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A Prototype Learning Based Multi-Instance Convolutional Neural Network
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Abstract  Convolutional neural network is a fully supervised deep learning model. It requires
that the labels of samples are fully provided. In weakly supervised applications where labels of
samples are partly provided, the usage of convolutional neural networks is greatly limited. To
solve the weakly supervised multi-instance learning problem, a new multiple instance convolu-
tional neural network is proposed. The proposed model introduces a new prototype learning layer
into the network. The prototype learning layer uses a prototype based metric method to transform
instance features into bag features. The network therefore can use label information of bag and
learning the whole model in a compact process. The network is firstly tested on a lung cancer cell
pathology image classification dataset. Results show, compared with hand designed image feature
based methods, the proposed method achieved an improvement of about 12% in accuracy.

Compared with convolutional neural network and multi-instance learning combined methods, the
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proposed method also achieved better results on all the evaluation criterion. Besides, the method

is also tested on a natural image classification dataset (GRAZ-02). Comparable result is achieved

by the proposed method compared with the state-of-the-art method.
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Accuracy Precision Recall F1 TNR
LapRLS[18] 0. 625 0.533 0.538 0. 657 0. 907
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Hegazy 4527 74.7 81.3 81.3
Zhang 4028 88.9 85.2 88.1
Gupta %20 96. 0 90.7 89.3
A SO 4R U5 i 86. 7 85. 6 88.5
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Background

Recently, deep learning has attracted much interest in
machine learning society. Deep learning methods have been
widely applied in many machine learning tasks with their
promising results, e. g. ,» computer vision, speech recognition
and neural language processing. However, there are still
many unsolved problems for deep neural networks, specifically,
for convolutional neural networks (CNN), as CNN is a fully-
supervised network, solving weakly supervised tasks in
image recognition by CNN is required to be settled.
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categories. The first is about building MIL classifiers based
on hand-crafted features and the second is to learn multiple
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schemes may cause performance degradation, as feature
representation and classifier learning are not optimized
together. In this paper, we proposed an integrated CNN with
MIL via bag feature representation and prediction. The problem
is solved in a more reasonable way. Our results show a
marked improvement compared with previous works.
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