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Abstract. In many real-world tasks there are abundant unlabeled examples but the
number of labeled training examples is limited, because labeling the examples requires
human efforts and expertise. So, semi-supervised learning which tries to exploit unlabeled examples to improve learning performance has become a hot topic. Disagreementbased semi-supervised learning is an interesting paradigm, where multiple learners are
trained for the task and the disagreements among the learners are exploited during
the semi-supervised learning process. This survey article provides an introduction to
research advances in this paradigm.
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1. Introduction
In traditional supervised learning, hypotheses are learned from a large number of
training examples. Each training example has a label which indicates the desired
output of the event described by the example. In classification, the label indicates
the category into which the corresponding example falls into; in regression, the
label is a real-valued output such as temperature, height, price, etc.
Advances in data collection and storage technology enable the easy accumulation of a large amount of training instances without labels in many realworld applications. Assigning labels to those unlabeled examples is expensive
because the labeling process requires human efforts and expertise. For example,
in computer-aided medical diagnosis, a large number of X-ray images can be
obtained from routine examination, yet it is difficult to ask physicians to mark
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all focuses in all images. If we use traditional supervised learning techniques to
build a diagnosis system, then only a small portion of training data, on which
the focuses have been marked, are useful. Due to the limited amount of labeled
training examples, it may be difficult to get a strong diagnosis system. Then, a
question arises: Can we leverage the abundant unlabeled training examples with
a few labeled training examples to generate a strong hypothesis? Roughly speaking, there are three major techniques for this purpose [82], i.e., semi-supervised
learning, transductive learning and active learning.
Semi-supervised learning [21, 92] deals with methods for automatically exploiting unlabeled data in addition to labeled data to improve learning performance, where no human intervention is assumed. Transductive learning is a
cousin of semi-supervised learning, which also tries to exploit unlabeled data automatically. The main difference between them lies in the different assumptions
on the test data. Transductive learning takes a “close-world” assumption, i.e.,
the test data set is known in advance and the goal of learning is to optimize
the generalization ability on this test data set, while the unlabeled examples
are exactly the test examples. Semi-supervised learning takes an “open-world”
assumption, i.e., the test data set is not known and the unlabeled examples are
not necessary test examples. In fact, the idea of transductive learning originated
from statistical learning theory [69]. Vapnik [69] believed that one often wants to
make predictions on test examples at hand instead of on all potential examples,
while inductive learning that seeks the best hypothesis over the whole distribution is a problem more difficult than what is actually needed; we should not
try to solve a problem by solving a more difficult intermediate problem, and so,
transductive learning is more appropriate than inductive learning. Up to now
there is still a debate in the machine learning community on this learning philosophy. Nevertheless, it is well recognized that transductive learning provides
an important insight into the exploitation of unlabeled data.
Active learning deals with methods that assume that the learner has some
control over the input space. In exploiting unlabeled data, it requires an oracle,
such as a human expert, from which the ground-truth labels of instances can
be queried. The goal of active learning is to minimize the number of queries
for building a strong learner. Here, the key is to select those unlabeled examples
where the labeling will convey the most helpful information to the learner. There
are two major schemes, i.e., uncertainty sampling and committee-based sampling.
Approaches of the former train a single learner and then query the unlabeled
example on which the learner is least confident [45]; approaches of the latter
generate multiple learners and then query the unlabeled example on which the
learners disagree to the most [1, 63].
In this survey article, we will introduce an interesting and important semisupervised learning paradigm, i.e., disagreement-based semi-supervised learning.
This line of research started from Blum & Mitchell’s seminal paper on co-training
[13] 1 . Different relevant approaches have been developed with different names,
and recently the name disagreement-based semi-supervised learning was coined
[83] to reflect the fact that they are actually in the same family, and the key for
the learning process to proceed is to maintain a large disagreement between base
learners. Although transductive learning or active learning may be involved in
some place, we will not talk more on them. In the following we will start by a
1
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brief introduction to semi-supervised learning, and then we will go to the main
theme to introduce representative disagreement-based semi-supervised learning
approaches, theoretical foundations, and some applications to real-world tasks.

2. Semi-Supervised Learning
In semi-supervised learning, a labeled training data set L = {(x1 , y1 ), (x2 , y2 ), ...,
(x|L| , y|L| )} and an unlabeled training data set U = {x01 , x02 , ..., x0|U | } are presented to the learning algorithm to construct a function f : X 7→ Y for predicting
the labels of unseen instances, where X and Y are respectively the input space
and output space, xi , x0j ∈ X (i = 1, 2, ..., |L|, j = 1, 2, ..., |U |) are d-dimensional
feature vectors drawn from X, and yi ∈ Y is the label of xi ; usually |L| ¿ |U |.
It is well-known that semi-supervised learning originated from [64]. In fact,
some straightforward use of unlabeled examples appeared even earlier [40, 50,
52, 53, 57]. Due to the difficulties in incorporating unlabeled data directly into
conventional supervised learning methods (e.g., BP neural networks) and the lack
of a clear understanding of the value of unlabeled data in the learning process,
the study of semi-supervised learning attracted attention only after the middle
of 1990s. As the demand for automatic exploitation of unlabeled data increases
and the value of unlabeled data was disclosed by some early analyses [54, 78],
semi-supervised learning has become a hot topic.
Most early studies did not provide insight or explanation to the reason why
unlabeled data can be beneficial. Miller and Uyar [54] provided possibly the
first explanation to the usefulness of unlabeled data from the perspective of
data distribution estimation. They assumed that the data came from a Gaussian
mixture model with L mixture components, i.e.,
f (x|θ) =

L
X

αl f (x|θl ) ,

(1)

l=1

PL
where αl is the mixture coefficient satisfying l=1 αl = 1, while θ = {θl } are
the model parameters. In this case, label ci can be considered a random variable
C whose distribution P (ci |xi , mi ) is determined by the mixture component mi
and the feature vector xi . The optimal classification rule for this model is the
MAP (maximum a posterior ) criterion, that is,
X
h(x) = arg max
P (ci = k|mi = j, xi ) P (mi = j|xi ) ,
(2)
k

j

where
P (mi = j|xi ) =

αj f (xi |θj )
.
L
P
αl f (xi |θl )

