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Automated Scoring of L2 Oral Fluency Using Dialogic Features
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T ERBDFIRRE I OB ICIE, FEE LA LT
FHROEWIRN, ROEEFEHERIZA 5 2\ BERK
bz, 207D, EDZLOEEHFIN LU TH_FE
HAGOREETNETH 2D, NCXZREAICIZHOE
R D0 5, FHli#EIC X 28 AED B 2 FEDFRED
FIES % [1]. F7=2, WGBS ZS5EDFEGRE S % FFfh
THHEED 1 OTHD, BENRFEE L OHELIENZ &
DEXNTNWS [2]. Lo T, HoSiE¥EE %20
R LFEHERIGED BEHRREROMTRR, BENRESV
BR¥D 5.

CNFETOHE SR OMGIEBEHRA T, MEEE
BTS2 b DD ERMFANMNRE Lo TS (3], [4]. HEE
WA 2 BEIRA T, — B, 1 o0FEED oG
PHE, BELOEFICERT 2R e L, TRiGER
a7x TS5 5. —AT, BEOMAII2=r—>2
NIMEEERTITON S Z e B2V, XEiE A3
ZHE SRR O HERASE EN D, MEEICB T B
PEFEME, &4 DR — B URBR (FEOHEER S W
TEADFERRY) OARST, X—VEBEINGERST
WBOBHR HEEHFL DA Y2572 a v ZDRE, &
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BDERIRY) ITHEOWTITObATED (6], HEEER D
HOEHERSEMEZOFEFHEATA I X TE RV, L
L, MEECBY 3 HERETIE 2 — > Z e ict Xz
R oA EAWTED [7], 8], MEEREORHEEER L 72
HDIFPIN. ZIUSK ULARIFZETLX, EEREE DR %
W SR oM B g A A X8R T 5. %
Jo, B— Z L RHEEmL - TRGYER a2 7 FRIEAT S ek
HREHT2E6MEE, 4 V&2 —F—&E2HWER
WX BHL2IZT B,
ARROMBIILL TO@EH TH 5. H2ETIE, AICk?
B _SREREEOMGIER R Y, MEEE A E MR L-B#)
BT 2 TR OWTHBIT 2. H3ETIE, #2
RFRICOVTHHAT 2. H4FETIE, FHliEERL 20k
RizowTtiliE35. HH5ETIE, FBROEEZITS. &
BICHE 6 =T, fEmrRAg.

2. PBIEASE

2.1 FEEFEEFOMGMERR

ESFEREEOMBMEICIIRZEHEE (speed fluency),
AR —X (breakdown fluency), FEFHIEIE (repair fluency) D
3ODHIEDLH 2 INTWD 9. WGHEMIETIE, 2
D 3 >OMEA, AT X BB HERHICHLTED &S
WKHEGLTOVEDNZOVTHEINTE R [10. #K6
WK BXXHTE, HMEEAICOWT, NICX 375G
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Dialogue level feature extraction
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Architecture of automated oral fluency scoring using statistics pooling. Where miu)m,xdmlogue, Ntwrn, Ndialogue

are fluency feature extracted from ¢-th turn, dialogic fluency feature, dimension of fluency feature and dimension

Fig. 1
of dialogic fluency feature, respectively.
PEFFAM & FEEEHE DAMHBEA r = 0.62, KR—XFERL D

B2 r = —0.59 TH HBOBERERH 2 2, K—X
R oM r = —046 &+ RBGRERDH 2 Z e hib
Moz [11]. F72, AT X 2GR & HEHE EORIC
Fr=-020 &, BERMHBEREGRSD 7. —J7T, Nk
BHREIZBIT 2 GO E R, MEEF L3R5 2
EPERI ATV S [6]. MEEE A TIRE—FEE ORET
HoTh, B—ULihHEIC L > TGRS ZEDLDHE 2
ZEDHILNTWS [12], [13]. ko T, MGBERLTIE,

