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Data is uninterpreted information.

Data is any sequence of symbols given meaning by specific
acts of interpretation

is the quantities, characters, or symbols on which
operations are performed by a computer stored
and recorded on magnetic, optical, or mechanical
recording media, and transmitted in the form

of electrical signals
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Recent Processors

» General Purpose Processors

*  Accelerators

» Accelerated Processing Units

— Feb 12: Blue GenelQ

~ 17 cores, d-way SMT
— Movember 11: AMD Interlagos

~ 8FP cores; 16 integer cores
— 2011: SPARC T4

# cores, B-way fine-grain MT per core

— Jan 10: IEM Powsr 7

= 8 cores. &-way SMT. 3ZMB shared cache
— MNov 08: Intel Nehalem

- & cores, way SMT

— HNov 12: Intel Xeon Phi coprocessor
~60 cores
May 12: NVIDIA Kepler GK110
— 15 5MX x 192 CUDA cores (7,18 ransisters!)
— 2008: Tilera TileProg4
&4 cores in an Ex8 mesh

— May 12: AMD Trinity
4 CPU cores; 384 graphics cores
— Q4 11: Intel vy Bridge
=~ &cores. 2 way SMT. 6-16 GPU execution units
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Blue Gene/Q Compute Chip (2012)

»  System on a chip
— Processor, memory and network logic
*  360mm?, 1.4TE transistors

* 16 user+ 1 service cores + 1 redundant core
— all cores are symmetric
— 83N deway ST
— &4-it Power IS4
— 1.6GHz
— 16K L1D. 18K L1l cache
— L1 prafetch sngines
— each core has d-way DF FPU
— peak performance 2048 GFLOPS & 55w
»  Shared L2 cache: 32MB
— mutti-versioned cache
- wansactional memory, speculative sxscution,
atomic operations
*  Dual memory controller
— 16GB external DDR3 memary
— 1.3GBis
— 216 byte wide interface (+ECC)
*  Chip-te-chip netwerking
= router integrated onto chip: support for 50

Figure and mformation credit: Blue Gene/
@ compute chip. Ruud Hanng, Hot Chips
Torus 3. August 2011, hitp:iba lyOWa 110

*  External UQ: PCle Gen2 Interface 21

FHATIHERR BN A

= FEkES|
o LB AR IR 20 P A AR R R B RA & LAt
J, 20% 5k, AFtEaEFAHA TR TR, AL
A TF XL F A R A RAF R A R I T R LA,
RIBERARA R, AERT AR, KPR

“Sientific Discovery through Advanced Computing”,
» BRHER DOE Office of Science, 2000
o Bt R T AT KA T 4 R T R 6 R T e
o REE. A MSEERRREFZHER, X5, FE
it R R R AR AR, M T

The Need for Speed: Complex Problems

Science

—understanding matter from elementary particles to cosmology
—storm forecasting and climate prediction

—understanding biochemical processes of living organisms
Engineering

—combustion and engine design

—computational fluid dynamics and airplane design
—earthquake and structural modeling

—pollution modeling and remediation planning

—molecular nanotechnology

Business

—computational finance

—information retrieval

Earthquake Simulation

Earthquake Research Institute, University of Tokyo

—data minin
. g Tonankai-Tokai Earthquake Scenario
Defense : Photo Credit: The Earth Simulator Art Gallery, CD-ROM, March 2004
—nuclear weapons stewardship [ —— “
—cryptology _

Ocean Simulation

Sea Surfoce Temperature: 1/Jan

Ocean Global Circulation Model for the Earth Simulator
Seasonal Variation of Ocean Temperature
Photo Credit: The Earth Simulator Art Gallery, CD-ROM, March 2004
ELE e Pod 5

Community Earth System Model (CESM)

e P ey
CAM Modes: Multiple Dycores, Multiple Chemistry Options, WACCM, singhe column |
Data-ATM: Multiphe Forcing/Phivsics Modes
I > o o |
CLM Modes: no BGC, BGC, Dynamic-Vegetation, BGC-DV, Frescribed-Veg, Urban
Data-LND: Multiple Forcing/Physics Modes
S o
€ICE Modes. Fully Progrostic, Prescribed —
Data-ICE : Multiple Forcing/Physics Modes

POP  DOCN{SOM/DOM)  (ROMS)
POP Modes. Ecosystem, Fully-coupled, Ooean-oaly, Multiphe Plysics Options
Data-OCN : Multiple Forcing/Physics Modes (SOM/TOM)

%

Figure courtesy of M. Vertenstein (NCAR)

27
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CESM Execution Configurations CESM Simulations on a Cray XT
140 km ATM/LND, CCSMA4 physics 70 km ATM/LND, CCSMA physics
Sequential Layout Hybrid Sequential/Concurrent Layouts 100 km DCNACE 10 km OCN/ICE
s = = R 7 FOP 354 M 96
[ Driver {controls fime evolution) ] [ Driver: ] (54x6) B3]
POP G
. 2
| N 5 o
(512 x6) |
e duase
(4x5)
L EE————————
. —
32.7 SYPD on 3,844 cores 3.9 5YPD on 37,104 cores
(P processes x T threads) (P processes x T threads)
Processors Processors
Performance Limiters: Left is CAM; Right is POP.
Figure courtesy af M. Vartenstein (NCAR) Figure courtesy of Pat Worlay (ORNL)
28 29
Fluid-Structure Interactions Air Velocity (Front)
+ Simulate ...
—rotational geometries (e.g. engines, pumps), flapping wings
+ Traditionally, such simulations have used a fixed mesh
—drawback: solution quality is only as good as initial mesh
+ Dynamic mesh computational fluid dynamics
—integrate automatic mesh generation within parallel flow solver
- nodes added in response to user-specified refinement criteria
- nodes deleted when no longer needed
-l ivity changes to maintain minimum energy mesh
—mesh changes continuously as geometry + solution changes
+ Example: 3D simulation of a hummingbird’s flight
Al A el
[Andrew Johnson, AHPCRC 2005] 3 S : Fiy IR SR P

