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6 Term weighting

Thus far we have dealt with indexes that support Boolean quer ies: a docu-
ment either matches or does not match a query. In the case of large document
collections, the resulting number of matching documents ca n be far in excess
of the number a human user could possibly sift through. Accor dingly, it is
essential for search engines to rank-order the documents matching a query.
To do this, an engine computes, for each matching document, a score with
respect to the query at hand. In this chapter we initiate the s tudy of assign-
ing a score to a (query, document) pair. We �rst introduce par ametric and
zone indexes, which score documents by weighting different ly the various
parts of a document where a query term occurs; in the process w e extend the
applicability of inverted indexes to scoring. We then consi der the problem
of gauging the importance of a term in a document, based on the statistics
of occurrence of the term in the document. Chapter 7 focuses on using these
importance weights to compute a score between a query and a document.

6.1 Parametric and zone indexes

We have thus far viewed a document as a sequence of terms. In fact, most
documents in the real world have additional structure. Digi tal documents
generally encode, in machine-recognizable form, certain metadataassociatedMETADATA

with each document. By metadata, we mean speci�c forms of dat a about a
document, such as its author(s), title and date of publicati on. This metadata
would generally include �elds such as the date of creation and the format ofFIELD

the document, and often the author and possibly the title of t he document.
Consider queries of the form “�nd documents authored by Will iam Shake-
speare in 1601, containing the phrasealas poor Yorick”. Query processing then
consists as usual of postings merges, except that we may merge postings
from text as well as parametric indexes. Where the �eld value s can be or-
dered (as in the case of dates, for instance) we additionally build a search
tree on the ordered universe of values to support range queri es. Figure 6.1
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I Figure 6.1 Parametric search. In this example we have a collection with �elds al-
lowing us to select publications by zones such as Author and � elds such as Language.

illustrates this. Some of the �elds may assume ordered value s, such as dates;
in the example query above, the year 1601 is one such �eld valu e. The engine
may support querying ranges on such ordered values; to this e nd, a structure
like a B-tree may be used on the �eld's dictionary.

Zonesare similar to �elds, except the contents of a zone can be an arbitraryZONE

body of text. Whereas a �eld may assume a relatively small set of values,
a zone can be thought of as an unbounded amount of text. For ins tance,
document titles and abstracts are generally treated as zones. We may build
a separate inverted index for each zone of a document, to support queries
such as “�nd documents with merchant in the title and william in the author
list and the phrase gentle rain in the body”. This has the effect of building an
index that looks like Figure 6.2.

In fact, we can reduce the size of the dictionary by encoding t he zone in
which a term occurs in the postings. In Figure 6.3 for instanc e, we show
how occurrences of bill in the title and author zones of various documents
are encoded. Such an encoding is useful when the size of the dictionary is a
concern (because we require the dictionary to �t in main memo ry). But there
is another important reason why the encoding of Figure 6.3 is useful: the
ef�cient computation of scores using a technique we will cal l weighted zoneWEIGHTED ZONE

SCORING scoring.
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william.author 2 3 5 8

william.title 2 4 8 16

william.abstract 11 121 1441 1729

- - - -

- - - -

- - - -

I Figure 6.2 Basic zone index ; zones are encoded as extensions of dictionary en-
tries.

william 2.author,2.title 3.author 4.title 5.author- - - -

I Figure 6.3 Zone index in which the zone is encoded in the postings rather than
the dictionary.

