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Abstract. We consider the Structured Information Retrieval task which
consists in ranking nested textual units according to their relevance for
a given query, in a collection of structured documents. We propose to
improve the performance of a baseline Information Retrieval system by
using a learning ranking algorithm which operates on scores computed
from document elements and from their local structural context. This
model is trained to optimize a Ranking Loss criterion using a training set
of annotated examples composed of queries and relevance judgments on
a subset of the document elements. The model can produce a ranked list
of documents elements which fulfills a given information need expressed
in the query. We analyze the performance of our algorithm on the INEX
collection and compare it to a baseline model which is an adaptation of
Okapi to Structured Information Retrieval.

1 Introduction

Structured document collections, with documents encoded into a structured rep-
resentation standard such as XML, XHTML, RDF, RSS are now becoming avail-
able and the TR community has started to develop search engines specifically
dedicated to this type of documents [1] [2]. Document structure offers many
new possibilities such as answering queries with structural constraints (Content
and Structure queries in the INEX contextl [1]), or simply providing the user
with a list of relevant units with different granularities (Content Only queries
in INEX (CO)). These units may correspond to different types of document el-
ements in a structured document. In this paper, we consider the latter (CO)
problematic. One difficulty of this task is to compare and rank document ele-
ments with very different characteristics such as their length, their redundancy,
their thematic homogeneity, etc. Traditional search engines have been developed
for ranking similar documents and are not adapted to this ranking task. Different
frameworks have been developed for scoring elements in structured documents.
For example theory of evidence has been used for aggregating evidence from
sub-documents elements [3] [4]. Bayesian networks [5] or language models [6]
are other formal paradigms for combining evidence from sub-elements in order

L INEX is the “INitiative for the Evaluation of XML Retrieval of the DELOS network
of excellence”.
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to score a containing document element. In the Machine Learning community,
ranking algorithms have recently motivated different studies and developments.
In the field of textual documents, they have been successfully used to combine
features or preferences relations in task such as meta search [7] [8] [9], automatic
summarization [10] and recently for the combination of different sources of evi-
dence in IR [11]. One of the difficulties of this paradigm is its complexity which
is in the general case quadratic in the number of examples. Linear solutions
have been proposed by some authors [9] [10]. Our approach extends the work of
[10] to multiclass problems whereas most of experiments of ranking are based
on two-classes problems, with a small class of relevant elements, and a large
class of irrelevant elements. Under some conditions, fast rates of convergence are
achieved with this class of methods [12].

We propose here to develop and use ranking methods adapted to a particular
task of Structured Information Retrieval (SIR) which consists in producing a list
of ordered documents elements which fulfills a content oriented query. Ranking
can be particularly useful for SIR due to the intrinsic difficulty of this task, as
already mentioned above, and because traditional search engines are not well
adapted to this ranking task. It is hoped that ranking algorithms may help to
improve the performance of existing techniques. Ranking algorithms work by
combining features which characterize the data elements to be ranked. In our
case, these features will depend on the document element itself and on its struc-
tural context. Ranking algorithms will learn to combine these different features
in an optimal way according to a specific loss Function using a set of examples.

The paper is organized as follows, in section [2l we present the ranking model,
in section [3] we show how it can be adapted to Structured Information Retrieval.
In section 4] we describe some experiments with content-based queries on a semi-
structured database and compare the algorithm to a baseline Okapi method
adapted for SIR.

2 Framework

We present in this section a general model of ranking which can be adapted to
IR or SIR. The idea of the ranking algorithms proposed in the Machine Learning
community is to learn a total order on a set X', which allows to compare any
element pair in this set. Given this total order, we are able to order any subset
of X in a ranking list. For instance in IR, X can be the set of documents which
are relevant to a given query, and the total order is the natural order on the
document scores.

As for any Machine Learning technique, one needs a training set of labeled ex-
amples in order to learn how to rank. This training set will consist in ordered pairs
of examples. This will provide a partial order on the elements of X'. The ranking
algorithm will use this information to learn a total order on the elements of X and
after that will allow to rank new elements. For plain IR, the partial ordering may
be provided by human assessments on different documents for a given query.

We introduce below some notations which will be used to compare the differ-
ent subsets of a partially ordered set X.
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2.1 Notations

Let X be a set of elements with a partial order < defined on it. This means that
some of the element pairs in X may be compared according to the < relation. If
there is no preference between two element x and z’, this is denoted by = L x'.
For Structured Information retrieval X will be the set of couples (doxe, query)
for all doxels and queries in the document collection. This set is partially ordered
according to the existing relevance judgments for each query.

The set of all couples of X x X which are comparable according to < is
denoted:

AX) ={(z,2") e X x X/x <2’ or 2’ < z}.

