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Abstract

End-to-end (E2E) automatic speech recognition (ASR), which has emerged with the devel-
opment of deep learning, exhibits generally higher performance than conventional modular
ASR methods. However, E2E ASR has the drawback that it is difficult to enroll keywords
for specific domains, which was easily realized in conventional ASR. Contextual biasing has
been proposed for keyword enrollment methods for E2E ASR, but, for Japanese ASR, the
performance is not sufficient when we enroll keywords which do not appear in the training
data. To overcome this problem, we propose an updated keyword enrollment method where
we use phonetic letter notations such as katakana or hiragana to recognize enrolled keywords,
converting them back to their original notations in a postprocessing step. Additionally we
propose an improved E2E ASR model training method to strengthen the connection between
acoustic features obtained from input speech and phonetic letter notations by replacing some
words from origial notation to phonetic letter notation. We observed higher keyword enroll-
ment performance for keywords longer than five moras by using the proposed methods.

OTOGAKU Symposium 2024

Notice for the use of this material The copyright of this material is retained by the Information Processing Society of
Japan (IPSJ). This material is published on this web site with the agreement of the author (s) and the IPSJ. Please
be complied with Copyright Law of Japan and the Code of Ethics of the IPSJ if any users wish to reproduce, make
derivative work, distribute or make available to the public any part or whole thereof.<br /> All Rights Reserved,

Copyright (C) Information Processing Society of Japan.

Mitsubishi Electric Research Laboratories, Inc.
201 Broadway, Cambridge, Massachusetts 02139






HIRLIEF

MBS

IPSJ SIG Technical Report

Yosuiki MITSUT'®  Ryo ATHARA! Takaaki HORIZ'!  Jonatnan LE ROUX?  Suinya TAGUCHI!

L Exp= BOBRA YR T7 2 —ARY, [NZNGHRTHHAIA TV S.
REYE OFRBIZHEOWES Lz, H—0 deep neural network
(DNN) OAZHWTERREEID 7 F A POESRIL
%FH T % end-to-end (E2E) 3575 a8ak [11, [2] 1%, TERDFE

H oA HElX, BRET —XDESEI L, s - &

[7R X & —&7%] Contextual Biasing % F\L\/-
HZAE End-to-End EE53# M T =S ] DRET

=k AL MHBE R SR EEA2TY vr— YaJg b2 HO D!

BE  BEYE oREBIHEWES L7z end-to-end (E2E) B 5 idikid, TEROMEERIGHRM e L L, &
BINCEWHREEZ RS 2. Lo l, BEMEFRZEETEZICEHTE TV, FFE XA VAT DiER
BEDNEETH 2 R %R TW5. E2E B ZMANT DFE#EHRTFiEL LT, contextual biasing % Fu»
SHEMREINT VDS, FICHAEEHERKTE, P87 X ICHARWREL 2 B UERTERT 2
LA, ToREEEREZEONRY. ThEBET 272D, ARTIE, BROBERICHZ DT - UoH
REORBXFICKZRLEZFAL, EHRMMERT 2 M3 2% 08T, BRcHW:=RilE, 7t
DRANCREITUEFELZRET 5. HIZ, REXFIZL2BRORIL L, ANEFLVELN L FEER
BEL DRSO ERMD 572, E2E BF ik ET NV EEE IR, FHHATFA MO—HOHiEY,
T VR LIRBLFRIUENBIRT 2UEEEFELETRET 5. BEFHRCLD, 5E-FULE»5
RBFERDERRAZIIBVT, TRLEZHA LFEREERT 2MCRFE LD AV SRS S
N3z rMERL .

