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Log mining and application based on sql-on-hadoop query engine
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(1. Faculty of Information Technology, Beijing University of Technology, Beijing 100124, China; 2. Information Technology
Management Department, Haitong Securities Co., Ltd., Shanghai 200001, China)

Abstract ; With the rapid development of computing and networking technologies, and the increase in the number of
data acquisition methods, the demand for real-time processing of massive amounts of log data is increasing every
day, and there is a calculation bottleneck when traditional log analysis technology is used to process massive
amounts of data. With the development of open processing platforms in the era of big data, a number of big data
processing systems have emerged for dealing with large-scale and diverse data. To effectively apply the advantages of
Hadoop to the original businesses, in this study, we first investigated network log analysis methods based on big
data technology and constructed a network log analysis platform for the acquisition, analysis, storage, high-
efficiency and flexible queries, and the calculation of trillions of log entries. In addition, we compared and analyzed
three representative SQL-on-Hadoop query systems including Hive, Impala, and Spark SQL, and identified the
performance characteristics of this type of system. We used the TPC-H testing reference to test and assess their
decision-making support abilities. We drew some useful conclusions from the analysis of the experimental data. We
also suggest a few typical applications for this analysis and processing system for massive log data in the securities
fields, which provides a solid foundation for further research.

Keywords: big data; log analysis; data mining; Hadoop; query engine; data collection; indexed storage;
securities business

B LAY )Gk 2 IR ol 0 SO 0 P L 60 S0 0 4 A 0
(OB 25 BRI, BB REE . VRO PG 1SR R SR 5 8 R
P ——— R T B AR LI H AT S 54

EEWME [ 1AFF LI (91646201, 91SI611, 60803086) s IFRY  REIR A 4632 AT IR 25 T P2 4T S 58 5 S5 135
ST URE (2013BAH21B02-01) 5 AETTTIT A ARFI# 34 . e .
Wi H (4153058, 4113076 ); b mt i # & & 5w H A A THRIERGEINRGE BT RCR A 5 I Ak
(KZ20160005009) ; Lt 35 H (KM201710005023) . e o e
BIE1EE o5 E-mail ; heming@ hjut.edu.cn. E 5] ,iﬁijﬂﬁi%ﬂ EI/‘J E[ A:L‘Ii% EP%}E%%%H%T%%&




718 - R

AN
F’N’

E

o512 %

% S5 HH H & RE S G5 —m) 8, H
AT HITt DSR40 A7 B A 1 DU DG it 1) &5 44 fE A 3D | 4
FREO A RO 2 A 7 b U I I Vg
(volume) | =53 ( velocity ) 1 ZA¥f (variety ) 552 V $k
i, KBAERHRE JIERPR

I I g ) {5 S IR 2R S H A B
BET 25 B S A R OB A3 A B R
A7 SR 1 H A 44 Bk B B R B R R, AR
KATESRN A PR I 45 b, B 2845 5 1 Tl
PaEHER2REK HHEERZ, 0™ E32 s
H& BshiEd: H B Mu HE% EE AR50 H
A, LIEE RS B, HatfE 2 E R A LA
ROLA GRS, AL P 4L+ 07, AT
MAAHRE T 1 BRI, W L2 g RS
AR 24 /NBPRE R P SR EE 5 0 A R S
AN IS ARG 3 BRGSO, B 6 58 5 IR S5
PR H & SCE RN R 100 MB~3 GB, Bd17E 100 GB
fitio [ B H W A8 5 N IR 55 4 ik 23 A il —
By RIE B G RRT N O B BB s, HAh, 451 S
TR B2 H R SNMP B sGHEAT R4, R
LRSI i P e, B H A
345 P&, BEIT2y 300 GB, X ik 3 2
H S —AEmR ™ 2 108 TB $dl , B4 A £
W BAERG 56 H A B0 A I B,
5 i) B AR FR 7 2% 78 0 & B s i, HoA7 6k
J7 ORI RE SR 32 B T BRI, PR oy A A7 i A
AT BN T LR, anfl R4 AL,
FEAE A3 0T B FH R HUARE i B AR B0, B R TIE 2R
A1 AE KB BT I ) 51 R BR AR

Hadoop'™ 43473 s0AN ISV £ S KB A7k A4 Hr
PRAE TR T S R RBUIE Y I BAR
2R RN Tl AR B 1) DG 45 A M H A —
AL AR TR R A BRI AT TR A S
A RETE R4, A RE A EE AN, R
FREFNEIE T, FEHE I R X UE 22 17l ™ A=

HAT R
AR FETTERAN T .

