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1 FZHE

AR, BRI/ DR A R b ZHIS 2 7 012/ N B BRI BI 5
BHZENTEH SN TWS. NRXEHEIRA 21X, ABFHEE KD > THE)
RRETADWNGYDORREZITORXRAITHY, FICHASHEUHSHE
THOFETHRMTOIATVWS. 1RO HERRET M, FEHER—X
TN EHEBFEN—RETNLDEILDICKHITE S (Ke and Ng 2019,
Hussein et al. 2019).

FEEN—XET VI, /N DXE D S HEEBRRT O & W o 7R
BB L, AL > TNRXDRAa 72 TFHIT2ETLTH 5. KK
e 7 1 LTI, TOEFL (Test of English as a Foreign Language) <
GRE (Graduate Record Examination) TEA XN TW3 e-rater (Attali
and Burstein 2006) 287 65115, ZOETLOMITH, SHERFHEENR—
ZETAPREEIN TV S (Phandi et al. 2015, Beigman Klebanov et al.
2016, Nguyen and Litman 2018, Cozma et al. 2018). FHEX—XE7F
LTI, FEBEOHEEEREZMTT 2 2N TE, T VOBREREW
PWOHOREEBELTWS., L2L, BWERE SWTHIRE RS 272012
&, BEOHEFARIC X 2 H mHERCAETRNC X o THYIRREE 23R T 54
BEDD 5.

7T, REFEFEZHOCTHEORINZEEATIE LT, Ra7d
THIZATS ET AR SN TWS (Taghipour and Ng 2016, Alikaniotis
et al. 2016). Alikaniotis et al. (2016) »3EZ L7z LSTM (long short-term
Memory) 2=t LZETAZIEILDHE LT, ZLOEEEETFELH
W2 BT VDD ST WS (Dasgupta et al. 2018, Farag et al. 2018,
Tay et al. 2018, Wang et al. 2018, Cao et al. 2020). FEFE X—ZXE
T, AFTIEEREIDPH LWEBTENRREEZEE T2 2 ek 7
D, FHER—XETNVTIIEEDIH L WG DOREZITI T LIRS

3



ns.

HERRE T VIIHEOZHLEA, ZNZhOET IR 2 HZ
ALTWS., KO ERTA T 7, SRLEIFREETAD TR LR
a7zt T, Ra7oTFHRKEDOR LEZHET LW BDTH
5. L)L, HERRETVORMENZHRTH 2050212, HilcRar %
VIS 27200 TIEIBEDOR EATIT o 2BN03H 5.

C DRI 2 RER e U TANISE TR, THERIGH (Item response
theory: IRT) (Lord 1980) ZHIH ¥ 5. IRT &, BEEF A ZHWET X
MEFTH S, IRT OIRET L E LT, fFHliO—EREPLHML I EWVWoz A
MRS DR ELZZER L TRaA7 Z2#HETZX 2 ET AR ZHIRERINTED
(Linacre 1989, Myford and Wolfe 2003, Eckes 2015, Uto and Ueno 2018,
Uto and Ueno 2020), EfEERR a7 OHENFEH XN TS (Uto 2019,
Uto and Okano 2020). AL TIX, HEFRAE T V2 ANEFHMEE & 2785
ZeTIRT E7AZEAHL, PMeXORa7 D FREEOM E2X 5. 12
ZFERIL, BHPRAETVOREZZER L ODOFETLVOTHIR a7 2
BTN TESD, B0 HIRAET VLHFIR X a7 O F
B HARTEDEMRTHRa 72182 Z e PRI TE 3.

AKX TR, IBZFEOR 27O TFTHEEDS, B—0HBRAET L E
B2 a7 D IRTH T2 2 2E T - XIS 2FEHRZELT
2N



2 I\HRXBEERRETI

AHITE, ThETIREINLAPRAET N E, HHEX-ZETL
YIEEEER—ZETF LD DKL THENT 5.

2.1 HHEN-XETI

FHERX—-ZXET VR, HEPRLEPERL WL O 0RHEZ H
WC, N XDRaT7 TS HETNLTHL. REMWZRET L E LTI
TOEFL FTHRHIN TV 3 e-rater (Attali and Burstein 2006) 23281F &
N5, ZOETMI, FIIEORH, VPIHER, XK, ERORHE L
Vo RHMBEEZHVTEMNKICE > TRa7oFHZITS. S BHIGEET
X, ZERFRHEXR-XETLVORENPEINTWVS. Phandi et al. (2015)
i, A7)y VHREEZAWTD 2HETHEE LET V2R ORE
TRa7%2FHT2FEERERELE . ZOETAE, Domain adaptation
EFHEN B LT E L A E BEEEETHEIS S 2 X XA 71280\,
— W SN 5 EasyAdapt (Daumé III 2007) ZJ5H L TH¥E %217
5. ¥7z, Beigman Klebanov et al. (2016) &, HFEOFEEMICERHL, Z
NozRBBL LTOHLEEHIREET VZRRE L . —J7, Nguyen
and Litman (2018) &, HASHEUHED XX 7 D—DTH St~ =
7" (Peldszus and Stede 2013) OFIHE 2 BEHRAE T UTEA L 72, BAKIIIC
X, FE~ A =¥ 7 T RIICHW S 2 EFR 9 HH (Classifying Argument
Components) % B{£57%#H (Identifying Argumentative Relation) IZB83 %
FErHwTRa7zFill$ 5. 25612, Cozma et al. (2018) 1, HISK
(histogram intersection string kernel) & P35 X F4 A —# L (Tonescu
et al. 2014) ¥ BOSWE (bug-of-super-word-embedding) (Butnaru and
Tonescu 2017) ZHHAGOELFRHEBZH T TFHZITOET LV EIREL T



W5,

22 FEFER—IXETI

EEFER—2E2T0E, REFETFEEZACTCHEEORYIZERZATI &
LT, NiXDRa7%TFHTE2ETLTDS.

