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Abstract. We propose a new hierarchical generative model for textual
data, where words may be generated by topic specific distributions at
any level in the hierarchy. This model is naturally well-suited to clus-
tering documents in preset or automatically generated hierarchies, as
well as categorising new documents in an existing hierarchy. Training
algorithms are derived for both cases, and illustrated on real data by
clustering news stories and categorising newsgroup messages. Finally,
the generative model may be used to derive a Fisher kernel expressing
similarity between documents.

1 Overview

Many IR tasks, such as clustering, filtering or categorisation, rely on models
of documents. The basic approach to document modelling considers that each
document is an (independent) observation, with words used as features and word
frequencies, combined with various normalisation schemes, are the feature values.
This so-called bag of word approach is exemplified by the Naive Bayes method
[24] and hierarchical extensions [14,19], where the features are modelled using
multinomial distributions. Other related techniques rely eg on Gaussian mixture
models[18], fuzzy k-means, etc.

In the following, we adopt a different standpoint, using the concept of co-
occurrence [10]. In this approach, one basic observation is the co-occurrence of a
word in a document. There is no numerical feature, only the absence or presence
of co-occurrences and associated counts. A document (and thus a document
collection) arises as an assortment of such co-occurrences.

In this article we address the problem of clustering and categorising docu-
ments, using probabilistic models. Clustering and categorisation can be seen as
two sides of the same coin, and differ by the fact that categorisation is a super-
vised task, ie labels identifying categories are provided for a set of documents
(the training set), whereas, in the case of clustering the aim is to automati-
cally organise unlabelled documents into clusters, in an unsupervised way. Pop-
ular document categorisation methods include nearest neighbours, Naive Bayes
[24] or support vector machines [12], while document clustering has been tack-
led with eg k-means, latent semantic indexing [3] or hierarchical agglomerative



methods [23,21]. Even though clustering and categorisation can be studied inde-
pendently of each other, we propose a general model that can be used for both
tasks. One strength of our model lies in its capacity to deal with hierarchies
of categories/clusters, based on soft assignments while maintaining a distinc-
tion between document and word structures. This has to be contrasted with
traditional approaches which result in hard partitions of documents.

In the next section, we will give a detailed presentation of the generative hi-
erarchical probabilistic model for co-occurrences that we will use for performing
clustering and categorisation of documents. One interesting feature of this model
is that it generalises several well-known probabilistic models used for document
processing. We then describe the motivations behind our model (section 3), then
give further details on the implementation of clustering (section 4) and cate-
gorisation (section 5) using it. After presenting some encouraging experimental
results (section 6), we discuss in section 7 some technical and methodological as-
pects, and in particular we show how our model can be used to obtain a measure
of similarity between documents using Fisher kernels [11].

2 Modelling documents

In this contribution we address the problem of modelling documents as an as-
sortment of co-occurrence data [10]. Rather than considering each document as
a vector of word frequency (bag-of-word), we model the term-document matrix
as the result of a large number of co-occurrences of words in documents. In that
setting, the data can be viewed as a set of triples (i(r), j(r),r), wherer = 1... L
is an index over the triples, each triple indicating the occurrence of word j(r)
in document i(r). Note that a word can occur several times in a document.
For example, the fact that word “line” (with number ¢ = 23) occurs twice (for
r =06 and r = 9) in document #1 will correspond to two triples: (1,23,6) and
(1,23,9),1e i(6) = 4(9) = 1 and j(6) = j(9) = 23. An alternative representation
is (i, j,nj;) indicating that word j occurs n;; times in document i (leading to
(1,23, 2) in the previous example). Note that the index is then over ¢ and j, with
several instances of n;; = 0.

In order to structure the data, we adopt a generative probabilistic approach,
where we assume it was generated from a hierarchical model. Some early at-
tempts at defining such models are Hofmann’s Hierarchical Asymmetric Cluster-
ing Model (HACM) [10] or Hierarchical Shrinkage [14]. In this paper we propose
a new model which has some additional flexibility. In our model the data are
generated by the following process:

1. Pick a document class o with probability P(«a),

2. Choose document ¢ using the class-conditional probability P(i|«),

3. Sample a word topic v with the class-conditional probability P(v|«),
4. Generate word j using the topic-conditional distribution P(j|v).

