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Abstract Video question answering (VideoQA) is a typical cross—modal understanding task. Its
challenge lies in how to learn appropriate multimodal representation and cross—modal correlation
for answer inference. Most existing video question answering methods focus on the latter, e. g. »

relationship learning between each video frame or clip and word. In this work, we devote to

Wik H 1 - 2022-03-30 s AR KA H I 2022-11-03. A BRI 2] [ K [ AR FF2¢ 54 (Nos. 62272144, U20A 20183, 62020106007, 72188101)
LA RHEE R LI (No. 2022030502001 D75y . 28 FF, 184, Bz, PR HEEHL2A 2 (CCF) Mgl 2z 5t BT S U 43 Hr s
PUNRIE>] . E-mail: guodan@hfut. edu. cn. BEILE . 0504, EZAFSE I MO ENLASE U2 £ 88, o, 5
WEFE T 0 S SE O ) 2 S x s . 3 BRGEGVERD 0 B2 P E BN & (CCP) B LS g s % - R
THAER AL A% # (IEEE Fellow. FEMFFAIECHHLERISE R~ 2 EAE BALFE . E-mail: eric. mengwang@gmail. com.



672 it =) L & Eild 2023 4F

advanced feature embedding of both video and query. We develop a clustering—based VILAD
technique for VideoQA. The novelty of our work is the joint exploitation of temporal aggregation
and correlation in multimodality. We propose an end-to—end trainable Transformed VIL.AD
embedding network, named TVLAD-Net. TVLAD-Net constructs a differentiable aggregation
network module (7. e. s convolutional Residual-less VLAD Block) to generate compact VLAD
descriptors (transforming N frames, clips or words to compact K descriptors while K << N), and
realizes multi—head attention to correlate multimodal RVILAD descriptors. The characteristics are
to eliminate redundant and invalid clues in the feature sequence and ensure diversity with multiple
to—be-learned descriptors (corresponding to multiple clustering cells). To be specific, at first, we
argue that a suitable representation should effectively exhibit the potential core semantic clues of
sequence data. Based on this rule, we focus on the temporal aggregation of multimodality to
extract core descriptors of data. For either videos or questions, we develop a learnable clustering—
based Residual VLLAD encoder to summarize each entire feature sequence into compact
descriptors, respectively. Each descriptor can be deemed as a weighted aggregation over the
entire feature sequence (a global perspective of unimodality). Multiple descriptors mean viewing
global sequence serval times. It ensures the rich perspectives of semantic summarization. In this
work, we consider the summarization of visual frame features, clip features, the combined frame
&. clip features of video, and word features of question. Second. we construct a unified
Transformed module to realize multimodal descriptor interaction. To avoid irrelevant or
redundant semantics of both visual and textual descriptors, we leverage multi—head attention in
the Transformer architecture to control informative flows from these descriptors. The proposed
transformed VLAD embedding module performs the context correlation of both inter-modality
and intra-modality. Finally, each answer inference decoder is constructed for specific question
types. The questions in VideoQA can be divided into the following three types: 1) Multi—choice
task, 2) Open counting task and 3) Open word task. We use the corresponding decoder for each
specific question type to infer the final answer. We evaluated TVLLAD-Net on three VideoQA
benchmark datasets, TGIF-QA, MSVD-QA, and MSRVTT-QA. The experimental results
show that the proposed method achieves high accuracy of answer reasoning. There is a
performance improvement of 2% to 5% compared with the existing methods. To summarize. the
main contributions are summarized as follows: 1) by introducing the clustering—based VLAD
aggregation into the differentiable convolution network, we refine the original features and
generate advanced multimodal descriptors for VideoQA; 2) the multi-head operation in
transformed VILAD embedding ensures the context correlation of both inter-modality and intra-
modality. Either visual or textual descriptors, descriptors with similar or consistent semantics
gather round; 3) extensive experiments demonstrate the effectiveness of TVLLAD-Net over other

approaches on three benchmark datasets.

Keywords video question answering; multi-modal data; aggregated descriptors; transformer
network; deep learning
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X" = Aggregator (X ), X €R*"¥ (8)
3.2.2 BRSSO
A RVLAD B T 7 5 B R A
Aggregator(+) %W AT LU 1 5% B 4058 F SCA 24
RIS AR BRAR2E ) . il TR0 ) 22 Fh i i R

5 SCRFREARL B A% Ot SUAN TR AR SCIE B T A4S
M7 B RVLAD B 43 JIRHABAT T 347 A5 . an A 5K
(D PR . FT Aggregator() Mg FATT] LIS 2]i2
BHRAE Fo S8R AE F 1A SR AE F LA Rz 0]
FHIE Fo % B R G HFIE Fy Foy L FyHLEG.
Fi= Aggregator (F,), FYER* "X
Fy= Aggregator (Fy,), Fy € R X
F, = Aggregator (Fy), Fy €ER“" ¥
Fo=Aggregator (Fy), Fo€R* K
Hr, d A RVLAD #iR fF W 4L B . K FR R F7 1Y
Bt o T AEG— R ik 23 [A] 2 o) 208108 L8
B SRR R A B —4E BN d W RRIE2S
[i] v
(EASE IR FEAR SO i AR 4
/N T AR R AR B 4R B L O B O 3R ook
Kie/NF A N, B d <d, i K<N. KL, J6iE
PRRAE 4 FE sl 8 R U, SRIUAY RVLAD REAEHS
RAF WS A A S B B A T AL IR XL
fHE.
3.3 iBEX AU I:TransformeriZ X X H
2, A & B T A R AE S . A ST
Transformer 45 4 > 14 G5 25 PN RIS (0] 1) o LG
DT A MR E e ARG 18 L FL =
0 STOERC GBI REE L Fy=(f," ",
LD ERTE VA R AT S Fy= (Y,
ST ERCEF ARG L Fo=(f,"", /") e
R 4% 5| PHEAR BIRE RN F
F'=[F; Fis Fy; Fo]JER™ (10)
SRIG AR SCE| A Transformer 254 W i 23K 1E 2
IR X RHE R IR Fiff AT RS A2 B2k A

9
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AR FRIE FRITIA] 2 & BRS¢ &R L BRI
ARXAD~A2) iR
GuideAtt(F", F")=[ head,, head.,, -+, head,; |W*°
(1D
head, (F;, F;)

=Au(X2, Y, YV ) ixomwers vi—wersvi—wrr)
(12)

X2(YF)
Jd,
Horp, we, Wi WHeR, WeR™ ™ B RHE AR i
FERE . head, () FRH hATERE TR B HERE  h=
{1, H) \HRZRTFERMEE.d,=d./H.

