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Abstract—A new method for solving the multiple instance
learning (MIL) problem, which is based on ideas of the black-
box model prediction explanation, is proposed. The explanation
aims to show instances (pixels, patches) which have the highest
contribution into the image (bag) classes and to automatically
annotate instances in bags. Three ideas behind the method are
used. First, the surrogate black-box model is implemented as
the Siamese neural network which is trained on pairs of whole
images. Second, patches in each image are changed by using their
dynamic fill or noise. Third, noisy images are compared with the
original image by using the Siamese neural network such that
Euclidean distances between outputs of the network depending
on the noise level form a shape function for every patch. The
shape function is interpreted from its contribution into the image
class. Numerical experiments with the real Breast Cancer Cell
Segmentation dataset illustrate the method.

I. INTRODUCTION

Many applied real-life machine learning problems can be
successfully performed in the framework of the Multiple
Instance Learning (MIL) [1]. MIL was introduced for drug
activity prediction [2], and it aims to train a model using a
set of weakly labeled data. In the original MIL, a training
set consists of bags, labeled as positive or negative; and each
bag includes many instances, whose labels are unknown. From
the above statement of MIL, it can be regarded as a type
of weakly supervised learning which covers many machine
learning problems. Several surveys consider various MIL
problem statements related to different applications, including
medical imaging and diagnosis, tracking, computer vision,
system safety, etc. [1], [3]-[8].

At the present time, there exist many MIL methods solving
MIL tasks in their different statements, for example, the
citation-kNN [9], mi-SVM and MI-SVM [10], the Multiple
Instance Learning Convolutional Neural Network [11]-[13],
Deep Attention Multiple Instance Survival Learning [7], MILD
[14], ProtoMIL [15]. This is a small part of all MIL methods
and models developed in the last years.

One of the important applied areas, where MIL can be
viewed as a main and inherent tool, is the computational
histopathology. The histopathology is a significant part of
the disease approval because it aims to detect whether can-
cer exists or no. A common approach to the computational
histopathology is the generation of digital images from glass
microscope slides and then obtaining meaningful information
from the images. The histology images are very large and often
represented as a set of small parts (patches, cells). If to use the
machine learning terminology, every histology image with a

label indicating a disease, for example, cancer or non-cancer,
can be viewed as a “bag” consisting of patches extracted from
the image which are referred to as “instances”. Depending on
prior information available about labels of patches or whole
images, four learning scheme are proposed [16]: the supervised
learning when patches are annotated by the pathologist, for
example, as cancerous or normal; the weakly supervised learn-
ing when image-level annotations are available, but patches
of each image have to be annotated by a learning algorithm,
but not by the pathologist; the unsupervised learning as a
worse case when no labels are available for patches as well
as for whole images; the transfer learning aiming to transfer
knowledge from a source domain, for example, with annotated
data, to another target domain, for example, with unannotated
data.

We pay attention on the weakly supervised learning, i.e.,
we assume that bags (images) have class labels, but instances
(individual segments, patches, subsets) do not. This type of
learning is very common in medicine practice. It should be
noted that the lack of labels for instances is a key peculiarity
of MIL. From this point of view, MIL can be regarded as a type
of the weakly supervised learning problem. A huge number
of methods and models have been proposed in order to solve
the problem of the instance annotation in the computational
histopathology. These methods are comprehensively studied
and discussed in several survey papers [6], [16]-[18].

We propose a new method which is based on ideas of
the black-box model prediction explanation. Many new ex-
planation methods have been developed in the last years
due to requirements to explain the machine learning model
predictions [19]-[23]. The problem is that most powerful
machine learning models, for example, deep neural networks,
are very complex. They are actually black boxes. Therefore, an
explanation component has to be supplemented these models
in order to give a user to understand the corresponding model
predictions [24].

However, by applying the explanation, we are pursuing
a double object. First, we aim to show features (pixels,
patches) which have the largest contribution into the image
class (cancer/non-cancer or malignant/benign). But the most
important object is to use the explanation to automatically
annotate instances in images. In order to solve the above tasks,
we propose the following scheme.

