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Abstract

Aspect-level sentiment classification is a fine-grained task in
sentiment analysis, and its goal is to identify the sentiment attitude
corresponding to a certain aspect of a sentence. This kind of aspect-specific
sentiment extraction can provide more accurate data to support individuals,
enterprises, and related departments in making decisions, and therefore has
great practical significance. Most of the current sentiment classification
models are constructed by extracting only one type of feature of text
information, ignoring the fact that the fusion of multiple features can also
improve the model's effectiveness. To solve the above problems, this paper
proposes a GCNN model based on two-channel information fusion. The
main idea of model construction is as follows:

(1) In aspect-level sentiment analysis tasks, traditional sentiment
classification models tend to treat words as a single embedding and ignore
lexically and location information of words, and thus are not satisfactory
in model prediction performance. In this paper, we use a BERT pre-training
model to enhance the sentiment-semantic representation of traditional
word embeddings, while incorporating lexical and location information to
obtain the final word vector representation to alleviate the problem of
insufficient word vector representation.

(2) In this paper, we design a MulCNN module based on multi-

granularity convolutional operations to extract semantic features of the text.
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Unlike the commonly used single convolutional kernel, the module can use
three different granularity convolutional kernels to extract N-gram features
of text sequences at the same time, and the feature matrices extracted by
the different granularity convolutional kernels are not the same.

(3) Although N-gram features can well help the model to judge the
sentiment polarity of aspect words, the deep learning model with single
features does not consider the importance of syntactic structure, and the
DepGCN module based on syntactic dependencies i1s designed in this paper.
The module first learns the sentence dependency relationship to get the
logical distance between words by the dependency resolution model, and
then uses words and dependencies as the initial nodes and edges of the
graph convolutional neural network, respectively, to get a vector
representation containing rich syntactic features.

(4) Feature information is the key to the model's ability to accurately
predict sentiment polarity. Traditional models often perform simple
splicing operations on feature vectors to fuse features, but such operations
do not further explore the correlation between information. In this paper,
we take into account both syntactic feature relevance and semantic feature
complementarity and build an information fusion layer for two-channel
feature fusion based on the attention mechanism, which achieves the ability
to enhance feature vector representation.

The word embedding representation after BERT pre-training contains

v
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richer feature information, and these high-quality word vectors can learn
both semantic and syntactic features of the sentences through the dual-
channel architecture, and realize effective feature interaction in the feature
fusion layer to give full play to the complementary advantages of semantic
and syntactic features and enhance the robustness of the model. When the
sentence meaning is adequately expressed, the GCNN model can rely on
the MulCNN module containing semantic information to achieve
sentiment classification; when the syntactic relationship of the sentence is
obvious, the GCNN model can rely on the DepCNN module containing
syntactic information to achieve sentiment classification. By comparing
the GCNN model with the selected 12 representative models on three
public datasets, it can be seen that the model proposed in this paper
performs well in terms of prediction accuracy and F1 value, and a series of
experiments are also set up in this paper to prove that the GCNN model
proposed in this paper can effectively mine and fuse feature information,

which confirms the reliability and validity of the GCNN model.

Keywords: Sentiment Analysis, BERT, Multi-granularity Convolution,

GCN, Dual-channel, Feature Fusion.
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2. AXEIRMBZAR

2.1 RERST AR

T A BT HORL /N AT LRI G R ) ) O . 5T s
AT T LA A) H (1 L A 7 TR 80 IO 17 A P8, AT LR P S 4 B T A
T HARM R, R — NIRRT % . Blins) T “Yesterday's event was very
successful, but everyone's enthusiasm was not high”, X A)iEEE A HFRAT %, %)

[RIAE R RS N “not high”, ARBLITR MR, Jrimia AR, A rvE
A ZE S

A PR P 2 SRR AT T3 T 1 I A B G DA 2P 3R BE b 2L oy
AESREL 1) R ARG Jian o JH rp 25000 AL B 06 45 5 RO 55 AR SC 7 AT 70
AR RIS S E B P A, A — eI 2R AT, R ARl — A A
() SR R AR s AL e R XS g A 3] [ R R AT L 1A L B A
AEEATIZI s 1A S R AE TS B AR AL JE H A B MR s ok, 17 J8dan Hh B
WRIEAESS H br x5 2 LR A AT RS AL B

2.2 WWEERR

] 7] B RS SRR RN, BRI & STl I — e RO o I SR R, DA
N PR BT IR 2RSS . BT ERRTT A T RKERKRE, BT V2
[ EEFORFAR, Hoh B AEEMERI 7754 . One-Hot 4t Word2vec. GloVe.
BERT. A9¥EGH A 253 PUFf il i AT

2.2.1 One-hot 4xH5

9 T ALHLE AR O P, AMICRE S 0 <07 A “17 2R3
FHHE, ) “0” FORBHERAAAE, 1 “17 JorAS (e, 6, RERHES

71, BERRKATRID I, R, CERT, “ART, “B57 3 5 ANAENE, BRRES
9
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AR 5, AR N RHE R B E R y: (3 [1,0,0,0,01} (&
K: [0,1,0,0,0]} {#B: [0,0,1,0,0]}+ {{R: [0,0,0,1,0]} {%¥5/1: [0,0,0,0,1]}. NIfI
Fa 24451 % One-hot Ztfith (141 S e . FH A H ff e o

BdERE RS “ERERS 7, “BERRE I LE” WAMER, &
SRE ) R IR BN IR, CEET, CRER, CH7, AR, 85917, TR,
A A CIREERERS 1 MRHIEE A [1,0,1,1,1,0,1]; A)F “EEE
KB TAE” BIAE I8 [0,1,1,0,0,1,1]0 EAAFIRE [ B3R UL A2 an i 2.1 By

7N o

& HEX H K B
_— N T
18 2€E; 35 K; 445, 54k; 614F; 7% 7

s AFR; 5k, 64 TR

2.1 One-hot H&EURFE [ & 2

IS T LA s One-hot 4T # FL5) T-HLAE, — s Re Lo T 4t
A {61 One-hot ST HL(FAE GG AT, —J7TH, ATl BRI, %
SRR SR 2 K ELRRBR, 26 5 BRI 9k 97T, One-hot
ST T SR TR R O (5 B R, R

2.2.2 Word2Vector

W N B3 T A R IR T Word2 Vector 7715 TACE 45 ¥ 5 24 [ 2
kX 2% 18 = 15 4142 (Neural Network Language Model, NNLM), LLIH 3RS 5 v i & 1)
18] [F] T 7N « Word2Vector 7 VRVA BHEZZ, b TINGSE, 1=/ A T IGRERE,

B ] DAANGE L P pR Bt EL AR PR At 45 R . BARE . Word2Vector A7)
10
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NESLR A (Continuous Bag Of Words,CBOW) 1Bk 7] 1 & (Skip-gram) % Fil
—

(1) CBOW

CBOW # A4 m] LIS k0 H B SCfE B 1t thotin], CBOW A AL 4 4y 1 ]
22 FiR.

X

HINE (= 2
Wi,
e \
W
Wt+1
W,

—

2.2 CBOW fEAIZE K

ST —NEHET MR (W, wa, s, wr SR, BR o ik N2
B T AR One-hot #65%, EFEF AL BT 30w, « w25 B &
—AT*N BIFERE, N Oyt E R4 B RRZE ], &AL E M
softmax BRF SN O 1A we AR TN . CBOW AR S50 K AP 4006 HUME 26 1y
MZRBEBR, FARIIZRA M B AR Leggy T30 (2-1D, (2-2) iR

exp(< v, vy, >)

(W| Wt+J) =y
Zexp(<v Vi )
k=1
1 T
Leoow =72, 2. logP(wil w,) e
t=1 —c<j<c,j#0

Rt ¢ T oL (0B F SRR, v, 467 we AL One-hot [l
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<Vt’v’[+j >i§ﬂ—‘—\‘l_ﬂ§vtjﬁ]vpd B/‘J‘I{_:T\ /E{iz:‘tﬁo

(2) Skip-gram
5 CBOW #R AL ThREAH S, Skip-gram 17 5 76 A HhCo il 50 R A B R S0AE

B, BRI 2.3 fix.

WMAR R = frt 2

t+1

t+2

2.3 Skip-gram F& 7 2544

B R A O, BRI E R SO T4 & O % . Skip-
gram B[R RSP AL P IR M 2 1 1 45 B 4%, (B2 B A7 %5 CBOW
O E R B TEZE 5, ISR SO ELRRER L Ly, IR (23D (244) B

exp(< v, v, >)

P(w, | w)=- il (2-3)
Do exp(<V,,V, >)
k=1
1 T
LSkipz?Z Z Iogp(wnj‘ Wt) (2-4)

t=1 —c<j<c, j#0

2.2.3 GloVe

2014 £, AR K2 NLP HAE B RE 5 A PRI 251 EMNLP _EARSR 1 i
3 {GloVe: Global Vectors for Word Representation), X CEIHE T — M 4551

TNZEBAL GloVe. IEHIE AT HTE, GloVe it —FhE+ 4 Rial S v 1A 1]
12
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BARIRITE, SINERG R A S 1 S SCRFAE R R, JRIE I R LA R
B BIOR SEARBLEE T S0 SORMLIE . BRSSP R A0 T

XFFag e MR R, CREiA] AT R SO AR AR R E v R A R
SRR A RRAERE, T ko, TR KO AT § AR AR A S (2-5)
It

F(wi,wj,wk)zg—‘i (2-5)
J

—RME, KEEAMERN 1, HRIEZEMAN T ZEMRE, 2R Tk w
AR T I RRE S, R BE B I BB S S R B, PN B BRI, R4
T AT R S 3] 22 T o PR A R AR o 50 )1 2 T 1 K S 1 ) S P 453 2% R B
mnk (2-6) Fis.

Loss:i £ (X )(w'w; +b; +b; log Xij)2 (2-6)

yE!

GloVe TEXJ7 15 % M3 Atl_F NN AL f (x) (N BA Bk, T
PEACTMAE A LS 2 TRl R 22, Horb v ORERHE IR B KA, iR — N 1)
WIS B —E PR G A BN, Ve T 0 B4 f () seil Lk Has, 4
Bkt (2-7).

