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Whisper+BERT JiAMEL - #EEEIF KT 7 91.4% « JFIFHE i T4
AP EZERE R KA S (EEERQEEEEE) THElr s &R -

BRI ¢ EEOH - RaBH o BEESE - BN - A0

Abstract

According to the characteristics of long sentences and lots of noise in the radio
corpus of the fire command record center, this paper proposes a method to identify
intent in long sentences. This method first using a self-supervised learning model for
speech feature extraction, and then using two downstream models to detect and
recognize intent in speech respectively. Compared with the Whisper+BERT method,
this method has an error reduction rate (ERR) of 33.2% in the long speech intent
recognition task of radio corpus. Compared with the region proposal network (RPN)
method on the keyword spotting task, the false alarm per hour (FAH) is similar, and
the false rejection rate (false rejection rate, FRR) ERR is 73.2%. Compared with the
Whisper+BERT method on the short sentence classification task, the ERR is 4.3%.
At the same time, compared with the Whisper+BERT method, the inference
computing power requirement has dropped by 91.4%. This method can be widely
used in the fields of extracting key information from long speech, recording key
information of telephone or radio communication and so on.

Keywords: Intent Classification, Long Speech Sentence, Self-supervised Learning,
Keyword Spot-ting, Speech Sentence Classification

1. &% (Introduction)

1B B IfEE R LR EE - el HR B [l EE S R IR KRB ERYETK » 25
ORI E PR RRE o (EMGEEAIVEIRIRER T - Aiilsh AGE Atk H ISR R
FERYIF D - AR B BEE S 5% A (automatic speech recog- nition, ASR) fHEAUAYHE AR
5 o (FHEERE FFEEA OB (spoken language understanding) [y 5754 ¥ 55 2 HEHEE Y
FHETEENEEEL > RCRAGATAE o (RN ASR BRI > [EEE R Rt/ DB FEEERN
A SN AE IEFEEEEMHRIEE S (Jung, Kim, & Chung, 2022) - fEeHIATBZEHATEH » It
BRI R P T R R g RAGREE B R Ao & > g ORI RR
s 2 (Zhu, Zhao,Zhao, Zong, & Yu, 2019) -

H—IAWTZE » HAF Fluent Speech Commands (Lugosch, Ravanelli, Ignoto, Tomar, &
Bengio, 2019) FE/TEEWHRE R RE - AR ERMEET - wmE R EE
S L > BIE N THEEEEC ASR BEFERYAETEEPSAMLL - AR S IEMRER
(Borgholt et al., 2021) o /L h LAV B S (EH L H HET T EE - WM< F
SUPERB(Yang et al., 2021)FI| FzE & HY B BB B2 157 (self supervised model) #7172 fE5E
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F(EBSARLSS - T8 T —(8PSCH9 HuBERT (Hsueral, 2021) B8 » HAE 10000 /)
B SCEER (Zhang ef al., 2022) FHE(T T TEAIGR » FRACEHE R RO FTRS BRI - 2T
et T R TR — (AL A + R B SR - S R P
VRIS £ RS0 R ABIRAN ch SO0 S D B 25 o e (T R G BRIkt
FER » TR PSRRI M (A P BB RSB B FET5 » DR — (P20 LEURA
F7 5 (T L LA E AT e -

FER R BT o+ 40T DB 507 O TR 2 — (B SRR+ TR
ERHILTEGREREEN BET RERRER T o B %R
Whisper+BERT J7 311 117K HE 1T 1 574 -

ST EEHTETRRA T
L RPURH T T - RS E SR BE - £ B P R B

SYAR - BT HUBERT F3ps MR BB R 6T B, - 2ol = a2kt
8 BRI A N -
2. AR 7S A LL RS Whisper+BERT (55BN TR T/ » EUBATEHAR
SRR b -
3. B T — B A B A R B BB A TR AR T2 - AT DS M
i R BRI A ZORL AR Y
4. BRI T R RIS - AR TSR TSI - T DUR R SR R

% .

