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Abstract— Deep learning approaches are widely applied
to histopathological image analysis due to the impressive
levels of performance achieved. However, when dealing
with high-resolution histopathological images, utilizing the
original image as input to the deep learning model is computationally expensive, while resizing the original image
to achieve low resolution incurs information loss. Some
hard-attention based approaches have emerged to select
possible lesion regions from images to avoid processing
the original image. However, these hard-attention based
approaches usually take a long time to converge with weak
guidance, and valueless patches may be trained by the
classifier. To overcome this problem, we propose a deep
selective attention approach that aims to select valuable
regions in the original images for classification. In our
approach, a decision network is developed to decide where
to crop and whether the cropped patch is necessary for
classification. These selected patches are then trained by
the classification network, which then provides feedback
to the decision network to update its selection policy. With
such a co-evolution training strategy, we show that our approach can achieve a fast convergence rate and high classification accuracy. Our approach is evaluated on a public
breast cancer histopathological image database, where it
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the-art deep learning approaches, achieving approximately
98% classification accuracy while only taking 50% of the
training time of the previous hard-attention approach.
Index Terms— Histopathological image, reinforcement
learning, breast cancer classification, deep learning.

I. I NTRODUCTION

B

REAST cancer is a major concern among women because
of its higher mortality than other cancers [1]. Thus, early
detection and accurate assessment are necessary to increase
survival rates. In the process of a clinical breast examination,
it is usually exhausting and time-consuming for pathologists to
provide a diagnostic report. Therefore, there is large demand
to develop computer-aided diagnosis (CADx) to relieve the
workload of pathologists.
In recent years, deep learning approaches [2]–[4] have
been widely applied to histopathological image analysis due
to their significant performance on various medical imaging
tasks. However, one issue with deep learning approaches is
that the size of the original image is usually large. Directly
inputting original images to the deep neural network is computationally expensive, and requires days to train on GPUs.
Previous approaches address this problem by resizing images
to achieve low resolution [5]–[7] or by randomly cropping
patches [8] from images. However, both approaches will lead
to information loss, and given that the detailed features of
an image part with an abnormality could be missing, these
approaches might result in misdiagnosis. Another approach is
to use a sliding window [9] to crop image patches. However, a
large number of patches that are not related to the lesion parts
will be selected, given that the abnormality usually resides in
a small portion in some cases.
Moreover, one property of the human visual system is
that it does not have to process the whole image at once.
Therefore, in the task of clinical diagnosis, pathologists first
selectively pay attention to the abnormal region, and then
investigate the region for details. Inspired by this human
vision property, a number of works [10]–[12] apply attentionbased deep learning approaches to highlight possible lesion
parts in the image. There are two main kinds of attention
mechanisms: hard attention and soft attention. Hard attention
aims to identify a series of regions of interest in the image,
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while soft attention usually tries to learn weights of importance
for each pixel. Since the size of histopathological images is
usually large, hard attention has become more popular in some
previous works [4], [13], in which the problem is formulated
as a partially observed Markov decision process (POMDP)
to stochastically sample patches from images through coordinates without directly working on the original image image.
However, one problem with these POMDP-based methods
is that the sampling process is not efficient, since valueless
and redundant patches are also trained by the classifier. It
thus requires a long time to achieve convergence. Moreover,
in those approaches, a Long Short-Term Memory (LSTM)
network not only has to sample image patches but also needs
to accomplish classification or regression tasks. Therefore, the
model is difficult and unstable to train.
To overcome the aforementioned problems, we propose a
deep selective attention approach for histopathological image
classification, which is a based on our preliminary conference paper [13]. The proposed approach contains a decision
network (DeNet) and a soft-attention classification network
(SaNet). The DeNet is developed to select the most useful
patches from images for classification. The decision is made
based on the learning progress of SaNet and statistics of the
incoming data. The main difference between our approach and
previous hard-attention work is that not every cropped patch
is used for classification. Instead, we seek image patches that
can enhance the discriminative ability of the SaNet. In some
cases, a cropped patch could be abandoned even if it is related
to the lesion part in the image and could be well classified by
the SaNet, since this patch might have a very minor effect on
improving the discriminative ability of the SaNet. In another
case, those patches that are misclassified at the current stage
will be selected by the DeNet to correct their predictions.
Thus, with the implementation of our approach, the DeNet
selects the most useful patches to train the classifier instead of
using all the cropped patches as in the previous work. Such a
learning strategy enables our approach to achieve a much faster
training convergence rate. On the other hand, we construct
two networks to conduct selection and classification tasks
separately, and we also propose a co-evolution training strategy
to ensure the two networks co-operate with each other in the
training process; therefore, the whole framework is more stable
and easier to train than previous POMDP-based approaches.
We evaluate our approach on a public breast cancer dataset
(BreaKHis [14]), where our approach outperforms state-ofthe-art approaches with significant improvement on the classification accuracy. Moreover, we show that our approach
takes much less training time than our previous POMDP-based
approach [13].
The main contribution of this paper is threefold and summarized as follows. (1) A novel selective attention mechanism
is proposed to find key regions from original histopathological
images in BreakHis dataset. This enables SaNet to work
with the most useful training samples, which can enhance
the discriminative ability of the SaNet and achieve a fast
convergence rate. (2) A co-evolution training strategy is also
proposed to train the DeNet and SaNet simultaneously, which
makes the whole framework more stable and easier to train. (3)
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This approach demonstrates superior performance to previous
state-of-the-art methods on a public breast cancer dataset,
which is important for computer-aided diagnosis of breast
cancer.
II. R ELATED

