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GPU based window joins over uncertain data streams

JIANG Hong, QIAN Jiang-bo, CHEN Ye-fang'
(College of Information Science & Engineering , Ningbo University, Ningbo Zhejiang 315211, China)

Abstract: Data in some emerging applications, such as sensor networks, real-time monitoring systems, etc. , are always time-
varying, uncertain, and continuously arriving. These data need to be quickly processed. However, some important operations
are costly, such as the real-time window joins over data streams. The requirement is a high challenge for a data streams pro-
cessing system. Currently, most of the algorithms use software optimization to accelerate the processing speed, yet the results
are unsatisfactory. GPU ( graphic processing unit) has a high processing performance as it uses multi-thread and high-band-
width to process data in parallel. This paper presented a co-processing method with hardware and software to accelerate the
window join operation over data streams. In CUDA ( compute unified device architecture) architecture, CPU ( central proces-
sing unit) transfers data to memory of GPU to be processed in parallel. Experiment results show that this method can greatly
improve the processing speed with about 50 times faster than software implementation.
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Algorithm:executed at CPU transmit to GPU

Inpu: R the stream need to be maiched;
S the stream need to be matched;
T  the stream need to be matched;

flag  the tag value for new tuple;

Process:
Initialize R,S,T randomly,
1.New tuple arrives randomly.

2.if flag equal O,the new tuple belong to R,aupdate R and
transmit S,T,new tuple to memory of GPU.

3.if flag equal 1,the new tuple belong to S,update S and
transmit R,T,new tuple to the memory of GPU.

4.if flag equal 2,the new tuple belong to T,updateT and
transmit R,S,new tuple to the memory of GPU.

Output: the stream after operate;

R

S the stream after operate;

T the stream after operate;
fresult the result for a new tuple;

El6 FECPUBTH RIS
WHZ (kernel) FEJF FERA P AIR (LA 2 1) :a)
FEBcdl (L R ByocdHEd) 55— (it S) T Ry Td
FATHATEE A, FLIEA T A 8 (W Sk o AL e AH 3 ) 5b)
PR a) AR TTH S E AW T) hrA oo dl It
T T A o), FLEAT SR ST ( W S oo AL ME R A ) o i
25 RIS AN &L 7 PR o

Algorithm:executed at GPU

Input: New the New Tuple of stream R;
S the stream need to be matched;
T the stream need to be matched;
tag2  the flag value for S;
tag3  the flag value for T;

Process:
for each tuple of S in each Thread,
1.Maich New.a with S.d to set tag2.

2.if tag 2 equal true,calculate p1 x p2 and join the attributes.
3.Maich S.e of the matched tuple of S with T f to set tag 3.

4.if tag 3 equal true,calculate pl x p2 x p3 and join the attributes.
NOTE:All threads are executed in parallel.

Output: result  the result after joining;
tag2  the flag value for S after joining;
tag3  the flag value for T after joining;
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