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Abstract

Research on fluency assessment in Korean as a foreign language (KFL) has primarily focused on assessment constructs and
manual scoring, whereas studies on automatic fluency assessment remain limited. This study aims to explore effective fluency
features for automatic fluency assessment of KFL learners and to compare the performance of different predictive models
based on these features. Temporal (T5), acoustic (A8 and A88), and hybrid (H13 and H93) feature sets combining temporal
and acoustic features were constructed and applied to tree-based models [Gradient Boosting Classifier (GBC) and XGBoost
(XGB)] and transformer-based models for tabular data [FT-Transformer (FTT) and SAINT]. Experiments were conducted on
1,672,398 training and 209,083 validation utterances from the AIHub Korean Learner Speech Corpus. To examine the effect of
data imbalance, performance was evaluated under original and balanced score-distribution conditions. Quadratic weighted
kappa was the primary metric. Accuracy, Pearson’s correlation coefficient (r), root mean squared error, and Macro-F1 were
supplementary metrics. Under original conditions, each model's acoustic condition outperformed its temporal and hybrid
conditions. A8 was highest for GBC and XGB, A88 for FTT and SAINT, and SAINT-AS88 overall. Hybrid sets showed no
consistent improvements. Under balanced conditions, patterns varied, but SAINT-A88 remained the best-performing
configuration. These findings indicate that performance varied across the feature conditions and predictive models examined.
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3
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AIZHA F-Z(temporal structure)©]TF. Skehan(2009)3} Tavakoli &
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Aol thal X315+ Th Deng et al.(2020) SIA] 4] &} 7+
HI-7d ddo] 2 878 7kl &82 F das B

oF3iTh

r_1

O

(e R

e ek A e S §4 2
O 2 28] A 7] o]k £/ I o] %‘ =
o] A3to] 93| o]Fo] Xlﬂil(Tavakoh & Skehan, 2005), &3],
1= x]’ /KE“EFH L,_LZQ/]_ ._6]: Z—]_l;l_ oﬂ/\] HI—Q. .{,\_Ego X]-Ol

= W g 4= Qlti(de Jong, 2018). ©] & 31 WA |5 wh3 F
47 F7F AT AR AR ol ey S8 A& 3 aelst
=gko 7 52w QAT Fontan et al.(2018)2 AF5-5-43¢14) ¢l
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7VFs/dE AAE ol H g AT 52 5 KT
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et al., 2010; Skehan, 2009; Tavakoli & Skehan, 2005), &X] 2} Z ¢+
&k AKA Y BAE At FoARE EE gt
THDeng et al., 2020; Skehan, 2003, 2009). 3 Ao A& o] 3t
AZH EAE wEgsty] $lall Al @8l AlZK(speech duration,
SD), W3} £ I (speaking rate, SR), Z=+ < & (articulation rate, AR),
1k3}l Zth(voice breaks, VB), W3} F &t H] S (voice break ratio,
VBR)S] tHAl 7] AS ARE-SHERTS). o] W SD= st £ =9
W3} Tk HlES AHES] 1§ 71 AR el ) #
Aol A @3} Akl Ao AA 3 AIRME U= 7] & Al
AR AT,

2 AFolAE olE A S Y84 4132 RMS(root mean
square) oA A] W3HE o] 838} 2bF AbEeith 54 Als=
25ms®] Ze| Q) Aot 10 ms®] LY o5 7HA o2 2Eat3)
o, 7} e gle A RMS U A& AlitskSich RMS olld A=
2 W 54 28 Al Batel] it Al oz A ojE A,
B AT 44 (1) o] A& TR0’ Shaughnessy, 2000).
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T2 (DolA x, (n) & AR 2] A Fgko|w, N
< Al 2] BE Frolth AEE RMS A AIE S ol 5 H o
o7 H&3e1 1L, F RMSE 750 7 23} 11k FA)
e TEEIATE 3 RMS A Q) A A5 o] fato] SF
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A A A2 A8l 54 Y T AEAIRY T, A T
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T3 = N5 At ol 52 TS AbES 913 3 b
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)8} 2ol 244 ) FA 3] o2 AAkET
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SR = ]v,;yll (3)
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VB=N ©)
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VBR = <5 < 100 ©)

