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Abstract

This paper sets out to study several important aspects pertaining to speech recognition errors,
especially the out-of-vocabulary (OOV) word problem that is caused by using generic speech
recognition systems for a specific application domain. To this end, a two-stage processing
method, involving error detection and error correction, is proposed. For error detection, we
explore and compare disparate sequence labeling methods to detect possible errors of different
types. Further, in the error correction stage, an effective phone-level matching mechanism
along with a domain-specific keyword list is exploited to correct errors of different types
detected by the previous stage. Extensive experiments conducted on four application domains,
including educational issues, industrial technology-related interviews and speech memos and

meeting recordings, show that our proposed methods can boot the performance of a given
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general speech recognition system on the aforementioned application domains to some extent.
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Keywords: Speech Recognition, Recognition Errors, Error Detection, Error Correction, Out of

Vocabulary Words.
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EEESE 1 7 8 8 7
HERER 93.4% 87.5% 77.7% 75.9%
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g 4.8% 11.1% 19.3% 15.0%
T A SEERT 0.7% 0.3% 1.5% 7.4%
IR B 2 1.2% 1.1% 1.5% 1.7%
afraea 40 52 36 28
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SRAYFIEA > AEsBRt RS R MR =y B IR EE ~ St KOS R/ 4R -
AEBEFEEEERERT gt L > AR Python FEFESHIRAH
Scikit-learn[13] ~ Theano[ 14] 5z Keras[15] %2 (A28 528 FOFHICadig - 1555 =/ N 5]

FonAti it Ee DL 20 R o SERRE A OUEF IR ERE R 0.8 -
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FEIAIC

IEERERZ
HIE EEIEMES 36 i B E g
(true positives, TP)

SHERTEAZ
BIE LEsERT o I By B EsE R
(false negatives, FN)

sERRTESE
HIE EESERT - W H A M E IR
(false positives, FP)

IEHEESR
B BRI - M H g M E PR
(true negatives, TN)

TRFEIIR IERE Y SRR - H SSRGS > TR e I b (EMIRY 5 [BR (Recall,) ~
FAEE (Precision.) ) F1 53781(F1 — score JAETR > S .2 » $hasan] Z Sk 574 7R Al JHE -

TEARERT - AL F1 B A OAZE s smitya b 7% - Bt F1 3 8EEs (=
HRF 57 B8 7 [ RES AR T - R 73 A g YRR (A ccuracy )il B RE#E LR SO Y
FEZETE K Sy FARVANED > SUEAG R SCE SR > FAMTREL F1 o B FEERREE R G EmAy (s -

(=)~ (AR EERGER

REE T E IR =F AR B REE R (USSR oy SR A o S L {18 1A
73 R IERET(C) B SRR T(C) 73 FERAY Ko A MHIFR (D) R B 5(D) - SR AY - TG ISR
R EF 53 pRIEREF(C) ~ BHAFO) KB AF(D) - W HAEARETE RS - AR Rk £
7 A AR IR R 2 5

FeAbbis: TS TS MRERIR - I HEr T BE R T E R~
T F1 43880 B2 TR HE KB sn BIRE Sy S EIB I - DA N 3G AR ({4 ke B2 704
SVM - Decision tree » F1VU{EZE K 4GS 1572 - DNN » RNN » LSTM ~ BRNN > 3f; 5 jfE—
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0 SR FL 598 - DBIEBBRAAS L — 207 -

B ERUMAES ] > EERE sk EsEr T - RIFESF 48088 f Decision
tree 52 RNN > [fT 5 Ryt 5EHT BRNN FHidE g AU S M AE s ar (N A 2min= - &
% BRNN HYIEMEF AR EFIREGE - R Ry T[RRI T © DR ERE i 2
FRBE I EE R H B RS R AP AEAUE T AR T R RAVATIRSCGEER > IR E
AVAR] > N R B Pk ) 1 BT s A SO Y B S SO SS Iie5y > B NG s
FYRHR R i (K > BRIV BRI SERAA SRR - 2) IRMHTE
BHEIM S - SRR A S T EREERAGS A RES A AIREE - B NEREE
S > AR RS R S T E 2 S A RS VIR SR -

R0~ EEREARANAE Corpus0l~ Corpus04 (- K st st ek (HHI580AE

Decision
Type | SVM DNN RNN LSTM BRNN
tree

C 0.9 0.97 0.96 0.96 0.96 0.94

CORPUSO01
C -- 0.85 0.62 0.67 0.61 0.55
C 0.9 0.97 0.97 0.94 0.95 0.91

CORPUS02
C -- 0.88 0.84 0.69 0.73 0.59
C 0.7 0.94 0.98 0.98 0.98 0.98

CORPUSO03
C -- 0.92 0.97 0.97 0.97 0.97
C 1.0 0.95 0.96 0.86 0.91 0.86

CORPUS04
C -- -- 0.62 0.70 0.79 0.71

PR T PRE IR S gEar M 2 51 > Pl 5 e — 2B RS EmAE s o s AL AU THPR
g M H B TN PR AR - 2 s 1 F SR o A ch 3k MY T AR R B i = 1o
e eHER 7P 3 AEOREY 1.4% > Fr U E BAHBIR R 22 R AYSEERIURS - MAEASE
Tt EAVIHER S 0A0 - TR S8R f iR ED > Tl B R oA MR > AT DAL L33 M ER
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FoE R E AR ST T o R LANERFHYEERIRACE » Decision tree FRIHAH
o FAE AR AR T Ry 28 $HETIEL{THS SVM K BRNN 1A B4 0y AE IR R By ]
RERIARy © DERAREE N E BARMER B o B B E B Al - NI SVM ffi
EARUWETE © )RR E R - HEANE SRR SCBRE] > #UE R MTE UL HEHE
FERVISTHEE A IR - M AT RE BB AR - A BAFHIRERIA -

