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Abstract 

In this paper, we present and compare automatically 
generated titles for machine-translated documents using 
several different statistics-based methods. A Naïve 
Bayesian, a K-Nearest Neighbour, a TF-IDF and an it-
erative Expectation-Maximization method for title gen-
eration were applied to 1000 original English news 
documents and again to the same documents translated 
from English into Portuguese, French or German and 
back to English using SYSTRAN. The 
AutoSummarization function of Microsoft Word was 
used as a base line. Results on several metrics show that 
the statistics-based methods of title generation for 
machine-translated documents are fairly language 
independent and title generation is possible at a level 
approaching the accuracy of titles generated for the 
original English documents. 

1. I nt r oduct ion 
Before we discuss generating target language titles for 
documents in a different source language, let’ s consider 
in general the complex task of creating a title for a 
document: One has to understand what the document is 
about, one has to know what is characteristic of this 
document with respect to other documents, one has to 
know how a good title sounds to catch attention and how 
to disti l l  the essence of the document into a title of just a 
few words. To generate a title for a machine-translated 
document becomes even more challenging because we 
have to deal with syntactic and semantic translation er-
rors generated by the automatic translation system. 
 
Generating text titles for machine translated documents 
is very worthwhile because it produces a very compact 
target language representation of the original foreign 
language document, which will help readers to under-
stand the important information contained in the docu-
ment quickly, without requiring a translation of the com-
plete document. From the viewpoint of machine learning, 
studies on how well general title generation methods can 
be adapted to errorful machine translated documents and 

which methods perform better than others wil l be very 
helpful towards general understanding on how to dis-
cover knowledge from errorful or corrupted data and 
how to apply learned knowledge in ‘ noisy’  environments. 
 
Historically, the task of title generation is strongly con-
nected to more traditional document summarization tasks 
(Goldstein et al, 1999) because title generation can be 
thought of as extremely short summarization. Traditional 
summarization has emphasized the extractive approach, 
using selected sentences or paragraphs from a document 
to provide a summary (Strzalkowski et al., 1998, Salton 
et al, 1997, Mitra et al, 1997). Most notably, McKeown 
et al. (1995) have developed systems that extract phrases 
and recombine elements of phrases into titles.  
 
More recently, some researchers have moved toward 
“ learning approaches”  that take advantage of training 
data (Witbrock and Mittal, 1999). Their key idea was to 
estimate the probabil ity of generating a particular title 
word given a word in the document. In their approach, 
they ignore all document words that do not appear in the 
title. Only document words that effectively reappear in 
the title of a document are counted when they estimate 
the probabil ity of generating a title word wt given a 
document word wd as: P(wt|wd) where wt = wd. While 
the Witbrock/Mittal Naïve Bayesian approach is not in 
principle l imited to this constraint, our experiments show 
that it is a very useful restriction. Kennedy and 
Hauptmann (2000) explored a generative approach with 
an iterative Expectation-Maximization algorithm using 
most of the document vocabulary. Jin and Hauptmann 
(2000a) extended this research with a comparison of sev-
eral statistics-based title word selection methods. 
 
In our approach to the title generation problem we will 
assume the following:  
First, the system will be given a set of target language 
training data. Each datum consists of a document and its 
corresponding title. After exposure to the training cor-
pus, the system should be able to generate a title for any 
unseen document. All source language documents wil l be 
translated into the target language before any title gen-
eration is attempted. 
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We decompose the title generation problem into two 
phases:  

• learning and analysis of the training corpus and  
• generating a sequence of words using learned 

statistics to form the title for a new document.  
 
For learning and analysis of the training corpus, we 
present five different learning methods for comparison. 
All the approaches are described in detail in section 2. 

• A Naïve Bayesian approach with l imited vo-
cabulary. This closely mirrors the experiments 
reported by Witbrock and Mittal (1999).  

• A Naïve Bayesian approach with full vocabu-
lary. Here, we compute the probabil ity of gener-
ating a title word given a document word for all 
words in the training data, not just those docu-
ment words that reappear on the titles.  

• A KNN (k nearest neighbors) approach, which 
treats title generation as a special classification 
problem. We consider the titles in the training 
corpus as a fixed set of labels, and the task of 
generating a title for a new document is essen-
tially the same as selecting an appropriate label 
(i.e. title) from the fixed set of training labels. 
The task reduces to finding the document in the 
training corpus, which is most similar to the cur-
rent document to be titled. Standard document 
similarity vectors can be used. The new docu-
ment title wil l be set to the title for the training 
document most similar to the current document. 

• I terative Expectation-Maximization approach. 
This duplicates the experiments reported by 
Kennedy and Hauptmann (2000).  

• Term frequency and inverse document frequency 
(TFIDF) method (Salton and Buckley, 1988). 
TFIDF is a popular method used by the Informa-
tion Retrieval community for measuring the im-
portance of a term related to a document. We 
use the TFIDF score of a word as a measurement 
of the potential that this document word will be 
adopted into the title, since important words 
have higher chance of being used in the title. 

 
For the t it le-generating phase, we can further decom-
pose the issues involved as follows: 

• Choosing appropriate title words. This is done 
by applying the learned knowledge from one of 
the six methods examined in this paper. 

• Deciding how many title words are appropriate 
for this document title. In our experiments we 
simply fixed the length of generated titles to the 
average expected title length for all compari-
sons. 

• Finding the correct sequence of title words that 
forms a readable title ‘ sentence’ . This was done 
by applying a language model of title word tri-

grams to order the newly generated title word 
candidates into a l inear sequence. 

Finally, as a baseline, we also used the extractive sum-
marization approach implemented as AutoSummarize in 
Microsoft Word that selects the “best”  sentence from the 
document as a title. 
 
The outline of this paper is as follows: This section gave 
an introduction to the title generation problem. Details of 
our approach and experiments are presented in Section 2. 
The results and their analysis are presented in Section 3. 
Section 4 discusses our conclusions drawn from the ex-
periment and suggests possible improvements. 
 
2. T i t l e Gener at i on Exper iment  acr oss 

M ul t i pl e L anguages.  
 
We will first describe the data used in our experiments, 
and then explain and justify our evaluation metrics. The 
six learning approaches will then be described in more 
detail at the end of this section.  

2.1 Dat a Descr i pt i on 
The experimental dataset comes from a CD of 1997 
broadcast news transcriptions published by Primary 
Source Media (1997). There were a total of roughly 
50,000 news documents and corresponding titles in the 
dataset. The training dataset was formed by randomly 
picking four documents-title pairs from every five pairs 
in the original dataset. The size of training corpus was 
therefore 40,000 documents and their titles. We fixed the 
size of the test collection at 1,000 items from the unused 
document-title pairs. By separating training data and test 
data in this way, we ensure strong overlap in topic cover-
age between the training and test datasets, which gives 
the learning algorithms a chance to play a bigger role. 
 
Since we did not have a large set of documents with titles 
in multiple parallel languages, we approximated this by 
creating machine-translated documents from the original 
1000 training documents with titles as follows: 
Each of the 1000 test documents was submitted to the 
SYSTRAN machine translation system 
(http://babelfish.altavista.com) and translated into 
French. The French translation was again submitted to 
the SYSTRAN translation system and translated back 
into English. This final retranslation resulted in our 
French machine translation data. The procedure was re-
peated on the original documents for translation into Por-
tuguese and German to obtain two more machine trans-
lated sets of identical documents. For all languages, the 
average vocabulary overlap between the translated 
documents and the original documents was around 70%. 
This implies that at least 30% of the English words were 
translated incorrectly during translation from English to 
a foreign language and back to English. 
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2.2 Eval uat i on M et r i c 
In this paper, two evaluations are used, one to measure 
selection quality and another to measure accuracy of 
the sequential order ing of the title words.  
 
To measure the selection quality of title words, an F1 
metric was used (Van Rjiesbergen, 1979). For an auto-
matically generated title Tauto, F1 is measured against the 
correspondent human assigned title Thuman as follows: 

recallprecision

recallprecision2
  F1

+
××=  

Precision and recall is measured as the number of identi-
cal words in Tauto and Thuman over the number of words in 
Tauto and the number of words in Thuman respectively. Since 
we are focusing here on the choice of appropriate title 
words, F1 is the most appropriate measure for this pur-
pose. Obviously the sequential word order of the gener-
ated title words is ignored by this metric. However, pre-
liminary tests with human ratings for the automatically 
generated titles suggest a strong correlation between F1 
and human quality judgments.  
 
Accuracy of the sequential order ing:  To measure how 
well a generated title compared to the original human 
generated title in terms of word order, we measured the 
number of correct title words in the hypothesis titles that 
were in the same order as in the reference titles using the 
dynamic alignment algorithm described by (Nye, 1984). 
 
To make all approaches comparable (except MS Word 
AutoSummarize and KNN), only 6 title words were gen-
erated by each method, as 6 was the average number of 
title words in the training corpus. Since AutoSummarize 
in Microsoft Word selects a complete sentence from the 
test document as the title, the restriction to a title length 
of exactly 6 words often prevents AutoSummarize from 
producing any title sentence. Thus, we allow longer titles 
for AutoSummarize in Microsoft Word. The KNN 
method always uses the complete title of the document in 
the training corpus most similar to the test document as 
the title for the test document and thus the restriction of 
six words does not apply to titles generated by KNN. 
Since we wanted to emphasize content word accuracy, 
stop words were removed throughout the training and 
testing documents and titles. 

2.3 Descr i pt i on of  T i t l e Gener at i on Ap-
pr oaches 
As we mentioned in the introduction, we compared five 
statistics-based title generation methods together with the 
baseline “extractive”  approach. They were: 
1. Naïve Bayesian approach with l imited vocabular y 

(NBL). Essentially, this algorithm duplicates the 
work by Witbrock and Mittal (1999), which tries to 
capture the correlation between the words in the 
document and the words in the title. For each title 
word TW, it counts the occurrences of document 

word DW, if DW is the same as TW (i.e. DW = 
TW). To generate a title, we merely apply the statis-
tics to the test documents for generating titles and 
select the top title words TW  wwhheerree P(TW ||  DDWW) is 
largest. 

2. Naïve Bayesian approach with full vocabular y 
(NBF). The previous approach counts only the cases 
where the title word and the document word are the 
same. This restriction is based on the assumption 
that a document word is only able to generate a title 
word with same surface string. The constraint can be 
easily relaxed by counting all the document-word-
title-word pairs and apply this full statistics on gen-
erating titles for the test documents. In all other re-
spects, this approach is the same as the previous one. 

3. K  nearest neighbor  approach (KNN). This algo-
rithm is similar to the KNN algorithm applied to 
topic classification in (Yang et al, 1994). It treats the 
titles in the training corpus as a set of fixed labels. 
For each new document, instead of creating a new ti-
tle, it tries to find an appropriate “ label” , which is 
equivalent to searching the training document set for 
the closest related document. This training document 
title is then used for the new document. In our ex-
periment, we use SMART (Salton, 1971) to index 
our training documents and test documents with the 
weight schema “ATC” . The similarity between 
documents is defined as the dot product between 
document vectors. The training document closest re-
lated to the test document is found by computing the 
similarity between the test document and each train-
ing document (K=1). 

4. I terative Expectation-M aximization approach 
(EM). This algorithm reproduces the work by Ken-
nedy and Hauptmann (2000), which treats title gen-
eration as a translation problem. We view a docu-
ment as written in a ‘ verbose’  language and its cor-
responding title as written in a ‘ concise’  language. 
The approach builds a translation model (Brown et 
al., 1990), between verbose and concise languages, 
based on the documents and titles in the training 
corpus and applies the learned translation model to 
generate titles for new documents. The essential dif-
ference between this approach and Naïve Bayesian 
approaches is that EM treats the title word genera-
tion probabil ity given a document as the sum of the 
title word generation probabil ity from all the docu-
ment words while the Naïve Bayesian approach 
treats it as the product of the title word generation 
probabil ity from all document words. 

5. Term fr equency and inverse document fr equency 
approach (TF.IDF). Term frequency TF, i.e. the 
frequency of words occurring in a document, shows 
how important a word is inside a document. Inverse 
document frequency IDF, i.e. the log of the total 
number of documents divided by the number of 
documents containing this word, shows how rarely a 
term appears in the collection. The product of these 
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two factors, i.e. TF.IDF, gives the importance of a 
term related to a document (Salton and Buckley, 
1988). The highest-ranking TF.IDF document words 
are chosen for the title word candidates. The inverse 
document frequency for each term is computed based 
on how often it appears in the training corpus. 

6. Extractive summar ization approach (AUTO). We 
use the AutoSummarize function built into Microsoft 
Word as a demonstration of an extractive approach, 
which select the “best”  sentence from the document 
as the title.  

2.4 T he Sequenci ng Pr ocess f or  T i t l e 
W or d Candi dat es 

To generate an ordered, l inear set of candidates, equiva-
lent to what we would expect to read from left to right, 
we built a statistical trigram language model using the 
CMU-Cambridge Spoken Language Modeling toolkit 
(Clarkson and Rosenfeld, 1997) and the 40,000 titles in 
the training set. This language model was used to deter-
mine the most l ikely order of the title word candidates 
generated by the NBL, NBF, EM and TF.IDF methods. 
The KNN and AUTO generated titles were already in 
natural sequence.  

3 Exper imental  Resul ts and Discussion 
To il lustrate the quality of the results, we first show an 
example of machine-generated titles and then present 
quantitative results and their analysis. 

3.1 Exampl e 
The following is an excerpt of a document translated 
from English to Portuguese and back to English together 
with its original, human-assigned English title. The trans-
lation shows all the typical characteristics and problems 
of machine-translated documents. The corresponding 
machine-generated titles are shown in Table 1. 
 
Or iginal Tit le: O.J. SIMPSON CIVIL TRIAL - CASE 
GOES TO JURY SOON 
Document : 
… THE CIVIL EXPERIMENTATION DE SIMPSON 
OF THE J WILL BE SOON IN THE HANDS OF THE 
JURY.  THE LAWYERS FOR BOTH THE SIDES 
GIVE TO ITS ADDITIONS THE ADVANCED 
FOLLOWING WEEK AND THEN THE 
DELIBERATIONS START.  THE JURY IN THE CIVIL 
EXPERIMENTATION IS JANE CLAYSON OF B C. 
HERE. DE SIMPSON OF THE J IS IS OF THE CUT 
TODAY WHEN THE JUDGE AND THE LAWYERS IN 
BOTH THE SIDES TO WORK FOR ARE OF 
INSTRUCTIONS JURY. THE PLAINTIFFS HAD 
FINISHED ITS CASE IT REBUTTAL WITH SOME 
HARMFUL TESTIMONY OF A CONNOISSEUR WHO 
OF THE PHOTOGRAPH OMS AUTHENTICATED 
THIRTY PICTURES RECENTLY DISCOVERED DE 
SIMPSON IT J THAT CONSUMES LOW SHOES THE 

SAME DE BRUNO MAGLI STYLE RARE THE 
ASSASSIN CONSUMED.  THE THEORIES OF THE 
CONTAMINATION OF THE DEFENSE ARE 
CITAÇÕES ABSOLUTELY RIDICULOUS OF 
CITATIONS.  THE ARGUMENTS DE F THEY ARE 
PROGRAMADOS STILL TO START IN TUESDAY.  
THIS JURY COULD START THE CASE AND START 
TO DELIBERATE IN THURSDAY.  … 
 M ethod Tit le 
NBL white house simpson civil case jury 
NBF Continuing coverage simpson civil 

trial president 
EM Continuing coverage simpson civil 

trial jury 
AUTO civil experimentation de the argu-

ments de f 
KNN oj simpson civil trial 
TF.IDF simpson jury start de jane addi-

tions 
Table 1 shows the machine-generated ti tles for a document 
translated from English to Portuguese and back to English. 

3.2 Resul t s and Di scussi on 
We compared the machine-generated titles against refer-
ence titles using both F1 metrics and number of correct 
title words in the correct order. Figure 1 and 2 show the 
F1 scores and the average number of correct title words 
in the correct order for each method over both original 
documents and translated documents. 
 
Per formance of learning methods is r elatively lan-
guage independent. According to both the metrics of F1 
and the average number of title words in the correct or-
der, the performance for documents translated from Eng-
lish to French and Portuguese and back to English is 
quite similar for all six different methods. Performance 
for documents translated from English to German and 
back to English is somewhat worse than for French and 
Portuguese. This may be due to the underlying 
SYSTRAN translation system, or inherent in the inflec-
tional and noun-compounding characteristics of German 
which distinguish it from the other languages examined 
here. 
 
AutoSummar ization in M icrosoft Word per forms 
poor ly. In terms of F1 and the average number of title 
words in the correct word, AutoSummarization from Mi-
crosoft Word performs much worse than the methods 
KNN, TF.IDF, NBL and EM over either the original 
documents or translated documents. The only exception 
is that AutoSummarization appears to work fine for the 
original documents in terms of the average number of 
title words in the correct order. We believe this is due to 
the fact that AutoSummarization is allowed a much 
longer title length, which increases the chance to catch 
the right title word and improves the average number of 
title words in the correct order. This confirms other re-
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search, which found that extractive summarization will 
only work well if there is much redundancy in the data 
and the summarization is much greater than 10% of the 
document size (Mittal et al 1999). Furthermore, the ex-
traction-based approach is unable to take full advantage 
of the training corpus. 

K -Nearest Neighbor  (K NN) per forms extremely well. 
For both the original documents and the translated 
documents, KNN performs better than the other methods 
according to both the metrics of F1 and the average num-
ber of title words in the correct order. KNN works well 
here because the training and test sets were constructed 
to guarantee good overlap in content coverage. Even 
though our second best method, TF.IDF, shows 
performance close to KNN for the original documents, it 
degrades much more than KNN on all the three sets of 
machine-translated documents. There is almost no degra-
dation for KNN over the documents translated from Eng-
lish to French and Portuguese and back to English. The 
large degradation for KNN over the document translated 
from English to German and back to English may be at-
tributed to the fact that German is a quite different lan-
guage from English as was already discussed. Actually, 
Jin and Hauptmann (2000b) have shown that KNN is 
also resil ient to corruption from automatic speech recog-
nition in generating titles for speech recognized docu-
ments. Thus, we conclude that KNN is a good approach 
for automatic title generation because of its simplicity 
and robustness to corrupt data.  
 

Naive Bayesian with l imit vocabular y (NBL) per -
forms much better  than Naïve Bayesian with full vo-
cabular y (NBF). The difference between NBF and NBL 
is that NBL assumes a document word can only generate 
a title word with the same surface string. This very 
strong assumption discards information about a lot of 
words. However, the results tell us that some information 
can be safely ignored. In NBF, nothing distinguishes be-
tween important words and trivial words, and the co-
occurrence between all document words and title words 
is measured equally. This lets frequent, but unimportant 
words dominate the document-word-title-word correla-
tion. As an extreme example, stop words show up fre-
quently in every document. However, they have little 
effect on choosing title words. Thus, even though NBF 
seems to exploit more knowledge than NBL, it intro-
duces more noise by not l imiting the effects of frequent, 
but unimportant words.  

TF.IDF per forms surpr isingly well compared to the 
other  tr ue learning approaches. Surprisingly, the 
‘heavy’  learning approaches, which take full advantage 
of the training corpus, such as Naïve Bayesian with l imit 
vocabulary (NBL), Naïve Bayesian with full vocabulary 
(NBF) and Expectation-Maximization (EM) didn’ t 
outperform the shallow learning approach TF.IDF. Even 
though NBL, NBF and EM try to learn the association 
between title words and document words, they show no 
advantage over the simple TF.IDF approach, which se-
lects the title words from the document based on the 
TF.IDF score, without learning anything about the titles. 
One suspicion is that learning the association between 
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Figure 1 shows the F1 scores for  the machine-generated titles. 
For  each method, there are four  bars representing the F1 
scores for  the titles generated from the or iginal documents 
and the translated documents. The legends en-fr -en, en-pt-en 
and en-de-en represent the documents translated from Eng-
lish document to French, Por tuguese and German and back in 
English, respectively. 
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Figure 2 shows the average number of correct title words in the 
correct order . For  each method, there are four  bars represent-
ing the average number of correct title words in the correct 
order  for  the titles generated from the or iginal documents and 
the translated documents. The legends en-fr -en, en-pt-en and 
en-de-en represent the documents translated from English 
document to French, Por tuguese and German and back into 
English, respectively. 
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document words and title words by directly inspecting 
the document and its title is very problematic. Many 
words in a document don’ t reflect its content. For exam-
ple, in many documents there are extraneous paragraphs 
and copyright notices. Those word occurrences will blur 
the statistics and mislead the title word selection. A bet-
ter strategy may be to first disti l l  the document into es-
sential content words and then compute the association 
between the disti l led documents and their titles. 

4 Conclusion 
While title generation is far from a solved problem in 
one language, in this research we have, for the first time, 
applied learning approaches to title generation across 
languages. The research results show that automatic title 
generation is feasible on foreign language documents, 
despite gross errors in machine translation. Due to the 
flexibil ity and human readabil ity issues of titles, the 
automatic evaluation metrics may not be able to reflect 
correctly the quality of titles. Thus, more work is needed 
to determine the human readabil ity of the automatically 
generated titles, as well as the consistency between 
automatic evaluation metrics and human judgment. A 
validation with real cross-lingual documents is also de-
sirable. In real l i fe you would want to translate from 
French documents to English titles. You would train on 
English documents with English titles, and test on French 
documents translated into English. 
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Abstract

The majority of existing language generation sys-
tems have a pipeline architecture which offers ef-
ficient sequential execution of modules, but does
not allow decisions about text content to be revised
in later stages. However, as exemplified in this
paper, in some cases choosing appropriate content
can depend on text length and formatting, which
in a pipeline architecture are determined after con-
tent planning is completed. Unlike pipelines, in-
terleaved and revision-based architectures can deal
with such dependencies but tend to be more expen-
sive computationally. Since our system needs to
generate acceptable hypertext explanations reliably
and quickly, the pipeline architecture was modified
instead to allow additional content to be requested
in later stages of the generation process if neces-
sary.

1 Introduction
The astonishing explosion of the World Wide Web is lead-
ing to a growing need to personalise user experience in cy-
berspace (e.g., myYahoo, Amazon’s book recommendations).
Since research in Natural Language Generation (NLG) has
already investigated ways to tailor automatically-generated
texts to user goals and characteristics (e.g., [Paris, 1993;
Zuckerman and McConachy, 1995]), these methods could be
used to generate dynamic hypertext1 which takes into account
the interaction context and user preferences and characteris-
tics.

Since users expect real-time interaction, efficient and ro-
bust applied NLG techniques are typically used for hypertext
generation. For instance, ILEX [Knott et al., 1996] uses a
combination of canned stories and templates; EXEMPLARS
[White, 1998] is rule-based; and PEBA [Milosavljevic et al.,
1996] uses text schemas [McKeown, 1986] and a phrasal lex-
icon. Also for efficiency reasons, dynamic hypertext gener-
ation systems have pipeline architectures where modules are
executed sequentially and no module later in the architecture
can request information from an earlier module. For example,

1In dynamic hypertext page content and links are created on de-
mand and are often adapted to the user and the previous interaction.

in such an architecture it is not possible to take into account
text formatting and length (which are determined towards the
end) when choosing the text content (which happens in the
beginning).

The goal of our dynamic hypertext generation system,
HYLITE+, is to produce encyclopaedia-style explanations of
domain terminology (see Figure 3 below). The corpus anal-
ysis of online encyclopaedia [Bontcheva, 2001] and previous
empirical studies (e.g., [Reinking and Schreiner, 1985]) have
shown the positive effect of additional information – e.g., def-
inition of key vocabulary, less-technical content, supply of
background information and illustrations – on the subjects’
reading comprehension and reading behaviour. On the other
hand, hypertext usability studies [Nielsen, 2000] have shown
that people read 25% slower on the screen, so hypertext needs
to be concise with formatting, that facilitates skimming. Our
empirical studies have shown [Bontcheva, 2001] that users
prefer different additional information depending on the cho-
sen formatting and desired explanation length.

This paper discusses several ways to provide additional in-
formation about unknown terms in generated encyclopedic
entity descriptions. When such information is needed, the
most appropriate clarification needs to be chosen depending
on formatting, user knowledge and constraints (e.g., concise
versus detailed pages). Each alternative requires different text
content to be selected at the start of the generation process but
the choice of alternative can only happen after the content and
formatting for the main description have already been deter-
mined. Therefore, the original pipeline architecture was ex-
tended to allow limited module feedback. In the resulting
recursive pipeline architecture additional content can be re-
quested in later stages of the generation process (e.g., during
surface realisation).

In effect, the content planner first produces the text plan for
the concise hypertext which contains only facts about the ex-
plained concept (e.g., personal computer). Then during sur-
face realisation, after formatting has been decided, the most
suitable adaptivity alternative is chosen. Often this leads to
the posting of a new communicative goal, which results in
expanding the basic text with extra information.

The paper is structured as follows. Section 2 describes
briefly HYLITE+ – the dynamic hypertext generation sys-
tem in the context of which the recursive pipeline architec-
ture (Section 3) was developed. Section 4 exemplifies the use
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of the architecture for generating additional information that
clarifies terms unknown to the user. The approach is also put
in the context of previous work on interleaved, opportunistic,
and revision-based language generation (Section 5). Finally
the paper concludes with a discussion of some known limita-
tions and future work.

2 HYLITE+ in a Nutshell
HYLITE+ generates encyclopedic explanations of terms in
the chemical and computer domains. The user interacts with
the system in an ordinary Web browser (e.g., Netscape, In-
ternet Explorer) by specifying a term she wants to look up.
The system generates a hypertext explanation where further
information can be obtained by following links or specifying
another query. Similar to all Web applications (see [Nielsen,
2000]), HYLITE+ needs to (i) respond in real-time, i.e., avoid
algorithms with associated high computational cost; and (ii)
be robust, i.e., always produce a response. Consequently the
system uses some efficient and well-established applied NLG
techniques such as text schemas and a phrasal lexicon (see
[Reiter and Dale, 2000]).

Similar to other applied systems (see [Reiter, 1994]),
HYLITE+ was initially implemented as a single-pass pipeline
system, i.e., the generation modules were executed sequen-
tially. The system input specifies the concept to be explained
and the system parameters chosen by the user (e.g., concise
versus detailed descriptions). The output is the generated hy-
pertext explanation in HTML format, which is viewed by the
user in a conventional browser (see Figure 3 below).

The system consists of several modules organised in two
main stages: (i) content organisation, which includes con-
tent selection, text organisation and semantic aggregation;
and (ii) surface realisation modules [Bontcheva, 2001]. As
shown in Figure 1, the high-level modules use a discourse
history and an agent model, ViewGen, [Ballim and Wilks,
1991] which contains both the system domain knowledge and
user beliefs, stored in nested environments. The surface real-
isation modules use language-specific resources such as lexi-
cons, morphology, and grammars.

The text planner uses high-level discourse patterns simi-
lar to text schemas [McKeown, 1986] which have been de-
rived from analysing entries in encyclopedia and terminologi-
cal dictionaries [Bontcheva, 2001]. For instance, entities (i.e.,
concepts inheriting from ENTITY in the hierarchy) are de-
fined by their supertype(s) or type definition, characteristics,
functions, constituents and examples. If the entity has several
synonymous terms, the query one is used throughout the ex-
planation and the rest are given in brackets when the entity is
first introduced.

3 Adding Recursion to the Pipeline
Architecture

One way of improving the user understanding of the gen-
erated hypertext is to clarify important unknown terms that
occur in definitions, descriptions of parts and subtypes (for
further detail see [Bontcheva, 2001]). However, different
types of such information – definitions, familiar supercon-
cepts, separate paragraphs, or just links – are preferred at dif-

ferent times, mainly depending on page length, formatting,
and user preference for concise versus detailed explanations.
In a sequentially organised pipeline architecture some of this
information can be generated only if the necessary additional
facts have already been extracted during content selection and
incorporated in the text plan.

For instance, the decision whether it is appropriate to use a
parenthetical definition or a paragraph-length description de-
pends on their length, the chosen hypertext formatting, and
the target length for the generated page2. However format-
ting and length information are only available during surface
realisation, not content planning, so HYLITE+ either has to
extract in advance clarifying information for each unknown
concept, or the architecture needs to be modified to allow
such information to be requested later.

Selecting all potentially useful clarifying information in
advance is likely to be computationally expensive as the text
size grows. Even if such pre-selection is computationally fea-
sible, the content planner still cannot commit to a particular
strategy (e.g., a parenthetical definition or a familiar super-
concept) because it needs to know, among other things, the
length of the definition text itself3.

One way to resolve this problem is to implement a text re-
vision mechanism which would analyse the content and struc-
ture of the generated hypertext and choose between alterna-
tive ways of including clarificatory information. However,
despite the gains in fluency and coherence, revision-based ap-
proaches tend to suffer from computational problems due to
the large number of alternatives that need to be explored (e.g.,
[Robin and McKeown, 1996]).

Also, since HYLITE+ was built on the basis of an exist-
ing pipeline-based generation system, our goal was to find
a solution that would both provide the needed module feed-
back functionality and work in combination with the existing
sequentially-designed modules. In other words, we needed
a modification of the pipeline, that will allow the surface re-
aliser to invoke the generator with new goals, so additional
information is extracted and included only when appropriate.

Consequently, the existing pipeline architecture was mod-
ified to allow later stages to request additional information
to be included (see Figure 1). A special monitoring mod-
ule was added to detect opportunities for adapting the gen-
erated hypertext. The monitor uses the complete text plan,
received from the content planning stage, together with the
propositions realised to this point to estimate the length of
the main explanation. Based on this information, user pref-
erences, and the chosen document formatting, the monitor
decides whether to post additional high-priority goals on the
generator’s agenda (e.g., define(microprocessor): a
goal to define a concept, example(microprocessor):
give an example).

When such goals are posted to the generator, surface re-
alisation is temporarily suspended while the text for the new

2[Bontcheva, 2001] discusses the results of an empirical study of
user acceptance of hypertext adaptivity techniques and the influence
of length, formatting, and user characteristics on this choice.

3The user study showed that definitions longer than 10 words
should not be provided in brackets because they disturb the text flow.

1236 NATURAL LANGUAGE PROCESSING AND INFORMATION RETRIEVAL



if goal posted by realiser

history (DH)

Web browser
user follows link

new goal + previous
focused entities

morphology

grammar

lexicon

+
concept to be explained

discourse goal

text plan

content selection
text organisation

HTML page

surface realisation

discourse

ViewGen

Figure 1: The HYLITE+ recursive pipeline architecture

goal is generated. This effectively opens a new discourse seg-
ment [Grosz and Sidner, 1986], which is dominated by the
main explanation. All previously mentioned entities become
part of the new focus space, so the generator can refer to them
if necessary. The monitor also specifies some system param-
eters which influence the form of the newly generated text.
For example, term definitions in brackets need to be noun
phrases, instead of full sentences (see example in Figure 2),
so the system configuration is changed from the default pref-
erence for sentences. When the text corresponding to the new
goal is generated, the monitoring module evaluates the result
and, if suitable, integrates it with the main text. Finally, text
realisation is resumed until a new interruption occurs or the
entire text plan has been verbalised.

If the newly generated text is found to be unsuitable (e.g.,
the definition is too long and will disturb the flow of the main
text), the monitoring module tries another adaptivity tech-
nique if such is available (e.g., provide a known superconcept
instead). Otherwise it leaves the text content as originally
planned and the unknown concept is realised with its corre-
sponding term with a hypertext link to a separate page.

In effect, the content planner first produces the text plan for
the concise, unadapted hypertext which contains only facts
about the explained concept (e.g., personal computer). Then
during surface realisation, when formatting has been decided,
the most suitable adaptivity alternative is chosen. In some
cases this leads to the posting of a new communicative goal to
the generator, which results in expanding the basic text with
extra information.

Below we will show how the recursive pipeline is used for
providing clarifying information about subtypes, parts, and
unknown concepts in term definitions. The present experi-

ence shows that the efficiency of the pipeline architecture and
the schemas is retained while the generator’s scope and flexi-
bility is improved.

4 Clarifying Unknown Terms
The content planner uses information from the user model to
detect and annotate unknown concepts [Bontcheva and Wilks,
1999]. During surface realisation hypertext links, leading to
separate explanation pages, are added for these concepts. In
addition, some clarifying information is considered for un-
known concepts in definitions, parts and subtypes.

The system mockup experiments [Bontcheva, 2001]
showed that users prefer two types of concise parenthetical in-
formation: brief term definitions and a familiar superconcept.
For longer texts, paragraph-long clarifying information can
be provided in a separate section, containing more detail than
just the definition/superconcept. Here we will only provide
examples of using the recursive pipeline architecture to gen-
erate additional term definitions and paragraph-long explana-
tions. Further details and a thorough discussion of the other
adaptivity techniques are available in [Bontcheva, 2001].

4.1 Generating the definitions
Let us assume a user who has looked up computer programs
and then followed a link to personal computer; the user has
not specified preferences for types of clarifying information,
so definitions can be provided where appropriate. Following
this request, the content planner passes the following facts for
realisation (the fact listing all parts is truncated here4):
[PC] � – (ISA) � – [MICRO COMP fs(um state:unknown)].

[PC] � – (PART OF) � – [CPU fs(um state:unknown)]
– (PART OF) � – [MEMORY fs(um state:unknown)]
– (PART OF) � – [HDD fs(um state:unknown)]
– (PART OF) � – [DISPLAY]...

First the realiser determines the document formatting; in
this case a bullet list is chosen to enumerate all parts. Then
it starts generating text for the first graph. Because the in-
troduced supertype is unknown, but important for the under-
standing of the text, the realisation monitor decides to pro-
vide some extra material about it. The action corresponding
to generating a new definition is define(micro comp),
which is passed as a parameter to the recursively called gen-
erator. The generation parameters are also set to very short
texts with syntactic preference for noun phrases. The result-
ing text – ”a small computer that uses a microprocessor
as its central processing unit” – is evaluated for length and
provided in brackets (see Figures 2 and 3).

Similarly for all unknown parts of the PC, the realisation
monitor calls the generator recursively and obtains their defi-
nitions. Since the parts are described in a bullet list, it is more
appropriate to provide their definitions with dashes, instead
of brackets (see Figure 3).

4The facts are encoded as conceptual graphs, a type of semantic
network, where concepts are written in square brackets and relations
in round ones. Extra information (e.g., whether a concept is familiar
to the user) can be associated with concepts and graphs as feature
structures.
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define(microcomp)

define(microcomp)entity stack: CPU
microproc
computer
PC

global focus: microcomp

output:

a small computer that uses a 
microprocessor as its CPU

input goal: PC
describe(PC) microcomp

microcomputer

A typical PC consists of...

A personal computer is a type of 

(a small computer that uses a micro...)

global focus:

entity stack:

input goal:

Figure 2: An example of clarifying information added during surface realisation

Figure 3: Example of clarifying definitions integrated in the main text

The realisation monitor has a set of rules which examine
the type of proposition (e.g., definition, part of, at-
tribute) and the formatting of the main text, in order to de-
termine the best formatting for the new material. At present,
new material which is to be integrated in unformatted text is
put in brackets. Since such parentheses disturb the flow of the
main text, they are only provided once per sentence, usually
for the most important concept in the proposition (e.g., the
supertype). Other important unknown concepts in the same
sentence are supplemented with a familiar supertype.

When a concept has been defined in brackets, the generated
hypertext link also has a tag saying Further information to
indicate that more information is available and can be reached
by following the link (see Figure 3). If the knowledge base
contains only the definition and no other information, then no
link is provided because all relevant material has already been
included in the current page.

4.2 Generating Paragraph-Length Clarifying
Descriptions

So far we have discussed the generation of concise hypertext,
where the main describe(entity) goal is realised in a
schema-based, sequential fashion and brief additional defini-
tions of unknown terms are included by posting additional
high-priority goals. However, our empirical studies showed
that in some cases users can prefer longer texts.

The corpus study showed that long encyclopedic articles

often provide detailed descriptions of subtypes and/or object
parts. Therefore, one way to adapt longer generated hypertext
is to provide paragraph-length descriptions of the unknown
subtypes/parts, instead of including just their definitions or
familiar supertypes. The experiments showed that such pages
are preferred when users need more detailed information on
the topic (e.g., for a school essay); in this case, the additional
material is best organised in a separate section.

HYLITE+ generates such longer additional material in sep-
arate sections based on new communicative goals posted
on its agenda by the monitor (see Figure 1). For exam-
ple, if the main explanation contains propositions about
several unknown object parts (e.g., computer parts) and
more detailed texts are preferred by the user, a new
describe all(part of, computer) goal is posted
on the agenda. In this case, the goal is not marked as a high-
priority one, so surface realisation is not interrupted. After
the main explanation is completed, the generator fetches the
new goal and starts a new section in the document describing
all computer parts.

The describe all(Rel, X) goal is decomposed in
the following way:

forall C where Rel(C, X)
describe(C)

i.e., describe all concepts C for which the relation Rel holds
with X, e.g. describe all parts of the computer. Apart from the
new goal, the generator is also passed parameters that specify
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to generate the explanations as paragraphs, not whole pages.
In this way the generated document is regarded as an or-

dered set of goals and the text for each one of them is gen-
erated separately. This separation approach has the benefit
of breaking down the text organisation problem into smaller
parts which (i) can be more efficient to compute, but also (ii)
can use different text organisation approaches for the differ-
ent parts, e.g., schemas for the more ‘rigid’ parts and planning
otherwise.

5 Related Work
The way in which the recursive pipeline architecture handles
the dependencies between content planning and surface reali-
sation bears some similarity with interleaved language gener-
ation. For example, [Rubinoff, 1992] describes an approach
where the planner obtains feedback from the linguistic com-
ponent in the form of a set of possible ways of expressing
each plan element; the most suitable one is then added to
the utterance. Some interleaved systems (e.g., [Finkler and
Neumann, 1989; De Smedt, 1990]) are also incremental, i.e.,
their planner and realiser operate in parallel on different seg-
ments of an utterance. The most similar interleaved system
is PAULINE [Hovy, 1988] where the planner produces only a
partial text plan and makes the remaining commitments only
when the realisation component needs them. In this way un-
expected syntactic opportunities can be exploited and long-
term goals (e.g., conciseness, politeness) taken into account
during planning as well as realisation.

The main difference between the recursive pipeline ap-
proach and interleaved systems is that the latter tend to use
feedback for every choice that depends on information from
another module. In HYLITE+ the main text is always pro-
duced in a sequential fashion; interleaved planning and re-
alisation only occur if the user preferences allow the use of
adaptivity techniques that lead to new goals. Although poten-
tially less flexible, the recursive approach enables the use of
efficient techniques (schemas, sequential execution) to com-
pute the main text reliably and quickly.

Another approach to the content adaptivity problem was
explored in the ILEX system [Mellish et al., 1998], which
uses opportunistic planning to tailor the hypertext descrip-
tions of museum exhibits. The planning mechanism is based
on a structure called text potential – a graph of facts con-
nected with thematic and rhetorical relations. Facts are cho-
sen depending on their connection to the focus of the page
(the described entity), interest and importance weights. This
approach, however, seems difficult to apply to generated
encyclopaedic-style explanations because it requires the cre-
ation of all links and weights in the text potential. Assigning
values for importance and interest are particularly difficult be-
cause they both depend on the user goal (which is unknown
to the system) and can change from one session to another
(e.g., in-depth reading for a school essay versus looking up
an unknown term).

The pipeline-based STOP system [Reiter, 2000] operates
under very strict text size constraints which proved diffi-
cult to estimate at the content planning stage. In order to
improve the generation results, Reiter experimented with a

multiple-solution pipeline5 (MSP) and revision-based vari-
ants of the system. The results showed that multiple-solution
pipelines (for 4 solutions) and revision-based NLG are best
suited for the task. The processing time per document is nat-
urally higher – linearly increasing with the number of gen-
erated alternatives for the multiple-solution approach and the
revision-based one is even slower than the MSP. The recur-
sive pipeline architecture discussed here will not be suitable
for such tightly constrained texts because the length of the
yet unrealised propositions can only be approximated, which
might lead to text overflow.

6 Conclusion and Future Work

This paper presented the recursive pipeline architecture de-
veloped as part of the dynamic hypertext generation system
HYLITE+. The approach allows additional content to be
requested in later stages of the generation process and inte-
grated in the main explanation. The architecture also allows
new goals to be executed after the main body of the explana-
tion has been generated.

Although interleaved and revision-based approaches offer
more flexibility, the advantages of the recursive pipeline is
that it can be added to an already implemented sequential
system with relatively minor modifications to the code. In
addition, with our approach the main text is always computed
in a sequential fashion, based on efficient applied NLG tech-
niques (e.g., schemas, phrasal lexicon). Interleaved planning
and realisation only occur if the user preferences allow the
use of adaptivity techniques that lead to new goals.

In the case when the additional text is generated during sur-
face realisation, the monitor determines the overall text length
based on the length of the already realised facts plus an esti-
mated length for all unrealised ones. Therefore the result is
only an approximation of the final length, which is sufficient
when, as in hypertext, size constraints are important but not
very strict.

The results from a small-scale formative evaluation have
confirmed that the majority of users prefer the adapted texts
to the neutral version where no additional information is pro-
vided for the unknown terms. More exhaustive subject-based
evaluation is currently being undertaken and the goal is to
gain further insight into the users’ acceptance of hypertext
adaptivity.

Performance-based evaluation of the recursive pipeline
versus the baseline system (a version that does not provide
additional information, just generates the main explanation)
revealed that the new goals only add between 5% and 20%
to the overall execution time – e.g., 5-10% for additional in-
formation which is less than 33% of the baseline explanation;
20% for additional information which is 50-60% of the base-
line one. With both systems the overall processing time for
a half page of hypertext is less than 1.5 seconds – a response
time which allows users to stay focused on the interaction
without any need for extra feedback [Nielsen, 2000].

5Several different document plans are produced and after surface
realisation a choice module selects the one that provides most con-
tent within the given size limit.
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In the future we plan to experiment with using different
content organisation strategies to generate different parts of
the text. For example, following the ideas of [Paris, 1993]
different kinds of knowledge can be provided depending on
the user’s level of expertise. Also, in some cases schemas can
be replaced with text planning based on rhetorical relations,
e.g., [Moore, 1995; Power, 2000]. In this way the more ‘rigid’
parts of the text can be generated efficiently with schemas,
while more powerful but computationally expensive planning
techniques are used only when necessary.
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Abstract

Story generation is experiencing a revival, despite
disappointing preliminary results from the preced-
ing three decades. One of the principle reasons for
previous inadequacies was the low level of writing
quality, which resulted from the excessive focus of
story grammars on plot design. Although these sys-
tems leveraged narrative theory via corpora analy-
ses, they failed to thoroughly extend those analy-
ses to all relevant linguistic levels. The end result
was narratives that were recognizable as stories, but
whose prose quality was unsatisfactory.
However, the blame for poor writing quality cannot
be laid squarely at the feet of story grammars, as
natural language generation has to-date not fielded
systems capable of faithfully reproducing either the
variety or complexity of naturally occurring sto-
ries. This paper presents the AUTHOR architecture
for accomplishing precisely that task, the STORY-
BOOK implementation of a narrative prose genera-
tor, and a brief description of a formal evaluation of
the stories it produces.

1 Introduction
Despite extensive research in the fields of story generation
and natural language generation, collaborative research be-
tween the two has been virtually nonexistent. A major reason
for this is the difficult nature of the problems encountered re-
spectively in these fields. Story generators [Meehan, 1977;
Yazdani, 1982; Lebowitz, 1985; Turner, 1994; Lang, 1997 ],
typically address the macro-scale development of characters
and plot, slowly refining from the topmost narrative goal level
down to individual descriptions and character actions by pro-
gressively adding more and more detail. Meanwhile, work in
natural language generation (NLG) focuses on linguistic phe-
nomena at the individual sentence level, and only recently
have NLG systems achieved the ability to produce multi-
paragraph text. What remains is a substantial gap between
the narrative plans produced by story generators and the re-
quirements of NLG systems.

