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Chapter 1
Information Retrieval: Statistics
and Linguistics
Organizing a document collection so that documents can be found easily is dicult,
especially if more than one reader is expected to be able to use the collection. This text
gives a brief overview of existing automatic methods for text indexing and retrieval { one
widely used technology for organizing collections automatically or semi-automatically {
and identi es some directions for future research.

1.1 Manual vs Automatic methods
The traditional way of organizing documents and books is sorting them physically in
shelves after categories that have been predetermined. This generally works well, but
nding the right balance between category generality and category speci city is dicult;
the library client has to learn the categorization scheme; quite often it is dicult to
determine what category a document belongs to; and quite often a document may rightly
belong to several categories.
Some of these drawbacks can be remedied by installing an index (from Lat. index:
fore nger, pointer) to the document collection. Documents can be given several pointers
using several methods and can thus be reached by any of several routes. Indexing is the
practice of establishing correspondences between a set, possibly large and typically nite,
of index terms or search terms and individual documents or sections thereof. Index terms
are meant to indicate the topic or the content of the text: the set of terms is chosen to
re ect the topical structure of the collection, such as it can be determined. Indexing is
typically done by indexers { persons who read documents and assign index terms to them.
Manual indexing is often both dicult and dull; it poses great demands on consistency
from indexing session to indexing session and between di erent indexers. It is the sort of
job which is a prime candidate for automatization.
Automating human performance is never trivial, even when the task at hand may seem
repetitive and non-creative at rst glance. Manual indexing by human indexers is a quite
complex task, and dicult to emulate by computers. Manual indexers and abstractors
are not consistent, much to the astonishment of documentation researchers. The fact

is that establishing a general purpose representation of a text's content is probably an
impossible task: anticipating future uses of a document is dicult.
Typically manual indexing schemes control the indexing process by careful instructions
and an established set of allowed index terms. This naturally reduces variation, but also
limits the exibility of the resulting searches: the trade-o between predictability and
exibility becomes a key issue. The idea of limiting semantic variation to a discrete
set of well de ned terms { an idea which crops up regularly in elds such as arti cial
intelligence or machine translation { is of course a dramatic simpli cation of human
linguistic behavior. \We note that in natural languages { and their design is successful
in this respect { communication normally proceeds without explicit de nition of terms.
Not only do di erent persons attach slightly di erent meanings to the same terms but no
person has ever even for himself delimited an exact or de nable meaning of terms, except
possibly for some few of them ... In normal human communication, introduction of an
explicit de nition for natural language terms is a symptom of malfunction. One may ask
oneself whether natural language succeeds not in spite of but thanks to the absence of
rigid de nition of meaning. The exibility of natural language semantics appears also
from the observation that de nitions of terms age much faster than the terms themselves."
(H. Karlgren, 1976).
By and large computerized indexing schemes have distanced themselves from their
early goal of emulating human indexing performance to concentrating on what computers
do well, namely working over large bodies of data. Where initially the main body of work
in information retrieval research has been to develop methods to handle the relative
poverty of data in reference databases, and title-only or abstract-only document bases,
the focus has shifted to developing methods to cope with the abundance of data and
dynamic nature of document databases today.
This is where the most noticeable methodological shift during the past forty years can
be found. Systems today typically do not take the set of index terms to be prede ned,
but use the material they nd in the texts themselves as the starting point: a shift
from what sometimes is called pre-coordinate to post-coordinate indexing. This shift is
accompanied by the shift from a set-theoretical view of document bases to a probabilistic
view of retrieval: modern retrieval systems typically do not use boolean constraints but
rank documents for likelihood of retrieval relevance by term weights rather than term
presence. The indexes typically generated by the algorithms today are more geared
towards fully automatic systems rather than building index term sets for human perusal.
This allows the index term sets to grow larger.
However, the eld has not experienced major methodological and theoretical breakthroughs. Basically, the information retrieval systems of today work in an intuitively
appealingly simple way, using algorithms about forty years old. Most systems that are
deployed for public use today are based on ideas that were known, established, and rst
explored empirically in the 1950's (Luhn, 1957, 1958, 1959). This is not to mean that
the actual retrieval services have not improved strikingly over the past forty years: early
conjecture has been solidi ed into algorithms; algorithms based on early conjecture have
been veri ed mathematically, tested on large corpora, and developed and enhanced since.
Systems today can { largely thanks to better hardware { make better use of users to improve their performance. There are full texts available, the interfaces to the systems
are faster and better designed, the processing speed is high enough to permit interactive
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search { interactive in the sense that the user can be expected to provide the continuity of
the dialog process { and the computer literacy of the average reader has increased to the
point where enough library clients can be expected to use a computer search system to
search and nd documents for such systems to be designed and deployed in most libraries
in well-to-do neighborhoods.

Text as an object of study
Information retrieval technology is largely about text and the content of text. (Which
of course is a limitation which may seem inappropriate in view of the large variety of
information sources available to us.) In a research area which mainly concerns text one
might expect to nd fertile ground to apply results from linguistics, and to nd it provides
research to the study of language { especially written language. Now, the standard model
for information retrieval is roughly as shown in gure 1.1. There is a body of text;
information requests are put to a system which handles this body of text; the texts are
analysed by some form of analysis procedure to yield a non-textual representation of the
same; the information requests are likewise analysed by an identical or similar procedure
to yield a query. The two representations are then matched. The texts with the best
matches are presented as potential information sources to ful l the request.
Text

