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(Convolution Neural Network, CNN) 7|52 B7}5t Lo |H 3 AR E 2 T = Q= EWAETHOL XY
AR EE S Qs ONNS 2k AAwole 84914 7] A48 0 2 Eal Az wo] 7)ut g4 IA A2
8- 713 o1 Qo] El 2= Long Short-Term Memory(LSTM)-& A3} t) Z3Zw 7]4F-2-4 Q1A A| A~ H].&
Edizzr thilo] FE2HE ARSI ojRd 2 EFHAIME o] 85151t /ds B7HE f18l Al-hubol| 3=
Electronics and Telecommunications Research Institute(ETRI) 24 ZH A5 &85} 0] ETRAZH 7]dF -S4
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Ho] fEAS YFHact

sAIB0L: 24914, | 2, TEn], Edl Ay

ABSTRACT: We propose a speech recognition system based on conformer. Conformer is known to be
convolution-augmented transformer, which combines transfer model for capturing global information with
Convolution Neural Network (CNN) for exploiting local feature effectively. The baseline system is developed to
be a transfer-based speech recognition using Long Short-Term Memory (LSTM)-based language model. The
proposed system is a system which uses conformer instead of transformer with transformer-based language model.
When Electronics and Telecommunications Research Institute (ETRI) speech corpus in AI-Hub is used for our
evaluation, the proposed system yields 5.7 % of Character Error Rate (CER) while the baseline system results in
11.8 % of CER. Even though speech corpus is extended into other domain of AI-hub such as NHNdiguest speech
corpus, the proposed system makes a robust performance for two domains. Throughout those experiments, we can
prove a validation of the proposed system.

Keywords: Speech recognition, Deep learning, Conformer, Transformer
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Fig. 1. (Color available online) The model archi—

tecture of transformer,
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student

Attention(Q, K, V') = softmax(QK ™ )V

Fig. 2. (Color available online) Self—attention in
sentence ‘l am a student”.
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Fig. 3. (Color available online) Overview of con—
former block.
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Fig. 5. (Color available online) Block diagram of speech recognition system based on conformer.
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Table 1. Neural network architecture for speech
recognition system based on conformer,
Units
Mel 80
Spec augmentation gﬁi 2::‘1: {8:28}
embedding(vocab,dim) 40 msec, (5000, 512)
Encoder head 8
Encoder FFN hidden unit 2048
Encoder layer 12
Decoder head 8
Decoder FEN hidden unit 2048
Decoder layer 6

Input Generate
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| am researching deep learning and NLP.
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7
L

Fig. 6. (Color available online) Block diagram of
transformer—based language modeling.
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Table 2. Neural network architecture for language
modeling using transfer network,

Number
Embedding(vocab, dim) (5000, 128)
Attention unit 512
Head 8
FFN hidden unit 2048
Layer 16
Memory 214.8 MB

Table 3. Neural network architecture for speech re—
cognition system based on transformer,

Units

Mel 80
Spec augmentation firriit r]:::sSllz {8”28}
embedding (vocab,dim) 40 msec, (5000, 512)

Encoder head 8

Encoder FFN hidden unit 2048
Encoder layer 12
Decoder head 8

Decoder FFN hidden unit 2048
Decoder layer 6
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Table 4, Data set for NHNdiquest corpus.

Speaker | Sentence | Train Eval. Test

Adult 55 71270 | 66,876 | 7121 3273

Children 55 68,846 | 58,612 | 6066 4168

Senior 53 56,744 | 48,240 | 5836 2668

Loan

55 85,028 | 73,187 8146 3695
word

Total 218 | 287,888 | 246,915 | 27,169 | 13,804

Table 5, Data set for ETRI corpus.

Speaker | Sentence | Train Eval. Test

Total 1000 | 615,368 | 585,715 | 14,823 | 14,830
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Table 6. Neural network architecture for language
modeling using LSTM network,
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Table 10. Performance of conformer with (ETRI +
NHNdiquest) corpus.

Number Corpus Ppl Sub Del Ins CER
Embedding (vocab, dim) (5000, 2048) ETRI 1202 | 25% | 21% | 13% 5.9%
Hidden unit 2048 DI.JHN |49 | 18% | 11% | 06% | 35%
Layer 4 1gues
Memory 619 MB epoch vs loss
—— train
Table 7. Performance of transformer with ETRI corpus. 70 valid
Ppl Sub Del Ins CER 60 1
117 4.9 % 5.1% 1.8% 11.8% 50 4
@ 40 -
Table 8. Performance of conformer with ETRI corpus. =
30 4
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epochs during training.
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