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Abstract. We consider the multiple instance learning problem with application to object recognition. An approach
that iteratively refines the training set and eventually gives more weight to those instances that are relevant to object
description is presented. At each iteration, Gradient Boosting Trees model is built and is used to calculate sampling
probabilities for the next training stage. We evaluate the proposed iterative approach on several datasets and show that
it is capable of finding relevant instances and can be far superior to the base learner in terms of detection accuracy and

purity.
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1 Introduction

In this paper we consider the object recognition problem, which is currently one of the most actively researched
topics in computer vision field and has applications in many domains. The common approach to this problem is to use
the so-called “bag-of-features” methods [1, 2], that utilize representation of an image as an unordered collection of local
descriptors. An interest point detector ([3]) finds keypoints, the number of which may differ from image to image, and
feature vectors are computed as functions local regions around the keypoints (an alternative approach is to segment an
image into a collection of regions and extract a descriptive feature vector from each of them).

We consider a subclass of recognition problems where one feature vector (one instance / one interest point / one
sub-image) is sufficiently significant to describe the object, and all the other feature vectors are considered background.
For example, if the task is to detect whether an object of a certain type is present in an image or not, we assume that
after segmenting the image into regions, the object to be detected can be located in one region only.

Let us give a formal definition of multiple instance learning problem. In multiple learning problem instances are
combined into bags (i.e.multisets) and these bags rather than individual instances are labeled for training. We assume
that every instance in a bag labbeled negative is actually negative, whereas at least one instance in a bag labeled positive
is actually positive. As stated above we consider subclass of multiple instance learning problems where exactly one
instance in the positive bag is actually positive and other instances are actually negative.

2 Multiple instance learning with gradient boosting trees

The proposed multiple instance learning with gradient boosting trees (MI_GBT) algorithm operates in iterative
fashion. First, we label as “positive” all instances from the ,,positive* bags, and label as “negative” all instances from
the “negative” bags. It should be noted that at this initial stage most of the instances labeled as “positive” are in fact
negative. A classification model capable of assigning confidence scores to its predictions (such as Gradient Boosting
Trees (GBT) [4]) is trained, and its predictions are used to construct the training set for the next iteration, by resampling
the “positive” part of the training data with probabilities calculated from the assigned confidence levels. The output of
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the algorithm is “probability distribution” for each image, each value in this distribution being the likelihood that the
particular feature vector from this image corresponds to the object. Of course, the model built on the final iteration can
be applied to images that were not present in the training set, to select the feature vectors that most likely correspond to
the object and to determine whether the object is present in the new image or not. Formal description of the algorithm is
given below.

The training set consists of p positive labelled bags and n negative labelled bags, each bag X,,k =1,...,p+n

contains m, instances {xk’l,xkyz,...,xk'mk } Let h;,i=1,..., p be the unknown index of actually positive instance in the
i-thbag, p; =P(h =]),i=1..,p, j=1..,m; -estimates of probabilities that j-th instance is actually positive in the i-

th bag. Formal description of the algorithm is listed below:
MI_GBT(numlterations, K, ¢ )
for (iter := 1; iter <= numlterations; iter++) do steps (1)-(4)
1) learn K GBT models on the training set (using subsampling).
2) calculate  fiy € [-11]i=1..,p, j=1..,m;,k=1..,K - prediction of k-th GBT model on the j-th instance

K
into the i-th bag. Calculate average of predicted values: fij = %Z fijk Jd=1..,p,j=1...m
k=1

3) estimate pj; values:
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Pii = — - ,I:l, ,p,]:l] .m
ogse izl el !
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Pij =—1  j=1., p,j=1...m

mo—
1 Pil
4) create new training set:
a. Instances Xy 1., X m, » k = p+1,..., p+nthat describe negative bags are kept unchanged;

b. for each positive bag X,,k =1,.., p create new multiset of instances )?k,l,...,ik'mk by random sampling from

initial multiset X ;,..., X, m,  With probabilities py; .

3 Experimental results and analysis

The proposed approach has been tested on several synthetic and real-world datasets, consistently showing both
good ability to select the significant feature vectors and superior detection performance (in terms of ROC curves)
compared to straightforward application of the same underlying learner without the iterative estimation.

