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Abstract

Visual question answering is a challenging multimodal task that bridges the fields of computer vi-
sion and natural language processing. In this task, the model needs to effectively extract informa-
tion and give the correct answer based on the given picture and related questions. However, since
images and texts belong to different modalities, there are serious semantic differences. Therefore,
how to effectively align information from different modalities and reduce semantic differences is a
key concern in the current field of visual question answering. In view of the huge difference in the
granularity of image and text information in the multi-modal alignment stage of current visual
question answering methods, this paper proposes an intelligent question answering model based
on visual discretization (PDID: Pixel Discretization and Instance Discretization) and is assisted by
a modal attention mechanism, cross-modal information and semantic alignment. There is a huge
difference in the information granularity of the feature data of images with pixels as the smallest
unit and the feature data of text with words as the smallest unit. That is, language can complete
the construction of the entire text semantic space with up to tens of thousands of words, and the
image is constructed from a billion-level RGB three primary color array. This shows that it is dif-
ficult to align the image with the text by directly modeling the image in pixels. This article adopts a
variety of image discretization methods. On the one hand, it discretizes image pixels and discre-
tizes image pixels in four forms: color discretization, intensity discretization, texture discretiza-
tion, and space discretization, approaching text in an order of magnitude. The minimum number
of primitives of the feature; on the other hand, through soft coding of image semantic features, the
deep-level semantic features of the image are discretized, the semantic features of the image are
aligned with the word semantics of the text, and the word semantic information of the text fea-
tures is approximated at the semantic level quantity. In addition, this paper proposes a new type
of visual relationship fusion module. The visual relationship fusion module is used to capture the
interactive information of discrete features and continuous features within the same modality,
providing rich visual features for the model. This paper first uses the self-attention method to ex-
tract the correlation between features within the modality, that is, extracts the visual global rela-
tionship, and then uses the channel space separation attention for cross-modal combination to
provide a larger representation space and locally guided global features and more supplementary
information. In order to verify the effectiveness of this method, extensive experiments were con-
ducted on the VQA-v2, COCO-QA, and VQA-CP v2 data sets, which fully verified the effectiveness of
this method in visual question answering research based on discrete mechanisms in visual ques-
tion answering tasks. At the same time, it also reflects that the model still has strong generaliza-
tion ability in other cross-modal tasks (image text matching, instruction expression).
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Figure 1. Baseline model prediction and labeling for location issues
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Figure 4. PDID model flow chart
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Figure 5. Structure diagram of intra-modal attention and inter-modal attention
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Figure 6. Model training accuracy and loss value chart

& 6. BREN)IZGEFHRFBLEE

20

Epoch

40

Table 1. Comparative experimental results of PDID model on VQA-v2.0 data set

52 1. PDID ##2!7F VQA-v2.0 H1BE FRIXTEL SLIR 4R

50

60

Training Loss

Test-dev (%)

Test-std (%)

Method Faster RCNN

Y/N Num  Other  Overall Y/N Num  Other  Overall
SLA [14] x 79.95 40.35 55.86 63.89 80.01 40.63 55.82 64.06
MLB [15] X - - - - 84.02 3790 54.77 65.07
Bottom-up [16] \ 81.82 4421  56.05 65.32 8220 4390 56.26 65.67
CGN [17] v - - - - 8291 4713 56.22 66.18
v-VRANEet [18] v 83.31 4551 5841 67.20 83.39 4496 58.49 67.34
Multi-grained [19] v 83.60 47.02 58.24 67.41 83.88 46.60 58.50 67.73
VCTREE-HL [20] \ 84.28 4778 59.11 68.19 8455 4736 59.34 68.49
CRA-Net [21] \/ 84.87 49.46  59.08 68.61 85.21 4843  59.42 68.92
Cap-Aid [22] N - - - - 86.15 47.41 60.41  69.66
MLIN [23] \/ 8596 5293 60.40 70.18 - - - 70.28
DFAF [24] \/ 86.09 53.32 60.49 70.22 - - - 70.34
MCAN [25] Y 86.82 5326 60.72 70.63 - - - 70.90
CAM [26] V 85.18 4735 59.76 68.82 85.22 46.98 59.91 68.99
MRA-Net [27] V 85.58 48.92 59.46 69.02 85.83 49.22 59.86 69.46

ALSA [28] Y 85.73 4898  59.17 69.21 - - - -
PDID (ours) X 86.81 53.36 60.33 71.02 86.99 53.09 65.28 71.23
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Table 2. Comparative experimental results of PDID model on COCO-QA data set
% 2. PDID fRE{7f COCO-QA HEE FHIXTEL SR ZER

