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Abstract

We explore the situation in which documerts
have to be categorizedinto more than one
category system, a situation we refer to as
multiple-view categorization. More partic-
ularly, we addressthe case where two dif-
ferent categorizers have already been built
based on non-necessarily identical training
sets,eah onelabeled using one category sys-
tem. On the top of these categorizerscon-
sidered as black-boxes, we propose some al-
gorithms able to exploit a third training set
containing a few examplesannotated in both
category systems. Sud a situation arises
for examplein large companieswhereincom-
ing mails have to be routed to sewral de-
partments, ead one relying on its own cat-
egory system. We focus here on exploiting
possible dependenciesbetween category sys-
temsin order to re ne the categorization de-
cisionsmadeby categorizerstrained indepen-
dertly on dierent category systems. Af-
ter a description of the multiple categoriza-
tion problem, we presen seweral possibleso-
lutions, based either on a categorization or
reweighting approad, and comparethem on
real data. Lastly, we shov how the multi-
media categorization problem can be cast as
a multiple categorization problem and assess
our methods in this framework.

Appearing in Proceedings of the 23"Y International Con-
ference on Machine Learning, Pittsburgh, PA, 2006. Copy-
right 2006 by the author(s)/o wner(s).

1. Multiple-View  Categorization

Consider a situation where objects x must be led in

di erent category systems. This is typical, for exam-
ple, for companiesthat usean internal documert clas-
si cation systemin addition to an industry-wide clas-
si cation scheme(eg the International Patent Classi -

cation, IPC1). The category systemsmay be indepen-
dent, or, more likely, there may be somedependencies
that we can exploit to improve the classi cation accu-
racy in ead system.

Moreover, considerthe casewhere, for historical, oga-
nizational or other practical reasons,one has already
built categorizersfor eat category system, basedon
generally di erent training sets. Indeed, in order to
fully exploit available resourcesiit is preferable not to
restrict oneselfto training data that have beenanno-
tated in both category systems(the intersection set).
For instance, in the example above, it makes senseto
train an internal documernt categoriseron all available
internal documerts, rather than internal documerts
that arealsopatents (ie in the IPC). It is quite frequert
that categorizersfor the di erent views may have been
deweloped at di erent times and be already available.
Finally, there is alsoa more principled reason: The al-
ternativ e of retraining a single categorizertargeting all
combinations of categoriesfrom the two systemsis not
practical, becausethe number of parametersexplodes.

In our work, we assumethat we already have inde-
pendenly trained classi ers for eat category system
(or view). There are operational reasonsfor this: In
the same vein, multimedia document categorization

Lhttp:/iwww.wip  o.int/classi cations/ip cfip c8/
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typically raisesthe sameissue, namely the fact that
there exist powerful mono-mediacategorizersbasedon
mono-mediafeatures and category systems,but these
categorizers used large, mono-media training data.
Generic visual categorizersfor scenecategoriessuc
asthose we will usein the application described here-
after, need seweral hundreds or sometimesthousands
of training images;categoriesare quite broad and have
to cope with very large variability (size, illumination,

...). The Dmoz corpus?, on the other hand, constitutes
an incredible training data set for generictextual cat-
egorizersand it would be a pity that it could not be
exploited. This kind of situation also occursfor an in-
dividual userwho is archiving and organizing a family
multimedia corpus: she/he has not enough training

material to directly train a mixed-media categorizer
and may want to exploit somestandard mono-media
categorizers.

We will now focus on the situation where we have two
category systems. The extensionto more category sys-
tems is straightforward, although the complexity usu-
ally increasesas the product of the number of cate-
gories.

As the dierent category systems provide dierent

ways to describe, or label, the data, we call this prob-

lem multiple-view categorization. Multiple-view cat-

egorization is related to, but signi cantly dierent

from, multi-lab el categorization (Sebastiani, 2002). In

multi-lab el categorization, an object may be assigned
seweral labels from a given category system. In fact,

nding out how many categoriesshould be assigned
to a given obsenation is often a signi cant issue. By

contrast, in multiple-view categorization, we are essen-
tially doing singlelabel categorizationin ead of a plu-

rality of category systems. We have to pick one label
in ead category system.

