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Abstract - Visual Question Answering is considered to be one of the latest advances in the field of Artificial Intelligence 

(AI). This is a unique task, which combines the three most important realms of AI, namely-Computer Vision (CV), Natural 
Language Processing (NLP) and Knowledge representation and reasoning (KR), each of which is being researched 
extensively. Given an image and an open-ended natural language question about the image, the VQA model needs to provide 
an open-ended natural language answer. To achieve this, the model would need to develop an understanding of the different 
entities of an image and language, and their dependencies. This is regarded as a true AI task. In this review we detail out the 
various algorithms proposed to build a VQA model, by classifying them based on the mechanisms used to extract and map 
the input visual and natural language features to a common feature vector space. Finally, we analyze the correctness of these 
models and propose some alternatives using Capsule Networks (CapsNet) for future directions. 

 

 

I. INTRODUCTION 

 

Visual Question Answering (VQA) [1] is an 

increasingly popular topic in deep learning research 

community as it is a multi-disciplinary AI problem. 
In recent years, VQA has been widely studied by 

researchers from both CV and NLP communities, as 

much of the progress in VQA parallels the 

developments made in related problems, such as 

image captioning [2] and textual question answering 

[3]. But, unlike textual question answering, where the 

response could be derived from the input statement 

list, VQA needs to develop an answer based on the 

conceptual reasoning developed via training over 

similar task sets. VQA models would take an image 

and a free-form open-ended natural language question 
about the image as inputs and the model‘s objective is 

to provide an open- ended natural language answer as 

output [4]. To achieve this, the model needs to 

understand a text-based question, identify elements of 

the corresponding image, and evaluate how these two 

inputs relate to one another [4]. Al- though promising 

performance has been reported, we are still a long 

way from attaining human-like performance. 
 

 
Figure 1: How many people are playing on the field? 

 

VQA is a complex problem, as the AI system needs 

to understand both language and vision content, to 

extract and encode both language and vision contents 

to a common feature space. The model then needs to 

make knowledge reasoning over the common feature 

space to find a relation between the posted question, 

and the input image to come up with an open-ended 
answer. Let‘s consider the image from Figure 1, 

which asks about the number of players. After the 

question has been analyzed using NLP, CV methods 

are used to search and reason over the con- tents of 

the corresponding image. Post this, the system builds 

a mapping between the image and question and relies 

on that to get to the answer. So to answer ‗How many 

people are playing on the field?‘, the system must be 

able to detect and recognize objects and classify the 

scene. 

 
This survey describes some prominent data sets and 

models that have been used to tackle the visual 

question answering task and provides a comparison 

on how well these models perform on the various 

data sets. Section II covers VQA datasets, Section III 

describes various VQA models, Section V discusses 

the results and Sections VI and above provides some 

possible future directions. As on 2017-18, state-of-

the-art model in VQA was developed by Teney et al. 

[4], which used attention mechanisms, based on the 

question asked, over input image, gated activation 

and word embedding for response to gain better 
accuracy. 

 

 
Figure 2: A VQA aware AI model, which takes an image and 

an open-ended question as input, and gives an open-ended 

answer as an output. 
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II. DATASETS 

 
VQA data set are created with aim to capture the 

variance in the questions, which covers the 

relationships between various entities in the images 

that would generalize real world scenarios. Any 

exploitable biases in the data set would result in the 

model to over fit the data set, which results in a poor 

generalization. An ideal data set should assist in 

evaluating the model in a way that would ultimately 

reflect the model performance in real world data. If a 

data set contains easily exploitable biases in the 

distribution of the questions or answers, it may be 

possible for an algorithm to perform well on the data 
set without really solving the VQA problem [5]. 

 

There are many datasets available publicly for 

training the model for VQA. DAQUAR [6], COCO-

QA [7], VQA-real [8], Visual 7W [9], Visual 

GNOME [10] and FM-IQA [11] are some of the 

prominent datasets. Datasets are, mostly, arranged as 

a set of question, image, and an- swer combination. 

To prevent the model from blindly responding to a 

question without going over the input image, the 

datasets try to introduce multi-variant question over 
the same input image, with varying response set. The 

distribu- tion of answers per question-type is captured 

in Figure 3 and Figure 4. 

 

 
Figure 3: Distribution of responses based on the question type 

[12]? 

 

 
Figure 4: Distribution of responses based on the question type 

[12]? 

III. VAQ AI MODELS 

 
Though VQA is a relatively new challenge, re- 

searchers have proposed numerous algorithms, which 

could be broadly classified in to below categories: 

 Joint Embedding of Visual and Textual 

Features. 

 Attention Based Models. 

 Bilinear Pooling 

It should also be noted that, the final response could 

be treated as a classification model, or a time series 

model. Classification model are preferred primarily 

for objective responses and time series model tends to 
assist subjective responses. We would now critically 

analyze each of these models in the following 

subsections. 

 

Joint Embedding of Visual and Textual Features 

As the name suggests, the algorithm primarily works 

on trying to concatenate the feature vectors from the 

image, and the text to a common feature vector space. 

