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Abstract

The document-length normalization problem has been
widely studied in the field of Information Retrieval. The
Cosine Normalization [2], the Maximum tf Normalization
[1] and the Byte Length Normalization [12] are the most
commonly used normalization techniques. In [14], authors
studied the retrieval probability of documents w.r.t. their
size, using different similarity measures. They have shown
that none of existing measures retrieve the documents of dif-
ferent lengths with the same probability. We first show here
that the document and query sizes are indeed very influent
on the similarity score expectation. Therefore, we propose
to realize a statistical regression of the similarity scores dis-
tribution w.r.t. document and query sizes in order to normal-
ize them. Experimental results appear to indicate that our
approach, as well in the field of classical Information Re-
trieval as when applied to a document clustering process,
allows to judge similarities really more fairly.

1 Introduction

An Information Retrieval system typically returns, as re-
sponse to a user’s query, a ranked list of documents [16]. In
order to build this list, the probability, for each document, of
being relevant for the request, has to be estimated. Several
measures have then been proposed to compute the similar-
ity between documents and queries [19]. Most of them rely
on the vectorial model [2], on the probabilistic model [12]
or on simple co-occurrence of terms. Term! weighting is an
important aspect of these models since every terms have not
the same importance in a document. Three main factors af-
fect the weight of a term in a text: the term frequency factor
(tf), the inverse document frequency factor (idf) and the
document length normalization [13]. Whereas the ¢ f factor
corresponds to the number of occurences of a term within

ITerms are indexing units used to identify the topics of a text. In this
paper, units used are meaningful words of the texts, after having removed
the stop words and applied a stemming process [11].

the text, the idf factor renders its ability of discrimination.
Since longer documents contain more terms, their probabil-
ity to contain query’s terms is higher. Same manner, the
terms of these documents may more probably be repeated
several times, query’s terms are thus likely to have a better
frequency in the text. Document length normalization aims
to reduce the advantage of that long documents.

The document-length normalization problem has been
widely studied in the litterature. The Cosine Normaliza-
tion [2], the Maximum tf Normalization [1] and the Byte
Length Normalization [12] are the most commonly used
normalization techniques. In [14], authors have studied the
probability of retrieval of each document w.r.t. its size, us-
ing the three similarity measures which have obtained the
best results in TREC-3 [6]. They have shown that none of
these measures retrieve documents of different lengths with
a same probability. Assuming that longer documents have
more chances to be relevant, they have proposed a new nor-
malization technique, called the Pivoted Document Length
Normalization. An investigation of the assumption realized
led us to search for a new normalization function that relies
on a statistical regression of the similarity scores distribu-
tion w.r.t. document and query sizes.

Document collections used for our experiments are de-
scribed in Section 2. Section 3 presents some similarity
measures and Section 4 investigates the Pivoted Document
Length Normalization proposed in [14]. Then, Section 5
addresses the adaptation of the retrieval probability to the
relevance probability and proposes a new evaluation mea-
sure of the effectiveness of retrieval systems that considers
the length of retrieved documents. A study of similarity
scores is realized in Section 6 and our normalization tech-
nique is proposed in Section 7. Finally, this normalization
is applied to compute inter-text similarities in Section 8, by
studying its impact in the field of document clustering.

2 Document Collections

Four document collections taken from the TREC cor-
puses were used in the experiments. The ZIFF corpus in-



cludes computer science articles copyrighted by Ziff-Davis
Publishing Company, FR whole issues of the Federal Regis-
ter, and AP and WSIJ full articles from the Associated Press
and the Wall Street Journal respectively. Table 1 presents

Document collection ZIFF AP WSJ FR
Number of documents 75180 | 84510 | 98732 | 25960
Mean number of terms per document 297 217 204 927
Mean number of unique terms per document 139 144 128 244
Mean number of terms of the 1000 shortest documents 19 14 11 49
Mean number of terms of the 1000 longest documents 7915 512 1235 | 11304
Mean number of unique terms of the 1000 shortest documents 14 13 12 35
Mean number of unique terms of the 1000 longest documents 1503 323 623 1392
Mean relevant documents per query 54.06 | 40.44 | 54.26 | 19.32

Table 1. Statistics of the collections

the statistics of these corpuses. The number of unique terms
is obtained by keeping a single occurence of each term in
each document. The same set of queries, the topics 1-50 of
TREC, is used for each corpus. It should be noted that each
corpus owns a great variety of document sizes. Whereas the
FR corpus contains a lot of very long documents, WSJ and
AP collections contain rather short ones. The ZIFF corpus
presents the greatest heterogeneity.

