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Abstract This paper proposes a gradient-similarity based multi-topic jointly pre-training method for
automated essay scoring (AES). Specifically, in the pre-training stage, the training data of multiple topics are used
at the same time, and the similarity between the gradient vector of a sample from other topics and the gradient
vector of target topic is calculated as the loss weight for this sample. Besides, this paper also designs three types of
handcrafted features, combining deep learning with feature engineering. Comparative experiments are conducted
on publicly available datasets, and the results show that compared with the existing baselines, both proposed multi-
topic jointly pre-training method and handcrafted features can effectively improve the scoring accuracy of the AES
model.
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i, SRIX A FNE A F A7 ) E B, I sl
SEEGUE B CNN B IE A0 A1) 728, RNN B iE A%
O TR [6] M M BT, B C&W
] [ AR AT [ SR b 3 INE SCVP AT 55 R % ST
R IA ), SRR ZRLT A ) RN 2
R LSTM P 2811 2 >3 Jieiil 4 SC 73 #. - STk [9] A8
FH 4 22 5 B X 48 b LSTM AN [i) B 1) 2 1) Btk 25 17
B0 /AT AL, DU RHE SCE BPER R
kB8 TT. BA B TARER R RAE P AT S5 A — A ]
VAME5S, 522 B BRI 0 43 B0 N L RRiE 23 %
Z [BIfJ¥5 7172 (mean-square error, MSE). 3Cik [10]
¥ B EE P BAE— T K AE 55, A RIS 2
Kefg i, BRI N TH K95 2 A1) kappa — 35X
PEREUE N agent FIXJNE . Fo 1) TAE TR AR TEAE
SCVE A3 AT 55w B R R T 25 7 5 AR A (i
BERT""), SCH#R [12] ¥4FE T2 5 BERT #H4s &
TAESCVRoy, A EERFE. AVERFE . TRERFE
AT HEARAE 4 SRRFME, AR ) B 5 P 8 Y 45 45
B g AR SC ) S P S N A 2 T A 4
SCHiR [13] $&H T — /N T BERT ) AES 71k, K
VESCVE Sy RIS A [T 5 I HE AT 45, R — A
W N1 25 3ok 2 2 24 R 2 )AL Sk~ [ U1 453 2R R R 7
TR . RIBLFINZ0E 5 A (1) S C 208 053 e
PRSI B = 17K

BL TR 22 I 245 RS R JBE T X - LR TR 1)
Wi SR, TREANZ W % T R BB RN G A
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FE— AN, RIS S A A ) I 2R I 25
— MBS, AR U T2 3 A S AT R
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AT FH 36 % oAt 2 AR A . A S SRR IR B,
FINHNE 3 RE R AR IS I 58000 B Re it — D4R
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FEIN A BT GFEA, IR 2 5] NI 2k
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BT o 2N G 2 T ZR AN G800 R A o
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T T3 HFIE, WAk 1 PoR. HF, Flesch-Kincaid
(FK) Al Sz PE o B R i 8 L E R 5 & T BRI 48
Fr, ¥ FK AT 32 % 79 20 (Flesch-Kincaid reading
ease formula) 1 FK AJ PE 42 7K F (Flesch-Kincaid
grade level formula) 54> 45 45 . FK 7] 3524 73 44 (s)
A FK 40K () BTt E A5 58

s =206.835—-1.015a — 84.6b 9
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F RPN GRFE AR D BEIRIF RN T o ASCHE HAR
o FE AR LUt St ) HoAth 3= R AR A AT IOAL . B %%
FRAE R (8) THE B A5 M FEAR B R L, R
JE TR LR S H 0 (B FE R B g, = VoL, ¥R
FFUERRE o ARG XT—Nk B A 32 R I ZRFE A
bt HHANRL;, FHRBAFE &g = VoL HTHHE
)& S B T SRR T 1), AR, R —A
FEAS T A2 R RH FE 7 1) S5 A Ao B T7 [ iz, U
FEARE BArE8E “H0E” , BE U AR Rk
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g;Tgi
llg:ll2lg:ll2
Wik sim(g,, g) >0, WA IZFEA G AR AL,
H—EZWIEMmZER, Ksim(g, g)MENZFEA R
BE. T2, 5 i MHAE SR ES:
w; = relu(sim(g;, &) (12)
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1) \Dyv D, H 53 TR — AL A B~ Bos