Information request

\

/

Text analysis procedure

Request analysis procedure

\

/

Representation <- Matching procedure -> Query

Figure 1.1: The Standard Model of Information Retrieval
In fact very little of this process is actually based on explicit knowledge of language.
Typically both analysis procedures and matching procedure are performed using statistical methods. The role for linguistics or knowledge of language in general is usually
assumed to be in improving the analysis of requests and texts; the representations are
in some way assumed to be a-linguistic and amenable to pure formal manipulation. The
point of the analysis operations is typically taken to be a) to reduce the amount of information in order to make the representations manageable { and the noise caused by
language and the freedom human languages a ord their users are crucially important to
reduce to that end { and b) straighten out the vagueness and indeterminacy inherent in
natural language in order to facilitate matching.
This quite intuitive and in many ways appealing model hides the complexity of human
language use from the matching procedure, which can then be addressed used formal
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methods. This is not entirely to the bene t of the enterprise. The very same mechanisms
which make the matching complicated { the vagueness and indeterminacy of human
language { are what makes human language work well as a communicative tool; awareness
of this is typically abstracted out of the search process. The major di erence between
automated information retrieval and consulting with a human information analyst is that
the latter normally does not require the request to be transformed to some invariant and
unambiguous representation; neither does the human analyst require the documents to be
analyzed into such an representation. A human analyst not only copes with but utilizes
the exibility of information in human language: it is not an obstacle but a feature. A
seemingly unrelated text may contain valuable relevant parallels to a request. \Vagueness
may be the price that has to be paid in order to achieve the kind of gliding from one
concept to another which is necessary for non-trivial retrieval" (H. Karlgren, 1976).

Homeosemy
It is clear we need a better understanding of how semantics are negotiated in human
language usage. Fixed representations do not seem practical, and do not re ect human
language usage. We need more exact study of inexact expression, of the homeosemy,
(homeo- from Greek homoios similar) or near and close synonymy of expressions of human language (H. Karlgren, 1976). This will become all the more clearer if we raise our
perspective beyond that of text retrieval, to attempting retrieval of non-textual documents.

1.2 Words as indicators of document topic
The basic assumption of automatic indexing mechanisms is that the presence or absence
of a word { or more generally, a term, which can be any word or combination of words {
in a document is indicative of topic.
The central task in indexing is the choice of index term vocabulary. We will in
the following assume that the indexing vocabulary for the most part will be based on
knowledge about the vocabulary of the texts, rather than a predeterminate set. To
understand the vocabulary of the texts, we will need to understand how the language
the texts belong to work. Then the task reduces to: how can we pick relevant terms to
describe a text, given that we know what terms are in it and how those terms are used
elsewhere?

1.2.1 Analyze the document
The rst steps to nd index terms automatically is to build a list of words in a text, and
calculate their frequency of occurrence. The more frequent terms are considered more
valuable in proportion to their observed frequencies. This design suggestion is rst made
by Hans Peter Luhn (1957, 1959), and the measure is commonly called term frequency
or, imaginatively, tf for short. For this text, for instance, the list will be as shown in
table 1.2. Typically, for each document the term weights are collected in a vector { a
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term vector { where each position in the vector represents a term, and each position holds
the term weight for that document.
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Figure 1.2: Frequency table of words in this text.
As a semantic representation a term vector formed from a list such as the one in
Table 1.2 is poor. An obvious improvement is to lter out certain words that seem to
have little to do with topic. A list of such words, most often grammatical form words
and other closed class words, is commonly called a stop list. Another is to note { as Luhn
does in his 1959 paper { that the most frequent words seldom are signi cant for this sort
of enterprise, and that thus it might be possible to lter them out automatically, based
on their frequency rather than their text-external or linguistic features.

1.2.2 Knowledge about language
If we try to determine what terms in a document are signi cant for representing its
content, we nd that terms that are common in a document, but also common in all
other documents are less useful than others. The question is how speci c a term is to a
document, or how uncommonly common it is.
Collection frequency, inverse document frequency or idf is a measure of term speci city
originally de ned by Karen Sparck-Jones (1972). Idf is a function of N/di, where N is the
total number of documents in the collection and di is the number of documents where
term i occurs { the document frequency. This measure gives high value to terms which
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Figure 1.3: Signi cance vs frequency. From Luhn (1959).
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Figure 1.4: Stoplist.
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26
25
22
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9
8
8

terms
documents
words
term
text
information
document
retrieval
idf
frequency
technical
word
indexing
collection
table
single
query
...

Figure 1.5: Frequency table of words in this text, ltered with stoplist.
occur in only a few documents. Used alone, it gives about as useful results as term
frequency used alone { idf is vectored towards high precision while tf gives better recall
or indexing exhaustivity.
There are several modi cations of the idf measure. One can use paragraphs instead of
documents, to model the fact that documents may not be homogenous (Lahtinen, 1998);
one may weight the measure in di erent ways based on the document properties, e.g. as
suggested by Tokunaga and Iwayama (1994). Their measure { the weighted idf or widf {
is weighted for term frequency in the documents which it occurs in: the widf is calculated
as a function of d rather than di, where d is the frequencies of term i in the respective
documents. Their experiments seem to indicate an improvement in performance { but
they have sacri ced some of the probabilistic theoretical underpinnings of Sparck Jones
work.
A problem with idf as a measure is that it is unclear what universe the document
frequency should be calculated over. The calculation depends on an N, a total number
of documents, and establishing what general usage of a term is may be dicult, if not
impossible. In some cases a collection is so well de ned that a collection internal idf is
quite adequate; in others, where potential readers may not be aware of the collection
setup or if the collection is very heterogenous it may not. In table 1.6 you will nd idf
scores for words in this document; the scores are calculated with respect to the top twenty
documents retrieved by Altavista for the search terms \information, retrieval, algorithm".
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1 behavior
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1 karlgren
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1 mathematical
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1 miscellaneous
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1 morphology
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1 nationwide
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1 navigation
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1 pulmonary
...
1 radio
...
1 redundancy
...

Figure 1.6: Inverted document frequencies for terms in this collection.

