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. 7 e The final model G consistently outperforms the baseline LSTM (A) In terms of perplexity and code-switched perplexity.
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Model COnflgurathnS Development set perpelxity (PP), code-switched perplexity (CPP), test set word error rate (WER), code-switched bigram error (CSBG).
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fy  Basding Kol syatizmn (UNNITDINN-E eeosiie model) Alias PP CPP WER CSBG PP CPP WER CSBG PP CPP WER CSBG PP CPP WER CSBG
A Baseline LSTM (Single layer LSTM)
- Separate embeddings per LSTM (Default) Ay - - 41.8 63.7 - - 429 69.5 - - 50.6 67.2 - - 41.9 57.4
C B with shared embeddings between LSTMs A 976.6 5228.8 40.3 60.3 888.1 8048.9 42.6 69.6 350.3 3209.7 49.7 66.2 2049 1476.1 40.1 53.2
D C with shared hidden and cell state vectors D 956.1 5498.4  40.7 61.7 738.6 12284.8 42.8 70.9 327.8 2958.4  50.6 068.7 198.7 1567.9  39.6 53.7
I D with soft interpolation of language logits E 904.8 5147.1  40.3 61.1 7442 12077.1 42.0 68.3 322.5 2449.7 49.0 66.5 199.3 1260.6 39.8 52.7
I I with soft interpolation of hidden and cell state vectors G 832.1 4841.4 39.9 60.0 725.4 13198.6 42.1  69.3 319.1 2728.6 48.9 66.3 194.2 1358.3 39.3  53.1
G £ with additional language embedding
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