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学术论文

Motivation
Stream clustering algorithms are widely-used to
capture the evolving patterns in real-time data
streams, e.g., IoT events and Web clicks.

Problems: Existing stream clustering algorithms
use a one-record-at-a-time update model that
runs in a single machine.
• Suffer from low throughput (e.g., 5K records/s)
• Cannot efficiently process high-speed data

streams (e.g., 256K transactions/s at Alibaba).

Goal: Design a general distributed framework to 
parallelize stream clustering algorithms. 

• How to parallelize stream clustering algorithms?
• How to guarantee the clustering quality of the

parallelized stream clustering algorithms?

Goal and Challenges  

• We implement DistStream framework atop widely-used 
Spark Streaming. 

• DistStream exposes four APIs
• Micro-cluster representation
• Distance computation
• Local update
• Global update

• DistStream currently includes four algorithms, including 
CluStream, DenStream, D-Stream, and ClusTree.

• RQ2: How about the throughput and scalability of 
DistStream-based algorithms?

ü DistStream-based algorithms can achieve 13.2x 
throughput gain (e.g., 239K records/s) on 32 cores.

Our Approach (DistStream)

Evaluation

DistStream Implementation

• RQ1: How about the clustering quality of our 
DistStream-based stream clustering algorithms?

ü DistStream-based algorithms achieve comparable 
(99%) clustering quality with the original single-
machine stream clustering algorithms.

1. For parallelization, we design a new mini-batch 
update model with efficient (both record-based 
and model-based) parallelization approaches.

2. To maintain the algorithms’ clustering quality, we 
design an order-aware update mechanism and 
theoretically demonstrate its effectiveness.
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(a) DistStream-CluStream (b) DistStream-DenStream

Fig. 8. Throughput gains of DistStream-CluStream and DistStream-
DenStream algorithms with different parallel degrees on three datasets.

clustering throughput of DistStream-based implementations.
We vary the parallelism degree, i.e., the number of parallel
tasks, from 1 to 32. For large-KDD99 and large-CoverType
datasets, we set the batch size to be 10 seconds. For high-
dimensional large-KDD98 dataset, we set the batch size to
be 20 seconds due to its lower rate, i.e., 10K/s compared to
100K/s of others described previously in Section VII-C1. We
discuss how to vary batch size in Section VII-D3.

2) Scalability results: Figure 8 depicts the throughput gains

for both DistStream-Clustream and DistStream-DenStream im-
plementations. The throughput gain is calculated as the ratio
of the achieved throughput at parallelism degree p=k to the
throughput at p=1. Our key observation is that DistStream-
based implementations achieve sublinear throughput gain of
13.2X when the parallelism degree is 32.

We identify three potential bottlenecks that lead to Dist-

Stream’s sublinear throughput gain. The first bottleneck comes
from performing the global update step in a single machine
without parallelization for ensuring the clustering quality. For
example, we find that the latency of global update stays
relatively constant, instead of decreasing, when parallelism
degree increases for both large-KDD99 (⇠6µs per record) and
large-KDD98 (⇠2µs per record). To improve the scalability,
we can run this global update step in a more powerful server
while still ensuring the clustering quality.

The second bottleneck is the overhead of system and net-
work, which does not decrease with the increasing parallelism
degree. For example, we observe similar overhead of ⇠5µs per
record when increasing parallelism degree from p=16 to p=32.
The third bottleneck comes down to the increasing number
of straggler tasks, e.g., tasks with execution time that exceed
1.2X of the average. Because DistStream currently uses a
synchronous update protocol, straggler tasks can prolong the
execution time of the first two parallelized steps. For example,
when running DistStream-CluStream on large-KDD99, the
percentage of straggler tasks increases from 12% to 25% as
parallelism degree increases from p=16 to p=32. The potential
optimization is to design new asynchronous update protocol.

Summary: DistStream-based implementations can achieve
sublinear throughput gain of 13.2X when the parallelism
degree is 32. The bottlenecks of DistStream include the single-
machine global update step, system and network overhead, and
the straggler tasks under a synchronous update protocol.
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(b) DistStream-DenStream

Fig. 9. The throughput with different batch sizes at p=32. The throughput
on large-KDD98 is lower than others due to its higher feature dimension.
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(b) DistStream-ClusTree

Fig. 10. Throughput gains of DistStream-DStream and DistStream-ClusTree.

