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Executive summary

Workloads Simulation Benchmarks

analytics analytics service » 100X runtime
_ Data speedup
S NoSQL » 90+% data accuracy

Big Data and Al Dwarfs

Analytics Service

Matrix Transform Sampling Graph Get
computations computations computations computations
Set Logic Sort Basic statistic
computations computations computations computations
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BigDataBench Publications

B BigDataBench: a Big Data Benchmark Suite from Internet Services. 20th IEEE
International Symposium On High Performance Computer Architecture
(HPCA-2014).

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

m Characterizing data analysis workloads in data centers. 2013 IEEE
International Symposium on Workload Characterization (IISWC 2013) (Best
paper award)

m BigDataBench: a Dwarf-based Big Data and Al Benchmark Suite. Technical Report.
https://arxiv.org/pdf/1802.08254.pdf

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

m Big Data Dwarfs: Towards Fully Understanding Big Data Analytics Workloads.
Technical Report. https://arxiv.org/pdf/1802.00699.pdf
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BigDataBench 4.0 Overview

BDGS(Big Data Generator Suite) for scalable data

Wikipedia Entries Amazon Movie Reviews  Google Web Graph

Facebook Social Network E-commerce Transaction ProfSearch Resumes

ImageNet CIFAR-10 LSUN
TED Talks SoGou Data Movielens Dataset
MNIST
13 Real-world Data Sets
Al workloads

}
BT
Offline analytics P Caffe
Online service
Streaming _ benchmarks

GraphX
Graph analytics

Shark M SO

Data warehouse Application Hadoop RDMA “MVAP'CH MPI
NoSQL workloads benchmarks SpO rc"(‘{ @";‘3 DataMPI
47 Workloads with 7 types e Software StaCkS
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What’s New in BigDataBench 4.0

Dwarf-based benchmarking methodology

e Using dwarf combinations to represent big data and Al workloads
e Specification for micro, Component and Application Benchmarks

=== Seven workload types

e Al, Online service, Offline analytics, Graph analytics, Streaming,
Data warehouse, NoSQL

==l Dwarf-based simulation benchmarks

e 100X runtime speedup, 90+% average accuracy
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Overview

®m Dwarf-based Benchmarking Methodology

m Workload Characterization
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Benchmark Challenge

B Complexity and diversity of big data and Al systems
s Complex software stacks
= Diversity and frequently changed workloads
= Rapid evolution of big data and Al systems

B Benchmark fairness

s Benchmarks must include diversity of data and workloads

* Data and workloads have great impacts on system and architecture
evaluation

B Benchmark consistent across different communities

m Different benchmark requirements for system, architecture and Al
community

m For the co-design of software and hardware
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What's Dwarf and Why Dwarf

m Dwarf Definition

m Captures the common requirements of each class of unit of
computation

* Being reasonably divorced from individual implementations

m A minimum set to represent maximum patterns

We need to understand
What’s the abstractions of
frequently-appearing units of
computation among big data
and Al workloads (big data
and Al dwarf)?

Benchmarking scalability

Portability cost

Better interpretation of
performance data
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Relational Model of Structured Data

m £ F. Codd, A relational Model of Data for
Large shared data banks. Communication of
ACM, vol 13. no.6, 1970.

m Set concept : general mathematical meaning
s General representation of data

= Basis of relational algebra (theoretical foundation
of database)

= 5 basic operations

* Select, Project, Product, Union, Difference

- > P o
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TPC-C Benchmark

B An On-Line Transaction Processing Benchmark

® Units of Computation
= a mid-weight read-write trans- action (i.e., New-Order)
= a light-weight read-write transaction (i.e., Payment)
= a mid-weight read-only transaction (i.e., Order-Status)

= a batch of mid-weight read-write transactions (i.e.,
Delivery)

= a heavy-weight read-only transaction (i.e., Stock-Level)

