Modeling and Simulation 515 H, 2024, 13(3), 2804-2814 Hans X
Published Online May 2024 in Hans. https://www.hanspub.org/journal/mos
https://doi.org/10.12677/mo0s.2024.133254

ETZEFF INRITIER IR ST

’%g %:’ ﬁ 'fg’ % ;FI’ ﬁ"k
A IR R 22 B2 B, VL8 PO

ks HiH: 20244F4H21H; FHBEM: 202445 H21H; kA HM: 20244F5428H

B

FAT VPR RSO R — B A EER XMES, HARRA T RTIFFEIBERNGE. UERET
TR IRSCERERTIRI T E RS LBESHERBR, HERASFAROPTEHEHER, ANERE
MR BUEAT VT B ORI E XRE. 400 ERR B, SCHRE T — M B4R BT IR CR 5 iR
BCLJ(BERT-CNN-LSTM-Joint Model, BCL)). &4&, f#FBERT{E i HERELAMERERT: RS,
B NB 24 M 4% (Convolutional Neural Network, CNN)FIK4EH{E 2% (Long Short-Term Mem-
ory Network, LSTM)ZEAT 15 AFEIIRER, FHiE AR IHLHI G RN SCA15 B B MERE 1 &5, FIH
ARAREERERITEAAEFF, RERCEZ TR TR FM Y, @ PES R E
DFRMES . KRERRY, SAESERAE R CERETRNES S BMES SR AR/ T RN EL
R, B8ORS FHRRZEE T0.7117, FIEZXEIT0.7101, 7EWRIESFAES HMSE,
RMSEFMIMAEZ#141.3690, 1.1700%10.9324 .

XA
FI4TPF#, BERT, £AEFE, KEINCZHEME, BRMEMLE, EEIYH]

Prediction of Peer-Reviewed Paper
Acceptance Based on Multi-Task Learning

Tao Cai, Jian Tan, Ke Yang, Yitian Qin

School of Science, Nanjing University of Posts and Telecommunications, Nanjing Jiangsu

Received: Apr. 21%, 2024; accepted: May. 21%, 2024; published: May. 28", 2024

Abstract

Peer-reviewed paper acceptance prediction is a task of great significance, which effectively im-
proves the efficiency and quality of peer review. Most of the previous peer-reviewed paper accep-
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tance prediction methods are in the form of single-task research, which do not make full use of
other auxiliary information such as paper ratings, and do not effectively extract the semantic fea-
tures of peer-reviewed text. To address the above problems, a multi-task peer-review text analysis
model BCL] (BERT-CNN-LSTM-Joint Model, BCL]) is proposed in the paper. First, BERT is used as
the word vector to obtain the matrix representation of the text; then, Convolutional Neural Net-
work (CNN) and Long Short-Term Memory Network (LSTM) are introduced for semantic feature
extraction, and the attention mechanism is applied to enhance the comprehension of the textual
information; finally, multi-task learning is performed by utilizing different fully-connected layers,
and two outputs of paper acceptance prediction and scoring prediction are obtained to optimize
the main classification task through the rating prediction task to optimize the main classification
task. The experimental results show that the multi-task model performs better than other base-
line models in the paper acceptance prediction task and the rating prediction task, with an accu-
racy of 0.7117 and an F1 value of 0.7101 in the paper acceptance prediction task, and MSE, RMSE,
and MAE of 1.3690, 1.1700 and 0.9324 in the paper rating prediction task, respectively.
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FINZAL S ILE A IS %, ST B AR A IE I WS S A Bh B . Zhu [11]5 A M T —
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RN IR e, ARSCHEH T — B EAT VR R SR TR BCLY. AR H 24155 2 S HESE, fEid
SCHRSCTRUAE R FAE S5, TR SO ST VE 7 TR E N BT 55, R BERT AN Bl Zxid] m) &,
[EJ B AL 1) CNN-LSTM J2,  SEBUGHE SIS Fm A 23 50 (6 XA 45 .
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Figure 1. BERT-CNN-LSTM-Joint Model
1. BERT-CNN-LSTM-Joint Model ;1 5!
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M &, HRmEBMEREAR, WE 2 s, 2455 BB TN Input.