‘ Mesh Kﬁapfatlon iTro ﬂ
Air Velocity (Side) ‘ pP——— o _

AT

N

gl A, i
Ay 1P sl Saillar

33
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Hierarchical Parallelism in Supercomputers

* Cores with pipelining and short vectors

System
* Multicore processors (64 cakinets, 64/32¢2)
i i
¢ Shared-memory multiprocessor nodes

* Scalable parallel systems Cabinet

- 25%6GB0IR
=S WREORREAHEDHAMN
TRMNIBHT sei2ars  89BOR
gy 7 = v 2856GFs  05G3DOR
= T e 4MB Image credit: BUp:/WWW.ISTSC. g0V Mews/epors bluegene oif 41

b

Blue Gene/Q Packaging Hierarchy From Chips to Entire System
HPCL

#16000 compute nodes in total
#Frame: 32 compute Nodes

System

6 GB DDRY Memory
#Rack: 4 Compute Frames

ooy ; 2
2B = %
. 4 Whole System: 125 Racks

8, Rack 7. Systern
2 Micplares 20PFis
1,2 or d VO Dvawers

AJRUCEIREE

Compute Frame

Figure credit. Ruud Haring, Blus o Compute Rack
Gene/ compute chip, Hot Chips Compute Node
23, August, 2011 41 dRRTHE LY

Natromal Univerity of Defense Tecknology

= s ag sk = — .
Sin A THL AR ':J"Etﬁg ores (TFiophs Application Area / Systems
&)  MNational Usmersity of Defense Technology  Tianhe.2 (MilkyWay.2) - THIVB-FEP Cluster, Intel 3120000 338627 A49024
China P ——

M Others
Chemistry
Energy

|| Semiconductor
Information Processi|
Electronics
Aerospace
Dambase

M Finance

B Automotive
‘Weather and Climate

| Geophysics
Telecomm

W NotSpecified

DOE/SCI0ak Ridge Mational Laboratory
Unitad States

ay 560640 175000 271125 6209

€ DoErmsaLa
United States

1572068 ATIZ RRT TN

TOS02¢ 105100 11ZE04 12660

TEGLIZ 85855 00653 3935

Systems

Leibraz Aechl
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N

= BEIRFHTHAMENREDIAZIHR AL

= REHERASHEERFHITIRARRIIXE—

. ?{ﬁ?ﬁﬂ%ﬁ'ﬁﬂ%ﬁﬁ%’f@@ﬁﬁ%&)ﬁ » BRI AR

EIBL: At ARFATH?

= FiTHE(parallelism) B BERI AR H TIEH AR RO E
o FFAIHATIEGY B 6% AR S AL K

= FHTHREIRAR
o Rl i (simultaneity) 48 AN S AN F AR — i 2] K £
o FF Kt (concurrency)ds AN & % AN F 12 Bl — B 18] 18] [ P &
%

= FRIFHITHERER
o AN KA, BAER; HER

R PR AR 80

= FERFNFIAFTIERSEE

5, A BB JB) $ i B AR R S K A

R T AT AR Ao UL R

o B E & TR TSI R A LS AR A A
Bt AR AT AR E A Ak A Rl — B AR AR & 09 &30

o RREL: AT HMAETIANZTRRZ @ E 7 X ERM

o KR A R BARE TR B AR P Be— 2 i RDIR U A
HAL AR — B TR, ARG LA R E, THZRS R AR

e P 81

What is Pipelining?

Dave Patterson's Laundry example: 4 paople doing laundry
‘wash (30 min) + dry (40 min) + fold (20 min) = 90 min Latency
6PM 7 8 9

= In this example:
« Sequential execution takes
4 * 90min = & hours
» Pipelined execution fakes
30+4°40+20 = 3.5 hours

+ Bandwidth = loads/hour

* BW = 4/6 I'h wio pipelining

= BW=4/3.5 l/hw pipelining

+ BW == 1.5 l/h w pipelining,
more total loads

= Pipelining helps bandwidth
but not latency (80 min)

= Bandwidth limited by slowest
pipeline stage

* Potential speedup = Number

TenIg mhs ooy

— 024005 cs267 Lecure 2 pipe stages &

HATHERANA

H FHTHEEES

FHTHEERE

FHTITERE

FHTIRTEARE

HATIHE ML % (Flynn)

= SISD

SIMDE{E SRS SRR

« MISD
. MIMDEIES S SR |ALULM | |ALULM |
T T
Interconn/SM
Ins.
bata CUIALU/ CUIALU/
LM LM
L
RS R AGE K 84
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FHANLEMEE: THRRN%

- Pl g .
. vepEscEEE O QN F°
= IR \':\_ J _Ix"’
R 1 ; T i\

BT REBREN

[ ] o ﬁ

[0 4 14 24 34k 2
110 111
n ZERANEIn = 20 Hrhd A% 010 o
= HETEEHEIL 10 o1
000 001

CCi(Prr BaPPBy) =Py P PPy By, OSi<m

Bk n=29{)/ 7 7 6 EnANEBORA
BN AL il B EEEN
fori=0 to d-1 do

for each peP par do p5CCy(p)A# 3% E sk Al endfor
endfor

MIMD3# AT ML~ &

-.. ...

Al

\ R | Pk |
:
(a)PVP (b) SMP

(d) DSM 292 (LUK, ATM, ete.)

