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Abstract Nowadays, multidimensional data is used in plenty of areas, but for the complex of multidimensional data, the
efficiency of computing is not perfect. In order to speed up the query and manipulation of multidimensional data,a multi-
dimensional linear hashing parallel computing solution on CPU/GPU heterogeneous platforms was proposed, Based on
the extension of traditional hashing table data structure, it is able to achieve quick creating and query. Experiments on
different platforms were done. The experimental results show that the proposed solution is about 25 times and 38 times
faster than traditional solution on hashing table creating and data query,and it reflects the advantage of the proposed so-
[ution,
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NVIDIA #£# ) CUDA-C i BHERE R L34 GPU L
A B A, A, A LR —FE & CPU/GPU [
5 EITA M B R A A REESH, WE 2,
struct MLH_TABLE //##8 VM F R4
{
bucket * primary; //## 7 F Ik
bucket * overflow; //¥§ Hi fHbbE
int * Level; / /W4 2 3 BRI
int * NextSplit; / /¥ HR T —4~7r B
int * records;/ /B REBEAYID R
int * OverflowBucketindex; / /35 ) % T — 4 BALE
int * sum_overflowBuck; / /45 55 2 4088 HI A S5
int * insert_count; // &R ER AT REK

B2z ETHETEOSHELERNBEREIESN
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THARAIBH A R insert_count, i FEHITE — DI
M ER A BIC F 3L sum_overflowBuck, #2 2 insert_count
LB BT E I LB
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E£T CPU/GPU T & MM AR EWEE R
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MR AR CAPACITY. SR 5 M host 3552 2R device %%
MM primary, records., sum_overflowBuck Ff insert_
count AR B Ay ELAFAEZS ), IR AR LG A R BT AT BH
D% HFAE. BERQ . TETESMHEA L RR
BB ERS, BA CUDA MR T %8 atomicAdd 38
B E BN E SR M AE R insert_count, ST
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POC K ZE sum_overflowBuck, 5 I, 7] o iy 5 3 73 BT ) 4t 1)
WfEGE =3 (], B G %8 GPU £ 084~ T 2 B I e i 4 o 4% 4
SyPidE G, WS EBIEEARBET.
Hi% 1 bucket_assign (m_table) on GPU
1. add_buckets=insert_count[ tid]/CAPACITY—1;
//td & GPU R G, FE M F R e & R0 — sk

2. while add_buckets>>0 do

3. location<—atomicAdd(m_table, OverflowBucketindex, 1) ;
/B R AR — AT R At

4.  c_bucket<—m_table. Overflow[ location];
/7 Mtk H ARG bk B v B — A7 ik

5. p_bucket—>next=c_bucket;

// p_bucket Jp38 a1 E4E B BLG — M Lk
6. p_bucket=c_bucket;

7. add_bucknumber——;
8. end while
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&3k 2 insert_table(m_table,int records] J[DIM])
input.m_table, EELM AT FR
records, ARt B4R A ) 2 4810 RBUH
1. BucketNumber<-M_hashfun(records[tid], * (m_table. Level));
/TR EH RS
2. ¢_bucket<—&.(m_table. primary|{ BucketNumber]);
/ /B S B BE ) AR i hk
3. insert _ location < atomicAdd ( & (m _ table. records [ BucketNum-
ber D, 1);
/TR T S
4. bucket_index<insert location/CAPACITY;
[/ TERENRRES
5. location=<—insert_location% CAPACITY;
/TR BRRH R R — S
6. for i=—0 to bucket_index do
7. ¢ _bucket<—c_bucket— >next; //# s %k
8. end for
9. ¢_bucket—>>records[ location J<—record_values| tid ];
/7 ERIEA B AEE
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JEAREAE S B X R AR S Mk , B B AR s T A A4
HZRERTOFERAR P REREARMER. B
HEI AT .
B3 Search(m_table,key[ | DIM], result)
input:m_table, B &%
key, Z4EEE KA
output: result, {RFEA 45 F
1. BucketNumber<-M_hash(key[ tid], * (in_table. Level));
/AT RERRITERS
2. ¢_bucket<&.(m_table. primary[ BucketNumber]) ;
3. while ¢_bucket ! = NULL do
4. for j<=0 to CAPACITY do //iRIiM 745
5. if (Compare(key[ tid],c_buket— >>records[j]) then
/7RIS R R B R A
6 result] tid]=1;break;
7 end if
8. end for
9. c¢_bucket<-c_bucket—>>next;
10. end while
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