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Answer mask-fused visual question answering model

Wang Feng, Shi Fangyu, Zhao Jia", Zhang Xuesong, Wang Xuefeng
School of Computer and Information Engineering , Fuyang Normal University, FuYang 236041, China

Abstract: Objective Visual question answering (VQA) is essential for artificial intelligence (Al) in recent years. Current
VQA is concerned of the linkage of natural language processing and computer vision more. Therefore, VQA-related model
is required for text and image information processing simultaneously, and the information of these two modes can be fused
to infer the answer. Such popular VQA models like VQA v2. 0 dataset have been developing in terms of a deep neural net-
work and trained samples. However, these prior language models-based tasks can be simplified to learn the surface rela-

tionship for answer questions between questions and answers. The weakness of uneven distribution of answers is still to be
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challenged for its weak generalization and poor performance in the VQA-CP v2. 0 dataset. Specifically, language problems-
prior has threatened for its prediction errors of the model and the predicted answer and question are in irrelevance. To opti-
mize this non-linkage and generalization of the model, we develop an answer mask-related method to cover the irrelevant
answers for predictable results, which can forge the model to learn the deeper relationship between question and answer.
The prediction accuracy of the model can be improved as well. Method The prediction results of the baseline model is
masked via the answer mask. It is necessary to cluster all candidate answers and fewer answers-involved for each type of
answer can be used to preserve accurate classification through more answers-irrelevant coverage of mask-of the prediction
results. The answers consist of non-contextual words and phrases. Conventional Word2Vec and Glove is still challenged for
its effectiveness of these encoded answers. Such clip is illustrated as the encoder to extract the answer features. And, the k-
means algorithm is used to cluster answer-extracted feature vectors. After clustering, original dataset can be modified and
the corresponded type is changed to the clustering-after type answer of the dataset, and different answer mask vectors are
generated for each answer type. The answer mask vector is structured of 0 and 1. The elements of the vector can be
assigned to 1 when the corresponding positions are contained for each answer type, and the others are configured to 0; the
impact of irrelevant answers of prediction can be eliminated for final results of the baseline model. We design an answer
type recognition model, which uses the questions and answers types for pre-training. Input question-based model can be
used to predict the answer type corresponding to the question. The model’ s accuracy can reflect the quality of clustering
work, and its prediction results are the basis for the optioned answers mask types- task. The baseline model is focused on
encoding the image and text and depth neural network is linked to fuse the image and text features. The preliminary predic-
tion results can be obtained through the classifier as well. First, corresponding answer mask vector is leaked out in terms of
answer type identification model-based prediction results. Then, the multiplied prediction results are generated via the
baseline model and the distribution of irrelevant answers are covered in the prediction results of the baseline model. At the
end, final results are predicted. The model is trained to learn the corresponding relationship between the types of questions
and answers. Result We selected out UpDn, RUBi, LMH and CSS as baseline models and experiments are carried out on
three large public datasets mentioned below. VQA-CP v2. 0 dataset-related experiments can show its potentials for model’s
accuracy. Three sort of accuracy of the UpDn, LMH and CSS model are improved by 2. 15%, 2.29% and 2. 02% each.
Among them, the higher accuracy of the CSS model is reached to 60. 14%. Additionally, our model’s accuracy is pre-
served when VQA v2. O-related accuracy is reduced. The VQA v2. 0-based experimental results show that the accuracy of
most baseline models are improved further. Among them, the accuracy of the CSS model is optimized by 3. 18%. To dem-
onstrate better generalization of our model, comparative experiments are carried out on VQA-CP v1. O dataset further. The
experimental results show that our method is mutual-benefited for most of baseline models, which is sufficient to reflect its
potential ability of generalization. Furthermore, ablation experiment on VQA-CP v2. 0 shows that the accuracy can be opti-
mized further in terms of the answer mask. Conclusion We develop an answer mask-related method to cover irrelevant
answers in the model prediction results and the final influence of irrelevant answers can be alleviated. The model is yielded
to learn the corresponding relationship between the question and the answer type, and its challenge can be resolved for the
question-irrelevant model’s prediction answer to a certain extent , and the model’s generalization and accuracy can be opli-
mized as well.

