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Parallel Top-k Join on Massive High-Dimensional Vectors
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2 (School of Information and Technology, Luoyang Normal University, Luoyang, Henan 471022)

Abstract Top-k joins on high-dimensional vectors are very important operations in many
applications. Given two vector sets R and S, a Top-£ join returns £ 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-4
join query algorithms. The experiments results show that the proposed approaches have better

performance and scalability.
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Bk 2 BUERMEABEEITE (Job D).

HiA €, paaSize//BEE BI{E A PAA K/

i R i X BB

1. map(kl,vl)

2. paa, <getPaa(vl);

3. sax, <getSax(vl);

4. emit(sax,; »vl);

5. reduce(k2,v2)

6. LinkedList samples, vectorsPairs;

7. For each wvector: v2 do

8. j<Math.abs(random.nextInt()) % rate;

//sample rate; 1/rate
9. U (G==1
10.
11.
12.
13.
14.

samples.add(vec) ;
End if
vectorsPairs<—loopJoin(samples,€) ;
For each vecPair: finalVecPairs do

emit(vecPair.vectors, vecPair.dist) ;

VL 3R T Job 2 BPAT AR, HFEEH M
S M Job 1 By TH5E 45 R v 40 1 B B S /NI I & A 1]
SR I PLAE D Al 0 B 8 1 {1

Bk 3. Top-k HEEEfTTHJob 2).

BN < AR AR i e %o B B

itk e/ /A5 Top-k BE & BI{E

1. map(kl,ovl)

2. newKey<"one”;

3. newValue<wvl;

4. emit(newKey.newValue) ;
5. reduce(k2,v2)

6. PriorityQueue pg=new PriorityQueue(k) ;

//k: the top-k£ number
7. int countTotal=0; double dist=0.0;
8. For (Text val: values)

9. countTotal+-+;

10.  dist<Double. parseDouble(wval.toString()) ;

11.  ifCcountTotal <=k)

12. pg.add(dist) ;

13.  else if (dist<<Double.parseDouble( pq.peek().
toString()))

14. pq.pollO) 4

15. pq.add(dist) ;

16.  End if

17. End for
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18. context.write(new Text("thre: "),
new Text( pg.peek().toString())) ;

YL 4 R T Job 3 BYPRAT Ui FE « L T (R Y
Top-k & 44 i) R AR B T4 4 5“5 T
SAX [y [l i BEE AR ARZAET . h TR
e 2 A B BE B IR /N R BT R A ] X BT LA L e
SR FEAS — 8 HB I T S 1 25 AL PRI A AT (i
FE g iy, iT RL4ES— N BE O & BRI G5 8 47) .
0 H M Ik R B AN R A 1) X R H B A
Horb W) P PE TR A B o, AT AR 98 BA ) rh 8 S i
55BN B e FEAT S I SR, AR A R A [ X Y
FREG /N Te A e BB O 55 & A ) 5 0 19 BR B (5
35~37 471) LLSE B 5 1 e (LR AT J T g 3155, DA o
PRIAAT . [A] I 5F 0 8 19 SAXAH RIS, ) LA
FH e AT R U8 AR — A SAX XA FE B K T e,
HOUF R BT A ) R 2 (R BE S E K T e I LAH]
PLE et B 5 5 17 47, B T 217 e I (E 2
TR /)N HE T U8 SR AL 2 BOR B DTT ] DA 2D
RZ AN LZR I S w5 R R,

Hikd ST SAXHREES Top-k 715 (Job 3).

Hi A :e.n, paaSize//VHE BH , P '5 . PAA KN

i : Top-k [ it %}

1. map(kl,vl)

2. paa, <getPaa(vl);
3. sax, <getSax(vl);
4. String newVal<
paay, +*,"+sax, +“,”+vl.toString() ;
5. Replicate newVal n times; //n: the number of

partitions;
6. reduce(k2,v2)
7. LinkedList saxListl,saxList2,saxVecMapl,
saxVecMap2,canSaxPairs;
8. PriorityQueue pg<—new PriorityQueue(k) ;
//k: the top-& number
9. String[ ] wvecListl, vecList2;
10. String saxl, sax2;
11. Double dist Temp<0.0;
12. Int countTotal<0;
13. saxList]l,saxList2<-getUniqueSax(v2) ;
14. saxVecMapl ,saxVecMap2 <
getVectorGroup(saxListl,saxList2,v2) ;
15. canSaxPairs<-getSaxPairs(e,saxlListl ,saxList2) ;
16. For each saxPair: canSaxPairs do
17. U saxPair.dist >¢
18. continue;
19. End if
20. saxl<-saxPair[0]; sax2<-saxPair[1];
21. wvecListl <—saxVecMapl.get(saxl);

22.  wecList2<-saxVecMap?2.get(sax2) ;

23. For each vl: wvecList]l do

24. For each v2: wvecList2 do

25. distTemp<—getDist(vl ,v2)

26. If distTemp=>e

27. continue;

28. End if

29. countTotal+-+;

30.  UCcountTotal<=k)

31. pg.add(dist) ;

32. Else if(dist <<Double.parseDouble( pq.peek ).
toString()))

33. pq.pollO);

34. pg.add(dist) ;

35. if (e <<Double.parseDouble( pg.peek ).
toString()))

36. e <—thre= Double.parseDouble( pg.peek ().

toString()) ;
37. End if
38. End if

39. Emit all the pairs in pg;
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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.
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Given two vector sets R and S, a Top-£ join returns £ 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,

Recently, MapReduce has 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 Approxima-
tion 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-£ join query
algorithms. The experiments results show that the proposed
approaches have better performance and scalability.
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