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Abstract— Category Ranking is a variant of the multi-label
classification problem, in which, rather than performing a
(hard) assignment to an object of (zero, one, or more) categes
from a predefined set, we rank all categories according to
their estimated “degree of suitability” to the object. Category
ranking has many applications, all pertaining to “interactive”
classification contexts in which the system, rather than taikg
a final categorization decision, is simply required to suppd
a human expert who is in charge of taking this decision.
Despite its high applicative potential in information retrieval
applications, and in text categorization in particular, caegory
ranking has mainly been tackled by standard text categorizéion
methods. In this paper, we take a radically different stand b
category ranking, i.e. one in which supervision is providedto
the learner not in the standard form of labels attached to
training documents, but in the form of preferences of type
“category c; is to be preferred to category ¢, for document
d”. We apply to this problem a recently proposed, very general
model for preferential learning, and show, through experinents
performed on the standard Reuters-21578 benchmark, that
this largely outperforms support vector machines, the leaning
method which has up to now proved the best-performing one
in text categorization comparative experiments.

I. INTRODUCTION

Category Ranking(CR) is a variant of the multi-label
classification problem, in which, rather than performing
(hard) assignment to a documentof a (possibly empty)
subset ofcategories(aka classey from a predefined set
C = {a,...,cm}, We rank all categories i€ according
to their estimated “degree of suitability” té

Category ranking has many applications in Informatio

Retrieval, all pertaining tinteractiveclassification contexts.
In such contexts, differently frorautonomoudiext Catego-

final classification decision. However, a system that ranks

the available classes in terms of their estimated suitghioi

the document to be classified, is extremely useful to these

experts, since they can thus concentrate on the top-ranked
categories, pretty much as a Web searcher concentrates on th
top-ranked documents returned by a search engine following
a query.

Despite its high applicative potential, CR has not re-
ceived much attention from the Information Retrieval and
TC communities. This can be due to two different reasons:
(i) providing supervision in the form of rankings is more
onerous for a user with respect to providerisp membership
value to a document (i.e. being relevant or irrelevarnit); (
there are not ad hoc learning methods which can cope with
this task in a principled way.

For what concerns this second point, to the best of our
knowledge, there are only a few pioneering papers (e.g.
[4]) that tackles this problem as such. Up to now, the
dominant approach to category ranking has instead involved
the application of standard methods for multi-label TC. By
and large, this means training, for each categgra binary
classifier ®; that returnsconfidence-rated predictions.e.

coresd;(d) € R expressing the system’s confidence in the
act thatd € ¢;. Categories are then ranked based on the
confidence scores returned by the respective classifiera whe
asked to classifyi.

In this paper we take a radically different stand to CR, i.e.

Qne in which supervision is provided to the learning device

not in the “standard” form of labels attached to training
documents, but in the form gireferencesThese preferences

rization (TC) systems [11], the system, rather than taking ¢an be of two different types:

final categorization decision, is simply required to supgor

human expert who is in charge of taking this decision. This
is often the case in critical applications in which the categ
rization decision cannot be left to a machine. For instance,

in patent classification [6], [8], [9], experts at intermatal
patent offices are presented with patent applications tiegt t

need to classify against a large, fine-grained, taxonoiyical
organized set of classes of existing patents, in order tokche
the novelty of the proposed invention. These experts deem
this classification operation simply too important to be lef

1) qualitative preferencesexpressing the relative suit-
ability of two categories for a given document; e.g.
“category ¢; is to be preferred to category,; for
documentd” (denotedc; >4 ¢;);

guantitative preferencegxpressing the degree of suit-
ability of a category for a given document; e.g. “the
degree of suitability of category; for documentd is

at leastr” (denotedc; >4 7), or similarly “the degree
of suitability of category; for documentd is at most
7" (denotedr >4 ¢;).

2)

to a machine, and they want to be in charge of taking thQote that training information of the standard form (i.e.
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labels attached to training documents) can be viewed ingerm
of preferences, by assuming that
1) whenever € ¢; andd ¢ c;, thenc; >4 ¢;;
2) wheneverd € ¢;, thene; >4 7, and wheneved ¢ ¢;,
thent >4 ¢;.