Input = ([CLS], w,---, w,,,[SEP]) )
N FPFiEd BERT Sl 5193 T XA H HE A O, .
0, = BERT (Input) )
Input {[CLS]} {This} {paper} [ is J [Very} {good} [[SEP]}
i (5 (2] (] (] (2] (5] [
+ + + +
gt L2 2] (=) (2] (=] (&) [ =)
+ + + + + +

Position

E E. E. E. E E. E
Poings B &) (=] (s ][a]][s]]a
Figure 2. BERT-BASE input features
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22 #ER
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FAHERTR, IR S BRI A RN . A SCHs CNN-LSTM PR LS, FH R X i A 4] R N #EAT
BRI, DUE AR B A 3 3 A SOA IV SURFAE
BRNZ M S B RUZ AL E M L. B2 SRR E NS EREAT IR AE, SRBURFM
MARNFE . BEAT BRI T A 0N s
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Hr, O, RN AT IR NIE R, @ FRBRERIE, wRRBPZNBESE, MW, fIlH, 57
MR GRL D EER, A .
Ak 210 32 2 H I it PR AN A R el D B B 0T R L 3B RFIE o S R A RS- 2t A 2 P A
H LA IALIRVE R . ASCR AR R IR BRI, it AR W T
MaxPool (O, ® w) = nwig}x(ob ®wli, j]) (4)
TEREE S, MO A& — e WL A . Hinton [14]%5 A$&H T —Ff Dropout I IEMITLE AR,

T b2 i 25 (4 . Dropout 22 3 i 75 4 22 0 2% (I Rl B2 rh AL o S s p 22 Jo it B 2
L W A 0 1 o 22 7 D38 2 A 9 /A 22 T 22 [ IR MR oK AR AN i AR R (K72 A BE 77 . AR SCHE Dropout
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Ehidm aniE RN MBI E N 0.3, MK F IR AN LS BRI ERE 2 5, 31T
Dropout 43, 135 X, .

Xp = Dropout(MaXPool (O, ®W)) (5)

LSTM & —Ff FH % 7 5 B0 AT SR AT 22 I 45 25 40 . AH BT 58 1% RNN,  LSTM e 58 47 b

PR HI PR AR, RN BObEE b B R A 8. LSTM JEESIN THIATT, B8 T ]
RIFHE LA . BUSA L, (SRR e i P OR B B S R A BE P IS 2. LSTM K% R,

RIS ST R
i =0 (Wyx +W,h_ +Wc_, +b) (6)
¢, =(1-i)-cy+i -tanh (W, x +W, h_ +b) (7
0, = 0(W,o X, +Woh_; +W,.c, +b,) (8)
h, =o, -tanh(c,) 9)

Forbe i REINTTRE L, o /2 t INZIZHMLIRES, o Fom t ZIRMH T, h Fom E— DA,
X FR tINZIMHIN o 371 sigmoid B3, W SRR AERE . 75 BB 22 I 28 Rl RSCA T i )
TRHE 2 JE A A LSTM SRtk — B4t 741 h 115 SOR B R SCE B B X 20 LSTM FFHIESREL, 4
TG A X, -

X, =LSTM (X,) (10)
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ZAES i R SO R REAME SS PAT R E BTN . AR5 2 ST iR — MR AL R I A 3R 22 AME 55 B H
PREHLES S 207 i, JF HAE— @R LSEBl TR SH[12]. FEA S, BCLI B AR P S ZAL S5 i
S ME SR TN SO SN, T 55— AME 52 T8 ST 20

X TR SCECTINAE 55, A B E R I HLRDOR AR R OGE EZ A SCARE R . AEE AL
(Self-Attention) & —Fift Fil T 7 S Bt A AL RO AL, 8080/ Xt T A5 J2 BRI BE 47 (R A2 R AL
Pl 0 (/S = R 56 - LW i /A U

QK’
S, (Y) = Softmax \ (11)
{%KJ
Q=W,Y, K=WyY, V =Wy (12)