This is alsodi erent from the topic of \learning with
multiple views", which addresseghe problem of learn-
ing from data where obsenations are represerted by
multiple independert setsof features. A typical exam-
ple is a webpagerepreserted either by its content or
by the content of anchor text pointing to this page,or
a multimedia document represerted either by its text
or its images. Co-training (Blum & Mitc hell, 1998)is
a typical example of such approaches. Multiple-view
categorization, on the other hand, meansthat eadh
documert may be led in dierent category systems.
The categorizersusedfor eat category systemmay in
fact use the samefeatures, or they may not (eg text
and images).

Zhttp://www.dmoz.org

To formalize the problem somewhat, we assumethat

we have objects x and two category systemsc,; =

fl,:::Kig and c; = f1;:::K,g. We have learned
independert categorizersfor both category systems,
f1(x) = B(cijx) and fo(x) = B(cyjx). We further

assumethat these categorizersoutput a probability,

either by rescaling or by calibration . The problem
that we addressis the following: given dependencies
betweenthe two category systemsc; and c,, can we
correct the scoresfi(x) and fa(x) in order to improve
the categorization accuracy?

In the next section, we briey discussthe approach
which consistsin building an additional classi cation
layer on top of the two independert categorizers. By
analogy with the technique used for model combi-
nation (Wolpert, 1992), we call these \stacking ap-
proaches". The main problem with theseis that they
may not scaleup to large category systems. In the
following section, we focus on reweighting approades,
and presert two original reweighting schemesfor cor-
recting assignmen probabilities in multiple-view cat-
egorization. We then presen experimental results ob-
tained rst on atext categorization task with multiple
category systems. We also presert a multimedia cate-
gorization problem which we castin terms of multiple-
view categorization and we asses®ur methods in this
framework.

2. Stacking Approac hes

Assuming that, for practical aswell as computational
reasons,we do not wish to retrain a single model tar-
geting all combinations of categoriesfrom both sys-
tems, the most obvious way to addressthe problem
from a Machine Learning point of view is to build an
additional layer ontop of the independert categorizers.
The outputs of the categorizers,f;(x) and f,(x), are
the input of this layer, and the nal output of this ad-
ditional layer is the relevant category system (or both
category systemsif needed). We call this the stacking
approach by analogy with Wolpert's stadked generali-
sation (Wolpert, 1992). Note howewver that the usual
stacking combines the output of seweral classi ers for
the same category systems, while in our framework,
we combine the inputs of a single categorizerfrom eath
category system.

There are essetially two alternativ es for the output
layer. The rst is to considerall pairs of categories
from both systems. This is not practical assoon asthe
number of categoriesgrow, as the number of parame-
ters grows at leastas K 1:K,:(K1 + K3) (for a simple
linear model). The secondpossibility is to divide the
output layer in two classi er: one for the rst cate-
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Figure 1. Graphical model for the asymmetric reweighting
approach (model A).

gory system (with K ; outputs) and onefor the second
system (with K, outputs). The number of parameters
is therefore limited. For two linear models, we have
about (K1 + K;)? parameters.

We experiment with this approad using logistic re-
gressionin the output layer, ie a simple linear model
with a softmax output. One drawbadk of the stadking
approad is that the number of parametersstill grows
quite fast with the number of categories, especially
when one set of categoriesis large. In addition, it re-
quires an additional training step to train the output
classi er(s). This contrasts with someof the reweight-
ing approachespreseried below, wherethe parameters
have closedform expressionsand no optimisation step
is required.

3. Reweighting Approac hes
3.1. Mo del A

We rst adopt two asymmetric reweighting models
which capture potential correlations between cate-
gories pertaining to dierent category systemsin an
asymmetricway. Figure 1 displaysthe graphical model
corresponding to the model reweighting the categories
from c;. A similar model is used for reweighting the
categoriesin c;.