Exploring Keyword Enrollment for Japanese End-to-End
Automatic Speech Recognition using Contextual Biasing

Abstract: End-to-end (E2E) automatic speech recognition (ASR), which has emerged with the development of deep
learning, exhibits generally higher performance than conventional modular ASR methods. However, E2E ASR has
the drawback that it is difficult to enroll keywords for specific domains, which was easily realized in conventional
ASR. Contextual biasing has been proposed for keyword enrollment methods for E2E ASR, but, for Japanese ASR,
the performance is not sufficient when we enroll keywords which do not appear in the training data. To overcome this
problem, we propose an updated keyword enrollment method where we use phonetic letter notations such as katakana
or hiragana to recognize enrolled keywords, converting them back to their original notations in a postprocessing step.
Additionally we propose an improved E2E ASR model training method to strengthen the connection between acoustic
features obtained from input speech and phonetic letter notations by replacing some words from origial notation to
phonetic letter notation. We observed higher keyword enrollment performance for keywords longer than five moras by
using the proposed methods.
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RKoohd, HIZX, EREGRERNTOEFRRHRT Y v
TIE, RPN CEE N XL > OEREEWVIEE TR
MTEZERESIRDOND. ZDIFh, NGB Vo
FEBZFAICOWT S, RIS URRI LR T T3
ZepRDOHND. ERORBERER T Y Y VT,
MEORE (FiA) CRILOWEHMEET S [HEHE) €
Ja—IPBEFELTED, YT 2 —NAEREPEGT
R, FERXA VAT DHRAZRTA X ERETETWH
7. L2 L, KA LTH— DNN OATHEEINTND
E2E BT, R BEOMRERTEY 2 -
FCTEAE LR, 207, FEHE R X4 VICOAENT 3
FEEETBMTCEDR LD IARARTA XTB=0121%, Hilz’s
7F—Xty PEHEL, BE2E &HHRMRE TR HYY
XEIZRENRD L. HEFIEZREEE X N PARET
HY, KRBT YD v EAKIBICFEEIME R LTV 3.
JTAETUE, B2E B a0mE 7 /LIC contextual biasing % #H &
Hbt, EHEEROHIFERT X A bARa 72411 558
12, FEEDRBEANA 722G L, X3 T3
FEBRBINTVS [4], [5]. 4 7205121, HE
BIEFEEICBVTHIEH XN TV S weighted finite-state
transducer (WFST) 23f|HH & TWwW3. L L, EELD
MEETIX, AFIEZEHAFED E2E & H dik~NHEH 3 25
B, B LB RS R BN W ER O T 1
WLTW5., FuCEHEAFRY, E2E &EH BT T L DY
BF—REHEENRWERTICH LT, 20 XS R EBIHEE
EThHB. ZOFERE LT, ¥ETFT-XHBELRVWERGT
ZEURBREICN L TIE, E2E EFEZME T LONEICEY
T &R & I35 L OO U2 ERH5IcHEL I
TVRWIEAEZ LN, ANROFREE AT 2 —F
LT, KDHELIMOREEEROBEIRCHAL, R
FERT ¥ A PHICHN S YKLk, RILHETIRORIIAN
CRIFEDEZ NS, FIZIX, BRLILVIERDHA
BT AR A FORENE, IR FLFEMTHNILE
BF—ZHPICZHBR T2 2o, TORLL N, §E
REFICHET 2 EZ NS, ARTIX, E2E FRi8iks
contextual biasing Z A G OEZFERE OB MBI L I3
AT BVT, AREKELORD DI, oKz Hwv
THEREFRT HAFEBIY, XA F - 0o io
Fitr L THWV3HE D E2E EH 8k 7L ORRYAEF
FIOWTHETL, BRERET 5.

