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ECOCs Library

This software contains the Matlab code with the implementation of coding
and decoding designs of Error-Correcting Output Codes to deal with multi-
class categorization problems. The code provides support to include your own
coding, decoding, and base classifiers. A Demo file is included with the software
simulating some state-of-the-art learning and testing examples.

How to Reference this Library
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chine Learning Research, 2010.
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ECOC Library main training function

[Classifiers,Parameters]=ECOCTrain(data,labels,Parameters)

Input: data: N × M training data matrix, where N is the number of data samples and M is the
number of features, requiring a minimum of two training samples.
Input: labels: vector of labels for the training samples.
Input: Parameters.coding: variable that defines the coding design. In this version of the ECOCs Library,
the available coding designs are (the default value is Parameters.coding=’OneVsOne’):

using value of coding=’OneVsOne’ =⇒ one-versus-one.
using value of coding=’OneVsAll’ =⇒ one-versus-all.
using value of coding=’Random’ =⇒ Sparse/Dense random [1] [2]a.
using value of coding=’ECOCONE’ =⇒ ECOC-ONE [3]a.
using value of coding=’DECOC’ =⇒ DECOC [4]a.
using value of coding=’Forest’ =⇒ Forest-ECOC [5]a.
using value of coding=’CUSTOM’ =⇒ Your own coding designa.

Input: Parameters.decoding: variable that defines the decoding strategy. In this version of the
ECOCs Library software, the decoding designs are those analyzed in [6] (the default value is Parame-
ters.decoding=’HD’):

using value of decoding=’HD’ =⇒ Hamming decoding.
using value of decoding=’ED’ =⇒ Euclidean decoding.
using value of decoding=’LAP’ =⇒ Laplacian decoding.
using value of decoding=’BDEN’ =⇒ β-Density decoding.
using value of decoding=’AED’ =⇒ Attenuated Euclidean decoding.
using value of decoding=’IHD’ =⇒ Inverse Hamming decoding.
using value of decoding=’LLB’ =⇒ Linear Loss-based decoding.
using value of decoding=’ELB’ =⇒ Exponential Loss-based decoding.
using value of decoding=’PD’ =⇒ Probabilistic-based decoding.
using value of decoding=’LLW’ =⇒ Linear Loss-Weighted decoding.
using value of decoding=’ELW’ =⇒ Exponential Loss-Weighted decoding.
using value of decoding=’CUSTOM’ =⇒ Your own decoding designa.

Input: Parameters.base: this variable defines the base classifier that learns the ECOC matrix dichotimiz-
ers:

using value of base=’CUSTOM’ =⇒ base classifier, substitute CUSTOM by the function name which
will be called for traininga.
General parameters are:

Input: Parameters.show info: if this parameter is set to 1, information about the learning and
testing process is shown. Other value does not show information (the default value is Parame-
ters.show info=1).

Output: Classifiers: this variable contains the ECOC trained classifiers.
Output: Parameters: this variable contains the ECOC design parameters to use in the ECOCTest function.

ECOC Library main testing function

[Labels,Values,confusion]=ECOCTest(data,Classifiers,Parameters,labels)

Input: data: N × M testing data matrix, where N is the number of data samples and M is the
number of features.
Input: Classifiers: trained classifiers obtained from the ECOCTrain function call.
Input: Parameters: this variable contains the parameters of the ECOC design obtained from the
ECOCTrain function call (although its contain can be altered).
Input: Parameters.base test: this variable defines the base classifier that lest the ECOC matrix di-
chotimizers:

using value of base test=’CUSTOM’ =⇒ base classifier, substitute CUSTOM by the function name
which will be called for testinga.
Input: labels: vector of labels for the testing samples (if not given, no confusion matrix is computed).
Output: Labels: this variable contains the predicted labels for each test samples.
Output: Values: output variable that contains the decoding values for each test sample (row) and each
class codeword (column).
Output: confusion: this variable contains the confusion matrix for the testing data.

a See next sections for method details.
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1 Sparse Random designs

The random designs define the coding by selecting the matrix, from a set of randomly-generated matrices,
so that it maximizes a row separability measure. This strategy can define binary (dense) or ternary (sparse)
random ECOC matrices [1] [2]. In this case the parameters are the followings:

Parameters.columns =⇒ this variable defines the number of columns of the sparse design (the default
value is Parameters.columns=10).

Parameters.iterations =⇒ this variable defines the number of random matrices from which the
sparse one is selected (the default value is Parameters.iterations=3000).