Here we use the term of (document) class o to denote a group of documents
sharing some common thematic feature (for example they all deal with “com-
puter graphics”). We use the term of (word) topic to denote a homogeneous
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Fig.1. An example hierarchical model with classes at the leaves: document classes
a1 ...as are indicated by filled circles, topics v ... p25 are indicated by circles (accord-
ingly, classes are also topics). Sampling of a co-occurrence is done by first sampling
a class (ie selecting the fourth leaf here) and a document from the class-conditional
P(i|a), then sampling a topic from the class conditional P(v|a) (second topic at the
second level here) and a word from the topic-conditional P(j|v).

semantic field described by a specific word distribution. One document may be
partly relevant to different topics, and several documents from different classes
may share common, higher level topics. For example, a document on “computer
graphics” and a document on “algorithmics” may have parts relevant to the
more general “computer science” topic.

In a typical hierarchy, we may for example assign documents to classes at
the leaves of the hierarchy, while words are sampled from topics which are any
node in the hierarchy (figure 1). This therefore allows classes to be linguistically
related by sharing some common ancestors/topics, as exemplified in our previous
example. In a more general hierarchy, documents could be assigned to classes
at any node of the hierarchy, like in Yahoo! or Google directories. In all cases,
topics v will here be restricted to the set of ancestors of a class «, a fact that we
note v T a. This can also be achieved by setting P(v|o) = 0 whenever v .

According to this model, the probability of a given co-occurrence (i, j) is:

P(i,j) =) P(a)P(ila) Yy P(v|a)P(j|v) (1)

vta

where we have used the conditional independence of documents and words given
the class a. The parameters of the model are the discrete probabilities P(«),
P(i|a), P(v|a) and P(j|v). One interesting feature of this model is that several
known models can be written as special cases of ours. For example:

— P(ila) = P(i),Va (documents independent of class) yields the HACM [10];



— Dropping P(«) and P(i|«) (or imposing uniform probabilities on these quan-
tities) yields a hierarchical version of the Naive Bayes model;?

— Flat (ie non-hierarchical) models are naturally represented using P(v|a) =1
iff v = a (ie one topic per class), yielding P(i,j) = ), P(a)P(i|a)P(j|a),
aka Probabilistic Latent Semantic Analysis (PLSA, [8]).

— A flat model with a uniform distribution over classes « and documents ¢
reduces to the (flat) Naive Bayes model [24].

Our general model does not account eg for the “hierarchical” model described
in [22], where probabilities for classes a are directly conditioned on the parent
node Pa(a). The co-occurrence model in this framework is, at each level [ in the
hierarchy: P(i, j) o ) ,¢; P(a|Pa(a))P(ila) P(j|a). In this framework, however,
the parent node mainly serves as a pooling set for its children, whereas in our
model (eq. 1), the whole hierarchical structure is used and co-occurrences are
generated by a single class-topic combination. In contrast, the model in [22] leads
in fact to a series of flat clustering distributing all data across the nodes at each
level, a strategy that we do not consider fully hierarchical in the context of this
paper.

In addition, we will see in the Discussion (section 7) that the document
similarity induced by the Fisher kernel [11] gives similar contribution for the
model in [22] and for (flat) PLSA [9], whereas fully hierarchical models introduce
a new contribution from the hierarchy.

Because our model can be seen as a hierarchical extension to PLSA, where
both documents and words may belong to different clusters, we will refer to
our hierarchical model as HPLSA | ie Hierarchical Probabilistic Latent Semantic
Analysis, in the case of clustering (unsupervised classification). In the context
of categorisation (supervised classification), we will call it HPLC, ie Hierarchical
Probabilistic Latent Categoriser, or PL.C when no hierarchy is used.

3 Motivations behind our model

Depending on the meaning we may give to ¢ and j, different problems can be ad-
dressed with our model. Generally, we can view i and j as representing any pairs
of co-occurring objects. In the preceding section, we have focused on modelling
documents, with i objects representing documents, and j objects representing
words. Within the general framework of clustering a large collection of unlabelled
documents,? an important application we envisage is topic detection, where the
goal is to automatically identify topics covered by a set of documents. In such
a case, a cluster can be interpreted as a topic defined by the word probability
distributions, P(j|v). Our soft hierarchical model takes into account several im-
portant aspects of to this task: 1) a document can cover (or be explained by)

! Several models implement hierarchical extensions to Naive Bayes, eg Hierarchical
Shrinkage [14], Hierarchical Mixture Model [19], and the unpublished [1]. One key
difference between these models lie in the estimation procedures.