2) R4 (8) tHE BB R LB, FHRKAR
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2.1 HIESK

A SCAE ASAP AE SV 73 £ 5 5 (https://www.
kaggle.com/c/asap-aes/data) [ 3F 17 SZ 4 . ASAP %}
P SR H AT A TT BB BeH B4R SCUE 2
8, W M T VRN AES B8 1) P 4y 1 A 1 .
ASAP ¥¥lfeth 8 A8 TN, B 3 FE
SCARE: ARROC. VO SCMEI B R-AE 3. HREm
Gt R 2 .

T2 ASAP BIREHIGITER

B TR ('S Ak RSP K Pag/SlEAEE
1 1783 BB 350 2~12
2 1 800 WS 350 1~6
3 1726 EF-5' 150 0~3
4 1772 E§-5' 150 0~3
5 1 805 EE-5' 150 0~4
6 1800  [HEL 150 0~4
7 1569 e 250 0~30
8 723 1R 650 0~60

2.2 BEARBITLIERR

AR T AR EREEL % 1) EASE;
2) LSTM. BiLSTM; 3) CNN-LSTM"; 4) NN-
LSTM-Att"; 5)RL1"; 6) SKIPFLOW™; 7) HISK+
BOSWE'""; 8) RZBERT"”; 9) BERT.

Hep, DM 7)) REG g%k, e
PR LB . EASE J& — M TFRIIE TP R 5
(https://github.com/edx/ease), ¥ F T T ¥ i [P HREAE
(WK FERAE . T R AR A5 ) SRANZRBL &S 27 2] Bk,
U SVM, #EATIES T . HISK+BOSWE 43 5l i
B 77 B A 22 7 45 1% (histogram intersection string
kernel, HISK) il BOSWE ] [i] & R i 4 B, IF
¥ WA R &5 A 5 U 2R — > v-SVR AR Y
LSTM. BiLSTM % 7x 7 ml Il Zx— MW JZ 1) LSTM
XA ) LSTM,  Jf B A B ) Bk AT 1 57tk
YEJ9MESCZE7R; CNN-LSTM 1 ] CNN R4 B f)
(A ZHRFAE, ) LSTM A% A1) 7 (] 1) 8 SR BRRE
fIE; CNN-LSTM-Att fE CNN-LSTM ) 3l F 51 A
TIER ML SKIPFLOW 1E 2 2 4E SC K 7R (1 [
B S SN T X B AR RL1 2T itk
223110 AES 8, f# H Dilated LSTM"™ ¥ 4% 5k Hl
BRSO R FE AT UL sk, i FH SR 6 B2 B A
b QWK fE#5; BERT &AL MIEMRA, 5
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AR XA T A FHRE TR, Al
FHFCA S /R SCHOHE . RPBERT /2 SCHR [13] 42
)% T BERT [ AES #5284, [A] i 4R 4k =] U5 453 2%
(MSE $512%) FHE 7412k (list-wise HEF#i2K), & H
HU B SR AES #2828 15181

5 H Al A ¢ TAE —#, A M A Quadratic
Weighted Kappa (QWK) & £ AE S 15 24 PF 43 1H 4 12k
M e br . QWK REH T4 & W H 5 (Wlds
PE AN T4y 2 BB — 8k, BUE@EF T
0~1 I8, 7rEbmERr—SEm. RN T
0, VLEH—SUEE 2 AWPBENLITS . QWK HIiTHE
A AZZSCHR [10,13].
2.3 SIS