- > - e
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How to Abstract Big Data and Al
Dwarf

s

[ ] B | g Data & AI Dwarf . Big Data Analytics Workloads *
= Units of computation [sorimmic nasi "\ (Esperimenta Anciyss

e/

-

Algorithm Runtime | | Runtime
Decomposition Environment Tracing
Operating | |  System
l System Profiling
Units of DAG-like Hardware
>

m Dwarf Abstraction . "‘"+ Conbiion | || "““““““+ bofinz |
] Algorithmic anaIySiS /_- Frequently-appearing * Hotspot computations \|

I

= Experimental analysis '

|

| units of computation * CPU Time breakdown
p

| | * Combination analysis » CPU Cycle breakdown

|

T — — — — — — — — — — — — — — — — — — —

Abstraction
[ Big Data Dwarfs

* Abstraction of Frequently-appearing Units of Computation

* Minimum Set with Maximum Patterns
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Big Data and AI Dwarfs

-,
g Matrix computations

A\
g Sampling computations

\
Q/ Transform computations

Y

) |
i
@ Graph computations Figure 34: Gibbs sampling slgorithm in two

completing three iterations

% Logic computations U l
I. Set computations
/ |
/.. Basic statistic computations

& Sort computations

7{/ dimensions starting from an initial point and then

_—
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Why Dwarf-based Benchmarking

B Using the combination to represent a wide variety of
big data and Al workloads

= No need to create a new benchmark or proxy for every
possible workload

Big Data and Al Dwarf

Combinations with » Coverage of fundamental

Matrix different weights units of computation
Samplin :
TranEforFrgn Diverse big » Provide the methodology
Grabh data and Al of choosing typical

P workloads

workloads

Logic

Set

Basic statistics
Sort

> Reduce workload
redundancy

>
>
>
>
>
>
>
>
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Methodology Principle

Separating specification from implementation.

e Model relevant domains

State-of-the-art algorithms and technologies

e Implementation keep in pace with the improvement

Data impact

e Representative data sets considering typical types and
sources
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Benchmarking Methodology

B Circling around the dwarfs

= Specification of micro, component and application
benchmark

{ * Benchmark Specification |
I |
| Big Data Dwarf Dwarf Combination Application Model |
Application Domains | |
| : - r | o |
- : l Frequently-appearing units of } I Conbiuatiog c¥ ons oo Shom Adieis \ User Processing I -
| Computation_ haracterisitcs logic |
| )|
Typical data sets l ____________________________________________________________________ :
| 7 [

I I
T)picalworkloads | — l—-—---—--———------_---:‘ l

End-to-end benchmarks with
component combingtions

Complex workloads with

Micro .
Benchmark
g1 IS
5
o
g
CR
'Cnmpoml.
Benchmark:
&
z
e
3 AN
=
E
z
Application
Benchmarks
A
\
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Micro Benchmarks

