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Balance-sampling based light-weighted advertisement CTR prediction method
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Abstract; Targeting advertisement system, such as Google AdSense, media. net, has grown dramatically in the past 10 years,
and machine learning plays a significant role in advertisement click-through-rate(CTR) prediction. However, the size of trai-
ning set grows exponentially as time passed by, which greatly impedes the extendibility of the model. Large number of powerful
features and complex models couldn’ t be applied to CTR prediction due to the large scale of training set size. This paper
adopted balanced sampling strategy to CTR prediction. After sampling small portion of negative examples multiple times and
ensemble learning, it cut down the training time and improved prediction accuracy. Experiment tests show after balance sam-

pling, prediction results is improved and computation resources are saved.
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