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Abstract: Analytical query is an important way to get value from big data in data warehouse. With the growth of data, the same query
needs to be executed periodically, which inevitably introduces redundant calculation on historical data. One type of incremental
optimization technology reduces redundant calculation by reusing intermediate results of historical data. However it has following
problems: 1) it isn’t transparent for user; 2) choice of historical result storing/reusing position is not intelligent; and 3) optimization gains
is limited. This article designs an incremental optimization method, which is guided by the semantic rules. This method focuses on both
user transparency and optimization gains, and extends grammar to support incremental description. Historical result storing/reusing

location is firstly chosen by operators’ operational semantics and output semantics. Positions are then adjusted according to cost model
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and physical task’s division positions. At last, optimized tasks-DAG is generated with the ability to run in a distributed computing
framework (such as MapReduce) periodically. This paper implements a prototype, called Hivelnc, based on Apache Hive. Experimental
results on TPC-H show that, compared to non-optimization, Hivelnc can obtain average 2.93 speed-up and highest 5.78 speed-up.
Compared to classical optimization techniques, IncMR and DryadInc, speed-up of 1.69 and 1.61 can be obtained respectively.

Key words: data warehouse; periodic query; incremental optimize; middle result reusing

, ( ).  FaceBook
, 500TB!". ( 1 1 )
Hivel” s
.Hive SQL (HiveQL). HiveQL ,
Hive s ( MapReduce!®, Spark!™, Tenzing!™)
( 1 ). (AST) (QB) (OpTree) Hive

3

HiveQL AST QB OpTree TaskDAG
antlr

Fig.1 Architecture of Hive

1 Hive
> 2 , TPC-H, HiveQL
s 8 , lineitem  ( 1)
! orders 45 . ,
( 2.1 ). 1995 1 1 , i
, 1995 1 1

S lineitem 6
1 3.4

select 0_year, sum(case when nation="BRAZIL’ then volume else 0.0 end)/sum(volume)

(from

Select year(o_orderdate) as o_year, | _extendedprice*(1-I_discount) as volume, n2.n_name as nation
from
lineitem /*+INCREMENTAL (after 1995/1/1 INTERVAL 90/days)*/ |
join part p on p.p_partkey=I.l_partkey and p.p_type="ECONOMY ANODIZED STEEL’
join supplier s on s.s_suppkey=I.1_suppkey
join nation nl on s.5_nationkey=n1.n_nationkey
join orders 0 on |.I_orderkey=0.0_orderkey and 0.0_orderdate=°<1995-01-01"
join customer € on €.C_custkey=0.0_custkey
join nation n2 on c.c_nationkey=n2.n_nationkey
join region r on n2.n_regionkey=r.r_regionkey and r.r_name=‘AMERICA’
) all_nation
group by 0_year
order by 0_year;

Fig.2 Example for Hive incremental query
2 Hive
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, . : , (1)
( ) Percolator!®,
CBP"), IncMR™ Incoop™™,Dryadinc!';(2) (DAG) ,
Nectar[ll],Nova[12]. R
( CBPNova ) > >
N s . ( IncMR,Dryadlnc ) N
(
)‘ 9
( 31 ) ( 43 ) ,
, |
Hive . TPC-H
,Hivelnc b 2.93 5.78 ; IncMR,DryadInc
, 1.69 1.61
1 2
3 4
5
Hive .6 i
1
, , (1
s CBPm,IncMRm,Incoop[g],DryadInc[10];(2) DAG
) ,  Nectar'"! Noval'?.
CBP! (stateful operator) DAG.
2 ! lineitem
IncMR®! Incoop™ Hadoop!"?! MapReduce IncMR
map , R map R map
map reduce JIncMR reduce ,
JIncoop  reduce contraction tree reduce
s combiner s map ,Incoop
MapReduce map contraction tree 2 ,
Hive 8  MapReduce JncMR  Incoop map