(e) COW

ML fa B AMIMDIAT ML 45 #y A A
« SIMIMDFHFHUAESE B AN E:

0 AHBAENEEREY XM (EFH) LA5H KM
0 AFHHE T AT A % Huht T 18]

I Address Space

2 Shared Individual
o Centralize UMA - SMP (Symmetric N/A
é d Multiprocessor)
< Distribute NUMA (Non-Uniform Memory MPP (Massively
Access) Parallel
Processors)

FHFR 52 Ab 7 22 (SMP)

Symmetric Multiprocessor (SMP) architecture uses shared system
resources that can be accessed equally from all processors

Bus or Crossbar Switch

Memory

A single OS controls the SMP machine and it schedules processes
and threads on processors so that the load is balanced

| KM 47 AL EE (VPP)

= Massively Parallel Processors (MPP) architecture consists of
nodes with each having its own processor, memory and I/O
subsystem

Interconnection Network

Cache

= Anindependent OS runs at each node

90
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3k 3441 %7 4% 7 5] (NUMA/DSM) MBI

= Non-Uniform Memory Access (NUMA) architecture machines = BEMTERANGE
are built on a similar hardware model as MPP = BT, ZE BE=SASE
= NUMA typically provides a shared address space to » [BEISER
applications using a hardware/software directory-based o Aeik ik (Speedup) 4T 5 I HUTH 2
h tocol . o w  w .
conherence protoco o A=kF (Throughput) 438 1] R 5% Ak 69 7 K AE 52
Th \at . ding to wheth o %% (Efficiency) ikt 5 EHZ b
= The memory latency varies according to whether you access o T4 Rt Ai (Scalabilty) KA 42 E B Mtk fb AR

memory directly (local) or through the interconnect (remote).

. i‘é 4L Lk
Thus the name non-uniform memory access #ha

= Asin an SMP machine, a single OS controls the whole

system
91
Amdahl & £ Amdahl ®# : #F
= We parallelize our programs in order to run them faster = Suppose that 80% of you program can be parallelized and
that you use 4 processors to run your parallel version of the
= How much faster will a parallel program run? program
o Suppose that the sequential execution of a program takes . )
T1 time units and the parallel execution on p processors = The speedup you can get according to Amdahl is:
takes Tp time units 1 1 )
o Suppose that out of the entire execution of the program, s ne m_':" 2.5 timos
fraction of it is not parallelizable while 1-s fraction is F
parallelizable = Although you use 4 processors you cannot get a speedup
a Then the speedup (Amdahl's formula): more than 2.5 times (or 40% of the serial running time)
n N 1

% sy X200 _H—I;“

BREW 5 EGREY RN

= Amdahl’s argument is too simplified to be applied to real = NEMNFHTICRIREARDE M N ERR:
cases
= When we run a parallel program, there are a communication 0 B KRAALR T HITIE S
overhead and a workload imbalance among processes in
general e .o oo
o MPATR #ALAY f BB
20 80 20 80
Serial Serial
e e \
Parallel |_20 | 20 === Parallel | 20 | 20 0 FMLTE TR B AE Lyt
Process 1 [me— Process 1 |e—— E
Process 2 S —
= cannotbe
——5 5 -
Process3 = cannot be parallelized Process 3 s Can be parallelized
process 4 Can be paralcized Process 4 et I communication overhead
----> Load Unbalance
1. Parallel Speed-up: An Ideal Case 2. Parallel Speed-up: An Actual Case
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Efficiency

= The parallel efficiency of an application

o Efficiency(p) <=1

o For perfect speedup Efficiency (p) = 1
= We will rarely have perfect speedup.

o Lack of perfect parallelism in the application/algorithm
Imperfect load balancing
Cost of communication
Cost of contention for resources, e.g., memory bus, I/O
o Synchronization time

= Understanding why an application is not scaling linearly will
help finding ways improving the applications performance on
parallel computers.

o o o

M REAR IR

Log of problem size

fixed size/speedup

insufficient
parallelism

Log of number of processors

Y A RATE

= FHTHERRTT B (Scalability ) thREZHEREER
o THREREAAGEEREALHLAKFT, HHMRL (RIEEX
AR ) LRI ALIE B B A0 Ao T 4 AP B RO HE
= SNIINELCAIEER © AR S EIRITE
o KAFAEE 6 T
o RIS TN GBI, FH. S, TRRMRR S )
o Ae R RILE AT Sk 0 A AL
= IENNEREAIHUEE I TR IHEAEE
o B RIS T RARE 05 K R
o BINIF4  3he 5T R A% A A S 69 3o
o P BR TGN RERTER (B S 0L A
ML K T o
= IENNYMEERMSIEAESITHAIPE A IRERAIARER | T T— M
ERFIRG (BEHIER ) | ClIREEMR TSN iEes
RIBEARIESZIRG , MEREXHEEAMETY RIEX—i5n.

B T REFIR () o

o AR AR AL EE
o AT HB A 6 R AT R e P AW,
o0 METERFLGIETAE, LHAE (TREEMS, 37
K9S E) TR T TH AL
. BRI EE :
o HR AR K PRI T I kB TR TR R A
ST LA AR K 60 458
o AP F AP R L5 M0 AT AL L0 A S ok % A5 4 2 K AL

A TEAL LB B AT G M AR
o B EFARAAL, AR R AT AL LR A2 B S h TR
FFE9 IR K B9 AR bE

o AT A F AT ik A TR R 254, AR AT R R T e
SRR T Rk RE AL B
= HEIE— DA, SRR AT ANFAIER

EREEEAE
w At Mt R I AT R G ERIAS AL FEES (K AT H S () A
SMITEE I 8] (@%E%‘ Iﬂi*ﬁ?l‘ﬂ%“ﬁﬂﬂ‘lﬂﬁ)
Te = zt; To = zt:)

p AP MBS ARG EIAT A AT ], AR AT
p=littd s HT+T,=pT,

u [ AR AW g e e 3 AT 5305 T 58 B T B W=T
g=te__T. ___P P g .S _ 1t
T, T.+T, T

1
2 gyl

o T P T
b l+f 1+W 1+ T W
w URE W REFAAS, ACBRZR BN, JFRIT AR, 2K
RENRE. AT HFFRCEAR, A R, 7 BAN R
BRI RS WIR B o PRk USSR R S () AR W
I b TS R 2 1 58

