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Abstract

Visual question answering (VQA) is a multimodal task involving images and text. Given an image
and a question expressed in natural language, a visual question answering system needs to under-
stand both visual and textual information in a complex way to provide an accurate answer to this
question about the image. The existing visual question answering model cannot effectively utilize
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the multi-level feature information of text and image information when acquiring the image area
related to the question. Therefore, we use the self-attention memory layer so that each layer of the
obtained feature contains the previous prior knowledge. At the same time, the cross-memory
module is used to input the weighted features of the encoder at all levels in all the guided atten-
tion layers of the decoder. By guided attention, the low-level and high-level information are fused,
and the multi-level information is used to better focus on key areas in the image features. In this
paper, we conduct comparative experiments on the VQA v2.0 dataset and show that the model can
make full use of the multi-level feature information of images and text, and is superior to the cur-
rent mainstream models.
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Figure 1. Composition of visual question answering system

B 1. e ZERGERK

DOI: 10.12677/csa.2023.136116 1189 THEAUR 5 R


https://doi.org/10.12677/csa.2023.136116
http://creativecommons.org/licenses/by/4.0/

SCABRE S

2. HXTI1E

R £ UFEF, G K BUR FE A 28 ) 28 155 B 40 SR 8 iy A 1] AT 55 IR I e o - S P R s ) 5 2 2
S H 4 SRR ) 2SRl G, (BTN E N 28 [6 3R I W RFAE, {8 FH LSTM [ 7152 BUCARRIE, # EIE
i) L [F R B — AN L AR R, SRS R RS B A AT RS, HEWTIRAE R TR IR ITE
WG V2 B SO A B AT 55, = IR B R R SO G X R B S B, BTG R,
AT ST 4 . Anderson 55 A\ [8]F2 H T —Fh B JECIa) HA1 B To[m) R A S & 003 = oL, IR B b Ik
& Faster R-CNN [9RSEIL H K A) b vER AT, 152 A4S BUR XS — MR R &, (8 B T
) T AR B AL R B A RRAE XA, o TS A R 53 AR ZE &, LIRS SE 4000 RE 1 5 B A

B 7 BRI B A 2, R [ I 75 B AR () R SCAC N 2, DRI, I RIS S 4 R R B 2 2
SCAVE R AR HIER /7. Nam [10]55 A3 H X EE R 4% DAN, FIH ORI E v & 5w
RS AR B ORVE , FEHEN AR B 5] 3, FEVLECH v 55 10) 35 BRI AR, SRAE B IR IE . Yu 58 A [11]
Peth 7 2 R AR, AR URFIE R R I 2R 1, IR R R OO E, SCARKHIES 5 E
BRHEMIREL, HE AR S BURFRHIE, LE15 S SCARMENGIER . Cadene 55 A[12]42 ¥ T-¢ R
() MUREL A58, e sk oy 31 2 2% =) 0 B3 AR BEAT HE R, 8 ) 5 26 s S B 1) A A R4 X 3 T 1) A8
I8 RO 2H B0 XSG R BT B . Yu S8 N [13 152 H R AR W [R) 7 = M 2% MCAN, {6 FH HVE =
JIRNG] R D A SN ) RE B ] AR S NS [B) A2 AT @, Ed AR 50 SR
JIIREYAL L &, AT DL SCACRI BB E BT IR BRI, SCI LR OGT . Chen 55 A[14]#2 H MEDAN £
AL, 3 ) G B 1 A G ) O B XA SR IR R B R E A B RRIEAS B . Guo FFA[I5]HEH
re-attention 2244, T SETEFEAEN FLA] - X GO AHALRE SR 2 S0 R AT R IRCE, AR T
FEAR LT G B A UG I . Liu 58 A [16]32 H DSACA B2, @it {5 HHT 52 Hh 1) B =L 43001
Xof 23 (B R 51 5 R 1 P S A f 1k 3047 2185 . Sharma 1 Jalal [17)18 F EURAHAIE R [F1 2 5 0T o0 RIS 5 X
JBORH DG B I 5L, el o 42 o) 28 T PR A BSOS R TR Ok R AT S, AR R U B,
FH W/ S R R FH AR G R SR

LIRTF AN AT RREFT, SBiEakE R IALE A T EBURE RS UG BB R, (BEBRAZ
A SRR B2 2 EFERSEIR AR, ASBERT & X (Rl g S a3 FiR B &R . i,
4558 G b — A N XS AN G s — ANV AR R X8, AE B e B AR R IO B0 T, AR MEHERT H 32 2 Ak
©o MBI ERISRI IR T, T LU R K MG A M R ) DX 33 AR AR M

AL MCAN [1388 A FERESER, f#H BERICIZHLE], PR TR R . 2 AT RIBE T LR
RIS 0] JAH S EHR XIS, ASREA SR H SCAR S BB AE B 2 5 IFrE, A1 B SdiZ )z,
fEA3 TS RHE R — 28 Z AT R e IR R0R, 8 18 5] S 3 B 77 2 3R IS DG SCAR AR OC B R X 3k
() Bsf ) FHAE SCICAZARER 18], AE Mt 3 (1) B A7 2= i i N\ b o 1) &% SRR, A SRB RS &R R B, i
FH 22 J2 05 S8 50 G 1 DG PR R AIE 1 D B DX
3. FXiBIZFEHER

