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MAML-based End-to-End Speech Recognition for
Zero-Resource Language Recognition

Zuou Rutt® Ito AKINORI''P) NOSE TAKAsHI®)

Abstract: High-precision speech recognition systems require large amounts of labeled speech data. However,
most of the languages in the world do not have that much training data. A speech recognition system that
uses no speech data, or uses very little data from such training target languages, is called a zero resource
speech recognition system. In this paper, we pre-train a model using a training method called MAML and
high-resource language data. Then we use a data of a minority language to fine-tune the model. When we
use 20 minutes of the target language data, we obtained a character error rate of about 40%.
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Table 1 Parameter of model
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LSTM Cell 360

LSTM Dropout 0.1
VGG Dropout 0.1
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Table 2 Pre-training data information
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Chuvash 1.38 1211 86
Frisian 5.05 3707 7
Greek 2.12 1976 93
HakhaChin  0.64 815 58
Kyrgyz 2.28 1788 76
Maltese 2.44 1977 81
Sakha 2.34 1444 73
Slovenian 1.33 1348 65
Latvian 2.77 3198 80
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Table 4 Minority language data information for fine tuning

SRR W (h) BA7 o AAK () T
Bulgarian  0.44 200 66
Croatian 0.35 150 77
Hausa 0.24 200 55
Swahili 0.25 150 39
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Table 5 Experiment results of zero resource language

Eki=

=L CER(%) WER(%) AVG_LOSS
English 40.66 84.7 2.93
Bulgarian 93.16 99.9 5.63
Croatian 90.77 99.9 5.53
Swahili 90.2 100 4.94
Hausa 93.6 100 6.28
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