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Study on High-Accurate Speech Recognition Result Estimation
and Its Application
Abstract

Recently, multimedia contents typified by movies has been enriched. There are many
reasons for this. First of all, the development and editing of personal multimedia data
by the development of Graphics Processing Unit (GPU) can be mentioned as one. Next,
the capacity of storage such as Hard Disk Drive (HDD) and Solid State Drive (SSD) is
increased. The increment of multimedia contents distribution website such as YouTube
and Twitch, and so on.

In recent years, deep learning techniques have been developed, and various methods
have been proposed in the field of image processing and the field of speech processing.
The development of such a deep learning technique is that contents corresponding to the
development of hardware are enriched.

In the field of speech processing, systems based on speech recognition technology have
been proposed. For example, in order to efficiently handle a large amount of sound data,
a technique of searching for contents that a human is requesting from the contents of a
voice has been proposed. Other techniques have been proposed for spoken dialog systems
that understand the content that people are talking about and conduct conversations.
Speech recognition is a fundamental technology for transcribing speech content as a char-
acter string on speech data. It is easy to understand the content of utterance by speech
recognition technology and to search for specific contents.

When considering such a technique, a portion of recognition error which correctly rec-
ognizes speech has various adverse effects. Therefore, there are various method has been
proposed to tackle the problem of recognition error. For example, in the field of speech
retrieval, one is processing in subword units that are units of sounds smaller than words.
The other is the method of using the occurrence probability of the recognition result.

To improve speech recognition performance, many new methods are also proposed for
speech recognition. For example, recognition performance has been improved by intro-
ducing deep learning based speech recognition system.

However, since speech recognition generally recognizes as words, it is difficult for the
recognition system to recognize words that are not learned. In addition, recognition errors
are the fact of low performance in speech recognition technology.

Furthermore, in the previous research, it was shown that using multiple speech recog-
nition systems is robust against recognition errors in search technology. Therefore, it
is possible to discriminate correct phones with high performance that can perform the
correction of recognition errors by using multiple recognition systems.

The purpose of this research is to improve speech recognition performance. In this

study, we propose a high accuracy estimator that estimates the correct subword sequence
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from the speech recognition result. This research can be used for applied technology such
as speech retrieval and applied to various speech recognition technologies. We estimate the
correct subword sequence by using the subword sequence of multiple speech recognition
results as input information. It is possible to get an output that can be used as input
in the applied technology using speech recognition. Furthermore, in order to verify the
estimator is useful for an application using speech recognition, I experiment to measure
the performance of speech retrieval and word conversion.

In this research, we will estimate the recognition result with high precision by using
phoneme as a subword. A phoneme is a smaller unit of speech. In order to estimate
the new recognition result, I use the deep learning technique to estimate the correct
phoneme sequence. Especially, the results of multiple speech recognition are converted
into a phoneme sequence. Next, each phoneme sequence is aligned based on time informa-
tion. We estimate the correct phoneme sequence for each alignment interval using deep
learning technique.

By correcting the phoneme sequence using the correct phoneme estimator, I obtain
higher performance than the original speech recognition sequence and the method com-
bining multiple recognition results by majority decision. As a result, it was shown that
it is possible to generate a highly accurate recognition result by the correct phoneme
estimator.

However, speech is a time series of data. Therefore, there is a relationship by combin-
ing sound and sound on the time axis. There is also a constraint in the time direction.
For example, it is true that vowels appear after consonants in Japanese, no consonants
appear after consonants. However, the estimator may output a consonant after a con-
sonant without using time-series information. Therefore, with a simple correct phoneme
estimator, there is a possibility of making an error. In order to reflect constraints, it
is necessary to estimate high performance to give time-series information to the correct
phoneme estimator.

Therefore, we use a deep learning technique which can make use of the time-series
information. The correct phoneme estimator makes use of the time-series information has
shown higher performance than the correct phoneme estimator without using time-series
information. In this result, it was shown that time-series information is useful for correct
phoneme estimation.

The correct phoneme estimator can be applied to various applications using speech
recognition. This is because it is possible to generate a highly accurate recognition result
that reduces errors in recognition results. Therefore, we experiment whether the perfor-
mance of technology using speech recognition can be improved by using correct phoneme
estimator.

First of all, we experiment spoken term detection using the correct phoneme estimator.

Spoken term detection is a technique of finding a target word existing in a speech. A



spoken term detection method generally uses speech recognition results. Therefore, the
search accuracy is easily affected by recognition accuracy. Then, I experiment whether
highly accurate phoneme estimation performance has a positive influence on the applica-
tion using speech recognition. As a result, an improvement of speech retrieval achieved
with higher estimation performance. Therefore, it showed improving the performance of
the application using speech recognition by using the correct phoneme estimator.

However, in fact of the application using recognition result, speech recognition results
are generally represent as word sequences. For this reason, the result of correct phonemes
estimation is converted into word sequence. As a result, the accuracy of the word sequence
of the recognition result is improved, and it can be applied to any application. Therefore,
by replacing the recognition error word of recognition result with the word converted by
the correct phoneme estimator, a word sequence with less error is generated. An error
word of a recognition result is detected, and then the error word is replaced with the
converted word from the correct phoneme estimation result. As a result, it was shown
that the recognition result improves by using for word recognition result. From this result,
it is considered that it is possible to apply the correct phoneme estimator to a various
application using speech recognition.

For the future study, we will improve the performance of correct phoneme estimator.
The correct phoneme estimator estimates the new recognition result of the corrected
sequence with the fixed time sequence alignments. Therefore, it is considering that the
estimation performance is affected by the alignment performance. Therefore, a significant
improvement in the speech recognition result can be expected by introducing the deep
learning based correct phoneme estimator with multiple recognition alignment tasks.

The remainder of this paper is organized as follows.

In Chapter 1, I will introduce the previous research to improve speech recognition and
describe the outline of the study.

In Chapter 2, I describe the speech recognition system.

In Chapter 3, I describe deep learning.

In Chapter 4, I describe correct phoneme estimator using deep learning.

In Chapter 5, I describe correct phoneme estimator considering time sequence.

In Chapter 6 and Chapter 7, I describe the application using the correct phoneme
estimation result. In chapter 6, I describe whether a correct phoneme estimator can
be applied to speech retrieval. In chapter 7, I describe converting the word into the
estimation result and how to convert the word sequence of the recognition result into the

correct word sequence using correct phoneme estimator.
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DENVERERFOSHEETUNGFET S, SEETARETITBVTH FIHROMAINE
feZ EIF 5720 FiE (1, 12, 13] AMEREINTWS. Povey & [11] 1, FEEEHRZ 2
EFIVIIMNINT 2 Z I X D EEHICRME L - HF 8 TV 2 ER LIERER RE L 7. £ 72,
Hinton 5 [12] ¥, HEETNVIEEZEZHVWTHREZUESI . SEET VIV
THREZEZHWZFIE (14, 15, 16) PREINTWS. I 5IZ, Srivastava & [17] ¥
Sailor 5 [18] 1%, DEEEHELITIENDFEE T — X B AET S I E N TERVEHIC
X UTHARMMEREZ WET 2 AIEEZREL TV, DEFSFHEIIBVWTEE T — XD
BNDIL, EEDTFANEERT B7-2DITIEF DN, 1 F—RSEIXIEMR
TXAMERERT DN TETFE TR 2L HBTAILNTERVNSTHS.
ZDD, FET—REPDRVEFTEIDOLSI RS F—SEORBMEREEZIGESE



ZFEMREINTVWS., BIRZFHERLE LTI, 20L& REERSEDO S HBRY A
T LERERT 552, BEPEZEHRT 2545 CRERER EVBREINTVWS. (i
2%, Hadian & [13] 1%, FEET IV L SEE TNV OFERZMAE T 2BRICH ORpGRL % (#
922 e THEOWE LT 72, £z, IBETREFRRBI AT LE2EEFE 2 H W
End-to-End & IEEXN 2 M3 [19, 20, 21, 22, 23] 12 & 0 @G E AR RRRRIERE 2 EH L TV 5.
End-to-End I3 BFEHET NV E SHEET IV EZREFEZHVTH—-DETIVTRE L 72 {5
DI EeERLTWD., AIFETIE, HEROERZRMY AT LORPSIELWY T T — R
RINZERTDMETHD72D, ZOLIBREFANI» S GHEERRBER2ERSTLF
HBeE7 T —FNRRE. Z0RD, KFETIEINS OMFEREE AJIT5Z & TiE
e 56ZLTE, SOICEBERY TV - NRIZERTELFETHLLEIATVS.

B A Rk D AL CEREIAG . & U T A R DREI 72 FIE L LT ROVER (Rec-
ognizer Output Voting Error Reduction) % [24] 7% 5. ROVER ETIE, #HEOE R
W AT LR E, LHREFHLUTHET 2 Z e CiliMtgEzdE L. LarL, B
MR LB CTIIEFERIN S AT LA T L OFHITIEH L TWAwn. BRI S A RS R,
BB AT LI L ICHER DEAINERLR DI ENEN. ZOZ Lo EHBHY AT
LTI BB RS ERP SEEENVFET I ENEZO6ND. £ T, Lk TIERL
FEZEEEZAWT, TNFTNOEHEBBY AT LOERZHWZMERITO LTI SR
LMREOWETE L EZONS.

72, BEFEEHCCERSEEITOMA 25 BIAET . ZOMFTIE, EHDOFR
BMETHDLTANVENY RIS ERLZEENET 2METHS. LrL, BB
FIZBWTEBEHREAWZIED D, —BRIICEEEEELSVW RN THS. TD
R, AT, ERREY AT LAOMREZIEMNT 52 L TERVIRIEEZ L0 SEER
ARG R AT 5 2 LN TE .

HHmass R R U SHEMM S U T, SRR OREBERIY, NEEY AT L2 ERN
fAET 5.

Bl Z X, FE OMEBEFEM L TIXMREMERE 2 B S E 5 72Dk 2 I TIEEDRE I N T
Wb, HFREPOMRIER X BRI EERRS AT LB HWS 720, AJT 2 & 500
FERORBREE 2 LI 5 2 & THREBRWREZ W T AIERFAET 5. RICEROSEA
R AT L& FHWTHERMERE 2 E 3 5 FI1E [24)[26][27) A K IRESI N TWS. H#ilx
I, Fiscus 5 [24] 1, BHOSTHRBI AT LEMET S Z L THRRMEREIIES .
ZDWRTIE, BROBEFHAFRS AT LOFRRELBIRZITS 2 THA L, @SV adilks
JEZREBLTWS., Zhud, @Bk L =B FHRd AT LADOBDL \\NE L T OFFEHRIME
FHCTEDZENTELZLVWIEZNSLET WS, LA L, HTEZEMY AT LORMHIZK
D, BERPESHEBFROBEAFBEREVGFET LI LAEFEZONS. £I T, AW%ET
i, BRI AT LOMAGHLEHIEICREFEHEZEATLI L CTEEERY 77—
R ROERZTS . EBICE AP OMERERIEO T T, HRZPEHOL S kY7
T—=RKI7 T4 A%, 3v7a—Yarzxy b7 —2 (Confusion Network) % HW\7zF
E 28] BRI N T WS,

T/, REEV AT LB WTHEREZBET k2 RTFEHREINTWS. HIXIE, X

3



Y AT LB WTH AT U 72T 29, 30) AMRESI N TWD. LAL, ZoOX
DM TFIRIILBIOHFEANRZ R L THE, HEEDT — VI X SOBRVWHARZEIET S Z
TR MNEERIT->TVD., TDD, ZD & D 2SN AMFSE % i FH A Al 6E
Thb.