A BEREAS Transformer 28 HAR RSN T L
2 A ER P B A -1 )2 Wk B AE R 2
A A A3 PR -
FO= GuideAu(F“"V, F*“"V)  (13)
TR, AR SO 8 R Y S AR AN A TR, B
AAD~A3) M A AL
e= Transformer(F", F"), e € R’ HUR) - (14)
Hrp, ek H Transformer B R 5 — E M ik £,
F" it AR T ) 2 e
Transformer Z5#8 R 2 — 76 T P51
F &R R A FALE T IR R i X
BATC Flys Fos Fu M Fos BT HYNTR R R (X <X,
WAL X RIR Fis Fas Fy8UFQ) DL PANE SLRAITZ
A G R (XY, A X Y N FiL Fiys Fy X OF,
HE BRI Y IS TC 3R ) ER T LATE Transformer FHk
TR AR, SEBTE XOCRTTHA . Wnf&l 1 R %1 [n)
“What does the woman do after push hand ?”, #4 H
A1 % hand 19 &8 it (F) 225 [a] 8 Y SCAR “push
hand” Bk (Fg) 5 [ B A A A2 & hand 14 & 44 it
(FDOR L5 S “push hand” 17 0 1 B BEE L (F)
S A0, [ B “woman” , “hand” #1“push hand” f B¢
BBETE SLCEDREZRICF) » (B3 #8A S8k . DL F
), X R ST LA S S A RR N FoeF
FooFy, Foeo{Fys Fyy Foy 3ETF RGN, iR g5
LA DA BT ] { Fhys Fys Fas Foy B8 X
H..
3.4 EXREEMED
B M PR AR B R T X R AT S A s Y L AR
L) AT 554 LA = A RS AL . (D) Z 18R4T
% s () FFROTEUTL 55 5 (O FFHCRIRT 45 . &F X
() [ S TR, SR FHRH . P 28 S HE B AR 2.

= softmax <Yy

3.4.1 ZPLS

Xt F Z AL A SO 40d RVLAD R4 Fi
Transformer 52 B4 4R BYFRFIE ) & e il A B —A>42i%
P22 AT R AR WS T 8 1 2 2 00 3 B,
PR PRECN A A s

s=W.e+b,,
Hingel.oss=max(0,1+s,—s,)

Horp weR™ “Filfi & HRo0 bR HE AL S4L.
N, G5 S AE . s, Al s, 0 ) 367K IE 00 24 28 T4
PR ZE LTI o4k
3.4.2 JFHOHEUESS

PR [R) 225 0 T SO0 55 e SRR —A~ 3
V1Y 52 OB A8 SR BB [0, 10 v iy %
B, =10 R 128 2 00 R TR —Fh o3 2 45 10 |
“10 U7, WA FCL6) Fir 7S o A SOR 2 A 01U o %50
HR AR A7 AIE 1] 2t e 75 31— > B BUE 1Y 227 58 s I
MSE 75 15 22 iy 8 S0 5 B S9E 2 ] A PR

n=W,e+ b,
MSELoss = n—n,[

Hrb, w,eR™“Ffi & H.oC 6, R RTINS E 0,
FOREIH .
3.4.3 JPHMCAIAESS

XF T IT A GAAE 55 A SCAH ] softamax 732 &%
HEATARE AR TN | G v AR 3 i P A R 2 2 e 1 Ry
B B % TRATRI 28 LA 461 2% (Cross Entropy
Loss) WA FEATPuAL A A P

o= softmax (W,e+b,),
CELoss = *21\: Ppilog(0,)

Horr, weRY Fi i & 5.0 bR & A I 2 ) 2
BN RTIFIE RN RN p RS 5 i Mgk %
IR RIERE S AR EN 1, WA 05 0,878
TR T A M

(15)

(16)

(17

4 KIWHER

4.1 KEE

RS . A SO AR = A SR 4 TG
iE . TGIF—QA™ %45 % /1 7. 2 J1 A~ 3 il GIF il
16. 5 AN BT A . B 43 M US4 - (1) Action
THE HF 2 MBS s A e e AR AR
Bl AE 200, H o A A TR) X N 5 A ATk K R
(2) Transition (455 & Trans. ) T4 , [A)FE & £ %k 0]
AR5 AT SAS TR 8 ) A DAL () 1T 5 2=
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1% SIAE 7 B A5 8 PE B I PR 5 (3) Count T
£ H T BOTEUE 55 1R 48 E s ER 5 8
(DOFrameQA 4, 1 THFCRIRAT 55 . 5 AT LA
AL (8 AT AT — Mt 4 DB 1 ke , ¢ 36 20 8 ] i 1) R/
F1,746. MSVD-QA""FI MSRV T T-QA“$i 4} 4
AL TORP 2 ALY 0] 85, B What, Who, How, When
H Where, T A [0 #8025 X SRl 48 55 A X B,
1 MSVD-QA 43,7 1, 970 A~ FJ AT 50, 505 4~ ] 2
Xt MSRVTT-QA £ 10,000 44045 AT 243,000~
[R5 .

