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Abstract

With the rapid development of science and technology and the remarkable progress of economic
strength, the era of big data has quietly entered our lives, followed by the progress of the Internet
and the convenience of obtaining information. However, rumors have gradually spread on social
platforms, seriously affecting the healthy development of the network ecological environment. It
makes it difficult for people to distinguish the reliable information among the various kinds and
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uneven quality information, which greatly reduces the quality of people’s access to information.
The method combining RNN and CNN is used to implement rumor prediction and Python machine
learning. We utilize CNN to generate feature vector for the rumor information by CNN model, then
input the feature vectors to RNN model to obtain the prediction result. Finally, efficient training is
carried out according to the given data, so as to achieve the purpose of timely and effective predic-
tion of rumors.
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1. 518

B4 Web 2.0 58230 FLIEM 1) AT A BREE G SETJ I gt 2, 48 4128 R BB A1 2] . T
PERIAE VG AT 23 R —3 5 o NIER ) BB & R AU SN T 15 B2, M TIHAER
g . BIAnE EREIE . BrRAIHE . 40°F. YouTube. Twitter. Flick 2. AfI{EXY T & EHHTAC
XPEM S EREHE, BRI RRIR T NS N2 HE B R A, HRARZBMAE, R
BRIF 5 T2 AR AEE BACAMER L R, WKBK TR 5 RISk, Fith, XeFEd
H T SCA T IE AR 2 V8% SRR ISR T e A G A BT, X e 5 A A S 1 1S, Hin B AR f sl S5
IR MR RGEFAE. SFE A CHIRKAM A 55, BUE I, 75T eI 48 2 1 By 42 1) o4
WY, A E N AR AT O M2 i, X BT SR S e Al RS B s R T, R T e
FERREAE . X FAIREL T I IEE BT, 0 SR T BRI, HEIESET &
BHIER, semnl g2 %50,

VEE Mz, SENSSASHERER K RS2 3 7 E R, XA AT LB E PR FEC
FAE/\TT0HE BT /- H R BT . AHRER, UETANER. RIS BT Rtk R
KBEAK . TETXT SRR FAF B, Bln—ueib K Bt S A, PARANER, BEREARMKE
&, MNMITERABA AR ZERIXREM IS B RUTHAEF 61X 0 TR 22 KB #R30
BARSLBURBRIEE . XFE, BRSBTS T AN AL, (XG50 5 L 7k
AT EFHFG, WK T8 S R IR R, )55 st = T AL R 15 4,
MEAL SRR, AR L G R B A . I, RS RIS BB N T IR AT — N R
R NI ET, R R BB A L PRI S AMMERE S . WIER I, 7E9% S kil
AN L OAARZ I RN RIS T &M EE, B W EER R R T SR v S T T, I
HHUAF— 2 B8R . #iltn, Castillo ZF[1]H& H T 5T S FRRFAE R BONAE 2 nT 5 B T, EdE5ETE BN
R T HPURFE. HTARRE. 2 Ti58% . Qazvinian Z 2] 4 HIFE T A SCA . LIRS # AN
WA RHER R AR S - 2R, X TIRS TS, HAEmE SR me i s AR EE, (HE &
b AN FS ) LI R 452~ 5 v R IR 5 AN RE 5 28 1 LA, AR 5 T8k vl BB SR IR AS R B2 IA BE Dy L 2L,
TG VR EAS I IR H 1Ko BRIk, 12 5 VR ARSI R W s A 2 2, BB AT AR R S AR IR T O
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FEE FEMEIE . SHrR . 407, YouTube. Twitter. Flick 2% &, HriRMIET 2010 FikigfT
HREEr G, e G IERHEH AN TR 6 o AR HT RIS AL X A B O P s s o,k 2020
1 H 1 H, JLREE 38,186 %%, #A)ifil, 94K, PIREREEE 11 %, AN TR n] I—3, K
I, FEE S B BRI A R R3]

AV IR ST LSS I HE, B2 H B R 0 28 FDG P11 28 X 48 A1 45 45 OV 5 A IS Y, o
AR S H AR, BRI LE 2 (1) 2 ST R A2 IR R R AR 2 RFE, 85 T R IR 1
W, TR IR LA AN 5 i N R BRI, AT I8 21 B8 4 1 RCR

2. BREAR
2.1. BETALEE

AR TR R B 1 11 ok BT IR AN S5 BREIE T X, IR A T2 T@H T Hh ST 5 i -
IR AR, A8 T — S SRR A TR, B DA SR BT IR AR A .

