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Big data analytics is the application of varied techniques
to very large and diverse data sets in order to uncover
hidden patterns and produce meaningful insights.

Big data analytics deals with data sets too large,

problems too complex, and patterns too subtle to be
handled by conventional relational databases.
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TPCx-BB Origin and Features

Proposed at SIGMOD 2013, BigBench was developed with input
fromm many industry partners.
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BigBench was standardized as TPCx-BB in 2014,
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TPCx-BB (BigBench) is Uniquely Realistic

It simulates a modern retailer with a N
physical and online store presence.

=
A=
.

Data size is configurable from 1 TB O
to 1 PB. X

&h

It gathers copious data on products,
customers, and competitors.

It uses complex queries to extract
value from its collected data.
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Coverage

BigBench data includes
structured (e.g. customer demographics) data,
semi-structured (e.g. web site click streams) data, and
un-structured (e.g. online product reviews) data.

BigBench operates on the data using
MapReduce,
machine learning,
user-defined functions,
query language operations,
and natural language processing.

Most queries take multiple steps, and many cover multiple data
types and operation types.

&h



Why Should We Study One More Benchmark?



Why Should We Study One More Benchmark?

It Is essential to understand, emulate, and study industry
perspectives in order to produce believable and relevant insights.



Why Should We Study One More Benchmark?

It Is essential to understand, emulate, and study industry
perspectives in order to produce believable and relevant insights.

There is a lot of heterogeneity in the applications, something that
has been oversimplified in past benchmarking efforts.



Why Should We Study One More Benchmark?

It Is essential to understand, emulate, and study industry
perspectives in order to produce believable and relevant insights.

There is a lot of heterogeneity in the applications, something that
has been oversimplified in past benchmarking efforts.

Thread-limited execution is still pervasive even in scale-out big
data analytics and demands better scale-up performance
(Amdahl’s law).
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BigBench Stages

Data Generation

Creates the data used by the benchmark.

(4 -

Load Test
Extracts/transforms/loads the data into a usable form.

Y, Y,

Power Test Throughput Test
Runs each query sequentially Runs multiple queries at once
to minimize latency. to maximize throughput.
) )
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Contrasting Scale-Out and Scale-Up

We measure the change in runtime as we scale resources:
- Number of cores
- Operating frequency

We report the efficiency of resource scaling.

| Change in run time
e
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15



Scaling Efficiency



Scaling Efficiency

10 Core Scaling Efficiency (9-core baseline)

> 0.8 -

c

= 0.4

Q.21
0.0

A .



Scaling Efficiency

1.0
>O.8
C06
U04

i 0.2-
o.o-

Core Scaling Efficiency (9-core baseline)

HUITRITRETIATE]

0 PN
o

B 18 Cores

16



Scaling Efficiency

Core Scaling Efficiency (9-core baseline)

1.0
50.8-
€ 0.6
0.4
0.2

0.0-

©
> o

&

Q Vv ™
g &

S n,
> o W

¥ Q
B 18 Cores B 36 Cores

Core scaling shows limited efficiency, sometimes providing no benefit at all.

16



Scaling Efficiency

10 Core Scaling Efficiency (9-core baseline)

> 0.8 1

c

= 0.4

Q.21
0.0-

©
>

Q

%
X

o
o

Vv ™
Qv

"
o

Ne)
S & &

g o

B 18 Cores B 36 Cores

Core scaling shows limited efficiency, sometimes providing no benefit at all.

Frequency Scaling (1.2-GHz baseline)

1.0
50.8-
< 0.61
S0.4-
0.2

0.0




Scaling Efficiency

1.0

> 0.8 1

c

= 0.4

Q.21
0.0-

Core Scaling Efficiency (9-core baseline)

©
> o

Q

%
X

o
o

Vv ™
Qv

"
o

Ne)
g o o o &

B 18 Cores B 36 Cores

Core scaling shows limited efficiency, sometimes providing no benefit at all.

1.0
30.8
€ 0.6
S04
W 0.2

0.0

&h

Frequency Scaling (1.2-GHz baseline)

I

N ™

vV v
S & & &
[

> o ©
> & o S

o

16



Scaling Efficiency

10 Core Scaling Efficiency (9-core baseline)

> 0.8 1

c

= 0.4

Q.21
0.0-

©
> o

Q

%
X

o
o

Vv ™
Qv

"
o

Ne)
S & &

g o

B 18 Cores B 36 Cores

Core scaling shows limited efficiency, sometimes providing no benefit at all.

Frequency Scaling (1.2-GHz baseline)

1.0
50.8-
< 0.61
S0.4-
0.2

0.0-




Scaling Efficiency

1.0

Core Scaling Efficiency (9-core baseline)

> 0.8 1
c

= 0.4
Q.21

0.0-

Frequency Scaling (1.2-GHz baseline)

1.0
> (0.8
c
= 0.4
0.2

0.0-

6 &
> o &
BN 2.3 GHz

16



What About Turbo Boost?



What About Turbo Boost?

