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Abstract

With the rapid growth of information, browsing social media on the Internet is
becoming a part of people’s daily lives. Social platforms give us the latest
information in real time, for example, sharing personal life and commenting on
social events. However, with the vigorous development of social platforms, lots of
rumors and fake messages are appearing on the Internet. Most of the social
platforms use manual reporting or statistics to distinguish rumors, which are very
inefficient. In this paper, we propose a multimodal feature fusion approach to
rumor detection by combining image captioning model with deep attention
networks. First, for images extracted from tweets, we apply Image Caption model
to generate captions by Convolutional Neural Networks (CNNs) and
Sequence-to-Sequence (Seq2Seq) model. Second, words in captions and text
contents from tweets are represented as vectors by word embedding models and
combined with social features in tweets with early and late fusion strategies.
Finally, we design Multi-layer and Multi-cell Bi-directional Recurrent Neural
Networks (BRNNs) with attention mechanism to find word dependency and learn
the most important features for classification. From the experimental results, the
best F-measure of 0.89 can be obtained for our proposed Multi-cell BRNN based
on Gated Recurrent Units (GRUs) with attention using early fusion of all features
except for user features. This shows the potential of our proposed approach to

rumor detection. Further investigation is needed for data in larger scales.
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1. 4&5% (Introduction)

PEE L EE RS PR sl - A AT DARIBHE & KA B S B HUR N, - AT S KRG
BRFES - PR BN ER - B AFaag - 2SS K E G E
KRIRE - #E L0+ EE4EuE » 40 Facebook ~ Twitter 25 » $1 ¥ =AY R EH A FERY e 3
f#iil - Facebook FI| /A TEAYEE = 7 RS EHUE AT A B8 SRS Y B s T Twitter
HIFTF B #hatd 24080 N THERD - AU HE FREGREEH - A » E=77558 0 A T
L A ARSI THES > AGFH IR E A (R o (RIEb A DR 2R S AR ek s
BEGES @ ORI EREF IR TR E -
TEFH B RS o4 S ORI AEBET ZT T > RECRT 93 BBt ¥ 88 SO - DURGE Sy ML B
él%ﬁ%ﬂ@1§?§2*%ﬂﬁ@ﬁ>‘£ ° %5’& C HEERERSSESINS  BEA XXF - BgE > nLUE
RSB T A a0 R A 4EEE  (Recurrent Neural Networks, RNNs) » B¢ & fE 1
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2% 4/E% (Convolutional Neural Networks, CNNs) » 2R AW EGERE - (HR B
WA » TR HERE - HEENEAR - HX o HErEREHE 2 M AR
FEIRIRAG > 40 K ~ BHE - % BEHEEE T AR E BRI GERE - 55

B NBFRENEN - BEGES VIR E - AERI - ARt —EsSS

fiEl G P AR AH Y 2R S URHER & 7 0% » W22 1B 2R T S A A P 2R R R B R U > DA

BT o IR - e TR PSR T I PR B3R U (Image Captioning Model) -

DL CNN HEBU[E 545k » di7E %8 Sequence To Sequence (Seq2Seq)fif&: (Sutskever, Vinyals

& Le, 2014) - <] SRR fy BEH 2 L [ R N S HY ST - HAO FfM3eEt T2 (Multi-layer)

PAK S BEIT (Multi-cell) W e 8 1) 5 200 = 1 4% 4 % (Bi-directional RNNs, BRNNs) » 454

FEREIHER] (self-attention) » A FIF Early J¢ Late Fusion MRS (R £ )74 £ 30T ~

B ~ SRR DR AR - 2R E S RN 9T O & s IR H 2 =R

FlE R S A ARG - S50~ g A EFEREETE S N W Jin AR

7% (Jin, Cao, Guo, Zhang & Luo, 2017) » EHfFKNEFEH Long Short-Term Memory

(LSTM) £ FIH% (attention) » FEHURHEGETHH attention FEEE ;5 MEGANESAIZE

FELL ONN ZEREHUHY R - U6 BRF attention 55 B [ 2 5 EL B2 £ 1T elementwise

multiplication < ZA[f] » EEEAVIEZRIG A A8 v B E B - A CNN FTHUHAYEY

f#m 2L LSTM 1% atttention HYFFE= & 2 [ > 4EFE A A [E BN A1 2 S 41 A (TR

Wt o 1 ELELA J7 VAR E (A 4R 2R i (E £ F LSTM K attention » [ 51 26 7 Jg Y 114K

PSRN ET D o AP IENZERE - RILEARR SR AT » Bf1EE

T E GG AAER > 40: Vinyals % A (Vinyals, Toshev, Bengio & Erhan, 2015) F1 Xu % A

(Xuetal., 2015) Frig )i/ » Sk G N AR R i FTREAY DU - DARRT TG Ry

FERE O AR EAHE A S #ETT word embedding RFFERLG  [EIRF ARG T 22

(Multi-layer) 5z 22 BE 7T (Multi-cell)% [a) 3% 208 = (48 4 % (Bi-directional RNNs, BRNNs) » 45