3 Main Similarity Measures

In this section, we describe the three retrieval systems
that have obtained the best results in TREC-3,i.e., Cornell’s
Smart [13], Okapi [12] and Inquery [1]. These statistical
systems rely on a ¢ f©idf term weighting scheme. Smart is
based on a classical vectorial model [2] where documents
are encoded in vectors of weights w.r.t. the set of their
meaningful terms and the similarity of a document with a
query is computed by a cosine measure. Inquery relies on
the inference network model and uses a probabilistic tech-
nique to determine the term weights. Okapi uses an approx-
imation of the 2-Poisson model to evaluate the importance
of a term in a document. In [14], authors established ap-
proximations of Okapi [12] and Inquery [1] in order to tran-
pose them into a vectorial model, allowing then a unique
similarity computation for the three measures:

T

> Wp, x W, 1)
=1

Sim(D, Q) =

where T is the number of meaningful terms and Wp, and
W, the weights of the term 7 in the document and the query
respectively. In the following, ¢ f; represents the term fre-
quency of the ith term in the document/query text, N the
total number of documents in the collection, n; the num-
ber of documents containing the term ¢, max;y the maxi-
mum term frequency within the document, and d! and avdl
the document length (in bytes) and its average respectively.
According to the measure, Wp, and W, correspond to:

Smart:
Wp, = ey ,wD 71+]0g(tf1)

E
Wq, = \/ = wgq, = (1 +1log (tf;)) x log =
e
Okapi:
Wp, = (tfi x log (A222)) /(2 x (0.25 4 0.75 x 295) + 1 i)
Wq, =tfi
Inquery:
N
Wp, = 0.4+ 20280 o (0.4 x H + foeetin )
with H = 1.04f maxyy <25, H = asiy otherwise
Wao, =tfi

The effectiveness of the similarity measures is evaluated
w.r.t. their ability to rank the relevant documents at the top
of the list of documents retrieved. Two criteria, based on
the classical precision measure Prec, which computes the
ratio of relevant documents within the set of the n first doc-
uments retrieved, are used to assess this ability: the mean
average precision, M AP, which realizes the average of the
precisions computed after each relevant document of the
list, and the precision at rank 100, P@Q100, which computes
the precision after 100 documents retrieved. Table 2 gives

Smart Okapi Inquery
Title Narrative Title Narrative Title Narrative
MAP | P@100 | MAP | P@I00 | MAP | P@100 | MAP | P@100 | MAP | P@I00 MAP | P@100
ZIFF 0.176 | 0.123 [ 0315] 0209 | 0.187 | 0.140 | 0.309 | 0227 | 0.137 | 0.115 0.111 | 0.127
AP 0.150 | 0.098 |0.330 | 0209 | 0.175 | 0.114 | 0.328 | 0.208 | 0.158 | 0.105 0.251 | 0.163
WSJ 0.151 | 0.128 [ 0.383 | 0275 | 0.215 | 0.158 | 0405 | 0278 | 0.187 [ 0.153  0.260 | 0.193
FR 0.129 | 0.044 [0303 ] 0.119 | 0.149 | 0.062 [ 0312 0.109 | 0.137 [ 0.044 0128 | 0.061

Classical
Measures

Table 2. Effectiveness of the measures

the average of the results obtained w.r.t. to these two cri-
teria over each corpus with the set of queries mentionned
in Section 2. In this table, Title refers to experiments real-
ized by only using title (keywords) of queries (an average
of 2.95 meaningful terms by query, 2.95 unique terms) and
Narrative to results obtained with the full narrative descrip-
tion of queries (an average of 88.08 meaningful terms by
query, 52.6 unique terms)”. The results obtained show, as it
is the case in TREC-3 [6], the dominance of Okapi when us-
ing the titles of the queries. Nevertheless, the effectiveness
of Smart appears to really increase with longer queries. On
the other hand, Inquery seems to be only suited to retrieve
documents as response to short queries.