Turbo Boost uses slack in thermal and current margins to
increase the operating frequency of CPUSs.

17



What About Turbo Boost?

Turbo Boost uses slack in thermal and current margins to
increase the operating frequency of CPUSs.

The Turbo Boost celling is a function of the number of
active cores. The fewer the cores, the higher the celling.

17



What About Turbo Boost?

Turbo Boost uses slack in thermal and current margins to
increase the operating frequency of CPUSs.

The Turbo Boost celling is a function of the number of
active cores. The fewer the cores, the higher the celling.

With so many halted cycles, Turbo Boost should be
perfect for BigBench, right”

A .



What About Turbo Boost?

Turbo Boost uses slack in thermal and current margins to
increase the operating frequency of CPUSs.

The Turbo Boost celling is a function of the number of
active cores. The fewer the cores, the higher the celling.

With so many halted cycles, Turbo Boost should be
perfect for BigBench, right”

Not quite...
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Despite having very little TLP, nearly all the cores are kept
busy most of the time.
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Allow for linear increase in Turbo Boost celling with the
number of deactivated cores.
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Core Packing—Hardware Proposal

Allow for linear increase in Turbo Boost celling with the
number of deactivated cores.
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Proactively restrict the numlber of active cores to just meet
the workload.
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Core Packing—Software Proposal

Proactively restrict the numlber of active cores to just meet

the workload.
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Q10 has such consistently low TLP, we can use it to
approximate core packing behavior.
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Q10 has such consistently low TLP, we can use it to
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Core Packing—Approximation

Q10 has such consistently low TLP, we can use it to
approximate core packing behavior.
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Core Packing—Better Approximation

Q10 22 Cores
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Query 10 could finish in 416 seconds: a 13.5% speedup.

Furthermore, energy consumption decreases by 30%.
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Analysis

Most queries are far too complex to enable such simple
core packing approximation.
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Most queries are far too complex to enable such simple

core packing approximation.

TLP (%)

TLP (%)

100

50 1

100

501

Q30 Thread-Level Parallelism

1000 2000 3000 4000
Time (s)
Q12 Thread-Level Parallelism
200 400 600 800
Time (s)

26



Analytical Model—Turbo Boost Frequency



Analytical Model—Turbo Boost Frequency

Assuming a linear increase in Turbo Boost ceiling for each
deactivated core, at what frequency can each query run”

27



Analytical Model—Turbo Boost Frequency

Assuming a linear increase in Turbo Boost ceiling for each
deactivated core, at what frequency can each query run”

fTeC]TB — f"“eQO

(1 o TLP) ' (freQMaa: _fTGQO)

27



Analytical Model—Turbo Boost Frequency

Assuming a linear increase in Turbo Boost ceiling for each
deactivated core, at what frequency can each query run”

freqrp =frego + (1 — TLP) - (freqpros — freqo)

jreqy  Base (current) frequency
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Analytical Model—Turbo Boost Frequency

Assuming a linear increase in Turlbo Boost ceiling for each
deactivated core, at what frequency can each query run”

(=TLP) - (freqpson — freay)
Jreqy  Base (current) frequency

- Available slack in cores

Jreq rp = Jreqq
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Analytical Model—Turbo Boost Frequency

Assuming a linear increase in Turlbo Boost ceiling for each
deactivated core, at what frequency can each query run”
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Given a potentially higher operating frequency, how much
speedup can we expect?
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Analytical Model—Packed Cores

Given a potentially higher operating frequency, how much
speedup can we expect?

TE — [T€
specdup — FALLE L . GGG
0

freq rp — Jreqq
freqq

— Efficiency of frequency scaling
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Analytical Model—Predictions
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Analytical Model—Predictions
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Predicted Speedup (%)

Notably, Q10’s modeled speedup of 15.1% is remarkably
close to our predicted speedup of 13.5%.
i 29



Takeaways



Takeaways

TPCx-BB (BigBench) is the only benchmark to faithfully
capture the realism and diversity of industry workloads.

30



Takeaways

TPCx-BB (BigBench) is the only benchmark to faithfully
capture the realism and diversity of industry workloads.

Thread-level parallelism is not so abundant in big data
workloads as common wisdom would have us believe.



Takeaways

TPCx-BB (BigBench) is the only benchmark to faithfully
capture the realism and diversity of industry workloads.

Thread-level parallelism is not so abundant in big data
workloads as common wisdom would have us believe.

Current hardware and software cooperatively undermine
Turbo Boost’s ability to accelerate execution.

&h 30



Takeaways

TPCx-BB (BigBench) is the only benchmark to faithfully
capture the realism and diversity of industry workloads.

Thread-level parallelism is not so abundant in big data
workloads as common wisdom would have us believe.

Current hardware and software cooperatively undermine
Turbo Boost’s ability to accelerate execution.

We propose core packing to aid Turlbo Boost and predict
4-20% speedup.
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Amdahl’s Law is Alive and Well
In Big Data Analytics

Questions

http://www.tpc.org/tpcx-bb/default.asp
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