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Streaming-data Clustering: Challenges

The Proposed Solution: ScStream Experiments and Results

* Possibly-infinite data stream. «Based in part on a SOTA DPMM sampler [3] and its highly-efficient distributed implementation [5].
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Figure 1: Video segmentation (example frames). Results shown for MiniBatch-Kmeans (denoted as MBK) with several _
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* Each frame is a batch, consisting of 410K samples, each of which is a 5D vector (RGBXY). : B o
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Figure 2: Box plots of the ARI metric for each of the experiments.