Score
( Linear Layer j
, i \
Pooling Layer )
l LSTM Layer :
I N S
k Convolutional Layer )
N N N
\ Embedding

1: Taghipour and Ng (2016) ® LSTM X—XEF )L

Taghipour and Ng (2016) I K DR’ LSTM zHWRE TV
(K1) 23, FE DT D 2 ZROEA = A v MFE (quadratic weighted
Kappa: QWK) IZBWTIERDFRHERN— X E T V% L 2 fEE I ERE S
NTLUE, BZLOETADPREBEINTE L. HlZ1X, Alikaniotis et al.
(2016) 13, R~ 3 2% EOREEE AW TEEENNRLOZ T 7IZED

6



X E R 5 2 2 5% word-embedding D2 I KM X4, LSTM N—
ADETITIIRE B .

Score

t

[ Linear Layer J

Concatenate %\

[ Pooling Layer / ]

Neural Tensor Layer

LSTM Layer

[
G B
[

Embedding

T 1T 1

Wy eor Wy oor Wipy +++ WL

2: Tay et al. (2018) @ SkipFlow €7

% 7z, Tay et al. (2018) (%, Taghipour and Ng (2016) @€ 7V
SKIPFLOW t FEIN 2N - HEER O Rz Z R L THEE 217 5 A
ZEML, RXD/Nam I U TN HEER O BEKREGREZZERTZ 5 E
TUERE L (K 2). Wang et al. (2018) 1%, REINFORCE 7/13VJ X
2 (Williams 1992) 12 X 2 REERILEE O A HER A ET LV O¥EYE
CEAL, BERR—=Z2DFHZT TR L DPER-ZADTFROATRENZ TR L
7z. Cao et al. (2020) 1%, ZHRFREIHEICT 572012, FHEiD D FH
DIVL—LbV—07%RRL, FELLEHFEZ ZHNOFETTHZITORED
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QWK %[ Ex g7,

X 51T, LSTM Of{& & L T Transformer (Vaswani et al. 2017) D&
MrzHWEETAPREZINTWS. HIZIX, Mayfield and Black (2020)
X, FET¥Y X7z BERT (Bidirectional Encoder Representation from
Transformers) (Devlin et al. 2019) % fine-tune § % HEIHRRE 7L Z 12

EPYSE

23 NATUYRETI

Score

t

[

Linear Layer

]

Concatenate ék Essay-lebel Features

p

\

[

Transformer

]

A
I
I
I
I

4 4

L

1

BERT

A
I
I
I
I

Transformer

3: Uto et al. (2020) ® BERT X—2Z A 7 v RET )L

REMEBEN-RETL L EEEER-RETALEMAEDEINA TV v
FETFLOMIEHITOI TS, fHilZ1X, Dasgupta et al. (2018) {F—f&HY

U
11
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2 LSTM R=ZXDETNVDOH 1, NFTHEFTLEEFREEZ AT 5E
TNLOHNZEELETVERELTWS. £, Uto et al. (2020) 134
KROBFHEER—ZXETNVOWNZ, BN L ZREEXRS P zehbis
LTHEBZITO VI 7L - =7 2R LTWS. BAEMIZIE, LSTM
% BERT %209 & L7t A4 RIREFEFE L RXN— AITEBORHENR S b
NEFEE L ET AV ZIRELTWS (X 3).

24 BHEFRSETILOHRE

DX ICHERRET VI EDOZHRILDEA, ET NV EICELR 55
MeRMEEELTWS., 2FD, TNOOHEREET AL TFHILIA2 7
2T 22T, Ra7oTHlBEELMESES ZePHIFTES. L
ML, HERSETNVORENZHTH 2030 212, B 27 2 ¥k
TARETTIIREDETNDEERZT 570, MEDOM _LEBHIF SN 5
BB, KK TIE, SHIFRSETLVOREEZERL TTHIR a7 0k
BEATOT-DIC, ZBEDREN ZHEYNCHETEZ 2 IRT ZHWS Z & %1
RT3 5.



3 IRBARIGER

IRT (Lord 1980) i, e 7—= 7% e T AT 14 V7 DR & LT3
MDD SN TV R BEHETFT L EH W T A MEHD—D2TH 5. IRT T
X, BN T A MBI 2ZBEDRKIEDI S, 77X MEHE & ZBREORE
NEBEERET LV LTERMET S, Zho0ETARFHAT 2 HRE L
T, UFoZETFohs.

1. 77X MHHOREZZE R L 0D, ZEBEDOHIPHETE 5.
2. B3 7 Z VHBICN ST 2RBEORIGE, F—RETIHETE 3.
3. RIAENEZINTVIIHATY, BRIIHETES.

KD IRT EF VT, HRERBITSZBEDOR a7 TR SN 25326
FH X REOZMHT—RIIBI2ENMBLINTEL. LrL, K#wXT
WS X 5 BREBOFHMNE 2 ZHE D/NaR X 2 PRR T BN XERERICE T 5
7 —RIE, —HICIERZEE x Bl x FHiliE O =T - X THB5. D&
ST = RITHIET 272912, ITFETEFHEERMEZEE L ET VDL
BRINTWS (Linacre 1989, Eckes 2015, Myford and Wolfe 2003, Uto
and Ueno 2018, Uto and Ueno 2020).

