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—
Big Data

- large scale data

- streaming data

- heterogeneous data
- private data

- uncertain data

confluence of all the above!

Themis Palpanas - November 2015



N
Our Work

- large scale data

- streaming data

- heterogeneous data
- private data

- uncertain data

funded by:
European Commission, Facebook, IBM Research, Hewlett-Packard
Labs, Telecom Italia, Autonomous Province of Trento
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scalable indexing and mining of massive data series
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Data Series Analytics
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Data Series Analytics
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Data Series Analytics
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HARD, because of very high dimensionality!

each data series has 100s-1000s of points

Themis Palpanas - November 2015

15



Query answering process
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we have proposed the

state-of-the-art

guery answering time

solutions for both problems!
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Traditional Approaches

answer nearest neighbor queries on a 1TB dataset
serial scan takes |45 minutes|per query!

‘ Query Answering

Bad news: building the index takes too long

27 hours to index 1 Billion data series @'

optimized implementationin C, optimal parameters,
modern hardware (Intel Xeon, 64GB RAM, RAIDO disks)

Data Loading Query Answering

7

complex analytics in hours/days...
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Data Series Indexes: ISAX2+, ADS+
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complex analytics in minutes/seconds!
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Conclusions

- work on techniques and algorithms for
> online processing and complex analysis of streaming data

- efficient identification of interesting patterns hidden in
huge volumes of data

open to collaborations!
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Infrastructure Monitoring

e analysis and mining of hardware
and software infrastructure for
health monitoring

e with Facebook
Human Behavior Patterns

o identification of different social
groups, and analysis of their
macro- and micro-patterns of
behavior

e with IBM Research, Telecom
Italia
Human Brain Activity

e analysis of fully-detailed
neurobiological data for explaining
brain functions

o with CIMeC

Current and Past Collaborations -

Green Manufacturing

e analysis and optimization of
manufacturing processes for
energy savings

e with SAP, Intel, Volvo
eCrime

e Iidentification of fraudulent activities
related to the telecommunication
industry

e with Telecom ltalia, Vodafone,
wind
World Sentiments and Opinions

e analysis of aggregate sentiment for
different social groups, role of
media in public sentiment

e with Hewlett-Packard Labs
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