2 This contrasts with the task of categorising documents in pre-defined classes induced
by a corpus of labelled documents.



several themes (soft assignment of ¢ objects provided by P(i|a)), 2) a theme is
described by a set of words, which may belong to different topics due to poly-
semy and specialisation (soft assignment of j objects provided by P(j|v)), and
3) topics are in many instances hierarchically organized, which corresponds to
the hierarchy we induce over clusters. Moreover, our use of a general probabilis-
tic model for hierarchies allows us to deal with document collections in which
topics cannot be hierarchically organized. In that case, probabilities P(v|a) are
concentrated on v = «, inducing a flat set of topics rather than a hierarchy. We
obtained such a result on an internal, highly heterogeneous, collection.

Another important application we envisage for our model is knowledge struc-
turing (see for example [5]), where it is important first to recognize the different
realisations (ie terms and their variants) of the main concepts used in a do-
main, and secondly to organize them into ontologies.®> A common feature of
all ways of organizing terms in taxonomies is the central role of the “generalisa-
tion/specialisation” relation. Traditional approaches [6,17] induce hierarchies by
repeatedly clustering terms into nested classes, each identified with a concept.
Such clustering relies on some measure of similarity of the contexts in which
terms occur as (inverse) distance between terms themselves.* Different kinds of
contexts can be considered, from local ones, such as direct syntactic relations, or
small windows centered on the term under consideration, to global ones, such as
sentences, or paragraphs. However, problems in such clustering approaches arise
from the following:

— Terms may be polysemous, and thus may belong to several classes;
— Contexts (eg a verb of which the term of interest is the direct object) may
be ambiguous, suggesting the inclusion of similar context in different classes.

The collocation “hot line” illustrates the above two points: the meaning of the
(polysemous) head “line” is determined by the collocate “hot”, the meaning of
which in the complete expression differs from its usual, daily one. We thus should
be able to assign both “line” and “hot” to different clusters.

Polysemy of words, whether regarded as terms under focus or contexts of
terms, and polytopicality of textual units, at various levels of granularity (from
sentences to complete documents), thus call for models able to induce hierarchies
of clusters while assigning objects to different clusters. The additional flexibility
provided by our model over previously proposed ones exactly amounts to the
ability of soft clustering both objects in the hierarchy instead of one.

4 Soft hierarchical document clustering

We first consider the task of automatically organising unlabelled documents,
given as an i.i.d. collection of co-occurrences D = {(i(r),j(r),r)},_, - The

? Here ontologies are the taxonomies structuring concepts of a domain.
* This approach is reminiscent of Harris’ distributionalism, where classes of linguistic
units are identified by the different contexts they share [7].



class membership of the documents (and co-occurrences) is unknown and must
be inferred from the unlabelled data alone. The likelihood of the parameters
can be expressed (using the independence assumption) as the product of the
individual likelihoods (1) as P(DP) =[], P(i(r),j(r)). Due to the presence of the

multiple sums under the product of examples, the log-likelihood

log P(D) =) _log (Z P(a)P(i(r)]a) Y P(Vla)P(j(r)IV)) (2)

must in general be maximised numerically. This is elegantly done using the
Expectation-Maximisation (EM) algorithm [4] by introducing the unobserved
(binary) indicator variables specifying the class and topic choices for each ob-
served co-occurrence.

Unfortunately, the iterative EM method is often sensitive to initial conditions.
As a remedy, we used deterministic annealing [16,20] in conjunction with the
EM iterations. Deterministic annealing EM is also called tempered EM in a
statistical physics analogy, as it corresponds to introducing a temperature which
is used to “heat” and “cool” the likelihood, in order to obtain a better and less
sensitive maximum. Deterministic annealing has two interesting features: first it
has been shown empirically [20, 8] to yield solutions that are more stable with
respect to parameter initialisation; second, it provides a natural way to grow the
hierarchy (cf. [15] and below).

Tempered EM iteratively estimates the maximum likelihood parameters for
the model using the completed likelihood, ie the likelihood of the data plus
unobserved indicator variables. Let us note Cy(r) the (binary) class indicator
for observation r, such that Co(r) = 1 iff document i(r) is sampled from class
a (Cuo(r) = 0 otherwise), and T,,(r) the (binary) topic indicator such that
Tov(r) = 1 iff (i(r),j(r)) is sampled from class « and topic v (Taw(r) = 0
otherwise). Noting C (resp. T') the indicator vector (resp. matrix) of all C (resp.
Twv), the likelihood of a generic completed observation consisting of (4, j, C, T)
is:

P(i,j,C,T)= ZCP ) P(ila) Y Tow P(v]a) P(jlv) ()

