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Abstract: The use of big data in the real world was complicated. It may contain different characteristic of data and
computing. In this case, the single computing mode was mostly difficult to met the application requirements. Therefore
we need to consider different computing mode of mix use. The ultimate evolution of hybrid computing mode is spark
system which invented by UCBerkeley AMPLab. It covers almost all the typical big data computing mode, including
iterative computing, batch computing, memory computing, flow computing (Spark Streaming), data query analysis
(Shark), and map computing (GraphX). Spark provides a powerful memory computing engine and fmplents computing
with excellent performance, while maintaining compatibility with the Hadoop piatform. Therefore, with the continuous
stable and mature, Spark is expected to be colocalized with Hadoop ‘and became a new generation of big data processing
systems and platforms. The paper has studied and analyed the Spark écosystem, and set up the hybrid computing model
architecture based on Spark platform, which also has illustrated the spark ecosystem can meet the application of hybrid
computing model. .

Key words: big data; hybrid,,‘computi‘ng mode; spark; resilient distributed dataset

1 55 data processing), 1 [ I [F) B4 & 70 450 =20 B 400

R R s A B n] L4y A s =AM (DA
2% At B 2 b # (batch data processing), 1 (19 [H]
W5 REAE RT3 o B ENIS 2 TR). (2) T 7 S s 1A
B A A if(interactive query)I 5 PRI A1 B2 /14 |0 3
B3 8], (3)HE TSI ERH U 1) 250405 Ak B (streaming

@© Wk E1:2014-07-19; W 21 e fin 1):2014-08-25

214 AR « ¥k Software Technique * Algorithm

2 )M R A R 22 R X P T IR A R Ak B L
=R, BT LAR T MapReduce Sk iE ATt B
el abE, a7 DU Impalal SRk 4728 B A i), T
B EE, FATATLRA Strom!™. #Rif0, PSR
PR R A PR ) JU S 2 24, HELAAT — AP —

© TEREBIK AR

http:/fwww.c-s-a.org.cn



2015 4 5244 B 4 W

http://www.c-s-a.org.cn

[N VA

A AR o T AT AN 8] PR R B s v SR 5K BIF ORI 5
B A A B, HiF MapReduce =% A3 T 8
S HEAL IR, TR R AR A AT E B LR
R UE IR R o) A A AR R AN IE k. R, 3
JUAEZEAR GRS AW T HE S 22 FAS [ 1)) K4
P TSR

Pl K v AR, BVAR R K E s 1A [R] £ s
FEAEAITH AR AR, 2R PR 0 B s v 5 1n) RN 5 5K
B R T T 1 % B R )2 Bl 4 (Abstraction) B AR Y
(Model). 7 &1, MapReduce & — A~ IFAT v 54 %,
Spark 24 H 11744 WA 4% RDD(RDD, a distributed
memory abstraction)™, CMU # & 1) & il & & 4
GraphLab ' 1) « & Jf 17 4l & ”(Graph Parallel
Abstraction)® % £ 48 I AT 5% 32 R MG A i AN
PR ZR AR 2 T ST 8O0 A AR, {H e K s
A P ) B AT IR 2 1 )2 E’Jiﬁlﬁ%{ﬂf*ﬂ THELRFAE, DA
ﬁ?ﬁﬁlfﬁﬁgﬁgﬂﬁm & IZJLBIE’J):’HTE%FEEjJIDJ
AT

MR R AL 2 FEPER Tk, HurthBEL T 25
IR RN S R o AR . X e S A
B, LT AR 20 N R T R R TR T
AR v B LA %, B, FER R AN [R5
5L 2CINE, K (R ISF 5 HAEDORE Y 1 S 8 o S R e f T,
TR By T30 T SRS ) S DL RO H AR S AR 1)
088, IRk — DA T8 S B R AL BN H o
WA R G LR . H A w5
BEA NI RGN 1 iR

x 1 MBORH AR R R

B RBE TR S BRRSE

RHh Al o M -4 Hbase, Hive, Cassandra, Impala, Shark, Hana 2
HLAL R Hadoop MapReduce, Spark 2
b/ i v = - ;‘Scribe, Flume, Strom, S4, Spark Streaming %%
AR HaLoop, MapReduce, Spark %
B 5 Pregel, Giraph, Trinity, PowerGraph, GraphX %
N AT Dremel, Hana, Spark 4

PRI, SR A NI e ) I A % A K
ok, TEATH Z BRI RS, — AR T AN R

G822 AV S AN T BEIEAT B e il (ETL), X Jo 56K 1
MAGEIRFEEN G, S — T 2 E RS W
BN T AR ARG AL A T spark AR GEN AT LLIE
I E R 8 AR B v A

