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Abstract  Video question answering is a challenging task of significant importance toward visual understanding. However, current
visual question answering (VQA) methods mainly focus on a single static image, which is distinct from the sequential visual data
we faced in the real world. In addition,due to the diversity of textual questions,the VideoQA task has to deal with various visual
features to obtain the answers. This paper presents a multi-shared attention network by utilizing local and global frame-level visual
information for video question answering (VideoQA). Specifically,a two-pathway model is proposed to capture the global and lo-
cal frame-level features with different frame rates. The two pathways are fused together with the multi-shared attention by sha-
ring the same attention funtion. Extensive experiments are conducted on Tianchi VideoQA dataset to validate the effectiveness of
the proposed method.
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Fig. 2 Flowchart of VQA model with shared attention
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Fig. 3 Shared attention diagram
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Fig. 4 Tllustration of the attention unit

DL B3 R T LR R R

ai=avg(S[ o TWE) vi=1.2,,N 2
k

b —avg(S[f g JWh) . j=1,2,-,M*R (3)
k

Hepw, W, BEIWNSE L RLZLPTHHEE. A
AR B B T concat” , G AR 3K, G 5 TR L AN b 2
EH R . R EAA TR B kTR 42 JR R AE AR I AR AE B AN
WS R W J2 AR [ 1 o BRIV 524 (8] 04 7 3 77 mDH 4 05 Ry 3 45
TEHE AR — S, — 7 T, 3% AR A LA 5 4 Jm) R A0E A0 R 3 R AE
BIIRZR L 5 — 5 T, SR I AL T DL R R — A
W, Tk ARSCH softmax bR BE B T AE i S BUE 1
a; FB;.

e #
=3 ‘ Softmax |
I
v v v
a ay ay
Local v v
Pathway 4——1 Local | + | Local |+ .. + | Local
Al Value, Value, Valuey
a,::\;e)(p#,i:LZ,-",N 1)
2 exp(ay)
d=1
Bl i, MR (5)
2 exp(b,)
ﬁki: % TR PERRE F HLG ¥ o R £ IASUR )

SOTRAE — A5 B [RS8 FRAE IR S A .

+=F(q, )@G([Zaf‘ Eﬁjf D (6)
e 5 4 ) R B %ﬁx fRib BRIt x

H P JE MLP 1 softmax JZ 2H A, W #i 90 9 2 28 28 591 v] %
NH

A

p=softmax((aW, +6)W, +b,) (7

Hdv, W, MW, .6, F1 b, 4350 & W 2 MLP (A E 5 &
TEA AL B L A T SR A2 SO AR Ry 48 0 R BRI AT 22 T

L=—(plog(p)—(1— plog(1—p)) (8)
4 SLIGFSAR
4.1 HIEE

FE 2018 AF ZVTAR 2 BR N T80 68 K28 & A3 19 K it R 331 (7]
BB b AT R A SO BEAT TP AN . IR BUR R
10524 ARSI 52620 AR 5%F AR EBH 1~3 MEE.
5 At A AT (1] 2 5 A R LY L R S AT I 45 B A TR
W HAFEE SRR, 45 5 3 R HL S A
&, Hr,8083 AU T Uk, 1 641 A HL AR T 53, 800
ASAAT T L
4.2 LT

TEIIE T Adam DAL #5% 19 AU 2 I8 R P E S 0. 001,
SCAS )B4 B SR 300, R) S5 A 0 AR AE 1 386 B itk A
ARy 1024, SCEGAERA ,barch size BEE N 16 I AT f A 4%
o FTETEIIM L BOE BBCR T Leaky RelU, I 4%
drouput (A E K 0.3. GRU {4 it A A E 2% 35 51 43 #i
WItH AL, HA A E SR HES A A W i Ak . 2 RS AEaE 19



148

Computer Science FFEHLFI2:  Vol. 48,No. 8, Aug. 2021

Wi, S5 FEARAE AL 6 M, Fast-RCNN 9 3 FAHE Sk it R U b
36, TERJEEZAEME A SCHIR T &R W LBy 1357 M R
5028, ARCHITEN 8 052 iR 2
4.3 FREAEHLE

T IR A R AR SO i LR i B g AR
W% 07 B 84T T 3, AL 4§ Soft-attention™®, Gtanh-atten-
tion”) , Co-attention"" I Bilinear-attention'® , &% J 3 1 fr
B, 3Ty kN T 2R B D AL R Bl G A AR AE . BT L
BB A LIS T B AR . R4 Co-attention™ M 7E
L5 FEAE 2 T T 3 5 T B R RS ST ik Y MR 2R L L
T0.75% X WARR TAR IR M, HERZ — 2%
LT AL T 2R R G BB R

Tl MUMR AN IRl 0 v i L AR

Table 1 Comparison of different attention approaches on videoQA

Methods Accuracy/ %
Soft-attention 53.17
Co-attention 56.25
Gtanh-attention 55.96
Bilinear-attention 56.18
Multi-shared attention (ours) 57.00

AR SCBRA A T 223k Hems ob L T R LA 280 Al e
BT 2R MR AR SRS R R R T — A, —
JBe R UL, 43 JR) FIUR) SR RRAE O TE B A 0T AR BUR B AR E
MR —VER . BERWT o TR AR 2R RE A
JR AR AR AL & R R B —E A R A
TE T 7 HO AT T 4 ) R i s 355 JR) S 46 E 2 ) 0 8 0 R B Y
ROR . TEREAS" B 7Y T T T AR X AR 3 TR Ok
A AR AR AR AR A AE IR R R R . ANEHE R M BE DR L Bk
VE R IR LA AR & — b 2 o 12 1 1 B A B0 ai 19 5 0y =X
4.4 BHEFENMLR

F2IMT ZHEEZE MMM, AR 2 TUEN &
FE R HUA L 2 3k SR A A TSR AR AR T X
RN Z R EEEEEA RS TR A2 ERED
BT LTS B PERE . R, 2 2 SR T BT R B
s 3 0, 2Lk B M4 E T R ErERe .

#2 BAARFEHEMEE M Z IR R
Table 2 Performances of multi-shared attention with different

number of attention heads

Approach multi-head Accuracy/ %
attention on global 3 39.65
attention on local 3 53.41
respective attention 3 54.32
2 55.97
shared attention 3 57.00
4 56. 74
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Fig. 5 Performances on answering the different types of questions
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