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Abstract

We explore the situation in which documents
have to be categorized into more than one
category system, a situation we refer to as
multiple-view categorization. More partic-
ularly, we address the case where two dif-
ferent categorizers have already been built
based on non-necessarily identical training
sets, each one labeled using one category sys-
tem. On the top of these categorizers con-
sidered as black-boxes, we propose some al-
gorithms able to exploit a third training set
containing a few examples annotated in both
category systems. Such a situation arises
for example in large companies where incom-
ing mails have to be routed to several de-
partments, each one relying on its own cat-
egory system. We focus here on exploiting
possible dependencies between category sys-
tems in order to refine the categorization de-
cisions made by categorizers trained indepen-
dently on different category systems. Af-
ter a description of the multiple categoriza-
tion problem, we present several possible so-
lutions, based either on a categorization or
reweighting approach, and compare them on
real data. Lastly, we show how the multi-
media categorization problem can be cast as
a multiple categorization problem and assess
our methods in this framework.

1. Multiple-View Categorization

Consider a situation where objects x must be filed in
different category systems. This is typical, for exam-
ple, for companies that use an internal document clas-
sification system in addition to an industry-wide clas-
sification scheme (eg the International Patent Classifi-
cation, IPC!). The category systems may be indepen-
dent, or, more likely, there may be some dependencies
that we can exploit to improve the classification accu-
racy in each system.

Moreover, consider the case where, for historical, oga-
nizational or other practical reasons, one has already
built categorizers for each category system, based on
generally different training sets. Indeed, in order to
fully exploit available resources, it is preferable not to
restrict oneself to training data that have been anno-
tated in both category systems (the intersection set).
For instance, in the example above, it makes sense to
train an internal document categoriser on all available
internal documents, rather than internal documents
that are also patents (ie in the IPC). It is quite frequent
that categorizers for the different views may have been
developed at different times and be already available.
Finally, there is also a more principled reason : The al-
ternative of retraining a single categorizer targeting all
combinations of categories from the two systems is not
practical, because the number of parameters explodes.

In our work, we assume that we already have inde-
pendently trained classifiers for each category system
(or view). There are operational reasons for this: In
the same vein, multimedia document categorization
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typically raises the same issue, namely the fact that
there exist powerful mono-media categorizers based on
mono-media features and category systems, but these
categorizers used large, mono-media training data.
Generic visual categorizers for scene categories such
as those we will use in the application described here-
after, need several hundreds or sometimes thousands
of training images; categories are 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 generic textual cat-
egorizers and it would be a pity that it could not be
exploited. This kind of situation also occurs for an in-
dividual user who 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 some standard mono-media
categorizers.

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

As the different category systems provide different
ways to describe, or label, the data, we call this prob-
lem multiple-view categorization. Multiple-view cat-
egorization is related to, but significantly different
from, multi-label categorization (Sebastiani, 2002). In
multi-label categorization, an object may be assigned
several labels from a given category system. In fact,
finding out how many categories should be assigned
to a given observation is often a significant issue. By
contrast, in multiple-view categorization, we are essen-
tially doing single label categorization in each of a plu-
rality of category systems. We have to pick one label
in each category system.

This is also different from the topic of “learning with
multiple views”, which addresses the problem of learn-
ing from data where observations are represented by
multiple independent sets of features. A typical exam-
ple is a webpage represented either by its content or
by the content of anchor text pointing to this page, or
a multimedia document represented either by its text
or its images. Co-training (Blum & Mitchell, 1998) is
a typical example of such approaches. Multiple-view
categorization, on the other hand, means that each
document may be filed in different category systems.
The categorizers used for each category system may in
fact use the same features, or they may not (eg text
and images).