£(x) = {(x [Xne )" X< x.max } 2-7)
1 otherwise
Ko M x_ AESE, CHTA LR, o FPUEHAZ 0.75, 1 X, BUE

#4100,

2.2.4 BERT

BERT FiiJIIZRiFE 5 A T 2018 FEHAHIIBAGE H, 3R RAEE PRI
FARZWNAACL £ BERT B 2248, #igs NLP Sl ok 1 ERIARAL,
Z A FAURAHE A R, [WE RGN, FAIRRESS, KRR 5 TS &4
QUER I VP 2 3L T BERT MR MIEAY,  TX EO AR AN W il 37 55 4904k 9 1) 5

13
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BERT 5 8Y [#1 55— 35 R X R B SCAR BEREAT 105 21, AT SRAF AR 1 S5
R BT NS, MATE R 5, #ierEHE miE 5 HAH LA
B, 25 PR LT 3] M S 4us R B 2 b, B TR GA L, B
Joi P4 X Se B 0 L HEAT RS 41 % . BERT RBUE5 AN &) 2.4 PR

2 g

SRiLE
MR E;

K 2.4 BERT EiMZEH

1. SN ERLA B RN

B ON 2 ) A & A B B A7 B #k N (Position Embeddings) < i % A (Token
Embeddings) 173 Bk A (Segment Embeddings) N7 plE. A7 B N Tid st A
AR ] 5] A AR s RN FH T 85 AN T A 4 B P ) s 4 B
N T XA F I R R oR, 7R T AW AN G 26 J5 0T 23 2841 5%« SC
A BAEL N Z I TR, BIZES T IF LR IN[CLS], 7ER2
FRVRIN[SEP], A% B IAE T 5 T 43 24T 45 Rk o ) F ot B AR A . N
JRI AR E 2.5 B

o () (7o) () (o) (9] (1) () () () ()

rbadngs (5351| | Ee | | Buas | | Ea | |Baog | Fiszn)| | Ene | |Euces| | Ee | [Fisee)
op o or or or or o o or o
Embeddings
- op o or or o or o o or o
emneaings |00 | (8| B (BT &) (&1 &) (5] (& 5]

Kl 2.5 BERT A N FKR

14
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2. Ywh4)Z Transformer

Transformer [)Zmi%%545#) (Encoder) #& BERT (% 0o, 4wt #s 45 M1
L BER A LRI T SR OB . X =R RS BRI (Residual
Connection). EAnifEfl (Layer Normalization) FIZEI#54e ., WRZEEREM TR&
BRI B S R, BT — /M, dntd i o N 1)
77 AT DU AR A N i, T PRSI 2% ISR R AR B o SR PR K A 22
2% TR ST AR AL, AEIRAT 0 BMERN | U5 2 . SRR N S AR B 1 A S
REAIE 1) 2 05 S 0 T K R — B e 1 A #e

3. BERT Tl rid 12

BERT T 2k A P A JFAT SIS , 3 795 P B 43 1) o8 #6805 75 5 A5 71 (Mask
Language Model, MLM) 1~ — %) 7l ill (Next Sentence Prediction,NSP). A 31 Ff
BERT #5284 [1) H (¥ 4E T 3R B e Jo & 1) ] ) B 7, AN 75 22 A BERT Tl & — 41,
PRt R A48 MLM.

BERT 2 X% N\ 1) B3] PP S BEAT — 7€ IS EEORT AL 2R, BIBEHLAIEH 15%0
i, FE XL AT S [MASK] B, fEILZ )G, A2 R T LR AR
R SR A0 75 45 10 B3] SR TN 4 s [ MASK SRR B3] o BIF 72N 52 5% FE B BT AT 0
4 ] SR SR B ) — oy AT R A, A ST BB RR A
SO T A a2 B R SR I = A A BT K, — R AT BRI K AL e, — R OREF
TCHRAAE, —FUR FHMASK]IE R, X =F05 4% 1: 1. 8 HIAb#.

FT-LL ERHERS, BERT TIZRTE 5 ALY GRS v LI e 2Rk m I H.
T EFET RIS, (H e R BRI ZR56 8, (5 AT DB 400 F 2 BAR 1) R 45
. EXEAFIZ YR, AR B A CA&TE Github RESGER A T 24
AMKETET ¥ BERT #E8Y, AF 03801 n] DURYE B & SEBR & 5K, G E S8
RUBEAT I 5

2.3 B LML

PR WY 25 2 — Nl I RIS BE 6 AN 2 0 45 4, e n] UGB R
SRR EE « 155 SO S By 8, DRt e A P PR A 22 I 2%

15
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BEATFPARFE ISR . FL AR RNN 45/ WnlEl 2.6 Fros.

0¢_1 (o Ot41
\Y \Y \Y
I W .St—l St .5t+1
WA T W W w
HIEH U U u
Xt-1 Xt Xt+1

2.6 RNN Z5#)E

A X . S ORXTNZEMRERRN, U ZKNZIIREZHSEIER, V

T [ 2 2 B R S EUER:, W RN ] S 2 ) A E MR, Fhrt 2k —
BFZI N EPIRES . BEARSEEl A an (2-8) 1 (2-9) Fiws.

0, =g(V-S,) (2-8)

S =f(U-X+W-S.,) (2-9)

7E RNN {34l |, Hochreiter 251498 7 KA RCIZME (LSTMD . Hid

] RNN 22 IZ A B 20 E 2., 1 LSTM B 84k, LSTM 5] A [ 13 ML AT

DSBS IEER, ST EHMER, LSTM 2383~ —nZ], T IHEK
HE, LSTM &b it s, PUMERECME SfEFE. LSTM i 2.7 Fizs.

¥ 0y h
] 4 N N [
A T30 A I
- VNG
© " ©

2.7 LSTM Z5tyE
fE4 RNN [H—Fh3sik, LSTM 450 584 — R . LSTM H 4

16
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ANFE AT F A 22 R 48 J2 R 1l £ B SRR R RO i 60 1] P8 R 7n i i R A
LRAFARN M EAE T A A 3% . LSTM BB AT+ A xR

i, =o(W,[x ®h_]+b) (2-10)
fo=c(W, [x ®h,]+b,) 2-11)
0, =c(W,[x ®h_]+b,) (2-12)
¢, =tanh(W,[x ®h_]+b,) (2-13)
¢ = f, ®c,, +i ®E (2-14)

h, =0, ®tanh(c,) (2-15)

IIHEMLE] RIS T T SN T TS R iZ Foe gt 1A f Vi cAlTo 2or,

Horb,  f HT# e EMERREEE, | TR E ZEHIIMARKEEE, o H T e ddE

MR 24 . © F1 @ FoRM MR BB S RIS, ARt 3 — I 206 R PIRAS o
o N sigmoid BE%L, tanh Jy XU 1E ) 55 %

TS0 RNN, LSTM FRAIG 160 B2V SRR FERRIE IR XU, I HLAA
FEBR KPR S BE 77 . (HJE LSTM RAMEEER ) 4 NMPE M4 2k E T LSTM
TEVIZRI 75 AR AR 22 (BG4 550 3 RN (] AR, Cho 55 AW H T 1 4B H # 5

(Gate Recurrent Unit,GRUD, & 3CSEas RERW], ESHERIIEN T, GRU M
LSTM ik BIFCRAA, (E2 T GRU RAETEHITIMEE ], BRI E R,
TEFR I (A HE LSTM B/, GRU 45 #unfE 2.8 fis.

K 2.8 GRUZ#HE

17
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GRU 5 LSTM [ AN tH 2544 — 4, T8I 2 mirfa A 0 xe MRS 2 B3 s B
15 B BETOR S ho AL 4, GRU (8 AT 455024 55 000 H 1 by Ak iy B —A>

TWREMERE h o BAR GRU BB A XM (2-16) ~ (2-19) B,

r=o(Wx +U,h_+Db) (2-16)
z, = (W,x +U,h, +b,) (2-17)
h = tanh (W, +U, (r, ©h_,)+b,) (2-18)
h=z0h,+(1-z)oh (2-19)

EIR A Az, 23502 BTSSR AL o 9 sigmoid B BEL
T ER BT K] S AR B I TE [0, 1] YE R Y, BASEI 1480, (1-2,)Oh,
B SOEREIERS by IR AT g .z, O h, R ILIZ E— I ZIE
SRRV R SS TRV

2.4 ERME ML

2.4.1 EBERHMZEME

ERLE N 2 A XS 2 HE R RN 28 (AN AL 1742 HE I — P i TR e 22 X 2% 250 - &
B2 28 2 i B T F HER PR RO, TR, HEEERA. H
PRGN S E AT IS TR IRED . SRS 2.9 R .

WAE B Wit 2 SEBER AHE
K29 CNN 4K

18
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BN Z BRI I, £ NLP U (5 A Dyl B . BRZ i
DA AP o8 B 8 B AEARERAE AT DORBUR N2 KR8 XA, B BN
HSHARIERAR R KA PR, RN EEES N NS E G+
SEWCH REASBEAT i, AT SR B FEAEA NG RCR S . Ho, SR ALk
PRAFE, 0P 7AW K Rk 0P B R . AT 2o 2 o B B FALE
BRIEAPIZEbRC R — ML, IR =T 2R HT0. KR
5, ERSO AR AR =38,

I TG AR 22 X 2% ] AT R R B ARFALE s X T IR TR 551 &, RIE TR
A RS LA (15 S REHERR TR A TR I, DVE 25 R T AL
PRI LI S5 . B RN ZE M 28 N B 1 [ BT DUk, CNN 2R —
AN, I PERAR AL AR R [ B R b B RIS, SRR A IR ] 1 (A
(Y] n-gram RFAE A M0 SEDURFE 2 HY o

2.4.2 ElETRHEMLE

AR 0N 28 Fofr Ak B P 1) 1 S 0 R T U A i D s T et LR AE 5
BRAETE R, ASHUNEGE S8 T K2 H AR E g AN S A
A o R RN F) 7 1k AR AN B 56 A RN AR RN B0 (R OB R, WF TN DA 0 s 4
BT BB Z M4 (graph convolutional networks, GCN) i T-4bFH GE R R N IK]
ZERI B

AR 22 I 25 1) SR T B AR B AL S WA g, BT T
S BES R A R R A MR, A T RGO AT S, WS AR S5 R A
SJEEBERS RN, FEER T EZONNES « SOREIE T S0 AT
% ARV I AT RREAE F0 0 O B, A 5 FHAE T S2 7 f
RIS . E AR A AP 48 X A i T3 SR 32 2 (] A R vk

(1) BT R Al 1) BRI R 8 Y 2%

BT RE I SR 2 N 45 G A UE FLSR LRI G R, R e B iR
HOG AR AR 2 R B B A e e A, A= (2200 #1 (2-2D)
Fi7s .