MEREIC BT 2 FERE, K—X, FEIEEIEOMEMZ 2
ABREND S, £z, MEHIIBI2FHMTIE, B Sk

DENEPERNEEE  mWEEFEOMT, &—VBICHE
AL 7R = XDOEE R MNFEETFORGEHEEDOME D IR LI
7% ¥ OXEETYME (dialogic fluency) O REDS, #HEHHVIC

RICEL 2 LW HERMFONATNS [14]. 561, X
FEE TR 2 NI & B TR R & SRS TR & DI
VIAHBERETR (eg. X— Y R—XFHE: r = —0.943) 3D
5 ZeHEENT [15]. Ledo T, MEEEHICEIT 5
WGERR R TTIE, FEEEE, K—X, EEEIERL T TRL,
MEETRGIE D BB T 20BN D 5.
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2.2 XWEEBICEITREZ SEDBERSA
MEHFFICBII2E _SHEAFOAERATIE, &—
YR arvETFHT e N—KINTHS. Rama-
narayanan 5, %X — VI AFTRE I NG,
H, AV rEA—Yary  AMLRDRATE, BR—2 T
CAITHNITTRT 2 ERRER L (7). LaL, HEh
W, MRHEZZ2BERPEENRVIIBREVHEEDZ
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{, B=Y Tt DML L7z HEIERAUEHE L W 2w S FEHE A
RENTWS. Qian HIX, FEEEH, SFEMEH, NAED
3ODMIHD, HH SEAFEOMRENRENEL X -
LICTFRT A TERRRELTE D, WEICET 2 R
2 End-to-End Memory Network (MemE2E) [16] Z W
5ZLT, NEDBEBEZERT 5L RkE LTS [17]. Xf
RO BFRAICBWTY, X—rZricxa 7 ik Tl
L, TNOOMEIREZFET 2 2020, WEFEEHICE
JEEEREREDOA YR T a YEEBIRATIE, X
FEN N SN I=R-F 1D RoTOR N S 87 S ZE INZ  10))
Aa7EAcDR = E2TIWZEHDIR-Th o, X—VHS]
THEFHRASREZE L, TR a7 o IEz G2 ko
2a7 T BHEPREINTVS [18). 2D &5 RFik
T, ¥E7T—XOKEUDARETH 5 [8] A, MEERHY
EFRHWR DN TERVE VWS HEND 5. £ 2 TARME
T, X— 22 i SN2 R OMEHR & XEERE O
R — 2 B WIRBONT 2 w7 FEah DG
HEMRRT A2 RET 5.
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AWFETIE, #at7—V > 2 [19] Z AW THRZERB O
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B 2GR AICB VTR, 40X — > OFBITERIE
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Fig. 2 Architecture of conventional automated oral fluency
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T5ZeT, MR TORGEREEHE T 2. 7,
HEHCBWTIE, BHFED AP 5 R 2 RIGHEREANDFS
MR = b D570, FEEBEZHWTEX—ICH
HREAMTZ LTS, FHEEEREOEZ LT
% [20]. X512, MEERFEDORGEOME R Z 2720,
FEEHE, K—X, FEEBIERHMOFY - BHERZICN L
T, MG E ST 5. 185058 AL O T
MR A AT L, MEERICS 2 oz iigE R
a7EFHlT 5.

4. THEEBRFRER

RERIC L 2MGHER a7 0 FHIBEICDOWT, (ERE
YIS 3 2 e CTEMIiE L. F72, HEEOFMEFEIC X B
R O—HERHUEL LT, NIRREOHKBIT- 72
FEIZBWT, 3 NOEMFIC X ZHGEL VX E 2 — DR
MR SR TR AR ERGE R a7 e Uz, 1ERiEE
WEEDE R — > b TRl NG R a7 O REZE 4
VARV a—2ROTMEER a7 e Lz, —AT, RBERE
AR R Tl U 72 058 B O TRAG MR & 168
A ¥ RE 2 —2koiigE2 a7 2 FHlIL 7.

