A Novel Unsymmetrical Co-Training Algorithm
1. Co-training 
Semi-supervised learning has absorbed much attention from researchers because a larger number of unlabeled examples may boost performance of a learning algorithm when only a smaller number of labeled examples is available. Blum and Mitchell [1] first consider a problem setting that the description (feature set) of each example can be partitioned into two distinct views (two disjoint feature sets). For example, a web page can be described by the words occurring on that web page, and also by the words occurring in hyperlinks that point to that page. We can either only use the set of words occurring on the web pages to classify other pages, or use the set of words occurring in hyperlinks to classify the pages. The algorithms which use the above problem setting are referred to co-training algorithm. 
Blum and Mitchell [1] show that the co-training algorithm works well on semi-supervised learning, if the feature set division of dataset satisfies two assumptions, that is, (1) each set of features is sufficient for classification, and (2) the two feature sets of each instance are conditionally independent given the class. The first assumption is about the compatibility of the instance distribution with the target function. That is, the target functions over each feature set predict the same label for most examples. For example, the prediction of web pages should be identifiable using either the page text or hyper link text. The second assumption is the most difficult one which is somewhat unrealistic in practice. In the example of web page classification, this assumes that the words on a web page are not related to the words on its incoming hyperlinks, except through the class of the web page. 
Co-training begins at using a weak initial hypothesis over one feature set and labeling examples. Under the conditional independence assumption, these examples may be randomly distributed to the other classifier. Though the classification noise from the weak hypothesis would be brought to the other classifier, the algorithm can learn from these labeled examples by an iterative procedure between the two classifiers. The general co-training algorithm is shown as follows.

Algorithm Co-training

Input: An initial set of labeled examples and a set of unlabeled examples, two classifiers A and B.
Initialization: 
· Split feature set of labeled and unlabeled examples into two disjoint feature sets X and Y. 
· Create training sets for classifier A and B using only initial set of labeled examples with feature sets X and Y. 
· Create unlabeled example pools by choosing some examples randomly from unlabeled examples with feature sets X and Y.

Loop while there are still some examples in pool:

· Build classifier A by its set of training examples.

· Build classifier B by its set of training examples.

· Use classifier A to labeled examples in its data pool. For each class C, pick the unlabeled examples with higher confidence degrees, and add them into its training set.
· Use classifier B to labeled examples in its data pool. For each class C, pick the unlabeled examples with higher confidence degrees, and add them into its training set.
· Replenish examples to the data pools with unlabeled examples.

Output: The predicted class labels for unlabeled examples. These predictions can be combined by multiplying together and then renormalizing their class probability scores.
2. Co-EM

Nigam and Ghani [2] build the experiments to compare the performance between co-training algorithm and EM algorithm. EM is a generative model, and uses the likelihood-based approach. It works well when the generative model fits the unlabeled data, but suffers if the natural clustering of the unlabeled data does not correspond to class-based clusters. Co-training, on the other hand, is more like discriminative approach. It uses unlabeled data incrementally by adding unlabeled examples with higher confidence degrees in training set per iteration. From the experimental results, co-training performs better than EM. They believe that it is because EM violates its underlying assumption, but co-training is more robust the assumption made by its underlying classifiers. Nigam and Ghani [2] also put forward to a new algorithm which combines the characteristics of co-training and EM. This new algorithm is called co-EM, which is shown as follows. 

Algorithm co-EM

Input: An initial set of labeled examples and a set of unlabeled examples, two classifiers A and B.

