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Relational Query Techniques for Distributed Data Stream: A Survey
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Abstract  The applications that require online processing continuous data stream are increasing.
Data stream management systems which are used to deal with massive and variable data in real
time have been produced. With the development of open processing platforms in the ear of big
data, a number of distributed data stream processing systems have emerged for dealing with large
scale and diverse data stream, such as S4, Storm, Spark Streaming, etc. However, we should
construct relational query systems which have abstract query language on basis of the processing
systems for improving the ease of use and processing capability of them, so as to build complete
distributed data stream management systems. How to design and realize the high efficiency and
easy-to-use query systems is a great challenge. In this survey, we first provide an overview of
typical applications, data characteristics and achieve goals of distributed data stream query
processing. Furthermore, we propose the framework of distributed data stream relational query
systems. Based on the framework, we analyze the key techniques in several aspects: UDF query,
query optimization, query-driven approaches, compiling techniques, operator management,
scheduling management and parallel management. Then, there is the comparison of representative
query systems including SPL, StreamingSQL., Squall and DBToaster. Finally, some new challenges
are put forward, including optimization technique, execution strategy, real-time precise query

and complex query analysis.
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e 1.

e AR N B 5 R, CQLE™ jd i i 2
(synopses) fEfili P AR S 25 5 F FHL =8 74t
FH. SBONE™ 3 1| FH I 4 B 38 58, A gl i
T AN T] A 36 ) 5 e = R ol L SR ML 2 A i
FEALH. SCERES7 135 11 A e 2 J iy v Il R B R L ]
I 2G5 7 A b R 25 5. A 3 N b
e Do 2% 1] 1) A 1R R B T A R SOR.

TE50 A B A W R G b X E RS
A A A LB R B R R —
AN B PR BRI AR, g 4 BPoR L RATMGE T
H RT3 AT 1 43 A =X 5006 T 76 4R 3% #0801 Y 7 e 28
T 2 TR R Ak B X A A S e

x4 EBETIE

RS T MR B IS AR
Photon™  SEEWFMEE  ZHIEEL s pnaps A PTG BB B 1
A2 LT DL 5 LD 7 68 I B
D-Streams ™ ZHE 0 1 1 RDD 4t LSOOV T B 7 AN R 5636 ) batch 176 22
AL 0 905 5 B PG S o 025
e oo e FLIECUCHEIL . A PG G 0 8 o] G5
[61] 2 1y | =
TimeStream® - BRI 0k te WHERICIRBIRER oot B, e SRARAS 00 7 ) 5 B 5 00 12 7T
‘ e - s e I A2 AL BT RS G S 138 1
2] 3 2 : H
ATR/CTRE 2R 0 35 4% B/ 2P A B 28 1 o0 24 Ak 7 Bt 35T 67 118 SR 45 8 R~k 1 B
T 2% MR 0 51 - P 25 2 T 9 1 9 0 IR
- e e - ET 0T T AR
PSP gy OE  wkdhssr  msmooaem o G TRERTRIRE e
PN
DYNAMIC £ H 0 3642 joinmatrix  ApEAEnoa s e IR LR AR
B MR OEHE joinbidie  REEspram o MEEEGERD

B 75 BN T BB 73 4L S BBl

Photon" " J& 73 8 24\ £ X 3% 2 I 2% #5161 1) 4
it R P s ) R B O A T B A SRR T e
B T ) A5 % R AR L B I O B 2 S B 2 8K
P vpoCs P 22 A YT R . R 1 o0 B R AR
TV 5 v = ) v R 22 B O 8 4 A SR A A R
s 19 58 285 Pk IR T BHLZE 19 5 25 i Ak 2 )
4S04, {H Photon FEE AN HZ F 1D 1Y 55

AR SRR 0 AR,

D-Streams' " J& Spark Streaming & X () % 4
VAR AE XS G 0] SO 28R TR 0 % 4. O B 4
(transformations) #:4E , 7] ] F i )2 Spark® 32 fit
fry RDD' L 1) i 45 5 60 b 40 5 1E B 44 1 25 6 P

@ http://spark-project. org/



1 4 FAHFYLEE oA B 8 R AR BTSE 87

D-Streams S 44 #4180 i J0 41 LA BH 28 14 Jy =X 1
J— 51 14 A Uk (mini-bateh) JE47 40 B 53X Fh 4k B
Jr AL BT 2L BB batch fF7E B R JEH A
XTI« TS AT AR 75 3 AL ) 2 i 25 2R

