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On-device End-to-End (E2E) ASR

Model Architecture

Two-pass E2E ASR model

 Architecture of two-pass E2E ASR model

· 1st pass: Conformer-transducer 

· 2nd pass: attention-based encoder decoder 
(rescoring / beam search)

· In-house training toolkit and training data

Model compression

 We use Knowledge Distillation (KD) for 
the compression of the 2nd pass model

· Set different compression rates for the 
recurrent and the non-recurrent parameters of 
the 2nd pass model.

 The E2E model is trained in 3 stages 
where the losses are defined as follows:

2nd pass teacher model : LT + λ1L2nd

1st pass streaming Conformer-T model: LT

2nd pass student model + KD : L2nd + λ2Ldist
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 Multi-stage spell correction

· Spell correction changes wrongly recognized NEs 
based on a multi-level string matching technique.

· Combines string matching (edit distance) 
scores at word, grapheme and phoneme levels

 Decoding of unintended silence

· Sometimes unwanted words are misrecognized

· Length normalization → accuracy degraded

· Solution: pruning low confident beams

 Decoding of long-form speech

· Time-based segmentation approach
→ deletion error is relatively high

· Solution: streaming energy-based segmentation

On-device End-to-End (E2E) ASR

Decoder Implementation

Language model shallow fusion

 General-domain Language Model (LM)

· Transformer-XL based language model

· Integrated with the ASR result by shallow 
fusion

log 𝑃 𝑦𝑢 𝑥1:𝑡 , 𝑦1:𝑢−1

= log 𝑃ASR 𝑦𝑢 𝑥1:𝑡 , 𝑦1:𝑢−1 +෍

𝑖

𝜆𝑖 log 𝑃LM𝑖
𝑦𝑢 𝑦1:𝑢−1

 Domain-specific LM biasing

· A domain-specific LM is built on-device from 
the template and NEs of the target domains.

· The probabilities computed from the LMs and 
the E2E models are interpolated at each 
beam search step using shallow fusion.

Decoding techniques

* NE: Named Entity
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On-device End-to-End (E2E) ASR

Experimental Results

Experimental results

 Model compression with KD

 WER (%) on the domain-specific test set

Experimental results

 Comparison of MoChA, RNN-T, and 
Conformer-T

 Real-time factor

• WER: Word Error
Rate (%)

• 𝜸𝒓: compression
ratios for
recurrent

• 𝜸𝒇: compression

ratios for
non-recurrent

• (# Params) for 
the 2nd pass 
model

※ Measured on 
Galaxy Note 10+
device. Only a 
single core of 
CPU is used for 
measurement.

※ Biasing: biased 
with n-gram LM

※ Spell: applied 
spell corrector

* MoChA: Monotonic Chunkwise Attention

*
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