2. FEREHMEE(T T E2E R0

2.1 E2E BE:R:
PERDOBEERIE R [3] 1%, [H&EF ) [FEFHE)
SBETIL] LW BROEY 2 —LELEHAED
BRERTHEZehs, BERTOREILLNETHD,
MREE Eo R X T, TETIE, SHEFEED
RINF— R HH—DNN DATT A % H$ 2% E2E
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1 WEST o—4i
Fig.1 Example of WFST

BRI AT LR ANIIE I NTED, EREHE
2T A LD BREHICEWEREZE 5N 2 §oHE X
nTn3,

RZFEM72 E2BE BRI DFE E LT, connectionist tempo-
ral classification (CTC) [1] &\ % FiE=e, attention H5iHE %
4 5 encoder-decoder E 5L (AED) % FH\ 2 Fi% [6], [7]
REDPHI SN TWS, EHETIX, Transformer [8] HiiE =0,
Transformer & 1 XITEAAA%E A 47z Conformer [9]
MG ZERA 3 5 AED TRB XU, CTC i & AED X%
A EDHHE S hybrid CTC/attention HHE % FH\ 7= 35 75 ik /7
2] BI|BENTWAS. F72, N-gram = recurrent neural
network (RNN) I[2#EOL SEEF AV EHHTZ 2T, &
FRREOBELrED 2 FEBHAAINS [10]. ZNHDH
FH s E 7 L1E, open source software (OSS) DY —)L ¥ v
FTd 2 ESPnet [11] ¥Z2FH$ 25 Z e THHTEZ 3.

E2E &/ adalid, MEL CREEIIE AR X D b @0tk
MREZRT —/T, REHEIMVLLEEY 2 -1 TR
Wz, RN RERDOBMERNES TRV, —flz L
T, B LWiEREED T — 22 IEE L, HH R DNN
EFLEHEHYE IR LT, BROBNEREFEHTE
5500, GPUHOHBEER BT -4 28T 5. %
7z, OV ARY VI REIET 27D DFFEET NV ERE
WCHET 5 2T, RIRGER IR TE 2 K5 ICT 5 F
E[12] BIRRIN TV 5.

2.2 WEFST

EHATZHERIREE b 5 > X7 2 — (weighted finite-state
transducer: WEST) 1Z, AJJEN=-RIERICT LT, #
USRS 2RI, AHMNRIOLS 5 L EZ2RT
HARa7) HEREHNT25EETLVTHD, BEAE
S CAH XT3 [13]. K 11%, WEST O—fi| %R
F. ZOWESTIZ, Th~2 o) BAKIREGAEI, R
a7 LTL0OERBAL, ZALSNDORINB AT SNz
B, Aa7eLT00xh3 5. BEMEHERHTHY
5415 hidden Markov model (HMM) * F&5 &2 « N-gram 5
FEE TP, E2E BARMICEBIY % CTC X, WEST & L
TREMEETH 2. £/2, H5 WFST 5 H X35
%, B3 WRST O A& 3256, MEELEMLT1D
D WFST & LTERBILAD, RE(LEAEZMRA DT
5. ThzeHwsZ T, BEMEHRHITHE —D WFST
ELUTHIRINCEBTX 5.



BHRILES ATHRES
IPSJ SIG Technical Report
2.3 Contextual Biasing &= U\ /-5EEE T ]

Contextual biasing & 1%, &5 e @& (kgi) o7
FRAMREDBRDEENZHE, BERHDR AT
NA T RANEGT 22T, Frgiimz aCRz &
BRI TLZFETDHS. BRI, TERA—D—) LFEL
TWVWAERZHRMSELVEE, LIEUIRRH MERX —
H—1 DRAA7 CHOE) A3, Kt MEX —H—] DX
a7 EEDY, HoT IMBEXX—H—) PiliiERr 22
Bands. 2T, REHIC TEEX —h—) MBini
5, RATIANA T RAZMAT 2 L5155 2T, EK
X —TJ1—) ZBHERETED XSRS, N 7RO
BAHZIE, 2.2 BITIHRANT: WEST 2V 3 Z A TE 3.
BlziE, K117~ 3 WEST i, 8% Th~72 71 28¢(R
FUTH LA 72227 1.0 ZIIE S 231 7 2 WFST &
LTHHTZ= 3.