B SN EERAR (5

= 0T RS WA p Y E ()AL N MR 9 T K
n MR LRR IR EA R s 23R FA R TN il
2k SRR FE AT TR

TAEGER

b 3% K P
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SHATHARABA AR IR
L] 5 /71:' XE
FTIHERA THESRRR
= BrentEi#
= PRAMESE
TS = MPPE:% W@i
s PCAMFTEZ: [T - SERMIMDAEE
| L tia R o
%@i b
M TR Fi74 P
TRAEEL [y
o
' sE3RoT N={012.} kst o y
| EEEAMNIERR Rt B EE
" " R ¥
g, f:N" >R R TG = BEAIRE
fAIgZ A U R K A& R" =R’ U{0} = [EJREATE . HABIE
- SR HiEA R o
(3ceR7)(ENn, e N)(Yn2ny)(f(n) <cg(n)) §[Eﬂ§¥;
FRRFH—A> F5t, it Af =0(g) e
EEERE

cg

R
f g c Ng f
2n? 3n? | >=2/3 1
n+2n | n? >=3 | >=1 1
|
0 m

No

g(n)73f(n)
730(g(n)) £R

ZHAEREEREERE:
0O(1)<0O(logn)<O(n)<O(nlogn)<O(n?)<O(n3)
0O(2M<0(n!)<O(n")

BrentiEIE
o WMEHER: SOEBHEAUTESHETER
AR (28 - iHpEArEss

AW (n) & FFHAT FIRATE B AT T (n) A FTIAT B iE B
T Af P p 3 AL B S T 7E (n) =O (W (n)/ p+T (n) i 18] Py 4T

(==
etk

[

W T AT GRAT ), MR 5
LB RW, (), 2Ep AL FBHLN T FE Ak FNF()")W%T*/F
BEBL, 5 % B AEp A AL L AT I ]

ﬁ(%p—‘sﬁﬂw;nw+lj<—§w(n)+T(n)< Lwm+T()

TRFEGET() A RS (R R IFATE, XA BHOR TR, WD , 4
W= REESAIATE N IRIERCE GE5TRD X F ik Sk o i

i)
[Wﬂ W, +p-1
. Si
p p

JsSiifiagInR
S‘[Mlgiwiw =i%+2 : 1, 2w Z T(n)+W(“>p‘T(”>

TERUEIAT DI, XL 5 KD AAE T T(n)
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> J 3
é\j\j‘* ‘b\/a ¥ Bl HEREE
—a © [
| .- &k, SIMD-SM_EAISRA
In: n=2K, FRMHBIELHHEAD .
i _ Out: S
- begin
(1) for i=1 to n par-do B(i)«A(i) endfor
il (2) for h=1 to logn do
1§ opamahinnd for i=1 to n/(2") par-do
B(i)<«B(2i-1)+B(2i1)
t=5%5 (¢ endfor
( ?nmwb endfor
To schadidt g L pracessons, d(3) S«B(1)
st leel  Hwe 3 en -
i el e T n
A fond e 1 W(n)=n+ZF+l=O(n) T(n) =0O(logn)
t[_l\ lawat m’t i=1 |
" et -
Bl. RAu%Ek ‘(1) om=o(p)
(2) HEhYGE A 7 I R 10 (n/(2p))
: IR KPATR I Mp, MRIERT: BKR TR, HEEN
(1) for j=1 to I=n/p do oA B A TR, LR L i
B(5- 1)+ PoAl(s-1)+) won-omy BKH BOKMTLHBEOCT LN, L FTLLR I
endfor (2) FBhVIE AR T I 1)
O(n/(2"p)) logn n
(2) for h=1to log n do FEKAATH AP,
(2.1) if (k-g-h>=0) then YA Bk T — oit p
for j=2kh-a(s-1)+1 to 2kh-as do L 1=
B(j):=B(2j-1)+B(2j) BCHL: BESTIAR ®ow
endfor HOCFIN, AL
endif JIT LA 1] ¢
(2.2) if(s<=2kh) then logn[" ) logn n 1
B(s):=B(2s-1)+B(2s) >l —5—|<logn+| > —— [=logn+|—2-(1->)
endif =27 =27 P n
endfor
logn _ n
(3) if(s=1)then S:=B(1) endif _n t(n) = O(B +logn)
end = ZHD
W(n)=n, p=p, T(n)=log n, /i LA i i Brenti # .
| Bl PRAWCROVAA A A B 3 | f: PSRSHF
PRAMR: SIMD, FFRAHIZISM, i N th #57E % SM SR SHUOAMPIFE - H T NORMALE H (MPPZH) tndEsf I
| |
Given n elements A[0, n-1], find the maximum, (a) ¥y21%19) : [15]46]48]93]39] 6 [72]91]14]36]69]40[89]61]97]12]21]54|53[97]84]38]32[27]33[72]20]
With n? processors, each processor (i,j) compare A[i] and A[j], for 0<i, j <n-1. : :
. . (b) e « [ 6 [14]15] 39]46]48]72]91]93]12]21]36]40]54]61]69[89]97 |20 27 [32] 33 53] 58 [72]84]07]
FAST-MAX(A): )
. nil_e)ngth[i\] ) X AU ! NN
sl e ; r; (I) [1 ;' ”I’_ (c) ERIRAE: 6 %9 T2 1z 40 6 20 B 72
fori-ﬂ:;nn?;]l.jrxjull- 0to n-1, in paraliel A 2!’ ETET|E (&) STREHEP « 6 12 20 33 39 40 69 72 72
P oty Lo OF FFFF[T © mew——
do if m[i] =true i 2TTTFT|F o , | _ _ | - - —\ S - _
i remmmtar;enmax—ml olF FFF FlT () e85 ¢ [ 6 [14]15] 39]a6]48]72]91]93]12]21]36]40]54]61]69[89]97 |20 27 [32] 33 53] 58 [72]84]07]
max=9

