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ABSTRACT
We propose a new statistical model for the classiﬁcation of
structured documents and consider its use for multimedia
document classiﬁcation. Its main originality is its ability to
simultaneously take into account the structural and the content information present in a structured document, and also
to cope with diﬀerent types of content (text, image, etc).
We present experiments on the classiﬁcation of multilingual
pornographic HTML pages using text and image data. The
system accurately classiﬁes porn sites from 8 European languages. This corpus has been developed by EADS company
in the context of a large Web site ﬁltering application.
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1.

INTRODUCTION

The development of the Web and the growing number
of documents available electronically has been paralleled by
the emergence of semi-structured data models for representing textual or multimedia documents. These models allow
to encode the document content and its logical structure
i.e. relations between document elements – denoted doxels
in the following –, they also allow to enrich the document
description with diﬀerent types of meta-data. These representations are also useful for eﬃciently storing and accessing

Permission to make digital or hard copies of all or part of this work for
personal or classroom use is granted without fee provided that copies are
not made or distributed for profit or commercial advantage and that copies
bear this notice and the full citation on the first page. To copy otherwise, to
republish, to post on servers or to redistribute to lists, requires prior specific
permission and/or a fee.
DocEng’03, November 20–22, 2003, Grenoble, France.
Copyright 2003 ACM 1-58113-724-9/03/0011 ...$5.00.

Sylvie Brunessaux
Stephan Brunessaux
EADS S&DE
Val de Reuil – France

sylvie.brunessaux@sysde.eads.net
stephan.brunessaux@sysde.eads.net
this type of data. Description languages for structured documents such as HTML or XML have gained popularity and
are now widely used. Given the growing amount of structured document collections, it is important to develop tools
able to take into account the increased complexity of these
representations and the diversity of doxel types inside the
document, to address document parts and the relations between doxels. Up to now, Information Retrieval –IR– has
mainly developed for handling ﬂat documents and IR methods should now adapt to these new types of documents. We
focus here on the particular task of document classiﬁcation,
this is a generic problem with many diﬀerent applications
like document indexing, e-mail or spam ﬁltering, document
ranking, document categorization, etc. Although classiﬁcation has been considered in IR for a long time, it is mainly
since the nineties that it has gained popularity and has developed as a sub-branch of the IR domain. Much progress in
this area has been obtained through recent machine learning classiﬁcation techniques. Most classiﬁcation models for
text or image have been developed before the emergence
of structured documents and are devoted only to ﬂat representations. Recently, some attempts have been made to
adapt these techniques for the classiﬁcation of complex documents, e.g. XML textual documents or multimedia documents. This is usually done in a crude way, by combining
basic classiﬁers trained independently on diﬀerent components of a document.
The work described here is an attempt to develop a more
principled approach to the problem of structured multimedia document classiﬁcation. We propose a new model which
allows to take simultaneously into account the structure
and the content information of electronic documents. This
model oﬀers a natural framework for the integration of different information sources. It is based on a statistical framework: Bayesian networks are used to model the documents
and to combine the information present in the doxels. We
present tests for the problem of Web pages ﬁltering on a
large database gathered in the context of a European project
”NetProtect”.
The paper is organized as follows: we ﬁrst review in part
2 existing work on information classiﬁcation for structured
document. We then describe our model for classifying multimedia documents in part 3. Finally, we describe the corpus
NetProtectII used for our experiments and present a series of
experiments.

2.

PREVIOUS WORK

A large amount of work has been devoted over the last few
years on ﬂat document categorization either text or image.
In the information retrieval community, it is often considered
that structure should play an important role: for example a
word can have diﬀerent meanings according to its location
in the document and a document can be considered relevant
for a class, if only one of its parts is relevant. The rapid
growth of structured electronic documents has recently motivated the emergence of a new line of research for accessing
these documents. We brieﬂy review below recent work on
structured and multimedia document classiﬁcation.

