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BigDataBencPRublications

BigDataBencha Big Data Benchmark Suite from Internet Services. 20th IEEE
International Symposium On High Performance Computer Architecture
(HPCA2014).

Understanding Big Data Analytics Workloads on Modern ProceSseinss
2017 https:// arxiv.org/pdf/1504.04974.pdf

Characterizing data analysis workloads in data centers. 2013 IEEE
International Symposium on Workload Characterizatib®@\{/C 2013 Best
paper award

BigDataBencha Dwarfbased Big Data and Al Benchmark SdiezhnicaReport.
https://arxiv.org/pdf/1802.08254.pdf

BOPS, Not FLOPS! A New Metric, Measuring Tool, and Roofline Performance
Model For Datacenter ComputingechnicaReport.
https://arxiv.org/pdf/1801.09212.pdf

Big Data Dwarfs: Towards Fully Understanding Big Data Analytics Workloads.
TechnicaReport.https://arxiv.org/pdf/1802.00699.pdf
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= Sevenworkloadtypes

w Al, Onlineservice Offline analytics Graphanalytics Streaming,
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=== Dwarfbasedsimulationbenchmarks

w 100Xruntime speedup 90+%averageaccuracy
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BenchmarkChallenge

A Complexityanddiversityof bigdataand Al systems
A Complexsoftwarestacks
A Diversityandfrequentlychangedworkloads
A Rapidevolutionof bigdataand Al systems

A BenchmarKairness

A Benchmarkanust include diversity of data amndorkloads

A Dataandworkloadshavegreatimpactson systemand architecture
evaluation

A Benchmarkconsistentacrosdifferent communities

A Differentbenchmarkrequirementsfor system,architectureand Al
community

A Forthe co-designof softwareandhardware
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2 K | ibwaiEfand Why Dwarf

A DwarfDefinition

A Capturesthe common requirements of each class of unit of
computation

A Beingreasonably divorced from individuahplementations
A Aminimum setto representmaximumpatterns

XVe CENCR |- AF VT — We needto understand
5 Y OK Y Tand Aty 2 K | fh@abstractions of
frequently-appearing units of
computationamongbig data
and Al workloads(big data
and Al dwarf)?

Better interpretation of
performance data
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Relational Model of Structured Data

A E. FCodd A relational Model of Data for
Large shared data banks. Communication of
ACM,vol13. no.6, 1970.

A Setconcept : general mathematical meaning
A General representation of data

A Basiof relational algebra (theoretical foundation
of database

A 5 basicoperations
ASelect, Project, Product, Union, Difference
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How to Abstract Big Data and Al
Dwarf

s

A B | g D a‘ta & Al DW arf ; Big Data Analytics Workloads ;
A U n itS Of CO m p utati O n Cilgori!hmic Analysis k [E.q;erimental Analysis

e/

-

Algorithm Runtime | | Runtime
Decomposition Environment Tracing
Operating | |  System
l System Profiling
Units of DAG-like ”
Architecture > l;rardw.are
ofiling

L B m———— B —
A Algorithmic analysis | [-Feasimers ot
. ] | | * Combination analysis « CPU Cycle breakdown | |
A EXperI mentab.n aIySIS | Analysis & Verification I
Abstraction
[ Big Data Dwarfs

~ . Computation Combinati
A Dwarf Abstraction m—A\ >
units of computation gp |+ CPU Time breakdown
* Abstraction of Frequently-appearing Units of Computation

* Minimum Set with Maximum Patterns

. A35F 0l . |SyOK BPOD | @*@ﬂ’i&ﬂﬁ&&&#ﬁfi

INSTITUTE OF  COMPUTING TECHNCLOGY , CHENESE ACADEMY OF SCIENCES



Big Data and Al Dwarfs
TN
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A Usingthe combinationto representa wide variety of
big dataand Alworkloads

A Noneedto createanew benchmark or proxy for every
possibleworkload

BigDataand Al Dwarf

Combinationswith U/ 2O0SRFAHF RI YS
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Separating specification from implementation

wModel relevant domains

Stateof-the-art algorithms and technologies
WYL SYSYUl A2y 1SSLI Ay LI OS

Data impact
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Benchmarkindviethodology

