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Abstract: Mobile phone text messaging has become an increasingly important means of daily. communication, so the
identification of spam messages has importantly practical significance. A self-attention-based Bi-LSTM neural network
model combined with TFIDF is proposed for this purpose. The model first inputs‘!the short message to the Bi-LSTM layer
in a vector manner, after feature extraction and combining the information-of TFIDF and self-attention layers, the final
feature vector is obtained. Finally, the feature vector is classified b}} the Softmax classifier to obtain the classification
result. The experimental results show, compared with the traditional classification model, the self-attention-based Bi-
LSTM model combined with TFIDF improves the accuracy of text recognition by 2.1%—4.6%, and the running time is
reduced by 0.6 s—10.2 s. .
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21 A POk, FHUH P ASBrE I, K2 & ae Tl
(R FH BRI BR 22, AATT AT DA 3 45 bR e v 2% 11 3R B
5, AELRE 2 T R ) S B SRS 2 i, B RS AN
AR We B ATT IR 1 LA AR DG, B B b
TG k™ B 2 el f, R 2 AL il b
P RAESRBAH P IFRANGE B, fEERIH PR R 4.
I, B AEAE B A B IS L YR B R
B AT EEA R IFRE B AN FHL 22
() BF I, [ EF 12 R FE S IR, BRI Sk B K
IR R,

A F 5 A5 TR 1 07 v ARG BT R
44 B 70, B T i O vE AN TS A T
PO FE 3 R, BTEE RO VE BN TR SRR %R
EREE CRNEAL I S IRS RS S SR EPUP IS AL
HI T 3= Sl n i Bl & A IR H GRS, R G 3 2
R PR 14 2 M R A 13 AL, B
R4 FHAR TR RS

SCARGR KR LN TR R € 17 28 R Gk
HARUE E B FOCAR, Bl A IR 2 ST A ARIE S T
Aab PSR S, RE O T A% G IR SOAR A R R AN AN 2R
DU B, SCRp I EMLEEN O, VR S I SR A 2 13k
BT ANHRERIZER. HArKMERIC1ZM % (Long Short-
Term Memory, LSTM) CL48) 12 B FH7E SCA 7 28 BL ],
515 LM 4% (Recurrent Neural Network, RNN) #H
Et, LSTM MIZR A T HeikFa sl o, RIEIE & T4
PRI 2R, ARGF I fif TR T RINN PRI P2 90 2K Bl
T FEE R P 1) 8L, ] DA S A AR I SO AR 1) 4 SRR AIE A B

DL LSTM [ 25 S Al iRy X ) i 24 40 28 X 4% (Bidlirectional. |

LSTM, Bi-LSTM) [ %452 i1 A B (] LSTM A [f1) Ji5 1
LSTM 217", 74038 30 5325 b T T LSE AF F 2
X ) SRS, g ] Tl ) f g 52, AT 3 5
e NS & S

R 5 AR T N 0 O, PR R
77 (attention) HL#I", H AT Attention HLH| E.28 5] A F|
ARG & TRACERATR! 7, 5 5 9 B A H AR X,
A E A R BT IR IR 00 T OCVE B AT .. Attention
ML 38 5 45 & S iR AY (encoder-decoder) #R 744 F, 7
R st )iz, BIbE fE I 2 R 2 i i A2
JE, WnH 7= 77 (self-attention) AL

