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Abstract: The task of classification learning using hierarchy of categories in data exists widely in many practical ap-
plications such as disease diagnosis, image annotation, etc. However, the high dimensionality of data feature space makes hi-
erarchical classification learning confront problems such as high time and space complexity. In addition, existing research
works assume that the training set label granularity is sufficiently fine-grained, which is contradictory to the actual hierarchi-
cal classification learning, i.e., dividing fine-grained labels is costly and ambiguity exists among category labels. To solve
the above problems, we propose a coarse-to-fine hierarchical feature selection algorithm. We consider intra-class consisten-
cy and inter-sibling variability to select representative features and the unknown fine-grained labels of the training samples
are predicted during feature selection. Experimental results on seven benchmark datasets show that the proposed algorithm
outperforms some advanced comparative algorithms in classification performance and can handle the case where the label
granularity is not fine-grained enough.
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Dataset HierFisher HierFSNM HiermRMR Hier-FS HiRRfam-FS HFSCF

F194 2.22(1) 79.02(6) 23.14(5) 2.40(2) 9.29(4) 8.53(3)
DD 0.67(1) 10.50(6) 8.73(5) 1.27(2) 3.63(4) 2.80(3)
ILSVRC65 12.84(1) 621.96(5) 4815.07(6) 344.85(3) 546.11(4) 218.54(2)
Sun 59.46(1) —(6) 16033.21(5) 821.84(2) 2028.49(4) 1196.58(3)
vocC 0.98(1) 83.37(5) 123.67(6) 12.96(2) 22.58(4) 16.04(3)
Cifar100 20.82(1) —(6) 9928.17(5) 846.76(2) 6829.04(4) 2910.07(3)
CLEF 0.28(1) 115.73(6) 1.29(4) 0.46(2) 0.60(3) 4.28(5)

4 .'E‘,'\é’n: chical learning methods for large scale classification task
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