3.1 Artificial data set

Let each instance be a numerical vector in R? . All components of feature vector x are sampled from uniform
distribution on [0; 1]. Instance is actually positive if first m components lie in hypercube with punctured center area:

(X3, %) € [;0]™ \ [a + dx;b — dXx]™ . Examples of positive feature vectors (for m = d = 2) are shown on Figure 1.
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Fig. 1. Examples of “positive” instances.
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Training dataset consists of 500 ,,positive* bags and 500 ,,negative bags; test dataset contains 1000 bags of each
kind. Number of instances in each bag is equal to 150, dimension of feature space d =50, m=8,a=0.1,b=0.2, dx =
0.025. ROC curve estimated on the test dataset is shown on Figure 2.
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Fig. 2. ROC curve estimated on the test part of the artificial dataset.

3.2 ,,Digits“ data set
In this section we explore the problem of the digits detection in the image. For experimental purposes we
implemented the generator of data (color(RGB) images without alpha channel). Digits (from 0 to 9) are defined by

WaigicXNiigi binary masks. O 1 2 3 [f 5 6 7 g 9

Fig. 3. Binary masks of digits.

Let w — width of the image, h — height of the image (we assume all images in the dataset of equal size). To
generate background images the intensity of each pixel is uniformly sampled from [0; 255] interval. The same
procedure is performed at first when we generate image containing object (digit). Then random digit (from 0 to 9) and
random position of the digit in the image are selected. Intensities of pixels at the corresponding positions are changed to
0 with probability p (p is the parameter of generator). Examples of such images from train (for the different values of p)
and test data sets are shown on Figures 4, 5.

To calculate feature vectors (instances) both from train and from test data sets we scan the image by the sliding
window. Size of window is equal to the size of the digit mask, scanning step is equal to the half of digit mask size for
each dimension. Then features are extracted from the each color channel of the segment. We use next simple features:
mean, standard deviation, 9 spatial and 9 central moments of pixel intensities (so the dimension of feature space is ((2 +
9+9)*3=60)

Fig. 4. Examples of generated images containing digit from train data sets (p = 0.9, p=0.7, p=0.5, p=0.3).
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Fig. 5. Examples of images from the test data set with the estimated most probable position of the digit (p=0.3).

Train dataset consists of 100 images containing digits and 100 background images; test dataset contains 500
images of each kind. We used next parameters: w = 400, h = 300, Wgigir = 30, hgigit = 40 (so the number of instances in
the bag = the number of segments = 361), p = 0.3 (which corresponds to very noisy images). ROC curve estimated on
the test dataset is shown on Figure 6.
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Fig. 6. ROC curve estimated on the test part of the “digits” dataset.

3.3 Algorithm analysis

We suppose that actually positive instances should be localized at the one or more certain regions of the feature
space. Let us consider the dataset containing feature vectors from R?, where all actually positive instances are located
in [0.1,0.2]x[0.1,0.2], false “positive” and background instances are uniformly distributed in
[0;1] x[01]\ [0.1;0.2] x[0.1;0.2] as shown on Figure 7.
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Fig. 7. Examples of “positive” and “negative” instances.
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Due to the absence of “background” samples in the [0.1,0.2]x[0.10.2] region the values of GBT predictions
fijc there are greater than in the rest of the feature space. Average values of GBT predictions after the first iteration of
the algorithm are shown on Figure 8.

Fig. 8. Average prediction of GBT models.

So the estimates of probabilities pj; (accordingly step 3 of the MI_GBT algorithm) are greater for actually

positive instances than for ,background* instances labelled as ,,positive. On the next iteration the fraction of actually
»positive™ instances in newly sampled feature bags will be greater, so it is expected that after some iterations sampled
,feature bags* will contain a low fraction of ,,background* samples labelled as ,,positive* and the generalization ability
of GBT models will increase.

The necessary condition for this to work is that the ratio of densities of actually positive instances and negative
instances in the region of interest ([0.1,0.2] x[0.1,0.2] in our example) must be greater than the ratio of densities of

actually negative instances in ,,positive* bags and other negative instances elsewhere.

4 Conclusions

Iterative application of a GBT learner has shown excellent detection results on our synthetic datasets. It has much
better accuracy than a straightforward application of GBT to the same input data. Additional useful property of the
algorithm is that it outputs a probability distribution over individual instances, so one can estimate which of the feature
vectors in the “positive” training bag (or in the test case) corresponds to the object of interest. Application of our
method to real-world tasks of object detection requires domain-specific feature extraction and is a subject for future
work. An obvious direction for improving this technique is generalization to the case when several training feature
vectors in each bag can be positive.
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