OFZHN T A A

W6 T R 5 WEB 2.0 [R2IR, TREL ) DT 26 K 2 A2 SIS TUR, Xt &3] T AJAX H
Ko AIAX FERTTLLE e —FiHIA, —FErngk. TP EHNER, FEIERe e rImHeE DL 2 50E 1
AR AT 04y DU A SR . T SE R S, TEE )RR T B —a I RehE . FUst, XREREH
HERMUFAL

@I T SCA

TENCHL I SCAR A, 48 K2 H0H R A HTML 8 SCARNRZE, Hln<head>. <title>%54%, H<div></div>
P R et HELTHT P9 PN 25 1 A AS IR0 H B 75 B BSR4 i T i T 7 A HEAT SR S A R R
HTML 1 5 ##% JSON 1 5 (JSON Hidhs 45 #4925 1LL T Python 5L I )7 ML S A X 25045 25 440)

@)%k 171 = AL

TERARAE AT EAL K JSON B 5 G, KBl x vp JAT 75 ZE A ELEAT PR EUCRAE, 177X LU REAE D6 S0 R 6%
I ORWEE RFIE,  Rel8 58 2 R IZEIE 1R

2.2. HFAMEZMLE CNN

LA 25 WX 4% (Convolutional Neural Network, CNN), ATl & & R 2408 & Bt —fh N T4 e,
HARZ o2 (a8 RS Ao e SR AR AR 85477 30, K2 HUE L T A0 BT LR %2 AR DG AT 55,
sy, oElL RS, GRMAMSRAEHILT 20 4] 80 F4XF] 90 4F{X, LeCun ##H T LeNet
T F 58 R i, B TR S BRI e3%, tHENUE A 4w, B E 2%
Wb 2 PRIHRK S

BRI W 28 & 3T LAE A RSB SR I — AT W 4%, FECN T — R il il k. 5T
PR 28 AR AL, ZEUIZRIN 22 A8 FBR B2 T BRvES X S 8T8 o 00T, DRILPTA i N5 225
A7 AE B TE BT B 4 P VA — (A BObR HE AL I TR B AR, o, A — (o de i v R AR BT A R AR I R AE
E S B2 5 )2 2 18] AR 2@ T RSB 7 2 38 o A e A AR IEZS 70 A

— M Hl, FA PR R 28 i — AN N2 (Input Layer) F1—ANr 2 (Output Layer) BA K 22/ i 2 20
. FEEELHEEFZ (Convolutional Layer). 3% )2 (Activation Layer). ift/Z(Pooling Layer) DA K 4> 3% #2
JZ(Fully-connected Layer)% .

FEATTE o, BARPHE W2 F TR AR 2 P 28 HESR I8 o FLARDNR : RO SCAR T 2 A B3R
MAEBAT BIE, BT LSS B R BT . — R, AT R B A bR, B DA
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By 23 AN BT A )5 B AS T AR A R R AT S 28, AR B AAT [ RIS R B GE
(NIDE PN

2.3. fEMHEZM 4 RNN

1E 20 40 80~90 AR, BFFEFAVFIAH NG LN LS, T —RKLUFFIEIR N, 16751 13
HEJ7 A EAT 8 A HLBTE T R (R PR B 0 ) 4 SO I e 2 I 2% . B T 21 tHZ2H), RNN R JE AR LS
S EEZ 4], HA XU S PR L X 2% (Bi-RNIN) A S5 31012 R 25 (LS TM) A& 5 UL IO 3R 28 KR £ [5]

TEA R M2 BA 2. S8 IF HIE R 58 £ (Turing completeness),  PHAEXT 7 51 1 AE 26 PEAE
TEREAT 2 S0 B — e . TR M4 7E 5 SRE 5 b #E(Natural Language Processing, NLP), i #i#l
FRETE. RSN B SR N, WA TS SR R R A TR (6] GIN T AR R £ AL 5
(RGP 22 X 245 1T DAL B A 55 7 F0 N IR E AN 1)

