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Abstract  Aspect-term extraction (AE) and aspect-level sentiment classification (ALSC) extract aspect-sentiment
pairs in the sentence, which helps social media platforms such as Twitter and Facebook to mine users’ sentiments of
different aspects and is of great significance to personalized recommendation. In the field of multimodality, the
existing method uses two independent models to complete two subtasks respectively. Aspect-term extraction identifies
goods, important people and other entities or entities’ aspects in the sentence, and aspect-level sentiment classification
predicts the user’s sentiment orientation according to the given aspect terms. There are two problems in the above
method: first, using two independent models loses the continuity of the underlying features between the two tasks, and
cannot model the potential semantic association of sentences; second, aspect-level sentiment classification can only
predict the sentiment of one aspect at a time, which does not match the throughput of aspect-term extraction model
that extracts multiple aspects simultaneously, and the serial execution of the two models makes the efficiency of
extracting aspect-sentiment pairs low. To solve the above problems, a unified framework based on multimodal aspect-
term extraction and aspect-level sentiment classification, called UMAS, is proposed in this paper. Firstly, the shared
feature module is built to realize the latent semantic association modeling between tasks, and to make the two subtasks
only need to care about their upper network, which reduces the complexity of the model. Secondly, multiple aspects
and their corresponding sentiment categories in the sentence are output at the same time by using sequence tagging,
which improves the extraction efficiency of aspect-sentiment pairs. In addition, we introduce part of speech in two
subtasks at the same time: using the grammatical information to improve the performance of aspect-term extraction,
and the information of opinion words is obtained through part of speech to improve the performance of aspect-level
sentiment classification. The experimental results show that the unified model has superior performance compared
with multiple baseline models on the two benchmark datasets of Twitter2015 and Restaurant2014.
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Fig. 1 Framework of our proposed model
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Fig. 2 Unified framework based on multimodal aspect term extraction and aspect-level sentiment classification
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SN NESIN PPt Bup V=€ -2 DU
) A Bl T B A W, BT DA A SRR {3 AR
T TR A O e 1 1 S B AR U T, e fe A
iﬂ‘]ﬁé’éﬂ%ﬁﬁ%ﬁﬂ%ﬁﬂ SRR R XO.
X° = tanh(WQ X5 + bY), (34
Hrp Wb A ZHY.
PUNCSE (iR NP AT G ot ) i N1 R N X S i
W ¥ R, EE U0 “agree with” “run fast” “beautiful” 45 . 1£
FRICER ¢ > BRI R SCR, B 45 T SE R T £
MALEE. A, 38 E O T, W AN R 23 B 4 A X
SRR, PR, A7 8 O R W] Lg% gL T Bk
()53 BT, Ay 3R BRCEATR] ¢ X Ry 0 O A5 AR L, AR SCAsE He
FH B (B 5 R ) 51 S TR R, I 5 BB
i) Rl iR Bl E A TR B AL EE DL A A, B 44T
ES| R WD VAU S 1
2% = tanh(Wyo X° & (Wo 5%} +bo s )),  (35)

20 =20 [log(2+1i-t)T -, (36)
w, if w; is the opinion,
P = 37
0, if w; is not the opinion,
K = softmax(WKIZ) +b,), (38
x0=> kx?, (39)

,ﬂ\: ':F'WXO,Wo,xf,Wx,,bo,x,S,bxj‘? 72%7%( Wﬂ‘]ﬁ%, i‘%ﬁi)ﬂuﬁi
A L. 0 S 5 20 0 L )
254 IEEA

o5 M2 T A A R # iE . W05 K5 A
B AEI SR, 1B 1 A 4

m,S =m &x) Gax?, (40>
M5 = (msd, S, ... mS), 41)
p (5| m) = sof tmax(W,m} +b,), (42)

Wb GRS K
2.6 #EEIZ

AESC HH 145 % pR RO fie /M A U AR R, 5
509 H bR 2 i/ MbaX 2 AN B A 2, RP

LAZ—NZIng(yﬂm), (43)
1 —

L3 :—NZIng (| M), 44

L=a LM+, L%, (45)

a’1+6lz=1, (46)

Hha, ey Wi, Jy 2 AR R AL .
2.7 AE-EEITRE
i1k AESC 58, 7T 43 BIFR B 11 7 T A B A

JEFRIES, B YA = {yl,yz, Syh ey}t e(B 1O}
Y =7, 53, 00, by €0, 1,2,3) O T 52 B
AESC 1T: 45 (1 B A, A% SCHEAT 7 1 =195 8t il B, A4
B AN 1 R

