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The multiple instance regression problem has become a hot research topic recently. There are several approaches to
the multiple instance regression problem, such as Salience, Citation KNN, and MI-ClusterRegress. All of these solutions
work in batch mode during the training step. However, in practice, examples usually arrive in sequence. Therefore, the
training step cannot be accomplished once. In this paper, an online multiple instance regression method “OnlineMIR” is
proposed. OnlineMIR can not only predict the label of a new bag, but also update the current regression model with the
latest arrived bag. The experimental results show that OnlineMIR achieves good performances on both synthetic and real

data sets.
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1. Introduction

One shortcoming of traditional supervised learning is that
the label information of training examples is not always avail-
able. Multiple instance learning (MIL) is a variant version of
the supervised learning when some labels are uncertain. This
concept was proposed in Ref. [1]. In multiple instance (MI)
setting, a set of example-label pairs are provided for training.
Each example contains more than one instance (feature vec-
tors). The labels are assigned to bags of instances, which are
different from the traditional supervised learning. The goal is
to acquire a learner to predict a new bag’s label. According
to the label value, MIL can be divided into two subfields—
classification and regression. When the label is an integer, it
becomes a classification problem.!!! If the label takes a real
number, it turns into a regression problem.?! Drug activity
prediction!!) is the first application of MIL. More than one
structural conformations of the drug molecule are given, but
only part of conformations contribute to the molecule label,
where the value of label is “active” or “inactive”. The con-
tributed confirmations in each molecule are unknown. It is
required to design a classifier to predict a new molecule’s la-
bel.

Many studies of the multiple instance classification can
be found in Refs. [3]-[7]. The online version of MI classi-

n[8-191 has also been designed for incrementally arrived

ficatio
MI data. But some applications require not only the class la-
bel of the bag, but also the likelihood of membership. This is

strongly desirable in some applications, but MI classification

DOI: 10.1088/1674-1056/22/9/098702

has difficulties in satisfying this requirement. For example,
if the multiple instance classification is applied to the drug
activity prediction,!"'! only the information on whether the
molecule is active or not is available. However, we have no
certainty about how active the molecule is. To overcome the
drawback of MI classification, MI regression is applied. Be-
sides, in some tasks, the bag label is real-valued, which means
that the MI classification cannot work. MI regression has such
advantages over MI classification.

In recent years, some studies have been done on the MI
regression. The first multiple instance regression algorithm is
proposed in Ref. [2]. It takes a linear regression model for
granted and picks one primary instance from each bag to get a
predictive function. This solution cannot deal with the nonlin-
ear cases and ignores the relevances between instances within
the same bag. References [12] and [13] modify kNN classifier
and some other traditional classifiers to solve the multiple in-
stance regression. Reference [14] alternates the optimizations
on two subproblems to solve this problem. This method can-
not predict one bag’s label directly, only obtain the label of a
single instance. The MI-ClusterRegress!!>! is proposed to ob-
tain both the predictive function and the contribution of each
instance to the bag label. MI-ClusterRegress can predict the
bag label without other prior knowledge and obtain the contri-
bution of each instance to the bag label. These methods share
the same one assumption: all training bags would be provided
for once. However, in practice, the bags usually arrive in se-
quence. The most intuitive solution is to discard the current
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model and repeat training step on both previous and new com-
ing bags. However, this leads to a high computational cost,
which is impractical when the bag number increases dramat-
ically. Therefore, the existing MI regression approaches can-
not deal with sequentially arrived training bags efficiently. Itis
our motivation to propose the online MI regression algorithm
“OnlineMIR”.

Our proposed OnlineMIR has such advantages. Firstly,
our online multiple instance regression algorithm can use the
latest arrived bag with its label to update our current predic-
tive model. Secondly, our method can predict the bag label
directly. In comparison, many previous solutions can only ob-
tain a single instance’s label. Thirdly, our algorithm can obtain
the contribution of each instance to the bag label. This charac-
teristics is very useful to analyze the bag structure. The exper-
iments show that our algorithm achieves good performances
in both synthetic and real data sets.