From the model described in gure 1, the quartity we
are interested in can be rewritten as:
X

P(ct=ic=]jx 1, 2)

P(ci=ijx; 15 2)

P(c2=jjx; 2)
i
P(ci=ijca=j;%X 1):

We assume here that the quartity P(c; = ijc; =
j;X; 1) arises from two distinct contributions:
P(cijx; 1) and a positive potential de ned over
c: and ¢,. Using this decomposition in the above
equation, with appropriate normalization, and set-
ting P(c; = ijx; 1) (respP(c; = jix; 2)) to P(cy =
ijx; 1) (resp. Ib(cz = jjX; 2)), wearrive at:

P(ci = ijx; 15 2) P(c2 = jix; 2)
i
(ci =i = J)P(c = ijx; 1)

= 1
« (€= ke =j)Pc = kix; 1) @

and similarly for c,. The only values that need be
estimatedin eq.1 arethe valuesfor , which re ect the
correlations between categoriesfrom the two category
systems. As the decisionfunction givenby 1 is de ned
up to a scaling factor which does not depend on the
value of ¢;, we can impose,without Fl,oss of generality,
the following constraints on : 8j; |, (c1 = i;C =
i) = 1. We can then resort to a maximum likelihood
approad, under the preceding constraints, to derive
estimates for ~ from training examples (indexed by

r):

8 P .

> argmax  logP(x";c; ¢ 1) 2)
(chich)B(chix"; 1)
ke B(kix'; 1)

i @j)=1
Interestingly, one can note that the (equivalern)
reparametrization j = % leads to a concave,

; log P

(2)

S (= argmax
k
under the contraints 8j;

unconstrained maximization'problem. The maximum
is thus unique and can be found using standard opti-
mization procedures.

Alternativ ely, one can resort to approximating
(i;j) by the empirical joint distribution Ib(i;j) =
#fi;jg=N, where #fi; j g is the number of examples
with labelsc; = i and c; = j in the training set. In
practice, we sav no signi cant di erence betweenthese
two estimation procedures,and the results we report

in section 4 were obtained with the latter one.

Oncethe valueshave beenestimated on the training
set, the category decision for some new object x is
simply:

¢ = argmaxP(c; = ijx; 1; 2); 3
I
with P(c1 = ijx; 1; 2) given by equation 1.

3.2. Mo del B

We proposea symmetric reweighting model basedon
correcting the joint assignmeis of x in category pairs
(c1;¢2). The correction relies on the knowledge of the
joint category distribution P(cy;c,). In practice, this
distribution is not known beforehandbut estimated on
the data using, eg, Maximum Likelihood (as above).
We rst introduce additional category variables C?!
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Figure 2. Graphical model for the symmetric reweighting
formula (model B).

and C? which represernt the categoriesassignedby the
independert categorizersf; and f,. The corresponding
graphical model is in gure 2.

Conditional distributions for C! and C? are given by
the independert categorizers:P (Cljx; 1) = f1(x) and
P(C?jx; ,) = fo(x). From now on we will keep the
conditioning on 1 and/or , implicit. In orderto cor-
rect the posterior assignmen probabilities given by the
independert models, P(C?; C2?jx) = P(C!jx)P(C?jx),
let us consider the posterior probabilities for (cy;cy)
and (Ct; C?):

P(c1;cjx) /
P(CY:C%jx) |/

P(xjcy; )P (cy;C2)
P(xjC*;C?)P(Ct;C?)

As the proportionality factor P(x) is identical for
both, and P(C?';C?jx) = P(C'jx)P(C?jx), we com-
bine theseinto:

P(xjcr; c2)P(c1; ¢2)
P(xjC1;C?2)P(C*t; C?)

P(c1; Cjx) = P(Ctjx)P(C?jx)
The assumption we make is that for the rele-
vant3classes, P (xjci; ¢)=P(xjCt; C?) 1. As
a consequence,the only parameters neededto ob-
tain P(c1;¢jx) are P(cy;cp) and P(CY;C?). They
are estimated using the training set sample D =
fx";cl;ch0r=1 =N . FoOr P(ci;c) we usethe empirical
estimate Ib(cl;cz) = #fcy;c0°N, where#1fcp;cgis
the number of exampleswith labels c; and ¢, in D.
Note that this is the Maximum Likelihood estimator
for the joint probability.