AHMEERMEEZEZER LIRS —RNGETLELT, ZHI vy 2ET
b (MFRM: many-facet Rasch model) (Linacre 1989) 2341 50T\ 5.
X ZaHliE r ¢ R ={1,..., R} 2%E& j e 7 ={1,..,J} Z&*
Hied=A{1.. I} D/N@HEXTERZZ2 7TV HINVRAT ke K =
{1,...,K} ¢$%. MFRM T, X,,;.=k CR2HR P, ZXTE
#75.

exp Yt [0, — B — B —dyy]
Pijrk = =F 1 .
lel eXpZmzl [ej —Bi =B — dm]

(3.1)

10



T ZT, 0135255 j ORENREES, B, (3ak& i OWHE, B, |FaFilizr
rOMLE, d 1ZRaAT7 k—125 kBB TIRHEEERT T —X
TH5. EFLOBIMEDTDIT, By =0,d, =0,5  dy =0 ZRE
T5.

MFRM TiX, 2 TOFEIZOWTHANIN—ETHE Iy, £ETDF
MHEPFEFO—BMEZFR O EBREZ NS, HETE IS DRED
DD Z eiddin. 22T, ThooflfyzHEMLzET L E LTH
RGN DA R FHIE BN OERZZE R TEZ 2 ETARRERIATHY
% (Uto and Ueno 2016, Uto and Ueno 2018, Uto and Ueno 2020). Z<Hf
KT, ZOPTHREmHD IRT €71V TH 5 Uto and Ueno 23R L 72
generalized MFRM (g-MFRM) (Uto and Ueno 2020) ZEA T 5. ZD%E
TIUTE, X, =k ERDBMER P, EXXTERT 5.

p . €Xp me:l [aiar(ej - /81 _ Br _ dm)]
tyrk — K l
Zl:l exXp Zm:l [aiar<0j _ Bz _ 67~ o dm)]

ZZT, o \FFHE oA, o, FFHEE r O—EM%, d,., FEFHEE - O
AA7 KITNTBMLEIZRT AT Y IRGX=RTH L. T VO
Dz, Y1 loga; =0, B, =0,d,q =0,27 d=0%R
ET 5.

N BEHR RIS BT 255 T, ZRZ2ND/NRXOFEIZOVWTET
NDEBRITS e RITH 5. it &, IRT 7L TIRHEK
I=12LTHEETI72D, ETLVOMAINEDORELD o, & B, ZEH
T&E3%. Zorx, )X (3.1) &,

. (3.2)

b e, [0,— B —du]
Jjrk K l ’
Zl:]_ exXp Zm:l [03 - 67’ o dm]

(3.3)
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rih, T, R (3.2) 13,

expY" e, (0;— B, —d,,)]
Zfil exXp zrlm:1 [O‘ij — By = dm>] ’

Y73, —f&IZ, IRT ETLDRIRAXA—RBT—XRICEETNZEH X
N7zxa7zH\wT, EM (expectation-maximization) 7L 3V X L%,
MCMC (Marcov chain Monte Carlo) {£IC & o THEE S L 5.

IRT €7 MIBT BRENHEDFHAERX, 74 v v —HHREB DML
CHDEINE —3(F % 2 L AHI STV (Lord 1980). 2 D7, IRT T
X, BAOAIEREZRITEEL LT 74 vy —BHREI RICHHZ N
%. R (3.3), (3.4) TREND MFRM % ¢-MFRM ® 7 1 v ¥ v —IHkE
J(0;) IFXATERSNS.

jrk — (34)

R [ K K 2
70;)=>_ [Z k2P, — (Z kpjrk) ] . (3.5)
r=1 | k=1 k=1
INHDETNVE, BIZRa7Z2G LD FIEZITORAET VE T
NTIDERBECZBEDRNEMHETE 2 Z M6 TWS. KRfFZET
X, HERAET V2 ANMFHMEE & A% T2 TIRT €7 VAT 5. £
NENOHEREETANTH L2227 ZHWT IRT £EFLD8F X —
REWETHZ 2T, HHREEFT VO 2ERB L2227 2 FHl$
52D TES. 2B, IRT E7 0% HERAE T VICHAAL Z & 218K
LTW23dDbH 50, RAKED XS ICEBROHERSET L ERET 272
HDFETIE W (Uto 2019, Uto and Okano 2020). XKEiTlX, 1REFIL
DI DO NWTIRAR B,

12
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4 RBEFLE

AEITIE, RAARTRET 2E8BOBHFRSE TV ERET 2 FEICOV
TibR 3. EEFEOWMIBREZK 4 12RT. AT, BERSET LE
IRT ET VBT ZFHEED— AN LTARTZ LT, IRT £ET1LDRT
X=RZHEL, PHXDRAAT7DTRNCHNWS. 22T, #RFEOEY
DDITHOEPLD, ¥BT—RXDO—HEMIET —& (dev £ RiLT2) &
T5. 2D dev 7T —REZRVWIZH D% train &R T 5. £, ZITET
A MTF—=&% test ERFLT 5. REBFEDOEKNZFIEHIIRDOED TH 5.

1. train 7— 22 HWT, BERAET V2 ZNFNDHIETHEET 5.
Z DY ERIN/NR X HEHRAIC BT BT, SR N BEHi
FDRa7 2P LEZDDR, GitLZd0ERAMMESE LTH
W5,

2. dev 7 — &, test T—RIZOWT, 1 TEEHL-HIREETNLTE
nzhxarzyHlds.

3. dev F—&HDOANBFHIIED R 27 ¥ HEFRAEFTLOTFHIZa 7,
test T—XICBIT 2 HEREETLOTFHR a7 EHWT, IRT £
TIDNRT A —REBHET 3.