EEFEE IS (self-attention) » i DL Gated Recurrent Unit (GRU)ET LSTM » DIFEET45

B - AL EAVERL Fy:

(1) FMEE—(EsGE GRS EREGE S ENTE RGN ENES B
BE o LA EL  sEARERT R -

(2) FeAEE Bl 1Y 2 BE T B () 2% A =0 e S8 4 1% (Multi-cell BRNN): {E forward J2
backward #£[m]y RNN » DLZAEECIEEIT (memory cells) » [F]RF TR F T ERIVECIE L
BE > g R RER -

EERGE AR o (EHEF GRU #2558 a0 AL 4R (Multi-cell BRNN)#S
BooE R 8] - AT DU 45 SR AT F-measure 2% 0.816 5 {£#E—20 L Early Fusion @i
R ER - R EIERYE S HMIZ > F-measure A% 0.89 » B T AGm AR 774
HIRR - 1 EIAE S B/ 4EAERAST - B8 = FaFaUAse 7% » B EAR I E pss
REGHT » BHEAIRAE G -
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2. }HRAIAZE (Related Work)

PEE LR G EREEHBEEANE (user generated content) YRR I H - ZE S I Tk
Fo N O] ZHE YRR - B EAE Facebook B¢ Twitter » EREEHLSEFRE NATAG IR - DLES
a6 i UV EE M - Facebook 758 F ¥ B15E = i in At S i) - WA B2 #ETT
T WO AYENE & 4648 FactCheck.org 1 Snopes.com 55 = EEE B LR -
S BTl R BERE » RIEZERE R #E A5 © Twitter RIZE M FH#EAVIREE - DLEBIET
ARG T B — RSB ER - & ] EEEFPORREZ MR NS —ER S
T REGRE - AIHETRZRE RES - A e ENERTEENIE > F=77558
B3\ TR AR A B A (EGRUE G RE 1 E A G RE o Aol PR SRRV E TR S
Tl - BIE ARG S E RS THY RS -

% B A RHECIOR F 20 3 B AR 88 0NE » DU RBERAR « BB INE
FIEEEEL - DARES SO E R EET Ry {F RS MRV R I DIREs 8 0504
SNSRI o 140 Castillo ZE A (Castillo, Mendoza & Poblete, 2011) fRIE tweets Y E A
A BN P Y28 SCE retweet 175y DARCS [FHAMERARF SRR LA decision tree 2R
FEr Twitter FYENA{ZE (information credibility) - Gupta % A (Gupta, Zhao & Han,
2012) LU PageRank (Y51 authority propagation - 3fi HARIEMLISEFEZ A M
Pl EENARL > STREEEEE -

RN TEZHEZRES KSR R SCEPE HREEE 7745 - filan:
Ma Z A (Ma et al., 2016) F|F§ RNN ZizH] Weibo B Twitter iV 2B AHFS 5 YuZE
A (Yu, Liu, Wu, Wang & Tan, 2017)f1 Chen % A (Chen, Li, Yin & Zhang, 2018) 43 F#E
HIEES CNN #y$E R R 25 A G TR A(CAMD B 2R F B k] - B sl S R AR HIETZ
HSCE R RRENE S MaZE A (Ma, Gao & Wong, 2018) & 1755 I 155 B G2 = AT 75
B SEEBEH RERE IS AR EERE AV HIET © Jin %8 A (Jinetal., 2017) HIZ45
GRS ERVS SRR o W S - Bl KA EERHE RN AEE LSTM
FOERB IR SEE R R HOE BRI E  EGEANERIZERELL CNN 22 HH
Fifel S HRFA 7R B B (R R BB 5T elementwise multiplication « AT » ZEHEHY
tESRN A BAS RN E E B - Ay CNN AT AR e &8 LSTM RF B S
HAE M o 4N EE WA E & EE WA TR - FEREZam -t HIRsSeT
FHBHIREEE - (E(E LSTM #ETTHIESEEEL - B3 5 20 8 g Ayt &S AR S AR B2t - T
FHE—DIENZER - RIS SCEHE DL ERIB R I TIGE © Bt sTEEIGRERED
7y IAUEA— T EER R EZEGNIAS - tLEEEREH CNN FEi &2k EE G
AR FREERZ B R AVEE R - HIO S S RHEER 77 P 5 A e iR A = S 4 S (BRNN)
TR IIVEHIRAUS 3 LN B 2 IR - WaskE e E R (REE Sy
BRSBTS -