2http://www.dmoz.org

To formalize the problem somewhat, we assume that
we have objects x and two category systems c¢; =
{1,... K1} and ¢o = {1,...K3}. We have learned
independent categorizers for both category systems,
fi(z) = P(c1]z) and fa(x) = P(cz|x). We further
assume that these categorizers output a probability,
either by rescaling or by calibration . The problem
that we address is the following: given dependencies
between the two category systems c; and ca, can we
correct the scores f(z) and fa(x) in order to improve
the categorization accuracy?

In the next section, we briefly discuss the approach
which consists in building an additional classification
layer on top of the two independent categorizers. By
analogy with the technique used for model combi-
nation (Wolpert, 1992), we call these “stacking ap-
proaches”. The main problem with these is that they
may not scale up to large category systems. In the
following section, we focus on reweighting approaches,
and present two original reweighting schemes for cor-
recting assignment probabilities in multiple-view cat-
egorization. We then present experimental results ob-
tained first on a text categorization task with multiple
category systems. We also present a multimedia cate-
gorization problem which we cast in terms of multiple-
view categorization and we assess our methods in this
framework.

2. Stacking Approaches

Assuming that, for practical as well as computational
reasons, we do not wish to retrain a single model tar-
geting all combinations of categories from both sys-
tems, the most obvious way to address the problem
from a Machine Learning point of view is to build an
additional layer on top of the independent categorizers.
The outputs of the categorizers, f1(z) and fa(x), are
the input of this layer, and the final output of this ad-
ditional layer is the relevant category system (or both
category systems if needed). We call this the stacking
approach by analogy with Wolpert’s stacked generali-
sation (Wolpert, 1992). Note however that the usual
stacking combines the output of several classifiers for
the same category systems, while in our framework,
we combine the inputs of a single categorizer from each
category system.

There are essentially two alternatives for the output
layer. The first is to consider all pairs of categories
from both systems. This is not practical as soon as the
number of categories grow, as the number of parame-
ters grows at least as K;.K5.(K; + K») (for a simple
linear model). The second possibility is to divide the
output layer in two classifier: one for the first cate-
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Figure 1. Graphical model for the asymmetric reweighting
approach (model A).

gory system (with Ky outputs) and one for the second
system (with K5 outputs). The number of parameters
is therefore limited. For two linear models, we have
about (K; + K3)? parameters.

We experiment with this approach using logistic re-
gression in the output layer, ie a simple linear model
with a softmax output. One drawback of the stacking
approach is that the number of parameters still grows
quite fast with the number of categories, especially
when one set of categories is large. In addition, it re-
quires an additional training step to train the output
classifier(s). This contrasts with some of the reweight-
ing approaches presented below, where the parameters
have closed form expressions and no optimisation step
is required.

3. Reweighting Approaches
3.1. Model A

We first adopt two asymmetric reweighting models
which capture potential correlations between cate-
gories pertaining to different category systems in an
asymmetric way. Figure 1 displays the graphical model
corresponding to the model reweighting the categories
from ¢y. A similar model is used for reweighting the
categories in cs.

From the model described in figure 1, the quantity we
are interested in can be rewritten as:

P(cy =i|z,01,6;) = ZP(cl =1i,co = jlz,01,02)

J

ZP(CQ :j|$,92) X
J

P(61 = i|02 :j,a:,01).

We assume here that the quantity P(c; = ilca =
j,x,01) arises from two distinct contributions:
P(cq|z,01) and a positive potential ¢ defined over
c1 and co. Using this decomposition in the above
equation, with appropriate normalization, and set-
ting P(ep = |z, 61) (resp.P(ca = jlx,03)) to P(ep =
i@, 01) (resp. P(cy = j|z,02)), we arrive at:

P(cy =i|z,01,605) = 213(02 = jlz,02) x
J
(e =i, co = j)Pler = iz, 61)
Yoptlcr =k, co =7)P(c1 = kl|z,0y)