19
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F(fxg)=F(f)-F(9) (2-20)
f*g=F"(F(f)-F(9) (2-21)
Horb, FREOVE RIS, | Mg BNRIGE S, ~NEBRE T, -k

MET, X 221 B (2-20) BimE ARG R,
X VAR 35 ) S0 AR L P A o D) 5 B2 A 0 oy B B B AT, T g B R
& 2-10 Frw.

6 IR BEHGERED o FAEREA Hr b HiAEREL
A B CDE F A B CDE F A B C D E F
) A2 0000O0O]|]AO0O1O0O0T1UO0|A 2 10 0 -10
e"a BO30O0O0OO]|B101010([B 13 -1 0 -1 0
Co002000(fCO010100]|COS-12-120 0
O “h' DOOO3O0O0O] |DOO0ODT1IO0T1T1]|DO0 0 -1 3 -1 -1
(& EO0OOOOGU3O0]|E110100]|E-1-10 -1 30
F0OO0ODOOOT1|FOOOT1O0TO|F O0OU OO-120 1

Kl 2,10 IR RLE hir e

] e JER s LB 2 T P32 2 R s B TR TR IR R, 4 JE 000 1 £ G 2 R
oo AT LU N T R A PRI R ), SIS P 2R AR 7 VAR B FRI 1 R e FE
TR D H TR SRR, BBz K L 2 s, B D & — M
FERE, o AR RE A H TR N2 BB R, 17 AR MU AR ILER:,
F 07 Fon R R . R R E SO L=D-A, WEHATLIEH L
e N FRIVEERE, I B — TR — ST R 2 AEHN 0.

U FRE AR R n ERRIE R R, UT OVRHIESEREU 1O B
BE, (O FIR Hadmard 53k, WFHANERLGES | A1 g AL AR AT DLE BT RR A
X (2-22):

f*g:U((qu)G(uTg)) (2-22)

BB, € AR AR g, =U Ty ATELK Hadmard 559556 AR,

W (2-22) XATFRRAA (2-23).

f*g=Ug,U"x (2-23)

20
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2 (2-18) 1 g, Wi KB MR ER % N ERTHE R AT DA H 2

TSI 5 2 T CAER SR AT LS I P S P A 2 LA T (R A o R R A T B
BRI, I B A B E A SO 08 R S T U (5 g 4, o2 B 28 9
HEZ S

(2) F T2 18] 1 E G RR AP 2 R 4%

NSO FE TS B B AR VR B, Kipf S8 NP H 1 T2 ) (1 B
PP P Lg AR, AR I B A B PO A RUELARIE Y RSB B R, e —
JEBEUR Ja #R AT A A AL B, ARG S T A ELR . S D)L B
JETTE N B2 MR G, LIt % 1 THRERR . XFT GON E4
9 n i e RGE I (2-24) FoR:

1 1
VAR F(HD 2AD 22‘”] (2-24)

Hrb ARRERAREAERE, D RREPIEEGERE, 0 X TIHE R R
i, F %R/~ RelU BUS%. HARTHE AR MK 2.11 B,

%
< S

i. 2

\_;T/

K 2.11 GCN i

%

W

ANE

E

FeZ

FENG IR AT s, Pl ) 2 v )4 R RT AR ] ), 19 e 8] 3T AT
AR AR 7m 1] 22 18] (3R 2 o AR T BR FH AG AR A 22 P 28 SR AL B 514k
TR, BRI W 28 RE G T2 3 BEUR = IR AR R ME BTE SUE ., B iR T
R SRIAE /T -
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2.5 FERNHHI

HER IR T AR B, 2 — IR RSB RATIR AT, FATHAE 2
K E RIS G AN R R R 4, T 2 A X AE R o VR IR
#Encoder-Decoderif JH HEZE S, Encoder-DecoderhE 42 S & — MR AL B B4
SRR, S AT 2 A 0 FE A SR, N B I X 1 R A T A
HRE, N5 EREE A CRBR AR R G HAh A .

BAFELE [194% 0 N EncoderfDecoder, MEZE P Sl T —BOCE . BE
LG BAE NGRS, X5 B EncoderBE LT /e, HRAESTHA
B R M mE, #35dE ADecoder AR IR AT 55 75 Ry H e 28 45 K. AR Ay 1
A DURR IR AT 55 AR 0 ) 3 A 42 X 2%, T LS T Encoder-DecodertE 42 ] DA%
T BT AT SR K A B #5355 . Encoder-DecodertE 22 40 B2, 12 7R

()

2.12 Encoder-Decoder HEZ2

Encoder-DecoderfE 4 & —Mi S5 i) 27 ) B3k, 75 1 SR8 75 A0 B AT 552 5
T LA B RAT 55, 6T W20 Mg 4 37 952 78 1 B 4 Sequence to Sequence 1571
(Seq2Seq). VAWLESENIF oM, KB IIE S 1AM T X = (X, X,, . X, }
Encoder 43 i N 1) X HEATHE SURSEE R C = £ (X, %0+, %,) »  EEARR 40T i
SRR C AT AR, B HARE S Y = {0 Yo Yl o

Encoder-DecodertE 22 58 F S R A A5 S, (EHAFE—EmIss . it
AT SCAR KR ERAT S5, W R NP SCAR KA, 18 X 9ahE C I EERTEE E & K/NE

22



E PN RN — T U A5 A )7 T R Ry R

AR, FEHRMAGEERIHNRAGE, EREEZRNE. 20144, &
[ e &A1 K 2 ) Bahdanau$ig 1 1 —Fhyd s /88 F TALEG R IEAE 500, K2.1308
RN R I LAR R AL S A P

R R, Rs Ry
«— “— «— «—

h, Ry s Ry
X1 X X3 Xr

B2.13  SIAGER ML PR RS I

B b gD 28 582> B RT FILSTMAT S MILSTMBHE M AL, TR m & C fidm )
BUEE & M T 20 B2 58UZ 178 h INBCR AR 2], o j Ougmtd s i0id e =, ty
fEtd s e E rE s, BARSEEIRT AR (2-25) Fil (2-26) A5,

Yo =9 (Vi Vare s ¥en Cy) (2-25)
T

Co=2 a;h, (2-26)
j=1

FEREAT R IR T AT AR 55 I, T B0 SCAS B0 A R 55 RO A AOAEAE
WD ER Ty BARE R INLEFR E N AT T, S IRTHRRE RN ZR ], (223X
FEANTZMA B I AL I B U AT o

2.6 IRERIZESH
)T HAE S VE 2 (AR AE — 52 (I B, IR A0 A Wt 22 PR DT 1 6 R

23
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2 AR R s ok e BRI, S B 58 1) 2 8] (R R0, R4 00 0 541
Witk SRR F MR, AER I EAEPIE MAL T 3% (Head), #h1E
B HEAEW G A AL T 45355 % (Dependency), W LR IIEE R R IAE R R,
L Z AR R, XL R AR T B4 .

1959 F, FEXIETFERRBBURIEE T —Fh HATE & PR 450 )% — R
W, ZHWIR A TEAEAL O INE, X AMZ OB A ) o A 15 1)
2R, FEHAEA) FHRIE T AR AL ERE R . R E, TPRALE S ¥R
Robison #& H TIRAFFNE MU ABEBY, TR LM A BEBEE TR A AIE T
Befifio B TEN GORRE 2 B 46 ) 58 b i RS LB ) B4y 1 Ok BbRiE, H AT
FH IR AT G039 4 L LA 1 2 1 DDParser (Baidu Dependency Parser) 11 T K )
LTP (Language Technology Platform), {KAFFIERRZEAR RUIFE 2.1 Fis:

R 2.1 WAFRE TR RARER

RERFKH PRiE ik 244
K A HED head )T A% 1]
FIEXR SBV subject-verb REFE (TR
8] T2 £/ 10B indirect-object TfEfth—> 2 (-t
BERR VOB verb-object Pl —3% (fE—-2%)
INGRERT Y ADV adverbial Fenlgs 71 CRel«—%571)
EH KRR ATT attribute KPGT CRe—PH)T0O
NHERXR POB preposition-object SRR (fF—HB)
BN CMP complement B JIRA (B-5)
i B R FOB fronting-object AT 2SRRIz Ge—hz)
JE B INR & LAD left adjunct LR S5 (5 <D
PR & RAD right adjunct FAT CETAD
M7 L5 IS independent structure PRAS FLA) FE S5 76 A ST
AR F COO coordinate WAR (F—1R)
Heig DBL double flik K GE-FD
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HeT DL AEARERLN, T AR e A 7 ) R IR AR 2 7 25 E TR ) v i) i (A 1)
KFo Pl AR DMK =GR TAEIREER 2, Sih 7 TAREE . ”
N, Cak =7 B B RS CHR R E, IR RN T O,
PEAFAETIERR (SBV), “ArFMAHE” Jy “5k=" BIHIE, “IEHHEE”
& B R KR EIROCR, R RS EENA I R R, AT
A AR B AR R B AN 2.14 Fos .