Draft February 18, 1999

1.2.3 Combining tf and idf
There are various ways of combining term frequencies and inverse document freqeuencies, and from empirical studies (e.g. Salton and Yang, 1973), we nd that the optimal
combination may vary from collection to collection. Generally, tf is multiplied by idf to
obtain a combined term weight. Alternatives would be for instance to entirely discard
terms with idf below a set threshold { which seems to be slightly better for high precision
searches.

1.2.4 Beyond single word frequency counts
So far, the methods outlined above use knowledge of language only indirectly. But linguistic methods have obvious roles to play for index term selection. One reason to apply
linguistic knowledge to index term selection is to provide multi-element terms e ectively.
This is assumed to provide gains in precision, by allowing ner grained distinctions between similar but non-identical multi-element terms with di ering internal structure,
or by establishing more elaborate relations between identi ed term elements. Thus, it
would be possible to distinguish between representation-wise similar but non-identical
documents.
Another reason is to con ate similar variants into one index term. This is assumed
to provide gains in recall, by allowing more documents with only trivial di ences to be
keyed by the same set of terms. The rst has typically involved research in syntax, word
dependencies, derivational morphology, and terminology; the second in in ectional morphology. So far, Sparck Jones nds no conclusive improvement from using either technique
has been established (1997). All of these techniques can more or less be approximated
using purely statistical methods.

1.2.5 Reducing the number of terms: Con ation
Morphological Con ation
As can be seen in tables 1.2 and 1.5 the words \document" and \documents" both show
up in the beginning of the list. The words \indexed" and \indexing" do not, and probably
should { they show up further down in the list. Word form analysis, or morphological
analysis would con ate these forms, and raise their combined weight.
Morphological analysis to identify morphological variants of a lexeme are normally
implemented as stemming or simple sux stripping. Porter (1980) describes a widely
adopted and ecient context-sensitive stemming algorithm for English based on a sux
list. Alternatively the user can be encouraged not to enter full words but truncated forms.
The utility of stemming for English is debatable, (Harman, 1991) but its intuitive
merits are good enough and its cost in processing quite low, so many systems make some
e ort in this direction. \This means that matches are not missed through trivial word
variation as with singular/plural forms." (Robertson and Sparck Jones, 1996). English, of
course, has an exceedingly spare morphology, with few morphological variants and tends
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to not form graphical compounds as often as other languages: both these characteristics
would seem to decrease the utility of an elaborate morphological analysis.
It is unfortunate for the generality of the results in the eld that the research and
business language of the world currently is English. Simple stemming is sucient for English, but not for most other languages of the world. In comparison, where experiments
on morphological analysis based normalization on material from languages other than
English have been performed, they do provide improved results: how, and exactly what
is useful depends on the language. (Slovene: Popovic and Willett, 1992; Finnish: Koskenniemi, 1996; Dutch: Kraaij and Pohlmann, 1996; French: Jacquemin and Tzoukermann,
1998).

Synonyms or semantic con ation
Another aspect of con ation is nding sets of synonyms { such as they may exist { or
near synonyms, and equating them for search purposes. This is typically done with a
static word list { a thesaurus (from Greek xxx, rich, as it were) { based on compiled
lexical knowledge.
Alternatively there are statistical techniques which reduce a large set of words to a
smaller set of senses, most notably Latent Semantic Indexing (Deerwester et al, 1990).
Latent Semantic Indexing works from the observation that a matrix of index terms by
documents is sparse: most terms do not appear in most documents. This matrix can be
reduced to a smaller, and thus denser, matrix by various mathematical technique, e.g.
singular value decomposition, which will con ate terms with very similar distributions.
The resulting entries are in some sense senses. How much one wants to reduce the matrix
is a question of how much information one is willing to lose to gain the better recall given
by the con ation.

