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Background Experimental Evaluations

Acoustic-to-word end-to-end ASR

& Corpus

& Extremely simplified architecture / training and decoding pipelines 1. Switchboard 2. CSJ (Japanese lecture corpus)
@ Fast decoding (applicable for the real time usage) - ASR: 300h - ASR: 240h (APS)

& Extract word-level representations = dialogue, keyword spotting - RNNLM: 2000h (+ Fisher) - RNNLM: 600h (+ SPS)

€ Data sparseness due to infrequent words .
€ Fixed word entry = out-of-vocabulary (OOV) problem ‘ArCh Itecture

v A2W: 5-layer BLSTM encoder + 1-layer LSTM decoder (320 memory

> Pre-training with a phoneme-level model [audhkhasi 20171 cells)

> Multi-task learning (MTL) with an auxiliary character-level ASR (A2C) A2C: 4-layer BLSTM encoder + 1-layer LSTM decoder
task [Li2017, ueno2018] v' RNNLM: 2-layer LSTM (512 memory cells)

> OO0V tokens are further recovered from character-level hypothesis (i v 2=0.5, $=0.3,y=0.6/0.2
2017, Uen02018] v Beam width: 5 (A2W), 1 (A2C)
= A2W models are now open-vocabulary (at least)

Problem of A2W ASR

& Results on Switchboard

Resolving WER (#00V)
Model RNNLM
> OO0V detection is difficult . OO0V SWB CH Ave.
= A2W is more likely to recognize OOV words (often infrequent words) Word CTC - X 20.26 (240) 42.32 (358) 31.29
incorrectly as other words in the predefined vocabulary oW X 18.99 (154) 38.46 (222) 28.73
= Confused with in-vocabulary words with similar pronunciation (baseline) 2300000hh i: ;‘2 g;z; 2: E Ejgii i:-‘; 4.7%
= They cannot be recovered by the A2C model v v 18.35 (183) 37.54 (267) 7ot
> Infrequent words should be recognized by the A2C model W4 A O X 18.18 (77 ) 37.40( 17 ) 27.79
= A2C is more flexible than A2W for recognizing rare words (MTL) X 300h 17.76 (349) 37.26 (513) 21.51
O 300h 17.43( 7 ) 36.99( 7 ) 27.21
> How to detect OOV words accurately... X 2000h 17.40 (346) 37.00 (546) 27.20
= External LM trained with a large text has a role to detect them? O 2000h 17.11( 7 ) 36.71( /7 ) 26.91
Results on CSJ
Proposed method ¢
- : : Model | ReSOVINg | pynLm WER (#00V)
€ External LM integration for OOV detection oov evall eval2  eval3" Ave.
- I Word CTC - X 12,79 (352) 11.12(469) 20.28 (662) 14.73
(I nfreq uent word recogn |t|on) o - X 12.89 (265) 10.25(299) 19.70 (498) 14.28
> Restrict the external LM vocabulary to that of the A2ZW model (baseline) : 240h | 1220(437)  9.73(531) 19.49(761) 1380 |
> External LM has the better ability to detect OOV words based on : 600h | 12.11(443) 9.65(516) 18.71(759)  13.49
contextual information since it is trained with a large-scale text g i g 3; E252; z:i 2334; 1573 ;8 2521; Egj
- . . 7 ] 7 1 ,
> Egodbeatlglcllcteydog l’jpile‘l ;Ci)nclz;/:ecnlcaess is boosted and OOV words get easier to A% ; Szc y jaoh | 1L71(441) 9.40(534) 1821(782)  13.11
i . O 240h 11.27(» ) 885(# ) 17.20( 7 ) 12.44
= |ncrease the number of <OOV> tokens in the hypothesis y 600h | 1L.70(429) 9.29(518) 17.54 (788) 5
= These <O0OV> tokens are recovered by the A2C model O 600h |11.27(# ) 877(7 ) 1657(» )  12.21

*eval3 is the out-of-domain set

System overview

> External RNNLM increases the number of recognized <OOV> words

& MTL with an auxiliary character-level ASR task > MTL with an A2C model Improves WER L
o N - » MTL enhances the effectiveness of RNNLM thanks to generalization
Lx,y",y50%,0°) =—=21logP(y"|x) — (1 —24) logP(y©|x) effects
A :tunable parameter (0 <1 < 1) » Recovering <OOV> words by the A2C model further improves WER
. . » MTL + RNNLM integration + OOV resolution was the best
¢ OOV resolution by character-level hypothesis > Effective especially for the out-of-domain sets
> Replace <O0V> tokens with the corresponding character from the A2C
model by computing a position where attention distributions are I rv S|z
most overlapped between the A2W and A2C models ‘AnalySIS of the vocabula y slz€ (CSJ)
¢ Word-level RNNLM integration (shallow fusion) e
yW — argmax \ {logPAZW(ywlx) - :B lagPWLM (yw) - 14 Coverage} N — ﬁiaiﬁiﬁiﬁﬁmﬂg 88\\;+RNNLM(600h) _ ) — ﬁiaiﬁigiiiﬁ:zlﬁg 88x+RNNLM(600h) _
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» MTL + OOV resolution is robust to the vocabulary size
» MTL + RNNLM integration + OOV resolution is always effective

Word-level Character-level
attention decoder N T : attention decoder . 020 | == |
== ~ i } Hierarchical ¢ Decodi ng Speed (CSJ) o el 55
. -> - > - > . 0.16 - o—eo A2W+A2C+resolving OOV+RNNLM(600h) -
Subsampling T i representations > With a single NVIDIA Titan GPU e
Lt L > RTFis small enough for the real-time usage E :
[ % 7}|Z 7}|Z 7}| Shared encoder » Computational cost E
* = Time alignments are synchronized - Small vocabulary: OOV resolution > RNNLM >< :
thanks to sharing the same encoder - Large vocabulary: OOV resolution < RNNLM ; ; =——

W > A2W is faster than A2C o s