The running time is O(1). () 2%t [ 6 [14]15] 12]21]20]27]32]33] 3946 48] 36]40]54]61]69]53]58| 72[91]93]89 [97] 72[84]97]
Note: there may be multiple maximum values, so their processors I l

Will write to max concurrently. Its work = 12 X O 1} =0(1?).

| |
(h) VA4« [ 6 12]14] 15]20]21[27]32]33]36]39]40[46]4853]54[58]61]69] 72[72]84]89]91]93]97]07]
\ \

[€6. 1
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PCAM% it 3t 42

| 9 SRR GES, F
1 # A4

W AE: o =k AE 5 i 6 B
R, Lolx]oebni

mh: BBESGRHY,
0o B K G 1E S

At K EAMES SRR

2EE, BEF kR

FHATHEREREA
FTHERA
M FHTHHES

FHTHEE R

I

I

FHTERE

FHTRIERE

[

FaTREHE

What is a parallel programming model?

o A programming model is an abstraction provided by the
hardware

to programmers

It determines how easily programmers can specify their
algorithms into parallel unit of computations (i.e., tasks) that
the hardware understands

It determines how efficiently parallel tasks can be executed
on the hardware

o

=}

Main Goal: utilize all the processors of the underlying
architecture (e.g., SMP, MPP, NUMA) and minimize the
elapsed time of your program

G k2 S

Parallel Programming Models

Shared Memory Message Passing

118

Shared Memory Model

In the shared memory programming model, the abstraction is
that parallel tasks can access any location of the memory

Parallel tasks can communicate through reading and writing
common memory locations

This is similar to threads from a single process which share a
single address space

Multi-threaded programs (e.g., OpenMP programs) are the
best fit with shared memory programming model

Shared Memory Model

Single Thread Multi-Thread

S1

<——Time
o
=
<——Time

Process

Process

119

120
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Shared Memory Example

begin parallel // spawn a child thread
private int start_iter, end_iter, i;
shared int local_ =4, sum=0;

shared double sum=0.0, a[], b[], c[1:
shared lock_type mylock;

start_iter = getid() * local_iter;

barrier;

sum = sum + a[i]; - - - N -
i1 for (i=start_iter; i<end_iter; i++)

Print sum; 3 i@l > 0) £
Sequential ! lock(mylock) ;
H sum = sum + a[i];
: unlock(mylock) ;
: barrier; // necessary

end parallel // kill the child thread
Print sum;

ERmEER

Parallel Programming Models

Message Passing

\ j Parallel

122

Message Passing Model

= In message passing, parallel tasks have their own local
memories

= One task cannot access another task’s memory

= Herce, {0 communicate data ihey have to rely on expiicit
messages sent to each other

= This is similar to the abstraction of processes which do not
share an address space

= MPI programs are the best fit with message passing
___programming model

Message Passing Model

Single Thread

Process

Process 0

Node 1

rocess 1 Process 2 Process 3

Node2 Node3 Node4

ata transmission over the Network

124

Message Passing Example

id = getpidQ;
local_iter = 4;
start_iter = id * local_iter;
end_iter = start_iter + local_iter;
if (id == 0)

send_msg (P1, b[4..7], c[4..71);
else

recv_msg (PO, b[4..7], c[4..71);

N N " start_iter; i<end_iter; i++)
for (i=0; 3 i+4) = b[i] + c[il;
if (a[i] > 0) ’

sum = sum + a[i];
Print sum;

Sequential

recv_msg (P1, &local_suml);
ocal_sum + local_suml;
sum;

Shared Memory Vs. Message Passing

Comparison between shared memory and message passing

programming models:

Aspect Shared Memory Message Pa:
Communication Implicit (via loads/stores) Explicit Messages
Synchronization Explicit Implicit (Via Messages)

Hardware Support Typically Required None
Development Effort Lower Higher
Tuning Effort Higher Lower

send_msg (PO, local_sum);

\} Parallel

126
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‘ HATH B F: MPI SPMD/MPMD MPMD

» EFEREENZNHERTHT | EEEERERENE = The MPMD model uses different programs for different
= MPIEENS : EEEE ; HE/RIGH ; AR EE processes, but the processes collaborate to solve the same
problem
Compile & Link = MPMD has two styles, the master/worker and the coupled
A Executable analysis

SPMD Job

SPMD Launch ——
A aunc Q @ b.out = fluid analysis and
= A & ﬁ

B=l=]=]=| B EHE —
e <
Node 1 Node 2 Node 3 Node 1 Node 2 Node 3
1. MPMD: Master/Slave | 2. MPMD: Coupled Analysis
]: Cannon/ [& & i CannonF ik: AWHN
= ERATRIE
= FHEEM
= HINEE
o s
o

o WFRASE

ZDIDZOIDIID

B
« bR

‘ CannonZE ¥k: XFA ‘ CannonZE¥: XtFB

<=m
Al1,2] A[1,3] A[1,0]
B[1,0] B[1,2] B[1,3]
C[1,0] C[1,2] C[1,3]

A[2,0]

B[2,0]
C[2,0]
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| B FEA RS RBECH R

AfuB%- B 1B FH fr

& B R4St RAnEICH Sk

HBERER

Cannonf [ e JEMP 142 5

S¥#a, b, fllc DENERSEBFENS IR , SBIRILLA, B, FC, 13
Enb 7.
SFREEANEC BT B Isqrt(n)NTERE | p=2t, tAIEEE
S#com FAAMatrixMatrixMultiply O RIHIERR | B(55%
FREMEO MatrixMatrixMultiply(int n, double *a,

double #*b, double *c, MPI_Comm comm)

1|MatrixMatrixMultiply(int n, double *a, double *b,
2 double *c, MPI_Comm comm) {
int i, nlocal, npes, dims[2], periods[2];

int myrank, my2drank, mycoords[2];