Ve B S TR RE AR B[R PE B S ( Graphics Processing Unit, GPU) HY#fE »
RSB AR R S T A A RS AR R R BAPTRYIR 22 0504 © CNN B gll/2FH Yann
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LeCun % Af£H, (LeCun, Bottou, Bengio & Haffner, 1998) - Hiff & &5 B ERBAEK =

( Convolutional ) B {L4d¢% /g (Pooling) {ifim ARYEHE AT AR T SE YR - A
A A A % I A HU S AR —{E 4 FE AV R - CNN 28 5 A PR 2 ] (G R R A7 -
H R L4 H 51 2 A 5 528 S 2 1 e R AE &% SEIk > Bl #4109 VGG Net (Simonyan &
Zisserman, 2015)E1 GoogleLeNet (Szegedy et al., 2015) ZFHEZUEENIE R MES EFE B IFR
HEIRBES - K5 R N 4 IR A RIS AT © RNN g2 Elman Frigt)
(Elman, 1990) » 7% 5#% Mikolov % A (Mikolov, Karafiat, Burget, Cernocky & Khudanpur,
2010) [EFHAEEAAGES FRE S - RNN Y F 2208 A0E 1 FoR - /2 i 5 g Rt g Y i 40 4
PEA BT IR 2 T Y -

(]

O 01 % O, 1

A
4 ; 1% VT vV
SOQV 4% )Osr—f )ogr OSHI
: %74 w AW
Unfold
U U U U
X Xi-1 X Xiel

B 1. B 448428 E] (LeCunn et al., 2015)

[Figure 1. The architecture of recurrent neural networks (LeCunn et al., 2015)]

FH R O > g AERNE —BF51 - AIERHR a2 IR R E e e A 2 fE
JE R o G b — R P A B L R T — BB E 0 A o ey i
T D5 A B T SRy iy B RE L (R RTBE Ay A RE > R A A RS BE S B P Y I
HETRLEEE -

SRIM > E RNN £ 1L Back-Propagation Through Time ( BPTT) #5173l 4 el
BIRFE O SR BFEREERN A/ - 28 T — i A& - 2SS
PE T RE O AR H B RIFRINERE AR 2 BRI N - BRI HT S
JTEOR e R - B A TAR R A R AR E S (LSTM) #fTiX
= o %3 =l Gate : Input Gate ~ Forget Gate * Output Gate » FZHIEHAVRE » FEREHE
N R Ry e B2 RN A A8 Qi 72 - Cho S8 A (Cho et al., 2014) $2 4 —{El#r B 426s
T8 E Gated Recurrent Unit (GRU) » HiiE— S FH{LEHHETT - 48 Chung % A (Chung ,
Gulcehre, Cho & Bengio., 2014)1YE ERELEEET » 2830 GRU HRNfEEL LSTM —f5 0] DUf#H1
A5 e R A A A PSR B T SR R R - B e b LSTM §E4F » LSTM Eil GRU
Z 2R RN E 2(a) K 2(b)FT
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[ 2. (a) LSTM Cell £ (b) GRU Cell Z2#£/& (Chung et al., 2014)
[Figure 2. The architectures of an LSTM Cell and a GRU Cell (Chung et al., 2014)]

GRU Zi#E 2 f11J z (update gate ) Blr (reset gate ) 3 [E#2HIE FillkF I REAHYBERGIR
A5 - Update gate £ 2345 T4 2/0 LB (BORE] T —(EIFEIES © Reset gate 470G TS
/il AR - GRU BS TLAS R R BR A » B F A A 2 =X re A 4 A D Y T
% o HIMESTEAREER S - GRU B LSTM HA R ERYFRIR - 11 H GRU {EH#/ iy
gates » ZRFE RS BRI » RILEAGR SO - FeMRFEEEAL Y GRU Bl LSTM HY RNN 42
1 W ES N -

Sequence To Sequence ( Seq2Seq ) W& B F-FH Sutskever Z A B, (Sutskever et al.,
2014) » eSS B ETS - K AHYE) T (Sequence ) &KEEEY » FEAE LS —(E 4]
+- (Sequence) ° Seq2Seq 42 - Z 2 HH N {18l 2% A A &S 4Es FIT4HEY. - 47 731I%f £y Encoder
1 Decoder » HZRf#EAE 3 Fos:

f f (Ebe

N I HTH¥H1H |

[& 3. Seq2Seq ZEfE B - dg A " ABC” LUEE4"WXYZ” (Sutskever et al., 2014)
[Figure 3. The architecture of Seq2Seq Model, which outputs “WXYZ” for input
“ABC” (Sutskever et al., 2014)]