2.2 Ranking

Let f be a Function from X" to the set of real numbers. We can associate a total
order to f such that:

z=<1 & flx)< f(a'). (1)

Clearly, learning the f Function is the same as learning the total order.

An element of X is represented by a real vector of features = (t1, o, ..., tq).
In our case, the features will be local scores computed on different contextual
elements of a doxel (label, parent, children, document...). In the following, f will
be a linear combination of x’s features:

d
Ful@) = 3 wit @

where w = (w1, wa, ...,wq) are the parameters of the combination to be learned.

Ranking Loss. f, is said to respect x < o’ if f,(z) < fo(2’). In this case,
couple (x,z’) is said to be well ordered by f,,. The ranking loss [9] measures how
much f,, respects <.

By definition, the ranking loss measures the number of mis-ordered couples

in A(X):
RAMX),w) = > xl(xa) (3)

(z,2")€A(X)
r<x
where x(z,2") = 1if f,(z) > fo(2) and 0 otherwise.

Ranking aims at learning w for minimizing Function[3l This approach is differ-
ent from previous Machine Learning approaches to IR such as Logistic Regression
[13], since we do not try to classify elements into relevant group and irrelevant
groups. Here, we are only interested in producing a well ordered list. That is
why the criterion we use is only based on the relative position of elements in the

2 Doxel means document element, a subpart of the document.
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ranking list rather than on an absolute probability of belonging to a relevant or
irrelevant class.

Exponential loss. In practice, this expression is not very useful since y is not
differentiable, ranking algorithms use to optimize an approximation of this loss
criterion called the exponential loss:

R A(X),w) = 3 el )
(z,2")€A(X)

<z’

It is straightforward that R(A(X),w) < Re(A(X),w). Function [ is differ-

entiable and convex, and then can be minimized using standard optimization
techniques. Minimizing Function i will allow to minimize R(A(X),w).

Properties. Some properties may be inferred from Function 4 which will allow
us to reduce the complexity of the learning algorithm. In the general case, the
complexity is quadratic in the number of examples and this does not allow us
to learn with more than a few thousands of examples, which is not sufficient for
most of real tasks.

Let us introduce on the subsets of X', P(X), a derived strict partial order
<p(x) from <. For two subsets &; and & of & :

Vz,; € Xi,V:Ej c Xj LTy < T and
Xi =P(x) Xj A V({EZ,:E;) EX; x Xy rx; L ;L'; and

We derive similarly Lpy) from L as:
X; J—P(X) Xj &V, € Xi,ij S Xj cx; L Zj.
Using these definitions, we can deduce elementary properties for R.(A(X),w).

Property 1. We denote A; = A(X;) and A; = A(X;). If any element of &; is not
comparable to any element of A;, the ranking loss can be expressed as the sum
of two sub-ranking losses over A(X;) and A(X}):

X; J—P(X) Xj = RE(A(XZ) U .A(Xj),w) = RQ(A()C;‘),LU) + Re(A(Xj),LU). (5)

Property 2. If any element of & is superior to any element of X, and elements
inside X; or & are not ordered, the ranking loss can be expressed as the product
of two summations over X; and A:

Xi <px) Xj = Re(X; x Xj,w) = (Z efw@) > el (6)
reEX; T/ X

Reduction of the complexity. Using these properties, we will now propose
a way for reducing the complexity of minimizing Function [4. It is based on
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Fig. 1. Representation of a partition of X. There is no order between an element of
X1 and an element of Xs. Inside X}, the arrow X{ — X7 means that an element of Xt
must be higher ranked than an element of XZ. Inside any X/, there is no order.

a decomposition of R.(A(X),w) according to the greatest subsets of X which

verify either of the conditions expressed in the left hand side of Equations[a] or[6.

(X; Lpx) Xj or Xi <p(x) &;). These subsets are denoted &7 in the following.
Let &7, Xs, ..., X, be a partition of X such that:

V(i,j) € {1,...n}*: Xi Lpx) Aj. (7)

The subsets used for the decomposition of the error Function, X}, X7, ..., X'*,
will be a partition of X} such that:

Xlz J—P(X) Xig or
V(Zvj) € {17'“7”]’6}2 : X;C' ‘<7)(X) Xig or (8)
Xlg -473(_)() szr

An example of possible partition is represented in figure L.
According to property [l and property 2] the exponential loss () can be
rewritten:

n

Ro(A(X),w) =D > [ Y efo SN e (9)

k=11 TEX] J€lling] o' ex
)<y

The complexity for computing this expression is O(n - K - |X]) whereas it is
O(n - |X|?) for Function i where K is the total number of subsets X} in the
partition of X'. The worst case occurs when K = |X|.