TN AEHR . A BT [R]85 55 A 8 4310, A S
fil FHHE A 2R (ACCO) A4 07 15 25 (MSEE R P-4 48
B s Horft MSE AU F IR RO EUT 55 Cin 3k 2~6 i)

Count fE55) BUTEREITAL . ACCH AT Ay E 4 %
B0C5 T )22 ZE B LR L FE Bk R 4 s MISE £l
ST 5 FL S (R A 34 7 1R 25 AR BRI AT

SCU6 TS . G T AL R AE 9 AR, FR AT B
BT 53 Ry N=8 M R B » B BE AL % 164~
PATT . SCASREAE b 91 25 BERT #ih 28 ) 2% 11
B FRHEZE 5 B d, =2048,d,=2048,d,=4096,
d,=768. BEJEH RVLAD #i R FF 4 8l d =
256. RVLAD #3528 vt (1180 KB AE 1 4
26 147 3HE , Transformer 38 B H )25k L
TSR B H AR 2 il ridie . Uk, (6
Adam AL AR HEAT S EAL 2 2] R E 107,
LOWEAR G2 R BE—2F.

78.0 77.75 85.0
77.0 76.47 76. 21 83.0 82.27 82. 32
= 76. 0 - 81.0
i @
$z 75.0 = 19.0
74.0 73-5 770 oL
73.0 75.0
1 2 4 8 Kl 1 2 4 8 KA
(a)Action t (b) Transition t
59. 3 59.25 3.95
59.2 3.90
59. 08
= 59.1 ¥ 3.85
N =
gj”ir 59.0  5g g7 58.91 % 3.80
2
58.9 " 3.75
58.8 3.70
58.7 3.65
1 2 4 8 K1H 1 2 4 8 K1H
(c) FrameQA t (d) Count |

El4 1 TGIF—QABWELE L, B AE RVLAD B8 K tEReAs b

*®1 FEMSVD-QAFIMSRVTT-QA ¥iE&E 5 EARE
BN KRERELL R
KIUE
piginE S fi
1 2 4 8
MSVD-QA 37.4 38.8 39.9 39.0
MSRVTT-QA 35.4 37.0 37.5 36.7
4.2 HBHICIE

ZWSH . N T RVLAD BE o K
X BRI RE A s, FRATT I T R M K=
[1, 2,4, 8] a4 iR , 7E TGIF-QA %dla 4 I- .
K=4 B RI7E Action ., Transition F1 Count = MME 55
SR ERE Y K=1 0 RN 1, 1
B R R R AR, S EAE. B

RVLAD RO B (15 iR 5F 2 -1k, RS Hr
TERIRCR LT, K=4 B IS T i fEPERe . RS K
AT ARG 2, RECR GRS B
T SCTUAY , SEI0RE BE RO R B . X T FrameQA {E:
55, KR AU 1) g — T BB A DT 1 L B 110 25 8 5 A%
£ 5 B BT, I RVLAD fE9L5 591 | 58
A AT BN R 1 B R ) A SC AR AR 5 AR
5 . 7F FrameQA {55 . ] SO 1) B in) 5 it W AH
XIS R B N2 o SCAS (R4l AR A0 B3 i 348 in o a8 2R
A EBR L 7E K=8 I RBAI 2L T . SR, A SCH
THEG —FEEZS [B) TP E 4T Transformer 28 B A HL Y
TIEE B A0 1 SR A B AN SCAR i s A B — ikt
BN K. 53 A0 . 3R 1R fEEUE 4 MSVD-QA Fil
MSRVTT-QA I K=4 5 &L & . B, A



680 12 S Y| R SN 2023 4
AR EH K=A4. #3 TGIF-QA ¥Rt F T ERBUE RN
T3 s WATE ML T B Sk B E H M — R4
Transformer 2% L 5 18] 25K5 BE B 5400, 1155 2 FiiTs Action? Trans. # County FrameQA 4
AR T H=[1, 2, 4, 81U % L=[0, 1, 2, 3, W/oRVLAD 75.8 82.4 3.79 57.6
NetVLAD™ 72.1 79.5 4.13 56.6
41 SEREARRIT AR A H=4 M1 L =135 %] NeXtVLAD' 75.5 7.5 413 53.9
E’i{%‘@ﬁﬁﬁt»¢iﬁﬁ@ﬂ@igﬁ&ﬁ$f@%ﬁﬁ TVLAD-Net 77.7 83.0 3.75 59.1
K=4,H=4fL=1. w/o Transformer  76.3 82.7 3.80 58.7
Q2v 76.9 82.4 3.84 58.1
*2 TGIF-QA RGBS H LR V2Q 74.6 32.6 3.81 57.5
o 5255 MFB™ 76.2 82.0 3.89 52.5
Action 4 Trans. 4 County  FrameQA 4 MFH"™Y 76.1 81.6 3.95 54.3
ZRFERSIRAEE H(L=1) MUTANE? 77.0 81.9 3.80 58.0
H=1 76.52 82. 40 3.82 58.06 TVLAD-Net 71.7 83.0 3.75 59.1
H=2 76.78 81.59 3.78 59.02
He4 7I7s sz 375 5908 W AR I 91 5 5K D A 22 ok 52 B
He$ 7590 845 37 S0 A4y L. 40125 3 % KA SO 9 RVLAD B4
Transformer [R5 (H=4) . NetVLAD I NeXtVLAD J5 M g2t 81K 5 F
S W . 52045 EAIE B T 4 SCHHL ) RVLAD B9 24
o 77 48 82 01 3.7 5858 P . (2)“w/o Transformer” H #¥ RVLAD 42 B iy
L=3 75.79 82.00 3.81 58.48 REWBRFFPHEIATE MR . “w/o Transformer”
L=4 75.79 83. 04 3.84 59.10 5 TVLAD-Net B9 ¥ & XF Hb &« Action 1T 55 2

