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Visual Question Answering Method Based on Counterfactual Thinking

YUAN De-sen, LIU Xiu-jing, WU Qing-bo, LI Hong-liang, MENG Fan-man, NGAN King-ngi and XU Lin-feng

School of Information and Communication Engineering, University of Electronic Science and Technology of China,Chengdu 611730,China
Abstract Visual question answering(VQA) is a multi-modal task that combines computer vision and natural language proces-
sing, which is extremely challenging. However, the current VQA model is often misled by the apparent correlation in the data,and
the output of the model is directly guided by language bias. Many previous researches focus on solving language bias and assisting
the model via counterfactual sample methods. These studies, however, ignore the prediction information and the difference be-
tween key features and non-key features in counterfactual samples. The proposed model can distinguish the difference between the
original sample,the factual sample and the counterfactual sample. In view of this, this paper proposes a paradigm of contrastive
learning based on counterfactual samples. By comparing these three samples in terms of feature gaps and prediction gaps, the
VQA model has been significantly improved in its robustness. Compared with CL-VQA method, the overall precision, average
precision and Num index of this method improves by 0. 19% ,0.89% and 2. 6% respectively. Compared with the CSSVQA method,
the Gap of the proposed method decrease to 0. 45 from 0. 96.

Keywords Visual question answering.Causal inference,Counterfactual thinking,Contrastive learning,Deep learning
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Table 1 Performance comparison on VQA-CP v2

(AT %)

Algorithm Overall Yes/No Num  Others Avg
UpDn 39.74 42.27 11.93  46.05  33.42
RUBI 47.11 68.65 20.28  43.18  44.03
LMH 52.05 69. 81 44,46 45.54  53.27
RMFE 54.55 74.03 49.16  45.82  56.43

Randlmg 55.37 83.89 41.60  44.20  55.56

CSSVQA 58.95 84.37 49.42  48.21  60.60

CFVQA 53.69 91.25 12.80  45.23  49.76
Greedy 57.32 87.04 27.75  49.59  54.79
CLVQA 59.18 86.99 49.89  47.16  61.34

CFTVQA(AK X) 59.37 87.95 52.42  46.30  62.23

22 2 BT AR SCOY R R AR SR R A H A O R E VQA

v LR RE A K 22 5 KRR VQA-CP v2 5 VQA v2 Z [
P S ARG B 25 5 . SR L O A4S - UpDn™ 7, AReg!",
SCRY®,  GRLMX, RUBI®, LMHPY, CSSVQAN,
CFVQAM, Greedy" " LI Kt CLVQAM i T Ho 8 1 45 bs &
Gap, B/~ VQA- CP v2 FRYBIRIFI VQA v2 I HBIAZ 1]
1) B 22 B L 2 — R B 56 IE (9 48 A L B I I A ) 2%
M B ERF I b . Gap 25 BEB /N, B 2D () & B Pk o, 25 21
U B BRNEHEE, 5 CSSVQA ik b,
Gap tEAR#EE T 50% A L,
#£2 VQA v2 FEITEREILEL

Table 2 Performance comparison on VQA v2

CHAL 20
Algorithm Overall Yes/No Num Others Gap
UpDn 63.48 81.18 42.14 55.66 23.74
AReg 62.75 79. 84 42.35 55.16 21.58
SCR 62.30 77.40 40.90 56.50 13.83
GRL 51.92 — — — 9.59
RUBI 50.56 49. 45 41.02 53.95 5.33
LMH 61.64 77.85 40.03 55.04 9.19
CSSVQA 59.91 73.25 39.77 55.11 0.96
CFVQA 63.65 82.63 44.01 54.38 9.96
Greedy 56.25 85.08 48.56  24.78 1.07
CLVQA 57.29 67.27 38.40 54.71 1. 89
CFTVQA(A X) 59.82 74.91 38. 64 53.97 0.45

MR AR IR LR AT IETE VQA v2 [y TE R g A%
T CSSVQA., X2 B o A ST Y 77 v <5 T 5 B0 b 11 55 15
T OEE, DA NE T RO . I, 7 B AR X S R 4 A
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Table 3 Ablation experiments at feature level and prediction level
CHLA s )
Algorithm Overall Yes/No Num Others
UpDn 39.74 42.27 11.93 46.05
+CSS 58.95 84. 37 49.42 48. 21
+Features CFT 59.22 87.85 53.41 45.81
+Prediction CFT 59.37 87.95 52.42 46. 30

22 4 FNH T G R BT 45 O 2 B0 AR AL BE 1Y S
A LL & B, Lambda & 0. 2 H Lambda-c & 1 i, £ B K5
ik,
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x4 VQA-CP v2 i fili 52 56
Table 4 Ablation experiments at VQA-CP v2

Algorithm Lambda Lambda-c Overall/ %
UpDn - - 39.74
+LMH — - 52.05
+CFT 0.1 1 58.63
+CFT 0.2 1 59.37
+CFT 0.3 1 58.71
+CFT 0.1 2 58. 84
+CFT 0.2 2 59.32
FCFT 0.3 2 58.85

N T L M SR TR 5 R 2R SCNRE A 3 BT A X A T
ARENELR AT T AT AL BT, I 5 HoAl D7 36 04T 1 3R
PEL 6 1 (1 25 8, B 45) 3 7R 12 BRI 0 e ¢ T 1) 5T AR OE KL [ 7 4
T TE R AR SRR AR 23 (] o 3 R AS B R AR S A AT LA
JE AR REAS CIE ) AR SRR AR (L) IR T, B AT 5 R 352
FEAS (R AL B B B SO 07 3R 70 2 45 2R I 0 B B 26 51

Q: How many feet do the women on the ground?
CSS:
Q: How many feet do the women on the ground?
A4 %
CL:
Q: How many feet do the women on the ground?
A:2 %
CFT: Q: How many feet do the women on the ground?

Bl 6 AL RIEE S R AL 2 B CRL T Rk R D

Fig. 6 Visualization analysis of model results
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Fig. 7 Feature distribution of randomly selected samples in feature

space after dimensionality reduction
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