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Abstract. We present a Semi-supervised Machine Learning based rank-
ing model which can automatically learn its parameters using a training
set of a few labeled and unlabeled examples composed of queries and
relevance judgments on a subset of the document elements. Our model
improves the performance of a baseline Information Retrieval system by
optimizing a ranking loss criterion and combining scores computed from
doxels and from their local structural context. We analyze the perfor-
mance of our supervised and semi-supervised algorithms on CO-Focussed
and CO-Thourough tasks using a baseline model which is an adaptation
of Okapi to Structured Information Retrieval.

1 Introduction

Different studies and developments have been recently carried out on ranking al-
gorithms in the machine learning community. In the field of textual documents,
they have been successfully used to combine features or preferences relations
in tasks such as meta search [2] [3] [8], passage classification, automatic sum-
marization [1] and recently for the combination of different sources of evidence
in Information Retrieval (IR) [5]. One of the challenges of this paradigm is to
reduce the complexity of the algorithms which is in the general case quadratic
in the number of samples. This is why most real data applications of ranking are
based on two-classes problems. Nevertheless, some linear methods has been pro-
posed [8] [1] and under some conditions, fast rates of convergence are achieved
with this class of methods [4].

Ranking algorithms work by combining features which characterize the data
elements to be ranked. In our case, these features will depend on the doxel itself
and on its structural 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. It is hoped that ranking algorithms may help to improve the
performance of existing techniques.

The first ideas to combine labeled and unlabeled data come from the statis-
tician community at the end of the 70’s . Most of these methods use a mixture
of gaussian model and try to estimate its parameters by maximizing the joint
likelihood of labeled and unlabeled data [10]. There is in general a one to one



relation between classes and mixture components [9]. As it is usually impossible
to perform this estimation directly, so they use a class of iterative algorithms
called EM for Expectation Maximization [6]. The semi-supervised paradigm has
also been used in IR [13]. It has showed its efficiency on a class of tasks where
there are only a few labeled samples available. This is the case in SIR and more
generally in IR: there are very few labeled databases, and the labeling of relevant
units for particular queries is time consuming. There is also tasks where only a
few samples are labeled like in relevance-feedback.

The paper is organized as follows, in section 2 we present the ranking model,
in section 3 we show how we adapted it to CO-Focussed and CO-Thorough
tasks. We also show how we learn using both labeled and unlabeled examples.
In section 4 we comment the results reached by our model and compare it to a
baseline Okapi method adapted for Structured Information Retrieval (SIR).

2 Ranking model

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 couples (document,
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
examples 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.

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.
For Structured Information retrieval X will be the set of couples (doxel, query)
for all doxels and queries in the document collection. This set is partially ordered
according to the existing relevance judgments for each query.

2.2 Ranking

Let f be a function from & to the set of real numbers. We can associate a total
order <7 to f such that:

r=<r 2 & flz) < f(2). (1)



Clearly, learning the f function is the same as learning the total order. In
the following, we will extend the partial order < to a total order <, so we will
use the same notation for both relations.

An element of X’ will be represented by a real vector of features:

T = (561,1‘2, ...,md).

In our case, the features will be local scores computed on different contextual
elements of a doxel. In the following, f will be a linear combination of x’s features:

d
folw) =) wa; (2)
j=1
where w = (w1, wa, ...,wq) are the parameters of the combination to be learned.

Ranking loss. f, is said to respect x < 2’ if f,(x) < f,(z’). In this case,
couple (z, z') is said to be well ordered by f,,. The ranking loss [8] measures how
much f, respects <.

By definition, the ranking loss measures the number of mis-ordered couples
in X2

RX,w)= > x(za) ®3)
(z,a:')E/X2
r<x

where x(z,2") =1 if f,(z) > f,(z') and 0 otherwise.

Ranking aims at learning w for minimizing (3).

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

Re(X,LU) — Z efw(m)_fw(m/). (4)

(z,2")ex?
<z’

If is straightforward that R(X,w) < R.(X,w). (4) is differentiable and con-
vex, and then can be minimized using standard optimization techniques. Mini-
mizing (4) will allow to minimize R(X,w).