1.2.6 Increasing the number of terms: Complex terms
Multi-word terms
Counting solitary words is ne, but the idea that lone words by themselves carry the topic
of the text is one of the more obvious over-simpli cations in the model so far. Indexing
texts on ice cream on \ice" and \cream" is intuitively less useful than looking at the
combination \ice cream". However, in experiments designed to test the usefulness of
multi-word terms, any addition past single word indexing is cumbersome and expensive
in memory and processing, while adding comparatively little to performance. In any case,
the discriminatory power of single word terms is much stronger than that of any other
information source (Strzalkowski et al, 1997).
Finding multi word terms can be done by statistical techniques or by linguistically
motivated techniques.
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Collocations and Multi-word technical terms
One way of expanding the search to words beyond single terms is simply tabulating
words that occur adjacently in the text { n-grams. For instance, Magnus Merkel has
implemented a tool for retrieving recurrent word sequences in text (1994).
Using more theoretical apparatus, other types of arbitrary and recurrent combinations
in the text { collocations { can be recognized and tabulated as well. Frank Smadja has
implemented a set of tools (1992) for retrieving collocations of various types using both
statistical and lexical information; he identi es three major types of collocations: predicative relations such as hold between verbs and their objects in recurrent constructions,
set noun phrases, and phrasal templates, where only a certain slot varies from instance
to instance.
To extract collocations of the second type, Justeson and Katz (1995) have added
lexical knowledge simple statistics, and use it to extract technical terms. Technical terms
are a speci c category of words which behave almost like proper names. They cannot
easily be modi ed { their elements cannot be scrambled or replaced by more or less
synonymous components, and they usually cannot be referred to with pronouns. Thus,
the technical terms tend to stay invariant throughout a text, and between texts.
Justeson's and Katz' appealingly simple algorithm to spot multi-word technical terms
tabulates all multi-word sequences with a noun head from a text, and retains those that
appear more than once. This method gives a surprisingly characteristic picture of a text
topic, given that the text is of a technical or at least non- ction nature. Their major
point is well worth noting: the fact that a complex noun phrase is used more than once
identically is evidence enough for its special quality as a technical term. It is repetition,
not frequency, that is notable for longer terms.
Linguistic methods are often suggested for the purpose of extracting multi-word terms.
Indeed, \The main modern rationale for linguistically motivated indexing is in capturing
multi-element terms e ectively." (Sparck Jones, 1997). The research in linguistically motivated indexing has typically taken statistically generated multi-word terms as a baseline
and attempted to identify better terms. An example is Strzalkowski's work in trying to
nd linguistically motivated content word combinations through statistical analysis of
word pairs and the dependence relation between them (1994). Strzalkowski has experimented using head modi er structures from fully parsed texts to extract index terms:
this normalizes phrases such as \information retrieval" and \retrieval of information" to
the same index representation.
However, it has been repeatedly shown that compound terms do not improve retrieval
performance more than marginally, (Fagan, 1989) and that the e ort needed to implement
and run linguistic methods in general is not worth the gain (Sparck Jones, 1997). On
this note, Robertson and Sparck Jones discourage implementers from considering other
than previously known multi-element terms: \Discovering, by inspection, what multiword strings there are in a le is ... a very expensive enterprise. ... In general these
elaborations are tricky to manage and not recommended for beginners." (1996).
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1.2.7 How can we improve indexing?
Indexing seems to work quite well as it is { but the results of systems based on the mechanisms outlined in this section can be improved. Not because of any obvious drawbacks
in the mechanisms themselves: they provide consistent and stable results, with variation
from system to system surprisingly small; the reason to continue work is that the stable
results are not only consistent but consistently mediocre. Word based indexing is not sophisticated enough as a semantical model to capture important facets of textual variation.
We need to investigate how to create and make use of several di erent indexing methods
simultaneously. So far, most work along this vein { merging information streams { has
been done manually (Strzalkowski et al, 1996); more ecient would be develop automatic
merging schemes. Ideally one would want streams which perform di erently from each
other: in practice so far, most streams seem to make the same sort of misses.
However, a stronger case for continuing experiments on indexing schemes even in
the face of the reasonably stable results obtained to date, is the fact that no substantive
research has been performed on other than English text. English is a typologically special
language in that it relies more on word order than on in ection than most other languages;
this can be expected both to decrease the value of normalization through morphological
analysis and the utility of linear precedence based statistical metrics. If we can expect
words to appear adjacently in a predictable order with minimal variation from occurrence
to occurrence the systems we build will be very di erent than if we assume there are
long range dependencies between haphazardly appearing words marked with agreement
features.
While indexing technology typically is vectored towards automatic retrieval, building
indexes for human use can still be useful. As a chart over a document database, using
a set of index terms users may get a picture of what the database contains (Hulth and
Jonsson, 1999). But the requirements for such an indexing scheme are vastly di erent
than those for automatic processing, and the di erence has hardly been studied.

1.3 Document Variation
1.3.1 Document length e ects
As the term weight is de ned in the tf component of the combined formula, it is heavily
in uenced by document length. A long document about a topic is likely to have more
hits than a short one will for a relevant term; this may not re ect its likelihood of being
relevant.
Most algorithms in use introduce document length as a normalization factor of some
sort, if the documents in the document base vary as regards length (Salton and Buckley,
1988). The most frequently used one is the cosine formula which originates from the
SMART system. Itqreduces
each term weight in the document vector of a document d
P
N
by dividing it with ( i=1 tf (documentd; wi)). This gives quite a strict normalization:
it promotes short documents disproportionately, and in practice the e ects of the cosine
formula have to be damped somewhat, as long documents often turn out to be more
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interesting than what it would assume (for a discussion of various formulations of the
cosine formula, see e.g. Singhal et al, 1995).
Another formula to reduce the e ect of document length is the OKAPI formula. It
divides each term weight with a factor derived from the document length in words; the
strength of the reduction is controlled using a parameter which is set after experimenting
with the collection at hand (Robertson and Sparck Jones, 1996).

1.3.2 Document Style
Texts are so much more than just sets of words. Indeed, texts are more than just what
they are about. Texts vary in many ways. Authors make choices when they write a text:
they decide how to organize the material they have planned to introduce; they make
choices between synonyms and syntactic constructions; they choose an intended audience
for the text. Authors will make these choices in various ways and for various reasons:
based on personal preferences, on their view of the reader, and on what they know and
like about other similar texts.
A style is a consistent and distinguishable tendency to make some of these linguistic
choices. Style is, on a surface level, very obviously detectable as the choice between items
in a vocabulary, between types of syntactical constructions, between the various ways a
text can be woven from the material it is made of. It is the information carried in a
text when compared to other texts, or in a sense compared to language as a whole. This
information { if seen or detected by the reader { will impart to the reader a predisposition
to understand the meaning of text in certain ways. Or, more roughly put, style is the
di erence between two ways of saying the same thing.
So, the variation in a text or di erences between texts that is not primarily topical,
that has not to do with meaning, is stylistic. Naturally, demarcation of stylistic variation
to topical variation is impossible. Certain meanings must or tend always to be expressed
in certain styles: legal matters tend to be written in legal jargon rather than hexameter;
car ownership statistics in journalistic or factual style. The impossibility of drawing a
clean line between meaning and style has lead to much browbeating among stylisticians
and linguists, and discussion about if there in fact are styles at all (see e.g. Enkvist,
1973).
For the purposes of information retrieval, it is in fact all the more interesting to investigate the workings of stylistic variation if it is not completely divorced from topical
variation. The purpose would be to nd methods to complement topical information retrieval, not by improving topical recall nor necessarily topical precision, but by improving
the likely subjective quality of the retrieved documents.
The variation that will be most useful to complement topic-based information retrieval is not variation between authors, nor between individual texts, but the consistent,
predictable, and distinguishable variation that sets of text may show. The goal is to look
for textual characteristics that are measurable quantities { stylistic items { and use them
to posit variables to categorize or sort texts. The aim is to nd functional styles (cf.
Vachek, 1975) that can be used to understand which genre a new or hitherto unknown
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text belongs to, and thus to predict the likelihood of the text being interesting to the
reader, given that its topic has been determined correctly by topical analysis.

