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Abstract: Objective Figure-based question and answer (Q&A) is focused on learning the basic information representation
of data mining in real scenes and provide the basis of judgment for reasoning in terms of the text information of the joint
questions. It is widely used for multi-modal learning tasks. Existing methods can be segmented into two categories in com-

mon: 1) model tasks are based on neural network framework algorithms directly. The statistical graph is processed by the
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convolutional neural network to obtain the feature map of the image information, the question text is encoded by the recur-
rent neural network to obtain the sentence-level embedding representation vector. The output answer is obtained by the
fusion inference model. To capture the overall representation of the fusion of multi-modal feature information, the popular
attention mechanism is concerned about the obtained image feature matrix as the input of the text encoder in recent years.
However, the interaction between the relationship features in the multi-modal scene has a huge negative impact on the
extraction of effective semantic features. 2) A multi-module framework algorithm is used to decompose the task into multi-
ple steps. Different modules are used to obtain the feature information at first, the obtained information is then used as the
input of the subsequent modules, and the final output results are obtained through the subsequent algorithm modules. How-
ever, this type of method needs to rely on additional annotation information to train individual modules, and the complexity
is quite higher. So, we develop a weight-driven re-located relational network model based on fusion semantic feature extrac-
tion. Method We clarify the whole framework for weight-driven re-located relation network, which consists of three modules
in the context of image feature extraction, the attention-based long short-term memory ( LSTM) and joint weight-driven
re-located relation network. 1) For the image feature extraction module, image feature extraction is implemented via fusing
the convolutional layer and the up-sampling layer. To make the extracted image feature information more suitable for the
scene task, we design a fusion of convolutional neural network and U-Net network architecture to construct a network model
that can extract the semantic meaning of low-level and high-level image features. 2) For the attention-based LSTM module,
we joint the problem-based reasoning feature representation in terms of attention mechanism. LSTM can just retain the influ-
ence of existing words on unrecognized words. To obtain a better vector representation of the sentence, we can capture differ-
ent contextual information based on attention mechanism. 3) For the joint leading weight-driven re-located relation network
module, we propose a paired matching mechanism, which guides the matching process of relationship features in the relation-
ship network. That is to calculate the inner product of the feature vector of each pixel with the feature vectors of all the pixels,
the similarity can be obtained between it and all the points and the pixel can be obtained by averaging in the entire group at
the end. However, to resolve the high complexity problem, it ignore the overall relationship balance that can be obtained by
the original pairwise pairing method although the relationship features matching pair sequence obtained by the above method.
Therefore , our re-located operation is carried out to achieve a balanced effect for overall relationship. 1) Remove the relation-
ship feature of the pixel paired with itself from the obtained relationship feature pair set; 2) swap locations in the relationship
feature list of each pixel according to a constant one exchange and this iterative rule; and 3) add the location information of
the pixels and the sentence-level embedding. Especially, the generation of relational features is composed of three parts; a)
the feature vector of two pixels, b) the coordinated value of the two pixels, and ¢) the embedding representation of the ques-
tion text. Result The experiment is compared to the 2 datasets with the latest 6 methods. 1) For the FigureQA (an annotated
figure dataset for visual reasoning) dataset, compared to IMG + QUES (image + questions ), relation networks ( RN) and
ARN (appearance and relation network ) , the overall accuracy rate is increased by 26.4% , 8. 1% , and 0. 46% , respective-
ly. 2) For a single verification set, compared to LEAF-Net (locate, encode and attend for figure network) and FigureNet,
the accuracy is increased by 2.3% and 2.0% of each. 3) For the understanding data visualization via question answering
(DVQA) dataset, the overall accuracy of the DVQA dataset is increased by 8. 6% , 0. 12% , and 2. 13% compared to SAND-
Y (san with dynamic encoding model) , ARN, and RN, and 4) For the Oracle version, compared to SANDY, LEAF-Net
and RN, the overall accuracy rate has increased by 23.3% , 7.09% , 4. 8% , respectively. Conclusion Our model has good
results on the two large open source datasets in the statistical graph Q&A beyond baseline model.