H QK AV Rl LA HAT RN, W, W MW, ZHT LA ST RE S 4L, Softmax 52 FIRACE )H —
R A AERINLEIRER I 3 R, HEd L 20 X BT BEE PSS 153 X2 .
XA = selfAttention( X ) (13)

TEHAT I PE R I HUBIS 7 — 47 Dropout Bl ki/b BRI Sl MUK, 4 BT 035 1L Al
X S {E347 Dropout #fE2 J5 35 X

X %5 = Dropout(X*) (14)

SR 0 2 A S AT M5k, % 4 BT Sigmoid BRHOR 4 e E R T ST e g
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Figure 3. Self-attention mechanisms
3. BEEINE

Y, = Sigmoid (Dense(xfé )) (15)

FEZAEF 2, BRI GRS B 2 A TR 55 (32K R OIS 2K - AR SO A8 SR8 K% R
AR SRR 55 PR R 2 FRA 37 IR ZE BURAE NI SOV T 55 Ok e B e 18
SCHMSCTIAE 35 AR RAL D 1, PP TRINAE S5 IR N A o BRI, B AIR G435 00 Loss .

Loss =1-Loss, + 4 - Loss, (16)
Loss, = —(YAp . Iog(p)+(1—\7;)~ log(1- p)) 17
Loss, = (§ - 8)2 (18)

b Loss, JRSCHMOIRINAE 55 (2%, Loss, 970 BUIINAE S5 40, A RGBT B R 40
3. XWFIRERER
31 BiEEE

AR S S B FH (1 45085 & . OpenReview & € HURE . ASCIEE T 2023 442584, ICLR 2L iT)
B VRS, BeA&q5 3] 3851 ja S AR 15,400 F & FITFH HdE. %X 15,400 &iFe 548, B0 %
FHN R SCRAE T — MR TR/ 8, HVERITE 1 2] 10 /2 (A, 10 MR R E Y. AT 45E
FEEFATN TR RSO, AXEINT =D S RERZB WA S. EMIT—LEEX
Xof [l — RS V8 SCHERE A B 38, 5 500 R R

S :lz score, (19)
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Forbon FoR il n ANEZNTE—RIRSCHET I, score; FRH | AN EZN THRIR SRR . @
A EIT BN TG E R0 5 CRA SRS UL, W 4 Pos. B SR RAEEIER K
SCE A BRI IR R R SOV TRINAE 550 T T 18 SRR AT T AE R B A T
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Figure 4. Histogram of scores and paper decisions
4. FEESEIRCREKERE

Table 1. Data distribution of experimental samples

=1 IRHEARIES S

SEIS A 43 AR WAL = MR =
Bk 1302 310
REUL 1778 460

B X SEBG— AT IO SCRERZ TRIIAE 55, ARSCHETE T LA R SESE

(1) SVM/XGBOOST: LA TF-IDF [ & AE A4 A, FHEH SVM/IXGBOOST #E47 16 SCHE 32 Tl 73 2%,
11 Ribeiro [4]HIHF 72 T «

(2) TextCNN (GloVe or BERT): Kim [15]55 N#&H T — P fp 28 X 45 [ SCA 73 8580 . RS LA
GloVe 5(# BERT [ &EAE 4N, FIH TextCNN AT 18 3CHE 32 il 73 2

(3) LSTM (GloVe or BERT): LA GloVe 5 BERT i [Al & /E NN, FIFKREHHLIZ N4 384
HTFEE, B E s BER AR &ER 237 095, W Fernandes [1]HF AL TR

(4) BiLSTM-Attention (GloVe or BERT): Zhou [16]%5 i ik 45 & WU a] 4 J #1012 9 268 R 5= ALl ke gt
175128 UL GloVe ¥ BERT i [ml&EAE A%, FIH BILSTM-Att #4718 #3270l 4325

Xt S AT B SCVE A TRINATE 55, ARSC#ETE T LA R SEE

(1) SVM/IXGBOOST: LA TF-IDF i [ &/E A%, F#H SVM/IXGBOOST #4718 SCiF4r i, 40
Ribeiro [41FIHF 78 AT o