FRAE LA B A SR Y — M 45 & TFIDF H self-
attention-based Bi-LSTM & M 28 B AL, &4k, fi
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Word2Vec!"™ > 44 46 {5 S0 A b P R i) 1H) B 3, B R 15
FH Bi-LSTM 7% 6 471 [ 88 T 28 106 135 S AR (O HHAEE £
BRI, B2 5N 9 R, JE45 & TFIDF 4
R Sk F SR AT IR, S5 K 0 R e B A
Softmax 433K SS A F 4 25 B %A AL AL 5 75 50 R
FE b S0 03 S5 SR AT 45 03 S0 AU B, 36 R e
512 SCASHEAT 4 2B 4 o S IR A4 1 T B B AT
S B F A 4RI, 5 ok A E 9 R ML
TFIDF #8ff) Bi-LSTM #RAH bl, R 57 ¢ 6 45 A
A A S 1 4 S 2R T B, B A, SE 4T R TR
S AT K IR T, LR SRR SIA F T 90.1%,
T A 5B 7190:5%, Bl EIEH] T 90.2%, B %55
E 513 S0 A b BN LA T AT 0 49 2R 10, RIE A
Sz 2 SR S 5 U R B K/ P R 3 2 Lok
B, B GA LR T H AR AR, % B A e T H A B
o T /b (1 25 KU 3 T DA e v R L S
75 BIGF T 454 TFIDF | self-attention-based Bi-LSTM
2 P R 0 T A A

SO L FE TR T

(1) ¥ Bi-LSTM # R iz FH 2143 3 5615 IR vh, B
AT LR PR 3ot 25 B0 125 S5t T AR KR 13

(2) ¥ 7% EHLEIR TFIDF BAUARZE &, t— 5
05 PRI O RLER, T ) KRR

(3) 7& BI-LSTM #%! t 3] il (3L ML) F1 TFIDF
BT i — 45 SRR SO AR B8 SR e A B ) R
A Rl |

1 Ry

K454 TFIDF HJ self-attention-based Bi-LSTM
PR X 2% i RS R Gn 1) 1 BT, AR 5 3] ) R AN
2, Bi-LSTM W4 )2, 454 TFIDF W HERZ,
Softmax JZ. 1AL FE 32 B2 A A SCAR DLA] ) &2 1) 77 20
fi\ZF| Bi-LSTM JZ, &1 FHEFRIUIF45 & TFIDF Al H
T A R BT SR AT 5 S FRREAE ) =,
JEiEIE Softmax 73 FS X B 28 RHIE ) B 3EAT 73 2B
M4SN RS SR R R
1.1 RNN &I

RNN BEACHE 771 1] 1, o vrfE R AL, B b
— Z18 B85 TR0 B M mT v E RN R s, AT SR
TeEE BTN EEITIEE, T BBOES
X, — BB S B S, RNN A I 45 04, i —
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A tanh J2. BAARIZATIEFE SR ¢ 205N 40015 B, 9F
PR LR A B0, 25t A 1530 ¢ 20 %y,
I BB 2 BT B ZI 38 415 B A% 3 8~ — % ¢+1, RNN
sk 2 Fros.

Softmax JZ

o]

—————————————— T

454 TFIDF [f)
Self-attention 2 |

Self-attention

K1 454 TFIDF ) self-attention-based Bi-LSTM #% %Y

K2 RNN 454

1.2 LSTM &%

78 RNN R e (14— 5% SR TR T A 0 A\ 13
B TR RUR IR AR AR, R A5 R A B AL
IR 3 8, - BER K (955 ) T, RNN R D
A T 22 0 5 2 MA T 7040 T TR A 0 45
TS, P EFE RNN BRSO JEAE |, LT LSTM.
LSTM J2& — Fif B (e R0 22 9 24, T L2 1 0k
WU, S MR SE R RNN 25 H A ), TR o 1
Pe A S5 EIME AkLE, £ 7 — AT Cell, HBE
T (5 R T P, ATV 7 RNN 3 FOH5 B
SRR B M 9 ) R LSTM 45 4 7 40 25 60 95
N1 iy, BUSTf,, i T To AT Cell ARAS HE T 1) e, 55350
5y, LSTM Z5#4n & 3 prs.