Gradient descent. Since Function [d is convex, we can use a gradient descent
technique to minimize it. The components of the gradient has the following form:
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OR.( - N e
T Z 3 el SOY e he)

k=11i=1 CEGX,i j€[1,nk‘] x/e)(g
He <X (10)
fw(x) -f“"(x
P > -
TEX] J€llng] o exj

Xl <x;

The complexity for computing the gradient is the same (O(n - K - |X])) as
that of Function [9.

3 Application to Structured Information Retrieval

3.1 Definitions

Suppose we have a collection of hierarchically structured documents. Each doc-
ument d can be represented by a tree T. Each node of the tree has a “type” (or
tag) and a textual content. £ will denote the set of node types.

For each node n of T', the doxel at node n is the subtree T}, of T rooted at n.

We use the following notations, D is the set of doxels for all the documents
in the collection, Q is a a set of information needs and X = Q x D is the set of
elements we want to order.

We suppose that there exists a partial order < on X = Q x D, this partial order
will reflect for some information needs, the evidence we have about preferences
between doxels. It is provided via user feedback or manual assessments of the
SIR corpus. Note that these relevance assessments are needed only on a subpart
of the collection We consider here the task which consists in producing a ranked
list of doxels which fulfill an information need ¢ € Q. For that, we will train the
ranking model to learn a total strict order on X

3.2 Representation

Each element 2 € X is represented by a vector (¢1,ta, ...,tq) were t; represents
some feature which could be useful to order elements of X.

To take into account the structural information, we will use the information
provided by the context of the doxel and the information given by the node type
of the doxel. For the former, we will use features characterizing the doxel, its
parent, and the whole document. For the latter, label information can be used
by ranking doxels with the same node type which leads to learn a f,; for each
node type [, and then using all f,;(7);=1. |z as features in a second ranking
step.

3 For simplification, we consider here a total strict order on the doxels, and not the
case where different doxels may have the same rank.
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These two steps can be reduced to one using the following vector representa-
tion. If we denote z! = (té,tll,té, ...,tfi), where té = 1 is a bias term, the vector
representing x for node type I, we have t. = t; if [ is the node type of the root
of x and tl(-l) = 0 if not. We will consider the ranking of global vectors defined as
follows:

l l l l
= ((tﬁ;,tlf,tl;, et (2t ) (to‘“,tl‘“,tQ‘“,...,td‘“)) .

Where |£| is the number of different labels in the collection. In the above ex-
pression all vector components of the form (téf’,té",tl;, ...,tfj) will be equal to

(0,0,...,0) except for one which corresponds to x label. This representation al-
lows computing in one step the ranking of nodes from different types.

3.3 Reduction of Complexity

In order to reduce the complexity, we have to find the subsets X7, X, ..., X, of
X which verify the condition (7) in section[2.2l We can easily find such subsets,
if we denote (g;)i=1..|o| the elements of Q, there are at least for each g¢;:

Xy ={r=(d,q) € X/q=q}

X; is the set of couples (doxel, information need) which corresponds to the same
information need. A corollary of this property is that it is useless to compare
scores of doxels from different queries. For each A;’s, the preferences among
doxels may be expressed according to several discrete dimensions. For example
in INEX, we have:

- an information of exhaustivity, which measures how much a doxel answers
the totality of an information need (0 not exhaustive, ..., 3 fully exhaustive)

- an information of specificity, which measures how much a doxel answers only
the information need (0 not specific, ..., 3 means fully specific)

A doxel labeled E3S3 (which means fully exhaustive and specific) is greater than
one labeled F;S5 (which means marginally exhaustive and fully specific).

If such a discrete multidimensional scale exists, we can find a partition ac-
cording to (8) by considering for each X} a set of doxels whose assessments share
the same values along all dimensions. For instance, we can choose X to be the
set of doxels assessed FySy for the information need g;.

4 Experiments

4.1 Test Collection

To evaluate our method, we used the INEX document, topic and assessment col-
lection. This collection contains 16819 XML documents representing the content
of the articles of the IEEE Computer Society’s journal publications from 1995 to
2004. These documents are represented in the same DTD. In the year 2003, 36
content-oriented topics with the corresponding assessments on doxels were pro-
duced. In 2004, 40 topics and assessments were added. The assessments for 2003
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E3S:
FE3S2 / T FE2 51
EsSs E>S, E1S EySoy
F»Ss s
\ EISS

Fig. 2. Graph representing the order between elements for a given information need,
according to the two dimensional discrete scale of INEX. Doxels labeled E3S3 must be
the highest ranked, and doxels labeled E(So the lowest ranked.

and 2004 only concern 12107 documents from 1995 to 2002, since the rest of the
collection was not available at this time. In 2005, the database has been extended
with document from 2003 to 2004 and 40 topics and assessments were added.