We can compute a gradient descent. The components of the gradient of R,
are:

8R8 x)— z’
5 (X,w) = Z (xk—xﬁc)ef“( )= ful=") (5)
k (z,2")ex?
<z’

With no more hypothesis, the computation of (5) is in O(|X|?).



3 Application to CO tasks

3.1 Definitions

Let denote D is the set of doxels for all the documents in the collection and Q
the set of CO queries. 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 or-
der will reflect for some queries, the evidence we have about preferences between
doxels provided via manual assessments. Note that these relevance assessments
are only needed for a few queries and doxels in the collection. We consider here
the task which consists in producing a ranked list of doxels which answer the
query g € Q. For that, we will train the ranking model to learn a total strict
order on X.

3.2 Combination of preference relations

We suppose each element = € X’ can be ordered according to several preference
relations pref;. Let denote 7 the set of doxel types, which are defined according
to the DTD of the document collection: article, abstract, sections, paragraphs,
lists...

We used the following combination:

fw (37) = Z 1[node,type(z):t] : w? : (1 + Zw; 'prefi(x)>

teT

where ¢ is the node type of x and pref; is a preference relation among doxels
based on textual content. In our experiments, we used a SIR adapted Okapi
model [11] described in [12]. 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. For
each doxel, this Okapi model was computed on its textual content, on its parent
textual content and also on the whole document containing it.

This combination take into account the information provided by the context
of the doxel and the structural information given by the node type of the doxel.

3.3 Reduction of complexity

In this section, we use some properties of SIR in order to decrease the complexity
of the computation of (4) and (5).

Queries. Comparing elements from different queries has no sense. We can define
a partition X = U Xy, where
qeQ

Xy={r=(d,q)eX/d =q}



and we can rewrite (4):

Ro(X,w) =Y SO efelmlenfolah (6)

q€Q | (m,2")EX X X,
<z’

Assessments. For each subset X, we suppose we have information indicating
preferences among doxels:

- an information of exhaustivity, which measures how much a doxel answers

the totality of an information need
- an information of specificity, which measures how much a doxel answers only

the information need
For doxels which are equally exhaustive or specific, there is no preference.

An assessment is a couple (exhaustivity, specificity). Let denote .4 the set of
assessments and A(z) the assessment of element x. We can define a partition
Xy = U X, where

acA
Xy ={z € X;/A(z) = a}.

We can rewrite (6):

R.(X,w) = Z Z Z efe(@) Z Z e fu(®) . (7)

geQacA TEXS be A TEX)
xb<xg
where Xé’ =< X; means that the assessments of the elements of X; are better

than those of Xé’.

The complexity for computing this expression is O(K -|Q| - |X|) whereas it is
O(|X|?) for (4) where K is the number of sets in the partition of X. The worst
case occurs when K = |X].

3.4 Gradient descent

Since (7) is convex, we can use a gradient descent technique to minimize it. The
components of the gradient has the following form:

6Re x —JwlZ
awk(X’”):ZZ 3 apele® Y e @

geQacA TEXY beA zexd
xo=Xxg

3 @ S S g @

TEXE be A TEX)
xy=<xg



The complexity for computing the gradient is the same (O(K -|Q| - |X|)) as
that of (7).

3.5 Incorporation of unlabeled samples

The natural way to incorporate an unlabeled sample y would be to compute all
probabilities P(y < z) for « in X'. But this method would be computationnaly
costly because we could not use property 7 to reduce the complexity since y is
not in a particular X'

A better method is to affect y to only one X, using a certain probability
of belonging. We say that a sample belongs to the group with which it has the
maximum probability of indifference:

Pyexy) =Py} LX) =[] PyLa)= [] Ply<=2)Plx=y)
meXg zeX;

where P(y L z) is the probability that there is no preference between z and y.
If we use the exponential ranking loss, we will choose the group &, which
minimize the ranking loss:

exp(fu(®)) Y exp(—fu(@)) +exp(fu(—y)) D exp(fu(x)).

IEX; IGX(;’

Note this is not ordinal regression because there is some groups (X;’s) which
are each other indifferent and if we could know a priori if an unlabeled sample
belongs to one of this group. Even if our model produce a total order on X,
there is some comparisons without sense (for instance, we see in section 3.3 that
comparing search results from different queries is none sense).