Micro Benchmark Involved Dwarf | Application Domain Workload Type Data Set Software Stack
Offl | n e a n a Iyt | CSr Sort Sort Offline analytics Wikipedia entries Hadoop. Spark, Flink, MPI
Gre Six Offline analytics Wikipedia entries Hadoop. Spark. Flink, MPI
S SE. SN, EC. MP. Bl Streaming Random Generate Spark streaming
WordCount Basic statistics Offline analytics Wikipedia entries Hadoop. Spark, Flink. MPI
G ra p h a n a Iytlcs MDS Logic 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
Streami ng Matrix Multiply Matrix SE. SN, EC. MP, BI | 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.
pyTorch
N OS QL 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.
AI 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 Domain
.\'qn_-n Server Get. Put. Post SE Online service | Wikipedia entnes Xapian
On I | ne se rV|Ce PagcRank Matny, Sort, Basic sats. | SE Craph analytics | Google web graph Tadoop, . Spark.  FLnk.
tics, Graph | Graphlab, MPI
Texlex Logic, Sort, Basic sats- | SE Offline analytics | Wikipedia entries Hadoop, Spark
tics, Set
S . Rolling top wonds Sort, Basic statntics SN Str I | Randoen generute Spark streaming, JStorm
t rea m I ng X SE SN, EC, | Offline analytics | Facebook social network Hadoop, Spark. Flink, MPI
Kmeam Matrin, Sort, Basic sutistic
MP. Bl Streaming Randoen gencrate Spark stecaming
Collaborative EC Offline analytics | Anmzon movie review Hadoop, Spack
Graph, Matrix - ~ - -
Offl i n e a n a I tiCS iflllmng EC Streaming | MovieLens dataset JSu_le___________ —
y Naive Buyes Basic Stistics. Sort SE. bN EC r(mhnf: analytics | Amuzon movie review Hadoop. Spark, Flink, }ll’l
SIFT Matix, Sampling, Trans- | MP Offline analytics | ImageNet Hadoop, Spark. MPI
form, Sort
G h I . LDA Mutnix, Gruph, Sampling | SE Offline analytics | Wikipedia entries Hadoop, Spark, MP1
ra p dana yt ICS OrderBy Set, Sort EC E-commerce transaction | Hive. Spark-SQL., lmpala

Data warchouse -

-Aﬁmgn-m Scl Basic statistics .IS(;- i:.-;.vmmcnr tranaction | Hive, Spark-SQL, lny;ulu
Project, Filter Set EC - . | E-commerce transaction | Hive, Spark-SQL, Impala
ata |
Sebect, Union Set EC E-commerce trunsaction | Hive, Spark-SQL, lmpala
— —
Data AlCxnes SN ME B | Al I Cafur, TmageNet Temort Tow, Catle,
py Torch
Wa re h O u S e Googlenet Matrix, Transform, SN, MP. BI | Al Cifar, TmageNet Tcﬁntf"klw. Caffe,
R | py Toech
Resnet pling. Logic, SN. ME.BL | Al | Citur, InsageNet TemorFlow, Caffe.
Basic statistics pyToech
Inceptron Resnet V2 SN, ME.BI | Al | Cifar, lmageNet TemarFlow, Cuffe,
pyTorch
VGGI6 SN.ME BI | Al Cifar, lmageNet TeosorFlow, Caffe.
| py Toech
AI DCGAN SN, MP BI | Al LSUN TemorFlow, Caffe,
py Toech
WGAN SN, MPE BL | Al LSUN TemorFlow, Cafte,
| py Torch
GAN Matrix, Sanpling. Logic, SN.MP BL | Al LSUN TemsorFlow, Caffe.
Basic statistics ! pyToech
Seq2Sey SE. EC.BlI | Al | TED Talks TemsorFlow, Caffe,
py Toech
Word2vee Mamys, Baxic  sumstics, | SEC SN EC | Al | Wikipedia catries, Sogou | TemorFlow, Caffe.
1 Loy T
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One Combination Example

m Feature extraction — SIFT Workload

Frequency Domain

sy FFT = §
[ Gaussian | H“ Gaussian F
| Filter | . Filter , p— i J—
Al "\ Matrix . - -
Muttiolicati / Image\_ IFFT Image\DownSampllng / Image
LDETON 3| Scale —>| Scale | g
G, ™ om) \space/ spree/ N

\

it [ Input
\ Image / \ |magj‘_
4 b

/ uonoesiqgns
XINBA

/ : //F/eatur\e\ ot v/G/aussian Sampling I€EY p°i%4.sort—(/006\
Gk Vectors \Window \of Image \ Image
<€ \ \ |

Several dwarfs: transform computations(FFT, IFFT), sampling computations(downsampling),
matrix computations(matrix multiplication/subtraction), sort computations(sort), basic

statistic computations(count)
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Software Stacks

5DarkSQL

PyTorch ~
——

MOngoDB

Impal;
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BigDataBench 4.0 - Dataset