1.4 Structured text and structuring text
1.4.1 Text is more than a bag of words
Text is more than the set of words in it, and speci cally, it is more than a plain sequence
of words. While texts at rst glance are one-dimensional entities, in that linguistic
objects follow each other in a sequence, relations between referents, terms, words, entities,
subtexts, segments, clauses, paragraphs { or whatever other type of thing one wishes to
postulate as suitable items of study { are present in the text and can range quite far
over the length of the text. This gives texts a fractal nature of sorts, a character of
reaching beyond the one dimension the string a ords it. Discovering these relations is
largely what text understanding is about. A series of di erent techniques try to organize
the text material into chunks larger than terms. The relations between textual items can
take a number of forms, much dependent on the form of analysis chosen.
For text retrieval the standard model discussed so far has appealingly simple and
intuitively understandable properties. Find out what a document is about, and nd out
what the user wants, and match the two; a document is about what is mentioned in it;
what is mentioned is mentioned using words; count and tabulate the words. This is easy
to understand and to implement.1 But this simple model has its faults.

1.4.2 Word distributions are bursty
For instance, most statistical approaches assume words appear more or less randomly
in a text, in a Poisson-style distribution. This is naturally a gross simpli cation: words
appear in a text not in a a memory-less distribution but following a pattern governed by
the textual topic progression and communicative conventions (H. Karlgren, 1976; Katz,
1996). If text segments more likely to be topically pertinent are chosen and terms within
them weighted up as compared to terms from other sections this weighting would re ect
the topical make-up of the text better than a non-progressional model. These sections
cover some existing techniques potentially useful for this, such as summarization, text
segmentation.

1.4.3 Syntax, Semantics, and Text Studies
Now, linguistics has for the past century busied itself with nding speaker- situationand meaning-independent models for syntactic analysis and description and speakersituation- and local-context- independent models for semantic analysis and description.
From personal experience I know that a class of computer science students can be taught to understand, appreciate and implement a working information retrieval system from scratch in less than one
day.
1
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The former goal can be claimed to have been reached, at least to the extent that existing
syntactic models seem close to covering a large proportion of well-edited literary text. The
latter seems elusive: there is no established semantic theory with any kind of substantial
coverage or generality.
And research on larger units of language use such as texts, dialogs or discourse in
general has not succeeded in providing generalizable results. The goal is less concrete:
texts are not regular in the sense sentences are, and when formalization is attempted,
it only succeeds in prototypical cases. Still, there is reason for optimism. With large
amounts of texts available for automatic analysis, linguists can test, discard, verify, and
re ne methods for large-scale analysis with the same eciency clause-level analysis was
performed earlier. \We take heart particularly from two facts: rst, linguists are turning
their attention more and more to larger units of discourse than the sentence, and second,
on-line retrieval systems are likely to involve retrievable units smaller than traditional
documents. We believe that the relevance of these elds to one another will become more
apparent as the size of the text units they deal with becomes more commensurable."
(Sparck Jones and Kay, 1976).
However, studying topical progression in a text is complex. Local e ects { the distinction between given and new information in a clause, say { have been studied and
partially formally described, but not well enough to be useful for predictive work, which
is what information retrieval needs. \It is not easy to identify the topic and focus of a
printed sentence, especially in such a language as English, where the surface word order
is grammatically bound to a great extent." (Sgall, 1980). And later experiments cover {
by author admission { prototypical cases only. (Hajicova, Skoumalova, and Sgall, 1995).
There is a systematic problem in automatic text analysis in that text in itself is a semantic
object, and has transcended much of the syntactically governed constraints that clause
structure adheres to. Text should be analyzed as such. Surface cues are only incidental
traces of semantic linking of text (Kallgren, 1978, 1979).
Further, texts have many kinds of properties besides being word containers. This
is at its most obvious if one instead of text les looks at documents with pictures, at
music retrieval, at video retrieval, or image retrieval. These types of document can
be categorized in numerous ways, none of them independent of each other. Likewise,
albeit less obviously, for texts. Indeed, the fact that text consists of readily identi able
words with obviously regular local dependencies to each other could be said to have lead
information retrieval up the impractical path of compositional semantics.
And when further modalities come into play, a more general view must be taken.
For instance, some experiments with audio database indexing involve not only a textual
representation of the spoken data, but type of dialog. (Kimber et al, 1995; Oard, 1996)
Whatever dimensions of variation one accepts as valid for an area or a set of texts, it
is clear that a mono-modal text representation { whatever it is, and however well it is
designed { simply will not be able to capture more than very simple characteristics of a
text, and thus will ultimately constrain the utility of the matching functionality.
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1.4.4 Fielded search
Some materials are structured to begin with. A search in a database for the yellow pages,
for instance, will naturally make use of free text search as well as separate searches for
company names or addresses in separate elds. A search in a press archive will naturally
allow for searching in the byline and date elds separately from searching in the text
itself. Or should.

1.4.5 Text Segmentation
But most materials are not organized beforehand. It is to some degree possible to assume
a structure for textual material which is not explicitly organized. Typically, such analysis
is done without regard to likely search requests under the assumption that there is a
structure which is possible to chart by inspection of texts in isolation. To some degree
this is true, although for instance in text segmentation tasks human subjects do not
always agree on where segment boundaries can be assigned (Passonneau and Litman,
1993, found that subjects did agree; Hearst, 1994, found they did, more or less, within a
range. Passonneau and Litman used spoken material, and Hearst used written popular
science texts. Most likely the richer information in the spoken mode accounted for the
di erence in results.).
Texts can be split up in subtopic segments based on work occurrences: if word frequencies shift noticeably from one stretch of stretch to another, it is reasonable to assume
that there is an attendant shift of topic. This assumption underlies several algorithms for
text segmentation. (Hearst and Plaunt, 1993; Hearst, 1994; Reynar, 1994; Salton, 1994;
Hearst, 1997). This is the underlying assumption of most text segmentation algorithms
(see below.)