Again, the (completed) log-likelihood over the entire dataset is expressed by
combining (3) for all observations as 3 log P(i(r), j(r), C(r),T(r)). At each
EM iteration ¢, we first take the expectation of the completed log-likelihood
over a “tempered” version (using temperature 3) of the posterior probability of
the indicator variables:

¢ RO P®(i(r), j(r), C(r), T(r))*
Qé) _ CZ; Zr:log P )(z(r),](r), C(r), T(r))ZC’T PO(r), j(),C, T) 4)

For # = 0, the tempered distribution is uniform, and for g = 1, we retrieve
the posterior at iteration t, P(t)(C'(r),T(r)|i(r),j(r)). Q(ﬁt) can be conveniently



expressed using two quantities:
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also known as the E-step formula. Note that all probabilities on the right-hand
sides of (5) and (6) are estimates at iteration ¢ (not indicated for notational
convenience). The iterated values for the model parameters are obtained by

maximising QE;) with respect to these parameters, leading to:

3 (Calr))y

P+ (q) = %Z <ca(,~)>g) PE+D(ila) = rv’(zr)::gca(r»g) (7)

Z(Tw(r»g) Z 'Z<Tau(r)>(t)
Pt+1)( | )_ rj(r)=j @ (t) \8)

ZZ<Tw Ng 22 (T

also known as the M-step formulas. At each value of 3, iterating the E-step and
M-step formulas is guaranteed to converge to a local maximum.

Tempered EM has an additional advantage in connection to hierarchical clus-
tering, as increasing the “temperature” parameter § provides a natural way to
grow a hierarchy. Starting with @ = 0, only one class exists. As § increases,
classes start to differentiate by splitting in two or more (typically one class will
split into two). In the statistical physics analogy, this is the result of “phase tran-
sitions” in the system. Ideally, we could track the generalisation abilities (using
eg held-out data or cross-validation) while § increases, and retain the hierarchy
which gives the lowest estimated generalisation error. However, we have not im-
plemented this complete process currently, and we use the following annealing
schedule instead. Starting from § = 0.3, we iterate the E-step and M-step with
one class only. 7 is then increased by increments of 0.1 (until 5 = 0.8) and 0.05
(above 0.8). At each increment of 3, we track phase transitions by duplicating
the classes, perturbing them slightly and running the EM iterations. We then
check whether class duplicates have diverged, and if so, replace the former class
by the new ones, while if duplicates of a class haven’t diverged, we return to
the original class. This process continues until a pre-specified number of classes
is reached. Note that only the number of classes, not the hierarchy, is specified,
such that the resulting hierarchy need not be a balanced tree.

In order to schematically represent the relationships between the parameters
and the observed and latent variables, we present in figure 2 the graphical models
corresponding to our clustering model (on the left). Note the difference with the
HACM presented on the right: the generation of the document depends on the

P (pa) =
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Fig. 2. Graphical models for the Hierarchical Probabilistic Latent Semantic Analysis,
or HPLSA, model (left) discussed in this paper (equation 1) and the Hierarchical
Asymmetric Clustering Model (HACM) from [10]. Gray-filled circles indicate observed

variables.

class which introduces extra flexibility. If we force ¢ to be independent of «,
the rightmost downward arrow in our model disappears, which reduces to the
HACM, as mentioned earlier.

5 Hierarchical document categorisation

We will now consider the supervised counterpart of the previous problem, where
the goal is to categorise, ie assign labels to, incoming document, based on the in-
formation provided by a dataset of labelled documents. Each document i(r) now
has a category label ¢(r),” so the training data is D = {(i(r), j(r), (), ")}, _; .,
recording the category label associated with each co-occurrence. The purpose of
the categorisation task is to assign a category to a new document d expressed
as a set of co-occurrences (d,j(s),s), where s runs across the number Ly of
co-occurrences in document d (or alternatively (d, j, n4;)).

We will further assume that each document category ¢ corresponds to a single
class a, such that Vr, 3o, ¢(r) = a.