FEEYERM Y. R 3 TSR
RVLAD Hl Transformer 3k i) A &0 . 3R 3 i,
PRI 2R B 23 SR MERE T R . (D “w/o
RVLAD” 2R B R iR R E 55 A Transformer 32
TR A IE L “w/o RVLADTERT A 1L 55 3%
2T TVLAD-Net, B T2 A RS BEXT L 43 0l 2
ActionfE45 42 75. 79% f177. 75% , Transition 4% /&
82.37% 1 83.02%, Count 1T 55 & 3.79 #1 3. 75,
FrameQA {14542 57. 64 % #159. 08%. RVLAD f&
FHT 55 AR SCAR 0] 8 (g A0 1 S0, SR 25
FEAPUER T RVLAD AR08 E B AR .
ARIGEMR T HAb#Y VLAD 25 ——NetVLAD™
I NeXtVLAD™. W 238615 58 VLAD By R 43 i

%&fﬁﬁﬁ'ﬁ e ﬁ&éfiﬂ‘:ﬂﬁ‘ e
Transformer Transformer
e [ =
Ei [ .
[Fis Fys Fis ) [Fy: Fys Ryl
(a) TVLAD-Net (b) Q2v
&5

tc tv
=
F

76.39% 1 77.75%, Transition 1T 45 & 82.73% #
83.02%,Count{1: 55 J& 3. 80 11 3. 75, L M FrameQA
{155 )& 58. 72 % F159. 08 %0 . A Hb 2 N AR SC 7 i #47 HL
15 T SRR . 33X 2 PR Ay e 20 5 A5 285 4 L 350 A
FSCAR 2R AN REA WOCHK . i 30iE Transformer
A& E A OB HE A A 80P, TS PR, FRATIR
R T AR Transformer 22 HIE L Q2V Ml V2Q. 1E
Q2V 1, kA 115 & Transformer R 1 query {E FH Hf
2 09 WA ERAE 15 2 Q=WOLFy; Fus Fyvl . key Fil
value {A i [ BAFIEAS B K= W F,, V=W Fg, Hih
W WEFD WSS S REAE AR $50 46 B s 72 V2Q . i
BN Q= WF,, K= W'[F.; Fys Fyl. V= W'
[Fys Fys Fy L ORTEIY query s key Fl value (B35 T
LRI e 0 ) AN () 8 28 B OGR4 3 s s AH EE T

AL LA o

Transformer

S
oo
B

Fy  [F:Fs Al

(c) v2q

A ) Transformer 38 HIE
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TVLAD-Net, Q2V 1 V2Q My P REXI A T F & . X
Vi FE TVLAD-Net i i {Q. K, V} =W [ Fi;
Fus Fus Fol, XE{Q, K, VY A2 T 3R BE A% A 1Y
AL EE S AASHERL R . RATEIMR T 2t
1) 5 A5 28 A2 RS AY AL 4 MFB-, MFH™Y, DL )
MUTAN. W4 3 firzs » AR SO R T el
fiE s 7E FrameQA 1T 55 |, #E# R A1 L T MFB™",
MFH"", DL & MUTAN 435l $ 5 7 6. 6%, 4. 8%
AL 106, 3 = Ff J7 32 8 S 157 B iy P AT 42 ) 0 450 A
SCARRHIE R L Mt Akl G 208 T Z B8 78 =
& B R B EAR SO, Transformer 7EH TR &
J BIARARAN SCA R AE 31 AL BEFE R BE 5] 5 F -
AL Z IR RE A SCAR FHR SRR R L LA
FARHE FFEHMERAE S . (DB, AT L FL“w/o
RVLAD”#:“w/o0 Transformer” i) Pk GE T F& 58 Ay BH
i, SRR AT BE & RVLAD SHRAE 8940 Ak 7] LU IE
%% Transformer 38 H AR H H 18 SAS B A 300
MBS AR BRI . A SO EIAT £
FRALGEREAE , L FGSNAFAE F o, 38 ShEFRAE F, DL S 4]
GERHE Fo. R AR T EAN14 AR g1k
(DR 4 Fos  FEAUE FHAMIARRE F B, “only
F\7 10 2 BRA T 58 BB R 40 2% . 7 Action /T 55 I A
JEH 77. 7% FREZR 72. 5%, ¢ Transition T 45 A%
JE 1 83. 0% FREZ81. 7% LA Mo e Count {155 _E 4
JEH 3. 75 AR A 4. 33. SLI 4G L3 I A T L HL R B
A Bk 3 B A5 T 1 P 2 B A FF A IR AE R LA
TR HE B IR A 9 45 5 5 11 B T FrameQA 145 2511
T R AL 1) 24 AU AN ORI IS 237 R A i
() 20N [ L (2) ZE AR 8 SRR 1E Fy B “only
F\ 1€ Action {155 1K BE Hh SE LRI 77. 7% T R
% 73.9% . ££ Transition T 55 FHE 1 83. 0% F R
% 80. 0%, fF FrameQA 1T 5 L AGFE 1 59. 1% F &
F52. 2% . VA K AE Count {155 LRG3, 7548 (L &
4.03. %53, “only F,,”7E FrameQA {55 b HERE
B I . X 2 R FrameQA AT 55 6 #3025 15 B,
TR, R R AN LR F A7 2 S 4k T

&4 TGIF-QAHEE EA S HFERH ARSI

FEIEZE T ; (e
Action* Trans. & County  FrameQA A
only F, 72.5 81.7 4.33 58.9
only Fy, 73.9 80.0 4.03 52.2
only Fy, 77.1 82.5 3.88 58.8
w/oFy 76.2 82.1 3.78 58.8
TVLAD-Net 77.7 83.0 3.75 59.1

(3) 5 5g AR A L, “only F,” HAEH F, fl“w/o
) A NS I A TR A U i A S N TTT =
“only F\"HH I “w/o F,"TEER Count {155 #M I H B AT
% FEREERA s L F . SXUER T AR SCHR Al
FEOE oA 300 . Fo Fy R Fois SCEAR 36 G 8
— AR E B R R

