$£52% £ 8HI/2026 £ 8 A/HENTIE ARILX

FEXTFRE E X RGBSR GPU & 77 3%

XL, THR, RER
TR T A SEBURL S S HOR B TR #efe 454003)

B OE. REPEHUE BRTRS B 2 2t BB T 15 B R S AR ME IR L S22 v . FEBOR KA Z & 15
BRG IS (il I FAEXS FRZA 22 R D HURE SR B IS 1E 47 R0 IR =08 L 3 T (LR 04 138 Sl 1 s oy LR FH 22 i s
INESR YL, EEXTHEX PR 22 R R ITUR A ZE R S A R 2 R Rt . WA ER/HEE R
i b R AR AR IR R R R R T i TR R X PR 25 22 00 R (0 HEDRES 30T B4 A R W A B BRI A RS AL PR BT
(GPU) IS B A T H A R 0 I ke » 3 S i AR TR . 5980 X GPU F24if 28 (Al AT BR A BUIR A A 58
#A5 B RGP RG22 B )2 IR G548 e Ak K 4 JRy ok R REFE I i 22 A Rl o R I » B AR il 7 25250
e GPU f24% R T . 78 UCT B di 82 FA: s 8o 4 1 i S 56 25 S 3 B L 356 T It 25 25 0 2R 1 88 OB AR 3 T3
TG LA s/ AT R0 M BB AE GPU S8 1 6 3 AR 31 580 2 1 A 250 e, 4 B CPULH A 71150 fn 43
A IATIHE GPU 43 BB ik P 78l B2 -3 5 T 16. 69 f%5 A0 3. 89 %,

KEEW: BB T Bl A= LR G A& FEE RS

mESES. TP1S XaktRERG: A DOI. 10. 19678/i. issn. 1000-3428. 0070473

GPU Acceleration Method for Rough Approximation Sets of
Asymmetric Tolerance Relation

WU Zhengjiang, WANG Mengsong, WU Xingchen
(School of Computer Science and Technology, Henan Polytechfiie University, Jiaozuo 454003, Henan, China)

[Abstract] In the era of big data, information sources are diversesand complex, making it difficult to ensure the
integrity of the information systems formed from the collected data. In increasingly Incomplete Information
Systems (IIS), using rough set theory based onsasymmetric tolerance relations for knowledge distillation and
improving the calculation speed of approximation,setspare critical issues that must be addressed before their
application. An improved scheme is proposed\for the*redundant tolerance class problem of asymmetric tolerance
relations. A Boolean matrix representatidh,method for the upper and lower approximation sets in incomplete
information systems is designed, and_dwmatrix-partitioning algorithm for calculating rough approximation sets of
asymmetric tolerance relations is proposed. Furthermore, the acceleration of the approximation set calculation
process is implemented on a Graphies, Processing Unit (GPU) to improve the calculation efficiency of the
approximation sets. Furthermore,wgiven the limited storage space of GPUs, a hierarchical structure and its
algorithm for objects in incomplete information systems are constructed, converting the global relationship matrix
into multiple local relationship matrices to alleviate the storage pressure on GPUs during the calculation of the
nearest tolerance classes. Experimental results on the UCI and generated datasets show that the number of
tolerance classes based on the nearest tolerance relations is significantly reduced compared to the baseline case.
Additionally, the matrix-partitioning algorithm effectively accelerates the approximate set calculation process for
GPUs. Compared with CPU serial computation and distributed parallel computation, the GPU partitioning
algorithm executes at an average speed of 16.69 times and 3.89 times faster.

[Key words] Graphic Processing Unit (GPU); approximation sets; nearest tolerance relation; block-matrix;
Incomplete Information System (IIS)
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Table 2 The description of UCI dataset and user-defined dataset

R EIEITES fi 5 AL/ 4 Hif FEE/ A M, 1%
JE PR/ A JE P E
UCl Hepmass_test-20 HT20 200 000 27 1,2 2 26 906
UCl Susy-25 SY25 250 000 18 1,2 2 567 228
uUCl Hepmass_test-35 HT35 350 000 27 1.2 2 61 565
uUcCl Higgs-55 HGS5 550 000 28 1,2 2 53 858
ucCl Hepmass_train-70 HTR70 700 000 27 1.2 2 231 005
UD Weka500k20a2¢ Wekal 500 000 20 1,2 2 42 245
UD Weka500k20adc Weka?2 500 000 20 1,2 4 41 972
UD Weka500k40a2c Weka3 500 000 40 1,2 2 21770
UD Weka500k40adc Wekad 500 000 40 1,2 4 19 028

BN isfT. % 3 5 MEIRER o AR Rt RO Y AT AR U T AL AR AE 1 h
Feil. iR R R AT R Ik 3 s, WIGIATTER N g
®3 EREREXFERNTERE

Table 3 The computational efficiency of using traditional relational matrix

PR /s

HE Hlrhbin 1/256  HdRhig 1/128  BdRbbm 1/64  BdRdkig 1/32 Hlikbi 1716 Klihtng 1/8
HT20 1. 34 6.04 46.93 373.34 2798.7 —
SY25 2.93 16. 45 201.12 1678.27 — —
HT35 4.40 33.44 256. 65 1892.76 — —
HG55 13. 37 131. 69 884. 04

HTR70 33. 96 259. 14 1892. 21 — — —
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Fig.5 The relationship between block size, processing time and memory
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Fig.7 Computation time of matrix block algorithm on CPU and GPU
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Table 4 The computing time and speedup of approximate set

GRS CPU AN /s GPU 5] /s S A S BT/ s I (CPU/GPUY ik b (4347 50/ GPU)D
HT20 32.84 2.55 11.73 12.87 4. 60
SY25 855. 58 65.72 127. 87 13.01 1.95
HT35 125. 02 8. 06 11.68 15.51 1.45
HG55 171. 22 11.13 13.21 15. 38 1.17

HTR70 936. 87 54. 92 14.32 17.05 1.19
Wekal 867.17 54.32 423. 11 15. 69 7.79
Weka2 1188.18 52.59 426. 20 22.59 8.10
Weka3 55.49 3.51 15. 80 15. 80 4.50
Wekat 86. 75 3.88 16. 59 22. 35 4. 28
AVG 479. 90 28.52 117. 83 16. 69 3.89
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Table 5 Comparison of nearest tolerance relation with asymmetric tolerance relation
CPU GPU o
e/ M, 174 e 2 U
PHELRTE] /s Tt/ % AL /s T3/ %
HT20 33.7 2.6 3. 27 2.2 28 392 1 486
SY25 1 735.32 50.7 128. 38 48. 8 1156 778 589 550
HT35 137. 30 8.9 8.79 8.3 66 639 5 074
HG55 183. 01 6.4 11. 77 5.4 55 102 1244
HTR70 1 009. 17 7.2 57.54 4.6 246 079 15 074
Wekal 1 523. 06 43.1 89. 05 39.0 504 998 462 753
Weka2 2 059.71 42. 3 90. 60 42.0 508 870 466 898
Weka3 105. 25 47. 3 3.59 2.2 19 287 2 483
Wekad 136. 86 36. 6 3.94 1.5 22 231 3203
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