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Abstract

Due to the surge in global demand for English as a
second language (ESL), developments of automated
methods for grading speaking proficiency have gained
considerable attention. This paper aims to present a
computerized regime of grading the spontaneous spoken
language for ESL learners. Based on the speech corpus
of ESL learners recently collected in Taiwan, we first
extract multi-view features (e.g., pronunciation, fluency,
and prosody features) from either automatic speech
recognition (ASR) transcription or audio signals. These
extracted features are, in turn, fed into a tree-based
classifier to produce a new set of indicative features as
the input of the automated assessment system, viz. the
grader. Finally, we use different machine learning
models to predict ESL learners' respective speaking
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proficiency and map the result into the corresponding
CEFR level. The experimental results and analysis
conducted on the speech corpus of ESL learners in
Taiwan show that our approach holds great potential for
use in automated speaking assessment, meanwhile
offering more reliable predictive results than the human
experts.
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1 &3 (Introduction)

BEWBARRFN  2HOREREEET R
BB ORGFHHRREBE A BLBE KR
TSA B & 3 3% #% 3R(English as a Medium of
Instruction, EMI) » H & #7731 X 64 23R4 /7 &
HERARELAEEAGTE R - RIFBASE
B ZEEREARLGAZORKETR
REFRE > MUFERGBEARLK? £H0
WRE T > MAURFNETRETAE > I
£ A B % 3% § $F B} (Automatic Speech
Recognition, ASR)# #1. 3% # & & % (Phoneme)
BERTEAZAATOFEZZHAOET AN
Bl o RIRMBE R BT E 4
&) A B #1835 3 22 913744 F o (Institute
for Automated Language Teaching and
Assessment, ALTA)A7%8 /& 89 Speak & Improve

? EF Hello: https://tw.hello.ef.com/



The 34th Conference on Computational Linguistics and Speech Processing (ROCLING 2022)
Taipei, Taiwan, November 21-22, 2022. The Association for Computational Linguistics and Chinese Language Processing

=ik
EERR
ol = comm

ASRIEEHM :D Get a good grade ...

)

R [:{> DR
(Feature Selection) (Grader)
CEFR Level

(below B1, B1, B2)

1. BELRBHAE LS

MWk AIRBEEMOIRNERE > EAHEE
FTEREEA - ENMME > BBERLESH 0 L
A E AN £ F 255 42 % (Common European
Framework of Reference for Language, CEFR) &
TR ATRESEE - ABRNAFERETE
HEMHBAEANR  LAATFLEL 2 GNE
B (ke B3 ME A~ XUk F)RIFERE s
(Holistic Scoring) °

P Ed % uey B OR T BEUE 0 AW
BRAZINFZANREERELY
FBERBEE - RMAELH G SR OHFBA
BB By BB AR ZBRBTAMNZXEE KR
SAHNRABERERE  BREASEE R
REAWRFBORFIEFZ > RKMEAE
TAEIESR (CEFR) 1FAARE > AubBH 4o
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2 HMBE (Related Work)

BATEH /MO A R S 4 HIEEEE S HED

%ﬁa E ?/J)‘biﬁ\‘]'%ﬁé"jm% 1) ;E:_X%k% E‘F‘L‘/{ Q iﬁ’fb
oA BAR R S AR AE R R
O SUAE R B AL o

Zechner et al. (2011) R a2 REx+ T BAE
e1EF L o i d 8§ E A 5845 (Prosodic
Features) RTABIJEE3B AL R BHHE 58>
Bl 2 A BARR SUAS 0 P IAAR B0 — A 1 SR B
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25 3L

b Tm AR, AR EETHERENR
A2 AR H 8K o ™ Knill et al. (2018) £ A
ASR #5509 X FEM > £ T ASR s &Y
R R B b A P AR 2 AR AT R B
B dm7 ASR B F R EE A HLaRT
D ERGUER > BT E R s ASR 54k
XA Lt 8 3544 3% & (Word Error Rate, WER) >
EMANREMET M YT HAHL
O3 4 4 © Craighead et al. (2020) RJ{# %
WA B ASR EAFehiRsksik 0 £ A % B AR
SIS R #. Al (Pretrained Language
Model) * K 25 8 #3F 5 °