1.3 WHROHME

FATWRSE (3] TlE, BEOEHRB AT L0 1% T — RENTHWS Z & T,
HHHRAY AT LD R, SRR AT MIBRINT W WRAEEIZY LT,
TR S ERBEY AT LARIBELTWS, ZORTHETIE, SHARSATLELTHE
BOGEERH# AT L2HHLTWS, ZOEROEHERHMY AT LY 77 — NEALIZ
gD LT, HHiky AT LD FRERE X, HHREY AT ACERI AT
RN T EREEE D T A RAFEICN U TR TR o T WA,

Z 2T, AMIETIIERD S ERBEROY 77 — N TH 55525 5 @k E 2 IE
LWERS 2 HEET 2 IEMERECHREZRET 5.

AHRDOEHRIE, SHRHAD 2 B8O SRR E, AR AT L2 WL
B I E AT RE R SIE CHEM LR s RICEM T 5 2 e THD. T I TAIET
i, FTEROEFEM AT LORE FHRINEHT S, ZOEBDOERZRMY AT
LDOEFEFNE AU, BEFEEZAVCCIEMEES 2T T 52 & TEBEREEINZ
XTS5, EBIZ, EEOG RS ER % O CIEM S RAHEC 85 D YERE % M L 7.
HFREDOHBAERED, AN U EHEREY AT L DRERD 83.5%0 6 85.9% I ETHZ L
Mootz. £, GHERMS AT L %xAWIBHEETE U TE S OREERL % F#
TRMEBOMERN ST o 7. MEBEEERTIE, MFEE2HWZHER R S DMK L i
UTHEREWREZIT) T8N TER. £/, EMSEEEHOMEREEDL S BEEILE
T DA CHEESNIZ AW U7z, AN U EERBY AT LOHERBERLD ZD
HGEAHERIC K D B U 72 G AR CAM U 2R DIF S BEWHEE L 25 Z LBy
Molz. IO DERERD?S, RO R 2 EEYE % AW B B HEER
2 KD B R TR R R A A R A ME R T & 72

1.4 AW DI

AL 8 EN LK I N T VS,

AREIHE LS E 2T, A THOWAIEBOEFERMY AT LIZDOWTIRR S,

BIETIE, HEEFHIIODVWTHERS.

FABTIE, BHERSEZERINEZHET 5720 DEREEE M %2 W7 EffS B
MHZDOWTHRAR B,

BHETI, @RHEICTE7-OICRRIZEZR L 2 EERMEERITOVTIRRS,



BOMTIE, EMERHMCEANOIGHGIEE UT, [EMERMEERRE» S D FHOM
BRI DWW TR 5.

BTETI, RLRDIGHGIEE UT, EfEERHEEHIRD © O RGELHEANIZ DWW Tid
R5.

FRETIE, AWMIED T LD ESBDOMEREIZODOVWTHRRS,



ARETIE, SHEREMETZERINEZMET 572D WIEEOGERRS AT HIZD
WTHRR 5B,

HHEBBYAT L, TEABT VY VICEA-OE DR, BRTEIEEETIL
CHEBETIVO2EEOETNEELEETLIIZE->T, BROGHRB AT L%EHE
L7-.

SHEETNVIEEBOENMI LD 5, SEETIOVIE2EE, 4052007V E
HAEGHLETI0MBEOEHEHBI AT LE U, I0EOEHBHB AT LDSL, 6
DIFEARARIS AT LTH D, T, PRETFRLTIFRLOBE VW THIRERD 1245
TLESZEHERAOND7ZD, FRZDBHMI AT LIZTHZ L TREDE N ZFELE
THRMIBHZ t#f%%tbf%é

JeATIRSE 3] TlE, HAHOMERFEME (Spoken Term Detection : STD) (25 W T 10
@%@Eﬁﬁﬁ/XTAL¢D$ D E Ry AT L W56 L AT, HE i
RO R RHGEICN U CHEBRMREEZITAD ZEIWRINT WS, ZOHAENS, FHRHE
VATLAME ST UESEGAEIZHELWERY Z2HET 2 Z BN FTCE 5.

2.1 BFEBREYAT LA

RS AT b [31) 1%, —MINIEE FIRIED & ORI E i T 2 S E N, &
BETIVXOFEET I, %a FEEZIRURD S Z ORHEE % BEEYIZ AT 5 &% 7 kil
FTA—RDSES.

EETIE, SHERSY AT LOMKRESEE2 —DDE T IMZERN L 72 End-to-End & 7 72
WY AT L 19 BRREI N, SRR RINT VWS, KIFETI, EREEY AT LD
ARG RO X FHNZHN U TCTHEAT 5720, YOLI TRy AT LI U THEAT
HZLMMTES. THERMY AT LR CEMEE RS RICS U CAMELZEHT 5
L CHERBEREMERMENEBTEZELEZONS. UL, EHRaklEEIEKWER
éﬁﬁvx%A&:iﬂ‘bf%ﬂiﬁﬂ%%Lﬁﬁﬁ“é’é:’Cnm‘&I% EOWENIFT HZ LN TE 5.
Z 2T, AR TIEE A REMERED & < RWERI Y AT L U CiliktEsE o dE N T
5 IHER T B57-0D1Z, —ﬁﬁHUODmﬁi@/XTL\%ﬁﬁb\f‘lﬁ ED LM % 47 - 7=.

AT, TARET Y2 UT Julius rev. 4.1.3 23S (B TOD rev. 1
4.5). Julius &%, IPA THARET 4 77— a v EARY I N7 O] Tudcs
N [32] SRt S N REE R S AL Y Y TH D,



B IE S

X 2.1 SFHEREEY AT L OREE

2.2 FEEFTIL

HEE TV (Acoustic Model : AM) &%, HREREDOY T T —F (KfFETIEEED
UL IZ5H) OREBEBANZ— v 2L TEE, FEHIICEDY T — RIZREEVWH» %
FETEOIHHINZETILVTHS. TORFBUSE— 1%, —RIZRTEBO S H%
FZRULEZRBL (INZE N TA1 74 VRS THREEL TE L AEFIONS. ZD7:
O, BERBIIBWTHERINPEF 2R T 2 R/NEALE R0 2 5.

HEE 7))V, HMM (Hidden Markov Model) [33] TETMEINEDNERTH 5.
HMM %, FRIEBEDOHERET LV TH Y, EROEHEGFFROMEER T LT,
EHRRRIESZ2ETMELEZEDTH 5.

HMM 1%, BHESUAMIREZEA LT Y, BHHES IRIRENH 1 U 7 iR 04
LD THBH. HMM OREBIIERMEE 2 ->TED, REZRIFTZ R TE RV
left-to-light #4> HMM 2SHW SN 5. 7z, HMM OZIREDNH 13 D R0 13—k
IR E T Y AR ERZINS.

ZD&S7, BRENT AN RN L UTRDHMM 2 W= EHi€ T %, GMM-
HMM (Gaussian Mixture Model-Hidden Markov Model) € 7 )V [34] & FE&.

AIFE T 2BEOEEET N EZMH L. £91200F, 852 HAREOEING 1HFIC
IR ETETIMELZEEETIV[35] THD. TLTHD 12h, #ifiid b3 5HEEE
TMEUTZ NI 74V ETIVERMEHAL .

2.3 EBZBEFI

SREE TV (Language Model : LM) & 1%, &5 1 HFEDHZ A ITHEEINIC & D BLGENEED
LA E WA EFAET A 7-OILHHINEET LV TH S, MIWSEET L E LTX
N-gram ETVBEH/ATH Y, AARTHHATLIEFRRBCATLEINEZHVTWS.

AR T, AFETHWS 5FHEDOSTEE T IVOE NI X 5Bl RO A FRIZDOWTH
HT 5.



WERNR—ZXEFEET/ : Word-Base Characters (WBC)
LREZE R — A D trigram € 7). JBREHE(L, HET LT, PAK, HIRA THR
ENTVS. FEIZHWPERBUL ¥ 27,000 TH 5. BERIE B2 EH
Ry AT LEFE MR TH Y, —HSHENLEBPVEZ2ERETLIENTES.
ATV OIECS SO M| D]

FREHERN—ZXEFEET IV : Word-Base Hiragana (WBH)
HLEE N — 2 O trigram €T V. HEEIE T AN TRRAL THERLE 41, J00D HEE I TP
HET, FIRAPEENTVBEEIE, TRTERERINIEHRING. $RT
DHFEZ FARAIZEB L TH L7, AERFFEO LS LEEVNPREE S I W
{, BB EBPRVBLERTDHI LN TES.
Bl: ZAPN /D) UoFA /D) BHLTE

XFR—RXEFZEET/ : Character Base (CB)
XFR—=AD trigram €TV, XFPETRTERAICL > THEKRINTVWS, FiK
HOBVDZZRLTVWDERD, FGLEEDRNID Z2EET LI LNTES.
Bl:Z/ A/ D/ / D/ /> F/A/D)H /)L )T/ E

NFERIWN—ZXEFZEET IV : Bi-Mora (BM)
XFRHNIAR—ZD trigram € TV, LFRINE 2 XFOFRAIT & > THEKE T
W5, CBRKIZFEEUSEDOENR D 2ZELTVWEDY, CB LD b SFENLREND R
ERBITDHIENTES.
Bl: ZA /PN OU )2 ) AD ) HL ) TE

SLLEREMEREESEETET I - Non
ETDE—TDOHBHEREZEL UAZSHEET V. 2 TOE—T7DOHBMEIEL
WZ & T, BRI EG G HIRRE 21T D 2 e EE L 5. SEEREIRY N —Y] 7
<, XD BHENLRRINEERTEIELNTES.

2.4 BB ERE

R EERE L, SEETNVELEEETIVOZTNTNIR L TEEE2 L 572012
WHo b,

e REEREER FEEmO Ty MY DR BRI TSRS, fle LT, NLHR] &
WO BEERTITIE, BE DI D2ORLTHIE/ 74+ VYDEHIE, /yamanashi/
CHRTRILTID, BELTEEZELOERILTH D HHIDEEIL/ya ma na shi/D &
IITKGFLT 5.



FEE Fh @

X 23 av7a—Yavzxy T —270OH]

2.5 i—@wﬁ‘éﬁ"i%@ﬂjﬁﬁ/_t

PR AT LB WTEHERSEITS> e TEEE2 T A MERIZE T2 Z 2 h
'C%é Ay AT LM HERPE VR R E LT 50, &b MRS E VIR
FEEANIE L W IR & 72,

Z I T, BB AT LMIEBOGHAFRER LTI ENTES. ZOHEBD
FE L% N-best il S & FER. N ZRilfEmiofz £ L TV a. HlXIE, 3-best DG
fERTHhHNIE, HRPEW EALSEOFREROXENI I NS, [SHIENTH 3. |
EWIDHFREDD - GE, idEfise UT “SHIENZ, “SHIENZ”, “PEHITN”
DIXEBEPHIEINEZ LIS,

Zhzx LT, @ﬁ®wﬁ#%®{ﬁ%$a&77(i%4z)tﬁihé%ﬁf%?
ZEMTES., T714 A, BEHREPZTNTNEDLS SVWDEATHE R INSINRLIZY
TIWARDREL > T WA, BIFED 3-best TD T T 1 ADH %X 2212/, F7z,
BHBEOEHROEAZ Y T —IATR LR EZ2IV 7a—Varvry NT—72
(Confusion Network) &FER (X 2.3). TNH5DRBUZIL D, RHEROEAZEL, ¥
D& REENEMEE UCHAT DPMERTHILNTES., 2556 HIFE D 3-best T
D% X 2.31Z7R7.