4. 3 THEE M ZEBRE DIBIENZREN 0, 2 BT R5 X — X EFWVT,
test 7 — X D/NGR D AR x:7X’%m®;9kJ%?%

X, = > Zycp (4.1)

| ‘% human ’ —
TERhum‘m

2T, Ry SAHFHEEOEEZRT. ZOFIHZ, ZBRED
ﬁfmtaﬁej%mwkﬁ%ﬁ%®Xn7@R§Kébﬁét®m

S =

179
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RETFETE, SEHIRAET VORI ZERB L NS, Ak BE)
REETLOTHZRa7ZHETE3. 2 kb, Bk xaryoFEEitk
FERPHE—OHIRSET LN, BEOGWTFHIRa 752155 Z 2
HFTx3.
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5 FHsEER
51 7—Aatvh

# 1: ASAP 7—%+t v b DA

RS | DERSCEL | FEEEER | RaT L vy
1 1,783 350 2-12
2 1,800 350 1-6
3 1,726 150 0-3
4 1,772 150 0-3
5 1,805 150 0-4
6 1,800 150 0-4
7 1,569 250 0-30
8 723 650 0-60

AT, FHMIEERICHWS T —4%t vy b& LT ASAP (Automated
Student Assessment Prize) 7—&t v MIEHWS., ZO7F—%t v M,
WAEIC Kaggle DT v M 74—k oTHEIN LT —X a2 RT 4
YaryTHwbh, BETIEEE K O/NaXX BERAOHIZHW ST
% (Phandi et al. 2015, Cozma et al. 2018, Taghipour and Ng 2016, Jin
et al. 2018, Tay et al. 2018, Wang et al. 2018, Cao et al. 2020, Uto et al.
2020). & 11TRT X512, ASAP F— &+t v MINAODEZ 2 FRETREMR
INTWE., ZRZENDOFEIZOWT, FFEZREEL T 2 KEOZEE DG
L7z/Namse e, /N isnt s 2 ANEFHE O X a 752 Tsh, &Rk

*I https://www.kaggle.com/c/asap-aes/
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B TR IR S,

Z TR TR, —BRIVR/NES HER S ORI, BERAET
NE AT LI U CEHi 21T o /2. £72, ASAP 57— &+t v T, &/
FSTD B ANBIFHMIE IS X o T G- &N —DoDHHAE Y 72 2 X a 7 250G T
F o TWB L), BRTIRCBT 2 NEFHIE LIS OWT [ Ry yman] =1
g L7.

5.2 EERETE

AEETIE, 5 DHIEMELC X o TN D R a7 OFHIFEE TRl %
To7. £, ThZ2hOnHOHEIZTONWT, ST (Taghipour and
Ng 2016) & [k, T—XE v bD 60% % train 7—&, 20% % dev
T—&, 20% % test 7 —& & L. FHEFEEE, HEHRAE T VO
BOWTILLSEHAEN, ASAP avR7 4 ¥ a Y TOEMENZEZRE L L TH
Az QWK ZHW\w7 .

Rz, A7 OHEXITS BERAE T V2 TITRT.

e EASE (SVR), EASE (BLRR). Phandi et al. (2015) THW o7z EASE
(Enhanced AI Scoring Engine)*? 1%, ASAP 2> X7 4> a>¥TA
B LR EMEY -1 TH 5. EASE TIIXD X5 LFiHEZH
W5,
o XTFHRHFEH L Vo-EXICET 2R EE
o POS (Part of speech) &% Z7ZBE# § 5 Fif=
o I ORHERTRHE
e Bag of words 1T & 2 &
AL TIX, SVR (support vector regression) £ BLRR (Bayesian
linear ridge regeression) @~ DD EIFE T IV EH W, £z, AT

*2 https://github.com/edx/ease/
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Bt5% (Phandi et al. 2015) & [AIBRIC scikit-learn (Pedregosa et al.
2011) % FIWTHEERIT - 7=.

e XGBoost. AL TIX, EASE ZE&ENRWEHEE L LT, JLiTH5E (Jin
et al. 2018, Liu et al. 2019) THW LN SIRE R — R & T 5K
BEMWIZET VR L. MOXORER-ZA T 5/ HEL LTI
RD &5 LR EZ W .

o /NERSICEENZHOBUCE T 2K E

o HITE TN HAEBICHE T 2 RHE

o MXROEZICZET 25HE

MR DRERIZIE, CoreNLP (Manning et al. 2014) ZHW7z. %
7o, FEATHRSE (Liu et al. 2019) & FEBRICEIFE T L E LT XG-
Boost (Chen and Guestrin 2016) % HW\ 7.

o LSTMMoT. #HEEFEER—XEFNLE LT, LSTM R—ZDEFILE L
Tikd —MERET L TD % Taghipour and Ng (2016) DET L%
BHLZ. B, K 117RL7% convolution layer (&4 7> a v DJE
THhH, FEBRTEIHVRW. £, AMETREIOET VORI
PyTorch*? % w7z,

e SkipFlow. AMFETIE I HITHEBEFEX—XET /L LT, LSTM X—
AZADE T SKIPFLOW & PN 2 ¥ %2 8 A L 7z SkipFlow £
7L (Tay et al. 2018) ZERH L 7. TOETFINWIZ, X 21Z7R5 LSTM
layer DD RT (h,;, h,;,s) % Neural Tensor Layer (Socher et al.
2013) NOANE LTHWS., AEBRTIIZOE O 220 & L. £
72, BETFIILDEEIZIE PyTorch % W=,

e BERT+F. AWIFETIX, "4 7Y v FEFILE LT Uto et al. (2020)
TRESINLHAFEEAD BERT IZREEZ M A T fine-tune 5
2T NEHRMA L. AW TR, FHil¥EHEAD BERT & LT,

*3 https://pytorch.org/
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uncased BERT-base Zf#f L, 522l PyTorch % H\W7z.

AT TIX, /N DFAIFENTIC NLTK tokenizer™ Z W=, £7=, 1o
AR NA R= %5 X =R DEENITTDOME DR EITHE U 7AEZEH L 7.

