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Abstract: The identification of opinion targets in microblog is the basis of analyzing network public opinion involved in cases. At present,
the identification method of opinion targets based on topic representation needs to preset a fixed number of topics, and the final results
rely on artificial inference. In order to solve these problems, this study proposes a weak supervision method, which only uses a small
number of labelled comments to automatically identify the opinion targets in microblog. The specific implementation is as follows. Firstly,
the comments are encoded and reconstructed twice based on the variational dual topic representation network to obtain rich topic features.
Secondly, a small number of labelled comments are used to guide the topic representation network to automatically identify the opinion
targets. Finally, the reconstruction loss of double topic representation and the classification loss of opinion targets identification are
optimized together by the joint training strategy, to classify comments of opinion targets automatically and mine target terms. Experiments
are carried out on two data sets of microblogs involved in cases. The results show that the proposed model outperforms several baseline
models in the classification of opinion targets, topic coherence, and diversity of target terms.
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BRAPIE S R [LES e weighted-average

IR P R F1 P R F1 P R Fl P R F1
LDA 0.737 0.576  0.647 0.513  0.606 0.556 0.512 0441 0474 0.621 0.565 0.586
BTM 0.798 0.85 0.823 0.546 0331 0412 0.464 0.855 0.602 0.654 0.666  0.641
ETM 0.762  0.653  0.703 0.664 0.666 0.665 0.627 0476 0.541 0.705 0.629  0.663
ABAE 0.731  0.665 0.661 0.732  0.638  0.682 0.498 0.731 0.592 0.694  0.666  0.657
Ours_unlabelled 0.781 0.734  0.757 0.859 0475 0.612 0.498 0.731 0.592 0.763 0.641 0.678
MATE 0.781 0.734  0.757 0.668 0.591 0.627 0.392  0.738 0.512 0.678 0.684  0.671
ABAE-labeled 0.853  0.702 0.77 0.716  0.703  0.709 0.441 0.763  0.559 0.751 0.71 0.721
AR 0.854 0.81 0.831 0.782  0.753 0.768 0.645 0.814 0.72 0.795 0.79 0.791

WG 3 T 4 S5, WL LUR 20T (1) A3 DMPE R G201 weighted-average PTG IR BREE KT, TE
B LDA. BTM. ETM #1 ABAE. Ours_unlabeled %5 A< FH b5 45 A4 1) AU AL 15 0 1o A Q2 3] A HE T 1
X GR, 50T 73RNk RE, RDUAAKBLAR. 5 2B K2, b 51 IR 26 SR AN T HERT R 45 R B I T 4
Pl 2 22 20 DK B LS5 2R . LDA 1R ) RE5RAE A i B Ll i %, ETM 4. Ours_unlabeled A1 EL ABAE 17



A846 31 AR R EALRAEE B RPN AT SRR T ik 9

0.02 A1 0.03 [f) F1AE$RTF, Wi WA SCREFRSE 18 5 U8 2% 53 Gt B0 R 7R 645 2810 B 4 1A% O 2 8O0 A, B R T VRN ST %
32K, (2) RTZA 1 5, MATE IIPEREE Fre T, (BFE 54 2 ol & B0 Sm PR Re T B, J5t A n] B 5 01+l 1Y)
R AT G AR SCHE IR 59 B 7 st — B B0 U AR 1R B, (0 T B ThRiF DA AR ARAE VTR
S PP A6 5 5 A EUAR 35 BN TE LB I VPAN X SR 117 SRt 5 I WA SRR, HL 2 54 AR T 2. AH TG
MATE, A SCER B INBCEY) F1AEZE AN 865 Earml$¢ T+ T 0.13 #10.176. ABAE_labelled 75 ABAE &£t [
ANFRBFEARN LRy 845, ML IEORIY ABAE BB A BRI, WA & 1 B 1) F1EAHEL ABAE 43
MFEFET 0.064 F10.088, F K UE T T A SCHE H (WF] /b BEH SR B REARTEAT P R 8530 T 1A Rtk 3) X T
3 FRAS A I PPAN X G2 50, AS SCREFRI R ABAE-labelled 3 3 4578 b2 REA £ 1025 1) b AT ¥ i 11 0 2 b g
LDA. BTM. ETM. ABAE Hl Ours_unlabelled %5 {8 F br 28 £l 4 1) 32 US53N H0AE, 43 2K 1k I;JD(
YeF N T HEWT AROAR SRV 18 3 03 A 1 5 B