1 Tse] T T A AR A 7 A e 24
o2 A g o],

E1LAZAA
Table 1. Temporal feature set

Equation
No.
?2) Speech suration (SD)

Feature Operational definition

Total duration of the utterance

Number of syllables per speech du-

3) Speaking rate (SR) ration

Number of syllables per speech du-
ration excluding pauses
Number of detected pause intervals

Articulation rate
(AR)

(5) Voice breaks (VB)

Voice break ratio
(VBR)

Proportion of pause duration in
speech duration

S A2 2 712 © F openSMILE| A A 5-8F= eGeMAPS
319 tHEyben et al., 2010, 2015). ~12] 37 2t qt
eGeMAPS 88711 A4 A& AFHg-8t 23 A4 T
(A88) ©]2]ell, o] 887l 7kl R TEH T S50l A4
0F E2 7R E Bl 87 AH-E A3 THAS). whEkAl
A88E WA S8 AAE, ASS A 2 AP Tl s,

A AR S E8E A = S8k 21 A T A

il
N,
1z o
|o
0(‘ i
o
& m{Nv

20 BT
oJtt.

A82] A4 A2 918k AlHub 5§ St A st
S 2~(ATHub & NIA, 2022a, 2022b, 2022¢, 2022d)olA LH-=
ARgske] M9 ol S dslth ol ¥ (AlHub & NIA,
2022a), -HO]W(AIHub & NIA, 2022b), 5= X L&ojd
(ATHub & NIA, 2022¢), ©}AloFo] H(ATHub & NIA, 2022d)2] Ul
N BE=rold shsak s} ke 34 s At Fofean
eGeMAPS A& &8 = Gl 5 oA 3kE 7} Al ekell A
11,735712 2175}, - 46,9407 23k AL-g-51 ok

eGeMAPS%'_‘ 7IRko 2 53 8870 AR Zh-v] 12F Ab A

<2 Gradient Boosting ClassifierS AH&-3Fo] W25 719F 27
A Z}ﬂ A A (recursive feature elimination with cross-validation) 4
2o 7 skt 57 WX S (five-fold cross-validation)= 2]
AL, 7 AR oS e Feda P BeEu e
X}E sty A Ay mdEe] Fo HAAL
n_estimators=100, learning rate=0.1, max_depth=3, loss=log_loss,
random_state=4231t}. o1& F3l F44 AG oSl AdiF L
T 718 ¥R S 4 FEEITh

o]F ¥ QS FoE o7 AUt

B

.29 10, 15, 20,

25, 30, 40, 60, 8071 A& %319] 455 vl sttt o] ©Aell
)= random_state=42F 17 3+ GBR(gradient boosting regressor)
£ AMgste] $1 -] FoEE ARSI 7 Ak & &=
Ao s 7k T4k AL GBRE 74 8 gto] il o] 5
H w24 5(ﬁve fold cross—vahdatlon)é g3l =85kt
(n_splits=5, shuffle=True, random _state=42). H7}A E= 7744
TE5A7e} A5k 7 H - E o) 2 XK (mean absolute error) = 27
st om, WwAHFe] 74 EX(fold)oll A A& E B d o) oAt
EngoR 57“5_ %&T% FEUAE ARbele -5 24
AT @2k v A 2= 3 200 A

B2 FH A o w2 58 wAd S Hed ) o4}
Table 2. Five-fold cross-validated mean absolute error by candidate feature

set size
Number of features Mean MAE SD
10 .8449 .0037
15 .8408 .0041
20 .8391 .0040
25 .8378 .0042
30 .8375 .0036
40 .8373 .0034
60 .8375 .0033
80 .8381 .0035

7P sk Bata v @ 2k 4070 AR 2ol debT) &
ATrellM = #A Bt eatete] 2kel7t0.01 of skl £
A5 s A7 AFAR TR e R skt ol 1+
A ?Eﬁ#ﬂoﬁ ol 574 11 A S ef s = %4
Akl AT 2 7wl of ZIEel et %
o eapell 0.018 B 3k 8473 o] 8] 24 7 7 A2
P& 23R 107) A 2315 HF T2 A SI3it) o]
GOl frAret S5 24 Aolell A ¥ 1hget =
Sk e 2l e s A =SS Eolar ey vt

3 e 2 7 w5 o] S Hastie et

lz]
iy
o“‘
=TS

o

of Al fo lo w po
my
o
£2
Jl}l'
o_>|:

o (o
to ¢y

al., 2009).