DryadInc!'”’ Dryad!'¥ , DAG

.Dryadlnc
IDE MER.IDE
5 > DAGMER
2
, IDE 1 (lineitem ) s
Nectar!'!! DryadLINQ“S] N DAG ,
,Nectar
, t( ) t D
) 5 t 5
Nectar 3
Nectar
, DAG x
Noval! (workflow manager)
(channel) DAG, (new,all)
(non-incremental,stateless incremental,stateful incremental) (base,delta).
(merge,chain,diff).
s ( Percolator[(’],HaLoop['6],Trill“7],Red00p[18]),
1 3 s
3 ,

Table 1 Comparison of related works

1
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,Nectar

.Nectar

(task)

cBp"!
IncMR®
Incoopm
DryadInc!'"!
Nectar!'!
Nova!'?!

mr

Map
Map+Reduce
DAG

Sql /mr

Map
Map
combiner
DAG/
cost

DAG

2.1
SQL
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( 1 ), 5
(1) /*+INCREMENTAL(after 2014/3/4,12:5:20 INTERVAL 3/M)*/, 2014 3 4 12 5
20s R 3 5 s >
(2) /*+INCREMENTAL(2014/3/4-2014/3/5)*/, 2014 3 4 0 , 2014 3 5 0o ,
(3) /*+INCREMENTAL (after 2014/3/4)*/, 2014 3 4 0 3 R
2.2
1 ( 3 ).
1. IncTransform(HiveQL).

1 SyntaxTree=compile(HiveQL);

2 StartTime,Interval,StopTime=getincInfo(SyntaxTree);

3 nolncList,IP=IPldentify(SyntaxTree);

4 IncPlan=IncPlanGenerate(IP,Rules);

5 execute(nolncList);

6 timer.schedule(

7 {findIncFiles(IncPlan);

8 execute(IncPlan);},

9 StartTime,Interval,StopTime);

Fig.3 Algorithm for Hive incremental computation

3
1 4 ( 4 )
Fig.4 Architecture
4

1) ( 1 1 2 ).

C) P ERBEER AT http:
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b} s s

( 4) ( 2). SQL

, StartTime Interval StopTime.

(TOK_JOIN
(TOK_TABREF

(TOK_TABNAME(lineitem))

(TOK_INCRE
(TOK_STARTTIME(TOK_DATETIME(TOK_DATE(1995)(/)(1)(/)(1))))
(TOK_INTERVAL(90)(days)))

)
(TOK_TABREF(TOK_TABNAME(part))(p))
. (and
0. (=(.(p))(p_partkey))(.(())(I_partkey)))
1. (=(.(p)(p_type))(‘(ECONOMY ANODIZED STEEL"))))

mEeXRanR WD

Fig.5 Example for syntax tree (incremental algorithm description part)

5 ( )
2 6(1) s l (
. , ).
2) ( 1 3%).
1 s
, 1 1)
1 b 1 9 b
5 “ k2] 3
6(1) , , 10 6(  6(2) ), 3 ;
( ) , 4
3) ( 1 4 ).
2
3 3
, , . 603)
. TOK_GBY_
sum , GBY_sumOp.GBY_sumOp
, 6(3) . ( 43 )

4) ( 1 5 ~ 9 )
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2 3
, ( 5 )
9 (
6(4) >
s 1, nolncO  nolincl
nolncO  nolincl s s S
Al
(@] )
TOK_ORDERBY
! TOK_ORDERBY
TOK_GBY_sum |
ToK J0IN0 TOK_GBY_sum
. I
; ”2/\ TOK_JOINO
TOK_JOINI r
~c c I
TOK JOIN2 1o - i
) TOK JOIN1 TOK_JOIN4
TOK JOIN3 € e A5 I
P TOK JoIN2 " TOK JOINs  TOK_JOIN6
0
TOK_JOIN4 ~ C/\ /\ /\
-~ TOK JOIN3 N2 nl s |r I p
TOK_JOINS : Ll
— /\
TOK_JOIN6 S c 0
r hl
i1 P
G) “
T T nolnco
OrderByOp OrderByOp I
= - JoinOpl
GBYﬁmerlgeisumOp GBY_merge_sumOp i 2/\
| | g r
CacheTable GBY_sumOp CacheTable GBY_sumOp JoinOp2
CacheTable CacheTable ~C
JoinOp3 n2
GBY_split_sumOp GBY_split_sumOp /\
‘o t c 0
JoinOp0 JoinOp0
¢ T e C | Y nolncl
nolnco JoinOp4 nolnco JoinOp4 Jom‘o )
D
s s >
nolncl JoinOp6 nolncl JoinOp6 K—M
nl S
el P Tarl p