TimeStream ™ #3119 3 Pk # 4L (resilient sub-
stitution) F1 4K #i 18 &% (dependency tracking) #L
R 1 O T B B AT A R B R AT R B AL 1Y
O e AE 324 T MapReduce XUMS 19 916 40 38 F1
RH.2E /) T 21 4k BE W6 Fh 5 2. {H TimeStream 77 2 4
PRSI HOBE B AU B,

ATR/CTR" & 1 %t 24 H 40 O 0 3% He i
PRI B 3 T 88 A X P B0 mT S AR
P SCRY TG 2 3% ER R TR . S5 B AR BE Y B2k 3 Al
G HEARRAE 09 T A P O 3 B I U 5 ) — 2B
(one-hop) ¥ HU % 5L T B% H 319 2228 (multi-hop)
Pk o] SRR R OC A 2 D g AT — IR i
PREE. (2 ATR/CTR 5 B4 i 71 37 5 2 45 R 19 JF
B, H O RE AL 3 o P =AY B T B AR

PSP B3 T e i JH] 1 55 - AR 35 R 4 B L
ARG VIR 0 FE B R AE. K 2R 50 5
ARSI TR E T ERAENRSE L R
TR0 W T 1 0 7 AT A (B e B 4 A X
M HRABAE BN T RE R EAE TR B aE
32 PR PR i O

DYNAMIC 57 3 £ 2 A 8008 i (1 0 3% 42
AR A0 FH S F 48 B 19 3% FEAR Y join-matrix, JUARAF
fitt B A -4k BB 5T Bl L JFSR B BB Y
3 BH ZE To 21 b ¥y =X DA S I 3K BCIE A 1 A 1) 45 2R
DYNAMIC 8+ &% 11 1 5 41 4% (reshuffler) 7] 2 &%
BRI 43 2 o R 05/ A B A B B
(input-load factor). {H 1% 5 + 7 fiff 1Y 5 ¥8 70 &% B
BK.

JBUR R 3 F 58 4 R TR M A R
join-biclique # 84 , K¢ 4 ¥ 53 5L W6 4> &8 4. JB 5 1
A SCHREZ A BRI O 3 B e SRR IO A
N AR BH € o0 21 4b 38 0y =, i AT AR Al 0 i A
VER) B 20 % B sl A5 97 R A 3 5 o0 i Bt A T
DYNAMIC % Fffi FI i join-matrix £ % 3k ¥, B
B8 Y join-biclique 58 K FEAR 1 548 25
I TCA BE B 1 B8 IR R . (R AE B dis 4 4B JB
R R G Y 25 U TR A B R T A
T BRI o 4 2 50K
3.2.6 JHEEM

A3 ORI R G, — BT AR G A i)
R R UE U N7 B i N 7R AW | B e e Tl Ty
& 2 G5 R B SRS, ISR 5 TR L R R O Ak S s aT 4y
TR B UR B LT RO R R DR G R R
W 5.

x5 FAERBEER

RS RRFEHAR A 7 =
Auroral®] 5B A WY QoS HE AR, Bh A 2 5 F O $hA T I T
BT T A9 98 S Eddylt6 3 5t E R R L RS T 0% AR OF 0 A i R
Chainl%7) A 328 A7 B /N Ak P8 T 14 7 3R O SO O S
lel68] R4 56 03 T 2 w%—‘%"? 1 0 i
SR 1 U Juggle HRAE S IC 4 N A 5 B B R oo 4L FB HE R

Borealist6%]

A4 TELH Y QoS {EL R QoS H6 B . W) & JU 4L AT I

IE T T FOBCH R A TugglcEddy ™)

R A8 7 4 09 T R R R AL S AE L Y A R T R

F T 0 R SR A AR o A A
R 45 o B (QoS) AR | % ph 1 B AR A W i Y
FETHAERNE G007 o DATE AR O 0 5 1 SR T M0 R
R 2 ) TR 3 T RO 00 R SR L L Jugglet ™
Borealis"" R 5 R. Juggle %1 % Jik % R 1Y o 41
NAEEE &I T BEHEF (reorder) B 7, 8% C A #l
()0 4 8 HE /¥ . Borealis 7 Aurora ™ By Rl E LT
B E AL P T X IR 5 R (QoS) B EE{E
FHEHICH B PATIF. JuggleEddy "™ J& 3 FH F
FIEICHE (0 TR A 1R R s 1) A% % HL AR AR 7E R AT i Ak
PR AR o AR a5 R T B G n A R
PR OGS B 0 Ak BB E L R juggle X ] — HC 4R