MPI_Status status;
MPI_Comm comm_2d;
/* Get the communicator related information */
10 MPI_Comm_size(comm, &npes);
11 MPI_Comm_rank(comm, &myrank);
12 /* Set up the Cartesian topology */
13 dims[0] = dims[1] = sqrt(npes);
14 /* Set the periods for wraparound connections */
15 periods[0] = periods[1] = 1;
16 /* Create the Cartesian topology, with rank reordering */

3
4
5
6 int shiftsrc, shiftdest;
7
8
9

int uprank, downrank, leftrank, rightrank, coords[2];

17 MPT_Cart_create(comm, 2, dims, periods, 1, &comm_2d);

19
20
21
22
23
34
25

26

27

28

29
30

/* Get the rank and coordinates */
MPI_Comm_rank(comm_2d, &my2drank):
MPI_Cart_coords(comm_2d, my2drank, 2, mycoords);

/* Determine the dimension of the local matrix block */
nlocal = n/dims[0];

/* Perform the initial matrix alignment. */

MPI_Cart_shift(comm_2d, 0, -mycoords[0], &shiftsrc

&shiftdest);

MPI_Sendrecv_replace(a, nlocal*nlocal, MPI_DOUBLE,

shiftdest, 1, shiftsrc, 1, comm_2d, &status);

MPI_Cart_shift(comm_2d, 1, -mycoords[1], &shiftsrc,
&shiftdest);

MPI_Sendrecv_replace(b, nlocal*nlocal, MPI_DOUBLE,
shiftdest, 1, shiftsrc, 1, comm_2d, &status);
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31 /* Get into the main computation loop */

32 for (i=0; i<dims[0]; i++) {

33 MatrixMultiply(nlocal, a, b, c¢); /*c=ctaxb*/

34

35 /* Compute ranks of the up and left shifts */

36 MPI_Cart_shift(comm_2d, 0, -1, &rightrank, &leftrank):
37 MPI_Cart_shift(comm_2d, 1, -1, &downrank, &uprank):

38 /* Shift matrix a left by one */

39 MPI_Sendrecv_replace(a, nlocal#nlocal, MPI_DOUBLE,
40 leftrank, 1, rightrank, 1, comm_2d, &status):
41 /* Shift matrix b up by one */

42 MPI_Sendrecv_replace(b, nlocal#*nlocal, MPI_DOUBLE,
43 uprank, 1, downrank, 1, comm_2d, &status):

44 }

45 /* Restore the original distribution of a and b */
46 MPI_Cart_shift(comm_2d, O, +mycoords[0], &shiftsrc,

&shiftdest);
47 MPI_Sendrecv_replace(a, nlocal#*nlocal, MPI_DOUBLE,
48 shiftdest, 1, shiftsrc, 1, comm_2d, &status);

49
0

SRR~

s3]

gl o1 Or Ol o1 O g1 1Ol

MPI_Cart_shift(comm_2d, 1, +mycoords[1], &shiftsrc, &shiftdest):

MPI_Sendrecv_replace(b, nlocal*nlocal, MPI_DOUBLE,
shiftdest, 1, shiftsrc, 1, comm_2d, &status);

MPI_Comm_free(&comm_2d); /* Free up communicator */

}

/* This function performs a serial matrix-matrix multiplication ¢ = a*b */
MatrixMultiply(int n, double *a, double *b, double *c)
{

int i, j, ks

for (i=0; i<n; i++)
for (j=0; j<n; j++)
for (k=0; k<n; kt+)
cli*ntj] += ali*ntk]*b[ken+j];

‘ HATHBEER: OpenMP Master—Worker

= EATMIMD-SMEH , IN%B#%. GPU
= RRRHTIER
= FENH BT, SRERETZENS

"~ Parallel Regions”

AL AR AT HEEE: MapReduce

= MapReduceR2—EE AT fREVRIZREY

0 Bt RF R I L 8 BT IAT R AL R K AUAE S
(>1TB)

= 19945\ GooglefR HFFAT . SRELEEITSMApache

HadoopFHEI B #sCH

= MapReducefi A ASIRMEFTEFEL

o BETYEME
o Bt
o W
0 RETFRAZET URKBAEE L

MapReduce B 42 & JE-FLISP (Scheme)

= (map f list [list, list; ...])
= (map square ‘(1 2 3 4))
0 (14916)

= (reduce fid list)

= (reduce +0'(1 49 16))
0 (+16(+9(+4(+10)))
o 30

= (reduce + 0 (map square (map — I1 12))))

MapReduce
= In this part, the following concepts of MapReduce will be
described:
o Basics

o A close look at MapReduce data flow

o Additional functionality

o Scheduling and fault-tolerance in MapReduce

o Comparison with existing techniques and models

144

Xi'an Jiaotong University

24



Theory of Parallel Computing 2014

Yinliang Zhao (E*4R=%)

Problem Scope
= MapReduce is a programming model for data processing

= The power of MapReduce lies in its ability to scale to 100s or
1000s of computers, each with several processor cores

= How large an amount of work?
o Web-Scale data on the order of 100s of GBs to TBs or PBs
o Itis likely that the input data set will not fit on a single
computer’s hard drive
o Hence, a distributed file system (e.g., Google File System-
GFS) is typically required

Commodity Clusters

MapReduce is designed to efficiently process large volumes
of data by connecting many commodity computers together to
work in parallel

A theoretical 1000-CPU machine would cost a very large
amount of money, far more than 1000 single-CPU or 250
quad-core machines

MapReduce ties smaller and more reasonably priced
machines  together into a  single cost-effective
commodity cluster

146

Isolated Tasks

o MapReduce divides the workload into multiple independent
tasks and schedule them across cluster nodes

o A work performed by each task is done in isolation from
one another

= The amount of communication which can be performed by
tasks is mainly limited for scalability reasons

o The communication overhead required to keep the data on
the nodes synchronized at all times would prevent the
model from performing reliably and efficiently at large scale

Data Distribution

= In a MapReduce cluster, data is distributed to all the nodes of
the cluster as it is being loaded in

= An underlying distributed file systems (e.g., GFS) splits large
data files into chunks which are managed by different nodes
in the cluster