This is explained by the historic research programs of these
two distinct fields. Story generation originally descends from

the application of planning formalisms to the work of soci-
olinguists such as Vladimir Propp [Propp, 1968], who cre-
ated story grammars to capture the high-level plot elements
found in Russian folktales. Early work (Figure 1) in this area
[Meehan, 1977; Yazdani, 1982; Lebowitz, 1985 ] focuses on
the creation of characters and their interactions with plot ele-
ments. In the latest of these, Lebowitz states, “Eventually, we
expect UNIVERSE to be able to generate connected stories in
natural language form over a long period of time. For the mo-
ment, we are concentrating on generating plot outlines, and
leaving problems of dialogue and other low-level text gener-
ation for later.” Moreover, even the most recent story genera-
tion systems, such as MINSTREL and JOSEPH [Turner, 1994;
Lang, 1997], focus on characters and plot when generating
text, without considering the actual linguistic structures found
in the texts they are attempting to mimic (Figure 2).

However, the lack of progress in achieving computer-
produced stories characterized by high-quality prose is far
from one-sided. Rather than narrative generation, most
full-scale NLG systems [Hovy, 1993; Young, 1996; Ho-
racek, 1997; Lester and Porter, 1997; Mittal et al., 1998;
Callaway et al., 1999] instead focus on explanation gener-
ation, creating scientific or instructional text which signif-
icantly differs in the distribution and frequency of syntac-
tic, semantic, and orthographic features from that found in
narrative prose (although a few projects do address some of
these issues, e.g., [Kantrowitz and Bates, 1992; Robin, 1994;
Doran, 1998; Cassell et al., 2000]). In addition, the most
advanced of these systems are still not capable of producing
more than two paragraphs of text, while the vast majority of
naturally occurring narratives are at least several pages long.
Finally, none of these systems are intended to accept narrative
plans from a typical story generator.

To bridge the gap between story generators and NLG sys-
tems, we have developed the AUTHOR narrative prose gen-
eration architecture [Callaway, 2000] to create high-quality
narrative prose comparable to, and in some cases identical to,
that routinely produced by human authors. This architecture
has been implemented in STORYBOOK, an end-to-end narra-
tive prose generation system that utilizes narrative planning,
sentence planning, a discourse history, lexical choice, revi-
sion, a full-scale lexicon, and the well-known FUF/SURGE
[Elhadad, 1992] surface realizer to produce multi-page sto-
ries in the Little Red Riding Hood fairy tale domain.

1241NATURAL LANGUAGE PROCESSING AND INFORMATION RETRIEVAL



ONCE UPON A TIME GEORGE ANT LIVED
NEAR A PATCH OF GROUND. THERE WAS A NEST
IN AN ASH TREE. WILMA BIRD LIVED IN THE
NEST. THERE WAS SOME WATER IN A RIVER.
WILMA KNEW THAT THE WATER WAS IN THE
RIVER. GEORGE KNEW THAT THE WATER WAS
IN THE RIVER. ONE DAY WILMA WAS VERY
THIRSTY. WILMA WANTED TO GET NEAR SOME
WATER. WILMA FLEW FROM HER NEST ACROSS
A MEADOW THROUGH A VALLEY TO THE RIVER.
WILMA DRANK THE WATER. WILMA WASN’T
VERY THIRSTY ANY MORE.

Figure 1: Prose generated by TALE-SPIN, 1977

Narrative prose differs linguistically from text found in ex-
planatory and instructional passages in a number of ways:

� The existence of character dialogue with the accompa-
nying difficulties of orthographic markers [Doran, 1998;
Callaway, 2001], speaker-hearer relationships, locu-
tional relations and manner clauses, interjections, and
changes in pronominalization patterns. For instance, the
following would never be found in explanatory text:
“Beware the wolves,” her mother said in a hushed voice.

� Since explanatory text lacks dramatic characters, there
is little need to include personal pronouns, highly id-
iomatic text about personal needs, or intentional desires
such as wanting, needing, or knowing.

� Without character dialogue, explanatory text is usually
able to get by using only present verb tenses with an oc-
casional reference to events in the past when discussing
sequences of processes. However, dialogue and the com-
plex interactions between characters opens up the need
to perform at least simplistic temporal reasoning and re-
alizations in complex present, future and past tenses.

� Because human authors employ widely differing styles
in narrative (e.g., Hemingway vs. Joyce) as opposed to
explanatory or instructional text which tries to adhere to
stricter conventions, a narrative prose generator should
be capable of mimicking those different types of styles.

� Finally, a narrative prose generator must conform to
common prose formatting conventions, such as knowing
when to force paragraph breaks and being able to gener-
ate written stylistic effects like onomatopoeia, regional
dialects, and emphasis (e.g., “Ewwww!” “B-b-but, it’s
s-s-scary!” “Mom, you CAN’T do that!”)

STORYBOOK is capable of reproducing these phenomena,
and doing so in both grammatically correct English and pass-
able Spanish [Callaway et al., 1999; Callaway, 2001].

Upon receiving a high-level story specification from a nar-
rative planner, STORYBOOK (1) structures it into paragraph
and sentence-sized chunks, (2) conducts a discourse history
analysis to determine indefinite references and pronominal-
izations, (3) performs a lexical choice analysis to increase
variety among concepts and event relations, (4) maps ac-
tors, props and events to semantic/syntactic roles in full lin-
guistic deep structures, (5) revises paragraph-sized groups of

one day it happened that peasant
quarreled with the wife. when this
happened, peasant felt distress. in
response, peasant took a walk in the
woods. peasant found a pit when he
looked under the bush. when this
happened, peasant desired to punish
wife. in response, peasant made it
his goal that wife would be in the
pit. peasant tricked wife. wife was
in the pit. peasant lived alone.

Figure 2: Prose generated by JOSEPH, 1997

deep structures via aggregation and reordering to eliminate
the short, choppy sentences characteristic of text produced by
discourse planning systems, and (6) performs surface real-
ization with integrated formatting to produce narrative prose
similar to that found in stories written by human authors.

To evaluate the quality of the narratives that STORYBOOK
produces, we created a simplified narrative planner capable
of generating two Little Red Riding Hood stories expressed
in the required high-level story specification. We then created
five versions of STORYBOOK variously ablating the discourse
history, lexical choice, and revision components to produce a
total of 10 story versions which were then formally evaluated
by a panel of judges. The results showed significant differ-
ences between the inclusion or ablation of individual archi-
tectural components.

2 Narrative Representation

While most researchers in story generation utilize planning
mechanisms or story grammars, a growing literature on nar-
ratology [Propp, 1968; Segre, 1988; Bal, 1997] posits that
narrative consists of the fabula, or sum total of knowledge and
facts about a narrative world, and the suzjet, or the ordering
and specifics about what the author presents and at which po-
sition(s) it occurs in the linear narrative. The AUTHOR archi-
tecture adopts this view and computationalizes it to describe
the requirements of a narrative planner and a narrative prose
generator: the narrative planner is responsible for creating
both the fabula and suzjet, while the narrative prose generator
is responsible for converting them into textually recognizable
narratives.

A narrative world is also populated with a large number
of scenes, characters, props, locations, events, and descrip-
tions. The STORYBOOK implementation explicitly repre-
sents this knowledge, which forms the basis of the fabula.
Initially, the fabula contains only ontological information, in-
cluding the existence of broad concepts such as forest, cot-
tage, and person, and concept relations like next-to, mother-
of, and moves-toward. STORYBOOK assumes that a narrative
planner is responsible for constructing the specific concept in-
stances that populate a particular story, e.g., Little Red Riding
Hood lives in Cottage001, which is her house, while her
grandmother (Grandmother001) lives in a different house,
Cottage002.
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;;; Fabula Operators
(NewNarrative Meehan-Narrative000 Narrator001)
(AddActor George-Ant003 George-Ant Ant Male "George Ant")
(AddActor Wilma-Bird004 Wilma-Bird Bird

Female "Wilma Bird")
(AddLocation Patch005 Patch-Area)
(AddLocation Ground006 Ground-Earth-Area)
(AddLocation Nest007 Nest-For-Birds)
(AddLocation Ash-Tree008 Ash-Tree)
(AddProp Water009 Water)
(AddLocation River010 River)
(AddLocation Meadow011 Meadow)
(AddLocation Valley012 Valley)
(AddAlias Wilma013 Wilma Wilma-Bird004 "Wilma")
(AddAlias George014 George George-Ant003 "George")

;;; Narrative Stream Primitives
(narration-mode historical-fairy-tale mixed-dialogue

simple-syntax ascii-format narrated english)
(narrator-mode narrator001 third-person disembodied)
(prop-relationship living-near george-ant003 patch005)
(refinement region-of patch005 ground006)
(specification living-near process-step-type

once-upon-a-time)
(prop-property exist-being nest007)
(specification exist-being location-in ash-tree008)
(prop-relationship living-in wilma-bird004 nest007)
(prop-property exist-being water009)
(specification exist-being location-in river010)
(refinement quantifier-value water009 some)
(define-event being-in015 being-in water009 river010)
(actor-intent knowing wilma013 being-in015)
(specification knowing thought-binder that-binder)
(define-event being-in016 being-in water009 river010)
(actor-intent knowing george014 being-in016)
(specification knowing thought-binder that-binder)
(actor-property personal-condition wilma013 thirsty-state)
(specification personal-condition time one-day)
(refinement intensifier thirsty-state very)
(define-event getting-near017 getting-near none water009)
(actor-intent wanting wilma013 getting-near017)
(refinement quantifier-value water009 some)
(actor-action flying-from wilma013 nest007)
(refinement belonging-to nest007 wilma013)
(specification flying-from across-path meadow011)
(specification flying-from through-path valley012)
(specification flying-from destination river010)
(actor-action drinking-action wilma013 water009)
(actor-property personal-condition wilma013 thirsty-state)
(specification personal-condition duration any-more)
(specification personal-condition polarity negative)
(refinement intensifier thirsty-state very)

Figure 3: Fabula and Narrative Stream for generating Fig. 1

In addition, STORYBOOK assumes that the narrative plan-
ner is responsible for creating a stream of narrative events
(the suzjet) that defines the linear ordering of events and de-
scriptions as well as for content determination, the NLG term
for deciding if particular narrative details or underlying facts
are ever mentioned at all (e.g., events can be “too obvious”
or perhaps meant to be inferred, as in mystery novels). Also,
linearity can vary between different versions of a single story:
a strict chronological ordering that states Little Red Riding
Hood meets a wolf before travelling to grandmother’s house
wouldn’t necessarily hold in the in medias res version.

In order to computationalize the fabula and narrative
stream so they can serve as an interface between a narrative
planner and a narrative prose generator, the AUTHOR archi-
tecture defines a set of fabula operators which can be used
to construct the fabula from the original story ontology, and
a set of narrative stream primitives (Figure 3), which define

the presentational order and content determination as well as
information about what purpose that particular content serves
at that point in the narrative.

A typical fabula operator relates a new concept instance
(indicated by a unique number at the end of the name) to ei-
ther some element in the story ontology or a previously cre-
ated concept instance. A typical narrative stream primitive
consists of a narrative directive, which describes the purpose
for its inclusion by the narrative planner as well as the rela-
tionship between its arguments. The ordered arguments of a
narrative directive are directly tied to either the original con-
cepts in the story ontology or the derived concept instances
created by the fabula operators. Furthermore, a partial or-
der is imposed on the narrative stream forcing dependent el-
ements to follow their modifiers (e.g. in the phrase “some
water” from Figure 3, “water” is introduced in a narrative
primitive before the “some” quantifier is introduced).

STORYBOOK currently defines six different fabula opera-
tors as well as 35 narrative stream primitives that serve three
main functions: delimitation (narrator and scene changes, di-
alogue marking, and formatting directives), foundation (im-
portant clause-level events and descriptions, rhetorical, inten-
tional, and perlocutionary relations loosely based on Speech
Act Theory [Austin, 1962; Searle, 1969]), and modification
(descriptive elaboration, comparison, manner, reason, time,
etc.) These have been sufficient to encode three distinctly
different multi-page Little Red Riding Hood fairy tales and to
allow STORYBOOK’s narrative prose generator to create the
narrative texts for each.

Finally, STORYBOOK assumes that the fabula and narra-
tive stream operate in an interlingual environment, where
the knowledge base encodes world knowledge in a language-
neutral format [Callaway et al., 1999; Callaway, 2001]. Thus
given a single fabula and narrative stream, we should be able
to produce fairy tales (or other forms of fictional narratives) in
a variety of languages. A significant benefit of this approach
is that such a narrative prose generator could also be used to
improve the output of a machine translation system in a man-
ner analogous to that of story generation. Regardless of how
they are determined, the fabula and narrative stream are sent
along with a set of stylistic parameters to the narrative prose
generator as described in the following section.

3 The AUTHOR Architecture
To reproduce the complex phenomena that characterize
human-generated stories, an effective narrative prose genera-
tor must be comprehensive in scope. It must address all of the
requirements inherent in sentence planning, lexical choice,
formatting, revising, and surface realization. AUTHOR there-
fore takes a standard “pipelined” approach with components
for each of these processes. With the exception of discourse
planning, which is here replaced by a narrative planner, STO-
RYBOOK is the first NLG system to incorporate all of these
modules into an end-to-end multi-page generation system.

Upon receiving the fabula and narrative stream from the
narrative planner, STORYBOOK (Figure 4) first structures it
into paragraph and sentence-sized chunks. It then conducts
a discourse history analysis to determine pronominalizations

1243NATURAL LANGUAGE PROCESSING AND INFORMATION RETRIEVAL



and identify seen/unseen concepts. Next, it performs a lex-
ical choice analysis to increase variety. It then maps actors,
props and events to semantic/syntactic roles in full linguis-
tic deep structures. Next it revises paragraph-sized groups of
sentences via aggregation and reordering to increase proposi-
tional density before finally performing surface realization to
produce narrative prose similar to that found in stories written
by human authors.

3.1 Narrative Organization
Because the narrative stream (Figure 3) is generated by the
narrative planner as one long sequence, it must be segmented
into groups of narrative stream primitives which reflect natu-
ral boundaries such as changes in speaker during dialogue and
shifts in scene or topic. Because of the partial order imposed
on the narrative stream, this is a relatively straightforward
process. In addition, the discourse history and lexical choice
modules operate by combing through the narrative stream and
recording data in order to make decisions about altering the
narrative stream. Because these three procedures involve a
similar iterative analysis, they are performed by a single ar-
chitectural module called the narrative organizer whose pur-
pose is to take a flat, linear narrative stream and impose a
hierarchical narrative structure onto it.

After the narrative stream primitives have been segmented,
the discourse history module opportunistically replaces con-
cept instances with the appropriate definite/indefinite forms
and pronominalizations. These features are used to decide
when to replace the lexicalizations of concepts and concept
instances with the appropriate new linguistic deep structure
information.1 For example, a decision to make “wolf” or
“butter” be indefinite when they are first mentioned in the dis-
course context may result in an indefinite article for the count
noun (“a wolf”) or an indefinite determiner or determiner se-
quence for the mass noun (“some butter”). Knowing whether
a concept instance has been seen or not requires computing
and tracking several occurrence properties for every concept
instance:

� Frequency: How often a concept instance has been used
(lexicalized vs. pronominalized).

� Last-Usage: If its most recent use was lexicalized.

� Recency: How many distinct concept instances have
been used since it was last seen (including gender).

� Distance: The number of scenes, paragraphs, or dia-
logue turns since it was last seen.

Similarly, pronominalization decisions are made to replace
repetitive instances of concept instances with appropriate pro-
nouns (e.g., “Grandmother” with the single feminine pronoun
“she/her”). Because knowing when an instance is repetitive
involves using the same occurrence properties, the lexical
chooser similarly checks for excessive repetition of concept

1 These “replacements” are more accurately “annotations” on the
narrative stream, because future changes by the revision component
may alter the circumstances that lead to a particular noun phrase be-
ing pronominalized. For instance, the revision component may swap
the order of two sentences or change the position of a circumstantial
clause from leading a sentence to following it.

Figure 4: A Narrative Prose Generation Architecture

instances or relations. If this happens, the lexical chooser
may replace elements of each narrative primitive with syn-
onymous concept instances or relations from the fabula. The
STORYBOOK lexical choice module detects:

� Repetition in Noun Phrases: Languages typically con-
tain a large number of similar nouns. For example, Little
Red Riding Hood might live in a house, cottage, shack,
hut, cabin, etc.

� Repetition in Verb Phrases: Similarly, events have a
number of lexicalizations. Little Red Riding Hood can
walk through the forest, skip, amble, stroll, etc.

� Repetition in Thematic Role Ordering: Many event
verbs also impose different theta frames even though
they describe similar actions. Little Red Riding Hood
might give her grandmother the cookies or grandmother
might receive the cookies from Little Red Riding Hood.

Although this does not compare to more sophisticated
methods [Elhadad, 1992; Stede, 1996] and is by no means
suggested as a solution to the problem of lexical choice, it
is sufficient to satisfy our goal of preventing repetitive prose.
The result of segmentation, discourse history analysis, and
lexical choice is thus a modified narrative stream. However,
in classic pipelined NLG architectures, discourse planners
typically produce a single structure (e.g., a frame) that corre-
sponds to a sentence-sized chunk of the discourse plan. Thus,
the job of the narrative structurer is to convert the groups of
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narrative primitives into a sequence of specifications suitable
for the sentence planner. Additionally, the narrative struc-
turer is responsible for making decisions about tense shifting,
especially for character dialogue. In dialogue, conversations
usually take place in present tense even though the surround-
ing narrative is in past tense, and references to prior events
are typically in the past tense where in expository text they
would be in the past perfect tense (at least for English).

Because the fabula and story ontology exist by these stages,
they can be used as knowledge sources for making appropri-
ate decisions. For example, the discourse history module may
examine the gender of a concept instance and thus know it
should substitute “she” for “Little Red Riding Hood” without
that knowledge having to be explicitly represented in the nar-
rative stream. Similarly, the narrative structurer may examine
the lexicon entry of a narrative stream primitive’s primary re-
lation to determine its theta frame and its argument’s semantic
type restrictions for error-checking purposes.

3.2 Sentence Planning
The function of the sentence planner is to take a specification
for the semantic content of a sentence (or protosentence) and
to plan the roles (either semantic or syntactic) that each of its
elements play in a particular sentence. Because our approach
utilizes an off-the-shelf surface realizer that expects particu-
lar semantic roles, we require that our sentence planner pro-
duce the deep structure linguistic representations known as
functional descriptions (FDs, Figure 5). Functional descrip-
tions are hybrid semantic/syntactic entities that can be used to
produce text via unification with the FUF/SURGE [Elhadad,
1992] surface realizer.

A sentence planner must:

� Guarantee that complex content units are properly and
completely packaged within functional descriptions,
e.g., complex noun phrases such as “the beautiful cot-
tage where they lived” must be (a) capable of being cre-
ated as a linguistic deep structure and (b) encapsulated
so that it can be manipulated as a whole by succeeding
elements of the pipelined NLG architecture.

� Assign thematic roles to concepts. To achieve seman-
tic equivalence between a sentence’s frame specifica-
tion and the corresponding deep structure, a sentence
planner must ensure that relations in the specification
are precisely mapped to the appropriate thematic roles
in a functional description, e.g., mother001 could be
mapped to agent and nest007 to located.

� Robustly construct functional descriptions. A sentence
planner must ensure that only FDs that will create gram-
matical sentences can be constructed. A number of er-
rors that degrade robustness must be curbed, e.g., lack of
appropriate lexicalizations, missing semantic roles, and
sentential modifiers that conflict with the overall senten-
tial semantics.

Once the sequence of narrative stream primitives has been
processed by the sentence planner, the resulting FDs (repre-
senting the deep linguistic structures for each protosentence)
can be given directly to the surface realizer for text genera-
tion. However, because the quality of simple propositional

((cat clause)
(tense past)
(process ((type existential)))
(participants ((located ((cat common)

(definite no)
(lex "nest")))))

(pred-modif ((location ((cat pp)
(prep ((lex "in")))
(np ((cat common)

(definite no)
(lex "ash tree"))))))))

Figure 5: Functional Description (FD) for “There was a nest
in an ash tree.” from Figure 1, Sentence 2.

sentences is notoriously poor, STORYBOOK revises them, it-
eratively saving each FD while maintaining the paragraph
separations imposed by the narrative segmenter and proceeds
to send paragraph-sized batches to the revision component
(described in the following section) in order to improve over-
all prose quality.

3.3 Revision
Revision modules [Dalianis and Hovy, 1993; Robin, 1994;
Callaway and Lester, 1997; Shaw, 1998] take a series of pro-
tosentences (simple sentences with limited content, e.g., “The
wolf saw Little Red Riding Hood”) and rearrange them by
aggregation, i.e. combining protosentences in various ways,
or by migration, i.e. permuting the order of two adjacent
protosentences. The REVISOR component [Callaway and
Lester, 1997] receives a paragraph-sized group of protosen-
tences from the sentence planner represented as an ordered
set of deep-structure functional descriptions.

To illustrate, consider the issue of clause aggregation, a
central problem in multi-sentential text generation. Suppose
a narrative prose generation system is given the task of con-
structing a fairy tale and it produces several pages of prose.
Although it might accurately communicate the content of the
narrative plan, the terseness of each sentence makes the over-
all effect disjointed; in other words, content without literary
form. An entire story comprised solely of protosentences is
intolerable for almost any adult reader. (See sample prose in
Figures 1 and 2.)

To avoid producing a series of abrupt sentences, a narrative
planner could be assigned the task of predicting how partic-
ular concepts will be realized in order to optimize clause ag-
gregation and reordering decisions. However, this approach
violates modularity considerations and does not scale well: it
significantly complicates the design of the narrative planner
by forcing it to attend simultaneously to content selection,
narrative organization, and complex syntactic issues. Alter-
natively, the propositions could be grouped by a single-pass
realization system. This approach is quite inefficient and
also ineffective. Reorganizing, aggregating, and realizing the
specifications in a single pass poses innumerable difficulties:
the realizer would somehow have to anticipate the cumulative
effects of all aggregation decisions with regard to grammati-
cality, subordination, and lexical choice.

An important aspect of revision in NLG is the concept of
discourse constraints, which specify a partial order on the
sequence of functional descriptions. For example, the narra-
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tive planner might hand down a narrative constraint stating
that, in a particular narrative passage, a sequence of events
are causal in nature and that to reorder them in some fash-
ion could destroy that causality in the mind of the reader.
Additionally, because narrative prose includes character di-
alogue, it is important to prevent the reordering of character
utterances. Thus, discourse constraints are employed to re-
strict aggregation and migration revisions that would affect
particular types of clause elements across critical semantic
boundaries. STORYBOOK utilizes the multilingual version of
the REVISOR component described in [Callaway and Lester,
1997] to perform all of these tasks.

3.4 Surface Realization
The revision component passes the series of revised func-
tional descriptions one by one to the surface realizer, which is
responsible for producing the actual readable text that readers
see. STORYBOOK employs the FUF surface realizer, which
is accompanied by the SURGE (Systemic Reusable Grammar
of English) grammar. SURGE, written as a systemic grammar
[Halliday, 1976] in the FUF formalism, is the largest gener-
ation grammar in existence in terms of coverage, containing
large portions of Quirk’s Comprehensive Grammar of English
[Quirk et al., 1985] in an HPSG [Pollard and Sag, 1994] in-
terpretation.

Modifications were made to SURGE to allow for dialogue
orthography [Callaway, 2001], integrated formatting to pro-
duce LATEX, HTML, and XML, as well as a number of
grammatical additions to account for syntactic constructions
encountered during our corpus analyses (i.e., linguistic phe-
nomena we encountered in narratives that were not present
in our analyses of explanatory and instructional text). This
allows STORYBOOK to produce webpages as output that in-
clude pre-generated graphics specified in the narrative stream
as well as boldface, italics, and font size embedded into in-
dividual sentences. Furthermore, we implemented a Spanish
version of SURGE as described in [Callaway et al., 1999] and
also augmented it to produce character dialogue, etc.

4 Implementation and Evaluation
STORYBOOK is an end-to-end generation system capable of
producing multi-page narrative prose in the Little Red Riding
Hood domain like that found in Figure 6, which required 74
fabula operators and 253 narrative stream primitives to gener-
ate. STORYBOOK is implemented in HARLEQUIN LISP on a
Dell Precision Workstation 410 using a 600 MHz Pentium III
processor with 512 MB of memory. The initial story ontol-
ogy consists of approximately 500 concepts and 300 relations
(including their lexicon entries) covering three different Little
Red Riding Hood narratives.

STORYBOOK consists of approximately 10,000 lines of
Lisp (for narrative organization, sentence planning, and re-
vision, but not surface realization). In addition, there are ap-
proximately 30 revision rules which are presently being mod-
ified to work for Spanish. The Spanish version of SURGE is
approximately the same size as the English version. During
story writing, surface realization is by far the largest con-
sumer of time, usually requiring 90% of the 45–90 seconds
needed to generate a two to three page narrative.

Once upon a time, a woodcutter and his wife
lived in a small cottage. The woodcutter and his
wife had a young daughter, whom everyone called
Little Red Riding Hood. She was a merry little
maid, and all day long she went singing about the
house. Her mother loved her very much.

One day her mother said, "My child, go to
grandmother’s house. We have not heard from her
for some time. Take these cakes, but do not stay
too long. And, beware the dangers in the forest."

Little Red Riding Hood was delighted because
she was very fond of her grandmother. Her mother
gave her a well-filled basket and kissed her
goodbye.

The road to grandmother’s house led through
the dark forest, but Little Red Riding Hood was
not afraid and she went on as happy as a lark.
The birds sang her their sweetest songs while the
squirrels ran up and down the tall trees. Now
and then, a rabbit would cross her path.

Little Red Riding Hood had not gone far when
she met a wolf.

"Hello," greeted the wolf, who was a
cunning-looking creature. "Where are you going?"

"I am going to my grandmother’s house,"
Little Red Riding Hood replied.

"Ah, well then, take care in the forest, for
there are many dangers." And then the wolf left.

Little Red Riding Hood was not in a hurry.
Indeed, she gathered wild flowers and chased the
pretty butterflies.

Meanwhile the wolf ran ahead very quickly
and soon arrived at grandmother’s house. He
knocked on the door gently. The old lady asked,
"Who is there?"

The wolf replied, "It is Little Red Riding
Hood, your granddaughter."

And so the old lady opened the cottage door.
The wolf rushed in immediately and devoured the
lady in one bite. Then he shut the door and
climbed into the old lady’s bed.

Much later Little Red Riding Hood arrived at
grandmother’s house. She knocked on the door and
shouted, "Grandmother, it is Little Red Riding
Hood."

"Pull the string. The door will open."

And so Little Red Riding Hood opened the
door and walked in. "Grandmother, what big eyes
you have."

"All the better to see with, dear."

"Grandmother, what big ears you have."

"All the better to hear with, dear."

"And, grandmother, what big teeth you have!"

"All the better to eat up with!" yelled the
wolf.

And then the wolf jumped up and devoured
Little Red Riding Hood in one bite.

Figure 6: Example text produced by STORYBOOK
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Previous story generation projects such as TALE-SPIN
[Meehan, 1977], UNIVERSE [Lebowitz, 1985], and JOSEPH
[Lang, 1997], which actually generated narrative prose were
never subjected to an empirical evaluation to determine qual-
itatively or quantitatively how well their systems produced
narratives. Also, narrative prose generation is currently at
such an early stage of development that its evaluation should
be conducted in a manner that is qualitatively different from
work in more mature areas such as machine learning.

In order to assess the utility and overall contributions of
our deep generation architecture to the task of narrative prose
generation, we conducted a formal evaluation of the STORY-
BOOK system. Its purpose was to establish a baseline for
future NLG systems by judging the performance of three key
architectural components that differentiate shallow NLG sys-
tems from deep NLG systems: the discourse history module,
lexical choice module, and revision module.

Formally comparing human-authored narratives with those
produced by computer presents a difficult problem: there is
no known objective metric for quantitatively evaluating nar-
rative prose in terms of how it performs as a story. Simple
metrics exist for evaluation at the sentence level (e.g., num-
ber of words, depth of embedding, etc.), but a narrative per se
cannot be considered to be merely a collection of sentences
that are not related to each other. We instead opted for a com-
puter vs. computer style of evaluation involving the ablation
of the three architectural components mentioned above.

To stand in for the narrative planner (which is beyond the
scope of this work), we created a modestly sized finite state
automaton (containing approximately 200 states) capable of
producing two stories, comprising two and three pages re-
spectively. Furthermore, we fixed the content of those stories
(i.e., the fabula and narrative stream were identical) and ran
five different versions of STORYBOOK on each story: (1) all
three architectural components working, (2) revision turned
off, (3) lexical choice turned off, (4) the discourse history
turned off, and finally (5) a version with all three components
turned off. This resulted in ten total narratives which we pre-
sented to our test subjects. While the two versions differed in
the sense that particular modules were either ablated or not,
the two stories differed because they were created from two
separate paths through the planning automaton. Thus, Story
#1 had some different events, descriptions, and props than
Story #2 did.

Twenty test subjects graded each narrative over nine grad-
ing factors (representing various stylistic and linguistic crite-
ria) according to an A–F scale. We then converted the results
to a quantified scale where A = 4.0, B = 3.0, C = 2.0, D =
1.0, and F = 0.0 and tallied and averaged the final scores. To
determine the quantitative significance of the results, we per-
formed an ANOVA test over both stories. The analysis was
conducted for three independent variables (test subject, story,
and version) over the following grading factors:

� Overall: How is the story as an archetypal fairy tale?

� Style: Did the author use an appropriate writing style?

� Grammaticality: How would you rate the syntactic qual-
ity?

� Flow: Did the sentences flow from one to the next?

� Diction: How appropriate were the author’s word
choices?

� Readability: How hard was it to read the prose?

� Logicality: Did the story seem out of order?

� Detail: Did the story have the right amount of detail, or
too much or too little?

� Believability: Did the story’s characters behave as you
would expect?

The results of the ANOVA analysis point to three signif-
icant classes of narratives due to the architectural design of
the narrative prose generator. The most preferred narrative
class, consisting of Versions (1) and (3), were not signifi-
cantly different from each other while they were rated sig-
nificantly higher than all other versions. In addition, Version
(2) scored significantly better than the third class formed by
Versions (4) and (5), each of which lacked a discourse history.

The results indicate that discourse history and revision
components are extremely important, while lexical choice im-
proved text significantly in Story #1 but not in Story #2. Upon
analysis of the comments in their evaluations, it became clear
that a principal reason was the test subjects’ belief that the in-
creased lexical variation might prove too difficult for children
to read (even though we provided no indication that the target
audience was children) and thus Version (1) compared less
favorably to Version (3) due to the more complex and varied
words it contained. It is not clear whether a lexical choice
component would play a much more significant role in sub-
ject matter where a more adult audience was expected or if a
larger-scale component were utilized.

5 Conclusions
Full-scale linguistic approaches to narrative prose generation
can bring about significant improvements in the quality of
text produced by story generators. By integrating off-the-
shelf NLG components and adding a well-defined computa-
tional model of narrative, we can create a new generation of
story systems whose written prose quality far surpasses that
of previous attempts. This approach has been implemented
in STORYBOOK, a narrative prose generator that produces
multi-page fairy tales in near realtime. This deep structure ap-
proach has also been formally evaluated, suggesting that the
architectural modules responsible for a significant improve-
ment in prose quality are components not found in shallow
(template-based) generation systems currently employed by
most story generators. It is hoped that this work begins to
bridge the traditional gap between story generators and NLG
systems.
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Abstract
(LP)2 is a covering algorithm for adaptive Infor-
mation Extraction from text (IE). It induces
symbolic rules that insert SGML tags into texts
by learning from examples found in a user-
defined tagged corpus. Training is performed in
two steps: initially a set of tagging rules is
learned; then additional rules are induced to
correct mistakes and imprecision in tagging. In-
duction is performed by bottom-up generaliza-
tion of examples in the training corpus. Shallow
knowledge about Natural Language Processing
(NLP) is used in the generalization process. The
algorithm has a considerable success story.
From a scientific point of view, experiments re-
port excellent results with respect to the current
state of the art on two publicly available cor-
pora. From an application point of view, a suc-
cessful industrial IE tool has been based on
(LP)2. Real world applications have been devel-
oped and licenses have been released to external
companies for building other applications. This
paper presents (LP)2, experimental results and
applications, and discusses the role of shallow
NLP in rule induction.

1. Introduction
By general agreement the main barriers to wide use and
commercialization of Information Extraction from text
(IE) are the difficulties in adapting systems to new ap-
plications. The classical IE has been focusing on appli-
cations to free texts; therefore systems often rely on ap-
proaches based on Natural Language Processing (NLP)
(e.g. using parsing) [Humphreys et al.  1997; Grishman
1997]. Most systems require the manual development of
resources (e.g. grammars) by a user skilled in NLP [Ci-
ravegna 2000]. There is an increasing interest in apply-
ing machine learning (ML) to IE in order to build adap-
tive systems. Up to now, the use of ML has been ap-
proached mainly in an NLP-oriented perspective, i.e. in
order to reduce the amount of work to be done by the
NLP experts in porting systems across free text based

scenarios [Cardie 1997; Miller et al. 1998; Yangarber et
al. 2000]. Given the current technology, IE experts are
still necessary.
In the last years, the increasing importance of the Inter-
net has stressed the central role of texts such as emails,
Usenet posts and Web pages. In this context, extralin-
guistic structures (e.g. HTML tags, document format-
ting, and ungrammatical stereotypical language) are
elements used to convey information. Linguistically in-
tensive approaches are difficult or unnecessary in such
cases. For this reason a new research stream on adaptive
IE has arisen at the convergence of NLP, Information
Integration and Machine Learning. The goal is to pro-
duce IE algorithms and systems adaptable to new Inter-
net-related applications/scenarios by using only an ana-
lyst’s knowledge (i.e. knowledge on the domain/scenario
itself) [Kushmerick 1997; Califf 1998; Muslea et al.
1998; Freitag and McCallum 1999; Soderland 1999;
Freitag and Kushmerick 2000]. Such algorithms are very
effective when applied on highly structured HTML
pages, but less effective on unstructured texts (e.g. free
texts). In our opinion this is because most successful
algorithms make scarce (or no) use of NLP, tending to
avoid any generalization over the flat word sequence.
When they are applied to unstructured texts, data
sparseness becomes a problem.
This paper presents (LP)2, an adaptive IE algorithm de-
signed in this new stream of research that makes use of
shallow NLP in order to overcome data sparseness when
confronted with NL texts, while keeping effectiveness
on highly structured texts. This paper first introduces the
algorithm, discusses experimental results and shows how
the algorithm compares successfully with the current
state of the art. The role and importance of shallow NLP
for overcoming data sparseness is then discussed. Fi-
nally a successful industrial system for adaptive IE built
around (LP)2 is presented and some conclusions and fu-
ture work are drawn.

2.The Rule Induction Algorithm
(LP)2 learns from a training corpus where a user has
highlighted the information to be extracted with differ-
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ent SGML tags. It induces symbolic rules that insert
SGML tags into texts in two steps:

1. Sets of tagging rules are induced by bottom-up
generalization of tag instances found in the training
corpus. Shallow knowledge about NLP is used in the
generalization process.

2. Correction rules are induced that refine the tag-
ging by correcting mistakes and imprecision

This section presents and discusses these two steps.

2.1 Inducing Tagging Rules
A tagging rule is composed of a left hand side, contain-
ing a pattern of conditions on a connected sequence of
words, and a right hand side that is an action inserting an
SGML tag in the texts. Each rule inserts a single SGML
tag, e.g. <speaker>. This makes (LP)2 different from
many adaptive IE algorithms, whose rules recognize
whole slot fillers (i.e. insert both <speaker> and
</speaker> [Califf 1998; Freitag 1998]) or even multi
slots [Soderland 1999]. The tagging rule induction algo-
rithm uses positive examples from the training corpus
for learning rules. Positive examples are the SGML tags
inserted by the user. All the rest of the corpus is consid-
ered a pool of negative examples. For each positive ex-
ample the algorithm: (1) builds an initial rule, (2) gener-
alizes the rule and (3) keeps the k best generalizations of
the initial rule. In particular (LP)2’s main loop starts by
selecting a tag in the training corpus and extracting from
the text a window of w words to the left and w words to
the right. Each information stored in the 2*w word win-
dow is transformed into a condition in the initial rule
pattern, e.g. if the third word in the window is “semi-
nar”, the condition on the third word in the pattern will
be word=“seminar”. Each initial rule is then general-
ized. In the generalization process (LP)2 uses generic
shallow knowledge about Natural Language as provided
by a morphological analyzer, a POS tagger and a user-
defined dictionary (or a gazetteer). A lexical item (LexIt
in the following) summarizes such knowledge for each
word (e.g., companies) via: a lemma (company), a lexi-
cal category (noun), case information (lowercase) and a
list of user defined classes as defined by a user-defined
dictionary or a gazetteer (if available). An initial rule
and associated information in the LexIts is in Table 1.
Generalization consists in the production of a set of
rules derived by relaxing constraints in the initial rule
pattern. Conditions are relaxed both by reducing the
pattern in length and by substituting constraints on
words with constraints on some parts of the additional
knowledge.  Table 2 shows one of the many generaliza-
tions for rule in table 1. The last step of the algorithm is
the selection of the best generalizations. Each generali-
zation is tested on the training corpus and an accuracy
score L=wrong/matched is calculated. For each initial
instance the k best generalizations are kept that: (1) re-
port better accuracy; (2) cover more positive examples;

(3) cover different parts of input1; (4) have an error rate
that is less than a specified threshold.

Condition Associated information Actionword
index word lemma LexCat case SemCat Tag

1 the the Art low  
2 seminar seminar Noun low  
3 at at Prep low <stime>
4 4 4 Digit low  
5 pm pm Other low timeid  
6 will will Verb low  

Table 1: Starting rule (with associated NLP knowledge)
inserting <stime> in the sentence ``the seminar at
<stime> 4 pm will…''.

The other generalizations are discarded. Retained rules
become part of the best rules pool. When a rule enters
the best rules pool, all the instances covered by the rule
are removed from the positive examples pool, i.e. cov-
ered instances will no longer be used for rule induction
((LP)2 is a covering algorithm). Rule induction continues
by selecting new instances and learning rules until the
pool of positive examples is void.

Condition ActionWord
index Word Lemma LexCat Case SemCat Tag

3 at  <time>
4 digit   
5 timeid  

Table 2: A generalization for rule in table 1. The pattern is
relaxed in length (conditions on words 1, 2 and 6 were re-
moved) and conditions on the other words were substituted
by other constraints.

2.1.1 Learning Contextual Rules
When applied on the test corpus, the best rules pool pro-
vides good results in terms of precision, but limited ef-
fectiveness in terms of recall. This means that such rules
insert few tags (low recall), and that such tags are gener-
ally correct (high precision). Intuitively this is because
the absolute reliability required for rule selection is
strict, thus only some of the induced rules will match it.
In order to reach acceptable effectiveness, it is necessary
to identify additional rules able to raise recall without
affecting precision. (LP)2 recovers some of the rules not
selected as best rules and tries to constraint their appli-
cation to make them reliable. Constraints on rule appli-
cation are derived by exploiting interdependencies
among tags. As mentioned, (LP)2 learns rules for insert-
ing tags (e.g., <speaker>) independently from other tags
(e.g., </speaker>). But tags are not independent. There
are two ways in which they can influence each other: (1)
tags represent slots, therefore <tagx> always requires
</tagx>; (2) slots can be concatenated into linguistic
patterns and therefore the presence of a slot can be a
good indicator of the presence of another, e.g.
                                                

1 Rules derived from the same seed cover the same portions
of input when ineffective constraints are present.
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</speaker> can be used as “anchor tag” for inserting
<stime>2. In general it is possible to use <tagx> to in-
troduce <tagy>. (LP)2 is not able to use such contextual
information, as it induces single tag rules. The context is
reintroduced in (LP)2 as an external constraint used to
improve the reliability of unreliable rules. In particular,
(LP)2 reconsiders low precision non-best rules for appli-
cation in the context of tags inserted by the best rules
only. For example some rules will be used only to close
slots when the best rules were able to open it, but not
close it (i.e., when the best rules are able to insert
<tagx> but not </tagx>). Selected rules are called
contextual rules. As example consider a rule inserting a
</speaker> tag between a capitalized word and a low-
ercase word. This is not a best rule as it reports high
recall/low precision on the corpus, but it is reliable if
used only to close an open <speaker>. Thus it will only
be applied when the best rules have already recognized
an open <speaker>, but not the corresponding
</speaker>. Area of application is the part of the text
following a <speaker> and within a distance minor or
equal to the maximum length allowed for the present
slot3. “Anchor tags” used as contexts can be found either
to the right of the rule space application (as in the case
above when the anchor tag is <speaker>), or to the left
as in the opposite case (anchor tag is </speaker>).
Detailed description of this process can be found in [Ci-
ravegna 2000a]. Reliability for contextual rules is com-
puted by using the same error rate used for best rules,
but only matches in controlled contexts are counted.
In conclusion the sets of tagging rules (LP)2 induces are
both the best rule pool and the contextual rules. Figure 3
shows the whole algorithm for tagging rule induction.
Loop for instance in initial-instances
unless already-covered(instance)
loop for rule in generalise(instance)
test(rule)
if best-rule?(rule)
then insert(rule, bestrules)

cover(rule, initial-instances)
else loop for tag in tag-list

if test-in-context(rule,tag,:right)
then select-contxtl(rule,tag,:right)
if test-in-context(rule,tag,:left)
then select-contxtl(rule,tag,:left)

Figure 3: The final algorithm for rule tagging induction.

2.2 Inducing Correction Rules
Tagging rules when applied on the test corpus report
some imprecision in slot filler boundary detection. A
typical mistake is for example “at <time> 4
</time> pm”, where “pm” should have been part of the
time expression. For this reason (LP)2 induces rules for
shifting wrongly positioned tags to the correct position.
                                                

2 In the following we just make examples related to the first
case as it is more intuitive.
3 The training corpus is used for computing the maximum filler
length for each slot.

It learns from the mistakes made in applying tagging
rules on the training corpus. Shift rules consider tags
misplaced within a distance d from the correct position.
Correction rules are identical to tagging rules, but (1)
their patterns match also the tags inserted by the tagging
rules and (2) their actions shift misplaced tags rather
than adding new ones. An example of an initial correc-
tion rule for shifting </stime> in “at <stime> 4
</stime> pm'' is shown in table 4.
The induction algorithm used for the best tagging rules
is also used for shift rules: initial instance identification,
generalization, test and selection. “Wrong Tag” and
“Correct Tag” conditions are never relaxed. Positive
(correct shifts) and negative (wrong shifts of correctly
assigned tags) are counted. Shift rules are accepted only
if they report an acceptable error rate.

3. Extracting Information
In the testing phase information is extracted from the
test corpus in four steps: initial tagging, contextual tag-
ging, correction and validation. The best rule pool is
initially used to tag the texts. Then contextual rules are
applied in the context of the introduced tags. They are
applied until new tags are inserted, i.e. some contextual
rules can match also tags inserted by other contextual
rules. Then correction rules correct some imprecision.
Finally each tag inserted by the algorithm is validated.
There is no meaning in producing a start tag (e.g.
<speaker>) without its corresponding closing tag
(</speaker>) and vice versa, therefore uncoupled tags
are removed in the validation phase.

Condition Additional Information
word Wrong tag correct tag lemma LexCat case SemCat

at   at prep low
4 </stime>  4 digit low

pm  </stime> pm other low timeid
Table 4: A a correction rule. The action (not shown) shifts
the tag from the wrong to the correct position.

