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Abstract: Responsiveness and stability have always been two important problems in stream computing. However, as
the scale of data being processed in real-time has increased, along with an increase in the data processing latency and topolo-
gy instability of stream computing, many limitations of stream processing system have become apparent. Aiming at these
problems, we present a performance optimization method based on dynamic topology for stream computing: (1) Dynamic
step-by-step backpressure ; the task in the topology can dynamically adjust the rate of upstream data transmission according to
the current load. (2) Stateless topology data replay : topology can achieve data fault tolerance autonomously without maintai-
ning the calculation of data state. (3) Adaptive topology replacement:no need for topology to suspend,the system can adjust
the task concurrency spontaneously. (4) Delayed persistent queue :it delays the IO reading and writing in the disk out of the
data processing, which mitigates the impact of 10 high-frequency blocking in stream computing system. In this paper, the
four methods are implemented in Apache Storm. The experimental results show that the optimized system not only enhances
the dynamic matching capability of big data,but also achieves 17% higher throughput and 20% better data processing speed
in the best case.
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//1f failNum exceeds E(M) and S* exceeds threshold C
14. IF failNum > E(M) AND S* > C THEN
//The concurrency of the new topology is twice that of the o-
riginal topology

e ~

N
keyC 1010 1111 0100 0011
1010 1111 0101 1001 = keyD 10101111 0101 1101
~ -

s
1010 1111 0100 0111

K5 ¥ % Rehash/nf
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15. replacetopology ( currentParallelism <<1) ; 4. Get currentTime of System;

//1f failnum does not exceed E(M) and S* exceeds threshold C //1f the length of MRWQ does not exceed the threshold max-
16. ELSE IF failNum < E(M) AND S* > C THEN Length

//The concurrency of the new topology is one half of the origi- 5. IF length < maxLength THEN

nal topology Put result into MRWQ;
17. replacetopology ( currentParallelism >>1) ; ELSE//If the length of the MRWQ exceeds the threshold max-
18. END IF Length
19.  END FOR 8. Persistence MRWQ ;
20. END 9. lastTime = currentTime ;//Record the current time

10. Put result into MRWQ;
WEETESS 1S AT R A8 12 17 ittty 1L ENF I
4G} %gﬁg%ﬁ , %E%ﬂ\ﬁfiﬁ Message Tree ':P (7 Tuple 5 . //Whe;.thelnm;.reaches a 11?11 ?dutiﬁTN
] L . R . currentTime-lastTime > = updateTime
Ja b AT B . B R P B Y Persistence MRWOQ;
ﬁ%(mu#ﬁﬁjﬁ%}ﬁ% ’ H%ﬁﬁii EF‘ %%?Ké%ﬁg ( %ﬁ % 14. lastTime = currentTime ;//Record the current time
FRE I HCEF Worker, S5 IHIHFME LG RIS 3). 455 15 ENF IF
4.2 W TR S AR PN B TR s, SRR b R ey 16 ENDFOR
, _ 17. END
Tuple 2378 To BAF BT i F IR AL B, AT AS 77 78 PR 58
R RSN CIE SO B T O
=

4.4 FERFALUT 5 x|

RIRIPBARAEH MR 8 UG B £ 7, FIAREL
FEBE AARAE BRGSO 9 Al
PEDCE T 7 LR AE BN W 4% 0 B0 A0 R B 28 AR
PR Bl , 2l 5 S A R A2 SR AL AT S AR RE. PR
S A 431 2 NoSQL ¥4l 7 (4 HBase™, Cas-
sandra®) [ 58 KRR, SR, X Ak PR R0 L A 43
A 2N TR T , 13 52 1 AR I B PR AR A 2 A 1 RE R
B, TIOR3 RGeS FME B 3 .