SCAHFERTEE 347 . FRATAER S hXT T Glove
FIBERT SCAFRAEXS P BE A2 0 . 7T LA AL
BERT #HIEAH L Glove FRAE#E— B 42 T+ T A S vk
VERE TR LS, BIACK HI BERT SUAAHE .
EMAETAEY . B LAD-Net ™ 5 TAEMMH T
BERT H#MiE . 5340, A UL, AT b T = fifi
Glove F-AE ) 73, BTHGA™ , LAG™ A1 HCRN™'.
MR 5 Jr A 371 RIS Glove $#4E , A58 41
TX T 2 7E TGIF-QA i 48 . MSRVTT-QA
HARE L L MSVD-QA ElE 4L AR T 55 EAG RS
AR AT

£S5 GloVe XAHFEF BERT XA HFAEXT LL
TGIF-QA
A Action Trans. Count FrameQA

MSVD- MSRVTT-

QA QA
A A v A
HGAM 75,4 81.0 4.09  55.1 34.7 35.5
LAGFY 743 81.1 3.95  56.3 — —
HCRN"™ 75,0 81.4 3.82  55.9 36. 1 35.6
Glove 75.8 81.7 3.8  57.5 37.5 36.5
BERT 77.7 83.0 3.75 59.1 39.9 37.5

4.3 FXWHE

TGIF-QA FHZER . £ 64 H T TGIF-QA
L AR SO L S I L AR XS L AR AR
R SR FRATPE XS L 0 L2 S TR A
12 () 245 AL TN 245 fA A AR 1920900 B 332 38
(R AR TR 10 9T PR i 2 ) 4% AR R
K Z TR I T R A 4 (B ARLST. BAR L AR S
D71 S B A SR T HA T A

(DFEIA BEF6 0 28 W 45 FHEAZ R 25 1 5
b, FAMYHUS T B4tk fig . TVLAD-Net (1)
I T & . TVLAD-Net 24 T KA O050 5 24
IRAF  BEAS B S04 RN 4 1T PRSI R 2% 2T, PRl AR T
TR ) B e L R R TE 5 SRR DG AT 55
) 4 7€ Action fF: 45 I, A SCKE FE S 77. 7%, i
FAM™ UG RRE BEAU A 75. 4% (O FE R T E T
AR, BT AR SR M AR E: QueST ™, B F#
FIHI SCAAZ AN D0 L 3R AR SCO7 ¥ DCTE IR ST
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®6 TGIF-QAHIEE EAXFEEE MG ENBEITLL

525
HLIRY -
ActionA  Trans. & County FrameQA 4

FETF ORI 22 X 28 F1ICAZ 10 45 1) A 1
FAM™! 75.4 79.2 3.79 56.9
VQA-MCB™ 58.9 24.3 5.17 25.7
VISHLSTM™! 46.8 56.9 5.09 34.6
CT-SANFY 56. 1 64.0 5.13 39.6
Co-memory™ 68.2 74.3 4.10 51.5
HMEY 73.9 77.8 4.02 53.8

T 1 R
ST(R) 59.0 65.5 4.55 45.6
ST(R-+C ™ 60. 8 67.1 4.40 49.3
ST(R+F)™ 62.9 69.4 4.32 49.5
STAM 72.3 79.0 4.25 56. 6
ST-vQAH 73.5 79.7 4.22 52.0
PSACM 70. 4 76.9 4.27 55.7
MINE 72.7 80.9 4.17 57.1
QueST™ 75.9 81.0 4.19 59.7
HE T PR 28 T 4 P TR
LAG®Y 74.3 81.1 3.95 56. 3
HGAM 75.4 81.0 4.09 55.1
M F AT
HCRN™ 75.0 81.4 3.82 55.9
BT BB L5 5T

LAD-Net*" 72.0 0.7 4.24 58. 2
TVLAD-Net 77.7 83.0 3.75 59.1

AR X038 HAF B, AR T QueST ™, R UL £E
T B A WP ME B 0 AT S5 1 (] A Action,
Transition Al Count F)#EFHIH & . 78 Action {145 I,
AT S QueST™ i K B 4 3 R 77.7% Al
75.9%; 1F Transition T 45 I+ () X} &y 83. 0% Al
81.0%, 7£ Count v )£ 5 | XF kb g 3.75 #0
419 (HA5 T B2  7E FrameQA f£ 55 | A SO i
55 QueST ™ HH LU A FE WS AT [, 4301 R 59. 1% il
59.7%. X S K QueST S B ) & T 7] B i X 4t
L W [ LT SN 43Ry 4 [A) RS () 2 5, F 2 1 H R
JE R B SCATE: SCHRE 1T FrameQA T 45 25 114 )
2 AR AU A B — R e B L A 2 IR 1
R SCAR S A AT AR 22 TR )2 R A
SCAS T SCRBHE R MEREFETE 5 (3 X FHE T R A A
LAGH I HGA ™ B 5CTE T 2B 56 R 2 2] L i
20 T A R R B AR S A2 R, TVLAD-Net
FIFHE 7 2R G OR B B A5 2 FE T A A 55 rh 34 U
TBEHR . (DX F R LR, HCRN 50 )
THEAS R BB B (i, B Be g, A0 T 84T
PTG bt o (L2 Z W 1% () i LR PR B2 R . 7E