HF 107 2= A7 B 221 54 (syllable count)
9} FA AlzKpause duration)o] E3E o] Yo 2 A 95
t}. o)l whe} AL eGeMAPS 714t 1. b4 718-d) A 8
Mol & AAR 38k & 32 HF Ay 3
(A8)°l 323 A2 7} 7F A o) J5F o o 9l 227 A o] & A
Algk Ao},
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3.4 S A T(AS)
Table 3. Selected acoustic feature set (A8)

No Feature Acous.tlc Operational definition
domain
1l loudnessPeaksPerSec Rate of loudness peaks per
second
loud- .
. Mean falling slope of the
2 |ness_sma3_meanFalling
- - Loudness| smoothed loudness contour
Slope
Normalized standard devia-
loud-

3 tion of the smoothed loud-
ness_sma3_stddevNorm
- - ness contour

StddevUnvoicedSegment Standard deviation of un-

4 Length Voicing voiced segment duration
5 FOsemitoneFrom27.5Hz Percentile range of FO in
_sma3nz_pctlrange0-2 Pitch semitones
6 FOsemitoneFrom27.5Hz 20th percentile of FO in semi-
_sma3nz_percentile20.0 tones
FlamplitudeLogRelFO_s Arithmetic mean of F1 am-
7 Formant . .
ma3nz_amean plitude relative to FO
loud- 80th percentile of the
8 ness_sma3_percen- |Loudness
1680.0 smoothed loudness contour

2.1.3. 734 AF T
Uhe 3E 4= 3 ArellA] Ak Al7E A4
AATH(A8, A88), TIP3l o5& TEI T ZW—TL(hybnd
feature set) &% AlZF AFE(TS) 3 &3 A (AS, AS8)= ZH2) &
3t B3 AR THH13, H93)o Ttk
S AT 34 A5 A s st
H, T AT T AR F9E bt F F1telA 3

o R dAsit

E4. 434 AAT
Table 4. Fluency feature sets

Feature set| Type Components Main purpose
5 RMS-b. T 111 -
Ts Temporal S-based empora uc?ncy repre
temporal features sentation
Selected Selected acoustic repre
A8 eGeMAPS acous- . P
. . sentation
Acoustic tic features
ASS Full eGeMAPS | Full acoustic representa-
acoustic features tion
H13 T5+A8 ral ::iiztfs itrffel pr(;_tion
———— Hybrid — -
Ho3 TS5 + A8 ull temporal-acoustic
integration

eGeMAPS, extended Geneva Minimalistic Acoustic Parameter Set.

22. GHA] = 2d
Aol AR A I S8 A 9] 54 88
Aot F7} 2o A vlastr] S8l vl 9] 7373 5 2d
ArEERATE B Ele B 7] B d(tree-based model) ¥} %3 |
18§ EWAEH 7|9t B 2)(transformer-based tabular model) =
T3kt
Eg 7]l

mlo offl

Of

O

HT

P2 = GBC(gradient boosting classifier; Friedman,

2001) 2} XGB(extreme gradient boosting; Chen & Guestrin, 2016)<-
AT GBCE #3441 0.2 oFet 814718 F7hete] ol
dAle] e BASHE T UJE F ¥ (gradient boosting)
741"391 i otk XGBe gatstel E Ale] s st
g TS Pag R, W ATl 87 S

RF dolel g Edayy 7N Rd 2= 54 Eauo]A
E @A H(feature tokenizer transformer, FTT; Gorishniy et al.,
2021)9} Az oJ ) 2 AE 31 o 'l E WA (self-attention
and intersample attention transformer, SAINT; Somepalli et al., 2021)
E AFEEG L FIT = 29 Eﬂo]lﬂ?/] a3 (ﬂeﬂ 1}7\1_0_ Eiﬁ_fﬂ_
%] Al o] 'l A(self-attention) T-F5
= m o]t} SAINT &= Al Z o8l %_‘i 0}1/]{—'4- IZE 71l o]E
(intersample attention)S 7] &-2-3Fo] x4 71
B2 Ao S5ohe g e 5]