£ Encoder [&EZ - RNN RETELE i A sequence IV 1E B FI4% IRFF57( <EOS>)
B o JEHACLERR AT 1 AREBAGBH LG Decoder [IPSES » MRIERTEAVECHE - EA—ERFEZ A
THEE (W) > 2y context vector » FiF E{# A Decoder » 3| SR HHAC 48 s Y f 32T
HIES R R R - BRIHEREIERSE o Seq2Seq AEREHIEHITERT 21554 » BI41: Facebook
E[% 1Y Gehring 5 A 2 H! ConvSeq2Seq (Gehring, Auli, Grangier, Yarats & Dauphin, 2017) »
i CNN Eil Seq2Seq 4565 DAFE T SC(F B2 A 20 4 BLE S Xing 55 A\ (Xing et al., 2017)

A B C <EOS> 7
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PR (8 = RERVAIY Seq2Seq 1A » W FEFHAEIIRARES A > Kol R A% e N4 psE 2550
B8 E HABIENE - Zhao 52 A (Zhao et al., 2018) HIFESY Seq2Seq Z2fi - 45 & CNN Y
& encoder Bl LSTM HYSZ 5 decoder » H#EfTREMGHII - AGm M€ AISDIAEDE - EEEIG:
Pt FERY SO lRe 8 DUETTRE S Aol -

Bl RNN (LI > Seq2Seq ZEA 8 IR Fy el S 28 & T B B S A HI R RE - BE 7R LSTM
AR AR R RE - (HEGRAIR » EaE R I (attention) » A DA{HE (HIEL A RE AT
He (TSNS AR A R E RS  » TIR SR BIRAEAE RNN 55774
HIE5K A & - Mnih 2 A (Mnih, Heess, Graves & Kavukcuoglu, 2014) & &3 = 70
2 H1 RNN 455 [EREEG TR 2 F - Bahdanau Z A (Bahdanau, Cho & Bengio,
2015) EHAeRHEE SRR AT GBS RBEIER L - 454 1 RNN 203 2 il E
4 FfR -

% X% X% X;

B4 442 RNN )& 7% #/%/# (Bahdanau et al., 2015)
[Figure 4. The architecture of attention mechanism combining Bidirectional RNNs
(Bahdanau et al., 2015)]

WE 4 Fis o A S X, X, 0 X 208 d%f'f: Sl e [ A A A AC A B (BRNIN)
1S3 E PR BITIRRE Ry, by, ..., hy - Fohy=h], h] < [ECE T Decoder HIREE S, > Il
i A s > YRR T DI By

e; = (a(S¢—1, hy), a(Si—1, hy), .., a(Se—1, hr)) (1)

Hea Rt BRI MEAY R B BN RBOIIRE NRESE - 2K 1E48 Softmax ¥ ¥ e
TIERE > BB ENEE I Ee  EER
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exp(et;)
Yr—1exp(etk)

% i T8 7 B B {18 B Je TR Gy BT T I RE 285> 453 Encoder #Yi) HY ] E( context
vector) ¢; » Mfi{# A Decoder §7 » H/% _W%

C = j=1 asjh; 3)

ay = @)

RNN Decoder 9 hidden state & S, » E&iH & v > S F1F1—1& hidden state S, * Fij—1{&
By DUSCC 8B B £ 5T RS © ARswSCKF GRU 2 LSTM 25 RNN 2845471285 1)
M > DURR T a4 ies 3 B SRRV REAR S (3 S (I EREE 15 DUTRH ©

3. W5 7L (The Proposed Method)

Rim IR HH AR T 7y B A ER > 7Rl Ey fF}?f‘%ZFEEY (Feature Extraction) - [&
fE#ft (Image Captioning) ~ 55/#Fh& (Feature Fusion) ~ JE 1 =\ 14E4EFE (Recurrent Neural

Network) ~ 3 & JJ#4&7%(] (Attention Layer) » #[1[&E 5 ﬁﬁ?ﬁ
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[Figure 5. The system architecture of the proposed approach]

Y& 5 Fos 0 Twitter _ERJHESCSE4%5E Feature Extraction » B FANE ~ ElfE - Bl
FEEERHE - E o G R A B G U4 - KOG TEAC4ERS (Convolution Neural
Network ) B Sequence to Sequence (Seq2Seq) (HASYEREAFEETHIL » BE A IR AL B G
FNEES) « H - sBEAJBLSI R ERRE - 483 Word Embedding 47H% » 3% Feature Fusion
B EFRHERL G - B3 B E RV RHE R B A R U & 4% g (Bi-directional
Recurrent Neural Network, BRNN) - & FRR P& F 67 Mk % - M CLEE
BRNN B BLbff > 5% 5 H W 78 1 (5] 89 3E 2 05 =0 o3 il By 28 Jig 8 ) 20 2000 =X 1ot &4 40 s