Key words: visual question answering (VQA) ; language priors; answer clustering; answer mask ; answer type recognition
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Fig. 5  Overall structure of answer type identification model
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It GRU $& 5[] UAFAIE ) 2 ¢ XF T4, UpDn R
HFET AR W A B ) Faster R-CNN $2 BURFIE v
153 ] URTEMGRRAE f5 , UpDn A1 IR SURRE 5 | 4]
PRI A B E TR R T, DR G ) S
X5 A R MR i P, BAR R

P, = Pma(A| I,Q) = softmax(qua(v, q)) (6)

T 45 R 5K R AR A ga, B A U
K Lyyon N

—%iil[gai logz(P\,q,d) + (1 - gai)logz(l - P\,qa)](7)
(DB Ly, 5 BB IT R A5 45
THRE 2 SR
RUBi 7€ UpDn ) 5Efili 38 i 1 — />3 () 455
R 2R 2R S W RS, Q — AV AR R ALY
(i) R TR L P 257 58 o AN IR) RS A ] BRI hy
P, = Pqu(A|Q) = softmax(fqa(q)) (8)
RUBI K UpDn AV [] AR Y il 575 3] e 4 Y 13
MZER ., BARH
Py :ﬁqa(”ﬂ)@a'(fqu(‘I)) (9)
Krp, © R AT X, 0 FIR sigmoid PIE PREL
AR EE A5 B AR 38 UK Loy, IF 1T
SRLAS ) RS Y 55 2 R b 28 14 28 SR 2 Ly, 5 A
IVERS B Ly
LMH 5| A A 5] 452 B 9 2 1 5 5t e [
5 RUBI 05 Mg AS[R], LMH 51 A A 7] B 58
Jia) 24 AR ([ ) 5 ) 3 ) A7 Sy i AL A7 0000, T
FAREESE w22 . LMHK; UpDn AW [n) RS
AlG AR I ZE R BAK R
Py = softmax(log, (p) + g (x)log, (b)) (10)
K p = £,(0.9).b = £,(q). g(x) A AT 2 T g
PRI, PRELER IR A softplus (@ - h,), 0 N AT 5
Bl i, (-) R SLBR s BIE b N AR TE R AY
IR Ja— A BRORUZ RS
TR UK Ly, 0 T Bj Ik g (x) = ORI
ok A B 22 AEAb R TR AR 30T, 45 3 fe 28 1
K Ly B
R=/\H(softmax(g(x)log2(b))) (11)

K L NBSHEH (2) == 2 1og, ().

CSS i FH iz = 52 FE AR YI A Lk il 5205
B ST R A B sl A A5 A X i
ZOEZN TTIR I, SR 5 AR AR TR B S [ A G
BT B PR 1) Kt DX IO A T 25 i) o FLA T
FIRE S BRI LA, CSSEAYLL UpDn hy 2
filt, ZE VI 253 A8 v it ] LMH (49 7 55 2 T4k
AL
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WAy B 5 BRI R HE T RlS . DL UpDn
1], %8 T AR L ZHAEAS 28 S R RN U A AL Tty
ZAREA B 0] XTI B 2 268 C, IR 2%
ZEAHERY m X UpDn A5 5 1) T30 25 5 26 47 308 o5, 75 31
RATMEER P, BAKR
P, = softmax(m,; O f, .. (v, q,)) (12)
T o, F1 g 026 L AR T i RGO ) VR AR 1]
R, VR TIUIN £45 R 5 S 0E SR A 1 58 3L
PR Loss , I MR8 12401 K VR B SERBATRY (1) ) 25 S50

1 N
. [ga,i log, (P,) + (1 - gai)logz(l - Pi)]

Loss :_N 2
(13)

