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Figure 1 Unified model of hashtag recommendation

based on multi-modal content
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Figure 2 Co-attention mechanism structure

% R S WA R (Y R PR AR SR T RO/
Tyt A J22 Sy A A 25 AR I — A AR 0 A 3 )
He BT AT ST B )2 B9 O — A R 2 B R
HIRFAR R LT & ¢, e R, IR AAR 5
ST MR 26 17 91 A AT P AT R B HE A
2.3 ZHERSREREFRE

S5 AN J5 1 B L, R — il 3R S R RS
Z RIS IR B 10 00 207 1k R T IR o —
MG — B AR

S &L, M TEMRE y @EH A
H1 LA BRI 2R, PR 0k 7T LAOKE B 6) 1R S 1K A 25
A4 B HCET 23, I3l o A7 AR R HE AR AR A . TRy
EKIkb, HER 2SS LT Cm e, Fid 3
— DRXUZ ) Z 2 B A% MLP 3R 5 4% & 5t 2]
PR&E RN R vV, B

P,.(y) = softmax(MLP , (c,..)) o (6)

AR 2 BB AR TEAR 2 Y 8 A2 T
17, Seq2Seq HE 25K A& 10T 1 45 28 17 51 y =
<y, ,yz,---,y,‘>,,ﬂ\:ﬂpﬁiﬁi%ﬁ%$ﬁgiﬁﬂ

>

[1=roy<o. (7)

S — /B 00 1 B FR G GRU i 1 5
Sl . R L S 6, ST 8 R AR
% 5, =GRU(s, ,u,) e R I FHi— KR &
s, ) FIHEA ST 25 0050 A u, s, SO 4 B 0
5 — A BBOR A b, BB fE, R ITIETE
LB RBCCAR 0 FF S i e,

1
€ = D0 s (8)
i=1
a,, = softmax(S(s,,h,)) ; (9)

S(s,,h,) =v tanh(W_[s,;h.,] +B,), (10)
K :S(s, h,) A5 53 sR L, R AT B 5 ¢ 1
Bt 18 P15 1 SCAS Gt B 45 1) 55 0 A BRI 22 ] 1) SHE A
MW, e R™ B, v, e R B I ZRALE .

LT RGGHESZHBEmE ¢ KWHEFE
1 R SRR

¢, =lu;s ;e teg o (11)

LA b R 5 — AN softmax PRI

MLP ¥ ¢, WA 20 A2 inliE 3R v, BB o3 A v
Pgm(y[) = softrnax(]WLPW(c[))O (12)

oGS TR TSN TN Rl iR R
), N FHE R HLEN Y & E — N sigmoid BT
PREE MLP TP A, e [0,1], EWE T HBIRE
MIEFR vV, AR 3R] e 1 5d S DA T A e 571
rh g SRR TR | HG b i BRCUR B A B 1% HE 3R 0 A
SRR R o,

A3 REWME, I E R PLH YR IT
6 I3 AL A i ) 4 R 3R G B AR A AR LAl
Ferh Mo B R G FAT K AT 45 5L, 4
A 0ok B P 8 0 = <w, yw, - ’qu>vlw HHE
T 5 0 7 S BE 5 @18 T softmax oRECHE E AT 1
Sy HHEA ARy — ARG Be R, %A1
e H I D43 2 K b R U A

LR 4 GH-BERINR SR . RIEREE
FR 25 A 3 Gt — I bp 2 HE AR A

1 1
Punf(yz): )\rPgen(yt)+(1_)\r)(a’zat.i+b2B/‘)O
i, =y, Jaw; =y,

(13)
AHa b HHEBH ,a+b=1, ] TR EHEZ M
i A5 v AR R TR I S DA 3 S i i b 4 IR
W, NTRESLHMBERNRE, BE N1,
bR 0,4 A A AT I 2k, S50 58 BULAS IR
o PR E N 0.5 IFEAT B E— L A 45
2.4 EBHINZEBE
AR SR A o 1) B % B0RL SR 460 2K R IOk 28 X



% 6

WG 5 AT SO B RS Y R A T 33

AR Y 25 F AR . (LSRR 26 bR 21T 55 2%
1 2 43 2K 454 4 A AL R ) 2 A 2 T 2
A

L(O)= - 2 [log P, (") +y21 log P, (y) ] (14)
A N ORI SC AT R S K/ sy k3 2
AR B SRR 150 Fm BAHE S AL 52 g 7]
YIS H, R (14) AT LU 104 U 25 b 25 49 2K
BRIAT B T8 — MAR A, A (B b g it T o
SIS0 ST | WA B AR T SR B 00 B DL g
S R L4 ) b A R e

3 XBEERSHN

A SE K % B A Ubuntu20. 04, CPU i9-
10900X .64 GB P #£ NVIDIA GeForce RTX 2090,
S0 PR 3% 4 python3. 6  pytorchl. 5,

3.1 B KRSt

T 4k S AT & 5 T 2B A G
T S bR 2 0 o8 TF B s B PR AR SO ] T Sk
(R A TP B, B EM T Twitter
F AR APT A 2019 4 1 & 2019 4E 6 A
()4 & SCAS W R0 bR 48 B B S -, O R A%
53 701 FRAMESC, ASCHE IR 8 1 - 1REHLR] 43
YR Bk 48 A a4 . Bl 48 00 B8 2 %0 Fn
GitfEREmE 2 iR,

*2 BEBENBESIST

Table 2 Data segmentation and statistics of dataset
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Multimodal Hashtag Recommendation Based on Image and Text Attention Fusion

FENG Haonan, HE Zhiyong, MA Liangli

(School of Electronic Engineering, Naval University of Engineering, Wuhan 430000, China)

Abstract: In order to solve the information overload problem on social media platforms and help users quickly
capture the required information, in this study the problem of hashtag recommendation based on multimodal
content was investigated. To address the heterogeneous differences between different modalities, a co-attention
mechanism was used to model and fuse features of cross-modal content, and use Seq2Seq framework was used
to generate new hashtag sequences to address the deficiency that multi-label classification methods could only
recommend hashtags in the hashtag space of the dataset. An aggregation strategy was used to aggregate the rec-
ommendation results of classification methods into the generated hashtag sequences to obtain a unified recom-
mendation model for both methods. The experimental results on a large-scale dataset showed that, firstly, the
multimodal approach was more advantageous than the unimodal approach, and the unified recommendation
model proposed in this paper had 9. 44 percentage points improvement in F'1 value over the comparison model
using unimodal approach, and 3. 41 percentage points improvement over the comparison model using the clas-
sification method. Finally, the unified recommendation model UNIFIED-CO-ATT is 1.25 percentage points
higher than GEN-CO-ATT in F1 values. The model proposed in this study could combine the advantages of
classification and generation methods and could make the recommended hashtags have the advantages of accu-
racy and novelty at the same time.

Keywords: co-attention mechanism; hashtag classification; hashtag generation; unified model; multimodal

recommendation