We sum up the semi-supervised model in the following algorithm:

Algorithm 1

1. Minimaze the ranking loss on labeled samples.
2. Repeat until convergence:
3. Affect each unlabeled sample to a group X7
according to the minimum ranking loss:
eD(fuly) 3 exp(—fule)) +expl(ful(-9) 3 exp(fule)):
TEXD TEXD
4. Minimize the ranking loss on labeled and unlabeled samples.

4 Experiments

4.1 Learning base

The Wikipedia collection [7] has been used with a small set of three queries.
Then we made 300 assessments for these three queries to be used as a learning
base. We collected these assessments using the following method :



1. the system is initialized with equal preferences
between node types and using only one
preference relation on doxels’ content
2. Repeat several times:
3. compute the results
4. re-order 25 not assessed results
5. learn with the new partial order provided by user assessments

4.2 Filtering

In CO-Focussed task, overlapping doxels were not allowed. In order to suppress
all overlapping elements from the lists computed by the ranking algorithm, we
used a strategy which consists in removing all elements which are overlapping
with an element ranked higher in the list.

As for Okapi model, we used the same strategy exept that biggest doxels
like articles or bdy’s were not allowed in the final ranking list to reach better
performance.

4.3 Results

We comment here the results obtained with the nxCG official metric with gen-
eralized quantization which is more related to the ranking loss criterion and the
different levels of assessment we have used in our model.

CO-Focussed. We have plotted in figures 1 and 2 the evaluation of the lists
produced by the ranking algorithms and by the modified Okapi for CO-Focussed
task. We evaluate the model taking overlap into account (overlap on) or not
(overlap off ). We can see that the ranking algorithms perform better than Okapi,
but semi-supervised model has not been able to increase the performance of the
ranking algorithm.

Table 1 and 2 show that the ranking models are always better than its baseline
Okapi model, and that is quite good to retrieve the most informative doxels in
the begining of the list comparing to other INEX participan approaches.

Table 1. Rank of Okapi and ranking models among all participant submissions using
nxCG metric with generalised quantization and overlap on for CO-Focussed task

@5 @10 @25 @50
Ranking 2 1 2 3

Ranking semi-supervised 14 12 12 8
Okapi 50 39 37 32
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Fig. 1. Performance of ranking and Okapi models for CO-Focussed task evaluated with
the cumulated gain based metric ncXG with overlap on.
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Fig. 2. Performance of ranking and Okapi models for CO-Focussed task evaluated with
the cumulated gain based metric ncXG with overlap off.



Table 2. Rank of Okapi and ranking models among all participant submissions using
nxCG metric with generalised quantization and overlap off for CO-Focussed task

@5 @10 @25 @50

Ranking 1 1 4 8
Ranking semi-supervised 1 7T 9 11
Okapi 49 39 40 33

CO-Thorough. Figure 3 show the evaluation of the lists produced by the
ranking algorithm and modified Okapi where overlap was not removed. We can
see that the ranking algorithms performs clearly better than Okapi but the semi-
supervised model do not perform better than the semi-supervised model.

Table 3 shows that the ranking models are always better than their baseline
Okapi model, and that is quite good to retrieve the most informative doxels in
the begining of the list. This can be explained by the expression of the ranking
loss which highly penalize an irrelevant doxel when it is located in the begining
of the list.

Semi—supervised‘ ML-Ranking ----=-----
ML-Ranking
Okapi BM-25 «eeees

effort-precision

0.1 0.2 0.3
gain-recall

Fig. 3. Performance of ranking and Okapi models for CO-Thorough task evaluated
with the cumulated gain based metric ncXG.

For all 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).



Table 3. Rank of Okapi and ranking models among all participant submissions using
nxCG metric for CO-Thorough task

rank score
Ranking 18  0.0281
Ranking semi-supervised 18 0.0281
Okapi 27 0.0186

5 Conclusion

We have described our ranking model for CO tasks which 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.

For both tasks, the ranking algorithm has been able to increase by a large
amount the performance of the baseline Okapi with a very small set of labeled
examples. Ranking methods thus appear as a promising direction for improv-
ing SIR search engine performance. It remains to perform tests with additional
features (for example the scores of additional IR systems).

Eventually, there is also work in progress to make unlabeled data useful for
Ranking algorithms.
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