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Target-dependent method for authorship attribution

LI Yang', ZHANG Wei'"", PENG Chen’
(1. School of Computer Science and Technology, East China Normal University, Shanghai 200062, China;
2. Institute of Electronics, Chinese Academy of Sciences, Suzhou Jiangsu 215123, China)

Abstract: Authorship attribution is the task of deciding who is the author of a particular document, however, the
traditional methods for authorship attribution are target-independent without considering any constraint during the prediction
of authorship, which is inconsistent with the actual problems. To address the above issue, a Target-Dependent method for
Authorship Attribution (TDAA) was proposed. Firstly, the product ID corresponding to the user review was chosen to be the
constraint information. Secondly, Bidirectional Encoder Representation from Transformer (BERT) was used to extract the
pre-trained review text feature to make the text modeling process more universal. Thirdly, the Convolutional Neural Network
(CNN) was used to extract the deep features of the text. Finally, two fusion methods were proposed to fuse the two different
information. Experimental results on Amazon Movie_and_TV dataset and CDs_and_Vinyl_5 dataset show that the proposed
method can increase the accuracy by 4%-5% compared with the comparison methods.
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e, KRBT LAY R LU JURRRAT < 1) IR0 00 O RRAIE , 04 B2
T SORY A B SRS Rl Y = R R R A R R
855 2) FATYON FURAE L5 AT 1 28 51 (- R B ) Ay
5 n JURBEB SR 5 3) Bk P AE , A0 45 1) M Ae) 145 4 55 5 4) T L
FROE , ALHETE SCHRE 43 Bt T AR A3 BT 45 . 5 IR S PR i 19
Az B2 B FH PRI b A TR) B 5 0, Zhang 551 i) F 3 R A
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— S R T AR AR A 1 o SRR R A A R Y
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FRIE . X T — 2% 14 SOAR il it 02 30 5 2RO
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T 25 R FT XA B, Seroussi 55— NER KA BY B
A SR — 27 SCA, IR A Y RS 2 11 7 vk A SO i
IBCHR SCAS B SR A VR AR BORRAE 0 T — 2 i SOAS 3
SAH T A 5 AR R R 2 (8] 1Y Hellinger BE 85, FR 85 fc /M 1Y)
YEEAVE AR 5 — DB T 2R B, R
BB 55 AR HE T I 9% o Schwartz 250 i B 2R3 2% 53] n JGAR 21
FIFAF L 4 n TCREHRLE Ry SCAR BRI, X RE AT LK — B SC
AT BN Sy B I ARFAE 1) L SR (0 SRR 1] AL (SVM)
BEAT 932K 0 Zhang 55 BR T n JCRERY SO I T I LHR
i, ELRBRAT SR 0] SCARHEAT 8 1 43 745 3 SO 1 3B, O
AR A B — T AT SR R I ST S S B 1 Sy SCAR
TR SURFAE s 3221 2k 45 SCAR 918 SUE BRI 855 B P
ANTR] )38 16 i FH CNN E 7432
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B F AR T S A TR 2 T AR SE R ) R
B AFAEBR E 25 PR 3X —HRAE , UR I SCRYHR B AT 1R B 1)
FIE . XTI LT RETR 5 FRE A AR 104518 .
1.2 Fll&iEEER

15 1 SRIE T AL PG , R 1) Sz N A 2R S5

HoAn , SCA 4328 1128 R G0 DL B SCAR RS 2 5F . Word2Vee ™ J&
BT A AR 2 — B Ibr R —FRZ 2
LA, B AR AU A R ARG T SC L B A 1) 5 A T 4 i
TR AR R %) 3% 22 1R) 4% ( Continues Bag of Words, CBOW )
RUFIAR S b SCA0 ) o T >4 i 1) 5 A BAE % 14 Bk 7 (Skip-
gram) B (HJE i T Word2Vec it A B R SCA FR , ffi A5 H:
TR 22 SRR . BERT W 2—Fh 15 5 FoR il
AT Word2Vec, BERT il FHSCA WA 19 72 At A T LI
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B REE AT RO T AR Z AT 55 Bk B L iR .
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1.3 ZEEFS