2. Model and method
2.1. Problem definition

Here, the multiple instance regression problem is de-
fined as follows. A collection of bags and their labels
{B;,yi},i = 1,2,...,N, arrive at t = t1,...,t;,...,ty Tespec-
tively, #; < ti+1, i <N, N denotes the number of B;, B; contains
N; instances and B;; denotes the j-th instance of B;, B;j is a d-
dimensional feature vector and y; is the real-valued true label
of B;. We use y; to indicate the predicted label of B; by the
regression model. The predictive model f;, is obtained from
training example pairs (B;,y;), i =1,2,...,n, n < N. Our task
is to improve the current predictive function f, to f,,+; based
on the latest arrived bag B, 11 and its label y, 1.

2.2. OnlineMIR

Online single instance regression!!®! has been studied
carefully in Ref. [17], in which the online support vector re-
gression(SVR) problem is proposed. When a new feature vec-
tor and its label arrive, they can update the current predictive
model. Online SVR works with steps similar to that of online
SVM.I18]

Our idea is to reduce the online multiple instance regres-
sion to an online single instance regression problem, by using
the existing online SVR method. 171 However, the new arrived
example is a bag instead of a single instance, where online
SVR cannot be applied directly. The intuitive solution is to de-
compose the instances in the latest arrived bag and use the on-
line SVR on each instance. Reference [15] has demonstrated
that this behavior got a bad result. Reference [12] assumes
that the bag label are only decided by one instance in each bag
and is independent of others. However, there are more com-
plicated cases than this assumption. More than one instance

usually are associated with a bag label and each instance has
different contributions. If we update the regression model in-
crementally with the instances, the differences between their
contributions to the bag label will be ignored. Therefore, we
try to convert each bag into an virtual instance. We use b; to
denote the virtual instance converted from bag B;. Here, a co-
efficient vector is applied to convert instances in one bag into
a virtual instance

bi=B;- A,

Ni
LeRM o<Af<1, Y Af=1,
k=1

B; € RNixd, 1)

Here, A; is the coefficient vector that converts B; to the virtual
single instance b;, ll-k is the k-th element of A;. The value of
),ik indicates the contribution of Bj; to the label y;.

If A; is known, this problem has been solved. In this way,
the most important problem is how to get A;. In most cases, not
every instance in a bag contribute much to the bag label. Some
instances have relatively little effect on the label value. When
a new bag and its label arrive, the current regression model
is used to predict the label of each instance. We assume that
if the difference between the predicted label of an instance in
one bag and the corresponding bag label is small, this instance
has more effects on the bag label and vice versa. Therefore,

the label difference

dif(B;;) = [f(Bij) — yil (2)
becomes an indicator that measures the effect of instance
B;j on the bag label y;. The function f(x) denotes the pre-
dictive model. Equation (2) is applied to divide instances
into two clusters. The first cluster contains instances with
large influence on the bag label. The second cluster has al-
most nothing to do with the bag label. Now, a bag with
We sorts the la-

bel differences dif(x;),i = 1,...,M into an ascend sequence

M instances {x;}, i = 1,...,M arrives.

{ai,...;am}, a;<ai1,i=1,....,M—1, with {x;} a set of in-
stances. Then, the next step is to solve the optimization prob-

lem
. Vit
min ——,
L |m1—m2|
ly Ly
my=—) aj, m=_—— a;,
Li:l M_Li:L+1
1 & ) 1 X )
Vi =Zi;(ai—m1) , Vz=mi:§1(ai—mz) :
I<L<M, LeZ". 3)

Here, L is a positive integer, m and v; are the mean and vari-
ance of the first L label differences respectively, my and v, are
the mean and variance of the remaining M — L differences. We
can compute the objective function value of Eq. (3) for all L’s
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candidate values and select the number that minimizes the ob-
jective function of Eq. (3). The first L instances dominate the
bag label value. However, the remaining M—L instances have
less effect on the label.