HEAD

VOB
VOB

Root Avr] S&H k= M% TE 5L W 424, S5 7L BUR =28 B k.
K 2.14 AF AR BT

TR E . R e HAh B R, A A ] TR AR OC 2R A i A
TERT, PIARAE A5 2 B AAE & L@ o0 b T B . B i H BIRAE A7k
M1 T HA Python SCATAL L ZE spaCy FI H /& H W Y] DDParser?%s .,

2.7 ¥HERL & 3k

FE NLP S50k, Qi BE #2400 A SCUBTE (RRFAE A2 HE A i 20 e U 55 10 DK
T3 G 25 ) B AR AEEAT Rl A (R AN 1T 80 o M TRFAE Al A5 PR B AR 7 vk R
S NFIZE, B: 4% SURALAR N (point-wise addition, add) 1 ] & #f4% (concatenate ,
concat). FAHTE B T AN, J5E N E TRy K R
MFEZ AL, WERFEZL, TR — A R

(1) add

2 BN AN B GLAT N, HECEARIE N v eRY, v, e R, TR EIR

! http://pypi.org/projrct/spacy/
2 https:/github.com/baidu/DDParser
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FlEyY, BEREITRTER AN, B
V=V, +V, = {x| x =v[i]+v,[i]i=1,---,n} (2-27)

FERXMPRFAE RN & 264N, SR ) B4R 2 80— B0 inRE AR 4R,
AT DASE L 2 AR e e i e (R e ) B, 5 P BEAT B AL AR A

(2) concat

] B PR LR S N OV W B INE, ZITEA U Z ML HES . (E
FIEPHE T, BHEPHE RS A E AR YE R B IR, XN IERENYERE L
DA, (R EHARYERE B OUAESE . SNjG, FAEREIm, R AW
FE R b AN R 2 A

ORARFAE 1 4ERE N : B *C *H, *W,, Rk 2 4ERE N B, *C, *H, *W, , 1

P C, 4EFE Y concat IZE SN B, *(C,+ CO*H, *W, . L 26%26%256 [IHFIE AN

B, PRMRFIERR ST IR AN 2.15 B

26+26%256 26426512
e e
4 @ I — ®
26+26:+256 2GH26+256
e e
264265256 26426256
Add Concat

B 2.15 Rk &7 A

concat [{)5F—/NETE A5 AH B SR AR IR, 17 add J7 3% 4 AH LRSIk
BBk, RIEHAT T -2HEREHE, sBesemE T — ki, e,
Ja 3 T LA AT B — MRS, R AN 1 SRR AR R E Al S T 3K
7, add S BEREEE MAEEM BN L5, (SIS, add 1)
AT B R 2, FESHAREEHr. 1 concat XFVFAFKISEL, A
NLP 4 K 2 KM concat 4
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2.8 ARG

AN BN B BT AU A BRI A AR A, 1 ek A AT A
MR, X3ET Word2Vector. GloVe A1 BERT 1] i) 37~ J5 34T VEYH 1) 34 5
B D R Z % . BRI L R IIHLE] S RAF )R 5 B R E R
BIFAEHEE— BN A KR IEHME WL E SR 7K ERILIZMN S, B
Z ML PR T BB A E SR L, R AFENE ST T )R A A
RARIG G R, FHIEREG A28 T PR RS T7 2, AT — SR RS ) Y
BOE T IR AR A
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3. ETWHEREMENAEAFERS XRE

BT A)E R R I A AN 45 58 BRI AR 47 i 2R SCA I AR BR A Bl Rt
W) iz B B 7 T RE A AT, (H R R B R T SOARE B )ik
KE, 20T HARFRERERT 17 80 256 B RAE . ASCHRH T — R FX0E
= B & 1) 7 T 217 By 25458 (An aspect-level sentiment classification model
based on two-channel information fusion, GCNN), f&AI7EIEFA)ike R BA
25 A5 7Y BL Al b ARSI — 3@ T8 T 3RO bR SR SURFIE , 3635 44 XU E 1Y)
FYVERIE SCRHERRNE, X BVRRAE ISR B, 4R A RS B v 1 A BE 7T -
GCNNA AL S5 Fy 3.1 T

Softmax

4’[ Feature fusion }7
@@ —@ee0J 00

Concat Concat

;e Yoo |
N % ? Q @ ‘} i [ Feat‘rre1 ] [Feat‘rreZ} [ Feat‘[ure3 ] % Multi-granular
| \
}\ ] [Kernel size= 4] {Kernel size= 5} [Kernel size= 6]} Convolution

Bi-GRU

/TN

Word Embeding
Dependency

Syntax

0000
0000
0000
0000
o000
(T8

BERT Pretralnlng

,,,,,,,,,,,,,,,,,,,,,,,

i TEERE

service slow

==L

%] 3.1 GCNN Z5 k)&

PR T 7 N FE T 18 R R 2 RS R 2% (Multi-convolutional neural
networks based on Semantic information, MulCNN) Fl3&-T-a) % K ) KGR
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M 4% (Graph Convolutional Networks based on Dependency Syntax,DepGCN ).
MulCNNHBERT I 4528 . {il#k NJZ (Word Embeding) JZ. Bi-GRU/Z. Z i
FEERZ (Multi-granular Convolution) 20K, %878 F T 2% 214 7 18 SURHIE(S
& - DepGCNHBERT I Z7 2 | 1] ik N JZ « Bi-GRUJZ « 71)i% 5% 22 /2 (Dependency
Syntax). GCNJZZLMK, 1Z%IEIEH T2 3 8] T ANAR RRFIE . PIEIE AR IR
bR & )= (Feature fusion) BEATIER IS, SRIQETE X RANAE B IRERE
ik, o A 2 AR SRR

3.1 {A#RAE

RN 2 TR 3N T 51 46 7 i SR B 2 20 4R mT LR (3] [ e — 7
[ A% 2R BERT I 2R A A R ] [ B 7R, BERT A5 A ik $ FE il )
BERT-Base,Uncased {FyTRIZRARY, AALE 12 4HEE A Transformers, 768
ANBETEZ AT 12 A SR E) 22 Sk BRI 53— J7 1, Dyt — PR T SURHE,
A ) RN TR MEAE SR B AE B

TEARSCE A FAT S, AT A1« Bl RS S B AR R R I R
BN N RIAESS, AR IR Z SIS S, DA ss g A 4\ 5 41)
(FRfRAE J1. TAIPERRIE (Part-of-Speech Tagging) T i A\ SCA b ()B4 1
bRy S B MEAR IS, FRICEERVN 2 — RIUbRICAL I AR RIRR 1L 8, Hth 2
— RIURL. ST, b, -t ) TR TR AT AR 5 2 bR

4 {pos,, pos,,---, pos, } , FH pos, e R™, dv ATl N 4L .

St F s AN T8, A R AR A H A D TR BT, 17 LA B AT AR
W AL E R R FLE BN (position embedding) 77 2 A X7 B ik AL
X7 Bk N (Sinusoidal Position Embedding,PE) WiFh 77, GCNN R 5% FH 4 %}
ArBE gD, A= (3-1) M (3-2) o,

. i
P 2j) =5|n[—21J (3-1)
10000%
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i
Pii2jy = COS( 77 ] (3-2)
10000*

i g AR N RIIRLE, | e[0.d, /2] SRR U
A TS50 A0 0 B L1 R A 2 5 1 0 = T 2 P07 0
B, A R R B R R S 5 R S, R R

X ={X;, X, X, }» % WAL (3-3) FiR.

X, =t ® pos, @ p, (3-3)

3.2Bi-GRU &

#[EF] Bi-LSTM 7E S ¥ B AR I 8] £ F Bi-GRU, HW&E
SHOREE I N EHESREAE /)3, GONN BRI Bi-GRU 1E R E
JZ. Bi-GRU JZHBAN AR J7 1A GRU R, XA 3563 e 4h
T, AN RIS RV, B8 AT 25CRE S B I 2% (0 56 o e ARV P88 90 % i
81 Bi-GRU R 3RAF 4 AN 1] 5 [0 A5 1) A Bt Hh 227, K ) BRI AN 77 T 1)
fi R AR IR T LA B2 1 07 B RPIRAS, AT HR R SCAR B IR JE R R RFAIE o 7Y
T A R (3.4)~(3.6) TR

h =GRU (x,h,) (3-4)
h =GRU (x, i ,) (3-5)
h1 :Wtﬁt+vtﬁt+bt (3-6)

b, GRU e O AR 2 19 Bdf b AE AL B0 eR 2, x D9 Tal RN R 40 H 17
h FORAE t i %137 BT BT A GRU b G FORUEIRAS,  h RoRAE t i %03
BANJER GRU Zwid )5 B ZIRAS,  w RoRTE I ZIRT 15 GRU AR R HIAL
117 v, R E LI ZI 2 id J5 ) GRU AR S AURLE, by Ros t I ZIXUA GRU 256G
HafwE ;s h WO UR TIP3 oo it AR B m A 1y Sl s
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33 INEERE

FERMGAL BRI, BF SN SO IR 7 A 2 A, AN IEE R I AR
FIRFESRDOT %, MBS R 277 A i B RHE. £ NLP i, SO 15 B
YR ROR, (HRFIE R IR 4RI, S 2 A R e S R R R T R
tedn  “ia0” MR, 0, 0, 1,], #2 & HIR/NA 142 WAEBIG AR KA
£[0,01, [0,0], [0, 1] =AM 1Al &, AH [ 2 XT AR “i8 30" IXAMAIC . IR P ) ik
P38 BB ] 15 AT PR REAE , RIS B A AT AT 55 Hh R 7 2 AN [RDRL FE R A AR
FEGNTE) b A\ _E 3N 388 3 18] 5] B AT 4= & N-gram RFAEED AT .

ZREEMER Bi-GRU Mgt H ={h, h,,- h NN, BERZ

W eR™, Hoth NiahE 0K/, d 24 Bi-GRU =it al & M4EEE, A0k d

BN 1536,

Exerers)

K 3.2 ZHEERRER

EBRBW KB 3.2 Fron, BIFPRERE Y525 17 SIRHIE R A R
s HTHERE R 98 B ] [ R FE R, RIS TS #E padding #1F . BRIZW A
TR SR — AT TFARAR IR A TSN, (A7 R Kena AR IS 55 15 2 BUR BRFE 22

HH AR mAG-7)FR.
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7, = T (Kt OW +b) (3-7)
A, f O ReLU BB R AL b AW E A F .
A5 FH AN [RDRLFE 1) A5 AR R LE AR [R] 1) 3] o) A6 R Al B 7 1 38 75 45 A W LA
P BIAS [ RAAE R RE R, 05 AR 1 RO R ALE R B A B BE R 1 R R, XA
SO FE R AT AU, HAh R R R ] AR LS BRI K 28 2
AT HIPAFENL BN N-gram FRAE, XERHES—BFEE T LT URIRHE.

34 AEXRAREETRENEE

T4 T8 BIVE IR T ), FRIK A RS FE AR TE AE B TR A AR S TEAS U v B TR R
B b 15 k] BE ST TR, I B B AT LE i AR AR AV A BT R AR O R A
B o MRAFFNERERE A ARIELL T 2 L TR, TRk E e
R AR (11 U R DA I DR BT AU AL IR R R X AR T — LR SCAR R KT
TEVE R LI F 0 0] R . A SCAE T 2019 4F Mirini 25 AP2HR AT R Label
Attention Layer Parser (LAL-Parser), 1% A)VEMHT A GEWE 78 73 R FH constituent F1
head ] label {5 5., MIMTEANEARATE M A B LF BRI .
FRNES N FTE TR NLP A& B @ ERM—MITE%S, aFiea)
LR A E I A E AR AR RO o 9 W1 A) F “Delicious fruits but the price was
expensive!”, 1Hid LAL-Parser 7] A3 3| —BUK A AR a1l 3.3 B

Root Root punct
amod

Delicious  fruits but the price was expensive !