2.1 Structured document classification
We consider stochastic classiﬁer models which score any
document class according to the value of the posterior probability P (class|document). Generally speaking, classiﬁers
fall into two categories: generative models which estimate
class conditional densities P (document|class) and discriminant models which directly estimate posterior probabilities
P (class|document). For instance, the Naive Bayes model
[13] is a popular generative categorization model while Support Vector Machines [10] is a discriminant model. See [16]
for an exhaustive review of categorization models for ﬂat
documents. In machine learning, most classiﬁers have been
designed for coping with vector or sequence representations,
only very few models allow to consider simultaneously content and structure information. The growing need for handling structured objects – documents, biological structures,
chemical compounds, etc – has recently motivated some interest in this area, but the ﬁeld is still new and widely open.
Some years ago, in the IR community, the development of
the Web has created a need for classifying HTML pages viz.
the last two TREC competitions [17]. In a HTML page, the
diﬀerent parts of the text do not play the same role and do
not have the same importance, e.g. titles, links, text can
be considered as diﬀerent sources of information. Most of
the techniques proposed for HTML classiﬁcation use prior
knowledge about the meaning of HTML tags either to encode the page structure using very simple schemes or to combine basic ﬂat classiﬁers [9, 18]. These ﬁrst attempts show
that combining the diﬀerent types of information present
in a web page may sometimes increase page categorization
scores. This is not systematic and many of the early trials
did not show any improvement at all. These ideas do not
naturally extend to more general document representations.
More recently, diﬀerent techniques have been developed for
general structured document classiﬁcation. These models
are not HTML speciﬁc and can be used in particular for
XML documents. For example, [19] presents an extension of
the Naive Bayes model to semi-structured documents where
essentially global word frequencies estimators are replaced
with local estimators computed for each path element. A
drawback of this technique is the dramatic index growth
which leads to poor estimation of probabilities. The Hidden Tree Markov Model (HTMM) proposed by [8] extends
classical HMM to semi-structured representations. Documents are represented by a tree and for each node, words
are generated by a speciﬁc HMM. This model has been used
for HTML classiﬁcation. As for discriminative models, [15]
proposed a model based on Bayesian Networks, which directly computes the posterior probability corresponding to
document relevance for each class.

2.2 Multimedia documents
Many diﬀerent methods have been proposed for the classiﬁcation of multimedia documents. Most work in the multimedia area makes use of text information such as keywords
as an auxiliary source of information for enhancing the performance of existing image, video or song classiﬁers. For
example, [4] propose a system that combines textual and
visual statistics into a single index vector. Textual statistics
are captured using latent semantic indexing (LSI) and visual
ones are color and orientation histograms. This approach
allows improving performance in conducting content-based
search. [2] present a generative hierarchical model, where
the data is modeled as being generated by a ﬁxed hierarchy of nodes. Each node in the tree has some probability
of generating each word or image feature. This model could
be useful for IR tasks such as database browsing and search
for images based on text and image features. In [14], a document is represented as a collection of objects which themselves are represented as collections of features (words for
text, color and texture features for images). Several similarity measures over text and images are then combined. More
recently, a method has been proposed for using images for
word sense disambiguation, which suggests that combining
image features and text can outperform simple text classiﬁers [3]. In the ﬁeld of Web ﬁltering, [11] combine a naked
people photo image detector with a standard text classiﬁer
using an ”OR” operator. [5] present an algorithm to identify images that contain large areas of skin. For identifying
pornographic pages, they combine this skin detector with a
text classiﬁer via a weighing scheme. They also claim that
text based approaches generally give poor results, whereas
our structured model performs well on text-only documents.
Most of these attempts then rely on the combination of basic
classiﬁers trained independently on the diﬀerent information
sources (e.g. text and images). They do not consider the
global context of the document nor its logical organization,
i.e. they ignore the relations between the diﬀerent document
parts.
The model we propose provides a general framework for
the classiﬁcation of structured multimedia documents. It
can be used for any structural representation or language
(e.g. HTML or XML). This model is an extension to multimedia data of the model proposed in [6] and [7] which
operates only on textual structured document. Previous
work has demonstrated the eﬃciency of the approach on
large XML textual corpus. We show here how to combine
diﬀerent information sources in a natural way (text, image,
sound etc...). The model was developed for large databases
and we will see that its complexity is linear with the size of
the documents.

3. MULTIMEDIA GENERATIVE MODEL
We present here the multimedia generative model for structured documents. We ﬁrst explain the context of the classiﬁcation task. We then give the diﬀerent hypothesis used
to model structured documents and show how this global
model can be seen as a weighted mixture of local generative
models. Finally, we describe the training algorithm.