WORK

Two aspects of related work are now reviewed, namely
attention-based deep learning approaches, and histopathological image classification.
A. Visual Attention
The concept of an attention mechanism has recently been
widely used in the construction of deep neural networks,
since it is able to extract meaningful features and ignore
unnecessary information. Such attention mechanisms have
been successfully applied to learn image features in various
image classification tasks [15], [16]. They can also play
an important role in other related research fields including
image captioning and visual question answering [17]–[19].
Wang et al. [15] adopt a deep residual attention network to
stack a number of attention blocks in a residual network.
An attention mask is finally learned in each block to filter
useful information. Hu et al. [16] develop a channel-wise
attention mechanism to generate attentive features through
learning attention weights on each channel. Chen et al. [20]
propose to learn both spatial and channel-wise attentions in a
deep convolutional neural network through a soft-max layer.
Schlemper et al. [21] and their further work [22] also try
to apply an attention mechanism to address classification
and segmentation problems of medical imaging. Zhang et
al. [11] propose an attention residual learning convolutional
neural network for skin lesion classification. It consists of
multiple attention residual blocks and exploits a self-attention
mechanism in deep neural network. Although these attention
mechanisms often significantly improve the performance of the
deep neural network, they all have to work on the whole image,
which requires the original image to be resized into a lower
resolution or the use of a sliding window to extract patches
from the image. Directly applying these strategies to datasets
such as BreakHis would inevitably lead to information loss
and / or high computational cost. In comparison, our approach
does not directly access to the original image from BreakHis
dataset, our approach could instead automatically select key
regions through coordinates to save computational cost and
keep the details in the images.
B. Histopathological Image Classification
Feature engineering is the main issue in achieving accurate multiclass breast cancer classification. Zhang et al. [23]
employ kernel-based principal component analysis for benign
and malignant classification of breast cancer histopathological
images. Wang et al. [24] further utilize four shape and 138
textual features to achieve binary classification. Bahlmann et
al. [25] transform the RGB patch into two channels, where
one channel intensifies hematoxylin stain and another channel
reveals eosin stain. These traditional approaches require manually designed features to represent the image content, which
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may be unable to accurately capture the key attributes of lesion
areas.
Deep learning approaches have recently been applied to
classification of histopathological images because of their
significant performance and end-to-end training strategy. Liu
et al. [26] propose a deep autoencoding classification network
to simultaneously reconstruct and classify input images to
learn robust image features. Spanhol et al. [9] apply a pretrained AlexNet to exact image features. Han et al. [6] leverage
hierarchical feature representation for breast cancer multiclassification. Their approach adopts an end-to-end training
scheme to automatically learn hierarchical features from low
level to high level, and considers the intraclass and interclass
relations in the feature-level space.Song et al. [27] combine
the deep features with the Fisher vectors. In their further work
[28], they use the Fisher vector to encode the CNN-based
local features and transform the Fisher vector to high-level
discriminative feature space. Gupta and Bhavsar [29] propose
to utilize joint color and texture features to classify breast
histopathological images. They also explore the representation ability of features from different layers to improve the
discrimination of feature representation [30]. Their latest work
integrates ResNet features for breast cancer classification [31].
Our previous work [13] first regards the classification process
as a POMDP, and then adopts a hybrid-attention mechanism
to determine lesion parts in the original image. It enables the
network to work with the selected patches instead of the whole
input original image, which is able to save computational
cost and focus on the lesion parts of the image. However, in
this preliminary work, each image patch has to be classified
during the training process, which requires a long training
time to achieve convergence. To overcome this problem, we
develop a new deep learning approach based on this previous
work to selectively train the image patches, thus removing
the redundant training sample to reduce the training time and
increase the classification accuracy of the model.
III. P ROPOSED M ETHOD
The proposed deep selective attention network model is
composed of a recurrent decision network and a soft attention
classification network. In each training iteration, we formulate
the histopathological image classification task as a POMDP
problem, which means the network does not have full access
to the original image and it has to make decisions based
on the current observed region. For each image in the minibatch, it is processed by two stages including “Selection” and
“Classification” as shown in Figure 1. In the “Selection” stage,
we design a decision network (DeNet) to identify possible
lesion regions in the original image based on a hard attention
mechanism. In the “Classification” stage, a SaNet utilizes a
soft attention mechanism to capture the detailed features of
the selected patches and assigns labels to each input patch. In
the training process, two networks co-operate with each other
to achieve co-evolution. We now delve into the details of this
model.

3

TABLE I: Summary of the each component of the state
features.

Learning status representation

Incoming data statistics

Feature name
Average historical training loss
The best classification result
Passed iteration number
Deep features
Predicted label
Location information lt−1
Ground-truth label

Length
1
1
1
128
1
2
1

A. “Selection” stage
In the ‘Selection’ stage, we design a DeNet to iteratively
crop k = 5 regions-of-interest (ROIs) from the original image
according to the coordinates of the patch center in the image,
while it does not directly access the original image. The DeNet
is constructed based on a recurrent LSTM network, as shown
in Figure 2. LSTM is well-suited for classifying, processing
and predicting time series data. In our paper, we formulate
the ROI selection as a POMDP problem, where the state
features (Table I) are mostly time series data (e.g. location
information). The LSTM model can better predict the desired
ROI by memorizing the state features in the past time-steps. In
comparison, the Convolutional Neural Network is not suitable
for processing time series data. When comparing to Recurrent
Neural Network (RNN), LSTM can better handle the gradient
vanishing problem in the training process, which means that
LSTM is easier to train than the RNN [32]. In each time step,
LSTM has two main jobs: (i) to decide where to crop a patch
in the original image through a hard-attention mechanism; and
(ii) to decide whether the cropped patch is useful to enhance
the discriminative ability of SaNet.
The hard-attention mechanism in DeNet is designed to
determine the possible lesion parts in each image in the minibatch. At time step t, a hard-attention sensor receives a partial
image patch xt based on the location information lt−1 (the
center coordinates of the patch in the original image) predicted
by DeNet in the last time step. The cropped patch has a
much smaller image size than the original image x, which
is a coarse region that might be related to an abnormal part.
Instead of constructing a new convolutional neural network
to extract features of the cropped region, we directly use the
feature layer of SaNet (Figure 3) to represent image features.
There are two advantages to applying such a feature extraction
strategy: (i) it is able to save computational cost and facilitate
computational speed; and (ii) the features learned by the SaNet
can be constructed as part of the learning status of SaNet, and
the DeNet can make decisions based on this important feature
(we will introduce the details of this point in the following
section).
The DeNet parameterized by θd models the action policy
πθd (St ) to make decisions based on the state features in
each time step. The state features S = (FE , FD ) are a
combination of two features: the learning status representation
of SaNet FD and the incoming data statistics FE . The learning
status representation FE of SaNet is constructed as (i) the
average number of the historical training loss; (ii) the best
classification result so far on the validation dataset; and (iii)
the passed iteration number. The incoming data statistics FD
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Fig. 1: The overall framework of our deep selective attention network. In each iteration, a recurrent decision network (DeNet)
is designed to select possible lesion parts for each image in the mini-batch through the coordinates of the patch center. The
selected patches are used to train the SaNet that is constructed based on a soft-attention mechanism. At the end of each
iteration, the DeNet receives the reward signals from SaNet to update its selection policy.

Feature
Layer

Mask Branch

Fig. 2: The detail network structure of DeNet. In time step t,
DeNet iteratively crops patches from each image in the minibatch through coordinates. It then makes a decision on whether
to select this patch for training and where to crop in the next
time step.
of the current cropped image patch consists of (i) the deep
features from the feature layer of SaNet; (ii) the predicted
label by SaNet; (iii) its ground-truth label; and (iv) the location
information lt−1 . The details of each component are shown in
Table I.
It can be seen from Table I that the length of deep features
occupies a much larger proportion of the total state features
than other features. Thus, directly fusing all features together
will lead to an unbalanced state feature representation. To
overcome this problem, we redistribute state features S as deep
features C and the remaining state features Z: S = C ∪ Z. A
fully connected layer is adopted to encode deep features into
a low-dimension feature:
Ci0 = φ(Wc (Ci ) + bc )
0

(1)

Zi0 = φ(Wz (Zi ) + bz )
where Wz ∈ R

0

0

where Ws ∈ R(l +u )×q , bs ∈ Rq , q denotes the dimension
of the input state features and || denotes a concatenation
operation. The decision actions (whether to use the current
patch for training and where to crop in the next time step)
are finally estimated based on the hidden feature layer of
the LSTM with a sigmoid activation function. The selection
process will be stopped when k = 5 regions are selected for
each image in the mini-batch.

