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Abstract—In multi-instance multi-label learning (i.e. MIML),
each example is not only represented by multiple instances but
also associated with multiple labels. Most existing algorithms
solve MIML problem via the intuitive way of identifying its
equivalence in degenerated version of MIML. However, this
identification process may lose useful information encoded in
training examples and therefore be harmful to the learning
algorithm’s performance. In this paper, a novel algorithm named
MIML-ENN is proposed for MIML by utilizing the popular k-
nearest neighbor techniques. Given a test example, MIML-ANN
not only considers its neighbors, but also considers its citers which
regard it as their own neighbors. The label set of the test example
is determined by exploiting the labeling information conveyed by
its neighbors and citers. Experiments on two real-world MIML
tasks, i.e. scene classification and text categorization, show that
MIML-ENN achieves superior performance than some existing
MIML algorithms.

I. INTRODUCTION

In traditional supervised learning, each object (or example)
is represented by a single instance as well as associated with a
single label. In other words, let X = R? be the input space and
Y =1{1,2,...,Q} be the label space, the task of traditional
supervised learning is to learn a function h : X — ) from
a number of training examples {(x;,4;)|1 < i < N}, where
x; € X is a single instance and y; € ) is the single label
associated with x;. Although traditional supervised learning
has been proven to be very successful in handling diverse real-
world problems, it may not work well when the concerned
object could not fit the single-instance single-label (SISL)
formalization well.

For example, in image classification, an image generally
contains several naturally partitioned patches each can be
represented as an instance, while such an image can be related
to multiple semantic classes, 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 assigned to a set of
predefined topics, such as Shanghai World Expo, economics
and even volunteers; In bioinformatics, an gene sequence
generally encodes a number of segments each can be expressed
as an instance, while this sequence may be associated with
several functional classes, such as metabolism, transcription
and protein synthesis.

In view of the above problem, a new learning framework
named multi-instance multi-label learning (MIML) [17], [18]
is recently proposed. In MIML, each example is represented
by multiple instances and at the same time associated with
multiple labels. In other words, the task of MIML is to learn
a function Ay, : 2¥ — 2% from a number of training
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
{yi,u5,...,yj } associated with X;. Here, n; is the number
of instances in X, and [; is the number of labels in Y.

It is obvious that traditional supervised learning can be
regarded as a degenerated version of MIML, where each
example is restricted to have only single instance and single
label. On the other hand, the generality of MIML inevitably
makes this learning problem more difficult to be dealt with.
Currently, most existing algorithms deal with MIML prob-
lem by identifying its equivalence in traditional supervised
learning via problem reduction [17], [18]. Although this kind
of identification strategy is feasible, the performance of the
resultant algorithms may suffer from the information loss
incurred during the reduction process.

In this paper, a novel algorithm named MIML-ENN (Multi-
Instance Multi-Label k-Nearest Neighbor) is proposed to learn
from MIML examples. Given a test example, MIML-kNN
not only considers its neighbors, but also considers its cifters
which regard it as their own neighbors. After that, a label
counting vector is constructed from its neighbors and citers,
and then fed to () trained linear classifiers for prediction.
As the correlations between instances and labels are fully
exploited in the proposed method, experimental results show
that the performance of MIML-kKNN is highly competitive to
other existing MIML algorithms.

The rest of this paper is organized as follows. Section
II reviews related works. Section III presents MIML-ENN.
Section 4 reports the experimental results. Finally, Section V
concludes and indicates several issues for future work.

II. RELATED WORKS

The MIML framework is closely related to the learning
frameworks of multi-instance learning [3] and multi-label
learning [7], [10].



Multi-instance learning [3] was coined by Dietterich et
al. in their investigation of drug activity prediction problem.
The task of multi-instance learning is to learn a function
by : 2% — {+1,—1} from a number of 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 label associated
with X;. Multi-label learning [7], [10] originated from the
investigation of text categorization problems. The task of
multi-label learning is to learn a function hypr @ X — 2Y
from a number of training examples {(x;,Y;)|1 < i < N},
where x; € X is an instance and Y; C ) is a set of labels
{yi,y5,...,y}} associated with x;.