Figure 1: An example of multimedia structured document

3.1 Context
Let D be the set of all documents and C = {c1 , ..., c|C| } be
the set of all classes where |C| is the number of classes.
We will consider that a document can be either Relevant
or Irrelevant for a speciﬁc class c. We then transform our
problem with |C| classes into |C| problems with two classes
(Relevant R or Irrelevant I) so that in the following, we will
discuss only the two classes problem. We adopt a machine
learning approach and the model parameters are learned
from a labeled training set of representative documents from
each class.
Since we adopt a stochastic approach to the classiﬁcation
problem, a structured document d in D will be the realization of a random variable D. We use the generative approach
to classiﬁcation: the model will compute the probability of
generating a speciﬁc document P (D = d|θ) where θ corresponds to the parameters of the generative model. P (d|θ)
will be used as a shorthand for P (D = d|θ).
In order to use our generative model for classiﬁcation, we
learn one model θR for the relevant class and one model θI
for the irrelevant class. The score of a document will then
be computed using Bayes-Rule:
P (R)P (d|R)
P (d|R)P (R) + P (d|I)P (I)
(1)
P (R)P (d|θR )
≡
P (d|θR )P (R) + P (d|θI )P (I)
In the following, we will denote the model parameters by
θ corresponding either to θR or θI .
P (R|d) =

3.2 Description
A generative stochastic model for a document corresponds
to speciﬁc hypotheses about the physical generation of this
document. Diﬀerent hypothesis should be considered and
the choice of a particular model most often corresponds to a
compromise between an accurate representation of the document generation process and practical constraints depend-

ing on the task the model will be used for, the diﬃculty
for accurately estimating model parameters from data collections, the availability of labeled corpus, etc. Diﬀerent
hypotheses for structured textual document representations
are discussed in [7] where it is shown that best performances
for text classiﬁcation are obtained with rather simple models
of the dependencies between doxels. As it is often observed
in document classiﬁcation, more sophisticated models do not
lead to increased performance. We adapt here one of these
simple models to multimedia documents. The corresponding generative process is as follows: an author who wants
to build a document about a speciﬁc topic (class) will ﬁrst
imagine the global logical structure of the document, once
this structure is built he will then ﬁll the content of each
structural element. This content will depend on the type
of the structural element: the process of writing a title will
diﬀer from the one for a paragraph, writing text is diﬀerent
from inserting an image or a piece of music, etc. This process is a simpliﬁed view of the reality and as will be seen
below additional simplifying assumptions will be introduced
in order to meet practical constraints. It embodies some
crucial facts about structured documents: doxels are diﬀerent depending on their type and the logical element they
belong to, both logical structure and plain content of documents are essential for their descriptions, the topic of a
document may inﬂuence both its logical structure and its
content. The latter idea implies that the logical structure of
a document may sometimes contain important information
for characterizing the document class.
Let us now formally deﬁne the model.
We consider D as a random variable D = (S, T ) where S
is the variable corresponding to the structure of a document
and T corresponds to the content information. Let d =
(sd , td ) a realization of D where sd represents the structure
and td represents the content information of document d, we
have:
P (d|θ) = P (sd |θ)P (td |sd , θ)

(2)

In this equation, P (sd |θ) is the probability of generating
the structural information and P (td |sd , θ) is the probability of the content information.
The structure of d consists of a set of nodes and their
dependence relations. The set of nodes is denoted:
|d|

sd = (s1d , ......, sd )

(3)

where
is the i-th node of the document d and |d| is the
number of nodes of the document.
We will consider only tree like document, this is a reasonable simpliﬁcation of real structured documents. Each
node corresponds to a structural entity of the document (e.g.
paragraph, section).
Let pa(sid ) denote the parent of sid . The structure of the
document is described by the set {sid , pa(sid )}. Nodes take
their values in Λ (i.e sid ∈ Λ) which is the set of all possible node labels. Typically, for an XML document, this set is
deﬁned with the DTD and is the set of all possible tags. Figure (1) represents a structured multimedia document while
ﬁgure (2) is the associated tree structure. For this example,
we have Λ =(title, paragraph, image, section).
sid

Hypothesis 2. First order dependency: the content
information depends only on the structural node containing
it and not on other structural nodes.
These hypothesis are simpliﬁcations of real dependencies
between the diﬀerent parts of a document. They are needed
for keeping the complexity of the model reasonably low and
for using the model on very large corpus. Returning to our
generation process, this means that once the document organization has been decided, each content node is ﬁlled independently of the others, by considering only the type of the
structural element it belongs to. All content elements with
the same type (paragraph, etc) will share the same generative process. It could seem more natural to consider that
content elements are ﬁlled in sequence, but early tests with
such a model did not led to improved results at the price
of an increased complexity and this was then left out. Note
that such simpliﬁcation are frequent in stochastic modeling
and have led to very eﬃcient models in diﬀerent application
areas.
Using hypothesis 1 and 2, we can rewrite the content probability as:
P (td |θ) =