This would help the model to train easily on the  

provided data sets and then find a relation between 

the test and   the image.  Lots of algorithms are 

available to convert  the texts and images to the 
corresponding feature space. Texts could make use of 

Bag-Of-Words (BOW) [13], word2vec [14], Global 

Vector for Word Representation (Glove) [15], Skip-

grams [16] etc. For images researchers use 

Convolutional Neural Network (CNN) [17], Long 

Short Term Memory (LSTM) [18], Single/Double 

ended Gated Recurrent Unit (GRU) [19] etc. Like 

textual representation, there are lots of pre-trained 

algorithms, which we could make use of to represent 

images. ResNet [20], VGGNet [17], AlexNet [21] etc 

are some of the popular ones. The resultant image and 
text features are then combined by using various 

schemes like Dot Product, horizontal/vertical 

concatenation etc. This idea is primarily borrowed 

from image captioning, but more evolved to the needs 

of VQA. 

 

 
Figure 5: Joint Embedding of Image and Textual Features. 

 

Given the generalized approach of joining the feature 

vectors of the input image and the textual question, 

this model is considered as the baseline model for 

VQA. 

 

Attention Based Models 
The main disadvantage of the visual and textual input 

feature embedding is the usage of global feature set 

for generating response. The noise thus generated in 
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taking all the irrelevant feature vectors for the posted 

question about the image would obscure the response. 
For example, on the question, which asks about the 

number of players, if the model uses all the feature 

vectors from the input space to arrive at a response, 

the results would get distorted by the unwanted noise 

in the input feature set, as the global features may not 

be granular enough to attend to the specific question 

[5]. Instead, if we have a mechanism to detect the 

primary information from the question, which is the 

number of players, and map it into the input image 

and find the relevant area of importance, which is the 

section of image having players, then we could 

reduce the corresponding noises from unrelated 
feature sets. 

Spatial relevance could be achieved by multiple 

methods, the common methods include spatial 

pooling and bounding box encoding. Spatial pooling 

usually works on the last layer of the CNN, by 

superimposing a uniform filter of a desired size and 

then finding the relevance of each filter output 

depending on the input question. The filter size could 

be a constant or a hyper-parameter, which is learned 

at the training stage. Bounding box are set an of input 

features over a specific region, which are encoded in 
a vector format and the relevance of each box is 

deter- mined based on the input question [5]. 

 

 
Figure 6: Attention based VQA model. 

 

Attention based models uses the above spatial 

relevance in getting a more accurate responses than 

the common CNN + GRU combination based models. 

Attention based models have given promising results 

on both Computer Vision and NLP related tasks. 

Some models have tried to employ the attention 

mechanisms over the input question as well. 

 
At present, it is difficult to perfectly conclude on how 

much attention based mechanisms attribute to the 

model‘s accuracy. However, it‘s widely noticed that, 

when spatial relevance feature is removed, it affects 

the model‘s performance to a noticeable extend. In 

conclusion, we could tell that attention alone does not 

guarantee an accurate model. But, it could be used as 

an accuracy booster for existing models. 

 

Bilinear Pooling 

Bilinear pooling uses a complex concatenation of the 
image and question feature vectors. Unlike the 

baseline models, which just concatenates the feature 

vectors, bi- linear pooling uses a complex interaction 

to generate a more accurate response. The two most 

prominent models, which uses bilinear pooling are 

Multimodal Compact Bilinear [22] (MCB) and 
Multimodal Low-rank Bilinear pooling [23] (MLB). 

 

 
Figure 7: Bilinear Pooling based VQA model. 

 

MCB uses an outer product of the input feature 

vectors in a lower dimensional space to derive the 

relevant regions based on the input questions. Unlike 

MCB, MLB uses Hadamard product and linear 

mapping to generate a spatially relevant region based 

on input question to generate a relevant response. 

Combining attention based mechanisms along with 

MCB and MLB have shown to increase the model 

performance. 

 

IV. OTHER NOTEWORTHY MODELS 

 

Bayesian and Question-Aware Models 

Bayesian model works based on the statistical 

correla- tion between the question and the image 

feature. Correlation is calculated based on the input 

feature vectors derived from the image and the 

question, and this correlation is used for deriving 

response [24]. Though the model works on the 

probability of a response based on the particular 

question, the model has shown above average results 

than a simple baseline model. 
 

Compositional Models 

These models rely on multiple sub-models to gener- 

ate a final response. Each sub-models or sub-tasks 

take  up a relevant feature from the input question and 

try to find the corresponding spatially relevant region 

in the in- put image. Each of these sub-tasks acts as a 

Recurring Answering Unit (RAU) [25] and they are 

jointly used to generate response. RAUs could be 

envisioned as a mul- tiple self-contained answering 

units that can solve VQA sub-tasks [5]. By arranging 
these answering sub-tasks in a recurrent manner — 

hence the name Recurrent Answering Unit — these 

models generate an inherent attentive mech- anism. 

This allows the model to perform better than the 

normal baseline models. 