It is obvious that traditional supervised learning can be
regarded as a degenerated version of either multi-instance
learning or multi-label learning, while those three learning
frameworks are all degenerated versions of MIML. Therefore,
it is natural to solve the MIML problem by identifying its
equivalence in traditional supervised learning, using either
multi-instance learning or multi-label learning as the bridge.
Actually, two MIML algorithms named MIMLBOOST and
MIMLSVM have been designed by adopting this strategy.

For the MIMLBOOST algorithm, the original MIML task
is firstly transformed into a multi-instance learning task by
converting each MIML example (X;,Y;) into || number of
multi-instance examples {([X;,y], ®[X;,y]) |y € YV}. Here,
[Xi,y] contains n; instances {(x},y),...,(x},,y)} formed
by concatenating each of X;’s instance with label y, while
®[X;,y] = +1if y € Y; and —1 otherwise. After that, MIML-
BOOST solves the derived multi-instance learning problem by
employing the MIBOOSTING algorithm [13], which reduces
a multi-instance learning task into a traditional supervised
learning task under the assumption that each instance in the
bag contributes equally and independently to a bag’s label.

For the MIMLSVM algorithm, the original MIML task
is firstly transformed into a multi-label learning task by
converting each MIML example (X;,Y;) into a multi-label
example (7(X;),Y;). Here, the function 7(-) maps a bag of
instances X; into a single instance z; with the help of con-
structive clustering [17]. Specifically, k-medoids clustering is
performed on A = { X7, X5,..., X} at the level of bags and
components of z; correspond to the distances between X; and
the medoids of the clustered groups. After that, MIMLSVM
solves the derived multi-label learning problem by employing
the MLSVM algorithm [2], which decomposes the multi-label
learning task into a number of independent traditional (binary)
supervised learning problems (one per class).

Following the work of MIMLBOOST and MIMLSVM [17],
there have been some recent progresses on MIML framework,
such as designing MIML algorithms based on regularization
[18], [15], metric learning from MIML data [5] and ap-
plications of MIML techniques in image analysis [14] and
bioinformatics [6].

III. THE PROPOSED METHOD

MIML-ENN solves MIML problem by using the popular k-
nearest neighbor techniques. Given an example X C & and its

TABLE 1
PSEUDO-CODE OF MIML-KNN.

[Lp, Vp] = MIML-kNN(S, r, ¢, P)

Inputs:

S: the set of MIML training examples {(X;,Y;)|1 <i< N}
(X CXY; CY)

T the reference parameter considered in Eq.(1)

c the citation parameter considered in Eq.(2)

P: the test MIML example (P C X)

Outputs:

L p: the category vector for P

Vp:  the Q-dimensional output vector for P, where Vp (1) = f(P,1)
as shown in Eq.(5)

Process:
for i=1 to N do
Identify RSQ for X; according to Eq.(1);
Identity 03(1 for X; according to Eq.(2);

Calculate label counting vector 5 x; for X; using Eq.(4);

Form matrices ¢ and T as shown in Eq.(7);
Compute weight matrix W by solving Eq.(7) with SVD [9];
for I € ) do
Identify R, and C% for P with Eq.(1) and Eq.(2);
10. endfor

1
2
3
4
5. endfor
6
7
8
9

11. Calculate label counting vector 5 p for P using Eq.(4);
12. for l € Y do

13. Set Vp (1) to f(P,1) according to Eq.(5)

14. Set Lp(l) to 41 if Vp(l) > 0;
Otherwise, set Lp(l) = —1

15. endfor

associated label set Y C ), let L x denote the (Q-dimensional
category vector of X . Here, its [-th component Lx (1) takes the
value of +1 if | € Y, otherwise L x (I) = —1. Furthermore,
let Ry denote the set of its 7 nearest neighbors identified in
the MIML training set S = {(X;,Y;)|1 <i < N}, ie.

v = {A|A is one of X's r nearest neighbors in A} (1)

Here, A = {X;|(X;,Y;) € S}.
Furthermore, let C§ denote the set of its ¢ citers identified
in S, ie.:

C% = {B|X is among B's ¢ nearest neighbors in A’} (2)

Here, A’ = {X}UA.