2.6 @iﬂl@wﬁk‘f‘i%@ﬂjj}ﬁ/_t

BTECHAA U 72 N-best a0 1L, EEORMFER 2R TARBEZ 2 I12& D, fE
HTBZENARETHS.



2 2.1 adanH B EH R 0D RS AN

WA AR | ARETV | BKETL
PR HEERE WBC 26,693 26,693
P B EEEREE WBH 19,953 19,953

o HEEEREE CB 262 262
o L EE R BM 12,120 12,407
o H HEEEEE CSB 15,010 15,361
FRn A HEE R Non 146 146

ZD7=, HIAIXROVER L [24] &, ORGSR U TR I W75 T%
Bikz175 22T, ZEERMINZ I ZEEHTEL L LTHEREZRELSTHFETDH
L., ZDEII, ZHOBBIATLEZHNDZ LIZLD 1-best DFRFRMERED W X 1
LZEMTEBIENRINT VWS,

2.7 BETIDEBEZHE

HAGERE U S % a2 — 73X (Corpus of Spontaneous Japanese : CSJ)[36][37] &, FaxiiH
O87 AT, MG 1,715 DO AEE 3,302 M TR I T Wb, ZThbishz, Ta7 )
R B 177 5 (PR 70, HHEGEE 107) H 39 KD o 7EEEIFAET 5.

AU H N HEETIVIX, CSI DI T BEHMUANDOHEHEEF 2 H W TFEE 217> T
W5,

72, EFEETNO Non D TRTDETIVIE, CST DT LA RS S %
ZBERIUAZTFAIMDRSEELTWS,

B, WHEBRIZEBIT 5 STD OMEEFHli%z 4 — 7> T — X TS 72012, 201045
AIZABEIN/Z CSIDOHAGESTD AT A N3 LY ay [38) DEFEisficEo &%
B, Rz ITo72. 1270, SHEBB AT LOFFIIN LT, 2FHOBMBRE L2 A —
TNZT BIDIZEEEID AR BT A2, 22T, SETTIVO BM IXERHH T
FEMENGHRET IV EEBET VTR L > TWS., BMUANDOEFEET LTI, fERL =
SREETINVOME E, FEE TN EMEE TIVORREAHEENEDOEEBUILAE— & 72
5. BEBETIVICBITBEEEMIE 21D LS ITRoT WS,

72, CSIDATHEEFEIINT2EMI L DRHELREZK22ITRT. ZDXS1Z, 10
OB AT LDRNTEEBET AN “WBC”, FEET LD “Tri” DMEEHIRE R
BMEREDSE W 0D, RIFFEIZE T “WBC/Tri” DWRENRRN—A T A v k5.

2.8 F&H

AT, HARRS AT LY, HREREY AT LAOMRERTH L2 EEHET VXS
TN, BEEREIZOVWTHRAL.

10



% 2.2: OSJ 37 P O EHAME %)
LM / AM | Corr.
WBC/Tri | 86.46
WBH/Tri | 86.27

CB/Tri | 81.83
BM/Tri | 83.60
CSB/Tri | 85.66
Non/Tri | 71.00
WBC/Syl | 79.11
WBH/Syl | 79.32
CB/Syl | 73.84
BM/Syl | 77.89
CSB/Syl | 78.58
Non/Syl | 63.68

FHIETE, EEFEIIOVWTHERS.

11



I

38 FEZF

R
JdUT

AETIE, HEEFHIIOVWTHRRS,

H2ETIE, AHETHEATIEBDOEFRRM AT LT DOVWTHBRRT.

AETIE, ETREZEEPED LS LEfiLO»R~S. KIZ, B E L RESE
MEDIIIZEHLTVWEDPIRARSL, ZLULT, HEED LD BRI T —XIIHLTED X
S IEE DI RBELR DI DONWTHRAR D,

3.1 FEFEEIE

Y E (Deep Learning) &1, Bz L7z=a2—J)b 2y 7 —72 [39, 40, 41]
FERTEZBIZLEZHDTHD. —a—F)0 32y N7 =7 ORNEIXAT — X DR
BRzeRO>ZerMonTnsd., Zhz% L 7z Deep Neural Network (DNN) [42, 43]
i, ZORBRADIENLDIEANYD, ZOE, AT - U TREENR (XDl
HEEDE) BRI ZFOZ L HREL 5.

Z @ DNN D& 2 fI1ZLARTA SAF4E L 72 [44, 45, 46, 47). LA L, DNN 2584 5725
i, BERBT—XBPBETH Y, YREOFHRBEOMELRE ] TIE, BHERNZLE DT
Motz. LU, 48 GPUDOHEREDH LRIz LD, LRI FICBEWTERI N
TW5.

3.2 FEIREHEExRY Y-

FEIEERAL % v N7 —2 (deep feedforward networks) (ZHAIA) 7R @ FE €5 I T
H5. EEFEE Ay N - OHWIEH 288 [ 28T 2 Li2H B, HIAIXFEHT
E, y=f(x) @A 22 AT TV y~NGHT LS. BEHRERY FT =235 &y = f(z;0)
EEHEL, D LVEBOEL LR LI BRNTA—RIDIEEZTFEHT 5.

ZDETIVIEATI 2106 [ &2 ED BRI 2 B TRl it 7 y ~ L IEICEEED
Pl & 2 72 DNEERE & XN 5.

EERERL A Y b7 —210%, < DR LRz MAGOE TREAI NS, HEREE A Y b
T =27 DETNE, Hle LT3 DO D, O, fODBENR Sz f(2) = fO(FD (D (1))
R ING. ZD XD REROBEBDED > EER =2 —F )3y T =212\ T
—RMETH L. Zoflicbnwe, fDE21EH, fOR2E@HERS. ZNS5DE
DZ e EPEEEIER., £z, REOBEKTHS O BHAOEEREENS. HINBEKRTH

12



5 flx)i2=a—5)3y N7 =20 f(z) ZEDT5 LS ICHIHEE 5 DMERBFEET
H5H. FEHNIZ TNy~ flo) D&, ANTF—=X oW U THAOEIMIZ LT
REVERETHIHENRDHSD. DF 0, HAOEIXy ITHEWEEZ B URITNIER S0,
ZZT, FHI WIS D EI M %2 T 2 EREL R\, 2D, FH
TITY XL FIZEWT y lIEM U285 72D IEUNDEZ LD & 5 Ic&
S ELEDERESELIHEND S.

3.3 XY bNITI—ODEFTIE

HEIEEEIN A Yy N7 =22 FAWTR A 2 GE, RAT 2L Z e TE 55
y=f(r;0) ZRDETIVEERT DMENDHL. ZOLE, QIINTA—KTHY, B
BB TH By = f(2) ITEDTLEIICNTA—RELEEIEL,

ETN f(2;0) ZRLETNTRITEGE, NT7A—X0E2WebThbdedsL, TR
DADESIZEKT I ENTES.

y=W'x+b (3.1)

COWDPEANRNTA—=RTHY, bPNNA T ABEEIFIENBENRNTA—RTH5.
TIZT, AV NT—ON2BELETIETNEEZL LU TFORIZRS.

y = fA(fV(x)) (3.2)

ZOETFMZIE, X (3.1) &b h=fY(x;w;b)y=fAhW;c) BWFEIELTWS. Z
T, NMTAHEEVWS AL T fU(x) =wix BLU f@h)=hTW 295, Z
I3FTHILT, f(x)=wIWixtZs., ZOBEKEW =WwedT5L flx)=xTw &
KBTHILENTES., DEVMEETNVELBIZERNTL - DOMPETILTRT I L
MTETLES.

TDd, 2y b7 =27 DETVIZIFIERILERZ AT L BE D 5. BUEDIEL A
ED=a—INxy NT—=2FFHUIZNRIA-XTHIHENDT 7« VEBEZGHL,
ZUTHhe WD TIEMALBIE & XN B [ E S 72 BB 2 @ § 2 2 & CRiE % %
BHLTWa., ZZTCHMEEEE LEZET VE, RATRTLUTDOLD TS,

y = g(WTx + b) (3.3)

TEMEACBEIEL g 13 X A 202 & 0 Bk R IERE B TV o s

3.3.1 EMIEEE

RN IZEARMIZATE LTARY Mo 22IFHD, 774 V&M =Wle +b %217
5. ZUT, BRI LIZEWALEETH 2 ML g(2) 2EHT 5.

13



Rectified Linear Unit

Rectified Linear Unit (ReLU) XA RORTRIN D A TERE [48, 49, 50] TN 5.
g(z) = max(0, 2) (3.4)

ReLU IZARRAE & FEHIZ K KTV B 720 ik L3\, SREEBIE L ReLU D&
I ReLU IZERIBDO YA TOTHNT 28 TH 5.

ReLUDIRAEE LT 2 < 0 2R 55EIZ 0 I THEE o THRET B1EHALBEBEZET
%. Leakly ReLU[51] Tl, a % 0.01 LWHO/NSWMETEHE LA TFORTEREINS.

o(z) = { @ (2>=0) (3.5)

az (z<0)

£/, NTAMY v T ReLU T, a Z2ZFEAIGERNT A X & UTHD EMALEEET
bH5.

SOEARENANRNKY v o9k
ReLU MREINBZETEL DX Y VT =2 EFINIZEVZEA REBRTERHI O TW
7z. VA REBORIFULTFTO LS IZERZEINTVWS

1 tanh(z/2) + 1

9(2) = 7 e 5 (3.6)

e, NANRY w7 RV BB EEABERTHEH I N TV .
g(z) = tanh(z) (3.7)

VITEA REBUINANER) v 220V hORTERTZIENTE, 202 O07FEMAL
BIEUIIER R WBERD H 5.

3.4 RYKMNI—VDFEE

v b= DETNEFET D012, BEREKE XY M7 — 27 OHIERE % #ER
TORENDD.

3.4.1 BRE

W B 27O KRFRERL UTHELBEBOERNEAET 5. HEEREEIX
BN IZFER T — R e 2y VT — 7 ETILDOMEZRET Y b —2ELEKE LTH

14



VBT B W TR I Tl U 7= 554, $8 2 BB AT 12 B D ROR 12 7
0, EFLOHING L EET - RONHEOMOLAETY h O —Th 5. I OEKEK
FUFORTRS Z e TES.

:](6) = _]E%ywﬁdatalog(pmodel(y‘x)) (38)

BREAE D BRI IE I 10g(Pimoder) PTERIZIEU TR Y T —JETINT LIRS,

Z DR AHEE S R E ST 2 FEOHSIEA Y NV = ETNTEIZIA M
BERETIRBEN R RDBILTHD. 0L, ET )V p(ylr) 2D 2 Z L THEIN
WAANEBPRET DI LENTEEINHTHS.