Un-structured [ sWikipedia Entries

. | sAmazon Movie Reviews
Semi-structured | smmist
| «SoGou Data
}' *MovielLens Dataset

- Google Web Graph | Un-structured
= Facebook Soclal 1
Graph

|
\

Multimedia

Structured Un-structured
. i
Semi-structured , . . |
Transaction Data = CIFAR-10 \
* ProfSearch Person * ImageNet "'
Resume’ * LSUN ‘.
( | » TED Talks )
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Dwarf-based Simulation

®m Simulation Challenge for Big Data and Al Workloads

s Complex software stacks — limited support of simulators
m Long running time — Several weeks even months

m A light-weigh simulation benchmark on the basis of
big data dwarfs (OpenMP & Pthreads)
= Provide a unified memory management module

m Shorten the simulation time by 100s times
m Average micro-architectural data accuracy is above 90% on
X86 and ARMvVS8 processors

- > - e
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Dwarf-based Simulation
Methodology

m DAG-like combinations of dwarfs

= Different weights

s Computation logic

L™ Mimic Big Data

| |
/
Understanding Big Data Analytics Workloads | Workloads |
I Pipeline Efficiency |
i Implementing ¢ . Instruction Mix
Big Data Dwarfs > Big Data Dwarf Components | Branch Prediction I
| Cache Behaviors |
|
) Micro-architectural Behaviors |
5 DAG-like combination with different weights (Tuning) |- ——————— —i
Given a big data \V4 | : e |
analytics Tracing and of Initial Weights Combining [~ Proxy Metries [ Qualified proxy Disk /0 Bandwidth |
workloads | Profiling | Benchmark Aiditiiioe benchmark | Speedup Behavior '
; |
Proxy Benchmark Construction < L System Bebavior _,l
. - ; Y ﬁ -
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Simulation for Big Data

®m Data generation tools
® Dwarf implementations (OpenMP & Pthreads)

Dwarf Components )
| | I |
: I | Matrix Sampling Logic Transform !
| : : Computations Computations Computations Computations :
JR—— Distance | |/ Random 3 SRy - YK

[ I ) ,
: . 5 | I | \_ calculation \ samnlmg J ( slER 4«) ( FFT/IFFT ) |
) ‘5 | | T O ‘~—.\ o e — - |
| B = P > )
A= I | \multiplication. samplmg / — - |
LS 21 > !
&8 | T——
: N I Set Graph Sort Basic Statistic | |
s 3! | Computations Computations Computations Computations |
'a &1 | | omputations el il P P [
P2 t |C  Union ) ( Graph ) (_ Quick sort ) ( Count/average | |
S | | crmm— _ construct Sr— statistics '
I | i | C Intersection ) s (_ Mergesort )| | o — | |
| | E o ( Graph ) e——————————j Prob'flb!hty } |
: | i | (_ Difference ) _ traversal ( Max/Min )| [\ statistics |
| | |
I— -— - -l e e o o o - - e e s - e - - n e - G G G G S G G G G e G e = e wm - e - 4
S J
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Simulation for Al

® Dwarf implementations (OpenMP & Pthreads)

1) 2) Fully
Convolution connected

3) Relu 5) Sigmoid Neural

4) Dropout 6) Tanh Network

7) Max

8) Avg
pooling
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Dwarf Combination & Tuning

® Modelling and Tuning

sproppop sonkjeuy e fig

_>
s Metric: M = ( runtime, IPC, MIPS, L1D hitR, L2 hitR,

= Parameter: P = ( dataSize, chunkSize, numTasks, weight )

o i~ v
| Decomposing
|

|

> Dwarf

| | components

|

|

g} Initial

| Weights

|

|

|

| P ———

———————— — —— —

Yewpuag Ax0ig

A A 7 o o o L !
Auto-Tuning |
Feature Selecting | 9
=
strics (M) . ol | &
MR DY = | Modelling 2, | &
* Svstem metrics e e i 8 | =
IR s e =B g y 43 Bl| = o 8
':,{:;':(::H‘( hitectural 8 B P — -’ ( ﬁ ) > P’-ed'( t,ng » ;: 1 ._:
: = ]
S ¥ « Neural network z ' &
Parameters (P) & 2 | (9
! & s
* Input data size 7 | 3
* Weight I 5
* Number of tasks |
* Chunk size |