A,

O

>
%
[o]

3 LSTM &5y

(1) BTS2 il Rins, HitEa
KR . ] -

= (WU x +by) ()

S W 53 2 D A L A 5 )
MR LA, o i B8 2, b FE S 05 8, B 24
WOV Cell ST A5 KL, x 16 PR 0 T HRAR 24 T A
[R5 R D RS 1 S 13, o — I %
FEH e AR 220 50 A A BB K, L
WO R —E 0 B 1 Z I, 0 FRsE i
95, 1 FoR5EA R, FIN, 4K B AR BRI 0 2
LI, R PR B DR B, 0 FoR e
L3, | o s R

(2) T i AT 40 G B AN, 02 A4 B
Bt BRI Cell o, S A s 623, 2k,
Sigmoid JZ i1 AT 1 /2 4 U S8 BB 11, $ 07
tanh /2 £ 37 /M 0 ke (60 G, 7EKAR T N
AL S N AR RS B4 6T ) Cell IR, €y B
HNG,, Hil FAR T

ir = (W [h1, %]+ b)) 2
C’, = tanh(W¢ - [h;—1, %] + bc) 3)
Cr=ft*ct—l+it*ét 4

Horr, Wi b 23 2B N 1T HOALEE, tanh 430 BR 2R
(3) i tE T R LA B T A, e )
Je B3 SRR SR b, RIET BOAE B SR E B, A5 1
A4y, Bk, BT — Sigmoid Z, EEH T E
Cell PR BB H8 70K A H 1 25, K Cell IR E L
—™ tanh JZH#ATAL I, 58] —ANE-1 B 1 ZH1E,
FIXAME e LA Sigmoid I )%, 5 fE AR AR A
it S By, Fat S A an R
0r = 0(Wo - [h-1,x] + b,) (5)
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h; = o, xtanh (C;) (6)

o, W, Flb, 23 5l 32 7 N 11 R ASL 6 6 B2 RO A N 11 1)
i BB
1.3 Bi-LSTM #Z%!

Bi-LSTM /2 X} LSTM (¥ eftid, K24 LSTM 72751
AL ERAE 2, BT DAFEAS BACEE 5 5 Ja R, st 2
AN R UE R, AR A LR U E R, Bl <fE
W55 T, AR FHL, EAEMZIEE, R A EE

AT (15 2, A8 A g2 ) DU B 5, “Bo”, <& L

S5, (B UIR [R5 & J T RS B T3, B A
AL T R AR, T Bi-LSTM B AL 55—/l
[ ) LSTM AR — /N5 [ i) LSTM A28, AT BAER AL

RBIR LR AR L, I HLPTA LAY #3842 S A 7]

2, Bi-LSTM S5t 4 frw.

Yo N Y2 Wi
fr =
JE 1))
BT 7] 2
% N
Xy X, X, X,

Kl 4 Bi-LSTM &4

4 PR 1] ) LSTM AR 7l 58 24 i i 221 F4 i S5
L5 2., J5 1A i) LSTM A5 R 42 24 i A 21 ) Ja SCHRRAE
52, Bi-LSTM B ¢ If 21 (¥ A vk 53 24 20 T

Hy = .7 | | @)

Seub, Hy, By 5 BIER BI-USTM LI, 1 LSTM
BT, S5 1 LSTM B ¢ i 20 i
1.4 TFIDF &5

TFIDF A& —Fp T ke 2 5 S 3 6 FH A
FiR, FEH LAVPEAL — 1 X T — AN SCHE 1) R
B X T — AN R R I — A SO R A
TR EERE S eSO R IR R E L, 5
EAEBANERLE B IR L. AR 3 A 1]
i (TF) ¥ SCRYHR (IDF) B84y, TF RN
Wy TE XY d, W 1 B IDF AR R 1% 18] 1 2850 X 47,
HEARWT:
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TF (o) = =227 ®)
i:]ﬁ,m
IDF (wy.dy) =1
() °4DW+J ©)

o, dy 9 SCRIE D=1{dy o do, -+ dy, e dpg AT 35—
55, M N SORSE ORI BE, d TSRS w= (s
Wi+ s Wse - wiy b N RS SCRY RN S, f B2
1w, T SRS, HH S BUKI R SN | £ B3 SCRS
BLIA BT A G D oA SO RS S BRI O SCRY B
Dy, TR L T i BISC RS SRR, JFE N T R4t B
T 8 A A ol 5 281 43 B2 - 1O 0, 7E
KRGy B — A% 1.