Transition 1T 55 I+ . A 3C 7 85 & S 83.0%, 1fif
HCRN"™HE B 81.4%. 5) 3 T R4 AR LAD-
Net " F FH B 77 3 3 0 ¥ FRAE 5 510 3R 6y B4
FAE 1) i AR SCER X — AN RRAE R A2 2] T KA
RVLAD $ iR 45 LA SR A0SR 0] 85 b 7 DG B A
BB T AR AR M BT LAD-Net™
TVLAD-Net 7£ Action. Transition fl FrameQA +
% BRI HIRTE T 5. 7%.2. 3% F10. 9%.
MSVD-QA #1 MSRVTT-QA F IR . 5
TGIF-QA B A H . MSVD-QA I MSRVTT-
QA Bda S 2 HA BT R PR A BB E 4 AT A
ek 23 (R T K, HAR S N &2 ¢ RS B2 ~F- 341 24
S 2430 1 TGIF-QA H B AT K - 35 24 38D,
W 7 F12% 8 irzn » 7E MSVD-QA HIMSRVTT-QA
BB L AR SO R S 0 TAEM LA B3 i tEae
T FEMSVD-QA FIMSRVTT-QA BlitE [, AR
SC 7 Y R R R <AL AR L H R B B AL T
HCRN™3 5l #8517 3. 8% A1 1. 9% HKE . S5 4h,
MSRVTT-QA FIMSVD-QA X A4 A7 7 7™
(B AN i 1) B, 76 MSVD-QA 303245 |, How Al
Where 1 (5 FLANH 2.8%6 F110. 2%6; £ MSRVTT-QA

&7 MSVD-QA#IEE LA FESHMAENBETLE
[A] AR 7Y All What  Who When How Where

BAER  100% 62.7% 33.9% 0.4% 2.8% 0.2%
AN R S 25 X H
FEFIHII 28 I 28 FILE L 0 45 (1 55 70

E-VQAF! 23.3 9.7 42.2  72.4 83.8 53.6

E-MN® 26.7 12.9  46.5 70.7 80.3 50.0

Co-memory™ 31.7 19.6  48.7 74.1 81.6 31.7

HMEY 33.7 224  50.1 70.7 73.0 42.9

FAM®™ 34.5 231 51.6 71.4 82.2 51.9

B el i

E-SA® 27.6 15.0  45.1 65.5 83.8 32.2

ST 3.3 181 50.0 72.4 83.8 28.6

DLAN® 3.8 21.2  46.0 72.4 83.2 50.0

GRAAM™ 32.0  20.6 47.5 72.4 83.5 53.6

AA-Net'™! 32.6 21.3 48.3 70.7 82.4 53.6

STCAMY 35.0  24.3  49.6 741 83.0 53.6

MIN®! 35.0 24.2  49.5 741 83.8 53.6

QueSTH 36.1 245 529 724 79.1 50.0

FET P o2 0 245 Fg R TR
LAGFY 34.3 — — — — —
HGAM 34.7 235 50.4 72.4 83.0 46.4
F A R AR
HCRN! 36.1  — — — — —
T RBP4 (R

TVLAD-Net  39.9 29.8 54.5 74.1 76.5 50.0
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RS MSRVTT-QAH#iE&E FARAT SHMM A EBETLE

RY AXFEESHCRNERERI S ZERTLL

[l R 2 7R All What ~ Who When How Where

BAEER  100% 68.5% 27.7% 1%  2.5% 0.3%
AN [RBTG5 R X H
TR 22 25 RCAZ N 45 1A AR
E-VQAF! 26.4 18.9 38.7 70.5 83.5 29.2
E-MN 30.4 234 41.8 70.8 83.7 27.6
Co-memory™ 32.0 23.9 42,5 69.0 74.1 42.9
HME"! 33.0 26.5 43.6 76.0 82.4 28.6
FAMP? 33.2 269 43.9 70.6 82.8 3.1
B S RE =Wl L il
E-SA® 29.3  22.0 41.6 73.1 79.6 33.2
DLANP 32.0 254 42,8 721 81.0 31.2
GRAAM"™® 32.5 26.2 43.0 72.5 80.2 30.0
STCA™! 34.2  27.4 454 740 83.7 33.2
MIN® 35.4 295  45.0 74.7 83.2 42.4
QueSTH 34.6  27.9 456 75.7 83.0 31.6
HETF PR 22 ) 45 B R
HGAM 35.5 29.2 457 75.2 83.5 34.0
A G A
HCRN™ 35.6 — — — — —
BT R W45 A5

TVLAD-Net  37.5 31.5 47.4 746 81.9 37.2

$ediE F, When, How 1 Where i /5 L4008 1%,
2.5% F0. 3%, AR SCHEH B TVLAD-Net f& — i 3
TREM % NGRS R AT RES PR RVLAD £
HRAER A e T SR SO IR LE R A “How™
F1“Where” FHFRIAZ I AHRERASHEAE G T
JE 1 “What” F1“Who” [a] f |, 48 3C 5 1 1) P R Iz izt
KTFIA T8 WEH] T ARSI AE R G O R UE R
Jy THAA R

MESZESHN. WAMLETAXHTES
HCRN"™Z [a] (TR A e . 3R 9 FirR , AR SO vk
LA ZHR L GPU i HIR AT ] R R T
HCRN;; [f] B, A< 3C 75 35 48 Action AT 45 LA L F

GPU Time(s)

Model Params v Action 4
(MB) v ¥
HCRN!™ 155.2 M 4069 227 75.0
TVLAD-Net 55.4M 2199 57 77.7

HCRNEUS T 2. 7% Ry PEREHE 25 .
4.4 TEESW

WNE 5 FR AR SR t+-SNE™/(T-Distribution
Stochastic Neighbour Embedding) 7] # £k #h WL 4 1iF
F. s g E Fo AW REE F AR RREEAE Fo o3
GO R A R WS 8 | AN S EAR SN R AN R
S (0 B A E SRR SRR 23 (] v PR S AT Y B e
SBGE B YE (- SNE 25 [B] /R AR . & 5(a) 7w
T A ARG PR SR 6 L AR S A L T LR
FyF R FCETE—E, i 25 W RHE F 53 A
B0 F FouMF, 2Z 18] 0 [ SRR F 00 ol 4E i fe —
B, MR e S "S5 BR gL BE
RVLAD #.0 I A Ja 1Y B EAFE Fo 1 A
FEAE WG 25 8] (%) o0 7 B B R A TS I A R AE
(FyFi R FOALZE i SO IR A S8 FRAE (Fo Fy
MFED RS Ik A EE S, &0t
Transformer i X 3¢ BB E 25 A2 (1 FRAE
Feor G ZRARTE ) a h s B R AR R
AR O PR 345 L BLS A1), B T ) 0K 5
(YRR SRS  SCASTE SUR G i) — Uk

