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On the Usefulness of Pruning Mechanism in TAM Network
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Fig. 1: TAM Network
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Table 1: Result of Image Data
Recognition
Methods Rate Categories | Class | Features

TAM+Pruning 72.9 30 7 8
TAM 72.9 30 7 16
Cart 63.9 - - -
1NN 66.2 - - -
KNN-Class 64.6 - - -
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