6.1.1 Weighted zone scoring

Given a Boolean query qand a document d, weighted zone scoring assigns to
the pair (q, d) a score in the interval [0, 1], by computing a linear combination
of zone scores, where each zone of the document contributes a Boolean value.
More speci�cally, consider a set of documents each of which h as ` (identical)
zones. Let w1, . . . ,w` 2 [0, 1] such that å `

i= 1 wi = 1. For 1 � i � ` , let si
be the Boolean score denoting a match (or absence thereof) between q and
the ith zone. For instance, the Boolean score from a zone could be 1if all
the query term(s) occur in that zone, and zero otherwise; ind eed, it could be
any Boolean function that maps the presence of query terms in a zone to 0, 1.
Then, the weighted zone score is de�ned to be

`

å
i= 1

wisi .(6.1)

. Example 6.1: Consider the query shakespeare in a collection in which each doc-
ument has three zones: author, title and body. The Boolean score function for a zone
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ZONESCORE(q1, q2)
1 int scores[N ] = 0
2 constant w[` ]
3 q1  postings(q1)
4 q2  postings(q2)
5 // scores[] is an array with a score entry for each document, initialized to zero.
6 // q1 and q2 are initialized to point to the beginning of their respectiv e postings.
7 //Assume w[] is initialized to the respective zone weights .
8 while q1 6= NIL and q2 6= NIL

9 do if docID[q1] = docID[q2]
10 then WEIGHTEDZONE(score[q1, q2, docID[q1]])
11 q1  next[q1]
12 q2  next[q2]
13 else if docID[q1] < docID[q2]
14 then q1  next[q1]
15 else q2  next[q2]
16 return scores

I Figure 6.4 Algorithm for computing the weighted zone score from two pos tings
lists. WeightedZone (not shown here) is assumed to compute t he inner loop of Equa-
tion 6.1.

takes on the value 1 if the query term shakespeare is present in the zone, and zero
otherwise. Weighted zone scoring in such a collection would require three weights
w1, w2 and w3, respectively corresponding to the author, titleand bodyzones. Suppose
we set w1 = 0.2,w2 = 0.3 and w3 = 0.5 (so that the three weights add up to 1); this
corresponds to an application in which a match in the authorzone is least important
to the overall score, the title zone somewhat more, and the bodycontributes as much
as either authorand title.

Thus if the term shakespeare were to appear in the title and bodyzones but not the
authorzone of a document, the score of this document would be 0.8.

How do we implement the computation of weighted zone scores? A sim-
ple approach would be to compute the score for each document i n turn,
adding in all the contributions from the various zones. Howe ver, as now
show how we may compute weighted zone scores as in (eqn:weigh tedzone)
directly from inverted indexes. The algorithm of Figure 6.4 treats the case
when the query q is a two-term query consisting of query terms q1 and q2,
and the Boolean function is AND: 1 if both query terms are pres ent in a zone
and 0 otherwise. Following the description of the algorithm , we describe the
extension to more complex queries and Boolean functions.

The reader may have noticed the close similarity between thi s algorithm
and that in Figure 1.7. Indeed, they represent the same postings traversal,
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except that instead of merely adding a document to the set of r esults for a
Boolean AND query, we now compute a score for each such document. Some
literature refers to the array scores[] above as a set of accumulators. The
reason for this will be clear as we consider more complex Bool ean functions
than the AND; thus we may assign a non-zero score to a document even if it
does not contain all query terms.

6.1.2 Learning weights

How do we determine the weights wi for weighted zone scoring? These
weights could be determined by an expert; but increasingly, these weights
are “learned” using training examples that have been judged editorially. This
latter methodology falls under a general class of approaches to scoring and
ranking in information retrieval, known as machine-learned relevance.MACHINE -LEARNED

RELEVANCE

1. We are provided with a set of training examples, each of which is a pair
consisting of a query and a document, together with a relevan ce judg-
ment for that document on that query. In the simplest form, th e relevance
judgments are Relevantor Irrelevant. More sophisticated implementations
of the methodology make use of more nuanced judgments

2. The weights wi are then “learned” from these examples, in order that the
learned scores approximate the given training examples.

For weighted zone scoring, the process may be viewed as learning a lin-
ear function of the Boolean match scores contributed by the v arious zones.
The expensive component of this methodology is the availabi lity of user-
generated relevance judgments from which to learn the weigh ts, especially
in a collection that changes frequently (such as the Web). We now detail a
simple example that illustrates how, we can reduce the probl em of learning
the weights wi to a simple optimization problem.