K 3.3 RAFAIVEM R R

K] 156 2 FR%S amod FonTE A1, Root BT IR B FRONME, 1% AR H T
HERIT, cc RRIFFIR R, det NIREEIMIE, nsubj N4 HFE, punct iR
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»3, acomp T2 1A AR 78 o BT 285 K4 1] H (R0 <0 0 2R T LA HH 7 THT AT fruits”
Xf K By “ delicious”, W ATAE ELERIIIR &R, 1077 T 1A] “price” X M H)1H
J&%iA] “expensive” FEANEIE EILKHOCR, WEE “was” BT HHEELR.
X LAV R (5 SRR TR P 2 I AS A vl i AT B A B ARG i (1 AT AN 311 2
WyNTER), DIZAERE N — A AN | R BERE . FEREN BT R “0”
A1, o €17 RoRAT RIS 55 R RIREAEREOC R, €07 RN
WTETGER R . RIREI A AR RE AT 3R 3.1 e

3.1 A F AR RE

ARPEHEFE  Delicious  fruits but the price  was  expensive !

Delicious 1 1 0 0 0 0 0 0
fruits 1 1 1 0 0 0 0 0
but 0 1 1 0 0 0 0 0
the 0 0 0 1 1 0 0 0
price 0 0 0 1 1 1 0 0
was 0 0 0 0 1 1 1 1
expensive 0 0 0 0 0 1 1 0
! 0 0 0 0 0 1 0 1

P AR A Y 48 T DL 5 = B ARIRK LB AT S5 44 10 22 T RS AL, B4 (R4 3] 2 TR
MR RS BB, RIS R Z @R BB RN R, H T2
HBIEE R R FER R IER R . EEGIRMEZZ , B e im g
[WT RLHAE EOR BB H 51 RN, A SCRHARA FVAE BRI B EAE R 15
P4miY, ¥4 Bi-GRU Z M a5 H ={hy, he,..., /R EIEFRI 28 2 14677

T, MEGRMAEMKER LBEN 3, F—E1 B AR (3-8) fx.

h' = O'(Z AW'hi™ +b! j (3-8)
j=1
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Hopn AMNSCRIKEE, 1={L2,3}, A M ANEARIAT 25 - 15 51 141
PR, 1<i<nAI1< j<n 23 MRHES. h' 2 Bi-GRU 24t B 15 K&
P2 2% | -1 2 10 AR, TR RAGE EERoR, HI1=1E, b
A Bi-GRU Z(f4arth s H o W' AT D' 25 | )2 B R £ I 25 1 A 6 o A A

BIFE, o8 ReLU ik PR KL K5 P71 s B GS I& A5 2 BB R M 45 1y tH R0

H® ={h® h*® ...h*}. & 3.4 Ky GCN H—A 7Rl

Ea T S T S

K] 3.4 GCN 7=

3.5 FHERBE

P AR 28 S A 2200 P B SRR AL S ASAH 17, an A A7 8CR] X AN J=
RMEIRFFAE T3 %8, tHT Concat #fF FUZ f HCRHRFIEREAT HE S, (EARFAE
Rl I AR 35 5% AL AN T SUAS AL A SRRk 1t — D424 o« A SCHE Tk
BN TR IERE R, X 2] B SRR AT 5 S SR BUF S 2E B 1L
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B, XEREGRHEMAECT Concat #RAEAS B MR R IEA & F 5 MRAEE R .

R SIHUHE AT DA SR B I SV ) - I B o BT AT 45 DR I s, 2Tt
FAEA R BLEAE, 208 5A 1 BhHIAE B 491 0% T“The food is delicious.”, “food”
VERARGI TT TR, LERHERLE I gt 2 72 10) & rh g gk 5E 2 (1) “food ™5 R . &
iRt 3.5 s

Linear

Concat

h

Scaled Dot-Product
Attention
Linear Linear Linear
V K Q

K 3.5 TSI S5 A

TR IR E 45 € BRI (query, Q), KT (key, K)NIKHE
FHRE (value, V) =NFERHAN, BB HHEARBINEE LR, A4

B, RAERNERAZREINAEFEANK, K2R EGRZEHENRERNQ KM
MEPHRBREEAV . HEAXER RN F=FQ,K"), HTIH QMK

FAALEE, s it SR IO URE AR, W Joxeh 2 R 8 70 S 8. Bk S R vl
N=AEr B
BB 1. MRYE QAN K tF S FH WAL, AR (3-9) Frr.

s=F(Q,K1)=Q'KT (3-9)

7,
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BB 2: PO B 149 3 103 = 145 00 i AT BUE #e 4, — Dy m] DLk AT 13 —1k,
S — MR LLH softmax BREIRFMERH EE ORI E. HHE AR (3-10)
FTR

W = softmax (s) (3-10)

B B 3 AR IR R W 0 RS ARV AT R SRS, T A i (3-11).

Attention((K,Q),V)=W - V (3-11)

3.6 ME

GCNN HERR ) — A FE R 2 AT Jufan th X 285 304715 188 0 2 o g 7 B B AT il
B8 AR B O VRN & ZE B, RG] softmax 73 B HEH
T[] BB AR 3] 5 FRSE I RN P 2 1) 4 5k ] RO 2 2 T, e i 4 R ) 00 45
Ry, HEAKXMA G-12) Pros:

y = softmax(WO +b) (3-12)

Forr, WAGRKLE, b AR E . AR RLE I G/ MU AT SR 2% o8 Bon kAl ik
k. HCERRFRERIIN, NFZRINGHIE, vRRESERS, KRIOHE

nEnEl (3-13) ffios:

N C

loss=->">"y, log ¥, (3-13)

n=1 i=1

3.7 RENE

AREHR T — P T XUEEAS SR 77 T 1 A Y . IR
KE, AEMH 6 NMNo RN Bi-GRU J2. ZREHRZ. AVELR
R BN . FIERG E A BT WERThRE FoRE, 12 iy
DepGCN 1 MulCNN PN i# 8 2 %, DepGCN H T-%: > A F B AL R &R,
MulCNN A T2 28] 78 SUE B B R ERL & R AT AVE(E BAIE XUE B
M EmE, REEAEERIMEENRERR, TIHRSRES.
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4. SWE 5

A1 BRENE

NIHAE F— & GCNN 157 BB A %, A SemEval 2014 Task4!>!
HFIEIETFE (Restaurant) 2B AR BN PELS (Laptop) $dE4E, Twitter 534
PR EORE DY ESCIe o i . BRI TE AU ES B B AR T T AN D T AR M 2H
Ji&, Restaurant #3845 HAR 7B FEEITIRS . SKmciE . BT E %%, Laptop
HEAE HAR 7 ARG A% . Fi s & AL B a5 . PN 4R
#LAIE R PR JE 2, {0 Laptop #E R M1HIRRE 7 N B sh, B AR B AR
S/ Twitter BHEEILG N T 2 550 F0EdE, BMFE Rbsid 7—ANJ7HiE BoR
ZH e, ML SemEval 2014 #dE4E, Twitter FEASJF & AR, 1ETH B HTES
MEFERAR A, N BN Restaurant 44 FREBI IR o

v<sentence id="870">
{text>In addition, the food is very good and the prices are reasonable. <{/text>
v<aspectTerms>

<aspectTerm term— food p( rity="positive” from="17" to="21"/>
<aspectTerm term="prices’ pwllrity:”positive” from="43" to="49"/>
{/aspectTerms>
v<aspectCategories>
<aspectCategory category="food” polarity="positive”/>
<aspectCategory category="price” polarity="positive”/>
{/aspectCategories>
{/sentence>
K 4.1 Restaurant BIEFEFEA

NEEIEMT T g DT TR AE B M55, LA Laptop Hdla 2 #F 4“1 charge it at night
and skip taking the cord with me because of the good battery life” 1. {5]+] 77 Tl 17
N “cord” M “battery life”, 7] L& Hh Y 5 XF B 1% 28 A% % 43 791l O “netural” Al

anr o LT AR AN T AT HEBA LRSS 1 ARAIN 18], YA A < Ko

TR, BRATTHRANRI, RIENRHERESE SR, 275 iy

RIS, 1B KERE T, Ron BRI EEs 24 75 T Dy HEBA IR [a] I, <

EREHEBAE S VAR 8], SRos RIS E o Q] DX il 1 SCAE TR 358 T BERIE I
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BN, DR AR SO U = AN 4R T T IR AR R (M

H T SemEval2014 Task4 FrfE#E IR (Postive), 11 (Neutral),
THM% (Negative), 1 J& (Conflict) PUFARES, 170 J& X — 2 A FE A & KR T
FARSEIREA R, O 1 B Lk BB AT 0 i) L, B ok I B o J i
—ZMEdE. BARERS IR 4.1 PR,

* 4.1 BHESRT

Postive Neutral Negative
HiE
Train Test Train Test Train Test
Laptop 976 337 455 167 851 128
Restaurant 2164 727 637 196 807 196
Twitter 1507 172 3016 336 1528 169

4.2 VR

TR IR FTE ADoK, R w] LRI 73 A HIEG] (True
Positive, TP). R IEf (False Positive, FP). B /2fjl (True Negative, TN). &%
1 (False Negative, FN) PUFHEIE . 732545 RIIREHFE (Confusion Matrix) 41l
£ 42 FioR.

F 42 RIEMEMR

o 2 3
FALE M
1E4 Al
1E1 TP FN
S Al FP TN

Herh BRI R IR AR 2 IR SR IR AAE AR RSN I B9 12K, (RIE G R bncs
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NIESRIIREAAERSE I TN Ry 5158, 3 S5 7 b2 A B S (R AR AR L ASE R i e
R, B R R AR R SR MR AR AE B R TR A IEE . 4 TP, FP. TN,
FN 530 2 HOR L FEBI R, U4 TP+FP++TN+FN=FE S 2
FTUL B H, F IO IEA 0 IEREAS o5 A T o TERE A I B9 R v i %
(Precision), HARTHHE AR (4-1) Por.