K 6 7] M b T RVLAD % & & B L K
Transformer i S22 B AL A B AU 7340 L 3 51 R
“EBERENE AT SRS HEAEBE (2
SLEREID” Hb v, m. a0 q. 00 B FER 25t RVLAD
RE W Fys Fys Foo FoH 8 i RS0 EIRRE .
(DXFF Action{£:55 ., 51 5 23k 3 5 1 22 H. 1A EE 1

100
100+ 60}
& PR 75
" et ey 40
ap 50
25 95 20}
0 of 0t
-25 ol
25 20+
o i | 40
~78 -5+
-100 A _100t 60} :
-100 -75 50 25 0 25 50 75 100 ~-100 =75 -50 -25 O 25 50 75 100 -60 -40 -20 0 20 40 60

(a) FREEFFAES A

(b) RVLADZE & HFIE A

(c) Transformed HAFAE S0

5 -SNEFRHMENMiE . 206 3 0 @RS i CRINIRHIE F G830 RHIE F, LS ISERHIE F AR Fo. (2) F
(b) A LS A RIE 27 2, S B LS8 A SO 730 B AR A0 575 (b) v, SR G Y A28 RVLAD Z30 A v ) BEUSCAR B
oA LT R B RE B SRR IT . (o) 0T 7R R 20 A1 S ph SCAS R E 28 L5 B RFAE 27 , BN (93 SCH B T 3 A2

s BT BRI SR e T
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v times | L =
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- LA skateboar
ﬂ“ﬂ-"'rl upwnrfu' ﬂrlln'n ide (v H“a“shuml 4 %4 4, auest{a]  appear(a) motionlm) video|w ]-.3155,& = IL;_-I-‘Q:—&--;'
FMELTHISI (B IFERT) LUBRE LA EMEZ LB (EAEED) U TS B
FrameQA{T-% Count{E 5%
| o
how
¥ the colg 3 \
:‘: b:h?; : ”“ a Q: how it dm;-s times ‘.kui‘ebmmF‘ n\ many
021 e _K k' K, the jusp garbage cans S o \ does
oy H“ID ﬂlu A2 "- ‘: \\ \ times
v, I IJ &m‘ “‘1 skateboarded
I " : the F, \ the |
g £ [ | I _
1 LT |. Jump
allalnlunaclonn | ";2 = l I [ N _,_D
) garhags
3 3 2 23 2 3 : 23 :3 34 11 1 Y .
P2 412 341 4 1 2 1 {-':; ,_‘,- . I 2 3412 1 ;'m.\ \ ) [‘I___£|
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K6  TGIF-QA LR IIAE 55 B Al AL Bl

I Fe TR B2 qu Fl v, T W] T A SCHE M R 20 B A
fiE P A 30 . [BURHIE F 2003 RVLAD B4 6k
Ja s BRETE q1s g5 @ XL “spin”, “27, “woman” S
i b LA BERAE Fy 2050 RVLAD A8, %
iR AR E A BE 3 & A B 6 v (R L S Bh
spin &4 2 I Bo). (2) Transition 1145 % Ja 5
XTSRS e 4 R U e ), PR SRR B 2 ¢
B AEIZoN T 5 5 2 3k B A AR e R DR
R IE @, Fm,, X R IIE S FFE FO ARG Hb SRR 118
RGP IRAS ARSI T . 08 F 2 R A5 REEAE
g1 q; P E“Mlip 7, “ride” WIS KRB B VE H . iz BhRRAE
F 23 A 5 P AE m, h I B 2 28 )7 B 5
1. (3) FrameQA 1T 55 tf , % T [n] B “what is the
color of the hat 7 7, 515 2 3k 1 5 7 4345 AL HL e Jif
H R ZU A g F @y AR SO AR YR 1 g, 15 | 5 0] L
HERAIEIE T B ESM I a,. F 2t A5 RETE
CE ] “hat”. SMULRFIE F, AL E 3 A 3427 AR )
FIATE B — il n] LI . (D Count {145, 51 5 23k
T 553 A A ) 1 5 iR B Y g my, Bl o, RIS
SRHIE F, ML AL RHIE F AR R BRRE Fo 5] 5
T HERfE AL T PRIR “jump” BIAE . (A BURRE F 45 7E
q1»q. 19 “ump” LA & “cans” I, [A] I8 S AFAE F,, A14H
GBS RHE F 43 500 e 3 E A B 2 B A Be 3

AL B 6 BIMLM R B 7 b IEAFE SR T IR
“Jump” AT R EANL . A ST AR R A F BAEA RS
N HEHIE B 58 . DU AT 55 1 Al R Ak 1 2% 1

T ZEEAEIE (F o Fon Fo R F ) BOBAEF , thilk
W7 RVLAD RE B R G 68T M2 HEM: DL R AE
Transformer 8 i S H A 2EPE

EE 7, RATER T — A& SCJ7 ik
HCRNY [y ] 2 # AL ) . 58K A SC O i A L
HCRN" A= il 9 2 58 58 i 7 . 4 Count (a)
HCRN £ 132 #K 17 4 “pump hips” & A= I £t
3 A SCIE AU IR B 2. FrameQA (a) 7,
HCRN 5 52 b A Ao ik 35 PR BE 3 19 “room ™. A 3C
75 ¥ WU AE A U0 H“minor”. 1E A 2 8 “minor” 1)
PR 0 25 P55« AT B S R AR A SN LRRAIE , 5 55
HBE TR 1% R B WL o PR A4 B RE 7 . Transition (b)
o JE TN AN S VE 5 “kiss AR AR L » HCRN 415 H)
W7k “receive a kiss from another™ , Tfij A< SC o 7 #fy b
P B “stare” SR , 3R WS SCT5 4 T 17 AT 7 A 1t
SENAE . FE 61 F Action(a) 1, “lower hand” F1“close
leg” BN A I 7E AT H HY B, AR SC T 9 38 ok ) A v )
“2 times™ 5 | LI AR T IE#A I close leg” 1 L.