1) W5 2 F SQL-on-Hadoop 25 1] 2 4t 1 P RE 47
S TGS T T Hive Impala Al Spark SQL i 3 Ffi H
HFRVMER) SQL-on-Hadoop 1A R G0 32 4], F T
i H AR 5N R 5

2) 2R TPC-H I3 o X6 AT R 3R S 45
FIHEATI R R VPA 380 2o Xof S 36 5 1) 53 A R e e

T3 T A RS,
3) SEBL TR 2% H S s A S S AE Ik
JFUE R J LR LB

1 #XTHE

B A A B K ) 5l v 1 P 28 H 35 53 B A
PR AR ] T N, H AT R
f 4 H SR it oA X meud ¢ R 55
MR E AR, FFIE R H & 531 R 58 41 Facebook Y
Scribe'® | Apache [ Chukwa'” | LinkedIn fY Kafka'®!
Cloudera Ff) Flume™” 45 Facebook 7 &) P& K ) FH P
A T R E MR B S 88dE, 3A s (2 P
M5 DT EE AL, 7 A T R 0 Hi s A H A [
I, B2 i AR 43 BT T 0 TI0 12 0l A 55 I
PE T P T52K , Scribe 454 T Google 1434 2K
ARG GFS!( google file system, GFS) . #VETR
PR A BRI B H A B i A 310 43 A =X
SRS, NTE ML E A E TS5 5087, Amazon
HF 83 R EC2,JF& T Amazon EMR SEH ALK ds
AL 55, T LORE BCH S A1 e a] BT I B R/ Y
EC2 HEREP#EAT A B, (4 H S0 K5 Kl
PEFIBL A 27 >0 45, By L 2 4 AT P i Y o
KB Hadoop SEHE« A6 AT 4381177 it 19 26 1 %K
Pty ARG H & LU € s 23 A, O B TT ik
-5 A NI A A T S (B 55, I IR
BN A FACHON P 7 A T R A
AP H R EE 33 SE 5008 b 2R B R Rl A
B, JF 4 < KRB S 37 s, AN AT
Hadoop 1Y) Hive'"'! HBase''>) Fll Streaming'"' £ 4,
FIHE T SNS V- 5 AT 0 A0 N S S T
B, AR EERETH 5 R G R b i 2R A K A
b 1T R BRI AR R AE 10 PB DA B,
BT HERAEE T LA G HZ I 5 g, Wei
SERTTT Analysis Farm 735 T A& 80 1) 06 2 BUEL I
J% ( relational database management system, RDBMS) ,
FFH NoSQL( not only SQL) %(# % MongoDB #4 4 T
A YRR H A 5, LUK NetFlow H A&
4™ . Rabkin 5%t 7T Hadoop 1 H
AU N HF R B8 Chukwa, H 5 AL 3R 7 76
MapReduce HEZR BT &S SCHR[16-17 ] B
SIHTEYSRE A A3 SER TR X R H AR AT
1 MapReduce ( In-situ MapReduce ) Fll Continuous 4t
FHLA, {2 MapReduce BRI ACMAR K, IF-Afig



5 5 1

Al , % . F£ T+ SQL-on-Hadoop #1151 88 1) H 4248 K H R <719 -

(IS SRR R A .

SR HDFS'" Al MapReduce" " R 40 B 424y
FE R RS (AL B AR S SR R e A
H R /O AR TIOR3 AR i S %
R R, A SO 5T 3 T SQL-on-Hadoop 251 51
A 2 H S M G T AR i
SQL M F RS BUR G | R T% 9 A ih) P Rk, i A1) H]
TB 2% H 2808 X A7-fiff A ity e s kA7 003k O Ak A
PO A A R e M s PERE T R L B
e H S5 —RIE A W&, U
{6 /X TB 5 PB 24 B AT AC H A8 A8 PR 1o 75
SR T A EZEA T 8 H 8 R o3 B S H: 1 T4
PERAR S

2 T Hadoop 89 % 44 1b 2% 4 40 32

W25 H IR B R 2 B ZREPE R R A, AR 2
Ffl CEASH A AR LS AL p Bt . AR B H
AT A PR, H RS AR G0 SR 4R 4 X
AN H ST AR EAL AL BE, DT LEE F4 1 Y
FERBEAT B A7 A BT, AR SO R 8 95 8 3

_________________________

FEEGT R SCASEIAE B P A S I 9 S A R
s
2.1 HDFS #iEFR&E

W28 H AR A2 O o0 A XY, S5y H R4
ARG, HERERASCE B EERL, A3
R0 H & H #7675 Hadoop XM R 46
(HDFS) 1, i F°F 5 # 8 F Hadoop Z I+, BEE 4L
g A oy A AR 0 H B 5, W R 5 T KR
&, ARSCY H AR A AR D RE Rl 41k 5 2,
mE 1 iR,