KA AR T 501 2 PP  Zr K45 R

PEAN R 525 BUHLA AALFML A4 weighted-average

iRt P R Fl1 P R Fl1 P R Fl1 P R Fl1
LDA 0.771 0525 0.625 0.508 0264 0347 0.825 0.685 0.748  0.745 0.545  0.626
BTM 0.513 0549 0531 0.869 0507 0.64 0.657 0.849 0.74 0.643  0.672  0.643
ETM 0.763 0306 0437 0.683 0868 0765 0747 0.822 0.783  0.741 0.638  0.65
ABAE 0.513  0.556 0.534 049 0528 0.508 0759 0.846 0.8 0.616 0.677 0.645
Ours_unlabelled  0.513 0549 0531  0.869 0.507  0.64 0.757 0.837 0795 0.687 0.667 0.667
MATE 0.513 0549 0.531  0.624 0.668 0.645 0.654 084 0735 0596 0.698 0.642
ABAE-labelled 0.628 0.848 0.721  0.776 0.759 0.768  0.714 0.753 0.728  0.694 0.79  0.733
AR 0.754 0.799 0.776  0.853 0.806 0.829  0.832 0.867 0.849 0.807 0.83 0.818

343 EH ﬁEJ\ PEFIZ AV
SR E R B SR VP A BSR40 PP A0S 530 150 11 i, 3K e — P T B3] SE I 1 J3E T X B i 11 7 ),
vff,) vy)) +1

coh(t V(’) M(M+ D ZZ (t)) (18)

Hoofr, VORI ¢ LA MM SR AR 0 B0 S VO 5 m RIS 1A, D() R
Wserh 0 AT EAL D), Vgﬂ);%mammv,,z%uv;”ﬁwﬂﬁ S, 2 B A 40 R, A T AR
PR, I DA 28 ST A B

K
COH = Zcoh (r.v?) (19)

FTAA R 3 B K R 10, 43 5V BCRT 10 A (top 10) ZRHT 50 A (top 50) ] I0 (1) V-3 3 % B 1E45 45, W
4 Jii7R.

F‘Juﬁ:’:ﬂ%}ﬁ‘ LI 3 B T A 2 2, (AN ER SR 1 B AR ZE BRSO A, T A REBAE AT 10 A% 40 4
Tl T 1) R BRI AT K 2 R, AR AT 50 A I B RUE T b 2ERE i, I0Hh BTM B, ETM IR,
@,%ZIK)LE:E:(#W (PR ZE A K.

Wb Ah, g T 2 B R VEAG AR, 32 R 22 B i SOk A8 D 6F B ) I AR AN 8 52 (9 4] I o 9 A 9 T
EC B ZREEREIE 0 RoRIAIUT A, ZAREREI 1 BN I 2 FE. AN SR S0 PR 45 SRtk 5 12k 6 iR,

AILAE H BTM BAR BAT B 1) 0% B 1, (1 2R pE 2 B 2210, BT BTM S (10 T A2 1 014 22 X ANReiE
AR 2 A BRI, 4l BTM 76 ) UAS 358 rh 35 82 4l 2o [E <57 54517 55 LDA. ABAE. MATE FIA SR
TR 280 22 REVE BT, U I LR TR F 4 2 (1 VPAN X G m] Tt b 5. JGIE ABAE. MATE FIUA SO 3=
2 FEHEREARTE 0.99 DL L, Ui WX S DL g SRR ) B 4240 H 58 L 20 R R R ek 1 i T
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(a) The COH of case 1
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(b) The COH of case 2

4 RIS ORGSR 48 B B 45

K5 ORRBBIMZEM 1 B2 R
1] I LDA BTM ETM ABAE MATE ARSI
top 10 0.95 0.64 0.95 0.99 0.99 0.99
top 20 0.945 0.685 0.93 0.99 0.98 0.995
top 30 0.937 0.673 0.91 0.993 0.99 0.997
top 40 0.932 0.6825 0.8825 0.997 0.997 0.997
top 50 0.938 0.606 0.846 0.998 0.99 0.998
K6 AFBIZRAM 2 82 R
1] 131 LDA BTM ETM ABAE MATE ARSCHEARY
top 10 0.94 0.71 0.97 1 1 1
top 20 0.935 0.655 0.95 1 1 1
top 30 0.913 0.656 0.903 1 0.99 0.997
top 40 0.916 0.64 0.885 0.99 0.99 0.997
top 50 0.918 0.498 0.858 0.994 0.994 0.994

3.4.4  AFIIZRFEA SR 145 R AL

X I BAR S MR ZEREAS, 20 B LIE DS FRREFEA B2 6% 9% 12%. 15% BEATUIZE, I 20 4 ()

DRGEDR. Pras oy Ra R e 5 Jros.

o710 0791 0813 0.791 0gig 084

0.612 e = e 0676 _—*"