AL T PSR L HEREE T AV ERAE LR TEE, Zhzho
HEHR A ETVHEAE (DT, BASE £51) &, ROHHZE T A FEFIE
(AT, AVG &) e LH#d 5.

e MEAN. BASE €7 1VOFHILZR a7 283 %.
e VOTING. BASE E7 VD FHIL7zRa 70628k (hard-voting) T
Ra7ZRET 5.

X5, EFIETIE MFRM ¢ g¢-MFRM © —~5® IRT €7 1%
w3, VB, #Z2ZFEcchso IRT 5402 AW FEE Pro-
posal (MFRM), Proposal (g-MFRM) & M. JefTi%E (Uto and Ueno
2020) 1IZfEW, IRT ET LD 8T X —XDOHEEIZIE Stan (Carpenter et al.
2017) Z#|H L 7 No-U-Turn sampler (Hoffman and Gelman 2014) iZ
X2 NI b rEYTFIAREERAWE. 5 X —XOHEFDAHP
MCMC HE DR MR EE  7e1THI%E (Uto and Ueno 2020) 1IZ1E - 7.

* http:/ /www.nltk.org/
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5.3 REER

* 3: AVG [ETo g

Proposal Proposal
MEAN VOTING (MFRM) (g-MFRM)
FE QWK | 0.739 0.734 0.718 0.753
p fE 0.039 0.039 0.007 -

7 212, % BASE €712 & AVG D QWK %2/RL7:. #2RFETH
% Proposal (&-MFRM) 133R&EHS 3 ® BERT+F ZfR\T, fio2TD
BASE €7 1® QWK % kR -72. X512, ¥ QWK TIELETOEBRTF
EI L TEWMEE 72 o 7.

x 200, B ESEFETH S MEAN & VOTING dlZIZETOH
BB FIZBWT, BASE £7L e RTRED A E L. B PR
¢ Proposal (e-MFRM) % H# 3 % &, #EES 3, 5 ZFR\ T Proposal (g-
MFRM) ® QWK HDEFZ P ETFRE IR TE LS R o, HBEISEEL
ZHBE LT, #EFETEZAZAD BASE E7VORMEZEZERL DD
AaA7EZMWETE B Z Mo 5. Proposal (-MFRM) OFEE A EW
M Cld, BASE E7 VHORKEDOENREWEANCH 5. FIZIX, REER
5 1,7 Tlx EASE (SVR) , #&#%S 6 Tid XGBoost & BERT+F, &
%5 8 Tld EASE (SVR) & LSTMMoT 2ithd BASE €7V & LEARTHE
BT LTV, ZOX5RGEICHMR P EFETIEIRAET L
DFHAZE R T E RN DITEEIME T %523, Proposal (g-MFMR) Tl
CHhZZBRTE57D, @WTHEZHR T MR R o 7.

X 512, AVG D Proposal (¢-MFRM) & AVG JEIZX0 L TRIED
HBURERITo7. ZOBMEZITY, MEDZEMNEZZE L T hommel £
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WEDORIELZ pfEER 3 I1RT. 2R, S, Proposal (g-MFRM) 1%
HREKUE 5% IZB N THOHMZ P FIE L RT QWK O AERAED
bz,

x 226, IRT EFVETHEZITS &, Proposal (MFRM) (& Pro-
posal (g-MFRM) & lERT QWK 239 % Z e h3bho 7. ftho Bl F
{btFiE & lERTD Proposal (MFRM) OEEIX TE > TWie., ZOFRED
5, MFRM ® k5% > 77 IRT EF LTI EHERAET T ILVORE
ERTETELT, EFIEIC e-MFRM Z2E AT 2 2 OEMMEIRIE X
7.
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# 4 % 0 OFPFICBY 2 HERSE TS LD QWK

VN DZEBE (0 < —0.5)

REE S
BHEHRRET L 1 2 3 4 5 6 7 8 1A
EASE (SVM) 0.540  0.487  0.138  0.049 0.382 0.460 0.341  0.326 | 0.340
EASE (BLRR) 0.533  0.314  0.125  0.144 0.439 0438 0.295  0.346 | 0.329
XGBoost 0.770  0.528  0.060  0.051 0.317 0.403 0.408  0.586 | 0.390
BASE LSTMMoT 0.745 0.570  0.039 0331 0.395 0.540 0.452  0.116 | 0.399
SkipFlow 0.682 0.497  0.048 0259 0.341 0.574 0.455  0.327 | 0.398
BERT+F 0.661 0.358  0.056  0.080 0.359 0.354 0.322  0.355 | 0.318
MEAN 0.752 0.521  0.075 0.153 0.421 0.451 0.462 0511 | 0.418
AVG VOTING 0.748 0.531  0.000 0235 0.416 0.486 0.479  0.516 | 0.426
Proposal (g-MFRM) | 0.792 0.549 —0.002 0.292 0.425 0.551 0.522 0.524 | 0.457

R DREN D (—0.5 < 6 < 0.5)

%S
HEHRRET L 1 2 3 4 5 6 7 8 EEE
EASE (SVM) 0.109 0.047 0234 018 0234 0.161 0.196  0.108 | 0.160
EASE (BLRR) 0.362 0.120 0.059 0314 0.309 0.334 0.335  0.366 | 0.275
XGBoost 0.307 0.069  0.107  0.135 0.290 0.096 0.169  0.321 | 0.187
BASE LSTMMoT 0.306 0.086  0.179 0276 0.174 0277 0.354  0.305 | 0.245
SkipFlow 0276 0.116  0.058 0202 0231 0.245 0.297 0277 | 0.213
BERT+F 0.331  0.232  0.137  0.132 0.338 0.110 0.238  0.366 | 0.236
MEAN 0.310 0.172  0.040 0343 0.384 0.265 0.326  0.335 | 0.272
AVG VOTING 0.365 0.136 0.081  0.329 0.345 0.301 0297  0.340 | 0.274
Proposal (g-MFMR) | 0.341 0.248 0.071 0.351 0.367 0.177 0.339 0.396 | 0.286