1) A surrogate black-box model implemented as the

Siamese neural network [25], [26] is trained on whole
images (bags).
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2) Each bag is divided into a grid of patches which are
changed by using their dynamic fill or noise. The
procedure of the image fill is similar to the algorithm
“Hide-and-Seek” [27], but not the same. As a result,
we get new bags which are compared by means of the
trained Siamese neural network with the initial “clean”
bags. Results of comparison are distances between em-
beddings (outputs of the trained Siamese neural network)
obtained for each ‘“clean” bag and the corresponding
changed noising bags.

3) By using the distances, we construct shape functions
which show how the distance between embeddings de-
pends on the noise values. The noise is defined by the
image dynamic filling.

4) A rapid change of a shape function constructed for a
patch indicates that the corresponding patch is important
and is annotated in accordance with a class of the whole
bag containing this patch.

It is important to note that the proposed scheme can be
applied to various weakly supervised MIL problems. But we
illustrate it on the histology images. We do not claim that the
proposed method outperforms many existing approaches (see,
for example, [28]). Its performance depends on the considered
dataset. However, our numerical experiments show that it is
comparable with other methods and can be applied to many
problems. Moreover, its tuning may lead to outperforming
results.

In summary, the following contributions are made in this
paper:

1) We propose a new explanation and annotation MIL

method in terms of the computational histopathology.

2) The method is illustrated by means of numerical exper-

iments with real histological data.

The paper is organized as follows. A brief introduction
to MIL, the Hide-and-Seek approach and to Siamese neural
networks can be found in Section 2. The proposed method
and the algorithm implementing it are described in Section 3.
Numerical experiments are provided in Section 4. Concluding
remarks can be found in Section 5.

II. PRELIMINARY
A. MIL

It is supposed in MIL that bags, for example, images in
a data set have class labels; however, instances (individual
segments, patches, subsets) do not. The lack of labels for
instances is a key peculiarity of MIL. From this point of
view, MIL can be regarded as a type of the weakly supervised
learning problem.

Let X be a bag defined as a set of feature vectors
X = {xi1,...,X;n}. Each instance (i.e. feature vector) x; in
feature space X can be mapped to a class by some process
f X — {0,1}, where the negative and positive classes
denoted as y1, ..., Y, correspond to 0 and 1, respectively. Val-
ues yi, ..., Ym remain unknown during training. Generally, the
number of instances N can vary for different bags. However,
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for simplicity purposes, we will assume that the number of
instances m is the same for all bags. We will denote bags by
capitals and instances by bold letters.

One of the important assumptions accepted in the MIL
stems from the fact that all negative bags contain only negative
instances, and that positive bags contain at least one positive
instance [1]. Hence, the bag classifier g(X) is defined by

g(X):{ 1, IxeX: f(x)=1,

0, otherwise.
It should be noted that the above rule is not a unique one.
Sometimes, a threshold # can be introduced to define the bag
classifier g(X), i.e., there holds

g(X) — { 17 ¢ < ExGX f(X), (2)

0, otherwise.

Taking into account that the problem is the weakly su-
pervised learning, different goals exist to train the classifier
g(X). In particular, three types of the classification problems
can be pointed out [5]: (1) global detection which identifies
a class of every instance in a bag (a histology image); (2)
local detection aims to identify some subsets of interest, for
example, cancerous patterns from a patch x; belonging to the
bag X; (3) global and local detection aims to detect whether an
image has a pattern of a class of interest, for example, cancer,
and also to identify the location where it occurs within an
image.

We mainly solve a task corresponding to the first type of
the classification problem. However, the proposed method is
simply extended on the second and the third types.

ey

B. Hide-and-Seek approach

An interesting approach to get the accurate classification
performance called Hide-and-Seek was proposed by Singh and
Lee [27]. According to this approach, an image is divided
into a grid of patches. The image patches are hidden during
training such that the model seeks the relevant object parts
from remaining elements of the image. If some patches are
randomly removed from an image, for example, with a dog,
then there is a possibility that the dog’s face, which is the most
discriminative, will not be visible to the model. In this case,
the model must seek other relevant parts like the tail and legs
in order to do well on the classification task.

