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Fig. 1 System overview of PPAMT where GMM
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model and deep neural network, respectively.
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Fig. 2 Examples of randomly concatenated

phrases.
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Table 1 WER[%)] of the proposed privacy preser-

vation where only in-domain dataset was available.

| CE_ sMBR

all in-domain data available 11.71 11.05
phrase division 15.43 14.44
random concatenation 14.88 13.76

speaker anonymization (10 clusters)|15.09 14.17

16 . :
— I5o—00-0o o GW)
S 14 »\15.09 1
5 13 F Original # training speakers (986) 4
Z 1l
11 : :
0 500 1000 1500

# speaker clusters

Fig. 3 WER|%] on the CSJ testset when speaker

clustering was used for speaker anonymization.

Original # training speakers (986)

1331 \11;71
N

0 200 400 600 800 1000
# training speakers (non-preserved)

Fig. 4 WER[%] on the CSJ testset when training

data were subsampled.
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# non-preserved speakers in in-domain data

Fig. 5 WER[%] on the CSJ testset when partial

speakers were preserved.

Table 2 WER[%)] of the proposed privacy preser-
vation where additional out-of-domain dataset was

available. () shows the improvement from Table 1.

CE
all in-domain data available 11.44 (0.27)
random concatenation 12.03 (2.85)
speaker anonymization (10 clusters) | 11.98 (3.11)
cf. only out-of-domain data available 14.14
16 T . T T
— 15} 1
§ 141 ]
0 13 L1203 i
= IZQMMﬁ 11.44 ]
11 . L . —9
0 200 400 600 800 1000

# non-preserved speakers in in-domain data

Fig. 6 WER[%] on the CSJ testset when partial

speakers were preserved with out-of-domain data.
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