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pression (si_dt_05).
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Table 1 Effectivenss of augmented FT with PLP
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ML(M) ML(P) EMMI 4P

WER[%] | 56.37 57.35 52.79 52.62
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Fig. 4 Effectiveness of FT and DT with noise sup-
pression (si_dt_05).
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