BigDataBench
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Methodology Comparison

B Traditional simulation methodology
= Kernel benchmark
= Synthetic trace
= Synthetic benchmark

: Typical - Different Multi-core System R
Methodology Benchmark InputData | ygoro architecture Scalability | Evaluation Accuacy
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
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Dwarf Benchmarks

® Four representative big data workloads

Big Data - :
& Workload Patterns Data Set Involved Dwarfs Involved Dwarf Components
Benchmark
Sort computations Quick sort; Merge sort
Hadoop ; : ; 2 .
TeraSort 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 : it p. — Q SRR '
SIFT Memiory hiteasive Image Sampling computations Interval sampling
' Transform computations FFT/IFFT Transformation
Basic Statistic Count Statistics
. $akah -
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Overview

B Dwarf-based Benchmarking Methodology

B Workload Characterization

- » - 3
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Top-Down Method

B |ssue point as the dividing point

Whether the micro ! Only retiring Is
C : 5 op “« ”
operation is retired - Allocate? useful work
Yes No
. |
r——
Uop ever Not dvt
Retires? Ot ready 1o Not ready with
process a new uop
Yes No . ; - more uops

| |

FrontEnd

Retiring Bound

Speculation Bound

From “A Top-Down Method for Performance Analysis and Counters Architecture”
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Modern Processor Architecture

Rename/Allocate/Retiremen
t

\ 4

Scheduler

¢

Execution Port 0 ~ N

PrBerc?iz'(c:ign ‘ iCache/iTLB Cache

W
Instruction Fetch &
PreDecode

Instruction Queue

4

Decode

4

UOP 4 Allocation Queue
cache

©
o=
S
c > 3 @
O
t
(N

ALU, FP ADD, Divide, Load...

I-

L1D L2 L3
Cache =) Cache Cache

m Frontend bound iCache miss/iTLl3>
= Frontend latency bound miss

* Frontend delivers no uops in a cycle, while the Backend was ready
to consume them
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Modern Processor Architecture

Rename/Allocate/Retiremen
t

\ 4

Scheduler

¢

Execution Port 0 ~ N

N 2 2 ) 2
ALU, FP ADD, Divide, Load...

I-

PrBerc?iz'(c:ign » iCache/iTLB Cache

Instruction Fetch &
PreDecode

Instruction Queue

4

Decode

4

UOP 4 Allocation Queue
cache

©
c
Q
)
c
(@)
p .
L.

L1D L2

Cache =) Cache

® Frontend bound

s Frontend bandwidth bound
* Issued uops less than theoretical value (4 for Sandy Bridge) in a

cycle, representing an inefficient use of the Frontend's capability

L3
Cache
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Modern Processor Architecture

Rename/Allocate/Retiremen
nt

\ 4

Scheduler

\ 4

Execution Port 0 ~ N

PrISe?iz'(c:ir(])n » iCache/iTLB Cache

Instruction Fetch &
PreDecode

Instruction Queue

4

Decode

4

UoP 4 Allocation Queue
cache

©
o=
S
c > 3 @
O
t
(N

ALU, FP ADD, Divide, Load... &

I-

L1D L2 L3
Cache =) Cache Cache

- BaCkend bound Port under-utiliz@
m Core bound Divider bound

* Cycles the back end is bound on core non-memory issues (i.e. Out
of Order (OOO) resource and execution)
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Modern Processor Architecture

Rename/Allocate/Retiremen
nt

\ 4

Scheduler

¢

Execution Port 0 ~ N

Prz?izfign » iCache/iTLB Cache

Instruction Fetch &
PreDecode

Instruction Queue

4

Decode

4

UoP 4 Allocation Queue
cache

©
o=
S
c > 3 @
O
t
(N

ALU, FP ADD, Divide, Load...

