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In this paper we describe a method which combines semi-supervised and active learning for the classification task. In 
particular, we propose a semi-supervised PLSA (Probabilistic Latent Semantic Analysis) algorithm [4] combined with a 
certainty-based active learning method, in order to classify text documents.  
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1 OVERVIEW 

 Active and semi-supervised learning have been used in various ways and different contexts to reduce 
the labeling effort in supervised machine learning. Both techniques aim at solving the same problem, but 
from different perspectives. We consider the pool-based active learning model, where the idea is essentially 
to select promising unlabeled examples from a given set in a sequential process in the sense that the 
corresponding target objects contribute to a more accurate prediction function.  

Our approach follows the work of [4] who proposed a semi-supervised variant of the Probabilistic 
Latent Semantic Analysis (PLSA, [5]) model. This algorithm includes additional fake labels for unlabeled 
examples and extends the Expectation-Maximisation (EM) algorithm to uncover the relationships between 
components and labels (including the fake one). PLSA is based on a solid statistical framework which has 
been proved to be competitive compared to other existing semi-supervised techniques. In particular, it 
captures polysemy and synonymy [5] in natural language. The novelty of our work is to combine active 
learning and the semi-supervised PLSA model. The idea is to select the most ambiguous examples and to 
correctly annotate them, in order to augment the training data and to improve the performance of the semi-
supervised learning module. 

In supervised machine learning, labeled examples are required to learn a classification rule. However, 
the annotation of the data is, in many situations, a time-consuming and costly process, whereas big amounts 
of unlabeled data are often available. As it attempts to learn from both labelled and unlabelled data, semi-
supervised learning has met with high interest. It may help reduce the labelling effort by combining labeled 
and unlabeled data. Various methods of semi-supervised learning have been explored and have been shown 
to yield promising results. For example, Nigam et al. [11] proposed an algorithm using the naive Bayes 
classifier and EM in order to learn from labeled and unlabeled data. Another approach, co-training, was 
proposed by [2].  Assuming that we have two views of the same data, co-training uses the examples with 
high classification score of the one view as a training set in the second view. Co-EM [10] combines co-
training and the EM algorithm. Within the realm of Support Vector Machine, [6] applied a transductive 
inference approach to improve text categorisation using unlabelled data. A survey of more semi-supervised 
methods can be found in [16]. 

Active learning addresses the issue of the annotation burden from a different perspective. It tries to 
minimize the annotation cost by labeling as few examples as possible and focussing on the most useful 
examples. Among different types of active learning methods, uncertainty-based methods try to find the most 
ambiguous example to label. Measures of ambiguity include classification probability in naive Bayes [7], 
distance to a decision boundary in SVMs [13] or the disagreement between different committee members in 
Query by Committee [3]. Another type of active learning methods [12] tries to reduce the future error, i.e. 
seeks examples that minimize the expected generalization error. Baram et al. [1] proposed a combination of 
different active learners, choosing at each step the most convenient learner in each particular case. 

By combining semi-supervised and active learning, we attempt to benefit from both approaches to 
addressing the annotation burden problem.  The semi-supervised learning component improves the 
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classification rule and the measure of its confidence, while the active learning queries for labelling the most 
relevant and potentially useful examples. Previous work on the combination of semi-supervised and active 
learning includes [8], where EM is used with unlabeled data integrated into the active learning algorithm. 
Also [10] combined multi-view learning with active learning in Co-EMT. In [15], semi-supervised learning 
is combined with active learning and applied to content-based image retrieval. Zhu X. et al [17] have 
combined semi-supervised and active learning using Gaussian fields and harmonic functions. 

We will first describe the semi-supervised variant of PLSA (section 2).  As this method yields a good 
estimate of the confidence of the classification rule, we extend it to handle pool-based active learning 
(section 3). In experiments carried out on binary classification problems using the 20 newsgroup dataset, we 
show that we may benefit from both the semi-supervised PLSA and the active selection of examples (section 
4). In section 5, we discuss the implications of this work and future directions.   
 