4 Adapting Retrieval Probability w.r.t. Rele-
vance Probability

In [14], authors have proposed to sort documents in a
collection w.r.t. their length and to divide them into bins in
order to compare the probabilities of retrieval and relevance
of documents w.r.t. to their size (their number of mean-
ingful terms). In this way, the 75000 shortest documents
of the ZIFF corpus have been divided into 84 bins of 1000

2Title and Narrative correspond to fields names of the TREC’s topics.



documents. Same manner as in [14], we have studied the
distribution, over the created bins, of the first 1000 docu-
ments retrieved, with each similarity measure, for each of
the 44 queries having relevant documents in the ZIFF cor-
pus. The retrieval probability of documents of a given bin is
computed by dividing the number of documents of that bin
figuring in the lists of the first 1000 documents retrieved as
response to each query by the total number of documents
retrieved (44000 documents).

The probability of finding a relevant document of a given
length is estimated by the number of documents in each bin,
being relevant for each of the 44 queries, divided by the total
number of relevant documents (2703 documents).

Figure 1 plots the distribution of retrieval and relevance
probabilities w.r.t. to the bin lengths®. Curves of the graph
on the left have been obtained by using Title queries and
curves of the graph on the right by using the Narrative
queries. These graphs first highlight that long documents

Title Narrative
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Figure 1. Retrieval/Relevance probabilities

are more frequently relevant than short ones. In [14], au-
thors claimed that the better effectiveness of Okapi is in-
duced by a better fit of the retrieval probability of docu-
ments of a given length with the probability of finding a
relevant document of that length. With the Smart measure,
the retrieval probability is greater than the relevance prob-
ability for short documents and lower for long ones when
considering title queries. [14] thus proposed to modify this
measure in order to lower the retrieval probability of short
documents and to increase it for long ones. The basic idea
is consequently to pivot and tilt the normalization factor of
the document term weights used in the Smart system. In that
way, a pivot point and a slope degree are chosen to compute
the new document term weights:

Wp, = oD —©

i (1 — slope) x pivot + slope x \/ZJ-Tzl wd
J

In [14], authors suggest to set the pivot equal to the aver-
age of the old normalization factor (\/ m) computed
over every documents of the corpus. They realized experi-
ments to fix an optimal value for the slope. After training,

this slope is set to 0.2. Nervetheless, in [4], experiments

3The length of a bin corresponds to the average length of its documents.

have shown that the size of the query influences the op-
timal slope. The graph on the right of Figure 1 confirms
this observation since curves are different from those ob-
tained when considering only the title of the queries. In [4],
authors have therefore studied the evolution of the optimal
slope w.r.t. the size of the query and determined an equation
to estimate it: slope = 0.0921 x log(QL) + 0.0658, with
QL being the number of unique terms of the query. Table 4

Pivoted Title Narrative
Smart | MAP | P@100 | MAP | P@100
ZIFF | 0.159 | 0.166 | 0.301 | 0.227

AP 0.174 | 0.117 | 0.344 | 0.220
WSJ 0.223 | 0.165 | 0.408 | 0.278
FR 0.173 | 0.060 | 0.307 | 0.090

Table 3. Pivoted Smart results

presents the results obtained with the pivoted normalization
applied to the Smart measure, using this estimated slope.
According to these results, the pivoted normalization allows
to widely improve the Smart results.

5 Why Are Longer Documents More Fre-
quently Relevant?

In [14], authors claimed that longer documents are more
useful for the user than short ones since they correspond
to a greater number of queries. The fact that long docu-
ments are more often relevant than short ones appears to
be valid (see Figure 1). It could be explained by the fact
that longer documents are related to more topics. Nerver-
theless, it cannot render the utilisability of such documents
by the user. Indeed, the skimming of the information in
long documents is more difficult and implies to furnish a
more important cognitive effort to find the interesting in-
formation. In TREC, the judgements of relevance realized
are binary, a document is judged relevant or not and there
is no available information about the relevance degree. Rel-
evant judged documents are thus as likely to be interesting
for the information needs of the user, independently of their
size. For Jacobs [7], users prefer direct answers to queries
rather than long texts containing relevant information. A
short relevant document may thus be really more interest-
ing for the user than a long one in which information has
to be extracted. Moreover, with a normalization technique
that favors long documents, such as the pivoted normaliza-
tion [14], the non-relevant documents retrieved are likely
to be longer too. Consequently, the identification of these
documents to brush aside them is more difficult.

On another hand, the fact of favoring long documents
relies on the assumption that long documents containing in-
teresting passages may not be ranked at the top of the list
since being likely to contain some supplementary informa-
tion. Passage Retrieval approaches (see for example [8])



address this problem by ranking documents w.r.t. the simi-
larity of their passages or thematic segments with the query.
With such approaches, the fact that relevant information is
surrounded by parts of text deviating from the interesting
topic does not penalize the document containing it. Nev-
ertheless, in the context of classical Information Retrieval,
we believe that favoring long documents on the base they
may contain hypothetical relevant information risks to in-
duce some biases. This indeed may favor some long doc-
uments in which query’s terms figure but in scattered way,
rendering not the presence of relevant information.