3.6 REVIEGEE

ANz, By THBIEERE LY VU =T DIGE, ANMINEZERITAY VU —7%
IEAFIAER I N T WL, ZhiE, ANz BPRIOEHRE UTEBIZHIBNEIZHENT
WE, RRMIZTHEERTH D oI NE. ZOHRNZIEER TR, ZHLTW5S
L, BEETH D J0) KMo D £ CIEEE K 5. AV R [52] 1XA 6 %
FHET B DITELED S DIFERE XY VT = OWE S IEZR ST L FIETH 5.

3.5.1 —REREREMIREE

AHT—EE LTz DEE ST 7 ETEDHRM ) —RD1212H7-5 2 IZB LU TCEHE
THRLAEFERD. BN 2 ZET A0 ZFHET S, ZITRELE (ReLU) OHBE
BE=1,4%. I5IT, 770Dz DEB/ — FIZBET 2 HRIBBAEDHRIC - %
R U 7OV I 2856 Z 8 TRRET 22 eATES. 2FD, : DHflL%E x
ZBIUCEET 2121, BIEOARIZHN LT 2 IZBE T2 ETYavTaoBiIE T35 2
CTCTHRIBTAZENTES. £z, HAMICERLU T L BIZRIEDN 2 DT 25512
X, BERBOAEZBEMIZELEOER L TEHATEI LN TE S,

3.6 BRIEEELE-Z2—FILRY NT—2

B2 R AR =2 — I V2 y MU= REE T, 2RO T — 2L TEH
DMK EIZ B T DR E NS Z e TE R,

% Z T, Recurrent Neural Network (RNN) I, BRiR4FIEHRZREOT — X 2 0UHT 5
ZENTES XY NI ThD. AHITIE, RYNZHEMIZRFEERZEM L 72 RNN I
DWTEIHT 5. 2L T, Bl RNN &0 RIEHOIFIRZIRFFTE 5 X 512U 7 Long
Short-Term Memory (LSTM) [53] &, Gated Recurrent Unit (GRU) [54] {Z D\ TaiH
5. IoIT, BRAAEHEZHWAEZERAAZ A —T)IV Ay NT—ZIZDOWTHIHT 5.
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he-1

he
f |

:(G\ 70, ; :/
© GanD
)
Ei] (¢ |
: concat 4 :
Xt Xt4+1

X 3.1: LSTM DX

3.6.1 BE#l7Z Recurrent Neural Network

Bz RNN 1%, HEED AL UTCHIOREBE®REZENT 52 & TEETES., — K%
7 BEA 7 RNN 2B I AENVEORIILTD LS ITEREINS.

he = g(b+Wha, +W.rh, ) (3.9)

HIORRI T — R Z2RBNEDO AL TEI 2k, BEOBEREEREZH NS ZENTE
57-DRRINERERLD TN TEBL LIRS,

UL, ZOMETIE—DRIORRINEREZ AL TWBEZITTHS720, BHHED
RRIVIERZRS e BTERW., I T, BEVEFEREZMERFT 5772012, LSTM ¥
GRU 2 EDREINT WS,

3.6.2 Long Short-Term Memory

LSTM Dfigid, AJj&HINTMAT, i H 1 &2 IRDORERINAEZRET 5 RN EE
&, BEEDOWRRY DR E % ARDORFRINAZRET 2 I VREENFET 5. 2 ORNE
B e CVREEIC & 0 RO RIIERICER U -FEFEZTO 2L TE 5.

LSTM D&M %X 3.1 12/R3. 22T, WUATRINDXITIHFEEBMNED=a2—
TNy T =0 THD, WTRINBHFIEBTHS. £7z, LSTM DEE 2 K9 A&
UPTFDE5127%5.

fo = gWy-[hie1, 2] + by) (

i = g(Wi-[hio1, ] +b;) (

C, = tanh(We - [hi—1, 2] + be) (3.12

C = [i0C1+i0C (

o, = g(Wo[hi—1, 2] + bo) (

hy = o; ® tanh(C}) (
ZIZT, v DB tBHDORINIIZATIRT MV, o ZFH IR MV, C, IZRERFIIER
ZARRE U, h 3RS E BB LU ITH S, Tz, g I 3iEMAABEETH Y,
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Wi W Wer W, EEEMRAEHITHITH D, by by b o EFERER AL 7 RIH

3.6.3 Gated Recurrent Unit

GRU TlX, YV EZRWZ3D200MEZELTHD, SiOHE T2 EREIEL5DA
TR ZEZERB LTS, ZOHEIZED, ZEPEBII N, HEEOWE X NS AJREM:
WEIET 5.

GRU DFg&EIZL FTOARTERINS.

re = gWexy +Uhy 1+ b,) (3.16)
z = gW,xy+Uhi_q+b,) (3.17)
he = tanh(W, +U(ry © hi—1) + by) (3.18)
hh = (1—2)Oh1+20h (3.19)

ZIT, ) DDt FZBEHORINKIAIRZ bV, B I3tBEHOHE IR NV THD. F
7=, Wy, W,, W,, U,, U, \3FEEELREBITHTHY, b, b, by lTFEAEELNA
TAETH 5.

3.6.4 NAEBRIDERE

LSTM %, GRU &\ o 7Z@EEERIE, #BEOFHRLIPHoN TV RV, L, K
RINT =R EWSGEIIRKDOERZHRS T ANTHL e E2 605, HlzIXE
FIZBWT, A7 74NV EFHG UBRETIEIRRIZGELTWAHNEDR S, SDOFAHD
NEZRMEIZI/RD Z VR TEL-OENTHEILREZI LN,

FEREIZWH DRI 2T S 7-0121%, 2 ODRRFNZH/S Z e BN T MG %2 HHT
52 THEETES. ATKTEUTOISITERIND.

h! = ReccurentUnit(z,h! |) (3.20)
h? = ReccurentUnit(z, R}, ;) (3.21)
he = [hf,hj] (3.22)

K2 B 5 ReccurentUnit(z, h) 1%, EEETHAL 72§47 RNN, LSTM, GRU 7 & O
RN 2B RTHILENTEDHEDZ L THD. ZDLDIT, TNETNDORRYZ S
EERZICHET 2 Z LI X O RGAORRIZED ZEDRTE 5.

3.6.5 BAAZ1—FIRrYy NT—7

BIAA=Z2—F )2 v 87 —72 (Convolutional Neural Network : CNN) &, —f#&%#JIZ
R DI CHERENRE N2y b —2H#ETHD. LL, ZTOCNN ZFF2
N W o ZZRERFVERIZEA [55] 96 2 & THRWIERENRE S NS Z L AVRI 7z,
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CNN X, BEIAAFHB AR o722y N7 —IREEDZ L %2KT. CNNDNRITA—RL L
T, ANMFrYoxVE, HAOF v 2V, A—xVTF A X, ANITAR, T4 70
ZiFonsd, £/, ONND2OHAINE 1 F ¥ R VH-D 2R~y TERST. AN
Fy RNV, ANEINDET—R2ORFNOBERT. HELHEIZEIFS CNN 24187
58, —MRIIZRGB TH B 3O ZERD I2DORMDATTF ¥ > FIVEIL 3 F ¥ > %
Vs, WhF v 2V, R~y T72@0F vy 32V T 502K THIETH
5. CNNIZBIFBF v V8L, foxy N7 —I7REEIZE T 5 REEZRMO KR E X
(IRTTH) LWL TWE EFR L. BIAAFHREIZIE, ANT—R2EHITEDLESLT—x
WENEEN D EATHIDFEALAT D, ZOHN—FNVDKRE XL D FFIZHET 3D
IRENZEDHL->TL S, CNNIZBWTH—R IV Z2EBHETSZ Ik oSk AT —
ZIZHIREIET WS, £z, BT ATT =X EHRUTHA—FIVDRKEIDA/NI WV
7280, =N 2EZDL S5V (ANTAR) THHAIETW 2RO EBELNDH
5. XTI, ANT—=RIZHT20HDUHEDZ 2 KT. BAAHEEZITS &l
JNF—MHNZ A L R U TR~ Yy NS WA XL 72> TLEDS. 22 TRT 1V
TETDZEILY, A~y TRBUICY A X2 KRES UHAT 2R8I~y 7OV 41
AeBOORNVKEIILTEIENTES.

3.7 SRALMEBECNE D7 & DFRAl

REFEE, ANT=2ZH T2 7 V2T TLIEMTHL. ZDRDIZ, HATIK
BOFPET -2 2HETA2HENRHD. LrL, EBIZHHT 2541, FHT—XLH
UBIETHHAI NG LIZRS v, FIZIETEROYG, F8T — X EH» 2RERETIEL
7By, FEERMHT G TREN VWA THAT WS TR ET LS. 2D LD
BGEIT, 2y N ETINVIEHPRBRETUMEREZRIET 2 2B TET, BEAL
WERBETIZE U < RWEgEE 2o T L X 5.

ZD7®, REFEIZBWTHMERIIRFE 2RO —2THD. £ I T, MMMz
9 5 FE L U T Dropout[56] AM2F 72, Dropout Z & A ZHEEDRIFILATD X S
ICERSIND.

r ~ Bernoulli(p) (3.23)
T = rxzx (3.24)
y = g(W's+b) (3.25)

Bernoulli(p) &NV X —A BHDZ %KL, plE 1 ITR2MHERTHS. riZANT—X
r2AIUKEZID0, 1 THRINEZRZ NVTHD. 22T, HETF X IR MLOE
FITLDOMERT. Z5FT5Z2LI12&D, ANT—X oD HNZ 0 IZE I NG Z )3
Srd. 2O 512, Dropout iEHHET 5 ) — F&NIRT 2FHETHS. Dropout IZ AT
EIWDNZDAPES Z & TRy b T —2EF NV OPAMAELZ WHBI B LN TE 3.,
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3.8 F&&H

ARETI, BEEZHIZOWTHANT.

BARPNZIE, BEFEH L 138D XS o rzZidk 7z, Iz, EBIEEER R Y b
D—MREDEIIICEHRLTWANERR, 72, HBEFHIZBWTRRY T — XS
72DIZED KD BEENTFET 202Nz,
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4% Deep Neural Network = F L
I IEfRE RIEE S

R
JdUT

AFETI, EEOEERMS AT L %2R U EETE % 72 SRR 5 i 2 e
IZDOWVWT R B,

H3ETIE, HEEFEHIIOVWTHRAL,

ARETI, EEFEHZHWZEMEZRHEIZOVWTIERRS, KIZ, BEFEZ2IT757-9D

W E ISR A D K D ITH S 9 Obfﬁ&é.ééﬁ,imhﬁﬁgiﬁi%ﬁﬁ
7O ED &S EEE WA HHT 5. T UT, FHMlisERE U CIEfifds £ ez H
WTHEE SN EZFORBEE2FAE U ERIZ OWTIHRR S, BBICERERX LT, F
RS AR R N ISR ORENEEL 22 L 2ikR 5.

4.1 IEEMREZFRWETE

B FHEE L, BROTHERERERN S ELWERINZ2HET 5. ZOEMR
&L, SRELREARMSEREERT 2. SEELRE AR REEKT S
D, HHmamz ML AR ERSI R AT EZER Z LN TE 5.