1.4.6 Passage Retrieval and Question Answering
Sparck Jones and Kay write 1971 that \... there is little doubt that it is from this
direction [fact retrieval or question answering] that many of the new ideas introduced
into documentation over the next few years will come." This promise seems from today's
perspective not to have been ful lled. The optimism of the early seventies for solving
arti cial intelligence and knowledge representation issues was clearly unfounded. It is
clear that { similarly to text segmentation { passage retrieval is non-trivial even for
humans, even when the data set is quite small.
However, there are some more modest treads along the path to systematic fact retrieval that actually have proved both promising and useful. In general, the idea that a
system can nd information in text by extracting structures that originate from the information requests themselves is much more tractable than attempting to organize texts
in anticipation of future requests.
As an example, algorithms for entity spotting, starting with person, place, and organization name spotting and date spotting to more general entity spotting function with
some degree of success (Strzalkowski and Wang, 1996), and add noticeably to information retrieval performance when combined with less inventive single and multi word term
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information. Similarly, technical terms have a more rigid structure than other multiword terms { rather similar to names, in their linguistic behavior, in fact { and can be
picked out through pattern matching techniques augmented with lexical information from
a part-of-speech lexicon (Justeson and Katz, 1995).
This type of technique can be extended quite far to perform information extraction.
Matching recurrent patterns for certain predictable pieces of information can be done
with a useful level of accuracy and speed, such as is demonstrated in the yearly Message Understanding Conferences. These techniques are typically based on stereotyped
information requests and elaborate linguistic variant detection algorithms that are precompiled to simple pattern matches (e.g. Grishman, 1996).
Real live semantic analysis of course is beyond the scope of automatic systems today,
but systems for higher level textual analysis are already at the point where the inclusion of
semantic knowledge such as precomputed general concept hierarchies such as Wordnet,
or of well typed domain-speci c selectional restrictions (Grishman and Sterling, 1990)
improves extraction results.

1.4.7 Abstracting and Summarization
A common problem in information retrieval is that there is a large number of documents
which may be relevant and may be not, and that deciding which are which is timeconsuming. For this purpose, automatic abstracting, summarization or gisting algorithms
attempt to provide a compact version of a text.
Most automatic abstraction algorithms work on the assumption that selecting a number of sentences from the text will provide a picture of the text topic progression (Luhn,
1958).

1.4.8 How textuality could be utilized better
Texts do have structure { that much is evident. So far, little of this structure has been
used explicitly for information retrieval. There are numbers of experiments that wait to
be performed: if a text can be structured by some means, and its components indexed
separately, such a composite index might well provide a richer picture of text topic than
a simple list. Clause weighting approaches, topic-focus detection, foreground-background
clause identi cation, summarization, and subtopic segmentation are all techniques available for experimentation: these show promise to perform di erently from the single word
and multi-word term frequency based indexing schemes detailed in the previous section.
Understanding more of why texts are texts rather than word containers, and why
texts in important ways are more like pictures than dictionaries will give more depth
to text analysis. The objective is some level of topical or semantic analysis, and from
the discussion above and in the introduction, it seems abundantly clear this should be
performed in interaction with the intended reader of the text. The reader or user is not
a single one-shot question - the user is accessing text for some reason, and this reason is
not irrelevant for information retrieval purposes.
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1.5 Requests and queries: Dialog
The preceding sections have concentrated on document analysis. Central to the enterprise
of searching document databases is the information need, as experienced by the user.
These sections will outline how the information need relates to a document database.

1.5.1 Boolean and probablistic approaches
The basic scenario of traditional information retrieval is then nding the correct combination of search terms combined together in a logical structure, often using Boolean
operators such as AND OR or NOT, and then examining the set of documents that t
the request. The documents in the set match the request, the documents outside do not.
If a document matches a request it is presented, if it does not, it will not be. The most
simple set algebraic approach works reasonably well if the set of index terms is limited by
design or alternatively for document bases where the documents are short and concise:
a list of literature abstracts or document titles, for instance which as a side e ect that
the set of available terms is limited. It has several good sides: it is easy and ecient to
implement and theoretically comprehensible through the well understood properties of
set theory.
However, Anselm Spoerri (1994) shows in an example how Boolean search can be
dicult to work with. In an example database of several tens of thousands of items
on computer science, he poses a query to retrieve items on \visual query languages for
retrieving information and that consider human factors issues". He formulates a Boolean
query:
(graphical OR visual)
information retrieval
query languages
human factors

This query is ambiguous. If AND is used to conjoin the four terms, the query is very
restrictive. For this query, Spoerri retrieved one single document in the database. If OR
is used, the query is not very speci c: for this case, Spoerri obtained 19691 documents.
This shows how Boolean search methods can have unexpected results in spite of its
theoretically attractive predictability, and that the OR and AND of Boolean logic are
deceptive in that they invite comparison with the \or" and \and" of everyday discourse.
Most importantly, Boolean methods have no built in way of handling uncertainty.
Boolean systems are widely in use, especially for trained documentalists; for untrained
users, the Boolean approach has been largely abandoned in full-text retrieval systems {
although the name retrieval has been retained for an activity which only in its extreme
cases resembles retrieval { in favor of probabilistic retrieval, which ranks the retrieved
documents by likelihood of providing relevant data for the resolution of the information
request as expressed by the search terms. The basic improvement is the weighting of
terms by assumed importance for a document's representation. This provides a model of
uncertainty, as well as obviates most of the need for a speci c query language, at the price
of lessening predictability, eciency, and, to some extent, expressiveness of the interface.
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1.6 Information Access Processes: Texts more than
are