FEIRFFAACNS (3335 3) 2 Bk R Ak 7 %2,
HO R AR F PR A e (D) TR A2 B2
g — A N E BA %) ( memory read and write queue,
MRWQ) ,7E Tuple 5 A MRWQ J& i [m] 504 4b 3 %, 20 15
S BV E I N AE S R BT 6 G Y 1O 525 ZE R B4 b
SEFRZ A, US4 A AR B0 1 R AR i X530 | 1% i i
HEE. (2) BEE M L FEFET Processor K7 50 MRWQ
B R A L. Processor 237E LT BRI 00 T # MR-
WQ Bt B AL : (o) B Sl ] 235 (6) BA
FIK FE IR B B HARTE RGP U INGAT- B 2 15 I I
B H TR 5T R AL I MR i s I G2 A7 BA 3, Ho B
PRI FER AR A RGN 5 A R, JF B AT L
BT WAL 2R G J 2.

HiE3 EIRFRUNT

HIA Y HTES [ T CTW, R R AR result, £5 ARSI MRWQ K
J& length ,MRWQ B AS K 2 B {8 maxLength , 4Rt [E] currentTime

fih - G

1. BEGIN

2. FOR CTW DO

3. Get length of MRWQ;

FATLE Storm 2B T EA5 BRI PEREOLAL ik
5 55 Storm 5 Kafka® (494 KafkaSpout F1 KafkaBolt )
TR S, F 8 3T Zookeeper SEFL T Storm Ht Task [A]
T LA (S BRI, LURIIE Task, 5H Bl C #4715 515 3%,
B 6 251 TRTF Bl FRA Task @ FHA, HAZLO W
FRANER 2 Fr o, 1208 5 A5 Y R 1 Ak T 7k 52 B R
FEA.

QMR

znode-create-handler

AR

Ci | : N
znode-delete-handler m ) /taskmessage
DR FREFL
receiver-thread Zook‘eeper

@ 2 e 22 y

OFHIRSFE Ny
) /taskstate

QI i

K6 Taskid{5im

BRI E : FATTE Storm ()AL FRLL{F Bolt ik
ABNASB SRS, AR Bolt 2R B B & 7
PEAT SR VRE |, Tasks Z A ROEAF 538 it Zookeeper i
BRI £, X Fh 5 6 7 Ul g2 S BT Ui Tasks 4L
THE S5 LUF Tasks ZEiHE B A BN —Z 00, =
JERX A —EUF A e 2 B IR 1. Sh BRI

(@ Apache HBase: https://hbase. apache. org/
@ Apache Cassandra:https://cassandra. apache. org/
3 Apache-Kafka:http ://kafka. apache. org/
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FEZEFANIE 7 Fros , WAEIRZE ) F SR, RO R U -
5 5 Spout/Bolt [n] i & 1% — 1 4di ( Tuple) ;
QT Tuple (935 5CYHTAL T BORAS ;
@Y R 5 Trigger fi & /2 JE , il 33 Zookeeper [i] |-

it i A5
@Zookeeper B2 R AL AR 5, Rl B $2 52 )X

JE W W 2R R 9 MR W 5
O MW 2 AR IR AR 5 38 05 24T R

J, [R] I Zookeeper HH I BR 2455 5
@Y B R A5 5 1915 AUl & 2% Trigger 8 fil % , 94

e R SRR RS B USRS State.

£2 Task BREERZOCRE

BRRGS | AR

) Task, & % 14 B.5| send-queue [AF1]

&) znode-create-handler 8 211 3¢ 14 2% send-queue HAYTH B

znode-create-handler 4/ FIT T8 %% 11975 B N & 7E Zookeeper

® fit)/taskmessage H 5% F AT &

@ znode-delete-handler £8 72 s W7 /taskmessage H 5%, 3 71 37
NEEd =B U NEPSS

® znode-delete-handler Y7l & & 1% & trigger-queue , 31 fifl fR/
taskmessage [ sg%F b 7 5

® L C AT B F) wigger-queue 15 251 8., A4 B N A

1 R S H A

©) receive-thread 71 37 fEIX C, PR E S

receive-thread $5 C, RS (5 BB £ Zookeeper )/ task-

®
® state [ 5%
o JITAT 1) Task B W/ taskstate H 53¢, 24 H 5k A 2 LI, 41
Y Task 23U E 30 HIHVEA CHRAE
,,,,,/""'Spout/BOlt\\\ Bt
s State ) \ . /«
[ N 7 @D KFETupl [ State \
2 @feﬂffim o ARy @ 1%@4)@5
. . Trigger \( - Trigger )
e
TR ik
s @ RLFIER