(1)

and similarly for c;. The only values that need be
estimated in eq. 1 are the values for ¥, which reflect the
correlations between categories from the two category
systems. As the decision function given by 1 is defined
up to a scaling factor which does not depend on the
value of ¢1, we can impose, without loss of generality,
the following constraints on : V3, . ¢(c1 = i,¢co =
j) = 1. We can then resort to a maximum likelihood
approach, under the preceding constraints, to derive
estimates for ¢ from training examples (indexed by

r):
argmax,, »  log P(z", ], c5|01,62)
(= argmax,, >, log (et e5) P(cf|2",01) @)

>, Y(keh)P(klar,01)
under the contraints Vj, >, ¥(i,j) =1

Interestingly, one can note that the (equivalent)
. . Bij

reparametrization ;; = i—ejﬁJ leads to a concave,

unconstrained maximizationmproblem. The maximum

is thus unique and can be found using standard opti-

mization procedures.

Alternatively, one can resort to approximating
¥(i,7) by the empirical joint distribution P(i,j) =
#{i,j}/N, where #{i,j} is the number of examples
with labels ¢; = 7 and ¢ = j in the training set. In
practice, we saw no significant difference between these
two estimation procedures, and the results we report
in section 4 were obtained with the latter one.

Once the v values have been estimated on the training
set, the category decision for some new object = is
simply:

¢1 = argmax P(c; = i|z,01,02), (3)
with P(c; = i|x,61,02) given by equation 1.

3.2. Model B

We propose a symmetric reweighting model based on
correcting the joint assignments of x in category pairs
(c1,¢2). The correction relies on the knowledge of the
joint category distribution P(cq,c2). In practice, this
distribution is not known beforehand but estimated on
the data using, eg, Maximum Likelihood (as above).
We first introduce additional category variables C!
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Figure 2. Graphical model for the symmetric reweighting
formula (model B).

and C? which represent the categories assigned by the
independent categorizers f; and f5. The corresponding
graphical model is in figure 2.

Conditional distributions for C* and C? are given by
the independent categorizers: P(C!|z,6,) = f1(x) and
P(C?%|z,6;) = fa(x). From now on we will keep the
conditioning on #; and/or #3 implicit. In order to cor-
rect the posterior assignment probabilities given by the
independent models, P(C!, C?|x) = P(C!|z)P(C?|x),
let us consider the posterior probabilities for (c1,c2)

and (C1,C?):

P(cy,ealz) o P(x|ey,ea)P(cr,c2)
P(C',C*z) o« P(z|C',CHP(C*, C?)

As the proportionality factor P(z) is identical for
both, and P(C!,C?x) = P(C'|x)P(C?|x), we com-
bine these into:
P(zle1, c2)Per, e2)
P =

el = pior e P o)

P(C'|x)P(C?|x)

The assumption we make is that for the rele-
vant3classes, P(z|c1,c2)/P(z|C*,C?) ~ 1. As
a consequence, the only parameters needed to ob-
tain P(cy,colx) are P(cy,ce) and P(C',C?). They
are estimated using the training set sample D =
{z", ¢}, c5}r=1..n. For P(c1,c2) we use the empirical
estimate P(c1,c2) = #{c1,c2}/N, where #{c1,co} is
the number of examples with labels ¢; and cp in D.
Note that this is the Maximum Likelihood estimator
for the joint probability.

As P(CY,C?) = I8 P(CY,C?|z)P(z), we obtain a
plug-in estimator using the empirical density ﬁ(x) =
+ >, 8(z = 2") as an estimator of P(z) (0(z = a) is
the Dirac distribution in a). Plugging this estimator

3This is likely to be very wrong when P(z|ci,c2) and
P(z|C',C?) are very small, but these are typically the
classes for which it does not matter as the final decision
focuses on classes with the highest probabilities.

in the above integral yields:

P(cL, c?) = %ZP(CH%T)P(CQMT). (4)

The final formula for model B is:

~

P(Cl :7;7 C2 :])
P(Cl=i,C2=j)
x P(Ct=i|z) P(C*=j|x)

Pler=i,co=7|z)

()

Marginalising co we get the following decision:

¢ =

argmax P(C' =i|x) x (6)

> O pee )
P(Cl=i,C?=j)

Cco

and similarly for cs.

