The Link between Multiple-Instance Learning
and Learning from Only Positive
and Unlabelled Examples
Yan Li, David M.J. Tax, Robert P.W. Duin, and Marco Loog
Pattern Recognition Laboratory, Delft University of Technology
Mekelweg 4, 2628 CD Delft, The Netherlands
http://prlab.tudelft.nl

Abstract. This paper establishes a link between two supervised learning frameworks, namely multiple-instance learning (MIL) and learning
from only positive and unlabelled examples (LOPU). MIL represents an
object as a bag of instances. It is studied under the assumption that its
instances are drawn from a mixture distribution of the concept and the
non-concept. Based on this assumption, the classiﬁcation of bags can be
formulated as a classiﬁer combining problem and the Bayes classiﬁer for
instances is shown to be closely related to the classiﬁcation in LOPU.
This relationship provides a possibility to adopt methods from LOPU to
MIL or vice versa. In particular, we examine a parameter estimator in
LOPU being applied to MIL. Experiments demonstrate the eﬀectiveness
of the instance classiﬁer and the parameter estimator.

1

Introduction

Multiple-instance learning (MIL) [1] is a generalised supervised-learning framework that represents an object as a bag consisting of many feature vectors called
instances. Only some of the instances in the bag are informative about the label of
the object, while others share the same probability distribution for objects from
diﬀerent classes. In the training phase, only the labels of bags (not instances) are
known, and a classiﬁer is trained to separate bags into diﬀerent classes. Many
problems can be formulated as MIL problems, such as image annotation [2, 3],
text categorization [2, 4], and visual tracking [5].
Learning with only positive and unlabelled examples (LOPU) deals with another limitation of supervised learning [6]. Here one is given a set of examples
which are all positive, and another set of examples which include both positive
and negative examples. It is the task of the classiﬁer to learn from the unlabelled examples a model of the negative class. For example, to classify users’
preference of web pages, an user’s bookmarks can be seen as positive examples, while other web pages in the internet include both negative and potentially
positive examples. LOPU has been applied to information retrieval [7], document or web page classiﬁcation [8–10], and biomedical classiﬁcation [11], among
others.
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In MIL, it is typically assumed that there is an underlying concept, whose
instances distinguish between positive bags an negative bags [1, 12, 2]. The
classical assumption of MIL is that a bag is classiﬁed to be positive if at least
one of its instances is from the concept [1]. Many MIL algorithms (e.g. Diverse
Density [12], MI-SVM [2], and the method in [13]), however, usually use the
information of only one concept instance from each positive bag [14]. In order to
exploit the information from concept instances more eﬀectively, numerous new
assumptions have been proposed for MIL [15].
We study MIL based on the assumption proposed by the authors in [16].
This assumption helps to eﬀectively combine the information from all concept
instances, which can be formulated as a classiﬁer combining problem. The MIL
model and method have been studied in [16]. The focus of this paper is on the
link between this MIL model and LOPU. We examine how the instance classiﬁer
of this MIL model is related to the classiﬁcation in LOPU, and how to adapt
methods from LOPU to MIL or vice versa. In particular, a parameter estimator
from LOPU is modiﬁed and applied to MIL.
The paper is organized as follows. Section 2 introduces MIL with our assumption and derives the instance classiﬁer. The relationship between MIL and
LOPU is elaborated in Section 3. Section 4 presents experiment results with the
derived instance classiﬁer and parameter estimator. Finally, Section 5 concludes
the paper.

2

Instance Classifier for MIL

The MIL model with the mixture assumption is introduced, based on which a
Bayes classiﬁer is derived for instance classiﬁcation.
2.1

The Mixture Assumption

Denote an object as a bag Bi = {Bi1 , Bi2 , · · · , BiJi }, which contains Ji feature
vectors Bij of dimensionality D. Assume that instances in a bag are conditionally
statistically independent [17]. That is, given the label of a bag, its instances are
 i
drawn independently: p( Bi1 , Bi2 , · · · , BiJi | ω(Bi )) = Jj=1
p( Bij | ω(Bi )), where
ω(Bi ) is the label of the bag Bi and can be either positive ‘+’ or negative ‘−’.
Denote the probability density function (pdf) p(x|+), from which the instances x in positive bags are drawn, as f + (x) and the pdf for negative bags
as f − (x). Assume further that a concept C exists, which deﬁnes the diﬀerence
between positive and negative bags. The non-concept C¯ denotes the background
region which is shared by both positive and negative bags. Formally, there are
two distinct distributions to generate instances, one is f C (x) for the concept C
¯
and the other is f C̄ (x) for the non-concept C.
We follow the mixture assumption for MIL in [16]. It assumes that the in¯ while the instances in a positive
stances in a negative bag are all drawn from C,
¯
bag are drawn from both C and C,
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f − (x) = f C̄ (x),
f + (x) = αf C (x) + (1 − α)f C̄ (x),