Initialization: 
· Split feature set of labeled and unlabeled examples into two disjoint feature sets X and Y. 
· Build classifier A only by initial set of labeled examples with feature set X.
Loop if classifier A and classifier B are not converged

· Use classifier A to probabilistically label all the unlabeled data with feature set X.
· Build classifier B by labeled examples and unlabeled examples (represented by feature set Y) with probabilistic labels predicted by classifier A.
· Use classifier B to re-label all the unlabeled data.
· Build classifier A by labeled examples and unlabeled examples with probabilistic labels predicted by classifier B.
Output: The predicted class labels for unlabeled examples. These predictions can be combined by multiplying together and then renormalizing their class probability scores
We can see that co-EM is different from co-training because there are no data pools for two classifiers. All the unlabeled examples are used per iteration with their predicted probabilistic labels. But it still needs to split the feature set into two disjoint sets which have to meet the requirements of assumptions. But it has been proven that splitting feature set into two disjoint feature sets which are conditionally independent given the class is a NP-hard problem. Moreover, both co-training and co-EM are sensitive to the feature set division. [2]
3. Multiple-Learner algorithm

Ng and Cardie [3] present an alternative algorithm which combines multiple machine learning algorithms using the full feature set. They still use the co-training strategy instead of splitting feature set. Since the two classifiers are trained on the same feature set, it is important to maintain a separate training set for each classifier to reduce the probability that the two classifiers converge to the same hypothesis at an early stage. The algorithm is shown as follows.

Algorithm Multi-Classifier

Input: An initial set of labeled examples and a set of unlabeled examples, two classifiers A and B.

Initialization: 
· Initialize training sets by initial set of labeled examples for classifier A and B respectively
· Create data pools by randomly select from unlabeled examples for classifier A and B respectively.
Loop if data pools still have some examples
· Build classifier A using its training set. 
· Build classifier B using its training set.
· Use classifier A to label the examples in its data pool. For each class C, pick some unlabeled examples which have higher confidence degrees, and add them into classifier A’s training set. 
· Use classifier B to label the examples in its data pool. For each class C, pick some unlabeled examples which have higher confidence degrees, and add them into classifier B’s training set.
· Replenish examples to the data pools with unlabeled examples.
Output: The predicted class labels for unlabeled examples. These predictions can be combined by multiplying together and then renormalizing their class probability scores

4. Co-EMTraining

Our algorithm which is called co-EMTraining is motivated by the multiple-learner algorithm. Instead of using both two classifiers following the style of incrementally adding unlabeled examples, we combine EM (generative model) and self-training (discriminative model) in the framework of co-training. EM classifier deals with all the labeled and unlabeled examples, self-training classifier, however, only faces to the labeled examples and unlabeled examples in the data pool. At the beginning, the self-training classifier and EM classifier are both trained by labeled examples. Then, EM classifier labels all the unlabeled examples, and self-training classifier predicts the labels of unlabeled examples in data pool. The predicted labels of unlabeled examples in data pool will be used to replace the labels of corresponding unlabeled examples which are assigned by EM classifier. EM classifier is re-trained by the updated training set and re-labels the examples in data pool. Self-training classifier update its training set by selecting the examples in data pool whose labels are identical to the labels from EM classifier. The procedure is repeated until there is no example in the data pool. The algorithm is shown as follows.
Algorithm Co-EMTraining

Input: An initial set of labeled examples and a set of unlabeled examples, two classifiers A (self-training classifier) and B (EM classifier).

Initialization: 
· Initialize the training set for classifier A by initial set of labeled examples.
· Create the data pool for classifier A by randomly select from unlabeled examples.
· Build classifier B by initial set of labeled examples, label all the unlabeled examples using classifier B, create the training set for classifier B by all the labeled examples and unlabeled examples with predicted labels.
Loop if classifier A’s data pool still has some examples
· Build classifier A using its training set. 
· Use classifier A to label the examples in its data pool. 
· Use the predicted labels in classifier A’s data pool to replace the corresponding examples’ labels in classifier B’s training set.
· Build classifier B by updated training set. 
· Re-label all the unlabeled examples using classifier B, and return the predict labels of the examples in data pool of classifier A.
· Classifier A selects some examples in the data pool if their predicted labels are identical to the labels from classifier B.
· Add selected examples into the training set of classifier A.
· Replenish examples to the data pool of classifier A with unlabeled examples.
Output: The predicted class labels for unlabeled examples. These predictions can be combined by multiplying together and then renormalizing their class probability scores