3) Impacts of batch sizes: Finally, we investigate whether
varying batch size can improve DistStream’s currently
achieved throughput, i.e., the throughput with parallelism
degree of 32. Figure 9 shows the achieved throughput, when
varying the batch size from 1s to 30s at fixed p=32. We observe
that the clustering throughput first increases with the batch size
and then drops at very large batch size (e.g., 30s on large-
CoverType dataset). This indicates the potential to tune the
batch size for higher throughput. The key reason for lower
throughput when the batch size is small comes down to the
lower task computation time. For example, when the batch
size was set to 1s, each task only received about 3K records
on large-CoverType. In this case, the tasks spend less time
doing useful work, leading to higher percentage of system
and network overhead compared to that of larger batch sizes.
However, if the batch size is too large, the straggler tasks
can lead to degraded performance. For example, when the
batch size was set to 30s, each task has long computation time
and the straggler task can lead to 2s wait time in DistStream-
CluStream on large-CoverType dataset.

In summary, to determine the optimal batch size for through-
put, we need to balance factors such as task computation and
wait time. In addition, to account for the potential quality
degradation, we also need to limit the batch size as discussed
previously in Section IV-D. Currently, we configure batch size
statically based on a user-defined threshold (Section IV-D) but
will explore adaptive batch sizing approaches in future work.

E. Results on the other two algorithms

We also evaluate D-Stream and ClusTree on DistStream. The
experiments show that our DistStream-based implementations
still achieve comparable (on average 99.1%) clustering quality
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Fig. 8. Throughput gains of DistStream-CluStream and DistStream-
DenStream algorithms with different parallel degrees on three datasets.

clustering throughput of DistStream-based implementations.
We vary the parallelism degree, i.e., the number of parallel
tasks, from 1 to 32. For large-KDD99 and large-CoverType
datasets, we set the batch size to be 10 seconds. For high-
dimensional large-KDD98 dataset, we set the batch size to
be 20 seconds due to its lower rate, i.e., 10K/s compared to
100K/s of others described previously in Section VII-C1. We
discuss how to vary batch size in Section VII-D3.

2) Scalability results: Figure 8 depicts the throughput gains

for both DistStream-Clustream and DistStream-DenStream im-
plementations. The throughput gain is calculated as the ratio
of the achieved throughput at parallelism degree p=k to the
throughput at p=1. Our key observation is that DistStream-
based implementations achieve sublinear throughput gain of
13.2X when the parallelism degree is 32.

We identify three potential bottlenecks that lead to Dist-

Stream’s sublinear throughput gain. The first bottleneck comes
from performing the global update step in a single machine
without parallelization for ensuring the clustering quality. For
example, we find that the latency of global update stays
relatively constant, instead of decreasing, when parallelism
degree increases for both large-KDD99 (⇠6µs per record) and
large-KDD98 (⇠2µs per record). To improve the scalability,
we can run this global update step in a more powerful server
while still ensuring the clustering quality.

The second bottleneck is the overhead of system and net-
work, which does not decrease with the increasing parallelism
degree. For example, we observe similar overhead of ⇠5µs per
record when increasing parallelism degree from p=16 to p=32.
The third bottleneck comes down to the increasing number
of straggler tasks, e.g., tasks with execution time that exceed
1.2X of the average. Because DistStream currently uses a
synchronous update protocol, straggler tasks can prolong the
execution time of the first two parallelized steps. For example,
when running DistStream-CluStream on large-KDD99, the
percentage of straggler tasks increases from 12% to 25% as
parallelism degree increases from p=16 to p=32. The potential
optimization is to design new asynchronous update protocol.

Summary: DistStream-based implementations can achieve
sublinear throughput gain of 13.2X when the parallelism
degree is 32. The bottlenecks of DistStream include the single-
machine global update step, system and network overhead, and
the straggler tasks under a synchronous update protocol.
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Fig. 9. The throughput with different batch sizes at p=32. The throughput
on large-KDD98 is lower than others due to its higher feature dimension.
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Fig. 10. Throughput gains of DistStream-DStream and DistStream-ClusTree.