In the training phase, the model parameters are obtained again by maximis-
ing the likelihood. Note that the category/class labels actually give additional
information, and the only remaining latent variable is the choice of the topic.
For the full hierarchical model:

P(i,j,c = a) = P(a)P(ila) ) P(v|a)P(jlv) (9)

The (log-)likelihood may be maximised analytically over both P(a) and
P(i]a), leading to estimates which are actually the empirical training set fre-
quencies. Noting #a the number of examples with category ¢(r) = « in the
training set (ie #a = #{r|c(r) = a}), and #(i, @) the number of examples from

® We assume that each example is assigned to a single category. Examples assigned to
multiple categories are replicated such that each replication has only one.



document i and category ¢ = a,% the maximum likelihood estimates are:

B ﬂ #(i, )
- L #a

Due to the presence of the sum on v in (9), the remaining parameters cannot be
obtained analytically” and we again use an iterative (tempered) EM algorithm.
The re-estimation formula are identical to (6) for the E-step and (8) for the
M-step. The only difference with the unsupervised case is that the expressions
of P(a) and P(i|a) are known and fixed from eq. 10. Note also that as the ML
estimate for P(i|a) (eq. 10) is 0 for all documents ¢ not in class a, the expression
for the E-step (6) will simplify, and most notably, (T, (7)) is 0 for all examples
r not in class a. As a consequence, the re-estimation formulas are identical to
those of the Hierarchical Mixture Model (equations (5-7) of [19]). The difference
between both models lies in the additional use of P(a) and P(i|a) (10) in the
training phase and our use of EM in the categorisation step (in addition to

P(a) and P(ila) =

(10)

training, see below), as opposed to the approach presented in [19].

Categorisation of a new document is carried out based on the posterior class
probability P(a|d) x P(d|a)P(a). The class probability P(a) are known from
the training phase, and P(d|a) must again be estimated iteratively using EM to
maximise the log-likelihood of the document to categorise:

L(d) =" log (Z P(W)P(dla)zP(Vlﬂ)”(i(S)lV)) (11)
L(d) will be maximised wrt P(d|a) using the following EM steps, fors = 1... Lg:

(t) _ P(a)PY(d|a) Y, P(v|a)P(j(s)|v)
2o P(@)PO(d]a) 32, P(v]a)P(j(s)|v)

M-step: PO (d|a) = 2, (Ca(s)>(t) 13
p ( | ) #a+zs (CQ(5)>(t) ( )

Notice that this is usually much faster than the training phase, as only P(d|«)
(for all &) are calculated and all other probabilities are kept fixed to their training

E-step: (Cu(s)) (12)

values. Once P(d|a) are obtained for all values of o, document d may be assigned
to the class a4 for which the class posterior P(a|d) is maximised.

Note that as mentioned above, only P(d|a) is estimated, although clearly one
may decide to benefit from the additional (unsupervised) information given by
document d to update the class, topic and word distributions using a full EM.
However we have decided not to implement this feature in order to classify all
incoming documents on the same grounds.

For categorisation, the following tables present a summary of different mod-
els. In the tables, we indicate the model parameters, and whether parameter

 As document i is assigned to one category only, #(i,a) will be zero for all but one
class «, for which it will be equal to the number of co-occurrences in document .
" For the flat model the ML estimate of P(j|a) is obtained directly as in (10).



estimation or categorisation of a new example is performed directly or using an
EM-type iterative algorithm.

Flat models

Parameters P(jla), P(«)

Nailve Bayes|Estimation Direct
Categorisation Direct
Parameters P(jla), P(i|a), P(w)

PLSA[S8] Estimation EM
Categorisation EM
Parameters P(jla), P(ila), P(a)

PLC Estimation Direct
Categorisation EM for P(d|)

Hierarchical models

Hierarchical [Parameters P(jlv), P(v]a), P()

Naive Estimation EM

Bayes® Categorisation Direct
Parameters P(jlv), P(v|a), P(i), P(a)

HACM[10] |Estimation EM
Categorisation Direct
Parameters  |P(j|v), P(v|a), P(ila), P(«)

HPLC Estimation EM
Categorisation EM for P(d|a)

where PLC stands for Probabilistic Latent Categorisation and HPLC for Hi-
erarchical PLC. Notice that by using class labels efficiently, PLC estimates its
parameters directly. In contrast standard PLSA implementations such as [19]
apply a standard EM for both estimation and categorisation.

6 Experiments

6.1 Clustering

For evaluating our model in the context of document clustering, we used as a
test collection the labeled documents in TDT-1. TDT-1 is a collection of doc-
uments provided by the Linguistic Data Consortium for the Topic Detection
and Tracking project, consisting of news articles from CNN and Reuters, and
covering various topics such as Oklahoma City Bombing, Kobe earthquake, etc.