— 0.713 0.79 081 . 0.79 0.83 0.856
0.588 ' 0685 = gt

0.795 0.818 0.807 0.843

0.68 Q.741 : ” 0671 079 i %

6 9 12 15 6 9 12 15

LA (%) JEELLLA (%)
(a) The result of case 1 (b) The result of case 2

S ARVGREEARSR K4 R
AT LAE W, BEGFRESREA RSN, K3 Py A3 R A F1EZ0] B3, 3o R 3R Tk B35, St e
EARBAREA Y A5 BRI, A2 e M BCHE 42 7 3k o B R e PP W B VRS B T 6% A4 A bR
(%1 100 ANREA) N, BERIZEPIAN B 45 ERIATIA 3] 0.612 F1 0.676 Y F1H, X &7 20 2 $dlide ERIMR T4 2
HOR 2 B W R | G AR SRR A (R 18 i, B 3 2R BE SR TE. 2 T 12% A A RS REAS (4 200 4

FEA) I, BEAYH) F1 B C 20043 0.79 A1 0.818, AHELZE 2 vh i B A oAt

BiVER

N

A7 PL . GRELHEIN A 15% 1)
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TARBREAR, iR F1AESETHA 0.813 1 0.849. SACK L, A SCARAY LU B /> (K1 bR SR AR BT T i B e 1) 70 2
345 WU BRAEA S0k

e AR SC TR HH PR O R AR AE P 45 AT T 90 R S 6 e AR SRR 14 4 8 A T A 25 o, RS ARY B i e R AT
REER, 22 AN RRAE, bR A U — 32 AR N 3 FSRRAE . T IR AL 2 2 IR R AE, 4
WIEE TSR K A 10, 20 AT 30, T AN S0 5E SRR k0 S5 REECR 10, 4B S EECH 20, B S RN 6 Fior, H:
R LT 12% BIRRBFEAR, S 2 T 15% PR FEAR.

0.80 0.86
g;z 0.85
0.77 L 0.84
0757 0.83 o
0.76 - ora0 075
0.75 0.82
o
0.72 0.80
0.71 0.79
P R F1 P R F1
mK=10 = K=20 mK=30 m A iR mK=10 = K=20 mK=30 m A iR
(a) The result of case 1 (b) The result of case 2

6 UHLA R SE R R ) 70 S A R AR

MIEL 6 ATUATE Y, 6 T AT — IR OB, AR 280 1 Bdla gk b, BT 80 I, 73R 401 0 F1E AT 52
T MM 2 B4R b, EECh 20 RORSHR P ALBUR, (045 F1EHBART 38080 10 IR, A B
ECRREAT - R E AR, 7 3 VRO FiEAs B HAT WL T, SehfE S 0F 1 Binde b F1EIRTE T 0.04 Zofi, f£5
2 e AR B FUAESETH T 0.02 ZeAy. LA 45 SRt WS aod Al By 3 U= KA 2% 50 B 10 32 70 A0S T VPO 0 R 70 A7 15
L (R . AR SRS R v, A 0y S RS B2 b Ao A PR B, DR, A 8 ) R o 2 i) o 22 ) PP AR R A
R IK BRI (R H H /), i B 3 A i o 1 /PR SRR A (UK L OR). 3R, [ M) P A 3 2 DR A% L 2 7
] LAZE AR ABAE 45 AU rp UK 115 i SRR AS [R] K /NSRS 2 2 AN T8 20 14 T i
3.4.6 A R (0 DA X 5 ] I

RS AR, A ) AR R, S TR SRR RE. S b, M A B U, JA T BLSRAS AA
(KIPEAN S ZAR I 4 7 S T 20 2 (R%0 1 2 1) 2 HE T TR 2 AL VP AR G aml 300, 23590k O A AR BT 2 v IR AR
P 22N X P DI 0T S5 ] TR At U IR 847 8 PR A IO, o 1 B 408 S (R PP 0 St 5 AR (.

AT ALY B 2 g e IR D X S ] T

top 10 VAN X G i 15 iReSE
TR ) T A AR AR A R ST AT A B IR S R FAFM
P JLRPRR MK iy Genb VIR B F Geph AR BT e (ZAFUFHN)

4 & 1

BT T PR R 2 R 1R VA6 G ) g 2 i st o (10 K Y, LA 28 0P X 5 30 M
N AT ), ASSCHR M 7 R 22 53 XU T R A 1) 55 PP O S ORI, &5 45 17 AN [ 1) T2 R AR SR
HR R RS, AN T DB REA RSO R, REBUF IREIR A B 3 20 S VRO X SR, 123 P x5
T, AR LA G I USRS SORE AR AT A0R A AT R B AN IR S5 IS, e R M PO PP A 0 2R
Il AR B PRI ol ] 1 55 M S AU IR, AR SO TR b ) DR 0T R I 5 SR 5y S, 2 SRR RE SR 4T
(IR, JIr 58 PR P A 73 G i AT AL, A 20 2 > 3] B 5 BILAR) E REURAIE, AT B8 e 0 M 5 3 e A% 00 2 LR A
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