. Example 6.2: We consider a simple case of weighted zone scoring, where each
document has a title zone and abodyzone. Given a query q and a document d, we use
the given Boolean match function to compute Boolean variabl essT(d, q) and sB(d, q),
depending on whether the title (respectively, body) zone of d match query q. For
instance, the algorithm in Figure 6.4 uses an AND of the query terms for this Boolean
function. We will compute a score between 0 and 1 for each (document, query) pair
using sT(d, q) and sB(d, q) by using a constant w 2 [0, 1], as follows:

score(d, q) = w � sT(d, q) + ( 1 � w)sB(d, q).(6.2)

We now describe how to determine the constant w from a set of training examples,
each of which is a triple of the form F t = ( dt , qt , r(dt , qt )) . In each training example,
a given training document dt and a given training query qt are assessed by a human
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Example DocID Query sT sB Judgment
F 1 37 linux 1 1 Relevant
F 2 37 penguin 0 1 Irrelevant
F 3 238 system 0 1 Relevant
F 4 238 penguin 0 0 Irrelevant
F 5 1741 kernel 1 1 Relevant
F 6 2094 driver 0 1 Relevant
F 7 3191 driver 1 0 Irrelevant

I Figure 6.5 An illustration of training examples.

editor who delivers a relevance judgment r(dt , qt ) that is either Relevantor Irrelevant.
This is illustrated in Figure 6.5, where seven training exam ples are shown.

For each training example F t we have Boolean valuessT(dt , qt ) and sB(dt , qt ) that
we use to compute a score from (6.2)

score(dt , qt ) = w � sT(dt , qt ) + ( 1 � w)sB(dt , qt ).(6.3)

We now compare this computed score to the human relevance jud gment for the same
document-query pair (dt , qt ); to this end, we will quantize each Relevantjudgment
as a 1 and eachIrrelevant judgment as a 0. Suppose that we de�ne the error of the
scoring function with weight w as

#(w, F t ) = ( r(dt , qt ) � score(dt , qt ))2,

where we have quantized the editorial relevance judgment to 0 or 1. Then, the total
error of a set of training examples is given by

å
F t

#(w, F t ).(6.4)

The problem of learning the constant w from the given training examples then re-
duces to picking the value of w that minimizes the total error in (6.4).

Picking the best value of w in (6.4) in the formulation of Example 6.2 re-
duces to the problem of minimizing a quadratic function of w over the inter-
val [0, 1]. This reduction is detailed in Exercise 6.5.

Exercise 6.1

When using weighted zone scoring, is it necessary for all zon es to use the same
Boolean match function?

Exercise 6.2

In Worked Example 6.1 above with weights w1 = 0.2,w2 = 0.31 andw3 = 0.49, what
are all the distinct score values a document may get?

Exercise 6.3

Rewrite the algorithm in Figure 6.4 to the case of more than tw o query terms.
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Exercise 6.4

Write pseudocode for the function WeightedZone for the case of two postings lists in
Figure 6.4.

Exercise 6.5

1. Show that for any training example F t for which sT(dt , qt ) = 0 and sB(dt , qt ) = 1,
the score computed by (6.2) is 1� w. In similar fashion, write down the score com-
puted by (6.2) for the three other possible combinations of sT(dt , qt ) and sB(dt , qt ).

2. Let n01r (respectively, n01i) denote the number of training examples for which
sT(dt , qt ) = 0 and sB(dt , qt ) = 1 and the editorial judgment is Relevant(respec-
tively, Irrelevant). Write down the contribution to the total error in (6.4) fro m
training examples for which sT(dt , qt ) = 0 and sB(dt , qt ) = 1.

3. By writing in similar fashion the error contributions fro m training examples of the
other three values of sT(dt , qt ) and sB(dt , qt ), show that the overall error has the
form

(n01r + n10i )w2 + ( n10r + n01i )(1 � w)2 + C,

where C is a term that depends on the number of training examples but n ot on w.