-5 WA R VRSO )8

A PR L, 7 AR E R TE A vA, 15 bR

T 7S
i 2 T R v
@ 4 =], i=

@ while i<L do
if Y2[i] = = B then
2> start=i, end=i;
i+=1;
while i<L and Y*[i] == 1 do
end=i;
i+=1;
end while
Y?.append ((start, end, Y® [start]));
else
i+=1;
end if

end while

SNCECNONSECRCNSRONGRON)

w
b

[3

3.1 HiE&E

SR B AR ST B AR AL B A St AR SOl
TR R 4E Twitter2015™ FI Restaurant2014™” 347 52 56 .
Twitter2015"™ J&— A~ ZBESBEE, HAL & SO N Z
B R 7 R B DL S 35 B Restaurant2014™”
JB T SCA TR Y 7 T R B AR, AL
PR A5 B AR OB A B9 I R4 a4 DA K 6 ik 4
EOREORFE— B0 R 1M 2 53 B 2 A B AR Y

Table 1 Statistics of Twitter2015 Dataset
F 1 Twitter2015 HIFEZITER

, 7 AR ) )

PAEIIES GRS 85 Iy AR
POS NEG Neutral

YIZR4E 928 368 1883 2101 3179

BIESE 303 149 670 727 1122

RS 317 113 607 674 1037
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Table 2 Statistics of Restaurant2014 Dataset

#& 2 Restaurant2014 FIEEFITE R

- RO R . N
EAGTES AR s

level1 level2 level 3 level 4
Y 1747 645 520 73 2436 2985
WHEE 417 162 117 18 608 714
A 728 196 196 14 800 1134

T level JEEPFIMELRI T IEAEAE.

SitE R
32 SSHAET

R T WG AR AR AR e b A SRR AR SOl
T Zhang % N "V FE 3000 J7 2% #fE 5 b WIS A
GloVe™ il fix A 2 i) #t . ) i A X 7% i 4 B Ry 200,
ANTE TR L P ) B3R 9 B ATL BT A6 Ak, O IR ML—0.25~0.25
51 A AR AR oR | TR i A U R 1 2
JE 43 5 30 Fit 16, H R LB 46 16 ik L —0.25~0.25 (1)
Y50 43 A ) 0 BRL ) e KA K R B 4 P i
e RAB, AT d KA 1 B0 1) 50 ) SR FH S 78 09 O
% Af BT AT B i) B ) T A5 4. BILSTM i H A4 S0 1) 1t
4t iy 200, J5 18 A T B U S 0 FA A R AR 4E B
200, 15 18 o3 FEA B LA FRAE () 48 B2 100, J5 0 A o
i SRR 8% 324 2 A B e 1) 5 2 AU EE 43 591 0.5 Al
0.5. Y Zrat 72 1, JE 4 (epoch) g 50, 4t K /N Ky 20, 1
fb 288 Adam, 2% > %A 0.001.
33 EZER

T8 S 56 v AR oF B A AR o B T SO AR 4 S8 RN
SO 25 AT B B A8
331 SCARGE

CMLA+TCap F1 DECNN+TCap.CMLA"" I DEC-
NN AR 1 AR BT 55 T 2 L AR, TCap™ 2
7 THT K B 43 A B T Uk, AR S N 2 A D7 T
AR R ORI 1 AN B A JA R HEA TR, TR 2
AR LA AL

1) MNP 22 50 R 2 3K G s v 7 v 19 Jr T
AT B ORI A3 2 50— Y B

2) E2E-AESC™. %A% AU Al FH K A A i 7 2k, Of:
DAR, A5 1] 442 BRA i B A 55 108 T R 8 2 BBORIVRG 8% 4y
G — L.

3)DOER™. A5 7 S 1 A Y1l 25 Jy T A 3 $2 BRI
1By B AT 55 5 —HEZR.