At last, the TREC conference uses a pooling method to
determine relevant documents [10]. The first documents re-
trieved by each participant system are examined to assess
their relevance potential. Some relevant documents may
thus not have been identified. Zobel estimated the total
number of relevant documents of the collection in [18], by
extrapolating the difference between the numbers of rele-
vant documents identified in the k and k + 1 first docu-
ments retrieved by the participant systems. If the participant
systems of the pooling process favor the long documents,
long relevant documents have more chances to be identi-
fied. This bias could somewhat explain the greater number
of long relevant documents. Studying the distribution of rel-
evant documents, in such a corpus, w.r.t. to their length to
establish a new normalization function, as it is the case for
the pivoted normalization, may lead to favor again slightly
more long documents, which increases the bias existing in
the corpus, and so on. Using the extrapolation method [18]
over each bin separatly may allow to solve this problem.

In a more general way, we believe that the fact of fa-
voring long documents is not a good solution to retrieve
useful documents as reponse to a user’s query. Neverthe-
less, measures adopting such an approach are likely to ob-
tain better effectiveness results. We thus propose to subti-
tute a notion of precision of retrieved terms 71 Prec for the
precision of retrieved documents Prec usually used. The
term precision computes the ratio of terms belonging to rel-
evant documents within the set of terms contained by the
n first retrieved documents. Using this new precision cri-
terion may reduce the better evaluation results obtained by
systems favoring long documents. It better renders the ratio
of gain/cost, the interesting information collected w.r.t. the
effort furnished by the user to find it. The effectiveness of
each method is reevaluated in Table 4 by using the mean
average term precision, M AT P, and the term precision at
rank 100, 7'P@100, computed same manner as in Section
3 but using this new term precision 7' Prec. This measure
limits the bias induced by the fact that longer documents are
more likely to be relevant. For example, better results ob-
tained by Pivoted Smart are really minored when using the
term precision criterion. However, measures that favor long
documents being likely to retrieve more and longer relevant

Title Narrative Title Narrative

Smart | ATP [ TP@100 | MATP | TP@I00 Okapi | NiATP [ TP@100 | MATP | TP@I00
ZIFF | 0210 | 0149 | 0379 | 0264 ZIFF | 0225 | 0179 | 0347 | 0292
AP | 0076 | 0.021 | 0355 | 0227 AP | 0.182 | 0.126 | 0335 | 0214
WSJ_ | 0203 | _0.190 | 0429 | 032 WSJI_ | 0239 | 0.190 | 0417 | 0.286
FR__ | 0.175 | 0087 | 0384 | 0.168 FR__| 0.174 | 0080 | 0331 | 0.2

Inquery Title Narrative Pivoted Title Narrative

MATP | TP@I00 | MATP | TP@100 Smart [ MATP | TP@I00 | MATP | TP@I00
ZIFF | 0.124 | 0.117 | 0.081 | 0.104 ZIFF | 0.138 | 0.153 | 0294 | 0204
AP | 0.158 | 0.105 | 0237 | 0.143 AP | 0172 | 0.116 | 0346 | 0216
WSJ_| 0184 | 0.147 | 0221 | 0.142 WSI_ | 0220 | 0.157 | 0.406 | 0.268
FR_| 0.181 | 0070 | 0.068 | 0034 FR__| 0.116 | 0042 | 0299 | 0074

Table 4. Term precision results

documents, such measures may still be slightly favored.

6 A Study of the Similarity Scores

We propose, in this section, to study the similarity scores
of the measures rather than the probabilities of retrieval of
the documents. Our purpose is not only to study the impact
of the document length on the mathematical expectation of
similarity but to assess the influence of the query size too.
So, we cannot use the restricted set of queries of TREC.
Therefore, we prefered to study the similarities of docu-
ments with artificial queries in order to work with a suffi-
ciently significant and heterogeneous set. For each query
size between 1 and 200 terms varying by a step of 5 terms,
queries are produced by taking each term for a same query
in a randomly chosen document containing more than 300
words*. We focus on the average of the similarity scores
of documents of a same bin, containing at least one term
in common with the query’, w.r.t. different sizes of query.
The average similarity of documents of a same bin is com-
puted for each produced query. Figure 2 plots the mean sim-
ilarity for each bin (of documents of the ZIFF corpus) and
four query sizes QL (1, 10, 50 and 200 meaningful terms)
w.r.t. the three measures presented in Section 3°, each point
corresponding to the average of scores obtained over 1000
artificial queries.