5. B T R SOEREE Y BUERS - ERENFIIRERE CATSLU (Zhu ef al.,
2019) HEFTHY -

2. {E¥5/r4H (Tasks)

2.1 FribHIHPL R B REE S BB P ER (New Taipei City Fire
Department’s Radio Corpus Long Speech Intent Recognition Task)
HrL M e iR BB R B R B R A RSB R AR W AL M P R s T RS 08
b BTG AT A IR R B AE T FEANE LB RRGEES - HPaEEl Al
s LB SRR - EIRER - FEO0ES - FR - BEEREANS - BB EE
b H) T HEEE EIANE - WETEEI M - R ERE T - G RENERE

FEaH ~ SEAREE (AR o B En A SE B o S AR -
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[Figure 1. Fire Department Radio Corpus Marking Method]

2.1.1 $E{LHEE#E (Evaluation Criteria)

BRI [ R R BRI BUAE AU - HE R R IR S LR
M —(EEE - AT VEBIES - HEhEaA S EEE - A RS E LR
SRR > RS AT (SRR & T B R % ah A iR -

= BB IERER R R T % (5 R B e AR AR - A E L (S LR
HAT = (ERE - = E R E A RN - GHERE ) 6 i R i A
TEFEHREVELE] - R ERES » SO R EEBEES =0 IR =
TERESRAE FAT AV S AR AL 25 R lsh O T BEUMIAE T -

[ 2 Ryat ST 2 RS - = AR R B RE A o B (R A R B (R R FEUMIAY
EEB > AEBIF A LA RE (1+1+2)/7=57.1% - B EE R B HE O RS
BEESEINVER - ETE PO FEEHTTUFRT RO +1+0)/3=33.3% -

e 1
Ismas |

— o = -y

11 match
= " j RS
e rer— v

=B EFrER=4/7=571% | BEEF#ER=1/3=33.3%

[ 2. =FEEHER B2 EE
[Figure 2. Schematic Diagram of the Calculation Method of the Accuracy Rate of
Three Intentions]
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2.2 Mobvoi Hotwords ¥ 37 B #3825 IR # (Mobvoi Hotwords Chinese
Keyword Spotting Task)

Mobvoi Hotwords (Hou, Shi, Ostendorf, Hwang, & Xie, 2019)2 i 4 I A B H AVEE
wh sERb oy BB SRR A B SR YRR A - KB SRS F T B/
TR o WA{ERASEEE ALY 36,000 ERaEA) 0 sKH 788 EEREEA » FFHTE 3 F
65 pRo M BREAEE REEE BREE TR EL S AT F R L B T
BETRE > St NG LUREINVEE S 98 TR EE o IS JMRRFE =N T
BOK - KBRS T REFRIRT ) R H AR o B T RE/NRT | ROSRERHE SR Y RE R Ry IR
BRI e - LR AR FRR fI FAH SRAETEIIAIES -

2.3 CAT?LU MWEEATYEER (CATSLU Short Sentence Classification
Task
CATSLU (i 21 J[& ACM International Conference on Multimodal Interaction & %155 —
J& Chinese Audio-Textual Spoken Language Understanding Challenge F&HAYERIEE » H
BEUEENAERE 2 HERR - 5% - 2R - E - SEsEEEmEReEnmaz
MO E 0 RPEAEERE - B AI B A > WA FEEER -
oMz &R R U A R A T - Eh RS HaEE AT
*E’*”E’J% (& WA AR e EN T R RS E A E LR AR U\BEJJ:EE
SEAIFEAE AN EARERY R E o TR R B R M E DL EHYEE A E R IR A RGER] - B
l%ﬁi#’;fﬂﬁ%@%“ﬁuﬂ PESMRAPTHRR I o3| SR 2 ~ Baas 6 - HIst R BRI E i TE 7y
tbw% 70% ~ 10% ~ 20% °

ISR T AE o HIRE AR oy R g Hoh—BURREER E*E)%%ﬂ*ﬁ%inl
&G ’7 BB T A 2] o SO RE B o SRS IR BT MR RE © P st R A
TRLEE ) o SRV IR AR R AR A Y (B 55 -

3. F7As%ET (Method Design)

3.1 HEFE (Method flow)

RATESTT B 35 I B RREE - SRE R RaE ) ha R % sE BT

B HABRMES B E IR BTN - ?ﬂzﬁ‘f‘ﬁ%ﬂ% B ETUIE] > BT HIEE

lﬁﬁmmﬁﬁ%ﬂﬁm?’%géﬁﬁﬂmﬂﬁ RIMGUIEES 0 B R R i B
SHRGE > FEUEGNE RS E g At S A EENE 5 - WE 3 -