(Multi-layer BRNN) ~ 2 B8 57 7] 4% 1 S 4S9 F%  (Multi-cell BRNN) © 1% - il
RIS (Attention Layer ) HYETE - ﬂﬂgﬁ?ﬁiqjég SEHIREER o Mo A —{E
(Fully Connected Layer) - DUEfTEEHEMN2E
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3.1 RFEHEEL (Feature Extraction)

—RRHESL (Twee) FIRE B & T 3CFAUM ~ BlGRE LU EFER - &5 FRAMMHEH
SO ISR - RS TE RNN > Bl U NS B SCRif% - H o mEH#Es
HEHESC T NSRS LRI R G AR - FEE i S R Ol 2 A f ik
ZEGERERE R > DIRHEER FREREEER - A RMERE S SRR Bk
HIB MR ~ HES PR SR (hashtag) ~ R E SCEIH BT - (B SCRE
GREFEANNE RSESE - FHILRME &SI > $8RA SentiWordNet (Esuli &
Sebastiani, 2006) ¥} 58 1T IE A MRIEIIREAL - BEEETE B P EETE0T B 8
NIAESE %15 RS FTR N B R - s IEH - Iz - & - HEHERENE
%8 hashtag FRURASCE R TRE > BP0 s A ER) - Wb BB EAE ZHNE
BE R B R R BFE: B - #50 - BOEE > K 7 BB SCET ALK - 72
E R EOVE D H PR EL Jin ZEA (Jin et al., 2017) MEAVRHE > B5E: EHEE
Twitter VAR B & - IBESUE - JBIEEE T B ZNELG] - 483 U R BUE S A #: Twitter
PR o BRGSO AERE - BERE - RSB B -

3.2 B (Image Captioning)
#1275 Vinyals 5 A\Fr2tHiHIZEME (Vinyals etal., 2015) > (E%5 & CNN B2 LSTM 4H 5k
[ Seq2Seq 4ER&ZRMHE - A AR Y REH ILEZ (B (52 SL SR - PR ZRRESIIE 6 FT -

[1og pi(s) | [ rog patsa) |

_ t

»
uuuuu

see —

LSTM |-[3 |-

- LSTM |-[3 ]~
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4
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b |
3 \J f
: t t
image IEI SN-

[E 6. [EGmIrEEZerEE (Vinyals et al., 2015)
[Figure 6. The architecture of image captioning module (Vinyals et al., 2015)]
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WiiE 6 Fror - @ EAVE 3B Google Inception Net V3 [y CNN Z2f - HLZEREILA
42 Jg > LER T 4 A RGEE A NER - 7 DRGSR EGAE A F RS THYREC #e
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— LLATRURT i 2 o &80 Inception AR &S EN 2 1Y B {5 =) & & BL4S 4 one-hot 4
HEAY SR —[E# A LSTM 35 - HEUEBRE FEGREEERgmA—X » Z2’RE
T Fsf e G A Pl A S Rt FR Y 5551 (S3) » Sl EERE B 90 B8 s e s Y Kl 385 - [T itk
@LJ"*%’J@W\?UT B [ B ,\mﬂfﬁﬁiauﬁél’]@L AsE % e R AHRE S B

ST > FHEA T — 1IEHF‘EE¥E Kok ig - e —(ER SR g —ERE T
lf%i'uﬂ SEOERt S =i

3.3 HEFL& (Feature Fusion)

TEREHL T =0T RHE > 5 CFREC BIESRRS BB R % > PR
@ e 775K B A N EIFFEL « SO SCFFFEEREL one-hot 4RH51T 7774 > H 300 4EAT[H]
BARFOREHE TR VR o B E E G S I AR R B ) 1% o 4R AR
PSR ST ST RIS 300 4 ) & o FAPT e S SRR R REET A2 48 hashtag )
LR WSO R ENIE S - EHESUESE T - FRPRIBHEEUNISE 8 5 R =fEEm -
IEM ~ P37~ ATl o B RSB s BEE S ARy 1 RIEWBIER  &154%E 8
Sy/ANEY 00 R R &I - F51B8E B8 0 81 1 2 > IR AT o &k By
SRR BIERFE - DL S 44 B hashtag Y5 4CHH one-hot 4 1% Y [ & #E 1T S 5k
(concatenate) > BIfSE|FTHRHEINHE -