4. By differentiating this, show that the optimal value of w is

n10r + n01i

n10r + n10i + n01r + n01i
.(6.5)

5. Why does the expression for w in (6.5) not involve training examples in which
sT(dt , qt ) and sB(dt , qt ) have the same value?

Exercise 6.6

Apply Equation 6.5 to the sample training set in Figure 6.5 to estimate the best value
of w for this sample.

Exercise 6.7

For the value of w estimated in Exercise 6.6, compute the weighted zone score for each
(query, document) example. How do these scores relate to the relevance judgments
(quantized to 0/1)?

6.2 Term frequency and weighting

Thus far, scoring has hinged on whether or not a query term is p resent in a
zone within a document. We take the next logical step: a docum ent or zone
that mentions a query term more often has more to do with that q uery and
therefore should receive a higher score. To motivate this we introduce the
notion of a free text query: a query in which the terms of the query are typedFREE TEXT QUERY

freeform into the search interface, without any connecting search operators
(such as Boolean operators). This query style, which is extremely popular on
the web, views the query as simply a set of terms. A plausible s coring mech-
anism then is to compute a score that is the sum, over the query terms, of the
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match scores between each term and the document. How do we determine
such a match score between a query term and each document?

To this end, we assign to each term in a document a weight for that term,
that depends on the number of occurrences of the term in the do cument.
The simplest approach is to assign the weight to be equal to th e number of
occurrences of the term t in document d. This weighting scheme is referred
to asterm frequencyand is denoted tf t,d, with the subscripts denoting the termTERM FREQUENCY

and the document in order.
For a document d, the set of weights (determined by the tf weighting func-

tion above, or indeed any weighting function that maps the nu mber of occur-
rences of t in d to a positive real value) may be viewed as a vector, with one
component for each distinct term. In this view of a document, known in the
literature as the bag of words model, the exact ordering of the terms in a doc-BAG OF WORDS

ument is ignored. The vector view only retains information o n the number
of occurrences. Thus, the document “Mary is quicker than Joh n” is, in this
view, identical to the document “John is quicker than Mary”. Nevertheless,
it seems intuitive that two documents with similar vector re presentations are
similar in content. We will develop this intuition further i n Chapter 7. Before
doing so we �rst study the question: are all words in a documen t equally
important? Clearly not; in Section 2.2.2 (page 23) we looked at the idea of
stop words– words that we decide not to index at all, and therefore do not
contribute in any way to retrieval and scoring.

6.2.1 Inverse document frequency

Raw term frequency as above suffers from a critical problem: all terms are
considered equally important when it comes to assessing rel evancy on a
query. In fact, as discussed in Chapter 5, certain terms have little or no dis-
criminating power in determining relevance. For instance, a collection of
documents on the insurance industry is likely to have the ter m insurance in
almost every document. To this end, we introduce a mechanism for attenuat-
ing the effect of terms that occur too often in the collection to be meaningful
for relevance determination. An immediate idea is to scale d own the term
weights of terms with high collection frequency,de�ned to be the total num-
ber of occurrences of a term in the collection. The idea would be to reduce
the tf weight of a term by a factor that grows with its collecti on frequency.

Instead, it is more commonplace to use for this purpose the document fre-
quencydf t , de�ned to be the number of documents in the collection that
contain a term t. The reason to prefer df to cf is illustrated in Figure 6.6,
where a simple example shows that collection frequency (cf) and document
frequency (df) can behave rather differently. In particula r, the cf values for
both try and insurance are roughly equal, but their df values differ signi�-
cantly. Intuitively, we want the few documents that contain insurance to get
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Word cf df
try 10422 8760
insurance 10440 3997

I Figure 6.6 Collection frequency (cf) and document frequency (df) beha ve differ-
ently.

term df t idf t
car 18,165 1.65
auto 6723 2.08
insurance 19,241 1.62
best 25,235 1.5

I Figure 6.7 Example of idf values. Here we give the idf's of terms with var ious
frequencies in the Reuters collection of 806,791 documents.

a higher boost for a query on insurance than the many documents containing
try get from a query on try.