(3)

l=1

Thus, the objective of learning is accomplished by estimating the terms
P (ci = k|mi = j, xi ) and P (mi = j|xi ) from the training data. It can be found
that only the estimate of the first probability involves the class label. So, unlabeled examples can be used to improve the estimate of the second probability, and
hence improve the performance of the learned hypothesis. Later, Zhang and Oles
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[78] analyzed the value of unlabeled data for parametric models. They suggested
that if a parametric model can be decomposed as P (x, y|θ) = P (y|x, θ)P (x|θ),
the use of unlabeled examples can help to reach a better estimate of the model
parameters.
There are two basic assumptions in semi-supervised learning, that is, the
cluster assumption and the manifold assumption. The former assumes that data
with similar inputs should have similar class labels; the latter assumes that data
with similar inputs should have similar outputs. The cluster assumption concerns
classification, while the manifold assumption can also be applied to tasks other
than classification. In some sense, the manifold assumption is a generalization
of the cluster assumption. These assumptions are closely related to the idea of
low density separation, which has been taken by many semi-supervised learning
algorithms. No matter which assumption is taken, the common underlying belief
is that the unlabeled data provide some helpful information on the groundtruth data distribution. So, a key of semi-supervised learning is to exploit the
distributional information disclosed by unlabeled examples.
Many semi-supervised learning algorithms have been developed. Roughly
speaking, they can be categorized into four categories, i.e., generative methods [54,56,64], S3VMs (Semi-Supervised Support Vector Machines) [22,37,42,44],
graph-based methods [7–9, 80, 93], and disagreement-based methods [13, 16, 36,
48, 55, 85, 88, 89, 91].
In generative approaches, both labeled and unlabeled examples are assumed
to be generated by the same parametric model. Thus, the model parameters
directly link unlabeled examples and the learning objective. Methods in this
category usually treat the labels of the unlabeled data as missing values of model
parameters, and employ the EM (expectation-maximization) algorithm [29] to
conduct maximum likelihood estimation of the model parameters. The methods
differ from each other by the generative models used to fit the data, for example,
mixture of Gaussian [64], mixture of experts [54], Naı̈ve Bayes [56], etc. The
generative methods are simple and easy to implement, and may achieve better
performance than discriminative models when learning with a very small number
of labeled examples. However, methods in this category suffer from a serious
deficiency. That is, when the model assumption is incorrect, fitting the model
using a large number of unlabeled data will result in performance degradation
[23, 26]. Thus, in order to make it effective in real-world applications, one needs
to determine the correct generative model to use based on domain knowledge.
There are also attempts of combining advantages of generative and discriminative
approaches [4, 33].
S3VMs try to use unlabeled data to adjust the decision boundary learned
from the small number of labeled examples, such that it goes through the less
dense region while keeping the labeled data being correctly classified. Joachims
[42] proposed TSVM (Transductive Support Vector Machine). This algorithm
firstly initiates an SVM using labeled examples and assigns potential labels to
unlabeled data. Then, it iteratively maximizes the margin over both labeled and
unlabeled data with their potential labels by flipping the labels of the unlabeled
examples on different sides of the decision boundary. An optimal solution is
reached when the decision boundary not only classifies the labeled data as accurate as possible but also avoids going through the high density region. Chapelle
and Zien [22] derived a special graph kernel using the low density separation criterion, and employed gradient descent to solve the SVM optimization problem.
The non-convexity of the loss function of TSVM leads to the fact that there are
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many local optima. Many studies tried to reduce the negative influence caused by
the non-convexity. Typical methods include: employing a continuation approach,
which begins by minimizing an easy convex objective function and sequentially
deforms it to the non-convex loss function of TSVM [20]; employing a deterministic annealing approach, which decomposes the original optimization problem
into a series of convex optimization problems, from easy to hard, and solves
them sequentially [65,66]; employing the convex-concave procedure (CCCP) [77]
to directly optimize the non-convex loss function [25], etc.
The first graph-based semi-supervised learning method is possibly [11]. Blum
and Chawla [11] constructed a graph whose nodes are the training examples
(both labeled and unlabeled) and the edges between nodes reflect certain relation, such as similarity, between the corresponding examples. Based on the
graph, the semi-supervised learning problem can be addressed by seeking the
minimum cut of the graph such that nodes in each connected component have
the same label. Later, Blum et al. [12] disturbed the graph with some randomness and produced a “soft” minimum cut using majority voting. Note that the
predictive function in [11] and [12] is discrete, i.e., the prediction on unlabeled examples should be one of the possible labels. Zhu et al. [93] extended the discrete
prediction function to continuous case. They modelled the distribution of the
prediction function over the graph with Gaussian random fields and analytically
showed that the prediction function with the lowest energy should have the harmonic property. They designed a label propagation strategy over the graph using
such a harmonic property. Zhou et al. [80] defined a quadratic loss of the prediction function over both the labeled and unlabeled data, and used a normalized
graph Laplacian as the regularizer. They provided an iterative label propagation
method yielding the same solution of the regularized loss function. Belkin and
Niyogi [7] assumed that the data are distributed on a Riemannian manifold, and
used the discrete spectrum and its eigenfunction of a nearest neighbor graph to
reform the learning problem to interpolate over the data points in Hillbert space.
Then, Belkin et al. [8, 9] further extended the idea of manifold learning in semisupervised learning scenario, and proposed manifold regularization framework
in Reproducing Kernel Hillbert Space (RKHS). This framework directly exploits
the local smoothness assumption to regularize the loss function defined over the
labeled training examples such that the learned prediction function is biased
to give similar output to the examples in a local region. Sindhwani et al. [67]
embedded the manifold regularization into a semi-supervised kernel defined over
the overall input space. They modified the original RKHS by changing the norm
while keeping the same function space. This leads to a new RKHS, in which
learning supervised kernel machines with only the labeled data is equivalent to a
certain manifold regularization over both labeled and unlabeled data in original
input space.
Most of the previous studies on graph-based semi-supervised learning usually
focus on how to conduct semi-supervised learning over a given graph. It is noteworthy that how to construct a graph which reflects the essential relationship
between examples is a key that will seriously affect the learning performance.
Although the graph construction might favor certain domain knowledge, some researchers have attempted to construct graphs of high quality using some domainknowledge-independent properties. Carreira-Perpinan and Zemel [19] generated
multiple minimum spanning trees based on perturbation to construct a robust
graph. Wang and Zhang [70] used the idea of LLE [60] that instances can be
reconstructed by their neighbors to obtain weights over the edges in the graph.
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Zhang and Lee [79] selected a better RBF bandwidth to minimize the predictive error on labeled data using cross validation. Hein and Maier [39] attempted
to remove noisy data and hence obtained a better graph. Note that, although
graph-based semi-supervised learning approaches have been used in many applications, they suffer seriously from poor scalability. This deficiency has been
noticed and some efforts have been devoted to this topic [34, 76, 94]. Recently,
Goldberg et al. [35] proposed an online manifold regularization framework as well
as efficient solutions, which improves the applicability of manifold regularization
to large-scale and real-time problems.
The name disagreement-based semi-supervised learning was coined recently
by Zhou [83], but this line of research started from Blum & Mitchell’s seminal
work [13]. In those approaches, multiple learners are trained for the same task and
the disagreements among the learners are exploited during the learning process.
Here, unlabeled data serve as a kind of “platform” for information exchange. If
one learner is much more confident on a disagreed unlabeled example than other
learner(s), then this learner will teach other(s) with this example; if all learners
are comparably confident on a disagreed unlabeled example, then this example
may be selected for query. Since methods in this category do not suffer from the
model assumption violation, nor the non-convexity of the loss function, nor the
poor scalability of the learning algorithms, disagreement-based semi-supervised
learning has become an important learning paradigm. In the following sections,
we will review studies of this paradigm in more detail.

3. Disagreement-Based Semi-Supervised Learning
A key of disagreement-based semi-supervised learning is to generate multiple
learners, let them collaborate to exploit unlabeled examples, and maintain a
large disagreement between the base learners. In this section, we roughly classify
existing disagreement-based semi-supervised learning techniques into three categories, that is, learning with multiple views, learning with single view multiple
classifiers, and learning with single view multiple regressors.