TFIDF R E Ry TF F IDF {IFeR, i AR F

tfit, tha, -+ tfin

thi, tha, - thw
TFIDFyy = , . : (10)

tfm, tfw2, -+ tfun

1.5 Self-Attention #/|

502 SCAR AR R R, SO T AL A 1 M B
>, ARAESRIE 2 (160 - SUA% B, (LI E i
AT LA R I, 154 T o 35 2 1 33 T B S B B
VUME (200, e TE AR B, B xxx 19 L
FUTE RS, 435 J\3T, B0 L P oo it 0 — A
(EH, B T — e I < O A R, <
50, G, < EL B PR R L, B S0 A4
R 11 PR R R U 5 4 6 837 OF 00 A 4
STHEBULAL, 51\ Attention ML, 25 Kt 5 i

2
|

5 Attention HL#i 45

Attention AU IE 1% AS A A9V 20 FEAS [ O AL R
AT B AL I BREAE JELH EL B A& 211 attention AL IS4
T EEURAS 7 SAE S, T self-attention B AN 75 EAH
M FABANEIE B, B2 B3N B & e 1E Bl %
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KT S BN 248 A RS B BeAS R B, R BE A
SR self-attention HLH.

Y5 Bi-LSTM B A 1)t m) & 25 Jl 1) 46 P
H=[H,H>,--- ,Hy], 44 TFIDF #8 fr {3 8] 7 450 i
AN SCA A, B 4K v 3 46 AR I SR b, AT
PAF I 50255508, BT TFIDF (¥ self-attention 1
H T E AR

WHEARWT:
H
Yz[ TFIDFy ® ey (1D
M = tanh(Y) (12)
a=Softmax(W'M) (13)
’}/:H@T (14)

H 44 Bi-LSTM ki s 8, Ho. - Hy,
TFIDFy N 4RI ANSCAMIARLE, en o N 4 547 ) &,
N SR B KR, W S BN 40 37 U 2
SJIBLE R R, y 3T TFIDF 1) self-attention )2 (¥ Hi
{62, ¥ L L NSO B B 4 2K B, A Ak
PR A R B A 2710 — 79 3

2 SEIGAEH
2.1 SCIGHIE

KB 5SS SR IEAT 20 F %, 4 NHLR
HiA% (negative) FIIEHHi(E (positive) PiFf, Jhrh iEH
FEEHOR N 10 T35, B ARy 10 T4, IXueig
HEAE WTHA I © 2 4009 T 1 R e T A
22 SRHETRABNSEIGE

B 15 MU 0 55 T 1R B AR I e 4
MR TS 40 3 L T DA AR B,
5 HE AT MR 37 W 283 7 0 5 O B 0 £ o
SCAM AL, LS ) TR B A TP S, Ao
{5 P 245 50 3 T EL A HEAT 41, 4 i1k 2 5 5

B LA SCAS R AR 5 ], 0 DL AR P AT << e AE

S, P i OB ) L, M R R AR

SR b S, RS Word2Vee T HAIMG
i [ &, [R A Skip-gram™>2! AL I 5 5 4R, I
b By o v SCIE ) R I 0] () B 4 R, 1] [ R 4 T R
e B AR AT 1R 2R 08 H SC BRI RS S, H A Bl o 4 B 1
Thm i I A S5 1) H i, R 2 SEAe 0T b,

] [F) B LE LV BN 100, BGEUZ BB N 128, & 1R/
WENS, i WAL 2 5 B G BRI — %A
100 A~ SCIa)IE, DRI A 2% 4645 B RRAE AR B R /N O,
BHRFAE A PR 4E A TFIDF-self-attention-based Bi-LSTM
B NS5 BRI Zhrb 2.
2.3 N ERR