3) Impacts of batch sizes: Finally, we investigate whether
varying batch size can improve DistStream’s currently
achieved throughput, i.e., the throughput with parallelism
degree of 32. Figure 9 shows the achieved throughput, when
varying the batch size from 1s to 30s at fixed p=32. We observe
that the clustering throughput first increases with the batch size
and then drops at very large batch size (e.g., 30s on large-
CoverType dataset). This indicates the potential to tune the
batch size for higher throughput. The key reason for lower
throughput when the batch size is small comes down to the
lower task computation time. For example, when the batch
size was set to 1s, each task only received about 3K records
on large-CoverType. In this case, the tasks spend less time
doing useful work, leading to higher percentage of system
and network overhead compared to that of larger batch sizes.
However, if the batch size is too large, the straggler tasks
can lead to degraded performance. For example, when the
batch size was set to 30s, each task has long computation time
and the straggler task can lead to 2s wait time in DistStream-
CluStream on large-CoverType dataset.

In summary, to determine the optimal batch size for through-
put, we need to balance factors such as task computation and
wait time. In addition, to account for the potential quality
degradation, we also need to limit the batch size as discussed
previously in Section IV-D. Currently, we configure batch size
statically based on a user-defined threshold (Section IV-D) but
will explore adaptive batch sizing approaches in future work.

E. Results on the other two algorithms

We also evaluate D-Stream and ClusTree on DistStream. The
experiments show that our DistStream-based implementations
still achieve comparable (on average 99.1%) clustering quality
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(a) CluStream on KDD-99
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(b) CluStream on CoverType
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(c) CluStream on KDD-98
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(d) DenStream on KDD-99
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(e) DenStream on CoverType
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(f) DenStream on KDD-98

Fig. 6. The clustering quality of CluStream and DenStream algorithms on different datasets using different update models.

(a) CluStream throughput (b) DenStream throughput

Fig. 7. Throughput of CluStream and DenStream in a single machine. The
per record latency is the inverse of the throughput.

C. Performance comparison in a single machine

Since MOA library only provides single-machine imple-
mentations, we compare the throughput of MOA-, unordered-,
and DistStream-based implementations in a single machine,
i.e., one task with one physical core and 8GB RAM.

1) Methodology: For stress throughput test, we measure
and use the Kafka’s maximum stable streaming rates on all
three large datasets, i.e., 100K/s on the low dimensional
large-KDD99 and large-CoverType, and 10K/s on the high
dimensional large-KDD98. Further, to factor out the network
overhead, we co-locate all the data records with the task. We
also configure the batch size to be 10 seconds for both un-
ordered and DistStream-based implementations. We calculate
the average throughput by dividing total data records by the
total processing time, and calculate per record latency as the
inverse of the throughput. We repeat each experiment five
times and report the average throughput.

2) Performance results: Figure 7 illustrates the throughput
of three implementations of CluStream and DenStream on

three large datasets. Compared to MOA-based implementa-
tions, mini-batch based implementations have an average of
10.6% lower throughput. This performance difference can be
attributed to additional works that are associated with mini-
batch based implementations, such as starting, serializing/de-
serializing and scheduling tasks. For example, we observe this
latency overhead is 4µs per record on large-CoverType.

Next, compared to unordered implementations, our order-
aware implementations have on average 1.3X higher through-
put, across all algorithm-dataset combinations. Intuitively,
DistStream-based implementations should incur higher pro-
cessing latency than unordered implementations due to addi-
tional sorting overhead. However, we observe that this sorting
overhead is offset by the unordered implementations’ tendency
to generate and handle more outliers (as described in Section
VII-B2), leading to about 12µs per record latency.

Summary: Compared to MOA-based implementations,
mini-batch based implementations have an average of 10.6%
lower throughput. Such overhead is attributed to system over-
head such as starting, serializing and scheduling tasks. In addi-
tion, DistStream-based implementations outperform unordered

ones because of less outlier micro-clusters to process in global
update step, justifying our order-aware design choice.

D. Scalability

This section investigates the scalability of DistStream-based
implementations. We pinpoint the key factors that impact Dist-

Stream’s scalability through an in-depth bottleneck analysis,
and also study the impacts of batch sizes.

1) Methodology: Similar to Section VII-C, we use Kafka
to produce the maximum stable stream rate and measure the
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