AR TS ] Python 1 5 A1 Pytorch HE 22 5K

W, TiYIIgk BERT K H HuggingFace KA “bert-
base-uncased” A, FETIIZRP By, VIR5: 1%
WA 4x107, Ml Adam oAb %%, IR 50 %, HX
IOUE S b g S i R TR0 . RSO Y B
WG 212008 3107, A fE FH Adam 4628, VI
%530 5. XTI BERT KB IR&I1ESC, KB
HH K P R ] (0 4 He g FR TR R R AR AL
B, R SCR A 5-97 38 LIAET7 v, B %
FEO3:1:1 BRI RI 0 I R4 . B0IESE . MIREE . B
5 ANIHASE 1 4 SR S A i A S5 R
24 LIWER

35 TORFEEALSE ASAP A4 8 AN E
I QWK 734, Mk Ron i g

R3 TEFETE ASAP BiREH 8 M LR

WARES E | T2 F 3 T4 F S ESI F 7 F 8 T
LSTM 0.582 0.517 0.516 0.702 0.604 0.670 0.661 0.566 0.602
BiLSTM 0.591 0.491 0.498 0.702 0.643 0.692 0.683 0.563 0.608
EASE(SVR) 0.781 0.630 0.621 0.749 0.782 0.771 0.727 0.534 0.699
CNN+LSTM™ 0.821 0.688 0.694 0.805 0.807 0.819 0.808 0.644 0.761
LSTM-CNN-At™ 0.822 0.682 0.672 0.814 0.803 0.811 0.801 0.705 0.764
RL1™ 0.766 0.659 0.688 0.778 0.805 0.791 0.760 0.545 0.724
SKIPFIOW™ 0.832 0.684 0.695 0.788 0.815 0.810 0.800 0.697 0.764
HISK+BOSWE!"” 0.845 0.729 0.684 0.829 0.833 0.830 0.804 0.729 0.785
BERT 0.806 0.680 0.698 0.808 0.810 0.814 0.835 0.705 0.770
R’BERT™ 0.803 0.692 0.694 0.811 0.811 0.811 0.830 0.738 0.774
All-prompt 0.819 0.710 0.686 0.830 0.838 0.834 0.829 0.740 0.786
KT 0.835 0.721 0.702 0.841 0.842 0.846 0.837 0.749 0.797

MEEFKE, BILSTM fi T LSTM, XZfHFH
B, RN BiLSTM e 4 8 41 (1) R SXf5
.. EASE HIRIAL T LSTM M1 BiLSTM iX i />
CE P LAY, 150 A T P PR A 20 R 5% 5 ) oA 0 LU A
5 0o BT I T U AE R SR A GEb L85 2% S BRI
RE I, CNN-LSTM HR ILAH L B4l /5 | LSTM
P FEA BRI, XEEZHT LSTM. BiLSTM
TP /N B R A e B R A S E N — KA,
AN T A FREEMGE R, H LSTM A& &
REESKBEE, TRXAMRINRZE. M
CNN-LSTM #2& 56 H CNN k2% 2] A1) F 1 [ & 3R,
PR LSTM K% 2] & XK, X s 7 55
& T CEMZ RGN, RE TR THRILEEEER,
H CNN RARIE A 25 2 A AR 2 (] R R B AE, B
& A AT RS, CNN-LSTM-Att 76 CNN-