PR T AE R SUARAE By 35 W B o Bt 2
9o b — e SRR A AR R OR TR
BIAREAER Loy 3AE O3l B - £ ASLHK
25 B ¥ 35 A5 L 0 Litman et al. (2018) & A 4w
FO, #£ & (Power) 898 F 4340k A JE B3B3 0 3
X ORI o M TR K 8 EHLT
f& &) Bt % > Wang et al. (2018) £ A At &
(Energy) 1F % 3 0 30 R B ol AR ALK R s s\
B2 — ° Saeki et al.(2021) &£ & @ RAEF 84
DRAER L ERAER - FEURARH
#o M EHEBIREIEAIFEFBaORE
#6) CEFR 5% > H ¥ ey 2B A ER T3
(Pitch) Ffufc & (Power) > M A BB & R &
o3 R B O AR BRAT AR AT 0 B R o
HEAT M B A F AR BT 4 ASR $LiZ b B2
HHAERA A HILAFFELEHFE
WAF I E B R M o MR H B LI R &
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SEZREINETHUE  EAM ASR &
28 A AT 69 L F & A B 89 (Segmental
level) 4 #1 > # # & K &9 8 § &
(Suprasegmental level) 4541 » R FEHEZZ
BErmniaztmaia o 25 AR RE
SLEARR BN o

3 % (Method)

KFERF o FiEkEMEwE | o — o R =18
FEFR 1B — PR 0 A AE A TR IIMRITFE) ASR
A B G AR IR S A =
X0 A8 B AR TR AT (Extra Tree) R k328 AN A
IERZEETHEM FBR ERAMEEE
BARBRAZREGREAGTHEBIE -
FEB T E 0 BV AR AT R R B kAR
OB AR S AR PGEIR 0 LR RAS VA B 4

3.1 454 (Features)

ER G AT WA FT 8 AR R 0 A A L RAE RS B
B 45 &K % & (Pronunciation) ~ i ¥ B
(Fluency) $2#8 4% (Prosody) @15 » 4wk 1 o f£ A7
AZE@ma R T e HE s BnETam &
B LR @ e B AR ASR AR
A EMABRXAHERENS - MBEES
By B B AR R R AT A R 0 LB R 2
HERRE BEBOFLLETRE - F
BURREHZMEF > MAM LB EE G
SR~ R ERRRARFERBTREA N
MR EENR  AREFHRL BH G
Mg me M Bibkank | Z8HE
FEE o EHERE @0 GEEE - AR S
MZIRANEROETRLA TSR F L
+ %/ #® 89 15 < 4 # (Phone/Word
Confidence) * fiE 7] B ik & ¥R 3t 45 & Fo i by B
MEFZ—

3.1.1 # % (Pronunciation)

AXFFBHERTH A G LT RS
R RAB AL EmEAFTRE -
EUAEFRRA > RAFETHIAZE > o
% & % X (Substitutions) ~ 3 v (Insertion) ~ ]
% (Deletion) ° #3694 5 R AE/E @A
RIRMI PR E R FE4E 3% - H P MR i H oy
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ko] FL
wE Word/Phone
(Pronunciation) Confidence
Silence
Long Silence
ik i .
Disfl
(Fluency) isfluency
Word/Phone Duration
Word/ Phone
Confidence
FO
e
(Prosody) Energy

&1 ARFR A B

MBERR BRAZEABREZTOEE
REAIE S (Chen, 2016) °

BTwABEETRE  [rMER T EFRES
B %) 6% % R4FE (Goodness of Pronunciation,
GOP) (Witt and Young, 2000) £ % & £ #& 7|
(Segmental level) # Azt HZ e n# - #d
REGMFHBAFEFRR BRI X
EL#t ASR AT 89 XF Fu 3k XA B3R 6B
FTHA o 2L GOP 5 FRA 8 F RIFEN
XA H
10gP (’1)-‘(T,H|Yr,n) (1)