Node 1 Node 2
Chunk of input Chunk of input
data data

Node 3
Chunk of input
data

= Even though the file chunks are distributed across several

148

MapReduce: A Bird’ s—Eye View

= In MapReduce, chunks are processed in

isolation by tasks called Mappers ié}.unks ‘
= The outputs from the mappers are denoteds. mappers NN X )
as intermediate outputs (I0s) and are brought ¥y Yy v
into a second set of tasks called Reducers jioo]
Shuffling Data
= The process of bringing together I0s into a set X /
of Reducers is known as shuffling process Reducers @ R
vy
= The Reducers produce the final outputs (FOs) Fou]

map phase and reduce phase

Keys and Values

o The programmer in MapReduce has to specify two
functions, the map function and the reduce function that
implement the Mapper and the Reducer in a MapReduce
program

o In MapReduce data elements are always structured as
key-value (i.e., (K, V)) pairs

o The map and reduce functions receive and emit (K, V)
pairs

Input Splits Intermediate Outputs Final Outputs

® V) ®.v)
Pairs Pairs
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Bl: Gt Partitions
The gviesl MagFischios word Gour procsts - In MapReduce, intermediate output values are not usually
Input Spitting Mapping Shuffiing Reducing Final result reduced together
- Bear, 1 ..| Bear, 2 l . .
| szt ::: Bear, | All values with the same key are presented to a single
| — |
v _I River. 1 A - Reducer together
P G ..| cwd | »f B2
| Deer Bear Fiver [E— Car, 4 cant Car 3 - . . _ )
uc;fc&';: *| CorCarver | ;:‘” ::i - More specifically, a different subset of intermediate key space is
| eeslemiamill] | I Y heen 1 |- - assigned to each Reducer : hash(k’) mod R
o i 9 )
—— Deer, 1 X
/" Doer Car Boar | Car 1 | X . -
e Bear 1 | m Rover, 2 . These subsets are known as partitions
function map(name, document)  function reduce (word, List partialCounts; Different colors represent
p(r ) i ( P ) dierentieys oentaty) [ N HEEE =N
for each word in document sum =0 from different May
) ) ) ppers
emit (word, 1) for each pc in partialCounts g g WY
sum=+=pc
emit (WOI'd, sum) 151 Partitions are the input to Reducers - - .

‘ MapReduce # B 437 b MapReduce

= In this part, the following concepts of MapReduce will be
described:

s
o [=

= MapReduce assumes a tree style network topology
= Nodes are spread over different racks embraced in one or
many data centers
= A salient point is that the bandwidth between two nodes is
dependent on their relative locations in the network topology
o For example, nodes that are on the same rack will have
higher bandwidth between them as opposed to nodes that
are off-rack

154

Hadoop ‘ Hadoop MapReduce: A Closer Look

Files loaded from local HDFS store Files loaded from local HDFS store

Since its debut on the computing stage, MapReduce has
frequently been associated with Hadoop

InputFormat

Hadoop is an open source implementation of MapReduce and

is currently enjoying wide popularity RecordReaders m m m m RecordReaders

Input (K, V) pairs |, J Input (K, V) pairs
Hadoop presents MapReduce as an analytics engine and W W
under the hood uses a distributed storage layer referred to as Intermediate (K, V) pairs Shuffiing Intermedate (K, V) pairs

Hadoop Distributed File System (HDFS) G Process paticney

—
Intermediate
(K.V) pairs
exchanged by

allnodes Reduce

HDFS mimics Google File System (GFS)

Reduce

Final (K, V) pairs Final (K, V) pairs

OutputFormat OutputFormat

Writeback to local
HDFS store

Writeback to local
HDFS store
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Input Files InputFormat
Input files are where the data for a MapReduce task is . How the input files are split up and read is defined by
initially stored the InputFormat
The input files typically reside in a distributed file system - InputFormat is a class that does the following:
(e.g. HDFS) Files loaded from local HDF store
Selects the files that should be used
The format of input files is arbitrary for input
Defines the InputSplits that break
Line-based log files afile
Binary files = - Provides a factory for RecordReader objects that
Multi-line input records read the file
Or something else entirely
157 158

‘ InputFormat Types ‘ Input Splits

Several InputFormats are provided with Hadoop: - An input split describes a unit of work that comprises a single map
task in a MapReduce program

InputFormat Description Key Value - By default, the InputFormat breaks a file up into 64MB splits

TextInputFormat Default format; The byte The line contents Files loaded from local HDFS store

;ﬁ:gs lines of text ﬁf:e' of the By dividing the file into splits, we allow

several map tasks to operate on a single

KeyValuelnputFormat Parses lines into Everything up The remainder of file in parallel

(K, V) pairs to the first tab the line

character

SequenceFileInputForma A Hadoop- user-defined  user-defined - Ifthefileis very Ie_\r_ge, this can improve .
t specific high- performance significantly through parallelism

performance

binary format

Each map task corresponds to a single input split

RecordReader Mapper and Reducer
The input split defines a slice of work but does not describe how to - The Mapper performs the user-defined work of the first phase of the
access it MapReduce program

Files loaded from local HDFS store
The RecordReader class actually loads data from its source and - Anew instance of Mapper is created for each split
converts it into (K, V) pairs suitable for reading by Mappers . .
Fies loadied from local HOFS - The Reducer performs the user-defined
L. iles loaded from local store
The RecordReader is invoked repeatedly work of the second phase of the MapReduce -
on the input until the entire split is program -
consumed "
- Anew instance of Reducer is created for each partition Map

Each invocation of the RecordReader I i
Ieagis to another call of the map function m m - For each key in the partition assigned to a Reducer, the
defined by the programmer Reducer is called once
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Partitioner

Each mapper may emit (K, V) pairs to any partition

Files loaded from local HDFS store

Therefore, the map nodes must all agree on
where to send different pieces of
intermediate data