4)RACLPY, S5 75 1 AR HEH WL iRl BB, 175
Y R Ge— I AT 55 LAY i A AL A £ 22 38 in
E

a\

>

C]

5) UMAS-Text. 1ZA A J& A SCHE 14 5 T AR o 4
BRI T G BT M G —HE SR, BB R h G
R AR A1 A 3L 1) 0 246 2 2 Bk, 72 RS Ak 3 4 SO B A
ORI
332 ZREIAGU

1) VAM".VAM {i FfI #1519 72 AL 1 A0 0T 42 ML i
(1) Z2 B2 T T AR A IO

2) ACN" ACN i FH SCAS 7 ML . A3 1 2 AL
LR TT 4 AL ) 22 A2 T T R 1 RS TR

3)UMT " .UMT i Jf| Bert 1 Il £ 452 1 2 fF SC A
(1) 22 B2 T T A 18 1 U 7.

4)Res-RAM HI Res-MGAN.E T2 2 A 77 1t ¢ 15
MR SR ] Hazarika 25 NP7 2 1Y ) 2465 5 R &
77 9 5 W 5 AE A RAMPY 5 MGANP" #y S 7 5 41
flA, )5 R H softmax J243 2.

5)Res-RAM-TFN #il Res-MGAN-TFN. & {12 % JH]
Zadeh %5 N\ Y 22 BEAS @l A O 2 K SRR AE AN
RAM 5§ MGAN [ SCA FRAE il 2E 47 D7 10 9% 1% 18 4y
Ehp i

6) MIMN". MIMN J& 5 H] £ Bk ic 14 9 4% g 455y
T AR SCA R G 22 (8] 38 B G Z 9 J7 T 90 R4y
KA, BB Y TERE.

7)EASFN". EASFN J& H i} 25 4 245 4008 o 37 1 7
AT 2% 175 1 A3 A Y.

8) ACN-ESAFN. ACN-ESAFN &2 i ] ACN" 3k Bt
05 A TE . ESAFN"™ 3R By T 90 155 J8% 14 7 7K SR A A

9) UMT-ESAFN. UMT-ESAFN & fii fj UMT!"" 3k
BT AR . ESAFN™ FREU 11 915 B0 i /K 2R A 7.

10) UMAS-AE. UMAS-AE J& ¥ A< 3¢ $2 HY Ay A5 7Y
H g e SRR AR R T AR 3 B OB S 20 A AT
55 W 7 T AR SR U AL

11) UMAS-SC. UMAS-SC 2 ¥ A 3¢ $2 Hi A B A
Hh ) P S AR A RS R R B A R S AT 55 1Y
T3 TG 8% 53 FE AR,

12) UMAS-Pipeline. UMAS-Pipeline 42 #5 it 37 fY
UMAS-AE Fl UMAS-SC £ A 1] 37 7k 2k 77 4 IF 1
AR

13) UMAS: UMAS & A SCHE T i 2 88 5 AR
TR IBORN O T I Ay FE M e — HE SR, 1l 2 A
R RHIERR.

34 EMIER

A S FH RS 6 2R (precision, P) . 43 [ 3 (recall,
R) . F1PFA J7 A 5 42 BOBE AL /) Pk R, DLF fafid b
AE-P, AE-R, AE-FI1; fifi F i # % (accuracy, 4CC) .
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F1 VP15 B4 25 0 PE 6B, 8710 A SC-ACC, SC-F1; i
F FLF 7 118 1O B2 B P R, #7988 AESC-F1,
B4 AN S 5 A T i HRORT A% 2% 15T 00 ] B OE B A g
Sk T IE
35 LWHER
3.5.1  HAERZRBIRIX L

3 MG T A ST B B UMAS 78 SCA 8
W5 A 7R ERE XS L. 7E SCA B 4 Restaurant
2014 I, UMAS [ F1 78 75 1 AR 1B SR B, 5 &5 25 2
DAL S EAB T 24855 88 RACL-GloVe 1)
FUME S ST T 021 AN A 48 s F1 1.9 AN H 40 45, B
7 ThT -1 T 1 4 B3R B Al S I B 1) U B UMAS 7
Y163 PR o Ak 3 ) A DG I 4% 0, TR SCAR S AL B A R
LSS

Table3 Performance Comparison of UMAS-Text and

Existing Methods on Restaurant2014 Dataset
% 3 Restaurant2014 £ & &£ & UMAS-Text

EREFERMEREXTLE %

7%} AE -F1 SC-F1 AESC-F1
CMLA+TCap 81.91 71.32 65.68
DECNN+TCap 82.79 71.77 66.84
MNN 83.05 68.45 63.87
E2E-AESC 83.92 68.38 66.6
DOER 84.63 64.5 68.55
RACL 85.37 74.46 70.67
UMAS-Text 85.58 76.36 70.70

