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E 1 &3 2ya 4 A W via (108 43%)

g k = 30 .
AuiEedd | Az A9
Sequential | 0.21496 +0.02697 0.18932 0.28179
Batch 0.23775=0.03812 0.18719 0.31566
o k = 50 .
AgiEzaa | Az 34
Sequential | 0.20747%0.02139 | 0.16730 0.25148
Batch 0.21525+0.02857 0.16867 0.28179
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