The idea to hide patches can be applied to quite different
problems, namely, to explanation of the image patches and to
constructing shape functions explaining each patch. Suppose
there is a trained black-box model predicting one of two
classes corresponding to an input feature vector. It is assumed
that the probability of the class will be smaller when a patch
is hidden. By the patch dynamic fill, we can get different
probabilities of each class.

C. Siamese neural networks

The Siamese neural network realizes a non-linear embed-
ding of data [29]. It consists of two identical subnetworks
with shared parameters. Every subnetwork models a function
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f(X) of input feature vector X = (z1,...,2,) € R™, which
maps X to embedding vector h = (hy,....hp) € R in a
low-dimensional space.

If there are two feature vectors x; and x; being similar
(dissimilar), then the Euclidean distance d(h;, h;) between the
output vectors should be as small (large) as possible. In order
to train the Siamese neural network with the above property,
a specific loss function should be used. One of the functions
is the contrastive loss function defined as:

h; — hy |2 2ij =0

ZX.7X. 2i) = H g g2 1] )

X570 = o i b2, 2 = 1,

where 7 is a predefined threshold which is regarded as a tuning

parameter; z;; is the indicator function taking the value 0, if

vectors X; and X are similar, and value 1 otherwise.
Hence, the total loss function is of the form:

LSiam(W) — Z Z(Xianv Zij) + /UR(W) (4’)

(i,)eK

where R(W) is a regularization term added to improve gener-
alization of the neural network; W is the matrix of the neural
parameters; u is a hyper-parameter which controls the strength
of the regularization; loss functions [ are summed over all pairs
of input vectors.

We apply the Siamese neural network in order to implement
the black-box model. It should be noted that the Siamese
neural network has been used in the problem of the histopatho-
logical image classification [7]. However, Yao et al. [7] used
the Siamese neural network to learn features from different
phenotype clusters. Moreover, the Siamese network has been
used in self-supervised multi-instance learning for autonomous
driving [30] to improve the learning generalization. In our
case, the Siamese neural network has two goals. First, it is used
to increase the training set due to considering pairs of images
and to perform the back-box model. However, the main goal
of the Siamese neural network is to study how the distance
between embeddings, corresponding to images and obtained
by two identical neural networks, is changed with dynamic
fill of patches of one of the images. The distances are used
for constructing the shape functions characterizing the impact
of the corresponding patches on the class of the whole image
and, in fact, providing their interpretation. If the distance is
rapidly changed, then we can conclude that the corresponding
patch is important and can be annotated depending on the
considered class of the whole image.

III. THE PROPOSED METHOD

Suppose that there are N bags Xi,..., Xy with labels
Y1, ...,Yn. Every bag consists of m patches. Let us consider
the scheme given in the introductory section in detail in order
to describe the proposed method.

1) In order to use an explanation method, we need to
have a black-box surrogate model whose prediction is
explained. The black-box model solves the supervised
learning task, namely, classification task. For simplicity
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2)

purposes, we consider the binary classification when two
classes are defined by the bag classes (cancer and non-
cancer). The main difficulty of training the black-box
model is that bags may have a very large dimensionality,
for example, the number of pixels in the corresponding
images, whereas the number of bags may be very small.
Therefore, it is difficult to construct an accurate classifier
under the above conditions. At the same time, we do not
need to implement the accurate classifier. It is important
for us to study how predictions are changed when
bags are under noise in the form of dynamic fill of
some patches of the bag, for example, how probabilities
of cancer or non-cancer are changed under the noise.
Nevertheless, the classifier can be improved if we take
the Siamese neural network as the black-box model and
consider distances between predictions corresponding to
“clean” bag and noisy bag. In this case, the distance
is determined not for bags, but for the corresponding
embeddings. In fact, distances play the role of probabil-
ities in this scheme. Moreover, to train the network, we
use pairs of bags instead of single images. As a results,
the number of training examples significantly increases.
In sum, the Siamese neural network is trained on pairs
of bags. Then it is tested by using pairs consisting
of a bag and its noisy variants. Suppose that X is a
tested bag, and X (t) are its noisy variants depending
on parameter of the noise ¢ € 7. The set 7 will
be defined below. Then by using the trained Siamese
neural network, we determine the distances d(¢, h, h(t)),
where h and h(t) are embeddings corresponding to X
and X (), respectively. The distances as a function of ¢
produce a set of shape functions for every bag.