Method Faster RCNN Object  Number  Color  Location WUPS0.9  WUPS0.0  Overall
SAN [29] x 65.40 48.60 57.90 54.00 71.60 90.90 61.60
HieCoAtt [30] X 68.00 51.00 62.90 58.80 75.10 92.00 65.40
Dual-MFA [31] V 68.86 51.32 65.89 58.92 76.15 92.29 66.49
CVA [32] V 69.55 50.76 68.96 59.93 76.70 92.41 67.51
ODA [33] \ 70.48 54.70 74.17 60.90 78.29 93.02 69.33
CoR-3 [34] \ 70.42 55.83 74.13 60.57 78.10 92.86 69.38
MRA-Net [35] \/ 71.40 56.42 74.69 60.62 79.03 93.21 70.27
CAM [36] \ 70.32 55.26 77.10 59.28 78.53 92.97 69.68
PDID (ours) X 71.46 55.04 74.88 61.01 78.89 92.94 70.11

Table 3. Comparative experimental results of PDID model on VQA-CP v2 data set
5% 3. PDID 1287 VQA-CP v2 #i#E & FRIFTEESLIR4E R

Method Faster RCNN Y/N Num Other Overall
SAN [29] x 38.35 11.14 21.74 24.96
RAMEN [30] v - - - 39.21
MulRel [31] x 42.85 13.17 45.04 39.54
Bottom-up [16] x 42.27 11.93 46.05 39.74
ReGAT [32] \ - - - 40.42
CAM [36] v 43.29 12.31 45.41 39.75
MRA-Net [35] y 44,53 13.05 45.83 40.45
PDID (ours) x 50.82 13.24 40.39 42.09

5.4. JHRASCIE

5.4.1. EEURBUERLSILE
A3CK PDID i T = ZH A ARSEES, 43 5I5AIE T backbone X BEAY 25 BEIKISEmA , 14 3 ) Sk B e DA &
BB I R HIGE

5.4.2. backbone Z5#J;HRISCIE

H 1) B A RE S AR BR AP I A3, DR T vaa-cpv2 BE A, Hi ) R HER R — AR,
AR SC 1) B BEASE, JEAN 2 6 50 1] 3 R K IR REmT, T DA SCIA st B0 Il Rt 75 2 — e W
FUIZER, AR 56 528 557 1) 3 B S5 A2 0] T30 il R SR AN & — MR IF I iR e S % . ARFE % 4 7]
A1, resnetl0L Lt resnet50, AEWSHEAT M HEHEG IR ZRAE, BT ABCRESA A FIFLE 4/ BTt
R TTVRLE vaal.0 LR T/, JRIK AT RE A2 vaal.0 < B FEHE 52 1) [0] 20 st LB MR SC AR AE, T
PSR AR A SR BB SRR S o 1T i 2 AT A B 22 40 vaa2.0 vaa-cp 25, 10 o B 45 20 A ot A 4 1
T B A (BRI b A R AFE

5.4.3. FEBEHLHENK
W 7 fios, TR AR S , SRR LT, 18R FN 75 B e & 2 Fe B AL 2R i S B A 2Rt a)
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Table 4. Test-dev and test-std indicators of the PDID model under different backbones on four data sets
%2 4. A~[E) backbone T~AY PDID #REIE YN EIHEEE L HY test-dev F0 test-std F84R

Faster Test-dev (%) Test-std (%)

Method Data Set RCNN
YIN Num  Other Overall Y/N Num  Other Overall

PDID (Resnet-18)  VQA v2.0 x 7557 3468 4099 5413 7296 36.05 4095 54.33
PDID (Resnet-50)  VQA V2.0 V8377 4912 5713 6881 81.82 4229 5599 64.38
PDID (Resnet-101)  VQA v2.0 Vv 8681 5336 6033 7102 8699 53.09 6528 7123
PDID (Resnet-18)  VQA V1.0 x 7501 29.69 39.87 5202 7522 2991 4026 53.95
PDID (Resnet-50)  VQA V1.0 V8259 4424 5624 67.93 8193 4395 5603 68.12
PDID (Resnet-101)  VQA V1.0 Y 8388 4485 5733 6899 8301 4417 56.36 69.01
PDID (Resnet-18)  VQA-CP v2 x - - - - 4055 1105 3079  29.32
PDID (Resnet-50)  VQA-CPv2 - - - - 4684 1272 3597  36.39
PDID (Resnet-101)  VQA-CPv2 - - - - 4725 1321 3698 37.75
PDID (Resnet-18)  COCO-QA X - - - - - - - 60.24
PDID (Resnet-50) ~ COCO-QA v - - - - - - - 68.68
PDID (Resnet-101)  COCO-QA N - - - - - - - 68.91