3.1. Learning with Multiple Views
In some applications, the data set has several disjoint subsets of attributes (each
subset is called as a view ). For example, the web page classification task has
two views, i.e., the texts appearing on the web page itself and the anchor text
attached to hyper-links pointing to this page [13]. Naturally, we can generate
multiple learners with these multiple views and then use the multiple learners to start disagreement-based semi-supervised learning. Note that there were
abundant research on multi-view learning, yet a lot of work was irrelevant to
semi-supervised learning, and so they are not mentioned in this section.
The first algorithm of this paradigm is the co-training algorithm proposed
by Blum and Mitchell [13]. They assumed that the data has two sufficient and
redundant views (i.e., attribute sets), where each view is sufficient for training a
strong learner and the views are conditionally independent to each other given
the class label.
The co-training procedure, which is illustrated in Fig. 1, is rather simple.
In co-training, each learner is generated using the original labeled data. Then,
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Fig. 1. An illustration of the co-training procedure

each learner will select and label some high-confident unlabeled examples for its
peer learner. Later, the learners will be refined using the newly labeled examples
provided by its peer. With such a process, when two learners disagree on an
unlabeled example, the learner which misclassifies this example will be taught
by its peer. The whole process will repeat until no learner changes or a pre-set
number of learning rounds has been executed. Blum and Mitchell [13] analyzed
the effectiveness of the co-training algorithm, and showed that co-training can
effectively exploit unlabeled data to improve the generalization ability, given
that the training data are described by sufficient and redundant views which are
conditionally independent to each other given the class label.
Another famous multi-view semi-supervised learning algorithm, co-EM [55],
combines multi-view learning with the probabilistic EM approach. This algorithm requires the base learners be capable of estimating class probabilities,
and so naı̈ve Bayes classifiers are generally used. Through casting linear classifiers into a probabilistic framework, Brefeld and Scheffer [15] replaced the naı̈ve
Bayes classifiers by support vector machines. The co-EM algorithm has also been
applied to unsupervised clustering [10].
Brefeld et al. [14] tried to construct a hidden markov perceptron [3] in each of
the two views, where the two hidden markov perceptrons were updated according
to the heuristic that, if the two perceptrons disagree on an unlabled example then
each perceptron is moved towards that of its peer view. Brefeld et al. [14] did not
mention how to extend this method to more than two views, but it could be able
to move the perceptrons towards their median peer view when they disagree,
according to the essential of their heuristics. However, the convergence of the
process has not been proved even for two-view case. Brefeld and Scheffer [16]
extended SVM-2K [32], a supervised co-SVM that minimizes the training error
as well as the disagreement between the two views, to semi-supervised learning
and applied it to several tasks involving structured output variables such as
multi-class classification, label sequence learning and natural language parsing.
In real-world applications, when the data has two views, it is rarely that
the two views are conditionally independent given the class label. Even a weak
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conditional independence [2] is difficult to be met in practice. In fact, the assumption of sufficient and redundant views, which are conditionally independent
to each other given the class label, is so strong that when it holds, a single labeled
training example is able to launch a successful semi-supervised learning [91].
Zhou et al. [91] effectively exploited the “compatibility” of the two views
to turn some unlabeled examples into labeled ones. Specifically, given two sufficient and redundant views v1 and v2 (in this case, an instance is represented by
x = (x(v1 ) , x(v2 ) ) ), a prediction function fvi is learned from each view respectively. Since the two views are sufficient, the learned prediction functions satisfy
fv1 (x(v1 ) ) = fv2 (x(v2 ) ) = y, where y is the ground-truth label of x. Intuitively,
some projections in these two views should have strong correlation with the
ground-truth. For either view, there should exist at least one projection which is
correlated strongly with the ground-truth, since otherwise this view could not be
sufficient. Since the two sufficient views are conditionally independent given the
class label, the most strongly correlated pair of projections should be in accordance with the ground-truth. Thus, if such highly correlated projections of these
two views can be identified, they can help induce the labels of some unlabeled examples. With those additional labeled examples, two learners can be generated,
and then they can be improved using the standard co-training routine, i.e., if the
learners disagree on an unlabeled example, the learner which misclassifies this
example will be taught by its peer. To identify the correlated projections, Zhou
et al. [91] employed kernel canonical component analysis (KCCA) [38] to find
two sets of basis vectors in the feature space, one for each view, such that after
projecting the two views onto the corresponding sets of basis vectors, the correlation between the projected views is maximized. Here the correlation strength
(λ) of the projections are also given by KCCA. Instead of considering only the
highest correlated projections, they used top m projections with the m-highest
correlation strength. Finally, by linearly combining similarity in each projection,
they computed confidence ρi of each unlabeled example xi as being with the
same label as that of the single labeled positive example x0 , as shown in Eq. 4,
ρi =

m
X

λj simi,j ,

(4)

j=1

where
³
³
´´
(v )
(v )
simi,j = exp −d2 Pj (xi 1 ), Pj (x0 1 ) +
´´
³
³
(v )
(v )
exp −d2 Pj (xi 2 ), Pj (x0 2 )

(5)

and d(a, b) measures the Euclidian distance between a and b.
Thus, several unlabeled examples with the highest and lowest confidence
values can be picked out, respectively, and used as extra positive and negative
examples. Based on this augmented labeled training set, standard co-training
can be employed for semi-supervised learning. Again, intuitively, when the two
learners disagree on an unlabeled example, the learner which misclassifies this
example will be taught by its peer. Such kind of method has been applied to
content-based image retrieval [91] where there is only one example image in the
first round of query.
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3.2. Learning with Single View Multiple Classifiers
In most real-world applications the data sets have only one attribute set rather
than two. So the effectiveness and usefulness of the standard co-training is limited. To take advantage of the interaction between learners when exploiting unlabeled data, methods that do not rely on the existence of two views have been
developed.
A straightforward way to tackle this problem is to partition the attribute sets
into two disjoint sets, and conduct standard co-training based on the manually
generated views. Nigam and Ghani [55] empirically studied the performance of
standard co-training algorithm in this case. The experimental results suggested
that when the attribute set is sufficiently large, randomly splitting the attributes
and then conducting standard co-training may lead to a good performance. However, many applications are not described by a large number of attribute, and
co-training on randomly partitioned views is not always effective. Thus, a better
way is to design single-view methods that can exploit the interaction between
multiple learners rather than tailoring the data sets for standard two-view cotraining.
Goldman and Zhou [36] proposed a method that does not rely on two views.
They employed different learning algorithms to train the two classifiers, respectively. It is required that each classifier is able to partition the instance space
into a number of equivalence classes. In order to identify which unlabeled example to label, and to decide how to make the prediction when two classifiers
disagree, ten-fold cross validations are executed such that the confidences of the
two classifiers as well as the confidences of the equivalence classes that contain
the concerned instance can be compared. Later, this idea was extended to involving more learning algorithms [81]. Note that although [36] does not rely on
the existence of two views, it requires special learning algorithms to construct
classifiers. This prevents its application to other kinds of learning algorithms.
Zhou and Li [88] proposed the tri-training method, which requires neither
the existence of two views nor special learning algorithms, thus it can be applied
to more real-world problems. In contrast to the previous studies [13, 36, 55], tritraining attempts to exploit unlabeled data using three classifiers. Such a setting
tackles the problem of determining how to efficiently select most confidently
predicted unlabeled examples to label and produces final hypothesis. Note that
the essential of tri-training is extensible for more than three classifiers, which will
be introduced later. The use of more classifiers also provides a chance to employ
ensemble learning techniques [84] to improve the performance of semi-supervise
learning.
Generally, tri-training works in the following way. First, three classifiers are
initially trained from the original labeled data. Unlike [36], tri-training uses the
same learning algorithm (e.g., C4.5 decision tree) to generate the three classifiers.
In order to make the three classifiers diverse, the original labeled example set is
bootstrap sampled [31] to produce three perturbed training sets, on each of which
a classifier is then generated. The generation of the initial classifiers is similar
to training an ensemble from the labeled example set using Bagging [17]. Then,
intuitively, in each tri-training round, if two classifiers agree on the labeling of an
unlabeled example while the third one disagrees, then these two classifiers will
teach the third classifier on this example. Finally, three classifiers are combined
by majority voting. Note that the “majority teaches minority” strategy serves as
an implicit confidence measurement, which avoids the use of complicated time-

