT3, possibletarget node to addS, are
S0,51,52,53. With the current GRB, it would suggest the than otherwise could be expected. In total we acquired 116

null relation for all four pairs. Suppose we want to say rules which were capable of correctly annotating the papers
that S, has the COMPONENT relation t6, and the SE-

QUENCE relation taS;, we would add the following two  The discourse structure graph and level-of-detail tregvsho
rules: in Figure 6 are automatically generated by the rule-bases

Rule to recoanize relation betwesn and.S we developed. They represent a structure of the paragraph
¢ ea 2 shown below. This paragraph is taken from a pdpefrthe

Condition same author Agrawal:
targetChild.contains first/JJ pass/NN
sentence.contains subsequent/JJ pass/NN OQverview of the Apriori AlgorithmThe Apriori algorithm (Agrawal &
. Srikant 1994) used in Quest for finding all frequent itemsetgiven in
Conclusion

Figure 1. 21t makes multiple passes over the datababsén the first pass,
COMPONENT the algorithm simply counts item occurrences to deterntieefiequent 1-

Rule to recognize relation betweesh and S; itemsets (|tem§ets with 1 |ten‘%)A subsequent pass, say pass k, consists of
two phases? First, the frequent itemseis;, _; (the set of all frequentk —

Condition : . .

. . 1)-itemsets) found in thék — 1)th pass are used to generate the candidate
target.contains first/3J pass/NN itemsetsCy,, using theapriori-gen()function. ¢ This function first joins
sentence.contains subsequent/JJ pass/NN Lj_1 with L;,_1, the joining condition being that the lexicographically

Conclusion ordered firstk — 2 items are the samé. Next, it deletes all those itemsets
from the join result that have somé& — 1)-subset that is not iLg_1,
SEQUENCE yielding Cy,. 8 For example, lets be{ {12 3}, {124}, {134}, {135},
Now to getT};, we need to decide which edge, amoAg,5-) {234} }. © After the join stepCy will be { {1234, {1345} }. 10 The
and (5‘4,53), to add tdr;. Suppose we want to ChOO&;(Sg), prune step will delete the itemsft 3 4 5tbecause the itemsél 4 5} is not
the following rule could be added to TRB: in L3. 1 We will then be left with onlyf1 2 3 4} in C4. 2The algorithm
Conditi now scans the databask? For each transaction, it determines which of the
ondition candidates inC, are contained in the transaction using a hash-tree data
target.hasRelation COMPONENT structure and increments the count of those candiddtéat the end of the
Conclusion pass,C), is examined to determine which of the candidates are freiquen
true yielding L. 15 The algorithm terminates whefy, becomes empty.
Note that in step 13 when looking aéntence Si3, sen- The level-of-detail tree in Figure 6 can be used to assissuse
tencesSg...S11 are not considered as possibie gets to link in understanding the algorithm more quickly. For example,
S13 to as they are notin the current thread of argument or the sentence 4 says pakshas two phases and they are repre-
siblings of the nodes in the current thread of argument. sented as two children nodes of node 4. If the users are
only interested in the second phase, they can jump straight
5. EXPERIMENTAL RESULTS to sentence 12 without reading a long description of the first

We built a graph rule-base and a tree rule-base by lookingPhase. Another application that appears useful is to celour
at papers of Agrawal in the data mining area. In this ex- code the different phases of the algorithm so that the reader

periment, we only looked at papers of one author as we hy- ¢an quickly jump back and forth between the different phases

pothesized that a single author will only have a limited set IDeveloping Tightly-Coupled Data Mining Apé)lications on @R

of phrases to express themselves. Hence we would expeciational Database System.In Proc. of the 2nd Intl Confeeean
a faster convergence of the knowledge acquisition processknowledge Discovery in Databases and Data Mining,1996




until they understood the algorithm or are otherwise satis- documents by limiting the portion of text actually beingadea

fied.

to a small fraction of the entire document and assisting the

reader in selecting those passages.

Of course, our experiments focused on a single author and

do notimmediately imply that our approach would alsowork 7.

for other papers in the domain. However, while different au-

thors have different ways of expressing themselves, we be-
lieve that there are only a certain number of typical word-

ings being used within a community, so that a knowledge
base built for a larger cross section of authors will reason-
ably generalize to other authors in the area.

6. CONCLUSION

We presented a new approach towards automatic text sum-
marization. This included the generation of a level-ofadlet
tree and a discourse structure graph.

Furthermore, we developed an incremental knowledge ac-
quisition framework, KAFDIS, allowing us to economically
tailor the knowledge bases which govern the construction of
the level-of-detail tree and the discourse structure godph
document to suit new topics and/or new domains.

Finally, we presented promising initial experimental fesu
with KAFDIS. Our experiments were limited to the analysis
of papers of the same author resulting in rule-bases toggalli
in 116 rules. The acquisition of the rules was not difficult
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