(2) TextCNN/BIiLSTM/CNN-LSTM: A GloVe 5i# BERT idl Al &= AE A%, 5 546 7 TextCNN,
BiLSTM Al CNN-LSTM BRI AT SCVP4 T, 40 Yang [17]/F FLBTR «

Bl St S — AT 12 T AT 55 2 T I SOOI AV 23 TRINATE 55, ANSC& T T BL R SE568

(1) BCLJ: ¥iAFEHILL BERT 4ifid, FL5 CNN-LSTM #HTIE U AEHREL, 4379 sigmod BR B4
AR J2 56 ARSI BT 43 Tt o
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(2) GCLJ: #iNFHLL GloVe %ifi, 3£ CNN-LSTM #EAT1E SUEFAEHEE, 235 sigmod B8 80N 4
A J2 56 ARSI AT P 43 T«

33 SRRBSHGE

NT R ZAT S A, ARSCRA T PyTorch IRESIHESS, B T —UBEESH, Wk 2 A
7o i BERT 1 GloVe il itk N 4EE K/ Embedding size 43524 768 5 100. Learning rate A7 [ 4]
B2 IR IFRE N 0.0001. AT S AR G AR R RE G G, AR Adam (R A SCERER AL 25 -
NT B IEBAGS A, K Dropout IREH E A 0.4, FYIZRE IR E Ny 20, BHUZE T E B AR 1 E
79100, EAEBZIRT A3, 4, 5]

Table 2. Experimental parameter settings
2. IWBHRE

¥ BOEE
BERT Bert-base-uncased
BERT Embedding size 768
GloVve glove.6B.100d
GlovEmbedding size 100
Learning rate 10
k2% Adam
Dropout 04
Epochs 20
Batch size 8
Num_filters 100
Filter-size [3, 4, 5]
A 0.5

TEZATS 2 20, BT 25 AR F 14 5 AT 25 SRS AU 2R 1 R, B TEHR B — AN E3E
BT 25 AU B8 A1 S ANV 4R AR R TTREIIA B . 18] 5 BoR T & ADAF IIALE R & ME fats
MR SR . FERLE N 0.2 A1 0.5 B, i SCHECTIINAT 55 M AERA SR FL E#AH &m . SR, 7RSO
S TRIAESS o, AL 0.2 I I TSR TALE N 0.5 IR, Uk, ZRAHRSTHKE, &F T
BEH 0.2,

3.4. SEREROH

3Gk T B AT S AR R AR 1R SCHSCHIINNAT 55 (R TSR o 7E 18 SCH AR B e, 36T BERT
1Al [7] & 1) BiLSTM-Attention #8447 4% T2 T GloVe i 1] & ] BILSTM-Attention 57, #ERf 425 T 1.77%.
XK IAET BERT 18] ) S AR B 78 T8 R _FAR T 25T GloVe 1 TF-IDF 18] [ S A . FEAE S IIHLAS
2177959, 40 SVM F XGBOOST 532, BAITEIZALS [ 8IR 5T BiLSTM-Attention 1%, {H5 CNN
I LSTM A7 1) 2 I 25480 o A 4593 B2, BT CNIN SR FT LSTM BRI ZE TG 18 2 48 ] BERT i /& GloVe
AR, YA BILSTM-Attention #5784, 3% 5 BF & JI AR R ) K A0 31242, 0 45 e % B8 R0 2 2
SCAFFAE o

m
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Figure 5. Performance comparison of different weights

B 5 TEMERIMRELLER

Table 3. Paper receiving predictive single-task modeling experimental results
= 3. IRWTIN R AE BHRBUSLIG AR

Models Accuracy F1 value
SVM (TF-1DF) 0.6493 0.6457
XGBOOST (TF-IDF) 0.6415 0.6349
TextCNN (GloVe) 0.6351 0.6241
TextCNN (BERT) 0.6481 0.6172
WO 5%
LSTM (GloVe) 0.6338 0.6221
LSTM (BERT) 0.6487 0.6409
BiLSTM-Att (GloVe) 0.6537 0.6733
BiLSTM-Att (BERT) 0.6714 0.6747