Fig.6 Example for incremental optimization process

6




2133

( );
( ),
31
2 Hive (
TOK_ WHERE 1 )¢
, map  reduce MapReduce
Table 2 Part of Hive logical operators and corresponding identifiers in syntax tree
2 Hive
TableScan operator TOK TABREF GroupBy operator TOK_ GROUPBY
Filter operator TOK WHERE OrderBy operator TOK ORDERBY
Join operator TOK_JOIN Limit operator TOK_LIMIT
Select operator TOK_SELECT RollUp operator TOK_ROLLUP_GROUPBY
— — Cube operator TOK_CUBE_GROUPBY
1
3
/ b
/ ( ), ;
/
( ) ,
/ 2 / 2 2
/ P / k]
3 , | II ,D
R ;AD
Table 3 Classification of operators
3
op
I OP(DUAD)=0P,(D)UOP;(AD) UNION TS, FIL, Join, MiJoin
1l OP;(DUAD)=0P;;(D)UOP;;(AD) UNION GBY, ORDERBY, LIMIT
I OP(DUAD)=0P{(D)UOP(AD). I
(TableScanOperator, TS) (FilterOperator, FIL) (JoinOperator)

© P ERARA A http:// Www. jOS. OI
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( Join) ( MiJoin) , I . 1
, UNION ( UNION ).
(Dy,D, ,AD|,AD, ) Miloin ,
MiJoin(D,;UAD,,D,uUAD,)=Join(D,,D,)udoin(D;,AD;)udoin(AD,,D,)udoin(AD,,AD,).
1 11 . 11 (GroupByOperator,
GBY) (OrderByOperator, ORDERBY) X (LimitOperator, LIMIT,).
1 ; ( 6) (
UNION ).
4 3

Table 4 Output semantics of operators

4
01 N Y
10 Y N UNION I
11 Y Y UNION I
1 ,
I 9
5 s I 11
UNION
S.
Table 5 Storage position and merger position choice rule in state-transition form of incremental optimization
5
01 10 11
01 11(LS+RS+M) 10(LS+M) [I]01/[TI]10(LS+M)
10 10(RS+M) 10 10
11 01 10 11
1 : )
11). 1 MiJoin
MilJoin

Join(D,,D,) , : Join(AD,,D,)  Join(D,,AD,)
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Miloin
5 L R »S M 1]
01 or “11(LS+RS+M)”
s R 11.
01 11,
I S 01; m
s R 11.
7
2. IncPlanGenerate(SyntaxTree,IP,Rules).

1 (SplitOPs,CachePoses)=FindCachePosition(SyntaxTree,IP,Rules)

2 SplitedSyntaxTreeList=doSplitMerge(SplitOPs,Rule.function)

3 for (AST:SplitedSyntaxTreeList+SyntaxTree)

4. opTree=GenlIncLogicalPlan(AST,cachePoses); /* AST opTree*/

5. taskTree=GenlIncPhysicalPlan(opTree);, /* */

6 IncPlan.add(taskTree);

7 endfor

8.

9. FindCachePosition(SyntaxTree,IP,Rules)

10.

11. If (OP.childNum==0) then

12. DataStatus(OP)=0OPelIP ? 01:11;

13. else

14. leftChildStatsus=DataStatus(OP.leftChild);

15. rightChildStatus=(OP.childNum==1)? 11:DataStatus(OP.rightChild);

16. Rule=LookupRules(Rules.position,OP.type,leftChildStatus,rightChildStatus);

17. If (Rule.store!=null & Rule.merge!=null) then

18. If (CostModel(OP)=true) then

19. SplitOPs+=0P;

20. else CachePoses+=(Rule.merge,Rule.store); /* =i

21. endif

22. endif

23. endif

24,

25. :doSplitMerge(SplitOPs,Rule.function)

26.  for(OP in SplitOPs)