The partitioner class determines which
partition a given (K,V) pair will go to

The default partitioner computes a hash value for
a given key and assigns it to a partition based on
this result Partitioner

Sort

Each Reducer is responsible for reducing
the values associated with (several)
intermediate keys

Files loaded from local HDFS store

InputFormat

The set of intermediate keys on a v v v
single node is automatically sorted
by MapReduce before they are
presented to the Reducer

Partitioner

Sort

Reduce

OutputFormat
The OutputFormat class defines the way (K,V) pairs
produced by Reducers are written to output files ~ Filesloadedirom local HOFS store

The instances of OutputFormat provided by v " "
Hadoop write to files on the local disk or in HDFS

Several OutputFormats are provided by Hadoop:

OutputFormat Description

TextOutputFormat Default; writes lines in "key \t
value" format

Partitioner

T

SequenceFileOutputFormat Writes binary files suitable for
reading into subsequent

MapReduce jobs
Generates no output files

NullOutputFormat

OutputFormat

MapReduce

In this part, the following concepts of MapReduce will be
described:

166

Combiner Functions

= MapReduce applications are limited by the bandwidth available
on the cluster

= |t pays to minimize the data shuffled between map and reduce
tasks

= Hadoop allows the user to specify a combiner function (just like

output wep (Y. T)  combiner

output (1950, 0) output
(1950,20) | (1950, 20
(1950, 10)

LEGEND:

*R = Rack

*N = Node

*MT = Map Task
*RT = Reduce Task

T = Temperature

MapReduce

In this part, the following concepts of MapReduce will be
described:

Scheduling and fault-tolerance in MapReduce

168
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Task Scheduling in MapReduce
MapReduce adopts a master-slave architecture

The master node in MapReduce is referred
to as Job Tracker (JT)

Each slave node in MapReduce is referred
to as Task Tracker (TT)

MapReduce adopts a pull scheduling strategy rather than
a push one

l.e., JT does not push map and reduce tasks to TTs but rather TTs pull
them by making pertaining requests

169

Map and Reduce Task Scheduling

Every TT sends a heartbeat message periodically to JT
encompassing a request for a map or a reduce task to run

.. Map Task Scheduling:

JT satisfies requests for map tasks via attempting to schedule mappers
in the vicinity of their input splits (i.e., it considers locality)

1. Reduce Task Scheduling:

However, JT simply assigns the next yet-to-run reduce task to a
requesting TT regardless of TT's network location and its implied effect
on the reducer’s shuffle time (i.e., it does not consider locality)

170

Job Scheduling in MapReduce
In MapReduce, an application is represented as a job
A job encompasses multiple map and reduce tasks

MapReduce in Hadoop comes with a choice of schedulers:

The default is the FIFO scheduler which schedules jobs
in order of submission

There is also a multi-user scheduler called the Fair scheduler which
aims to give every user a fair share of the cluster
capacity over time

Fault Tolerance in Hadoop

MapReduce can guide jobs toward a successful completion even when jobs
are run on a large cluster where probability of failures increases

The primary way that MapReduce achieves fault tolerance is through
restarting tasks

If a TT fails to communicate with JT for a period of time (by default, 1 minute
in Hadoop), JT will assume that TT in question has crashed

If the job is still in the map phase, JT asks another TT to re-execute all
Mappers that previously ran at the failed TT

If the job is in the reduce phase, JT asks another TT to re-execute all
Reducers that were in progress on the failed TT

Speculative Execution

A MapReduce job is dominated by the slowest task

MapReduce attempts to locate slow tasks (stragglers) and run
redundant (speculative) tasks that will optimistically commit before
the corresponding stragglers

This process is known as speculative execution
Only one copy of a straggler is allowed to be speculated

Whichever copy (among the two copies) of a task commits first, it
becomes the definitive copy, and the other copy is killed by JT

Locating Stragglers
How does Hadoop locate stragglers?

Hadoop monitors each task progress using a progress score
between 0 and 1

If a task’s progress score is less than (average — 0.2), and the task
has run for at least 1 minute, it is marked as a straggler

A
'
'
'

v Not a straggler

PS=2/3
8 Astraggler

T2

PS=1/12

1
I
T
'
I
'
T
' Time
v
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Progress Rate Example

1 min 2 min

Node 1 | 1 task/min

Node 2 | ><T 3x slower

Node 3

Time (min)

1.9x slower

MapReduce

In this part, the following concepts of MapReduce will
be described:

Comparison with existing techniques and models

2.1 %5 MapReduce 2 M 24 45 2

MapReduce is characterized by:

1. Its simplified programming model which allows the user to
quickly write and test distributed systems

2 Its efficient and automatic distribution of data and workload
across machines

3. Its flat scalability curve. Specifically, after a Mapreduce program
is written and functioning on 10 nodes, very little-if any- work is
required for making that same program run on 1000 nodes

HHGmEEAS L

Aspect Shared Message MapReduce
Memory Passing
Communication Implicit (via Explicit Messages Limited and
loads/stores) Implicit
Synchronization Explicit Implicit (via Immutable (K, V)
messages) Pairs
Hardware Support  Typically Required None None
Development Lower Higher Lowest
Effort
Tuning Effort Higher Lower Lowest
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BPHY & I

= First, the benefits. At BP, we have seen significant

performance enhancements via real-time drilling technologies.
These include BP Well Advisor, a suite of technologies that
allow us to monitor well construction in real-time. Our Field of
the Future® information system enables continuous remote
monitoring of well performance, facility and operational
integrity. It is now being designed into all our major projects
from the start.

Potential applications in 0&G

Equipment maintenance: using data collected from pumps
and wells to adjust repair schedules and prevent or anticipate
failure.

Production optimization using powerful modeling capabilities
to anticipate costs and production volumes.

Price optimization: using scalable compute technologies to
determine optimum commodity pricing.

Safety and compliance: using weather or workforce
scheduling data to avoid creating dangerous conditions for
workers and mitigating environmental risks.
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