. . . Plerieo=)  ps s
Note that using weights v(i,7) = Gy this in
fact amounts to correcting the assignment probabili-
ties with a simple reweighting formula:

Per=ilz) = P(C'=ile) }_+(0,/)P(C*=jlz) (7)
J
(with a similar expression for P(co=i|x)).

4. Experiments

We present experimental results obtained on real-life
data. The first problem is to categorize text in two dif-
ferent category systems, and the second is 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 Welcome Center (ie help desk) and are usu-
ally manually assigned two labels: one describing the
type of problem (eg printing, or network problem, 7
categories in all) and a second for the severity (eg ques-
tion or malfunction, 5 categories). Each incoming log
must therefore be classified in two different category
systems. As there is some level of dependency between
the two category systems, we hope to improve the au-
tomatic classification performance using our approach.

The logs are text documents 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 preprocessing we performed is to
transform each log into a bag-of-word, based on the



Categorization in Multiple Category Systems

Observed joint labelling

Scanning [ ] - - [

Printing | [ [ | | o

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

Driver — | - [ | - [ |

T T T T T
Howto  Malfunction Question Service Setup

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 (Ig(cl,cz), left) and estimated (ﬁ(Cl,Cz), right) joint distributions. Larger squares indicate higher

probabilities.

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

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

Using model B, we estimate the 7 x5 = 35 reweighting
factors as described in section 3.2. As an illustration,
figure 3 presents P(cy,co) and P(CY, C?) for the first
split. Category pairs for which the observed distri-
bution is higher than estimated, eg (Printing, Setup),
will get higher factors.

The performance is reported in terms of MisClassifi-
cation Error (MCE, the ratio of misclassified exam-
ples) in table 1. We test two instances of Model B.
ModelB/J assigns the most probable pair of categories
to the document using P(cq, c3|z) from eq. 5. Mod-
elB/M marginalises the unneeded category to estimate
P(cq|z) and P(co|x) and assigns each category accord-
ingly, eq. 6. As shown in table 1, Model B yields a 5 to
6% (absolute) decrease in 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
P(c1,¢2) (on the training set) for estimating the 1) val-
ues of equation 1. It appears that the approximation
gave nearly the same results as the exact optimal solu-
tion, while being less costly in computing time, so that
we reported only the error rates for the approximate
scheme. Moreover, this approximation seems to result
in performance that is similar to the performances of
Model B: Model A yields a 5% absolute decrease in er-
ror on the TYPE category system, without significant
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
regression applied to all 35 category pairs as output.
Logit/R uses two logistic regression models to reweight
each category system. This approach results in similar
reductions in error on the TYPE category, but yields a
large increase in error on the SEVERITY categories.

Judging from overall results, SEVERITY seems a lot
more difficult to learn than TYPE. Thus, improving
the latter without decreasing performance on the for-
mer is a good result.

4We also tried a Support Vector Machine, but the clas-
sification accuracy was worse than what we obtained with
h logistic regression
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Table 1. Performance (misclassification error, lower is better) of various multiple-view methods on two data splits, for the
Type and Severity (SEV.) category systems. ModelB is used either on joint (J) or marginal (M) distributions. Logit are
logistic regressions on all pairs (P) or for reweighting (R). See text for more information.

