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Abstract. In order to reduce human efforts, there has been increasing interest in 
applying active learning for training text classifiers. This paper describes a 
straightforward active learning heuristic, representative sampling, which ex-
plores the clustering structure of ‘uncertain’ documents and identifies the repre-
sentative samples to query the user opinions, for the purpose of speeding up the 
convergence of Support Vector Machine (SVM) classifiers. Compared with 
other active learning algorithms, the proposed representative sampling explic-
itly addresses the problem of selecting more than one unlabeled documents. In 
an empirical study we compared representative sampling both with random 
sampling and with SVM active learning. The results demonstrated that repre-
sentative sampling offers excellent learning performance with fewer labeled 
documents and thus can reduce human efforts in text classification tasks.  

1   Introduction 

Nowadays an enormous amount of text information is available in electronic form, 
like email, web pages or online news. Automatic text classification has become a key 
way to process text information. Typically, human experts have to set up the catego-
ries and assign labels to each text document. A supervised machine learning algo-
rithm will then be applied to train a model based on the labeled documents so that 
future unlabeled documents can be automatically categorized. Since there are typi-
cally tens thousands of documents in a normal sized corpus, the required human la-
beling effort can be very tedious and time consuming.  

Since in many cases a majority of unlabeled data are available, there have been 
many studies employing unlabeled documents in classification, like transductive 
learning [Joachims, 1998], co-training [Blum & Mitchell, 1998], and active learning 
[Lewis and Gate, 1994; Schohn and Cohn, 2000; Tong and Koller, 2000]. This paper 
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widely and successfully used as a similarity measure between users a and user u :
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where overlap(a, b) indicates that the similarity between two users is computed over the
common voted items. [Shardanand and Maes, 1995] claimed better performance by
computing similarity using a constrained Pearson correlation coefficient, where a user’s
mean vote was replaced by a constant, the midpoint of the rating scale. In our experiment,
where discrete scale is 0-5, we choose the midpoint to be 3 and form the neighborhood by
range query, where users whose similarity to active user is higher than 0 are selected.
       As indicated by eq. (3.1.1), a single prediction is generated by the weighted sum of
votes on the target item i over active user’s neighborhood in the instance space of Ti.
Since it is almost impractical to build data structure in high dimensional space, the search
of neighborhood is very computationally expensive when the training set Ti  is very large.
An obvious critique to memory-based learning methods is their high sensitivity to noises
and redundancy. In this section we will present four techniques of Training User
Reduction for Collaborative Filtering, TURF1-TURF4, to remove noise and redundancy
for reducing the computational complexity while trying to maintain or even improve the
accuracy. The basic approach is to get reduced training sets T’i  for every target item i,

where ’i iT T⊆ , and then perfom collaborative filtering Eq. (3.1.1) over T’i instead of Tt .

3.2 TURF1 – Selecting Users with Novel Profile

The first selection technique TURF1, whose idea is borrowed from Condensed NN rule
[Hart, 1968] and IB2 [Aha et al., 1991], addresses the redundancy of training set.
Consider the Example 1 again, Fred and Sophia have shown very close preference
profiles for the target item Batman, if we remove one of them, the lost of preference
patterns in training set may be not considerable in a sense, while the execution can be
accelerated by a factor of 4/3. For a target item i, TURF1 starts from a small randomly
selected training set T’i from Ti, and incrementally processes other training users in Ti ,
following the simple rule: User u is judged to be with novel profile and added into the
training set T’i , if user u’s vote on target item i is incorrectly predicted by CF over
current instance set T’i . The algorithm proceeds as the following pseudo code:

TURF1( Training preference database T )
         For each target item i in T

     If ( number of users in Ti who voted on i > INITIAL_SIZE )
Randomly seed the initial training set T’i with INITIAL_SIZE users in Ti

             For each remaining user u in Ti    
                       If u’s vote on i isn’t correctly predicted by CF using T’i  

                       Add u into T’i

                       Endif
             Endfor
   Endif

 Endfor
End

After instance selection is finished, every target item i will has a smaller training set T’i ,