I-

L1D L2 L3
Cache =) Cache Cache

m Backend bound
= Memory bound <Data cache m'SD

* bound in the memory hierarchy
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Modern Processor Architecture

Rename/Allocate/Retiremen
nt

\ 4

Scheduler

¢

Execution Port 0 ~ N

N 2 2 ) 2
ALU, FP ADD, Divide, Load...

I-

Branch : :
Prediction | iCache/iTLB Cache

Instruction Fetch &
PreDecode

Instruction Queue

4

Decode

4

UoP 4 Allocation Queue
cache

©
c
Q
)
c
(@)
p .
L.

L1D L2

Cache =) Cache

B Bad speculation
m cycles wasted because of incorrect predictions

L3
Cache
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Hardware

* 3-node Hadoop cluster

— Network: 1 Gb Ethernet network
— Processor: Intel Xeon E5-2620 v3

(Haswell)
Hardware Configurations T
CPU Type Intel CPU Core
lnl el k\ m ES-2620 V3 12 cores@2.40G ]
LI DCache | LI ICache | 12 Cache "'nr che

Memaory
Disk
Ethernet
Hyper-Threading

12x32KB | 12 x 32KB | 12 x

256 KB | ISMB

64GB,DDR4
SATA@ 7200RPM
1Gb
Disabled

| Software Configurations

Opemating System

CentOS 7.2

Linux Kernel 4113
JDK Version 1.8.0_65
Hadoop Version 2.7.1
Hive Version 0.9.0
HBuse Version 1.0.1
Spark Version 1.5.2

Tensorflow Version

Configurations

Software

e Software version
— Cent0S 7.2, Kernel 4.1.13
— JDK version: 1.8.0_65
— Hadoop version: 2.7.1

e Compared benchmarks
— SPEC CPU2006
— HPCC1.4.0
— PARSEC 2.0

Benchmark

— Seven workload types

BigDataBench

BPOE-9

@*@ﬂ;nw&xm &

INSTITUTE OF  COMPUTING TECHNOLOGY |, CHENESE ACADEMY OF SCIENCES



Execution Performance

® [LP and MLP
m Al: ILP slightly lower than SPECCPU, MLP similar with HPCC

= Big data has lower ILP and MLP than Al for almost all types,
except Hive based data warehouse type

. ¥ SPECCPU-Float

¢ Al (TensorFlow)

OnfineService (Xapian)

25 ®

Streaming $ OfflineAnalvt rk
© (SparkStreaming) @ OineAnuiyRos (perky

2 DataWarehouse OfflineAnalytics M
¢ (SparkSQL) {Hadoop) s

¢ DataWarohouse (Hive)

Memory Level Paralielism (MLP)

NoSQL (HBase) o
1.5 n ® GraphAnaiylics

= (Hadoop)
GraphAnalytics (Spark)

05 1 L5 2 25

Instruction Level Parallelism (ILP)
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Pipeline Efficiency (Level 1)

m Al reflect similar pipeline behaviors with the traditional benchmarks

retiring (35% v.s. 39.8%), bad speculation (6.3% v.s. 6.1%), frontend bound (both about

9%), and backend bound (49.7% v.s. 45.1%)
B Big data and Al have a small fraction of bad speculation