4. Experimental Results
(LP)2 was tested in a number of tasks in two languages:
English and Italian. In each experiment (LP)2 was trained
on a subset of the corpus (some hundreds of texts, de-
pending on the corpus) and the induced rules were tested
on unseen texts. Here we report about results on two
standard tasks for adaptive IE: the CMU seminar an-
nouncements and the Austin job announcements4. The
first task consists of uniquely identifying speaker name,
starting time, ending time and location in 485 seminar
announcements [Freitag 1998]. Table 5 shows the over-
all accuracy obtained by (LP)2, and compares it with that
obtained by other state of the art algorithms. (LP)2 scores
the best results in the task. It definitely outperforms
other symbolic approaches (+8.7% wrt Rapier[Califf
                                                

4 Corpora available at www.isi.edu/muslea/RISE/index.html
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1998], +21% wrt to Whisk[Soderland 1999]), but it also
outperforms statistical approaches (+2.1% wrt BWI
[Freitag and Kushmerick 2000] and +4% wrt HMM
[Freitag and McCallum 1999]).  Moreover (LP)2 is the
only algorithm whose results never go down 75% on any
slot (second best is BWI: 67.7%).

(LP)2 BWI HMM SRV Rapier Whisk
speaker 77.6 67.7 76.6 56.3 53.0 18.3
location 75.0 76.7 78.6 72.3 72.7 66.4

stime 99.0 99.6 98.5 98.5 93.4 92.6
etime 95.5 93.9 62.1 77.9 96.2 86.0

All Slots 86.0 83.9 82.0 77.1 77.3 64.9
Table 5: F-measure (β=1) obtained on CMU seminars. Results
for algorithms other than (LP)2 are taken from [Freitag and
Kushmerick 2000].  We added the comprehensive ALL SLOTS
figure, as it allows better comparison among algorithms. It was
computed by:

ΣΣΣΣslot (F-measure * number of possible slot fillers)
ΣΣΣΣslot number of possible slot fillers ∗100

Concerning (LP)2 results from a 10 cross-folder experiment using
half of the corpus for training. F-measure calculated via the
MUC scorer [Douthat 1998]. Average training time per run: 56
min on a 450MHz computer. Window size w=4.

A second task concerned IE from 300 Job Announce-
ments taken from misc.jobs.offered [Califf 1998]. The
task consists of identifying for each announcement: mes-
sage id, job title, salary offered, company offering the
job, recruiter, state, city and country where the job is
offered, programming language, platform, application
area, required and desired years of experience, required
and desired degree, and posting date. The results ob-
tained on such a task are reported in table 6. (LP)2 out-
performs both Rapier and Whisk (Whisk obtained lower
accuracy than Rapier [Califf 1998]). We cannot compare
(LP)2 with BWI as the latter was tested on a very limited
subset of slots. In summary, (LP)2 reaches the best results
on both the tasks.

Slot (LP)2 Rapier BWI Slot (LP)2 Rapier
id 100 97.5 100 platform 80.5 72.5

title 43.9 40.5 50.1 application 78.4 69.3
company 71.9 69.5 78.2 area 66.9 42.4

salary 62.8 67.4 req-years-e 68.8 67.1
recruiter 80.6 68.4 des-years-e 60.4 87.5

state 84.7 90.2 req-degree 84.7 81.5
city 93.0 90.4 des-degree 65.1 72.2

country 81.0 93.2 post date 99.5 99.5
language 91.0 80.6 All Slots 84.1 75.1

Table 6: F-measure (β=1) obtained on the Jobs do-
main using half of the corpus for training.

5. Discussion
 (LP)2’s main features that are most likely to contribute to
the excellence in the experiments are: (1) the induction
of symbolic rules (see the conclusions), (2) rule gener-

alization via shallow NLP, (3) the use of single tag rules
and (4) the use of correction.
(LP)2 induces rules by instance generalization. Generali-
zation is also used in SRV, Rapier and Whisk. It allows
reducing data sparseness by capturing some general as-
pects beyond the simple flat word structure. Shallow
NLP is the basis for generalization in (LP)2. Morphology
allows overcoming data sparseness due to num-
ber/gender word realizations, while POS tagging infor-
mation allows generalization over lexical categories. In
principle such type of generalization produces rules of
better quality than those matching the flat word se-
quence, rules that tend to report better effectiveness on
unseen cases. This is because both morphology and POS
tagging are generic NLP processes performing equally
well on unseen cases; therefore rules relying on their
results apply successful on unseen cases. This intuition
was confirmed experimentally: (LP)2 with generalization
((LP)2

G) definitely outperforms a version without gener-
alization ((LP)2

NG) on the test corpus, while having com-
parable results on the training corpus (+57% on the
speaker field, +28% on the location field, +11% overall
on the CMU task). Moreover in (LP)2

G the covering algo-
rithm converges more rapidly than in (LP)2

NG, because its
rules tend to cover more cases. This means that (LP)2

G
need less examples in order to be trained, i.e., rule gen-
eralization also allows reducing the training corpus size.
Not surprisingly the role of shallow NLP in the reduc-
tion of data sparseness is more relevant on semi-
structured or free texts (such as the CMU seminars) than
on documents with highly standardized language (e.g.
HTML pages, or the job announcement task). During the
rule selection phase (LP)2 is able to adopt the right level
of NLP information for the task at hand: in an experi-
ment on texts written in mixed Italian/English we used
an English POS tagger that was completely unreliable on
the Italian part of the input. (LP)2

G reached the same ef-
fectiveness of (LP)2

NG, because the rules using the unreli-
able NLP information were automatically discarded.
This shows that the use of NLP is always a plus, never a
minus.
The separate recognition of tags is an aspect shared by
BWI, while HHM, Rapier and SRV recognized whole
slots and Whisk recognizes multislots. Separate tag
identification allows further reduction of data sparse-
ness, as it better generalizes over the coupling of slot
start/end conditions. For example in order to learn pat-
terns equivalent to the regular expression
(`at’|`starting from’)DIGIT(`pm’|`am’), (LP)2 just
needs two examples, e.g., `at’+`pm’ and `starting
from’+`am’, because the algorithm induces two inde-
pendent rules for <time> (`at’ + `starting from’)
and two for </time> (`am’ + `pm’). In a slot-oriented
rule learning strategy four examples (and four rules) will
be needed, i.e. `at’+`pm’, `at’+`am’, `starting

from’ +`pm’, `starting from’+`am’. In a multislot
approach the problem is worst and the number of train-
ing examples needed increases drastically [Ciravegna
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2000a].
Another reason for the good experimental results relies
in the use of a correction step. Correction is useful in
recognizing slots with fillers with high degree of vari-
ability (such as the speaker in the CMU experiment),
while it does not pay on slots with highly standardized
fillers (such as many slots in the Jobs task). (LP)2 using
correction rules reports 7% more in terms of accuracy on
</speaker> than (LP)2 without correction. Imprecision
in tagging was also reported by [Califf 1998] who noted
up to 5% imprecision on some slots (but she did not in-
troduce any correction steps in Rapier).

Slot PRE REC F-measure Slot PRE REC F-measure
Name 97 82 88.9 Email 92 71 80.1
Street 96 71 81.6 Tel. 93 75 83.0
City 90 90 90 Fax 100 50 66.6
Prov. 97 92 94.4 Zip 100 90 94.7
Zip 100 90 94.7

Table 7: Results of a blind test on 50 resumees. This is not a
simple named entity recognition task. A resumee may contain
many names and addresses (e.g. previous work addresses,
name of referees or thesis supervisors and their addresses).
The system had to recognize the correct ones.

6. Developing real world applications
(LP)2 was developed as a research prototype, but it
quickly turned out to be suitable for real world applica-
tions. An industrial system based on (LP)2, LearningPi-
nocchio, was developed. Recently LearningPinocchio
has been used in a number of industrial applications.
Moreover licenses have been released to external com-
panies for further application development. This section
reports about some industrial applications we have di-
rectly developed. The system is used for extracting in-
formation from professional resumees written in English.
It is used on the results of a spider that surfs the Web to
retrieve professional resumees. The spider classifies
resumees by topics (e.g. computer science). LearningPi-
nocchio extracts the relevant information and its output
is used to populate a database. Table 7 shows some re-
sults obtained in such task. Application development
time for the IE task required about 24 person hours for
scenario definition and revision (the scenario was re-
fined by tagging some texts in different ways and dis-
cussing among annotators). Further 10 person hours
were needed for tagging about 250 texts.  The rule in-
duction process took 72 hours on a 450MHz machine,
with window size w=4. Finally system results validation
required four person hours.

TAG F(1) TAG F(1)
Geograph Area 0.70 Organiz. Name 0.86
Currency 0.85 Company Share
Stock Exchange     Name 0.85
    Name 0.91     Type 0.92
    Index 0.97     Category 0.86

ALL SLOTS 0.87
  Table 8: Results of blind test on financial news (300 texts).

Two other applications were developed for Kataweb, a
major Italian Internet portal. The goal was to extract
information from both financial news and classified ads
written in Italian and published on the portal pages.
LearningPinocchio is used both to generate hyperlinks
for cross-referencing texts and to retrieve texts querying
the content. The application is currently under final test
at the customer’s site. Table 8 shows experimental re-
sults on financial news.

7. Conclusions and Future Work
(LP)2 is a successful algorithm. On the one hand it out-
performs the other state of the art algorithms on two
very popular IE tasks. It is important to stress the fact
that (LP)2 outperforms also statistical approaches, be-
cause in the last years the latter largely outperformed
symbolic approaches. There is a clear advantage in using
symbolic rules in real world applications. It is possible
to inspect the final system results and manually
add/modify/remove rules for squeezing additional accu-
racy (it was not done in the scientific experiments, but it
was in the applications).
On the other hand (LP)2 was the basis for building
LearningPinocchio, a tool for building adaptive IE ap-
plications that is having a considerable commercial suc-
cess. This shows that adaptive IE is able produce tools
suitable for building real world applications by a final
user by using only analyst’s knowledge.
Future work on (LP)2 will involve both the improvement
of rule formalism expressiveness and the further use of
shallow NLP for generalization. Concerning the im-
provement in rule formalism expressiveness we plan to
include some forms of Kleene-star and optionality op-
erators. Such improvement has shown to be very effec-
tive in both BWI and Rapier. Concerning the use of
shallow NLP for generalization (i.e., one of the keys of
the success in (LP)2) there are two possible improve-
ments.  On the one hand (LP)2 will be used in cascade
with a Named Entity Recognizer (also implemented by
using (LP)2). This will allow further generalization over
named entity classes (e.g., the speaker is a person, so it
is possible to generalize over such class in the rules). On
the other hand (LP)2 is compatible with forms of shallow
parsing such as chunking. It is then possible to preproc-
ess the texts with a chunker and to insert tags only at the
chunk borders. This is likely to improve precision in
border identification.
An interesting question concerns the limits of the tag-
ging-based IE approach used by many adaptive systems,
(LP)2 included. Classic MUC-like IE is based on tem-
plate filling. Template filling is more complex than tag-
ging, as it implies to decide about both coreference of
expressions (are “John A. Smith” and “J. Smith” the
same person? Two seminars have been identified in a
text: are they separate events or are they coreferring?),
and slot pairing (two seminars and two speakers have
been identified: which is the speaker of the first semi-

1255NATURAL LANGUAGE PROCESSING AND INFORMATION RETRIEVAL



nar?). (LP)2 is able to apply default strategies for tem-
plate merging that solve simple cases of coreferences
and slot pairing. Such strategies are powerful enough to
cope with many real world tasks, but in some other cases
they are not effective enough. For example in the re-
sumees application the customer was interested in re-
trieving also the triples degree/university/year. Learn-
ingPinocchio was able to correctly highlight such infor-
mation, but often it was not able to pair them correctly,
therefore they were not used to populate the database,
but only to index texts. Even if some ad hoc strategies
would have probably solved the problem in the specific
case, it is quite clear that this is a major limitation in the
approach. Classical MUC-like IE systems use sophisti-
cated strategies for coreference resolution and template
merging, very often based on a mix of NLP knowledge
and domain knowledge [Humphreys et al. 1998]. Two
problems prevent the use of such techniques. On the one
hand deep NLP is not effective in many applications in
the Internet realm (e.g. how can you parse an e-mail?).
On the other hand it is not clear how to elicit the domain
knowledge for coreference from an analyst (adaptability
via analyst’s knowledge is a strong constraint as men-
tioned above). Adaptive template filling is an issue
worth exploration that we are currently investigating.
We work in the direction of further using shallow NLP
for improving template filling and merging. To some
extent this is also a step in the direction of bridging the
gap between classical NLP based IE systems and fully
adaptive systems.
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Abstract

This paper develops a new paradigm for relational
learning which allows for the representation and
learning of relational information using proposi-
tional means. This paradigm suggests different
tradeoffs than those in the traditional approach to
this problem – the ILP approach – and as a result
it enjoys several significant advantages over it. In
particular, the new paradigm is more flexible and
allows the use of any propositional algorithm, in-
cluding probabilistic algorithms, within it.
We evaluate the new approach on an important
and relation-intensive task - Information Extraction
- and show that it outperforms existing methods
while being orders of magnitude more efficient.

1 Introduction
Relational learning is the problem of learning structured con-
cept definitions from structured examples. Relational repre-
sentations use a first-order model to describe the problem do-
main and examples are given to the learner in terms of objects
and object relations rather than by simple propositions.

In a variety of AI problems such as natural language un-
derstanding related tasks, visual interpretation and planning,
given a collection of objects along with some relations that
hold among them, the fundamental problem is to learn defini-
tions for some relations or concepts of interest in terms of the
given relations. Examples include the problem of identifying
noun phrases in a sentence in terms of the information in the
sentence, detecting faces in an image or defining a policy that
maps states and goals to actions in a planning situation. In
many of these cases it is natural to represent and learn con-
cepts relationally; propositional representations might be too
large, could lose much of the inherent domain structure and
consequently might not generalize well. In recent years, this
realization has renewed the interest in studying relational rep-
resentations and learning.

Inductive Logic Programming (ILP) is an active subfield
of machine learning that addresses relational learning and is
a natural approach to apply to these tasks. While, in principle,

∗Research supported by NSF grants IIS-9801638 and IIS-
0085836 and an ONR MURI Award.

ILP methods could allow induction over relational structures
and unbounded data structures, theoretical and practical con-
siderations render the use of unrestricted ILP methods impos-
sible. Studies in ILP suggest that unless the rule representa-
tion is severely restricted the learning problem is intractable.
While there are several successful heuristics for learning ILP
programs, there are many practical difficulties with the in-
flexibility, brittleness and inefficient “generic” ILP systems.
In most cases, researchers had to develop their own, problem
specific, ILP systems[Mooney, 1997] but have not always
escaped problems such as search control and inefficiency -
especially in large scale domains like NLP.

This paper develops a different paradigm for relational
learning that allows the use of general purpose and efficient
propositional algorithms, but nevertheless learns relational
representations. Our paradigm takes a fresh look at some
of the restrictions ILP systems must make in order to work
in practice and suggests alternatives to these; as a result,
it enjoys several significant advantages over traditional ap-
proaches. In particular, the new paradigm is more flexible and
allows the use of any propositional algorithm, including prob-
abilistic algorithms, within it. It maintains the advantages of
ILP approaches while allowing more efficient learning, im-
proved expressivity and robustness.

At the center of our paradigm is a knowledge representa-
tion language that allows one to efficiently represent and eval-
uate rich relational structures using propositional representa-
tions. This allows us to learn using propositional algorithms
but results in relational concepts descriptions as outcome.

This paper evaluates the new paradigm in the domain of In-
formation Extraction (IE). This is the NLP task of extracting
specific types or relevant items from unrestricted text. Rela-
tional learning methods are especially appealing for learning
in this domain since both the target concepts and the informa-
tion in the domain (within and across documents) are often
relational. We develop an IE system based on our paradigm;
the learning component of our system makes use of a fea-
ture efficient learning algorithm that is especially suitable for
the nature of our paradigm. However, we show that stan-
dard learning algorithms like naive Bayes also work well with
it. Experimental comparisons show that our approach outper-
forms several ILP-based systems tried on this tasks, sometime
significantly, while being orders of magnitude more efficient.
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2 Propositional Relational Representations
In this section we present a knowledge representation lan-
guage that has two components: (1) a subset of first order
logic (FOL) and (2) a collection of structures (graphs) defined
over elements in the domain.

The relational languageR is a restricted (function free)
first order language for representing knowledge with respect
to a domainD. The restrictions onR are applied by limiting
the formulae allowed in the language to a collection of formu-
lae that can be evaluated very efficiently on given instances
(interpretations). This is done by (1) defining primitive for-
mulae with limited scope of the quantifiers (Def. 2.1). (2)
General formulae are defined inductively in terms of prim-
itive formulae in a restricted way that depends on the rela-
tional structures in the domain. The emphasis is on locality
with respect to these relational structures that are represented
as graphs over the domain elements.

This language allows the encoding of first order represen-
tations and relational structures as propositions and thus sup-
ports the use of better learning algorithms, including gen-
eral purpose propositional algorithms and probabilistic algo-
rithms over the elements of the language. This approach ex-
tends previous related constructions from ILP[Lavracet al.,
1991; Khardonet al., 1999] but technically is more related
to the latter. In the rest of this section we present the main
constructs of the language. We omit many of the standard
definitions and concentrates on the unique characteristics of
R. See, e.g.,[Lloyd, 1987] for general details.

The vocabularyΣ consists of constants, variables, predi-
cate symbols, quantifiers, and connectives.

Definition 2.1 A primitive formula is defined inductively: (1)
A term is either a variable or a constant. (2) Let p be a k-ary
predicate,t1, · · · , tk terms. Thenp(t1, · · · , tk) is an atomic
formula. (3) Let F be an atomic formula, and z be a variable.
Then(∀zF ) and (∃zF ) are atomic formulae. (4) An atomic
formula is a primitive formula. (5) If F and G are primitive
formulae, then so are(¬F ), (F ∧G), (F ∨G).
Notice that for primitive formulae inR thescopeof a quan-
tifier is always the unique predicate that occurs with it in
the atomic formula. We call a variable-less atomic formula
a propositionand a quantified atomic formula, aquantified
proposition[Khardonet al., 1999]. The informal semantics
of the quantifiers and connectives is as usual.

Before we move on to extend the languageR we discuss
the domain and the notion of an instance.

Definition 2.2 (Domain) The languageR is defined over a
domainD which consists of astructured elementD = 〈V,G〉
whereV is a collection of typed elements andG is a set of
partial orders overV (specifically, each partial ordergi ∈ G
is an acyclic graph(Vi, Ei), whereVi ⊆ V and Ei is a set
of edges onVi). Along with it, for each constant there is an
assignment of an element inV and for each k-ary predicate,
an assignment of a mapping fromV k to {0,1} ({true, false}).
Example 2.1 The fragment in Fig. 1 forms a domainD =
(V,G), whereV consists wordsTIME, :, 3,:, 30, pm and
the phrase3 : 30 pm andG consists of two linked lists (de-
noted in the solid line and the dashed line). In generalgi

Figure 1: A fragment of an article

could be more complex and represent, say, a parse tree over
a sentence.

The notion of types is used as a way to classify elements
in the language according to their properties. In particular,
we will think also of predicates as typed in the sense that
their domain is typed. We distinguish within the setV two
main types; a setO ⊂ V of objectsand a setA ⊂ V of
attributes. Correspondingly, we define types of predicates.
Type 1 predicates take as their first argument an element in
O and as their second argument an element inA. Type 1
predicates describe properties of elements inO; thusp(o, a)
may also be written asp(o) = a, with the semantics that in a
given interpretation,p(o, a) holds. All other predicate types
will have elements inO as their arguments. These predicates
will be defined via elements inG, and will haveg ∈ G as their
type. Specifically,pg(o1, o2) indicates thato1, o2 are nodes in
the graphg ∈ G and there is an edge ing between them.

Elements inO represent objects in the world. For exam-
ple, in NLP applications such as ours these might be words,
phrases, sentences or documents. Predicates of type1 de-
scribe properties of these elements – spelling of a word, syn-
tactic tag of a word, a phrase type, etc. The graphs inG de-
scribe relations between (sets of) objects – wordw1 is before
w2, w1 is thesubjectof the verbw2, etc. (It is possible to
generalizeG to a collection of hypoergraphs, but this is not
needed in the current application.) As usual, the “world” in
which we interpret the aforementioned constructs could be a
single sentence, a document, etc.

Definition 2.3 An instanceis an interpretation[Lloyd, 1987]
which lists a set of domain elements and the truth values of
all instantiations of the predicates on them.

Given an instancex, a formulaF inR is given a unique truth
value,the value ofF onx, defined inductively using the truth
values of the predicates inF and the semantics of the con-
nectives. Since for primitive formulae inR the scope of a
quantifier is always the unique predicate that occurs with it
in the atomic formula, we have the following properties. It
will be clear that the way we extend the language (Sec. 2.1)
maintains this properties (proofs omitted).
Proposition 2.1 Let F be a formula inR, let x be an in-
stance, and lettp be the time to evaluate the truth value of an
atomp in F . Then, the value ofF on x can be evaluated in
time

∑
p∈F tp.

That is,F is evaluated simply by evaluating each of its atoms
(ground or quantified) separately. This holds, similarly, for
the following version of subsumption for formulae inR.

Proposition 2.2 (subsumption)Letx be an instance and let
f : {0, 1}n → {0, 1} be a Boolean function ofn variables
that can be evaluated in timetf . Then the value of the clause
f(F1, . . . Fn) on x can be evaluated in timetf +

∑
F tF ,

where the sum is over alln formulae that are arguments off .

1258 NATURAL LANGUAGE PROCESSING AND INFORMATION RETRIEVAL



2.1 Relation Generation Functions
The definition of the general formulae allowed inR will be
operational and will use the structures inG. To do that we in-
troduce a mechanism that generates more expressive formu-
lae in a way that respects the structures in the domain, thus
restricting the formulae generated.

Definition 2.4 A formula inRmaps an instancex to its truth
value inx. It is activein x if it has truth valuetrue in it. We
denote byX the set of all instances – theinstance space. A
formulaF ∈ R is thus arelationoverX, F : X → {0, 1}.
Example 2.2 Let instancex be the fragment illustrated
in Ex. 2.1. Some active relations inx are word(TIME),
word(pm), andnumber(30).

Given an instance, we would like to know what are the rela-
tions (formulae) that areactivein it. We would like to do that,
though, without the need to write down explicitly all possible
formulae in the domain. This is important, in particular, over
infinite domains or in problems domains such as NLP, where
inactive relations vastly outnumber active relations.

Definition 2.5 Let X be an enumerable collection of rela-
tions onX. A relation generation function (RGF) is a map-
ping G : X → 2X that mapsx ∈ X to a set of all elements
in X that satisfyχ(x) = 1. If there is noχ ∈ X for which
χ(x) = 1, G(x) = φ.

RGFs can be thought of as a way to define “kinds” of formu-
lae, or to parameterize over a large space of formulae. Only
when an instancex is presented, a concrete formula (or a col-
lection of) is generated. An RGF can be thought of as having
its own rangeX of relations.

Example 2.3 It is impossible to list all formulae that use the
numberpredicate in advance. However, RGF can specify
formulae of this kind and, given the instanceTIME : 3 :
30 pm, only the active relations of this kind:number(3) and
number(30) – are generated.

In order to define the collection of formulae inR we define
the family of RGFs forR; the output of these define the for-
mulae inR. RGFs are defined inductively using a relational
calculus. The alphabet of this calculus consists of (i) basic
RGFs, calledsensorsand (ii) a set of connectives. While the
connectives are the same for every alphabet thesensorsvary
from domain to domain. A sensor is a way to encode ba-
sic information one can extract from an instance. It can also
be used as a uniform way to incorporate external knowledge
sources that aid in extracting information from an instance.

Definition 2.6 A sensoris a relation generation function that
maps an instancex into a set of atomic formulae inR. When
evaluated on an instancex a sensors outputs all atomic for-
mulae in its range which areactive.

Example 2.4 Following are some sensors that are commonly
used in NLP.

• Theword sensor over word elements, which outputs ac-
tive relationsword(TIME), word(:), word(3), word(30),
andword(pm) from “TIME : 3 : 30 pm”.

• The lengthsensor over phrase elements, which outputs
active relationslen(4) from “3 : 30 pm”.

• Theis-asensor, outputs the semantic class of a word.

• Thetagsensor, outputs the part-of-speech tag of a word

The word and len sensors derive information directly from
the raw data, while theis-a sensor uses external informa-
tion sources such as WordNet and thetagsensor uses a pre-
learned part-of-speech tagger.

Several mechanisms are used in the relational calculus to de-
fine the operations of RGFs. We mention here only thefo-
cusmechanism which is actually abindingmechanism that is
used to define quantified formulae inR.

Definition 2.7 Let E be a set of elements in the domain. An
RGF r is focusedon E if, given an instancex, it generates
only formulae in its range that are active inx due to elements
in E. The focused RGF is denotedr[E].

There are several ways to define a focus set. It can be done
explicitly or using the structureG. The focus set is equivalent
to the free variables in FOL representations.

The relational calculus allows one to inductively generate
new RGFs by applying connective and quantifiers over ex-
isting RGFs. Using the standard connectives one can define
RGFs that output formulae of the type defined in Def 2.1.
Details will not be given here. Instead, we describe only one
important type of operations within the relational calculus –
structural operations. These operations exploit the structural
(relational) properties of the domain as expressed inG in or-
der to define RGFs. Thus, more general formulae, that can
have interactions between variables, are generated, while still
allowing for efficient evaluation and subsumption, due to the
graph structure. For example, the structural collocation oper-
ator,colloc, with respect tog is defined as follows.

Definition 2.8 Let s1, s2, . . . sk be RGFs for R.
collocg(s1, s2, . . . sk) is a restricted conjunctive opera-
tor that is evaluated on a chain of lengthk in g. Specifically,
letD = (V,G) be a domain, withg ∈ G, andv1, v2, . . . vk a
chain ing. The formulae generated bycollocg(s1, s2, . . . sk)
are those generated bys1[v1]&s2[v2]& . . . &sk[vk], where
(1) bysj [vj ] we mean that the RGFsj is focused on{vj} (2)
the & operator means that formulae in the output of(s&r)
are active formulae of the formF∧G, whereF is in the
range ofs andG is in the range ofr (evaluated onx). This
is needed since each RGF in the conjunction may produce
more then one formulae.

Example 2.5 When applied with respect to the graphg
which represents the linear structure of the sentence,collocg

simply generates formulae that corresponds to ngrams. E.g.,
given the fragment “Dr John Smith”, RGFcolloc(word,
word) extracts the bigramsword(Dr)-word(John) and
word(John)-word(Smith) .

Similarly to collocg one can define asparsecollocation
operator with respect to a chain ing. This is also a re-
stricted conjunctive operator that is evaluated on a chain in
g with the following difference. Formulae are generated
by scollocg(s1, s2, . . . sk) as follows: Letv1, v2, . . . vn be
a chain ing. For each subsetvi1 , vi2 , . . . vik

of elements
in v, such thatij < il when j < l, all the formulas:
s1[vi1 ]&s2[vi2 ]& . . . &sk[vik

], are generated.
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Notice that while primitive formulae inR have a single
predicate in their scope, the structural properties provides a
way to go beyond that but only in a restricted way that is
efficiently evaluated. Structural operations allow us to de-
fine RGFs that constrain formulae evaluated on different ob-
jects without incurring the cost usually associated with en-
larging the scope of free variables. This is done by enlarg-
ing the scope only as required by the structure of the do-
main, modeled byG. This allows for efficient evaluation as
in Prop. 2.1, 2.2 with the only additional cost being that of
finding chain in the graph (details omitted).

3 Comparison to ILP Methods
Propositional learning on relational features provides a dif-
ferent paradigm for relational learning. While, in principle,
ILP methods could allow induction over relational structures
and unbounded data structures and their expressivity can-
not be matched by propositional methods, theoretical and
practical considerations render the use of unrestricted ILP
methods impossible. Studies in ILP suggest that, unless the
rule representation is severely restricted, the learning prob-
lem is intractable[Kietz and Dzeroski, 1994; Cohen, 1995;
Cohen and Page, 1995]. Several successful heuristics for
learning ILP programs[Muggleton and De Raedt, 1994;
Cussens, 1997; Quinlan, 1990] have made different algorith-
mic and representational restrictions in order to facilitate ILP
although there are still many practical difficulties with the in-
flexibility, brittleness and inefficient “generic” ILP systems.

Our approach offers different tradeoffs than those sug-
gested by the common restrictions made by current ILP sys-
tems. While we cannot say that our paradigm dominates the
traditional ILP approach in general, we believe that in many
cases the alternatives it offers provide a better way to address
relational learning, especially in large scale domains such as
NLP. Below we address some key issues that could help in
developing a better understanding to the suitability of each.
Search: The key difference between the traditional ILP ap-
proach and ours is the way they structure the search space.
In ILP, “features” are generated as part of the search proce-
dure in an attempt to find good bindings. In our case, the
“features” tried by an ILP program during its search are gen-
erated up front (in a data driven way) by the RGFs. Some of
these are grounded and some have free variables in them. The
learning algorithm will look at all of them “in parallel” and
find the best representation. Search control methods used by
ILP methods are thus analogous to the expressivity we give to
our RGFs. The order of “visiting” these features is different.
Knowledge: One of the key cited advantages of ILP meth-
ods is the ability to incorporate background knowledge. In
our paradigm, this is incorporated flexibly using the notion of
sensors. Sensors allow us to treat information that is readily
available in the input, external information or even previously
learned concepts in a uniform way.
Expressivity(I): The basic building blocks of the representa-
tions we use (our formulae) are the same as those used by ILP
representations. As presented in Sec. 2, for a predicateR and
elementsa, b we are not representing only the ground term
R(a, b) but alsoR(X,Y ), R(X, b), etc. This is similar to the

work in [Lavracet al., 1991] only that our structural opera-
tions allow us to avoid some of the determinacy problems of
that approach.
Learning: The relational features generated by our RGFs
provide a uniform domain for different learning algorithms.
Applying different algorithms is easy and straightforward.
Moreover, it is straightforward to use probabilistic models
over this representation and in this way it provides a natu-
ral and general way of using relational representations within
a probabilistic framework. On the other hand, it turns out that
“generic” ILP methods suffer brittleness and inefficiency and
in many cases, researchers had to develop their own, problem
specific, ILP systems[Mooney, 1997].

In particular, while time complexity is a significant prob-
lem for ILP methods, propositional learning is typically a lot
more efficient. In our paradigm, due to the fact that our RGFs
will generate a very large number of relational features (see
“search” above) we adopt a specific learning methodology,
following [Khardonet al., 1999]. While this is not necessary
(as shown in Sec. 5) we discuss this direction next.
Expressivity (II): Several issues can be mentioned in
the context of using linear threshold functions as concept
representation over the relational features extracted using
RGFs [Khardon et al., 1999]. Advocates of ILP meth-
ods suggest that the rich expressive power of FOL provides
advantages for knowledge-intensive problems such as NLP
[Mooney, 1997]. However, given strong intractability results,
practical systems apply many representational restrictions. In
particular, the depth of the clauses (the number of predicates
in each clause) is severely restricted. Thus, the learned con-
cept is actually ak-DNF, for smallk. In our paradigm, the
constructs ofcolloc and scolloc allow us to generate rela-
tional features which are conjunctions of predicates and are
thus similar to a clause in the output representation of an ILP
program. While an ILP program represents a disjunction over
these, a linear threshold function over these relational features
is more expressive. In this way, it may allow learning smaller
programs. The following example illustrates the representa-
tional issues:

Example 3.1 Assume that in several seminar announce-
ments, fragments that representspeaker have the pattern:
· · · Speaker : Dr FName LNameline-feed· · ·

An ILP rule for extractingspeaker could then be:
beforetarg(2, “Speaker”)∧ contains(target, “Dr”) ∧ after targ(1,
line-feed) → speaker (target)
That is, the second word before the target phrase is
“Speaker”, target phrase contains word “Dr”, and the “line-
feed” character is right after the target phrase. In our rela-
tional feature space all the elements of this rule (and many
others) would be features, but the above conjunction is also
a feature. Therefore a collection of clauses of this form be-
comes a disjunction in our feature space and will be learned
efficiently using a linear threshold element.

Finally, we mention that for learning linear threshold el-
ements there exist feature efficient algorithms[Littlestone,
1988] that are suitable for learning in NLP-like domains,
where the number of potential features is very large, but only
a few of them are active in each example, and only a small
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fraction of them are relevant to the target concept.

4 Case Study – Information Extraction
Information Extraction (IE) is a natural language processing
(NLP) task that processes unrestricted text and attempts to
extract specific types of items from the text.

This form of shallow text processing has attracted con-
siderable attention recently with the growing need to intel-
ligently process the huge amounts of information available
in the form of text documents. While learning methods have
been used earlier to aid in parts of an IE system[Riloff, 1993;
Soderland and Lehnert, 1994], it has been argued quite con-
vincingly [Califf and Mooney, 1999; Craven and Slattery,
2001] that relational methods are necessary in order to learn
how to directly extract the desired items from documents.
The reason is that the target concepts require the representa-
tion of relations over the source document and learning those
might require induction over structured examples and FOL
representations. Indeed, previous works[Califf and Mooney,
1999; Freitag, 2000] have demonstrated the success of ILP
methods in this domain. This is therefore an ideal domain to
study our proposed relational learning paradigm.

4.1 Problem Description
In this paper, the IE task is defined as locating specific frag-
ments of an article according to predefined slots in a tem-
plate. Each article is a plain-text document that consists of
a sequence of tokens. Specifically, the data used in experi-
ments is a set of485 seminar announcements from CMU1.
The goal is to extract four types of fragments from each arti-
cle2 – those describing the start time (stime ) and end time
(etime ) of the seminar, its location (location ) and the
seminar’s speaker (speaker ). Given an article, our system
picks at most one fragment for one slot. If this fragment rep-
resents the slot, then it is a correct prediction. Otherwise, it is
a wrong prediction (including the case that the article doesn’t
contain the slot at all)[Freitag, 2000].

4.2 Extracting Relational Features
The basic strategy of our IE solution is to learn a classifier that
discriminates a specific desired fragment. First, we generate
examples for this type of fragment. This is done by:

1. Identifying candidate fragments in the document. (All
fragments are candidates; in training, fragments are an-
notated.) Note: fragments may overlap, and only a small
number of them contain desired information.

2. For each candidate fragment, use the defined RGF fea-
tures to re-represent it as an example which consists of
all active features extracted for this fragment.

Let f = (ti, ti+1, · · · , tj) be a fragment, withti repre-
senting tokens andi, i+1, · · ·, j are positions of tokens

1The data set was originally collected from news-
groups and annotated by Dayne Freitag; it is available on
http://www.isi.edu/∼muslea/RISE/.

2An article might not contain one of the fields, e.g., etime, or
might contain one of them, e.g., the speaker, more than once.

in the document. Our RGFs are defined to extract fea-
tures from three regions: left window (ti−w, · · · , ti−1), tar-
get fragment(ti, · · · , tj), and right window (tj+1, · · · , tj+w),
wherew is the window size.

The domain formed by these three regions contains two
types of elements – word elements (e.g.,ti−w, · · · , tj+w) and
one phrase element (the target region). The RGFs are focused
either on a specific word element (one free variable) or on the
borders of the phrase element (two free variables) and define
relational features relative to these. In the next section we
provide examples of RGFs used in experiments.

4.3 Two-stage Architecture
Once examples are generated, the IE task is accomplished by
two learning stages. The same classifier, SNoW, is used in
both stages, but in a slightly different way.

SNoW[Roth, 1998; Carlesonet al., 1999] is a multi-class
classifier that is specifically tailored for large scale learning
tasks. The SNoW learning architecture learns a sparse net-
work of linear functions, in which the targets (fragment types,
in this case) are represented as linear functions over a com-
mon feature space. SNoW has already been used successfully
for a variety of tasks in natural language and visual process-
ing [Golding and Roth, 1999; Rothet al., 2000]. SNoW is
built on a feature efficient learning algorithm, Winnow[Lit-
tlestone, 1988] and therefore is an ideal learning approach to
complement our paradigm, as discussed before. While SNoW
can be used as a classifier and predicts using a winner-take-
all mechanism over the activation values of the target classes,
here we rely directly on the activation value it outputs, com-
puted using a sigmoid function over the linear sum. The nor-
malized activation value can be shown to be a distribution
function and we rely heavily on it’s robustness in our two-
stage architecture. The two stages are (1) Filtering: reduce
the amount of candidates from all possible fragments to a
small number, and (2) Classifying: pick the right fragment
from the preserved fragments by the learned classifier. The-
oretical justification for this architecture will be presented in
a companion paper. Intuitively, this architecture increases the
expressivity of our classification system. Moreover, eliminat-
ing most of the negative examples significantly reduces the
number of irrelevant features, an important issue given the
small data set.
Filtering: One common property of IE tasks is that negative
examples (irrelevant fragments) extremely outnumber posi-
tive examples (fragments that represent legitimate slots). In
the seminar announcements data set, for example,0.3% of
the fragments represent legitimate slots. This stage attempts
to filter out most of the negative examples without eliminat-
ing positive examples. It can also be viewed as a classifier
designed to achieve high recall, while the classifier in the sec-
ond stage aims at high precision. The filter consists of two
learned classifiers; a fragment is filtered out if it meets one of
the following criteria:

1. Single feature classifier: Fragment doesn’t contain a fea-
ture that should be active in positive examples.

2. General Classifier: Fragment’s confidence value is be-
low the threshold.
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System stime etime loc speaker
Prec Rec F1 Prec Rec F1 Prec Rec F1 Prec Rec F1

SNoW-IE 99.6 99.6 99.6 97.6 95.0 96.3 90.9 64.1 75.2 83.3 66.3 73.8
NB-IE 98.3 98.3 98.3 96.5 92.8 94.6 76.8 62.0 68.6 40.3 32.0 35.7

RAPIER-WT 96.5 95.3 95.9 94.9 94.4 94.6 91.0 61.5 73.4 79.0 40.0 53.1
RAPIER 93.9 92.9 93.4 95.8 94.6 95.2 91.0 60.5 72.7 80.9 39.4 53.0

SRV 98.6 98.4 98.5 67.3 92.6 77.9 74.5 70.1 72.2 54.4 58.4 56.3
WHISK 86.2 100.0 92.6 85.0 87.2 86.1 83.6 55.4 66.6 52.6 11.1 18.3

Table 1: Results for seminar announcements task

For criterion 1, it turns out that there exists some features
that are (almost) always active in positive examples. For ex-
ample, in our experiments, the length of fragments satisfies
this: [len(fragment) ≤ 7] is always satisfied bystime
fragments. Also, [fragment contains a word that is a noun]
always holds inspeaker fragments.

For criterion 2, implemented using SNoW, relying on its
robust confidence estimation, the problem becomes finding
the right threshold. Minimum activation values of positive
examples in training data are used as thresholds (for the dif-
ferent types of slots). Examples with lower activation values
are filtered out.

The two stages also differ in the RGFs used. The following,
more crude RGFs are used at the filtering stage:
• Target region:word, tag, word&tag, colloc(word, word),

colloc(word, tag), colloc(tag, word), colloc(tag, tag)on
word elements, andlenon the phrase element.

• Left & Right window: word&loc, tag&loc, and
word&tag&loc, where loc extracts the position of the
word in the window.

Classifying: Fragments that survived the filtering stage are
then classified using a second SNoW classifier, for the four
slots. First, an additional collection of RGFs is applied to
enhance the representation of the candidate fragments, thus
allowing for more accurate classification. As before, in train-
ing, the remaining fragments are annotated and are used as
positive or negative examples to train the classifiers. In test-
ing, the remaining fragments are evaluated on the learned
classifiers to determine if they can fill one of the desired slots.
In this stage4 different classifiers are trained, one for each
type of fragments. All examples are run through all4 classi-
fiers. The RGFs added in this stage include:

Foretime andstime :
scolloc[word&loc(-1)[l window], word&loc[r window]],
scolloc[word&loc(-1)[l window], tag&loc[r window]]

For location andspeaker :
scolloc[word&loc(-2)[l window], tag[targ], tag&loc(1)[r window]]

The first set of RGFs is a sparse structural conjunction of
the word directly left of the target region, and of words and
tags in the right window (with relative positions). The second
is a sparse structural conjunction of the last two words in the
left window, a tag in the target, and the first tag in the right
window.

A decision is made by each of the4 classifiers. A fragment
is classified as typet if the tth classifier decides so. At most
one fragment of typet is chosen in each article, based on the
activation value of the corresponding classifier.

slot pass(training) pass(testing) loss(testing)
stime 4.75% 4.72% 0.94%
etime 1.07% 1.07% 1.64%

location 15.42% 15.30% 3.28%
speaker 14.89% 14.28% 2.79%

Table 2: Filtering efficiency

5 Experimental Results

Our experiments use the same data, methodology and evalu-
ation metrics used by several ILP-based IE systems in previ-
ous works. The systems such as RAPIER [Califf and Mooney,
1999], SRV [Freitag, 2000], and WHISK [Soderland, 1999]
have also been tested on this data set. The data (485 docu-
ments) is randomly split into two sets of equal sizes, one for
training and the other for testing. The reported results are
an average of five runs. As usual, the performance is quan-
tified in terms ofPrecision (P)– the percentage of correct
predictions – andRecall (R)- the percentage ofslotsthat are
identified. We also report theF1 = ( PR

P+R ). The results
of our system, SNoW-IE, are shown in the first row of table 1
along with the results of several other ILP-based IE systems
that were tested on this task under the same conditions. An
exception is WHISK, for which the results are from a 10-fold
validation using only100 documents randomly selected from
the training set. The systems also use somewhat different in-
formation sources. The words in the documents are used by
all systems. Part-of-speech tags are used both in RAPIER-
WT and SNoW-IE; SRV uses other predicates that capture
POS information to some extent. A version of RAPIER uses
also semantic information; this can be done in our system by
adding, say, an is-a sensor but, given their results we did not
incorporate this information.

In addition to our SNoW-IE we have also experimented
with a second propositional algorithm, the naive Bayes (NB-
IE) algorithm. NB was used on exactly the same set of
features (same examples) that were generated using our re-
lational paradigm for SNoW, and in exactly the same way.
Although the results of NB-IE are not as good as those of
SNoW-IE – the quality of the classifier is certainly an im-
portant issue – the experiments with a second propositional
algorithm exhibit the fact that our relational paradigm is a
general one. As indicated in[Craven and Slattery, 2001;
Freitag, 2000] a simple minded use of this algorithm is not
competitive for this task; but on top of a paradigm that is able
to exploit the relational nature of the data it compares favor-
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ably with ILP methods. Overall, SNoW-IE outperforms the
existing rule-based IE systems on all the four slots.

To clarify, we note that the output representation of our sys-
tem makes use of similar type of relational features as do the
ILP-based systems, only that instead of a collection of con-
junctive rules over these, it is represented as a linear function.

It is difficult to isolate the contribution of our two-stage ar-
chitecture to the quality of the results. We believe, though,
that the ease of incorporating this and other learning archi-
tectures is an indication to the flexibility of the approach and
the advantages of learning with propositional means. Table 2
gives some insight into that, by showing the average perfor-
mance of the filtering stage. The first two columns show the
ratio of training and testing examples that pass the filter. The
third column lists the ratio of positive examples in the testing
set that are filtered out. These fragments do not even reach
the second stage. (Since an article may contain more than
one fragment that represents the same slot, it is sometimes
still possible for the classifier to pick the correct slot.)

6 Conclusion

The use of relational methods is back in fashion. It became
clear that for a variety of AI problems there is a fundamental
need to learn and represent relations and concepts in terms of
other relations. Information Extraction – the task of extract-
ing relevant items from unrestricted text is one such task.

This paper suggests a new paradigm for relational learning
– which allows for the representation and learning of rela-
tional information using propositional means. We argue that
our paradigm has different tradeoffs than the traditional ap-
proach to this problem – the ILP approach – and as a result
it enjoys several significant advantages over it. In particular,
the suggested paradigm is more flexible and allows the use of
any propositional algorithm within it, including probabilistic
approaches. As such, it addresses in a natural and general
way the problem of using relational representations within
a probabilistic framework, an important problem which has
been studied a lot recently.