PDID (Original) VQA V2.0 x 8691 5334 6045 71.08 87.99 5408 6537 7187

PDID (Original) VQA VL0 x 8672 4524 6045 7011 8699 4524 60.37 69.68

PDID (Original)  VQA-CP v2 x - - - - 5082 1324 4039  42.09

PDID (Original) ~ COCO-QA x - - - - - - - 70.94
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Figure 7. Number of attention heads on model performance on different datasets
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5.4.4. EHURIATHRLNR

Table 5. Test-dev and test-std indicators of the PDID model with PD or ID on four data sets
= 5. AL EEMERE PDID {RB7E PO HESE LAY test-dev FN test-std F5#x

Test-dev (%) Test-std (%)
Y/N Num  Other  Overall Y/N Num  Other  Overall

Method Data Set Faster RCNN

PD VQA v2.0 x 7437 3468 4099 5223 7037 3500 4025  53.59
ID VQA v2.0 J 82.87 4915 5613 67.83 80.22 4120 5569  64.39
PDID VQA v2.0 J 8395 4935 57.25 6898  80.90 4281 5827  66.69
PD VQA v1.0 x 7471 2935 37.97 5162 7222 2991 4128 5278
ID VQA v1.0 J 8169 4422 5414 6803 80.93 4395 5803  68.62
PDID VQA v1.0 J 8298 4486 57.23 6899 8201 4417 5839  68.06
PD VQA-CP v2 x 4055 11.05 3469 2538
ID VQA-CP v2 J 46.84 1272 37.62  33.39
PDID  VQA-CPV2 J 4725 1321 369 3575
PD COCO-QA x 62.24
ID COCO-QA y 68.72
PDID COCO-QA y 68.91

PD fEAIFE 2 N pixel-discretization FOAELAY, 117 ID REAYAH N FIFE & R A instance-discretization
(IR, 1fi PDID NRASCHI AR, FATES HR S0 5 SR MGG R B BB ANE SR U s
AR RAERIMGREBL R T B EN, WREAGRERL, RAESCEB BRI 72,
T R i SO B OB T8 31 S B A ER A 3 it B B0 o 31 om a2 S . TR 1 X
BB PR HR SR AR R UL 22 e AN K, IR BB T S B AT R 75 T TR A AR AR 2R R A

5 BR&ERE

TERLE 7] ZF (Visual Question Answering, VQA) 3 4t HH St U B iy >k 1 Lo e s . 1ok,
Bt T VOQA RGEMMERTE. 75— ML RN B A O 1 SO B] . I S H S G0 3 2 A8 T 2
B, BESMEE, SO, B EHUCA Bh T Frifk b X Lo 54 .

RUEAFAEIX SR, (A7E VQA F 40 St UG B B B I IR B R o G o — > S R R Pl B Ak
AR OR B AN TKT . i 2 AR AT RE R EO T EGRACT, i AT RE S B0 E SRR T HER AR P
BREE R . LAk, B2 H S A I st S S B A br A N S AR vl Re B G Btttk R
25 (0 SR RNV AT

53— M HRERRAE 2 BRI SZ 42 1] (1 R 58 v 1 A e B AL R . R St S b B MR E T L DGR
T ARIAL B 5 TH AT R A IR OR IRk o B PR B O 6 8 Al B2 380 AN [ R ) S BRI — T R 1)
555 . IXFPAR Sk v BREE I R G2 AR 7T, A FAE A [ 2R A (1 BB L[] 25 1) i ) e 0 32 B 0

UG B S VQA R G HAR (i SR TE 5 AL BRI B 5 ) SR I A Ay R Pk R . i i s
AR (R TCEEAE BT R AU AR M e 2 G B B . LD AN SCAN B 3R R A — BT B8 T BUR AR R 1% 25
%o LA R 7 BT 515 T RS A BRI B G T AR R TR R R ) — N S HR A

MR, BEEEULRERTT T VQA RAMTERE. Titm TERIYE, A RO A L
W, $em VM ERCE, FHERE RN ARG LIRS X e S R S UL O VQA BIRFREER
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