% GOP ¥ 2 Y, By B4 A AMEE S X, p
B B REE T,  BEREEME
Be R REERE > EdriinkmErEE9
Py EnEE & -

SR e 4884 F ¥ ASR Al 8y £ A
R BB HmAAE - HFRETRA
BERFRERRIEHE » RAR R FoE ks
®oe B Oy HTUREIFEZ AL
HITBARERE » B ERIF AL L EAEE
138 % 6915 S 4 (Wang, 2018) ©

GOP(r,n) =

3.1.2 A% E (Fluency)
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WYGESH  FMEFTE - FR - RRAE

(Disfluency) ~ € # F % % & 3R - A& #&
(Loukina and Yoon, 2019) 895 % » 3 X 42 B 4F

8 5% = INE R 0 AR AL AR B B R MR
HESFHE - ERRRAEGEE > BME
#i ASR #ékz xF > At E "um,y -~
"uh, ~ 4o "Thmm, FLBEHRFOHEE -

M f£47 48 (Silence) Fo# & 1+48 (Long Silence)
e e o RAIER £ R H BB R
# 4t (Educational Testing Service, ETS) &) 7 =,
R 0 EARIAARE 0.145 HEF - GRGTE

M ABi 0.495 8% > §EFBRKIFHA -

3.1.3 B2 444 (Acoustic Features)

I3 EARITAR F BB (Suprasegmental level)
Bl RREAFEBAEMM OB KMEF
35 38 BRI 45 45 R (Duration) ~ A
¥ (Energy) & # A4& % (Fundamental Frequency,
FO) ° {22 RRAEH P HEFEEAE TR
GEEE M — > mIFEETRE EZ

LK o,
0% °

FEEFR (Duration) : FEERMA—EF £
REFEFKE o BRIE (Neumeyer et al.,
2000) B9 X 0 T F e HF R R A R 3T
S EHEAN BABRTREBSLESL
KB FEEEELER 0 iTAETH
BENRREE ARG  c MRABLEEHLY
WA ARTRAGET R 0 A F R (B
Ko~ 3~ WER) > MERERRES > ¢F
AFBEERGER > EMBERGE -

A EHFEFEE > ZAMAFE—RDE
W@y FEREARABEEHEHNK
B 8 F 34 14 (Mean) ~ & K fE(Max) ~ & /MM
(Min) ~ 4% # £ (Standard Deviation, STD) ~ ¥ 4
#(Median) ~ F# #(Mean Absolute Deviation,
MAD) ~ #&Fa(Summation, SUM) > 1 2 w18 7
409 0@ 8 (Chao et al., 2022)

% 448 £ (Fundamental Frequency, F0) : & &
PR ABHEETIROBEE > mMRBRAERS
MR A b AT S  FO IR KRB EE
(Stress) A B 3EAA B o 2K M > AR4F Sluijter and
van Heuven (1996) 4t ¥ f7 i1 £ %35 L E 5
BOFTWHE B FO RETZMARTH

GO B ME o A2 R H e ERE A BB KBS
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BHEmE R FO RFEFAREE T T HER
AHLEM RAEZBLIEREAEZT  T54

G4t & % % 3 % & 8 R Fl(Tepperman and
Narayanan, 2005) > /£ 3538 L > & & 7T At R
ABERFZAR - £LRIEFHE - HAFA
B R AT TAEENEEREE > Bk FO
73 AE 2 BRAE @ e B3R ETAS L © o AT L AT 4R

BRI RIEMER AR KT ERET FO
LA BAR AL FO -

=

SEE (Energy) : fE ZRER AR AE S 95
& KN MAEE 89 4 14 #1353 (Intonation) &
Moo ERMARY > RARAAERAEELYH
BEEAEOEE RARLAREBETET
B dn B A AE E A @B EE R A & AL Y A8 B
(Dong et al., 2004) ° 8 R3t > #HKA1E A ¥R
f£ ¥ (Root Mean Squared Energy, RMSE) & 3t
B8 e St 2 4F A B 45 (Chao et al.,
2022) o W #&APIME A S 4% 4R B R AR ) 8 3t &)
ERE TR EHM -