3 LWAHE

3.1 #HiEKE

AR SC A R B [ 25 408 1) 3 A4S R LA T B
A X A B HEA T YN SRR ITAR o

1) VQA v2. 0 B¥i 45 . VQA v2.0 50 M illl 45 4
(train) K {ESE (val) FIIRAE (test) o I BIEAE 1Y 1]
14452k A MS COCO (microsoft common objects in con-
text ) BCIELE (Lin 25 ,2014) . YIZRHE 415 82 783 1R
FIM5 443 757 TR RE AT 4 437 STONE S B IE &
40 504 1% KM% 214 354 S TA] AT 2 143 540 &
285 A AR A0 5 81 434 MR BIMZR F 447 793 4 [n] &
VQA v2. 07E VQA v1. 0 iy Ll b dE 47 T4k, 1
i Pl A5 388 o1 1 1A ) RN Xk 7 ) 25 58, ok B 4 ok
TFTY 0. X REA I, ERAT P AH AL R S
ZXF N, I HH X P P A 3 1 2 i AN AR TA]
S B IR A B O S A | RS AR G 3 K]
Gk [ 25 [ R, A — 2 B BE sk /D 1B 5 e .

2)VQA-CP v1. 0B % . H T VQA v1. 0l Zk
AR RTINS B2 28 A A AR AL, X R — 2 [l i, 5370
AT ERE IR, AT E &I e 12k )
IRUE I 2 128 S i RRS AR N T S AR K
R AEFERCRINTE T e . VQA-CP v1. 0 XJ H ik
AP B B KU GR e A A4 T AL, i o0 Bk
it 11 25 B R 4R 128 58 23 A S AT BEOR [A) , B A TG
A E 5 e TR S E 5 E AR A A RICR

3)VQA-CP v2. O $#i 45 . AR VQA v2. 03 it
BAEAS 1 7 2R TR e HR I R
FBEAE 128 28 o3 A ATy SR AR o 481 G af [ 250 1Y)

()R, IS4 TG IE 4R I R 2 IS B 17, A
BEUG A Z /0P A8 N G2 M4 1 g Re e 5
WEAE USRS R IR F R H ., &
T E, VQA-CP v2. 0 B3 T X PR LG, 18] 6 4L
PEAE 8 R H WA “How many” F1“What color is the”
Y (1 [n) REAE YN R RN 4 1 24 2 o A 0L
HTAEZHERZ UBR T IR SR Z TS
NER IO, IWE 6 7T LI i, VQA-CP
v2. O VISR A AN R A 25 58 03 A 22 R BOK , BB HE T 4
b Al AR AZ 15 T S 00 R e )RR 2 H A B
(9 BB 0] 24 B0 H0 4R o AR SOt AR B AE VQA-CP
v2. 0 B A 4R b %) R Ay Al s A AU PR RE Y
fehr .
3.2 KIHEXIEE

SEEGAE Linux Ubuntu 20. 04, 1 #24E &4 E kAT,
GPU %I 5} GeForce RTX 2080 Ti, R Ji 2% > HEZE Hy
PyTorch 1.7. 1, SEES AR AL 2R Python BERS,
WA A Python 3. 9. 5 il Python 2. 7. 5.

AR ST VAR FH ) BBl 0L i ) A 1) A R 14
HE 7, L0 th R XY A S B T B . S
WAL B E = 6, batch_size = 512, Y| Zr IR E

epoch =50,
100 100
90 25 o =beige
- 80 =13 . 80 =tan
S 70 =5 = 70 =gray
= 60 0 = 60 ared
750 =1 1T 50 =blue
M40 =8 M 40 syellow
¥ 30 6 30 green
20 4 20 =brown
10 =3 10 =black
0 . 2 0 . =white
train test train test

(a) “How many”Z$#J (b) “What color is the 2%
16 AN S (1 ) R 58 43 A i 100

Fig. 6 The distribution of different types of questions and
answers( (a) “How many” type; (b) “What color is the” type)

