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What color are the
letters on this sign?

T T T T GT: red
Multi Modal Multi Modal TeXtVQA: yel IOW
SRRy VQA Model Multi Modal Transformer Hanats e ours: red
Question: How many Question: What is the Question: What is the |
slices of pizza are license plate number? number on the middle 1 T 1 ? T T T T T 1 t T T T How much does the
there? bike? V. O, Q, \ S Q, Vv V. 0, Q V. O Q coin Weigh’?
Answer: 6 Answer: cu58ckk Answer: 30 GT: ' 1 ounce
E e E | — a. Text Based VQA b. VQA ¢. Text Based VQA + d. Test . .
Visual Cues i i x VQA(train) TeXt\_/QA' one dollar
-------------------- ::-------------------------------:lr-------_---_------___-_____-_--Er_---__--_---_------------___-________- Answer Prediction Ours: 1oz
a a ; a y, Ll
Textual Cues X f i ——— What country does he
[ Network ] \ play for?
T T+ 1 ‘ 3 | GT: holland
* Recent text based VQA models have been found to answer questions without ” Multimodal transformer " 7/ geJ:;(QA: ﬁr;slqllsrr]\éi
using the information in the image. This diminishes the meaning of VQA - 1COC 00 J — |

What word is printed
above the word “homme”
on this bottle?

resulting In incorrect answers in different scenarios.
* There exists a bias in the TextVQA[1] dataset, that allows the models to
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predict biased answers to the questions with just OCR tokens given as input, GT: allure
which shows the lack of understanding of the visual features. (T)extVQA: srl)lort
. . . . . Image+QA pairs from urs: aliure
« Although image Is given as an input to the model, the model predicts correct combined dataset
answers due to the bias in the dataset and not focusing on the visual features. We train a multi modal transformer on our Union dataset consisting of We show using attention map of the prediction made by the model when trained on our Union Dataset,
: - . _ _ _ predicts correct answer by attending to the appropriate regions of the image to answer the question.
* On arandom set of around 100 QA pairs, our human volunteers classified TextVQA, VOQA and STVQA. VQA dataset consists of variety of rich object

them as, the questions being answered using visual features, textual features features and text based VQA assists in moderating reasoning in both modality.
or a combination of both, as shown In Fig 2.
We proposed a method to use our Union dataset, a combination of text based VQA
fype oA pare and VQA datasets which helped to focus on visual features along with the text
ST-VQA present in the image and evaluate on state of the art models. The attention maps

24.0% 5 . . : . i i ]
vaA Method Data for pretraining  Data for finetuning Test Acc. generated by our method shows improvement in the reasoning process compared
S w M4C - TextVQA 39.01 to the original methods. An unbiased dataset, various self supervised tasks can
Textvas P MAC (Ours) i TextVS?rA/ g \A/QA+ 3916 result in creating a well designed VQA model capable of proper reasoning.
| - - o TAP TeXtVQA - 49 . 7 1
Fypeof QA pais ererences
ety TAP (Ours) TextVQA + VQA+ TextVOA 47.75
L ictribnt - o Mictrihtian STVQA .
Fig 1: Distribution of Union Fig 2: Distribution in the type of _ [1] Singh et. al. Towards VQA models that can read, CVPR 2019
Dataset QA pairs Table 1 in the paper. Accuracy of standard models on TextVQA test set. [2] Hu et. al. Iterative answer prediction with pointer augmented multimodal transformers for
TextVQA, CVPR 2020
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