R EZRE L EREEEHESE ST RS 5 P » £&08 HuBERT (TR Z R
B » AR TR 2 5 R e R B B E RO R R/ 1 B
Frig Mg Hizie 5 o h—E DEREE 2.5 BUBIKRZE 5 PrEEE - A&7
FFH IS — (BB A HuBERT 3745 Al VS B — EL RS e &
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window intent

B 3. RAFFIE L%
[Figure 3. Long Speech Segmentation Method]
A AT DURR B8 5 (ORI P 8 [ (5 R T e A B A 28 b 35 P R B i A T RE AR B Y
s HEE T B A RENRE SRR - R A EEREE S EETH BN HuBERT %f
Bun B A BB TR > skt = E R N EE - 405 4 -

Intent Detection Model SEL:IT i

1 t 1 i f Intentl

POPO® - |dq-

Feature vector

I I I ' Intent3

Qutput

Chinese Hubert Large

I j j Intent Classification Model

*

Slicing unit

]

Input Long Voice

& 4. 772 FE
[Figure 4. Method Flow Chart]

REHMTEITEREET TE(L - SRR & RIS PR T -

3.2 HuBERT#TiGEFEEl (HuBERT for Feature Extraction)

3% FI7E WenetSpeech (Zhang er al., 2022)f7 10,000 /NI Sz 3ERE T3 4R 1Y
HuBERT (Hsu et al., 2021) %8 ARYEE A #ETTRHEER AL - HUBERT ZaE & 1Y H B B2 51
BRIV E R —{E - 5 B 7 S SR s T S SRR B Ty R - S
BERT HY mask J3=UFFHH—E o0 R 8 F A BTV E 52 - (8RS EEI%k - 2
{##5 HuBERT 7% iz B 55 & FH BH M - 2 A 8 A -
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HlP kT ROCRLIEAYF HuBERT JREUIES - 4650 SUPERB (Yang ef al., 2021)
497 P55 HuBERT (065 — itk 804 AT B PR PICLS BT e
7 I (weighted sum) e FRAE (T T BUATAIAR - HophIRER (weight) (EErAT TR —
R » SRR PR ORI R > BT b B S H I HUBERT 3¢
RIS E B

3.3 BEMERTEEA (Intent Detection Downstream Model)
BEEEH T REMNIE > BHABAENFHRETRSEEEE - HAH A B
HuBERT iUl U B RE YRR & S F B EEER - £ EE RIS
Ehe > PP P B R TR B A4S > R Ry nTRE R BB RE A g b % o HIlSE
B R IR 5 i s A i e S (overfitting) HYIRINL - fERRFOMY BEGERE S THY
EEMERIRE - FRAPTEESE T —fEAE R R R By T F{FTE2°% SUPERB (Yang et
al.,2021) P REAGEEE 543 (keyword spotting) (EF5HY FIFARRIREETHY - RIS
50

Feature vector From Hubert

= 4]
o, 3 @ 5
z : 3 2 )
v o
- = = 3
8 > = &  — Al 2
w C_) w ~ =
c S‘ ﬁ o
3 o = -
B 5. TR
[Figure 5. Downstream Model Structure]
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B 6. EEMIIENES ERGERENL
[Figure 6. Comparison of Experimental Results Between Whether to Do
Mean Pool-ing]
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FefiE3E weighted sum A58 HuBERT HyE—[gryigid » ¥ HuBERT Hy%E
— J& L TR ESURF F mT DASO R i AT Ay o 238 PS5 R 15 21 B 47 (Y B 4R 45 51 - B9
(mean pooling) JEHIIEHIZTE weighted sum 1% HYE P EEEURE -

RIENEE R EERGESE (B 6) - H{E ML T LA Sl A S B EHERE > /T
I SRS S B AR BRI BEERE T « FRMERA T 4%4 B9 AV (kernel size) - {E 8t
B S S > T DUR D AR/ N DA R & T S E B 20 Y &R, - (T3 {E A
b (mean pooling) 1% » BRFH—{EHUE (sigmoid) JEHMI—J@4k 1 (linear) JEHL AT LLSERETFH
M HETTEGH