F AT B R B E A AR i EARR - BB A A [F VRl & s RHHR S
(early fusion) » FIEHARLE S (late fusion) « 75 HARR S HY SIS - FAMEEEFIF one-hot 4
05 > B BRI R & - By TR BN A E SR e A A E R > FRAFIFIA
—{ autoencoder i BERHEER 4 5 300 4 W H SR BE(E B SCRME 1% 0 LAFI SRS 4828 -
i fEmE PAR S I SRES > T DA SCRH S A RNN RUEEIH#E] - 155 — 2510
H o B ELL one-hot 4R BSHEHA A ) & > B SO H 45 R —H# A Fully

Connected Layer #175358 -

3.4 Wi ALK EE (Recurrent Neural Networks)

AT RNN #H4H {8 H] GRU Cell HUR ALK LSTM » 5%t 2 @) BRNN HEZ Y28
1 DIBRETE S EHRRUR -

B g B (o) R 2l U 2 4R ( Bi-directional Recurrent Neural Networks, or BRNNs ) &
F7ZH1 Schuster % A$ZH (Schuster & Paliwal, 1997) » 73 Il 4R At A 4 o f5— (il 31| 6k
Feol oy B a Fil{EiE (forward pass) Bil[a/{&{#1E (backward pass) ° W& 7T AEI@ILHTE
] RNN » B i a8 s A0 e 2 5 — g g - A0E 7 For -
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Output Layer

Backward Layer

Forward Layer

Input Layer

B7. B4R REE (Graves, 2012)
[Figure 7. The architecture of bi-directional recurrent neural networks (Graves,
2012)]

S AL A AR R » TP A R ) 7 2 AL 25 T PR A8 L
o —{EF -

SN B S R S RS - RSSO T DR EAT S T e
AR « 5 > S E R TR (Mutli-layer BRNN) » S5 3R
L 5 (B[ S Y B R 5 (S b 3 RO A L 4 - ZEHEA0E 8 i
-

BRNN
Layer 2

Sasess -

BRNN
Layer 1

[B7 8. 2/ 8 e E A = A RS A fE
[Figure 8. The architecture of Multi-layer BRNNS]
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% g e [ HE A R S A i A\ By L LB g BRNIN — A% - i B R 8 A (R A S
TR SHARZFANBEAE - Hf > S50 485% @R BRNN & > H
SR EACE S T S0 (A A R B [ 12 (AR BT - AL 25— BRNN Y
AR N > NMERY T IRIG Mt ed Z IR BT E e T s
—EETRRRVRE o B T BT R o PN H S Z R AR BT E— ik
> BCAOEERETR - (SR ERERAYUR S - feT T R RS R R AT ReR -

B FMaest T 50— AR S [m 4 BR (Y U705 2 BT e R A = 1 AR A
(Multi-cell BRNN) » & #37 fl BRNN R4 {5 [AHY B TEER - #ETERARETE - &l
Cell HyE & 1E R T — & Cell HYERA - [F]—{E LTI Z(E Cell [FIHFETTRYIE R
SCIRELERE o ZRAEL0ME 9 Frow

B9 2B T8 B = TR i
[Figure 9. The architecture of Multi-cell BRNNs]

% BT R AP ARE ZE RS - e AR IR A YT - AR HE S
AR TRV E R - AE R AR RS o (EHE 8 R - B A Al AR B [ 1R
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SRR ZARE  FM4EE BERE IS (Self-Attention) 2 HE 3L P T 5 2
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I e (% DUEUS- R RN Tweet oS RV B B4 51 - Self-Attention & — )3 = 7 #&H
B Attention T2 BIFERS » Self-Attention A FEEEIE 5 [ ASMELHTE AT Ry
HEAEE - (EFEREEE SIVRE M T E S HHHREENEH - EAZ
L& sE scaled dot-product attention Z24#% » /& —7# dot-product attention FYEEH > 4[E 10
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/B7 10. Scaled Dot-Product Attention J~& /& (Vaswani et al., 2017)
[Figure 10. Scaled Dot-Product Attention (Vaswani et al., 2017)]

&%4ts Vaswani %8 A (Vaswani et al., 2017) B Tan %5 A (Tan, Wang, Xie, Chen & Shi,
2018) HYERETEALLEY - EREESRAM (A EE MM LL 0 B i A e Ay A
B /Jt%H] (Bahdanau et al., 2015) AR

Attention(Q,K,V) = softmax (%:) % 4)

o dy By key HI4ERE 5 e R A Q LK (PR th A BRI R DA — (B . Jd -
B 11 32 S 45 A > 48 softmax B AE SR IFRIL - I REREL V #5E -
L A B

Fo VIR - FeffIER A Multi-Head Attention Z54% - 41[E] 11 Fr ¢
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[Figure 11. Multi-Head Attention (Vaswani et al., 2017)]