T IR RN R LA R

FAFNFE SIE T UMAS 7 2 BA 48 5 0 A
5 ¥ AE T AR 1 R BBORN 5 T G Ay 25 2 A TFAT S
Y P R X L. 7E 2 B S B4 2B Twitter2015 |,
UMAS 5 24§ 3 4~ J7 Ifi A 35 32 OB R A L, F1{E 4
BT T 2178 N A AL 425 A EH L 015 H
4y s, Ho A BERT i Y1l 25 (4 Jy 17 AR 3 2 BB Y
UMT W& A7 P . J7 1 R i $2 B P{E EL ACN & T

Table 4 Performance Comparison of AE on Twitter2015

Table 5 Performance Comparison of SC on Twitter2015

Dataset

£S5 Twitter2015 £{#E% E SC a3t L %
Y Sc-4CC SC-F1
Res-RAM 71.55 64.68
Res-RAM-TFN 69.91 61.49
Res-MGAN 71.65 63.88
Res-MGAN-TFN 70.3 64.14
MIMN 71.84 65.69
EASFN 73.38 67.37
UMAS (430) 73.48 73.34

T BTN R ALER.

1.99 A~ H 43 o5 SR R A L UMT BEAUIE T 222 M H
O3 X — B E LRI T UMAS A% F UMT ££i7
59l 7 T B 300 SRR N A BT T PAE M R B R T
RAH. TE R 2T 5 b, UMAS WPk #E T Ay
R SELRAERY, LU Y i et ISR ESAFN 9 F1{E 2 &
T 59T ANE L ACCHE T 0.1 N H 43 5.

6 s T UMAS HI 41 280348 Ui K 26 07 1 1Y
PEREXT L. UMAS £ 2 85 45 500 4 b 38 B 1 -1 Ik
XFH) F1AE A 58.05%, 43l = T 8L AT i 7K 2 07 i 2.49
AT G 116 AN 43 A, L R 8RS A O v
9 16.3 £5 F1 16 4%, PRBL T A SCHr #1948 — HE 42 2
A T AL RE.

R THAE T UMAS H1EAT: 55 150 A9 1 Pk R X .
45 R W], UMAS A H T J7 18 AR 15 48 ORI I 4y 28

Table 6 Performance Comparison of AESC on
Twitter2015 Dataset
R 6 Twitter2015 #iEEE £ AESC MHRERTLL
iR AESC-F1/% IBATIE]/s
ACN-ESAFN 55.56 163
UMT-ESAFN 56.89 160
UMAS (A3C) 58.05 10

T IR RN R LA R

Table 7 Comparison of Unified Model and Single-Task

Dataset Model
F 4 Twitter2015 {35 L AE [HEEXTLE % RT H—IERMBEZERNITLL %
fEEAL AE -P AE -R AE -F1 iz AE-P AE-R AE-F1 SC-ACC SC-F1 AESC-F1
VAM 58.10 56.70 57.39 UMAS-AE 7830 80.04 79.16
ACN 79.10 71.17 74.92 UMAS-SC 7126  70.79
UMT 78.50 79.56 79.02 UMAS-Pipeline  78.30 80.04 79.16 7126  70.79  56.76
UMAS (43C) 81.09 77.34 79.17 UMAS (A£30)  81.09 7734 7917 7348 7334 58.05

T TR I as R,

I BTN RS
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BT S5 B, MR A AT — % R BT, FLH 43 5 B T
T 0.01 AN H 4 s5R 2.55 AN 3 a5, O TH R U B 0
ACCHETE T 279 A 43 mi, 16K ACC T T
222N 4 L BRI, UMAS w7 1 AR T8 4R BURY R (8
X F AT 55 T RE T 2.7 A 43 0, X AT RS O 7E
UMAS H 5 T ) 8 AIE 26 7 52 81 715 TR B 1Y) 52 )
L4k, UMAS /) AESC P fiE 5 2 A~ AT 55 BR 3R 19 i 7K
LR AR NS LY, UMAS X 7 T -1 80T £ BUME BB A 1.29
ANE ST S5 BRI TR 2 MR IE RS 2 A
TFAE 5 P RE S THER A A5 B, W 5T 2 MESF
] 7 o SCHE R A T 48 & T T -1 R i Y T
%,

g4, Fs5OERT, W LIE AW EAE
FEHUAT S5 BEAU L ACN I HEBE R T 4.24 N E 45 1,
B IE T 1) P R AE T T AR 1 B A L5 . A
T A 5 T NG SR 2, AR S B 55 1 IR A A
TR A R A A3, i I U ) 7 B B 1 Uk
Oy AT —E WS B
352 {HRLSEE

B4 UMAS 1 7 AR AR,

1)UMAS-no_visual. il B #5853 1E .