We apply to this problem a recently proposed, very general new document, the prediction is given by the category
model for learning from preferences, called tReeference which maximizes the relevance with respect to the testing
Learning Model(PLM) [1], [2], [3]. While the PLM was document, i.e. the unique category which satisfies all the as
especially devised for learning from information that issociated preferences. As a further example, the (mulétjab
naturally expressed as preferences (e.g. when all we knomulticlass problem can be easily modeled by considering
about a document and two categories; andc; is thatc; is  preferences of the form

to be preferred te; for d without knowingvhetherd actually . .
belongs toc; andjlorcj), it can also be fruitfully applied {(ci>aT)}eierera) U{(T >a ¢j)}e;echRer(a)

to contexts (such as CR) in which supervision is naturallyhere is a real valued reference threshallis the set of
expressed in terms of labels attached to documents. In fag@tegories, andiel(d) C C is the set of relevant categories
the strength of the PLM is that it is able to set its internafor documentd. In this case, the set of relevant categories
parameters in a way that maximizes the effectiveness of t@ée obtained by comparing the associate relevance value
category ranking produced for the training examples. la thRgainst the (possibly category-dependent) threshold,isha
way, effectiveness measures specific to category ranking ca category is considered relevant if and only if its relewanc
be brought to bear, and this (hopefully) allows the PLM tgvith respect to the document is above this threshold. It
outperform methods in which such effectiveness measurégould be stressed that in PLM, any set of preferences can

cannot be plugged in. be associated to a document, so if there is no information
_ about the relative ranking of two categories, no preference
A. Outline of the paper involving these two categories need to be inserted. This

The paper is structured as follows. In Section Il weallows to impose on the learner only constraints which are
describe the PLM and its application to Information Retaiev strictly necessary.
tasks. In Section Il we describe how both the multilabet tex In the simpler version of PLM, the relevance of a category
categorizazion and the category ranking tasks for Infoionat for a given document is assumed to have a linear form:
Retrieval can be naturally modelled in the PLM framework r(d, c) = we - ¢(d) (1)
thus providing us with a principled solution to these segtin . )
Section IV reports on our experiments, by briefly reviewingvhere ¢(d) R* is one of the standard vectorial repre-
the Reuters-21578 benchmark we have used and the expers€ntations for the documents (“bag-of-wordgjdf, etc.),

ments we have conducted on it. Finally, Section V conclude@! any other feature mapping, and. are weight vectors
(parameters to learn) associated to the different categjori

Il. THE PREFERENCELEARNING MODEL ie. ¢ € {c1,...,cm}. Interestingly, for this case, it is

In short, in PLM we assume the existence of a real-valugepssible to give effective algorithms which explicitlyeatipt
relevance function that for each documenand category: to minimize the number of wrong predictions in a given
returns a scorer(d, c¢) (the relevance value), which “mea- training set. In fact, following equation (1), qualitatieed
sures” the degree to which categanapplies to document quantitative preferences can be conveniently reformdlate
d (and viceversa, how relevant the document is for thdihear constraints. Specifically, let consider the qualiea
category). Thus the relevance function, for each documepteferencer = (c; >4 ¢;). This preference imposes the con-
d, induces a ranking among categories. A preference issfaintr(d, c;) > r(d,c;) on the relevance function, which
constraint involving two categories that should be satisfieusing equation (1) can be rewrittenws, - ¢(d) > w; -¢(d),
by the relevance function. Specifically, PLM focuses o®r (we, - ¢(d) — we, - ¢(d)) > 0. Similar transformations
two types of preferencesjualitative preferences;, >4 c,, can be done for quantitative preferences. A uniform treatme
where a category; is told to be preferred to a category Of the preferences can then be obtained by concatenating
(“category ¢, applies to documend more thanc, does”), all the w.s, ¢ € {ci,...,cn}, and all the thresholds
i.e.r(d,cx) > r(d, cs), andquantitativepreferences of type 71,...,7, involved in the formulation of the problem, i.e.
¢4 7 (“the degree to which categoryapplies to document W = (W1,..., Wi, 71,...,74) € R™**7 In the qualitative
d is at leastr”), wheret € R, i.e.r(d,c) > 7. case, given the above preferencand assuming < s with