The labeled portion of the TDT-1 collection was manually labeled with the
main topic of each document as one of twenty-two topics. We randomly se-
lected a subset of sixteen topics with the corresponding documents, obtaining
700 documents with 12700 different words. We then removed the labels from

8 This is valid for several variants related to the hierarchical structure and/or estima-
tion procedure [1, 14, 19].



the documents and clustered the obtained collection with our model. For easy
comparison, we used a binary tree with 16 leaves as hierarchy (corresponding to
15 cluster splits in tempered EM), where documents are assigned to the leaves
of the induced hierarchy. We followed the same methodology using a version of
Hierarchical Shrinkage described in [14,1], which we will refer to as HS, and
PLSA, a flat model we retained to test the influence of the induced hierarchy
(note that the original document collection is not hierarchically organized).

To measure the adequacy between obtained clusters and manual labels, we
used the average, over the labels and over the clusters, of the Gini function,

defined as:
Gi = %zljz > Pl
G = %Zgj%zv(uawawa)

where L is the number of different labels and A the number of different clusters
(L = A = 16 here). G; measures the impurity of the obtained clusters a with
respect to the labels [, and reciprocally for GG,. Smaller values of these functions
indicate better results since clusters and labels are in closer correspondence, ie
if the “data clusters” and “label clusters” contain the same documents with
the same weights, the Gini index is 0. Furthermore, these functions have an
upper bound of 1. Our choice for the Gini index was motivated by the fact
that it is more fine-grained, and therefore more informative, than the direct
misclassification cost in many instances.
The results we obtained are summarized in the following table:

G |Ga
PLSA 0.34/0.30
HS 0.40{0.45
HPLSA|0.20(0.16

We thus see that PLSA, which is a flat model, ranks between the two hierarchical
models we tested. HS, which results in most cases in a hard assignment of docu-
ments to clusters, is significantly worse than the other two models, which result
in a soft assignment. Furthermore, our hierarchical model significantly outper-
forms the flat model. This last result is interesting since we assigned documents
to the leaves of the hierarchy only, so, except for the words, the documents are
assigned in the same manner as in a flat model. However, by making use of the
hierarchy for words, we have better results than a flat model for both words
and documents (even though we do not display the results here, experiments,
eg [10], show that a standard approach to flat clustering, like K-means, yields
results similar to, if not worse than, PLSA).

As an example, we present the hierarchy we obtained on the 273 documents
related to Oklahoma City Bombing. These documents contain 7684 different non-
empty words (empty words, such as determiners, prepositions, etc., were removed
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Fig. 3. Cluster hierarchy for Oklahoma City Bombing

using a stop list). An experiment, conducted with a flat model on the same data,
revealed that the documents were best explained with three topics/clusters. We
have chosen to cluster the data with a binary tree containing 4 leaves and 7
nodes. Figure 3 shows the hierarchy obtained with our model. For each node, we
provide the first five words associated with the node, ie the five words for which
p(j|v) is the highest.

We can see that the data is first separated into two topics/clusters, respectively
related to the investigation and the description of the event itself (nodes (2) and
(3)). Node (2) is then divided into two parts, the investigation itself (node (4))
and the trial (node (5)), whereas node (3) is split between the description of the
bombing and casualties (node (6)) and the work of the rescue teams (node (7)).
Note also that despite our use of upper nodes to describe a given topic (through
P(v|a) and P(j|v)), certain words, eg Oklahoma, appear in different nodes of
the hierarchy. This i1s due to the fact that these words appear frequently in all
documents. Qur data is thus best explained by assigning these words to different
topics/clusters.

6.2 Categorisation

In order to illustrate the behaviour of the hierarchical categorisation method, we
address the task of categorising messages from 15 different newsgroups organised
in a simple two-level hierarchy ([19] and figure 4). The data is taken from the
benchmark “20 newsgroups” dataset.® The only pre-processing we perform on
the data is that all tokens that do not contain at least one alphabetic character
are removed. In particular, we do not filter out words or tokens with very low
frequency.

9 http://www.ai.mit.edu/~jrennie/20 newsgroups/
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Fig.4. The newsgroup hierarchy. There are 15 newsgroups at the leaves, organised
with 5 mid-level topics and a root topic.

We consider several sample sizes, using from 7 to 134 messages per class for
training, and 3 to 66 messages for testing, such as the total amount of data varies
from 10 to 200. For each sample size, we average results over ten replications of
the same size.

We consider 4 categorisation methods:

— Naive Bayes, with smoothed'? class-conditional word distributions;
Probabilistic Latent Categorisation (PLC) with 15 classes, no hierarchy;

— Hierarchical Mixture [19] with uniform conditional topic distributions P(v|«);
Hierarchical PLC where the conditional topic distributions are estimated
using maximum likelihood implemented with EM (HPLC).