HEFE 2N - ERZMECHROMEN 22X 411257, £9, FEERM AT LDR
HAERDOEZIN 2 GFBRMICEOWTT IA AV 2L S, TIA4 AV MZIE, DPYY
FUTEAVTVWS, ZOLE, HFHRHVATLAZEIZRELLEBMINZLFIIDOEX
DRELSELRDZGHIT, KRLIIRBRIGHOERL —HUTUE S WJREMENFEET 5.
Z 2T, BB RORHIEHRP O KESHENLNEIITT II AV M 2T, BHAEH
&, DP < F VI O A MIIFBEMAFEERE#REZH N TWS., HEITLDaR b
AE U I A MELTIE, FHEREY AT LOREU 2Rl H S — T WR RIS E L T
W5, ZOT7I7A4AY MERIZHUTELWEZZ2HNT S LS RIEMEEHER%E,
BEEEAWTEETS. 774 AY NeiTo2iilfE BIC U C I EME RiE 2175 Z
ET, GHEAMVATLANESTUES>TVBIGAETH, ERIZEHESINTVWSIELWEE
%, DNNZHWTHETEH I LN TEELEZT-.

R EHTHRE, 10EO SRS AT LAORBERILOFEE TS, 7914 A Y
b UZZEREAE SR IZH LT, 774 Ay b OREREZ 2D £ ¥ HWTIEMEZEHERIZA
HT5. ZLUT, ET7 74 AV MIHIGTAELWEZE2HE TS L5125, Wb E
FZOBIIHAGED SHE 35 MBHEZMHEH L CHEEITS . EBOHARGED & 3E511% 40 FEXERE
EHdEN, ZOFERINIIIKFEIZUNFHELRVERINEH S, D7D, FiE R

B RME
ZEiz&k
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"®)X\—=JLy /nepaaru/ OEFZHEGER (FERIAN)

ASR ID Outputs of 10 ASRs
(all outputs are converted into phoneme sequence)

ASR #1 n e @ k o a @ r e
ASR #2 n e @ p @ a a r u
ASR #3 n e @ o] @ a a r u
ASR #4 n e q p @ a a r e
ASR #5 n o @ b @ a @ @ N
ASR #6 n o @ t @ a @ m e
ASR #7 n e N p @ a @ @ i
ASR #8 n e u p @ a a r e
ASR #9 n e @ p @ a a r e
ASR #10 n e N p @ a @ @ @

n e @ p @ a a r u

HESNERINI
X 410 IR SR AT d O BEZE X

BIZEHEF 0ENWEZVDNFEMLET S, 20, Sma— A BT 3 35 5%
AT HI L.

4.2 BMQEMREREES

BRI % N T2 IR RHEE AR DY, FERRICIEL WE R Z2HET 22 LD TE 500
HEL 7=,

A SIS R AR L, — RN IX RS 2 A9 5 DNN G CHREDFHE S
5. S, —fL DNN#EE LT, HllEIceEaEoA%Z A L7 DNN 2 H\W5.
CORMAMEEZM 4.2 1ITRT.

BARINZIE, £9, ANMEMERORBY AT LOEENNTH D120, X2 AL
RIFNIRR o\, £IT, FERINEXFINEMRST 2 %2175, TOAHEKIIX, §
FEALEE T\ 515 Word Embedding[57, 58] Ol & AW T ERZ DX FH &2 X7 bV
\ZZH#1d 5. Word Embedding Tld, &XF45 (BRI, H5E) MWET 5 EERKRIZ N2
MIVIZE#T 28D Z & THD. ZOFMEMANS I LIZkD, HEHERIVEDERL
FUTEDHERARTVWERIDOEREZ RN MV TRET B ENTES. AR T
&, BRI LU T Word Embedding DFEAMZEHL TWb 720, DN MLVE#H%Z
%3 Embedding &R, 7z, AR TIFEROEFRMI AT LE2HWE 2D, HF
Ry AT LD EF UMD E FE Embedding 2 WA Z & TIRTDEHEF| 2T ML
RINZZEHT 5.
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HEE =R P,

HOE
fsoftmax
SfEEE CNEE NN
t
t
EfReE 18R NN
==y
EREVBED | pEmbed,| ... |PEmbed
ANEZ*R [Pi¢e/ [Pac/
ASR#1, - ASRH#A,

[ 4.2: BAfl7e EMR S R HEER D fE

= Embedding ZEEHHT 52 LT, BRI AT LR UBDORT MVEHEE
EEBTEIENTES., ZORZ MUEHREZ DNNIZHIZESIZRTNIZR SRV, F2
T, &7 MVEHEORSUE 2175, ZOMSWNELZIX, Bl GETiTFbhTw
5. BlzIE, BRI FVEREPSWTDRY MIVREETH O, B AT L8010
HTH-HGEIT, 50D NT MIVEHEE L 5.

PR AT I a il nd 5 %% Embedding 2 PEmbed, & U728 &, S AT LD
FERDP S RT PVFEEICEHT 2RI TDO L 51274 5.

hgt = PEmbeda(Pat; Hea) (4.1)
hg = [h(l)tv S hglt] (4'2)

ZZT, PuldiBi#ic AT L aD7 74 A MMt DEHRERT. Tz, A, 1X3RH>
AFha, TIA4AY MMt DFEEORY MK ETH 5.

H % Embedding 22 515 6 N7z~ 27 MLRSZ, 2GR CUHEZiT-o T\ . &G
X, EEEEOH T RNREDO DO ThHsE. ZOKEEIX, ANINZRT bV
HUTRTORITEHAVTH L WA MURBEZEKT 5. ZOERI N7 PILR
i, ANEI NIRRT MVEEE & IR 22 OREE2Ri>TWb., TDd, &
BREOUHZIEDIBL TV 2 e THEPHEICAEHBRNEEICEHRT 5 Z L AHET
»H5.

fEGEEZBEL THMEONRY MVREBERZERT 52 L FIZRT.
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hl = ReLU(FC(h':0y)) (4.3)

72, WIXIBHOEKEE, 77914 AY Xt OFEORY MVRFHBETH 5.
ZLUTC, RBOEEE» S/ ONIRY MVBE R SHMEE 2T DI IET
WP ZEFTS . HAEORELFIZRT.

O, = Softmax(FC(hF;0,)) (4.4)
b = argmax(Oy) (4.5)

ZIT, O 3794 A Y MRt OMEEZOHBEETHY, PIFTIA AV MK
Mtz VWTH#HEINHEE EMOAgEENEVWEZ2 KT,

DAED XS R TMEHEMETEEANT, ELWEENE2HETEIENTEILHE
3 5.

4.3 FL{Mm=Es%

4.3.1 IERBEXREEIFID/NA/IN—INTA—4

EfR s ZHEROFHEOEEEREOBIZT7T & U, &EOTEMBEEIZIX ReLU = H
W7z, %3 Embedding 134 5 Rt THEF 50 KIT, HEEDO&EIX 512 KT THEBRZT-
2. BEDINT A =2 O FIEIZIE -0.1 55 0.1 D—ED A DI T 21T -
72, BB LTFIEICIE, MERAIERE FiE (Stochastic Gradient Descent : SGD) % W\ 7=,
% 7z, Dropout % 20% C&REIZITo TV 5.

4.3.2 RN—R74 Y

EfE ZHERP B VEE TR E2MET LI VN TE VALK ET 5720, N—
A74 vFik& UTROVER . (“ROVER”) ZHWTHEZIT.

ROVER ik, BBOERERM# AT L2MEIELTILTHS. ROVER EDOHIZX
431239, ZOHITIE, HEERMNTEHBOERRMY AT L2iaI s Tdbs. &
FH G e lE, 7T DD E Hasak s AT LD R [SHIEENTT ), 2 DD F MR
RS T5HEENERTT ), 1 OORBAERED HEHRFEPE] LWV RO T T+
AR THSE. ZDLE, TNEFNRADNSZAZE>TWL DT, [SHIFENTYT ] A
ROVER HECIIZA#FER L U GEREI NS, 2O L5 ITEBORHY AT LOFERIZE W
T, BT AT DBHE NG R 2 RS 5 AP ROVERIETH 5.

AR TR, HERRACOEREAZHIET 2D, 774X b &IT o EBOEHER
AERIZT LT, 2B EITD L TIELVWERZ BRI 5.
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4.3: ROVER £ D44

4.3.3 T—FtEv k

IEffE ZHEE MO FE T — R, CSJ D3 75 % IR < 23 0O & A ik i o 7y
LTWa. Eiaeamy AT A%, 2ETHH LU 10 BEO EHERHY AT L2 HWT
H ez 7o T\ 3.

AT — 212, 200 FEFRI—NZAEHE L. £9 120 CST (“CSJT set”) D
T E A BIRMOER) THY, TNIFFEEHT - RITIEFEENTROVE I —NANE
LWa—R2n7 10— X RRFEIiSEHET -2 45, H5—20, FF FFaX v MU
7—27Yay 7 (“SDPWS set”) DEEA (28.6 ) THDH. Thik, I3—,32%
A =T VIR RBHE R TH D, FREHEHE L, SRS 50ICFE L TWaH DT
TR W28, —MRINICE AR R & 72 0 FRERIIMRD & 75, £z, I— AN A—
TUTHBI L TRMOIGREREEIZBEWTS, ELKHEETEI LN TELINHETSZ
ENTES.

4.3.4 IFERERHEEDOTMRE

BRMEE DML, BRIEMREZHAVS. BRIEMRIL, EMEERZ ENZITHET
5T EMTEENERLTWS. DX 0, HAEEROHECHAH X 15 IEf#3R (correct rate)
CIRIFAEOIMEIEEL 75, TD, TORETIIFEEEA TOIEMETZEDOM M RE
DFHili & 725, HRIEMERIE, HKT5-best £ TOHI % HWTHIIT 5. DNN OIEfEH
RHEEAR TD 5-best DIFEITIX, DNN DHINH 5155 0% % 3 posteriorgram|[59] D HiHR
MR LA S AL TOHIZ, EEREIMFLET 20 E D 0%l d 5. &34 posteriorgram
Lk, EfEFEHEEROH T OFEEMERRY] (posteriogram) TH 5. B RHEERIT
ZFDT 74 AV MXEDOERDMEREZHI1T 5. TN EFE posteriogram TH 5.

4.3.5 FHERER
FP, ITEBBMEECORMMEOMBELRAERLILIIRT. 3L L TEROSEHER

D G R DOEIRPHARN AT O NG E D ERIEMHRIT73% TH 5.
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* 41 ATEEEE O RECE (%)

N-best ‘ 1-best | 2-best ‘ 3-best ‘ 4-best ‘ 5-best
HEES AR | 914 | 924 | 929 | 932 | 933
ROVER 90.3 96.0 96.8 97.0 97.0
DNN 91.5 96.1 97.0 97.6 98.0

# 4.2: SDPWS &/ D& R (%]

N-best ‘ 1-best ‘ 2-best ‘ 3-best ‘ 4-best ‘ 5-best
BAGES A ARE | 835 | 84.6 | 85.0 | 85.3 | 85.5
ROVER 82.1 | 909 | 92.1 | 924 | 924
DNN 84.8 | 91.1 | 94.0 | 955 | 96.1

HAGE S ARG R ROVER B2 BT 5 &, 1-best I3 HE S A aBilk D /5 3 WIEBE A
F o, fid N-best Tl ROVER EDEHWAER & 725 72. ROVER £ T 1-best DM:EED?
7> TLESHAELUT, 794 AV MIE>THERBOIETZ2HEVWTLESTZ2HE
ZoNb., EEROEHEBBERETAHBEIIT IA AV N2 T 5 TCREZRELTW
5. TDED, TIAAYIRITNTUED LT O EATHREMERLTLES Z 0%
ZoNb., DFED, TIAAY N {TORWHESHRHEIDET 714 A2 NOMHREET
12 & > TROVER ¥AY 1-best THEENR THI -7z E X 5N 5.

