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Table 1. TICL 7 H3EHE . | SRR
GLOBE-V2 L2 JbbIX
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k=0 4.23 5.41 8.47 11.06
k=1 1.40 2.38 2.94 4.76
k=2 1.13 2.67 2.81 1.7
k=3 0.92 1.89 2.70 1.52
k=4 0.88 1.66 2.62 1.41
Avel 79.2% 69.3% 69.1% 84.7%
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k=0 524 756 427 800 379 13.00 6.06 849  101.15 117.55 122.75 134.21 132.74
k=1 882 7.8 666 808 479 811  3.60 1315 5841  37.91 2149 6823  39.87
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Table 3. TICL JLH# 4 EH3E-4MM. | HEH%.

MyST OGI ENNI RSR
k=0 12.81 16.17 14.37 20.06
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k=4 11.81 8.52 13.75 19.54
Arel 8.7% 47.3% 5.8% 5.8%
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