
Challenge summary
6 datasets, with very different number of features, classes, and levels of sparsity.

3 subsets for each dataset: developement, validation and final. Each subsets contained instances of different classes. 

The accuracy of each subset was assessed in terms of AUC (Area Under the Curve), after training with a Hebbian classifier.

The goal was to transform the set of features from each subset in order to maximize the AUC. The competition had 2 phases:

First phase: Unsupervised learning, for which no labels were available.

Second phase: Transfer learning,  for which the labels of some instances in the development set were given.

AUCs of validation subsets could be obtained on the competition website. AUCs of final subsets were unknown and used for the final ranking. 

Le Borgne

contained exactly 4096 samples. In the first phase, the goal was to extract features from
the validation and final subsets in such a way that a Hebbian classifier would improve its
classification accuracy (Guyon et al.; UTL website). The first phase was unsupervised, in
the sense that no labels were given for any of the subsets. The development set could be
used to analyze the structure of a dataset on a large number of samples, while the validation
set could be used to test the accuracy of a feature extraction technique thanks to an online
evaluation provided by the organizers (UTL website). The ranking of the contestants in the
competition was assessed by means of the classification accuracy of the Hebbian classifier
on the data from the final subset.

Table 1: Characteristics of the datasets

Dataset Domain Features Sparsity #Dev. samples #Labels #Classes
AVICENNA OHR 120 0% 150205 50000 5
HARRY Video 5000 98.1% 69652 20000 4
RITA Images 7200 1.1% 111808 24000 4
SYLVESTER Ecology 100 0% 572820 100000 2
TERRY Text 47236 99.8% 217034 40000 4
ULE OHR 784 80.9% 26808 10000 4

In the second phase of the competition, the labels of a subset of samples from the devel-
opment subset were made available. These labels referred to classes which were not part
of the validation and final subsets. They could however be used to test the accuracy of a
feature extraction technique in the development subset. The number of samples for which
transfer labels were known, as well as the number of corresponding classes, are reported in
Table 1, see the #Labels and #Classes columns.

Table 2: Classification accuracies (Area under the Learning Curve) for the di!erent subsets

Dataset DevelSub Validation Final
AVICENNA 0.2990 0.1034 0.1501
HARRY 0.1469 0.6264 0.6017
RITA 0.0799 0.2504 0.4133
SYLVESTER 0.2400 0.2167 0.3095
TERRY 0.5817 0.6969 0.7550
ULE 0.5237 0.7905 0.7169

The classification accuracies of the Hebbian classifier on the raw datasets are reported in
Table 2. The accuracies are given in terms of Area under the Learning Curve - ALC (Guyon
et al.; UTL website). The DevelSub columns gives an estimate of the classification accuracy
on a subset of 4096 samples of the development subset, for which the transfer labels were
known. The accuracy on the validation and final subsets were obtained from the competition
website. Note that only the accuracies on the validation subset were available during the
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ponents, compared to 0.10 and 0.15 for the baseline results, respectively) and Sylvester
datasets (0.49 and 0.42 for 2 components, compared to 0.22 and 0.31, respectively).

2. Using the transfer labels, the accuracy is decreased for the Sylvester dataset (from
0.49 and 0.42 for 2 components to 0.33 and 0.37 for 4 and 6 components, respectively),
which nonetheless remains higher than the baseline results. The accuracy of Avicenna
remains similar, and we observe a gain in the accuracy of the the Rita final set (up to
0.43 compared of 0.41 for the baseline results) and the ULE dataset (up to 0.84 and
0.76 for 6 and 10 components, compared to 0.79 and 0.71 for the baseline results).

3. The ability to find features which increase the classification accuracy is however hard
to use in practice, since the results of the validation procedure are conflicting: for
most datasets, the number of components which gives the best accuracy is not the
same depending on the development, validation and final set.

4. Final submission to the competition

We believe that the use of supervised dimensionality reduction strategies should be further
explored. Given that our results in this direction are preliminary, and deserve further
investigation, we relied on an unsupervised technique based on the Principal Component
Analysis for the results submitted to the competition. Our results in terms of ALC are
reported in Table 3. For all datasets, the discretization procedure explained in Section 3
was applied. Raw means that the raw data were submitted, after discretization, and N PC
means that N principal components were computed before discretization.

Table 3: Submissions to the challenge

Dataset Valid Final
AVICENNA (Raw) 0.1350 0.1798
HARRY (7 PCs) 0.7184 0.6400
RITA (7 PCs) 0.2725 0.4260
SYLVESTER (8 PCs) 0.6369 0.4775
TERRY (7 PCs) 0.7255 0.7560

We relied on the open-source R statistical platform (R CRAN) for the computation
related to this competition. We therefore adapted the Matlab code used for evaluating the
AUC and ALC functions, as well as the Hebbian classifier. The R implementation, together
with the code related to the preprocessing, the feature extraction and the postprocessing,
is available on our website (Le Borgne).

5. Conclusion

This paper presented preliminary results on the use of a supervised dimensionality reduc-
tion technique for tackling transfer learning problems such as those addressed in the 2011
Unsupervised and Transfer Learning Competition. Although the obtained results do not
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challenge. The estimates of the accuracy on the development subset could only be computed
once the transfer labels were made available (second phase), and the accuracies on the final
subset were only available after the end of the competition.

2. Feature extraction and supervised dimensionality reduction

There exists a wide variety of feature extraction techniques, both for unsupervised and
supervised settings (Duda et al., 2001). Unsupervised feature extraction techniques, such
as principal component analysis (PCA) or clustering, can be applied out of the box to
any type of data, but may miss important relationships between the input data and the
output to be classified. Supervised techniques allow to focus on the features which help in
classifying a sample, but require a training set where the labels are known.

In this competition, we experimented three unsupervised methods, namely PCA, K-
means, and hierarchical clustering (Duda et al., 2001). As a matter of fact, PCA gave the
best results, and it was the method we used for the results we submitted to the competition,
as will be briefly detailed in Section 4.

Besides these unsupervised techniques, we also carried out several experiments based on
a supervised dimensionality reduction strategy which, in our opinion, could bring better
results than unsupervised techniques. The rationale of this strategy is given in Fig. 1.
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Figure 1: Competition subset processing with supervised dimensionality reduction

2.1. Overview

The main stages of the feature extraction using supervised dimensionality reduction are:
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Characteristics of the different datasets AUC of each subset (using raw data)

Rationale: we know that each subset contains different 
sets of classes. A ‘superclass’ is assigned to each subset.

Learning is carried out using those superclasses.

Techniques used:

Preprocessing: normalization, whitening, PCA, 
hierarchical clustering, K-means.

Supervised dimensionality reduction: Partial least square.

Postprocessing: Discretization.

Partial least squares on superclasses allowed to improve the AUC for 
the Avicenna and Sylvester datasets.

Additional use of tansfer labels further improved accuracy for the Rita 
and ULE datasets.

The choice for the number of components was difficult in practice since 
the AUC on development sets did not quite follow AUC on validation 
sets.

Results for the competition were obtained with a combination of PCA 
and a discretization procedure which made the Hebbian classifier 
insensitive to the sign of the features. 

Competition AUCs with PCA and discretizationAUC on each dataset using Partial Least Squares