3.4 BEISETIHFEEA! (Intent Classification Downstream Model)
BB NIFERIAYIIEE - BB E ORI 2B HEE - ¥ AZH HuBERT
A EU ARV R IR & - i R EEE R IR o TR S SIS 0 IR
AT DURIB AT T 0V R AR T I & Y TR A 28R - ReME R Eeh > A EE
BRI RS AR A [ e S BRI ORISR - 5 1E (Borgholt ez al., 2021) HHEH] » FHW
(& linear JZ# Bidirectional LSTM (Graves & Schmidhuber, 2005) f&RZHY T &R
ST S BRI A RN IS o FMERA class-balanced loss (Cui, Jia, Lin,
Song, & Belongie, 2019) #{T34 - MBATHAAN BRI EREH (B 7) 7JLARN
D SR 2 M IE R AT 2 R -

confusion matrix
- 0.8

- 0.6

0o

Cross Entropy Loss Class Balanced Loss

B 7. FIEREREAILE
[Figure 7. Comparison of Different Loss Functions]

3.5 EEEAIAH SRS (Bi-model Combination Strategy)
WA R T Py - BRItV EAE & - BRI AR BB R - IR
BERIREEN JT A R HE R E E R A HE B 8RR 7y Bk A (EUHI A A AT RN - & e
S22 UNERETR= -
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EZ AR S » EEEHEL R B ER R e R R & - AR E
MR AELT B R AT 358 - BRI TRANR B BRI R 7 4 $E R TR - RIS a5 RS
HItEER - BE{EHER WY FONIGE SR DA TSN o Bt DAIRMER B T ¥ ARy 4H & 5R0% -
BEME AR R o] SEFAE B BV R & 2 80 A S RETT TR o 6 = 8] e R A
RIS TE EAETAE B B RV S5 R B o3 JEB AL 45 VAR AE AT = KB 73 B HIRR » W
FrA R R0V R AT — @8R LETIE » ST DUESZ BN B EF TSR - 4
GreRigERE 8 Hrh ID FRAREE/{EMEER! (intent detection model) » IC FRE[E 57
KEFETY (intent classification model) - BB FEFHERAE AR T ¢

n
_ Za:l Pa1 * Pka2
n

Hrf k BHES kK HAVEIE - a fUIEMRAVES a BEE1E - n fRUIEIRHY S 1EAREE - pal 45
EE(FHEAGTE a BRBEFE R EAIR > pka2 fHEE 7 HEAGE a TEEFALE K B
BRI - i L7 ] DRG EE AR E AR > FIIEERR R
A = KRB R BT -

BAHER AL E I & AR R R A B B8 LT T ERS At -

Feature vector
Intentl
. — — I-’- ‘ - Intent2 Praz
Intent3
ID Intentl
@-|- @ cf-{e=
Intent3

Intentl

|..__”ﬂﬂ!..hﬂ ] [tz | (o]

Intent3
B 8. BRI
[Figure 8. Integration Strategy Flowchart]

4. BEE (Experiments)

4.1 FriLArHb BEKER R RE T S E PR E B (Experiments of Long
Speech Intent Recognition in Radio Corpus of New Taipei City Fire
Department)

pk
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4.1.1 &}¥3 (Data Arrangement)

Fribmlb ER SR -G ER S - HP e KSR o RITHE#E
PEME  MBR T e N iR E 0 SR T A TEEEC - A RS E
& HER AL BB R AVEE - BEERAR ST S A f K& R iR 53 K 16
B BEEENNES > BERSNA 2,891 # > 5/ HRF 2 @ - SEENNEAEE
WE 9 Frn o FARFE R IVE] 77 Falll SR £ ~ Basg AU S - S kavE R
F 1PN -
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[Figure 9. Intention Category Distribution Map of Fire Department Radio Corpus]

FE 1. AL iR e R B Rt & B R
[Table 1. Division of Radio Corpus Long Voice Data Set of New Taipei City Fire
Department]|