Precision=

TP+ FP 1)
EEXFIRRIFEA, H A B2 (Recall) FRoRFEAH (1 IE 145 2/t 50000 1E4ff »

EX N (4-2) FoR.
TP
TP +FN

EEXE T BIREAR, ASSCAE FIRSHHZE (Accuracy) R 2K IERA HIREA S 5 B
A EH ] . Accuracy SN T ALK TERE A TR Ay 1 451N SR A TR0 A 471 451
MIREST, AILL AL R 55

AR, Precision A1 Recall P b7 i AF D0 50 BH TR0 5 R Bk, (H2
FESEBR T A AR A H DL P S o LEEAR B 0, SR IE B R — AN HoAk
IIER, FB4 Precision A 100%, {H Recall BUARAE; a0 AL AT 45 AR 6],
tEan Recall /& 100%, {H/E Precision HUARAK. BEIG 0 —{sf F vHEff 230 5 44 [m] 22 0
ABESESVNBERLUTIR, LA SR B LR S PN FE45 F1-Score KT Precision
F1 Recall #7 &AL, F1ETFE AR

Recall=

(4-2)

Fl= 2 * Precision * Recall
Precision + Recall

HTHEAREAZ, N7 BRI GRELE, ES98 F R 1o 5 )ik
%, RRRINZREERI 2 N A TREAR, Kb 4 i VENIIZRER, 34—/ F NSt
e, WMHEE IR, Hax KRG R R R A SR

(4-3)

43 KRFFESBESHEE

4.3.1 SEWHF

A SIS PR EERE A T TR AE G B (2 2 4: Ubuntu 20.04 £%. CPU N 19-
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10900X. & FN NVIDIA GeForce RTX 3080 TI. 12G &4%; #AFRE 1, {6
Python hRAN 3.8, IRFEZ:IHELE Pytorch AN 1.12.

432 BYIRE

AR K43 AR BE S HE R VRN RS BE, AR SCad i B 13 SCR AN S B 1 215
BRI ZH N IRERAR R S UL S T A R B L AE, e — AR B A T
SR, HAMSEOREAREE— B N MR, RTS8 TR AV
BERT Il 252, A 7E Restaurant #f 5E EREAT I, BOALEACIRE B E N 20,
FIRWE Y 0.003.

(1) BERT Tl 424

FEWNZRR B, BERT Tl ZA B4 ] () hic 4~y BERT-Base-Uncased, #<%

K/NL110M, Er ZHCEME IR 4.3 .

O

#* 4.3 BERT Wil 5%

SHATFR ZHUE X ZHHE
hidden_act WOE R gelu
hidden_size 8= 4 768
max_position_embeddings Token ;KK 512
num_attention_heads TR 12
num_hidden_layers R = = 4 12
vocab_size F UK 30522

(2) batchsize {8
batchsize RI— I ZRFTHME RO FEAR SR, FLAUE R/ 52 MR A2 1 il
FEFIRACRE /7o 303 25 (] OREAN Bl 132 SCHRIOTT T &, %G batchsize UMK, LAY
WIGRIS [EDZ B4, HJE Y batchsize [H AR — @ FREERT, ISR AR AF
2. [FIRTZESEER R, batchsize (H KIS, BRI SIH FEAR TS, 3B AY
T EIRE ZIRA e A . LR G SRR S A, L FRY batchsize fH
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432, MUIRES TN BOAR R f 88 78 f A AR IS [R) A SRAS e O TEE R 32
(3) BT
AN IR RN A R LE A R B R BT 43 380 (R REAE FE AN AR TR] DR 5 i 51256
TFRVRHE RIS R B P BRI S48, BRS04 R InE 4.4 Fios:

K 4.4 RFEBRIZ T AR RER

GRZ RN Acc Fl
2] 82.20 75.18
[2,3] 82.71 75.64
[2,3.4] 83.62 76.07
[2,4,5] 82.17 73.78
[3.4,5] 82.35 73.99
[3,4,6] 82.90 75.37
[4,5,6] 83.80 76.80
[5,6,7] 83.07 75.51
[6,7.8] 82.69 75.27
[3,4,5,6] 83.26 75.54

MEF T LLE BB SN 1A, 2 A 4 A RRSCREEANECN 3 1
MR 2, X ROV ERZ SR DI A BRI B CBRHE, s SRS S,
AEPEE T 2 20— TR TR AR IR A S, 31X 2 52 A AR ) T
BE) . EEPIA=ADHE T BRI 2508 4. 5. 6 MRBRIRN, X
KRN BERE TSN, B BT/, 25 oA IR B o8 BE 1A T RAE, N
RIRGFER, B gl NBgFS, Wi milae /). 5T oA st as |, w4
EEERST 08 4. 5. 6 19 3 MERZIENZ KZEBERERZH.

(4) dropout 18

B0 RN Z I 2 I o R P AFAE I RIS TR L o T R4 () R, AT 98N

SAEAEAE dropout J5i2ox FR M 283047 “ys 7 AbFE. FIriBfy “ 7, RfifE—
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PR R ZR I TR], AR L3 I IS 2 i B < 25 ] o R b e e 19, AT Ok
DT EME R M. AR S 2 R T dropout /b R 48 B RS,
PR HER R fiE dropout {HARL IS5 R AN 4.2 P

85

84

i} /‘\\
} // ~
. T~

79

R AR (%)

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
——dropout BU{H

Kl 4.2 dropout A5k X5 Y HEff 2 7 28

WAL AT UG, B3 dropout fE MM, HEAIHER, 2 52 B S 5y #a
#, 4 dropout 1Hy 0.4 I, BIMHERARILBIE . WK, 4 dropout HUEIL K
I, BRSSO, AR IR, 24 dropout HUE I &,
ML RIS AL, 25 508t OCHERRIE, DIk iR 286 2 0.4 DN dropout 1A .

(3) HAhzHkE

P HARE S ERE IR WA [ EHRNGERE Y 300, A7 B R AR K
NYEFESI N 30, GON JZHIZEHCH 3 /2, GON JZRRZE4ERE N 50, )R N
0.003, KM Adam SAENULIL S, IENELRECN 0.0001, FEE £S5
50 4™ epoch.

4.4 FFLERBG B

NVEAL GCNN BERIIPERE, 5 T 217 10 BT U AR AL 5 GONIN %
P EIP ERIDE-E/aE a1 =
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ATAE-LSTMP): ZARAI#E LSTM JZ5 i A5 B AT I0AL, 7217 RN [F] I
N T DGR A S, S35 A IR T oL 45 T ] 23 O 1% B, ST SE RS THE A
15 &M

TANDCL: AR 3 5306 77 TR A b SC#A7 A, I BLAE J7 A AL R 3e
AN T VERE I, XS T T A A R v, AR BN SRR Query I,
[ i > F 7 TR D Query ) B0 BR SCEEBER , B RIRL G T —FH LA
B RN

RAMP: 2 R St AT SR, 2 J5 R R WA LSTM 3R [ 4 — AN Bl
JERE S, A B 2 BRI AR S TR, BaRiEE NSRS
GRU & MES5 A, IR B ARTE B AT S0 .

TNetP®: iZA S5 Bi-LSTM 33168 R UE R &E, 2/t
TZEH CPT Sitf 701G BRle, o HGRMA MK RERR I, &5
HaiR.

ASGCNPL: ALK )3k ok RO AR 4 45 G, [ I Ay 36 77 T 1) A X
FEMR IR, AAE R BT 3 A8 B, O SCA)E2 SRR B 5 B 1]
RAFR AR

CDT 199 Z AR AL OB R A ) 4544, K Bi-LSTM =it a2 AE
WA B RTUR R RN, FRA AL GON X HRAFR 57 > S B EEAS BdEAT R R,
B Je K P A 3R G J7 S B B TR UE R

BiGCN . e ## HH — o BOME & 2 U0, M8 2 ) TR Z Rl K, I
FI XA BB AR N 28 R S IX — H bR, A7 RO I TE R b i s 2L 5 R
I HL AT DL B 3 PR A AN [ SR B P BV AR AR R R

InterGCNI®: ZAG R E S5 Y MUY L Ry A ) A ) E A &, 2R )5
T Ik RE T SRR AR T T ) R R R AR AR I R s T, LA H
AT5 T 0 B P 36 DA THD 2 v B PR RTOREL S 98 N R B2 A i N A 7 T A v
O GCN, PR ICHE 7 THAT | R SC ]

DGEDT [63); ZAR R HR H 7 —Fh XU Transformer P48 4544, 1 46K Bi-LSTM
I3 ) KRS S 4 AU R) Tansformer FEHR, 5 i i fie KA AR AT 2 )
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AR VL i kT 37 T ] A I

R-GATH: 2R 15 5 58 SC T — o A0 T 164 77 T PR AU S5 4, % I A
AT ST 73 AR, 45 R P 50t B P 38 0 DR 28 00 3 AR 1E AT 2 i, SR
iR,

kumaGCN®: 2 AR & YR FUTH [ 5 T 2 S R SR INE fE 45, HE T
g B B BIEE ML T 05 216 HE S, 55 ] GON BEAT I 17 5 1 JZ IR
s IS, ARSI T I LR T B S IR A, 5Tt T 5 E8&
NEEST o

DM-GCNI®: {Z AR S 3o (R A0 22 Sk B v 20 ol AR R T TR T AN LI
FEPR T — FhEh S 2 I8 B AR AR A Rt A B B 22 STAR S 1 1% M
ZEeA R ANEE R 1B UEEAIHSG .

