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Fig. 1 Multilingual machine speech chain.
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Table 1 Comparison between ASR baselines

with/without LID in CER%.

Train:Ja+En+Zh Ja En Zh
ASR without LID [chr] 88 9.1 538
ASR with LID [chr,Ing] | 89 85 5.1

Table 2 CER% of proposed ASR model.

[ EnJaCS  JaZhCS ZhEnCS
[Baseline] Supervised: labeled mono
Ja+En+Zh [ 141 16.9 16.0
[Proposed] Semisupervised: unlabeled CS
+ EnJaCS+JaZhCS 11.6 8.3 10.5
+ EnJaCS+ZhEnCS 11.2 9.2 9.7
+ ZhEnCS+JaZhCS 11.9 10.4 11.3
[Topline] Supervised: labeled CS
+ EnJaCS+JaZhCS 8.9 6.7 8.1
+ EnJaCS+4-ZhEnCS 10.8 7.3 8.1
+ ZhEnCS+JaZhCS 10.3 7.7 8.0
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Fig. 2 AB preference subjective evaluation.
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