As P(C%;C?) =  P(CYC%x)P(x), we obtain a
plqg in estimator usmg the empirical density Ih(x) =

N (x = x") asan estimator of P(x) ( (x = a) is
the D|rac distribution in a). Plugging this estimator

3This is likely to be very wrong when P (xjci; c;) and
P(xjC!;C?) are very small, but these are typically the
classesfor which it does not matter asthe nal decision
focuseson classeswith the highest probabilities.

in the above integral yields:

X
bCchch)= T PECHIIPEH):  (4)

r
The nal formula for model B is:
B(ci=i;c=])
B(Ccl=j; c2=j)
P(C'=ijx)P(C?=jjx)

Pla=ic=jjx) / (5)

Marginalising ¢, we get the following decision:

by = argmaxP(Cl ijx) (6)
X Pa=ie=j) 5o
B(Ciziciz)) P(C=]jjx)
C2
and similarly for c,.
Note that using weights  (i; j) = % this in

fact amounts to correcting the assignmen probabili-
ties with a simple reweighting formula:
X
P(ci=ijx) = P(C*=ijx) (i )P(C*=jjx) (@)
j

(with a similar expressionfor P (c, = ijx)).

4. Exp erimen ts

We present experimental results obtained on real-life
data. The rst problemisto categorizetext in two dif-
ferent category systems,and the secondis multimedia
categorization.

4.1. Text Categorization

We obtained 1213 logs describing customer problems
with Xerox hardware, and the solutions given by tech
support technicians. These logs were obtained from
the Xerox WelcomeCerter (ie help desk) and are usu-
ally manually assignedtwo labels: one describing the
type of problem (eg printing, or network problem, 7
categoriesin all) and a secondfor the severity (eg ques-
tion or malfunction, 5 categories). Each incoming log
must therefore be classi ed in two di erent category
systems. As there is somelevel of dependencybetween
the two category systems,we hope to improve the au-
tomatic classi cation performanceusing our approac.

The logs are text documerts written in English. As
they are often written by a rushed operator, they are
usually short and contain many grammar and spelling
mistakes. The only preprocessingwe performed is to
transform ead log into a bag-of-word, basedon the
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Observed joint labelling

Scanning [ ] - - [ -

Printing | [ [ | | o

Other | - [ | ] |
Network —| - | - | |
Installation —| - - - = -
Hardware —| - - - [ ] -

Driver — | - [ | - [ |

T T T T T
Howto  Malfunction Question Setup

Service

Estimated joint assignment

Scanning || [ | - -

Printing —| [ | [ ] | L =
Other ] ] [ ] | |
Network | - = = [ | ||
Installation —| = - L | =

Hardware —| ] ] - - |

Driver — [ | [ | [ ] | [ ]

T T T T T

Howto  Malfunction Question Service Setup

Figure 3. Observed (Ib(cl;cz), left) and estimated (Fb(Cl;CZ), right) joint distributions. Larger squaresindicate higher

probabilities.

surfaceforms. We removed rare words (occurring less
than 3timesin the corpus)and short alphabetic words.
We trained two categorizers,one on ead category sys-
tem. These categorizersare probabilistic latent cate-
gorizers, as described in (Gaussier et al., 2002). Ex-
ploiting these categorizersindependerily constitutes
our baseline.

In order to estimate the sensitivity of our methods
and results, we experimented with two random splits
cortaining respectively 1016 and 1013 logs for train-
ing and 197 and 200 logs for testing, with no overlap
betweenthe test sets. The base categorizersand the
reweighting factors are estimated on the training set,
and the performanceis computed on the test set.

Using model B, we estimatethe 7 5= 35reweighting
factors as described in section 3.2. As an illustration,
gure 3 presens Ib(cl; c;) and Ib(Cl;Cz) for the rst
split. Category pairs for which the obsened distri-
bution is higher than estimated, eg (Printing, Setup),
will get higher factors.