Intuitively speaking, MIML-ENN not only considers X’s
neighboring examples in the training set, but also considers
those training examples which regard X as their own neigh-
bors (i.e. the citers). Specifically, the idea of utilizing citers
to help learn from MIML examples is motivated from the
Citation-kNN approach [12], where citers are found to be



TABLE II
CHARACTERISTICS OF THE DATA SETS.

Instances per bag Labels per example (k)

Data set F#examples #£classes F#features min max mean=std. k=1 k=2 k>3
Scene 2,000 5 15 9 9.0040.00 1,543 442 15
Reuters 2,000 7 243 26 3.564+2.71 1,701 290 9

beneficial to learn from examples with multi-instance repre-
sentation. Experimental results (Figure 1, Subsection IV-C)
show that the learning performance of MIML-KNN could
be significantly improved by exploiting citers in addition to
neighboring examples.

Note that in MIML, each example is represented by a bag
of instances instead of a single instance. Previous researches
[12], [16] show that distance between bags could be effec-
tively measured by the Hausdorff metric [4]. Specifically,
a variant of Hausdorff metric, i.e. the average Hausdorff
metric [16] is employed to measure the distance between
bags. Given two different bags U = {uj,uz,...,u,,} and
V = {vi,va,..., vy, }, their average Hausdorff distance is
calculated as:

>, min [[u, v|[|+ > min||v,ul|
aveH (U, V) = 2 ¥V vey uey 3)
’ U+ Vi
Here, | - | gives the set cardinality and || - || returns the

distance between two instances (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.

Given the example X C X, we can identify its neighbor-
ing examples R’ (Eq.(1)) and citers C§ (Eq.(2)) in S by
employing the average Hausdorff metric, and then define the
following @)-dimensional label counting vector 5 X

X0 =2 e Lz ==11, L€y @

For any predictor 7, [7] takes the value of 1 if = holds and
0 otherwise. Actually, dx (I) records the number of examples
in R UC% which have label /.

Given a test example P C X, MIML-ENN firstly deter-
mines its label counting vector §p. Based on the information
conveyed by 5, p, the following linear classifier is utilized to
yield the output of MIML-ENN on the [-th class:

F(Pl)=w] bp, 1€y 5)

Here, w; is a (Q-dimensional column vector corresponding to
the [-th class and T represents the transpose operation. As
shown in the above equation, the prediction of P on the [-th
class (i.e. f(P,1)) is set to be the dot product between w
and the label counting vector §p. The I-th label is deemed
to belong to P only if f(P,l) > 0. Therefore, MIML-kNN

predicts the set of labels associated with P as hyur(P) =
{l|f(P,1) > 0,l € V}.

To obtain the column vectors w; (I € ), MIML-AKNN
works by minimizing the following sum-of-squares error func-

tion: X N ) . ,
E=53 3 (Ex) - Ix0)

i=11ey

(6)

Here, Ly, () = w} - dx, represents the actual output of the
i-th training example X; on the [-th class, i.e. the dot product
between the column vector w; and the label counting vector
5 X; - L x, 1s the label vector of X; and L x, (1) represents the
desired output of X; on the [-th class. Differentiating the error
function of Eq.(6) with respect to each component of w;, and
setting the derivatives to zero gives the normal equations for
the least sum-of-squares problem as follows:

(@"®) - W=2"T O

Here, ® = [¢iu|nxq with elements ¢; = gxi ), W =
[Wi,Wo,...,wg], and T = [ty]nxg with elements t; =
Lx,(1). In this paper, the weight matrix W is computed by
solving Eq.(7) using linear matrix inversion techniques of SVD
[9].

Table I gives the detailed description of MIML-£NN. Based
on the MIML training set, MIML-kNN firstly learns the
weight matrix W used by the linear classifiers (Steps 1 to
7); After that, the label counting vector for the test example
P is calculated (Steps 8 to 11); Finally, the derived vector is
fed to the trained linear classifiers to yield final predictions
(Steps 12 to 15).

IV. EXPERIMENTS
A. Experimental Setup

The performance of MIML-ENN is compared with MIML-
BOOST and MIMLSVM on two real-world MIML tasks. The
first is the benchmark scene classification task studied in sem-
inal works on MIML framework [17]. 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 1.2440.44. Each image
is represented as a bag of nine 15-dimensional instances using
the SBN image bag generator [8], where each instance corre-
sponds to an image patch. The data set with detailed descrip-
tion can be found at http://lamda.nju.edu.cn/datacode/miml-
image-data.htm.
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of nearest neighbors) on the scene data.