EVEENOZEE (0.5 < 0)

HREE S
HERRET L 1 2 3 4 5 6 7 8 FME
EASE (SVM) 0.129 0.161  0.046  0.191 0.18 0.039 0.117 —0.140 | 0.091
EASE (BLRR) 0.425 0.279 0245 0399 0.395 0.318 0.382  0.319 | 0.345
XGBoost 0.374  0.258  0.087 0282 0.304 0.130 0.303  0.247 | 0.248
BASE LSTMMoT 0272 0.235 0208 0329 0.323 0.256 0.278  0.282 | 0.273
SkipFlow 0.253 0.228  0.002 0304 0377 0.168 0.191  0.004 | 0.191
BERT+F 0.424 0.269  0.256  0.242 0.376 0.168 0.392  0.285 | 0.302
MEAN 0.353 0.280 0213 0.434 0.441 0.309 0.358 0.095 | 0.310
AVG VOTING 0.418 0215 0.290 0.378 0.395 0.325 0351  0.197 | 0.321
Proposal (g-MFRM) | 0.407 0.202  0.262  0.358 0.403 0.344 0.335 0.357 | 0.334
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5.4 REREDENICETZTMH

AHiTIE, ¢MFRM CBWTHESINLZHREDRES 0 OfETT— &%
D, BZEREDRNEICB T 2 FBIRERET VOMRIH 21T 5.

#£ 41%, ¢MFRM BWTHEE XN 0 12O\ T, KWEEH OZE
% (0 < —0.5), TREORNIDZEHE (—0.5 < 0 < 0.5), HVAEND
BEHE (05 < 0) D=0 F—XEHEL, ZhZhOHTRAEF L
D QWK 2/RL7ZdDTHS. KFIE AVG EORTHRD QWK 2K =
WHDERT. £4 XD, % BASE 75T —& kv bRRENICK o
TREL QWK »ERZ D, ZhAZHHIREETNVICERESH 5 Z e
s, HlZIX, RO DOZEREICEWTIX, EASE (SVR), XGBoost,
LSTMMoT, SkipFlow 2:Miicdd> BASE € 7L ¥ LERTHEE QWK 23E <,

RE I OZERE T BV TIE, EASE (BLRR), BERT+F %tid> BASE €
T}lm‘:tI:JVC F¥ QWK BEc ko, Zhoz2MEadT 2EFIED
Proposal (&-MFRM) 1%, R3IWIRL7zL S CHE—-DOHFRLAET L LMD
AVG HEE AT QWK AL L7 E5I2E£ 4 TK 0 0FF I L I1cAk 2
Y, FHTERWEE OZERE ICB W T, Proposal (¢-MFRM) I&FFEES 3 %
R Bz B FiED QWK = LR 2R i -72. BASE 5
NDENZTNORBEERTE B0, OB EELTIEL RTRE
LTHESRLELTWS
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Prompt 2
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00 T T ll T T T T
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Latent examinee ability 6;

X 6: REES 2 D7 4 v v —IFHRE T(0;)

ZZT, K5, 6% #FEHRS 1212815 ¢-MFRM D7 1 v > v —IE5#
B J0;) ZRLEZZ7THs. K4 &0, EES 1 IHMEVEES DR
FIZDWT Proposal (g-MFRM) OFENRKZL M ELTWVWS. 2ok 2
bzhHde, ROWEEHDZERED 0 OHIPHT T 1 v > » —(HHlE S HENIC
REBREEZRLE., $, FEES21ZBWVWTH, TEEDRTOZEHREIC
DT Proposal (g-MFRM) OREHMA L, FREEDRETIDZERED 0,
DHFFATIET 4 v & v —[FREBOENIRE L7 EDR 6 obDn 5.
74y ¥y —IFHRENREVE ZFIZ g-MFRM O 0, OHEEMEDIEHELED
INEL 7B 7, ZEEODREN Z IEMICHRZ TV AHIPH T, REFETDH
% Propsal (g-MFRM) @ fEA LICHFSGLTWs I ehbhrd.
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Prompt 3
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Latent examinee ability 6;

7 BEEE 307 4 v > x —HHR I(0,)

1l

x50, M7, HEEE 3BT o MFRM O 7 14 v > v — 5
B J(0;) 2RL1rT77THS. £4&D, Proposal (g-MFRM) & fthDER
A AT RN N EE N DZERE D QWK 23ZF LK HLL Tz, 2ok
X, BOBHOXBED 7 4 v > v —IHREOMEIZX, FHIENMEDL /NS W,
74 vy —[HEMENIRKZTWVE ZIZTIX Proposal (g-MFRM) OFFEE[A] i
FE LT\, BT 4 v ¥y —BlREIN NI WGEIIIBEDH LD A
LT,

D EDRERDP 5, REEDQ/PNHXDRRD & 5 BEMNZ S Far—ay
IZHBWT, Proposal (g-MFRM) Ti&, 74 v v —I[ElREZHR TS L&
THERAET VOFMENTE 5 2 e biifFE N 3.
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6 LIV