0

where Wc ∈ Rl×l , bc ∈ Rl , l is the dimension of deep features, l0 is the dimension of the encoded image representation
and φ(·) is the ReLU activation function. Similarly, another
fully connected layer is applied to encode the remaining
features Z to generate the encoded feature Z 0 :

u×u0

Fig. 3: The structure of SaNet. Here Conv(1 × 1, 64) denotes
a convolutional layer with kernel size of 1 × 1 and 64 convolutional filters. ‘BN’ denotes batch normalization. MP means
max-pooling layer. ‘AP’ denotes the global average pooling
layer. ’PReLU’ refers to the activation function PReLU is
applied. ‘Upsample’ denotes upsampling by bilinear interpolation. The structure of residual unit is shown in Supplementary
Material.
and u0 is the dimension of the encoded features Z 0 . We then
construct the input state features to LSTM by concatenating
C 0 and Z 0 :
hi = φ(Ws (Zi0 ||Ci0 ) + bs )
(3)

u0

(2)

, bz ∈ R , u refers to the dimension of Z

B. “Classification” Stage
The “Classification” stage involves a soft-attention mechanism fs (xt ; θf ) that is parameterized by θf and encodes
the observed image region xt to a soft-attention map where
the valuable information is highlighted. Since the cropped
patch has a much smaller size than the original image, the
computation of soft attention on the cropped patch requires
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much fewer resources than working on the original image.
This is achieved by a soft attention network (SaNet) as shown
in Figure 3. The SaNet contains a mask branch and a trunk
branch which is modified based on the work [15]. The trunk
branch consists of two residual units (the detailed structure of
residual units is shown in Supplementary Material) to extract
feature maps from input patches. The soft mask branch aims
to learn a mask M (xt ) in the range of [0, 1] by a symmetrical
top-down architecture and a softmax layer to normalize the
output. Specifically, we implemented max pooling layers twice
in the mask branch to increase the receptive field after the
residual units. This results in a lower resolution employed to
collect the information of global features of the input patch.
We then expanded it by performing linear interpolation twice
to upsample the feature map after some residual units. It thus
modified the size the feature map to be the same as the input
patch. After a 1 × 1 convolution layer, a sigmoid layer is
utilized to normalize the output range to [0,1].
The trunk branch outputs the feature map T (xt ) and the
mask branch outputs the attention mask M (xt ). The attentive
feature map is computed by:
A(xt ) = (1 + M (xt )) ∗ T (xt ).

(4)

The whole Eq.(4) is similar to residual learning: in the
worst case, the soft-attention mask M (xt ) could be viewed
as identical mapping when it approaching 0 and the A(xt )
will be approximately equal to the original features T (xt ),
which means that the performance will be no worse than
not applying soft-attention mask. The final soft-attention-based
feature maps fs (xt ; θf ) are then learned by a global average
pooling over the attention map A(xt ). A fully connected
feature layer with the ReLU activation function follows, and
learns the feature vector of the input patch that also served as
part of the state features for DeNet. Finally, we use a softmax
layer to classify input patch into 8 types of histopathological
tumors.
C. Reward Signal
After the data selection by DeNet, the selected data will
be used to train the SaNet. There will be a new observation
of state St+1 . A reward signal Rt is designed to reflect the
performance of the selection mechanism. In this paper,the
reward signal is designed as:
R=

T
X
(rpt + rct ),

(5)

t=1

where rp denotes the training progress of SaNet and rc
represent the convergence performance of SaNet. Both rpt and
rct are set as the terminal reward: they are only computed at
the final time step T in each iteration. In specific, the training
progress reward rpt is calculated as the accuracy τ ∈ [0, 1]
on the validation set; and the convergence rate reward rct
is estimated as the index iΓ of the mini-batch in which the
validation loss is below a threshold Γ:
iΓ
(6)
rcT = − log( 0 ).
T

5

where T 0 is a predefined maximum iteration number. It can
be seen that the reward signal is designed to encourage high
classification accuracy and a fast convergence rate.
D. Network Optimization
In this section, we describe how to optimize the DeNet
and the SaNet. In each iteration, the SaNet minimizes crossentropy loss:
Lc (yˆi , yi ) = −

n
1 X
[yi log(yˆi ) + (1 − yi ) log(1 − yˆi ))], (7)
N i=1

where yˆi is the estimated class label by SaNet and yi is the
ground-truth label.
Since the hard attention in DeNet is non-differentiable, we
adopt policy gradient [33] to train the DeNet, in order to learn
the optimal selection policy πθ (at |s1:t ). In this paper, we aim
to maximize the reward as:
J(θ) = Ep(s1:T ;θ) [

T
X
(rpT + rcT )] = Ep(s1:T ;θ) [R].

(8)

t=1

To maximize J, the gradient of J can be approximated by:
T
X
∇θ J =
[∇θ log πθ (at |s1:t )R]
t=1
K T
1 XX
∇θ log πθ (ajt |sj1:t )Rj
≈
K j=1 t=1

(9)

where j = 1...K is the running episodes. Equation 9 encourages the network to adjust parameters for the chosen
probability of actions that would lead to a high cumulative
reward, and decrease the probability of actions that would
decrease the reward. Although the above gradient estimator
provides us with an unbiased estimation (due to the fact that
has been shown in [33], [34]), it can have a large variance that
makes the training unstable. One training strategy to overcome
this problem is through the subtraction of a baseline [34]:
K T
1 XX
∇θ log πθ (ajt |sj1:t )(Rj − bt )
K j=1 t=1

(10)

where bt is the average reward value in historical epochs. The
estimation of Equation 10 can have the same expectation as
Equation 9 but may have lower variance.
E. Testing Phase
In the testing stage, five ROIs from each test image will be
selected by DeNet. Each of the five patches will be assigned
a class label by the SaNet. In some cases, there might be
different labels assigned to the five patches, in which case we
adopt a majority vote strategy to decide the label of the test
image. For instance, if three patches are predicted as ductal
carcinoma, while the remaining two patches are assigned
labels of lobular carcinoma, then the final label assigned to
the test image will be ductal carcinoma. Occasionally, five
patches cannot make final decision with a majority vote (e.g.
two of them are predicted as ductal carcinoma, two as lobular
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Subclass

A
F
Benign
TA
PT
DC
LC
Malignant
MC
PC
Total

#Patients
(training,validation,test)
4 (2, 1, 1)
10 (5, 2, 3)
7 (4, 1, 2)
3 (1, 1, 1)
38 (21, 6, 11)
5 (2, 1, 2)
9 (4, 2, 3)
6 (3, 1, 2)
82 (42, 15, 25)

Magnification factors
40× 100× 200× 400×
114 113 111 106
253 260 264 237
109 121 108 115
149 150 140 130
864 903 896 788
156 170 163 137
205 222 196 169
145 142 135 138
1995 2081 2013 1820

Total
444
1014
453
569
3451
626
792
560
7909

TABLE II: The data statistics of BreaKHis dataset.