10

Z.-H. Zhou and M. Li

consuming approaches to explicitly measure the predictive confidence, and hence
the training process is efficient. Such an implicit measurement, however, might
not be as accurate as an explicit estimation, since sometimes “minority holds the
truth”. Thus, some additional control is needed to reduce the negative influence
of incorrectly labeled examples. Zhou and Li [88] analytically showed that the
negative influence can be compensated if the amount of newly labeled examples
is sufficient under certain conditions.
Inspired by [36], Zhou and Li [88] derived the criterion based on theoretical
results of learning from noisy examples [5]. In detail, if a sequence σ of m samples
is drawn, where the sample size m satisfies Eq. 6,
m≥

2
²2

2

(1 − 2η)

ln (

2N
),
δ

(6)

where ² is the hypothesis worst-case classification error rate, η (< 0.5) is an
upper bound on the classification noise rate, N is the number of hypotheses, and
δ is the confidence, then a hypothesis Hi that minimizes disagreement with σ
will have the PAC property, i.e.,
Pr [d(Hi , H ∗ ) ≥ ²] ≤ δ ,

(7)

where d(, ) is the sum over the probability of elements from the symmetric difference between the two hypothesis sets Hi and H ∗ (the ground-truth). Let
c = 2µ ln ( 2N
δ ) where µ makes Eq. 6 hold equality. After some reforming, Eq. 6
becomes Eq. 8.
c
2
(8)
u = 2 = m (1 − 2η)
²
For each classifier, in order to keep improving the performance in the training
process, the u value of the current round should be greater than that in its
previous round. Let Lt and Lt−1 denote the newly labeled data set of a classifier
in the t-th round and (t − 1)-th round, respectively. Then the training sets for
this classifier in the t-th round and (t − 1)-th round are L ∪ Lt of the size of
|L ∪ Lt | and L ∪ Lt−1 of the size of |L ∪ Lt−1 |, respectively. Let ět and ět−1
denote the upper bound of the classification error rate of the hypothesis derived
from the combination of the other two classifiers in the t-th round and (t − 1)-th
round, respectively. By comparing Eq. 8 in the subsequent rounds, the condition
that a classifier’s performance can be improved through the refinement in the
t-th round is shown as
0<

ět
ět−1

<

|Lt−1 |
<1.
|Lt |

(9)

Such a condition is used as the stopping criterion for tri-training algorithm.
If none of the three classifiers satisfies the condition shown in Eq. 9 in the tth round, tri-training stops and outputs the learned classifiers. Note that Eq. 9
sometimes could not be satisfied, due to the fact that |Lt | may be far bigger than
|Lt−1 | instead of ět being higher than ět−1 . When this happens, in order not to
stop training before the error rate of the classifier becomes low, Lt are randomly
subsampled to size s according to Eq. 10 to make Eq. 9 hold again,
» t−1 t−1
¼
ě |L |
s=
−1 ,
(10)
ět
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Table 1. Pseudo-code describing the tri-training algorithm [88]
tri-training(L, U , Learn)
Input: L: Original labeled example set
U : Unlabeled example set
Learn: Learning algorithm
for i ∈ {1..3} do
Si ← BootstrapSample(L)
hi ← Learn(Si )
0
0
ei ← .5; li ← 0
end of for
repeat until none of hi (i ∈ {1..3}) changes
for i ∈ {1..3} do
Li ← ∅; updatei ← F ALSE
ei ← M easureError(hj &hk ) (j, k 6= i)
0
if (ei < ei )
% otherwise Eq. 9 is violated
then for every x ∈ U do
if hj (x) = hk (x) (j, k 6= i)
then Li ← Li ∪ {(x, hj (x))}
end of for
0
if (li = 0) 
% hi has not been updated before
0

then li ←
0

ei
0
ei −ei

+1

% refer Eq. 11

if (li < |Li |)
% otherwise Eq. 9 is violated
0 0
then if (ei |Li | < ei li ) % otherwise Eq. 9 is violated
then updatei ← T RU E
0
% refer Eq. 11
else if li > 0 ei
ei −ei
 0 0

e l
then Li ← Subsample(Li , ei i − 1 )
i

% refer Eq. 10
updatei ← T RU E
end of for
for i ∈ {1..3} do
if updatei = T RU E
0
0
then hi ← Learn (L ∪ Li ); ei ← ei ; li ← |Li |
end of for
end of repeat
P
Output: h (x) ← arg max
1
y∈label i: hi (x)=y

where Lt−1 should satisfy Eq. 11 such that the size of Lt after subsampling, i.e.
s, is still bigger than |Lt−1 |.
|Lt−1 | >

ět
ět−1 − ět

(11)