We assume that the instances with much contribution
to the bag label come from a normal distribution A" (u,X),
where, U is the mean and X is covariance matrix, respectively.
Given a set of instances {x;}, i=1,...,M, y and X can be

estimated as

1 & T
ZZEZ(X:'—#) (xi —u). “4)

Here, R is the number of instances contributing much to the
bag label, y and X in 4 (u,X) need updating as the new
bags arrive. Assume that the newly arrived bag contains only
one instance denoted as xpew. Given the normal distribution
A (1, X) currently and new instance xg1, U is updated as

Hnew = (uold X R+XR+1) (5)

1
R+1
Uold> Mnew are the mean values of R, R+ 1 instances respec-
tively, X4 and Xy are the covariance matrixes of R, R+ 1 in-
stances respectively, x(i) is the i-th element of the vector x. Ac-
cording to the definition of covariance, the element Xg4(i, j)

at i-th row and j-th column of X4 is

R
Zoa(is j) = %Z [xk(0) = Mota ()] % [xk(j) — Hola ()]
=1
R
= o 2 [wi) — Hoa(h () ~ o) w (D)
=1
+ ot () ot ()]
R
= % Y [oe(D)xi ()] — tota (i) Hota(J) — Mola (7)Mot (i)
=1
+ Hotd (1) Hotd (/)
R
2065) = g LR~ ouliHo)
R
Zod = % Y xiext — bolatoja- (6)

~
Il
=

From Eq. (6), X is updated as

Znew(iaj) =

R
= |:Zxk(i)xk(j)+xnew(i)xR+l(j)]
ﬂnew(i) neW(j)
R

= — | Zoali,}) +.U«old(i).uold(j)]

1
R+1

R
Lhew = Rl (Zold + Noldﬂgld)

1

+ Rt 1xR+1xR+1

+ xR+1( )XRJrl( ) ,unew( )ﬂnew(j)a

Inew Mooy (7

It can be seen from Eq. (7) that only three parameters u, X, and
the instance number R are required to update the distribution
A (W, X).

If there are r instances to update the distribution .4 (1, X)
in new arrived bag B,,11, U, and X are updated as

Rtr
Hnt = o= =t XR+1 ;rlxz'), (®)
Loyl = R:e_ (2 +#nlln>
| Rir
Rir i:%l XiX; ;u“i’l+1l’l'n+1 )

Here, xgt1,...,Xr+, are r instances in the new bag B, | con-

tributing much to the bag label, u,, X,, and W+, X,+ are the
parameters before and after the bag B, arrives.
Now, A; is obtained from the following normal distribu-

tion:

1 _
S(Bij—w)'z!

1
— - . (10
s P | 5 (10)

Ai(Jj) = (Bij—u)
To satisfy the condition ):ZJYLI Ai(j) = 1, the normalization op-
eration is needed.

In the following step, we discuss how to get the initial
regression function. Any one static multiple instance regres-
sion method can be used for initialization. In the following
experiments, MI-ClusterRegress!'>! is used to get the initial
regression function. Equation (3) will select instances from
initially arrived bags to obtain current .4"(, X). This initial-
ization step is described as Algorithm 1.

The online training algorithm is summarized as Algo-
rithm 2. For a bag B with an unknown label, we obtain its
A by Eq. (10) and normalize it. We predict the label of B is
f(B-A). The running time of Algorithm 2 is dominated by
the arrived bag B;. It can be found that the running time of
online SVR is independent of B;. The A needs N; Gaussian
function computations. The optimization of Eq. (3) requires
N; — 1 computations of the objective function. Therefore, the
time complexity of Algorithm 2 is &'(N;) if the new bag B;
arrives. If N bags that contain totally N, instances arrive con-
tinuously, the time complexity becomes &'(N; — N). The linear
time complexity ensures that OnlineMIR can deal with the lat-
est arrived bags quickly.
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Algorithm 1 Initialization step for OnlineMIR

Input: initial predictive function fy(x), training instance set D for f(x)

1 Extract the dif function value on each instance in D by Eq. (2).

2 Solve Eq. (3) to get the instances which contribute a lot to their bag labels.

3 Compute ¢ and X by Eq. (4).

Output: normal distribution .4 (1, Z) and instance number m

Algorithm 2: OnlineMIR

Input: the current predictive function f; (x), the latest arrived bag B,,+; and its label y, |

1 Extract the feature of each instance in bag B, by Eq. (2).

2 Solve Eq. (3) to get the instances {x;, i = 1,...,M} with large contributions on their bag labels
3 Add instances {x;} to 4" (u,X); update parameter u and X by Egs. (8) and (9).

