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Abstract

This paper focuses on the multilinear PageRank problem, adopts the random algorithms to solve
the problem, presents the convergence theorem, and demonstrates the effectiveness of the random
algorithms in solving the multilinear PageRank problem through numerical experiments.
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Table 1. Experimental results of Example 1
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n Method CPU 1T err
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T T
—0—NRK
—6—NK

—F—NURK| T

log . (err)
log ,(err)

1 . . I . . . 11 . . . . . . I .
0 2 4 6 8 10 12 14 0 20 40 60 80 100 120 140 160 180
CPU CPU

Figure 1. The relationship between CPU and err when n = 200 (left) and n = 400 (right)
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Table 2. Experimental results of Example 2
2. 5l 2 SKIHER

n t Method CPU 1T err
NK 66.3524 856 9.50e—11
0.3 NRK 60.0733 775 4.99¢-11
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Figure 2. The relationship between CPU and err when t = 0.3 (left) and t = 0.5 (right)
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Table 3. Experimental results of Example 3
3. 3 LR

n n, Method CPU IT err
NK 40.4712 1744 9.79¢-11
200 150 NRK 40.1985 1750 6.10e—11
NURK 42.2552 1818 9.35¢e-11
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NK 565.8186 3253 9.86e—11
400 300 NRK 611.5724 3393 6.44e—11
NURK 560.7826 3313 9.60e—11
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Figure 3. The relationship between CPU and err when n = 200 (left) and n = 400 (right)
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