N-gram S#&E 7/ &, contextual biasing % /3% E2E
A, UTOXI1TEFRS N2 HIBIR Liccop &
RKeF2E5%%5%, ©—2P—FFEDO7 LIV L%
FIRA LSRR 2 LTERLTE .

Liccog = log Ppag(y[x) + a(log PN-gram (¥) + SBias(y)) (1)

ZZT, a, BliF, TNENFEEET VLU contextual biasing
DEALBERINANRN=NRTAXTHY, xEANEEIDS
BoNIFHE, y 3EHRBRORITF A, Pre(ylx)
(& E2E EA RO, Pogram(y) & N-gram S3EE 7V
DI, Bias(y) &NA 7 ARaAT7E2ZNZFIURT. N4
7 AAA7 Bias(y) &, UTDXSICRHTE 3.

Bias(y) = ) #Wi (¥} - bw, @)
k

ZIT, ki3NATANEONRE §25RDA VT 7 R,
wi 3k BHBHDER, #wi{y) BIRHy BTN BEE wy
DIFRL, by, 1XFESE W IS 254 72, &22h2h
R

BB, BREILDALT A w BRET ZHEFTWLD
WEZONED, FET—XCHHRLLTWVIEIZOWTIE
NEREE Y, ROMHBBEEMRVEEIC OV TIERE
R R AZMHEEE T ZeAFELYL. ZhEiizd—
il LT, N-gram SiEET LD E2 KIZXEE LN B H

by, =—log PN—gram(wk) 3)

RT3,

IAETIE, WEST Z2FHE 3, E2E SRR B IR
FER & D AR X N7 embedding DA ST R B Z ¥ TiE
R EBT 5Tk [4] IRRSN TV S,

3. REFE
31 AEHhT - VoW BREZAVERER
PER DFEREESFTFIE (contextual biasing) DL ¥ LT,
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INAPAWFST
32

JAFAWFST §

ANWEE E2E
E&%ﬁ&%%@]} BFEERH

2 REFEERTRIHAX
Fig.2 Conceptual diagram of proposed method

E2E EAZGE T L OY¥YE T — R E T 5 KL DERIC
XU TIEEINHERET 2 —/7T, 5 TRVEERIIH LT
BRIRDBATy, Lo lbDnbsb. TR, ¥ETF—
ZICHB LR VEEREREZ BVIRGDOR a7 BMET X 5729,
contextual biasing ZFH L, D X 5 RARFIC N 7 R %
5L LThH, ¥—2r¥—FROBEMHD S YD
ANTLES 7D TH5. E2E GRS ET NV EHE X4
DB, BT —2PoEEAFAE TOINELFREED
BRDEEANE T VX LERTZL T, ¥ET—XI
FAELROWRGLZES L, EROMEE BT 2 FEbiE
RINTVEH[14], BENRE LEVEERZET LD
BRHICETHIELTBL ZIRE#ETH 5.

COBRERRT 700K LT, Xh¥EFT—&IC
A TN MORGLEZFAH L, FBEERICHV 25
HEZbNS. M2, REFEZRITHMEKTHE. £
BEXFTHEHRHFROOEDRIE, AREOXETS
B3 5130, ERAFRRATIIG CHTEERDOGATT
EIRTHIEL LTHRHINTED, BRNREROARK
DORFLIRD o T, FBREROBRICHNWS Z 2 2HYITH S
EEZOND. UKL THEE T B LR, T i
RITHF 2 BRI BV T YKL L TTRiCN\ L B LR
TIrT, ¥ETF-RCE TN VERORHRDSNEET D
ZAEE AT X2 L AfFTX 3.