RS ) S — PR 2 R B R S R A7 2 2T i 5 5
SRR 2] T R A2 B S B i N TE DG R L A5 AN [
MEHE AT AR BEA R H BAMYE R . 5 MG E 2y h)
RO SRR G R A AL S, — T LAY S =, SRR AR 2
5 A Fl A (feature multimodal fusion) . 2 3% £ #5 & fh &
(decision multimodal fusion) 11§ & 2 # & §@ & (hybrid
multimodal fusion) " FFHAE Z A Al 2 X5 AN [ (9 R AE AL 1
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& ARG REAER A T AT Bl SRR TE I 1 R 2 S
FrmhG o HUTHT B el G P 23X — R , AN [) 1 5 4l 2 A
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Tab. 1 Symbol definition
5 ik 45 ik
L A F R Be R T[] R
m BRZNEE Ec R SR
o T R PeR™ T it 1D ) H %
Conv2D YRR P T ID [
d i 1] e Ak
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afoLloAg # R o R B, A A M i R B JE 15 F
Vec,, Vec,, -+, Vec, 53Xt N Tok ,, Tok,, -+, Tok, B[] 1 F 7~
SCRY A i R RN Ve, Vee,, -+, Vee, BHE . W1 PR

| ST & !
;[ Vec | [ Vec, | [ Vec, |- [ Vec, ];

A S S

BERT ]

(cLs ) [ 1ok, ) [ Tok, ) [ Tok, )
BT B SORRAAT $E
Fig. 1 Pre-trained document feature extraction
2.3 EFXHEEENSREEME
LR 2 2% 1A A P PR SCAS . 1 28l F P T
SCASE AT BERT 45 2 X1 14 SR ) o B SCA 1 e KA
R LR i KA B B VR S T A 3L e A KA B B AR
WrAbEE R, F AR A SCR M i E
TEAT BN A SR 1) 5t 5, T 2% SR ) R AT 2R TR
PE, HEE— 1R H e R VEHTH AR SCRS 1] i
Horbrw HBEBFRWTER . Mt E BRI FE 0, 210 3OS
BRVEL o J N L Al I b T LAAS B0 SR 1) 28 0 A AR AL FR Y
FEAIE :

O=H-Clizi+w-1] (N
guu =0 (H-Clizi+w—1]+b) (2)
()R (2) % S Conv2D

RRMWAAER T g

yi=max g [ils k=1,2,m (3)

Horp m RFFEZ A BRMARGRIE T 5, R & B
fEZ e EE ARG B o BT Iy, PF B ok BRI RT A5 21 S04
AL -
Sia =Ly0yas 0yl (4)
TEAS BN SCARRRE Z )5, 75 A1 Softmax 2 #E 4743 25
Softmax JZ AN R SCRKHE, S T 15 BRI R A FH P
AT 53K, T N . S W e R A3 :
c=WXxf,, (5)
2238 Softmax PREUH— L5 WA SCRYJm 58 i MEE B
%

p(i|x)=e%ieu" (6)
=
A I, Softmax BEELAG ST H A S =[5, 55, =00y s, ], HiH s, =
p(ilx),S RIS s, = 1. BURILEH I 2 7
=

2.4 MNBRREUE BHERIME R %

AR SCHEFF B B0 VR E VIR0 DAY R i 1D B b
1D X T B 38 B4 3 B P2 AT g e 9 - — 4> B f )
TIAE OB AR i, X B R A A2 L A A S LR
S T ID R R R AR SO H SRR 1D B AL
R AR G 1 oA A i ] DAMRE AR B R %
TR il )25 FHRRALE o

FE T ok, X iS00 il 5 A0 SRS T ol il 5 Oy st A T PR
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| author, | author, | | author, |
’ Softmax layer

) .

Max Max Max
pooling ﬂ w=1 pooling ﬂ w=2 pooling ﬂ w=3

I think this is a very nice cat.