% A4 BT T B BAT SRR SO BOINAT 55 I T 2R . 25T GloVe ] 1) & 1) BiLSTM 54
TR S e 22 . 7EHRE T BERT 284 rh, CNIN-LSTM B R T R SR e by, 2% W% A 200 B o 7 4 b fi
T SCARKIRARAFFAEFI A JR REAE, FF B0 P HIME BT 7 7 /0 @45 . 78 TF-IDF id] [ & 45 G AL 38 5 2 772
1, SVM Al XGBoost [T 24 AR 2 IAL, I 1 XM B 1) R AT AL BERE 77, A Ul R SUARRHE .
BiAKE, HT BERT il [A BB T3 T GloVe if &R, BILSTM L iL 3T BERT ik f2
GloVe irl [ &, RCRZIAL CNN-LSTM, ] s K9 AR BEH #E SCAR B R BRI, I A 78 73 F) FH i ) £ 1)
T RFHE .

m
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Table 4. Experimental results of a single-task model for paper scoring prediction
4 SOFS TN BIEFRBISLIGER

Model MSE RMSE MAE
SVM (TF-1DF) 1.3312 1.1218 0.9384
XGBOOST (TF-IDF) 1.4179 1.0573 0.9416
TextCNN (GloVe) 1.3328 1.1545 0.9507
TextCNN (BERT) 1.4107 1.2805 0.9430
WICVF 2 FRIAE: 55 ,
BiLSTM (GloVe) 1.5472 1.1465 0.9864
BiLSTM (BERT) 1.3990 1.3642 0.9509
CNN-LSTM (GloVe) 1.3889 1.1785 0.9415
CNN-LSTM (BERT) 1.2477 1.1088 0.9308

72 5 HOGT L SEEG N AR SCHR HA 1) 22 AT 55 10 SCHE TR AN SCVP-2 TR & 452 BCLY A GloVe 1]
A E ARSI . BN RATR, ZATS AR [F I 58 B SCRCTI AN SCPP-2 TOAT: 55
AR SCHR H ) AT 55 A AR 10 SCRRCTINIAT: 55 b e W 1 B I B A A . BLAACk U, BCLI BREALZE 1R SR
T 55 AR T B4E 45 1) BILSTM-Attention (BERT)IEMY, WERfIR L1 T 4.03%, F1{HHEHE T 3.54%.
TSR LSTM 1 TextCNN AHEL, ZEUHERRZRAT F1AE LR THEE T 6%. £FXHE SRR TRIIAT 4%,
BCLJ #AAH T3 BERT [ BILSTM HAT %%, MAE. MSE fil RMSE 437 F#{% 7 0.0185. 0.03 F/l
0.1942. fE 1R SCVF4r TIATE S5+, BCLI AR L £ T BERT ¢ GloVe [1) CNN-LSTM #EALFH Y . K10,
S SO TRIIAT 45 0618 ST TRINATE 55 FO 5 B, BCLI AR AR SO TRIAE 45 20 B 248 T, X
KL SOP o 50 U R A — 8tk PR S A MPLE 5 2] 70 K20 H, BCLI BB SCHE
WCTIIIAT 55 4 035 (R T 3 VR SCVE 2y TRIIMT 25 A — 8 IS« TEEAT 2 AT 552 S AU I, ff
FA%ET BERT 1] [a] & 1 AT 45 R R B T F B T GloVe 1A [ & AL

Table 5. Experimental results of a single-task model for paper scoring prediction
F 5. OFS TN BIEFRBISLIGER

N WIS A55 WP TINS5
2Ryl
Accuracy F1 value MSE RMSE MAE

GCLJ (GloVe) 0.6987 0.6927 1.4024 1.1842 0.9424

BCLJ (BERT) 0.7117 0.7101 1.3690 1.1700 0.9324
4. 45ig

N T RRRAR SCHS TN O HE RS, A S Y 1 — M RIAT PR e SCA TR BCLY, 51N T 2AE557 21 1)
BAR. L, it BERT i MR AR IA] A B e IR CNN F1 LSTM $2HUGE SURHIE, JF9INER

TG s SOAME B EMRE YT Ba, MRARKEERZITZE5ES, PR SCRZ A
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