2 NAtAsparki@E SR A TR

Spark R LA & 75 AN [1] KB4 v SR A k) 32 2L
JRIREHEH T RDD(Resilient Distributed Dataset, 3%
a3 A NEE )X —Hh % TAE4E. RDD 3T W A7 AR,
FH T A A7 A7 SR T i S de s PR 1 R PR e DU 2,
HAJ LD VO AR IR, PRt n) BLEE T spark AL 2R
BE O E. [FIN RDD 52l T 28485, 1440 LBl
Eﬁﬁ?l‘i%ﬁﬁﬁ“ A A H &, A A

WL S AR B TUAR JfFH/\i‘JJDWQ%ﬁFE'J%%,
.JH: Spark &4:KH H iiﬁﬁ%?ﬁﬁ’]ﬁﬁﬁﬁg%
2.1 Resilient Dls;rlbuted Dataset (RDD)3# 44 % #1E
& - e

P SUIE T A 4G L, Spark WARHLI T
RDD X & B I8 H 1 % 5 Mg AT TSR 24 ). AR
J B o A N A A SAT A, AR LT 45/ A
RGN Aok A A U 4. RDD & —H 414k
1), O X RS, Jf BARION RDD 4% 5 1 45
HRABATLL cache BIANAEH, UG RN EAE nT DL B $2
MANAEEEEC E—A> RDD #l4E, M 25 7 Xkt
10 #RAEMI R, 0 328 B A2 I AL 25 2 2] 7
T TP IR A i (R IARTH ST R K T T AR
#. RDD @A MR (1) E 2\ HDFS((# 1
‘B 5 Hadoop AT RS M H 4. )M
RDD # #1357 RDD. 5

RDD ¢ 5 Fh#dE (l)ﬁ?ﬁé(transformatlon)ﬁ[l
filter, map,Jom umon—;“jp MIRA (£ s S B — N
1 Kb 4 ; (Z)ZJJ {F (actions) U1 : reduce, count, save,
collect 2, J&¥4 transformation [ 4R S HEAT 2 42,
W V2 AL B IR BN B 7. ) T e s AT 0%,
Spark H T 1) actions #5J& SEIR AR I, AR
actions A LHIAE RS IR, o FURE A AR 2 HT R AR
3 e A, H % B00E T 22 A2 B A A i [m 45
DMaW}ﬁ%ﬁﬁﬁEEﬁﬂlW@.f*%ﬁ%L
FErp AT map A — AN B #ds 4, R
reduce WX M EEAE, B Spark H4¥ reduce
HI4E BLIR [H] 25 driver, AN EIR [BIFEA R4, 1@
Fhizdr 7 ¥ T Spark (B AT A%,
2.2 Lineage(IMmt)

Spark A& —FPF FH A AT B ) R 4, H
RHHE In-Memory R RGN E 2 X 7l j& Spark $2 it
TRR () o A G HIA BT R AL T A

Software Technique * Algorithm 3KfFHiA « Hk 215

© TEREBIK AR

http:/fwww.c-s-a.org.cn



A [N VA

http://www.c-s-a.org.cn

2015 4E 244 B 4 W

s L, A T ARIE RDD £ (1€ PF, Spark il i
Lineage(IM.45)>k 112 RDD Hds 8 ()3 AL ik #2 I 10E AT
BARWAE. ML T H e WA RS U Dremel, Hana {K5E
F A LOG JEAT 4 MORLE R 2 E 254, Spark 1)
Lineage /& — MORUBURL A HTHLA], & Hod il SR e L
PR EAT i R, A RDD s 2k, mI B
45 Lineage FKMUEWIIME B, M E T vH 0 2
P52 A . X R RORE FE 110 A 2 gk D 1 i dls
TURFIEAR, WAtk T PEREIEETT.

RDD 7t Lineage #K#i7J5 Ifi 7 5 W4 #f: Narrow
Dependencies 5 Wide Dependencies [ KA vk Ei s 75454
R i 1 Bz Narrow Dependencies(7E #)
FEAE S RDD A7 AR W —>F RDD 73X, 1
—>¥ RDD 73 X AT LU ] — A el 2~ 52 RDD 431X
Wide Dependencies( 3 K #fi) & 5 52 RDD FEEG 53 X Af
LUK 2 />§- RDD 73 X, frﬁ A~ RDD 43X 7]
ffFH4Z RDD E’]%f\ﬁa\r

“Wide” (shuffle) deps:

==

EroupByKey

“Narrow” deps:

‘mapfilter ‘_ _‘ aro
== 5| =3E
= Jcmwith inputs | o

] co-partitioned loin with inputs not
union co-partitioned

BT 78 AN 58 MR s 1]