4 RRERSH

LUy FEAE VQA-CP v2. 0 Fdi 4 EibAT, LI
TIAE VQA-CP v2. 0 I A4 | Aty A o Afy 2 LA K% A
“yes/mo” |\ “number” | “other” 3 Bt [n] B |- % 1 Ay R A
AR AR AE . AR SC SR B B 1Y 2B SR Nk AT
THEBRI Gy AR T ORE S5 45 R 1 A P
RO E | A3 8K Fie B I B0 B 19 DF 43 A o E AT
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P53 o
RS54 UpDn . RUBI  LMH 1 CSS it 4
RUFEAT RSS2, o T B R s A S5 s A Rk

x1

PEFI O] RS HENE , B 5 I A AL S SE RS A 7E VQA-
CP v2.0 & VQA v2. 0 L s R 4T L, 3k 1
JiR o

AXFHEFESAEEMERZE VQA-CP v2. 0K &5 VQA v2. 0I6IFE FHERE

Table 1 The accuracies of our method with different basic models on VQA—-CP v2. 0 test set and VQA v2. 0 val set

1%

. VQA-CP v2.0 M3 4E VOQA v2.03iiF 4

- All Y/N Num Other AT All Y/N Num Other AT
UpDn’ 39.96 42.83 12.45 46.00 63.44 81.24 41.94 55.61
UpDn+7< 3¢ 42.11 54.87 13.07 43.39 +2.15 63.81 81.52 42.79 55.91 +0.37
RUBI® 46.56 68.48 11.52 44.69 60.42 76.98 40.07 53.23
RUBi+4< 47.25 72.71 11.69 43.66 +0.69 60.75 78.25 40.05 52.93 +0.33
LMH" 53.78 71.46 46.84 46.42 61.55 77.64 40.56 54.89
LMH+7 3 56.07 77.82 46.62 47.26 +2.29 61.41 80.06 38.45 53.30 -0.14
Css’ 58.12 82.22 53.45 46.78 57.12 66.05 39.73 54.94
CSS+A 60.14 87.39 52.41 47.98 +2.02 60.30 77.72 38.39 52.86 +3.18

TE I AR IR & IR ARG R, N R R TR R BT ER A f R AR, A T FOR R 5T FoR TR S

45

o

HIZ 1T LUt Rl T AR SOOT 51 4 RS 7R
VQA-CP v2. 0 ¥t 4is 4 I i 0 R A0 A 2 v, Hop
UpDn F1 LMH #8153 5142 55 1 2. 15% #12. 29%, CSS
BERIAR I T 2. 02%, 1551 60. 14%, J2& H B I 7] 2
WA 24 B BRI /KF- . RUBILLMH I CSS
HRHET UpDn A5 B HEAT Rt | 3k SEASERY I SR TE VOQA-
CP v2. O % 48 L9425 T HER R, {H7E VQA v2. 0
ERYBCRIFAGERRL, TA SO EAUE = 1R
TUAE VQA-CP v2. 0 K dii 5 1RG5 IR N do ity 1
RAERSPEHIZE VOQA v2. 0 LR, UL A SO 12
A LRz AR .

Ny i — A WA SO R Iz AR L 7E VQA-CP
v ORI AR DaEAT Y SRS A R R 2 o . ]
VA A8 SCT7 VR AR 70 A5 Y ) Tl 8 R AT T 42
Fio ZEATEVQA-CP v2. 0F1 VQA v2. 0 FGRIR, %
WA SO IR BAT Rz A

R3EoR T ATy 18 5 — AL ) 25 28 A A
R IBLF BB AT LR R 25 51 . Hoh el G S
U B S SANs (stacked attention networks ) ¥
28 PRt AL A5 Y MCB (multimodal compact bilinear ) |
[F] #F O 1 28 R 2 ) GVQA (grounded visual ques-
tion answering ) 15 Y | KL T [ M5B 2% ) ) SSL (self