32 BEEREAETINOFFHEUR

3.1 HiCibRT=, BRI F - UOPRRRIC K BEEREREH
X, ¥ET—-XCHBI LR WVEEREICH L THRITH % AlEE
HREW. L L, 87— 2 Y%k o HBHEE
BWGEIE, 3L FoRMEIMELNBRNZ DD
5. ZOMEEMRIT 272, E2E EH R DE T
LT, PRRLEHWERER T EMCEEZE 5720
DI 7 AV Fa—=V7RBMTEBT 2. BRI,
N—R¥ 7% E2E EF ek DE TN EEEXE BT, —
HoEHEE, TTOBETHIREC DRI S, hExAF - O
LRI BRIEANEWDZ LT, EHF—XNCEZ
NBEZHXAF - OOPBREFLLZELT. K3 1K, Ll
HAZREZRITMEXTH S, T/, M4, SHRSRET
NOEBHTEBLIL I 74 v F a—= v P HERRTEER
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Before preprocessing
FiE O MEEBLORGESL T V3 & B8 N3 (EBbNn3)|

Replace notation
from original one to katakana

After preprocessing (Katakana-20%)
RiE ) MEREEORGEAL 7 LB BN LI LFEIL |

3 FEEATFR MY 2 AT R TSR

Fig. 3 Conceptual diagram of preprocessing for training text

(1) Base model training

| E2EASR [—

minimize
N

Text Training

text
l‘ ))) Update parameter |
Training Initialize
speech .\

Preprocessing

minimize
E2E ASR |—  —

Text Training
text

(w/ preprocessing)

Update parameter
(2) Finetuning
4 E2E HARMET VORI E
Fig.4 Training procedure of E2E ASR model

MTH 5.
4. FHMERER

4.1 RERRE

E2E BB E 7 VDB ICiE, 0SS DEFHERMY —
¥y N TH2ESPnet xFIA L. FHETFT—2 LT,
HAGFERE L S3E 2 — %R (corpus of spontaneous Japanese:
CSH g ENhTng, HBRETFT—XBIUOEESEILT
FR M K550 el BEH L. EHEB#METLOY
FFFEEL LT, CTC AR & AED HR % GFH 3 % hybrid
CTC/attention [2] #i&E % ¢/H L 7. DNNA#EL LT, =¥
a— X2 12 JED Conformer [9] &, T2 —X—IZ 8D
Transformer % L7z, EF ekt 7 /L OFEEHE, CTC
FRB L AED HROMAEAD T2 224 0.3-0.71C
WELT-. F/2, BHESHETNVIC K 2HERDOBENE, AED
JFRUC X B EEIMAE S, CTC SR & 3387, N-gram
BET N, NMOBRERANA 7 ADEANEMTH 2K
() Z/NEL T2 KL%k, =% —F2HNTHER
L7, 22T, BE—AlEIZ40, EART XX o 13 3.0103%
EL, BEARTIAZLIZ10H,5 3.0 FT025 ANATE(L
X, BHOZLEMR L. BT 7T LO¥E T,
7 — XYLk & LT SpecAugment [15] }z OF speed perturbation
095+ 1.0f% - 1.145) ZEFEML I

RN—RA Y ZEFEBRET M, CST a—R2EFHL
TS50 TRy 7¥EEEB, NV T —>aryr—R0iEE
HYNEWVIEIZ BAL 10 fH D E 7425 L T model averaging
THEATEZ e TER L. REFHECBIZ 774>
Fa—=VIORRE, FEREILFFXMEBT 28
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R1 CSI a— (Rt v MBI 5 E A MERE (CER) [%0]
Table 1 ASR performance (CER) in CSJ eval sets [%]

Model Dataset for
Evall| Eval2| Eval3]
ID finetuning
1 - 44 3.2 35
2 5% Katakana 4.6 33 3.6
3 5% Hiragana 4.5 33 3.6

2, IVRLI—EDENEGT, HRIFEV ORI
ANCBRLE. £, BIROR—IFEBFHEETLE 10
IRy VEFXEEE, N T = arT—XOBAEIN
W3 HDETILEMH L, EADFE RS UL % Ei
L. HMliClX, 774 >Fa—=V T OHENRRE?3
BEoEFVEFALE. ETNM1E 774 v Fa—=V
JRIERIOETNVTHY, ETIN 2, FE T —XD7 %
A MIZH L, HEE 5%% 5 2 5 F BT %Al % 5w A
LTho7 7 AV Fa—o v 2EHL-ET N, ETIL
3%, HFE S%% U OB ABE T 2R E#EH L Th
LI 7 AV Fa— VI RERLIZETNTHS.