GBCYl 2 S ghe 2 A4 A% W
& AFATR, A% ofZ B 7 A5
plklz) ol 3D A5 7sstel Fatst 2HE7ks 7))

|2teklth. GBCO A= A y= 4
(klz) & 2h agheol A 326 49 2 AE g7} 500
T sl 584 A kol 4 o3 S ol

%1

Y o o
R o

X

X

>
~~
3
k)
e
£
2
~

=

=
2 o
P os 3

ol

~
~
~

g = Z kp(kver’tz)
k=0

o~
T=

faig

XGB:= §]:H 7]1:1]— Utﬂi/q 07(401]/\1 57(4 tﬂ_?,]v/] oj_/_-':
23 AFZE SISt FTTS} SAINT A Bt Al 225 =
= so] A% 55 A3 FSArh wbA vl mHle o

2 25 A% JF4E 5YU310] Pearson’s 17 RMSES AH&

ek

22 o
S ey

2.3. 52 37

2 s AXZ = olxF 71 JHb Al9(quadratic weighted
kappa, QWK), "4 2} (accuracy, ACC), I|o|<= 37| <=(Pearson
correlation coefficient, Pearson’s 1), A2 *Kroot mean
squared error, RMSE)E AM-3FAtE QWK o5 A9 o
A 3 DA RS A 3 A7 areféto] AEshs A io]
2 080 587K Q) M8 §34 A Bl Aasi)
ACCE oI5 Aok Fedr7E e8] dAF vlES, 12 7
A A9 S, RMSEE o5 @419 A7]5 vebdin &
Aol A= QWK E 7+ AR 4L, ACC, r, RMSES K& A 3%
2 A AABEAH.

ES A HFE G5 e gl f8 AUk
(Precision) £} A & &(Recall) 2] Z3E 3?1 F1 H5(Fl-score) S
AER AFEsta, 1 Bkl Macro-Fl& 37 AlAeFSI T
AUEE 54 45 A58 A 7hee A2 6 45

A Sl Aepel] Sk A 7}
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< learning_rate=0.05, max_depth=3, max _iter=300, random _state=0
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FT &} SAIN = 55k 919 A 1ol vlwsigion,
W AEE 22 a4sgich 7o Ade
d token=24, n_blocks=1, n heads=4, d ff=48, dropout=0.10,
learning_rate=3e-4, weight decay=le-3it}. # A sloll= AdamW &
A12-8191 Th(Loshchilov & Hutter, 2017). <=4 Shr= H Al 2
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Table 7. Overall performance by model and feature set under the original
data score distribution

Model |Feature Set| QWK | ACC r RMSE | Macro-F1
GBC T5 485 .543 583 | 1.701 .268
GBC A8 .833 765 .853 177 317
GBC H13 .568 .542 .649 | 1.520 268
XGB T5 .706 410 .801 1.068 261
XGB A8 .864 791 .878 713 331
XGB H13 .705 .349 797 | 1.152 247
FTT TS5 557 457 .659 1.514 244
FTT A88 .845 785 .859 763 322
FTT H93 618 .543 704 | 1.413 247
SAINT T5 302 432 415 | 2.237 222
SAINT A88 .874 .813 .893 .676 341
SAINT H93 408 .534 513 | 2.018 241

QWK, quadratic weighted kappa; ACC, accuracy; RMSE, root mean
squared error; GBC, gradient boosting classifier; XGB, XGBoost;
FTT, FT-Transformer; SAINT, self-attention and intersample
attention transformer.
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QWK, ACC, 1, Macro-F1914] 7} 3= 31, RMSEA] 714 Wit}
T5E R RdofA] sl e 838 53 22 2R
G Heg Bk 53 A 249 HI3Y H93S I =
N TSR 52 AsS vy on), 7 o] 288 A8
A889] /355 HolA A= Kakeltk ol & 5 GBCellA+= HI3
o] TSH.t} QWK, ACC, Pearson’s r ! RMSE| A =252 X
%o} ASH U} W9, FTTS} SAINTOM = HI3-2 TSHU} 3=
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i o

A 75.74%5 AR, RE W32 0407 =3 F
Wl 718 85 75700tk 2 Blo M 7 =8 ACCE
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SAINT-A88(.813)0]™, ol Wl W V& Agero) 22t
1008, .034, .028, .056 =3t
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Figure 1. QWK trends across temporal, acoustic, and hybrid feature sets under
the original data score distribution
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27 7kl 7HE & QWK E Hoith