Document

|d|


P (tid |sid , θ)

(6)

i=1

According to hypothesis 2, each node type in the structure
will have its own generative content model. Let θsi be the
d

parameters of the generative model associated with label sid ,
we have:
Paragraph

Section

Image

Title

P (td |θ) =

|d|


P (tid |sid , θsi )

i=1

Figure 2: The structure graph corresponding to the
previous example

• a textual generative model of parameters θtitle for the
text contained in tags title
• a textual generative model of parameters θparagraph
for tags paragraph

Document content is denoted:
|d|

td = (t1d , ...., td )

(4)

tid

where represents the content information of the i-th node
of the document.
We will make the hypothesis that each tag label contains
only one type of information (text, image, sound ...). This
hypothesis is not restrictive and it is often true in XML
documents.
With these notations, (2) writes:
|d|

(7)

Models with parameters θl , l ∈ Λ, will be the local generative models associated to nodes with label l. As an
example, for modeling the document in ﬁgure (1) and ﬁgure
(2), we will use 3 local generative models:

Paragraph

Title

d

|d|

|d|

P (d|θ) = P (s1d , ..., sd |θ)P (t1d , ..., td |s1d , ..., sd , θ)

(5)

We will now detail the content and structural parts of the
document model.

3.2.1 Content probability
We will make the following hypothesis in order to compute
the content probability P (td |sd , θ):
Hypothesis 1. Conditional Independence: given the
structural organization of the document, the content information of the diﬀerent nodes are independent.

• an image generative model of parameters θimage for
the image contained in tag image
The content probability of the whole document is then
computed using a mixture of these local generative models
(see (7)).

3.2.2 Structural probability
In our document model, each node sid has only one parent
pa(sid ). The structural probability is computed as:
P (sd |θ) =

|d|


P (sid |pa(sid ), θ)

(8)

i=1

The hypothesis here is that a structural doxel only depends
on its parent. For our generating process, this means that
starting at the root, the ﬁrst level of structural elements is
built, after that, the descendant of a structural node are
build independently of the node brothers descendants. Here
again, this can be viewed as a simpliﬁed process for deﬁning
the logical organization of a document.

Let θssi ,pa(si ) be an estimation of P (sid |pa(sid )), we can
d
d
rewrite equation (8) as:
P (sd |θ) =

|d|

i=1

θssi ,pa(si )
d
d

(9)

3.2.3 Final probability
Using equations (7) and (9), we have the ﬁnal probability:

P (d|θ) =


|d|



θssi ,pa(si )
d

i=1

d


|d|
 


P (tid |sid , θsi )
d

i=1





(10)

l∈Λ

with θ the set of structural parameters (P (sid |pa(sid )))
and θl the parameters for the local generative model of the
nodes with labels l.
Equation (10) then writes:
s

|d|


θssi ,pa(si ) P (tid |sid , θsi )
d

i=1

(11)

d

d

From equation (11), it can be seen that our global generative model corresponds to a mixture of local generative
models of the document content, weighted by transition probability models depending on the document
structure.

3.3 Learning
The model parameters will be learned by maximizing the
data likelihood. Model for class c will be trained on class c
data, etc. The log-likelihood of our training data is DT RAIN :

 |sd |
L=
d∈DT RAIN



logP (sid |pa(sid ), θs )

i=1

|sd |

logP (tid |θsi )

+

d

i=1



=


d∈DT RAIN








|sd |

logP (sid |pa(sid ), θs )
i=1
|sd |

logP (tid |θsi )

d∈DT RAIN i=1

d

(12)
+





= Lstructure + Lcontent
The maximization of L amounts at two separate maximizations on Lstructure and Lcontent . This is a classical optimization problem and the solution for the structural and
content parameters is described in the appendix.

4.

ambiguous

830
3808
357
349
63
530
309
368
6614

2042
1827
1428
1200
200
1448
870
1138
10153

420
640
290
220
93
641
359
223
2886

total
not porno
2462
2467
1718
1420
293
2089
1229
1361
13039

page ﬁltering. We ﬁrst describe the corpus and then detail the local generative models used for this application for
modeling text and image information. We ﬁnally detail performances on this corpus.

