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[Abstract] In recent years, aspect-level sentiment analysis has“mostly focused on mining semantic or syntactic
information, without establishing an association between the two. In most existing models, the relative or syntactic
distance of words is embedded into the models, ignoring the joint impact of relative and syntactic distances on aspect
words and thus failing to fully consider the positional relationship of words in dependency syntax trees. In this study, an
aspect-level sentiment analysis model, MILEST, is established for multi-information learning. This model integrates the
syntactic tree and is expressly constructed to utilize the advantages of different neural networks with the purpose of
obtaining richer information. The information of text sequences is captured through a bidirectional long and short term
memory network, whereby the sequence information is updated based on the structure of the dependency syntax tree.
With relative and syntactic distance positional information embedded into the text sequence, the learning of semantic and
syntactic information is achieved through Convolutional Neural Networks (CNN) and Graph Convolutional Networks
(GCN) , respectively. The fusion of semantic and syntactic information is optimized through the attention mechanism,
and the fused information is input into the Softmax classifier for sentiment polarity classification. The experimental
results show that on the Twitter, Lapl4, Res14, Resl5, and Resl16 datasets, the accuracies of the MILFST model are
74.27%,77.74% ,82.50% ,81.73%, and 89.61%, respectively, and the F1 values are 73.14%,74.27%,74.54% ,66.15%,
and 71.57%, respectively. The tree structure in the model helps capture information, and balancing the learning of

syntactic and semantic information is beneficial for determining the emotional polarity of aspect words.
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Fig.1 Dependency syntax tree
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IAN 72.50 70.81 72.05 67.38 79.26 70.09 78.54 52.65 84.74 55.21
AOA 72.30 70.20 72.62 67.52 79.97 70.42 78.17 57.02 87.50 66.21
ASGCN 72.15 70.40 75.55 71.05 80.77 72.02 79.89 61.89 88.99 67.48
TD-GAT 72.20 70.45 75.63 70.74 81.32 71.72 80.38 60.50 87.71 67.87
Bi-GCN 74.16 73.35 74.59 71.84 81.97 73.48 81.16 64.79 88.96 70.84
MILFST 74.27 73.14 77.74 74.27 82.50 74.54 81.73 66.15 89.61 71.57

M2 T DL Y 2 T R R 2 o) 0 A 10 3% 0
TEE T ML o T AR X R [N O TR 2 ) BES A
B A R A UE SRR O SN [ K R PSS SRRl
SEHE L BT S AN BRLRT S 4 S BR EAT XS AT LUR
LA S AR AR AR ] /N TR 4RO X
BN JE 4R T TR IA R R TR 5 >

KERBELGEE, X WBE T A FERE B Y
A S B AR T ) 1 R SR A

ASGCN # % F1 TD-GAT 5 # 75 5 4 554 48 v s
5 48 LA 2% R K« 7E Twitter B0 48 1, TD-GAT #5 #4
B VE B 2R R FL (AR R T ASGCN #5281 {H 2 41 22 K
K5 1E Lap14 48 45 Res14 %095 4 Fl Res15 % 45 46
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i, TD-GAT £ B (1) #E B % = T ASGCN £ A {H )&
FI{H/NF )54 ;7 Resl6 B G 4E v, B9k TD-GAT 1Y
HEHH % L ASGCN I, {H 2 F1{H %1 Lk ASGCN = . [
W, R R b S AR A AR AT IR IR AR BT
ARME 3R = A R . JE T ok, Bi-GCON 784K i <] b 184
Jn Y i) 5 36 Z JR] Y i 4 O B, R TR B T LA
Bi-GCN 7E 4 Jin % #2 X R 2 J5 6 2 F1LAE A & =
THT 2 A

5 ASGCN #il TD-GAT # kb , 4% 3C MILFST £ 7Y
165 B0 4 b B R AR TR ER S AL, 3 1 B A Y
1% TR Y fE B R BE 215 M5 B TR UE B
FIVE AR N T 1) 155 JER AR 2 1 1 7 AR E 2

5 Bi-GCN £ 8 4 1, , MILFST 4 A 7E 5 4> %
£ LRI AT, BT 7 Twitter 5085 4E

F1{H/NF Bi-GCN4b, 7 Ho A £ #5451 F1 {8 = +
Bi-GCN, 7£ 73 A 4 N 84 45 b F1{E 43 00l 42 5 2.43 .
1.06.1.36 F1 0.73 > 43 A5, 76 5 D808 4 L 1l f %
g3 485 0.11.,3.15.,0.53.0.57 A1 0.65 4~ H 4 i . X
A 565 UF TS 8 5] B X6 SCAR TR A ) i A S RNE TR A
BT 2E ) RA B .
3.5 HELLI®