27. (SplitOP,mergeOP)=LookupRules(Rule.function,OP);

28. FSOP=makeParentOP(splitOP,* ”);

29. TSOP=makeChildOP(mergeOP,* )8

30. child=OP.child; parent=OP.parent;

31. child.parent=splitOP; parent.child=mergeOP;

32. SplitedSyntaxTreeList.add(FSOP);

33.  Endfor

Fig.7 Algorithm for incremental query plan generation
7
(IP) (rules) . 5
(Rules.position) 6 11 (Rules.function).
FindCachePosition doSplitMerge

FindCachePosition (SyntaxTree).
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, , (0D),
(11)( 2 11 12 ). ,
, (11)( 2
14 15 ). (I I ) , (rule).
(Rule.store) (Rule.merge) (Rule.dataStatus) ( 2 16
). / s ( 43 ) ( 2 18 ). 6
I s :
, MapReduce combine s
. . GBY FS,
GBYkey,func; GBYkey,combinerFS» GBYkey.merge- 5
combiner merge GBY func s 7. ( 43
) ,
/ , doSplitMerge ( 2 19 )
b / bl
R / ( 2 20
Table 6 Split operator and merger operator of operators II representatives
6 II
11
GBYkey,func [GBYkey,combiner-]FS GBYkey,func(G BYkey,merge)
Limity [Limity.]FS Limity
OrderBy OrderBy
ROIIUpkey,func [ROIIUpkey,combiner~]FS ROIIUpkey,func(ROIIUpkey,merge)
CUbekey func [Cubekex combiner-]JFS CUbekex func(CUbekex,merge)
Table 7 Combiner function and merger function of some aggregate functions
7 combiner,merge
func combiner merge
Sum(col) Sum(col) as coll Sum(coll)
Count(col) Count(col) as coll Sum(coll)
Avg(col) Sum(col) as col1, Count(col) as col2 Sum(col1)/Sum(col2)
Max(col) Max(col) as coll Max(coll)
Min(col) Min(col) as coll Min(coll)
Distinct(col) Distinct(col) as coll Distinct(col1)
doSplitMerge / s
N 2 27 ~ 32 )
, ( 20 4 ), , ( )
/ s B
/ ( 2 ),
8(1) 6(3) 3 ,nolncl, p, nolncO
) 11,1 s 0l. GBY sumOp , 01,
11, “10(LS+M)”. s
2 8(2) (11,12), 2
:GBY_countOp  JoinOpoO. ,JoinOp0 ;GBY_countOp
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OrderByOp

_______ ..-'_'"__ ———— A A
Fm—-———= " - A
| & 10 I
: GBY merge_sumOp |

: |,

| ¥
| 10 | ot OrderByOp
| ! GBY sumOp |
| CacheTable :
| 10
| CacheTable : |
| H
: 0.1 : GB YilsthOp
|l GBY split_sumOp 01 : 10

_____ i S |

- 017"~ JoinOp0

JoinOp0 A -\
10 01
(—1 1— 01 j GBY countOp JoinOp2
. 1
nolncod JoinOp2 0l 01—~
A~ i r A
—11 01~ r-7
nolncl JoinOp3 !_ 2 JoinOp3 ?
- A
o= —11 (—u 017
- - L o
] | P nolncl | 1 |
L7 L——

(D) R Al

(2) BHHE AR

Fig.8 Example for incremental query plan generation

8

41

2.1 >

4 ; 8.

Table 8 Parsing rules of incremental description syntax

8

HiveQL

tabName (incrClause)?
—"(TOK_TABREF tabName incrClause?)

TOK_TABREF
TOK TABNAME(page)
/*+INCREMENTAL (string)*/O

page /*+INCREMENTAL(string)*/ o

/*+INCREMENTAL (string)*/

TOK_INCRE

2 —»7(TOK_INCRE string) /*+INCREMENTAL (string)*/ String
Stimeeti TOK_STARTTIME
timeetime 2014/3/4
3 —>TOK_STARTTIME stime) 2014/3/4-2014/3/5 TOK STOPTIME
(TOK_STOPTIME etime) 2014/3/5

after stime (INTERVAL num/unit)?
—(INTERVAL!=NULL)?

