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Tobacco Interrogative Intent Recognition Based on SBERT — Attention - LDA
and ML -~ LSTM Feature Fusion

ZHU Bo' LI Kui' OQIU Lan' LI Bo’

(1. Faculty of Mechanical and Elecirical Engineering, Kunming University of Science and Technology, Kunming 650504, China
2. Faculty of Mechanical and Electrical Engineering, Wuhan Engineering University, Wuhan 430205, China)

Abstract; Aiming at the problems of feature sparsity, terminology and difficulty in capturing semantic
associations within the text in question intention recognition in the tobacco domain, a feature fusion
method based on sentence-bidirectional encoder representational from transformers — Attention mechanism —
latent dirichlet allocation (SBERT — Attention — LDA) and multi layers — long short term memory ( ML —
LSTM) feature fusion was proposed. The method first dynamically encoded the tobacco question based on
the SBERT pre-training model combined with the Attention mechanism and converted it into semantic-rich
feature vectors, and at the same time, the topic vector of the question was modelled by using the LDA
model to capture the topic information in the question; and then the joint feature representation with more
complete and accurate question semantics was obtained by using the modified model-level ML — LSTM
feature fusion method; and then the three-layer LSTM and ML — LSTM feature fusion method was used to
identify the intention of the question. Then a 3-channel convolutional neural network (CNN) was used to
extract the hidden features in the hybrid semantic representation of the question and fed them into the
fully connected layer and Softmax function to achieve the classification of the question intent. Compared
with the enhanced representation through knowledge integration and embedding ( BERT and ERNIE)
CNN models, the improvement was obvious (the F1 values were improved by 2. 07 percentage points and
2. 88 percentage points, respectively) , which supported the construction of the Q&A system for tobacco
websites.
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HE A Gl 1 1) ) e PRl SR S A M 248 3 4 458 X
NFoRE AT 3 218 CNN B ERAE
27 ) P AR B | A2 Y AT R SRR AR AFIEE

25 B/ % FHIREB SR AN RS AR 51 i) 7 51
JHFCFPIFN SRR 2 681 JHEA Tl HPAEFE— 20 5 R 22 TR A VE RN ¢ TR/ ATl FEAE/ S Z 18]/ B Ve B
I B A5 5 f R 3911 2 o] A2k 388 DR AR 1T 5 1A 1 5 A 39 1 2 G 2 RO/ /5 S B A/ R 9 7 2 R
TR S SRR 1216 JH ) R S B PR IE JHE /il v/ B /TR /AR
A 7 0 T 3068 Tl A7 92 10 0% R AL 2 BEAT/ 1 /T 4/ Wk
TRCHR 5l B R 3097 AT DA EA ORI 2 > SF Al Bl ey 2 PEAT/ TR/ 4520 /5 Bl / 7R
TR ATl B 2814 TCA 3R el P4 7 O i 1k 8/ OB/ VRA
T T 5 5 257 2925 P T BE N A 2 Bk A BB MR AN AT T A B/ Alh 2B/ Rk R B
RSB AR 2436 HL A P 5 FH 2 6 AR I SR8 R 87 A 5 i 7 HL T N/ G2 R G/ T/ R
I B A 1] 3094 R (1 A A 3 R b B A T H T 1 KN A/ i R/ T B/ AT/ L W
TR 4328 1) 2258 DA a7 SR S LN W o ol b1 s VAT S K Ve S W1 s g Rl




276 P

b BB R

2024 4F

NE FHERLA R ZRNEERZ 2802, i 2 fr
TR HE, K SCRITIIE N T FIHC Bk
SEMH 50, B EIET 50 AN, xF K BE/N T 50 10 3C
A FHARR 45 < PAD” B SCAR KA 57, HOR,
1 LDA #4482 g 4 A r) ) R o —
] Sk, o FH RSO 336 SCRARZE (TF — IDF) ik i3
i, PR E A 1 TR 4SRRI 25 LDA il i %A%
AR 8 TR 8 A RER DL S A4 n) A1)
A ) AR AR, KRR ) A], LDA B2
25 L R A A, 20 oI 455 B SBERT A5
AUl I 2509 R S0 U5 Bk AR B 19 512
O B AT [ B 3 BEARAE 1) AR T )T 2 1A I
SO . SR, (3 Attention T8 45 4 FE A AL
o, 20/0) ) gt v AR A A B R YA [R) A L A5 3
— MR T SO SRR SEAT INA A T AE R | 4 T
HA) 2R, AR5 8 o B UE RO R R R R B A
(ML~ LSTM) 515 A T Ry 5e 8 MERf [n) A1l
AR AR R R, R, A 1% AN W] KN [A]
Bom BB, 2l B AL ik PHE SRS
ARG RN T Y BEEURAAIE . fe e, A AR AL
2 ) 3 W RRAE S 08 2 2 8] A i B G R S ) )
FEIBRZE B T
| PR |