The performanceis reported in terms of MisClassi -
cation Error (MCE, the ratio of misclassi ed exam-
ples) in table 1. We test two instances of Model B.
ModelB/J assignsthe most probable pair of categories
to the documert using P (c;; cojx) from eq. 5. Mod-
elB/M marginalisesthe unneededcategoryto estimate
P (c1jx) and P (c;jx) and assignseat category accord-
ingly, eg. 6. As shawn in table 1, Model B yieldsa 5 to
6% (absolute) decreasan error on the Type category

system, with a marginal increase in error on Sever-

ity .

For model A, we used both the optimal solution of
maximal likelihood equation 2 and its approximation
Ib(cl;cz) (on the training set) for estimating the val-
uesof equation 1. It appearsthat the approximation
gave nearly the sameresults asthe exact optimal solu-
tion, while beinglesscostly in computing time, sothat
we reported only the error rates for the approximate
scheme. Moreover, this approximation seemsto result
in performancethat is similar to the performancesof
Model B: Model A yields a 5% absolute decreasen er-
ror on the Type category system, without signi cant
degradation on the other category system.

As a comparison,we applied the stacking approach us-
ing a logistic regression® Logit/P is a single logistic
regressionapplied to all 35 category pairs as output.
Logit/R usestwo logistic regressionmodelsto reweight
ead category system. This approach resultsin similar
reductionsin error on the Type category but yields a
large increase in error on the Severity categories.

Judging from overall results, Severity seemsa lot
more dicult to learn than Type . Thus, improving
the latter without decreasingperformanceon the for-
mer is a good result.

“We also tried a Support Vector Machine, but the clas-
si cation accuracy was worse than what we obtained with
h logistic regression
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Table 1. Performance (misclassi cation error, lower is better) of various multiple-view methods on two data splits, for the

Type and Sewrity (Sev.) category systems. ModelB is used either on joint (J) or marginal (M) distributions. Logit are
logistic regressionson all pairs (P) or for reweighting (R). Seetext for more information.
Misclassifica tion err or (in %)
Baseline ModelA ModelB/J ModelB/M Logit/P Logit/R
Type Sev. | Type Sev. | Type Sev. | Type Sev. | Type Sev. | Type Sev.
Split0 37.6 457 33.0 447 31.0 457 320 46.7 325 60.4 30.0 584
Splitl 38,5 475 335 495 33.0 485 345 49.0 35.5 53.5 35.0 515
avg 38.1 46.6 332 471 | 320 471 332 478 34.0 57.0 325 549
Gain -49 +05 -6.1 +05 -49  +1.2 -41 +104 -5.6 +8.3

4.2. Multimedia  Categorization

For multimedia categorization, we focus on web data.

The textual category system we have used has been
built from Dmoz,® a.k.a. The Open Directory Project.

The OpenDirectory Project is adirectory of webpages,
manually edited by a large community of volunteer ed-
itors. It is usedfor example by Google Directory. It

oers a large spectrum of categoriesfrom which we
have extracted documerts related to travel and as-
sociated activities such as winter or water activities,

travel preparation and transportation. We then sim-

plied the hierarchical oganizationinto a systemof 89
categoriesfor a maximum depth of 3 levels. On the

imageside, we usedan internal visual category system,
basedon 28 genericcategorieswhich are related to the

"T ravel and Leisure" domain (bead, shing, water ac-
tivities, trains, planes, ...). Note that this category
system includes generic objects as well as scenes. It

is fundamertally multi-class, multi-lab el, asthe same
image can belong to more than one category.

The documerts are web pagescorresponding to web
sitesreferencedin Dmoz. For eadh documert we have
extracted the textual information from the web page
and we have collectedimagescorresponding to the root
pageand the rst level of the linked pagesin order to
have enough documert with pictures. We applied a
very simple Iter to automatically remove irrelevant
images. The lter is basedon the size, the ratio be-
tweenthe X and Y sizesand the distribution of the
colors. The goal is to remove the logos, buttons and
other web decorationsthat populate most of the web
pages.

