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Parallel CP Tensor Decomposition Algorithm Combining with GPU Technology
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Abstract With the emergence of high-dimensional data, tensor and tensor decomposition have draw widespread atten-
tion in the field of data alanlysis. The high dimensionality and sparsity of tensor data results in a high computational
complexity of tensor methods.which becomes an obstacle to the application of tensor decomposition in practical. Many
researchers have introduced the parallel computing methods to improve the efficiency of tensor decomposition algo-
rithm. Based on the existing research,this paper presented a GPU parallel CP tensor decomposition algorithm through
simply calculating Khatri-Rao product,called ParSCP-ALS algorithm. The experimental results show that the proposed
ParSCP-ALS algorithm can effectively improve the computational efficiency of CP tensor decomposition compared with
the existing parallel algorithm. On the Movielens data set, the ParSCP-ALS algorithm reduces the computational time by

about 58% compared with the existing parallel algorithm.
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8. if convergence criterion € is met
9. break for loop;
10.  end if
11. end for

12. return A,B,C,A.
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Input: X, € RO  BER™R,CERK*R rank R

Output: M, ER "R

1. Set bid = blockldx,tid = threadldx;

2. Allocate Shared Memory for smCol and smVal of bidth row of Xy, ;

3. Set N; as the number of nonzero elements of bidth row of X(;, ;

4. N;=RowPtryq+; —RowPtry;

5. For n=1:N;

6. Copy Colgewpuy, +n to smCol, s Valggypy, , +n to smVal,
7. End For

8. For i=1:N,

9. mygee T = [smVal X ergucol s X bt csmeol — 1 a3
10. End For

11. Free smCol,smVal;
12. Return M, .
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Input: Tensor 2€ R ""K rank R, Max iteration T, Store the sparse
X,y as CSR format
Output: AER R, BERR,CERM R, A€RK

1. For t=1:T

2. M, =TKR(Xq,,B,0),M;=(C'C = BTB)T;
3. A=M;M,;

4.  Normalize A,A= norms;

5. M, =TKR(X(),C,A),M,=(C"C Av"A)T;
6. B=M;M,;

7. Normalize B,A=norms;

8. M, =TKR(X(,B,A),M,=(B"Bx ATA)T;
9. C=M;M,;

10.  Normalize C.A=norms;

11. If convergence criterion e is met
12. Break the For loop

13. End If

14. End For

15. Return A,B,C,A.
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Table 1 Information of DBLP datasets
DBLP article author(I,J) journal (K) nonzero
D, 1000 3888 415 6790
D, 2500 9645 655 18756
Dy 5000 16607 845 35941
D, 7500 25010 960 49104
D5 10000 32254 1046 67263
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Table 2 Running time per cycle with N=1000

(A7 . ms)
10N 50N 100N
ParSCP-ALS 22.8 28.2 31.5
SCP-ALS 16.4 31 49.1
ParCP-ALS 47.3 50.7 54
CP-ALS 282 316 347

# 3 FREMBTH N=5000 I — KAE BT 75 1 15 8]
Table 3 Running time per cycle with N=5000

(A7 : ms)
10N 50N 100N
ParSCP-ALS 70.8 88.8 98.1
SCP-ALS 75.2 159. 4 279.3
ParCP-ALS 844.2 885 901.5
CP-ALS 6610 6836 7106

F4 FREMAN N=10000 B — Y96 R I 75 f4 i 1]

Table 4 Running time per cycle with N=10000
CHLA :ms)
10N S0N 100N
ParSCP-ALS 122 149. 4 197
SCP-ALS 148 338.6 610. 3
ParCP-ALS 2547 2566 2624
CP-ALS 27675 28305 29046
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Table 5 Speedup of parallel ParCP-ALS compared to CP-ALS
CHLAT :ms)
S 10N SO0N 100N
N=1000 5.97 6.23 6.46
N=5000 7.63 7.72 7.88
N=10000 10. 86 11.03 11.07

# 6 4T ParSCP-ALS B 3L MIX} SCP-ALS fY fin i o

Table 6 Speedup of parallel ParSCP-ALS compared to SCP-ALS
(A7 : ms)
S 10N 50N 100N
N=1000 — 1.09 1.56
N=5000 1.06 1.79 2.84
N=10000 1.21 2.26 3.09
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Fig. 6 Performance comparison on DBLP datasets of three algorithms
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