The pseudo-code of tri-training algorithm is shown in Table 1. The function
M easureError(hj &hk ) estimates the classification error rate of the hypothesis derived from the combination of hj and hk . The function Subsample(Lt , s)
randomly removes |Lt | − s examples from Lt where s is computed according to
Eq. 10.
As mentioned before, the essential of tri-training is extensible for much more
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classifiers. Li and Zhou [48] proposed the Co-Forest algorithm, which extended
tri-training to the collaboration of many classifiers in training process. By using
an ensemble of classifiers, several immediate benefits can be achieved. First, for
each classifier hi , its concomitant ensemble Hi , i.e., ensemble of all the other
classifies, is used to label several unlabeled examples for this classifier. As an
ensemble of classifiers usually achieves a better generalization than a single classifier [73, 84], the labeling of unlabeled data becomes more reliable, and thus,
classifier refinement using these high quality newly labeled data can lead to better performances. Second, without employing sophisticated and time-consuming
methods to estimate the predictive confidence, the use of multiple classifiers
enables an efficient estimation of the predictive confidence. Such an explicit estimate can be further exploited to guide the use of the corresponding unlabeled
example in the training stage.
Although the advantages of using multiple classifiers seems promising, a
straightforward extension suffers from a problem, that is, the “majority teaches
minority” process hurts the generalization ability of an ensemble of classifiers. It
is known that the diversity of the learners is a key of a good ensemble [84]. During the “majority teaches minority” process, the behaviors of the learners will
become more and more similar, and thus the diversity of the learners decreases
rapidly.
To address this problem, Li and Zhou [48] proposed to inject certain randomness into the semi-supervised learning process. They employed two strategies. First, randomness is injected into the classifier learning process, such that
any two classifiers in the ensemble can be diverse even when their training data
are similar. For implementation convenience, they used Random Forest [18] to
construct the ensemble. Second, randomness is injected into the unlabeled data
selection process. Instead of directly selecting the highly confident unlabeled examples, some candidate examples for labeling are randomly subsampled from the
original unlabeled training set to meet a condition similar as Eq. 9, and highly
confident examples in the candidate pool are then selected and labeled. Thus,
the learners will encounter different training sets in each round. Such a strategy
is helpful not only for the diversity, but also for reducing the chance of being
trapped into local minima, just like a similar strategy adopted in [13].

3.3. Learning With Single View Multiple Regressors
Previous studies on semi-supervised learning mainly focus on classification tasks.
Although regression is almost as important as classification, semi-supervised regression has rarely been studied. One reason is that for real valued labels the
cluster assumption is not applicable. Although methods based on manifold assumption can be extended to regression, as pointed out by [92], these methods
are essentially transductive instead of really semi-supervised since they assume
that the unlabeled examples are exactly test examples.
Zhou and Li [87] first proposed a disagreement-based semi-supervised regression approach Coreg, which employs two kNN regressors [27] to conduct the
data labeling as well as the predictive confidence estimation. The use of kNN
regressors as base learners enables efficient refinement of a regressor based on
the newly labeled data from its peer regressor since this lazy learning approach
does not hold a separate training phase when updating the current regressor.
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Moreover, kNN regressor can be easily coupled with the predictive confidence
estimation method.
In order to choose appropriate unlabeled examples for labeling in semisupervised regression, the labeling confidence should be estimated such that the
most confidently labeled example can be identified. In classification this is relatively straightforward because when making classifications, many classifiers (e.g.
a Naı̈ve Bayes classifier) can also provide an estimated probability (or an approximation) for the classification. Therefore, the predictive confidence can be
estimated through consulting the probabilities of the unlabeled examples being
labeled to different classes. Unfortunately, in regression there is no such estimated
probability that can be used directly. This is because in contrast to classification
where the number of labels to be predicted is finite, the possible predictions in regression are infinite. Therefore, Zhou and Li [87] proposed a predictive confidence
estimation criterion for disagreement-based semi-supervised learning method.
Intuitively, the most confidently labeled example of a regressor should decrease most the error of the regressor on the labeled example set, if the the most
confidently labeled example is utilized. In other words, the most confidently labeled example should be the one which makes the regressor most consistent with
the labeled example set. Thus, the mean squared error (MSE) of the regressor
on the labeled example set can be evaluated first. Then, the MSE of the regressor utilizing the information provided by a newly labeled example (xu , ŷu ) can
be evaluated on the labeled example set, where the real-valued label ŷu of the
unlabeled instance xu is generated by the regressor. Let ∆u denote the result of
subtracting the latter MSE from the former MSE. Note that the number of ∆u
to be estimated equals to the number of unlabeled examples. Finally, (xu , ŷu )
associated with the biggest positive ∆u can be regarded as the most confidently
labeled example.
To avoid repeatedly measuring the MSE of the kNN regressor on the whole
labeled training set in each iteration, approximation is employed to compute the
MSE based on only the k-nearest labeled examples of an unlabeled instance.
Let Ωu denote the set of its k-nearest labeled examples of xu , then the most
confidently labeled example x̃ is identified through maximizing the value of ∆xu
in Eq. 12,
´
X ³
2
2
∆ xu =
(yi − h (xi )) − (yi − h0 (xi )) ,
(12)
xi ∈Ωu

where h denotes the original regressor while h0 denotes the refined regressor
which has utilized the information provided by (xu , ŷu ), ŷu = h(xu ).
Another important aspect in Coreg is the diversity between two regressors.
Note that the labeling of an unlabeled example is obtained by averaging the realvalued labels of its k-nearest neighbors in the labeled training set. As only a few
examples are labeled at early stage, the labeling of unlabeled data can be noisy.
Zhou and Li [87, 89] showed that using diverse regressors can help to reduce the
negative influence of the noisy newly labeled data. Since kNN regressor is used
as the base learner, a natural way to make the kNN regressors different is to enable them to identify different vicinities, which can be achieved by manipulating
the parameter settings of the kNN regressors. In [87], Minkowsky distances of
different orders were used to generate two diverse kNN regressors. This strategy
was extended to a more general case, i.e., achieving diversity by using different distance metrics and/or different number of neighbors identified for a given
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Table 2. Pseudo-code describing the Coreg algorithm [89]

Algorithm: Coreg
Input: labeled example set L, unlabeled example set U ,
maximum number of learning iterations T ,
number of nearest neighbors k1 , k2
distance metrics D1 , D2
Process:
L1 ← L; L2 ← L
Create pool U 0 of size s by randomly picking examples from U
h1 ← kN N (L1 , k1 , D1 ); h2 ← kN N (L2 , k2 , D2 )
Repeat for T rounds:
for j ∈ {1, 2} do
for each xu ∈ U 0 do
Ωu ← N eighbors (xu , Lj , kj , Dj )
ŷu ← hj (xu )
h0j ← kN N (Lj ∪ {(xu , ŷu )}, kj , Dj )


2 
P
∆xu ←
(yi − hj (xi ))2 − yi − h0j (xi )
xi ∈Ωu

end of for
if there exists an ∆xu > 0
then x̃j ← arg max ∆xu ; ỹj ← hj (x̃j )
xu ∈U 0

πj ← {(x̃j , ỹj )}; U 0 ← U 0 − x̃j
else πj ← ∅
end of for
L1 ← L1 ∪ π2 ; L2 ← L2 ∪ π1
if neither of L1 and L2 changes then exit
else
h1 ← kN N (L1 , k1 , D1 ); h2 ← kN N (L2 , k2 , D2 )
Replenish U 0 to size s by randomly picking examples from U
end of Repeat
Output: regressor h∗ (x) ←

1
2

(h1 (x) + h2 (x))

example [89]. Additionally, such a setting also brings another benefit, that is,
since it is usually difficult to decide the appropriate parameter settings for kNN
regressor for a specific task, combining the regressors with different parameter
settings can obtain somewhat complementary effect.
The pseudo code of Coreg is shown in Table 2, where kN N (Lj , kj , Dj ) is
a function that returns a kNN regressor on the labeled training set Lj , whose k
value is kj and distance metric is Dj . The learning process stops when the maximum number of learning iterations, i.e. T , is reached, or there is no unlabeled
example which is capable of reducing the MSE of any of the regressors on the
labeled example set. A pool of unlabeled examples smaller than U is used, as
what was used in [13]. Note that in each iteration the unlabeled example chosen
by h1 won’t be chosen by h2 , which is an extra mechanism for encouraging the
diversity of the regressors. Thus, even when h1 and h2 are similar, the examples
they labeled for each other will still be different.
It is evident that the method introduced in this section is closely related to
those introduced in Section 3.2. The key is to generate multiple diverse learners
and then try to exploit their disagreements on unlabeled data to implement the
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performance boost. Actually, “learning with multiple views” (Section 3.1) is a
special case which uses multiple views to help generate multiple diverse learners.