¥ Backend_Bound

| Bad_Speculation

2 Frontend_Bound

CIRetiring

| OAV-2IdH

| OAV-D3SYVd

| 180]3-NdJ3dS
| WI-NdIIdS

| sueaw)-Buiweans
- ueidex-221A1353UIUQ

| IWM-TOSON
~ Pe3y-T0SON

- OAV-MO|4i0sud |

" D9AZPIOM-MO|410SUD |
" 9T9OA-MO|4I0SUS Y

" uondasu|-moj41osud)
| 19USIY-MO|4J0SUd|

| 12u3|3009-M0|4405Ud |
| J3UX3|y-MO|4I0Sud |

- OAV-10S)4eds

| uolun-1sHeds
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- uonedaid8y-1psyseds
| Agapi0-10S}edS
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| uolun-anlH

| 193]35-3AIH

| 19)14-9A1H

" 13l04d-anIH
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. Aguapio-aniH

" OAV-yieds

. saAeganien-yleds
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" sueawy-yieds
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J0-yieds

" SQW-jJeds

| JUNo)pIoM-Heds
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| yos-yeds

| 9Av-doopeH

. saAeganien-doopeH
" 40-doopey

" sueawy-doopeH
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" JnNew-doopeH

| 144-doopey

- 9|dwespuey-doopeH
- ))-doopey

' SQW-doopeH
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NoSQL, Online
service, Streaming

| eptBMIEATREH LG

<
Q=
w
S5 3
O v
L =
e 8
O
(7,)
= 5
£ 2
oL

Offline analytics & Graph analytics
(Hadoop, Spark)
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Retiring Breakdown (Level 2)

m Retiring instructions from microcode sequencer (MS) unit are about 10

times larger than that of traditional benchmarks

Incurring notable penalties due to MS switches and further hurts performance

I BASE

quencer

B Microcode_Se

| OAV-D0dH
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NoSQL, Online
service, Streaming

A

Data warehouse
(Hive, Spark sql)

Offline analytics & Graph analytics
(Hadoop, Spark)
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Frontend Bound Breakdown (Level 2&3)

®m Big data Benchmark: More frontend bound than the traditional benchmarks
® Al Benchmark: nearly equal frontend bound with the traditional benchmarks

B Frontend bound percentage varies across different workload types
= NoSQL (35%), data warehouse (25%), the others (15%) on average

D Frontend_Latency:ICache_Misses B Frontend_Latency:ITLB_Misses Frontend_Latency:Branch_Resteers “Frontend_Latency:DSB_Switches
¥ Frontend_Latency:;:LCP HFrontend_Latency:MS_Switches W Frontend_Bandwidth:MITE Frontend_Bandwidth:DSB
Frontend_Bandwidth:LSD
S Bandwidth bound
0.35 |
0:3: 1
0.25 Latency bound
0.2 1
0.15 | .
= ilanhnalanant of.qh | Hif | H
0.05 | ! .
O.D”nw.,nu._ww_ ,,qnu“ﬂtﬂﬂﬂﬂﬂ_ﬂ,“w‘u...“., .”_nnﬂﬂ,_n,,_.ﬂv,ﬂnnn
SESUAESERG LY HPESUEESEELLY FSYEYSY SSErYSY FEESSSL2? 32 58 EIgg
2835385380353 3835 eE 20 s §RE83E3 FoieiEs FiifEss 3E 1§ i3::
SgEg8dstv282y REEER832FEaz £i1g2ss SEx3338 3 $2388 g3 i BREE
SESE3 53515258 R32373%:5£73% IpesfET ZpgP3ge zsFiisc 33 fP ghes
TeT S o §§8 2 = o §t§ = i g__‘ta - % gtggga == = Ao
8" g E 8 0§ ‘%3 2 FRARRF FEBE3Es 35 5
£ £ 2T 3 & 3 & z 324 §EE38%E" £ 5
X 2 = § Lo B 2 E’ S
Offline analytics & Graph analytics Data warehouse Al NoSQL, Online
(Hadoop, Spark) (Hive, Spark sql) service, Streaming
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Backend Bound Breakdown (Level 2&3)