® PATRIE

Zookeeper

@ WA

SR EF LR
K7 BB LS

To AR 7 FR B B A TO R A I I Bods S e

Storm H1 [ S B AT AR A T Storm 1990 5% 91 25 B ML . X
TSRS, Storm Jl i Acker B {451 Tuple 7 1 55
B i . R CEE A L, £ A ELBA S Kafka {24 Storm
HIIRBAS , BE £ Kafka 1F 2 75 2 05 BA 51 (9 I A A 96
(1) Kafka B3 | AT 5 A AL Fe P R 38 G 808 I 04 0
BEAbTH (2) Storm API 223 T Kafka 5 Storm [8] f{) JC 4% %%
G I AE Storm B HHIANLH] HHiR A TSRS FhEE
T, REHF IS ML) Tuple 875 9] Kaftka BAF. M FI0RE
P F NS A P 3 Y 52 B X Kafka (1) 32 8
HATY S, At KafkaSpout 8% B g, B T 1 97 52 Ui
F L (Eden A1) o 1) B8 A1, B i 771 5T AE Katka H1 4]
FEAH R 4 Y 38T From BRI To BAA1)) , A1) i 3 0
STERFNE BT AT, 38 3 Storm $2 {11 KafkaBolt
3% Tuple 2] From A, P IL, 24 R4 IR BE RS, &%
1) Tuple 38 ixf JoR A0 F M T AT DA T AL

BiE MR FNE#E: AL Tuple 58 BUERME N R 40
PR T AE IR | 38 5 A Tuple 58 B AE iR Al Tuple 2%
DR St >k ) D # 2 A5 A2 . Storm R T Thrift API,
FESRBOELEZB AT AR FMERBFIA OG5 B o0 TR IEEL
P00 P RO | AT 2 e i B 4 VA TR TH A
P fa R T, B it B rp e fdi 1] Storm 24 deac-
tive i 415 1k Spout B 1T, RS EH IHIE TN A
Spout , i 15 [H3f M1 1) Tuple &R, #HF (4 Tuple K475
PRASFF N T i 5 28 28 B A 9 Fh ok Ak B Bl IS AT
Kill #5444 BT A IH# M Worker SC I, F-15 B Al 7 i 4R
A BB AR TN R R AT IT RE X S I AT AR 3. A
T8 R A F R e AL T LA A3 Sk R AR O, 3l 2R AT 2 B
i

(1) RN A B, AT ARG IR,
SRRARIR TN A B & 8 Sy il , T2 VAN I & B 4
BKREWANIEREE, T3 WA IERERA E A IERE.

) *Tuple % Tuple
\// { i

3

K8 i o

(2) A A0 1 B, o 2 B 2 09 B IR 4
I, an1EL 9 Sy, T2 AR BEY AR BN DU AL

FEIR 5 AALBAF : FoAT T 28 9 S BURAE 5 AR A
A INZEAT BAF] Inner-queue, W1F & 10 i (H G i
R, O 4 1 B A P 2 AN Sl 7 A 3 2 ) B
G RS RGN AT i . 5551, T 245 AR &R
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o RN

EORAEAE NAF T 5 LB R AR DLES B 25 3 3O8s &
K HITCEE. W, e 07 Zrh RATEFAE DA 1
TFUE 53 A 20 B AFHE SR Memcached ™ 1 Sy 2% 17 BA 471 (1) 5
B 11 R FEREA R Z F A Memcached 4E4—
> MRWQ BAS1 , 2 BRI 7E — A~ Bl 1 457 A AL 26 7 ( Pro-
cessor ) HIRIAIL 1 FillEr 28 457 )2, 1T 78 40 1) T A1 2038
it bLEs 0 A SEIR H5 AABAF S AL T P Ah 25 LA fi
& Processor 5 Memcached 32 H. X Bl : (1) A3l
i) 35 P ) 380 325 5 (2) BAAS B8 5 3] o