BR=ATA v LU T, EffE ZHEE R DREE 1345 N-best IZEWTEWHREE 72>
2. ZOZENs, BEFHEAWTEMEREECHEZAVWE I L TELWERRY %4
e HZEeNTED.

E7-, BB T U CIEfR & FEHEE SR 2 W85 RO MERED SE U 72 0 E %
%oz, TNITIE, ERRFEY AT LAOWREME L ARO HEZHAWT, 2HAMDE
DOME % FHAWTHMIEZ1T o572, HGEE HRIMD 1-best & IEfR 35 RHETER D 1-best % MUE
L7-e 24, BREUKMES % CTRMMRICEREN D 2RV /o N,

RIZ, SDPWS i A CORMMERE OB LR 2K 4.2 1TRT.

SDPWSHEHICBWTH, EETEZ AW IEMS B ER RS /MO 7o
o 2OZEDNS, T—NRADRA =T UVRBRIIBWTH EMERHETHRZHND Z 21
L0, EHERERERINEERTEI LR DD 577,

4.4 FE&H

AFETIX, DNN Z Wz EfR R HEERIT OV TR,

BARINZIE, B REESBmN YD LS50 O L. RIZ, EEROEER#Y A
TLADFERIIFUTT 74 AV b 2iT\», EEREEHROFEHIZIHNS Z 2IZDWTH
U7z, 2 U CHMAEED EMSRMETH/NED X S BEER O L 2. &E&IZ,
SRR Z AT\, A bkt e D & 25 & IEff S BHEERIT X D EROWE 2T 2 At
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TEA5ZE%2mpRUT-.
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BHE RRIBHREZERE L ERT=RIE
TE fa

AFETIE, WRIZHBRLUZIEMEERERIZIOVWTERRS,

EIETIE, FEFEE2 AW EMT R TR OWTIRAR,

AFETI, AUHETCHIH U 72 B RHEERZ2 S S5 ICEEEIZT 572012, RS 2ERE
Uz IEfREFZHEARIIDOVWTIRR S,

E SRS, EfREFEFIHEEIZB T 2RRFIERICOVTHRRS., Iz, FRIIERE
ERTEDEMEEHRTEHROBEIZIOVWTHRRS., FUT, KRIZEE L - IEREEH
EamDWEEABEDERIZOWTHRRS, X517, EEFERE UCKRY2EET5ZT
IEfif FHEE DM WET B Z LIZDOVWTHER S,

5.1 EFREBERETEICEITIERYIEHR

i, KR 2R 7T —X2ThD, FLEVRHEGRTHAGLE 5 Z & TERED
HVT<5.it,%@ﬁﬁh%wfﬁﬁ%ﬁfTé.WZi,Hﬁm_ﬁhf?a®&
CREEDBNG Z L IFHMNTH D, FEDORICTFENBNS Z 23w, UL, KHE
WEAWRITNEZD LS BN EEZEEBT LI LN TERN. DD, HlliEffs R
HEMBRTIE, ZOLDBREEVWAHBT A2HREMLH S, 2D eh s, B RNEER
XU TR R Z A 595 2 S ISR E I I ETH B.

5.2 BRIZZEL/-EESRIEESS

R0 % Z B U I IERT BHEE D, EBRICIEL WSR2 HETEI N TE 500
AL 7=,

THET 5 EMGRMEERIL, MR 2ZER L -EECHEROFAET 5. 45, KRS%2
ZRLUI-MHEE LT, LSTMA2GRU A L7-dlEEz2 - 7-#ETch 5. #HlZXiX, GRU
EZHWGEORRZER L -HEZ K 5.1 12RT.

BRINZIE, BRI ZE N7 MVRINTZERT 5 ke UTIE, 4.28110RU 7253 Em-
bedding & FIWTEH L 7. Z LT, %3 Embedding D&EHE %, LSTM ¥ GRU Tl #
19. 22T, 12O LSTM X GRU IZB G ORRIIERL D T &M TEHW. L
MU, RS FHEE RS RO LTI U TIT 5 720, KXKROKRMBHmREKS Z &
T&5%. £ZT, 220 LSTM *® GRU % W Tl EDIHHR & RO IEHR D i /5 M DI &
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77 [A] H A

WEEHRRTY Po P1 Po P1
HHE |
1 softmax 1 softmax | 1 softmax 1 softmax
SHESE NER NN NN : NN NN
) t I 4 *
. : 1 . .
. 1 M .
4 4 I 1 1
2HEEE 18R NN NN ! NN NN
Ar V' 3 | A A
1
1
% AMEGRU GRU GRU I
1
1
#1181 % GRU GRU GRU : GRU | GrRU P
P N R N | : 1
r —— ‘ | r~—--——- ‘ ~ - - ‘
EMBED/E |.| EMBED , | 1 EMBED , 1EMBED
Ahsx Al o il P ! Ps P
ASR#1, - ASR#10,  ASR#N, ASR#N, ASR#N,

5.1: WER A% 58 U 7= 1Efif & e e o i

FEFHTS., ZTUT, TOMRE2ZEOEMEERIZEL T, HABIZERIE TV
EEloTW5,

5.3 Attention#iE%E A L /- EMERHETES

Attention B§HE (60, 61] & 1%, EEFET 2R (BRI, RRAT—X) T LTED
BHRIZH U TIHEHT 20 28R 2 fETH 5.

AL TIERER Y DZEFUT Attention BEZ EAT 5. RERFIERZ 5 & KR DOIHHR
ZRHT S L TERBRRERIIANZ—VIZHIGT B ENTE 5. L, [HlRESEM
TEHZLIETFEPNEICRDPTKAROMRENPBTLEWET D2 LIXRS RV, 22T,
W5 RRKDERIND EH & DRERIIDE R 72 D0 % 32T 5 Attention BEREZ W 5.

ABFZETHW S Attention B4 % E A U 72 IEfif 2 BHEE SR OMIEZ X 5.2 1I2R 7.

HAWEILGRU 2B LM AMORRINZZR L - SR EEHR L FAKTH 5.

Z 2T, “AU” IX Attention HHO RGO Z 2K L TW5., “AU” Z2fWS Z LT
HRHIEHRE UCHHZO»Z2 YW 52 D HREE 22 5. “AU” OXEBUFITRT.

AU(z) = tanh(FC(x;0)) (5.1)
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?&E%i%ﬁ” pn—l pn pn+1

HhE .
‘ softmax Tsoftmax Tsoftmax

ey ey = NN NN NN
AU |

% AMEEGRU GRU [+ GRU GRU
AU

HiIME) & GRU GRU X GRU

T ) T
=) i)

EMBED/Z [PEmbed, |.; ‘P’Embeq{(, PEmbed, |--|PEmbed, PEmbed},(- PEm,bedlo
.- 1/ 1 1 1/ 1/
AhExE Pre-1/ o [Pa-al [P/ oo [Pat/  [Pitsal ... [Parsa/
ASR#1, ASR#10,  ASR#1, ASR#10, ASR#1,  ASR#10,

5.2: Attention B % B A U 7= IEfif 35 B € 2a D&

“AU” O LT D% Embedding AR 2 T 5 H0E 2 2 L TEREEOEAZHHE
T35, ZOESNZEEEZMGORRINCZNENHITIELE S Z LT, R&KIZER
INHERINEHRSZ T 2 EH/THI N TE S,

5.4 FHEER

5.4.1 EMRBZRMEER[D/NA/IN—/IRNTA—%4

RRIZ2Z R L - B BHERE, KRYZ2FRT 572012 LSTM & GRU ZFH T
5. 22T, BAREEARDOBEWNEZMRIET 5720 FNETNOMETERZITS. £0D
MDA IN—=I8F X — RIF BB BHEEdR L AR T, EffgRfEekodiEoe
FEEEOBIET & U, &EOEMABEEICIE ReLU Z W 2. &% Embedding 134 51X
JLCAR 50 Rot, HHEEOEE X FI2IRTCTEREIT 72, KED/NT A — X DAL
FEIZIE —01206 0.1 O RO M OEB O 2175 72, BBE(LFIRITIE, HERKL
lidk% 7% (Stochastic Gradient Descent : SGD) %\ 7z. 7z, Dropout % 20% C#J&E
272 TW5.
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54.2 N—X 74V

R=AZ4 & UT, FiELERIZ, EEOEFRHY AT LAOLP TR MRS EW
HEEE AR AT LD HERSY|, ROVERZEZHWTEHIi 21T 5. 7z, KR 2 HET
52 e THEEL EADPHET 272010, BMRIEMERMEC SR BIEROEZ1T 5.

54.3 T—4%tvhk

IEAEREEHROFE T — XL, MIETERZT =Xty §EFART CS) D3 7 #iH
EIRL #FEOSTHERBEE»SFHEHLTWVWS, SEBHY AT LI, 25 THIAL
I0FEEO S HERBM AT L2 HVWTERERMZIT>TWVWA.

LA T — 20z, B & ARk CS) (“CSJset”) EFAERNFa AV MUY -2 ay
7 (“SDPWS set”) D2 0D R I— N AZHEL .

5.4.4 IERERHETOFMRE

HEMEEOTMIIZIE, SREMREHAWS. FRIEMRI, EMEEY%2 NI
TEHEIEMTELZDPZRLTWAS., DF 0, HAikORM AT NS EfE#E (correct
rate) ZIZIEFAEOFMIEEL 5. TD/, ZORETIIFKEEA TOIEMSTEDOR
HIPEREDFEAM & 72 5. FRIEMRIX, BKT 5-best FTOHIZHAWTEHMEST 5. DNN
D IEfR S FZHEE ZRTD 5-best DIFAIZIE, DNN O H A9 515 55 % & posteriorgram
DOHBIERN AL 5 AL ETOHIZ, EMEREVPGHET E2NE I 2HET 5.

5.4.5 FERER

9, ITHEEE CORMMEROFAEHEEEZRLIIRT. 2FL L THERDOEER
D HRYOERZ BAENIZ CERGEDERIEMEILIT3% LL>TWa.

B R & B U T, RERA %2 B8 U 72 B JHEERR O DS WERE & 72 5 72,
F72, LSTM & GRU O#fER % KT 5 L HERIC K ERBVWRGFEEL RV &R0 P 5.
51T, WAMENAMTIE, NGHEZHWEZHOWRENEL RoTWE I ERNNh5.
Do, EMERMEERICFRERIIBREHANDZEVEMNTHE I VD1 5.

