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Abstract

Recent advances in machine perception motivated the
researchers to tackle more complex problems in this area.
One of the most challenging and interesting tasks that re-
cently attracted the attention of researchers from various
fields of Al is the Visual Question Answering, or VOA. In
this task, the input is an image and an open-ended ques-
tion about the image, and the output is an open-ended an-
swer to the question with respect to the image. In order to
achieve good results in this task, the expertise in various
fields such as computer vision and natural language pro-
cessing is needed. Various datasets have been collected for
QA task. In addition, several methods have been proposed
in the literature in the past recent years. In this survey, we
explain the most famous datasets, as well as the state-of-
the-art methods for VQA task. We compare the results of
different methods, and identify the promising approaches
for future research in this area. Identifying the shortcom-
ings of current methods, as well as the future opportunities
for VOA are also parts of this survey.

1. Introduction

In the recent years, we have witnessed a significant
progress in various fields of Al, such as computer vision,
as well as language understanding. These progresses mo-
tivated researches to address a more challenging problem:
visual question answering. This problem, combines both
aforementioned fields of Al, image understanding as well
as language understanding. This task attracted attention
from machine learning and vision communities greatly.
Essentially, this task is defined as follows: an image along
with a question about that image are the input to the Al
system, and the intelligent system is supposed to output a
correct answer to the question with respect the input image.

Since this task is more open and more complex as
compared to traditional machine perception tasks, such as
classification and segmentation, this introduced a number
of new challenges. As a result, this been a motivation for

researchers in the related areas to approach this problem
from various perspectives. These efforts include collecting
curated datasets, as well as designing various methods
based on different approaches. The authors of [14] iden-
tified a number of challenges which arose in the VQA
task. The challenges identified in this paper are categorized
into three different sections.The first category, vision and
language, deals with scalability of the solution, dealing
with inherent concept ambiguity, and handling attributes of
the objects. The second category of the challenges has to
do with how to use common sense knowledge in answering
the questions. The third challenge comes from defining
a benchmark dataset and quantifying the performance of
different methods.

In this survey, we look at a list of papers which
addressed some of these challenges. We go through
the most well known datasets for the VQA task. We
explain DAQUAR as the first dataset for the VQA, and
the VQA 1.0 dataset as the most used and well designed
dataset in this area. We explain the shortcomings of the
VQA dataset which motivated the design of VQA 2.0.
Moreover, we also explain a number of other dataset for
VQA task, such as Visual Madlibs, Visual 7W, and CLEVR.

In addition, we also investigate various network archi-
tectures which aimed to tackle this challenge. We consider
the methods in three different categories: Non-attention
approaches, modular networks, and attention-based mod-
els. We compare the results from different methods, and
show that the results from dense co-attention network
(DCN) [[16] and ReasonNet [8]] are better than those of
other methods. We also identify the shortcoming of current
methods such as answering questions that require long
chain of reasoning, or the ones that require short-term
memory such as object counting. We also discuss some of
the future opportunities for VQA.

The remainder of the paper is organized as follows. Sec-
tion 2 explains the most famous datasets for VQA. Section 3
covers some of the most recent methods in this area, as well



as categorizing those solutions. In section 4, we discuss the
results from current methods, and we identify some possible
future directions of VQA task. Finally, section 5 concludes
the paper.

2. Datasets
2.1. DAQUAR

The authors of [[13] collected the first large dataset for
the visual question answering task. This dataset, which
is called DAQUAR, is based on real-world images, and
is built on top of the NYU-Depth V2 dataset. It contains
6794 training, and 5674 test question-answer pairs. The
question-answer pairs are of two types: synthetic and
human. The synthetic question-answer pairs are based on a
few templates. In addition, human question-answer pairs
were collected using 5 human subjects.

22.VQA 1.0

One the most important datasets for the task of visual
question answering is the VQA [2] dataset. This dataset is
consisted of 2 parts. The first part includes 123, 287 train
and validation images, and 81,434 test images from MS
COCO dataset [11]. The second part of the VQA dataset
contains 50k abstract scenes. These abstract scenes are
added to the dataset to attract the researchers who are in-
terested in high level reasoning required by this task, and
not necessarily the low level details of the vision tasks. Fig
[T] shows an example of two images in this dataset. For each
image, three questions were gathered by asking human sub-
jects. In addition, 10 different subjects provided answers to
those questions. Moreover, for each question, 18 candidate
responses were created for the task of multiple choice VQA.

The main problem with the VQA dataset was in its
inherent bias. Although the authors of [2]] showed that the
models perform much better in answering the questions
when given the image, language priors had a very signifi-
cant effect on the answers of the questions in VQA dataset.
In fact, the simple baseline of always predicting “yes” as
the answer was achieving the accuracy of 70.81% on VQA
dataset for the ”yes/no” questions. In addition, the baseline
method which only used a LSTM representation for the
question, and did not have the image as input, achieved
the overall accuracy of 48.76%. This bias in the dataset,
and the huge impact of the language priors on the answers
motivated the design of the second version of the VQA
dataset.

2.3.VQA 2.0

VAQ 2.0 [6]] has been created to address the problem
mentioned above. As the results showed, turned out that the
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Figure 1. An example of the real images and abstract scenes in
VQA dataset, alongside the question-answer pairs. The green an-
swers were given by looking at the image, while the blue answers
were given without looking at the image [2].

models were ignoring most of the visual information. In
VQA 2.0, for each (I, Q, A), where the three tuple are the
image, question, and answer, another image [ 0 were found,
where question Q makes sense for the image ', however
the answer for the question will be something different,
A%, Understandably, for some of the images finding this
counter example image-question pair was not possible.
However, by adding these new images to the dataset, the
imapct of language priors on the models were mitigated to
a great degree, as compared to first version of VQA dataset.
For example, always answering “yes” to yes/no questions
would result in accuracy of 61.20% in this case.

2.4. Visual Madlibs

There are several other datasets for the VQA tasks
as well. Visual Madlibs dataset [20]] has been collected
using fill-in-the-blank templates, which aimed to collect
a wide range of descriptions for the visual content in the
image. Fig[2] shows an example of an image from Visual
Madlibs dataset, alongside its thorough descriptions. The
descriptions in this dataset go beyond just the objects that
are present in the image, and are basically more detailed
than a generic description of the image as a whole. This






