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Table 1 Result of objective evaluations for Alignment Module, where src is source, trg is target and AE is

Alignment Module. Non-native speaker is Spanish speaker.

stcAE trgAE sre alignment trg alignment FFT frame src speaker trg speaker | source original | converted MCD log fobRMSE
conv layers | conv layers feature feature shift [ms] CER [%] CER [%] [dB] ‘

2 3 hidden feature | mel-spectrogram 20 native male native female 0.5 4.2 4.86 +0.34 | 0.19 + 0.34

20 native female native male 0.8 4.1 5.55 & 0.40 | 0.20 £ 0.07

20 non-native female | native female 3.0 824 8.95 £0.82 | 0.21 + 0.07

20 non-native female | native male 3.0 21.2 6.14 + 0.57 | 0.20 = 0.06

2 3 hidden feature | mel-spectrogram 10 native male native female 0.5 1.2 4.97 +£0.29 | 0.18 &+ 0.05

10 native female native male 0.8 4.1 547 £ 0.33 | 0.19 £ 0.08

10 non-native female | native female 3.0 10.7 5.70 £ 0.38 | 0.21 + 0.05

10 non-native female | native male 3.0 12.0 6.14 + 0.50 | 0.19 & 0.06

3 3 hidden feature | mel-spectrogram 20 native male native female 0.5 4.7 4.83 +£0.28 | 0.18 &+ 0.05

20 native female native male 0.8 4.8 5.46 + 0.34 | 0.20 = 0.07

20 non-native female | native female 3.0 80.5 9.23 £0.79 | 0.22 + 0.06

20 non-native female | native male 3.0 17.5 6.14 + 0.51 | 0.21 &+ 0.06

3 3 hidden feature | mel-spectrogram 10 native male native female 0.5 1.5 491 +0.32 | 0.18 &+ 0.05

10 native female native male 0.8 3.3 5.53 £ 0.34 | 0.20 = 0.07

10 non-native female | native female 3.0 10.6 5.73 £0.36 | 0.20 + 0.05

10 non-native female | native male 3.0 10.6 6.21 £ 0.52 | 0.21 = 0.06

3 3 mel-spectrogram | mel-spectrogram 20 native male native female 0.5 2.7 4.69 + 0.37 | 0.19 £+ 0.06

20 native female native male 0.8 5.1 529 £ 0.36 | 0.19 = 0.08

20 non-native female | native female 3.0 14.1 5.54 £ 0.37 | 0.19 + 0.06

20 non-native female | native male 3.0 10.0 5.95 + 0.52 | 0.19 = 0.06

3 3 mel-spectrogram | mel-spectrogram 10 native male native female 0.5 1.2 4.83 +£0.34 | 0.20 £+ 0.05

10 native female native male 0.8 2.1 532+ 0.34 | 0.19 = 0.07

10 non-native female | native female 3.0 11.2 5.60 £ 0.41 | 0.19 + 0.05

10 non-native female | native male 3.0 8.5 6.10 £ 0.46 | 0.21 = 0.07

3 3 PPG PPG 10 native male native female 0.5 0.7 4.79 £0.34 | 0.18 £ 0.05

10 native female native male 0.8 2.1 529 £ 0.34 | 0.17 = 0.06

10 non-native female | native female 3.0 8.4 5.58 £ 0.40 | 0.19 + 0.05

10 non-native female | native male 3.0 9.2 6.07 £ 0.47 | 0.21 = 0.06
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Table 2 Result of Objective Evaluation for Alignment Feature.

source target source speaker target speaker | source original | converted
alignment feature | alignment feature CER [%)] CER [%)]
mel-spectrogram | mel-spectrogram | non-native (Spanish) female native female 3.0 11.2
non-native (Spanish) female native male 3.0 8.5
non-native (Spanish) male native female 6.4 31.3
non-native (Spanish) male native male 6.4 31.6
non-native (Vietnamese) female | native female 7.1 24.4
non-native (Vietnamese) female | native male 7.1 26.2
non-native (Vietnamese) male native female 13.7 31.9
non-native (Vietnamese) male native male 13.7 26.2
PPG PPG non-native (Spanish) female native female 3.0 8.4
non-native (Spanish) female native male 3.0 9.2
non-native (Spanish) male native female 6.4 37.9
non-native (Spanish) male native male 6.4 41.1
non-native (Vietnamese) female | native female 7.1 26.3
non-native (Vietnamese) female | native male 7.1 23.3
non-native (Vietnamese) male native female 13.7 34.9
non-native (Vietnamese) male native male 13.7 36.8
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