Parameters.zero prob=⇒ this variable defines the probability of the symbol zero to appear Θ ∈ [0, .., 1],
defining matrices with different sparseness degree. To define a Dense random strategy, this value must be
set to zero (the default value is Parameters.zero prob=0.5).

2 ECOC-ONE

Problem-dependent ECOC coding design. A validation sub-set is used to extend any initial coding matrix
and to increase its generalization by including new dichotomizers that focus on difficult to split classes [3].
In this case the parameters are the followings:

Parameters.validation =⇒ this variable defines the percentage of data used as a validation subset
Θ ∈ [0, .., 1] (the default value is Parameters.validation=0.15).

Parameters.w validation =⇒ this variable defines the weight of the validation subset Θ ∈ [0, .., 1].
The weight of the training subset corresponds to (1-w validation) (the default value is Parameters.w validation=0.5).

Parameters.epsilon =⇒ this variable defines the minimum accuracy of the ensemble to stop the
ECOC-ONE coding procedure Θ ∈ [0, .., 1] (the default value is Parameters.epsilon=0.05).

Parameters.iterations one =⇒ this variable defines the maximum number of iterations (classifiers
to be embed in the ECOC-ONE coding matrix) (the default value is Parameters.iterations one=10).

Parameters.ECOC initial =⇒ this variable defines the input coding matrix to the ECOC-ONE
extension algorithm (the default value is Parameters.ECOC initial=’OneVsOne’). In this version of the
code, the alternatives are:

using value of ECOC initial=’OneVsOne’ =⇒ coding ”one-versus-one”.

using value of ECOC initial=’OneVsAll’ =⇒ coding ”one-versus-all”.

using value of ECOC initial=’Random’ =⇒ coding dense/sparse random designs.

using value of ECOC initial=’CUSTOM’ =⇒ your own coding design.

other value =⇒ variable Parameters.ECOC is selected as the input of the ECOC-ONE extension
algorithm.

Parameters.one mode =⇒ given two classes c1 and c2 to be considered by a new classifier, this
variable defines the procedure to determine the new bi-partition of classes that discriminates c1 from c2. In
this version of the code, the different alternatives are (the default value is Parameters.one mode=2):

using value of Parameters.one mode = 1 =⇒ if the classes to be discriminated are c1 and c2, the
new classifier is just c1 versus c2 omitting the rest of classes.
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using value of Parameters.one mode = 2 =⇒ if the classes to be split are c1 and c2, an SFFS
procedure is applied in order to minimize the distance d, where d is computed as follows:

d =

√ ∑
i∈[1,..,m]

(hi(p1)− hi(p2))
2 (1)

being m the number of data features and hi(p1) the histogram of the ith feature considering
the data of the first partition of classes. Note: by default, the output of h is a 10-vector Probability Density
Function. The parameters that governs the SFFS procedure are:

Parameters.iterations sffs =⇒ number of iterations of the SFFS procedure.
The procedure starts with the including step and changes to the removing step at the
next iteration as many times as defined by this variable (the default value is Parame-
ters.iterations sffs=5).

Parameters.steps sffs =⇒ number of iterations at each including and removing step
of the SFFS procedure (the default value is Parameters.steps sffs=5).

Parameters.criterion sffs =⇒ measure to be minimized in the SFFS procedure. The
criterion included in this version of the code corresponds to eq. 1.

3 DECOC

Problem-dependent ECOC coding design. The classifiers are learnt in the form of binary tree structures
using a SFFS criterion and embedded as columns in the coding matrix [4]. Note that in the original
definition of the algorithm the splitting criteria is based on the mutual information instead of the SFFS
methodology. The parameters for the SFFS procedure are the followings:

Parameters.iterations sffs =⇒ number of iterations of the SFFS procedure. The procedure starts
with the including step and changes to the removing step at the next iteration as many times as defined by
this variable (the default value is Parameters.iterations sffs=5).

Parameters.steps sffs =⇒ number of iterations at each including and removing step of the SFFS
procedure (the default value is Parameters.steps sffs=5).

Parameters.criterion sffs =⇒ measure to be minimized in the SFFS procedure. The criterion in-
cluded in this version of the code corresponds to eq. 1.

4 Forest-ECOC

Problem-dependent ECOC coding design, where T binary tree structures are embedded in the ECOC
matrix. This approach extends the variability of the classifiers of the DECOC design by including extra
dichotomizers and avoiding to repeat previously learnt classifiers [5]. In this case the parameters are the
followings:

Parameters.number trees =⇒ Number of binary tree structures to be embedded in the ECOC cod-
ing matrix (avoiding the repetition of previous dichotomizers) (the default value is Parameters.number trees=3).

