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Abstract. In multi-instance multi-label learning (MIML), each example is not only represented by multiple instances
but also associated with multiple class labels. Several learning frameworks, such as the traditional supervised learning,
can be regarded as degenerated versions of MIML. Therefore, an intuitive way to solve MIML problem is to identify its
equivalence in its degenerated versions. However, this identification process would make useful information encoded
in training examples get lost and thus impair the learning algorithm’s performance. In this paper, RBF neural
networks are adapted to learn from MIML examples. Connections between instances and labels are directly exploited
in the process of first layer clustering and second layer optimization. The proposed method demonstrates superior

performance on two real-world MIML tasks.
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1 Introduction

Multi-instance multi-label learning (MIML) is a novel
learning framework where each example corresponds to a
bag of instances as well as a set of labels [21, 22]. Many
real-world learning problems can be properly formalized
under this framework. For instance, in image classi-
fication, an image generally contains several naturally-
partitioned patches each can be represented as an in-
stance, while such an image can be related to multiple
semantic classes simultaneously, such as clouds, grassland
and lions; In text categorization, each document usually
consists of several sections or paragraphs each can be
regarded as an instance, while the document may be as-
signed to a set of predefined topics, such as sports, Beijing
Olympics and opening ceremony; In bioinformatics, an
gene sequence generally encodes a number of segments
each can be expressed an instance, while this sequence
may be associated with several functional classes, such
as metabolism, transcription and protein synthesis.

The traditional supervised learning (SISL, i.e. single-
instance single-label learning) can be viewed as a degen-
erated version of MIML, where each example is restricted
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to have only single instance and single label. Hence, it is
intuitive to solve MIML problem by identifying its equiv-
alence in SISL via problem reduction. Although this kind
of identification strategy is feasible, the performance of
the resultant algorithm may suffer from the loss of infor-
mation incurred during the reduction process. Therefore,
whether MIML tasks can be tackled by directly exploit-
ing connections between the instances and the labels of
an MIML example is an interesting problem to be further
investigated [21, 22].

In this paper, an innovative neural network style algo-
rithm named MIMLRBF, i.e. Multi-Instance Multi-Label
Radial Basis Function, is proposed. As its name implied,
MIMLRBF is derived from the popular radial basis func-
tion (RBF) method [2]. Briefly, the first layer of MiMmL-
RBF neural network consists of medoids (i.e. bags of in-
stances) formed by performing k-MEDOIDS clustering on
MiMmL examples for each possible class, where a variant of
Hausdorff metric [5] is utilized to measure the distance
between bags [19]. Second layer weights of MIMLRBF
neural network are optimized by minimizing a sum-of-
squares error function and worked out through singular
value decomposition (SVD) [12].

In the stage of first layer clustering, different clusters



are formed for MIML examples from each possible class.
In this way, the inherent structure of each class is encoded
in the medoids returned by the clustering algorithm. In
the stage of second layer optimization, medoids from all
classes are involved in calculating the weights associated
with each class. In this way, the connections between the
instances and the labels of an MIML example is explicitly
addressed by MIMLRBF.

The rest of this paper is organized as follows. Section
2 reviews related works. Section 3 presents MIMLRBF.
Section 4 reports experimental results on two real-world
MiML data sets. Finally, Section 5 concludes and indi-
cates some issues for future work.

2 Related Works

In this section, we first give the formal definition of MIML
and then review existing MIML algorithms. Let X = RY
denote the input space of instances and Y = {1,2,...,Q}
be the set of class labels. The task of MIML is to learn
a function fyppy @ 2% — 2V from a set of MIML train-
ing examples {(X;,Y;)|1 <i < N}, where X; C X is a
bag of instances {x},x5,...,x}, } and ¥; C ) is a set of
labels {y{, 45, ...,y] } associated with X;. Here n; is the
number of instances in X; and [; the number of labels in
Y;. The MIML framework is closely related to the learn-
ing frameworks of multi-instance learning [4], multi-label
learning [11, 13] and traditional supervised learning.

Multi-instance learning [4] (MISL, i.e. multi-instance
single-label learning) was coined by Dietterich et al.
in their investigation of drug activity prediction prob-
lem. The task of MISL is to learn a function fype :
2¥ — {+1,—-1} from a set of MISL training examples
{(Xi,y:)|1 <i< N}, where X; C X is a bag of instances
{xi,x5,...,x5 } and y; € {+1,—1} is the binary label
of X;. Multi-label learning [11, 13] (SIML, i.e. single-
instance multi-label learning) originated from the investi-
gation of text categorization problems. The task of SiML
is to learn a function fgy : X — 2Y from a set of SIML
training examples {(x;,Y;)|1 <i < N}, where x; € X is
an instance and Y; C ) is a set of labels {y}, 5, ..., }
associated with x;. Considerable research results have
been achieved on both learning frameworks and related
works can be found in [20] for MISL and [16] for SIML,
together with references therein.

