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Abstract: This paper introduces a new stream partitioning scheme to solve the problem of load balancing of stateful
applications in distributed stream processing engines when the input stream follows a skewed key distribution. The
scheme uses lossy counting algorithm to calculate the frequency of key and identifies the hottest keys in the stream. On
the other hand, the source independently maintains a local load-estimate vector with one element per worker to track the
load of downstream workers. When a tuple with a hot-key comes, the proposed partitioning scheme will check the
load-estimate vector, and then assign this tuple to the worker whose load is smallest, providing a much better load balance.
When deployed on a real Storm cluster, comparing to key grouping, the stream partitioning scheme reduces the load
imbalance, makes an improvement of up to 40% in throughput, comparing to shuffle grouping, it requires less memory.

Key words: skewed distribution; load balance; log stream; big data
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