4.1 REREMH

WG 2 7 O FHENK, EME (accuracy), EAfT =
71 v MR EL (quadratic weighted k), FHBAFREL (Pearson’s
1) D3 ODIEEHNT, 5 EIREMIFIC X DITo 7
7=, FHlHE R O A, Krippendorff’s o ¥ i AAHBE
2% (intraclass correlation coefficient) % W T—E X%
FHEL, BBEOHEALNME v MRE, MHBEREE DLt
W7o 72 [3], [18]. EERTX, X—> Ikt =a
TETHL, ThsohREZNFEREDORaT LTS
Za—F 3y MEAERIEE LTz (8], [18]. BRIk AR
EDHy N =T DR L T X —&RIEFK 1, 2 TR
$3E DT, Optimizer 13Z0ZHFER 0.0020, 0.0015 D
Adam[21] & L7, %7, MFEEH Fry 7Y+ (BF
% p=0.05, TERE: p=0.2) ITXBERLEITH 7.
411 WoZAYZEa—T—%

TR TE BB A AR O L G121, Wizard of Oz
(WoZ) BT K o THEE e MGE—Y = v b & A
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Fig. 3 Annotation step of disfluency phenomena.

X248 2—T—& [22) ZHWk., f X217
DORLBLFEEISHEINTEBYD, 7X ) WNEERE
2 (ACTFL) 234823 % Oral Proficiency Interview
(OPI) [23] 2BE 2, FEEDOHE _SEOBAE L ZERN
WEHE L, ZAUCEbE TROEEDOYZ EZEICE X
Jo. AWFZETIE, 85 ADHARANHEFEAEFH I L TiThiL
JeA YR a—T =2V, K4 V2 2—13H 9 EE
THoTz.
4.1.2 A& B TIBHERR

AR 22— a 77X, 3 ANOFHEEZEIC X - T
Thhrz [24]. FHBMEE Common European Framework
of Reference for Languages (CEFR) [25] 1230\ TFEAfi
X7z, CEFR 1% Al, A2, B1, B2, C1, C2 D 6 X L
NP HHERENTED, Al BPERDIEL, C2EDEV
FHiERLTWS. FHEiEIZVI NS, 10 FLL EDHEE
BEB L OFHIOFEERD H 2 Bk DR RFEHMTH o 72
B 2Ry eED, 3 NOFHliFEEOTEER 27 O —
X Krippendorf’s o T 0.804, MAHMHEIRECT 0.894 &
EW—BCRDPHERE T & 2. RRRIRRIGIER 2 71%, 2
Z v ¥ a0 [26] 12 K o TEHMMliE O L & Z#il L 7= 8%
iz, ZofER, SRGHER a7 0 NEUX AL 225 C2
FCMEE, 5,21,34,15,9, 1 &7&D, C2 LNLOERH
B1IANDATHo7lzd, Cl LNLEEDET C+ LA
ne L.
4.1.3 TSR

AZE TRV EREIER 1ICE e D, FahHE,
A=, FEEHEICE S 2 FGIEREIE [4] 206V B8
Wz Lk, mEERSomMmticnEZRgE8 7y /57— a v
DEFRIE 31" T. EEBRTIX, 025 I VB EOEFX
MZER—Ze LTI [11], [27], B R e R — XM
Rev.ai*! D12t 3 % Asynchronous Speech-to-Text, &W\E
AIHIZ Switchboard reannotated dataset [28] T7 7 4
¥F 2—=>2L7 BERT [29], HiZiF#H#RIC Stanford
CoreNLP [30] O fEMranZ W7z, B HaER
DRI 27.3% TH D, [31] TREINLTVEHD (28.5%)
IOEVEBEEZRL TV, AN RGEREmMEISRD 7
JT—va KERLIKR L 25, HiW - HilR—- X5

*I https://www.rev.ai
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Table 1 List of fluency features.

Type Parameter

Description

Speed fluency Articulation rate

Number of syllables per speech duration excluding pauses.