3.4. The Combination with Active Learning
In disagreement-based semi-supervised learning approaches, the unlabeled examples that are labeled for a learner are examples on which most other learners
agree but the concerned learner disagrees. If all learners disagree on the labeling
of an unlabeled example, this example is simply neglected. However, it is highly
probable that such an example is not able to be learned well by the learning system itself. As mentioned in Section 1, active learning is another major technique
of learning with labeled and unlabeled data. It actively selects some informative
unlabeled examples and queries their labels from an oracle independent to the
learning system. It is evident that the unlabeled example on which all learners
disagree is a good candidate to query.
Zhou et al. [85, 86] proposed a disagreement-based active semi-supervised
learning method Ssair for content-based image retrieval. After obtaining a small
number of labeled images from relevance feedback, they constructed two learners
using the labeled images. Each learner attempts to assign a rank to all images in
the imagebase. The smaller the rank, the higher the chance that the concerned
image is relevant to the user query. The two most confident irrelevant images of
each learner are passed to the other learner as negative examples. Such a process is repeated and the two learners are refined. In previous relevance feedback
methods, the user randomly picks some images from the retrieval result to give
feedback. Zhou et al. [85, 86] thought that letting the user to give feedback on
images that have been learned well is not helpful to improve the performance.
So, instead of passively waiting user feedback, they actively prepared a pool of
images for user to give feedback. The pool contains images on which the two
learners are with contradict predictions but similar confidences, and images on
which the two learners are both with low confidences. Thus, in each round of
relevance feedback, both semi-supervised learning and active learning are executed to exploit the images existing in imagebase to the most. It is evident
that although the combination of the disagreement-based semi-supervised learning and active learning is simple, it provides a good support to the interesting
active semi-supervised relevance feedback scheme which is useful in information
retrieval tasks.

4. Theoretical Foundations for Disagreement-Based
Semi-Supervised Learning
Early theoretical analyses of the disagreement-based semi-supervised learning
approaches mainly focus on the case where there exists two views.
Blum and Mitchell [13] analyzed the effectiveness of co-training. Let X1 and
X2 denote the two sufficient and redundant views of the input space X, and
hence an instance can be represented by x = (x1 , x2 ) ∈ X1 × X2 . Assume that
f = (f1 , f2 ) ∈ C1 × C2 is a target function defined over X and C1 , C2 are
concept classes defined over X1 , X2 respectively, and then f (x) = f1 (x1 ) =
f2 (x2 ) = y should be held due to the sufficiency of the two views, where y is the
ground-truth label of x. Therefore, they defined compatibility between target
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Fig. 2. The bipartite graph for instance distribution. Plot based on a similar figure in [13].

function f = (f1 , f2 ) and the unknown data distribution D, based on which
co-training is analyzed. Here, f = (f1 , f2 ) is compatible with D means that D
assigns probability zero to any instance (x1 , x2 ) such that f1 (x1 ) 6= f2 (x2 ).
If the “compatibility” is satisfied, as [13] pointed out, even if the concept
classes C1 and C2 are large and complex (i.e., in high VC-dimension), the set of
target concepts that is compatible with D could be smaller and simpler. Therefore, unlabeled data can be used to verify which are the compatible target concepts, and hence lead to the reduction of the number of labeled data needed in
learning. They illustrated this idea by an bipartite graph shown in Fig. 2. In this
graph, vertices in left hand side and right hand side denote the instances in X1
and X2 , respectively. For any pair of vertices on each side of the graph, there
exists an edge on between if and only if the corresponding instance (x1 , x2 ) can
be drawn with non-zero probability under the distribution D. The solid edges
denote the instances observed in the finite training set. Obviously, under this representation, the concepts that are compatible with D correspond to the graph
partitions without any cross-edges. The instances in the same connected component share the same label, and only a labeled example is required to determine
the labeling of this component. The value of unlabeled data is their assistance
for identifying the connected components of the graph, and in fact identifying
the distribution D.
Based on this bi-partite representation, Blum and Mitchell [13] analytically
showed that “If C2 is learnable in the PAC model with classification noise, and
if the conditional independence assumption is satisfied, then (C1 , C2 ) is learnable in Co-training model from unlabeled data only, given an initial weak-useful
predictor h(x1 )”. This is a very strong conclusion which implies that if the two
views are conditionally independent, the predictive accuracy of an initial weak
learner can be boosted to arbitrarily high with unlabeled data using co-training.
Later, Dasgupta et al. [28] analyzed the generalization bound for standard
co-training. Let S be a set of i.i.d samples. For any statement Φ[s], let S(Φ)
be a subset of S that satisfies Φ. For two statements Φ and Ψ, the empirical
estimate P̂ (Φ|Ψ) = |S(Φ ∧ Ψ)|/|S(Ψ)|. They assumed that the data is drawn
from some distribution over triples hx1 , y, x2 i with x1 ∈ X1 and x2 ∈ X2 , and
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P (x1 |y, x2 ) = P (x1 |y) and P (x2 |y, x1 ) = P (x2 |y); in other words, the data has
two views that are independent given the class label. Assume that there are k
different classes, and if a learner h fails to classify x into the k classes, then
h(x) =⊥. Let |h| denote a complex measurement of h, and h1 and h2 denote
the learner constructed in X1 and X2 , respectively. Then, they showed that with
probability at least 1 − δ over the choice of S, for all pairs of learners h1 and
h2 such that γi (h1 , h2 , δ/2) > 0 and bi (h1 , h2 , δ/2) ≤ (k − 1)/k, the following
inequity holds,
³
´
error(h1 ) ≤ P̂ (h1 6=⊥) − ²(|h1 |, δ/2) max bj (h1 , h2 , δ/2)
j

´
k−1³
P̂ (h1 =⊥) + ²(|h1 |, δ/2)
+
k
where
²(k, δ) =

(13)

s
k ln 2 + ln 2/δ
2|S|

bi (h1 , h2 , δ) =

(14)

´
³
1
P̂ (h1 6= i|h2 = i, h1 6=⊥) + ²i (h1 , h2 , δ)
(15)
γi (h1 , h2 , δ)
s

²i (h1 , h2 , δ) =

(ln 2)(|h1 | + |h2 |) + ln(2k/δ)
2|S(h2 = i, h1 6=⊥)|

γi (h1 , h2 , δ) = P̂ (h1 = i|h2 = i, h1 6=⊥) − P̂ (h1 6= i|h2 = i, h1 6=⊥)
−2²i (h1 , h2 , δ)