i R e ST 4L AT E R HE Y. R4S & Eddy 1R
P, 38 3 % b R R R X N A AT BT HE I L DL IS )
PO H 1.
3.2.7 IirEH

S AR AR IR S A RS
() 40 FRE Iy Ak 6 T 00 40 A AT 55 N OE Ak PR
BALTT I A TR

X7 B340 it A B A O K Mk U A AE T R R
BLI. — T 3] o3 A W $AT 3 5 o5 — R Rl s A
A€/

SCHRL71 00238 T Aurora 5 48 52 8L R 43 A )
TR 29 A 2] o3 S B BR R A7 7R R 2 R A
LE A PN N O A A = & vh7. 0 o) W S Qi E 7 K )
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TEAL S B R o0 A AT TR Y ik D R
UL P g8 TR 7 2 A XA T 114 o7 P 5 2 % i 28 71 48 0s
A F #EAT R 4 a0 k64 ]3¢ 31 ) DYNAMIC
ST AR R AT ST A R A R 4 A R
AR IE B I 4.

JE i A BN TR0 43 1 R w2 I 3 2 i A 4y
J5 s He— T o Ry S K o M Sh AT 4 R B S
R 53 i TE A5 1) G 5 I A EL A A R0 A3 A Cln &1 3
(a) TR ) s BN 25 R 43 J2 6 A 1) ST 3 7 v AR i
DL F 43 A3 R S BRI 50 20 245 T 3 K] 41 Can 11 3 (b)) it
AR ST RS AR T A AR, ATET 52
B T e TR A A R oy ik B
AR TN AR 1 22 R R L AR A 51 2 i A )

TGRS

ZHT e

PR i

v o Worker? ]
Stream — 3 AT R4 —
a 7l ]
—
ECL i REDSS
Worker n

(a) #ERI5

O30 SR 1) b A A B R T AR L Ak T AU AR
T 38 3o e 4 AL ) H 32 A A 3 T R e A 8 A 10 Y
Py A IR SCERL73 IR F SR 72 J3ei ki oy ik
P& T 42 4 R 23 0% E) S UK 38 ( Temporal
Approximate Dependencies, TADs) M &. hy &
B AT I 8 R R 43 e /N AR B A  3E A T B R
JE TADs K A4 20 17 B 2, 52 Bx &) 23 14 3 25
B IR A B SCERC74 1803 1 R0 Bl 40 5 18K 1
i Z & etk g CMR. 1218 47 I, AR 48 20 A A1 A e
FEABHE TR N B 48 R — it (skewed uniformity) ,
BlASRN 73 %A BE U 5 AL A ) Y 3R 4R B0 e
YRS AN K0 4 B0 9 1) 2R SRR L AT BIRCHE™
T AT E R 2R DL ARAS S & A4 73 X ).

iR

bk e

/piiag ] ]

Worker 1

PATH Worker 2

—>
Stream ——3p
—

X935/

fitess RIS 1Al

0y

P T

Worker n

/

(b) BRI

3 ot oy S

K43 Jei %) B4 8 2o Ak PR G v e AR i B
2 D FTHRL R S AR B AL T R IR AT
JERT £ A Kb B 250 T B AT 2 A IR R Uk (76 ]
LA Storm 2 SEEF- & AR 45 A 10 TR K (DAG) R
] bolt WAL ¥ 52 4% B, 2l 25 3% 8 JL 47 Ak #ORE B2
DL T ) R GE PR RE.

4 SHXYEREBRENE

BTG A OB U AL AR G i T L 2
PERIY J M 4 4 A0, Tolk B R 2 R A Ak s T
SCREAN TR AL B3 2R GE 1 A 9 R 8. A T i A AR
B 45 A 2 ) & 58 52 5] SPLUT | StreamingSQL®
Squall® il DBToaster™™ it 47 X} b 20 #r. 20 #F I %5
£ 45 IS 2 A0 AR G R A o AR R G S I e L LA
PERGELNDE EPE S 1
4.1 SPLEMWZRLR