B RUE AL, a0 RIS SR AR, o R
I EE AU BT B, B A L 2R Lineage
SR MR RS, SEHH RDD 43X Bl 4 iz 5
M, T Lineage 23X Z Hijdg— 1T Ak
AT, AR v TR &5 5 SR R S T £ 1 1 Ak 45
SR SRR, WL -2 e A 4
W22k T B P A g LN, N B 1
ST AR SE T s A BN 2 A A (X 2 lineage,
MEE R R, WA RRYE Lineage i 5% M1#:/F &
Bt S DRI LA 56 MRS 0 0T s B A
R A0 S KT R
2.3 Spark #\iTiZFE 4T

Spark AT REFE B0 AN B BB Bk
% RDD ##54E 3 5 44 4 DAG ¥l (Direct Acyclic Graph,
H I K Lineage d kA8 17751, o kBt

216 HAFHAK « 53k Software Technique * Algorithm

Task Scheduler jffi i Cluster manager #1(Mesos, Yarn %)

¥ DAG LSS RIEBNERE PRI A _EHAT. E 2
oRT Spark s 4T 5.

RDD Objects

Cluster
manager
y— Threads
DAG
o |TaskSet—
— + - :L Block
— manager

split graph into
stages of tasks

DAGScheduler TaskScheduler Worker

rdd1.join(rdd2) Execute tasks
.groupBy(...)

fcI ter(...)

build operator DAG submit each stage retry failed or store and serve
asready straggling tasks blocks

stage
failed
A—

\ -

\

% Kl 2 Spark FEFisfr it

SRS UE, BE—A> Spark M #8IE i 5R B B
(driver program)iil I FH /7 (1) main e %k, {E4ERE EIFAT
f{1$44T RDD. RDD W] LUt A\ HDFS @) i ol i iod
ZAFAEIY RDD SRR, H 7 w] BLAE N A7 Ok B
RDD PAF{EE A, &5 RDD Z K A LU
i Lineage H#hk K.

2.4 Spark £ &%

IERNA T RDD XAMMR B 451, Spark 742
TWAETHS, SR T RS, RS, BT AE —
RYNH S i T % —IU\%E Hi Spark J& KL
ST P 5 L A T, Spark O/ RS WA 3
Fior: \

Shark Shark (nig;:IhBine Graphx
(sQL) Streaming learing) (graph)

Spark
Gomay  (m > (7D

[mﬁlj Catie) o ) )= )
|

HDFS, Amazon S3, Hbase, Hypertable, etc

3 spark ARG

H T Il A A 11 Spark1.0.0 A 3= 252 Fr 41
H: (l)ﬂﬂﬂ“kﬁﬁﬁlﬁ ST Shark™, X+
Spark K i), Shark FI4EF 524l Hive £F Hadoop %
girh YER. Shark $2 4t T — R A B ar 40, wid il
ESHT LA Spark TRfE K] RDD, Jx) #di 4k

© TEREBIK AR

http:/fwww.c-s-a.org.cn



2015 4 5244 B 4 W

http://www.c-s-a.org.cn

[N VA

ATk, A, Shark w] LA UDF(HI ™ H 2 X ek %)
FEAE 7 S SQL A AR 45 & T SEI B =L, M
fem it A . @M T Uk 5 4L Spark
Streaming"”. ‘& A JEUEE A U KA 40 1 AR
(R v Bt 2 RDD 73 X, AR5 DLRAUAE AR PR TK
T FORAL BRS8N Y. FIH] Spark T Y AAIRIRR AT,
A LLRAIE P S AR ZE IR P (100ms . Z247), DA S 74tk
ASFRAOSE I HHE A B 8, MBI Lineage MRS
RAE B A 2. ) T B 5 GraphX;
Spark [ Graphx &t T X} E#:/E /) API, '& il it
Resilient Distributed Property Graph M Spark '] RDD %%
7K. TERHTIN spark1.0.0 H, GraphX 7E & in#k. &
RSB TS5 TR IS 1 2K SEAIE, 7™ 2K (1) RDD &I 58
faf 5, AN AEPE R T TS 2] TR K$E T, AU GraphX
HEZE W] LR 77 5 1) S5 30 22 b B S0, () Tadil 2 2 2
MLIB QMF MLIB #4067 Bl 5 S Se e, B
S HR 2R Joop2s . TR L R b [ 9 v, [+
Eﬁ@%ﬂ%?*ﬁﬁ%!ﬂhﬁﬁﬂiﬁﬁiﬁiﬁﬁ.

Spark B 0] AFE A 51757 sT0E AT OF A W )t mT
DUERFIZAT. EAERFISAT IS B0 N 7 Sl 2R i
RGN Mesos, Yarn S8 HFATS 0 KB X RS
AN R RIEAT

Spark "] RDD ##fa il v] LA B HDFS (sl # Hoe
A AT RGN Hbase, Hypertable, A Hb SCF) 5 AE k.

