FEEA BT EREEES fEFHoR
THE INSTITUTE OF ELECTRONICS, TECHNICAL REPORT OF IEICE.
INFORMATION AND COMMUNICATION ENGINEERS

*ﬂ%k%@%m“ﬁw %i%b%%@bk
CRF J: % n/u\n l:l/\ b l:lTiE

S AE e S I =7 = VNG e s cULLR 1 I /8 (e AL B 5 N =

TRFRY S AT AERADIZERE T 657-8501 Jedilb A i DX /S A HT 1-1
T EACEETIZERE T 619-0289 RUANHIZEANIEHENT YA 3-5
Tt (BR) A ¥ -V —F - A VAT 4 Fa—b - P8y T 351-0188 ¥ EIRADEH AR 8-1
THT AR A ARER I ATIZEE T 657-8501 Sedi bl =il X /N A T 1-1
E-mail: fnakatani@me.cs.scitec.kobe-u.ac.jp, tinaoto.iwahashi@nict.go.jp, TTinakano@jp.honda-ri.com,
TT11{takigu,ariki } @kobe-u.ac.jp

H5FXL AfHETIX, KAFEETY v 7%\, Confusion Network ECTOEFRIFKEER D ST IEFIEZRET S,
PER D FEGRGRICIE, HA MRS OIARIGE L Z OFARGEZ BRI L T LE ) L) MENH 5, 22T, KREGEZ
Wz ARglc L, FEIRHICZ O ARGEDOFRFER D Z BT % 72912, hybrid word/syllable recognition Z179. % LT,
ﬁﬁ“%fﬁ%?ﬁ%ﬁ@& E, MR FE 2T, CRFEICK2EAEZGERDETIEZ1T). ZOBDETIEZ VT, KAl
FEDRRGRER D 7221 T K, RAGEFRADRHED bETIET 5.

F—7—R confusion network, conditional random fields, &/ puakan D 71 1E, AHIFER%

Error Correction Using CRF for Mis-Recognition around OOV Words

on Speech Recognition Result

Ryohei NAKATANI', Naoto IWAHASHI', Mikio NAKANOT, Tetsuya TAKIGUCHI'T, and
Yasuo ARIKIHT

1 Graduate School of System Informatics, Kobe University 1-1 Rokkodai, nada, Kobe 657-8501, Japan
17 National Institute of Information and Communications Technology 3-5 Hikaridai, Sorakugunseikacho,
Kyoto 619-0289, Japan
17T Honda Research Institute Japan Co., Ltd. 8-1 Honcho, Wako, Saitama 351-0188, Japan
1771 Organization of Advanced Science and Technology, Kobe University 1-1 Rokkodai, nada, Kobe
657-8501, Japan
E-mail: fnakatani@me.cs.scitec.kobe-u.ac.jp, jTnaoto.iwahashi@nict.go.jp, 11{nakano@jp.honda-ri.com,
TT11{takigu,ariki }@kobe-u.ac.jp

Abstract This paper presents a fully automatic word-error correction on a confusion network by employing out-
-of-vocabulary word modeling. In usual speech recognition, there is a problem that speech recognition systems
incorrectly recognize OOV words and their neighboring words. In this paper, we add hybrid word/syllable recogni-
tion to the speech recognizer in order to make it recognize OOV words and to reduce the recognition error around
OOV words. Then, we propose a CRF-based word-error correction method using acoustic and linguistic features.
The proposed method can not only recognize OOV words but also correct the words neighboring OOV words.
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Fig.2 OOV word modeling by class N-gram

# 1 Hybrid word/syllable recognition D
Table 1 An example of hybrid word/syllable recognition

Input speech: “fA7z % (% Perl A7V 7 %57

The result of hybrid word/syllable recognition:
“fh 7% 1 Sylpa: Syltu A2V 7'k % fH”
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Fig.3 Example of Confusion Network
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Table 2 Speech analysis conditions and specifications of HMM

16 kHz
MFCC (12 dim.) +A MFCC (12 dim.)
+A power (total 25 dim.)

Sampling frequency

Acoustic feature

Window type Hamming window

Frame length 25 ms
Frame shift length 10 ms
Acoustic model Triphone (3,000 states)
The number of mixtures 16
State 5 states and 3 loops
# 3 N-gram =¥ kY —
Table 3 The number of N-gram entries
Unigram | Bigram | Trigram
25,300 | 731,728 | 2,611,952
4 T-IIK
Table 4 The number of data
Training Test
Number of lectures 106 4
Number of speeches 50,780 1,618
Number of words 513,281 17,594

# 5 BOMEEOYEIT B KM

Table 5 Features used for error tendency learning

Unigram wo
Bigram w_1/wo, wo /w1
Trigram w_g/w_1/wo, w_1/wo /w1,

wo /w1 /w2
Confidence of Confusion Network CN score

PRk v Y v Julius-4.1.4 [13] Z V2%,
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7V v 7 REBEL 16kHz, HEREE T 12 o0 MFCC &%t
BT —, 12 Ryt MFCC O—RM53 % M A 72 25 RoLTH 5.
SHEEFNIE, CSIOHEZRILXEDI L, 2,506 FEHHOHE
SR LEPLSE L N-gram Z W7, N-gram TV
V=R 3DEIHIZHE>TWV3,

¥/, FEHEFHICHO TS HER 4ITRT, EHITE
106 #Esy, FHIICIE 4 5RES OEH T — 5 2 2 N Z Iz,
a—RR1F CSJ ZHwTwa, EFHITE, Julius 23 L7
Confusion Network % FV>7z,

KIz, BOMEAZEET 2-00F 2L 5 IORT, LEH
i N-gram, Confusion Netwrok EDFEMEHREZFMEE L T2
HL7 BN ROMGER wo, Z2IH6 n HlEIOHEL w_,,
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D, TOMEMPRKECZERFRBORAGEZL DL TR 5,
Recall & Precision 13 RD & 5 IZE&ET 3.

