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Stream clustering algorithms are widely-used to < We implement DistStream framework atop widely-used
capture the evolving patterns In real-time data Spark Streaming. _ _

Streams, e.Jd., loT events and Web clicks. e DistStream exposes DistStream Framework
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(e.g., from Kafka) \ update model

use a one-record-at-a-time update model that * Distance computation " parale ppronches

(at record and model dimensions)

runs in a single machine. * Local update <°'&‘§§ﬁﬂ§g< " Spark Streaming Runtime

- Suffer from low throughput (e.g., 5K records/s) * Global update B
. Cannot efficiently process high-speed data * DistStream currently includes four algorithms, including
streams (e.g., 256K transactions/s at Alibaba). CluStream, DenStream, D-Stream, and ClusTree.
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 How to parallelize stream clustering algorithms?
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1. For parallelization, we design a new « RQ2: How about the throughput and scalability of

with efficient (both record-based DistStream-based algorithms?
and model-based) parallelization approaches.

2. To maintain the algorithms’ clustering quality, we v DistStream-based algorithms can achieve
design an and (e.g., 239K records/s) on 32 cores.
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