R2 AXFEBEAEEMERTE VQA-CP L. 0
K & R R
Table 2 The accuracies of our method with different
basic models on VQA-CP vl1. 0 test set
1%

VQA-CP v1.09i 4L

A

All Y/N Num  Other A1
UpDn* 3875 4414 1269  43.85
UpDn+7A3C  38.63 4347 12,60 4426 -0.12
RUBI® 53.55  81.01 1293 4257
RUBi+AL  53.85 80.68 1211 4395 +03
LMH" 55.08  76.69 2456  45.87
LMH+A 3L  56.80 80.73 3046 4358  +1.72
CSs’ 60.08 8593  33.00 45.26
CSS+A L 60.73 87.34 3243 4566 +0.65

T ML PR R S B R R4 2R, T A e TR R BT Y
HEORA PR RS R, A T ORI AR T FOR TS
UodNETE

supervised learning )15 AL57 [A] 2 28 LA AL UpDn
H A 7E VQA-CP v2. 0 I R ILH 4F 1 RUBi . LMH F1
CSS B A D) Ko H T CSS AL A Y CSS+LC AL, i T
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I Ai7 22 I35 4 1) MUTANT 5 80 75 A 58 A8 B A
PEAT TR BN AR, IF BT T 3 2k 69
LXMERT (learning cross-modality encoder representa-
tions from transformers ) 4% % (Tan il Bansal, 2019) ,
SROFE R, R H AT

M3 AL Bl AR S5 R (19 CSS B R
FE VQA-CP v2. O 5UHE 4 I A3 B0 i 230, T %
DT HABBAL

®3 A EEETE VQA-CP v2. 0k & FHAER R
Table 3 The accuracies of different models on the
VQA-CP v2. 0 test set
1%

VQA-CP v2.0 1l izt 4E

A

All Y/N Num Other
SANs 24.96 38.35 11.14 21.74
GVQA 31.30 57.99 13.68 22.14
MCB 36.33 41.01 11.96 40.57
UpDn’ 39.96 42.83 12.45 46.00
RUBi" 46.56 68.48 11.52 44.69
LMH’ 53.78 71.46 46.84 46.42
SSL 57.59 86.53 29.87 41.42
Css 58.12 82.22 53.45 46.78
CSS+LC 59.18 86.99 49.89 47.16
CSS+ATL 60.14 87.39 52.41 47.98

R4 AXFHEECSSHEE FRHRKLE
Table 4 Ablation experiment of this method on CSS model

VQA-CP v2.0 a4 - 9 e /%

b

PR

=

Al Y/N Num Other A1
+CSS 58.12 8222 53.45 46.78
+CSS+ATL 60.14 87.39 5241 47.98 +2.02
+Q_CSS 56.66 80.82 45.83 46.98

LMH
+Q_CSS+AC 59.48 87.29 51.20 47.17 +2.82

+V_CSS 58.23 80.53 52.48 48.13
+V_CSS+AL 58.94 83.27 55.63 47.10 +0.71

TE R ARERIR & S B R 2R FoR B LB 2528

AR EEAE AR AR R B 4R T
BRUPERE . N T B el AR SO I AE B i IR TN
FRAOYEFT 76 VQA-CP v2. 050 4E E kA7 T4 Bl 52 56
ERNE APTR . Hof, Q_CSS AR AN 55 ] Y
S BT A B S SERE AR, V_CSS R R AGHE 75 R
1) S DX I A U SR A . T LR A SO
54 R SR A 1) LMH AR Rl A, T DL s
UM HERR % . 2 SEREAS R LMH i 3157 i B4l 4
IAE FH 2R SO A8 A AR 7R 2 o ) R 8 28 2R AL 2
] PR G 2R, INTTTBR i3 T AR A M i