We first remark that no measure is fair w.r.t. document
and query length. The query size is very influent on the ex-
pectation of document similarity. Indeed, for the Smart and
Okapi measures, short documents appear to obtain a better
average similarity score than long ones with short queries,
whereas with longer queries, the long documents appear to
have a great advantage. We could explain this inversion
of dominance by the fact that the advantage of short docu-

4Using only terms co-occuring in a document enables to produce rela-
tively coherent queries. Used documents contain more than 300 words in
order to produce queries with a sufficient variety of terms.

SDocuments having no term in common with the query have no chance
to be ranked at the top of the list and are thus not concerned by the normal-
ization. The fact that the number of short documents containing no query’s
terms is greater may bias the experiments if taken into account.

6Scores of Inquery and Okapi have been divided by 100 to be plotted
on the same graph than Smart scores.
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Figure 2. Similarity score tendencies

ments, i.e., a lower probability to contain terms figuring not
in the query, is exceeded by the advantage of longer ones,
i.e., a greater probability to contain query’s terms, when the
query size increases. With the third measure, i.e., Inquery,
the advantage of long documents is already greater when the
query contains few terms and is intensified when the query
size increases. Assuming that the expectation of similar-
ity is correlated to the retrieval probability, the observation
made in [4], i.e., that the slope of the pivoted normaliza-
tion should depend on the query size, appears to be con-
firmed. However, given the shape of the curves, it is clear
that the normalization cannot effectively be achieved by a
linear pivoting. Moreover, with extremely long queries, the
retrieval probability of longest documents exceeds their rel-
evance one. Contrarily to what is done in [4], their similar-
ity score should then be decreased.

A study of the maximal similarity score obtained within
each bin with each similarity measure for each produced
query has been realized same manner. The mean maximal
score curves follow roughly the same variations than the
mean average similarity ones given in Figure 2. The scal-
ing of the similarity scores appears then to be constant. A
modelization of the mean similarity Mean(DL, QL) w.r.t.
the document and query lengths, DL and @QL, could allow
us to determine a normalization of the similarity scores:

14 Sim(D,Q) — Mean(Dr,Qr)

NormSim(D, Q) = 2

3

Such a normalization would enable to adjust the similarity
of a document w.r.t. to its mathematical expectation rather
than simply give more weigth to the long documents as it is
the case in the pivoted normalization.

7 Normalization by Statistical Regression

This section aims to define the Mean(DL, QL) func-
tion mentionned above. This search of function is realized
by a statistical regression’ of the distribution of similarities
obtained in the experiments conducted in Section 6 w.r.t.
the Smart measure. After having determined variables and
coefficients of the model, we experiment its validity and its
impact on Information Retrieval results.

Statistical regression [17] is a way of describing how one
variable, the outcome, is numerically related to predictor
variables. A regression equation allows to express the rela-
tionship between variables algebraically by means of equa-
tion of the following type:

Yy=ap+a1 XTr1+az Xxr2+...+ap XTp 4)

where, y is the variable to be predicted, the outcome,
21 ...xp are the predictor variables and ag . ..a, are the
parameters, coefficients, of the equation.

The first step of the regression process is to determine
the variables of the model. In our case, the two lengths can-
not be considered independently as two predictor variables
since, given the results obtained previously, the document
length has not the same impact w.r.t. the different query
sizes. Face to the difficulty of finding directly a modeliza-
tion of the function w.r.t. the document and query sizes, we
have chosen to work with results obtained with the different
query sizes independently. So, we first aimed to obtain a set
of equations, one for each query size studied, modelizing
the expectation of similarity w.r.t. the document length.

The search of the best variables is realized by the maxi-

mization of a correlation coefficient RZQM \@s...,» Which ren-

ders the strength of the relationships of the p predictors with
the outcome y, within the whole set of N observations [17].
With two predictor variables, it is computed as:

R2 _ RZQJ»M + Ri,zz — 2Ry oy Ry,ay Ray s 5
Y,x1T2 2 5)
1= Rxl,m

where, IR, is the correlation coefficient of the two vari-
ables a and b, in fact the covariance of a and b divided by
the variance of a times the one of b.

