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Abstract: This paper presents an approach to robust speech recognition based on neighborhood space, which can
achieve performance robustness under mismatch between training and testing conditions. This approach uses
neighborhood space of each underlying model to produce Bayesian predictive density as observation probability
density. Experimental results show that the proposed method improves the performance robustness.
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3.2
C,
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Tablel Experimental results
1
Testing speech data (%)
c Clean Gender different Contaminated speech at several SNR levels
speech speech -5 0 5 10 15 20
0.001 71.3 445 9.5 12.4 16.1 29.8 52.2 65.3
0.01 68.5 46.7 111 13.6 17.8 31.2 55.3 64.7
0.1 64.1 50.8 12.9 14.3 23.2 355 52.9 62.5
0.2 62.6 52.9 13.7 16.9 26.4 38.4 49.6 59.4
0.3 61.4 53.6 14.0 17.1 28.5 37.9 46.2 57.1
0.4 57.3 51.4 16.6 233 27.1 35.4 43.4 52.9
0.5 55.9 50.3 19.4 24.7 26.8 31.1 41.3 50.7
Baseline 73.7 44.1 8.6 115 1587 29.5 48.2 59.8
Improved 2.4 9.5 10.8 13.2 12.8 8.9 7.1 5.5
, 1 2.4%;
( ) , o , 13.2%. ,
C , ,
, c ) ;
C , ) ,
4
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