The resulting collection contains 2828 documerts,
1068of which contain text and valid images,while the
rest (1760 documerts) contains only text. There are
6193valid imagesin the 1068 multi-media documerts.

A text categorizerwastrained on these1760text-only
documernts using the Probabilistic Latent categorizer

Shttp://Mmww.dmoz.org

(Gaussier et al., 2002); subsequetly, this categorizer
was applied to the textual part of the 1068 multime-
dia documerts, resulting in assignmen probabilities
P(Cjx) for eath (documert,category) pair.

Similarly, the 6193imagescontained in the multime-
dia documerts werescoredby animagecategorizer. To
categorizethe imageswe usea Generic Visual catego-
rization (GVC) system basedon a bag-of-keypatches
approac (Csurka et al., 2004; Farquhar et al., 2005;
Perronnin et al., 2006). This approac was chosenin
analogy to the bag-of-words approac used for text
categorization (Joachims, 1998). Similarly, an image
can be characterized by a histogram of visual word
counts. In cortrast to the text categorization, the
main dicult y for imagesis that we have no given
visual vocabulary. Therefore, we rst have to build
one automatically from the training set.

In our current GVC system (Perronnin et al., 2006),
we apply soft clustering based on Gaussian Mixture

Models (GMM) to features consisting of orientation

histogram descriptors of rotation or a ne invariant re-
gions (Mik olajczyk & Sdimid, 2003), as well as color
features(local meanand standard deviation computed
in RGB space). Each componert in the GMM becomes
a visual word, and an image may be represerted by a
histogram over visual words. This is similar to Far-

guhar et al. (2005), however, in cortrast to them, our

classdependert vocabulariesare not trained indepen-
dertly. Instead, we begin by building a universal vo-
cabulary (GMM) from all the training data. Then, us-
ing a Bayesianadaptation of the GMM, we adapt this

universal vocabulary to ead classusing class-sgeci ¢

images.

An image is then characterized by a set of bi-partite

histograms - one per class- where eat histogram de-
scribeswhether the image content is best modeled by
the universal vocabulary, or the corresponding class
vocabulary. To classifythesebi-partite histograms, we
useone Support Vector Machine (SVM) classi er per
class. The GVC systemwas applied independertly to
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both texture featuresand colors features and the nor-
malized SVM scoreswere merged (by taking the av-
erage)to output a scorefor ead category which was
converted to a probability using a sigmoid t (Platt,

1999).

As someimages may have seweral labels, we had to
extend the basic theoretical scheme described for the
multi-class mono-label case,to the multi-lab el case.
When considering the joint use of visual and textual
scoresto re ne the visual categorizer decisions, we
adopted a very simple method for this extension, by
consideringthat the genericvisual categorizerhas ex-
ploited as much as possibleany correlation in the vi-
sual categoriesand that we could limit oursehes to
considerthe mutual in uence of the (monolabel) text
categorizer with ead "1-class-vs-the-rest" image cat-
egorizer. Applying the methods proposedin the theo-
retical sectionsresultsin re ning/mo difying the image
categorizer scores,in order to take into accourt the
textual context of the image. For ead visual class,we
then used a re-calibration procedure on a calibration
set extracted from the training data, in order to en-
sure that the individual thresholds for ead category
are adapted to the new re ned/mo died scores. In
other words, the results reported hereinclude both ef-
fects (multiple-view correction and re-calibration).

Finally, asa documert can have more than oneimage,
when addressing the textual categorization problem
usingthe image categorizerscoresof the assaiated im-

ages,we furthermore have to decide how to aggregate
the modi cations brought by ead image. We sim-
ply usedthe averageoperator to aggregatethe re ned

scores;in other words, we applied the reweighting for-

mula for eac (documert,image i) pair, and then took
the averageof the re ned probabilities over all images
i of the samedocumern. We then usedre-calibration

to obtain a more adapted threshold using the same
method asfor the images.

In order to assesshe stability of the results, we divided
the data into 5 splits in a 5-fold cross-walidation man-
ner. Note that for ead fold, only the reweighting coef-
cients are estimated on the training part. As already
mertioned, the text and image categorizersthemsehes
are obtained beforehandon someindependert data.

