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Abstract

The greedy random block Kaczmarz method with K-means clustering for solving large linear sys-
tems has been widely studied in recent years. This article conducted further research on this method
by prioritizing the elimination of the largest block in the residual vector in each iteration, construct-
ing the Kaczmarz method for the maximum residual block and its accelerated version, and conduct-
ing convergence analysis. Numerical experiments have confirmed the effectiveness of the algorithm
proposed in this paper.
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Table 1. Specific matrix related information
= 1. BEEMEMEXER

5B Franzl mk11-b2 Trefethen-300 gen4d p6000

mxn 2240 x 768 6390 x 990 300 x 300 1537 x 4298 2095 x 7967
density 0.003 0.003 0.052 0.0162 0.0012
cond(A) 7.13E+15 5.04E+15 1772.7 39.19 4710
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Table 2. Randomly generated matrix A, numerical results for solving linear systems when m = 8000 and n is different
= 2. MENLERRFERE A, % m=8000, n FRIFRBLMERENBELR

mXxn

RBK(100)

MRBK(100)

MARBK(100)

RBK(200)

MRBK(200)

MARBK (200)

RBK(400)

MRBK(400)

MARBK (400)

8000 x 100

4
0.3073

0.2594
13.2
0.1973
20.6
0.3884

0.2792
17.2
0.2111
68.2
0.4616
2
0.3494
19.2
0.3

8000 x 200
18.2
0.4655
2
0.406
13
0.3211
52
0.5219

0.457
15
0.3506
140.6
0.705

0.4697
19
0.3436

8000 x 500

65
0.7049
2
0.7016
10
0.5318
150.2
0.8537

0.7249
12.6
0.5740
289.2
1.3092
2
0.8575
14.2
0.5987

8000 x 1000

148.6
1.2617
2
1.6365
142
1.0977
589.1
1.142
1136.7
1.1415
1136.7
1.1415
1136.7
1.1415
1136.7
1.1415
1136.7
1.1415

8000 x 2000
867.9
3.444
867.9
3.444
1711.6
2.4463

310
1.8901
2
1.8686
16.2
1.3085
604
2.9269

1.797
19
1.3888

Table 3. Randomly generated matrix A, numerical results for solving linear systems when n = 8000 and m is different
7= 3. BEHLERNFERE A, Zin=8000, m REIFSKELM REMBELR

mxn 100 x 8000 200 x 8000 500 x 8000 1000 x 8000 2000 x 8000
IT 5 6 7 9 13
RBK(2)
CPU 0.0655 0.1124 0.4639 1.1651 2.976
IT 5 6 7 9 14
MRBK(2)
CPU 0.0503 0.1108 0.3963 0.8916 2.4732
IT 8 9 12 17 27
MARBK(2)
CPU 0.043 0.0892 0.3412 0.8569 2.4311
IT 10.4 12.8 18 22 34.6
RBK(4)
CPU 0.0669 0.1505 0.5937 1.3685 3.3253
IT 8 9.6 12 15.2 23.2
MRBK(4)
CPU 0.0491 0.0992 0.4762 0.9208 2.539
IT 11.2 12.2 16.8 22 36.8
MARBK (4)
CPU 0.0440 0.0993 0.4071 0.8747 2.8612
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gk
IT 16.4 20.8 28 322 57
RBKE) CPU 0.0519 0.1121 0.5102 1.3914 3.649
IT 12 13.2 15.8 22.2 36.4
MRBKE) CPU 0.0517 0.1165 0.3808 1.0045 2.757
IT 13.4 15.8 20.4 28.4 48.2
MARBK(®) CPU 0.0419 0.0993 0.3554 0.932 2.8281

Table 4. Numerical results of solving linear systems using specific matrices

4 BIRGEMERRE M REMBELSR

SERE Franzl mk11-b2 Trefethen-300 gend p6000
IT 154 5 52 521.8 30
RBK(K)
CPU 2.2341 0.8508 0.1003 1.1908 1.7317
IT 4 3.8 52 399.4 29.4
MRBK ()
CPU 0.2671 0.8474 0.0117 1.081 171
IT 344 10 74 931.4 49.6
MARBK(K)
CPU 0.0075 0.0362 0.0063 0.8079 0.0244
k / 4 4 20 4 4
speed-upl / 8.36428304 1.00401227 8.57264957 1.10157262 1.01269006
speed-up2 / 297.88 23.5027624 15.9206349 1.4739448 70.9713115
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