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Adaptation SNR Number of Adaptation Words
Scheme 0 1 5 10 20 30 . 40 50
ES-MLLR 9728 9800 9793 9798 9808 98.10  98.08
ES MLLR 9763 9845 98.68 98.58 9868 98.60  98.58
Clean 95.78
MES-MLLR 9728 9845 9888 9888 9883 9883  98.88
MES-MLLR 9763 9843 9868 9888 9888 98.83  98.80
ES-MLLR 9670 9753 9760 9773 9778 9783 9773
ES MLLR 9668 9798 98.10 9818 9820 9825 9823
20dB 9323
MES-MLLR 9670 9805 9838 9875 9870 9850  98.58
MES-MLLR 9668 9793 98.63 9878 9873 9858 98.73
&EC
ES-MLLR 9250 9375 9405 9425 9435 9438 9430
ES‘;,%'ELR 9330 9565 9573 9613 9588 9603  95.90
10dB 80.18
MES-MLLR 9250 9670 9778 9793 9810 9798  98.18
MES-MLLR 9330 9685 9805 9780 9798 97.88  98.05
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