Key words: computer vision; figure question answering; multimodal fusion; attention mechanism; relation network
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Fig.1 The pipeline of fusion semantic feature extraction
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Fig.2 The framework of leading weight-driven re-position relation network (LWR-RN)
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R, P o, TR IR R B R, g,
FORILESHL 0 19 MLP, £, . R FHMALERAE,
Sovu FORETT SVM 73 SR B2 A BER 01

3 % I

3.1 HESE
3.1.1 FigureQA %4t

FigureQA £45 4 ( Kahou 45,2017 ) JE A F]
#2017 442 H 0 BRI () 2854 55 10 R A 5 4L
PadE ol 5 AT AL, 43 o 1 AN UITZREE 2 A4
ISR 2 AR . TR0 B0 A AT A A S il
FHWIRRAS [ 19 23 €0 4 08 A i R R RS, — A B e 4
SUNGEMIR, 57— B 524 R, 2k ik
B T B XA 2, YIZREE AL 100 000 E A
FEMZA 1 327 368 AR M, ks 1 1 &
20 000 1FEIZ 51 265 106 A SCA [R]85 BIE4E 2
A5 20 000 i B R ES N 265 798 A SCA AL, 4R
T PSR AR I E A TR IR, PEAG &5 S 55 8 & 3% v, 1 i
PR B ARARIFEE R 5 A T ARl A SC
FEAEUEAE AT SRR IR, FigureQA
B4 1 R R E T AR I KERETE R
Pre& i oS B RDEE S 28, ORI H 15 Fhin)
FANH B, A HE A A B R I 4549 | 4077 Ao 2R
T8
3.1.2 DVOQA s

DVQA $yE4 (Kafle %5 ,2018) /& Kafle % A\ 5
Adobe fIFF 5 5250 % A VEH H 1) Y T 1] 2 ) 225 K
PadE B 1 NUINZREERT 2 A4~ 4E ( Test-Familiar
AN Test-Novel IIXAE) o YIZRAEAL4E 200 000
iR P 2 R AN 2 325 316 AN SCAR ) 5, Test-Familiar
A EL4E 50 000 1 I 3R B4R 580 557 > SCARIA]
8, Test-Novel i 42 £ 5 50 000 Mg [ 3% K15
581 321 AN SCA RIS, DVQA %k 4 48 14 1n] 35 2 1 7y
32 1 JR G T A R BRAR (4 IR, B X 1 2
1A RZE R BRI ; 55 2 20 TR R ) 8
553 JSR T HEBLAY M), B R v ot 2R Z [A) 4
RO ZR A HEHR IR
3.2 XWEE

AR SCHE BRI 25 B4 NI o eI
YR AL R LS IR e 2 BRI 2 47 1 D 245 11 4

JRIFR 7 B RHE ] 2% 21 SVM 43 2 8545 2 e & 119 43
FGER HE AR W ZE YNGR T A 452 2K ok
JE TN RAS U G R K (T Adam AL SR , 5
RIS E N 2. SE -4, SHESHAEE N 0.9, 4t
WIE R 80, HYINZE SVM 432 g i, A FH 9 451 2
PRIAL RS & TU 45 2k PREX (hinge loss function) .

3.3 XWHER

R R UEA SR A | T A B B S ) R
ZR P48 0] B3R 0] AT 55 O ARCR: | 5 3T AR SR AR TT IR
HAEAE FigureQA 1 DVQA I 1 14138 7] 2 Jy 1T 14 3
e AT TAEZEAT L, A, DVQA a4 g5
UEAR Y 3 40, 5 P RRAS : JC 3 28 5 LAY 7 %k (No
OCR) I Oracle HRASHY Tk, 3 1 FIZR 2 Y H#EH
A R T AE FigureQA A1 DVQA Wi 808 4E I
FSEER 25 R i . X T FigureQA B 52 | 48 SO
RUETEA T T HELRBO IMG + QUES , (AR iR R 42
126, 4% s AHECTHELRAAL RN, HE ORI 54 42 =
T 8. 1% s FHECTFHERESS 2 AURIAY ARN B A o 2%
$RFE T 0.46% , fER—IUEEE b, BT LEAF-
Net , FigureNet, £ i & F+ T 2.3% ,2% , H Fig-
ureNet 52 W25 2544 19 B il , HaE N H FAETE K RTDE
K, 7E DVQA HdlafE b, X T A OCR Jrik, A
#F SANDY ARN #1 RN, H 1 i o % 43 42 7+ 1
8.6% ,0.12% ,2.13% ; X T4 Oracle JiiA , #H# T
SANDY \LEAF-Net I RN, % 14 i 5 53 51 42 7+ T
23.3% ,7.09% ,4.8% ,

i I S AR ] LA AR SRR A [ 3R R 2
(RS KBTI 4 1 B B BSR4 U 15
2 B4R B MERA AR ] AL T — S A AR OF

R 1 AEERTE FigureQA #iiE&E L1
RIEREFPEITLE
Table 1 Results for the FigureQA dataset of
different algorithms
/%
Validation 2 JiF4E