ST 55 UE MILFST #5578 v 45 A 21 4 X 452 780 4
B TR — R A B TH RS g R AT I, S g
BN 3R . Hd o wio pos Fe /8 I Hl T A B 5 K
w/o tree F 7N {H @l T W B 45 M40 15 B w/o atn R
TH Rl TAER J1)2 s wio sy FoR T Ml T 15 2k ) B
w/orse 7R {H fil T 3 L 2E 2] BLHL  wio asp R TH il
THRME R IUZEC

=3 HMEXRER
Table 3 Results of ablation experiment %
Twitter Lapl14 Res14 Res15 Resl6
A
A, F, A, F, Ay, F, 4,, F, A, E;

w/0 pos 73.55 71.99 76.48 72.12 80.98 72.65 80.44 66.03 88.96 70.01
w/o tree 73.26 71.49 75.54 71.88 82.23 74.18 80.25 65.67 88.14 70.71
w/o atn 74.13 72.56 78.84 75.07 80.62 70.99 80.07 64.99 88.79 69.95
w/0 sy 73.55 71.57 75.70 72.12 81.42 73.80 80.25 64.67 89.12 73.34
w/o se 73.12 71468 74.60 69.35 80.00 70.80 79.70 66.06 88.47 70.59
w/0 asp 73.69 71.92 74.45 70.95 79.64 70.41 79.70 62.41 89.28 69.86
MILFST 74.27 73.14 7774 74.27 82.50 74.54 81.73 66.15 89.61 71.57

AR 30T R SE S A5 SR AT DL Y B

1) 763 BRL EARE R T 25 #1615 B S, wio
pos Fil w/o tree 4 B A5 K, Ud W] 4 A 3 ) 07 B
5 EFIR T 235 40 A B 2 0 D T 1] B4 10 7 245 A e A
M, 7ESAKE W, wio pos 7E Res14 #( 4l & -
T REIE KT wlo tree, £ 53 A 4 B 4 I wio tree
T R R R RO, U B RO 5 R Ak AR U8 XS T ) Y 52
) L Ao A BT K

)FEIH AL T E 2 Z )5 7F Lap 14804845 T
LYV B A8 bR B A BT L A B AR LA
T T B, U B AE Lap 14 8095 4 L 24 ) als A5 B 1
HAE B T &R Rk Jy i Al i IS P L H R
B HLE R R SR AT R, RO I AR R R
SR A A EER e AN B EE L R
JIHLTH R A Rl o SE BRTEEE B .

3)FESEG o3 B Al T R e S BLYURI R A
RIS, wio sy fll w/o se PR REFE AR AR A T B, (02
w/o se Y T BE IR B H w/o se 51K, i B i 2% > i
FIHE 1 2 2] BB 76 MILFST 55 78 o [w] b o 22, 2
MILFST B3 1 AR I A 27 T ORI 5 g — 8

O LETH AN T FHIESR U2 5, w/o asp PERETE AR A
T T B, 1 B AE B s ok T R SE AT RR AR £ O AT A

M SCIREE R A R BB rp i) — 30 21
PEAT I Rl 5, BB B VE BE A6 B AT IR R B, DA
B () B AR 8 T EE B B — R AT i Rl
AR JE AL B P RE R AR T R I RE AL A5 A A ]
Ut T A 9 0 Xk T A T Al 0 B R N TR L
SR T A e B v A T R S BRI B

4 HRIE

A SR — B ] B 2 3T 38 fE BORNE S B
MILFST #55 , Z A5 B 7 2% 3 1 A5 BORE 15 B
ZA 38 AL SCA T G0 AR A ) R A A R L
K H B B AR X7 B AR B RS 1R B A B SR
G HEAT BT, DT Uk 5 SCAS P 3 v A7 A (1) — L 7S
) 8 5 ) (o A5 A HE AT AR S 2 S Z W AR Y SR
I & AR E M E R . LI as R W], MILFST
RN R G SRR S WER R
149 A5 A 0 40 %o 1 TR AR e ) DRI A AR AR VR

2P 5T K& L, MILFST B 5 o B AR a1 4] 1) 5 2%
P TR TR A SRR R, T — 20
S A P 3 15 TR R R R v A AR X T 1)
EPSNBLE S Ei SR Y SE IR S EPSNNE 2SS &
HE— 25 4 Ay T ) 45 B o MR
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