Several sets of variables having been studied over the
four corpuses, we have selected the model that owns the
best correlation coefficients. It corresponds to the follow-
ing equation for a given query size QL, DL and QL cor-
responding to the number of unique meaningful terms con-

7Statistical regression in the field of Information Retrieval has already
been experimented in [5] but the point of view is different: contrarily to
our approach that aims to normalize existing measures w.r.t. text sizes,
the goal was to determine a new similarity function based on a learning of
relevance judgements, what correspond to measures, criticized in Section
5, which adapt their retrieval probability to the relevance one.



tained in the document and the query respectively®:
Meangr(DL) = ap + a1 x In(DL) + a2 x In(In(DL) + 1) (6)

Variables being determined, the point is to determine the
coefficients ag, a1 and as. This is done by the least square
method [3] which assumes that the best-fit curve is the one
having the minimal sum of squared deviations (least square
error) from a set of observed datas. In our problem, it comes
down to resolve the following system:

ao><n+a1><2x11+a2><2$2172yz

i=1 1=1 1=1
ag X Z$11+a1 X Z $1Z+a2>< 233113321*23311?!1
Zf i=1 zf
ag X Z:czz+a1 X Zx11x21+a2>< chQZ sz,iyi
i=1 =1 i=1 =0
7

where n is the number of observations used for the train-
ing of the parameters, y; the ith outcome observed and x4 ;
and x5 ; the values of both variables when considering the
ith observation. Figure 3 plots the parameters obtained over

Parameter Value
o

o 20 40 60 80 100 120 140
Query Length

Figure 3. Parameter values

the ZIFF corpus for the different Meangr(DL) functions
w.r.t. the query size used. A modelization of the evolu-
tion of these three coefficients has been realized to estab-
lish the final M ean(DL, QL) function that combines these
multiple funcions Meangr(DL). Using the whole set of
Meangr(DL) functions (41 functions for the 41 query
sizes studied between 1 and 201 meaningful terms), the re-
gression leads to the following equation:

Mean(DL,QL) =
(1.00586 + 0.18685 x In(QL) — 1.02757 x In(In(QL) + 1))
+1In(DL)x
(0.09036 + 0.02671 x In(QL) — 0.10388 x In(In(QL) + 1))
+1In(In(DL) + 1)x
(—0.77143 — 0.16194 x In(QL) + 0.803 x In(In(QL) + 1))
®)
Whereas the coefficient R2 1z, €valuates the relation-
ships between the variables, the coefficient R? »,5 computes

the correlation between observed and predlcted values:

( '_yz)

M

R 1 Non Explicated Variability
vy Total Variability

-= ©)
;(' v)?

8Experiments realized by using the total number of meaningful terms
have shown that the number of unique meaningful terms is better correlated
to the outcome.

where, N is the total number of observations realized and
y the average of the outcomes of this set. Comparing cal-
culated values with real ones, this coefficient includes the
parameters of the model in its evaluation. It then allows us
to assess the representativity of the training set. In the aim
to determine the size of the set of observations needed to ef-
fectively train the parameters of the model, different subsets
of the whole set of observations have been experimented. In
this way, we note T'(c, ) a training set of observations real-
ized on each bin of a corpus c for the x first query sizes. On
an other hand, the R2 coefficient allows us to assess the
portability of parameters trained on one corpus to others.

Mean(DL,QL)
ZIFF | AP | WSJ | FR
T(ZIFF,5) | 0.938 | 0.931 | 0.909 | 0.719
T(ZIFF,10) | 0.981 | 0.981 | 0.971 | 0.89
T(ZIFF,20) | 0.992 | 0.984 | 0.984 | 0.937 (WS.J,20) | 0.987 | 0.966 | 0.992 | 0.946
T(ZIFF,41) | 0.994 | 0.976 | 0.99 | 0.959 T (W S'/ 41) | 0.988 | 0.948 | 0.995 | 0.968
T(AP,5) 0.923 | 0.915 | 0.892 | 0.661 T(FR.5) 0.948 | 0.931 | 0.953 | 0.909
T(AP,10) 0.954 | 0.95 0.93 | 0.756 T(FR,10) | 0.971 [ 0.929 | 0.967 | 0.944
T(AP,20) [0.974 | 0.98 | 0.958 | 0.845 T(FR,20) | 0.977 | 0.897 | 0.951 | 0.982
T(AP,41) | 0.987 [ 0.993 | 0.977 | 0.913 T(FR,41) [0.972 ] 0.872 | 0.934 | 0.972