_ The number of truly recognized OOV words
Recall = The number of true OOV words in the reference file (7)
Precision — The number of truly recognized OOV words (8)

The number of words recognized as OOV words

Recall {fiff & Precision Mif#lZ, fHOEBRZMMICLE->TL Eo
TWVBY3, NI A—F DMEIIMNT 5 & & HIZ Recall AL
Precision 2394 L T\ 3728, BXL7-@E) OZFdE & 72> T
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5%, SHiOFEMBLZHIET 287 X =5 2Z{LI ¥
OB R RmmR A L TCwa, FEHEfEEE L LCid, HEER
H# (Word Error Rate : WER) #f\»T\w 2, RAGHIZOW
TlE, FEIRINDERL > THTH, BT 26> TOIUXIEMR
E L7, “Base” 3T TV E L CHEE N-gram % H\» &
SNTHERE ) OEFFERAGERT, 2 BDORAFEEZEGA TV S,
“O0V modeling” &MU < 2 %DORAFEE HATHWT, 3FT
7z hybrid word/syllable recognition % F\> T 5 7238
BEEETH B, 7, “Oracle” I FETFT—YICHN S TXT
DHGEZR PRIFEIC L 72 B 60 HRRER TH 5. Miho 7
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IR 41T “Base” IZIE DWW T WL, NI A—=FD —49 LT D
& ¥, hybrid word/syllable recognition 2 & - CARAIFED
HE3N#L D, “Base” & “O0OV modeling” 1—3§ %,
7o, NI A=%D —0.01 12D FE ERFGEISEFNICF AT
X917, RAFEOMAGRY DMWY Z % 712 WER 1355 €
BoTwL, RNIRX—F DN 17T HIED L E L —21 95
—4.9 DD £ E, “O0V modeling” ® WER 2% “Base” % T
Hh, B> TWw3, 7, K67 X% IE7
LA DIEREGEEZ R L T3, “O0V modeling” D IFfFEHGE
Bi3iiE “Base” # ERl>TWT, B IERENL DI EDS
—17TDEELEHRS>TVE,

261, HIBHRVBLHRDIALA TILORVELEZS>T VS,
ZnFh, “SUB” (ZiEHERD, “DEL” IZHIBRRD, “INS” IX
FAED, “COR” BIERHEDOHETHD. K6 T, RRIX—%
DIEDS —1.7 D & SIEMHFERIR S S -7DT, ToOH%E
# 6 D “O0V modeling” & L ClEHE L 7. “Base corrected”
1E 4 TR Y FIIEFIEICHD W T “Base” Ot §I1E
BITOAERTH 5, HERIZ, “Proposed method” X “O0V
modeling” D) ZE[IEL B EDRREL>TWV D, REF
HOBEBEY EFARD OBIEHR OGNS hoTnT, fERE



#6 FYyA 7T LD

Table 6 Evaluation with each error type

SUB | DEL | INS | COR | WER
Base 4,213 | 813 | 2,086 | 10,045 | 40.42
OOV modeling 4,174 | 796 | 2,112 | 10,132 | 40.25
Base corrected 4,114 | 927 | 1,797 | 10,030 | 38.86
Proposed method | 4,069 | 905 | 1,776 | 10,128 | 38.37

LT, HEERDRLRL/NI{HoT05, “Base” LHHKT 2
&, 4042 %705 3837 BETET L, F—%1T2.05 £A ¥
e L7z, “Base corrected” & HEZL TH 0.49 K4 ¥ FD
& L o7z, “Base corrected” & “Proposed method” % Lt
B32E, EORDLWEL TV, B ICBWTRIC
RDBRE DYDY S, iUk, ARRFFEZPHGEE LT
ikt D LT ZIE L KRBT E 210 TR, “O0V
modeling” DRI Tit> TRAGEE LTk L TL o785
ZYMAFRICETIET 5 2L TERLAODTH S, LirL, 0%
BEIZ BT, Confusion Set IZIZRAGZETIZ AR H D 1 FHiN
W 579, 1% 1 B35 Confusion Network 123 L T3
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WER 23b - LEINLZDTIE BRI EEZEZ LS,
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EBEL - EHETBRITETFELZRE L 2. YRR,
hybrid word/syllable recognition % {7\> Confusion Network
ELTHINT LT, REFHERZFELL £, HEAYRE
40.42 %5 38.37 NETHE L 72, T, N—RATF7A V%
MOFTELZGE LI L T 049 B4 v FOUETH 5, H
BERIGIRETF RO Z R L 7,

SO RAGERRFIRI Y v 7V CHEESEHE D, 2
RiZHFE YD REL o/, SHEOYHELE LT, Rastrow
5 AHRE L Tl 3 KRN TE [14] 28, b o LANRI A
HIEERM T2 AT 2 2 0ifois, £/, CRF T
HI2BoHRMEE LT, XREEMEL 7z N-gram £ ) b LI
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%, 21T, CRF #%& L 7-F¥LTH % Conditional Neural
Fields [15] ZHlIH$ 2 2 &£ b F 2 70,
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