RNN 55 R 0 2% FH 25 & 1) DL 4517 S D P A A 22 9 4% (Recurrent CNN, RCNN). RCNN K &1
P22 0 225 (1) 3 AR 2 5 4 g PN S LA 368 U 45 440 PR 416 246 AR Z (Recurrent Convolutional Layer, RCL), F4% i3t
AR ASLIR B [T] o

Bk RCNN 41, RNN FIA5AR 20 W 28630 mf DL i e 07 A S & A0 s FH A5 AR 4 280 DX 28 6 A B 1]
Xt AL (RS 25 5 N BEAT R AE 2 2 (time-distributed),  FfK5 45 F%i5 A RNN [8].

TEIAFRL IR 25 RNN 55 A2 0 4% CNN HI L, JLR S KRR 1, X2 RUNTE A M2 [ 4% RNN
(1) LA B E e 2 PR T, I I S R R A A 22 I 2% RNIN AR R AU L2k, BIYE R — IR AR,
EERT 5 A5 FH AR [R] AR R AL R AT BRI (120 o A EG TR 4 245, BCEILZ KT RNN 1E 241
o WELZMENEIGIR I RZE RNN 0] DLEEEUT 51 o 8 I 1B A Ak B RRAE DSk A 27 =3 A 41
HAAA A I AT R I H 2 AR 71[9] -

VENET R P FIRER, JEFR PR 4E RNN R A X FERPERT,  BIAERT (A7 51 @AW T, RNN 2
— AN T R e B S % % (Infinite Impulse Response filter, 1IR) [9]. XK RNN 538 5 T 51 8005 1AL
LR, B G — L (PSRN I Z A X 535 J 2 DARS AT RE SR W0 286 AR 2R, S A BRI 7 18 1% 2% (Fiinite
Impulse Response filter, FIR) [9].

RNN ) REmAZ I T
o0
\%
1%
O »
U
X

Figure 1. Schematic diagram of RNN basic principle
1. RNN ERFREREE

FEEI L, xy sy o BONE, 73lfAEA RNN RPN R FR0Z Ak 2 i Es RAE, U os W
N2 B BSGEUZ OB R BOE R,V 3R IBSGEUZ 2 2 IOBCE R BO0E R, W RoR e LR ke i £ —
AN ZV N FBCE R BOERE . FLAP AT IR s sy o BIEN TR I I, R
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X=X 3 &Xg = X% @
S =51 &S, =5 2
0, =0, &0, =0 3)
KRR, AT — OB S5 R DA J5 — OB AR R . A B E R A
s, = (Ux +Ws_; +b) (4)

X

Horb, OE B BRI TN f(X) = tanh(x) (f(x):iu‘; ) U SN X, BIRGIE s, 1R R

BOFERE, W B B ILE fel (1 b — N 2 FIBRERZ s, B4 AT ZIBSGEE s, ACE REERE, b NiRZE
o XEIL TIEAE NS 2GR, AR T 5B M R KIIANE . I8 it = A =
o = f (Vs +c) (5)

Horp, v REGEE s B R o FIAE REOHME, ¢ RMWMZERE, BOhmE f @ EL T E L
(Softmax B 4), HAMARM K ANAFRZNE AR BIMER, A FE x & T2 | D R
SN

X

W, ®)

X" Wy

e

K
2
K=

+

€

XRE, AFRVs +c AANE] LR x RT3 3)45 R

FEATH O T AR S A0 R 2, A 2t AR B R B s i 21 RNN YR P31, RP
PEBANTAE X, SRJEAEE M R X IRINBCEAS B AU [/ & so B, R s 75 2780 5 B 2 3L
FEFOL ) NI 2 PR R A RNN 5 R0). FIRERD, VONTE s T2 MIRE, o ARE
Mt o 34k, BRKHSEDR FNE 5 S EBEAT EBOR B B R SHE I . X 2 YR BIBUR, BUR M
AT AR Y, 7 — AN KR R (HE R B RS A, UKL BUESFER — AN B
BN EEA L REEEIT B L TEIX ) o AR — L5 [ B S o fe A B, AR U B R 22 T LN e,
SR, IR ZTE R o TRV AN I, AR R BR N2 A0 R bR U 5 )8