carcinoma, and one as mucinous carcinoma), in which case
we then utilize the DeNet to select more patches until one
predicted class obtains a majority.
IV. E XPERIMENT
A. Dataset
We evaluated our approach on a public dataset BreaKHis
[14]. The dataset contains 7,909 images and eight subclasses
of breast cancers, which have been collected from 82 patients
and include 58 for malignant and 24 for benign classes. Both
benign and malignant breast tumors are labeled by pathologists employing microscopes. Therefore, these tumor tissue
images are captured at four kinds of optical magnifications
of 40×, 100×, 200×, and 400×. The dataset contains four
histopathological types of benign breast tumors: adenosis
(A), fibroadenoma (F), phyllodes tumor (PT), and tubular
adenoma (TA); and four malignant tumors: ductal carcinoma
(DC), lobular carcinoma (LC), mucinous carcinoma (MC), and
papillary carcinoma (PC). The class distribution of BreakHis
dataset is shown in Table II. The digitalized images in the
BreakHis dataset are the individual image patches obtained
by an Olympus BX-50 system microscope with resolution of
700 × 460 from the breast tissue slides. For more details about
the dataset, please refer to [14].
B. Implementation
In the experiment, we first randomly divide the BreaKHis
dataset on patient-wise into a training (70%) dataset and a
testing (30%) dataset following the experimental protocol of
[14] and [6]. To estimate the convergence reward signal rct
in Equation 6, we further use the 25% of training dataset
(i.e., 15 patients) for validation, and we use the remaining
75% of the training dataset (i.e., 42 patients) for training the
networks, while the testing patient number (i.e., 25 patients)
remains the same as the experimental protocol in [14] for a fair
comparison. The details of data splitting of each fold is shown
in Table II. In all the experiment, the training dataset is used to
train the deep learning models, the validation dataset is applied
to fine-tune the hyperparameters and the test dataset is used
to evaluate the learned approaches. Thus, for all the tables in
the experiment, we reported the classification accuracy on the
test dataset. The results are obtained with the average of five
trials and both classification accuracy and standard deviation
are reported following the approach of previous work [14].

TABLE III: Performance comparison of magnification-specific
system (in %) at the patient level. The number indicates
the classification accuracy with the standard deviation. “n/a”
denotes the authors did not report the corresponding data.
“RAW” means no data augmentation in training. “AUG”
means data augmentation in training. The results are evaluated
on the test dataset.
Methods
DRAN [15]
SEnet [16]
VGG-16 [35]
VGG-19 [35]
ResNet-50 [36]
Spanhol [14]
Spanhol [9]
Gupta et al. [29]
Sequential [30]
FV+CNN [27]
Song et al. [37]
MIL+CNN [38]
MIL [39]
PIM [31]
DenseNet [40]
CSDCNN [6]
ISBI’19 [13]
Ours (RAW)
Ours (AUG)

40×
92.6 ± 1.8
88.8 ± 2.1
76.8 ± 2.2
86.9 ± 5.2
90.5 ± 1.6
83.8 ± 4.1
90.0 ± 6.7
86.7 ± 2.3
94.7 ± 0.8
90.0 ± 3.2
88.5 ± 2.7
81.3± n/a
89.5± n/a
97.0 ± 1.2
94.2± n/a
94.1 ± 2.1
97.5 ± 1.6
97.8 ± 0.3
98.2 ± 0.2

Magnification factors
100×
200×
89.0 ± 1.6
90.8 ± 2.2
90.2 ± 1.8
89.5 ± 2.4
82.1 ± 2.8
82.0 ± 2.2
85.4 ± 3.5
85.2 ± 4.4
86.8 ± 2.0
93.9 ± 2.5
82.1 ± 4.9
85.1 ± 3.1
88.4 ± 4.8
84.6 ± 4.2
88.6 ± 2.7
90.3 ± 3.7
95.9 ± 4.2
96.7 ± 1.1
88.9 ± 5.0
86.9 ± 5.2
90.8 ± 4.4
89.2 ± 3.2
80.4± n/a
77.6± n/a
89.0± n/a
88.8± n/a
96.1 ± 1.0
94.7 ± 1.2
97.9± n/a
96.3± n/a
93.2 ± 1.4
94.7 ± 3.6
96.2 ± 1.3
97.4 ± 2.5
97.5 ± 0.4
97.9 ± 0.3
97.9 ± 0.2 98.5 ± 0.2

400×
91.2 ± 2.4
92.8 ± 2.0
87.9 ± 2.5
85.7 ± 8.8
93.2 ± 2.1
82.3 ± 3.8
86.1 ± 6.2
88.3 ± 3.0
89.1 ± 0.1
86.3 ± 7.0
89.2 ± 7.9
79.1± n/a
87.7± n/a
90.9 ± 2.1
95.2± n/a
93.5 ± 2.7
95.4 ± 1.5
96.7 ± 0.4
97.8 ± 0.3

This experimental protocol is applied independently to every
magnification as done in [14].
Before training, we augment images in BreakHis dataset
by applying rotation, and horizontal and vertical flips, which
results in 3 times the original training data. The image size in
the dataset is 740 × 460. For the DeNet, the following settings
are applied:
1) The weights are uniformly initialized between
(−0.01, 0.01).
2) The bias values are initialized as 0 in the FC layers.
3) We use l2 normalization to normalize input state features.
4) The batch size is set to 4, the learning rate is set to 0.001
and the Adam optimizer is applied.
5) The threshold Γ in Equation 6 is set to 0.25, which
is discussed in Section IV-J, and we set the predefined
iteration number T 0 = 200.
For the SaNet, we choose the Adam optimizer with a learning
rate of 0.01 that exponentially decays over epochs, and the
batch size is set to 20. The experiment is conducted on a
workstation with four NVIDIA 1080 Ti GPUs, and the code
is implemented based on PyTorch.
C. Evaluation Metrics
The performance of our approach is first evaluated by the
patient recognition rate (PRR). PRR aims to calculate a ratio
of correctly classified tissues to the total number of tissues. It
is formulated as:
PN
ACCi
Nrec
P RR = i=1
, ACC =
(11)
N
Np
where N is the total number of patients in the testing data.
Nrec is the correctly classified tissues of patient p and Np is
the total tissue number from patient p.
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TABLE IV: Performance comparison of magnification-specific
system (in %) at the image level. The number indicates the
classification accuracy with the standard deviation. “RAW”
means no data augmentation in training. “AUG” means data
augmentation in training. The results are evaluated on the test
dataset.
Methods
DRAN [15]
SEnet [16]
VGG-16 [35]
VGG-19 [35]
ResNet-50 [36]
CNN [9]
FV+CNN [27]
Song et al. [37]
CSDCNN [6]
SE-ResNet [41]
DenseNet [40]
ISBI’19 [13]
Ours (RAW)
Ours (AUG)

40×
91.2 ± 2.2
86.4 ± 2.0
72.6 ± 2.8
80.9 ± 1.6
90.6 ± 1.9
85.6 ± 4.8
86.8 ± 2.5
87.5 ± 1.6
92.8 ± 2.1
94.4 ± 0.3
93.6± n/a
95.2 ± 1.4
96.5 ± 0.4
98.0 ± 0.2

Magnification factors
100×
200×
88.5 ± 1.8
93.1 ± 2.8
91.5 ± 1.8
89.5 ± 2.4
80.0 ± 2.6
82.8 ± 2.4
81.1 ± 3.0
82.2 ± 1.9
89.0 ± 1.8
92.8 ± 2.4
83.5 ± 3.9
83.6 ± 1.9
85.6 ± 3.8
83.8 ± 2.5
88.6 ± 3.6
85.5 ± 2.0
93.9 ± 1.9
93.7 ± 2.2
94.5 ± 0.2
93.7 ± 0.1
97.4± n/a
95.9± n/a
94.6 ± 1.5
95.0 ± 1.6
97.2 ± 0.3
98.0 ± 0.3
98.3 ± 0.2 98.4 ± 0.2