Mean(DL,QL)
ZIFF | AP | WSJ FR
0.948 | 0.949 | 0.931 | 0.859
0.976 | 0.969 | 0.975 | 0.909

2
RZ,

Table 5. Coefficients of correlation

A correlation greater than 0.8 is generally described as
strong, whereas a correlation less than 0.5 is generally de-
scribed as weak. Results of Table 5 show that the mod-
els are relatively robust since parameters computed w.r.t.
any whole set of observations appear to be well suited over
each other corpus. Nevertheless, the ZIFF corpus owning
a greater variety of document lengths (mean length of bins
comprised between 20 and 1600 unique terms), the model
trained on this corpus appears to be the most portable. On
the other hand, the training set does not need to contain
more than 20 query sizes, Ri’ ; being roughly the same for
larger subsets of observations. Therefore, if a training is
even needed, its cost is not very expensive.

Table 6 gives Information Retrieval results obtained by
the Smart measure normalized by statistical regression RS-
mart, using Equations 3 and 8. RSmart results are clearly

Title Narrative
MAP | P@100 | MATP | TP@100 | MAP | P@100 | MATP | TP@100
ZIFF | 0.192 | 0.146 | 0.225 0.180 0.306 | 0.207 | 0.371 0.271
AP 0.174 | 0.118 | 0.189 0.132 0.333 | 0.216 | 0.361 0.239
WSJ | 0.202 | 0.159 | 0.235 0.183 0.367 | 0.272 | 0.429 0.337
FR 0.154 | 0.061 0.198 0.093 0.234 | 0.106 | 0.335 0.177

Table 6. Normalized Smart results

better than Smart ones when using the title of the queries.
With the whole text of the query, long documents were fa-
vored by Smart and, given the fact that longer documents
have more chances to be relevant, this measure obtained re-
ally good results. Nevertheless, due to the fact that our nor-
malization allows relevant short documents to be retrieved,
our results are better in term of term precision. As discussed



in Section 5, we believe that measures favoring long docu-
ments, assuming that they have more chances to be relevant,
obtain good results for wrong reasons. The term precision
criterion limits this bias but we are convinced by the fact
that our results, already better than ones obtained by other
measures, would dominate them really more over corpuses
owning a uniform distribution of relevant documents.

An additional Student t-test’ has shown that the differ-
ences between our results and the best results obtained by
other measures are statistically significant with a 99% con-
fidence rate, all values being greater than the p-value 2.57.

8 Application to Inter-Text Similarities

Similarity measures, being not only employed in the field
of Information Retrieval, are also useful to compute the
proximity of documents or parts of texts, for example in
the fields of document clustering [15] or thematic text seg-
mentation [9]. Nevertheless, whereas the document length
normalization has widely been studied to compute the sim-
ilarity of documents with queries, it has, up to our knowl-
edge, not really been experimented when applied to inter-
text similarities yet. We then assess the validity of our nor-
malization when computing the similarity of two texts and
then study its impact on a clustering process of documents.

Smart being devoted to retrieve documents as response
to queries, its term weights have to be adapted to compute
similarities between documents. In that way, the similarity
Sim(DL, D'L) uses identical term weights for both docu-
ments DL and D'L: wp, = wp; = (1+log (tfi))xlog %
The statistical regression of the similarity distribution of this
new measure, realized same manner as in Sections 6 and 7,
leads to the following equation:

Mean(DL,D'L) =
(0.68296 + 0.13079 x In(D'L) — 0.70593 x In(In(D'L) + 1))
+In(DL) x
(0.05654 + 0.0164 x In(D’'L) — 0.06364 x In(In(D'L) + 1))
+In(In(DL) + 1) x
(—0.50831 — 0.10729 x In(D'L) + 0.52842 x In(In(D’'L) + 1))
10)

The point is now to determine whether this equation fits the
distribution of similarities between real documents. Then,
Figure 4 plots the mean similarity between documents of
different couples of bins of the corpus ZIFF. The correlation
coefficient R; 5 between estimated and observed values is
equal to 0.92. Equation 10 appears thus to be well suited
to describe inter-documents similarities. Nevertheless, due
to the training sets imperfections, Mean(DL, D'L) +#
Mean(D'L, DL) contrarily to what should have been ob-
served. To overcome this problem, the normalization func-