HkHEE sH R SEAIRR (VNRF)
BllECES 11372 57.80
S 403 2.02
e 588 3.17

KR H SR B S & hReE s - EREEE (U RAY I SRR - 3P
FEallERHEIR 5 B—E 2.5 MAVDHE (step) RIEVIK T35 T FEEEER
LIEHVIRRC (label) B R 1 XA B EENEERER 0 FHRMANERTAEET
Saoh 1 VERINE HES R 0 BVER -
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B R E B E R - NRREASTEEER - AIRSEMAVER > Wiz
IRER AR R E - BB IR E R0 BEL S D-RENEEER
AllsRER - BBV O A BB RS AR S e EE -

4.1.2 #EAUFSE (Model Training)

R By AE T OB & e 4R B Bkt Y B B R 0 R 29 A > FrAERFI(E SN SREEER A class-
balanced loss (Cui et al., 2019) - [EFFFEILERHE DR EFINR - F12% ASR &
K55 (data augmentation) J57% (Ko, Peddinti, Povey, & Khudanpur, 2015) &k
BRI SR Tk o RIEEE A 0.9 A1 1.1 % - EEEHFE B BRI R M E
A linear model > BTz EHL AN (batch size) B 320 ADAM (Kingma & Ba, 2014)
B(EES » B3 (leanrning rate) XE Ly le-4 » [EHF5| AT warm up Y scheduler ER)
AR RIS - FIISREY epoch Ry 30 » AT 2P 52 2 URHL -

4.1.3 BEEsE%:T (Experimental Design)

ARG E ekt iy H A2 B8t — (B 0y U7 7% » IREL AL (E/EHY Base- line » R E
B/ DRI RTREFAEAYSEER » A DAL B R AY IEMERBUE I S BRR &R B E B

B B PR L Y R 58 0 2 [ W Rk 05 A B S i SRR Y B i R R R U A DA
JABEEHY ASRTBERT HYJ77AM#ErT 7 ¥ ELE B - W DATERERAE Ron PG 4EAE - LhER&T0A
MEREIESS -

HrpHy ASR J77AEFAMEH OpenAl FHJEHY Whisper (Radford et al., 2022) %5EE
ASR 15U » 2 F 75 2 (BRI b o I L S PSS P MR O -
B AR EE N AU T 0 FTOLIRPIR BERT BUESEAI Hugging Face HI4R1Y
BERT-Base-Chinese fHEAI(Wolf et al., 2019) » Ffff] BERT #7580 R EEEBHY G E
27277 (Sun, Qiu, Xu, & Huang, 2019) -

Z &AL E A S RIS AN B LHV B LT R - @ iE R TR R A BT
AR I Y A0 R FE R (E S RS Y = BB EMER G R AV Bl - (EH =B EEERIE
RaHE RN RS S E T EE R -

Rytrag AF » RETERE - PrA B EE S EHAVENZE Freeze /Y » E$H Whisper
N HETHEE (fine-tuning) o

4.1.4 BE4EE (Experimental Results)

REBEISCREAEITE - BRI —E NS T a st T B E 2y N7 7% - BURIHST
ITEMETTERES » T ETEFAS PR B HuBERT+ BE B « How » AWFCEl L0y
Wi AR E e 77 % BN Whisper #7758 S W5 FFF BERT 1T R B 7774
HETTELEL » HITEIERE PR R Whisper+BERT © ASHHZEER A R Y 73 AT
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EEME AR B A S - BT AR TR By HuBERT+ B HRAY » SR(hE

EHEIE IERER (acc) © GERAFR 2

R 2. MG ERET T AR L EBRER

[Table 2. Comparison of Experimental Results of Different Methods in Fire Station

DataSet]
WARES R E R (%)
Whisper+BERT 28.9
HuBERT+ B Ry 4.2
HuBERT+ # Nyt 385

WEMGEERLIEL - M7 AFRERE Y T o &8 J 35 = BN
Sy HRERIRE 778 Whisper+BERT J57A4HEL ERR (error reduction rate) 4 33.2% o g1 EE—(F

SRR R R E AL AP R

HARE R -

TEVERE - NItERE R EE

TR R

[FJ R AT FAMTHY 774D Whisper+BERT J5 A HETTHEER IR B/ NEF HY BB AT R 50
LT T RS - FMIBIERUEI TR TR - B HY SRS AR BRI Ry 17-12700 AYREEEES -
64GB ECEAE > —iRk RTX3080ti BN o Pl A IE BRI p T — (8 N HURE R