LAY Validation 1 J3F4E

IMG + QUES 59.41 57.14
RN 78.21 74.98
LEAF-Net - 81.15
ARN 85.48 82.95
FigureNet 83.90 -
LWR-RN 85.91 83.43
I E R R R TN RNLE R, - " FR TR .
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F2 AFAEHEZEEDVQA HIFE LML REREIILL
Table 2 Results for the DVQA dataset for our LWR-RN

algorithm compared to existing algorithms

/%
el Test-Familiar ~ Test-Novel
IMG + QUES 32.01 32.01
SANDY (No OCR) 36.02 36. 14
ARN(No OCR) 44.50 44.51
RN (No OCR) 42.49 42.50
LWR-RN (No OCR) 44.76 44.49
SANDY (Oracle) 56.48 56. 62
LEAF-Net (Oracle) 72.72 72.89
RN (Oracle) 74.95 75.18
LWR-RN (Oracle) 79.83 79.96

VDL 43 31 R 8] OCR FIAT Oracle BAS I 125 #4
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JEAE B EURHOS E h 28 600 5 7 s B 2E Y
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MIMERR 2 AR T 58 B . ATRLE 2098 1) Al
SR 2) MR ARASCR AR AT AR KR )

e 3 A 5 AL 4 (LT DU,
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BRFFHER T30, SRR e EIZE B b ik 5
PR LRI TR L . TR DF X AR S F ) B ELE (5 R
ARG L, LB —F MRS SR EESR R
AR 5 RBLEL AL T o8 B p A A R el T 0F
ARERREENRE B RE T w5 | SR EE MR R
A b AL ST 5 | S PR (E AR R A EE L
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%3 LWR-RN 7 FigureQA #iE& Fil

HEWRERERE
Table 3 LWR-RN ablation studies on FigureQA dataset
/%
A EEAEE KCEIERE PR PrRE ws R
B 1 86.77 84.52  77.55 76.06 74.16
A2 88.93 86.16  78.68 73.63 74.42
AL 3 86.05 84.56  75.96 69.14 71.88
R4 90.45 89.56 80.29 79.13 78.28
A 5 89. 68 87.44  82.30 72.67 76.37

TE R HRR B S R AR

4 VRS T I RSB R T A2 R
SEEASR, Tk AL, s B BRE 1) RIS 1 AR
6 IR ( RIAEIE AN GF P ) 114 3% IR L k020 3%
2) MREEY 2 2% RTLAE 20 1) FI2B R 2) XA
[Fi) R TR0 14 [ 2 ) 2 AR 3 T A P [ s>
ABR ) MR 2) A 3 FEJLF i [a] i 28 Al v
R I 22, R TR Fh R 2R B h, “Is X the
smoothest?” Fl1“ Is X the roughest?” f*) 1 = 1A R AE
DRZETE RN 5 S8 AR BEAAH ], X DR 7T 2k
Pl X TR A R A ) i1 [R]85 B LT A7 7E
THEE MR R TG BRI A A 25
M REAR T i 2 5| A A A T3 R A 5200
[ P, 3t A A P2 ) AR 1 U AR =7
TIAERS BRAKS | A (AR R AR 5 P P RB AL
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%4 LWR-RN Xt FigureQA #{#E &5 2K 0] Fi 1Y il ph S I8 T 2
Table 4 LWR-RN ablation studies for each unique question in FigureQA

/%

[F) RE 2 Y il B 2 Y 3 BiAl 4 By 5
Is X the minimum? 83.34 84.06 81.62 87.82 86.36
Is X the maximum? 88.28 89.14 86.94 91.32 91.76
Is X the low median? 72.82 75.17 72.44 77.39 78.21
Is X the high median? 73.85 75.98 72.72 78.37 78.15
Is X less than Y? (bar, pie) 89.92 91.75 89.45 92.90 92.23
Is X greater than Y? (bar, pie) 89.65 91.45 90.05 92.97 92.30
Does X have the minimum area under the curve? 82.51 82.14 72.28 86.10 80.67
Does X have the maximum area under the curve? 83.93 83.54 77.65 89.46 86.07
Does X have the lowest value? 77.09 75.57 72.14 81.05 75.43
Does X have the highest value? 81.93 81.18 75.10 87.54 83.01
Is X less than Y? (line) 75.34 74.26 70.38 78.89 74.01
Is X greater than Y? (line) 74.61 75.46 70.93 79.29 74.34
Does X intersect Y? 74.87 73.66 70. 65 80.08 74.95
Is X the smoothest? 62.48 60.29 62.93 62.91 61.45
Is X the roughest? 63.08 60. 84 63.58 63.54 61.99
TE L PR S AT R4 2R
SR R S AR AR R R R i, 1R TR R SR,

“ Does X intersect Y?" X A¥ B AFAE [n] B4T5 48 1T LA 3R
IARARES , (EARE A, BAL 5 FEAR AR 1)
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Is X the low median?” iX PR [n] @S Y v K ) E W
iR TR EE AR
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