(16)

(17)

The result of Dasgupta et al. [28] shows that when there are two sufficient
and redundant views which are conditionally independent given the class label,
the generalization error of co-training is upper-bounded by the disagreement
between the two classifiers. This suggests that a better learning performance can
be obtained if the disagreement can be exploited in a better way.
Note that in the analyses in [13] and [28], it was assumed that there exist
two sufficient and redundant views that are conditionally independent given the
class label. Since such a strong requirement is not often satisfied, analyses under
more realistic assumptions are desired. Balcan et al. [6] pointed out that if a PAC
learner can be obtained on each view, the conditional independence assumption
or even weak independent assumption [2] is unnecessary; a weaker assumption
of “expansion” of the underlying data distribution is sufficient for iterative cotraining to succeed. They consider that the learning algorithm used in each view
is confident about being positive and is able to learn from positive examples only,
and the “expansion” is defined as follows: Let X + denote the positive region and
D+ denote the distribution over X + . For S1 ⊆ X1 and S2 ⊆ X2 , let Si be the
event that an instance (x1 , x2 ) has xi ∈ Si (i = 1, 2). Let P (S1 ∧ S2 ) denote
the probability on examples for being confident on both views, and P (S1 ⊕ S2 )
denote the probability on examples for being confident on only one view. Let
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Hi ∩ Xi+ = {h ∩ Xi+ : h ∈ Hi }, where Hi (i = 1, 2) is hypothesis class. If Eq. 18
holds for any S1 ⊆ X1 and S2 ⊆ X2 , then D+ is ²-expanding; if Eq. 18 holds for
any S1 ⊆ H1 ∩ X1 and S2 ⊆ H2 ∩ X2 , then D+ is ²-expanding with respect to
hypothesis class H1 × H2 .
¡
¢
P (S1 ⊕ S2 ) ≥ ² min P (S1 ∧ S2 ), P (S̄1 ∧ S̄2 )
(18)
If some data distribution satisfies the expansion assumption, with a small
confidence set Sj of the hypothesis of view j (j = 1, 2), the iterative co-training
can succeed to achieve a classifier whose error rate is smaller than ² with a large
probability.
All the previous theoretical studies investigated the standard two-view cotraining. Theoretical foundation of other disagreement-based semi-supervised
learning approaches, in particular, those work on a single view, has not been
established, although the effectiveness of those approaches have been empirically
verified. Wang and Zhou [71] presented a theoretical study for those approaches.
Let H denote the hypothesis space and D is the data distribution generated by
the ground-truth hypothesis h∗ ∈ H. Let d(hi , h∗ ) denote the difference between
the two classifier hi and h∗ , which can be measured by Prx∈D [hi (x) 6= h∗ (x)].
Let hi1 and hi2 denote the classifiers in i-th round of the iterative co-training
process. Then, their main result is summarized in Theorem 1 shown as follows.
Theorem 1 Given the initial labeled data set L which is clean, and assuming
that the size of L is sufficient to learn two classifiers h01 and h02 whose upper
bound of the generalization error is a0 < 0.5 and b0 < 0.5 with high probability
|H|
1
(more than 1−δ) in the PAC model, respectively, i.e. l ≥ max[ a10 ln |H|
δ , b0 ln δ ].
Then h01 selects u number of unlabeled instances from U to label and puts them
into σ2 which contains all the examples in√L, and then h12 is trained from σ2 by
minimizing the empirical risk. If lb0 ≤ e M M ! − M , then
Pr[d(h12 , h∗ ) ≥ b1 ] ≤ δ.
where M = ua0 and b1 = max[

(19)
lb0 +ua0 −ud(h01 ,h12 )
, 0].
l

Such a theorem suggests that the key for the disagreement-based approaches
to succeed is the large difference between the learners, which explains the reason
why the disagreement-based approaches still work well even when there are no
two views. Note that in contrast to all previous studies which assumed that
data is drawn from some distribution over triples hx1 , y, x2 i (that is, the data
has two views), the above theorem does not assume that data is drawn from
distribution over two views. Actually, from Theorem 1 we can know that the
existence of two views is a sufficient condition instead of necessary condition for
disagreement-based approaches. This is because when there are two sufficient
and redundant views, the learners trained from the two views respectively are
of course diverse, and so the disagreement-based learning process can succeed.
When there are no two views, it is also possible to get two diverse learners,
and thus disagreement-based approaches are also able to succeed. It is worth
mentioning that all previous studies, either theoretical or algorithmic, tried to
maximize the consensus among the learners; in other words, they always tried
to minimize the error for labeled examples and maximize the agreement for
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unlabeled examples, but never revealed that keeping a large disagreement among
the learners is a necessary condition for co-training to proceed.
Moreover, Wang and Zhou [71] analyzed the reason why the performance of
the disagreement-based approaches could not be improved further after a number
of training rounds. Such a problem is frequently encountered in many practical
applications of the disagreement-based approaches but could not be explained by
previous theoretical results. Based on Theorem 1, Wang and Zhou [71] showed
that as the learning process continues, the learners will become more and more
similar, and therefore, the required diversity could not be met and the learners
could not improve each other further. Based on this recognition, a preliminary
method for roughly estimating the appropriate iteration to terminate the learning
process was proposed.
Section 3.4 introduced that the combination of disagreement-based semisupervised learning with active learning can lead to good performance. Recently,
Wang and Zhou [72] analyzed this situation and got the result in Theorem 2.
Theorem 2 For data distribution D α-expanding with respect to hypothesis class
H1 ×H2 , let ² and δ denote the final desired accuracy and confidence parameters.
log α
16
If s = d log 8²1 e, m0 = L1 (4V log( L1 ) + 2 log( 8(s+1)
)) and mi = 16
δ
α (4V log( α ) +
C

2 log( 8(s+1)
)) (i = 1, 2, · · · ,), a classifier will be generated with error rate no
δ
more than ² with probability 1 − δ, according to a similar approach in [85].
Here, V = max[V C(H1 ), V C(H2 )] where V C(H) denotes the VC-dimension
α
1
of the hypothesis class H, constant C = α/4+1/α
1+1/α and constant L = min[ 16 , 16L1 L2 ].
This theorem suggests that under assumption of α-expansion on the hypothesis class H1 ×H2 , the sample complexity can be exponentially reduced by combining disagreement-based semi-supervised learning with active learning in contrast
to pure disagreement-based semi-supervised learning. This is the first theoretical analysis on the combination of semi-supervised learning with active learning,
which also contains the first analysis on multi-view active learning.
Both Theorem 1 and Theorem 2 provide theoretical explanations to the effectiveness of general disagreement-based semi-supervised learning approaches
whose effectiveness has been empirically verified in practice. Although some
strong assumptions are still required in the analyses, the results serve as an
important step towards the establishment of the whole theoretical foundation
for the disagreement-based learning framework. However, note that all the current theoretical analyses are on the use of two learners, while theoretical analysis
on disagreement-based semi-supervised learning with more than two learners remains an open problem.