P AR S T A R 2R EL P S

SET - &ERFER 3 - AILEHIEAMAY AR AR S
LA F Whisper+BERT J53258/0 7 91.4% -

Z¢ 3. Whisper+BERT 77)%81 HuBERT+ £8 [ jpd7tiarsEE 1741
[Table 3. Comparing the Computing Power Required by the Whisper+BERT

Method and the HuBERT + Bi-downstream Model]

FE HERHRRRT (5788)
Whisper+BERT 8.87
HuBERT+ & sl 0.77

AT ERRIVERE L - SRATSCER A & R E By -
TEMUIE SRR AP RIS - ST AR RS IENER © [FIARYRAE s1 BRI A

B RE S A B BRI E

BadiiR - ik 4 -

A FH S AR R PRI i cE AR B =
HYRAE s2 SERFTA AR & A EEHR IR EEIEA
VB LR AR 0 i L e v 9 = {5

PP i 8 S A A VR AR N B R 15 1A 20 2

B

Y = {551 - ot

SRR > st EE(EERIHE
=FE T =EEEREREEHE
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K 4. RIS T ERRETR

[Table 4. Experiment Results of Strategy Adjustment|

e DHERE B =R R (%)
s 2.5 47.8
s1 1 48.2
s2 2.5 47.8
s2 1 56.2

HERGEREUR - MR R AGHY TR -
IEMEREEE T - AN - FERRATRTHYRRR
RE & A EIE YR BT A TR ) - MR DURE BRI -

A RE BT HH ] L 20 M = FE S A g L Y
BEERBESERE - (FEMNE R
TR 2% - 28y

FEER RS R R I - R T S BENE SR SR SR E T - M
HEBT 20 TR HIAI A ZE AR R T T R A B SE M ERF YR BE - (BN R BHRAR -
HEEN R E R - MBI REA RS 2 & - HEEE N IEERS
B THEH - E—ARAEEEE ERR Y 17.6% -
FiE 16 EERET " i, SHEEERAEIENE S B BEMH - B
RiEp® > BAEEERERTIDSEER > BRFESNZERICERNNER - FETHE
KRR S E R ERERET] T 64.6% 0 DIFEERER b E— e -

4.2 Mobvoi Hotwords 4 32 Bf #& 56 5% IR B E§ (Experiments of Mobvoi
Hotwords Chinese Keyword Spotting)

4.2.1 &k} (Data Arrangement)

£ Mobvoi Hotwords &RMEH » EA143 B =50 © /REGFRIRT -~ BE/NFT - dERE g - HOHES
ERBEE TR S o FATRRE RSO0 NEERE > Ry [F—8H CARASEEE ) R e
HIEERHE 73 F— 8 - HERERNEREISREDIER » FZRAERE R 2 S 2 AR - 24
% P MM B SR RR S SR Y BB R R U AR - BRI &0 Ry IR R R AW NRE WA 8 - P 2R 4
Ty SARERI I o3 AN [E] A BE R A

¥ 5. Mobvoi Hotwords JI0ELLE
[Table 5. Statistics of Mobvoi Hotwords Test Set]|

BRI EECTE 6 SRR (/NI
frfoA Al 52,111 62.95

DEZNE 10,641 5.51
IR 10,641 5.64
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4.2.2 A% (Model Training)

WE TR EWMANGES R 5s > RiBE W UIKE BT A - MEE IR T 2iE
FEMRE o M0V BRI R AR [ 4 SR R A B S MR Y A - FRAMEE
HEZK A /N (batch size) By 32 » ] ADAM {B1/E2% » 7% (leanrning rate)z%E &y le-4 » [H]
5[ AH warm up (Y scheduler B BRI PREUT ST SIS epoch Hks 30 » BRI 5E 22U
ﬁﬁ'z o

4.2.3 BEpE%ET (Experimental Design)

FRAFTHF FRAM Y EE R Y 7 P IS B S el S8 B 7 i MR RS E ERE A AR A RE
A AF RIS SRAN L &R E R E TV AEITHLEE - 55775 B ERHER tRam IR FHY
/IS $E SR B EZCEY (false alarm per hour, FAH) f{1 (false rejection rate, FRR) °