In this learning model, supervision for a document is giveno loss in generality, we have
as a set of preferences (of any type). These preferencag . (0,...,0, ¢(d),0,...,0,—¢(d),0,...,0,0,...,0) > 0,
constitute contraints on the form of the relevance function — — —

which has to be learned. The aim of the learning process is ! it mJ !
to return a relevance function which is as much consistent P (p)
with these constraints as possible. where 1)(p) € R™¥*4 is the representation faop. In the

As a very simple example of how to model superviseguantitative case, the preferenges (c; >47;) can similarly
problems in PLM, let consider the (single-label) multislas pe expressed as

problem where a clgssmer has to predlgt the most reIevantW 0,...,0,6(d),0,...,0,0,...,0,—1,0,...,0) > 0,
categoryc, for a given documentl. This case can be ——— —_——— ———
modelled by introducing for each training documehta i—l m—i J—1 a—J

set of preferencegc, >4 c;}c,«c,. Note that, when testing ¥(p)




while preference = (1; >4 ¢;) is expressed as B. Cost Mapping Examples
In order to better understand the PLM setting defined

w-(0,...,0,—¢(d),0,...,0,0,...,0,1,0,...,0) > 0. M : ) .
—— —_— above, in this section, we briefly present cost mapping exam-
i—1 m-t i—1 a-J ples for a simple category ranking problem, #irgle-label
(D) multi-class classification problem. This task can be consid

ered a category-ranking problem when, for each document,
We want only one of the categories (the most relevant) to
be ranked over the others and returned. et {c;, ¢z, c3},

In general, the supervision can be reduced into sets
particular linear constraints of the form - ¢)(p) > 0 where

W= (le"'_’wm’Tl""’Tq) is. the vector of weights 4.4, 3 document which has to be classifiedzasin PLM, a
gugmented with the set of_avallable thresholds arig) natural cost mapping for this problem corresponds to have a
is an o_pportune representation of the p_reference_ under C%}'eference set likg[c1] — {{c1>qca, c1>ac3)} . The same
sideration. As a consequence, any settlng described by_ trb'ﬁaference set can however be decomposed in two separate
theory can be seen as a (homogen(_e(_)us) linear probl_em in ;?rréference sets, thus obtainip] — {{c1 Ba o}, {e1 >q
qpportung gugmented space. Specmcally, any algorlthm. f%}}. Note that, these mappings will induce different cost
linear optimization (e.g. perceptrpn ora linear programgni functions. For example, let the current hypothesis such tha
package) can be used to solve it, provided the problem hﬁf‘,(d, ¢3) > w(d, ¢2) > 7w (d, 1) then we have a cost equal

a solution. to 1 in the first case and a cost @fin the second. In fact,
Unfortunately, the set of preferences may generate a set\@fing the last definition of cost, two preference sets are not

linear constraints that have no solution (not linearly sab@  gaisfied. Specifically, in the first case, we count an error
by an hyperplane passing from the origin), i.e. there iS NQnen there is a category different from the correct one on
weight w able to fulfill all the constraints induced by the g 1o viceversa, in the second case, we count the number
preferences in the training set. To deal with training &¥or of ncorrect categories which are ranked over the corregt on

we may resort to the Structural Risk Minimization (SRM)1ne two examples above give a rough idea of the flexibility
theory [12]. This is made by considering the minimizationys e preference learning model.

of an objective function which aims at minimizing the o
number of unfulfilled preferences (the training error) whil C. Learning in the PLM
maximizing the margin (the inverse of the weights norm). In earlier sections we have discussed how a cost function

See Section II-C. for general supervised learning problems can be modeled
. using preference sets. Now, we see how to give a general
A. Evaluation and PLM learning algorithm which is able to learn from preferences.

