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Popular Data Analysis Skills
@CrowdFlower

Which skills should data scientists have in 20167?
Analyzed ca. 3500 LinkedIn job openings for data scientists.
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Classical Query

Optimization
Fixed processing platform,
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Modern Query Optimization
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Modern Query Optimization
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Modern Query Optimization
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Query: RXSXT Two Cost Metrics
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Parallelization Challenges
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EXperimental Results

Experimental Setup
Randomly generated queries; two execution cost metrics; approximated optimization
Spark 1.5 on Yarn 2.7; 100 nodes with 2x Intel Xeon 2.6 GHz, 128 GB memory
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Complexity for Bushy Plans
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Calculating Bushy Speedup
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Complexity Results

Results for one cost metric:
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(Considering multiple metrics multiplies by polynomial factor)
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Results for one cost metric:
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Quantum Speedup

EXperimental Results

Experimental Setup

Compared D-Wave 2X vs. Integer Programming, Genetic Algorithms, Heuristics
Compared approximation time on randomly generated problem instances
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537 Queries, 2 Plans per Query
253 Queries, 3 Plans per Query
140 Queries, 4 Plans per Query
108 Queries, 5 Plans per Query

860
27 20
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More Detalls

Multiple Query Optimization on the D-Wave 2X Adiabatic

Quantum Computer

Immanuel Trummer and Christoph Koch

{firstnamej}.{lastname}@epfl.ch
Ecole Polytechnique Fédérale de Lausanne

ABSTRACT

The D-Wave adiabatic quantum annealer solves hard combi-
natorial optimization problems leveraging quantum physics.
The newest version features over 1000 qubits and was re-
leased in August 2015. We were given access to such a ma-
chine, currently hosted at NASA Ames Research Center in
California, to explore the potential for hard optimization
problems that arise in the context of databases.

In this paper, we tackle the problem of multiple query
optimization (MQO). We show how an MQO problem in-
stance can be transformed into a mathematical formula that

VLDB ‘76

in California. This device is claimed to exploit the laws of
quantum physics [6] in the hope to solve NP-hard optimiza-
tion problems faster than traditional approaches. The ma-
chine supports a very restrictive class of optimization prob-
lems while it is for instance not capable of running Shor’s
algorithm [40] for factoring large numbers'. We will show
how instances of the multiple query optimization problem
can be brought into a representation that is suitable as in-
put to the quantum annealer. We also report results of an
experimental evaluation that compares the time it takes to
solve MQO problems on the quantum annealer to the time

R R P . T T T Y T T B T Y . O O
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More Detalls

Mining Subjective Properties on the Web

*
Immanuel Trummer Alon Halevy Hongrae Lee
EPFL Google, Inc. Google, Inc.
~ Lausanne, Switzerland Mountain View, USA Mountain View, USA
immanuel.trummer@epfl.ch halevy@google.com hrlee@google.com
Sunita Sarawagi Rahul Gupta
Google, Inc. and |IT Bombay Google, Inc.
Mountain View, USA/Bombay, Mountain View, USA
“India grahul@google.com
sarawagi@google.com
ABSTRACT Categories and Subject Descriptors
Even with the recent developments in Web search of answer- H.4 [Information Systems Applications|: Miscellaneous
ing queries from structured data, search engines are still lim-
ited to queries with an objective answer, such as EUROPEAN Keywords

CAPITALS or WOODY ALLEN MOVIES. However, many queries
are subjective, such as SAFE CITIES, or CUTE ANIMALS. The

underlying knowledge bases of search engines do not contain
answers to these queries because they do not have a ground 1. INTRODUCTION

Text mining; subjective properties; user behavior model

truth. We describe the SURVEYOR system that mines the In recent years, Web search engines have invested heav-
dominant opinion held by authors of Web content about ily in answering queries with structured data. For example,
whether a subjective property applies to a given entity. The queries such as WOODY ALLEN MOVIES or AMERICAN PRESI-

evidence on which SURVEYOR relies are statements extracted DENTS will yield a display of the appropriate entities. These
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