How is the document frequency df of a term used to scale its wei ght? De-
noting as usual the total number of documents in a collection by N, we de�ne
the inverse document frequency(idf) of a term t as follows:INVERSE DOCUMENT

FREQUENCY

idf t = log
N
df t

.(6.6)

Thus the idf of a rare term is high, whereas the idf of a frequen t term is
likely to be low. Figure 6.7 gives an example of idf's in the Re uters collection
of 806,791 documents; in this example logarithms are to the base 10. In fact,
as we will see in Exercise 6.12, the precise base of the logarithm is not material
to ranking.

Exercise 6.8

Why is the idf of a term always �nite?

Exercise 6.9

What is the idf of a term that occurs in every document? Compar e this with the use
of stop word lists.

Exercise 6.10

Consider the table of term frequencies for 3 documents denoted Doc1, Doc2, Doc3 in
Figure 6.8. Compute the tf-idf weights for the terms car, auto, insurance, best, for each
document.
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Doc1 Doc2 Doc3
car 27 4 24
auto 3 33 0
insurance 0 33 29
best 14 0 17

I Figure 6.8 Table of tf values for Exercise 6.10.

6.2.2 Tf-idf weighting

We now combine the above expressions for term frequency and i nverse doc-
ument frequency, to produce a composite weight for each term in each doc-
ument. The tf-idf weighting scheme assigns to term t a weight in document
d given by

tf-idf t,d = tf t,d � idf t .(6.7)

In other words, tf-idf t,d assigns to term t a weight in document d that is

1. highest when t occurs many times within a small number of documents
(thus lending high discriminating power to those documents );

2. lower when the term occurs fewer times in a document, or occ urs in many
documents (thus offering a less pronounced relevance signal);

3. lowest when the term occurs in virtually all documents.

At this point, we may view each document as a vectorwith one componentDOCUMENT VECTOR

corresponding to each term in the dictionary, together with a weight for each
component that is given by (6.7). For dictionary terms that d o not occur in
a document, this weight is zero. This vector form will prove t o be crucial to
scoring and ranking; we will develop these ideas in Chapter 7 . As a �rst step,
we introduce the overlap score measure: the score of a document d is the sum,
over all query terms, of the number of times each of the query t erms occurs
in d. We can re�ne this idea so that we add up not the number of occur rences
of each query term t in d, but instead the tf-idf weight of each term in d.

Score(q, d) = å
t2 q

tf-idf t,d.(6.8)

Exercise 6.11
Can the tf-idf weight of a term in a document exceed 1?

Exercise 6.12
How does the base of the logarithm in (6.6) affect the score calculation in (6.8)? How
does the base of the logarithm affect the relative scores of two documents on a given
query?
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Exercise 6.13

If the logarithm in (6.6) is computed base 2, suggest a simple approximation to the idf
of a term.

6.3 Variants in tf-idf functions

A number of alternatives to tf and tf-idf have been considere d; we discuss
some of the principal ones here; a more complete development is deferred to
Chapter 11.

6.3.1 Sublinear tf scaling

It seems unlikely that twenty occurrences of a term in a docum ent truly carry
twenty times the signi�cance of a single occurrence. Accord ingly, there has
been considerable research into variants of term frequency that go beyond
counting the number of occurrences of a term. A common modi�c ation is
to use instead the logarithm of the term frequency, which ass igns a weight
given by

wf t,d =
�

1 + log tf t,d if tf t,d > 0
0 otherwise

.(6.9)

In this form, we may replace tf by some other function wf as in ( 6.9), to
obtain:

wf-idf t,d = wf t,d � idf t .(6.10)

Equation (6.8) can then be modi�ed by replacing tf-idf by wf- idf as de�ned
in (6.10). Indeed, we may choose to use any weighting functio n we want;
below we discuss several choices.