B Memory bound is more severe than core bound

= Except online service (nearly equal core and memory bound)

e 9AV-DDdH
S 9AV-IISYVd
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Backend Memory Bound (Level 3)

® Mainly DRAM bound for big data and Al benchmarks

m More stalls due to L1 Bound, L3 Bound and Store Bound than traditional

benchmarks

ry:L1_Bound I Backend_Memory:L2_Bound * Bachend_Memory:L3_Bound "' Backend_Memory:DRAM_Bound ™ Backend_Memory:Store_Bound

[ Backend_Memo
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DRAM Bound Breakdown (Level 4)

: DRAM latency bound

| First bottleneck
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Iteration Number Impact on Al

B Measure the similarity
m PCA and hierarchical clustering using fifty micro-architectural metrics
= Smaller distance means the higher similarity

B A small number of iterations is enough

Googlenet-Large 0.373
) 1
Googlenet-Small j 0812 .
Googlenet-Medium -
Inception-Large +o‘)41
Inception-Medium |4 | 2471
7.37
Inception-Small T
Alexnet-Medium 0.651
) § 1.36
Alexnet-Small 2 9.67

>

Alexnet-Large

VGG1l6-Large 0.939
VGG16-Small t 1.01 ! %o
VGG16-Medium J

Resnet-Large 0.208
Resnet-Small io 229

Resnet-Medium j

0 2 4 6 8 10
Linkage Distance
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Summary

® Big Data Benchmark

m Different workload types reflect diverse pipeline
behaviors

m Backend bound is the first bottleneck

m Frontend bound is the second bottleneck

* Frontend bound percentages vary across different
workload types and software stacks

m Software stacks and algorithms both have great
impacts on pipeline behaviors
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Summary (Cont’)

m Al Benchmark
m Higher retiring percentage than big data
m Backend bound is the first bottleneck for Al

s Frontend bound is not always the second
bottleneck

s Neural network structures have a great impact on
pipeline behaviors, while iteration number has
little impact

, i > >~ e
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Conclusion

m BigDataBench 4.0

s An open source dwarf-based big data and Al
benchmark suite

m Website: http://prof.ict.ac.cn

B Technical Reports:
s https://arxiv.org/pdf/1802.08254.pdf
s https://arxiv.org/pdf/1801.09212.pdf
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https://arxiv.org/pdf/1802.08254.pdf
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BigDataBench Evolution

y 4
\ Dwarf-based benchmarking methodology )
2018.03 Micro, component, application benchmark specification BigDataBench 4.0
13 real-world data sets, 47 benchmarks, 7 workload types

New software stack: Flink, JStorm, GraphX, GraphLab
2015.12 New workload type: Streaming, Graph processing
New dataset and workloads

BigDataBench 3.2

5 application domains: 14 data sets and 33 workloads
Same specifications: diverse implementations
2014.12 Multi-tenancy version

BigDataBench subset and simulator version

BigDataBench 3.1

Multidisciplinary effort BigDataBench 3.0
32 workloads: diverse implementations

Typical Internet service domains BigDataBench 2.0
2013.12 : )
An architectural perspective

19 workloads & data generation tools

2013.7 Search engine 11 data analytics Mixed data analytics
: 6 workloads workloads workloads
BigDataBench 1.0 DCBench 1.0

CloudRank 1.0

BigDataBench BPOE-9 | @ FRMIEAERLELA

INSTITUTE OF  COMPUTING TECHNCLOGY , CHENESE ACADEMY OF SCIENCES



BigDataBench Users

m http://prof.ict.ac.cn/BigDataBench/users/

B |[ndustry users
m Accenture, BROADCOM, SAMSUMG, Huawei, IBM

®m About 100 academia groups published papers
using BigDataBench or citing BigDataBench
papers (800+ citations)

= VLDB/SIGMOD/ICDE, SC, FAST, ASPLOS, OSDI,
ISCA/Micro/ HPCA, ICPP and etc.

- > - e
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STIONS

Answers
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