9The 99% Student t-test is based on the average, the standard deviation
and the cardinal of a set of runs. It aims to insure with a rate of confidence
of 99% that the difference in means of two sets is significant.
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Figure 4. Documents similarity tendencies

tion (Equation 3) becomes:
NormSim(D,D’") = % X
(1 + Sim(D,D") — (Mean(Dr, D} ) + Mean(D7,, Dr))/2)
(11)
Similarity expectation variations may lead a clustering pro-
cess to favor some groupings of documents only because
of their size. Therefore, a similarity normalization may in-
crease the clusters quality. Similarity scores being changed
by the normalization technique, it is not possible to assess
the clusters quality in term of intra and inter clusters mea-
sures. Therefore, we chose to assess the impact of the nor-
malization over the cluster hypothesis [15]. This hypothesis
states that relevant documents in response to user queries
tend to be more related than others and thus that the appli-
cation of a clustering technique on the first retrieved doc-
uments by a classical Information Retrieval system may
enable to obtain a cluster containing a great proportion of
relevant documents. In [15], authors claimed that the best
suited clustering algorithms are the hierarchic agglomera-
tive ones and that the best results may be obtained with the
Group Average Algorithm, where the distance between two
clusters depends on the average distance between their re-
spective documents. This algorithm has been run over the
100 first retrieved documents by Smart as response to each
Title query over each corpus. Clusters are evaluated by a
measure £ combining recall (Rec), proportion of relevant
documents that are contained by the cluster, and precision
(Prec), proportion of cluster’s documents that are relevant:
(8% + 1) x Prec x Rec
(8% x Prec) + Rec
where (3 determines the relative importance of the recall
w.r.t. the precision, = 1 allocating equal importance to
both measures, 3 = 2 attributing twice importance to recall

E=1- (12)




w.r.t. precision and 8 = 0.5 twice importance to precision
w.r.t. recall. The effectiveness of the clustering process is
evaluated by an ‘optimal cluster search’ [15], the search of
the best cluster that can be reached in the hierarchy w.r.t.
a specific query, which presents the advantage that it iso-
lates the cluster effectiveness from the bias introduced by
the search method employed. Table 7 reports then the best
(the least) E scores (w.r.t. 3) existing in the hierarchies built
w.r.t. original similarities (Sim) or normalized ones (Norm-
Sim). According to the results of Table 7, the normalization
appears to really increase the quality of the produced clus-
ters, since each score obtained with the normalized measure
is significantly lower than the corresponding one obtained
with the original measure.

Group Sim NormSim
Average | =05 | =1 | =2 |p=05| =1 ] =2
ZIFF 0.5511 | 0.6233 | 0.6324 | 0.5312 | 0.5908 | 0.6075

AP 0.5480 | 0.6280 | 0.6291 | 0.5264 | 0.6049 | 0.6124
WSJ 0.5966 | 0.6860 | 0.7005 | 0.5802 | 0.6527 | 0.6784

FR 0.4258 | 0.4932 | 0.5210 | 0.4203 | 0.4898 | 0.5156

Table 7. Quality of the optimal cluster

9 Conclusion

In this paper, we presented a new document length nor-
malization technique that relies on a statistical regression
of the similarity expectation w.r.t. documents and queries
sizes. Several existing normalization techniques assume
that long documents are more likely to be relevant and have
to be favored. We believe that such approaches, in spite of
their good results, are not good solutions for the Informa-
tion Retrieval problem, since short relevant documents are
really penalized whereas they may be at least as useful as
long ones. Have writters to produce documents as long as
possible to be read? Consequently to these observations,
our normalization aims to give the same similarity expecta-
tion for each document and query size. The results obtained
in Section 7 show that our approach is promising.

The normalization has been finally applied to inter-
document similarities, in particular in the field of document
clustering. Using classical measures, some documents have
more chances to be grouped since their sizes lead to a better
expectation of similarity. The normalization of these simi-
larities appears to allow the clustering method employed in
Section 8 to produce more interesting groups.

As future works, we plan first to model the similarity ex-
pectation of Okapi and Inquery as it is the case for Smart
in this paper, the supplementary informations these mea-
sures use may lead to better results. Additionnaly, several
variables, as the maximal tf or the normalization factor of
Smart, can be added to the models in the aim to better de-
scribe the similarity expectation between a document and a

query. At last, we have to assess the impact of this normal-
ization on every applications using text similarities, such as
text segmentation or passage retrieval for examples.
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