It is obvious that traditional supervised learning (SISL)
can be regarded as a degenerated version of either MISL

or SIML. Furthermore, according to the above defini-
tions, SISL, MiISL and SIML are all degenerated versions
of MIML. Therefore, a natural way of solving MIML prob-
lem is to identify its equivalence in SISL, using MISL or
SIML as the bridge. Actually, while formalizing the MIML
framework, Zhou and Zhang [21] adopted this strategy
and proposed two MIML algorithms named MiMLBOOST
and MIMLSVM.

MIMLB0OOST reduces the MIML problem into an SISL
one using MISL as the intermediate link. Firstly, MIML-
BoosT transforms the original MIML task into an MISL
one by converting each MIML example (X;,Y;) into |V|
number of MISL examples {([X;,y], ®[X;,9])|ly € V}.
(6, )}
formed by concatenating each of X;’s instance with label
y, while ®[X;,y] = 41 if y € ¥; and —1 otherwise. Af-
ter that, MIMLBOOST solves the derived MISL problem
by employing a specific algorithm named MIBOOSTING
[18]. This algorithm deals with MISL problem by reduc-
ing it into an SISL one under the assumption that each
instance in the bag contributes equally and independently
to a bag’s label.

Here, [X;,y] contains n; instances {(x},v),...

In contrast to MIMLB0OOST, MIMLSVM reduces the
MIML problem into an SISL one using SIML as the inter-
mediate link other than MisL. Firstly, MIMLSVM trans-
forms the original MIML task into an SIML one by con-
verting each MIML example (X;,Y;) into an SIML exam-
ple (7(X;),Y3).
instances X; into a single instance z; with the help of
constructive clustering [21]. Specifically, k-medoids clus-
tering is performed on A = {X7, Xo,..., X} at the level
of bags and components of z; correspond to the distances

Here, the function 7(-) maps a bag of

between X; and the medoids of the clustered groups. Af-
ter that, MIMLSVM solves the derived SIML problem by
employing a specific algorithm named MLSvM [3]. This
algorithm deals with SIML problem by decomposing it
into a number of independent SISL problems (one per
class), where instance x; associated with label set Y; will
be regarded as positive instance when building classifier
for class y € Y; while regarded as negative instance when
building classifier for class y ¢ Y;.

Considering that either MIMLBOOST or MIMLSVM
may lose information during the reduction process, Zhou
et al. [22] proposed another method for MiML called
D-MiMLSVM based on regularization. D-MIMLSVM as-
sumes that the classification system f is formed by |Y)|
functions f, : 2% — {+1,—1} (y € V), each determin-
ing whether label y can be associated with bag X C X.



D-MiIMLSVM defines an objective function over f which
balances the loss between the labels and predictions on
the bags as well as on the constituent instances. Fur-
thermore, each function f, is set to be a linear model
in a feature space induced by some kernel k£ defined on
2% such as the set kernel [6]. The resultant non-linear
optimization problem is solved by a standard constraint
concave-convex procedure (Cccp) [15] and its efficiency
is further improved by utilizing cutting plane techniques
[8]. Note that although D-MIMLSVM may achieve better
performance than those degenerated algorithms, it can
only deal with moderate size of training set due to the

associated demanding optimization problem [22].

In addition to the design of various MIML algorithms,
there are some recent research progresses on MIML frame-
work, such as metric learning from MIML data [7] as well
as applications of MIML techniques in bioinformatics [9].

3 The Proposed Approach

3.1 Neural Network Architecture

Generally, an RBF neural network is composed of two
layers of units. In the first layer, each hidden unit (basis
function) is associated with a prototype vector; In the
second layer, each output unit corresponds to a possible
class. In most cases, parameters of basis functions are
determined using unsupervised methods while weights
between first and second layers are obtained by solving
a linear problem. Detailed description and theoretical
foundations of RBF neural networks can be found in [2].