B e N4 7 2B HICHH$ % N-gram SiEE 7V
X, 774V Fa—=VRIAHAT A7 R T —X&
ZHWTHEE L. WRST W7 a—7 4 ¥ 7 iic
1%, 0SS Y —iL¥ v hTH3 OpenFST [16] = L 7-.

Lo 3 EEOEFVEFAL, CST a— 207
£ v b (evall/eval2/evald) ZiBik X B /=585 DT D &
(character error rate: CER) #£ 1 {Z/R3. £k, 774
VFa—= YT ORIRICBWT, FEREREFELRVE
WO E AR MIERRIC KR E R B RV e 2 HiARN 5.

4.2 FHi 1 : AR A FEEOSERIERETTE

F9, 32HITHARLEETEORRICEL T, 2k
FLIC X 2 RBEE RO MRED E T 2 50 DRI & SEHE L
7o BT — &%, FREGIA L SR 92— X (JNAS)
5, UROFIETER L. £, CST a—,3Z - INAS
A—RRADEFRLZ L%, MeCab ZHV TP BEEL
7z. RIZ, INAS a—SADHEEFFRLZILXDH>H, CS] a—
RARZEENZRVH R D FOHFAEEOER T — X DA%
HH U7z Q717 ). &iZIZ, CST a— A&,
HRHF S XLFULEDOHFY A N, FEREIROMRE L
72 (586 7). BERMROFEREL LT, FIZIX YV 7YV
PANE A AR A & AT I Ny GV 9 PN I e
CotE N, Sk, AT — & 2FEtEy b1 2
B EREHERULVWEMHEIA b, EREPERTIEMG 1B
WZOWT, FERZE L. D, FIZIEET L2 ZHV
TEMF 1A OFHliE FEHEL 72358121, &F1A2 DX 51
Rl T 5.

FHEFERR e LT, SRR OSCTFIR D R /RY CER,
BN ROFEEDIEL < HH L TV 2 EE %77 KW—cor,
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R2 ity F LIIBITZ, N T REAL L LEEEFRMEREDOM
th EREAMETLELT, BTN 2G% I XA F LT —2T
774 vFa—=v ) ZFHLTVS.

Table 2 Relationship between keyword bias parameter 8 and keyword

enrollment performance on evaluation dataset 1. We use ‘Model
2’, which was trained with preprocessed text dataset by replacing

5% words from original notation to katakana.

Keyword CER| KW-corf KW-ins|] KW-del] KW-FIT

enrollment [%] [%] [%] [%0]
- (0.00)| 15.3 354 1.7 64.6 0.351
v 1.00 14.0 71.8 2.0 28.2 0.711
v 1.25 13.7 76.5 3.0 235 0.754
v 1.50 13.4 83.4 7.1 16.6 0.806
v 175 | 13.2 89.1 12.0 10.9 0.840
v 2.00 13.7 923 244 7.7 0.822
v 2.25 15.2 93.1 52.2 6.9 0.739
v 2.50 18.8 93.0 115.7 7.0 0.589
v 275 | 264 922 234.0 7.8 0.425
v 3.00 | 40.2 90.3 430.6 9.7 0.286

BERNROFERIHIR TR E TROWENICHE> THE L -
&% RS KW-ins, BN ROFERI IR 2 HTC
HIELRWEIE 2T KW-del, BERNRODFERICOWVT,
BHHER Y EERLEHE L, BIZHMEETE KD KW-F1
O SEEEHAWE. B, KW-cor {5/