We have in the above assumed that people will walk up to an information system and state
their information need in some consistent manner. This assumption is oversimpli ed.
While it has lead to useful generalizations in the design of system innards, the interaction
with systems is not always all that could be hoped for.
The typical view of system use is that a user poses an information request, receives a
set of documents, selects some of them for further processing, examines some in detail,
and nally orders some for delivery. At each interaction point, the user may back up
to re ne or modify the original request. This type of model is proposed by Oard (ref,
doug?) and shown in Table 1.7. Systems today typically follow this model from left to
right, in that they always expect interaction to start with some form of speci cation of
an information need, in the form of a small set of topical terms. This will give the user
a ranked list of documents, which can be used either to select individual documents for
further perusal, or discarded, in order to improve the original query.
The model allows for more types of access, as indeed it should. The prototypical information access scenario covers only parts of typical information needs: several di erent
models and studies show how users behave in various ways depending on what task they
are working on. For instance, Belkin analyzes information seeking behavior into four
prototypical tasks: searching for a known item, scanning through a list for potentially
interesting material, reducing a large number of potentially interesting items to a smaller
number, or examining a certain document to verify its qualities (ref, Nick?).
Oard's interaction model - or others like it - readily admits various types of information seeking behavior, and gives pointers to where interaction with a system can be
understood as a subsystem of its own; Belkin's task oriented prototypical behaviors give
an understanding of what the bottlenecks of information access systems can be.
For instance, it is not necessary to limit oneself to one entry point in the model.
One may well envision cases where the starting point is a set of documents, inventively
displayed, or segments or bits of one single document. And there is any number of interesting transition between di erent activities in the model to allow for better interactivity
in an information access system. Today's systems mostly are not designed to support
other than backtracking in the basic left-to-right model.
Activity Speci cation
Visualization
Assessment
Example Input query terms Inspect ranked list of documents Scroll up and down in a documen
Development Beyond words
Beyond ranking
Information re nement
Figure 1.7: A model of interaction points with an information access system.

1.6.1 Typical query processing
In the standard model the information request, posed in English or as a set of search
terms, is treated much like the documents in the database: it is analyzed on the basis of
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term occurrence, and is transformed into a vector of term weights { for which the term
query typically is reserved { similar to the term vectors computed for the documents.
Given a query and a document term vector and a query, however the term weights
are computed, the question is how to match the two term vectors to nd documents that
t the request. The simplest approach is to use the conventional scalar product of the
two vectors, and simply add the pairwise products of each the weight of each term under
consideration, and sort the documents according to their respective score. Most systems
use variations of this method.
Documents and information requests are typically very di erent. Luhn's original
model was for the searcher to compose an essay of approximately the same form as the
sought for documents. In practice, as has been established both by informal observation
and several formal experiments, information requests to information retrieval systems
tend to be very short; the majority being of three words or less (Rose and Stevens, 1996;
Rose and Cutting, forthcoming). This gives very little purchase to most linguistically
oriented methods, and one would wish to nd methods which would encourage searchers
to produce longer requests using more terms (for a very simple, yet successful attempt,
see Karlgren and Franzen, 1997).
Given that requests are of di erent length and di erent type than the target documents, the way the respective term vectors are to be treated should be di erent. Most
systems use a binary frequency calculation for query terms: occurrence, rather than
frequency is used as a basis for weighting (Salton and Buckley, 1988).

1.6.2 Beyond single queries
The rise in response speed and interactivity has given users the possibility of searching
by a sequence of queries. The rst systems did not make use of sequences { they take a
sequence of queries not as a dialog but as a sequence of one-shot requests. \Like so many
other kinds of self-'service', from supermarkets and lling stations upwards, [recent full
text search systems] have been promoted by salesmen who style the absence of service as
quickness and the user's labour as automation" (H. Karlgren and Walker, 1980).
Similarly to any type of dialog system, information retrieval systems should provide
for persistent and modi able dialog objects: the previous turns in the discourse should not
just go away from query to query. The recent formulation of a query, and the documents
retrieved for it should be available for backtracking and for reference during the dialog.

1.6.3 Query expansion
One method to get more textual material for eshing out a short request is to submit the
short request to the system, use the rst few retrieved documents as a renewed information
request, construct a new query from them, and hope that the rst few documents indeed
are relevant. If the initial search is focused on precision this is a way of improving recall
(Strzalkowski et al, 1997).

Draft February 18, 1999

1.6.4 Relevance Feedback
Alternatively, a retrieval system can present the list of retrieved documents to the user,
and have users note which documents seem useful at rst glance. These relevant documents are then used to generate a new query. Analogously, non-relevant documents can
be discarded in the rst iteration, and the terms in them weighted down in subsequent
iterations. This technique { relevance feedback { was rst formulated by Salton.
Some researchers have doubted the usefulness of the technique { especially negative
feedback, the exclusion of terms culled from discarded documents to increase precision,
can lead to surprising results for the hapless user. However, in user tests it seems to work
quite reasonably (Koenemann and Belkin, 1996), and has been formalized usefully for
simple implementation (Robertson and Sparck Jones, 1996).
Relevance feedback can be extended by clustering the retrieved documents in similarity sets, if the system has an ecient clustering algorithm. Cutting et al have implemented
the Scatter/Gather algorithm which does this (1992). Users can select not only single
documents for relevance feedback, but entire clusters of documents, represented by terms
common to the entire cluster.

1.6.5 Other qualities of text
Texts are used, and often used systematically. When any certain text is read, certain
other texts are likely to be read as a consequence, or to appear in its vicinity in some way.
This is something that can be used to study text ecology, or the social characteristics of
text (Walker, 1981; Belkin, 1994). In the last few years, interest in utilizing text usage
as another indicator of text usefulness has resulted in a number of studies and indeed
a number of implementations which recommend items to users based on their previous
access habits. (Karlgren, 1990, 1994; Resnick, 1994; Shardanand and Maes, 1994; Hill,
1994).