Co-EMTraining is different from EM because it uses two classifiers to teach the predicted labels to each other. Co-EMTraining is also different from co-training and co-EM because it does not split the feature set. Though co-EMTraining uses all the features like multiple-learner algorithm, one of co-EMTraining classifiers is EM which deals with all the labeled and unlabeled examples instead of only using labeled and unlabeled examples in the data pool. 
5. Experiments

We conduct the experiments to compare the performances of co-training, co-EM, multiple-learner algorithm, and co-EMTraining on 30 datasets from Weka, which come from UCI repository. The max iteration number for all the algorithms is set to 100. Labeled examples percentage is set to 10%. If the algorithms need to split the feature set, the feature set is divided into two disjoint sets randomly. If the algorithms use data pools, the size of each data pool is set to 20% in all unlabeled examples. The results are obtained via 10 runs of ten-fold cross validation experiments. Runs with the various algorithms are carried out on the same training data sets and evaluated on the same test data sets. The results are shown as follows. 
	Dataset
	Co-EMTraining
	Co-training
	Co-EM
	Mult-Learner

	zoo
	85.36
	79.48 *
	76.24 *
	80.19 *

	labor
	78.83
	78.5
	65.9 *
	79.87

	iris
	89.2
	89.33
	79.47 *
	90.4

	vote
	88.62
	88
	88.23
	88.26

	breast-cancer
	72.25
	65.94 *
	71.63
	70.97

	lymph
	74.21
	55.1 *
	64.65
	57.63*

	primary-tumor
	34.29
	30.98
	25.38
	30.44

	hepatitis
	82.55
	80.5
	80.08
	82.18

	balance-scale
	72.38
	70.03
	53.68 *
	65.63 *

	glass
	45.43
	42.27
	42.42
	43.53

	audiology
	31.46
	34.27
	26.55
	35.16

	heart-h
	83.2
	74.27 *
	81.36
	79.12 *

	heart-c
	81.99
	67.27 *
	82.75
	74.53 *

	colic.ORIG
	58.45
	59.02
	54.88
	57.38

	heart-statlog
	81.04
	77.67
	70.07 *
	81.07

	autos
	46.79
	45.58
	41.22
	45.67

	credit-a
	84.29
	82.14
	75.64 *
	83.88

	colic
	72.2
	74.17
	67.37
	73.54

	breast-w
	97.44
	97.02
	97.4
	97.08

	diabetes
	71.66
	71.79
	69.37
	70.75

	anneal.ORIG
	77.04
	77.38
	69.32
	77.61

	soybean
	77.71
	68.3 *
	62.29 *
	70.77 *

	ionosphere
	84.64
	80.34
	80.6
	82.73

	anneal
	86.15
	83.44
	68.93 *
	84.66

	vowel
	30.59
	26.82 *
	18 *
	26.86 *

	kr-vs-kp
	65.55
	74.27 v
	51.63 *
	72.82 v

	credit-g
	69.03
	67.51
	67.13
	65.73

	vehicle
	50.33
	47.26
	43.91
	46.34

	sonar
	65.23
	56.55 *
	55.7
	56.82 *

	mushroom
	90.04
	93.06 v
	89.24
	92.96 v

	(w/t/l)
	
	(2/20/8)
	(0/20/10)
	(2/20/8)


The last low of the above the table is the result of two-tailed t-test with 95% confidence level. “w” represents the times of win, “t” represents the time of tie, and “l” represent the times of lose. The symbol “*” in the table represents that the corresponding algorithm loses against co-EMTraining algorithm, and the symbol “v” represents that the corresponding algorithm win against co-EMTraining. From the experimental results, we can see that co-EMTraining outperforms the other algorithms. Co-EMTraining wins on 8 datasets and loses on 2 datasets against co-training algorithm and multiple-learner algorithm, and it wins on 10 datasets and lose nothing against co-EM algorithm.  
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