4 ~(TOK_STARTTIME stime)

~(TOK_INTERVAL num unit)

TOK_STARTTIME
2014/3/4,12:5:20
TOK_INTERVAL
3M

after 2014/3/4,12:5:20 INTERVAL 3/M

—A(TOK_STARTTIME stime)

TOK_STARTTIME

after 2014/3/4 2014/3/4
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1 , 2 HiveQL , 3 2
( ). 1 2
s 3 4
4.2
Join ( TOK_JOIN ) (Join Join(a,b)=Join(b,a)
Join(a,Join(b,c))=Join(Join(a,b),c), ,a,b.c Join ). 3 Join(
InnerJoin  OuterJoin,InnerJoin  OuterJoin ), :1) InnerJoin 1
;2) OuterJoin ;3) OuterJoin InnerJoin
3 s InnerJoin OuterJoin ,
9 s SyntaxTree, (
1P) ( nolncList ).
(SyntaxTree): ( TOK INCRE) IP, nolncList( 3 1
2 ) 1 N R nolncList
R nolncList nonlncList ( 3 3 4 )
, 1P, IP( 3 6 7 )
nolncList, nolncList ( 3 8 9
1P s TOK JOIN,
3 " nolncList; s IP( 3 10 ~ 13 ).
, noincList s
3. IP1dentify(SyntaxTree)
, s SyntaxTree t
1. if (t.childNum=0) then
2. (t )?(IP=IP+t):(nolncList=nolncList+t);
3. else if (t.childNum=1) then )
4. (childeIP)?(IP=1P+t):(nolncList=nolncListchild+t);
5. else if (t.childNum=2) then
6. if (LchildeIP & RchildelP) then
7. IP=IP+t;
8. else if (LchildgIP & RchildgIP) then
9. nolncList=nolncListLchildRchild+t;
10. else
11. child1=(LchildeIP)?Lchild:Rchild;
12. child2=(LchildeIP)?Rchild:Lchild;
13. sat=outShiftCondition(child1);
14. (sat=true)?(nolIncList=nolIncListchild2-+t):(IP=1P+t);
15.  endif;
Fig.9 Algorithm for incremental path recognition
9
4.3
2 11

> map/
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reduce s )
)] :
S(M+DM) S§(DM) S(M +DM)>F 1
mDSz mDSz mDSz
1 s
( M AM )
mDSz.mDSz (maxTaskNum)
(splitSz) .mDSz (1) 9.
Table 9 Meaning and computing method of symbols in cost formula
9
o
S(M)
S(Merge(M))
(numOfNode) (memPerNode)
mDSz (corePerNode) (memPerJvm)
(splitSz):mDSz=splitszxmaxTaskNum,maxTaskNum=
numOfNodexmin(corePerNode,memPerNode/memPerJvm)
) 2 , 3
(M") (AM) , 1
M M’ s r r ,
0 1 ;
()] , AM M’
AM’ ]
> > S(M)
S(Merge(M)) AM  AM' s 2)
((1+a)><S(M))_(axS(M))_(ZXS(Merge(M)))>0 @)
mDSz mDSz mDSz
5
Apache Hivel'”! Hivelnc(https://github.com/acthires/Hivelnc).
10 Hivelnc . Hive s HiveQL (CliDriver),
(ParseDriver) (SemanticAnalyzer.doPhasel) (SemanticAnalyzer.genPlan)
MapReduce DAG (MapReduceCompiler). Hivelnc
y R ( Hive
) , 3