LSTM 3R _E 51N T e MU, 0P s
PR B8 T FE B IIHLEIRE X 5 AN [F) 1] FOAS [
FIFIE I, AR O B E N R ERHE, 2
H AT A 20 X 28 AR Y SRt 5 440 . RILD i FH sk 2%
IR DT VER B QWK F5H5R, (H45 B IHAS 4y
AR, 3 BR B A T BRI LSTM Y 4% K 2
I ERRA . SKIPFIOW @it 0§ J& ) 1+ 14)
HECEAT AL, PG T DRI, XU
BT AES AR 55k U, PEAG SCE B B MR
3, R T 70 HISK+BOSWE @8k T fr #h&
WA 28 S LR, O HRAE VL SCIAR R 32 /8 1 3
2 FAREE AT R, XA S
P& I TR0 JIANARARAY . T BERT. R’BERT
XA T TR BERT (AR I K B B g 9
RMEE R, XARe Rl TFEIEE RN, 593
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G, R TR I 6 ). AR SCTTIEAE
6 NEM L HAELA TR, LR T ARSI )
FAE TR AN 22 3 UK A 00U 25 1) J7 VR A 0k
All-prompt J& A& X ERIFELIRA, 5K ITER
X FE T, A A 2= T80 AR AL R I A T V2%
M2 ELFH oA = Bl 2 I grderb . g
AL, SR A ST A0 SR A 5 %8 7T ALE 51 NS
AR (R RIS, PR AR 3 22 S R R AR I
B, #E— DR THE IR,
2.5 HRLSEIG

T BAEASTRTH 3 RRRIE RO, ARSI
I SEEG e T AN N DHFIE (none). A A#E A Si 1t
FRAE (st)s i FH T HERIEHE VR BRE (st+gm) A
A RHERZE R (all). 4550 4 s, MAATE
AR R

x4 EBERRNEHHMENSGR

JivE o B EA2 3 4 s Ele £ A8 P

Ours(none) 0.811 0.701 0.701 0.833 0.835 0.834 0.822 0.741 0.785
Ours(st)  0.832 0.716 0.700 0.835 0.836 0.842 0.829 0.745 0.792
Ours(st+gm) 0.836 0.718 0.699 0.845 0.842 0.845 0.838 0.749 0.797
Ours(all)  0.835 0.721 0.702 0.841 0.842 0.846 0.837 0.749 0.797

MEERTTHL, et FERFEANE R IR AL 3 52
THOF o HERPEA B, JCHGRAE UG SR
AL 2 BRI R . KU S S IRE
MR 2% SO LGS 22 ST AN Y], 5 e R
PG N TR ARFAEXT SR TR R R BT AT e 2 A 3
B IR PERF I RS R IR W] 2387, (HH
ABEU AT Z G B SR T S, X AT RE R
PR AT B2 PR AR AE AN REAR B S WS B2 75 5 T2 A
ARAR AT AT B A R TR PR o

3 L FRIE

BEXT B B4 SCPP o0 A0 4 A i PR 2R 5800 AN
AR R TR, AR SCHRE T — A 22 U A TN 2R 7
%, RGNS AR SRR, SN T IZRRE
AR, N T FRREESINZE A BRI AR 3
FIREAA R AT INZRIE A, ASCHR T —Fh B T BEE
FAALE A R BN TG S EAh, N Tt — BTt
RILA BB TERE, ASSORRIR I 7 2] S AL G
METCRRARGE &, Rt 1 3 BAESURME. 7EATTHL
sk EISRIR SRR, Ak EE N TSN
A R IR

BB TAERT DB RE LR 3 N5 1) 24k

FER T4 . BUA I AES J7 546K 2 R0 & 0
SO EAT AR, MR REE SR E AR
UESE . TR [19] 502 TAESCRE AR, &
A, B brsls ARG ERE. WD
S ANTT . WETT AR 4 B R SO AT U
JrRENE L I IR BEE RS R, A P Riset S
AR ZAL. 2) VEr [ei5t. BLA ) AES J5ik# A
BEXSVESCIE 2y, M0 JCVE 3R B SR A PF i K S 151
AR SR BEAE O K S A5 R A Bl 3 Bh 2t A 3R
GAEKF. 3) DREARY ], BT AES Sl K
PR EAE LR, D] AW T D REAR 2 ST i, ik
S M B e
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