FEEZ RIS TR B RN E k, RV
BRI DA B X R —
SESC . kAR, BB RS A R E
(LS S R T A SN A A ve oo I E AN

T L PR TR 25 B B A R, T R A o A S AR 8 o
WA LR, A T ST

RO (R 3R 23 AR e 2 B R A P E
2308/ AHE SRR AP UN BRI MER R 4 .
UEHEAT T SRS 25 RN B 7 s . W RAE
Bl Fe P85 T, T A0 23 7R D30 A5 7 1) o A SR AS R o
1, AlA5 I 1R CSS AR B o ff 23R KR L e 2 PR AR
R, TEk = 6, 2 S HENH 11 7 26 31 LR [ 2k 784
PRSI TR () YA 0 B SR (0 R 2R 0 v
IWHCE = 6. % VQA-CP v2. 0 ¥l dE rh i 2 2 2k

IOOM
90

80
s 70
= 60 -o—e—0—0—0—0—0—0—0—0—0—0
o

50

= —o— A FIPI A

= —0— CSS+ASL

4 5 6 7 8 9 10 11 12 13 14 15
k

BT BB RS R 5 (Y 5

Fig. 7 The influence of £ value on model accuracy

wycsliio = yes/no
= number
38% o

25% (WSS - b 6% color

time
other = country

9%
= other
0.07%
°0.02%
(a) JFHRAE (b) RKSE

8  IRIHIG BRI i
Fig. 8 Distribution of answer types before and after clustering

((a) original dataset; (b) after clustering)
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625,435 °M yes/mo .number . color . time | country Fll
other. &8 7R | RASH 5 25 Fh 24 S AU B 4R
LRy AtENL . AT RE R B R H AR
FONTE Z R o b R B R A AN
[, 2 B 28 G HE AT R NS | A TR BB A 2 ~F ][] R
VB LA Z AT R .

MEERFT A SO EAE Bk T T ALY
TR R P TR MERE . XA R TR B
%, % CSS \LMH 8 DL K A L7 :4E VQA-CP v2. 0
AR IR S5 SRR AT TR A, AR SO ek TR
RUZZAE T A iR 8 T HUACR . B9 on T &8
3 S4B AR TR T 285 SR L

Q: Are there more motorcycles or more cars?
HEER: cars
LMH: cars v/
Css: 2 X
CSS+A: cars v

Q: Are both of the cats asleep?

HIER: no
LMH: yes X
Css: 1 X
CSS+A:no v

Q: How many types of animals are in the picture?

Q: Why is there a reflection on the road?

5 & it

AR SCHE Y — 3 A 2 AT X LA AL B [ A
TR T 25 SR 1A T30 5 1 7 v 9D T8 A Bk i &
S5 05 38 N S A R 2 o ) ) RN A SR 2k
RIZ [ XS W K FR o 7E VQA-CP v2. 0546 | iy s
B a5 R A SO IR R 4 = A TR ) T oA 1 3
[F I, 76 VQA v2. 0 F1 VQA-CP v1. 05U 4E Ay S2e
EBL T A SO 3 B B Wz A6 7E VQA-CP
v2. 0 5040 A b 1) T Al S SO TIE B TR SO R A AL
PEo AT L RE IS B B AR A al (Y IR 42, 4 v T AR
R PERE

Q: Are there more kites or people in the photos?

HE%ER: 1 HSE R Kites
LMH: zecbra X LMH: 3 X

CSS: 1V CSS: no X
CSS+AX:1 v CSS+73: kites v/

Q: Is the picture in color?

ET%%E: lights
LMH: yes X

CSS: lights
CSS+A X : lights v

HEER: yes

LMH: black X
CSS: black X
CSS+AL:yes v

B9 ARSI 51 B RS Y T 45 R X L

Fig. 9 Comparison of model prediction results of partial examples

(HR A SOy B X B e e i 4R TR A BR
T HSZAE VQA v2. 0 FI VQA-CP vI. OXdia 4 |, X iid
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LIFAESEATIRIE . 0T DIMELE Si 58 A (202 D) #
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R S5 ey I B 24 22 A R — 2, T AR A m] A S 7Y
XX BN AT I A B R A R IR AR
TR Ty v, ] DL AR ) X 4 S 4, 4
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