BAPTHHEST T (50 P B — IR AL AT (A o SR T EL BB - [RIRE R SR PIRV &S SR AR
FEIdaEm L (Hou et al., 2019) SR EAFHY RPN AT THILE -

4.2.4 EE4EE (Experimental Results)

HERGEEMFE 6 - I A FAH HEE RPN HiEE T 18.8% HUfEN T » # FRR [
T 73.2% - [EIHFAHEE IR S0 B NI ARV 4SS - (B FRMI Ry & T8 757 AT A
1S EIFKAY FRR - GEEHIMAY T A R MR A SE S R R L aE A IR AU REE - H A
— EHYE M -

K 6. PRI LB R

[Table 6. Chinese Keyword Spotting Task Comparative Experiment Results]

T3k FAH FRR
RPN 5.00 2.20
HuBERT+ E& RS 3.46 2.44
HuBERT+ % NjFfEiAY 5.94 0.59

43 CATSLUSG :E 7 77 ¥ E B8 (CATSLU Short Speech Sentence
Classification Experiments)

4.3.1 E}# (Data Arrangement)

£ CATSLU &RMES - sBA7 B Hop A BN IWEE S EE o B8 LA
VISP vessg:ce T?T%E”r W THR
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F 7. CATSLU EH/EE 72 o/ BRI RTaT

[Table 7. Statistics of the Number and Duration of Sentences in Each Category of
the CATSLU Dataset]

Ll GGl e s iR (/NEE)
R 3861 2.77
b7 ] 1672 1.47
=E 1789 1.58
2 1247 1.19
KA 1676 1.38

PRATEE TR BT - JPULRERIZRE ST B a B E 7 HRTE » §l6R
EEME IR F AR AN 7 Rodeatl - FAEA R EAYE R PR R B AR oy K VU - FI
SRR B oy A

4.3.2 EARFSE (Model Training)

T NI EERE b > FRMIERA 7 5 BRI « (7T weighted sum 2 1% > FAiF
FifEun & FH 4R MR (linear model) RFEBLESF] 256 4 > > &0 A S E K/ Ny 256 7Y
—J& Bidirectional LSTM (Graves & Schmidhuber, 2005) » 7 1% g H &8 38 5 {E (B
(mean pooling) 1&4K4R AT (linear model) 5 - Whisper+BERT HY /7 AF MR FE 58
REERESLE R Whisper EEERRCEAGH S0 Ff A BERT Fl— @4 Mg 4H By SR 7
RIS T M -

4.3.3 BEpE%:T (Experimental Design)

FMTET T = (77 A0 - AL 15 e e 1 57 2 R B s B By 70 A
7] - LR R S B 0 IR /) > ERKEE > (5] ASR TILLE
AT B -

4.3.4 BE4EE (Experimental Results)

HERGERAR 8 o » fERTH LA - HuBERT+ BT FHAIAY I A E R B 27 # 04D
ah & 7T JAR > EEfE A WhispertBERT HYJ7 /A IEMERENG & —£& > WETCERIE L
5938 T JeRTHIBTSE(Borgholt ef al., 2021) {EHSCERHEE P AVES M -

HPRAIEE FHRYEE TR 7% » PL B T R A b 31 b R B a7 A B Ay IR
R o N R AR R Rl B R o RS R RE S o R 2
{5 B N AT A o] UE TRAFHYRIE -
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78 8. CATSLU EHI5E> EipisE
[Table 8. Experimental Results on the CATSLU Dataset]

Fiik IEREER (%)
Whisper+BERT 85.7
HuBERT+ i[5 89.1
HuBERT+ el 89.4

5. &EsmEESRAR 5 (Conclusions and Future Directions)

HFIHR AR el ) U 2 0 B B R 050 - AR = (ERE S B L MBI Z R T A S
TR - AEEEHFFH(LE T8 Whisper+tBERT J77AMEL - Frfe &S5 T HE T
A AR AT G A& e i TP B o BERY CATSLU HYRIRE S Sy JRERS m DATE By
— {8 R S 2 i S e B B S YRR (S - EZRHVTAFE T > IRPTRHRR H A
A DU A YA RS B B E R AR AR - [FIR B S i A S AN 4% I s
R R MR R A T TR
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