0 < α < 1,
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(1)

where the mixing coeﬃcient α represents the fraction of instances sampled from
the concept C in a positive bag.
2.2

The Instance Classifier

Based on the mixture assumption, the Bayes classiﬁer for instances has been
brieﬂy presented in [16]. For completeness, a more detailed derivation is provided,
which is followed with an analysis.
Denote the prior probabilities for positive and negative bags as β and 1 − β
respectively,
P (+) = β,
P (−) = 1 − β, 0 < β < 1.

(2)

Then the prior probabilities for the concept C and the non-concept C¯ are
P (C) = αβ,
¯ = (1 − β) + (1 − α)β = 1 − αβ.
P (C)

(3)

From Bayesian decision theory, we know that an instance should be classiﬁed to
the class with the largest posterior. That is, for a new test instance x,
assign x to the concept C, if
¯ ⇐⇒
P (C|x) ≥ P (C|x)
¯ (C)
¯ ⇐⇒
p(x|C)P (C) ≥ p(x|C)P

(4)

f C (x) · αβ ≥ f C̄ (x) · (1 − αβ)
From Eq. (1), the density of the concept f C (x) can be obtained as
f + (x) − (1 − α)f − (x)
.
α
Substituting it into (4), the decision rule becomes
f C (x) =

f + (x) − (1 − α)f − (x)
· αβ ≥ f − (x) · (1 − αβ) ⇐⇒
α


1
+ 1 − 2α f − (x)
f + (x) ≥
β

(5)

(6)

(+|x)
(−|x)
Since f + (x) = p(x|+) = p(x)P
= P (+|x)
p(x) and similarly f − (x) = P1−β
p(x),
P (+)
β
the decision rule (6) can be expressed using the posteriors P (+|x) and P (−|x):


1
P (−|x)
P (+|x)
p(x) ≥
+ 1 − 2α
p(x) ⇐⇒
β
β
1−β
(7)
1 + β − 2αβ
P (−|x)
P (+|x) ≥
1−β
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Note that as (1 + β − 2αβ) − (1 − β) = 2β(1 − α) > 0, 1+β−2αβ
> 1 always holds.
1−β
Equation (7) provides a way to adapt traditional classiﬁers for instance classiﬁcation. Applying a traditional classiﬁer to instances labelled according to their
bag label (‘+’ or ‘−’), the posteriors P (+|x) or P (−|x) can be obtained. By
weighting the obtained posteriors according to (7), the instances can then be
¯
classiﬁed to the concept C or the non-concept C.
Traditional supervised classiﬁers have been shown to work well on many MIL
problems, despite the fact that they ignore the assumptions underlying MIL [14].
By taking such MIL assumptions into account, our approach can improve the
performance of standard supervised classiﬁers when applied to MIL. In a comparable setting, [14] proposed to use higher cost for false positives in order to
improve the classiﬁcation performance. A higher cost for false positives is analin (7). The reason is that increasing the cost for
ogous to the term 1+β−2αβ
1−β
false positives is equivalent to increasing the threshold of posteriors to classify
an instance to the concept, which has the same meaning as (7).
The k-NN for MIL. To illustrate the decision rule (7), we present an instance
classiﬁer using k-NN (k-nearest neighbour) [18], which is also used in our experiments. If k nearest neighbours are found for an instance x, k+ of them are
from positive bags and k− (= k − k+ ) from negative bags, then the estimates of
posteriors are
k−
k+
, and P̂ (−|x) =
.
(8)
P̂ (+|x) =
k
k
From (7) the decision rule for the concept becomes
assign x to the concept C, if
1 + β − 2αβ
· k− .
k+ ≥
1−β

3

(9)