72, Attention B§kEZ B A U 72 [Efif % FHEE AR L, “B-GRU” & KU THREDE WA
HEVBENZEDR NS, T, KRIZZET S “LSTM” *» “GRU” OFEiE D RS
DERENTTITONTWBHRENELFHET A I ENEZoNS. TD7-H, Attention
BERE 7 COANIZIEIR T 281X H £ O BED R VW EFEZ 5N5.

7z, SDPWS il % i CORBMMMERED TR R A2 R 52 ITRT.

SDPWS GEHE A IZHEWTH, 1-best DFERREDRRDOME LTI CSJ 2 7EfH L
[FkkT, RERFIEHRITH NS Z & THEENWE U, WA ORI Z W 7-fE O VERED
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# 5.1 AT EEEE O G RMECKE (%)

N-best ‘ 1-best | 2-best ‘ 3-best ‘ 4-best ‘ 5-best
HEES AR | 914 | 924 | 929 | 932 | 933
ROVER 90.3 96.0 96.8 97.0 97.0
DNN 91.5 96.1 97.0 97.6 98.0
U-LSTM 91.5 96.2 97.2 97.7 98.1
U-GRU 91.9 96.2 97.1 97.7 98.0
B-LSTM 92.1 96.5 97.6 98.1 98.4
B-GRU 92.2 96.4 97.5 98.0 98.4
Attention 92.1 96.4 97.5 98.0 98.4

# 5.2: SDPWS %/ D

HRECHEL (%)

N-best ‘ 1-best ‘ 2-best ‘ 3-best ‘ 4-best ‘ 5-best
BAGEG A RE | 835 | 846 | 85.0 | 85.3 | 85.5
ROVER 82.1 | 909 | 92.1 | 924 | 924
DNN 84.8 | 91.1 | 94.0 | 955 | 96.1
U-LSTM 85.1 | 92.0 | 943 | 955 | 96.2
U-BGRU 85.7 | 91.2 | 935 | 954 | 96.1
B-LSTM 85.9 | 91.5 | 94.0 | 95.6 | 96.5
B-BGRU 85.9 | 91.8 | 94.3 | 95.7 | 96.4
Attention 85.9 | 91.8 | 944 | 956 | 96.3

W DD NE., DI NS, A—NARLE =T VRBREIZEWTHRRIERE S

BeH5ZeIiZiy, EMERHEHROMREZEESIEL I L0 5.

5.5 BRINAEZELFEEZZEOEE

AETHH U E DI, KRR ZBE L 7MEIENMIeE X605, £IT,

THEERE U TG A TG 2 IR U 2 AR 2 Z e D 5.

56 F&H

KETIE, WERFIHE R U 72 AR S 91T D W TR~ 7z
Eﬁiﬂ’ﬂﬂili, Eﬁﬁ%i%ﬁ%ﬁc:jﬂ‘L/VCH%%ﬁIJ%%E%‘j—5%%‘%’5&:01/\(3&&7":. ‘{9_\,6:,

IEMEE R ARIZ B W TR Z BT B 70 DRIEIC DWW TRz, Z LT,
M ORRIIZEES 2 Z LIZ& D IEME

Al S2ER

ERMEEDOREZNETE LI L 2N,
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B6E ERESREBERNVODOBFTFFDOM
3Rea iR H

ARETIE, HEAFORBIERIZONVWTIERS.
HATETIE, RRIZERE L - IEfE B HERITDOVWTIRAT,
ARETIE, EMEEEMTRHROREL2 A WS E U, SEPOMEEREIZOW
TR 5,
iT E AR OMEREERINICDOWTIRR S, Iz, EERfEERzHTED LS I
FEHOMBFERRBREZIT O PR E, X512, HERFIEE U TR EMREG2HW =
Oﬁaﬁ@ﬁ%tﬁﬁl///kﬁbfﬁﬁé Z U TR EER T, mf%&ibﬁﬁﬁ
BHEMEBRDOMBL YV VDIED BE WP F SN Z & 2 lRA

6.1 EBEHPORFBERE &I

FARENXaAY MRRO—2BTdh 5 STD DHMIE, MEREE (1HLA EOBGENR 545
a%) DEiENTWAEMZEFR FFa XY b oRETLIIETHS (K6.1). —fi%
Mz, STD IFE AR AT LORMEREZFHL, MRFEOMKEZITS. LrL, &
PRI Y AT LTI R I BRI N T WA WVEE CRAEE) 2 ELKR#BTr e hTE
BN, FDd, EULEHEBBRTETVRVEHIZH LTS, FRICKREEZRIELZ
LT S .
AWM CTIRELU ZIEMERECHRZHVWAZ 22k, R0 B0y, EfE
BRMNEZ B EEIBWEESETRUEZ. £IT, EfEEfCasz AW EE50
STD Iz U CHHZDPHEZIT- 7=,

6.2 IFfEEREESRZAV:-RREIVY

BT TARAY MR UCIEMEZHEHNHII U7 SR FERMERRS (phoneme pos-
teriorgram) (ZXUCDP Yy F U7 To/ TV OMH%EITS. ZOHNEX6.21ZRT.
FT, RBEAROGHEZEBOSTERMY AT L THEERBEIT VX FINE % 1T
5. CDOEBORHAERITH U T, EMERMEERZH VT ERARMERRINI LT
BRFRMEERINE, &7 IA AV IRKEIIB T 2K ERZOMEREZRLTWVWS. £
ZT, 7TV DEHREINTEEREBERRINIIT LU THE ST ZOMEREZHVTHEZITH Z
T, YR EZDOXMBIHET 2P HEET LI N TE 5. BAERNIZIE, SRFLME

32



xr=E==qE
B 75 e ATl mmL By ..

At m Bl I TIHBEHWAWAA .

C|l|BIfRETCKRELRILE ..

___________________________________________________________ S —
LER RIFGE R
R= A, C
#H B

X 6.1: STD & A 27 O EAKH

KRNI U TUTOR (6.1) TERINZDP vy F U7 2HWT o T D EH % K
5.
D(i,j — 1) x 0.0
D(i,7) = maz <D(i — 1, 7) x prob(Query(j),i) (6.1)
D(i— 1,7 —1) x prob(Query(j),1)
Z ZTprob(Query(j),i) \&, i HHD / — NIZH TS Query(j) DERDHEEMERZ /R L
TWa. P& OBBIZ ML “0.0" & L7z, T205, BEiRD Z—UFFL T,
ZOX(6.1) oRDIMERE, JTVDZTOHKGHIE I MR E T 5.

6.3 FXUMEHEXREZAWVWEZIDIESERESRERETI VY
4

FREERESRZH WA Z L IZ XD GHERREBED A ETH 2 NHIEBMGEE S 572012, 5

(s & HERY (Conditional Random Field : CRF) Z HWzMEBETZ VY v L ik EfT - 7-.

6.3.1 FHEHEXRG

CRF %, HASFEWM DY, B2 IXEA RO XHi 7 v > F v 7 EDRETIA
{ELNTED, TOEMEIRINT VWS, B S iELELD 735 T H A H AT A [62] %

33



| DNNZRAW - BER#EES | [sTDM@E |
HHBEERICIS (35/—R) -

\ I HASRDESR (§J§§5Kﬁ:'@§§$ﬁ)/] \Query ——————————— )

6.2: DNN % i\ 7z % FH#EE 45 £ phoneme posteriorgram (232 < STD ALEE

RHAGEM I [63], RADETIE [64) FCTRHHI N TV S.
CRF Tl, 2 AN BRI 2 W52 5Nz EDOHITT RIVRY] y 31F S N5 54
M EMHERIIIROATHETE 3.

Plule) = Zrsean(3 MF(v.) (6.2

ZIT, Fily,z) ZEVEBIER, N\ REMRIBICHT B EATH S, Z(z) RIEFALET,
UFORTEEINS.

Z(x) = Z exp(z e Fr(y, x)) (6.3)

Y

6.3.2 CRFA2FALEEZFEDTOMRRERLH

CRF ZFIMH U7 STD Oifitv%& ¥ 6.3 (2R3,

CRF CHEEOMM 2175 Z 213, R TORELZEH L 2TNER 6T, NETHL. %
T, HEBIERRLIEHMT N TELZ 2 H 5, CRF T triphone B DM %
179.

FEIZE, I0HMEOEFRMI AT LA OB OoNLHERZRIOEZEI LEZFHLT,
HRD 3 DM TH S triphone 2T 5 CRF ET IV 2FET 5. MEEILX, —EEHES
IEBX N, X 51T triphone 243 f# L, 4 triphone IZXfi&9 5 CRF €TV 2 HAWT, »
% FEEEIZZ D triphone WEENTW SR ZEIR T 5. MEREEZ KT 542 T triphone
DM E LHEERORELZ, ZORBEDOHRERIT T 5.

BREFRONR =V 2T 572017, 10HEOEFRR#MI AT LANORONDS BHR
RFoFEZEIUrofGondEZ M 2MAT S, BERNLHIZX 6.4 12RT.
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—— e o e o e e E EE e Ee E O e EE E e Ew Ee E O Ew Em Em = oy

CRF-training phase ' \
triphone \

)R b 1

I

ASR #1 I
I

BREAIC | triphoneB I | |

=i | ocrrEB I

I

ASR #10 I
I

CRF models '

Search phase \

ASR #1 — \
" CRFETILE | I

> BREAIC > =Ry~ I

e triphonef®Hy | |

I

ASR #10 — I
I

I

I

I

| triphone B {1
- T AR
I

X 6.3: CRF #F|H L 7= STD D

6.4 DFETF—RI%, 10EOFHRMI AT LNSEONS FHEE ASRA1 % Fhie
0:, DPYYF VT HHWTT T4 AV NEToTWVWE. TIA AV ML ST FET—
LT, FBERIULT X0 OFEHNRTH 5 triphone DHINLEZKE L, BIO
(begmmng/made/out&de) TRV EMGUEKT 5. BIO 7 X)VE MW CRF 7 F
A RNZBINSWITIN—TIZHET HMEE R T 27-OICH6NT WS, “B” 70,
FEREIZTFE R D triphone DIRFID HEREMFIET HEATICDIT 5. “T7 TV, “B” D
#12%¢ < triphone DEENFAET BEHIZDIT 5. T LT, “O” 7 VIEHLRD triphone
PAFAE LR WEFTIZ 2 o Nnsd. ZOBIO IANLVERT T4 A Y MZHUTHNET 5.
¥ 7z, FHliT— 2 & FEBROFIEZE W TIERKT 5.