Softmax

%
| BatchNorm+ReLLU |

| MaxPool |
| * |

Concat

LREERZR |

HHERA |

HE TR |

XAAZ

K2 RIAIER
Fig.2 Model framework

2.1 SBERT {REUE X4FEO =

Sentence — BERT ( SBERT) 12 J& 3 3% %1 H 4b 3
SCISEAE 2019 45 T e BERT A= pl ) 4] 1) 18 AN

AT TS8R - ARBLRE [ R B2 L 1% /) o) £ B0
B, SBERT 3P & Xt BERT I 45 7 sk AT T 2k
P, 1d Siamese and Triplet Network ( Z5 4 ] £ 1 =
PG 2% ) BB AL 288, 51 A Pooling $#AE AL
ER WA F A, B 3 BT R 128 A W 2% rh
SBERT H[F]—~> BERT %} 2 4~#i A 4] ( Sentence
A Fl Sentence B) A7 4wt , i i Ak 5 45 21 A) 1 [n)
ou My FFEEN v WA EZE u -y flu v i
AT PR IE T LI A EE 45 %, B i Softmax iz 54 4T
432¢. SBERT AEHE HE 47 bl $241) 7 A1 1 O 3R, 4RI
EA 8 SRR /) 1) 3

| |
1 5
| Pooling | | Pooling |
5 5
[ serr | [ Berr |
Sentence A Semeﬁoe B

3 SBERT (%732 HAR R AL

Fig.3 Classification objective function of SBERT

SBERT 2k | 3 Tl A [w] i) 3t £, 55 W o A i ] -+
3R 7N , Mean pooling ( 341 {E it Ak ) #1419 1
{ELIA] d A 2R A1) 5 1 2R 78 5 Max pooling (45 Rt fk)
RPe 5 > 2 B b 0 fe KA, 15 B AS ) 1 3R
718 3 CLS pooling ( CLS Ak ) i IR AL b [ CLS ] #id
() BECR SAE A F Ry KRR, LI A5 R WK, 7E
TCW BT A5 0) F ) it A 4 19 J7 2002 MEAN
g

23 I 2k 5 AL RS Self — Attention 1
ATACER R A T AN W27 > T8, % 51 B4R AR AR S T~
R PAER 3o S ] 38 2o 2% ) 19 B (AR R G 5
ATCRENEEIATE], WMATFI Y=Y, Y,

Y, | AEIERES W, W, W, fi AJTER A
] i ) TR AR

Qi :W()Yi (1>
K, =W,Y, (2)
V.=W)Y, (3)

L QK . Vi—4 i NIoTR AW i B
{ELI)

XFE—X LR Y, MY, HE - EE ROk
FORY, MY WIEBENBRE, EEANSES, HE
YN W)

0.'K.

T (4)

S.(Q:,K,) =

K o, ——H ) YERE
K,—"55 r DIUR B ]



5

AU 4. BT SBERT — Attention — LDA 5 ML — LSTM 424 Fill 25 1% 4 2. 151 /) 25 PR R ) Oy v 277

i3 Softmax PRELHTIT B 1 /- B 0 ~ 1 ZIEI Y
Bofe, A 1 RS B ARG w, A

w, = SoftmaxS, (Q,,K,) (5)

BRE R RS TC R AR ) o HO B A R
PN AR L TH A AR i S W

Z, = 2 w; V, (6)
K Z—5 i DNITRWE R
w,——NE  S0LE r Z R R ITAGE
V,—55 r DITR W E ]
XA F R 2H A A B3] ) i 2R B — BT Y
N SO DG Ry T ] oA A B G b B A A 1 7
BAR TR SO i S d e B ax st ) PR E— R
e R4 Wt Z,Z iHEACh
Z =W,Contact(Y,,Y,,--,Y,) (7)
X W, —Har A
PR
Contact PHELTFRANE 4 R,