4 Compute A,11 by Eq. (10) for B,

A’I’l‘Fl
5 = .
Ml = ol

6 Set b1 = By1Ay+1 and input b, to the onlineSVR algorithm.

Output: predictive function f,,+1(x), normal distribution .4 (i, X) and instance number n

3. Results and discussion

In this section, we will show the performances of On-
The toolkit
OnlineSVR!!") is used to realize the online single instance re-

lineMIR both on synthetic and real data sets.

gression. MI-ClusterRegress!!3! is applied to initialize the on-
line algorithm both on synthetic and real data sets.

3.1. Experiments on a synthetic data set

In this section, two regression models are used to vali-
date our method. In the first model, a one-dimensional linear
regression model

y=x (1)

is the ground truth for convenience. We set the variable with
twenty values of x = 1,2,3,...,20. For each x value, 10
random numbers are generated subject to normal distribution
A (x,5) to form one bag. Therefore, there are 20 bags with
10 instances in each one. Here, only the first three bags with
y = 1,2,3 are used to initialize OnlineMIR. The remaining
bags will be added one by one with their labels. The true
regression function and the result of our method are shown
in Fig. 1. The comparison with the true regression func-
tion should be more convincing than with other methods. To
our knowledge, OnlineMIR is the first algorithm to solve the
online multiple instance regression problem and no similar
method for this new problem can be used for comparison.
We find that the result of OnlineMIR gets close to the ground
truth y = x mostly. When the value of x is small (for exam-
ple x € [1,10]), our result and the ground truth line overlap.
As x increases, the result of OnlineMIR begins to deviate to
the ground truth line slightly. But the difference is very small.
Generally speaking, such error is acceptable.
The second regression model is

y=0.5x"+x—2. (12)

The settings are the same as the first data set. Figure 2 shows
the result of OnlineMIR on this synthetic data set. The result
of OnlineMIR gets close to the ground truth mostly though a
very small deviation appears with x increasing.

25
- - =ground truth
onlineMIR
20} .« instance @ bag—>
15 s %=
> Pl
10 —
5 G
o -
0 5 10 15 20 25
T

Fig. 1. (color online) Comparison between the ground truth y = x and
the result of OnlineMIR. Each bag’s instances stand horizontally. Two
bags are enclosed by a black ellipse curve.

250
— - ground truth

200 onlineMIR /7

150
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ol oo
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Fig. 2. (color online) Comparison between the ground truth y = 0.5x> +
x —2 and the OnlineMIR result.

3.2. Experiments on a real data set

In this section, a real data set is used to show the perfor-
mances of OnlineMIR. This data set comes from the USDA
National Agricultural Statistics Service (NASS),['”! which
contains many remote sensing observations from satellites.
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The task is to predict crop yield before the growing season
according to these observations. The original data can be used
directly and are transformed into an index named “NDVI (Nor-
malized Difference Vegetation Index)”. NDVI is a real num-
ber. More details about NDVI chould be found in Refs. [15]
and [19].
are transformed from the observations within an area of one

Each feature vector contains 46 NDVIs, which

county in California state. One bag contains the NDVI vectors
from one county. NASS records observations from each area
of all California counties and provides the observations during
five years from 2001 to 2005. Here, observations from 2001 to
2003 are used to be the training set. We rearrange these bags
in line for online training according to thte bag ID and time.
The observations from 2004 to 2005 are the testing set. There
are two tasks, which predict corn and wheat yields in every
counties, respectively.

Table 1. The number of the training and testing bags in corn and wheat
predictions.

Crop Wheat
Training bag number 59 69
Testing bag number 23 38

Figures 3 and 4 show the results of OnlineMIR for crop
and wheat yields predictions. Meanwhile, the results from
MI-ClusterRegress (a state-of-the-art batch-mode multiple in-
stance regression algorithm) are provided for comparison. For
the yield value varying within a large range, we apply the rel-
ative error ratio (Ry) to compare these two methods

Ry = ——. (13)

The parameters in OnlineMIR and MI-ClusterRegress are
acquired by five-fold cross validation. The initial predic-
tive function fy(x) in Algorithm 1 is the output of MI-
ClusterRegress on the first 5 training bags. Based on this initial
predictive function, we insert bags one by one using Online-
MIR to get the red curves in Figs. 3 and 4. Because the true
regression functions are unknown, the regression curves (the
blue ones in Figs. 3 and 4) of MI-ClusterRegress on all train-
ing bags are provided for comparison with OnlineMIR results.