B2 SRt i e 4 R 28 R 4
Fig. 2 CNN based on document vector
2.4.1 ATHERSE
T Gl 1 il 1D [ i 55 SR ] 7 i A B A B 2
W2 Z WA TR o LR D % 75 5 1D 38 A 25 7 50 1D [] 3t 3%
PAFEIXE N [0 R R po SRJEFIZ ) it 5 SOk 1] HE AT PR
$5 R PR 1 1) ek A 380 FEU 25 D 246 v

g=Conv2D([E,p]) (7)
FRMAE T ¢

yk:m?xg[i];kZI,Z,--',m (8)
Py, :

S =y vyl (9)
H2J5 f FH Softmax JZ2 47035

s = softmax (f) (10)
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Fig. 3 Farlier-stage fusion model
2.4.2 EHakse
Je IR AR R A LD ] 4 5 200 6 B 2 )5 Y SCRY )
WHATYME . BLARHD SR I i 2 B AR E S SR 1D
i EATPEEE B ID M IR S 56 5 kKb
PRAE

g = Conv2D(E) (11)
RRMWANE T g:

yp=maxglils k=1,2,-,m (12)
Py, :

S =y syl (13)
i Fi] Softmax PREC2

s = softmax([ fip]) (14)
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(T I
RPN HRAFIR)Z
jUfélEﬁﬂ H T ShIDI]

I think this is a very nice cat.
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Fig. 4 Later-stage fusion model
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3.1 EREXSEHHIESE

A SO UER 2 Ace (Accuracy) (%A BI2R R (macro-
Recall) I F1(F1,,.,, ) RIFH B LA PERE . Hoh s R 2 fr
A SRR -3, 1028 A BRI F LA B T AR AN
[P RE , £ TR B Y E AT

N
Acc=%2](y(”) =y ") (15)
n=1
For NOWREARBCR 1 (-) AR 7R BBy AR I LSS ARIL,
" BN

F0 e 1Y 13 E S
TP,

R =—"— (16)
" TP, + FN,
TP,
P, = (17)
© TP, + FP,

Hor . TP /5 BIE G EL (True Positive, TP), FN, 7 fii 1 4
#( (False Negative, FN) , FP, 2% 7~ 8 1F 71 3% (False Positive,
FP), TN R E G 5% (True Negative, TN) o

AR g SO
1 C
Ry = 2R, (18)
’ C=
1 C
=— > P 19
,,,,,,, c2P (19)
RSN
2 X Pmil(‘n) X lelcm
Fl,, = (20)

P t R

SRS SRS B R S IR - R AR AR =612 2,
Horp 0AE AR F T IR R 2880, M E PR e it s o T 960
R AR AN [) 40050 0 A5 R0 L S50 R D Sk B T I8
(Amazon Movie_and_TV) F1 CD ¥ (CDs_and_Vinyl_5) # 4>
BEE . T EaRp A S ol B LU B 1A ST S 58
Bt B EOR W) —1E & & — @ B PR (5 B, Rl 2K
A — T AL — AR PR AR B TR, 5 2 MR AR 1 5L
P PR 28—l i IR BRI H PRI . PR 4R
Mg HE BN R 2 iR
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Tab. 2 Dataset statistics
);l

s wNE ek Wk
BIRE o wn e o T

EER-A i 250 610 37.37 91.17 22793
CD e 600 800 51.27 38.45 30763

3.2 EWHE
F3PLE TR BRSNS 8 TR
WA TEEANERZ Z 5 A 50% Dropout, i F ReLU F R i
I PREC, A8 Adam" 4 S AR AL 5, 27 2T % 107 kI 2
[
R3 HENEBEHRRBSE

Tab. 3 Neural network architecture and hyperparameters

KK E L — 1 000
[ A d — 300
B 3 m =300,w=[1,2,3]

AR 1

# of classes

3.3 AEEETTEXLL

TR AT 55 DL BT AT L

1) CNN-2: Shrestha Z5"'5'{ifi Ff] Character n-gram YE M % A,
i Fl—> Embedding JZ 4 4y A B S S B8 85 5046 1 , 9K )5 MR
i g 45 B2 R4 7 4222 )5 1 T Softmax pRECTS S ). SE4S
RI, HHE P 2-gram B, 7RI GIEAR I AU RCR IR AF B B R 50
 CNN-2,