Contact

K4 F:F Attention AL EE T BT

Fig.4 Attention-based weight updates

2.2 LDA REUERET @mE

X W AE 2k ) 52 ER 43 A ( Latent  dirichlet
allocation, LDA) 3k B[] 7] SCAS (1) 3= B0RRAE ] 5
LDA A5 7 g 1 MK f (9 SCAS B vl B 32 R
I, 5 BB SCAS (8 PN 25 RIS S W SCAS B s e 4ty
VAR A IRAEARIEFR > SR, P T ) S AR
FA LT UFEARR SURBE A = SERE , 15
SCASTE SCRY 2 T8 B4 1 3 S T S 77 s i P A e i )
AL, DRI, AT B R S RS RR 1 FH T SCAR 3 AR
AE, MIA SR SBERT 5 LDA #HZSE 4, BN A
SCAR) - J2 T T SCAH OGP L, T8 47 by 3L i A [)
TEBE T R R () ) SCAR R 1 SCRRAIE B v 2 A1) 2 B
P S HOREFE R 3 AR HEFE

LDA FERIA 57 |2 —Fh DL S R AR A SR
BERAG TR AR B SCAS | A6 A R SRS — 32 3] 43 A
ZJa AR AR &, (] LDA BRI

AR F) SR~ R (p (21d)) | F R 17 53 A
(p(wlz)) SRIG H A TR BB B K 4T H 1Y
A, AR 3T 0 — AR S
_ plwlz)

014%,,[ - H (8>
2 p(w)lz)
Reft 6, ——ia i 4R F kR
p(w;lz,) F ¢ e AN TRI AR

I (8) THEA A B AR AN T 7 J T B — AL
45 i ) i ORI R B v, R

Vlopic, = z Gw[,ivml 9)
A v, ——inl i X507 A [

LDA iR 515 3] 5 — T A 328 5 18] 30 1Y)
MERFRIR W SUAR PR J5 2 AL SCATE 10 4~
AR Y 10 dE ) i
2.3 ML - LSTM #EE F45HEm &

SBERT #2HUH HA N S0 A B FRE 1]
B 20 BA RIG RGN Self — Attention L H 3
2 2 AN RV BERRAE 22 1) 9 R DG 1 A v i
SRR B0 T JC R AR AR, 4R 48 i A %L
P AN ) e A B A TR 3, 15 21 T A 3 SCRRIEAS
B HIFER LDA 32 B AL B ) - ] 5t I
B HMEAI A b R P& R o AV AE R AE .
K5 B, R 2 )2 W 48 4540 12 2 42 BUR i 42 AR [)
REFRIE 5 & 1T 308 UE B RHE 5 B E
HEATRLG PR SRR IR BE T

| ML-LSTMAFF Bl |

Self-Attention \

[EFoawEns| | capEa R |
! Position
B _spiiins |

| Token Embeddings |
-

|

I

|

LLL-1-4

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

LDA == i )

B S REERLA AR

Fig.5 Feature fusion flowchart
I ML — LSTM #5258 Gl & 75 vk K R A5 15 SLFE
TUEFN 5 AR AE (B A AR IE R R ML -~ LSTM 4%
L2 M LE 5 545 50 LSTM B AUAE 25 & il ad 58
G35 TEAE TR Z A OC R AR 2% 2] i B A UK [R) R

FRIERLG R, RGOSRl 6 Fs
W22 3d Self — Attention AL B B AN Ji5 AR A5 #Y
HAERA Y 512 ZETE SURRIE [ s A RIS 1 )2 LSTM



278 P

b BB R

2024 4F

FRATRPAE i)

E S R

R s o s | S
| | | ] | |1 |
G LDA J= GAFIE [m) 2
PR s s | 4 e [ HE L
L1 I I I 2 10
I S x

TR HE R | 5124

) F 2l R R AEE
R IR B FE S

SBERTI MARHE ] & 5124
El6 FFFRmlE R
Fig.6  Generation process of joint feature

(Layerl [ = R 64 4E) 153 B%ﬁ)%’#j(?i\,%}ﬁ%
10 ZE ) FRBARFAE W) 2 5 Layerl B2 RS PFE
153 74 Y e, P4 AR 2 J2 LSTM( Layer2 Bk
JZh 512 4E) 153 512 4EE SR IER R
2.4 ETFERE CNN H4FEE S S5

SBERT 4[] 5t 5 LDA F8im atalh & )5 , 15 3 5
AWARE DA IRLER R PR ] 3 Jl 18 CNN A
25 24 20 e 4 B 42 5 1) 14 TR 2 UK BRI RR AIE
He A Z BRZE A Z i 2 A,
2.4.1 AR

[F) /) 3 L 2% ) TR S 8Y ) 5L F SBERT — LDA
FHIERLG R ANR G118 LM Vger, o NI
RATE XA T EEE R (UK I S i) 4 Jm 18
SUFEE) 55T SBERT Wy [ A AR 0] & (454 B F
EXAER) o
2.4.2 ZNUZEHRZ