A content-oriented topic is a list of words representing an information need.

An assessment is an evaluation of how much a particular doxel of the doc-
ument collection answers the information need. In INEX, assessments are ex-
pressed in a two dimensional discrete scale which has been described above in
section B.3] The assessments and the trellis giving the partial ordering between
these assessments are described in Figure 2.

4.2 Representation

For computing features, we used an Okapi model [14], which is one of the
reference models on flat documents. Okapi was adapted so as to reach good
performance on the collection of structured documents. This adaptation consists
in using doxels rather than documents for computing the term frequencies, and
using as normalization factor for each doxel, the mean size of the doxels with
the same node type.

In the experiments, we used three features for the combination:

- t1 = the Okapi score of the doxel
- to = the Okapi score of the parent of the doxel
- t3 = the Okapi score of the whole document

these features provide some information about the structural context of a doxel.
Sets of node types were defined according to the DTD of the document collec-
tion: article, abstract, sections, paragraphs, lists... Node type was introduced
according to the method described in section [3.2]

We used the series of topics and assessments from the INEX 2003 and 2004
collections as a learning base and those from 2005 as a test base.

4.3 Filtering

For some SIR systems, returning overlapping doxels could be an undesirable
behaviour, which means for example that it should not return a section, and

4 With parameters k1 = 2.0, k3 = 7.0 and b = 0.75.
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one of its paragraphs. In order to suppress all overlapping elements from an
existing list, we used a strategy which consists in removing all elements which
are overlapping with an element ranked higher in the list. This is the simplest
way to remove overlap and this allows us to focus on the efficiency of the ranking
algorithm rather than the filtering technique. Other ways of limiting overlapping
can be found in [15]. Two kinds of experiences have been carried out : 2 without
removing overlap, and 2 where overlap was removed.

4.4 Evaluation
We used two metrics to evaluate our approach:

- a precision recall metric which does not take into account overlapping ele-
ments;

- a cumulated gain based metric [16]. This metric, developed for the evaluation
of INEX [17], considers the dependency of XML elements, and will penalize
ranked lists with overlapping elements.

4.5 Results

With filtering. We have plotted in figures B and Ml the evaluation of the lists
produced by the ranking algorithm and by the modified Okapi where overlap
was removed. We can see for both metrics that the ranking algorithm performs
better than Okapi. The difference for the precision/recall metric is not large:
this is due to the post filtering of the lists. The ranked lists had not been op-
timized for non overlapping elements since there is no notion of overlapping in
the exponential loss.

Without filtering. Figures5 and [6 show the evaluation of the lists produced

by the ranking algorithm and modified Okapi where overlap was removed. We
can see for both metrics that the ranking algorithm performs clearly better than

NCXG (overlap=on,generalised) focused 2005

Ranking
Okapi

nxCG

L L L L L L L L L
0 0.1 0.2 03 0.4 05 0.6 0.7 0.8 0.9 1
rank%

Fig. 3. Performance of Ranking and Okapi models with filtering evaluated with the
cumulated based metric ncXG
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inex_eval (generalised) focused 2005

"Ranking"
Okapi

02 4 1

precision

[RE AN i

0 . . 0.4 05 0.6 0.7 0.8 0.9 1

Fig. 4. Performance of Ranking and Okapi models with filtering evaluated with the
precision /recall metric

NcXG (overlap=off,generalised) thorough 2005

Ranking

nxCG

01 L L L L L
0 0.1 0.2 0.3 0.4 05 0.6 0.7 0.8 0.9 1

rank%

Fig. 5. Performance of Ranking and Okapi models without filtering evaluated with the
cumulated based metric ncXG

inex_eval (generalised) thorough 2005
0.4 T T T T T T T

"Ranking"
Okapi ------

precision

recall

Fig. 6. Performance of Ranking and Okapi models without filtering evaluated with the
precision/recall metric
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Okapi and the difference in performance is superior than in the non overlap-
ping case.

For both experiments, the ranking algorithm has been able to increase the
performance of the baseline Okapi. Ranking methods thus appear as a promising
direction for improving SIR search engine performance. It remains to perform
tests with additional features (for example the scores of additional IR systems).

5 Conclusion

We have described a new model for performing Structured Information Retrieval.
It relies on a combination of scores from the Okapi model and takes into account
the document structure. This score combination is learned from a training set by
a ranking algorithm. We have shown that learning to rank document elements
improves a baseline model Okapi, which is known to be effective on IR on flat
documents.
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