Mid-clause pause ratio

End-clause pause ratio
Breakdown fluency  Filled pause ratio
Mid-clause pause duration

End-clause pause duration

Number of mid-clause pauses per syllables.
Number of end-clause pauses per syllables.
Number of filled pauses per syllables.
Mean duration of mid-clause pauses.

Mean duration of end-clause pauses.

Repair fluency Disfluency ratio

Number of disfluency words per syllables.

Number of between-turn pauses

Between-turn pause duration
Dialogic fluency Number of turns
Mean length of turns

Number of other-repetitions

Number of between-turn pauses divided equally between participants.
Mean duration of between-turn pauses.

Number of turns.

Number of syllables divided by number of turns.

Number of repeated words of interlocutors’ speech.

# 2: 3 NOFHEi#F < &k 2GR 27 D Krippendorfl’s
o EARPIAHBIFREL.

Table 2 Krippendorff’s a and intraclass correlation coeffi-

cients by three raters.

metrics human
Krippendorff’s o 0.804

Intraclass correlation 0.894

#¥1D Cronbach’s o £ Cohen’s k I ZZNZFHN a = 0.999,
k= 0.613, SWVIEAMEIZZNZFN a =0.999, k= 0.674
CEW—BMEE TR —BERIHER I N [32).

FERTIX, MERED AN ZFERE (articulation rate),
HiiN AR — XFEAH (mid-clause pause ratio), HifE]R—XF
A3 (end-clause pause ratio), 7 4 7 —FAH (filled pause
ratio), HiNHR—XFIIE (mid-clause pause duration), i
iR — R (end-clause pause duration), & WEAFEE
# (disfluency ratio) & L7z, #ERETIZ, EREDO AN
Iz T, &—KR—=Z% (number of between-turn pauses),
X —R—=AV K (between-turn pause duration), & —
> # (number of turns), X — ¥ F#K (mean length of
turn), MEEMHFOFHFEHEFEDH: DK LE (number of other
repetitions) %, MEEFGMHEREE LTA L.

4.2 REBHER

RRE, 1EREC LG a7 oFl%Z 5 [FEfTo 7%
RO FHERAZR 3 1R T, k7, EMEIRD
R Ko iEtER a7 2 FRIL R OERTYIZE 4
R, MERE D, BERRICK TR 2 7 FHIOTTH,
EfR, —ZeR, HERBORTITBWTIERIEDRHEE 2
Bz 2Zehbhrol. FHCEHEAME D v MFEEED, 2
RIKZ X2 TFHRGIER 27 IER T L e D—HRIZ,
MEkiEERESEA D Zebhrol. LL, RRERL
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® 3 WRELIERIKC & 2 FHTRGER 27 O EMEER,
HANE D v A MRE, HBRE D P17 L iR R

Table 3 Mean and standard deviation of accuracy, quadratic
weighted x and pearson’s r correlation coefficient of
fluency CEFR prediction by proposed and conven-

tional models.

metrics conventional proposed

Accuracy 0.424 + 0.008 0.633 + 0.035
QW & 0.398 + 0.051 0.792 + 0.040
Pearson’sr 0.701 £+ 0.009 0.870 + 0.012

X2 FHO—BeR L HBNE, FHlEiE B O—BeR, HNRHE
VRN e bh o7z, BETHIZLENS &, FEREIX
FREDGIEA a7 % Bl LV FHILTLE>TED,
ERCHIBEZR 2 75 Al, A2 LLDTENCBWTHED A
Zhotz. —HT, BBETIE, AL LNVERE, 65%
R B TVCBWTIEM e FAUHREGER 2 7 o FHl%
LTED, Bol=TFHITBWTHIEED 1 LN DA
ZITINE 5TV