TABLE V: The performance comparison of different attention
strategies at both the patient level and image level. The results
are the classification accuracy (%) with the standard deviation.
“-” denotes remove and “+” denotes the new replacement. The
results are evaluated on the test dataset.
Magnification factors
40×
100×
200×
400×
-H.A
97.6 ± 1.2 96.1 ± 1.1 96.8 ± 1.4 95.4 ± 1.2
-S.A, +ResNet-18
95.4 ± 1.2 94.2 ± 1.5 96.0 ± 1.6 94.5 ± 2.2
-S.A, +ResNet-50
94.8 ± 1.5 95.2 ± 1.4 95.8 ± 1.5 93.2 ± 1.6
-DeNet
91.8 ± 1.8 90.6 ± 1.9 89.8 ± 1.4 88.6 ± 1.8
Patient Level t
-rp
85.5 ± 1.8 86.8 ± 2.0 83.9 ± 2.5 82.2 ± 2.1
-rct
98.0 ± 0.4 95.2 ± 0.4 94.8 ± 0.6 96.6 ± 0.6
-Equation 3
93.9 ± 0.6 94.2 ± 0.5 94.5 ± 0.4 93.6 ± 0.5
Random Selection
52.8 ± 11.3 59.6 ± 13.6 55.4 ± 10.2 58.5 ± 9.8
Random Initialization 96.8 ± 0.3 95.2 ± 0.4 96.0 ± 0.4 94.3 ± 0.4
Full Model
98.2 ± 0.2 97.9 ± 0.2 98.5 ± 0.2 97.8 ± 0.3
-H.A
96.8 ± 1.2 95.4 ± 1.1 97.2 ± 1.0 95.8 ± 1.0
-S.A, +ResNet-18
94.4 ± 0.4 95.8 ± 0.4 96.2 ± 0.2 95.2 ± 0.5
-S.A, +ResNet-50
95.5 ± 0.5 94.0 ± 0.6 94.8 ± 0.5 96.6 ± 0.5
-DeNet
91.5 ± 1.7 92.6 ± 2.0 90.8 ± 1.4 89.2 ± 1.8
Image Level t
-rp
82.6 ± 1.9 86.0 ± 2.2 84.8 ± 2.4 88.0 ± 2.0
-rct
97.8 ± 0.4 94.6 ± 0.8 95.5 ± 0.5 96.8 ± 0.6
-Equation 3
93.2 ± 0.6 94.0 ± 0.7 93.6 ± 0.5 94.2 ± 0.5
Random Selection
48.9 ± 11.7 50.3 ± 10.6 46.7 ± 13.2 45.2 ± 13.8
Random Initialization 95.2 ± 0.5 96.1 ± 0.4 96.5 ± 0.5 94.8 ± 0.4
Full Model
98.0 ± 0.2 98.3 ± 0.2 98.4 ± 0.2 97.2 ± 0.3
Accuracy at

400×
94.5 ± 2.6
92.8 ± 2.0
88.2 ± 2.6
80.2 ± 3.8
94.0 ± 2.0
80.8 ± 3.0
81.6 ± 4.4
85.0 ± 4.6
92.9 ± 1.8
92.9 ± 0.4
94.7± n/a
93.8 ± 1.4
96.8 ± 0.5
97.2 ± 0.3

We then evaluate the recognition rate at the image level
(IRR), which aims to solely estimate the image classification
rate without taking into account the patient information. If
the network correctly classified Nrec images among Nall
total images, then the recognition rate at the image level is
formulated as:
Nrec
IRR =
(12)
Nall

D. Comparing to Baseline Methods
As our proposed approach utilizes attention learning and
residual learning, we first compared our approach with the
deep residual attention learning approach (DRAN) [15] and
one state-of-the-art attention network SEnet [16]. We also
compared our approach with other well-known deep learning frameworks including VGG-16 [35], VGG-19 [35] and
ResNet-50 [36] (all of them are first pretrained on the ImageNet dataset and then the whole network is fine-tuned on the
BreaKHis dataset).
The results are shown in Table III (patient level) and Table
IV (image level). It can be seen from both tables that our
approaches achieves the best performance when compared
with all the baseline models. The average accuracy of the
patient level of our approach (AUG) is 98.1% over different
magnifications, and the average accuracy of the image level
is 97.9%. It can be noticed that by employing the data augmentation strategy, there is a slight performance improvement:
the average accuracy increases from 97.5% (RAW) to 98.1%
(AUG) at the patient level, while it increases from 96.6%
(RAW) to 97.9% (AUG) at the image level. The improvement
is mainly due to the larger training data size with data
augmentation. It enables the network to avoid overfitting and
capture more information from the augmented images. It can
also be observed that the standard deviation decreases when
data augmentation is applied. This means the network is
more stable with a larger training dataset that learns a more
discriminative feature representation.

7

Methods

It is clear that our approach significantly outperforms both
the attention-based approaches (DRAN and SEnet) and nonattention deep learning frameworks (VGG-16, VGG-19 and
ResNet-50). The reason for the superiority of our approach
can be attributed to two factors: (i) we employ a hardattention mechanism to avoid image resizing as performed
in these deep learning methods, and thus prevent information
loss; and (ii) since the size of the dataset is relatively small
(7,909 in total), it is not necessary to employ a very deep
neural network. Using a very deep network would inevitably
lead to the overfitting problem, which reduces the network
performance on the testing dataset. It can also be validated by
the comparison between VGG-16 and VGG-19, where VGG19 does not demonstrate superior performance to VGG-16
with a deeper network structure.
We also present the confusion matrices of different magnification factors in Figure 4. It can be seen that the confusion
between PC and MC mainly contributes to the performance
drop due to their high similarity.
E. Comparing to State-of-the-Art Methods
We also compared our proposed deep learning framework
with the state-of-the-art approaches that reported their results
on the BreaKHis Dataset ( [6], [9], [13], [14], [27], [29],
[30], [37]–[41]). The results are shown in Table III (patient
level) and Table IV (image level), demonstrating our approach
outperforms all previous approaches. It should be noted that
our approach achieves much higher accuracy than most CNN
approaches [27], [38], [39]. We believe this is achieved by the
well-designed attention mechanisms that select useful regions
for the SaNet. Specifically, the hard-attention mechanism in
DeNet identifies the regions that are most related to the
part with an abnormality, and the soft-attention mechanism
in SaNet highlights those abnormal features. Our approach
thus prevents resizing the images in BreakHis dataset which
might lead to information loss, and enables the network to

0278-0062 (c) 2019 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TMI.2019.2962013, IEEE
Transactions on Medical Imaging
8

IEEE TRANSACTIONS ON MEDICAL IMAGING, VOL. XX, NO. XX, XXXX 2017

Fig. 4: Confusion matrices of different magnification factors. The number is computed as the average of five trials. The entry
in the i-th row and j-th column refers to the percentage (%) of the testing images of class i that are classified as class j.
(a) Magnification factor: 40×