In order to implement the procedure of dynamic fill
of each bag, we partially use ideas behind the algo-
rithm “Hide-and-Seek” [27]. However, in contrast to this
algorithm, we propose the following procedure whose
final goal is to construct shape functions of distances
d(t,h,h(t)). Each bag is divided into a grid of m
patches. Each patch makes to be dynamically noisy in
accordance with the expression ¢; = tc, + (1 — t)cp,
where c¢ is the noisy color value; c, is the original
“clean” patch color value; ¢, is the black color value;
t € [0,1] is a noisy parameter which controls the color
change of the patch. It should be noted that the above
expression for the color values is applied to every pixel
of the analyzed patch because ¢, is different inside
the original patch. It can be also seen from the above
expression that we get images X (¢) with the noisy
patch having color ¢;. The color value c; is the linear
combination of the black color value and the original
color values of every pixel in the patch. By using the
trained Siamese neural network, the bag X is compared
with the bag X (t) with the noisy patch through the
distance between the corresponding embeddings h and
h(t). The comparison result is the distance d(¢, h, h(t))
as a function of ¢. Distances indicate how the noisy
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patch changes the original image. If this change is
significant, then we can say that the corresponding patch
is important. The distances by different ¢ € [0, 1] can be
viewed as a shape function for the selected patch. The
shape function with the largest change corresponds to
the important patch. This implies that the next step is to
select a shape function with the largest change.

3) After using the Siamese neural network and the pro-
cedure of dynamic fill of each patch in the analyzed
bag, we have m shape functions (one function for each
patch). To make decision whether a patch with the
corresponding shape function is important for explaining
the bag label “cancer”, we have to consider how rapidly
the shape function is changed. The rapid change of
the shape function says that small changes of noise
significantly change the class of the bag. This implies
that the patch impacts on the class of the bag, and it is
important. On the other hand, if the shape function of a
patch is slowly changed, then the patch is not important
because its change does not impact on the class of the
bag. Therefore, one of the ways for annotating patches
is to measure how rapidly the shape function is changed.
There are several ways to solve this task. We have the
original patch by ¢ = 1 and d(1,h,h) = 0, and we
have the black patch by ¢ = 0 and the largest distance
d(0,h,h(0)). A simple way for analyzing changes of the
shape function is to approximate it by a linear function
d*(t) = at + b. Then coefficient a can be regarded as
the quantitative measure of the patch impact. It should
be noted that ¢ takes a finite number s of values, i.e.,
we obtain s colors of the analyzed patch. Therefore,
we have s distances for every patch at ¢4, ..., ts. Hence,
coefficient a¢ and bias b in the linear approximation
can be obtained by solving the simplest optimization
problem min, , 27, (at; +b — d(t,h, h(t;)))*. As a
matter of fact, the linear approximation is one of the
procedures which are very simple and can be used for
analyzing shape functions.

4) In sum, after computing coefficients aj, ..., a,, for all
patches of the bag and their normalizing, we construct a
heatmap illustrating importance of features. If to intro-
duce a threshold w for normalized coefficients a1, ..., a;,
as a tuning parameter, then the obtained heatmap also
shows the classes of each patch, namely, the ¢-th patch
belongs to class “cancer” if |a;] > w, otherwise it
belongs to class “non-cancer”.

Algorithm 1 can be viewed as a formal scheme for com-
puting the weights and shape functions.

