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*Two-step Correction of the Speech Recognition Result based on Syntax and Context Information, by
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SC(w) = sim(w, c(w))

Fig. 2 Calculation of semantic score
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Fig. 3 Latent Semantic Analysis
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Table 1 The number of data

N-gram | Context Test
Training | Training
Number of lectures 150 150 301
Number of words 259,901 311,374 | 113,289

Table 2 Features used for error tendency learning

N-gram | Context
model model

Unigram O O
Bigram O O
Trigram O O
Confidence of O N
Confusion Network

Long-distance context score - O

XEDI L, 2,596 FEOFEIR I LEHE»LLFH L
72 N-gram % FH\» 7z,

7., ARTIE Fig. 1 298" F X 912, LSA O%H
7' —4%, N-gram [E#H% Wl ) BHE T 0¥E
F—%, ZOEFNEHGTHED ETIFE, EEM SR
Aa7 %51, Context [FHEH ) EHET
Nz BT 00T =%, §HliT—8%D4>DF7—
Yy FBMEILRD, £T—F kY MZOWLTUT
WZRT.

LSA O*FIC1E, CSInEE I LXE, 2,672
DT —% 2, NEEL L4, B,
WAl D AP, GBI 48,371 TH o7z, NEGE
23 30 FERREE BT 2 2 LI XY o 2 X[ % SCE D HL

hrk L, SCEBUL 76,767 & o7z, FREED T
100 KICICHEME L 72, FBWRZ a7 %k 2B HiGEE

£ c(w) 1%, % 3 FRE9 2D Confusion Network 12
B B AAEMER IR D HGESNC, SN REGEE w 2
Mizzbo L L,

N-gram i ) #iH€ 7L, Context i h i€ 7L
DENFNDOFEE, FHbIZHAV 77— %% Table 1
IR, N-gram i ) BHHE 7V O EEF I 150 G
FOEHT —4, Context gt D BEHIE TV DEE T
ZNE R 5 150 S OEH T — 8, Hii i34E
T REERV I HEHTOEE T — Y 22z Z
WHW7,

RIZ, MOMHNE TN 2B 270 DFEEZ Ta-
ble 2 IZ/R Y, EBLS5DET IV, HiE unigram, bi-
gram, trigram Z3EE L C0 2 HHEL Tw 3
N-gram model & Context model D&\ >, N-gram
EFIRFIZEE T 55 & LT, Confusion Network
DIEHEED, REM KRR a70EL 62T 5
PTHD, 72, Table 1 DR X I, b 5—
Fey P2 TENETNDET LV ZEHRL TS
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Table 3 Evaluation with each error type

| N-gram model | Context model | SUB | DEL [ INS

| COR [ WER [%

Recognition result X X 28,446 | 5,453 | 14,751 | 63,871 42.94

N-gram model O X 21,322 | 7,227 8,971 | 69,221 33.12

Context model (Baseline) X O 21,267 | 7,072 9,070 | 69,431 33.02

2 step correction (N-gram) OO X 19,132 | 9,193 6,374 | 69,445 30.63

Proposed method @) @) 18,144 | 10,052 | 5,203 | 69,574 29.48
5.2 SEEER FER L 72, ¥£72, “N-gram model” &fERD “Context

Table 3 1&, HFEHRD K LD ¥4 7L DY
ZRLTVS, Zzh, “SUB” IFEHERD, “DEL”
FHIBRER D, “INS” (3 AGRD, “COR” (ZIEEHEED
HTH5. “Recognition Result” 1&, Test 7—% X
b & H kL 7B ORI TH 5. “N-gram model”
& “Context model (Baseline)” (Z3£1Z, Table 1 D4
BT —% 24T (300 afi) HOCGRYBIE T V2
FHRLTwS, MoB#EREITO@E) TH s, “N-
gram model” &, HiFE N-gram & FBikEFHE % H
T, “Recognition Result” Zi&h EIIEL 7245 TH
%, [FAkRIZ, “Context model (Baseline)” I3 N-gram
RS A <, REEEURA 2 7 2%/ ke L T¥H
L7ZET NV ZHGTEDETIEZ 1 BB TIT o 726 1
TH5, KL, TOETNMITOWTIE, KD “f
RGBSR D 3 I v &, RIEEESOIRTE #os
BIRICRHTE 2” EWIHRR LB T 52D,
PERFIRE, AET—F I 2 vX v U zitbd, Wik
FRICZDF FREMSERA 272G LD
LHEEL T3,

“Proposed method” 1%, $ERETFILETH 3 Fig. 11
Mo THEEZITo AR TH 5. Table 31213, N-
gram model & Context model D9 &, ENZEfEH L
TR0 5 &9, O (), X CREEH) 2%
ALTW5, F£7, “2step correction (N-gram)” I,
“Proposed method” & [RIU 2 BEBEETIE/Z 28, 2 DD
MO BHE TV Z WIS Table 2 D N-gram model
DEMEEHCTEEL TV, 2F), BAz5—
6, EMUEET2ODORIBHETVEZ 2L
7o, TUE, 1BBEETIE & 2 BUREETIE 2 i % 720
DHEDTH5, Tixbb, 1 REOIECETIET, R
BESOIRTEE 2 F W 568 OUGEE (“N-gram model” &
“Context model” ® WER D7) &, $#2% L 7% 2 B
Al IECTRIEEEURE &2 v 7256 D% (“2 step
correction” & “Proposed method” ® WER D7) %
i d 27 dIcHEL 7%,

Table 3 2VR$ & 912, RETIEOEMRID LA
B ORI /NS o Te T, MR E LT, HiGE
D EHIRD/NI Ko TWw5, “Baseline” & T
&, 33.02 %05 2948 ETIEFL, b—FLT
3.54 RA ¥ FE L7, 3D HIEE T, 10.72 %%

TR U
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model” % i 2 &, Wakan D ICHE I, Rl
XHRA a7 ARG 2 ERTETC LD o7
72912, WER230.1 K4 >~ b OYEE, 0.3 %D Hi
JMUDERTE T A o7, LaL, “2step cor-
rection” & “Proposed method” Z 4 % £, WER
D115 KA v L, 3.75 %D Bz R L
7o, ZORRDP S, FRHEkER D Z HIR L Tor & RERREC
MR a7%HET 22 &T, {ECRFELD BRIRN
WCRFEURERZAIHTE 5 2 L2VRE Tz,
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WKBITLZHEED DL L THVS DI, 1EBEHT
N-gram [§#zZ VT D FTIEZ1T ) & Tilikat b
ZHREZ RO HIR L, %Dk, REHSURRA 27 %
5 LT 2BEHDMD ETIEZ1T ) FERIREL .
ALY & % < GOl O RS B R ISR
WG U CGIHELIERTIE L, RREEFEE 2 H
B35 L, 10.72 %DM B ZEK L 72, £7, #t
KIFREEEECRERZEM L TH, 0.3 %D D HIH
LB TE o708, 2L 7 2 BRBEETIE T,
FREESOIRME SR 28 L 22854, 3.75 %D HiIjH
B LTz,
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