20,k TN (77 & recog, M1,k gt
KW-—cor = Lk ( recoe £ ) @)
2k MLk gt

DEIWCEHBEEINS., 22T, 1 EFHEiT—2DA4 577
R, kFERT DIEREDA VT IVATHY, npjo &1 FH
DIEfET A FHUCHIBIT 2 k FEHOEEOE, 1k recor
X FEHORFER T F A PRICHET 2 k BHOERD
BTHs. £/, KW-ins {51

Zl,k max (0, Ny k,recog — nl,k,gt)

Zl,k nj kgt

KW-ins = ®)
DEIIEEINS. X512, KW-del = 1 — KW—cor 23
URVASR

K2, HEIF SNERET—RTI 74 v Fa—=V
TEINTE®TN2 B LGS BT 5, shaEike
ENAT7REARBOHEBERTRTHS. RED, 47
2AEA B DFKTIZ X T, CERFEEIZ 13.2%70> 5 40.2%D
#iF T, KW-FI 5/21% 0.286 7° 5 0.840 O#ipHT, ZHh 2
NEHT 2 Z e hiiAIh 5.

AFER LD, BRGFEROTMMREE, N 7 REAB D
BEWCHLMIFET 2720, WYRELZHRET S Z e HER
EEZLNSD.

K3, 41 HTEMLAEIEEOETLDS S, RN—
A RBETNLE, 5D R FBRT—RTT7 74V
Fa—VIEOETN2EFAL, EEEROMEREEFT
lL7MERTH B, 2B, EARIRAXBLELT, K21
BOTHRREYHEW XA 175 2T 5. ERBgiEeE
i LR WERIE 1A-1 &, FERE SR FEMS 250 1B-1 £ %
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Ground truth T IEFzoE—L a2 XA
Condition 1A-1: . — X IEF 2 BF A
Condition 1B-1: . — X IEFz ¥ LT A
Condition 1B-2: 2 — X EFz =Y a3 A

5 FHii 1B 2 HERERERO T T
Fig. 5 Examples of ASR output in Evaluation 1

33, CERIE 1.2 RA >~ b, KW-FI 61213 0.34 ®
WEDAONDS., BIZ, 774V Fa—= VI REE LR
WETFILEMFHAT 25 IB-1 &, 5% A ZHH b7 —&T
T9 AV Fa—=oV P LEFARBHT 354 1B2 &
BT 5, CERIZ 1.3 KA > b, KW-F1 $5fZiX 0.14
DRENRALND. K512, BEREROEHEIC KL 2B
BoZWHERS. 22T, Fxrt—Ia) IFEEE
BROMBRTH 5. Z&MF 1A-1 BXUEMEF 1B-1 TE TF=2 >
t—Ya) BIELLEBHETETWARWS, &M 1B2 T3,
[Fzrt—Va] BIELLERMTETWVWS.

5 1A-1 ¥ 45 1B-1/1B-2 DFER % L L, CER - KW-
FI{BE L BEOHBRVWI L5, EREROE T
BHEEETE 5. F72, 5fF 1B-1 L& 1B-2 2L L 7235
B, MR 3BREOFVPREVWI 5, 32 HIIRT
E2E B ET VDI 74 Y Fa—=V TRFEHT S Z
ET, WRAFREIC K DFEHEOERH X D BINHEES
32k51Chkhol, EEZILNS.

4.3 FHl 2 . EFHERL D EEOSERIEEETTE
iz, 3.1 HiTHlART:, PREJLEHWBREROR,
A7 F 2 MO RRLEZITORLICEIR T 2FEDOH
WMEZTHERE S 27D DFHliZ =M L7z, 3Pl — 2%, #
MRt HitA LIPS A o — %2 (INAS) 225, DIROFIEIC
IOER L. £F, CSIa— %2 « JNAS o — X2 DE
FRILTFALE, MeCab ZHWTHONBEE L. X
12, INAS 2 —SRDEFEEFRZILXDSH, CS] 23 —,82R
WEENRWS =S LORFALBUDER T — X DAY
U7z (793 ). ®fLi2, CST a—RRIZEENRRZW, 5
E-I DAY R b, EBEBERONR L T 5 (18775