A testing scheme of the Siamese neural network is depicted
in Fig. 1. Pairs of bags consisting of the “clean” image and
images with a single noisy patch are fed to the network
input. The patch is dynamically filled with colors defined by
tco + (1 — t)cp. Four points t1 = 0, to = 0.33, t3 = 0.66,
ty = 1, four corresponding noisy images, and four pairs of
input data are used to construct the shape function for the
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Algorithm 1 The algorithm of the image explanation and the
patch annotation

Require: Training set of bags with labels
{(leyl)a"~a(XN7YN)}’ Xl = {XE_Z)W'WX%)}’

parameters 7, w, S.
Ensure: Classes of patches y1, ..., Ym
1: Train the Siamese neural network on annotated bags (large
images) (X1,Y1), ..., (Xn,Yyn) with parameter 7
2:for j=1,5 <N do
3 fori=1,7i<m do
4: Select the i-th patch from the j-th bag
5 for k=1,k<s do
6 Compute ¢ = txc, + (1 — 1) cp for every pixel of
the 4-th patch and get the image X (¢) with noisy
patch
7: Test the Siamese neural network with the pair
of images (X, X;(tx)) and compute the distance
d(tx,hj, h;(t)) between the corresponding net-
work outputs

8: end for
Solve the optimization problem
Ming,, b, ey (@jits + bji — d(ty, by h(ty)))?

10: if |aji| > w then

11: Patch xz(-] ) is annotated as “cancer”

12: else ‘

13: Patch XZ(-J ) is annotated as “non-cancer”

14: end if

15:  end for

16: end for

patch. Distances between embeddings corresponding to the
pairs produce the shape function shown in Fig. 1. Linear
approximation allows us to get coefficient a which indicates
how the analyzed patch is important. A large absolute value
of a says that the patch is important.

IV. NUMERICAL EXPERIMENTS

In order to study the proposed method, we use the Breast
Cancer Cell Segmentation dataset [31] which consists of 58
histopathology images with expert annotations. Images are
used in breast cancer cell detection with associated ground
truth data available. The dataset aims to validate methods for
cell segmentation and their classification. The dataset can be
downloaded from https://www.kaggle.com/andrewmvd/breast-
cancer-cell-segmentation.

Each image from the Breast Cancer Cell Segmentation
dataset has the size 896 x 768 pixels and is divided into 672
patches of size 32 x 32. It can be seen from the dataset that the
number of images is very small in order to train a black-box
classifier. However, we use the Siamese neural network which
allows us to form many pairs of images. Moreover, we aim to
study how the distance between “clean” and noisy images is
changed for different noise values. It turns out that this small
dataset allows us to get correct explanations and annotations
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Siamese neural network
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Fig. 1. The Siamese neural network testing and constructing the shape function of distances by using pairs of bags consisting of the “clean” image and noisy

images

TABLE I. AN EXAMPLE OF THE ARCHITECTURE OF THE BLACK-BOX
SIAMESE NEURAL NETWORK

Convolution layer 5 X 5; input: 3 channels; output: 32 channels

Parametric ReLU activation

MaxPooling layer 2x

Convolution layer 5 X 5; input: 32 channels; output: 64 channels

Parametric ReLU activation

Global Average Pooling to 4 X 4 x 64 tensor

Linear layer with PReLU activation; input: 4 X 4 X 64; output: 256

Linear layer with PReLU activation; input: 256; output: 256

\O| 00| | O\ | | L] D] =

Linear layer with PReLU activation; input: 256; output: embedding

of instances. An architecture of the black-box Siamese neural
network is shown in Table 1.

Examples of shape functions computed for two bags are
shown in Fig. 2. 672 shape functions corresponding to 672
patches are illustrated in each picture. One can see that values
of all functions by ¢ = 1 are equal to 0. This is due to the fact
that patches by ¢ = 1 are not noisy, and the pair of patches,
which is fed to the Siamese neural network, consists of two
identical images. At the same time, one can see from Fig. 2
that the black patch in an image (! = 0) produces different
distances between embeddings. Most functions have small
changes of distances. They are located at the bottom of the
coordinate quadrant. However, there are a few functions that
stand out from most functions. They actually correspond to
important patches which significantly impact on the predicted
class of the whole image. The linear approximations of these
functions corresponding to important patches have the largest
values of coefficients a.