2)UMAS-no POS _features. il [ i £ 451 .

3) UMAS-no_opinion. M B 1/ 2% 73 2 485 P v WL A5
AL

4)UMAS-no_self attention. ] [ 175 /8% 4> 2 B b v
1 BRHIE ) A AL

5)UMAS-no_gate_fusion. & 8%/ i e vp FAF
FEAE IR 43 0 11 4% il A5 ML AT o8 Ry T D4 A

6) UMAS-special. H {f f 17 AR B b BL A R AR 5B
3 v AT 1 JERRRAIE , B e =2 SOACARRAE

7)UMAS-share. H {1 B 1f5 B A5 e rp FA AT REAE 3B
A3 Y LT SCARRAE, M B A SRR

2 8 i T AR PRI Y R A 43 1 BRI
FRAE L GRIPERRAE L LSRRI | A AR R Y [ T ML
5 JERABE HRAAT REAE (4 1145 il 5 AL A 195 B A e g 3
EESCAKEAE | A A H )RR R AR, B0 E T 45 3 4
FEFEMIVERL. T 2 B Z A TE S8 L=, i
PA— A A5 5 1 25 44 1 AS AR AU ) [ B il L 2 i
T3 — AR 28I L AT RS LATHIX R T
AR 5 AE XoF T A 37 R BRI RS S o A A A 1
MPERESR TH, F1AE 43 & T+ 1 2.45 4@ 43 5 R 2.07
AN G 5 A B B e v 1 O A )RR R T R
T R PERE AR AR T T 2.61 AN 43 a5 1 B
iy A AL R A RE A 2.83 AN A ALY

PETF. I AL FA RRAE AR B TR Rl A L, R
BT 5 T A T T () R, 2 R T R AE AR
B 0 T B, R A 2 FLARTE T 3.59 AN E 4 A,
AESC MEREFETF T 2.35 /> 43 a5 MR 4 % 8 )5 3 17
(5 5, T LU 7R I 8% A3 AR B e (1 FA A R AIE 35
3 B 0 FH G SRR A SRR R AR A SRR BB AN A,

X T A R R A A

Table 8 Results of Ablation Experiment
RS HEIKWER %

o

il AE-P AE-R AE-F1 SC-ACC SC-F1 AESC-F1

UMAS-no_visual 77.67 7580 76.72 7126 71.27  54.76
UMAS-no POS features 76.59 77.63 77.11 7126 70.73  54.69

UMAS-no_opinion ~ 75.16 79.36 77.20 73.00 72.28  55.44
UMAS-no_self attention 75.87 79.46 77.63 7136 70.51 5577

UMAS-no_gate_fusion 75.30 78.78 77.02 71.26 69.75  55.70

UMAS-special 76.46 77.05 76.75 7136 71.36  54.76
UMAS-share 75.44 7878 77.08 6827 6791 5255
UMAS (43C) 81.09 77.34 79.17 73.48 73.34  58.05

T BTN RS

353 AL

R T U B AR B AR A RRAE R 4 AN R e B
AN [R50, A5 AT 1 AR SC I TR AR 43 . Ok,
75 B B 0 FAAT FEAE AT LAAT 3 6 56« A5G J A
PR SCAS Gt Bt £ i o 1) R I R | R SOR
o B 2 oA R SO ROR | REA T R GR s At =
AR R W RS FRAE. O T 5 (R BEHT, 43X 3 R RRAE
Xt ) AR Y 52 5 UMAS-special, UMAS-share, UMAS-
combine. & 9 LI T & 3. & 4 W My geit & & L.

