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3. Met Arg Input: Training Dataset d;, Test Dataset d,
3.1. AlAE pa Output: Trained model m ', Predicted value of Test
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[> Model Training
Central Server 1: Initialize learning rate I,,, sequence_length s,,,
the number of Bi-LSTM cells «,,, the number
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2¢ load Training dataset d;, Test dataset d,
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dataset d, do
generate and store sequence data

¢ build Bi-LSTM model m with «,,, 5,

while training accuracy is not large enough do
minimize the training loss of model m with
cross—entropy loss function and Adam

N @ O e

optimizer
. if validation accuracy of model m is better
than previous model then
update model m
[> Model Testing
10: for sequence data of Test dataset d, do

11: predict next values with model m’
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