MISCLASSIFICATION ERROR (IN %)

BASELINE MODELA MODELB/J MoDELB/M Logit/P LoaciT/R
TypE SeEv. | TYyPE SEv. | TYPE SEvV. | TYPE SEV. | TYPE SEv. | TYPE SEV.
SPLITO 37.6 45.7 33.0 44.7 31.0 45.7 32.0 46.7 32.5 60.4 30.0 58.4
SpLIT1 38.5 47.5 33.5 49.5 33.0 48.5 34.5 49.0 35.5 53.5 35.0 51.5
AVG 38.1 46.6 33.2 47.1 32.0 47.1 33.2 47.8 34.0 57.0 32.5 54.9
GAIN -4.9 40.5 -6.1 +0.5 -4.9  +1.2 -4.1 +10.4 -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 Open Directory Project is a directory of webpages,
manually edited by a large community of volunteer ed-
itors. It is used for example by Google Directory. It
offers a large spectrum of categories from which we
have extracted documents related to travel and as-
sociated activities such as winter or water activities,
travel preparation and transportation. We then sim-
plified the hierarchical oganization into a system of 89
categories for a maximum depth of 3 levels. On the
image side, we used an internal visual category system,
based on 28 generic categories which are related to the
”Travel and Leisure” domain (beach, fishing, water ac-
tivities, trains, planes, ...). Note that this category
system includes generic objects as well as scenes. It
is fundamentally multi-class, multi-label, as the same
image can belong to more than one category.

The documents are web pages corresponding to web
sites referenced in Dmoz. For each document we have
extracted the textual information from the web page
and we have collected images corresponding to the root
page and the first level of the linked pages in order to
have enough document with pictures. We applied a
very simple filter to automatically remove irrelevant
images. The filter is based on the size, the ratio be-
tween the X and Y sizes and the distribution of the
colors. The goal is to remove the logos, buttons and
other web decorations that populate most of the web
pages.

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

A text categorizer was trained on these 1760 text-only
documents using the Probabilistic Latent categorizer

http://www.dmoz.org

(Gaussier et al., 2002); subsequently, this categorizer
was applied to the textual part of the 1068 multime-
dia documents, resulting in assignment probabilities
P(C|x) for each (document,category) pair.

Similarly, the 6193 images contained in the multime-
dia documents were scored by an image categorizer. To
categorize the images we use a Generic Visual catego-
rization (GVC) system based on a bag-of-keypatches
approach (Csurka et al., 2004; Farquhar et al., 2005;
Perronnin et al., 2006). This approach was chosen in
analogy to the bag-of-words approach used for text
categorization (Joachims, 1998). Similarly, an image
can be characterized by a histogram of visual word
counts. In contrast to the text categorization, the
main difficulty for images is that we have no given
visual vocabulary. Therefore, we first 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 affine invariant re-
gions (Mikolajczyk & Schmid, 2003), as well as color
features (local mean and standard deviation computed
in RGB space). Each component in the GMM becomes
a visual word, and an image may be represented by a
histogram over visual words. This is similar to Far-
quhar et al. (2005), however, in contrast to them, our
class dependent vocabularies are not trained indepen-
dently. Instead, we begin by building a universal vo-
cabulary (GMM) from all the training data. Then, us-
ing a Bayesian adaptation of the GMM, we adapt this
universal vocabulary to each class using class-specific
images.

An image is then characterized by a set of bi-partite
histograms - one per class - where each histogram de-
scribes whether the image content is best modeled by
the universal vocabulary, or the corresponding class
vocabulary. To classify these bi-partite histograms, we
use one Support Vector Machine (SVM) classifier per
class. The GVC system was applied independently to
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both texture features and colors features and the nor-
malized SVM scores were merged (by taking the av-
erage) to output a score for each category, which was
converted to a probability using a sigmoid fit (Platt,
1999).

As some images may have several labels, we had to
extend the basic theoretical scheme described for the
multi-class mono-label case, to the multi-label case.
When considering the joint use of visual and textual
scores to refine the visual categorizer decisions, we
adopted a very simple method for this extension, by
considering that the generic visual categorizer has ex-
ploited as much as possible any correlation in the vi-
sual categories and that we could limit ourselves to
consider the mutual influence of the (monolabel) text
categorizer with each ”1-class-vs-the-rest” image cat-
egorizer. Applying the methods proposed in the theo-
retical sections results in refining/modifying the image
categorizer scores, in order to take into account the
textual context of the image. For each 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 each category
are adapted to the new refined/modified scores. In
other words, the results reported here include both ef-
fects (multiple-view correction and re-calibration).