Our paradigm is exemplified on an important task - Infor-
mation Extraction (IE). Based on our paradigm, we developed
a new approach to learning for IE, and have shown that it out-
performs existing ILP-based methods. Moreover, it is several
orders of magnitude more efficient. We believe that this work
opens up several directions for further work – on relational
learning and knowledge representation and on practical and
efficient solutions to NLP and IE problems.

References
[Califf and Mooney, 1999] M. Califf and R. Mooney. Relational

learning of pattern-match rules for information extraction. InNa-
tional Conference on Artificial Intelligence, 1999.

[Carlesonet al., 1999] A. Carleson, C. Cumby, J. Rosen, and
D. Roth. The SNoW learning architecture. Technical Report
UIUCDCS-R-99-2101, UIUC CS Dept., May 1999.

[Cohen and Page, 1995] W. Cohen and D. Page. Polynomial learn-
ability and inductive logic programming: Methods and results.
New Generation Computing, pages 369–409, 1995.

[Cohen, 1995] W. Cohen. PAC-learning recursive logic programs:
Negative result. Journal of Artificial Intelligence Research,
2:541–573, 1995.

[Craven and Slattery, 2001] M. Craven and S. Slattery. Relational
learning with statistical predicate invention: Better models for
hypertext.Machine Learning, 43:97–119, 2001.

[Cussens, 1997] J. Cussens. Part-of-speech tagging using progol. In
International Workshop on Inductive Logic Programming, pages
93–108, Prague, Czech Republic, 1997. Springer. LNAI 1297.

[Freitag, 2000] D. Freitag. Machine learning for information ex-
traction in informal domains.Machine Learning, 39(2/3):169–
202, 2000.

[Golding and Roth, 1999] A. R. Golding and D. Roth. A Winnow
based approach to context-sensitive spelling correction.Machine
Learning, 34(1-3):107–130, 1999.

[Khardonet al., 1999] R. Khardon, D. Roth, and L. G. Valiant. Re-
lational learning for NLP using linear threshold elements. In
Proc. of the International Joint Conference of Artificial Intelli-
gence, pages 911–917, 1999.

[Kietz and Dzeroski, 1994] J. Kietz and S. Dzeroski. Inductive
logic programming and learnability.SIGART Bulletin, 5(1):22–
32, 1994.

[Lavracet al., 1991] N. Lavrac, S. Dzeroski, and M. Grobelnik.
Learning nonrecursive definitions of relations with LINUS. In
Machine Learning (EWSL-91), volume 482 ofLNAI, pages 265–
281, Porto, Portugal, 1991. Springer Verlag.

[Littlestone, 1988] N. Littlestone. Learning quickly when irrelevant
attributes abound: A new linear-threshold algorithm.Machine
Learning, 2:285–318, 1988.

[Lloyd, 1987] J. W. Lloyd. Foundations of Logic Progamming.
Springer-verlag, 1987.

[Mooney, 1997] Raymond J. Mooney. Inductive logic program-
ming for natural language processing. In(ILP-96), volume 1314
of LNAI, pages 3–24. Springer, 1997.

[Muggleton and De Raedt, 1994] S. Muggleton and L. De Raedt.
Inductive logic programming: Theory and methods.Journal of
Logic Programming, 20:629–679, 1994.

[Quinlan, 1990] J. R. Quinlan. Learning logical definitions from
relations.Machine Learning, 5:239–266, 1990.

[Riloff, 1993] E. Riloff. Automatically constructing a dictionary for
information extraction tasks. InNational Conference on Artificial
Intelligence, pages 811–816, 1993.

[Rothet al., 2000] D. Roth, M-H. Yang, and N. Ahuja. Learning to
recognize objects. InCVPR’00, 2000.

[Roth, 1998] D. Roth. Learning to resolve natural language ambi-
guities: A unified approach. InNational Conference on Artificial
Intelligence, pages 806–813, 1998.

[Soderland and Lehnert, 1994] S. Soderland and W. Lehnert.
Wrap-up: a trainable discourse module for information extrac-
tion. Journal of Artificial Intelligence Research, 2:131–158,
1994.

[Soderland, 1999] S. Soderland. Learning information extraction
rules for semi-structured and free text.Machine Learning, 34(1-
3):233–272, 1999.

1263NATURAL LANGUAGE PROCESSING AND INFORMATION RETRIEVAL



����� � � �	� �
This paper presents a multi-domain information
extraction system. In order to decrease the time
spent on the elaboration of resources for the IE
system and guide the end-user in a new domain,
we suggest to use a machine learning system that
helps defining new templates and associated
resources. This knowledge is automatically
derived from the text collection, in interaction
with the end-user to rapidly develop a local
ontology giving an accurate image of the content
of the text. The system is finally evaluated using
classical indicators.


�� 
�� �	��������� � ��

Information Extraction (IE) is a technology dedicated to the
extraction of structured information from texts. This
technique is used to highlight relevant sequences in the
original text or to fill pre-defined templates [Pazienza,
1997]. Below is the example of a story concerning a
terrorist attack in Spain:

22 août  1990,  page 24

ESPAGNE un mor t  au cour s d' un at t ent at  à l a
voi t ur e pi égée au Pays Basque.

-  Une per sonne a ét é t uée mar di  21 août  en
mi l i eu de j our née à Oyar zun ( pr ovi nce
basque de Gui puzcoa)  au cour s de
l ' expl osi on d' une voi t ur e pi égée dans l e
par ki ng d' un hyper mar ché,  a i ndi qué l a

pol i ce.  ( AFP. )
1

                                                          
1 This is the translation of the text:

August  22t h,  1990,  page 24

SPAI N:  one per son ki l l ed i n a booby- t r apped car
at t ack i n t he Basque Count r y

One per son was ki l l ed on Tuesday August  21st

dur i ng t he day i n Oyar zun ( Basque pr ovi nce f r om
Gui puzcoa)  i n t he expl osi on of  a booby- t r apped
car  on t he par ki ng of  a super mar ket ,  i ndi cat ed
t he pol i ce.  ( AFP)

and the corresponding entry in the database fi l led by the
IE system.

� � � � � � ! � �	"
 22 août  1990# $ % & ')( * + , ' - * &�.

 Espagne,  Pays Basque/ 0 1 2 3 4)5 6)7 8 9 9 3 :�; 3 5 ; 9 3	<
 1= > ? @ A B)C DFE G H > B A I�J A C J K A	L

 0M N O P Q R�S
 voi t ur e pr i égée

Even if IE seems to be now a relatively mature technology,
it suffers from a number of yet unsolved problems that limit
its dissemination through industrial applications. Among
these limitations, we can consider the fact that systems are
not really portable from one domain to another. Even if the
system is using some generic components, most of its
knowledge resources are domain-dependent. Moving from
one domain to another means re-developing some resources,
which is a boring and time-consuming task (for example
Riloff [1995] mentions a 1500 hours development).

Moreover, when information is often changing (think of
the analysis of a newswire for example), one might want to
elaborate new extraction templates. This task is rarely
addressed by the research studies in IE system adaptation,
but we noticed that it is not an obvious problem. People are
not aware of what they can expect from an IE system, and
most of the time they have no idea of how deriving a
template from a collection of texts can be.  On the other
hand, if they defined a template, the task cannot be
performed because they are waiting for information that is
not contained in the texts.

In order to decrease the time spent on the elaboration of
resources for the IE system and guide the end-user in a new
domain, we suggest to use a machine learning system that
helps defining new templates and associated resources. This
knowledge is automatically derived from the text collection,
in interaction with the end-user to rapidly develop a local
ontology giving an accurate image of the content of the text.
The experiment also aims at reaching a better coverage
thanks to the generalization process provided by the
machine learning system.

TVU�W�X Y�X Z\[^]`_badc e X f g\h�_b]�X ZbX Z\i h�W�_b]�e X h�ZbU�j�e W	]�k�e X h�Zbl m�lne U�_oi W�h�_o]^W�h�a\[�pbh�Z\e h�c h�[�m

qsr�t unv v w)x�y�t z{u |�}
Thales Research and Technology Laboratoire d’ Informatique de Paris-Nord

Domaine de Corbeville, F-91404 Orsay   av. J.-B. Clément, F-93430 Villetaneuse  France
Thierry.Poibeau@thalesgroup.com
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We will firstly present the overall system architecture and
principles. The learning system is then what allows the
learning of semantic knowledge to help define templates for
new domains. We will show to what extent it is possible to
speed up the elaboration of resources without any decrease
in the quality of the system. We will finish with some
comments on this experiment and we will show how
domain-specific knowledge acquired by the learning system
such as the subcategorization frame of verbs could be used
to extract more precise information from texts.

~`�{��� � �	�����	����� � �	��� �\�n�V�����^�\�n� �\�n� ��� �	�
The system can be divided into three main parts:

1. A machine learning engine used to produce semantic
clusters from the corpus. These clusters are weighted
and are intended to give to the expert a rough idea of
the topic addressed in the text;

2. A system to help the creation of extraction template
once the relevant topic of the corpus have been
identified;

3. The information extraction system itself, that wil l
use the resources defined at the previous stage to fi l l
the templates.

��� � � � ��� �
Architecture of the system

The above schema gives an overview of the overall
architecture. The corpus is processed by the machine
learning system (1), in order to produce semantic clusters
organized in a superficial ontology. The template
creation module (2) helps the expert define his own
extraction template from the ontology. The lower part of
the schema describes the information extraction system
itself (3), processing a text to fi l l the extraction template.

The information extraction system consists in a multi-
agent platform. Each agent performs a precise subtask of
the information extraction process (named entity
recognition, relation analysis, template fi l l ing). A
supervisor controls the overall process and the
information flow (for more detail about the system
architecture, see [Poibeau 2001]).

Apart from the information extraction system itself, the
machine learning module is intended to help the end-user
produce the extraction template. A representative set of
documents has to be processed by the learning module to
obtain an ontology and some rough resources for the

domain he wants to cover. The resources have to be
manually completed to obtain a good coverage of the
domain.

�^����� �	�����   ¡�¢£¡�¤�¥�¦�§¨��¢��   �F© ª «�¬ � ¦���¬�¤ ��¡{§
­�¦��{  ����ª\® ¦�¬ ¡�«��	�n¦�¬

The acquisition method combines knowledge contained in
on-line resources and statistical data obtained from the
training corpus of the chosen domain. This method is
implemented through the LexiconTuner, which was initially
developed for French but can be used for any language if
correct resources are provided. The method is inspired from
[Luk 1995] and described in details in [Ecran 1996] and
[Poibeau 1999].

Semantic clusters – that is to say clusters of semantically
related words – can be acquired from on-line resources
including dictionaries, thesauri and taxonomies [Wilks ¯ °± ² ³ , 1995]. Dictionaries model the meanings of lexical items
using textual definitions. Textual definitions are written in
natural language and the full information encoded in these
definitions can't be extracted easily. However, partial
information, which can be used as semantic clusters, can be
extracted from the definitions relatively easily.

The idea of building networks from definitions was first
proposed by Véronis and Ide [1990], along with a
propagation technique for computing clusters of related
words. Many authors have proposed techniques for deriving
some kind of clusters or associations of concepts from
graphs of concepts, among others transitive closures and
computation of graph “cliques” , simulated annealing, etc.
Some of these experiments derived information from a
dictionary; see for example the early work at New Mexico
State University [Fowler and Dearholt, 1989]. In our
approach, the content words in the definitions of a word
sense are used as component concepts of the word sense
[Luk, 1995], that is to say that a concept is a lexical item
considered as a member of a semantic cluster. For example,
the word ´ µ�¶ · ¸ , which is defined as "dramatic performance
or composition of which music is an essential part..." in the¹�º » ¼ ½ ¾ ¿�À	Á Â º Ã Ä�Å\½ ¼ Æ ½ º » Ç Ã È

, can be assigned the semantic
concepts of dr amat i c, per f or mance, composi t i on and
musi c.

In the LexiconTuner, the generation of the clusters is
carried out in two steps. Firstly, the list of all the concepts
occurring in the corpus is generated. For each word in the
corpus, the program looks for its textual definition(s) in the
lexicon. The words in the definitions are treated as concepts
and are recorded. This step allows us to go from a French
word (e.g. É Ê�Ë Ì Í ) to some concepts labeled with English
words (dr amat i c, per f or mance, composi t i on, musi c), by
means of a bilingual dictionary ( Î Ï�Ð Ñ Ò  being defined as a
"dramatic performance or composition of which music is an
essential part").

Secondly, semantic clusters are generated by clustering
related concepts in the list. The program uses a semantic net
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as its semantic knowledge source to determine the semantic
relatedness between the concepts. The net is derived from
the Ó	Ô Õ Ö × Ø\Ù�Ø Ú Û Ü Ý Þ Øsß	Þ Û × Ü Þ × à á�â\ã Ý ä ã Ö Ü Û × å (OALD). Each
node represents a word, and for any two words æ�ç  and è�é ,ê�ë  is linked to ì�í  if î�ï  appears in the definitions of ð�ñ  in
OALD (musi c will be linked to composi t i on if musi c

appears in the definition of composi t i on). The link from ò�ó
to ô�õ  is weighted inversely proportionally to the product of
the number of senses of ö�÷  as defined in OALD and the
number of words in the definition of ø�ù  that contains ú�û .
The clusters are formed in 3 steps:   

• Every circle in the semantic net which length is equal to
a user-defined number is identified. For example, if
the number is 3, the system will generate all the sets
consisting of three related words according to the
dictionary definition. For oper a, the following
associations will be considered: (oper a, per f or mance,
dr amat i c) and (dr amat i c, composi t i on, musi c)..

• Circles that share one or more nodes are merged. Thus,
(oper a, per f or mance, dr amat i c) and (dr amat i c,
composi t i on, musi c) are merged into a single set
(oper a, per f or mance, dr amat i c, composi t i on,
musi c). This is called a "core cluster".

• Lastly, peripheral words (words which are part of a
circle which length is inferior to the user-defined
number) are related to the core cluster. If two words
like dr amat i c and comi c are related, then comi c will
be added to the cluster, being related to dr amat i c.

This algorithm does not really capture all the complexity of
dictionary definitions. For example, although cycles are
common among dictionary definition terms, there may also
be chains of words which are highly related but which do
not form a cycle. To solve this problem, [Lesk, 1986]
suggested a method to cluster word pairs based on "degree
of overlap" between their head words or definition words, in
the context of word sense disambiguation. In our system,
the merging step and the addition of peripheral words
partially allow taking into account chains of words.

Lastly, the membership of a cluster is "weighed". The
weight of a core member is considered as the inverse of the
number of senses of the word as defined in OALD. The
weight of a non-core member is considered as the mean of
the weights of the core members of the cluster to which it is
related. Then, semantic clusters can capture notions
appearing in texts independently from the lexical items
expressing these notions.

üVý)þ�ÿ ������ÿ � ���	� � 
���
	��� ��� ����������þ����
�	��ÿ �	� �	��
�� ����� ÿ ��
���������þ��

Not all semantic clusters are equally useful for Information
Extraction in any particular domain. The usefulness of a
semantic cluster can be determined statistically from the
corpus itself. [Salton, 1988] suggested measures that reveal

the usefulness of a term: applied to the members of a
cluster, these measures reveal the usefulness of a semantic
cluster in the corpus [Resnik, 1995] [Aguirre & Rigau,
1996].

The IE prototype for French implemented a method to
measure the usefulness of semantic clusters using a single
function which captures the variance of the occurrence
frequency [Luk, 1995]. The variance of the occurrence
frequency of a semantic cluster � is given as:�  !

(" ( # ,$ )) = % [(& ( ' ,( ) – ) (* (+ ,, )))²]

where - (. ,/ ) is the occurrence frequency of 0  in a collection
of articles 1�2  and 3 (4 ) is the mean of 5  for any 6 .

The measurement captures both the discriminatory power
and the relevancy of a semantic cluster: if the occurrence
frequency of a semantic cluster has a high variance, then it
must be both discriminative and relevant. If a semantic
cluster has low relevancy (i.e. the cluster has low
occurrence frequency in most of the articles), then the
variance of occurrence frequency will be low relatively to a
cluster with a higher frequency. Meanwhile, if a semantic
cluster has low discriminatory power (i.e. the semantic
cluster has similar occurrence frequency in most articles),
then the variance of occurrence frequency will also be low.
Lastly, it also takes into account the dependency of the
discriminatory power on the occurrence frequencies,
normalized according to the size of the document. The
weight of a cluster is then normalized according to the size
of the document using the following function:

if N(d) ≥ 200 and7�8 9 : ; < =�>?7
(@ A B )* log(200/C ( D ))+1

Otherwise.

where E�F G H I J K  and LNM O P Q R  are the normalized and non-
normalized weights of the feature S  in document T , and U�V W X
is the number of content words in document Y . The use of a
logarithmic expression allows to smooth the result in spite
of the differences in the size of the documents. The constant
200 is the average size of a document in the corpus, without
taking into account empty words.

After a rough discrimination between the more useful
semantic clusters and the less useful ones obtained by these
statistical methods, domain experts can manually refine the
selections of the semantic clusters, which are to be used in
the Information Extraction system. Lastly a set of
representative clusters is associated to each text. These
clusters have a higher weight in the text than in the corpus.

Z�[]\�^�_�` a	b \�c�\�d e f�g
Semantic classes produced by the LexiconTuner are
proposed to the end-user, who chooses which clusters are of
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interest to him. Once he has chosen one cluster, the system
automatically proposes him an interface to refine the cluster,
aggregate a part of the closest clusters and develop a
hierarchy. This hierarchy can be assimilated to a local
ontology, describing a part of the world knowledge related
to the event of interest for the end-user.

h�i j k l m�n�o
From corpus to template, through the ontology…

The semantic clusters produced by the LexiconTuner give
to the expert a rough idea of the topics addressed in the
corpus. The expert has to navigate among these clusters to
select relevant topics and establish a candidate template.
The chosen topics has to be named and to be associated with
a slot in the template. The system automatically generates
the corresponding information into the database: the
creation of a new template leads to the creation of a new
table and each new slot in the template corresponds to a new
column in the table. This technical part of the template
creation process can be compared to the Tabula Rasa toolkit
developed at New Mexico State University to help end-
users define their own templates [Ogden and Bernick,
1997].

The evaluation of the template creation task is not
obvious since it necessitates domain knowledge and text
manipulation from the experts. No clear reference can be
established. The only way to evaluate the contribution of the
semantic clusters is to ask the expert firstly to manually
elaborate templates from a corpus and secondly to do it with
the help of the LexiconTuner. The expert we worked with
made the following comments:

• The semantic clusters produced by the
LexiconTuner give an appropriate idea of the overall
topic addressed by the texts.

• These clusters help the elaboration of templates and
allows to focus on some part of information without
reading large part of texts.

• However, the elaboration of the template itself
remains largely dependant of the domain knowledge of
the expert because (a) he knows what kind of
information he wants to find in relation with a given
topic and (b) the clusters are too coarse-grain to
directly correspond to slots.

When the template corresponds to an event, the information
to be found generally refers to classical p�q r s t u v w x y z v : who,
what, where and when. Some additional slots can be added
but most of the time they correspond to classical

associations of ideas. For example, if one wants to extract
information about football matches, he will immediately
create a slot corresponding to the score. However, this
comment is due to the fact that the system is analyzing news
stories, for which one can associate stereotypic reduced
templates (sometimes called { | }�~	� | { { | �  in the IE
community).

� � � � � ��� �
 A specific reduced template ( a “ templette”)

We observed that the template creation task is frequently
a problem in more technical domains for which no clear ���� � � � � schema exists. In this experiment, the LexiconTuner
can be seen as a tool to explore the corpus and give a rough
idea of tentative templates rather than a tool designed to
help the creation of the content of the templates themselves.
However, the LexiconTuner results is also useful  for the
creation of the resources of the system.

���]�����	��� �������]���	� ����� ��� � �	���	�N���� ��	¡ ¢N�	� � �	�
We asked an expert to define a new template and the
associated resources, using the tools we presented above.
We chose the terrorist event domain from the AFP
newswire, because it is a well-established task since the
MUC-4 and MUC-5 conferences. Moreover, similar
experiments has been previously done that give a good
point of reference (see [Poibeau 1999] and [Faure and
Poibeau 2000]).
£�¤ ¥§¦]¨�© ª�«�¬�­�¨�©¯®�¨�© ° ±	²�³�¬�ª	­ ¨�© ©
Once a new template is designed, the developer has to
elaborate resources for this template. For a more detailed
description of this process (resource design for a single
template), please refer to [Faure and Poibeau 2000]. We
only describe here the main steps of this process.

Homogeneous semantic clusters learned by the
LexiconTuner are refined: a manual work of the expert is
necessary to exploit semantic classes (merging of scattered
classes, deletion of irrelevant elements, addition of new
elements, etc.). About five hours have been dedicated, after
the acquisition process, to the refinement of data furnished
by LexiconTuner. Merging and structuring classes
incrementally develop a local ontology, which nodes are
related to slots in the extraction template. This knowledge is
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also considered as a resource for the finite-state system
(Intex cf. [Silberztein, 1993]) and is exploited either as
dictionaries or as transducers, according to the nature of the
information. If it is a general information that is not domain
specific, the development guidelines advise the user to use
dictionaries that can be reused, otherwise, he designs a
transducer.

A dictionary is a list of words or phrases, each one being
accompanied by a tag and a list of features. The first names
dictionary or the location dictionary are generic reusable
resources. Below is a sample of the location names
dictionary2:

Abi dj an, . N+Loc+Ci t y
Af ghani st an, . N+Loc+Count r y
Al l emagne, . N+Loc+Count r y
Al l emagne de l ’ Ouest , . N+Loc+Count r y
Al l emagne de l ’ Est , . N+Loc+Count r y

These items structured in a list are convenient for the
dictionary format and the semantic lists elaborated from the
LexiconTuner complete in an accurate manner the coverage
of the initial dictionaries from Intex.

The transducer format is essentially used for more
complex or more variable data where linguistic phenomena
such as insertion or optionality may interfere. The figure 4

is the illustration of a transducer recognizing bl essé par

l ’ expl osi on de Det  N  (expl osi on of  Det  N,  ´ µ ¶ · ¸ ¹ º» ¼�½ ¾ ¹�¹ ¿ À�Á Â Ã ´ Â µ�Â Ä Å ), where the nominal phrase Det  N

recognizes nominal phases elaborated from the semantic
class bombi ng where the following words appear: Æ Ç È�Æ É ,Ê Ë Ì Í , Î Ï Ð Ñ Ò Ó Ð , etc ( Ô Õ Ö�Ô , × Ø Ù Ú Ú , grenade…).

Û Ü Ý Þ ß à	á â ã
weapon” automaton

The elaboration of such transducers requires linguistic
expertise to obtain ä å�æ ä å ç  a system recognizing the relevant
sequences without too much noise. Some tools and a
method have been defined for the semi-acquisition and the
design of resources such as subcategorization frames,
completing the clusters learned by the LexiconTuner
[Poibeau, 2000]. The architecture of the system is using
cascading transducers, it is then important that each level
has a good quality in order to allow the following analysis
level to operate on a solid background. The different
                                                          

2 Each line begins with a term, followed by some indication
about its syntactic category N for è�é ê ë  and semantic features
Loc  to indicate a location, Count r y to indicate a country,
etc.

transducers are then minimized and determined3. The
overall set of transducers is composed of 1000 nodes and
about 5000 arrows in our experiment.
ì�í îðï�ñ�ò�ó ô�ò�õ ö ÷�ø
A hundred texts have been used as "training corpus" and a
hundred different texts have been used as "test corpus".
Texts are first parsed with our system, and then some
heuristics allow to fill the extraction template: the first
occurrence of a number of victims or injured persons is
stored. If a text deals with more than one terrorist event, we
assume that only the first one is relevant. Thanks to the
nature of the channel, very few texts deal with more than
one event.

Our results have been evaluated by two human experts
who did not follow our experiment. Let Pos be the total
number of good answers and Act  the number of solutions
proposed by the system. Our performance indicators are
defined as:

• (Ok) if extracted information is correct;

• (Fal se) if extracted information is incorrect or not
filled;

• (None) if there were no extracted information and no
information has to be extracted.

Using these indicators, we can compute two different
values:

• Precision  (Pr ec) is defined as Ok/Pos.

• Recall (Rec) is defined as Ok/(Act).

ù ú û ü�ý þ ÿ�� ��� � � � � � û ý	�
� � þ ú ú��
���
��� � ý ü�� þ ü �

.95 .96 .95��� � � ��� � � � � � � �

.88 .92 .90���� !
" # $ $ % &�' %  ' $ %

.83 .73 .77(�)�* +
, - . / 0 1 243 1 * 3 5 1

.80 .69 .74687 9 : ; <

.85 .82 .83=?> @ A B

.86 .82 .83

The performances are good according to the state-of-the-art
and to the time spent on resource development. However,
we can analyze the remaining errors as follows:

The date of the story is nearly fully correct because the
wrapper uses the formatted structure of the article to extract
it. The errors for the location slot are due to two
“contradictory”  locations found by the system. A more
complete linguistic analysis or a database providing lists of
cities in different countries would reduce this kind of errors.
The errors in the number of dead or injured persons slot are
frequently due to silence: for example the system fails
against too complex syntactic forms. The silence for the
weapon slot is frequently due to incompleteness of semantic
dictionaries.

                                                          
3 These two operations allow to optimize the analysis time.
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The experiment that has been described is based on an
external knowledge base derived from a dictionary. It is thus
different from [Faure and Poibeau 2000] which tries to
acquire knowledge directly from the text. The use of an
external database allows to work on middle-size corpora
that are not as redundant as technical texts. We also think
that using a general dictionary is interesting when dealing
with general texts like a newswire. Clusters contain words
that were not contained in the training part of the corpus,
allowing a better coverage  of the final result.

The multi-domain extraction system is currently running
in real time, on the AFP newswire. About 15 templates have
been defined that cover about 30% of the stories. From the
remaining 70%, the system only extract surface information,
especially thanks to the wrappers. The performances are
between .55 and .85 P&R, if we do not take into account the
date and location slots that are filled by means of wrappers.
New extraction templates are defined to prove system
scalability (about one new template per week). We hope to
reach the number 50 templates towards summer 2001.
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A part of this study re-used some pieces of software
developed in the framework of the ECRAN project (LE-
2110, 1996-1999). I would like to thank Alpha Luk and
other people having participated to the development of the
Lexicon Tuner. I am also indebted to David Faure, Tristelle
Kervel, Adeline Nazarenko and Claire Nedellec for useful
comments and discussions on this subject.
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Abstract

We study the application of Hidden Markov Mod-
els (HMMs) to learning information extractors for� -ary relations from free text. We propose an ap-
proach to representing the grammatical structure of
sentences in the states of the model. We also in-
vestigate using an objective function during HMM
training which maximizes the ability of the learned
models to identify the phrases of interest. We eval-
uate our methods by deriving extractors for two bi-
nary relations in biomedical domains. Our experi-
ments indicate that our approach learns more accu-
rate models than several baseline approaches.

1 Introduction
Information extraction (IE) may be defined as the task of au-
tomatically extracting instances of specified classes or rela-
tions from text. In our research, we are interested in using
machine learning approaches, including hidden Markov mod-
els (HMMs), to extract certain relationships among objects
from biomedical text sources. We present and evaluate two
contributions to the state of the art in learning information
extractors with HMMs. First, we investigate an approach to
incorporating information about the grammatical structure of
sentences into HMM architectures. Second, we investigate an
objective function for HMM training whose emphasis is on
maximizing the ability of the learned models to identify the
phrases of interest rather than simply maximizing the likeli-
hood of the training data. Our experiments in two challeng-
ing real world domains indicate that both contributions lead
to more accurate learned models.

Automated methods for information extraction have sev-
eral valuable applications including populating knowledge
bases and databases, summarizing collections of documents,
and identifying significant but unknown relationships among
objects. Since constructing information extraction systems
manually has proven to be expensive[Riloff, 1996], there
has been much recent interest in using machine learning
methods to learn information extraction models from la-
beled training data. Hidden Markov models are among the
more successful approaches considered for learning informa-
tion extractors [Leek, 1997; Freitag and McCallum, 1999;

Seymore et al., 1999; Freitag and McCallum, 2000; McCal-
lum et al., 2000].

Previous HMM approaches to information extraction do
not adequately address several key aspects of the problem do-
mains on which we are focused. First, the data we are pro-
cessing is complex natural language text. Whereas previous
approaches have represented their data as sequences of to-
kens, we present an approach in which sentences are first pro-
cessed by a shallow parser and then represented as sequences
of typed phrases. Second, the data we are processing include
many sentences that are not relevant to the relations of inter-
est. Even in relevant sentences, only certain phrases contain
information to be extracted. Whereas previous approaches to
applying HMMs for IE have focused the training process on
maximizing the likelihood of the training sentences, we adopt
a training method that is designed to maximize the probabil-
ity of assigning the correct labels to various parts of the sen-
tences being processed [Krogh, 1994]. Our approach involves
coupling the algorithm devised by Krogh with the use of null
models which are intended to represent data not directly rele-
vant to the task at hand.

2 Problem Domain

Our work is focused on extracting instances of specific re-
lations of interest from abstracts in the MEDLINE database
[National Library of Medicine, 2001]. MEDLINE contains
bibliographic information and abstracts from more than 4,000
biomedical journals.

An example of a binary relation that we consider in our
experiments is the subcellular-localization relation, which
represents the location of a particular protein within a cell.
We refer to the domains of this relation as PROTEIN and
LOCATION. We refer to an instance of a relation as a tuple.
Figure 1 provides an illustration of our extraction task. The
top of the figure shows two sentences in a MEDLINE ab-
stract. The bottom of the figure shows the instance of the
target relation subcellular-localization that we would like to
extract from the second sentence. This tuple asserts that the
protein UBC6 is found in the subcellular compartment called
the endoplasmic reticulum.

In order to learn models to perform this task, training ex-
amples consisting of passages of text, annotated with the tu-
ples that should be extracted from them, are needed. In our
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“. . .
Here we report the identification of an integral membrane
ubiquitin-conjugating enzyme. This enzyme, UBC6, local-
izes to the endoplasmic reticulum, with the catalytic domain
facing the cytosol.
. . .” �

subcellular-localization(UBC6,endoplasmic
reticulum)

Figure 1: An example of the information extraction task. The
top shows part of a document from which we wish to extract
instances of the subcellular-localization relation. The bot-
tom shows the extracted tuple.

approach, each training and test instance is an individual sen-
tence. There are several aspects of the data that make this a
difficult information extraction task: (i) it involves free text,
(ii) the genre of text is, in general, not grammatically simple,
(iii) the text includes a lot of technical terminology, (iv) there
are many sentences from which nothing should be extracted.

In the terminology that has been used in the information
extraction literature, our task is inherently a multiple slot
extraction task. Since we are interested in extracting in-
stances of � -ary relations, we cannot treat each domain of
such a relation as a separate unary component to be extracted
(also called single slot extraction). Consider the subcellular-
localization relation discussed above. A document may men-
tion many proteins and many locations but this relation holds
only among certain pairs of these proteins and locations.

In the experiments reported here, we use two data sets rep-
resenting two different binary relations. The subcellular-
localization data set includes 545 sentences that represent
positive instances (labeled with tuples that should be ex-
tracted from them) and 6,700 sentences that represent neg-
ative instances (not labeled with any tuples). The 545 posi-
tive instances are labeled with 645 tuples in all; there are 335
unique tuples. The second data set is for a binary relation that
characterizes associations between genes and genetic disor-
ders. We refer to this relation as disorder-association, and
the domains of this relation as GENE and DISORDER. This
data set contains 892 positive instances and 11,487 negative
instances. The positive instances are labeled with 899 tuples
in all (126 unique). For both data sets, the negative instances
are “near misses” in that they come from the same population
of abstracts as the positive instances, and in many cases they
discuss concepts that are associated with the target relation.

The target tuples for the subcellular-localization re-
lation were collected from the Yeast Protein Database
(YPD) [Hodges et al., 1998], and the target tuples for the
disorder-association relation were collected from the On-
line Mendelian Inheritance in Man (OMIM) database [Center
for Medical Genetics , 2001]. Relevant MEDLINE abstracts
were also gathered from entries in these databases. To label
the sentences in these abstracts, we matched the target tuples
to the words in the sentence. A sentence which contained
words that matched a tuple was taken to be a positive in-

stance. Every other sentence was considered to be a negative
instance. It is clear that while this process is automatic, it will
result in a noisy labeling. A sentence may have the words in a
target tuple of the relation while the semantics may not refer
to the relation. On the other hand, a tuple in a relation may be
described by synonymous words which were not in any target
tuple; therefore, sentences where tuples exist as synonyms are
labeled incorrectly. We used a random sample of 200 positive
and 200 negative sentences to estimate the amount of noise
introduced by the labeling process. We estimate with 95%
confidence that approximately 10% to 15% of the sentences
are labeled incorrectly (either falsely labeled or unlabeled
when they should have been) in the subcellular-localization
data set. We believe that the disorder-association data set is
not as noisy as the subcellular-localization data set.

3 Representing Phrase Structure
Hidden Markov Models (HMMs) are the stochastic analogs
of finite state automata. An HMM is defined by a set of states
and a set of transitions between them. Each state has an as-
sociated emission distribution which defines the likelihood of
a state to emit various tokens. The transitions from a given
state have an associated transition distribution which defines
the likelihood of the next state given the current state.

In previous HMM approaches to information extraction,
sentences have been represented as sequences of tokens. We
hypothesize that incorporating sentence structure into the
models we build results in better extraction accuracy.

Our approach is based on using syntactic parses of all sen-
tences we process. In particular, we use the Sundance sys-
tem [Riloff, 1998] to obtain a shallow parse of each given
sentence. Our representation does not incorporate all of the
information provided by a Sundance parse, but instead “flat-
tens” it into a sequence of phrase segments. Each phrase seg-
ment consists of a type describing the grammatical nature of
the phrase, and the words that are part of the phrase.

In positive training examples, if a segment contains a word
or words that belong to a domain in a target tuple, it is anno-
tated with the corresponding domain. We refer to these an-
notations as labels. Labels are absent in the test instances.
Figure 2a shows a sentence containing an instance of the
subcellular-localization relation and its annotated segments
(we shall discuss the other panels of this figure later). The
second phrase segment in this example is a noun phrase seg-
ment (NP SEGMENT) that contains the protein name UBC6
(hence the PROTEIN label). Note that the types are constants
that are pre-defined by our representation of Sundance parses,
while the labels are defined with respect to the domains of re-
lation we are trying to extract. Also note that the parsing is
not always accurate, for instance, the third segment in fig-
ure 2a should really be a VP SEGMENT, but has been typed
as an NP SEGMENT by Sundance.

The states in our HMMs represent the annotated segments
of a sentence. Like a segment, each state in the model is
annotated with a � type,label � pair1. A given state can emit
only segments whose type is identical to the state’s type; for

1We can think of segments that do not have a label corresponding
a domain of the relation as having an implicit empty label.
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“This enzyme, UBC6, localizes to the endoplasmic reticulum, with the catalytic domain facing the cytosol.”

NP SEGMENT this enzyme DET this this
NP SEGMENT:PROTEIN ubc6 UNK enzyme enzyme
NP SEGMENT localizes UNK:PROTEIN ubc6 PROTEIN ubc6
PP SEGMENT to UNK localizes localizes
NP SEGMENT:LOCATION the endoplasmic reticulum PREP to to
PP SEGMENT with ART the the
NP SEGMENT the catalytic domain N:LOCATION endoplasmic LOCATION endoplasmic
VP SEGMENT facing UNK:LOCATION reticulum LOCATION reticulum
NP SEGMENT the cytosol PREP with with

ART the the
N catalytic catalytic
UNK domain domain
V facing facing
ART the the
N cytosol cytosol

(a) (b) (c)

Figure 2: HMM input representations. (a) The Phrase representation: the sentence is segmented into typed phrases. (b) The
POS representation: the sentence is segmented into words typed with part-of-speech tags. (c) The Token representation: the
sentence is segmented into untyped words. For each representation, the labels (PROTEIN, LOCATION) are only present in the
training sentences.

example, the segment “this enzyme” in figure 2a could
be emitted by any state with type NP SEGMENT, regardless
of its label. Each state that has a label corresponding to a
domain of the relation plays a direct role in extracting tuples.

Figure 3 is a schematic of the architecture of our phrase-
based hidden Markov models. The top of the figure shows
the positive model, which is trained to represent positive in-
stances in the training set. The bottom of the figure shows the
null model, which is trained to represent negative instances
in the training set. Since our Phrase representation includes
14 phrase types, both models have 14 states without labels,
and the positive model also has five to six additional labeled
states (one for each � type,label � combination that occurs in
the training set). We assume a fully connected model, that
is, the model may emit a segment of any type at any position
within a sentence.

To train and test our Phrase models, we have to modify
the standard Forward, Backward and Viterbi algorithms [Ra-
biner, 1989]. The Forward algorithm calculates the proba-
bility �
	���
�� of a sentence being in state � of the model after
having emitted 
 elements of an instance. When a sentence
is represented as a sequence of tokens, the algorithm is based
on the following recurrence:������������������� �� 	 ������� � �!�#"� START� 	 ��
���� $%��&('*) �+� ,.-0/1���2) 3+��� - ��
546�7� (1)

where $ and / represent the emission and transition distri-
butions respectively, & ' is the 
98�: element in the instance, and3 ranges over the states that transition to � .

Our modification involves changing the last part of this re-

currence as follows:

� 	 ��
����
;<<<<<= <<<<<>

?@BA CEDFAGH!I5J $%��& H ) �+��KL0,M-N/1�O�2) 3+��� - ��
P46�7�Q�
if RTS.U V ���+���WR�S�U VX�ZYX'[��\� � otherwise ]

(2)

Here & H is the ^.8�: word in the 
98�: phrase segment Y ' , and
type is a function that returns the type of a segment or state
as described above. The two key aspects of this modification
are that (i) the type of a segment has to agree with the type
of state in order for the state to emit it, and (ii) the emission
probability of the words in the segment is computed as the
product of the emission probabilities of the individual words.
This latter aspect is analogous to having states use a Naı̈ve
Bayes model for the words in a phrase. Note that this equation
requires a normalization factor to define a proper distribution
over sentences. However, since we use these equations to
make relative comparisons only, we leave this factor implicit.
The modifications to the Viterbi and Backward algorithms are
similar to this modification of the Forward algorithm.

Given these modifications to the Forward and Backward al-
gorithm, we could train phrase-based models using the Baum-
Welch algorithm [Baum, 1972]. However, for the models we
consider here, there is no hidden state for training examples
(i.e., there is an unambiguous path through the model for each
example), and thus there is no need to use Baum-Welch. In-
stead, we assume a fully connected model and obtain tran-
sition frequencies by considering how often segments with
various � type, label � annotations are adjacent to each other.
We smooth these frequencies over the set of possible transi-
tions for every state using _ -estimates [Cestnik, 1990]. In
a similar manner, we obtain the emission frequencies of the
words in each state by summing over all segments with the
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ENDSTART

PP_SEGMENT

END

NP_SEGMENT

PP_SEGMENT

START

NP_SEGMENTNP_SEGMENT

PROTEIN

NP_SEGMENT

LOCATION

....

null

positive

....

Figure 3: The general architecture of our phrase-based
HMMs. The top part of the figure shows the positive model
and the bottom part of the figure shows the null model.

same � type, label � annotations in our training set. We smooth
these frequency counts using _ -estimates over the entire vo-
cabulary of words.

Once the model has been constructed, we use it to predict
tuples in test sentences. We use the Viterbi algorithm, modi-
fied as described above, to determine the most likely path of a
sentence through the positive model. We consider a sentence
to represent a tuple of the target relation if and only if two
conditions hold:

1. The likelihood of emission of the sentence by the posi-
tive model is greater than the likelihood of emission by
the null model: �
`.a*bQc�� � �edf�5g
a!bEcP� � � , where h and i
refer to the positive and null models respectively and the
sentence has � segments.

2. In the Viterbi path for the positive model, there are seg-
ments aligned with states corresponding to all the do-
mains of the relation. For example, for the subcellular-
localization relation, the Viterbi path for a sentence
must pass through a state with the PROTEIN label and a
state with the LOCATION label.

Note that even after phrases have been identified in this
way, the extraction task is not quite complete, since some of
the phrases might contain words other than those that belong
in an extracted tuple. Consider the example in Figure 2a.
The LOCATION phrase contains the word “the” in addition
to the location. Therefore, tuple extraction with these models
must include a post-processing phase in which such extrane-
ous words are stripped away before tuples are returned. We
do not address this issue here. Instead, we consider a predic-
tion to be correct if the model correctly identifies the phrases
containing the target tuple as a subphrase.

It is possible to have multiple predicted segments for each
domain of the relation. In this case, we must decide which
combinations of segments constitute tuples. We do this using
two simple rules:

1. Associate segments in the order in which they occur.
Thus for subcellular-localization, the first segment
matching a PROTEIN state is associated with the first
segment matching a LOCATION state, and so on.

2. If there are fewer segments containing an element of
some domain, use the last match of this domain to con-
struct the remaining tuples. For instance, if we pre-
dicted one PROTEIN phrase h J and two LOCATION
phrases j J and jlk , we would create two tuples based
on ��h J �!j J � and �Oh J �!j k � .

3.1 Experiments
In the experiments presented in this section, we test our
hypothesis that incorporating phrase-level sentence structure
into our model provides improved extraction performance in
terms of precision and recall. We test this hypothesis by
comparing against several hidden Markov models that repre-
sent less information about the grammatical structure of sen-
tences. Henceforth, we refer to the model described above as
the Phrase Model.

The first model we compare against, which we call the POS
Model, is based on the representation shown in Figure 2b.
This model represents some grammatical information, in that
it associates a type with each token indicating the part-of-
speech(POS) tag for the word (as determined by Sundance).
However, unlike the Phrase Model, the POS model represents
sentences as sequences of tokens, not phrases. This model is
comparable in size to the Phrase Model. The positive com-
ponent of this model has 17 states without labels and six to
ten states with labels (depending on the training set). The null
component of the model has 17 states without labels.

The other models we consider, which we call the Token
Models, are based on the representation shown in Figure 2c.
This representation treats a sentence simply as a sequence of
words. We investigate two variants that employ this represen-
tation. The simpler of the two hidden Markov models based
on this representation, which we refer to as Token Model 1,
has three states in its positive model and one state in its null
model (not counting the START and END states). None of the
states in this model have types. Two of the states in the posi-
tive model represent the domains of the binary target relation,
while the remaining states have no labels. The role of the lat-
ter set of states is to model all tokens that do not correspond
to the domains of the target relation. A more complex version
of this model, which is illustrated in Figure 4, has three un-
labeled states in its positive model. We define the transitions
and train these models in such a way that these three states
can specialize to (i) tokens that come before any relation in-
stances, (ii) tokens that are interspersed between the domains
of relation instances, and (iii) tokens that come after relation
instances.

The training algorithm used for the POS Model is identical
to that used for the Phrase Model. The training algorithm for
the Token Models is essentially the same, except that there are
no type constraints on either the tokens or states.

Since we consider a prediction made by the Phrase Model
to be correct if it simply identifies the phrases containing the
words of the tuple, we use a similar criterion to decide if the
predictions made by the POS Model and Token Models are
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START END(untyped)

START (untyped) (untyped) END(untyped)

positive

null

PROTEIN

(untyped)

LOCATION

(untyped)

Figure 4: The architecture of Token Model 2.

correct. We consider POS Model and Token Model predic-
tions to be correct if the labeled states of these models iden-
tify sequences of tokens that contain the words of the tuple.
These models are not penalized for extracting extra adjacent
words along with the actual words of a target tuple.

We process the HMM input data (after parsing in cases
where Sundance is used) by stemming words with the Porter
algorithm [Porter, 1980], and replacing words that occur only
once in a training set with a generic UNKNOWN token. The
statistics for this token are then used by the model while emit-
ting out-of-vocabulary words encountered during prediction.
Similarly, numbers are mapped to a generic NUMBER token.