2 SEMI-SUPERVISED PLSA  

Let us consider a classification problem where we have both labeled and unlabeled data. Let us assume 
we have K classes and our data consist of l labeled examples )( }{, , 1, ,i iL x y i l= ∈ K  and u unlabeled 

examples }{, 1, ,l jU x j u+= ∈ K . We denote by N=l+u the total number of examples in the training set. We 

also assume that the dataset is a collection of documents ( )1, ,
dND d d= K , containing words from the 

vocabulary ( )1, ,
wNW w w= K . Each example x is a co-occurrence of a word w and a document d, which we 

denote by ( ),x w d= . We model our data using a mixture model, under the assumption that d and w are 
independent, conditionally to a component of the mixture (i.e. within one class/component, all documents 
have similar content): 
  

 ( ) ( ) ( ) ( ), | |
c

P w d P d P w c P c d= ∑         (1) 

where c is the number of components of the model. PLSA associates a latent context variable with each word 
occurrence, which explicitly accounts for polysemy. It aims to discover something about the meaning behind 
the words and the topic of the document. 

In the semi-supervised learning method we adopt [4], we place a “fake” label on all unlabeled data. 
The motivation is to try to solve the problem of unlabeled components, i.e. the components which contain 
only unlabeled data (which is very likely to happen whenever l<<u). If we do not use the “fake” label, 
arbitrary class probabilities will be assigned to these components, which will lead to arbitrary decision 
during the classification. So, all labeled data will keep their real labels and all the unlabeled data get a new 
label z=0. In other words, 1 , i ii l z y∀ ≤ ≤ =  and ( 1) , 0il i N z∀ + ≤ ≤ = .  Note that the label is in fact 
uniquely determined by the document, i.e. all examples from the same document d have the same label z (a 
possibly y). From (1), taking into account the label z in the same manner, we have: 

 
  ( , , ) ( ) ( | ) ( | ) ( | )

c
P w d z P d P w c P c d P z c= ∑            (2) 

 
As mentioned in the previous section, we use a semi-supervised version of the PLSA algorithm. Let us 

assume for simplicity that we have K components (i.e. we assume one component per class) and K+1 classes 
including the new “fake” label.  The likelihood of model (2) given our dataset is: 
 1 log ( , , )i i i

i L U
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∈ ∪
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We can combine the co-occurrences for the same pair (w,d) , i.e. when a word w appears more than 

once in a document d, by introducing a new notation ( , )n w d which represents the number of occurrences of 
the word w in the document d.  The likelihood becomes: 

 
 2 ( , ) log ( , , ( ))
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where z(d) is the label of document d (z(d)=0 for all unlabeled documents, as explained previously). The 
above likelihood can be split in two terms, corresponding to the labeled and the unlabeled documents, 
respectively: 
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The first part of  (5) can be maximised analytically, but the second part, due to the presence of the sum 

under the log, requires an iterative optimisation such as the EM algorithm. As shown in [4], the steps of the 
EM algorithm can be depicted as: 

The E-step equation is (for all values of w and d): 

 

'
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The M-step equations are: 
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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 ( )cz z=  or unlabelled examples ( 0)z = . This 
means that , , ( | ) 0c z P z c∀ ∀ =  if {0; }cz z∉ . 

Once the model parameters are obtained (as a fixed point of EM), for each example x, we want to 
distribute the probability obtained for the “fake” label z, with the ``true'' labels: 

( | ) ( | ) ( | 0) ( 0 | )P y x P z y x P y z P z xλ∝ = + = =  
In our experiments,  ( | 0) 1/ 2P y z = =  and 0.005λ = . 
 

3 ACTIVE LEARNING 

We consider the pool-based active learning model, where the essential idea is to select promising 
unlabeled examples in a sequential process. By `promising` we mean that the knowledge of the 
corresponding label will contribute to a more accurate prediction function. Combining semi-supervised and 
active learning appears to be particularly beneficial in reducing the annotation burden for the following 
reasons: 

1. It constitutes an efficient way of solving the exploitation/exploration problem: semi-supervised 
learning is more focused on exploitation, while active learning is more dedicated to exploration. Semi-
supervised learning alone may lead to poor performance in the case of very scarce initial annotation. It 
strongly suffers from poorly represented classes, while being very sensitive to noise and potentially 
instability. On the other hand, active learning alone may spend too much time querying useless examples, as 
it can not exploit the information given by the unlabeled data 

2. In the same vein, it may alleviate the data imbalance problem due to each method separately. Semi-
supervised learning tends to over-weight easy-to-classify examples that will dominate the process, while 
active learning has the opposite strategy, resulting in exploring more deeply the hard-to-classify examples 
[14].  