O 5K BB B AL

RN R B BB A AN A A o AE AT VA — AU AR BRI, RO RORERUR R B i N S R AR IE R
W IR ML RERATEN, AL 0~1 1Y, X, AHMAEMAE. R
15, TR QR B REAT A —fL AL BE, K Softmax R (ANT loss) I ik RN, £ HLEAT I — (L 3Y1 Al
f£ caffe IRRCRE RS2 BT AT DL ELREEAT 0 —fL AL 2

@R RHA

a2 MBS HC (B KR, 24 batch LSBT 1) o X ARG L A8 1L K2 1 S A e LA A
W ZHI 2 B A IR BINBUER G L.

3. SLIEME

AT H Kl SRR 2 Bt AR B Bod e 80, SRR SRR AT Ml s 5 IR SR . O T IR
UESER AT EENE AR, SEIREEPIREL T KREFEMMEE, KACH, Synde bt 1538 %1% 5 4k
1849 25 AR VE 5 Hodl, X LB B FOSeE . WEEMERIR R, R MBS R R I IR R AR, AR
oy, IR IIZRBT 2 00 e IR AN 7 S 4 sl - P Ry, B R R 5 A e i
BT XERL SV E SRS . R IR 48 RNN 5E IR 4% CNN Z5 5 (1
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WA BAT RN 2. B 40 58 5 e A5 S EAT LS Tt

1. EATH NG B R, @iz, aiEU TINS5

(Onum_channels: &% (The number of channels in the input text.)

@num_filters: &A% % & (The number of filter. It is as same as the output feature map.)

Ofilter_size: #HFUZ K/NThe filter size. If filter_size is a tuple, it must contain two integers, (fil-
ter_size_H, filter_size_W). Otherwise, the filter will be a square.)

@batch_size: HLUK/IN(—HH 16)

®act: iE A E(Activation type, if it is set to None, activation is not appended. Default: None.)

®pool_size: thik)JZK/N(The pool kernel size. If pool kernel size is a tuple or list, it must contain two
integers, (pool_size_Height, pool_size_Width). Otherwise, the pool kernel size will be a square of an int.)

(@pool_type: Wit 227 (The pooling type, can be “max” for max-pooling and “avg” for average-pooling.
Default: max.)

®pool_stride: &1 (The pool stride size. If pool stride size is a tuple or list, it must contain two integers,
(pool_stride_Height, pool_stride_Width). Otherwise, the pool stride size will be a square of an int. Default: 1.)

2. MESEMILZE UG, $58 CNN Mm%, afE— T L35

dict_dim: i 7 #K /)N (4409)

@emb_dim: ¥

@hid_dim: EHERIZEE (BN 32)

@fc_hid_dim: fc Z%¥4

®class_dim: 4r35%k

®channels: i \JBIE%L

@win_size: HR R

®batch_size: kAN

@seq_len: padding £5 &

0embedding: fiZx A (It implements the function of the Embedding Layer. This layer is used to lookup em-
beddings vector of ids provided by input . It automatically constructs a 2D embedding matrix based on the input
size (vocab_size, emb_size) and dtype.)

3. AT H BN Bh, BF FEZESH:

(Depoch: JNZrEE IR

@batch_size: KA

adam: > F

@padding_size: padding i ¥

®vocab_size: LK/

©skip_steps: & N ML H — k4R

(Dsave_steps: & M MR- — IR

®checkpoints: {RA7 4%

B a AT IR 25 5 AL R AT

4, SCIGR
IERMEAIY Zr 2 5 — 58 B4 BB SR 512 . AL RAnE 2 fios.
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MEN: 1538

S
RS E N 1849

all data.txt 4 ik
T AR YT R
B 52 A ST R !

AN

44109

Figure 2. Generate data dictionaries and data lists

2. K IR F AR IR

RS RE R 2 ORI S EOR I SRR

Wi 25 SR USSR FEAN ] AT AT BLE Y, 354K

MIRE . 22 ST R G AN S BT REFEABUR BRI 2 2] FSMAR, WSOk O, WAC S it )
e MRS RIELT, SRR Z, WER SRR . BARGRIE 3 frx.