Positive predictions are ranked by a confidence measure
which is computed as the ratio of the likelihood of the
Viterbi path of a sentence through a model to the likelihood
of the model to emit that sentence, i.e. confidence �Omn�6�o�prqPs � � �*t�� pTqPs � � �Q] Here m is a sentence of � segments,o prqPs � � � is the likelihood of the most probable path of all� segments threaded through to the END state, and � pTqPs � � �
is the comparable value calculated by the Forward algorithm.
We construct precision-recall graphs for our models by vary-
ing a threshold on the confidence measures.

For both data sets we measure precision and recall using
5-fold cross validation. The data is partitioned such that
all of the sentences from a given MEDLINE abstract are in
the same fold. This procedure ensures that our experiments
model the nature of the real application setting. For training,
we sample the negative instances so that there are an equal
number of positive and negative instances per fold. We have
observed that we get better recall consistently by doing this.

Figure 5 shows the precision-recall curves for the
subcellular-localization data set. The curve for the Phrase
Model is superior to the curves for both Token Models. At
low levels of recall, the POS Model exhibits slightly higher
precision than the Phrase Model, but the latter is superior
at higher recall levels, and the Phrase Model has a signifi-
cantly higher recall endpoint. These results suggest that there
is value in representing grammatical structure in the HMM
architectures, but the Phrase Model is not definitively more
accurate.

Figure 6 shows the precision-recall curves for the
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Figure 5: Precision vs. recall for the four models on the
subcellular-localization data set.
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Figure 6: Precision vs. recall for the four models on the
disorder-association data set.

disorder-association data set. Here, the differences are
much more pronounced. The Phrase Model achieves signifi-
cantly higher levels of precision than any of the other models,
including the POS Model. The recall endpoint for the Phrase
Model is also superior to those of the other models. We con-
clude that the experiments presented here support our hypoth-
esis that incorporating sentence structure into the models we
build results in better extraction accuracy.

4 Improving Parameter Estimates
Standard HMM training algorithms, like Baum-Welch, are
designed to maximize the likelihood of the data given the
model. Specifically, if m ' is a sentence in the training set,
Baum-Welch (and the method we used earlier) tries to find
parameters uv such thatuv �Ww+x*y{z|w�}~ G '�� x7�Om7'*) v �E]
We hypothesize that more accurate models can be learned by
training with an objective function that aims to maximize the
likelihood of predicting the correct sequence of labels for a
given sentence (as before, we assume that states and phrases
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START

positive MODEL

null MODEL

END

Figure 7: Combined model architecture. The positive and
null models refer to the corresponding models in Figure 3.

without labels have an implicit empty label). Let ��' be the
known sequence of labels for a sentence m ' in our training set.
We would like to estimate parameters uv such thatuv � w+x*y{z|w�}~ G '�� x7���Q'�) m7'F� v � (3)

� w+x*y{z|w�}~ G ' � x7���Q'!�*m7'!) v �� x7�Om7'*) v � ] (4)

This is similar to the task of optimizing parameters to recover
the sequence of states given a set of observations[McCallum
et al., 2000]. Krogh[1994] has devised an HMM training al-
gorithm that tries to optimize this criterion. After transform-
ing this objective function into one which aims to minimize
the negative log likelihood of the above equation, the follow-
ing incremental update rule is obtained:vM�M���H �Wi�� v.�F���H���� ��_ 'H 4 � 'H �!� (5)

where
v H is the ^ 8�: parameter, _ 'H is the expected number of

times
v H is used by the 
 8�: sentence on correct paths through

the model, � 'H is the expected number of times
v H is used by

the 
 8�: sentence on all paths through the model, i is a nor-
malizing constant, and � is the learning rate. The � and _
terms can be calculated using the Forward-Backward proce-
dure. Note that the update rule represents an online training
procedure.

In our previous experiments, we used a separate null model
to represent negative instances. We would like to use Krogh’s
algorithm with this configuration to observe if it results in
more accurate models. However, the null model as we have
described it is a separate entity which is trained separately.
With this architecture, Krogh’s algorithm would be unable
to correct false positives in the training set since doing so
might require adjusting the parameters of the positive model
in response to a negative instance. To remedy this problem,
we propose an alternative to having a separate null model,
which we refer to as a Combined Model. A Combined Model
consists of two submodels sharing common START and END
states. A schematic is shown in figure 7. The shared START
and END states allow the training algorithm to update param-
eters in both parts of the model in response to a given training
sentence.

4.1 Experiments
To evaluate this algorithm, we train the Combined Model con-
figuration on the subcellular-localization and the disorder-
association data sets. We compare these models against the

Phrase Model trained on the corresponding data sets in our
previous experiments.

The methodology for this experiment is the same as before.
Note that for the Combined Model, prediction is simpler than
with a separate null model, since it suffices to consider the
Viterbi path of a sentence through the model to extract tuples,
if any. We do not train the Combined Model to convergence
to avoid overfitting. Instead, we set the number of iterations
for which to do gradient descent to a fixed constant value of
100.
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Figure 8: Effect of Krogh’s Algorithm on the combined
model for the subcellular-localization data set.

Figure 8 shows the precision-recall curves for this exper-
iment for the subcellular-localization data set. For each
precision-recall curve, we also show 95% confidence inter-
vals. From the figure, we observe that there is some improve-
ment in the precision of the model on this data set, while re-
call is held nearly constant. While the improvement is small,
we have observed it consistently across the various model
architectures we have explored. Figure 9 shows the corre-
sponding precision-recall curves and confidence intervals for
the experiment on the disorder-association data set. Here,
the difference between the initial model and the trained model
is more pronounced. The model trained with Krogh’s algo-
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Figure 9: Effect of Krogh’s Algorithm on the combined
model for the disorder-association data set.
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rithm has significantly better precision than the initial model,
while maintaining a similar level of recall. We conclude that
this training algorithm is appropriate for our task, and can
improve accuracy, sometimes significantly.

5 Conclusion
We have presented two contributions to learning Hidden
Markov Models for information extraction, and evaluated
these contributions on two challenging biomedical domains.
We have presented an approach to representing the grammat-
ical structure of sentences in an HMM. Comparative exper-
iments with other models lacking such information shows
that this approach learns extractors that have increased pre-
cision and recall performance. We have also investigated the
application of a training algorithm developed by Krogh to
our models. This algorithm consistently provides an accu-
racy gain over our original models. We believe that these are
promising approaches to the task of deriving information ex-
tractors for free text domains.
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Abstract

We propose a novel method to obtain theN -best
list of hypotheses in hidden Markov model (HMM).
We show that the entire information needed to com-
pute theN -best list from the HMM trellis graph
is encapsulated in entities that can be computed
in a single forward-backward iteration that usually
yields the most likely state sequence. The hypothe-
ses list can then be extracted in a sequential manner
from these entities without the need to refer back
to the original data of the HMM. Furthermore, our
approach can yield significant savings of computa-
tional time when compared to traditional methods.

1 Introduction
In many tasks of large vocabulary speech recognition it is
desirable to find from the HMM graph theN most likely
state sequences given the observed acoustic data. The recog-
nizer chooses the utterance hypotheses on the basis of acous-
tic information and a relatively simple language model. The
existence of anN -best list enable us to combine additional
knowledge sources such as complicated acoustic and lan-
guage models into the recognition process[Ostendorf 1991].
Given the additional knowledge sources the list of sentence
can be rescored and reordered. Even without additional
knowledge sources theN -best paradigm can be used to im-
prove the recognition rate[Stolckeet al. 1997]. In this pa-
per we concentrate on the step of computing theN -best list.
The most likely state sequence can be found using a single
iteration of the Viterbi algorithm[Rabiner 1989]. A direct
generalization of this algorithm can be used to obtain theN
best state sequences. The only change is that for each time
index t and for each state we have to keep theN best sub-
sequences terminating at this state. However in this gener-
alized Viterbi approach we have to decide in advance on the
size ofN and we can not change it in the middle of the pro-
cess. Several modification of this algorithm have been pro-
posed in the last decade. These algorithms are based either
on a Viterbi search of a trellis or onA∗ search[Schwartz and
Chow 1991] [Schwartzet al. 1996].

We propose a novel method to obtain theN -best list in
HMM. The obtained algorithm is inspired by the divide and
conquer algorithm in[Nilsson (1998] for finding theM most

likely configurations in probabilistic expert systems. The
present algorithm also has the advantage of being an anytime
algorithm since we need not in forehand specify the number
of N best hypothesis that is wanted. Furthermore, our al-
gorithm can yield significant savings in computational time
compared to the traditional Viterbi algorithm.

2 Basic Structure
Consider a HMM withm hidden Markovian random vari-
ablesX1, . . . , Xm andm observed variablesY1, . . . , Ym such
that the distribution ofYt is determined byXt. Denote
X = {X1, . . . , Xm} andY = {Y1, . . . , Ym}. Typical val-
ues thatX andY can take are denotedx = (x1, . . . , xm) and
y = (y1, . . . , ym) respectively. The joint probability function
is:

P (x, y) = P (x1)
m
∏

t=2

P (xt|xt−1)
m
∏

t=1

P (yt|xt) (1)

XX

Y Y Y

X 2 m

m21

1

...

...

Figure 1: The HMM structure

This paper deals with the following decoding problem:
Given observationsy1 . . . ym, find theN most likely state se-
quences of the unobserved state-variables. In other words we
want to find theN values ofx that maximize the conditional
probability functionP (x, y) (viewed as a function ofx). A
single iteration of the forward-backward algorithm[Rabiner
1989] yields the following terms for each time indext:

ft(s) = max
{x|xt=s}

P (x, y) (2)

ft,t+1(s, s′) = max
{x|(xt,xt+1)=(s,s′)}

P (x, y)

We shall show that the entire information needed to compute
the N -best list is encapsulated in the expressions defined in
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(2). In other words, onceft(s) andft,t+1(s, s′) are given,
there is no need to refer again to the trellis graph.

As a first example of the usefulness offt andft,t+1, we
apply them to obtain the most likely state sequence. One can
observe that the probability of the most likely state sequence
is :

max
x

P (x, y) = max
s

ft(s)

This equality remains the same for each indext = 1, . . . ,m.
To find the most likely state sequencex̂ = (x̂1, . . . , x̂m),
when this is uniquely determined, we note that

x̂t = arg maxs ft(s), t = 1, . . . , m

However to allow for the possibility that the maximizing state
sequence is not unique, it is better to apply the following rou-
tine:

(x̂1, x̂2) = arg max(s,s′) f1,2(s, s′)

x̂t = arg maxs ft−1,t(x̂t−1, s), t > 2
(3)

3 Introducing the algorithm
Denote the entire ensemble of possible state sequences byX
and let theLth most likely state sequence be denoted

xL = (xL
1 , . . . , xL

m).

Suppose at some stage in the algorithm thatx1, . . . , xL−1

have been identified. ThenxL is found by performing the
following steps:

PARTITION PHASE: HereX \ {x1, . . . , xL−1} is partitioned
into subsets.

CANDIDATE PHASE: For each subset in the above partition-
ing we compute the probability of its most likely state
sequence. These probabilities are referred to as the ‘can-
didates’.

IDENTIFICATION PHASE: The state sequence associated
with the highest candidate is identified.

In PARTITION PHASE, there is a large number of possible
partitions that one may consider. We seek a partitioning with
two properties. Firstly, it must be easy to compute the can-
didates. Secondly, the number of subsets in the partitioning
must be small, since eventually we need to compare the dif-
ferent candidates.

In the successively subsections it is shown how the second
and third most likely state sequences are found. In Section 4
the general case is considered.

3.1 The second most likely state sequence
Suppose the most likely state sequencex1 has now been iden-
tified. To identifyx2 we carry out the following steps.

PARTITION PHASE

Here,X \{x1} is partitioned into subsetsA1, . . . , Am defined
by

A1 = {x | x1 6= x1
1}

Ai = {x | x1 = x1
1, . . . , xi−1 = x1

i−1, xi 6= x1
i }, i ≥ 2.

(4)

CANDIDATE PHASE

We letP̂ (Ai) stand for the probability of the most likely state
sequence in the subsetAi, i.e.

P̂ (Ai) = max
x∈Ai

P (x, y),

and use a similar notation for other subsets.
The functionsft,t+1 satisfy that

P̂ (A1) = max{(s,s′)|s6=x1
1} f1,2(s, s′)

P̂ (Ai) = maxs 6=x1
i
fi−1,i(x1

i−1, s), i > 2
(5)

So, the second most likely state sequence has probability

P (x2, y) = max
i

P̂ (Ai).

IDENTIFICATION PHASE

If P̂ (Ai) = max{P̂ (Aj) : j = 1, . . . ,m}, thenx2 ∈ Ai, and
x2 can be identified by carrying out the following steps:

• x2
j = x1

j for j = 1, . . . , i− 1.

• x2
i = arg maxs 6=x1

i
fi−1,i(x2

i−1, s)

• x2
k = arg maxs fk−1,k(x2

k−1, s) for k = i + 1, . . . , m.

3.2 The third most likely state sequence

The identification of the third most likely state sequence is
done by a similar procedure as the case withx2.

PARTITION PHASE

Here, a partition ofX \{x1, x2} is constructed by refining the
above partitioning ofX \ {x1}. This is done in the following
way.

Supposex2 ∈ Ai. Then we partitioningAi \ {x2} into
subsetsBi, . . . , Bm defined by

Bi =
{

x | x1 = x2
1, . . . , xi−1 = x2

i−1, xi /∈ {x1
i , x

2
i }

}

Bk =
{

x | x1 = x2
1, . . . , xk−1 = x2

k−1, xk 6= x2
k

}

, k > i.
(6)

Thus, the subsets in{Bj : j ≥ i}) and {Aj : j 6= i})
constitute a partitioning ofX \ {x1, x2}.

CANDIDATE PHASE

As we shall prove in the next section (Theorem 1), the prob-
ability P̂ (Bk) for k ≥ i is a simple function of̂P (Ai):

P̂ (Bi) = P̂ (Ai)
maxs/∈{x1

i ,x2
i }

fi−1,i(x2
i−1, s)

fi−1,i(x2
i−1, x

2
i )

(7)

P̂ (Bk) = P̂ (Ai)
maxs 6=x2

k
fk−1,k(x2

k−1, s)

fk−1,k(x2
k−1, x

2
k)

, k > i.

Now, the third most likely state sequence has probability

P (x3, y) = max
{

max
j:j 6=i

P̂ (Aj) , max
j:j≥i

P̂ (Bj)
}

.
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IDENTIFICATION PHASE

If the third most likely state sequencex3 belongs to one of
the subsetsAj (j 6= i), then it can be identified in a similar
way asx2 was identified. On the other hand, ifx3 ∈ Bj for
somej ≥ i, then

(x3
1, . . . , x

3
j−1) = (x2

1, . . . , x
2
j−1),

and the sequencex3
j , . . . , x

3
m is now successively identified

as follows:

x3
j =

{

arg maxs/∈{x1
j ,x2

j} fj−1,j(x3
j−1, s) if j = i

arg maxs 6=x2
j
fj−1,j(x3

j−1, s) if j > i

x3
k = arg maxs fk−1,k(x3

k−1, s), for k = j + 1, . . . ,m

Example To illustrate our algorithm, we consider a
simple HMM with 10 hidden variablesX1, . . . , X10, and
10 observed variablesY1, . . . , Y10. Each of the variables
are assumed binary with possible statesy andn. The initial
conditional probability functions associated with the HMM
are given in Table 1.

xt−1

xt

n
y

n y
P (xt | xt−1)

.6

.2
.4
.8

yt

xt

n
y

n y
P (xt | yt)

.9

.3
.1
.7

n y
P (x1) .6 .4

Table 1: The intial probabilities in the HMM

Suppose we obtain ‘evidence’ of the form

y = (y1, y2, . . . , y10) = (n, n, y, y, y, y, n, n, y, y).

To compute theN -best list given evidence, we initially
compute theft,t+1 functions shown in Table 2. By apply-
ing the routine in (3), we can now obtain the most likely state
sequence:

x1 = (n, n, y, y, y, y, y, y, y, y)

with probabilityP (x1, y) = .2591 · 10−3.
For the computation of the second most likely state se-

quence we proceed as follows. First, we partition the space
X \ {x1} into subsetsA1, . . . A10 defined in (4):

A1 = {x | x = (y, ·, ·, ·, ·, ·, ·, ·, ·, ·)
A2 = {x | x = (n, y, ·, ·, ·, ·, ·, ·, ·, ·)
A3 = {x | x = (n, n, n, ·, ·, ·, ·, ·, ·, ·)
A4 = {x | x = (n, n, y, n, ·, ·, ·, ·, ·, ·)
A5 = {x | x = (n, n, y, y, n, ·, ·, ·, ·, ·)
A6 = {x | x = (n, n, y, y, y, n, ·, ·, ·, ·)
A7 = {x | x = (n, n, y, y, y, y, n, ·, ·, ·)
A8 = {x | x = (n, n, y, y, y, y, y, n, ·, ·)
A9 = {x | x = (n, n, y, y, y, y, y, y, n, ·)

A10 = {x | x = (n, n, y, y, y, y, y, y, y, n)

x1

x2

n
y

n y
f1,2

.2590

.0192
.1151
.0512

x2

x3

n
y

n y
f2,3

.0278

.0021
.2590
.1151

x3

x4

n
y

n y
f3,4

.0030

.0046
.0278
.2590

x4

x5

n
y

n y
f4,5

.0005

.0046
.0046
.2590

x5

x6

n
y

n y
f5,6

.0025

.0234
.0046
.2590

x6

x7

n
y

n y
f6,7

.0234

.2185
.0046
.2590

x7

x8

n
y

n y
f7,8

.2185

.0971
.0971
.2590

x8

x9

n
y

n y
f8,9

.0234

.0046
.2185
.2590

x9

x10

n
y

n y
f9,10

.0050

.0093
.0234
.2590

Table 2: Theft,t+1 functions (the numbers are multiplied by
103)

Next, we use (5) to compute the probability of the most
likely state sequence in each subsetsAi:

P̂ (A1) = max{f1,2(y, n), f1,2(y, y)} = .0512
P̂ (A2) = f1,2(n, y) = .1151
P̂ (A3) = f2,3(n, n) = .0278
P̂ (A4) = f3,4(y, n) = .0046
P̂ (A5) = f4,5(y, n) = .0046
P̂ (A6) = f5,6(y, n) = .0234
P̂ (A7) = f6,7(y, n) = .2185
P̂ (A8) = f7,8(y, n) = .0971
P̂ (A9) = f8,9(y, n) = .0046
P̂ (A10) = f9,10(y, n) = .0093

Thus, the second most like state sequencex2 belongs to sub-
setA7, and can be found by carrying out steps (see Section
3.1):

(x2
1, x

2
2, x

2
3, x

2
4, x

2
5, x

2
6, x

2
7) = (n, n, y, y, y, y, n),

and

x2
8 = arg max

s
{f7,8(n, s)} = n

x2
9 = arg max

s
{f8,9(n, s)} = y

x2
10 = arg max

s
{f9,10(y, s)} = y

This identifies the second most likely state sequence.
To compute the third most likely state sequence we proceed

in a similar manner: First, we partitionA7 \ {x2} in subsets
of the form in (6):
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B7 = {x | x = (n, n, y, y, y, y, ·, ·, ·, ·) ∧ x7 /∈ {n, y}}
B8 = {x | x = (n, n, y, y, y, y, n, y, ·, ·)}
B9 = {x | x = (n, n, y, y, y, y, n, n, n, ·)}

B10 = {x | x = (n, n, y, y, y, y, n, n, y, n)}
Then, we compute the probability of the most likely state se-
quence within each of the subsetsBi. From (7) we immedi-
ately obtain (̂P (B7) = 0 sinceB7 = ∅):

P̂ (B8) = P̂ (A7)
f7,8(n,y)
f7,8(n,n) = .2185 .0971

.2185 = .0971

P̂ (B9) = P̂ (A7)
f8,9(n,n)
f8,9(n,y) = .2185 .0234

.2185 = .00234

P̂ (B10) = P̂ (A7)
f9,10(y,n)
f9,10(y,y) = .2185 .0093

.2591 = .0078

Thus, the third most like state sequencex3 belongs to sub-
setA2, since

max{max
i6=7

P̂ (Ai), P̂ (B8), P̂ (B9), P̂ (B10)} = P̂ (A2),

and can be found by carrying out the steps described in Sec-
tion 3.2. This is left to the reader.

Table 3 shows the three most likely state sequences.

Configuration Probability
(multiplied by103)

x1 = (n, n, y, y, y, y, y, y, y, y) P (x1, y) = .2591
x2 = (n, n, y, y, y, y, n, n, y, y) P (x2, y) = .2185
x3 = (n, y, y, y, y, y, n, n, y, y) P (x3, y) = .1151

Table 3: The 3-best list

4 The general algorithm
The general algorithm for computing theN -best list identifies
theN most likely state sequences in a sequentialy manner.

Let Xi denote the possible states that the variableXi can
take.

Suppose at some stage in the algorithm that

• x1, . . . , xL have been identified;

• A partitioning, sayPL, ofX \ {x1, . . . , xL−1} is given.

• For each elementD in PL, P̂ (D) is known.

• xL ∈ D for some elementD in the partitioningPL, and
D has the following form:

D = {x | x1 = x′1, . . . , xi−1 = x′i−1, xi /∈ X ′i}, (8)

wherex′1, . . . , x
′
i−1 are known states, andX ′i is a known

subset ofXi.

The tasks involved in proving the correcteness of our algo-
rithm consist of:

Partition-phase: Construct a partitioning ofD \ {xL};
Candidate-phase: Compute the probability of the most

likely state-sequence in each element in the partitioning
of D \ {xL};

Identification-phase:

• Compare the ‘new candidates’ computed above with the
remaining candidates.

• Identify xL+1.

These three tasks are described in subsequent subsections.

4.1 Partition phase
SupposexL ∈ D, whereD has the form in (8). For the
following analysis it is convenient to writeD as

D = {x | x1 = xL
1 , . . . , xi−1 = xL

i−1, xi /∈ X
′

i }. (9)

Fork = i, . . . , m we define the subsetsDk as

Dk = {x | x1 = xL
1 , . . . , xk−1 = xL

k−1, xk /∈ X̄k}, (10)

whereX̄k is a subset ofXk given by

X̄k =
{

X ′

k ∪ {xL
k } if k = i

{xL
k } if k > i

The reader may easily verify that the subsetsDi, . . . , Dm par-
tition D\{xL}. Furthermore, it can be seen that each element
Dk has a similar form as that ofD.

4.2 Candidate phase
In this section we provide an efficient method to compute the
probabilitiesP̂ (Dk) (k = i, . . . , m). The method presented
here is similar to the the method in[Nilsson 1998], in that it
locally computes the probabilities of all candidates directly
from the functionsft,t+1.

A keypoint in proving our main result is that we can write
the joint probability function expressed in (1) as

P (x, y) =
∏m−1

t=1 ft,t+1(xt, xt+1)
∏m−1

t=2 ft(xt)
. (11)

For a proof, the interested reader is referred to[Dawid 1992],
where it is shown for more general graphical models, the
junction trees.

In addition, we will use that the functionsft,t+1 have the
following property, termedmax-consistency:

max
xt+1

ft,t+1(xt, xt+1) = ft(xt). (12)

Now we have

Lemma 1 LetE be a subset given by

E = {x : x1 = x∗1, . . . , xi = x∗i }.
Then

P̂ (E) = max
x∈E

P (x, y) =
∏i−1

t=1 ft,t+1(x∗t , x
∗
t+1)

∏i−1
t=2 ft(x∗t )

.

Proof: The probabilityP̂ (E) can be found by instantiating
x1 = x∗1, . . . , xi = x∗i in (11), and then maximize over the
remaining variables. Because of max-consistency (12) this
reduces to

max
x∈E

P (x, y) =
∏i−1

t=1 ft,t+1(x∗t , x
∗
t+1)

∏i−1
t=2 ft(x∗t )

,

which completes the proof.•
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Lemma 2 LetD be given as in (9), and suppose

xL = arg max
x∈D

P (x, y).

Then for allk = i, . . . , m we have

P̂ (D) = max
x∈D

P (x, y) =
∏k−1

t=1 ft,t+1(xL
t , xL

t+1)
∏k−1

t=2 ft(xL
t )

.

Proof: Let k ≥ i, and defineD′ as

D′ = {x : x1 = xL
1 , . . . , xL

k }.
By Lemma 1 it suffices to prove that

max
x∈D′

P (x, y) = max
x∈D

P (x, y).

Clearly,
max
x∈D′

P (x, y) ≤ max
x∈D

P (x, y)

sinceD′ ⊆ D. Furthermore, we have that

max
x∈D′

P (x, y) ≥ max
x∈D

P (x, y)

becausexL ∈ D′ andxL = arg maxx∈D P (x, y). The result
follows. •

Now we are ready to state the main theorem. It presents a
straightforward procedure for finding the probability of each
subsetDk (defined in (10)) from the probabilitŷP (D).
Theorem 1 LetD be given as in (9), and suppose

xL = arg max
x∈D

P (x, y).

Then for allDk defined in (10) we have:

P̂ (Dk) = P̂ (D)
maxs/∈X̄k

fk,k+1(xL
k , s)

fk,k+1(xL
k , xL

k+1)
.

Proof: By Lemma 2 we have

P̂ (D) =
∏k−1

t=1 ft,t+1(xL
t , xL

t+1)
∏k−1

t=2 ft(xL
t )

, (13)

Furthermore, sinceDk can be written as

Dk = ∪s:s/∈X̄k
{x : x1 = xL

1 , . . . , xk−1 = xL
k−1, xk = s}.

we have from Lemma 1 that

P̂ (Dk) =

∏k−2
t=1 ft,t+1(xL

t , xL
t+1)

∏k−1
t=2 ft(xL

t )
max
s/∈X̄k

fk−1,k(xL
k−1, s) (14)

The result now follows from (13) and (14).•

4.3 Identification phase
Suppose that we are given a subsetD of the form

D = {x | x1 = x′1, . . . , xi−1 = x′i−1, xi /∈ X ′i}.
and want to identify the most likely state sequence, sayx∗, in
D. First, one note that

x∗j = x′j for j = 1, . . . , i− 1.

Now the sequencex∗i , . . . , x
∗
m is successively found by

x∗i = arg maxs/∈X ′i
fi−1,i(x∗i−1, s)

x∗k = arg maxs fk−1,k(x∗k−1, s), k = i + 1, . . . , m.

4.4 The algorithm
A pseudo code for ourN -best list algorithm is given below.

ProcedureN -best list:
Step 1 (Identify x1):

1. Computethe functionsft,t+1;

2. Identify the most likely state sequencesx1 as shown in
Section 3.1;

Step 2 (Identify x2):

•PARTITION PHASE Partition X \ {x1} in subsets
A1, . . . , Am as in (4);

•CANDIDATE PHASE ComputeP̂ (Ai) as in Section 3.1.

•IDENTIFICATION PHASE

1. Set the Candidate ListCL = {P̂ (Ai)};
2. pick the highest candidate, saŷP (Ai), in CL;

3. identifyx2 ∈ Ai as in Section 3.1; .

Step 3 (Identify x3, . . . , xN )

ForL = 2, . . . , N − 1 do

•PARTITION PHASE:

1. SupposexL ∈ D;

2. Partition D \ {xL} in subsetsDk, . . . , Dm as in (10).

•CANDIDATE PHASE: ComputeP̂ (Dk), . . . , P̂ (Dm) as in
Theorem 1.

•IDENTIFICATION PHASE:

1. Augmentthe Candidate List with the new candidates:

CL := CL ∪ {P̂ (Dk), . . . , P̂ (Dm)};

2. pick the highest candidate, saŷP (D∗), from CL;

3. identify xL+1 = arg maxx∈D∗ P (x, y) as in Section
4.3;

4. retract P̂ (D∗) from the Candidate List:CL := CL \
{P̂ (D∗)}.

END

Accordingly, the probability of theLth most likely state
sequence is either one of the candidates computed in theLth
step of the algorithm or it is one of the candidates computed
earlier and still on the Candidate List. The search over all the
candidates can be effectively performed in the following way.
We can sort the candidates on the Candidate List with their
associated subsets. InPARTITION PHASEwe split the subsets
that containedxL−1 (and hence was at the top of the list) into
several subsets. InCANDIDATE PHASE we merge the new
candidates into the sorted list according to their probabilities.
Now the state sequencexL belongs to the subset at the top of
the updated list.

Because the algorithm finds theN -best list sequentially,
we need not in forehand specify the number ofN best hy-
pothesis that is wanted. In stead, we may chose to find theN
most likely hypothesis whose total probability is at leastα,
where0 < α ≤ 1.
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5 Complexity issues
We would claim that our method can be implemented with
lower complexity than traditional methods for finding theN -
best list.

To support this, we would briefly discuss the computational
complexity of our method by computing the number of ele-
mentary operations needed to perform the various tasks in the
algorithm. Let

γ = maxi |Xi| = the maximum number of elements
that a variable can have.

The operations performed by our algorithm can be divided
into three parts

1 Computing the functionsft,t+1 andft defined in (2).

and for eachL = 1, . . . , N :

2 In CANDIDATE PHASE, to compute the candidates as in
Theorem 1.

3 In IDENTIFICATION PHASE, to compare the candidates on
the Candidate List, and identifyxL.

Finding the functions in part 1 can be done by less than

γ2m operations.

In CANDIDATE PHASE, we generate for each stepL at most
m new candidates. The computation of a candidate takes
place via Theorem 1, and can be done withγ computaions,
i.e. computing all candidates in stepL = 1, . . . , N demands
at most

γmN computations.

In IDENTIFICATION PHASE, we compare, in stepL at most
mL elements (since at mostm candidates are generated in
each step). If we store the elements in a 2-3 search tree, then
the comparisons needed for insertingm new elements and
update the search tree is O(m log(mL)). Doing this for all
L = 1, . . . , N , the total number of comparisons needed is in
the order of

O

(

N
∑

L=2

m log(mL)

)

= O(mN log(mN)) .

Finally, in IDENTIFICATION PHASE, we identify xL as de-
scribed in Section 4.3, and the number of comparisons needed
is no larger thanmγ. Thus the total number of comparisons
cannot exceed

γmN.

Adding up these terms, we obtain that the whole process of
findingx1, . . . , xN is in the order of

O
(

γ2m
)

+ O(mγN) + O(mN log(mN)) .

To compare, a straightforward implementation of the Viterbi
search as described in[Forney (1973] uses in the order of

O
(

γ2Nm
)

.

We conclude that for largeγ, our method can yield significant
savings of computational time when comparing to traditional
Viterbi search.

6 Conclusion
We have presented in this paper a novel method to compute
theN most likely state sequences in HMMs. The algorithm
has two advantages compared to traditional methods. Firstly
it can yield significant gain in computational time. Secondly,
it is an anytime algorithm, and thus is also effective in cases
where we do not know in advance how many solutions are
needed. The main concept is to perform a small preprocessing
computation and then we can produce the sequences in an
incremental manner. We have concentrated in this paper on
applications of the algorithm to speech recognition problems.
The proposed algorithm, however, can be applied to many
other sources of information that are organized in a hidden
Markov model e.g. analysis of DNA sequences and real time
robot navigation.
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Abstract

Although several attempts have been made to in-
troduce Natural Language Processing (NLP) tech-
niques in Information Retrieval, most ones failed
to prove their effectiveness in increasing perfor-
mances. In this paper Text Classification (TC) has
been taken as the IR task and the effect of lin-
guistic capabilities of the underlying system have
been studied. A novel model for TC, extending
a well know statistical model (i.e. Rocchio’s for-
mula [Ittner et al., 1995]) and applied to linguistic
features has been defined and experimented. The
proposed model represents an effective feature se-
lection methodology. All the experiments result
in a significant improvement with respect to other
purely statistical methods (e.g. [Yang, 1999]), thus
stressing the relevance of the available linguistic in-
formation. Moreover, the derived classifier reachs
the performance (about 85%) of the best known
models (i.e. Support Vector Machines (SVM) and�

-Nearest Neighbour (KNN)) characterized by an
higher computational complexity for training and
processing.

1 Introduction
Although in literature poor evidence assessing the relevance
of Natural Language Processing (NLP) in improving Infor-
mation Retrieval (IR) has been derived, a shared belief exists
that linguistic processing can capture critical semantic aspects
of document content that simple word matching cannot do. It
has been also stressed (e.g. [Grefenstette, 1997]), that vec-
tor space models are inadequate to deal with retrieval from
Web via commonly available simple and short queries. Lan-
guage processing enables to enrich the document representa-
tion with semantic structures although the nature and methods
for doing this are still under debate. Which specific informa-
tion (structures and dependencies) can be suitably derived and
which combined use of linguistic processes and IR models are
to be applied represent still open questions.

In order to derive more insight on the above issues, a sys-
tematic experimental framework has to be defined, where
tasks and performance factors can be assessed and measured.

Among other IR tasks, Text Classification (TC) is a promis-
ing process for our objectives. It plays a major role in re-
trieval/filtering processes. Moreover, given the rich experi-
mental evidence on well-assessed benchmarking collections,
TC better supports a comparative evaluation of the impact of
linguistic information with respect to approaches based on
word matching.

The classification problem is traditionally described as fol-
lows: given a set of classes ( �������
	��
��������������� , i.e. top-
ics/subtopics labels, e.g. ”Politics”/”Foreign Politics”) and an
extensive collection of examples classified into these classes,
often called training set, the classification problem is the
derivation of a decision function � that maps documents
( ����� ) into one or more classes, i.e. �������! #" . As the
specific topics (classes) are fixed, the extraction of $�%�&'%
(*),+�-
content from document (for retrieval purposes) can be more
systematic (given their focused semantics) and less complex
than in other IR scenarios. Therefore ./� represents a suit-
able environment for testing the capabilities of 0�1�2 to cap-
ture such semantic aspects.

The role of linguistic content in ./� relates to the defini-
tion of �3%�),-546$7%78 able to provide specific and selective infor-
mation about training and test documents and (consequently)
about the target classes. Basic language processing capabili-
ties allow to extend the knowledge on the words occurring in
documents, e.g. their canonical form (i.e. the morphological
derivation from a lemma) and their syntactic role (i.e. their
part-of-speech (POS) in the input context). Previous works
on NLP-driven text classification (e.g. [Basili et al., 2000b])
suggest that such information improves performances. In par-
ticular, lemmatization and recognition (i.e. removal of Proper
Nouns from the set of selective feature) provide a linguisti-
cally principled way to compress the features set (usually ob-
tained by traditional crude methods like stop lists or statistical
thresholds, e.g. 9;: ). Statistical unsupervised terminologi-
cal extraction has been also applied to TC training. It allows
detecting more complex and relevant features, i.e. complex
nominal groups typical of the different topics. The results are
improved ./� performances, although the contribution given
by such modules has not yet been accurately measured.

The main reason for poor improvements (if any) when NLP
is applied to IR is the noise introduced by the linguistic recog-
nition errors which provides drawbacks comparable to the
significant advantages. In the specific case of TC, when more
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complex features (e.g. words and their POS tag or termino-
logical units) are captured it can be even more difficult to
select the relevant ones among the set of all features. Data
sparseness effects (e.g. the lower frequency of + -grams wrt
simple words) interact with wrong recognitions (e.g. errors
in POS assignment) and the overall information about a class
looses its potential selectivity.

The traditional solution is usually the feature selection, dis-
cussed for example in [Yang and Pedersen, 1997]. By app-
plying statistical methods, (information gain, 9 : , mutual in-
formation ...), the not relevant features are removed. Major
drawbacks are that features irrelevant for a class may be re-
moved even if they are important for another one.

������� $�- )#+�-
but rare or specific �3%�),-546$7%78 may be cut in this way, as also
noted in [Joachims, 1998]. The crucial issue here is how to
give the right weight to a given feature in different classes.
This is even more important when NLP (and, especially, ter-
minology recognition) is applied: some technical terms can
be perfectly valid features for a class and, at the same time,
totally irrelevant or misleading for others.

In this paper an original TC model for selection and
weighting of linguistically motivated features, as an exten-
sion of the the Rocchio classifier ([Ittner et al., 1995]), has
been designed and implemented. It has been experimented
on feature sets extracted by NLP techniques: terminological
expressions, part-of-speech tagged lemmas and proper nouns.

In Section 2 the novel feature selection model with its
weighting capabilities is presented. Section 3 describes the
NLP functionalities adopted for extracting the feature sets
from the target documents during training and testing. In Sec-
tion 4 the experiments aiming to measure the impact of the
feature selection on the classification performances as well as
of the contribution of linguistic information are described.

2 Text Classification
Two main approaches to the construction of a non-parametric
classifier have been proposed and experimented in literature
[Lewis et al., 1996].

Profile-based (or linear) classifiers are characterized by a
function � that is based on a similarity measure between the
representation of the incoming document � and each class
�	� . Both representations are vectors and similarity is tradi-
tionally estimated as the cosine angle between the two vec-
tors. The description



�	� of each target class ( ��� ) is usually

called profile, that is the vector summarizing the content of
all the training documents pre-categorized under ��� . The
vector components are called features and refer to indepen-
dent dimensions in the space in which similarity is estimated.
Traditional techniques (e.g. [Salton and Buckley, 1988;
Salton, 1991]) make use of single words 
 as basic features.
The � -th components of a vector representing a given docu-
ment � is a numerical weight associated to the � -th feature 

of the dictionary that occurs in � . Similarly, profiles are de-
rived from the grouping of positive instances � in class � � ,
i.e. � ��� � .

Example-based are other types of classifiers, in which the
incoming document � is used as a query against the training
data (i.e. the set of training documents). Similarity between

� and class is evaluated as cumulative estimation between the
input document and a portion of the training documents be-
longing to that class. The categories under which the train-
ing documents with the highest similarity are categorized, are
considered as promising classification candidates for � . This
approach is also referred as document-centered categoriza-
tion. For both the above models a document is considered
valid for a given class iff the similarity estimation overcomes
established thresholds. The latter are parameters that adjust
the trade-off between precision and recall.

2.1 The Problem of Feature Selection
Feature Selection techniques have been early introduced in
order to limit the dimensionality of the feature space of text
categorization problems. The native feature space consists of
the unique terms (words or phrases) that occur in documents,
which can be hundreds of thousands of terms even for a small
text collection. This size prevents the applicability of many
learning algorithms. Few neural models, for example, can
handle such a large number of features usually mapped into
input nodes.

Automatic feature selection methods foresee the removal
of noninformative terms according to corpus statistics, and
the construction of new (i.e. reduced or remapped) feature
set. Common statistics parameters are: the information gain
(e.g. [Yang and Pedersen, 1997]) aggressively reduces the
document vocabulary, according to a naive Bayes model; a
decision tree approach to select the most promising features
wrt to a binary classification task; mutual information and
a 9;: statistic have been used to select features for input to
neural networks; document clustering techniques estimating
probabilistic ”term strength”; inductive learning algorithms
that derive features in disjunctive normal form.

As pointed out in [Yang and Pedersen, 1997] document fre-
quency ( ��� ), 9;: and information gain provide the best se-
lectors able to reduce the feature set cardinality and produce
an increment of text classifier performances. The following
equations describes four selectors among those experimented
in [Yang and Pedersen, 1997]. They are based on both mutual
information and 9 : statistics:���������������

max  "! �����$#&%  ��' ,
�(��)"*+�����,�.-

 0/21
��%  �23�������#4%  �

576�8��� ������� max  ! 576 ����#4%  ��' , 576��)"* ������� -
 / 1

��%  ��3 576 ����#4%  �
where9

2�:<; �=�?> is the probability of a generic document belong-
ing to a class �	� , as observed in the training corpus9
� is a generic feature9 � ;'����� � > is the mutual information between � and � � ,9
9;:<;'����� � > is the 9;: value between � and � �

After the ranking is derived, selection is carried out by
removing the features characterized by the lowest scores
(thresholding). Each of the above models produces a ranking
of the different features � that is the same for all the classes:
each of the above formulas suggests only one weight depend-
ing on all the classes. For example, the selector of a feature by
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��� ��� applies the average function to the set of
� ;'��� � �&> scores:

every dependence on the � -th class disappear resulting in one
single ranking. The same is true for 9 :� ��� and 9 : � ��� .

Notice that this ranking, uniform throughout categories,
may select features which are non globally informative but
are enough relevant only for a given (or few) class(es) (e.g.
the

� )	� or ),(	
 ). The selection cannot take into account
differences in the relevance among classes. Classes that are
more generic, e.g. whose values of

� ;'����� � > (or 9;: ) tend to
be low, may result in a very poor profile, i.e. fewer number
of selected features. This is in line with the observation in
[Joachims, 1998] where the removal of features is suggested
as a loss of important information, as the number of truly ir-
relevant features is negligible. Moreover, functions like ),(	

are even more penalizing as they flatten the relevance of a
single feature for each class to an ”ideal” average value. No-
tice that this weakness is also reflected by the poorer results
reported in [Yang and Pedersen, 1997].

In order to account for differences in the distribution of rel-
evance throughout classes, we should depart from the idea of
a uniform ranking. Features should be selected with respect
to a single category. This can lead to retain features only
when they are truly informative for some classes. Moreover
a suitable class-based ranking is obtained, so that the feature
scores (e.g. the mutual information

� ; ��� � � > ) can be straight-
forwardly assumed as weights for the features in class � � .

In next section an extension of the Rocchio formula aiming
to obtain such desirable feature weights is presented.

2.2 Rocchio classifiers
The Rocchio classifier is a profile based classifier, presented
in [Ittner et al., 1995], which uses the Rocchio’s formula for
building class profiles. Given the set of training documents� � classified under the topics � � , the set �� � of the documents
not belonging to ��� , and given a document 
 and a feature � ,
the weight ���� of � in the profile of �	� is:

� � � � max

���
���� � � � -���������! ��#" $� �� � � -���%�'&� �  ��)( (1)

where  �� represent the weights of features in documents1.
In Eq. 1 the parameters � and $ control the relative impact
of positive and negative examples and determine the weight
of � in the � -th profile. In [Ittner et al., 1995], (1) has been
firstly used with values � = 16 and $ = 4: the task was cate-
gorisation of low quality images. The success of these values
possibly led to a wrong reuse of them in other fields [Cohen
and Singer, 1996].

These parameters indeed greatly depend on the training
corpus and different settings of their values produce a signifi-
cant variation in performances. Poor performances have been
obtained indeed in [Yang, 1999], and a wrong $ and � set-
ting (maybe the orginal Ittner one) is a possible explanation.
In [Joachims, 1998], the trial with a small set of values for� ( �

�
�
�
�+*#� � �  	, � � � , ��*#� � � ) is carried out and increased per-

formance wrt those previously assessed by other authors are

1Several methods are used to assign weights of a feature, as
widely discussed in [Salton and Buckley, 1988]

obtained. However, the corresponding $ values are not men-
tioned. The impact of the adjustment of $ and � is significant
if optimal values are systematically estimated from the train-
ing corpus. Experimental evidence will be further shown in
Section 4.1.

Tuning Rocchio’s formula parameters
As previously discussed, the Rocchio classifier strongly relies
on the $ and � setting. However, the relevance of a feature
deeply depends on the corpus characteristic and, in partic-
ular, on the differences among the training material for the
different classes, i.e. size, the structure of topics, the style of
documents, .... This varies very much across text collections
and across the different classes within the same collection.

Notice that, in Equation 1, features with negative dif-
ference between positive and negative relevance are set to
0. This implies a discontinuous behavior of the � � � values
around the 0. This aspect is crucial since the 0-valued features
are irrelevant in the similarity estimation (i.e. they give a null
contribution to the scalar product). This form of selection is
rather smooth and allows to retain features that are selective
only for some of the target classes. As a result, features are
optimally used as they influence the similarity estimation for
all and only the classes for which they are selective. In this
way, the minimal set of truly irrelevant features (giving 0 val-
ues for all the classes) can be better captured and removed, in
line with [Joachims, 1998].