1.7 Texts are sometimes written in other languages
than English
As has been argued above, typological bias renders most discussions of the utility of
linguistically motivated indexing moot. Non-linguistic and linguistic methods alike have
been tested on English texts. English is a typologically special language. It relies more on
word order than do most languages, and its morphology is more impoverished than most.
These characteristics have e ects not only on the linguistic methods but on the design
of purely statistical algorithms as well. If linear order is important, collocations can be
assumed to simpler than if long distance relations are marked by agreement markers of
some sort.
And more urgently, texts written in a language the reader does not comprehend risk
being ignored for the wrong reasons. While fully automatic general purpose high quality
machine translation remains a perpetuum mobile, special purpose translation machinery
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does show promise of usefulness. Especially if the distinctions between crude, raw, and
skim-only-translations (H. Karlgren, 1987) are made clear to system providers, we may
expect to be able to peruse texts usefully in languages we do not master.
But we will still need to retrieve them. Cross-linguistic retrieval systems can be built
using several di erent methods. The query itself may be translated. The document
representations may be translated. Or the document representations and queries may
both be represented in a common language: recent experiments use Latent Semantic
Indexing for that purpose.
So multi-lingual retrieval needs to be explored, for the obvious reason that interesting
material may be available in the wrong language. Equally crucially, multi-lingual retrieval
may improve retrieval in general by clearing the decks from the linguistic bias of results
so far.

1.8 The contribution to linguistics
Almost no results from information retrieval research seem to interest linguists. Given
that linguistics focuses on the theory of clause structure, and information retrieval on
appearance of words and texts, this may not be entirely surprising. However, the application of statistics on large bodies of language data itself is a form of study of language.
The information found is not in an explicit form, but if a result from practical systems
is that two content words within a four word span from each other tend to form contentbearing associations where longer spans do not, this in itself ought to be interesting for
the study of language; if latent semantic indexing works in nding generalizable topical
clusters of documents irrespective of the language they are written in, this in itself ought
to be interesting for the study of language; if retrieval of admittedly shoddy output from
speech recognition systems works on average as well as retrieval of carefully proof-read
texts, this in itself ought to be interesting for the study of language. But results such as
these are not appreciated by linguists or information scientists, for other than motivation
for engineering e orts.
Partly, this will have to do with the exceedingly simple view of language taken by
information scientists: documents consist of words, and the words can be used for determining what the document is about. This is only true to a limit, as can be inferred
from the results shown in previous sections. The simple view uses a misleadingly simple
shortcut to analyzing meaning in text. Most likely, text retrieval and text access cannot
be understood in any real way until more general questions, e.g. image access have been
understood well enough to have been posed.

1.9 Conclusions: open research questions
This text argues for a multi-lingual and multi-modal analysis of texts. Without this, any
analysis scheme will not be open-ended enough to stay useful for other than very well
trained specialists.
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In experiments described in companion texts to this, we have investigated various ways
of enriching the representation of texts, of weighing together di erent types of knowledge,
of studying users of texts, and of improving dialog with search mechanisms to cope with
such enriched representations.
In future work we propose to add study of other languages than English; more global
textual phenomena; more modalities than pure 7-bit text; more aspects of language use
such as studies of the practice of human question answering outside laboratories rather
than study of models of question answering in model worlds; and studies of how terms
are introduced and moved o -stage during the course of discourse.
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Chapter 2
Evaluating information retrieval
Information retrieval research has a well de ned and well established set of evaluation
tools.

2.1 How exhaustive is the search? - Recall
If one has a good estimate of how many relevant documents a document base contains
for some query, one can calculate the proportion of the total set of relevant documents
found and retrieved by an algorithm. This proportion is called recall.

2.2 How much garbage? - Precision
The proportion of relevant documents in a retrieved set is called precision and is a complement measure to recall.

2.3 Combining precision and recall
Trivially, if an algorithm always retrieves all documents in a document base, it has one
hundred per cent recall. However, it presumably has low precision. Typically recall and
precision are plotted against each other; in the TREC evaluations, e.g., a "11-point"
average measure is used, with precision measures at every 10 percent of recall, and the
average gure is used as a total measure (e.g. Harman, 1996).

2.4 What is wrong with the evaluation measures?
As evaluation measures precision and recall have several very attractive qualities. They
are intuitively valid and empirically can be determined to be reliable. However, they
su er from some distinctive draw-backs. For the required calculations the evaluator must

know how many relevant documents there are, how many documents there are in the
base, how many documents are retrieved, how to weigh relevance to precision, how to
determine what a query is, and how to judge relevance. All of these things can be done,
but at risk of making the evaluation too ad-hoc.

Sampling

We do not have a good picture of how many documents are relevant in a given
document base. Unless we have a small experimental database under complete
experimental control we must resort to sampling procedures.

Universe

Indeed, often we cannot determine what the 'entire document base' is: for instance,
in the case of Internet retrieval, where the database is uid and huge by most
contemporary standards.

Query

A query is well de ned experimentally, but what its counterpart in real life is less
well de ned. Users often cannot pose their information needs in succinct search
terms but cycle through a number of iterations until the visible top few items in a
retrieved set seem satisfactory. At what point should we evaluate the system?

Retrieval

The retrieved set is not delimited in most probabilistic ranking systems. A list of
several thousand documents is presumably not very useful to a human user. How
many documents should we assume actually have been retrieved?

Precision vs recall

Averaging recall-precision trade o s in e.g. 11-point averages is common practice,
but has the undesirable consequence to mask algorithm di erences: some algorithms
may do very well in high-precision searches and less well in high recall cases; some
may do well in cases where there are very few documents to be found, others do
better when the document base is saturated with material for the topic at hand.
For instance, morphological normalization of in ectional forms of a lexeme may
raise recall. It may well lower precision concurrently. This may be desirable or not,
depending on the task the user is engaged in.

Relevance
Most importantly: what is \relevant"?
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