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_ _ _ _ _ _ Fig - 1 Comparison of our results with SOTA
» Conversational agents which promote two-way human-computer * \We propose a method for addressing the problem of weakly supervised QA pair generation by
communications unlike one-way chatbots and systems which help child creating cloze question, for a given image and Its caption. I'\A/';de!:' Blg‘OE:JZ'l B'ISE;Z B';EZLBJ'B B:EL;M ME9T4EZOR ROUEEL
education by asking and answering visual questions have become an * We generate a new vocab_ulary on our generated QA pair and then fine-tune the VILBERT V_IA% ]3 35'40 25'55 14 o 1(; g 13‘ .
active area of research in Al. . \TVOdel 10 get biuﬁr QA |cl)a|rts. ] A pai andard VOA dataset and ] IMVQG[2] | 312 16.20 11.18 6.24 12.11 40.27
« Many communities like robotics and VQA have started contributing In this re:ulet;q\)/\?irtlr:nsetgt: 031’: tf]\éaaftarﬁo d(e)lus r QA pairs on standard VQA dataset and compared our C3VQG[1] | 41.87 22.11 14.96 10.04 13.60 42.34
field but they end up generating generic questions. Good QA pair Is the one e ———— = Ours 47.78 8.08 1.79 0.35 27.61 18.89

that has a tightly focused purpose and must be relevant to the image
content.

* Works In this domain are dependent on large datasets to generate question
answer palirs for images.

* In this work, we address this problem by introducing a method of
visual question answer generation in a weakly supervised manner by
utilizing the visual(image) and text(caption) information.
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that are part of the list of objects or words identified by NER and noun chunkers
(W, ORW,,... W,).
IfO,in<C,...,C,>:
ans = O,
ITO;notin<C,,...,C;>:
ans = <W, ORW, ... W >

IS replaced by one of category word such as THING, PERSON, LOCATION etc.

pairs that can be used to train a VQA model for question answering task.

(1) Answer Extraction Module: Given an image and its captions, a list of objects (O,, ..., O,)
are identified from the image and an answer word is extracted from captions (C,, . ..

 Cp)
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(11) Question Generation Module: We use the method of Cloze Question generation: Answer word (which iIs masked) in the caption

Natural Question generation: Using a dependency tree reconstruction method, the category word is replaced by the appropriate
guestion word. (THING by “what”, PERSON by “who”, LOCATION by "where"). After this process we get our question answer

(1) Fine-tuning Module: Based on QA pair generated we create new vocabulary and the QA pairs are fine-tuned on VILBERT.
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* Our method gave BLEU score of 47.78 which is more than the SOTA works by value 6
due to the better utilization of both visual and textual information to generate QA pairs.

Fig - 2 Results: QA pairs generated by our method vs VQA
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Q: How many elephants being Q: What the dog catches in mid Q: How many skateboards on a
playful or aggressive with their air? rack in a snow covered mountain?
trunks? A: Frisbee A: Five
A: Two
Ground truth (VQA dataset) Ground truth (VQA dataset) Ground truth (VQA dataset)
Q: Are the animals fighting? Q: Is this a competition? Q: How many ski boards are in the
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« The questions are more detailed and relevant to the image than ground truth.
« The test accuracy on VQA after finetuning on VILBERT 1s 49.367.

We proposed a method of image-based QA pair generation in a weakly supervised manner
because of proper utilization of visual information. Our method generates more detailed
and relevant QA pair for a given image. BLEU score value got increased by 6 in our
method compared to SOTA. As qualitative and quantitative scores are better by this
method, 1t can be used to generate large datasets with minimum human efforts.
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