Relation between MIL and LOPU

The instance classiﬁer (7) is trained by assigning bag labels to their instances.
The instances from negative bags are known to be from the non-concept, while
those from positive bags are partly from the concept and partly from the nonconcept. Consequently, this problem turns out to be very similar to LOPU.
In LOPU, all labelled examples are positive, while unlabelled examples may be
positive or negative. In terms of LOPU, the classiﬁcation of instances in MIL can
be considered as a learning problem with only unlabelled and negative examples
and we can use this relation to our beneﬁt.
One of the widely used methods in LOPU is to identify unlabelled examples
that are most likely to to be negative with some heuristics, and then train a classiﬁer based on the identiﬁed negative examples and the given positive examples
[9, 11]. Similar heuristics have been used in Diverse Density to explicitly search
for the concept area [12], in MI-SVM to identify the instance in each positive
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bag which is mostly likely to be from the concept [2], and in the disambiguation
method to identify concept instances in each positive bag [13].
The LOPU method proposed in [11] shares additional similarities with our
instance classiﬁer. It is based on the so-called “selected completely at random”
assumption [6], which means that any positive example has a constant probability to be chosen by the user and then labelled. Consequently, the unlabelled
examples include other positive examples which are not chosen by the user and
all the negative examples. The pdf of the unlabelled examples can thus be expressed as a mixture of distributions, which is similar to the pdf f + (x) in (1).
In addition, a central result in that paper is a lemma which relates the classiﬁer
trained by treating all unlabelled examples as negative and the “ideal” classiﬁer
if the labels of all unlabelled examples are provided. This lemma can be derived
from the decision rule (7). Besides, they proposed a method to assign weights to
unlabelled examples in LOPU, which can also be used to weight instances from
positive bags in MIL.
Based on the relationship between LOPU and MIL, a parameter estimator
of α has been proposed in [16]. This estimator is based on another estimator
proposed in [11], but modiﬁed to make it robust in the MIL setting. The basic
idea is as follows. In MIL terms, the estimator in [11] is for the parameter
θ=

1−β
,
(1 − β) + β(1 − α)

(10)

which is the probability that a non-concept instance is from a negative bag. It
is estimated as the average posteriors of instances in negative bags B − from a
validation set
θ̂ = mean
P (−|x).
(11)
−
x∈B

This results in an estimator
α̂ =

θ̂ + β̂ − 1
θ̂ · β̂

,

(12)

which is, however, is very sensitive to estimation errors, as θ and β appear in
the denominator. A more robust estimator is proposed in [16]. It is based on the
assumption that in positive bags, the posteriors of concept instances should be
large (close to one) since these instances occur only in positive bags, and the
posteriors of non-concept instances have an expectation of 1 − θ. Therefore, by
deﬁnition, α can be estimated as the fraction of instances in positive bags whose
posteriors are larger than a threshold τ ,
α̂ =

# {x | x ∈ B + , P (+|x) > τ }
,
# {x | x ∈ B + }

(13)

where # returns the number of elements in a set and τ takes value as the mean of
1 − θ̂ and the maximum posterior of instances in positive bags maxx∈B + P (+|x).
MIL was linked to semi-supervised learning (SSL) in [19], by viewing MIL as a
problem with unlabelled data but positive constraints. The relation with LOPU
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makes it clearer that in MIL, there is no labelled positive instances. Besides,
the link with SSL is based on the classical MIL assumption, while the mixture
assumption is used to relate it to LOPU.
The crucial diﬀerence between MIL and LOPU is that the instances in MIL
are from bags and are not individual objects. Therefore, MIL has to consider
the problem of bag classiﬁcation in addition to instance classiﬁcation.

4

Experiments

The derived instance classiﬁer (7) and parameter estimator (13) are tested with
a synthetic data and various benchmark MIL datasets. To obtain the label of
a bag from its instances, the method derived in [16] is used, which is based on
classiﬁer combining. Its basic idea is to compute the fraction of a bag’s instances
which are classiﬁed to the concept and label the bag as positive if the fraction is
+ αβ, which
large than a threshold. The threshold is derived to be (1−αβ)(1−2β)
2(1−β)Ji
can be approximated by αβ if the number of instances in a bag Ji is suﬃciently
large or is αβ if β = 0.5. We use k-NN as the instance classiﬁer, with k set to half
of the average number of instances in a bag. The corresponding MIL algorithm
is as follows:
Training data construction. For all training bags, assign the bag label
to its instances and use all instances for training.
Instance classification. For a test bag Bi = {Bi1 , Bi2 , · · · , BiJi }, classify each instance Bij according to (9).
Bag classification by Combining. Calculate the fraction of concept
instances in the bag Bi , and classify it as positive if the fraction is
+ αβ, and negative otherwise.
larger than the threshold (1−αβ)(1−2β)
2(1−β)Ji
4.1