‘:{

45 SKIREERR ST

AICAE =N AFFHAHAE T 43 A FLAE T GONN AR LA LEASE B ) 0 o ff 2
FCrbont EERR AL ) SR 45 RAK B R IR S0, A SRR R IR 4.5 FiR. Kb “#”
TR B SR RILE 2R 5 E 1 SOTA 4558, T RILF RIS BB A fE £
IR SR o “Att” FoRFETIHERINUBIFEAL, “Syn+GCN FIRHE T AlIER A7
WG B, “Syn+Att” FORANEMRAER SR G SRR, <7
TR 5] N T BERT FU 4714

#£ 45 FEAISLIGeE R

Restaurant Laptop Twitter
kit
Acc F1 Acc F1 Acc F1

ATAE-LSTM  77.20 - 68.70

IAN 78.60 - 72.10

Att
RAM 80.23 70.80 74.49 71.35 69.36 67.30
TNet 80.79 70.84 76.54 71.75 74.97 73.60
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Bk 4.5
Restaurant Laptop Twitter
A
Acc F1 Acc F1 Acc F1

ASGCN 80.77 72.02 75.55 71.05 72.15 70.40

Syn+GCN CDT 82.30 74.02 77.19 72.99 74.66 73.66

BiGCN 81.97 73.48 74.59 71.84 74.16 73.35

InterGCN 82.23 74.01 77.86 74.32 - -
DGEDT 83.90 75.10 76.80 72.30 74.80 73.40
Syn+Att R-GAT 83.30 76.08 77.42 73.46 75.57 73.82

kumaGCN* 86.43 80.30 81.98*  78.81% 77.89 77.03

DM-GCN* 87.66  82.79% 80.22 77.28 78.06*  77.36%

yiNg gy Rt GCNN 86.82  80.68 81.47 78.07 76.80 75.76

MR LA AR SCHE ) GCNN #5284 7E Restaurant 1 Laptop (448 133
ST Acc Ml F1 MEHIIRALG R . 7E Restaurant Bdi4E, 5 H T RIEITFH
SOTA #EAILE Ace A1 F1{H 43 AR T 0.84 AN 43 mif 2.11 4N 43 £ ; 1 Laptop
HyEkd, 5 H AR IR L1 SOTA BATE Ace A F1 A B4 AR T 0.51 ANE 4
SR 0.74 AN E 4 8 7E Twitter R4 F1) Ace A1 FI1E LR AR/ B T 1.26
ANE 7 AT 1.6 AN E 7 A B AT HAR TV AU BRI T SR G R
GCNN HAIAE S AN KR R R I IE T R 2R KRR, BUS 7RO it
(R IR A R s L, R B AR AE Ty T 15 IR o3 AT 5% rh R A Rtk

ATAE-LSTM. IAN. RAM AHIl TNet {EA5I ANJER PG AR, FHEL
TRbG 1 AEAE B HEE L2 ) ERIR T AR — E AN 2 BB HERf
7E “Syn+GCN”Fl “Syn+Att” KPP IVEZ 5o X By RAKRFEE R IHLHIFFEA
REAT R R A 1 21 ) v 7 T ) AR IR 2 ) R ORI . Twitter B8 0%
FEERME SR SREEE AN, FIHIXFEERLE Twitter 25 E12K
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B2, BN ASGCN. CDT. BiGCN ix =AMEA, B PIEH “Syn+tGCN”
JTVEREME AR I R 3E I FVE R SRR T BRI G 2R, HE I 58 7 175 1] £ 4] (¥ iz
B T AR I 2% R AR T 8 R T DUR G (1 s 1] ) S RO &R, T A
BRI TRINGE R, tHIESE T GONN A KR T 72: 0 2 ) A5 A o 42 19X 246 3 3 11
B,

BT “SyntAtt” [IJTIEEASE R G LS00 IS T B I T A5 R, L R-
GAT #1 DGEDT J5 2 A8 3@ (R AR MR O 2, T S WP AR AR AT 5, eIk Y
AR R AR R IR T, B 31— D 3 1 1 5 o 258 (52 204 e 8 B 4 1)
FOJRHEROR, RIS I R AR A A T K32 F . kumaGCN Al DM-GCN
TR H 17 T 2155 SRR BT AUl Sk 73 SR 45 SRR SOTA IR, /NS #0
RGBS 4, I GON 711 mi s id F2 AR 6 R IAUE — BEAE
HANH AR A AE AR AR R A o (R I I SR A AT RO 7 ) 5 A5 R R AR A &
AT EAN, BEAR T S5 RIS o 53— 5 THifE, fEREAL Fin\ BERT Tl
WERIT I G RR AL B 2245 BRI (M52 T, T W B 5 BERT A4 & 5 KI5 UG
BHEHRE

ASCHR ) GONN A8 — T A 1 2% S E RS B BSR4 iliE, 5
—J7 TR T 2 2) 16 XS B0 2 R AR TS, 3555 4 Pd3E (1%t 1) S TEARRAE
RS R TRAERL G, SCBURFAEIN SR . U8 18 SR A4 B % [R5 o A) 1018 SURIE
AL, A FANERRA R, T RURIEE OCRIMBIAIN, 7850 RAERHE
ROE AR, B TR SRR, $RTT TROR T e

4.6 HHXSEILIE

4.6.1 HRAXELLIE

AT N BiE B, ASCRE 78 DK DH0N 4. 5. 6 FIERX
M FARBOCA 751 ) N-gram $F1iE . UEBIASCHR 22 00 B G AR AR A R 1 g
R MISETHE e T KL VA, AN LA Restaurant 25 2y Sein s 58, AEH
MBEHAAE, ABCEEPRNE L T EATX Ess, SCIRai RUNE 4.6 Jr.
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4.6 ARFEN L Sk 45

BRIZ KA AL Acc F1
[4] 84.03 76.80
[5] 84.82 77.35
[6] 83.62 76.54
[4,5] 85.94 79.21
[4,6] 85.36 78.14
[5,6] 85.58 78.86
[4,5,6] 86.82 80.68

WyE ER, NERZANEEE: JERRANEO8 1, BRRRSTET 51
R AR RIEA: BB EON 2 I, BB 7050008 4 A5 B R 45 27
RIVE; (HAMERRAZL T ERAEOY 3 BB, B2 R ERMCR 2
LA AU BRI RCR 24y . WERRE 1A/ EF, BRI 5 I
RIVEREEAR TERLRT N 4 I AR RPERE A S AR RSSO 6 I A A PR RE, R
FESCA, RREIRBACR G E RN 5. 6 KE, AR 2R
FEAGARR REE AN R A1 BEF2 3 SCAS 1 S48 =3 0 ) JEVRF AL » 328 11 S A 2 o v
R

4.6.2 jHREESELE

AT GONN FER rp 3% SR E5 R X e b 1 B T AR 55 O RCR - A2 A B2t 7
gk HEA SR AR RSO0 T BT LSS 6 . RS IS X 508 BERT Hili)Il kAR
e, FeTAPEE BB 2 (DepGCND . 115 XAE B 1 2 KL BB RS
B (MulCNN) . HFAERR A RER o 38 T M PR A 0 45 # i DA DY AN RS Rt A A v
REMITTIREE, T DGV A SR A AR 3R 4T 5 B

1. “MulCNN”: ALK AR BGRMNEEME LR G EMER, RAES
RLEEGANZ 2 S BIRHIE A B Ja IR N R, &Mt 4R

2. “DepGCN”: 4 2 K B AR E MR IE Rl & R MBS, A BUAE BIER2% 215
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BRHE RS BRI N ER S, WA 4
3. “GCNN w/o attention”: X K5 45 44 [&] o (R ARFAE R & )2 N, RS20 fpf /D
MERLA 25, 5 B AR I 24 J2 0 22 0 82 25 R0 (R RAAE ) 4 i FEAT 5 AT 55
4.“GCNN w/o BERT”: {# GCNN #2841 BERT T Il 2545 4L B

RAT THERSKAR

Restaurant Laptop Twitter
!
Acc F1 Acc F1 Acc F1
MulCNN 83.37 76.49 77.60 74.63 74.92 72.73
DepGCN 84.71 77.96 79.31 75.67 76.03 74.44

GCNN w/o attention 85.04 78.33 80.32 77.25 76.19 74.71

GCNN w/o BERT 83.80 76.81 78.16 74.84 75.37 73.46

GCNN 86.82 80.68 81.47 78.07 76.80 75.76

MIH Rl SEE 45 R 3% 4.7 thaT LUE H, 56T 2 LR AR 22 I 24 1) MulCNN 75
PAE SR 2 B)VEARFAEAVRHE ) A A S5, B =R Bl R T 3.45,
3.87, 1.88 NEIF A, BAUTREMREER, A ANERAESS BATRFIERD & 77 2O
R e SETEDTRRE R, S AR AR AL T R (A o 2 A

BT A R KRB (1) DepGCN BB 25 2538 SURFAEAS B AL Al &
JBIG, AR = AN KR BTN AER 2 R BRIR BN, AT IR H 20 s A
B S B R PE R AR THA H B),  (HR1E SUE B DT EE L A6 R A5 B/

“GCNN w/o attention” 84 3% A {ff FI 5 T7E & WL R RFIE LG 2, 18
Restaurant ZU4R L HERR R T T 1.68 NE 70 AL, WEARHIERL& Z 1 SC R A 2L
AR 8 I ) S PR AR, St — D naRRrE &, SRTHEEAL R

“GCNN w/o BERT” #2457 BERT il gt J5 4% B A% AL #F Restaurant
HAREMAER SR TR T 2.92 ANE SR, — ] DUE H RIS Tl 2387 1
REEH I X LAY ry (1) 22 R AR Y, Ui B 7 AR SCRE) S PR 10 S 00 SR 2 R A 201
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I AR WIIN BERT Tl 2515 5 A5 7 R A8 ) 58 TR R e R %
SR, BT R S B AR AR ) £ SRS B TS R S L LA ] 0 BE 14T B
WL B Y 2R B SLAF A S

4.6.3 GCN EHxRE M REHIR M

GCN JZH10 2 /D e AL T L Ry RAR R 1384k, R MR b R
B SH AW GON Z ORIV BE 520, 76 H B0 GON JZHINTE B R,
WS IILE = AN EAEAE LR F1 B L. SEIK s B E N —2
INE, LRSI NE 4.3 ME 4.4 Pk,

MW THFEIEE T LLE B, GCN EHTE 1-3 25 20 H AR M ge b 5 E 40
I BT AL, AL HER R A F1E YRR EEON 3 B EIR m E, W
RIRJZ ) GCON LS ANRE 78 R PAF SHEARFIEE B, T BB B T % . Bl
&FIZHW SN, BRIV RETT LG AR IR E I N R, fEEECh 6 E 2T,
TREALPERE N BRI BN, TBE SRR — D3, BRI R A6 H LI B2 1
TR, AT DAL R 2 EH T 2 AN RS R A R I, X2 RO AL Y 2% 1) )= it
RGEEN T AR LA 1 AR 2, GRS N, X EITIARTE
RIE BB S BRI BER A %