1) JEAEEAE 2 ol 55 Foe i H B Ah B, REE
a7 H &SRS [ AR A 1

2) B R AR FEAN THE B H SR AT
I RCR AR PN ] 4

3) FHE AL B Z . B AHE X H AR py it 2
AL FRASE AR HE

4) B HE MRk 55 2 . B AR vE B s Ui Il 4 H
ODBC .JDBC HIVE 4%,

5) BE E R 2 S0 S I W s SR 2 2R B A

R AL B
SR ;
R bt b ;
1 External H H Dbt Al Ae 1 et e —
‘HDFS HMap/Reduce PR BRI
i+ [oDBC
. : S AR PR ¢+ | HIVE
Networ ' Sprak : |
Cache [—~ Streaming
_______________________ 1

B1 BEBRLEBEERRE

Fig.1 Basic log data processing framework
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2.3 BEHUBBREFESES

HHr, R 258 &L T 7E Hadoop H L4514
BB I, He %5 2 H Y RCFile /&0 B
TEdE S B = A RIAL BESOR B SeR s K
B Z AT (row-group ) |, SR 5 XA 2H N BY %K
i3 B BRI AE A . 50 A7 G 8 B0 2 ) — 3 1)
B e S, G A i) H KR o B, AT R I D
/b FrAs A B /. ORC (optimized RCFile) J& X}
RCFile YR, fif e AR B0 2 B AR BE iy 24>
JRpBR M, ok 3 A 1) AN 23S (8] ) B 308, Parquet J&
Hadoop £ 25 Bl rp —Fioi B2 UFFfiti A 20, RIBOR B
F 2010 4F Google & F 4 Dremel &3¢ B0l LISk
2% Hadoop 4= 75 P8l h K 2 804 5 HEZR ( Hadoop |, Spark
), Wi A5 28 32 FF (Hive Impala  Spark SQL |
Drill ), JF HE 5 F MBI KM, R 1
TARSC 2.2 1R 3 A ARSI % HDFS [

Z R R BRAR A SCRF . Text 2 AR 1 SCA £L
i, 8K Ry CSV BUHABAF & 45 70 . Hive RORS X
TR N4, T Impala Fll Hive 25 metastore,
PR AR SCF- 65 52 B oz vl 3 1R Hive S A ERCH T
Ji 58 H Spark SQL £,

£ 1 Hive Impala 1 Spark SQL #{#E# L%

Table 1 Data format comparison of Hive, Impala and

Spark SQL
e Hive Impala Spark SQL
A #wiw WA A WA #wW A
Text  V vV vV vV vV vV
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Frtgias 2R PR RE 22 01, 30 3 2 [B) 4 AN A SR PR RE L
B, INA Parquet BFXF SCAS SCHF 4 48 48w, AT 47
A T HDFS BIFFfif 25 18], [R] s/ 1 #4170 9T
B AR AR R 4 2 7 AR e TR BT IR, X R —
FEF , I, AR SCR A Parquet 'S8 1Y 51 A7 fif 1%
X, IR & 0 T R 4 b R s RE B O 4 A Y
Snappy , FHXT IR SCAS H & 544 138 70% 195 (1]

ASCIRAE ] TPC-H AR MK i 4R | 15 SF =
300 FYECHE MR B kA7 03, G A FTRH 5C T 46 Ak
BN 2 R,

R2 THHIEE
Table 2 Experimental dataset

Table Rows Volume Parquet/Snappy
Lineitem 1 799 989 091 187.8 GB 50.8 GB
Order 450 000 000 43.6 GB 15.8 GB
Partsupp 240 000 000 322 GB 12.2 GB
Part 60 000 000 8.7 GB 2.3 GB
Customer 45 000 000 7.5 GB 3.9GB
Supplier 3 000 000 0.4 GB 0.23 GB
Nation 25 3.1 KB 2.1 KB
Region 5 620 B 390 B
Bt 2597 989 121 280.2 GB 85.2 GB

4.2 EEEITML
ARSLHEFF SQL-on-Hadoop 11y SRl A 15| 25 | X6f
3AHIER PR S T BT, TR 3 &5
B I AT B A LA ) Impala L6 Hive R 1 1.5
% Spark SQL Lt Hive tR T 2.7 %,
=3 THPUTRELLE