The mere consistency of supervision constraints is not Supervised learning algorithms aim at minimizing thee
necessarily the ultimate goal of a supervised learning set0st that is the expected value of the cost according to the
ting. Rather, cost functions are often preferred measuridff'® distribution of data, i.eR;[w] = Es~plc(S|w)]. The
the disagreement between the current prediction and tRstributionD is typically unknown, while it is available a
target supervision. These functions may either depend &@ining sets = {51, ..., Sy} with supervision drawri.i.d.
the particular structure of the prediction or other factéir from D. An empirical approximation of the true cost, also
example, the evaluation of a non-perfect category rankidgferred to as thempirical cost is defined by
result can be better described as the number of categories n
which are misordered instead of simply as an error. For this, R.[S|w] = " ZC(Si|W)-
in [2] supervision is mapped into sets of preferences. i=1

Specifically, supervisiors is described by a preference Similarly, in PLM, the aim is to minimize costs, as defined
set, denoted|S], and a cost mapping in Eq. (2), induced by the cost mappings performed over the

training setS. Unfortunately, these functions are not contin-
G:glS]— {91,945} uous with respect to the parametevsand hence not easily
treatable. To overcome this problem, consider the quantity
N i p(p|w) = w-1(p) as a degree of satisfaction of a preference
Once the cost mapping is defined, the total cost sufferedp(g|ive)n the h)Sp)othesiSV. This value is greater than zero

by an hypothesis for the supe_rwsmfh IS defme_d_as the when the hypothesis insistentvith the preference and less
number of preference sets which are not satisfied by ﬂ?ﬁan zero otherwise. Now, an approximation to the error is
current hypothesis. More formally, we have obtained by introducing the soft-margin loss, the contiraio
as non-increasing functiof(p) = [1 — p]+ = max(0,1 — p),
cost(g[S]) =Y _[g]- (2)  which upper-bounds the indicator functidiip) which is 1
j=1 whenp > 0 and 0 otherwise. Specifically, this approximated

where [¢] is an operator which is equal to 1 when theré©St will be

are constraints iry which are not satisfied by the current é(S|lw) = Z max[1 — p(p|w)]4.
hypothesisy (-, -), and 0 otherwise. gedas) 77

is defined, where each preference gets a subset ofj[5].



Given the assumptions above, one can notice that tlweitput of different classifiers. In PLM this approach can be
function ¢(S|w) upper-bounds the empirical cost over thenodelled by introducing a preferen¢e >, = wheneverd
whole training set and the general problem can be formulatésl member of clasg and a preference >, ¢ when this is

as in the follows. not the case. Moreover, the very common cost function used
Given a set for multi-label categorization, computed as the number of
document-category pairs which are not correctly classified
V(S) = SUSQ[S] ={91,-.,9n} can be obtained in PLM by defining a mapping which takes
(S

all the preferencesr>,; 7 andr >4 ¢ independently.
of N preference sets describing the supervision given to thihe (bipartite) category ranking task, however, is slighif-
algorithm, we want to find a set of parametevsin such a ferent since in this case it is required to produce a full orde
way to minimize the functional such that some classes are ranked over the remaining classes
One can note that if a set of examples is correctly categbrize
Q(w) = R(w) +1L(V(S)[w) ) (thus having cost zero in the prgvious cost m{;\pping‘)ﬁ the
where L(V(S)|w) = Y g5 é(S|w) is related to the em- produced ranking is correct. The other way around is not
pirical cost, R(w) is a regularization term over the set ofnecessarily true. In fact, given a correct ranking, it could
parameters, and the trade-off parameter. be impossible to find an optimal threshold determining the
The use of a regularization term on a problem of thigorrect target categorization.
type has many different motivations, including the theoryn PLM, however, considering all the documents for which
on regularization networks (see e.g. [5]). Moreover, we cawe have categorical supervision in the training set, a com-
see that by choosing a convex loss function and a convéjete preference set can be built as the union of all the pref-
regularization term (let say the quadratic te(w) = erences derivable by them through transitivity closuresTh
%||W||2) it warranties the convexity of the functiong(w) set highlights additional information which is not dirgctl
in Eq. (3) and then the solution does not have the problem gkpressed in the original categorical form. For example, we
local minima. In our particular case, we obtain the follogvin have new relations/preferences like >4 cs wheneverd;

constrained quadratic problem belongs toc, and d; does not belongs tes. This high-

. ) ) N lights that categorization information subsumes infoiorat
minw ¢ 5||w[|* + C 325" & ' over document and category rankings which is not self-
subject to: w-th(p) 21§, V? €{L..N}Vp€gi evident when single documents or single classes are treated