The parameters for the SFFS procedure are:

Parameters.iterations sffs =⇒ number of iterations of the SFFS procedure. The procedure starts
with the including step and changes to the removing step at the next iteration as many times as defined by
this variable (the default value is Parameters.iterations sffs=5).

Parameters.steps sffs =⇒ number of iterations at each including and removing step of the SFFS
procedure (the default value is Parameters.steps sffs=5).

Parameters.criterion sffs =⇒ measure to be minimized in the SFFS procedure. The criterion in-
cluded in this version of the code corresponds to eq. 1.
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5 Custom parameters

In order to learn the data, the user must set the parameter Parameters.base with the name of the function
of the base classifier for training. The prototype call made by the library is as follows:

Classifier = CustomFunction(matrix Data1, matrix Data2, structure

CustomParams)

where matrices Data1 and Data2 consist of examples corresponding to the elements of each meta-class. The
output of the function must be a an structure where all information needed for evaluating the classifier
is stored and that can be passed to the custom interface test function for its evaluation. An additional
parameter must be defined: Parameters.base params stores a structure with all needed parameters for
training the custom classifier.

Observe that if the custom training function call does not follow the guidelines, an interface function is
needed to convert input/output parameters to the needed ones. The following lines show an example of an
hypothetical interface function:

function

c=interfaceMyClassifier_train(data1,data2,MyClassifparams)

data=[data1;data2];

labels=[ones(size(data1,1),1);-ones(size(data2,1),1)];

[c.out1,c.out2,c.alpha,c.params]=

train_MyClassifier(data,labels,MyClassifparams);

In this example the custom training function needs a data set containing all the data examples and its
corresponding label set. The following lines show the code needed to call the custom interface:

ECOCparams.coding=’OneVsOne’; ECOCparams.decoding=’LLW’;

% The following three lines define the parameters

% needed for the hypothetical custom classifier

params.weaktype=’logistic’; params.logisticsmoothness=1;

params.lambda=50;

ECOCparams.base=’interfaceMyClassifier_train’;

ECOCparams.base_params=params;

[C,ECOCparams]=ECOCTrain(trainset,trainlabs,ECOCparams);

5.1 Custom base classifier testing

The testing using a custom base classifier is analogous to the custom training function definition. In this
case Parameters.base test defines the name of the function or interface call to the custom classifier test
function. Additionally, if the test function requires some parameters they must be stored in a structure in
Parameters.base test params. The expected prototype call in the ECOC library is as follows:

Label = CustomTest(matrix Data, structure Classifier, structure

CustomParameters)

where Data contain the data to be tested (a row per test sample), Classifier is a structure that contains the
trained classifier, it is the output of the custom training interface function, and CustomParameters stores
any additional parameter needed for testing. Label is a vector with the predicted memberships for the test
samples. The following lines show an example of a hypothetical test interface:

function class=interfaceMyClassifier_test(data,c,MyClassifparams)

[class,arr]=test_MyClassifier(data,c.out1,c.out2,c.alpha,MyClassifparams);

and the lines needed to test this interface:
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ECOCparams.coding=’OneVsOne’; ECOCparams.decoding=’LLW’;

% The following line define a possible parameter

% needed for the hypothetical test function

params.weaktype=’logistic’;

ECOCparams.base=’interfaceMyClassifier_test’;

ECOCparams.base_test_params=params;

[Labels,Values,Confusion]=ECOCTest(testset,C,ECOCparams,testlabs);

5.2 Custom coding

In the coding step, the value Parameters.coding is set to ’CUSTOM’ in order to enable custom coding
design to be used.

Additionally, one other parameters should be set: Parameters.custom coding params variable stores a
free structure with all the parameters needed in the coding process. The expected structure of the call to
the interface to the custom function is the following:

ECOCMatrix = Parameters.custom coding(classes labels, Parameters.custom coding params)

where ”classes labels” are the different possible labels of the multi-class problem and ECOCMatrix is the
ECOC coding matrix.

5.3 Custom decoding

In the decoding step, the value Parameters.decoding is set to ’CUSTOM’ in order to enable custom
decoding strategy to be used.