3.2 45 E4F (Feature Selection)

ERBXF o RAVERARRAE 485 (Extra Tr
ees Classifier) 1F & 45 R &) 7k o B RAHE
R A% Ak (Leo, 2021) #9284 - HIEE X
BIRE MBI B 250 > @M EE Y T B
R PTR BB ARARRE AR R AR

FArE AR FRB 2 28 55 3T B AR 4E (Impurity)
AR HE RN > PEER R -

3.3 4 8HEA (Grader)

BEILAX TR AGHES > ANEBY—
ZERBBEWTHS A CEFR 4% » £ K
TREETF -

B; = M(P, F;, D;,FO, En;) )
Edame > RAEXEwTERTT8 0 RE
& o) PR B G S B By 1 S AP, ~ AN
B HFRLF; ~ 5 8 B R4 D; ~ AR FO, 1
RE B MEN c MREDBEA > B ARKZ
CEFR %% o &:@45 R e b] > R
Sb A B B AR AN 0 & 5T L AR
ek FRAERE R IRELHE
%] CEFR &9 4& 3¢ -

AR P @GR > A F
¥% (Simple Linear Regression, SLR)
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P 5 (Multivariance Linear Regression, MLR)
(Friedman et al., 2010; Kim et al., 2007) ~ k&% 7
# @ $ (Random Forest Regression, RFR)
(Breiman, 2001; Geurts, 2006) ~ % ¥ & =@ §F
(Support Vector Regression, SVR) (Chang and
Lin, 2001; Platt, 2000) ~ #f & 4% 732 %7 (Gradient
Boosting Regressor, GBR) (Friedaman, 2001;
Hestie, 2009) # A - ARIE % B4R = &l
1% P 3857 A AL o5 A7 18 4k vy E M) Y B AR R TR R
HRESHGEHEHME > TERRBEKE
SRR EMY R BIF 1T E3THR
KA A BL AT, #4340 % Bl BT 59
A% B2

A FAAR AN - £ APk A #4518 57 (Logistic
Regression, LR) ~ & # #k #k 4 #8 % (Random
Forest Classifier, RFC) (Breiman, 2001) ~ X # &
& #%(Support Vector Machine, SVM) (Chang and
Lin, 2001; Platt, 2000) ~ # & & # - #8 %
(Gradient Boosting Classifier, GBC) (Friedman,
2001; Hestie, 2009) ~ %% M 2 %8 & 40 &
(Perceptron) (Freund and Schapire, 1999) ° £ 4
BEAY > ZPFFREAG TN B
BB AMEAE L ARRR - »BEHEAD A
IR B AR F G Fo HyH 2 B B AR 0 34 R
M B CEFR 4% °

4 T I ML M 5 H (Performance

Evaluation and Analysis)
4.1 #H (Data)

ORFSBEAEEFFHERR X F2FH
REHATAZLENR > 2B AT A HBE
MESFREZELE EASEEEHES
BEMEMNE ATRE#E>WZAEAZ T
RI o AP RME RS A B O RAERBAH
B DB L S A R o KX ARER &)
B A E B R R ORI 0 AR
NEHBZIL AR EX - DX AEEE
MO BAEAE U TRH @ AR o = AR AR
£ 1028 & 15 A 30 £3%F%5 - £H
FGHER PR A 90 £ o & 103 L RRE - Hta
ST ERTS2E % 2 BHHZERLZL T !
Hh HMeEi® ASR BB EETRNE

FHEBAIM RGN - HF > %M

4

B2 CEFR # % %% : https://reurl.cc/ImXRIG
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Bk | @& | AHE

423X FlAE |
BRE(NEF) | 2.6 6.4 2.6
TR 103 103 103
REEA

: 2
(FEH) 57 0
T TAT S

- 1
(%) °
FHE A

- 29 107
%)