-B-Restaurant

85 —A-Laptop

Twitter

80 1

75 1

BRI TR (%)

70 1

65 1

60 1

55

1 2 3 4 5 6 7 8
GCNE#
B 4.3 GCN 2 B0 0 YA 22 [ 52
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85

“B-Restaurant
—4—Laptop
Twitter

75 1

65 1

HERIFLE (%)

55 1

45

35 T T T T T ; T T
1 2 3 4 5 6 7 8
GCNE#$

Kl 4.4 GCN EHOHET F1 A 520

4.6.4 EBNATRK

LEH Rl S 56 FP A TR I T 7E L BRFRAE Al A AR BRI 2 5 AR B PERE AR £h, AASK
5y rpn] LU B 2 BRI B 2 T3 B 0 WU AR AE R S AR J5 R R AE S i AE
Restaurant 1 Laptop $4E4E R T 1.78 Al 1.15 N2 . A/NTK USRS
AR, I A & 7T AT A S AT

745 f1)“But the location is very friendly to me.”", J5 i ~N*“location”, J5
i)t B A% IR DN “friendly”, AR ASAINTT“location” (1R A FE A& positive. 1
AT AR S M SR BB ) A3 R 1 A AR AR 4.8 TR

R48 BIRNEREIBUA AR

117 But the  location is very friendly  to me

BUE 0.08 0.01 0.25 0.02 0.08 0.45 0.03 0.08

fEM B R A u] LA H A= 55 B e 12 1 EBGAE “ friendly ” A1 7 THI 1A]
“location”, W& HIVER JIRLER HE) T 70%, “the” Fl “to” &5 i&EHe1A HIVFE
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B SIBCE AR, PR 70T LAGS A o 5 88 B JE AR T v i 1 43
P SEAICFRIALER,, 1o 175 S BT A D R P 3]t 5 B s (R

X 4] 7 J7 T A Ik — AN BB, fE ] 4] “Although the food was very
delicious, the service was poor.” ", 77 [ 7] A “food” F“service”, 77 [l 1a%f M. 15
J&IA] Ay “delicious™ Fl“poor”, K415 AR PE 7371 A positive F1 negative. i)
T3 AR B A S A B 450 4.6 PR

0.500

0.400

0.300

0.200

0.100

> > <
& F & @d N . N

0000 LM I
&

< S $
& & §

"séA A

4.5 J7THiA food YR S BUE 44

0.400

0.350

0.300

0.250

0.200

0.150

4.6 J7THIA service VR JIALE /A
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CA_E PRI Ji s 17 (] ) 3 T X AN [ 5 ] B PR 45 ] RO UL 2341, MR RT L
A HAEXSANFE 5 TR AN, 2% By AL A0 A —FF o 24 AR T A 9 food ™
i, 1R “delicious” IR E feim, SLAHAEJS TP “poor” FIT i AIAL Z I i
ik, BRI 5FE “delicious” B ; @A TTHIAN “service” I, /i
“poor” MR E iy, A TMEFAMEATIES, RIRT 7 ERIARE., &
SR, TERIHL RENS A SR e 7 T e i JROA i A VR T 3R], BEIM SR I3 2 1
VER T, RIS R I LA RE O AR U T 3] ) SO IR 3 BN REBT A . BRI
B A BLI SRR 2 i 2 P A NS B, R R SN S 7, E
7 R IR SER R AL TS R DL, SN B AR F AL BE N )
“CHTET 2

4.6.5 £

N EM AL GCNN AR RUE PFI8 15 A i L B B AG 5E v A Tt
YRR, # ATAE-LSTM. IAN #i%!, DepGCN b, MulCNN f=Ht J2 GCNN 14
TGy BIAE FLARE A ) AT SEBIERAIE, FHAT (R Eubmic T, SEE0 45 SR an
K49 iR,

®49 THIHT

52 ATAE-
TS IAN DepGCN MulCNN GCNN

LSTM

Ja

Even though its good seafood, the
1 pricesare too high. [¥): REEM (N«, N,) (N.,» N,y (P.» N, (P.» N,) (P, N,
HEEEART, ENHERE T
The driver updates don't fix the
issue, very frustrating. [ ): K3}
T I ST R B DX AN 1),
FEH A NH .
The food is usually good but it
certainly isn't a relaxing place to go.
oty wmawne, mepe 000 @0 M0 @000 Mo N E s N
AT AT T
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5k 49
52 ATAE-
Wit IAN DepGCN MulCNN GCNN

=) LSTM

A large is $20, and toppings are

about $3 each. [¥): — 1 K5H
4 - N 0., N. N N« 0.

& 20 £, MERAREA 3%

JGo

From the build quality to the
performance, everything about it has
been sub-par from what I would
5 ) (WN,, P) N,, NV (N,, O0) (N,, O0) (N,, N,
have expected from Apple. [#¥1: M
P i B BIERE, R T E R — I
AFFE RO R I,

XFF 25— AFEAR TR B J5 1 A “seafood” Kijt, ATAE-LSTM Al IAN BLAY#R 2
BEFEBEINTE, WA TEHESERE “high” XAMH, (HZ& “high” X F
JiTH A “seafood” THAFE, FULBIRITN A . BEARANEIRATE R R AT LATERE
—J7 5 R84 2 A BRI R, (HEE A )T, J7 -5 = W 2 AN
FERER, (5 —AMol4a)d, “driver updates™ )y TH 5 “frustrating” 7 W, 7] [ )25 20 B
Bk, TR ERCR, FIIERIE T AR R DepGCN ALHLN 7 T 1]
“driver updates” HITRI k. 554k, 1E6IF] 3 o, DepGCN BLHRA fi3h K
B “isn't” WRMERIR, IEEL AR, MHELZ R, T 2R
2% 1) MulCNN BEHR T 58 HE 00 4 B i [ R4 SOREDG P, PRI RE S R Tl .
JEWABIEZR B, R T SCRIAERHIER) GCNN LAY Ae i AR 4 3 25 FR A0 A
IAIE SUE S BN, SBOT 52 ANHE 1E =05 ) 1 ks B Tt

47 XRIG

AR B A S R K R EAR B Y o S SR i F B = T Hd ARt
AT RIR AR EAT AL B A, 36 i RE 7 0 T PP A AT LS AR 1 E A
PPUTIEAR, SRJE SEIR AR BN EAR . R E DL R R R, B RRRGE
LA dropout (HBEATZHORL L, Bt 2D KR HEAR S STIRAN TR E HoAth
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SR ARIEERILSS, BB T =R R B EAT X B sk, A28 SEERIE ]
TR R . JRERIE A R S P IR TR R S M Th e, B4 B BT RS
B il FORA AL 2% SR UM AR A HER 2 DTk &0 . GON JZBO R AL RE S mi .
BRI T, f il S BT BIE 1 GONN A AR [ A 55
A Rk
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5. BEERE

5.1 TERSE

IR AR R A FR R OR R e e AT A3 75 30, ANATTIRE A R AR S E L
T 6 R B AR X8 42 S5 BOR 1 N SRIE sh #AT TR R 2 5
G VE By PR PR TR T8 T R TP A R IS R RO AR S AL B AU
RT3, I BT A LR A R AT A2 B SR I S U
AT DL iR K S M ot B S R B S SR S 0 s o 53— D5 T, IO AT AT BAS TR 5
BRI, REM A 2 A0S 1 R IR .

BEXT 7 TG 1 AL 55, A S Jerd 1 B3 A BEAR S b AR AT 1d B AN
4, AR AR A R R R TR R IL R R, FE Tl A A 22 X 2 R AG AR 2 X 2% (1)
BRALEEA S DhfE, TEE ABLHEIAMKAE GE 0 I Se IR B R 5007 30, AR RS
PR IS

H1 T H B 2 SR AR AE SR IR — R LA DN 2 A, JFR 2R
B AR 2% (AR5 -5 22 WL A6 AR 0 2% (R RFALE R 15 J 1EAT 1 BRIl o AR SRt — b
B XUHAE A7 B R 5 T 2 1o SRR, AR AT 7 Dy s 3] R AR B I BB AR
28BN 27 3] T8 UM B 22 R LB AR, £ AR Rl 2 3l R TR AT
XOETE 2 6] R SRl AR AT R I 2% 18 AU A 1) L AMAE AT SCRE S, T
50 U RFIER R . I = A I B SR B SRR A5 AR 12 A BAT AR
X AR AR A BB RT LIS, AR SR HH AR R AR HERf R AN F1H_E#AGETE 1OK
SR, LR TR AT R

NHE— T R R A S BN R R G R R R BE AR, £ S 56 TG AR
BB RS | dropout (55 ZHGHAT ISR, ZJa T — R BN s,
AT 2 ERURAE TR RERI A, T GON JZHUR O Y e R 1 321k
o0, 1 LT R SIS0 AT 0 A8 T AN 3 R O R HE IR A 1 ST RIS L, YRR
BEAT AT AT TR B S BEASE RS TS S0 L O T 45 SR HEAT PR 70 BT o
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5.2 RFKRE

ASCHE H ) GCNN AU 7T Restaurant. Laptop. Twitter 54 42 1) T v A 2%
T A ATR 2 AE O SRR, HUS 1 X LS TR K 2 N IRAREE IR, BRI
FEIE— 1 58 3 A S0t 1 A5 4] o

(1 HAMRAM ERIEN A AN, AR TAEFRRRPIAENS. 77
T BUCTEEARIER AR, ISR AT SR S B PR E IS RS
UnAeT FE A 24 A SEE N R IEREAT R SR IR RN BB RS rh 3E 47 0 B 22 >, 22—
X3 T AR R SN #E Aty < AR H A B K 7 T 1A

(2) ZHREHRIRAT e B SEIA SR AL, BEim g R EfE e, H
WAFAER IR SR BRI, B B BRI SO, BRI E R Bedt A7 IR R R bR
B, RS PR TR AR A O 2 o AROKR AT LA 8 R I Heftl 5 sCANFFIZ — B, $2TF
R PR SCAS B T E

(3) ASCAESRIUA] 7RO RN IR T H BT RCR S RIS BEAT 7, (E
FERETUMIRAFAE — S MR B iR, X EEARRAE B R AL R T 25 R .
] BRI IR AR JE IR R AN A 1R A5 S R 2, & — TR TR AL AR IR
EHAH BRI A A
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