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Abstract Multi-instance learning based on graph structure can be used to solve the problem of correlation between
instances in mining bag. However, most of the existing methods randomly select the instances in the bag to construct the
graph structure , ignoring the influence of the representative instances in the bag on the graph structure,and all of them build
classifiers on the bag graph structure indirectly, resulting in the low efficiency of the model. Aiming at these problems, a
multi-instance learning algorithm of graph convolution based on clustering is proposed ( MIL-GCC ). Firstly, the super-
instances in each bag are obtained by clustering method as the nodes in the bag graph structure.Secondly, the edge of the
bag graph is constructed by mining the relationship between super-instances to determine the structure of the bag graph.
Finally, graph convolution is used to learn the node importance score of the bag graph, and the classifier is directly
established on the bag graph structure. Experiments show that MIL-GCC can fully represent the bag graph structure and
effectively improve the quality of the classification model.
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Fig.1 Splicing process of global average pooling and global maximum pooling
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Tab.1  Specific attribute information of multi-instance learning benchmark datasets
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Tab.2 The range of parameters in the experiment
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Tab.3 Comparison of accuracy of each algorithm based on each dataset %
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