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Abstract Top-k joins on high-dimensional vectors are very important operations in many applications. Given two
vector sets R and S, a Top-k join returns k closest pairs of vectors. The traditional centralized algorithms cannot
deal with the large scale high-dimensional vectors in an efficient way.MapReduce, as a parallel processing
framework, can deal with large scale data set. It has been widely used in many applications because of its high
availability and high scalability. In this paper we adopt Piecewise Aggregate Approximation technique (PAA) to
reduce the dimensionality of the vectors; then group the vectors using Symbolic Aggregate Approximation
technique (SAX); based on the MapReduce framework, we propose SAX-based parallel Top-k join query
algorithms. The experiments results show that the proposed approaches have better performance and scalability.
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(line 1-4); 1t reduce %ij, 45X SAX 7041

HLR A ) AT BENLRAE, fSRIREASES (line
7-10), SRJGEEREAREES T, T P 2 (R I 2
(line 12); /e E it . (line 13-14).,

L3RR T Job 2 PIPATIRAE, HAEZH T
M Job 1 [T AR Sh SR bk PR 2 N KSR, I
DAL AE A A T (1) B 25 A

4 /AT Job 3 MIBATIRAE: LT EIET
Top-k &4, FEATDAUE L 158 DU o i1 2
T SAX [ B BILERE A", ANRZAAET, H
T TR BT 2 EE B B/ NMOHT kAR, B e € 2
RIHA—EH# R TFEM LR BIAEPAT B{EIE
PRI, wTRLYES— AN REh K EA% (line 8),
FEH B 1k P N K AN R L B A s
[T AE T B R, n] DU BAZ v 4 SR 1 4
B € BEAT BN TR, W A K A 1) o 1R R
AINTE, R € TFAE k AN mEATIEE (line
35-37) LARHr G € HREAT S v, ANk
PATH . RIS, XFFARIE ) SAX ARG, i n] EUF)
M & BATIEENE, WRE—A SAX S KT €,
WL N BT A ) 2 T B B e e KT €, FTLL

¥k 3. Top-k BEBSBIMEALTH(Job 2)
BN AR S0 R

B ENMETE Top-k B 25 {4
map(k1,vl)

newKey< “one”;

new\Value< vi;

emit(newKey. newValue);

reduce(k2,v2)

o g M~ W N P

PriorityQueuepq = new PriorityQueue(k);//k: the top-k number

7 intcountTotal = 0;doubledist= 0.0;

8 For (Text val : values)

9 countTotal++;

10 dist&Double.parseDouble(val.toString());

11 if(countTotal<= k)

12 pg.add(dist);

13 elseif(dist<Double.parseDouble(pg.peek().toString()))
14 pg.poll();

15 pg.add(dist);

16 End if

17 Endfor

18  context.write(new Text(“thre: "), new Text(pg.peek().toString()));
UL E B IS (line 17D, BEEE AT, €M
fHeBORMN, FOd yEROR th oo, Ay )
LA R 2 AN ZE TS, SR mTH R IRCR

Job 1: FUERRAERIHEL | Job 2: Top-k FEREE

Job 3: ETFSAXHR#BTop-k 145

Job 4: &FTop-k TH&

\ \ | \
| | | || (] e
‘ ‘ | — | 1 <Vi1Var>, dy
HSAX
| | || s | T v,
7777777777 ! 1 <V13,Vz3>, O3
e AN ' RTop- AEaT ' i
| op-k 1 Via Vo>,
| saxemm 1| | | e, Oy
block 1 | |
| bomoopee | | I |
Map Output
\ \ |
block 2 d[} Map ‘::} Reduce ‘q} Map ){ Reduce i Map Reduce Map Reduce
: ‘ ‘ ‘ Reduce Ooutpu—) |
Map Output quce Outpu [
‘ jm————t e ——— ‘ l £ JRHB Top-k ‘ 257 Top-k Reduce Output
| | | &
! } KR HREER } ‘ } Y Top-k ST | ‘ key value key value | | ey i
[ BEzEmEE | mwmmEmE || [ p | SAXLPAALW V> d; | i i
- 1 Lo ) pair (v;, v distance
\ \ | [P SAX,, PAA,, v, V> d; | o i
W | | |_P SAXs, PAA, V3 <VigVo5> ds | pair, d,
Ps SAXa, PAA,, V4
‘ l — 4y — | e
| Vi Vo> di | pair, &
\ |
| \

| BT
\

3 E T SAX B Top-k EiETHHELS

Hyk 4. ETF SAX BIRE Top-k #4(Job 3)
BN &, npaaSize//fi B MME, PS5, PAA K/
B Top-k i) it

1 map(kl,vl)

2 paa,; €getPaa(vl);

sax,1 €getSax(vl);
String newVal€<paa,+ “,” + sax,1 + “,” + v1.toString();
Replicate newVal n times;//n: the number of partitions;

reduce(k2,v2)

~N o 0 b~ W

LinkedListsaxList1,saxList2,saxVecMapl,saxVecMap2, canSaxPairs;
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8 PriorityQueuepq < new PriorityQueue(k);//k: the top-k number
9 String[] vecListl, vecList2;

10 String sax1, sax2;

11 Double distTemp< 0.0;

12 IntcountTotal& O;

13 saxListl,saxList2 €getUniqueSax(v2);

