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We consider a training of a linear classifier in an environment where data is distributed over many shards.
Iterative parameter mixture (IPM) is the state-of-the-art training method for such a task. In the case where all
shards are clean, IPM is guaranteed to converge in finite rounds and thus it is able to utilize the all data over the
shards. However, the existence of flawed data negatively affects the training result. In this paper, we discuss a

method to relieve the effect of such flawed data.
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Algorithm 1 Iterative Parameter Mixtured IPM[O
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