Four randomly selected pairs of pictures illustrating the true
mask (the left picture in each pair) and the corresponding
heatmap obtained by using the proposed method (the right
picture in each pair) are shown in Fig. 3. One can see from Fig.
3 that the heatmaps clearly indicate the cancer cells (patches),
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Fig. 2. Examples of instance shape functions for two random bags

and their locations coincide with the corresponding masks.
We compare the proposed method with the well-known
method proposed by Yamamoto et al. [28]. This method uses
a typical scheme of several methods. First, an autoencoder is
trained on all patches of all available bags in order to get a
low-dimensional representation (embedding) of the patches.
Second, the embeddings are divided into some number of
clusters by using, for example, the k-means clusterization
method. Third, for every cluster, probabilities of the cancer and
non-cancer patches are computed. This procedure consists in
determining the proportion of patches that belong to cancerous
images among all patches in the cluster and the proportion
of patches belonging to non-cancerous images. Fourth, the
obtained probabilities are compared with a threshold, and
decisions are made for patches about their class in accordance
with results of the comparison. This is a very simple and
efficient method. However, its accuracy strongly depends on
the number of bags and the number of clusters. A small
number of clusters leads to the low sensitivity of the method
because quite different patches may be in the same cluster. On
the other hand, a large number of clusters leads to inaccurate
probabilities. Moreover, it is difficult to make decisions when
probabilities of cancerous or non-cancerous patches are close
to 0.5. It should be noted that embeddings of patches do
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Image 1

Image 2

Image 3

Fig. 3. Four pairs of pictures illustrating the true mask (the left picture in
each pair) and the corresponding heatmap (the right picture in each pair)

not take into account neighboring patches which may impact
on the classification. Fig. 4 illustrates F-score measures of
two methods as functions of threshold w. The first method is
proposed by Yamamoto et al. [28]. It is depicted by the line
with square markers. Since the method does not depend on
w, its F-score is constant. The proposed method is depicted
by the line with triangle markers. One can see from Fig.
4 that the proposed method provides outperforming results
in comparison with the method [28] for some values of
the threshold. The largest value of F-score for the proposed
method is 0.71 whereas the method [28] provides the F-score
equal to 0.64.

It should be noted that the obtained results are valid for
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Fig. 4. F-score measures of two methods by different values of threshold w

the Breast Cancer Cell Segmentation dataset which is very
small. It is impossible to train a machine learning model by
using only 58 images of size 896 x 768. The model [28]
tries to overcome this difficulty by using low-dimensional
representation of patches. However, computing the probabil-
ities of the cancer and non-cancer patches in clusters can
be also regarded as a classification problem for which 58
images can provide only inaccurate results. The proposed
method overcomes the problem of small dataset by using the
Siamese neural network and the weakly supervised learning.
Moreover, the proposed method does not try to classify pairs of
images. It computes distances between embeddings of images.
It could seem that embedding may hide some important
information, for example, information about the neighboring
patches. However, in contrast to embedding obtained by means
of the autoencoder [28], the Siamese neural network considers
each whole image, and outputs of the network take into
account all image information.

V. CONCLUSION

A new approach for solving the MIL problem by using
the explanation methods has been proposed. The following
advantages can be pointed out. First of all, the method deals
with small datasets due to usage of the Siamese neural
network. We train the network to solve the weakly supervised
classification problem, but we use it to study how the distance
between embeddings of the corresponding “clean” and noisy
bags depends on the noise level. This implies that we do
not need to train a powerful network to get desirable shape
functions. Second, the method also allows us to explain why
each analyzed image belongs to one of the classes. If we look
at heatmaps given, for example, in Fig. 3, then we see areas of
important patches. Moreover, it can be seen from the heatmaps
that some areas are close to explained patches, and a doctor
can pay attention to these areas in order to state a more correct
diagnosis. Third, the proposed method has many ways to be
extended and modified. For example, the linear approximation
has been used to analyze shape functions and to select the
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most important patches. However, different approaches can
be applied to implement this procedure. We have used a
specific scheme for producing noisy patches which are the
linear combination of the black color value and the original
patch. This scheme was used due to its simplicity because
this procedure has to be repeated many times. However, many
other schemes can be applied to implement the algorithm
“Hide-and-Seek”. These schemes as well as the analysis of
shape functions are directions for further research.
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