The choice of uniform class-conditional topic distributions is due to a ten-
dency to overfit, especially with small samples. This will be discussed in more
details below.

Results are displayed in figure 5. Somewhat surprisingly, Naive Bayes per-
forms quite badly on our data, with some 10 to 20 percent lower classification
rate compared to results published in [19] on similar data (as each document
belongs to and is assigned a single category, the micro-averaged F'1 reported
in table 5 is equal to the percentage of correct class assignment). We blame
the preprocessing for this somewhat dismal performance: as we retain all tokens
which contain at least one alphabetic character, we introduce a high level of
noise in the estimation of the topic-conditional word distributions by including
many words which occur only once or twice in the entire collection.

The performance of both the flat and hierarchical PLC models with our
noisy data is close to that reported by [19] for their hierarchical mixture model
with cleaner pre-processed data. Although it uses a hierarchy to constrain the
classes, HiMi doesn’t manage to outperform the non-hierarchical PLC in our
experiments. This is due to 2 factors. Firstly, HiMi is a hierarchical version
of Naive Bayes, such that the increased noise level mentioned above will also
hurt HiMi significantly. Secondly, the estimates of the class-conditional topic
distributions are different here and in [19]. As the ML estimates of P(v|a) will
tend to overfit, we need to somehow address this problem. Typical solutions

19 We used a particular version of Lidstone smoothing [13] with A = 0.5, which corre-
sponds to the MAP estimate for a multinomial with a non-informative Dirichlet(1/2)
prior on the parameters.
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Fig.5. Categorisation results for Naive Bayes and PLC (both flat models) and for
hierarchical mixture (HiMi) using uniform class-conditional topic distributions and hi-
erarchical PLC (HPLC) using maximum likelihood class-conditional topic distributions
trained by EM. The plots give the micro-averaged (left) and macro-averaged (right)
F'1 for sample sizes ranging from 10 to 200.

include using held-out data to estimate P(v|a) in EM, or using a resampling
strategy [14, 19] to leverage available data more efficiently. We have chosen here
to use a uniform distribution on topics instead, meaning that words can be
sampled in equal parts from either the class or one of its ancestors. Although sub-
optimal, this solution performs much better than the degenerate ML solution,
which is equivalent to (flat) Naive Bayes.

HPLC also suffers from this overfitting problem for small sample sizes, which
explains why the performance of HPLC in table 5 is not significantly better than
PLC’s, suggesting that the hierarchy is not used to its full extent. In the case of
HPLC, using a uniform distribution on the class-conditional topic distributions
does not improve (or harm) performance. Although there is clearly room for
improvement here, we take this as an indication that HPLC is not overly sensitive
to these parameters, in particular when overfitting is concerned.

7 Discussion

Other EM variants. The co-occurrence model discussed here is a mixture
model and relies on the EM algorithm for estimating the maximum likelihood
parameters in cases where no analytical solution exist. Problems with the EM al-
gorithm are the stability of the obtained solution and the convergence speed. The



use of deterministic annealing [20, 8] addresses the first problem in a satisfactory
way, at the expense of the second, as typically more iterations will be needed dur-
ing the annealing procedure than for a typical standard EM run. Although the
gain in stability of the solution partially offsets this problem, by requiring only
a single EM run, training times can still be problematic for large scale problems.
With Gaussian mixture models, several strategies have been proposed, such as
classification EM (CEM) or stochastic EM (SEM) [2]. Classification EM consists
in assigning at every iteration each example r to the most likely class and topic,
ie the a and v with the highest values of (Ca(r)>ﬁ and (Tw(r»ﬁ. The well-
known K-means algorithm is an instance of CEM in the context of a uniform
mixture of isotropic Gaussian distributions. CEM has been observed to operate
quite fast, usually reaching a stable partition of the data in very few iterations.
Similarly, stochastic EM assigns examples to classes and topics at random with
probabilities given by (Ca(r»ﬁ and (Tm,(r»ﬁ, rather than averaging over those
values as standard EM does.

Fisher Kernels. Probabilistic models may be used to derive a model-based
measure of similarity between examples, using the so-called Fisher kernel [11,
9]. Fisher kernels are defined using the gradient (wrt parameters) of the log-
likelihood of a document d, Vg£(d), aka Fisher score, and the Fisher information

matrix. The Fisher information matrix is I = E (ng(d) V@f(d)T), where the

expectation is taken over P(d|f). With this notation, the similarity between two
documents d; and d, induced by the Fisher kernel is:

k(d;, dy) = Vel(d) 171 Veb(d) a Vel(d)' Vot(d) (14)

using the standard approximation that the Fisher information I is approximately
the unit matrix. Notice that the original expression (including I) is independent
of the parameterisation. However, this is clearly not true for the simplified ex-
pression. It is therefore very relevant to use the parameterisation for which the
approximation is best. In particular, we will here follow [9] and use a square root
parameterisation for the multinomial parameters in our model.