SPLY™ & Hy IBM f 75 B 30 & 48 SPADE"™ jiif

ARG B A A S T S A R RO
InfoSphere Streams® 2 . fF Jy &l 7= & B9 4% 2,
SPL MY EA FE M ARG N B T, M H AT 84 3¢
R A & R (UDE) [ U BE.
4.1.1 InfoSphere Streams faj 4}

InfoSphere Streams |32 i F T 5 5 . 4 &l Al
B 7 5 224> U W] PR R I 2 A AOC I R B 24
BHE IR 015 8. IR AT A FRES A AL R A5 A AL RN AR 45 Y
YA [] £ P5 28 Y. InfoSphere Streams R 35 2 4>
% 25 ) K 35 i 18] (data-flow graph), I F X
R 5 R0 73 A 2B It Ak FRAE 2.
4.1.2 SPL sZ# 5z

SPL SCHF 56 Z BRUBUIE I » AT 7€ ik B Ry Ju4H 36
RV 2R 00 40 b 4 4. A R 53 A0 RO O RO A
SPL Ay A~ b R 7 77 A — A B a0 i 181 1 v /) 4

@ https://github. com/Intel-bigdata/spark-streamingsql
@  https://github. com/epfldata/squall
@ http://www. ibm. com/software/data/infosphere/streams/



11 EFEINE oA BRI R AW AR 89
AWEX TR EME M. B BAHAUAE s R A, 72 g 9% W T J8% Capplication source

SUAE R T P AR AR B A7 oK. SPL 4 it
AR HIES (CH++ 8 Java) E X FRIGHE T (A
RGWNEBEFMAP A XHE T LS E ]
Bl 7R E A5 . SPL A AE B ZE ry oo 4l
AL FRDL K 3 FRf Rl Foc L my i s 1L SEIE T i H
DALV AT 1 S I Ak B

P4 BT SPL AR B JF AR T T I AR R
BB T 75 (operator model) FIE TS A= Y
#3 (operator code generator) FHHRAT4H AL, Hoip , BT
R — PR B T 3 SPL 4 % #5 (SPL Complier)
(9 XML SCHY s 58 7105 A= B s 11 58 o e B 7 2F

Operator
model

(XML)

code) i}, SPL 25 4 ZA4NE ¥ AN A 1
i 2 K A B A ST 7 AR AR N Y B8 T S ) 8 X
(operator instance model) , 3 Fi| & T A il g8 7=
H: 8752 | (operator instance). 7E i 17 W, InfoSphere
Streams AR 35 E 2 X i FI B (application model)
filh & 5 - 9 7 A= Ea i L R P & (streaming
platform) InfoSphere Streams )4k 3 B4 3¢ (Processing
Elements, PEs) % £ 4 i #1770 A b ¥ B A8 F
S — A e g AR S T B 1908 4T 0 B Ak P
ABR I (stream of input data items) » 377 A= &y
H BRI (stream of output data items).

Application SPI Operator Operator
source code . 1‘, —»| instance model > code
(SPL) compher (XML) 7 generator
=g ———7———__Atcompiletime _
i At runtime
Stream of Operator Stream of
v input instance output
Application data items (C++) data items
model —»‘ Streaming platform
(XML) 7
Bl 4 B R
4.1.3 /N 2 X fifi 14 Spark Streaming %} D-Streams K {E 7]
SPL #1f] R B A MR EA 45 . (1) SPLj@a % #y Spark X RDD B34, M 5B 1 Hcdha i )

RN (1B €1 T DL U N Nl 5 a4 TR
P 3R =X A v [R]85 R #5465 (2) SPL W] AR g
T4 G B AT 80 A 2B R A b e L O
SR A E SR B R AL RS 15 (3) SPL S H%
PR B i DR A ] g i e 15 4R 195 R AT 1k
IR CH+ 88 Java (RS 10 54 6.

SPL &) R G A Z A TE T g £ 4R
SPL $2 A AN [F] 581 A7 4 A 52 B B A il R 08 LY
IR TEAE B N SQL B AL & ) R G o T
4.2 StreamingSQL &= if] R %

StreamingSQL 2 Intel 23 5] 3£ F Spark Streaming®
FIZE FE) A B A T AE 22 Catalyst® 52 B A £040E i #F
RS
4.2.1 Spark Streaming f&j 4}

1 Spark 2SS A4 At i Ad BT A 52
R UL BEAE S, AR ve A1) R 283 T Spark Streaming
DA A2 X B4R i i A B Spark Streaming & X T H]
FHER BRI S B AE X R D-Streams™™ , I
iy AR T V) 43 B Spark 7T DAL B 5 F RDDM.