Figure 1 illustrates the typical architecture of an
MIMLRBF neural network. As shown in the figure,
there are two major architectural differences between
the MIMLRBF and the conventional RBF neural net-
works. Firstly, the input to an MIMLRBF neural network
s Xn }s
where each instance x; is a d-dimensional feature vec-
.,xkd]T. For a conventional RBF neu-
ral network however, its input usually takes the form

is a bag X consisting of n instances {xi,Xa,...
tor [Xg1,Xg2, .-

of single feature vector; Secondly, the first layer of an
MiIMLRBF neural network is composed of @) sets of bags
Ulel{C’{, C4,...,Cly,}, where M; is the number of bags
retained for the I-th class and the total number of bags
in the first layer then equals M = ZzQ:1 M;. For a con-
ventional RBF neural network however, each node in its
first layer usually stores a prototype vector acting as the
center of basis function ¢(-).

[ X1 - Xid

X =
[ Xpl - Xpd

Figure 1: Architecture of an MIMLRBF neural network.

In addition, each output unit of an MIMLRBF neural
network is related to a possible class label. The weights
W = [wji](m+1)xq between first and second layers are
shown as lines from basis functions to output units. Fur-
thermore, the biases are shown as weights wg; from an
extra basis function ¢y whose output is fixed at 1.

Similar as conventional RBF neural networks, MIML-
RBF is also trained with a two-stage procedure. In the
first stage, for each possible class [ € )Y, MIML train-
ing examples with label [ are clustered by invoking k-
MEDOIDS and then the medoids of the clustered groups
are retained in the first layer. In the second stage, weights
between first and second layers are optimized by minimiz-
ing a sum-of-squares error function. The two stages are
scrutinized in the following subsection in succession.

3.2 Training and Testing

Adopting the notations in Section 2, S = {(X;,¥;)|1 <
i < N} corresponds to the MIML training set. Let
U = {Xi|(X;,Y;) € S,l € Y;} denote the set of MIML
examples with the [-th label. Then, by regarding each
bag as an atomic object, the popular k-MEDOIDS clus-
tering algorithm is adapted to partition U; into M; dis-
joint groups of bags. Previous works reveal that Haus-
dorff metric [5] is an effective measure to calculate dis-
tances between objects with multi-instance representa-
tions [17, 19]. In this paper, a variant of Hausdorff met-
ric called average Hausdorff distance [19] is used, which
is shown to be less sensitive to outlying points compared



to mazimal Hausdorff distance [5], and be able of consid-
ering more geometric relationships between instances in
the bags compared to minimal Hausdorff distance [17].

Formally, given two bags of instances A =
{a1,az,...,a,,} and B = {by,ba,..., by, }, the average

Hausdorfl distance between A and B is defined as:
aveH(A, B) =

> aca Minpep dist(a,b) + >, - p minae 4 dist(b, a) 1)
Al + | B

where | - | gives the cardinality of a set and dist(-, -) mea-
sures the distance between two instances (taking the form
of Euclidean distance in this paper). Conceptually, for
each instance in one bag, aveH(-, -) calculates the distance
to its nearest neighbor in the other bag. After traversing
all the instances in both bags, the average value out of
the above distances is reported as aveH(:,)’s output.

Combined with average Hausdorff distance, k-
MEDOIDS algorithm is employed to partition U; into M;
disjoint groups of bags Gé (1 < j < M;), whose medoids
Cé are intuitively determined as:

o aveH(A, B) (2)

In this paper, the number of retained medoids M; for
each class is set to be fraction « of the number of MiML
examples in Uy, i.e. M; = a x |U].

Exploiting those medoids from each possible class, the
weight matrix W = [wj](ar41)x@ between first and sec-
ond layers is optimized by minimizing the following sum-
of-squares error function:

Q
SN (X~ 1) 3)

=1 [=1

E=

|~

where tf is the desired output of X; on the I-th class,
which takes the value of +1 if [ € Y; and -1 otherwise.
Correspondingly, y;(X;) = Zjlvio w;1¢;(X;) is actual out-
put of X; on the [-th class, where ¢;(X;) is the activa-
tion of the j-th basis function on X;. Similar as con-
ventional RBF neural network, the basis function ¢;(-)
makes Gaussian style activation as follows:

_aveH(X;, Cj)?

2
20j

¢j(Xi)eXp< ) (I<j<M) (4

Here aveH(X;, C;) measures the average Hausdorff dis-
tance between X; and the j-th medoid in MIMLRBF’s

Y=MIMLRBF(S, a, p, X)

Inputs:

S: the MIML training set {(X1,Y1),...,(Xn,YN)}
a: the fraction parameter

w: the scaling factor

X: the test MIML example (X C X))

Outputs:
Y: predicted label set for X (Y C )

Process:

1 forle)Y do

2 Set U, = {X;|(X;,Y;) € S,l eY; };

3 Partition U; into M; = a x |U;| groups of bags Gg»
using k-MEDOIDS with distance metric of Eq.(1);
Determine medoid Cé of each group using Eq.(2);