6.3.2 Maximum tf normalization

One well-studied technique is to normalize the tf weights of all terms occur-
ring in a document by the maximum tf in that document. For each document
d, let tfmax(d) = maxt 2 d tf t ,d, where t ranges over all terms in d. Then, we
compute a normalized term frequency for each term t in document d by

ntf t,d = a+ ( 1 � a)
tf t,d

tfmax(d)
,(6.11)

where a is a value between 0 and 1 and is generally set to 0.5. The terma in
(6.11) is asmoothingterm whose role is to damp the contribution of the secondSMOOTHING

term – which may be viewed as a scaling down of tf by the largest tf value
in d. We will encounter smoothing further in Chapter 13 when disc ussing
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classi�cation; but the basic idea is to avoid a large swing in ntf t,d from modest
changes in tft,d (say from 1 to 2). The main idea of maximum tf normalization
is to mitigate the following anomaly: we observe higher term frequencies
in longer documents, merely because longer documents tend to repeat the
same words over and over again. To appreciate this, consider the following
extreme example: supposed we were to take a document d and create a new
document d0 by simply appending a copy of d to itself. While d0 should be
no more relevant to any query than d is, the use of (6.8) would assign it twice
as high a score asd. Replacing tf-idf t,d in (6.8) by ntf-idf t,d eliminates the
anomaly in this example. Maximum tf nomalization does suffe r from the
following issues:

1. A document may contain an outlier term with an unusually la rge num-
ber of occurrences of that term, not representative of the content of that
document.

2. More generally, a document in which the most frequent term appears
roughly as often as many other terms should be treated differ ently from
one with a more skewed distribution.

6.3.3 Document length and Euclidean normalization

The above discussion of weighting ignores the length of docu ments in com-
puting term weights. However, document lengths are materia l to these weights,
for several reasons. First, longer documents will – as a result of containing
more terms – have higher tf values. Second, longer documents contain more
distinct terms. These factors conspire to raise the scores of longer documents,
which (at least for some information needs) is unnatural. Lo nger terms can
broadly be lumped into two categories: (1) verbosedocuments that essentially
repeat the same content – in these, the length of the document does not al-
ter the relative weights of different terms; (2) documents c overing multiple
different topics, in which the search terms probably match s mall segments of
the document but not all of it – in this case, the relative weig hts of terms are
quite different from a single short document that matches th e query terms.
We will give a more nuanced treatment of compensating for doc ument length
in Section 7.1.3.

Instead of normalizing term frequencies or tf-idf weights u sing the largest
tf or tf-idf, as in (6.11), one common form of normalization i s Euclidean nor-EUCLIDEAN

NORMALIZATION malization, de�ned as follows; sometimes Euclidean normalization is u sed
over and above weighting techniques such as maximum tf norma lization.
Let w1, . . . ,wN be the weights of a term in a document. These weights could
be tf, tf-idf or a variant such as those in Sections 6.3.1-6.3.2. Then Euclidean
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Doc1 Doc2 Doc3
car 0.88 0.09 0.58
auto 0.10 0.71 0
insurance 0 0.71 0.70
best 0.46 0 0.41

I Figure 6.9 Euclidean normalized tf values for documents in Figure 6.8.

normalization divides each of the weights w1, . . . ,wN by the common de-

nominator
q

w2
1 + . . .+ w2

N .

. Example 6.3: Consider the documents in Figure 6.8. We now apply Euclidean
normalization to the tf values from the table, for each of the three documents in the

table. The quantity
q

w2
1 + . . .+ w2

N has the values 30.56, 46.84 and 41.30 respectively
for Doc1, Doc2 and Doc3. The resulting Euclidean normalized tf values for these
documents are shown in Figure 6.9.