(b) Magnification factor: 100×

process the image through small-size image patches in order
to save computational cost. When compared with our previous
work [13], we show that the modified model in this paper can
better predict class labels with higher accuracy and is more
stable during training, achieving a lower standard deviation.
It is mainly due to the selection mechanism involved in our
new approach. The selection mechanism is able to provide
the most appropriate training samples for the SaNet. It can
thus prevent the SaNet from training by employing the noisy
training samples, which enhances the discriminative ability
of the SaNet. The low standard deviation (around 0.2) also
demonstrates our approach is stable and not sensitive to the
input data. The model can learn optimal parameters based on
the validation dataset.
We also observed that a large number of approaches (
[9], [13], [27], [30], [31], [37], [39], [41]) exhibit worse
performance on 400× magnification. The main reason is that
an image patch at 400× magnification is more likely to contain
incomplete tissue structures with smaller receptive field to
capture information from original image, which might lead
to misclassification in some cases.
F. Significance study
We compared the performance of our approach (AUG) with
some previous methods which have publicly available code.
These methods include DRAN [15], SEnet [16], ResNet-50
[36], and the previous state-of-the-art method ISBI’19 [13].
Friedman’s test was applied to detect differences between the
performance of the various methods, followed by a post-hoc
application of a two-sample paired sign test on each pair of
groups to identify where any differences lie. Statistical comparisons were carried out using the “friedman.test” package
in R (version 3.6.1). Tests were carried out for both patient
level data and image level data, for each of the magnifications
40×, 100×, 200× and 400×. The details of these statistical
tests are shown in Supplementary Material. Friedman’s test
confirmed that there are differences among all the compared
approaches, and the post-hoc test results confirmed that our
approach provides statistically significant improvement over
the compared methods.
G. Ablation Study
We evaluate each component in the deep selective attention
framework. We design four baselines:

(c) Magnification factor: 200×

(d) Magnification factor: 400×

1) Removing hard attention (-H.A): we do not utilize
coordinates to select image patches. Instead, we resize
the image to a size of 112 × 112 and then use DeNet to
select appropriate training images for SaNet.
2) Removing soft attention (-S.A, +ResNet): the whole
SaNet is removed, and the patches selected by the
DeNet are classified by ResNet-18 or ResNet-50. In
other words, SaNet is replaced by ResNet-18 or ResNet50.
3) Removing DeNet (-DeNet): the DeNet is removed from
the framework. The image is resized to 112 × 112 and
classified by SaNet.
4) Removing rpt or rct from reward function (-rpt ,-rct ):
either rpt or rct is removed from the reward function
(Equation 5).
5) Not applying Equation 3 (-Equation 3) : Equation 3 is
not applied to achieve balanced feature representation. In
this case, the learning status representation are directly
fused with the incoming data statistics to represent the
input state features in DeNet (the length of the state
features is 135). The state features are then fed into a
fully connected layer(1 × 1 × 24) and followed by the
ReLU activation function to obtain the embedded state
features, which are then used as the input to the LSTM.
6) Random Selection and Random Initialization: Random Selection means we randomly crop 5 patches from
each image for training SaNet where DeNet is not
applicable. Random Initialization means the weights of
DeNet is randomly initialized with a normal distribution (the default mean value of normal distribution in
PyTorch is 0 and standard deviation is 1.0).
Other settings remain the same as those described in Section
IV-B.
The results are shown in Table V. It can be seen that the
model is able to achieve the best performance when both hard
and soft attention mechanisms are applied. When the hard
attention is removed, we have to resize the image to a lower
resolution, which inevitably leads to information loss. The
details of the lesion part could be abandoned in the resizing
process. Thus, the performance of classification slightly drops
at both the image-level and patient-level classification. When
the soft attention is replaced by the ResNet, we find that
the performance also decreases dramatically. The decreased
performance is due to all the image regions that are equally
processed by the ResNet to extract image features. This means
some redundant features are also processed by the network,
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TABLE VI: Comparative classification results (in %) of different patch sizes with different numbers of ROIs and different
magnification-specific systems at the patient level. The results are evaluated on the test dataset (the validation accuracy is
shown in brackets).
Magnification Factors
40×

100×

200×

400×

Patch Size
56 × 56
112 × 112
224 × 224
56 × 56
112 × 112
224 × 224
56 × 56
112 × 112
224 × 224
56 × 56
112 × 112
224 × 224

62.1 ± 4.0
74.3 ± 1.2
83.4 ± 0.8
60.8 ± 4.4
76.5 ± 1.0
82.0 ± 0.9
59.6 ± 3.9
78.8 ± 0.8
80.1 ± 1.1
56.9 ± 4.2
79.2 ± 0.8
78.8 ± 1.3

3
(64.2 ± 3.8)
(75.0 ± 1.0)
(86.2 ± 0.6)
(65.7 ± 3.0)
(78.8 ± 0.6)
(83.9 ± 0.7)
(62.3 ± 2.8)
(80.2 ± 0.4)
(82.4 ± 0.8)
(63.3 ± 3.6)
(83.6 ± 0.8)
(84.0 ± 0.8)

Number of ROIs
5
7
76.2 ± 1.9 (77.4 ± 1.5)
91.4 ± 1.7 (92.8 ± 1.5)
98.2 ± 0.2(98.6 ± 0.2)
97.8 ± 0.3 (98.1 ± 0.2)
97.6 ± 0.2 (98.1 ± 0.2)
96.4 ± 0.4 (98.0 ± 0.2)
75.8 ± 1.9 (78.6 ± 1.6)
92.0 ± 1.6 (94.1 ± 1.2)
97.9 ± 0.2(98.5 ± 0.2)
97.0 ± 0.3 (97.6 ± 0.2)
97.2 ± 0.2 (98.0 ± 0.2)
96.0 ± 0.4 (97.2 ± 0.3)
74.4 ± 1.6 (77.8 ± 1.2)
92.8 ± 1.5 (94.7 ± 1.3)
98.5 ± 0.2(99.3 ± 0.2)
98.2 ± 0.2 (98.6 ± 0.2)
95.5 ± 0.1 (96.7 ± 0.2)
94.8 ± 0.2 (95.3 ± 0.2)
73.2 ± 1.5 (77.6 ± 1.2)
93.3 ± 1.4 (95.8 ± 1.2)
97.8 ± 0.3(98.5 ± 0.2)
97.0 ± 0.3 (97.6 ± 0.2)
95.8 ± 0.1 (97.2 ± 0.2)
95.6 ± 0.2 (97.8 ± 0.2)

90.8 ± 0.8
97.6 ± 0.2
96.8 ± 0.4
92.6 ± 0.6
97.6 ± 0.2
96.3 ± 0.4
91.8 ± 0.5
97.8 ± 0.3
96.6 ± 0.2
92.2 ± 0.6
96.8 ± 0.4
96.0 ± 0.2

9
(91.4 ± 1.0)
(97.7 ± 0.2)
(97.8 ± 0.2)
(93.8 ± 0.6)
(98.0 ± 0.2)
(96.8 ± 0.3)
(93.2 ± 0.3)
(98.5 ± 0.2)
(97.8 ± 0.2)
(94.7 ± 0.5)
(98.6 ± 0.2)
(98.4 ± 0.2)