Form matrix ® (using Eqs.(4) and (5)) and T;

Compute weights W by solving Eq.(6) with SVD;

Y = {lln(X) = 5L wind; (X) > 0,1 € V};

N o ot

Figure 2: Pseudo code of MIMLRBF.

first layer. In addition, the activation of ¢o(X;) is fixed
at 1 and wqg; acts as the bias value for the [-th class.
The standard deviation o; is a parameter controlling the
smoothness of the basis function ¢;(-). In this paper, all
the 0; (1 < j < M) take the same value of o, which is
some multiple of the average distance between each pair
of medoids in the first layer:

o =px (Zﬁif 251\4:;)4-1 aveH(C), Cq))

M(M —1))2 ®)

where p is the parameter of scaling factor.

Differentiating the error function of Eq.(3) with respect
to wj; and setting the derivative to zero gives the normal
equations for the least sum-of-squares problem as follows:

(@Te)W=2'T (6)

Here ® = [¢ij]nx(m+1) With elements ¢;; = ¢;(X;),
W = [wji](m41)xq@ With elements wj;, and T = [ty]nxq
with elements ¢; = tj. In this paper, the weight pa-
rameters W are computed by solving Eq.(6) using linear
matrix inversion techniques of SVD [12].

Figure 2 gives the complete description of MIMLRBF.
Firstly, the first layer of MIMLRBF neural network is



Table 1: Characteristics of the data sets.

Instances per bag Labels per example (k)

Data set #examples #classes Ffeatures min max mean+std. k=1 k=2 k>3
Scene 2,000 5 15 9 9.00£0.00 1,543 442 15
Reuters 2,000 7 243 26 3.56+2.71 1,701 290 9
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Figure 3: The performance of MIMLRBF on the scene data changes as « increases under different values of p.

formed by performing k-MEDOIDS clustering on training
examples of each possible class, where average Hausdorff
metric is employed to measure distance between bags
(steps 1 to 4); After that, the weights between first and
second layers are calculated through minimizing the sum-
of-squares error function as shown in Eq.(3) (steps 5 to
6); Finally, the test MIML example is fed to the trained
neural network for prediction (step 7).

4 Experiments
4.1 Experimental Setup

The performance of MIMLRBF is compared with MIML-
BoosT and MIMLSVM on two real-world MIML tasks.
The first is the benchmark scene classification task stud-
ied in seminal works on MIML framework [19]. The scene
classification data contains 2,000 natural scene images.
All the possible class labels are desert, mountains, sea,
sunset and trees and a set of labels is manually assigned
to each image. Images with multiples labels comprise
over 22% of the data set and the average number of labels
per image is 1.244+0.44. Each image is represented as a
bag of nine 15-dimensional instances using the SBN image
bag generator [10], where each instance corresponds to an
image patch. The data set with detailed description can

be found at http://lamda.nju.edu.cn/datacode/miml-
image-data.htm.

In addition to scene classification, we have also stud-
ied another MIML task of text categorization. Specif-
ically, the widely used Reuters-21578 collection [14] is
employed in experiment. The seven most frequent cate-
gories are considered. After removing documents without
labels or main texts and randomly removing some docu-
ments with only one label, a text categorization data set
containing 2,000 documents is obtained. Documents with
multiple labels comprise around 15% of the data set and
the average number of labels per document is 1.15+0.37.
Each document is represented as a bag of instances based
on the techniques of sliding windows [1], where each in-
stance corresponds to a text segment enclosed in a sliding
window of size 50 (overlapped with 25 words). Function
words are excluded from the vocabulary and stemming
is performed on the remaining words. Instances in the
bags adopt the “Bag-of-Words” representation based on
term frequency [14]. Without loss of effectiveness, dimen-
sionality reduction is conducted and the top 2% words
with highest document frequency are retained. Finally,
each instance is represented as a 243-dimensional feature
The data set with detailed description can be
found at http://lamda.nju.edu.cn/datacode/miml-text-
data.htm.

vector.



Table 1 summarizes characteristics of both data sets.
Since MIML algorithms make multi-label predictions,
their performance are evaluated with five popular multi-
label metrics, i.e. hamming loss, one-error, coverage,
ranking loss and average precision. For the first four met-
rics, the smaller the value the better the performance.
For average precision, the bigger the value the better the
performance. Details on the metrics can be found in [13].

4.2 Experimental Results

MiMLRBF is compared with MiMLBoosT and
MiMLSvM, both of which adopt the best parame-
ters as reported in [21]. Concretely, the number of
boosting rounds for MIMLBOOST is set to 25 while
Gaussian kernel with width parameter of 0.2 is used
to implement MIMLSVM. The performance of each
compared algorithm is evaluated by conducting tenfold
cross-validation on the given data set.