A Circlingaround thedwarfs

A Specificatiorof micro,componentand application
benchmark

" Benchmark Specification

(
|
| |
{pplication D i : Big Data Dwarf Dwarf Combination Application Model :
| ‘ : o y ‘ COSS |
- | Frequently appeating wlis of l [ Combination of one or more dwarfs User Processing I
M omputat harscterisit logic |
| |
Typical data sets ' ‘I
i i K
Typical workloads | p—k e e mmE s, |
ypi orklo L - v N/ |
| & | (-~ = I
=p EEf ' | £ 3 Complex workloads with | %é [Eado-cad Seachaccswith | | ¢
S| , e [ E omplex workloads with E ind-to-end benchmarks with
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Micro Benchmarks

Micro Benchmark Involved Dwarf | Application Domain Workload Type Data Set Software Stack
h FF t A y' S s . N S| Offline analytics | Wikipedia entries Hadoop. Spark. Flink, MPI
Gre 7 Six Offline analytics Wikipedia entries Hadoop. Spark. Flink, MPI
S SE. SN, EC. MP. Bl Streaming Random Generate Spark streaming
WordCount , Basye statistics Offline analytics Wikipedia entries Hadoop. Spark, Flink. MPI
D NJ LJK I Wils T e U A€ a Offline analytics | Wikipedia entries Hadoop. Spark. MPI
” Connected Graph SN Graph analytics Facebook social network Hadoop. Spark., Flink,
Component GraphLab, MPI
RandSample Sampling SE. MP. Bl Offline analytics Wikipedia entries Hadoop. Spark. MPI
. FFT Transform MP Offline analytics Two-dimensional matrix Hadoop. Spark. MPI1
Streamlng Matrix Multiply Matrix SE. SN, EC. MP. Bl Offline analytics Two-dimensional matrix Hadoop. Spark. MPI
Read Set SE, SN, EC NoSQL ProfSearch resumes HBase. MongoDB
Write Set SE. SN. EC NoSQL ProfSearch resumes HBase. MongoDB
Scan Set SE. SN. EC NoSQL ProfSearch resumes HBase. MongoDB
Convolution Jdransform SN, EC, MF. BI Al Cifar, ImageNet TensorFlow, Cafle.
NoSQL e
O Q Fully Connected Matrix SN. EC. MP. BI Al Cifar. ImageNet TensorFlow, Caffe.
pyTorch
Relu Logic SN. EC. MP. BI Al Cifar, ImageNet TensorFlow, Caffe
pyTorch
Sigmoid Matrix SN. EC. MP. BI Al Cifar, ImageNet TensorFlow, Caffe.
pyTorch
Tanh Matrix SN. EC. MP. BI Al Cifar, ImageNet TensorFlow, Caffe,
pyTorch
MaxPooling Sampling SN. EC. MP. BI Al Cifar, ImageNet TensorFlow, Caffe.
I L pyTorch
. AvgPooling Sampling SN. EC. MP. Bl Al Cifar. ImageNet TensorFlow, Caffe.
pyTorch
CosineNorm [36] Basic Statistics SN. EC, MP. BI Al Cifar, ImageNet TensorFlow, Caffe,
pyTorch
BatchNorm [37] Basic Statistics SN. EC. MP. BI Al Cifar. ImageNet TensorFlow, Caffe.
pyTorch
Dropout [38] Sampling SN. EC. MP. BI Al Cifar, ImageNet TensorFlow, Caffe.
pyTorch
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Component Benchmarks