Moreover, the $ and � setting that is fitted with respect to
the classification performance has two main objectives:9

First, noise is drastically reduced by the Rocchio for-
mula smoothing and without direct feature deletion.9
Second, the resulting ranking provides Rocchio-based
scores that can be directly used as weights in the asso-
ciated feature space. The higher is the positive evidence
(wrt to the negative one) the higher is the relevance and
this may vary for each target class.

Notice now that each category has its own set of relevant
and irrelevant features and Eq. 1 depends for each class �
on $ and � . Now if we assume the optimal values of these
two parameters can be obtained by estimating their impact
on the classification performance, nothing prevents us from
driving this estimation independently for each class � . This
will result in a vector of ( $ � , � � ) couples each one optimizing
the performance of the classifier over the � -th class. Hereafter
we will refer to this model as the

� ��-.- 
 � ��/ � classifier.
Notice that the proposed approach could converge to the

traditional Rocchio weighting if and only if a single optimal
value for $ and � is obtained, i.e. 02� $ ��� $ and � � � � . This
has not been the case as in Section 4.2 will be shown.

Finally, it has to be noticed that combined estimation of
the two parameters is not required. For each class, we fixed
one parameter ( � � indeed) and let $ � vary until the optimal
performance is reached. The weighting, ranking and selec-
tion scheme used in the for

� ��-.- 
 � � / � classifier is thus the
following:� � � � max

���
� *� � � � -���������  ��#" $ �� �� � � -���%�'&� �  ��)( (2)
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In our experiments, � has been set to 1, Equation 2 has
been applied given the parameters $ � that for each class � �
lead to the maximum breakeven point2 of �	� .
3 The role of NLP in feature extraction
One of the aim of this work was to emphasize the role of
linguistic information in the description (i.e. feature extrac-
tion) of different classes in a TC task. It is to be noticed that
these latter are often characterized by sets of typical concepts
usually expressed by multi-words expressions, i.e. linguis-
tic structures synthesizing widely accepted definitions (e.g.
”bond issues” in topics like ”Finance or Stock Exchange”).
These sets provide useful information to capture semantic as-
pects of a topics. The multi-word expressions are at least in
two general classes useful for TC:9

Proper Nouns (PN), which usually do not bring much
selective information in TC. Most named entities are lo-
cations, persons or artifacts and are rarely related to the
semantics of a class. An evidence of this is discussed
in [Basili et al., 2000b] where PN removal is shown to
improve performances.9
Terminological expressions, i.e. lemmatized phrase
structures or single terms. Their detection results in a
more precise set of features to be included in the target
vector space.

The identification of linguistically motivated terminologi-
cal structures usually requires external resources (thesaura or
glossaries): as extensive repositories are costly to be devel-
oped and simply missing in most domains, an enumerative
approach cannot be fully applied. Automatic methods for the
derivation of terminological information from texts can thus
play a key role in content sensitive text classification.

As terms embody domain specific knowledge we expect
that their derivation from a specialized corpus can support the
matching of features useful for text classification. Once terms
specific to a given topics � � are available (and they can be
estimated from the training material for ��� ), their matching
in future texts � should strongly suggest classification of � in
� � .

Several methods for corpus-driven terminology extrac-
tion have been proposed (e.g. [Daille, 1994; Arppe, 1995;
Basili et al., 1997]). In this work, the terminology extractor
described in [Basili et al., 1997] has been adopted in the train-
ing phase. Each class (considered as a separate corpus) gives
rise to a set of terms, . � . When available, lemmatized phrase
structures or sinle lemmas in .�� can be matched in future test
documents. They are thus included in the final set of features
of the target classifier.

Other features provided by linguistic processing capabili-
ites are lemmas and their associated POS information able to
capture word syntactic roles (e.g. adjective, verb, noun)3.

2It is the threshold values for which precision and recall coincide
(see [Yang, 1999] for more details).

3These features have been built using the linguistic engine of the
Trevi system, [Basili et al., 2000a], where the interested reader can
also find more details on the linguistic processing.

A further novel aspect of the classifier proposed in this pa-
per is the application of the Equation 2 as a weighting scheme
of the linguistically derived features. This allows to better
separate the relevant information from the irrelevant one (pos-
sibly introduced by errors in the linguistic processing, e.g.
wrong POS assignment). Finally, those irrelevant features,
that are not necessarily produced via complex linguistic pro-
cessing (e.g. single words), are correctly smoothed by Eq. 2
and this also helps in a more precise measurement of the NLP
contribution.

4 Experimenting NLP-driven classification
The experiments have been carried out in two phases. First,
we experimented Rocchio classifiers over a standard feature
set, i.e. simple words. This serves two purposes. First, it pro-
vides the evaluation of the Breakeven Point reachable by a
Rocchio classifier (via estimation of the suitable, but global,$ parameter). This allows a direct and consistent compar-
isons with the Rocchio models proposed in literature. Fur-
thermore the first expriment also suggests the parameter set-
ting that provides the best breakeven point of the extended� ��-.- 
 � � / � model. In a second phase this optimal

� ��-�- 
 � � / �
model has been experimented by feeding it with linguistic
features. Comparative analysis of the two outcomes provides
evidence of the role of this augmented information.

As a reference collection the Reuters, version 3, corpus
prepared by Apté [Yang, 1999; Apté et al., 1994] has been
used. It will be hereafter referred as Reuters3. It includes
11,099 documents for 93 classes, with a fixed splitting be-
tween test and learning data (3,309 vs. 7,789). Every ex-
periment thus allows direct comparisons with others models
described in Section 5.

4.1 Deriving a baseline classifier
In these experiments, only words are taken as features and
no other NLP facility has been applied in agreement with
other methods described in literature. The feature weight in
a document is the usual product between the logarithm of
the feature frequency (inside the document) and the associ-
ated inverse document frequency. The best Rocchio classi-
fier performances has been derived by systematically setting
different values of $ and optimizing performance (i.e. the
breakeven point, BEP). A sequence of classifiers has thus
been obtained. In Figure 1 the plot of BEPs with respect
to $ is shown. The two plots refer to two different feature
sets: SimpleFeatures refers to single words while LingFea-
tures refers to the model using all the available linguistic in-
formation (see Sect. 4.2). First of all, performances depend
strongly on the parameters. The best performance of the Sim-
pleFeatures model is reached with $ = 6 (and � =1): these
values significantly differ from the $ =16 and � =4 used else-
where. Second, significant higher performances characterize
the language-driven model for all the $ values: this shows
an inherent superiority of the source linguistic information.
However, when a single $ for all the classes is used, a suit-
able adjustment let the SimpleFeatures model to approximate
the behaviour of the linguistic one. This is no longer true
when more selective estimation of the parameter (i.e. $ � 0�� )is applied.
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Figure 1: Break-even point performances of the Rocchio clas-
sifier according to different $ values

In a second experiment indeed the parameter estimation
process has been individually applied to each class � , and the
optimal sequence of $ � values has been obtained. In the Table
1 are shown the performances of three Rocchio classifiers:
simple Rocchio (as in [Ittner et al., 1995], with $ � ��� *�� ),
as well as Rocchio $ ��� and

� ��-.- 
 � � / � characterized by
one global parameter and individual parameters, respectively.
The three tests have been carried out by using only simple

Table 1: Breakeven points of three Rocchio-based models on
Reuters3 ����	
	���
���� � Rocchio � ���

Rocchio
83.82% 82.61% 75% - 79.9%

words as features, in line with traditional techniques. No-
tice that both the optimized Rocchio $ ��� and

� ��-.- 
 � �%/ �
models, proposed in this paper, outperform all the best results
obtained in literature for Rocchio classifiers (e.g. [Joachims,
1998; Cohen and Singer, 1996]).

4.2 Comparing different NLP-based classifiers
Once the best weighting technique has been assessed as the
optimal estimation of parameters $ � in the previous experi-
ments, it is possible to selectively measure the contribution
given by NLP. In fact an independent baseline model, with
minimal noisy information, (i.e. the

� ��-.- 
 � �%/ � model in Ta-
ble 1), is used contrastively to correctly measure the contri-
bution brought by the augmented features. In the following
experiment, the novel sets of features described in Section 3
have been added to the standard set. They consist of:9

Proper Nouns (+PN or -PN if recognition in text is fol-
lowed by removal during TC training)9
Terminological Expressions (+TE)9
Lemmas (-POS)9
Lemmas augmented with their POS tags in context
(+POS)

Terminological expressions have been firstly derived from the
training material of one class: for example, in the class ) -��
(i.e. � %
$!
 % $78�),+ ��� -�� 4 � 8 � -&� � + ) of the Reuters3, among the

9,650 different features about 1,688 are represented by termi-
nological expressions or complex Proper Nouns ( *���� ). The� ��-.- 
 � � / � model has been selectively applied to three lin-
guistic features set: the first includes only the lemmas associ-
ated to the POS tag (+POS), the second lemmas only (-POS),
and the third Proper Nouns and Terminological Expressions
(+POS+PN+TE).

In Table 2 is reported the BEP of the three feature sets: the
comparison is against the baseline, i.e. the best non linguistic
result of Tab. 1, although reestimation of the parameters has
been carried out (as shown by Fig. 1).

We observe that both POS tag (column 4 vs column 3)
and terminological expressions (column 3 vs column 1) pro-
duce improvements when included as features. Moreover
PNs seems not to bring more information than POS tags, as
column 2 suggests. The best model is the one using all the lin-
guistic features provided by NLP. This increases performance
( � *�� ) which is not negligible if considering the very high
baseline.

Table 2: Breakeven points of
� ��-.- 
 � � / � on three feature set

provides with NLP applied to Reuters version 3

Base-Line +POS-PN +PN+TE +PN+TE+POS
83.82% 83.86% 84.48% 84.94%

5 Discussion
In Table 3 the performances of the most successfull meth-
ods proposed in literature are reported. Some of their dis-
tinctive aspects are here briefly summarized. Support Vec-
tor Machines  "!#� recently proposed in [Joachims, 1999]
is based on the structural risk minimisation principle. It uses
quadratic programming technique for finding a surface that
”best” separates the data points (the representation of train-
ing documents in the vector space model) in two classes.

�
-

Nearest Neighbour is an example-based classifier, [Yang and
Liu, 1999], making use of document to document similarity
estimation that selects a class for a document through a $ -
nearest heuristics. RIPPER [Cohen and Singer, 1996] uses an
extended notion of profile, by learning contexts that are pos-
itively correlated with the target classes. A machine learning
algorithms allows the ”contexts” of a word 
 to affect how (or
whether) presence/absence of 
 contribute actually to a clas-
sification. CLASSI is a system that uses a neural network-
based approach to text categorization [H.T. Ng, 1997]. The
basic units of the network are only perceptrons. Dtree [Quin-
lan, 1986] is a system based decision trees. The Dtree model
allows to select relevant words (i.e. features), according to
an information gain criterion. CHARADE [I. Moulinier and
Ganascia, 1996] and SWAP1 [Apté et al., 1994] use machine
learning algorithms to inductively extract Disjunctive Normal
Form rules from training documents. Sleeping Experts (EX-
PERTS) [Cohen and Singer, 1996] are learning algorithms
that works on-line. They reduce the computation complexity
of the training phase for large applications updating incre-
mentally the weights of n-gram phrases.

Two major conclusions can be drawned. First of all the
parameter estimation proposed in this paper is a significant
improvement with respect to other proposed uses of the Roc-
chio formula. The application of this method over crude fea-
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Table 3: BEP of best classifiers on Reuters3 - Revised�����
KNN

����	 	 ��
���� � +NLP

����	 	 ��
���� �
85.99% 85.67% 84.94% 83.82%
RIPPER CLASSI DTREE SWAP1

80% 80% 79% 79%
CHARADE EXPERT Rocchio Naive Bayes

78% 76% 82.61% (75% - 79.9%) 71%-79%

ture sets (i.e. simple words and without any selection) im-
prove significantly with respect to the best obtained Rocchio
methods ( ��� � �, �� vs �	� � ��� ). This weighting scheme is a ro-
bust filtering technique for sparse data in the training corpus.
It has been suitably applied to derive the baseline figures for
contrastive analysis of the role of linguistic features.

The comparative evaluation of simpler feature sets with lin-
guistically motivated information (i.e. POS tagged lemmas
and terminological information) suggests the superiority of
the latter. This is mainly due the adoption of the optimal se-
lection and weighting method proposed. It provides a system-
atic way to employ the source linguistic information. It has to
be noiced that in the set of 9,650 features (including linguis-
tic ones) derived from the training material of the Reuters3
) -�� category, only 4,957 ( 
 51,3%) assumes a weight greater
than 0 after $ ����
 optimization is carried out. Notice that the
use of a single (global) $ value over linguistic features (i.e.
+POS+PN+TE), shown in Fig. 1 (LingFeature plot), reaches
a best BEP of about 0.828: this is improved of more that 2%
in BEP when selective $ � setting is applied (Tab. 2). This
form of weighting is thus responsible for an optimal employ-
ment of linguistic information that is, by its nature, often af-
fected by data sparseness and noise.

6 Conclusion
In this paper a new model able to exactly measure the con-
tribution given by NLP has been designed and experimented.
It brings significant evidence of the role of natural language
processing techniques in the specific TC area of IR. The ben-
efits of NLP methods are the efficient extraction of linguisti-
cally motivated complex features (including multi-word pat-
terns). A novel weighting method has been also proposed.
It provides a systematic feature selection functionality with
a systematic estimation of the $ � parameters in the Rocchio
formula. The method is robust and effective wrt noise as
analysis over non linguistic feature sets demonstrates. This
gave us the possibility of focusing on the measurement of rel-
evance of NLP derived features. The

� ��-.- 
 � �%/ � applied to
linguistic material supports thus a computationally efficient
classification (typical of purely statistical models) and pro-
duces performances (about � ,�� ) comparable with the best
(but computationally more expensive) classifiers (e.g. KNN
and SVM).
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Abstract

In order to generatehigh quality explanationsin
mathematicaldomains,the presentationmust be
adaptedto theknowledgeof theintendedaudience.
Most proof presentationsystemsonly communi-
cateproofson a fixed degreeof abstractioninde-
pendentlyof theaddressee’s knowledge.In thispa-
per, we shallpresenttheproof explanationsystem
P.rex. Basedon assumptionsabouttheaddressee’s
knowledge,its dialog plannerchoosesa degreeof
abstractionfor eachproof stepto beexplained. In
reactionto the user’s interactions,which are al-
lowedat any time, it entersclarificationdialogsto
reviseits usermodelandto adapttheexplanation.

1 Introduction
A personwhoexplainsto anotherpersona logical line of rea-
soningadaptshisexplanationsto theaddressee’s knowledge.
A computerprogramdesignedto takeovertheexplainingpart
shouldalsoadoptthisprinciple.

Assortedsystemstake into accountthe intendedaudi-
ence’s knowledge in the generationof explanations(see
e.g., [Cawsey, 1990; Paris, 1991; Wahlster et al., 1993;
Horacek,1997]). Most of them adaptto the addresseeby
choosingbetweendifferent discoursestrategies. Feedback
form the userhimself can be an importantsourcefor user
modeling. [Moore andSwartout,1991] presentsa context-
sensitive explanationfacility for expert systemsthat,onethe
onehand,allows theuserto askfollow-upquestionsand,on
the otherhand,actively seeksfeedbackfrom the userto de-
terminewhethertheexplanationsaresatisfactory. [Mooney et
al., 1991] emphasizesthat theusermustbeableto interrupt
theexplanationsystemat any time.

Whereasamathematiciancommunicatesaproofonalevel
of abstractionthatis tailoredto theaudienceandreactsto the
audience’s needs,most proof presentationsystemssuchas
PROVERB [HuangandFiedler, 1997] verbalizeproofson a
fixeddegreeof abstractiongivenby theinitial representation
of theproofwithout allowing for userinteraction.

Drawing on resultsfrom cognitive science,we have been
developing an interactive proof explanation system, called
P.rex (for proof explainer), which adaptsits explanationsto
theuser’sassumedexpertise.Thesystemexplainseachproof

stepof a proof on themostabstractlevel that the useris as-
sumedto know. While theexplanationis in progress,theuser
can interruptP.rex anytime, whenhe is not satisfiedby the
currentexplanation.Analyzingtheuser’s interactionanden-
teringa clarificationdialogwhenneeded,thesystemtries to
identify the reasonwhy theexplanationwasnot satisfactory
and re-plansa betteradaptedexplanation,for example,by
switchingto anotherlevel of abstraction.

Hence,drivenby the dialog,P.rex adaptsits explanations
to the userin reactionto his interactions. However, in the
currentexperimentalstage,only a smallsetof interactionsis
allowed.

In this paper, we shallfirst introduceproofsasthedomain
objectsthat are subjectto explanationin Section2. Next,
in Section3, we shallgive anoverview of thearchitectureof
P.rex. Then,in Section4,weshalldescribethedialogplanner
in moredetail.Section5 is devotedto exampledialogs.

2 The Domain
Theobjectsof ourdomainthatareto beexplainedareproofs
of mathematicaltheorems.An examplefor a proof is given
below. Eachline consistsof four elements(label,antecedent,
succedent,and justification) and describesa node of the
proof. The label is usedas a referencefor the node. The
antecedent is a list of labelsdenotingthe hypothesesunder
which the formula in the node,the succedent, holds. This
relationbetweenantecedentandsuccedentis denotedby

�
.

�������	��

����������������������������������� ��������� ��������� ���!#" $&%('*),+�%('*- ./"0(1 0(1 $&%('*)
HYP! 1 0 1 $&%('*),23-
Def

25460 1�7098 098 $&%('*-
HYP!#8 098 $&%('*),23-
Def

25460:8 7!#; $&%('*),23- 2
-Lemma

46!<" 7
CASE

46!#"/=�! 1 =�! 8�7
Wecall > �@?

thefact in thenode.Theproofof thefact in
thenodeis givenby its justification. A justificationconsists
of a rule anda list of labels,thepremises of thenode. A�B de-
notesanunspecifiedjustification.HYP andDefC standfor a
hypothesisandthe definitionof C , respectively. D5E hastwo
justificationson different levels of abstraction:the lessab-
stractjustificationwith theinferenceruleCASE(i.e., therule
for caseanalyses)andthemoreabstractjustificationwith the

1295NATURAL LANGUAGE PROCESSING AND INFORMATION RETRIEVAL



Memory

Proof
Declarative

Rules

ModelsProduction

Analyzer

Interface

User

math.
Theories

Presentation
Component

Dialog Planner
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inferencerule C -Lemma,whichstandsfor analreadyproven
lemmaabouta propertyof C . By agreement,if a nodehas
more than one justification, thesearesortedfrom mostab-
stractto leastabstract.

Theproof is asfollows:From FHG,IKJLFMG,N wecancon-
cludethat F,GOIPCQN by the C -Lemma. If we do not know
the C -Lemma,wecancometo theconclusionby considering
thecaseanalysiswith thecasesthat FHGRI or FMGSN , respec-
tively. In eachcase,we canderive that FTGUIVCWN by the
definitionof C .

3 The Architecture of P.rex
P.rex is agenericexplanationsystemthatcanbeconnectedto
differenttheoremprovers. An overview of its architectureis
providedin Figure1.

A formal languagefor specifyingproofsandmathemati-
cal theoriesis theinterfaceby which theoremproverscanbe
connectedto P.rex. Mathematical theories areorganizedin
a hierarchicalknowledgebase.Eachtheoryin it maycontain
axioms,definitions,theoremsalongwith proofs,as well as
proof methods,andcontrol ruleshow to apply proof meth-
ods.

A proof of a theoremcan be representedhierarchically
suchthatit makesexplicit thevariouslevelsof abstractionby
providing severaljustificationsfor asingleproofnode,where
eachjustificationbelongsto a differentlevel of abstraction.

Thecentralcomponentof thesystemis thedialog planner.
It is implementedin ACT-R [AndersonandLebiere,1998],
a goal-directedproductionsystemthataimsto modelhuman
cognition.ACT-R hastwotypesof knowledgebases,or mem-
ories, to storepermanentknowledgein: declarative andpro-
ceduralrepresentationsof knowledgeareexplicitly separated
into the declarative memoryand the proceduralproduction
rulebase,but areintimatelyconnected.

Proceduralknowledgeis representedin productionrules
(or simply: productions) whoseconditionsand actionsare
definedin termsof declarative structures.A productioncan
only apply if its conditionsare satisfiedby the knowledge
currentlyavailablein thedeclarative memory. An itemin the
declarativememoryis annotatedwith anactivationthatinflu-
encesits retrieval. Theapplicationof a productionmodifies
thedeclarative memory, or it resultsin anobservableevent.

To allow for agoal-orientedbehavior of thesystem,ACT-R
managesgoalsin agoalstack.Thecurrentgoalis thaton the
topof thestack.Only productionsthatmatchthecurrentgoal
areapplicable.

The plan operatorsof the dialog plannerare definedin
terms of productionsand the discoursestructureis repre-
sentedin the declarative memory. Sincepresumeddeclar-
ative and proceduralknowledgeof the user is encodedin
thedeclarative memoryandtheproductionrule base,respec-
tively, thedialogplanneris modelingtheuser.

In order to explain a particular proof, the dialog plan-
ner first assumesthe user’s supposedcognitive stateby up-
datingits declarative andproceduralmemories,which were
recordedduring a previous session. An individual model
for eachuserpersistsbetweenthe sessions.The individual
usermodelsarestoredin thedatabaseof user models. Each
usermodel containsassumptionson the knowledgeof the
userthat are relevant to proof explanation. In particular, it
makesassumptionson which mathematicaltheoriestheuser
knows,which definitions,proofs,proof methodsandmathe-
maticalfactsheknows,andwhichproductionshehasalready
learned.

After updatingthe declarative and proceduralmemories,
thedialogplannersetstheglobalgoalto show theconclusion
of the proof’s theorem. ACT-R tries to fulfill this goal by
successively applyingproductionsthat decomposeor fulfill
goals. Thereby, the dialog plannernot only producesa dia-
log plan(cf. Section4.1),but alsotracestheuser’s cognitive
statesin thecourseof theexplanation.Thisallowsthesystem
bothto alwayschooseanexplanationadaptedto theuser(cf.
Section4.3),andto reactto theuser’s interactionsin a flexi-
bleway: Thedialogplanneranalyzestheinteractionin terms
of applicationsof productions.Thenit plansanappropriate
response(cf. Section4.4).

The dialog planproducedby the dialog planneris passed
on to the presentation component. Currently, we use a
derivateof PROVERB’s micro-planner[Huangand Fiedler,
1997] to planthescopeandinternalstructureof thesentences,
whicharethenrealizedby thesyntacticgeneratorTAG-GEN
[Kilger andFinkler, 1995].

The utteredsentencesare finally displayedon the inter-
face, which alsoallows the userto enterremarks,requests
andquestions.An analyzer receives the user’s interactions
andpassesthemonto thedialogplanner. In thecurrentexper-
imentalstage,weuseasimplisticanalyzerthatunderstandsa
smallsetof predefinedinteractions.

4 Discourse Planning

In thecommunityof NLG, thereis abroadconsensusthatit is
appropriateto generatenaturallanguagein threemajorsteps
[Reiter, 1994;Cahill et al., 1999]. First,amacro-planner (text
planner) determineswhat to say, that is, contentandorder
of the information to be conveyed. Then, a micro-planner
(sentence planner) determineshow to sayit, that is, it plans
thescopeandtheinternalstructureof thesentences.Finally,
a realizer (surface generator) producesthe surfacetext. In
this classification,the dialog planneris a macro-plannerfor
managingdialogs.
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Thedialogplannerof P.rex plansthedialogby building a
representationX of thestructureof the discoursethat includes
speechactsaswell asrelationsamongthem. The discourse
structureis representedin thedeclarative memory. Theplan
operatorsaredefinedasproductions.

4.1 Discourse Structure
Drawing on Rhetorical Structure Theory (RST) [Mann and
Thompson,1987], Hovy arguesin favor of a single tree to
representa discourse[Hovy, 1993]. Heconsidersa discourse
asa structuredcollectionof clauses,which aregroupedinto
segmentsby their semanticrelatedness.Thediscoursestruc-
tureis expressedby thenestingof segmentswithin eachother
accordingto specificrelationships(i.e.,RSTrelations).Sim-
ilarly to Hovy’s approach,we describea discourseby a dis-
course structure tree, whereeachnodecorrespondsto a seg-
ment of the discourse. The speechacts,which correspond
to minimaldiscoursesegments,arerepresentedin theleaves.
Weachievealinearizationof thespeechactsby traversingthe
discoursestructuretreedepth-firstfrom left to right.

4.2 Speech Acts
Speech acts arethe primitive actionsplannedby the dialog
planner. They representfrozenrhetoricalrelationsbetween
exchangeablesemanticentities.Thesemanticentitiesarerep-
resentedasargumentsto therhetoricalrelationin thespeech
act. Eachspeechactcanalwaysbe realizedby a singlesen-
tence.Weusespeechactsin P.rex notonly to representutter-
ancesthat areproducedby the system,but alsoto represent
utterancesfrom theuserin thediscourse.

We distinguishtwo major classesof speechacts. First,
mathematical communicative acts (MCAs) areemployedto
convey mathematicalconceptsor derivations.MCAs suffice
for thosepartsof the discourse,wherethe initiative is taken
by the system. Second,interpersonal communicative acts
(ICAs) serve the dialog,whereboth the systemandtheuser
alternatelytakeover theactive role.

Mathematical Communicative Acts
Mathematical communicative acts (MCAs) are speechacts
thatconvey mathematicalconceptsor derivations.Our class
of MCAs was originally derived from PROVERB’s PCAs
[Huang,1994], buthasbeensubstantiallyreorganizedandex-
tended.We distinguishtwo classesof MCAs:Y Derivational MCAs convey steps of the derivation,

which are logically necessary. Failing to producea
derivationalMCA makesthe presentationlogically in-
correct. The following is anexamplefor a derivational
MCA givenwith a possibleverbalization:

(Derive :Reasons (
%H'*Z,+(%�'*[

)
:Conclusion

%('*Z,23[
:Method

2
-Lemma)

“Since FTG]\ or F^G`_ , FTG]\aCR_ by the C -
Lemma.”Y ExplanatoryMCAscommentonthestepsof aderivation
or give informationaboutthe structureof a derivation.
This informationis logically unnecessary, that is, omis-
sionleavesthederivationlogically correct.However, in-
clusionof explanatoryMCAs makesit mucheasierfor

theaddresseeto understandthe derivations,sincethese
commentskeephim oriented.For example,anMCA of
typeCase introducesa casein a caseanalysis:

(Case :Number 1 :Hypothesis
%('*Z

)
“Case1: Let F*GS\ .”

Interpersonal Communicative Acts
MCAs, which only convey information to the dialog part-
ner without prompting any interaction, suffice to present
mathematicalfactsandderivationsin a monolog. To allow
for dialogswe alsoneedinterpersonal communicative acts
(ICAs), which are employedfor mixed-initiative, interper-
sonalcommunication.In our taxonomizationwe distinguish
four classesof ICAs: questions,requests,acknowledgments
andnotifications.Notethat theusernever entersspeechacts
directly into thesystem.Instead,theuser’s utterancesarein-
terpretedby theanalyzerandmappedinto thecorresponding
speechacts.

ICAs areespeciallyimportantto allow for clarificationdi-
alogs. If the systemfailed to successfullycommunicatea
derivation, it startsa clarification dialog to detectthe rea-
sonfor the failure. Then,it canre-planthepreviously failed
part of the presentationanddouble-checkthat the userun-
derstoodthederivation. We shall comebackto this issuein
Section4.4.

4.3 Plan Operators
Operationalknowledge concerningthe presentationis en-
codedasproductions.Eachproductioneitherfulfills thecur-
rentgoaldirectlyor splitsit into subgoals.Let usassumethat
thefollowingnodesarein thecurrentproof:����������
b�c�d�����������������e�������������f��������� ��������� ���gh1 i(1 $�jh1 .�1

...g<k i&k $�j<k .lkm n $�o p
46g 1 =�q�q�qr=�g ke7
An examplefor a productionis:

(P1) IF the current goal is to show
ns$to

and
p

is the most abstract known rule justifying
the current goal
and

i 1 $@j 1 =�q�qrq�=�i k $Lj k
are known

THEN produce MCA
(Derive :Reasons (

jh1�=�q�qrq�=�j<k
)

:Conclusion
o

:Method
p
)

insert it in the discourse structure tree
and pop the current goal

By producingthe MCA the currentgoal is fulfilled andcan
bepoppedfrom thegoalstack.An examplefor a production
decomposingthecurrentgoalinto severalsubgoalsis:
(P2) IF the current goal is to show

ns$to
and

p
is the most abstract known rule justifying

the current goal
and uav`w j<x�y i&x
$Tj<x

is unknown for zL{`|9{}�~��v,�
THEN for each

j<x#' u , push the goal to show
i&x�$�j<x

Note that the conditionsof ���
�/� and �6����� only differ in the
knowledgeof thepremises

? B for rule � . ������� introducesthe
subgoalsto prove the unknown premisesin � . As soonas
thosearederived, �6�b�/� canapplyandderive theconclusion.
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Hence,�6�
��� and �6����� in principlesuffice to planthepresen-
tation� of a proof startingfrom the conclusionandtraversing
theproof treetowardsits hypotheses.However, certainproof
situationscall for a specialtreatment.Assumethat the fol-
lowing nodesarein thecurrentproof:����������

�����������������(���e�������������������r�d� ��������� ���g�" n $(j 1 +Hj 8 ./"0�1 0�1 $(jh1

HYPg 1 n�=�0 1 $(o . 10:8 0:8 $(j�8
HYPg�8 n�=�098 $(o ./8m n $(o
CASE

46g�"�=�g 1 =�g 8�7
A specificproductionmanagingsucha caseanalysisis the

following:

(P3) IF the current goal is to show
nL$Lo

and CASE is the most abstract known rule jus-
tifying the current goal
and

nL$Lj 1 +Hj 8
is known

and
n�=�0(1�$Lo

and
nh=r0985$�o

are unknown
THEN push the goals to show

n�=�0(1�$ o
andnh=�0 8 $Lo

and produce MCA
(Case-Analysis :Goal

o
:Cases (

jh1�=�j�8
))

and insert it in the discourse structure tree

Thisproductionintroducesnew subgoalsandmotivatesthem
by producingtheMCA.

Sincemorespecificproductionssuchas �6���e� treat com-
moncommunicative standardsusedin mathematicalpresen-
tations,they arepreferredto moregeneralones.Notethatthe
productionsensurethatonly thoseinferencerulesareselected
for theexplanationthatareknown to theuser.

4.4 User Interaction

Theability for userinteractionis animportantfeatureof ex-
planationsystems. [Moore andSwartout,1991] presentsa
context-sensitiveexplanationfacility for expertsystemsthat,
one the one hand, allows the user to ask follow-up ques-
tions and, on the other hand,actively seeksfeedbackfrom
the userto determinewhetherthe explanationsaresatisfac-
tory. [Mooney et al., 1991] emphasizesthattheusermustbe
ableto interrupttheexplanationsystematany time.

In P.rex, theusercaninteractwith thesystemat any time.
Whenthesystemis idle—for example,afterstartingit or af-
ter completionof anexplanation—itwaitsfor theuserto tell
it the next task. During an explanation,P.rex checksafter
eachproductioncycle if theuserwishesto interruptthecur-
rentexplanation.Eachinteractionis analyzedby theanalyzer
andpassedon to thedialogplannerasa speechact,which is
includedin thecurrentdiscoursestructuretree.

We allow for threetypesof userinteractionin P.rex: A
command tells thesystemto fulfill a certaintask,suchasex-
plaininga proof. An interruption interruptsthesystemto in-
form it thatanexplanationis not satisfactoryor that theuser
wantsto insert a different task. In clarificationdialogs,fi-
nally, theuseris promptedto give answers to questionsthat
P.rex askswhenit cannotidentify a uniquetaskto fulfill. In
thispaper, weshallconcentrateon interruptions.

Interruptions
TheusercaninterruptP.rex anytime to enteranew command
or to complainaboutthecurrentexplanation.The following
speechactsareexamplesfor messagesthat can be usedto
interruptthesystem:

(too-detailed :Conclusion � )
Theexplanationof thestepleadingto � is too detailed,
that is, the stepshouldbe explainedat a moreabstract
level.

(too-difficult :Conclusion � )
Theexplanationof thestepleadingto � is too difficult,
thatis, thestepshouldbeexplainedin moredetail.

The Reaction to too-detailed
Whentheusercomplainsthat thederivationof a conclusion� was too detailed,the dialog plannerchecksif thereis a
higher level of abstractionon which � can be shown. If
so, the correspondinghigher level inferencerule is marked
asknown,sothatit is availablefor futureexplanations.Then,
the explanationof the derivation of � is re-planned. Oth-
erwise,the dialog plannerinforms the user, that thereis no
higher level available for presentation.This reactionof the
systemis encodedin thefollowing two productions:

(P4) IF the user message is
(too-detailed :Conclusion

m
)

and the inference rule
p

was used to justify
m

and there is an inference rule
p��

justifying
m

that
is more abstract than

p
THEN mark

p �
as known by the user

and push the goal to show
m

(P5) IF the user message is
(too-detailed :Conclusion

m
)

and the inference rule
p

was used to justify
m

and there is no inference rule
p��

justifying
m

that
is more abstract than

p
THEN produce ICA

(Most-abstract-available :Rule
p
)

and insert it in the discourse structure tree

An example dialog where the user complainedthat the
originalexplanationof aproofwastoodetailedshallbegiven
in Example1 in Section5.

The Reaction to too-difficult
Whentheusercomplainsthat thederivationof a conclusion� wastoo difficult, the dialog plannerentersa clarification
dialogto find outwhichpartof theexplanationfailedto rem-
edy this failure. The control of the behavior of the dialog
planneris displayedin Figure2. Notethateveryarrow in the
figurecorrespondsto a productionsuchthatwe cannotgive
theproductionsheredueto spacerestrictions.

To elucidatethe diagramin Figure 2, an exampledialog
wherethe usercomplainedthat the original explanationof
a proof wastoo difficult shall be given in Example2 in the
followingsection.

5 Example Dialogs
Let us examinemorecloselyhow P.rex plansthe discourse
with thehelpof two exampledialogs. In bothdialogs,P.rex
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Startreplanningstep �
Checkif � hasany premises

yes

Checkif all premisesof � wereexplicitly verbalized

no

Reverbalize� with explicit premises

Ask if � is understood

no

Ask if all premisesof � areunderstood

no

Recursionwith all premisesthatarenot understood

Ask if � is understood

no

Checkif thereis a lower level of abstraction
yes

Replan� on thenext lower level of abstraction( � � )
Ask if � � is understood

no

Recursionwith � �

no

yes

yes

yes

yes

yes

Return

no

paraphrasetheinferencerule in �
Figure2: Thereactionof thedialog plannerif a step � was
toodifficult.

explains the proof given in Figure 3. Note that this proof
consistsof twosimilarlyprovedpartswith D E and D�� asroots,
respectively.
Example 1 Let usconsiderthefollowing situation:Y Thecurrentgoalis to show thefact in D5E . Thenext goal

on thestackis to show thefact in D �e Y The rulesHYP, CASE, andDefC are known, the ruleC -Lemmais unknown.Y Thefactsin D�¡ and D�¢ areknown, the factsin £�¤ , D�¤ ,£s¥ , D�¥ , £s¦ , D�¦ , £s§ , and D�§ areunknown.

SinceCASEis themostabstractknown rule justifying the
currentgoal, both decomposingproductions�6���e� and �������
areapplicable.Recallthatmorespecificproductionsarepre-
ferred to moregeneralones. Therefore,the dialog planner
chooses�6���e� for theexplanation,thusproducingtheMCA

(Case-Analysis :Goal FMGSI¨C©N
:Cases ( FHGRI«ª�FHG,N ))

whichcanberealizedas“To prove F*GSI¬CsN let usconsider
the casesthat F^G­I and FOG®N ,” and then explains both
cases.

Supposenow that theuserinterruptsthesystemthrowing
in that the presentationis too detailed. Then, the analyzer
passesthe speechact (too-detailed :ConclusionF,GOIOCQN ) to thedialog planner. Sincethe inferenceruleC -Lemma,which is moreabstractthanCASE,alsojustifies
the conclusion,production �6��¯�� applies. Hence,the infer-
encerule C -Lemmais markedasknown andthegoalto show

����������
b�c�d�����������������e������������� ���°�r��� �������d�±���! " $&%('*),+�%('L- . "0(1 0(1 $&%('*)
HYP! 1 0 1 $&%('*),23-
Def

2�460 1�7098 098 $&%('*-
HYP! 8 0 8 $&%('*),23-
Def

2�460 8�7! ; $&%('*),23- 2
-Lemma

46! " 7
CASE

46! " =�!�1�=�!<8 7!#² $&%('*Z,+�%('*[ .�²09³ 09³ $&%('*Z
HYP! ³ 0 ³ $&%('*Z,23[
Def

2�460 ³�709´ 09´ $&%('*[
HYP! ´ 0 ´ $&%('*Z,23[
Def

2�460 ´�7!#µ $&%('*Z,23[ 2
-Lemma

46!#² 7
CASE

46!#²�=�!<³�=�!<´ 7
Figure3: A proof to beexplainedby P.rex.

thefact in D5E is againpushedontothegoalstack.Then, �6�
���
is the only applicableproduction. Since C -Lemmais more
abstractthanCASE andboth areknown, it is chosento in-
stantiate���
�/� . Hence,thedialogplannerproducestheMCA

(Derive :Reasons ( FsG,I¨JtF*GSN )
:Conclusion FHGRI¨C¬N
:Method C -Lemma)

whichcanbeverbalizedas“Since FMG,I or FsG,N , FsG,I¶C�N
by the C -Lemma.”

Since C -Lemmais now markedas known by the user, it
canalsobeusedfor presentationin subsequentsituations,for
example,when D � is to be shown. The whole dialog takes
placeasfollows:

P.rex: In orderto prove that
%('M)�2&-

let usconsider
thefollowing cases.
Case1: Let

%T'V)
. Then

%W'V)T2¬-
by the

definitionof
2

.
Case2: Let

%('M-
. Thatimpliesthat

%�'L)@23-
by thedefinitionof

2
.

User: Thisderivationis toodetailed.
P.rex: Since

%�'S)
or

%@'S-
,
%@'S)R2s-

by the
2

-
Lemma.Since

%@'¬Z
or

%�'·[
,
%L'¬ZR2s[

by
the

2
-Lemma.

¸¹
To elucidatethebehavior of thedialogplannerasdepicted

in Figure2, let usexaminethefollowing example:
Example 2 We now considerthefollowing situation:Y Thecurrentgoalis to show thefact in D�E . Thenext goal

onthestackis to show thefact in D �e Y therulesHYP, CASE,DefC , and C -Lemmaareknown,Y Thefactsin D�¡ and D�¢ areknown, the factsin £�¤ , D�¤ ,£s¥ , D�¥ , £s¦ , D�¦ , £s§ , and D�§ areunknown.
This time, the only applicableproductionis ���
�/� . SinceC -Lemmais moreabstractthanCASEandboth areknown,

it is chosento instantiate�6�b�/� . Hence,the dialog planner
producestheMCA

(Derive :Reasons ( FsG,I¨JtF*GSN )
:Conclusion FHGRI¨C¬N
:Method C -Lemma)
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whichcanbeverbalizedas“Since FHGSI or FHGRN , FHGRI¶CºN
by the»¼C -Lemma.”

Supposenow that theuserpointsto this utteranceandin-
terruptsP.rex throwing in thatthis stepwastoo difficult. The
analyzertranslatesthe user’s interactionto the speechact
(too-difficult :Conclusion F,G½I¾C,N ). Now,
thedialogplannerenterstheclarificationdialogasdisplayed
in Figure 2. Sinceall premiseswereexplicitly mentioned,
thesystemdoesnot reverbalizethestep,but askswhetherall
premisesareunderstood,what the useraffirms. Hence,the
systemcheckswhetherthereis a lower level of abstraction,
at which the stepcan be presented.Sincethis is the case,
P.rex replansthe explanationof the stepby markingthe in-
ferencerule C -Lemmaasunknown andpushingthe goal to
show the fact in D E onto the goal stack. Now, �6�b�/� is not
applicable,since C -Lemmais unknown, but �6���e� and �������
areapplicable.Hence,the systemproceedsasin the begin-
ning of Example1 andverbalizesthe caseanalysis. SinceC -Lemmais unknown, it is not usedin subsequentsituations
either. Therefore,D � is alsoexplainedby acaseanalysis.The
wholedialogtakesplaceasfollows:

P.rex: Since
%W'V)

or
%T'¾-

,
%T'O)T2¬-

by the2
-Lemma.

User: Thisstepis toodifficult.
P.rex: Do you understandthepremises?
User: Yes.
P.rex: In orderto prove that

%('*)@2&-
let usconsider

thefollowing cases.
Case1: Let

%H't)
. Thatleadsto

%3'@)S2s-
by

thedefinitionof
2

.
Case2: Let

%W'V-
. Then

%W'V)T2¬-
by the

definitionof
2

.
Do you understandthisstep?

User: Yes.
P.rex: In orderto provethat

%('LZL2&[
let usconsider

thefollowing cases.
Case1: Let

%H'sZ
. Therefore

%('MZ,2H[
by the

definitionof
2

.
Case2: Let

%W'V[
. Then

%T'VZT2@[
by the

definitionof
2

.

¸¹

6 Conclusion
In thispaper, wepresentedthedialogplannerof theproofex-
planationsystemP.rex. Basedon assumptionsaboutthead-
dressee’s knowledge(e.g.,which factsdoesheknow, which
definitions,lemmas,etc.), the dialog plannerchoosesa de-
greeof abstractionfor eachproofstepto beexplained.In re-
actionto theuser’s interactions,it entersclarificationdialogs
to revise its usermodel and to adaptthe explanation. The
architectureof the dialog plannercanalsobe usedto adapt
contentselectionandexplicitnessreactively to theaudience’s
needs.Therationalebehindthearchitectureshouldprove to
beusefulfor explanationsystemsin general.

However, in thecurrentexperimentalstage,onlyasmallset
of userinteractionsis allowed. More elaborateinteractions

thatcall for morecomplex reactionsaredesirable.Therefore,
empiricalstudiesof teacher-studentinteractionsin mathemat-
icsclassesarenecessary.
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Abstract 

We describe a framework that helps students learn from 
examples by generating example problem solutions 
whose level of detail i s tailored to the students’ domain 
knowledge. The framework uses natural language 
generation techniques and a probabili stic student model 
to selectively introduce gaps in the example solution, so 
that the student can practice applying rules learned from 
previous examples in problem solving episodes of 
diff iculty adequate to her knowledge. Filli ng in solution 
gaps is part of the meta-cogniti ve skill known as self-
explanation (generate explanations to oneself to clarify 
an example solution), which is crucial to effectively 
learn from examples. In this paper, we describe how 
examples with tailored solution gaps are generated and 
how they are used to support students in learning 
through gap-filli ng self-explanation. 

1 Introduction 
Studying examples is one of the most natural ways of 
learning a new skill . Thus, substantial research in the field 
of Intelli gent Tutoring Systems (ITS) has been devoted to 
understand how to use examples to enhance learning. Most 
of this research has focused on how to select examples that 
can help a student during problem solving [e.g., Burrow and 
Weber 1996; Aleven and Ashley 1997]. In this paper, we 
focus on how to describe an example solution so that a 
student can learn the most by studying it previous to 
problem solving. In particular, we address the issue of how 
to vary the level of detail of the presented example solution, 
so that the same example can be equally stimulating for 
learners with different degrees of domain knowledge.  

This problem is novel in ITS, as it requires sophisticated 
natural language generation (NLG) techniques. While the 
NLG field has extensively studied the process of producing 
text tailored to a model of the user’s inferential capabiliti es 
[e.g., Horacek 1997; Korb, McConachy et al. 1997; Young 
1999], the application of NLG techniques in ITS are few 
and mainly focused on managing and structuring the tutorial 
dialogue [e.g., Moore 1996; Freedman 2000], rather than on 
tailoring the presentation of instructional material to a 
detailed student model. 