£ RUZ (Convolutional layer) I #2HUR 518 L&
7 5 AR DG A AS TR BE /N T8 SCRRIETR B
AR SCER X5 R R 40 R [R] 41)  E L, 2% Inception V1
HRUB BT i AR, BT T N 7 B R B Text
Inception £ PRI 145 #4380 1 AN [R] RUBE 19 46 B
] )] oA ) RUBE B A5 R, B 86 22 RUBE R AIE
AT DR AR5 7] ) TR G T L3R v Bl 1) R A
Text Inception 7 3 /45 FLid 1 Fl 3 AP R~ 195 1
¥, KN 8 1 x 512 3 x512.5 x 512, 5@ 5
GRRLBASZ BF AR A5 B KRB B RRAE . o,
BN ERUEEARG 1 ANEFEE R 25
L LB IR R G BT e S 315 R R 58 2 18
PUBIEE E N 2 BB, KRR IRZE R 2 R ¥ w2
FEAE , 378 Hod i A BatchNorm ™ 1 ReLU™ e il
A P AR . Text Inception FRE 1 BT A
GRERERE N 1;58 1 BESERERT 1 x
512,80} 256, padding M 0% 2 BB 1 )25
FUERST R 3 x 512, 86t 256, padding 47 1, 5 2

JZERRR ST R 5 x 512, %0i N 256, padding h 2
55 3 I B R RT3 x 512,504 256, padding
1, B3 AN TE E R RRAE PR A — A T s — A
768 Y1) A)

| MaxPool |

T

| Concat |

| mawEar |
K73 2 AR
Fig.7 3-layer channel convolution module

2.4.3 k)2

WAL JZ (Pooling layer ) 38 158 X 4y A ¢ AiE & A 1)
Jr AR IX 34T AL ( Pooling ) #AF | A 4 B e i 25
(AR I B AT 2 (R 4
2.4.4 SRR RN KA

TEGN Z )2 WAL S i 4% 42 2 (Fully
connected layer) #E1TFFAE PFEE , HMs PFEE IS 10 FR1E
[i] g BB 380 4 22 0, 538 5 Softmax PR EICKE 1% FR1E
et AN [R) B I A AR

1x512

3x512
Conv

Conv

Fh gy = 2P (10)
2 exp(hy)
RIS crRy e
q [7] /]

w—— ARS8

k——25hR 2%

h——H5E A 4 B2 R iE

n—BEUBUZ AR AR

RREHY SR A2 SUIR A 2% R BT 5 1 2 451 G A, il

it R AL R AT EARIN 25, deJm AT A 38 A T
i BE Ak B k) ( Adaptive moment estimation ,
Adam) HEATIUAL UK ME LB AN

| D
L:_NZ ;yijlneij (11)

N -y S e
N— IS O RE A
p— I

T ) ) P

3 KWEERSW

3.1 KIEIE
SCU BOREE IR AN R R AE RGN 64 i

e i



5

AU 4. BT SBERT — Attention — LDA 5 ML — LSTM 424 Fill 25 1% 4 2. 151 /) 25 PR R ) Oy v 279

Windows 10 ZKEERR , AL HEEF A AMD Ryzen 7 5800U ,
8 MYIHAZ LA 16 ANEAR T T IFAT AL AR 55, 3
HERT BP0 1. 9 GHz, B T 42T+ 2 4. 4 GHz, i
HIEE A Python 3.9, SBERT &% 3 5% A7 Pytorch
3.9,LDA #BIFEE R Ubuntu 16. 04,
3.2 EEEIFEMIEERR

J5 7 %R AYEE T SBERT — Attention — LDA 4%
EFl -G B T ) 2 BP0 O v B Ve R A T 2 I PE A
LRG0 K ( Precision, P) 43 ( Recall, R) .FI
{H (F1 score) fEAPEANFERR
3.3 HELXIe

T SBERT — Attention — LDA 5 £ )2 LSTM
FRIERLG A1) m) 2 R A4 5 2 M IH R &R,
BRI IERL A 45 5 3 Il CNN e Mg ahf, R
TR UEAS SCRERY A AT A5CPE T Tl S 56 7 0 e [R] ) R
PEAE DA HE 4 A RIS 4 AR 7 A 5 n) R 4
PR by Il ) 2 BRI SE IR 45 SRk 2 s,

x2 HMIEAR

Tab.2 Lesion experiment results %

ey Kighr  HEE FIE

SBERT — LDA 92.34 91.90 92.12
CNN 92.76 92. 66 92.71
SBERT — Attention — LDA 93.42 92. 54 92.97