it 1 Ak 2.
4.2.2 StreamingSQL 5Z 3 J7 3

StreamingSQL fifi Fj 28 SQL 7 W] X iE &5 4 &
HI#EAE Spark Streaming /£ 5, #] ] Scala i& 5 3¢
PR G5 1% 0 M BE. StreamingSQL M E L ST
SQLstream 72\ #) [ Streaming SQL #5 #E®, 3 %t
HiveQL #47 T ¥ &. StreamingSQL 2] T4 1 %1
I P2 ) 5 A8 Ak K00 R Ak BRSO I L O AL SRR
Sy ) BB StreamingSQL 3¢ 455 JE T I [A] (4 ¥
B D FTCE H P A R B 07 2 43 50 A T BH ZE 1 B
1 4k 38R BHL 2 9 FCHE R Ak 38 5 B3R 4R o 4 4 A

StreamingSQL % T 1& ¥ Hive B f## ¥ 2% X
A &S IR T O T RO R TR AR E
5 F Ml Hive £ i, 2L 52 T Hive [ Metastoret®,
StreamingSQL W& H T Spark [ 1R (192 it
) FURH L A B R D0 0 e A T 2R A Y O R R AT

https://spark. apache. org/streaming/
http://spark-summit. org/wp-content/uploads/2013/10/]-
Michael-Armburst-catalyst-spark-summit-dec-2013. pptx
http://www. sqlstream. com/docs/

©®e



90 it " Bl 2 i 2016 4
Yy ¥ H R A . StreamingSQL A 4k ¥ 7 R AN A~ nimbus T3 & T supervisor 5 S 4 . HoA,

K5 fin.

[StrcamingsQL st -R]—{ sy || it |

PRI

s ey/E N I )

Catalystfltft.

A2 4R

D-Streams
& 5

StreamingSQL #| ] Hive fif #7 1) il R i 5 B
(Abstract Syntax Tree, AST), A= i X} W /Y 2 45 it
¥ JFiE st Catalyst AT O0AL » 5 2 A 003 B g T
RDD #1 D- Streams 1A [6) 119 4 B 31 %1 #4. Streaming-
SQL 38 2 M il 52 3 3 4 1 -5 589 D-Streams
P RDD, ALK 378 204 B8 1 R0 4% 5% 4 B Spark (194
BRI  LLR M e 2 1) A ) 45 2R
4.2.3 gt

StreamingSQL £ i) & 48 HA W FHE S . (1) 3
e Z R AR 3h X (2) A) 78 6] — A2 i) E AT
FREE I 1 28 B HR A

StreamingSQL £ i) RGEHYA L Z AT T (DA
KBS AW (2) ALFE T o4l i 3
A
4.3 Squall Ef &%

Squall® J& Hy % 58 R BE T2 2% Be S0 52 1 = F
KIHETF Storm® 'y oy A K AE LK B R G 7] A
F SQL #1670 S5 BLX ER 408 Ui 74 52 i 43 A 40 B
4.3.1 Storm faj4

Storm J& Twitter JF ¥ Y 5% B 50408 U 4k 22 HE
2 HA T B o R AR AL L TR A [ 9 3 A B I
TFEZ Mg RS i acker HLHISE B AT EE B
HBALH, Storm FEBEIRAUNE 6 s, Storm H—

StreamingSQL 4k 3 i f

7N

% 6 Storm 4 544

nimbus 7 & 1 5F 5F I 43 BC AT 55 A R MR A &
A~ supervisor 7 i 1718 1715 0L s £ 1> supervisor 77
BT % nimbus S BCAYAE S FAE BZ T R
(45 A~ T AE #F B worker. #& 4~ Storm £ Bf F] A
ZooKeeper ™" 4t 43 A7 2 7 i 1) B 3 75 242,
4.3.2 Squall 5Z 3 57 3

Squall ¥ SQL 7 i) 15 B i P AT 55 7 H9 L 1Y
A I 6 3 B (DAG) i & )it 4. ] Java i 5 w5
THEMARR. 8D HEF XN F Storm 1 — A4 4
(spout 5 bolt), Jf il i #4 & Storm 1) #1 Fb &5 14
(topology) #1472 #1141

