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Method for Generating Massive Data with Assignable Distribution
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Abstract Affected by factors such as privacy protection.corporate and government data are slow to be exposed. At the
same time,due to the influence of network bandwidth,it is difficult for scientific research institutions to download and
use massive public data. It is rare that the existing data generation tools can concurrently meet the requirements of scien-
tific research work in terms of the generation of data distribution pattern,correlation,accuracy and scalability of the sys-
tem. Specific to the problem of mass data generation. this paper put forward a distributed data generation model. Ac-
cording to the data distribution pattern and correlative relation specified in the user’s configuration, the reservoir sam-
pling or random sampling algorithm is used for the sampling, calculation of relative relationship and splicing of the Web
data knowledge base to generate the data of which the attribute accords with the user’s configuration. Through the data
generation test on the distributed computing engine Apache Spark,the generated data meets the specified data distribu-
tion and correlation requirements,and the data generation speed is linear with the data size and cluster size {from the sta-
tistical point of view. It shows that the data generated by the proposed data method has high accuracy and diversity of
distribution,and the proposed data generation system has good scalability.

Keywords Data generation,Reservoir sampling, Distributed computing,Correlation calculation,Data distribution test
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Table 3 Example of IP address knowledge base
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Table 5 Probability value of Generated data
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Table 6 Correlation analysis table
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Table 7 Summary of data sets
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Fig. 12 Comparison of text data generation speed
1000 000
& 900000
b 800 000
= 700 000
g 600 000
iij 500 000
400 000
g 300 000
200000 / /
o 100 000
] i i
Facebook# & [ 4 Google M % ¥
LIES £ 943 424 943 387
® BDGS 501 681 591 684

Bl 13 I3 B A B X b
Fig. 13 Comparison of graph data generation speed
ko A 2R GE A R B AR AR B e T
R B O 0 A B TR R RS . S A [
Bn i ERF R S WERERFE I AEE, B 14 RRT
Az 2 o BB I L LR T SOk AR B ) Y e L 43 S AR
A% 1000 J7AT.700 J47.500 74T .300 JT4T.100 T3 AT 8048 I
B2 TR RIS 1) 08 O 8 45 2 i bsf i) Sl 2 PR b . B UAOR A L 18
AT RSO A A R . B 14 Bs L AR 100 T AT
BT B 38 0 A RO A R ] B A RN K SR
Sl 3 A E A ML B A H 1AM E 2 e
BESCAE B B8] IR 5 R R R A R e R L X B X
R T F) A B 5 SR, SR T A B S U A R R B
SRR 22 A UBSCHR 0 B B R AR 25 G 2 R R R L )
PEAL 55 4 T 9 R GE M 8 AR ETE A RER AT

—4—1007 —4— 30075 —&— 5007 —%—7007% —%—1000%
800

@«

N
= 600
=

b3
= 0

R/

P T4 A BRI 5 0 R
Fig. 14 Relationship of generating data time and node
T TR T B A EON B A R A B AR R
) BSCAE I  H J e 2 ) A A AE TR A A DG G B CIEAR G FUAR
J‘@%?FHJ‘Q)Jj'fﬁﬂ@ﬁ%fﬁij&%,Fétﬁiigﬁﬂﬁﬁi‘ﬁijé
FR 0 B P I B DL — S B R0 BE AT RN IR v B
%#&E’J%%%‘%%TT*H?%?&%E’JW?U?&%L??’&S%/J\
= ﬁﬁﬁ%ﬁ%ﬁllbﬁj‘ﬂ‘fé\#iﬁﬁﬂ@%%ﬁ%JJ\WE'J
W 54 1 2E B ] . L 15 % A B e v R S AR R TR
B R IEAT TARSE . A R oA DG A 0 i 5 A R T
IR OC A HL B B R AR S R B, X

BLiB 5, H AR 2 Bt S K5 B )

——10077 —f— 3007 —A—50075 —%—"70077 —¥—1 00077
300

<L

= 250

'fé 200 %

& 150

# 100

h 50 S —e
0 3 4

kg 3 1: 227

15 Az O I I 5 B S 2 R ok R

Fig. 15 Relationship of generating data time and attribute columns

HRIE AR IR T Fh AT 5 Bl o A TR
SE B T A 1] AR 9% ¢ AR A9 ¥ o HOdie A R AL R T ORI
VISIUE L= RPN Web{éﬁﬁ*}ﬁ%ﬂ‘ﬂﬁﬂﬁ%ﬂﬂﬂéﬂlﬁéﬁﬁﬁi,*
LY AT L 53 A TR 2R OG OG 2 B B 2R U RS L S R
igﬁ,J%%TEEEM%E%#E%?&SE’J%#‘J&‘ﬁzﬁig&ﬁ?’iéﬁﬁ%
A TSR | AR B J e B A M A AR LM A DG OC R Y
TR TE . TERGEVERE b, 51 0 A= B0 He i A BR B2 L A B L
AR A B A DG G B Ja M A Ous AR R TR ) 52 R BEAT T
BT I B 3 7 R O 52 o 114 JEL A

TEA IR W ST R T S T LT ()R . 1) 4 fof 2] 1 5 im
T8 LAY B 23 A5 T 25 5 2) Qi el SN 418 A 3t A5 AR 49 B UL o 20
B iU L AT RTER

2 % X o

[1] PAN W. The current situation and trend of big data develop-
ment in China[ J]. The Science of Leadership Forum,2017(4)
28-44. (in Chinese)

W SC. T R KR SR s ]
28-44.
[2] BUSARI M,WILLIAMSON C.PRoWGen:A synthetic work-

SR FIBIE, 2017 (4)

load generation tool for simulation evaluation of web proxy
caches[ J]. Computer Networks,2002,38(6):779-794.