/). 5%, KiHii7— 2 2 EEy k2 2R
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Table 3 Keyword enrollment performance on evaluation dataset 1

ID Model ID  Keyword enrollment B CER| [%] KW-cor] [%] KW-ins| [%] KW-del] [%] KW-FIT
1A-1 1 - (0.00) 15.7 36.1 1.6 63.9 0.358
1A-2 2 (0.00) 15.3 354 1.7 64.6 0.351
1B-1 1 v 1.75 14.5 72.1 6.8 27.9 0.697
1B-2 2 v 1.75 13.2 89.1 12.0 10.9 0.840

KB IFR KRG DR LEIH TEFERAEVT S

Condition 2A-1: #8ABB 4 T RIFDRE| LB THEREF L REWT 2
Condition 2B-1: EXEBIE T RIBDEE| #N 0D TEEF L RAEVWT S
Condition 2C-2: 1L XEBIE St KIG D385 | mEh o TEBEFEREVT S

Ground truth

6 FHiffi 2 12B 1 B EHEARSEEE RO v
Fig. 6 Examples of ASR output in Evaluation 2

IS 25 E R 5 2A-3 R T .

£ 412, M2 DFERERT. TI2T, EARTXXS
%200 & L7ZGEOMRERELTWS. 774V Fa2—
=V EIERIOET N | RHHT 258, iBREiE FEi
L7RWGME 2A-1 &, KRG CREmE BT 550 2B-1 %
[t % ¥, CER X 3.1 R4 > b, KW-F1 f8113#7 0.50
DWENALND. Lo L, FERICTEREY SRS 25404
2B-1 &, WX HFRULCTEEZERT 554 2C-1, RUO
LORRALCRBRE BT 25 2D-1 2T 2L, W
INDEED, CER - KW-F1{BiEr B L TWVWS. 2D
—HT, ETNVIANRRGLOEBERELERT 554 2B-1 &,
T7 A Fa—=V THRDET I 2N R I FRLDiER
BESRT B 2C2 BT 2 2, CERIZ LS RA Vb,
KW-F1 51389 0.14 oeEN A LN S. & 2B-1 &, £
TIL 3 AU ORI DaERE T BT % 50 2D-3 % L
L7235 & b FEMEIZ, CERIZ09 K4 >+, KW-FI &%
#1019 DEER A LN D, &M 2B-2 &5 2C-2 DFER
ZH iz, BBEOBFICFKL - H X FRLOVWITNE
N2 DRE§ B5:0F 2E-2 Tl, ®WICH XA FEiLz A
B4 2C2 LB L, CER 2304 K4 > b, KW-FI {51
D012 ET 3. X 51T, &M 2B-3 b5t 2D-3 o
Rredrle, BROBRIIFERKL - Vo RRILOVTH
ZHWS RHRET 250 2E-3 TlE, HICULLRELE
W35 2D-3 kb L, CER 250.7 KA >~ b, KW-FI
FEREAMY 0.09 tXET 5. M 612, B Ll RokEEYy v
TVERT. FBEBFREFALRVSEM 2A-1 %, FERRL
TEHEEEPERT 250F 2B-1 TIF, TR #IFEL L #3#%
TETVWRW—HT, 5 H ZIFH b7 —X CHEHRBHKTT
NET 7 A Y Fa—=v 7L, HRHFRCTiERE
T 55 2C2 Tk, MERES) ZIELLFTMTETVWS.
ZME2B-1 &, fF2C-1 RUSAMHE 2D-1 oLl X b, @
WOBTDIRZ LD DFERZERT 2HEITBVT, £E5
XFE VRO X 2B OB, HINTHEEEL 20
e EHARNG., ZDO—T, &MF2B-1 2, &fF2C2
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W2 o2 R0 13 28 HE €7 0% BV % 15157
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