Table 2 preseris the micro-averagedF1 measure(har-
monic mean of precision and recall) we obtained on
the text and image categoriesusing various methods.
Again, the baselineusesthe scoresof the independert
categorizerswithout taking dependenciednto accoun.
For model B, we selectthe classwith highest marginal
(eqg. 6) in eath category system.

Table 2. Performance (F1 - harmonic mean of precision
and recall) on the multimedia data - Average on 5 folds.
ModelB is used on the marginal distributions. Seetext for
more information.

micr o-avera ged F-1 measure (in %)

Baseline ModelA ModelB
Text Img | Text Img | Text Img
avg 70.4 51.2 72.6  59.3 715 59.7
+/- +2.2 482 +1.1 +85

Models A and B seemto yield uneven results for this
data set: categorization performance is highly im-
proved for the Image category system(more than 8%
absolute), while at the sametime the F1-improvemert

is relatively modest for the textual category system
(about 2%). This could be explained by the fact that,

for the text categorization system, the number of pos-
sible categories(89) is so high that the empirical es-
timate is no longer reliable for small-sized categories.
The di erence is statistically signi cant for both me-
dia, when model A or B is comparedto the baseline,
but not signi cant whenmodelsA and B are compared
to ead other.

5. Discussion

The experimental results shov that our reweighting
modelsdo manageto takeinto accourt someof the de-
pendenciesbetweenthe category systems. They pro-
vide some improvemen in performance, although it
may not be equivalent on both category systems. In
our rst experiments, both modelsimprove the classi-
cation accuracyonthe Type categories,with limited
impact on the Severity categories,which seemmuch
harder to classify accurately.

Our model may be seenas a simple instance of the
general problem of calibration. Using empirical evi-
dencefrom the data, we wish to calibrate the output
of the independert classi ers to better match the ob-
served dependencies.However, our investigationswere
limited to the classi cation accuracy rather than the
calibration of the full output distribution.

Our approach seemsespecially promising for multi-
media categorization problems. It allows us to lever-
agese\eral existing single-mediacategorizers(for text,
still or moving images, sound) and let the reweight-
ing model handle the dependenciesbetweenthe vari-
ous category systems. This is especially valuable when
one of the basecategory systemsis alsothe nal mul-
timedia category system that we are interested in.
One such examplefrom our experiments would be the
Dmoz category system, which may be used both for
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the text categorizerand for categorizingthe nal mul-
timedia cortent.

6. Conclusion

In this paper, we addressedthe problem of multiple-
view categorization, ie categorization of the same ob-
jects in multiple category systems. We furthermore
focused on the practical casewhere we have to con-
siderthe individual categorizers(for eat categorysys-
tem) as black-boxes; this caseis the consequenceof
the fact that it often happensthat we have numerous
labeled training data when considering the category
systemsindependertly, but fewer training data anno-
tated simultaneously in the di erent category systems.
It is therefore hazardousto want to build a joint cat-
egorizer, based directly on the low-level features in-
volved in a unique complex model. Resorting to sim-
pler models, with much lessparameters,is logically a
more promising approach. We introduce two simple
reweighting schemes(model A and model B) that rely
on a limited number of parameters. We have tested
theseapproacesin two situations: the categorization
of text in two di erent category systems,and the cat-
egorization of multimedia content. We have shawved
that the best model potentially provides a large de-
creasein error (more than 8% absolute, 16% relative,
on the image categories).

We have found that our reweighting models provide a
conveniert and e cient way to addressthe multiple-
view categorization problem. These models are appli-
cable to any combination of base classi ers, as long
astheir output may be converted to probabilities (us-
ing rescaling or calibration). They allow to take into
accourt the dependenciesbetweenthe dierent cate-
gory systems, without having to retrain a large and
complex classi er on the combined categories. In ad-
dition, model B and the simpli ed version of model A
have closed-form expressionsfor the parameters, and
therefore require no optimisation step at all.
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