From Fig. 3, we can see that the highest R, value is about
0.18. Most R, values locate under or around 0.1. The result
of OnlineMIR gets close to that of MI-ClusterRegress. The
largest difference between them is smaller than 0.01 from the
10th bag. In most testing bags, Ry of OnlineMIR is little
lower than that of MI-ClusterRegress. However, OnlineMIR
gets slight improvement on several relative higher R;. from
MI-ClusterRegression. Figure 4 shows similar trends for the
wheat yield prediction. However, both methods obtain higher
Ry values than the crop yield prediction. Seven bags get Ry
values larger than 0.4. For these bags, OnlineMIR acquires
slightly lower R values than MI-ClusterRegress.

—— MI-ClusterRegress |}
0.16f —— onlineMIR
—
o
g
[
o
2
ge]
<
i)
o4
0 5 10 15 20 25
Bag number
Fig. 3. (color online) Comparison between OnlineMIR and MI-

ClusterRegress for the corn yield prediction.

- MI-ClusterRegress
-<-onlineMIR |
0.6 4
—
o
=
[}
g 0.4
e}
=
e
0.2
0
0 10 20 30 40
Bag number
Fig. 4. (color online) Comparison between OnlineMIR and MI-

ClusterRegress for the wheat yield prediction.

However, for other testing bags, MI-ClusterRegress be-
haves better.

We assume that the performance difference between the
two methods is caused by two reasons. Firstly, OnlineMIR
magnifies the errors accumulated previously with a high like-
lihood when inserting new bag(s) to the current prediction
model. Secondly, OnlineMIR divides the instances in each
bag into two parts: one part contributes to the bag label and the
other part does not. In comparison, MI-ClusterRegress usually
divides each bag into more than two clusters. Hence, more
instances in each bag contribute the bag label in OnlineMIR
usually. When MI-ClusterRegress ingnores some instances
that contribute much to the bag label, OnlineMIR achieves
improvement. Otherwise, OnlineMIR has a slightly lower per-
formance. The average time of one bag insertion on crop and
wheat data set is 0.366 second, 0.439 second, respectively.

OnlineMIR requires an initial regression function, which
is obtained with MI-ClusterRegress on the first 5 training bags.
The initial MI-ClusterRegress needs a parameter k, which is
the number of Gaussian components. We set k =2,3,4,...,10
to get nine Ry values (Eq. (13)) {lx, k =2,...,10} on crop
and wheat predictions, /; contains the predicted R values on
all testing bags. We compute

1 10
lmean = § Z lk~ (14)
k=2
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And R,

Rre: #;Tk}”lk_lmeanHl (15)
is used to measure the effect of k on the result of OnlineMIR.
The R, denotes the mean deviation of R on all testing bags.
In Eq. (15), #{I; } is the length of [, which is also the number
of testing bags. In crop and wheat data sets, #{/;} = 23, 38
respectively. Figure 5 shows the effects of k value in initial
MI-ClusterRegress on predicted Ry results of OnlineMIR on
both crop and wheat predictions. Whatever value k takes, Ry
keeps below about 0.02 and 0.05 for crop and wheat predic-
tions, respectively. It indicates that the effect of the k value on
the predicted result is very small.

0.5
—%— Crop
5 0.4 —o— wheat
°
£
[}
_g 0.3
e
8
2 0.2
=]
@
[}
= 0.1
S

Fig. 5. (color online) Effect of & in the initial MI-ClusterRegress of
OnlineMIR.

4. Conclusion

This paper proposes an online multiple instance re-
gression algorithm “OnlineMIR”. Given a current regression
model, we construct a normal distribution model to describe
the instances with high effect on the bag label. When a new
bag with its label arrives, it can be used to improve the cur-
rent regression model. For one bag with an unknown label,
the bag label can be obtained without prediction on each in-
stance’s label. In addition, the contribution of each instance to
the bag can be obtained by using our algorithm. The experi-
ments show that OnlineMIR achieves results compared to the

art-of-state batch-mode method MI-ClusterRegress. We will
try to improve the optimization strategy in Eq. (3) in our fu-
ture work. In addition, we will also design better methods to
find those instances with a larger contribution to the bag label
for better performance.
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