3 Sparkii & VI AR Y B A4

WE 4 Pros: —BOREHE 340 B et e i s,
20t — AN A B R,
(Mapreduce, spark 55), R it55 45 R A7 E 0] LASE IS 7
TR B P28 o S A7 B 2 s AR5
(KII 1], AT AR B — 840 45 SRAEN web LK
F AR S R KR AR AR A S S
7T spark RGN ORHHE LM, HARWE 5.

T S8R AN ) E A Y5 e 5 ) A 2R S8 AR
Agent Iﬁﬁifaﬂ)ﬁﬂllﬁ £, JHiL Staging/Distributing itk
VAT HE 72 K. 3 I LA s <3 70 A A ). —
Pyt 2t ETL /¢ N\ HDFS |, K545t spark At
B, ] LGS — 2% shark 2P EEATREALEE. DROh R4
SEIEATHE yarn b, FTUARIMELLETY MapReduce ¥
hive KA S, thn] ARz AT. 57— Fh s )
ST HBGE AL B 4. B WAL PR AR 2 B B VE IR R o

WE AT R, 25

FLHR T E] RDBMS 2% NoSQL 1, 4R )5 —L8s5zint b
&2 C & F it b e 5 8, > AR ).
ZHRRBE AL B T R L A B R SN AR B A SR, T
I X6} AT (1) MapReduce 224447 BLAF AR PE, FAiTn]
PALEALE FHI R TR A0 4 2 42 1) Mapreduce|Hive 3289
B4y Spark|Shark 2244

HEER
E AL
( LU ’ MRSPARKMP ’ Hb‘}fedl"ysql M (Wb, %ﬁi)

4 SRR

o 7 SHARK
y ETL/ Spark SPARK/MR| Hive
! 4
2 #
:
3 | Staging/ BI/OLAP
: E Distribution Adhoc
§ %
il el SR

5 Spark VA TR 4Ry

4 4k
WA AKF, Spark R GEMIALFAL T LUH ] —MHE
LS ST 2L DV B b= SR E {2 7 o AN N2 N

Koty Hlas# > 5585, ARSCPRANBEGEA 734 1 Spark

R S (LR 2 E BT — R TR

TR R ) K, O AT RS, Spark 47 Bk

34k Hadoop 2 J 3L =/ KM AL FE T T HERE

S5 3k

1 ER7% HEFE3E.Spark Streaming: K HAR R 2 B0 Ab # 1
Bot. http://www.csdn.net/article/2014-01-28/2818282-Spark
-Streaming-big-data. 2014

2 Dean J, Ghemawat S. MapReduce: simplified data processing
on large clusters. Communications of the ACM, 2008,
3(51-1): 107-113.

3 Mk a4, B ek D Impala: B — AT 95K Ho s 0 B 51 %
http://www.csdn.net/article/2013-12-04/2817707-ImpalaBig-
Data-Engine. 2013.12

4 Strom. http://storm.incubator.apache.org/. 2014

5 Zaharia M, Chowdhury M, Das T, et al. Resilient distributed
datasets: A fault-tolerant abstration for in-memory cluster

computing. Proc. of the 9th USENIX Conference on

Software Technique * Algorithm 3KfFHiA « &Hik 217

© TEREBIK AR

http:/fwww.c-s-a.org.cn



WEH PR &N H http://www.c-s-a.org.cn 2015 4F 244 4

NetWorked System Design and Implementation. 2012. 2—-16. 8 Xin R, Rosen J, et al. Shark: SQL and Rich Analytics at Scale.
6 Gonzalez J, Low Y, Gu H. PowerGraph: Distributed garph—p [Technical Report] UCB/EECS. 2012.11
arallel computation on natural graphs. Proc. of the 10th 9 Engle C, Lupher A, et al. Shark: Fast Data Analysis Using
USENIX Symposium on Operating Systems Design and Coarse-grained Distributed Memory. SIGMOD 2012. May
Implementatin. 2012. 17-30 2012.
7 Zaharia M, Chowdhury M, Franklin MJ, Shenker S, Stoica I. 10 Zaharia M, Das T, Li HY, Shenker S, Stoica I. Discretized
Spark: Cluster Computing with Working Sets. Technical streams: An efficient and fault-tolerant model for stream.
Report No. UCB/ EECS- 2010-53 May 7, 2010 Proc. on Large Clusters. HotCloud 2012. June 2012.

218 HAHEHAR « ¥k Software Technique * Algorithm

© EREERREST  hup/iwvww.e-s-a.org.en