14 saxVecMapl,saxVecMap2 € getVectorGroup(saxListl, saxList2, v2);
15 canSaxPairs€-getSaxPairs(¢ , saxListl,saxList2);

16  For eachsaxPair: canSaxPairsdo

17 IfsaxPair.dist>&

18 continue;

19 Endif

20  saxl€saxPair[0]; sax2€saxPair[1];

21 vecListl €saxVecMapl.get(saxl);

22 vecList2 €saxVecMap2.get(sax2);

23 Foreach vl: vecListl do

7 SERGITEE

ARATFRATA P H 5L T SAX 1) Top-k 1% 4
W7 % (SAX-Top-k) HHATSEIKGE, Jf53EuETr
% LT HIMEM Top-k EH:Ax ) (Baseline-Top-k)
HEATTEREXTEL, Baseline-Top-k K (K FEA G2 it
TR SC[25]4 I — P2 T MapReduce HEZE [ 5.
oo [T PR SR SR LIRS T IR PR e XS B

(SAX-Top-k-Serial vs. Baseline-Top-k-Serial ), %%
DRRANE K AR AT IS TR] R 5 e s AN R it B K/
X AT I T PR SR AN (] 248 S0 -PAUAT IR 1) ) 55 g A

SR AG T BT A R IS 1 o
7.1 KIINE
L EAE N 19 AN A R SRR LT

#y, b 1 AMESN master 1555, 16 AME N slave 5
Ao TSECE 40 R : CPU: Q9650 3.00GHz, Memory:
8GB, Disk: 500GB, OS: 64bit Ubuntu9.10 server,

FAbSH I 2 Pon:

F2: TBRSHIKE

24 For each v2: vecList2 do
25  distTemp<-getDist(v1,v2)
26 If distTemp>¢&

B4 18
k 5000,10000,15000,20000
BT A 19
map F£55 MU 4
reduce {T-55 AN 50/5 i 4
Hmat i) 20, 30, 40, 50

S8 R ) B ek B 1 [25] BT T2

27 continue;
28  Endif
29 countTotal++;
30 If(countTotal<= k)
31 pg.add(dist);
32 Elseif(dist<Double.parseDouble(pg.peek().toString()))
33 pg.poll();
34 pg.add(dist);
35 if(€ <Double.parseDouble(pg.peek().toString()))
36 & <thre = Double.parseDouble(pg.peek().toString());
37 End if
38 End if
39  Emitall the pairs in pg;
AR, LN T2 1, ARSI 3 Pis:
*3: HIRK
EIEITEIS it Hk o i K
image-128 BN 500,000 128 423M
image-128-2w L 20,000 128 18M
image-960 L 500,000 960 3.92G
Image-128-syn-1 A 200,000 128 175.4M
Image-128-syn-2 A 300,000 128 262.7M
Image-128-syn-3 A 400,000 128 347.9M
Image-960-syn-1 (D 200,000 960 1.64G
Image-960-syn-2 A 300,000 960 2.46G
Image-960-syn-3 LA 400,000 960 3.28G
7.2 FREREHR
7.2.1 AN[RIKON PRAT IR T R 52 )
5000
—— ine- -

% 3000

=

E 2000

&

100 . .
5900 10000 15000 20000

K
4. AR k JHITE B RYEZAE (image-128)

Kl 4 JE& TEERE image-128 BlidE, ANFH k
X PRAT I [ R 5 HE o £E4RAT Baseline-Top-k I, [

— http://corpus-texmex.irisa.fr
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Background

High-dimensional similarity join(HDSJ) plays an
important role in many practical applications, such as near
duplicated images or video detection, time series clustering and
many other data mining algorithms. The aim of
High-dimensional similarity join isto find out all the pairs of
similar objects whose similarity is larger than a predefined
threshold.

However in most cases, we can’t get the desired threshold
previously. If the chosen threshold is too small, we can’t get
enough result, otherwise, it will cost too much time. Top-k join
can deal with the above problems in some extension. Given two
vector sets R and S, a Top-k join returns k closest pairs of
vectors. It doesn’t need to know the threshold.

Top-k similarity join on high-dimensional data is facing
two challenges: the first one is that the scale of the datasets is
becoming more and more larger(millions or billions of objects);
the second one is that the dimensionality of the objects is
sufficiently high(thousands or tens of thousands). Because of
the above two reasons, the traditional single machine-based
centralized processing mode can’t solve the Top-k similarity
join on high-dimensional data problem in an acceptable time.
Although there are many existing research works focusing on
Top-k join problem, they can only deal with not very high
dimensional vectors and most of them are running on single

computer.

massive high-dimensional datasets using MapReduce//Proceedings of the
13th International Conference on Mobile Data Management (MDM’12).
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Recently, MapReducehas become the most popular
platform that can deal with large scale datasets efficiently
because of its high scalability, high availability and fault
tolerance. Many research works have been done to deal with
the similarity join problems using MapReduce, but most of
them focus on the set or string data, the similarity measures are
Jaccard similarity, cosine similarity et al., they can’t be used to
deal with the vector data directly with Euclidean distance.

In this paper we adopt Piecewise Aggregate
Approximation technique (PAA) to reduce the dimensionality
of the vectors; then group the wvectors using Symbolic
Aggregate Approximation technique (SAX); based on the
MapReduce framework, we propose SAX-based parallel Top-k
join query algorithms. The experiments results show that the
proposed approaches have better performance and scalability.
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