biLSTM Architectures Regularization to Reduce Overfitting

Start with basic biLSTM + Linear
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Applications: Quora/Slack/Twitter/email Bigger GPUs, V100 16GB v e v

Modified to 2 classes,

num_layers > 1
Substantial amount of communication contains

Questions.

biLSTM Architectures
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Figure I: Generic NLI training scheme.
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Figure 2: BI-LSTM max-pooling network.
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