The rationale behind varying the level of detail of an 
example solution lies on cogniti ve science studies showing 
that those students who self-explain examples (i.e., generate 
explanations to themselves to clarify an example solution) 
learn better than those students who read the examples 
without elaborating them [Chi 2000]. One kind of self-
explanation that these studies showed to be correlated with 
learning involves filli ng in the gaps commonly found in 
textbook example solutions (gap filli ng self-explanation). 
However, the same studies also showed that most students 
tend not to self-explain spontaneously. In the case of gap 
filli ng, this phenomenon could be due to the fact that gap 
filli ng virtuall y requires performing problem solving steps 
while studying an example. And, because problem solving 
can be highly cogniti vely and motivationally demanding 
[Sweller 1988], if the gaps in an example solution are too 
many or too diff icult for a given student, they may hinder 
self-explanations aimed at filli ng them.  

We argue that, by monitoring how a student’s knowledge 
changes when studying a sequence of examples, it is 
possible to introduce in the examples solution gaps that are 
not too cogniti vely demanding, thus facilit ating gap filli ng 
self-explanation and providing a smooth transition from 
example study to problem solving. We are testing our 
hypothesis by extending  the SE-Coach, a framework to 
support self-explanation of physics examples [Conati and 
VanLehn 2000].  

The SE-Coach already effectively guides two other kinds 
of self-explanations that have been shown to trigger learning 
[Chi 2000]: (i) justify a solution step in terms of the domain 
theory (step correctness); (ii ) map a solution step into the 
high-level plan underlying the example solution (step 
utilit y). The internal representation of an example solution 
used by the SE-Coach to monitor students’ self-explanation 
is generated automaticall y. However, because the SE-Coach 
does not include any NLG capabilit y, the example 
description presented to the student and the mapping 
between this description and the internal representation is 
done by hand. Thus, each example has a fixed description, 
containing virtuall y no solution gaps.  

In this paper, we describe how we extended the SE-Coach 
with NLG techniques to (i) automaticall y generate the 
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example presentation from the example internal 
representation (ii ) selectively insert gaps in the example 
presentation, tailored to a student’s domain knowledge.  

Several NLG computational models proposed in the 
literature generate concise text by taking into account the 
inferential capabiliti es of the user. [Young 1999] generates 
effective plan descriptions tailored to the hearer’s plan 
reasoning capabiliti es. [Horacek 1997] is an example of 
models that take into account the hearer’s logical inference 
capabiliti es. And [Korb, McConachy et al. 1997] proposes a 
system that relies on a model of user’s probabili stic 
inferences to generate suff iciently persuasive arguments. 

In contrast, our generation system tailors the content and 
organisation of an example to a probabili stic model of the 
user logical inferences, which allows us to explicitl y 
represent the inherent uncertainty involved in assessing a 
learner’s knowledge and reasoning processes. Furthermore, 
our system maintains information on what example parts are 
not initiall y presented (i.e., solution gaps), which is criti cal 
to support gap-filli ng self-explanations for those students 
who tend not to self-explain autonomously.    

In the following sections, we first ill ustrate our general 
framework for example generation. We then describe in 
detail the NLG techniques used and an example of the 
tailored presentations they generate.  Finall y, we show how 
the output of the NLG process supports an interface to guide 
gap filli ng self-explanation.  

2 The Framework for Example Generation  

Example

Before run-time

Problem definition
(givens and goals)

Domain and planning rules

Problem
Solver

Solution graph

Example Generator

  User Interface

Long-term
user’s model
Long-term

user’s model

Before run-time
Templates

Explanation
strategies

Bayesian
network

Gap filli ng menu

 
Figure 1: Framework for example generation 

Figure 1 shows the architecture of our framework for 
generating tailored example presentations. The part of the 
framework labelled “before run-time” is responsible for 
generating the internal representation of an example solution 
from (i) a knowledge base (KB) of domain and planning 
rules (for physics in this particular application); (ii ) a formal 
description of the example initial situation, given quantities 
and sought quantities [Conati and VanLehn 2000]. A 
problem solver uses these two knowledge sources to 
generate the example solution represented as a dependency 
network, known as the solution graph.  The solution graph 
encodes how each intermediate result in the example 
solution is derived from a domain or planning rule and from 
previous results matching that rule’s preconditions. 
Consider, for instance, the physics example in Figure 2 
(Example1). Figure 3 shows the part of solution graph that 
derives the first three steps mentioned in Example1 solution: 

establi sh the goal to apply Newton’s 2nd Law; select the 
body to which to apply the law; identify the existence of a 
tension force on the body. 

In the solution graph, intermediate solution facts and goals 
(F- and G- nodes in Figure 3) are connected to the rules (R- 
nodes) used to derive them and to previous facts and goals 
matching these rules’ enabling conditions. The connection 
goes through rule-application nodes (RA- nodes in Figure 
3), expli citl y representing the application of each rule in the 
context of a specific example. Thus, the segment of network 
in Figure 3 encodes that the rule R-try-Newton-2law 
establishes the goal to apply Newton’s 2nd Law (node G-try-
Newton-2law) to solve the goal to find the force on Jake 
(node G-force-on Jake).  

 
Figure 2: Sample Newtonian physics example 

The rule R-goal-choose-body sets the  subgoal to find a 
body to apply the Newton’s 2nd  Law (node G-goal-choose-
body), while the rule R-find-forces sets the subgoal to find 
all the forces on the body (node G-find-forces). The rule R-
body-by-force dictates that, if one has the goals to find the 
force on an object and to select a body to apply Newton’s 
2nd Law, that object should be selected as the body. Thus, in 
Figure 3 this rule selects Jake as the body for Example1 
(node  F-Jake-is the body).  The rule R-tension-exists says 
that if an object is tied to a taut string, then there is a tension 
force exerted by the string on the object. When applied to 
Example1, this rule generates the fact that there is a tension 
force on Jake (node F-tension-on-Jake in Figure 3). 

The solution graph can be seen as a model of correct self-
explanation for the example solution, because for each 
solution fact it encodes the various types of self-
explanations relevant to understand it: step correctness  
(what domain rule generated that fact), step utilit y (what 
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goal that fact fulfil s) and gap filli ng (how the fact derives 
from previous solution steps).  

 

RuleR

Fact/GoalF/G

Rule ApplicationRA

R - try - Newton - 2law

F- Jake -is - the - body

R- goal - choose - body

R- body - by - force

RA- goal - choose -b ody

RA - body - by - force

G- goal - choose - body

G- force - on - Jake

G- try - Newton - 2law

RA- try - Newton - 2law F - hangs - from - rope

G- find - forces

F- tension - on- Jake

RA- find - forces

RA - tension - exists

R- tension - exists

R- find - forces

RuleR

Fact/GoalF/G

Rule ApplicationRA

RuleR

Fact/GoalF/G

Rule ApplicationRA

R - try - Newton - 2law

F- Jake -is - the - body

R- goal - choose - body

R- body - by - force

RA- goal - choose -b ody

RA - body - by - force

G- goal - choose - body

G- force - on - Jake

G- try - Newton - 2law

RA- try - Newton - 2law F - hangs - from - rope

G- find - forces

F- tension - on- Jake

RA- find - forces

RA - tension - exists

R- tension - exists

R- find - forces

 

Figure 3: Segment of solution graph for Example1 

In the SE-Coach, every time a student is shown an 
example, the corresponding solution graph provides the 
structure for a Bayesian network (see right bottom side of 
Figure 1) that uses information on  how the student reads 
and self-explains that example to generate a probabili stic 
assessment of how well the student understands the example 
and the related rules [Conati and VanLehn 2001]. The prior 
probabiliti es to initiali se the rule nodes in the Bayesian 
network come from the long-term student model (see Figure 
1), which contains a probabili stic assessment of a student’s 
current knowledge of each rule in the KB. This assessment 
is updated every time the student finishes studying an 
example, with the new rule probabiliti es computed by the 
corresponding Bayesian network.   

  In the SE-Coach, the solution graph and Bayesian 
network described above are used to support students in 
generating self-explanations for correctness and utilit y only.  
No explicit monitoring and support for gap filli ng self-
explanation is provided. This is because in the SE-Coach, 
the description of the example solutions presented to the 
student and the mapping between these descriptions and the 
corresponding solution graphs are done by hand. This 
makes it impossible to tailor an example description to the 
dynamicall y changing student model by inserting gaps at the 
appropriate diff iculty level for a given student. We have 
overcome this limitation by adding to the SE-Coach the 
example generator (see right part of Figure 1), a NLG 
system that can automaticall y tailor the detail l evel of an 
example description to the student’s knowledge, in order to 
stimulate and support gap-filli ng self-explanation. 

3 The Example Generator (EG) 
EG is designed as a standard pipelined NLG system 

[Reiter and Dale 2000]. A text planner [Young and Moore 
1994] selects and organizes the example content, then a 

microplanner and a sentence generator reali ze this content 
into language. In generating an example, EG relies on two 
key communicative knowledge sources (right part of Figure 
1): (i) a set of explanation strategies that allow the text 
planner to determine the example’s content, organization 
and rhetorical structure; (ii ) a set of templates that specifies 
how the selected content can be phrased in English. 

The design of these sources involved a complex 
acquisition process. We obtained an abstract model of an 
example’s content and organisation from a detailed analysis 
of the rules used to generate the solution graph. This was 
combined with an extensive examination of several physics 
textbook examples, which also allowed us to model the 
examples’ rhetorical structure and the syntactic and 
semantic structure of their clauses. To analyse the rhetorical 
structure of the examples, we followed Relational Discourse 
Analysis (RDA) [Moser, Moore et al. 1996], a coding 
scheme devised to analyse tutorial explanations. The 
semantic and syntactic structure of the examples’ clauses 
was used to design the set of templates that map content into 
English.   

We now provide the detail s of the selection and 
organisation of the example content. In EG, this process 
relies on the solution graph and on the probabili stic long 
term student model.  It consists of two phases, text planning 
and revision,  to reduce the complexity of the plan operators 
and increase the eff iciency of the planning process. Text 
planning selects from the solution graph a knowledge pool 
of all the propositions (i.e., goals and facts) necessary to 
solve a given example, and it organizes them according to 
ordering constraints also extracted from the solution graph. 
The output of this phase, if reali zed, would generate a full y 
detailed example solution. After text planning, a revision 
process uses the assessment in the student’s long-term 
model to decide whether further content selection can be 
performed to insert appropriate solution gaps. Text planning 
and revision are described in the following sub-sections.  

3.1 Text Planning Process 
The input to the text planner consists of (i) the abstract 

communicative action of describing an example solution; 
(ii ) the example solution graph; (iii ) the explanation 
strategies. The planning process selects and organizes the 
content of the example solution by iterating through a loop 
of communicative action decomposition1. Abstract actions 
are decomposed until primiti ve communicative actions 
(executable as speech acts) are reached. In performing this 
task, the text planner relies on the set of explanation 
strategies that specify possible decompositions for each 
communicative action and the constraints dictating  when 
they may be applied. These constraints are checked against     

                                                   
1 Communicative actions satisfy communicative goals. So, text 
planning actuall y involves two intertwined processes of goal and 
action decomposition. To simpli fy our presentation, we only refer 
to communicative actions and their decomposition. 
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(Describe example1)

(Inform-about-problem find-force)

(Inform-about (choose-simple-body Jake))
(Describe-step  choose-body)

(Inform-about-method Newton’s-2nd-Law)

(Describe-step   body’s-properties)

(Describe-step all -forces-on-body)
(Inform-about (act-on Jake tension))

(Inform-about (act-on Jake weight))

(Show free-body-diagram)

(Describe-solution-method Newton’s-2nd-
Law)

(Describe-substeps-method Newton’s-2nd-Law)

Enable Goal:Act

Joint Step1:Step2

Enable Preparation:Act

Enable Goal:Act

Communicative action decomposition Intentional/Informational relations

Graphical
actions…

(Describe-step specify-component-equations)

(Describe-step write-component-equations)
(Describe-step choose-coordinate-axes)

(Describe-solution-method ?method
 :constraints
           (find-steps ?method ?steps)
 :sub-actions
     ((a1 (Inform-about ?method))
       (a2 (describe-method-steps ?steps)))
:relations
     ((r1 (Enable a2 a1))
       (r2 (Goal:Act a1 a2))))

(a)

(b)

 

Figure 4: (a) Sample explanation strategy. (b) Portion of the text plan 

the solution graph and when they are satisfied the 
decomposition is selected and appropriate content is also 
extracted from the solution graph. For ill ustration, Figure 
4(a) shows a simpli fied explanation strategy that 
decomposes the communicative action describe-solution-
method. Possible arguments for this action are, for instance, 
the Newton’s-2nd-Law and the Conservation-of-Energy 
methods. Looking at the detail s of the strategy, the function 
find-steps (:constraints field)  checks in the solution graph 
whether the method has any steps. If this is the case, the 
steps are retrieved from the solution graph and the describe-
solution-method action is decomposed in an inform-about 
primiti ve action and in a describe-method-steps abstract 
action. The output of the planning process is a text plan, a 
data structure that specifies what propositions the example 
should convey, a partial order over those propositions and 
the example rhetorical structure. A portion of the text plan 
generated by EG for Example1 is shown in Figure 4(b). 

The propositions that the example should convey are 
specified as arguments of the primiti ve actions in the text 
plan. In Figure 4(b) all primiti ve actions are of type inform. 
For instance, the primiti ve action (Inform-about (act-on 
Jake weight)) specifies the proposition (act-on Jake weight), 
which is reali zed in the example description as “ the other 
force acting on Jake is his weight” . In the text plan, the 
communicative actions are partiall y ordered. This ordering 
is not shown in the figure for clarity’s sake; the reader can 
assume that the actions are ordered starting at the top. The 
example rhetorical structure consists of the action 
decomposition tree and the informational/intentional 
relations among the communicative actions. For instance, in 
(b), the rhetorical structure associated with the action 
describe-solution-method specifies that, to describe the 
solution method, the system has to perform two actions: (i) 
inform the user about the method adopted; (ii ) describe all 
the steps of the method. Between these two actions the 
Enable intentional relation and the Goal:Act informational 
relation hold. All the informational /intentional relations 
used in EG are discussed in [Moser, Moore et al. 1996]. We 

clarify here only the meaning of the Enable relation because 
this relation is criti cal in supporting gap-filli ng self-
explanations. An intentional Enable relation holds between 
two communicative actions if one provides information 
intended to increase either the hearer’s understanding of the 
material presented by the other, or her abilit y to perform the 
domain action presented by the other. 

3.2 The Revision Process 
Once the text planner has generated a text plan for the 
complete example, the revision process revises the plan to 
possibly insert solution gaps that can make the example 
more stimulating for a specific student. The idea is to insert 
solution gaps of adequate diff iculty,  so that the student can 
practice applying newly acquired knowledge without 
incurring in the excessive cogniti ve load that too demanding 
problem solving can generate [Sweller 1988].  

The revision process performs further content selection by 
consulting the probabili stic long-term student model that 
estimates the current student’s domain knowledge. More 
specificall y, the revision process examines each proposition 
specified by a primiti ve communicative action in the text 
plan and, if according to the student model, there is high 
probabilit y that the student knows the rule necessary to infer 
that proposition, the action is de-activated. De-activated 
actions are kept in the text plan but are not reali zed in the 
text, thus creating solution gaps. However, as we will see in 
the next section, de-activated actions may be reali zed in 
follow-up interactions.  

As an ill ustration of the effects of the revision process on 
content selection, compare the example solutions shown in 
Figure 6 and Figure 7. Figure 6 displays the worked out 
solution for  Example2 which,  similarly to Example1, does 
not contain any solution gaps. In contrast, the same portion 
of Example2 solution shown in Figure 7 is much shorter, 
including several solution gaps. As previously described, 
EG determines what information to leave out by consulting 
the long-term probabili stic student model. In particular, the 
concise solution in Figure 7 is generated by EG if the 
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student had previously studied Example1 with the SE-
Coach and generated self-explanations of correctness and 
utilit y providing suff icient evidence that she understands the 
rules used to derive Example1 solution. When selecting the 
content for Example2, EG leaves out all the propositions 
derived from the rules that the student has learned from 
Example1. Notice, for instance, that the concise solution in 
Figure 7 does not mention the solution method used and the 
weight force.  Also, the choice of the body and of the 
coordinate system is only conveyed indirectly. 

 

  

Figure 6 Portion of Example2 without solution gaps 

Even if a student has suff icient knowledge to fill i n the 
solution gaps inserted by the revision process, she may  not 
actuall y perform the required inferences when studying the 
example. As a matter of fact, cogniti ve science studies show 
that most students tend not to self-explain spontaneously 
[Chi 2000]. Thus, once the text plan is revised and reali zed, 
the system presents the concise example with tools designed 
to stimulate gap filli ng self-explanation as we ill ustrate in 
the next section. 

4 Support for Gap Filling Self-explanation 
To support gap-filli ng self-explanation, we have extended 

the interface that the SE-Coach uses to support self-
explanations for step correctness and utilit y. In this 
interface, each example’s graphical element and solution 
step presented to the student is covered with grey boxes. 
Figure 8(a) shows a segment of the example solution in 
Figure 7 as presented with the masking interface.  

To view an example part, the student must move the 
mouse over the box that covers it, thus allowing the 
interface to track what the student is reading. When the  

 

 

Figure 7 Portion of Example2 with solution gap 

(a)

(b)
Figure 8 Interface tools for  gap filling self-explanation 

student uncovers an example part, a “self-explain” button 
appears next to it  (see Figure 8(a)). Cli cking on this button 
generates more specific prompts that suggest one or more of 
the self-explanations for correctness, utilit y or gap filli ng, 
depending upon which of them are needed by the current 
student to full y understand the uncovered step. In particular, 
the text plan produced by EG is the key element in 
determining whether a prompt for gap filli ng is generated. A 
prompt for gap filli ng is generated whenever some of the 
primiti ve communicative actions that  were de-activated 
during the revision process are related through an Enable 
intentional relation to the communicative action expressing 
the uncovered example part.  The rationale behind this 
condition is that a solution gap with respect to an example 
part comprises all the solution steps that were left out, but 
whose understanding is a direct precondition to derive that 
example part. For instance, given the example part 
uncovered in Figure 8(a), there is only one solution gap 
preceding it, namely the one corresponding to the 
communicative action Inform-about (choose-simple-body-
Jake)2. As shown in Figure 8(a), the prompt for gap filli ng 
is generated by adding the item “filli ng in missing steps” to 
the self-explain menu. If the student cli cks on this item, the 
                                                   
2 Since the text plans for Example1 and Example2 are structurall y 
the same, this can be verified in Figure 4(b) 

Text item for gap 

Fill i n the following miss ing step(s) 

FILLING MISSING STEPS 

Text item for gap 

Submit Done 

SOLUTION 

The force N exerted on the wagon by 
the ground is a normal force 

The force N exerted on the wagon by the  

ground is a normal force Self-Explain 

Filli ng in miss ing step(s) 

This fact is true because… 

The role of this fact in the solution 
plan is… 
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interface inserts in the solution text an appropriate number 
of masking boxes, representing the missing steps (see 
Figure 8(b), left panel, first box from top). The interface 
also activates a dialogue box containing a blank for each 
missing step, that the student can use to fill i n the step (see 
Figure 8(b), right panel). Since the interface currently does 
not process natural language input, the student fill s each 
blank by selecting an item in the associated pull -down 
menu. EG generates the entries in this menu by applying the 
reali sation component to unrealised communicative actions 
in the text plan (see Figure 1).  

 The student receives immediate feedback on the 
correctness of his selection, which is also sent to the 
Bayesian network built for the current example (see Figure 
1). The network fact node that corresponds to the missing 
step is clamped to either true or false, depending on the 
correctness of the student’s selection, and the network 
updates the probabilit y of the corresponding rule 
consequently. Thus, if the student’s actions show that he is 
not ready to apply a given rule to fill a solution gap, this 
rule’s probabilit y will decrease in the long-term student 
model. As a consequence, the next presented example 
involving this rule will i nclude the solution steps the rule 
generates, giving the student another opportunity  to see 
how the rule is applied.   

5 Conclusions and Future Work 
We have presented a tutoring framework that integrates 

principles and techniques from ITS and NLG to improve the 
effectiveness of example studying for learning. Our 
framework uses an NLG module and a probabili stic student 
model to introduce solution gaps in the example solutions 
presented to a student. Gaps are introduced when the 
student model assesses that the student has gained from 
previous examples suff icient knowledge of the rules 
necessary to derive the eliminated steps. The goal is to 
allow the student to practice applying these rules in problem 
solving episodes of diff iculty adequate for his knowledge.   

Our framework is innovative in two ways. First, it extends 
ITS research on supporting the acquisition of the learning 
skill known as self-explanation, by providing tailored 
guidance for gap filli ng self-explanation. Second, it extends 
NLG techniques on producing user-tailored text by relying 
on a dynamicall y updated probabili stic model of the user 
logical inferences.  

The next step in our research will be to test the 
effectiveness of our framework through empirical studies. 
These studies are crucial to refine the probabilit y threshold 
currently used to decide when to leave out a solution step, 
and possibly to identify additional principles to inform the 
text plan revision.  Additional future work involves NLG 
research on how the example text plan can be used to 
maintain the coherence of the other example portions, when 
the student fill s a solution gap. 
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Abstract   

The abilit y to generate effective evaluative arguments
is critical for systems intended to advise and persuade
their users. We have developed a system that generates
evaluative arguments that are tailored to the user,
properly arranged and concise. We have also devised
an evaluation framework in which the effectiveness of
evaluative arguments can be measured with real users.
This paper presents the results of a formal experiment
we performed in our framework to verify the influence
of user tailoring on argument effectiveness.

1     Introduction

Evaluative arguments are pervasive in natural human
communication. In countless situations, people attempt to
advise or persuade their interlocutors that something is good
(vs. bad) or right (vs. wrong). For instance, doctors need to
advise their patients on which treatment is best for them (the
patients). A teacher may need to convince a student that a
certain course is (is not) the best choice for the student. And
a sales person may need to compare two similar products
and argue why her current customer should like one more
than the other. With the explosion of the information
available on-line and the ever-increasing availabili ty of
wireless devices, we are witnessing a proli feration of
computer systems that aim to support or replace humans in
similar communicative settings. Clearly, the success of
these systems serving as personal assistants, advisors, or
shopping assistants (e.g., [Chai, Budzikovaska et al. 2000])
may crucially depend on their abili ty to generate and present
effective evaluative arguments.

In the last decade, considerable research has been devoted
to develop computational models for automatically
generating and presenting evaluative arguments. Several
studies investigated the process of selecting and structuring
the content of the argument (e.g., [Morik 1989; Elzer, Chu-
Carroll et al. 1994; Klein 1994]), while [Elhadad, McKeown
et al. 1997] developed a detailed model of how the selected
content should be realised into natural language. All these
approaches to evaluative argument generation follow a basic
guideline from argumentation theory [Mayberry and Golden
1996]: effective evaluative arguments should be constructed

considering the values and preferences of the audience
towards the information presented. In practice, this means
that all previous approaches tailor the generated arguments
to a model of the user’s values and preferences.

However, a key limitation of previous work is that none of
the proposed approaches has been empiricall y evaluated.
Thus, in particular, it is not clear whether and to what extent
tailoring an evaluative argument to a model of the user
increases its effectiveness. The work presented in this paper
is a first step toward addressing this limitation.  By
recognising the fundamental role of empirical testing in
assessing progress, generating new research questions and
stimulating the acceptance of a technique as viable
technology, we have performed an experiment to test the
influence of user-tailoring on argument effectiveness. In the
remainder of the paper, we first provide a short description
of our system for generating evaluative arguments tailored
to a model of the user’s preferences. Then, we briefly
present a framework to measure the effectiveness of
evaluative arguments with real users. Next, we discuss the
experiment we ran within the framework to test the
influence of user tailoring on evaluative argument
effectiveness.

2    User Tailored Evaluative Arguments

Our generation system, known as the Generator of
Evaluative Argument (GEA) [Carenini 2000], generates
evaluative arguments whose content, organisation and
phrasing are tailored to a quantitative model of the user’s
values and preferences. The model is expressed as an
Additive Multiattribute Value Function (AMVF), a
conceptualization based on MultiAttribute Utili ty Theory
(MAUT) [Clemen 1996]. Besides being widely used in
decision theory (where they were originally developed),
conceptualizations based on MAUT have recently become a
common choice in the user modeling field [Jameson,
Schafer et al. 1995]. Furthermore, similar models are also
used in Psychology, in the study of consumer behaviour
[Solomon 1998]. In GEA, a user specific AMVF is a key
knowledge source in all the phases of the generation
process.  GEA is implemented as a standard
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Figure 1 Top: AMVF for two sample users; for clar ity’s sake only a few component value functions
are shown. Bottom: arguments about house-2-33 tailored to the two different models

 pipelined generation system, including a text planner, a
microplanner, and a sentence realizer.

2.1 AMVFs and their Use in GEA

An AMVF is a model of a person’s values and preferences
with respect to entities in a certain class. It comprises a
value tree and a set of component value functions. A value
tree is a decomposition of an entity value into a hierarchy of
entity aspects (called objectives in decision theory), in
which the leaves correspond to the entity primitive
objectives (see top of Figure 1 for two simple value trees in
the real estate domain). The arcs in the tree are weighted to
represent the importance of an objective with respect to its
siblings (e.g., in Figure 1  location for UserA is more than
twice as important as quality in determining the house-
value). The sum of the weights at each level is always equal
to 1. A component value function for a primitive objective
expresses the preferabili ty of each value for that objective as
a number in the [0,1] interval, with the most preferable
value mapped to 1, and the least preferable one to 0. For
instance, in Figure 1 the victorian value of the primitive
objective architectural-style is the most preferred by UserB,
and a distance-from-park of 1 mile has for UserB
preferabili ty (1 - (1/3.2 * 1))=0.69. Formally, an AMVF
predicts the value v(e) of an entity e as follows:
v(e) = v(x1,…,xn) = Σwi vi(xi), where
- (x1,…,xn) is the vector of primitive objective values for an
entity e

- ∀ primitive objective i, vi is the component value function
and  wi is its weight, with 0≤ wi ≤1 and Σwi =1; wi is equal to
the product of all the weights on the path from the root of
the value tree to the primitive objective i.

Thus, given someone’s AMVF, it is possible to compute
how valuable an entity is to that individual. Although for
lack of space we cannot provide details here, given a user
specific AMVF and an entity, GEA can also compute
additional precise measures that are critical in generating a
user-tailored evaluative argument for that entity. First, GEA
can compute how valuable any objective of the entity is for
that user. This information plays an essential role in
phrasing the argument by determining the selection of scalar
adjectives (e.g., convenient), which are the basic linguistic
resources to express evaluations. Second, GEA can identify
what objectives can be used as supporting or opposing
evidence for an evaluative claim. Third, GEA can compute
for each objective the strength of supporting (or opposing)
evidence it can provide in determining the evaluation of its
parent objective. In this way, in compliance with
argumentation theory, evidence can be arranged according
to its strength and concise arguments can be generated by
only including sufficiently strong evidence [Carenini and
Moore 2000].  The measure of evidence strength and the
threshold that defines when a piece of evidence is worth
mentioning were adapted from [Klein 1994].

A final note on AMVF’s applicabili ty. According to
decision theory, in the general case, when uncertainty is

House-value

Location

Quality

Amenities

Distance-park

Distance-work

Distance-shopping

Garden-Size

Porch-size

Neighborhood

Distance-rapid-trans

Crime

Deck-size

#-of-bars

Street-traff ic

Appearance-quali ty

View-quali ty Architectural-styleView-object

AMVF for UserA AMVF for UserB

0.37
0.09

0.54
0.57

0.37

0.06

0.42

0.23

0.04

0.42

0.22

0.05

0.03

0.1

0.29

0.18

0.64

0.36

House-value

Location

Quality

Amenities

Distance-park

Distance-work

Distance-shopping

Garden-Size

Porch-size

Neighborhood

Distance-rapid-trans

Crime

Deck-size

#-of-bars

Street-traff ic

Appearance-quali ty

View-quali ty Architectural-styleView-object

0.65

0.1

0.25
0.11

0.22

0.67

0.15

0.4

0.12

0.36

0.25

0.07

0.03

0.09

0.33

0.2

0.98

0.02

Appearance-quality: good
Architectural-style: victorian

House-2-33
Distance-park: 1.8

Distance-work: 3.1

Distance-shopping: 0.7
Garden-Size: 0
Porch-size: 150 Distance-rapid-trans: 0.3

Crime: 2/10

Deck-size: 0

#-of-bars: 5
View-qualit y: excellent
View-object: river

Street-traff ic: 8/10

modern: 0

deco:  0.5

victorian: 1

modern: 1

deco:  0

victorian: 0.5
river:1 park:0.66

university:0.33 houses:0

same asuserA

0<d<5    1-(1/3.2 * d)
d>5         0

House 2-33 is an interesting house. In fact, it has a reasonable

location in the safe Eastend neighborhood. Even though the traff ic

is intense on 2nd street, house 2-33 is reasonably close to work.

And also it offers an easy acces s to the shops. Furthermore, the

quali ty of house 2-33 is good. House 2-33 offers an exce llent view.

And also it looks beautiful.

House 2-33 is an interesting house. In fact, the quality of house 2-33

is exce llent. House 2-33 offers an excellent view. Its architectural

style is victorian. And it looks beautiful. Furthermore, house 2-33 has

a reasonable location in the safe Eastend neighborhood . Even

though it is somewhat far from the park and the traff ic is intense on

2nd street, house 2-33 is reasonably close to work.

Argument tailored to UserA Argument tailored to UserB
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present, user’s preferences for an entity can be represented
as an AMVF only if her preferences for the primitive
objectives satisfy a stringent condition (i.e., additive
independence). However, evidence has shown that an
AMVF is a reasonable model of most people’s preferences
under conditions of certainty [Clemen 1996]. We felt that
we could safely use AMVFs in our study, because we
selected the objectives to avoid possible violations of
additive independence. And we considered a situation with
no uncertainty.

2.2   An Example: Generating Arguments for Two
Different Users
Figure 1 ill ustrates how the content, organization and
phrasing of the arguments generated by GEA are sensitive
to the model of a user’s preferences. The top of the figure
shows two different models of actual users in the real-estate
domain. The bottom of the figure shows two evaluative
arguments generated for the same house but tailored to the
two different models. The primitive objectives’ values for
the house are reported in the middle of the figure. Notice
how the two arguments differ substantially. Different
objectives are included (the objectives included are
underlined in the two models). Furthermore, the objectives
are ordered differently (e.g., in the first argument location
comes before quality, whereas the opposite is true in the
second argument). Finally, the evaluations are also different.
For instance, quality is good for UserA, but excellent for
UserB.

3 The Evaluation Framework

To run our formal experiment, we used an evaluation
framework based on the task efficacy evaluation method
[Carenini 2000]. This method allows the experimenter to
evaluate a generation model indirectly, by measuring the
effects of its output on user’s behaviors, beliefs and attitudes
in the context of a task. Aiming at general results, we chose
a basic and frequent task that has been extensively studied
in decision analysis: the selection of a subset of preferred
objects (e.g., houses) out of a set of possible alternatives. In
our evaluation framework, the user performs this task by
using a system for interactive data exploration and analysis
(IDEA), see Figure 3. Let’s now examine how GEA can be
evaluated in the context of the selection task, by going
through the evaluation framework architecture.

3.1  The Evaluation Framework Architecture

As shown in Figure 2, the evaluation framework consists of
four main sub-systems: the IDEA system, the User Model
Refiner, the New Instance Generator and GEA. The
framework assumes that a model of the user’s preferences
(an AMVF) has been previously acquired from the user, to
assure a reliable initial model. At the onset, the user is
assigned the task to select from the dataset the four most

preferred alternatives and to place them in a Hot List (see
Figure 3, upper right corner) ordered by preference.
Whenever the user feels that the task is accomplished, the
ordered list of preferred alternatives is saved as her
Preliminary Hot List (Figure 2 (2)). After that, this list and
the initial Model of User’s Preferences are analysed by the
User Model Refiner to produce a Refined Model of the
User’s Preferences (Figure 2 (3)). Then a New Instance
(NewI) is designed on the fly by the New Instance
Generator to be preferable for the user given her refined
preference model (Figure 2 (4)).  At this point, the stage is
set for argument generation. Given the Refined Model of the
User’s Preferences, the Argument Generator produces an
evaluative argument about NewI tailored to the model
(Figure 2 (5)), which is presented to the user by the IDEA
system (Figure 2 (6))(see also Figure 3 for an example). The
argument goal is to persuade the user that NewI is worth
being considered. Notice that all the information about
NewI is also presented graphically.
  Once the argument is presented, the user may (a) decide
immediately to introduce NewI in her Hot List, or (b) decide
to further explore the dataset, possibly making changes and
adding NewI to the Hot List, or (c) do nothing.   
Figure 3 shows the display at the end of the interaction,
when the user, after reading the argument, has decided to
introduce NewI in the Hot List first position (Figure 3, top
right).

Whenever the user decides to stop exploring and is
satisfied with her final selection, measures related to
argument’s effectiveness can be assessed (Figure 2  (7)).
These measures are obtained either from the record of the
user interaction with the system or from user self-reports in
a final questionnaire (see Figure 4 for an example of self-
report) and include:
- Measures of behavioral intentions and attitude change: (a)
whether or not the user adopts NewI, (b) in which position
in the Hot List she places it and (c) how much she likes
NewI and the other objects in the Hot List.

IDEA
System

Argument
Generator

(GEA)

New Instance
Generator

Evaluative
Argument for
New Instance

Measures of argument’s
effectiveness are assess ed

Preliminary
Hot List

Set of
alternatives

Refined Model
of User’s

Preferences

New
Instance

Model of
User’s

Preferences
(AMVF)

User
Model
Refiner

1 4

5

7

6

5
3

2

3

5

4

4

3

6

Sub-systems

Inputs/
Outputs

6

1

Figure 2 The evaluation framework architecture
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3-26

HotLis t

NewHou se 3-26

 House 3-26 is an interesting house. In fact, it has a convenient
location in the safe Eastend n eigh borho od. Even though hou se
3-26 is s omew hat f ar from a rapid transportation stop (1.6
miles), it is c lose to w ork (1.8 miles). And also the traff ic is
moderate on 3rd s treet. Furthermore, the quali ty of house 3-26
is good. House 3-26 offers a beautiful v iew of t he r iver. And
also it loo ks beautifu l.

Garden Size
Exterior

Appearance
Quality

Deck SizePorch Size
Architectural

Style
View

Quality
View

Con tent

Distance from University Distance from Rapid Trans. Distance from Park Distance from Shopp ing

Figure 3 The IDEA environment display at the end of the interaction

-  A measure of the user’s confidence that she has selected
the best for her in the set of alternatives.
- A measure of argument effectiveness derived by explicitly
questioning the user at the end of the interaction about the
rationale for her decision [Olso and Zanna 1991]. This can
provide valuable information on what aspects of the
argument were more influential on the user’s decision.
- An additional measure of argument effectiveness is
derived by explicitly asking the user at the end of the
interaction to judge the argument with respect to several
dimensions of quality, such as content, organization, writing
style and convincingness. However, evaluations based on
judgements along these dimensions are clearly weaker than
evaluations measuring actual behavioural and attitudinal
changes [Olso and Zanna 1991].

To summarize, our evaluation framework supports users
in performing a realistic task by interacting with an IDEA
system. In the context of this task, an evaluative argument is
generated and measurements are collected on its
effectiveness. We now discuss an experiment we have
performed within the evaluation framework to test to what
extent tailoring an evaluative argument to a model of the
user preferences increases its effectiveness.

4 The Experiment

Given the goal of our empirical investigation, we have
performed a between-subjects experiment with three
experimental conditions: (i) No-Argument - subjects are
simply informed that NewI came on the market. (ii )
Tailored - subjects are presented with an evaluation of NewI
tailored to their preferences. (iii ) Non-Tailored - subjects are
presented with an evaluation of NewI that, instead of being
tailored to their preferences, is tailored to the preferences of
a default average user, for whom all aspects of a house are
equally important (i.e., all weights in the AMVF are the
same). A similar default preference model is used for
comparative purposes in [Srivastava, Connolly et al. 1995].
In the three conditions, all the information about the NewI is
also presented graphically, so that no information is hidden
from the subject.
   Our hypotheses on the experiment are the following. First,
we expect arguments generated for the Tailored condition to
be more effective than arguments generated for the Non-
Tailored condition. Second, the Tailored condition should
be somewhat better than the No-Argument condition, but to
a lesser extent, because subjects, in the absence of any
argument, may spend more time further exploring the
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dataset, thus reaching a more informed and balanced
decision. Finally, we do not have strong hypotheses on
comparisons of argument effectiveness between the No-
Argument and Non-Tailored conditions. The experiment is
organized in two phases. In the first phase, the subject fill s
out a questionnaire on the Web which implements a method
from decision theory to acquire an AMVF model of the
subject’s preferences [Edwards and Barron 1994]. In the
second phase, to control for possible confounding variables,
including subject’s argumentativeness [Infante and Rancer
1982], need for cognition [Cacioppo, Petty et al. 1983],
intell igence and self-esteem, the subject is randomly
assigned to one of the three conditions. Then, the subject
interacts with the evaluation framework and at the end of
the interaction measures of the argument effectiveness are
collected, as described in Section 3.1.

After running the experiment with 8 pilot subjects to
refine and improve the experimental procedure, we ran a
formal experiment involving 30 subjects, 10 in each
experimental condition. Each subject had only one
interactive session with the framework.

5 Experiment Results

5.1 A Precise Measure of Satisfaction

According to literature on persuasion, the most important
measures of argument effectiveness are the ones of
behavioral intentions and attitude change [Olso and Zanna
1991]. As explained in Section 3.1, in our framework these
measures include (a) whether or not the user adopts NewI,
(b) in which position in the Hot List she places it, (c) how
much she likes the proposed NewI and the other objects in
the Hot List. Measures (a) and (b) are obtained from the
record of the user interaction with the system, whereas
measures in (c) are obtained from user self-reports.

Figure 4 Sample fill ed-out self-repor t on user’s

satisfaction with houses in the Hot L ist1

                                                     
1 If the subject does not adopt the new house, she is asked to
express her satisfaction with the new house in an additional self-
report.

A closer analysis of the above measures indicates that the
measures in (c) are simply a more precise version of
measures (a) and (b). In fact, not only do they assess, like
(a) and (b), a preference ranking among the new alternative
and the other objects in the Hot List, but they also offer two
additional critical advantages:
(i) Self-reports allow a subject to express differences in
satisfaction more precisely than by ranking. For instance, in
the self-report shown in Figure 4, the subject was able to
specify that the first house in the Hot List was only one
space (unit of satisfaction) better then the house following it
in the ranking, while the third house was two spaces better
than the house following it.
(ii) Self-reports do not force subjects to express a total order
between the houses. For instance, in Figure 4 the subject
was allowed to express that the second and the third house
in the Hot List were equally good for her.

Furthermore, measures of satisfaction obtained through
self-reports can be combined in a single, statistically sound
measure that concisely expresses how much the subject
liked the new house with respect to the other houses in the
Hot List. This measure is the z-score of the subject’s self-
reported satisfaction with the new house, with respect to the
self-reported satisfaction with the houses in the Hot List. A
z-score is a normalized distance in standard deviation units
of a measure xi from the mean of a population X. Formally:
xi∈ X; z-score( xi ,X) = [xi - µ (X)]  / σ(X)
   For instance, the satisfaction z-score for the new instance,
given the sample self-reports shown in Figure 4, would be:
[7 - µ ({ 8,7,7,5} )] /  σ({ 8,7,7,5} ) = 0.2
The satisfaction z-score precisely and concisely integrates
all the measures of behavioral intentions and attitude
change. We have used satisfaction z-scores as our primary
measure of argument effectiveness.

Figure 5 Results for satisfaction z-scores. The average z-
scores for the three conditions are shown in the grey
boxes

5.2 Results

As shown in Figure 5, the satisfaction z-scores obtained in
the experiment confirmed our hypotheses. Arguments
generated for the Tailored condition were significantly more
effective than arguments generated for the Non-Tailored
condition (p=0.04). The Tailored condition was also

Tailored

Non-Tailored

No-Argument
>

?

 0.88

 0.33

 0.25

 p=0.04 >

 p=0.03

 p=0.31a)    How would you judge the houses in your Hot List?
The more you like the house the closer you should
 put a cross to “ good choice”
 1st house
bad choice  : __:__:__:__ :__:__:__:X :__: good choice
2nd house(New house)
bad choice  : __:__:__:__ :__:__:X :__:__: good choice
3rd house
bad choice  : __:__:__:__ :__:__:X :__:__: good choice
4th house
bad choice  : __:__:__:__ :X :__:__:__:__: good choice
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significantly better than the No-Argument condition
(p=0.03). And this happened despite the fact that subjects in
the No-Argument condition spent significantly more time
further exploring the dataset after NewI was presented (as
indicated in Table 1)(p=0.05). Finally, we found no
significant difference in argument effectiveness between the
No-Argument and Tailored-Verbose conditions.
   With respect to the other measures of argument
effectiveness mentioned in Section 3.1, we have not found
any significant differences among the experimental
conditions2.

No-Argument Non-Tailored Tailored

0:03:56 0:03:37 0:02:44

Table 1 Average time spent by subjects in the three
conditions fur ther explor ing the dataset after the new
house is presented (from Logs of the interaction).

6 Conclusions and Future Work

Argumentation theory indicates that effective arguments
should be tailored to a model of the user’s preferences.
Although previous work on automatically generating
evaluative arguments has followed this basic indication, the
effect of tailoring on argument effectiveness has never been
measured empirically. As an initial attempt to address this
issue, we have compared in a formal experiment the
effectiveness of arguments that were tailored vs. non-
tailored to a model of the user preferences. The experiment
results show that tailored arguments are significantly better.

As future work, we plan to perform further experiments.
We intend to repeat the same experiment in a different
domain to test for external validity. We also envision an
experiment in conditions of uncertainty, in which we may
compare arguments tailored to an AMVF, with argument
tailored to more sophisticated models of user’s preferences,
that consider interactions among objectives.
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Abstract

We present a machine learning algorithm for refin-
ing the structure of a stochastic context–free gram-
mar (SCFG). This algorithm consists of a heuristic
for identifying structural errors and an operator for
fixing them. The heuristic identifies nonterminals
in the model SCFG that appear to be performing
the function of two or more nonterminals in the tar-
get SCFG, and the operator attempts to rectify this
problem by introducing a new nonterminal. Struc-
tural refinement is important because most com-
mon SCFG learning methods set the probability pa-
rameters while leaving the structure of the grammar
fixed. Thus, any structural errors introduced prior
to training will persist. We present experiments that
show our approach is able to significantly improve
the accuracy of an SCFG designed to model an im-
portant class of RNA sequences called terminators.

1 Introduction
Stochastic context–free grammars (SCFGs) have long been
used in the NLP community (where the are more commonly
known as probabilistic context–free grammars) and recently
have been applied to biological sequence analysis tasks, in
particular RNA analysis. One typical learning problem is to
create an SCFG from a set of unparsed training sequences that
will accurately recognize previously unseen sequences in the
class being modeled. The first step of this two step process
is to create the underlying context–free grammar, which we
refer to as the structure of the model. The second step, the as-
signment of the probability parameters, is usually performed
through an application of an expectation maximization (EM)
algorithm called the inside–outside algorithm [Lari & Young,
1990]. One of the limitations of this approach is that if the
structure is incomplete or in error, there may be no assign-
ment of probabilities that would result in an accurate model.
This is the problem we address in this paper. We introduce a
refinement step that can identify and fix a class of structural
errors that occur when a nonterminal in the model grammar is
performing the function of more than one nonterminal in the
target. The particular location refined at each step is deter-
mined “diagnostically” by analyzing the interaction between
the model and a training set. This method may be contrasted

S F

Xb/? b/?

a/? a/?
(a) (b)

S

X

 F

a/0.5

b/0.5
b/0.1

a/0.1

b/0.9

a/0.9

Y

Figure 1: An example where an incorrect structure prevents the
learning of an accurate model. (a) A target grammar to be learned.
(b) The structure used to model sequences generated by the grammar
shown in (a). State S is the begin state and F the end state. Arcs are
labeled with the character emitted and the probability of taking that
arc. The question marks in (b) represent the probability parameters
to be learned. Because state X is overloaded in the learned model,
it will be unable to correctly model the probabilities of the second
character in the sequence.

to the standard state-space search methodology of applying
the best of several competing operations as determined by a
heuristic function applied to the successor states. This refine-
ment step can be iterated with the inside–outside algorithm
to refine both the structure of the model and the probability
parameters. Through experiments with an SCFG designed
to model a family of RNA sequences called terminators we
show how this method may be used to learn more accurate
models than inside–outside alone.