Consider again the overlap score measure of (6.8); we may apply it to the
Euclidean normalized tf weights. This has the effect of “nor malizing” the
contributions of long documents in which the same content (a nd therefore
terms) are repeated. Consider again a document d0created by taking a doc-
ument d and appending it to itself. Then, the Euclidean normalized w eight
of any term is the same in d as well as d0; consequently, the overlap score for
any query is the same for d and d0.

6.3.4 Scoring from term weights

We now put together the ideas from the preceding sections to c omplete our
picture of scoring using weights derived from term frequenc y. The overlap
measure of (6.8) is an unweighted sum over query terms of the t erm weights.
We may in fact weight the terms in the query as well, using subl inear tf scal-
ing, idf, normalization, or any combination thereof. We the n write (6.8) in
the following weighted form:

Score(q, d) = å
t2 q

w t,q � w t,d,(6.12)

where w t,q and w t,d are respectively the weights of term t in the query q and
in document d.

. Example 6.4: We now consider the query best car insurance on a �ctitious corpus
with N = 1,000,000 documents where the document frequencies ofauto, best, car and
insurance are respectively 5000, 50000, 10000 and 1000.
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term query document product
tf df idf w t,q tf wf w t,d

auto 0 5000 2.3 0 1 1 0.52 0
best 1 50000 1.3 1.3 0 0 0 0
car 1 10000 2.0 2.0 1 1 0.52 1.04
insurance 1 1000 3.0 3.0 2 1.3 0.68 2.04

In this example the weight of a term in the query is simply the i df; this is re�ected in
the column header w t,q (the entry for auto is zero because the query does not contain
the termauto). For documents, we use logarithmic tf scaling as in (6.9), w ith no use
of idf but with Euclidean normalization. The former is shown under the column
headed wf, while the latter is shown under the column headed w t,d. Invoking (6.12)
now gives a net score of 0+ 0 + 1.04+ 2.04= 3.08.

Exercise 6.14

Recall the tf-idf weights computed in Exercise 6.10. Comput e the Euclidean nor-
malized document vectors for each of the documents, where each vector has four
components, one for each of the four terms.

Exercise 6.15

Verify that the sum of the squares of the components of each of the document vectors
in Exercise 6.14 is 1 (to within rounding error). Why is this t he case?

Exercise 6.16

With term weights as computed in Exercise 6.14, rank the thre e documents by com-
puted score for the query car insurance, for each of the following cases of term weight-
ing in the query:

1. The weight of a term is 1 if present in the query, 0 otherwise .

2. Euclidean normalized idf.

References and further reading

Chapter 7 develops the idea of the document vector developed in this chap-
ter, leading to ef�cient mechanisms for computing and manip ulating scores
derived from term weight. Probabilistic language models (C hapter 11) de-
velop weighting techniques that are more nuanced than tf-id f; the reader will
�nd this development in Section 11.4.2. Luhn (1957; 1958) describes some of
the earliest reported applications of term weighting. His p aper dwells on the
importance of medium frequency terms (terms that are neithe r too common-
place nor too rare) and may be thought of as anticipating tf-i df and related
weighting schemes. Spärck Jones (1972) builds on this intuition through de-
tailed experiments showing the use of inverse document freq uency in term
weighting. A series of extensions and theoretical justi�ca tions of idf are due
to Salton and Buckley (1996) Robertson and Spärck Jones (1976a), Robert-
son and Spärck Jones (1976b), Croft and Harper (1979) and Papineni (2001).
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Robertson maintains a web page (http://www.soi.city.ac.uk/˜ ser/idf.html) contain-
ing the history of idf, including soft copies of early papers that predated
electronic versions of journal article.

We observed that by assigning a weight for each term in a docum ent, a
document may be viewed as a vector of term weights, one for each term
in the collection. The SMART information retrieval system a t Cornell (Salton
1971b) due to Salton and colleagues was perhaps the �rst to view a document
as a vector of weights. We will develop this view further in Ch apter 7.

Pioneering work on learning of ranking functions was done by Fuhr (1989),
Fuhr and Pfeifer (1994), Cooper et al. (1994) and by Cohen et al. (1998).