Finally, as a document can have more than one image,
when addressing the textual categorization problem
using the image categorizer scores of the associated im-
ages, we furthermore have to decide how to aggregate
the modifications brought by each image. We sim-
ply used the average operator to aggregate the refined
scores; in other words, we applied the reweighting for-
mula for each (document,image 7) pair, and then took
the average of the refined probabilities over all images
i of the same document. We then used re-calibration
to obtain a more adapted threshold using the same
method as for the images.

In order to assess the stability of the results, we divided
the data into 5 splits in a 5-fold cross-validation man-
ner. Note that for each fold, only the reweighting coef-
ficients are estimated on the training part. As already
mentioned, the text and image categorizers themselves
are obtained beforehand on some independent data.

Table 2 presents the micro-averaged F1 measure (har-
monic mean of precision and recall) we obtained on
the text and image categories using various methods.
Again, the baseline uses the scores of the independent
categorizers without taking dependencies into account.
For model B, we select the class with highest marginal
(eq. 6) in each 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. See text for
more information.

MICRO-AVERAGED F-1 MEASURE (IN %)
BASELINE MODELA MobpELB
‘ TeExT IMG ‘ TEXT Imac ’ TEXT MG ‘
AVG 70.4 51.2 72.6 59.3 71.5 59.7
+/- | ‘ +2.2  +8.2 ‘ +1.1  +8.5 ‘

Models A and B seem to 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 same time the F1-improvement
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 difference is statistically significant for both me-
dia, when model A or B is compared to the baseline,
but not significant when models A and B are compared
to each other.

5. Discussion

The experimental results show that our reweighting
models do manage to take into account some of the de-
pendencies between the category systems. They pro-
vide some improvement in performance, although it
may not be equivalent on both category systems. In
our first experiments, both models improve the classi-
fication accuracy on the TYPE categories, with limited
impact on the SEVERITY categories, which seem much
harder to classify accurately.

Our model may be seen as a simple instance of the
general problem of calibration. Using empirical evi-
dence from the data, we wish to calibrate the output
of the independent classifiers to better match the ob-
served dependencies. However, our investigations were
limited to the classification accuracy rather than the
calibration of the full output distribution.

Our approach seems especially promising for multi-
media categorization problems. It allows us to lever-
age several existing single-media categorizers (for text,
still or moving images, sound) and let the reweight-
ing model handle the dependencies between the vari-
ous category systems. This is especially valuable when
one of the base category systems is also the final mul-
timedia category system that we are interested in.
One such example from our experiments would be the
Dmoz category system, which may be used both for
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the text categorizer and for categorizing the final mul-
timedia content.

6. Conclusion

In this paper, we addressed the problem of multiple-
view categorization, ie categorization of the same ob-
jects in multiple category systems. We furthermore
focused on the practical case where we have to con-
sider the individual categorizers (for each category sys-
tem) as black-boxes; this case is the consequence of
the fact that it often happens that we have numerous
labeled training data when considering the category
systems independently, but fewer training data anno-
tated simultaneously in the different category systems.
It is therefore hazardous to 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 less parameters, 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
these approaches in two situations: the categorization
of text in two different category systems, and the cat-
egorization of multimedia content. We have showed
that the best model potentially provides a large de-
crease in error (more than 8% absolute, 16% relative,
on the image categories).

We have found that our reweighting models provide a
convenient and efficient way to address the multiple-
view categorization problem. These models are appli-
cable to any combination of base classifiers, as long
as their output may be converted to probabilities (us-
ing rescaling or calibration). They allow to take into
account the dependencies between the different cate-
gory systems, without having to retrain a large and
complex classifier on the combined categories. In ad-
dition, model B and the simplified version of model A
have closed-form expressions for the parameters, and
therefore require no optimisation step at all.
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