4.1 The Netprotect II Corpus
We used for the experiments a database of HTML documents provided by EADS company. These documents have
been collected on the web in the context of the European
project Netprotect [1]. The project is aimed at developing a
library of software tools for Internet access ﬁltering. There
are 4 categories to be ﬁltered – pornography, violence, bombmaking and drugs – and 8 European languages – Dutch, English, French, German, Greek, Italian, Portuguese, Spanish.
The database has been manually labeled.
In the experiments below, we consider all 8 languages, but
only the pornography category for which most web pages do
have an image + text content. Previous experiments with
text only content have shown similar performances for the
diﬀerent categories. The dataset consists of 6613 pornographic pages, 2886 non pornographic pages with ambiguous content or dealing with sexuality and 10153 general nonpornographic Web pages which were collected using Google
search engine. Figure (4) presents the corpus size for the
diﬀerent languages for each group (porn, ambiguous, general).
In our experiments, we used half of each group for training, and the remaining half for testing.

4.2 Content classifiers: text and image





general

Figure 4: The size of each class for the 8 languages

The parameters of our generative model is the vector θ
where

θl
θ = θs

P (d|θ) =

French
English
German
Dutch
Portuguese
Spanish
Greek
Italian
total

porno

EXPERIMENTS

In the following, we demonstrate the potential of the model
for classifying structured documents with image and text
content. Tests are performed for the particular task of HTML

The model described in section 3.2 makes use of a diﬀerent
classiﬁer for each structural element type. For all textual
doxels, we used a Naive-Bayes model (NB)[12] and for all
image doxels, an histogram generative model. For the text,
we use one speciﬁc NB model for each HTML tag, i.e. all
text doxels under the same tag do share the same model.
All image doxels are considered of the same type and share
the same NB generative model.
For classifying a document, the complexity of our model
is O(|sd | + |td |) where sd is the number of structural nodes
and td is the number of words and image components. This
complexity is dominated by td and is of the same order as
Naive-Bayes.

4.2.1 Text model
The text model used here is the Naive Bayes model. This
is a reference model which has already been used by many
diﬀerent authors ([12] for example) in diﬀerent contexts. It

Figure 3: The belief network corresponding to the previous example
is known to be very robust when data belong to very high
dimensional spaces. Since we simultaneously consider 8 languages, with diﬀerent alphabets, the dictionary size is rather
large and is about 20 000 for all languages (see part 4.2.3
for more details).
i
i
Let tid = (wd,1
, ..., wd,|t
i | ) be the textual content of node

P (tid |θsi ) =
d

d

i
wd,k

represents the k-th word of node i in d.
i in d, where
|tid | is the number of words in node i.
NB computes the probability P (tid |θsi ) as:
d

P (tid |sid , θsi ) =
d

|td |


i
P (wd,k
|θsi )

k=1

d

(13)

Our model will use one Naive Bayes model for each label
l ∈ Λ. The model with parameters θl will be learned using
the ﬂat textual representation of all nodes with label l in
the training set.

4.2.2 Image model
Before deciding on the image modeling, we made extensive preliminary experiments on the classiﬁcation of pornographic images. As in [5], the conclusion was that the best
workspace to detect pornographic images was the RGB color
space and that additional components like texture or shape
did not improved performance. We then decided to represent images with a color histogram in a normalized space.
Let tid be an image, its histogram representation will be:
tid = (pid,1 , ..., pid,Nc )
pid,k

order to keep image scores comparable, image size has been
normalized to Np pixels before computing the histogram.
Under the independence hypothesis, we have:

(14)

is the number of pixels in the image with color
where
k. Nc represents the number of colors in the histogram. In

Nc

k=1

P (Pk = pid,k |θsi )
d

(15)

where P (Pk = pid,k |θsi ) is the probability that there are
pid,k

d

pixels with color k in image tid .
This model is learned using a simple pixel count over all
the images in the training set.