B 2
A0
o4 A0 —
o4 (] " Inner-Queue "L/\ﬁ:» .
Y/ e W
@ ! ) .
N~
B AL
Spout Bolt
K10 NFBZEAFBASI A
ack()/ fail()-.._

. S
A O)—h :,%Memcached“,-\

a / - N /// N Y \\

(X A/ Watch <>
o0 WY ewaah P it ==
AN 1N KWat rocessor o

N S HebiE

A . Watch T
- N\ - -/

— ¥Memcached¥
BRI Featk
Spout Bolt

B SER AT i AR

6 SLIGZER

BT DI R, AT C AR AY Storm 43¢
FE% RSB AR SRR b A SR AR R S B IR 55 4
W EANR, FNT EBE —4 2.2 GHz 1 Intel Core i7
CPU MYRCHE , Mk 55 #% iz 4T A #ME & 484 Ubuntu Linux
12,04, N A7 16G. 5255 15 S 8 A PR 31 B4 40 (Fast
Word Count Topology ) @F1 8w i1 %43+ (Word Count To-
pology ) S 7E g A 154 B3R 1 %) Storm £ 52 R

SERASE AT IEREXS L, DASSIE S 28 9 e 5 ek
SHFMEE T UL AR, 7 Al b FRATT X S
IR A AT B S D 7 ik A T E L, D
B UE Tk A RO, R R iR 22, I A S B Bl 1
RPAT 50 AT
6.1 FHEMXERRIH

AR TR B D R e A ik i, Rl 12
IR, %M — 1 Spout FIFIA> Bolt. Spout &2 #
A= K/ 50 ~100byte B BEALF4F H A A % A Tuple, i
i3 shuffleGrouping % 4% SplitSentence, SplitSentence % 5
M Spout $5: % 1) Tuple, §2 15 74 EP 9. Word-
Count 1} SplitSentence % 3% 1Y Tuple , i i 1T 5 a8 £ Ik
F|—IK Tuple FEF7 134 343 th 1T 45 (EL

QshufﬂeGrouping l©7 fieldGrouping @

Spout SplitSentence WordCount
12 Ak P
1 L i B AS R A Spout 1 Bolt Jf- % & S A [H]
WREREEL T HIM Ak i SHECE T £3
7.
R3 FARESHRE

HiRERVSEEL] A1 Fpi2 i3 Fti 4

Spout 1 1 1 1
SplitSentence 1 2 2 4
WordCount 1 1 2 6

B3 R 1 AEAS [ ] b L (AR ST AR IS 1Y
SEPE) D (Storml. 1. 0 BRIASZHL) F H ( HeronO. 17. 5 Bk
NSEEL) Ak Pl I ] A2 Al 8. sl 13 (a) FIIA 13
(b) pr7s, L By EEnt £ 2 60323 tuple/s Fll 61307 tuple/s, D
FAF i 18 R 50836tuple/s A 53614tuple/s, H (1Y 45 it 1
A 53036tuple/s F155762tuple/s, L 5 D fHH fEAF M=
WA 17% A R8ETE, 5 H M ILFER & E24A 1%
ST BT Bl I & BE AL 2 9E IR B 4k 22 0, Tuple
HOF G, D 5 H k& B Wikl L et &,
K13 (c) # L By FF 1l 64535tuple/s, D 5 H fy &t
543 7]k 60312tuple/s F1 62188tuple/s, L 5 D . H ¥ Lt
BT T 3% ~T7% K 13 (d) B 5 L i 4ok i
67063 tuple/s, D 55 L FEA K-, H 5 IRTE S50 IT i i 4R

@ Memcached : https : //memcached. org/

@ Fast Word Count Topology, https://github. com/273539918/StormPerfor-
manceTest/blob/master/FastWordCountTopology. java

@ Word Count Topology, https://github. com/273539918/StormPerforman-
ceTest/blob/master/ WordCountTopology. java
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