TABLE VII: Comparative classification results (in %) of different patch sizes with different numbers of ROIs and different
magnification-specific systems at the image level. The results are evaluated on the test dataset (the validation accuracy is shown
in brackets).
Magnification Factors
40×

100×

200×

400×

Patch Size
56 × 56
112 × 112
224 × 224
56 × 56
112 × 112
224 × 224
56 × 56
112 × 112
224 × 224
56 × 56
112 × 112
224 × 224

62.8 ± 4.5
75.8 ± 0.6
72.2 ± 1.1
55.2 ± 4.3
72.0 ± 1.0
74.0 ± 0.9
52.2 ± 4.8
71.2 ± 0.8
77.1 ± 1.2
50.5 ± 4.4
70.6 ± 0.9
79.3 ± 1.1

3
(67.2 ± 3.8)
(78.4 ± 0.5)
(74.0 ± 0.8)
(59.3 ± 3.2)
(73.5 ± 0.8)
(75.8 ± 0.8)
(55.9 ± 3.3)
(72.6 ± 0.4)
(79.3 ± 0.6)
(54.6 ± 3.1)
(72.9 ± 0.6)
(82.4 ± 0.9)

Number of ROIs
5
7
78.6 ± 2.2 (82.0 ± 1.9)
92.1 ± 1.6 (94.3 ± 1.4)
98.0 ± 0.2(99.4 ± 0.2)
96.8 ± 0.3 (97.5 ± 0.2)
97.2 ± 0.2 (98.0 ± 0.2)
97.4 ± 0.3 (98.3 ± 0.2)
76.5 ± 2.3 (78.1 ± 1.6)
94.1 ± 1.4 (96.7 ± 1.2)
98.3 ± 0.2(99.5 ± 0.2)
97.4 ± 0.2 (98.8 ± 0.2)
98.0 ± 0.2 (98.6 ± 0.2)
95.8 ± 0.4 (97.9 ± 0.2)
71.0 ± 2.9 (73.2 ± 2.0)
93.8 ± 1.4 (95.6 ± 1.0)
98.4 ± 0.2(99.0 ± 0.1)
97.6 ± 0.2 (98.5 ± 0.1)
96.8 ± 0.2 (97.6 ± 0.2)
95.2 ± 0.2 (97.7 ± 0.2)
68.8 ± 2.7 (70.5 ± 1.5)
94.5 ± 1.5 (96.0 ± 1.1)
97.6 ± 0.3(98.8 ± 0.1)
96.3 ± 0.3 (97.9 ± 0.2)
97.0 ± 0.2 (98.1 ± 0.1)
96.8 ± 0.2 (97.4 ± 0.2)

which might contain noisy features that lead to misclassification. Thus, it is essential to apply the soft attention mechanism
to highlight useful features and encourage the network to
neglect those with unnecessary information.
DeNet is also a key component to improve the classification
accuracy. We can see that there is a large reduction in the
classification accuracy when DeNet is not applicable. In such
a case, the image has to be resized to fit the input shape of
SaNet, which leads to information loss. On the other hand,
all the training images are used to train SaNet, which might
include redundant and noisy samples. Thus, its classification
performance is not comparable to the full model where DeNet
is applied.
When evaluating the components of the reward function
(Equation 5), we can see that rpt or rct is important to enhance
the classification accuracy. Specifically, the classification accuracy drops dramatically when rpt is removed. This means
the classification accuracy on the validation dataset is a key
reward signal to reflect the training progress of SaNet, and
thus the DeNet can provide the most appropriate patches
based on this reward signal. When rct is removed from the
reward function, there is a slight reduction on the classification
accuracy. It is due to its ability to encourage the DeNet to
reject redundant and useless training samples for classification
in order to achieve a fast convergence rate. However, when
rpt is used, the DeNet can continue to select key regions for
classification. Thus, removing rct will cause a smaller reduction
in the accuracy than removing rpt .
We then evaluate the effectiveness of Equation 3 on the
feature balance. It can be seen that the classification accuracy

92.2 ± 0.8
97.7 ± 0.3
96.6 ± 0.3
92.6 ± 0.6
97.0 ± 0.2
96.6 ± 0.3
92.0 ± 0.4
98.2 ± 0.3
96.7 ± 0.2
93.8 ± 0.6
96.5 ± 0.3
96.4 ± 0.2

9
(94.6 ± 0.8)
(98.6 ± 0.2)
(97.8 ± 0.2)
(94.8 ± 0.6)
(98.6 ± 0.2)
(97.2 ± 0.3)
(95.4 ± 1.0)
(98.8 ± 0.2)
(98.3 ± 0.1)
(95.7 ± 0.3)
(97.5 ± 0.2)
(97.5 ± 0.3)

drops dramatically when Equation 3 is not applied. In that
case, the deep features dominate all the remaining state
features (128 versus 7), and the DeNet may heavily rely on the
deep features to make decisions that could lead to non-optimal
choices. Thus, it is necessary to achieve a feature balance, that
is, to embed the deep features and other features, as done in
Figure 2.
It can also be seen that the random selection strategy
dramatically lowers the classification accuracy. The main
reason is that random selection has no way of knowing
which regions contain useful information and it could instead
cropping unnecessary or noisy patches for training SaNet. We
also found that random initialization also slightly reduces the
prediction accuracy and increases the standard deviation. The
reason is that random initialization usually sets the bias term
in DeNet to non-zero values, resulting in too many patches
being filtered in the early stages.
H. How Does the Number and Size of ROI Affect
Classification Accuracy?
We also investigate how the number and size of ROI in the
selection stage affects the classification accuracy. We evaluate
this by utilizing 3, 5, 7, and 9 ROIs selected by DeNet,
with patch sizes set to 56 × 56, 112 × 112 and 224 × 224
respectively. We report different numbers of ROI and patch
sizes of four different magnification factors. According to
the description of BreakHis dataset, the effective pixel sizes
of four magnification factors are: 0.49µm (40×)), 0.20 µm
(100×), 0.10 µm (200×), and 0.05 µm (400×). The classification results of both test dataset accuracy and validation dataset
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(a) Patient Level: 40×

(b) Patient Level: 100×

(c) Patient Level: 200×

(d) Patient Level: 400×

(e) Image Level: 40×

(f) Image Level: 100×

(g) Image Level: 200×

(h) Image Level: 400×

Fig. 5: We evaluate the effectiveness of different baseline models with respect to their convergence rates. The evaluation is
conducted with four magnification factors individually, and both image-level and patient-level classification losses are presented.
are shown in Table VI (patient-level) and Table VII (imagelevel) respectively. We selected the hyperparameters based on
the performance of validation dataset. As the validation dataset
is involved in the training process to select hyperparameters,
its performance is usually better than the performance of test
dataset (test dataset is unseen in the training phase).
It can be seen that the best performance is achieved by
selecting 5 ROIs with a patch size of 112 × 112. When more
regions are selected, the performances are close to 5 ROIs,
since the most important features are included in 5 ROIs and
any additional patches would be redundant for the SaNet.
When fewer regions are selected, we can observe that the
classification accuracy drops dramatically. It is caused by the
missing information with fewer selected patches. Additionally,
it can be seen the standard deviation increases with fewer
ROIs, implying that the training is unstable and not well
trained with few ROIs.
Another finding which can be observed is that a large
number of ROIs are required to achieve high classification
accuracy when setting the patch size to 56 × 56. This is a
reasonable result, since more information can be obtained with
the increasing number of ROIs when the receptive field is
small. The best performance is reached with 7 ROIs for a
patch size of 56 × 56. However, its best performance is still
lower than that obtained with patch sizes of 112 × 112 and
224 × 224. This result is caused by the small receptive field
such that the soft attention mechanism is unable to capture
its detailed patch features for classification. Furthermore, it
can be noted that an increase in the magnification factor can
decrease the classification accuracy of a small patch size (e.g.,
56 × 56) in the case of fewer ROIs (3 and 5). The reason is
that the small patch size can capture only minor information
from the high-magnification factor images.
However, these results do not mean it is always better
to make the patch size larger. Comparing the performance
of patch sizes of 112 × 112 and 224 × 224, 224 × 224