4.2.3 Preprocessing
Textual parts of HTML documents have been cleaned by
deleting ﬁgures, words smaller than three letters and all nonalphabetical symbols. We have kept all accents and have not
stemmed any word. In order to reduce the size of the vocabulary, we have suppressed the words appearing in less than
20 documents. The ﬁnal vocabulary was composed of 20834
terms. These choices satisfy diﬀerent constraints. First, the
model has to be simple enough to be used for example as
an add-on to a navigator. An additional constraint is that
new languages could be easily added for ﬁltering. Within
this context, it is thus unfeasible to use more sophisticated
preprocessing since they may considerably diﬀer from one
language to the other and that the corresponding system
would be to slow.
Images have been converted into features using color histograms of size 100. All images have been projected in a 216
color space. The resulting set of parameters for the image
generative model has a size of 21600 features (216 ∗ 100).
Each doxel – text or image – is then represented in a high

model
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92.4
91.8
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87.3
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82.7
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average
89.9
92.5
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93.6

Figure 5: The recall values for the 4 models
Error rate

5. CONCLUSION

20
Percentage of error

textual model WPT has good results and is 4.5% better than
NB for the micro-average and 2.6% for the macro-average.
The multimedia model is even better than the WPT model
and achieves respectively 94.7% and 93.6% for the microaverage and the macro-average recall. These results are very
encouraging and show that our structured approach, which
proved to be eﬃcient for textual data [7], can be extended to
take into account diﬀerent information sources. This model
is able to combine eﬃciently the information of simple generative models. Error rate is divided by 2 compared to NB
and by 3 compared to IMAGE.

4.3 Evaluation

We have described a general model for the classiﬁcation
of structured multimedia documents. It oﬀers a principled
approach for considering simultaneously the relations between document parts embodied in the logical structure and
for integrating diﬀerent sources of information. It can be
used with any type of structured document and information sources, provided we have the possibility to compute
local scores for all document components. We have tested
a particular instance of the model on the task of Web page
ﬁltering by considering two information sources: text and
image. The model has been compared to baseline ﬂat text
and image classiﬁers. The experiments show that taking the
structure into account increases the performance compared
to a ﬂat text classiﬁer and that the integration of textual
and image information via this structured document model
still increases the performance. The global classiﬁer divides
by a factor of 2 to 3 the error rate of individual classiﬁers.

We present results obtained on the NetProtect corpus. We
used 4 document models for this comparison:

6. REFERENCES

15
Error rate

10
5
0
IMAGE

NB

WPT

WPT-IMAGE
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Figure 6: The error rate for the 4 models
dimensional space of about 20 K dimensions.

• The Naive-Bayes model is the reference baseline model
on the textual information
• The IMAGE model is our structured model with only
images and no text.
• The WordPerTag (WPT) model is our structured model
with only textual data.
• The WPT-IMAGE model is the multimedia model text
and image.
In order to evaluate our model, we use the recall obtained
on the test corpus for each class (porn, non porn). This is the
percentage of correctly classiﬁed documents for each class on
the test set. A document will be considered pornographic
if:
P (d|θpornographic) > P (d|θnotpornographic)

(16)

In order to give a synthetic recall value for each classiﬁer, we compute for each of them their micro-average and
macro-average recall. Macro-average recall is obtained by
averaging recall values for the porn and non porn classes.
Micro-average recall is obtained by weighting the average
by the relative size of each class. These results are presented in ﬁgure (5). Figure (6) present the error rate (100 −
microaverage) for the 4 models.
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APPENDIX
A.

MAXIMIZATION OF LST RU CT U RE

We want to maximize:
|sd |

logP (sid |pa(sid ), θs )

Lstructure =
d∈DT RAIN i=1

(17)

|sd |

=
d∈DT RAIN i=1

under the constraint ∀m ∈ Λ,

logθssi ,pa(si )
d
d



s
θl,m
= 1.

l∈Λ

Using the Lagrange multipliers, for each (n, m) ∈ Λ × Λ,
we have:
 s
∂(Lstructure − λm ( θn,m
− 1)
n
=0
(18)
s
∂θn,m
d
be the number of times a node of label n has
Let Nn,m
his parent with label m in the document d, we solve:



d
Nn,m

d∈DT RAIN

= λm

s
θn,m

The solution is:



(19)

d
Nn,m

d∈DT RAIN

s
= 
θn,m



(20)

d
Ni,m

i d∈DT RAIN

B.

MAXIMIZATION OF LCONT ENT

We want to maximize:
|sd |

logP (tid |θsi )

Lcontent =

d

d∈DT RAIN i=1



|sd |



=
l∈Λ


logP (tid |θl )

(21)

d∈DT RAIN i=1/si =l
d

Llcontent

=
l∈Λ

This maximization is performed by learning each local
generative model on its own data.