EAR50IK, %% 3]%0.001

ERS50K, F21%0.002

training loss/training accs training loss/training accs
1.0 1.0
0.8 0.8
:“é 0.6 § e — training 1oss
> > —— training accs
3 804
0.4
0.2
0.2 —— training loss
—— training accs 0.0
0 200 400 600 800 1000 0 200 400 600 800 1000
iter iter
ERS0K, 231%0.01 EAR50IR, H3%0.1
training loss/training accs training loss/training accs
1.0 1.0
a
0.8 0.8
806 g 0.6
© —— training loss © —— training loss
E ——— training accs E ~—— training accs
204 204
0.2{\ 0.2
0.0 0.0
0 200 400 600 800 1000 0 200 400 600 800 1000
iter iter
1%481007K, 2+>1%0.001 BEARL00K, 2] %0.002
training loss/training accs training loss/training accs
1.0 1.0 N
0.8 0.8
506 2 06
© (S — training loss
E E —— training accs
204 S 0.4
0.2 0.2
—— training loss
0.0 —— training accs 0.0
T o 500 1000 1500 2000 0 500 1000 1500 2000
iter iter
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ER100%, F T #0.01 HER100K, 3 %0.4

training loss/training accs training loss/training accs
1.01 1.0
0.8 0.8
g 0.6 g 0.6
© —— training loss © —— training loss
E —— training accs E —— training accs
S04 S 04
0.2 \\ 0.2
0.0 0.0
0 500 1000 1500 2000 0 500 1000 1500 2000
iter iter

Figure 3. The Final Result
3. REGER

1A T S S SHUN T B S HURE L Z AR R 5 DOl .

Table 1. The relation and difference between the adjustment of each hyper-parameter and the loss/accuracy

* 1 ENBESRNEARSRAMEZENERS XS

WIZRFE IR =Rk R Ja — BRI L SRR R
50 0.001 0.121208/0.992188 0.545780/0.851562
50 0.002 0.013035/1.000000 0.360584/0.869792
50 0.01 0.000286/1.000000 0.329458/0.867188
50 0.1 0.000216/1.000000 0.541900/0.851562
100 0.001 0.033631/1.000000 0.535068/0.841146
100 0.002 0.003107/1.000000 0.347282/0.864583
100 0.01 0.000123/1.000000 0.304642/0.877604
100 0.1 0.000031/1.000000 0.573150/0.835938

W& 115, PWE)m, SChrfsRE IR R A%, (AHRib, M. [N, JEAR%R
B SRR E , RS . XRBDY, B R R EENGRBAZHEOL T, IR
THEHUITERI A AL, XS BT RS BRI A OB RGN, SRR &, Bn
FEPEEEEAR, IR

HEOFTREAT IR, DA 1 I ZRIRE 50 X, 2E 513K 0.001 JubRifE, A TIAE R 4 FrR

Final validation result: ave loss: ©.549042, ave acc: 0.830729

TSR S

Figure 4. Final validation result
4. BRAWIESER

5. 45

HAMTE, BEE TR R 5 NTERES LR ERTE, F BRI gk, wEK
HEOGE, XA 2R T RCNN FIS0E JLF A LM 5 AT HO,  SEI0 85 IR 5 m sl A e N,
ERT5 1A b —80 Wil] RNN 5 CNN 25 SRR 118 5 TR ARG & . AT H 5 2820t (3
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TIRIFARZ ,  Eeann 5w fE SEbr il o RORS T B2 4 o IX 87T DUFE LR B SRS vh b 472 — 2D iy it S it

2
?Lo

E&WE

WL HAREEFE ST H (LY19F020022); AT H e K 248V 24 B i 2B JL i 11001 H (2021QJXS01);

2021 HE[E KK A QU QLU Zit R ST H (B T3R5 22 2] 0 2 4RSS 2% 6 1 5 R DR AL B
F0)s BUNITVE R A 2021 48 “Iaih)” R AR AL H (3T RR 2 I 2L T G S I
BUBERBIET)s AU 2 BT 2 e R IST H (T i SN 52388 15 S A AT 22 U 3 #r 5 B AR LRI 7T o

SE K
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