Table 3 Comparison of query runtime

TPC-H PATHTE /s
Erif) ) Hive Impala Spark SQL
Q1 115 25 14
02 161 146 18
Q3 274 173 83
04 152 211 126
Q5 342 326 64
Q6 146 38 12
Q7 678 339 87
08 468 331 90
09 1104 735 467
Q10 298 163 40
Q11 246 35 30
Q12 126 22 14
013 293 142 66
Q14 107 101 21
Q15 277 16 12
Q16 408 267 54
Q17 523 428 254
Q18 449 549 121
019 243 226 283
020 419 170 91
021 681 713 792
022 82 67 92
Total 7592 5223 2 831

S 2 LR Tmpala 76 Q1.,Q6,Q12.Q15 I
MIPEREDE T Hive , £ IIEAISEHIANT
SELECT
%
fieldl, field12,
SUM(field3) as aliasl,
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SUM( field4) as alias2,

COUNT( * ) as alias4

%

FROM TableExpression

WHERE

[field6 <= date’ yyyy-mm-dd’-interval '[ DELTA ]’
day (3) ]

GROUP BY [ field6, field7]

ORDER BY [ field6, field7]

MREZTE R B PRATTH ], T LI 7 A ) Ff ) %
ANFIAT T W, X F Spark SQL 1 5 , HefE K&
Hoetf) R BT Hive fl Impala, HH T Spark A9
A M SQL LS, AEPAAT A i i ik BE AR
43 Q22 BiFEFEBER

Q22 WA HITE A AN b .

SELECT

cntrycode, COUNT ( * ) as numcust, sum ( ¢ _
acctbal ) as totacctbal

FROM (

SELECT substring ( ¢ _ phone from 1 for 2) as
cntrycode ,

c_acctbal FROM customer

WHERE substring( ¢c_phone from 1 for 2) in

gy, fis],re ]’
177

and c_acctbal > (

SELECT AVG (c_acctbal)

FROM customer WHERE c_acctbal > 0.00

and substring (c_phone from 1 for 2) in

Craynrazye sy, p4]r,ris]r,'rie ]’
T171"))

and not exists (SELECT * FROM orders where
o_custkey =c_custkey )

) as custsale

Group BY entrycode ORDER BY entrycode ;

mE 6 firzs, Q22 Wkl 3 T4, T
AR S1 X customer FIEAT 1 IR 45 R AR A7 B e
e Temp1 FP,?ET@ S2 Xt Temp1 AT R AEEAE
AGG1 JE 45 RARAT- 2 I I & Temp2 Hr; 7-#81f) S3
fE53 Orders PUTRAEIRAE AGC2 J5HKIK S Templ
I Temp2 PEAT IR AR KRB AGG3 2R )R
HEFP

E 6 Implementation of Q22
Fig.6 Q22 HHITiE?E

SRS ARt T AN R B A 7 AR B AT Q22 I
BEREGCIRAE TS B (A& 7~ 11 FoR) , AL4% CPU Y
17 W4 WS /0, RS, A Q22 AT 2
H1 Impala XF 48 BE B8R 19 5 B2 & 00y, ok 2
Hive, Spark SQL 5 1%t H % . H T Spark SQL /&
FET WAETTRARESR | Fir LATE N A7 o5 5 T e 48
54 @ LA

70

60 — Hive

50 -= Impala

40 — Spark SQL

SFHCPUE /%

30
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0 "
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15} fa)/s
E7 &EFEH CPUEAR

Fig.7 Average cluster CPU usage

i T Hive H1 Spark SQL %7€ JVM 2 [-ia 17, %t
CPU AN 77 (49 AT T JVM, il 7 f s,
Impala 1Y) CPU & FH B (8] 22 B @ 2 T Hive F1 Spark
SQL,iXJ& T Impala ZEHATA L FE T, AE RN TT
B A Bisdr i i —> CPU £, 10 Hive FI
Spark SQL 7 CPU i ] I i ik 52 M+ JVM,
il 8 7R, Impala 1 Hive A7 { I ZE B /N T
Spark SQL, [7] B i FH 2 A8 oK $h A7 FE 98 B AL 2 1

Executor Backend #EFE .

llO 2l0 :“30 4‘0 5l0 l60 7‘0 8‘0 9‘0I
Hif /s
B8 &£H#HNEFETEHEAE

Fig.8 Average cluster memory usage
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Fig.9 Cluster disk read speed
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Fig.10 Cluster disk write speed
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Fig.11 Cluster network traffic
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Fig.12 Technical index monitor
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Fig.13 Business index monitor
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Fig.14 Customer distribution
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Fig.15 Active user distribution
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Fig.16 Behavioral traces analysis
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