Synthetic Data

We use the synthetic data in [20, 21]. Figure 1(a) shows the ground-truth of
the problem, where the black area is the non-concept and the white area is the
concept. With α = 0.3 and β = 0.5, one realisation is shown in Figure 1(b).
Trained on the data in Fig. 1(b), the decision boundaries of the instance
classiﬁer (9) is shown in Fig. 1(c), where the cyan area is for the concept and
the purple area is for the non-concept. We can see that the instance classiﬁer
separates the concept and the non-concept very well. In comparison, the decision
in (9) is shown
boundaries for the classiﬁer without the weighting factor 1+β−2αβ
1−β
in Fig. 1(d), where much non-conept area is misclassiﬁed to the concept.
The parameter estimator (13) and the instance classiﬁer (9) are tested with
α changing from 0.05 to 0.9. The prior β is ﬁxed to 0.5, and there are 30 positive and 30 negative bags, with 40 instances in each bag. The average results of
ten times 10-fold cross-validation are reported. Figure 2(a) shows the estimated
α. Overall, the estimator works very well for all diﬀerent αs, though it seems that
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Fig. 1. A synthetic MIL dataset. (a) The ground-truth decision boundary between the
concept (white) and the non-concept (black). (b) Scatter plot of all instances, where
red instances (*) are from positive bags and blue ones (+) are from negative bags. (c)
Decision boundaries of the instance classiﬁer (9). (d) Decision boundary of (9), but
. The cyan area is for the concept and the purple
without the weighting factor 1+β−2αβ
1−β
area (the dark area, if viewed in black and white) is for the non-concept.

there is a small tendency of underestimation (around 0.03). Figure 2(b) shows the
classiﬁcation error of instances with our approach (9) and the traditional k-NN,
i.e., (9) without the weighting factor 1+β−2αβ
. The results clearly demonstrate
1−β
the necessity of this weighting factor, especially when α is small. When α is very
large (e.g. 0.8 or 0.9), this weighting factor goes close to one and the diﬀerence
between the two methods becomes small. Based on our instance classiﬁcation,
the results of bag classiﬁcation are shown in Figure 2(c). It shows that when α
is large than 0.2, perfect classiﬁcation are obtained. When α is very small (e.g.
0.05), the error is relatively high, as there are only one or two concept instances
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Fig. 2. Results with diﬀerent αs. (a) The estimated α. (b) The classiﬁcation of instances. (c) The classiﬁcation of bags.

in a positive bag. As a result, there are very few concept instances in the training
set. Using k-NN with a smaller k, or increasing the number of bags for training,
may improve the performance.
4.2

Benchmark MIL Datasets

Our method has been applied to a few mostly tested MIL datasets in [16]. The
data sets are the MUSK1 and MUSK2 collected in [1], and the Elephant, Tiger,
and Fox from the COREL dataset [2]. A support vector machine with RBF
kernel is used as the instance classiﬁer. It has been shown that our method,
though relatively simple, achieves results comparable to other state-of-the-art
methods.
Table 1 shows the classiﬁcation results of our method, and another two methods which output estimations of a parameter very similar to α. This parameter
is the so-called witness rate, which is the fraction of “true positive” instances in
all the positive bags. The witness rate in [21] was automatically estimated, while

The Link between Multiple-Instance Learning and Learning

165

Table 1. Accuracy on the ﬁve benchmark MIL datasets. The results of our method
are comparable to other state-of-the-art methods [16].
MUSK1
MUSK2
Elephant
Tiger
Fox
ALP-SVM [20]
86.3
86.2
83.5
86.0
66.0
witness rate
1.00
0.28
0.58
0.6
0.71
SVR-SVM [21] 87.9 (1.7) 85.4 (1.8) 85.3 (2.8) 79.8 (3.4) 63.0 (3.5)
witness rate
1.00
0.895
0.378
0.427
1.00
Our method 88.38 (1.08) 84.92 (2.18) 84.35 (0.88) 80.75 (1.16) 62.80 (0.86)
estimated α
0.82
0.77
0.80
0.51
0.88

that in [20] was tuned manually. We can see that the estimated witness rates and
αs are quite close to each other (except for Elephant). In addition, their values
are quite large, which indicates that there are usually more than one concept
instance in a positive bag and thus justiﬁes our assumption to some extent. The
large values of α may also explain why using traditional supervised classiﬁers
without taking MIL assumptions can work well for some data sets [14]. When α
is very large, the weighting factor in the instance classiﬁer (7) becomes close to
one, and thus the traditional classiﬁer without this weighting factor can already
work relatively well (c.f. Figure 2(b)).

5

Conclusion

Based on the assumption that instances from positive bags follow a mixture distribution, the Bayes classiﬁer is derived for instance classiﬁcation. A relationship
is then established between the classiﬁcation of instances in MIL and another
learning framework called LOPU. It is shown how numerous results in both
ﬁelds can be linked together. This link also makes it possible to apply methods
from MIL to LOPU, or the other way around. In particular, it is studied how to
adopt a parameter estimator proposed in LOPU for estimating the parameter α
in MIL. The derived instance classiﬁer and the parameter estimator are shown
to perform well in the experiments.
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