5. Applications to Real-World Tasks
Disagreement-based semi-supervised learning paradigm has been successfully applied to many real-world tasks, particularly in natural language processing. In
fact, in the middle of 1990s, it was accepted that constructing prediction models
based on the different attribute sets of the problem may help to achieve a better
result. Yarowsky [75] constructed a word sense classifier using the local context
of the word and a classifier based on the senses of other occurrences of that word
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in the same document for word sense disambiguation. Riloff and Jones [59] considered both the noun phrase itself and the linguistic context in which the noun
phrase appears for classifying noun phrase for geographic locations. Collins and
Singer [24] utilized both the spelling of the entity and the context in which the
entity appears for named entity classification.
Pierce and Cardie [58] applied standard co-training to conduct named entity
identification. They treated the current word and k immediate words before
it as the first view, and similarly, the current word and k immediate words
after it as the second view. Based on these two views, standard co-training were
directly applied with some necessary adaptations to multi-class classification. By
utilizing unlabeled data with co-training, the identification error rate reduced
by 36% compared to the identification using only the labeled data. Sarkar [62]
decomposed statistical parser into two sequentially related probabilistic models.
The first model, which is called tagging probability model, is responsible to
select the most likely trees for each word by examining the local context, while
the second model, which is called parsing probability model, is responsible for
attaching the selected trees together to provide a consistent bracketing of the
sentences. In the learning process, these two models employ a disagreement-based
approach to exploit the unlabeled examples, where each model uses its most
confident information about the prediction to help the other model to reduce
the uncertainty in statistical parsing, and hence achieves a better performance
in terms of both precision and recall. Later, Steedman et al. [68] solved this
problem from a different perspective. Unlike [62], they used the two different
statistical parsers for co-training. In the training process, each parser assigns
scores to unlabeled sentences that have been parsed by itself, using a scoring
function to indicate the confidence of the parse results. Then, the parser passes
the parsed sentences with the top scores to the other parser. They empirically
showed that such a method could also improve the performance of statistical
parsing. Hwa et al. [41] combined disagreement-based semi-supervised learning
with active learning in statistical parsing, where each learner teaches the other
learner with its most confidently parsed sentences, while its peer learner queries
the parse result for its least confidently parsed sentences from the user and
feeds them to this learner. By applying such a method, the number of manually
labeling can be greatly reduced.
In addition to natural language processing, disagreement-based semi-supervised
learning paradigm has been applied to content-based image retrieval. Given a
query image, a CBIR system is required to return the images in the imagebase
that are relevant to the query image. Due to the semantic gap between the highlevel image semantics and the low-level image features, relevance feedback [61]
is usually employed to bridge the gap. Since it is usually infeasible for the user
to provide many rounds of feedback, the number of images with the relevance
judgement is insufficient to achieve a good performance. Thus, unlabeled images
in the imagebase can be further exploited to improve the performance of CBIR
based on semi-supervised learning, while CBIR itself becomes a good application of learning with labeled and unlabeled data [82]. In fact, semi-supervised
learning in CBIR scenario has been studied in [30, 74].
Zhou et al. [85, 86] first applied a disagreement-based semi-supervised learning method to exploit unlabeled images in the imagebase of a CBIR system. The
method actually combines semi-supervised learning with active learning (see Section 3.4 for details). This research also leads to a new user interface design in
CBIR. As shown in Fig. 3, the region above the dark line displays the retrieved
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Fig. 3. User interface of a prototype system [85]

images while the region below the dark line displays the pooled images for relevance feedback. This is quite different from common interface which provides
retrieval results only. In common interfaces, which provide retrieval results only,
user may label images that have already been learned well by the system. In
contrast, in the new interface, the images for user to give feedback are the selected ones that will give the most helpful information to the system, and thus
the retrieval effectiveness will be improved much more effectively and efficiently.
Exploiting unlabeled examples is more difficult in the first round of retrieval
as only one labeled image, i.e., the user query, can be used. Such an extreme
setting has not been studied before in the area of learning with unlabeled data.
A recent work [91] (see Section 3.1 for details) showed that when the images
are with textual annotations, improving retrieval performance using unlabeled
images is still feasible, even in the initial retrieval. Such a goal is achieved by
exploiting the correlations between visual features and textual annotations.
Disagreement-based approaches have also been applied to other real-world
problems. For example, Kockelkorn et al. [43] applied several algorithms including transductive SVM and co-training to email answering, i.e., predicting which
of several frequently used answers a user will choose to respond to an email,
and found that the benefit of both transduction and co-training is greatest when
only few labeled data are available. Li and Ogihara [49] applied a disagreementbased approach to machine failure prediction, where the failure data contain both
machine and image information of a xerographic machine. Mavroeidis et al. [51]
applied tri-training to email spam detection. They joined the ECML-PKDD 2006
Discovery Challenge and achieved a top five rank. Li and Zhou [48] applied CoForest to detect microcalcification clusters in mammograms for breast cancer
diagnosis, and significantly reduced the false negative rate without increasing
the false positive rate, after exploiting the undiagnosed samples. Li et al. [46]
developed the SSrank algorithm for document retrieval, by using a traditional
document retrieval method BM25 as one base learner and RankNet as another,
and achieved good performance on both benchmark document retrieval data and
real web search data.
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6. Conclusion
During the past decade, many disagreement-based approaches have been proposed, many theoretical supports have been discovered, and many successful
real-world applications have been reported. All of these make disagreement-based
semi-supervised learning become an important paradigm for semi-supervised
learning. This article provides a review on this topic.
Note that even when a learner is with very high confidence in labeling unlabeled examples for the other learners, it may still give incorrect labels. For
standard co-training with sufficient and redundant views, such a classification
noise can be regarded as random noise due to the fact that the two views are
conditionally independent. Thus, the performance of co-training would not be
affected much if the learners could adapt to random noise. For other approaches,
especially those using single view multiple learners, the learners are correlated
and thus, the noise in the newly labeled examples cannot be considered as random noise. The accumulation of such noise might seriously mislead the learned
hypotheses. Li and Zhou [47] tried to identify and remove some potentially mislabeled examples using data editing before these newly labeled examples are used
for learner refinement. Such an idea works well for self-training [55]; this suggests
that this seems a promising way to tackle the noise accumulation problem for
disagreement-based semi-supervised learning approaches. The combination with
active learning may also be helpful for addressing this problem.
Given the sufficient and redundant views, the minimum number of labeled
examples required for triggering a successful semi-supervised learning has been
reduced to one [91]. There is no such study on the minimum number of the required labeled examples for other disagreement-based approaches. This problem
is interesting because requiring a smaller number of labeled examples implies
requiring fewer user intervene, which is important for many online applications.
Current semi-supervised learning approaches, including disagreement-based
approaches, are not “safe”. In other words, sometimes the exploitation of unlabeled data may lead to performance degeneration. Designing “safe” semisupervised learning approaches is the holy grail of this field. Previous studies on
semi-supervised learning almost neglect the fact that although there exist abundant or even unlimited unlabeled data, the computational and storage resource
that can be used is generally not unlimited. Budget semi-supervised learning [90]
is worth noting, where effective algorithms should be able to adjust behaviors
considering the given resource budget.
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