 

External Knowledge based models 

Some authors have inferred that answering certain 

questions would not be possible just by working with 

the input feature vectors. They recommend having an 

external knowledge base, which would assist in 

arriving at a correct response. Based on the external 
knowledge base [26], we could arrive at a spatially 

relevant region, which boosts the performance of the 
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model. The model hence could be thought as using an 

attention model, which is derived from an external 
knowledge base and there by using it to con- centrate 

on more relevant regions. 

 

V. PERFORMANCE 

 

Although, a good number of models are available for 

VQA, it is fairly difficult to point to one specific 

model, which outclasses other models. All the models 

have its own limitations. Adding to this, almost all 

the well-known data sets have failed to segregate the 

questions types in a more comprehensive manner. 

This makes it even harder to quantify the accuracy of 
each models. Nevertheless, we notice that, keeping 

the feature extraction separate, adding the ability to 

extract spatial relevance based on the input question 

could improve the model accuracy. 

 

VI. CAPSULE NETWORK 

 

CNN is the primary architecture used for visual 

image processing. CNN works by combining lower 

level fea- tures using a weighted sum. The weighted 

sum conveys the relevance or importance of a certain 
low level feature. This is then translated by a non-

linear activation function to be passed to the next 

neural layer. In this whole pro- cess, it should be 

noted that, there is nowhere the layers are 

communicating the relative order between the feature 

sets identified in the previous layers. This is one of 

the main drawbacks of the CNNs. The architecture 

loses all the information about the relative 

relationships between the features.  Max-pooling 

layer in the CNN was added  to introduce positional 

invariance on the objects learned by CNN model. 

But, on the downside, this also leads the model to not 
to learn the positional relationship between each 

features inside the image. 

 
Figure 8: Capsule Network Architecture [27]. 

 

Capsule Networks fix this issue by being positionally 

equivariant. This helps the capsule networks to be 

less tolerant on the images with similar set of features 

but ar- ranged in out-of-order fashion. CNN transfers 

the information about features from lower layer to 

higher layer through neurons. Since the neurons are 
single dimensional, it will not able to store more 

information about  the relative positional importance 

of each of the learned features. Capsule networks, on 

the other hand, transfers the information through 

capsules. Each Capsule contains a vector of neurons, 

which carries information about the positional 

importance of each feature and thereby making the 

model more attentive. The length of the vector rep- 
resents the probability that a particular entity is 

present and each vector element represents the 

different characteristics of the entity. When multiple 

vectors agree, a higher level capsule becomes active, 

which could be used to classify an image [27]. This 

vector modeling, instead of scalar neurons, has 

helped the Capsule Networks to introduce equi-

variance with the learned entities in an im- age and 

thereby helping in reducing false positives. Given that 

Capsule Networks brings attention mechanism 

intrinsically, we could replace this with the 

conventional CNNs for better performance. 
 

FUTURE WORK 

 

Visual Question Answering is one of a true AI task, 

which challenges the usage of various established AI 

mod- els in Computer Vision and Natural Language 

Processing. We have reviewed various state-of-the-art 

model and their drawbacks. The main drawback of 

almost all models is that they could not understand 

the spatial relationship between the objects presented 

to them. Hence, they fail badly in logical tasks. 
Though many advance methods have been proposed 

to solve this task, recent progresses with mod- els 

using Memory Networks have produced much better 

results than a pure Gated Recurrent Units based 

models. With the introduction of memory and 

attention mechanisms, these models started to 

perform well in logical tasks as well. 

 

As for Convolutional Neural Networks, they perform 

well for image classification, irrespective of the 

orientation of the images. Given an enough data set, 

Convolutional Neural Network models, with the help 
of the softmax layer at the end, could learn about 

each unique features of an image and use it to classify 

them. Pooling layer, which was added in-between 

each convolution layer, was used to introduce a 

positional invariance. This invariance led to many 

false positives, as the spatial order was lost in the 

pooling layer. Recently published Capsule Networks, 

ad- dressed this problem by introducing equi-variance 

in the CNN model, and thereby helping it to 

understand the rotation and proportion of the images. 

 
Capsule Networks uses a capsule, which is a vector 

representation of the instantiating parameters of a 

specific type of entity [27]. With this approach, 

Capsule Networks (CapsNet) has shown promising 

results in building a better attention based models, 

than the existing CNN based models. As a future 

work, we could think of replacing CNN in an 

attention based model, like Dynamic Memory 

Networks (DMN) [28], by Capsule Network. Further, 

we can analyze the level of impact in attention 

mechanism, a CapsNet can bring over the traditional 

Neural Networks. 
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CONCLUSION 

 
Through this review we‘ve analyzed the state-of-the- 

art models, which are used to solve Visual Question 

An- swering. We‘ve further grouped the models in 

various categories and analyzed the impact of each of 

the model types. Through this review we have 

noticed that having an add-on attention based 

mechanism have a higher ad- vantage in boosting the 

model accuracy. Further, we have tried to understand 

the drawback of traditional CNN based Neural 

Networks, which are highly positional invariant. 

Capsule Networks tries to address this positional 

invariance by being positionally equivaraint. And 
finally, as a future work, we have suggested replacing 

CNN in DMN with CapsNet. Given that this task is a 

true AI task, which is yet to attain a human-level 

performance, we feel that there is a lot of scope for 

improvements in this field. 
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