In addition to scene classification, we have also studied
another MIML task of text categorization. Specifically, the
widely used Reuters-21578 collection [11] is employed in
experiment. The seven most frequent categories are consid-
ered. After removing documents without labels or main texts
and randomly removing some documents 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 1.154+0.37. Each document is represented as a
bag of instances based on the techniques of sliding windows
[1], where each instance corresponds to a text segment en-
closed 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 [11]. Without loss of effectiveness, di-
mensionality reduction is conducted and the top 2% words
with highest document frequency are retained. Finally, each
instance is represented as a 243-dimensional feature vec-
tor. The data set with detailed description can be found at
http://lamda.nju.edu.cn/datacode/miml-text-data.htm. Table II
summarizes characteristics of both data sets.

B. Evaluation Metrics

Since MIML algorithms make multi-label predictions, their
performance are evaluated with five popular multi-label met-
rics [10], i.e. hamming loss, one-error, coverage, ranking
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The performance as well as running time of MIML-ANN changes as the value of ¢ (number of citers) increases, under different values of r (number

loss and average precision. Given an MIML data set D =
{(X;,Y;)|]1 < i < p}, the five metrics are defined as below.
Here, h(X;) returns a set of proper labels of X;; h(X;,y)
returns a real-value indicating the confidence for y to be a
proper label of X;; rank"(X;,y) returns the rank of y derived
from h(X;,y).

o Hamming loss:

1<~ 1
hl h) = — —|h(X;)AY; 8

Here A denotes the symmetric difference between two sets.
The hamming loss evaluates how many times an example-label
pair is misclassified.

e One-error:

p
one—errorp (h) = ;[[ [arg max X,y ¢Yi] 9

bR

Here for predicate m, 7] equals 1 if 7 holds and 0 otherwise.
The one-error evaluates how many times the top-ranked label
is not in the set of proper labels of the example.

e Coverage:

1 P

coveragep(h) = —
L

-1 (10)



TABLE III
EXPERIMENTAL RESULTS ON THE SCENE DATA SET.

Evaluation Compared Algorithm
Criterion MIML-ENN MIMLBOOST MIMLSVM
hamming loss* 0.165+ 0.007 0.18940.007 0.18540.011
one-errort 0.310+ 0.024 0.335+0.021 0.347+0.026
coverage* 0.896+ 0.058 0.94710.056 1.0314-0.068
ranking losst 0.159+ 0.015 0.17240.011 0.191+£0.015
average precision’ 0.801+ 0.014 0.785+0.012 0.774+£0.015
TABLE IV

EXPERIMENTAL RESULTS ON THE REUTERS DATA SET.
Evaluation Compared Algorithm
Criterion MIML-ENN MIMLBOOST MIMLSVM
hamming losst 0.039+0.006 0.053£0.009 0.043£0.007
one-error* 0.069+0.022 0.017£0.022 0.101£0.024
coveraget 0.341+0.067 0.417+0.047 0.379£0.062
ranking loss* 0.027+0.008 0.039+0.007 0.033£0.008
average precision! 0.9544-0.013 0.93040.012 0.93740.015

The coverage evaluates how many steps are need, on average,
to move down the label list in order to cover all the proper
labels of the example.

e Ranking loss:

rlossp(h Ri|, where

p
ZYIYI

< h(X,y2), (y1,y2) € Vi x Y3} (11)

’BIP—‘

= {(yl,y2)|h(Xuy1

Here Y; denotes the complementary set of Y; in ). The
ranking loss evaluates the average fraction of label pairs that
are misordered for the example.

~—

e Average precision:
| P4l

1 z”: 1
p 2 i rankh (Xe, )
Pi = {y'[rank™(X;,y') < rank"(X;,y), y' € Vi}

avgprecp (h) where

12)

The average precision evaluates the average fraction of proper
labels ranked above a particular label y € Y.

For the first four metrics, the smaller the value the better
the performance. For average precision, the bigger the value
the better the performance.