Squall >R FHE T4 B 1Y) 7% 4B R join-matrix i&
o755 DA DT 1 K 1 g T3 5, SRR TS B 3K 8l X
T A s AR Y O AL I RS T T ARBH %
T AL HE ) DYNAMIC 3% 4555 1. Squall ¥4 3% £
PR A A3 A 3% 35 2% Goiner) I T 41 2% (reshuffler) 7
WAy, Horb B T 9T PR B T AL AR R T
Gy RGNS fr oG AL TE AL AR R W AR AR T s gk
B GE T BRI S RE 38 N R B p R R A X
M G B R T B T R AR A Oy
e T A JCH A0 FACAN I R A g 6 N A
AN Sfe 1R A 5 Al A AR A ) R
4.3.3 4

Squall £ i) & 48 B A B FFAE AL 4% : (1) Squall 52
BT AL i T SRR S R Y O e
1. I EL ] AR 48 B 19 20 28 78 A x5 20 47 1% 22
RS TR 435 (2) Squall 3t 7 4R B 91
LREEF ERZ BRI E S T A A
3 I Y Ak B 4R AE 5 (3) Squall 4241 T —Fh i B
TR AL B IR T BRI TT 4.

Squall Zif] R G WA B Z A FE T (1) Squall
HATH SRR TR B0 % 4 A W AR, A S HR ING
BETWEEN, LIKE. EXISTS. HAVING % SQL
A5 (2) BIESAASCHE OR ik WA LHFIRE
V) A R A A
4.4 DBToaster =il Z %

DBToaster ") J& ¥ S 6 #1127 g B0 52 50 %
TF R Y RUECHR A ) R 40 AR HE N SQL A i) 15 4]
3 A A b AR 1) 2 PEAE S

N

@ https://github. com/epfldata/squall
@  http://storm. apache. org/



1 FAHFYLEE oA B 8 R AR BTSE 91

441 WHERFEF A

R4 A 6] il 55 75 5K« AT DBToaster #8278
ANTFEH AL R GE b A i R R B S 0 I AT Ak B
AE J7 A A B AL m] ] Storm £ O K 2 AL B R
GOEWZ W 4.3.1 955 4 A K at B AL B ik 3
(Online Analytical Processing, OLAP) i #:1E, nJ
] Cumulus™" fF 4 IS 2 40 B R 4. A1 ) 224 40
Cumulus 2 R 4.

Cumulus J& 3% SR HL T2 e 1 1&] 75 2% K 2F 1k
GRS = RS, Cumulus 32 15T —Ff7 195
5 BE 45 4% (Byzantine Fault Tolerance, BET) S #34%
CBFT . o] S UE AL & 22 18] 4 57, 5 J0 2 0 A B4l 45 17
i DBToaster i # 1] 4E 47 #: A 42 41 1 7T 48 19 (5 2
2 i RIS IR P G v SR A 5 R O
4.4.2 DBToaster SZ 3 i 7

DBToaster i 13 33 5 (1) B ABKE 38 &= A i) 55 40
C+-+ 8¢ Scala p& %k, 1) F fE L & Cagile view)H™
DRAE S I TR 45 W T 22 A 1 40 1 R0 0 AR L OO
IR 7 fife e A iR 1 R 9 TC 4R IF 8. DBToaster 38 7] LA
A4 T 4 3 B AR I i B0 P R AR R
e, AR AR S R R A R R G ) A Y L
il B DR R SRR I 1 o A 1R 45 2R 4R s
J1. DBToaster >R fl TG 11 9 3EBH %€ J0 4 4k 217 50
SR AR 7 S B Y S i) R

4.4.3 N 2

DBToaster i) &2 4t ELA AL ALEE : (1) DBToa-
ster i i LLVM™ f1 LMS™Y 4 %4 R B #2248 % H
FrRACRS S TH B 1 A B s B i 1 IR TR) BOAS L 32 8 1 2 )
PERE s (2) DBToaster i i3 4 1k H0 P A9 458 1 L PR it b
PR £ T 0T ) B8CH it . T EL AT TR T 1 A
DL ERAE 7 i AT AT A5 [a) A A7 v i) 4 30 g s 25040
(3) R T SCHF R A R ARAE . DB Toaster # #1732
R 308 Ak B B R R IR S BT A A
A BE A o v PR GIE G 15 00 3 P M L [R) N AR AR 1 4k B
Bl ;s (4) DBToaster 1) 1A BR 22 19 5 ¥ 2 13 7 /h
& A5 H (viewlet transforms) [ HE 25, a5 By
OB BT E S S/ f R I I S R Al R AW
I3 3 J7 A AORTEE T A B PE AR AE 22 PR TR AL I Y
A R

