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Abstract

Dataflow model is adopted by several dataflow systems for its advantages of high parallel computing, pipeline processing
and functional programming. In distributed dataflow systems and heterogeneous dataflow systems, due to the speed
mismatch between the data production of data source operators and the data consumption of data sink operators, data
could be delayed and operators could be idle. In order to support an efficient dataflow system, a dataflow cache system
was desired to ensure efficient caching and movement of dataflow. Several distributed dataflow systems and distributed
message queuing systems were analyzed, and the support degree of current message queuing system to data flow caching
system was summarized. Finally, the cache technique was introduced, and the demands and research directions of future

dataflow caching systems were analyzed.
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FE— AN FE 4T — N oy K— N
B THEN100 by tefillif, Pulsarfa
R AT 2.56%, IIERR T40%. FE0R
Kk, Pulsar BB 7E 14 B & G5 ST
B v, (Al THR RBEW, X
FHORT AN 16 B, I8 5 HE— 2P 82 2 1 35 1)
ol

4.2 RG4FEITEE

AR e B — e EE B AR AR, AR
GEHEAT AT, IR i A — kR
Ak, FEREANT,

SCPE S T Javafai A5 H | ThAE
S, T HA TG M o X 2
%, BRIRZHOH B ARG &M HavalE &
FERI, B lavaii 5 A2, Kithix L

HERGE T HRENT#HAT /IR T
RabbitMQMI{# I Erlangifi®, RAF A
TR, HREAH T Erlang B H ARG
TR E AR A, I E I B S
AMQPHREW &, [Hf3RabbitMQII A £
AR, X A LA o] B L L A R —
AEEEH

2P U O R LR (software
development kit, SDK) : fMHE RS
AHE AL TG AT =0T FEE R
RISDK, MOE E AR G ARV 2 4
VRN SR T 2.

AT P 76 S BLIE B B F Ty 5E A
T BV B, & MEE R G
IS NI E R U RE DS VIS SR
A7V FF B8 2R YE SR, AT DU L4 R
FF AP R FA A PR o L A T P81
HAMQP. &8 (Yt ) SCAE [F]7H 2 HRY
(simple (or streaming) text orientated
messaging protocol, STOMP) | Al &
WEME R (extensible messaging
and presence protocol, XMPP) &, 544

®1 OHEBASIRGRIENLE

X T Kafka RabbitMQ ActiveMQ RocketMQ Pulsar
SRS Scala/Java Erlang Java Java Java
BRI A Java, NET. Java. Scala% Java, C. C++4¢ Java. C++, Go% Java., C++., Go%
T EA C++54
pEL AT TCP AMQP OpenWire, STOMP, FE TCP
REST, XMPP, AMQP
R RELRUE 7 (—AN X 07 (—ANFHP) i (A E S A FHMD 2 )5)F S E2
M) A A
HEIERNSER AR H B B B AFE
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AL BER AR F; B BER BN
JHE AT B BX R BER BER
Rtk WA AT S NAT . S Eds 22 g g
MR AT R BErT AR BXE
HEHE BERT R BErT BT AN
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ZooKeeper
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DA Z55 S H
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g8, SR ARG — T s A AR
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Pat . JWH B ZAANG 2N B A=
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