& =0, vie{l,.,N} independently. An interesting point now is how to use this

, . . (4) additional information to improve over current methods for
This formulation resembles the SVM formulation Wherecategorization and category ranking

we have a constraint for each preference. However, in this

case, a single slack variable is present binding multiple In this paper, we focus our exposition on the experi-
constraints associated to the same preference set. Intieed, mental comparison of the SVM baseline approach versus
is a generalization of SVM to more general cost functionan approach that uses category ranking information only

which are defined by preferences. by considering independently those preferences which are
Moreover, one can show that the solutierof the previous defined over different documents and not considering the
problem will take the (sparse) form: thresholdr. Specifically, the following cost mappings will
. be considered. Thalisagreement mappingDIS), which
W= Zaizp(pi) considers each prefereneg >4 c;, wheneverd € ¢, and

d ¢ cs, independently. As an alternative cost mapping, the
wherea] € R, andp] is the r-th preference of thé-th domination mappindDOM) will be considered. The basic
example, Similarly to SVM, the final solution will have only idea underpinning the use of the domination mapping is that
a fewa] > 0 (support vectors). for each input document we prescribe that the score assigned

Since the solution is expressed by dot products only, thdyy the predictor to any positive class should be higher than
any kernel function can be used in place of dot productthe score obtained by any negative class, and the cost will
Thus, this method constitutes a new kernel method which ¥ non-zero whenever any negative class gets a score above
able to solve any problem defined by preferential infornrmatiothe score of the considered positive class. Costs suffeyed b
(see [1] for details). Moreover, changing the cost functiopositive classes are cumulated. A dual cost mapping, which
means to redefine the cost mapping but still keeping the same consider for completeness, is thdeminated mapping
solver. (DME), where the roles of positive and negative examples
described above are exchanged, while keeping the score of
positive examples to be higher. It should be clear that using

A well-known baseline approach to category rankingeither thedomination mappingor the dominated mapping
when categorical supervision is available, is to train &-cladoes not exploit all the possible ranking information we
sifier independently for each class by using the supervisiohave available. In fact, in this way we give more emphasis
and then to rank categories based on the confidence of tteesupervision concerning positive, or negative, classes f

Ill. FROM CATEGORIZATION TO RANKING



single documents, respectively. Interestingly, we maytdry classifier (i.e. the one that has ranked thelabels ofd; at

compound these two cost mappings in a jai@mination- the firstn; rank positions) would not achieve the theoretical

dominated mappingDOM-DME) which simply cumulates maximum precision value of 1, since the remaining n;

the cost obtained for the two separately. labels would be false positives anyway. As a result, as our
It is worthwhile to recall that all these cost mappings aréinal effectiveness measure we adéfit(r), which we define

plugged into the same algorithm. A single learning alganith as thex™ (r) of our classifier, normalized by the™(r) of

is able to cope with all these cost functions in a very modulahe perfect classifier.

way. Effectiveness is thus plotted on a graph (see Figurel) in

which the z axis is the rank position, ranging between 1

and 115 (the number of categories in our benchmark); the

A. Experimental setting higher the plot, the better. Note that all CR systems have the
In our experiments we have used thReuters-21578, same effectiveness value far = 115; this corresponds to

Distribution 1.0” corpus, currently the most widely usedthe notion that, after scanning the ranked list of labelsrow

benchmark in text categorization resedrdReuters-21578  to the bottom, the user has encountered all true labels and

consists of a set of 12,902 news stories, partitioned (decordll false labels irrespectively of the category-rankingtsyn

ing to the “ModApté” split we have adopted) into a trainingused.

set of 9,603 documents and a test set of 3,299 documents. Wé\ote that, unlike in standard multilabel TC, we do not

have discarded the categories that have no training examplese Fi (the harmonic mean of precision and recall) or

leaving us with 115 categories with at least one traininyariants thereof. In particular, we dispense with exgicit

example. We have also discarded all the (training and tegtpnsidering recall, since precision, when computed at @ fixe

documents that have no label (originally, these documenfi@nk positionr, already “contains a recall component” (i.e.

were meant to be considered legitimate negative examplaka fixed rank-, an improvement of precisiostrictly entails

for all categories); note in fact that any CR system woul@n improvement in recall).