C. Experimental Results

As shown in Table I, the MIML-ENN algorithm involves
two different parameters, i.e.  (the number of nearest neigh-
bors considered) and c¢ (the number of citers considered).
Figure 1 illustrates how MIML-kNN performs on the scene

data under different parameter configuration. Here, r varies
from 2 to 10 with an interval of 2 and c increases from O to
20 with an interval of 2. In addition, 1-average precision is
plotted instead of average precision such that in Figure 1(a)
to Figure 1(e), the lower the curve the better the performance.

As shown in Figure 1(a) to Figure 1(e), when r is fixed, the
performance of MIML-ENN improves quickly in the initial
increasing phase of ¢ and then gradually levels up; On the
other hand, when c is fixed, the performance of MIML-kENN
is worse when r is relatively small (r = 2,4), while becomes
better and indistinguishable to each other when r is relatively
large (r = 6,8, 10). As shown in Figure 1(f), as long as > 4
and ¢ > 2, the running time of MIML-KNN doesn’t change
significantly. Based on these observations, all the experimental
results of MIML-ENN reported in the following are obtained
by setting » = 10 and ¢ = 20.

For MIMLBOOST and MIMLSVM, both of which adopt
the best parameters as reported in [17]. 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 fenfold cross-validation
on the given data set.

Table III summarizes the experimental results of each com-
pared algorithm on the scene data set. For each evaluation
criterion, “|” indicates “the smaller the better” while “1”
indicates “the bigger the better”. Furthermore, the best result
on each evaluation criterion is highlighted in boldface. It is ob-
vious from Table III that MIML-ANN performs quite well on
this data set. Specifically, pairwise ¢-tests at 0.05 significance
level are further conducted to test whether the performance



TABLE V
TIME COST OF EACH COMPARED ALGORITHM ON BOTH DATA SETS
(measured in minutes).

Compared Algorithm
MIML-ENN  MIMLBOOST MIMLSVM

Training ~Scene 7.72+£0.01  6462.40£86.40 6.124+0.09
Phase Reuters 4.74£0.03  4354.98+64.89 3.011+0.12
Testing ~ Scene 7.34£0.15 467.73£4.42 0.524+0.02
Phase Reuters 3.38+0.02  369.24£12.18  0.22+0.04

difference between two algorithms is statistically significant. It
is impressive that as indicated by the significant tests, MIML-
kNN is superior to MIMLBOOST and MIMLSVM in terms
of all the evaluation metrics. These results show that MIML-
kNN achieves highly competitive generalization performance
on the scene data set.

Table IV summarizes the experimental results of each
compared algorithm on the Reuters data set. The meanings
for the “|” and “1” marks are the same as in Table III, and
the best result on each evaluation criterion is also highlighted
in boldface. It is obvious from Table IV that MIML-ENN
performs quite well on this data set. Pairwise ¢-tests at 0.05
significance level reveal that: a) MIML-ENN is significantly
superior to MIMLBOOST in terms of all the evaluation
metrics; b) MIML-kNN is comparable to MIMLSVM in terms
of coverage, while is significantly superior in terms of the
other four evaluation metrics. These results show that MIML-
kNN achieves highly competitive generalization performance
on the Reuters data set.

In addition, Table V reports the time consumed in the
training phase (Steps 1 to 7 in Table I) and testing phase
(Steps 8 to 15) of MIML-ENN on both data sets, together
with those of the compared algorithms. As shown by Table V,
the training and testing efficiency of MIML-kNN is slightly
worse than MIMLSVM while far superior than MIMLBOOST.

V. CONCLUSION

In this paper, a novel algorithm MIML-ANN is derived
from the popular k-nearest neighbors techniques to learn from
MIML examples. MIML-ENN exploits information conveyed
by its neighboring examples as well as citing examples to
make multi-label predictions for the unseen MIML example.
In this way, the correlations between instances and labels of an
MIML example are utilized to achieve strong generalization
ability. Applications to two real-world MIML tasks show that
MIML-ENN is superior to other MIML algorithms based on
simple degeneration strategy.

Investigating whether better performance can be achieved
by using metrics other than the average Hausdorff distance,
and how to choose appropriate parameters for different data
sets in a systematic way, are both interesting future works.
Furthermore, it is very appealing to design other kinds of
MIML algorithms and conduct comparative studies over more
real-world MIML tasks.
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