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L Motivation

Motivation

@ The most different technologies are converging to exchange
data, as a consequence Internet of Things (loT) is taking a
vital place on the Big Data Analytics.

@ Most of Big Data applications uses batch analytics (i.e.,
Batch-Processing). [1]

@ There is a need for "fast” analytics.
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Motivation

@ Batch-Processing is not structured to have low latencies in
the processing of the batches. Thus, a new model was
introduced — Stream-Processing.

@ Stream-processing growth in recent years (i.e., real-time and
near-real-time data streams) [2].
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Problems
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Problems

Some limitations
e Memory

e Over 3.3 millions posts on Facebook

e Over 423 thousands Tweets on Twitter?
@ Storage

e 40 PB per annun CERN LHC
e CPU

e Limitations on Cloud suppliers [2]

“http://www.smartinsights.com/
bhttp:/ /www.idgenterprise.com/
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Problems

@ So, how to avoid those restrictions?
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Alternatives

@ Increase local capacity?
e ...physical restrictions

@ Distribute it geographically?
e Data transfer limitations!
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Problems

@ How to optimize data communication in stream processing
applications that make use of geographically distributed
infrastructures?

e Identify a variability (quantity) in the transmission of events in
a dynamic network (Internet), where there is no control over
the environment. Also, test flow processing methods by
identifying what best suits the scenario.
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L Stream-Processing Model
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LStream-Processing Model

Model

Compose by

@ Data Source

e Produces data to the Message Broker
o Filters and organizes data by removing noise

@ Message Broker

e Store and organize messages
e Queues with replicas and consistency

@ Stream-Processing Engine

e Store and organize messages
e Queues with replicas and consistency
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Decoupled scenario
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Figure: Decoupled Scenario
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L Stream-Processing Model

Stream Processing

@ So, how to increase throughput considering the latency across
datacenters?
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L Stream-Processing Model

Stream Processing

@ The method of grouping data and processing in small batches
was used to obtain low latency for the processing of events [3]
[4]

e Amount of events
e Time
e Size of events
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Prototype

@ Apache Kafka 0.10.0 < Message Queue framework

@ Apache Flink 1.0.3 < Stream-processing framework
e Sentiment Analysis application for tweets

e Java 8

@ Apache Maven 3.0.5
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L Prototype

Application
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@ Natural Language Processing
@ Classification over two classes

@ Synthetic dataset, previously collected from Twitter?
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Prototype

@ Apache Kafka 0.10.0 < Message Queue
@ Apache Flink 1.0.3 < Stream-processing engine
e Sentiment Analysis application for tweets

Java 8

Apache Maven 3.0.5
Ganglia

Hperf

Flink's loggers
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Prototype

@ Data Source — West of the United States

e x1 Al0 8 Intel® Xeon® E5-2670 @ 2.6 GHz 56 GB
DDR3-1600 MHz
@ Message Broker — East Japan
e x1 Al0 8 Intel® Xeon® E5-2670 @ 2.6 GHz 56 GB
DDR3-1600 MHz
@ Stream-Processing Engine — Northern Europe

e x3 A10 8 Intel® Xeon® E5-2670 @ 2.6 GHz 56 GB
DDR3-1600 MHz
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Evaluation

Initial experiment was conduct considering

@ Batched-sized by amount of events
o One-at-a-time [3]
e Batch-based: 2, 10, 250, 500 and 1000 amount of events

@ Replication factor equals to 20

@ Execution Time

@ Time per event (throughput)
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Results
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Figure: Event time on Flink
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Conclusions

@ The approach resulted a time decrease of 66% from the
common Scenarios.

@ Our findings demonstrate that it is necessary to evaluate the
environment and the techniques used for sending batches,
since it may vary according to network latency and
environmental characteristics.

@ There's a relation between network latency and throughput of
events.

@ Extreme importance of incorporating communication in the
decisions of data movements.
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Future work

@ Dynamic batch-based size for each scenario, adapting to
latency variations.

@ Usage of Multi path TCP with dynamic batch sized.

@ Simulating Stream-processing systems.
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