Bk 23004 AAgE Ao it FY A5 skl oish %
A A 25 71+ 2.2 Wilcoxon F-o59] S st 4
Jﬂr YA A A 230 2L 2Ele] A8 S8 2k 23

A A 20 9 9 A 201 oA & S

225 B AtKHolm B p<.001). SAINT-A88> XGB-A8XK.U}
& FolshA A2 iX}~ . THHolm X7 p<.001).
olg} o] Y WA A 24 2 Bdlof 28 A8 T

T A882 TSR =2 A5& Bt HI3-S GBCOlA] T5SEH
QWKS} Pearson’s ro] 331 RMSE7} %9ko ™, H93-2 FTTS}
SAINTO|A BE H7} X Fof|A TsHUF 52 A5S B3k 1
v HI37 H93-2 8l il #8953 1}%:1 A9 A5
= dolMA &= A

3E 8 A R {4 2 eA ZF REle] QWKL 7HE =
A 23 7108 AMES AE FIE A §E 2ot o] o
w2} GBCE} XGBOIA &= A8S, FTT 2 SAINTOA = A88S &4
&3 A5 A AT

B8 UH X A 23004 2wl A3 QWK A 29 HFE Fl
Table 8. Class-wise F1 scores of the highest-QWK feature condition for each
model under the original data score distribution

Model |F¢%Y| £ 0 | F1-1 | F12 | F1-3 | F14 | F1-s | MacTo-

set F1
GBC A8 | .945 | .035 | .206 | .443 | 275 | .000 | 317
XGB A8 | 961 |.033 | 206 | .451 | .336 | .000 | .331
FTT A88 | .955 | .027 | .183 | 458 | .307 | .000 | .322
SAINT | A88 |.974 | .047 | .252 | 468 | .302 | .000 | .341
GBC, gradient boosting classifier; XGB, extreme gradient boosting;
FTT, FT-Transformer; SAINT, self-attention and intersample attention
transformer; QWK, quadratic weighted kappa.

A Aselxs AA A a5 ol Uelsth
v Zele] W QWK7} 7H3 =2 2p8 2718 B 074 T2kl A]
71 #& F1E BT vbd 13 F1kelM e B8 2004 B
S A%%E B, 57 el E Zi K5 F1°] .0000] 3
t}. GBC-A82 538 0= 17] &3}E o
%131, XGB-AS8, FTT-A88 X SAINT—A888 ok
7F Atk 274, 37, 47 e M= B o] 7h YERg o
AREA 0.2 0 P3| vl3)] W ] Ass Btk 287
374 FRre A= SAINT-A880] 7Hd =& F1g R, 448 71t
oM XGB-A8°] 7Fg ¥ FI& H3Uth Macro-F1>
SAINT-A88(.341), XGB-A8(.331), FTT-A88(.322), GBC-A8(.317)
+O 2 =7 YelT

A A5 RE 44 214 HH 5ol 5 A5 8T
o] & ulgell G WA 2 FAS] GJafed, 45 W
B 52 B P #E A5 L A E A5
B7hBSIT. ¥ o w8 A5 BE 2Ae ) w0 A
W A 45 AN g ol

H9. 7% g B2 2304 2 gl A E AdA) s
Table 9. Overall performance by model and feature set under the balanced
data score distribution

Model | Feature set | QWK | ACC r RMSE | Macro-F1
GBC T5 .548 291 .644 | 1.370 266
GBC A8 544 | 267 | 635 | 1.322 243
GBC H13 556 | 297 | 652 | 1.374 281
XGB T5 502 | 308 | .588 | 1.460 298
XGB A8 .604 | 302 | .672 | 1.265 285
XGB H13 589 | 304 | 665 | 1.332 299
FTT T5 312 | 264 | 435 | 1.773 214
FTT A88 .568 301 631 | 1.326 276
FTT H93 221 247 | 317 | 1.926 .189

SAINT T5 467 | 286 | .574 | 1.523 247

SAINT A88 620 | 326 | .685 | 1.249 310

SAINT H93 439 | 288 | .547 | 1.624 271

QWK, quadratic weighted kappa; ACC, accuracy; RMSE, root mean
squared error; GBC, gradient boosting classifier; XGB, XGBoost;
FTT, FT-Transformer; SAINT, self-attention and intersample
attention transformer.
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