&t h A FE s SR MEREA1% - BTLURE h ([ scaled dot-product attention fHEEHEREHET T
TTHE - R — RV FETT R R A EE— G4 M EEH1S F multi-head attention
HIGES o WNATR -
MultiHead(Q,K,V) = Concat(head, , ..., head,)W°

where head; = Attention(QWiQ, KWk, viwY) )
Hh VViQ € R¥modet Xk WK g Rmodet Xk WY € Rémodet*dv /0 g R v X dmodel o |
7T Ry 5 % scaled dot-product attention 48[ » W;°, WX, W e Ryl af e S8 A0 e -
WO Fs SR S A RE B RENE » Tidy = dy = dimoaer / h FIFRRIEMHATLER -

(R Ry self-attention T2 ¥ (&R A MY Faal B AT A 3 Tat B B8 SN ERY
ST 2 AR (7 - BGETREEFENRAREER 1 B EFEHS gt
B NG = e G — 5 45 £ RS FIR RR 8 R B EUR/ N RHE g 2
AETTTI 2 AR AR T 28 B FE R E R » TEARER SRS » input £CB&fE# RNN » DLK
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(Fully Connected Layer) » #{TH: 2RI 5H °

4. BERHESTEY (Experiments and Discussions)

Aem PR VBRI T B RORER (7 © B Gl B R e S iR - 5 - fEE B
fEat 5 - BAIE Microsoft COCO 2014 (Tan et al., 2018) BkHE - TALE GAHRITH
o B2 W P > L [ s | S R fCRE A > 400: Vinyals S8 A (Vinyals et al, 2015) 8
XuZE A (Xu et al., 2015) - ZERHEENE REGERE GH 5 A ETHmHL > 5
HRRBE AR S R — -
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HX o g saiiE - HREREUSA 5 > SR RS = TR A B
iora HLEH Ry A REMEE ZaNE BN E S BEHE - AEHHR A MediaEval 2015 ~ 2016 1%
BT iRy Twitter 3% SN ERHE - E4UE Twitter B TR - Rt a 7 &AM
SCHY 2 RS ER S S SR MR - R (E B RHREY AR AR 1 B3R 2 Foms

&L BRI ER T

[Table 1. Data distribution in image captioning dataset ]

BiHE [EIES Se =PIV AT S6s
Training Data 82783 /413915
Test Data 36454 /182270.

K 2. FBEREIEER I

[Table 2. Data distribution in rumor dataset]

Bl HECBE (event)
Training Data Real: 189 / fake: 157
Test Data Real: 21 / fake: 24

1E El G AR B B FoFIER €58 & S5¥ (5 ( Bilingual Evaluation Understudy,
BLEU) ¥ 77/ARFEE R G A58 - BLEU £ 72 H IBM #Y Papineni % A Firfg iy
(Papineni, Roukos, Ward & Zhu, 2002) » %2 R EHE B ARG RBLI 2B 26
FH{EL » BLEU HY4%E %5 &: modified n-gram precision [J44{a] 3£ (geometric mean)

BLEU = BP - exp(

N
z Wnlogpn>

n=1
BP—{l if c>r .
e ifc<r ©

HpcRREINEE  rRRSELHNEE -
Modified n-gram precision % clipped n-gram {EE&LIETA n-gram (&

P = ZCE{Candidates} Zn—gramEC Countyip (n—gram)
n

(7

B zC’E{Candidates} En—gram’eC’ CountCliP(n_graml)
Hr clipped n-gram {E#ETHE 741
Count,;, = min(Count, Max_Ref_Count) ®)

MAE S lHR B EREEEAE T B - REEBRA2ERESR (Accuracy ) ~
KA (Precision) ~ &4 (Recall) Bl F-Measure #ETT5EAl » LA T fgE s ELEA
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[FEIfRAUE 2 AR -

PrecisionxRecall
F —Measure =2 X —— Q)

Precision+Recall

AT S ROME B B - T 220 baseline ELECA G2 85 Ky Jin 5 A\FT2HIAY 7% (Jin
etal., 2017) -

4.1 BGHEMIE (The Effects of Image Captioning)

Ho o B TR E G SRR - $1 ¥ MSCOCO 2014 fy—ZE[E G &0k 48 i (52
SIS FMIFI ISR RHE R Y 3 A TR AN SR - Hifth 2 A5 S TS
56 o Sy T EEREIE - I E A Mediaeval 2015, 2016 HRHYEIGEE TS - BLEU HY
BEEHE4EE - WE 12 foR:

# Mscoco 2014 Mediaeval 2015,2016
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[Figure 12. Experimental results for image captioning]
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85T A Fs 0.695 F10.51 » BHEAE® MediaEval 2015, 2016 FrallSRAVEES - HAHE B
XuZE ARVEERE (Xu et al., 2015) - FH}» Mediaeval 2015, 2016 BRIEEF Tweets » BE
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B[S A —E B Z BV E GRS TR SRS E A TR AT
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2014 ErH A1 Sk CH R RS A IR 507 3 5 A MY e (G e IR -
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4.2 Word Embeddingdy%5 (The Effects of Word Embedding)

By THRST S B B 1A E 4Rt 07 A B 3% = (AT - B R E 2Ry )75 #ET
Ehi « BEREOIIAIRE - AR THIISREFHY Word2Vee 7B « FIEZEIE -1 ~ 1 Z[HFEHEESE
REZFFANEE R E - Z R MR I SETTIHEE - B EAIERH GoogleNews
THFISRAY Word2Vec - B [ Y 755 ] S AET T3 SR G BT « BBRsE A0S 13 Fios ¢

1 # Word2Vec Word2Vec Update # Random Update

0.9 0.861
0.8

0.749 0738 - i
0.7 =
057 1

0.6
Accuracy Precision Recall F-measure

0.5
0.4
[& 13. Embedding Layer E##iZE
[Figure 13. Experimental results for embedding layer]
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THEEMERNZREZEILERER - 55— (1] Google News IRy Word2Vec 74 -
T8 38 () B2 FRET 2 SRR A - AR i 2= ] T I AT A BRI - 5 ARl R
I h Y 38 1 & SERERAYAE RNN s e & S T e 22
AV E R E - KR REEM TR G - BERREAEREE T - 52 f65E
SHERET - ALK HIEAE Google News ] Word2Vee 8 » H5 5%
MR RE - EEEL T 5 H A R - M TR R AR AE R - B NE 13 > MItas
B o [ Word2Vec S BAH R 5 5 56 ) S HYBCREE - 5B T THIISR - B » DL
A [E B AN el [F & R EHEARERE -

0.803 0.822

43 FEE A EEERZEBELE (The Effects of Recurrent Neural
Networks)
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# Jin et al., 2017 (only Text) i Single-layer BRNN (only Text)
& Multi-layer BRNN (only Text) & Multi-cell BRNN (only Text)

T

. .
Accuracy Precision Recall F-measure

B 14. FITBEAAFEGEEFIEL LB (XFHrEl)

[Figure 14. Experimental results for different recurrent neural networks (Text
feature)]

FHIE 14 Fow > & RSB R OSCF R 20 BRNN B22 85T BRNN 42481 F-measure
HREEF] 0.816 » R EE Jin FEAFTEEHAYFA (Jin et al., 2017) - FiEE 14 0] DS
H1> FE35 = fE A [EFY BRNN 22/ 0 > 35 R TR = FWHZ A BHENIEY - F-measure
H#BHEAT 0.8 ©

4.3.1 BHEEEHIE (The Effects of Feature Fusion)

BERMRESIEE T ~ B - ERRE - BoBERIZE - iRtiFREEE T
TH (hashtag) ~ 1545 ~ S - & Sebbic R FH SRR EERAS R - WIE 15
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& Early fusion (only Tag) # Early fusion (only Sentiment)
& Early fusion (only User) & Early fusion (All feature)
# Early fusion (All except User)
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[Figure 15. Experimental results for early fusion]

@ Late fusion(only Tag) # Late fusion (only Sentiment)
# Late fusion (only User) # Late fusion (All feature)
# Late fusion (All except User)
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[Figure 16. Experimental results for late fusion]
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FHES & PR SRR - (E R BRI BRI T > (R Early Fusion FfEfhe

%l » F-measure fz =47 7 7] LUEZF] 0.882 J 0.856 » LLak A 2= BRRHBIRF VSR 53 B T
T 5.5% K 10% o &8 TSR HERHEEIN ISR S Mg S 02 H R
Bil (% o (R RN R Rk & B R B E SRS TINS5 > M B H S i
EEEE

4.3.2 REJRNNZERHIREE (The Effects of RNN Architectures)

FEE ] Early Fusion FrE@ESHVIEL T > FFIETTA[F RNN 2068 2 HERLLE: - TSR
WE 17 Fro:

@ Jin et al., 2017 (All) Single-layer BRNN (Early fusion)
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[Figure 17. Experimental results for different recurrent neural networks (All
features except user feature)]
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[Figure 18. Experimental results of different feature fusion strategies]
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4.4 LSTMEAGRURYELEE (The Effects of LSTM vs. GRU)
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[Figure 19. Experimental results of LSTM and GRU]
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5. 455& (Conclusions)
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