To see the impact a structural error can have, consider try-
ing to learn the simple stochastic regular grammar shown in
figure 1(a). Imagine that we have many sequences generated
by this grammar for training and the structure we choose is
shown in figure 1(b). Given enough training data, the maxi-
mum likelihood estimate of each state transition probability is
0.5. The probability of each length-two sequence under this
model is therefore 0.25 resulting in a rather inaccurate model.
The problem with this structure is that state X in the model is
overloaded; it is performing the function of both state X and
Y in the target. With the approach presented herein, errors
such as this can potentially be corrected.

2 Problem Domain
The application of SCFGs we consider here is that of mod-
eling of a class of RNA sequences called terminators. RNA
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sequences are strings from the alphabet fa,c,g,ug correspond-
ing to the four different types of bases in the nucleotides of
RNA molecules. The bases a and u are complementary to one
another, as are c and g, because they are able to easily form
base pairs by becoming chemically bonded1.

The three dimensional shape that an RNA sequence as-
sumes to a large degree determines its function, and the shape
itself is strongly influenced by which particular bases are
paired. For example, an element of RNA structure called a
stem is formed when a number of adjacent bases pair with a
complementary set of bases later in the sequence. If the in-
tervening bases are unpaired, the resulting structure is called
a stem–loop. Figure 2(a) shows an RNA sequence that could
assume a stem–loop, and 2(b) shows the stem–loop it forms.
The consequence of this is that families of RNA sequences of
similar function will share a pattern of dependency between
bases in the sequence that are likely to be paired.

Terminators are RNA sequences which signal when to stop
the process of transcription, one of the key steps in the ex-
pression of a gene to form a protein.

3 Stochastic Context Free Grammars
The structure of an SCFG G is a context–free grammar and is
defined by a set of nonterminalsN , a set of terminal symbols
T , a start nonterminal S 2 N and a set of rewrite rules, or
productions, of the form Nv ! �, � 2 f(NnS)[ T g�. That
is, the right hand side of a production consists of any com-
bination of terminal and nonterminal symbols other the start
nonterminal. When we refer to Nv’s productions, we mean
the productions with Nv on the left hand side. Nonterminals
and terminals are denoted by upper and lower case letters re-
spectively. A grammar can be made into an SCFG by asso-
ciating with each nonterminal Nv a probability distribution,
pv, over Nv’s productions.

SCFGs have proven important in RNA analysis tasks be-
cause the defining characteristics of RNA families manifest
themselves in sequences through long range dependencies be-
tween bases. Such dependencies are troublesome to repre-
sent with regular grammars but can be naturally represented
by context-free grammars. Figure 2(c) shows an SCFG for
a specific set of stem–loops and Figure 2(d) shows the parse
tree for an example sequence under this grammar.

There are three fundamental computational tasks relating
SCFGs and sequences.

1. Compute Pr(xijG), the probability of a sequence given
a full model.

2. Find the most probable parse tree for a sequence.

3. Given Gs and a set of sequences X = fx1; x2; :::; xNg,
set the probabilities to maximize the likelihoodQ

N

i=1
Pr(xijG).

Briefly, the first and second problems are efficiently solv-
able with dynamic programming algorithms similar to the
forward and Viterbi algorithms, but there is no known effi-
cient global solution for the third problem. The most common

1Base pairs can be formed between non-complementary bases
but this is less common.
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Figure 2: (a) A simple RNA sequence that will form a stem-loop
structure. (b) The stem loop structure; paired bases are connected
by dashes. (c) An SCFG model of sequences that form stem–loops.
Probabilities are listed to the right of their associated production. (d)
The parse tree for the sequence in (a) using the grammar in (c).

heuristic is the inside–outside [Lari & Young, 1990] method
which, like other EM algorithms, converges to a local maxi-
mum.

The inside algorithm, used to solve task 1 above, is a dy-
namic programming algorithm that fills a three dimensional
matrix �. If run on the sequence xi, the elements of the
matrix, �(j; k; v), contain the sum of the probabilities of all
parse trees of the subsequence xi

j
::xi

k
rooted at Nv. So, if the

length of xi is L and N1 = S, then �(1; L; 1) = Pr(xijG).
The partner of the inside algorithm, the outside algorithm

calculates a similar dynamic programming matrix �. An ele-
ment �(j; k; v) is the sum of the probabilities of all parse trees
of the complete sequence xi rooted at the start nonterminal,
excluding all parse subtrees of xi::xj rooted at Nv .

From � and � the expected number of times each nonter-
minal is used in the derivation of a sequence can be deter-
mined. The sum of these counts over all sequences in a train-
ing set are used by the inside–outside algorithm to iteratively
re-estimate the production probabilities. In the next section
we will show how � and � play a role in identifying over-
loaded nonterminals.

4 Grammar Refinement Approach
When the structure of a hypothesis grammar Gh is different
from the structure of the target grammar G�, its accuracy may
suffer. We would like to be able to identify and fix gram-
mars in this situation using only a set of training sequences.
In this section, we present a grammar refinement operator
and a heuristic to do this. The operator is able to fix cer-
tain structural errors in Gh that occur when a nonterminal in
the hypothesis is performing the function of more than one
nonterminal of G�. We refer to such a nonterminal in Gh as
overloaded. The heuristic identifies overloaded nonterminals
by locating data dependencies that are not represented by the
structure of Gh.

Before we delve into the details of the grammar refine-
ment algorithm, it is helpful to consider the ways in which
a hypothesis grammar may differ from the target grammar.
Figure 3 gives a taxonomy of possible errors in a hypothe-
sis grammar. The right branch out of the root contains all
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Incorrect
Structure

Incorrect SCFG

Incorrect
Probabilities

Missing Missing

Overloaded
Nonterminal

Production Nonterminal

Other Missing
Nonterminal
Error

Figure 3: Possible inaccuracies of a hypothesis SCFG with respect
to a target grammar G�

Table 1: The EXPAND operator. The operator creates a new non-
terminal to take the place of nonterminal N on the right hand side
of production P

EXPAND(P , N ) /* N is on the RHS of production P */

1. Create new nonterminal N 0

2. Replace N with N 0 in P
3. For each production N ! �, create N 0 ! �

4. Initialize probabilities for new productions

SCFGs that have a correct structure; that is, there is some
assignment of probabilities that results in a grammar equiv-
alent to G�. Most learning algorithms for SCFGs, including
inside–outside are aimed at this situation.

The left branch contains two categories of incorrectly
structured grammars: those whose structures can be made
correct by adding only productions and those that require ad-
ditional nonterminals as well. Among the kinds of errors that
can occur from missing nonterminals, the class we address
occurs when a nonterminal in the hypothesis is overloaded
because it is trying to perform the function of two or more
nonterminals in the target. For example, the nonterminal X
in the SCFG of Figure 2(c) would be overloaded if the dis-
tribution of the first base pair in the family of sequences be-
ing modeled was different from the rest. Next, we present a
grammar refinement algorithm to identify and fix overloaded
nonterminals.

The grammar refinement problem starts with set a se-
quences X which we can think of as generated by an un-
known target SCFG G�, an initial hypothesis grammar, and
a goal of discovering a model ’close’ to G�. We navigate
the space of grammar structures through the application of a
grammar modification operator, applied at each step to a part
of the current grammar chosen by a heuristic.

4.1 Refinement Operator
Our current grammar refinement procedure has a single op-
erator, EXPAND, shown in Table 1, which is applied to what
we call a context. We define a context to be a production
and a nonterminal on the right hand side of that production.
We denote a context either by the pair (P;N) where N is
a nonterminal on the right hand side of production P or by
cvr where r indexes into the productions in which nontermi-

X

S

...

X

u  ...                ... a

Figure 4: A partial parse tree where the nonterminal X is used in
the two different contexts (S ! X , X) and (X !a X u, X).

Table 2: The structure of the SCFG formed following an application
of EXPAND(S ! X , X) to the grammar in Figure 2(c). The new
nonterminal X’ replaces X in the production of the context being
expanded, S ! X . Productions created by EXPAND are shown in
boldface.

S ! X’
X ! a X u X’ ! a X u
X ! c X g X’ ! c X g
X ! g X c X’ ! g X c
X ! a X u X’ ! u X a
X ! L X’ ! L
L ! a c u c

nal Nv appears on the right hand side. Every nonterminal
node in a parse tree defines a context. For example, the non-
terminal X in the parse tree fragment of Figure 4 is in the
context (S ! X , X) the first time it appears and (X !a X
u, X) the second. When applied to (P;N), EXPAND creates
a new nonterminal N 0, replaces N with N 0 in P and creates
a production with N 0 on the left hand side from each of N ’s
productions. Table 2 shows the structure that is formed after
applying EXPAND(S ! X;X) to the SCFG of Figure 2(c).
We explain how to set the probabilities of the new productions
below.

4.2 Refinement Heuristics

The heuristic we use to guide the search expands a single con-
text at each step. It chooses to expand the nonterminal that is
used most differently in that context compared to its expected
usage based on its probability distribution. Let nvr be the
vector of expected usage counts of the productions of Nv in
context cvr (i.e., on the right hand side of the production in-
dicated by r) for the training sequences and let nvrl be an
element of this vector that refers to the expected number of
times that the lth production with Nv on the left hand side is
used in context cvr. EXPAND(cvr) sets the probability distri-
bution of the nonterminal it creates to the one defined by nvr.
Given a measurement of difference between the data distribu-
tion nvr and Nv’s probability distribution pv we define our
heuristic to choose to expand the context that maximizes this
difference. We have investigated two difference measures,
one based on the Kullback–Leibler (KL) divergence and the
other based on the �2 statistic.

The KL divergence, also called relative entropy, between
two probability distributions p and q with the same discrete
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Table 3: Example of values used in computing the heuristics for the
context (S ! X , X) from the SCFG in Figure 2(c). The columns
indicate: (1) the productions of X , (2) the observed number of times
it is used in the context, (3) the observed probability distribution in
the context, (4) the expected usage counts if the context’s distribu-
tion were the same as the distribution over all contexts, (5) the dis-
tribution over all contexts.

Context (S ! X , X) All
Production “Observed” Expected

Counts Pr Counts Pr
nvr pvr evr pv

X ! a X u 5.0 0.10 10.0 0.2
X ! c X g 26.5 0.53 15.0 0.3
X ! g X c 10.0 0.20 15.0 0.3
X ! u X a 3.5 0.07 5.0 0.1
X ! L 5.0 0.10 5.0 0.1
Sum 50.0 1.00 50.0 1.0

domain is defined as

KL(p;q) =
X

i

pilog2
pi

qi
:

Consider the example in Table 3. Column (3) in this ta-
ble shows pvr for the productions of X in the context
(S ! X , X). We can use KL divergence to compare this
distribution to pv, shown in column (5), which is the prob-
ability distribution for the productions of X over all of X’s
contexts. Using this measure, we select the nonterminal Nv

in context r that maximizes

KL(pvr;pv)
X

l

nvrl

where pvr is the probability distribution defined by nvr, and
the sum calculates the expected total number of times Nv is
in cvr. By one interpretation, this measure selects the context
that would waste the most bits in transmitting a message for
each production applied in that context if the encoding used
is the optimal encoding defined by pv instead of pvr.

The second heuristic we consider, the �2 statistic, is com-
monly used to determine if the hypothesis that a data sam-
ple was drawn according to some distribution can be re-
jected. Using the vector of expected usage counts of nonter-
minal Nv in context cvr, nvr, as the “observed” counts and
evr = pv � (

P
l
nvrl) for the expected counts,

�2
vr

=
X

l

((evrl � nvrl)
2=evrl:

Our method selects for expansion the context cvr which max-
imizes �2

vr
. Returning to the example in Table 3, we can

use �2 to assess the significance of differences between col-
umn (2), the observed counts for the productions applied in
the given context, and column (4) the expected observations
given the probabilities in column (5).

To apply either of these heuristics, we must first calculate
the counts nvrl. These can be calculated from the inside
and outside matrices � and � in a similar way as the usage
counts of productions and nonterminals are calculated in the

Table 4: The structure of our terminator grammar. Nonterminals
are capitalized and the terminals are a, c, g and u. The notation
X ! Y j Z is shorthand for the two productions X ! Y and X
! Z. Productions containing tl and tr are shorthand for the family
of 16 productions where tl and tr can be any of the four terminals.
Productions containing t�l and t�r have a similar interpretation except
that t�l and t�r can also be null allowing for unpaired bases in the
interior of the stem.

START ! PREFIX STEM BOT1 SUFFIX
PREFIX ! B B B B B B B B
STEM BOT1 ! tl STEM BOT2 tr
STEM BOT2 ! t�

l
STEM MID t�

r
j t�

l
STEM TOP2 t�

r

STEM MID ! t�
l

STEM MID t�
r
j t�

l
STEM TOP2 t�

r

STEM TOP2 ! t�
l

STEM TOP1 t�
r

STEM TOP1 ! tl LOOP tr
LOOP ! B B LOOP MID
LOOP MID ! B LOOP MID j B B
SUFFIX ! B B B B B B B B
B ! a j c j g j u

inside–outside algorithm. For example, the expected number
of times that the production Nw ! c Ny g is used in the con-
text (Nv ! aNwu;Nw) in the derivation of the sequence xi

is

Pr(Nv ! aNwu)Pr(Nw ! cNyg)
X

j

X

k

I
jk

where

jk = �(j; k; v)�(j + 2; k � 2; y)

and I is an indicator variable that is 1 if xi
j
= a; xi

j+1 =

c; xi
k�1

= g and xi
k
= u, and 0 otherwise. Also, the counts

are smoothed by adding 1 to each nvrl.

5 Experiments
We have constructed an SCFG model of terminator sequences
by incorporating known features of terminators identified in
the terminator literature. The structure of the terminator
grammar we start with, shown in Table 4, models the eight
bases before and eight bases after the stem–loop and the
stem–loop itself. The recursive nature of STEM MID and
LOOP MID’s productions enables variable length stems and
loops to be represented. An unpaired base in the interior of
the stem, a bulge, can also be represented.

Positive examples consist of the sequences of 142 known
or proposed terminators of E. coli. Each of these sequences is
50 base pairs long with the 30th base aligned to the assumed
termination point. We have 125 negative sequences, also of
length 50, which were collected from the regions following
genes that are presumed to not contain terminators.

We performed a five fold cross validation experiment using
the KL and �2 heuristic as well as a control where the context
to EXPAND at each step is randomly chosen. The following
steps were repeated.

1. Extract T , the most probable subsequence of each posi-
tive sequence in the training set given the current model.
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Figure 5: ROC curves of original grammar and the refined gram-
mars after 25 additional nonterminals have been added using the �2,
KL divergence and random heuristics. Note that the order of the
models in the key reflects the order of the curves.

2. Fit the probability parameters by running inside–outside
to convergence on T .

3. EXPAND the context chosen by the heuristic.

The first step is needed because the positive sequences con-
tain more bases than what is being modeled by the grammar.
The probabilities in the stem were initialized with a prefer-
ence for complementary base pairs; elsewhere, a uniform dis-
tribution was used.

For each test sequence, we determine the probability of
its most probable subsequence as given by each model. To
compare various methods, we rank our test-set predictions by
these probability values and then construct ROC curves. We
get a single ROC curve for each approach by pooling predic-
tions across test-sets.

Figure 5 shows the ROC curves that result from the origi-
nal grammar, and from running our grammar refinement algo-
rithm for 25 iterations using the �2, KL, and random heuris-
tics. The random curve is the average over 35 random runs.
The curves in this figure show that our heuristics provide bet-
ter predictive accuracy than both the original grammar and
our control of randomly selecting the context to expand at
each step. These results support our hypothesis that directed
changes to the structure of the grammar can result in more
accurate learned models.

To consider how the predictive accuracy of the grammars
changes as a function of the number of refinement iterations,
we construct ROC curves after each iteration and then calcu-
late the area under each curve. Figure 6 plots the area under
these curves versus the number of nonterminals added for the
three heuristics considered in Figure 5. The y-axis for this
figure starts at 0.5 which is the expected area under the curve
for a model that guessed randomly (such a model would re-
sult in an ROC “line” defined by: TP rate = FP rate). The
results in this figure show that steady improvement is seen
through about the 15th additional nonterminal using the KL
heuristic and through about the 20th using �2. Our approach
does not appear to overfit the training data, at least through
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Figure 6: Plot of the area under the ROC curves for three heuristics:
�2, KL Divergence, and random. The error bars on the random plot
denote the 95% confidence interval. Note that the y-axis starts at 0.5
which corresponds to the expected area under the curve for random
predictions.

the 25 iterations for which we have run it.
One possible reason that the �2 heuristic results in more

accurate models than the KL heuristic is the following. We
know that our calculations of KL Divergence are biased
because they are calculated with finite samples [Herzel &
Grosse, 1997], but that this bias is not uniform across the non-
terminals and contexts we are comparing because the sample
sizes differ. Therefore, one avenue for future research is to
investigate measures that correct for the finite-sample bias of
our KL Divergence calculation.

We have examined the sequence of contexts expanded for
both the �2 and the KL Divergence heuristics, and noticed
that several of the early refinements adjust a part of the gram-
mar that describes the first few positions following the stem.
There is known preference for t bases in this part of termi-
nators, but our initial grammar did not encode it. This result
suggests that our method can compensate for a known inad-
equacy in the initial grammar. However, we note that the al-
gorithm makes additional modifications to other parts of the
initial grammar that represent our best effort at encoding rel-
evant domain knowledge.

One of the limitations of this algorithm as presented is the
one-way nature of the search. That is, there is no way to make
the grammar more general. If the initial grammar encodes the
most general knowledge of the domain expert, this limitation
may not be problematic initially. However, as EXPAND cre-
ates more nonterminals, it is likely that the grammar would
become overly specific in places. The most obvious way of
addressing this problem is by introducing a generalization op-
erator. For example, a MERGE operator could be used to
combine two nonterminals with the same RHS domain if their
probability distributions are sufficiently similar. Note how-
ever, as mentioned by Stolcke (1994), that this operator will
not introduce any new embedding structure into the grammar.
This may not be a problem if such structure is present in the
initial grammar.
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6 Related Work
The approach we present here is related to the grammar in-
duction algorithms of Stolcke (1994) and Chen (1996). These
works both address the induction of SCFGs from text corpora
for use as language models. Both methods incorporate a prior
probability distribution over model structures and perform a
search through posterior model probability space where Stol-
cke proceeds specific to general and Chen general to specific.
One of the key differences between these algorithms and ours
is that each of these addresses tabula rasa grammar induction
while ours begins with a grammar structure created from prior
knowledge. Another key difference is the way in which steps
in the search space are selected. The methods of both Stol-
cke and Chen evaluate a candidate operator application by
doing one-step lookahead. Since it can be expensive to cal-
culate the posterior probability of the data given the changed
model, heuristics are used to estimate this value. The opera-
tor application that results in the greatest estimated posterior
probability is accepted. Our approach, on the other hand, is
more “diagnostic.” Instead of doing one-step lookahead, our
heuristics try to directly identify places in which the gram-
mar structure is inadequate. This approach may somewhat
insulate our method from the overfitting pitfalls of likelihood
driven searches. A third difference is that Stolcke and Chen
use a richer set of operators than we do. As suggested in the
previous section, however, we believe that our diagnostic ap-
proach can be generalized to work with other operators.

A different view of our approach is as an instance of a the-
ory refinement algorithm [Pazzani & Kibler, 1992; Ourston
& Mooney, 1994; Towell & Shavlik, 1994]. In theory refine-
ment, the goal is to improve the accuracy of an incomplete or
incorrect domain theory, from a set of labeled training exam-
ples. The primary difference between our work and previous
work in theory refinement is the representation used by our
learned models. Whereas previous theory-refinement meth-
ods have focused on logic-based and neural network repre-
sentations, our learned models are represented using stochas-
tic context free grammars.

The task we address is also similar to the problem of learn-
ing the structure of Bayesian networks [Heckerman, Geiger,
& Chickering, 1995; Chickering, 1996], where the statistical
properties of a training set are used to guide the modifications
of the network structure. Again, the principal difference be-
tween our approach and this body of work is the difference in
the representation language.

There has also been related work in learning SCFGs for
RNA modeling tasks [Eddy & Durbin, 1994; Sakakibara et
al., 1994]. These iterative methods both update grammar
structure using information gathered from the most probable
parse of each of the training sequences at each step. Although
we intend to compare our refinement algorithm to both of
these approaches in future work, we consider our work to be
complementary to these methods because it could be run on
every one of their iterations.

7 Conclusion
We have considered the problem of refining the structure of a
deficient SCFG using a set of training sequences. We intro-

duced a grammar refinement operator, EXPAND, for repair-
ing a type of SCFG structural error resulting from an over-
loaded nonterminal as well as a pair of heuristics, based on
KL divergence and �2, for locating them. Preliminary results
indicate that our method is able to improve the accuracy of
an SCFG designed to model terminators by correcting known
structural errors as well making modifications to parts of the
grammar with no known deficiencies.
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Abstract

In this paper, we present a quantitative comparison
between the syntactic structures of three languages:
English, Chinese and Korean. This is made pos-
sible by first extracting Lexicalized Tree Adjoin-
ing Grammars from annotated corpora for each lan-
guage and then performing the comparison on the
extracted grammars. We found that the majority
of the core grammar structures for these three lan-
guages are easily inter-mappable.

1 Introduction
The comparison of the grammars extracted from annotated
corpora (i.e., Treebanks) is important on both theoretical and
engineering grounds. Theoretically, it allows us to do a quan-
titative testing of the Universal Grammar Hypothesis. One
of the major concerns in modern linguistics is the establish-
ment of an explanatory basis for the similarities and variations
among languages. The working assumption is that languages
of the world share a set of universal linguistic principles and
the apparent structural differences attested among languages
can be explained as variation in the way the universal prin-
ciples are instantiated. Comparison of the extracted syntac-
tic trees allows us to quantitatively evaluate how similar the
syntactic structures of different languages are. From an en-
gineering perspective, the extracted grammars and the links
between the syntactic structures in the grammars are valuable
resources for NLP applications, such as parsing, computa-
tional lexicon development, and machine translation (MT), to
name a few.

In this paper we first briefly discuss some linguistic char-
acteristics of English, Chinese, and Korean, and introduce
the Treebanks for the three languages. We then describe a
tool that extracts Lexicalized Tree Adjoining Grammars (LT-
AGs) from the Treebanks and the results of its application.
Next, we describe our methodology for automatic compari-
son of the extracted Treebank grammars, which consists pri-
marily of matching syntactic structures (namely, templates,
sub-templates and context-free rules) in each pair of Treebank
grammars. The ability to perform this type of comparison
for different languages enables us to distinguish language-
independent features from language-dependent ones. There-
fore, our grammar extraction tool is not only an engineering

tool of great value in improving the efficiency and accuracy
of grammar development, but it is also very useful for inves-
tigating theoretical linguistics.

2 Our Annotated Corpora
In this section, we briefly discuss some linguistic characteris-
tics of English, Chinese, and Korean, and introduce the Tree-
banks for these languages.

2.1 Differences between the Three Languages
These three languages belong to different language families:
English is Germanic, Chinese is Sino-Tibetan, and Korean
is Altaic [Comrie, 1987]. There are several major differ-
ences between these languages. First, both English and Chi-
nese have predominantly subject-verb-object (SVO) word or-
der, whereas Korean has underlying SOV order. Second, the
word order in Korean is freer than in English and Chinese in
the sense that argument NPs are freely permutable (subject
to certain discourse constraints). Third, Korean and Chinese
freely allow subject and object deletion, but English does not.
Fourth, Korean has richer inflectional morphology than En-
glish, whereas Chinese has little, if any, inflectional morphol-
ogy.

2.2 Treebank Description
The Treebanks that we used in this paper are the English Penn
Treebank II[Marcuset al., 1993], the Chinese Penn Tree-
bank[Xia et al., 2000b], and the Korean Penn Treebank[Han
et al., 2001]. The main parameters of these Treebanks are
summarized in Table 1.1 The tagsets include four types of
tags: Part-Of-Speech (POS) tags for head-level annotation,
syntactic tags for phrase-level annotation, function tags for
grammatical function annotation, and empty category tags for
dropped arguments, traces, and so on.

We chose these Treebanks because they all use phrase
structure annotation and their annotation schemata are sim-
ilar, which facilitates the comparison between the extracted
Treebank grammars. Figure 1 shows an annotated sentence
from the English Penn Treebank.

1The reason why the average sentence length for Korean is
much shorter than those for English and Chinese is that the Korean
Treebank includes dialogues that contain many one-word replies,
whereas English and Chinese corpora consist of newspaper articles.
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Language corpus size ave sentence tagset
(words) length size

English 1,174K 23.85 words 94
Chinese 100K 23.81 words 92
Korean 54K 10.71 words 61

Table 1: Sizes of the Treebanks and their tagsets

     

((S (PP-LOC (IN at)
(NP (NNP FNX))

(NP-SBJ-1 (NNS underwriters))
(ADVP (RB still))
(VP (VBP draft)

(NP (NNS policies))
(S-MNR  

(NP-SBJ (-NONE- *-1))
(VP (VBG using)

(NP
(NP (NN fountain) (NNS pens))
(CC and)
(NP (VBG blotting) (NN papers))))))))

Figure 1: An example from the English Penn Treebank

3 Extracting Grammars
In this section, we give a brief introduction to the LTAG for-
malism and to a system named LexTract, which was built
to extract LTAGs from the Treebanks[Xia, 1999; Xiaet al.,
2000a].

3.1 The Grammar Formalism
LTAGs are based on the Tree Adjoining Grammar formal-
ism developed by Joshi and his colleagues[Joshiet al., 1975;
Joshi and Schabes, 1997]. The primitive elements of an LTAG
are elementary trees (etrees). Eachetreeis associated with a
lexical item (called theanchorof the tree) on its frontier. LT-
AGs possess many desirable properties, such as the Extended
Domain of Locality, which allows the encapsulation of all ar-
guments of the anchor associated with anetree. There are
two types ofetrees: initial trees and auxiliary trees. An aux-
iliary tree represents a recursive structure and has a unique
leaf node, called thefoot node, which has the same syntac-
tic category as the root node. Leaf nodes other than anchor
nodes and foot nodes aresubstitutionnodes.Etreesare com-
bined by two operations: substitution and adjunction. The
resulting structure of the combinedetreesis called aderived
tree. The history of the combination process is expressed as
a derivation tree. Figure 2 shows theetrees, the derived tree,
and the derivation tree for the sentenceunderwriters still draft
policies. Foot and substitution nodes are marked by� and#,
respectively. The dashed and solid lines in the derivation tree
are for adjunction and substitution operations, respectively.

3.2 The Target Grammars
Without further constraints, theetreesin the target grammar
(i.e., the grammar to be extracted by LexTract) could be of
various shapes. LexTract recognizes three types of relations
between the anchor of anetreeand other nodes in theetree;
namely, predicate-argument, modification, and coordination
relations. It imposes the constraint that all theetreesto be
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Figure 3: Three types of elementary trees in the target gram-
mar

extracted should fall into exactly one of the three patterns (as
in Figure 3):2

Spine-etrees for predicate-argument relations:X0 is
the head ofXm and the anchor of theetree. The etree is
formed by the spineXm ! Xm�1 ! :: ! X0 and the
arguments ofX0.

Mod-etrees for modification relations: The root of the
etreehas two children, one is a foot node with the same label
W q as the root node, and the other nodeXm is a modifier
of the foot node.Xm is further expanded into a spine-etree
whose headX0 is the anchor of the whole mod-etree.

Conj-etrees for coordination relations: In a conj-etree,
the children of the root are two conjoined constituents and
a node for a coordinating conjunction. One conjoined con-
stituent is marked as the foot node, and the other is expanded
into a spine-etree whose head is the anchor of the whole tree.

Spine-etrees by themselves are initial trees, whereas mod-
etrees and conj-etrees are auxiliary trees.

3.3 The LexTract Algorithm
The core of LexTract is an extraction algorithm that takes a
Treebank sentence such as the one in Figure 1 and Treebank-
specific information provided by the user of LexTract, and

2The precedence relation between the children of the nodes in
these three patterns is unspecified, and may vary from language to
language.
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Figure 4: The extractedetreesfrom the phrase structure in
Figure 1

produces a set ofetreesas in Figure 4 and a derivation tree.
LexTract’s extraction algorithm has been described in[Xia,
1999] and is completely language-independent. It has been
successfully applied to the development of language process-
ing tools such as SuperTaggers[Xia et al., 2000a] and statis-
tical LTAG parsers[Sarkar, 2001].

3.4 Extracted Grammars
The results of running LexTract on English, Chinese, and Ko-
rean Treebanks are shown in Table 2.Templatesareetrees
with the lexical items removed. For instance, #3, #6, and #9
in Figure 4 are three distinctetrees, but they share the same
template. LexTract is designed to extract LTAGs, but simply
reading context-free rules off the templates in an extracted
LTAG will yield a context-free grammar. The last column in
the table shows the numbers of the non-lexicalized context-
free rules.

In each Treebank, a small subset of template types, which
occur very frequently in the Treebank and can be seen as
members of the core of the Treebank grammar, covers the
majority of template tokens in the Treebank. For instance, the
top 100 (500, 1000 and 1500, respectively) template types in
the English Penn Treebank cover 87.1% (96.6%, 98.4% and
99.0%, respectively) of the tokens, whereas about half (3440)
of the template types occur once, accounting for only 0.32%
of the template tokens in total.

template etree word context-free
types types types rules

English 6926 131,397 49,206 1524
Chinese 1140 21,125 10,772 515
Korean 632 13,941 10,035 152

Table 2: Grammars extracted from three Treebanks

4 Comparing Treebank Grammars for
Different Languages

In this section, we describe our methodology for comparing
Treebank grammars and the experimental results.

4.1 Methodology
To compare Treebank grammars, we need to ensure that the
Treebank grammars are based on the same tagset. To achieve

VP

VP* PP

P@ NP mod-pair:  (VP*, PP)
with root PP

subcat: (P@, NP)

spine: PP-> P

(a) template (b) sub-templates

Figure 5: The decomposition of anetreetemplate (In sub-
templates, @ marks the anchor in subcategorization frame, *
marks the modifiee in a modifier-modifiee pair.)

that, we first create a new tagset that includes all the tags from
the three Treebanks. Then we merge several tags in this new
tagset into a single tag.3 Next, we replace the tags in the orig-
inal Treebanks with the tags in the new tagset, and then re-run
LexTract to build Treebank grammars from those Treebanks.

Now that the Treebank grammars are based on the same
tagset, we can compare them according to the templates,
context-free rules, and sub-templates that appear in more than
one Treebank — that is, given a pair of Treebank grammars,
we first calculate how many templates occur in both gram-
mars;4 Second, we read context-free rules off the templates
and compare these context-free rules; Third, we decompose
each template into a list ofsub-templates(e.g., spines and
subcategorization frames) and compare these sub-templates.
A template is decomposed as follows: A spine-etree template
is decomposed into a spine and a subcategorization frame; a
mod-etree template is decomposed into a spine, a subcatego-
rization frame, and a modifier-modifiee pair; a conj-etree tem-
plate is decomposed into a spine, a subcategorization frame,
and a coordination tuple. Figure 5 shows the decomposition
of a mod-etree template.

4.2 Initial Results
After the tags in original Treebanks have been replaced with
the tags in the new tagset, the numbers of templates in the
new Treebank grammars decrease by about 50%, as shown
in the second column of Table 3 (cf. the second column in
Table 2). Table 3 also lists the numbers of context-free rules
and sub-templates(e.g., spines and subcategorization frames)
in each grammar.

The third column of Table 4 lists the numbers of template
types shared by each pair of Treebank grammars and the per-
centage of the template tokens in each Treebank that are cov-
ered by these common template types. For example, there

3This step is necessary because certain distinctions among some
tags in one language do not exist in another language. For exam-
ple, the English Treebank has distinct tags for past tense verbs, past
participals, gerunds, and so on; however, no such distinction is mor-
phologically marked in Chinese and, therefore, the Chinese Tree-
bank uses the same tag for verbs regardless of the tense and aspect.
To make the conversion straightforward for verbs, we use a single
tag for verbs in the new tagset.

4Ideally, to get more accurate comparison results, we would like
to compareetrees, rather than templates (which are non-lexicalized);
however, comparingetreesrequires bilingual parallel corpora, which
we are currently building.
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templates context-free subtemplates
rules spines subcat frames mod-pairs conj-tuples total

Eng 3139 754 500 541 332 53 1426
Ch 547 290 108 180 152 18 458
Kor 256 102 43 65 54 5 167

Table 3: Treebank grammars with the new tagset

templates context-free rules sub-templates
(Eng, Ch) type (#) 237 154 246

token (%) 80.1/81.5 88.0/85.2 91.4/85.2
(Eng, Kor) type (#) 54 61 96

token (%) 47.6/85.6 53.4/92.2 58.9/98.4
(Ch, Kor) type (#) 43 44 69

token (%) 55.9/81.0 63.2/89.3 65.7/96.0

Table 4: Comparisons of templates, context-free rules, and sub-templates in three Treebank grammars

are 237 template types that appear in both English and Chi-
nese Treebank grammars. These 237 template types account
for 80.1% of the template tokens in the English Treebank,
and 81.5% of the template tokens in the Chinese Treebank.
The table shows that, although the numbers of matched tem-
plates are not very high, most of these templates have high
frequency and therefore account for the majority of the tem-
plate tokens in the Treebanks. For instance, in the (Eng, Ch)
pair, the 237 template types that appear in both grammars is
only 7.5% of all the English template types, but they cover
80.1% of the template tokens in the English Treebank.

If we compare sub-templates, rather than templates, the
percentages of matched sub-template tokens (as shown in the
last column in Table 4) are higher than the percentages of
matched template tokens. This is because two distinct tem-
plates may have common sub-templates. Similarly, the per-
centages of matched context-free rules (see the fourth column
in Table 4) are higher than the percentages of matched tem-
plate tokens.

4.3 Results Using Thresholds

The comparison results shown in Table 4 used every template
in the Treebank grammars regardless of the frequency of the
template in the corresponding Treebank. One potential prob-
lem with this approach is that some annotation errors in the
Treebanks could have a substantial effect on the comparison
results. One such scenario is as follows: To compare lan-
guages A and B, we use TreebanksTA for language A and
TreebankTB for language B. LetGA andGB be the gram-
mars extracted fromTA andTB , respectively, and lett be a
template that appears in both grammars. Now suppose that
t is a linguistically valid template for language A and it ac-
counts for 10% of the template tokens inTA, but t is not a
valid template for language B and it appears once in Tree-
bank B only due to annotation errors. In this scenario, ifGB

excludingtemplatet covers 50% of the template tokens in
Treebank A, thenGB includingt covers 60% of the template
tokens in Treebank A. In other words, the single error in Tree-
bank B, which results in templatet being included inGB ,
changes the comparison results dramatically.

Because most templates that are due to annotation errors
occur very infrequently in the Treebanks, we used a threshold
to discard from the Treebanks and Treebank grammars all the
templates with low frequency in order to reduce the effect of
Treebank annotation errors on the comparison results, Table
5 shows the numbers of templates in the Treebank grammars
when the threshold is set to various values. For example, the
last column lists the numbers of templates that occur at least
40 times in the Treebanks.

Table 6 shows the numbers of matched templates and the
percentages of matched template tokens when the low fre-
quency templates are removed from the Treebanks and Tree-
bank grammars. As the value of the threshold increases,
for each language pair the number of matched templates de-
creases. The percentage of matched template tokens might
decrease a fair amount at the beginning, but it levels off af-
ter the threshold reaches a certain value. This tendency is
further illustrated in Figure 6. In this figure, the X-axis is
the threshold value, which ranges from 1 to 40; the Y-axis is
the percentage of matched template tokens in each Treebank
when the templates with low frequency are discarded. The
curve on the top is the percentage of template tokens in the
Chinese Treebank that are covered by the English grammar,
and the curve on the bottom is the percentage of template to-
kens in the English Treebank that are covered by the Chinese
grammar. Both curves become almost flat once the threshold
value reaches 6 or larger. This result implies that most tem-
plates due to annotation errors occur less than six times in the
Treebanks.

To summarize, in order to get a better estimate of the per-
centage of matched template tokens, we should disregard the
low frequency templates in the Treebanks. We have shown
that this strategy reduces the effect of annotation errors on the
comparison results (see Table 6 and Figure 6). This strategy
also makes the difference between the sizes of our three Tree-
banks less important because once Treebanks reach a certain
size, the new templates extracted from additional data tend to
have very low frequency in the whole Treebank.
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1 2 3 4 5 10 20 30 40
English 3139 1804 1409 1209 1065 762 524 444 386
Chinese 547 341 272 226 210 155 122 110 100
Korean 256 181 146 132 122 94 67 57 53

Table 5: The numbers of templates in the Treebank grammars with the threshold set to various values

threshold 1 2 3 4 5 10 20 30 40
(Eng, Ch) type (#) 237 165 128 111 100 73 54 47 42

token (%) 80.1/81.5 76.5/80.8 64.3/80.6 64.1/80.6 63.8/78.5 58.1/77.9 57.3/76.9 57.3/76.0 56.4/76.0
(Eng, Kor) type (#) 54 47 37 35 32 29 23 21 19

token (%) 47.6/85.6 47.5/81.0 47.2/81.0 47.3/80.7 47.3/80.7 47.3/80.4 47.5/79.3 47.5/79.4 47.6/79.3
(Ch, Kor) type (#) 43 36 34 29 27 22 18 18 17

token (%) 55.9/81.0 56.0/81.0 56.0/77.0 56.1/76.0 55.8/76.1 56.0/74.3 56.1/74.5 56.3/74.9 56.5/74.9

Table 6: Matched templates in the Treebank grammars with various threshold values
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Figure 6: The percentages of matched template tokens in the
English and Chinese Treebanks with various threshold values

4.4 Unmatched Templates

Our experiments (see Table 4 and 6) show that the percent-
ages of unmatched template tokens in three Treebanks range
from 14.4% to 52.4%, depending on the language pairs and
the threshold value. Given a language pair, there are vari-
ous reasons why a template appears in one Treebank gram-
mar, but not in the other. We divide those unmatched tem-
plates into two categories: spuriously unmatched templates
and truly unmatched templates.

Spuriously unmatched templates Spuriouslyunmatched
templates are those that either should have found a matched
template in the other grammar or should not have been cre-
ated by LexTract in the first place if the Treebanks had been
complete, uniformly annotated, and error-free. A spuriously
unmatched template might exist because of one of the follow-
ing reasons:

(S1) Treebank coverage:The template is linguistically
sound in both languages, and, therefore, should belong to the
grammars for these languages. However, the template ap-
pears in only one Treebank grammar because the other Tree-
bank is too small to include such a template. Figure 7(S1)
shows a template that is valid for both English and Chinese,
but it appears only in the English Treebank, not in the Chinese
Treebank.

VP*

VP

CC

V@ NP NP

VP

English English Chinese
CD@

QP

NPVP*

VP VP

VP* QP

CD@

QP

P@ QP*

English

(S1) Treebank coverage (S2) annotation difference (S3) annotation error

Figure 7: Spuriously unmatched templates

(S2) Annotation differences:Treebanks may choose dif-
ferent annotations for the same constructions; consequen-
tially, the templates for those constructions look different.
Figure 7(S2) shows the templates used in English and Chi-
nese for a VP such as “surged 7 (dollars)”. In the template
for English, theQP projects to an NP, but in the template for
Chinese, it does not.

(S3) Treebank annotation errors: A template in a Tree-
bank may result from annotation errors in that Treebank. If
no corresponding mistakes are made in the other Treebank,
the template in the first Treebank will not match any tem-
plate in the second Treebank. For instance, in the English
Treebank the adverbabout in the sentenceAbout 50 people
showed upis often mis-tagged as a preposition, resulting in
the template in Figure 7(S3). Not surprisingly, that template
does not match any template in the Chinese Treebank.

Truly unmatched templates A truly unmatched template
is a template that does not match any template in the other
Treebank even if we assume both Treebanks are perfectly an-
notated. Here, we list three reasons why a truly unmatched
template might exist.

(T1) Word order: The word order determines the posi-
tions of dependents with respect to their heads. If two lan-
guages have different word orders, the templates that include
dependents of a head are likely to look different. For exam-
ple, Figure 8(T1) shows the templates for transitive verbs in
Chinese and Korean grammars. They do not match because
of the different positions of the object of the verb.

(T2) Unique tags: For each pair of languages, some Part-
of-speech tags and syntactic tags may appear in only one
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Figure 8: Truly unmatched templates

language. Therefore, the templates with those tags will not
match any templates in the other language. For instance,
in Korean the counterparts of preposition phrases in English
and Chinese are noun phrases (with postpositions attaching
to nouns), as shown in the right figure in Figure 8(T2); there-
fore, the templates with PP in Chinese, such as the left one in
Figure 8(T2), do not match any template in Korean.

(T3) Unique syntactic relations:Some syntactic relations
may be present in only one of the pair of languages being
compared. For instance, the template in Figure 8(T3) is used
for the sentence such as“You should go,” said John, where
the subject of the verbsaid appears after the verb. No such
template exists in Chinese.

S1 S2 S3 T1 T2 T3 total
type(#) 1 70 53 22 99 65 310
token(%) 0.0 3.2 0.2 0.7 12.3 2.1 18.5

Table 7: The distribution of the Chinese templates that do not
match any English templates

So far, we have listed six possible reasons for unmatched
templates. We have manually classified templates that ap-
pear in the Chinese grammar, but not in the English gram-
mar.5 The results are shown in Table 7. The table shows that
for the Chinese-English pair, the main reason for unmatched
templates is (T2); that is, the Chinese Treebank has tags for
particles (such as aspect markers and sentence-ending parti-
cles), which do not exist in English. For other language pairs,
the distribution of unmatched templates may be very differ-
ent. For instance, Table 4 indicates that the English grammar
covers 85.6% of the template tokens in the Korean Treebank.
If we ignore the word order in the templates, that percentage
increases from 85.6% to 97.2%. In other words, the majority
of the template tokens that appear in the Korean Treebank,
but not in the English Treebank, are due to the word order
difference in the two languages. Note that the word order dif-
ference only accounts for a small fraction of the unmatched
templates in the Chinese-English pair (see the fifth column
in Table 7). This contrast is not surprising considering that
English and Chinese are predominantly head-initial, whereas
Korean is head-final.

5 Conclusion
We have presented a method of quantitatively comparing
grammars extracted from Treebanks. Our experimental re-

5For this experiment, we used all the templates in the grammars;
that is, we did not throw away low frequency templates.

sults show a high proportion of easily inter-mappable struc-
tures, providing support for the Universal Grammar hypothe-
sis. We have also described a number of reasons why a par-
ticular template does not match any templates in the other
languages and tested the effect of word order on matching
percentages.

There are two natural extensions of this work. First, run-
ning an alignment algorithm on parallel bracketed corpora
would produce word-to-word mappings. Given such word-
to-word mappings and our template matching algorithm, we
can automatically create lexicalizedetree-to-etreemappings,
which can be used for semi-automatic transfer lexicon con-
struction. Second, LexTract can build derivation trees for
each sentence in the corpora. By comparing derivation trees
for parallel sentences in two languages, instances of structural
divergences[Dorr, 1993] can be automatically detected.
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