Additionally, one other parameters should be set: Parameters.custom decoding params variable stores
a free structure with all the parameters needed in the decoding process. The expected structure of the call
to the interface to the custom function is the following:

Measure = Parameters.custom decoding(test codeword, class codeword,Parameters.custom coding params)

where ”test codeword” and ”class codeword” are codewords for the testing sample and one class from the
ECOC matrix, respectively. Measure contains the decoding value.
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6 Examples

To show a separately training and testing example, we selected the Glass data set from the UCI repository
data set [7]. This data set contains six classes. The samples are combined in a data structure of size 214×9,
corresponding to 214 samples for six different classes (labels 1 to 6), and a 9-dimensional space. In order
to use the coding and decoding designs, the folders Codings, and Decodings have to be included to the
Matlab/Octave path. Additionally, we included a folder Classifiers which includes an implementation of
Nearest Mean Classifier and Adaboost classifier as examples of base classifiers for training and testing.

In this case, first we train the classifiers for this data using an one-versus-one ECOC design with Hamming
decoding and Adaboost base classifier:

load data g.mat % load data and labels of the data set
Parameters.coding=’OneVsOne’;
Parameters.decoding=’HD’;
Parameters.base=’ADA’; % ADA is the name of the function for training using Adaboost
Parameters.base params.iterations=50; % Required parameter for training using Adaboost. In
this case it corresponds to the number of decision stumps
[Classifiers,Parameters]=ECOCTrain(data,labels,Parameters)
No base classifier defined, using Discrete Adaboost Learning coding matrix :

1 1 1 1 1 0 0 0 0 0 0 0 0 0 0

-1 0 0 0 0 1 1 1 1 0 0 0 0 0 0

0 -1 0 0 0 -1 0 0 0 1 1 1 0 0 0

0 0 -1 0 0 0 -1 0 0 -1 0 0 1 1 0

0 0 0 -1 0 0 0 -1 0 0 -1 0 -1 0 1

0 0 0 0 -1 0 0 0 -1 0 0 -1 0 -1 -1

Classifiers =

Columns 1 through 7

[1x1 struct] [1x1 struct] [1x1 struct] [1x1 struct] [1x1 struct] [1x1 struct] [1x1 struct]

Columns 8 through 14

[1x1 struct] [1x1 struct] [1x1 struct] [1x1 struct] [1x1 struct] [1x1 struct] [1x1 struct]

Column 15

[1x1 struct]

Parameters = ’..’

Table 1
Training example.
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The system is tested using the same training data:

Parameters.base test=’ADAtest’; % ADAtest is the name of the function for testing using
Adaboost. No additional parameters are required in this case, all is stored in the Classifiers structure
[Labels,Values,confusion]=ECOCTest(data,Classifiers,Parameters,labels)
Testing ECOC design
Labels =

1 1 1 1 1 2 1 1 1 1 1 1 1 1 1 1 1 1 1 1

1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1

1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1

1 1 1 1 1 1 1 1 1 1 1 2 2 2 2 2 2 2 2 1
...
Values =

5 6 7 9 9 9

5 6 7 9 10 8

5 6 7 9 10 8

5 6 7 9 10 8

5 6 7 9 10 8

6 5 7 9 10 8

5 6 7 9 10 8

5 6 7 9 10 8

5 6 7 8 10 9
...
confusion =

68 2 0 0 0 0

1 75 0 0 0 0

0 0 17 0 0 0

0 0 0 13 0 0

0 0 0 0 9 0

0 0 0 0 0 29

Table 2
Testing example. Predicted labels, matrix of Hamming decoding values per class
and confusion matrix are obtained.
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In the file Demo.m provided with the code you can look for more learning and testing ECOC examples
over different data sets, coding, decoding, and base classifiers. In particular, the following experiments are
performed:

• 1) Calling the main ECOC function to train Glass data set with the following configuration: one-versus-one
coding, Hamming decoding, and Adaboost base classifier.

• 2) Calling ECOCTest function to classify the previous design over the same data.

• 3) Perform the same steps using Sparse Random design with Euclidean Decoding and Nearest Mean
Classifier.

• 4) Calling ECOCTest function to classify the previous design over the same data. No test labels are passed
as parameters.

• 5) Calling the ECOCTrain function with Ecoli data set, DECOC coding, Linear Loss-Weighted decoding,
and Adaboost base classifier. 90% of the data is used to train.

• 6) Calling ECOCTest function to classify the previous design over remaining 10% of data.

• 7) Calling the ECOCTrain function with Iris data set, ECOC-ONE coding, Exponential Loss-Weighted
decoding, and Adaboost base classifier. 90% of the data is used to train.

• 8) Calling ECOCTest function to classify the previous design over remaining 10% of data.
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