1) AST
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, (TOK_JOIN
TOK_QUERY )
2) AST QB
S ,doSplitMerge
3)
( CliDriver )
r--r-r—-r———~—"~""~>""~™""™""™"™"™"™"™>"™"™"™"™""™7— I_____________i
| HiveQL i
|
| y |
I - —P( ParseDriver ) :
|
|
: AST |
| !
|
|
: AST AST :
|
: 2. [
I FindCachePosition :
: |
I |
I |
I |
I |
| 'i |
| |
| ! |
Iy ! |
! I '
! I '
P 2. SemanticAnalyzer. : |
| GenlncLogicalPlan genPlan | :
|
| |
;| OpTree | I
o 2. — [ :
: |\ GenincPhysicalPlan /~ ~ »(_ MapReduccCompiler ) : |
| |
|
P TaskDAG_J . : '
I | TaskDAG | |
! '
! : |
! TaskpAG——P{___ ExecDriver ) L
Fig.10 Implementation of Hivelnc
10 Hivelnc
6
4 1840-G20 . 4 2.0GHz 8 Intel E7
4 8GB DDR4 ; , 8 12GB.
Hadoop!"! Apache Hadoop-2.6.2. (https://github.com/

acthires/Hivelnc/tree/master/TestCases) TPC-H?" .TPC-H

http:
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2.1

SQL

Table 10 Features and functions of experimental queries

10

SQL

Ql

Q2

100

Q3

10

Q4

Q5

Q6

24

[0.05,0.06]

Q7

Q8

Case

Q9

“%green%”

Q10

|~~~
— [~ [~ |~

20

20

Q11

0.000 02 s

Ql12

Case

Q13

Ql4

Ql6

“Brand#45”

“MEDIUM POLISHED%”

Q17

“Brand#23”
0.2 s

“MED BOX”

QI8

300

100

Q19

Q20

“forest%”, 1994

Q21

Q22

6.1

11 Hivelnc

2.93,

5

10.29(Q19

9
, 11 10

5.78(Q9);
8 ).

21

10

http:// Www j
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Fig.11 Speed-Up ration of hiveinc when incremental data of queries is constant

11  Hivelnc
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Q9 s q9 7 , 6
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ql,93,95,96,98,q10,q12,q14 8 ,Hivelnc
3 , 3 ~4 . q8 ( 12(2)),
362s , 43%,
236 . 11 s 81 g8
) ,q8
3
. 1 94.917,918,920,q21. ,Hivelnc
ql7 ( 123) ),
GBY Join . ,Join
,Hivelnc GBY Join R
JOIN GBY . 1 ,
) 4 3
> 50%.
. 2 q2,q11,q13,q16,922. 5

2 2 20%; 2

s

supplier
GBY ,
1 000s
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1

s
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s
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1.62. , , ,
Hivelnc
12000 12000
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Fig.12 Execution analysis for various query examples
12
13 Hivelnc ( Hivelnc)
95%  88%.
12
i
il
i
H il
! I
1 HH
! il
| 1
! I
1 HH
| I
1 HH
! il
i i
i
1 (1 (800 I8 I8
o O - N
o A Y Y
BHivelne BERERERFST BAMEIRD
Fig.13 Speed-Up ration comparison of hiveinc, merger split, simple split
13 Hivelnc
14 Hivelnc
3 1 177MB,
(1385MB)  85%. ,
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i Bz

Fig.14 Data storage comparison of hiveinc, merger split
14 Hivelnc

15 Hivelnc
> 5 1.17GB,
(30.7GB)  3.8%. ;

GB)

140

&0

40

20

0 —
& L&

&

BIFREFRREER (B

PP

2

BHvelne BFFEHRD

Fig.15 Merge-Op scan data comparison of hiveinc, simple split

15 Hivelnc
16 q21 10GB 9 10G,20G,10G,25G,30G,20G,25G,20G,
30G  ,Hivelnc
) > Hivelnc
1.04,1.33,1.85 .Hivelnc 1 (T1) . ,T1 ,
;T1 3 . ,Hivelnc
. s ,T1
Hivelnc . T1 , ,
Hivelnc >
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Fig.16
16
6.2
IncMR®) Dryadinc!'” IDE
TPC-H
, Hivelnc
Hivelnc  59% 62%. 21 13
IncMR  Dryadlnc 1
Hivelnc ’
, map tasks

Optimization comparison when the incremental data is variable (q21)

(q21)
. 20GB.,9 ,

17 Hivelnc,IncMR  Dryadlnc 21

JncMR  Dryadlnc

,Hivelnc s
Map ,  Reduce
8 (q4,912,q14,q16,q17,q18,920,q921),
;IncMR  DryadInc
, s Hivelnc
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