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Adaptive Stochastic Gradient Descent for Imbalanced Data Classification
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Abstract For imbalanced data classification, the performance of using traditional stochastic gradient descent for solving
SVM problems is not very well. Adaptive stochastic gradient descent algorithm defines a distribution p instead of using
uniform distribution to choose examples,and the smoothing hinge loss function is used in the optimization problem. Be-
cause of the training sets are imbalanced, using uniform distribution will cause the algorithm choose more majority class
based on the imbalanced ratio. That would result the classifier bias towards the minority class. The distribution p largely
overcomes this issue. When to stop the programs becomes an important problem, because the normal stochastic gradient
descent algorithm does not have a stop criterion especially for large data sets. The stop criterion was setted according to
the classification accuracy on the training sets or its subsets. This stop criterion could stop the programs very early es-
pecially for large data sets if the parameters are chosen properly. Some experiments on imbalanced data sets show that

the proposed algorithm is effective.
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wla 87.50 87.73 87.62 35.75 91. 40 57.16 5.71
w2a 88.79 87.07 87.92 55.30 89. 60 70. 39 8.43
w3a 91.61 85.66 88.58 63.84 90. 59 76.05 10.71
wia 79.63 87.12 83.29 39.89 84.29 57.99 1.89
w5a 88.97 85.98 87.46 45. 60 92.75 65.03 8.53
wha 88.76 88.15 88.46 39.20 90. 44 59.54 10. 44
jjenn 85. 66 87.37 86.51 45. 20 86. 28 62.45 10.03
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