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We produce a System to answer questions correctly 1. Baseline: BiDAF s - ‘
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We use SQUAD 2.0 as the reading comprehension - T in the order-of 0.001:
data set. Every answerable SQUAD question has three 3. L1Regularization: Jw.) =53 L) + g il

answers provided. 4. Go “deeper”: Add one more fully-connected layer to the output of BERT

Dataset has been split into: 5. Ensembling: Guided Random Search for Weighted Average Ensembling
e Train Set: 129941 examples
o Dev Set: 6078 examples Gov P score In “pyj = P(start_pos = i, end_pos = j) predicted by the k-th model

e Test Set: 5291 examples -descending order _

After training 28 BiDAF-based, BERT-based models,
and ensemble them with two algorithms, we push
(start_pos, end_pos)’ = argmax ;, > wi x pl; test F1 score to 78.841 and Test EM to 76.010.
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S For future work, we would combine the BERT and

BiDAF together, which means that we replace
R - BIDAF's Glove word embedding with BERT astayer's
B - s output as as contextual word embedding. Hopefully

we can improve our performance more with this
idea.

1D Expesmet Name Do

1.L1 Regularization: Train BERT with L1 Regularization DevF1 DevEM
regularization on weights of output Coefficient

classification and varies the coefficient. Ref
Increasing regularization strength helps 0 74679 71915 _ erences

improve the F1 and EM score.

2 1e-4 75705  73.001

) w 2. Ensembling: Devlin, Jacob, et al. "Bert: Pre-training of deep bi-
ST Ensembling Model P [ 1e-3 76.666  73.824 directional transformers for language understanding."
) o - Y F1 EM te2 7676 73955 arXiv preprint arXiv:1810.04805 (2018).
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