2 TRREA L HITA R

WAL P ERY EHRXERREN
BRAZB=@A 5 ET 1 2] 5 p i
BEm¥ o ¥ THE CEFR 4% > &
CEFR®IEZE & » 2 REFWAZE » R ABC =
BR % EFXBmuyl AUA2 (GhetiE A
#) ~ BI/B2(% 348 A #) ~ C1/C2 (¥ #4E A
F) o HAV A Ry B R BRI A GG 8
B TR 3 R TESOERERE
Bl: 4328 4 5%k~ H Bl 42/ A8 4 5 4
A B2 RRE - ARAKRRF =300 EE
ko PIREBHAEA TR Ea L o £
& 26 N 2AKTFHREERAHRES
10718 (L%2)  £FB&ENEHTY > 24
8 F MR S e B 2 R o
BRREHF > ATRZHERZHMAS
B4 3 0 H&ESNE ~ THRAFEZH
B 443 Cohen’s Kappa 182 0.45 > /75
EEm@ et A3 0470 £ 04 ) 0.6 28y

b
X

g, ~
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Feature importances using MDI
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3. E R

%6 B 41 2B 7 — #&A42 E (Moderate) ° % W4 &
FTUFIrME-—FG&  ReFF =%
FETEHRER - MELHEEREREAL
ZREH R B AEZRZR S AN
MEZRBAMPE  BANLE Lo HmIE
BERERNY - B2 ES F ALY
BLEERABME MAZAFZERRAER—
o BEAFFERR —RNEL - TR
AOLBHKB AN ERM > BARSEEIK
BATEEZBEBAZEDHBZHE ORNRE ©

4.2  FTEEZE (Settings)

WXTF FERBETEMARRABERTKR
F o BESLRET AAZE P RIVER
4 % %4431 4 (Multi-condition Training, MCT)
49 ASR #2A1 - M B AR AN A% A B R 84 B ]
#E A 4P 42 49 3% (Time-Delay Neural Network,
TDNN) (Povey etal., 2018) » & 25 & A 4 4E 8%
(Deep Neural Network, DNN) &9 22#TF > &2
% B AR BT % J o AR oY B R 28 SR AV &
4% > fi4% % TDNNF 322 A A &R 3-
gram &3 A -

L BESBEA KRB L RIMER A E
Z 3 4 o 35 XN B 3558 LibriSpeech (Panayotov
etal.,, 2015) » Mm3& 5 # A A2 4% A TED-LIUM
3 (Hernandez et al., 2018) &34k - £ 8 &
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BB S RIS L > #A8) ASR #4835
# (Word Error Rate. WER) % 30.08% ©

ERMGERY > ApEAEETORKET
BB d ASR FTAEAE > MBADRRE %
&) B2 45 4 A Python #9 Librosa (McFee et
al., 2015) £ 4P E 7 9 » HKAVMER k-fold
R X ¥ (Cross-Validation) » k184 5 5 FA A &)
BEARA R —ER -

4.3 3 AEFFAE (Evaluation)

FAr91E A #5#E % (Precision) ~ 2 @& (Recall)

~ Fl-score A& E#E % (Accuracy) RMILAES
f& - WHFERIGO L EFERPIBGIEE > AT
A A& PR B Ay L] 0 B B R AL A5 B B
WMeysE B & F BAR PR B 49 Lf) o Fl-score
Rl A A ok 1 3w F oy Ao I B0 M EAE
AR EAEPB A BAEEIAB L] o w
TR AL & AR AR

4.4 FTEBER&ER (Results)

4.4.1 ¥ E &% (Feature Importance)

BIERRFIFFAERSHERGZR » ALEH
HRFEERA M AREREZETEZH £
AR R X EREEHEZ T 0 HAFMERA A4
B AR ERABE) » RAFIUARE 3 A o dE 37T
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o 1pEHAEF

it > BORFWMENIEAR  HELAAR
BE @A E OB - RMEBR > RAT
FHR;FZHH AFHEEMN - F
v Bl R BR T A B @
BB o MIRF I TR A 4 FO XA

/)7\
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Regression Model Precision Recall F1 Accuracy