Component Bench- | Involved Dwarl Application | Workload Type = Data Set Saftware Stack
mark Domaln
Xagrian Server Get. Put. Post SE Online service Wikipedia entnes Xapian
On“ne Se rV|Ce Tagciank Maty, Soft, Basic sabs. | SE Ciraph analytics | GOOgIc web graph Tadoop, . Spark,  FIink
tics, Graph Graphlab, MP1
edex Logic, Sort, Basic st SE Offline analytics | Wikipedia entries Hadoop, Spark
tics, Set
St H Rolling top wonds Sort, Basic statntics SN Str I Randoen generte Spark streaming, JStorm
real I “ n g R X SE SN, EC, | Offline analytics | Facebook social netwirk | Hadoop, Spark. Flink, MPI
Kmeam Matrin, Sort, Basic sutistic
MP. BI Streaming Randoen gencrate Spark stecaming
Collaborative EC Offline analytics | Amazon movie review Hadoop, Spack

Clraph, Matrine,

h -'F '_F t A y’ S I_ _%hwrn: f ‘e‘ A Q b4 EC Streaming MovieLens dataset JStomm
aiye' Buyes wa SHIMICS Sugl" SE.SN.EC | Offline analytics | Amuzon movie review Hadoop. Spark. Flink, MP1
S

a
1FT Matrix. Sumpling, Trums- | MP Offline analytics | ImageNet Hadoop, Spark. MPI
form, Sort

D NJ LJK I r 1 ED.»\ w4 i _E:ﬁmm. Sumpling SE Offline analytics | Wikipedia entries Hadoop, Spark, MP1
) I er By 2 EC E-commerce transaction | Hive. Spark-SQL., lmpala

Data warchouse |

-A.név.rg.‘u.-ln ch Basic satistics EC E-commerce trunaction | Hive, Spark-SQL, Impala
Project, Filter Set EC D E-commerce trunsaction | Hive. Spark-SOL, lmpala
ata by {
Sehect, Union Set EC E-commerce trunsaction | Hive, Spark-SQL, lmpala
S— — B ——
D ata AlCxnes SN MP BT | Al Cifur, TmageNet Temort Tow, Catle,
pyToech
Ware h Ouse Googlenet Matrix. Trasform. SN, MP. BI | Al Cifar, TmageNet Tcﬁnﬂ‘]uw. Caffe,
T i pyToech
Resnet DERPNG, L0 SN. ME.BL | Al Cifar, InsageNet TemorFlaw, Caffe.
Basic statisticy pyToech
[oception Resnet V2 SN, ME. BI | Al Cifur, ImuageNet TemarFlow, Cuffe,
pyTorch
VGGI6 SN.ME BI | Al Sfar, lnageNet TeosorFlow, Caffe.
py Toech
' L DCGAN SN, MF BI | Al LSUN TemorFlow, Caffe,
H py Toech
WGAN SN, ME BL | AL LSUN TemorFlow, Caffe,
py Torch
GAN Matrix, Sanpling. Logic, SN.MP BL | Al LSUN TemsorFlow, Caffe.
Basic statistics py Toech
Seq2Sey SE. EC.BlI | Al | TED Talks TemsorFlow, Caffe,
py Toech
Word2ver Mamns, Baxe sumstics, | SE SN EC | Al Wikipedia cntnies, Sogou | TemorFlow, Caffe,
1 Loy T
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SoftwareStacks

5DarkSQL

PyTorch ~
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BigDataBench.0- Dataset
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| «SoGou Data
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= Google Web Graph ‘. : yﬁ L,l N\HZGL] dZN\]

= Facebook Soclal
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= CIFAR-10

* ProfSearch Person * ImageNet ]
Resume’ « LSUN \
( * TED Talks )
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A SimulationChallengdor BigDataand Al Workloads

A Complexsoftwarestacksg limited supportof simulators
A Longrunningtime ¢ Severalveeksevenmonths

A A lightweigh simulation benchmark on the basis of
big data dwarfOpenMP& Pthreads
A Providea unified memory managememhodule
A Shorten the simulation time b{00s times

A Average micrearchitecturaldata accuracy is above 9@
X86 and ARMv8 processors
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| I
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1 Understanding Big Data Analytics Workloads / | Workloans |
/ | Pipeline Efficiency [
A Implementing ¢ . Instruction Mix
Big Data Dwarfs *  Big Data Dwart Components J | Branch Prediction |
/ l Cache Behaviors |
|
L o ) L ) ) / Micro-architectural Behaviors !
5 DAG-like combination with different weights (Tuning) / |- ——————— —i
/