2) LSTM-1: LSTM © 28 ¢ 1% D ] SCA 73 JE AT 55
ftst sl Fl Character n-gram fE 0§ A FRAE | 4 T 5 510
LSTM HATT i 1 FEAT SR AN SCAFRRAE , 2 J5 1 Softmax PR
Btk

3) SVM :Schwartz 25" 3% 4% word n-gram #il character n-gram
YE A A SVM #4743 28 0 SEEEW] 8 1 word n-gram
ﬂl character n-gram {’Ej‘?ﬁ/\%fﬂfﬂﬁim character n-gram ﬁzji]
i A (1 285 SR A ], 72 S50 o AR & word n-gram. 528
i ] character n-gram 1< 5 0 4 VE R RFAE , 2 PEA% SVMAE N
eSS i

4) RF:RFZHLARE A P 2l 20 K07k, e g 24
PSR, A 4y e ) R AR AR R A AR 4P i s i . SE 5 R T
character 3-gram /F Ay A, i FH sklearn 5 B A% B AIL AR AR 232
ARTERIESE LIRS ORI 2R a8 T It

5) Syntax-CNN: Zhang 2" [ T n JUHEHL B IMA T
T SCRFAE | 3CRE AT LUK SCAS 1 1 U B RIRURS 155 B il ke >k
15 2 LA A RCR , (B[R] 4 A0 T B A TR i

6) LDA-S:Seroussi %" KEVEE 19 T SCADHE 5 K HL 0]
WA AR LDA W94 A, 153 8 4 AR & B £ oA, i
Hellinger 2§ B 1t 7 SCA Y = 8050 A 5 0 4 10800 A6 1Y E
B, BE B R A TR AS R

7) CNN-product : CNN-product J&—F {3 ) FH 7 & 1D [a] &
TR P 7 o 1 e A 1D A i AR R R )
it SR AT — B AT A 4 R Ot AR AR B BT, 3%
J5i 4 FH Softmax PREGIEFT 402K,

AT g R R 4R . WR4HATLUE G
Rl AP BE AR T EREUS T LI A R B A T A R
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TELUJE 0 5258 b B )5 1Rl 92 i TDAA (Target-Dependent
method for Authorship Attribution) . TDAA 455 SR A8 F 1y 1) i
G FLE R AT AR < B3 R 5 9 1) o AR 1) e A )
HIHIA BT P I & (AN RIE B, A5 T 245 B AR
UFEPSES

F4 WNBEELAREFENIENIEIRERITLE

Tab. 4 Comparison of evaluation results of different methods on two

datasets
ik FL P A CD W K 4

Ace R... FIL .. Acc R, F1,..
CNN-2 0.519 0.411 0.415 0.683 0.581 0.579
LSTM-1 0.363 0.262 0.259 0.464 0.362 0.363
SVM 0.452  0.354 0.351 0.619 0.523 0.521
RF 0.307 0.209 0.205 0.492 0.401 0.399
Syntax-CNN  0.505 0.401 0.405 0.656 0.566 0.565
LDA-S 0.285 0.188 0.186 0.349 0.251 0.252
CNN product  0.018 0.006 0.003 0.012 0.003 0.004
AL 0.556  0.449 0.443 0.708 0.612 0.608
Je IR A 0.569 0.467 0.465 0.725 0.621 0.622

SR RS AE BT L < ORI T RS A A5 B 1 5 R AE
A EHE A LA E RIS AL 0. 1, AR SO AT Rl e .