ARTIX, NERRHEE F W72 G BRI O W TR
HBxEiTo7. 2=y iR a7z2FHIL, Zhs
DOFREEZNFERED R a7 T BEkE L R, #HiE
7=V Y K B NEEREHI T 21T S IR BEO A, B
A FRMED IEfR, —3%, HENIDEL R en
bhrotz. ZOZers, MiFEHAENRE LA
RS IR EE R T 5 2 ORISR T & /2.
— 5T, BERICIBERR a7 e TR a7 DREET
FzeRse, Al LXVDOTRIDIREDFRD TH S Z b
M5, FEL LT, AlLRAVEHESINEAS VR 2—
B35 ePinzl, BiGeBGETKR T T 258050,
MR E EFCHMBTERVW I 22NV I e E XS
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(b) Proposed model.
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Fig. 4 Confusion matrix of fluency CEFR prediction by conventional and proposed model.

N3 [33. SHROBEL LT, BAEOKWEHED T —
ZEBEICIET 3 Z b, REEBICTHEB R ISR E B 2
BIENRETHS.

¥z, WEER a7 0—HRICOWT, BERERIANDE
I RIE N e dibho e, ZAUZ, RERRHEE R
12k o TR LNFHMED, MEEoEE2+7IciEz oh
TVWARWIEMFHREEZEEEZ TS, BARMICX, £7,
AR 2—HOFEEOUGEOHELERT 5 LHT
TV, AEBRTHWEZA, VX 2—1F, FEEDR
74— VR Ko THEONESRLH G E DB ZL T
IR o TWD. £, FEEOMHS LB H
HE, KR—X, FEHEERUOEICEEEE5EZ 220, R
7250 K O OFEETHIH X N7 TG RO B3 2[R —
WS Z e TERY. LaL, BEHS—V Tk, iR
RS EEEICIRTE LRV E WO RER B WT, F -
BHERALZFHEL TV S, RO T, FEEOHSE
ZER L MEERB oM A EICOVWTHRET 5. RS,
A VR 2 —HIZELZNFEOWFELIRZ S Z e A TET
W, FEEDEIIICELT 24 VX2 =BV, i
BOWSEIFEBEOHE SN EBRI %, TLA
IRV EMHEN DM FEWKEDE Z 2 Z e 23D B [23]. F
72, TVvA TR UBFRET 3 e HERPTHES IR -T2
D, BODBELPEVELIEE LD TS IR 6NT
B [24], WGHEREE OBBRESIKEW., L2 5T,
TV ARy OERITRGEHEIRAICBOY TS ER
FeEZLND. 2L, T4 XY U EBEICER,
T7)T—=>arvisIe3HLL, o, HACkoTT
LA 7R N K BHEERE, K—X, FHIHEBENDHE
BENT B (eg FFEDD-L DITHRD, SVIEADEZ
3). £ZT, FEEMEALNOHKGGHE, K—X, FiGELE
R D DHNTDAEN D, TLA 7R YT 2 R
T 2 2 e BMETT 5 TER.

© 2022 Information Processing Society of Japan

6. o

ARIFETIE, MEERA ORI E W25 S O
BRI O W THEZT - 2. RRBIEOFHHEER T,
Eff2a7 TR 7 OIEFRR, —8EE, HEicoOWT,
TGRSO » RGER 2 7 0 FllE X — > T2 I
SAT O PERIE L el ®: Uiz, ZDFER, fEREICHN, 3
DOFHETEEEO 2T LT 2 Z L 2R L, 1IREEROH
EEHS IS L. 72720, AL LV FENZDOWT
OB ZVWZ bbb ot. SRIFERENRNEEED
T =X, XD L RBIERBIC OV TR TR T %
TETHZ. Fiz, BELLMEI 7=V ¥ 2 Xk 2016565
BIHTC D WL O DFENDH B Z L BEE L. 514,
FEOHGERS T LA 7 XYV RER LR R O i
FERZOWTHEEZ L TOWRBERH D EZ TN,

i CoRIE, ESIRBREAST A LF — - B
ERMR AR (NEDO) OERFE (JPNP20006)
TNEHICRET 24> 94 VB E TR Al AT 4
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