SBERT — Attention — LDA —CNN  94. 81 94.36 94.58

tH 2% 2 7] J1, SBERT — Attention — LDA — CNN
(I UHERR 38R 94. 81% , 43 A7t AT 1, 4 199 4 | 2 aok A
HOAN [) 2 U0 B 5 A R R AT S JBOAL B 53 2 HE
JEAR PRI H A BB R BOR . AR
AW RFEAR BT AT A B, AL 5 S
F 73 SUER BEAN T S B . 240 AN ) J2 Y R A A
ST L BT AR5 S 4 2K R B R A
HER 4 JF Bk 3] 1 RS BE . 7 UL, A SCIR) ) 2
PRI v (1 22 RUBE CININ i 8 I 265 245 4 FRF I
il 25 A B T, YR B IR B R L 2 R AR, R
R AL R R R A IR E € TR W P S 1]
JEA BEIR B
3.4 XfEESRIE

B AUEAR SO B A R0 7R 7] — SEER BB T
VEPEZ MR EAT X L SE8G, 1 Al ORx FE i
PE R RELIEAT TS BUB e, BRI

(1) BERT : R HEE TR U0 A AR 900 TR &
Gty , 75 BERT AR (1) I e — 4> G 1 85 J2 19 i i |
42 R V- b A 8 2 BT SR Re LU A H 41
W ) 28 P 72 3 A i o 2R b 4 1 o0 8K, e )l o
Softmax PREGHAT/E,

(2) TextCNN : £ Ht 1) SCAR R 2RI 0 | 9250

KH Word2vec 1E Ky i) 1] & 7w 1) 4], R H RS
(2,3,4) WG TZHEAT R ER AR IR

(3)LDA — CNN - Attention: {i F§ LDA &I}
o 3] A ) R R A N, T R S TR SR
FARGE(3,4,5) B9 BRI AT Jr AR AE 42 B, 3 o
EFEFEZH Softmax JZSZ PR 4] 432

(4)ERNIE — CNN: #% %1 >R F| ERNIE X [7] &) 1
Fril mtty SR e A RS (2,3,4) i9& Bt
TR R AR FE I, i ) Adam fRAL AR TR AL,
A RWCE N 0. 001,

(5)Bi—GRU — Attention : % 2 JZ Bi — GRU H]
PRI ) ek AR AR BE T, 15 ¥ Dropout 250K
0.3, $2 BB ARG 00 G XU, SR 3d o T 2 I Pl
K 2 A T3 ] F RS AT AR

(6) Self — Attention ; Self — Attention & 7 H1 454>
1) 5 3CA b T A 1A 4 AT Attention THERDR A R
TE B 5% 22, ffi ] 2 /2 Self — Attention, Dropout %
WE 0.3,

3.5 IRERSEM
3.5.1 A AR A

TR 50T LU 6 FEIRITEYI SRR kAT
Yk, TR pg)ll itk & K/ (batch_size) 24 32,
M TE I (epoch) 24 14 B B 1A a8 15
1Rk, H A A5 Y o 3 LUAH ] 59 Y1 24t & i2E 47 1
G TR I AL I, 22 B A e B e 1k
Ik, PR IIZRAS A 2RI FE AR 5 B 45
LEORE R A R A8 A 1R FL(E, AR 3 R,

®3 FREFEMEEZEER

Tab.3 Comparison of experiment results using

seven different methods %

L] WE R FLE
BERT 92.22 92.55 92.51
TextCNN 90. 20 90. 35 90. 25
LDA — CNN — Attention 89. 54 87. 65 88. 62
ERNIE — CNN 92.32 91.90 91.70
Bi — GRU — Attention 86. 56 86. 08 86. 33
Self — Attention 90. 13 89. 26 89. 68
AR SR 94. 81 94. 36 94. 58
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Tab.4 Training and testing response time

e YIgRmtfEl/s M/ S0
BERT 6156.28 15.22  1.1624 x 108
TextCNN 161. 90 2.30  3.3217x10°
LDA — CNN - Attention 201. 07 5.35  3.8723x107
ERNIE — CNN 6631.16 18.77  1.2803 x10°
Bi — GRU — Attention 213.54 4.39  3.1976 x10’
Self — Attention 156. 12 2.08  2.1377 x107
AR S 6918.93 20.62  1.3325 x10°
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Fig.8 Comparison of F1 score of seven kinds of models

for different types of question classification
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