ASCHEH — P T2 O ZE R I WAL 1) B A, A B AR SR ] 2 PR, EUERRHIE D H2 Y
J5154% K F Faster R-CNN P £8AE N REAE S B 26 55 AN [F PR AT REAE R B, SCAR A Glove [19] +
LSTM R4 SCAKRHE, FIH BERILIZZ M 5] S HE R 2R BRHE R OGS B, AMOSERIR
H5AFRREER, MARAETRZZREE, FES B BURRHE, KAWL - s
BHMHATE R CAE BN Z R H . e, KRS E A FSCARRHE TR G, 1E50 28
# Lk AT & ST .

DOI: 10.12677/csa.2023.136116 1190 MR 5 R


https://doi.org/10.12677/csa.2023.136116

SCABRE SE

\ s
/ / \

Q Whatis N \
the [ ! |
mustache | |
made of ? :
|
|

.’
E |
L
[
b
I
|
1 | L
| ’ =
Faster |
) GA GA |
5 RN : | . . | : l
L ! P
| ! :
! |
\,
N

J Encoder-Decoder /o

_

/
!
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
\
\,

Figure 2. The overall architecture of the model
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Figure 3. Encoder-decoder based on cross memory attention

B 3. ETRXIRIEENINME - D%

F(Xi,Y):iM(Xi,Y)Oai 2)
X Q2), o ZELIGEBERIPHFERIBEIELE . o, HOBCEBEA 7N RIE)R KA vk, iR
T ANRZ Z I8 AR EE B o T S O A D T B AR S S R A RS i N A TR
HISCHERE SR, WF:

DOI: 10.12677/csa.2023.136116 1191 THENUR 5 N H


https://doi.org/10.12677/csa.2023.136116

SCABRE S

=o(W,[v.M(X,Y)]+b) 3)
KQ)H, o J2 sigmoid BIEREL, W, & 2d x d BUEFERE, b 205 ) w2 H R .

3.2. ETEERICIZERN DS

TEgmidas b, @Sl BERE, fHBERICIZES S SRR, R AER R 2 kiE
ISALIRR N/\Mf%éﬁﬁiz,AEPﬂ:/\%Tu%TﬁfﬁﬁﬁzB’J SARTE R )RR, HA e R R ann(Q,K V)
YEH T Query, Key F1 Value 73 75%F N T & i) . BEAIME . XANEE TR A5 H 2 IACTr S m . A,
PATE AT E O MK Z [AIFIARIE 733 A Softmax ¥4 53 BUA—1k. SR A —1b )5 M = RUE
H5vais, ERIMBCEEIR &, d2 QMK 4R, X PANYERE A R Y

att(Q,K, V) = Soﬁmax(QT[;jV @)

SR, EVERE S TCIR LA I AR R, RRE R 2 2 IR E e &, IR BiE R
122 E 4, BEEEEHYHTAERER E’J%ﬁuﬁfr%j\j@i%m “rE” M, w LRI BT gt .
T FREIAS BRI TS NEE X, AN M, FIE M, 4 SZE Y a] 1 32 5 8 A58 A 2 ) )

att(Q.K.V') = attention(W,X K,V ) (5)
K=[WX,M,] (6)
V=[W,X,M,] ™)

Hor, M AU M, 2R BRI 23 24, IR ] 22 ST AN e, PREFERAEAE, AT RC
FRR. [, BERICIERMENZ TR, EERIEER b K ARSI RE W, Wi
W, MK R T 22 519042 My Mo SRJE SRR EANTFL SR AR 45 RO ke ok, 2.

z (OO O00)
//// \\\\
'/ —-[ Add & LayerNorm ] \\
|
| I |
| [ Feed Forward :
| |
- |
l [
|
I |
|
| —'[ Add & LayerNorm E
I I |
i [ Multi-head Attention }
| |
! |
! |
! |
' IIIIIIII IIIIIIII IIII |
! |
! |
! |
\\ /
3 /

Figure 4. Self attention memory layer
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Figure 6. Changes in accuracy during model training
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Table 2. Comparison of existing models in the VQA v2.0 dataset
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Language-only [20] 67.17 3141 27.36 4422 44.26
Bottom-up [§] 81.82 4421 56.05 65.32 65.67
DA-NTN [21] 84.29 47.17 57.92 67.56 67.94
Mutan [22] 82.88 44.54 56.50 66.01 66.38
Scence GCN [23] 82.72 46.85 57.77 66.81 67.14
MuRel [12] 84.77 49.84 57.85 68.03 68.41
BAN + Counter [24] 85.42 54.04 60.52 70.04 70.35
MCAN [13] 86.82 53.26 60.72 70.63 70.90
K 'E 86.91 53.08 61.03 70.85 71.03
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Figure 7. Comparison of model results
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