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Abstract

This study optimized an Automatic Speech
Recognition (ASR) system for Chinese
medical speech. Existing ASR systems like
Google's STT and OpenAl's Whisper
perform well in general speech recognition
but lack accuracy in the medical field. To
address this, we proposed a "mask-
enhanced language model correction
technique" that uses masking to correct
ASR  outputs, thereby improving
recognition accuracy. The methods include
fine-tuning the CKIP BERT model to build
MedCKIPBERT and implementing a
homophone substitution strategy. Results
showed that the keyword error rate (KER)
of Google STT decreased from 15.37% to
13.64%, and Whisper's KER dropped from
20.82% to 15.80%. This approach
demonstrates potential value in medical
speech recognition.
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Algorithm1 BERT Model Fine-tuning with MLM

Require: Pretrained BERT model By, , Training dataset Dyyqin
Ensure: Fine-tuned model B’

1: for each selected s in Dypqpy, do

2:  Generate masked of s; ,denoted M(s;)

3 Compute predictionss;' = M(s;)

4. Compute loss L(s{,s;) comparing s{ and s;

5 Update By, using L to minimize the loss

6: end for

7: B' = B, /[ The fine — tuned model

8: return B’
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Algorithm 2 MLM Correction Using BERT

Require: BERT model B, Input text ¥ = {1, 95,, 91}
Ensure: Corrected text ¥’

1: Select tokens J; to be masked based on some criteria
2: for each selected y;inY do

3: Generate masked of §;,denoted M(3;)

4 If confidence (§;') > a:

5: M (§; ) = Compute predictions ;'
6 else:

7: M@ )=9/'=9

8:end for

9:¥'= 019290
10: returny’
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