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I. INTRODUCTION

MACHINE learning techniques have been used for var-
ious tasks of document management and textual in-

formation access, such as categorisation, information extrac-
tion, or automatic organization of large document collections.
Acquiring the annotated data necessary to apply supervised
learning techniques is a major challenge for text applications,
especially in very large collections. Annotating textual data
usually requires humans who can read and understand the
texts, and is therefore very costly, especially in technical
domains. In this contribution, we address the problem or
reducing this annotation burden.

II. METHOD

We describe a method which combines semi-supervised
and active learning for document categorisation. We use a
semi-supervised version of the Probabilistic Latent Semantic
Analysis (PLSA) model [3], which we combine with a pool-
based active learning method. In our study we adopt the
semi-supervised learning approach of [2]. On top of this,
we perform active learning by selecting the most ambiguous
non-annotated examples and annotating them. As the set of
annotated data grows, the performance of the model increases.
Semi-supervised learning and active learning both address the
problem of reducing the annotation effort by 1) learning from
partially annotated data and 2) selecting for annotation the
examples that are believed to be the most useful for improving
the model.

A. Semi-supervised Latent Semantic Analysis

Our semi-supervised learning technique follows [2]. Let
us assume a dataset consisting of ` labelled examples
L = {(x1, y1), . . . (x`, y`)} and u unlabelled examples U =
{x`+1, . . . x`+u}, hence N = ` + u examples in all. We
introduce an additional ”fake label” variable z such that
∀i, 1 ≤ i ≤ `, zi = yi and ∀i, ` < i ≤ N, zi = 0.

In the case of textual data modelled by PLSA, each example
x is the co-occurrence of a word w with a document d, which
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we denote by x = (w, d). The probabilistic model is a mixture
of multinomial distributions over (w, d, z):

P (w, d, z) = P (d)
∑

c

P (w|c)P (c|d)P (z|c)

where c = 1 . . . K is the index over K latent components.
Note that the modelling assumption is that w, d and z are
conditionally independent given c.

We then use a variant of the Expectation-Maximisation
(EM) algorithm to train the multinomial mixture model, with
appropriate constraints on the components to ensure good
separation of the labelled examples from different classes. The
(log)likelihood of the data is:

L =
∑

i∈L∪U

ln P (wi, di, zi) =
∑

d

∑

w

n(w, d) ln P (w, d, z(d))

where z(d) is the (unique) label of document d (assuming
documents may not be partially annotated), and n(w, d) the
number of occurrences of word w in document d. The EM
algorithm alternates the following Expectation and Maximisa-
tion steps. In the E-step, we calculate

πc(w, d) = P (c|w, d, z(d)) =
P (c|d)P (w|c)P (z(d)|c)∑

c′ P (c′|d)P (w|c′)P (z(d)|c′)
,

and in the M-step we update the model parameters by:

P (w|c) ∝
∑

d

n(w, d)πc(w, d) (1)

P (c|d) ∝
∑

w

n(w, d)πc(w, d) (2)

P (z|c) ∝
∑

d,z(d)=z

∑

w

n(w, d)πc(w, d). (3)

In addition, in order to avoid mixing examples with different
labels in the same component, we assume that each component
c may only generate examples from one class (z = zc) or
unlabelled examples (z = 0). This means that ∀c, z, P (z|c) =
0 if z 6∈ {0; zc} (it turns out that this condition is a fixed point
of EM and therefore easy to enforce).

Once the model parameters are obtained (as a fixed point
of EM), we may “decode” them to obtain probabilities of
assignment to the “true” labels:

P (y|x) ∝ P (z = y|x) + λP (y|z = 0)P (z = 0|x).

In our experiments, P (y|z = y) = P (y|z = 0) = 1/2 and
λ = 0.02.



B. Active learning

In [2], it was shown that this model seems to provide a
better estimate of the labelling uncertainty than the standard
semi-supervised EM [4]. This uncertainty is used as a guide
to choose the queried examples in the active learning step. In
order to gain the maximum information from the annotation,
we choose the most ambiguous example, ie the example for
which the category assignment probability has the largest
entropy. For binary categorisation this reduces to picking the
example for which the assignment probability is closest to 1/2.

We then query the annotation of that example from the user,
and update the model parameters accordingly. We will now
illustrate the use of the active semi-supervised PLSA algorithm
on some small binary categorisation tasks.

III. EXPERIMENTS

In order to illustrate this approach we perform some cate-
gorisation experiments on the 20 newsgroups dataset [1]. We
consider three binary categorisation tasks between pairs of
newsgroups (number of examples in brackets):

1) rec.sport.baseball (994) vs. rec.sport.hockey (999)
2) comp.sys.ibm.pc.hardware (982) vs. comp.sys.mac.hardware (961)
3) talk.religion.misc (628) vs. alt.atheism (799)
In each case, we set aside 20% of the data as test set to

provide an unbiased estimate of the categorisation accuracy.
The remaining 80% is the training set, both labelled and unla-
belled. In each experiment, we start with 1 random annotated
example from each class, and all remaining examples are
unlabelled. Then, at each step of the active learning procedure,
we query the label of one example, retrain the model, etc. In
our experiments, we query a total of 50 examples.

We test the method described above (active, semi-supervised
PLSA) and compare it to two contenders. The first is the same
semi-supervised PLSA model, but at each step, we query a
random example instead of the most ambiguous one. This
allows us to evaluate the influence of the active learning step in
the overall performance gain. The second contender is a SVM
model, where the active learning step is done by querying the
annotation of the example closest to the separating hyperplane
[5].

Each active learning session is repeated 10 times, with
different randomly chosen annotation seeds (the 2 initial ex-
amples), for each model. Figure 1 displays the average results
obtained on the first task. The active semi-supervised PLSA
displays an average gain of around 10 points in accuracy.
Interestingly, most of the gain is obtained with the first 5-10
examples, and slows down afterwards. Note that 10 examples,
on this task, corresponds to only 0.6% of the unlabelled data.
Querying random examples does not work as well, especially
after the first few examples. With the SVM, the performance
starts much lower. This is due to the fact that the SVM uses
only the annotated examples, and, starting off with too few
examples, is unable to learn any useful separation. The rate
of progress of the SVM, however, is much larger and more
regular than for the other two methods. It eventually reaches
comparable performance, but not before around 50 additional
examples have been queried and labelled.

Fig. 1. Example of result on the first binary task. Active semi-supervised
PLSA (top) compared to PLSA querying random examples (middle) and SVM
querying examples closest to the margin (bottom).

On the second and third tasks, the results are qualitatively
similar, although the amplitude of the gain is lower. As
a consequence, the advantage of the active semi-supervised
PLSA seems smaller.

IV. CONCLUSION

We have reported on our investigation of the use of a
combination of active and semi-supervised learning in order
to reduce the annotation burden for a supervised text classi-
fication task. For many textual information access problems,
obtaining the amount of annotated data required for applying
supervised learning methods is a key issue. We argue that
the proposed technique addresses this issue in two ways:
semi-supervised learning helps leverage unlabelled examples
to improve categorisation accuracy, while active learning helps
annotators concentrate on the potentially most informative
examples. Our algorithm can easily be extended in order to
take into account different labelling costs. In that way, we will
be able to choose a document for labelling by its trade-off of
ambiguity and cost of annotation (for example, it is harder to
annotate a long document than a short one). Also we plan to
continue investigating different active learning techniques in
addition to the current proposition.
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