demonstrates better performance only when the number of
ROIs is small (e.g., 3 ROIs), since the larger patch can receive
more information in that case. However, when the number of
ROIs increases, there is enough information for classification,
and thus, the patch size of 224 × 224 achieves no advantage
over the patch size of 112 × 112.
It can also be noticed that the larger number of ROIs can
provide lower standard deviation of classification accuracy.
This is because more training samples can provide more details
of lesion part for SaNet. Thus, the SaNet can provide more
stable results with the increasing number of ROIs (e.g. the
standard deviation can be lower than 1 when there are 9
ROIs for all three patch sizes). However, more ROIs can also
be redundant when there is already enough information for
SaNet. We can see that a patch size of 112 × 112 results in
slightly better performance than a patch size of 224 × 224
when the number of ROIs is larger than 3. The main reason is
that redundant and possibly noisy features can be included
in the larger receptive field patch when there is already
enough feature information for classification. Thus, we found
that by setting the patch size to 112 × 112 and the patch
number to 5, the model is able to reach the best classification
performance. We have also visualized the selected patches in
the supplementary material.
I. Convergence Analysis
We then compare the convergence performances between
our approach and four different baselines.The four baseline
models are (1) removal of the reward signal rpT from Equation 5 (w/o rpT ); (2) removal of the reward signal rcT from
Equation 5; (3) removal of the whole DeNet and use of only
the SaNet for training (w/o DeNet); and (4) our previous
POMDP approach [13] (ISBI’19). We calculate the crossentropy classification loss by the end of each epoch on the
training dataset. The results of different optical magnifications
of both patient and image levels are shown in Figure 5.
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We observe that the application of DeNet can contribute
significantly to achieving faster convergence and lower loss.
When DeNet is applied, it takes approximately 75 to 100
epochs to achieve convergence with a lower loss value. When
DeNet is not applied, it requires more than 175 epochs to
converge and causes a relatively higher training loss. This
shows that DeNet can effectively select the most appropriate
training data for classification, and therefore the redundant data
are removed from training to achieve a fast convergence rate.
The reward signal rpT , which reflects the classification
ability of SaNet, is also a key implementation to achieve
early convergence. We can see that the classification loss
will converge to a relatively higher value when rpT is absent
from the reward function. This means that the DeNet cannot
provide appropriate training samples for SaNet, and the SaNet
will converge to a local minimum in the gradient descent
optimization process. Similarly, the reward signal rcT also contributes to network convergence. It can be observed from the
experimental results that the application of rcT demonstrates
a better ability to achieve a fast convergence rate than when
not applying it. The reason is that rcT is a signal to indicate
how fast the network can achieve a low loss value, and it
thus encourages DeNet to select optimal training samples to
accelerate the training process. It can also be seen that the
design of the reward signal is a key element to achieve stable
training. When either rpT or rcT is absent in the reward function,
the training loss fluctuation increases compared to the full
model and even the sole SaNet (w/o DeNet) scenarios.
When comparing with our previous work [13], we observe
that the proposed approach in this paper is more stable to train
and able to quickly reach a lower loss value. This is mainly
due to the patch selection mechanism developed in this paper,
which prevents every cropped patch from being classified in
the training stage. In addition, in our previous work [13], the
patch cropping and classification tasks are accomplished in
the same network, which makes it difficult for training. In this
paper, we divide the two tasks between DeNet and SaNet, and
we also develop a training strategy to make the two networks
co-operate with each other in the training phase. It thus makes
the whole framework easier and more stable to train.
J. Threshold analysis

(a) Validation set

(b) Test set

Fig. 6: Comparative results of different values of threshold Γ
on the validation adn test datasets. The results are the average
classification accuracy over four different magnifications.
Next, we evaluate the influence of threshold Γ in Equation 6
on the classification performance. The classification results of

11

validation dataset and test dataset are shown in Figure 6. The
value of Γ is selected based on the performance of validation
dataset. It can be seen that the best performance is achieved
when setting Γ = 0.25. When setting Γ to a higher value,
the classification accuracy drops dramatically. The reason is
that it is easy to achieve such a high validation loss at the
early stage of training, which reduces the incentive of SaNet
to reach a lower validation loss. When setting Γ to a smaller
value, there is a minor reduction on the classification accuracy.
The reason is that it is difficult for the SaNet to achieve such
a low validation loss, and thus the reward gain between each
iteration is relatively smaller. This makes it ambiguous for the
DeNet to update its selection policy with such tiny changes in
the reward feedback.
K. Computational Time Analysis
Finally, in our experiment, the model takes approximately
4 hours to train on a workstation with four NVIDIA GTX
1080 Ti GPUs. In comparison, the model in our previous work
[13] takes approximately 8 hours to achieve convergence. This
means the training time reduces by 50% with the training patch
selection mechanism. Most of the redundant and unnecessary
patches are not used to train the SaNet.
In the testing phase, our model is also fast to predict class
labels for each image. Although we have two networks in our
approach, the network structure of DeNet is very simple, with
several fully connected layers and an LSTM. It only takes less
than 6 ms to infer a class label for each image in the testing
phase. Such fast online testing speed suggests that it could be
applied in a routine clinical workflow.
L. Limitations
We are also aware that the current study has some limitations. Firstly, the images in BreakHis dataset are the cropped
regions from raw histopathological data. Although our approach does not have to resize image in BreakHis dataset
as done in previous work, it has not been evaluated on the
whole slide dataset. Secondly, the size of the BreakHis dataset
is relatively small with data from only 82 patients in total,
combined with the small size of the testing dataset, this may
mean that the results are biased. Thirdly, only one dataset is
evaluated in this paper. How well our method can generalize
to other datasets needs further study. In future work, we will
try to evaluate our method on more and larger whole slide
datasets to test the generalization capability of our approach.
V. C ONCLUSION
In this paper, we introduce a novel deep hybrid attention
network, applied to breast cancer histopathological image classification. The hard attention mechanism in the network can
automatically determine the useful regions from the images
in BreakHis dataset, and thus does not have to resize the
image for the network to avoid information loss. The selection
mechanism in our framework is able to reduce training time
by 50% when compared with the previous POMDP-based
approach. We evaluate our approach on a public dataset, for
which it achieves approximately 98% accuracy at four different
magnifications.
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