DBToaster #if) RGN R ZATE T : (1D AL
FiHEF Corder by) 1 4b i 2 (outer join) 5 7y 1] #2
15 (2) AT I8 75 HEAT N A7 19 52 AL B A5 1)
%) T I B[] 38 K 5 (3) AT 22 A 1 AL B, 23t B
T P A A7 At 1 52 R RROAS AN — 35055 (] f
4.5 BHRGEXIESH

MR DA b B5dl i A A R e i e A W T LA
B o) AR it A B ) AN [ 5 5K i SR AR [] 1) £ 90 3R 42
AL PRT5 2. A R GRS S A Nk 6 B,

o6 HHABEREBAREIIL W

XF FE 35 R SPL StreamingSQL Squall DBToaster
PGP InfoSphere Streams Spark Storm Storm/Cumulus
MBS HifENiEH SQL KAEF SQL KAEF SQL KAIEF
Ak By =X Al BHLZE 1) Jo 4 Ak 3 BFL ZE 1) S A v Ak 2R I B ZE 1) T 4 Ab 31 I BH ZE 1 T 4 Ab 3
imE A R AnasEn 0 F A1
HEES C++18f Java Scala Java C++ 5k Scala
b g

5 ESRE

A1 RO L A 1) AR 48 O AL A ) R A
RS L ELINRESE 5 S A A IKRRAFE R R Z A M
{ELAYF 5 7] L.

5.1 HXBEREARUKAR

S S IR Y A ) SR o0 A OB O A A
Ak BB DAL A i AN B 5€ 35 . A S EAR AT IR 44 2
TILA

(1 AE A L A i i i v hy 3 1o B30 O 8 3l
ATy % S L i R T A AR G O A R
F BRI AL 8 AT T 5 3k — 2 52 3 T MU 14 1

(2) BT XF Jo 7 18K 3l Jy sURYIE 2L 483, i T 4K
W o3 A MPAT M 5 B sh &2k, &l R W
B R R A TR 40, 78 Shark R G851 AER
A [n] T ¥ B #0047 9K #% (Partial DAG Execution,
PDE) " [y & o A FH 7 2 i b 3 b 5 s oli 46 50 11
G5 B s A WUE AR kL 3 3 A R Ak
PR AR e R F F AT 1T & TR
SR R AL AE SR R AR 9 A4 H M B4
B AL A g . Q] 75 iz AT I 3SR b SR e/ R

B 2 T A S AR R — S AT R A 5 ) AL

@ http://webdam. inria. fr/wordpress/wp-content/uploads/
2013/10/christoph. ppt
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(3) &FxF P 32 28 1 52 4% A 1) (N 2 45 1) R ik
EHXNS NENES B EERRE TR
B rp G VE W LAk [ 80, 78 B0 I A B 3 S b B A AR
Z 5% TAEE .

5.2 SGRYB\RAETWHITRE

BT o3 A BT 0 508 T A v Ak A SR L 3
1) R G 454 2 AR BRI DL K 2R i X414
FE— . FEIBAT I 75 T A 00 T B8 R ASCHE 1 8 32
11 AW s A7 (R PR R ) R0 BT G F

(D A7 % R R B B R T, 2R
R B RVERAT I S o DA S TG A AR A7 it A% B o
AR A

(2) &1 X F P #2581 2 25 30 33 oK L 7 5 1 A B0
DL RIS §6 0 B 078 A G 1 T A oL AR A [R] Y 2
V1K 2l 5 =R B 43 A 1 0 i 2 A R 43 oK e
VB A B0H 43 2 1 Kb FRLAK

(3) MR A 43 A A T 1) 350 21 00 Fn R P 4258 11
B K L B A B T 43 A R B S R A 7
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Real-time processing of high-speed data stream has
become one of the major areas of attention in industrial and
academic circles. In recent years, there have been a number
of distributed data stream processing systems represented by
S4, Storm, Spark Streaming, etc. For improving the usability
and processing capabilities of processing systems, we can
build relational query systems on them. Query systems can
define the SQL-like declarative languages to help users build
the query requests and related applications.

This paper surveys the recent research work on distributed
data stream relational query techniques. We first propose the
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to be addressed.
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