[3] RABL T.POESS M,DANISCH M, et al. Rapid development of
data generators using meta generators in PDGF[ C] // Interna-
tional Workshop on Testing Database Systems. ACM,2013:1-6.

[4] RABL T,FRANK M,SERGIEH H M,et al. A data generator
for cloud-scale benchmarking [ C] // Performance Evaluation,
Measurement and Characterization of Complex Systems. Sprin-
ger,2011:41-56.

[5] GHAZAL A.RABL T,HU M Q, Raab F, Meikel Poess, Alain
Crolotte,and Hans-Arno Jacobsen. Bigbench: Towards an indus-
try standard benchmark for big data analytics[ C] // Proceesings
of the 2013 ACM SIGMOD International Conference on Ma-
nagement of Data. ACM,2013.

[6] HUANG S S,HUANG J,DAI J Q.et al. The hibench bench-



58 Y

PR L A — R R S A B4 I i A A T vk 63

L7]

[8]

9]

[10]

[11]

[12]

mark suite:Characterization of the mapreduce-based data analy-
sis[ CJ]// 2010 IEEE 26th International Conference on Data En-
gineering Workshops (ICDEW). IEEE.2010:41-51.

MING Z,LUO C,GAO W,et al. BDGS: A scalable big data gen-
erator suite in big data benchmarking[ C]// Advancing Big Data
Benchmarks. Springer International Publishing,2014.:138-154.
YIN J,LU X,ZHAO X,et al. BURSE: A bursty and self-similar
workload generator for cloud computing[J]. IEEE Trans. on
Parallel &. Distributed Systems,2015,26(3) :668-680.

QIU Z P,XIAO R P,ZHANG R. Simulate generating web log
algorithm using fields’ priority relevance[ J]. Computer Systems &
Applications,2017,26(3) :126-133. (in Chinese)

Fedalg, Han R .ok Bl 0S8 R Web H & s 5 A4 lUST
L] P EHLR SR . 2017,26(3) - 126-133.

ZHAO H Q.LIU J L. Research on complex event big data pro-
cessing system test data generation method based on Bayesian
network[ J/OL]. Application Research of Computers,2018(8) ;
1-2. [2018-06-26]. http://kns. cnki. net/kems/detail/51. 1196.
TP. 20180507. 1706. 040. html. (in Chinese)

XS X 4 28 R T U 0 19 2% ) 52 2 o R BRI b AR e
BB A2 7 ¥ F 52 [1/0L . 35 HLAE F F 5. 2018 (8) « 1-2.
[2018-06-26. http://kns. cnki. net/kems/detail/51. 1196, TP.
20180507. 1706. 040. html.

XU P, LIU J Y, LIN B, et al. Generation of fuzzing test case
based on recurrent neural networks[ ]J/OL]. Application Re-
search of Computers,2019(10):1-3. [2018-06-26]. http://kns.
cnki. net/kems/detail/51. 1196. TP, 20180619. 1517, 062. html.
(in Chinese)

ARG LX) 5% 55 MR L A e TG PR 2 19 26 1 S0 N 35X P 481 A
[J/OL]. 8L 5T ,2019(10) :1-3. [2018-06-26]. http://
kns. cnki. net/kems/detail/51. 1196. TP. 20180619. 1517. 062.
html.

WANG K F,ZUO W M, TAN Y, et al. Generative confrontation

[13]

[14]

[15]

[16]

[17]

[18]
[19]

[20]

network: from generating data to creating intelligence[ J]. AC-
TA Automatic Sinica,2018,44(5):769-774. (in Chinese)

E b0 Ao RE L RUE SE L AR O BT 46 DK AR RN B 61 i
BHEL)]. A3 k24, 2018,44(5) . 769-774.

GOODFELLOW 1 J, POUGET-ABADIE ], MIRZA M, et al.
Generative adversarial nets[ C]// Proceedings of the 27th Inter-
national Conference on Neural Information Processing Systems.
Montreal, Canada: Curran Associates,Inc. ,2014:2672-2680
CHEN X,DUAN Y.HOUTHOOFT R,et al. Info GAN:inter-
pretable representation learning by information maximizing gen-
erative adversarial nets C] // Proceedings of the 30th Conference
on Neural Information Processing Systems. Barcelona, Spain:
Curran Associates,Inc. ,2016.

LI F J,YANG Z Q. An integrated sampling method over imbal-
anced network flows[J]. Fire Contrd & Command Contrd. .
2015,40(20) :74-79. (in Chinese)

AR A AR — T ) AN 2 A 19 2% O A S e iR O LT Lk
J1 548, 2015,40(20) 1 74-79.

GUAN L,HU G J,WANG Z. Research on network security sit-
uational awareness technology base on big data[ J]. Netinfo Se-
curity,2016(9) :45-50. (in Chinese)

EELDUR, EL . T RBUE 09 7 2% 22 2 5 IR A B AR TF
(I, 15 B 4622 42,2016 (9) :45-50.

4l B 1P 3045 )% [ DB/OL]. http://www. onlinedown. net/soft/
19051. html.

1

Alexa i E i 41 DB/OL]. http://www. alexa. cn/.
THOMAS W. MacFarland. Student’s t-Test for Independent
Samples[ M. Springer International Publishing:2014-06-15.
FAN D M. The P value in hypothesis testing[J]. Journal of
Zheng Zhou Economic Management Institute, 2002 (4):70-71.
(in Chinese)

LM BRI T Y P E LT, 8 M 25 B A BT 2 B 2 AR
2002(4):70-71.