As shown in Figure 2, the MIMLRBF algorithm involves
two different parameters, i.e. the fraction parameter o
and the scaling factor p. Figure 3 illustrates how MIML-
RBF performs on the scene data under different param-
eter configurations, where the performance is evaluated
in terms of hamming loss, one-error and ranking loss!.
Here, « increases from 1% to 10% with an interval of 1%
and p varies from 0.2 to 1.0 with an interval of 0.2.

It is obvious from Figure 3 that, when p is fixed, the
performance of MIMLRBF improves evidently in the ini-
tial increasing phase of a (o < 4%) and then tends to
level up in the remaining increasing phase of o. Further-
more, when « is fixed, the performance of MIMLRBF will
not significantly change as long as p is greater than 0.4.
Therefore, in this paper, MIMLRBF is implemented by
setting the fraction parameter o to 10% and the scaling
factor p to moderate value of 0.6.

Table 2 and Table 3 summarize the experimental re-
sults of each compared algorithm on the scene data and
Reuters data respectively. For each evaluation criterion,
“1” indicates “the smaller the better” while “” indicates
“the bigger the better”. Furthermore, the best result on
each evaluation criterion is highlighted in boldface. It
is obvious from Tables 2 and 3 that MIMLRBF performs
quite well on both data sets in terms of all metrics.

Specifically, pairwise t-tests at 0.01 significance level
are further conducted to test whether the performance

IExperimental results on other metrics yield same observations.

Table 2: Experimental results on the scene data set.

Evaluation Compared Algorithm

Metric MIMLRBF  MIMLBOOST MIMLSVM

0.165+0.009 0.189+0.007 0.18540.011
0.302+0.024 0.335+0.021 0.34740.026
0.894+0.066 0.947+0.056 1.03140.068
ranking loss* 0.1584+0.015 0.172+0.011 0.19140.015
average precision’ 0.80620.015 0.785+0.012 0.77440.015

hamming loss*
one-errort
coverage®

Table 3: Experimental results on the Reuters data set.

Evaluation Compared Algorithm

Metric MIMLRBF  MIMLBOOST MIMLSVM

0.0344+0.005 0.053£0.009 0.04340.007
0.058+0.020 0.107+0.022 0.10140.024
0.2724+0.055 0.417+0.047 0.37940.062
ranking loss* 0.0174+0.006 0.039+0.007 0.03340.008
average precision! 0.966+0.011 0.930+£0.012 0.937+0.015

hamming loss*
one-errort
coverage®

Table 4: Time cost of each compared algorithm on both
data sets (measured in minutes).

Compared Algorithm
MIMLRBF MIMLBOOST MIMLSVM
4.954+0.04 6462.40+£86.40 6.12+0.09

Training Scene

Phase Reuters  2.424+0.10 4354.98+64.89 3.01+0.12
Testing Scene 0.16+0.01  467.73+4.42 0.52+0.02
Phase Reuters  0.10+0.02 369.24£12.18 0.22+0.04

difference between two algorithms is statistically signif-
On the scene data set, MIMLRBF is compara-
ble to MIMLBOOST in terms of one-error while achieves

icant.

superior performance than MIMLBOOST on the other
evaluation metrics. In addition, MIMLRBF outperforms
MiIMLSVM on the scene data in terms of all the evaluation
criterions. On the Reuters data set, it is even more im-
pressive that MIMLRBF is superior to both MIMLBOOST
and MIMLSVM in terms of all the concerned metrics.

Furthermore, Table 4 reports the training and testing
time consumed by each compared algorithm on both data
sets?. As shown by Table 4, the training and testing ef-
ficiency of MIMLRBF is slightly better than MIMLSvVM
while far superior than MiMLBOOST. All the above re-
sults indicate that MIMLRBF turns out to be a very ef-
fective as well as efficient approach to the task of MIML.

2 An HP sever with 4G RAM and four Intel Xeron™ CPUs each
running at 2.80GHz is used to conduct the experiments.



5 Conclusion

In this paper, a novel algorithm MIMLRBF deriving from
conventional RBF neural networks is proposed for MIML.
In both stages of first layer clustering and second layer
optimization, connections between the instances and the
labels of MIML examples are explicitly addressed. Appli-
cations to two real-world MIML tasks show that MiML-
RBF is highly competitive to other MIML algorithms.

Investigate whether better performance can be
achieved by setting different value of « for each possible
class is an interesting future work. In addition, designing
other kinds of MIML algorithms is worth further study.
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