Previous works [11,9, 22] have shown how to make efficient use of unlabelled
data into discriminative classifiers using Fisher kernels. Even though we have
not experimented with Fisher kernels, we want to give here their forms for the
different models, since we believe it sheds some light on the models.

For HPLSA, the likelihood of a document d, normalised by document length,
is:

(d) = Z P(jld) log (Z P(a)P(d|a) ZP(VIG)P(J'IV)) (15)

where ﬁ(]|d) is the empirical word frequency for word j in document d. The
relevant derivatives are:

oUd) _ Plold) s~ PGld) . Plald)
9P~ Pla) & PGl ) (16)




o) Jld) X
5Pl |>ZP ~ P(ald) (17)

oud) _ P(id) P(ld. )
5P (jlv) P(jld)

(18)

where we have used the approximation ﬁ(_ﬂd) ~ P(j|d). Using this and the
square root parameterisation, the similarity between two documents d; and d,
is evaluated by Fisher kernel as the following expression:

k(di,dn) = k1(di, dn) + ka(di, dn) + ka(di, dy)

b ) = - L0 ) (19

bt ) = 30 Pl Py 32 A ZEEERE )

s(d;, dn) ZP ald;) P(ald,) (21)

Contributions kq and k3 can be summed up in a single contribution, involving
the (weighted) inner product of the document mixing weights. This captures,
up to a certain point, synonymy between words. Contribution ks performs a
weighted inner product between the empirical distributions of words in the doc-
ument, with a weight depending on whether the words have similar conditional
topic distributions over the whole hierarchy. This distinguishes words used with
different meanings in different contexts (polysems). Similar contributions can
also be found in the kernel expressions of PLSA [9] and in [22].

Interestingly, under the above assumption, the contribution from parameters
P(v|a) vanishes in the kernel function. This suggests that the values obtained for
these parameters do not play a direct role in computing the similarity between
documents, or, in other words, if the other parameters are fixed, varying the
parameters P(v|a) does not impact the similarity function. The same is not
true for hierarchical versions of Naive Bayes, since the partial derivative of the
log-likelihood function with respect to the p(v|a) parameters is given by (for
brevity, we omit the details of the derivation):

_old) ) |v)
22
3P( |a) (22)
leading to the following contribution to the kernel function:
kYB(di, dy) ZP (a|d)P(ald,) x
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Thus, in this case, varying the parameters P(v|a) yields different similarities.

Although a more complete study of the relations between the Fisher kernel
and the Maximum Likelihood estimates is needed, we believe this explains our
observation that HPLC does not seem overly sensitive to the parameters P(v|a),
whereas HiMi (a hierarchical version of Naive Bayes) is. Future work should focus
on working out the exact conclusions one can draw from the above facts.

Model selection. One of the objectives of this paper was to propose a very
flexible model (1) which encompasses a number of previously proposed methods
[8,14,19,24]. In addition to shedding some light on the assumptions built in the
different models, this opens a possibility for using standard tools for performing
model selection. Indeed, we have shown that we have a family of embedded
models of increasing complexity, where we could select a model, typically using
arguments based on generalisation relying on eg algebraic estimators or cross-
validation. Note however that typically we would expect more flexible models to
perform worse for small sample sizes. The results we have reported suggest that
the most flexible model (HPLC) actually does quite well even for small sample
sizes.

8 Conclusion

In this paper, we proposed a unifying model for hierarchical clustering and cat-
egorisation of co-occurrence data, with particular application to organising doc-
uments. This generative mixture model encompasses several other models, both
hierarchical and flat, already proposed in the literature. We gave details on how
to perform parameter estimation, either using a tempered version of the EM
algorithm, or using direct formula when applicable.

The use of this model is illustrated on two task: clustering incoming news
articles and categorising newsgroup messages. In both cases, the proposed model
was compared to competing alternatives. Although there is certainly room for
improvement on several fronts, we note that the combined use of the hierarchy
and soft class assignment yields performance that is at least as good (and in
most cases better) as previously proposed generative models. We also presented
the Fisher kernels associated with the model and discussed how they relate to
its behaviour.
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