CRF {2 & % triphone M E TNV DFEE T — X%, CSJ DI 7i#H%Z k< 2#EO &~
RBAER D S FH LU TWVWD. FEIZIE CRF++toolkit ! & A7z,

FHEIZHW SRR, ERORFS AT LOH 15 543 51 % unigram, bigram, trigram
WS, K6.1ieaToHREE, FRMEOHERT. b LI BHORHES AT LD pH
HIZHEET 2 EREZRL TV, 1, i dBIOX DI 2 RLTWS. M64I1ZHRT &
912 bigram {Z2\WTIX, current token ZHUh& UTHIZ 1 DOV TF A M E2EET 5.
E7z, trigram &, 2 DHIE CTOMENE, Fikl 29D, A2DFETOIAVTFAINES
MLUTWA., 61T, @By A7 LMD bigram $FZMIZFRHT S, TNtk -T, HH

LCRF++: Yet Another CRF toolkit,https://code.google.com/p/cripp/
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B

CRPFERHE
“,:,q pnl\lnn@de@wa h

/ unlgrams
ASR#2 [sono@ nii:@ g p o e@wa

ASR#3 [sono@ nii/@ @b aNno@ue@wa

(i xfou eewa

ASR#4 [sonoN n
ASR#5 lsono@ n i

ASR#1 [sonho @

cross-ASR bigrams

in-ASR bigrams

@q poNno@de@wa

in-ASR trigrams
\

J

T
mi @@baNno@ue@wa
ASR#7 sono@ n i @ q poNno@ue@wa

ASR #6

BHEO
ASR#8 [sono@ n i @@ b aNno@ue@wa+ B 2T LD

ASR#9 sono@ n i @@ b aNno@de@wa =E]

i @qg poNno@de@ w aj
777777 : } triphone “n-e-p” M
Il 1 1 1T1000O0OOOOOOO
— BIO tags
I : triphone N D E T O : triphone LA D ERFY

: triphone DA M &3R5l

ASR#10|sonho @

m—® S

X 6.4: CRF D& H]

#% 6.1: CRF 038 E M

RN % T
unigram (rp, hY) 10
in-ASR bigram (7p, h; 1 hz) (7p, h’ h;+1) 20
cross-ASR bigram | (1, h,_ 1 k| i #j5), 180
(7p, hz +1 KEF))
in-ASR trigram (rpy hy gy By, BL), 30
(rp, h; 1) hZ hjloJrl)
(7p, hl hzz;-;-lv h;9+2)

D72 SRR D DN — % CRF THE S, Riid 2BALSERYDOE
S Z UK U TR 7R triphone M 2 A A 5.

HBFFE T EEND N D triphone 7> 5 MK & 1 2 MUEREE T OMHER P(T|x;) 13,
DFOXTERETES.

Tm_{Ham@} s (U <y < liy) (6.4)

ZIT, t; I3MEFET @ j FHHOD triphone, ; (3FE55 i 12B 1T 5 ALG TR, y i3
ba&»ﬁﬂuttuﬁﬁAwTi@<—$ﬁ@£%@@of%5.@ﬁhvm®ummm
PO INTE D, & triphone DHBNEIZFENREL TVWRWI EAFIEE B> T
W5, # triphone DR P, (y|z;) 1&, FaEREDOHTI T ~VF % FHWTEHR S 20
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triphone

[ R
N asel CRFIC & Btriphone “j-i-s" MHEFER | .. B . “fu” 02
tazeaE ASR Outputs of 10ASR Systems B:0.7,1: 0.4,1: 0.8 :
XREo = e f U] . s | alN ‘#
[fujisaN/ | m@ i f u oz u s oa n|N BB U 0.38
L - B:0.8,1: 0.8,I: 0.6
ASRH3 s i z u y a N n e
triphonell & | Asm flu @ e y a m|N ek i 0.50
] ASRHS k o J u g o NIl m B:0.8,1: 0.7,1: 0.9 )
fouj, u-j, j-i-s N ASRHE f u J i s a N N R “i_g.9”
4 ! M 1 AR k e  z e cd a n|N . . : 0.27
B:0.6,1: 0.5,1: 0.9
- ASRHR @ i t i S a q n » "
10 ASR systems - f u r u s a NJgq FE s-a-N 0.49
b= - B:0.6,1: 0.9,1: 0.9
ASRH#10 s u j i h a qa ] N
- Blabel 0 00 08 'O 0 0 0 q
- I label 0 0 0 09 0 0 0
Olabel 08 06 00 O 00 O 08| o . 0.35
I Olabel 08 06 00 O 00 O 08 %E%ék&”%’
”””””””” MREREE/fujisa N/ DR HEHESE

X 6.5: CRF FikiZ & R4

TlE7mL, BEITGRADBHHEINZLEEDTIRILVRFDALNER LR, T2bb,
O T~N)VIFHEMT S, Zhid, ATy buVY—iELIZL AR U TH S5, CRF T,
AR U TRl i1 7 NIVRIN 2535 28N TES. D7, BIZ
VBRI ERET 2 AKX X2 Tk, CRFETILDIES MBEWHE T triphone 2 #H 3%
ZEMTEB.

Ba&MIZ, triphone t; DIHHERIZLAFOXTEHET 5.

Tiait

Py, (yl:) HPt (L]z;) (6.5)

ZZT, B& Lk, ZTHEH triphone t; DAL RBREOMEHERTH . T4b
%, triphone t; DAEEMERI, LT NVPSBRBEE T NIVET, TNEND T NILDS
R4S E LR OMTFELIND Z L THET 2. B U, B, (y|z) Hd 2% EME ¢ & -
=58, Py(yle) 3o ITEESHA S, 0, REFETIZEWT, 120 triphone TH
BTN o 7256812 T OMUIBHERDPMGGIZ 22 2 2fi<dTH 5. RRERMN
2, 0% 0.01 & U7z, P(T|z;) DX EHME 0 22 TS Z & T, Recall-Precision 77—
TERMZENTES.

6.51Z, CRF ZH\WTHERGE (ELilh: /fujisaN/) 328442 rR7.
triphone “j-i-s” IEFAFKFEAIZEWVWT, “B” & “T"ODZNETND T ) 2 FH LU /- & 7%
D, 0.5 (0.8 x0.7x0.9) LWL LR >TWD. ZL T, & triphone DR

DipFEFHETHZ LT, KiFAXBI2ELINOBHHERIZ0.35 27405,
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6.4 FLMEER
6.4.1 STD YRV

STD A A7 IZEFEHh D S MEFENPIE L WE 2 MK T 5 XA ThHsbd. £LT, IEL
KZBWEFT TR I N8558, TORFZEREINZeHES. TDdD, ERHPD%
<, IEfREFOMHZITD 2LV RHETHS.

FRIBEALIE, FEERALE U, HEREHICHENEEN TV I A EMATEE LTHRD.
MBEZITS LT, FEHFBIH LU TENETNRAIATHAEINSEZ LTS, ZOARD
7 2 BUETH I T L Tl

6.4.2 ZREREH

STD DR, CSJDaTFEEEH (39RHDOER) &, SDPWS OiiH A (28.6 K
M) Z2x5e 35 STD X A2 TikHiis 5. EHRUWHEZEZOT—F 2 77NV —T12koT
HESNZSTDDZHDT A NIV I a v (38| D1DTH5 AT lHANGELY b,
NTCIR-11 SpokenDoc-2 X A7 D moderate-size % 7 X A7 % A\ =, 2 7 i&EFRHGE
v ML 50 FEDMREREE, MHBIERF 233D F A bty b &7 > TW5. moderate-size ¥
TRAZ, 100 FEEE CRAIGE 53, BEAIGE 47) OMEKIET, HWHBEF 962 DT A &y
FTHS.

AEAMGSEER X, 3FL 5| TENT IR L - S EH#Es % AW STD &, CRF %/
W7z STD DL %47 5 .

6.4.3 FTERE

MERMERE DA 11X, FfH, MAP(Mean Average Precision) Z i\ 7z, BANIZ, FEffi=
2.

Neorr (t
Recall(t) = ]C\;:u(e) (6.6)
.. Ncorr(t)
P t) = 6.7
reczszon( ) Ncorr(t) + Nspurious(t) ( )
2 X Recall(t) x Precision(t)
F1iE(t) = 6.8
fiL ) Recall(t) + Precision(t) (6.8)
1 Q
MAP = 0 Z AveragePrecision(q) (6.9)
q=1
R
. 1 .
AveragePrecision(q) = Nowo (@) Z(Sk X Precision,qni (k) (6.10)
true k=1
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X 6.2: ATHEBEEMELY MIBITAFiEE MAP

VAT L% | mRKFAE (%) | MAP
CRF 61.1 0.795
DNN 68.4 0.812
LSTM T1.7 0.840
GRU 72.0 0.826
BLSTM 73.6 0.853
BGRU 75.2 0.842
Attention 74.9 0.849

5k ALE TITHE S N B
k
qIFMREEZRLTHY, MBEILICAHINEGZ L E2RLTWS. £/, QT A

~ey b ORGSR Z KT .

Neorr FHH TN/ HAMRFEDHBIEZ R U, Nypurious 1T anti i E N7z MUERGED H B
BaRT. Nyye \$EFT — ZHITARAZE T DHEREED L BRI E £ 7.

FEEEMRFEDOGEHRRERPOBEH L2502 H VTV 5.

R (6.10) D R IIRBIZEMOBENLIENLZ KL, 6, FEMOKEAERTHNIEL, R
EfThEo 45, KX (6.11) 135 kM OBEMIZB I AR E2 7. MAP IX Average
Precision(AP) # 2MEBFETHEH L2 DTH Y, AP IXEMEHTREOMEEERZ LI L 72
LEDTH5.

Precision (k) = (6.11)

6.4.4 FERER

a7 FHEEARMGEL Y D STD EEROMERZK 6.2 125R7.

CRF Z WM R E IR U T, B REEdz2 VR ROIE S 2 ERD
FEE MAP & HIZEWEREE 7257z, ZDZ s, CRF &0 EHERKRES VT Y
I ABMERT BDIENTETWDZ N5, RICIEME EHERFE L2 KT 5 &,
PRI F B ERRDPE WFERPEARNICHRREEREWE WS 2 a0 5.

¥ 72, moderate-size & 7 X X7 OEEFERE K 6.3 1R T. A THEEHANGELY N EF
BRIZ, CRF OMEREFER LD &, EMEEEHERDOMBRERDIFZ S @ WREREMREE 2o
7z, ¥7z, Bl EEFEBEL DD, HRIIZEZR U 2 B S RHEEHRDIE D 2 E VR
MR o T W5,

ZDZens, EMERMEREZHOCCERERREAS VT v I A%EKRT 5 LT,
STD DMBRMEREIZIGHT 2 Z LW TE, EMEREREEREZHAVTEREERREA VT Y
O ARMERT B 2 & DIRBIEREDUWEIZDRAID Z e h o T-.
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# 6.3: moderate-size task IZH 15 FfE & MAP

VAT L | RKFAE (%) | MAP
CRF 28.6 0.460
DNN 44.0 0.557
LSTM 46.1 0.543
GRU 45.8 0.552
BLSTM 46.5 0.564
BGRU 47.0 0.565
Attention 46.2 0.556
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TaR—-X 11| 2

. ST IG 11 2
NAM~ -1 2 17 1

SN 8| 6

GIET3 14| 5

V=T 417 4 | 2

T4 FRTAT 12| 6

T4V A 15| 5

V= VA 3

8|4 4

EHEH 1

AR 1

J3FE 10| 6

(SR G| 4 |1

T 7 4V b 313

VAZAYS 8 | 1

A FyrTayv 513
Pravkr 8 | 2

B 6 | 6

oARy b 121 3

H [ 511

SPOJUS 291 9

Bk 7|2
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# C.1: moderate-size 7 X A7 ® 100 MRZEZE

-7 MR EE tf | df
= 11 2

FH = 2

RE 6

A= 12 1

3 NIST 513
T =R 4] 2

Ak 9 | 4
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