Given a bi.g data V N : Memory Access I
analytics Tracing and o| Initial Weights Combmmg Proxy Metrics [~ Guaiified proxy Disk 1/0 Bandwidth |

workloads | Profiling | Benchmark .| benchmark | Speedup Behavior
Auto-tuning | [
Proxy Benchmark Construction ~ I

~ | Svstem Behaviors
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A Data generation tools
A Dwarf implementationgOpenMP& Pthreads
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A Dwarf implementationgOpenMP& Pthreads$

5) Sigmoid b S dzNJ

4) Dropout 6) Tanh bSig2
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Dwarf Combination &uning

A Modellingand Tuning

A Metric: M = (runtime, IPC, MIPS, L1D hitR, L2 hitR,

A Parameter: ? = ( dataSize, chunkSize, numTasks, weight )

sproppop sonkjeuy e fig

o i~ v
| Decomposing
|

|

> Dwarf

| | components

|

|

g} Initial

| Weights

|

|

|

| P ———

———————— — —— —

Yewpuag Ax0ig

T T A P T S I
| Auto-Tuning |
| | Feature Selecting | 9
=
| | Metrics (M o |1 =
1o Metrics (M) = | Modelling |1 B
I * System metrics Q e i = I o
| 0;\!i(ﬁ:-aﬂt-hiuwuml Lo ’;‘:”’_:_-:: P = ’( ;} ) »| Predicting i :P B 'g
metrics ":T A 2
| S ¥ « Neural network z ' &
Parameters (P) = a | 2
1, ‘ a =
| * Input data size 7 | =
P =
| * Weight , | <3
I * Number of tasks |
| * Chunk size |
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A Traditionalsimulationmethodology

A Kernelbenchmark
A Synthetictrace
A Syntheticbenchmark

: Typical - Different Multi-core System R
Methodology Benchmark wpat it Micro-architecture | Scalability | Evaluation AcEuCacy
Kernel Benchmark NPB [17] Fixed Recompile Yes Yes Low
Synthetic Trace SimPoint [19] | Fixed Regenerate No No High
Synthetic Benchmark | PerfProx [20] | Fixed Regenerate No No High
Dwarf-Based Dwarf ; ; : :

Proxy Benchmark Benchmark Gncdemand: | Auto-uning 15 15 High

BigDataBench
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Big Data - :
& Workload Patterns Data Set Involved Dwarfs Involved Dwarf Components
Benchmark
Moo Sort computations Quick sort; Merge sort
Tt;raSolrl I/O Intensive Text Sampling computations Random sampling; Interval sampling
Graph computations Graph construction; Graph traversal
Matrix computations Vector euclidean distance; Cosine distance
Hadoop r RS . S
Kmeans CPU Intensive Vectors Sort computations Quick sort; Merge sort
= Basic Statistic Cluster count; Average computation
Hadoo Matrix computations Matrix construction; Matrix multiplication
P Hybrid Graph Sort computations Quick sort: Min/max calculation
PageRank 3 Nee - .
Basic Statistic Out degree and in degree count of nodes
Matrix computations Matrix construction; Matrix multiplication
> Sort computations uick sort; Min/max calculation
Hadoop CPU Intensive : p. — Q : . :
SIFT Memiory hiteasive Image Sampling computations Interval sampling
' Transform computations FFT/IFFT Transformation
Basic Statistic Count Statistics
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Overview

A DwarftbasedBenchmarkingethodology

A WorkloadCharacterization

. - > - e
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Modern Processor Architecture

>

Rename/Allocate/Retiremen
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Scheduler
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Z
@)

4 ¥ ¥

ALU,FPADDDDivide,[ 2 | F
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Modern Processor Architecture

Rename/Allocate/Retiremen

\ 4
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ALU,FPADDDDivide,[ 2 | F
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Cache™ / | O Cache

A Backend bound t 2 NI Ty ARESANT G A 2 Y
i Core bound 5AQ0ARSNI 02dzy R
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