SLR 0.67 0.65 0.63 0.65
MLR 0.71 0.67 0.64 0.67
RFR 0.55 0.59 0.56 0.59
SVR 0.73 0.67 0.63 0.67
GBR 0.62 0.67 0.63 0.67

&3 @R ER

Classification Model Precision Recall F1 Accuracy
LR 0.71 0.70 0.69 0.70
RFC 0.74 0.73 0.71 0.73
SVM 0.50 0.45 0.40 0.45
GBC 0.67 0.67 0.65 0.67
Perceptron 0.44 0.50 0.43 0.50
R4 BEUER
RFC FAA & R
Recall
*i% Bl B1 B2

*i% Bl 0.52 0.43 0.05
BES& Bl 0.02 0.84 0.14
B2 0.00 0.36 0.64

&5 BEFRAEE

RFC FAR & R
Precision

A& Bl Bl B2
X if Bl 0.92 0.14 0.04
FEDR Bl 0.08 0.73 0.32
B2 0.00 0.14 0.64

& 6. AR RIS

UBR REZNHFBATERBNOESS REE > HERENT EZTHEOBEALH

B BBERE  MPNBBEMT o FHTE
RiAGEEe L EEEAZ > BRAAHE
oo MBAFMERMNESE FLEES M
WEBAEDET B R HHMEE ™%
BT REAERAEZEAEZ A TR AE
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WEEETHER NRT LIRS E RS
Eameeg kR .7‘%0![_“}”'47)$ L/(&%,égkﬁb%\
FTEROHEHM > e BT AT AR
(Chen et al., 2016) °

4.42 -8R &I (Grader Performance)

L RAT D BN F R IR A AR R
BEARFEHERER > Wk 3BER4HT ©
HPwyks®x s 2% - Fl-score £MRIEH
W*%BlMIﬂM%%%ﬁ’ﬁéﬁix

HEMERERE  RMEAKRBSELARALE
HERAERONE > KRB ELERE
— B R IE LAY o ﬁk&&ﬁ%;W$%\%
B3 EERREETHBEY > FHER
LK E—ARIBEGER

Hb» ABLEATAZ  EF2 M T HEEH

&9 48 B 15 3 2B 7 — A% 12 E (Moderate) > i 4
B EBERIAN S £ REK B LRI

B AN By P BT o] AR BHERAS E o

X ERFEIAT T AT E] o

HRAE Ko ER REERKRY
AR F ﬂﬁﬁ&mwﬁu@&%¢’ﬂ%
R B RIF R R A AR S B RFC) » B
RER B T3% - HARER A T1% 0 AmAAtLZ

T EAARESHFEA SRR E > KA
ﬁ W B A e A Rk AR B IRE

HEMAZERN METREGTEIRAERRY
ix%ﬁm&% SRR NCE S-Sy
£ (Subset) EATIN4R - 4 sL@EFAE A 1 3RB E
BENRLE - £EB/MERT > éﬁﬂ%?ﬁ'—v’:i
X B AE P 1 H A B i Y AR B) B AR
RO AT B E S ey AR o

HEFHEARE - 7R e -EEE(SLR)®
FEA 65% W R B 0 TR T MM A E A
(RFR)Z %} » X #F® E@H(SVR) ~ 5 %184
M 38 57 (MLR) 4% B 3% 738 5% (GBR) By 7k &
## 67% > ™ SVR 6y R EH - #RL
W G AR R R A B AR ey AR A > M2
&nﬁﬁii%

é”%iﬁ,tb/\j@ﬁ?ﬁifr’ﬁ 23

(Perceptlon) HHERFEE S xi'l R Jr+
ﬁﬂ:ijﬁ WREEARHGBRARZIBE -

4.43 A% %R (Performance Overview)

HRIERRAFER RS EM AR IAR A
ﬁﬂﬁ%ﬁklA%L%\% £ 1037 B #F
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