perform equally well on test documents of this type undes. Experimental Methodology

any reasonable evaluation metric (namely, it would return a In order to fairly evaluate the different techniques, we-per

orde_re_d list of 115 f_als_e positive labels). This leaves Wk wi formed model-selection by cross-validation. Specificdle
aTtramlr_lg _seB‘ ;:onsstmg Ofd7’775 documﬁnts and a test SEfFaining set was split in 5 different folders. Then, eacluéol
consisting of 3,019 test documents. The average NUMbgLg pheen ysed as a test sample for the model trained with

of categories per document is 1.08, ranging from 1 to 16Examples from the remaining folders only, for parameters

:geBSLéTber of positive examples per category ranges from71: 10%, = = {—2,...,+2}. The optimal parameter has

. . —— ) een selected as the one with best average performance over
In all the experiments discussed in this section, stop wor

. : i _ Re folders. The optimal values are reported in the tableeat t
have been removed using the stop list provided in [10, pag

. fett. Each model has been evaluated in this phase by means
117-118]. Punctuation has been removed, all letters have

IV. EXPERIMENTS

been converted to lowercase, numbers have been removed, TABLE |
and stemming has been performed by means of Porter'sOPTIMAL VALUES OF THE TRADE-OFF PARAMETERY OBTAINED BY
stemmer. MODEL-SELECTION.
We have measured effectiveness in termanofmalized
microaveraged precision as a function of rak™(r)), an Cost Mapping | SVM | DIS | DOM | DME | DOM-DME

adaptation of thenicroaveraged precisiofr™) measure to v Value 10 o1 ] 10 | 01 01

category ranking. Let us introduce this measure in steps.
Precision wrt document; (denoted byr;) is defined as the of its own cost function. Finally, a complete training sessi
proportion of true positive labels faf; out of the total of has been performed for each method over the whole training
(true and false) positive labels @f. Microaveraged precision set using the corresponding optimal parameter. The results
(denoted byr™) is obtained by averaging; values across reported in the graph refer to the evaluation of the obtained
all the test documents;, i.e. 7™ = % >_j=1|T|m;, and  model over the test sample.
encodes the basic intuition that each document has the samé&rom the analysis of results one can evince that the multi-
importancé. Microaveraged precision can be evaluated dabel SVM based method is largely worse than preference-
each rank positiom (this is denoted by (r)). However, as based methods on the category ranking problem under con-
such this measure has problems, due to the fact that, whesideration. Specifically, we may observe that DIS and DOM-
is higher than the number; of the true labels of/;, a perfect DME have a similar behavior along the whole range of
available ranks, while DOM seems to slightly predominate

%The Reuters-21578 corpus is freely a_vailable for experimen- gyer lower ranks and DME dominates over higher ranks.
tation  purposes from www. davi ddl ewi s. coml r esour ces/
testcol |l ections/reuters21578/ V. CONCLUSION

2The alternative notion ofnacroaveraged precisioencodes the notion .
that documents count proportionally to the number of categdoy which In this paper we have shown how the Preference Learn-

they are labelled. ing Model, a general framework for learning from training




0.99

0.98

0.97

(normalized) micro-averaged precision

0.96 |
‘ DOM ——
0.95 | — |
DOM-DME -
DIS e
SVM -~
0.94 , | | | |
O B * %0 80 100
at rank

Fig. 1.
domination (DOM), dominated (DME) and their combinationQM-DME).

information expressed in preferential form, can be applieds]
to the task of category ranking, and can outperform learning
methods that are current top performers in the text catego-
rization task. This is achieved by exploiting the abilitytbé  [4]
PLM to explicitly maximize effectiveness functions thaear
specific of ranking tasks, i.e. optimize its internal partere
so that these functions, rather than “generic” effectigsne [5]
functions aimed at standard multilabel text categorizgtio
are maximized. The model allows to codify cost functions asg
preferences and naturally plug them into the same training
shell. Furthermore, it gives a tool for comparing different
methods and cost functions on a same learning problem.
We are currently extending this new paradigm to tasks in
which, unlike in the present setting, supervisioaturally
comes in preferential form. In text categorization, thishis
case e.g. of applications, such as classifying medicallesti
in the OHSUMED collection [7] or classifying patents in the
WIPO-alpha collection [6], in which training documents arel
labelled with “primary” and “secondary” categories.

(8]

[10]
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