SR SCAAR BT L AEXT L 5 vk b AR SO vk L A
I A 1 45 AT R 4%~5% . FEAE GBI % 2] 7 2%
Tk ORI IS SVM, B E 8 IZ W FHAEE S B3R
B ) — T )7 s LDA-S RCRAS An KA BL 7 > Ik i
Je PRI AT B A2 A VT VR B AR 1 S A LU R b AR 2 )
18 5 R O3 A1 22 S AN R, 3 A58 26 A E B S 0 5 LSTM-1 47 4R 114
R T RETE 2021 R, SYEE SRR TEOC, R 5 K
TR 27 > T 22 SR o
3.4  B#REE BIHEE SRR R0

N T CEAEARR SCARE T A BAr(E B 5 A B (s
BIZER = T U0 5255 SR H character n-gram /F R SCARRE
fiE AT CNN-2 A Ry 5286 75 v, il 5 X% S 0T R 5 i)
il ok A TEMRIE B ROR MM . el 2T IR BE 4
F AT & ID S AR & 1D A L4 50 5 s

£S5 n-gram FFHE T BARREE B 3T Ace HI 520
Tab. 5 Impact of target-dependence information on

Acc based on n-gram feature

ik IS CDiTiE
CNN-2 0.519 0. 682
IR LSS 0.522 0. 686
JE RS 0. 540 0.706

% BERT $& BU SCAFAE , 0 ] CNN ARy 5240 Jr ik, il
B 07 RS RS , X oA TEHO BT S g0 2 R i,
AL 6 TR
F6 Bl SREHET BARKEE B3 Acc BIRIE
Tab. 6 Impact of target-dependence information on

Ace based on pre-trained feature

ik IR A B CD g
CNN-2 0. 548 0.703
HH RS 0. 554 0.710
Ja RS 0. 568 0.725

XF A S I 6, A] LATHT AR 4518
1) fdE FHAR [ 64 93 2R A 3 2ok BERT 48 R SCAS [ 4 7]

DL A# ] character n-gram /F S SCACRRAE 1) 43 2K i % =
2%~3% , 1A F BERT 32 BUSCARRRAE 1) 5 15 0 — Fp @ L
HR T o

2) Ja WAR G R — A R G 3. AR R AR R SCARRE
TER AT, 6 B ARHCIE B i JE BARIE 7T DL Ik (5
BT RS SRR e 2% 224 o
3.5 AREKE n-gram 3 FERIELE RN

KT ERIEA K BE Y character n-gram X TS50 45 B/ 52
W, B T n-gram K450 1,23 4 BY S5, BIr R FHBY 7 i
3 CNN.SVM \RF 5 LSTM, 55645 54N 5 R

[ CNN ——LSTM -a-SVM -x-RF |

(a) WP IR A 4 (b) CDVF LA 4
K5 PIAEEAE I n-gram K EEXT Ace B

Fig. 5 TImpact of different n-gram length on Acc on two datasets

A5 T LI Y 2 [ R Y n-gram 2R [ (18 77 2552 10
ATA o n-gram K BE A 3G 025 0 B LSTM &% T B 5 ifi % F
SVM, K JEE RN 23 (R AR 45 5 %) T CNN HIRF I 5, 47 1E
— A IS K B PR e . BRI , X TR [ 8 5 1
JE B T SR e (A n-gram K . TDAA H T34 (i H
n-gram A, AR AN Z 520

4 4

ARSCER T — T HARHOB 18 B Oy IR 5k itk T
TERRE 20 T VR B U e, A SOy kA 25 T 52401
FHIEBCTT, I BERT $EICCAE B, 31205 6 3 m H A%
TR FHTRT b ID VRS B 03 B BRI 250, X b7 ik ml
PAAR G st ) AR5 B 0 A R 26 AR B BT 5

P 2 A B 3y U ) R S8R 1) 3 — A SR B R 4 s SO
SRR . HETVR 2 e BB T oA 4y 36, n Li
S LTI T B BT 2 2 M 4% (Adversarial Network ) 3 42 755
SCARGY AR s BB 28 S e WO AE R 2R 55 B
S B AL S BT i R O A B BRI SR 2 5 Zhao SF T S
STl P I 1 2% 2 B SCAR 432 DR IRAS T ARG SR, .
X LT A T LA A ik A 2 B 3 U 1) AL
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