A CLHERf R Precision, 14 181% Recall F1 F1 {EN
T bR R VP AL AR AR AE By A AR AT 55 Th A ROhE,

AW L\
et
Precision = — "2 (15)
Nright + Nwrong
TP
Recall = (16)
TP+FN
2 X Precisi R
Pl = X Precision X Recall a7

Precision + Recall
HoH, Neights Nwrongs TP, FN 43 5 3R 7R Fi A5 43 kA 1)
KR, JAE 7y SR I BOR, TR 8 JEL0E 450 W B E
(L6 NG FSE Y 221 I AR SR ETNE 658
AR SR 47 28 SCHRIE SR DAk A5 28 A J 43 Ik
£ EIHER .

3 45tk
3.1 ZHRER R

FEARSC, B T 4 406 SRR SF BT T LSTM,
Bi-LSTM, self-attention-based B)i-LSTM (SA Bi-LSTM),
4543 TFIDE fly self-attention-based Bi-LSTM (TSA Bi-
LSTM) 4 1A 2] L2822 e 6 L S A7 [
Xof Lb sl B 45 B Ay il 2 1 F1k 2 fiow, xF 4 FisE AR
PEA I GREE I RN BEAT S288 45 R an & 6.

F1 RN LS 45 R

A Precision Recall F1
LSTM 0.855 0.859 0.856
Bi-LSTM 0.861 0.865 0.863
SA Bi-LSTM 0.879 0.883 0.881
TSA Bi-LSTM 0.901 0.905 0.902

K2 IBATI AN SR g5 R

B )
LST™M 28.1
Bi-LSTM 20.3
SA Bi-LSTM 18.5
TSA Bi-LSTM 17.9
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0.84
0.82
0.80
0.78
0.76
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‘/. -

i

== [ STM
Bi-LSTM

== SA Bi-LSTM

== TSA Bi-LSTM

4 8 12 16 20
RN (10%)
Blo IZRER/NSGHERF ELEL

3.2 RBIXFEE ST

4 FhAS RIS v 2 1] LA HH, LSTM A5 1) v
AT Bi-LSTM LR () #E R %, /£ Bi-LSTM B
5| N attention LI YHEAHZRAS R T Hem, self-attention-
based BI-LSTM i 4%5 & TFIDF N Stk — 4 i 1
TR . '

(R, JE 5 DA b S a8 a3 4 i

(1) X H LSTM A4 F1 Bi-LSTM KA, % Bil Bi-
LSTMI A5 A1 v fff 5 i T LSTM A [ Fiof 455 754 i i o0
72, Fr LA Bi-LSTM B A0 SCARRHIEAS BRI A A A
TS

(2) %ttt Bi-LSTM #E2 fil self-attention-based Bi-
LSTM #i&, m] LAfS i 7E Bi-LSTM B 5] X self-
attention AL Z 5 7 DAHE A AL () HE i 26 9F H— 2 72
JE L4 TR TLIZ AT E], UERA T self-attention AL 1
BME.

(3) XLt self-attention-based Bi-LSTM AR FIZE &

TFIDF [#] self-attention-based Bi-LSTM 457!, T LA45
¥ =& JIHLHI A0 TRIDF A AU 45 &, A A A &
RN (R R 2 B BE I 1) 43 KR

4 4G

A4 self-attention AL #1 TFIDF #84AHZE5 5 0
A Z| Bi-LSTM #5841t i 45 & TFIDF ] self-
attention-based Bi-LSTM #5&78, F 57 A 213 3% 8 45 1R 51
o, I 4 0 LRSS, B0 Tz R B R AT R
ROR.

T~ self-attention AL H 5] A 75 ZVH FE— € Bt
SR, RHAE AR I TAE o, KB FE AT £E Il self-
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attention ML U1 5 BASTH FE 19 HEhit b4k S tb &5 A
TFIDF [ self-attention-based Bi-LSTM A5 %Y #5145
TR REAE A R 1 S FH A I8 21 B8 b i FH R B
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