B3 o 7RG AL A R IR RO 4 SR 1
J&, fF AE 5, UMAS-combine T lll I f§ H. UMAS-
special T I 45 15 /9 £ 2 4 128, 117 UMAS-combine i
45 1% H. UMAS-special 150l 1E ) 19 %y 99, 15
UMAS-combine X UMAS-special [ 2] 1F g f1 T 58 T
UMAS-special X} UMAS-combine FJ241FRE /], Bl UMAS-
combine A5 Y i P BE A0 . a3 1A 3 H A B4 Y
XF Ee 43 A, AT LA & BTG 18 2 R D7 TR 7 2 BUA 2 1
J& 43 25, UMAS-combine 1) P 8 &L J& 22 38 T UMAS-
special il UMAS-share. ik, 7815 185> JEBHL, UMAS-
special T M 1E #ffy i UMAS-share 7 ] £ 1% 19 50 & hy
83, 1M UMAS-share Tl 1F # 7 UMAS-special i Il 4
WA 53, MR T R IE B R AR RN e S R AR X
15 A e PE RE RO Rl Bk, 6] 4 7R T R A 15 AR 1IE
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Table 9 Instruction of Statistics

®9 HitEIA

EENIPOE

geit

Bi

combine_true special wrong
combine wrong_special true
combine_true share wrong

combine_wrong_share_true

UMAS-combine Fiiilll IERfii UMAS-special Tiill4ix a5

UMAS-combine TRilI4%i5 i UMAS-special Tl iF i A9 85t .

1ABLT UMAS-combine %I UMAS-special 2] IERE ).

UMAS-combine Tl iF i i UMAS-share Tl 415 4 5 i

UMAS-combine Tl 455 1] UMAS-share T 1E & 195

special _contribution

share_contribution

UMAS-share Tl 415 UMAS-special 7 1F i %R
UMAS-special Tl 4515 i UMAS-share Tl 1E#ff 1485w

PREL T UMAS-special A4 DTk

61.03%

38.97%

[0 special_contribution [ share contribution

Fig. 4 Different representations contribute to sentiment
classification

[ 4 KRR 5Tk
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o
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w

NONNRNNNAN
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o0
S

82 182 83

80
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40 1
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FEA B

24 26

AE SC
itk
A Combine_true_special_wrong C—1Combine_ wrong_special_true

£==1 Combine_true share wrong [ Combine wrong share true
3 Special contribution = Share contribution

Fig.3 Result comparison of different sentiment private
features

P3[R AL R AE A 25 R0 b

TP e 2 A X175 TR R ) AN [ BT R R, A 1R R
i 19 5T MK 2979 60%, 3 5 HF AR (1Y 5T Rk AR JE 29
40%.

L LR TR R A R A AN L T SO R AR
Fr ol A Bl 9 6 B, LR JRURR AR X 5 T 2 1
ST 2R B TR PR L R, A BEI T Oy T R I R
YRR 5 0 1 O 28 2 AT 55 Z e R AT B AR A IX
B, BREHIE 2 ML 55 Z ML B R R, XEFE %
JEAT 55 A B (O RFAIE.

4 RES5ERE

h T ok HRG AESC AT 55 MKk Ik IR, A
SCHE T 22 AR T AR R IBOR TN R A 2
4 —HEJ UMAS. 1Z 58— HE4Lffi F 3 N L= 4 i %,
B SCAS | IR L 1)1 G B 2 ) 2 T T AR o i USSR
FE AT PR 2 1 2 SRR R A e 1% 3 SRR A
LR A AS A A5 A8 7 I ik e op 2 20 31 2 ME 55 2 10
F 8 SCIE 2, T L 8 Ak T R TR, 1% 48— HE R fig
FEAT AT 2 A FAT 55, R g b ) 7P i 24
T K XoF IO 1) 15 SR, A e T T K R T TR RCRAIR
(14 [ . 0 A, AR SC 3 3 ) A v 2R BCRR ] A 1)
FEAE I 22 3k B B AL R IR PERRAE , B 058 R
SCAEAE | )RR AE Fil 5 AR A T T R T 4 IR R
25 s A, ST T J7 i AR B B EUR PR RE . 7R B
B, AR SO ) R A R O ) 7 R
A3 AT HR B Tt 3 8 R A5 3 A AN R O R B
BBULHR TR B 28 M BB AR SO 1 g — HE 4R
TE Twitter20151 Restaurant2014 % 2 M348 45 | AH L
T A SE R AT AIERAT R AT R I

Ffi % transformer, BERT %55 R B AWt & &, 1E K
K B F T AT L2 SECKS TIN5 AR i A B AR AR 7Y
LR AR B A (R AR RO

EEZREBERE: AR T LA XERFEE B
SGREFRBETEBRFEF A TR ER; R,
THRE KER B FENLFISGRKE L.
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