R~ FEEERERIE CorpusO1~ Corpus04 SRE&AE MR K 5% A MHPR SH=R (H AL

Decision
Type SVM DNN RNN LSTM BRNN
tree

D 0.93 0.95 0.98 0.99 0.99 0.98
CORPUSO1

D - 0.50 0.22 0.44 0.44 0.5

D 0.97 0.97 0.99 0.99 0.99 0.99
CORPUSO02

D - 0.66 0.66 0.66 0.66 0.66

D 0.96 0.98 0.95 0.96 0.94 0.98
CORPUSO03

D - 0.66 0.33 0.57 0.44 0.8

D 0.95 1.0 0.99 0.99 0.99 0.98
CORPUS04

D - 1.0 0.66 0.72 0.66 --

e oo AN E B TR 2 1% o PR e B SR B R AR SR s A R e - I HLE
ANETRUTERGER AR R ENZ ESE - MERFIRRSTEZEEHR T Corpusod
2N EERE SRR IE AR Ry 0.83% - AEHERE SR EFERLL - RNN Ay RS &
RyZett > M ESTAIRER S E T TRE IR GE Z I > A EBAE T A S B FRIRH
W Rl ERFERE - DHENERERS B SRS > FrL e bi EHR
FASERAVIFR - TR SR TP R M AE B = B P AR By 0.83% > AR FAM
e Ry D R EE R - RS E b - PSR — AR S > &8
Wikt i H AT ARy O rl DAL —EERR A h B R (140« R s o o R p At 2%
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RT3 TTARIL BRI P ) - DARSRFF3Y - PR b 4 £ R 0

REFTAIRA SRR - IEHNIRMES PR B IR IR E A A — 5L -

7N~ Ebi Corpus01~ Corpus04 S RURE (HMIAE
Decision
Type SVM iree DNN RNN LSTM BRNN

C 0.54 0.88 0.96 0.98 0.97 0.97
CORPUSO1 S - 0.23 0.38 0.75 0.5 0.64

I - - -- 0.33 -- --

C 1.0 0.87 0.97 0.97 0.96 0.96
CORPUSO02 S - 0.29 0.77 0.79 0.71 0.72

I - - - 0.33 - -

C 1.0 0.87 0.97 0.97 0.96 0.96
CORPUSO03 S - 0.29 0.77 0.79 0.71 0.72

| - - -- 0.33 -- --

C 0.82 0.85 0.91 0.96 0.94 0.94
CORPUSO04 S - - 0.62 0.84 0.76 0.79

I - - 0.18 0.33 -- --

()~ PEEsERE R ERRGER

FE > FRAMEL T SRR EAVE B BR S Ry ZREE#T/A(Phone Match) i fy PM LUK
B R 5 7A R E Ry IMP_PM > 40[E S8 =6 /772 » I & R L AR R =1 B
sEEAAE DL B (B E e TR T AR LA S A (& i (false alarm) -
By T EERRE » TR AR SRR R E R 25 E - SR MIEHIT &
S A R A AR S s R M R B A e 8 e > N DA R EE AT H S AR DA B
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seorae] o [ EHEPIERTE & B T HVRBHSE F B IR RE T I H IR 78% ~ Mgt
49 87% » ZRIM AT HE— P B IEXGE - W0 H 23R H S PERE R P 5 (B4 78% »
FEHEEREY 90% - HRURTT 3% FIsaa R - M H S sh 2 oA i St -

Kt EERUEREETTAB RS R RRE

Corpus Name evaluation PM IMP_PM
Precision 75.20% 82.00%

Corpus01
Recall 94.50% 94.50%
Precision 87.60% 90.00%

Corpus02
Recall 87.90% 87.90%
Precision 94.80% 97.00%

Corpus03
Recall 91.60% 91.60%
Precision 93.20% 93.20%

Corpus04
Recall 39.90% 39.90%

T~ SEmEERAC RS

A SRR — A R P S G P B i SRy St th 2y st 2t W H AR T
WP BRCETENIE > P e S T HREHE R SN B BHENE - fES—PER T FMEHET
TP IEERCHY A RE T st AR eE - A B B P R M R A A R 5 R EC e ey

AT T st A IR IR E AR BN © E5 0BT - FMI PSS — D ERAy A ECaE
RAE R A - LU IR SOk Bl SR el R B Bl 2 s R LS - (PR MAy P st 75
% BESTARUR RS TS ERR TR I H R R A RIS RS T E Y
IR o AR S RES ST R S R RO 3 (B — DAY R R T > Sl B A
) Je s R AR LRI > SRS (RS R RS A AR EHYARER IR - A SO FE
—ESCEARE > SRR T EBCIAGE A FHIEE -
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