3. Semi-supervised PLSA is able to provide a more motivated estimation of the confidence score 
associated to the class prediction for each example, taking into account the whole data set, including the 
unlabelled data. As a consequence, active learning based on these better confidence scores can be expected to 
be more efficient. 



In order to implement active learning on top of the semi-supervised PLSA algorithm described earlier, 
we choose to annotate the most ambiguous document. Ambiguity is measured as the entropy of the posterior 
of a document, P(c|d). In the case of binary classification this is simplified in choosing the example for 
which the probability is closest to 0.5. The selected document is annotated and added to the labelled dataset. 
The classification rule is then updated using the semi-supervised PLSA algorithm. 

 

4 EXPERIMENTS 

The first experiments we have performed on the 20 newsgroups dataset give promising results. We 
consider binary classification by selecting pairs of newsgroups from the data. In particular, we have chosen 
the following three pairs of newsgroups:  

• (Easy) rec.sport.baseball (994) vs. 
rec.sport.hockey (999) 

• (Moderate) 
comp.sys.ibm.pc.hardware (982) vs. 
comp.sys.mac.hardware (961) 

• (Hard) talk.religion.misc (628) vs. 
alt.atheism (799) 

 They correspond to easy, moderate and hard 
problems respectively. In all three cases, we use the 
80% for the data as a training set (labeled and 
unlabeled) and we use the rest 20% as a test set, in 
order to estimate the accuracy of our method. We 
start with only 1 labeled example in each category 
and the rest of the examples are unlabeled. We run 
our method, which will choose the next example to 
label among the unlabeled ones, pick the label from 
the reference annotation and update the model 
accordingly. The procedure continues and other 
examples are sequentially labelled as requested by 
the active learning step. In our experiments, we 
query 50 examples.  

We compare our results with two other methods. In the first one, we use the semi-supervised PLSA, 
iteratively by querying randomly selected example instead of using active learning. This algorithm will help 
us see if active learning improves our results. The second alternative is a SVM model where the active 
learning step consists of querying the label of the example which is closest to the separating hyperplane. In 
addition, we compute an upper bound on the performance by using all the annotation on the training set.  
This gives an idea of how much of the potential performance we get using up to 50 annotated examples.  

For each model, we perform 20 iterations with different initialization each time (different initial 
labeled examples). Performance is measured in classification accuracy and is displayed in figures 1 and 2. 
We can see that the active semi-supervised model gains about 10% in accuracy. The performance of SVM at 
the beginning is much worst.  This is mostly due to the fact that it starts with only two labeled examples, so 
it’s very difficult to learn a good model. The SVM gains more as active learning progresses.  Still it is 
somewhat below the active semi-supervised PLSA model after 50 queries. 

Note also that the harder the problem, the bigger the difference between the accuracy of the active, 
semi-supervised PLSA and the semi-supervised PLSA asking random queries, which shows the importance 
of the active learning method. 

 

5 CONCLUSION 

In this paper we have presented a combination of semi-supervised and active learning applied on the 
PLSA algorithm. We argue that the proposed technique addresses the issue of annotation cost in supervised 
learning in two ways: semi-supervised learning helps leverage unlabeled examples to improve categorization 
accuracy, while active learning helps annotators by choosing the potentially most informative examples. Our 
algorithm can be extended in order to take into account different labeling costs. In that way, we will be able 
to choose a document to label by its trade-off of ambiguity and annotation cost (for example, it is harder to 
annotate a long document than a short one). Also different active learning techniques can be used in addition 

Fig. 1 Comparison of the active semi-supervised 
PLSA algorithm (top) with the semi-supervised PLSA 
querying random examples (middle) and SVM 
querying the examples which are closest to the 
margin (bottom), for the first pair of newsgroups 
(hockey vs. baseball). The horizontal line is the upper 
bound on the performance. 



with the current proposition. 

 
Fig. 2 Results for the other two pairs of newsgroups (pc vs. mac on the left and religion vs. atheism on the right).  
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