Ji5h FRATHEE 8 g 28 T = E 5 BAG BE ik
PERYRIATE , AR DA 28, AR SCRE AL T 11 24 S8 1 1
FE R RG] . SR, Zeak N T3P, A S 2R I 2 441
HAE AR R B R 22 L T %) 45 SR R 2 I 2B 58
B+ 1 )& T I R AT 55 . % T 1)@ How
many times does the dog jump ? (iX H #y Bk EK 1 JL
R A SCEEAI SR A5 5 R 3 UK s /N AR 1 U Bk R 1)
W 2N 3., A SORE AU 2I0KS 20 1 sh /15 L . 41
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Q: How many times does the man pump hips? Q: How many times does the person scratch der?
HCRN: 2 IEWEs R 3 HCRN: © IEWE R 2
FArgER: 3 RLEER: 2 Count (b)

Q: Where is the woman seductively kissing her reflection? Q: What does the man dances and another man open?
HCRN EREER: mirror HCRN: hon EWi%E % door

mirror FrameQMa) AuEEE: door FrameQA (b)
Q: What does the man do after smile? R: What does the redhead do beforc look away slowly?
HCRN: bendover IEMaEE:  have a flower in mouth HCRN: receiv iss from another IEMi%58. stare at friend
AGR:  have a flover in mouth Transititon(a) A3X#R: stare at friend Transititon(b)

Q; What does the man on left do 2 times? Q; What does the toddler do 2 times?

HCRN: lower hand IEWiss 8. closeleg HCRN: EHEE B swing )
AR closeleg Action(a)  AHEH: swing Action (b)

E7 TGIF-QA it ARSI RS HCRN Jr ik 1 [n] 245 S AL

- - —
—_— I B2UBR I BRER

[ [4: How many times does the dog jump?

T % EEE 3. 2 AHR: 3
fal-f-2

I"] #i: What does the cat do befare hide face?
EikE%: (A) freeze (B) yell (C) wave at the camera (D) land in snow (E) look forward

IEfuEER: (C) wave at the camera AR, (A) freeze
53

[ {5; What does the horse do 2 times?

ik %: (A) step feet (B) spin body (C) jump (D} kick leg (E) shoot with the gun
EMig®: (© jump FLER: (A) step feet

K8 TGIF-QA BdliE i R M & 4
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do before hide face? (X H i 78 # 11 = 1 7F 5% 1
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GERS”. e N TKIE , “freeze CEMS) " e & FRAY
B RG2S EAR R 2 L A SRR A
REMSHE B I 25 58 . A3 S8R LR ) AN AR 25
B 2E AHAFAE Z A RS U MELLIX . i,
B+ 3 )@ T £k & 55 . B SChRZ R “jump (B
BRO” A SO YR £ T “step feet (BEID 7. 252 AR
P9 3 B RLAT N 25 5 T8 i BE /N o NS M
PLGrHE“step feet CEEJED 7 F1jump (BEER) " A9 4l i 2
b RLT P S Y

5 & i

-

AR T — L AT AN SCA B PP R 1 1
XA I TVLAD-Net i i 5 T8 2519 RVLAD
PRI A RS N O L, FF 5] A Transformer
T X AE BTG AR AN 5 ) b () G R, 5 | 5
S ()R 22 (A1 58 SLGIE » e i 30 3 22 28 A A
HORAG M BA 58 . SEOREs SRR AR SO e =3k
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Background

In recent years, short video—based Al applications are
popular. People share their daily lives conveniently. The amount
of short videos on the Internet is huge, and how to effectively
understand and summarize the core contents of these videos is an
urgent issue to be solved. Video question answering (VideoQA)
is a task to answer the question based on a video with rich visual
content. It is an important and typical research topic in the fields
of computer vision and natural language processing.

For VideoQA , current works usually adopt the encoder-
decoder structure. Various encoders are used to extract the
representations of video and question, 7. e. , visual and textual
feature sequences. Then, these visual and textual features are
incorporated into a multimodal embedding vector for answer
decoding via RNN cells, attention mechanisms, or graph—based
modules. At last, according to each specific type of question—
answer task, different decoders are employed to reason the
correct answer. The existing works promise that they have
obtained the feature sequences of frames, clips and words
independently, and learned visual-textual correlation between
video and question.

In this work, we argue that after feature extraction, merely

modeling relationship between individual frames (vision) , clips
(vision) and words (language) is insufficient to infer the correct
answer. Up to now, learning appropriate representation of video
is still has a long way to develop, so is the representation of words
in question too. For example, due to the dynamic and temporal
nature of video, it tends to have redundant information, and
directly performing cross—modal interaction will learn
uninformative relations for VideoQA. Motived by this view, how
to summarize core sequential clues in the video and question is a
core technical point in this work. We hope and believe our work
will insight other related video—based applications.

Our academic group devote to the research of visual &.
language understanding and reasoning, and has published some
related works about visual dialog in the top conferences and
journals such as IEEE TPAMI, IEEE TIP, CVPR. AAAI,
ACM MM, and IJCAIL These works provide a preliminary
foundation for the research on the VideoQA task.

This work was supported in part by the National Natural
Science Foundation of China under Grant 62272144, Grant
U20A20183, Grant 62020106007, and Grant 72188101, and in
part by the Major Project of Anhui Province under Grant
No. 202203a05020011.
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