AW TIE, IRT ZHVWH LOEHBFRRE T VOO FEZIRE L
2. 3, FRAPhOHIREETNVEIZBEEDOREINIIS L TTHlEN 3 2
a7 BRI B0, BHIEE IR a7 T FHREEMETLTLE
FBNDD B Z & bRz, ZOMBEZMIRT 57-DI2, AR TIEHER
METLVORMZZEEIT A2 TES IRT 7 LEHWTRa 7 2Tl
TE37AT7RIERLT:. 200 BEFRAE T VE — NDFHE & A
TZeT, IRT ETMCHEA L. EF—XEHWLEROMER, REFE
EHE—OHERNET L RN TR a7 FHEES M EL. X512, #
BOBHFRRET VDO TRR 27 2 BT 2 FEL HARTSH, TH
BENMLEL, BEEENREDONT-. £/, IRT ETLMICBIT 27 4 v
Y —HEREN/SRKZVEE, FHBESMLELTWSZ 2R, HEIHR
RETADOFMDO—oDIEE Y L TOREENZIER L. SHBOFETIE,
BeART =Xty bERAVWTREFEOMRELIMAST 2 081D 5. FED
BRL2HFEICBNTYH, BEFEIENTDHL 2R LWV, Fie, HRA
REFRAETAREMT 2 2 CTREM PR TE 2729, X DR
RBEFRAETAVEZHAADL Z L 2T 5. X612, IETEREEYETF
ExE Wz IRT OMSEDBATHD, KIDEWEETZRE OB ZHEE
TEZZeHISNTWS (Yeung 2019, KT and fEEFE R 2020). Z D
EORETNAVZEAL, BEFEORER LIZEDI .
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ZIfS

KL ZAERT 2ICH7 D, 1EEHE O EEAR, FHEHEEAR D
5, TENOBLRIIEEEZHDE L. CEHoBEERLET. /7,
£ IPHE DGR T # U T K ORI THW 2 EFFH— 2%, Pail
IRHERET, TIREDICE - [ - BRBEWCEH N LETS.

29



S2Z 3k

Alikaniotis, D., Yannakoudakis, H., and Rei, M. (2016). Automatic
text scoring using neural networks. In Proceedings of the 54th Annual
Meeting of the Association for Computational Linguistics (Volume 1:
Long Papers), 715-725.

Attali, Y. and Burstein, J. (2006). Automated essay scoring with e-
raterA® v.2. The Journal of Technology, Learning and Assessment, 4
(3).

Beigman Klebanov, B., Flor, M., and Gyawali, B. (2016). Topicality-
based indices for essay scoring. In Proceedings of the 11th Workshop on
Innovative Use of NLP for Building Educational Applications, 63—72.

Butnaru, A. and Ionescu, R. T. (2017). From image to text classifi-
cation: A novel approach based on clustering word embeddings. In
Proceedings of the 21st International Conference on Knowledge-Based
and Intelligent Information & Engineering Systems (KES), 1784-1793.

Cao, Y., Jin, H., Wan, X., and Yu, Z. (2020). Domain-adaptive neural
automated essay scoring. In Proceedings of the 43rd International
ACM SIGIR Conference on Research and Development in Information
Retrieval, 1011-1020.

Carpenter, B., Gelman, A., Hoffman, M. D., Lee, D., Goodrich, B.,
Betancourt, M., Brubaker, M., Guo, J., Li, P., and Riddell, A. (2017).
Stan: A probabilistic programming language. Journal of Statistical
Software, T6(1).

Chen, T. and Guestrin, C. (2016). XGBoost: A scalable tree boost-
ing system. In Proceedings of the 22nd ACM SIGKDD International
Conference on Knowledge Discovery and Data Mining, 785—794.

30



Cozma, M., Butnaru, A., and Ionescu, R. T. (2018). Automated essay
scoring with string kernels and word embeddings. In Proceedings of the
56th Annual Meeting of the Association for Computational Linguistics
(Volume 2: Short Papers), 503-509.

Dasgupta, T., Naskar, A., Dey, L., and Saha, R. (2018). Augmenting tex-
tual qualitative features in deep convolution recurrent neural network
for automatic essay scoring. In Proceedings of the Fifth Workshop on
Natural Language Processing Techniques for Educational Applications,
93-102.

Dasgupta, T., Naskar, A., Dey, L., and Saha, R. (2018). Augmenting tex-
tual qualitative features in deep convolution recurrent neural network
for automatic essay scoring. In Proceedings of the 5th Workshop on
Natural Language Processing Techniques for Educational Applications,
93-102.

Daumé III, H.June . (2007). Frustratingly easy domain adaptation. In
Proceedings of the 45th Annual Meeting of the Association of Computa-
tional Linguistics, 256—263. Association for Computational Linguistics,
Prague, Czech Republic.

Devlin, J., Chang, M.-W., Lee, K., and Toutanova, K. (2019). BERT:
Pre-training of deep bidirectional transformers for language under-
standing. In Proceedings of the 2019 Conference of the North Ameri-
can Chapter of the Association for Computational Linguistics: Human
Language Technologies, Volume 1 (Long and Short Papers), 4171-4186.

Eckes, T. (2015). Introduction to Many-Facet Rasch Measurement. Peter
Lang, Bern.

Farag, Y., Yannakoudakis, H., and Briscoe, T. (2018). Neural automated
essay scoring and coherence modeling for adversarially crafted input.
In Proceedings of the 2018 Conference of the North American Chapter

31



of the Association for Computational Linguistics: Human Language
Technologies, Volume 1 (Long Papers), 263—271.

Hoffman, M. D. and Gelman, A. (2014). The No-U-Turn sampler: Adap-
tively setting path lengths in Hamiltonian Monte Carlo. Journal of
Machine Learning Research, 15(47), 1593-1623.

Hussein, M. A., Hassan, H. A., and Nassef, M. (2019). Automated
language essay scoring systems: a literature review. PeerJ Computer
Science, 5, €208.

