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Table 1. H{X| Ato|=EH MSHI}

Batch size Validation loss Validation RMSE
32 0.0184 0.1357

64 0.0184 0.1358

128 0.0188 0.1371
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Table 2. HHAE Ms5"I}

test rmse
0.1357

batch size test loss
32 0.0184
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