OO00000d0o0oooooooo?20100 010 2100

Shrinkage estimators for large covariance matrices
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Table 1: Result of 1000 Monte-Carlo simulations for p/n =1/2 and ¥ = I,

Shrinkage estimators for large covariance matrices
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p n W/ln+p+1) Sur PRIAL
10 5  6.863(0.013) 6.3465(0.017) 7.5%
20 10 13.549(0.014) 12.654(0.017)  6.6%
40 20  26.891(0.014) 25.647(0.016)  4.6%
60 30  40.216(0.014) 38.821(0.016)  3.5%
80 40  53.570(0.014) 52.095(0.015)  2.8%
100 50  66.894(0.014) 65.362(0.015)  2.3%

The values in parentheses refer to the standard error on average loss.
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