Ionescu, R. T., Popescu, M., and Cahill, A.Oct. . (2014). Can charac-
ters reveal your native language? a language-independent approach
to native language identification. In Proceedings of the 2014 Confer-
ence on Empirical Methods in Natural Language Processing (EMNLP),
1363-1373. Association for Computational Linguistics, Doha, Qatar.

Jin, C., He, B., Hui, K., and Sun, L. (2018). TDNN: A two-stage deep
neural network for prompt-independent automated essay scoring. In
Proceedings of the 56th Annual Meeting of the Association for Com-
putational Linguistics (Volume 1: Long Papers), 1088-1097.

Ke, Z. and Ng, V.7 . (2019). Automated essay scoring: A survey of the
state of the art. In Proceedings of the Twenty-FEighth International
Joint Conference on Artificial Intelligence, IJCAI-19, 6300—6308.

Linacre, J. M. (1989). Many-facet Rasch measurement. MESA Press,
Chicago.

Liu, J., Xu, Y., and Zhu, Y.Jan. . (2019). Automated Essay Scor-
ing based on Two-Stage Learning. arXiv e-prints, arXiv:1901.07744:
arXiv:1901.07744.

Lord, F. M. (1980). Applications of item response theory to practical
testing problems. Routledge, Abingdon-on-Thames.

Manning, C. D., Surdeanu, M., Bauer, J., Finkel, J., Bethard, S. J.,

32



and McClosky, D. (2014). The Stanford CoreNLP natural language
processing toolkit. In Association for Computational Linguistics (ACL)
System Demonstrations, 55—60.

Mayfield, E. and Black, A. W. (2020). Should you fine-tune BERT for
automated essay scoring? In Proceedings of the Fifteenth Workshop on
Innovative Use of NLP for Building Educational Applications, 151-162.

Myford, C. M. and Wolfe, E. W. (2003). Detecting and measuring rater
effects using many-facet rasch measurement: part I. Journal of Applied
Measurement, 4(4), 386—-422.

Nguyen, H. and Litman, D. (2018). Argument mining for improving
the automated scoring of persuasive essays. In Thirty-Second AAAI
Conference on Artificial Intelligence, 5892—5899.

Pedregosa, F., Varoquaux, G., Gramfort, A., Michel, V., Thirion, B.,
Grisel, O., Blondel, M., Prettenhofer, P., Weiss, R., Dubourg, V.,
Vanderplas, J., Passos, A., Cournapeau, D., Brucher, M., Perrot, M.,
and Duchesnay,E. (2011). Scikit-learn: Machine learning in Python.
Journal of Machine Learning Research, 12(85), 2825-2830.

Peldszus, A. and Stede, M. (2013). From argument diagrams to argumen-
tation mining in texts: A survey. International Journal of Cognitive
Informatics and Natural Intelligence, 7(1), 1-31.

Phandi, P., Chai, K. M. A., and Ng, H. T. (2015). Flexible domain
adaptation for automated essay scoring using correlated linear regres-
sion. In Proceedings of the 2015 Conference on Empirical Methods in
Natural Language Processing, 431-439.

Socher, R., Chen, D., Manning, C. D., and Ng, A. Reasoning with neural
tensor networks for knowledge base completion. In Advances in Neural
Information Processing Systems 26, 926-934. (2013).

Taghipour, K. and Ng, H. T. (2016). A neural approach to automated

33



essay scoring. In Proceedings of the 2016 Conference on Empirical
Methods in Natural Language Processing, 1882—1891.

Tay, Y., Phan, M., Luu, A. T., and Hui, S. C. (2018). SkipFlow: In-
corporating neural coherence features for end-to-end automatic text
scoring. In Thirty-Second AAAI Conference on Artificial Intelligence,
5948-5955.

Uto, M. (2019). Rater-effect IRT model integrating supervised LDA for
accurate measurement of essay writing ability. In Artificial Intelligence
in Education, 494-506.

Uto, M. and Okano, M. (2020). Robust neural automated essay scoring
using item response theory. In Artificial Intelligence in Education,
549-561.

Uto, M. and Ueno, M. (2016). Item response theory for peer assessment.
IEEE Transactions on Learning Technologies, 9(2), 157-170.

Uto, M. and Ueno, M. (2018). Item response theory without restriction
of equal interval scale for rater’s score. In Artificial Intelligence in
Education, 363-368.

Uto, M. and Ueno, M. (2020). A generalized many-facet Rasch model
and its Bayesian estimation using Hamiltonian Monte Carlo. Behav-
tormetrika, 47, 469-496.

Uto, M., Xie, Y., and Ueno, M.Dec. . (2020). Neural automated essay
scoring incorporating handcrafted features. In Proceedings of the 28th
International Conference on Computational Linguistics, 6077-6088.
International Committee on Computational Linguistics.

Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, J., Jones, L., Gomez,
A. N., Kaiser, u., and Polosukhin, I. (2017). Attention is all you
need. In Proceedings of the 31st International Conference on Neural

Information Processing Systems, 6000—6010.
34



Wang, Y., Wei, Z., Zhou, Y., and Huang, X. (2018). Automatic essay
scoring incorporating rating schema via reinforcement learning. In
Proceedings of the 2018 Conference on Empirical Methods in Natural
Language Processing, 791-797.

Williams, R. J. (1992). Simple statistical gradient-following algorithms
for connectionist reinforcement learning. Machine Learning, 8(3),
229-256.

Yeung, C. K. (2019). Deep-IRT: Make deep learning based knowledge
tracing explainable using item response theory. In Proceeding of the
12th International Conference on FEducational Data Mining (EDM),
683-686.

ARTiE and FEEFEE. (2020). REFEICX 27 X G Item Deep
Response Theory. B FIEHRBEF R D, J103-D(4), 314-329.

35



